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DEAR COLLEAGUES
Welcome to the 44th Annual Conference of the Cognitive Science
Society! After two years of virtual conferences, this will be our first fully
hybrid meeting. We are excited to see many of you in person, and very
happy that many more will be able to join us remotely.
This year’s conference brings together the latest research across
all of Cognitive Science and also highlights the theme of Cognitive
Diversity. Our plenaries and symposia showcase the importance of
diversity at multiple levels for cognitive science today. We examine how
investigating cognition across human populations contributes to our
understanding of diverse ways of thinking and communicating---as well
as underlying commonalities. We explore how social cognition operates
in diverse societies. And we examine the role of cognitive science in
addressing some of the major challenges of our increasingly globalized
world. These themes are addressed through plenaries by Emily M.
Bender, Yoshihisa Kashima, and Neil Lewis, Jr., as well as three invited
symposia and a special symposium and workshop organized by the
SPARK Society.
In addition, the programme includes a keynote presentation by the
Rumelhart Prize winner Michael Tomasello, a symposium to celebrate
Frank Ramus (the winner of the Elman Prize), and a symposium for the
Robert J. Glushko Dissertation Awards. The contributed programme
reports the latest ideas and discoveries in cognitive science, through a
combination of longer spoken presentations, in-person posters, remote
flash talks, workshops, tutorials, and symposia.
Our new hybrid set-up is designed to make the conference accessible to
all. Spoken sessions will all be a mix of in-person and remote speakers,
while remote audience members will be able to easily contribute and
ask questions. In-person posters have been reintroduced, and we also
have a novel flash talk format in place of remote poster sessions. These
5 minute talks plus question periods allow presenters to concisely
explain their research to a wide audience. Finally, all presentations will
be uploaded to the Underline system for access in posterity.
We are all thrilled to see this event come together, and hope that you
enjoy it!
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SOCIETY INFORMATION
ABOUT THE COGNITIVE SCIENCE SOCIETY
The Cognitive Science Society brings together researchers from around
the world who hold a common goal: understanding the nature of the
human mind. The mission of the Society is to promote Cognitive Science
as a discipline, and to foster scientific interchange among researchers
in various areas of study, including Artificial Intelligence, Linguistics,
Anthropology, Psychology, Neuroscience, Philosophy, and Education.
The Society is a non-profit professional organization and its activities
include sponsoring an annual conference and publishing the journals
Cognitive Science and TopiCS.

GOVERNANCE
EXECUTIVE GOVERNING BOARD
Chair Kenny Smith, University of Edinburgh
Future Chair Adele Goldberg, Princeton University
Past Chair Kevin Gluck, Resilient Cognitive Solutions
Executive Officer Erica Hsiung Wojcik, Skidmore College
Treasurer Brett Martensen, Adaptron Inc.
B OA R D M E M B E R S
Arielle Borovsky, Purdue University
Morteza Dehghani, University of Southern California
Stephanie Denison, University of Waterloo
Elena Andonova, New Bulgarian University
Tilbe Göksun, Koç University
Cleotilde Gonzalez, Carnegie Mellon University
Mutsumi Imai, Keio University
Charles Kemp, University of Melbourne
Roger Levy, Massachusetts Institute of Technology
Asifa Majid, University of Oxford
Anna Papafragou, University of Pennsylvania
Natalie Sebanz, Central European University
Intan K. Wardhani, Ghent University
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E X- O F F I C I O O F F I C E R S
Cognitive Science Journal Editor: Rick Dale, UCLA
TopiCS in Cognitive Science Journal Editor: Andrea Bender, University of Bergen
Rumelhart Prize Committee Chair: Richard P. Cooper, Birkbeck, University of London
Glushko Prize Committee Chair: David Danks, University of California, San Diego
Elman Prize Committee Chair: Nora Newcombe, Temple University

ADMINISTRATION
C S S S TA F F
Outreach Coordinator: Monique Crouse, University of California, Santa Cruz
Content Production Manager: Marcelo Viridiano, FrameNet Brasil
A S S O C I AT I O N S E C R E TA R I AT A N D C O N F E R E N C E
M A N AG E M E N T
Administrator: Marischal De Armond
Senior Association Manager: Cendrine De Vis
Conference and Association Manager: Lauren Moline
Junior Conference and Association Manager: Iris Elias
Association Assistant: Vivek Punwani
COGNITIVE SCIENCE SOCIETY BUSINESS MEETING
The Cognitive Science Society Business Meeting is scheduled for
Saturday, July 30 at 11:30 in Room 102, the John W.H. Bassett Theatre at
the Metro Toronto Convention Center.

MEMBERSHIP INFORMATION
Your membership dues help support important activities by the Society,
including our expanding accessibility, communications, diversity, and
environmental responsibility initiatives. Most importantly, members
help us achieve our mission to expand our understanding of the human
mind, to promote Cognitive Science as a discipline, and to foster
scientific interchange among researchers in various areas of study,
including Anthropology, Artificial Intelligence, Education, Linguistics,
Neuroscience, Philosophy and Psychology.
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In addition to the connections you will make with fellow members, your
CSS membership also includes access to the following:
 Ability to participate in society elections
 Opportunities for professional development and networking
 Web-based electronic access to Cognitive Science Journal and
Topics in Cognitive Science (TopiCS)
 Reduced registration fees at the Annual Meeting of the Cognitive
Science Society
 Reduced subscription rates to the journals Trends in Cognitive
Sciences, Trends in Neurosciences, and Connection Science
 Reduced subscription rate to the Journal of Experimental and
Theoretical Artificial Intelligence
 Discounted book prices from select publishers
 Online access to Policy Insights from the Behavioral and
Brain Sciences

COGNITIVE SCIENCE SOCIETY GROVE
The Cognitive Science Society has established the CogSci Grove which
aims to mobilise cognitive scientists to offset carbon emissions
associated with their professional activities. To date, 1681 trees have
been planted in protected sites in the Scottish Highlands where they
will create homes for wildlife and forests for the future.
More information is available on the website.
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CONFERENCE SERVICES
REGISTRATION
If you registered online, Pre-Registered Delegate Check-In is located
at the Registration Desk at the bottom of the escalators on Level 100,
North Building of the Metro Toronto Convention Center.
If you need to register now, you can complete Onsite Registration or go
to the Registration Desk at the bottom of the escalators on Level 100,
North Building of the Metro Toronto Convention Center.
Delegates who have registered and paid in advance will receive an
email from Underline, the virtual platform provider with the direct link
to enter the platform. Delegates can also access the Underline site via
the CogSci 2022 website.
R E G I S T R AT I O N H O U R S
Wednesday, July 27
Thursday, July 28
Friday, July 29
Saturday, July 30

08:00 – 16:00
07:30 – 16:00
08:00 – 16:00
08:00 – 15:00

Anyone who has pre-selected to receive a Certificate of Attendance can
pick this up at the Registration desk.
CODE OF CONDUCT
By entering the virtual platform and participating in CogSci 2022 you
are agreeing to the CogSci 2022 Code of Conduct. To read the code of
conduct, please click here
TECHNICAL HELP DURING THE VIRTUAL CONFERENCE
If you encounter any technical issues during your virtual experience,
please contact the software provider directly, by either visiting the ‘Help
Desk’ while online, or emailing cogsci2022@underline.io.
LOST AND FOUND
Lost and Found is located at Registration. The Cognitive Science Society
is not responsible for any missing or stolen personal items.
IN CASE OF EMERGENCY
In case of an emergency please do not call 911 first; instead call our
Security at 416-585-8160 or 8160 from a House Phone. First Aid services
if contracted thru the MTCC can also be reached at this number and the
first aid station is located on 200 level behind room 204.
#CogSci2022
bit.ly/3N55tRP
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C OAT C H E C K
We will have a coat racks available at the Registration Desk for your use
during conference hours. Please do not leave any valuables with the
coat check.
M E T R O TO R O N TO C O N F E R E N C E C E N T E R

Registration (green)
Theatre (orange)
Meeting Rooms (red)
Posters, Exhibitors & Coffee Breaks (purple)
Additional Space & Parenting Room (blue)

PA R E N T I N G R O O M
The Parenting Room is located in room 201A. The room will be available
during the hours noted below:
Wednesday, July 27
Thursday, July 28
Friday, July 29
Saturday, July 30

#CogSci2022
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COFFEE BREAKS & LUNCH
Morning and afternoon coffee breaks will be located in Constitution Hall
with the Posters and exhibitors. Coffee and tea are complimentary.
Nearby the venue, there are various café’s & Restaurants for you to use
during Lunch Breaks:
Simcoe Place Food Court 200 Front St W
Directly across the street from the MTCC north building:
Bourbon St Grill • Green Curry • Fresh West • Manchu Wok • McDonald’s • Mr. Souvlaki
Pumpernickels • Tim Horton’s • Subway • Tabouli Umi Sushi
Metro Hall Food Court 200 Wellington St W
One block north of Front St.
Booster Juice • Brioche Dorée • California Thai • Harvest Green • Jimmy the Greek
Koha Kitchen • Kupfert and Kim • Manchu Wok • Soup Nutsy • Starbucks • Subway
Sushi Shop • Tim Horton’s
Additional Options
Second Cup 255 Front St W Street Level of the MTCC • Starbucks 300 Front St W Corner of
Front & John St • Boston Pizza 250 Front St W Corner of Front & John St
Scaddabush Italian Kitchen/Bar 200 Front St W Corner of Front & Simcoe St • Chipotle
Mexican Grill 151 Front St W • The Landing Group 123 Front St W Corner of Front & York St
Jack Astor’s 144 Front St W Corner of Front & York St • Loose Moose 146 Front St
COGNITIVE SCIENCE SOCIETY BUSINESS MEETING
The Cognitive Science Society Business Meeting is scheduled for Saturday, July
30 at 11:30 in Room 102, the John W.H. Bassett Theatre at the Metro Toronto
Convention Center.

ONLINE AND ON-DEMAND PROGRAM ACCESS
The full conference program and virtual access to livestreamed content as well
as on-demand recorded conference content is available from Underline, login
with the email address used for your registration to the 2022 CogSci conference
and will be available until July 2024.
C O N F E R E N C E AC C E S S
Internet Access
Free Wireless Internet (best for checking email)
Network: CogSci2022

#CogSci2022
bit.ly/3N55tRP
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AFFINITY AND DISCUSSION GROUPS
CogSci 2022 is pleased to announce a series of Affinity and Discussion Group
sessions, which are scheduled to take place during the conference. You can
register online to participate in the following Affinity Groups:

Diverse careers in cognitive science

Virtual Thursday, July 28, 10:00 – 11:15 EDT

Non-traditional career paths for cognitive scientists
Virtual Monday, July 25, 9:00 – 10:00 EDT or
Onsite Room 103 Thursday, July 28, 17:00 – 18:00 EDT

Laschool and worldwide diverse cognitive science
Onsite Room 101 Thursday, July 28th, 16:40 – 18:15 EDT

Neurodiversity discussion group

Virtual Thursday, July 28, 16:40 – 18:15 EDT

Neural Nets for Cognition

Onsite Room 104A Thursday, July 28th, 16:40 – 18:15 EDT
These sessions are free to attend for all CogSci 2022 delegates. Please view the
website for further information including dates of the scheduled session.
Q&A Sessions
As a fully hybrid event, every session will be presented and livestreamed
without any pre-recordings. Q&A will be live at the end of the session
alternating questions from onsite and online attendees. Additionally there
are text areas for questions in the Underline platform for any on-demand
attendees.

PROCEEDINGS INFORMATION
The full proceedings are available as a PDF document and in HTML format at:
cognitivesciencesociety.org/program/
e-scholarship
The proceedings for past years’ conferences are available at:
cognitivesciencesociety.org/past-conferences/

PRESENTATION INSTRUCTIONS
Oral presentations:
Each standard oral presentation is allocated 20 minutes, which is to include
a closing period for addressing questions from attendees. A recommended
partitioning of this time is 15 minutes of presentation followed by 5 minutes of
questions (and for transition). Each room is equipped with a video projector
with HDMI input, as well as a microphone. The projectors support 16:9 aspect
ratio (widescreen format). Laptops and tech support are supplied to each room
including the link to virtual attendees.
#CogSci2022
bit.ly/3N55tRP
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Presentations that are part of workshops, tutorials, awards panels or symposia
sessions may use different schedules. Please contact the organizer of the given
workshop, tutorial, or symposium for information about the correct amount of
presentation time.
Session Chairs:
Each room will have signs that the chair can use to signal to the speaker how
much time is left. Assigned session chairs will quickly announce each speaker
in the order listed and strictly monitor the time of each talk.
Virtual Flash Talk presentations:
Each virtual flash talk presentation is allocated 5 minutes within a 45min
block of time. Any extra time at the end of the session time can be used for
questions. Additional questions can be made directly to every poster presenter
through Underline by text. These presentations are made entirely virtually
but projected into a room at the Metro Toronto Convention Center for onsite
attendees to watch. Tech support is supplied to each room to ensure a smooth
link between onsite and virtual attendees.
Poster presentations:
In-person Posters will be presented on poster boards during the poster
sessions in Constitution Hall on the 100 level of the North Building
of the Metro Toronto Convention Center. Presenters may locate their
poster boards by checking the middle number of their poster number.
Poster numbers are Px-xx-xxxx. The first number after P, identifies the poster
session you’re assigned to. The 2nd two-digit number is the location of the
poster in the hall. This number can be 1 through 34 and identifies exactly where
you are in the hall. The final four-digit number is the unique poster/paper ID
number.
Poster boards and pushpins will be provided. The poster board is 4 feet
(height) x 8 feet (width) but you do not need to use the full space. The
recommended size is 3.75 feet x 3.75 feet. Push pins will be provided for you to
adhere the poster to the boardPresenters must remove their posters at the end
of the poster session.
*Any posters not removed will be discarded by show management

#CogSci2022
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POSTER SESSION TIMES
T H U R S D AY, J U LY 2 8 T H
POSTER SESSION 1

Education, language acquisition, and development
10:20 – 12:00 EDT

POSTER SESSION 2

Number, cause, emotion, space, and time
13:00 – 14:40 EDT

POSTER SESSION 3

Decision making, attention, planning, and search
15:00 – 16:40 EDT

F R I D AY, J U LY 2 9 T H
POSTER SESSION 4

Social cognition, morality, and groups
8:30 – 10:10 EDT

POSTER SESSION 5

Language processing, representation, and use
10:20 – 12:00 EDT

#CogSci2022
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S AT U R D AY J U LY 3 0 T H
POSTER SESSION 6

Neuroscience, AI, and human-computer interaction
8:30 – 10:10 EDT

POSTER SESSION 7

Concepts, semantic representation, and memory
13:00 – 14:40 EDT

POSTER SESSION 8

Reasoning, learning, and representation
15:00 – 16:40 EDT

THANK YOU TO OUR SPONSORS AND EXHIBITORS
Exhibit booths are located on Level 1 in the Constitution Hall and are
available during the hours noted below:
Thursday July 28, 2022 10:00 AM to 4:40 PM
Friday July 29, 2022 8:30 AM to 4:00 PM
Saturday July 30, 2022 8:30 AM to 4:40 PM
P L AT I N U M S P O N S O R

DUOLINGO Booth #5
Duolingo (www.duolingo.com) is the most popular language-learning
platform and the most downloaded education app worldwide. The
company’s mission is to develop the best education in the world and
make it universally available. The app makes learning new languages
fun and motivating with bite-sized lessons that feel like playing a
game. The effectiveness of the app is monitored through analyzing
in-app data, as well as research studies that use independent
assessments (www.duolingo.com/efficacy). Duolingo offers over 100
total courses across 40 distinct languages, from Spanish, French,
German and Japanese to Navajo and Yiddish.
@duolingo (Twitter, Facebook, Instagram)

#CogSci2022
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BRONZE SPONSOR

FINDINGFIVE CORPORATION Booth #6
FindingFive is a non-profit tech startup with a mission of building
the technological infrastructure for online behavioral research. We
focus on eliminating the pain points faced by researchers such as
programming an online study and securely collecting and storing
participant data. Our web platform, www.findingfive.com, enables
researcher to rapidly create browser-based online studies with
academic terms that are already familiar to them. FindingFive now also
has its own participant pool so that researchers can create studies and
recruit participants all in the same place.
@findingfive (facebook), @UpdateFF (twitter), www.findingfive.com
E X H I B I TO R

MIT PRESS Booth #7
Established in 1962, the MIT Press is one of the largest and
most distinguished university presses in the world and a
leading publisher of books and journals at the intersection
of science, technology, art, social science, and design.
www.mitpress.mit.edu

THE UNIVERSITY OF CHICAGO PRESS, JOURNAL DIVISION
Founded in 1890, the University of Chicago Press is one
of the oldest continuously operating university presses
in the United States. Through our books and more than
90 journals, we seek not only to advance scholarly
conversation within and across traditional disciplines but,
in keeping with the University of Chicago’s experimental
tradition, to help define new areas of knowledge and
intellectual endeavor.
@ChicagoJournals (twitter), @UChicagoJournals (Facebook)
www.journals.uchicago.edu

OXFORD UNIVERSITY PRESS
Oxford University Press is a publisher of some of the most
respected and prestigious books and journals in the world.
@oxunipress (twitter), @OUPAcademic (Facebook)
global.oup.com

#CogSci2022
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CONFERENCE AWARDS

CogSci AWARDS
THE DAVID E. RUMELHART PRIZE
The David E. Rumelhart Prize is awarded annually to an individual or
collaborative team making a significant contemporary contribution to
the theoretical foundations of human cognition. Contributions may be
formal in nature: mathematical modeling of human cognitive processes,
formal analysis of language and other products of human cognitive
activity, and computational analyses of human cognition using symbolic
or non-symbolic frameworks all fall within the scope of the award.
The David E. Rumelhart Prize is funded by the Robert J. Glushko and
Pamela Samuelson Foundation. Robert J. Glushko received a Ph.D. in
Cognitive Psychology from the University of California, San Diego in 1979
under Rumelhart’s supervision. He is an Adjunct Full Professor in the
Cognitive Science Program at the University of California, Berkeley. The
prize consists of a hand-crafted, custom bronze medal, a certificate,
a citation of the awardee’s contribution, and a monetary award of
$100,000.
T H E 2 0 2 2 R U M E L H A R T P R I Z E H A S B E E N A W A R D E D TO

Michael Tomasello, Department of Psychology and Neuroscience,

Duke University & Max Planck Institute for Evolutionary Anthropology
Michael Tomasello is James F. Bonk Distinguished Professor
at Duke University. Michael is a fellow of the German
National Academy of Sciences, the Hungarian National
Academy of Sciences, the American Academy of Arts and
Sciences, the National Academy of Science, and of course
our own Cognitive Science Society. His numerous previous
awards include the Jean Nicod Prize, the Mind and Brain
Prize, the British Academy Wiley Prize in Psychology, and
the Heineken Prize for Cognitive Science, among many
others.
The guiding question behind the Michael Tomasello’s research is
one that many cognitive scientists have pondered at some time or
other. That question, which Michael has pursued in a career spanning
over 40 years and in two continents, is: What makes us human? What
distinguishes us from our great ape cousins? For some, it is tool use,
but many species use tools. For some, it is language, but many species
have communicative systems. For some, it is the ability to craft our
environment to our own ends. For Professor Tomasello, it is not a single
cognitive domain, like language, or tool use. Humans are unique in
multiple ways – in their communication, yes, but also in aspects of their
#CogSci2022
bit.ly/3N55tRP
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CONFERENCE AWARDS

social cognition, their cultural learnings, their cooperative thinking, and
their abilities to collaborate, to express prosocial behaviours, to follow
social norms, and to maintain a moral identity.

RUMELHART PRIZE PRESENTATION
‘Shared Agency and Human Cognition’
with Michael Tomasello

Friday, July 29, 16:10 – 17:40, Room 102,
the John W.H. Bassett Theatre at the Metro Toronto Convention Centre.
The Rumelhart Prize Reception and Announcement of the 23rd
Rumelhart Prize Recipient follow the Prize Presentation on Friday,
July 29th at the SOHO Ballroom at the Delta Hotel at 18:00 – 19:00. The
Rumelhart Reception is sponsored by the Robert J. Glushko and Pamela
Samuelson Foundation.”
RUMELHART SYMPOSIUM
Friday, July 26, 10:20 – 12:00, Room 102, the John W.H. Bassett Theatre at the Metro Toronto
Convention Centre
In honor of Michael Tomasello, this year’s Rumelhart Award recipient,
research related to his work will be presented in this special
symposium.
Jan Engelmann, University of California Berkeley, Chair
Marjorie Rhodes, New York University
Tamar Kushnir, Duke University
Hyo Gweon, Stanford University

THE JEFFREY L. ELMAN PRIZE FOR SCIENTIFIC ACHIEVEMENT AND
COMMUNITY BUILDING
In recognition of Jeffrey L. Elman’s many contributions to the field of
cognitive science, the Cognitive Science Society in partnership with
the University of California, San Diego awards a prize at the Cognitive
Science Society annual meeting to mid-career cognitive scientists
(individuals or teams) whose careers exemplify the twin strands of
scientific excellence and commitment to community-building and
service that were so evident in his career. Jeffrey Elman made major
contributions to the theoretical foundations of human cognition, most
notably in the areas of language and development. His work continues
to have an immense impact across fields as diverse as cognitive
science, psycholinguistics, developmental psychology, evolutionary
theory, computer science and linguistics. In addition to his important
intellectual contributions, he also was an inspiring scientific citizen who
is remembered for his generosity and mentorship.
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Wednesday, July 28, 2021, 15:20 –17:00 CEST
Symposium chair: Baudouin Forgeot d’Arc, CHU Sainte-Justine, University of Montreal
Presenters:
Valerie De Simone, FFDys;
Dominique Yvon, CEA Saclay - IRFU/DPHP;
Marie Lallier, Basque Center on Cognition, Brain and Language
T H E 2 0 2 2 E L M A N P R I Z E H A S B E E N A W A R D E D TO

Franck Ramus, Paris Sciences et Lettres University
Franck Ramus received his PhD in Cognitive Science from
EHESS (École des hautes études en sciences sociales),
Paris in 1999, under the supervision of Jacques Mehler.
He continued as a Marie Curie Fellow at the Institute of
Cognitive Neuroscience, University College London, and
then returned to Paris. Since 2002, he is a tenured CNRS
researcher at the Department of Cognitive Studies, Ecole
Normale Supérieure – PSL University, Paris., Professor
in the Center for Neural Science and Department of
Psychology at New York University

ROBERT J. GLUSHKO DISSERTATION PRIZES
The Cognitive Science Society and the Robert J. Glushko and Pamela
Samuelson Foundation award up to five outstanding dissertation prizes
in cognitive science each year. The goals of these prizes are to increase
the prominence of cognitive science and encourage students to engage
in interdisciplinary efforts to understand minds and intelligent systems.
The hope is that the prizes will recognize and honor young researchers
conducting ground-breaking research in cognitive science. The eventual
goal is to aid in efforts to bridge between the areas of cognitive science
and create theories of general interest to the multiple fields concerned
with scientifically understanding the nature of minds and intelligent
systems. Promoting a unified cognitive science is consistent with the
belief that understanding how minds work will require the synthesis of
many different empirical methods, formal tools, and analytic theories.
2011 was the inaugural year of this prize, and a new competition is held
annually.
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G L U S H KO D I S S E R TAT I O N P R I Z E S Y M P O S I U M
Saturday, July 30th 15:00 – 16:40, Room 102, the John W.H. Bassett Theatre at the Metro
Toronto Convention Center.
Symposium chair: David Danks, University of California, San Diego
The Glushko Dissertation Prize Symposium showcases these 2022 award
winners:
2022 WINNERS
Kelsey Allen, 2021 PhD thesis, from Massachusetts Institute of Technology

Learning to act with objects, relations and physics

Carolyn Baer, 2020 PhD thesis, from University of British Columbia

Developing a sense of certainty

Judy Sein Kim, 2020 PhD thesis, from Johns Hopkins University

’Visual’ knowledge in the absence of visual experience
Sebastian Musslick, 2021 PhD thesis, from Princeton University

On the rational bounds of cognitive control
MARR PRIZE

Sponsored by The Cognitive Science Society
The Marr Prize, named in honor of the late David Marr, will be given to
the best student paper at the conference. The Marr Prize includes a
cash award of $1000 (USD). All student first authors are eligible for the
Marr Prize for the best student paper. Authors who graduated within
the last 6 months and are no longer students are also eligible if the
work being reported was conducted entirely while the first author was a
student.
2022 WINNER
Kerem Oktar, Princeton University

Mechanisms of Belief Persistence in the Face of
Societal Disagreement
COMPUTATION MODELING PRIZES

Sponsored by The Cognitive Science Society
Four prizes will be awarded for the best full paper submissions that
involve computational cognitive modeling. The four separate prizes
will represent the best modeling work in the respective areas of:
perception/action, language, higher-level cognition, and applied
cognition. Each prize includes a cash award of $1,000 (USD). The
prizes are open to researchers at any level (student, post-doctoral
fellow, research scientist, faculty) from any nationality. Any form of
computational cognitive modeling relevant to cognitive science will
#CogSci2022
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be eligible, including (but not limited to) neural networks, symbolic
models, Bayesian models, dynamic systems, or various hybrids. If
your full paper involves computational cognitive modeling, be sure to
indicate its eligibility when you submit your paper.
2022 WINNERS
APPLIED COGNITION
Eric Martinez, MIT

So much for plain language: An analysis of the
accessibility of United States federal laws (1951-2009)
HIGHER-LEVEL COGNITION
Federico Adolfi, Ernst-Strüngmann Institute for Neuroscience in Cooperation with
Max-Planck Society

Computational Complexity of Segmentation
L A N G U AG E

Daniel Sabinasz, Institut für Neuroinformatik

A Neural Dynamic Model Perceptually Grounds Nested
Noun Phrases
PERCEPTION & ACTION

Anjie Cao, Stanford University

Habituation reflects optimal exploration over noisy
perceptual samples

SAYAN GUL AWARD
In honor of Sayan Gul
Sayan Gul was an undergraduate at UC Berkeley studying cognitive
science and computer science, and had great potential as a cognitive
scientist. He died tragically while traveling to the Annual Conference of
the Cognitive Science Society for the presentation of his research. This
award is intended to support similarly outstanding undergraduates
conducting research in cognitive science.
2022 WINNER
Neil Rathi, Palo Alto High School

Explaining patterns of fusion in morphological
paradigms using the memory–surprisal tradeoff

#CogSci2022
bit.ly/3N55tRP

COGNITIVE
DIVERSITY
CogSci 2022

21

44th Annual Meeting
of the Cognitive Science Society

DIVERSITY & INCLUSION CONFERENCE AWARDS

CONFERENCE AWARDS

Sponsored by The Cognitive Science Society

Up to ten prizes will be awarded to promote participation in the
conference for graduate students who bring diversity to the society,
in particular under-represented racial/ethnic groups and citizens of
under-represented and economically disadvantaged countries who
are presenting at the conference. Please note that under-represented
countries are identified using the World Bank list of developing
nations (Low Income, Low-Middle Income, or Upper-Middle Income).
Countries considered High Income Economies are not eligible. Each
conference award includes a cash award of $1,000 (USD).
2022 WINNERS
Mark Abdelshiheed, North Carolina State University, USA

The Power of Nudging: Exploring Three Interventions
for Metacognitive Skills Instruction Across Intelligent
Tutoring Systems
Can Avcı, Koç University, Turkey

Gesture and Speech Disfluency in Narrative Context:
Disfluency Rates in Spontaneous, Restricted, and
Encouraged Gesture Conditions
Verónica D’Angelo, Universidad Nacional de Córdoba, Argentina

Defending Diversity: Providing Examples from Different
Domains Enhances Application of System Principles
Beyond the Domains Covered by the Examples
Joseph Outa, Stanford University, USA

Stop, children what’s that sound? Multi-modal
inference through mental simulation
Maureen Gill, Yale University, USA

What is a consumer product for? How teleology guides
judgments of product liability
Lauren Girouard-Hallam, University of Louisville, USA

Children’s Judgments About Asking for Past, Present,
and Future Information from Google and a Person
Yeqiu Zheng, Erasmus University Rotterdam &
Tilburg University, the Netherlands

The value of host-country language: The effect of Dutch
language proficiency on immigrants’ income, savings
and financial wealth in the Netherlands
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Attentional Bias for Self-Face: Investigation using Drift
Diffusion Modelling
Hasan Qarehdaghi, Shahid Beheshti University, Iran

An EZ-circular diffusion model of continuous decision
processes
Shadab Tabatabaeian, University of California Merced, USA

Mathematical insights as novel connections: Evidence
from expert mathematicians
DIVERSITY & SOCIAL INEQUALITY AWARDS
Sponsored by The Cognitive Science Society
This prize recognizes the best work at our annual conference that
tackles issues of diversity and social inequality. Eligible work can
include studies of racism, sexism, and other forms of inequality, or more
generally tackle the issue of psychological and behavioral diversity in
cognitive science. The prize includes a cash award of $1,000 (USD). The
prize is open to researchers at any level (student, post-doctoral fellow,
research scientist, faculty) from any nationality. It will be awarded to
full papers that indicate their eligibility on submission.
2022 WINNER
George Kachergis, Stanford University

Estimating demographic bias on tests of children’s
early vocabulary
DISCIPLINARY DIVERSITY & INTEGRATION AWARD IN COGNITIVE SCIENCE
Sponsored by The Cognitive Science Society
This conference prize recognizes the best cognitive science research
in disciplines that have been traditionally under-represented at
our annual conferences and journals. Eligible submissions include
novel interdisciplinary perspectives and integrative approaches to
understanding the human mind. The prize is open to researchers at
any level (student to faculty) and will be awarded to full papers and/
or organized symposia that indicate their eligibility on submission and
upon review of the committee.
The prize for full papers will include a cash award of $1,000 (USD). The
prize for symposia includes complimentary member registration for
the conference for both the organizer and each of those presenting
in the symposium, and an additional cash award of $1,000 (USD) for
the organizer of the symposium if the symposium is turned into a
successful proposal to topiCS.
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Sehrang Joo, Yale University

No privileged link between intentionality and
causation: Generalizable effects of agency in language
2022 SYMPOSIA WINNER
Dr. Sydney Levine, Massacheusetts Institute of Technology

Competing perspectives on building ethical AI:
psychological, philosophical, and computational
approaches
STUDENT TRAVEL GRANTS

Sponsored by the Robert J. Glushko and Pamela Samuelson Foundation
Up to $10,000 (USD) will be awarded to undergraduate and graduate
students for travel support to attend the Conference. Any student who
is first author on a full-length paper to be presented at the conference
is eligible. Awardees will be selected on the basis of need and
submission quality, with an effort to achieve a broad representation
among academic institutions. Student first authors can indicate whether
they want to be considered for the grant as part of the submission
process. After paper acceptance decisions have been made, selected
first authors will be contacted by the Conference Awards Chairs.
2022 WINNERS
Kerem Oktar, Princeton University

Mechanisms of Belief Persistence in the Face of
Societal Disagreement
Federico Adolfi, Ernst-Strüngmann Institute for Neuroscience in Cooperation with
Max-Planck Society

Computational Complexity of Segmentation
Anjie Cao, Stanford University

Habituation reflects optimal exploration over noisy
perceptual samples
Kevin O’Neill, Duke University

Measuring and Modeling Confidence in Human Causal
Judgment
Katherine Collins, Massachusetts Institute of Technology

Structured, flexible, and robust: benchmarking and
improving large language models towards more
human-like behavior in out-of-distribution reasoning
tasks
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Commutativity: Autonomously Inferred or Necessarily
Culturally Supported?
Maureen Gill, Yale University

What is a consumer product for? How teleology guides
judgments of product liability
Arthur Le Pargneux, University of Warwick

Contractualist Concerns Shape Moral Decisions and
Moral Judgments
Megan Waller, Carnegie Mellon University

Of mouses and mans: the role of production and
feedback in language learning
Daniel Sabinasz, Institut für Neuroinformatik

A Neural Dynamic Model Perceptually Grounds Nested
Noun Phrases
Tim Sainburg, 2021 PhD thesis, from University of California, San Diego

Temporal organization in vocal communication:
sequential structure, perceptual integration, and
neural foundations
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Community-Based Participatory Research:
Applying a Public Health Framework to the
Cognitive Sciences

Overview

Kae Savar, Graduate Student at the University at Buffalo,
co-authored and presented by Dr. Nichol Castro,
Assistant Professor at the University at Buffalo.
Many are well aware of the metaphor that academia is an
“ivory tower” for many reasons, including the perception that
academics are not concerned with the “real world” resulting
in niche research with limited societal impact. Potentially,
one cause of this perception stems from a lack of inclusion of
community stakeholders in the direction of research, leading
to a major gap between what researchers think is important
and what community members think is important. This gap
in research priorities is exacerbated when researchers enter
communities, particularly those communities with whom the
researcher is not a member, without first building trust and
establishing partnerships. For example, the growing call for
more diverse participants cannot be accomplished without
bringing in participants from diverse backgrounds. However,
this is much simpler said than done, and if not done carefully
can have detrimental impact.
This presentation will overview Community-Based
Participatory Research (CBPR; Viswanathan et al., 2004;
Sandoval et al., 2011), a framework often used in public
health. CBPR aims to bring researchers and stakeholders
together as a way to ensure that research questions and
practices are appropriate, successful, and impactful.
Critically, one of the goals of CBPR is to have buy-in from
stakeholders from the outset, rather than trying to shape
already designed or conducted research to fit the community.
The purpose of presenting CBPR in this Tutorial is to help
cognitive scientists develop methods and practices that will,
in the long run, broaden the scope of our research questions,
lead to the inclusion of diverse research participants, and
increase the generalizability of our research to society.

The lack of diverse participants in our research can lead to
issues of generalizability, inability to address social and
health disparities, and perpetuation of stereotypes, among
many other issues. For example, it became quite clear during
COVID-19 in the United States, the inequities that existed in
health care access and quality and disparities in health
outcomes for minoritized communities. Such inequities and
disparities are also found in research practice in many fields,
including cognitive science. For example, research with
Western, educated, industrialized, rich, and democratic
(WEIRD) populations has been highlighted as problematic
(Ceci, Kahan, & Braman, 2010; Henrich, Heine, &
Norenzayan, 2010), yet the inclusion of diverse participants
in research remains lacking.
Including diverse research participants is not easy. It is not
just simply saying you will recruit more diverse participants,
and then they arrive. Some barriers to including diverse
research participants include: 1) the lack of trust between
members of minoritized communities and research
communities, 2) the knowledge and skill to work with
minoritized communities that promotes positive interactions
and benefits for all parties involved, and 3) the lack of
diversity of researchers themselves (Meadon & Spurrett,
2010). The last point is beyond the scope of this Tutorial, but
we encourage attendees to consider their role in building a
more diverse research community moving forward.
This Tutorial will provide an opportunity for cognitive
scientists to learn more about Community-Based
Participatory Research (CBPR), a framework for conducting
research that promotes trust and can be used to engage in
research with minoritized communities. There will be two
presentations by cognitive science researchers sharing their
lived experiences in building trust and conducting research
with minoritized communities. This will be followed up by a
presentation focused on the role of our institutions in
supporting research with diverse communities. Finally, there
will be a general discussion period for attendees to ask
questions, share their ideas, and discuss ways to address
hurdles in achieving more inclusive research practices in their
own works.

Developing Relationships with Community
Partners
Dr. Eliana Colunga, Associate Professor at the University
of Colorado Boulder
Community-engaged
research
involves
working
collaboratively with members of a community to address
issues of interest to them. In doing this work, it is important
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to identify the stakeholders in the community and form
relationships with members of the different groups to jointly
develop a flexible agenda. It is also important to consider that
the products of this work can take different forms beyond
what is traditionally valued in academia. In this talk I will
draw on nearly a decade of experience working with
members of low income and immigrant communities to
discuss best practices and lessons learned.

Acknowledgments
This Tutorial is sponsored by the SPARK Society
(sparksociety.org), a group of scholars seeking to spark
change in Cognitive Science, with support from the
Cognitive Science Conference Program Committee. The goal
of the SPARK Society is to create networks and promote the
professional development of historically excluded scholars of
African American/Black, Latina/o/e/x American, and Native
American heritage in the Cognitive Sciences.

Longitudinal research with Black and
Hispanic/Latinx autistic youth with language
impairment: Lessons learned and pathways
forward
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Dr. Teresa Girolamo, Postdoctoral Fellow at the
University of Connecticut, will deliver this talk, coauthored by Dr. Samantha Ghali, Doctoral Student at
the University of Kansas
Clinical research systematically excludes minoritized
individuals. This talk discusses a community-based approach
to engage minoritized youth with language impairment in
research. Implementing a package of community-based
strategies was effective in recruiting and retaining 14
minoritized participants with language impairment to
research (Black: n = 10; multiracial: n = 1; Hispanic/Latinx:
n = 6) over 6 years, including during COVID-19. Upon
contacting potential participants, retention was near 100%.
Efficiency improved, with a cumulative 78% and 10.85 hour
decrease in time cost and 90% and $600 decrease in financial
cost per participant. This presentation will overview key
takeaways from these findings with respect to ongoing
research with this community and building multidisciplinary,
participatory methods.

Organizational strategies to engage diverse
communities in research
Dr. Laurene Tumiel-Berhalter, Associate Professor and
Director of Community Engagement for the Clinical and
Translational Science Institute at the University at
Buffalo
The city of Buffalo, NY is a diverse community with 50%
of the population underrepresented minorities- a microcosm
of the US demographic projected for the year 2050. This
presentation will describe the University at Buffalo’s Clinical
and Translational Science Institute commitment to engaging
this diverse community as participants and partners in
research and will share strategies on how they have
accomplished this, the integration of the principles of CBPR,
and the role of their community partners.

Discussion
The Discussion portion of our Tutorial will be moderated
by Dr. Natasha Tokowicz, Professor at the University of
Pittsburgh.
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Category Theory for Cognitive Science Workshop/Tutorial
Britt Anderson (britt@uwaterloo.ca)
Department of Psychology & Centre for Theoretical Neuroscience
University of Waterloo
Waterloo, ON N2L CANADA

Keywords: category theory; recursion;
inference; mathematical modeling

its potential to cognitive science. No prior knowledge
of category theory is presumed. Familiarity with basic
mathematical concepts (e.g., sets, functions) will be helpful,
but is not essential. While category theory is a deep field
that takes more than one day to master, it is possible to
gain a general familiarity with the basic terminology in that
time frame. These basics combined with some practice
applying the ideas and concepts from category theory to
the sub-domains of cognitive science of interest to tutorial
participants will be sufficient to allow them to have sufficient
basic knowledge to start talking with disciplinary experts
in category theory and to begin to develop interdisciplinary
collaborations. It will also provide a foundation for tutorial
participants to be able to progress further by self-study.

systematicity;

Abstract
Applied Category Theory (aCT) is both a language for
describing and a method for analyzing the abstract structures
that populate science. It can serve as the lingua franca for
cross domain discussions, and as a mathematical tool for
probing the consequences of a model or theory’s structure.
As many cognitive scientists are unfamiliar with aCT this
workshop will provide an introduction to its terminology
and key features. The morning session will emphasize key
concepts and tutorial exercises. The afternoon session will
use recent research applications as case studies of its potential
and as the basis for demonstrations of how it can be used
productively.

Tutorial Faculty
Britt Anderson, MD & PhD is co-ordinating the application.
He is a neurologist, cognitive neuroscientist, and Director of
the University of Waterloo (Canada) Centre for Theoretical
Neuroscience (Anderson, 2021).
Steven Phillips, PhD is Chief Senior Researcher at
the National Institute of Advanced Industrial Science and
Technology (Japan). Dr. Phillips has a long history of
applying ideas from category theory to cognitive science
topics especially with the domain of cognitive development
(Phillips, 2021; Phillips & Wilson, 2010)
Toby St Clere Smithe is a researcher at the Topos Institute
and DPhil (PhD) candidate at the University of Oxford
(UK) studying the compositional structure of computational
neuroscience, with a particular focus on cognitive maps,
active inference, and neural coding (T. S. C. Smithe, 2021).
Geoffrey Crutwell, PhD is an Associate Professor of
Mathematics and Computer Science at Mount Allison
University (Canada). His specialty area is category theory,
and he has has written on how category theory can be used in
machine learning (Cruttwell, Gavranović, Ghani, Wilson, &
Zanasi, 2022).

Significance of the Topic
Many important ideas in cognitive science are about
structure. For example, computationalism is an account
of the computational and causal relations among mental
states. Functionalism equates mental states with their
interrelations. Psycho-physical identity theory argues for the
correspondence of mental states and physical states.
Category Theory is the mathematics of abstract structures
and their relations to concrete situations (Leinster, 2014).
Originally developed in pure mathematics, it has recently
received wide application (Fong & Spivak, 2018). A
number of the areas of application (such as computer science
(Yanofsky, 2022), philosophy (Król, 2019), physics (Coecke,
2011) , language processing (Asudeh & Giorgolo, 2020), and
consciousness studies (Maruyama, 2021) ) demonstrate the
large potential for cognitive science.
Part of the power of category theory derives from an
exquisite balance of abstraction and precision that can lead
to insights not easily recognized from other theoretical
points of view. For instance, category theory affords
multifarious forms of compositionality beyond the classical
(symbolic) versus connectionist (subsymbolic) dichotomy
typically assumed by cognitive scientists. However, lack of
familiarity with category theory concepts leaves many such
areas of application to cognitive science largely unexplored.
This tutorial will begin to address this lack so that
this powerful mathematical tool and language can bring

Structure of the Workshop and Activities (Full
Day)
Morning
3

Terminology and Application The basic category theory
concepts will be introduced in two sessions. We start with
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defining what makes something a category and then apply
these terms in small groups to examples from the participants’
areas of cognitive science research. This demonstrates the
“lingua franca” character of aCT. Next, we define functors
and natural transformations and participants will be guided
in extending their examples. This hints at how aCT can
be used to analyze model implications. Time permitting in
the morning session we will present an extended detailed
tutorial example that highlights some additional terminology
and application.
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Seven
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Afternoon
After a review of the morning’s material the afternoon session
will feature three in-depth examples of category theory as
actually applied to cognitive science. For each presentation
attendees will be able to discuss with the workshop faculty
how and why aCT was used. Topics planned are systematicity
and universal properties, machine learning and reverse
derivative categories, and Bayesian inference and lenses.

Tutorial Faculty
Britt Anderson, MD & PhD is co-ordinating the application.
He is a neurologist, cognitive neuroscientist, and Director of
the University of Waterloo (Canada) Centre for Theoretical
Neuroscience (Anderson, 2021).
Steven Phillips, PhD is Chief Senior Researcher at
the National Institute of Advanced Industrial Science and
Technology (Japan). Dr. Phillips has a long history of
applying ideas from category theory to cognitive science
topics especially with the domain of cognitive development
(Phillips, 2021; Phillips & Wilson, 2010)
Toby St Clere Smithe is a researcher at the Topos Institute
and DPhil (PhD) candidate at the University of Oxford
(UK) studying the compositional structure of computational
neuroscience, with a particular focus on cognitive maps,
active inference, and neural coding (T. B. S. C. Smithe, 2019;
T. S. C. Smithe, 2021).
Geoffrey Crutwell, PhD is an Associate Professor of
Mathematics and Computer Science at Mount Allison
University (Canada). His specialty area is category theory,
and he has written on how category theory can be used in
machine learning (Cruttwell et al., 2022).
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From Images to Symbols: Drawing as a Window into the Mind
Kushin Mukherjee1 , Holly Huey2 , Timothy T. Rogers1 , and Judith E. Fan2
1 University

of Wisconsin-Madison, 2 University of California, San Diego

Abstract

how the human mind is capable of making sense of such a
broad array of visual inputs, including photos, sketches, diagrams, maps, graphs, text, paintings, and cartoons as well as
generate them?

Drawing is a powerful cognitive technology for creating external representations of thought. While drawings have long
provided inspiration to researchers in many areas of cognitive
science, including psychology, machine learning, and neuroscience, these communities have not generally had opportunities to interact and share insights. The goal of this workshop is to bring together perspectives from multiple disciplines to explore the question of how humans use drawings
to communicate knowledge, catalyzing new opportunities for
multidisciplinary collaboration. We are introducing a novel
“flipped” format wherein we will hold three virtual seminars
in the weeks leading up to CogSci 2022, each highlighting insights from Machine Learning, Neuroscience, and Developmental Science, respectively. Holding these thematic seminars in advance will enable us to attract a broader audience for
our event and focus on promoting informal interaction among
workshop attendees at the on-site event.
Keywords: perception, production, concepts, abstraction,
learning

Goals and Approach

Overview and Motivation
One of the most distinctive aspects of human communication
is that it goes beyond vocal production — humans have devised many ways to make their ideas both visible and durable
over longer timescales relative to the spoken word. From
etchings on cave walls to modern digital displays, some of
the most significant inventions in human history include technologies that externalize our thoughts in visual form. Perhaps
the most basic and versatile of these technologies is drawing. The earliest drawings predate the invention of writing
by thousands of years and drawn images have been produced
by people from many different cultures (Gombrich, 1989;
Clottes, 2008).
A growing body of work has used drawing behavior to
shed light on a wide range of cognitive phenomena, including
perception/attention (Chamberlain & Wagemans, 2015; Perdreau & Cavanagh, 2014), learning (Fiorella & Zhang, 2018;
Fan, Yamins, & Turk-Browne, 2018; Chamberlain, 2018), development (Dillon, 2021; Long, Fan, Chai, & Frank, 2021;
Kellogg, 1969; Karmiloff-Smith, 1990; Phillips, Hobbs, &
Pratt, 1978), memory (Wammes, Meade, & Fernandes, 2016;
Bainbridge, Hall, & Baker, 2019), concepts (Bozeat et al.,
2003; Mukherjee, Hawkins, & Fan, 2019; Yang & Fan, 2021),
and communication (Fan, Hawkins, Wu, & Goodman, 2020;
Hawkins, Sano, Goodman, & Fan, 2021; Huey, Walker, &
Fan, 2021).
Despite the fact that humans can effortlessly produce and
interpret drawings, their status as being both image-like and
symbol-like has posed persistent challenges for existing accounts of how they encode information (Goodman, 1976;
Abell, 2009; Greenberg, 2021; Hertzmann, 2020). How can
we make progress towards more unified theories that explain
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The goal of this workshop is to bring together perspectives
on this question from multiple disciplines to share insights
and formulate strategies for confronting outstanding challenges. Specifically, we will focus on perspectives from Machine Learning, Neuroscience, and Developmental Science,
owing to recent empirical advances in each of these fields.
First, increasingly mature machine learning frameworks and
crowdsourcing technologies have led to the development of
algorithms that display impressive sketch understanding and
generation capabilities (Ha & Eck, 2017; Jongejan, Rowley,
Kawashima, Kim, & Fox-Gieg, 2017; Bhunia et al., 2020;
Sangkloy, Burnell, Ham, & Hays, 2016). Second, drawing
behavior has been used to characterize the neural mechanisms that support visual understanding and production (Fan,
Wammes, et al., 2020), as well as the cognitive consequences
of brain injury and disease (Bozeat et al., 2003; Chen &
Goedert, 2012; Bozeat, Ralph, Patterson, Garrard, & Hodges,
2000). Third, a combination of large-scale data collection
efforts and targeted experimental interventions focused on
graphical production have led to more detailed understanding of the processes by which learners learn about the visual
world, as well as more abstract concepts (Dillon, 2021; Long
et al., 2021; Fiorella & Zhang, 2018).
Our workshop will consist of two complementary components: First, we will host three virtual seminars to introduce
each thematic perspective (Machine Learning, Neuroscience,
and Developmental Science) in advance of the Cognitive Science Society Conference 2022. This ‘flipped’ format will
be more inclusive, by allowing attendees to fully participate
from anywhere in the world. Additionally, we will record
these seminars so that attendees can also view these talks
asynchronously.
Second, we will host an in-person poster session and facilitate group discussion of issues raised during the thematic
seminars on site at the conference in July. These activities
are inherently active and interactive, and will thus empower
in-person attendees to capitalize on this time to interact informally with other researchers (rather than attend a long series of back-to-back talks). We plan to dedicate the funds
allocated to this workshop to support early career researchers
by awarding two student travel grants and one ‘Best Poster
Award.‘ Taken together, we believe our strategy will lay a
strong foundation for further interaction among attendees be-
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yond CogSci2022, and even inspire new multi-disciplinary
collaborations.

ing tasks along with functional brain imaging to investigate
the visual content of memories.
Jeff Wammes (Speaker) is an Assistant Professor of Psychology at Queen’s University. His research focuses on how
learning through active learning tasks, such as drawing, can
reshape how memories are represented in memories.
Matt Lambon Ralph (Speaker) is the Director of the MRC
Cognition and Brain Sciences Unit at the University of Cambridge. His research focuses on the neuropsychology of semantic cognition and aphasia using neuroscientific computational models, TMS, and neuroimaging techniques.

Organizers
The organizers share a deep interest in leveraging drawings to
gain insight into cognitive phenomena, including perception,
semantic memory, natural pedagogy, among others.
Kushin Mukherjee (Organizer) is a PhD student at the University of Wisconsin-Madison. His research focuses on how
visual concepts are acquired and reshaped through experience
and how people communicate these concepts to each other
through visual conduits.
Holly Huey (Organizer) is a PhD student at the University
of California, San Diego. Her research investigates how people use visual explanations to convey abstract knowledge to
others (e.g., how causal systems work) in order to advance
theories of explanatory behavior, as well as explore the role
of visualizations in scientific learning and pedagogy.
Timothy T. Rogers (Organizer) is Professor of Psychology
at the University of Wisconsin-Madison. Research in his lab
investigates human semantic memory — that is, knowledge
about the meanings of words, objects, and events.
Judith E. Fan (Organizer) is Assistant Professor of Psychology at the University of California, San Diego. Research
in her lab focuses on the use of physical representations of
thought, including sketches and other objects, during learning, communication, and problem solving.

Developmental Science Seminar
Moira Dillon (Chair) is an Assistant Professor of Psychology at New York University. Her work investigates children’s
drawings to probe their geometric understanding through developmental, cognitive, and computational lenses.
Bria Long (Speaker) is a Postdoctoral Scholar at Stanford
University. She studies how children’s visual experience of
the world scaffolds early learning by investigating large-scale
datasets of children’s drawings with the help of deep neural
networks.
Logan Fiorella (Speaker) is an Associate Professor of Education Psychology at the University of Georgia. His research
is on how different kinds of instructional methods, such as the
use of graphics and diagrams, can be leveraged to improve
learning in STEM.

Invited Seminar Speakers

Acknowledgments

For each virtual seminar, speakers will present short talks
while the chairs will be responsible for leading the session
and providing concluding remarks. We anticipate the first
seminar taking place in early June 2022, the second in late
June 2022, and the third in early July 2022, depending on
speaker and chair availability.

This workshop would be funded by NSF CAREER award
#2047191 to J.E.F.
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Machine Learning Seminar
David Ha (Chair) is a Research Scientist at Google Brain
Tokyo. His work involves reinforcement learning and leveraging deep learning advances to build generative models of
sketch production.
Catherine Wong (Speaker) is a PhD student at MIT. Her
research uses program synthesis as a framework to understand how people and machines learn conceptual abstractions
to flexibly communicate across different contexts.
Yulia Gryaditskaya (Speaker) is a Senior Research Fellow
at the Center for Vision, Speech, and Signal Processing at
the University of Surrey. Her research uses computer vision
techniques, like geometric deep learning, to model and understand sketch generation and classification.

Neuroscience Seminar
Wilma Bainbridge (Chair) is an Assistant Professor of Psychology at the University of Chicago. She studies the neuroscience of perception and memory, and uses behavioral draw-
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• Intro to popular datasets: Text Words, Sentences,
Paragraphs (Harry Potter Story,
ZUCO EEG,
Question-Answering MEG); Visual (Binary visual
patterns, Natural Images (Vim-1), BOLD5000, Algonauts
and SS-fMRI); Videos (BBC’s Doctor Who, Japanese
Ads, Pippi Langkous, Algonauts); Multimodal (Words +
line drawing of concept named by each word, The Moth
Radio Hour (Jain & Huth, 2018), Pereira, Narratives).

Keywords: brain encoding; brain decoding; cognitive
neuroscience; deep learning.

Introduction
How does the brain represent different modes of information?
Can we design a system that can automatically understand
what the user is thinking? We can make progress towards
answering such questions by studying brain recordings
from devices such as functional magnetic resonance
imaging (fMRI). The brain encoding problem aims to
automatically generate fMRI brain representations given
a stimulus. The brain decoding problem is the inverse
problem of reconstructing the stimuli given the fMRI brain
representation. Both the brain encoding and decoding
problems have been studied in detail in the past two decades
and the foremost attraction of studying these solutions is that
they serve as additional tools for basic research in cognitive
science and cognitive neuroscience. Recently, inspired by the
effectiveness of deep learning models for natural language
processing and computer vision, such models have been
applied for neuroscience as well. In this tutorial, we plan
to discuss different kinds of stimulus representations, and
popular encoding and decoding architectures in detail. The
tutorial will provide a working knowledge of the state of
the art methods for encoding and decoding, a thorough
understanding of the literature, and a better understanding of
the benefits and limitations of encoding/decoding with deep
learning.
Encoding models that accurately predict brain activity have
several practical applications in evaluation and diagnosis
of neurological conditions and thus also help designing
therapies for brain damage. Invertible encoding models
enable principled formulation of brain decoding models
which in turn are useful for designing brain-machine or
brain-computer interfaces. Recent advances in the use of
pretrained deep network models enable us to use them as
priors for brain decoding tasks. Deep learning models are
useful for improving accuracy but also offer the flexibility of
decoding across a gamut of tasks and domains.

Stimulus Representations [30 min]
• Text Stimuli: Syntactic (corpus co-occurrence counts,
topic models, syntactic features and discourse features),
Semantic (word embedding methods,
sentence
representation models, recurrent neural networks and
Transformer methods), Experiential attributes (Rated on
0-6 scale or binary).
• Visual Stimuli: Visual field filter banks, Gabor wavelet
pyramid; Convolutional neural networks; Concept
recognition models.
• Audio Stimuli: Phoneme rate and presence of phonemes.

Brain Encoding [60 min]
• Linguistic Encoding in the Brain: Words represented
as vectors in an embedding space and mapped to
neural activation; Words augmented with context
using sequence models; Sentence representations
based on Transformer models (Schrimpf et al., 2021);
Modulation of word meaning representations based on
task settings (Toneva, Stretcu, Póczos, Wehbe, & Mitchell,
2020); Disentangling lexical, syntactic, and semantic
representations (Caucheteux, Gramfort, & King, 2021).
• Visual Encoding in the Brain: Representations derived
from object classification models (Kubilius et al., 2019);
Representations extracted from models of computer vision
tasks (Wang, Tarr, & Wehbe, 2019); Representation of
temporal dynamics of vision.

Brain Decoding [60 min]

Tutorial outline
We present the overall tutorial outline with time slots (adding
up to 3 hours) in this section.

Intro to Brain encoding and decoding [30 min]
• Intro to Brain Encoding/Decoding and applications
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• Decoder Architectures: Ridge regression models; Most
informative voxels selection; Fully connected layer, MLPs;
Representational similarity analysis; Classifiers like SVMs
and Gaussian Naı̈ve Bayes.
• Decoding task settings:
Decoding to a vector
representation using single-mode stimuli or multi-modal
stimuli (Pereira et al., 2018); Relationship between
various natural language understanding tasks and the brain
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decoding task (Gauthier & Levy, 2019); Reconstruct the
visual stimuli (Beliy et al., 2019); Reconstructing personal
imagined experiences; Application-based decoding like
predicting individuals’ engineering exam results, reflecting
whether current thoughts are detailed, correspond to the
past or future, are verbal or in images, object recognition.
• Metrics: 2 versus 2 (2V2) Accuracy; Pearson Correlation;
RSM; R2 score, MSE; Pairwise Accuracy; Rank based
Accuracy; Classification rate.

Plymouth, UK; and a Researcher at ATR Research Labs,
Kyoto, Japan. He has over 20 years of teaching and research
experience in AI, Machine Learning, Neural Networks, and
Cognitive Science. He has a PhD (Computer Science)
from Univ. of Texas, Arlington. He is a senior member
of IEEE, ACM, Society for Neuroscience, and Cognitive
Science Society.
Mariya Toneva is a postdoctoral fellow at the Neuroscience
Institute at Princeton University and a tenure-track faculty
at the Max Planck Institute for Software Systems, starting
in Fall 2022. She obtained her PhD from Carnegie Mellon
University in a joint program between Machine Learning
and Neural Computation in 2021. Her research focuses on
building computational models of language processing in
the brain that can also improve natural language processing
systems. Her work has appeared at CogSci, ICLR, NeurIPS,
and SNL, and she has organized workshops and symposia at
ICLR and SNL.

Target audience and prerequisites
The tutorial should be beneficial for researchers from both
academia and industry. Specifically, academics with interests
in cognitive modeling and brain mapping will benefit from
the broad perspective of how deep learning methods can be
applied for these purposes. Researchers from companies
who innovate and design novel interfaces and hardware
subsystems for the next generation of virtual, augmented,
and mixed reality experiences will find the tutorial exciting.
Researchers working on innovative user interfaces like
wearable devices, neuro-development of emotion processing
and regulation, and human perception are also expected to
find the tutorial relevant. Expected pre-requisites include
basic maths, machine learning and basic deep learning
concepts.
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Presenter experience and interests
The tutorial presenters represent great diversity with respect
to academic as well as industry affiliations, multi-geography
and different career stages. We hope that the tutorial will
attract both industry as well as academic participation.
Subba Reddy Oota is a PhD Student at Inria Bordeaux,
France. He received his Masters from IIIT Hyderabad in
2016. His research interests are in the areas of language
analysis in the brain, brain encoding, and decoding. He has
presented several research papers in refereed conferences like
NAACL, Cogsci, WACV, IJCNN, ICDAR, and ICONIP.
Jashn Arora is an Undergraduate Student at IIIT Hyderabad.
His research interests are in the areas of Natural language
Processing, analysis of language representation in the brain,
and brain encoding and decoding. He has experience
conducting tutorials and lab sessions as a teaching assistant
for various courses at IIIT Hyderabad.
Manish Gupta is a Principal Applied Researcher at
Microsoft, India. He is also an Adjunct Faculty at IIIT
Hyderabad and a visiting faculty at the Indian School of
Business (ISB). He received his Masters from IIT Bombay
in 2007 and his Ph.D. from UIUC in 2013. His research
interests are in the areas of deep learning, web mining, and
neuroscience. He has extensive experience offering tutorials
at top conferences like CIKM’13, WWW’14, SIGIR’15,
CIKM’20, IJCAI’20, ECML/PKDD’21, and WSDM’22.
Raju S. Bapi is a professor and head of the Cognitive Science
Lab, IIIT Hyderabad. Earlier, he was a professor at Univ.
of Hyderabad, India; EPSRC Research Fellow at Univ. of
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tools, or policies to foster these outcomes independently
(Longfellow, 2021; Ware et al, 2021).

Keywords: accessibility, inclusive design, cross-sensory
design, co-design, remote interaction, learning environments

Summary
As the theme of this year’s conference suggests, cognitive
diversity among learners and educators is increasingly
acknowledged. However, in our societies that increasingly
require advanced education, training, and technical skills, the
pressure to standardize learning objectives, delivery
techniques and delivery tools, especially online, is high. In
these situations, learners and educators of diverse cognitive
phenotypes and abilities experience learning environments
that are a poor match for their abilities, making effective
delivery of educational content challenging. However, with
such vast human variation, many learners and educators are
experiencing benefits as well as challenges in online settings,
accelerated by the COVID-19 pandemic. For example,
working remotely provides neurodiverse individuals with
greater control over their environments, in terms of noise,
light, potential distractions and comfortable seating. (Das et
al., 2021). In contrast, structured routines (e.g., commuting to
class) that aid executive functioning are often lost (St.
Amour, 2020). Neurodiverse learners may benefit from this
new paradigm if their accessibility challenges can be met.
Evidence-based strategies that account for the now
extensive (due to COVID-19's social distancing) lived
experiences of those affected by these mismatches are still
emerging. By moving forward with design that is informed
by these accounts, researchers and developers position
themselves to make observations while responding to realworld needs. In this way, our proposed workshop will aim to
better understand lived experiences and challenges of
workshop participants in their roles as learners or educators
through co-design, a methodology in which participants
actively engage in the design process.
Successful deployments of inclusive learning are thought
to benefit all students (Alqurani and Gut, 2012). However,
the needs of educators are rarely considered, nor do they often
feel properly equipped with the knowledge, competencies,

Figure 1: Model depicting conditions that foster high and
low shared intentionality.
Cross-sensory interaction design entails two or more
sensory modalities to redress these mismatches experienced
by cognitively diverse as well as blind and partially sighted
learners (Biggs et al., 2019; Ghodke et al., 2019; Kamat et al.,
2022) by fostering shared intentionality, the capacity to
participate in collaborative activities with shared goals and
intentions (Tomasello et al., 2005). Our workshop will utilize
a conceptual model (from Lee, Sukhai & Coppin, 2022) that
applies this research on shared intentionality to digitally
mediated interactions by recruiting Larkin and Simon’s
(1987) model for distinguishing diagrams versus sentences
(the types of external representations graphical user
interfaces are composed of). The model is composed of three
dimensions. The first, by adapting Larkin and Simon (1987),
is spatial-topological synchrony (Fig., 1, x-axis), which is the
degree to which Information and Communication
Technologies (ICTs) (e.g., Zoom) convey perceptual cues
such as gesture, body location and visual-spatial
representations. Temporal synchrony is the degree to which
interactions are asynchronous or synchronous. Mutual
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knowledge creation is the degree to which new knowledge is
jointly constructed from diverse perspectives (Lee et al.,
2022). 0,0,0 (Fig. 1, red dot) denotes where shared
intentionality is low, because cues for the success of shared
goals are insufficient as visually represented spatial,
topological, and geometric relations in the environment are
not accessible, for example, to blind and partially sighted
learners (cf. Coppin et al., 2016). 5,5,5 (Fig. 1, blue dot)
denotes where shared intentionality is high when interactions
in a physical space using a hand-over-hand technique is
accessible to blind and partially sighted participants.
Thus, these models foreshadow the workshop's goal of codesigning and discussing strategies for inclusive learning
environments. Specifically, the objectives of the workshop
are: (1) to provide participants with shared language and tools
to redress accessibility challenges engendered by how
individual differences interacted with online learning
environments during the pandemic; (2) to generate insights in
response to diverse accessibility needs; and (3) to utilize
insights from workshop participants' experiences to inform
the next iteration of our tools1 that more effectively foster
shared intentionality through online learning. Participants
must register for the workshop in advance so that
preparations in response to their interests may be addressed
through the workshop’s activities.
The workshop will begin with a guided thirty-minute
reflection and discussion activity to reveal remote learning
challenges of participants. Following this reflectiondiscussion, during the next thirty minutes, facilitators will
introduce terminology and concepts to serve as a shared
vocabulary for discussing cross-sensory prototyping. These
include affordances-based theories (Gaver, 1991) and
example projects that apply these, such as Biggs et al. (2019),
Ghodke et al. (2019), and Kamat et al. (2022). Participants
will be invited to discuss these examples, noting themes.
In the final ninety-minute co-design session, participants
and facilitators will collaborate to develop cross-sensory
prototypes, strategies and recommendations using everyday
household materials. Additionally, custom and commercial
software providing 3D virtual environments with auditoryvisual annotation features 1, 2 will be available for more
refined ideas. Finally, a thirty-minute discussion to wrap up
the workshop will be held to give participants an opportunity
to reflect on what was produced in the co-design session,
compare their results with others, and consider next steps.

https://inclusiveeducationplanning.com.au/uncategorized/t
he-definition-of-inclusive-education/.
St. Amour, M. (2020, May 13). How neurodivergent students
are getting through the pandemic. Inside Higher Ed.
Retrieved
October
17,
2021
from
https://www.insidehighered.com/news/2020/05/13/neurod
ivergent-students-face-challenges-quick-switch-remotelearning.
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successful inclusion of students with severe disabilities:
Literature review. International journal of special
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Design and evaluation of an audio game-inspired auditory
map interface. In Proceedings of the International
Conference on Auditory Display (ICAD’19). (Vol. 2019, p.
20). NIH Public Access.
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are lost when translating visual graphics to text for
accessibility. Cognitive Semiotics.
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Proceedings of the ACM on Human-Computer Interaction.
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The cross-sensory globe: participatory design of a 3D
audio-tactile globe prototype for blind and low-vision users
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Interactive Systems Conference (DIS ’19). Association for
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this prototype is shared across languages. Previous analyses
characterize the prototypical Instrument as an inanimate
object manipulated intentionally in order to causally affect a
patient, i.e. a “tool” (Luraghi, 2001). In the current study, 43
English, 39 Dutch and 36 German speakers described events
of tool use (e.g., breaking a plate with a hammer) as well as
events that shared some but not all the properties of tool use
(50 videos in 10 conditions in total). For example, in one nontool condition, the patient did not undergo a change of state
(e.g., hitting a box with a pen), and in another non-tool
condition, the agent used a part of their own body (e.g.,
knocking over a tower with your hands). For each
description, we coded which lexical term the instrument was
a complement of (e.g., in she knocked over the tower with her
hands, the term is “with”). To determine linguistic similarity
across the 50 videos, we constructed a matrix for each
language with counts of how often each term was used for
each video and submitted these matrices to agglomerative
hierarchical clustering. The three languages clustered the
videos in similar but not identical ways, consistent with the
proposal that Instrument is a stable cross-linguistic category.

Keywords: events; event apprehension; gesture; event role;
thematic role; case; telicity; aspect

Humans are surprisingly adept at interpreting what is
happening around them – they spontaneously and rapidly
segment and organize their dynamic experience into coherent
event construals. Such event construals may offer a starting
point for assembling a linguistic description of the event
during speaking (Levelt, 1989). However, the precise format
of event representations and their mapping to language have
remained elusive, partly because research on how people
mentally segment and perceive events (see Radvansky &
Zacks, 2014 for a review) has largely proceeded separately
from analyses of how events are encoded in language (see
Truswell, 2019 for a review).
This symposium aims to integrate these two lines of event
research and offer insights into how event cognition interacts
with event language using cross-linguistic and multi-modal
(speech, gesture) approaches. The contributed papers explore
both how linguistic universals may reflect cognitive
primitives and (inversely) the extent to which event cognition
might be susceptible to linguistic effects. Specifically, the
first paper investigates potentially universal patterns across
different languages in expressing an event concept. The
second paper explores how multimodal encoding of events in
speech and co-speech gesture contributes to event processing.
The last two papers test whether cross-linguistic differences
in encoding event structure have corollaries in non-linguistic
event cognition.
The current approaches highlight how interdisciplinary
studies on events can throw light onto event representations,
and further enrich current models of the language-cognition
interface in ways relevant to many sub-branches of cognitive
science.

Multimodal encoding of events in speech and
gesture guides visual event apprehension
Ercenur Ünal, Francie Manhardt, Aslı Özyürek
Prior work has shown tight links between event apprehension
and language production, such that conceptualization of
messages for language production guides speakers’ visual
attention to events (Levelt, 1989) in language-specific ways
(Papafragou et al., 2008). Nevertheless, this work is based on
event encoding in speech only. However, language is a
multimodal phenomenon and speakers frequently use
gestures to encode aspects of events and these co-speech
gestures vary cross-linguistically (Kita & Özyürek, 2003).
Here, we ask whether visual attention to events is further
guided by production of language-specific co-speech
gestures. We focus on Turkish where speakers express path
of motion mostly in the main verb and accompanied by path
gestures. In an eye-tracking study, Turkish-speaking adults
viewed motion events while their eye movements were
recorded during non-linguistic (viewing-only) and linguistic
(viewing-before-describing) tasks. Path over Manner looks
were higher in the linguistic than in the non-linguistic task.
During the linguistic task, Path over Manner looks increased
when speakers (a) encoded path in verbs versus in post-

Shared thematic role prototypes across three
Germanic languages
Lilia Rissman, Saskia van Putten, Asifa Majid
Thematic roles such as Agent and Patient have been
analyzed as having prototype structure (Dowty, 1991) and
have argued to be cross-linguistically universal (Fillmore,
1968). We ask whether the Instrumental role (e.g., Toni cut
the bread with a knife, see Koenig et al., 2008; Rissman
&Rawlins, 2017) also has prototype structure and whether
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positional phrases only and (b) used additional path gestures
versus not. Together, these findings demonstrate that visual
attention to events is guided by language-specific event
encoding not only in speech but also in gesture.

two languages could lead to different judgments about event
boundedness.
In event description, English speakers mostly produced
telic predicates for bounded events, and atelic predicates for
unbounded events. By contrast, Mandarin speakers specified
the inherent endpoints in bounded events much less
frequently, due to two main reasons. First, telicity in
Mandarin is overtly expressed through a more complex
resultative verb compound (e.g., xiu-hao “mend-good”)
rather than a simple verb such as the English “fix”. Second,
bare nouns are legitimate and widely used in Mandarin, while
predicates with bare nouns are ambiguous about telicity (e.g.,
chi pingguo “eat apple” may refer to eating apples, or eating
a specific apple). In a judgement task where people rated their
likelihood of seeing an event as having a natural endpoint or
as having no natural endpoint, the performance of English
speakers and Mandarin speakers did not differ. These results
suggest that the cross-linguistic differences in how people
talk about events may not affect how people think about
events.

Case marking influences visual event
apprehension
Arrate Isasi-Isasmendi, Caroline Andrews, Sebastian
Sauppe, Monique Flecken, Roberto Zariquiey, Itziar Laka,
Moritz Daum, Martin Meyer, Balthasar Bickel
When presented with a picture of an event, people can
apprehend the gist of the event rapidly—in as little as 100–
300 ms. Event apprehension has been argued to be a nonlinguistic (or prelinguistic) process, i.e., language should play
no role in the gist extraction. We present cross-linguistic
evidence showing that grammatical differences can,
however, impact event role apprehension.
In a brief exposure experiment, Spanish and Basque
speakers were shown event pictures for only 300 ms in a
corner of a computer screen. This allowed them to place only
a single fixation into the event picture and required top-down
decisions on what to focus on. Stimulus presentation was
followed by either a picture description task or a recognition
task. We found that speakers of Basque recognized agents
more accurately and fixated on agents more than speakers of
Spanish across tasks. This is in line with a difference in case
marking in these languages: in Basque agents are overtly
marked through an ergative case, which makes agents
especially salient and requires increased attention to agents
during sentence planning. In contrast, in Spanish agents are
not singled out by case marking. In addition, we discuss
preliminary results from a similar experiment in ShipiboKonibo (Peru). This language also marks agents consistently
through the ergative case, and it further allows to expand
cross-linguistic research on event cognition beyond WEIRD
populations. We argue that the grammatical features of a
language can modulate early event apprehension processes.
By targeting cross-linguistic variation, our studies give
insights into the interaction between language and event
cognition.
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Do cross-linguistic aspectual differences affect
event individuation?
Yue Ji, Anna Papafragou
Language distinguishes telic predicates which denote
bounded events with an inherent, natural endpoint (e.g., fix a
car, eat an apple) from atelic predicates which denote
unbounded events without an inherent or natural endpoint
(e.g., drive a car, eat ice-cream). Across theoretical
frameworks, telicity is recognized as a foundational and
universal semantic distinction (see Filip, 2012; von Fintel &
Matthewson, 2008). However, telicity can be encoded in
different ways across languages (e.g., Botne, 2003). Our
study compared English speakers’ descriptions of bounded
and unbounded events with those from Mandarin speakers,
and further examined whether the differences between the
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Human Nature and Human Diversity
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Introduction

Richard Samuels (samuels.58@osu.edu)
Department of Philosophy &
Center for Cognitive and Brain Sciences, 230 North Oval
Mall, Columbus, OH 43210, USA

Is the mind equipped with universal biases? If so, how can
we account for the well-recognized diversity of human
cognition? And if universal biases do exist, what is their
source—do they reflect innate principles of core knowledge,
or can they emerge from domain-general pressures? Finally,
how can we, cognitive scientists, “get” human nature better—
minimizing the pitfalls of our intuitive cognitive biases and
our narrow WEIRD perspective?

There is a puzzling tension in contemporary scientific
attitudes towards human nature. On the one hand, the
traditional “essentialist” conception of human nature is
untenable in the light of quite general, and exceedingly wellknown, evolutionary considerations. On the other hand, talk
of human nature abounds in certain regions of the cognitive
and behavioral sciences.

This symposium seeks to address the question of human
nature from a broad interdisciplinary perspective. We begin
by examining the notion of “human nature” and the concept
of innateness (Samuels) and exploring some of the challenges
facing its discovery by the confinements of our own human
cognition (Berent). The next talk (Culbertson) exposes the
tensions between cognitive universals and diversity in the
domain of language, contrasts domain-specific with domaingeneral explanations of these facts, and demonstrates the
merits of a cross-linguistic perspective. The last talk (Majid)
considers how language is used to express perceptual
categories across cultures, explores how culture and nurture
can shed light on human nature, and highlights some of the
challenges in sifting through the tight nature-nurture
interactions.

This presentation focuses on the question: “Given
developments within the biological and behavioral sciences,
what sense if any can be made of the notion of human
nature?” In doing so, I first identify four theoretical roles that
human nature has traditionally played within the sciences: a
taxonomic function, a descriptive function, a causal
explanatory function, and the function of delimiting a domain
of empirical enquiry. Second, I sketch the traditional
essentialist view of human nature – roughly, that all and only
humans possess a distinctive suit of intrinsic properties – and
explain why this view is untenable. Finally, I sketch an
alternative, “replacement” account of human nature – what
might be called causal essentialism about human nature – that
plausibly fills the theoretical roles traditionally ascribed to
human nature, without falling prey to the objections that
render traditional essentialism unviable.

Throughout these four talks, we hope to highlight both
theoretical gains and limits in our current understanding of
innateness and domain-specificity, the value of exploring
human diversity, and the challenges we, humans face when
we seek to explore our own human nature.
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when we expand the range of populations we study, we gain
a much better understanding of what is, and what is not
universal. The second phenomena is word order harmony-the tendency for languages to align heads and dependents
across different phrase types. A preference for harmony is
robust across speakers of different languages and found even
using non-linguistic stimuli. I argue that harmony shows us
how domain-general biases interacting with languagespecific representations can shape language. Finally, I
discuss how more complex ordering phenomena give us a
window into how humans use hierarchically structured
information when learning and using language. These case
studies illustrate the complexity of interpreting so-called
language universals, and the pitfalls of taking a WEIRDcentric approach. However, they also show how experimental
methods for investigating universals can shed light on the
human language faculty.

Can we get human nature right?
Iris Berent (i.berent@northeastern.edu )
Department of Psychology, 360 Huntington Ave
Boston, MA 11250 USA
Few questions in science are as controversial as human
nature. Why is innateness such a hard question? Could our
troubles arise from within—from the psychological
confinements of the human observer?
I first review recent experimental work, suggesting that US
adults are systematically biased in reasoning about human
nature. Specifically, these participants are positively biased
to presume that emotions are innate, but they outright reject
innate ideas.
Another set of studies shows how these biases could arise
from the collision of two intuitive psychological principles:
Dualism and Essentialism. Per Essentialism, we assume that
the innate essence of living things must reside in their bodies;
Dualism, however, mandates that ideas are ethereal and
disembodied. It follows, then, that, intuitively, (disembodied)
ideas cannot be innate. The experimental results bear this
out.

Reconciling nature and culture in the domain
of perception
Asifa Majid
(asifa.majid@psy.ox.ac.uk)
Department of Experimental Psychology
Anna Watts Building, Radcliffe Observatory Quarter,
Woodstock Road, Oxford, OX2 6GG, UK

Finally, I examine the origins of these intuitive biases.
Informed by previous cross-cultural research and new
experimental results from autism, I explore the possibility
that Dualism and Essentialism are grounded in core
knowledge. These results open-up the possibility that our
troubles with human nature arise from human nature itself.

Decades of research have informed our understanding of the
rich conceptual precursors infants bring to learning. “Core
knowledge” theorists highlight systems for representing
objects, agents, and actions, for example. In addition, prelinguistic infants show evidence of color categories, expect
certain associations between musical pitches and space, and
display clear preferences for some odors over others. Given
this, we might expect to see these precursors revealed in the
cross-cultural record with certain categories or associations
more privileged in the language and thought of adults
worldwide. However, this appears not to be the case. The
exact number of color categories varies from place to place
and the infant and adult data are hard to reconcile. Soundspace associations likewise, although present in infants,
rapidly change in the face of differing cultural input. The case
of odor is particularly interesting to consider. Here, the
historical ethnographic literature suggested radical
differences in odor preferences across cultures—with some
communities cultivating tastes others found repulsive (e.g.,
hákarl, fermented shark, also known as “rotten shark”). New
experimental data, however, reveals that odor preferences
may be more constrained across diverse cultures than
previously thought, and thus easier to reconcile with the
infant data. An intriguing twist to this, however, is the fact
that infants’ odor preferences are shaped by maternal diet,
such that newborn infants differentially prefer odors that are
part of the mother’s diet while they were still fetuses,
highlighting the fact that culture and nature are not always so
easy to disentangle.

A diverse approach to language universals
Jennifer Culbertson
(Jennifer.Culbertson@ed.ac.uk)
Centre for Language Evolution
School of Philosophy, Psychology and Language Sciences,
3 Charles Street, Edinburgh EH8 9AD Edinburgh, UK
Languages exhibit striking diversity, but we also find
intriguing commonalities among them which have fueled
longstanding debates about the nature of our capacity for
language. In this talk I discuss three phenomena which
illustrate the range of implications that can be drawn from
cross-linguistic commonalities. The first is known as the
suffixing bias: a tendency for languages to have suffixal
rather than prefixal morphology. I argue that the empirical
evidence for the suffixing bias is itself biased: it is based
almost entirely on English and related languages. I report a
series of experiments comparing English speakers to
speakers of Kîîtharaka, a prefixing language, showing that
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Natasha Tokowicz (tokowicz@pitt.edu)
Department of Psychology, 3420 Forbes Avenue, 530 Murdoch Building
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task and to replicate Study 1, Study 2 will be conducted in an
online, Zoom-directed format with a larger sample size.

Overview
In this Symposium, we seek to highlight ongoing research
in the cognitive sciences that addresses issues of race and
cultural perception and bias, as well as linguistic diversity.
These research questions are critical to ensuring that our
theoretical understanding of different cognitive processes
encompasses the diversity of the world we live in.

Part 2: Language
In the second half of the symposium, there will be two
speakers discussing linguistic diversity through the lens of
heritage speakers and word etymology.

Part 1: Race and Culture
A heritage speaker by any other name: Diversity in
speech fluency

In the first half of the symposium, there will be two speakers
discussing the perception of race and culture, and the impact
of that perception on the cognitive processes of bias and
attention.

Onur Özsoy, Doctoral Researcher, Leibniz-Centre
General Linguistics (ZAS), Germany, with Frederic
Blum, Master’s Student, Humboldt Universität zu Berlin,
Germany Heritage language research carries a bias by
design: Heritage speakers are defined as such because of
where they live rather than how they cognitively perform.
They are compared to monolinguals who are also not
homogeneous across speakers. This reproduces
nativespeakerism and monolingualism. Our focus object is
speech fluency in a semi-naturalistic narration corpus. We
explore the variation between and within groups using
Bayesian Linear regression. By focusing on variation across
rather than between groups, our study-design destigmatizes
prevalent nativespeakerism and questions common research
practices. This approach allows us to unravel the diverse
cognitive nuances in heritage, mono- and multilingual
speakers.

The Neuroscience of Racial Bias
Dr. Jennifer Kubota, Associate Professor, University of
Delaware, USA Currently and historically, there exists an
inequitable and unfair division of burdens and rewards based
on social group membership. Major barriers that contribute
to these disparities include prejudice and stereotyping. In this
talk, I will focus on neural mechanisms that give rise to these
disparities and may mitigate them, drawing from research in
cognitive science, social psychology, and neuroscience. In
the first part of the talk, I will review the neuroscience of
racial bias, emphasizing that race is processed quickly and in
a similar manner to other salient and emotionally laden
stimuli in our environment. I will then conclude with a
discussion of how meaningful interracial contact may
diminish racial bias and shape how individuals perceive
social injustice.

On the bidialectal nature of English
Dr. Arturo Hernandez, Professor, University of Houston,
USA Word etymology has been found to differentiate
between registers of English language use. The current talk
will present data that look at word etymology's effect on
lexical access in English. The findings support a bidialectal
view of English in that Germanic words serve as the base of
lexical processing during childhood, whereas Latin-based
words fill in the lexical space across adolescence and into
early adulthood in native speakers. L2 speakers, on the other
hand, appear to acquire English via more advanced Latinbased vocabulary relative to native speakers. These results
carry implications for theories of word recognition and the

Does Culture and Race Shape Social Attention?
Ronda Lo, PhD Candidate, York University, Canada We
created a novel fully online, multi-face gaze-cueing task to
investigate whether cultural background (East Asian vs.
Euro-Canadian participants) and race (Asian vs. White
foreground faces) impact gaze-cueing. When foreground and
background faces gazed in mismatched directions, East
Asians experienced a gaze-cueing effect with Asian
foreground faces but not with White foreground faces,
suggesting an own-race bias. Euro-Canadians did not exhibit
an own-race bias. To reduce noise in our online reaction time
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processing of lexical items in populations that come from
linguistically diverse backgrounds.
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language activation and language control. I will illustrate
this with examples from code-switching and predictive
processing. To account for differences between and within
individuals in sentence processing a myriad of factors has
been proposed that are tuned to the individual’s knowledge
and skills, past experience, and the current context and
goals. This abundance of factors makes it hard to make
new predictions that can be empirically tested. There is
therefore a clear need for computational models in order
to test proposals as to how these factors interact. I will
discuss existing computational models on code-switching and
predictive processing, where they succeed and where they
fail, and conclude by listing the challenges such models face.

Keywords: language; bilingualism; sentence comprehension
and production; computational models; psycholinguistic
experiments

Although sentence comprehension and production are
increasingly often studied by combining computational
modeling and human experiments, this approach remains
mostly restricted to studies of monolingual or first-language
(L1) processing.
There are currently only very few
sentence-level computational models of second-language
(L2) or bilingual processing (Frank, 2021). This lack of
computational specifications can hamper further progress in
bilingualism research. Moreover, better understanding of
bilingual processing will give more insights into more general
mechanisms such as cognitive control processes involved
while switching languages (Luk et al., 2012). Our symposium
aims to bring together researchers from different labs and
with different research traditions, working on the intersection
of models and experiments in bilingual sentence processing.
The symposium has four talks, by Edith Kaan (associate
professor, specializing in psycholinguistics of bilingualism),
Yung Han Khoe (PhD student, working on models of
bilingual sentence production), Lin Chen (research associate
with an expertise in reading processes), and a joint talk by
Irene Winther (PhD student working on bilingual sentence
processing) and Yevgen Matusevych (research associate in
computational cognitive science of language). Finally,
we will have a panel discussion to suggest how models
could be challenged by experimental data, and provide new
explanatory mechanisms. This discussion will be moderated
by Xavier Hinaut (research scientist in computational
neuroscience) and Stefan Frank (associate professor in
computational psycholinguistics).

Yung Han Khoe: Modeling cross-language
structural priming

Edith Kaan: The value and challenges of modelling
bilingual sentence processing
Experimental research on sentence processing in L2 learners
and other bilinguals has yielded interesting insights in
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Speakers’ tendency to reuse syntactic structures that
they have recently encountered (structural priming) is a
phenomenon that occurs not only within a language, but also
between different languages. This has been demonstrated in
behavioral experiments (e.g., Hartsuiker et al., 2004) as well
as corpus studies (for a review, see Gries & Kootstra, 2017).
We have previously shown that cross-language priming can
be explained as the result of error-driven implicit learning
(Khoe et al., in press). We are now investigating which
factors affect the strength of priming, focusing on factors
that result from differences in the language environment that
shape a bilingual’s language system. We start with simulated
experiments to determine if proficiency or exposure modulate
cross-structural priming in the model. We further investigate
whether modulating effects such as these are the same in
simultaneous and sequential bilingual models. These types
of population differences might shed light on conflicting
behavioral results on the modulating effect of proficiency,
which is found in some studies (Favier et al., 2019) but not
others (Kutasi et al., 2018).
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Lin Chen: What can we learn from probabilistic
language models about L1 and L2 reading?

for L1 test data, matching the results with bilingual speakers
from Cop et al. (2015). However, when we compare the
mono- and bilingual models’ predictions on their respective
L1s, we observe a larger frequency effect in the monolingual
compared to bilingual model. This result diverges from Cop
et al. (2015), who found no difference in the frequency effect
size between mono- and bilingual speakers in L1.
Taken together, our findings suggest that whilst LSTM
models trained on two languages can predict some effects in
bilingual language processing, they do not always predict the
data better than their “monolingual” counterparts. Therefore,
such models may not fully capture the specifics of human
bilingualism, and care should be taken when deriving
conclusions about bilingual learning and processing from
such models.

This study tested the continuous word-by-word incremental
reading processes during L1 and L2 reading, and how L1
background affects L2 reading. Native English speakers,
Spanish-English speakers, and Chinese-English speakers (all
enrolled in college) were tested for reading texts from the
New York Times in a self-paced reading paradigm. Multiple
lexical-level and syntactic-level factors (word frequency,
lexical predictability, word position, syntactic complexity,
and syntactic predictability) and individual differences
(language proficiency) were included to assess their effects
and interactions in incremental reading.
Probabilistic context-free grammars and n-gram models,
trained on a Wikipedia corpus, provided measures of lexical
and syntactic predictabilities. We found that: 1) both L1 and
L2 reading were sensitive to both lexical- and syntactic-level
factors; 2) L1 readers showed a more robust effect of lexical
predictabilities than L2 readers; 3) Spanish-English speakers
showed patterns more similar to those of native speakers
(e.g., sensitivity to word position within a sentence) than did
Chinese-English speakers.
The results suggest that the incremental reading processes
in L1 and L2 are generally influenced by the same lexical
and syntactic factors. Differences were more quantitative
than qualitative, reflected in the weights of these factors,
which are mediated by language proficiency. We suggest
that high-quality lexical and syntactic representations, which
are more characteristic of L1 than L2 reading, enable
rapid word-to-text integration, taking advantage of predictive
opportunities measured by probabilistic language models.
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Irene Winther and Yevgen Matusevych: Frequency
effects in bilingual language models
To better understand various effects in bilingual language
learning, several studies have used language models trained
on two languages (e.g., Winther et al., 2021). However,
there is mixed evidence on whether such “bilingual” language
models are, in fact, good cognitive models of bilingualism.
Here, we first test whether bilingual (L1 Dutch and L2
English) LSTM models predict bilingual speakers’ reading
times better than monolingual English models. We then
evaluate our models against empirical findings with bilingual
speakers related to the frequency effect (i.e., faster processing
of more frequent words).
We use mono- and bilingual LSTM models which correctly
predicted cognate facilitation (Winther et al., 2021) and
have them compute surprisal values for each word from a
bilingual eye-tracking corpus (Cop et al., 2017). First, the
correlation between bilingual speakers’ L2 reading times and
our bilingual models’ surprisal is at least as high as with our
monolingual models’ surprisal. Second, all models exhibit a
frequency effect in L1 and L2: lower surprisal is associated
with higher word frequency. In our bilingual model, the
size of the frequency effect for L2 test data is larger than
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Augmented reality as cognitive science
experiment
Visual Snow is a neurological condition that is
experienced as an ‘augmented’ reality of auras,
glowing lines, depression, anxiety and
depersonalisation (Solly et al. 2021). Whilst
Visual Snow produces a collection of different
symptoms, it is clinically recognised (Puledda et
al. 2020). A commonly experienced visual
symptom is described as the 'persistent effect of
television “snow”', and was first described in the
literature in 1995 (Liu et al. 1995).
Distorted Constellations is an immersive,
sensory, labyrinthine environment and playful
experience of an augmented reality interpretation
of artist, Nwando Ebizie's unique perception of
the world1. The exhibit draws on Visual Snow as
experienced by the artist and informed by
interdisciplinary research, including cognitive
science. The exhibition, public events and recent
inbuilt psychological study, embrace the
subjective nature of perception and highlight a
role for augmented reality art experiences as
cognitive science experiments in public settings.
This contributed symposia will stimulate debate
and questions arising across the intersections of
art, neurology, cognitive neuroscience and public
participation to leverage understanding of reality
and the self through interdisciplinary
considerations of cognitive difference. The role of
reflexive collaborative inquiry and active public
participation in emergent research is considered
as a way to offer socially responsible scientific
tools (Chilvers & Kearnes, 2020) to the cognitive
science community and society.
1
‘Distorted Constellations’ at Liberty Festival: In Conversation

Speaker Biographies
Dr Erinma Ochu: combines neuroscience, storytelling and
participation to research how extended reality experiences
might foster collective reimagining of life.
Nwando Ebizie: multidisciplinary artist converging around
art personas, experimental theatre, neuroscience, music and
African diasporic ritualistic dance. Her unique strand of
afro-futurism and research into cognition is inspired by her
neurodiversity and live art participatory practice.
Dr Simon Cropper: researches human sensation and
individual differences in perception, including colour
perception, the nature of hallucination and the role
personality plays in what we see.
Dr Franscesca Puledda: headache specialist whose PhD
focused on understanding the neurophysiology of Visual
Snow. Core interests are the pathophysiology of migraine,
comorbidities, neuroimaging, neuromodulation and the
neurophysiology of primary headache disorders.
Professor Sophie Scott: cognitive neuroscientist whose
research is focused on the neural basis of vocal
communication - how our brains process the information
in speech and voices, and how our brains control the
production of our voice.

Talks
Opening talks: Contextualising artistic expression
& lived experience within cognitive neuroscience
Nwando Ezibie1, Sophie Scott2
2Speech

1Atelier

Nwando, UK
Communication Lab, Institute of Cognitive
Neuroscience, UCL, UK

Constellations are a way for the artist to understand
herself and how she connects to reality. These talks
introduce the exhibit, Distorted Constellations, as an
alternate reality and research playground where
audiences enter a mythic interpretation of Visual
Snow using immersive technologies, inspired by the
neuroscience of perception and contextualised in
artistic expression that draws on African rituals. By
placing these art-science talks in constellation,
speakers will tease out the questions the exhibit asks
of society and cognitive neuroscience. This includes,
but is not limited to, acceptance of human differences,
(Extract): https://vimeo.com/389278534
20 neurodivergence and building empathetic
relationships.
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In tandem, the active nature of Visual Snow patients
online, in groups, helps progress Visual Snow research
perspectives further to build a common understanding
and phenotype of Visual Snow.

Title: Please do not adjust your sets
Simon Cropper
Complex Human Data Hub, Melbourne School of
Psychological Scien
Sciences,
ces, Victoria, Australia

Facilitation Discussion: The value of immersive
experiences and exhibition as public laboratory

From the moment we are born, we search for meaning
in the world. This process is unique, as is the version
of reality we create. Distorted Constellations is an
externalisation of the world of an artist living with
Visual Snow. We wanted to know how much of this
world connected to that of others and we devised a
psychological study to ask audiences experiencing the
exhibition at The Science Gallery, Melbourne,
Australia2. We asked how Nwando’s experience of the
world compared to their own. Audiences are currently
able to contribute to this growing body of research by
participating in the survey (via QR code) where they
were asked for their view of the world before and after
experiencing the exhibit. Drawing on insights and
reflections from designing and delivering the study,
this talk will outline how lived experience of visual
snow, artistic exhibition and psychological science
can combine to inform study design. The design
considerations, methodological challenges and
innovations that arose in the development of this study
will be shared, alongside early scientific insights.

Erinma Ochu
iSchool, Manchester Metropolitan University, UK

This session will interconnect the talks to research into
immersion spanning, theatre studies, art, cultural
studies and extended reality experiences (Reason &
Lindelof 2020; Dewey 1980; Mercer, 2015; Rose,
2018). Questions and prompts will invite
interdisciplinary debate linking the understanding of
reality and the self to the value of lived experience and
public participation in shaping research, scientific
tools and an inclusive society. The implications for
socially responsible and inclusive cognitive science
research, will be considered.
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Visual Snow Syndrome is characterised by chronic
and persistent visual disturbances that manifest across
the visual field. A key breakthrough came in
classifying the condition through patient descriptions
of their symptoms.
This talk outlines how Visual Snow is distinguished
from other disorders, the range of symptoms caused
by the brain, e.g. photophobia which manifests as
difficulty seeing at night. Knowledge about Visual
Snow's neurology and how the brain’s
misinterpretation of signals from the eye manifest to
patients. The talk will highlight key scientific tools,
surveys, neuroimaging, lumbar puncture, genetic
studies, brain perfusion and neuromodulation to gain
insights into the biological mechanisms behind the
condition.
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individual differences;

and heterogeneity of shyness. Hilton’s work has highlighted
the importance of examining the effect of shyness on
language development with reference to the role of attentional
processing.
Tolksdorf and Viertel have made key
contributions to shy children’s long-term language learning
and interactional behavior with artificial interaction partners
such as social robots. Together, this symposium will present
novel and innovative methodological approaches as well as
new empirical data that challenge the prevailing negative
perspective of shyness by providing interactional, behavioral,
and experiential patterns of shy children multidimensionally
in order to inform future research.

children;

Introduction and aims
One key dimension of individual differences that affects
children’s development, interactional behavior, and cognitive
processes is temperamental shyness––a tendency to be
reluctant or anxious in the face of new social situations.
Prior research has documented shyness holds the potential to
negatively impact a child’s social functioning, psychological
health, and language abilities. However, emerging research
from different disciplinary angles sheds a more positive
light on shyness by illustrating adaptive aspects such as
benefits in social cognitive and communicative functioning
(Viertel, 2019).
Furthermore, there is accumulating
evidence that shyness may not necessarily have a detrimental
effect on language learning, especially when knowledge is
assessed under familiar conditions (Kucker, Zimmerman, &
Chmielewski, 2021; Tolksdorf, Viertel, & Rohlfing, 2021).
However, although considered a ubiquitous phenomenon, the
relation between shyness and other cognitive, perceptual, and
social processes in childhood remains far from understood.
Thus, by drawing together multiple levels of analyses and
perspectives, the aim of this symposium is to emphasize
the diverse manifestations of shyness in interactional settings
and its impact on empathy, language, and social interactions.
Bringing together scholars from different disciplines each
of the organizers of this symposium is at the forefront
of their respective fields: Kucker has been pioneering
the mechanisms and processes underlying word learning,
categorization, and cognitive development and a focus on the
interaction of individual differences and context. Poole is a
recognized expert on the social and emotional development of
shy children and has conducted research on the development

Approaches for capturing temperament across
children and contexts
Sarah C. Kucker, Sneh Jhaveri, Oscar Guevara, Michael
Chmielewski
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Capturing individual differences, such as temperament,
is critical to fully understand diversity in developmental
trajectories. Unfortunately, many studies do not assess
temperament, ignoring its important impact on children’s
behavior. Yet, capturing individual differences in children
can be challenging. Traditional approaches have utilized
parent-report, or lab-based behavioral tasks. However,
concerns have been raised about potential bias and lab
tasks are tedious and time-consuming. Thus, there is
a pressing need for alternative measures of temperament,
especially ones that can be implemented when temperament
was not directly assessed.
The current study tests a
downward extension of the thin slice approach to infants
and toddlers. Naı̈ve observers rated 550 17-46-month-old
children’s temperament from short slices of videos while
the children completed a series of standard cognitive
and language tasks in the lab. Observers ratings were
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reliable and aligned with parent reports. This suggests a
novel, ecologically valid approach for capturing diversity in
children’s temperament during interactive tasks. Importantly,
this offers a new method for incorporating temperament
across a wider range of ages and critically, contexts.

the familiar-context condition: When a novel label was
presented, increased shyness was related to increased looking
to the novel object. No relation between shyness and target
looking was found in the unfamiliar-context condition, or
when hearing the label of a familiar object. We conclude that
familiarity of the context in which learning takes place is a
critical modulator of children’s attention during novel object
labeling, which could help explain shy children’s reduced
word learning performance on lab-based tasks.

Children’s shyness and empathic physiological
arousal to a peer’s social stress
Kristie L. Poole, Emma Green, McLennon Wilson, Linda
Sosa-Fernandez, Heather A. Henderson

How shyness affects children’s attention during
word learning in a long-term interaction with a
social robot

The experience of empathic or vicarious anxiety—feeling
anxious on behalf of someone else—has been documented in
adults, but relatively little is known about this phenomenon
in children. We examined how individual differences in
children’s temperamental shyness was related to empathic
anxiety as indexed by autonomic nervous system arousal.
Children aged 9-12 years were paired with a same-age,
same-sex, unfamiliar peer and engaged in a series of
tasks while electrocardiogram (ECG) was recorded. We
modeled changes in children’s heart rate while they observed
a peer prepare and deliver a speech. Results revealed
that the observing child’s own shyness positively predicted
increases in their own heart rate from baseline to their
peer’s speech preparation period. Further, we found that
the presenting peer’s anxious behavior while delivering their
speech moderated the relation between the observing child’s
shyness and change in heart rate while watching the speech.
Specifically, if the presenting child displayed high levels
of anxious behavior, the observing child’s shyness related
to further increases in their heart rate from the preparation
period, but if the presenting child displayed low levels of
anxious behavior, the observing child’s shyness was related
to decreases in heart rate from the preparation period. These
findings suggest that some shy children may experience
empathic physiological arousal and are sensitive to detecting
their peers’ anxious behavior.

Nils F. Tolksdorf, Franziska E. Viertel, Katharina J. Rohlfing

How context familiarity modulates the effect of
shyness on 2-year-old children’s word learning

Analyses of word learning in shy children have focused
primarily on their ability to recall novel words, rather than
on the learning process itself–although research has shown
that children’s attentional patterns during the actual learning
situation are substantially related to their word learning in
naturalistic situations. In addition, given that familiarity
with a situation strongly influences shyness, it remains a
vital question how shyness modulates a child’s attentional
behavior across repeated interactions. We present data
from a study in which we systematically assessed shyness
in 28 preschoolers, and observed over the course of three
consecutive sessions how children interacted with a social
robot as a social partner during a word-learning task, and how
shyness influenced children’s attention during labeling novel
words. Results revealed that attention to the referents of the
new words from all children decreased over time, however,
shy children differed in their attentional behavior from less
shy children, especially in terms of looking time towards the
new presented items. In particular, shyer children showed
significantly longer attention to the overall items presented
at a later stage of the long-term interaction, namely, in the
third session. These results suggest that shy children interpret
the communicative cues of a social robot after familiarization
pragmatically differently than their less shy peers, as reflected
in their attention patterns.

Matt Hilton, Birgit Elsner
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Introduction

Tyler Marghetis, Kevin J. Holmes,
Maya Star-Lack, & Sandra Chacon
Communities around the world vary in the way they
conceive of space. While some communities favor an
‘egocentric’ frame of reference (FoR) (e.g, left, right),
others rely primarily on an ‘allocentric’ FoR (e.g., north,
uphill). Why? Proposed explanations have invoked a range
of causes, including cross-linguistic variation, features of
the environment, lexical competence, and subtle cues in the
task context. Typically, these candidate causes are tested in
isolation, using case studies of a single community or
comparisons of two unrelated communities. But given that
many dimensions of cross-cultural variation are correlated,
these targeted tests are often unable to disentangle putative
causes from the broader cultural ecosystem.
In this talk, we describe an effort to systematically
document all published results on cross-cultural diversity in
spatial FoRs in a single databank. Considering the full range
of global variation in spatial cognition allows us to
disentangle cultural dimensions that are highly confounded
in targeted comparisons of only a few cultures. Moreover,
the databank is designed to integrate with existing
information on variation in language (Glottolog) and
socio-environmental context (Database of Places, Language,
Culture, and Environment; D-PLACE). This “bird’s-eye”
view of cross-cultural diversity thus allows us to identify —
on a global scale — the factors that predict diversity in
FoR-based spatial cognition. We also identify forms of
cultural, linguistic, and environmental variation for which
we currently lack data on cognitive variation — ”black
holes” of cross-cultural investigation. This project thus
builds on the herculean efforts of field researchers to
identify regularities in how people around the world use
FoRs to think and reason about space.

Throughout the lifespan and across cultures, all human
behavior happens in space. By early childhood, people are
capable of navigating complex 3D environments, executing
sophisticated motor plans, and coordinating action with
others. They also use their representations of space to
structure a variety of non-spatial concepts, including time,
number, similarity, and emotion. How do people perform
these cognitive feats? One source of insight comes from
studying the diversity of spatial cognition: Although the
physical properties of space are invariant, the way people
typically conceptualize space varies radically across groups,
between individuals, and over development. By studying
this variation in spatial cognition, we can better understand
the universal set of cognitive and neural mechanisms that
underlie it, with implications for the cognitive sciences,
education, and design.
In that spirit, this symposium brings together researchers
who work in disparate subfields (i.e. neuroscience,
complexity science, cognitive psychology, developmental
psychology) to discuss four different dimensions of
diversity in spatial cognition, as it varies across cultures,
contexts, ages, and abilities. Marghetis, Holmes,
Star-Lack, & Chacon focus on cross-cultural diversity at a
global scale. Taking a systems-level approach, this work
leverages decades of published field work across dozens of
cultures to clarify patterns and predictors of spatial
cognition, and to identify blind spots and biases in the kinds
of cultures that have been sampled. Pitt, Carstensen, Boni,
Piantadosi, & Gibson zoom in on a single culture — the
Tsimane’ of Bolivia. By studying how spatial concepts (and
spatial language) vary at the level of the individual, this
work seeks to clarify the principles that govern such
variation, at any level. Huey, Jordan, Hart, & Dillon focus
on changes in spatial cognition over development. By
comparing the geometrical intuitions of children and adults
(within and across cultures), this work helps to clarify the
universal and cultural origins of our visuospatial knowledge.
Finally, Bottini investigates how blindness alters neural
representations of space. Using fMRI techniques in
congenitally-blind adults, this work clarifies the role of
vision in cognitive maps, the foundation of spatial
navigation. Together, these talks offer a multi-dimensional
view of spatial cognitive diversity, and motivate
interdisciplinary approaches to the study of the mind.

Variation in spatial memory and language:
Different reference frames on different axes
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Benjamin Pitt, Alexandra Carstensen, Isabelle Boni,
Steven T. Piantadosi, & Edward Gibson
Spatial cognition is central to human behavior, but the way
people conceptualize space varies within and across groups.
Some people predominantly use egocentric space to
describe spatial relations (e.g. the fork is right of the plate),
while others use allocentric space (e.g. the fork is upriver of
the plate). These spatial frames of reference (FoRs)
characterize the way people talk about spatial relations and
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the way they tend to remember them, even in tasks that do
not involve language. This cognitive and linguistic diversity
has been observed across cultures, individuals, contexts, and
age groups, but its causes remain unresolved.
We propose that variation in FoR use partly reflects
people’s ability to discriminate left-right space, which is
known to vary within and across groups. Although literate
adults readily distinguish symbols like ‘b’ and ‘d,’ children
and many illiterate adults do not make such distinctions,
conflating symbols, images, and shapes with their left-right
reflections (but not with their up-down or front-back
reflections). We reasoned that this cross-axis difference in
spatial discrimination should produce a cross-axis difference
in people’s preferred FoR.
In an initial test of this proposal, we compared FoR use
across axes in the Tsimane’, an indigenous Amazonian
group. In both verbal and nonverbal tests, Tsimane’ adults
spontaneously used different FoRs on different spatial axes
as predicted by their discriminability: On the lateral axis,
where egocentric (i.e. left-right) discrimination is difficult,
their spatial behavior and language was predominantly
allocentric; on the sagittal axis, where egocentric (i.e.
front-back) discrimination is relatively easy, they were
predominantly egocentric. These results (i) establish a
correlation between spatial language and memory within a
single culture, (ii) challenge the claim that each language
group has a predominant spatial reference frame on a given
scale, and (iii) support the proposal that differences in FoR
use may partly reflect differences in spatial discrimination,
not only across axes, but also across cultures, between
individuals, and over development.

spheres and asked them to judge which path was the most
efficient for an actor to get from her starting point to a goal
object. In one kind of trial, the two paths were curved in the
pictures, but one of the paths depicted the correct shortest
trajectory between the two given points. In another kind of
trial, the same, correct curved path was paired with an
incorrect, straight path, pitting spherical and planar linearity
against one another. Although children often chose the
incorrect straight path, children and adults were surprisingly
successful at identifying the efficient paths when comparing
two curves. Children’s and adults’ intuitions about the
shortest path between two points may thus generalize to
spherical surfaces, at least when judgments are couched in
judgments about the efficient actions of others and there is
no competing planar linearity. While participants in this
experiment receive formal education in geometry, they are
likely to receive little to no formal education in spherical
geometry. These studies therefore set the stage for future
cross-cultural work aiming to characterize the principles that
underlie our natural geometric intuitions.

Cognitive Maps in the Blind
Roberto Bottini
Humans’ ability to move and orient in their everyday
environments is grounded on the construction of cognitive
maps through the coordinated activity of place cells and grid
cells in the hippocampal formation. Place cells in the
hippocampus fire when an animal traverses a specific
location in an environment. Grid cells, discovered in the
entorhinal cortex, fire instead at multiple locations arranged
in a regular hexagonal grid that tiles the local environment
in a map-like fashion. Grid-coding can be detected with
human fMRI (via 60˚ periodic modulation of the BOLD
signal) during wayfinding in large virtual environments.
However, it is still unknown whether grid cells are involved
in mapping small-scale environments in the absence of
vision, and whether congenital visual deprivation
significantly alters the 60˚ periodicity of grid-like coding in
the medial temporal lobe.
To answer these questions, we designed an experiment in
which participants navigate a clock-like environment while
undergoing fMRI. Participants describe directions from one
number to the other in the clock, guided by auditory
instructions, sampling the whole trajectory space with a
periodicity of 15˚. Preliminary results in a group of
blindfolded sighted participants showed a sixfold
rotationally symmetric signal in the entorhinal cortex,
supporting the involvement of grid-cells in mapping the
environment even in the absence of visual cues.
Here we present data from congenitally blind people and
matched blindfolded sighted controls in the same task. Our
results shed light on the role of vision in the construction of
cognitive maps and, more specifically, whether congenital
blindness alters the geometry of allocentric spatial maps
encoded in the entorhinal cortex.

Children’s and adults’ intuitions about
spherical geometry
Holly Huey, Matthew Jordan, Yuval Hart, & Moira Dillon
Formal geometry underlies much of human achievement,
from science and technology to art and architecture.
Previous cross-cultural research found striking similarities
in the reasoning about planar and spherical geometry
between French and American children and adults and
Amazonian children and adults, who receive no formal
education in geometry. The present work looks beyond
shared geometric intuitions to ask how geometric principles
common to planar and spherical geometry might relate to
one another. In particular, while different systems of formal
geometry may describe different kinds of surfaces (e.g.,
Euclidean/planar,
Riemannian/spherical,
etc.),
they
nevertheless adopt the same foundational definition of a line
as the shortest, most efficient path between two points.
What are the contexts in which spherical linearity is
intuitive and how do planar and spherical linearity intuitions
relate to one another?
We presented groups of American 6- to 8-year-old
children and adults paths between two points on pictures of
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Dan Hendrycks (PhD Candidate, UC Berkeley, Computer
Science Dept) works on issues of ML Safety. He has
contributed a series of commonly used ML benchmarks and
the GELU activation function which is used in state-of-the-art
ML models such as BERT, GPT, Vision Transformers, and so
on.
Zhijing Jin (PhD Candidate, Max Planck Institute & ETH
Zurich, Artificial Intelligence) uses tools of natural language
processing (NLP) and causal inference to work on AI for
social good and debiasing language models.
Katherine Heller (Research Scientist, Google Brain)
works at the boundary of ML and Healthcare, particularly
focusing on fairness and ethics in the ML+Health space, and
the development of inclusive mobile health technology.
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Overview
AI systems that dynamically navigate the human world
will sometimes need to predict and produce human-like
moral judgments. This task requires integrating complex
information about human moral cognition (what decision
would humans make in this situation?), normative ethics
(what is the right decision for an AI to make?), and
artificial intelligence engineering (how can we implement
this functionality in AI systems?). A range of solutions have
begun to emerge within the cognitive science community to
satisfy these three categories of demands. However, most
solutions tend to satisfy some demands, while falling short on
others. This symposium highlights four competing solutions
for building AI with a human-like moral sense, with the
goal of highlighting the strengths and weaknesses of each
approach and how each might complement the others in
development and deployment going forward.

Formal Models of Human Moral Cognition
Sydney Levine, Joshua Tenenbaum, Fiery Cushman
One of the most remarkable things about the human moral
mind is its flexibility: we can make moral judgments about
cases we have never seen before (Awad et al., 2022).
Yet, on its face, morality often seems like a highly rigid
system of clearly defined rules. Indeed, the past few
decades of research in moral psychology have revealed
that human moral judgment often depends on rules. But
sometimes, it is morally appropriate to break the rules. And
sometimes, new rules need to be created. The field of moral
psychology is just now beginning to explore and understand
this kind of flexibility (e.g. Levine, Kleiman-Weiner, Schulz,
Tenenbaum, and Cushman (2020)).
Meanwhile, the flexibility of the human moral mind poses
a challenge for AI engineers. Current tools for building
AI systems fall short of capturing moral flexibility and thus
struggle to predict and produce human-like moral judgments
in novel cases that the system hasn’t been trained on.
We present a series of experiments and models (inspired
by theories from moral philosophy) that demonstrate and
capture the human capacity for rule making and breaking. We
propose that AI systems would benefit from formal models of
human moral flexibility.

Contributors
This symposium draws together researchers from a
wide range of perspectives for an interdisciplinary and
inter-methods conversation.
Sydney Levine (Postdoc, MIT Brain and Cognitive
Sciences Dept & Harvard Psychology Dept), Fiery
Cushman (Professor, Harvard Psychology Dept), and
Joshua Tenenbaum (Professor, MIT Brain and Cognitive
Sciences & Center for Brains, Minds and Machines) draw
on ideas from moral philosophy, computational cognitive
science, and moral psychology to build formal models of
human moral cognition with the goal of contributing to the
creation of AI systems with a human-like moral sense.
Walter Sinnott-Armstrong (Professor, Philosophy,
Duke), Jana Schaich Borg (Associate Research Professor,
Social Science Research Institute, Duke), Vincent Conitzer
(Professor, Computer Science, Duke; Head of Technical
AI Engagement, Institute for Ethics in AI, Oxford), and
Joshua August Skorburg (Assistant Professor, Philosophy,
Co-Academic Director, Centre for Advancing Responsible
and Ethical AI, U. Guelph) together harness the tools of
philosophy, neuroscience, computer science, economics, and
computational modeling to understand and improve moral
judgments about and by AI.

Models of Idealized Human Moral Judgments
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Walter Sinnott-Armstrong, Jana Schaich Borg
Vincent Conitzer, and Joshua August Skorburg
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Some researchers try to program AI systems to make
human-like ethical judgments. We do this, too, when we
study the allocation of scarce medical resources, focusing
on triage in which two patients need a kidney transplant but
only one kidney is available (Sinnott-Armstrong & Skorburg,
2021). We ask a representative sample of the general public
which features of patients should or should not matter to
this decision. Then we construct conflicts among top-ranked
features, ask new participants who should get the kidney
in those conflicts, and use machine learning on this data to
predict which patient participants would prefer in separate
conflicts that they have not yet seen.
Unfortunately, humans make many performance errors in
their moral judgments that they themselves recognize as
mistakes. They overlook morally relevant facts, become
confused when too many factors conflict and interact in
complex ways, and get misled by biases and emotions.
We do not want AI systems to make moral judgments that
are human-like in these respects. Instead, we want AI to
project which moral judgments humans would endorse if
they were more ideal than they actually are. To reduce
partiality, we leave out features that should not affect kidney
allocation, according to our participants. To reduce effects
of ignorance and misinformation, we project how their moral
judgments change with added knowledge. To reduce effects
of confusion, we correct for the ways in which humans
change their judgments as cases get more complex. In the
end, we plan to use AI to extrapolate from these patterns to
predict which moral judgments people would make if they
were impartial, informed, and rational. The AI can then
reflect our deepest human values instead of the common
mistakes that humans make when (mis) applying their values.

propose the use of causal inference to improve the current
AI models.
Specifically, we will introduce a two-stage approach. First,
the models need to discover what are the causes and effects
in the human judgment process, using causal discovery tools.
Then, given a causal graph, the models need to enforce this
knowledge in the learning process. For example, if gender
should not affect a model’s predictions, then we will enforce
the model to be invariant and consistent across different
genders. To ensure the models are robust, we will also
introduce our work in a) designing test cases for models
using different variations of the same input and the same
expression but with mentions of different demographics and
b) testing whether models can distinguish logically fallacious
judgments.

Large Language Models
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Discussion
Katherine Heller
Katherine Heller will lead a discussion among the panelists,
bring the perspective of her research in the domains of
AI Ethics, computational cognitive science, and Bayesian
statistics, as well as her experience in the development and
implementation of AI systems in medical settings. She
strongly believes that the field of AI will not progress
without taking the nuances of being human, a diversity of
perspectives, and collaboration amongst many individuals
into account. She is interested in asking the panelists
about their views on incorporating the views of human and
diverse perspectives into the development of AI systems,
collaboration as a key, accountability for when things go
wrong, and the potential for AI regulation and its influence.
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Dan Hendrycks
We introduce the ETHICS dataset (Hendrycks et al., 2020)
and show that large-scale language models are able to predict
many basic concepts of morality. The dataset assesses model
performance across diverse text scenarios and spans concepts
in justice, wellbeing, duties, virtues, and commonsense
morality. We then show how to translate knowledge about
morality into action. Using reinforcement learning agents
acting in diverse interactive text-based environments, we
show that ETHICS can help steer these agents towards moral
behavior and avoid causing wanton harm (Hendrycks et al.,
2021).

The Neglected Role of Causal Inference
Zhijing Jin
Current AI technologies mainly use machine learning
techniques, which results in black-box models that tend to
capture statistical correlations in the data. As a result,
many models, although showing some progress on predicting
moral judgments, are still susceptible to inconsistencies in
judgments and biases towards certain demographics. We
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Abstract

walk past a nearby food truck to reach another, and might
reasonably conclude that the agent prefers the food sold at the
more distant vendor (else, why make the extra effort?). If they
instead travel past the first food truck around an occlusion,
coming into view of a second food truck, then turn around
and return to the first, we might conclude that they prefer the
closer food option than the occluded one, but that they had
anticipated the existence of some third option, preferable to
both others. Adults and even children have been shown to
be capable of such “naive utility calculation”, at least in settings where behaviours and options are salient and unambiguous (Jara-Ettinger, 2019). Related research has shown that
people can also make use of finer-grained behaviour traces
such as body kinematics (Cavallo et al., 2016; McEllin et al.,
2018). But goals come in many kinds: epistemic goals—the
desire to learn about something, or resolve some form of uncertainty about the world (Sandoval, 2015)—may be rather
more inscrutable than a desire for some worldly reward. The
challenge here is that, in order to test their hypotheses and resolve their uncertainty, people necessarily take actions whose
outcomes are uncertain even to them, meaning that what they
want to learn and what they achieve can diverge in complex
ways. It is an open question, which we begin to explore here,
to what extent people can recognise the epistemic intentions
behind others’ epistemic actions.
We see this ability or task as important to focus on because
it combines our physical and social expertise, two areas of
skill sorely lacking in AI systems. If we could find a way
of modelling this intersection then we could give AI systems
a key to understanding humans and our way of being in the
world.

We explore whether people can recognise the epistemic goal
or intention of active learners interacting with simulated physical objects. In a novel online experiment, 110 adults watched
screen recordings of other adults (“players”) manipulating objects in a 2D simulated physical microworld. Players had either the goal of identifying the nature of a hidden magnet-like
force connecting two of the objects, or the relative masses of
those two objects. Observers were then asked to identify the
learning goal of the player they were observing. By drawing
from a previously collected dataset of active physical learning
interactions and an ideal observer analysis, we systematically
manipulated how informative the actions of the player were
about the target property, while also manipulating observers’
level of access to the behaviour such that some participants
could see the players’ micro-control actions as well as their
impact on the physical objects. We found observers were better at identifying the goals of successful players and of players
trying to identify the force than the mass property, while the
micro-dynamic evidence trace seemed to improve accuracy on
identifying the mass goal. We use mixed methods to explore
what cues our observers used to make these judgments, and
discuss implications for social cognition in the wild.
Keywords: active learning; epistemic goal; social inference;
intention; intuitive physics

Introduction
When making sense of others’ behaviour, we are said to take
an intentional stance (Dennett, 1987), assuming others pursue their best interests rationally given their beliefs. This
means behaviour provides a window on what others’ beliefs
and interests are likely to be. However, we know people are
not perfectly rational, and even if they were, reverse engineering their goals and beliefs is computationally challenging even in the simplest of toy scenarios. In more naturalistic contexts, the problem seems to only get harder, since
moment-to-moment behaviour may reflect interim or epistemic goals—i.e. solving subproblems or learning things
about the environment only indirectly related to one’s ultimate intentions. Nevertheless, a number of recent computational accounts have modelled social cognition as Bayesian
inverse planning (Baker et al., 2017; Blokpoel et al., 2013;
Jara-Ettinger, 2019). For example, studies have had participants reason about the preferences and beliefs of artificial
agents based on observing their trajectories through simple
“gridworld” environments containing obstacles and potentially rewarding destinations (Baker et al., 2009, 2017), reverse engineering what the agent must believe or like in order
to behave that way. In one scenario, participants see the agent

Intuitive physics
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A key domain in the cognitive science of learning is intuitive physics: the understanding shared by embodied beings
of how physical objects move in space (Kubricht et al., 2017;
Ludwin-Peery et al., 2021; McCloskey, 1983). One popular
experimental setup borrowed from computer vision involves
reasoning about billiard worlds (Fragkiadaki et al., 2015): realistic dynamic simulations of 2D, billiard ball-like objects
interacting within a bounded space in ways controlled by a
physics simulator (see Figure 1). Because the objects move
independently but also respond realistically to contact, such
billiard worlds are a useful testbed for studying how people
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infer the latent causally relevant properties of objects, both
passively (Ullman et al., 2018) and actively (Bramley et al.,
2018), as well as how they reason hypothetically and counterfactually about what will or did happen and why (Gerstenberg
et al., 2021). Thus, we see billiard worlds as a useful setting
for exploring how people infer the learning goals of others
from relatively fine-grained behaviour; a grown-up version of
toddlers at nursery learning how a toy works by watching one
another play.

ings under an Ideal Observer model of physical property induction (described below) and also manipulate whether participants can see players’ touchscreen control or simply the
results of this control in the movements of the objects.

Active learning
Numerous experiments have demonstrated the value of active
learning—in which the learner chooses what to do or look
at next—over passive learning—in which the learner merely
observes the situation of interest (Markant & Gureckis, 2014;
McCormack et al., 2016; Sobel & Kushnir, 2006). Active
learning is critical in domains where experiments can reveal
latent properties and relationships that are confounded in passive observation (Bramley et al., 2015, 2018; Pearl, 2000). A
typical comparison group in active learning experiments is
a yoked condition, where participants observe the actions of
an active learner but cannot influence them, so matching the
information available but removing the control and the privileged access to the learners’ epistemic goals. Often yoked
participants are less accurate than their active counterparts
(Markant & Gureckis, 2014) but occasionally they do as well
or better. In active learning about physical properties, yoked
learners have been found to approach the accuracy of their
active counterparts provided they share a learning goal. For
example, Bramley et al. (2018) found yoked learners were
able to identify the force relation or relative mass of two objects in a billiard world as accurately as the active learner they
observed, but were substantially worse when the learner they
observed was focused on a different property. An information
gain analysis revealed that active learners generally generated
more evidence about their learning goal than the alternative
goal. Secondary analyses also identified a number of microexperimental strategies used by participants, with some associated with the mass goal—shaking the objects back and
forth, launching, knocking and throwing them at each other—
and some associated with the force goal—holding the target
objects close together, bringing them to a stop, moving the
distractor objects out of the way.

Figure 1: Conceptual depiction of dynamic motion of objects.
Faint shading indicates the trajectory of the objects over a
couple of seconds. Here object A is controlled by the player
as shown by its black border. Their dragging action, pulling
A toward the top right, is further indicated by inclusion of the
cross showing their finger position.

Methods
Participants
We recruited 110 UK-based adults from the Testable Minds
crowdsourcing platform (49 female, 2 other, age Mean ± SD
36.9 ± 11.4, range 18-71 years). Participants were paid $4.50
for taking part in the experiment and $0.10 for each correct
answer (mean $5.46, min $4.80, max $5.90). The task lasted
26.9 ± 9.3 minutes.

Stimuli
Stimuli were 32 video clips, each showing a 45-second interaction between an adult active learner (the “player”) and a
2D simulation of four bouncing objects (“balls”). The environment was simulated using Box2D physics engine and the
interactions took place through real-time touchscreen control
on a tablet screen using a full screen javascript web app. The
interactions were chosen from a set of 192 recorded at museums around Berlin (Bramley & Ruggeri, in revision). Players could control the objects by “grabbing” them by holding
their finger on the touchscreen over the object, whereupon the
balls would become attracted to the finger until touch was released. Players could thus manipulate the objects in real time
to produce curated interactions and dynamics but began each
trial ignorant about key latent properties of the objects. The
physical environment was 6 × 4 meters and rendered on the
tablet screen as 1920 × 1200 pixels. The physics simulator
refreshed 60 times per second resulting in 2,700 frames of evidence making up each clip. Of the four objects in each clip,

Experiment
In our experiment, we ask whether observers can recognise
what active learners are trying to learn on the basis of observing their interactions with the objects through the relatively
fine-grained medium of real-time touchscreen control. We
use a similar setup to Bramley et al. (2018), using videos of
adult active learners collected as controls for a developmental
project Bramley & Ruggeri (in revision). The videos show
participants (hereafter, “players”) using touchscreen control
to investigate one of two latent properties of objects in a billiard world. We selected a subset of the videos so as to systematically manipulate the information content of the record-
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two were described as “targets” given labels “A” and “B” and
coloured pseudo-randomly while the other two were “Distractors” coloured light and dark grey. Players were given one
of two possible goals: Mass goal (identifying which of the
target objects was heavier) or force goal (identifying whether
the target objects attracted or repelled each other). In fact, all
objects weighed 1kg except one target which weighed 2kg,
and the targets either attracted or repelled one another with a
3 m/s2
magnet-like force of ± distance
2 . The other five pairwise combinations of target and distractor had randomly selected force
relationships ∈ {attract, repel, none}. This resulted in complex and confounded dynamics in the absence of curation by
the active learner. All objects began each trial with randomly
generated positions and velocities. All stimuli, along with detailed simulator settings, can be viewed in our Repository. Of
192 trials from 24 adults, 16 representative videos were selected based on the following procedure: 8 from each learning goal (force, mass). These comprised 2 from each of the
4 combinations of environment types ({A heavy, B heavy},
{attract, repel}). These were selected such that one was the
most, and the other was the least, informative about the target property based on an information gain analysis (below),
subject to them also containing 5-25 “actions” (defined as occasions where the player took control of an object for at least
1/6th of a second). We created two versions of each video. In
the No Cursor version, the video just showed the objects and
indicated which if any was under control with a thick black
line. In the Cursor version, the video also showed where
the player’s finger was located whenever touching the screen,
with a cross symbol (Figure 1).

Figure 2: Force and mass entropy of video stimuli. 1 indicates maximal uncertainty (equally likely that A or B is heavier, or equally likely that objects attract vs repel). 0 indicates
ideal observer certainty about which object is heavier or about
which force relation is correct. Dotted lines connect the force
and mass entropies for each video.
Figure 2 shows the resulting mass and force entropy (i.e.,
an ideal-observer measure of posterior uncertainty) for the
clips we used. Mass uncertainty and force uncertainty were
negatively correlated (r = -.624), with force entropy lower in
trials where the player’s goal was force (Mean ± SD .57 ±
.45 vs. .65 ± .37), mass entropy lower on trials where the
player’s goal was mass (.31 ± .35 vs. .48 ± .26), but mass
entropy was lower in general than force entropy (.39 ± .30
vs. .61 ± .39). For selecting trials and predicting guesses, we
used the entropy specific to the player’s epistemic goal, i.e.
mass entropy for mass trials, force entropy for force trials.
However, below we also consider the ratio of force entropy
to mass entropy in analysing how our participants identified
learners’ goals.

Information entropy of stimuli The videos we used are
linked with an information entropy analysis in (Bramley &
Ruggeri, in revision; Shannon, 1948). This is based on an account of physical parameter inference via simulation. While
the details are beyond the scope of the current paper,we provide code for this analysis in our Repository. Roughly, this
involved calculating a posterior probability distribution over
the unknown physical parameters of each world given the dynamics produced by the players’ interactions, under an assumption of a computationally unbounded observer. This
involved simulating each environment forward under many
combinations of unknown parameter settings, and measuring
the instantaneous divergence of these simulations in terms of
the direction and velocity of the objects. These discrepancies were run though a simple model of Gaussian perceptual
uncertainty so as to assign a likelihood to each frame of observed dynamics under every possible combination of properties in the task, and this was combined with a uniform prior
to give a posterior joint distribution. This posterior was then
marginalised over to assess the posterior uncertainty of the
mass and force properties at the end of each trial. It is important to note that the perceptual uncertainty layer depends
on an arbitrarily set precision parameter, meaning these values provide a measure of relative informativeness of different
dynamic interactions, rather than an absolute value.

Design
We ran an online behavioural experiment. We manipulated
one factor between subjects (Trace:{Cursor, No cursor}), and
two factors within-subject (Goal: {Force, Mass}; and Entropy: {High, Low}. Each participant thus faced all 16 videos
described above either with or without the cursor visible, in
random order.

Procedure
The experiment was implemented in Testable with participants completing it in the browser on their own devices. Participants first entered their basic demographics then read instructions about the nature of the task explaining the two possible learning goals of the players. Participants then watched
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a video familiarising them with the virtual physical environment. They all watched the same video, which showed four
objects interacting with each other with no active learner intervention, with the properties {Attract; B heavier}. Participants had to correctly complete four True/False comprehension questions before proceeding to the main task. If they
answered incorrectly they were looped back to the instructions again. They could attempt the comprehension questions
as many times as they needed.
Instructions were the same for all participants with the exception of an additional sentence explaining that the black
cross showed the player’s touch actions in the Trace: Cursor
condition. Apart from this between-subject manipulation of
cursor, all participants saw the same 16 stimuli, in random
order. At no point did participants interact with the stimuli.
Participants received no other information about the player
whose goal was the target of their inference.
While each video stimulus was playing, the following
prompt appeared: “Was this person testing for force or
mass?”. When the video finished playing the next screen
presented the same prompt but now alongside two response
buttons labeled “FORCE” and “MASS”. Participants had one
minute to respond by clicking one of the buttons. The experiment then proceeded to a screen with a free text response
field and the prompt “Why did you answer that? What clues
did you base your answer on? How sure were you? (Be as
detailed as you like)”. Answering this was optional and participants could proceed to the next trial. Participants did not
receive feedback during the task but were provided their success rate in the final debrief screen.

Figure 3: Proportion of correct answers in all conditions.
Dashed line shows chance performance. Error bars show
standard error for individuals.

50% in 5 of the 8 condition combinations, with p values below a Bonferroni corrected value of .0063. Three exceptions
were the cursor, mass goal, high entropy condition: χ2 = 1.17,
p = .28; the no cursor, mass goal, high entropy condition, χ2
= 3.56, p = .06; and the no cursor, mass goal, low entropy
condition: χ2 = 1.03, p = .31. There were 14 timeouts: 1
participant had 4 and 10 others had 1 each. By trial: 2 stimuli
had 3 timeouts each, 2 had 2, and 4 had 1. We simply omitted these trials from analyses. No participants were excluded.
The full pattern of results are shown in Figure 3. Logistic
mixed-effects regression shows a significant main effect on
accuracy of epistemic goal (odds ratios, estimate = 1.39, CI
[1.25 1.53], Z = 6.41, p < .001∗∗∗ ) and of entropy (odds ratios, estimate = 1.30, CI [1.18 1.44], Z = 5.18, p < .001∗∗∗ ),
with an interaction between cursor and goal such that participants were more accurate at identifying when the player
had the mass goal when the cursor was present (odds ratios,
estimate = 1.11, CI [1.01 1.23], Z = 2.11, p = .035∗ but no
main effect of cursor trace (odds ratios, estimate = .92, CI
[.82 1.03], Z = -1.48, p = .14)

Analysis
Data were analysed using R version 4.1. Package lme4 (Bates
et al., 2014) (glmer, family “binomial”) was used for logistic
regression mixed effects models following recommendations
of Meteyard & Davies (2020). Participants’ correct responses
were predicted with main effects of trace, goal and entropy
group and a random intercept for participant. Our model was
contrast coded (-.5,.5) and included all interactions.

Results
Here we first report participants’ performance in the task
overall and by condition. We then tease out the contribution
of the information content of players’ actions. Finally we describe an exploratory mixed-methods analysis investigating
what cues participants might be guided by in their answers.

Performance by ground truth
We also analysed performance by ground truth, the environmental properties present in every trial (whether A and B attracted or repelled each other, and whether A or B was heavier). Irrespective of goal, participants got more correct answers when the ground truth was repulsion rather than attraction (χ2 = 7.49, p = .006∗∗ ; Table 1). When split by epistemic
goal, the repel trials do not influence correct answers in the
force condition (χ2 = .015, p = .90). However, when the goal
is mass, repel trials yield more correct answers than attract
(χ2 = 15.87, p < .001∗∗∗ ). This was not due to less information being produced in the attract conditions.

Performance
Participants were able to infer the intention of the active
learner correctly Mean ± SD 60.1±14.2% of the time overall,
doing so 62.2±14.9% of the time in the trace present condition, 58.0±13.1% in the trace absent condition, 67.2±17.1%
for the force goal and 53.4 ± 16.2% for the mass goal, and
54.3 ± 16.9% for high and 66.4 ± 22.6% for low entropy
videos. χ2 tests show that participants were above chance
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Table 1: Accuracy (%) by Ground Truth (Force, A/B Heavy)
Ground Truth:
Force Goal:
Mass Goal:

.75, for end goal κ = .47, for interim goal κ = .56. Out of 1336
text responses received, the raters (Rater1/Rater2) counted
that 769/919 mentioned some kind of strategy, 428/741 mentioned an end goal and 455/531 mentioned an interim goal.
For further analysis we counted only those responses rated
True by both raters. We ran a logistic mixed-effect regression predicting accuracy with fixed effects for strategy, end
goal and interim goal and a random effect of participant. We
found a main effect of strategy (odds ratios, estimate = 1.27,
CI [1.02 1.60], Z = 2.10, p = .03∗ ) and of end goal (odds
ratios, estimate = 1.43, CI [1.09 1.88], Z = 2.56, p = .01∗ )
but not of interim goal (odds ratios, estimate = 1.17, CI [.89
1.55], Z = 1.15, p = .25).

Attract, A Attract, B Repel, A Repel, B
63.2
70.5
71.8
63.2
33.2
53.2
70.9
54.4

Information
We next explored whether judgments could plausibly be
driven by the relative evidence about the two goals. That
is, whether participants simply assessed which property was
better revealed and decided that was the property the learner
wanted to learn about. To assess this, we ran a binomial logistic mixed-effects regression to predict participants’ probability of guessing mass, depending on the posterior mass and
force entropies, with interaction and a random effect of participant. This regression did not have the predictors from the
main performance model of cursor trace, epistemic goal and
entropy group. We found a main effect of force information
entropy (odds ratios, estimate = 3.69, CI [1.84 7.50], Z =
3.65, p < .001∗∗∗ ), whereby people were more likely to answer mass when the force entropy is high. Actual frequency
of answers was 1001 force; 759 mass. We next ran another
binomial logistic mixed-effects regression to check whether
the logarithm of the ratio of force entropy to mass entropy
could predict whether participants guess mass. We found a
main effect of entropy ratio (odds ratios, estimate = 1.03, CI
[1.02 1.05], Z = 4.30, p < .001∗∗∗ ). This regression kept the
main predictors of cursor trace and epistemic goal, and their
effects were still present and significant, which shows that although the entropy ratio accounts for some variance, it cannot
account for all. This suggests people were guided by objective information content to some extent when answering, but
not so much that they relied on it as their only signal.

Strategies and goals
Participants identified a range of strategies of the players,
describing detailed actions that helped them solve the task.
For example, many mentioned an action that seems particularly informative as a test for force, characterised by selecting one ball and moving it gently and precisely toward
another without touching (“They gently moved the ball towards each other”, “holding it close to others”). For some
participants a cue indicative of tests for force was more time
spent passively observing: some participants mentioned they
thought the player had left the balls alone on purpose and
merely watched them to allow A and B to reveal their properties. In contrast, participants frequently cited crashing or
collisions as a sign the player was testing mass: “they were
crashing the balls together”. Strategies like this “initiating
collisions” were often mentioned alongside what we coded
as “end goals”, e.g. this was followed by, “to see which ones
looked heavier”. One other strategy that prompted participants to judge the player as focused on mass was when they
intervened on A and B separately: “seeing which bounced
faster to compare them”, “drag the balls on an individual basis”. Interim goals were rarer. People mentioned interim
goals after sophisticated and detailed actions which would
isolate a property by how the balls moved, e.g. “moved one
quickly to see if the other followed”, “dragged them to the
bottom to see which one floated up more quickly”.

Exploratory analyses
We performed exploratory analysis of participants’ free text
explanations for why they answered how they did. For this,
free text responses were stripped of participant or trial data
and manually coded by two independent coders. See our
Repository for details of how each response was coded. We
observed that participants often mentioned the player’s physical actions, that is, they recognised some form of strategic behaviour (e.g. “bumping A into B”, “dragging the balls close
to each other”). They also sometimes directly mentioned the
end goal (e.g. “checking the mass”, “seeing if they attract
or repel”) and sometimes a more specific interim sub-goal
which seemed to isolate one property (e.g. “to see which
floats higher”). Therefore, we opted to code each response
for presence or absence on three dimensions: strategy, end
goal, and interim goal. As all the objects had physical properties, we did not accept answers that simply referenced the
behaviour of the objects (e.g. “Balls A and B were sticking
together throughout”). Inter-rater reliability (Cohen’s κ) was
calculated for each of the three dimensions: for strategy κ =

Discussion
In this paper we explored inference about the epistemic goals
of others. We found that adults were often able to judge
whether the screen recording they watched was by another
adult trying to ascertain the pairwise magnet-like force between two objects, or the relative masses of those two objects. Performance was mixed and responses indistinguishable from chance in some settings, such as when identifying
less-successful mass-revealing behaviour (i.e. when mass entropy was still high at the end of the trial according to an ideal
observer account). However, they could identify what more
successful players were testing for, and seemed to find it easier to identify force-focused behaviour. One limitation is that
binary forced-choice design is a maximally lenient way of
collecting judgements. It allows pragmatic inferences which
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we see some evidence for in free responses: several participants wrote e.g., “They didn’t do the force test so I knew it
was mass”. Nevertheless, our experiment shows that people
are able to make use of rich behavioural traces in inferences
about epistemic goals.

discusses how the free responses we collected suggest people
may have recognised behavioural strategies or interim goals
that they could map to one or other of the learning goals.

Interactions with environmental properties

We took an innovative approach to gain traction on the question of how people knew what others were trying to do: we
asked them. This approach may seem naive: given the high
dimensional stimuli and impression-based task it might seem
unlikely that people would have articulatable insights about
the workings of their own mental apparatus. However, we
found plenty of hints that people are capable of recognising
apparent strategies, sometimes describing them and linking
them plausibly to interim and final learning goals. Mention of
some strategies recalls the secondary analysis of Bramley et
al. (2018), with many participants identifying similar actions,
for example “holding the target objects close together” as a
test for force. Some strategies may be more easily recognised
than others, and we cannot rule out an additional symbolicinterpretability effect linked to participants’ ease in describing certain actions (a direction for further work). In addition,
some people noted that force-focused behaviour had characteristically slower motion and fewer total interventions and
some mentioned they could tell the player was “waiting to
see” whether the balls moved together or apart. This suggests
that social inference is based just as much on absence of any
action, or the timing of action, as on the actions themselves.
Although not a significant predictor of accuracy, the rarer
mentions of interim goals give intriguing insight in two ways.
Firstly, they show some participants had a sense of which
types of motion would effectively reveal certain physical
properties (e.g. “to see which bounced slower” as a test for
mass). Secondly, these goals are evidence of people imputing
fine grained intentional behaviour (“he was trying to drag the
balls into a line”) which has implications for theory of mind
research.

Recognising strategies and goals

People were more accurate when the objects repelled one another than when they attracted. We note the comparison to
past work on learning in this setting (Bramley & Ruggeri,
in revision; Ullman et al., 2018; Bramley et al., 2018) that
showed passive participants struggled to identify repulsion.
It seems that being able to act on the scene (bringing repulsive objects closer together than they would normally go) allowed active participants to identify repulsion at least as well
as attraction, but here also seemed to make it easier for participants to identify mass-focused behaviour. In future work
combining intuitive physics and social inference, we hope to
tease out how learners might adapt their goal-directed actions
to “piggyback” off helpful properties (like using repulsion to
help reveal mass).

Information entropy
There was a relationship between the quality of the evidence
the player produced about each property and our participants’
judgments. However, this did not fully explain response patterns. If judgments were driven by the amount of evidence
generated about the two properties we might expect them to
guess mass more often than force, as the ideal observer model
considered there to be stronger evidence about mass than
force on average. In fact we observed the opposite pattern:
participants were more likely to answer force. Participants
were better at identifying force-focused than mass-focused
behaviour, akin to earlier work which found both passive and
active learners to be more accurate at identifying force than
mass Ullman et al. (2018); Bramley et al. (2018), and yoked
learners as accurate as active participants on force trials but
not mass trials.
It could be helpful to tease out what exactly people are sensitive to, and how this differs from what the ideal observer
account is sensitive to. The ideal observer learns a lot about
mass from collisions (Bramley et al., 2018). Since heavy objects are deflected less than light ones, they exit in different
directions depending on their mass. But this evidence depends on seeing exactly how the objects collided and correctly resolving the exchange of momentum. People, however, seem more sensitive to qualitative aspects of the force
evidence (objects swerving toward or away from each other).
For our current purposes we should not expect people to
benefit from the same evidence as an ideal observer model
which has perfect precision and memory and considers all
possibilities in parallel with the objective of inferring the latent properties of the objects. In contrast, our participants
had the objective of social inference of the players’ epistemic
goal. It seems for this they were especially sensitive to differences in the behaviour they observed. The next section

Behavioural trace
Identification of mass-focused behaviour, but not forcefocused behaviour, benefited from extra information provided
by display of the players’ touch control. In one sense this is
not surprising: the additional trace increases how much evidence we have, e.g. how quickly the player changed direction
or where they paused. It also provides insight into how they
produced the actions they did: how quickly they dragged their
finger, whether in a straight or curved trajectory. The cursor
also reveals actions that were failed or aborted, such as attempting to grab an object but missing it.

Conclusion
In sum, our results, while preliminary, suggest people are capable of recognising active learning strategies, as well as what
evidence is produced by the behaviours of others. By combining this information they are able to make sensible guesses
about epistemic goals.
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Abstract

premises into a unified mental map of the hierarchy (Hummel
& Holyoak, 2001; Jensen et al., 2015).
Evidence for relational integration during learning comes
from findings that performance improves when training involves chained sequences of overlapping premises across trials (see examples in Figure 1B). In a card sorting TI task
where people rank the items as they are presented with
premises, chaining leads to more accurate solutions compared
to random sequences among preschool children (Andrews &
Halford, 1998; Halford, 1984) and adults with deficits in relational reasoning due to prefrontal lobe damage (Waltz et al.,
1999) or dementia (Waltz et al., 2004). Chaining is thought
to reduce the difficulty of relational integration in these tasks
because they allow learners to combine new information with
a single (immediately preceding) premise, making it easy to
incrementally build a cognitive map of the hierarchy (see also
Foos, Sabol, Smith, & Mynatt, 1976).
Most prior investigations of chained study in TI have involved external representations of the hierarchy (i.e., arranging cards) and small numbers of premises, leaving it unclear
how premise order affects learning of more complex hierarchies over extended periods of training. However, recent results from Markant (2020) suggest that chaining is beneficial
in a more complex task with 9 item hierarchies. In that study
people preferred to chain premises when they had control
over the training sequence, and the sequences they generated
were more effective than random sequences when presented
to other learners. Although these results suggest that chaining supports relational integration, the effects might also be
attributable to other differences in the training sequences (including the relative frequency and spacing of premises from
different parts of the hierarchy), highlighting the need for a
more controlled examination of the effects of chaining in TI.

A hallmark of human memory is the ability to integrate discrete experiences into cognitive maps. A fundamental form
of this integration is transitive inference (TI), in which overlapping premises (e.g., A < B, B < C) are integrated into
a unified representation of a relational hierarchy (A < B <
C). Few existing theories provide a mechanistic account of
this construction of relational knowledge and how it is shaped
by different training conditions. This study builds on recent findings that TI is facilitated by chaining of overlapping
premises, with a new behavioral experiment confirming an advantage over non-overlapping sequences matched for premise
frequency and spacing. A subsequent simulation study shows
that the chaining effect is captured by a particle filter which
performs approximate Bayesian inference about the latent hierarchy. These results provide a better understanding of how
chaining shapes the construction of relational knowledge in the
face of uncertainty and forgetting.
Keywords: transitive inference; relational learning; particle
filter

People have a remarkable ability to organize separate, but
related, experiences into internal cognitive maps, which then
support flexible inferences about relationships that have not
been directly experienced, as when taking a shortcut for the
first time (Peer, Brunec, Newcombe, & Epstein, 2021) or
making predictions about unobserved links in a social network (Son, Bhandari, & FeldmanHall, 2021). Transitive inference (TI) is a fundamental form of this ability applied to
items organized in a linear hierarchy (e.g., A < B < C). In
TI people learn the relations between adjacent items by encoding premise pairs (e.g., A < B, B < C) and are tested
on the ability to make transitive inferences about novel pairs
(e.g., to infer that A < C). The capacity for TI is present
at a young age (Bryant & Trabasso, 1971) and is evident in
a wide range of species (Vasconcelos, 2008), highlighting its
important role in extracting relational knowledge from related
experiences.
There is ongoing debate over the cognitive mechanisms
that are involved in TI, with numerous theories based on simple forms of associative or reward-driven learning (Frank,
Rudy, & O’Reilly, 2003; Wynne, 1995) as well as retrievalbased inference at the time of test (Kumaran & McClelland, 2012). While multiple cognitive processes may independently support TI depending on the nature of the task at
hand, a growing body of evidence suggests that human learners rely on a constructive process during learning, integrating

Current study
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The present study had two main goals. The first goal was
to directly compare training sequences that were matched
for premise frequency and spacing but differed in whether
premises overlapped across trials. Participants completed
a TI task in which they studied relations between adjacent
individuals in a social hierarchy. They were then tested
on their ability to reconstruct the hierarchy and their accuracy on a TI test. The experimental manipulation concerned
the order of premises during training: In the Chains con-
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Figure 1: Task design.
dition the premises overlapped from trial to trial, while in
the Jumps condition the premises were presented with the
same frequency and spacing but never overlapped in successive trials. Based on the results of Markant (2020) I predicted that chained sequences would facilitate the integration
of premises into a unified representation, leading to more accurate knowledge of the hierarchy.
The second goal of the study was to examine whether
computational models of TI can account for the advantage
of chained study. I present a simulation study comparing
two models from Kumaran, Banino, Blundell, Hassabis, and
Dayan (2016) which formalize the TI problem as estimating
the positions of individuals along a latent, continuous dimension. The principal aim of the simulation study was to determine whether these models can account for observed differences in learning of the hierarchy without assuming any other
differences between conditions.

that person A is directly supervised by person B). The instructions included an example of a transitive inference across two
pairs of individuals who did not appear later in the task. Participants were therefore fully informed about the nature of the
underlying hierarchy and the learning goal.
Training sequences. The experimental manipulation determined the order of presentation of the 8 premises (Figure 1B).
In the Chains condition sequences were composed of overlapping chains of premises (e.g., A < B, B < C, C < D...),
while in the Jumps condition there was no overlap between
premises in successive trials. The training sequences in the
two conditions were otherwise matched for the relative frequency of premises (with all premises presented equally often) and the spacing of repeated presentations of the same
premise. In both conditions the sequence of 8 premises was
presented twice in each training block and the direction of
the sequences (forward or backward through the hierarchy)
alternated across blocks, with the direction in the first block
randomized for each participant.

Experiment
The experiment was conducted online in two sessions separated by approximately 5 days. The present paper will focus
on the results of the first session only, which included the
training and test phase of the TI task (Figure 1).

Materials and Procedure

Training phase. The training phase had up to 10 blocks.
Each block began with 16 study trials in which premises were
individually displayed for 2.5 s (Figure 1C). This was followed by 16 recall trials (two trials for each premise pair)
presented in random order. Each premise was displayed and
participants were instructed to click on the person who was
higher ranked. No feedback was provided until the end of the
block, at which point participants were told the proportion of
correct responses.
Participants had to complete a minimum of 3 training
blocks. The training phase ended either after 10 blocks or
when participants reached a criterion of 100% correct responses in a block, indicating that they chose the higherranked individual for every premise pair twice.

Participants learned about a 9-item social hierarchy made up
of individuals represented by face images (Figure 1A) drawn
from the 10k Adult Faces Database (Bainbridge, Isola, &
Oliva, 2013). Participants were instructed to the learn the
“chain of command” at a fictional company by memorizing
the relationships between adjacent pairs of individuals (e.g.,

Test phase. The training phase was followed by a brief distractor task in which participants solved a set of arithmetic
problems. They then completed the test phase which included a standard forced choice test and a ranking elicitation. There were 72 trials in the forced choice test, with two
repetitions of every possible pairing of items from the hier-

Participants
Students were recruited via an email announcement. N = 44
people completed the study (age M = 23.36 years, SD = 4.88;
59% female, 27% male, 14% no sex indicated). Participants
received $8 for successful completion of both sessions, plus
an additional bonus of up to $4 based on performance in the
test phase (average bonus of $2.71, SD = 1.69). The first
session took an average of 26 minutes (SD = 9.5).
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tween the individuals in a test pair. Performance in the Chains
condition was very high, with many participants achieving
perfect accuracy on inferences at all distances. In both conditions there was also evidence of a symbolic distance effect, such that performance on inference trials improved with
greater distances between the items.
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Ranking accuracy. Overall ranking accuracy was calculated as the proportion of nine items that were ranked in
the correct position. Ranking accuracy was higher in the
Chains condition (M = .90, SD = .29) than the Jumps condition (M = .58, SD = .41; χ2 (1) = 50.97, p < .001). Ranking accuracy by position is shown in Figure 2B. In the Chains
condition approximately 90% of participants ranked each individual correctly across all positions in the hierarchy. In the
Jumps condition ranking accuracy was highest for the endpoints but lower for individuals in the middle of the hierarchy.
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Figure 2: A: Accuracy on the forced choice test as a function
of the distance between the items in the hierarchy. Error bars
indicate bootstrapped 95% CIs. B: Proportion of participants
who ranked items correctly by their actual rank.

Modeling the effect of chained study
The behavioral results demonstrate a clear effect of premise
order on learning of the hierarchy, with chained sequences
leading to high accuracy on both the forced choice and ranking tests. Training sequences that were matched for premise
frequency and spacing but with no overlap between premises
led to poorer recall of the premises in the final test, lower
accuracy on inference trials, and more errors in the elicited
rankings. There was also evidence for a symbolic distance
effect (Moyer & Bayer, 1976) such that accuracy was highest for more distant inferences (Figure 2A). These findings
strongly suggest that participants performed the task by constructing an integrated cognitive map of the hierarchy as they
learned, and that chained study facilitated this process.
In the remainder of the paper I examine whether these effects can be captured by existing computational models of TI.
A number of approaches have been taken to model TI, including mechanisms related to associative learning, reinforcement
learning, and retrieval-based inference (see Jensen, Terrace,
& Ferrera, 2019). A detailed review of these “model-free”
approaches are beyond the scope of the present paper, but recent work suggests that they often fail to account for human
performance in TI tasks (Jensen et al., 2015). For this reason I focus on two models originally used by Kumaran et al.
(2016) in the context of TI: 1) a particle filter and 2) RL-Elo.
Particle filters are a type of sequential Monte Carlo approximation to Bayesian inference (Speekenbrink, 2016) in
which a posterior distribution is approximated with a set of
discrete samples (particles). A key advantage of this approach
is the ability to model how information processing constraints
(e.g., limits on time or memory capacity) impact behavior by
varying the number of particles N. Particle filters can capture order effects and other deviations from the predictions
of optimal Bayesian models in domains such as causal learning (Abbott & Griffiths, 2011), change detection (Brown &
Steyvers, 2009; Yi, Steyvers, & Lee, 2009), category learning (Lloyd et al., 2019; Sanborn et al., 2010), and conditioning (Daw & Courville, 2008).

archy (Figure 1D). Recall trials involved premises that were
experienced during the study phase, whereas inference trials involved novel pairings of non-adjacent items. Test trials
were presented in the same manner as the recall trials from
the training phase, with participants instructed to select the
person who was ranked higher in each test pair. No feedback
was presented during the test phase. Following the forced
choice test, participants ranked the nine individuals according to their positions in the hierarchy. The images were displayed in a random order and the position of each item could
be changed by clicking on arrow buttons.

Results
Three participants were excluded for failing to reach the training criterion, leaving N = 41 (21 in the Chains condition, 20
in the Jumps condition). The conditions did not differ in the
number of blocks to criterion (Chains: M = 4.48, SD = 2.27;
Jumps: M = 5.4, SD = 1.73; F(1, 39) = 2.13, p = .15).
Forced choice test accuracy. Responses on the forcedchoice test were scored according to whether the higherranked individual in each test pair was chosen and were modeled using mixed effects logistic regression with trial type (recall vs. inference) and study condition (Chains vs. Jumps) as
fixed effects and random intercepts for participants. An analysis of deviance indicated a significant effect of study condition (χ2 (1) = 12.28, p < .001). There was no overall effect
of test type (χ2 (1) = 3.54, p = .06) but there was a significant interaction (χ2 (1) = 4.10, p = .04). Accuracy in the
Chains condition was significantly higher for both recall trials (Chains: M = .93, SD = .13; Jumps: M = .83, SD = .15;
OR = 5.78, 95% CI [1.46, 22.90], z = 2.50, p = .01) and inference trials (Chains: M = .94, SD = .14; Jumps: M = .77,
SD = .22; OR = 11.59 [3.20, 42.0], z = 3.73, p < .001).
Figure 2A shows accuracy as a function of distance be-
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Figure 3: Depiction of the particle filter representation of three items A, B, and C. Each particle serves as a hypothesis about
items’ positions. When the premise A < B is observed, the weights are updated and used to resample the particles, leading to
the proliferation of particles that are consistent with the premise. In the propagation step, the positions are randomly perturbed.
After observing B < C, the resulting particle set includes many particles with the correct ordering of the three items.
Two other common steps in particle filters are resampling
and propagation. In the resampling step, particles are resampled with replacement according to the normalized weights
and the weights are reset to wtk = 1/N. In the propagation
step, the particles are subjected to random drift according to
k
∼ N(Vtk , σd ). Resampling and
the transition probability Vt+1
propagation allow for the removal of particles that are inconsistent with the observed premises and exploration of alternative solutions. Other applications of particle filters differ
in the frequency of resampling and propagation, e.g. by only
resampling when the diversity in the particle set drops below
a threshold (Kumaran et al., 2016), which may have consequences for the kind of order effects that emerge (Abbott &
Griffiths, 2011). For simplicity I assume that both resampling
and propagation occur on every trial.

Kumaran et al. (2016) used a particle filter to model performance in a TI task involving the learning of a social hierarchy.
For this task, the model learns items’ positions along a latent, continuous dimension, using a limited set of particles to
approximate the posterior distribution over positions at each
point during training. The authors also compared the particle
filter to a model with a similar underlying representation but
which uses a learning rule from reinforcement learning (RLElo, described in detail below). Behavior was best-described
by the particle filter overall, although RL-Elo was found to be
a credible alternative during later stages of learning.
In the following I examine whether the effect of chained
study can be seen in the performance of the particle filter and
RL-Elo models when trained with the same sequences as in
the behavioral study. The goal was to explore whether an
advantage from chained sequences emerges for either model
without assuming any other differences between conditions.
Given that participants required an average of 5 blocks (10
repetitions of each premise) to reach the training criterion,
I also compared model performance under varying levels of
random trial-to-trial fluctuation in the estimates of items’ positions in the hierarchy (akin to forgetting).

Likelihood function: Local vs. global updating. I explored two variants of the model based on whether the likelihood evaluates local information (limited to the premise observed on the current trial) or global information (accounting
for the positions of items that are not observed on the current trial). On each study trial the learner observes a premise
yt : xi < x j and evaluates its likelihood under each particle
according to:

Particle filter
The particle filter model is based on the bootstrap filter (Doucet, De Freitas, & Gordon, 2001) and largely follows Kumaran et al. (2016). The positions of the nine individuals are represented as a vector of values V along a continuous dimension (see Figure 3). Each particle V k can be
viewed as a different hypothesis about items’ positions and is
associated with a weight wk . Particles are randomly initialized with V0k ∼ N (0, σ0 ) and uniform weights wk0 = 1/N for
k = (1, ..., N). For each trial t during training, the particles
are reweighted according to the likelihood of the premise obk ) wk
served on that trial, such that wtk = g(yt |Vt−1
t−1 (see below
for description of the likelihood function g). As a result, those
particles for which the underlying values V k match the order
implied by the premises will have greater weight.

g(yt |Vtk ) = α 1(Vtk ) +

1
1+e

k)
−β (Vt,k j −Vt,i

,

(1)

where 1(V ) = 1 if item xi is immediately below item x j (with
no intervening items) in the ranking implied by V , and 0 otherwise.
When α = 0, the likelihood is simply a sigmoid function of
the difference in the positions of items xi and x j , with higher
likelihood for particles under which x j has a higher value than
xi , controlled by a scale factor β. This follows Kumaran et al.
(2016) and leads to a form of local updating, in that the likelihood depends only on the items observed in a given study
trial and doesn’t explicitly take into account the positions of
any other items in the hierarchy.
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When α > 0, the likelihood is increased by α when x j is
ranked directly above xi and there are no intervening items.
This reflects the fact that participants in the behavioral study
were informed that the premises represented adjacent pairs
of individuals in the chain of command. Accounting for this
constraint should lead to a form of global updating where the
the latent positions of other items would affect the likelihood
even though they are not presented on the current trial.

of the noise distribution σd . For all models the scaling factor β was fixed to 1. Performance was averaged across 5000
iterations for each combination of parameter values.
Results The top row of Figure 4 shows the overall predicted test accuracy. For both particle filter models (left two
columns), increasing numbers of particles (N) leads to higher
accuracy and approaches ceiling for N = 1000. The bottom
row of Figure 4 shows the difference between the Chains
and Jumps conditions, with higher accuracy in the Chains
condition across a wide range of parameter values for both
local (α = 0) and global (α = 10) updating. The effect is
largest when the number of particles is relatively low (peaking around N = 40). As the number of particles increases
the advantage of chained study declines, and when N = 1000
the effect disappears as accuracy nears ceiling for both conditions. As a preliminary evaluation of the model’s ability
to capture human performance, I found the parameter values
that minimized the RMSE between participants’ test accuracy
and the model predictions. The predicted accuracy for the resulting set (N = 40, σd = 1, α = 10) is shown in the inset
of Figure 4. In addition to the difference between the training conditions, the model predicts symbolic distance effects
as seen in the behavioral results. The greatest source of error is for recall of the studied premise pairs (distance = 1),
for which the model underestimates the actual performance
in both conditions.
Across a wide range of parameter values for RL-Elo there
was little evidence for differences in performance between
the Chains and Jumps conditions. The only exception was a
small advantage for chained study when there was no noise
(σd = 0), but the high levels of accuracy in both conditions
suggest this would not be able to account for the behavioral
results.
Comparing the particle filter and RL-Elo across values of
σd illustrates the different effects of random drift on learning
under the two models. Increasing σd under RL-Elo leads to
rapid declines in performance, with drift acting strictly as a
form of forgetting. For the particle filter, random drift during propagation also leads to some forgetting in that it reduces the influence of earlier premises on items’ estimated
positions. However, propagation is crucial for maintaining
diversity among the particles and allowing the model to explore for better solutions throughout training. Even for large
numbers of particles, the particle filter performs poorly when
σd is low because the particles remain anchored to their random initial positions, while for values of σd ≥ 1 the model
performs at similarly high levels of performance.

RL-Elo
The RL-Elo model (Kumaran et al., 2016) was inspired by
the Elo rating system for ranking chess players based on the
outcomes of pairwise matchups. Like the particle filter, it estimates individuals’ positions V on a latent dimension. However, RL-Elo relies on a single point estimate of items’ positions, and therefore lacks the representation of uncertainty
of the particle filter. RL-Elo also differs in the mechanism
for updating estimates through experience, using incremental value updating in response to prediction errors about the
higher-ranked individual in each premise.
Values for all items are initialized to V0 = 0 at the start of
training. After observing a premise yt : xi < x j , the current
estimates Vt are used to calculate the probability of item x j
being ranked above xi :
p(yt |Vt ) =

1
1 + e−β (Vt, j −Vt,i )

,

(2)

which is again a sigmoidal function of the difference between
items’ values with a scaling parameter β. Values for the
higher- and lower-ranked items in the premise are then updated in response to prediction errors as follows:
Vt+1,i = Vt,i + δ (p(yt |Vt ) − 1) + ε
Vt+1, j = Vt, j + δ (1 − p(yt |Vt )) + ε,
where δ is a learning rate between 0 and 1. This implies that
when a prediction error occurs (e.g., because the estimated
value of xi is higher than x j ), the value of the higher-ranked
item is increased and the value of the lower-ranked item is
decreased. Finally, items’ positions were subject to random
fluctuation through the addition of noise with ε ∼ N (0, σd ).

Simulation study
The models were trained on the sequences presented to participants in the Chains and Jumps conditions, up to the average number of training blocks completed by participants (5
blocks). For both models, predicted accuracy on the forced
choice test was based on an optimal decision rule such that
an item was judged to be ranked higher if its underlying value
was greater than the alternative for a given test pair.
For the particle filter, performance was simulated across a
grid of values for the number of particles N and the SD of the
proposal distribution σd . I considered two variants of the particle filter based on local updating (α = 0) and global updating (α = 10) as described above. For RL-Elo the simulations
covered a range of values for the learning rate δ and the width

Discussion
Past work on TI indicates that constructive processes are at
work during learning, as learners piece together a unified
mental representation of the hierarchy as premises are observed. The results of the behavioral study indicate that this
process is easier when premises are presented in chained sequences, while training sequences without any overlap be-
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Figure 4: Top: Accuracy on the forced choice inference test from the model simulation study for the Chains and Jumps
conditions. Bottom: Difference in predicted inference accuracy between the Chains and Jumps condition.
tween successive premises leads to poorer relational learning.
This finding echoes earlier work showing benefits of chaining
in serial order learning (Foos et al., 1976; Foos, 1984) and
simpler variants of the TI task (Andrews & Halford, 1998;
Halford, 1984; Waltz et al., 1999, 2004).

from chaining was still apparent for the local updating model
(α = 0) where the likelihood depends only on the relative
positions of the items in the current premise (regardless of
whether they are immediately adjacent in the implied order).
This suggests that a similar mechanism could explain the advantage from chained study in settings where people are unlikely to consider unobserved elements during training, such
as when they are not informed about the underlying hierarchy (Markant, 2021).

A major contribution of the present work is to show that
the advantage of chained study is naturally accounted for by a
particle filter without assuming any other differences between
conditions. Importantly, the effect is tied to the approximate
nature of the particle filter, disappearing for models with large
numbers of particles that provide a finer approximation of the
full posterior. For smaller values of N, random trial-to-trial
fluctuation in items’ positions during propagation has an outsize impact on the distribution of particles and can dilute the
effect of earlier premises. For instance, when learners in the
Jumps condition encounter the premise B < C, multiple trials have passed since seeing the premise A < B, by which
point the estimated positions of A and B could have reversed
in some particles. Chained sequences appear to reinforce the
correct ordering of nearby items that are most susceptible to
the effects of such variability when the number of particles is
relatively low.

Although further work is needed to fit the model to the behavioral data, inspection of the best-fitting particle filter from
the grid search (inset of Figure 4) suggests that the model can
reproduce the key features of the results, including the difference between training conditions and the symbolic distance
effect. A notable exception is that it underestimates recall accuracy for studied premises. Under the particle filter, adjacent
items will tend to be closest in the learned representation of
the hierarchy, making it difficult to account for the U-shaped
pattern in the Jumps condition (Figure 2A). One possibility is that people rely on a form of direct memory for studied premises that is independent of the integrated map represented by the particle filter (Russin, Zolfaghar, Park, Boorman, & O’Reilly, 2021). An important question for future
work is how direct memory for studied premises might influence constructive processes during relational learning and
inference.

The advantage from chained study was larger for the global
updating model (α = 10) which assumed that the estimated
positions of other items were taken into account, thereby favoring particles in which the items in the current premise
were adjacent in the implied order. However, the benefit
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ethical explanations a particularly informative test case for
accounts of explanation. Across two studies, we investigate
whether and why people judge ethical explanations
explanatory (Study 1) and whether people use ethical
explanations to draw inferences about others’ ethical beliefs
(Study 2).
Why might people view ethical explanations as
explanatory? One possibility is that people view them as
shorthand for ethical belief explanations, such as “slavery
ended because people came to believe it was morally wrong.”
Another possibility is that if someone has particular metaethical commitments, an appeal to ethical truth does satisfy
explanatory requirements. Two candidate beliefs are moral
progress – believing that the world tends to morally improve
– and moral objectivism – believing that some things are
objectively morally right or wrong (Uttich, 2012). For
someone who holds such beliefs, an ethical truth might be
seen as playing an explanatory role akin to a directed, causal
force. In Study 1, we consider whether ethical explanations
are indeed judged explanatory, whether they are
differentiated from ethical belief explanations, and whether
variation in their endorsement is predicted by variation in
beliefs concerning moral progress and moral objectivism.
If ethical explanations are associated with meta-ethical
commitments to moral progress and objectivism, do people
recognize this association and use it to make inferences about
others? In other words, if your friend says that “slavery ended
because it is morally wrong,” are you likely to infer that your
friend believes that moral progress occurs and that slavery is
objectively immoral? Explanations clearly offer evidence
about what the explanation-provider believes (e.g., whether
P or Q will happen, whether x or y was the culprit), and such
effects can be relatively subtle (Kirfel et al., 2021). To our
knowledge, however, it is unknown whether the form of an
explanation (e.g., ethical vs. non-ethical) can be used to infer
the underlying commitments that would render that
explanation explanatory. Therefore, in Study 2 we consider
whether offering an ethical explanation in turn offers
evidence about the meta-ethical beliefs of the explanationprovider. This is valuable not only as additional evidence for
a link between ethical explanations and beliefs about moral
progress and objectivism beliefs, but as a step towards
understanding the communicative role of explanations:
beyond their surface content, what is conveyed by the fact
that an individual deems a claim explanatory?

Abstract
“Slavery ended in the United States because slavery is morally
wrong.” This explanation does not seem to fit the typical
criteria for explaining an event, since it appeals to ethics rather
than causal factors as the reason for this social change. But do
people perceive these ethical claims as explanatory, and if so,
why? In Study 1, we find that people accept ethical
explanations for social change and that this is predicted by their
meta-ethical beliefs in moral progress and moral objectivism,
suggesting that they treat morality somewhat akin to a causal
force. In Study 2, we find that people recognize this
relationship between ethical explanations and meta-ethical
commitments, using the former to make inferences about
individuals’ beliefs in moral progress and objectivism.
Together these studies demonstrate that our moral
commitments shape our judgments of explanations and that
explanations shape our moral inferences about others.
Keywords: explanation; ethics; meta-ethics; moral progress;
moral objectivism

Introduction
Why did slavery end in the United States? Imagine your
friend explains that “slavery ended because slavery is morally
wrong.” Compare this with the explanation that “slavery
ended because the Northern states, which were less
economically dependent on slaves, won the Civil War.” What
differs between these two types of explanations? Is the former
genuinely explanatory, even though it explains the
occurrence of an event by appeal to an ethical claim, rather
than causal factors? What would you assume about your
friend’s ethical beliefs if your friend gave this explanation?
Ethical explanations, such as “slavery ended because it is
morally wrong,” appeal to the morality of a practice as an
explanation for social change. But it is not clear whether
people deem these kinds of statements genuinely
explanatory, or merely evaluative (akin to “slavery ended and
slavery is morally wrong”). Explanations for events typically
appeal to causal information or law-like generalizations, such
as structural factors or natural laws (see, e.g., Woodward,
2003; Lombrozo & Carey, 2006; Lombrozo & Vasilyeva,
2017; Woodward, 2010). On the surface, ethical explanations
do not fulfill these criteria, which has led to disagreement
among philosophers over whether they are genuinely
explanatory (Cohen, 1997; Brink, 1989; Leiter, 2001;
Harman, 1977; Williams, 1985). This disagreement offers at
least anecdotal evidence for individual variation in judgments
about the status of ethical explanations. This variation makes
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people came to believe owning slaves was morally wrong.”).
Another was an “ethical” explanation, citing just the ethics of
the practice (“Because slavery is morally wrong.”). And
finally, we included a “poor,” or circular, explanation
(“Because owning slaves was made illegal.”). Participants
rated how good each answer was on a scale from “1-Poor
explanation” to “7-Good explanation” with a midpoint at “4Average Explanation.”

Study 1
In Study 1, we hypothesized that people will accept ethical
explanations as partially or fully explanatory and that people
who more highly endorse moral objectivism and moral
progress will be more likely to endorse ethical explanations.
To test this, we asked participants to consider why some
social change occurred or might occur, such as women
gaining the right to vote or the abolition of the death penalty.
We provided four possible explanations for this change,
including one ethical explanation (which just cited the
morality of the practice), one ethical belief explanation
(which cited changes in the populations’ moral beliefs as
responsible for the change) and one poor, circular explanation
(see Table 1). If people accept ethical explanations as at least
somewhat explanatory, participants should rate the quality of
ethical explanations higher than poor explanations.
In addition, we asked participants about their beliefs in
moral progress and moral objectivism. If there is a
relationship between these moral beliefs and willingness to
endorse ethical explanations, we expect to see a correlation
between moral belief ratings and ethical explanation ratings.
Moreover, if moral belief ratings do not correlate with ethical
belief explanation ratings, this would provide evidence that
ethical explanations are not mere shorthand for ethical belief
explanations – participants distinguish the two and they have
differing relationships with moral beliefs.

Table 1: The four explanations shown to participants who
were asked, “Why was slavery abolished in the United
States?”.
Explanation type
Stimulus
Ethical
Because slavery is morally
wrong.
Ethical belief
Because the Northern states,
which were less economically
dependent on slaves, won the
Civil War.
Non-ethical
Because people came to believe
owning slaves was morally
wrong.
Poor
Because owning slaves was made
illegal.
Moral Beliefs Task. In this task, participants answered
three questions about their personal moral beliefs, presented
in a random order.
For the moral progress question, participants rated the
extent to which they agree that moral progress occurs (“Do
you think that people will necessarily advance morally,
ethically, and socially, or decline?”; adapted from Rutjens et
al., 2016) on a sliding scale from -10 (“Decline”) to 10
(“Advance”).
For the moral objectivism disagreement question (adapted
from Sarkissian et al., 2011), participants read a vignette in
which a person similar to themselves disagrees with an
imagined friend of the participant about whether slavery,
denying women the ability to vote, denying same-sex couples
the right to marry, or the death penalty (depending on their
social change condition) is morally wrong. Participants rated
the extent to which they think at least one person in the
disagreement must be wrong, on a scale from 1 (“definitely
disagree”) to 7 (“definitely agree”) with a midpoint at 4
(“neither agree nor disagree”).
In the moral objectivism truth-aptness question (adapted
from Goodwin & Darley, 2008), participants rated whether
they believe the statement “[Slavery/Denying women the
ability to vote/Denying same-sex couples the ability to
marry/The death penalty] is morally wrong” is “true,”
“false,” or “an opinion.”
Finally, participants answered demographic questions
before being debriefed and exiting the survey.

Method
Participants Participants in Study 1 were 220 adults
recruited via Prolific. Five additional respondents were
excluded for failing an attention check. Participants were paid
at a rate of $7.50 per hour, pro-rated to our 8-minute task.
Participation in both studies was restricted to workers in the
U.S. who had completed at least 100 prior tasks with a 95%
approval rating. Both studies were pre-registered.1
Materials and Procedure All participants completed two
tasks, an Explanation Rating Task and a Moral Beliefs Task,
the order of which was counterbalanced.
Explanation Rating Task. In this task, participants were
randomly assigned to consider one of four social changes: the
abolition of slavery, women gaining the right to vote, the
legalization of same-sex marriage, or the abolition of the
death penalty. They were asked to consider why this social
change occurred or might occur in the United States (e.g.,
“Why was slavery abolished in the United States?”).
Participants rated the quality of four possible explanations
for the social change, presented in a random order (see Table
1). One explanation was “non-ethical,” citing sociohistorical
facts (e.g., “Because the Northern states, which were less
economically dependent on slaves, won the Civil War.”).
Another was an “ethical belief” explanation, citing a change
in people’s beliefs about the ethics of the practice (“Because
1 Pre-registrations, data, and materials are available at
https://osf.io/f9n3q/?view_only=96fe9613ab244cf4962dfa0de06d4
9aa.
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Figure 1: Ratings of the quality of ethical, ethical belief, non-ethical, and poor explanations across social change
conditions. Error bars indicate 95%-CI.

Results

objectivism disagreement rating, or moral objectivism truthaptness rating (with “true” and “false” collapsed to compare
against “opinion”). We used a centered score for each of these
predictors. Each regression also included vignette as a
predictor. We then compared each model to a reduced model
that excludes the relevant predictor, using likelihood ratio
tests. Our hypothesis predicts that at least one objectivism
measure and moral progress will be positive and significant
predictors of ethical explanation score.
For moral progress beliefs, the final model retained moral
progress rating, but not vignette or their interaction.
Participants judged ethical explanations as significantly
better when they endorsed moral progress beliefs (β=0.06,
p=.02). For moral objectivism disagreement beliefs, the final
model retained moral objectivism disagreement rating, but
not vignette or their interaction. Participants judged ethical
explanations as significantly better when they endorsed belief
in moral objectivism as measured by the disagreement

First, to test the hypothesis that participants will accept
ethical explanations as partially or fully explanatory (i.e.,
endorsed more strongly than poor explanations), we
performed a mixed ANOVA with explanation ratings as the
dependent variable, explanation type (ethical, ethical belief,
non-ethical, poor) as a within-subjects factor and social
change (slavery, suffrage, marriage, death penalty) as a
between-subjects factor (see Figure 1). We found a main
effect of explanation type, F(3,863)=67.77, p<.001, such that
ethical explanations (M=3.90, SD=1.88) were judged as
significantly better than poor explanations (M=2.69,
SD=1.90; t(437)=6.70, p<.001). Additionally, non-ethical
explanations were judged as significantly better than all other
explanation types (ps<.001) and poor explanations were
judged as worse than all other types (ps<.001). The ANOVA
also revealed a significant interaction, F(9, 863)=6.04,
p<.001, reflecting variation across vignettes.

Figure 2: Correlations between ethical explanation rating and z-scored belief rating (for the truth aptness task, -1 corresponds to
‘an opinion’ and 1 corresponds to ‘true’ or ‘false’). Error bars indicate standard error and values have been jittered.
question (β=0.29, p=.004). Finally, for moral objectivism
truth-aptness beliefs, the final model retained moral
objectivism truth-aptness rating, vignette, and their
interaction. In the final model, the only marginally significant
predictor was truth aptness endorsement (β=0.53, p=.059),
suggesting that participants judged ethical explanations as

Next, we tested whether participants who more highly
endorse moral objectivism and moral progress are more
likely to endorse ethical explanations. To test this, we ran
three independent regressions, each treating ethical
explanation rating as the dependent variable and one of the
following as a predictor: moral progress rating, moral
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significantly better when they endorsed belief in moral
objectivism as measured by the truth-aptness question.
Finally, there were significant correlations between ethical
explanation ratings and moral progress ratings (r=0.15,
p=.026), moral objectivism disagreement ratings (r=0.19,
p=.005), and moral objectivism truth-aptness ratings (r=0.29,
p<.001; see Figure 2). But notably, ethical belief explanation
ratings were not correlated with any moral belief ratings (r=0.05, p=.40; r=0.07, p=.28; r=0.01 p=.14), suggesting that
participants distinguish the two types of explanations. To
confirm this difference between ethical and ethical belief
explanations, we ran additional regressions predicting
explanation ratings from each measure for both kinds of
explanations; these analyses revealed significant interactions
between explanation type and each predictor (moral progress:
p=.03; moral objectivism disagreement, p=.04; moral
objectivism truth-aptness, p=.02).

explanation (“[...] because social and economic pressures will
lead to legislative changes that make it illegal”). Next, we
explain the concepts of moral progress and moral objectivism
and ask participants the extent to which they think the
character holds each of these moral beliefs.
If people use the explanations that individuals provide to
infer their moral beliefs, specifically reflecting the
relationship between ethical explanation endorsement and
moral progress and moral objectivism beliefs found in Study
1, then participants should rate the character higher on moral
objectivism and moral progress when the character provides
an ethical explanation.

Method
Participants Participants in Study 2 were 513 adults
recruited via Prolific. Twelve additional respondents were
excluded for failing an attention check. Participants were paid
at a rate of $7.50 per hour, pro-rated to our 5-minute task.

Discussion
The results from Study 1 suggest that people are willing to
accept ethical explanations – explanations that simply appeal
to the ethics of a practice – as explanations of why social
change occurs. While our results showed that explanations
which cite sociohistorical facts are considered the strongest,
we also found that both ethical and ethical belief explanations
are considered better than poor explanations.
Further, participants distinguish between the explanations
that “slavery ended because it was morally wrong” and
“slavery ended because people came to believe it was morally
wrong.” Only the former was related to whether the
participant endorsed moral progress and moral objectivism.
As such, this study suggests that believing that the world is
morally improving and that there are objective moral truths
are part of what makes ethical statements compelling
explanations of social change.

Materials and Procedure Participants
were
randomly
assigned to one of two explanation type conditions: ethical or
non-ethical. Additionally, participants were randomly
assigned to read about one of five potential social changes:
the legalization of abortion, the abolishment of the death
penalty, the banning of handgun ownership, the legalization
of marijuana, or the legalization of physician-assisted
suicide.
First, participants were introduced to a character who
provides an explanation for why they believe a social change
might occur. In the ethical explanation condition, the
character explains that the social change will occur because
the practice is morally wrong. For example, “One day, you
meet someone from your town named James. You and James
begin discussing the topic of the death penalty, and he tells
you that he thinks the death penalty will eventually be made
illegal because it is morally wrong to enact the death
penalty.”2 In the non-ethical explanation condition, the
character explains that the social change will occur because
of non-moral societal factors (e.g., “[...] the death penalty will
eventually be made illegal because social and economic
pressures will lead to legislative changes that make it
illegal.”) After reading the explanation, participants were
asked to summarize the character’s view to ensure they read
it carefully.
Second, in a random order, participants completed a moral
progress inference question and a moral objectivism
inference question. After the meaning of each term was
explained, participants rated the extent to which they believe
the character believes that moral progress occurs or that
moral objectivism is true on a scale from 1 (“[character]
definitely does not believe that moral progress occurs [that
moral objectivism exists]”) to 5 (“[character] definitely
believes that moral progress occurs [that moral objectivism
exists]”). We also asked participants to judge the character’s
moral position on the social change on a scale from 1 (e.g.,

Study 2
Study 1 found a reliable relationship between an
individual’s beliefs about moral progress and moral
objectivism and their willingness to endorse an ethical
explanation. In Study 2, we test whether people recognize this
relationship; that is, whether people use the kinds of
explanations that others provide to infer their moral beliefs.
Specifically, we hypothesized that hearing an ethical
explanation for why social change occurs (versus a nonethical explanation that appeals to sociohistorical factors)
makes people more likely to infer that the individual who
offered the explanation believes in moral progress and
believes in moral objectivism.
To test this, we introduced participants to a character who
expresses an opinion on some potential social change, such
as the banning of handgun ownership. Across participants,
the character either provides an ethical explanation
(“handgun ownership will eventually be made illegal because
it is morally wrong to own handguns”) or a non-ethical
2The names and pronouns of the characters were counterbalanced.

45

Finally, we performed a between-subjects ANOVA to
determine whether providing an ethical or non-ethical
explanation affects the extent to which people infer that the
character believes the change is morally good. The ANOVA
had character’s moral position inference as a dependent
variable and explanation type and social change as betweensubjects factors. Unsurprisingly, we found a main effect of
explanation type, F(1, 502)=206.18, p<.001, such that
participants were more likely to rate the character as morally
against the practice (e.g., against the death penalty) when the
character gave an ethical explanation (M=1.30, SD=0.71)
than a non-ethical explanation (M=2.34, SD=0.92; t=-14.30,
p<.001).
None of the reported results were moderated by
participants’ own views on the morality of the social practice
under consideration.

“[character] definitely believes that the death penalty is
morally wrong”) to 5 (“[character] definitely believes that the
death penalty is morally right”). Finally, we asked
participants to rate the character on a variety of traits (not
reported here), and to provide their personal views on this
topic following a similar scale (1-“I strongly believe the death
penalty is morally wrong” to 5-”I strongly believe the death
penalty is morally right”).

Results
To determine whether inferences about someone’s moral
beliefs differ depending on whether this person provides an
ethical or non-explanation for why social change might
occur, we performed two between-subjects ANOVAs (see
Figure 3).
The first ANOVA had moral progress inference ratings as
the dependent variable and explanation type (ethical, nonethical) and social change (abortion, death penalty, gun
ownership, marijuana, physician-assisted suicide) as
between-subjects factors. We found a main effect of
explanation type, F(1,502)=9.54, p=.002, such that
participants rated the character’s belief in moral progress
higher when the character gave an ethical explanation
(M=3.86, SD=0.96) than a non-ethical explanation (M=3.61,
SD=0.99; t=2.94, p=.003). We also found a main effect of
social change, F(4,502)=14.15, p<.001, such that moral
progress inference ratings were lowest in the abortion
vignette (ps<.001) and highest in the death penalty vignette
(ps<.05). We found no significant interaction.
The second ANOVA had moral objectivism inference
ratings as the dependent variable and explanation type and
social change as between-subjects factors. We found a main
effect of explanation type, F(1,503)=12.03, p<.001, such that
participants rated the character’s belief in moral objectivism
higher when the character gave an ethical explanation
(M=3.85 , SD=0.91) than a non-ethical explanation (M=3.57,
SD=0.95; t=3.45, p<.001). We also found a main effect of
social change, F(4,503)=2.78, p=.03, such that moral
objectivism inference ratings were higher in the abortion and
death penalty vignettes than in the marijuana vignette
(ps<.05) and higher in the abortion vignette than in the
physician-assisted suicide vignette (p=.04). We found no
significant interaction.

Discussion
Study 2 built on Study 1 by showing that not only is there a
relationship between endorsement of ethical explanations and
belief in moral progress and moral objectivism, but that
people recognize this relationship and use individuals’ ethical
explanations to infer moral beliefs. These results suggest that,
for example, if someone explains that “handgun ownership
will be made illegal because owning a handgun is morally
wrong,” others are more likely to infer that this person
believes that the world will morally improve and that there
are objective moral truths.
One limitation of this study is that conclusions rest on
differences between the ethical explanation and sociohistorical explanation conditions – as a result, we cannot
confidently conclude that ethical explanations elevate
inferences about moral progress and moral objectivism from
their default values, versus the alternative or additional
possibility that socio-historical explanations depress such
inferences.

General Discussion
“Slavery ended in the United States because slavery is
morally wrong.” In this paper, we asked whether people
judge these ethical explanations genuinely explanatory,
whether their explanatory power relates to belief in moral
progress and moral objectivism, and whether people
recognize this relationship and use it to make inferences
about others’ moral commitments.
In Study 1, we compared participants’ endorsement of
ethical explanations for social change to their endorsement of
ethical belief, non-ethical, and poor explanations for the same
event. Participants judged ethical explanations as better than
poor explanations, providing evidence that they are deemed
at least somewhat explanatory. Additionally, we found that
participants who reported higher beliefs in moral progress
and moral objectivism were more likely to endorse ethical
explanations, but not more likely to endorse ethical belief
explanations. This provides evidence that perceiving morals
as objectively true with a forward direction (that is, like a
causal force) fulfills the criteria for deeming ethical

Figure 3: Inferences about a character’s belief in moral
progress and moral objectivism when the character provides
an ethical or non-ethical explanation for a social change.
Error bars indicate 95%-CI.
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commitments is cyclical, such that one increases the
likelihood of the other and vice versa.
Second, we have provided evidence for our findings within
the social changes that we tested. We chose the items in Study
1 for their widely acknowledged historical significance and
we chose the items in Study 2 (those which were all possible
future social changes) because approximately 40-60% of
Americans support each change according to Pew Research
Center. However, there was variation across social changes
in both studies, which presents opportunity for future
research to investigate whether these results generalize to
other types of social change and why the results might not
hold for some types of social change.
Third, these studies explored ethical explanations at the
level of social change – it is possible, but not clear, whether
people would endorse ethical explanations for individuallevel actions. For example, if a friend returns a lost wallet, is
saying he did it because “it was the right thing to do”
genuinely explanatory (Uttich, 2012)? If so, is a belief in
moral progress and objectivism still necessary, or are the
criteria for explanatory power fulfilled in a different way?
What inferences are made, if any, of those who explain a
mundane action in terms of it being the “right thing to do”?
We hope to address these possibilities in future work to better
understand the use and interpretation of explanations.
While there are many ways to expand on this work, these
studies take crucial first steps toward demonstrating that
explanations need not fulfill explanatory criteria at a surface
level; rather, moral commitments can supplement an ethical
explanation such that people view it as explanatory without
explicitly appealing to a causal force. Moreover, people
recognize this, and use it to make inferences about others.
Thus, “slavery ended because it was morally wrong” can be
genuinely explanatory and used to evaluate others’ moral
commitments.

explanations explanatory. Moreover, it shows that ethical
explanations are not mere shorthand for ethical belief
explanations: explaining that “slavery ended because people
came to believe it was morally wrong” meets the criteria to
be explanatory without requiring these meta-ethical
commitments. In sum, Study 1 demonstrated that people do
sometimes judge ethical explanations genuinely explanatory
and are likely to do so if they believe in moral progress and
moral objectivism.
In Study 2, we presented a character who either gave an
ethical or non-ethical explanation for a social change and
asked participants to rate the extent to which the character
believed in moral progress and moral objectivism.
Participants gave higher ratings on both of these dependent
variables when the character gave an ethical explanation than
when the character gave a non-ethical explanation. This
provides evidence that people use ethical explanations to
make inferences about others’ meta-ethical commitments.
These findings broaden our understanding of how people
use and interpret explanations. Specifically, prior work has
characterized explanations as explanatory when they appeal
to causal information or generalizations (Woodward, 2003;
Lombrozo & Carey, 2006; Lombrozo & Vasilyeva, 2017;
Woodward, 2010). Ethical explanations do not appear to fit
this characterization since, at least on the surface, they appeal
to nothing more than an ethical claim. Explaining that
“slavery ended because it was morally wrong” appears to
contain no information about how or why slavery ended.
However, if taken with the belief that slavery is objectively
morally wrong and that the world progresses towards what is
morally right, a picture of something akin to a causal force
emerges. Thus, our moral commitments not only influence
which explanations we prefer, but more surprisingly,
determine whether or not we believe something is an
explanation at all.
Alongside the contribution to our understanding of
explanations, these findings also have practical importance.
In conversations, we evidently use the explanations that
others provide to make inferences about their moral
commitments. This may be especially important when
meeting someone new since we have little information to
learn from. Our studies suggest that if you meet a colleague
who says, “the death penalty will be abolished because it is
morally wrong,” you are more likely to think that she believes
the death penalty is morally wrong. But you may also judge
that she believes in moral progress and objectivism, even if
you disagree with her moral position.
These findings introduce many interesting questions for
future research. First, differences in the explanatory power of
ethical explanations depend on individual variation in moral
progress and objectivism beliefs. But where do these
differences come from? When others provide ethical
explanations, we infer their moral commitments – does
repeated exposure to these explanations shape our own moral
commitments? Future work can address whether the
relationship between ethical explanations and moral
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Abstract
Child-directed language (CDL) features words such as doggy,
night-night, and tummy that are rarely used in adult-directed
language (ADL). Characteristics of CDL variants, such as
diminutivization and reduplication, explain why they may be
learned and produced earlier by children. However, it is
not yet clear how or when children switch to using ADL
equivalents—dog, goodnight, stomach. Through analysis of
speech transcripts from CHILDES and the Language Development Project corpus, we show that children significantly increase their production of ADL variants across age, with the
average CDL-to-ADL transition point at 2.5 years. Many of
the linguistic features that distinguish CDL vs. ADL registers
(e.g., lexical and syntactic complexity) similarly differentiated
the local speech contexts surrounding CDL vs. ADL variants
in children’s input. Notably, these differences emerged even
in speech that was primarily child-directed. Learners may
therefore be able to capitalize on these linguistic cues to support their discovery of register along with context-appropriate
CDL/ADL pair use.
Keywords: child-directed language; word production; linguistic input; speech register; corpus analysis

Introduction
Across their first few years of life, children come to know
hundreds if not thousands of words (Fenson et al., 1994;
Mayor & Plunkett, 2011). Word production typically begins around age one, followed by a vocabulary ‘explosion’
or ‘spurt’ during toddlerhood (Ganger & Brent, 2004; see
also McMurray, 2007), and continued, measurable increases
in vocabulary size thereafter (Rice & Hoffman, 2015). Here,
we investigate one dimension of this dramatic developmental
change: the appearance and use of words from distinct registers.
Vocabulary first gets off the ground, in part, with words
that are specifically tailored to young learners (e.g., doggy
and tummy: Ferguson, 1964). Hallmark features of childdirected language (CDL), such as iconicity (Laing, Vihman,
& Keren-Portnoy, 2017), diminutivization (Kempe, Brooks,
& Gillis, 2005), and reduplication (Ota, Davies-Jenkins, &
Skarabela, 2018) have been shown to support early word
learning. These effects are in addition to the cross-cutting
influence of a word’s frequency, concreteness, length, and association with infancy (e.g., bottle and bib) on early learnability (Braginsky et al., 2019; Frank et al., 2017; Perry et al.,
2018).
While CDL-specific words (e.g., doggy, night-night,
tummy) are overrepresented in children’s early vocabularies,
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they are eventually exchanged for ADL equivalents in most
contexts (dog, goodnight, stomach). However, these words
do not fully disappear. Instead, they become designated for
use in a specific context—communication with infants and
young children (e.g., Sachs & Devin, 1976; Shatz & Gelman,
1973).
The addition of a word like stomach to a child’s vocabulary may mark their growing awareness that word choice
should be tailored to the current interactional context (e.g.,
Clark, 1997, 2018). We do not, at present, know when children begin to make shifts from CDL to ADL word use or precisely how such a shift may be supported or initiated. Our
investigation starts where this transition is most easily observed, with CDL/ADL word pairs (e.g., doggy/dog, nightnight/goodnight, tummy/stomach), as opposed to words that
become less relevant with time (e.g., diaper and peekaboo).
Some might expect the appearance of both CDL and ADL
labels for the same referent to be a problem for early word
learning—particularly when the variants have little overlap
in phonological form (e.g., bunny/rabbit vs. doggy/dog). Indeed, learners often assume that new labels refer to new items
(i.e., “mutual exclusivity”: Markman & Wachtel, 1988; see
Lewis et al., 2020, for a recent meta-analysis). Yet, children
seem to learn multiple CDL/ADL variants without issue (see
Clark, 1990).
One potential way to explain children’s learning of both labels is to consider the social context of CDL vs. ADL use.
While labeling an animal as doggy vs. dog may not communicate anything distinct about the referent itself, the production of one variant vs. the other may indicate something
meaningful about who is being addressed or producing the
label. That is, differences in register could serve to ‘explain
away’ the otherwise problematic redundancy of multiple labels in these pairs (Clark, 1990). Indirect evidence for this
idea comes from findings that the mutual exclusivity effect is
modulated by children’s experience with multiple languages
(Byers-Heinlein & Werker, 2009; Houston-Price, Caloghiris,
& Raviglione, 2010) as well as the social conditions under
which multiple labels are introduced (e.g., by speakers of a familiar or unfamiliar race: Weatherhead et al., 2021). Further,
children’s modifications to their own speech when talking to
infants and younger children (Sachs & Devin, 1976; Shatz
& Gelman, 1973) and their awareness of socially meaningful linguistic variation (Ikeda, Kobayashi, & Itakura, 2018;
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Liberman, Woodward, & Kinzler, 2017; Soley & SebastianGalles, 2020) suggest that they may be able to recognize the
importance of social context for language use from relatively
early in development.
We hypothesize that children may contend with CDL/ADL
word pairs by associating the contrasting forms with different
modes of use (i.e., by classifying each variant as belonging
to a distinct register). To test this idea, we first need to establish (a) when children begin to shift away from producing
CDL-specific words, and (b) how children may be able to use
bottom-up linguistic input cues to associate lexical variants
with their associated registers (i.e., CDL vs. ADL).

Corpora
We analyzed 8,251 transcripts in the North American English collection of the Child Language Data Exchange System (CHILDES) database (MacWhinney, 2000) for children
up to 7 years of age. The included transcripts were drawn
from 52 individual corpora and featured 980 children (age
range = 1–84 months, M = 33.5 months). To further gain purchase on our question of interest with longitudinal data, we
also analyzed children’s productions in the Language Development Project (LDP) corpus (see Huttenlocher et al., 2010;
Rowe, 2008, for further details regarding participating families, recording procedures, and transcription). LDP data
included 622 transcripts from 59 English-learning children
recorded every 4 months for approximately 90 minutes from
14 to 58 months.

Current investigation
We examine a small but core subset of 15 CDL-specific words
in English (e.g., doggy, night-night, tummy) that are prevalent
in children’s early vocabularies but are eventually replaced by
ADL words (dog, goodnight, stomach). In Study 1, we analyze over 60,000 utterances of spontaneous speech from children up to seven years of age to establish when ADL variants
become more dominant in children’s own productions. That
is, when do children switch from primarily using CDL variants to primarily using ADL variants? Our data suggest that
the average age of CDL-to-ADL switch occurs around 2.5
years.
We then explore the features of children’s input that could
support this switch by examining the extent to which CDL
and ADL words are used in distinct linguistic contexts. Further processing of nearly 70,000 non-target-child utterances
(primarily from adult caregivers and addressed to the target
child) revealed that CDL and ADL variants co-occur with
reliably different patterns of prosodic, lexical, and syntactic information—cues that likely help learners associate them
with different modes of use, or emerging representations of
register.
Together, these studies push us to consider children’s vocabulary development not as a simple accumulation of words
or numeric increase in vocabulary size but rather a deepening
and restructuring of the lexicon with growing linguistic and
social maturity. The words dog and stomach do not entirely
replace doggy and tummy—rather, the contrasting forms become reserved for use with different addressees.

Table 1: CHILDES frequency for 15 CDL/ADL word pairs.
Child-produced counts include tokens produced only by the
target child.
CDL tokens

ADL tokens

Pair

Child

Other

Child

Other

doggy/dog
kitty/cat
tummy/stomach
daddy/dad
mommy/mom
bunny/rabbit
duckie/duck
blankie/blanket
froggy/frog
potty/bathroom
night night/goodnight
dolly/doll
horsey/horse
piggy/pig
birdie/bird

2,249
1,552
435
9,603
20,294
1,237
307
174
154
511
149
745
1,149
405
399

2,644
3,309
623
10,048
17,070
2,597
647
224
434
786
153
1,054
1,034
1,212
588

3,519
2,779
112
2,313
7,616
1,060
1,933
825
970
161
102
674
1,749
1,276
1,879

5,113
4,443
360
1,031
2,552
1,397
3,003
874
1,846
270
446
2,697
2,575
2,139
3,358

Target words
Fifteen CDL/ADL word pairs (30 total target words) were
selected based on two criteria: the appearance of at least
one variant on the MacArthur-Bates Communicative Development Inventory (CDI, Fenson et al., 1994), and sufficient
frequency of occurrence in CHILDES (at least 100 childproduced tokens and 100 other-produced tokens per variant).
Pairs were also selected based on our own subjective judgment that the same object, animal, routine, or body part could
be reasonably labeled with either variant by young children1 .
Across all transcripts, 64,852 child-produced utterances con-

Study 1: When do children shift from CDL to
ADL vocabulary?
We tracked children’s use of 15 CDL/ADL word pairs (Table
1) from early infancy up to age seven. Since CDL variants
rarely appear in ADL, we predicted that children would shift
away from production of these CDL-specific words with increasing age. That is, we expected to see replacement of CDL
variants with ADL variants in children’s own speech across
time.

1 While

onomatopoeic words can be used in a similar manner to
the CDL-specific words in our test set (e.g., choo-choo serving as a
CDL-specific label for train, or quack-quack for duck), these iconic
items were not included because they are primarily used as sound
effects rather than labels for objects or animals (Skarabela, Pool, &
Ota, 2018). The polysemous nature of iconic word usage does not
provide as clear of a test of replacement of CDL variants with ADL
variants over time.
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tained at least one target word and were included in our analyses.

with hundreds of children), all LDP transcripts (longitudinal, n = 59, age range = 14–58 months), and all transcripts
from the Providence corpus, a small, longitudinal subset of
CHILDES (n = 6, age range = 11–48 months: Demuth, Culbertson, & Alter, 2006). The main finding was replicated in
all three individual corpora. Children significantly increased
their production of ADL variants over age, collectively across
all CHILDES corpora (β = 0.55, SE = 0.11, t = 4.95, p <
0.001), as well as in the LDP corpus (β = 0.38, SE = 0.04,
t = 8.61, p < 0.001) and Providence corpus (β = 0.45, SE =
0.14, t = 3.23, p = 0.001). Moreover, the average CDL-toADL transition point was estimated to be around 2.5 years in
all corpora (CHILDES: 28 months, LDP: 30 months, Providence: 27 months).

Results
We asked when CDL variants are replaced by ADL variants
in children’s own speech. Using the lme4 package in R (Bates
et al., 2015; R Core Team, 2021), we fit a mixed-effects binomial logistic regression model predicting children’s production of CDL vs. ADL variants, with target child age (in
months, scaled) as a single fixed effect. Random slopes and
intercepts for word pairs were also included2 . For each target
word token, variant was coded as either 0 (CDL) or 1 (ADL).
Thus, the model captures, for each age, the probability of using ADL variants over CDL variants.
Children significantly increased their production of ADL
variants over age (β = 0.54, SE = 0.11, t = 4.92, p < 0.001
(Figure 1). The average CDL-to-ADL transition point (i.e.,
the point at which ADL variants were produced >50% of the
time) was at approximately 28 months, or 2.5 years.

Figure 1: Model-predicted increase in production of ADL
variants across age, with shaded standard error region. Gray
lines depict individual word-pair trajectories.
The trend of increasing ADL variant production was significant for 13 of 15 word pairs, but the exact trajectory
of shift varied greatly across pairs (Figure 2). In some
cases, CDL variants were replaced by ADL variants early
on (e.g., doggy/dog and kitty/cat around 2 years). For other
pairs, the CDL-to-ADL transition point was much later (e.g.,
tummy/stomach and potty/bathroom around 5 years). Finally, a clear transition point was not observed for some
pairs because ADL variants were produced >50% of the
time even at the earliest ages sampled (e.g., duckie/duck and
blankie/blanket).
To further examine the robustness of the overall effect of
increasing ADL variant use over time, we ran subset analyses on all CHILDES transcripts (primarily cross-sectional,

Figure 2: Individual word-pair trajectories for increasing production of ADL variants (blue) and decreasing production
of CDL variants (red) with age. Points indicate proportions
for each 1-month age bin. Vertical gray lines at 28 months
indicate the overall model-predicted CDL-to-ADL transition
point across all words.

2 glmer(variant ∼ age (months, scaled) + (1 + age | word pair),
family = binomial)
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Discussion

Method

Analysis of children’s own spontaneous speech revealed developmental shifts in their production of CDL vs. ADL variants, with the latter becoming increasingly more prominent
over age. As an indicator of robustness, this effect emerged in
three different corpora with vastly different sample sizes and
distinct sampling strategies (i.e., cross-sectional vs. longitudinal). We additionally found substantial pair-level variation
in the exact trajectories of CDL-to-ADL vocabulary shift, but
overall, we take children’s shifts away from CDL variants and
toward ADL variants over time as indirect evidence of their
early formation of CDL and ADL as distinct registers.

Corpora

Study 2: What linguistic information in
children’s input supports their shift from CDL
to ADL vocabulary?

Linguistic input predictors

In addition to the child-produced utterances from Study 1, we
analyzed 69,709 other-produced utterances (i.e., utterances
not produced by the target child) in the same CHILDES transcripts. The majority of utterances were produced by children’s primary caregivers (n = 58,071, or 83.3%). While, by
and large, the utterances are not annotated for addressee, our
manual scanning of the CHILDES corpora suggested that the
vast majority of this speech is addressed to the target child.
Study 2 analyses exclude the LDP corpus because it has not
been comprehensively timestamped.

All input analyses were conducted over individual utterances
containing at least one of the 30 target words from Study 1.
We quantified prosodic, lexical, and syntactic information to
describe each utterance.

We next explored children’s input (i.e., other-produced
speech), asking what linguistic information could support
their shift from CDL to ADL vocabulary. We conceptualize our second study as an investigation of the cues that could
help learners associate CDL and ADL variants with their appropriate registers.
CDL, as a register, is differentiated from ADL at multiple linguistic levels, including prosodic, lexical, and syntactic (e.g., Soderstrom, 2007). In English, CDL is associated
with higher overall pitch as well as greater variability in pitch
contours (Fernald, 1989; Vosoughi & Roy, 2012). CDL utterances are often produced more slowly (e.g., Ko & Soderstrom, 2013; Vigliocco et al., 2020; but see Martin et al.,
2016). CDL typically includes less lexical diversity (Hills,
2013) and more words that children already know (Foushee,
Griffiths, & Srinivasan, 2016). Syntactically, CDL is characterized as less complex than ADL. CDL utterances are typically shorter (Brent & Siskind, 2001; Martin et al., 2016) and
feature simpler constructions (Cameron-Faulkner, Lieven, &
Tomasello, 2003).
Here, we tested whether the linguistic features that differentiate CDL vs. ADL at the register level also differentiate the
local speech contexts surrounding CDL vs. ADL variants—
even in speech that is primarily addressed to children from
their adult caregivers (i.e., language from a single register). In
other words, can the appearance of one variant vs. the other be
predicted on the basis of individual utterance-level prosodic,
lexical, or syntactic cues?
We hypothesized that utterances with CDL variants
(vs. ADL variants) would be associated with (1) higher mean
pitch, (2) greater pitch variability, (3) slower speaking rates,
and (4) less lexical complexity. We also predicted that CDL
utterances would contain (5) fewer rare words, (6) fewer
words overall, and (7) fewer verb phrases. If these linguistic cues reliably differentiate CDL vs. ADL word usage contexts, then they could provide a viable source of information
to support children’s ability to associate these lexical variants
with their corresponding registers.

Prosodic level We measured three types of prosodic information: mean pitch (Hz), pitch range (Hz), and speech rate
(words per second). These measures were calculated over
all timestamped utterances in CHILDES (42.3% of otherproduced utterances, 41.4% of child-produced utterances).
Utterances shorter than 58ms were excluded from analysis3 . Pitch information was extracted using Praat software
(Boersma & Weenink, 2016).
Lexical level We measured two types of lexical information: complexity and rarity. Lexical complexity was defined
as the negative log proportion of known words in each utterance (consistent with Foushee, Griffiths, & Srinivasan, 2016;
Kidd, Piantadosi, & Aslin, 2012). A word was considered
‘known’ if the age of acquisition (AoA) estimate (Fenson et
al., 1994; Frank et al., 2017) was less than or equal to the
age of the target child when they heard or produced the utterance. Utterances with proportionally fewer known words
are considered more lexically complex. Lexical rarity was
determined based on overall frequency in CHILDES. For all
words with at least 10 tokens4 , we calculated a rarity score
as the negative log proportion of other-produced tokens in
CHILDES (i.e., number of tokens for a given word divided
by the sum of all tokens of all words in the full corpus). We
then averaged the rarity scores for all individual words in a
given target utterance. Utterances with more low-frequency
words are considered more lexically rare.
Syntactic level Syntactic measures included both the utterance length (in words) and number of verb phrases. The
number of words per utterance was automatically extracted
3 This lower bound was set by identifying the shortest possible
duration of an utterance containing at least one word in four manually annotated North American English corpora (see Bergelson et
al., 2019, for details).
4 Manual checks revealed that many of the lowest-frequency
words in CHILDES included idiosyncratic or erroneous transcriptions, so we excluded words with fewer than 10 tokens from our
estimates of lexical rarity to reduce noise in this measure.
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Figure 3: Coefficient estimates for linguistic predictors of variant. Positive main effects (left panel) indicate that utterances are
more likely to contain ADL variants when they have higher values for that predictor (e.g., more verbs). Positive age interactions
(right panel) indicate an increasing effect of the predictor with age. Error bars depict standard errors of the coefficient estimates,
and filled circles represent significant effects (p < 0.05).
using the childesr package (Braginsky, Sanchez, & Yurovsky,
2021). The number of verb phrases per utterance was determined using spaCy3, an automatic syntactic parser (Honnibal
et al., 2020).

to contain CDL variants, with no significant interaction with
age (β = -0.01, SE = 0.02, t = -0.77, p = 0.444). Speech rate
(i.e., words produced per second) was a positive predictor of
ADL variant (β = 0.09, SE = 0.02, t = 4.86, p < 0.001). Utterances spoken more quickly were more likely to contain ADL
variants. This input predictor also negatively interacted with
age (β = -0.07, SE = 0.02, t = -3.96, p < 0.001), indicating a
decreasing strength in predictive power across developmental
time.
At the lexical level, we found significant effects for both input predictors. Utterances with higher levels of lexical complexity (β = 0.27, SE = 0.04, t = 7.05, p < 0.001) and lexical rarity (β = 0.26, SE = 0.01, t = 22.54, p < 0.001) were
more likely to contain ADL variants. Lexical complexity did
not interact with age (β = -0.01, SE = 0.03, t = -0.22, p =
0.827); whereas, lexical rarity negatively interacted with age
such that there was a decreasing effect of this predictor over
time (β = 0.03, SE = 0.01, t = 2.7, p = 0.007).
At the syntactic level, we found significant effects of utterance length and number of verb phrases. Utterances with
more words (β = 0.19, SE = 0.01, t = 16.30, p < 0.001) and
more verb phrases (β = 0.05, SE = 0.01, t = 4.61, p < 0.001)
were more likely to contain ADL variants. Both linguistic
predictors negatively interacted with age (Length: β = -0.16,
SE = 0.01, t = -14.61, p < 0.001; Verbs: β = -0.08, SE = 0.01,
t = -7.51, p < 0.001), suggesting that the strength of these
predictors decreases across developmental time.
Across all levels of linguistic representation, children’s
productions largely mirrored others’ (all main effects and interactions shown in Figure 3). That is, children’s own utterances showed reliably different patterns of prosodic, lexical,
and syntactic information for utterances with CDL vs. ADL
variants.

Results
We ran individual mixed-effects binomial logistic regression
models of CDL vs. ADL variant use for each of seven linguistic input predictors. Models included fixed effects of linguistic predictor (scaled), target child age (in months, scaled),
and their interaction as well as random intercepts for individual word pairs and speakers5 . For each target word token,
the variant was coded as CDL (0) or ADL (1), so coefficient
estimates provide a measure of the strength of association between a predictor and ADL variants.
First, we ran our models on all other-produced utterances
(i.e., children’s input). Main effects of linguistic predictors
and interactions with age are shown in Figure 3. All models
also revealed a positive main effect of target child age (all
ps < 0.001), confirming that adults, like children in Study 1,
increase ADL variant production as their child addressees get
older.
At the prosodic level, we found significant effects for two
of the three input predictors tested. Utterance-level pitch
range was not predictive of variant (β = 0.003, SE = 0.02,
t = 0.18, p = 0.858) and did not significantly interact with
age (β = 0.02, SE = 0.02, t = 1.16, p = 0.245). However,
utterance-level mean pitch was a negative predictor of ADL
variant (β = -0.063, SE = 0.02, t = -3.25, p = 0.001). That is,
utterances with higher overall mean pitch were more likely
5 glmer(variant ∼ linguistic predictor (numeric, scaled) * age
(months, scaled) + (1 | word pair) + (1 | speaker), family = binomial)
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ing over this lexical variation may present a missed opportunity to investigate more nuanced but essential aspects of vocabulary development. The present findings on the transition
between CDL and ADL variants help demonstrate that vocabulary development taps into other major aspects of children’s
language learning, including their recognition of multiple levels of linguistic information (e.g., prosodic, lexical, and syntactic) and their broader socialization as individuals who can
effectively deploy language across variable contexts.

Analyses of children’s input revealed reliable differences
in the patterns of linguistic information surrounding CDL
vs. ADL variants. Many of the prosodic, lexical, and syntactic features that broadly differentiate CDL vs. ADL registers similarly partitioned utterances containing CDL vs. ADL
variants. Notably, these differences in local speech context emerged even in language that was primarily addressed
to children from their primary caregivers (i.e., language
likely from a single register—CDL). This finding underscores
the idea that register production reflects stylistic linguistic
choices by the person producing the utterance and does not
necessarily require the prototypical communicative context
(e.g., a caregiver can use ADL-like utterances when talking
to a young child).
While we do not yet know if these linguistic cues are indeed exploited by learners, this study identifies which patterns appear learnable in principle and which patterns are
reflected in children’s own productions. More broadly, this
work provides support for the possibility that associations
with CDL vs. ADL registers help learners grasp the differences in the contexts of CDL vs. ADL variant use and thereby
support their gradual transition away from production of more
contextually-constrained CDL-specific words. A next step is
to experimentally test how well children across this age range
perceive words as CDL- or ADL-relevant given the surrounding linguistic context, or how their expectations for hearing
one variant vs. the other may be modulated by linguistic cues
such as mean pitch, lexical complexity, and utterance length.

Developing linguistic and social knowledge in
tandem
Children’s linguistic knowledge builds around and together
with their social knowledge. The lexical variants of CDL
vs. ADL registers are just one example of socially meaningful linguistic variation in children’s input. Variation also
appears across languages, dialects, accents, and other types
of registers (e.g., pedagogical, narrative, etc.). Over time,
children become increasingly aware of the fact that language
style is modulated by a variety of social factors, including
the identities of speakers (e.g., from different social groups:
Liberman, Woodward, & Kinzler, 2017) along with their addressees (e.g., young children vs. adults: Ikeda, Kobayashi,
& Itakura, 2018; Soley & Sebastian-Galles, 2020). Children
may therefore be able to leverage this social knowledge when
learning language. We see examples of this in the context
of word learning when children show flexibility in applying
the mutual exclusivity heuristic in accordance with the social conditions under which new words are introduced (e.g.,
Weatherhead et al., 2021), and here, too, children’s shifts
from CDL to ADL vocabulary are likely supported by their
emerging knowledge about the contexts in which different
registers are used.
We focus here on the issue of encountering multiple labels for the same referent in early word learning, but children
also face the inverse problem—one label for many different
referents (e.g., Casey et al., 2021; Meylan et al., 2021). We
see these puzzles of word learning as interrelated—and given
children’s early success in contending with both sources of
variability, as evidence that learning happens at multiple levels.
Rather than conceptualizing vocabulary development as
the simple tallying up of new ‘known’ words in a relatively
low-dimensional semantic space, there is richness to be found
in interactions with other types of information (linguistic, social, etc.) and in analyses of change over time. Exploring
children’s use words in varying forms and contexts can provide insight into the patterns of information that supported
their learning in the first place.

General Discussion
In the current studies, we establish that children shift away
from production of CDL-specific words (e.g., doggy and
tummy) over age. As predicted, these child-centric words
are replaced by ADL equivalents—dog and stomach—at least
until they again become relevant when talking to younger
children. Further, we identify patterns in children’s linguistic
input (i.e., other-produced speech) that could support their
discovery of associations between CDL/ADL variants and
their typical modes of use (i.e., incipient representations of
register).

More than vocabulary size: Understanding words
and using them in context
By analyzing spontaneous language production in the present
studies, we find variation in form that is often overlooked
but may be crucial for understanding how children’s vocabularies develop. Widely-used caregiver-reported (Fenson et
al., 1994) and researcher-administered (Dunn & Dunn, 1965)
vocabulary measures typically ask for a binary indication of
whether a child ‘knows’ a word. For good reason, these surveys and tests often gloss over variations in form. This standardization helps with generalizing over many idiosyncrasies,
which allows for large-scale, even cross-linguistic, comparisons (e.g., Frank et al., 2017, 2021). At the same time, gloss-

Data Availability
All anonymized data and analysis scripts can be
found at the following link:
https://github.com/kennedycasey/RegisterShift.
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Abstract

under which we typically observe people’s choices (e.g.,
within neighborhoods, schools, and broader society) are often
stable over time. We therefore adapted the established toy
choice paradigm to address the impact of stable constraints
on children’s reasoning. We hypothesized that when
constraints remain constant, children would be more likely to
assume that an agent’s choice is caused by their preferences.
Evidence for the hypothesis that reasoners are less likely
to consider constant constraints as a causal factor appears in
the adult literature on causal attribution. This research finds
that people are less likely to attribute causal outcomes to
typical over atypical events, even when both events are
relevant causes (Cheng & Novick, 1991; Hilton & Slugoski,
1986). Kirfel and Lagnado (2021) describe two incidents that
highlight this tendency: When explaining what caused a dust
explosion in a warehouse, people were less likely to cite the
presence of dust particles (a typical event) and more likely to
reference a dropped cigarette (an atypical event). This
attribution is reversed for contexts where smoking is more
common than dust: When explaining what caused a dust
explosion at a music festival, people were less likely to cite
attendees’ cigarette smoking (a typical event) and more likely
to attribute the explosion to the spray of a combustible
powder (an atypical event).
While the causal attribution literature describes how
environmental contexts can vary in their perceived relevance
based on their typicality, research on the inherence heuristic
suggests that environmental causes are generally not salient
to people (Cimpian & Salomon, 2014; Horne et al., 2019).
This work finds that when children and adults are not
reminded or informed about the presence of environmental
causes, they tend to be biased toward inherent explanations
that focus on intrinsic properties of the person or object
(Salomon & Cimpian, 2014; Sutherland & Cimpian, 2019).
Here, we aim to integrate these two proposals: We posit that
children will be less attentive to constraints that are stable
over time (in line with theories of causal attribution), and the
fact that constraints are often stable in the real world may
contribute to children’s tendency to neglect environmental
causes (in line with inherence heuristic).
Embedded in this proposal is the claim that children may
be more likely to consider constraints when they are atypical.
For example, constraints may become salient after first
observing several choices made in unconstrained contexts.
This contrast between situations that vary in the presence of
constraints may help children keep the relevant alternative in
mind when reasoning about constrained actors: that the

Research has documented children’s understanding that a
choice made when constrained to a single option is a poor
indicator of another person’s preference. However, when
constraints are constant over time—as they often are in social
contexts—they may lose their salience. We examined whether
children (N = 133, 5- to 12-year-olds) were more likely to
refrain from inferring that a constrained actor prefers their
choice if they first observe unconstrained actors (Alternatives
condition) compared to if they only observe constrained actors
(Constant condition). Presence of alternatives was crossed with
constraint type: either the second option was hard to access or
there was no other option. In line with our predictions, results
indicated that observing alternative situations with greater
choice increased children’s subsequent attention to constraints.
Effects were stronger for the hard to access constraint and for
older children.
Keywords: reasoning; alternatives; constraints; preferences

Introduction
To infer another person’s desires from the choices they make,
it is important to consider the constraints under which their
choices were made. In particular, observers should recognize
that a choice made from limited options provides incomplete
information about another’s preferences; the choice could
have been based on the agent’s desires or because there were
few options available (Jara-Ettinger et al., 2015; Kushnir et
al., 2010; Pesowski et al., 2016). Not only is understanding
the causal ambiguity of constrained choices important for
navigating daily social life, it is foundational for
understanding more complex social issues (e.g., recognizing
that structural constraints should temper intrinsic
explanations for social inequality; Amemiya et al., 2021,
2022; Peretz-Lange et al., 2021; Vasilyeva et al., 2018).
Prior research suggests that a basic capacity to understand
the ambiguity of constrained choices emerges in early
childhood. In the typical toy choice paradigm, children
observe an agent select a toy over one that is out of reach
(Jara-Ettinger et al., 2015; Pesowski et al., 2016), or an agent
selects a toy in which there is no other option available
(Garvin & Woodward, 2015; Kushnir et al., 2010). This
research finds that young children generally refrain from
inferring a preference when observing these constrained
actions. In the present study, we examined 5- to 12-year-old
children’s constraint reasoning in light of a particular
characteristic of the social world: that constraints tend to
remain constant. Specifically, the environmental conditions
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environment could have been designed to provide greater
choice. As a result, children may be more likely to recognize
that a constrained choice is causally ambiguous, since it may
have been driven either by the agent’s desire or by the
environmental constraint.
Although the availability of alternatives has not been
examined in the context of constraint reasoning, this has been
shown to scaffold more sophisticated reasoning across a wide
range of inferences (see Namy & Clepper, 2010). For
example, 4- and 5-year-olds are able to recognize when a
teacher is providing under-informative instruction if they first
observe a more informative teacher, but they fail to do so
without this contrast (Gweon & Asaba, 2018). Relatedly, 3and 4-year-olds generally reject testimony from an inaccurate
informant when it is presented in contrast with testimony
from a more accurate informant, but will accept this
testimony in the absence of a conflicting viewpoint
(Vanderbilt et al., 2014). A similar effect is found in
children’s pragmatic reasoning: 5-year-olds correctly infer
that “some” implies “not all” when they first hear “all” in the
proper context, but misinterpret “some” to mean “all” without
this alternative (Skordos & Papafragou, 2016).
With respect to constraint reasoning, there is some
research to suggest that contextual cues also matter. For
example, while Kushnir et al. (2010) found that preschoolers
rationally infer preferences when observing constrained
actions, Garvin and Woodward (2015) found that slight
deviations in framing (e.g., framing the task as figuring out
what makes the agent “happy” versus what the agent “gets”)
changes the inferences that children make. Other constraint
studies have included (but not manipulated) contextual
supports, which may have been critical for children’s
understanding. In a study by Pesowski et al. (2016) the
constrained toy was more attractive (i.e., larger and more
colorful) than the unconstrained toy, perhaps highlighting
that picking the available, less attractive toy did not
necessarily reflect the agent’s preference. Most relevant to
the current study, Jara-Ettinger et al. (2015) found that 5- and
6-year-olds successfully refrained from inferring preferences
from constrained actions when the relevant alternative was
available (i.e., children were able to observe what the agent
chooses when constrained and when unconstrained).
We also considered whether the presence of alternatives
interacts with two factors: constraint type and children’s age.
Specifically, we examined two constraints used in prior work:
when a second toy was hard to access (a probabilistic
constraint that lowers the chances of accessing the other
option), and when there was no other option (a deterministic
constraint that completely forbids access to another choice)
(Amemiya et al., 2021; Garvin & Woodward, 2015; JaraEttinger et al., 2015; Kushnir et al., 2010; Pesowski et al.,
2016). One possibility is that alternatives may matter more
when the constraint is probabilistic. Under probabilistic
constraints, children may reason that the actor could have
acted differently (e.g., persisted more to get the other option),
and thus infer that the choice to remain constrained may
reflect a true preference for that option. In line with this

hypothesis, Kushnir et al. (2010) found that children make
stronger preference inferences when constraints on choice are
weakened (see also Walker et al., 2015).
Another open question is whether the presence of
alternatives interacts with children’s age. We consider two
possible results. On the one hand, alternatives may be more
beneficial to younger children, given that they struggle more
with constraint reasoning (Amemiya et al., 2021; Pesowski et
al., 2016; see also Gweon & Asaba, 2018). However,
although older children show greater sensitivity to
constraints, the robustness of this tendency can vary
depending on the context (e.g., it weakens when they reason
about stereotypical choices; Amemiya et al., 2021). As such,
when relevant alternatives are made available, older children
may be most able to benefit from such scaffolding. We
included a wide age range (5 to 12 years) to test these
possibilities.

The Present Study
The present study examined whether children are more
sensitive to environmental constraints when they first
observe alternative situations with greater choice
(Alternatives condition), compared to when they only
observe constrained choices (Constant condition). We tested
whether the presence of alternatives interacts with constraint
type (a probabilistic [hard to access] versus deterministic [no
other option] constraint) and children’s age (5 to 12 years
old).

Methods
Participants
Participants were 133 children, aged 5 to 12 years, recruited
via online platforms, including social media and
ChildrenHelpingScience.com (M = 8.70 years, SD = 2.07;
55% female; 55% White, 34% Asian, 5% Latinx, and 3%
mixed race or ethnicity; 91% from the United States, 2% from
the United Kingdom, 2% from India, 2% from Canada, 2%
from Israel, < 1% from Mexico). All interviews were
conducted in English, with the exception of one interview
that was conducted in Spanish. An additional three
participants were excluded from analysis because of parental
interference. All procedures were approved by the
Institutional Review Board at the associated university and
informed consent was obtained for all participants.
Procedure and Measures
Children were tested in a live Zoom session by an
experimenter who narrated an animated PowerPoint
presentation that was displayed on a shared screen.
Participants were randomly assigned to one of four betweensubjects conditions (Presence of Alternatives x Constraint
Type): (1) Alternatives/Hard to Access; (2) Constant/Hard to
Access; (3) Alternatives/No Other Option; (4) Constant/No
Other Option. See Figure 1 for all study conditions.
Children observed three toy choices. Of interest was
children’s reasoning about the third trial, which was a
constrained choice across all conditions. In the Alternatives
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Figure 1: Study conditions (Presence of Alternatives X Constraint Type)
condition, the first two choices children observed were
unconstrained (two protagonists had access to both toy
options). In the Constant condition, the first two choices
children observed were constrained. With respect to
constraint type, the choice was constrained either because the
second toy option was hard to access or because there was no
other option.
We made several design decisions to ensure that the
constrained choice was uninformative. First, we told
participants that the protagonist had to pick a toy, and since
there was no possibility of refraining from choosing,
selecting the only toy available yields little information about
the protagonist’s desires. Second, because pilot work
suggested that children paid attention to the character’s facial
expression to decide whether they liked the toy, we had the
protagonist’s face turned away so no affective reaction was
available. We also had a comprehension check after each
scenario to ensure children understood the constraint or lack
thereof (i.e., children were asked which shelf the protagonist
could reach or which toys were available); children passed
this check on 99% of the trials.
Each of the scenarios featured different protagonists,
which had several benefits. First, children had no information
about the final protagonist (e.g., whether the protagonist
typically takes what is available to them), again reducing the

information they have about their preferences. Second, this
was a more stringent test of the effect of observing
alternatives on reasoning—we could determine whether
viewing unconstrained choices in general prompts sensitivity
to constraints on a novel individual’s choice.
Finally, we included a direct assessment of a preference
inference. Prior work has used an indirect measure in which
children are asked which toy the character likes more;
choosing at random indicates that they are not inferring a
preference (e.g., Kushnir et al., 2010). Here we asked whether
the character likes the selected toy more than the unselected
toy. This decision was based on pilot work showing that
children failed to refrain from inferring preferences when
they were asked the indirect question. We also asked children
to justify their inferences to assess whether they were
explicitly attending to the constraint.
Below are the three scenarios for the hard to access
constraint (see Appendix for the no other option constraint
version). We have bolded the text that was manipulated
across conditions:
[Trial 1: Pre-test Trial]
Here is a girl named Bailey and today is her first day at
school. At Bailey’s school there is a short toy shelf and a tall
toy shelf. Bailey is really small, and she can only reach toys
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from the short shelf. Can you remind me, which shelf can
Bailey reach toys from?

Mentioning constraint. Children were coded as
mentioning the constraint if they referenced the barrier in
their explanations for their preference judgments. For the
hard to access constraint, this included mentioning the shelf
height or the protagonist’s inability to reach the other option,
such as, “Because Cody cannot reach the higher shelf, so she
can only pick the circle toy.” For the no other option
constraint, this included saying the protagonist lacking any
other choice, such as, “Because the triangle toy wasn’t on the
toy shelf.” Inter-rater agreement between the two coders was
high, Cohen’s κ = .92.
A logistic regression indicated these two measures were
positively related, B = 2.80, p < .001, 95% CI [1.97, 3.72],
OR = 16.43, such that children who refrained from inferring
a preference were more likely to mention the constraint.

For the first activity of the day, the teacher tells Bailey that
she has to pick one toy. First Bailey sees this boat. This boat
is on the shorter one and she can reach it. Then Bailey sees
this plane. This plane is [also on the shorter one and she
can reach it/way up on the taller one and she cannot reach
it]. Then Bailey takes the boat. Now I have a question for
you. Do you think that Bailey likes the boat more than the
plane? Why is that?
[Trial 2: Pre-test Trial]
Here is a girl named Sam and today is her first day at school
(a different-colored school is shown). At Sam’s school there
is a short toy shelf and a tall toy shelf. Sam is also really
small, and she can only reach toys from the short shelf. Can
you remind me, which shelf can Sam reach toys from?

Results
Refraining from preference inference. We ran a logistic
regression predicting whether children refrained from
inferring a preference as a function of age (centered at the
mean age, 8.70 years), alternatives condition (with the
Constant condition as the reference group), constraint type
(with Hard to Access as the reference group), and the
interaction between alternatives condition and constraint
type, and alternatives condition and age. The three-way
interaction between age, alternatives condition, and
constraint type was not significant and not included in the
final model.
The logistic regression indicated a significant interaction
between alternatives condition and constraint type, B = -1.87,
p < .05, 95% CI [-3.55, -0.26], OR = 0.15, as well as between
alternatives and age, B = 0.43, p < .05, 95% CI [0.02, 0.87],
OR = 1.54. As shown in Figure 2, the presence of alternatives
significantly increased children’s tendency to refrain from
inferring a preference for the hard to access constraint type,
and the difference between conditions was greater among
older children across constraint types.

For the first activity of the day, the teacher tells Sam that she
has to pick one toy. First Sam sees this basketball. This
basketball is on the shorter one and she can reach it. Then
Sam sees this baseball. This baseball is [also on the shorter
one and she can reach it/way up on the taller one and she
cannot reach it]. Then Sam takes the basketball. Now I have
a question for you. Do you think that Sam likes the basketball
more than the baseball? Why is that?
[Trial 3: Test Trial]
Here is a girl named Cody and today is her first day at school
(a different-colored school is shown). At Cody’s school there
is a short toy shelf and a tall toy shelf. Cody is also really
small, and she can only reach toys from the short shelf. Can
you remind me, which shelf can Cody reach toys from?
For the first activity of the day, the teacher tells Cody that she
has to pick one toy. First Cody sees this circle toy. This circle
toy is on the shorter one and she can reach it. Then Cody sees
this triangle toy. This triangle toy is way up on the taller one
and she cannot reach it. Then Cody takes the circle toy. Now
I have a question for you. Do you think that Cody likes the
circle toy more than the triangle toy? Why is that?
Dependent measures. At test (i.e., the final, third scenario),
we examined children’s tendency to (a) refrain from inferring
a preference, and (b) tendency to mention the constraint.
Refraining from preference inference. Children were
coded as refraining from inferring a preference if they
responded negatively to the question, “Do you think that
Cody likes the circle toy more than the triangle toy?” such as
saying, “no,” or “not really,” or expressing uncertainty, such
as, “I don’t know.” In contrast, inferring a preference
included answers that were affirmative responses, for
example, “yes,” or explicitly stating the preference inference,
such as, “I think she likes the circle toy better.” Two coders
showed high inter-rater agreement in categorizing children’s
preference inferences, Cohen’s κ = .98.

(a)
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Discussion
This study examined the role of alternatives in children’s
constraint reasoning. Results indicated that, as hypothesized,
presenting children with alternative scenarios with greater
choice increased their attention to constraints when reasoning
about a later constrained actor. We also found that the effects
of alternatives were stronger for the hard to access constraint
and for older children.
Overall, we find support for the hypothesis that children’s
observations of unconstrained choices can increase the
salience of constraints on others’ actions. The results align
with prior studies that find providing children with the
relevant alternatives can improve children’s reasoning across
a range of domains (Gweon & Asaba, 2018; Namy &
Clepper, 2010; Skordos & Papafragou, 2016; Vanderbilt et
al., 2014). The direct contrast between unconstrained and
constrained choices may point to the constraint as a potential
“difference-maker” for the agent’s actions (see also Goddu &
Gopnik, 2020), leading children to recognize that strong
preference inferences are unwarranted. However, we also
found that the strength of this effect varies by the type of
constraint and children’s age.
In explaining why alternatives mattered more for the hard
to access constraint, we first consider why children easily
misread this constrained choice as informative when no
alternatives were provided. One possibility is that children
interpreted this type of constraint to be probabilistic rather
than deterministic, and in turn, reason that the agent could
have could have tried harder to get the other toy option if they
had strongly preferred it. Indeed, some children who inferred
a preference stated that the agent could have asked the teacher
for help if they really wanted the other option (see also
Walker et al., 2015). However, we note that inferring a
preference is still generally unwarranted in this case: Even if
the agent chooses not to expend the energy to obtain the hard
to access toy, it could be that the agent prefers both toys
equally but selects the toy that has a lower cost associated
with acquiring it (Jara-Ettinger et al., 2016).
When provided with alternatives, however, children were
significantly more likely to attend to the hard to access
constraint. Children in this condition may have had a
different counterfactual in mind: the greater choice that the
environment could have provided rather than the additional
energy that the agent could have exerted. In this way, the
environmental constraint may have been perceived as having
a greater causal role in the agent’s choice. This result and
interpretation are supported by prior research findings
indicating that reasoners are more likely to attribute blame to
atypical, rather than typical, causal factors (Cheng & Novick,
1991; Hilton & Slugoski, 1986; Kirfel & Lagnado, 2021).
We also find that the presence of alternatives can have a
stronger effect for older children than younger children.
While older children can readily consider constraints when
prompted with the relevant alternatives, younger children
may need even stronger scaffolding. Here, we made the toys
equally attractive, which might have reduced younger
children’s attention to the constrained toy. Indeed, 5-year-

(b)
Figure 2: Probability of refraining from preference inference
as a function of constraint type, age, and alternatives
condition. Means and 95% CIs around means are reported.
Mentioning constraint. We ran a logistic regression
predicting whether children mentioned the constraint as a
function of age (centered at the mean age, 8.70 years),
alternatives condition (with the Constant condition as the
reference group), and constraint type (with Hard to Access as
the reference group). There were no significant 2- or 3-way
interactions among these variables.
The logistic regression indicated that older children were
more likely to mention the constraint, B = 0.50, p < .001, 95%
CI [0.29, 0.73], OR = 1.64. Moreover, children who were
observed the no other option constraint type were less likely
to mention the constraint, B = -1.11, p < .01, 95% CI [-1.96,
-0.31], OR = 0.33.
Critically, as shown in Figure 3, there was a main effect
of alternatives condition, in which the presence of
alternatives significantly increased children’s tendency to
mention the constraint across constraint types, B = 1.46, p <
.001, 95% CI [0.65, 2.32], OR = 4.29.

Figure 3: Probability of mentioning the constraint as a
function of the alternatives condition. Means and 95% CIs
around means are reported.
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olds in past research have shown greater sensitivity to
constraints when the constrained actor takes a less attractive
choice (Pesowski et al., 2016).
Taken together, our findings suggest that current
theorizing about children’s constraint reasoning may require
some revision. Prior work typically characterizes children’s
consideration of constraints as robust, particularly once they
reach 5 to 6 years of age (Jara-Ettinger et al., 2015; Pesowski
et al., 2016). The current results provide evidence to the
contrary, indicating that, in some contexts, this capacity
continues to develop throughout middle to late childhood.
Furthermore, we find that even much older children can fail
to consider certain constraints without the presence of
alternatives.
We designed the present study to provide information
about how children reason about constraints that share certain
characteristics with constraints in the social world. We found
that even older children were likely to neglect the constraint
when in the constant, hard to access (probabilistic) condition.
Considering that real-world constraints tend to have these
two characteristics—they are constant, but have probabilistic
effects—our results may shine light on why people often fail
to consider constraints in their explanations of societal
outcomes (Salomon & Cimpian, 2014; Sutherland &
Cimpian, 2019). An interesting future step is to see whether
our results replicate with more realistic constraints, for
example, asking children to reason about agents making
academic choices when they have few educational
opportunities.
Learning about others from the choices they make requires
children to consider information about the constraints those
individuals experience. The current findings suggest that,
rather than representing an early-developing, robust,
universal tendency, consideration of constraints depends on
children’s age, the presence of alternatives, and constraint
type. Future research would benefit from further
investigating when constraints are and are not salient to
children, and what consequences this may have for the
inferences they make about the social world.

[Trial 2: Pre-Test Trial]
Here is a girl named Sam and today is her first day at school
(a different-colored school is shown). At Sam’s school there
is a toy shelf with [a basketball and a baseball on it/a
basketball on it]. Can you remind me, what is on the toy
shelf?
For the first activity of the day, the teacher tells Sam that she
has to pick one toy. [First/(nothing)] Sam sees the
basketball. [Then Sam sees the basketball./(no other
sentence)] Then Sam takes the basketball. Now I have a
question for you. Do you think that Sam likes the basketball
more than [the/this] baseball (for constrained choice,
baseball pops up on the righthand side of the screen)? Why is
that?
[Trial 3: Test Trial]
Here is a girl named Cody and today is her first day at school
(a different-colored school is shown). At Cody’s school there
is a toy shelf with a circle toy on it. Can you remind me, what
is on the toy shelf?
For the first activity of the day, the teacher tells Cody that she
has to pick one toy. Cody sees the circle toy. Then Cody takes
the circle toy. Now I have a question for you. Do you think
that Cody likes the circle toy more than this triangle toy
(triangle toy pops up on the righthand side of the screen)?
Why is that?

Acknowledgments
The writing of this article was supported by the Eunice
Kennedy Shriver National Institute of Child Health & Human
Development of the National Institutes of Health under
Award Number F32HD098777 awarded to Jamie Amemiya.
The content is solely the responsibility of the authors and
does not necessarily represent the official views of the
National Institutes of Health. We are grateful to members of
the Early Learning and Cognition Lab for their feedback on
the ideas presented in this manuscript.

Appendix
Below are the no other option constraint scenarios.

References

[Trial 1: Pre-test Trial]
Here is a girl named Bailey and today is her first day at
school. At Bailey’s school there is a toy shelf with [a boat
and a plane on it/a boat on it]. Can you remind me, what is
on the toy shelf?

Amemiya, J., Mortenson, E., Ahn, S., Walker, C. M., &
Heyman, G. D. (2021). Children acknowledge
physical constraints less when actors behave
stereotypically: Gender stereotypes as a case study.
Child
Development.
https://doi.org/10.1111/cdev.13643
Amemiya, J., Mortenson, E., Heyman, G. D., & Walker, C.
(2022). Thinking structurally: A cognitive
framework for understanding how people attribute
inequality to structural causes. Perspectives on
Psychological
Science.
https://doi.org/10.31234/osf.io/47wr6

For the first activity of the day, the teacher tells Bailey that
she has to pick one toy. First Bailey sees the boat. [Then
Bailey sees the plane./(no other sentence)] Then Bailey
takes the boat. Now I have a question for you. Do you think
that Bailey likes the boat more than [the/this] plane (for
constrained choice, plane pops up on the righthand side of the
screen)? Why is that?

62

Cheng, P. W., & Novick, L. R. (1991). Causes versus
enabling conditions. Cognition, 40(1–2), 83–120.
https://doi.org/10.1016/0010-0277(91)90047-8
Cimpian, A., & Salomon, E. (2014). The inherence heuristic:
An intuitive means of making sense of the world,
and a potential precursor to psychological
essentialism. Behavioral and Brain Sciences, 37(5),
461–480.
https://doi.org/10.1017/S0140525X13002197
Garvin, L. E., & Woodward, A. L. (2015). Verbal framing of
statistical evidence drives children’s preference
inferences.
Cognition,
138,
35–48.
https://doi.org/10.1016/j.cognition.2015.01.011
Goddu, M. K., & Gopnik, A. (2020). Learning what to
change: Young children use “difference-making” to
identify causally relevant variables. Developmental
Psychology,
56(2),
275–284.
https://doi.org/10.1037/dev0000872
Gweon, H., & Asaba, M. (2018). Order matters: Children’s
evaluation of underinformative teachers depends on
context. Child Development, 89(3), e278–e292.
https://doi.org/10.1111/cdev.12825
Hilton, D. J., & Slugoski, B. R. (1986). Knowledge-based
causal attribution: The abnormal conditions focus
model. Psychological Review, 93(1), 75–88.
https://doi.org/10.1037/0033-295X.93.1.75
Horne, Z., Muradoglu, M., & Cimpian, A. (2019).
Explanation as a cognitive process. Trends in
Cognitive
Sciences,
1,
272–310.
https://doi.org/10.1016/j.tics.2018.12.004
Jara-Ettinger, J., Gweon, H., Schulz, L. E., & Tenenbaum, J.
B. (2016). The naïve utility calculus: Computational
principles underlying commonsense psychology.
Trends in Cognitive Sciences, 20(8), 589–604.
https://doi.org/10.1016/j.tics.2016.05.011
Jara-Ettinger, J., Gweon, H., Tenenbaum, J. B., & Schulz, L.
E. (2015). Children’s understanding of the costs and
rewards underlying rational action. Cognition, 140,
14–23.
https://doi.org/10.1016/j.cognition.2015.03.006
Kirfel, L., & Lagnado, D. (2021). Causal judgments about
atypical actions are influenced by agents’ epistemic
states.
Cognition,
212,
104721.
https://doi.org/10.1016/j.cognition.2021.104721
Kushnir, T., Xu, F., & Wellman, H. M. (2010). Young
children use statistical sampling to infer the
preferences of other people. Psychological Science,
21(8),
1134–1140.
https://doi.org/10.1177/0956797610376652
Namy, L. L., & Clepper, L. E. (2010). The differing roles of
comparison
and
contrast
in
children’s
categorization. Journal of Experimental Child
Psychology,
107(3),
291–305.
https://doi.org/10.1016/j.jecp.2010.05.013
Peretz-Lange, R., Perry, J., & Muentener, P. (2021).
Developmental shifts toward structural explanations
and interventions for social status disparities.

Cognitive
Development,
58,
101042.
https://doi.org/10.1016/j.cogdev.2021.101042
Pesowski, M. L., Denison, S., & Friedman, O. (2016). Young
children infer preferences from a single action, but
not if it is constrained. Cognition, 155, 168–175.
https://doi.org/10.1016/j.cognition.2016.07.004
Salomon, E., & Cimpian, A. (2014). The Inherence Heuristic
as a Source of Essentialist Thought. Personality and
Social Psychology Bulletin, 40(10), 1297–1315.
https://doi.org/10.1177/0146167214541659
Skordos, D., & Papafragou, A. (2016). Children’s derivation
of scalar implicatures: Alternatives and relevance.
Cognition,
153,
6–18.
https://doi.org/10.1016/j.cognition.2016.04.006
Sutherland, S. L., & Cimpian, A. (2019). Developmental
evidence for a link between the inherence bias in
explanation and psychological essentialism. Journal
of Experimental Child Psychology, 177, 265–281.
https://doi.org/10.1016/j.jecp.2018.06.002
Vanderbilt, K. E., Heyman, G. D., & Liu, D. (2014). In the
absence of conflicting testimony young children
trust inaccurate informants. Developmental Science,
17(3), 443–451. https://doi.org/10.1111/desc.12134
Vasilyeva, N., Gopnik, A., & Lombrozo, T. (2018). The
development of structural thinking about social
categories. Developmental Psychology, 54(9),
1735–1744. https://doi.org/10.1037/dev0000555
Walker, D. E., Smith, K. a, & Vul, E. (2015). The
“fundamental attribution error” is rational in an
uncertain world. Proceedings of the 37th Annual
Conference of the Cognitive Science Society, 2547–
2552.

63

Readers do not strongly rely on full-context information, but might utilize local
word statistics, when ‘correcting’ word transposition errors in text
Kuan-Jung Huang (kuanjunghuang@umass.edu) & Adrian Staub (astaub@umass.edu)
Department of Psychological and Brain Sciences, University of Massachusetts Amherst
135 Hicks Way, Amherst, MA 01003

Abstract

message ultimately being comprehended nonliterally. The
more similar in form the intended and the perceived messages
are, and the more plausible the intended message is, the more
likely a nonliteral reading will be.
However, it is not known exactly what readers use as the
prior (P(si)) for this Bayesian calculation. The current study
addresses this question by separately manipulating two
variables potentially associated with P(si), in the empirical
domain of misreading sentences containing word
transpositions, repetitions, and omissions. In other words, we
aim to identify what properties of the error-involving words
determine the detectability of these errors.
Recent studies have reported readers’ occasional failure
to notice that two words in a sentence are actually transposed
(Mirault, Grainger, & Snell, 2018; Huang & Staub, 2021b,
see (1)), that a the is repeated, or that a the is omitted in a
sentence (Staub et al., 2019).

Rational inference over a noisy channel can potentially explain
readers’ occasional misreading. We tested if the prior
probability of an intended message modulates the rate of
misreading a transposed-word sentence as grammatical. In
Experiment 1 we manipulated the cloze probability of a word
given its full context (Because my socks had holes, I bought a
new pair/pack) but found no reliable effect on the rate of
noticing word transpositions (pair new vs. pack new). In
Experiment 2 we manipulated the 4-gram frequency of the
sequence ending with the transposed words and again found no
effect (I always know what mean they vs. love they). We
conclude readers do not effectively exploit full-context
information to derive nonliteral messages. Despite the results
of Experiment 2, comparison of error rates across conditions in
several experiments suggests a role for local ngram statistics,
though perhaps only in a restricted range of ngram frequency.
Keywords: rational inference; misreading; ngram statistics

(1) A clear sky blue is common here.

Introduction
While traditional approaches to sentence comprehension
during reading assume that the parsing system takes in noisefree perceptual input (e.g., Frazier & Fodor, 1978), recent
frameworks view sentence comprehension as a rational
process that takes into account potential noise during the
communication process (Levy, 2008a; Futrell, Gibson, &
Levy, 2020). This has been supported by empirical evidence
of nonliteral reading in both behavioral and eye-tracking
studies (Levy, Bicknell, Slattery, & Rayner, 2009; Gibson,
Bergen, & Piantadosi, 2013; Staub, Dodge, & Cohen, 2019).
This rational approach can be formalized as optimal Bayesian
decoding of the intended, underlying message based on the
perceived, surface message, as in the following equation:

This misreading of such ungrammatical sentences as
grammatical sentences could be evidence for reading as a
rational process. The perceived transposition of the words sky
and blue could, for example, be attributed to the combination
of a possibility that the reader has not fixated the two words
in the correct order, and the high probability of the intended
message a clear blue sky (see Huang and Staub, 2021c, for
review).
In a post-hoc analysis, Huang and Staub (2021a)
observed a high item-wise correlation between the rate of
failure to notice transpositions and the bigram log frequency
of the transposed words in their canonical order (e.g., blue
sky), even though this variable was not systematically
manipulated. As a follow-up investigation, we re-examined
the data from Experiment 3 in Huang1 (2021, unpublished
master’s thesis), and again found a strong correlation (Figure
1) between the rate of failure to notice a transposition and the
trigram ending with the transposed words (e.g., clear blue
sky 2 ). Notably, while several factors were experimentally
manipulated, differences in the error rate across the
conditions appeared to be explainable also by differences in
mean trigram log frequency (the bullseyes in Figure 1), and
moreover, within each experimental condition, the item-wise
variation also was well captured by trigram log frequency.
This finding provides preliminary support for the rational

P(si|sp) ∝ P(si) P(sp|si)
Here si is a message intended by the producer, and sp is
the message perceived by the comprehender. P(si) is the prior
probability of an intended message based on the reader’s
language experience and world knowledge. P(sp|si) is the
likelihood of the intended message being corrupted into the
perceived message by noise during the communication
process (e.g., the perceiver’s errors, the producer’s errors,
environmental noise). The probabilities P(si) and P(sp|si)
jointly determine the probability of the perceived surface
1
The experimental paradigm in both Huang (2021) and Huang
and Staub (2021a) was the same as in the current study. See Methods
for detail.

2
As in the example sentence (1), all transposed words were at the
third and fourth positions in the sentence, in that experiment.
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approach, as the frequency of the intended sequence
presumably reflects its prior probability, P(si). The higher the
frequency of the critical words in their untransposed order,
the more likely it is that readers will interpret them as
occurring in that order.
However, if reading is fully rational such that a reader
makes use of all available information sources, the intended
message that is considered should include all the preceding
context, i.e., 4-gram log frequency in Huang’s material, e.g.,
a clear blue sky. However, a notable problem with ngram
models is the sparsity of exactly matching long sequences in
any corpus. Indeed, among the 120 items used in Huang
(2021), 97 had zero 4-gram occurrences in the 1-billon word
COCA corpus (Davies, 2019). Experiment 1 of the current
study formally tests the hypothesized role of P(si), with si
containing the full preceding context, while avoiding the
sparsity problem of the ngram approach. We manipulated the
cloze probability of the second word in its canonical order
(e.g., P(sky|a clear blue)) as a proxy for the probability of the
whole string: The conditional probability3 of a word given its
preceding context is proportional to the probability of the
whole sequence, when the preceding context is held the same:

(final N = 82) as (1) they failed to provide human-like or
native-speaker-like answers to our antibot questions (n=55)
or (2) their accuracy on the comprehension questions
following fillers or their accuracy in accepting well-formed
sentences was below 70% (n=26) or (3) their accuracy in
detecting transposition errors was significantly lower than
chance level (i.e., answering correctly in fewer than 6
transposition trials—the 5th percentile of a binomial
distribution with 20 trials and 50% probability of success, n
=7).
Materials The within-item manipulations in Experiment 1
were the order of two critical words (grammatical, 2a-b, vs.
transposed, 2c-d) and the cloze/conditional probability of the
second transposed word in the words’ grammatical order
(high, 2a and 2c, vs. low, 2b and 2d).
(2a) Because my socks had holes, I bought a new pair…
(2b) Because my socks had holes, I bought a new pack…
(2c) *Because my socks had holes, I bought a pair new…
(2d) *Because my socks had holes, I bought a pack new…
We adapted 80 stimuli from a large-scale cloze norming
study by Peelle et al. (2020), which elicited at least 100 cloze
responses to each sentence. The second critical word in (2a)
was highly predictable (modal response, ranging from 0.51 to
0.9, mean = 0.67), while the second critical word in (2b) was
unpredictable, but did appear in the norms (cloze probability
ranging from .01 to .06, mean = 0.03). Items were selected
based on the following criteria: (a) the critical word and the
immediately preceding word were both between 3 and 6
characters and did not differ in length by more than one
character; (b) the two responses were not synonyms (e.g., pig
and hog); and (c) the target and the word immediately
preceding formed a determiner-noun or adjective-noun
sequence. These two structures occurred in equal number and
were treated as two conditions, along with the predictability
manipulation, leading to a 2 (grammatical/transposed) x 2
(structure) x 2 (predictability) design. Contexts following the
target words were created to fit both high-predictable and
low-predictable targets. Each participant saw either the
grammatical or transposed version and either the predictable
or unpredictable version of a given item, for a total of 40
critical transposed sentences and 40 grammatical
counterparts. Another 160 filler sentences, of similar length
but varying in sentence structure, were included.

P(w_1, w_2, …, w_n) ∝ P(w_n|w_1, w_2, …, w_n-1)

Figure 1. Exploratory analysis of correlation in Experiment
3 of Huang (2021). Bullseyes represent condition means;
filled points represent individual items. Trigram log
frequency was measured in the sequences’ canonical order
(hence Word2-Word4-Word3). See Discussion of Exp. 2
and Footnote 7 for details of the experimental conditions.

Experiment 1
Methods

Procedure Participants were presented with one sentence at
a time and instructed to read at their own speed. After
finishing reading the sentence, they hit a button to proceed to
a question screen. For the filler trials, the following question
was a comprehension question. For the critical trials, the
following question was an error-detection question: Was

Participants One hundred seventy participants with IP
addresses in the United States were recruited online via
Amazon Mechanical Turk, all self-reported to be native
English speakers. Eighty-eight were excluded from analysis
3
We note that cloze probability is only one way to quantify
conditional probability and a cloze task might not capture subtle
differences among items in conditional probability. However, as
will be seen in the methods section, our manipulation is categorical

with an extreme difference between the two groups (highly probable
response vs. very unlikely response), leaving little concern about
task sensitivity.
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there anything wrong with the sentence? Filler and critical
trials were randomly intermixed. Every trial started with a
fixation mark on the left side of the screen lasting 1.25
seconds. The sentence then appeared several spaces to the
right of the fixation mark.

experiment. When treating trigram log frequency as a
continuous variable and adding it into the models as a
covariate, there was a consistent effect of trigram log
frequency, with or without the two experimentally
manipulated factors in the model (all ps <= .01), while there
was still no significant predictability effect. As shown in
Figure 2, however, the trigram frequency effect appeared to
be weaker than in the earlier experiment.

Results
Prior to the calculation of error rates, trials with excessively
long or short reading time or response time were excluded
(reading time < 150 ms or > 15000 ms; RT < 100 ms or >
15000 ms), which accounted for 5.6% of the data.
Generalized linear mixed effect models (GLMMs) were
run for the accuracy data with a logistic link function. We
used the bobyqa optimizer with 200,000 iterations to improve
convergence. All models were constructed with maximal
random slopes unless there was a singularity or convergence
issue (Barr, Levy, Scheepers, & Tily, 2013), in which case
the highest-level random factors and/or correlation terms
were removed.
Table 1 shows the mean error rates and by-subject
standard error for each condition. There is only a very weak
numerical trend (≈3%) indicative of a predictability effect on
error rate in the transposition conditions.

Figure 2. Scatterplot illustrating relationship between
trigram log frequency and failure to notice transposition, by
item, in Experiment 1.

Table 1: Condition means for error rate in detecting
grammatical and transposed sentences (or error rate in
comprehension questions, for fillers) and by-subject
standard errors in Experiment 1.

Gramm
Transp
Filler

HPred,
noun-det
5.8
(1.17)
25.0
(2.81)

LPred,
HPred,
noun-det noun-adj
7.3
4.9
(1.37)
(0.85)
22.1
22.1
(1.99)
(2.37)
3.7 (0.27)

Discussion
Experiment 1 was motivated by the observation, in a previous
experiment, of a strong role for trigram frequency in
explaining both between-condition and within-condition
variance in the prevalence of failure to notice word
transpositions, a pattern consistent with the rational inference
framework. We hypothesized that the trigram frequency
reflected P(si), even though it does not capture full contextual
information. We assumed that a fully rational processor
should utilize all available contextual information in gauging
how probable a message is, and as such, predicted that cloze
probability, when the contexts are held the same, should be a
good proxy for P(si).
Contrary to our prediction, we failed to observe a
reliable effect of predictability. This result suggests that
readers may not be fully rational processors that constantly
update information (cf. Levy, 2008b) or that readers’
representation of the full context is lossy (Futrell et al., 2020).
Instead, the correlation with trigram log frequency observed
in the previous experiments, and in the present experiment,
might simply reflect the utilization of local statistical
information. That readers might prioritize local word
information has been proposed in the literature (e.g., Tabor,
Galantucci, & Richardson, 2004). Recent computational
work also has shown that adding trigram and bigram
frequency provided better fit to eye-tracking corpus data on
top of effects of conditional word probability, word length,
and unigram frequency (Goodkind & Bicknell, 2021; see also
Duan and Bicknell, 2020). Given the null effect in
Experiment 1, Experiment 2 was conducted to formally test

LPred,
noun-adj
4.9
(1.03)
18.5
(1.85)

The model used sum-coded contrasts (0.5 vs. -0.5) to
code the three factors. The full model (the three factors and
all their interactions) indicated only a main effect of
grammaticality and a marginal interaction between
grammaticality and
predictability. A reduced model
(structure + grammaticality * predictability) showed again
the interaction being marginal (z = -1.74) along with a
marginal effect of structure (z = -1.72); higher predictability
tended to lead both to fewer rejections of the grammatical
sentences and to increased failure to notice the errors in
transposed sentences. Critical to our main question, however,
when looking at only the transposed-condition data, there was
no significant effect of predictability (z = -1.28). Thus, we
do not regard the experiment as confirming the hypothesis
that a transposition is more easily overlooked when the
second word is predictable, in the grammatical order.
Because our post-hoc analysis of the earlier experiment
(Huang, 2021, Exp 3) revealed a correlation between failure
to notice transpositions and trigram log frequency (Figure 1),
we explored the effect of this variable in the current
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the hypothesis that readers utilize local word statistics to
derive nonliteral, intended messages.

Experiment 2
Experiment 2 experimentally manipulated local ngram
statistics while controlling other variables. Arnon and Snider
(2010) suggested that language users keep track of the
frequency of multi-word phrases, which in turn affects online
processing of these phrases. In Arnon and Snider’s study, the
last word of a four-word sequence was manipulated such that
stimulus pairs differed in their 4-gram frequency, but did not
differ significantly in unigram (Word 4), bigram (Words 3 &
4), or trigram (Words 2, 3, & 4) frequency. In two phrasaldecision tasks, response time was faster when the four-word
expressions had higher 4-gram frequency. The authors
argued that linguistic units larger than words can be stored,
represented, and retrieved as a whole, and accumulate as our
experience grows. Recent work, however, proposed that the
observed 4-gram frequency effect can be subsumed to
forward and backward conditional predictability (Onnis &
Huettig, 2021), which the authors viewed as supporting
incremental compositional processing instead of precompiled
chunk retrieval.
In Experiment 2 we manipulated local word statistics up
to the 4-gram window. If readers’ ability to detect
transpositions is influenced by 4-gram frequency, this will
provide even stronger evidence for language users’ mental
storage of large chunks (Arnon & Snider, 2010). On the other
hand, this finding would be hard to explain by means of
incremental compositional processing, as both the forward
and backward conditional probabilities are near zero when
sequences are presented in their transposed order, for both
high and low 4-gram sequences (e.g., forward P(they | know
what mean) = P(they | know what love) = 0; backward
P(know what mean | they) = P(know what love | they) = 0).
Finally, Experiment 2 differed from Experiment 1 in that
it involved not only word transpositions but also word
repetitions and omissions. Staub et al. (2019) reported that
readers had a strong tendency to fail to notice repetitions or
omissions of the in a sentence, but rarely failed to notice a
repeated content word. Huang and Staub (2021c) further
argued that failure to notice word transpositions, repetitions,
and omissions can potentially be explained with a unified
account, namely rational inference over a noisy channel (see
Introduction). Indeed, in yet another exploratory analysis
with the data in Staub et al. (2019), we again found a
significant correlation, across items, between error detection
rates and trigram log frequency (Figure 3). For the current
experiment, we thus included all three types of errors within
an experiment and tested if local word statistics influenced
detection of them in similar ways.

Figure 3. Exploratory analysis of omitted-the data from
Staub et al. (2019): The more frequent a three-word
sequence with the in the middle position, the more
frequently the omission of the was not detected.

Methods
Participants A hundred sixty-six participants from the same
pool as Experiment 1 initially participated; 72 were excluded
from analysis using the same exclusion criteria as Experiment
1 (forty-three for Criterion 1, twenty-three for Criterion 2,
and six for Criterion 3, final N = 94).
Materials We adopted about half of the items used in Arnon
and Snider (2010). We found that for many of Arnon and
Snider’s item pairs, 4-gram frequency differences calculated
from COCA (Davies, 2019) did not support Arnon and
Snider’s original categorization. These items were excluded,
and new items were developed, for a total of 12 pairs
targeting each of the three error types. The ungrammatical
versions of the items are illustrated in (3); the error type
manipulation was a between-item factor. Versions 3a, 3c,
and 3e are high 4-gram frequency.
(3a) *I always know what mean they even though we are
from two different generations. (T)
(3b) * I always know what love they even though we are
from two different generations. (T)
(3c) *They have looked all over country to find you. (O)
(3d) *They have looked all over house to find you. (O)
(3e) *We’re here to help help the people in the airport. (R)
(3f) *We’re here to keep keep the people in the airport. (R)
Different constraints were applied for the different error types.
For transpositions, the two transposed words could not differ
in length by more than one letter. For omissions, the omitted
word was always at the third position in the 4-gram, and was
always a function word; the is the ommitted word in (3c-d),
but a range of function words was used. For repetitions, the
repeated word was always the fourth word of the 4-gram and
was always a short word with high unigram frequency4.
Table 2 presents the ngram frequency statistics for each
condition. While we aimed to manipulate only 4-gram log

4

There was one exception each among the transposition and
repetition items, where a target word was a rather long word.
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frequency while matching trigram, bigram, and unigram log
frequency between the high and low groups, it was
empirically difficult to do so. The resulting items thus were
only matched on bigram and unigram log frequency. The
difference of group means in trigram log frequency was in the
same direction as in 4-gram log frequency. Among the 36
pairs, all except for one item in the high-4-gram group had
higher trigram frequency than its counterpart. That is, the
high and low groups differed similarly in both trigram log
frequency and 4-gram log frequency.

standard errors in Experiment 2. H: high tri/4-gram
frequency; L: low tri/4-gram frequency; T: transposition; O:
omission; R: repetition

G
U

T

p

O

p

R

p

6.68

***

7.24

***

6.48

***

4.89
7.87

4.31
***

6.59
10.15

***

NS

10.64

12.60

***

5.78
NS

10.65
NS

7.69

10.08

NS

9.76
NS

12.72

HO
3.6
(1.19)

LO
7.6
(1.45)

HR
5.1
(1.43)

LR
6.8
(1.48)

34.6
(2.81)

36.4
(2.94)

47.4
(3.53)

40.1
(3.45)

11.6
(2.12)

11.9
(2.18)

2.0 (0.34)

As it was not our main goal here to compare the
prevalence of failure of detection of different error types, we
analyzed the data separately for transpositions, omissions,
and repetitions. For each dataset, we first created a model
with grammaticality and frequency and their interaction,
using sum-coded contrasts. For transposition, there was only
a significant effect of grammaticality (p < .001), without a
significant interaction nor any hint of an effect of tri/4-gram
frequency. For omission, there was a significant effect of
grammaticality (p < .001) along with an interaction (p < .05);
high tri/4-gram frequency reduced rejections of the
grammatical sentences and increased failures to notice the
omission error. However, when only looking at the omissioncondition data, there was no significant effect of tri/4-gram
frequency (z = -0.78). For repetition, none of the effects were
significant (all |z|s < 0.89).

3.77

6.28

9.73
12.67

8.33

LT
4.3
(1.37)

F

Table 2: Mean log-transformed frequency of ngram in
each condition and the t-test result between each high and
low condition. T: transposition; O: omission; R: repetition.
p-value: one-tailed paired t-test. ***: < .001; NS: > .05
Log
frequency
High
(4-gram)
Low
(4-gram)
High
(trigram)
Low
(trigram)
High
(bigram)
Low
(bigram)
High
(unigram)
Low
(unigram)

HT
7.2
(1.67)

Discussion

NS

Table 3: Condition means for error rate in detecting
grammatical and transposed sentences (or error rate in
comprehension questions, for fillers) and by-subject

Experiment 2 directly tested the effect of tri/4-gram log
frequency on failure to notice errors in sentences. To our
surprise, for none of the three error types was there
compelling evidence that tri/4-gram log frequency influenced
failure to notice errors. For repetition errors, this was possibly
due to a floor effect, as readers rarely missed this type of error,
consistent with the data from repeated content words in Staub
et al. (2019). For omission errors, there was a numeric trend
in the expected direction for tri/4-gram log frequency. For
transposition errors, there was no hint at all of a difference
between the high and low conditions5.
While we failed to obtain the predicted effects, two
results are worth noting. First, we found that omissions of
function words were very easily missed. Our error rates were
even higher than the 32.5% reported by Staub et al. (2019)
where the omitted word was always the. Whether a strong
tendency to overlook an omitted word is only limited to short
function words should be further explored. Second, the rate
of failing to detect word transpositions was also high. In fact,
these might be the most illusory transposition items of any
reported in the literature (Huang, 2021; Huang & Staub,
2021a; 2021b; Mirault et al., 2018; Wen, Mirault, & Grainger,
2021a; 2021b, ranging 10-27.7%). This indicates that there

We note that while the failure to obtain the expected effect in
the omission condition could have been due to insufficient power,

the trend in error rate in the transposition condition is in the opposite
direction from our prediction.

12.81

12.52

12.49

Each participant saw either the grammatical or
ungrammatical version and either the high or low 4-gram
frequency version of a given item, for a total of 18 critical
ungrammatical sentences and 18 grammatical counterparts.
Another 72 filler sentences, of similar length but varying in
sentence structure, were included.
Procedure The paradigm was the same as in Experiment 1.

Results
Analysis of data was the same as in Experiment 1, applying
the same exclusion criteria for trials with excessively long or
short reading or response time (4.8%). Table 3 presents the
mean error rates and by-subject standard errors for each
group.
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might have been some idiosyncratic features in the current
experiment underlying the particularly high error rates.
Previous studies have investigated several potential
features of two transposed words that may influence the
prevalence of failure to notice the transposition. These
include word length, word length difference, word class,
ungrammaticality point, and ngram frequency. Most of our
stimuli in Experiment 2 would be categorized as UOC3, in
reference to the experiment in Huang (2021; see Figure 1
above). That is, the two words in their transposed order were
an open-class word followed by a closed-class word, and the
ungrammaticality emerged at the third word position in the
sentence, i.e., the first tranposed word (e.g., I have say to …).
In addition, as in that experiment, the two transposed words
were almost always 3-4 letters long. Therefore, it appears that
the most obvious difference between the current items and
the corresponding UOC3 items in Huang (2021) is their
ngram log frequency (4-gram, trigram, and bigram), which is
on average much higher in both conditions of the present
study than in Huang (2021).
The items in the two experiments in the present study
differed on several other dimensions, and thus the difference
in failure to notice transpositions across these two
experiments could be attributed to multiple causes.
Nevertheless, as shown in Figure 4, one of the differential
dimensions is again their trigram log frequency6. This figure
plots the mean rate of failure to notice transposition errors in
a condition against the condition’s mean trigram log
frequency, across both of the experiments in the present study
and the two previous experiments we have mentioned (Huang
& Staub, 2021a; Huang, 2021, Experiment 3), and reveals a
very clear, if possibly nonlinear, relationship between the two
variables.

across multiple experiments, our tentative explanation is that
the items we used in Experiment 2 were in a suboptimal
location on the frequency scale. That is, while the two
experimental conditions significantly differed in trigram and
4-gram log frequency, in both conditions the means of these
variables were quite high. This is visually obvious from
Figure 4 (the right two points vs. the rest). We therefore plan
a follow-up confirmatory experiment with within-item pairs
whose trigram log frequency falls at a lower point on the log
scale, for example at around 1 and 4.

Conclusions
The current study, in two experiments, tested the effects of
conditional probability of the second transposed word and
tri/4-gram log frequency surrounding the transposed words
on readers’ tendency to overlook the transposition error. Both
variables presumably reflect P(si), the prior probability of an
intended message, a factor that should play a role in
determining the probability of nonliteral reading under a
rational inference account. The difference between
conditional probability and tri/4-gram frequency is in the size
of the window over which si is evaluated. Readers’ use of
conditional probability as P(si) is expected if reading is a fully
rational process, while the use of local ngram frequency as
P(si) suggests a processor with a limited attentional window.
In neither experiment did we find the predicted effects,
however. We believe that it is safe to conclude that there is a
null or extremely small effect of conditional probability,
given our extreme manipulation and the large number of
items and participants in Experiment 1. On the other hand,
we tentatively suggest that the null effect of tri/4-gram log
frequency in Experiment 2 may have been due to the specific
range of this variable that our manipulation targeted.
With respect to Arnon and Snider (2010), our results
may be seen as failing to support their account, as our 4-gram
manipulation fell in the same range as their mid-frequency
bin in terms of occurrence per million words, but resulted in
a null effect. This could be because of the fundamentally
different phenomena investigated in the two studies, i.e.,
phrasal decision RT vs. misreading probability.
Finally, it is clear that even if local ngram frequency is
ultimately found to be a determinant of failure to notice
transposition errors, it appears unlikely to be the sole
determinant, as substantial variance exists even for items with
trigram frequency of zero. The rational approach currently
adopted here is on the computational level. Other processing
factors might also play an important role (e.g., variability in
integration time and integrability of a word into the context,
Huang & Staub, 2021b; see also Wen et al., 2021b) in
explaining readers’ failure to notice different errors in written
sentences.

Figure 4. Scatterplot of condition means of trigram log
frequency and detection error rate, combining transposition
data from four experiments.7
To reconcile the lack of tri/4-gram log frequency effect
under our well-controlled experimental manipulation in
Experiment 2 and the recurring correlational hints within and
6

7

We also point out that the mean bigram log difference between
the noun-determiner and noun-adjective conditions in Experiment 1
was extremely large (means = 7.53 vs. 3.68) but did not lead to a
significant difference in error rates, a potential piece of evidence
against bigram being the relevant ngram.

For additional explanation of condition labels: UOO3 is an
open-class-open-class sequence where ungrammaticality arises at
the third word (e.g., An awfully lamp dim …); UCO4 a closed-classopen-class sequence with ungrammaticality at the fourth word (e.g.,
The boy on sat …).
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Abstract

In this study, we explore the wisdom of the crowd in the
context of spatial knowledge by asking people to identify US
states or African countries on unlabeled tile maps. Some
previous research on spatial or geographical knowledge has
focused on scalar estimates (“what is the height of Mount
Everest?”), discrete choices (“is Reno east or west of San
Diego?”), or rankings (“order the following US states from
west to east”) rather than direct spatial judgments. Other
previous research has presented spatial targets and then required direct spatial judgments (Juni & Eckstein, 2017), although this type of task involves immediate perceptual rather
than longer-term memory-based knowledge. The most relevant previous work studies how accurately people can identify locations on a map (Fu, Lee, & Danescu-Niculescu-Mizil,
2017; Fu, Wang, & Danescu-Niculescu-Mizil, 2020; Mayer
& Heck, 2022). Our task involves people’s memory for spatial knowledge and requires them to express that knowledge
in a direct and detailed way by selecting a spatial region.

We study the wisdom of the crowd in the context of spatial knowledge, asking participants to identify US states and
African countries on unlabeled tile maps. We use two question
frames, asking participants to select where the target is present
or eliminate where it is absent. Participants generally display
overconfidence, often selecting small regions that do not include the target. We find strong wisdom of the crowd effects
by aggregating participants’ responses, especially by weighting the individual responses according to the size of their selection. The weighted crowd outperforms all but a few participants for the US states and all participants for the African
countries. We also find wisdom of the crowd within effects, by
aggregating the present and absent frames for the same participant. We discuss the implications of our findings for understanding how people express uncertain spatial knowledge and
the potential use of crowd aggregation in real-world applications.
Keywords: wisdom of crowds; spatial knowledge; wisdom of
the crowds within; framing effects

Introduction
The wisdom of the crowd is the finding that a crowd’s aggregate judgment is more accurate than the judgment of a randomly sampled individual in the crowd (Galton, 1907; DavisStober, Budescu, Dana, & Broomell, 2014; Surowiecki,
2004). Crowd superiority has been demonstrated in a range
of contexts. The most common context is general knowledge,
which examines the accuracy of answers to factual questions about geography, society, culture, entertainment, and
other topics (Bennett, Benjamin, Mistry, & Steyvers, 2018;
Lee, Steyvers, & Miller, 2014; Prelec, Seung, & McCoy,
2017). Another context involves forecasting and predictions
about political, social, sporting, and other events (Armstrong,
2001; Boon, 2012; Da & Huang, 2020; Klugman, 1947;
Lee, Danileiko, & Vi, 2018; Miller, Wang, Kulkarni, Poor,
& Osherson, 2012; Page & Clemen, 2013). A third context involves group settings in which individuals interact or
compete with each other to generate judgments or estimates
about stimuli (Atanasov et al., 2017; Christiansen, 2007; Lee,
Zhang, & Shi, 2011; Lyon & Pacuit, 2013; Ray, 2006). In all
of these contexts, the required judgments can take different
forms, including scalar estimates (Jenness, 1932; Farnsworth
& Williams, 1936), discrete choice (Lee et al., 2018; Prelec
et al., 2017), rank orderings (Bruce, 1935; Gordon, 1924;
Knight, 1921; Lee et al., 2014; Miller et al., 2012), or sequential decisions (Thomas, Coon, Westfall, & Lee, 2021; Zhang
& Lee, 2010).

An interesting feature of our task is that it allows the same
question to be framed in different ways. People are asked to
identify a target US state or African country by selecting as
many states or countries they need to be confident that the
target is included in their set. We call this the present framing. They are also asked to identify a target state or country
by indicating a set of states or countries that are not the target. We call this the absent framing. Being able to collect
both of these judgments raises the issue of framing effects
(Levin, Schneider, & Gaeth, 1998; Tversky & Kahneman,
1981) and, in particular, whether the inherent uncertainty in
forming regions is managed differently between the frames.
Previous research on elimination and inclusion, the same dichotomy that we use, suggests that using these frames will
produce some non-complementarity in the generated choice
sets (Shafir, 1993; Yaniv & Schul, 1997).
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Asking multiple questions also allows us to consider the
phenomenon known as the wisdom of the crowd within, in
which multiple judgments from the same individual are aggregated. A basic challenge for the wisdom of the crowd
within is that using only judgments from one individual results in correlated judgments, which limits the improvement
in the aggregate. Accordingly, an effort is made to make the
judgments as independent as possible. This has been achieved
by increasing the time interval between estimates (Vul &
Pashler, 2008) or having participants use various question

In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

framing strategies, such as consider-the-opposite (Herzog &
Hertwig, 2009; Lord, Lepper, & Preston, 1984), starting from
scratch (Herzog & Hertwig, 2014), or having the individual
combine their previous estimates in some way (Herzog &
Hertwig, 2009; Larrick & Soll, 2006). These question framing strategies work because the participant has to consider
additional information or approach the question differently.
In our spatial knowledge context, being able to ask about the
location of targets in terms of presence and absence provides
two natural contexts for asking the same individual about the
same information.
The remainder of this paper is organized as follows. We
first describe the experimental design and the framing effects
on participants’ judgments and how participants manage the
uncertainty inherent in the task. To test for the wisdom of
the crowd, we develop two approaches for aggregating crowd
judgments and compare their performance to individual judgments. To test for the wisdom of the crowd within effects,
we examine improvements in individual judgments resulting
from aggregating their two judgments. Finally, we examine
how the crowd aggregate improves as a function of the number of individuals in the crowd. We close with a discussion of
our main results and directions for future research.

Figure 1: Tile map stimuli for the US states (left) and African
countries (right) conditions.

Method
Every participant was given every state or country as a target on a trial in both the present and absent framings. The
two framings were blocked so that all of the targets were presented in one frame before changing to the other. The order of
the framings was randomized, as was the order of the targets.
In the present framing, participants were asked “Where is
X located? Select as few states/countries as possible, but be
sure X IS in the states/countries you select.” In the absent
framing, participants were asked “Where is X NOT located?
Select as many states/countries as possible, but be sure X
IS NOT in the states/countries you select.” Each question
was answered sequentially with participants being asked not
to look up any information but rely instead on their general
knowledge and memory. Participants were not allowed to return to or view previous responses, and they did not receive
any feedback. At the completion of all of the target questions
in both frames, participants were asked for their demographic
information.

Experiment
Participants
50 participants were recruited using Prolific (Prolific, 2022)
for each of the US states and African countries conditions
in a between-participants design. All participants were current US residents and provided basic demographic information including their age, whether they attended high school
in the US, and their familiarity with each of the US states or
African countries.

Framing Effects and Managing Uncertainty

Stimuli

To analyze framing effects, we looked at how complementary the participants’ responses were. Complementary means
that a participant’s response contained the same information
in both frames. Figure 2 shows participant-level responses for
both the present and absent frames for four illustrative cases.
In each panel, the tile for the target state or country is outlined in black. The participant’s selections made only in the
present frame are in blue, and their selections made only in
the absent frame are in yellow. Tiles for states or countries
selected in both frames are a blended blue-yellow color, and
tiles selected in neither frame are white. This means that the
extent of blue versus yellow regions indicates the confidence
of the knowledge expressed by the participant. For example,
the participant in panel A is very confident in locating California, the participant in panel C is less confident (and wrong) in
locating the Democratic Republic of the Congo, and the participant in panel D has low confidence in locating Uganda.
The presence of blue-yellow and white tiles indicates that
the participant’s responses across the two frames are not perfectly complementary. In panel A, the participant made logically complementary selections for California, while in panel

Figure 1 shows the tile maps presented to participants in each
trial. These are standard configurations used in data journalism.1 The US states map was restricted to the 48 continental
US states, and the African countries map was restricted to 51
of the 54 countries by excluding Comoros, Mauritius, and the
Seychelles.
The tile maps make responding to the task simple and responses easy to visualize. They also introduce some irreducible uncertainty because even participants with perfect geographical knowledge will still be uncertain about the exact
translation between the true geography and the tile layout.
For example, South Africa could reasonably be any of the
three tiles at the bottom of the African map. Thus, when responding to the questions, participants need to consider both
the uncertainty in their spatial knowledge and the uncertainty
that the tile layout introduces.
1 See, for example, https://blog.apps.npr.org/2015/05/11/hex-tile
-maps.html and https://public.tableau.com/app/profile/neil.richards/
viz/Malaria 14/Dashboard1.
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Figure 2: Four illustrative individual participant responses to particular target states and countries in both frames. States and
countries selected in only the present frame are colored yellow, selected in only the absent frame are colored blue, selected in
both frames are colored blue-yellow, and selected in neither frame are colored white.
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Figure 3: Individual participant performance in both conditions and both frames. Each blue cross corresponds to a participant,
showing the average number of selections they made and the numbers of states or countries correctly included in their selections.
B the participant selected some states neighboring California
in both the present and absent frames. This suggests the participant in panel B was less confident in the present than the
absent frame. In contrast, the participant in panel C is more
confident in the present frame and less confident in the absent frame. The participant in panel D is hard to characterize,
since their present and absent frame responses are quite inconsistent, with some countries selected in both framings and
others selected in neither. Participants rarely provided strictly
complementary responses. On average, participants provided
5.7 complementary responses in the US states condition and
2.0 per country in the African countries condition. They had
some overlap in 19.3 and 24.3 states and countries, respectively. They selected some tiles in neither frame in 38.4 and
45.9 states and countries, respectively.

so that they indicate the states or countries the participant selected as including the target. This means that less confident
behavior now consistently corresponds to higher numbers of
selections and more confident behavior corresponds to lower
numbers of selections.
The striking feature of Figure 3 is that very few participants achieve high levels of accuracy. This likely reflects
both a lack of perfect knowledge and a failure to compensate
by selecting enough states or countries. In the present frame,
participants selected an average of 5.2 states and 11.8 countries, correctly including an average of 25.5 states and 25.0
countries. More selections are made in the absent frame, especially for US states. The average numbers selected are 12.4
states and 26.8 countries. These expanded selections lead to
greater average accuracies of 33.8 states and 39.6 countries.
There is no reason, however, participants cannot achieve
perfect accuracy in both frames. In fact, this is what the task
instructions require. A participant who has little relevant geographical knowledge should select many of the states or countries in the present frame and few in the absent frame. No
participants were completely accurate in the US states condition. The four participants who achieved complete accuracy in the African countries condition did so in the absent
frame by eliminating very few countries. The fact that most
participants achieve modest accuracy suggests that they are

Consistent with the task instructions, we measure a response as accurate if the target is included in the participant’s
selections in the present frame or not included in their selection in the absent frame, regardless of the size of the regions
they selected. Figure 3 shows the relationship between the
number of states or countries selected and this measure of participant accuracy. The four panels correspond to the US states
and African countries conditions and the present and absent
frames. To allow direct comparisons between the two frames,
participant responses in the absent framing have been inverted

73

Iowa Present

Iowa Absent

Rwanda Present

ME
VT NH
WA ID

MT ND MN

OR NV WY SD

IA

IL

WI

MI

IN

OH PA

NY

DZ

TN

LY

EG

MR

ML

NE

TD

SD

ER

GM

GN

BF

NG

CF

SS

ET

GW

SL

CI

TG

CM

UG

SO

LR

GH

MA

DZ

TN

LY

EG

SN

MR

ML

NE

TD

SD

GM

GN

BF

NG

CF

SS

ET

GW

SL

CI

TG

CM

UG

SO

LR

GH

KE

ER

VT NH

RI MA

WA ID

NJ CT

MT ND MN

OR NV WY SD

CA UT CO NE MO KY WV VA MD DE

IA

IL

WI

MI

NY

IN

OH PA

RI MA

NJ CT
CV

CA UT CO NE MO KY WV VA MD DE

AZ NM KS AR TN NC SC

AZ NM KS AR TN NC SC

OK LA MS AL GA

OK LA MS AL GA

TX

MA
SN

ME

Rwanda Present Weighted

FL

TX

BJ

CG

CD

KE

ST

GQ

RW

TZ

GA

BI

MW

FL

DJ

CV

MG

BJ

CG

CD

ST

GQ

RW

TZ

GA

BI

MW

AO

ZM

MZ

AO

ZM

MZ

NA

BW

ZW

NA

BW

ZW

ZA

LS

SZ

ZA

LS

SZ

DJ

MG

Figure 4: Examples of aggregate crowd responses. The two left-most panels show the unweighted proportion of participants
who selected each state while targeting Iowa in the present and absent frames, with darker red colors indicating greater proportions. The two right-most panels show the unweighted and confidence-weighted proportion of participants who selected each
country while targeting Rwanda in the present frame.
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Figure 5: Individual participant and crowd performance in both conditions and both frames. Blue crosses correspond to
participant performance. Red curves correspond to unweighted and weighted crowd performance, showing the average number
of selections made and the numbers of states or countries correctly included.
overconfident in their selections. The explanation cannot be
as simple as wanting to avoid effort, since the way to achieve
high accuracy in the absent frame is the least effortful. Most
participants provide effortful responses in the absent frame
that still exhibit overconfidence.

frames for the target state Iowa. It is clear that the crowd
selection is more concentrated (less disperse) in the present
frame, consistent with individuals making relatively fewer
selections. The right-most panels show the unweighted and
confidence-weighted crowd judgments for the target country
Rwanda. The confidence-weighted aggregate is much more
concentrated than the unweighted aggregate. This is a natural
consequence of giving less weight to each selection made by
participants who made many selections overall.

The Wisdom of the Crowd
The simplest way to form an aggregate crowd judgment is to
count the proportion of times each state or country is selected
by a participant. A more complicated method weighs the individual selections according to their confidence. A natural
measure of confidence is the number of states or countries selected: that is, the number selected in the present frame and
the number not selected in the absent frame. For example, if a
participant selects 10 states, each of their selections will have
1/10th the value of a participant who just selected one state.
Weighting individual judgments in this way implements the
idea that more confident participants should have more influence on the crowd judgment (Lyon & Pacuit, 2013).
Figure 4 demonstrates these two approaches to crowd aggregation using heat map visualizations. The states and countries are shaded according to the aggregated group proportions. The left-most panels show the present and absent

Crowd judgments are inherently graded and give a probability that each state or country is the target, unlike individual
judgments in which every state or country is either selected
or not selected. Accordingly, there is no natural single measure of crowd accuracy. Instead, there is a set of measures,
depending on where the graded responses are thresholded. A
simple way to set these thresholds is by ranking the probabilities and setting a threshold k so that only states or countries in
the top-k are considered to be selected by the crowd. For example, if k = 1, the crowd response is the modal (most likely)
state or country. In all four of the illustrative examples in Figure 4, this response would be incorrect. As the threshold is
increased, to allow the top-two or top-three or more possibilities, the crowd will become more accurate at the expense of
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Figure 7: Performance of the crowd based on different numbers of individuals for both conditions. Each curve corresponds to the performance of the confidence-weighted crowd,
including responses for both frames for crowds ranging from
2 to 50 individuals.
least 90% of participants in the US states condition and essentially all participants in the African countries condition. For
the vast majority of participants in all conditions and frames,
the crowd’s performance is both ordinally better and quantitatively much better.

making more selections.
Figure 5 superimposes crowd performance on the individual performance shown in Figure 3. The red curves correspond to crowd performance, starting with the modal response and ranging to increased numbers of selections and
accuracy (the non-integer values for selections are the result
of ties in probabilities). These curves are shown for both the
unweighted and confidence-weighted crowds. Better performance corresponds to small numbers of selections with high
accuracy. The unweighted and confidence-weighted curves
are very similar in the US states condition but the weighted
crowd clearly performs better in the African countries condition, especially for the absent frame.
Comparing crowd and individual performance depends on
how the goals of the task are interpreted. A strict literal interpretation of the task is that perfect accuracy is required using
as few selections as possible. By this measure, the crowd
outperforms every individual because it is capable of perfect
accuracy. Almost every participant in both frames fails to
achieve this. The unweighted crowd reaches perfect accuracy
with 15.8, 11.7, 42.7, and 43.2 selections for US present, US
absent, Africa present, and Africa absent cases, respectively,
while the confidence-weighted crowd needs 19.9, 11.1, 29.3.
and 11.1 selections. It is clear that the weighted crowd outperforms the unweighted crowds in the relatively low-knowledge
African countries condition.
A less strict assessment of individual and crowd performance allows for less than perfect accuracy while still requiring relatively few selections. Visually, this corresponds to
being at the top-left of the graphs shown in Figure 5. In the
present frame of the US states condition, there are two participants whose performance is above and to the left of the
crowd curve, and another three or four who are close. A similar result holds for the absent frame. In the African countries
condition, there is one participant who meets this criterion in
the present frame and none in the absent frame. A reasonable conclusion is that the crowd aggregate is superior to at

The Wisdom of the Crowd Within
To examine the wisdom of the crowd within, we combined
the selections made in the present and absent frames by the
same participant for the same target. We also created crowd
aggregate responses by combining the selections made by all
of the participants in both frames. Figure 6 shows the results of these analyses. The blue dots correspond to individual participants, showing the average of the number of states
or countries they selected over both framings, and the accuracy of their crowd-within aggregate. Accuracy is measured
in terms of whether the correct state or country was selected
in either the present or absent framing. The blue lines connect
the aggregate individual performance to performance for just
the present and absent frames separately (i.e., to the performance measures shown in Figures 3 and 5). These wisdom of
the crowd within aggregates allow us to evaluate how perceptually similar participants treat the two structurally identical
tasks as complementary responses would be exactly overlaid
in Figure 6.
By its construction, the crowd-within aggregate always involves as many or more states or countries being selected as
in the separate frames. Our interest is whether this increase
significantly improves accuracy. Visually, this corresponds
to crowd-within performance that shifts significantly upward
without shifting far to the right. Figure 6 makes clear that, for
most of the participants in both conditions, the crowd-within
aggregate leads to an increase in accuracy. The mean increase
in accuracy is 11.5 states and 17.9 countries. Much of this improvement comes from the absent frame selections broadening the selections to include the target as shown by the crowdwithin aggregates moving diagonally toward the upper right
in Figure 6. There are also cases in which two relatively nar-
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row selections in the frame are combined to form an improved
selection and where the crowd-within aggregates mainly shift
upward with little movement to the right. For example, for
the best performing individual in the US states condition, the
crowd-within aggregate has perfect accuracy based on an average of 6.8 states being selected. This individual’s crowdwithin aggregate combined their present frame accuracy of
46 states, based on 6.0 selections, with their absent frame accuracy of 40 states, based on 5.0 selections. The crowd aggregation over both frames shown by the red curves continues
to be well performed.

overconfidence in both frames eliminates simple explanations
in terms of minimizing effort and suggests that people are
overconfident in their spatial knowledge. This sort of overconfidence is consistent with classic findings from the judgment and decision-making literature (Lichtenstein, Fischhoff,
& Phillips, 1982; Paese & Sniezek, 1991; Russo & Schoemaker, 1992; Welsh & Begg, 2018).
We also found strong wisdom of the crowd effects. Both
unweighted and confidence-weighted aggregate crowd judgments outperformed the vast majority of individual participants. This was especially true for the more difficult African
countries condition, suggesting most individuals have significant gaps in their knowledge but that collectively a crowd can
perform well. At the individual level, we found that combining judgments from the same participants across both present
and absent frames improved performance. A crowd aggregate
that combined all participants and both frames achieved very
good performance in both conditions. For the US states domain, a crowd of around 10 people proved enough to exhibit
good performance, but the lower-knowledge African countries domain benefited from larger crowds.

Crowd Size
Given the clear wisdom of the crowd effect, an interesting
follow-up question is how many individuals are needed for
effective crowd performance. Figure 7 shows the confidenceweighted crowd-within responses averaged over many subsets of 2, 5, or 10 randomly selected participants and the full
crowd of 50 participants. The full crowd is the one considered in Figure 6, which uses all of the participant and frame
information about each target. Both conditions show the same
expected pattern of improved performance as the crowd size
increases. There is an especially large improvement as the
crowd increases from the smallest possible size of 2 to the
still small size of 5. This pattern of initial quick improvement as the crowd size first grows followed by a long period of more gradual improvement is consistent with previous findings (Han & Budescu, 2019; Steegen, Dewitte, Tuerlinckx, & Vanpaemel, 2014; Vul & Pashler, 2008). For the
US states condition, a crowd size of 10 is almost as well performed as the full crowd. For the African countries condition,
the full crowd is clearly better performed than the smaller
crowds. We interpret this result as showing that the more difficult African countries condition, about which participants
had less knowledge, benefits more from incorporating more
participants to capture the more sparsely distributed knowledge.

Our results have implications both for understanding human cognition and practical applications. It is important to
understand why people are overconfident in the regions they
select, how robust this behavior is, and whether it can be
mitigated. Future experiments should consider other spatial
knowledge domains and other methods for expressing spatial
knowledge, such as point estimates of locations or free-form
selections of regions rather than discrete choices on tile maps.
It is also important to understand how framing effects interact
with the management of uncertainty. Our results suggest that
the absent frame reduces overconfidence, but this could arise
from the nature of the task design, and more robust replication
is needed. In terms of practical applications, the demonstration of strong wisdom of the crowd effects holds promise for
real-world problems like search and rescue (Breivik, Allen,
Maisondieu, & Olagnon, 2013; Lin, Huynh, Barrington, &
Lanckriet, 2013), military targeting (Council, 2013; Qing &
Fang, 2021), and other problems where a spatial region needs
to be identified based on human knowledge (e.g. Drew et al.,
2013; Fu et al., 2017, 2020; Krupinski, 2010; Lin, Huynh,
Lanckriet, & Barrington, 2014).

Discussion
We studied spatial knowledge in an experiment that asked
participants to select regions on unlabeled tile maps to identify target US states or African countries. We asked for the
knowledge to be expressed in two different ways, by framing
the question in terms of identifying regions in which the target
was present or eliminating regions from which the target was
absent. Our first interest was in how people manage their uncertainty about the spatial location of the target, and whether
this is affected by the different frames. Our second interest
was whether wisdom of the crowd effects, including wisdom
of the crowd within, are present for spatial knowledge.
We found that participants were consistently overconfident
in their management of uncertainty, often to a very large degree. Many participants selected regions in the present frame
that were too narrow and failed to include more than half
of the targets. They were also overconfident in the absent
frame, although to a lesser degree. The consistent pattern of

Finally, future work should apply cognitive modeling
methods to understand people’s behavior and potentially improve the wisdom of the crowd. This approach has proved
fruitful in other cognitive domains including probability estimation, category learning, and sequential decision making
(Danileiko & Lee, 2017; Lee & Danileiko, 2014; Thomas
et al., 2021). Modeling how people select states and countries based on their knowledge should allow inferences about
parameters that correspond to their uncertainty and decisionmaking strategies. A model-based approach to crowd aggregation may outperform the simple statistical methods on
which our wisdom of the crowd results are based.
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Abstract

Why Study What Dogs See?

Dogs have a unique evolutionary relationship with humans and
are relied upon in a variety of working roles, yet little is known
about the kinds of visual information available to them, as well
as how they direct their attention within their environment. The
present study, inspired by comparable work in infants, aimed
to categorize the visual statistics (specifically the identity of
objects) available to dogs during a common event in their daily
lives, a walk. Using a head-mounted eye-tracking apparatus
that was custom designed for dogs, four dogs walked on a predetermined route outdoors under naturalistic conditions
generating a total of 49,431 frames for analysis. On average,
there were few individual differences between dogs. Dogs
looked proportionally more to people and plants than to other
object categories in their environment, like the sky which they
appeared to consider as background. The results of this project
provide a foundational step towards understanding how dogs’
look at and interact with their physical world, opening up
avenues for future research into how they complete tasks, and
learn and make decisions, both independently and with a
human social partner.
Keywords: Domestic Dog; Eye-Tracking; Visual Attention;
Preferential Gaze; Visual Statistics

Introduction
What does your dog see on a walk? What is visually
interesting to them? Studying how individuals visually
interact with the world, from their own perspective, gives
insight into how they interact with the world in contexts
ranging from a pet dog scanning for squirrels, to an urban
search and rescue dog navigating rubble to find missing
people. Egocentric vision research captures visual
information, such as the objects present, from the first-person
perspective of the participant. Egocentric vision research has
become widely used to explore how human infants’ visual
environments change over the course of development, and
how these changes impact, among other things, their
developing recognition of faces and language acquisition. At
present, however, egocentric vision research, and the
resulting theoretical and applied advancements, have been
limited to humans. The present research aims to explore the
visual statistics of the environment of the domestic dog, a
species closely related to humans by emotional bond, rather
than genetics, and relied upon by humans in a variety of
working roles and as companions. As a starting point to
understanding how dogs perform their various complex tasks,
we must understand what their physical environments look
like, from their point of view.
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Dogs are an interesting study species for cognitive research
due to their unique evolutionary history with humans,
resulting in an arguably exceptional understanding of human
social cues relative to other species. More specifically, dogs
outperform great apes at following human socialcommunicative cues like pointing without explicit training
(Bräuer et al., 2006). Further, dogs do not follow points
blindly, but selectively trust their human informants. For
instance, dogs preferentially follow points from informants
who were previously accurate (Pelgrim et al., 2021), who are
knowledgeable about the location of hidden food (Maginnity
& Grace, 2014) and who they are more familiar with (Cook
et al., 2014). Outside of the social domain, dogs have been
the focus of study for other cognitive abilities, with recent
work exploring their understanding of basic physical
principles like gravity (Tecwyn & Buchsbaum, 2019),
solidity (Espinosa, Tecwyn & Buchsbaum, 2021), and more
abstract cognitive abilities like relational concept learning
(Byosiere et al., 2017). Egocentric vision research, and the
relevant advances made in other species, provides a natural
route to further our understanding of dogs reasoning abilities
across social, physical, and causal domains.
There, is also a growing interest in how dogs visually
interact with their world. Dogs have worse visual acuity and
less sensitive color perception than humans. In contrast, dogs
are more sensitive to flicker rates and they surpass human
visual performance in dim lighting conditions (Byosiere et
al., 2018). Dogs are relied upon to navigate the human built
visual world in a variety of working settings (i.e., as guide
dogs for the blind) yet very little is known about how they
complete these tasks. Researchers using stationary, screenbased eye-tracking have begun exploring how dogs visually
interact with their environment, finding that dogs can
recognize photos of familiar human and conspecific
individuals (Somppi et al., 2014) and that they respond
differentially to humans faces expressing different emotions
(Somppi et al., 2016, 2017). Dogs tend to direct their visual
attention to living creatures in the foreground (vs. the
background), a pattern also observed in chimpanzees and
humans (Kano & Tomonaga, 2009; Törnqvist et al., 2020).
Similarities have also been found in broader visual patterns
like gaze asymmetry, (more specifically left gaze bias or the
tendency to look more to the left side of an image, most
commonly seen in faces) across rhesus monkeys, dogs, and
humans (Guo et al., 2009). Screen-based eye-tracking studies
have made important advances, however there are significant
limitations, namely in the kinds of research questions they
can ask, as real-world stimuli cannot be used. We also know
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comparatively little about dog’s visual systems, and there are
unresolved questions about how dogs perceive images on
screens (Byosiere et al., 2018).

across exposures to object classes relative to their presence in
the environment (i.e., if they looked at a person each time
there was a person in their field of view, or if they rarely
looked at people while people were in their field of view). We
evaluated this using the relative proportion of time dogs
fixated on the object, relative proportion here referring to the
amount of time that dogs looked to an object relative to the
amount of time that object was in their field of view. We
particularly wanted to explore the social domain, namely if
people were looked to consistently across exposure and if
they were looked at more than other non-social objects. Our
third aim was to look for any individual differences between
dogs both in the objects in dogs’ field of view which of those
objects’ dogs looked to. It is possible that dogs may differ in
what objects they find visually interesting, which could result
in differences both in the objects in their field of view
(turning their head towards object classes they find
compelling) and in which of those objects they looked at.

Head-Mounted Eye-Tracking
To achieve more naturalistic results, researchers have begun
using head-mounted eye-trackers. These systems capture the
wearer’s first-person view of the world, as well as recording
their eye-movements. This captures both the objects present
in the environment and which of those objects the participant
looked at. They can be worn in a variety of ways (i.e., caps,
glasses, goggles) allowing for their use in exploring natural
behaviors with head shapes ranging from peacocks to lemurs
(Shepherd & Platt, 2006; Yorzinski et al., 2013), and more
recently dogs (Pelgrim et al., 2022). Head-mounted eyetracking has also been used to facilitate cross-species
comparisons of visual behavior, such as by comparing how
cats and humans coordinate eye and head movements
(Einhäuser et al., 2009). The largest take-up of this method
though has come from research on young infants.
Head-mounted eye-trackers have given us insight into how
infants respond to their mother’s voices (Franchak et al.,
2011) and how infants and parents coordinate joint attention
to objects (Yu & Smith, 2013). They have also been used to
capture how visual attention changes over development. As
children transition from crawling to walking, they move from
looking at the floor in front of them while in motion to
looking at walls, objects, and caregivers. This changes their
frequency of looks to caregivers, because in order to look at
their caregiver, crawlers have to stop and either sit or crane
their heads, whereas walkers can stay in motion and look
ahead (Kretch et al., 2014). An improved understanding of
infant’s visual experiences has informed theories on language
acquisition, namely that a statistical learning framework can
reasonably be applied to word learning because of the
distribution of object frequencies in naturalistic scenes. As an
example, the first nouns that children learn tend to be those
objects most frequently present in their environments (e.g.,
spoon, bowl, Clerkin et al., 2017). In sum, the objects present
in a child’s environment provide a constraint on their learning
and development. Capturing the types and distribution of
objects in children’s visual environments has informed our
understanding of their development across cognitive and
social domains (Jayaraman & Smith, 2020).
The present study seeks to describe and categorize both the
visual information available to dogs in their daily
environments, as well as characterize how they direct their
attention within that space. We took an ecologically valid
approach to understanding dogs’ attention in their daily
environment by having dogs walk with their owners in a
normal fashion along a predetermined route. Our study had
three major aims. First, we explored if certain objects were
present more or less in dogs’ views, providing us with an
understanding of the objects available for dogs to look at, as
well as capturing a coarse measure of interest, as dogs move
their heads as well as their eyes to look at things they find
interesting. Second, we evaluated if dogs looked consistently

Methods
Participants
Participants were 4 dogs (Female = 3, Mean Age = 54.25
months) recruited for participation in a broader eye-tracking
training program. Dogs breeds represented were 1 Australian
Labradoodle, 2 Mixed Breeds, and 1 Labrador Retriever. An
additional 2 dogs were excluded from data analysis due to
camera displacement (n = 1) and a failure to walk normally
in the goggles (n = 1). Dogs were chosen for suitability with
the eye-tracking training program and owner willingness to
complete the training. Prior to participation in this
experiment, dogs were trained at home by their owners to
wear the eye-tracking goggles, using commercially available
dog goggles. Dogs were approved to begin participation if
owners reported that they were comfortable walking and
behaving normally at home and outdoors wearing training
goggles for at least 10 minutes.

Procedure & Materials
Throughout sessions, dogs wore a custom developed headmounted eye-tracker consisting of two cameras affixed to dog
goggles (Positive Science, Inc.). One camera records the
dog’s right eye via an infrared eye-camera with an adjacent
infrared emitting diode (hereafter the eye camera). The other
camera (hereafter the scene camera) recorded the dogs’ firstperson perspective, recording a field of view of 101.55º
horizontal and 73.60º vertical. Like head-mounted eyetracking systems in other species (Franchak et al., 2011), this
is smaller than the field of view of the dog eye, and it is
possible that objects were not captured by the camera,
however it is unlikely that this impacts the objects they chose
to look at as they would move their head or eyes. Videos from
both cameras were digitized at 29.96 frames per second. This
apparatus is adapted from comparable models in other
species and has been validated using alternative methods
(Figure 1, Pelgrim et al., 2022). Dogs also wore a harness
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before and after the walk, to provide enough known points
for 1) a successful calibration and 2) verification of that
calibration accuracy (more details in Data Coding &
Analysis).
Following the first calibration, dogs walked with their
owners, following the experimenter’s directions, along a preset route. The route was 0.5 miles and was chosen for its
variety of scenery, including both city streets and quiet
campus greenspaces. Owners were instructed to walk their
dog as normal, and the experimenter followed behind the
dog-owner pair, recording the dog via a handheld camera. If
at any point during the session the eye-tracker was disturbed
or shifted (i.e., the dog shook their body or brushed against a
wall), the fit was adjusted, and the eye-image was verified. In
the event of tracking disruption, the calibration procedure
was also repeated.

A

B

C

D

Data Coding & Analysis
After the session, video data recorded from the eye and scene
cameras was combined as described above, using between 4
and 9 calibration points (Yarbus eye-tracking software,
Positive Science Inc.). This process identified both the timing
and the direction of dogs’ fixations. Fixations were defined
as a stable positioning of the eye lasting for 100 ms or more.
More specifically, the timing (start and stop in ms) and the
dog’s point of regard in the visual scene (defined by x-y
coordinates from the scene camera) was identified for each
fixation.
This eye-tracking system has previously been established
to have a spatial accuracy of approximately 2−4º in humans
(Franchak et al., 2011; Watalingam et al., 2017) around 4º in
peacocks (Yorzinski et al., 2013) and around 3.6º in dogs
indoors (Pelgrim et al., 2022). The spatial accuracy of the eye
camera mapping onto the scene for our outdoor walks was
calculated, as in past work, using the unused points from the
calibration procedure. The distance between the extrapolated
point of regard (where the eye-tracking software calculated
the dog to be looking) and the known point of regard (where
the dog was known to actually be looking, namely at the treat
bag in the experimenter’s hand) was calculated for
approximately 20 frames across the calibration points not
used for the mapping, providing the spatial accuracy of the
mapping, in degrees, for each dog. The spatial accuracy for
the present sample was 5.4º. This is less precise than past
implementations mentioned above, however it was to be
expected given that this is the first time this system has been
deployed outdoors under natural variable lighting conditions.
Further, all the objects coded for are sufficiently large that the
reduction did not have a significant impact on overall results
Objects in view, as well as which object the dog was
looking at, were consistent across all frames for a given
fixation. For each recorded fixation, what object the dog was
looking at and what objects were present in the dog’s field of
view were manually recorded for a series of sixteen common
objects observed in the world (see Table 1 and Figure 3).
These objects were chosen ahead of data collection as they
were consistently present on the pre-determined route. The

Figure 1. A. A dog wearing the eye-tracking goggles which
had two cameras, B. The dog’s view recorded by the scene
camera, C. The dog’s eye recorded from the eye camera. D.
The dog’s view with their point of regard indicated by the
blue circle.
throughout their session which holds the video recording
pack and its battery.
Prior to starting their walk, dogs first completed a
calibration procedure. This procedure allowed for the dogs’
eye movements as recorded from the eye camera to be
mapped onto the field of view recording from the scene
camera, the result being dogs’ point of regard (or where in
their environment they were looking), which could be
extrapolated offline for the entire recording, after the session
(Pelgrim et al., 2022). To complete this mapping, we use
points where we know the dogs’ point of regard (where they
are looking). To accomplish this, the experimenter drew their
attention to specific points using a treat. The dog owner held
their dog’s head stationary while the dog followed treats held
by an experimenter, via eye-movements alone, through 5
unique points in space. Each point in space where the dog
looked at the experimenter provided a known point, meaning
that the positioning of the dogs’ pupil and corneal reflection
was linked to where in their first-person view they were
looking. The 5 points were chosen to be spread widely across
the dogs’ first-person view, thus requiring a wide range of
eye movements. These eye movements made the offline
extrapolation of the point of regard for the entirety of the walk
using eye-tracking software more accurate.
During the calibration procedure a removable handheld
screen was plugged into the recording pack to allow the
experimenter to verify the eye camera was recording a clear
and centered image. After the dog looked at the experimenter
in all 5 points, as judged by the experimenter, the LCD screen
was removed. The calibration procedure was completed both
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primary focus of this study was how dogs interact with their
world visually, so instances where dogs were relying on
another sense (such as while sniffing) were removed. Sniffing
bouts were defined as looks where two or fewer objects were
present in the environment. As an example, when a dog was
sniffing a pole, the only objects visible in the environment
were the pole and the plant and both were so close to the
camera it’s unlikely that the dog was visually considering
them (see Figure 2).

p = .01. Dogs generally move their heads and eyes together
towards objects that interest them, so we expected that data
influenced by head movements (the objects in their view) and
data created from eye-movements (fixations) would
correlate. However, exploring where dogs are actually
fixating provides a more nuanced understanding of what they
are attending to and find visually interesting. Despite the two
being highly correlated, there are some interesting
differences in the proportion of time an object was in view
and the relative proportion of time it was looked at.

Relative Time Looking to Objects
Our second aim was to explore, of the objects in their view,
how and which of the objects did dogs choose to look at.
First, dogs did not look uniformly at the objects present in
their view (Table 1, Figure 3). We conducted a linear
regression exploring object class as a predictor for the
proportion of time looking to the object, relative to the
duration it was in dogs’ field of view for, and found a
significant main effect, F(14) = 2.87, p = 0.004. This
suggests that dogs are not uniformly or passively observing
the objects in their field of view but are actively directing
their attention to certain classes of objects, most notably
people. People were the 6th most frequent occurrence in dogs’
environment, occurring about 37.2% of the time in dog’s
views, yet they were the second most looked at object,
relatively speaking (31.5% of the time there was a person in
view, dogs looked at that person) (Figure 3).

Figure 2. Left – Example of a sniffing bout on a plant
(fixations where dogs had 2 or fewer objects present in their
view) vs Right – Example of a normal fixation to a plant.
Sniffing bouts were removed prior to analysis because the
proximity of the objects of focus made it likely that they were
using another sense, like olfaction.

Results & Discussion
Objects In View
Our first aim was to explore the objects present in dogs’ view
during their walks. Across dogs a total of 4,578 fixations
were recorded spanning 49,431 frames. Each fixation was
coded for both the classes of objects present (i.e., plant, sky,
& pavement) and the object the dog was looking at (i.e.,
plant). After eliminating sniffing bouts, or those that
contained 2 or fewer objects in the view as described in data
coding and analysis, 4,352 looks remained and were used in
subsequent calculations of proportions and analysis.
For all dogs, the four most common objects in their field of
view were plants, pavement, buildings, and the sky (Table 1,
Figure 3). These objects were nearly ubiquitous in dogs’
environments, present between 99.7% (for plants) and 86.8%
(for sky) of the total looks recorded. Poles, people, and cars
were the next most frequent objects, occurring between
45.3% (for poles) to 30.1% (for cars). The only object from
the list of 16 coded that was not observed was other dogs. No
other dogs were encountered on these walks so this object
category was dropped. Objects were also present in dogs
view for different amounts of time. A linear regression
exploring the time the object was in view as a function of the
object identity found a significant main effect of object, F(14)
= 2.16, p = 0.028.
The proportion of time that dogs looked to objects in their
environment (relative to how often they were in the
environment) was significantly correlated with the proportion
of time those objects were in their field of view, r(58) = 0.326

Table 1: Objects Fixated on and In View
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Proportion
fixated while in
View (Rank)

Object

Proportion In
View (Rank)

plant

0.997 (1)

0.432 (1)

pavement

0.952 (2)

0.216 (3)

building

0.939 (3)

0.151 (5)

sky

0.868 (4)

0.016 (14)

pole

0.453 (5)

0.050 (12)

person

0.372 (6)

0.315 (2)

car

0.301 (7)

0.103 (7)

construction

0.060 (8)

0.134 (6)

bicycle

0.058 (9)

0.100 (8)

sign

0.055 (10)

0.095 (9)

chair

0.050 (11)

0.001 (15)

sculpture

0.031 (12)

0.186 (4)

bench

0.030 (13)

0.056 (11)

bus

0.013 (14)

0.061 (10)

scooter

0.011 (15)

0.031 (13)

dog

Not observed

Not observed

1.00

data_type
Relative Time in View
Relative Time Looking

Proportion of time

0.75

0.50

0.25

0.00
plant

pavement

building

sky
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pole

car

sculpture construction

sign

bicycle

bus

bench

scooter

chair

Object

Figure 3. The proportion of the recorded walk that each of the objects were present in dogs’ field of view (Red, Left) and the
proportion of time dogs looked at that object relative to the amount of time it was in view (Blue, Right). Proportions from each
dog are indicated by black dots. Dogs most often had plants, pavement, building, and sky in their field of view. Dogs looked,
relatively speaking, mostly to plants and people.
Dogs preferential looking to humans is consistent with
previous work examining dog’s visual behaviors using
screen-based eye-tracking (Törnqvist et al., 2020). Further, it
supports previous research which has suggested that dog’s
excellent response to human social cues may be because they
pay greater attention to humans (Mendes et al., 2021).
In addition to looking proportionally more to people when
they were in their field of view, dogs also appeared to look
for people in locations where they could potentially appear
(See Figure 4). On 20% of looks to buildings, dogs looked
either in the window of the building or at the entryway. This
number is also likely an underestimation, as buildings filmed
in the distance could not be classified due to limited camera
resolution and spatial accuracy of the eye-tracking system. In
addition to looks at doorways and windows of buildings, one
dog encountered a stopped bus with open doors and, though
no one was actually entering or exiting the bus, this dog
looked to the open doors of that bus, the location where a
person could potentially appear (Figure 4). While only
anecdotal at this stage, this newly discovered gaze pattern has
implications for future research into social tasks, namely as it
further supports the idea that dogs pay disproportionate
attention to humans, and search for them when they are not
present. Further, tasks involving dog’s natural navigation of
their physical world may be impacted by this finding, it’s
possible that physical or structural elements of dog’s
environments are, due to their historic association with
humans, social in nature.
Beyond the social domain, plants were both the most
frequent object in dogs’ field of view and their most
frequently looked at object. In past screen-based eye-tracking
research in dogs, plants have been used as the background
material to explore how dogs look at the primary subject of
the image, typically a person or animal present in the
foreground (Törnqvist et al., 2020). In contrast, another
frequent background object from screen-based eye-tracking,

sky, was almost never actually looked at by dogs. The sky
was nearly ubiquitous in dogs’ view, present 86.8% (ranked
4/15) of the time yet dogs looked extremely infrequently to
it, only looking at the sky 1.6% of the time it was in their view
(ranked 14/15) (Figure 3). This suggests that unlike plants, in
a real-world context the sky is treated by dogs as background,
and not something that is worth attending to. A major
advantage of head-mounted eye-tracking is the use of the
real-world stimuli and mobile participant, and in this case,
our results suggest that dogs may consider at least some
plants to be objects, exploring them visually and through
other sensory modalities (the majority of sniffing bouts that
were removed included plants), however they do not appear
to consider the sky as an object worth investigating. Further
research is needed to make more nuanced conclusions about
dog’s response to plants and other potential background
objects.
Dogs also looked unexpectedly more to certain rare and
unusually shaped objects in their environment, namely
construction equipment, and sculptures. Both of these asocial
objects were rare in the dog’s view, present in the field of
view for 3.1% of looks for sculptures and 6% for construction
equipment. Both were proportionally looked at very often
(18.6% for sculpture, the 12th most frequent out of the 15 in
view to 4th most relatively looked at of the 15) and 13.4% for
construction, rank 8/15 to 6/15 respectively, see Table 1).
This suggests a potential preference for novelty when
considering which object to look at, and a greater interest in
relatively novel or at the least unusual objects. This is in line
with past research showing that dogs have a strong preference
for novel objects on an object choice task (Kaulfuß & Mills,
2008). Future research may explore if this neophilia extends
to other domains or could more explicitly compare novel
objects by staging them along a walk or by presenting dogs
with a forced-choice task between a familiar and novel object
to see which they both physically and visually explore.
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attention to doors and windows. By examining the field of
view for image features, we can determine if dogs look to
doors and windows of buildings because they are the most
salient features of buildings, or if they are truly looking there
for social reasons due to their past associations with humans.
Our findings on dogs looks to plants are in contrast with prior
work where plants are generally considered to be background
material. Further research is needed in an ecologically valid
context like the one presented here to further explore what
components of plant material dogs are so interested in.
Further, we found suggestions of visual neophilia in dogs,
with dogs looking more to unusual and rare objects including
sculptures and construction equipment. Finally, we found
that, on average, individual dogs were very similar in both
the objects present in their view and which of those objects
they chose to look at. However, detecting individual
differences may require more dogs than our sample with a
variety of breeds or more diverse life experiences.
This is the first effort to explore how dogs look at their
physical environment. Future research can expand on the
object classes identified here, and further explore the pattern
noted here that dogs also look to where people may appear.
One limitation of the present study was the spatial accuracy
of the system, but with increased camera resolution or image
enhancement, future work can identify whether, for instance,
dogs look more to the door of cars than they do to the
bumpers or tires (strictly non-social components). Future
work can also consider conducting more detailed
compositional analysis of what is in the dog’s field of view.
This could help to provide more context about the
intentionality of looks (i.e., if for a given frame plants took
up 95% of the scene, and a person was 5% yet the dog chose
to look at the person). Future work can also explore dogs’
reaction to rare or unusual objects, informing our
understanding of dogs’ visual neophilia, using a similar
paradigm to stage encounters. Further, reactive dogs (those
that have a strong arousal response to a given stimuli such as
a dog or a person on a bicycle) would be promising
candidates for use in this paradigm to understand how hey
scan their environments and how they, temporally, respond
to triggers.
This study was the first to record how dogs observe their
physical environment in a naturalistic setting. Building upon
this understanding, we can now expand into how dogs
complete more complex social tasks. Very little is currently
known about how, visually, dogs build a bond through play
with a human companion or how they navigate a complex
physical environment with social guidance, such as in dog
agility. Understanding the visual behaviors that dogs are
utilizing to complete daily tasks, and how those differ from
key visual features seen in human-human interactions, will
provide insight into social learning and cooperation in a
unique cross-species context. Additionally, being able to
measure how dogs visually interact with the world while
completing tasks is a first step to building an eventual model
of dogs’ visual behaviors, something with significant
implications for both working dog and AI training.

Figure 4. Dogs looked to specific components of objects like
the doorways and windows of buildings, as well as the open
doors of a bus, potentially looking to where they expect
people may appear.

Individual Differences
No individual differences were observed in the proportion of
item that objects were in dogs’ view (Figure 3). Dogs
generally had the coded objects in their view for comparable
amounts of their walk time. We conducted a linear regression
exploring duration in view as a function of object class and
dog identity and found no significant effect of dog identity,
F(3) = 0.37, p = .775. Given that dogs walked the same route,
they had the opportunity to orient their fields of view towards
many particular objects (e.g., buildings) for comparable
amounts of time, however it is still notable that dogs’
different sizes and training experiences did not result in them
directing their heads differently on their walks.
We can also consider a more detailed measure of what dogs
chose to look at within their field of view. When considering
relative proportion of time that dogs looked at object classes,
relative to the amount of time those objects were in their view
there was some variability (Figure 3). As an example, Suna
looked to people 50% of the time there was a person in her
view, whereas Daisy looked to people around 10% of the time
they were in her view. Despite some notable instances of
differences, there was no statistically significant difference in
relative proportion of looks to objects. A linear regression
exploring dogs’ relative proportion of time looking to objects
as a function of object class and dog identity found no
significant effect of dog, F(3) = 1.266, p = .298. While no
individual differences were noted in this sample, dogs
undoubtedly experience different views and objects as a
function of where they live and a host of other lifestyle
factors. More research is needed into individual differences
between more dogs in alternative contexts.

Conclusion
The present study aimed to explore both the objects present
in dogs’ visual environments as well as which of those
objects they chose to look at. We found that dogs looked
more to plants and people, than to the other objects, and
discovered that dogs also look to where humans may appear,
such as doorways and entryways of and busses. Dogs looks
to people supports prior research on dogs excellent
understanding of human social cues, and provides
quantitative support for the hypothesis that dogs extensively
attend to people. We noticed here that dogs directed their
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Abstract
Spatial perspective taking, in which people mentally adopt another person’s view of the world, is a crucial component of
everyday communication. We investigate spatial perspective
taking in listeners interpreting ambiguous instructions from a
partner, looking at how this behaviour varies with a human
vs. computer partner (Exp. 1 and 2), and with individual differences in social and cognitive abilities (Exp. 3). Listeners’
perspective taking tendencies vary with their individual differences in spatial orientation ability, with more othercentricism
associated with better spatial orientation. In addition, partner
identity influences perspective taking; however, in contrast to
previous work, we find higher levels of egocentricism with a
computer than a human partner. Our results highlight the importance of taking into account both external factors and individual differences in understanding spatial perspective taking.
Keywords: perspective taking; individual differences; audience design

Introduction
When communicating about the world, people often have to
describe spatial locations to an interlocutor (e.g., when giving directions). If interlocutors’ viewpoints differ, speakers
can opt to formulate the description from their own (an egocentric) or their partner’s (an othercentric) perspective. Considerable work on perspective choice and interaction has documented behaviour in spatial description tasks. Studies show
that speakers exhibit adaptive tendencies in perspective taking based on various cognitive and social factors; for instance, speakers tend to be more egocentric when adopting
a partner’s perspective is computationally difficult (Galati &
Avraamides, 2015), and conversely more othercentric when
they perceive their partner’s capabilities to be limited in some
way (Schober, 1993; Shelton & McNamara, 2004). These
findings are consistent with the assumption that perspective
taking involves cognitive effort (cf. Horton & Keysar, 1996),
but that speakers may be willing to invest in this if pragmatically motivated, such as to ensure mutual understanding (cf.
Clark & Wilkes-Gibbs, 1986).
However, egocentric and othercentric descriptions are not
the only linguistic choices; speakers may produce ambiguous
spatial descriptions (e.g., “it’s on the left”), leaving the burden
of disambiguation to the listener. Thus, an equally important
question is how and when listeners adapt to a speaker’s spatial
perspective in comprehension.
Duran, Dale, and Kreuz (2011) investigated spatial perspective taking in listeners using a computerised task in which
participants followed instructions from a virtual speaker who
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referenced one of two identical objects on a tabletop with potentially ambiguous spatial terms front, back, left, or right
(e.g., “give me the folder on the left”). The authors manipulated whether the speaker and participant had the same
or different perspectives of the table. Thus, when perspectives differed, participants could respond egocentrically or
othercentrically. Results showed that spatial perspective taking performance decreased with increasing misalignment between the participant and speaker’s perspectives, supporting
the view that perspective taking is cognitively demanding.
Duran et al. (2011) additionally classified participants as
“egocentric”, “othercentric”, or “mixed” based on their dominant mode of response. The authors observed that mixed
responders were in the minority, with most falling on extreme ends of a bimodal distribution with a roughly even split.
A subsequent experiment showed that altering listeners’ expectations about their partner’s perspective taking ability by
telling them that their partner was a real human increased the
proportion of egocentric responders, consistent with the view
that spatial perspective choice is part of a collaborative effort
sensitive to one’s beliefs about an interlocutor. Notably, the
emergence of distinct response groups may also reflect participant tendencies based on individual differences, which may
modulate one’s willingness to take perspective.
Although Duran et al. did not investigate individual differences in their study, a growing body of research highlights a
relationship between various cognitive and social abilities and
spatial perspective taking. One line of research proposes that
spatial perspective taking is an embodied cognitive process
involving a mental rotation of one’s self into a target orientation (Hegarty & Waller, 2004; Kessler & Thomson, 2010).
To test this, Hegarty and colleagues developed the Object Perspective Test (OPT; Kozhevnikov & Hegarty, 2001; Hegarty
& Waller, 2004), a test of spatial orientation in which participants have to take on an imagined perspective within an array
of objects and indicate a direction to a target object. Confirmatory factor analyses showed that this test loaded on the
same factor as other tests of spatial orientation ability (e.g.,
the Money Road Map Test; Schultz, 1991), supporting the
view that spatial perspective taking draws on the ability to
make egocentric spatial transformations.
Another cognitive ability often implicated is inhibitory
control, based on the rationale that taking another perspective
requires ignoring a dominant egocentric perspective. Frick
and Baumeler (2017) found a relationship between spatial
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Methods

perspective taking and inhibitory control in children, even after controlling for other individual differences such as age and
IQ. Studies on (non-spatial) perspective taking also report a
role of this ability (Brown-Schmidt, 2009; Wardlow, 2013),
suggesting that the cognitive challenge in perspective taking
lies in the need to suppress one’s egocentric perspective.
Finally, a recent line of work highlights a link between
spatial and social skills, in particular social and communication ability as measured by the Autism Quotient (AQ; BaronCohen, Wheelwright, Skinner, Martin, & Clubley, 2001).
This research is motivated by the argument that taking another’s perspective is inherently social in nature (cf. Tversky & Hard, 2009); correspondingly, results tend to show
that lower social skills are associated with poorer perspective taking performance (Kessler & Wang, 2012; Xiao, Xu,
Sui, & Zhou, 2021; Job, Kirsch, Inard, Arnold, & Auvray,
2021). Individuals with Autism Spectrum Disorders (ASDs)
have also been shown to perform more poorly on perspective
taking tasks, a finding that has been attributed to social impairments such as difficulty with theory of mind (Hamilton,
Brindley, & Frith, 2009).
While previous studies support a relationship between spatial perspective taking and various individual differences,
many of these have so far not been investigated together.
The majority of studies also focus on speakers’ perspective
choice; less is known about how such differences may modulate this behaviour in comprehension. Here, we investigate
spatial perspective taking in listeners, with the aim of exploring whether othercentric perspective tendencies are linked to
an individual’s social and cognitive abilities. We employ a
collaborative task in which participants carry out a partner’s
instructions, which can be interpreted egocentrically or othercentrically. Experiments 1 and 2 are conceptual replications
of Duran et al.’s comparison of spatial perspective taking with
a human vs. computer partner. Surprisingly, we find the opposite result in that listeners are more egocentric with a computer than a human partner in both experiments. In Experiment 3, we explore the role of individual differences in spatial perspective taking with a computer partner. We find that
othercentric tendencies are associated with spatial orientation
ability, but not with social skills or inhibitory control.

Participants 524 participants were recruited on Amazon
Mechanical Turk (AMT). We excluded data from participants
who: (a) were (self-reported) nonnative speakers of English
(4), (b) failed to meet accuracy criteria (<80% accuracy on
unambiguous trials; 71), or (c) indicated suspicion about the
authenticity of their partner or the interaction (175). Thus, the
final dataset consisted of 274 participants: 134 and 140 in the
human and computer partner conditions respectively.
Materials, design and procedure The task was described
as an activity in which two users carry out a joint task in a virtual workspace. The participant’s goal was to move objects in
the workspace following their partner’s instructions. Displays
showed the objects arranged in pre-determined locations (top,
left, bottom, or right) on a tabletop, and two avatars representing the participant and their partner. The participant’s
avatar was always at the bottom of the table; we manipulated
whether the partner’s avatar was next to the participant (same
perspective) or across from the participant (different perspective; see Figure 1).

Figure 1: Example of a critical trial in the different perspective condition (left) and a filler trial (right).
On each trial, participants heard a pre-recorded utterance
from their partner requesting an object, which they had to
click and drag to them. The experiment had 12 critical trials
(six same and six different perspective) and 36 filler trials.
Critical utterances were of the form “Give me the <object>
on the left/right”). The accompanying display showed two
identical objects in the left and right positions on the table.
Thus, on different perspective trials the critical utterance was
always spatially ambiguous.
Filler trials were included to reduce the salience of critical displays. These varied the number of objects shown
(two/three/four), and included different contrasts relevant for
referent identification: colour (e.g., red/green apple; n = 8);
size (e.g., long/short ruler; n = 8); location (left/right, with
the addition of distractor objects; n = 8); and no contrast
(identifiable by the bare noun; n = 12). Half of the filler trials used the same perspective configuration and the other half
used the different perspective configuration.
We manipulated partner identity as either a human (another worker on AMT) or a simulated computer. Partici-

Experiment 1
Participants respond to pre-recorded instructions from a partner requesting for objects on a tabletop in a web-based virtual
environment. We varied the location of the partner’s avatar
such that the participant and partner are either side-by-side or
across from each other. In the latter configuration, requests
for an object on the left/right are spatially ambiguous and can
be interpreted egocentrically or othercentrically. We focused
on left/right references since larger effects were reported for
these in Duran et al. (2011). In addition, we varied partner
identity (computer vs. human) between-subjects in attempt to
replicate Duran et al.’s (Exp 1 vs. 3) partner effects.1
1 Preregistration details can be found at https://osf.io.cz42t
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cally with a computer partner, β = 1.69, SE = 0.70, p = .02.

pants were told the task took place in real-time; in fact partner
utterances were pre-recorded and we simulated live interaction with variable utterance onset latencies and waiting times
(e.g., a delay ostensibly for a human partner to sign up). Human utterances were recorded by a female native speaker of
North American English; computer utterances were synthesised with the Apple Macintosh built-in text-to-speech function (“Agnes” voice). After the task, participants completed
a post-test questionnaire with questions aimed at verifying
whether those in the human partner condition suspected the
authenticity of the interaction (as in Duran et al., 2011).

Results
The experiment yielded two dependent measures: the object
selected by participants on each trial and their response times.
Following Duran et al. (2011), we categorised participants as
“egocentric” or “othercentric” based on their dominant pattern of object selection on different perspective critical trials
(>70% of trials in the relevant response category); participants who were neither were categorised as “mixed”.
We conducted two planned statistical analyses. The first
examined perspective taking based on participants’ object selection, using logistic mixed effects regression to analyse the
outcome of whether or not participants chose the object from
an egocentric perspective on each trial. The second examined processing cost based on trial response times (from utterance offset), using linear mixed effects regression to analyse
log-transformed response times. Models included perspective (same vs. different) and partner (human vs. computer) as
fixed effects (sum-coded), and participant and item random
intercepts and by-participant random slopes for perspective.

Figure 2: Experiment 1 results. Left: Percentage of trials
on which participants chose the object from an egocentric
perspective. Error bars represent ±1 standard error of byparticipant means. Right: Raw mean trial response times.

Experiment

Partner

Egocentric

Othercentric

Mixed

Processing cost Figure 2 shows participants’ mean response times in the experiment. The model showed main
effects of perspective, with longer response times observed
in the different perspective condition, β = 0.06, SE = 0.02,
t = 2.81; and of partner, with shorter response times observed
in the computer partner condition, β = −0.45, SE = 0.06,
t = −7.97. To investigate whether longer response times
with the human partner were due to a larger proportion of
othercentric responders, we ran the same analysis including
responder group (egocentric vs. othercentric; sum-coded) as
a predictor. This model revealed a perspective by responder
group interaction, β = 0.21, SE = 0.06, t = 3.17. Separate
models confirmed that othercentric responders were significantly slower on different compared to same perspective trials, β = 0.26, SE = 0.07, t = 3.25 while this difference was
not significant in egocentric responders, t = 1.28.

1

Human
Computer

108 (81%)
125 (89%)

17 (13%)
13 (9%)

9 (6%)
2 (1%)

Discussion

2

Human
Computer

9 (8%)
39 (31%)

95 (83%)
81 (64%)

10 (9%)
7 (6%)

3

Computer

68 (38%)

48 (27%)

64 (36%)

Table 1: Breakdown of responder types in each experiment.

The main finding from Experiment 1 was that partner identity influenced listeners’ spatial perspective taking behaviour.
This is in line with previous work which shows that perspective taking tendencies are sensitive to social cues about one’s
partner (e.g., Schober, 2009; Duran et al., 2011). However,
in contrast to Duran et al., we observed higher rates of egocentricism with a computer compared to a human partner. We
return to this point in the general discussion.
We found longer response times following requests from
the human partner, driven by higher rates of othercentric
responding in that condition. This suggests that there are
greater processing costs involved in taking another’s perspective, and is in line with Duran et al. (2011), who observed
larger effects of perspective taking on response times in othercentric compared to egocentric responders.
Finally, we note that our rates of egocentricism were high
(>80%) in both partner conditions. While some researchers
argue that this perspective is default and othercentricism is
cognitively costly (Epley, Keysar, Van Boven, & Gilovich,
2004), our distribution is at odds with Duran et al. (2011),

Distribution of responders Table 1 shows the breakdown
of egocentric, othercentric, and mixed responders. Following Duran et al., we compared the rate of egocentric and
othercentric responders across partner conditions. For egocentric responders, there was a marginally significant 8% decrease in the human compared to computer partner condition,
χ2 (1) = 3.40, p = .06. For othercentric responders, there was
a non-significant 5% increase in the human compared to computer partner condition, χ2 = 0.80, p = .3.
Perspective taking Figure 2 shows the percentage of trials on which participants chose the object from an egocentric
perspective. The model showed main effects of perspective,
with participants less likely to respond egocentrically on different perspective trials, β = −2.43, SE = 1.21, p = .04; and
of partner, with participants more likely respond egocentri-
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who found a more even split with a similar task. This discrepancy may be attributed to their inclusion of front/back spatial
references, whereas we exclusively used left/right references,
which are known to be harder to produce and comprehend
(Franklin & Tversky, 1990). Thus, we repeated the experiment with front/back references in attempt to elicit a more
even distribution of egocentricism and othercentricism.

participants more likely to respond egocentrically with a computer partner, β = 1.10, SE = 0.54, p = .04.
Processing cost Figure 3 shows participants’ mean response times in the experiment. The model showed main effects of perspective, with longer response times in the different perspective condition, β = 0.08, SE = 0.02, t = 3.85; and
of partner, with shorter response times with a computer partner, β = −0.24, SE = 0.05, t = −4.55. An additional analysis including responder group (egocentric vs. othercentric) as
a predictor showed no effect of responder type nor its interaction with any of the other predictors (all |t| < 1.1).

Experiment 2
We replaced left/right references with front/back ones.2

Methods
Participants 508 participants were recruited on AMT. We
excluded data from participants who were nonnative speakers
of English (7), who failed to meet accuracy criteria (146), or
who indicated suspicion about their partner or the interaction
(114). The final dataset consisted of 241 participants: 114
and 127 in the human and computer partner conditions.

Discussion
Our partner effects here corroborate those of Experiment 1:
Listeners were more likely to interpret ambiguous spatial references egocentrically with a computer than a human. These
results confirm that spatial reasoning is a flexible process that
adapts dynamically to social cues such as the identity of one’s
partner. As in Experiment 1, we saw longer response times on
different perspective trials, reflecting a cognitive cost in taking another perspective. Unlike Experiment 1 though, there
was no difference between egocentric and othercentric responders, with both groups taking longer on different perspective trials. This may reflect differences between left/right
and front/back perspective taking, the latter being computationally simpler and thus eliciting a smaller cost. Studies on
spatial cognition report a similar disadvantage for left/right
discrimination compared to other body-oriented dimensions
such as front/back or near/far (Newcombe & Huttenlocher,
1992; Farrell, 1979), suggesting that spatial perspective taking is not equal across dimensions. In line with this, we
saw a higher proportion of othercentricism in Experiment 2
(>70%) than Experiment 1. However, the similar response
times across responder groups may suggest that front/back
perspective taking was too trivial to evoke a clear distinction
between egocentric and othercentric behaviour. Thus, in Experiment 3 we included references in both spatial dimensions.

Materials, design, and procedure These were identical to
Experiment 1 other than the replacement of critical utterances
with front/back references. The objects appeared in the top
and bottom positions on the table on these trials.

Results
Analysis procedures were the same as in Experiment 1.
Distribution of responders Table 1 shows the breakdown
of responders groups. For egocentric responders, there was
a 23% decrease in the human compared to computer partner
condition, χ2 (1) = 18.20, p < .001. For othercentric responders, there was a 19% increase in the human compared to
computer partner condition, χ2 = 10.69, p = .001.

Experiment 3
The main task was similar to Experiments 1 and 2, but including left/right and front/back spatial references. As the
focus was on the role of individual differences in perspective
taking, we omitted the partner manipulation, hence all participants interacted with a computer partner.3 Participants completed the main task followed by four individual differences
tests in the order: Autism Quotient (AQ), Object Perspective
Test (OPT), Stroop task, directional discrimination test.4

Figure 3: Experiment 2 results. Left: Percentage of trials
on which participants chose the object from an egocentric
perspective. Error bars represent ±1 standard error of byparticipant means. Right: Raw mean trial response times.

Methods
Participants 291 participants were recruited on AMT. We
excluded participants who were nonnative speakers of English (2) or did not meet accuracy criteria on the main task

Perspective taking Figure 3 shows the percentage of trials
on which participants responded egocentrically. The model
showed main effects of perspective, with participants less
likely to respond egocentrically on different perspective trials, β = −13.75, SE = 1.21, p < .001; and of partner, with
2 Preregistration

3 The choice of a computer rather than human partner was logistical, as it eliminated the need to exclude participants who did not
believe they were interacting with a real person.
4 Preregistration details at https://osf.io/76xdz

details at https://osf.io/s3tqu
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(36). An additional 73 participants failed to complete the individual differences battery or to meet criteria on the Stroop
task (>90% accuracy), leaving 180 participants in the final
analyses.

sum-coded). To explore the mediating role of individual differences in spatial perspective taking, we constructed a full
model for each of the two outcome variables, with perspective and its interaction with each of the three measures (AQ
score, OPT deviation score, and Stroop difference score) as
predictors. Measures were entered as scaled and centred continuous variables. We subsequently constructed a final model
by eliminating predictors that were not significant in the full
model. All models included participant and item random intercepts and by-participant random slopes for perspective.

Main task We made the following changes to the design:
(a) The number of critical trials increased to 16 (eight same
and eight different perspective, with four left/right and
four front/back utterances in each condition).
(b) Location contrast fillers were omitted, leaving colour
contrast, size contrast, and no contrast filler displays (12
each); the total number of filler trials remained the same.
(c) All participants interacted with a computer partner.
Autism Quotient We measured social skills using the AQ,
a 50-item self-administered questionnaire designed to assess
autism-like traits (Baron-Cohen et al., 2001). For each participant, we derived a score based on questions from the social and communication subscales (cf. Shelton, ClementsStephens, Lam, Pak, & Murray, 2012), using Austin’s (2005)
scoring strategy. Higher scores reflect poorer social skills.
Object Perspective Test We measured spatial orientation
ability using a web-based version of the OPT. On each trial
participants saw an array of seven objects, had to imagine
themselves at one object and facing another, and indicate the
direction to a third object. A deviation score for each participant was derived by taking the mean angle deviation between
the participant’s response and the correct response across trials. Higher scores reflect poorer spatial orientation ability.

Figure 4: Experiment 3 results. Left: Percentage of trials
on which participants chose the object from an egocentric
perspective. Error bars represent ±1 standard error of byparticipant means. Right: Raw mean trial response times.
Main task: perspective taking and processing cost Table 1 shows the breakdown of responder groups in the experiment. Figure 4 shows the percentage of trials on which participants responded egocentrically and their mean response
times. Participants were less likely to respond egocentrically on different perspective trials, β = −7.86, SE = 0.90,
p < .001; and took longer to respond on different perspective
trials, β = 0.15, SE = 0.02, t = 6.40. An analysis including
responder group (egocentric vs. othercentric) showed a perspective by responder group interaction, β = 0.13, SE = 0.05,
t = 2.51, reflecting a larger slowdown on different perspective
trials in othercentric compared to egocentric responders.
Contribution of individual differences The full model for
perspective taking including all three individual differences
measures showed an effect of perspective, with participants
less likely to respond egocentrically on different perspective
trials, β = −7.61, SE = 0.97, p < .001; and an interaction
with OPT deviation score, β = 3.50, SE = 0.98, p < .001,
driven by higher deviation scores being associated with more
egocentric perspective taking on different perspective trials,
β = 1.73, SE = 0.51, p < .001; no corresponding relationship was observed on same perspective trials (p > .1). This
interaction is illustrated in Figure 5. Neither AQ score nor
Stroop difference score modulated perspective taking tendencies (all p > .6). The final model including only perspective
and its interaction with OPT score showed an effect of perspective, β = −7.57, SE = 0.97, p < .001 and a significant
interaction, β = 3.65, SE = 0.97, p < .001. This model had
an R2 of 0.89, and was significantly better than a model including only perspective, χ2 (1) = 14.08, p < .001.

Stroop task We measured inhibitory control using the
colour-word Stroop task (Stroop, 1935). On each trial participants pressed a key (r, b, g, y, or p) corresponding to the
colour of a word (red, blue, green, yellow, or purple). A
participant’s Stroop effect is derived from taking the difference between their mean response time on incongruent trials
(colour and text of the word mismatch) and congruent trials
(colour and text of the word match). Higher Stroop scores
indicate poorer inhibitory control.
Directional discrimination task We implemented a novel
task designed to test participants’ differential ability to respond to front/back vs. left/right spatial references. On each
trial, participants had to click as quickly as possible on one of
four identical moles following a recorded instruction. A score
for each participant was derived from the difference between
their mean response time on front/back and left/right trials.
However due to data loss from a number of participants misinterpreting the instructions as well as issues writing data to
the server, we omitted this task from subsequent analyses.5

Results
We first analysed data from the main task for the two outcome variables: object selected and response times. Models
included a single predictor, perspective (same vs. different;
5 Analyses on the subset of usable participants from this task do
not change the significance of the individual differences results.
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The full model for response times showed an effect of perspective, with longer response times on different perspective
trials, β = 0.15, SE = 0.02, t = 6.24; and a marginal interaction with OPT, β = −0.11, SE = 0.07, t = −1.64, driven
by higher deviation scores being associated with longer response times on same perspective trials, β = 0.16, SE = 0.07,
t = 2.24; no corresponding relationship was observed on different perspective trials (|t| < 0.9).6 This interaction is illustrated in Figure 5. Neither AQ score nor Stroop difference
score modulated participants’ response times (all |t| < 0.7).
The final model including only perspective and its interaction
with OPT score showed an effect of perspective, β = 0.15,
SE = 0.02, t = 6.44 and a marginal interaction, β = −0.11,
SE = 0.06, t = −1.71. This model had an R2 of 0.25, and was
a marginally better fit than a model including only perspective, χ2 (1) = 2.90, p = .09.

ercentric perspective taking incurs a cognitive cost, with listeners’ willingness to invest in this cost varying with (a) their
perception of their partner’s identity (Exp. 1 and 2), and (b)
their spatial orientation ability (Exp. 3).
Surprisingly, our partner effects were in the opposite direction to Duran et al.’s (2011), who found higher rates of
egocentricism with a human than a computer partner. It is
possible that methodological differences between the studies
contributed to the disparity. For instance, Duran et al. used a
simpler design and the same stimuli throughout, whereas we
included a number of varied fillers to distract listeners from
the perspective manipulation. This may have increased their
overall egocentric tendencies by reducing their attention towards the aspect of spatial ambiguity; however we see no
reason for such an effect to differ across partner conditions.
Another explanation, however, relates to a shift in expectations towards computers as communicative partners. Duran
et al. attribute their results to listeners inferring about their
partner’s ability to collaborate and shifting the burden of perspective taking onto a partner who is human (cf. Tenbrink,
Fischer, & Moratz, 2002). However, more recent studies
have found greater egocentric tendencies in speakers interacting with robots compared to humans (e.g. Carlson, Skubic, Miller, Huo, & Alexenko, 2014). Together, these findings may reflect a shift in our perceptions about computers’
capabilities in response to recent developments in Artificial
Intelligence (Williams, Park, & Breazeal, 2019).
Beyond the external cue of partner identity, listeners’ perspective taking tendencies varied with their own spatial ability. This result has implications for the question of the mechanism underlying spatial perspective taking. While we do not
provide a direct test of relevant mechanism(s), we note that
our individual difference measures target largely distinct processes that have separately been linked to perspective taking.
Our results are consistent with the theory that spatial perspective taking relies on an embodied cognitive process of mental
self-rotation (Kessler & Thomson, 2010). Perhaps surprisingly, we did not find a role of social skills, which has been
implicated in several studies. This may be due to partnerspecific attributions in human-computer interaction. Xiao et
al. (2021) found that speakers’ othercentric tendencies correlated with their social skills when addressing humans but not
robots, suggesting that speakers only regard humans as social
partners. A similar argument may apply to listeners responding to a computer; it is possible we would find a mediating
role of social skills in the same task with a human partner.

Figure 5: Relationship between OPT deviation score and egocentric perspective taking (left), and mean response times in
the main task (right). Dots represent individual participants.

Discussion
The main finding from Experiment 3 revealed the role of individual differences on spatial perspective taking. Listeners
with poorer spatial orientation ability, as shown by higher
OPT scores, are less inclined to interpret ambiguous spatial
references from their partner’s perspective. This result highlights the cognitively challenging aspect of spatial perspective
taking, even in a simplistic comprehension task. Another approach, for instance, could have been for othercentric listeners to adopt a simple heuristic of choosing the “opposite” object from their egocentric perspective on different perspective
trials; however the finding that perspective taking is related
to spatial orientation ability suggests that listeners did not do
this, but instead invested in the mental operation of orienting
themselves with their partner’s perspective.

Together, our results reveal the complex nature of spatial
perspective taking, with listeners’ tendencies depending on
both external (e.g., partner-specific information) and internal
(e.g., individual differences) factors. While our study falls
short of investigating these factors in combination, we highlight the importance of a multidimensional approach to the
study of perspective taking. Considering the interplay of multiple sources of information would contribute to a better understanding of the phenomenon.

General Discussion
In this paper, we investigated spatial perspective taking in listeners in a task of simulated interaction. We found that oth6 We do not have an explanation for the effect of OPT in same perspective trials. We speculate that some othercentric responders may
have still been considering their partner’s perspective even when perspectives aligned (cf. Duran et al., 2011). However, as the interaction is highly marginal we refrain from over-interpreting it.
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Abstract

single digit and multidigit whole numbers and decimals.
UMA’s viability as a unified model ultimately depends on
its ability to explain performance in all of these domains of
arithmetic. Here, we take a first step toward such a
comprehensive test by applying the model to the domain of
decimal arithmetic.
First, we describe our theoretical assumptions, which are
shared by FARRA and UMA. These assumptions enabled
FARRA to account for phenomena in children’s fraction
arithmetic and to generate novel predictions about children’s
decimal arithmetic that were subsequently confirmed,
suggesting the feasibility of a unified theory including both
fraction and decimal arithmetic. Next, we describe how UMA
implements our theoretical assumptions in a computational
model. Last, we evaluate UMA in the domain of decimal
arithmetic by comparing its performance to that of children.

We describe UMA (Unified Model of Arithmetic), a theory of
children’s arithmetic implemented as a computational model.
UMA extends a theory of fraction arithmetic (Braithwaite et
al., 2017) to include arithmetic with whole numbers and
decimals. We evaluated UMA in the domain of decimal
arithmetic by training the model on problems from a math
textbook series, then testing it on decimal arithmetic problems
that were solved by 6th and 8th graders in a previous study.
UMA’s test performance closely matched that of children,
supporting three assumptions of the theory: (1) most errors
reflect small deviations from standard procedures, (2) betweenproblem variations in error rates reflect the distribution of input
that learners receive, and (3) individual differences in strategy
use reflect underlying variation in learning parameters.
Keywords: mathematical cognition; fractions; decimals;
arithmetic; computational cognitive model; strategy choice

Introduction

Theoretical Assumptions

Arithmetic involves combining numbers by addition,
subtraction, multiplication, and division. The simplicity of
this description belies the complexity of arithmetic, which is
apparent when one considers calculation with different types
of numbers. For example, one may add single digit whole
numbers (e.g., 4+2) by counting or retrieval from memory,
whereas adding fractions (e.g., 3/5+1/4) may require
conversion to a common denominator, and adding multidigit
whole numbers (e.g., 123+56) or decimals (e.g., 2.46+4.1)
may involve column addition algorithms based on place
value. Yet other skills are required for other types of
problems. Apparently, arithmetic is not one skill, but many.
Reflecting this complexity, previous models of arithmetic
skill have focused on only one or a few aspects of it, such as
arithmetic with small whole numbers (Aubin et al., 2017;
Campbell & Graham, 1985; Shrager & Siegler, 1998;
Verguts & Fias, 2005), multidigit whole numbers (Brown &
VanLehn, 1980), fractions (Braithwaite et al., 2017), or
decimals (Hiebert & Wearne, 1985). It is unclear how well
these models can explain children’s arithmetic outside the
domains for which they were created.
To address this challenge, we created UMA—a Unified
Model of Arithmetic. UMA is a theory of arithmetic learning
and performance implemented as a computational cognitive
model. UMA extends FARRA (Fraction Arithmetic Reflects
Rules and Associations; Braithwaite et al., 2017), a model of
children’s fraction arithmetic. Unlike FARRA, UMA
simulates arithmetic not only with fractions, but also with

We propose answers to three fundamental questions about
children’s arithmetic learning and performance: (1) Where do
incorrect answers come from? (2) Why are errors more
common for some problems than others? (3) What causes
individual differences in strategy use?

Where do incorrect answers come from?
We assume that incorrect answers in arithmetic mostly reflect
deviations from standard correct procedures. This
assumption implies that correct procedures are a good
starting point for understanding incorrect performance.
UMA posits two types of deviations: overgeneralization
and omission. Overgeneralization (Table 1) refers to using a
procedure that is not appropriate for the problem at hand but
would be appropriate for a different type of problem.
Overgeneralization encompasses errors that have previously
been attributed to “whole number bias” (Ni & Zhou, 2005;
Table 1, row 1) as well as many other types of errors (Table
1, other rows). Omission (Table 2) refers to executing some,
but not all, of the steps required by a procedure.
UMA assumes that overgeneralization is the main source
of error in both fraction and decimal arithmetic. The rationale
for this assumption is that, in these domains, procedures for
different arithmetic operations are easily confusable. Further,
instruction often emphasizes how to execute each procedure
but not how to choose which procedure should be used. This
approach opens the door to overgeneralization errors in
which procedures are used in inappropriate contexts.
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Table 1: Examples of Overgeneralization Errors.
Error

Procedure

3 1 4
+ =
5 4 9

Apply operation
to numerators and
denominators
Apply operation
to numerators,
keep common
denominator
Add decimal
digits of operands
to place decimal
point in answer
Bring decimal
point down from
operands into
answer

4 3 12
× =
5 5
5

12.3
+5.6
1.79
2.4
× 1.2
4.8
24.0
28.8

Adding or
subtracting fractions
with equal
denominators
Multiplying
decimals

the same procedure applies when multiplying fractions with
equal or unequal denominators (e.g., 3/5×1/5 and 3/5×1/4),
children err more on the former type of problem than the
latter (e.g., 63% vs. 42% of trials in Siegler & Pyke, 2013).
Braithwaite et al. (2017) interpreted this phenomenon in
terms of the distribution of input that children receive, a
factor that has long been emphasized in research on language
learning (e.g., Saffran et al., 1999) but that has received less
attention in math cognition. Textbook analysis revealed that
multiplication problems involving equal denominator
fractions are very rare (Table 3), which Braithwaite et al.
(2017) argued explains why children often err on them. When
trained on problems from the textbooks, FARRA similarly
erred more often on the rarer types of problems.

Adding or
subtracting decimals

Table 3: Percentage of Fraction Arithmetic Problems in
Textbooks with Different Operations and Operands (data
from Braithwaite et al., 2017).

Procedure is
appropriate for ...
Multiplying
fractions

Operation
Addition
Subtraction
Multiplication
Division

Table 2: Examples of Omission Errors.
Error
3 1
3
1
4
+ =
+
=
5 4 20 20 20
2.4
× 1.2
48
24
0.72

Omitted Step
Conversion of numerators
when converting operands to a
common denominator
Shifting second partial product
(“24”) one column to the left
(i.e., the “4” in “24” should be
under the “4,” rather than the
“8,” in “48”)

Operand Denominators
Equal
Unequal
12
13
13
12
1
29
1
19

Braithwaite and colleagues (2021; Tian et al., 2021)
predicted that decimal arithmetic would also reveal parallels
between problem distributions and error rates. They found
that in math textbooks, problems with a whole number and a
decimal operand (WD) are rarer than those with two decimal
operands (DD) for addition and subtraction, while the reverse
is true for multiplication and division (Table 4). Similarly,
children err more on addition with WD than DD operands,
but err more often multiplication with DD than WD operands.

Consistent with the above assumption, 91% of fraction
arithmetic errors committed by sixth and eighth graders in
(Siegler & Pyke, 2013) involved incorrect strategies. FARRA
generated the large majority of these errors via
overgeneralization (Braithwaite et al., 2017).
Also consistent with the assumption, 70% of sixth and
eighth graders’ decimal arithmetic errors involved using a
strategy that would have been correct for a different type of
problem, as in the last two rows of Table 1 (Braithwaite et al.,
2021). The present study tests whether UMA can simulate
this latter result, as FARRA did the former.

Table 4: Percentage of Decimal Arithmetic Problems in
Textbooks Involving Different Operations and Operands
(Tian et al., 2021).
Operation
Addition
Subtraction
Multiplication
Division

Why are errors more common for some problems?

Operands
Two decimals
One decimal, one
whole number
14
1
14
1
15
21
12
22

UMA, like FARRA, explains correspondences between
problem distributions and error rates by assuming that the
likelihood of using a procedure to solve a problem depends
on how often one has used that procedure to solve similar
problems in the past. This assumption is implemented via a
reinforcement learning mechanism that is described in more
detail below. The present study tests whether that mechanism
can generate the variations in decimal arithmetic error rates
described above.

Variation in error rates among problems in part reflects
differences in the procedures required to solve the problems.
For example, conversion to a common denominator is
required for adding fractions with unequal denominators but
not ones with equal denominators. Thus, errors resulting from
incorrect conversion (e.g., Table 2, row 1) can only occur on
the former type of problem.
However, some between-problem differences in error rates
cannot be explained in this manner. For example, although
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What causes individual differences in strategy use?

Strategy rules create goals for other rules to achieve. UMA’s
strategy rule for adding or subtracting decimals creates goals
to align the operands so their decimal points line up,
optionally add zeroes to equalize decimal digits in the
operands, operate (e.g., add) as with multidigit whole
numbers, then bring the decimal from the operands into the
answer. UMA’s strategy rule for multiplying decimals
creates goals to align the operands so their rightmost digits
line up, operate as with multidigit whole numbers, then place
the decimal in the answer according to the sum of the
numbers of decimal digits in the operands.
Unlike FARRA, UMA’s rules can generate sub-problems.
For example, the two decimal arithmetic strategy rules just
described each cause UMA to create a sub-problem involving
multidigit whole numbers, which UMA would then solve
using its rules for multidigit whole number arithmetic.
Like FARRA, UMA includes not only rules representing
correct procedures but also mal-rules, which generate errors.
Reflecting the assumption that errors reflect deviations from
correct procedures, mal-rules were created by modifying
correct rules via overgeneralization or omission.
Overgeneralization was implemented by removing part of
a correct rule’s condition, thus allowing the rule to be used in
situations for which it was not appropriate. UMA includes an
overgeneralized version of the decimal addition/subtraction
strategy that can be used on multiplication problems, leading
to errors like the one in Table 1, row 4. UMA also includes
an overgeneralized version of the multiplication strategy that
can be used when adding or subtracting, as in Table 1, row 3.
Omission was implemented by removing part of a correct
rule’s action, enabling UMA to skip a step of an otherwise
correct procedure. For example, one rule specifies that when
using a column algorithm to multiply multidigit whole
numbers, each partial product after the first must be shifted
one column to the left. Omission enables UMA to skip this
step, resulting in errors like the one in Table 2, last row.

As illustrated in Table 1, when doing arithmetic, children use
a variety of strategies—some correct, others not. Individuals
differ not only in speed or accuracy, but also in the strategies
they use. UMA assumes that such individual differences
reflect underlying parametric variation, which the theory
characterizes in terms of two parameters: decision
determinism (g) and error discount (d).
Decision determinism determines how strongly strategies
that have received more reinforcement are preferred. High g
reflects stronger preferences and therefore implies more
consistent behavior. Low g implies more random behavior.
Error discount governs the reduction in reinforcement that
occurs in response to negative feedback. Low d reflects
indifference to such feedback, such that mere use of strategies
leads to similar reinforcement regardless of the outcome.
High d reflects greater sensitivity to negative feedback.
Braithwaite et al. (2019) showed that different values of g
and d caused FARRA to generate different patterns of
strategy use. High g and d led to consistent use of correct
strategies. High g and low d led to consistent use of one
strategy, both when it was appropriate and when not. Low g
led to variable use of multiple strategies. These predicted
patterns were all found in children’s data and jointly
accounted for the performance of over 90% of children.
If parametric variation among individuals affects decimal
arithmetic strategy choices in a similar manner, then children
should display patterns of strategy use in decimal arithmetic
analogous to those found in fraction arithmetic. This
prediction was confirmed by Braithwaite et al. (2021). The
present study tests whether UMA can generate these patterns.

Computational Model
UMA is a production system model in the tradition of ACTR1 (Anderson, 2013). Its main components are its production
rules, decision rule, and learning rule. The architecture is
similar to FARRA (Braithwaite et al., 2017) except as noted.

Decision Rule
When the conditions of multiple production rules are met,
UMA chooses among them according to Equations 1 and 2:

Production Rules
Each production rule is a condition-action pair representing
part of a procedure for solving problems. When presented a
problem, UMA selects a production rule whose conditions
are met and executes its action. Doing so causes conditions
of other rules to be met. UMA then selects and executes
another rule, continuing until an answer is obtained.
FARRA included rules representing algorithms for adding,
subtracting, multiplying, and dividing fractions. UMA
includes not only these rules, but also rules for adding,
subtracting, and multiplying multidigit whole numbers and
decimals2. Each algorithm is represented by multiple rules,
each of which encapsulates a small part of the algorithm.
Some rules, called strategy rules, have conditions that
enable UMA to select them when beginning a problem.

𝐴(𝑟𝑗 |𝐶) = ∑𝑥𝑖 ∈𝐶 𝑤𝑖𝑗 ⁄∑𝑥𝑖 ∈𝐶 1

(1)

𝑃(𝑟𝑗 |𝐶) = 𝑒 𝑔𝐴(𝑟𝑗 |𝐶) ⁄∑𝑘 𝑒 𝑔𝐴(𝑟𝑘|𝐶)

(2)

Equation 1 states that the activation of rule rj in the context
of problem C is the average of the weights wij associating rule
rj with features xi in C. The problem context C indicates the
features that are present in the problem UMA is currently
working on. For example, if UMA is working on 2.4×1.2, the
problem context would include features “multiplication” and
“DD” (i.e., “two decimal operands”). When UMA creates a
sub-problem, the problem context changes to the sub-

1

However, UMA does not use an existing cognitive architecture.
The version of UMA tested here, like FARRA, performs single
digit arithmetic using “expert” rules that never generate errors. The

full version of UMA includes rules that solve single digit arithmetic
problems by counting or retrieval and can generate errors.

2

95

problem until it is solved, then reverts to the original problem.
Equation 2 states that probability of selecting rule rj given
C is a softmax function of the activation in C of that rule and
all other rules rk whose conditions are met. The decision
determinism parameter g determines how strongly the
probability of selecting a rule depends on its activation.

learning set if they were in symbolic form (not story
problems) and required an exact answer (not an estimate) in
open answer format (not multiple choice).
As in the textbooks analyzed by Tian et al. (2021), in the
learning set, decimal addition and subtraction problems
involved DD operands much more often than WD operands
(118 vs. 4), whereas decimal multiplication problems
involved WD operands more often than DD (107 vs 78).
Each instance of UMA was trained by running it once, in
learning mode, on each problem in the learning set in the
same order as in the textbook. The model received feedback
(correct or incorrect) and updated rule weights after solving
each problem before beginning the next problem.

Learning Rule
The weights in Equation 1 are initially set to 0. Each time
UMA solves a problem while in learning mode, UMA adjusts
the weights wij according to Equation 3:
∆𝑤𝑖𝑗 = 1 − 𝑒𝑟𝑟 ∗ 𝑑

(3)

Testing the Model. After training, the model instance was
run once on each problem in a test set comprising six addition
problems (24.45+0.34, 12.3+5.6, 2.46+4.1, 0.826+0.12,
5.61+23, 0.415+52) and six multiplication problems
(0.41×0.31, 2.4×1.2, 2.3×0.13, 0.31×2.1, 31×3.2, 14×0.21).
The problems for each arithmetic operation included four DD
problems, of which equally many involved decimals with
equal or unequal numbers of decimal digits, and two WD
problems. The model did not receive feedback or update its
rule weights during the test.

Here err represents error feedback (0 = correct, 1 = incorrect)
and d is the error discount, which determines how much less
rule weights are reinforced after errors than after correct
answers. Reinforcement after errors is positive if d < 1 and
negative if d > 1.
Equation 3 is used to adjust the weight wij connecting every
rule rj that was used to solve the problem with every feature
xi that was in the context at the time that rj was used. These
adjustments to rule weights will affect subsequent rule
choices on other problems that have similar features. UMA
tends to associate correct rules most strongly with the
problem features that it encounters most often.

Comparison to Children’s Data. The model’s performance
on the test set was compared to that of participants in a
previous study of children’s decimal arithmetic (Authors,
2021a). This sample consisted of 92 children, 57 sixth graders
and 35 eighth graders, who solved the set of problems that
served as UMA’s test set. The problems were presented in
one of four sequences, which were counterbalanced among
participants. Children solved the problems in paper-andpencil format. They were asked to show their work and to
think aloud while working. Further details regarding
children’s data are provided by Braithwaite et al. (2021).

Simulations
Method
To evaluate UMA, we (1) created multiple instances of the
model; (2) trained each instance on a learning set; (3) tested
each instance on a test set, which differed from the learning
set; and (4) compared UMA’s performance on the test set to
that of children.

Results

Creating Multiple Instances of the Model. We simulated a
cohort of students by creating 450 instances of UMA,
including 10 instances for each combination of 9 values for g
(.01, .02, .03, .04, .05, .06, .07, .08, .09) and 5 values for d
(.5, .75, 1.0, 1.25, 1.5). These parameter ranges were chosen
because they yielded reasonable results in initial testing,
although systematic parameter fitting was not conducted.

Mean percent correct on the test set was 64% (addition: 79%,
multiplication: 49%) for children and 74% (addition: 85%,
multiplication: 62%) for UMA. Thus, UMA’s accuracy was
comparable to, though slightly higher than, that of children.
Errors Committed. Answers generated by children and
UMA on a subset of test problems are shown in Table 5. On
56% of trials that children answered incorrectly, their
answers were generated by UMA, and on 94% of trials that
UMA answered incorrectly, its answers were generated by
children. Children’s errors that were not generated by UMA
mostly reflected a “long tail” of strategies used by only a few
children, such as multiplying decimals by multiplying each
column of digits (e.g., 2.4×1.2 = 2.8) as in column addition.

Training the Model. The learning set was extracted from the
grade 1-6 volumes of GO MATH! (Dixon et al., 2015), a
math textbook series that was used in the schools where
children’s data (described below) were collected. The set
consisted of 2510 whole number problems and 307 decimal
problems involving addition, subtraction, or multiplication3
with two operands. Such problems were included in the
3

Whole number problems were included in the learning set,
although the test did not include such problems, because practice
with whole numbers affects subsequent performance with decimals
for UMA and, presumably, children. Similarly, subtraction
problems were included in the learning set, although the test set did

not include such problems, because algorithms for subtraction
partially overlap with those for addition, so subtraction practice
affects addition performance. Division was excluded from the
learning set because this version of UMA cannot perform long
division.

96

Table 5: Answers Generated by Children and UMA.
% Trials on Which Answer
Was Generated by
Children
UMA
94
88
2
12

Problem
12.3+5.6

Answer
17.9 *
1.79

2.46+4.1

6.56
0.287
2.87

89
3
1

91
5
4

5.61+23

28.61 *
5.84

70
26

79
21

2.4×1.2

2.88 *
28.8
7.2
2.8
0.72

63
14
8
5
1

55
34
7
0
3

0.672 *
6.72
0.96
67.2
0.32
1.05

42
18
6
6
3
0

55
31
2
3
0
4

99.2 *
9.92
15.5
992

61
10
5
4

74
9
6
8

0.32×2.1

31×3.2

Figure 1: Percent Errors for Different Problem Types.
“Add” = addition, “Mul” = multiplication, “DD” = two
decimal operands, and “WD” = one whole number and one
decimal operand. Error bars represent standard errors.
Individual Differences. Braithwaite et al. (2021) coded
children’s solution to each problem (based on written work)
as consistent with an addition strategy, a multiplication
strategy, both, or neither. Correct solutions were coded as
displaying the strategy appropriate to the arithmetic operation
on that trial. Incorrect solutions were coded as displaying an
addition strategy if the operands were aligned at the decimal
point and/or the decimal point was brought down from the
operands into the answer (as in Table 1, row 4), or as
displaying a multiplication strategy if the operands were
aligned at the rightmost digit and/or the decimal point was
placed in the answer according to the sum of numbers of
decimal digits in the operands (as in Table 1, row 3).
Next, children were classified as consistently using correct
strategies—addition
strategies
when
adding
and
multiplication strategies when multiplying—if they did so on
≥75% of trials. If not, children were classified as relying on
one flawed strategy if they displayed that strategy on ≥75%
of trials. Remaining children were classified as using varied
strategies if they displayed each strategy at least once on both
addition and multiplication problems. Table 6 shows the
percentage of children receiving each classification.

Note. * denotes correct answers. All answers generated on
≥3% of trials by either children or UMA are shown.
For all problems, the incorrect answer generated most often
by children was also generated by UMA. UMA generated
these common errors via overgeneralization, either by using
a multiplication strategy on an addition problem (as in
12.3+5.6 = 1.79; see Table 1, row 3) or by using an addition
strategy on a multiplication problem (as in 2.4×1.2 = 28.8;
see Table 1, row 4). Many of children’s less common errors
were also generated by UMA, either via omission (as in
2.4×1.2 = 0.72; see Table 2, row 2) or a combination of
overgeneralization and omission.

Table 6: Percentage of Children and Instances of UMA
That Displayed Each Pattern of Strategy Use.

Error Rates. As shown in Figure 1, when adding, children
erred more often on WD than DD addition problems (e.g.,
5.61+23 vs. 2.46+4.1), but erred more often on DD than WD
multiplication problems (e.g., 0.32×2.1 vs. 31×3.2). UMA
displayed a very similar pattern of error rates. These patterns
in children’s and UMA’s error rates paralleled the
distributions of decimal arithmetic problems in math
textbooks, including the textbook from which UMA’s
learning set was drawn, in which WD operands appeared less
often than DD operands on addition problems, whereas DD
operands appeared less often than WD operands on
multiplication problems.

Consistent correct strategies
Reliance on one flawed strategy
Addition
Multiplication
Using varied strategies
None of the above

Children
47

UMA
68

25
4
21
3

12
0.4
19
0

The 450 instances of UMA were classified in the same
way, except that UMA’s strategies were determined by
examining the production rules used on each the trial. As
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shown in Table 6, UMA generated all patterns of strategy use
that were observed among children, and no others.
To understand the origins of differences in UMA’s strategy
use, we examined the values of UMA’s parameters within
each group (Table 7). Consistent correct strategies were
associated with moderate g and high d. Persistent reliance on
an addition strategy was associated with high g and low d.
Persistent reliance on a multiplication strategy, and using
varied strategies, were associated with low g and moderate d.

used on problems with similar features in the past. Together,
these mechanisms cause correct rules to be used more often
on frequently encountered types of problems than on rare
ones. These mechanisms thereby enabled UMA to simulate
correspondences between error rates and textbook problem
distributions in decimal arithmetic, and enabled FARRA to
do the same for fraction arithmetic (Braithwaite et al., 2017).
However, the textbook analysis shown in Table 2 suggests
that children receive more opportunities to practice decimal
multiplication than decimal addition, whereas children are
more accurate on the latter than the former. UMA suggests
that the reason involves differences in the intrinsic difficulty
of the procedures required to add and multiply decimals.
Specifically, the possibility of strategy over-generalization
exists for both addition and multiplication, but another
common source of error for multiplication—failing to leftshift partial products (Table 2, last row) has no analogue in
addition.
In sum, explaining between-problem variation in error
rates requires considering both learning experience and
intrinsic difficulty. By doing so, UMA goes beyond a prior
theory of decimal arithmetic (Hiebert & Wearne, 1985),
which considered only intrinsic difficulty.

Table 7: Mean (SD) Values of UMA’s Free Parameters
Among Instances Classified Into Each Strategy Pattern.
Consistent correct strategies
Reliance on one flawed strategy
Addition
Multiplication
Using varied strategies

g
.05 (.03)

d
1.1 (0.3)

.07 (.02)
.02 (.01)
.03 (.02)

0.7 (0.2)
1.1 (0.5)
0.9 (0.3)

Discussion
Origins of Errors
The results demonstrate the explanatory power of UMA’s
error-generating mechanisms, that is, overgeneralization and
omission. Using these mechanisms, UMA generated all of the
most common errors, and over half of all errors, observed in
children’s decimal arithmetic. These results dovetail with
Braithwaite et al.’s (2017) demonstration that the same
mechanisms could account for a majority of children’s errors
in fraction arithmetic. Together, these findings support the
assumption that most errors in rational number arithmetic
reflect small deviations from standard correct procedures.
In fact, overgeneralization alone enabled UMA to generate
all of children’s most common decimal arithmetic errors
(Table 5). Similarly, FARRA generated children’s most
common fraction arithmetic errors via overgeneralization
alone (Siegler & Pyke, 2013). Although overgeneralization
appears to be the main source of error in rational number
arithmetic, the same may not be true in whole number
arithmetic. For example, many single digit addition errors
among young children are thought to reflect counting
mistakes, resulting in answers slightly larger or smaller than
the correct answer (e.g., Siegler & Shrager, 1984). We
speculate that most such errors can be simulated via
omission, but this remains to be tested.

Individual Differences in Strategy Use
UMA generated four patterns of strategy use, which matched
those previously observed in children’s decimal arithmetic
(Braithwaite et al., 2021). The patterns were analogous to
ones generated by FARRA and observed in children’s
fraction arithmetic (Braithwaite et al., 2019).
UMA’s generation of these patterns depended on the
assumption that learners vary along two dimensions:
consistency of rule use and sensitivity to error feedback,
represented by g and d. The results suggest that consistent use
of correct strategies depends on both dimensions.
Consistency of rule use without sensitivity to error feedback
(high g, low d) may lead to the strategy that is studied first
(i.e., addition) continuing to be used even when it yields
errors (e.g., on multiplication problems). Learners with low
consistency (low g) may select strategies randomly, as in the
varied strategies pattern, or occasionally, may converge on
persistently using the strategy that is appropriate for the
largest number of practice problems (i.e., multiplication).
The fact that varying g and d generated differences among
runs in strategy use matching differences among children
provides preliminary evidence for the above assumption.
Obtaining direct evidence for individual differences in g and
d, and relating such differences to other measurable
competencies, are important goals for future research.

Variation in Error Rates
A second theoretical assumption supported by the present
results is that children are sensitive to distributional
characteristics of the problems that they receive. UMA
models this sensitivity using (1) a decision rule in which the
likelihood of choosing a rule when solving a problem
depends on the association between the rule and the
problem’s features, and (2) a learning rule by which that
association depends largely on how often the rule has been

Conclusion
Despite large differences in the specific procedures involved
in fraction and decimal arithmetic, the same theoretical
assumptions can explain empirical phenomena observed in
both domains. Future research should test how well these
assumptions can explain children’s whole number arithmetic,
which forms a foundation for fraction and decimal arithmetic.
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measure of global activation or “familiarity”, with greater
degrees of familiarity leading to higher “old” recognition
probabilities (e.g., Gillund & Shiffrin, 1984; Osth & Dennis,
in press). Because different decision rules are involved (a
relative- vs. an absolute-summed-similarity rule), the
exemplar model is able to account in quantitative detail for
both the categorization and recognition of individual items
based on their locations in a multidimensional similarity
space – even when there are dissociations in performance
across the two tasks (for extensive past illustrations, see, e.g.,
Nosofsky, 1988, 1991, 2017).
However, past work involving exemplar-based modeling
of individual-item old-new recognition is limited in at least
two respects. First, in previous applications, the domain of
inquiry involved use of artificial stimuli varying across
relatively few perceptual dimensions. In recent work,
Nosofsky and colleagues have extended the exemplar model
to account for categorization of real-world, high-dimensional
stimuli, namely rock types as formalized in the geologic
sciences (e.g., Nosofsky, Sanders, & McDaniel, 2018a,b;
Nosofsky, Meagher, & Kumar, 2020, in press). However,
there has been no work testing the model on its ability to
account for old-new recognition of these real-world highdimensional stimuli. One purpose of the present research was
to begin to fill that gap and test the exemplar model of
recognition (and other competing models) in this real-world,
high-dimensional category domain. A second purpose of the
present research was to address why some old items are easier
to recognize than others. Most of the past success of the
exemplar model in predicting individual-item old-new
recognition has involved the prediction of false-alarm rates
associated with novel lures. In general, as lures become more
similar to previously experienced target items, their false
alarm rates increase, a pattern that is captured naturally by the
exemplar model. By contrast, for a variety of reasons, there
has been relatively little work testing the ability of the
exemplar model to account for differences in hit rates
associated with the old target items themselves.
In the present research, we conducted an experiment in
which participants learned to classify a large set of rock
images into the geologically-defined broad divisions of
igneous, metamorphic, and sedimentary rocks. Following a
classification-learning phase, there was a test phase in which

Abstract
Participants learned to classify a set of rock images into
geologically-defined science categories. We then investigated
the nature of their category-based memory representations by
collecting old-new recognition data in a subsequent transfer
phase. An exemplar model provided better qualitative
accounts of the old-new recognition data than did a prototype
or clustering model. However, to account for the variability in
recognition probabilities among the old training items
themselves, a hybrid-similarity exemplar model was needed
that took account of distinctive features present in the items.
The study is among the first to use computational models for
making detailed quantitative predictions of old-new
recognition probabilities for individual items embedded in
complex, high-dimensional similarity spaces.
Keywords: categorization; old-new recognition;
dimensional similarity spaces; computational models

high-

An important question in cognitive science concerns the
relation between the fundamental cognitive processes of
categorization and old-new recognition memory. Although
some theorists hypothesize that these processes are governed
by separate representational systems (e.g., Knowlton &
Squire, 1993), others have proposed single-representationsystem accounts (e.g., Nosofsky, 1988, 1991; Nosofsky et al.,
2011; Nosofsky & Zaki, 1998).
Assuming a singlerepresentational system, patterns of old-new recognition data
have the potential to provide important evidence bearing on
alternative models of categorization. Whereas various
models may be difficult to distinguish based on examination
of categorization data alone, the joint modeling of
categorization and old-new recognition often provides highly
diagnostic constraints.
In past work, Nosofsky (1988, 1991) illustrated an
exemplar-based approach to the joint modeling of
categorization and recognition. According to the exemplar
model, people represent categories by storing individual
exemplars of the categories in memory. Classification
decisions are based on the summed similarity of a test item to
the exemplars of a target category relative to its summed
similarity to contrast categories. By comparison, old-new
recognition decisions are based on the absolute summed
similarity of the test item to all the exemplars of all the
categories. This absolute-summed similarity provides a

100
In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

participants classified both the old training items as well as
new transfer items from the categories. In addition,
participants judged whether each test item was old or new.
Among the new transfer items were a set of photoshopped
rock images that we constructed to be highly similar to
specific old items from the training set. We refer to this set
of photoshopped images as the “high-similarity-neighbor”
(HSN) transfer items; and to the training items from which
they were constructed as the “parent” training items.
Our main focus in the present article is on the old-new
recognition data. Our initial goal was to use the recognition
data to obtain converging evidence bearing on the nature of
the category representations that participants developed for
learning the classifications. According to prototype models,
people learn categories by averaging across the training
instances of the categories and representing each category in
terms of its central tendency. Because the training items,
standard transfer items, and HSNs all tend to be roughly
equally distant to the central tendency of their category, the
prototype model predicts extremely poor ability to make oldnew discriminations among these item types (e.g., Homa et
al., 2019; Hu and Nosofsky, 2021). According to clustering
models (e.g., Anderson, 1991; Love, Medin, & Gureckis,
2004), people represent individual categories in terms of
multiple clusters, with each cluster summarized by its own
prototype. Items that are highly similar to one another join
together into merged clusters. Clustering models can predict
that old items will be recognized as old with higher
probability than the standard novel transfer items, because
they are more likely to strongly activate the specific clusters
that have been formed during the classification-learning
phase. However, as will be seen, they are likely to have
difficulty in predicting above-chance old-new discrimination
for the old training items vs. the HSN transfer items: Because
those item types are extremely similar to one another, they
are likely to activate the same clusters to roughly the same
degree. Finally, exemplar models have the capability of
predicting above-chance old-new discrimination ability for
all three item types: Because the relation between similarity
and distance in psychological space is highly nonlinear, the
exact match between a training item and its exemplar
representation in memory can lead to a higher overall
familiarity signal than is yielded by the near-match of an
HSN transfer item (see Modeling section for details).
To preview, we will see that the broad qualitative pattern
of results in our old-new recognition data favors the
predictions from the exemplar model. However, we will see
that even that model fails dramatically to account for the
extensive variability in old-recognition probabilities
observed within the class of old-training items themselves.
We then take steps to extend the model to begin to address
this challenge. Although the extended model makes
movement in the right direction, future research will be
needed to provide a more satisfactory account of the complete
set of old-training-item recognition results, a challenge for
essentially all models in the field (cf., Bainbridge, 2019).

Method
Participants
The participants were 105 Amazon Mechanical Turk
workers.
We removed from analysis data from 23
participants who performed at near-chance levels on the
primary classification task itself, leaving 82 participants.

Stimuli and Apparatus
The stimulus set was composed of 480 standard rock images
described in depth in previous articles (Nosofsky et al.,
2018a,b; Sanders & Nosofsky, 2020), with an additional 60
photoshopped rock images. The 480 standard rock images
consisted of 16 images from each of 30 major subtypes of
rocks that are commonly taught in introductory geoscience
classes. There were 10 subtypes from each of the three broad
divisions of igneous, metamorphic, and sedimentary rocks.
Roughly speaking, each subtype can be viewed as a “basiclevel” category in the world of geology; whereas the three
broad divisions exist at a superordinate level. For each
subtype, six randomly chosen items served as training items
that participants learned to classify during an initial training
phase. Four of these six training items were “non-parent”
training items (a total of 120 non-parent training items) and
two were “parent” training items (a total of 60 parent training
items). The remaining 10 items from each subtype were
standard transfer items that were presented only during the
test phase (a total of 300 standard transfer items). The 60
photoshopped rock images were constructed to be “highsimilarity neighbor” (HSN) transfer items. In particular, each
HSN was highly similar to one of the 60 specific parenttraining rocks, with 2 HSNs per each of the 30 subtype
categories. Examples are provided in Figure 1. See
Nosofsky et al (in press) for other illustrations of the HSNs
and for the detailed procedures for constructing them.
Figure 1: Examples of Parent Training Rocks and HighSimilarity-Neighbor Transfer Items

Procedure
The experiment started with a training phase: each of the 180
total training examples (120 non-parents and 60 parents) was
shown once per block in a random order across 3 blocks for
a total of 540 training trials. On each trial of the training
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was classified by observers into each of the broad-division
categories. For example, if observers classify item i as
“igneous” with probability near one, then classification
confidence for that item is high; whereas if observers classify
the item into each of the three categories with roughly equal
probability, then classification confidence is low. In Figure
2 we plot the “old” recognition probabilities associated with
each item against this classification-confidence measure.
The solid points in the scatterplot correspond to the old
training items; the open circles to the standard transfer items;
and the asterisks to the HSN transfer items. It is apparent
from inspection that the relation between the old-recognition
probabilities and classification confidence is weak: the
correlation between the two measures is only r = .29.
Nevertheless, we will provide preliminary model-based
evidence below that classification confidence may have
provided a significant residual contribution to observers’ oldnew recognition judgments.

phase, a rock image was presented and the participant
attempted to classify it into one of the 3 broad categories.
Immediate feedback was provided on each trial informing the
participant of the correct category response. Following
training there was an immediate test phase. For each of the
30 subtypes, in addition to the 6 old training examples,
participants were presented with the 10 novel standard
transfer items and the 2 HSN transfer items (for a total 180
old training items, 300 standard transfer items, and 60 HSN
transfer items). The 540 test rocks were presented in a
random order for each participant. On each trial, participants
first judged the broad category division to which the rock
belonged, and then judged whether the rock was “old” (an
item experienced during the training phase) or “new”. No
corrective feedback was provided during the test phase.

Results
The mean “old” recognition probabilities for the four main
item types are reported in Table 1. A one-way repeatedmeasures ANOVA revealed a main effect of item type, F(3,
243) = 113.3, MSE = 0.009, p < .001. Pairwise t-tests showed
that the parent training items were judged “old” with
significantly higher probability (M=.567) than the HSNs
(M=.409), t(82) = 9.59, p < .0001; and the HSNs were judged
“old” with significantly higher probability than the standard
transfer items (M=.356), t(82) = 6.73, p < .0001.

Figure 2: Correlation Between Categorization “Confidence”
and Old-Recognition Judgments

Table 1: Mean “Old” Recognition Probabilities for the
Different Item Types.
Model

Parent
Training

Standard
Transfer

HSNTransfer

Observed

NonParent
Training
0.575

0.567

0.356

0.409

Prototype

0.434

0.434

0.434

0.434

Rational

0.448

0.449

0.424

0.436

Exemplar

0.556

0.556

0.355

0.454

Hybrid-Sim
Exemplar

0.564

0.574

0.351

0.446

Testing the Formal Models of Individual-Item
Old-New Recognition
In this section we test different members of the class of
global-activation models on their ability to account for the
individual-item old-new recognition data. We start by testing
baseline versions of prototype, clustering, and exemplar
models. All three classes of models make reference to a
high-dimensional MDS solution for the rock images derived
from extensive similarity-scaling and dimension-ratings
studies reported in previous articles (Nosofsky, Sanders,
Meagher, & Douglas, 2018, 2020; Sanders & Nosofsky,
2020). We emphasize that beyond accounting in quantitative
detail for the similarity-ratings data, the dimensions derived
from this previous MDS scaling work all had natural
psychological interpretations.
For all three classes of models, each item i is presumed to
give rise to a global activation of memory, or “familiarity”,
denoted Fi. The probability that item i is judged to be “old”
is then given by P(Old|i) = Fiγ / (Fiγ + k), where γ is a powertransform response-scaling parameter and k is a responsecriterion parameter. The models differ only in terms of how
the global-activation Fi is computed.

A central question concerns the ability of the alternative
old-new recognition models to capture these overall
differences in endorsement probabilities across the item
types. Prior to launching into the formal modeling analyses,
however, we first consider the extent to which the patterns of
categorization and old-new recognition judgments may be
related. One simple hypothesis is that categorization and
recognition are guided by essentially the same underlying
cognitive mechanisms and decision rules. According to such
an hypothesis, if an observer is highly confident that an item
belongs to a category then the observer will also have a high
probability of endorsing the item as “old”. As a proxy for the
“categorization confidence” associated with each individual
item, we use the maximum probability with which each item
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We fitted the baseline prototype, rational, and exemplar
models to the individual-item old-new recognition data by
conducting computer searches for the values of the free
parameters that minimized the Bayesian Information
Criterion, BIC = -2ln(L) + Pln(N), where L is the maximumlikelihood of the data given the model, P is the number of free
parameters in the model, and N is the number of observations
in the data set. The model that minimizes BIC is viewed as
providing the most parsimonious account of the data. Using
multiple random starting configurations, we used the Hooke
and Jeeves (1961) search algorithm to locate the best-fitting
parameters. As will be seen, our conclusions based on BIC
are corroborated by salient qualitative patterns in our modelfitting results.
The BIC fits of the models are reported in Table 2. As
auxiliary measures, we also report the correlation between the
predicted and observed individual-item recognition
probabilities and the percentage of variance accounted for.
The summary predictions for the four main item types are
reported along with the observed data in Table 1. Scatterplots
of the observed against predicted old-recognition
probabilities for the complete set of 540 individual items are
shown in the panels of Figure 3. As can be seen, the
prototype model shows a complete failure to account for the
old-new recognition data. The rational model accounts for the
finding that observers judged the training items and HSNs to
be old with higher probability than the standard transfer
items, but fails to predict above-chance discrimination
between the parents and the HSNs. The exemplar model
accounts for observers’ overall ability to discriminate among
the three main item types. However, as can be seen in Figure
3, the baseline exemplar model shows a complete failure to
account for the variability in old-recognition probabilities
within the class of old-training items themselves.
Conceptually, the main problem for the baseline exemplar
model is that the match of a test item to its own exemplar
representation in memory is always equal to one (because the
continuous distance between an item and its own exemplar
representation is equal to zero). In past work, following ideas

According to the prototype model, each category is
represented in terms of the central tendency of each category
distribution, computed by averaging across the values of the
training items along each of the MDS dimensions. Let xim
denote the value of item i on dimension m, and let PJm denote
the value of the prototype of category J on dimension m. The
Euclidean distance of item i to prototype J is given by
diJ = [ ∑|xim-PJm|2 ]1/2; and the similarity of item i to Prototype
J is given by siJ = exp(-κ∙diJ), where κ is an overall sensitivity
parameter for translating distance to similarity (Shepard,
1987). The familiarity of item i is then computed by
summing the similarity of i to the three prototypes, Fi = ∑ siJ.
The prototype model uses three free parameters: γ, k, and κ.
The exemplar model is similar to the prototype model,
except that instead of summing the similarity of item i to
category prototypes, one sums the similarity of item i to each
of the individual training exemplars. The distance of item i
to exemplar j is given by dij = [ ∑|xim- xjm|2 ]1/2; the similarity
of item i to exemplar j is given by sij = exp(-κ∙dij); and the
familiarity for exemplar i is given by Fi = ∑ sij. The exemplar
model uses the same free parameters as the prototype model:
γ, k, and κ.
Our representative from the class of clustering models is
Anderson’s (1991) rational model. Our implementation of
the rational model follows closely the presentation provided
by Anderson (1991, pp. 411-414), but a detailed listing of the
equations would exceed the length limits of this article. As
described in our introduction, the general idea is that the
training exemplars are grouped into clusters during the
category-training phase, and each cluster is summarized in
terms of its own prototype and standard deviations along the
component dimensions. There are two free parameters that
govern which clusters are formed: a coupling parameter c,
and a category-label salience parameter α. When c is set at a
high value, the model tends to group many stimuli together
into large clusters, and vice-versa when c is set at a low value.
At time of test, one computes the probability that a test item
i belongs to each of the clusters J, pclus(J|i), as well as the
probability that it belongs to a “new” cluster that has not yet
been formed, pclus(new|i). Our measure of “familiarity” for
the rational model is found by summing the probability that
item i belongs to each of the old clusters, Fi = ∑ pclus(J|i).
The baseline version of the rational model uses four free
parameters: γ, k, c and α. We should clarify several aspects
of our fitting of the rational model. First, the clusters that are
formed if the goal is to learn to categorize may be different
from those that are formed if the goal is to recognize.
However, to provide the model with flexibility, we searched
for the free parameters in the model that optimized its fits to
the old-new recognition data without the constraint of
categorization. Second, the clusters formed by the rational
model will vary depending on the precise sequence of stimuli
with which it is trained. Therefore, fitting the model requires
use of computer simulation. In the present case, for any given
set of candidate parameter values, our fits were based on
averages computed across 10,000 simulations, with a
different random training sequence used in each simulation.

Table 2: Fits of the Models to the Individual-Item OldNew Recognition Data.
Model
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# Param

BIC

r

% Var

Prototype

3

60,628.0

0.00

-0.1

Rational

4

60,288.6

0.30

8.9

Exemplar

3

58,677.9

0.70

49.0

Hybrid-Sim
Exemplar

6

58,302.8

0.77

59.1

Hybrid-Sim
Exemplar +
ClassMax

7

58,090.3

0.80

64.7

Figure 3: Predicted vs. Observed Individual-Item
Recognition Probabilities. (Solid Squares = Old
Training, Open Circles = Standard Transfer,
Asterisks = HSN Transfer)

Let δi denote the mean distinctive-feature rating for item i.
In brief, in the hybrid-similarity model, the self-similarity
between an item i and its own exemplar representation was
boosted by the factor exp(β1δi); the similarity of an HSN
transfer item to its parent exemplar was boosted by the factor
exp(β2δi); and the similarity between item i and any other
exemplar (i.e. a pair of items unlikely to share a highly
salient and distinctive discrete feature) was reduced by the
factor exp(-β3δi), where β1, β2, and β3 are freely estimated
scaling parameters. The summary fits of the hybridsimilarity exemplar model are reported in Table 2, with a
scatterplot of the observed against predicted individual-item
recognition probabilities shown in Figure 3. Clearly, the
model is moving in the right direction for capturing in better
detail the patterns of individual-item recognition probabilities
for the class of old training items.
Nevertheless, among the remaining limitations of the
model is that there is still a subset of old items that form a

advanced by Lee and Navarro (2002) and Navarro et al.
(2003), Nosofsky and Zaki (2003) proposed a hybridsimilarity exemplar model of old-new recognition that
combined measures of continuous distance with discretefeature matching (Tversky, 1977). In this model, matches
between test items and exemplars on highly salient discrete
features can lead to boosts in the self-match between an item
and its own exemplar representation, leading to boosts in
overall familiarity. As a proxy for the presence of these types
of discrete features in the present stimulus set, an independent
group of subjects provided a set of “distinctiveness” ratings,
in which they judged the extent to which each item possessed
a highly distinctive feature not present in other items in the
set. An example of a rock that received a high distinctivefeature rating is shown in Figure 4. Presumably, observers
considered the red swirls on the obsidian sample to be highly
distinctive, as few rocks in the 540-item set had a feature
resembling these swirls.
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2022; Bylinski et al., 2015; Singh et al., 2020). Those
directions are crucial ones for future research. In addition,
although a full report goes outside the scope of this article,
we should note as well that the exemplar model (with its use
of a relative-similarity decision rule) yielded outstanding
accounts of the categorization transfer data that we observed
in our paradigm, replicating past successes reported in other
recent studies conducted in this domain (Nosofsky et al.,
2018, in press; Sanders & Nosofsky, 2020).
Finally, we should note that it is not obvious to us how the
role of matching distinctive features in mediating old-new
recognition would be handled in natural fashion within the
framework of prototype and clustering models. In exemplar
models, major boosts in similarity occur only when matching
distinctive features appear in combination with matches
along the continuous-dimension values that also compose the
test items and the stored exemplars (see Nosofsky & Zaki,
2003, for empirical tests and formal modeling). But in
prototype and clustering models, this form of exemplarspecific information – the binding of a distinctive feature to a
specific item – is discarded from the memory representations.
Thus, it may be difficult to extend prototype and clustering
models in natural fashion to allow them to account for the
high variability in old-recognition probabilities associated
with the old-training items themselves.

Figure 4: Example of a Rock That Received a High
Distinctive-Feature Rating

“vertical wall” in the scatterplot, suggesting that additional
factors may be at work in mediating the old-new recognition
judgments. We hypothesized that one such factor might be a
residual influence of the classification judgments that the
observers made on each trial: Although not the central driver
of the old-new judgments (see Figure 2), observers may have
been somewhat more likely to judge that an item was “old” if
they had high confidence in its category membership. To
obtain suggestive evidence bearing on this idea, we extended
the hybrid-similarity exemplar model by assuming

Conclusion
The present research provides evidence for the retention of
exemplar-specific information in learning categories
composed of large numbers of real-world, high-dimensional
stimuli. In addition, it is among the first studies to test formal
computational models on their ability to predict individualitem old-new recognition judgments – for complex, realworld visual objects – based on the locations of the items in
a high-dimensional similarity space. Although the baseline
exemplar model outperformed the prototype and the rationalclustering models in accounting for overall patterns of
recognition data among the main item types, it failed to
account for the extensive variability in recognition
probabilities seen within the class of old-training items
themselves. We hypothesize that individual old items give
rise to different degrees of “self-match” in contacting their
own memory representations, and we provided preliminary
evidence in favor of this hypothesis through use of an
extended hybrid-similarity exemplar model that made
reference to an independent set of distinctive-feature ratings
for the rocks. However, future research is needed to yield
improved formalizations of the discrete-feature matching
component of the model and to identify other factors that lead
to variability in memory for individual old items.

P(Old|i) = pmix∙ [Fiγ / (Fiγ + k)] + (1-pmix)∙[classmax(i)],
where pmix is a probability-mixing parameter and
classmax(i) is the “classification confidence” measure
described earlier. The summary fits for the mixture model
are reported in Table 2, with the revised scatterplot shown in
the bottom panel of Figure 3. According to the BIC statistic,
the fits are improved, a result corroborated by visual
inspection of the scatterplot. Future work will be needed to
characterize more precisely the manner in which
classification confidence may
mediate the old-new
recognition judgments.
We should emphasize that these reasonably good
quantitative accounts of the individual-item old-new
recognition data -- in this complex, real-world, highdimensional domain -- are still being achieved with a
relatively low-parameter model. Even better fits are likely to
result by allowing for differential attention-weighting of the
component dimensions of the MDS space when observers
make their categorization and recognition judgments
(Nosofsky, 1991); by making allowance for nonlinear
relations between psychological distinctiveness and the direct
ratings; and by using improved and more generalizable
procedures for detecting and measuring the presence of
highly distinctive and salient discrete features. The latter
might be achieved, for example, through use of modern deeplearning technology for deriving high-dimensional feature
spaces and measures of distinctiveness (e.g., Bhatia & Atka,
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maintains the favor of, and status within, the group (Cillessen
& Rose, 2005).
Navigating social hierarchies is important even early in
children’s development, and these skills remain essential into
adulthood. Thus, learning to identify and navigate these
social structures is an important developmental challenge that
children must face. Children must be able to determine
whether they are in a group or outside of it and, when they
are in a group, they must learn to identify who holds power
and authority, as well as where the loyalties of group
members lie. Because the power dynamics of these
relationships influence judgements and decisions within and
across groups, navigating social groups requires an almost
reflexive mastery of group dynamics. However, it is unclear
when children learn to notice and track these affiliations, and
when they begin to use what they know about relationships
and relative social power to form beliefs and make
judgements about the characteristics of individuals and
groups. Perhaps more importantly, it is unclear when children
begin to use their beliefs about individuals and their
affiliations to predict how people will behave. In this paper,
we will investigate how the power dynamics of a group
influences children’s predictions about how group members
will behave. In particular, we will explore whether children
believe that subordinate group members will be loyal to other
subordinates or to a group authority, and with whom children
believe group members would prefer to socialize.
Although relatively little is known about children’s
understanding of the relationship between loyalty and
behavior, prior research has demonstrated that children use
group membership as a marker of social obligations and
allegiances (Chalik & Rhodes, 2014; Rhodes, 2012),
expecting members of a group to act in a way that benefits ingroup members, often at the cost of out-group members
(Chalik & Rhodes, 2018; Rhodes, 2013). Evidence of ingroup bias appears surprisingly early in development. Before
babies are able to speak, they show preferences for those who
are similar to them (Mahajan & Wynn, 2012). These biases
grow stronger in early childhood as children enter preschool
(Aboud, 2003). Similarly biased thinking has been shown in
many contexts, including trust in testimony (MacDonald,
2013), resource allocation, and positive trait attribution (Falk
et al., 2014). These biases are exhibited even when group
membership is minimally and arbitrarily defined (for review,
see Dunham, 2018).

Abstract
The current study investigates children’s understanding of the
social dynamics of complex groups. We asked children to use
relative differences in intragroup status to predict the behaviors
of individuals. Specifically, who do children (ages 3 to 10, n =
120) and adults (n = 34) believe a subordinate “worker” would
be loyal to (another worker or to their “boss”), and whom the
worker would prefer to socialize with? Young children
predicted that workers would be loyal to other workers, but as
age increased so did children’s tendency to predict that workers
would be loyal to bosses. Regardless of age, children and adults
believed that workers would prefer to spend time with other
workers. These results have important implications for how
children understand and navigate nuanced power differentials
within a group.
Keywords:
Dynamics

Loyalty;

Ingroup Bias;

Authority,

Group

Introduction
The American writer and philosopher, Elbert Hubbard
once wrote, “An ounce of loyalty is worth a pound of
cleverness.” Loyalty is considered a highly valuable trait
among groups. Authorities, people with power, appreciate
subordinates who support them (e.g., offering raises for longterm employees) and punish those who turn their backs on
the group (e.g., punishments of treason). Additionally, even
ethical forms of disloyalty (e.g., whistleblowing) can result
in retaliation (Mesmer-Magnus & Viswesvaran, 2005).
Because groups are often hierarchically structured, including
leaders and subordinates with different goals, authority, and
responsibilities, navigating social situations may be difficult
and require a nuanced understanding of group dynamics.
However, adults’ identities often place them in many,
sometimes competing, groups and hierarchies that they must
negotiate daily.
How do people learn to navigate power differentials within
complex groups? Although hierarchy and authority may
seem to be cognitively “mature” concepts, we propose that
learning to navigate complex groups begins early in life. For
example, adolescent relationships are often marked by power
differentials. This structure is apparent in terms like “queen
bee” and “alpha male” (Hawley et al., 2008; for a review of
the “Queen Bee Phenomenon” literature, see Derks et al.,
2016). These labels reference intragroup structure where a
powerful member often engages in mean behaviors yet
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but they are less likely to ‘whistleblow’ on in-group members
than outgroup members. (Misch et al., 2018).
Much of the literature pertaining to children’s loyalty
focuses on understanding when and how children privilege
fellow group members. The work of Misch et al. (2014)
represents an important exception. Misch and colleagues
conducted a study where they separately manipulated ingroup bias and loyalty judgments by situating the participant
as a neutral party. In their study, 4- and 5-year-olds were
presented with a vignette where two teams competed in a
tower building contest. The goal of the contest was to quickly
build a tall tower. One team was successful (e.g., they built a
tall tower quickly), and the other team struggled (e.g., they
built a short tower slowly). Children were then told about a
loyal person on the struggling team who wanted to continue
helping their team and a disloyal team member who wanted
to switch to the successful team. Children were asked to
evaluate the loyal and disloyal group members on
trustworthiness, niceness, morality, and deservingness of a
reward from a third-party perspective. They found that both
4- and 5-year-olds rated the loyal group member more
positively than the disloyal one, an effect that was stronger in
older children than younger children. Interestingly, Misch
and colleagues also found that loyalty was expected by
preschool children. They rated team members who were
neutral similarly to the loyal individual. However, disloyalty
was rated unfavorably.
The current study integrates these prior findings but
focuses more directly on the how children might use
variability in power and authority within a group to make
predictions about how group members will behave. In
focusing on intragroup power dynamics, we hope to
characterize the development of children’s understanding of
social power. In order to accomplish this goal, we presented
3- to 10-year-olds and adults with a character who was
described as a ‘worker’ and then two other characters: a
second ‘worker’ and a ‘boss.’ Participants then judged
whether a worker would be loyal to another worker or to the
boss. It is possible that children may predict that workers will
privilege the high-status, powerful boss simply because the
boss is inherently more likable than a fellow worker. In order
to address this possible confound, we also asked participants
to judge with whom the target worker would prefer to spend
their time. If these judgements parallel one another, then
additional work will be required to decouple loyalty from
preferences. However, if participants’ predictions about
loyalty and preference diverge, then we can conclude that the
two constructs are somewhat independent, and that children
do not use similarity or preference alone to predict the
behaviors of others.
We were also interested in characterizing developmental
differences across age groups. We selected our target age
group, ages 3 to 10, because group-based judgments and
biases become increasingly apparent across this age range
(Aboud, 2003), and children are increasingly sensitive to
social power from age 3 to 9 (Gulgoz & Gelman, 2017). We
are particularly interested in whom children of different ages

As mentioned above, group members commonly vary in
status and authority. Often, groups have complex hierarchical
structures that can influence the relationships between
individuals in the group. In order to appropriately navigate
these social situations, children must not only recognize the
relevant groups, but they must also understand the
composition of the group and the relative social status of
different group members. Children are attentive to indicators
of social status at an early age, and their sensitivity to social
power and status develops over time. As early as age 3,
children begin to judge high-status individuals as “in-charge”
and they prefer people who are in high-status positions to
those in low-status positions (Enright et al., 2020). Gulgoz
and Gelman (2017) found that children ages 3 to 9 consider
control of resources, achievement of goals, and giving
permission to others (e.g., telling someone they can or cannot
play with them) to be indicators of social power. By age 5,
children recognize that establishing group norms is a sign of
power, and by age 7, children view giving orders as a sign of
social power as well.
In the current study, we are interested in how children think
about the varying degrees of status and power within a group.
Laupa (1994) demonstrated that elementary age children are
capable of discerning who has more authority within the
larger group. In their study, children were presented
individuals in the context of a school, and the relevant
individuals were teachers (adults with authority), students
(subordinate children), and hall monitors (children with
authority). Children judged that individuals should comply
with the commands of both teachers and hall monitors, giving
slight preference to the adult teacher relative to hall monitors.
Children also judged that obedience should be given to
individuals with authority within the group, and not just to
adults (e.g., students should listen to teachers, but not
necessarily adults who were not teachers; Laupa, 1994).
More generally, even preschoolers understand that there may
be negative consequences for disobeying authorities such as
police officers and teachers (Powell et al., 2008).
Young children use group loyalty to evaluate others. For
example, they tend to prefer group members who do not
associate with out-group members (Castelli et al., 2007).
Such findings are interpreted as evidence that children value
loyalty in others, and that children use loyalty to infer group
membership. Children also treat loyalty as a cue that signals
friendship. For example, 3- to 5-year-olds use loyalty to
predict friendship and, as they enter adolescence, they believe
loyalty to be a better indicator of friendship than spending
time together or personality similarities (Liberman & Shaw,
2019). Furthermore, children are more likely to keep a group
member’s secret than the secrets of an out-group member.
Children will even keep an in-group member’s secrets when
faced with a personal cost for their silence (Misch et al.,
2016), and they will refrain from common prosocial
behaviors when those behaviors might result in a bad
outcome for a group member. For example, children are
prone to tattling when others engage in harmful behaviors,
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will predict that a subordinate group member will be loyal to,
and whether these loyalty judgements will differ from whom
the child will think the subordinate group member will prefer
to spend time with when they must choose between another
subordinate group member and a high-status group member.
We may find that children predict that the worker will be
loyal to and want to spend time with a fellow subordinate, or
that the worker will be loyal to and prefer a high-status
authority. Alternatively, children may predict that a
subordinate would be loyal to an authority while preferring
to spend time with other subordinate group members, or vice
versa. The design of the current study will allow us to
characterize at what age children begin to notice intragroup
power dynamics and to use those dynamics to predict
individuals’ behavior.

Participants were asked two questions: Loyalty Questions
and Preference Questions. The Loyalty Questions were
adapted from Liberman and Shaw (2019). Loyalty Questions
asked participants to judge who the target worker would share
resources with and whose side the target worker would take
in a disagreement. Preference Questions asked participants to
predict with whom the worker would spend their free time
(e.g., with whom would the target worker want to go to lunch
with?). Children were asked 4 Loyalty Questions (2 about
sharing and 2 about side-taking) and 4 Preference Questions
(going to lunch, a party, the movies, and the park). The
presentation order of each block of questions was
counterbalanced so that some participants heard Loyalty
Questions before Preference Questions and vice versa, and
within each block, the questions were counterbalanced to be
presented in forward and reverse orders.

Method
Participants
We conducted an a priori power analysis using an effect
size of 0.3 and power of .8 for 4 age groups to calculate that
a total sample size of 128 was sufficient to support our
planned analyses. Participants included 154 individuals split
into four age groups: 40 3- to 5-year-olds (M = 4.64, SD =
0.58; 22 females and 18 males), 39 6- to 8-year-olds (M =
7.54, SD = 0.88; 20 females and 19 males), 41 9- to 10-yearolds (M = 9.93, SD = 0.53; 20 females and 21 males), and 34
undergraduate adults (22 females, 12 males). Children
participated in person in a lab or school setting (N = 58) or
online via synchronous video calls on Zoom (N = 67). Adult
data was collected online via Microsoft Teams (N = 34). Data
from four additional children were excluded from analysis
due to technical issues (3 children) and experimenter error (1
child), and data from an additional 6 adults whose data were
collected in person were excluded because preliminary
analyses revealed that they responded differently than the
adults participating online (see preliminary analyses below).
In person data were collected at a university in the
Southeastern United States, and online data collection was
restricted to the United States. Children received a $5
Amazon gift card or small gift for participating, and adults
received course credit.

Figure 1. Stimuli with the target character at the bottom of
the screen and the ‘worker’ and ‘boss’ at the top of the
screen.

Procedure
Each experimental session began with the presentation of
a worker and boss character. The researcher pointed to and
labeled each character. The worker was introduced as
someone who, “works in a company, follows the rules, and
gets money from the boss.” The boss was introduced as
someone who, “runs a company, makes the rules, and gives
the workers money.”
Participants were then shown an image with all three
characters, as shown in Figure 1. Participants were asked 4
Loyalty Questions (e.g., “This worker and the boss both need
scissors to do their work but forgot them at home. This
worker [target character] has an extra pair of scissors and can
only lend them to one person. Who will the worker lend their
scissors to?”) and 4 Preference Questions (e.g., “This worker
and the boss are going to lunch at different places. Who will
this worker [target character] go to lunch with?”). When
participants were tested in person, the experimenter pointed
to each character as they were mentioned. When participants
were tested online, the presentation was designed so that the
image of each character slowly shook back and forth as it was
being discussed to orient the child to the correct figure and to
hold their attention. At the conclusion of the study,
participants were thanked and compensated for their time.

Materials and Design
Presentation software was used to show participants three
stick figures. All figures were described as male and were
differentiated by the type of hat they were wearing. The target
character was shown wearing a hardhat and was placed at the
bottom center of the screen. Above the target character, there
were two characters shown equidistant from each other. One
character wore a hardhat and the other wore a top hat, see
Figure 1. The characters in the hardhats were labeled,
‘workers’ and the character in the top hat was labeled ‘the
boss.’ The direction the target character faced (toward the
boss or toward the other worker) and side of screen that the
worker and the boss appeared on were counterbalanced
across trials.
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t(40) = 3.07, p = .004, d = 0.48, and adults, t(33) = 3.38, p =
.002, d = 0.58, selected the boss at rates significantly greater
than would be expected by chance, see Figure 2.
We also conducted a linear regression to test whether Child
Age (M = 7.39, SD = 2.28, range = 3.65 – 10.83) predicted
children’s Loyalty Question Score. Age significantly
predicted children’s judgements, F(1, 118) = 21.32, p < .001,
see Figure 3. Child Age (β = .17, t = 4.61, p < .001) accounted
for 15.3% of the variance in children’s Loyalty Question
Score. Adults were excluded from this analysis because the
adult version of this protocol was approved as exempt, a
status that disallowed collection of identifying demographic
information, including age.

Results
Participants received a score of 1 for each selection of the
boss and a score of 0 for each selection of the worker. To
score participants’ responses, we generated a composite score
by summing participants’ responses to each question,
yielding composite scores that ranged from 0 to 4 for each
question.
Two preliminary mixed factorial ANOVAs were
conducted to measure the effect of Gender, Presentation
Order, and Format (Online vs. In-Person) on participants’
responses to each question. We found no significant effect of
Gender or Presentation Order, ps > .30, on Loyalty
Questions, so these variables were excluded from our primary
analysis of these data. Adults who participated in person
selected the boss at significantly greater rates than adults
participating online, contributing to a significant Age Group
X Format interaction, p = .029. To simplify the presentation
of our Loyalty results, which were consistent whether these
in person participants were included or not. Thus, data from
adults participating in person were excluded from our
primary analysis, allowing for the exclusion of Format from
our primary analysis of Loyalty Questions as well. Gender
and Format did not affect participants’ responses, p > .80, on
Preference Questions. Thus, these variables were removed
from further analyses of Preference Questions. However,
there was a significant main effect of Presentation Order on
participants’ responses to Preference Questions. Thus, we
included Presentation Order as a factor in our primary
analyses of Preference Questions.
Loyalty Questions. We conducted a one-way ANOVA
with Age Group (3-5, 6-8, 9-10-year-olds, and adults) as the
independent variable and Loyalty Question Score as the
dependent variable to test for age-based differences in
participant responses. We found a significant main effect of
Age, F(3, 153) = 10.54, p < .001, partial eta2 = 0.17, see
Figure 2. Bonferroni-corrected post-hoc analyses indicated
that 3- to 5-year-olds (M = 1.50, SD = 0.99) selected the boss
less than 9- to 10-year-olds (M = 2.41, SD = 0.87), p < .001
and adults (M = 2.50, SD = 0.87), p < .001. Additionally, 6to 8-year-olds (M = 1.90, SD = 0.85) inferred loyalty for the
boss less than adults did, p = .028. There were no significant
differences between 3- to 5-year-olds and 6- to 8-year-olds (p
= .301), 6- to 8-year-olds and 9- to 10-year-olds (p = .064),
or 9- to 10-year-olds and adults (p = 1.00).
Although we found that children of different ages and
adults responded in ways that differed from each other
statistically, it is possible that these responses largely
reflected quantitative, rather than qualitative, differences in
judgments made by participants in different Age Groups. In
order to further characterize these data, we conducted onesample t-tests to determine whether participants’ responses to
Loyalty Questions deviated meaningfully from chance
(chance = 2) in each Age Group. Three- to 5-year-olds
selected the boss at rates that were significantly below
chance, t(39) = -3.20, p = .003, d = -.51, and 6- to 8-year-olds
made selections that reflected no strong preferences, t(38) =
-0.75, p = .457, d = -.12. Interestingly, 9- to 10-year-olds,

Figure 2. Average responding to the Loyalty Questions by
Age Group. Asterisks indicate differences from chance and
crosses with brackets indicate age differences, alpha = .05.

Figure 3. Loyalty Score Regression Graph with higher
loyalty scores indicating more selections of the boss.
Preference Questions. Our preliminary analysis indicated
that Presentation Order influenced participants’ responses to
the Preference Questions. Thus, we conducted a 4 (Age
Group: 3-5, 6-8, 9-10-year-olds, and adults) X 2 (Presentation
Order: Preference Questions First and Loyalty Questions
First) factorial ANOVA. We found significant main effects
of Age Group, F(3, 146) = 5.23, p = .002, partial eta2 = 0.10,
and Presentation Order, F(1, 146) = 11.80, p < .001, partial
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eta2 = 0.06, but no significant interaction between these two
factors, F(3, 146) = 0.62, p = .605.
In order to further characterize these effects, we conducted
additional targeted analyses. Bonferroni-corrected post-hoc
analyses revealed that the main effect of Age Group primarily
reflected a difference in responding between 6- to 8-year-olds
and adults. The 6- to 8-year-olds (M = 1.86, SD = 0.98)
selected the boss significantly more often than adults (M =
0.91, SD = 1.08), p < .001. No other Age Group differed from
another, ps > .12. We further explored this finding by
conducting one-sample t-tests to determine whether
participants’ tendencies to select the boss versus the worker
diverged from chance (chance = 2). Three- to 5-year-olds (M
= 1.40, SD = 1.08), 9- to 10-year-olds (M = 1.41, SD = 1.25),
and adults judged that the target worker would prefer the
other worker significantly more often than would be
predicted by chance, ps < .005. In contrast, 6- to 8-year-olds’
responses did not significantly differ from random
responding, p = .418, indicating that they did not – on average
– think that the target worker would prefer spending time
with either the boss or the other worker, see Figure 4.
We conducted the same analyses in order to better
characterize the main effect of Presentation Order as well.
We found that participants inferred that the worker would
prefer the boss more when they were asked to answer the
Preference Questions first (M = 1.70, SD = 1.06) compared
to when participants heard the Loyalty Questions first (M =
1.13, SD = 1.18), p < .001, see Figure 5.
Comparisons to chance revealed that participants who
heard the Loyalty Questions first (M = 1.13, SD = 1.16)
predicted that the target worker would prefer to spend time
with the boss at rates that were significantly lower than
chance, t(76) = -6.56, p < .001, d = -.75. Participants who
heard Preference Questions first (M = 1.70, SD = 1.05) also
predicted that the target worker would prefer to spend time
with the boss at rates that were significantly lower than
chance, t(76) = -2.49, p = .015, d = -.28. Although the two
presentation orders differed quantitatively (i.e., one group
selected more bosses than the other), the two groups both
reflected the same overall response pattern: participants
believed that workers would prefer to spend time with other
workers.
We also conducted a regression analysis to test whether
Child Age predicted Preference Question Scores. Child Age
was not a significant predictor of Preference Question Score,
F(1, 118) = .001, p = .971, see Figure 6. Child Age (β = -.003,
t = -.036) accounted for 0% of the variance in selections of
the boss for the Preference Questions. Again, adults were
excluded from this analysis because adult demographic
information was not collected.

Figure 4. Average responding to the Preference Questions by
Age Group. Asterisks indicate differences from chance and
crosses with brackets indicate age differences, alpha = .05

Figure 5. Average responding to the Preference Questions
by Presentation Order. Asterisks indicate differences from
chance and crosses with brackets indicate Presentation
Order differences, alpha = .05

Figure 6. Preference Score Regression Graph with higher
preference scores indicating more selections of the boss.

Discussion
The current study investigated individuals’ predictions
about who a subordinate group member would be loyal to
and who they would prefer to spend time with when
presented with another subordinate worker and a ‘boss’
within a hierarchically structured group.

The purpose of this study was to determine at what age
children are sensitive to group power dynamics, and when
they begin to use these dynamics to predict the behavior of
others.

111

When presented with questions about loyalty, participants
made predictions that varied by participant age. Three- to 5year-old participants predicted that subordinate group
members would be loyal to fellow subordinates. Six- to 8year-olds’ predictions of loyalty were inconsistent, favoring
neither the authority, nor the fellow subordinate.
Nine- to 10-year-olds and adults predicted that
subordinates would be loyal to authorities. This pattern of
responses reflects a developmental shift, confirmed by a
regression analysis, indicating that age was a significant
predictor of children’s loyalty judgments.
When presented with questions about who a subordinate
group member would prefer to spend their time with,
participants exhibited an over-arching tendency to predict
that subordinates would prefer to spend time with fellow
subordinates.
However, we also found that participants tended to make
significantly more predictions that the worker would prefer
to spend time with other workers when they responded to the
Loyalty Questions before the Preference Questions. Because
children never exhibited a preference for the boss, we believe
that this result is consistent with our conclusion that children
believe that workers would spend time with other workers.
There is also another possible explanation for this finding. It
is well documented (e.g., Shaw & Olson, 2012; 2013) that
children dislike inequality and partiality. Thus, their
selections of the worker may have been inflated by a small,
but significant, amount when Loyalty Questions were
presented first compared to when Preference Questions were
presented first, as they attempted to make their selections
more equitable by selecting the boss more when they
responded to Preference Questions first.
These findings indicate that 3- to 5-year-olds predict that
behaviors reflecting loyalty and preferences will travel
together, but that the degree to which these two concepts
support similar predictions decreases by ages 6 to 8. By age
9, children’s predictions about whom a subordinate worker
will be loyal to and with whom they would prefer to spend
time significantly diverge, and these predictions do not differ
from those generated by adults. These findings indicate that
children's inferences about the behaviors of others gradually
become more sensitive to intragroup power dynamics in the
period between preschool and elementary school.
Previous literature has found that children prefer loyal
members of a group from a young age (Misch et al., 2014),
and the current study is consistent with these findings.
Expanding on the work conducted by Misch and colleagues,
we found that older children, but not younger children,
differentiate between these two concepts, predicting loyalty
to authorities and preference for in-group members with a
similar status. Similarly, Liberman & Shaw’s (2019) found
that children consider loyalty increasingly important with
age, a finding that was replicated in the current study with
more complex groups.
When responding to questions about preferences,
participants answered similarly regardless of age. Children
predicted the worker would prefer someone who is both in

the same group and of the same status. These findings may
reflect an intragroup bias, a finding that would be consistent
with, but more nuanced than, the results reported by Aboud
(2003). The only exception to this case was with the 6- to 8year-old group who differed from adults, suggesting that this
age range may represent a transitional period when children’s
intuitions about intragroup dynamics may be undergoing
important changes.
Overall, these results suggest that both age and experience
are needed for children to exhibit adult-like intuitions that
subordinate category members would prefer spending time
with someone of similar status while also being loyal to a
high-status authority in a group, and these results appear
earlier than research on children’s peer groups might suggest
(Cillessen & Rose, 2005). However, this study assessed
children’s beliefs from a third-party context, and not as a
member of either group. Although this design decision gave
us more control over the scenarios presented to the child and
smoothed out individual differences in children’s experience
with complex groups, this design also required the child to
keep up with more characters and make predictions about
others’ behavior.
Ostensibly, keeping up with fewer characters and/or asking
the child to make predictions about their own behavior would
be less cognitively taxing than making judgements about
ambiguous others. Thus, it may be important to investigate
children’s predictions about their own behavior in complex
groups. Children’s ability to think about group dynamics may
follow a common developmental trajectory wherein
cognition about the self outstrips their ability to think about
others (e.g., in Theory of Mind, Wellman et al., 2001, and
ownership, Noles & Keil, 2019). However, it is also possible
that situating the child within the group may increase younger
children’s feelings of loyalty toward the authority because the
advantages that result from loyalty to an authority may be
more salient in a first-person context.
Future studies should probe children’s responses when
evaluating intragroup power differences when group
members are more similar. Would children find differences
in power similarly salient if they were not marked by
perceptual cues? It would also be valuable for future work to
directly study the development of children’s intergroup
versus intragroup judgements. Lastly, future studies should
focus on consequences of in-group loyalty and allegiance to
in-group leaders. Do children believe that people are loyal to
leaders in order to avoid punishment or to gain favor from
someone who is powerful?
The current study shows that children think about social
groups in a nuanced manner, taking into account that
members of these groups behave in a manner that is sensitive
to power differentials between group members. These results
replicate previous findings in suggesting that what are often
considered “mature” decisions about whom to spend time
with and to whom individuals should be loyal are based on
relatively early emerging, intuitive understandings of group
dynamics.
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Semantic priming supports infants’ ability to represent and name unseen objects
Elena Luchkina (elena.luchkina@northwestern.edu)
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Evidence documenting infants’ comprehension of ‘absent’
reference1 suggests that the first signs of this recognition
emerge by 12 months of age. Twelve-month-olds can
represent absent objects and interpret pointing gestures in the
direction of non-present objects as referential (Gliga &
Csibra, 2009; Novack & Waxman, 2020). Twelve-montholds begin to produce such behaviors in response to verbal
requests for hidden objects (Gallerani et al., 2009; Osina et
al., 2013, 2014; Saylor & Baldwin, 2004). By 14 months,
infants move beyond accessing their representations of
objects via words and begin to use words to retrieve
memories of past events (Bauer et al., 2000) and look for
absent caregivers (Saylor & Baldwin, 2004). At this age
infants also incorporate social information into their
interpretation of absent reference (Saylor & Ganea, 2007).
Although compelling, evidence from the absent reference
studies leaves room for several interpretations. On the one
hand, is possible that infants’ behavior reflected a genuinely
referential link between words, referents, and mental
representations of those referents. On the other hand, because
infants were asked to locate an object whose name they
learned when the object was visible, they may have accessed
a perceptual representation of a recently displaced object
upon hearing a word associated with it. Moreover, infants’
success in retrieving representations of hidden objects
required visual ‘anchors’– reminders that scaffold their
representation of the now-absent referent (Ganea, 2005).
Thus, it is unclear whether 12-to-14-month-olds have
established a truly referential link between words and mental
representations required for comprehension of verbal
reference.
––––––––––––––––––––––––––––––––

Abstract
Human language permits us to call to mind objects, events, and
ideas that we cannot witness directly. This capacity requires
that one links words not only to their referents, but to mental
representations of those referents. Together with the
recognition that words are used intentionally for
communication, this link constitutes ‘verbal reference.’
Although the development of verbal reference is a pivotal
achievement, questions concerning its origins remain. To
address this gap, we investigate infants’ ability to establish a
representation of an object that is hidden from view based on
language input and to learn its name.
Keywords: verbal reference, word learning, language
acquisition

Language is among our most powerful tools for learning and
communication. It permits us to learn information that does
not, or cannot, manifest perceptually at the time of learning
(Deacon, 1997), such as historic facts, hypothetical scenarios,
or scientific constructs. From one learning about a friend’s
weekend plans to physicists conversing about gravity, the
communicative power of language enables us to transmit
information, without needing perceptual access to it (see
Clark & Marshall, 1981; Miller, 1990; Waxman & Gelman,
2009). This uniquely human power is enabled by verbal
reference – a recognition that words are used intentionally
for communication and are linked to both real-word referents
and mental representations of those referents (Figure 1).
When and how do infants develop this recognition?

1
A common challenge among the studies of infants’ language
comprehension is that words and their referents are co-present
during both learning and test. However, testing whether infants
linked a word to a mental representation requires that the word and
its referent are not co-present either during learning or during test.
The majority of studies that attempted to evaluate this link used an
‘absent reference’ design. In this design, infants’ word
comprehension is tested in the absence of the word’s referent.
Infants’ looking, pointing, and search behaviors in response to a
verbal prompt containing the target word (“Where is the modi?”) are
measured. Behaviors directed at the former location of the object or
its plausible current location are interpreted as evidence of infants’
comprehension of the experimenter’s verbal prompts.

Figure 1. A referential link between words, referents, and
mental representations of those referents that enables verbal
reference.
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Research with older infants, however, suggests that a
referential link between words and mental representations
may be place by 15-16 months. At this age infants move
beyond accessing representations with the help of perceptual
anchors and begin to update representations of object
locations based on language input alone (Ganea et al., 2016).
Sixteen-month-olds also look longer to the images of objects
that were mentioned in the absence of any images, suggesting
that they comprehend reference to non-present objects
without perceptual anchors (Luchkina et al., 2020).
By 19 months, infants’ reach a new milestone in their
comprehension of verbal reference. These infants are not only
able to access and update representations, but also establish
new representations of objects they have never seen based on
language input. For example, Ferguson et al. (2014) showed
that 19-month-olds successfully identify the referent of a
novel word even if that referent is not available when the
name is introduced. Fifteen- and 19-month-olds were
presented with novel nouns that were arguments of known
verbs, either animacy-selecting (“The dax is crying”) or
animacy-neutral predicates (“The dax is right there”). When
the novel word was presented in phrases that specified
animate arguments, 19-month-olds, but not 15-month-olds,
successfully mapped the novel word to an animate object
when it later became visible.
But why did 15-month-olds fail, despite possessing the
command of verbal reference that allows them to update
mental representations of object locations based on
language? One possibility is that these infants’ link between
words and representations is not yet referential – they can
access mental representations via words but do not yet
recognize the referential status of word, which precludes
them from realizing that words can carry entirely new
information. Another possibility is that the referential link
between words and mental representations is in place, but 15month-olds’ sparse lexical knowledge (on average, infants in
Ferguson et al. comprehended 4.3 verbs from the MacArthur
Level II Short Form) prevents them from leveraging
linguistic cues in forming a novel representation. Infants’
verb knowledge at 15 months may have been too sparse to
support the acquisition of novel noun arguments.
To (1) distinguish between these possibilities and (2)
provide a more stringent test of infants’ comprehension of
verbal reference, we introduce a new paradigm. This
paradigm that taps into infants’ capacity for abstract
reference, but relies instead on (a) the nouns they know (on
average, 15-month-olds comprehend 71 nouns; Frank et al.,
2017) and (b) their sensitivity to semantic neighborhoods
(Bergelson & Aslin, 2017; Delle Luche et al., 2014).
We ask whether priming a semantic neighborhood
supports infants’ ability to establish a representation for the
referent of a novel noun, even when the referent cannot be
seen, and recruit this representation later to identify a
referent of the novel word when it becomes visible.
We focused on infants aged 15 months because although
there is ample evidence that they comprehend absent
reference for known words (Ferguson et al., 2014;

Hendrickson & Sundara, 2017; Luchkina et al., 2020; Saylor,
2004; Saylor & Ganea, 2007), there is no evidence that they
learn novel word meanings without a referent being present
during learning.

Method
Participants
Eighty-four 15-month-olds (Mage=14.8 months) were
recruited from an online database on Lookit (Scott & Schulz,
2017). Parents completed a MacArthur Short Form
Vocabulary Checklist: Level II, augmented with words used
in the experiment. They also completed a demographic
questionnaire about their education, employment, gender,
and race.

Stimuli
Infants viewed a series of four video-taped vignettes, each
featuring a new novel word-object pairing. The order of
vignettes was counterbalanced using a Latin square design
(Bradley, 1958). Each video began with the Priming phase,
in which an actor pointed to three familiar objects and named
each with its familiar basic-level noun. Next the actor looked
toward an object entirely hidden behind her back, naming it
with a novel word (Figure 2). During Test two novel objects
were presented side by side (the side on which the target
object appeared was counterbalanced among trials). Infants
heard the actor’s voice prompting them to look to the object,
using the novel name provided during Priming.

Stimulus Selection and Design
We used vocabulary norms (Dale & Fenson, 1996) to select
the visual and linguistic materials. For the familiar objects
presented in the Priming phase, we selected objects whose
names are understood by at least 60% of 15-month-olds
(nouns: apple, banana, orange, jacket, sock, hat, truck, car,
bus, cat, dog, horse). For the novel objects presented during
Test, we (a) selected objects whose names infants do not
understand (e.g., rare tropical fruits), and (b) chose pairs of
objects from distinct semantic neighborhoods (e.g., dragon
fruit vs. chandelier).

Procedure
All infants participated in 4 trials, each including a Priming
phase and a Test phase (Figure 2). Each trial included one
novel object-novel word pairing. Infants were assigned
randomly to one of three conditions. In the Semantic Priming
and Switch Word conditions, familiar objects presented
during Priming were members of the same semantic
neighborhood (e.g., animals, food, clothing); in the No
Priming condition, they were drawn from different semantic
neighborhoods. We selected a between-subject design to
avoid potential carry-over effects, which would dilute the
predicted advantage of semantic priming. In all conditions we
provided infants with rich communicative and referential
cues to support their interpretation of Trial 4 of the Priming
phase (in which the object is hidden) as a labeling episode as
well.
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Figure 2. A representative example of visual and linguistic information presented in each phase in
the Semantic Priming (top panel), Switch Word (top panel), and No Priming (bottom panel) conditions.
Semantic Priming condition (N=28) During Priming (35 s)
an actor pointed to and named three familiar objects, all from
the same semantic neighborhood (either fruits, clothing,
vehicles, or animals). The objects appeared one at a time,
behind the actor; the actor turned to point to and name them,
using their familiar basic-level nouns (e.g., “Look! An apple!
Do you see the apple?”). A fourth object, seemingly
unintentionally occluded by the actor’s body, was labeled
with a novel noun (e.g., “Look, a modi!”), so that during
naming, no referent object was visible. The actor alternated
between looking to the object and to the camera to indicate
that the referent object was located behind her. We presented
infants with familiar word-object pairs during the Priming
phase to access their resident semantic knowledge (AriasTrejo & Plunkett, 2009; Delle Luche et al., 2014; Mani &
Plunkett, 2010; Wojcik, 2018). During Test (10 s), infants
first saw an attention getter (2 s), followed by a blank white
screen (2 s), during which they heard the first prompt to look
to the object corresponding to the novel label, e.g., “Now
look! Where is the modi?”. Immediately after, two objects
appeared side-by-side—one was a member of the same
semantic neighborhood as the familiar objects presented
during the Priming phase (e.g., a novel fruit) and the other
was a semantically distant, but perceptually similar, item.
With these objects visible, infants heard a verbal prompt, e.g.,
“Can you find the modi?”.

Switch Word condition (N=26) The Switch Word condition
was identical to the Semantic Priming condition with one
exception: during Test, infants heard a novel word that
differed from that presented on Trial 4 during Priming. This
condition was designed to explore the possibility that infants’
looking behavior in the Semantic Priming condition was
driven by their expectation about the fourth object and not
related to hearing the name of the object. If infants formed an
expectation about the fourth object solely based on the
category membership of the three familiar objects, then their
performance in the Switch Word condition should not differ
from that in the Semantic Priming condition. Conversely, if
infants’ performance in the Semantic Priming condition was
driven by a newly established link between the representation
of the hidden object and its name, then performance in the
Switch Word condition should not differ from the No Priming
condition.

Data preparation
We analyzed infants’ looking behavior from the onset of
the image presentation through the end of the trial (6 s). Trials
on which the total looking to the screen is less than 1 s were
excluded from analyses (see Ferguson et al., 2014, for
reference on trial duration and exclusion criteria).
We collected data on Lookit (Scott & Schulz, 2017);
infants’ looking behavior was recorded by the web-cameras
attached to (or built into) computers at their homes. Trained
research assistants watched the video-recordings and
determined whether infants were looking to the left or to the
right side of the screen during each frame of the recording.
Left and right looks were subsequently converted to ‘target’
or ‘distractor’ codes by a computer algorithm blind to the
hypothesis.

No Priming condition (N=30) The procedure was identical
to the Semantic Priming condition, except that during
Priming, infants were presented with familiar word-object
pairs, drawn from different semantic neighborhoods (e.g., a
hat, truck, and horse). Thus, no particular semantic
neighborhood was primed. Neither of the three familiar wordobject pairs belonged to the same semantic neighborhood as
either of the test objects.
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Analyses

Predictions
2

One dependent variable was infants’ Net proportion of
looking time (NetLT) to the target object: the average
looking preference for the target from the verbal prompt onset
(2000-6000 ms) minus the average looking preference for the
target before the target word onset (0-2000 ms).

NetLT Semantic Priming condition We predicted a
significant effect of Condition, with NetLT to the target
significantly higher in the Semantic Priming than in the No
Priming and Switch Word conditions. We also predicted that
if infants successfully infer the meaning of the novel word
and form a representation of its referent in the Semantic
Priming condition, their NetLT to the target should be
significantly above zero (i.e., significantly different from the
baseline preference).

NetLT=
𝑳𝑻
𝑳𝑻

𝒕𝒂𝒓𝒈𝒆𝒕
𝟐𝟎𝟎𝟎)𝟔𝟎𝟎𝟎 𝒎𝒔

𝒕𝒂𝒓𝒈𝒆𝒕
𝟐𝟎𝟎𝟎)𝟔𝟎𝟎𝟎 𝒎𝒔

+ 𝑳𝑻

𝒅𝒊𝒔𝒕𝒓𝒂𝒄𝒕𝒐𝒓
𝟐𝟎𝟎𝟎)𝟔𝟎𝟎𝟎 𝒎𝒔

𝑳𝑻
−

𝑳𝑻

𝒕𝒂𝒓𝒈𝒆𝒕
𝟎)𝟐𝟎𝟎𝟎 𝒎𝒔

𝒕𝒂𝒓𝒈𝒆𝒕
𝟎)𝟐𝟎𝟎𝟎 𝒎𝒔

+ 𝑳𝑻 𝒅𝒊𝒔𝒕𝒓𝒂𝒄𝒕𝒐𝒓

NetLT No Priming condition Infants in this condition were
presented with three semantically distant word-object pairs,
distant from either of the test objects. Because no particular
semantic neighborhood was primed, their NetLT to both
objects should be equivalent and should not deviate
significantly from zero. If NetLT is significantly above zero,
it is likely that intrinsic preferences for particular objects
guide their looking behavior. This outcome would imply that
the looking pattern in the Semantic Priming condition cannot
be interpreted as evidence of verbal reference
comprehension.

𝟎)𝟐𝟎𝟎𝟎 𝒎𝒔

NetLT was calculated for each trial of each infant. This
yielded up to 4 data points for each infant (one per each of 4
trials). We used 200-ms bins to calculate the proportion of
infants’ looking to the target.
The other dependent variable was the timecourse of the
NetLT for each 200-ms bin in the 2000-6000 ms window.
We used Condition as the main independent variable.
The effects of demographic factors, vocabulary scores,
knowledge of the words used in Priming, loss of visual
attention to the screen during priming, and trial order were
tested in a preliminary analysis of NetLT, implemented by
fitting a Generalized Linear Model (GLM). Trial order was
included to test whether infants’ NetLT changes over the
duration of the procedure, as they might lose interest or
exhibit a learning effect as the experiment progresses.
In the main analyses of NetLT, we used a Generalized
Linear Mixed Model (GLMM) with Condition as a fixed
factor and Test Item as a random factor (potentially affecting
the intercept and the slope of Condition).
We included the Test Item variable, which stands for the
category membership of the target object used at Test (e.g.,
dragon fruit belongs to ‘fruits’), to account for the potential
effects of infants’ knowledge in different domains–fruits,
vehicles, clothing, and animals. In analyzing the timecourse,
we used cluster-based permutation analysis (Dink &
Ferguson, 2015) to identify significant divergences between
the conditions that corresponded to the mentions of the target
word.

NetLT Switch Word condition If infants’ looking
preference in the Semantic Priming condition was the result
of an inference about hidden object’s category membership,
without learning its name, then their performance in the
Switch Word condition should not differ from the Semantic
Priming condition. Conversely, if infants’ looking in the
Semantic Priming condition reflected their inferences about
the novel word meaning, then NetLT in the Switch Word
condition should not significantly deviate from zero.
Timecourse We expected that the timecourse data would
show significant divergences between the conditions after the
verbal prompt. We envisioned that infants in the Semantic
Priming condition would exhibit increased NetLT to the
target, which we predicted to be above zero (i.e., different
from the baseline preference).
In the Switch Word condition, we expected infants’
looking behavior to not be significantly affected by the verbal
prompt because according to our hypothesis, infants had no
particular expectations about the meaning of the novel word.
It is, however, also possible that infants would exhibit a weak
preference for the target object (the object that is target in the
Semantic Priming condition) based on their expectations
about the next item shown given the relatedness of the three
demonstrated objects.
In the No Priming condition, the Priming phase provided
no basis to form any expectation about the object or the
meaning of its label. For this reason, we expected that infants’
looking behavior would not be affected by the verbal prompts
and remain close to the chance level for the duration of the
test trial.

––––––––––––––––––––––––––––––––

2
We originally planned to use the raw proportion LT to the target
over the duration of the image display (6000 ms). However,
preliminary analyses indicated a sharp increase in LT to the target
at the onset of image display (within the first 200 ms, suggesting
that it was not related to the first verbal prompt; for reference times
ranges see, e.g., Zettersten et al., 2022), which reverted to chance at
the onset of the second verbal prompt, in all conditions. We chose
the target images to be from familiar to infants categories (fruits,
clothing, vehicles, animals) while distractor images were from less
familiar categories (home décor, kitchen utensils, coffee makers,
handy tools). The initial sharp increase in infants’ LT to the target
likely reflects their category familiarity preference. To correct for
this baseline preference, we subtracted the average proportion of LT
to the target during the first 2000 ms from the proportion of LT to
the target during the rest of the image display.
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In sum, the analyses of the average NetLT across 20006000 ms suggests that infants (mainly the older group) have
a significantly greater net looking preference for the target
object in the Semantic Priming than in the No Priming
condition. The lack of a significant difference between the
Semantic Priming and the Switch Word conditions suggests
that infants’ NetLT in the Semantic Priming condition was in
part driven by their expectations about the category
membership of the hidden object.
The analyses of the Timecourse are consistent with this
interpretation and with our predictions (see Figure 5).

Results and Discussion
Preliminary analyses of NetLT resulted in significant
effects of Age in days and the Loss of visual attention to the
screen during Priming (“TrackLoss”: the percentage of the
total duration of Priming when the infant looked away), b=0.001, SE=0.001, t-value=-2.08, p-value=.038 for Age and
b=.577, SE=.242, t-value=2.38, p-value=.018 for
TrackLoss. No other predictor used in preliminary analyses
produced a significant effect at a=.05. Fitting one-predictor
models to test the effect of each predictor did not change the
direction or the magnitude of the effects. Thus, we included
Age and TrackLoss in our main analyses, using the
following formula entered into the lmer function:

*p=.027

NetLT~Age+Condition+TrackLoss +
[1+Condition| Test_Item].
Consistent with our predictions, the results of these
analyses showed a significant effect of Condition (No
Priming), b=0.096, SE=.041, t-value=2.32, p-value=.027.
That is, the NetLT to the target in the Semantic Priming
condition was significantly different (higher) than NetLT in
the No Priming condition. Contrary to our predictions, the
NetLT to the target in the Switch Word condition was not
significantly different from the Semantic Priming condition
(Figure 3).
The analysis also revealed a significant effect of
TrackLoss, b=0.608, SE=.24, t-value=2.53, p-value=.012. A
closer look at this rather surprising positive effect revealed
that it was driven by three outliers, who exhibited high NetLT
while missing 50-60% of Priming (the mean value of
TrackLoss was 2.3%). Re-running the analyses without these
outliers eliminated the significant effect of TrackLoss
without substantially affecting other effects.
The GLMM also revealed a nearly significant effect of Age
in days, b=-0.001, SE=.001, t-value=-1.92, p-value=.054.
Following this nearly significant effect of Age, we further
explored NetLT within the younger (Mage=14.1 months) and
the older (Mage=15.5 months) age groups, using a median split
(see Figure 4).
Finally, the variances of the intercept and the slope of
Condition attributable to Test Item were equal to zero. Thus,
we collapsed the data across test items in further analyses.
Individual models fitted to the NetLT in the older and in
the younger age groups, showed a significant difference
between the Semantic Priming and No Priming conditions
in the older age group, b=0.165, SE=.061, t-value=2.69, pvalue=.008. No such difference was observed for the
younger age group. The comparison of these results with the
analysis of the entire sample suggest that the overall effect
of Condition was mainly driven by the older age group
(15.5 months). Neither age group exhibited NetLT
significantly different from zero in any condition.

Figure 3. Average NetLT to the target in each condition.
The bracket indicates a significant difference between
conditions. Error bars represent standard errors.

*p=.008

Figure 4. Average NetLT to the target in each condition,
split by age. The bracket indicates a significant difference
between conditions. Error bars represent standard errors.
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Figure 5. Timecourse of NetLT to the target in each condition, split by age group. Shaded areas around solid lines
correspond to standard errors. The overlapping light pink and light blue rectangles indicate clusters of divergence.
To evaluate the differences between conditions, we
conducted cluster permutation analyses of the timecourse of
NetLT within the 2000-6000 ms window. Of particular
interest was the 2750-4750 ms window, corresponding to the
2 s after the onset of the target word. This window
corresponds to the window of divergence found in Ferguson
et al. (2014) who used a similar procedure, which entailed
that infants form a placeholder mental representation of an
object they had never seen before. Because of the unique
requirements of this type of word learning, we were
specifically interested in the pattern of divergencies between
the conditions rather than in how infants’ looking preferences
unfolded over the duration of the trial. We used one-tailed ttests as the sum-statistic (17.97; cutoff value for individual tvalues=1.71) that identifies a cluster.
The results of this analyses revealed a significant cluster of
divergence between the Semantic Priming and the No
Priming conditions in the older group, at 2800 and 4200 ms,
p=.0013 (Figure 5, light pink rectangle). This cluster suggests
that older infants in the sample successfully formed a novel
representation, linked it to the novel word, and employed the
link to identify the target.
There was also a trending (nearly significant) cluster of
divergence between the Semantic Priming and the Switch
––––––––––––––––––––––––––––––––

Word conditions in the older group, p=.10 (Figure 5, light
blue rectangle). This cluster of divergence suggests that only
a small proportion of older infants’ looking preference for the
target may be explained by their expectation about the
category membership of the hidden object.

Conclusions
Our goal in this investigation was to fill the gap in our
knowledge of the development of verbal reference and create
a stringent test of infants’ ability to comprehend reference to
non-present entities. We evaluated 15-month-olds’ ability to
use language to form novel object representations when those
objects are not visible and learn their names. The results of
our model fitting suggest that on average infants succeed on
this task by 15.5 months. The results of our time course
analyses clarify that their test performance is unlikely to be
explained away by the expectation about object category
membership alone (albeit these inferences do influence
infants’ looking preference). Hearing the object’s name
substantially increases infants looking to the target.
These results present the first evidence of infants’ forming
a novel object representation and learning the name of the
never-seen object based on language input. The success of the
older group and the failure of the younger are consistent with
the existing literature that shows infants’ successful retrieval
of existing representations based on language alone.
Our next steps include further exploring the developmental
origins of verbal reference by investigating (1) its
downstream effects on the ability to learn information from
verbal testimony and (2) the mechanisms that facilitate the
emergence of verbal reference.

3

P=.001 represents the probability of observing the same cluster
if conditions are assigned to data points randomly. We used 500
samples randomly drawn from these data points to calculate this
probability. The non-parametric nature of cluster permutation
analysis allows us to choose from a variety of possible test statistics.
The validity of this analysis does not depend on the assumptions
about data distribution (see Maris & Oostenveld, 2007).
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Abstract

to understand something novel (i.e., voltage) by
conceptualizing it in terms of something already known (i.e.,
water pressure). This is achieved by identifying components
of the two analogues that share common relational structures
(i.e., the flow of water through a pipe corresponds with
electrical current through a conductor), and using those
relations to guide inferences about the novel system (e.g.,
Structure-Mapping Theory; Gentner, 1983).
People can also transfer knowledge more broadly, such as
to or from entire categories. Category-based induction
(Osherson et al., 1990) enables one to draw upon their
understanding of known categories/exemplars to infer the
properties of other categories/exemplars (Hayes & Heit,
2018). For example, knowing that birds possess a particular
anatomical or behavioral property allows one to infer that a
novel bird will likewise possess that property (e.g., Sloman,
1993). While such inferences can be guided by principles
such as similarity (Osherson et al., 1990), diversity (Heit,
Hahn, & Feeney, 2004), and typicality (Malt & Smith, 1982),
causal relations can also inform category-based inductions by
providing causal mechanisms that relate the properties of a
category (Murphy & Medin, 1985).
The previous literature on analogy and category-based
induction provides a basis for the idea that people could
transfer causal knowledge from one novel context to another.
Research on causal mechanisms suggests mechanistic
knowledge could be a good basis for such transfer. Previous
research has demonstrated the importance of mechanism
information when evaluating causal relations (e.g., Ahn et al.,
1995). Causal mechanisms explain how causes produce
effects. People assume the presence of a mechanism that
connects the cause to the effect, even if it is not known (Ahn
& Kalish, 2000). With respect to causal knowledge transfer,
people may use causal mechanisms to understand a source
relationship when evaluating whether the information therein
can be transferred to the target.
When invoking these causal mechanisms, people may be
attempting to fit them into a causal model that represents the
relationship in question. Hierarchical Bayesian models have
been adopted by some researchers as theoretical models for
how people use these causal models to facilitate reasoning,
learning, and categorization (e.g., Rehder & Hastie, 2001).
Bayesian models of causal induction suggest that people
evaluate and update hypotheses about causal relations by

Knowledge of cause and effect allows people to navigate and
understand the complex systems of the world. Despite the
importance of causal knowledge to everyday reasoning, little is
known about how people transfer causal knowledge learned in
one situation to novel contexts. In two experiments, we
examine when people choose to generalize two types of causal
knowledge, causal mechanisms (Experiment 1) and causal
strength (Experiment 2), across various domains. We find that
people willingly transfer causal knowledge to novel contexts
when the entities in those contexts share high categorical
relatedness with the source of the causal knowledge. The extent
to which people are willing to transfer causal knowledge
decreases as category similarity decreases. We discuss future
research that could delineate the boundaries of causal transfer.
Keywords: Causal reasoning; category-based induction;
analogy

Introduction
Causal knowledge can be used to make predictions, perform
interventions, and explain how or why something occurred
(Shanks, 2004; Hagmayer & Sloman, 2009; Fernbach et al.,
2011). However, people must often navigate novel causeand-effect relationships despite lacking explicit causal
knowledge for that particular situation. For example, a
gardener might know that a specific fertilizer causes their
rose plants to bloom, but will the same fertilizer cause their
tulips to bloom? In such cases, one must draw upon existing,
relevant knowledge to reason their way through the novel
context. Because the fertilizer has a blooming effect on roses,
it may be easily inferred that the fertilizer will have the same
effect on tulips, given that roses and tulips are both flowering
plants. The simplicity of this inference, however, belies the
complexity of how causal knowledge is transferred. Does the
fertilizer act on the same mechanism that causes roses and
tulips to bloom? Will the fertilizer act on tulips as strongly as
it did on roses? In this paper, we investigate people’s
intuitions of the answers to those questions by investigating
when people choose to transfer causal knowledge.
People regularly generalize knowledge and skills (Shepard,
1987) to novel contexts, but the manner in which they do so
often depends on the situation they find themselves in.
Analogical reasoning, for example, affords knowledge
transfer between specific instances (Holyoak & Lee, 2017).
Analogies such as the water model for electricity allow one
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using prior causal knowledge and observed causal relations
(Hagmayer & Mayrhofer, 2013; Kemp et al., 2010). Beneath
this framework, transferring causal knowledge would reflect
one’s hypotheses for the plausibility of a novel effect given
their prior knowledge of the effect in a related/unrelated
source, as well as their understanding of the higher order
relations (i.e., causal mechanisms) that permit the effect to
occur in the first place. Importantly, Bayesian models of
causal induction generally serve to explain the reasoning
process computationally, rather than describe it cognitively
(Hagmayer & Mayrhofer, 2013; cf, Mayrhofer & Waldmann,
2011). That said, the Bayesian approach suggests both prior
category knowledge (i.e., category-based induction) and
situational evidence (i.e., analogy) are important components
of the inferences that guide causal knowledge transfer.
In addition to the reasoning process informing transfer of
causal knowledge, another open question is how broadly
people will transfer causal information. One possibility is that
people are very miserly in what they are willing to transfer.
That is, when learning a causal relationship between a set of
events, people may think of this as a very specific,
contextually bound relationship (e.g., Heit, 1998; Feeney &
Heit, 2011). Taking our gardening example, knowing that a
fertilizer works on roses may be a piece of knowledge that is
specifically linked to roses and not generalized to other items.
In this way, people may not be willing to do the
generalization seen in analogy use or in category-based
induction.
Restricted willingness to transfer may also vary for reasons
unrelated to causal information. The category-based
induction literature suggests people should infer properties to
be true of similar category members. But, if people do not
spontaneously think about the categorical hierarchies an
exemplar is in when thinking about causal transfer, they
might not consider how exemplars at different levels of
categorization are related to one another (Murphy &
Brownell, 1985; Markman & Wisniewski, 1997). Consider
pink roses and orchids. It is possible that people overlook the
fact that these two flowers are similar at the basic level (i.e.,
flower) and instead simply perceive them as two distinct
plants that share few, if any, commonalities. This could
discourage transferring knowledge between them. Similarly,
if people choose to fixate on differences rather than
similarities, transfer might be impaired because people will
not identify commonalities on which to base knowledge
transfer in the first place (Markman & Gentner, 1996; Miao
& Gentner, 2001).
On the other hand, people may be willing to broadly
transfer causal properties to novel entities. For example,
learning that a fertilizer works on roses may suggest that it
could also work on all forms of plants if one possesses the
prior belief that a rose is a good representation of plants as a
whole (Garcia-Retamero et al., 2009). Given that people are
willing to draw analogies between disparate items and that
people will infer properties across diverse categories, it is
possible that causal transfer is likewise wide-ranging. If
people are more promiscuous in how they transfer causal

relationships, then it becomes a question of how far away
from a source this transfer will happen. That is, will people
transfer to any other target or are there limits to this causal
transfer?
In two experiments, we explore how people transfer causal
knowledge into novel reasoning scenarios. We tested transfer
of a causal mechanism (Experiment 1) and the strength with
which that mechanism acts (Experiment 2). We vary the type
of targets for transfer by manipulating how related the targets
are to the source in a category hierarchy. Through these
studies we can gain a better understanding of how
experiencing novel causal relationships influences reasoning
in other causal situations.

Experiment 1
In Experiment 1, we present a first test of whether people will
transfer causal mechanisms to novel targets. Participants
were provided with scenarios presenting a cause producing
an effect through a described mechanism for a single category
exemplar. The extent to which people were willing to transfer
the causal mechanism was measured through prompts asking
participants whether the causal mechanism in the scenario
could produce the same effect in a series of targets that varied
in their categorical relation to the exemplar.

Method
Participants Undergraduate students (N = 55) enrolled in an
introductory psychology course were recruited to participate
in exchange for course credit. All participants completed the
study remotely on a computer of their choice. Participants
were screened to ensure that they had normal or correctedto-normal vision and were fluent in English. Approval for
both studies was obtained from Lehigh University’s IRB.
Materials Brief scenarios were constructed that covered the
domains of natural phenomena (e.g., gardening, pesticides),
personal health (e.g., pain relief, food allergies), and
mechanical devices (e.g., internet connectivity, fuel
consumption). In total, 12 scenarios were constructed, four
for each of the three domains. Each scenario described a
cause that brought about an effect on a category exemplar
(the transfer source) through a particular causal mechanism.
Nine transfer targets were generated for each transfer source.
An example scenario and transfer prompt from the natural
domain follows, with the italicized item representing one of
the possible transfer targets:
Scenario: Chuck was weeding his garden one day when he
realized that many of his pink roses were wilting. After some
research, he learned that adding used coffee grounds to the
soil might help pink roses firm up again by increasing the
nitrogen content of the soil, which is associated with healthy
pink roses. So, he administered the used coffee grounds to the
soil in his garden. The next morning when he woke up, he
noticed that the treatment was effective in making the pink
roses that were wilting stand straight and healthy.
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Transfer Prompt: Chuck was weeding his garden and noticed
that many of his tulips were wilting. How likely do you feel
used coffee grounds will produce healthy tulips by increasing
the nitrogen content of the soil?

corresponding transfer targets also being presented in a
random order. After completing the transfer task, participants
provided similarity ratings and then completed a brief
demographics questionnaire.

We chose transfer targets that varied in how categorically
similar they were to the transfer source. Two of the targets
were at the same subordinate level as the transfer source,
three transfer targets were in the same basic level category as
the source, three were in the same superordinate, and one
transfer target represented a category that was in a different
superordinate category (see Figure 1 for a general example).
For the transfer source example of pink roses, the transfer
targets would be as follows: red roses and white roses; roses,
tulips, and orchids; flowers, trees, and cactus; and
earthworms. For each transfer target, participants were
prompted to judge whether the mechanism from the scenario
would transfer to the target in question using a 1 (unlikely to
transfer) to 7 (extremely likely to transfer) scale.

Results
Transfer Judgments We examined the effects of category
level and domain on transfer judgments using a 3 (domain:
natural, health, mechanical) x 4 (category level: subordinate,
basic, superordinate, different-superordinate) repeated
measures ANOVA. The ANOVA revealed significant main
effects of category level (F(3, 50) = 66.5, p < .001, 𝜂𝑝2 = .78)
and domain (F(2, 50) = 19.22, p < .001, 𝜂𝑝2 = .32), as well as
a significant category level by domain interaction, F(6, 50) =
20.79, p < .001, 𝜂𝑝2 = .27. We explored the interaction with
Sidak-corrected t-tests. Comparing judgments between the
four levels found significant differences between all four
levels for the natural (ps < .001) and health (ps < .001)
domains (Figure 2). However, participants’ ratings did not
differ between the subordinate and basic level targets (p =
.95) in the mechanical domain. All other comparisons of
transfer judgments between category level were significant in
the mechanical domain (ps < .03).

Figure 1: Example transfer targets by category level for the
source pink roses.
Participants also provided ratings for how similar they
believed each of the transfer targets were to the transfer
source in the scenario. Similarity judgments were made using
a 1 (not at all similar) to 7 (extremely similar) scale.

Figure 2: Mean transfer judgments for Experiment 1

Design and Procedure The study was programmed and
distributed using the Qualtrics survey software. Participants
first read instructions describing that they would be presented
with a series of scenarios containing cause and effect
relationships that they would use to make judgments about
other situations. A brief example scenario was provided in the
instructions. Participants then began the transfer task. In the
transfer task, participants were first presented with one of the
scenarios, chosen at random. After reading through the
scenario, the transfer targets associated with that scenario
were presented, one at a time, in a random order. For each
transfer target, participants judged the likelihood that the
causal mechanism in the scenario would also produce the
effect in the transfer target. Each of the 12 scenarios were
presented in a random order, with each scenario’s

Effect of Category Hierarchy A byproduct of the category
hierarchies we used to produce transfer targets is that some
transfer targets belonged to the same hierarchy as the transfer
source (e.g., pink roses and flowers), and some transfer
targets did not belong to that hierarchy (e.g., pink roses and
trees). This occurred at both the basic and the superordinate
level. To explore these differences, we conducted a 2
(category hierarchy: inside vs. outside) x 3 (domain) x 2
(category level: basic vs. superordinate) repeated measures
ANOVA on transfer judgments. The ANOVA revealed
significant main effects of hierarchy membership (F(1, 50) =
128.9, p < .001, 𝜂𝑝2 = .72), category level (F(1, 50) = 98.7, p
< .001, 𝜂𝑝2 = .66), and domain (F(2, 100) = 20.43, p < .001,
𝜂𝑝2 = .29). The main effect of category hierarchy suggests that
transfer judgments are significantly greater for inside (M =
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A

B

Figure 3: Mean transfer judgments for a) inside- and b) outside-hierarchy targets in Experiment 1.
5.4; SE = .100) than outside (M = 4.47; SE = .085) the
category hierarchy. Significant two-way interactions between
hierarchy membership and domain (F(2, 100) = 36.58, p <
.001, 𝜂𝑝2 = .422), as well as category level and domain (F(2,
100) = 9.21, p < .001, 𝜂𝑝2 = .155) were also found. A
significant three-way interaction was also found between
hierarchy membership, category level, and domain, F(2, 100)
= 3.57, p = .032, 𝜂𝑝2 = .067. Given the three-way interaction,
we looked at our follow-up comparisons separately for
inside- and outside-hierarchy judgments. Critically, we find
significant drops in transfer judgments in all three domains
when using Sidak-corrected t-tests to compare the basic to
superordinate-level targets (ps < .001) inside the category
hierarchy of the source item (Figure 3). When comparing
transfer judgments between basic and superordinate level
transfer targets outside the source item’s category hierarchy,
we find identical patterns in the natural and health domains
(ps < .001), but not in the mechanical domain (p = .085). This
difference in the mechanical domain for outside category
hierarchy but not inside category members helps explain the
significant three-way interaction.

Experiment 2
When provided with information that implies the presence of
a strong cause, will people similarly believe that the cause
will have the same strength in a novel context? In this
experiment we present people with transfer prompts that
specify that the same causal mechanism applies to a source
as a target. We then ask people how likely the same strength
of a relationship will also be present. One possibility is that
people will transfer any type of causal information they can.
Knowing that a mechanism is the same may license thinking
that it will produce the effect to the same extent to
categorically similar targets (e.g., mutability; Sloman et al.,
1998; unbroken mechanism hypothesis; Hagmayer et al.,
2011). Alternatively, people may believe that the strength of
causal relationships are unique in that a mechanism operates
with a particular strength only in a specific context (e.g., Heit,
1998). Moving beyond that context (i.e., to transfer targets)
could attenuate the strength of the that mechanism. We test
these possibilities in the following experiment.

Method
Discussion

Participants Undergraduate students (N=54) participated in
exchange for course credit. All participants completed the
study remotely on a computer of their choice. Participants
were screened to ensure that they had normal or correctedto-normal vision and were fluent in English. Approval for
both studies was obtained from the authors’ university IRB.

Overall, we found that participants were willing to transfer
the action of a novel causal mechanism from one source to
other targets. Importantly, this transfer did not happen
equally among all targets. Participants provided the highest
transfer judgments for the most categorically similar transfer
targets (i.e., subordinate level). These judgments then
decreased as the targets were more distant from the source in
a category hierarchy.
This first study suggests that people are sensitive to the
category relatedness of a target when transferring causal
mechanism information. We next tested whether other types
of causal information would be similarly transferred.
Specifically, we test whether the strength of a causal
relationship will be thought to transfer along with its
mechanism.

Materials, Design, and Procedure Experiment 2 was
identical to Experiment 1, save for the following changes.
Instead of judging whether the effect in the scenario would
be brought about by a shared causal mechanism, participants
made ratings of causal strength transfer; that is, whether the
effect would be brought about to the same extent in each
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scenario’s corresponding targets. Additionally, mechanism
information was only included in the scenario, not the
prompt. We made this change so that judgments were made
on the basis of the strength of the relationship, rather than a
hybrid of strength and mechanism plausibility (e.g., a
different mechanism could produce the effect with the same
strength). An example transfer scenario and prompt from the
natural domain follows, with the italicized item representing
one of the possible transfer targets.

Subordinate

Basic

Superordinate

Different-Superordinate

100
90

80
70
Mean 60
Transfer 50
Judgment 40
30
20
10

Scenario: One day, when Chuck was weeding his garden, he
noticed that many of his pink roses were wilting. After some
research, he learned that he could treat the soil in his garden
with used coffee grounds. This treatment strongly
causes pink roses to become healthy by increasing the
nitrogen content of the soil, which is associated with healthy
pink roses. So, he administered the used coffee grounds to the
soil in his garden. The next morning when he woke up, he
noticed that the treatment was effective in making almost all
of the pink roses that were wilting stand straight and healthy.

0

Effect of Category Hierarchy Again, we explored potential
differences between targets belonging to different category
hierarchies (see Figure 5). We conducted a 2 (category
hierarchy: inside vs. outside) x 3 (domain) x 2 (category
level: basic vs. superordinate) repeated measures ANOVA on
transfer judgments. The ANOVA revealed significant main

Results and Discussion
Transfer Judgments The effects of category level and
domain on transfer judgments were examined using a 3
(domain) x 4 (category level) repeated measures ANOVA.

Mean Transfer Judgment

Mean Transfer Judgment

B

Superordinate

100

80
60
40
20
0

Natural

Health

Mechanical

The ANOVA revealed significant main effects of category
level (F(3, 141) = 128, p < .001, 𝜂𝑝2 = .73) and domain (F(2,
94) = 20.8, p < .001, 𝜂𝑝2 = .31), as well as a significant
category level by domain interaction, F(6, 50) = 20.79, p <
.001, 𝜂𝑝2 = .24. We explored the interaction with Sidakcorrected t-tests. Patterns of transfer judgments in
Experiment 2 were quite similar to Experiment 1 (Figure 4).
Comparing judgments between the four levels found
significant differences between all four levels for the natural
(ps < .001) and health (ps < .001) domains. However,
participants’ ratings did not differ between the subordinate
and basic level targets (p = .571) for the mechanical domain.
All other comparisons of transfer judgments between
category level were significant in the mechanical domain (ps
< .002).

In each of the target scenarios, we described the causal
strength of the given mechanism as strong for the source item.
Participants made transfer judgments for causal strength
using an onscreen slider on a 0 (no relationship) to 100
(strongly causes) scale.

Basic

Health
Domain

Figure 4: Mean transfer judgments for Experiment 2

Transfer Prompt: Imagine Chuck was weeding his garden and
noticed that many of the tulips in his garden were wilting. If
Chuck applied used coffee grounds to the soil, to what extent
do you believe that the used coffee ground treatment would
cause tulips to become healthy again? Please respond using
the following scale.

A

Natural

Mechanical

Domain

Basic

Superordinate

100
80
60

40
20
0

Natural

Health

Mechanical

Domain

Figure 5: Mean transfer judgments for a) inside- and b) outside-hierarchy targets in Experiment 2.
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effects of hierarchy membership (F(1, 53) = 187.9, p < .001,
𝜂𝑝2 = .78), category level (F(1, 53) = 98.8, p < .001, 𝜂𝑝2 = .65),
and domain (F(2, 106) = 25.01, p < .001, 𝜂𝑝2 = .32). As in
Experiment 1, the main effect of category hierarchy suggests
that transfer judgments are significantly greater for inside (M
= 67.8; SE = 1.49) than outside (M = 48.6; SE = 1.67) the
category hierarchy. Significant two-way interactions between
hierarchy membership and domain (F(2, 106) = 37.5, p <
.001, 𝜂𝑝2 = .35), hierarchy membership and category level
(F(1, 53) = 10.7, p < .01, 𝜂𝑝2 = .17), and category level and
domain (F(2, 106) = 12.7, p < .001, 𝜂𝑝2 = .19), were also
found. Unlike Experiment 1, no significant three-way
interaction was found (p = .214). Looking at the category
level by domain interaction with Sidak corrected t-tests, we
find that there is a significant drop from the basic to the
superordinate in transfer judgments for all domains, ps <
.001. The lack of a three-way interaction suggested that the
pattern for transfer was the same for inside and outside
category hierarchy members.

nitrogen could intervene on earthworms may allow people to
generate their own causal explanation of how the mechanism
works in this category. Future research could elicit
participants’ confidence in or explanations for their
judgments to explore if people are creating their own causal
stories that could link these distant targets and how far people
are willing to go in making these connections.
A lingering question from our results is whether judgments
were informed by category hierarchy knowledge or
similarity. We did not present analysis of similarity
judgments due to space constraints. Overall, subordinatelevel targets were rated to be highly similar, and targets
belonging to different superordinate categories were the most
dissimilar. Similarity judgments were highly correlated with
transfer judgments, producing collinearity issues in the data
that made it difficult to specifically partial out the effect of
similarity. Overall, similarity ratings mimicked transfer
ratings except that we saw a step-wise decrease in similarity
for the mechanical domain where transfer judgments did not
show the same step-wise decrease in Experiments 1 and 2.
Future work is needed to explore the role of similarity
separately from category hierarchy. For example, perceptual
similarity could be manipulated using visual images. In
nature, many unrelated organisms exhibit Batesian mimicry,
where an unthreatening or defenseless organism evolves to
mimic the appearance of a more threatening organism (e.g.,
various species of hoverfly, a harmless winged insect,
evolved to become nigh-indistinguishable from dangerous
bees and wasps). Using stimuli depicting categorically
distinct, but perceptually similar, exemplars, would help
further explore the boundaries for causal knowledge transfer.
We explored two specific types of causal knowledge that
could be transferred, mechanism and strength. Future
research should explore what other causal elements can be
transferred. For example, if a cause is associated with
particular side effects or byproducts, will people similarly
believe that those side effects or byproducts will be present
in a novel situation? Likewise, if multiple causes are capable
of producing an effect, would this multiply determined
causality transfer to other items? These questions revolve
around whether the causal structure believed to underlie the
production of an effect would transfer to new situations.
These are question we are currently exploring.
Across two experiments, we showed that people will
transfer causal knowledge to novel contexts. The extent to
which this causal knowledge was transferred varied as a
function of the transfer target’s categorization. People
regularly make inferences about how interventions will work
on targets that they have no explicit knowledge basis for, such
as a fertilizer often used for roses being applied to tulips. As
such, the field of causal reasoning benefits from research of
this nature that highlights the role of prior knowledge in
causal inference. These studies serve as an initial
investigation into the thought processes that guide causal
inferences informed by existing causal knowledge, and future
research will illuminate the underlying process of
generalizing causal knowledge.

General Discussion
Across two experiments, we demonstrated that people are
willing to transfer causal knowledge to novel situations.
When presented with a novel causal relationship, people will
transfer both the mechanism by which that causal relationship
happens and the strength of that relationship to other
situations. The degree of this transfer is moderated by how
categorically similar the targets are to the transfer source. In
this way, people more promiscuously generalize novel causal
information to close category members, but still generalize to
weaker degrees as category relatedness decreases.
One interesting finding in these data are the differences by
domain in transfer patterns. Similar patterns of transfer were
observed in scenarios belonging to the natural and health
domains. The mechanical domain differed in that participants
transferred equally to subordinate and basic level categories.
Differences between these two patterns of transfer could be
attributed to psychological essentialism (Ahn et al., 2013), in
that natural kind categories (represented here as the natural
and health domains) are distinguished as possessing rigid
category boundaries (Prasada et al., 2012). Artifact categories
(represented here as the mechanical domain), however,
possess more arbitrary, flexible category boundaries
(Brandone & Gelman, 2013). It is possible that the perceived
arbitrariness of artifact categories allowed for more transfer
across farther reaching category levels.
An open question from our results is how far are people
willing to transfer causal knowledge. In all scenarios, nontrivial transfer judgments were produced for even the most
categorically dissimilar (i.e., belonging to a different
superordinate category) targets. That is, when learning coffee
grounds provide nitrogen that is healthy for roses, people
believe this nitrogen will be healthy for earthworms to some
extent as well. While such transfer could be surprising,
people are adept at spontaneously inferring causal links
(Hassin et al., 2002). Just given time to think about how
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Abstract

provide the same (or similar) information. Consider, for
example, a task in which the learner has to determine how
much of a new nutrient there is in different food items. The
learner can ask questions about each item sequentially (how
much of the nutrient is there in a strawberry? how much in a
blueberry? how much in an egg?) and must retrieve each item
(strawberry, blueberry, egg) from memory prior to the query.
As similar items usually have similar properties, for the
questions to be maximally informative, the queried items
must be as different to each other as possible. It is much better
to follow up a query about strawberry with a query about egg
than a query about blueberry.

We introduce a new empirical paradigm for studying
naturalistic active learning, as well as new computational tools
for jointly modeling algorithmic and rational theories of
information search. Subjects in our task can ask questions and
learn about hundreds of everyday items, but must retrieve
queried items from memory. In order to maximize information
gain, subjects need to retrieve sequences of dissimilar items.
We find that subjects are not able to do this. Instead,
associative memory mechanisms lead to the successive
retrieval of similar items, an established memory effect known
as semantic congruence. The extent of semantic congruence
(and thus suboptimality) is unaffected by task instructions and
incentives, though subjects are able to identify efficient query
sequences when given a choice. Overall, our results indicate
that subjects can distinguish between optimal and suboptimal
search if explicitly asked to do so, but have difficulty
implementing optimal search from memory. We conclude that
associative memory processes place critical restrictions on
people’s ability to ask good questions in naturalistic active
learning tasks.
Keywords: Active learning; Memory search; Computational
modeling; Rational cognition

Introduction
People often choose what information they want to gather.
This kind of learning is known as active learning, and has
been the subject of intense study in recent years in several
fields. Although there are many questions to ask about active
learning, perhaps the most pressing question about active
learning is this: how and why do people seek the particular
information they seek?
Theories of rational cognition (Griffiths et al., 2010)
provide an increasingly popular answer to this question.
These theories propose that people search for information
optimally; that is, they generate queries that provide the most
information possible. The rational account of active learning
has been successfully tested in many domains in psychology
(for review see Coenen et al., 2019), however, one challenge
for the rational account of active learning involves the role of
semantic similarity in memory search. Optimal search often
requires asking questions that are dissimilar to each other, as
asking the same (or a similar) question repeatedly will usually

Figure 1. Experimental and modeling setup. Top: The practice,
active learning, and test phases of the task. Middle: The Markov
memory model which guides query generation in the learning
phase. Bottom: The Bayesian model, which uses the information in
the learning phase to give responses in the test phase.

129

In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

This optimal search strategy is the opposite of what
researchers have observed in most recall tasks. Typically,
when asked to retrieve items from memory, people generate
sequences of semantically similar items, an effect known as
semantic congruence. The semantic congruence effect is
remarkably robust, and emerges across a variety of tasks
including free association (De Deyne et al., 2019), free recall
from lists (Howard & Kahana, 2002), semantic memory
search (Bousfield & Sedgewick, 1944), and memory-based
decision making (Aka & Bhatia, 2021). This is due to the
associative structure of memory (Atkinson & Shiffrin, 1968).
Retrieved items cue successive items based on their strength
of association. Items that are similar are more associated with
each other, which is why the retrieval of strawberry is more
likely to cue blueberry than egg.
How is this conflict resolved in naturalistic active learning
tasks? Are people able to search optimally and retrieve
sequences of dissimilar items, or are they fundamentally
constrained by the associative memory processes that lead to
semantic congruence in other recall tasks?

There were 396 subjects in Exps. 1a and 1b, 102 subjects
in Exp. 2, 100 subjects in Exp. 3, and 48 subjects in Exp. 4.
Subjects in all experiments were recruited from Prolific
Academic and were US residents that were fluent in English.
They were given a base payment of $2, and were given a
bonus of $1.00 if their test performance (measured by RMSE)
was in the top 10%, and $.50 if they were in the top 50%.
Exps. 2 and 3 were pre-registered.

Semantic Congruence in Search
We used a computational model (Fig. 1 middle panel) to
formally capture memory retrieval dynamics in the active
learning phase (Exps. 1a, 1b, 2 and 3). In line with classic
memory retrieval models, we assumed that subjects searched
for a word among all candidate queries in the memory space
𝑆. Assuming the Markov property, the model predicted the
switch from one query 𝑠𝑡−1 to another query 𝑠𝑡 using
transition probabilities Pr[𝑠𝑡 |𝑠𝑡−1 ], where 𝑠𝑡−1 , 𝑠𝑡 ∈ 𝑆 and t
∈{2,3,...,T} are the time steps. We allowed Pr[𝑠𝑡 |𝑠𝑡−1 ] to be
a function of item activation, which in turn depended on two
key cognitive mechanisms -- semantic congruence and word
frequency -- giving us: Pr[𝑠𝑡 |𝑠𝑡−1 ] = 𝜎(𝛽1 𝑠𝑖𝑚𝑠𝑡−1,𝑠𝑡 +
𝛽2 𝑓𝑟𝑒𝑞𝑠𝑡 ), where 𝑠𝑖𝑚𝑠𝑡−1,𝑠𝑡 is the cosine-similarity between
𝑠𝑡−1 and 𝑠𝑡 , 𝑓𝑟𝑒𝑞𝑠𝑡 represents the frequency (logtransformed) of candidate query 𝑠𝑡 , and 𝜎(∙) is the softmax
function that sets ∑𝑠𝑡∈𝑆 Pr[𝑠𝑡 |𝑠𝑡−1 ] = 1.
Hierarchical Bayesian model fitting provided both groupand individual-level estimation of 𝛽1 and 𝛽2 (Table 1). On
the group level, cosine similarity had a strong positive effect
on sequential memory search for food items in Exps. 1a, 2,
and 3 and for animals in Exp. 1b. Likewise, frequent
words/phrases were much more likely to be queried than
infrequent ones for both foods in Exps. 1a, 2 and 3 and
animals in Exp. 1b. The individual level estimation also
suggested that a majority of our subjects displayed these
tendencies. These results suggest that the underlying
cognitive processes in our naturalistic active learning task
resembled those underlying a typical memory task, processes
which likely lead to sub-optimal queries.

Overview of Experimental Paradigm
Unfortunately, most studies on active learning are
conducted under rarified conditions that do not require
memory search. This is largely due to the difficulty in
modeling naturalistic active learning, in which people can
search over and ask questions about thousands of items and
entities. Fortunately, recent work has shown the promise of
distributed semantics models (DSMs) for solving this
problem. DSMs use patterns of word-word co-occurrence in
large collections of texts, to build vector representations of
millions of real words and phrases. Words that are
semantically similar, like strawberry or blueberry, tend to
have similar distributions in text, and therefore end up with
vector representations that are close to each other. For this
reason, DSMs can describe many psychological phenomena
(see Bhatia et al. 2019 for review), and, importantly, can
predict semantic congruence effects in memory search.
We used DSMs to model memory search in a new
naturalistic active learning task (Fig. 1, top panel). In the task,
subjects (a) learned a novel property by querying 20 different
entities in a category and getting feedback on those entities’
property scores, and then (b) in the test phase predicted the
scores of a fixed set of 20 test items. Prior to the active
learning task, subjects participated in a practice phase, where
they were presented five items and the corresponding
property scores. Property scores for the entities were
constructed by prespecified random linear functions on their
word2vec (Mikolov et al., 2013) DSM vectors, giving similar
items similar property scores. Exps. 1a, 2 and 3 implemented
this task with 1,594 food items, while Exp. 1b implemented
it with 1,734 animals. Additionally, Exp. 2 compared the
queries in the active learning task with recall in a standard
semantic memory search task. Exp. 3 provided detailed
coaching on how to do well in the active learning task. Exp.
4 did not directly use the task but instead asked subjects to
judge the optimality of search sequences in the task.

Table 1: Mean and 95%CI of memory model parameters
𝜷𝟏

𝜷𝟐

Exp. 1a

0.62 [0.57, 0.67]

0.97 [0.93, 1.02]

Exp. 1b

0.71 [0.66, 0.76]

0.93 [0.90, 0.97]

Exp. 2

0.68 [0.63, 0.74]

0.86 [0.80, 0.91]

Exp. 3

0.42 [0.36, 0.50]

0.87 [0.80, 0.94]

Bayesian Learning Model
Subjects learned about the target property from the scores
given as feedback to queries. To formally capture this
dynamic learning process, we assumed that the subjects were
ideal Bayesian learners who took as input the scores 𝑦𝑡 of
their query (quantified by a DSM vector 𝑋𝑡 ) and learned a
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linear mapping between them (Fig. 1, bottom panel). Subjects
updated their belief of weights 𝜽 that determined the linear
mapping after observing each pair of 𝑋𝑡 and 𝑦𝑡 using the
𝑝 (𝜽)𝑝(𝑦 |𝑋 ,𝜽)
Bayes rule: 𝑝𝑡 (𝜽|𝑋𝑡 , 𝑦𝑡 ) = 𝑡 (𝜽)𝑝(𝑦𝑡 𝑡 . In the test phase,
∫ 𝑝𝑡

found that the Bayesian learning model failed to describe
participant heterogeneity (r = 0.040, p = .696). Similar
patterns emerged when we quantified test performance with
RMSE (Exp. 1a: r = 0.219, p = .002; Exp. 1b: r = 0.166, p =
.019; Exp. 2: r = 0.157, p = .277; Exp. 3: r = 0.021, p = .833).
Note that subjects’ actual test performance was
significantly better than the baseline model that assigned
random scores at test. However actual test performance did
not reach the accuracy levels predicted by the ideal Bayesian
learning model (p’s < 10-12 in all experiments in Fig. 2), likely
because of additional sources of noise during the test phase.

𝑡 |𝑋𝑡 ,𝜽)

we assumed that subjects made predictions on the test items
based on the updated posterior distribution 𝑝(𝜽|𝑿, 𝒚), where
𝑿 is the design matrix corresponding to their 20 queries in the
active learning phase and 𝒚 are the corresponding scores. The
̂∗ =
predicted scores at test can be written as 𝑦
∗
∗
∫ 𝑝(𝜽|𝑿, 𝒚)𝜽𝑋 𝑑𝜽, where 𝑋 is the vector corresponding to
the test item.

Effect of Semantic Congruence on Learning
The ideal Bayesian learning model also allowed us to
evaluate query efficiency with Bayesian D-optimality, one of
the most often used optimality criteria (Myung & Pitt, 2009).
Mathematically, Bayesian D-optimality of the full set of
queried items is the determinant of the Fisher information
matrix 𝐷 = det{𝑿𝑿𝑻 + 𝛴 −1 }, where 𝑿 is the 11×20 design
matrix corresponding to the 20 queried items, and 𝛴 is the
11×11 covariance matrix prior to querying the items. At the
beginning of the experiment, 𝛴 is set as an identity matrix,
corresponding to the standard multivariate normal prior
distribution on 𝜽. Intuitively, if the queried items are sparsely
distributed in the space, the design matrix typically has a high
Bayesian D-optimality. By contrast, if the queried items are
close to one another, the design is likely to have a low
Bayesian D-optimality.

Figure 2. Baseline, actual and ideal test Pearson’s R across
experiments. Each point corresponds to a subject.

The ideal Bayesian learning model captured the betweensubject variation in test performance (see Fig. 2 using
Pearson’s R as the measure). In the pooled analysis on the
full datasets across experiments (Exps. 1a, 1b, 2 and 3; N =
546), we found that the predicted performance at test by the
Bayesian learning model trained on each subject’s queries
was correlated with the actual performance of the subjects
measured by both Pearson’s R and root-mean-squared error
(RMSE) (Pearson’s R: r = 0.313, p < 10-13; RMSE: r = 0.269,
p < 10-9). In separate analyses, the actual test Pearson’s R was
positively related to the predicted test Pearson’s R by the
ideal Bayesian learning model in Exps. 1a, 1b, and 2 (Exp.
1a: r = 0.418, p < 10-9; Exp. 1b: r = 0.236, p < .001; Exp. 2: r
= 0.528, p < .0001). In Exp. 3, in which participants were
given coaching on how to generate efficient queries, we

Figure 3. Correlations between semantic congruence parameter
in memory model (β1) and Bayesian D-optimality. Each point
corresponds to a subject.

We correlated the Bayesian D-optimality of each subject’s
query sequence with the estimated degree of semantic
congruence, 𝛽1 , in the memory model (Fig. 3). As expected,
these two variables entail a strong tradeoff, such that subjects
whose queries were more positively influenced by the
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similarity with previous items had lower levels of Bayesian
D-optimality.
Semantic incongruence was also associated with better test
performance as predicted by the ideal Bayesian learning
model. In a pooled analysis across Exps. 1a, 1b, 2 and 3 (N =
546), we found that 1 was positively correlated with the ideal
Bayesian learning model’s predicted test RMSE (r = 0.446, p
< 10-15) and negatively with its predicted test Pearson’s R (r
= -0.093, p = .029). Additionally, subjects who displayed
more semantic incongruence also performed better at test. 𝛽1
was positively correlated with subjects’ actual RMSE (r =
0.188, p < .001) and negatively correlated with subjects’
actual Pearson’s R (b = -0.212, p = .036) at test.
To more systematically examine the tradeoff between
semantic congruence in memory retrieval and optimal search
in active learning, we simulated a semantic similarity-based
retrieval strategy and compared its Bayesian D-optimality, as
well as the predicted test performance by the ideal Bayesian
learning model, with that of a number of other retrieval
strategies (Fig. 5). The semantic similarity-based strategy
produced the lowest query Bayesian D-optimality and
achieved the worst test performance among all retrieval
strategies. In stark contrast, the D-optimality Greedy strategy
that kept selecting the most informative query according to
the Bayesian D-optimality criterion always produced the
lowest semantic congruence in queries and the best
performance at test. Retrieval strategies that searched based
on word frequency or based on random sampling achieved
intermediate D-optimality and accuracy rates at test.
The subjects’ actual query sequences were far from
optimal, as compared with the D-optimality Greedy strategy
(Fig. 5). They also displayed more semantic congruence, and
achieved lower Bayesian D-optimality, than the random or
frequency-based queries. Overall, these results, once again,
suggest that subjects were unable to ask the most informative
questions when the questions had to be generated from
memory.

congruence effect is so strong that it cannot be moved by
simple task demands.

Figure 4. Between-condition comparisons of semantic
congruence and Bayesian D-optimality of subjects’ queries (Exps.
2 and 3) and actual test performance (Exp. 3). Error bars represent
95% confidence intervals.

Judging Optimality of Queries
Finally, we tested whether subjects could distinguish
efficient query sequences from inefficient sequences. For this
purpose, we gave subjects in Exp. 4 five pairs of subjectgenerated sequences. Most (32 of 48) subjects achieved
greater than chance accuracy (p=.029 in a binomial test), and
in fact the modal accuracy rate was 100%. On the pair level,
three pairs achieved accuracy rates significantly higher than
random (90%, 67% and 63% respectively, ps < .05) while the
other two pairs were more difficult to judge and didn’t pass
the conventional significance threshold (48% and 52%
respectively).
Overall, while subjects in Exps. 1-3 generally queried in a
suboptimal manner, subjects in Exp. 4 showed the ability to
distinguish between more and less efficient query sets. This
is consistent with the idea that subjects can evaluate
optimality to some degree, but are unable to consider
optimality when generating queries due to universal,
powerful constraints on memory retrieval, particularly
semantic similarity.

Effect of Task Demands
Do subjects’ queries vary with task requirements? We
examined this in two experiments. In Exp. 2, we compared
an active learning condition with a traditional semantic
memory search condition in which subjects were asked to list
all foods that they could think of. As can be seen in Fig. 4,
the conditions differed neither on semantic congruence
(i.e.1) (t96.7 = 0.818, p = .416), nor on Bayesian D-optimality
of the queries (t99.8 = 0.719, p = .474). In Exp. 3, we compared
a coached learning condition, in which subjects were
explicitly instructed to query more efficiently by sampling
dissimilar items, with an uncoached condition (which was
identical to Exp. 1a). The conditions did not differ on either
semantic congruence (t79.9 = 1.214, p = .229) or Bayesian Doptimality (t93.0 = 1.018, p = .311). The conditions did not
differ on their predictive performance at test either (test
Pearson’s R: t88.9 = 1.05, p = .297; test RMSE: t77.1 = 0.221, p
= .826). Both experiments suggest that the semantic
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Figure 5. Properties of a Bayesian learning model that makes predictions based on simulated queries. Actual query uses the subjects’
actual sequences of queries. Random query randomly selects from all the items with no replacement. Frequency-based query randomly
selects from the top-100 most frequent items with no replacement. Similarity-based query keeps selecting the most cosine-similar item that
hasn’t been queried before. Greedy query keeps selecting the item with the highest Bayesian D-optimality. Shaded bands are 95% CIs.

However, most prior studies use fairly simple, artificial
stimuli, and do not require subjects to generate queries from
memory. We thus suggest that the scope of the optimality
hypothesis in explaining human active learning may be more
limited than previously thought. Indeed, we suspect that any
setting in which subjects must formulate sequences of queries
in natural language will probably be constrained by memory
processes, particularly the similarity-driven associative
memory search.
Although associative memory processes curtail optimal
active learning, that does not mean that people’s memory
processes are inherently flawed. Rather, memory serves
multiple cognitive functions and the associative biases
documented in this paper may reflect optimal tradeoffs
between diverging task demands. Indeed, many researchers
have argued that association or similarity-driven memory
search is part of an optimal system for semantic memory
retrieval (Hills et al. 2012). Related work has shown that
associative memory processes implicated in judgment and
decision biases are adaptive in that they often lead to accurate
inference and generalization with minimal cognitive cost
(Bhatia, 2017; Tenenbaum & Griffiths, 2001). Regulating
these processes in active learning tasks may be too effortful,
and people may be optimally trading off performance with
the cognitive cost required to succeed in our task (Lieder &

Discussion
Contrary to the popular optimality hypothesis that claims
that people can ask efficient questions that maximize
expected information gain, we found that subjects failed to
generate optimal inquiries and that the suboptimality was
largely due to associative memory search (Exps. 1a & 1b).
Additional pre-registered experiments showed that subjects’
querying behavior was no more optimal – or less similaritydriven – in our active learning task than a traditional semantic
search task (Exp. 2), and no more optimal or less similaritydriven when directly told to query more optimally by
querying dissimilar items (Exp. 3), suggesting that memorybased active learning is at the mercy of extremely stubborn
memory constraints, which are difficult to alleviate by task
instructions. A final experiment showed that subjects can
distinguish between the more and less optimal query sets,
suggesting that subjects understand what optimality entails,
but that memory constraints make the spontaneous
generation of optimal queries from memory difficult.
Our results stand in stark contrast with the large body of
work that finds optimal search in active learning. The theory
that people acquire information optimally has been very
successful in explaining human inquiry in several domains.
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Griffiths, 2020). This theory predicts that even though we
were unable to reduce semantic congruence and increase
optimal search through coaching, performance may improve
with higher incentives or practice. Testing these predictions
is an important topic for future work.
Other future directions include the refinement of our
memory and learning models. For example, subjects in our
study learned about novel target properties. Yet they came
into the experiments with idiosyncratic knowledge about
food items or animals. Thus, it is likely they held different
prior belief about the novel target properties. Since prior
belief is not the focus of this paper, we assumed all subjects
held the same prior belief in the experiments. In future work,
the shape of prior belief can be set as free parameters and the
same framework can be used to derive the prior
representation of target properties in a given domain.
Individual differences in this regard can be revealed. The
Bayesian learning model also assumes that subjects maintain
a distribution of belief over multiple hypotheses (possible
coefficients on the latent representations). However, other
research suggests that in a closely related – and not even as
complex – active category learning setting, subjects maintain
a single hypothesis at a time (Markant & Gureckis, 2013).
Previous research also reveals other simple heuristics, such
as the split-half heuristic (Navarro & Perfors, 2011) and the
likelihood difference heuristic (Nelson, 2005), in active
learning tasks. It is possible that such heuristics play a role in
the query search in our active learning tasks and, therefore,
can be considered in the modeling of algorithmic processes
in future research.
Our work contributes to the emerging body of research that
offers researchers a naturalistic search domain to study active
learning. Additionally, our computational models integrate
insights from several fields, and are able to jointly describe
both algorithmic memory search processes (which we have
specified using a Markov random walk model) as well as the
optimality or suboptimality of these search processes for
active learning. In this way, our paper presents a powerful
new research paradigm for naturalistic active learning. There
has been an increasing interest in porting computational
cognitive models beyond abstract lab stimuli, to attempt to
describe everyday cognition. This has been driven by the
availability of new machine learning models that offer
quantitative representations for natural entities (see Bhatia &
Aka, in press for a review), as well as the growing demand
from policy makers and practitioners for theory-driven
behavioral and cognitive insights. Our research is part of this
trend, and we look forward to future work that applies
established algorithmic and rational theories of cognition to
rich stimuli sets to better understand human cognition and
behavior in the wild.
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Abstract

information influences the perceived quality of those
explanations. Do adults have systematic preferences for the
relative order of different kinds of information that typically
occur in explanations?
Here, we investigate intuitions about the functional and
mechanistic components of explanations, contrasting
information about what things are for with information about
how things work. Do adults think one of these two forms
should precede the other? If they do, how pervasive is that
bias, and why might it occur?

People generally prefer functional explanations over
mechanistic ones. Why? One possibility is that people value
functional information more. But another possibility is that
people don't have an overall preference for functional
explanations; Instead, people might just expect this
information to precede mechanistic information. Here, we ask
whether people have preferences for the order of functional and
mechanistic information in explanations. In a first set of
studies, we show that adults do in fact prefer that
functional information precedes mechanistic. In a second set of
studies, we show that people have a more general preference
for explanations to address the whole before parts. Finally, we
show that the preference for function to precede mechanism
may be related to the broader whole-before-parts preference.

Why Function and Mechanism?
Many explanations of real-world phenomena rely on the
interplay between mechanisms and functions. While some
argue that “the mechanical world is an aimless machine,
churning blindly, without its own end or purpose,” our actual
mechanistic explanations almost always consist of implied
function and/or purpose (Craver, 2013, p. 134). While
disentangling these two kinds of information as separate,
stand-alone explanations can seem somewhat artificial, each
kind of information brings about unique kinds of
understanding of the same entities (Lombrozo & Wilkenfeld,
2019). Here we examine how interactions between these two
kinds of information may critically influence the perceived
quality of explanations.
Function – what a thing is for or what job it does – and
mechanism, – how a thing works or how the parts inside work
together – both explain the same phenomenon but in different
ways; Functions appeal to a top-down structure where the
phenomenon plays a role in a larger causal picture of the
world, whereas mechanisms describe the phenomenon as
emergent from the underlying causal relationships that
brought it about. Most scientists see the natural world as the
product of emergent mechanisms, not the product of
purposeful design (Craver, 2013). Yet, complete
understanding of a phenomenon often seems to imply
understanding of both its underlying mechanisms and its
functional roles in the world. Prior studies have considered
people’s preferences for functional vs mechanistic
explanations (e,g. Kelemen, 1999; Kelemen et al., 2013;
Trouche et al., 2018; Chuey et al., 2020; Joo, Yousif, & Keil,
2021). In contrast, the current studies do not ask participants
to favor one element over the other, but rather to consider
how these two elements work together to constitute an
explanation.

Keywords: explanation; function; mechanism; hierarchy;
causal explanations; teleology; cognition; psychology

Introduction
Academic journal articles follow a predictable format; we
expect an introduction to the context and goals of a study
prior to the methods and how the studies work. By first laying
out the goals of the paper, authors set up a framework for
what follows. This organization is intentional. Without a title
or some broader framing, readers may struggle to understand
critical manipulations and proposed mechanisms that
motivate the paper’s conclusions. Just as readers expect the
consistent format of journal articles, we might too expect
elements in explanations to likewise follow certain orders.
Two explanations that are identical in their content may
nonetheless vary strongly in comprehensibility depending on
the order in which elements are presented. In some ways, it
is hardly surprising that the order of information influences
the overall interpretations of that information (e.g., Hogarth
& Einhorn, 1992). For example, when participants
encountered highly ambiguous prose passages without a
context-providing illustration or title at the beginning, they
performed much worse on subsequent evaluations of
comprehension and recall than those provided with such
“framing contexts” (Bransford & Johnson, 1972; Bransford
& McCarrell, 1974). Order of information also influences
scientific understanding (e.g. in studies of initial and
persisting mental models and misconceptions; see Vosniadou
& Skopeliti, 2014; Kendeou & Van Den Broek, 2005;
Shtulman, & Valcarcel, 2012). However, the question
remains as to how the ordering of different types of
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and mechanism (which necessitates appealing downward to
component parts) that are documented in Studies 1a and 1b.
If adults do have a systematic preference for the order of
functional and mechanistic information in an explanation
(Studies 1a and 1b), finding limits to this bias may reveal why
it exists in the first place (Studies 3a and 3b).

Hierarchy in Nature and Explanation
Many phenomena are decomposable. A single entity may
contain a rich set of functions and mechanisms embedded in
a hierarchical structure (Povich & Craver, 2017). Scientific
phenomena can be explained at multiple levels (Craver,
2015). As a given phenomenon can be appropriately
explained by appealing either to mechanism or to function
(Joo, Yousif, & Keil, 2021; Lombrozo & Wilkenfeld, 2019),
the existence of embedded levels of mechanism suggests the
presence of levels of functions as well. For example, one
might explain the function of an artifact as a whole (e.g. a
car), or the function of a single component of that artifact
(e.g. an engine). Even children show some implicit
understanding of this differentiation of explanatory levels:
children will endorse purpose statements for parts of animals,
such as tails or teeth (Kelemen, 1999), but not for whole
animals (Greif, Kemler Nelson, Keil, & Gutierrez, 2006). The
building of even our earliest scientific understandings may
rely on understanding that function and mechanism interact
in systematic ways to describe phenomena at various levels.

Study 1a
In an initial test of whether adults had intuitions of a
systematic order of functional and mechanistic information,
we used a forced choice paradigm. We wanted to explore the
breadth of this potential effect by investigating artifacts
(referred to toward participants as machines) as well as
biological parts (referred to in this study as body or plant
parts). Further, this first study investigates adults’
preferences of the proper order of information both in the
abstract (hypothetical condition) as well as when considering
explicitly the content of explanations (content condition).
While the content condition provided a more ecologically
valid paradigm, the hypothetical condition controlled more
closely for differences in word count between informational
types. Example stimuli items can be found in Table 1. All
stimuli and data, including that of excluded participants, can
be found on our OSF page (https://osf.io/z4f3e/).

Current Studies
In the present studies we investigate the relation between
functional and mechanistic information by first identifying
whether adults have a systematic bias for how the two kinds
are ordered in explanations. Prior work describes a general
preference for teleological (i.e. functional) explanations. We
believe that this preference may reflect in part an expectation
that explanations should provide functional information prior
to mechanistic information. Therefore, we predict that adults
prefer that functional information should come before
mechanistic information in an explanation.
Study 2 investigates a potential cause for the results of
Study 1. Function appeals upward (i.e. toward the whole)
while mechanistic explanations look downwards (i.e.
consider constituent parts), thus putting functional
information before mechanistic information is, in Studies 1a
and 1b, equivalent to putting information about the whole
before information about the parts. Studies 2a and 2b
investigates whether the effects of Studies 1a and 1b are due
to a sensitivity to this hierarchical pattern independent of
function and mechanism by asking participants to consider
the proper structure of explanations that cross multiple levels
of the hierarchical structure of the world (e.g. whole, parts,
and sub-parts). Should information about the whole come
before or after information about parts within that whole? In
these studies, the explanations do not include functional or
mechanistic information.
While Studies 2a and 2b ask participants to consider
hierarchical structure independent of any cues to function or
mechanism, Studies 3a and 3b investigate how participants
think about the relationship between functional and
mechanistic information within the context of hierarchical
levels. Is an expectation about the proper order in which to
address hierarchical levels (e.g. whole before parts, parts
before sub-parts) what mediates the expectations surrounding
function (which often appeals upwards, toward the whole)

Methods
Participants One hundred-sixty adult participants (mean age
= 38.03 years; 66 females, 94 males) completed a survey
through Amazon Mechanical Turk. For all the studies in this
paper the sample sizes were chosen on the basis of
independent pilot data and were pre-registered. All
participants in these studies lived in the United States
Participants throughout this paper were excluded and
replaced if they failed to a) properly recall instructions prior
to beginning the task or to b) properly identify the presented
stimulus item immediately following the task. In this study,
n = 33 participants were excluded and replaced for failing
these attention checks.
Procedure In this between-subjects 2 (content: concrete,
hypothetical) x 2 (domain: artifact, biological part) design,
participants were randomly assigned to one of four
conditions: Concrete content about an artifact, concrete
content about a biological part, hypothetical framing about an
artifact, hypothetical framing about a biological part.
Participants were asked to determine which of two kinds of
information should a teacher teach her students about first:
how the thing works [mechanism] or what the thing is for
[function].

Results
The primary results of Study 1a are shown in Figure 1.
Participants’ responses were dummy coded where a functionfirst response was coded as a 1, and a mechanism-first
response was coded as a 0.
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A logistic regression revealed a significant positive
intercept (β = 2.51, p < .001), indicating that participants
across conditions preferred that functional information be
presented first. There was no effect of domain (p = .297), nor
of framing (p = 1.00), nor any interaction between these
variables (p = .672), therefore throughout this paper results
are collapsed across domain and framing condition where
relevant. For more information regarding these conditions,
see our OSF page. These results indicate that regardless of
whether considering artifacts or biological parts, and
regardless of whether considering the hypothetical framing or
actual content of an explanation, adults prefer that function
precede mechanism in explanations.

order of information in an explanation is on a scale of 1 to
100 where 1 means “The order of information is wrong,
students won’t be able to learn anything at all” and 100 means
“The order of information is perfect, students will learn
everything that there is to know about this [machine/ body
part/ plant part]”. The explanation that each participant rated
was either one that presented functional information before
mechanistic information (F-M), or one that followed the
opposite structure (Mechanism-then-Function condition, MF). Again, each participant saw and rated just one explanation
on a scale of 1 to 100.

Results
A logistic regression revealed that, in line with our
hypothesis, participants rated F-M explanations significantly
higher than M-F explanations (β = -17.93, p < .001) (see
figure 2).

Discussion
This study supports the hypothesis that adults should prefer
function before mechanism in an explanation. These results,
however, could be explained by a general preference for
functional information. Prior research suggests that children
– and even adults and science professors, albeit under time
pressure, willingly endorse unwarranted teleological
explanations (Kelemen, 1999; Kelemen & Rossett, 2009;
Kelemen, Rottman, & Seston, 2013), so participants in this
forced choice paradigm perhaps chose the functional answer
because of a bias for function, independent of any
consideration of order. Study 1b controls for this by asking
participants to decide between explanations that each contain
both teleological and mechanistic information.

Discussion
In Study 1b adults believed that explanations with a functionthen-mechanism structure have a better order of explanation
than those that present mechanism before function. When
considered in combination with the findings from Study 1a,
these results suggest that adults have a robust intuition that
functional information should precede mechanistic
information in an explanation. Taken together, Study 1a and
1b suggest that adults do believe that there is a proper way to
structure an explanation: function should come before
mechanism.

Study 1b
While Study 1a demonstrated a preference for functional
information to precede mechanistic information, the nature of
the forced choice task limits insight into participants’
intuitions. Study 1b provides participants with a more
ecologically valid paradigm in that they are provided just one
explanation and asked how good they believe the order of
information to be. Because participants were not given any
sort of reference point of the other ways that the explanation
could possibly be structured, it is possible that they would not
have a systematic anchor and so there would be too much
noise between participants to detect any preference, if such a
preference even exists outside of forced-choice paradigms.

Methods

Participants N= 320 Amazon Mechanical Turk (mean
age = 42.75 years; 174 females, 144 males, 2 preferred not
to respond), were included while n = 41 participants had to
be excluded and replaced.
Procedure The procedure of Study 1b paralleled that of
Study 1a with the following exceptions. In this 2 (domain) x
2 (framing) x 2 (order: Function-then-Mechanism,
Mechanism-then-Function), participants were randomly
assigned to one of 8 conditions, where they were presented a
single explanation with respect to their condition.
Participants were asked to rate how good they believed the
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both Study 2a (β = 1.10, p = .003) and Study 2b (β = 1.24, p
= .001); Participants systematically preferred that
information about a whole come before information about the
part (Study 2a), and information about a part come before
information about a sub-part (Study 2b). There was no
significant effect of domain in Study 2a (p = .087) or Study
2b (p = .245) (see Figure 3).

Study 2
It is possible that the function-before-mechanism bias
demonstrated in Study 1 has little to do with function or
mechanism, per se. Rather, this bias may be the result of
sensitivity to information implicitly addressed in functional
and mechanistic explanations. That is, function, for one,
appeals to the role that a thing plays within a larger
framework. For example, one might explain the function of a
car engine by addressing the role that it plays in a car. To
explain mechanism, on the other hand, by definition means
looking downward toward the underlying parts that make the
thing the way that it is (e.g. explaining how an internal
combustion engine works necessitates referencing pistons
and spark plugs, amongst other parts and sub-parts). Adults
might be equating function with the whole and mechanism
with the parts and sub-parts. The function-beforemechanism preference (Study 1) could then be the result of a
more general bias of whole-before-parts-before-sub-parts,
independent of any mechanistic or functional information. To
disentangle whether adults are motivated by the relationship
between function and mechanism or by intuitions of
following hierarchical structures in the world, we examined
whether adults have intuitions about the order of hierarchical
information void of mechanism or function.

Discussion
Studies 2a and 2b suggest that adults prefer explanations
where information about the whole precedes information
about the parts, and information about the parts precedes
information about sub-parts. Adults prefer that explanations
follow a top-down path through the hierarchy of
decomposable parts: the whole should be addressed before
parts, which should be addressed before sub-parts.

Methods

Participants Studies 2a and 2b each consisted of 80
participants run with replacement (Study 2a: mean age =
40.41 years; 35 females, 44 males, 1 preferred not to answer,
25 participants excluded and replaced; Study 2b: mean age =
41.46 years; 36 females, 42 males, 1 non-binary, 1 preferred
not to answer; 31 participants excluded and replaced).

Procedure The procedure for Studies 2a and 2b paralleled
that of Study 1a with the following exceptions. In these
between-subjects designs, participants were asked which
piece of information –without any implication of function or
mechanism – should come first. In both studies there were
two domains (artifact, biology), and only one framing
condition (hypothetical). The part whole relations were
displayed by showing relevant parts in different colors and
referring to these colors in the description (see Table 1).
Participants in Study 2a were asked to decide which kind
of information should come first: information about the
whole machine/body part/plant part, or information about a
part of that stimulus item. Participants in Study 2b, decided
between information of about a part and information about a
sub-part (referred to as a ‘part of a part’).

Study 3
Study 1 provides evidence that adults prefer function precede
mechanism, while Study 2 raises a potentially deflationary
account: the function-before-mechanism bias arises from a
preference for a structure of whole to precede parts, which
then precede sub-parts. Study 3 tests whether the functionbefore-mechanism bias disappears when the hierarchy is
manipulated at the same time. While Study 1 asked
participants to consider the function and mechanism of the
whole, Studies 3a and 3b pit two biases against each other by

Results
Participant responses were dummy coded where selection of
the superordinate option was coded as a 1 and the subordinate
option was coded as a 0. For example, a participant in Study
2a who indicated that information about the whole should
come first would be scored as a 1. A logistic regression
revealed that responses were significantly above chance in
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asking participants to consider function and mechanism at
various levels of the hierarchy.1
Participants encountered a paradigm that mirrors Study 1a
with the following exception: rather than being asked to
consider the mechanism and function of a whole stimulus
item, participants were asked to consider the mechanism of
the whole and the function of a part (Study 3a) or the
mechanism of the whole and the function of a sub-part (Study
3b). As in Study 2b, sub-parts were referred to as parts of
parts.

that the difference between these two studies is the level
being considered for the functional option; Study 3a asks
about parts while 3b probes about sub-parts.

Results
Responses were again dummy coded; As in Study 1a,
responses where function was chosen to come first were
coded as a 1 – regardless of the hierarchical level being
addressed – and responses where mechanism should come
first were coded as a 0. For example, a participant in Study
3a who indicated that the function of the part should come
first would be scored as a 1.
Unlike in Study 1a, in Study 3a collapsed responses were
not significantly different from chance (p = .655). Overall,
participants did not significantly prefer one type of
information to precede the other.
In Study 3b, responses were significantly below chance (β
= -1.55, p < .001); Participants determined that mechanism of
the whole should precede the function of sub-parts in an
explanation.

Methods

Participants Studies 3a (mean age = 43.78 years; 38
females, 42 males, 7 participants excluded and replaced)
and 3b (mean age = 42.54 years; 41 females, 39 males, 10
participants excluded and replaced) each consisted of 80
participants.

Procedure Participants in Studies 3a and 3b were
randomly assigned to consider either an artifact or a
biological part. In Study 3a, participants were asked to decide
which information should come first: mechanism of the
whole stimulus item, or the function of a part.
Participants in Study 3b faced a similar pairing; they were
asked to determine which should come first: mechanism of
the whole stimulus item, or the function of a sub-part. Note

Discussion
In Study 3a, participants did not indicate a clear preference
for the order of mechanistic information of the whole and
functional information of a part. Perhaps discussing the
mechanism of a whole entails highlighting the function of

1 Based on the findings of Greif et al. (2006) and the stimulus
items used in Kelemen (1999), biological parts such as tails – rather
than whole animals or plants – were used as “wholes” in the biology

condition. Whole artifacts referred to whole stimulus items (e.g. a
machine). Parts and sub-parts scaled with respect to this difference
in definition of “whole.”
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parts, making it difficult for participants to clearly
differentiate between the two types of information.
In Study 3b, participants indicated that mechanistic
information of the whole should precede functional
information of sub-parts. That is, participants deviated from
their function-before-mechanism bias in favor of satisfying
the top-down bias established in Studies 2a and 2b.

broader in its ecological validity than Studies 2 and 3 in that
it required participants in the Content condition to consider
whole explanations (mean length 67.5 words), rather than just
their hypothetical framings (mean length 11 words).
In the present studies we document that adults prefer that
functional information precede mechanistic information, that
explanations progress from the whole to the parts to the subparts, and that these two intuitions at times compete. Study 3
presents evidence that the function-before-mechanism bias
may be the result of a preference for explanations to move
from the top-down. It remains unclear, however, why this
top-down bias might exist and what implications it might
have. Future research should explore both the developmental
origins of this bias as well as how following – or interrupting
– this expectation might impact outcomes such as learning
gains and curiosity in both adults and children.

General Discussion
Prior studies suggest that children – and even adults under
cognitive load – endorse teleological explanations, often over
mechanistic explanations (Joo, Yousif, & Keil, 2021;
Kelemen, 1999). Studies 1a and 1b provide evidence that this
preference for function might be due to a sensitivity to order.
Selecting functional information then, especially in a forcedchoice paradigm, may reflect an expectation of the order of
an explanation. Selecting function could indicate the desire
for functional information to come first, rather than a
preference for function outright.
The results of Studies 1a and 1b demonstrate an
expectation that functional information come before
mechanistic information in an explanation, but the question
remains open as to why that might be the case. Studies 2a and
2b suggest that this preference may in part be explained by a
sensitivity to the hierarchical structure of the world. As
functional information appeals upwards, toward the whole,
and the mechanistic information appeals downwards, toward
the underlying components, the preference for function to
precede mechanism may be explained by a preference to
address things from the top-down (Study 2a, 2b).
Studies 3a and 3b, taken together with Studies 1a and 1b,
illustrate how preferences of the order of functional and
mechanistic information vary based on the level being
considered. When considering a whole entity, there is a
strong preference for mechanism to be preceded by function
(Study 1a, 1b). When considering function of a part, however,
that preference for function is mitigated; In Study 3a adults
did not demonstrate an order preference between the
mechanism of the whole and the function of the part perhaps
because distinguishing between these information types is
nonsensical: explaining the mechanism of a whole essentially
equates to explaining what functions the parts serve. Further,
when deciding between the mechanism of a whole and
function of a sub-part, there was no demonstrated preference
between the two (Study 3b).
Studies 3a and 3b provide evidence that the relation
between function and mechanism in explanations is mediated
by the acknowledgement of the naturally occurring
hierarchical structure of the world. The preference for
functional information to precede mechanism is not
guaranteed; When considering the proper structure of
explanations, participants consider not only the kind of
information being presented, but also the hierarchical level
being addressed.
While the effect found in Study 1 was bolstered by the
multiple methodologies employed, Studies 2 and 3 lacked the
use of multiple parallel measures. Further, Study 1 was
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Young children learn equally from real and thought experiments
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Abstract

TEs provide information that current knowledge leads to
contradictions; it identifies areas of understanding requiring
conceptual change
(Kuhn, 1977), 3) Thought
experimentation is often a form of conceptual modelling that
itself may produce new data (Nersessian, 1992), and similarly
4) Sometimes TEs do generate new data; there is knowledge
encapsulated in perceptual systems and systems of core
cognition that can be used in perception based simulations
that do generate new data not previously encountered
(Gendler, 2004; Mach, 1897). These resolutions to the
paradox of TEs are not mutually exclusive. Different
episodes of thought experimentation may draw on distinct
mechanisms, and they can also act in concert.
Despite the importance of TEs in the history of science,
there is little empirical research on whether people actually
do learn from thought experimentation. Here we ask whether
even young children can do so. In the present experiment we
compare learning from a thought experiment and from a real
experiment with exactly the same structure.
Our participants are 6- and 7-year-olds at the very
beginning of constructing a theory of matter in which the
extensive concept of weight is differentiated from the
intensive concept of density, and in which weight is taken to
be a necessary feature of material entities that distinguishes
them from non-material physically real entities, such as
shadows, heat, and light (see Piaget and Inhelder, 1974;
Smith, Snir, & Grosslight, 1992; Carey, 2009). At the
beginning of this episode of conceptual change, young
children take weight to be an accidental property of some
objects. Children assert that a single grain of rice, a small
piece of playdoh, or a grain of sugar weigh “nothing at all”,
“0 grams.” They thus do not conceive of the weight of a pile
of sugar or a large ball of playdoh as the sum of the weights
of the individual grains of rice or the small pieces of playdoh
that constitute the aggregate. This misconception results from
a failure to distinguish felt weight from objective weight, a
failure to differentiate weight from density, a lack of
appreciation of the sensitivity of measuring devices, and a
failure to distinguish physically real objects made of matter
from physically real immaterial entities (see Carey, 2009, for
review). These aspects of an intuitive theory of matter are
constructed over the years of 6 to 12, partly in the course of
elementary and junior high school science education.
The current study has a pre-training, intervention, posttraining design. The pre-training and post-training assessed
the progress the child had made towards the earliest stages in
the construction before and after the intervention. Children
were randomly assigned to one of two interventions: A

As the history of science has documented, there is an important
role for thought experiments in scientific progress. Yet, there
is very little empirical research about whether and how
children learn from thought experiments. Here, we asked that
question in the context of 6-year-olds’ developing theory of
matter. At the outset of the study, over half of the children
claimed that small pieces of matter weigh nothing at all.
Children were randomly assigned to a Real (RE) and a Thought
Experiment (TE) condition. The goal of each condition was to
show – via demonstration in the RE and via mental simulation
in the TE – that the weight of a single grain of rice can cause a
card resting on a fulcrum to topple. We found that children
simulated accurately in the TE, and they changed their
judgments and justifications concerning the weight of small
pieces equally from the TE and RE.
Keywords: Thought Experiment; Experiment; Weight;
Matter.

Introduction
The “child as scientist” research program is often based on
the observation that both children and scientists learn from
data, generating the research question of how both
populations do so (e.g., Gopnik & Shultz, 2007). But, as
many have pointed out, both populations also often learn
from testimony (e.g., Harris, 2012), and from thinking (e.g.,
Clement, 2009; Lombrozo, 2019). A paradigm example of
learning from thinking is learning from thought experiments
(TEs; Kuhn, 1977, Gendler, 2004; Neressian, 1992; Norton,
2004; see Bascandziev and Harris, 2019). Thought
experiments are widely attested in episodes of theory
construction in the history of science, with Galileo, Kepler,
Einstein, and many others appealing to them in both
published work and in the day-to-day notebooks they kept of
their ongoing research.
The hypothesis that thought experimentation leads to new
knowledge seems highly paradoxical. How can a process that
involves no new data generate new knowledge? It would
seem that the person engaging in a thought experiment
already must know everything needed to generate its
conclusion. This question is much discussed in the
philosophy and history of science literature, with at least four
classes of answers offered (see Brown and Fehige, 2019 for
review). These include: 1) Thought Experiments (TEs) are
examples of inferential reasoning. New knowledge results
from inferences not yet drawn; this is equally true of all newly
made deductive and inductive inferences (Norton, 2004), 2)
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Thought Experiment and a Real Experiment. Both
experiments targeted the belief that a single grain of rice
weighs nothing at all.
The full experiment probes the child’s concepts of matter
as predictors of their beliefs about the weight of a single grain
of rice, probes the effects of the thought experiment (TE) and
real experiment (RE) on concepts of matter not directly
targeted in the intervention, and explores the mechanisms
through which the TE generates new knowledge. Here we
report only one aspect of the full study: whether the RE
changed children’s beliefs about the weight of a single grain
of rice, and if so, whether the TE did so as well, and to a
similar extent. We analyze near transfer to beliefs about small
pieces of other kinds of matter (playdoh and sugar) and
analyze whether the RE and TE changed the nature of
justifications children gave for their judgements that small
portions of matter weigh something. In all cases we assess
the efficacy of the TE to change beliefs, comparing this
efficacy to that of the RE. We test two hypotheses and then
address several further questions in the data we present here:
H1: Children in the TE condition will be able to simulate
the RE data, drawing on knowledge encapsulated within
perception.
H2: Children will learn from the RE that a grain of rice
weighs something.
Q1: Do children learn from the TE that a grain of rice
weighs something?
Q2: If so, is learning comparable to that from the real
experiment?
Q3: Does the child generalize what is learned about a single
grain of rice in the RE to other kinds of matter?
Q4: Do either or both interventions lead to progress in the
construction of an extensive concept of weight for all material
entities, as reflected in the child’s justifications?

Pre- and Post-Training Interviews. To assess the effect of
the training, all children received pre- and post-training
interviews that probed their beliefs about whether a single
grain of rice, a small piece of playdoh, and a single grain of
sugar weighed a lot, a little, or nothing at all, and were asked
to justify their responses. These interviews also probed
children’s understanding of addition involving 0, their
understanding of scales, and probed other aspects of their
concepts of matter (not reported in detail here).
Real Experiment Condition. Children were introduced to a
fulcrum made out of 6 popsicle sticks stuck together (see
Figure 1). After the experimenter placed a card on top of the
fulcrum, she put a single grain of rice on a designated spot on
one side of the card, and she asked the child: “What
happened? Why?” The experimenter then added grains of
rice, one at a time, until the card toppled. It took an average
of 9 grains of rice to topple the card resting on a 6-stick
fulcrum. When the card toppled, children were asked why
adding the last grain of rice toppled the card. Next, children
were introduced to a 3-stick fulcrum. The procedure was
repeated: after seeing a grain of rice put on one side of the
card, children were asked: “What happened? Why?” It took
fewer grains (an average of 4) of rice to topple the card resting
on a 3-stick fulcrum. Again, children were asked why adding
the last grain of rice toppled the card. Finally, children were
introduced to a single stick fulcrum where only one grain of
rice was sufficient to topple the card. Children were asked:
“What happened? Why?” Importantly, the experimenter did
not invite children to make predictions or simulate what’s
going to happen. Children only observed the outcomes and
were asked to interpret them.

Method
Participants
A total of 122 children were recruited. Three children
discontinued participation before the post-training trials, and
were excluded, leaving a final sample of 119 children (MAge
= 82.30 months, SD = 6.92, range = 69 – 95 months).
Children were randomly assigned to two conditions: Thought
Experiment and Real Experiment condition. The two groups
were comparable in terms of age (MAge_TE = 82.58 months and
MAge_RE = 82.02 months, t(117) = .44, p = .657) and the
distribution of boys and girls in each condition was similar
((χ2(1, N = 119) = .73, p = .393). The sample was drawn from
a predominantly white, non-Hispanic, middle-class
population from the Boston metro area. The testing took
place in a quiet room at the Harvard Laboratory for
Developmental Studies.

Figure 1. Picture of the card resting on a 6-stick fulcrum
Thought Experiment Condition. Children were first
introduced to the fulcrum made out of 6 popsicle sticks and
the card. Next, they were invited to imagine putting one grain
of rice on one side of the card. After simulating what would
happen and explaining why, children were invited to imagine
adding more grains of rice and they were asked if the card
would ever topple. After agreeing that an X number of grains

Procedure
All children received pre- and post-training interviews, as
well as a training intervention (either a real or a thought
experiment). All testing was conducted in a single session.
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would topple the card, children were asked why adding the
X-th grain of rice would make the card topple. Next children
were introduced to the fulcrum made out of 3 popsicle sticks.
They were asked the same questions. The procedure was
repeated with the fulcrum made out of 1 popsicle stick. If they
predicted the card would topple, they were asked “Why?” If
children did not acknowledge that a single grain of rice would
be sufficient to topple the card, they were asked if there could
ever be a piece of wood thin enough so that only one grain of
rice would topple the card and were asked “why?” if they said
yes.

the fulcrum and the number of grains needed to topple the
card.
For the 1- stick fulcrum TE, 51 out of 60 children (85%)
said that a single grain of rice is sufficient to topple the card.
When asked if there could be a fulcrum thin enough so that
only one grain of rice would topple the card, all but 2 of the
9 remaining children answered yes. These results provide
strong evidence that children were able to correctly simulate
in the thought experiment despite their explicitly stated belief
that a single grain of rice weighs nothing at all.

Did children learn from the experiments? Was
learning comparable in the Thought Experiment
and Real Experiment Conditions?

Results
A preliminary analysis of children’s understanding of
addition showed that 58 out of 59 children in the Real
Experiment, and 57 out of 60 children in the Thought
Experiment condition knew that zero plus n zeros equals
zero.

Children’s Judgments. To answer the question of whether
children learned from the experiments, we first investigated
children’s pre- and post-training judgments about a single
grain of rice. Figure 2 presents the proportion of children who
gave a correct judgment, namely that a grain of rice weighs
something. Replicating prior findings, more than half of the
children denied that a grain of rice weighs anything at all at
pre-training (see Carey, 2009, for review). This was true in
both the TE and the RE condition. (χ2(1, N = 119) = .22, p =
.64).
Children’s judgments changed dramatically after the TE
and the RE intervention. At post-training, approximately
80% of all children gave a correct judgment. A McNemar test
showed that the change was statistically significant both in
the TE and the RE condition (ps < .001). In the TE condition,
of the 60 children, 7 denied weight to rice both at pre- and
post-training and 23 said rice weighs something both at preand post-training. Only 5 children who claimed that rice
weighs something at pre-training, claimed that rice weighs
nothing at all at post-training. Critically, 25 children who
claimed that rice weighs nothing at all at pre-training, said
that rice weighs something at post-training. The pattern of
results was very similar in the RE condition. Of the 59
children, 10 denied weight to rice both at pre- and posttraining and 24 said rice weighs something both at pre- and
post-training. Only 1 child who claimed that rice weighs
something at pre-training, claimed that rice weighs nothing at
all at post-training. Critically, 24 children who claimed that
rice weighs nothing at all at pre-training, said that rice weighs
something at post-training. As at pre-training, the proportion
of children who gave a correct judgment (this time at posttraining) was very similar across the two conditions (χ2(1, N
= 119) = .04, p = .85). Thus, children learned that a grain of
rice weighs something both from the RE and the TE, which,
importantly, were comparably effective.

Could children simulate accurately in the thought
experiment?
All 60 children in the Thought Experiment condition – a
striking statistic for this age range – said that the card would
eventually topple if grains of rice were being added on one
side. This was true for the 6-stick fulcrum (children’s
estimate of number of grains needed to topple the card was
approximately 17 (range 1 to 100), 3-stick (average estimate
approximately 9, range 1 to 100), and 1-stick fulcrum
(average estimate approximately 3, range 1 to 50). Thus, they
simulated what would happen, and correctly predicted that
the thinner the fulcrum the fewer grains of rice would be
needed to topple the card. The estimates of the number of
grains needed were a linear function of fulcrum width, with a
slope of approximately 3. To formally test this, we conducted
a simple linear regression analysis where children’s estimates
about the number of grains needed to topple the card was an
outcome variable and the number of sticks on the fulcrum
was a predictor variable. The analysis showed that the
number of sticks on the fulcrum was a significant predictor
of children’s estimates about the number of grains needed to
topple the card (p < .001). The Beta coefficient was 2.9
meaning that for each increase in fulcrum width (1, 3, 6),
there was an average 2.9 increase in children’s estimate about
the number of grains needed to topple the card.
As mentioned above, in the real experiment, the decline
also follows a linear function, with a slope of approximately
1.5. In the Real Experiment condition, the average number of
grains needed to topple the card on the 6-stick fulcrum was
approximately 9 (range 3 to 20), approximately 4 for the 3stick fulcrum (range 2 to 9), and it was exactly 1 for the 1stick fulcrum (always 1). In summary, not only did children
correctly simulate that adding grains would topple the card,
and that even a single grain of rice would topple the card if
the fulcrum were thin enough, but their simulations were on
average very accurate estimates of what would happen in the
actual world in terms of the relationship between the width of
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PROPORTION OF CHILDREN

Thought Experiment

playdough and sugar. Importantly, the changes in judgements
between pre- and post-training about the weight of a single
grain of rice, as well as small portions of other kinds of stuff,
was essentially identical whether the intervention involved
real data or merely simulated data.

Real Experiment
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Children’s Justifications. Children’s correct and incorrect
judgments (analyzed in the section above) provide only
partial insight into children’s reasoning. For example,
children might have judged that a small piece of matter
weighs a little bit by merely guessing, or by associating the
word “little” with the small piece of matter and the phrase
“little bit” (i.e., everything about the piece is little) without
having any understanding of weight as an extensive property
of matter. Other children might have relied on their
understanding of weight when making the judgment and used
evidence that even small pieces of matter weigh something
(e.g., holding a piece of matter in the hand may produce a
sensation of feeling it in the hand, which is interpreted as
weighing something). Finally, some children might have
given correct judgments because they have a more abstract
understanding of weight, such that all pieces of matter weigh
something, and that the weight of any material entity is a
function of the weights of arbitrarily small parts of it (an
extensive concept of weight, as a necessary property of
material entities). According to this abstract understanding,
even though our perceptual system cannot detect the weight
of a small piece of matter, we know that it weighs something.
We coded children’s justifications for correct judgements
according to a coding scheme that differentiated the different
types of reasoning outlined above. Children who gave no
justification or some irrelevant justification received a score
of 1. Children who gave justification that a piece of matter
weighs a little because it is small/ little received a score of 2.
Children who appealed to evidence that a piece of matter
weighs something (e.g., it feels something in the hand, or it
topples sensitive scales) received a score of 3. Finally,
children who offered a generalization that everything that is
material weighs something received a score of 4. The
important distinction is between 1 and 2, on the one hand,
where children are at most justifying their choice of “a little
bit” rather than “a lot”, and 3 and 4, on the other, where they
are explaining why they said this tiny piece of matter weighs
something.
We first investigated qualitatively the type of answers that
children gave. Table 1 presents percentages of children who
gave justifications scored 1 or 2 on the one hand, and
justifications scored 3 or 4 on the other hand out of all correct
judgments. As is evident in Table 1, at pre-training most
children gave justifications that fell in the 1 or 2 scoring
category: irrelevant justifications or justifications for their
judgment of “a little” vs “a lot”, and fewer children tried to
explain their judgment that the small piece weighed
something (Categories 3 and 4). This was equally true in both
the TE and RE conditions.

PostTraining

Figure 2. Proportion of children who said that a grain of rice
weighs something at pre- and post-training.
Next, we asked if the RE and TE contributed to near transfer
of knowledge. That is, we asked if children learned that other
pieces of matter – that were not directly targeted by the
intervention – also weigh something. Figure 3 represents the
composite score of children’s judgments on the two questions
about sugar and playdough.
Thought Experiment

Real Experiment

COMPOSITE SCORE

1
0.8
0.6
0.4
0.2

0
PreTraining

PostTraining

Figure 3. Composite scores on the playdough and sugar
questions (possible range 0 to 2) across the two conditions at
pre- and post-training
To answer if children’s judgments changed between pre- and
post-training, and whether they changed more in one of the
two conditions, we conducted a repeated measures ANOVA,
which examined the effects of condition (Thought
Experiment vs. Real Experiment) and training session (PreTraining vs. Post-Training) on the Composite Weight of
Playdough and Sugar variable. This analysis revealed a
significant effect of Training session, Wilks’ Lambda = .91
F(1, 117) = 11.11, p = .001, η2 = .087. There was no
significant effect of condition (p = .56), nor a significant
interaction (p = .98). This result confirms that children’s
improvement in this study was not restricted to their
understanding of the weight of rice only (i.e., the substance
used in the thought and the real experiment). Children also
showed near transfer to substances other than rice, namely
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Table 1. Proportion of children who gave a level 1 or 2 and a
level 3 or 4 justification

Pre-Train
Post-Train
Increase 3-4

Thought Experiment
RICE
PLAYDOUGH
1-2
3-4
1-2
3-4
75% 25%
81%
19%
44% 56%
59%
41%
31 pp
22 pp

SUGAR
1-2
3-4
55% 45%
50% 50%
5 pp

Real Experiment
RICE
PLAYDOUGH
1-2
3-4
1-2
3-4
76% 24% 71%
29%
33% 67% 58%
42%
43 pp
13 pp

The inspection of Table 2 reveals that the biggest change
between pre- and post-training was on the question about rice
and for the category of justifications that received a score of
3. The percentage of children whose justification received a
score of 3 at post-training was much higher than at pretraining. It was 42 percentage points higher in the RE and it
was 30 percentage points higher in the TE (ps < .001). This
is not surprising for the Real Experiment condition, because
children witnessed a grain of rice toppling the card, and so
they explained their subsequent judgment that a piece of rice
weighs something by appealing to the fact that it caused the
card to topple. What is surprising is that children drew the
same kind of conclusion in the Thought Experiment as well,
even though they relied on their simulation of the event only.
The other important result in Table 2 is that there was very
little absolute improvement in Level 4 justifications, those
that explained the weight of small pieces of matter in terms
of an extensive concept of weight of all material entities.
There were a few children who made such arguments, both at
pre-training and post-training. There was a 7 percentage
points increase on average between pre-training and posttraining in the TE condition, and 3 percentage points increase
overall in the RE condition. This difference was not
significant.
In sum, neither the TE nor the RE led to significant
progress toward an extensive concept of weight of material
entities. Both equally promoted an empirical generalization
that small pieces of matter weigh something (reflected both
in a large increase in correct judgments and in level 3
justifications).

SUGAR
1-2
3-4
56% 44%
50% 50%
6 pp

However, that pattern of results changed dramatically at
post-training. In both conditions, many more children
provided Category 3 and 4 justifications at post-training
compared to pre-training. Indeed, for the playdough and rice
pieces, the justifications for attributing weight at all increased
between 13 and 43 percentage points between pre- and posttraining, whereas they increased by 5 and 6 percentage points
for the sugar question. This suggests that both the Real and
the Thought Experiment contributed to focusing attention on
the fact that small pieces of matter weigh something. The
overall change toward justifications that small pieces of
matter weighed a little bit coded 3 or 4 across all three types
of matter was similar between the Real and the Thought
Experiments.
Another important result that’s evident in Table 1 is that at
pre-training, the percentage of justifications that were
explaining why the small portion weighed something (3 or 4)
was higher for the sugar question (i.e., around 45%) than for
the rice and playdough questions (between 20% and 30%).
This difference was also seen in the judgments themselves.
Collapsing across the TE and RE conditions, both at pretraining (mean 16.5% correct) and post-training (27%
correct), children were less likely to judge that a single grain
of sugar weighed a little bit than to judge that a grain of rice
(44% at pre-training and 81% at post-training) or small piece
of playdoh did (46% at pre-training and 58% at posttraining). This is probably due to the fact that the single grain
of sugar was much smaller than the other two pieces. Thus, it
is likely that the few children who judged a single grain of
sugar to weigh something at pre-training were already farther
along in their construction of concepts of matter and weight,
reflected both in their judgements and in the fact that their
justifications reflected attempts to explain why this tiny piece
of sugar weighed something.
The above analyses concerned justifications for correct
judgments only, but of course there were more correct
judgments after the TE and RE. In a final analysis of whether
these experiments changed the quality of explanations
overall, we investigated the percentage of justifications that
received a score of 3 and a score of 4 out of all children (i.e.,
including children whose justifications were not scored
because they gave incorrect judgments). Table 2 presents
those data.

Discussion
A long and important tradition in developmental psychology,
starting with Piaget, has studied the process of construction
of knowledge where the construction is seen as an inductive
bottom-up process, from observed data to theories that
explain the data. However, learning occurs even in the
absence of new observations (Chi, Bassok, Lewis, Reimann,
& Glaser, 1989; Lombrozo, 2019). More relevant to the
present paper is the possibility that the thought experiments
described in their writings by Galileo, Newton, Maxwell,
Einstein, Heisenberg, and many others, played an important
role in scientific progress and learning (Gendler, 1998; Kuhn,
1977; Nersessian, 1992; Popper, 1959). That is, thought
experiments may play a productive role in the scientist’s
theory building, as well as a pedagogical role for
communicating the major tenets of a theory (in the case of
constructive thought experiments), or for refuting a particular
theory (in the case of destructive thought experiments)
(Brown, 1986; Popper, 1959).
There is very little empirical work in psychology
investigating whether and how learners, including children,
can benefit from thought experiments. In the present study,
we began addressing this gap by asking whether and how
children can learn from thought experiments in the context of
their developing theory of matter. We found that not only can
children accurately simulate in a thought experiment, but they

Table 2. Proportion of children (out of the full sample) who
gave a level 3 and a level 4 justification
Score
Pre-Train
Post-Train
Increase

Thought Experiment
RICE
PLAYDOUGH
3
4
3
4
3%
8%
3%
5%
33% 12%
8%
17%
30 pp 4 pp
5 pp 12 pp

Real Experiment
SUGAR
RICE
PLAYDOUGH
3
4
3
4
3
4
0%
8%
0% 10%
2%
10%
2% 12% 42% 12%
8%
13%
2 pp 4 pp 42 pp 2 pp 6 pp
3 pp

SUGAR
3
4
0%
7%
0% 11%
0 pp 4 pp
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can learn from working through a thought experiment.
Indeed, the progress made by children in the thought
experiment condition was indistinguishable from the
progress made by children in the real experiment condition.
What did children learn from the thought experiment and
what was the mechanism by which they learned it? Children
learned an empirical generalization that a grain of rice (and
other similar pieces of matter) weigh something. This
generalization was drawn from the outcome of a mental
simulation that a single grain of rice could topple a card that
is resting on a thin fulcrum. It is important to note that the
thought (and the real) experiments had elements of an
extreme case analysis (Zeitsman & Clement, 1997), where
the aspect of ratcheting likely helped children to clearly “see”
the consequences of adding grains of rice one by one, and
also to “see” the consequences of reducing the thickness of
the fulcrum. This type of learning is in line with the
‘experimentalism’ view according to which thought
experiments are sometimes a limiting case of ordinary
experiments, and they rely on perceptual-motor intuitions
about the world (Aronowitz & Lombrozo, 2020; Gendler,
2004; Mach, 1897; Sorensen, 1992). In other words,
conducting the thought experiment is like the process of
conducting a real experiment, in the sense that the
experimenter “collects” new data by running a simulation or
by manipulating a model (Gendler, 2004; Nersessian, 2018).
Conversely, the present study did not produce evidence in
support of the “argument” view (Norton, 2004) or the
“conflict” view (Kuhn, 1977). Although children knew the
premises, none of them in the present study spelled out an
argument along the lines of saying that if a pile of rice weighs
something, then a single grain of rice must also weigh
something, because we know that zero plus n zeros equals
zero. Similarly, there was no evidence in the present study
consistent with the view that thought experiments can reveal
“a crisis” in one’s theory and can shed light on the aspects
that require a theory change (Kuhn, 1977). Namely, none of
the children noticed or commented on the conflict between
the outcome of the thought experiment and their initial belief
that a grain of rice weighs nothing at all even though children
were probed to compare their pre- to their post-training
judgments at the end of the interview. Of course, this may be
due to children’s limited metacognitive abilities (Flavell,
1979), which may prevent them from explicitly noticing and
representing contradictions and inconsistencies (Markman,
1977, Ruffman, 1999). However, recent studies with adults
engaging in thought experimentation show a similar failure
to spontaneously recognize conflicts among beliefs
(Bascandziev, 2020). In summary, in this case study, the
thought experiment led to learning based on “collecting data”
from mental simulation, which was very similar to the
learning that resulted in the real experiment condition.
One important result in the present study is that most
children did not reach a level-4 justifications at post-training.
In other words, on average, children did not advance to
having an extensive concept of weight where the weight of
any given material object is the sum of arbitrarily small

pieces that are part of the object. This is not surprising under
the view that conceptual change involves much more than
merely acquiring new data from a single experiment.
Furthermore, this is consistent with the conclusion that
children did not engage in logical argumentation that would
have allowed them to conclude that all material things must
weigh something, nor did they engage in an extreme case
analysis which would have allowed them to conclude that no
matter how small the piece is, there can always be a fulcrum
thin enough so that the piece would topple the card. Of
course, this may be due to children’s age and how far they
have gone in their construction of a theory of matter. Slightly
older children with more advanced, but incomplete, theory of
matter might have engaged in logical argumentation and
extreme case analysis if given the same kind of thought
experiments. Future research should explore this possibility.
Another avenue for future research is to explore which
aspects of children’s theory of matter (e.g., understanding of
material/ nonmaterial distinction, understanding of space and
occupying space) might have allowed them to benefit from
the thought experiments (explored in this study, but not
reported here), as well as whether broader curricular
interventions based on thought experimentation alone can
bring about broader conceptual change.
The present study investigated the near-term effects of a
real experiment and a thought experiment, and it showed that
there were no differences between the two types of
intervention. That leaves the question about the long-term
effects of interventions (thought and real experiments) open
for future investigation. One possibility is that thought
experimentation might have an advantage over real
experiments. First, thought experiments typically use
idealized scenarios where the attention of the learner is
pointed to the relevant variables that need interpreting.
Conversely, real experiments may sometimes involve
manipulatives and materials that may distract children’s
attention from the actual problem (Fisher, Godwin, &
Seltman, 2014). Another reason why thought experiments
may be more effective over the long run is because they may
instill a habit of thought in the learner, which is to check one’s
beliefs continuously and persistently against one’s vast
database of information via thought experimentation. Future
research should explore both the mechanisms by which
learning occurs, as well as the educational implications and
benefits that can stem from thought experimentation.
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Abstract

Motivating puzzle

The question of why human language relies so heavily on
vague terms has received a great deal of attention from philosophers, linguists, and more recently cognitive scientists, yet
much less is known about their effect on other aspects of language use. In this paper, we propose a model for the interaction
between vagueness and implicatures, an important pragmatic
phenomenon, incorporating recent work in the RSA framework and insights from the philosophical literature on vagueness. We show that the model offers a good fit of data from earlier studies, and discuss the scope of the model more broadly.
Keywords: Language; Vagueness; Implicatures; Bayesian
pragmatics; Rational Speech-Act; Supervaluationism

Leffel et al. (2019) observed a surprising contrast between
two categories of gradable adjectives, which they attribute to
a difference in how vague they are:
(2)

Vagueness is pervasive in human languages (Russell, 1923),
and a multitude of theories have been put forward to explain
why language is vague and how vagueness can be modelled.
A defining property of vague predicates is their admittance
of borderline cases, for which neither the predicate nor its
negation is clearly applicable.
Context: Anna is slightly above average height
a. #Anna is tall
b. #Anna is not tall

Various strategies have been adopted to offer a formal account
of vagueness, including fuzzy logic (Zadeh, 1965), trivalent
logics (Fine, 1975, among many others), and recently probabilistic accounts (Qing & Franke, 2014; Lassiter & Goodman,
2015). Much less has been said about how vagueness affects
other aspects of language use, but the experimental literature
offers a handful of observations about interactions between
vague gradable adjectives and implicatures (Gotzner, Solt, &
Benz, 2018; Leffel, Cremers, Gotzner, & Romoli, 2019; Mazzarella & Gotzner, 2021). Yet we still lack explicit models of
such interactions. In this paper, we leave aside the question
of why and how vagueness arises, and focus on its concrete
effects on message choice and interpretation. We propose a
quantitative model which builds on recent developments in
the Rational Speech-Act framework of Frank and Goodman
(2012), but incorporates important insights from the philosophical and formal semantic literature on vagueness as well.
We show that this model offers a very good fit of publicly
available data from Leffel et al. (2019), and we lay out a few
predictions to test in future research.

John is not very tall 6 John is tall
The antenna is not very bent
The antenna is (somewhat) bent

Both adjectives are gradable, but ‘tall’ is relative, while ‘bent’
is a minimum-standard absolute adjective. Relative adjectives are vague (one cannot pinpoint exactly which heights
count as tall) and context-dependent (‘tall’ conveys very different heights whether we consider persons or buildings),
while absolute adjectives can easily receive a clear threshold
and thus do not depend on context much. Among absolute
adjectives, it is usual to distinguish minimum-standard and
maximum-standard adjectives. The former convey that the
predicated object possesses at least some degree of the property (e.g., ‘bent’, ‘open’, ‘wet’); the latter that it possesses the
property to a maximal degree (e.g., ‘full’, ‘straight’, ‘dry’).
(2b) behaves as linguists would expect: the inference that
the antenna is at least somewhat bent can be explained as an
implicature, by competition with the simpler and more informative alternative ‘not bent’ obtained by deletion of the
adverb ‘very’.1 The puzzle is that the exact same reasoning could apply to (2a), but unless ‘very’ is stressed, the implicature is absent. Leffel et al. show that the contrast can
be replicated with other vague and non-vague constructions
(e.g., ‘not very hot’ vs. ‘not much hotter than average’).
They remark that no height can both clearly satisfy ‘tall’
and clearly falsify ‘very tall’, making the candidate strengthened meaning of (2a) akin to borderline contradictions such
as “tall and not tall” (Ripley, 2011). In practice, the range
of heights which are somewhat compatible with “tall but not
very tall” is very narrow, and with small differences between
the thresholds the speaker and listener assign to ‘tall’, the
ranges of heights each of them consider “tall but not very tall”
may not overlap at all. By contrast, in (2b) one can choose a
degree arbitrarily close to 0 in order to satisfy both ‘not very

Vagueness in natural languages

(1)

a.
b.

1 Such
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implicatures are often called structural implicatures because the alternative is a substring of the utterance (Simons, 2001),
by contrast with scalar implicatures, which require retrieving a lexical alternative from a scale of related terms.

In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

bent’ and a strict interpretation of ‘bent’. Leffel et al. propose
to model this reasoning by generalizing a notion of innocent
exclusion initially developed by Fox (2007) to prevent contradictory implicatures (in particular from disjunctions, such
as “A or B, and not-A, and not-B”). Implicatures would be
derived by an operator EXH which would avoid not only classical contradictions, but also borderline contradictions such
as “tall and not very tall”.
While this explanation captures the initial observation, encoding implicatures’ sensitivity to vagueness in the semantics
raises some concerns. Besides being inherently ad hoc and
raising important questions about modularity and the semantics/pragmatics interface, it does not explain why stressing
‘very’ in (2a) would make the implicature available when no
such thing happens in the classical contradiction cases which
motivated Fox (2007)’s innocent exclusion. We propose an
alternative model with well-defined roles for pragmatics and
semantics, which explains the contrast without revising the
standard definition of EXH. We show that this model goes
further than Leffel et al.’s informal explanation by making
accurate quantitative predictions about their data.
In the next section, we present the RSA-SvI model (for Supervaluationist Intentions). We then explain how we evaluated the model against data from Leffel et al. (2019)’s experiments, and conclude by discussing other possible applications
of the model and current limitations.

tences which are true under some precisifications and false
under others. Supervaluationism has been adapted to the RSA
framework by Spector (2017), albeit for a different phenomena (homogeneity effects) with only two possible precisifications. His idea is to consider the utility of an underdetermined
message as its average utility across all possible precisifications. In the RSA framework, utility diverges to −∞ as the
probability of the message being true approaches 0, so a message must be true under all possible precisifications to receive
a finite utility and be used.2
The last ingredient to our model is the mechanism by
which it derives implicatures. Following the grammatical
view of implicatures (Fox, 2007; Chierchia, Fox, & Spector,
2012) and recent work in the RSA framework (Champollion,
Alsop, & Grosu, 2019; Franke & Bergen, 2020), we assume
that implicatures are computed in the semantics by a specialized operator EXH similar to a silent ‘only’. Pragmatic
reasoning is reduced to a simple disambiguation problem between parses with and without EXH. In the case of (2a), a
literal parse would simply convey that John’s height is less
than what qualifies as ‘very tall’, while an exhaustive parse
would convey that John is ‘tall but not very tall’. We adapt
Franke and Bergen (2020)’s Global Intentions RSA model for
disambiguation, which differs radically from the supervaluationist treatment of underspecification: the speaker chooses
the pair (message, parse) which best conveys their intention.
In particular, this decision rule does not prevent the speaker
from using a message u when one of its parses is false or
likely false (e.g., the exhaustive parse of ‘not very tall’).
Piecing everything together, the model captures the observation in (2a) as follows: upon hearing ‘not very tall’,
the pragmatic listener knows that—in principle—the speaker
could have either an exhaustive or a literal interpretation in
mind. However, no matter which height the speaker wanted
to convey, the exhaustive interpretation has a very low expected utility (across all possible vague denotations for ‘tall’
and ‘very tall’): in supervaluationist terms, no height makes
‘EXH[not very tall]’ supertrue. By contrast, the literal interpretation is compatible with low heights under any reasonable threshold for ‘very tall’. The listener therefore draws the
inference that the speaker almost certainly meant the literal
interpretation, and that John is somewhat short.

The RSA-SvI model
Informal description
Our model of vagueness and implicatures fits in the Rational
Speech-Act framework (Frank & Goodman, 2012), but unlike Lassiter and Goodman (2015) and successors, we do not
attempt to explain how vagueness arises. Rather, we measure
vagueness and take it as a starting point to offer an account
of how it affects message choice for a pragmatic speaker and
interpretation by a pragmatic listener. The model incorporates ideas from the philosophical logic and formal semantics
literatures on gradable adjectives and vagueness. In particular, we focus on a key property of vague predicates which
received limited attention in the modeling literature: higherorder vagueness (Dummett, 1959). If we were to define
a predicate ‘borderline-tall’ to characterize individuals like
Anna in (1), this predicate would be vague itself. In probabilistic terms, not only the threshold θ from which someone
counts as ‘tall’ is uncertain, but the distribution of θ (or the
set of parameters of this distribution in a parametric setting)
should itself be treated as a random variable.
The second key ingredient of our model is supervaluationism, a concept from philosophical logic proposed by van
Fraassen, Bas C (1966) and first applied to vagueness by Fine
(1975). The idea is that sentences with vague terms are underdetermined and could be precisified in many possible ways.
A sentence is supertrue only if it is true under any possible precisification, and conversely superfalse if it is false under any precisification. Borderline cases correspond to sen-

Detailed implementation
Semantic assumptions: We assume that gradable adjectives denote measuring functions and require a silent operator POS to combine with entities in sentences like “Anna is
tall” (Kennedy & McNally, 2005). POS introduces a threshold
variable θ, so that “Anna is tall” is true if and only if Anna’s
degree of height, obtained by applying the measure function
denoted by ‘tall’ to Anna, exceeds the threshold θ:
(3)

JAnna is POS tallK = λw.µtall (a) > θ

2 Uncertainty regarding the question under discussion also plays
an important role in Spector’s model, but we leave it aside for now.
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comes into play at the level of Θ (higher-order vagueness),
and not θ (first-order vagueness). Directly averaging utility
over θ would turn the model into a categorical one, where
‘tall’ can only apply to extremely tall individuals, removing
all vagueness along the way. The current implementation is
more flexible, in that it allows ‘tall’ to be used as long as no
value of Θ makes the sentence strictly false.
The pragmatic listener L1 jointly infers d and i by applying Bayes’ rule, with uniform prior on i|u (each message can
receive different parses, so the set of parses over which we
define the uniform prior depends on the message). For ‘late’
we consider all and only the parses listed in (4), for ‘tall’ we
further exclude parses with MIN or EXH MIN , which are trivial.

Following Qing (2021), we assume that minimum standard
adjectives can combine with either the POS morpheme of
Kennedy and McNally, yielding a loose interpretation, or
MIN , resulting in a strict interpretation θ = 0. Intensifiers
such as ‘very’ are treated as overt realizations of POS which
additionally shift the threshold by a positive quantity δ. By
treating θ and δ as random variables, we assign the following
graded truth-conditions to the different messages and parses,3
where d is the degree to convey, and Θ a set of hyperparameters describing the distribution of θ and δ:
(4)

JadjKd,MIN,Θ
JadjKd,POS,Θ
Jnot adjKd,MIN,Θ
Jnot adjKd,POS,Θ
Jvery adjKd,Θ
Jnot very adjKd,LIT,Θ
Jnot very adjKd,EXH MIN ,Θ
Jnot very adjKd,EXH POS ,Θ

=
=
=
=
=
=
=
=

10<d
P(θ < d|Θ)
1d≤0
P(d ≤ θ|Θ)
P(θ + δ < d|Θ)
P(d ≤ θ + δ|Θ)
P(0 < d ≤ θ + δ|Θ)
P(θ < d ≤ θ + δ|Θ)

(8)

Model evaluation
We tested the model by fitting data from Leffel et al. (2019,
Exp. 1), which measured the acceptability of sentences with
relative ‘tall’ and minimum-standard ‘late’ (in the sense of
being late to work) at 13 scale points each. For instance, participants would have to specify how much they agree or disagree with Mary’s statement in the following situation (the
initial instructions specified that work started at 9am):

A noteworthy aspect of our semantics is that negation flips
truth-values but does not affect thresholds (akin to fuzzy
negation, and in line with empirical observations, e.g., Hersh
& Caramazza, 1976). We also point out that the ambiguity between MIN and POS is only relevant in the case of minimumstandard adjectives, as the MIN interpretation is trivial for relative adjectives like ‘tall’, and that it leads to two possible exhaustive parses, depending on which alternative EXH negates.

(9)

L0 (d|u, i, Θ) ∝ P(d)JuKd,i,Θ

Methods

The speaker S1 selects the pair (u, i) such that u under parse i
maximizes expected utility across all Θ values, where utility
is a trade-off between informativity and a term reflecting the
cost of uttering u, to which we will come back below.
Z

Before we can derive model predictions, we need to specify
the distribution of Θ (recall that our model describes the effects of vagueness but not how vagueness arises in the first
place). Our solution was to estimate this distribution empirically from the acceptability of the constructions “X is adj”
and “X is very adj”, and feed it to the RSA-SvI model to
predict the acceptability of the constructions “X is not adj”
and “X is not very adj”, given model parameters (rationality
and costs) which we fitted. Figure 1 gives an overview of the
whole analysis process.
We take acceptability judgments to reflect a relatively lowlevel literal interpretation, namely the probability that a sentence be true, albeit averaged across parses, with the weight
of each parse determined by pragmatic reasoning. This is in
essence similar to Lassiter and Goodman (2015)’s assumption that the acceptability of “X is adj” reflects the cdf of θ.
For ‘tall’ in affirmative sentences, there is no parse ambiguity. We assumed that θtall follows a normal distribution of
parameters (µ, σ) and δ an exponential distribution of parameter λ. We assumed that Θ = (µ, σ, λ) follows a hybrid multi-

log L0 (d|u, i, Θ)P(Θ)dΘ − c(u)

(6)

U1 (u, i|d) =

(7)

S1(u, i|d) ∝ exp (αU1 (u, i|d))

A crucial feature of this model is that supervaluationism only
3 It is possible to keep the truth-conditions binary and have a truly
probabilistic interpretation by adding a hypothetical “literal speaker”
S0 parametrized by (θ, δ) in the RSA model described below. For
instance, for the positive form, S0 would be:

S0 (adj, POS|d, θ) = 1 iff θ < d
Letting L0 average across all such S0 yields a model formally equivalent to the one defined below. For instance:
L0 (d|adj, POS, Θ)

∝
∝

Fact: Donna showed up to work at 8:48am.
Mary said: “Donna was not very late.”

Both adjectives appeared in various constructions, including
‘adj’, ‘not adj’, ‘very adj’ and ‘not very adj’. Participants expressed their agreement using a continuous slider from ‘disagree’ to ‘agree’. Crucially, ‘not very tall’ was interpreted as
meaning roughly the same as ‘not tall’, while ‘not very late’
was heavily degraded when the subject arrived early, as in (9),
suggesting a ‘late but not very late’ interpretation.

Pragmatic model: Our L0 listener is parametrized by Θ
and a parse i. In other words, L0 only takes into account firstorder vagueness (she has uncertainty regarding θ and δ, but is
certain about their distribution).
(5)

L1 (d, i|u) ∝ P(d)S1 (u, i|d)

R

P(d) S0 (adj, POS|d, θ)P(θ|Θ)dθ
P(d)P(θ < d|Θ)
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u
0/

i
—

cost
0

adj

POS
MIN

cad j

not adj

POS
MIN

cad j + cneg

very adj

—

cad j + cvery

not very adj

LIT
EXH MIN

cad j + cneg + cvery

X is adj
X is very adj

Stan
model 1

EXH POS

Table 1: List of messages and parses tested in the model for
Leffel et al. (2019)’s data, with associated costs. MIN/EXH MIN
parses only appeared with ‘late’ since they are trivial for ‘tall’.

Ω̂

R

variate normal/log-normal distribution (Fletcher & Zupanski,
2006), with hyperparameters Ω = (mµ , mσ , mλ , Σ), where µ is
marginally normal and σ, λ are marginally log-normal. For
‘late’, we assumed both θ and δ to follow exponential distributions, with parameters λθ and λδ respectively. The origin
for θ was 9am, and times earlier than this were encoded as
negative degrees (it was therefore encoded in the model that
arriving early falsifies ‘POS late’). The two λ parameters were
assumed to follow a multivariate log-normal distribution; we
also included a parameter ζ which described the probability
of a ‘MIN late’interpretation. Acceptability was fitted as normally distributed around this prediction:4
(10)



X is not adj
X is not very adj

(Θ̂s )

log L0 (d|u, Θ)P(Θ|Ω̂)dΘ

Stan
model 2

(α̂s , (ĉ)s )

P(i|u, s)

Figure 1: Flowchart for the analysis of Leffel et al’s data.
The variable s indexes participants. Blue squares represent
data, orange diamonds – models, and green ellipses – fitted
parameters. Dashed arrows indicate tranformed parameters
extracted from the models in addition to the free parameters.



Acc(“X is late”; d) ∼ N (1 − ζ)P(θ < d) + ζ1d>0 , ε

We fitted the data on affirmative constructions with hierarchical models implemented in Stan (Carpenter et al., 2017).
Each participant in Leffel et al.’s study was assigned a Θ sampled from a distribution parametrized by Ω. From these models, we saved the fitted hyperparameters Ω̂, as well as the
vector of random effects (Θ̂s ). Using Ω̂ to parametrize the
distribution of Θ, the first term of the utility function in equation (6) was precomputed for 346 d values for each messageparse pair in Table 1. We used normal priors on d (tall:
69.2 ± 2.66in, from real-world data; late: 9:00am±10min,
arbitrary).
We then fitted a second hierarchical model on the negative
constructions “not adj” and “not very adj” with parameters
α and the three costs parameters used in Table 1, again with
a multivariate hybrid distribution where all parameters were
marginally log-normal except the cost cad j , which admitted
negative values.5 Given these parameters and the precomputed utility terms, we computed the L1 posterior on parse i

for the two negative constructions (marginalizing over d).
Within the Stan model, integrals were approximated using
Simpson’s 3/8 rule. The acceptability of message u for a participant s was assumed to follow:
!

i
Acc(u; s) ∼ N ∑ P(JuK = 1|Θ̂s )L1 i|u, Ω̂, αs , (cost)s , ε
i

Ω̂ and the Θ̂s are taken directly from the fit on affirmative constructions, so the only free parameters in this second
model are the hyperparameters governing the distribution of
(α, cad j , cneg , cvery ) across participants and the noise parameter ε. Unlike the first model which was fitted separately
for ‘tall’ and ‘late’, the second model was fitted on both adjectives simultaneously. In other words, we assume that the
α and costs for participants in both datasets come from the
same distribution (except the cost for the adjective which was
allowed to differ for ‘tall’ and ‘late’).

4 Note that slider data is bounded to [0, 1], so it would be better modeled with a censored Gaussian (or logit-transformed as suggested by Franke et al., 2016, although it’s not clear how one would
deal with boundary values in this case). However, the RSA models
described below were particularly difficult to fit, so we adopted this
simpler Gaussian model as a compromise.
5 The set of costs is defined up to an additive constant, so this is
equivalent to allowing a positive cost for the null message.

Results
The posterior estimates for the hyperparameters are given
in Table 2 and the model fit for individual participants is
presented in Figure 2. The resulting distribution on posterior probability of exhaustive interpretations for “not very
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Tall, 5

Tall, 7

Tall, 8

Tall, 9

Tall, 10

Tall, 11

Tall, 12

Tall, 13

Tall, 14

Tall, 15

Tall, 16

Tall, 17

Tall, 18

Tall, 19

Tall, 20

Tall, 21

Tall, 22

Tall, 23

Tall, 24

Tall, 25

Tall, 26

Tall, 27

Tall, 28

Tall, 29

Tall, 30

Tall, 31

Tall, 33

Tall, 34

Tall, 35

Tall, 43

Late, 36

Late, 37

Late, 38

Late, 39

Late, 40

Late, 41

Late, 42

Late, 44

Late, 45

Late, 46

Late, 47

Late, 48

Late, 49

Late, 50

Late, 51

Late, 52

Late, 53

Late, 54

Late, 55

Late, 56

Late, 57

Late, 58

Late, 59

Late, 60

Late, 61

Late, 62

Late, 63

Late, 64

Late, 65

Late, 66

Late, 67

Late, 68

Late, 69

Late, 70

Late, 72

100%
50%
0%
100%
50%
0%
100%
50%
0%
100%
50%
0%
100%
50%
0%
100%
50%
0%
100%
50%
0%
100%
50%
0%

Degree (normed)

Figure 2: Data (colored line) and model predictions (black line) for each participant in Leffel et al. (2019)’s Experiment 1.

parameter
mα
sα
mctall
mclate
scad j
mcneg
scneg
mcvery
scvery

mean
−0.54
1.41
6.18
0.33
1.86
2.05
0.39
−0.82
0.33

adj” was .15 for ‘tall’ (95% HDI-CI on the mean, [.15, .20],
range among participants: [.06, .38]), and .42 for ‘late’ (95%
HDI-CI on the mean, [.40, .44], range among participants:
[.02, 1]), split roughly equally between EXH MIN and EXH POS .
The model therefore predicts ‘not very tall’ to be exhaustified significantly less than ‘not very late’. Besides, the highest exhaustification probabilities predicted for ‘tall’ appear to
be artifacts from participants who gave noisy responses or
didn’t use the top of the slider (e.g., subject 17). By contrast,
we observe genuine variation in the propensity to exhaustify
with ‘late’ (from nearly 0 for subjects 53 and 55 to nearly 1
for subject 63). To confirm that high exhaustivity with ‘tall’
does not reflect an optimal strategy given certain combinations of costs and Θ, we looked at the effect of the rationality
parameter, displayed in Figure 3. Crucially, as α increases,
P(EXH|not very late) converges to either 0 or (usually) 1, but
P(EXH|not very tall) always falls to 0.

95% CI
−1.00
0.05
1.05
1.82
0.74 12.78
−1.24
2.28
0.85
3.13
0.14
4.10
1.6e−4
1.28
−5.02
3.44
8.2e−5
0.93

Table 2: Hyperparameters from the second model, with estimated posterior mean and highest-density credible intervals.
All parameters followed a marginal log-normal distribution
except ctall and clate . We skip the correlation matrix as the
strongest correlation (between cad j and cneg ) only reached a
mean of −.07.

It is not unreasonable to imagine that the good fit offered
by the RSA-SvI model is not due to the model itself but to
its use of parameters fitted to the affirmative sentences, which
contain a lot of information on how individual participants interpret such sentences. To evaluate the specific added value of
our model, we compared it with a “literal model”, which simply treats the negative sentences as the literal negation of their
affirmative counterparts. PSIS leave-one-out cross-validation
(Vehtari, Gelman, & Gabry, 2017) with participants as unit
data points indicated that the RSA-SvI performed much better than the literal model (∆ELPD = 1041 ± 151, effective
number of parameters: ploo = 65.3 vs. 14.7).
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question they are addressing makes this difference relevant
(both Bergen, 2016 and Spector, 2017 include a model of the
question under discussion, which we haven’t touched upon,
as mentioned in fn. 2). Independently of this, Bennett and
Goodman (2018) demonstrate that costlier intensifiers have
a larger effect. Stressing ‘very’ (a costly move according to
Bergen) could therefore increase its intensifying effect (our
variable δ). Our model predicts “EXH not very tall” to have
low but finite utility because the range of heights that count
as both ‘tall’ and ‘not very tall’ is too narrow and unstable.
Increasing this range would mechanically increase the utility of the EXH parse, and stress would further signal that the
contrast between ‘not very tall’ and ‘not tall’ is relevant to the
speaker, making the implicature much more attractive. Without offering explicit account of the effect of stress yet, the
fact that one seems at least possible is a direct improvement
on the proposal of Leffel et al. (2019).
In this paper, we focused on a very specific puzzle regarding negated intensified adjectives, but we would like to underline how general our model really is. It can in principle be
applied to any sentence involving vague terms, and a particularly important avenue for future research is the interaction
with quantification. Take (11) for instance, where ‘tall’ appears in the restrictor of ‘every’:

100%

P(EXH|not very adj)

75%

Adjective
tall

50%

late

25%

0%
0.1

0.5

1.0

λ

5.0

10.0

Figure 3: Estimated probability to exhaustify ‘not very adj’,
function of the fitted rationality parameter α̂ (by participant).

Discussion
We proposed a theoretically-motivated model incorporating
recent advances from the RSA framework as well as important insights from formal semantics and philosophical logic.
We showed how this model allows us to formalize an explanation for a puzzle regarding the interaction between vagueness
and implicatures. Quantitatively, the fit of the data is very
good, and qualitatively, the model correctly predicts that a rational speaker would not use ‘not very tall’ to convey “tall
but not very tall”. Note however that some fitted parameter
are rather extreme—in particular the cost of negation which
is estimated at 8.4 on average—, raising concerns that our
model overfitted the data (it may be selecting implausible sets
of costs in order to attain the best-fitting posterior exhaustivity
for each participant). To address this concern, we fitted a simplified version of our model where both adjectives shared the
same cost cad j , and without the EXH MIN parse for ‘not very
late’ (which may bias the model towards more exhaustivity
for this adjective). Formally, the simpler model only had one
less degree of freedom (one hyperparameter less for costs).
Removing the EXH MIN parse does not affect the number of
parameters, but makes the model inherently less flexible. The
resulting fit was significantly worse (∆ELPD = 381 ± 78, effective number of parameters 65.3 vs. 62.9), but still much
better than the literal model, and the fitted costs were less
extreme (in particular the mean cneg across participants went
down from 17.6 to 3.9). Qualitatively the main difference was
on participants who had a very peaked interpretation of ‘not
very late’ (which EXH MIN captures best).
Let us now come back to the observation that stressing
‘very’ in (2a) allows the implicature to resurface. To the
best of our knowledge, the only work addressing stress in
the RSA framework is Bergen (2016). Without going into
too much detail, Bergen proposes that prosodic stress is a
way for the speaker to selectively reduce noise (and therefore potential misperceptions on the listener’s side) on part of
an utterance, at a small positive cost. In an RSA model, the
presence and position of stress thus leads to pragmatic effects
without any semantic contribution. By stressing ‘very’, the
speaker indicates their intention to draw the listener’s attention to the contrast with the bare adjective, and signals that the

(11)

Every tall student laughed

A supervaluationist account like ours predicts (11) to convey
that even students who are borderline tall laughed. Indeed,
if a student is borderline tall, some amount of Θ’s make her
count as tall. If such a student laughed, the sentence would
be false under these Θ, rendering it unusable. In addition, by
negation of its simpler alternative “Every student laughed”,
(11) is expected to implicate that not every student laughed,
and therefore that at least one student is clearly not tall. Such
predictions will be interesting to test in future research.
At this point, the main limitation of the model is that it requires empirical measurements for each vague term appearing in a given sentence. A few quantitative models have been
proposed to predict the interpretation of gradable adjectives
(Qing & Franke, 2014; Lassiter & Goodman, 2015), but they
only consider first-order vagueness, their empirical adequacy
is still low (Zhao, 2018), and they require knowledge of a
prior on the degree distribution (so not much is gained in practical terms). Progress in this area would immediately widen
the empirical scope of our model.
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Abstract

methods are especially useful for evaluating the effects of
visual adaptation on facial emotion perception (Benton 2009;
Hsu & Young, 2004; Pallett & Meng, 2013), or determining
how manipulations like face inversion/negation (Benton
2009; Pallett & Meng, 2013), and image degradation (Lyons
et al., 1998) affect the position and sharpness of the boundary
between facial emotion categories. In standard forced choice
paradigms, participants’ responses do not change linearly
with the proportion of each emotion present across a morph
continuum, as may be expected by a fully low-level imagebased account (Harris et al., 2012; Young et al., 2016).
Rather, participant responses often resemble a step function,
whereby “category A” responses abruptly change to
“category B” responses after a specific threshold. This
threshold also affects discrimination performance for image
pairs across the continuum: Images that straddle this
threshold are usually easier to discriminate than images that
do not, even when physical similarity is closely matched
(Harris et al., 2012). Some image manipulations, like contrast
negation, disproportionally affect responses to the most
ambiguous images (Pallett & Meng, 2013), suggesting that
these boundary regions between categories have different
properties than other parts of the space.
This examination of thresholds for facial emotion
categorization is also useful in that they provide a way to
examine perceptual biases exhibited by an individual. For
example, anxious people who need less than 50% Fear in an
ambiguous emotional image to categorize it as Fear likely
have hypervigilance to fearful expressions (Bishop et al.,
2015). Even when perceptual biases are not apparent,
individuals may still react differently to emotional thresholds,
such as perceiving a higher social cost for interacting with
more disgusted faces (Schofield et al., 2007). Additionally, if
a lot of negatively-valenced emotions were misclassified as
fear, this likely meant that for that individuals, the “fear”
label applied to a wider cluster of image prototypes within
their mind. A healthy individual may separate the different
category clusters according to the actual frequency with
which these emotions were experienced by them in everyday
life. Changes to a healthy individual’s representation would
likely occur based on situational or social context, not
perceptual biases.
However, a critical assumption of the basic categorical
account is the idea that emotion face space is partitioned into
a small set of discrete regions (1 per category) and that
limiting responses to these categories is an accurate reflection

Categorical perception involves our perceptual system creating
sharp boundaries along an objectively continuous stimulus
property, such as the discrete colors of the rainbow being
perceived despite continuous change in wavelength. The same
mechanism is thought to take place in facial emotion
perception. But how are emotions at these boundaries
perceived? We presented participants with morphed emotional
faces made by blending different emotional expressions in
equal proportions. Next, we asked participants to respond
freely to these ambiguous face morphs and examined these
responses via natural language processing methods. The results
showed that participants used many more labels than those
related to the categories which went into the morphs. These
results can inform theories on categorical facial perception as
well as the mental representation of facial expressions.
Keywords: facial expression; categorical perception; free
response; natural language processing; clustering

Introduction
Facial expressions are frequently described in terms of a
small number of universal categories, such as anger, disgust,
fear, happiness, sadness, and surprise (Ekman & Friesen,
1971; Ekman et al., 1969). Theories of emotion recognition
based on these putative categories generally assume that
facial images are evaluated for similarity to a prototype
expression for each particular category, leading to the
assignment of a category label based on maximum similarity
(Fehr & Russell, 1984; Rosch 1999; Shaver et al., 1987). In
the strictest version of such an account, any facial expression
would be assigned one of the basic emotion labels, with
images near the boundaries of category regions being
especially sensitive to noise that could lead to variable
categorization across observers or across multiple
recognition opportunities.
Morphed images of facial expressions are commonly used
as a means of exploring the nature of the boundary between
candidate categories of facial emotion (Benton 2009;
Fujimura et al., 2012; Gray et al., 2020; Korolkova, 2014;
Lyons et al., 1998; Harris et al., 2012; Hsu & Young, 2004;
Pallett & Meng, 2013; Young et al., 2016). In such studies,
facial expressions from different categories (e.g. happy vs.
angry) are blended together in different proportions (e.g. 60%
happy, 40% angry) and observers categorize or rate faces
across the full continuum to allow for a characterization of
the transition from one parent category to the other. These
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of how facial expressions are evaluated. In the current study,
we examine this assumption by asking participants to
categorize ambiguous, morphed expressive face images in a
task that allows a wider range of responses. Previous work
primarily used forced choice categorization tasks to
characterize emotion categorization. Participants would see
an ambiguous face, and be presented with a limited number
of category labels to pick from. If participants are instead
allowed a much broader range of labels to use, what kinds of
categorization judgments do we obtain across a morph
continuum? More specifically, are ambiguous face morphs
categorized primarily according to the parent categories that
contributed to the morph, or do unrelated emotional
expressions emerge from blending faces in this way? If we
observe the latter result, this is a potentially important
indicator that our conception of how emotional face space is
partitioned is too limited and that constraining participant
responses too closely may limit our ability to evaluate the
cognitive architecture of emotional face space.
We presented participants with previously validated
emotional faces, including ambiguous images made by
morphing together different expressions in equal proportions.
We asked participants to freely label these faces, and to
provide short examples of situations within which making
that face would be appropriate. We analyzed participant’s
responses with natural language processing methods in order
to uncover representational clusters formed by the labels. If
previous accounts are sufficient to explain category
processing, we hypothesized that we would find primarily
two clusters for each blended emotion image, and one cluster
for each unambiguous emotion image. These clusters may
include different words with which a particular category is
described, but the distances between these words would be
quite small in the representational space. Alternatively, we
hypothesized that if the underlying space of emotion
categories is more complex, then we should see new clusters
representing different emotions in the data obtained from
ambiguous images.

Figure 1. Examples of facial expression stimuli used in the
study. The diagonal depicts parent category images. Nondiagonal cells depict blends of category pairs.
anger, disgust, fear, happiness, sadness, surprise, and neutral
affect. All images were validated during database creation for
expressed emotion by a minimum of 40 voters. We selected
two exemplars of each emotion for further testing based on
image quality, front-facing viewpoint, and good lighting
conditions. We pre-processed the images to match size, interocular distance, and normalize color histograms in CIELAB
color space (see supplemental materials on OSF). Examples
from the complete stimulus set can be seen in Figure 1.

Methods
Participants

Category Morphing We used WebMorph (DeBruine, 2018)
to morph between all images within and across each category.
We selected the physical/numerical midpoint images from
each morph continuum (50% of each image in the morph).
Morphing often produces unavoidable artifacts, such as
overlapping shadows and dark spots, which we manually
removed via the GIMP graphics application. This procedure
resulted in 60 ambiguous paired-category images for the
ambiguous labeling task, and six additional within-category
average images for the parent labeling task (for a total of 15
images). The complete stimulus set for this study can be
found on OSF.

We recruited a total of 145 participants for the study.
Seventy-four individuals participated in the ambiguous
category labeling experiment, and 71 individuals participated
in the unambiguous (parent) category labeling experiment.
We recruited participants from the psychology undergraduate
student pool at North Dakota State University (NDSU). Our
study was approved by the NDSU IRB, and all participants
gave informed consent prior to their participation.
Participants were compensated with course credit for
participation.

Materials
Procedure
Stimuli We used images from the Real-world Affective
Faces Database (Li & Deng, 2019) for both tasks. This
database contains faces expressing the following emotions:

Participants performed the experiment online via Qualtrics.
After reading the consent form, participants were given the
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Figure 2. Plots of average BIC values (mean =/- standard error) as a function of cluster numerosity for our semantic clustering
analyses of participants’ free response data. The BIC values were produced by a Gaussian Mixture Model when the depicted
number of components was specified in the parameters. All plots include a clear minimum, indicating an optimal number of
clusters, and the position of this minimum varies across conditions. Both unambiguous parent images considered singly (Parent
Categories) and paired with another emotion (Paired Parent Categories) yield smaller optimal cluster numerosity than
ambiguous images
could be “emotion”). Only words recognized by WordNet
were used in the final analysis. In addition, Lin similarity
requires compared words to be in the same form, which
required us to convert verbs into nouns. The complete data
analysis pipeline has been made available on OSF:
https://osf.io/2myzs/?view_only=cbf55c1521af4aee8890713
d008c369e.

option to begin the study. Participants were instructed to label
faces according to emotion, and that they were free to use any
words they wanted to do so (but to limit the number of words
to one or two). On each trial, a face was presented at the top
of the screen, with the caption “Which emotion does this face
show?”. A text box was presented underneath each image to
record responses and participants had unlimited time to
respond.

Results

Natural Language Processing
To analyze participants’ free responses, we used a similarity
metric based on the WordNet database. WordNet is a large
lexical database of English words that is freely available as
part of the Python Natural Language Toolkit library (Bird et
al., 2009). In WordNet, single words are represented as
synsets, which are based on a hierarchical ontology derived
from the word’s usage within the database. Synsets can be
considered as grouping of synonymous words that express
the same concept. We used the first meaning of a word’s
synset, which avoided including unrelated word usage into
our analysis. For example, “shock” is taken to mean “daze”,
and not “electric shock” or “shock absorber”. We computed
pairwise word similarity with the Lin similarity metric, which
is based on information content (Lin, 1998). Briefly, the
metric can be thought as the likelihood of the compared terms
being related within WordNet, combined with the frequency
of their most common ancestor within the same corpus (for
example, the most common ancestor of “fear” and “anger”

Category Labels
First, we computed the number of unique words participants
used to label parent category and ambiguous category
images. On average, 36 unique words (SD = 11.41) were used
to label parent category images, and 67 unique words (SD =
5.58) were used to label ambiguous category images. This
difference was statistically significant, t(19) = 6.33, p < 0.01,
with an estimated effect size of d = 3.47. Participants do use
more unique words to label ambiguous images – but do these
unique words represent a substantial proportion of all the
labels?
Participants did use the standard category labels to describe
both ambiguous and parent images (for example, “anger” for
angry faces and anger blends). We found that on average,
28% of the labels (SD = 11%) for parent category images and
26% of the labels (SD = 11%) for the ambiguous category
images used the standard wording associated with that
category. The following words were used for this analysis:
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Table 1. Ambiguous emotion labels nearest to cluster centroids.

Anger – “anger”, “angry”; Disgust – “disgust”,
“disgusted”; Fear – “fear”, “afraid”, “fright”,
“frightened”, “scared”; Happiness – “happiness”,
“happy”, “joy”, “joyful”; Sadness – “sadness”, “sad”,
“sorrow”, “sorrowful”, “upset”, “unhappy”; Surprise –
“surprise”, “surprised”, “shock”, “shocked”, “stunned”.
The difference between ambiguous and parent label
percentages was not statistically significant. This means that
participant used the same amount of standard category terms
when describing both types of images, and it is the noncategory words which account for the majority of responses.
The larger number of unique labels for ambiguous category
images suggests that these faces are represented in more
variable manner than their parent categories. However, it is
possible that the increased number of unique words
represents just a larger use of close synonyms, not completely
different words. We next examine this possibility within the
representational space generated by clustering the scaled
word similarities.

of d = 3.31. This is potentially unsurprising if we assume that
ambiguous images are close enough to the boundary between
one emotion category and another to be interpreted
differently by different participants. If this were the case,
ambiguous images may elicit labels consistent with two
different emotion categories, while any one unambiguous
image would only yield labels consistent with one.
We examined this issue by combining labels generated for
pairs of parent categories into one label set, which is
analogous to the set of labels generated in response to the
ambiguous category blend which contained the same parent
categories. We determined the ideal cluster number for this
new set of labels using the same iterative process with a
gaussian mixture model. On average, paired parent category
labels were separated into 50 clusters (SD = 5.33), as
compared to 55 (SD = 10.6) clusters for ambiguous category
labels. This difference did not reach statistical significance,
t(28) = 1.74, p = .096. This suggests that at least in terms of
the number of modes in the free-response data, ambiguous
images and parent images do not differ when terms from both
parent categories included in each morph sequence are
considered as a unit. That is, the increase in unique labels for
ambiguous categories could stem from the usage of terms
related to two parent categories, as opposed to just one
category in the parent labeling experiment. However, though
the number of clusters estimated by this procedure does not
differ across these two conditions, the BIC values associated
with the best clustering solutions do. (see Figure 2). On
average, paired parent category solutions resulted in a BIC
value of -2230 (SD = 472.61), whereas ambiguous category
solutions resulted in a BIC value of -1604 (SD = 395.59). This
difference was statistically significant, t(28) = 3.94, p < .01,
with an estimated effect size of d = 1.44. This suggests that
the paired parent clustering solution achieved a better
separation of the labels and partitioning of the variance within
each cluster (recall that BIC values are minimized) while

Clustering And Multidimensional Scaling
We used the similarity space generated by the Lin metric to
scale pairwise similarity values between each word into three
dimensions using multi-dimensional scaling. Within that
low-dimensional space, we identified clusters via a gaussian
mixture model. We determined the optimal number of
clusters (mixture components) by minimizing the Bayesian
information criterion (BIC) of the clustering solution.
Briefly, the BIC value trades off variance explained by the
model against model complexity (number of clusters) to yield
an optimal number of clusters that captures variability in the
data effectively, but is not overfit to the data (Figure 2).
On average, parent image and ambiguous image labels
were separated into 28 (SD = 4.71) and 55 (SD = 10.6)
clusters, respectively. This difference was statistically
significant, t(19) = 5.97, p < .01, with an estimated effect size

159

Table 2. Paired parent emotion labels nearest to cluster centroids.

using a similar number of clusters. This is precisely what we
would expect if the paired parent labels contained more
words closely associated with the same concept, as these
words would be partitioned into the same cluster. Therefore,
we hypothesize that participants may have generated more
unique words which weren’t synonyms when labeling the
ambiguous category images.

closest parent category terms was 40.7% (SD = 11.7%) for
ambiguous categories and 42.1% (SD = 9.3%) for the paired
parent categories. This difference did not reach statistical
significance, p = .709. This implies that the labels for both
ambiguous and parent categories are clustered around similar
terms. When considering the BIC plots from Figure 2, we can
conclude that both ambiguous and unambiguous expression
representations are organized around similar prototypes, but
that the immediate space around the prototypes is sparser for
ambiguous faces, since a similar number of ideal clusters
explains less variance in ambiguous category labels. Future
work is needed to examine the content of specific clusters,
and how it is affected by specific expressions in the blend.

Visualizing Labels Within Clusters Although the BIC is a
good criterion for determining the best clustering solution for
a set of data, it does not lend itself well to understanding
which labels are clustered together. In our next analysis, we
selected a theoretically relevant number of clusters (six, the
total number of putative emotion categories expressed by the
parent images), and performed the gaussian mixture model
prediction using this number. Within each cluster, we
determined a cluster centroid coordinate which allowed us to
characterize each cluster geometrically and in terms of a
representative label. This set of labels is shown for
ambiguous categories in Table 1, and for paired parent
categories in Table 2. While the original parent category
terms are sometimes represented in this list, most words
reflect emotions which are only marginally similar in
meaning to these terms. Therefore, category images are not
labeled with just their parent category words – rather they are
represented as a number of different, non-overlapping
emotions. However, while the specific labels are clearly
varied, is there a difference in the overall meaning of these
terms?
We examined this difference by computing the largest Lin
similarity metric between each centroid label and the classic
terms used for the category of that cluster. For example, for
the labels of the six “anger-disgust” centroids in both tables,
we computed the similarity of those labels to “anger” and
“disgust”, and kept the largest value for each centroid. On
average, the similarity between the centroid labels and the

Discussion
We were interested in examining the complexity of the facial
emotion category space which was based on unconstrained
response labels. We found that people used more unique
labels for ambiguous categories than parent categories. The
clustering solutions for these conditions showed that more
clusters were needed to map the ambiguous category labels.
This difference persisted after combining pairs of parent
categories, which suggests that people used more labels of
different emotions rather than close synonyms when
describing ambiguous categories. While the number of
clusters remained the same in this case, the best solution for
the paired parent category labels explained significantly more
variability than ambiguous labels as demonstrated by its
lower BIC. When looking at the specific words within the
clusters, we find emotions which are completely unrelated to
either parent category within that blend. A lot of these labels
occupy locations which are nearest to a cluster centroid in a
six-cluster solution. Therefore, instead of having two similar
modes of response per ambiguous category, or having six
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modes of response overall, participants use a rich array of
different emotion labels.
The idea that facial expressions are represented within a
rich mental space is not new in the literature. Originally,
emotion researchers found that the classic understanding of
emotion categories was incomplete when they evaluated how
people used these categories. For example, Russell and Fehr
(1994) founds that different subcategories of anger (fury,
jealousy) can be activated based on situational context, and
people do not agree on these subcategories. That is, these
emotion concepts are represented differently for different
people based on their rating of their prototypicality. As well,
different types of descriptive situations were generated for
the same subcategories of anger (as well as anger itself).
From our results, we can see that about a quarter of the labels
used by our participants agreed on the category of the images,
but the majority of labels were different, often substantially
so.
More recently, Cowen and Keltner (2020) asked
participants to freely label a large number of emotional
stimuli, including faces, using dimensional and category
terms. They found that faces are represented via as many as
28 distinct categories, with the overall space also organized
according to 27 different dimensional metrics. Categories
within this space function as clusters with thresholds, while
dimensions account for ordering within clusters, as well as
between partially overlapping categories. Our results suggest
that even a smaller set of naturalistic emotions (those
depicting only six categories) are also represented within a
rich conceptual space. This space does not only exist in the
mind – the brain is able to represent as many as 80 emotion
categories and 25 dimensions via different activation patterns
(Koide-Majima et al., 2020). In addition to the potential
complexity of the emotional space, individuals are able to
quickly modify their perception of emotions based on
situational or social context. For example, Plate et al. (2019)
and Woodard et al. (2021) were able to modify participants’
response thresholds based on the proportion of “upset”
emotions depicted by an actor, as well as information about
the actor’s traits. Clearly, future work in this area must
consider more emotions and facial expressions than can be
represented with six categories and their combinations. These
representations must also be situated within a social context
which provides information about the likelihood of
experiencing a specific emotion from a particular individual.
The key contribution of our work is the observation that the
specific approach of morphing between unambiguous facial
expressions appears to frequently lead to the emergence of
face images that are not reliably categorized as either of the
parent image categories. To put it another way, rather than
crossing a border between one emotional expression and the
other, face morphing has the potential to lead us to another
region entirely. This has theoretical implications related to
our underlying model of the geography of emotional face
space and also methodological implications for the use of
morphed images in emotion recognition research. Instead of
linearly connected categorical “islands”, it is possible that our

emotional space is organized in a more complex non-linear
manner. A large number of assorted potential emotions may
be briefly cycled through by our perceptual system before we
arrive at our categorical destination when perceiving an
emotional face. In future work, our goal is to further quantify
the richness of the conceptual space within which facial
expressions of emotion are represented and categorized,
ideally using tasks that allow participants to more fully
express how they perceive emotions in face images.
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Abstract
Semantic extension plays a key role in language change
and grammaticalisation. Here we use a dyadic interaction
paradigm to study semantic extension of novel labels in controlled circumstances. We ask whether participants will be able
to (i) use highly accessible associations in the perceptual environment (colour-shape associations) to converge on a meaning
for the novel labels, and (ii) extend these meanings to apply
to both concrete targets (objects) and abstract targets (emotions). Further, given the argument that both metonymy and
metaphor are important drivers of language change, we investigate whether participants will be able to draw on relations
of contiguity (‘metonymic’ associations, e.g. colour-shape or
object-colour) and relations of similarity (‘metaphorical’ associations, e.g. emotion-colour) to extend the meaning of labels.
Keywords: language change; semantic extension; experimental semiotics

Introduction
Semantic extension involves applying a word to something
that falls outside of the word’s linguistically-specified denotation, on the basis of a principled relationship between the
literal and the extended denotation, e.g. “rabbit” meaning animal is extended to mean the meat of that animal, “mouth”
meaning the oral cavity is extended to mean the opening of a
cave, based on its resemblance to a mouth. In the historical
linguistics literature, semantic extension is widely acknowledged as playing a key role in semantic change and grammaticalisation, a word’s journey from a lexical, concept-encoding
word to a functional item with a more abstract grammatical
meaning (see e.g. Givón, 1979; Bybee, Perkins, & Pagliuca, 1994; Heine, Claudi, & Hünnemeyer, 1991; Heine,
1997; Haspelmath, 1998; Traugott & Dasher, 2001). Here
we adapt experimental techniques from evolutionary linguistics, based around communicative interaction using novel
signalling channels (e.g. Galantucci, 2009; Scott-Phillips,
Kirby, & Ritchie, 2009; Fehér, Ritt, & Smith, 2019) to study
semantic extension in controlled circumstances, testing the
ability of interlocutors to ground semantic extensions in cooccurrence/contiguity and resemblance.
Ad-hoc semantic extensions are made on-the-fly by speakers in a particular interaction as a short-term means to achieve
their communicative goals. If a given extension recurs to the
point of becoming highly frequent and familiar, it is plausible
that the pragmatic interpretation process may routinise, eventually resulting in the extended meaning becoming encoded
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as an additional conventional sense of the word. This cycle of increasing frequency and familiarity, leading to routinisation of pragmatic processing and the eventual encoding of
the originally pragmatically-derived interpretation, is a driving force behind diachronic developments of the meaning of
words (e.g. Höfler & Smith, 2009; Hopper & Traugott, 2003;
Kuteva, 2008; Traugott & Dasher, 2001).
Two of the primary motivations for semantic extensions
are: (i) perceived metonymic connections between the literal
and extended denotations, where the critical relation is contiguity between an entity and its distinctive/saliently associated
properties (e.g. for the extension of “rabbit” from animal to
meat, a distinctive property of a type of meat is the animal
it comes from); and (ii) perceived metaphorical connections
between the literal and the target denotation, where the critical relation is resemblance between the entities in question
(e.g. as in the extension of “mouth”) (e.g. Klepousniotou &
Baum, 2007; Klepousniotou, Titone, & Romero, 2008; Klepousniotou et al., 2008). Our grasp of these associations is
taken to be an accessible part of the common ground we share
with interlocutors, derived from our shared experience of the
world (Clark, 1996).
Both metonymically- and metaphorically-motivated extensions are involved in language complexification via grammaticalization (Traugott & Dasher, 2001; Hopper & Traugott, 2003; Heine et al., 1991; Heine, 2003; Lakoff & Johnson, 2003; Lakoff, 1987; Smith & Höfler, 2015). To illustrate a case of metonymic extension: in several languages including English, an abstract causal meaning has developed
from a more concrete temporal meaning: e.g. the presentday English conjunction “since”, which is used causally as
in “Since it’s raining, we can’t rollerblade in the park”, has
evolved from the Old English temporal expression siþþan
meaning “from the time that”, plausibly due to the metonymic
(contiguity-based) association between temporally sequential/overlapping events and cause-effect relations, in that
causes typically precede their effects, and effects may be distinguished by their distinctive causes (see Traugott & König,
1991; Panther & Thornburg, 2010). A clear illustration
of metaphorically-motivated grammaticalisation comes from
the development of movement verbs into markers of futurity
(e.g. English “going to” meaning moving towards becomes
“going to”/“gonna” meaning future): based on our physically
embodied experience in which moving forward in space nec-
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essarily involves moving forward in time, we are able to understand the abstract domain of time in terms of movement in
space. Motivated (metonymically/metaphorically grounded)
semantic extensions may also be a key mechanism in the early
evolution of linguistic systems, allowing speakers to make
maximum use of even a limited set of symbols and therefore
setting in train the emergence of more abstract grammatical
categories (see e.g. Deutscher, 2005; Smith & Höfler, 2015).
Historical examples are of course irreplaceable in understanding processes of language change, but lack the experimental control necessary to identify and differentiate the
mechanisms responsible for those patterns of change, for example disentangling the role of different kinds of shared perceptual experience and world knowledge in facilitating semantic extension; historical data also speaks only indirectly
to the prehistory of linguistic systems. Here we present an
experimental method which allows us to systematically manipulate the extent to which metonymic (shape-colour and
object-colour) and metaphoric (emotion-colour) associations
are present, and thus to test their role in semantic extension. Our participants play a pair-based game where they
communicate about shapes, colours, objects and emotions using a limited repertoire of communicative labels (geometrical
shapes); participants start by using those labels in an intuitive
way (the “star” label refers to the star referent) but extend the
meaning of those labels metonymically to encompass colours
(“star” means red) and objects (“star” means volcano), and
metaphorically to encompass emotions (“star” means anger).
We experimentally manipulate the availability of salient and
shared metonymic associations; we find that semantic extension is facilitated by such associations, but is robust to their
absence, in which case it draws on more general common
ground associations.

rectly, as it turns out), allowing us to better probe the availability of metonymic and metaphorical associations to processes of semantic extension, and (ii) we expected shapes to
have iconic affordances in the first blocks of the experiment,
allowing participants to quickly grasp the communicative task
without additional training.
Some blocks of the experiment involve shapes or coloured
splats appearing in one of four different colours: red, yellow, pink and grey. These colours have been shown to have
strong, stable associations with specific emotions, both for
native English speakers and across cultures: anger (red), happiness (yellow), love (pink) and sadness (grey) (Jonauskaite
et al., 2019; Jonauskaite, Parraga, Quiblier, & Mohr, 2020).
This led us to hypothesise that these colour-emotion mappings would be available to participants as a grounds for
metaphorically-motivated semantic extensions in the Emotions block of the experiment (see below). Further, we
selected a set simple black-and-white line drawings (from
https://thenounproject.com) of four different objects
that we judged to be associated with each of the four colours
by virtue of (stereotypically) being those colours: volcano
(red), banana (yellow), pig (pink), and city (grey). Lastly, we
chose four photographs of people representing the emotions
that Jonauskaite et al. (2019, 2020) argue to be associated
with our chosen colours. These pictures were obtained by
google image search on the relevant emotion terms.

Procedure
The experiment was coded in javascript using jsPsych
(de Leeuw, 2015) and featured real-time interaction between crowdsourced participants,
achieved
via websockets and a python server coordinating pairs of participants (based on code from
https://kennysmithed.github.io/oels2021/).
Participants were informed that they would be playing a
communication game with a partner, which would involve
sending and interpreting simple visual labels. After consent and instructions, participants entered a waiting room and
were paired with another participant for the communication
game proper. Paired participants worked through six blocks
of increasing difficulty, taking turns as Sender and Receiver
and switching roles after every trial. On any trial (see Figure 1 upper) the Sender saw a selection array of three pictures, the target picture highlighted with a green box. The
Sender’s task was to select a label (a geometric shape from
their label inventory) to label the target picture for the Receiver. The Receiver then saw the Sender’s selected label,
plus the same array as seen by the Sender but with left-right
order randomized and no highlighting of the target; the Receiver’s task was to click on the picture being labelled by the
Sender. Both Sender and Receiver were awarded a point for
every correct Receiver choice, and both Sender and Receiver
saw as feedback the Sender’s target picture, the label used,
and the Receiver’s selection. Success on this communicative
task reflects participants’ ability to successfully extend label
meanings and is our main dependent variable.

Methods
Participants
268 English-speaking adults were recruited through the online crowdsourcing platform Prolific. We obtained complete
data from 107 pairs (214 participants), 54 pairs in the Fixed
Associations condition and 53 in the Random Associations
condition. Participants who completed the experiment (duration 35-40 minutes) were paid £7; partial payment was made
to participants who were unable to complete the experiment
(e.g. due to not being paired with a partner).

Materials
We selected a set of simple geometric shapes to serve as
the labels in a graphical communication game, and in some
phases of the experiment as the referents to which those labels
referred (see below). Each pair of participants was allocated
4 shapes selected at random from a set of 7 options (square,
circle, diamond, star, cross, pentagon, hexagon). We used
shapes as labels (rather than e.g. novel words) because (i)
we expected them to have relatively weak pre-existing associations with colours, objects and emotions (not entirely cor-
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Shapes block, Sender

Shapes block, Receiver

Coloured splats block, Sender

Coloured splats block, Receiver

In the Coloured Splats block (block 3), the selection array
on each trial featured three splats differing in colour. Participants therefore needed to establish shared mappings between the target colours and the shape labels. We expected
that the colour-shape associations provided during the Shapes
block would make this straightforward in the Fixed Associations condition, allowing the participants to extend the meaning of those labels to the associated colour (e.g. using the
hexagon label to convey the colour pink); we expected this
would be substantially harder for participants in the Random
Associations condition given the lack of such prominent associations (i.e. communicative success would be lower). In
the Coloured Shapes block (block 4), the selection array featured three of the same shape (e.g. three crosses) in different colours. To communicate the target shape (e.g. the pink
cross), participants again had to draw on shape-colour mappings to signal the target in terms of its colour, but in this case
also over-riding the label’s inherent and established meaning
(e.g. using a hexagon label to refer to a cross). The Coloured
Splats and Coloured Shapes blocks each consisted of 32 trials
(each participant acting as Sender for each colour 4 times).

Emotions

Coloured Shapes

Objects

White Shapes

The White Shapes block (the first block of the experiment)
was intended to familiarise participants with communicating
using shapes as labels: all the pictures in the Sender and Receiver’s arrays were of white shapes (see Figure 1 lower),
meaning that the sender could trivially encode the target picture by using the corresponding shape as the label. This block
featured 8 trials (each participant acting as Sender for each
shape once). In the Shapes block (block 2) the target pictures (but not the labels) appeared in colour (grey, red, pink
or yellow); however, all pictures in the array also differed in
shape, meaning that encoding the shape of the target picture
was again trivial and sufficient. We used the Shapes block
to establish two conditions. In the Fixed Associations condition, each shape was assigned a colour (each pair received
a random shape-colour assignment) and always appeared in
the Sender or Receiver’s selection array in that colour (e.g.
the hexagon was always pink), establishing a shared grounds
for metonymic extension in later blocks. In the Random Associations condition, the colour in which a shape appeared
in the selection array was randomly generated on each trial.
The Shapes block featured 64 trials, each participant acting
as Sender for each target shape 8 times.

Figure 1: Upper: Example Sender and Receiver screens from
the Shapes and Coloured Splats blocks; the Sender selects a
label (a geometric shape) to convey the target picture (highlighted with a green box) to the Receiver, who selects a picture based on that label. Lower: example selection arrays in
the other blocks.
e.g. “star” means star and/or red, a volcano is red, therefore
the meaning of “star” can be extended to cover volcano. Finally, in the Emotions block (block 6), the selection array consisted of three photographs representing different emotions.
Here the crucial associations were metaphorical in nature, e.g.
anger is red, therefore the meaning of “star” can be extended
to cover anger. These blocks were 32 trials long (each participant acting as Sender for each object/emotion 4 times).

Results
Communicative success
Communicative success (the proportion of trials where the
Receiver clicked on the correct response) in the first two
blocks of the experiment (White Shapes, Shapes) was uniformly high, with average accuracy of over 99% in both conditions. Figure 2 (left) shows communicative success on the
subsequent blocks of the experiment. Participants were quite
successful in the task in both conditions, and many pairs were
able to reach high levels of accuracy in using shapes to communicate about colour (in the Coloured Splats and Coloured
Shapes blocks), could decouple the basic and extended meaning of the signals (i.e. using “star” to refer to a red square
because “star” means red) in the Coloured Shapes block, and
were able to further extend those colour-shape associations to

The Coloured Splats and Coloured Shapes blocks provided
a first test of whether participants could extend the meaning
of a label (e.g. “star” means star) to encompass colour (e.g.
“star” also means red). The final 2 blocks tested whether participants were able to make further extensions drawing on
pre-existing associations of that extended meaning. In the
Objects block (block 5), the selection array consisted of three
black-and-white line drawings of objects. Participants had to
select a shape label to communicate the target to their partner
by drawing on metonymic (contiguity-based) associations between an object and its (stereotypical) colour, and using the
shape-colour mappings established in the preceding blocks,
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communicate about objects and emotions.

Patterns of extension of meaning across blocks

We used logistic mixed effects models to analyse the binary outcome of communicative success on each trial (success/failure), with condition, block, and their interaction as
fixed effects.1 A model with block treatment-coded (with
Coloured Splats as the reference level) and condition (Fixed
or Random Associations) sum-coded shows that the conditions differed at the Coloured Splats block (b=0.32, SE=0.12,
p=.009), with participants in the Fixed Associations condition communicating more successfully. A model with
block coded using successive differences shows that performance on the Coloured Shapes block was higher than in
the Coloured Splats block (b=0.26, SE=0.09, p=.004) and
was higher in the Objects block than the Coloured Shapes
block (b=0.56, SE=0.13, p<.001), but there was no increase
in performance from Objects to Emotions blocks (b=0.16,
SE=0.12, p=.182). While the difference between conditions
is numerically largest in the Coloured Splats block and declines across subsequent blocks, neither model showed a significant interaction between block and condition (e.g. in the
treatment-coded model, lowest p=.188). These results therefore suggest that the presence of statistical associations between colour and shape established in the Shapes block in the
Fixed Associations condition gives pairs in that condition an
advantage in initially extending the meaning of those labels,
and that advantage persists in subsequent extensions.

In the Fixed Associations condition we expect participants
to extend the meaning of a given label to include the colour
associated with that shape (e.g. if stars were always red in
the Shapes block, they should extend the meaning of “star”
to encompass red in the Coloured Splats block). Participants
in the Random Associations condition could do the same —
due to the random colour-shape associations there will tend
to be some shapes which occur more often in a particular
colour — but since those associations are weaker we expect
the extension behaviour in this condition to be more arbitrary
(as is also suggested by the lower performance in the communicative task in the extension blocks). Beyond the initial
extension in the Coloured Splats block, we expect that participants in both conditions will extend their newly-established
labels for colour in predictable ways: e.g. in the Coloured
Shapes block participants should continue to use the label established for red in the Coloured Splats block to signal red;
in the Objects block that signal should be extended to convey
the volcano concept, and in the Emotions block it should be
extended to convey anger.
We evaluate this by calculating a measure of difference between concept-label co-occurrence counts across blocks, as
illustrated in Figure 3 (upper). For each block and each pair
we count the co-occurrence of each concept and signal and
then calculate a normalised measure of difference between
those matrices; if two matrices are identical this produces a
difference score of 0, if two matrices are maximally different
the difference score is 8. This metric suffers from the fact
that random matrices tend to have relatively low difference
scores; to resolve this we convert the raw difference scores
to a z score by generating a random distribution of difference
scores by permuting the columns of one of the two matrices
and re-calculating the difference score, repeat this operation
1000 times to obtain a distribution of difference scores, then
calculate the z-score (i.e. number of standard deviations from
the mean) for the observed difference score. The resulting
difference z-scores will be around 0 for two concept-signal
co-occurrence matrices which are no more similar than expected by chance; negative z-scores indicate matrices which
are quite similar (i.e. have lower differences) relative to
chance, and z-scores below −1.96 indicate similarities which
are unlikely to be generated by chance at p<.05.
Figure 3 (lower) plots these block-to-block difference measures. Difference scores in the Shapes-Coloured Splats transition are reliably lower in the Fixed Associations than Random
Associations condition, as expected (t(88.3)=-4.72, p<.001):
participants in the Fixed Associations condition generally
exploit the associations between colour and shape provided
in the Shapes block, leading to reliably negative difference
z-scores (most pairs show difference z-scores smaller than
−1.96); in contrast, the z-scores in the Random Association conditions are around 0, reflecting colour-label associations in the Coloured Splats block which are effectively arbitrary with respect to any colour-shape associations present

Figure 2 (right) shows the timecourse of performance (i.e.
success by trial number) in each block. Performance rapidly
increases in each block, and drops at the start of each new
block as participants are required to extend their established
label meanings to convey a new distinction (although this
drop in performance is quite modest at the transition from
Coloured Splats to Coloured Shapes). A model with fixed effects of condition, block and trial number as well as their interactions suggests a marginal three-way interaction between
condition, block and trial number (χ2 (3) = 6.66, p=.084).
Posthoc analyses considering each block in turn show a
marginal condition x trial number interaction in the Coloured
Splats block (b=0.29, SE=0.15, p=.055), visible in the graph
as the short period spent near chance performance at the start
of this block in the Random Associations condition. While
this result should be treated with caution, it is consistent with
our assumption that the difficulty of establishing a signalling
convention for colour in the absence of salient shared colourshape associations is particularly pronounced early on.
1 Models were run in R (R Core Team, 2019) using lmer (Bates,
Mächler, Bolker, & Walker, 2015); successive difference coding
used the contr.sdif function from the MASS package (Venables, Ripley, & Venables, 2002); plots were produced in ggplot2 (Wickham,
2009). For all models reported here the random effects structure
consist of by-pair (not by-participant) random intercepts and random slopes for fixed effects that varied within-pair (i.e. block, trial
number). Including a by-participant random effect nested within
pair produced substantial convergence issues and explained very
small amounts of variance. Data and analysis code is available at
https://github.com/kennysmithed/SemanticExtension.
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Figure 2: Left: Success in the communicative task against block. Coloured points give means for individual pairs, black
diamonds plus error bars indicate means of pairs plus bootstrapped 95% CIs. Right: Success against trial number in each block;
lines and error bars plot the mean and 95% CI across all pairs. Dashed lines gives chance performance.
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in the Shapes block. In subsequent blocks the two conditions look more similar: difference scores for the Coloured
Splats-Coloured Shapes transition do not differ between conditions (b=0.25, SE=0.28, p=.300, obtained from a model
where block transition is treatment coded), and in both conditions participants continue the colour-signal associations established in the Coloured Splats block to the Coloured Shapes
bock (as indicated by reliably negative z scores). Those associations are often extended in the predicted way to the
Objects block, although we see a progressive weakening
of the correspondence there (the block-to-block difference
scores increase, i.e. move towards 0, at successive comparisons: Coloured Shapes-Objects difference scores are higher
than Coloured Splats-Coloured Shapes differences, b=0.88,
SE=0.15, p<.001; Objects-Emotions difference scores are
higher than Coloured Shapes-Objects differences, b=0.46,
SE=0.15, p=.003, obtained from a model with block transition coded using successive differences). In the Emotions
block many pairs have z-scores around 0, indicating labelling
conventions for emotion which do not extend labels in the
predicted direction, although 13 pairs in the Fixed Associations and 8 in the Random Associations condition do have
high negative z-scores at this transition, indicating the conventions are extended in the predicted way in some pairs.
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Figure 3: Upper: Calculating the difference between association matrices in the Shapes and Coloured Splats block. For
each pair we tabulate meaning-label co-occurences, convert
these to normalised values so that each row sums to one, then
take the absolute difference between those normalised values;
the summed normalised difference values are then converted
to a z-score. Lower: Block-to-block differences calculated
using this measure, where negative z-scores indicate matrices
which are quite similar (i.e. have lower differences) relative
to chance. Plotting conventions as in Figure 2.

In summary, this analysis suggests that the Fixed Associations condition shows the predicted pattern of extension
of the statistical associations established in the Shapes block
to the Coloured Splats block, whereas pairs in the Random
Associations condition have to establish colour-shape correspondences from scratch; pairs in both conditions then extend
those associations, with declining fidelity, to the subsequent
blocks, and many participants in the Emotions block establish
new emotion-shape associations which are unrelated to their
established colour-shape associations.
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the meaning of the symbols. Our results suggest that semantic extension is facilitated by the presence of metonymic associations (in our Fixed Associations condition) that are part
of the shared perceptual environment for a pair, presumably
since these are reliably part of the common ground and therefore highly likely to be grasped by the audience, and this advantage persists across subsequent extensions of those labels.
However, even without such salient associations, our participants were able to exploit other metonymic associations that
are plausibly part of common ground (e.g. regarding the
colours of stars and crosses) in order to converge on a usable
communication system.
One additional finding, clearest in the Emotions block, is
that the degree to which a grounding can be assumed to be
common ground has an important influence on which grounds
will be exploited in communication. This can be seen in
the contrast between the Objects and Emotions blocks. The
colour of an object is broadly uncontroversial: we can be confident that even an entirely unknown interlocutor will know
that e.g. bananas are yellow. However, associations between colours and emotions are likely to be more subjective
and therefore less likely to be shared between interlocutors
(e.g. while love is typically associated with pink, associating
love with tumultuous passion could lead to an individual associating love with red), which could explain the decreased
tendency to rely on established colour-shape associations in
the Emotions block as compared to the Objects block; if in
a given pair each person had different colour-emotion associations, they would have had to negotiate emotion-shape
correspondences from scratch. Other emotion-shape correspondences may also have provided an alternative means of
grounding labels for emotions; for example, shapes with lots
of corners and sharp angles are associated with anger or excitement; whereas rounded shapes with curving edges are associated with contentment or sadness (Sievers, Lee, Haslett,
& Wheatley, 2019). However, this also suggests that the specific nature of the grounds for semantic extension may be less
important than the fact that there is a motivation for semantic
extension, one that is sufficiently easily accessible to the interpreter (or deemed so by their interlocutor) for them to be
able to work out the intended extension.

Table 1: Counts of colour-label correspondences in the
Coloured Splats bock across all pairs in the Random Associations condition (highest association in each row in bold).
Recall that every pair was allocated only 4 of these 7 labels.

Grey
Pink
Red
Yellow

97
60
69
67

42
68
106
69

69
62
40
30

38
39
51
132

36
75
34
36

59
62
40
53

83
58
84
37

Non-arbitrary colour-shape correspondences
We were surprised that participants in the Random Associations condition were so successful at bootstrapping a signalling system for colour, leading to a smaller-than-expected
(but still clear and significant) difference between conditions
in the Coloured Splats block. Table 1 shows the frequency
with which Senders in the Random Associations condition
used each label for each colour in the Coloured Splats block.
There are clear preferences for certain colours to be conveyed
using particular shapes, which we had not anticipated when
designing our stimuli and which pairs were able to exploit
to rapidly coordinate on semantic extensions. Some of these
are in hindsight obvious (yellow is strongly associated with
“star”), some have a conceivable retrospective justification
(red seems to be associated with “cross”; this could be due
to the emblem of the Red Cross, the international humanitarian charity, or the fact that red and crosses are both associated with prohibition), and some are more baffling (grey is
associated with circles and squares, although only a philistine
would consider those to be boring shapes). Only pink seems
to lack a clearly preferred shape. These impressions receive
support from a simple χ2 test of independence run on the tables of associations or individual rows from that table: the
overall table shown in Table 1 is significantly non-uniform
(p<.001), as are all of the rows associated with each colour
apart from pink (p=.050 for pink; p<.001 elsewhere). 2

Discussion

Conclusion

Our results indicate that participants were able to draw on
both metonymic and metaphorical associations in extending
the meaning of labels to apply to colours, and then subsequently to more concrete (objects) and more abstract meanings (emotions). Extension via grounding in metonymic and
metaphorical associations has been argued to form an important mechanism in both the early evolution of linguistic systems (e.g. Smith & Höfler, 2015), and in subsequent language change (e.g. Traugott & Dasher, 2001). Participants
used a range of different sources of information to establish

This paper presents a method for exploring semantic extension, a key component of language change and grammaticalization, in controlled experimental circumstances, and
demonstrates that lab participants will bootstrap communication by extending label meanings on both metonymic and
metaphorical grounds. We plan to extend this work in two
ways: exploring how these same processes play out in larger
groups, where we expect that the reliability of a shared basis
for grounding a semantic extension will become increasingly
important; using words rather than shapes as labels, allowing
participants to exploit a richer set of common ground associations for extension.

2 Note

that this data violates the χ2 assumption of independence,
since each pair contributes multiple points; however, since we are
not primarily interested in these non-arbitrary associations we consider this sufficient evidence that such associations probably exist.
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some situations, in others, further example study using
worked examples is more beneficial (”Worked Example
Effect;” Sweller & Cooper, 1985)?
The literature on the worked-example effect has
demonstrated that learning benefits from studying examples
of how to solve problems instead of practice activities (van
Gog, Paas, & van Merriënboer, 2006), or along with practice
activities (Renkl, 2005). For example, students learning to
calculate the area for the trapezoid would benefit from
studying problems where the answer and the steps to solve
the problem are worked out, compared to solving the same
problem.
Theoretical explanations of the worked-example effect
center around two main ideas, potentially complementary: (1)
that problem-solving practice puts a greater load on learners’
limited processing capabilities in a manner that is
“extraneous” to the learning process (e.g., van Merrienboer
& Sweller, 2005) rendering it less effective, and (2) that
practice activities are less beneficial because they lack the
necessary support to fill-in potential knowledge gaps (e.g.,
McNamara & Kintsch, 1996). Consistent with these ideas,
learning from reading materials can be improved by
including pre-questions about relevant parts of the text (e.g.,
Rickards, Anderson, & McCormick, 1976), or by eliminating
unnecessary content and reducing text to its main topics (e.g.,
Reder, 1980; Reder & Anderson, 1982).
Thus, current evidence suggests that more practice or
retrieval can both improve or delay learning and that more
study can both improve or delay learning. This apparent
contradiction poses both theoretical and practical issues.
Theoretically, to which degree do we have a complete
understanding of the learning process if opposite mechanisms
can yield similar results? Practically, when making
suggestions for the application of cognitive science findings
to educational contexts, practitioners are left wondering
which approach to use and when.
To be clear, ours is not the first attempt at addressing this
inconsistency. van Gog & Kester (2012, see also van Gog &
Sweller, 2015), proposed that problem complexity was the
critical dimension that defined whether retrieval practice or

Abstract
Retrieval practice of information through testing has been
shown to improve learning. So has studying examples. In this
paper, we address inconsistencies in the literature concerning
which of these two approaches is best. We test the hypothesis
that learning depends on what is being learned; whereas
practice emphasizes memorization, studying examples allows
for selectivity of encoding, resulting in different information
being learned. Accordingly, we predicted that practice will
improve learning in situations that emphasize memorization
(such as learning facts or simple associations), whereas
studying examples will improve learning in situations where
there are multiple pieces of information available and
selectivity is necessary (such as when learning skills or
procedures). We report evidence from a laboratory study using
naturalistic materials showing results consistent with these
predictions.
Keywords: practice; retrieval; study; worked-examples

Introduction
When repeated studying of the same materials is replaced
by testing or retrieval practice, memory and learning are
enhanced (Roediger & Karpicke, 2006; Roediger, Agarwal,
McDaniel, & McDermott, 2011). For example, when
learning Swahili-English translations, instead of repeatedly
studying word pairs like “kazi - work”, learning would be
improved by replacing some of the trials with testing: “kazi ???”. This general finding of a retrieval practice effect has
been consistently described in the literature using different
materials such as word lists, text passages, novel facts, and
language word pairs.
Although there is currently no agreed-upon mechanism for
this effect, it is thought to result from changes to the memory
trace associated with practice not present when re-reading.
Possible mechanisms include the elaboration of the original
memory with additional information (e.g., Carpenter, 2009),
increased retrieval cues (e.g., Lehman, Smith, & Karpicke,
2014), increased retrieval strength (e.g., Bjork & Bjork,
1992), or transfer-appropriate processing (e.g., Thomas &
McDaniel, 2007). Importantly, prior theories of retrieval
practice assume that the underlying learning mechanism
applies to all content in the same way. What to do, then, with
evidence that although retrieval practice improves learning in
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worked examples would improve learning. They proposed
that worked examples improve learning of complex problems
by reducing cognitive load, whereas practice would improve
learning of simpler materials that do not pose the same level
of cognitive load. However, as Karpick and Aue (2015, see
also Rawson, 2015) pointed out, this explanation does not
capture all the evidence. For example, there is ample
evidence that retrieval practice improves learning of complex
texts (Rawson & Dunlosky, 2011). Ultimately, problem
complexity is hard to operationalize, and a lot of the
discussion has centered around what constitutes complexity
(Karpick & Aue, 2015; Rawson, 2015).
Here we take a different approach. We address this
apparent contradiction by empirically testing a possible
flexible mechanism that can yield best learning outcomes
from retrieval practice in some situations, and from studying
examples in others. Our proposal is that retrieval practice
improves memory processes and strengths associations,
whereas studying examples improves inference processes
and information selection for encoding. Thus, when problems
include information that must be inferred, combined, or
selected from among a complex set of possible pieces of
information, studying examples will improve learning. In
other situations, retrieval practice will improve learning. This
proposal is consistent with previous work showing that
retrieval practice improves learning of associations, such as
paired associates or text that learners should try to retrieve
either verbatim or by putting together several pieces of
information (e.g., Karpicke & Blunt, 2011). Conversely,
studying examples improves learning of knowledge that
requires learners to infer or provide answers to multi-step
problems or applying procedures (e.g., learning to calculate
the area of a geometric solid, Salden, Koedinger, Renkl,
Aleven, & McLaren, 2010).
Importantly, this proposal requires careful identification of
which type of knowledge is being used. Associations can be
complex and inference-based problems can be simple.
Instead, we use the knowledge nomenclature and
classification proposed by the Knowledge Learning
Instruction framework (KLI; Koedinger, Corbett, & Perfetti,
2012). The KLI framework proposes that learning depends
on knowledge and includes a precise classification system for
knowledge. Based on analyses from over 360 in vivo studies
using different knowledge content, KLI relates knowledge,
learning, and instructional events and presents a framework
to organize empirical results and make predictions for future
research. According to KLI, Instructional Events are
activities designed to create learning. Textbooks, lectures and
tests/quizzes are examples of commonly used Instructional
Events in educational practice. These Instructional Events in
turn give rise to Learning Events -- changes in cognitive and
brain states associated with Instructional Events. KLI
identifies three types of Learning Events: Memory and
fluency-building processes, induction and refinement
processes, and understanding and sense-making processes.
These changes in cognitive and brain states influence and are
influenced by the Knowledge Components (KCs) being

learned. A KC is a stable unit of cognitive function that is
acquired and modifiable. In short, KCs are the pieces of
cognition or knowledge and are domain-agnostic. Although
Learning Events and Knowledge Components cannot be
directly observed, they can be inferred from Assessment
Events, or outcome measures, such as exams and discussions.
KLI also offers a taxonomy for KCs based on how they
function across Learning Events and relates differences in
KCs with differences in Learning Events. In this way, KCs
can be classified based on their application and response
conditions. Some KCs are applied under unvarying, constant
conditions (e.g., paired-associates), while others are applied
under variable conditions (e.g., rules). Similarly, the response
of the KC can be a single value or constant such as a category
label, or it can vary as a function of the variable information
extracted in the condition, such as calculating the area of a
geometric solid. Thus, according to KLI, facts such as “the
capital of France is Paris” are constant application and
constant response KCs because there is only one single
application of the KC and there is only one response.
Moreover, facts require verbatim retrieval and application of
studied information (e.g., write the word “Paris” when
prompted for the capital of France). Conversely, skills such
as equation solving are variable application and variable
response KCs because there are multiple different problems
that can elicit the same equation solving KC and there are
multiple ways to apply this KC across different problems. In
this sense, skills require creating generalizations beyond the
studied information (e.g., solving an equation that one never
saw, using a generalization extracted from studying many
examples).
By connecting the type of Learning Event and the
associated learning processes with the type of KC being
learned, the KLI framework further suggests causal links
between instructional principles (e.g., “retrieval practice”,
“worked-example study”), and changes in learner
knowledge. For simple constant KCs such as facts, memory
and fluency processes are more relevant. Conversely, for
variable KCs such as skills, induction and refinement
processes are more relevant. Different learning processes will
be optimized by different types of instructional principles,
e.g., retrieval practice for facts and studying examples for
skills. Thus, different types of KCs will interact with different
types of Instructional Principles to create different learning.
Following KLI’s framework and nomenclature
convention, our proposal is that retrieval practice will be
particularly beneficial when learning facts (”Paris is the
capital of France”), whereas studying worked examples will
be particularly beneficial when learning skills such as
equation solving.
In the context of facts (“What is the capital of France?”),
learners need to successfully encode all of the information
presented and be able to retrieve it later. Learning facts only
requires learning the specific pieces of single practice items
but does not require any synthesis across practice items.
Conversely, in the context of skills (“Calculate the area of a
rectangle with the following measurements”), learners need
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to generalize their knowledge across a series of studied
instances. In this sense, learning skills requires identifying
which pieces of the information are relevant for encoding and
which are not. Put another way, when learning facts all
presented information is critical and should be encoded,
whereas when learning skills, only a subset of the presented
information is relevant to forming an effective generalized
skill. Finally, this theoretical proposal is also consistent with
procedural differences between research on retrieval practice
and example study. Research on retrieval practice generally
tests learners’ memory on the information presented in
repeated trials, whereas research on worked examples

Participants were randomly assigned to one of four
conditions: Practice-Only Training of Facts (N = 32),
Study+Practice Training of Facts (N = 23), Practice-Only
Training of Skills (N = 20), and Study+Practice of Skills (N
= 28).
Data from 8 participants were excluded due to failure to
complete the entire experiment (5 from the Practice-only
Training of Facts condition, 1 from the Study+Practice
Training of Facts condition, and 2 from the Practice-Only
Training of Skills condition). The final sample included 95
participants.
Apparatus and stimuli Participants learned how to

Figure 1: Examples of training trials for trapezoid area. (A) Fact practice trial, (B) Fact-based study trials, (C) Skill practice
trial, and (D) Skill study trial.
generally uses different examples of the same concept in each
trial.
To test this hypothesis, in this paper we compare learning
outcomes following training of facts and skills, using
retrieval practice (Practice-Only) or examples (StudyPractice). For this purpose, we use an equivalent domain and
topic (geometry learning), but vary whether learning focuses
on fact acquisition (e.g,, “what is the formula to calculate the
area of a triangle?”), or skill acquisition (e.g. “what is the area
of the triangle below?”).

calculate the area of geometrical shapes (rectangle, triangle,
circle, and trapezoid).
We created two multiple-choice tests to be used as
pre/posttest. In each test, there were 4 questions about each
geometrical shape for a total of 16 questions. For each shape,
two questions focused on fact-based knowledge (e.g., ”What
is the formula to calculate the area of the rectangle?”), and
two focused on skill-based knowledge (e.g., ”What is the area
of a rectangle that is 9 ft wide and 15 ft long?”). Some
problems included images and others only text. The problems
in the two tests were created to be equivalent.
The training phase involved study of examples and practice
memorizing the formulas (Fig 1A) or calculating the area (Fig
1C), depending on the condition (see below for details). In
each trial, participants were presented with either a problem
to complete or an example to study. For facts the examples
were simply the response to the question (see Fig 1A),
whereas for skills the examples included the worked out steps
to complete answer the problem (see Fig 1D). We created a

The Experiment
Method
Participants A total of 103 participants volunteered to
participate in this study through Mechanical Turk. The whole
study took approximately 20 minutes and participants were
paid $3.00. No demographic information was collected.
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total of 24 problems (6 per geometrical shape) for each
condition. During training, participants were asked to input
their answers and no feedback was provided.
To fill the time between training and test, participants
completed a series of trivia questions retrieved from the
updated and expanded Nelson and Narens (Nelson & Narens,
1980) norms developed by Tauber et al. (2013). Questions of
all difficulties were randomly selected to be presented.

calculations. No feedback was presented. Which problems
were used was randomized for each participant.
Following the 16 training trials (4 per geometrical shape),
participants completed 30 trivia questions randomly selected
from a sample of 299 questions. Because we kept the number
of questions and not time constant, the duration of this
retention interval varied across participants depending on
how fast they answered the questions. Immediately following
the trivia questions participants completed the other multiplechoice test as the posttest. Which of the two tests was used as
the pretest and which was used as the posttest was
counterbalanced across participants.

Design and Procedure Participants started by completing
one of the multiple-choice tests as the pretest. Immediately
following the pretest participants started the training phase.
During the training phase participants were told that their task
was to study the examples and complete the activities in order
to learn about the area of these geometrical shapes. For all
conditions, problems were presented blocked by geometrical
shape, order randomized. The first trial for each geometrical
shape was always a study trial in which participants studied
an example of a question along with the correct response. In
the practice-only conditions participants then completed 3
practice trials for the same geometrical shape before moving
to the next geometrical shape. In the study-practice
conditions participants then completed a practice test,
followed by another study trial, and a final practice test before
moving on to the next geometrical shape. When learning facts
participants were asked to type the correct formula, when
learning skills participants were asked to type the area after

Results and Discussion
Pretest Overall, participants’ pretest performance was
moderate (M = 0.59 and 0.60, for facts and skills,
respectively) and did not differ for facts vs. skills t (188) =
1.26, p = .208.
Pre-Post Change We analyzed posttest performance
controlling for pretest performance for each type of trained
concept (skills vs. facts), training type (Practice-only vs.
Study-Practice), and type of test questions (skills vs. facts).
Data were analyzed by fitting a linear mixed-effects model
predicting posttest score, using pretest score and duration of
retention interval as continuous predictors and type of
concept, type of question, and study condition as categorical
predictors, as well as their interaction terms. We included

Figure 2: Pre-post change results for different types of concepts and training tasks. Error bars represent the standard error
of the mean.
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retention interval as a predictor because we did not control its
duration and previous research has suggested that the benefit
of practice study is moderated by duration of the retention
interval (Pan, Gopal, & Rickard, 2016). Although we did not
find any difference in pretest scores, including the pretest as
a covariate controls for potential differences in previous
knowledge between the groups, despite random assignment.
For simplicity, we plot pre-post change instead of posttest
and pretest values.
As it can be seen in Figure 2, we saw a significant
interaction between the type of concept studied and the type
of training, β = 0.41, t(124.53) = 2.09, p = .038, d = 0.38.
Thus, whether more practice or study led to better learning
depended on the type of concept being learned (skills vs.
facts).
However, we found no 3-way interaction with type of test
question β = 0.03, t(68.73) = 0.133, p = .894, d = 0.03,
suggesting that this effect is not specific to the type of
question being asked and there is some transfer from best
learning of skills to fact questions and vice-versa.
Interestingly, although fact questions were slightly easier
than skill questions β = 0.20, t (70.33) = 2.05, p = .044, d =
0.49, overall performance after learning facts was not
different from overall performance after learning skills, β =
0.24, t (124.86) = 1.88, p = .063, d = 0.34.
Finally, contrary to some theoretical predictions, we found
no interaction between type of training and retention interval,
β = 0.01, t(124.52) = 0.834, p = .410, d = 0.15, and
participants’ accuracy responding to fact vs. skill test
questions did not vary with retention interval duration, β =
0.02, t(70.79) = 1.38, p = .173, d = 0.33. Overall, performance
following learning facts was slightly worse after longer
delays than short delays with no effect of delay for learning
skills, β = 0.03, t (124.74) = 2.20, p = .030, d = 0.35. There
were no other effects of retention interval or interactions.

relevant information. Studying examples -- as opposed to
further retrieval practice -- can play a key role in this aspect.
Mechanistically, our proposal is that studying examples
guides attention and selectivity towards a subset of the
presented information. Subsequent retrieval practice will
improve memory and consolidation of this selected
information. In this context, when learning facts, no
selectivity is required and thus studying examples will not
contribute to better learning outcomes, and might even delay
it. Conversely, when learning skills, retrieval practice without
substantial time dedicated to studying examples could lead to
strengthening encoding and consolidation of irrelevant
information that does not allow for successful induction and
generalization, thus resulting in worse learning outcomes.
In sum, the hypothesis put forward here is that studying
examples changes the learning process by introducing
selectivity about what is relevant and should be encoded. This
change, however, is only going to be beneficial if the learning
context requires it. That is, increased selectivity of encoding
introduced with further study of worked examples will not
positively influence learning when the information presented
is reduced or no generalization is required. Finally, this
proposal is also consistent with procedural differences
between research on retrieval practice and example study;
whereas research on retrieval practice has used mostly
repeated information across trials and tested learners'
memory for that information, the research on worked
examples has used mostly different examples of the same
concept in each trial.

Conclusion
A distinctive characteristic of human learning is our
capability to flexibly acquire a wide range of rich and
complex forms of knowledge (e.g., first and second
languages, chess and golf, math and science, collaboration
and learning strategies, etc.) and get better at acquiring new
knowledge as we accumulate knowledge (e.g., learning
physics is much easier after having learned how to read and
do algebra). What flexible learning mechanism makes human
learning this smartly nuanced? Here we started to approach
this question by investigating how the same mechanism can
improve learning outcomes in one situation but not in others.
Finally, by highlighting the adaptive nature of learning, we
hope to not only address outstanding apparent inconsistencies
in the literature, but also provide a mechanistic view of
learning across multiple situations beyond describing what
works (Dunlosky, Rawson, Marsh, Nathan, & Willingham,
2013). Only by moving beyond demonstrations of what
works, towards demonstrations of what works when along
with the precise mechanisms of learning yielding such
interactions will we be able to understand human learning and
improve it where needed.

Discussion
In this paper we demonstrate that learning is flexible and
depending on what is being learned, performance in the same
task can vary substantially.
We proposed that, contrary to some theoretical and
empirical investigations (Roediger & Karpicke, 2006),
learning from practice does not always yield the best
outcomes. In fact, learning by alternating study and practice
yields better outcomes in some situations. However, our
investigation goes beyond this demonstration. We proposed
a mechanism through which this flexibility takes place.
We build on the empirical and theoretical understanding
proposed by KLI (Koedinger et al., 2012) to identify the
specific ways in which the knowledge content changes how
the learning processes involved in the effect of testing
practice operate. The general proposal is that increased
information presented during encoding requires increased
selectivity (identifying relevant elements for encoding) for
successful induction and refinement. Increased selectivity in
turn requires encoding processes that successfully direct the
learner (either intrinsically or extrinsically) towards the

Acknowledgments
This work was supported by a National Science Foundation
grant (BCS-1824257). All data presented here are available

174

from
LearnShepere.org’s
DataShop:
empty
text
https://pslcdatashop.web.cmu.edu/Files?datasetId=5189.

Reder, L. M., & Anderson, J. R. (1982). Effects of spacing
and embellishment on memory for the main points of a
text. Memory & Cognition, 10(2), 97–102.
Renkl, A. (2005). The worked-out-example principle in
multimedia learning. In R. Mayer (Ed.), The Cambridge
Handbook of Multimedia Learning. Cambridge University
Press.
Rickards, J. P., Anderson, M. C., & McCormick, C. B.
(1976). Processing effects of common-word and number
questions inserted in reading materials. The Journal of
Educational Research, 69(7), 274–277.
Roediger, H. L., Agarwal, P. K., McDaniel, M. A., &
McDermott, K. B. (2011). Test-enhanced learning in the
classroom: Long-term improvements from quizzing.
Journal of Experimental Psychology: Applied, 17(4), 382–
395.
Roediger, H. L., & Karpicke, J. D. (2006). Test-enhanced
learning - Taking memory tests improves long-term
retention. Psychological Science, 17(3), 249–255.
Salden, R. J. C. M., Koedinger, K. R., Renkl, A., Aleven, V.,
& McLaren, B. M. (2010). Accounting for Beneficial
Effects of Worked Examples in Tutored Problem Solving.
Educational Psychology Review, 22(4), 379–392.
Sweller, J., & Cooper, G. A. (1985). The Use of Worked
Examples as a Substitute for Problem Solving in Learning
Algebra. Cognition and Instruction, 2(1), 59–89.
Tauber, S. K., Dunlosky, J., Rawson, K. A., Rhodes, M. G.,
& Sitzman, D. M. (2013, December). General knowledge
norms: Updated and expanded from the Nelson and Narens
(1980) norms. Behavior Research Methods, 45(4), 1115–
1143.
Thomas, A. K., & McDaniel, M. A. (2007). The negative
cascade of incongruent generative study-test processing in
memory and metacomprehension. Memory & Cognition,
35(4), 668–678.
van Gog, T., Paas, F., & van Merrie ̈nboer, J. J. G. (2006).
Effects of process-oriented worked examples on. Learning
and Instruction, 16, 154–164.
van Gog, T., & Kester, L. (2012). A test of the testing effect:
acquiring problem‐solving skills from worked examples.
Cognitive Science, 36(8), 1532-1541.
van Gog, T., & Sweller, J. (2015). Not new, but nearly
forgotten: The testing effect decreases or even disappears
as the complexity of learning materials increases.
Educational Psychology Review, 27(2), 247-264.
van Merriënboer, J. J. G., & Sweller, J. (2005). Cognitive
Load Theory and Complex Learning: Recent
Developments and Future Directions. Educational
Psychology Review, 17(2), 147–177

References
Bjork, R. A., & Bjork, E. L. (1992). A new theory of disuse
and an old theory of stimulus fluctuation. In From learning
processes to cognitive processes: Essays in honor of
William K Estes (Vol. 2, pp. 35–67). Hillsdale, NJ:
Erlbaum.
Carpenter, S. K. (2009). Cue strength as a moderator of the
testing effect: The benefits of elaborative retrieval. Journal
of Experimental Psychology: Learning, Memory, and
Cognition, 35(6), 1563–1569. doi: 10.1037/a0017021
Dunlosky, J., Rawson, K. A., Marsh, E. J., Nathan, M. J., &
Willingham, D. T. (2013). Improving Students’ Learning
With Effective Learning Techniques. Psychological
Science in the Public Interest, 14(1), 4–58. doi:
10.1177/1529100612453266
Karpicke, J. D., & Blunt, J. R. (2011). Retrieval Practice
Produces More Learning than Elaborative Studying with
Concept Mapping. Science, 331(6018), 772–775.
Karpicke, J. D., & Aue, W. R. (2015). The testing effect is
alive and well with complex materials. Educational
Psychology Review, 27(2), 317-326.
Koedinger, K. R., Corbett, A. T., & Perfetti, C. (2012). The
Knowledge-Learning-Instruction Framework: Bridging
the Science-Practice Chasm to Enhance Robust Student
Learning. Cognitive science, 36(5), 757–798.
Lehman, M., Smith, M. A., & Karpicke, J. D. (2014). Toward
an Episodic Context Account of Retrieval-Based Learning:
Dissociating Retrieval Practice and Elaboration. Journal of
Experimental Psychology: Learning, Memory, and
Cognition, 40(6), 1787–1794.
McNamara, D. S., & Kintsch, W. (1996). Learning from
texts: Effects of prior knowledge and text coherence.
Discourse Processes, 22(3), 247–288.
Nelson, T. O., & Narens, L. (1980). Norms of 300 generalinformation questions: Accuracy of recall, latency of
recall, and feeling-of-knowing ratings. Journal of Verbal
Learning and Verbal Behavior, 19(3), 338–368.
Pan, S. C., Gopal, A., & Rickard, T. C. (2016). Testing with
feedback yields potent, but piecewise, learning of history
and biology facts. Journal of Educational Psychology,
108(4), 563–575.
Pavlik, P. I., & Anderson, J. R. (2008). Using a model to
compute the optimal schedule of practice. Journal of
Experimental Psychology: Applied, 14(2), 101–117
Rawson, K. A. (2015). The status of the testing effect for
complex materials: Still a winner. Educational Psychology
Review, 27(2), 327-331.
Rawson, K. A., & Dunlosky, J. (2011). Optimizing schedules
of retrieval practice for durable and efficient learning: How
much is enough?. Journal of Experimental Psychology:
General, 140(3), 283.
Reder, L. M. (1980). A comparison of text and their
summaries: memory consequences. Journal of Verbal
Learning and Verbal Behavior, 134, 121–134.

175

Effects of Iconicity in Recognition Memory
David M. Sidhu (dmsidhu@gmail.com)
Carleton University, Ottawa, Canada
University College London, London, UK

Gabriella Vigliocco (g.vigliocco@ucl.ac.uk)
University College London, London, UK

Abstract

for language users. Iconicity has been shown to affect
language acquisition, with iconic words being acquired
earlier (Perry et al., 2015; Sidhu et al., 2021), as well as used
more often by adults when speaking to young infants (e.g.,
Vigliocco et al., 2020). It appears that the imitative link
between form and meaning may help children acquire iconic
words.
Neuroimaging work has shown that iconic words recruit
different brain areas as compared to non-iconic words
(Hashimoto et al., 2010; Kanero et al., 2014; Revill et al.,
2014). In addition, EEG work has shown that processing
iconic vs. non-iconic words leads to observable differences
in brain signatures (e.g., Lockwood & Tuomainen, 2015;
Peeters, 2016; Vigliocco et al., 2019). This has been
interpreted by some as an integration of iconic words’
phonologies with the sensory properties that they resemble
(e.g., Lockwood & Tuomainen, 2015).
Recent work has also shown behavioural differences in
responses to iconic vs. non-iconic words. Meteyard et al.
(2015) found that iconic words were responded to faster on a
naming as well as an auditory lexical decision task (i.e., is
this a word or a nonword?). Sidhu et al. (2020) also found
that participants were faster and more accurate when
responding to iconic words on a visual lexical decision task
as well as a phonological lexical decision task (i.e., does the
sound of this letter string correspond to a real word?).
In the present study we follow up on this in the domain of
recognition memory. Our motivation for doing so was
twofold. For one, there is a tradition of sensory experience
(as measured by concreteness and imageability ratings)
affecting recognition memory (see Khanna & Cortese, 2021).
This invites the question of how a property that depicts
sensory experience would affect memory. In addition, as we
will discuss below, the encoding phase of a recognition study
allows for manipulations of how stimuli are processed,
creating the opportunity for theoretically incisive
comparisons.

Iconicity refers to a resemblance between word form and
meaning. Previous work has shown that iconic words are
learned earlier and processed faster. Here we examined
whether iconicity would also affect a recognition memory task.
We also manipulated the level at which items were encoded—
with a focus on either their meaning or their form—in order to
gain insight into the mechanism by which iconicity would
affect memory. In comparison with non-iconic words, iconic
words were associated with a higher false alarm rate, a lower
d’ score, and a lower criterion C. We did not observe any
interaction between iconicity and encoding condition. We also
conducted an analysis of recognition memory megastudy data
and found that iconicity was predictive of higher false alarms
and a lower criterion C across 1,646 items. We interpret these
results as suggesting that iconicity leads to a feeling of
familiarity in recognition memory.
Keywords: iconicity; recognition memory; sound symbolism;
levels of processing

Introduction
Iconicity
Iconicity refers to the presence of imagistic links between
form and meaning in language (see Dingemanse et al., 2015;
Murgiano et al., 2021; Perniss et al., 2010). Our chief concern
here is phonological iconicity—instances in which the forms
of words (i.e., their sound and/or articulation) resemble their
meaning in some way. An example of this is onomatopoeia,
in which sound directly imitates meaning (e.g., splash, bang,
mumble). However, iconicity can also manifest in analogical
crossmodal links such as in teeny (whose high pitch is
evocative of smallness) or gooey (which is evocative of
stickiness). Iconicity stands in opposition to the arbitrariness
of the sign (Saussure, 1916): the dictum that there is no
special connection between the form of a word and its
meaning.
Iconicity has now been shown to exist beyond
onomatopoeia (which has long been accepted as an instance
of iconicity; see Saussure, 1916). It has been observed in
words for body parts (Johansson et al., 2020; Joo, 2020),
objects of different shapes (Sidhu et al., 2021), and adjectives
of size (Winter & Perlman, 2021) and texture (Winter et al.,
2021). These demonstrations have included analyses within a
single language, and across languages.
In addition to demonstrating that iconicity exists, the field
has also begun to show that it has observable consequences

Memory
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There has not been a great deal of work examining effects of
iconicity in memory. Sonier et al. (2020) found that
participants had better memory for nonword-shape pairs if
the pairs were iconically related (e.g., a round-associated
nonword like bouba with a round shape). Similarly,
Lockwood et al. (2016) found that participants were better
able to learn pairings between foreign words and meanings if
they were iconic.
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In the present study we examined recognition memory for
known words. This allowed us to examine the contribution of
an individual word’s iconicity to memory. We were also able
to avoid complications arising from participants having to
learn a new pairing.
There has been recent work showing that various lexicalsemantic variables that affect lexical decision performance
also play a role in recognition memory (e.g., Lau et al., 2018).
Most relevant for the current study, Khanna and Cortese
(2021) showed that imageability and concreteness both
improved recognition memory performance. The authors
interpreted these results as evidence that “recognition
memory benefits to the extent to which a word can evoke a
mental image” (p. 628). With this in mind, it is plausible to
expect a benefit from iconicity as well. Murgiano et al. (2021)
suggested that iconicity serves to bring referents “to the
mind’s eye” (p. 2). For example, the word splash imitates the
sound of water, bringing those properties into the linguistic
context in the absence of any actual water.
In addition, we made use of the levels of processing
paradigm (see Craik, 2002), by manipulating the level at
which items were encoded. In this paradigm, participants are
either encouraged to encode items in a deep manner (i.e.,
focusing on word meaning) or a shallow manner (i.e.,
focusing on word form). Deeper encoding is expected to
result in a higher quality memory trace, that then has a higher
chance of being retrieved at test. Indeed, this is what is
typically observed.
This manipulation may help pinpoint the mechanism of
iconicity effects as this is still unknown. One proposal is that
iconic words enjoy extra links between the semantic system
and modality-specific features (Meteyard et al., 2015). That
is, the word splash may be associated with the auditory
sensations that it imitates. Another, non-mutually exclusive,
possibility is that the links between phonology and semantics
are more direct or robust in iconic words (Meteyard et al.,
2015; Sidhu et al., 2020). That is, because an iconic word’s
phonology has an imitative link with its meaning, these links
may be special in some way, and lead to a benefit in
processing. However, experimental manipulations by Sidhu
et al. (2020) aimed at directing participants towards
phonology (vs. orthography) only marginally increased the
iconicity effect.
If it is true that effects of iconicity derive from links
between phonology and semantics, then directing
participants to focus on words’ phonologies may be a “less
shallow” task for iconic vs. non-iconic words. That is,
focusing on the sound of splash may also entail a greater
amount of semantic processing, because of the special link
between phonology and semantics. This would result in a
better memory trace for iconic vs. non-iconic items encoded
while focusing on words’ forms. Thus, if any memory
benefits observed for iconic words derive from special
phonology-semantic links, then the difference between deep
and shallow encoding conditions should be attenuated for
iconic items.

The Present Study
In the present study we examined whether the special nature
of iconic words would lead to better recognition memory. In
addition, we explored whether this benefit would arise from
words’ phonologies. To that end we manipulated whether
participants encoded words with a focus on their meanings or
their forms.

Methods
Participants
Based on an a priori power analysis, we aimed for a sample
of 132 participants. This power analysis, along with the
methods for this study, were preregistered and can be found
at: https://osf.io/ujeyz. Participants were recruited through
the online platform Prolific (https://www.prolific.co/). All
participants reported being fluent in English, and normal or
corrected to normal vision. After eliminating participants
who failed our attention checks we were left with a sample of
127 participants (85 male, MAge = 25.79, SDAge = 7.56).

Materials
Our stimuli consisted of 160 words: 80 iconic items and 80
non-iconic items. This was based on an unpublished set of
iconicity
ratings
retrieved
from
here:
(https://github.com/bodowinter/iconicity_ratings).
Words
were rated on a scale ranging from one (non-iconic; i.e.,
arbitrary) to seven (iconic). We selected our iconic items
from words with a rating > 5.5, and our non-iconic items with
from words with a rating < 2.5. Iconic and non-iconic items
were also matched on log subtitle frequency (Brysbaert &
New, 2009), length, orthographic Levenshtein distance,
phonological Levenshtein distance (Yarkoni et al., 2008),
concreteness (Brysbaert et al., 2014), valence (Warriner et al.,
2013), mean bigram frequency, number of phonemes,
number of syllables, number of phonological neighbours and
ease of articulation (collected as pilot data). See Table 1.
Stimuli were further separated into Lists A and B—each of
these lists contained 40 iconic and 40 non-iconic items, and
were matched on all of the variables mentioned.
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Table 1: Mean item properties (SD in parentheses)
Property
Iconicity
Length
Frequency
OLD
PLD
Concreteness
Valence
Bigram Frequency
Number of Phonemes
Number of Syllables
Phonological Neighbours
Articulation Difficulty

Non-Iconic
2.15 (0.29)
5.74 (1.25)
2.13 (0.51)
2.10 (0.45)
1.94 (0.57)
3.73 (0.99)
5.21 (0.92)
1586 (616.07)
4.76 (1.15)
1.74 (1.74)
5.43 (7.04)
2.00 (0.49)

Iconic
5.98 (0.35)
5.85 (1.25)
2.04 (0.52)
1.99 (0.45)
1.80 (0.51)
3.67 (0.60)
5.05 (1.03)
1451 (624.24)
4.66 (1.10)
1.63 (1.62)
5.48 (7.04)
1.91 (0.46)

Procedure
Participants took part online, through the platform Gorilla
(https://gorilla.sc/). They were first presented with an
encoding task, in which they saw items from either List A or
List B (list assignment was random), one at a time. There
were two encoding conditions: a deep and a shallow
condition, assignment to which was random. In the deep
condition (henceforth semantic condition), participants were
asked to rate the valence of each word from one (very
unpleasant) to five (very pleasant). In the shallow condition
(henceforth articulatory condition) participants were asked to
rate how difficult each word was to articulate from one (very
easy) to five (very difficult). We chose this manipulation to
direct participants to words’ forms and expected this task to
focus participants on words’ articulation and phonology.
Following this, participants solved ten addition problems
as a distractor task. They then took part in a recognition task
in which they saw all 80 studied words, along with 80
unstudied words (e.g., List B if they had studied List A), in a
random order. For each word, their task was to indicate if they
had seen the word before (old) or not (new).

distance, valence, bigram frequency, ease of articulation and
age of acquisition (Kuperman et al., 2012) as control
variables. Continuous predictors were scaled. Models also
included a random subject slope for iconicity, a random item
slope for encoding condition, as well as random subject and
item intercepts.

Hits
The analysis of correct responses on old trials revealed a
significant effect of encoding condition (b = 0.26, p < .001).
Items encoded in the semantic condition were more likely to
be correctly identified as old. There was not a significant
effect of iconicity (b = 0.06, p = .25), nor an interaction
between iconicity and encoding condition (b = -0.02, p = .50).
See Figure 1. Participants were also more accurate when
responding to items learned at a younger age (b = -0.18, p <
.001).

Figure 1: Mean participant hit rates by iconicity and
encoding condition.

False Alarms

Results

We next predicted the likelihood of an incorrect response on
new trials. That is, the likelihood of incorrectly indicating that
a new item had been previously seen. The random slope for
encoding condition was removed to address a singular fit.
This model revealed a significant effect of iconicity (b = 0.46,
p < .001). Participants were more likely to false alarm to
iconic items. There was not a significant effect of encoding
condition (b = -0.14, p = .14), nor a significant interaction
between iconicity and encoding condition (b = -0.04, p =
.23).1 See Figure 2. Participants were also more likely to false
alarm to longer (b = 0.49, p < .001) and less phonologically
distinct items (b = -0.40, p = .002).

The data were analyzed using R software (R Core Team,
2021). We first conducted logistic mixed effects regressions
on recognition task performance, separately for old and new
trials. Models were run using the packages “lme4” (Bates et
al., 2015), “lmerTest” (Kuznetsova et al., 2017), and “afex”
(Singmann et al., 2021). The data and code for all analyses
can be found here: https://osf.io/ce6wb/. The dependent
variable was whether a word was correctly classified as either
old or new. Our predictors of interest were each word’s
iconicity (iconic vs. non-iconic), encoding condition
(semantic vs. articulatory), as well as an interaction between
these variables. Iconicity and encoding condition were effects
coded to allow interpretation of main effects. We also
included: length, frequency, phonological Levenshtein
1 Note that we ran a version of these analyses that treated iconicity
as a continuous predictor. This also did not change the pattern of
results.
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Figure 3: Mean participant d’ Scores by iconicity and
encoding condition.

Figure 2: Mean participant false alarm rates by iconicity
and encoding condition.

d’ Score

Criterion C

We next computed a d’ score (1) for each participant,
separately for iconic and non-iconic items. This serves as an
overall measure of a participant’s ability to distinguish old
and new items.

We also calculated each participant’s criterion C (2) for
iconic and non-iconic items. This is a measure of response
bias, capturing an individual’s willingness to say that they
have previously seen an item. Lower values indicate a more
liberal response threshold.

d’ = zHit Rate – zFalse Alarm Rate (1)
We then ran an ANOVA with d’ as the dependent variable,
with iconicity, encoding condition, and their interaction, as
predictors. Note that because ANOVAs must be done on
subject means, we were not able to control for item level
properties. Nevertheless, this analysis revealed a significant
effect of iconicity (F[1, 125] = 64.80, p < .001) and
encoding condition (F[1, 125] = 10.39, p = .002). The
interaction was not significant (F[1, 125] = 1.28, p = .26).
The nature of these main effects was that participants had a
higher d’ score for non-iconic items (M = 2.15, SD = 0.83)
than iconic items (M = 1.76, SD = 0.85), and that those in
the semantic encoding condition had a higher d’ score (M =
2.17, SD = 0.92) than those in the articulatory encoding
condition (M = 1.73, SD = 0.56). See Figure 3.

C = - [z(Hit Rate) + z(False Alarm Rate)]/2 (2)

We then ran an ANOVA with criterion C as the dependent
variable, with iconicity, encoding condition, and their
interaction, as predictors. This revealed a significant effect
of iconicity (F[1, 125] = 190.14, p < .001). The effect of
encoding condition (F[1, 125] = 2.63, p = .11) and the
interaction, were not significant (F[1, 125] = 2.91, p = .09).
The nature of the main effect of iconicity was that
participants set a significantly lower response criterion for
iconic items (M = -0.10, SD = 0.37) than for non-iconic
items (M = 0.27, SD = 0.35). See Figure 4.
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Iconicity and Recognition Memory
We now consider these results in the context of existing
theories of recognition memory. Such theories can be divided
into dual- or single-process theories (Cortese et al., 2015).
Dual-process theories propose that responses on a
recognition task are determined by how familiar an item
feels, and whether participants can recollect having seen the
item earlier (see Yonelinas, 2002). Familiarity is understood
to be driven by the ease with which an item’s features can be
activated at test, while recollection requires an individual to
identify the episodic memory of encountering the item.
Viewing our results from this perspective, we might
propose that iconic words resulted in a greater feeling of
familiarity. This would explain why they were associated
with increased false alarms. Such an interpretation would be
consistent with the view that iconic words more readily
activate sensory features. At first glance, this contrasts with
previous reports that concreteness and imageability—other
variables related to sensory features—improve memory by
increasing hits and lowering false alarms (Khanna & Cortese,
2021). However, there are important differences between
iconicity and these variables. Concreteness and imageability
quantify the amount of sensory experience associated with a
word’s referent. Conversely, iconicity is a property that itself
depicts sensory experience, serving to bring that experience
“to the mind’s eye” (Murgiano et al., 2021, p. 2) in the
absence of a word’s referent.
Another important point is that iconicity tends to evoke
auditory sensory experience rather than visual experience
(Winter et al., 2017). 2 This would certainly contrast with
imageability. Note that Khanna and Cortese (2021) found
perceptual strength (i.e., the amount of sensory experience
associated with a concept in its dominant modality; thus
including non-visual sensory experience) did not improve
memory performance.
An ideal way for future work to test the proposal that
iconicity results in a greater feeling of familiarity would be
with a remember/know judgment task (see Yonelinas, 2002).
In this task, after categorizing an item as old, participants
make a further judgment as to whether they remember seeing
the item (i.e., recollection) or simply know that they have
seen the item, in the absence of a specific memory (i.e.,
familiarity). This would allow us to test for the separate
effects of iconicity on recollection and familiarity.
In addition to increasing false alarms, iconicity also
appeared to lower a participant’s response criterion. This
suggests that participants were more ready to indicate that
they had previously seen an item when it was iconic. There is
not a great deal of existing literature on item level properties
affecting response bias. However, Adelman and Estes (2013)
observed a lower criterion for negatively valanced items. This
was interpreted as an over-confidence when responding to
negative items. In addition, Cortese et al. (2010) observed a

Figure 4: Mean participant Criterion C by iconicity and
encoding condition.

Analysis of Memory Megastudies
In order to examine whether these patterns would emerge in
a different list context, we made use of two existing
recognition memory megastudies (Cortese et al., 2010;
Cortese et al., 2015). In these studies, participants memorized
one of several lists of 50 words, and then were tested on a list
of 100 words. Depending on the study, words were either all
monosyllabic or disyllabic. We examined whether published
iconicity ratings (Perry et al., 2015; Winter et al., 2017),
would be predictive of memory performance, after
controlling for: length, log subtitle frequency (Brysbaert &
New, 2009), orthographic Levenshtein distance (Yarkoni et
al., 2008), valence (Warriner et al., 2013), concreteness
(Brysbaert et al., 2014) and age of acquisition (Kuperman et
al., 2012). Analyses were performed on a list of 1,646 words
for which all values were available. All predictors were
standardized.
We found that iconicity was predictive of a higher false
alarm rate (b = 0.008, p < .001), and a lower criterion C (b =
-0.02, p < .001). Iconicity was only a marginal predictor of
hits (b = .004, p = .06), and not a significant predictor of d’
scores (b = -0.02, p = .09).

General Discussion
Our main goal was to examine whether iconicity would have
an effect on recognition memory. We found that iconic words
had a higher false alarm rate than non-iconic words. In
addition, iconic words had a lower d’ score and criterion C
than non-iconic words. Notably, these results did not interact
with encoding condition. In addition, a supplementary
analysis of recognition memory megastudies found that
across 1,646 items, iconicity was associated with a higher
false alarm rate, and a lower criterion C, in line with the
results of the experiment reported here.
2 Indeed, our iconic items had significantly greater auditory
perceptual strength (M = 1.96) compared to non-iconic items (M =
1.36; b = 0.59, p = .003; Lynott et al., 2020).
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lower response criterion for words that were more imageable,
more phonologically distinct, and had a greater number of
phonological neighbours. These suggest that participants’
response bias to individual items can be impacted by
phonological and semantic variables.
It is also possible to view recognition memory results from
a single-process account. In these accounts, items
encountered at test produce some output value, and when this
value is above a certain threshold the item is categorized as
old. One example of such a theory is McClellend and
Chappell’s (1998) item noise account. According to this
account, the encoding of a given item is based on a subset of
its features being stored in memory. Then, at test, an item is
responded to as previously seen if a certain number of its
features match those previously stored. Notably, this account
predicts a large effect of item similarity on recognition
memory. When new items encountered at test have many
features in common with those studied at test, this should lead
to increased false alarms. This would be one way of
explaining the increased false alarms for iconic items.
Because half of the items studied were iconic, assuming there
is a great deal of semantic overlap among these items3, this
should lead to more false alarms for iconic items at test.
However, this would not explain why iconicity was also
associated with increased false alarms in the megastudy
datasets. In fact, previous work has shown that iconic items
tend to be more semantically unique when compared to the
lexicon in general (Sidhu & Pexman, 2018). This makes it
unlikely that the higher false alarm rate in the megastudy
datasets was due to semantic similarity among items.
The main conclusion from this experiment is that iconicity
increases participants’ willingness to respond that they have
seen an item before, even if they have not. We interpret this
as being due to a greater feeling of familiarity for iconic
items, perhaps due to the activation of sensory experience via
phonology.

The fact that iconicity did not interact with encoding
condition goes against the idea that effects of iconicity
emerge via phonological-semantic links. However, it is
important to note that the effects of iconicity that we did
observe (i.e., in false alarms and criterion C) are localized to
the recognition phase (as opposed to the encoding phase).
False alarms occur to items only seen in the recognition
phase, and criterion C is set during the recognition phase.
Thus, we would not in fact expect iconicity to interact with a
manipulation of encoding for either of these measures.
Indeed, there was not a significant effect of encoding
condition on either false alarms or criterion C. An
informative follow up would be to manipulate the conditions
under which participants retrieve information. Perhaps
having participants focus on words’ forms at retrieval would
amplify the effect of iconicity on false alarms.

Conclusions
There is clearly much work to be done understanding the
effects of iconicity on recognition memory. The present work
was a first step in this regard, by showing that participants are
more likely to false alarm to, and set a lower response
criterion for, iconic items. This may be indicative of
iconicity’s ability to bring sensory features to the mind’s eye.
These results add to the growing body of work showing that
iconicity has a real and measurable impact on language
processing.
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Abstract
Languages often express grammatical information through
inflectional morphology, in which grammatical features are
grouped into strings of morphemes. In this work, we propose
that cross-linguistic generalizations about morphological fusion, in which multiple features are expressed through one
morpheme, can be explained in part by optimization of processing efficiency, as formalized using the memory–surprisal
tradeoff of Hahn, Degen, and Futrell (2021). We show in a
toy setting that fusion of highly informative neighboring morphemes can lead to greater processing efficiency under our
processing model. Next, based on paradigm and frequency data
from four languages, we consider both total fusion and gradable
fusion using empirical measures developed by Rathi, Hahn, and
Futrell (2021), and find that the degree of fusion is predicted
by closeness of optimal morpheme ordering as determined by
optimization of processing efficiency. Finally, we show that
optimization of processing efficiency can successfully predict
typological patterns involving suppletion.
Keywords: language processing; morphology; information
theory; memory–surprisal tradeoff

Introduction
In human language, grammatical information is often expressed via inflectional morphology, in which a set of grammatical features are encoded in wordforms. For example, in
the English word walked, the suffix –ed expresses the tense feature PAST; we say that the word consists of two morphemes,
the root walk plus the suffix –ed.
Morphological systems have long held a fascination for
the field of linguistics, because they differ widely across languages, while also showing clear universal tendencies. They
are often the target of theoretical models aiming to quantify
their complexity (for example, del Prado Martı́n, Kostić, &
Baayen, 2004; Baerman, Brown, & Corbett, 2015; Bentz,
Ruzsics, Koplenig, & Samardžić, 2016) and to explain their
properties in terms of constraints on complexity (for example, Ackerman & Malouf, 2013; Cotterell, Kirov, Hulden, &
Eisner, 2019).
In this work, we focus on cross-linguistic generalizations
about how information is packaged into morphemes, and in
particular cases where multiple features are expressed simultaneously in a single morpheme—a phenomenon called fusion.1
1 The term ‘fusion’ is used with different senses in the linguistic
literature (Plank, 1999; Brown, 2010). The two major senses are
phonological fusion—when two morphemes appear to be merged
together because of the action of phonological rules—and polyexponence: when a single morpheme expresses multiple features. Our
usage is more aligned with the latter sense.
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We argue that key properties of fusion can be explained in
terms of a recently-introduced theory of linguistic complexity
called the memory–surprisal tradeoff (Hahn et al., 2021),
which is based in information theory and models of online language processing. Previous work has argued that the memory–
surprisal tradeoff can explain certain aspects of the ordering of
morphemes within words (Hahn et al., 2021; Hahn, Mathew,
& Degen, 2022).
Intuitively, the memory–surprisal tradeoff measures how the
predictability of a form trades off with the memory resources
required for processing it. We say a morphological system is
efficient when it allows for favorable tradeoffs. We propose
that cross-linguistic patterns of fusion arise from a pressure for
efficiency in the sense of the memory–surprisal tradeoff—i.e.
that the ETH can predict which features tend to be fused—and
provide empirical evidence to support this hypothesis.
First, we present a model simulation showing how fusion
is related to our notion of efficiency. We demonstrate that
morphological systems are efficient when highly correlated
features are expressed simultaneously as one morpheme; i.e.
when they are polyexponent.
Next, we focus on informational fusion (Rathi et al., 2021),
a graded measure of the extent to which a set of features are expressed together in an unanalyzable morpheme (Brown, 2010;
Bickel, 2001). We show that the memory–surprisal tradeoff
can accurately explain which pairs of features have higher
levels of informational fusion. Furthermore, across languages,
we are able to predict which sets of three features will be
polyexponent, such as tense–aspect–mood (TAM) markers.
Finally, we consider the case of suppletion, in which the
form of a root changes unpredictably based on grammatical
features (Veselinova, 2013). We treat suppletion as fusion
of a grammatical feature with the root, and show that crosslinguistic patterns of which features are suppletive can be
predicted via the memory–surprisal tradeoff on a sample of 17
languages.
The remainder of the paper is structured as follows. First,
we introduce the memory–surprisal tradeoff as a theory of
linguistic complexity, how it can be calculated from linguistic
datasets, and what properties we generally expect from linguistic systems that optimize the tradeoff. Next, we present our
simulations and computational studies in four experiments;
these sections also review the relevant linguistic phenomena.
In the conclusion we discuss the implications of our results.

In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

The Memory–Surprisal Tradeoff

Surprisal, as measured by n-gram, PCFG, or neural models,
has been shown to accurately predict word-by-word reading
times (Demberg & Keller, 2008; Smith & Levy, 2013; Goodkind & Bicknell, 2018; Wilcox, Gauthier, Hu, Qian, & Levy,
2020; Frank & Ernst, 2019; Rathi, 2021) (but see van Schijndel & Linzen, 2021). Within this paradigm, Futrell, Gibson,
and Levy (2020) argue that the context accessible to the processor is best thought of as a lossy memory representation mt
of the true context:
SM = − log p(wt | mt ),

(2)

where the memory representation mt = M(w1 . . . wt−1 ) is given
by some memory encoding function M.
The core idea of the memory–surprisal tradeoff is that with
more information in the memory mt , the average surprisal
achieved will be lower. That is, more precise memory leads to
more precise predictions and lower processing difficulty. We
can quantify the average amount of information stored in the
memory state as HM , the entropy of the memory state:
HM = − ∑ p(mt ) log p(mt ).

(3)

mt

The memory–surprisal tradeoff curve quantifies the lowest
achievable average surprisal SM given a particular average
amount of information stored in memory HM . It is a form
of the ‘predictive information bottleneck’ curve studied in
information theory (Still, 2014). With a steeper curve, lower
processing difficulty can be achieved with less memory resources, i.e. while storing less information in memory. Thus,
a steeper curve is more efficient.
Given this setting, Hahn et al. (2021) formalize the ETH as
follows: “the order of elements in natural language is characterized by a distinctively steeper memory–surprisal tradeoff
curve compared to other possible orders.” For example, in
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4.5

Surprisal (bits)

The memory–surprisal tradeoff describes the complexity of
incremental language processing in terms of two factors: (1)
the difficulty of predicting upcoming material, and (2) the difficulty of maintaining memory representations of past material.
These two factors trade off: a high-fidelity representation of
past material enables accurate predictions about future material, but at the cost of higher investment of memory resources.
The Efficient Tradeoff Hypothesis (ETH; Hahn et al., 2021)
holds that languages are structured so that favorable tradeoffs
of these two factors are possible: that is, so that upcoming material is highly predictable even given very little information
stored in memory.
The memory–surprisal tradeoff is grounded in the Surprisal
theory of online language comprehension (Hale, 2001; Levy,
2008), which holds that the processing difficulty of word (or
any linguistic unit) wt in context w1 . . . wt−1 is proportional to
its surprisal, which is the negative log probability of the word
in context:
S = − log p(wt | w1 · · · wt−1 ).
(1)

4.0

3.5

0.0
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1.0

1.5
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2.5

Memory (bits)

— Language A

— Language B

Figure 1: Sample memory–surprisal tradeoff curves of two
hypothetical languages, Language A and Language B. The
curve for Language A is steeper, and thus we would say it is
more efficient in terms of the cognitive resources required.

Figure 1, Language A has a steeper curve than Language B
and would thus be more efficient, as we would expect a natural
language to be. Hahn et al. (2021) furthermore show that an
efficient tradeoff is generally achieved when languages follow the information locality principle (Futrell, 2019), which
states that atomic units that predict each another will be close
in linear order (cf Behaghel, 1930). It can be formalized by
measuring predictivity using mutual information (MI), an
information-theoretic measure of statistical dependence.
While the ETH was defined in previous work as a theory
of word and morpheme order, we use it here as a theory of
how grammatical information is packaged into morphemes,
that is, a theory of why multiple features might be expressed
in a single morpheme, and which features are likely to be
fused in this way. We hypothesize that attested morphological
systems (conceived of generally as mappings from sets of features to wordforms) achieve more favorable memory–surprisal
tradeoffs than alternative systems. The information locality
principle carries over into this domain in a modified form: we
generally predict that features are likely to be expressed by a
single morpheme when they statistically depend on each other.
Our general approach, therefore, is to calculate the memory–
surprisal tradeoff for attested morphological systems and to
compare against other possible systems. We hypothesize that
the attested systems will enable more efficient tradeoffs, quantified as the area under the curve of the memory–surprisal
tradeoff.

Calculation of the memory–surprisal tradeoff

Experiment 1: Polyexponence Model Simulation

It is straightforward to calculate a lower bound on memory–
surprisal tradeoff curve from corpus data. In particular, Hahn
et al. (2021) demonstrate that a lower bound on the curve
can be calculated by fitting a series of incremental language
models that use successively more context to predict upcoming
material. To calculate the lower bound, first we need a quantity

We first discuss how optimization of the memory-surprisal
tradeoff could in principle lead to fusion of features that are
informative about each other. In this section, by ‘fusion,’ we
refer to polyexponence, where multiple features are expressed
in a single morpheme in a way that cannot be decomposed.
To compare the optimality of paradigms with different
kinds of fusion, we simulated a language where forms express the features Past/Present Tense, 2nd/3rd Person, and
Singular/Plural Number. In order to induce nontrivial probabilistic structure, we (arbitrarily) assigned higher frequency to
2nd Singular and 3rd Plural features than to others; our conclusions do not depend on this particular choice. Thus, in the
distribution over features in this simulated language, there is
high mutual information between person and number, and low
mutual information between tense and person/number. Using
this distribution over features, we simulated two languages: in
the Low MI language, Tense and Person are fused into a single
morpheme; in the High MI language, Person and Number are
fused.
According to the information locality principle, the high-MI
morphemes should be ordered close to each other in order to
optimize the memory–surprisal tradeoff; we hypothesize that,
as an analogue for closeness, they should also be fused together. This intuition is borne out in the simulations. Memory–
surprisal tradeoff curves for these languages are shown in Figure 2. The High MI language shows a more efficient tradeoff
at all but very high memory capacities. This happens because
fusion of features that are predictive about each other into a sin-

It = St−1 − St ,

(4)

where St is the average surprisal of a language model which
sees a context of size t, for example an n-gram model which
sees only the t previous words. The quantity It is the mutual
information between words at a distance of t words. Then for
all timescales T , for any memory entropy satisfying
T

HM ≤ ∑ tIt ,

(5)

t=1

the average surprisal is lower-bounded as
∞

SM ≥ S +

∑

It .

(6)

t=T +1

The lower bound on the whole curve can be computed by
sweeping out values of T = 0, 1, 2, . . . .2
For our purposes and given datasets available to us, we
measure the memory–surprisal tradeoff at the level of abstract
sequences of morphemes. Forms are represented as a sequence
consisting a root and a series of affixes: for example, the English form goes is represented as ROOT-3- SG - PRS, indicating
it expresses the features of third person, singular, and present
tense. This representation abstracts away from any ambiguity
that might exist in wordforms, and also abstracts away from
the length of individual morphemes.

2.0

Estimation of optimal orderings

2 In

the experiments below, we determine It using n-gram models
with Kneser-Ney smoothing trained on a training set, and estimate
average surprisal St as cross-entropy on a test set. To mitigate overfitting with larger values of t, we estimate Ŝt as mint≤n St , where St is
the cross-entropy on the t’th order Markov model.
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We estimate optimized orderings by optimizing for the area
under the memory–surprisal tradeoff curve (AUC). Each ordering corresponds to a potential curve, with the lowest AUC
curve being the most “efficient.” We use a modified version of
the hill climbing method of Gildea and Jaeger (2015): weights
in [0, 1] are initially randomly assigned to each feature, and
then are iteratively adjusted to reduce AUC. For each iteration,
we randomly select one feature, and determine the AUC for
each way of ordering it with respect to two other morphemes;
we then change the weights to the lowest AUC ordering. We
optimize this approximately (only guaranteeing convergence
to local rather than absolute minima) by restricting this calculation to morphemes that occurred at least 10 times in the
dataset for 95% of iterations, and to 10% of possible orderings
for each iteration. This value converged after a few hundred
iterations; we iterated 1,000 times for each language.

1.0

0.5

0.0

0.5

1.0

1.5

2.0

Memory

— Low MI

— High MI

Figure 2: Memory-surprisal tradeoffs with fusion of low or
high mutual information pairs in the model simulations in
Experiment 1.

gle morpheme reduces the entropy of individual morphemes
more than fusion of morphemes that share no information.

NOM
GEN

Experiment 2: Pairwise Informational Fusion
In the simulation above, we found that fusion of morphological features is most optimal when those features are highly
correlated with each other. Here, we explore whether the
memory–surprisal tradeoff can more generally predict degrees
of morphological fusion in real languages. We use the recentlyintroduced concept of informational fusion as a graded empirical measure of the extent to which multiple features are
expressed in a single morpheme. We show that the Efficient
Tradeoff Hypothesis can predict the degree of fusion of for
pairs of features in four languages, such that features close
together in optimal order under the ETH are more likely to be
fused.
Informational Fusion Rathi et al. (2021) recently introduced a graded measure of morphological fusion called informational fusion. Informational fusion intuitively measures
the extent to which a set of features is expressed on a wordform
in a way that is unanalyzable: that is, the wordform cannot be
decomposed into any morphemes or morphological processes
corresponding to subsets of the features in question. For example, the fusion of Latin form servı̄s should be high, since the
suffix –ı̄s expresses both dative and plural features, while the
fusion of Hungarian embereknek should be low, since –eknek
can be split into –ek (the plural) and –nek (the dative).
More precisely, informational fusion measures the bits of
information required to specify a form for a given set of features, beyond what would be required for any subset of the
features. Formally, the informational fusion of a surface form
w in a language with respect to feature set σ and lemma ℓ is
ϕ(w) = − log p(w | L−σ , σ, ℓ),

(7)

DAT
ACC
ABL
VOC

SG

PL

servus
servı̄
servō
servum
servō
serve

servı̄
servōrum
servı̄s
servōs
servı̄s
servı̄

Table 1: The second declension Latin noun paradigm for serv,
‘servant.’ Syncretic forms are color-coded.

NOM
ACC
DAT
ALL
ABL

...

SG

PL

ember
embert
embernek
emberhez
embertől
...

emberek
embereket
embereknek
emberekhez
emberektől
...

Table 2: A subset of the Hungarian noun paradigm for ember,
‘person.’ Morphemes are color-coded by feature.
features; we denote this summary measure ϕ2 ( f1 , f2 ). This
gives us an average informational fusion value for each pair
of features in L . For example, the fusion of the feature pair
(2, PL) would be the average surprisal of any 2nd person plural
form, conditional on all forms in L that are not 2nd person
plural.3
Fusion and the Memory–Surprisal Tradeoff We can construct a memory–surprisal tradeoff curve for any possible permutation of morpheme order. Under the Efficient Tradeoff
Hypothesis, we would expect the order that creates the steepest curve to be the order used in natural language. Here, we
hypothesize that fusion can be predicted by closeness in optimal order. If a pair of features are close together in optimal
order, under the ETH, they should therefore be more fused.

where L−σ is a dataset consisting of all wordforms in the
language along with their features, having removed all occurrences of feature set σ.
If a form is highly predictable based on the rest of the forms
in the language, then it will have low informational fusion;
on the other hand, if a form is not predictable, it will have
high informational fusion. Rathi et al. (2021) show that the
measure ϕ produces numbers that match linguistic intuitions
about morphological fusion across a wide variety of languages
when the distribution p(w | L−σ , σ, ℓ) is estimated using a
neural seq2seq architecture (Sutskever, Vinyals, & Le, 2014).
We are interested in predicting degrees of fusion for pairs
of features, as opposed to entire slots, so we adapt the idea of
informational fusion to study pairs of features in the following
way. For a form w with features σ, and a pair of features
f1 , f2 ∈ σ, we define the 2-feature informational fusion ϕ2 (w)
as
ϕ2 (w) = − log p(w | L−( f1 , f2 ) , σ, ℓ).
(8)

For all feature pairs f1 , f2 in each language, we estimate ϕ2
using an LSTM sequence-to-sequence model with attention
(Sutskever et al., 2014; Kann & Schütze, 2016; Bahdanau,
Cho, & Bengio, 2016). We extract data from UniMorph
(Sylak-Glassman, Kirov, Yarowsky, & Que, 2015; McCarthy
et al., 2020), transliterating Arabic with the ALA-LC standard.
The model takes as input the lemma ℓ, the featureset σ,
and the part-of-speech tag, and produces the form w in characters as output. We represent both the input and output as
strings. For example, for the Latin form w = pugnabāmur,
the input would be p u g n o V 1 PL PST IPFV PASS and
the target string would be p u g n a b ā m u r. Then, we

To get a summary measure for a feature pair f1 , f2 , we calculate the average ϕ2 (w) across forms w expressing those

3 This notion of ϕ can be generalized such that for any n ≥ 2,
2
ϕn (w) is the informational fusion of n features.
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Figure 3A: Arabic (p < 0.001)

Figure 3B: Latin (p < 0.001)
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Figure 3C: Spanish (p < 0.01)

Figure 3D: Portuguese (p < 0.005)

Figure 3: Tradeoffs between difference in rank and average fusion. Each point represents two features ( f1 , f2 ), plotting
(ϕ2 ( f1 , f2 ), R( f1 , f2 )). Step curve indicates Pareto curve. All tradeoffs are significant (p < 0.01) by permutation test for the area
under the Pareto curve.
estimate the surprisal of the form as
− log p(w | ℓ, σ) = − ∑ log pθ (wt | w<t , ℓ, σ),

(9)

t

where θ refers to the model parameters.4 We train a model for
each feature combination in L .
For each optimized ordering, morphemes are ordered by
optimal rank; we average out the ranks of each feature by feature category to determine the optimal category ordering, with
categories as determined by UD classification. We use categories rather than individual ‘fine-grained’ features in order
to prevent noise in the form of repeated items from interfering. Then, for each pair ( f1 , f2 ), we compute the difference in
rank R = |r( f1 ) − r( f2 )| of their categories in the optimized
ordering, and plot this against the fusion ϕ2 ( f1 , f2 ).

Results
We trained models for the verbal paradigms of a set of four
languages: Arabic, Latin, Spanish, and Portuguese. These lan4 We used batch size 512,

embedding dimension 128, and learning
rate 0.001, and trained for 10 passes through the training data with
early stopping. Models were not used if the average cross-entropy
loss on the final epoch exceeded 0.1.

guages were chosen based on the size of the datasets available
(both from UniMorph and Universal Dependencies) and the
variation of their verbal paradigms. Languages with low variation in fusion have little to be explained, and thus were not
used. Verbal paradigms were chosen over noun paradigms due
to their size and range of degrees of fusion; for example, Latin
verbs range from fusional in the present tense to agglutinative
in the perfect.5
As shown in Figure 3, we find that there is an “empty” upperright quadrant in all language tested. This means that there
are no feature combinations which are both highly fused and
far apart in the optimal ordering. To test this for significance,
we use a nonparametric permutation test for area under the
Pareto curve, as in Cotterell et al. (2019). We stochastically
permute y-values of the set of points {(x1 , y1 ), (x2 , y2 ), . . . } to
create {(x1 , yσ(1) , (x2 , yσ(2) ), . . . }. The p-value is the probability that the area under this randomly permuted curve is less
than that of the empirical curve; we estimate this using 10,000
permutations; for all languages, we find at least p < 0.01. The
results support the ability of the ETH to predict morphological
5 We used the Arabic PADT treebank, Latin PROIEL treebank,
Spanish AnCora treebank, and Portuguese Bosque treebank.
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fusion, going beyond predicting only morpheme order.
0.40

Here we study whether the ETH can predict generalizations
about when sets of three features are expressed together in a
morpheme. We refer to this phenomenon as triple exponence.
Crosslinguistically, some features tend to be expressed more
often than others in this configuration. The most prominent examples are fusion of tense, aspect, and mood (TAM) markers,
and the fusion of person, number, and gender (PNG) markers
in verbal paradigms. If the ETH is a general predictor of morphological fusion, then we would expect triply-exponential
features such as TAM and PNG to be close together in the optimized ordering determined by the memory–surprisal tradeoff.
We evaluated this hypothesis in a set of 15 languages with
PNG features and 13 languages with TAM features. For each
language, we calculated the optimal ordering of its morphemes.
Then we calculated the standard deviation of the three ranks of
the relevant features in the optimal ordering. If this standard
deviation is low, that means that the three features are close
together in the optimal ordering. We normalized this value
by the number of feature categories in the language; thus, if a
language has a large number of features, chance variation in
the distance between features is controlled for. We performed
this procedure for all possible combinations of three features,
limiting our data to those combinations which had at least 7
languages represented.
Results are shown in Figure 4. Both sets of triplyexponential features had very low normalized standard deviations compared to random sets of three features, with
p < 0.001 for both TAM and PNG by one-sample t-test. The
results indicate that TAM and PNG tend to cluster together in
optimized order, confirming the prediction of the ETH.

Average Separation in Optimal Ordering

Experiment 3: Triple Exponence

0.35

0.30

0.25

PNG

0.20

TAM

Figure 4: Average separation in optimal ordering (as measured
by normalized standard deviation) of three-feature combinations with greater than 7 data points. PNG is colored red, TAM
is colored blue; diamond indicates mean, open circle indicates
median. Error bars indicate 95% confidence interval.
described in Experiment 3. We then compare the position of
number, which frequently drives suppletion, to case, which
does not.
We find that of the 17 languages tested, in 15, number tends
to be closer to the root in optimal ordering than case. Thus,
we observe that suppletion can be explained by the ETH, with
p < 0.005 by binomial test (the null hypothesis being that they
are equally likely).

Experiment 4: Suppletion

Conclusion

Suppletion is a phenomenon in which a given root can take
two or more forms when inflected for a particular grammatical
feature (Veselinova, 2013). For example, the English root
GO is expressed as go in the present and future tenses, but as
went in the past tense. Occasionally, suppletion can be used
almost entirely for inflection (e.g. plurality in Dinka; see Ladd,
Remijsen, and Manyang (2009)), however, it is usually limited
to a few forms. While suppletion is rare, it does exist in the
paradigms of a small number of lexemes in some languages
and is systematic (Bybee, 1985; Markey, 1985; Aski, 1995;
Fertig, 1998).
Cross-linguistically, it is known that some features are more
likely to lead to suppletion than others. Notably, in nouns,
suppletion to express number is more common that suppletion
to express case (Moskal, 2015). Here, we study if this trend
can be predicted by the ETH. We treat suppletion as a form
of fusion between the feature and the root. Thus, applying
the ETH, we would expect features that commonly drive suppletion to be more closely positioned to the root in optimal
ordering than those that do not cause suppletion. We generate optimal orderings by feature category using the method

We studied cross-linguistic properties of morphological fusion.
We found that both fine-grained quantitative measures such as
informational fusion, and major cross-linguistic typological
generalizations such as the existence of tense–aspect–mood
markers, can be explained in terms of optimization of the
tradeoff of predictability and memory complexity (Hahn et al.,
2021).
Intuitively, the theory predicts that features that are highly
correlated with each other in usage are more likely to be fused.
In doing so, it provides a possible formal foundation for a
recurring intuition about the structure of linguistic systems,
according to which aspects of meaning which are ‘related’ or
‘mentally close’ are expressed close together or simultaneously
(Behaghel, 1930; Bybee, 1985; Givón, 1985).
Because the Efficient Tradeoff Hypothesis is grounded in
theories of language processing, our work adds to a growing
body of work that suggests that typological generalizations
about languages arise out of a need for efficient cognitive
processing (Hawkins, 1994; Jaeger & Tily, 2011; Gibson et
al., 2019; Hahn, Jurafsky, & Futrell, 2020; Mollica, Bacon,
Xu, Regier, & Kemp, 2020).
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Abstract

wordform for another, potentially even impairing comprehensibility (Vitevitch & Luce, 1998).1 One explanation for the
prevalence of neighborhoods comes from phonotactics. Each
language has certain rules about which sounds can start and
end a word, which sounds can occur in which sequence, and
so on (Frisch, Large, & Pisoni, 2000; Bailey & Hahn, 2001;
Vitevitch & Aljasser, 2021). Phonotactic rules sharply constrain the space of legal words in a language, simplifying the
speaker’s task of selecting and producing words. And phonotactics may also account for some of the clumpiness oberved
in human languages. However, recent work (Dautriche et
al., 2017) has found that phonotactics alone cannot fully account for the neighborhood density of real human lexica:
across four languages (English, Dutch, German, and French),
phonological neighborhoods are still larger than one would
expect in a lexicon whose wordforms were determined purely
by the phonotactics of that language (Dautriche et al., 2017).
What accounts for this gap?
A natural explanation is that dense phonological neighborhoods are directly selected for, i.e., they increase cognitive
or communicative efficiency in some way. Indeed, there is
some evidence that dense neighborhoods may facilitate both
word learning (Storkel, 2004; Storkel, Armbrüster, & Hogan,
2006; Coady & Aslin, 2003; Jones & Brandt, 2020; Fourtassi, Bian, & Frank, 2020; Jones & Brandt, 2019) and word
production (Vitevitch, 2002; Vitevitch & Sommers, 2003).
If this interpretation is correct, it suggests that the possible
benefits of dense neighborhoods (facilitation of word learning and production) “outweigh” the challenges they may pose
for comprehension (Vitevitch & Luce, 1998). Thus, under
this view, neighborhoods are the result of a positive selection
pressure—above and beyond the phonotactics of a language.
Another possibility, however, is that dense neighborhoods
are the byproduct of other properties or selection processes
that operate over real human lexica. The fact that neighborhoods appear to confer a benefit on lexical acquisition and
production does not entail that they were selected for this
function; there are numerous examples in evolutionary biology of apparently adaptive traits that emerged at least partially as a byproduct of other selection pressures (Gould &
Lewontin, 1979). Below, we introduce one such candidate

Words in human languages cluster together in phonological neighborhoods more closely than would be expected by
chance. But why? One explanation is that large neighborhoods are directly selected for, possibly because they scaffold
word learning and production. But it’s also possible that they
emerge as a byproduct of other constraints or selection pressures operating over real lexica. We advance one such selection pressure as a candidate explanation. A pressure to avoid
overloading unique wordforms with homophones may lead to
clusters of words that are not identical but similar. Using simulated baselines, we test the viability of this alternative account.
We find that a pressure against loading too many meanings
on unique wordforms—paired with the phonotactics of a target language—produces lexica with neighborhoods that are at
least as large on average as those in real lexica. This does not
rule out the possibility of a pro-neighborhood pressure, but it
does demonstrate the viability of a parsimonious alternative account based on a pressure against homonymy for which there
is independent evidence.
Keywords: phonological neighborhoods; ambiguity; language evolution; lexicon

Introduction
Why are human languages structured the way that they are?
One approach to finding evolutionary causes for contemporary structure seeks to characterize the various selection pressures that could plausibly account for the form and content
of languages (Richie, 2016). This approach has produced a
growing consensus that human lexica are shaped by a pressure for cognitive and communicative efficiency (Gibson et
al., 2019; Levshina & Moran, 2021), both in terms of how
they carve up semantic domains (e.g., color) (Regier, Kay, &
Khetarpal, 2007; Kemp & Regier, 2012; Zaslavsky, Kemp,
Regier, & Tishby, 2018; Kemp, Xu, & Regier, 2018), and
in the wordforms they contain (Piantadosi, Tily, & Gibson,
2011; Mahowald, Dautriche, Gibson, & Piantadosi, 2018).
But one feature of language that has to date resisted explanation in these terms is the presence of dense phonological neighborhoods. Lexica are clumpy: they contain
dense pockets of wordforms differing in only one sound
(e.g., “cat”, “bat”, and “mat”)—typically called phonological
neighbors—while leaving vast swaths of phonological space
entirely unused (Dautriche, Mahowald, Gibson, Christophe,
& Piantadosi, 2017). From the perspective of communicative efficiency, this clumpiness may be surprising; allowing wordforms to cluster in particular regions of phonological space–––instead of distributing them more evenly–––has
been found to increase the likelihood of misperceiving one

1 Note
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that contradictory results have been obtained in Russian
and Spanish, in which dense neighborhoods may actually facilitate word perception (Vitevitch & Rodrı́guez, 2005; Arutiunian &
Lopukhina, 2020).
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pressure—a selection pressure against homophony—and describe how it could result in lexica with dense phonological
neighborhoods, even without a direct selection pressure for
clumpiness.
Real Lexica Select Against Over-Saturation There has
been a good deal of attention recently on why ostensibly efficient communication systems would evolve to contain homophony, i.e., wordforms with distinct, unrelated meanings
(Piantadosi, Tily, & Gibson, 2012). Several papers (Trott &
Bergen, 2020; Caplan, Kodner, & Yang, 2020) have adopted
the approach of building phonotactic baselines (Dautriche
et al., 2017) to ask how much homophony one should expect to find purely as a function of a language’s phonotactics.
That is, if wordforms were randomly sampled (with replacement) from phonotactic space, how frequently would different meanings be assigned to the same wordform?
These phonotactic baselines have been able to account for
both the amount and distribution of homophony. But surprisingly, real human lexica actually have fewer homophones per
wordform than their artificial, phonotactic counterparts (Trott
& Bergen, 2020), and this homophony is more evenly distributed across the lexicon, i.e., across longer and more illformed wordforms, than one would expect (Trott & Bergen,
2020; Caplan et al., 2020).
A natural explanation for the gap in homophony is that real
lexica are subject to a pressure against saturating the same
wordform with too many meanings. A few notes of clarification are required here. First, all spoken languages appear to
display homophony, so any hypothesized pressure against homophony must not be categorical (Sampson, 2013). Second,
what all languages studied to date share is an apparent resistance to over-saturation, i.e., the number of meanings loaded
onto the same wordform, relative to what would be expected
from a phonotactic baseline. This is despite the fact that some
languages (English and Japanese in particular) have a higher
rate of homophony (i.e., more wordforms with at least one
meaning) than baselines (Trott & Bergen, 2020).2 Taken together, these facts suggest that real lexica may be subject to
a smoothing process: rather than concentrating many meanings in the highest-probability wordforms—which could impede communication—real lexica may distribute these meanings more evenly across phonotactic space (Trott & Bergen,
2020), which could result in larger neighborhoods.

1. A pressure to use well-formed phonological sequences,
i.e., those with high phonotactic probability.
2. A pressure against over-saturating the same wordform with
an excess of meanings.
Critically, this pair of pressures together could result
in larger phonological neighborhoods than either of them
would independently, even while not directly selecting for
dense neighborhoods. Instead of sampling the same highprobability wordform (e.g., “gap”) many times, this process would sample from similarly high-probability regions of
phonotactic space, which—simply because of the previously
established connection between phonotactic probability and
neighborhood density (Dautriche et al., 2017)—would select
wordforms that are more likely than chance to be neighbors
of existing words. In the aggregate, this would indirectly produce denser neighborhoods.
This explanation—a pressure against oversaturation of
individual wordforms increases neighborhood density—has
several things to recommend it a priori. First, the pressure
against oversaturation is itself independently motivated, as
described above. But second, it could also account for a
dissocation between homonymy and neighborhood size observed in past work (Dautriche et al., 2017; Trott & Bergen,
2020). Across five languages tested (English, Dutch, German, French, and Japanese) by two groups, real human lexica
consistently have larger neighborhoods but fewer homonyms
than their phonotactic baselines. Finding a single explanation
for both effects is desirable from the perspective of theoretical
parsimony; rather than positing multiple, distinct pressures
to explain different results—a pressure against homophony
(Trott & Bergen, 2020) and a pressure for denser neighborhoods (Dautriche et al., 2017)—a single pressure could in
principle explain two apparently unrelated phenomena, i.e.,
“filling two needs with one deed”.3
Under this alternative account, dense neighborhoods may
still provide benefits to word learning and production
(Storkel, 2004; Storkel et al., 2006; Vitevitch, 2002). However, these advantages would not be causally responsible for
larger neighborhoods, but rather, would be a kind of “positive externality” created by a selection pressure against homophones.

Current Work

Could smoothing create larger neighborhoods? If real
lexica prefer wordforms with high phonotactic probability,
as they appear to, and if at the same time they also select
against over-saturating the same high-probability wordform,
then they should be more likely to instead select other highprobability (but not overly homophonous) wordforms in adjacent phonological space. Under this account, the distribution of wordforms across phonological space would be determined by two primary factors:

The central goal of the current work was to ask whether
a pressure against homophony—coupled with phonotactic
constraints—could explain the distribution of neighborhood
sizes observed in real lexica. To our knowledge, this account
has not been directly tested.
We followed the approach taken in past work (Dautriche
et al., 2017; Trott & Bergen, 2020; Caplan et al., 2020);
3 In principle, a pressure for larger neighborhoods may also explain why real lexica have fewer homophones. This issue is explored
in the General Discussion.

2 This

may also partially account for the mixed results reported
in more recent work (Pimentel, Meister, Teufel, & Cotterell, 2021).
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for each language of interest, we simulated a series of baselines, matched for the phonotactics and distribution of word
lengths (as defined by number of syllables) of the target lexicon. Unlike past work, however, we also introduced novel
constraints for some of these baselines. Specifically, we introduced an Anti-Homophone pressure, which prevented a
wordform from acquiring too many meanings and forced the
baselines to conform to the rank distribution of homophones
found in the real lexicon.4
We then compared two measures of neighborhood size
(Mean and Maximum Neighborhood Size) across the real
lexica and their baselines. Our question was to what extent these constraints—phonotactics, and a pressure against
homophony—were sufficient to account for neighborhood
density in real lexica. Critically, a demonstration of sufficiency would not disconfirm the possibility that real lexica
are subject to a pro-neighborhood pressure. Rather, it would
serve as a proof-of-concept that there are alternative (and possibly more parsimonious) routes that could account for the
size of neighborhoods in real lexica.
All materials and code are available on GitHub: https://
github.com/seantrott/neighbors lexica.

Following past work (Trott & Bergen, 2020), we identified the optimal n for each lexicon using a cross-validation
procedure. For each lexicon, we performed a train/test split
(75% train, 25% test). Then, we fit a series of n-phone models ranging from n = 1 to n = 6 on the training set, and used
these trained models to calculate the phonotactic probability
of wordforms in the test set. Importantly, we performed this
procedure 10 times for each value of n, to ensure that the results were not too sensitive to a particular train/test split. The
optimal n was defined as the value that maximized the probability of wordforms in the held-out test set—i.e., large enough
to capture the appropriate dependencies, but not so large that
it overfit to the training set. This procedure resulted in n = 5
for English, Dutch, and German; and n = 4 for French and
Mandarin. (Note that tones were treated as phonemes in the
phonotactic model; exploratory analyses suggest that the nphone model captured statistical regularities in which tones
co-occurred with the internal structure of the corresponding
syllable, but future work could ask about the impact of conditioning tones on particular segments of the preceding syllable
(Kirby, 2021).)
Finally, we fit an n-phone model to each lexicon using all
unique word types (rather than the 75% training set). (Word
types, rather than tokens, were chosen to be consistent with
past work (Piantadosi et al., 2012; Trott & Bergen, 2020),
and to avoid conflating phonotactic probability with word frequency.)

Methods
Materials
We analyzed five languages: English, Dutch, German,
French, and Mandarin. To do this, we relied on lexical
resources that contained phonological information for each
lemma of a lexicon. We used CELEX (Baayen, Piepenbrock,
& Gulikers, 1996) for English, Dutch, and German; Lexique
(New, Pallier, Brysbaert, & Ferrand, 2004) for French; and
the Chinese Lexical Database for Mandarin (Sun, Hendrix,
Ma, & Baayen, 2018).
To ensure that our analyses were consistent with previous
work (Trott & Bergen, 2020; Piantadosi et al., 2012), we restricted our analysis to lemmas. We also removed wordforms
containing hyphens, spaces, or apostrophes, as well as proper
nouns. The final number of lexical entries (i.e., lemmas) for
each real lexicon was: 41887 entries in English, 67583 entries in Dutch, 51718 entries in German, 43782 in French,
and 45552 in Mandarin.

Phonotactic Baselines
Following past work (Dautriche et al., 2017; Trott & Bergen,
2020; Caplan et al., 2020), we used the trained phonotactic
models to simulate a series of phonotactic baselines for each
language. Unlike past work, we built three different types of
baselines (described below), with ten versions for each baseline (for a total of thirty baselines per language).
Neutral Baselines The procedure for generating Neutral
baselines was identical to the procedure adopted in past work
(Trott & Bergen, 2020). We first identified the number of
lemmas (not wordforms) per word length (e.g., the English
lexicon has 7,706 monosyllabic lemmas). Then, we used the
phonotactic model to generate novel wordforms; each artificial lexicon was constrained to have the same distribution of
words per word length as the real lexicon. For example, if an
artificial lexicon already had the maximum number of monosyllabic words allowed, future monosyllabic words generated
by the model would be discarded. This procedure was continued until the artificial lexicon had the same number as lemmas
(not necessarily wordforms) as the real lexicon. Importantly,
there was no constraint on the number of “meanings” a given
wordform could acquire (i.e., the same wordform could be
sampled an arbitrary number of times, provided more words
of that length were required).
Anti-Homophony Baselines The Anti-Homophony Baselines followed an identical procedure as the Neutral Baselines, with one additional constraint: no wordform was al-

Building Phonotactic Models
To model the phonotactic rules of each language, we fit a series of n-phone Markov Models to each lexicon (Dautriche
et al., 2017; Trott & Bergen, 2020; Caplan et al., 2020). By
observing the entire set of wordforms in a language, an nphone model can learn statistical contingencies such as which
phonemes are most likely to start and end a wordform, and
which phonemes are most likely to follow the previous n - 1
phonemes.
4 We did not attempt to model the specific cognitive or diachronic
mechanisms by which homophony avoidance might come about,
e.g., through the inhibition of homophony-producing sound changes
(Wedel, Kaplan, & Jackson, 2013; Wedel, Jackson, & Kaplan,
2013); this topic is explored more in the General Discussion.
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lowed to acquire more meanings than the equivalently-ranked
wordform in the real lexicon’s rank distribution of homophones. That is, if the most homophonous wordform in English had eight meanings, then no wordform in the baseline
would be allowed to acquire more than eight meanings—
and if the tenth most homophonous wordform had only three
meanings, then the tenth most homophonous wordform in the
baseline could acquire at most three meanings.
Conceptually, this pressure is akin to “blocking” new
meanings from being attached to overly homophonous wordforms, and finding an alternative wordform instead. This is
similar (though not identical) to instead adding a new word to
the lexicon with some probability p, where p decays with the
number of meanings already assigned to that wordform.
Anti-Homophony+ Baselines Finally, we considered an alternative implementation of an Anti-Homophony pressure.
Rather than simply discarding overly homophonous wordforms, we applied a sound change to one of the phonemes in
the target wordform. First, we randomly selected a phoneme
in the target wordform to change. Then, we replaced it with
a random vowel or consonant (depending on the identity of
the phoneme). Finally, to ensure that the resulting wordform was sensible, we evaluated its phonotactic probability; if
the wordform’s probability was higher than the least-probable
wordform in the real lexicon, we added it to the lexicon (provided it also did not have too many homophones).
The motivation for this procedure was that a pressure
against homophony may not manifest as “blocking” the
offending wordform entirely—overly homophonous wordforms likely have many desirable properties as wordforms of
that language (i.e., they are short and well-formed). Thus,
this anti-homophony pressure would preserve many of these
desirable properties (most of the wordform remains intact)
while also avoiding an excess of ambiguity.
Note that this procedure could arguably be interpreted as
also implementing an indirect, pro-neighbor pressure, given
that offending wordforms are directly converted to minimal
pairs. However, this pro-neighbor pressure need not necessarily be pro-neighborhood per se—if the offending homophones are converted to existing wordforms, the distribution
of meanings across wordforms could change without altering
the distribution of neighborhood sizes.

Figure 1: Maximum Number of Homophones across the real
lexica and Neutral baselines. Red circles represent the values
for the real lexicon.
mophony than the real lexica.5

Comparing Neighborhood Sizes
We used two primary dependent variables to compare the relative density of neighborhoods across real and artificial lexica: Mean Neighborhood Size and Maximum Neighborhood
Size.6 The neighborhood size of a given wordform was defined as the number of wordforms that were exactly one edit
away, i.e., using either insertion, deletion, or substitution.
Thus, the Mean Neighborhood Size was the average phonological neighborhood size across the entire lexicon, while the
Maximum Neighborhood Size was the size of the densest
neighborhood in a given lexicon.
Consistent with past work (Dautriche et al., 2017; Trott
& Bergen, 2020), the real lexica had larger Mean Neighborhood Sizes and Maximum Neighborhood Sizes, compared
to the Neutral baselines. For example, the Mean Neighborhood Size in English was 2.51, while the Neutral English
baselines ranged from 2.23 to 2.32 (M = 2.28, SD = 0.03).
Similarly, the Maximum Neighborhood Size in Dutch was
42, while the Neutral Dutch baselines ranged from 25 to 30
(M = 27.3, SD = 1.89). This demonstrates that phonotactics
alone cannot account for neighborhood density in real lexica.
Yet as depicted in Figure 2, this gap largely disappeared
(or in some cases, reversed) with the introduction of a
pressure against over-saturation. Across all languages, the
Mean Neighborhood Size was at least as large in the AntiHomophony baselines. For example, in English, the Mean
Neighborhood Size of the Anti-Homophony baselines ranged
from 2.52 to 2.59 (M = 2.54, SD = 0.03) (recall that the value
for the real English lexicon was 2.51). In some languages
(e.g., Dutch and German), the Anti-Homophone baselines actually had larger neighborhoods on average. The gap was
also attenuated for Maximum Neighborhood Size (see Figure
3). However, the largest neighborhoods in real lexica tended

Results
Replication of Homophony Results
Past work (Trott & Bergen, 2020; Caplan et al., 2020) found
that phonotactic baselines without a pressure against homophones exhibited a higher upper-bound of homophony:
the Maximum Number of Homophones (i.e., the number of
meanings assigned to the most homophonous wordform, minus one) was larger in the baselines than their real counterparts. As depicted in Figure 1, we replicated this effect:
Neutral baselines consistently contained higher levels of ho-

5 The Anti-Homophony and Anti-Homophony+ baselines are excluded from this figure, given that their levels of homophony were
constrained not to exceed the real lexicon.
6 Equivalent results were obtained using the Total Number of
Minimal Pairs within a lexicon, as in past work (Dautriche et al.,
2017).
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Figure 2: Mean Neighborhood Size as a function of language
and lexicon type. Red lines represent the value for each real
lexicon.

Figure 4: Mean Error (ME) for each baseline. Mean Error
was computed by comparing the neighborhood sizes across
each real lexicon and its artificial baselines; a score closer to
zero corresponds to better fit.
but French (in which the predicted neighborhood sizes were
too large on average). Finally, the Anti-Homophony+ baselines erred on the side of overestimating neighborhood sizes,
to an even greater degree than the Anti-Homophony baselines.

General Discussion

Figure 3: Maximum Neighborhood Size as a function of language and lexicon type. Red lines represent the value for each
real lexicon.

We asked whether the distribution of neighborhood sizes in
real lexica could be explained by the combination of phonotactic constraints and a pressure against homophony. Past
work (Dautriche et al., 2017) found that phonotactics alone
were insufficient to account for neighborhood sizes in real
lexica, suggesting that real lexica are shaped by a positive selection pressure for larger neighborhoods. This proneighborhood pressure would also be consistent with evidence that dense neighborhoods confer benefits on learning
(Coady & Aslin, 2003; Storkel, 2004; Fourtassi et al., 2020)
and production (Vitevitch, 2002). The current work replicated this effect, as well as the finding that phonotactics alone
tends to overestimate the degree of homophony compared to
real lexica (Trott & Bergen, 2020).
Critically, however, we found that introducing a pressure
against homophony in the baselines resulted in substantially
larger neighborhood sizes on average—eroding or even reversing (in French and Dutch) the gap between the real lexica and their baselines (see Figure 2). This also resulted
in a larger upper-bound on neighborhood sizes in the baselines, though not always larger than the real lexica (see Figure 3). Finally, a pressure that converted overly homophonous
wordforms to minimal pairs resulted in larger neighborhoods
across the board—surpassing the Mean Neighborhood Size of
real lexica, and attaining or surpassing the Maximum Neighborhood Size of real lexica.
Thus, a pressure against homophony was in many cases
sufficient to account for average neighborhood sizes. This
means that an explanation for average neighborhood sizes
in real lexica need not posit a direct selection pressure for

to be slightly larger than the median value in the baselines
(with the exception of French).
Surprisingly, the Anti-Homophony+ baselines exceeded
both the Mean and Maximum Neighborhood Sizes of their
real counterparts, sometimes to a very large degree (e.g., in
French and Dutch). Further, the Anti-Homophony+ baselines
overestimated the average neighborhood size across all languages tested.
In order to quantify which baseline produced the best fit,
we calculated the Mean Error (ME) between the rank distribution of neighborhood sizes for each real lexicon and its
artificial baselines. ME is defined as:
ME =

∑ni=1 yi − xi
n

Where xi was the neighborhood size from the real lexicon,
and yi was the neighborhood size of an equivalently ranked
wordform from the baseline, i.e., the “predicted” neighborhood size. Mean Error was used (rather than mean absolute or
squared error) to reveal the direction of the average error, i.e.,
whether a given baseline tended to underestimate or overestimate neighborhood sizes on average. As depicted in Figure
4, the Neutral baselines generally exhibited the worst fit (with
the exception of French), and tended to underestimate neighborhood sizes. The Anti-Homophony baselines produced better predictions, and in fact, had the best fit for every language
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these neighborhoods: the distribution of neighborhood sizes
observed in real languages may be the sole result of phonotactics and a pressure against over-saturation. Additionally, the
Anti-Homophone+ pressure actually overestimated neighborhood sizes in many cases.
While these results cannot rule out the possibility that
neighborhoods are directly selected for (see below), they do
demonstrate that a pro-neighborhood pressure may not be a
necessary part of an explanation. Importantly, this would not
be inconsistent with evidence that dense neighborhoods provide benefits to learning and production—but under this account, these benefits would simply be “positive externalities”
of a causally unrelated pressure against over-saturation.

A fifth, related limitation is that the baselines do not illuminate the causal mechanisms by which an anti-homophony
pressure could operate, either at the level of individual communicative constraints or diachronic language change. Future research would benefit from experimental work directly
probing these causal mechanisms, e.g., whether errors made
during learning homophones (Casenhiser, 2005) could result in minimal pairs. Similarly, researchers could build
computational models of how these local pressures interact
with changes operating over longer timescales, such as sound
change (Wedel, Jackson, & Kaplan, 2013).
Sixth, this work did not consider other important variables,
such as frequency—both of individual wordforms, and of the
distinct lemmas conveyed by those wordforms. This is in
part due to limitations of the simulation method used. Employing a different approach, recent work (Trott & Bergen,
2022) discovered several relevant findings: homophony resistance is positively correlated with the frequency of particular wordforms, though not necessarily with the relative
frequency of their meanings; and further, homophony resistance is highest among wordforms with high neighborhood
density—consistent with the results presented here.
Finally, these analyses made two simplifying assumptions.
First, meanings were implicitly assumed to be discrete units,
with no relation between them. However, meanings are
likely at least partially continuous (Elman, 2009; Trott &
Bergen, 2021; Li & Joanisse, 2021); further, some meanings are more related (as in polysemy) than others (as in
homonymy). Second, forms were assumed to be arbitrarily
related to meanings—however, there is considerable evidence
(Blasi, Wichmann, Hammarström, Stadler, & Christiansen,
2016; Gutiérrez, Levy, & Bergen, 2016) that form-meaning
relationships may be less arbitrary than previously thought.
Future work could integrate both lines of thought by using
a continuous representation of the meaning space, and exploring different ways of assigning form-meaning pairings in
either systematic or arbitrary ways.

Limitations and Future Work
The work described here is limited in certain ways. First, the
languages tested represent a limited subset of the world’s languages. The sample was biased towards Indo-European languages (English, Dutch, German, and French), with one SinoTibetan language (Mandarin), and did not include languages
from other major language families such as Austronesian or
Niger-Congo. The languages reflect a convenience sample;
they are the languages for which we could obtain lexical resources that contained phonological information at the level
of individual lemmas.
A second limitation lies in the measures of neighborhood
density used. We used the average and maximum neighborhood size in a lexicon. However, past work (Dautriche et
al., 2017) also used more sophisticated measures of the network structure in a lexicon, such as the degree of transitivity.
Future work in this vein could better quantify how exactly
neighborhoods distribute across the lexicon, using tools from
network analysis.
Third, as in past work (Dautriche et al., 2017; Caplan et
al., 2020; Trott & Bergen, 2020), we used an n-phone model
to learn the phonotactics of the target language. Recent work
has used more sophisticated approaches, such as a generative model (Futrell, Albright, Graff, & O’Donnell, 2017) or
LSTM neural network (Pimentel et al., 2021). Future work
could ask how adopting an alternative approach to modeling
phonotactics changes the distribution of neighborhood sizes
in the baselines. That said, recent work (Trott & Bergen,
2022) did find comparable results using an LSTM and nphone approach.
Fourth, our approach cannot cannot directly disconfirm the
theory that real lexica are shaped by a pro-neighborhood pressure. At best, the baselines demonstrate the sufficiency of a
particular set of constraints in explaining the distribution of
neighborhood sizes, absent a direct pro-neighborhood pressure; there may still be a priori reasons to prefer a theory that
posits such a pressure. The results do suggest that a pressure
against homophony can in principle explain two seemingly
independent facts—namely, that real lexica have fewer homophones, and larger neighborhoods, than predicted by their
phonotactics—but they do not rule out the possibility of alternative explanations.

Conclusion
Why do real lexica have such large phonological neighborhoods? One explanation is that real lexica are subject to a
selection pressure for dense neighborhoods, possibly because
dense neighborhoods facilitate word learning (Storkel, 2004;
Coady & Aslin, 2003) and production (Vitevitch, 2002; Vitevitch & Sommers, 2003). We pursued another possibility—
that dense neighborhoods emerge from the interaction of
other constraints operating over real lexica, namely phonotactics and a pressure against individual wordforms acquiring
too many meanings (Trott & Bergen, 2020). We tested the
sufficiency of this latter account using simulated baselines.
Crucially, the combination of phonotactic constraints and an
anti-homophony pressure was sufficient to account for average neighborhood sizes in real human lexica—demonstrating
that a direct selection pressure for neighborhood density is
not a necessary part of an explanation.

197

Acknowledgments

of London. Series B. Biological Sciences, 205(1161), 581–
598.
Gutiérrez, E. D., Levy, R., & Bergen, B. (2016). Finding non-arbitrary form-meaning systematicity using stringmetric learning for kernel regression. In Proceedings of the
54th annual meeting of the association for computational
linguistics (volume 1: Long papers) (pp. 2379–2388).
Jones, S. D., & Brandt, S. (2019). Do children really acquire
dense neighbourhoods? Journal of child language, 46(6),
1260–1273.
Jones, S. D., & Brandt, S. (2020). Density and distinctiveness in early word learning: Evidence from neural network
simulations. Cognitive science, 44(1), e12812.
Kemp, C., & Regier, T. (2012). Kinship categories across languages reflect general communicative principles. Science,
336(6084), 1049–1054.
Kemp, C., Xu, Y., & Regier, T. (2018). Semantic typology
and efficient communication. Annual Review of Linguistics, 4, 109–128.
Kirby, J. (2021). Incorporating tone in the calculation of
phonotactic probability. In Proceedings of the 18th sigmorphon workshop on computational research in phonetics, phonology, and morphology (pp. 32–38).
Levshina, N., & Moran, S. (2021). Efficiency in human languages: Corpus evidence for universal principles. Linguistics Vanguard, 7(s3).
Li, J., & Joanisse, M. F. (2021). Word senses as clusters
of meaning modulations: A computational model of polysemy. Cognitive Science, 45(4), e12955.
Mahowald, K., Dautriche, I., Gibson, E., & Piantadosi, S. T.
(2018). Word forms are structured for efficient use. Cognitive science, 42(8), 3116–3134.
New, B., Pallier, C., Brysbaert, M., & Ferrand, L. (2004).
Lexique 2: A new french lexical database. Behavior Research Methods, Instruments, & Computers, 36(3), 516–
524.
Piantadosi, S. T., Tily, H., & Gibson, E. (2011). Word lengths
are optimized for efficient communication. Proceedings of
the National Academy of Sciences, 108(9), 3526–3529.
Piantadosi, S. T., Tily, H., & Gibson, E. (2012). The communicative function of ambiguity in language. Cognition,
122(3), 280–291.
Pimentel, T., Meister, C., Teufel, S., & Cotterell, R. (2021).
On homophony and r\’enyi entropy. arXiv preprint
arXiv:2109.13766.
Regier, T., Kay, P., & Khetarpal, N. (2007). Color naming
reflects optimal partitions of color space. Proceedings of
the National Academy of Sciences, 104(4), 1436–1441.
Richie, R. (2016). Functionalism in the lexicon: Where is
it, and how did it get there? The Mental Lexicon, 11(3),
429–466.
Sampson, G. (2013). A counterexample to homophony avoidance. Diachronica, 30(4), 579–591.
Storkel, H. L. (2004). Do children acquire dense neighborhoods? an investigation of similarity neighborhoods in

We are grateful to the reviewers for their valuable feedback.
We also thank members of the Language and Cognition Lab
(James Michaelov, Cameron Jones, Tyler Chang) for helpful
comments and discussion.

References
Arutiunian, V., & Lopukhina, A. (2020). The effects of
phonological neighborhood density in childhood word production and recognition in russian are opposite to english.
Journal of Child Language, 47(6), 1244–1262.
Baayen, R. H., Piepenbrock, R., & Gulikers, L. (1996). The
celex lexical database. Distributed by the Linguistic Data
Consortium: University of Pennsylavia..
Bailey, T. M., & Hahn, U. (2001). Determinants of wordlikeness: Phonotactics or lexical neighborhoods? Journal of
Memory and Language, 44(4), 568–591.
Blasi, D. E., Wichmann, S., Hammarström, H., Stadler, P. F.,
& Christiansen, M. H. (2016). Sound–meaning association
biases evidenced across thousands of languages. Proceedings of the National Academy of Sciences, 113(39), 10818–
10823.
Caplan, S., Kodner, J., & Yang, C. (2020). Miller’s monkey updated: Communicative efficiency and the statistics
of words in natural language. Cognition, 205, 104466.
Casenhiser, D. M.
(2005).
Children’s resistance to
homonymy: An experimental study of pseudohomonyms.
Journal of Child Language, 32(2), 319–343.
Coady, J. A., & Aslin, R. N. (2003). Phonological neighbourhoods in the developing lexicon. Journal of Child language, 30(2), 441–469.
Dautriche, I., Mahowald, K., Gibson, E., Christophe, A., &
Piantadosi, S. T. (2017). Words cluster phonetically beyond
phonotactic regularities. Cognition, 163, 128–145.
Elman, J. L. (2009). On the meaning of words and dinosaur
bones: Lexical knowledge without a lexicon. Cognitive
science, 33(4), 547–582.
Fourtassi, A., Bian, Y., & Frank, M. C. (2020). The growth
of children’s semantic and phonological networks: Insight
from 10 languages. Cognitive Science, 44(7), e12847.
Frisch, S. A., Large, N. R., & Pisoni, D. B. (2000). Perception
of wordlikeness: Effects of segment probability and length
on the processing of nonwords. Journal of memory and
language, 42(4), 481–496.
Futrell, R., Albright, A., Graff, P., & O’Donnell, T. J. (2017).
A generative model of phonotactics. Transactions of the
Association for Computational Linguistics, 5, 73–86.
Gibson, E., Futrell, R., Piantadosi, S. P., Dautriche, I., Mahowald, K., Bergen, L., & Levy, R. (2019). How efficiency shapes human language. Trends in cognitive sciences, 23(5), 389–407.
Gould, S. J., & Lewontin, R. C. (1979). The spandrels of
san marco and the panglossian paradigm: a critique of the
adaptationist programme. Proceedings of the royal society

198

lexical acquisition. Applied Psycholinguistics, 25(2), 201–
221.
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Abstract

sometimes be difficult for students to understand. To facilitate
the acquisition of declarative concepts, textbooks and instructors
frequently provide students with concrete examples.
Presenting examples leads to better application of declarative
concepts than allotting the same amount of time to restudy
the definitions (Balch, 2005; Rawson et al., 2015).
The particular mechanisms through which examples
facilitate the acquisition and application of declarative
concepts are still unclear. One possibility is that they help
clarify the schemas conveyed by the definitions. However, an
alternative possibility is that examples may directly support
concept application, to the extent that they can be used as
base analogs against which the new exemplars are matched
through a process of analogical mapping (Ross, 1987). These
alternatives need not be mutually exclusive, since knowledge
about the examples and knowledge about the definition might
serve as a fallback option when the other kind fails (the dualroute hypothesis, Zamary, 2019).
If examples are so important for declarative concept
learning, how to better employ them during instruction?
Counter to constructivists’ expectations, the simple
presentation of a small set of examples (e.g., 3 or 4) has
proven superior than learning schedules requiring a more
active role on the part of the learner, such asking participants
to generate their own examples (Zamary & Rawson, 2018a)
or to complete faded examples (Zamary & Rawson, 2018b).
Despite the superiority of the provision of examples
compared to competing strategies, the learning outcomes
obtained through this strategy are still far from ceiling (see
also Zhang, 2019). This situation becomes even more
problematic regarding the learning of system principles such
as "negative feedback" or "refractory period" (Goldstone &
Wilensky, 2008; Day, Goldstone & Hills, 2010), a particular
kind of declarative concepts that are especially relevant for
science learning, as they cut across thematic domains.
Recent evidence suggests that explicating how each of the
learning examples instantiates the schema conveyed by the
definition can boost classification of further examples from
domains not covered by the examples, but only when combined
with an explicit comparison between the learning examples
(Goldwater & Gentner, 2015). Hence, a pressing research
question concerns how to select examples in a way that
maximizes accuracy and flexibility during concept application,

The external provision of examples has proven the most
successful approach to aid learning and application of declarative
concepts (i.e., abstract concepts denoted by key terms and short
definitions that can be applied to a wide variety of scenarios).
The current experiment sought to further this line of research
by exploring the effect of using thematically varied examples
on learners' ability to classify novel exemplars and near misses
of five system principles that cut across thematic domains.
Results revealed that thematic variation increased learners’
ability to reject near-misses and, more crucially, to classify novel
exemplars from domains not covered by the studied examples.
The fact that this enhanced flexibility was unaccompanied by
poorer performance in rejecting near misses or classifying new
items from domains covered by the learned examples renders
this strategy readily applicable in instructional settings. We end
by discussing possible mechanisms that could potentially
explain the observed advantage of thematically varied examples.
Keywords: thematic variation; examples; system principles;
analogy; learning.

Introduction
A major goal of education is that students can apply their
knowledge to contents (and in contexts) different from those
of the initial learning (Barnett & Ceci, 2002; Day & Goldstone,
2012). Among the different kinds of contents that can be
potentially transferred (e.g., reasoning strategies, complex
multistep procedures, motor skills, etc.), declarative concepts are
prevalent across a variety of educational domains and degrees of
expertise. They consist in abstract concepts denoted by key terms
and short definitions—usually one or two sentences long—that
can be applied to a wide variety of scenarios (Rawson, Thomas,
& Jacoby, 2015). As opposed to entity categories like "table",
which are commonly represented by independent features,
declarative concepts often consist in relational categories
(Markman & Stilwell, 2001), which tend to be defined by a
set of interrelations rather than static features.
During declarative concept learning, concept definitions are
often treated as the primary targets of learning, under the
assumption that once the learner has assimilated the abstract
relationships that hold among the constituent elements of the
concept, students can rely on the definition for prototypical
concept application activities such as classifying novel
exemplars (Zamary, 2019). But abstract definitions can
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but under more widely applicable instructional procedures. The
present study seeks to advance current research on example
presentation by assessing the effects of the thematic diversity
of learned examples during the application of system principles.

In order to assess the effects of example variation on the
subsequent application of five system principles, we used a
blocked schedule1 wherein the definition of each concept was
followed either by three concepts taken from one single
domain, or by three examples taken from different domains.
After a temporal separation of 5 to 7 days, participants
received 25 target situations, which included studied items,
new items from studied domains, new items from non-studied
domains, near misses, and filler items. Each one was
followed by a multiple-choice question listing each of the
learned concepts, plus a "none of the above" option.
Participants’ task was to determine to which of the studied
concepts each item corresponded, or else report it as not
belonging to any of the learned categories.
For studied items we predicted that classification performance
would be very high in absolute terms and similar across
groups. This measure works mainly as a check that participants
paid attention to the study examples and encoded them
adequately in LTM along with their concept’s definition. At
the other opposite of the novelty continuum, we predicted that
correct classification of novel items from non studied domains
(a measure of far transfer) would be much lower overall, but
comparatively higher in the varied than in the homogeneous
condition. Classification of novel examples from learned
domains (a measure of near transfer) was predicted to fall
between the previous measures. In the event of a group
difference, either numerical or significant, we anticipated that
it would likely benefit the homogeneous condition, on the
grounds that the presentation of three examples from a given
domain would elicit a stronger association between the
concept and said domain than between the concept and any
of the three domains instantiated by a single example. If, on
the contrary, an advantage of the varied condition on items
from non-studied domains is not accompanied by a
disadvantage on new examples from studied domains, there
would be a clear instructional advantage of example
variation. Finally, we predicted that the enhanced attention to
underlying structure elicited by the varied condition would
also aid participants in rejecting near-misses.

Promise and Perils of Using Diverse Examples
In the field of concept learning, it has been proposed that the
selection of examples with mismatching surface features may
aid in highlighting the abstract features of concepts, therefore
preventing the subgeneralization of their definitions (Merrill,
Tennyson, & Posey, 1992). In the related field of analogical
abstraction, it has likewise been suggested that as the
schemas that originate in analogical comparisons tend to
preserve the common elements in two situations,
comparisons between overly similar examples might induce
the inclusion of irrelevant intersecting features in the
generated schemas, hindering application of the schema to
subsequent situations with mismatching surface features
(Ben-Zeev & Star, 2001; Chang, Koedinger, & Lovett, 2003).
The flip side of exemplar variation might reside in an eventual
difficulty for students to recognize and abstract out the relevant
commonalities across examples (Gentner et al., 2003; Gick &
Holyoak, 1983). In a study of example variation for learning
how to solve combinatorics problems, Braithwaite and
Goldstone (2015) obtained that the benefit of varied
examples was less intense for students lacking prior
knowledge of the concept at stake, but that it could be
enhanced by enforcing attention to structural features of the
problems. As we are interested in the most challenging
instructional scenario wherein prior knowledge cannot be
taken for granted, we accompanied each of the presented
examples with an unsupervised comprehension task asking
participants to match the critical elements of the example
with the core components of the concept’s definition.
To date, evidence supporting the provision of varied
examples comes mostly from instruction on concepts and/or
procedures pertaining to formal disciplines such as
mathematics (Braithwaite & Goldstone; 2015, Chen & Mo,
2004; Paas & Van Merrienboer, 1994), or statistics (Chang et
al., 2003; Chang, 2006; Quilici & Mayer, 1996, 2002). As
discussed in more detail elsewhere (Minervino, Olguín &
Trench, 2017), formal domains differ from more empirical
fields of inquiry in that the properties of objects that
instantiate the quantitative operations that are the target of
learning tend to be rather arbitrary (e.g., dividing candy
among children is hardly different from dividing cards among
players), thus facilitating the suppression of irrelevant detail.
In contrast, the constituent elements of empirical phenomena
have properties whose relevance to the phenomenon at stake
is comparatively more difficult to assess, posing challenges
to their analogical extrapolation to novel cases comprising a
different set of elements. Hence, the main objective of the
present research consisted in assessing the advantages and
disadvantages of the thematic variation of examples using a
selection of abstract concepts that cut across nonformal
domains as educationally relevant as physics, engineering,
biology, medicine, psychology, politics, sports, or economics.

Method
Participants and Design
An initial sample of 60 undergraduate students volunteered
to participate in the experiment and were randomly assigned to
the varied examples (N = 28) and the homogeneous examples
condition (N = 32). Data from three participants from the
varied condition and from four participants from the
homogeneous condition were discarded due to failure to
complete the test phase, yielding a final sample of N = 25 and
N = 28, respectively. All participants signed an informed
consent for participation prior to beginning Phase 1.
______________________________
1"Blocked" schedules not only perform better than "interleaved"
schedules for this kind of concepts, but are also more representative
of how examples are presented in actual instructional environments.
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comprehension questions, examples,
corresponding to negative feedback.

Materials
Three of the five system principles selected as targets of
instruction were taken or adapted from Jamrozik and Gentner
(2020) inoculation, from Goldstone and Sakamoto (2003)
competitive specialization, and from Day et al. (2010) negative
feedback. The remaining concepts were "refractory period"
and "regression to the mean". The definitions provided for
each of these concepts were sufficiently abstract so as to
potentially encompass instances from at least four different
knowledge domains, as dictated by the experimental procedure.
As an example, refractory period was defined as a process
wherein "once certain entity has reacted to a given kind of
stimulus, for a period of time it ceases to react to that same kind
of stimulus". For each of these five concepts, we derived four
examples from a first domain, one example from a second
domain, one example from a third domain, and one example
from a fourth domain (e.g., for the refractory period Set, we
derived four examples from biology, one example from
psychology, one from sports, and one from fundraising. The
domains corresponding to the examples of one of the concepts
did not maintain any systematic relationship with those of the
other concepts, although some common domains (e.g.,
medicine or biology) were used in more than one concept.
For each of the system principles we also derived a near-miss,
which consisted in a situation that presented several structural
aspects of the definition, but whose violation of a key
component ultimately rendered it a non-instance of the
concept. Keeping with the refractory period Set, the nearmiss stated that "Adult humans maintain stable food preferences,
and in the presence of a meal that they normally consider
attractive they secrete saliva in preparation for digestion.
During the first three months of pregnancy, however, hormonal
processes related to gestation reduce the range of foods to
which the mother is attracted, such that foods that would
normally elicit a salivation response cease to generate it".
While the above situation shares relevant aspects with the
definition of "refractory period" (e.g., the presence of a typical
reaction to particular stimuli, or a momentary suspension of
said reaction to such stimuli), it violates the provided
definition in that the suspension is not triggered by a previous
exposure to the stimulus, but rather by an endogenous cause.
Near-misses were included to assess whether the enhanced
flexibility presumed to arise from thematic diversity comes
at the cost of a less stringent discrimination. Finally, we
included five filler items which did not maintain structural
overlap with the learned concepts. Filler items were included
to prevent participants from assuming that each of the test
situations corresponded to one of the learned examples.
Definitions were approximately 20 words long. The length of
examples, near misses and fillers (range: 50-70 words) was
equated across concepts, so as to prevent participants from
using length as a heuristic for classifying the test items. Care was
also taken in ensuring that the key words of the definitions (e.g.,
"stimulus", "reaction", "period", or "time" in the definition of
refractory period) were absent from the examples, so as to
preclude participants from using lexical items as a cues for
classifying test items. Table 1 displays the complete definition,

and

near-miss

Procedure
The initial cohort of candidates were invited by the instructors
of several online courses to participate anonymously in a brief
online study on concept learning, which comprised two Google
forms: one for the learning phase and the other for the test phase.
Learning Phase A first section of the form collected contact
data and demographic information about age and gender.
Contact information (a valid email address) was key for
matching each participant’s learning form (and therefore her
condition) with her corresponding answers to the test form.
In a subsequent section, participants watched a 3min video
consisting in a screen capture where the first author
demonstrated the structure of the learning trials. Instructions
anticipated that participants would learn five abstract
concepts, each one illustrated by three concrete examples.
The video explained to participants that as comprehension of
both the definition and the examples would be crucial for the
testing phase, after each of the examples they would need to
provide brief written answers to 3-4 questions intended to
relate the central components of the definition to their
corresponding real-world referent in the provided example.
This was exemplified with the concept of catalysis (which
did not belong to the study materials presented later) and each
of its corresponding three examples. Each of sections 3-5 of
the learning form began by presenting the definition of a
concept (e.g., negative feedback), and followed by presenting
one of the examples of said concept along with its
comprehension questions. Once the last question of the third
example of a concept was completed, participants proceeded
to the definition of the following concept, along with their
examples and their corresponding comprehension questions.
The learning form thus included 17 brief sections, and took
about 30 min to complete. The order of presentation of the
concepts was counterbalanced by generating two versions of
the learning form featuring the same concepts in different order.
The only experimental manipulation concerned the selection
of examples. For each of the learned concepts, while
participants in the homogeneous condition received three
examples all taken from the same thematic domain (e.g., three
examples of negative feedback from the domain of engineering),
participants in the varied condition received three examples
from different domains (e.g., three examples of negative
feedback taken from engineering, psychology and biology).
For each concept, one of the examples of the homogeneous
condition was included among the items of the varied condition.
Application Phase The application form was the same for both
conditions. It began by informing participants that they would
receive brief descriptions of situations, of which some would be
instances of one of the learned concepts, and some would not.
Next, it told that for each of the test situations, they would have
to click on the appropriate concept, or else select "none of the
above" when the situation did not belong to any of the concepts.
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Table 1: Set of materials corresponding to the concept of negative feedback
Definition: Type of functioning that ensures that when the values of a variable depart from an optimal level, said
departure activates processes that counteract the deviation.
Comprehension questions: (1) "In the present example, which variable departs from a desired level?", (2) "Which
processes are activated by such departure?", and (3) "What effects do the activated process produce?".
Example 1 (Engineering)
The thermostat of a gas stove keeps its surroundings at a
predefined temperature. When the room temperature
raises over the preset temperature, the flame of the burner
diminishes its power and the temperature of its
surroundings begins to drop. When it drops below the
preset temperature, the flame increases in power and the
room temperature increases again.

Example 5 (Biology)
Environmental features affect the hydration of plants.
When a plant starts to get dehydrated due to a drop in the
humidity of the air, it responds to this environmental
circumstance by orienting its leaves upward, thus
reducing the surface that is exposed to the Sun. This in
turn reduces evaporation, helping the plant to resume the
normal degree of hydration of its tissues.

Example 2 (Engineering)
Water tanks have a valve that regulates the input of water
from the network. The valve is connected to a ball float
through a lever. When the height of the water drops, the
weight of the float triggers the opening of the valve, and
the tank gets refilled. Once the original height is
achieved, the ball float lifts the lever and closes the valve,
preventing the tank from overflowing.

Example 6 (Psychology)
In families where the parents do not control their aggressive
impulses, a sibling may display psychological symptoms
without an apparent cause. When violence between the
parents begins to escalate, such sibling begins to display
the pathological symptoms, capturing her parents’
attention and thus reducing violence. When violence
disappears, so does the pathological behavior.

Example 3 (Engineering)
The batteries from laptops and cell phones suffer some
permanent damage when they get charged to its
maximum real capacity. To prevent this from happening,
advanced electronic devices cut the input of electricity
when the battery charge surpasses 90% of its real
capacity, and resume the input of electricity when the
level of charge falls below said level.

Example 7 (Economics)
The price of hydrocarbons depends on a number of
factors. When suppliers raise fossil fuels too much,
consumers tend to use their vehicles less often, or to heat
their homes less generously. This reduction in
consumption leads to an increase of gas reserves by the
suppliers. As this overstock is not profitable, suppliers
tend react by lowering the price of their fuels.

Example 4 (Engineering)
Old torpedoes had an internal compass that recorded the
initial direction at the moment it was launched. If the
direction got altered by currents or other obstacles, the
compass detected such change in direction, and steered
the rudder opposite to the change. When the new direction
matched that of the launch, the rudder got straight and the
torpedo resumed a rectilinear trajectory.

Near-miss
When a meteor of astronomic dimensions impacts the
Earth, it generates a cloud of ashes that blocks the
sunlight, thus reducing the temperature of the planet’s
surface. Part del ocean near the Poles becomes frozen,
therefore reflecting the solar radiation instead of
absorbing it. This renders the planet even colder,
affecting the life of animals and plants.

Table 2: Sample of how the seven examples of each set of materials were distributed across the two phases of the experiment
Learning Phase
Condition:
Homogeneous
Varied

Example#1 from
Engineering

Application Phase
Novel examples from
learned domains
Example#4 from
Engineering

Novel examples from
novel domains
Example from
Economics

Example#1 from
Engineering

Example#4 from
Engineering

Example from
Economics

Studied examples
Examples #1, #2, and #3
from Engineering
Example#1 from Engineering,
plus examples from Biology
and Psychology
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Discussion

For each of the learned concepts, the test included a studied
example (i.e., the one that appeared in both conditions of the
learning form), a novel example from a domain covered by the
learned examples (i.e., the fourth of the examples of each set that
belonged to the same domain), a novel example from a domain
not covered by the learned examples, and a near miss (Table 2
displays a sample of how examples were assigned to phases and
conditions). The test form also included five filler items, for a
total of 25 trials. The order of presentation of the test items was
counterbalanced by generating two versions of the learning form
that featured the same items in two different random sequences.
Participants took around 30 min to complete this second phase.

Results
A mixed analysis of variance (ANOVA) with Type of test item
(4 levels: studied examples, novel examples from studied
domains, novel examples from non-studied domains and near
misses) as within-subjects variable and Learning condition (2
levels: varied examples vs. homogeneous examples) as
between-subjects variable revealed main effects of Type of
test item, F(3, 49) = 51.541, p < .001 η2 = .759 and of
Learning condition F(1, 51) = 4.189, p < .05 η2 = .076, but
not a significant interaction F(3, 49) = 1.135, p > .05 η2 = .065.
Pairwise comparisons (Bonferroni) revealed that studied
items were better classified than novel items taken from
learned domains, and that these were in turn classified better
than novel items from new domains (both ps < .001).
Participants’ accuracy in classifying items from all three
critical categories was higher than their accuracy in rejecting
near-mises (p < .001, p < .001, and p < .05, respectively).
Pairwise comparisons (Bonferroni) also revealed that participants
in the varied examples condition outperformed participants in
the homogeneous condition both in correctly classifying novel
items from non-studied domains, and in correctly rejecting near
misses (both ps < .001), but neither in correctly classifying
studied items nor in classifying new items from domains
covered by the examples given for the corresponding concept
(both ps > .1). Figure 1 displays the mean classification scores
across learning condition and type of test item.

1

Classification Accuracy

0.9

Varied examples condition
Homogeneous examples condition

0.8
0.7

0.6
0.5
0.4
0.3
0.2
0.1
0

Studied items New items from New items from
studied domains new domains

Rejection of
near-misses

Figure 1: Mean classification scores across learning condition
and type of test item.
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The problem of inert knowledge (Whitehead, 1929) refers to
the observation that learning often fails to be applied to contents
and in contexts different from those in which it was acquired.
Declarative concepts (abstract relational categories denoted
by brief definitions) do not escape the problem of inert
knowledge, since learners often fail to notice further
exemplars not covered by the learning materials. Even though
provided examples have proven superior than studentgenerated examples for concept application, classification
performance after as many as 4 examples is still far from
ceiling. Hence, more research was needed to determine how
to select examples in ways that optimize concept application.
The present study sought to contribute to this line of research
by concentrating on one particular dimension along which
examples can vary: their thematic domain. While there was
some evidence that thematic variation aids the application of
concepts pertaining to formal domains such as mathematics
or statistics, evidence about its usefulness for science concepts
of more empirical nature was scarce and negative (e.g., Corbalan,
Kester & Van Merrienboer, 2009 system control condition; Day
et al., 2010) presumably due to the added complexity involved
in discerning between superficial and structural features of
empirical phenomena. By employing five different system
principles that cut across a wide range of thematic domains,
we were the first to obtain robust evidence on the advantage
of varied examples for cross-domain concept application.
The central finding of the present research was that
coupling abstract conceptual definitions with thematically
varied examples allowed participants to better recognize
instances of the concept in domains not covered by the
provided examples. This result is especially noteworthy given
that the only available precedent for this kind of concepts was
Day et al.’s (2010) study on negative vs. positive feedback, where
the authors failed to obtain an advantage of thematically
varied examples during a classification task. As we included
negative feedback among our six system principles, we
inspected the performance of our groups on this particular
concept. Our data revealed that participants’ performance in
recognizing novel instances of negative feedback pertaining
to domains not covered by the studied examples was
significantly lower than their average performance on the
other 4 concepts on this same measure, M = 0.34 SD = 0.48 vs.
M = 0.74, SD = 0.29, t(52) = 5.828, p < .001, indicating that
negative feedback might be particularly challenging for
students. Even though the ns of our groups were not large
enough to allow calculating Chi-square tests with sufficient
power, an inspection of the data reveals a numerical
advantage of the varied condition in extrapolating the concept
to a novel domain (40% vs. 28,6%), suggesting that the
advantage of example variation on this particular concept
follows the general trend observed with the other concepts.
Hence, our results help rectifying the pessimistic conclusions
extracted by Day et al. out of a single concept, thus providing
a robust demonstration that thematic variety alone (i.e.,
without asking participants to explicitly compare the examples)
can aid cross-domain extrapolation of declarative concepts.

As compared to the above result, our finding that exposure
to examples from three different domains is not inferior than
exposure to three homogeneous examples for recognizing
novel examples from the domains covered by the learned
examples might seem at first sight as inconsequential. But it
is not, especially if one considers that the association of, say,
negative feedback to the domain of engineering would quite
predictably be stronger after three engineering examples than
after a single example from this domain. Therefore, it would
have been unsurprising to obtain an inferior classification
performance of the varied condition in recognizing new examples
from studied domains. That said, it seems quite relieving to
confirm that introducing variation across learning examples
broadens the scope of application of the concept, but without
paying the cost of a lesser ability to recognize further cases
within the domains covered by the study examples.
In a similar vein, it could have been the case that achieving
a more generalized representation of declarative concepts of
the kind employed in the present study came at the cost of a
diminished ability to reject near misses, especially when they
belong to domains that have been covered by the examples.
However, rejection of near misses proved to be more accurate
in the varied condition, thus confirming that this instructional
strategy can be safely employed to maximize distant transfer,
without the danger of relaxing the criteria with which the
learned category is applied to new exemplars.
Regarding mechanisms, several hypotheses could explain
the observed effect of thematic variation on classification
flexibility. One possibility is that the semantics of overly
abstract notions such as "variable", "value", "agent", "process"
or "resource" are very difficult to mentally represent, and
therefore the examples serve to disambiguate such terms. On
this account, as the elements that fill the role of "variable" in
concepts like negative feedback tend to be very similar across
homogeneous examples of the definition, their conceptual
intersection still preserves domain-specific features, therefore
conspiring against a flexible application of the concept.
While this explanation is perhaps the most appealing, it
would seem to be at odds with traditional results from the
analogical retrieval literature, which convergently demonstrate
that schema induction rarely occurs in the absence of an explicit
comparison between the analogs (e.g., Gentner et al., 2003).
It is at least conceivable that, as opposed to idiosyncratic
structural isomorphs such as Gick and Hoyoak’s (1983) stories,
members of lexicalized categories like the system principles
here employed invite spontaneous comparisons between
category members, especially when they are the explicit
targets of instruction. However, previous studies like
Goldwater & Gentner (2015) suggest that even in these
relatively advantageous cases spontaneous comparison
among exemplars is unlikely.
Another possibility is that far from eliciting a more general
schema, examples of declarative concepts are themselves
being recruited when assessing a candidate for inclusion into
the category. Given that structural isomorphs are seldom
retrieved in the absence of a concomitant degree of superficial
similarity (Keane, 1987, Kurtz & Loewenstein, 2007, see

Trench & Minervino, 2017 for a review), a selection of
thematically varied examples might increase the odds that at
least one of the learned examples maintains a degree of
surface similarity with the candidate being processed.
Albeit uninspiring, yet another possibility is that the
observed advantage of varied examples originates neither in
a more abstract schema nor on a set of examples whose
superficial features achieve more "coverage" across the space
of potential base analogs, but rather in coupling the received
definition with a "domain tag" (Ripoll, 1998) that somehow
specifies the thematic range of situations to which the abstract
relations conveyed by the definitions may apply. To
exemplify, the presentation of varied examples could have
neutralized a preexisting—perhaps even conscious—
assumption that inoculation refers to phenomena related to
viruses or bacteria.
While carefully crafted materials could probably be
developed to decide between the schema-based and the
exemplar-based accounts of the effect of thematic variation,
the truth is that the conditions that favor one or the other
processes seem to be tightly correlated in the natural world.
From our own experience in struggling to construct the
present sets of materials, it became clear to us that the
possibility of instantiating even concepts as broad as our
system principles in further and further unrelated domains
reaches a ceiling quite abruptly, typically after 4 or 5 domains.
Beyond that limit, the elements in these new instantiations
inevitably begin to maintain surface similarities with the
elements of the examples taken from the previous domains,
even when the domains themselves cannot be said to match.
Hence, meeting the conditions for schema induction also
yields the broader coverage of base situations that sets out the
conditions for analogical transfer. This is good news for the
prospects of transfer, a research area often unaccustomed to
receiving auspicious results.
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Abstract
We extend our previous neural dynamic models of visual
search and scene memory (Grieben et al. (2020); Grieben and
Schöner (2021)) to move beyond classical “laboratory” stimuli. The new model can autonomously explore a natural scene
and build a scene memory of recognized objects and their locations. It is also capable of guided visual search for object categories in the scene. This is achieved by learning object templates for object recognition, and feature guidance templates
for visual search and associating them to categorical concepts.
We address how preattentive shape can be extracted from the
visual input and how scene guidance, specifically, scene gramar (Võ, 2021), emerge. For the first time, we embed feature extraction by a headless deep convolutional neural network (CNN) in a neural dynamic (DFT) architecture by learning a mapping from the distributed feature representation of the
CNN to the localist representation of a dynamic neural field.
Keywords: neural dynamic process model; dynamic field theory; visual search; natural scenes; scene guidance; scene grammar; supervised one shot continual online learning; convolutional neural network; deep neural networks;

Introduction
A farmer looking for a pig will probably not find it if it is
flying around. Because pigs don’t fly (which is why “when
pigs fly” expresses impossibility). The world we live in
is highly structured, and that structure induces expectations
that strongly influence how we search and ultimately interact with objects in our environment (Võ (2021); Võ and
Wolfe (2015); Hollingworth (2012)). Yet the vast majority
of studies in visual perception use artificial visual scenes and
simplified stimuli. These greatly advanced our understanding of the basic principles underlying visual search (Wolfe
& Horowitz, 2017), but provided limited understanding of
how humans search for real-world objects (Vickery, King,
and Jiang (2005); Cunningham and Wolfe (2014)) in natural scenes (Hollingworth, 2012). The classical version of
the perhaps most influential theory of visual search, “guided
search 2.0” (GS) (Wolfe, 1994) did not directly transfer to
natural scenes (Wolfe, Võ, Evans, & Greene, 2011). To address that, Wolfe, Võ, et al. (2011) proposed the concept
of scene guidance and incorporated it in his updated theory “GS 6.0” (Wolfe, 2021). Wolfe (2021) distinguished between two categories of scene guidance: syntactic guidance
(e.g.,“pigs don’t fly”) and semantic guidance (e.g.,“whales do
not live in a closet”). A special case of such scene guidance
has been formalized through the notion of scene grammar
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(Võ, 2021) based on experimental findings that anchor objects and their reproducible spatial relation to other objects
(Boettcher, Draschkow, Dienhart, & Võ, 2018) enable humans to strongly reduce the area scanned in visual search
(Võ, 2021). Alongside the increased interest in theories
and models of scene guidance in the psychological domain
(Castelhano & Krzyś, 2020), attention has also become an
important topic in deep learning (see Niu, Zhong, and Yu
(2021) for a review), although there is a considerable gap
between the understanding of attention in these two fields.
There have been attempts to incorporate top-down modulated
guidance into deep feed-forward neural networks for visual
search (Zhang et al. (2018); Gupta, Zhang, Wu, Wolfe, and
Kreiman (2021)). In the brain, visual search and voluntary
attention are both part of a top-down recurrent feedback loop
(Knudsen, 2007). Unfolding this loop into a feed-forward
network needs critical examination. We would argue that a
model for visual search and attention always needs a recurrent feedback loop and stable memory representations to be
able to interact with the environment in a goal-oriented way.
Zelinsky et al. (2021) presented an inverse-reinforcement
imitation-learning model that inferred reward functions and
policies from target-specific behavioral fixation data. Their
model generated reward maps that showed patterns which
suggested not only feature guidance, but also guidance by
scene context. We presented a neural process model for
guided visual search and scene memory that did not only
account for classical findings like feature vs. conjunction
search, but also proposed answers to long-standing questions
in the field of visual search: The influence of scene memory in the preview paradigm (Grieben et al., 2020) and the
relationship between attention and feature binding (Grieben
& Schöner, 2021) in the context of the unexpectedly efficient
triple conjunction search (Nordfang & Wolfe, 2014). This
model was limited to classical laboratory stimuli, however.
Here we present a neural process model that substantially extends our previous models (Grieben et al. (2020); Grieben and
Schöner (2021)) to natural scenes in a neurally plausible way.
At the same time we incorporate a new neural process account
for scene grammar. Enabling the model to interact with natural scenes required a major innovation, interfacing for the first
time, a neural architecture based on Dynamic Field Theory
(Schöner, Spencer, & DFT Research Group, 2016) with a pretrained headless deep convolutional neural network (CNN;
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VGG16: Simonyan and Zisserman (2014)) that provides feature extraction. The interface is based on neurally plausible
learning and makes it possible to combine the strength of the
two frameworks. DFT delivers autonomous process organization, sequence generation, and working memory. CNNs
are undoubtedly able to extract the complex features needed
for object recognition, similar to what the ventral stream
of human vision does. Neural populations in inferior temporal cortex (IT) represent object identity over space in a
manner sufficient for object recognition (DiCarlo, Zoccolan,
& Rust, 2012). Lim et al. (2015) inferred that the rule of
synaptic plasticity rule observed for IT neurons is akin to the
Bienenstock-Cooper-Munro (BCM) (Bienenstock, Cooper, &
Munro, 1982) learning rule. We propose, therefore, to use
the biologically plausible BCM rule to map the distributed
representation of the CNN feature maps to the localist representation of a 3D neural field defined over space and object
identity as found for IT neural populations. This enables the
model to learn new object concepts from single exposures in
a supervised one-shot continual online learning fashion (Mai
et al., 2022). To guide visual search in natural scenes we also
had to solve the problem of learning the association between
categorical (label) concepts and their corresponding preattentive shape guidance features (Wolfe, 2021). Our solution is to
extract these guidance features from an intermediate layer of
the CNN model, as proposed by Wolfe (2021).

of representation in DFT. Depending on the kernel parameters, fields may operate in different dynamic regimes. In the
self-stabilized regime, peaks are stabilized against decay and
changes in input. In the selective regime, only a single peak is
stable at any point int time. In the regime of sustained activation, peaks may persist after the localized input that induced
them is removed.

Networks of fields
Cognitive processes and motor behavior are realized through
networks of fields in which sequences of processing emerge
from the underlying dynamic instabilities. Networks are defined by directional coupling among different fields and eventually to sensory-motor systems. Directional coupling or projection means that supra-threshold activation of one field provides either excitatory or inhibitory input to another field.
Projections from lower-dimensional to higher-dimensional
fields perform dimensionality expansion by providing ridge
or slice input. The reverse projections perform dimensionality contraction through marginalizing by integration.

The neural dynamic process model
The neural dynamic process model shown in Fig. 1 is able to
autonomously explore the visual scene and build a scene representation, the scene memory, of recognized objects, their
features and their position in space. In the presence of one or
more search cues (P) it is able to perform neurally plausible
guided visual search for real-world object categories in natural scenes. It can also use known semantic structure of the
scene, the scene grammar, to reduce the search space by inducing a relational bias centered on a detected anchor object
(Võ, 2021). Regardless of its figurative depiction the model
is a system of coupled neural integro-differential equations.
Neural activation evolves continuously in time and discrete
events emerge from instabilities in the dynamics. Outside of
the feature extraction no further algorithms are used in the
model. All different cognitive modes of the model emerge
naturally from the neural dynamics. Its real-time numerical
simulation is achieved by implementing it in cedar (Lomp,
Richter, Zibner, & Schöner, 2016). In the following the different sub-networks of the model are explained while following along Figure 1 with sub-networks being referenced via
uppercase letters.

Methods
The neural process model is based on Dynamic Field Theory
(DFT; Schöner et al. (2016)) a mathematical framework that
characterizes graded activation patterns of neural populations
that evolve continuously in time. The model also embeds a
headless CNN as a feature extraction network.

Neural Dynamic Fields
Neural populations tuned to a metric dimension x , e.g., a feature or movement parameter, are modeled as neural activation
fields. The continuous evolution, on the time scale τ, of field
activation emerges from the neural dynamics
τu̇(xx,t) = − u(xx,t) + h + s(xx,t) + ξ(xx,t)
Z

+

ω(xx − x ′ ) σ(u(xx′ ,t)) dxx′

(1)

in which the negative resting level, h, and external input,
s(xx,t), define the attractor state of the system, if the overall activation level remains below the threshold of the sigmoidal nonlinearity, σ(u) = 1/(1 + exp[−βu]). In the case
of sufficiently strong localized input, the system transitions
to a supra-threshold peak of activation, which is described as
the detection instability. Supra-threshold activation engages
in neural interaction defined by the kernel, ω(xx − x ′ ), that
is excitatory over small, and inhibitory over large distances,
x − x ′ , within the field. Additive neural noise ξ(xx,t) allows
for stochastic switches between stable states near instabilities. Stable supra-threshold activation peaks are the units

Feed-forward feature and salience maps
The bottom-up pathway of the model is constituted by a parallel preattentive process that extracts low-resolution retinal
(C) and high-resolution foveal (J) features in parallel from the
input image(D). This is a simplified account for the two (ventral and dorsal) vision pathways in the human brain (Goodale
& Milner, 1992).
Retinal Feature Extraction Preattentive color and preattentive shape are extracted from a scaled down version of
the input image (retinal image) (D). Preattentive color is extracted from hue-space (C2). Preattentive shape is extracted
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Figure 1: An overview of the neural dynamic process model.
from the intermediate conv 4-3 convolutional layer of the
VGG16 network (C4). Each feature filter generates the input
to the corresponding scene space/feature map field (B). The
feature conspicuity maps (H3) are the result of marginalization along the feature dimension of their corresponding scene
space/feature map field (B), by using a center-surround filter (H1) as the projection kernel (see Grieben and Schöner
(2021) for an explanation). These serve as the input to the
scene spatial salience field (H2) that represents the non-linear
spatial salience map (Itti & Koch, 2000) of the model.

bottom-up bias from the scene spatial salience field (H2) and
three excitatory top-down guidance biases from the feature
guidance1 (F3), the coordinate transformed scene guidance
(K2), and memory guidance (N3) spatial map fields. The inhibition of return (IOR) memory trace (G) steers the selection
away from previously attended locations, enabling sequences
of attentional selection.

Exploration and scene memory

Foveal Feature Extraction The foveal image (E) is extracted from the original input image at the currently attended
location specified through the scene spatial selection field
(L). From this attended color (J6) and label (J7) are extracted. Color is extracted from hue-space (J1) and serves
as input to the foveal space/color map field (J4) that is defined over the two dimensions of foveal space and over one
color feature dimension. Label is the result of a learned mapping from the last convolutional layer (conv 5-3) of the headless VGG16 network (J2) to the foveal space/label map field
(J5). The marginalized activation over the color/label dimension of these foveal map fields (J4, J5) serves as the input
to the attended color/label fields (J6, J7). These selective
fields represent the dominant color/label at the attended location through a single peak along their feature dimension.

One important key to understand human visual cognition is
the incidental scene memory of attended objects, the scene
representation, that humans continuously build (Draschkow,
Wolfe, and Võ (2014); Hollingworth (2006)). For this reason, autonomous visual exploration of the scene is the default
behavior of the model. Since working memory (WM) does
not contain any cues, attentional selection is only biased by
the bottom-up salience of the visual input. The model sequentially attends salient regions in the scene and commits
the label, if a known object is recognized, and color at the
currently attended location to the scene memory fields (M).
These fields operate in the regime of sustained activation (see
Grieben et al. (2020) for an explanation of capacity limits in
these memory fields). The neural timer CoD (R2) inhibits the
scene spatial selection (M) field, so that a new cycle of attentional selection arises.

Attentional selection

Visual search

Biased attentional selection is the basis for flexible, goaldriven, human behavior. Therefore, all visual cognitive processes in the model emerge from attentional selection. This
is achieved by the scene spatial selection field (L) that selects
a salient region in the visual scene through biased competition (Desimone & Duncan, 1995). It receives an excitatory

Most real-world interactions with objects entail a preceding
visual search for it. This requires the neural activation of
a guidance template (Wolfe, 2021) for the object in work1 We corrected the misnomer scene guidance in the Grieben et al.
(2020) model to feature guidance to prevent a name clash with the
new correct scene guidance sub-network.
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ing memory, which biases selection through top-down recurrent feedback loops. Therefore, in the model visual search
emerges naturally from the dynamics by top-down biasing
the selection decision in the scene spatial selection field (L)
through peaks in the working memory fields. Visual search
terminates when there is a peak in the target position (WM)
field (O2), or if there are no more salient locations left for
selection.

selective expected color (P3) and expected label (P4) fields
are modulated by top-down task inference that is the result of
their coupling to other fields in the search cue sub-network
(P).
Memory guidance Visual search is additionally influenced
by already present scene memory (Hollingworth (2006);
Hollingworth (2012); Draschkow et al. (2014); Grieben et al.
(2020)). In the model this bias is implemented through the
memory guidance spatial map (N3), which gives previously
attended locations with matching features a selective advantage (see Grieben et al. (2020) for experimental results and an
in-depth analysis of this bias from memory).

Neural activation of working memory The model’s visual search cue is evoked through an external task cue in the
form of simulated language interaction, e.g., “Look for a red
pepper in the kitchen”. Cues are realized through the activation of concept nodes (S) that provide input to the label cue
(WM) (S3), color cue (WM) (S6), scene type (WM) (S9) fields.
Scene type information is part of the provided language cue,
since recognition through scene gist is out of the scope of our
model. We focus on how different active concepts interact
with visual search and not how these get activated by language or gist. The selective label/scene/anchor) field (P8) is
a simplified (hand-crafted) account for the long time memory (LTM) representation of known label/scene/anchor combinations obtained through experience. If an anchor object
is known for the current scene and label it causes a peak to
emerge in the anchor label (WM) field (P5), which then biases attentional selection towards the anchor. Inhibitory couplings between fields in the search cue sub-network (P) allow
for the autonomous transition from the highly efficient scene
guidance search to the efficient feature guidance search, when
the anchor object was not found in the current scene. The selective label/anchor/relation) field (P6) is also a simplified
(hand-crafted) account for the LTM representation of known
label/anchor/relation combinations obtained through experience. It gives input to the anchor relation (WM) field (P2) and
a peak in this field emerges, when there is a known relation
for the current label and anchor.

Feature guidance Feature guidance is the core working
memory bias in visual search (Wolfe and Horowitz (2017)).
In the model this bias comes from the feature guidance spatial map (F3), which gives locations with matching features
a non-linear selective advantage. The non-linear bias that
emerges naturally from the underling dynamics has been experimentally verified (for conjunction visual search and its
interaction with scene memory see (Grieben et al., 2020) and
against triple conjunction (Nordfang & Wolfe, 2014) visual
search see (Grieben & Schöner, 2021)). In the current model
we specifically addressed the question how guidance templates for object categories in natural scenes could be learned
from the visual input. Therefore, the feature guidance template (Q) comes from an adaptive LTM representation that
is updated through experience. The guiding features used in
this model are restricted to preattentive shape and color since
these are known guiding features for objects in natural scenes
(Wolfe, 2021). The learned color guidance feature can be replaced by other top-down inference processes to enable flexible adaptation to specific search tasks.
Scene guidance/grammar In this model we now include a
new neural process that utilizes anchor objects and their specific spatial relation regarding other objects in visual search.
To this end the architecture utilizes a coordinate transformation of activation patterns that represent operators in relational spatial language Richter, Lins, and Schöner (2021) to
provide an attentional bias relative to a found anchor object.
The appropriate spatial pattern emerges in the relation/space
field (K3) through an incoming overlap between the current
anchor relation (WM) (P2) and the preshaped possible relation patterns. Due to the peak representation in the anchor
position (WM) field (O3) it is possible to perform a coordinate transformation (K2; Schneegans and Schöner (2012))
that shifts the spatial pattern peak in the scene guidance spatial map field (K4) accordingly and provides it as bias input
for attentional selection to the scene spatial selection field
(L). A supra-threshold peak in the scene guidance spatial
map field (K4) additionally inhibits the anchor label (WM)
(P5) and the anchor position (WM) (O3) fields and thus stops
the model from searching for the anchor.

Feature matching In DFT matches between expected (P3,
P4) and attended (J6, J7) features are detected through the
detection instability. Specifically, a match detection field (R4)
receives localized input from these fields such that only if
these inputs overlap sufficiently is goes through a detection
instability. These matches are detected in parallel along each
feature dimension. If all expected features match their attended counterpart the condition of satisfaction node (R5)
(Sandamirskaya & Schöner, 2010) gets activated. It signals
that a matching object was found, and the current attended location is committed to the matching object memory (O). Depending on the activation in the anchor label (WM) (P5) field
the current position is stored in the anchor position (O3) or in
the target position (O2) (WM) field. A supra-threshold peak
in either of the matching object memory (O) position fields
inhibits the intention node (R3) of the feature matching subnetwork (R). This allows for further cognitive operations on
the currently attended location, by effectively preventing the
attentional selection of a new location. The content of the
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Learning object and guidance templates

an analog rule. Activation of the transient learn node (A2)
enables the formation of peaks in the guidance map (Q2, Q5)
representing the currently attended preattentive (retinal) features (I3, I4), which are required for association. After learning the synaptic weight pattern wlcgm and wlsgm serve as preshape input to their corresponding guidance map fields.

As long as the model is attending a location, a supervisor
can provide an appropriate label (S3) (by activating a concept
node), which is then associated with the features observed at
the currently attended location. Learning is induced through
the activation of a learn boost (A1) that gives rise to a transient
activation pattern (A2,A3) (Kazerounian, Luciw, Richter, &
Sandamirskaya, 2013). In the model two dynamic learn processes depend on the transient activation pattern. First, learning the association between the complex foveal shape feature at the attended location and the given object label (class)
(object template). Second, learning the association between
the given label and the retinal preattentive features (guidance
template). A single transient activation is sufficient to learn
a new object class. While learning takes place the intention
node (R3) of the feature matching sub-network (R) is inhibited, effectively preventing the selection of a new location in
the scene spatial selection field (L) during learning.

Results
The neural architecture inherits all the properties of our previous models (Grieben et al. (2020); Grieben and Schöner
(2021)) retaining the ability to fit and explain the relevant experimental findings. We used six class images to train our
model and three scenes to test it shown in Fig. 2.

Learning of an object template A headless VGG16 network (J2) provides the complex feature maps m f ( f is the
feature index), that are needed for object recognition, from
the foveal image (E). The object template consists of connection weights, wmf ,ufsml , that perform the transformation
from the distributed representation in the feature maps m f to
the localist representation in the foveal space/label map field
(ufsml , J5). These connections weights are updated according
to a dynamic version of the BCM (Law and Cooper (1994);
Udeigwe, Munro, and Ermentrout (2017)) rule:
τw ẇmf ,ufsml (xx,t) = η σ(ulearn ) y (y − Θ)

mf (x1 , x2 ,t)
Θ

y = σ(ufsml (xx,t))

Figure 2: One-shot training images for six different classes
(bottom) and the three test scenes (top). Bathroom image
adapted from Võ (2021) (Fig. 5).

Exploration and scene memory

(2)
Figure 3: Demonstration of the exploration behavior of the
model.

τΘ Θ̇ = (y2 − Θ),
with η being the learning rate and ulearn the activation of
the transient learn node (A2). Before learning the label cue
(WM) field (S3) provides slice input to the foveal space/label
map field (J5) and the learn node (A2) down-regulates the
resting level of the field by supplying a homogeneous inhibitory input to it. After learning the input sufsml to the foveal
space/label map field is:

In Fig. 3 we see how the model autonomously selects
salient locations in the visual scene and stores the labels (and
colors) at the attended location in the scene memory fields.

Visual search
In Fig. 4 we see the two possible cases of guided visual search
that emerge from the model: 1) for a label (top) and 2) for
a label-color combination (bottom). In the first case, where
only a label pepper is supplied, the guidance features of the
learned representation emerge in working memory. Since the
model was trained on a yellow pepper, the color guidance
feature field contains a peak at yellow. But since this feature
is only used for guiding, the model will stop at the first pepper
it attentionally selects, since the expected color field contains
no peak. In the second case, where the color cue red was
supplied with the label pepper both the expected color and
the color guidance feature fields contain a peak representing
red. In the summed input to the scene spatial selection field
one can see that this small change in working memory has
a noticeable effect. Activation in the shape guidance feature
field unfolds the same in both search cases.

F−1

sufsml (xx,t) =

∑ mf (x1 , x2 ,t) wmf ,ufsml (xx,t).

(3)

f =0

Learning of the guidance templates The synaptic weight
pattern wlcgm for the label/color guidance map field (ulcgm ,
Q6) is updated according to a dynamic version of the Hebbian learning rule (Tekülve, Fois, Sandamirskaya, & Schöner,
2019):
τẇlcgm (xx,t) = −η σ(ulearn ) (σ(ulcgm (xx,t))−wlcgm (xx,t)) (4)
with η being the learning rate and ulearn the activation of the
transient learn node (A2). The weight pattern wlcgm for the
label/shape guidance map field (ulsgm , Q3) is updated using
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ing at timestep T10 we see the relational bias above, evolve
over time, centered on the attended location of the sink. The
strength of this relational bias alone is enough to force a selection decision for this specific region. This is consistent
with the looking heatmap shown in Võ (2021) (Fig. 5).

Discussion
We have extended our neural process models of visual search
and scene memory (Grieben et al. (2020); Grieben and
Schöner (2021)) to enable autonomously building a scene
representation and performing guided visual search on natural scenes. Along the way, we found solutions for three
important open problems. First, little is known on how humans guide visual search for objects in natural scenes. The
established guiding features (Wolfe & Horowitz, 2017) found
through controlled experimental setups and oversimplified
stimuli undoubtedly can guide visual search, but at the same
time visual search for natural objects seems to be essentially
unguided (Vickery et al., 2005), when presented outside of a
meaningful scene. There is evidence, that color (Wolfe, Alvarez, Rosenholtz, Kuzmova, & Sherman, 2011) and preattentive shape (Wolfe, 2021) are some of the few features that
also guide visual search for natural objects. But what this
preattentive shape really is remains an unsolved question. In
the paper we presented a solution on how the association between a object concept and preattentive shape can be learned
from the intermediate layer of a CNN (as proposed by Wolfe
(2021)). Second, humans can use the structure of the scene,
scene grammar, to guide search for objects in natural scenes
highly efficiently (Boettcher et al. (2018); Võ (2021)). Here
we presented a new neural process on how scene grammar
can emerge from the underlying dynamics of the model. To
our knowledge this is the first model to account for it. Third,
searching for objects implies learning object templates for object recognition. For this we embedded a headless CNN as a
feature extracting network into our DFT model, for the first
time. And presented a biologically inspired mapping from
the distributed representation of the CNN feature maps to the
localist representation of neural fields. The biggest strength
of our model compared to an end-to-end learned CNN is besides the obvious neural plausibility, that the model operates in a closed behavioral loop. Stable memory representations allow for goal-oriented actions and the adaptive recurrent top-down feedback allows top-down inference processes
to flexible switch between modes, without the need for specific algorithms. Given the nature of the DFT framework in
which models are built from conceptually constrained building blocks, the present model may serve as the perceptual
front-end for any DFT model that processes visual input. Our
model could thus be combined with any previous DFT models
that worked on simplified stimuli, extending these to natural
images. Ultimately, this brings us a step closer to the conception of an autonomous agent that achieves higher cognition in
natural environments. Future work must validate the model
against human behavioral data.

Figure 4: Demonstration of the model performing two visual
search tasks, with (bottom) or without (top) an extra color
cue.

Scene guidance/grammar

Figure 5: Demonstration of the model performing a scene
guidance/grammar task (looking for the invisible mirror).
Task image adapted from Võ (2021) (Fig. 5).
In Fig. 5 we see the model performing a task presented in
Võ (2021) to test the ability of the scene guidance/grammar.
It receives the label mirror and the scene type bathroom. We
see that at first, in timesteps T2-T3, the expected label is mirror. Then in timesteps T4-T5 a strong input for the label sink,
that originates from the anchor label field (not depicted), creates a peak in the same field and the peak for mirror decays
due to the field’s global inhibition. This small change in feature guidance is reflected in the summed input to the scene
spatial selection field. The sink in the scene has now the highest salience (T5-T6) and is therefore selected in the next cycle
of attentional selection (T7). The label match detection detects (T8), that it is attending the expected label, and the current position is stored through gating into the position (WM)
of the scene guidance sub-network (T9). This destabilizes the
working memory representation of the anchor label (WM),
and a peak at the mirror label forms again (T11-T12). Start-
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Schneegans, S., & Schöner, G. (2012). A neural mechanism
for coordinate transformation predicts pre-saccadic remapping. Biological cybernetics, 106(2), 89–109.
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Abstract
Language and gender are inextricably linked; we regularly
make reference to the genders of individuals around us, and
the language used to do so recursively feeds the biases we
hold about gender in the social world. What has been left
under-investigated is the role that individual, rather than
societally-held, ideologies about gender play in the linguistic
system. In two web-based studies, we investigate the processing and production of gender-neutral role nouns such as
congressperson as a function of individual gender ideology
and political alignment. Our results indicate an asymmetry
between the processing and production of such nouns: while
individuals’ gender ideologies do not modulate processing,
they do interact with political party in production tasks such
that Democratic participants with more progressive gender
ideologies produce more gender-neutral role nouns. We argue
that these forms have become linguistic resources for indexing
social progressiveness, leading to their use by Democrats and
avoidance by Republicans.
Keywords: language and gender; language processing;
language production; language and politics; morphology

Introduction
English contains a subset of lexical entries which identify the
real-world gender identity of the individuals they pick out,
consisting primarily of pronouns, kinship terms, and a limited set of other role nouns. While generally common in discourse, these terms are often socially and politically charged
or contested. Consider the famous and contemporary case
of English pronouns. While psycholinguistic investigations
have indicated that there is a processing advantage found in
singular they when it is paired with gender-underspecified referents (Ackerman, 2018; Doherty & Conklin, 2017; Foertsch
& Gernsbacher, 1997), its usage continues to be debated on
the battlefields of style guides, op-eds, and popular discourse,
especially as it relates to its use as a pronoun used by nonbinary or gender non-conforming individuals.
More conventionally-gendered pronouns have also been
the subject of psycholinguistic analysis as they relate to realworld referent gender. In the context of the United States
2016 presidential election, von der Malsburg et al. (2020)
found that participant beliefs about whether or not Hillary
Clinton would win the presidency had no effect on the production of she as a co-referring pronoun with the future president, and that she induced a processing penalty when read in a
context in which it was co-referring with the future president.
In fact, it was co-referring they which increased in frequency
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as belief in Clinton’s victory increased. However, in the context of the 2017 British General Election, she was produced
more frequently than he when co-referring with the future
Prime Minister, with a female incumbent (Theresa May). On
the other hand, there was no concomitant processing bonus
for she over he until after the results of the election, indicating ‘general gender biases’ (von der Malsburg et al., 2020) in
the realm of language processing. These findings are reminiscent of previous work examining the relationship between
societal expectations and reading times on gender-anomalous
co-referents. For instance, co-referring pronouns are harder
to process when they do not align with the stereotypical gender of the role noun in question, such as he for nurse or she
for electrician (Duffy & Keir, 2004; Foertsch & Gernsbacher,
1997). These findings, taken together, suggest that biases
about who performs a particular social role inform the ways
we produce and process the pronouns which refer to them.
Beyond the realm of pronominal reference, Pozniak and
Burnett (2021) found that respondents who believed that female candidates would win in the 2020 Parisian and Marseille
municipal elections were more likely to produce femininemarked titles (as well as pronouns) to refer to the future
politicians, but that masculine-marked forms were still dominant in both locales. Corpus data similarly indicates that
referent gender indication is more prevalent when the gender of the referent runs counter to stereotypical assumptions.
For example, the Corpus of Contemporary American English
(M. Davies, 2008-) contains 165 tokens of male nurse, compared to 53 of female nurse. These biases are in turn learned
by large language models trained on natural language corpora, raising concerns about the perpetuation of societal biases in the realm of automation and language (Bender et al.,
2021; Caliskan et al., 2017; Sutton et al., 2018). These findings highlight the role that societally-held beliefs play in the
way we choose to linguistically gender individuals in the real
world.
While the aforementioned studies have investigated the
role of group and societal-level biases and ideologies (which
we may define as interactional systems of biases and expectations about the world) in the processing and production of
gendered language, this high-level focus raises the question
as to the role of individual ideologies on this facet of the linguistic system.
One path through which individual ideologies could affect
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the processing and production of gendered language is by directly affecting the relative predictability of gendered terms.
We can couch this idea in surprisal theory (Hale, 2001; Levy,
2008), under which a word’s processing difficulty should be
proportional to its surprisal given previous input w1 , . . . , wi−1
and any extralinguistic or extrasentential context C.

processing difficulty ∝ − log P(wi |w1 , . . . , wi−1 ,C)

“Gingerbread Person”. Alongside this was Grenell’s caption:
‘Stop voting for Democrats.’ (Grenell, 2021). Grenell explicitly draws on language ideology to implicitly assert that
elected Democrats are responsible for the proliferation of
politically-correct language regarding gender. As such, these
compound forms offer a fertile ground for investigating gender ideologies in linguistic processes.
Experiment 1 examines whether the processing of genderneutral nouns is modulated by individuals’ gender ideology.
Experiment 2 examines whether gender ideology affects the
production of these terms. We conclude with a discussion
of how these findings contribute to our understanding of the
relationships between ideology, language, and gender.1

(1)

This account has received ample empirical support: for
instance, more contextually surprising words incur greater
reading times (Aurnhammer & Frank, 2019; Goodkind &
Bicknell, 2018; Monsalve et al., 2012; Smith & Levy, 2013)
and more negative N400 amplitudes (Delogu et al., 2017;
Frank et al., 2013). One might thus explain processing difficulties incurred by co-referring pronouns that do not concord with stereotypical associations of particular occupations
by positing that these pronouns are relatively more surprising
than would be a stereotype-concordant pronoun, as a result
of prior beliefs about gender roles. However, individual expectations for such co-referential terms may vary: for example, an individual with an open-minded attitude towards gender roles might consume different media than an individual
with more conservative views on gender; as a result, they may
be exposed to more or less gender-neutral language, respectively, and in turn be more or less surprised by its use. This
would be consistent with previous findings which indicate individual exposure to lexical items modulate processing (R. A.
Davies et al., 2017; Yap et al., 2012), as well as findings that
expectations can be experimentally varied in individuals and
in turn influence processing (Delogu et al., 2018).
Alternatively, the ideologies themselves might affect language processing and production via an independent pathway. That is, ideologically distinct groups may show effects
of ideology above and beyond effects of gendered language
surprisal.
We investigated whether individually-held ideologies affect the processing and production of gender-neutral language
in two web-based experiments in the domain of ‘role nouns.’
Role nouns describe individuals’ social and professional positions in the world (Misersky et al., 2014). They include
both compound forms (n=14) which make a ternary distinction between male, female, and gender-neutral forms, as well
as affixed forms which make only a binary distinction (n=6),
see (1a) and (1b) for examples.
(1)

Experiment 1: Self-Paced Reading
In an experiment similar to that of the processing experiment in von der Malsburg et al. (2020), our first investigation concerned the role that individuals’ ideologies about gender play in their processing of gender-neutral role nouns. If
participants do exhibit effects of gender ideology, we expect
that gender-progressive participants will show faster reading
times on gender-neutral terms, either as a result of exposure to
the terms or weaker prior beliefs about societal gender roles.
If ideology does not modulate processing, we expect there
to be no difference between individuals’ reading times as a
function of ideology.

Methods
Participants 298 participants (mean age: 33.6) were recruited through the online recruitment platform “Prolific”
(2014), excluding any participants who failed to correctly respond to at least 85% of attention check questions (n=19).2
All participants additionally self-identified as L1 English
speakers and as having been born in and currently residing
in the United States. See Table 1 for participant demographics.3
Stimuli & Procedure In a web-based self-paced reading
task, participants saw a series of 20 sentence sets of the form
“[NAME] is a(n) [TITLE] from [STATE]. S/he likes [ACTIVITY]”, where “[TITLE]” stands in for the critical item
of gendered role noun. The states and activities were randomized at the stimuli creation stage so that they remained
constant for all participants. Names varied such that each participant saw 10 vignettes with male-coded names and 10 with
female-coded names. Role nouns were then distributed so
1 It is important to note that many of the assumptions in our designs, such as the decision to use ‘male’ and ‘female’ names, implicitly endorse or perpetuate the notion of gender as a binary. We would
like to highlight that these decisions in no way reflect the beliefs or
values of the authors.
2 200 participants were initially recruited, and an additional 98
Republican participants were subsequently recruited after the original sample revealed a heavy skew towards Democrat-identifying
participants.
3 In both studies, ‘Non-Partisan’ participants were recruited as
either Democrats or Republicans, but reported a centrist identity in
the post-experimental questionnaire.

Critical Items
a. Compound: congress{man/woman/person}
b. Affix: villain, villainess

This focus reflects ideological associations between such
forms and gender-progressivism that have been espoused in
public discourse. For example, former Acting Director of
National Intelligence Richard Grenell tweeted an image of
a cookie with an accompanying display-case card that read

216

and Tucker term ‘gender transcendence’), as well as about
the societal roles performed by the (binary) genders (‘gender
linking’).
Each of the 13 questionnaire items was presented alongside
a sliding scale from ‘strongly disagree’ to ‘strongly agree’,
which corresponded to numerical values of 0 and 100, respectively. The questions related to ‘gender linking’ were inversely coded and then converted to the same scaling as the
‘gender transcendence’ subscale. Participants were then assigned a gender ideology score from 0 to 100 by taking the
mean of their individual responses; a score of 0 indicated a
maximally open-minded approach to gender.
Finally, participants filled out an optional postexperimental demographic survey, including questions
about their own gender, political affiliations, and age.
Participants who declined to indicate their age or political
orientation were excluded from analysis.45

Table 1: Experiment 1 and 2 Participant Demographics
(Democrat/Republican/Non-Partisan)

Female
Male
Other
Decline to state

Experiment 1

Experiment 2

64/41/34
46/59/25
3/0/0
0/3/1

82/62/25
42/46/10
4/0/0
1/0/1

that 5 of the female names co-occurred with female-marked
forms and the other 5 with neutral forms; the same was true
for the male names, but with male-marked forms. We intentionally avoided gender-incongruent forms such as ‘David is a
congresswoman’, for fear that doing so would bring too much
attention to the research question regarding gender. The resulting conditions are presented in (2); participants saw each
of the four combinations five times, followed by activity preferences, for a total of twenty trials. Each name and title occurred only once, such that, for example, no participant saw
both congressman and congressperson.
(2)

Unigram Surprisal In order to account for effects of word
surprisal, the unigram surprisal of each of the twenty critical items’ neutral forms was computed from the ‘Spoken’
(news media) section of COCA (M. Davies, 2008-). The decision to use unigram, contextless surprisal values was due
to the difficulty in obtaining surprisal values for very infrequent terms, such as foreperson. The decision to use the same
surprisal values for all participants stems from the high correlation between unigram surprisal values in the right- and
left-wing sources in COCA (cor = .83).

Stimuli Sentences
a. Sally is a congress{woman/person} from Kansas.
a. David is a congress{man/person} from Kansas.

In order to attain sufficiently-gendered names, the twenty
most popular male and female names were selected from the
lists of most popular names for boys and girls in 1998 according to the United States Social Security Administration
(2021). Names which appeared within the top 100 entries on
both lists (e.g. Taylor, Ryan) were excluded.
Participants proceeded through these sentences one word
at a time by pressing the spacebar to the reveal the next word
and hide the previous; measurements of reading time were
taken for each word in the sentence as a proxy for processing difficulty or effort, as has been standardized in the field
(Forster et al., 2009). At the end of each trial, participants
were asked about properties of the character described, providing a ‘yes’ or ‘no’ answer to questions about their home
state (Is Sally from Kansas?) or about their preferred activities (Does David enjoy skiing?); these questions served
both to distract from the principal question under investigation, and as attention checks. Participants were provided with
an example that did not mark gender before proceeding to the
main set of 20 vignettes.

Results
Exclusions In addition to the aforementioned participant
exclusions, 238 trials (4.2%) with response times more than
2.5 standard deviations from that lexical item’s mean reading
time were excluded.
Model Structure A linear mixed effects model predicted
length-residualized log-transformed reading time on neutral
terms from dummy-coded fixed effects of political party (reference level: “Democrat”) and referent gender (reference
level: “female”), and centered fixed effects of participant age,
gender ideology, and unigram surprisal; as well as the interactions between ideology and age, surprisal and party, age and
surprisal, age and party, ideology and party, and the three-way
interaction between age, surprisal, and party. These interactions were included as a result of initial investigations which
revealed a significant modulation of surprisal effects by age
(Fig. 2). The random effects structure included random byparticipant and by-lexeme intercepts.
Gender Ideology There was no effect of gender ideology
for Democrats (β = -0.00, SE = 0.00, t = -0.11, p > 0.5), or in
the higher-level interactions for Republicans (β = -0.00, SE
= 0.00, t = -1.51, p > 0.1) or Non-Partisans (β = -0.00, SE

Post-Experimental Survey Upon completing the reading
task, participants proceeded to the post-experimental survey.
In order to assess the participants’ ideologies towards gender, we employ the Social Roles Questionnaire developed by
Baber and Tucker (2006). This survey consists of 13 questions which are designed to elicit both implicit and explicit
ideologies about gender, including the notions of gender as
an immutable fact vs gender as a social construct (what Baber

4 Experimental stimuli, data, and analysis are available at https:
//github.com/BranPap/gender ideology.
5 Pre-registrations are available at https://osf.io/yaqwx/?view
only=41020ff80b0440d09bd26f9e47cf768c.
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Figure 1: Residualized log reading time by word in sentence.
“[TITLE]” indicates the location of the critical items.

Figure 2: Residualised log reading time on critical words by
word surprisal, for Republicans (left) vs. Democrats (right)
and for older (top, >40 years) vs. younger (bottom, ≤40
years) participants. Each point indicates a lexeme.

= 0.00, t = -1.34, p > 0.1). There was thus no evidence that
ideological beliefs about gender and its binary social roles
modulate the processing of gender-neutral language. This is
similar to von der Malsburg’s results, which found no processing advantage for the pronoun which co-referred with the
real-world gender of the expected election winner (von der
Malsburg et al., 2020).

impact the processing of gender-neutral role nouns. We did
find that there were interactions between participant party and
age that modulated sensitivity to word surprisal, such that
younger participants showed significantly less sensitivity to
unigram surprisal than older participants.

Political Affiliation At the party-level, we observe no significant difference in reading times on neutral items (location
4 in Fig. 1) between Democrats and Non-Partisans (β = -0.09,
SE = 0.4, t = -.26, p > 0.5), or between Democrats and Republicans (β = 0.11, SE = 0.33, t = 0.33, p > 0.5). These results suggest that party affiliation does not significantly modulate processing of gender-neutral role nouns, either as a result of exposure or attitude.

Experiment 2: Forced-Choice Production
We next investigate the role of gender ideology on the production of gender-neutral role nouns. In a forced-choice task,
participants selected the form of the lexeme they felt best
completed the vignettes from Experiment 1. An effect of
gender ideology on choice of role noun gender would indicate that gender-neutral forms are being drawn on as linguistic resources with which individuals can create outwardfacing personae with gender-progressive stances. If ideology
affects lexical choice, gender-progressive participants should
produce a higher rate of gender-neutral role nouns than their
more gender-conservative counterparts.

Unigram Surprisal Mean residualized reading times on
neutral terms are shown as a function of political affiliation,
age, and surprisal in Fig. 2. More surprising words were read
only marginally more slowly overall (β = -0.02, SE = 0.01,
t = -1.825, p = 0.07). However, there was a significant twoway interaction between surprisal and participant age, such
that older participants showed sensitivity to word surprisal
in the expected direction, while young participants did not
(β = 0.00, SE = 0.00, t = 2.38, p = 0.018). This may indicate that the frequency values obtained from COCA are not
representative of the linguistic input experienced by younger
Americans, or that younger participants are not as sensitive
to surprisal effects on ideologically charged terms. A 3-way
interaction between age, surprisal, and the Non-Partisan party
contrast suggests that Non-partisan participants were not sensitive to surprisal (β = -0.00, SE = 0.00, t = -2.54, p = 0.01).

Methods
Participants 301 participants (mean age: 24.6) were recruited using Prolific, with the same criteria as Experiment
16 . Participants who failed to correctly respond to 80% of
attention checks were excluded (n=25). See Table 1 for participant demographics.
Stimuli & Procedure All items in the experiment consisted
of a complete sentence missing a single word, using the same
sentence frames and critical items as in Experiment 1. Partic6 100 Democrats and 100 Republicans were recruited initially,
in order to maintain a political balance. An additional 100 maleidentifying participants were subsequently recruited due to a significant gender imbalance in the initial participant population (13.4%
male-identifying participants in the original population), as a result
of an influx of female participants after Prolific went viral on social
media app TikTok (Charalambides, 2021).

Interim Summary
In our investigation of gender-neutral role noun processing,
we found that individual gender ideology did not significantly
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ipants were asked to select the word which best completed
the sentence, by choosing from pool of possible sentencecompleting words. The decision to use a forced-choice task
was brought about by the difficulty in eliciting the forms under investigation, many of which are extremely infrequent.
On critical trials, the choice was between the words investigated in Experiment 1.
Filler items took one of two forms; semantic fillers and
grammatical fillers. Semantic fillers had no prescriptively
correct answer, as in (3).
(3)

Revati is a (writer/journalist/author) from India.

Grammatical fillers, on the other hand, had prescriptively
correct answers, and employed grammatical processes such
as demonstrative selection (4), verb agreement, or preposition selection, among others. These items served a secondary
purpose as attention check questions.
(4)

Figure 3: Proportion of neutral and gendered (male, female)
responses selected in Experiment 2 as a function of participant gender ideology, separately by referent gender (left: female referents; right: male referents) and participant political
affiliation (rows). Gender ideology bins are for illustrative
purposes only; ideology was coded as a continuous variable.

She is typing on (the/these/those) computer.

The presented order of response possibilities was shuffled
between participants. There were a total of 80 trials, with 20
critical items and 60 filler items.
Trial order was randomized. After completing the experiment, participants completed the same post-experimental
questionnaire as in Experiment 1.

Model Structure We fit separate logistic mixed effects
models for each of the political parties, for the sake of interpretability of interaction terms. These models predicted neutral over gendered responses from fixed effects of neutrality
expectation (centered), gender ideology (centered), and referent gender (dummy-coded, centered and scaled, reference
level: “male”) and the interaction between gender ideology
and referent gender. We also included random by-participant
and by-lexeme intercepts. The interaction between ideology
and referent gender did not reach significance at p < .05 for
any of the parties. The remaining effects are shown in Table 2.

Expectation of Neutrality To control for the possibility
that participants simply produce predictable words when
faced with a choice, we calculated a neutrality expectation
score for each item. Because participants were presented with
both gendered and gender-neutral options, we calculated this
expectation as the log-transformed relative probability of a
neutral over a gendered noun occurring, relative to the gender
of the sentential subject referent:
neutrality expectation = log

P(wneutral )
P(wgendered )

(2)

Gender Ideology More gender progressive Democrats
were more likely to produce gender-neutral role nouns than
their less progressive counterparts (Table 2, Row 2). Republicans and Non-Partisans showed no such modulation by gender ideology. This suggests that Democrats have recruited
gender-neutral role nouns as a semiotic resource with which
to construct progressive personae.
Moreover, a mixed effects model on the whole dataset predicting neutral selections from only a fixed effect of political
affiliation, with random intercepts for participant and lexical
item, showed that Democrats had a higher base production
rate of gender-neutral role nouns than their Non-Partisan (β =
-0.38, SE = 0.19, z = -2.021, p = 0.04) and Republican (β =
-0.83, SE = 0.13, z = -6.4, p < .001) counterparts. While

For example,
in the sentence ‘Sally is a
congress[person/woman/man]’, the expectation for ‘congressperson’ is calculated based on the relative probability
of ‘congressperson’ over ‘congresswoman’. In contrast, for
‘David is a congress[person/woman/man]’, the computation
is based on the relative probability of ‘congressperson’ over
‘congressman’.

Results
The proportion of neutral and gendered (male, female) noun
roles selected are shown in Fig. 3.
Exclusions 241 responses were excluded from analysis for
being incongruent with the names that appeared in the vignettes, such as ‘David is a congresswoman’ or ‘Sally is
a congressman’. For completeness, these responses are included in Fig. 3.7

type ‘David is a congressman’. This incongruency may reflect the
diachronic pathway by which masculine forms are re-interpreted as
gender-neutral forms; this is the same pathway by which forms such
as ‘actor’ and ‘villain’ have come to represent ostensible genderneutrality. We leave a fuller exploration of this finding for future
work.

7 It is worth noting that participants were more likely to produce
incongruent forms of the type ‘Sally is a congressman’ than of the
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Table 2: Model outputs for each fixed effect (rows) for each of the political macrocategories.
Democrats

referent gender
ideology
neutrality

Non-Partisans

Republicans

β

SE

z

p

β

SE

z

p

β

SE

z

p

0.86
-0.03
9.23

0.12
0.01
2.22

6.95
-4.64
4.16

<0.001
<0.001
<0.001

1.04
-0.01
15.24

0.22
0.02
4.62

4.67
-0.37
3.3

<0.001
0.71
<0.001

1.27
0.00
14.6

0.14
.01
2.32

8.92
.14
6.3

<0.001
0.89
<0.001

Democrats selected the gender-neutral forms 59.6% of the
time, Republicans selected them only 45.1% of the time. The
Non-Partisans selected the neutral forms at an intermediate
rate, 53% of the time. This underscores the use of genderneutral language as a marker of progressive gender ideology.

When selecting a role noun which co-referred with a gendered name, gender-progressive Democrats were more likely
to select the gender neutral version than their more conservative counterparts. This was true both group-internally (i.e.,
progressive Democrats used neutral terms more than conservative Democrats) and group-externally (i.e., Democrats used
more neutral terms than Republicans or Non-Partisans).
To explain this discrepancy, we argue that the ‘indexical
nature of morphosyntactic variables’ (Eckert, 2019) enables
the use of gender-neutral forms of morphologically-gendered
items as semiotic resources upon which users of English can
draw to convey relative social progressiveness. Democrats,
then, can use these forms to index their progressive stances
towards gender. Moreover, if the use of these neutral terms
has come to be associated with the Democratic party or political correctness as a higher order of indexicality (Silverstein,
2003), as the aforementioned tweet from Richard Grenell
indicates is the case, then even Republicans with genderprogressive stances might avoid these terms for fear of projecting an ideological system associated with their political
opponents. This arugment is lent additional support by the
full set of ideology scores collected, which show Democrats
to be generally more socially progressive with regards to
gender than Republicans, although Republicans show greater
intra-group variability than do Democrats.8
Taken together, our results highlight an incongruity in the
processing and production of gender-neutral role nouns. This
incongruity, we argue, stems from the fact that individuals’
ideologies about social phenomena are able to be integrated
in production, where language users maintain a degree of
agency, while the relatively limited agency maintained in processing inhibits such an integration. Finally, the fact that this
incongruity is found at the individual level calls for a greater
degree of granularity in our investigations of biases in the linguistic system, which are critical in the development of fair
and inclusive language. We hope this work will encourage
others to pursue such work with the individual and their ideologies in mind.

Referent Gender There was a main effect of sentential referent gender on production rates of gender-neutral titles, such
that participants of all three political macrocategories were
more likely to produce gender-neutral forms when picking a
role title that co-referred with a male name (Table 2, Row 1).
Gender-neutral forms were produced 57% of the time with
male names, compared to only 48.7% of the time with female
names. This may be a case of marked gender-role configurations receiving marked descriptors, as the female forms are
generally either less frequent (frequency-marked) or morphologically more complex (morphologically marked).
Neutrality Expectation Finally, there was an effect of neutrality expectation in the expected direction for all three political parties, such that items with an a priori more frequently
used neutral form elicited more neutral responses (Table 2,
Row 3). For example, ‘police officer’ was more frequent than
‘police woman’ in the corpus, which would predict a neutral
response in the female referent gender vignettes. In contrast,
‘businessman’ was more frequent than ‘businessperson’, predicting a gendered response on the male referent gender trials.

General Discussion
We observed no effect of gender ideology on the processing
of gender-neutral role titles when they co-referred with gendered names. This is reminiscent of the findings of von der
Malsburg et al. (2020), wherein co-referring she with president incurred a processing penalty despite societal expectations that Hillary Clinton would win the 2016 election. Our
data similarly indicates individually-held beliefs about gender
do not modulate the processing of gender-neutral role nouns.
However, we did observe a difference in processing as a
function of age and word surprisal, such that young participants showed less sensitivity to surprisal effects than older
participants. This runs counter to previous findings, which
have found stronger effects of word predictability in younger
participants than in older ones (Moers et al., 2017; Rayner et
al., 2006; Steen-Baker et al., 2017). This finding may mean
our surprisal values are not accurate for the younger participants in our study, possibly reflecting exposure discrepancies.

8 See
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Supplementary Materials in the GitHub repository.
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Abstract

that New York City is located further north than Athens, when
in fact the two cities are at about the same geographical latitude (see Friedman et al., 2002). The framework, thus, captures the idea that conceptual information can systematically
bias geographic estimates.
In the present research, we used the plausible-reasoning
framework to investigate how social attitudes associated with
ethnic identity, as well as the semantic clustering of regions
based on ethnic and political factors, would influence geographic estimates. There is already evidence that the influence of a politically-driven spatial boundary can be moderated by non-spatial factors, such as social attitudes. Carbon
and Leder (2005) found that Germans in contemporary reunified Germany were more likely to overestimate the distance
between cities when these were on different sides of the former border between East and Western Germany, compared
to when the cities were on the same side of the former border. Importantly, this effect held more strongly for individuals
who had negative attitudes towards reunification, suggesting
that social factors moderated estimates of spatial distance.
In the present study, we examined the joint influence of
geographical, and political, and social factors on spatial reasoning in a unique geographical, political, and social environment: Cyprus. Our investigation goes beyond that of Carbon
and Leder (2005) by leveraging the unique local context of
Cyprus: an island that continues to be divided, with inhabitants of each side belonging to distinct ethnic communities,
who have varying levels of contact with the spatial environment and the inhabitants of the “other” side. We had participants from each ethnic community complete spatial judgment
tasks involving cities from the two communities. Participants
also answered questionnaires about their social and political
attitudes. To our knowledge, this study is unique in its examination of spatial judgments by participants in two communities with longstanding and continued interethnic conflict.

Many non-geographic factors influence spatial judgments of
real-world locations, which implies that spatial representations
are not metrically veridical. We investigated the influence
of social and political factors in the geopolitical context of
Cyprus–an island divided since 1974 into the Turkish Cypriot
and Greek Cypriot communities in the north and south, respectively. Participants from each community (249 Greek Cypriots, 322 Turkish Cypriots) indicated their familiarity with 19
towns (town knowledge task), and estimated the locations of
those towns (location estimation task) and the straight-line distance between them (distance estimation task). They also rated
their attitudes toward the other community. Cypriots underestimated distances and contracted the placement of towns within
the other community more so than within their own community. Moreover, those more willing to live together with Cypriots from the other community (i.e., perceiving less social distance) underestimated distances between towns, whereas those
less willing to live together overestimated distances. The results support the notion that representations of global-scale environments have multi-faceted origins, which include social
factors (e.g., ethnic identity, political attitudes) that are not usually associated with spatial representations.
Keywords: cognitive map; geographic knowledge; spatial
judgments; interethnic conflict; ingroup-outgroup bias

Introduction
People acquire knowledge about spatial aspects of the geographical world across their lifespan. Yet much of this knowledge is imperfect. One reason for imperfections in spatial
knowledge is that representations of world cities are divided
into psychological regions based on a variety of factors that
are both spatial (e.g., beliefs about the locations of geographic
landmarks such as the poles, continents, and oceans) and nonspatial (e.g., beliefs about mean temperatures; administrative
and political borders; political and religious beliefs). Thus,
not all geographical knowledge is spatial, either in its origin
or in its representation.
In view of this, Friedman, Brown, and their colleagues
(Friedman & Brown, 2000a,b; Friedman et al., 2002) developed a plausible-reasoning framework to account for how
people represent geographical information. In this framework, people coordinate and weigh different kinds of information, both spatial and non-spatial, which they retrieve from
their full or partial geographic knowledge. This coordination
and weighing results in systematic biases when making spatial judgments. For example, if you have experienced or know
about the harsh winters of New York City in contrast to the
mild winters of Athens, Greece you might be biased to think

The Case of Cyprus
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Cyprus is, de facto, a divided island. Since 1974, Cyprus has
been divided in two parts, each of which is inhabited, for the
most part, by distinct ethnic communities: Greek Cypriots
and Turkish Cypriots. Between 1963-1967, intergroup conflicts became increasingly tense; thousands of Turkish Cypriots fled their homes to enclaves with Turkish Cypriot majorities, facing violence from Greek Cypriot paramilitaries that

In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

sought unification with Greece (Enosis). These events were
followed by a Greek-backed coup d’état led by Greek Cypriot
nationalists on July 15, 1974 and the subsequent military invasion by Turkey on July 20th and August14th 1974, which
resulted in the division of the island. During these intergroup
conflicts, people from both communities were internally displaced either to the south or north. The geographic south
of Cyprus comprises the areas under the de facto sovereign
control of the Republic of Cyprus, where most Greek Cypriots reside. The geographic north of the island comprises
the areas of the “Turkish Republic of Northern Cyprus” (or
“TRNC”, legally recognized only by Turkey), where most
Turkish Cypriots reside. The two communities are separated
by a UN buffer zone. Nicosia remains the last divided capital
in the world.
There had been virtually no contact among the members of
the two communities until 2003, when crossing restrictions
across the UN buffer zone were lifted. There is thus natural
variation in Cypriots’ experience with the other community:
some individuals have never crossed the buffer zone to visit
the other side, some have crossed only a few times, others
cross and interact with members of the other community regularly. Similarly, the attitudes of Cypriots towards the other
community and toward reunification vary. This natural variation in experience and attitudes affords an opportunity to examine biases in judging spatial distance as a function of both
spatial and sociopolitical factors.

discriminability of spatial locations in the region of the reference point is generally increased. For example, Holyoak
and Mah (1982) showed that Californians rated the east-west
distance between two cities close to the Pacific Ocean to be
greater than that between cities closer to the Atlantic, even
though the distances were actually equal. Similarly, Friedman, Mohr, and Brugger (2012) found that western Canadians estimated the distance between cities in the west to be
larger than distances between cities in the east, whereas eastern Canadians did the opposite. Thus, if there are reference
point effects in the present study, then in addition to overestimating distances across the border, we expect that the location estimates of cities in participants’ “own side” will be
more discriminable (larger scale parameter φ from the bidimensional regression) than for cities on the “other side”.

Method
Participants
We collected data from 263 residents of the geographic south
and 342 residents of the geographic north. Since we wanted
to focus on ethnic Greek Cypriots and Turkish Cypriots, we
excluded from analysis data from residents of other ethnicities or nationalities. The final dataset included 249 Greek
Cypriots (159 female, 90 male) and 322 Turkish Cypriots
(163 female, 156 male, 3 did not report their gender). The
two samples were similar in terms of key demographics. The
mean age of Greek Cypriots was 31.00 (SD = 15.64, range:
18-89) and of Turkish Cypriots 33.30 (SD = 13.37, range: 1884). 9.2% of Greek Cypriots and 8.1% of Turkish Cypriots
were internally displaced; 49% of Greek Cypriots and 51.9%
of Turkish Cypriots had at least one parent that was internally
displaced during the 1963/1974 incidents. Greek Cypriots
were recruited from all 5 districts under de facto sovereign
control of the Republic of Cyprus. Turkish Cypriots were recruited from 5 of the 6 districts of the “TRNC”.

Study Overview and Predictions
We assessed the geographic knowledge of Greek Cypriots
and Turkish Cypriots through a series of tasks. Participants
rated their familiarity with a set of towns in Cyprus (knowledge task), they estimated the locations of these towns (location estimation task), and the distance between pairs of towns
(distance estimation task). Additionally, they completed selfreport questionnaires that assessed their attitudes toward and
contact with the other community.
We predicted greater overestimation of distances between
locations across the UN buffer zone than within either community. This is in line with previous work demonstrating that
physical boundaries increase subjective distance judgments,
such that distances of locations are overestimated when they
are categorized as belonging to a different hierarchy (Hirtle
& Jonides, 1985; McNamara, 1986).
Additionally, consistent with Carbon and Leder (2005), we
predicted that the differentiation between the two spatial regions would depend on individual attitudes and experience
with the other community. People with more negative attitudes toward the other community should overestimate distances across the UN buffer zone to a greater extent.
Because participants made location and distance judgements about cities in both their own ethnically populated region and in the “other group’s” region, we also expected to
obtain reference point effects (e.g., Holyoak & Mah 1982,
Friedman et al. 2012, Maki 1981). A geographical reference
point is usually “close” to where a participant is located. The

Tasks and Materials
Town Selection We conducted a pilot study to assess the
degree of familiarity of Cypriots (N= 120; 86 Greek Cypriot,
34 Turkish Cypriot) with 51 Cyprus towns. We selected 19
towns with relatively high ratings of familiarity in terms of
both their name and location. Of these, 1 town spanned both
communities (Nicosia), 9 were in the North, and 9 were in
the South; all district capitals were included. Since one of the
tasks involved estimating the distances between towns, we
took into consideration the distances between different types
of pairs (North-North, South-South, and North-South pairs1 ;
1 For the 17 towns ultimately used in analyses, North-North (M
= 60.69, SD = 34.94 km) and South-South pairs (M = 64.19, SD =
35.37 km,) did not significantly differ in their distances (difference
= 3.50 km, 95% family-wise confidence level [-19.43, 26.43], p =
.93). South-South and North-South pairs (M = 78.25, SD = 41.03
km) did not differ in their distances (difference = -14.05 km, 95%
family-wise confidence level [-34.32, 6.21], p = .23). North-North
pairs had numerically shorter distances than North-South pairs, but
this was not a significant difference (difference = -17.56 km, 95%
family-wise confidence level [-1.01, 36.14], p = .07).
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within vs. across community pairs)2 .

identical to the randomized order in which town names appeared for that participant in the Town Knowledge Task. The
estimated locations given by the participants were recorded
in pixel units.
Spatial distortion on the location estimation task was quantified using bidimensional regression analysis (Friedman &
Kohler, 2003). The dependent measures we focus on are: (a)
the bidimensional correlation coefficient squared (R2 ), which
captures the proportion of variance in the spatial configuration of the participant’s placement of towns that can be
explained by the actual configuration of the towns, and (b)
the scale parameter (φ), which indicates the magnitude of
contraction or expansion. We again excluded from analyses
Nicosia and the town whose referent was ambiguous. We
computed these parameters for the subsets of towns in the
North (N= 9) and the South (N= 8).

Town Knowledge Task Participants were presented with
the name of each town one-by-one on a computer display,
and were prompted to rate their knowledge about it. They
entered their response in an open text field using a 10-point
scale ranging from 0 to 9 (0= absolutely no knowledge to 9=
excellent knowledge of the town).
Distance Estimation Task On each trial, a pair of town
names appeared on the screen as text and participants had to
estimate their aerial distance (Wender et al., 1997), defined as
“the straight-line distance, as the crow flies” between the two
towns in kilometers, without taking into account the roads
connecting the towns or the elevation. There was no time
limit to make this judgment.
The order of the trials was randomized and, across participants, the placement of the town names of a given pair (Town
1 – Town 2) was counterbalanced.
For data analyses, we excluded trials with Nicosia, which
is located in both communities, consistent with Carbon and
Leder’s (2005) exclusion of Berlin. We also excluded trials with a town in the south whose reference was ambiguous
(there are towns with that name in two districts). Therefore,
from the 171 trials completed, we analyzed 136 trials: 36
North-North, 28 South-South, 72 North-South pairs. These
categories were re-coded relative to the participant’s community, such that a trial involved a judgment about towns “across
communities” (the 72 North-South pairs), “within one’s own
community” or “within the other community”.
For each trial, we computed two dependent measures of error: (a) signed error ((estimated - correct distance) / correct
distance), which indicates whether the participant overestimated or underestimated the distance between a pair of towns
(i.e., positive or negative error), and (b) absolute error ( | (estimated - correct distance) | / correct distance), which indicates
the deviation from accurate responding without considering
the direction of the bias.

Demographics and Social Attitudes Questionnaire We
used items from a larger survey developed to examine intergroup relations in Cyprus (Lytras et al., 2011). The questionnaire included basic demographic questions, questions about
participants’ contact with the other community (7 items on
a 5-point Likert scale), their feelings of warmth toward the
other community (rated on a Feeling Thermometer scale with
10° increments, where 0° indicated feeling “very cold or negatively” and 100° “very warm or positively”), their perception
of cultural distance from the other community (5 items rated
on a 5-point scale from the Cultural Distance Index; Babiker
et al. 1980), their perception of social distance from the other
community (6 items on a 4-point scale from the Bogardus
Social Distance Scale; Bogardus 1947), their perception of
symbolic and realistic threats toward their own community (5
items rated on a 4-point scale based on Stephan & Stephan
2013), and their attitudes towards solving “the Cyprus problem” (5 items rated on a 10-point scale).
We performed Principal Component Analysis on participants’ responses, which revealed the following factors: Factor 1: willingness to live together/social distance, Factor 2:
threat concerns/symbolic and realistic threats, Factor 3: quantity of friendly relationships/contact, Factor 4: proximity between the two sides/cultural distance, and Factor 5: intergroup trust. We examined these factors as predictors of biases
in spatial estimates.

Location Estimation Task Participants indicated the location of each town one-by-one. They viewed a blank computer
display containing only two visual cues: two vertical lines on
the left and right side of the screen indicating the length of the
island (East to West). They were asked to imagine the map
of the island spanning the length marked by the two vertical
lines. On each trial, the name of one of the 19 selected towns
appeared in the bottom center of the screen and the participants’ mouse cursor was reset to be at the center of the screen.
Participants were asked to use their mouse cursor to click on
the location they thought the town was at. Each town name
appeared once. The order in which each town appeared was

Procedure
Participants provided informed consent and were offered the
option to complete the study in Greek, Turkish, or English.
All participants completed the Town Knowledge Tasks first.
Next, they completed the Location Estimation and Distance
Estimation Tasks in a counterbalanced order across participants. Finally, participants completed the questionnaire on
demographics and social attitudes.
Participants were debriefed and compensated for their participation if they participated for monetary compensation.
Sessions lasted approximately 45 minutes. The data collection in the North and South was performed by experimenters

2 For the 17 towns ultimately used in analyses, within community
pairs (grouping North-North and South-South trials together; M =
62.22, SD = 34.89) did involve shorter distances overall than across
community pairs (i.e., North-South pairs), t(134) = 2.44, p = 0.02.
Given this difference, in the computation of the dependent measures
(proportion of signed and absolute error) we scaled for the actual
distances between towns.
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from that community, who spoke Turkish or Greek, respectively, and typically interacted with participants in the local
language variety (Cypriot Turkish or Cypriot Greek, respectively). The computer-based tasks performed on the laptops
that were provided to participants by the experimenters. The
questionnaire was administered as a hard copy.

Table 1: Means (and SDs) of Percentage of Signed Error (in
km) across the 2 communities and 3 types of town pairs in the
Distance Estimation Task.
Community
Greek Cypriots
Turkish Cypriots
Total

Data and code sharing
Our OSF repository for the project (https://osf.io/tgp2y/) includes our study materials (including stimulus lists), Open
Sesame scripts, experimental protocols, de-identified raw
data files, and analysis code.

Within Own
.02 (.52)
-.03 (.52)
-.01 (.52)

Within Other
-.17 (.57)
-.20 (.56)
-.18 (.56)

Across
-.08 (.53)
-.12 (.54)
-.10 (.53)

Table 2: Analysis of Deviance Table (Type III Wald chi
square tests) for the two linear mixed models with (1) signed
error and (2) absolute error in the distance estimation task as
the dependent variables.

Results
Distance Estimation Task

Signed Error
R2 = 55.83

Absolute Error
R2 = 18.30

AIC = 69742.2

AIC= 21397.7

Fixed Effects

First, we examined whether the presence of a physical boundary (the UN buffer zone) would influence Cypriots’ spatial
estimates. Specifically, we examined whether biases in distance estimates would differ according to the type of town
pair participants made judgments about. We fitted linear
mixed effects models using the lme4 package (Bates et al.,
2015) in R, modeling as fixed effects participants’ community (Greek Cypriot vs. Turkish Cypriot), the location of
the towns relative to the participant (town pair: within the
participant’s community, within the other community, across
communities), and their interaction. Random effects were
participant identity and the identity of town pairs in a given
trial (i.e., Town 1 - Town 2, without regard to their order in
the left - right arrangement on the screen). Through model
comparison, which involved assessing the conditional R2 and
Akaike’s Information Criterion (AIC), we selected the models with fixed effects for town pair and participant community
(without their interaction) as the best fit to the data3 .

Intercept
Community (GC vs TC)
Town Pair (across, within own, within other)

df
1
1
2

χ2
3.17
3.42
56.35

p
.07
.06
<.001

χ2
4698.9832
.07
104.41

p
<.001
.79
<.001

Table 3: Means (and SDs) of Percentage of Absolute Error (in
km) across the 2 communities and the 3 types of town pairs
in the Distance Estimation Task.
Community
Greek Cypriots
Turkish Cypriots
Total

Within Own
.41 (.31)
.41 (.31)
.41 (.31)

Within Other
.50 (.31)
.50 (.30)
.50 (.30)

Across
.43 (.30)
.45 (.30)
.44 (.30)

The pattern of results for absolute error was similar (see Table 3). Participants made the smallest absolute error when estimating distances between town pairs within their own community, larger absolute errors when estimating the distances
of town pairs across communities, and the largest error for
distances of pairs within the other community. The type of
town pair was a significant predictor of absolute error (see
Table 2). Post-hoc contrasts for the effect of the type of town
pair showed that all pair types differed significantly from one
another (across vs. within one’s own: unstandardized regression coefficient B= .03, SE = .01, z = 3.00, p <.01; across
vs. within other: B= - .06, SE = .01, z = -5.19, p <.0001;
within one’s own vs. other: B= - .09, SE = .01, z = -10.14,
p<.0001). As with signed error, the participant’s community
did not have a significant effect on the absolute error of distance estimates. Importantly, entering the town knowledge
ratings (specifically, the lowest rating of a town in a given
pair) as a covariate did not eliminate the effect of town pair
on either signed or absolute error.

Participants underestimated distances between pairs of
towns within the other community and across communities,
compared to towns within their own community (see negative sign of signed error in Table 1). As shown in Table 2,
pair type was a significant predictor of signed error in estimated distances. Post-hoc contrasts revealed that signed errors differed significantly for town pairs within one’s own
community and those within the other community (unstandardized regression coefficient B= .15, SE = .02, z = 7.51, p
<.0001). The participants’ community did not significantly
influence the signed error of their distance estimates (see Table 2), although Turkish Cypriots numerically underestimated
distances (M = -.11, SD = .54) more than Greek Cypriots (M
= -.08, SD = .54).
3 The R syntax for these models was: lmer(error ~1 + pair type
+ (1+ pair type |participantID) + (1 |townpairID))
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Location Estimation Task

Table 4: Means (and SDs) of the bidimensional regression coefficient squared (R2 ) across the 2 communities and 2 subsets
of towns (own vs. other) in the Location Estimation Task.

Performance on the location estimation task provided converging findings, with Cypriots exhibiting more distortion for
towns located on the other side than in their own. As illustrated in Figure 1, Greek Cypriots distorted the location of
towns in the other community (in the North) more so than
their own (in the South), by contracting their relative locations. Similarly, Turkish Cypriots exhibited distortion and
contraction of towns in the other community (in the South
vs. the North). This is illustrated in the means of both R2 ,
capturing distortion (see Table 4), and the scale parameter φ,
capturing contraction (see Table 5).

Community
Greek Cypriots
Turkish Cypriots

Own
.749 (.243)
.795 (.173)

Other
.403 (.258)
.352 (.293)

Table 5: Means (and SDs) of the scale parameter (φ) across
the 2 communities and 2 subsets of towns (own vs. other) in
the Location Estimation Task.
Community
Greek Cypriots
Turkish Cypriots

Own
.863 (.297)
.974 (.250)

Other
.534 (.290)
.475 (.316)

In linear mixed effects regressions4 , there was a significant
interaction between participants’ community and the subset
of towns we considered (towns in the South vs. North) for
both R2 (χ2 (1)= 1136.89, p <.0001) and φ (χ2 (1) = 933.40, p
<.0001). The location estimates of Greek Cypriots and Turkish Cypriots were comparable; there was no effect of community (for R2 : χ2 (1)= .02, p=.88; for φ: χ2 (1)= 1.67, p=.20).
Participants’ estimates for towns in the South were more distorted and contracted than towns in the North, as indicated by
a main effect of the subset of towns (for R2 : χ2 (1)= 17.23, p
<.0001; for φ: χ2 (1)= 39.64, p <.0001).

The Effect of Attitudes on Spatial Estimates
To examine the extent to which attitudes toward the other
community biased spatial estimates, we entered the factors
that emerged from applying PCA analyses on the questionnaire data as covariates to the linear mixed effects models
evaluated in the previous sections. We will focus on Factor 1,
which broadly captures social distance: the responders’ willingness to live together with the other community.
As shown in Figure 2, Cypriots who were more willing to
live together with people from the other community (higher
values in Factor 1) perceived town pairs as being closer than
they actually were (indicated by the negative values for the
percentage of signed error). In contrast, Cypriots who were
less willing to live together overestimated distances between
towns (indicated by the positive values of signed error). Factor 1 was a significant predictor of the signed error of distance
estimation (B = -0.044, SE = 0.014, t = -3.230, p = 0.0013).
This factor was not a significant predictor of absolute error
or of the measures obtained from the location estimation task
(R2 or φ). None of the other factors emerging from PCA were
significant predictors of any of these dependent measures.

Figure 1: The 17 towns (indexed A - Q) used for analyses
in the Knowledge, Location, and Distance Estimation tasks.
Towns in the Greek Cypriot community are in blue and in the
Turkish Cypriot community in red. Top panel shows actual
locations, bottom two panels show the estimated locations for
the 9 north and 8 south Cyprus cities by Greek Cypriots and
Turkish Cypriots in the location estimation task. A = Lefka,
B = Morphou, C = Lapithos, D = Kyrenia, E = Kythrea, F
= Lysi, G = Trikomo, H = Famagusta, I = Rizokarpaso, J =
Polis, K = Pafos, L = Platres, M = Kakopetria, N = Limassol,
O = Lefkara, P = Larnaca, Q = Paralimni.

4 These models included fixed effects for participants’ community, the subset of towns (towns in the South vs. North), and the
interaction of these factors, and participants as a random effect. The
R syntax for these models was: lmer(BDR parameter ~community
* subset of towns + (1|participantID) )
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overestimated compared to distances within a community (cf.
Carbon & Leder, 2005).
Additionally, we found that Cypriots underestimated distances of towns within the other community compared to distances within their own community. They also distorted and
contracted the estimates of locations in the other community
more so than in their own. This finding is consistent with the
reference point effect found by Maki (1981) and others (e.g.
Friedman et al., 2012; McNamara, 1986). This finding is also
reminiscent of the outgroup homogeneity effect (Quattrone &
Jones 1980 and many others): applied to spatial reasoning,
locations in the outgroup’s region (rather than characteristics
of the outgroup) are perceived as more similar / closer to one
another compared to locations in the ingroup’s region. The
current data do not distinguish between the two possibilities–
whether a reference point or an outgroup homogeneity effect
is at play. In either case, distance underestimation in the other
community was not due to lack of familiarity, as this was
ruled out in analyses that took town knowledge into account.
Social attitudes toward the other community contributed to
spatial biases, at least in the distance estimation task. Specifically, the “social distance” that Cypriots felt towards the
other community moderated the bias in their distance estimates. Those more willing to live together with the other
community underestimated distances more. And those less
willing to live together overestimated distances more. This
latter finding partially replicates Carbon and Leder (2005),
who found that Germans with more negative attitudes toward
reunification exhibited overestimation. However, in Carbon
and Leder (2005), overestimation was specific to pairs that
spanned across the former East-West border in Germany. In
contrast, here, we document these biases across the board, for
all town pairs (whether within or across communities). One
possible explanation is that, in the case of Cyprus, those perceiving less social distance with others consider all Cypriots
to be part of the same group and underestimate distances regardless of the presence of the UN buffer zone.
Consistent with the plausible-reasoning framework (Friedman & Brown, 2000a), the present work highlights that social attitudes (such as those associated with ethnic identity)
and the semantic clustering of regions based on ethnic and
political factors should be accommodated in accounts of how
geographic knowledge is formed and used.

Figure 2: Factor 1, emerging from PCA of the social attitude questionnaires and capturing willingness to live together/social distance, is a significant predictor of the percentage of signed error in the Distance Estimation task.

Summary of Results
Cypriots exhibited systematic distortions in their geographic
estimates. In the distance estimation task, Cypriots made
smaller errors (signed and absolute error) when estimating
town distances in their own community than in the other
community. Cypriots underestimated distances in the other
community, and this was not due to their familiarity with the
towns. Similarly, in the location estimation task, Cypriots
exhibited more distortion when estimating the locations of
towns in the other community, contracting the relative location of towns. In both tasks, performance was similar for
Greek Cypriots and Turkish Cypriots. Cypriots’ attitudes toward the other community influenced judgments in the distance estimation task. Those who perceived less social distance from the other community underestimated the distances
of towns more, while those with perceived greater social distance overestimated distances more.

Discussion
We documented that Cypriots’ spatial judgments were influenced by the physical and psychological barriers associated with the UN buffer zone, as well as by their social attitudes toward the other community. The presence of the
physical boundary influenced some aspects of spatial performance: Cypriots made larger absolute errors when estimating the distances between towns across the buffer zone
than between towns within their own community. This is
consistent with previous work demonstrating that physical
boundaries increase subjective distance judgments (Hirtle &
Jonides, 1985; McNamara, 1986; Carbon & Leder, 2005).
However, the presence of the physical boundary did not influence the direction of the bias in distance estimates (signed
error): distances between towns across communities were not

Conclusion
Our findings are in line with previous work showing that spatial representations have multi-faceted origins, including social, political, and ethnic factors that are not usually associated with spatial representations. It is not surprising that the
interplay of these factors varies from one geopolitical context
to another (e.g., from Germany to Cyprus). This variation
underscores the importance of studying cognition in varied
geopolitical contexts. Examining such variation systematically can shed light on the effect of intercommunal relations
on how people represent and reason about their environment
in regions experiencing conflict or division.
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Abstract

Table 1: Examples of categories and responses.

Common critiques of natural language processing (NLP)
methods cite their lack of multimodal sensory information,
claiming an inability to learn situated, action-oriented relations through language alone. Barsalou’s (1983) theory of
ad hoc categories, which are formed from to achieve goals in
real-world scenarios, correspond theoretically to those types
of relations with which language models ought to have great
difficulty. Recent NLP models have developed dynamic approaches to word representations, where the same word can
have different encodings depending on the context in which it
appears. Testing these models using categorization tasks with
human response data demonstrates that situated properties may
be partially captured through semantic analysis. We discuss
possible ways in which different notions of situatedness may
be distinguished for future development and testing of NLP
models.
Keywords: Artificial Intelligence; Language; Situated Cognition; Word Meaning; Distributional Semantics; Categorization;

Taxonomic Categories:
Category
A precious stone

A type of reading material

Ad Hoc Categories:
Category
Something a clown carries

Introduction
Neural networks operate by learning statistical regularities in
data, adjusting weights within the network to minimize output error. An important component of this learning process
is the generation of internal hidden vectors corresponding to
latent components underlying the inputs (Rumelhart, Hinton,
& Williams, 1986). Distributional Semantic Models (DSM’s)
leverage properties of these hidden vectors for applications in
natural language processing, representing semantic information as high-dimensional vectors in which distance between
feature vectors is used as a measure of semantic similarity.
This approach has proven effective for many natural language
processing tasks, with many state-of-the-art models over the
past decades employing variations on this approach (Devlin,
Chang, Lee, & Toutanova, 2019; Mikolov, Sutskever, Chen,
Corrado, & Dean, 2013; Pennington, Socher, & Manning,
2014; Radford, Narasimhan, Salimans, & Sutskever, 2018;
Vaswani et al., 2017)
The extent to which latent semantic spaces are able to capture functions of human cognition has attracted previous investigation (Glenberg & Robertson, 2000). However, recent
advances in language processing merit revisiting the representational capabilities of such spaces. We explore this question by analyzing performance of several DSM’s with human experimental data from cognitive categorization tasks.
Grounding assessment of semantic and natural language processing models in data collected from human categorization

Something children often lose
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Responses
Diamond
Ruby
Emerald
Sapphire
Pearl
Magazine
Book
Newspaper
Novel
Journal
Responses
Balloons
Pie
Flowers
Ball
Horn
Teeth
Toys
Money
Homework
Gloves

judgments may yield insight into strategies for improving performance of machine learning models, while simultaneously
testing theories of concepts and word meaning in human cognition (Lake & Murphy, 2021).
Categorization tasks are a diagnostic source of evidence
for assessing the representation of semantic information in
humans (Barsalou, 1983; Battig & Montague, 1969; Harnad, 2017; Mervis & Rosch, 1981; Van Overschelde, Rawson, & Dunlosky, 2004). Barsalou dissects the notion of
natural conceptual categories, delineating common, or taxonomic, categories and ad hoc categories. Common categories comprise typically defined notions of semantic categories, such as “birds” or “fruit.” Ad hoc categories, on the
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Table 2: Examples of ad hoc and extended ad hoc category prompts as formatted for BERT’s masked language prediction
feature. The model replaces the ”<MASK>” token with the predicted word of best fit for the sentence.
Original
<MASK> is something a clown might be carrying.

Extended
When the circus came to town and its tent was pitched, the opening act
featured an entertaining clown carrying (a) <MASK>.

<MASK> is something that a child often loses.

The child’s mother complained that the child was always losing their
<MASK> which led to a lot of aggravation for the whole family.

<MASK> is something college students get stolen
from them on campus

The freshman student was eager to start college. In their first week at
the university they were upset because their <MASK> was stolen.

gued that the gap between NLP models and language use
by humans may be attributed to models’ lack of integration
with rich, multimodal information sources (Birhane, 2021;
Dubova, 2022; Lake & Murphy, 2021; McClelland, Hill,
Rudolph, Baldridge, & Schütze, 2020). However, there remain fundamental questions about how language models actually use and represent information - questions that the addition of new information sources will do little to answer.
By testing model performance relative to human data using
categorization tasks that vary in their involvement with situated information, we gain insight into the structure of models’ internal representations and the extent to which they may
simulate cognitive capabilities that have traditionally been restricted to the domain of situated and embodied cognizing
agents.

other hand, consist of “highly specialized and unusual sets of
items. . . created spontaneously for use in specialized contexts” (Barsalou, 1983). Canonical examples of this class include categories such as “things to take on a camping trip” or
“things to take from one’s home during a fire.” Ad hoc categories are typically considered to capture information that
is dependent upon world knowledge, obtained from situated
experience with objects in a variety of contexts.
There has been considerable interest in ad hoc categories
and their apparent dependency upon the ability to understand
and simulate real-world situations. For example, in order
to realize that ”stool” is an example of the ad hoc category
”something that can could be used to help you reach a hardto-reach light bulb”, one would need to understand many realworld facts such as the heights of ceilings, the height of people, and the ability of stools to support a standing person. In
many cases, these facts need to be generated on the fly because the pre-computed information associated with an object does not suffice to determine whether it matches the goal
of an ad hoc category. For example, if one finds oneself on
board a sinking cruise ship, then the aptness of a basketball
for the ad hoc category ”things that can prevent a person from
drowning” must be computed in the moment, based on its
buoyancy, a property that one may never have contemplated
before. Given how important real-world simulations are for
people in using ad hoc categories, our primary research question is whether and how can DSM’s employ ad hoc categories
even though they lack the ability to simulate real-world situations, and are not embedded in a rich, multi-sensory world at
all.
With respect to distributed semantic models, spatial similarity along dimensions of semantic meaning is typically designed to capture associations in language that correspond
closely to taxonomic categories. Words that have similar
meanings will be closely co-located in feature space - e.g.
“dog” and “cat” will fall more closely together than “dog”
and “apple”. However, ad hoc categories comprise associations based upon situated properties of objects or concepts
and the real-world scenarios in which they occur rather than
situationally invariant word meanings. Recent work has ar-

Methods
To comparatively assess model performance across categorization tasks, we tested six different pre-trained embedding
models utilizing three different model architectures on three
different categorization tasks.

Datasets
The first dataset we tested was the category norms dataset,
a replication of the canonical Battig & Montague norms
(Van Overschelde et al., 2004; Battig & Montague, 1969).
The original norms were updated for language changes that
have occurred due to changes in language usage as a result
of phenomena such as cultural trends or commercial products. This dataset comprises the responses of 300 participants to 70 different categories, of which 56 were selected as
ideal examples of common categories for the purposes of this
study. Identifying data for testing ad hoc categorization presented a somewhat greater challenge. Many of the canonical
examples require extended responses for which our models
are not well-suited, creating issues for performance evaluation. However, a database of questions and responses from
the game show “Family Feud” provided a solution. Questions in Family Feud generally take the form of prompts relating to hypothetical scenarios, with diverse sets of responses
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Figure 1: Model response curves for taxonomic (top), ad hoc (middle), and extended ad hoc (bottom) categorization tasks.
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crowdsourced from the game show audience. The dataset was
reviewed, selecting usable items according to the following
criteria to produce 91 items for model evaluation, with examples of items that were determined to fit our criteria provided
in table 1:
(1) Responses should be connected through situational or
functional properties.
(2) Responses to prompts should be as dissimilar as possible, avoiding questions where a majority of the responses fall
into a single category such as “food”, “household items”, or
“occupations”.
(3) Items that were not based on situational properties were
removed, such as words that begin with “P”, words that go
with “wax”.
(4) Items that had predominantly multi-word or phrasal responses were removed. The model implementations used for
testing were not well-suited for multi-word responses, and so
these items would introduce undesirable bias and complexity
in the task.
In order to test the ability of models to use added contextual information in response generation, a set of extended ad
hoc prompts was developed using the items from the family
feud dataset. Longer text samples were composed to fit the
same prompts and responses, testing the ability of models to
use additional descriptive information pertaining to a scenario
so as to reduce model ambiguity and produce more accurate
results, as observed in table 2.

context to learn vector representations of words (Mikolov,
Sutskever, et al., 2013). Two different learning algorithms
may be used. In the Continuous Bag of Words (CBOW) algorithm, the model attempts takes a word and attempts to predict
its neighbors in context. In the Skip-Gram algorithm, context
is used to predict the current word. In both cases, weights are
adjusted such that pairs of words that commonly occur with
many of the same words will tend to be spatially close within
the final learned vectors. Importantly, in contrast to BERT,
after training occurs each word will be associated with only a
single embedding vector. One Word2Vec model was tested:
The Word2Vec “google-news-300” model, pretrained on the
Google News dataset and implemented via Gensim (Rehurek
& Sojka, 2011).
GloVe, which stands for Global Vectors, is a statistical
model that uses word co-occurrences counts in the entire
training corpus combined with dimensionality reduction techniques to produce word vectors with features corresponding
to statistical regularities in the co-occurrence counts. Similar to Word2Vec, GloVe produces static word vectors after
the training process. However, GloVe thus places greater
emphasis on global word contexts than Word2Vec’s local
context analysis. Two GloVe models were tested as implemented via Gensim: “glove-twitter-200”, trained on 2 billion
tweets, and “glove-wiki-gigaword-300”, trained on English
wikipedia and news articles (Pennington et al., 2014; Rehurek
& Sojka, 2011).
These models were selected so as to include a cross-section
of widely-used state of the art language models, varying
across models and pretraining data to mitigate influences of
idiosyncrasies in particular training sources. Some prominent
models were excluded, such as the GPT series (Radford et al.,
2018), as their word-generating structure was not amenable to
completing the prompts in such a way that one-to-one comparisons with other models would be meaningful.

Models
BERT, which stands for Bidirectional Encoder Representations from Transformers, is a state of the art model for language processing based upon the transformers architecture
(Devlin et al., 2019; Vaswani et al., 2017). BERT utilizes
an attention mechanism that takes into account not only word
co-occurrences but also the position of a word relative to cooccurring words. This means that within a single model,
the same word may yield very different encodings depending on the context in which the word appears. This mechanism corresponds theoretically to a key attribute of ad hoc
categories in that an object’s representation should be dynamically dependent on the context in which it occurs. This
stands in contrast to the relatively context-independent associations of taxonomic categories (Barsalou, 1983, 1982). We
adapt BERT’s masked language prediction function, which
takes sample text with a single word removed, or “masked,”
and yields predictions for tokens that best fit that position in
the text. Three different models using the BERT architecture
were tested: The BERT base model was pretrained on BookCorpus, a dataset consisting of 11,038 unpublished books,
and English Wikipedia (Devlin et al., 2019; Zhu et al., 2015).
BERTweet is a model designed to capture linguistic patterns
in social media usage, was trained on 850m English-language
tweets(Nguyen, Vu, & Tuan Nguyen, 2020). RoBERTa is a
replication of BERT with reoptimized pretraining and hyperparameter tuning processes(Liu et al., 2019).
Word2Vec is a neural network model that uses word

Results
For each item in the ad hoc dataset, seven responses were
included. The common category norms listed all responses
that participants provided, ordered by the proportion of participants that gave a response. In order to directly compare
model performance across tasks, we used only the top seven
participant responses for each category in testing our models. Each model was queried to produce up to 200 best-fitting
items for each category in steps of 10, and the number of correct responses was recorded as a function of the number of
responses given. The response curves are plotted as shown in
Figure 1.
We observe better performance in the BERT models than
the GloVe and Word2Vec models for the three tasks across
nearly all quantities of responses given, with the exception of
the Roberta model for the ad hoc task, which was surpassed
by the GloVe models when greater than 100 responses were
tested. For any number of responses given, the best BERT
model outperforms the best of the GloVe and Word2Vec mod-
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Figure 2: Relative model performance for each task, computed as the best BERT model score minus the best of the GloVe and
Word2Vec model scores.
”¡MASK¿ is something that a child often loses” might be
equally well fit by ”teeth” or ”homework” while the extended
prompt (table 2) would bias towards ”homework”.

els, as shown in Figure 2 The shape of the response curves
yields further insight into the strength of the BERT models,
with sharper growth at lower numbers of responses. This indicates that the BERT models are able to capture a more coherent, clustered category representation than the alternatives.
There was greater difference in model performance for the
ad hoc task than for the taxonomic categorization tasks, and
the most pronounced difference was observed with the extended task. The GloVe and Word2Vec models showed nearly
zero performance improvement with the added context, while
the BERT models exhibited significantly improved performance. This supports the hypothesis that BERT’s attention
mechanism is able to leverage contextual information in the
identification of properties of situated concepts.
It should be noted that absolute performance of all models was quite low. At best, the models produce an average
of approximately 2 correct responses out of 20 generated for
the taxonomic task and only about 1 out of 20 for the ad hoc
tasks, with proportional accuracy decreasing relative to the
total number of responses given. However, these models are
not trained or fine-tuned in any way for this task, only trained
to capture general semantic information on broad datasets.
GloVe and Word2Vec average less than 0.5 correct responses
out of 200 for the ad hoc tasks, so BERT’s modest averages
of 1.5 and 3 for the ad hoc and extended ad hoc tasks, respectively, constitute a significant performance increase over
baseline. Furthermore, benefits of contextualization for the
BERT models are likely underestimated due to the effect of
extended contextualized prompts restricting the number of responses that fit the specific context. For example, the prompt

Discussion
Many common critiques of natural language processing models revolve around their disembodied approach to evaluating
meaning, arguing that there are facets of conceptual meaning
in human cognition that cannot be captured by language inputs alone. The role of situational understanding as a cornerstone of cognition is not a new concept, and there is strong
evidence to suggest that people’s understanding of written
language is grounded in situated knowledge. Modeling situated knowledge will be integral for developing adaptable language models that closely resemble human language processing. McClelland et al. argue that further progress in language
modeling will necessitate the treatment of language as part of
a larger communication system, and Bisk et al. argue that an
understanding of action-oriented categories requires a cognitive agent to be able to participate in situated action with its
environment to be able to discover such categorical associations. Proposed solutions to these challenges often revolve
around the integration with simulations of physical characteristics or other sources of information to produce multimodal
conceptual representations. While such improvements to machine learning systems show potential for expanding the representational capabilities of NLP models, these approaches
alone will not bridge the gap between current NLP capabilities and the conceptual flexibility of human cognition.
Of course, concepts in cognition as evoked through lan-
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guage and communication are irrevocably tied to properties
of those concepts across the variety of modalities in which
they exist. The use of the word “dog” may produce general
associations of any sensory or conceptual understanding in
which humans participate, in addition to specific associations
grounded in real-world memories or experiences. However,
an understanding of the concept of a “dog”, while tied to all of
these, might also be arrived at through purely communicative
means without real-world physical experiences with a dog.
This is a common occurrence, as descriptions of hypothetical or impossible scenarios, or metaphysical concepts may be
relayed through language to arrive at a shared understanding
of the term. A primary function of language is the transfer
of shared symbols to communicate the properties of a given
scenario, a process in which humans engage daily, inferring
deep relational properties from semantic information. This
process is demonstrated, albeit roughly, by the models tested
in this study. Through the analysis of semantic information
they are able to partially capture the association of disparate
concepts through situated, action-oriented properties.
The distinction between taxonomic and ad hoc categories
corresponds strongly with the strengths and weaknesses commonly associated with NLP models, and testing models on
these types of tasks creates opportunities for critically analyzing the representative capabilities of language models, allowing for the development of actionable strategies for improving the ways in which information is processed. The results of
this study show that models are continuing to improve in their
ability to infer situated properties from semantic context, indicating that there is yet ground to be gained from refining the
way in which these implicit properties may be inferred. Identification and construction of further tasks whose successful
completion relies on the utilization of situated relations and
action-oriented category information, and that allow for variation in those properties, create opportunities to test model
capabilities and identify the specific shortcomings in these
models. These strategies will allow us to progress past the
broad-strokes critiques of language models, allowing us to
distinguish between different senses of situated language.
None of the models tested here incorporate multimodal inputs, relying only on language from written text as input,
and are far from anything that might be considered an agentenvironment model. In this sense, none of the models are perceptually situated. Even so, there were significant differences
in model performance, particularly on the ad hoc categorization tasks. One of the primary distinctions between the NLP
approaches tested here is whether a model assigns a single
vector representation for an item, as in GloVe and Word2Vec,
or develops a situationally specific representation for a word
based on other words in its immediate textual context, as in
BERT. In this sense, BERT is able to capture situated properties as context-dependent encodings. Furthermore, developing context-dependent encodings yields particular advantages
for ad hoc category prompts that were designed to be more
situationally specific and, crucially, offers greater benefits for

ad hoc than taxonomic categories. Despite underwhelming
absolute performance, the relative performance gain in capturing situated information demonstrated by BERT’s encoding scheme indicates the need for further development of language models - not just in the kinds of information that are
provided, but in the ways in which information is gathered
and represented.
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Abstract
embedding predicates behave in a unified way. In particular, several potential lexical-semantic universals have been
Responsive predicates are clause-embedding predicates like
argued to hold in this domain (Spector & Égré, 2015; Theiler,
English know and guess that can take both declarative and inRoelofsen, & Aloni, 2018; Uegaki, 2019; Roelofsen & Ueterrogative clausal complements. The meanings of responsive
predicates when they take a declarative complement and when
gaki, 2020). Here, we use an artificial language learnthey take an interrogative complement are hypothesized to be
ing paradigm to investigate whether one such constraint—
constrained in systematic ways across languages, suggesting
clausal-distributivity—is reflected during learning. To prethat these constraints represent semantic universals. We report
an artificial language learning experiment showing that one of
view, we find that adults learning a novel clause-embedding
these proposed constraints is indeed reflected in the inferences
predicate in the lab infer that Clausal-distributivity holds
participants make while learning a novel responsive predicate.
without explicit evidence.
Our results add support to a growing body of evidence linking
semantic universals to learning.

Theoretical background

Keywords: semantic universals; clause-embedding predicates; responsive predicates; artificial-language learning; semantics

Some clause-embedding predicates, like English know and
guess, can take both declarative and interrogative clausal
complements. Following Lahiri (2002), we call these predicates responsive predicates. The behavior of responsive
predicates is exemplified in (1) and (2) with know and guess,
where the predicates take a declarative complement headed
by that in (1a), (2a) and an interrogative complement headed
by whether in (1b), (2b).

Introduction
Despite the immense diversity of human languages, researchers have identified a number of common properties
which recur across languages. Of particular interest here are
commonalities in the meaning of lexical items, for example colour terms, kinship terms, and quantifiers (e.g. Berlin
& Kay, 1969; Murdock, 1949; Barwise & Cooper, 1981;
Keenan & Stavi, 1986). These so-called lexical-semantic universals are argued to provide a window into some of the core
properties of natural language semantic systems. Understanding their nature is therefore a fundamental goal in semantics.
One prominent hypothesis concerning the nature of lexicalsemantic universals is that they arise from mechanisms active during learning. That is, universal semantic properties
of lexical items arise because meanings that possess these
properties are easier to learn or generalize, and are therefore
more likely to get lexicalised. Indeed, several recent studies
have provided substantial evidence for this hypothesis with
respect to a number of semantic universals. These include
universals in the domain of quantifiers (Chemla, Buccola,
& Dautriche, 2019; cf. Hunter & Lidz, 2013), colour terms
(Steinert-Threlkeld & Szymanik, 2020), personal pronouns
(Maldonado & Culbertson, 2021) and evidentiality (Saratsli,
Bartell, & Papafragou, 2020).
In this study, we extend this line of investigation to a new
domain: clause-embedding predicates—verbs like know
and guess in English, which can be immediately followed
by a clause as in ⌜I know that it’s raining out⌝. Recent developments in formal semantics suggest that clause-

(1)

a. Jo knows that it was raining outside.
b. Jo knows whether it was raining outside.

(2)

a. Jo guessed that it was raining outside.
b. Jo guessed whether it was raining outside.

Since Karttunen (1977), a major question for the semantics
of clause-embedding predicates is the relationship between
the interpretation of a given responsive predicate when it embeds a declarative complement (as in (1a),(2a)) and when it
embeds an interrogative complement (as in (1b),(2b)). That
is, how to state the interpretation of “V-wh” in terms of “Vthat” and vice versa. We can narrow down hypotheses concerning this relationship in terms of a constraint on the meaning of responsive predicates. In this section, we will discuss
two such constraints: Veridicality uniformity and Clausaldistributivity.

Veridicality uniformity
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Veridicality uniformity, due to Spector and Égré (2015), intuitively states that a responsive predicate meaning either
‘refers to truth’ with respect to both declarative and interrogative complements, or it does not refer to truth under either
type of complement. For example, roughly, know refers to
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truth both in (1a) and in (1b): (1a) entails that it is in fact
raining, and, (1b) entails that Jo knows the correct answer to
the question of whether it is raining (if it’s in fact raining, (1b)
entails that Jo knows that it’s raining; if it’s not raining, (1b)
entails that Jo knows that it’s not raining). By contrast, guess
does not refer to truth either in (2a) or in (2b): (2a) does not
entail that it is raining, and (2b) does not entail that Jo guesses
the correct answer to the question of whether it is raining.1
Compare these predicates to a fictitious predicate shknow,
which means ‘know’ when it takes a declarative complement
and ‘wonder’ when it takes an interrogative complement (due
to Spector & Égré, 2015). This predicate would not satisfy
Veridicality uniformity, since it refers to truth when it takes a
declarative (just like know), but not when it takes an interrogative complement (similar to guess).
Formally, Veridicality uniformity can be defined in terms
of the notion of veridicality, as follows:2
(3)

(4)

of a sentence in which the predicate embeds an interrogative
can always be paraphrased in terms of a specific answer to the
question denoted by the interrogative complement. This can
be formally stated as follows:
(5)

A predicate V is C-distributive iff (for every x and
every interrogative complement Q) ⌜x Vs Q⌝ ⇔ there
is an answer p to Q such that ⌜x Vs p⌝

For example, the predicate know satisfies C-distributivity because (1b) means that there is some answer such that Jo knows
that answer (i.e., (1a)). The predicate guess also satisfies this
constraint because (2b) means that there is some answer such
that Jo guesses that answer (i.e., (2a)).
By contrast, shknow does not satisfy C-distributivity because ‘Jo wonders whether it is raining’ does not mean the
same thing as there is some answer such that Jo knows that
answer (i.e., that it is raining or that it’s not raining, whichever
is true). Thus, if we restrict our attention to these three predicates, C-distributivity makes the same prediction as Veridical
uniformity. In the next section, we review two existing studies that aim to systematically evaluate the empirical validity
of these two constraints.

Definition: veridicality
a. A predicate V is veridical w.r.t. declarative
complements iff (for every x and every declarative complement p) ⌜x Vs that p⌝ entails ⌜p⌝.
b. A predicate V is veridical w.r.t. interrogative
complements iff (for every x, every interrogative complement Q, and every declarative complement p corresponding to Q’s true answer) ⌜x
Vs Q⌝ together with ⌜p⌝ entails ⌜x Vs that p⌝.

Existing empirical studies
Compared to the rich theoretical literature on these constraints (e.g., Spector and Égré, 2015; Theiler et al., 2018),
relatively few attempts have been made to assess their validity on empirical grounds. However, there are two notable exceptions: Roelofsen & Uegaki (2021) and Steinert-Threlkeld
(2020).
Roelofsen & Uegaki (2021) investigated the crosslinguistic validity of several constraints including Veridicality uniformity and C-distributivity based on a survey of semantic descriptions in the existing literature. Their survey
shows that both constraints make correct predictions for a
large class of responsive predicates across languages. Nevertheless, there are several apparent counterexamples, suggesting that the constraints may not be categorical but rather
probabilistic.
Steinert-Threlkeld (2019) tested Veridicality uniformity in
learnability experiments using a simple feed-forward neural network. He defined the lexical semantics of four predicates: know, be certain, wondows, and knopinion, where
the former two satisfy Veridicality uniformity and the latter
two are fictitious predicates that violate it. The network was
trained on sentence-truth value pairs for each of the predicates. The results showed that the model learned the two
predicates that satisfied Veridicality uniformity faster than the
two that didn’t. Assuming that the behavior of the learning
model tracks human learners, the study suggests that Veridicality uniformity may hold across languages because predicates satisfying it are easier to learn.
While these two strands of empirical work represents an
important first step, two important issue remain. First, neural network models are idealized learners, and their behavior
does not always track human behavior (e.g., see Linzen &

A predicate is Veridicality uniform iff it is either veridical w.r.t. both declarative and interrogative
complements, or it is non-veridical w.r.t. both declarative and interrogative complements.

If Veridicality uniformity is a cross-linguistic constraint on
responsive predicate meanings, then we do not expect to find
predicates like shknow in any natural language (Spector &
Égré, 2015; Steinert-Threlkeld, 2020).

Clausal distributivity
Theiler et al. (2018) propose another constraint on responsive
predicate meanings, Clausal distributivity (henceforth, Cdistributivity), which also picks out predicates like know and
guess as possible, but shknow as impossible. For predicates
that satisfy C-distributivity, the same relationship between the
predicate and the complement holds for both declarative and
interrogative embedding contexts. In particular, the meaning
1 See Tsohatzidis (1993) and Spector and Égré (2015) for detailed
empirical arguments for this claim. In particular, they show that,
even though (2b) sometimes imply that Jo made a correct guess,
this is not a mandatory semantic entailment, as evidenced by the
felicitous continuation ...but, she turned out to be wrong.
2 See Theiler et al. (2018) for more precise definitions and arguments for adopting the particular definitions. Specifically, technically, the interrogative complement Q in (3b) has to be one that
is ‘exhaustivity-neutral’ (i.e., admits only one true answer). This
is to avoid a complication that arises from cases of the so-called
‘mention-some’ reading (e.g., ⌜Jo knows where she can buy an Italian Newspaper⌝ can be true even if she knows only one of many
places that sell Italian newspapers).
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of ⌜x falsebel p⌝ as defined in (6a), we know that this entailment doesn’t hold because ⌜x falsebel p⌝ is false if ⌜p⌝ is
true, regardless of the meaning of ⌜x falsebel Q⌝. The same
reasoning holds for ⌜x knowfalse Q⌝. More intuitively, since
the two predicates are defined to refer to false answers, ⌜Jo
falsebel/knowfalse whether it is raining⌝ will never entail ⌜Jo
falsebel/knowfalse the true answer⌝, because the latter cannot be the case regardless of what the true answer is. Hence,
our study allows us to isolate the empirical predictions of the
C-distributivity constraint. If C-distributivity holds, then we
predict two distinct response patterns for the two predicates.
If only Veridicality uniformity holds, then no such prediction
is made.

Baroni, 2021; McCoy, Pavlick, & Linzen, 2019). Second, existing evidence does not tease apart the validity of Veridicality
uniformity and that of C-distributivity. Roelofsen & Uegaki’s
survey does not provide strong evidence in favour of one constraint over the other as a cross-linguistic universal. SteinertThrelkeld’s results are not conclusive in this respect, either,
as his fictitious predicates, wondows and knopinion violate
C-distributivity as well as Veridicality uniformity.

Current study
Our main goal is to provide behavioral data from human subjects that serves to identify constraints on responsive predicates. Specifically, we assess the hypothesis that responsive
predicates satisfy C-distributivity (and not necessarily Veridicality uniformity). From this hypothesis, we derive a novel
learning-based prediction: when learning a new responsive
predicate, learners will infer that it is C-distributive.
To test this hypothesis, we use an artificial language learning paradigm where learners have to generalize (i.e. extrapolate) from ambiguous evidence (a.k.a ‘Poverty of Stimulus’
method; Wilson, 2006; Culbertson & Adger, 2014; Maldonado & Culbertson, 2020). Participants in our experiment are
first taught the meaning of two declarative-embedding predicates, both unattested in English as lexical items:
(6)

Methods
This experiment, including predictions, design, and analysis
was preregistered here.

Design and materials
Participants were randomly assigned to one of two conditions. In both conditions, they learned a new verb lem. During training, this verb was combined with declarative complements like ⌜Jo lems that is it raining⌝. Conditions differed
in the meaning of this declarative-embedding. In one condition, the meaning of lem corresponded to KNOWFALSE, and
in the other condition to FALSEBEL (see (6)). After learning this declarative-embedding meaning of lem, participants
in both conditions were required to assign an interpretation to
the interrogative-embedding version of the predicate.
All trials consisted of a sentence together with a scenario.
Scenarios depicted (a) a fictional character Jo, who is choosing what to wear among three possible options: sun, rain
and snow equipment (right-side of pictures in Figure 1); and
(b) the actual weather outside (left-side of pictures in Figure 1). Jo’s choices were designed to be indicative of her
beliefs about the weather.
Sentences could involve declarative or interrogative complements. Declarative-embedding sentences had the form ⌜Jo
lems that p⌝, where p is one of [it’s raining outside, it’s sunny
outside, it’s snowing outside].3 The meaning of the predicate was conveyed by showing participants whether these
sentences could be used in 5 different types of scenarios, summarized in Table 1.
Interrogative-embedding sentences—seen only during
testing—had the form ⌜Jo lems Q⌝, where Q is what the
weather is like.4 Participants had to decide whether the sentence ⌜Jo lems Q⌝ could be used in the following three sce-

a. FALSEBEL: x falsebel that p ‘x falsely believes p’
b. KNOWFALSE: x knowfalse that p ‘x has correct
knowledge that p is false’.

Participants are then required to assign a meaning to the
interrogative-embedding version of the predicate. That is, to
extrapolate its interrogative-embedding meaning from what
they learned about its declarative-embedding meaning. The
question is whether they extrapolate the meanings in line with
C-distributivity.
If FALSEBEL is C-distributive, ⌜Jo falsebel whether it’s
raining⌝ is true only in situations where Jo believes a false
answer to the question of whether it’s raining. This is so
because, assuming C-distributivity, ⌜Jo falsebel whether it’s
raining⌝ is true iff Jo falsely believes that it’s raining or she
falsely believes that it’s not raining. By contrast, if KNOWFALSE is C-distributive, Jo knowfalse whether it’s raining is
true only in situations where Jo believes a true answer. This is
so because, assuming C-distributivity, Jo knowfalse whether
it’s raining is true iff Jo has a correct belief that it is not
raining or she has a correct belief that it is raining. Thus Cdistributivity predict distinct patterns of response (as outlined
in more detail below) for these two predicates.
Note that Veridicality uniformity does not make any
prediction about the interrogative-embedding meanings for
FALSEBEL and KNOWFALSE . This is so because the predicates, as defined in (6), are non-veridical w.r.t. interrogative complements (and thus satisfy Veridicality uniformity)
no matter what their interrogative-embedding meanings turn
out to be. To see this, consider whether ⌜x falsebel Q⌝ together with ⌜p⌝ entails ⌜x falsebel p⌝. Given the meaning

3 To maximize naturalness, declarative sentences were introduced
by the connective ‘and’ in the FALSEBEL (as Figure 1) and by the
connective ‘but’ in the KNOWFALSE condition.
4 We opted to use a constituent wh-clause ⌜what the weather is
like⌝ rather than a whether-clause like ⌜whether it is raining⌝ in order to maximise the surface syntactic difference between declarative
and interrogative clauses, and thus to rule out the possibility that
participants mistake an interrogative complements for a declarative
clause (and vice versa) during the testing phrase (but see Discussion).
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Figure 1: Example trials for Exposure (A) and Acceptability (B) in the FALSEBEL condition.

Scenarios

FALSEBEL

KNOWFALSE

✓
✗
✗
✗
✗

✗
✓
✗
✗
✗

¬p and Jo believes that p
¬p and Jo believes that ¬p
¬p/p and Jo has no belief wrt p
p and Jo believes that ¬p
p and Jo believes that p

Table 1: Scenarios used to convey the declarative-embedding meaning of the sentence ⌜Jo lems that p⌝. The ✓sign indicates that the
sentence could be used in the scenario; ✗ that it could not.

narios: (i) When Jo believes a true answer to Q (True answer);
(ii) When Jo believes a false answer to Q (False answer); and
(iii) When Jo has no belief (No answer). Examples of these
scenarios are provided in Figure 2. Learners who infer that
lem is C-distributive in the each condition were expected to
accept the sentence ⌜Jo lems Q⌝ in different scenarios, as illustrated in Table 2.
Scenario
(i) True answer to Q
(ii) False answer to Q
(iii) No answer to Q

FALSEBEL

KNOWFALSE

✗
✓
✗

✓
✗
✗

Table 2: Responses satisfying C-distributivity by condition.
A response in the FALSEBEL condition is compatible with Cdistributivity if ⌜Jo lems Q⌝ is accepted (✓) in a situation where
Jo believes a false answer to Q and rejected elsewhere (✗). In the
KNOWFALSE condition, compatibility with C-distributivity occurs
when ⌜Jo lems Q⌝ is accepted (✓) in situation where she believes a
true answer to Q and rejected elsewhere (✗).

used. They were told that all situations involve Jo, who is
getting ready to go outside and may or may not have correct
beliefs about the weather. They were given a hint that lem
does not mean ‘to know’ or ‘to think’.
The experiment had two phases: the training phase and the
testing phase. In the training phase, participants were taught
the declarative-embedding meaning of lem. The training consisted of (a) an exposure block, where participants were presented with scenarios together with the sentence ⌜Jo lems that
p⌝ (positive evidence only; Fig.1A); and (b) an acceptability block, where participants were shown the six scenarios in
Table 1 and were asked to decide whether the sentence ⌜Jo
lems that p⌝ could be used truthfully (Fig.1B). There were 12
exposure and 56 acceptability trials. Participants were given
feedback on their answers during acceptability trials, i.e., they
were given both positive and negative evidence.
In the testing phase, participants were told that they were
going to meet Jo’s mother, Pam, who would ask yes/no questions about Jo using the verb lem. Participants had to answer
Pam’s questions on the basis of the scenarios. Crucially, these
questions included cases where lem takes both declarative and
interrogative complements (Fig.2). There were 27 testing trials (15 involving interrogative-embedding lem).
Participants were finally asked to complete a short questionnaire asking (i) whether they had a strategy for completing the experiment, (ii) what they thought the novel verb
meant, and (iii) what languages they have experience with.

Participants
196 English-speaking adults were recruited via Prolific
(FALSEBEL= 85; KNOWFALSE= 111). Participants were
paid 9 GBP/hour for their participation which lasted on average 15 minutes. Per our pre-registration, we only included in the analysis participants who successfully learned
the declarative-embedding meaning of the predicate. Specifically, only participants who achieved a mean accuracy of at

Procedure
Participants were instructed that they would be learning a new
predicate lem by observing situations in which it could be
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Figure 2: Example of testing trials in (A) True answer , (B) False answer and (C) No answer scenarios (see Table 2 for reference).

least 66% on each type of scenario during training were included in the analysis. This is because if participants have
not learned the declarative-embedding meanings, then they
cannot meaningfully extrapolate to interrogative-embedding
contexts. This resulted in the analysis of 40 participants in
FALSEBEL and 30 in KNOWFALSE .5

Results
Recall that participants in our experiment were exposed to
a novel predicate lem, which could mean either FALSEBEL
or KNOWFALSE. Participants were taught the declarativeembedding meaning of this predicate, but were provided with
no evidence of its interrogative-embedding meaning. At test,
participants were asked to interpret sentences where the predicate lem took an interrogative complement. We were interested in whether the meaning that participants assigned to
these sentences satisfied C-distributivity.
Fig.3 shows the proportion of responses compatible with
C-distributivity by condition. Responses were considered
compatible with C-distributivity as a function of condition
and specific scenario, as indicated in Table 2. A visual inspection of Fig.3 suggests that participants in both conditions
tended to infer that the predicate satisfies C-distributivity, although participants in the FALSEBEL condition appear to infer C-distributivity more consistently than participants in the
KNOWFALSE condition.
Following our pre-registered plan, we evaluated this pattern statistically.6 A logistic mixed-effects regression model,
including random intercepts per subject (nested by condition)
and scenario, revealed that the proportion of trials in which
lem was treated as satisfying C-distributivity is significantly
above chance (β =3.502; p =.0024).7

Figure 3: Proportion of responses compatible with C-distributivity
by condition. Dots represent individual participant means. Error
bars represent standard error on by-participant mean.

Although we did not predict an effect of condition, we conducted a secondary analysis to evaluate whether this finding
was stronger in the FALSEBEL condition (as suggested by
Fig.3). To do this, we fit a model predicting responses by
Condition. The effect of Condition was only marginally significant (p = 0.063), indicating that a preference for meanings that satisfy C-distributivity holds regardless of the specific predicate (i.e., FALSEBEL or KNOWFALSE).

Discussion
In this experiment, we used an artificial language learning experiment to investigate learners’ implicit assumptions about
semantic constraints on responsive predicates. Our aim was
to test whether C-distributity, which constrains the relation
between declarative- and interrogative-embedding meanings
of responsive predicates (Theiler et al., 2018), is at play
during learning. We trained learners on the declarativeembedding meaning of a novel response predicate, and then
tested their inferences about the corresponding interrogative-

5 Independent of the question of C-distributivity, KNOWFALSE
turned out to be very difficult to learn even just w.r.t. declarative
complements. For this reason we were not able to collect our preregistered sample size. In the Discussion, we discuss possible reasons why KNOWFALSE turned out to be difficult to learn.
6 Analyses were performed using the lme4 package in R (R Core
Team, 2018)
7 Given that we did not predict an effect of condition, we did not
include this categorical predictor in our confirmatory analysis.
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embedding meaning. We found a strong tendency for learners
to infer this meaning in a way that satisfies C-distributivity.
This held across the two predicates we tested (meaning
‘falsely believe’ or ‘correctly disbelieve’), suggesting that a
bias for C-distributivity does not depend on the specific meaning of the predicate.
Moreover, compatibility with C-distributivity predicts different response patterns for each of these meanings (see Table 2): under C-distributivity, ⌜Jo falsebel what the weather
is like⌝ is true only if Jo believes a wrong answer to the question. The pattern is the opposite for ⌜Jo knowfalse what the
weather is like⌝.8 The fact that a preference for C-distributive
meanings is found in both conditions suggests that participants’ inferences are dependent on training, and not on some
general strategy (e.g., similarity with a native predicate).
Notably, our results cannot be straightforwardly accounted
for by an alternative constraint argued to hold for responsive predicates, Veridicality uniformity. As noted above,
both FALSEBEL and KNOWFALSE predicates satisfy this constraint. Consequently, Veridicality uniformity doesn’t make
any prediction about what participants’ inferences should be
in our experiment. In particular, Veridicality uniformity does
not predict different response patterns between conditions:
the interrogative-embedding meaning of both predicates is
non-veridical, so there is no reason why they should be different. However, while our findings can only be fully accounted
by C-distributivity, they do not suggest that a Veridicality uniformity constraint is not also at play. Showing this would require, for example, a follow up experiment testing predicates
for which Veridicality uniformity makes distinct predictions
and C-distributivity does not.
Finally, it is worth returning to the difference in learnability of the two declarative-embedding meanings. Both of the
novel predicates were quite hard to learn, as evinced by high
exclusion rates in both conditions (50% in FALSEBEL and
70% in KNOWFALSE). This is not in principle problematic
for our conclusion, since we were not testing learnability of
the predicates. Rather, we were interested in how participants
extrapolate to a novel interrogative-embedding meaning once
they have learned the declarative-embedding meaning. However, there seems to be an extra cost associated with KNOWFALSE , and at the same time, at marginally weaker preference for inferring C-distributivity. It is worth considering

whether the higher exclusion rates for the KNOWFALSE condition could potentially confound the interpretation of our extrapolation results, at least for this condition.
We analyzed the debriefing questionnaires, in which participants reported what they believed the predicates meant. Responses revealed that most participants who were excluded in
the FALSEBEL condition treated the predicate as meaning ‘believe’ or ‘know’. This is further reflected in their errors during
training: they accept the use of the predicate in every scenario
where Jo believes p, regardless of whether p is true or false.
By contrast, excluded participants in the KNOWFALSE condition reported thinking that the predicate meant ‘disbelieve’
or ‘disagree’, and accordingly they accepted sentences such
as ⌜Jo knowfalse that it’s raining outside⌝ in scenarios where
it’s raining but Jo thinks it’s not raining.9
This suggest that participants may find it hard to draw
the inference that the complement of the predicate is false
(i.e. anti-factivity). This difficulty was more pronounced for
KNOWFALSE than for FALSEBEL . This may be due to the different availability of similar meanings in English. In many
contexts, the English predicate ‘to believe’ triggers the pragmatic inference that the complement is false. For example,
⌜Jo believes that I have a sister⌝ often implies that ⌜I don’t
have a sister⌝ (Chemla, 2008). While this is not the lexical
meaning of ‘believe’ (i.e., ⌜Jo believes that p⌝ is compatible with p being true), the existence of such inference suggests that this anti-factive interpretation is accessible to English speakers. In contract, there is no English predicate that
licenses an inference equivalent to KNOWFALSE, possibly explaining the asymmetry between conditions. There is no reason to believe that this difficulty would somehow lead participants to make C-distributive responses in the testing phase
for a spurious reason. Rather, it might explain why more participants in the KNOWFALSE produced non-C-distributive response patterns.

Conclusion
A growing body of research has been interested in investigating the link between learning and universal features of
lexical semantics. Here we have extended this to a novel
class of lexical-semantic universal—constraints on embedding predicates—which have been hypothesized based on
cross-linguistic data. We tested whether one such universal,
Clausal distributivity, can be explained by a bias active during learning. Clausal distributivity is a constraint on the relation between declarative- and interrogative-embedding meanings of responsive predicates (e.g., English know and guess).
We taught English-speaking participants novel response predicates in a declarative-embedding context, and tested how
they extrapolated the declarative-embedding meaning to
interrogative-embedding contexts. Our results show that
learners assume, in the absence of any explicit evidence,

8 Our training is compatible with two slightly different interpretations of KNOWFALSE: (a) ‘x has correct knowledge that p is false’;
and (b) ‘p is false and x believes that p is false’. In the main text,
we have assumed interpretation (a). Under interpretation (b), e.g.,
⌜Jo knowfalse that it is rainy⌝ is compatible with a situation where
it is in fact sunny and Jo believes that it is snowy. Under this interpretation of KNOWFALSE, C-distributivity would predict that ⌜Jo
knowfalse what the weather is like⌝ is true iff Jo has a correct belief about one of the possible answers to Q that it is false (but not
for all possible answers). In the experiment, this would make the
interrogative-embedding sentence compatible with both correct and
wrong answers to Q. No participant in our experiment accepted
interrogative-embedding sentences in both scenarios. We assume
that this is due to the fact that most participants have the interpretation (a) of KNOWFALSE (and not (b)).

9 Most participants who did pass the training provided correct
paraphrases for the meaning of lem. Debriefing results can be found
in the OSF repository.
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that Clausal distributivity holds. This finding suggests that
a Clausal-distributivity constraint might drive inferences during natural language acquisition, thus providing a mechanism
explaining this cross-linguistic tendency. In future research,
we hope to extend this approach to speakers of other languages to show that this pattern emerges independently from
learners’ native language.
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Abstract

Students also experience insights when learning math
(Barnes, 2000; Liljedahl, 2005), and that these insight
moments mark important cognitive shifts in understanding
and thinking within STEM education.
One model that remains popular today to explain how
people reach insight moments is the four-stage model of
creativity first described by Wallas (1926). According to this
model creative problem-solving begins by first, immersing
oneself in the problem to better understand it and exhaust
conventional ideas. After a period of immersion, one reaches
an impasse, or a mental block. Once an impasse has been
reached, people enter a period of incubation, where they
temporarily shift their attention away from the problem and
do something else. During this period of incubation, or upon
return to the problem, people can experience an aha! moment
of insight, where an idea surfaces with “brevity, suddenness,
and immediate certainty” (Hardy, 1946). After experiencing
insight, the potential solution or breakthrough is evaluated.
The traditional paradigm in incubation and insight research
involves bringing participants into the lab and providing them
with a problem or set of problems to solve. After an initial
work period, participants either receive an incubation break
from the problem, or continue to work. Then, students in the
incubation condition return to the problem, and their
performance is compared to a continuous work condition.
There is widespread evidence for the effects of incubation
(Sio & Ormerod, 2009), and researchers have spent much
time trying to pinpoint the exact mechanism that sparks
insight moments.

The opportunistic assimilation hypothesis posits that
struggling and failing to solve a problem creates failure
indexes, or long-term memory traces of the problem, that
creates sensitivity to environment hints that trigger insight
experiences. Past laboratory research has cast doubt on the
usefulness of such hints during incubation breaks, but
laboratory work is limited in its ability to recreate the diversity
of stimuli in everyday life the opportunistic assimilation
hypothesis requires. The current paper evaluates the insight
experiences of over 150 participants who solved an insight
math puzzle outside the lab for the presence of incidental hints
that aided with problem solving. Across two studies,
participants reported that chance hints in the wild had helped
them to solve the puzzle and triggered insight moments. This
suggests that opportunistic assimilation may play a role in
everyday insight experiences and should not be discounted in
future research.
Keywords: insight; incubation; mathematics; problemsolving; education

Introduction
Insight moments represent a powerful cognitive experience
and have capture the interest of cognitive scientists for
decades. Also known as aha! moments, insight moments are
described as, “the sudden experience of comprehending
something that you didn’t understand before, thinking about
a familiar thing in a novel way, or combining familiar things
to for something new.” (Kounios & Beeman, 2015). Insights
are unique from other experiences of problem solving, as they
involve a sense of suddenness (Gick & Lockhart, 1995;
Metcalfe & Wiebe, 1987), a new way of looking at a problem
(Csikszentmihalyi & Sawyer, 2014) and often produce a
feeling of elation or happiness (Shen et al., 2016).
Researchers frequently point to insight moments in
mathematics as powerful examples of these experiences. For
example, two of the most cited insight examples are of
Poincaré, who reported making a major breakthrough in his
Fuchsian function problem while stepping off a bus during a
geological excavation (e.g. Benedek & Jauk, 2018; Gilhooly,
2016; Sadler-Smith, 2015), as well as the famed story of
Archimedes who had a moment of sudden realization
regarding how to calculate the volume of a crown using
displaced water in the bathtub (e.g. Lawson, 2001; Simonton,
2018; Ward et al., 1999). For mathematicians, insight has
been described as finding a remote connection, switching on
a light, and suddenly developing a greater understanding for
how concepts relate together (Burton, 1998). But it’s not just
expert mathematicians who experience insight in math.

Mechanisms of Incubation and Insight
Theories tested and developed to explain incubation and
insight generally point to unconscious mechanisms (Ritter &
Dijksterhuis, 2014). For example, Smith and Blankenship
(1991) found that incubation periods allow for selected
forgetting, whereby false cues that stymie the participant
from accessing more relevant information during solving are
inhibited during breaks, allowing one to see other relevant
information more easily. Another proposed mechanism
proposed is the spreading activation account (Sio &
Rudowicz, 2007) in which incubation allows for greater
semantic activation, facilitating connections to more relevant
information necessary for problem solving.
A third hypothesis termed opportunistic assimilation was
posited by Seifert et al. (1994). According to this hypothesis,
immersion periods of struggling to solve a problem creates
failure indexes, or long-term memory traces of the problem.
When the individual enters an incubation period, the diversity
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in their environment can provide them with incidental cues
relevant to the problem that their memory traces are sensitive
to. To put simply, opportunistic assimilation is a hypothesis
about becoming sensitive to environmental hints that may aid
with problem solving, but it has not received widespread
support in the literature in the past few decades. For example,
Smith et al. (2012) used incubation breaks to provide
participants with hints to solution words for remote associate
test (RAT) problems. During the break, participants would
complete a lexical decision task that contained hints(e.g.
seeing the word “Flake” to help participants think of the
solution word “Snow”) and found that it does not help
solution rates, unless participants are told ahead of time that
they may encounter hints that are helpful for solving. Other
research has also found a similar lack of evidence for the
effect of hints during incubation breaks (e.g. Dodds et al.,
2002).

overpowering the very processes involved in opportunistic
assimilation (e.g. memory traces).
Lastly, the incubation periods in laboratory studies are
traditionally not periods of rest, but other forms of quick work
such as lexical decision tasks, other insight puzzles, or sorting
tasks. Research on incubation in natural settings suggests that
incubation periods often happen during the “five b’s”– buses
(driving), bedrooms (falling asleep/waking up), bathrooms
(showering), boring meetings (presentations, meetings,
lectures), and booze (intoxication) (Benedek & Jauk, 2018).
These incubation breaks also take longer than an hour which
is the standard time of a lab experiment (Savic, 2012).
Taken together, opportunistic assimilation is difficult to
assess in laboratory work, and with this hypothesis depending
on the diversity of stimuli and chance incidental hints one
would experience in everyday life, within the conditions of
everyday life, it is not surprising that laboratory work has not
found strong evidence for it.

Limitation of Previous Research
The Case for Mathematics

There are a number of factors that might not have allowed
past laboratory research to fully test the effects of incidental
hints on insight problem solving. First, some research may
not have provided participants with enough time to fully
immerse themselves in a problem and reach an impasse. For
example, Smith et al., (2012) only allowed participants 10
seconds to immerse themselves in the problem. This is likely
not enough time for immersion, in fact, this time has been
used in research to ensure participants do not have enough
time to reach an impasse (Moss et al., 2011). Even research
that uses 15 seconds (Kohn & Smith, 2009; Smith et al. 1998)
or 30 seconds (Dodds et al., 2002) for immersion may still be
on the lower end of immersion and may not be enough to
create the failure indexes required for environmental hints to
have any effect.
Second, although researchers go to great lengths to create
useful and semantically-related hints to test opportunistic
assimilation, there is still an assumption that all hints will
work for all participants. Opportunistic assimilation posits
that it’s the diversity of stimuli in the environment that aids
problem solving, allowing for problem solvers to attend to
any hint that is most helpful to them. Using semantically
related words as hints not only makes an assumption that a
single hint should be effective for everyone, but by presenting
these hints, there is the additional confound of activating
semantically related words, which may inadvertently have
negative effects on problem solving. For instance, Storm et
al., (2011) found that when participants are asked to think of
semantically-related words, they show retrieval-induced
forgetting, which can make it even more difficult to retrieve
the target word.
Third, classic incubation studies give upwards of 20 RAT
items to solve (60 words in total), provide a break, and then
assess how many more can be solved after a break (e.g.
Dodds et al., 2002; Smith, & Blankenship, 1991) but some
work suggests that students have difficulty remembering so
many different sets of problems (Moss, et al., 2007), possibly

Traditional tasks used to study insight, such as anagrams or
RAT items, provide a useful tool to explore mechanisms
inside the lab and have contributed much to cognitive
science. However, like any other task they come with
limitations, such as being confounded with verbal fluency
and lacking direct ties to problems one might face in
everyday life. Shifting to other tasks to study insight, such as
those that occur within the context of mathematics, adds not
just important diversity to the tasks used to study insight, but
provides important ecologically validity. Specifically, aha
moments can be critical moments in contexts like learning
mathematics, in which we want people to feel relief of the
value of hard work, even when it feels like they’re not getting
anywhere. In fact, from the limited research of insight
moments in math classrooms, we know that insight moments
constitute some of the only positive experiences students
have in mathematics (Liljedahl, 2005), signaling incredible
value to STEM educators.
Even more beneficial would be if educators could identify
ways that they could help students reach and experience
insight moments on their own, such as the use of cues and
hints. Sure, educators can always provide strong-handed
hints or solutions, but there is more value in allowing students
to experience the moment of insight for themselves. Indeed,
some math students report that before reaching an insight
moment, they never realized that they could struggle for long
periods of time, feeling like they were not making any
progress, and then to experience the sudden burst of insight,
making them appreciate persistence in math (Liljedahl,
2005).
The question for many educators is simply, how can I help
students make connections and create these moments of
insight? Opportunistic assimilation may have something to
offer, such as the use of subtle cues in math textbooks, the
classroom, or even homework. However, with much research
published arguing that humans are quite bad at picking up
hints, a revisiting of the opportunistic assimilation hypothesis
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is needed, especially in the wild environment that it requires.
Preliminary evidence of the opportunistic assimilation in
mathematics and in everyday life would provide a first step
toward rethinking the role of this unfavored hypothesis as
research moves away from traditional insight paradigms in
the lab and into more modern methods of capturing these
moments in the wild.

think of the solution, they were asked to immediately report
their problem-solving experiences through an online survey
that they received before leaving the lab.
Study 2, an expanded replication of study 1, recruited 257
students and followed a similar procedure, except only two
conditions were administered in the lab (a low demand
incubation break vs. continuous control, with no significant
difference on solution rate p = .28), and for students who were
enrolled in, and completed the follow-up phase of the study
(n = 147), they were asked more specific questions about their
problem-solving experiences. Data for the current study
focus on students who solved the insight puzzle outside the
lab across both studies (n = 157). The two studies were
approved by the participating university’s institutional
review board.

The Current Study
In the current study, open-ended responses of mathematical
insight experiences that occurred outside the lab were
evaluated for evidence of the opportunistic assimilation
hypothesis—namely that participants’ reports of insight
experiences were triggered by environmental hints in their
environment. Data come from two larger studies (one study
and subsequent replication study) that assessed the effect of
an incubation manipulation in the lab on an insight math
puzzle [Shaw, 2020].
Participants who were unable to solve during the lab
portion of the experiment were instructed to live their lives
as normal, and if they happened to think of the solution to the
problem, immediately report the details of their solve
experience through an online survey. Of particular interest,
participants were asked to describe exactly what they were
doing before they solved, and in the replication study, asked
if anything in their environment had helped them think of the
solution. It is important to note that evidence of the
opportunistic assimilation hypothesis in this study does not
argue that other mechanisms are not at play as well, but rather
would argue that hints can and do play a role in insight
moments.

Materials
Math Insight Puzzle
The math puzzle used in the current study presents
participants with four digits (2 3 4 5) and two symbols (+ =)
and asks them to create a balanced equation using each digit
and symbol once and only once, without adding any digits or
symbols (Miller, n.d.). Participants were encouraged to use
any mathematical procedure they could think of, as long as it
satisfied the rules. The solution to this problem is the equation
32 = 4 + 5, requiring students to think beyond addition and
make a connection to more advanced procedures of
mathematics (exponents). Participants who believed that this
would require adding an additional symbol of “^” and thus,
violated the rules, were screened for at the end of both studies
and removed from analyses.

Methods

Solve Experience Questions
Participants who did not solve in the lab but later solved in
the wild were asked to “…describe in at least two sentences
what were you doing right before you solved the problem.
Please provide as much detail as possible!”. In study 2, these
instructions were expanded to “…describe in at least four
sentences what were you doing right before you solved the
problem. Please provide as much detail as possible (even if it
does not seem relevant).”
In addition to their problem-solving experiences, study 2
participants were asked if there was there anything in their
environment that helped them solve the problem (e.g.
someone having a conversation about math, seeing a formula
written on a whiteboard, etc.) through a yes/no response item.
One difficulty in capturing the influence of environmental
hints with this method is that students are not always aware
of environmental cues that might help them solve. Therefore,
students were also asked to describe the environment around
them when they solved in at least four sentences.

Participants
Participants were comprised of undergraduate psychology
students who participated for course credit at a large public
university.

Procedure
Study 1 recruited 231 students who came into the lab, were
presented with the math insight puzzle and then given 6
minutes to try to solve it. Participants were informed that if
they did not solve the problem during the lab session, they’d
be enrolled in a second phase of the study where they’d get
an opportunity to solve it in their everyday lives up to three
days later. In the lab portion of the study, students were
randomized to receive no incubation break, a low demand
incubation break half-way through, or a high demand
incubation break. There were no differences in solution rates
between conditions (p = .282 - .574). Subsequently, n = 166
students who did not solve the insight puzzle in the lab were
enrolled in and completed the second phase of the study.
These participants were not instructed to try find the solution,
but rather live their lives as normal and, if they happened to

Results
In study 1, 52% of participants reached the solution outside the
lab, resulting in a sample size of n = 87 of problem solvers, and
four students had open-ended responses that identified incidental
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cues in their environments as helping them reach their insight
moment, signaling evidence for the opportunistic assimilation
hypothesis. As a reminder, in study 1 there were no instructions
to report potential hints or environmental information that
helped students reach insight moments, but rather these cues
were reported without solicitation. One student recalled their
insight moment, stating:

name]. I looked up and realized the equation written on
the mural...
The building the student is referring to contains a small
section of a larger mural that has the equation e = mc2 (see
Figure 1). In this happenstance moment, the student followed
the attention of a tour guide to look up and see an exponent
in the wild. They then made the connection back to the insight
problem, and quickly found the solution.

I was in my dorm's floor lounge playing a game on
my laptop where I had to avoid obstacles and my
floormates were working out a math problem on the
board, where at one point they talked about squaring
both sides of an equation and I thought of the problem.
This example illustrates how incidental cues in the environment
can redirect attention back to stubborn problems, and even offer
solutions to problem solvers. But not all hints were necessarily
mathematical in nature. For instance, one student shared their
insight moment, stating:
I was doing my homework for English 4W and the
main topics for this class are ‘Form and Power.’
That’s when it hit me, that taking the power of a
number doesn't require another symbol and I
smacked myself in the face.

Figure 1: A picture of the mural a participant reported
seeing that helped them to solve.
Other students, however, made connections to cues in their
environment that were much more abstract. For example, one
participant said:

In this example, the student was presented with an
incidental cue in the form of the word “power” through their
homework, and was able to make the connection between the
word in the context of their English class and the word in
relation to exponents (taking the power of a number). These
two examples show how hints were able to help some
students reach insight moments. Unfortunately, many of the
participants who solved did not provide detailed descriptions
of their solve experience in study 1 (e.g. “I was eating cereal”,
“I thought about it”), so a subsequent replication was
conducted to capture more detailed information.
In study 2, 48% of the participants solved the puzzle
outside the lab, resulting in n = 70 problem solvers. These
participants were asked if they had reached an impasse on the
problem to ensure they received enough time to immerse
themselves in the problem. Across participants who solved,
90% said they reached an impasse on the puzzle.
Additionally, in study 2 participants were explicitly asked
about the role of hints in the environment when solving. A
total of 21 students (24% of solvers) reported that, yes, a hint
in their environment had helped them to solve. Another two
students who did not reported the presence of a hint did report
the presence of mathematics or statistics context in their
environment when they solved (e.g. using statistical
software). Student accounts are quite telling about variability
in the environment hints as well as the strength of the
association. For example, one student stated:

I was watching Pewdiepie play a 12 hour minecraft
stream. I went to heat up some ramen and as I was
eating, my boyfriend called. I told him about the
study… and I started staring at this corner on my desk.
Then, I thought about the Pythagorean theorem and
wrote down the 4 digits and 2 symbols to solve it.
In this case, the participant had seen a right angle, which
had brought up the idea of Pythagorean’s theorem, which
uses exponents (a2 + b2 = c2). The environmental hint of a
desk corner may be considered much weaker than seeing an
exponent in the wild, but it still helped this student reach an
insight moment. This suggests that students do not
necessarily need to see the solution to solve but can make
remote connections given the right hint.
In total, 26% percent of people who solved outside the lab
in study 2 reported either hints had helped them to solve or
reported mathematical content in their environment.
Certainly, there are likely cases where students were unaware
of such environment hints that may have helped them solve,
and this went undetected through the current studies’ selfreport methodology. However, the presence of any student
experiences solving through the use of hints in the
environment suggests that opportunistic assimilation may
help students reach insight in mathematics. This one account
likely cannot explain all insight experience, as there was
great diversity of experiences, but rather the current results
suggest it is one of multiple mechanisms at play in the wild.

I went outside and sat [on] the benches… I listened to
music and stared at the tour group where my attention
was caught when the tour guide pointed at the [building
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mechanisms (e.g. selective forgetting) are still unknown. It is
important to note that the present results do not argue that
opportunistic assimilation is the only mechanism at play, but
rather cognitive and environment factors likely work together
in various ways to trigger these moments for the individual.
For example, the insight task used in the current study creates
a large amount of fixation on combining numbers (e.g. 5 + 4
= 23) strengthening activation of addition. Might students
have picked up on exponents if there without inhibition of
false cues (selective forgetting)? Or more relevant semantic
activation coming online over time (spreading activation)? It
is an open question if students would still be open and
sensitive to hints without these cognitive mechanisms, but
insight moments may be complex enough to involve multiple
mechanisms.
Another important consideration is that the mathematical
nature of the problem may be particularly well-suited to
benefit from opportunistic assimilation. For studies that use
college students as participants, such as the current set of
studies, math may be more likely to exist in the environment
compared to cues related to other solutions (e.g. the solution
word of “snowflake” for a RAT item). On college campuses,
many students are enrolled in math courses or around others
who are engaged in math (such as the roommate doing math
homework). Thus, insight tasks with greater relevance and
ties to everyday life may also be positioned well to benefit
from hints in the environment.
Further, mathematics may also be particularly ripe for
opportunistic assimilation because student participants have
extensive experience in math classrooms making connections
between mathematical concepts, which may have led to a
more complex interweaving of mathematical knowledge—
creating greater reception to any and all hints. For instance,
one student looked at the right angle of a desk, made a
connection to Pythagorean’s theorem, to the formula, to
exponents, and back to the insight puzzle. This example
illustrates how prior knowledge and existing complex
semantic networks surrounding exponents may had led to
even abstract hints, such as the angles of furniture, aiding in
insight moments.

Discussion
Across two studies, insight experiences from 157
participants who solved a mathematics insight puzzle in their
everyday lives were analyzed for evidence of the
opportunistic assimilation hypothesis. This account of
incubation and insight suggests that problem solvers who
reach impasse become sensitive to environmental cues
relevant to problem solving, and from exposure to the rich
diversity of the environment, chance encounters with relevant
cues trigger insight. Past research on incubation and insight
has cast doubt on the utility of hints to help problem solvers.
But many of these studies cannot properly test the
opportunistic assimilation hypothesis, as participants were
not always ensured enough time to immerse themselves in the
problem and reach impasse, were not given the context of a
diverse environment to encounter relevant cues during actual
rest periods, and some research gave participants many
problems to try to reach insight on at once, weakening
memory traces that the opportunistic assimilation argues
helps the problem solver attend to relevant information.
To set more optimal parameters to test this hypothesis, the
current set of studies provided participants with a single math
insight puzzle to try to solve that required students to think
past addition and think of exponents. Participants were
initially given an opportunity to try to solve in the lab, and
those participants who were unable to solve were released
from the lab and instructed to live their lives as normal.
However, if a participant reached the solution within three
days, they were instructed to immediately report their
problem-solving experiences through an online survey.
Results from the first study showed that several students,
without being prompted, identified and described hints in
their environment that helped them find the solution. This
provided evidence that, at least for some students,
opportunistic assimilation may have been at work. To more
thoroughly investigate this hypothesis, in study 2,
participants were asked if they had reached an impasse, and
if there were any hints in their environment that had helped
them solve (yes/no). In addition to describing their insight
moment, participants were asked to describe the environment
around them when they solved the problem in attempt to
capture hints that may have been present, but the problem
solver was unaware of. Exactly 90% of participants reported
reaching impasse, suggesting that if opportunistic
assimilation does in fact play a role in insight, most of these
students would become sensitive to environment hints.
Indeed, it was found that 24% of participants who solved
reported a hint had helped them to solve the problem, and
another two participants did not report hints, but did provide
an environmental description in which there was math
present in their immediate surroundings.
Taken together, these two studies offer preliminary
evidence that opportunistic assimilation can play a role in
insight experiences, and suggests that under certain
conditions, environment hints can help problem solvers reach
insights. However, the magnitude of its effect, interaction
with individual differences, and pairings with other potential

Limitations and Future Directions
One limitation of the current set of studies is that data were
collected through self-report measures, which are subject to
bias and are only able to capture what the participant is
consciously aware of. For example, some students may have
had hints in their environment help them solve the problem
but were not consciously aware of them to note this in their
self-reports. Another potential limitation is the nature of the
insight task used. As previously noted, math tasks may be
especially well-suited to benefit from environmental hints,
especially for student participants. Future work would do
well to expand on the findings in this study by diversifying
insight tasks and studying how participants reach insights in
everyday life.
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Introduction

Abstract

Cardiopulmonary resuscitation (CPR) is the single greatest determinant in survival from cardiac arrest and is an essential
part of every medical professional’s toolkit. Effectively responding to cardiac arrests requires CPR proficiency, which
is best retained through frequent training. One such model is
Resuscitation Quality Improvement (RQI)® that requires users
to exhibit proficient performance in compression and ventilation skills every 3 months. While frequent refresher trainings
are superior to the traditional 24-month intervals (Cheng et al.,
2020), they still need to consider inter-individual differences.
Healthcare environments are rife for personalized, adaptive approaches to tracing users’ proficiency over time. To this end,
we explore how users that perform similarly over time can be
clustered together. Such performance profiles could ultimately
enhance the benefits of frequent training with personalized efficiency for users with different needs. With the long-term goal
of building an adaptive scheduling tool in mind, we present
some initial explorations in this domain. Using k-means clustering, we show that a small number of clusters seems sufficient to create meaningful performance profiles to make outof-sample predictions. Furthermore, our simulation study suggests that fuzzy membership to said clusters can be leveraged
to enhance predictions. We discuss potential next steps in
which these fuzzy performance profiles can be employed by
more powerful predictive models to move the field towards
personalized, adaptive training schedules that improve learning efficiency with the goal of increasing survival outcomes
after cardiac arrest.
Keywords: Cardiopulmonary Resuscitation (CPR); Refresher
training; Resuscitation Quality Improvement; Personalized
learning; Clustering; Performance predictions
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The quality of CPR provided by medical professionals has
been shown to be inconsistent in both in-hospital (Abella et
al., 2005) and out-of-hospital (Wik et al., 2005) cardiac arrests. To improve consistency, various enhancements to how
the necessary skills are taught and maintained have been recommended (Cheng et al., 2018). The shift in focus is reflected in the 2020 AHA Guidelines for Cardiopulmonary
Resuscitation and Emergency Cardiovascular Care (Cheng
et al., 2020). These enhancements to CPR training can improve educational outcomes, patient outcomes, and survival
after cardiac arrest (Cheng et al., 2018)—primarily by increasing educational efficiency as a factor in Utstein’s formula for survival (Søreide et al., 2013). Increasing educational efficiency includes instructional design features that
support a mastery learning model such as the use of feedback
(Gruber, Stumpf, Zapletal, Neuhold, & Fischer, 2012; Yeung
et al., 2009), spaced learning (Y. Lin, Cheng, Grant, Currie, &
Hecker, 2018), assessment, and innovative educational strategies (Cheng et al., 2018). Performance can be scored objectively against clear guidelines (Merchant et al., 2020), which
means rich usage logs can be maintained for each user. Thus,
CPR training is an ideal domain for technology-enhanced
adaptive learning and recent efforts are focused on increased
adaptivity (Oermann, Krusmark, Kardong-Edgren, Jastrzembski, & Gluck, 2021).
Here, we will emphasize one dimension of quality CPR:
frequency of training. Healthcare providers are trained in
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CPR as part of their training and are typically required to
retrain on a fixed schedule to maintain compliance. Historically, these trainings have occurred every two years, but recent evidence suggests that more frequent refresher trainings
are necessary to prevent skill decay (Cheng et al., 2018; Sutton, Nadkarni, & Abella, 2012). The Resuscitation Quality
Improvement (RQI®) program for CPR skills, for example,
has participating users complete quarterly skills assessment.
The RQI program has been shown to significantly increase
users’ CPR skills (Kardong-Edgren et al., 2020) but we believe further improvements can be made by personalizing the
scheduling of refresher trainings to the needs of individual
users. Recent work suggests that adaptively scheduling training intervals can lead to faster acquisition, better retention,
and lower costs and risks (Oermann, Krusmark, KardongEdgren, Jastrzembski, & Gluck, 2020; Kerfoot, 2010; Oermann et al., 2021).
To aid and inform the transition from fixed to adaptively
scheduled retraining intervals, the current study will explore
three aspects related to extracting and leveraging performance
profiles across training sessions. If similar performance in
the past is likely to result in similar performance in the future, predictions can be informed by clusters of similar performance profiles (e.g., because two users make similar mistakes or because knowledge about two skills decays at similar
rates). The long-term goal is to leverage meaningful profiles
to create personalized refresher training schedules that can
replace fixed-interval assessments. To this end, we will explore three research questions pertaining to clustering performances to extract user profiles:
RQ1: How to determine the number of clusters/profiles?
The “optimal” number of clusters depends on the purpose
of the analysis and is rarely easily quantifiable (Kodinariya
& Makwana, 2013). We consider our main goal predicting
rather than explaining (Shmueli, 2010). Therefore, we devised a simulation study on usage logs that focuses on quantifying the out-of-sample prediction error (Yarkoni & Westfall, 2017) to approximate a useful number of performance
profiles.
RQ2: Can fuzzy instead of crisp cluster membership improve predictions? We used k-means clustering (Hartigan &
Wong, 1979) for our explorations. By default, clustering algorithms assign each input to one of the k clusters. Such crisp
assignment can be contrasted with fuzzy assignment (Ruspini,
1969; Dunn, 1973; Bezdek, 1981) in which each input belongs to all k clusters simultaneously and has membership
coefficients γk that indicate its relative proximity to each cluster k (see Methods for details and footnote 1 for a numerical
example). Crisp assignment effectively reduces all members
of a cluster to be identical, while the fuzzy assignment imposes less of a dimensionality reduction. Fuzzy assignment
could aid predictions (by pooling important variance and inbetween states) or harm predictions (by amplifying noise).
RQ3: Which aspects of performance should be clustered?
To maintain compliance in the RQI program, each user needs

to be proficient in four related but independent CPR skills:
compressions and ventilations performed on an adult and an
infant manikin (Merchant et al., 2020). Correlations between
skills are positive but not strong enough (r < 0.4; see Discussion) to consider performance across skills interchangeable. Consequently, it might make sense to assign each
user’s performance on a given skill to a distinct cluster (cf.
Fig. 1B). However, if scheduling of future refresher trainings was a function of cluster membership, it would make
more sense to assign each user’s performance across all skills
to a distinct cluster (cf. Fig. 1A); otherwise, different skills
would be scheduled to be retrained at different intervals—
that might be most effective but the administrative burden
on hospitals might be untenable. To illuminate the potential (dis)advantages of either approach, we will explore and
compare both.
In the following, we will describe the dataset we used to
explore the above questions. Next, the simulation study’s approach will be outlined in detail before the results will be presented. These results and their implications will be discussed
in the final section.

Methods
Dataset
The dataset extracted from users participating in the Resuscitation Quality Improvement (RQI®) program for CPR skills
in three hospitals in the USA. Users participated every 3
months (quarterly) and we selected a period of 5 quarters (i.e.,
Q1, Q2, . . . ).
Users experienced a skills assessment with feedback in all
quarters. These measured a user’s CPR skills on both an infant and adult manikin on the RQI Simulation Station. In each
assessment, users received both auditory and visual real-time
feedback on specific metrics of each skill that accumulated to
an overall score. Each assessment was followed by a comprehensive debriefing. In Q1 and Q5, a baseline assessment
without feedback was required before the skills assessment
to measure a user’s retention of skill over time. Users were
required to pass each skill assessment (i.e., score ≥ 75%) to
maintain compliance (unlimited number of attempts). The
baseline assessment without feedback in Q1 and Q5 did not
require passing, but users were provided an overall score and
debriefing upon completion.
We only used overall scores on the first attempt in each
quarter. For Q1 and Q5, these were baseline assessment
scores; for Q2–4, these were skills assessment scores (i.e.,
without and with feedback respectively). Baseline scores
were included as a valid measurement of a user’s ability to
perform each skill without the aid of real-time feedback. Only
the first attempt was included as it is the most informative data
point: With passing scores required in every quarter, the last
data point for any skill is always in the range 75–100%. Most
users passed after the first or second attempt. By including
additional attempts, the most discriminating data points were
retained while making it easier to apply the out-of-the-box
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Figure 1: Overview of clustering solutions. (A) The user-based approach considers all 20 observations of a user simultaneously
when clustering: the four skills (adult compressions, adult ventilations, infant compressions, and infant ventilations) are marked
with different shapes across the five quarters (Q1–5). Each user is assigned to one cluster (see N’s in the legend). The dotted
horizontal line at 75% demarcates the proficiency threshold. (B) The skill-based approach considers the five observations
(across Q1–5) associated with each skill separately. Each skill a user performs is separately assigned to a cluster (thus larger
N’s; see legend) (C) The Gap statistic (Tibshirani et al., 2001) estimated for 1 ≤ k ≤ 15 across 10 iterations for the two
approaches. Squares mark the best k̂ in each iteration.
implementation of the clustering algorithm.
We included all users with at least two baselines (N =
3,119). Of these, 1,930 (62%) had scores on all skills in all
five quarters (i.e., complete user trajectories; Fig. 1A) and
there were 8,024 (64%) user-skill combinations with scores
on all quarters (i.e., complete skill trajectories; Fig. 1B).

We used 10-fold cross-validation across two scenarios that
differed in what constitutes a trajectory. In the user-based
scenario, all observations from a single user were considered
a single trajectory comprising 20 observations (four skills
across five quarters; see Fig. 1A). In the skill-based scenario,
the four skills were treated independently and each trajectory
encompassed five observations (one per quarter; see Fig. 1B).
Consequently, a user’s performance on all skills constitutes
their performance profile (i.e., assigned cluster) in the userbased scenario, while each user can potentially have multiple
performance profiles in the skill-based scenario.
On every iteration of step (2), k-means clustering (Hartigan
& Wong, 1979) as implemented in R 3.6.3 (R Core Team,
2020) was performed with 20 random starts. We chose not
to impute missing data to avoid amplifying patterns already
in the data. At least 60% of trajectories are complete so each
training set should contain sufficient observations to partition
the data into k clusters.
Computing fuzzy membership coefficients in step (5) comprised two steps: First, each trajectory’s distance d from the
k centroids c is computed as dk = ∑((x − ck )2 )0.5 , where x
is the trajectory. Then, the membership coefficient γ to cluster k is computed by scaling dk relative to all distances D:
γk = [∑(dk2 /D2 )(1/(m−1)) ]−1 with “fuzzifier” m = 2 (Cebeci,
2019). This approach assures that a trajectory’s k coefficients
sum to 1.
For each iteration, prediction errors were computed separately for (i) quarters 1–4 (used to assign trajectories to clusters; step (3)) and quarter 5 (predictions), and (ii) crisp and
fuzzy predictions. Specifically, two types of error were calculated: The root-mean-squared-error (RMSE) and the area

Simulation study
To address our research questions, we conducted a retrospective simulation study on the data described above. The simulation followed these steps for 2 ≤ k ≤ 15: (1) The data were
split into training/test sets (70/30) such that each user was either in the training or test set; (2) Using complete trajectories
in the training data, k-means clustering was performed; (3)
Each trajectory in the test data was assigned to one of the
k clusters by minimizing the squared Euclidean distance between trajectories and cluster centroids. Only quarters 1–4
were used for cluster assignment; (4) Crisp predictions are
equal to the centroids of the cluster a trajectory was assigned
to; (5) To make fuzzy predictions, each trajectory’s membership coefficients to each of the k clusters were computed (see
details below). These were used as weights when computing
a weighted average across the cluster centroids1 .
1 For example, suppose someone’s adult compression scores are
80 in Q1–4. For the three skill-based clusters in Fig. 1B, that trajectory would yield membership coefficients of 0.888, 0.028, and 0.084
for clusters X, Y, and Z, respectively. The cluster centroids for Q5
are 85.7, 79.6, and 13.0 for X, Y, and Z. The unweighted mean across
the three centroids is 59.4; the coefficients-weighted mean is 79.4.
Thus, this hypothetical person’s fuzzy prediction for Q5 would be
biased towards cluster X’s centroid. Their crisp prediction for Q5
would simply be cluster X’s centroid (85.7) since that is the cluster
they would be assigned to.
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under the ROC curve (AUC; (Fawcett, 2006)). The RMSE
expresses the prediction error in units of the original scale,
which is helpful in gauging how close predicted performance
is, on average, to actual performance (lower values are better). The AUC was computed by dichotomizing actual performance as above/below the 75% performance threshold.
Hence, the AUC quantifies how well crisp/fuzzy cluster membership can classify whether predicted performance will be
proficient or not (higher values are better).
This approach allowed us to address our research questions
by (I) checking which value of k minimizes prediction errors
(to determine optimal cluster size), (II) comparing crisp and
fuzzy predictions on the same data (to ascertain the potential
advantage of fuzzy predictions), and (III) directly comparing
user- and skill-based clustering solutions.

inconsistent/struggling throughout (C). We also see an overall
trend across the user-based clusters that highlights decreased
performance without live feedback (Q1 and Q5).
Second, there is a consistent advantage of predictions using fuzzy rather than crisp cluster membership. In Fig. 2,
the blue solid lines are always higher than the orange solid
lines for the AUC (top row) and lower for the RMSE (bottom
row). This difference is particularly stark in the skill-based
scenario, where fuzzy predictions are vastly better than their
crisp counterparts. An additional advantage might be that
fuzziness better protects against over-fitting (analogous to,
e.g., Bayesian model averaging (Hoeting, Madigan, Raftery,
& Volinsky, 1999) or regularization (Hastie, Tibshirani, &
Friedman, 2009)). Here, over-fitting would be apparent if the
dashed and solid lines diverge as k increases, which is the
case for crisp (orange) but not fuzzy (blue) predictions.
Third, predictions are better if individual skills are clustered rather than a user’s entire performance history. Comparing the solid blue lines between the scenarios (left vs. right
column in Fig. 2), we see higher AUC and lower RMSE for
the skill-based scenario. The reverse is true for orange lines,
which reflects the general advantage of fuzzy predictions outlined in the previous paragraph. Hence, these results suggest that using cluster membership alone, the most accurate
predictions are made using skill-specific trajectories’ fuzzy
memberships to 3 clusters.
To complement the results directly relevant to our research
questions, we also included a short exploration of what might
be considered the optimal number of clusters outside a prediction framework. To this end, we computed the Gap statistic (Tibshirani et al., 2001) as implemented in (Maechler,
Rousseeuw, Struyf, Hubert, & Hornik, 2019) for 1 ≤ k ≤ 15
using 250 bootstrap samples on ten iterations each with random subsets of 80% of users. Results are summarized in
Fig. 1C, showing the estimated Gapk values (the ten runs
are grouped by lines, color-coded for approach). Again, we
contrast the user- and skill-based approaches and, following
(Tibshirani et al., 2001), define the best solution as the smallest k for which Gap(k) ≥ Gap(k + 1) − sk+1 , where s is the
standard error. For each iteration in Fig. 1C, those instances
are highlighted as squares, which fall between 5 ≤ k ≤ 14 for
both approaches. Thus, if our goal was to explain rather than
predict (Shmueli, 2010), a larger number of clusters might
be appropriate. However, our simulations showed that with
prediction as our main goal, a small number is sufficient and
mistakenly using the results of this explanatory analysis for
prediction purposes would result in over-fitting.

Results
Figure 2 summarizes the results of the simulation study and
pertains to all three research questions outlined in the Introduction. The figure shows the two prediction errors AUC (top
row) and RMSE (bottom row) for the skill-based (left column) and user-based (right column) scenario for 2 ≤ k ≤ 15.
Each panel shows four lines: Dashed lines are the errors computed across quarters 1–4, which were used to make crisp
cluster assignments and compute the fuzzy membership coefficients; solid lines connect errors for the fifth quarter, which
was withheld completely and thus amounts to a real prediction. The two types of prediction that were made—crisp and
fuzzy—are color-coded. With this figure as our guide, we
now consider the three research questions in turn.
First, for both skill- and user-based clusters, the optimal
number of clusters is small. Looking at the solid lines in
Fig. 2, we see that little improvement in achieved beyond
k ≈ 3. The only exception might be making binary predictions in the fuzzy user-based scenario since the AUC increases up to 8 or 10 clusters. The corresponding decrease
in RMSE, however, is minimal, which indicates absolute accuracy does not increase in lockstep with classification accuracy. The RMSE in the skill-based scenario (lower left panel)
shows the most drastic divergence between the crisp and
fuzzy approaches: For crisp predictions in Q5, any k > 2 produces markedly larger errors, while the corresponding fuzzy
predictions clearly improve if k is increased from 2 to 3 (both
in AUC and RMSE).
The 3-cluster solutions for the user- and skill-based scenarios are shown in Fig. 1A and B, respectively. The skill-based
clusters in particular capture profiles that clearly make sense:
consistently high (X), proficient after Q1 (Y), and only proficient with feedback enabled (Z). Importantly, each user’s
performance on the four skills could be assigned to different
clusters/profiles. For the user-based scenario, on the other
hand, the three patterns are more subtle (see Fig. 1A) and
simultaneously affect all four skills for a user. However,
again, sensible patterns are apparent: Users only proficient
with feedback enabled (A), consistently proficient (B), and

Discussion
Our simulation on usage logs of medical professionals’ CPR
refresher training suggests that a relatively small number of
performance profiles is sufficient to make decent predictions.
These predictions were consistently more accurate if membership to each performance profile was fuzzy rather than
crisp and if skills were considered independently.
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Figure 2: Prediction errors AUC and RMSE in the test sets. Comparing errors computed on Q1–4 (assigned) and Q5 (predicted)
for the crisp (orange) and fuzzy (blue) predictions. Detailed description in the first paragraph of the Results section.
Contextualizing these findings, it should be acknowledged
that this a difficult prediction task. The only information used
in our current explorations are the overall scores of first attempts of each learner’s mandatory, quarterly skills assessments. Nevertheless, membership to a small number of clusters affords above-chance predictions. Predictions are considerably better if (a) skills are considered independently, (b)
memberships are “fuzzified”, and (c) we only want to predict proficiency (i.e., above/below threshold) rather than exact
scores (see Fig. 2). One potential explanation is that differences in learning profiles stem from different sources that are
each captured by different clusters. Fuzzy memberships allow for those sources to be pooled to make predictions, while
crisp profiles more rigidly represent a single source of variance. The promising results in the current exploration suggest
a number of extensions that should further improve the predictive accuracy. We will discuss some of these below.
Lower-level scores, exact timestamps, and additional information about users could be leveraged to greatly enrich
the data. Each skills’ overall score is comprised of several
sub-scores (e.g., compression rate, compression depth, hand
positioning, etc.). Providing personalized feedback based on
sub-scores has proved effective (Yeung et al., 2009; Cheng et
al., 2015), suggesting that sub-scores could be leveraged for
fine-tuning predictions. Furthermore, demographic information such as body mass index have been linked to quality CPR
(Sayee & McCluskey, 2012; C.-C. Lin et al., 2016; LópezGonzález et al., 2016) and it is likely differences in work setting within a hospital would be relevant, too (e.g. emergency
care vs. outpatient clinic).
To model such greatly enriched data, more sophisticated
models would need to be deployed. Machine learning algo-

rithms for supervised learning would be the obvious choice
since they have an unparalleled ability to learn arbitrary statistical regularities in sufficiently large, annotated data (Hastie et
al., 2009). Such models—especially the “deep” kind (LeCun,
Bengio, & Hinton, 2015; Botvinick, Wang, Dabney, Miller, &
Kurth-Nelson, 2020)—are great at making performance predictions but it is often impossible to determine how a prediction was arrived at (Gunning, 2017). The cluster-based
approach presented here is the polar opposite—for the crisp
case, predictions directly follow from someone’s proximity to
a given cluster; for the fuzzy case, predictions are weighted
by someone’s relative distance from each cluster. A promising middle ground between these two extremes—models with
and without assumptions (Pelánek, 2017, Fig. 4)—are cognitive models. These use theoretical assumptions to constrain mathematical relationships between in- and outputs
and rely on a small number of parameters that usually map
onto domain-relevant concepts (McClelland, 2009). Promising examples for the current domain are knowledge tracing
models (Corbett & Anderson, 1994; Yudelson, Koedinger, &
Gordon, 2013) and learning-specific process models (Pavlik
& Anderson, 2008; Jastrzembski, Gluck, & Gunzelmann,
2006; Walsh, Gluck, Gunzelmann, Jastrzembski, & Krusmark, 2018; Walsh, Gluck, Gunzelmann, Jastrzembski, Krusmark, Myung, et al., 2018). These cognitive models would
trace acquisition and retention of skills over time in a much
more nuanced way and could be augmented with cluster
membership information (Ayers, Nugent, & Dean, 2008; Nedungadi & Remya, 2014; Sense, Collins, Krusmark, & Jastrzembski, 2020).
Performance on the four skills is positively correlated but
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correlations are small2 enough that a single user regularly obtains very different scores. The lack of strong correlations
between skills explains why the user-based clusters (Fig. 1A)
yield less discriminating profiles. With this in mind, using
the skill-based clustering approach seems sensible. One implication of these patterns is that the most efficient training
regime would consider skills independently, with personalized schedules devised for each skill separately.
Ultimately, the goal is to transition from fixed training intervals to fully personalized, adaptive schedules. The results
presented here support these efforts and will contribute to
building predictive models. However, retrospective simulation studies are not sufficient evidence—we will only know
whether a given system works once it is used in a hospital
setting. Conducting such field studies is costly and should be
informed by well-founded assumptions. Recent efforts in this
domain have shown promising results when using a cognitive
model to adaptively schedule training intervals for nursing
students acquiring CPR skills (Jastrzembski et al., 2017; Oermann et al., 2020, 2021).
To summarize, fuzzy membership to a small number of
clusters proved beneficial in constructing predictive performance profiles for CPR refresher trainings. We expect that
the current results will generalize to future scenarios in which
we aim to insert specialized cognitive models into the predictive pipeline. The gold standard for assessing the validity of
any predictive system would be a field study in which learners pursue personalized, adaptive schedules prescribed by the
model—until then, we believe the simulation approach underpinning our current findings provides a good framework
for evaluating the applied potential of models and pitching
them against each other. It is our hope that such technologyenhanced adaptive scheduling systems can help medical professionals acquire and retain crucial skills that ultimately
translate to increased survival outcomes after cardiac arrest.
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Abstract

for computing operations on probability distributions – how
to marginalize a distribution, how to compute entropy, and
how to compute the mutual information between two random
variables.
Another approach to representing probability in spiking
neurons is to treat the spiking activity as samples from a
distribution with a one-to-one mapping between neurons and
random variables (Buesing et al., 2011; Pecevski et al., 2011).
By integrating neural activity one can extract samples from
the probability distribution encoded in the network, akin to a
classification neural network with a softmax output layer.
It is implicit in the methods discussed in this paper that
we can construct neural networks where the activity of a neuron corresponds to a bin around one value or a multi-modal
distribution over multiple values. Recognizing the connection between VSA statements and probability-like statements
provides a great deal of flexibility when designing networks
to compute probabilistic inference, and also to interpret cognitive models in a quasi-probabilistic manner.
First we review concepts that are necessary to build the
connection between VSAs and kernel density estimators.
Next we draw the analogies between VSA operations and
probability statements. The remainder of the document discusses information theoretic quantities that may be calculated
by neural networks, including novel circuits for computing
entropy and mutual information using HRRs, and discusses
implications of using the SPA to model probability.

Distributed vector representations are a key bridging point between connectionist and symbolic representations of cognition. It is unclear how uncertainty should be modelled in systems using such representations. One may place vector-valued
distributions over vector representations, although that may assign non-zero probabilities to vector symbols that cannot occur. In this paper we discuss how bundles of symbols in Vector
Symbolic Architectures (VSAs) can be understood as defining an object that has a relationship to a probability distribution, and how statements in VSAs can be understood as being
analogous to probabilistic statements. We sketch novel designs
for networks that compute entropy and mutual information of
VSA-represented distributions. In this paper we restrict ourselves to operators proposed for Holographic Reduced Representations, and representing real-valued data. However, we
suggest that the methods presented in this paper should translate to any VSA where the dot product between fractionally
bound symbols induces a valid kernel.
Keywords: Vector Symbolic Architecture; Fractional Binding; kernel estimation

Introduction
Vector Symbolic Architectures (VSAs) bridge connectionist
and symbolic representations of cognition, but it is unclear
how probability should be modelled using VSAs. We suggest that VSAs already model probability and we show that
if the similarity function between fractionally bound quantities induces a (quasi-)kernel function, then VSA statements
on bundles of vector symbols are analogous to probabilistic statements. While we restrict ourselves to the operators
proposed for Holographic Reduced Representations (HRRs;
Plate, 2003), and in particular their use in the Semantic
Pointer Architecture (SPA; Eliasmith, 2013), we infer that the
presented results translate to VSAs where similarity induces
a meaningful kernel or quasi-kernel functions of the encoded
data points, and where similarity distributes over bundling.
Prior approaches use populations of spiking neurons to predict vector representations of probability functions (e.g, Ma
et al., 2008; Sharma et al., 2017; Sharma, 2018). Here individual neurons represent bins around sample points in the
domain of a probability distribution and their activity corresponds to the probability mass in that bin. Eliasmith (2013,
§7.4) illustrates how the cortical-basal ganglia-thalamus loop
can effect Bayesian inference (as has Bogacz (2015)) and further, how to update distributions using HRR operations. In
this paper, we go further and provide explicit VSA operations

Preliminaries
In this section we review the concepts that make the connection between VSAs and kernel density estimators. First, we
briefly discuss Kernel Density Estimators (KDEs) and how
RFFs have been used to improve the memory and time complexity of these systems. Next, we briefly review VSA operations, grounded in the use case of the SPA.

Kernel Density Estimators and Random Fourier
Features
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Kernel Density Estimators (KDEs) estimate the probability of
a query point x based on the average of its similarity to members of a dataset of n observations D = {x1 , . . . , xn }. Similarity is measured using kernel functions, k(·, ·), which are typically valid density functions. KDEs are defined P(X = x) =
1
n
+
nh ∑i=1 kh (x, xi ) for kernel bandwidth h ∈ R . A problem

In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
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with KDEs is the memory required to maintain the dataset,
D , which can grow without bound, as does the time to compute a query. Rahimi et al. (2007) addressed this problem
for KDEs and other kernel machines with the introduction of
Random Fourier Features (RFFs).
RFFs project data into vectors so that the dot product
between two vectors approximates a kernel function, i.e.
k(x, y) ≈ φ(x) · φ(y). The data projection is computed φ(x) =
(eiω1 x , . . . eiωd x )T , where the frequency components ωi are
i.i.d samples from some probability distribution G(ω). The
choice of G(ω) determines the kernel induced by the dot
product1 , and as d → ∞ the kernel approximation is exact.
With RFFs, linear methods can approximate nonlinear kernel methods. Kernels that can be approximated with RFFs of
dimensionality d < n improve the memory and time complexity of querying a KDE from linear in the number of samples
(n) to linear in the feature representation dimensionality (d).
We can see the memory benefits by applying the kernel approximation to the definition of a KDE:
P(X = x) =

the efficiency of the representation, (Komer, 2020; Dumont
& Eliasmith, 2020), but we will use a uniform distribution
over the frequency components. This leaves the choice of dimensionality as a choice constrained by application specific
needs.
Algorithm 1 An algorithm for generating vector symbols to
encode m-dimensional data. U (·, ·) is the uniform distribution and F −1 indicates the inverse Fourier transform.
function GENERATE VECTOR(d, m)
ΘX = (θX,j,k ) ∈ Rd×m s.t. θX, j,k ∼ U (−π, π)
X ← F −1 eiΘX
return X
Vectors generated by Algorithm 1 are both unit vectors
and unitary vectors, meaning that the magnitude of all frequency components is 1. This property has two benefits:
repeated convolution preserves the vector’s magnitude; and
the dot product is preserved up to scale between the Fourier
and time domains. That is, for two vector symbols, X1 , X2 ,
it is the case that wX1 · X2 = F {X1 } · F {X2 } for some
w ∈ R (Voelker, 2020).
With symbols defined we now turn to SPA operations. The
four operators used in this document are similarity, bundling,
binding, and unbinding. Similarity, ·, compares two vector
symbols. In the SPA similarity is the vector dot product. For
two vectors, x, y ∈ Rd , when x = y, x · y should be 1, and when
x ̸= y, x · y ≈ 0.
Bundling, also called collecting or superposition, denoted
+, combines two vectors into a new vector that maintains
some similarity with its constituent elements, i.e., x · (x + y)
and y · (x + y) should both be relatively large. In the SPA
bundling is vector addition. Bundles of vectors can be understood as a set of the constituent symbols. Similarity distributes over bundling, x · (y + z) = x · y + x · z, meaning the
sum of similarity between a vector and all elements of a bundle can be computed with one operation.
Binding, denoted ⊗, combines two vector symbols into
a new symbol that is dissimilar to either of the constituent
components, i.e. x · (x ⊗ y) ≈ 0 and y · (x ⊗ y) ≈ 0. We implement binding with circular convolution2 , denoted ⊛. We
will use ⊗ as notation except where we exploit properties of
circular convolution. Binding is the basis for representing
numbers. For integers, one generates a vector symbol, X,
referred to as an axis vector, and binds it with itself an integer number of times (Komer, 2020; Dumont & Eliasmith,

1 n  x   xi 
∑φ h ·φ h
nh i=1

Because the dot product distributes over the summation, we
can rewrite it as:
P(X = x) = φ

x 1 n x 
i
·
∑φ h
h nh i=1

x 
1
For a fixed dataset, the term nh
∑ni=1 φ hi is a vector, making
the complexity of querying the KDE O(d), instead of O(n).
The EXPoSE algorithm (Schneider, Ertel, & Ramos, 2016;
Schneider, 2017), for example, uses RFFs for fast anomaly
detection in large datastreams in finite memory. Fourier features have also been applied to Gaussian Process Regression
(Rahimi et al., 2007; Mutnỳ & Krause, 2019). As we will discuss next, there is a connection between RFFs and the generation of random vectors used in fractional binding in VSAs.

Vector Symbolic Architectures
VSAs represent symbols as vectors, and provide operators
for acting on those symbol vectors. The symbols can represent discrete concepts, like integers or other atomic symbols,
real-valued quantities, and even data structures (Eliasmith,
2013; Voelker et al., 2021; Kleyko et al., 2021). We focus
on a special type of vector symbol called a Spatial Semantic
Pointer (SSP; Komer, 2020). Algorithm 1 is one possible algorithm for generating new vector symbols, called every time
a new vector symbol is needed. There are two choices that can
be made in this procedure: the distribution used for generating the frequency components, θi, j ; and the dimensionality of
the vector, d. Like with RFFs, different generating functions
for the frequency components induces different kernel functions (Frady et al., 2021), and can provide improvements in

n

2020). This is written Xn = ⊗ X, where n ∈ Z. Since SPA
i=1

binding is circular convolution, and convolution in the time
domain is multiplication
in the Fourier domain, we can write

Xn = F −1 eiΘX n . Binding can be applied to real-valued
numbers, called fractional binding, which we will use in this
paper extensively (Plate, 1995; Komer, 2020).

1 Depending on the desired kernel, there are more accurate encodings, see Sutherland and Schneider (2015)

2 The SPA admits other binding operators, e.g. the Vector-derived
transformation binding of Gosmann and Eliasmith (2019).
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Unbinding, denoted ⊘, undoes, approximately, the binding operation. Given vector symbols, x, y ∈ Rd , and z =
x ⊗ y, then x · (z ⊘ y) ≈ 1 and y · (z ⊘ x) ≈ 1. Unbinding in
the SPA can be implemented by binding with an “inverted”
vector. The pseudo-inverse of a vector x = (x1 , . . . , xd )T is
x−1 = (x1 , xd , xd−1 , . . . , x2 )T . Thus we write unbinding as either y ≈ z ⊘ x or y ≈ z ⊗ x−1 .
With these operations, VSAs can produce models of cognition that map onto populations of neurons, as well as
construct complex data structures and programs for neuromorphic hardware (Eliasmith, 2013; Kleyko et al., 2021).
Readers interested in other VSAs operators are referred to
(Gosmann & Eliasmith, 2019; Neubert et al., 2019; Schlegel
et al., 2020). In the following section we show how to interpret VSA statements as density estimators.

wish to highlight a subdivision of the elements in the vector
representation x we may denote the sum MX×Y,n .
KDE, FIE and SSP-FIE Estimates
100 Samples
True distribution
Sinc FIE
SSP FIE
RBF KDE
Samples

0.3

0.2

0.1

0.0
−5

Analogies to Probability Operations

0
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In this section we show how operations in the SPA relate to
probability statements. Section 7.4 of (Eliasmith, 2013) outlines one (strict) relationship between operations on vector
symbols and probability distributions. We provide a different interpretation of how to convert similarities into probabilities. We assume a fixed dataset, D = {x1 , . . . , xn |xi ∈ Rm } of
n samples of m-dimensional data. We discuss how the VSA
operations discussed above imply probability statements.

Figure 1: Fourier Integral Estimator, its approximation using
2048-d SSPs, and a KDE using a Gaussian kernel for 100
samples drawn from a GMM, indicated by the shaded region.
Using Algorithm 1 to generate axis vectors, the dot product between two SSPs induces the normalized sinc function (Voelker, 2020), which is a quasi-kernel, as it takes on
negative values. Consequently, fˆ(x|D ), is not a KDE, but
is the special-case Fourier Integral Estimator (FIE) (Davis,
1975, 1977). An optimal length scale, h, exists for the FIE
(Glad et al., 2007; Chacón et al., 2007), and can be estimated
√
1
by solving the equation ∥ϕn (1/h)∥ = √n+1
on 1/h ∈ [0, n],
where ϕn (t) is the empirical characteristic function (Glad et
al., 2007), or by cross validation. Fig. 1 shows the performance of a true FIE, and its approximation using a 2048dimensional SSP representation.
While the FIE is not a probability estimator, it can be converted to one. Two techniques for doing so are due to Glad
et al. (Glad et al., 2007, 2003) and Agarwal et al. (2016).
Glad et al. (2003) developed corrections for different classes
of quasi-kernels. The particular correction for the FIE is:

fX (x) ≈ max 0, fˆFIE (x |D ) − ξ

Binding Encodes Data
Fractional binding projects data from some domain X ⊆ Rm ,
into the vector representations of the SPA. Fractional binding is mathematically equivalent to the inverse Fourier transform of data encoded with RFFs. As discussed in (Voelker,
2020), if our semantic pointers are unitary, the dot product is
preserved, up to scale. As with RFFs, the frequency component distribution determines the kernel induced under similarity (Sutherland & Schneider, 2015; Frady et al., 2021). In this
paper we use the uniform distribution over [−π, π] to generate
frequency components. We use a length
 scale parameter, h,
so when we write Xx/h we mean F −1 eiΘX x/h , for x ∈ Rm .
In theory, data axes can have different generating distributions for their axis vectors, as long as the generated vectors remain unitary. However, when computing similarity it
is important to encode all data with the same axis vectors and
length scale parameter(s), h. It is beyond the scope of this paper, but these elements may form a concept of a data type for
VSAs. We assume that for each data set the axis vectors will
be randomly generated once and we will denote data encoded
with those vectors and a particular length scale as Xx/h .


R∞
max 0, fˆFIE (x |D ) − ξ dx = 1. If
ξ ∈ R is selected so −∞
we use our VSA implementation of the FIE, we can rewrite
the conversion as:
n
o
fX (x) ≈ max 0, Xx/h · MX,n − ξ
By inspection, this conversion is equivalent to a ReLU neuron with a bias, b = −ξ, and either W = MX,n or W = Xx/h
are the synaptic weights. Letting W = MX,n frames populations of neurons as estimating the probability of a query
point, Xx/h , under different distributions, assuming a different
MX,n for each neuron in the population. In this interpretation
populations of neurons can be understood as collections of
(inexact) density estimators, imprecision compounded by the

Similarity Computes Probability
The fundamental analogy we are drawing is between computing probability with KDEs and measuring the similarity
of a query point with a bundle of fractionally bound vector symbols. We define our estimator as fˆ(x|D ) = Xx/h ·
1
xi /h . For any domain space x ∈ X ⊆ Rm , we will
nh ∑xi ∈D X
1
denote the normalized sum as MX,n = nh
∑xi ∈D Xxi /h . If we
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differences between ReLU and biological neurons’ transfer
functions. A population of neurons could be used as a boosted
version of a KDE. In the same way, each neuron could be understood to represent a distribution conditioned on a random
variable. On the other hand, if W = Xx/h then a population of
neurons could be sampling the domain of the probability distribution represented by MX,n , similar to the technique used in
(Sharma et al., 2017). In the case where the memory, MX,n ,
contains only one encoded point, this network would be an
explicit probability code (Ma et al., 2008).
An alternative to the ReLU-style conversion is developed
by Agarwal et al. (2016). Here the FIE output is squared,
′
f (x) ≈ ∥φX (x; h) · MX,n ∥2 , using a modified version of our
′
standard memory term MX,n = ∑xi ∈D ci Xxi /h . The modification requires solving for a set of weighting parameters,
ci . This technique is used by (Frady et al., 2021), to construct KDEs using a VSA. We observe that conversion of
Agarwal et al. (2016) at least superficially resembles Born’s
rule for converting the quantum wave function into a probability (Born, 1926), hinting at a deeper connection between
models of cognition based on quantum theory (Pothos &
Busemeyer, 2013), as suggested by Stewart and Eliasmith
(2013).
Both conversions have parameters that must be solved for
and we do not comment on which method is preferable.
Agarwal et al. (2016) provides an efficient method for solving
for the weighting parameters, but it does require evaluating
the Gram matrix. Solving for Glad et al.’s ξ requires computing the integral of a non-linear function of a VSA estimator.
Regardless of the chosen conversion, the analogies to probability operations laid out in this paper hold. In this paper the

population of neurons, there is the risk of saturating the activity of the neurons. It has been suggested that the saturation
could act as a form of normalization (Eliasmith, 2013, §7.4).

Unbinding is Analogous to Conditioning
There are three ways to understand the unbinding operator
acting on fractionally bound representations. First, Xx/h ⊗
′
Yy/h ⊘ Yy /h can be viewed as shifting the representation y′
units along the Y -axis. Committing to all query points being evaluated at y = 0 uncovers two other interpretations of
unbinding. The second interpretation of unbinding is currying the evaluation of a joint probability distribution, i.e.

MXY,n ⊘ Yy/h =

∑

Xxi /h ⊗ Y

yi −y
h

(xi ,yi )∈D
′

Taking the dot product between a query point Xx/h ⊗ Yy /h
and the unbound memory, MX|Y =y,n = MXY,n ⊘ Yy , then the
result should be:
′

Xx/h ⊗ Yy /h · MX|Y =y,n
′

= Xx/h ⊗ Yy /h ·

C

∑

Xxi /h ⊗ Y(yi −y)/h

(xi ,yi )∈D

symbol ≈ indicates that operations on vector symbols are approximating a density, using one of the above conversions, C,
and indicate converted values by fX (x) ≈ C[Xx/h · MX,n ].

Setting y′ = 0 =⇒ Xx/h ⊗ Y0 = Xx/h , meaning Xx/h ·
MXY,n ⊘ Yy/h is a valid similarity. The result is analogous
to the joint probability of the query point X = x with a fixed
Y = y. It can be converted to a kernel-smoothed estimate of
∑xi ∈D Xxi /h near Y = y by a location-dependent normalizing
term (Wand & Jones, 1995). This requires keeping a separate
memory for the conditioning variables, as seen below. However, because the similarities can be negative, we may estimate ± f (x|y). Thus we convert before normalizing, to effect
a conditional kernel density estimator (Rosenblatt, 1969)

Bundling Updates Beliefs
Updating a belief with observations is vector addition. If we
1
have a memory unit, Mn−1 = (n−1)h
∑xi ∈Dn−1 Xxi /h , then updating the memory, and the distribution, is simply updating
the running mean Mn . To ensure the KDE stays normalized
by the number of samples we should write the update as:
MX,n =

yi −y

C

g(X) = f (X,Y = y) ≈ Xx/h ⊗ Y 0 · ∑xi ,yi ∈D Xxi /h ⊗ Y h . Finally, recognizing that f (X|Y = y) = η1 f (X,Y = y), then the
unbinding operator can be understood as an unnormalized
conditioned distribution. Normalizing the conditional distribution will require either memory or time, as we show below.
Encoding a 2-dimensional distribution with observations
D ⊆ X × Y in the usual way, MXY,n = nh1 ∑(xi ,yi )∈D Xxi /h ⊛
Yyi /h . To condition MXY,n on an observation, Y = y, we unbind the value y from the sum, MXY,n , giving us:

1 xn /h n − 1
X
+
MX,n−1
nh
n

f (X|Y = y) ≈

If MX,n , is represented by a population of neurons there is
a concern of saturating the activity of the population. If the
running average is computed exactly, then the length of MX,n
should stay at 1, but computing the exact average requires an
unbounded representation for n.
There is an implementation concern of whether or not to
store the memory as a normalized or unnormalized sum. In
either case, if the desire is to operate with normalized quasiprobabilities then there is a need to keep track of the length
scale, h, and the number of data points in the kernel estimator.
However, if an unnormalized MX,n is being represented by a

C[Xx/h · MX|Y =y,n ]
C[Yy/h · MY,n ]

where MY,n = ∑xi ,yi ∈D Yyi /h . This adds a burden of maintaining memory for every set of conditioning variables. Alternatively, one could normalize by the sum of all possible values
of x, re-writing it as:
f (X|Y = y) ≈

1
C[Xx/h · MX|Y =y,n ]
η

where η = X C[Xx/h · MX|Y =y,n ]dx. This approach requires
the time and mechanisms to compute η. To demonstrate the
R
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performance of the conditioned distribution we compare a 2D
Gaussian distribution with the analytical solution to conditioning, and the quasi-distribution induced by unbinding.
We created a bundle of n = 5000 observations
sampled
 1 0.5 
from the distribution (x y)T ∼ N 0, 0.5
.
We
com1
puted the solution to P(Y |X = x) for the conditioning values
x ∈ {−2, −1, 0, 1, 2}, shown in the top row of Fig. 2, and computed MY |X=x,n . The SSP-FIE estimated distribution is given
in the bottom row of Fig. 2. As with the 1D distribution, we
used a 2047-d SSP representation. The mean of the distribution was computed
using Born’s rule and a normalizing conR∞
stant, η ≈ −∞
∥Xx/h · MX|Y,n ∥2 dx. This requires recomputing
the normalizing constant, as does the approach of Glad et al..
In either case, we assert that MY |X,n contains information that
can approximate the conditional distribution.

centred at that point. Compressing data points into a vector prevents direct sampling, further, the similarity-induced
kernel is not a true kernel function. Rejection sampling could
work for sampling from MX,n , but it requires logic for the acceptance/rejection of generated samples and a mechanism for
generating the initial random samples. Research into synaptic sampling (Elliott & Eliasmith, 2009; Buesing et al., 2011;
Kappel et al., 2015) and basal ganglia models (Stewart et al.,
2010) may provide some benefit.
Entropy (Ĥt ), a non-linear function of probability, can be
estimated online by sampling observations Xx/h ∼ G(MX,n ),
and updating a running average oftheir negative log probability, Ĥt = 1t − log C[Xx/h · MX,n ] + t−1
t Ĥt−1 . Representing
an unbounded number of observations, t, in a neural network
is challenging. Alternatives to an exact running average include low-pass filtering and computing entropy over a fixed
window of samples.
Entropy can also be estimated in one additional time step,
at the cost of memory. The single time step entropy computation relies on recognizing that in the Glad’s conversion,
f (x) = max{0, Xx/h · MX,n − ξ}, either Xx/h or MX,n can be
the synaptic weights of a neuron. For sample points, xs ∈ XS ,
one can construct a neural network with a weight matrix, WS :

Other Operations
To further expand on the above relationships we show how
some standard probability operations can be implemented using bundles of fractionally bound vector symbols. We explain
how to compute marginal distributions, entropy, and mutual
information, and sketch how to sample from this distribution
representation.
Marginalization produces a distribution over a subset of
variables U ⊂ V from a distribution over the variables V . This
is conducted by integrating
over the marginalized variables.
R
In math: fX (x) = Y fXY (x, y)dy. Using our analogy we can
re-write the marginalization process as
!
Z
C

fX (x) ≈

Y

Xx/h ⊗ Yy/h ·

∑



WS = Xx1 /h
|

(xi ,yi )∈D

C

Y

Yy/h dy ·

∑

|
Xx2 /h
|

|
···

T

XxS /h 
|

and output a(MX,n ) = max{0,WS · MX,n − ξ}. Then a(MX,n )
is a vector of the probabilities of the samples XS . Approximate entropy can be computed Ĥ = S1 ∑Si=1 − log(ai (MX,n )).
The negative log can be computed by a single layer neural
network, trained using transformation principle of the Neural
Engineering Framework (Eliasmith & Anderson, 2003).
Mutual Information is a useful tool in a number of applications, including action selection for information gain (e.g.,
Loredo, 2003; Krause et al., 2008; Arora
h et al., 2019).iShan(X,Y )
non Mutual Information is defined E log fXfXY
. As
(X) fY (Y )
with entropy, mutual information can be computed by timeaveraged sampling, or by sampling the domain(s).
If X is a space of actions and Y is a space of observations,
mutual information can be used to guide
selection
h action

i
(X,Y )
by optimizing the objective x = arg max E log fXfXY
.
(X) fY (Y )
x∈X 

Rewriting the objective x = arg max E log fˆ(Y |X = x) −


E log fˆ(Y ) shows we need two estimates. From our previous results we know we can rewrite fˆ(Y |X = x) = C[WY ·
MXY,n ⊘ Xx/h ], fˆ(Y ) = C[WY · Circ(ΦX )T MXY,n ]. WY is the
weights of a neural network sampling the domain Y , as for
entropy. It should be possible to construct a neural network
that outputs the expected information gain of an action, Xx/h ,
for MXY,n . Closing the loop should be possible using neural optimization techniques like the LCA optimization algorithm (Rozell et al., 2008; Shapero et al., 2014).

Xxi /h ⊗ Yyi /h dy

and since binding and the dot product distribute over addition:
!


Z
fX (x) ≈ Xx/h ⊗

|

Xxi /h ⊗ Yyi /h

(xi ,yi )∈D

Note that Y Yy/h dy is another vector, and can be approximated by sampling the space Y , or it can be computed
directly
R
if the range of integration is finite. Denote ΦY = Y Yy/h dy,

C
then marginalization becomes fX (x) ≈ Xx/h ⊗ ΦY · MXY,n .
Assuming that Xx/h , ΦY , and MXY,n are column vectors, noting that convolution is commutative, and that circular convolution can be written as a matrix-vector product between
one argument and the circulant matrix, Circ(·), of the other
argument, we can make the following simplification:
T



Xx/h ⊗ ΦY · MXY,n = Circ(ΦY )Xx/h MXY,n (1)

= Xx/h · Circ(ΦY )T MXY,n
(2)
R

So there is a linear map that marginalizes MXY,n . The SSP
estimator and the true marginalized distribution of the multivariate distribution over (x y)T is shown in Fig. 3.
Sampling from a KDE is fairly easy: randomly select a
point in the dataset, then sample from the kernel function
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True Conditioned Distributions and FIE Estimates
µ − µ̂ =-0.17 µ − µ̂ =0.01 µ − µ̂ =0.01 µ − µ̂ =0.01 µ − µ̂ =0.01 µ − µ̂ =0.01 µ − µ̂ =0.18
SSP FIE
True distribution

P(X|Y )

0.6
0.4
0.2
0.0

Figure 2: Conditioned distributions and their estimate from one sampling of 5000 observations. There is error between the
true, µ, and estimated means, µ̂, for each conditioned distribution, however, we see the estimated mean in all cases shifts in the
correct direction.
preting SSP-probability statements as models of biology. If
one neuron can represent a probability distribution, why are
there so many neurons? It could be that neural populations
represent boosted estimates of the true density estimate, or
that more than one density is being represented, or that they
are compensating for the discrepancies between the transfer
functions of biological neurons and the ReLU function used
in the Glad-style transformation.
Furthermore, algorithms for optimizing hyperparameters,
and their implemented in neuromorphic hardware remain to
be determined. As well, the choice of particular kernels have
implications for biology (see Dumont & Eliasmith, 2020).
In this paper we restrict ourselves to one quasi-kernel, but it
should be possible to implement products of kernels, through
binding, and addition of kernels through the concatenation of
hypervectors. The search for network architectures that produce desirable kernels and probability statements is an open
challenge that could benefit from existing research in neural
architecture search. Further, we would like to explore modelling the probabilities of mixed integer and real-valued data,
as well as more complex structured data, like those discussed
in (Eliasmith, 2013; Voelker et al., 2021; Frady et al., 2021).

Marginalized Distribution

P(X)

0.4

0.2

True distribution
Marginal SSP FIE

0.0
x

Figure 3: The multivariate distribution marginalized over Y
and the SSP-FIE estimator using 5000 samples.

Discussion
There are two benefits of this framing of bundles of SSPs.
First, it lets us interpret SSP representations as probabilistic
statements. Second, it frames VSAs as a language for programming neuromorphic hardware to compute probabilities,
possibly in constant time. However, there are some considerations for this approach: The accuracy of kernel approximations induced by similarity may be further limited by hardware, e.g., maximum firing rates, bit precision, and so on.
As well, a priori selection of the length scale, h, may not be
suitable for online operations. It is not immediately obvious
how to adjust h online, or how to implement that optimization
as a learning rule for a neural network. Similarly, the FIE to
KDE conversion parameters, Glad et al.’s bias term, ξ, and
the Born rule normalizing constant, must be modified for new
observations.
Working with non-normalized probabilities is possible, but
may saturate neural populations. Avoiding saturation requires
some form of forgetting, but what kind of forgetting is best
for an application, and what this implies for the probability
estimates, remains to be determined. A fixed discount factor
in the range ]0, 1[, instead of computing the running average,
would produce exponential decay, inducing something like a
recency bias. Conversely, saturation could provide normalization, as suggested by Eliasmith (2013).
We do not consider the neurological plausibility of inter-

Conclusion
In this paper we have illustrated a connection between representations in the SPA and operations on probability distributions. Specifically, we have sketched novel methods for conditioning distributions and computing entropy and mutual information using HRRs. VSAs have garnered interest for combining symbolic and connectionist models of cognition, and
more recently as a programming framework for neuromorphic computers (e.g., Mundy, 2017). The results in this paper
show that VSAs can act like a probabilistic programming language, and can build probabilistic models of cognition. Open
questions remain about best choices for implementation, and
the limitations of hardware, but the connection between kernel methods and VSAs allows us to bring probabilistic models to cognitive modelling and neuromorphic computing.

264

Acknowledgments

deep symbol-like processing in neural networks. Neural
Computation, 31(5), 849-869. doi: 10.1162/neco a 01179
Kappel, D., Habenschuss, S., Legenstein, R., & Maass, W.
(2015). Synaptic sampling: a bayesian approach to neural
network plasticity and rewiring. Advances in neural information processing systems, 28, 370–378.
Kleyko, D., Davies, M., Frady, E. P., Kanerva, P., Kent, S. J.,
Olshausen, B. A., . . . et al. (2021). Vector symbolic architectures as a computing framework for nanoscale hardware.
arXiv preprint arXiv:2106.05268.
Komer, B. (2020). Biologically inspired spatial representation (Unpublished doctoral dissertation). University of
Waterloo.
Krause, A., Singh, A., & Guestrin, C. (2008). Near-optimal
sensor placements in gaussian processes: Theory, efficient
algorithms and empirical studies. Journal of Machine
Learning Research, 9(2).
Loredo, T. (2003). Bayesian adaptive exploration in a
nutshell. Statistical Problems in Particle Physics, Astrophysics, and Cosmology, 1, 162.
Ma, W. J., Beck, J. M., & Pouget, A. (2008). Spiking networks for bayesian inference and choice. Current opinion
in neurobiology, 18(2), 217–222.
Mundy, A. (2017). Real time spaun on spinnaker functional
brain simulation on a massively-parallel computer architecture. The University of Manchester (United Kingdom).
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Abstract

Knowledge-Level Diversity

Intuitively, adding uninformed individuals to a group should
undermine group efficiency, as they create coordination costs
while lacking the expertise to meaningfully contribute.
However, uninformed individuals may be able to overcome
deadlocks in otherwise polarized groups by heightening
conformity pressures. Modeling group members’ decision
making using a sequential sampling model based on Decision
Field Theory (DFT: Busemeyer & Townsend, 1993), we
present an existence proof of how ignorance can, in contrast
to intuition and prominent economic accounts, facilitate
improved group decision making. The implications of these
findings for cognitive science, organizational behavior, and
social impact are discussed.

Another less-studied form of group diversity lies in the
depth of knowledge that individuals have relating to the task
at hand. Traditional theory generally posits that a more
informed group should be best positioned to optimize
cooperative performance, and that withholding information
about the task or potential outcomes from group members
should hamper performance1. However, evidence shows that
this might not always be the case.
A recent collective social learning study (Goldstone et al.,
2013) found that groups able to share less information
sometimes had more optimal outcomes in a 15-round
minimal search task than a fully connected group. When the
group’s hidden payoff function was multimodal or “needle”shaped, a less-connected group form (the small-world and
regular lattice structure, respectively) more quickly found
the maximum payoff strategy; when individuals had less
knowledge about each other’s decisions, they were driven to
continue exploring new options rather than to imitate
decisions which might have found only a local maximum
payoff rather than the global peak.
Uninformed individuals were also shown to improve a
polarized group’s decision making in a study on schooling
fish by Couzin et al. (2011), which serves as the primary
inspiration for our own modeling. Couzin et al. trained fish
to have preference for different locations in a food tank
(through classical conditioning with food placement), then
released 6 fish with a weak preference for location A and 5
fish with a strong preference for location B together in the
tank. The fish had to balance the desire to reach their trained
food target with their biological need to school together as
one group; in many cases, the 5 strong-willed B fish were
able to win over the 6 weakly incentivized A fish. However,
adding 5+ unincentivized fish to the school returned control
to A fish, and thus resulted in a more “democratic” path
choice for the school. While this precise result is surely
interesting to researchers of collective animal dynamics, it
also begs the question of collaborative human behavior:
under what conditions can uninformed individuals
improve group decision-making, making knowledgelevel diversity advantageous in group scenarios?

Keywords: agent-based modeling; group decision-making;
ignorance; individual preferences; group conformity

Background
“Two Heads are Better Than One”
Courtroom juries, executive boards, congressional
committees – group decision-making is common across
societal domains. While facilitating group decisions is often
money and time-intensive, it is usually thought worthwhile
due to improved performance by groups compared to even
the best individuals (Laughlin 2006; Hastie, 1986). Groups
display increased transactive memory (Forsyth, 2010),
improved identification of mistakes (Ziller, 1957), and
creation of alternatives that wouldn’t be identified
individually (Watson, 1931).
One mechanism behind this improved collective
performance, often utilized by organizational behaviorists,
is diversity of both expertise and experience (Milliken &
Martins, 1996; Williams & O’Reilly, 1998, Simons, 1999).
Give a manager a team of two engineers, an accountant, and
a marketing specialist and they’ll end up with a product
more developed and profitable than a team of 4 engineers
alone. Create a workgroup of individuals from different
cultural backgrounds and they’ll utilize broader problemsolving methods than a homogeneous group. This is
consistent with the traditional economic belief that decisions
are improved by providing additional information or
experience to the decision-maker, to be rationally factored
into their decision process.
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1 This trend does not always apply in non-cooperative group
situations, where effects like the wisdom of crowds can be
weakened by socialization (Lorenz, 2011), but otherwise holds.
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While humans aren’t intrinsically pulled toward
homogenous group behavior as strongly as fish, a core
component when applying this decision task to a polarized
human group is the tension between a decision maker’s
individual preferences and the group norms that they
observe. If I initially strongly prefer one outcome, but the
rest of my group prefers another, which outcome will I
endorse? How much “peer pressure” can my internal
preference withstand? This previously studied tradeoff
between conformity and individualism (Golman et al., 2021)
doesn’t impact uninformed individuals lacking an individual
preference, who only have a group cohesion motive to
follow. Pressures toward group cohesion can be so powerful
that groups sometimes unanimously endorse outcomes that
no individual member supports, as in cases of pluralistic
ignorance (Kats & Allport, 1931), or succumb to other
unhealthy group dynamics such as groupthink (Baron,
2005). The inclusion of uninformed individuals can create
pressures toward cohesion rather than individual preference,
allowing a polarized group to both more often and more
quickly come to a consensus but perhaps also inviting in
these group performance errors.

The agents’ location over time is impacted by two factors:
their initial bias, and the current information they hold. The
agent group is composed of NA agents initially biased
toward target outcome A (and colored a corresponding red),
NB agents initially biased toward target outcome B (colored
blue), and NZ “uninformed” agents unbiased toward either
target (green). Figure 1 displays a trial in which all 3 groups
have 8 agents. The agents hold their initial bias with
strength λ, which signifies the proportion of their decisions
that are driven by the initial bias. In this model, all agents
biased toward the same outcome target also share the same
bias strength, called λA for A-biased individuals and λB for
B-biased individuals (note that λZ = 0 because the
uninformed individuals don’t have any bias upon which to
designate a strength).
The current information γ that an agent holds exists
within 5 stepwise options, ranging from -1 (providing strong
support for outcome A) to 1 (providing strong support for
outcome B). An agent’s γ changes over time through a
sequential sampling method explained further in Model
Process, but its initial value corresponds with the agent’s
initial bias: NA agents start with γ = -1, NB have γ = 1, and
NZ have γ = 02.
While not necessarily true for all analyses that could be
done with this model, in our explored base case N A = NB
and λA = λB; that is, our polarized group is evenly split
between individuals preferring outcome A and outcome B,
and all informed individuals hold the same strength of initial
preference (model adaptations where these assumptions do
not apply are discussed in Future Work).

Modeling
We developed an interactive NetLogo agent-based model
where uninformed individuals are added into a polarized
group choosing between two outcomes in a decision space.

Model Setup
Figure 1 shows this simulation option space, represented by
a 2-dimensional area of size 32 units x 32 units and centered
on (0,16). At (-8,16) and (8,16) lie two square outcome
targets, A (red) and B (blue) respectively. At any point in
time, an agent’s location (ρxi, ρyi) represents their preference
between outcomes A and B; an agent directly on top of
target A at (-8,16) prefers A with 100% certainty, while an
agent located halfway between the targets is indifferent to
the outcomes. The agents begin the simulation at a random
location in this decision space.

Model Process
Each time period in the model involves two steps enacted by
all agents in unison: information updating, and moving.
Information Updating In this step, an agent’s current
information γ is updated either through reinforcement of
their initial bias or through weighted random sampling of
another individual in the group. This step signifies the
aforementioned tension between individual preferences and
pressures to conform to social norms, and the unknown or
stochastic process used to reconcile this tension is
represented through sequential sampling based on Decision
Field Theory (Busemeyer & Townsend, 1993). With
probability lambda, the agents reinforce their own initial
bias by changing their current information γ by one step of
0.5 toward their biased target, if possible. For example an
A-bias individual would update their γ from 0 to -0.5, but a
B-biased individual with a γ at the maximum of 1 would
keep γ = 1. Note that uninformed individuals with γZ = 0
will never follow an initial bias, thus relying solely on group
cues to update their preference.
The second preference updating method, through group
sampling, represents an individual’s willingness to conform
2 These neutral agents have both no current information and no
initial bias, hence their label as “uninformed” rather than simply
“unbiased” (the agents still exhibit biases in social sampling,
elaborated in Model Process).

Figure 1: the simulation decision space, centered on (0,16)
with red outcome target A at (-8,16) and blue outcome
target B at (8,16). Displayed is a trial with 24 agents.
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or be swayed by other group members’ views. With
probability (1- γ), agents use a weighted random sampling
method to choose one other individual and adapt by 1 step
toward that individual’s current information γ; consider this
analogous to holding a conversation with another group
member and being swayed by some of the evidence they
have. The sampling weight corresponds to each agent’s
“neighbor count”, or the number of other agents within 3
units of their preference location3. This weighting represents
information amplification through social networks, or
placing more trust in an individual’s credibility due to the
commonality of their opinion4.
Thus each time period, an agent’s γ is either updated
through their own initial preference or the influence of
another group member. Figure 2 shows an example path of
three agents’ γ over time: one initially A-biased individual
who starts at γ = -1, one B-biased individual who starts at γ
= 1, and one uninformed individual at γ = 0.

Consensus Conditions This model utilizes a strict
definition of consensus where all agents must cluster within
a 5x5 area on the 32x32 unit decision space. If this occurs
with the average agent location to the left of x=-6, this is
considered a win for option A and if the average agent
location is to the right of x = 6, it is a win for option B;
agents can hypothetically come to a “no win” consensus
between the two areas, but this was extremely uncommon
and likely due to noise. If agents don’t achieve consensus
within 200 time periods, the trial is ruled “no consensus”.

Model Outcomes
Testing of this model was replicated with two group sizes: a
“small group” with NA = NB = 6 agents, and a “large group”
with NA = NB = 20 agents5. For each group size, 500
simulation trials were completed at every combination level6
of 20 <= λ <= 50 and 0 <= NZ <= 3NA. Outcomes of
interest include the proportion of trials at a given λ and NZ
which resulted in a consensus outcome7, and the average
speed of consensus (measured in number of time periods) in
those cases. The latter excludes “non-consensus” cases,
which the data coded as speed = 200 time periods, to
partially control for interactions between ability to reach
consensus and consensus speed. We will first display results
for the small group, then explore differences between small
and large groups at the end of the Outcomes section.

Visualizing Main Effects: Bias Strength
Unsurprisingly, both a group’s ability to come to a
consensus and speed of reaching consensus are highly
reliant on the strength of initial bias the informed members
hold. Figures 3 and 4 on the following page show this
reliance, with higher strengths of initial bias λ generally
correlating with a lower likelihood of coming to a consensus
and slower speed of consensus. Interestingly, these effects
occur at different places along the λ scale – speed of
consensus shows a smooth logistic trend from 20 to 50,
while likelihood of reaching consensus doesn’t begin to
diverge from 100% until λ > 35.

Figure 2: Each time period, the agents’ γ values are updated
by a step of 0.5 either toward their initial bias (Target A = 1, Target B = 1) or through influence from another
individual. When an agent has γ <0 for a certain time period
they will move toward target A, or target B if γ >0.
Moving Once all agents have updated their current
information variable γ, they all take a movement step in
unison based on that value. If γi < 0 then agent i will turn to
face target A, and if γj > 0 then agent j will turn to face
target B; both agents will then move forward 1 unit. If an
agent has γ = 0, they will not move at all during that time
period. With a now-updated location in the decision space
(representing the agent’s current outcome preference), the
agents return to the information updating step and repeat the
process until consensus is reached.

5 Additional group sizes were explored and showed little
variability in outcomes (with incremental impacts on effect sizes
when adding/subtracting agents), resulting in the authors’ choice to
fully test and analyze the two listed group sizes.
6 Early testing found that quick consensus was always reached
when λ < 20 and never reached within 200 time periods when λ >
50, regardless of incorporation of uninformed individuals.
7 The model defines success as a trial reaching any option
consensus for proof of concept, but the model can be altered to
define success as a particular outcome (elaborated in Discussion).

3

Increasing the neighbor radius (values up to 6 were tested) did
not significantly impact outcomes.
4 Replacement of “popularity weighting” in the model with
democratic random sampling caused no significant change in the
group’s ability to come to a consensus, but slightly slowed the
speed of consensus-making. The weighting method calls on social
opinion modeling (Castellano, 2009).
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Figure 3: Controlling for number of uninformed individuals,
increasing the informed individuals’ initial bias strength
decreases the group’s ability to reach a consensus.

Figure 6: Controlling for initial bias strength, increasing the
number of uninformed individuals added to a group of 12
polarized informed agents decreased the time needed for the
group to reach consensus (among trials where consensus
was reached in less than 200 time periods).
An interesting feature of Figure 6 is the slowing of
consensus speed with just one or two uninformed
individuals compared to zero, followed by an increase in
efficiency with 3 or more uninformed compared to a purely
polarized group, which will be elaborated in the Discussion
section.
Both data trends fit well to a quadratic function of NZ,
regression information for which is below in Tables 1 and 2.
Table 1: Quadratic Model of Probability of Consensus based
on Number of Uninformed Agents (adj R2 = 0.9546)

Figure 4: Controlling for number of uninformed individuals,
increasing the informed individuals’ initial bias strength
increases the time needed to reach consensus.

Coeff
Intercept
N Z2
NZ

Visualizing Main Effects: Uninformed Individuals
The true manipulation of interest with this data controls for
bias strength and varies the number of uninformed agents in
a group. The impact of manipulating NZ seen in Figure 5
and 6 is less strong but still evident; Increasing the number
of uninformed agents in the group makes the group both
more likely to reach consensus and decreases the number
of time periods needed to reach that consensus.

Estimate Std. Error
0.733 -3.321e-03
-3.423e-04 4.587e-05
1.019e-02 8.554e-04

t value Pr(>|t|)
220.852
<2e-16
-7.462 1.35e-06
11.917 2.27e-09

Table 2: Quadratic Model of Time Periods Until Consensus
based on Number of Uninformed Agents (adj R2 = 0.9098)
Coeff
Intercept
N Z2
NZ

Estimate Std. Error
74.067
0.465
0.018
0.006
-0.742
0.120

t value Pr(>|t|)
159.212
<2e-16
2.828
0.0121
-6.195 1.28e-05

A helpful point comparison from this data is between the
purely polarized group with zero uninformed individuals
and a group with 6 uninformed individuals (equivalent to
one polarized subgroup, thus consisting 33% of total group
size). In this model, adding 6 uninformed agents increases
the group’s probability of consensus by 6.5% (from 72.2%
to 78.7%) and decreases the number of time periods needed
for consensus by 2.5 (from 72.8 to 70.3). With 15,500 total
trials run at each NZ level, these differences are both
statistically significant at the 0.001 level.

Figure 5: Controlling for strength of initial bias, increasing
the number of uninformed agents added to a group of 12
informed agents, split evenly between a bias for Target A
and Target B, increased the group’s likelihood of coming to
a consensus within 200 time periods.
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Interactions of Bias and Group Size
Combining these two manipulated variables was also
explored for interaction effects on probability and speed of
consensus. For both outcomes, we conducted an Akaike
Information Criterion comparison of fit between first- and
second-degree polynomial functions based on NZ and λ.
Both AIC analyses show that a quadratic function is best fit
to the data. The chosen quadratic models are elaborated in
Tables 3 and 4, both showing significance of the interaction
term8.
Table 3: Quadratic Regression Model for Probability of
Consensus
Coeff

Estimate

Intercept
N Z2
λ2
NZ
λ
NZ*λ

-0.932
-3.423e-04
-2.513e-03
-5.261e-03
0.141
4.416e-04

Std.
t Pr(>|t|)
Error value
5.98e-02 -15.6
<2e-16
1.250e-04
-2.7
0.006
4.676e-05 -53.7
<2e-16
3.337e-03
-1.6
0.115
3.351e-03 42.2
<2e-16
6.820e-05
6.5 2.01e-10

Figure 7: Increasing the number of uninformed agents to a
group of 40 polarized agents increases the group’s
probability of consensus in a model fit by a quadratic curve
(adj R2 = 0.9753).

***
**
***

Figure 8 shows the biggest departure from small-group
trends, as the negative correlation between number of
uninformed agents and time periods needed for consensus
has nearly vanished. A quadratic model fit to this data only
has an R2 of 0.2274.

***
***

Table 4: Quadratic Regression Model for Consensus Speed,
Measured in Number of Trials Needed for Consensus
Coefficient Estimate
Intercept
N Z2
λ2
NZ
λ
NZ*λ

37.413
0.027
0.089
-0.381
-2.256
-0.016

Std.
Error
5.954
0.012
0.005
0.332
0.334
0.007

t value

Pr(>|t|)

6.283 6.49e-10 ***
2.187
0.029 *
19.140
<2e-16 ***
-1.148
0.251
-6.761 3.34e-11 ***
-2.358
0.019 *

Effects of Group Size
Data gathered from the large group, with NA = NB = 20
individuals and NZ ranging from 0 to 60, diverges in a
couple meaningful ways from the small group. The large
group’s probability of consensus based on number of
uninformed agents, seen in Figure 7, follows a similar shape
as the small group but the impacts of each additional
uninformed individual are diminished, and adding N A
uninformed individuals (now 20) only increases the group’s
likelihood of consensus by 3% compared to the small
group’s 6.5% from the inclusion of 6 uninformed
individuals.

Figure 8: Increasing the number of uninformed agents to a
group of 40 polarized agents shows a weakly decreasing
trend in number of time periods needed to reach consensus.

Discussion & Future Work
This data offers preliminary support for the existence of
positive utility of uninformed individuals in polarized group
scenarios, contrary to common belief and practice.
Intuitively, adding many uninformed individuals to a
polarized group should introduce additional noise into the
group’s decision making and decrease their likelihood and
speed of consensus. This model definitively shows the
opposite: adding uninformed individuals to a group
increases their likelihood and speed of overcoming
polarization to reach a consensus. Figures 5 and 6
illustrate the main effect of uninformed member inclusion
toward these outcomes when added to a group of 12
polarized agents.

8

While we find statistical significance, significance is a function
of sample size (here 589 simulated combinations of NZ and λ) thus
the effect size, particularly in applied environments, is uncertain
and relies heavily on group size and operationalization of bias
strength.
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Figure 6 also offers a potential explanation to why these
results seen unintuitive; indeed, most people can recount an
experience where bringing an uninformed individual into a
group task at work or school seemed to hinder the decisionmaking process. This data lends support to that experience,
as adding the first and second uninformed individual to a
group of 12 slowed the group’s consensus-gathering ability,
while the addition of 3+ uninformed individuals (25% of the
informed group) speeds up consensus-gathering relative to a
group with no uninformed individuals. Finding the realworld threshold for this flipped directional effect could be
critical in further supporting this theory of decision-making
and its broad applicability.
The effect of group size on the utility of these uninformed
individuals is another result of interest – the large group
sees a dampened impact of uninformed individuals in
increasing consensus likelihood, and almost completely
loses the impact on consensus speed found with the small
group (which is reasonable considering a larger group’s
increased number of possible connections and conversations
for sharing information). Extending this trend in the other
direction might imply that a smaller group (say, with only 3
individuals on each side of a polarized issue) would benefit
even further from the addition of uninformed members.
Of course, as useful as simulations can be to map out the
space of possible outcomes and generate hypotheses, all
findings suggested by these simulations will need to be
confirmed with empirical testing of human participants9.
The model’s basis in proven cognitive mechanisms such as
sequential sampling for preference updating and tradeoffs
between individual biases and group conformity desires
(Golman et al., 2021; Kats & Allport, 1931) solidify our
confidence in its plausibility of application across domains.
For example, one possible application of this model is in the
optimal composition of productive workgroups. If a firm
budgets for 20 individuals in a focus group, should that
group be made up of solely informed and biased individuals
or would results be improved by the inclusion of 2, 5, or 10
uninformed individuals?
Another application of these results that can’t escape our
attention is in the realm of political polarization. Thomas
Jefferson once said “a properly functioning democracy
depends on an informed electorate”, and this sentiment has
persisted into the modern political landscape. Yet despite
the immense amount of information and educational
materials now at our fingertips, America is the most
polarized it’s been in decades (Carothers & O’Donohue,
2019). This polarization leads to inconsistent policy with
often worse outcomes than any individual choice (Baker,
Bloom, & Davis, 2016). Thus, although many proposed
interventions to overcome the 'polarization crisis' in modern
politics involve voter education, our preliminary results
suggest that the boundary conditions and assumptions
underlying these efforts should be explored, as situations
may exist where the presence of less informed individuals

serves to lubricate the gears of consensus building in groups
and society. While uninformed individuals might not be
able to overcome the most extreme polarization (in our
model, no number of uninformed agents could overcome an
initial bias strength of λ = 50) or extremely loud or noisy
groups, in more mild or smaller cases of polarization
uninformed agents could potentially promote consistency
and consensus. Of course, there are many obvious benefits
to voter education, and we do not mean to suggest that such
initiatives are inherently problematic; rather our results
suggest a nuanced approach to designing voter education
initiatives so as to avoid negative externalities.
Beyond the existence proof of the benefits of adding
uninformed individuals to a group, this NetLogo model was
built with a modular framework to facilitate adaptation to
scenarios of varying group parameters, upon which similar
data analysis can be completed and confirmed with human
subjects. One promising application involves defining utility
values for outcomes such that there exists an optimal
outcome choice (rather than success being defined simply as
coming to any consensus). We believe that results will be
largely similar, as model mechanisms facilitate choosing an
optimal outcome in the likely case where a majority of
agents do have accurate information with which to sway the
uninformed agents; of course there may also be opposite
situations where a misinformed majority (through
perceptual or media biases) leads to a suboptimal outcome
choice. Additionally, informed subgroups could have
unbalanced group sizes NA and NB, or differences in initial
preference strength. The model can be adapted to
environments with more than 2 outcome targets, or many
different groups of informed individuals with varying
preference strength. Expansion upon these alternative
decision frameworks could cement the domain of
knowledge-level diversity and the utility of uninformed
individuals in group decision making as one of immense
opportunity for future exploration.
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Abstract

entire duration of the task, while the probe-caught method
only necessitates an introspective query at the onset of the
probe.
Focused attention meditation (FA) is a subset of meditation
tasks that evoke the self-caught method. FA encourages
practitioners to train an awareness of internal contents as well
as effective control of their own minds (Lutz, Slagter, Dunne,
& Davidson, 2008). Participants are directed to pay attention
to a target object, often their breath, and indicate via a
response (e.g. button press) when they notice attention is no
longer on the correct target. Once noted, participants reorient
attention away from the off-task stimuli back to the target of
FA. The button press indicates the moment at which
participants become aware of the internal contents of their
mind after a period of unawareness. This period before the
button press is often described as an attentional lapse, in
which participants experience a shift in attention away from
the target without volition. Thus, mind wandering during FA
is characterized by an unintentional shift from on-task to offtask internal content.
Unintentional mind wandering has been conceptualized as
a failure of cognitive control (Mcvay & Kane, 2010).
Cognitive control can be defined as a method for
manipulating behavior to achieve some end (Botvinick,
Braver, Barch, Carter, & Cohen, 2001; Miller & Cohen,
2001), particularly ends with adaptive benefit beyond simple
reinforcement. The process that determines how control
signals are implemented has been debated (Esterman &
Rothlein, 2019). One prominent theory (Shenhav, Botvinick,
& Cohen, 2013) suggests that control signal specification is
the result of a cost benefit analysis that weighs the costs of
implementing various signals and intensities against their
predicted rewards. According to this framework, the
opportunity cost of applying control to the task at hand is
compared to the value of engaging in nearby available tasks.
A mind wandering event is initiated when the value of
another task / thought exceeds the rewards generated from
control in the current task (e.g. Agrawal, Mattar, Cohen, &
Daw, 2021; Kurzban, Duckworth, Kable, & Myers, 2013;
Shepherd, 2019).
Considering these perspectives, we outline a model in
which the transition to mind wandering, specifically during
tasks where mind wandering is undesirable, results from the
functional lapse of a top-down supervisory attention network

Why does the mind wander? Recent theoretical models suggest
mental content depends on a calculation that measures the
expected rewards gained from the current task compared to
other cognitive tasks and procedures. In Focused Attention
Meditation (FA), participants practice attentional control by
maintaining attention to an internal stimulus. Throughout the
task, attentional lapses occur, in which there is an abrupt shift
to mind wandering. We propose a model that formalizes
attentional lapses as the interaction between a controller that
boosts attentional resources to a target according to expected
value calculations and a metacognitive monitoring procedure
that stochastically observes internal contents. The model is
applied to explain individual variation in button press data on
an FA meditation task.
Keywords: mind wandering; sustained attention; meditation;
control; metacognitive monitoring; lapse; computational
model

Introduction
Minds tend to wander. These meanderings can be positive, as
in the case when a particular train of thought synthesizes
disparate concepts and produces a burst of creative insight.
At other times, they can be negative, like when the
occurrence of mind wandering during a lecture prevents a
critical piece of information from being understood.
Sometimes it feels like we can direct thought, and sometimes
it feels like the mind rambles on its own accord. Recently,
mind wandering has been studied in an effort to distinguish
cognition that can be controlled versus cognition that
seemingly occurs without intention (Seli, Risko, Smilek, &
Schacter, 2016).
Mind wandering is operationalized in a lab setting as taskunrelated thought (TUT), where internal contents of mind are
subjectively determined to be unrelated to task stimuli
(Murray, Krasich, Schooler, & Seli, 2020). To identify the
frequency of TUTs, two methods are commonly employed.
The first technique involves thought probes, in which
participants perform a task and report what they are thinking
about when intermittently probed (i.e. the probe-caught
method). In the second technique, the self-caught method,
participants continuously monitor their own minds for offtask episodes and indicate when they believe these events
have occurred. The self-caught method requires that
participants keep track of the contents of their mind for the
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according to expected value calculations. To remain on task,
this supervisory system executes a particular subset of control
signals, which include selecting the appropriate task schema
(a set of input/output rules), suppling necessary activation to
them, inhibiting irrelevant schemas, and monitoring overall
task performance (Shallice & Burgess, 1996; Stuss, Shallice,
Alexander, & Picton, 1995). In FA, this corresponds to
coordinating attentional shifts that maintain the meditation
schema through the continuous assignment of salience to the
target stimulus, inhibiting mind wandering, and monitoring
internal contents to ensure that attention is sufficiently on
breath. In the absence of these supervisory control signals,
mental content transitions to internal representations and
procedures that potentially yield more reward. A lapse can
therefore be defined as a certain period of time without
supervisory attentional control. The present model
incorporates this perspective with previous models of
attentional lapses.

to the availability of attentional resources. Lastly, we use our
model to predict individual variation on an FA task.

Model Components
In this section we describe the components of a process
model representing an FA task.

The System, D
Control theory proposes a general framework for mapping
dynamical systems to desired states, typically balancing error
against an optimal solution. We consider the brain to be a
dynamical system, D, with a supervisory attention system
functioning as a controller that can manipulate internal
cognitive processes. While the application of control theory
is prevalent in many models of cognition (Madhav & Cowan,
2020; Pezzulo & Castelfranchi, 2009; Wolpert &
Ghahramani, 2004), it has only recently been discussed in
models of attentional control (Wilterson & Graziano, 2021).
Importantly, the control we discuss here is metacognitive
control, dissociable from other automatic correction
procedures (e.g. eye saccades to task-relevant stimuli) that
operate without the explicit representation of internal mental
contents (Lyons & Zelazo, 2011; Schooler, 2002).
We suggest that there are two continuous states during FA
meditation, one in which participants are on task, associated
with attention to a target (e.g. breath), and another where they
are off task, a state in which attention is not on the target. The
off-task state is described as mind wandering, an exploratory,
default function that initiates in the absence of an explicit task
goal. We propose that, during meditation, internal contents
are always pulled towards mind wandering, which functions
as an attractor state, due to an implicit calculation that
considers the value of maintaining attention on breath against
the value of exploring some new internal or external stimulus.
We codify this interaction in the form of a drift diffusion
model, in which participants begin on task, but gradually
evolve towards a mind wandering, off-task state. At any
moment during an FA task, the state of the system, 𝑠𝑡 , can be
defined as the amount of resources allocated to the target of
attention, or a value that corresponds to the level to which a
participant is on task:

Previous Models of Attentional Lapses
Attentional lapses and mind wandering have been commonly
explored when monitoring external stimuli (Dux & Marois,
2009; Langner & Eickhoff, 2013). In one such task, the
SART, attentional lapses are defined as the frequency of
misses, or when participants fail to identify a target stimulus
(e.g. the number 3) presented in a sequence of non-targets
(e.g. random numbers from 1-10; Robertson, Manly,
Andrade, Baddeley, & Yiend, 1997). Previous models focus
on replicating response time and accuracy of target vs. nontarget stimuli (Gunzelmann, Gross, Gluck, & Dinges, 2009;
Vugt, Taatgen, Sackur, & Bastian, 2015).
While theoretical aspects of these models are transferable
to meditation, models based on external stimuli may not
entirely represent mind wandering when performance
depends on meta-perceptions and continuous monitoring of
internal stimuli. Despite the recent call advocating for
computational models of meditation (van Vugt, Moye, &
Sivakumar, 2019), only one model exists (Moye & van Vugt,
2021), although theoretical process models of FA have been
previously proposed (Vago & Silbersweig, 2012). In Moye
and van Vugt (2021), the authors suggest four processes
during FA: continuously remembering to meditate,
maintaining breath stimuli in working memory, recalling
task-unrelated stimuli that conflict with task stimuli, and
remembering to reorient to task when off task. These
processes occur through the interaction of ‘modules’ that
represent distinct brain functions.
Here, we present a computational model that incorporates
this theoretical perspective and builds off of it by further
explaining the computations and attentional processes behind
an attentional lapse. First, we explicitly define control signals
that depend on rational, expected utility calculations. These
calculations predict how much control signal intensity should
be applied on each timestep based on the error produced
through observations of the internal state of the system.
Second, we define the metacognitive monitoring process as a
probability function that samples internal contents according

𝑠𝑡+1 = 𝜆(𝑠𝑡 − 𝑠 ) + 𝜂(0, 𝜎)

(1)

Off task is defined as 𝑠 , the system equilibrium, or a state
of mind wandering. 𝑠𝑡 is largest at the onset of the task and
following a button press, but proceeds to decay towards a
state of mind wandering 𝑠 according to the drift rate . The
drift rate depicts how quickly the system transitions from on
task to off task. Random Gaussian noise [𝜂(0, 𝜎)] produces
stochastic variation on each timestep.

Controller Action
To remain on task, the system exerts a control signal, 𝑏,
which we define as a top-down boost of attentional resources
on the target of attention. A larger signal intensity produces
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larger values of 𝑠𝑡 , corresponding to a state that is more on
task and further away from mind wandering. In the absence
of these boosts, the target of attention will recede according
to the rate of decay, consistent with accounts that implicate
control when trying to remain in a meditative state (Tang,
Holzel, & Posner, 2015).
However, how the brain computes the amount of control
to exert throughout an FA task has remained unexplained. We
propose that the brain conducts a value-based decision to
determine whether more attention should be allocated to the
target of attention on any given timestep (e.g. Shenhav et al.,
2013). At each timestep, the controller calculates the error by
comparing the current state 𝑠𝑡 to an optimal state in which
there is perfect attention to breath, 𝑠 ∗ 𝑡 .
𝐸𝑡 = 𝑠 ∗ 𝑡 − 𝑠𝑡

consistent attention to a target in FA meditation paradigms is
implausible; participants naturally mind wander.
We hypothesize that an attentional lapse during meditation,
behaviorally indicated as a button press, is due to the failure
of a metacognitive monitoring process to properly observe
the state and then apply the necessary control.
Previous work suggests that metacognitive monitoring is
intermittent (Lyons & Zelazo, 2011; Schooler et al., 2011),
but the details of this internal sampling procedure are left
unspecified. We propose that the probability of sampling is a
function of attentional resources, 𝑠𝑡 , and can be defined as:
𝑝(𝑠𝑎𝑚𝑝𝑙𝑒𝑡 ) = 𝑝𝑙𝑜𝑤 +

(2)

(5)

According to our model, larger values of 𝑠𝑡 correspond to
more attentional resources supplied to the target, which in
turn produces better task performance. Similarly, the
metacognitive monitoring function also depends on the
availability of attentional resources, in which larger values of
𝑠𝑡 result in a greater probability of sampling (Figure 1B).
When the system reaches mean on-task equilibrium 𝑠𝜃 , the
probability of sampling on the next timestep is lower than
during periods of optimal performance. A missed sample here
causes the state to drift further off task, and simultaneously
reduces the sampling probability 𝑝(𝑠𝑎𝑚𝑝𝑙𝑒𝑡 ) on the
subsequent timestep. A rapid decrease in sampling
probability can therefore account for abrupt transitions to
mind wandering.
Parameter  defines the slope and 𝑑 expresses the offset of
the sigmoid. In order for participants to indicate that an
attentional lapse has occurred, there must be a non-zero
probability of sampling during mind wandering, supported by
the idea that the supervisory system automatically ‘refreshes’
or samples according to some reoccurring cyclical process
(Robertson et al., 1997). Thus, for all values of 𝑠𝑡 , the
probability of sampling is bounded between 𝑝𝑙𝑜𝑤 and 𝑝𝑢𝑝 to
ensure a non-zero probability even when mind wandering.

We define the intensity of the control signal, 𝑏𝑡 , as a scaled
sigmoid, in which the error term determines the amount of
attentional boost to be applied on the next timestep (Figure
1A).
(𝑏𝑚𝑎𝑥− 𝑏𝑚𝑖𝑛)
(3)
𝑏𝑡 = 𝑏𝑚𝑖𝑛 +
−𝑎(𝐸
−𝑐)
𝑡
1 + (𝑒
)
Thus, as error increases, a larger control signal should be
applied. 𝑏𝑚𝑎𝑥 and 𝑏𝑚𝑖𝑛 correspond to the respective upper
and lower bounds of signal intensity the system can exert. For
the purposes of the present design, we set 𝑏𝑚𝑖𝑛 as 0 and 𝑏𝑚𝑎𝑥
to a signal intensity that boosts 𝑠𝑡 from the mind wandering
equilibrium 𝑠 to a state of optimal performance 𝑠 ∗ 𝑡 .
Larger values of 𝑎 correspond to a steeper slope of the
sigmoid function and the value of 𝑐 changes the point at
which it is determined valuable to begin increasing control
intensity. Larger values of 𝑐 therefore allow greater error to
occur before boosting.
With the additional capability of boosting attention,
participants no longer necessarily drift to a state of mind
wandering, but instead to a state that is subjectively
determined to be on task, given by their unique boost
function. This creates a second equilibrium 𝑠𝜃 in which the
value of control signal intensity is equal to the drift towards
mind wandering:
𝑠𝜃 : 𝑏𝑡 = 𝜆(𝑠𝑡 − 𝑠 )

(𝑝𝑢𝑝− 𝑝𝑙𝑜𝑤)
1 + (𝑒 −𝜔(𝑠𝑡−𝑑) )

(4)

Participants hover around the mean on-task
equilibrium for a majority of the FA task, a state in which
task performance is suboptimal and less than maximum
control is applied continuously. Deviations below this
threshold correspond to distracting external events or
memories that interfere with attention to the target and
diminish task performance (Holzel et al., 2011).

Figure 1: A) The relationship between the value of boosting
and error; B) the relationship between probability of
sampling and attention resources allocated to monitoring.

Meta-cognitive monitoring
According to the current model, participants can maintain
attention on the target indefinitely. However, sustaining
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Model Simulation and Behavioral Comparison
The current model proposes that attentional lapses, indicated
by button presses, can be explained by the relationship
between a metacognitive monitoring procedure and a
controller that boosts attentional resources on a target
representation. In this section, we report an FA experiment
in which we collected button press data from twenty-two
participants and then compare these results to model
simulations. Notably, the behavioral data reported here was
part of a larger fMRI session, but we only discuss the
behavioral data for the purposes of the present paper.

Figure 2: Figure shows group mean and standard deviations
of button press counts and intervals for behavioral and
simulated subjects.

Sustained Attention Monitoring Task
Participants Twenty-two subjects were recruited from the
Princeton University subject pool and the surrounding
Princeton area to participate in a fMRI study investigating the
mechanisms of attention monitoring. Informed consent was
obtained according to procedures approved by the IRB.
Participants were compensated with either course credit or
$40 for their participation, depending on the recruitment
source.
Task Procedure Participants completed a 1-hour scanning
session consisting of four conditions. Each condition was a
306 second (~5 minute) block interleaved throughout the
experiment. In meditation blocks, participants viewed a blank
screen and were instructed to stare at a fixation cross.
Participants were then told to attend to their breath and press
a button if they noticed their mind to have wandered away
from attending to breath. Once noted via button press,
participants were instructed to reorient attention back to
breath. To help remain on task, participants nonverbally
recited “breathe in, breath out,” in sync with their breath.
Instructions and procedures were developed from previous
focused attention meditation tasks (Hasenkamp, WilsonMendenhall, Duncan, & Barsalou, 2012).
All subjects were given a chance to ask questions and
confirmed their understanding before beginning the
experiment. Following the scan, participants answered a
post-task questionnaire in which they evaluated their own
task performance and effort. All participants reported that
they were able to complete the task. Additionally, eye
movement was monitored to ensure wakefulness of all
participants.

Figure 3: Behavioral (A) and simulated (B) button press data
for twenty-two subjects. Button press counts as well as the
means and standard deviations of intervals between button
presses are displayed.

Model Simulation
The goal of model simulations is to explore relationships that
capture comparable statistics of button press count and
intervals recorded in the behavioral data. The model defines
a button press as an event where 𝑠𝑡 is sampled and the value
of 𝑠𝑡 is three standard deviations below mean on-task
performance 𝑠𝜃 . We also condition that the previous timestep
𝑠𝑡−1 not be sampled in order to mimic a mind wandering
event that occurs due to a lapse in metacognitive monitoring.
Mean on-task performance 𝑠𝜃 is calculated by averaging
𝑠𝑡 over 1000 timesteps with perfect monitoring (100%). The
standard deviation of 𝑠𝜃 therefore represents the natural
variation in task performance about the mean in the absence
of attentional lapses.
We simulated 306 timesteps of data, analogous to the 306
second meditation blocks in the FA task design. Figure 4
displays a sample run, whereas Figure 3B reports summary
statistics for twenty-two simulated ‘subjects.’ Parameters of
meta-cognitive monitoring, attentional boost, and the drift
diffusion model were systematically manipulated until
simulated data mimicked the group means and standard
deviations of button press counts and intervals.

Behavioral Results The button press data for twenty-two
subjects was collected over the two 306 second meditation
runs. We considered the time interval between button presses
to be an approximate measure of the time course of
attentional lapses, and thus the total number of presses to
correspond to the frequency of lapses. Across all participants,
we computed the average time interval (M=37.13, SD =
43.54) and number of button presses (M=11.27, SD=4.96).
Figure 3 reports the data for each subject.
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The focus of the comparison between behavioral data and
model simulation was not to identify precise relationships
between monitoring and the value of boosting, but instead to
explore how adjusting model parameters could explain
variations in subject behavioral data. Notably, many
combinations of parameter values can potentially yield these
means and standard deviations.

intensities, resulting in a lower mean on-task equilibrium, and
values of 𝑠𝑡 that are generally closer to mind wandering. If
both control and monitoring functions are constant, and
instead the drift rate 𝜆 is decreased, 𝑠𝑡 will drift towards mind
wandering at a quicker rate. A timestep without
metacognitive monitoring is more detrimental in this case, as
there is a greater chance it will result in an attentional lapse,
ultimately producing more button presses throughout the
meditation run.
We can then apply the same logic to explain fewer button
presses. Smaller values of metacognitive monitoring
parameter 𝑑 correspond to timesteps in which the state is
sampled and consequently, control applied. Better
monitoring here suggests that there is greater probability of
internally sampling, even as mental contents drift further
towards mind wandering. As a result, fewer lapse events
occur and more time is spent on task. Applying more control
by decreasing 𝑐 will also result in fewer button presses, as
little error is allowed before applying more attentional boost,
moving the on-task equilibrium closer to optimal
performance. Additionally, fewer button presses can be
observed if 𝑐 is drastically increased in the opposite direction.
That is, if participants don’t care to apply any control,
essentially deciding not to engage with the task, they will
remain in a mind wandering state for the majority of the task,
producing few or no button presses. Lastly, less propensity to
drift towards mind wandering, denoted as an increase in 𝜆
may also explain fewer button presses.

Figure 4: One 306 second simulated run of an FA task. 𝑠𝑡
represents the amount of attentional resources allocated to
breath, providing a measure of the extent to which a subject
is on task. Following task onset and subsequent button
presses, 𝑠𝑡 decays to a mind wandering state, 𝑠 . A control
signal is applied to remain on task, creating a mean on-task
equilibrium 𝑠𝜃 . In the absence of metacognitive monitoring,
no control is applied, and 𝑠𝑡 drifts towards mind wandering.
Once mind wandering is observed, a corrective control signal
is applied to reorient attention back to the target.

Behavioral Predictions
To identify the effect of each free parameter (𝑐, 𝑑, 𝜆) on
button press counts and intervals, one parameter was
manipulated while the others held constant (Figure 5). Free
parameters were selected to maximize the interpretability of
the model, such that smaller parameter values of 𝑐, 𝑑, 𝜆,
correspond to increased monitoring, increased boosting, and
greater propensity to drift towards mind wandering,
respectively. Button press counts and time intervals were
observed for each parameter manipulation, and we interpret
the relationships below.

Figure 5: Figure compares mean and standard deviation
button press counts and intervals across 22 simulated
subjects when each free parameter (𝑐, 𝑑, 𝜆) is manipulated
independently.  Param describes the amount each
parameter was manipulated. Parameter values for model
simulation: 𝑐=9.7, 𝑑=10, 𝜔=1, 𝑎=1, 𝑏𝑚𝑖𝑛=0, 𝑏𝑚𝑎𝑥 =17,
𝑝𝑙𝑜𝑤 =.4, 𝑝𝑢𝑝 =1, 𝜆=.85, 𝑠 =3, 𝑠 ∗ 𝑡=20, 𝑠𝜃 =10.25, 𝜎=.5

Button Presses The model proposes a couple of potential
explanations for a high number of button presses during a five
minute meditation run. The first is that participants who
rarely press the button monitor internal contents less
frequently, and as a result drift towards mind wandering more
often. Our model accounts for this by increasing the value of
the monitoring parameter 𝑑, or decreasing the probability of
sampling at larger values of 𝑠𝑡 . Similarly, more button
presses are generated when less control is applied. By
moderately increasing parameter 𝑐 of the control function,
more error is incurred before applying larger control signal

Other model predictions Besides button press and interval
data, the model affords other theoretical predictions.
Thought probe experiments report that participants mind
wander at rates up to 50% (Seli, Carriere, Levene, & Smilek,
2013). However, such tasks typically do not require
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monitoring of internal contents, and instead only induce an
internal sample at the time of the probe. When remaining on
task is an explicit goal, as in self caught methodologies, we
would expect participants to remain on task for nearly the
entire duration, with off-task periods only occurring during
lapses. Our model calculates the on-task percentage as the
amount of time 𝑠𝑡 is above the mind wandering threshold
(𝑠𝜃 − 3𝜎 ). On average, simulated subjects are on task for
92% of the 5-minute run, and are therefore mind wandering
due to an attentional lapse 8% of the time. Additionally, we
can examine the percentage of time spent monitoring by
extracting number of timesteps where 𝑠𝑡 is sampled.
According to our model, to produce an average of 92% ontask performance across simulated subjects, sampling must
occur 81% of the 5-minute run. Notably, a missed sample can
happen while on task, without necessarily inducing a lapse.
A percentage of 81% therefore represents general
fluctuations in the monitoring procedure in addition the failed
monitoring sequences that produce lapses.
Our model can also predict the number of timesteps that a
subject spends mind wandering prior to a button press.
Behavioral evidence supports that this time period is brief,
with subjects almost immediately recognizing when mind
wandering has occurred. We calculate this value by summing
the number of timesteps greater than three standard
deviations prior to an attentional lapse event. Simulations
yielded an average of 2.18 timesteps spent mind wandering
before button press.
Lastly, our model predicts how participants recover from
mind wandering as well as the degree to which participants
adjust attention following a lapse event. This re-initiation or
reorienting to the task following mind wandering cannot be
explored through behavioral data, but may be observable in
neural control regions that adjust control based on error
calculations.

The previous model of FA (Moye & van Vugt, 2021) did
not model meditation data, yet did speculate on how
meditation performance might improve with training of
attention control. Through simulations of their model, they
found that after 18 hours of 5-minute meditation runs, near
optimal on-task performance could be achieved. Extensions
of our model can also test predictions about meditation ability
through examining how metacognitive monitoring and
unique control functions contribute to better performance. A
hallmark of meditation expertise is the phenomenological
experience of less effort needed in order to remain focused
for long durations (Lutz et al., 2008). One possible
explanation for this finding is that expert meditators train
their minds to remain in a meditative state. In our framework,
this is analogous to increasing 𝜆, or decreasing the rate at
which participants drift off task. To increase meditation
performance, increased monitoring may initially be required
to ensure that the automatic procedure, mind wandering, is
not employed. Over time though, it is possible that less
supervisory monitoring and control are required to achieve
equal levels of task performance. The initial effortful
experience may be the result of the large amount of
continuous control initially required by the top down system,
which decreases as meditators train a new a default brain state
in the meditative context.
A previous work by Shepherd (2019) suggests that shifts to
mind wandering are initiated by an executive control system,
contrary to the hypothesis that mind wandering is a failure of
executive control. While our model proposes lapses are due
to a supervisory system, it’s possible that these accounts can
be tested by comparing activations of our model to
activations of networks and regions implicated in control
during meditation. For example, empirical evidence supports
two anti-correlated networks in the brain: one ‘default mode’
network (DMN) active during mind wandering, and a group
of task positive attention networks that execute task related
procedures (Corbetta and Shulman 2002, Fox, Snyder et al.
2005). Given these relationships, we would expect to see a
decrease in activation of attention networks related to
supervisory attention and increased activation of the DMN
immediately prior to a button press (Malinowski, 2013; Tops,
Boksem, Quirin, IJzerman, & Koole, 2014). We can observe
these relationships by comparing extracted activations from
different manipulations of model parameters. Our model will
ideally contribute to testing predictions of the neural
mechanisms responsible for shifts in brain states during FA
in addition to providing unique hypotheses about meditation
training and individual button press variation.

Discussion
This paper outlines a model that aims to explain subject-level
variation in button press data. We propose that subjective
determinations of mind wandering are a result of (1) control
that boosts attentional resources to a target and (2) a
metacognitive monitoring procedure that stochastically
observes internal contents. Button presses indicate selfreported attentional lapses, which are modeled as a
metacognitive sample of the state following consecutive
timesteps of mind wandering.
The model provides theoretical insight onto button press
variation in FA tasks. More button presses can be explained
by worse metacognitive monitoring or less control applied to
maintain an on-task state. It’s also possible that more
attentional lapses are not due to the interaction of top down
control network functions, but instead due to a high value for
exploratory cognition, or more drift toward mind wandering.
Conversely, less button presses may be due to better
monitoring of internal contents or a result of inadequate task
engagement, such that participants apply little control and
instead mind wander for a majority of the meditation run.
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Abstract

Although individuals can approach these asymptotes at different rates, the general shape of learning across individuals
remains the same.
However, reasoning about exponential functions is notoriously difficult. In seminal work, Wagenaar and Sagaria
(1975) showed that people tend to “linearize” observations
that actually are generated by exponential functions. This is
true not only when people have to extrapolate from a few data
points presented numerically, but also when data is presented
graphically (Wagenaar & Sagaria, 1975), or in contexts of visual storytelling (e.g., watching a pond fill up with duckweed
and predicting the amount of time left before the whole pond
is covered; Wagenaar & Timmers, 1978). Even in more consequential, real-world situations, like planning for long-term
financial investments, people believe that the growth of their
savings is linear when it is exponential, and they misestimate
how much to invest (known as the “exponential growth bias”,
see Mckenzie & Liersch, 2011; Stango & Zinman, 2009). Although it has been well documented that people have trouble reasoning about exponential functions in a wide variety
of domains (e.g., financial decisions in Mckenzie & Liersch,
2011, and Covid-19 growth forecasting in Lammers, Crusius,
& Gast, 2020, Hutzler et al., 2021), we know surprisingly
little about people’s exponential reasoning in the domain of
learning.
When it comes to intuitions about our own and others’
learning, often known as “metacognition,” past work has primarily focused on single item or single time point predictions, and not the shape of learning over time. One line
of work focuses on people’s judgements of learning specific items before a test (see Finn & Metcalfe, 2008, 2014;
Richardson, Sheskin, & Keil, 2021). For instance, Finn and
Metcalfe (2008) found that college students were more accurate at judging which specific cue-target word-pairs they
would remember after repeated exposure. Importantly, this
literature has shown that metacognition impacts actual learning — accurate representations of learning individual items
leads people to hone in on areas that need the most attention (Thiede, Anderson, & Therriault, 2003; Son & Metcalfe,
2005; Metcalfe & Finn, 2008; Son & Sethi, 2010). Another
line of research in metacognition concerns people’s broad intuitions about learning particular subjects (see Keil, Lockhart, & Schlegel, 2010; Letourneau & Sobel, 2020; Lockhart, Goddu, & Keil, 2021). For example, to understand what
children think learning means, Letourneau and Sobel (2020)
asked four- to eight-year-old children open-ended questions,
such as “Can you think of something that you have learned?”

Skill learning usually unfolds exponentially — we improve
rapidly early on, and then performance levels off. However, we
do not know whether people’s representations of skill learning
accurately reflect this fact. Here, we asked people to predict
the learning trajectory for a novel visuomotor task, “Lollitoss.”
First, we established that skill learning unfolds exponentially
on Lollitoss (Exp. 1). Across two experiments probing people’s trial-by-trial predictions of learning in Lollitoss using direct performance (Exp. 2a) and likelihood estimates (Exp. 2b),
we found that people accurately represent the learning curve
as exponential. However, we also found systematic errors people think individuals start out better, make less errors, and
learn slower in the task than in reality. Taken together, we find
that people are surprisingly accurate at representing the overall
shape of learning, but misestimate certain features, like the rate
of learning, which may potentially have downstream effects on
self-directed learning.
Keywords: intuitive theories of learning; visuomotor learning;
learning curve

How does a child go from never riding a bike before to confidently riding one all the way to school? Even if you have
never ridden a bike, you probably have some intuition about
how learning this skill might unfold over time. The child
probably didn’t hop on the bike and master it right away.
Instead, she most likely made gradual improvements, from
biking with training wheels, to riding just a bit by herself,
to eventually riding all the way to school. Although tracking major skill learning milestones is intuitive, it is not clear
if people have fine-grained, accurate representations of how
learning typically unfolds over time (e.g., from minute to
minute, hour to hour). Critically, our beliefs about how learning proceeds over time can influence our actions: If a child
thinks their progress should be swift the first day that they
try learning to ride a bike, but it turns out to be slow, then
they may prematurely quit. Here, we ask whether people have
granular and accurate representations of skill learning.
Decades of research have tracked how skill learning unfolds across a wide range of task domains, from simple motor skills, to complex routines, to perception and memory
tasks(Thorndike, 1913; Newell & Rosenbloom, 1981; Heathcote, Brown, & Mewhort, 2000; Gallistel, Fairhurst, & Balsam, 2004). These studies reveal that performance gains, especially during the acquisition of motor skills, proceed according to a decelerating exponential (or power) function,
just like riding a bike. That is, a naı̈ve learner will experience a lot of initial improvement over a short period of time,
then the amount of improvement per unit time will decrease
as their performance approaches an asymptote (Heathcote et
al., 2000; Krakauer, Hadjiosif, Xu, Wong, & Haith, 2019).
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and “How did you learn that?”. However, prior work leaves
open the question of whether people can accurately simulate
the time course of learning over longer time scales. Understanding how people intuitively represent learning progress is
important not only to informing theory related to representations of the mind, but also practices related to effectively
guiding learners’ efforts on the path to mastery.
Here, we ask whether people intuitively represent skill
learning as it actually progresses - that is, exponentially.
To compare people’s conceptions of skill learning to actual
learning, we first collected learning data from naı̈ve participants playing a novel visuomotor learning task, “Lollitoss”
(Exp. 1). These data established “ground-truth” exponential learning trajectories in Lollitoss. Next, we examined a
separate group of participants’ predictions of learning in Lollitoss on a trial-by-trial basis, with no prior practice on the
task. In one experiment, participants simulated a precise prediction of others’ behavior across trials (Exp. 2a) and in
another experiment, participants specified a set of numerical likelihood estimations for possible outcomes across trials
(Exp. 2b). We probed representations of learning in two disparate ways to validate findings across methods and reduce
the chance that the way we queried learning biased participant’s answers. Across all three experiments, we fit the actual
and simulated learning curves with either exponential or linear functions, and compared the fit of these models. To more
precisely examine how people’s predictions of learning differed from actual learning, we compared the parameters (i.e.,
the starting point, slope, and asymptote) obtained from the
best model fits of actual learning data to people’s simulated
learning data. Together, these studies are designed to probe
people’s intuitions (Exp. 2a & b) about the time course of
skill learning.

Figure 1: Schematics for (a) Exp.1 - actual learning, (b)
Exp.2a - direct prediction, and (c) Exp.2b - likelihood estimation.

along the bottom of the screen towards the middle of a target (see Figure 1). To ‘toss’ the lollipops, participants first
needed to stop the lollipop using the ‘space bar’ key, which
moved at speed 970pixel/1000ms across the screen horizontally. Then, participants ‘launched’ the lollipop by pressing
the ‘Enter’ key, with the amount of time they held down the
key dictating the vertical distance that the lollipop traverses.
We set the optimal interval to 1412 ms, with hold intervals
less than 1079 ms or more than 1746 ms fully missing the
target. If a player got the lollipop in the bullseye of the target
(yellow circle, see Figure 1), they got 50 points. For each concentric ring outside of the bullseye (starting from red, ending
at white) they got 30, 20, 10, and 5 points respectively, and
0 points for landing the lollipop outside of the target. After
reading the instructions, participants had to pass two comprehension questions before proceeding to game play: “How
many points will you get if you hit the lollipop on the bullseye?” and, “Which key will be used to toss the lollipop toward
the board?”.
Participants played Lollitoss on a 640pixel × 1,000pixel
window. Each participant completed a total of 50 trials during
10 rounds of the game, with 5 trials per round. The lollipops
always appeared first on an extreme side of the window before
starting to move horizontally (randomized left and right start
location). After each toss, participants saw their toss score
and their total score. For a given trial, the Euclidean distance
from the center of the tossed lollipop head to the center of
the target was calculated and recorded to mark participant’s
deviation from the goal (i.e., their error for a given toss). By
calculating participant’s errors over time, we constructed individual learning curves.

Experiment 1
The goal of Experiment 1 is to establish the ground-truth
learning trajectory of individuals on our novel visuomotor
task. Based on nearly a century of work on the shape of skill
learning curves (see Heathcote et al., 2000 for a summary),
we hypothesized that learning would unfold following an exponential decay function - fast at first, then slowly thereafter.
Exp. 1 was preregistered here.

Methods
Participants We recruited 55 adult U.S. participants online
through Prolific. We expected to observe learning in the task
(i.e., minimization of errors over time), so we preregistered
fitting a simplified linear model (error ∼ trial number) for
each participant and excluding any participant who did not
show a negative slope (i.e., no evidence for a trend of learning). Based on this criteria, we excluded five participants (final n = 50).

Results and discussion
As expected, learning in Lollitoss was best characterized by
an exponential decay function (Figure 2a). We fit each participant’s learning data with an exponential decay function
(error ∼ a * exp(-b * trial number) + c) and a linear function (error ∼ b * trial number + c), as a comparison. For

Procedure Participants were introduced to a novel game Lollitoss. The goal of Lollitoss is to try to get as many points
as possible by ‘tossing’ lollipops that move back and forth
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Figure 2: The left panel shows model estimations for individual learning rates fitted with exponential decay for each of the
three experiments, and the right panel includes exponential vs. linear model comparisons for individual subject using AIC for
the corresponding experiment. (a) & (b) Exp.1 - actual learning, (c) & (d) Exp.2a - direct prediction, and (e) & (f) Exp.2c
- likelihood estimation. The average actual learning (a) and average predicted learning (c) & (e) are all presented with 95%
bootstrapped CIs. Here, the y-axes show different scales to present clearly the learning trajectories from the three experiments.

Methods

all but one participant, learning data were fit by the exponential decay function. Focusing on these 49 participants,
we evaluated model performance using the Akaike information criterion (AIC). As shown in Figure 2b, after computing the ∆AIC between the exponential and the linear models for each participant, we found that the exponential model
outperformed the linear model in 44 out of 49 participants
(∆AIC < 0). A paired Wilcoxon signed-rank test across the
49 participants revealed that the exponential model had significantly lower AIC scores (i.e., a better model-fit) than the
linear model (V = 41, p < .001). Thus, in line with previous
research on skill learning, our results show that the learning
curve for Lollitoss is best described by an exponential decay
function.

Participants We recruited 54 adult U.S. participants online
through Prolific. We expected participants to predict the occurrence of learning during the game, so we pre-registered fitting a linear model (predicted error ∼ trial number) for each
participant and excluding any participant data if their predicted errors over the total trials do not show a negative slope
(i.e., no trend of expectation of learning). Based on this criteria, four participants were excluded (final n = 50).
Procedure As in Exp. 1, participants were introduced to
the instructions for Lollitoss. Additionally, to get a feel for the
task, participants were given one opportunity to experience
how the ‘space’ and ‘Enter’ keys work to move the lollipop
without the presence of the target board. However, instead of
performing any actual trials of Lollitoss (which would confound our results), participants were told that they would predict a naı̈ve player’s progress on the game. To proceed to the
prediction phase, participants had to pass three comprehension questions, including the two comprehension questions
in Exp. 1 and a third question “whose performance will you
be predicting in this game?”.

Experiment 2a
In Experiment 2a, we asked whether people can accurately
simulate the trajectory of learning in Lollitoss. We probed
people’s intuitions by asking them to predict the precise locations of an imagined naı̈ve learner’s tosses at a few time
points across 50 trials. Exp. 2a was preregistered here.
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In the prediction phase, participants were asked to predict the landing location of the lollipop tosses for a first-time
learner. To make a prediction, participants simply clicked
on the screen (including inside and outside the target board)
where they thought the lollipop would land on that trial. Participants completed seven rounds of predicting bins of trials,
instead of the full 50 trials that participants played in Exp. 1,
to reduce task redundancy and fatigue. In the first six rounds,
participants were asked to predict three consecutive trials per
round with a nine-trial interval between rounds (e.g., 1st, 2nd,
3rd trials, then 10th, 11th, and 12th trials, etc.). To ensure
a matched ending trial between the prediction responses and
the learning responses from Exp.1, participants also predicted
the landing location of the last toss (i.e., the 50th trial) in the
seventh round. The Euclidean distance between the reported
center of the lollipop head and the center of the board was
recorded, as in Exp.1.

on preregistered inclusion criteria (final n = 50).
Procedure To ensure that participants understood the goal
of the task, we gave them two practice scenarios in which
they predicted the likelihood of a ball landing in a certain
color area on the floor below after being dropped. In one
example, the area below the ball was equal colors yellow and
green. In the other, the green to yellow ratio was 4:1. For each
scenario, participants were asked two questions ‘How likely
will it (the ball) land inside the green/yellow region?’ and
recorded their responses using sliders (0%-100%). Participants who responded correctly to the two training scenarios
continued to the instruction phase for Lollitoss. Participants
were then introduced to Lollitoss and provided the same instruction and comprehension questions as in Exp. 2a.
In the prediction phase, participants were asked to predict
where the lollipop tosses would land for a first-time learner,
just as in Exp. 2a. However, instead of having participants directly place the lollipop on the screen on a given trial, participants were asked to estimate the likelihood of the toss landing
on each of the four possible regions: outside the board, on the
white and the black rings, on the blue and the red rings, and
inside the yellow circle. Four sliders (0%-100%) were provided, one for each region (see Fig. 1c). Participants were
able to submit their response and proceed to the next trial if
the sum of all four sliders was 100%. They completed the
same seven rounds of predictions with a total of 19 trials as
in Exp. 2a.

Results & discussion
People intuitively represented the trajectory of learning over
time as being exponential (Figure 2c). As in Exp. 1, we fit
individual participant’s predictions with an exponential decay function and a linear function for comparison. The exponential model provided the fits for 49 out of 50 participants.
We computed the AIC score (see Figure. 2e for individual
∆AIC) for these 49 participants, where 37 out of 49 participants had a negative ∆AIC (Figure 2d). A paired Wilcoxon
signed-rank test revealed that the exponential models had significantly lower AIC scores than the linear models (V = 158,
p < .001).
These data suggest that people intuit that the shape of
learning in Lollitoss as exponential rather than linear, accurately reflecting the general shape of the ground-truth learning trajectories on the task. However, it is possible that the
way we queried participants could influence people’s predictions. To find converging evidence about people’s intuitions
across methods, we ran a second experiment in which we
asked participants to reason about learning in this task probabilistically.

Results & Discussion
As in Exp. 2a, we found that people’s predictions of learning over time were again best fit by an exponential decay
function when probed using likelihood estimations (Figure
2e). To convert the reported probabilities to errors in the
task space (e.g., distances from the center), we computed
weighted distances for participants using their likelihood estimations on each trial (i.e., P(outside) * Dto center (outside) +
P(white & black) * Dto center (white & black) + P(blue & red)
* Dto center (blue & red) + P(bullseye) * Dto center (bullseye)).
‘Distance to center’ measures were the distance from the midpoint of each set of concentric rings to the center of the board,
except the ‘outside the board’ area. Since this area was not
bounded by an outer circumference, we used the mean distance observed in ‘outside’ area trial predictions from Exp.
2a. We again fit two possible functions, exponential decay
and linear, to participant’s predictions of learning data over
the 19 trial bins. As in the last two experiments, 49 out
of 50 participants’ predictions converged for the exponential model, so we focused on these 49 participants for model
comparisons. 40 out of 49 participant data were better described by an exponential model rather than a linear model
and had negative ∆AIC. Furthermore, we found that the exponential models had significantly lower AIC scores than the
linear models using a paired Wilcoxon test (see Figure 2f for
∆AIC; V = 95, p < .001).
Together with the results from Exp. 2a, we found con-

Experiment 2b
In Experiment 2b, we tested people’s trial-by-trial representation of the learning trajectory using a distinctly different
measure: people predicted the likelihood of lollipops landing
at specific regions on and outside the target board at different
time points of learning. Exp. 2b was preregistered here.

Methods
Participants We recruited 63 adult U.S. participants online through Prolific. As in Exp. 2a, we expected participants to predict learning during the game, so we preregistered
fitting a linear model (predicted probability for bullseye ∼
trial number) to each participant’s data and excluding any
participant if their predicted probability for bullseye over 19
trials did not show a positive slope (i.e., no trend of expectation of learning). Thirteen participants were excluded based
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Figure 3: Model parameters from the best exponential decay model fits in Exp. 1 - actual learning and Exp. 2a - predicted
learning for individual participants: (a) estimates for the starting points (α), (b) estimates for the asymptote (c), and (c) estimates
for the learning rate (β). The grey dashed line indicates the outer border of the target board and the yellow dashed line the border
of the bullseye. (d) average errors across 50 trials for Exp. 1 and Exp. 2a. Participant’s 1st (e) and 50th (f) actual tosses (Exp.
1, dark red) and predicted tosses (Exp. 2a, blue) are overlaid for visualization. Data and estimates shown here are from 49
participants (Exp. 1) and 49 participants (Exp. 2a) where the models converged.
verging evidence that people represent learning trajectories
as exponential when asked to reason about learning by making either point estimates (Exp. 2a) or likelihood estimates
(Exp. 2b) of performance. Although people accurately represent the overall shape of learning as exponential, it is possible
that they are inaccurate in representing specific features of the
learning curve, like the starting point and the learning rate.

actual learners’ starting positions are further away from the
target board (Figures 3a & e). People also believed that
learners would get closer to the bullseye (M = 26.38, CI =
[20.42, 32.84]) by the end of the learning process than they
actually do (M = 79.22, CI = [72.02, 86.50]; Wilcoxon test,
W = 2218.5, p < .001; Figures 3b & f). When we uncovered the learning rates from people’s point estimates, we
found that people predicted that learners would have a slower
learning rate (M = −.32, CI = [−.42, −.22]) than their actual
learning rates (M = −.48, CI = [−.58, −.38]; Wilcoxon test,
W = 768.5, p < .005; Figure 3c). Similarly, people believed
that learners would make significantly fewer errors on average (M = 58.29, CI = [44.89, 73.89]) than they actually made
(M = 96.26, CI = [87.48, 106.94]) across 50 trials (Wilcoxon
test, W = 805, p < .001; Figure 3d).
Thus, although the general shape of people’s predictions
about learning matched the actual learning data, the exact
features (e.g., the range of people’s errors, the starting performance, and the learning rate, etc.) did not. People assumed that learners start closer and end closer to the bullseye
than they actually do across 50 trials. In turn, people assume
that learners make fewer errors than in reality. Miscalibrating the learner’s starting point may have led people to further

Actual vs. Predicted Learning
To probe people’s intuitions about specific features of the
learning curve, we compared parameters from predicted
learning curves (Exp. 2a) to parameters from actual learning curves (Exp. 1). Exp. 2b was not included in this
analysis because it produced less precise estimates (weighted
distance estimates from participants’ likelihood responses)
than Exp. 2a. Comparing Exp. 1 and 2a, we found that
people assumed learners would have better starting performance (M = 179.27, CI = [141.34, 218.43]) when providing trial-by-trial point estimates than they actually do during learning (M = 363.09, CI = [301.40, 432.03]; Wilcoxon
test, W = 1774, p < .001). When estimating the errors a
naı̈ve learner would make on their first toss, people’s prediction were near the outer border of the target board, while
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underestimate naive player’s learning rate. This suggests that
people’s assumptions about task difficulty, indexed by starting point, in Exp. 2a may be key for “parameterizing” the
intuited exponential functions.

key), and the perceived skill level of individuals playing the
game. However, it is exactly these same ‘free parameters’
that make the alignment between people’s predicted and actual exponential learning functions even more impressive.
Past work has demonstrated that the way people think
about moment to moment learning influences their actual
learning. For example, before a test, people tend to prioritize studying vocabulary words that are of medium difficulty
and avoid studying the words they already know or the words
that are very difficult (Thiede et al., 2003; Finn & Metcalfe,
2008). Similarly, adults are sensitive to learning trajectories and choose to spend their energy on tasks with steeper
learning curves, where they can experience more improvement within a shorter period of time (Ten, Kaushik, Oudeyer,
& Gottlieb, 2021). Thus, a natural extension of the current
work is to ask whether representations of the learning process
also guide actual learning. There are two ways to approach
this question. The first is to see whether individual differences in people’s prediction of the learning process (the overall shape, as well as the intercept and rate) impacts the way
they approach learning (e.g., their motivation, learning preferences, etc). A second way is to prime individuals to think
of learning more or less accurately and see how that impacts
their approach to learning. For example, if we prime people
to incorrectly think that their rate of learning will increase
over time, this may motivate learners initially (they experience more improvement than expected) but demotivate them
over time (when their actual rate of learning is much lower
than expected).
One open question is when in development people possess
this capacity to intuit the shape of learning. On one hand,
work in developmental psychology and cognitive science
points to the remarkable sophistication of human metacognitive reasoning. Preschoolers accurately track their past performance (Hembacher & Ghetti, 2014) and selectively choose
to switch to easier tasks when their performance hasn’t improved over time (Leonard, Duckworth, Schulz, & Mackey,
2021). Furthermore, children allocate attention towards displays of intermediate complexity (Kidd, Piantadosi, & Aslin,
2010) and possess an intuitive sense of difficulty, at least on
simple tasks (Gweon, Asaba, & Bennett-Pierre, 2017). However, simulating the time course of learning may be a cognitive challenging task that emerges later in development. Ongoing work is exploring whether young children intuit that
learning unfolds non-linearly using a simplified paradigm.
In sum, we found that people are remarkably accurate at
representing the shape of learning over time in the domain
of skill learning. However, we also identified specific misconceptions of parts of the learning process - people overestimate learner’s starting and ending performance and underestimate their rate of learning. This works sets the stage
for a series of follow-up studies probing representations of
learning across ages, question types, and domains, as well as
work exploring the functional consequences of misrepresentations of learning trajectories.

General Discussion
Our work shows that people accurately represent the exponential trajectory of skill learning over time. Replicating prior
work (Heathcote et al., 2000), we first established that learning on a novel visuomotor task, Lollitoss, was best fit by
an exponential decay function (Exp. 1). Across two studies probing trial-by-trial predictions of learning in Lollitoss
with point estimates (Exp. 2a) and with likelihood estimates
(Exp. 2b), we found converging evidence that people accurately represent learning as unfolding exponentially. However, we also found that people misestimate specific features
of the learning curve: people tend to overestimate learners
starting and ending performance and underestimate their rate
of learning.
In contrast to prior work, we found that people are surprisingly good at exponential thinking. Participants predicted exponential learning when providing explicit trial-by-trial point
estimates (Exp. 2a) and more abstract likelihood estimates
(Exp. 2b). Why do our results differ from prior work on
the Exponential Growth Bias (Wagenaar & Sagaria, 1975)?
One reason may be due to how we asked people to make
predictions. For instance, in the classic duckweed and pond
paradigm, Wagenaar and Timmers (1978) asked participants
to indicate “the proportion of elapsed time” in comparison
to when the pond will be fully filled. This task question is
very cognitively demanding, requiring participants to reason
and connect abstract properties like time and growth. In contrast, participants in our work were asked to do something
less cognitively demanding - they directly predicted a series
of learning outcomes at specific moments in time (Exp. 2a
& 2b). Importantly, our findings are in line with recent work
showing that exponential reasoning is more accurate when individuals make predictions on shorter time scales (e.g., how
much will Covid-19 cases increase in 3 days vs. 15 days,
Lammers et al., 2020).
Although people’s predictions of skill learning matched the
exponential decay shape of actual skill learning, we found interesting points of misalignment. People systematically misrepresent the precise learning curve parameters (i.e., the intercept, rate, and asymptote). For example, individuals think
that naı̈ve learners will start out and end closer to the bullseye than in reality. People also underestimate the amount of
improvement over time (i.e., the rate). This result is in line
with prior work showing that people tend to underestimate the
amount of exponential growth (Wagenaar & Sagaria, 1975;
Wagenaar & Timmers, 1978). Many factors could lead to
discrepancies between predicted and actual learning curve parameters, including the perceived difficulty of the task (note
that people who predicted learning had never played Lollitoss), specific task features (e.g., how long to hold the ‘enter’
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Abstract
Statistical descriptions of reaction times are central components of quantitative attention models. It is often assumed
that total reaction time is comprised of various components,
e.g. sensory delays, decision making and motor execution contributions. We use machine learning to decompose observed
total reaction times into sensorimotor and decision components, and evaluate which model assumptions maximize approximate Bayesian model evidence (free energy or evidence
lower bound). We find that an inverse Gaussian decision time
distribution combined with a very narrow Gaussian sensorimotor distribution can best explain human reaction time data. We
also model outliers explicitly by a uniform background distribution. We find that the model assigns a small fraction of
datapoints to this outlier distribution.
Keywords: Decision component; Expectation maximization;
Free energy; Inverse Gaussian; Mixture models; Reaction
time; Sensorimotor component; Visual attention.

Introduction
Reaction time has been widely used as a measure of cognitive
processes, e.g. in attention research. It is believed that total
observed reaction time (RT) is a sum of different time components. As Luce (1986) mentioned at least five processes may
contribute to a total reaction time: physical input transduction
into neural spikes, spike transmission to the brain, signal processing and motor programming for the target muscle group
(we call this part decision time), signal transmission to the
muscles and eventually muscle contraction. As it is hard to
observe all these components separately, we stack them all –
except decision time – and call them the sensorimotor component of reaction time. This component is commonly called
residual latency (Luce, 1986) or non-decision time (Ratcliff
& Tuerlinckx, 2002). During the last decades, there have been
many proposals and investigations on how these components
combine to yield the final RT distributions.
In some older research (Christie & Luce, 1956; Hohle,
1965), it is reported that RT is a sum of a Gaussian and a exponentially distributed component, where one represents the
decision time and another represents the motor component.
Consequently, the Ex-Gaussian distribution, which results
from convolving these two distributions has been used for
modelling RT distributions and cognitive processes (Ratcliff,
1978; Hohle, 1965; Fitousi, 2020; Meibodi, Abbasi, Schubö,
& Endres, 2021b) and also psychological disorders (HwangGu et al., 2019). Meibodi et al. (2021b) proposed a model
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of visual attention which predicts parameters of RT distributions. In that study, an analysis of RTs showed that the
ex-Gaussian is a better descriptor than other commonly used
distributions, followed by an inverse Gaussian (Meibodi, Abbasi, Schubö, & Endres, 2021a). The authors of that study
modelled total RTs without considering a decomposition into
separate components, we would like to remedy this shortcoming here. However, the ex-Gaussian has several features that
are theoretically not convincing (Schwarz, 2001): first, the
Gaussian component has been linked to either the decision or
the motor process. Since both processes must take a positive
amount of time, a (wide) Gaussian is not a plausible distribution. Second, there is no compelling connection between the
distribution parameters and theoretical accounts of the origin of reaction times. Third, the hazard function of the exGaussian is increasing although the best descriptive RT distributions have been reported to have peaked hazard functions
(Maddox, Ashby, & Gottlob, 1998).
To address these issues, Schwarz (2001) proposed the exWald distribution for RTs, which is a convolution of an inverse Gaussian with an exponential. Here, the inverse Gaussian describes the decision time, whereas the non-decision
component is distributed exponentially (Palmer, Horowitz,
Torralba, & Wolfe, 2011). One appealing feature of the
ex-Wald is the inverse Gaussian component which models
the first passage time distribution of a random walk (Folks
& Chhikara, 1978). Such random walks describe quasiBayesian sensory evidence accumulation, or drift-diffusion
processes. On the other hand, the claim that non-decision
time has an exponential distribution seems unjustified. Although the exponential component is commonly interpreted
as the effect of a residual process, there are some controversial opinions mentioning that the exponential effect on RT
distribution just reflects the search process in visual search
tasks (Horowitz & Wolfe, 2003; Palmer et al., 2011).
In (Ratcliff & Tuerlinckx, 2002)’s drift diffusion model
(DDM), the parameter Ter denotes the time that is spent on
processes other than the decision making – such as stimulus encoding, response output and memory access. The
parameter has variability to correct the model fits on different data sets under variety of conditions. In this model
non-decision time is uniformly distributed (Ratcliff & Tuerlinckx, 2002; Hawkins, Forstmann, Wagenmakers, Ratcliff,
& Brown, 2015) although it is mentioned that the true dis-
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tribution might be normal (Wiecki, Sofer, & Frank, 2013) or
skewed. Ratcliff claimed that the shape of the reaction time
distribution is primarily determined by the shape of the decision component and the precise shape of the non-decision
distribution has a small effect on that as the former has a
very large standard deviation (Ratcliff & Tuerlinckx, 2002;
Ratcliff & Smith, 2004; Ratcliff, 2006; Ratcliff & McKoon, 2008; Ratcliff & Childers, 2015). One drawback of that
model is that the non-decision component happens before and
after decision part (Ratcliff & McKoon, 2008) although the
result of some studies indicated that these component are intertwined (Evans & Wagenmakers, 2020).

tion is its popularity in previous research, e.g. Christie and
Luce (1956); Hohle (1965); Ratcliff and Tuerlinckx (2002)
as discussed above. The Laplace distribution has heavier tails
rather than the Gaussian and might therefore be less sensitive
to extreme SM variations. Both distributions are supported
on R and assign non-zero probability to negative SM components, which is implausible. We therefore experimented with
the gamma distribution that has a positive support. Furthermore, since motor output is driven by neuronal spiking activity, its timing would be determined by spike arrival at the
neuromuscular synapses. The gamma distribution has been
used before to model inter-spike intervals (Ostojic, 2011). In
the next section, we will describe the models, followed by a
short description of the database used for learning. We then
present model comparison results, which indicate that an inverse Gaussian decision time distribution combined with a
very narrow Gaussian sensorimotor distribution can best explain human reaction time data. We also model outliers explicitly by a uniform background distribution. We find that
the model assigns only a small fraction of datapoints to this
outlier distribution. Finally, we discuss the implications of
our findings.

The mean of the non-decision time reported in DDM is
about 300 ms with a standard deviation in range 3 to 10
(Ratcliff & Tuerlinckx, 2002). The reported range of nondecision time might differ in other studies based on the experiment, apparatus or participants’ attributes. Using simple reaction time (SRT) experiments, previous research has
tried to determine how response delay is influenced by features such as: colour of stimuli (Amini Vishteh, Mirzajani, Jafarzadehpour, & Darvishpour, 2019), participants’ age (Jain,
Bansal, Kumar, & Singh, 2015; Woods, Wyma, Yund, Herron, & Reed, 2015), gender (Dykiert, Der, Starr, & Deary,
2012; Jain et al., 2015), physical activities (Jain et al., 2015)
or computer hardware and software (Dodonova & Dodonov,
2013). In a typical SRT study, participants have to press a
key as soon as they see the stimulus on the screen (Ulrich &
Stapf, 1984). We therefore assume that a SRT contains only a
very short decision component and that it is dominated by the
sensory and motor processing times. Hence, a SRT approximates the part of a RT which we call the SM component. See
Table 1 for an overview of the reported results.

Methods
We model an RTs as mixtures of two models (M = 0 and
M = 1) as shown in Figure 1. If M = 1 (the response model),
then an RT has two components, namely ‘decision’ and ‘sensorimotor (SM)’. If M = 0, then the RT is assumed to be an
outlier which is drawn from a uniform distribution in range
(0,tmax ), i.e. an outlier response has no relationship to the
task other than its occurrence before the trial’s end at tmax . In
this case, all we know about the response is that it may happen at any time point in [tmin ,tmax ], which is captured by the
uniform distribution. For M = 1, we assume that the decision
component can be viewed as the first passage time in a Wiener
diffusion process, which is a model of Bayesian evidence accumulation. Thus, the distribution of the decision component
is an inverse Gaussian (Folks & Chhikara, 1978; Schwarz,
2001). The SM component’s distribution precise shape has
no clear theoretical motivation, hence we try to determine it

The importance of good RT distribution models is their applicability to statistical analysis and to the modelling of cognitive psychological processes. Most psychologists are interested in decision component of RT and look at the rest
of it (commonly called residual latency) as a nuisance variable that should be subtracted from RT (Luce, 1986). However, in addition to decision component analysis, looking at
residual latency is also informative. For instance the result of
Pedersen, Frank, and Biele (2017) showed that longer RTs in
medicated ADHD participants arose because of a strong increase in their non-decision (residual latency) time. Ratcliff,
Thapar, and McKoon (2001) found that in some tasks, slower
responses of older participants can also be the effect of longer
non-decision time.

Table 1: Mean and standard deviation (SD) of some SRT experiments. The smallest and largest reported mean can be
seen in the table for each study. The reported means vary
based on between-group differences such as participants’
age/gender or stimuli features.

In this paper we try to disentangle the components of RTs
and to recognize outlier responses using a machine learning approach derived from free energy minimization (Friston,
Kilner, & Harrison, 2006). We do this with the aim of making attention models, e.g. the one presented by Meibodi et al.
(2021b) more interpretable in terms of the underlying psychological processes. We investigate several proposals for
the distribution of the SM component: Gaussian, gamma and
Laplace. Our motivation for testing the Gaussian distribu-

Study
Amini Vishteh et al. (2019)
Jain et al. (2015)
Woods et al. (2015)
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Mean ±SD (ms)
207.88 ±7.14
224.39 ±15.62
217.13 ±12.60
256.36 ±20.34
217.9 ±19.5
239.1 ±28.1

free energy (Friston, 2003). The ELBO of our model is
M

L=

𝑡𝑟

M=1

𝑟𝑖 = 𝑡𝑟 ~ 𝑢𝑛𝑖𝑓( 0, 𝑡𝑚𝑎𝑥 )

𝑟𝑖
𝑟𝑖 = 𝑟𝑖𝑑 + 𝑟𝑖𝑠 + η𝑖
𝑟𝑖𝑑 ~ IG (µ, λ)
𝑟𝑖𝑠 ~ 𝑋 (𝑎, 𝑏)
η𝑖 ~ 𝒩 (0.0, 𝜎)

(𝑎, 𝑏)

participant (j: 1..P)

Figure 1: Mixture model of inverse Gaussian and uniform
distributions. The blue and red boxes represent participants
and trials respectively. P is the number of participants and N
is the number of trials for each participant. Each trial’s reaction time (ri ) can follow one of the models (M=0 or M=1).
When M=0, ri is a sample of uniform distribution (0,tmax ) and
tmax is maximum time window that participants had for each
trial. In that case, the assumption is that RT can not be decomposed into SM and decision components and it is considered
as an outlier. When M=1 then each ri has 2 main components
–decision component (rid ) and SM component (ris )– and also
noise (ηi ) which is normally distributed. The assumption is
that (ris ) can be a sample from a distribution (X) with parameters a and b. Here, X is either Gaussian, gamma or Laplace
which we determine by model comparison.

N

∑

KL(q(x)|p(x)) =



∑ Mi log p(ri |ris , rid , σ)+
(2)

Z



dxq(x) log(q(x)/p(x))

(3)

we can rewrite Eq 2 as
N 

L = ∑ q(Mi = 1) hlog p(ri |ris , rid , σ)iq(rs |θ̈s ) q(rd |θ̈d )
i=1

i

i

i

i

−KL(q(ris |θ̈si )|p(ris |θs )) − KL(q(rid |θ̈di )|p(rid |θd ))]

(4)


+q(Mi = 0) log p(ri ) − KL(q(Mi )|p(Mi ))

by model comparison between a Gaussian, a Laplacian and
a Gamma distribution. Note that the Gaussian can only be a
suitable candidate if it is so narrow that the probability for a
negative RT is virtually zero.
We assume that there is one SM distribution per participant, as shown in Figure 1, Thus, each reaction time (ri ) is a
sum of a decision component (rid ) , SM component (ris ) and
measurement noise (ηi )

where hp(ri |ris , rid , σ)iq(rs |θ̈s ) q(rd |θ̈d ) is the expectation of the
i i
i
i
conditional probability with respect to q(ris |θ̈si ) and q(rid |θ̈di ).
See Appendix for the derivations of this term. We assume that
the variational posteriors are from the same family of distributions as the respective prior.
We then optimize the bound with respect to q parameters: θ̈di and θ̈si . These optimizations, which we carry out
in an alternating fashion, can be viewed as the E and M
steps of a variational expectation maximization (EM) algorithm (Barber, 2012). In each E-step, for fixed parameters
(θ̈si , θ̈di ) we find the distribution q(M) which maximizes Eq 4
and in each M-step, we find θ̈d and θ̈s that maximize Eq 4
while q(M) is fixed. Additionally, we also update the prior
parameters at the end of each M-step. We did not choose to
equip the prior parameters with a hyperprior, because we expect them to be well determined by the data (N > 1000 trials
per participant). Figure 2 shows a flow chart of the optimization steps. We implemented the model with Pytorch (1.10.1)
in Python (3.9.7) using the Adam optimizer. For more information about learning rates and iteration steps, see the code
at: http://dx.doi.org/10.17192/fdr/88.

ri = ris + rid + ηi
ris ∼ X(a, b)

1

drid

where N is the number of trials for each participant, M is the
model type, q is the variational posterior distribution and θ
includes inv-Gaussian parameters for each ri when Mi = 1. θs
and θd are prior parameters on the decision component (µ, λ)
and SM component (a, b) and θ̈si , θ̈di are posterior parameters
on the same components for each trial (i). When M = 0, the
RT can not be decomposed, which is modelled by the uniform
distribution p(ri ) (see Figure 1).
Using the usual definition of the Kullback-Leibler divergence (KL) between distributions q and p

trial (i: 1..N)

ηi ∼ N (0.0, σ)

Z



− log q(rid |θ̈di )/p(rid |θd ) − log q(ris |θ̈si )/p(ris |θs )

+(1 − Mi ) log p(ri ) − log q(Mi )/p(Mi )

M
q(Mi ) q(ris |θ̈si ) q(rid |θ̈di ) i

(0.0, 𝜎)

𝑟𝑖

dris

Mi =0 i=1

(µ, λ)

M=0

Z

(1)

rid ∼ IG(µ, λ)
where IG is inv-Gaussian (inverse Gaussian) distribution and
X is the SM distribution. We tested the model with gamma,
Gaussian and Laplace as the X distribution (see the models
comparison in result section). Normally distributed noise (ηi )
describes the random effects on the measurement process.
Since exact inference is intractable in this model, we are
instead maximizing a lower bound on the expected log likelihood, or evidence lower bound (ELBO) (Bishop, 2006) a.k.a.
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on these distributions’ parameters in a way that matches the
reported means and standard deviations in other SRT studies(see Table 1). We chose the prior on inv-Gaussian parameters based on a preliminary analysis of the data which
assumed that the SM component is a constant. More specifically, priors parameter values are

Parameter initialization
(𝜃 𝑠 , 𝜃 𝑑 , 𝜎)
M-step
Posterior updating
(𝜃ሷ 𝑠 , 𝜃ሷ 𝑑 )

Predicted parameters
(𝜃ሷ 𝑠 , 𝜃ሷ 𝑑 , σ)

𝑖 < 𝐼𝑟1

𝑖 < 𝐼𝑟2

E-step

𝑖 < 𝐼𝑟3

M-step
Posterior updating
(𝜃ሷ 𝑠 , 𝜃ሷ 𝑑 )

M-step
Prior updating
(𝜃 𝑠 , 𝜃 𝑑 )

𝑖 > 𝐼𝑟4

σ updating
(𝜎 ∶= 𝜎 − 1)

rd ∼ IG(µ = 500.0, λ = 10000.0)

𝑖 < 𝐼𝑟4

η ∼ N (0.0, σ = 12.0)

rs ∼ Laplace(m = 200.0, std = 9.8) or

(5)

Gaussian(m = 200.0, std = 10.0) or

Figure 2: Flowchart of the variational E-M algorithm used
for model optimization. θs , θd and σ are the parameters of
SM component, decision component and the standard deviation of the noise, respectively (see Eq 4). Each blue box is
an optimization step and blue arrows indicate that the parts
are iterated to converge – with negative ELBO as the loss
functions. Ir is iteration rate and its value differs among optimization parts (Ir1 · · · Ir4 ). The whole green box is also iterated to converge. Additionally, after each σ updating (to seek
the smallest possible standard deviation for the noise function) the whole green box is iterated again. θ̈s , θ̈d and σ are
predicted posterior parameters for SM component, decision
component and standard deviation of the noise function, respectively. In the first M-step (the one out of the green box)
we assume that all data points belong to M = 1 (the response
model), to obtain initial parameter estimates, since we expect
a only a small fraction of outliers.

Gamma(m = 200.0, std = 10.0).
The model was then fitted to the data of each of the 28 participants. The number of participants is within the range typically used in mixed model repeated measurement designs
(Feldmann-Wüstefeld et al., 2015). For each participant the
final free energy is computed (the results are plotted in Figure 3a for all models) and the sum over all participants is used
for model comparison (see Table 2). Smaller free energy values indicate better fits (higher ELBO). Thus, the best model
is the one with Gaussian SM distribution. The results of the
Laplace model are very close to the Gaussian. The mean
of outliers over all participants is also shown in Table 2. The
models label a very similar proportion of trials as outliers, independent of the choice of SM distribution, as can be seen in
Figure 3b. This closeness might be due to having similar decision components in all versions of the model. The decision
component (inv-Gaussian) has a much bigger variance than
the narrow SM components– and it is therefore driving the
outlier determination. As explained in the methods section,
outliers are RTs which can not be separated to decision and
SM components by the model. So they are sampled from a
uniform distribution (M=0). Thus, an outlier is either a very
fast or a very slow response. For two example participants,
Figure 4 illustrates that which part of the data is considered
as an outlier by our model. The criterion in these plots is

Database
We optimized the model on a RT database of a visual attention
experiment from (Feldmann-Wüstefeld, Uengoer, & Schubö,
2015) (the first experiment out of four) which includes two
different types of intermixed tasks. Participants were presented with eight elements on an imaginary circle around the
fixation point. In one task, they had to responded to either the
shape or the colour singleton based on their group membership. In the other task , both groups of participants responded
to the orientation of a line embedded in the shape singleton
while they had to ignore a color distractor in half of the trials. The target of the experiment was investigating the role
of selection history (Awh, Belopolsky, & Theeuwes, 2012)
on selective visual attention. The participants (11 males and
17 females) were in 18-32 age range and all but two were
right handed. Each participant responded to 1024 trials. For
more information about the experiment, see the main reference (Feldmann-Wüstefeld et al., 2015). Meibodi et al.
(2021b) proposed a model for these data which assumes an
ex-Gaussian RT distribution, we aim to replace this model
assumption by a more theoretically motivated one.

Table 2: Model comparison results for different SM distributions. ‘FE’ is free energy (sum over all participants for each
model), smaller values indicate a better RT database fit. ‘Outliers’ shows the mean fraction of outliers over all participants.
For each participant the amount of outliers is the sum over the
outlier posterior distribution (q(M = 0)). ‘θs ’ includes the updated prior parameters (mean and standard deviation) of the
SM distribution which are optimized by the model. The reported values are the grand means of the means and standard
deviations over all participants.
SM distribution
Gaussian
Laplace
Gamma

Results and discussion
As mentioned in previous section, we tested three versions of
the model with different X distributions (Gaussian, gamma
or Laplace) (see Eq 1 and Figure 1). We selected the prior
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FE
187387.66
187685.74
191684.43

Outliers
1.52%
1.53%
1.68%

θs (mean, std)
199.58, 0.37
199.59, 0.40
199.50, 0.52

Histogram of reaction times

Free energy resulted of the three models
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Figure 3: Results per participants. For 28 participants see
the free energy values (a) and the percentage of outliers (b)
resulting from the optimization of three different SM distribution models.

1500

1750

2000

(b)

Figure 4: Outliers. Histograms of RTs with predicted outliers
(marked in red) by the model for the 18th and the 3rd participant. These participants have relatively: the highest numbers
of outliers (a) and an average numbers of outliers –with very
short and long RTs (b).

qi (M = 0) > 0.6 which means ri is labelled as an outlier if it
belongs to M = 0 with a probability of more than 0.6.
For each trial, the model predicts posterior parameters on
both decision and SM components through minimizing free
energy and afterwards priors are updated (these steps are
shown in Figure 2). The final prior parameters of SM component (θs ) for each version of the model can also be seen in
Table 2. These predicted parameters are close in mean and all
are very narrow distributions (see Figure 5).
Subtracting both the expected SM component (ris ) and the
noise component (ηi ) from the RTs (rid = ri − ris − ηi ), we
obtain the expected decision component. The inverse Gaussian distribution fits better on this component rather than on
the total RT data, indicating that the Wiener process assumption might be justified. However, this assumption should be
investigated more in future studies. For an illustration, see
Figure 6: here, the inverse-Gaussian fits to the total RT data
(orange histograms) are worse than the fits to the expected
decision components only (in green) for two participants (6th
and 18th). These participants have the smallest and the largest
numbers of outliers (see and compare their outliers in Figure 3 b). The plots (Figure 6) show that the model works well
in either case. In addition, the best distribution for the measurement noise is N (0.0, 2.0) which is obtained by updating
σ at the end of the optimization iterations as shown in Figure 2. Finally, for each participant is possible to reverse the
process and reconstruct the RTs from the posteriors. In this
case, the mean of reconstruction error for each participant is

less than 8.5 ms.

Conclusion
The role and importance of different RT components in shaping the total RT distribution has long been a matter of question in cognitive modelling. Quantitative models, such as
the ones proposed in this paper, can be helpful in comparing
the predictions of different theoretical accounts of RTs objectively and disentangling the components. Moreover, different lines of research might be interested in different components such as the effect of brain disorders on decision making (Herz, Bogacz, & Brown, 2016) versus motor responses
(Low, Miller, & Vierck, 2002).
The purpose of the modelling reported in this paper was to
investigate if machine learning methods can help to disentangle a RT distribution into two main components of decision
time and sensorimotor time. The motivation for our research
was a previous study by Meibodi et al. (2021b) which presented an algorithmic model of selection history effects without a solid theoretical foundation for the chosen RT distribution. We are now in a position to remedy this issue. We
expect that our proposed model will be useful whenever RT
components need to be extracted in cognitive RT modeling.
The results showed that the final predicted SM distributions
are very narrow which is comparable with the assumption in
Ratcliff diffusion model: non-decision component might be
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Inverse Gaussian Distributions
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Figure 5: Posterior sensorimotor (SM) components in three
versions of the model for a random participant. In these models, it was assumed that SM distributions might be Gaussian,
gamma or Laplace. The results show very narrow distributions under all assumptions. Gaussian fits best, see also table
2.
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sampled from any distribution and the shape of it can not influence the final RT distribution as the decision part has a
very large standard deviation and the other one has a small
one (Ratcliff & Childers, 2015). The predicted mean of this
distribution is in range of 199.58 ± 0.37 by the best fitted
model. The best fitted model is the version which assumes
the SM component is Gaussian. The predicted mean has a
close range to some simple reaction time experiments results
(see Table 1).

2000

(b)

Figure 6: Inverse Gaussian distributions for the 6th participant (a) and the 18th participant (b). The orange histograms
contain the total RTs (r), red curves fitted by maximizing loglikelihood. The green histograms show the expected decision components (rd ) after subtracting the SM components
(rs ) and noises (η) and also discarding the outliers (q(M =
0) > 0.6). Parameters of the green densities are updated priors which are predicted by the model for each participant.

The model can successfully label an acceptable number of
extreme-valued RTs as outliers. Importantly, in our approach
this labelling is driven by the model assumptions and the labels will therefore be internally consistent with the model’s
predictions, unlike more traditional methods for outlier labels
based e.g. on standard deviation measurements. This property might be useful for the principled detection of inattentive
participants, e.g. in ADHD or autism studies, where a larger
proportion of outliers is to be expected.

above equation can be rearranged
hlog p(ri |ris , rid , σ)iq(rs |θ̈s ) q(rd |θ̈d ) =
i i
i i
1
1
2
− log 2πσ2 − 2 (ri − hrid i − hris i)
2
2σ

s
d
+ var(ri ) + var(ri )

(7)
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Abstract
In the United States, top-down efforts to simplify government documents for the benefit of the public began as early
Over the last 50 years, there have been efforts on behalf of
as the 1970s, when Richard Nixon mandated that the Federal
the US government to simplify public legal documents for the
benefit of society at large . However, there has been no sysRegistry be drafted in “layman’s terms” and Jimmy Carter
tematic evaluation of how effective these efforts–collectively
issued Executive Orders intended to make government regreferred to as the “plain language movement”–have been. Here
ulations “easy-to-understand by those who were required to
we report the results of a large-scale longitudinal corpus analysis (n≈225 million words), in which we compare every law
comply with them” (Exec. Order No. 13648, 1979; Plain
passed by congress between 1951 to 2009 (as well as concurLanguage Action Information Network, 2011). These and
rent resolutions and proclamations), with a comparably sized
subsequent attempts to make government language more acsample of English texts from four different genres published
during the same time period. We find that laws remain laden
cessible have been collectively referred to as the “plain lanwith features associated with processing difficulty–including
guage movement.” The most recent call-to-arms, the Plain
center-embedding, passive voice, low-frequency jargon and
Writing Act of 2010, established formal guidelines regarding
capitalization–relative to each of the four baseline genres of
English, and that the prevalence of these features has not meanhow to write government documents clearly for a lay audiingfully declined since the onset of the plain language moveence (Plain Writing Act of 2010, n.d.).
ment (in some cases, their prevalence has increased). These
The plain language movement spurred research exploring
findings suggest that top-down efforts to simplify legal language have thus far remained largely ineffectual, despite the
how to best simplify specific cases of public-facing legal lanapparent tractability of these changes, raising and informing
guage, such as jury instructions (Charrow & Charrow, 1979;
difficult questions of law and public policy.
Heuer & Penrod, 1989) and Miranda warnings (Goldstein,
Keywords: law and language; natural legal language processCondie, Kalbeitzer, Osman, & Geier, 2003; Rogers, Harriing; law and cognitive science; psycholinguistics
son, Shuman, Sewell, & Hazelwood, 2007). Many of the insights from this literature, as well as the general psycholinIntroduction
guistic literature, are now reflected in the Federal Plain LanIgnorantia juris non excusat is an ancient maxim of the law
guage Guidelines. While these studies have successfully
which holds that “ignorance of the law is no excuse” (Garner
demonstrated that replacing problematic features of legal text
et al., 2004). This ancient maxim remains at the heart of mod(such as archaic legal jargon and complex syntax) with “plain
ern legal systems, which typically presume that the public unEnglish” equivalents increases comprehension rates among
derstands the entirety of the legal doctrine and, consequently,
laypeople, they apply only to a small portion of the total cordo not typically allow ignorance or mistakes of the law as
pus of legal language and are less relevant to people’s exa defence to a crime (Institute, 1984; Arsanjani, 1999). Of
perience with the legal system than actual laws.1 However,
course, the presumption that a nation’s citizenry is aware of
there remains no systematic analysis of to what extent the
the content of its laws does not appear to be well-grounded in
plain-language movement impacted the accessibility of fedfact. While part of the public’s ignorance of the law may be
eral laws. Moreover, on a more general level, there also reattributed to a mere lack of exposure, it seems intuitively obmains no systematic evaluation of the accessibility of federal
vious that when the public does attempt to understand legal
laws over time relative to more standard forms of English.
documents they have difficulty doing so. Indeed, the diffi1 For example, although jury instructions can be an important part
culty of reading legal texts has long been acknowledged not
of
cases
that go to trial, a small and diminishing percentage of civil
just by those tasked with reading these documents but by
and criminal cases actually go to trial (as low as 3% for the forthose creating these documents as well. Sporadic attempts
mer and 5% for the latter: (Refo, 2004; Rakoff, Daumier, & Case,
to draw up laws in “simple language, using words that every2014)). Moreover, while Miranda warnings provide crucial information to criminal suspects in police custody, the majority of indione could understand” date back as far back as the eighteenth
viduals’ contact with legal language takes place outside the context
century in Europe (Mattila, 2016), but have mostly been igof criminal or civil suits.
nored (Adler, 2012).

297

In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

To address these questions, we conducted a corpus analysis
of (a) every law passed by congress between 1951 and 2009
(as well as concurrent resolutions not signed into law and
proclamations issued by the president), and (b) a large sample
of magazine articles, newspaper articles, non-fiction books
and fiction books published over the same time span. We
analyzed a variety of linguistic and stylistic features, whose
use is (a) discouraged by the Federal Plain Language Guidelines, (b) associated with language processing difficulty in
psycholinguistic research, and (c) purportedly common in legal documents. We find that each of these features remains
strikingly more prevalent in public legal documents relative
to each of our baseline texts, with virtually none having significantly decreased in prevalence since the start of the plain
language movement.

(Miller, 1995), which, in tandem with SUBTLEX, was used
to estimate whether a given word could have been replaced
by a higher frequency word with the same meaning.
Pre-processing for both corpora were identical. Sentences
were first tokenized and dependency-parsed using the Stanford Stanza NLP package. We then removed sentences without punctuation, as well as those with fewer than 10 words
so as to remove headings, which are not really sentences but
would otherwise be counted as such. We also removed sentences with 3+ consecutive punctuation marks so as to get rid
of more non-sentences in both corpora. The total number of
words after filtering was 225,899,179 (68,031,729 words for
the legal corpus and 157,867,450 for the non-legal corpus).
After filtering out non-sentences, we then dependency-parsed
each corpus, lemmatized and tagged each word by part of
speech and computed our indices of processing difficulty.

Materials and Methods

Indices of Processing Difficulty

Corpus Materials

In each of these corpora we sought to determine the prevalence of six features that are associated with processing difficulty in the general psycholinguistic literature, whose use
is discouraged by the Federal plain language guidelines, and
which are purportedly common in legal documents Fig. 1.
Below is a description of each feature, as well as our method
of computing it in each corpus.
Word frequency. For each of our corpora we sought to
determine, on average, how frequently the words in said corpora occur in everyday speech. Words that are infrequently
used in everyday speech cause comprehension difficulties for
readers relative to higher-frequency synonyms (Marks, Doctorow, & Wittrock, 1974). Legal language is reportedly laden
with low-frequency jargon, such as aforesaid, hereinafter,
and to wit (Rayner, Ashby, Pollatsek, & Reichle, 2004), and
recent work has shown the language in contracts to be lowerfrequency than that of other genres of English (Martinez,
Mollica, & Gibson, 2021). According to the official plainlanguage guidelines, government writing should avoid the use
of such low-frequency “dry legalisms” and “jargon” (Plain
Language Action Information Network, 2011).
Frequency values were extracted from the SUBTLEX corpus of American film subtitles (Brysbaert & New, 2009). To
avoid including non-content words, we limited our analysis
of frequency to the words in our corpora marked as a verb,
noun, adjective or adverb according to Stanza. Proper nouns
and other words that did not appear in the SUBTLEX corpus
received a score of NA.
Word choice. Although many argue that the processing
difficulty of unfamiliar language is a necessary consequence
of the specialized concepts and corresponding terminology
used to refer to those concepts by lawyers (cf. (Tobia, 2020)),
recent work suggests that private legal documents contain
a high-proportion of overly complicated language that can
be replaced with simpler terms that have the same meaning
(Martinez et al., 2021). The official plain-language guidelines
encourage the use of “familiar or commonly used” words over
such “unusual,” “obscure” or “unnecessarily complicated lan-

For our analysis we constructed an exhaustive corpus of every public law, private law, concurrent resolution and proclamation issued by the American federal government between
the years 1951 and 2009 using publicly available online resources from the United States library of congress (Library of
Congress, 2021). As a baseline, we extracted a comparablysized sample of English texts drawn from the Corpus of Historical American English (Davies, 2012), which consisted of
a broad sample of fiction books, non-fiction books, magazine
articles, and newspaper articles also published between 1951
and 2009.
To process and analyze these corpora, we used a number of
natural language processing tools. One of the primary tools
we used was the Stanford Stanza natural language package
(Qi, Zhang, Zhang, Bolton, & Manning, 2020), a state-ofthe-art NLP toolkit which we used to tokenize each document into sentences, lemmatize and tag each word by part
of speech, and syntactically parse each tokenized sentence.
Stanza has been shown to achieve over 90% accuracy on a
variety of NLP tasks (Qi et al., 2020). To verify its accuracy on our specific corpora and for our specific metrics, we
spot-checked a random sample of 1000 sentences across our
corpora by (a) hand-coding whether a given sentence had a
passive-voice structure or a center-embedded clause, and (b)
for each sentence comparing whether the parser’s judgments
aligned with the hand-coded judgments. Using this method,
we found that the parser was 97.93% accurate at detecting
by-passive structures (95% CI: 97.04 to 98.82) and 88.95%
accurate at detecting center-embedding structures (95% CI:
86.98 to 90.73).
We also used the SUBTLEX word frequency dictionary
(Brysbaert & New, 2009) to get a word frequency estimate as
a proxy for how common a given word in each corpus appears
in everyday speech. The SUBTLEX frequency values themselves are derived from a large-scale corpus of American film
subtitles and have been show to correlate with reading-time
behavior (Brysbaert & New, 2009). We also used WordNet
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Figure 1: Comparison of indices of linguistic processing difficulty in federal laws vs four genres of standard English, including
fiction books, magazine articles, newspaper articles, and non-fiction books (1951-2009).
guage” (Plain Language Action Information Network, 2011).
Here we sought to quantify the amount of unnecessarily complicated language in federal laws by calculating the percentage of words in each corpus that could have been replaced
with a higher-frequency synonym.
We conducted two versions of this analysis using two separate assumptions. First, we made the conservative assumption that the authors intended the least common sense of each
word used in a given corpus because while legal terms may
resemble common words in form, they may have a more specialized meaning, such as the concept of “consideration” in
contract law (American Law Institute and National Conference of Commissioners on Uniform State Laws, 2002). Second, we made an anti-conservative assumption that the authors intended the most common sense of each word in a
given corpus. Again, we limit our analysis to verbs, common nouns, adjectives and adverbs. For both analyses, we determined the least (conservative) or most (anti-conservative)
common meaning/sense of that word according to WordNet

(Miller, 1995). For all words sharing that meaning/sense (i.e.,
synonyms), we looked up the SUBTLEX frequency value and
coded whether the SUBTLEX frequency value of any synonym was higher than that of the actual word used in the
text (1=Yes; 0=No). Results of the conservative and anticonservative method did not differ. Therefore, we report the
conservative method.
Capitalization. In each corpus we computed the percentage of words that contained non-standard capitalization (specifically, those that were in ALL CAPS). Although
the plain-language guidelines do not discourage the use of
all-capitalization in government writing, evidence suggests
that non-standard capitalization (“ALL WARRANTIES ARE
HEREBY DISCLAIMED”) is common in certain types of private legal documents (Martinez et al., 2021) and has shown to
inhibit comprehension in older readers (Arbel & Toler, 2020),
relative to standard capitalization. In our analysis we coded
a word as being in “all-caps” by calculating the proportion of
alphabetic word tokens that were marked by Stanza as being
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Results

entirely in uppercase letters.
Center-embedded clauses. Plain-language guidelines discourage the use of “convoluted” sentences, particularly those
that are “loaded with dependent clauses” and which separate
the “essential parts” of a sentence from each other (i.e. the
subject, verb and object). The most notorious examples of
such sentences contain center-embedded structures, in which
a sentence or clause is embedded within the center of another
sentence or clause (“all such payments and benefits, including the payments and benefits under Section 3(a) hereof, being hereinafter referred to as the ‘Total Payments’ ”). Centerembedded structures cause processing difficulty for readers
(Gibson, 1998) and have been shown to inhibit recall of legal
content relative to clauses that have been un-embedded into
separate sentences (Martinez et al., 2021). Here we calculated the percentage of sentences in each corpus containing a
center-embedded clause. We coded a sentence as containing
a center-embedded clause if a predicate dependent clause as
parsed by Stanza (i.e. clausal subjects, clausal complements,
open clausal complements, adjectival clauses, and adverbial
clauses) was followed by a word as opposed to an end-ofsentence punctuation mark.
Sentence Length Plain-language guidelines encourage the
use of shorter sentences so as to “break the information up
into smaller, easier-to-process units” (Plain Language Action
Information Network, 2011). Legal texts, especially laws and
other public documents, are reportedly filled with long sentences (Hiltunen, 2012). Although evidence suggests sentence length is less of a predictor of processing difficulty
than center-embedding and other types of syntactic complexity (Marton & Schwartz, 2003), to err on the side of caution
we include sentence length in our analysis. We computed
sentence length by calculating the number of words in each
sentence as determined by Stanza.
Passive-voice structures. Federal Plain Language Guidelines advocate for using the active voice instead of the passive voice. Passive-voice structures are acquired later than
active-voice structures and have been shown to pose comprehension difficulties for adults in certain circumstances, particularly in the context of implausible sentences e.g. “the girl
was kicked by the ball” (Ferreira, 2003). Although (Martinez
et al., 2021) recently found evidence that passive voice structures did not inhibit recall of legal content relative to activevoice structures in contracts, it may be that the stimuli used in
(Martinez et al., 2021) did not span the circumstances shown
to induce the comprehension errors seen in adult experiments.
To err with caution, we include passive voice structures in our
analysis, particularly reversible passives or by-passives (e.g.
“the information shall be maintained by the Federal Government” as opposed to “the information shall be maintained”),
which can be more easily replaced by active-voice structures
without a loss or distortion in meaning. We coded a sentence
as containing a reversible passive voice structure if a word
was marked with the passive voice features by Stanza and had
the word by in the same head according to the Stanza parse.

Efficacy of the Plain Language Movement
Were the plain-language movement to have been effective,
one would expect (a) the prevalence of difficult-to-process
features to have meaningfully decreased over time, and (b)
the decrease to coincide with the onset of the plain-language
movement. To evaluate this prediction, for each of our six
indices of processing difficulty we conducted a break-point
Bayesian regression limited to the legal-corpus data. The
break point was fixed at 1972, a plausible year for the plain
language movement’s call-to-arms. If the plain language
movement was effective, one would expect the slope of the
regression line for after the breakpoint (i.e., 1972-2009) to be
both negative and less than the slope of the regression line
before the breakpoint (i.e. 1951-1972). For word frequency
and sentence length, we used a linear regression to predict
the mean value of these metrics per sentence. For all other
indices, we used binomial logistic regression.2
Regression coefficients for all indices can be found in Table
1. Our models revealed the plain language movement to have
coincided with no meaningful decrease in any of our indices.

General Trends in Accessibility
Even if the plain language movement did not coincide with
a decrease in difficulty-inducing structures in legal texts, it
may be the case that (a) difficulty-inducing structures became more prevalent in other texts relative to or as well as
legal language, or that (b) legal language was not filled with
very high indices of difficulty-inducing structures to begin
with. To evaluate these alternative accounts, as well as to
obtain a more general systematic account of the accessibility of federal laws–both temporally and relative to other genres of English–we first computed the descriptive statistics of
each of index within the corpora over time. We found that for
each year, the prevalence of virtually every metric was higher
in federal laws than in any of the four genres of the plainlanguage corpus (in most cases, the difference was striking).
Visualizations of these results can be viewed in Figure 1.
We then used Bayesian regression methods to estimate the
influence of corpus (legal vs baseline) over time (in years) for
each of our indices of processing difficulty. For every metric,
our models revealed federal laws to contain more difficult to
process structures than our baseline texts. For every metric
except capitalization, our models revealed no meaningful influence of time on the prevalence of a given metric, nor of
the interaction between time and corpus. For each index, we
first considered two models: one with a main effect of Corpus and Year, and one with an additional interaction term for
Corpus and Year. A Bayes-factor comparison for each index
except center-embedding revealed at least moderate evidence
2 In the case of our sentence-level metrics (center-embedding and
passive voice), the regression estimated the influence of our predictors on whether a sentence had a given metric. In the case of our
word-level metrics (capitalization and word choice), the regression
estimated the influence of our predictors on whether a word had a
given metric.
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Word Frequency
Word Choice
Capitalization
Center-embedding
Sentence Length
Passive Voice

Intercept
-1.87 [-1.87 - -1.87]
-1.28 [-1.28 - -1.28]
-3.59 [-3.59 - -3.58]
-0.38 [-0.39 - -0.38]
-2.10 [-2.10 - -2.10]
-1.19 [-1.20 - -1.18]

Before 1972
0.02 [0.02-0.02]
0.00 [0.00-0.00]
0.03 [0.03-0.03]
0.00 [0.00-0.00]
0.3 [0.02-0.02]
-0.01 [-0.01 - -0.01]

After 1972
0.03 [0.03-0.03]
0.00 [-0.00-0.00]
0.05 [0.05-0.05]
0.00 [0.00-0.00]
0.03 [0.03-0.03]
0.02 [0.02-0.02]

Table 1: Estimates and 95% confidence intervals for the intercept and slopes of the breakpoint regression models.
why they choose to write they way that they do.
One possibility is that the style in which laws are currently
written is necessary to maintain communicative precision.
This possibility is undercut by our results, which focused on
features that are known to have simpler alternatives (e.g. “this
law prohibits smoking in public areas” versus “smoking in
public areas is prohibited by this law”), as well as previous
findings that show comprehension of legal content with a simplified register (e.g., Masson & Waldron, 1994; Martinez et
al., 2021). While it seems entirely plausible that certain legal
jargon is inevitable, our results suggest that in many instances
such jargon can be replaced with simpler alternatives that preserve meaning.
Another possibility is that esoteric text arises out a mismatch between the priorities of the writer and reader of a
law. If lawmakers’ priorities differ from the reader’s priorities they may even do this implicitly as opposed to engaging in an outright “conspiracy of gobbledegook” (Mellinkoff,
2004). Lastly, lawmakers may not choose to write in an esoteric manner. Similar to the “curse of knowledge” (Hinds,
1999; Nickerson, 1999), they may not realize that their language is too complicated for the average reader to understand
(Azuelos-Atias, 2018). If true, this would predict that the
processing difficulty of legal texts may be alleviated as lawmakers become more aware of both the ways in which public
legal documents tend to be complex, as well as the alternatives available to them in order to make them less complex.
Further work into the plausibility of these hypotheses could
yield insight into how best to persuade lawmakers to integrate
the findings of our and similar studies and help alleviate the
mismatch between the ubiquity and impenetrability of legal
texts in the modern era.

(BF 100) for the second model over the first model. We therefore only report the results of the second model in Table 2

Discussion
As discussed above, the present study had two main aims.
The first aim was to investigate to what extent federal laws
have grown more accessible since the start of the plain language movement. The fact that for each of our regression
models the slope of the line after 1972 was either positive or
greater than the slope of the line before 1972 suggests that
laws have not gotten meaningfully simpler since the onset of
the plain-language movement.
With regard to the second aim, we next investigated to
what extent federal laws deviate from so-called “plain English.” As visualized and documented above, all of the metrics we looked at which were associated with psycholinguistic complexity (i.e. “non-plain English”) were startlingly
more prevalent in federal laws than each of our baseline texts,
not just overall but for virtually every year between 1951 and
2009. In line with common intuition and plain-language advocates and consistent with recent findings regarding private
legal documents (Martinez et al., 2021), this suggests that
public legal language deviates quite heavily from plain English, and has been and continues to be more difficult to understand than standard English.
Our study provides the first systematic large-scale account
of the accessibility of public legal language–both longitudinally and compared to more standard forms of English–and
provides an even starker account of the efficacy of plainlanguage efforts than previously assumed. Whereas current
plain-language advocates describe progress as “way slow”
and acknowledge that “much remains to be done to improve”
(Plain Language Action Information Network, 2011), our results instead suggest that despite the movement’s best efforts,
progress may in-fact be non-existent, at least with regard to
laws, resolutions and proclamations prior to 2010.
Having documented the profile of public legal language
over the last 50 years and demonstrated the inefficacy of
plain-language efforts over the same time period, further extensions to this study–both with regard to academic scholarship and government advocacy–should seek not only to confirm the extent to which these findings hold for more recent
laws and other types of government documents, but also to
understand the cause of the complexity of legal language. In
other words, not only how lawyers and lawmakers write but
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Abstract
New analyses of pseudo-homophone RTs (e.g., BRANE) from
two published lexical decision studies clarify lexical
involvement in pseudo-homophone processing and challenge
widespread assumptions about word frequency effects. First,
RTs increased along with increases in the proportion of baseword letters that appeared in the pseudo-homophone (e.g.,
WHELT-WELT slower than PHAWT – FOUGHT) suggesting
that “No” decision-making is slowed by mutually reinforcing
activation in phonological and orthographic representations of
base word knowledge. Second, effects of base-word frequency
were either extremely weak or nonexistent among pseudohomophones that contained most or all the letters that make up
their base word. In contrast, among pseudo-homophones that
shared fewer letters with their base word (e.g., “PHAWT”),
RTs for items derived from high-frequency base words were
faster than RTs for items derived from low-frequency base
words. These findings (i) challenge the ubiquitous assumption
that lexical representations are frequency sensitive and
(ii) suggest that lexical decision involves a spell-check.

nonwords (Besner & Davelaar, 1983; Coltheart, Davelaar,
Jonasson, & Besner, 1977; McCann, Besner, & Davelaar,
1988; Ziegler, Jacobs, & Kluppel, 2001). These “PH
effects” have been simulated in both localist and PDP
models of visual word processing (e.g., Coltheart, Rastle,
Perry, Langdon, & Ziegler, 2001; Harm & Seidenberg,
2004).
Early accounts of PH effects in lexical decision held
that a PH activates the representation for the PH’s base
word (BW) in a phonological lexicon (Coltheart et al.,
1977; Besner & Davelaar, 1983). Activation of the BW’s
phonological representation interferes with the correct
“No” response because activation of lexical
representations provides evidence that the item under
consideration IS a word.
A ubiquitous assumption in the word recognition
literature is that lexical representations are frequency
sensitive (Morton, 1969). For example, the broadly
influential interactive-activation model (McClelland &
Rumelhart, 1981) assumes that lexical representations for
high-frequency words possess higher levels of resting
activation than representations for low-frequency words.
Functionally, the difference in resting activation makes
lexical access faster for high frequency than for lowfrequency words which, in turn, yields performance
advantages for high-frequency words in tasks such as
lexical decision.
If PH processing is influenced by contact with
frequency-sensitive phonological representations of the
BW, PH performance should show effects of BW
frequency (BWF). However, in their lexical decision
study, McCann, Besner, and Davelaar (1988; hereafter,
MBD88) found this not to be the case; the correlation
between PH RTs and BWF was a mere .058, p > 0.5.

Keywords: Pseudo-homophones; Orthographic Similarity;
Lexical Decision; Word-Frequency Effects

Introduction
Investigators of visual word recognition have long
sought to explain how a computational system that’s
almost exclusively the product of processing words is able
to rapidly and accurately discriminate words from
orthographically legal and pronounceable nonwords.
Important clues to this ability have emerged from
investigations of performance on pseudo-homophones
(PH’s), which are nonwords at the level of spelling (e.g.,
“BRANE”), but whose pronunciation matches that of a
known word (e.g., BRAIN). In the lexical decision task,
“No” responses to PHs are typically slower and more error
prone than responses to matched nonhomophonic
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MBD88 argued that the null result of BW frequency
challenged the received view that lexical representations
are inherently frequency sensitive.
MBD88’s findings notwithstanding, the widespread
assumption
that
frequency-sensitive
lexical
representations affect PH processing is as entrenched
today as it was in the 1980’s. For example, Coltheart and
colleagues’ Dual-Route Cascaded (DRC) model
(Coltheart et al., 2001) assumes that PH processing
involves competitive/cooperative interactions between
two frequency-sensitive lexical representations: The BW
entry in the orthographic input lexicon, which represents
knowledge about BW spelling, and the BW entry in the
phonological output lexicon, which represents knowledge
about BW phonology. These interactions are more
vigorous, and result in higher levels of mutual activation,
for high-frequency BWs than for low-frequency BWs
(Ziegler, Jacobs, & Kluppel, 2001).
In parallel distributed processing (PDP) models such as
those based on the triangle framework (Harm &
Seidenberg, 2004), word frequency is encoded in the
strengths of the connections between elementary
processing units arranged in networks that represent
word-specific orthographic, phonological, and semantic
knowledge in the form of patterns of activation across
these units. The connection strengths, established through
training regimens that sample words based on their
printed frequency, cause the units to settle into wordspecific patterns - “attractor points” - more rapidly for
high- than for low-frequency words. That, in turn,
influences how strongly and effectively activation
propagates from a set of units representing one form of
knowledge to the others. PH processing in the lexical
decision task is slowed by broader levels of activation
across the units of the semantic network, relative to
nonwords that are not homophonic with any known word
(Harm & Seidenberg, 2004).
Both distributed and localist computational models
would appear to predict that RTs to PHs that sound
identical to high-frequency BWs should be slower than
RTs to PHs that sound identical to low-frequency BWs.
Intriguingly, both classes of models also hold that PH
processing is sensitive to orthographic relations between
the PH and its BW. We have already noted that in localist
models of word processing such as DRC, activation of
lexical entries is strongly influenced by interactions
between corresponding entries in the orthographic and
phonological lexicons. The stronger a PH activates the
orthographic lexical representation for its BW, the more
the orthographic and phonological lexical representations
for the BW will resonate, and the stronger the overall level
of lexical activity will become. However, the extent to
which a PH activates its BW representation in the
orthographic input lexicon is influenced by the proportion
of the letters that the BW shares with its PH. If the BW
and PH share few (or no) letters (e.g., PHAUT-FOUGHT)
the BW entry in the orthographic lexicon is activated only

weakly, damping the orthographic/phonological feedback
loop, and minimizing the lexical activation “boost” that
accrues to the PH (Coltheart et al., 2001). Therefore, in
lexical decision, RTs to PHs that share few or no letters
with their BW are faster than RTs to PHs that share all or
most of their spelling with the base word.
For PDP models, PH processing is influenced by the
extent to which the PH generates activity in the units that
represent word-specific semantic knowledge. Harm and
Seidenberg’s (2004) simulations using a PDP model
showed that PH’s that share most of their letters with their
base word activate a broader set of semantic features in
the sematic network than PH’s that share fewer letters.
Consequently, in lexical decision, RTs to high letteroverlap PHs should be slower than RTs to lower-overlap
PH’s.
In summary, both localist and PDP models assert that
“No” responses in lexical decision should increase (1) as
the orthographic similarity between the PH and BW
increases and (2) as the frequency of the BW increases. In
addition, given that the two variables influence common
processes, an interaction would also be expected, such
that the more spelling overlap there is between the BW
and the PH, the stronger the effects of BWF should be.
Specifically, RTs should be slowest among PH’s that
share most of their letters with a high-frequency BW.
How do these predictions fare against published
findings? Contrary to predictions, RTs to PHs have not
been found to increase with BWF. MBD88 reported a null
effect of BWF on PH RTs. Moreover, subsequent studies
have reported that RTs for PHs derived from highfrequency BWs are faster than RTs for PHs derived from
low-frequency BWs (Van Orden, 1991; Van Orden,
Stone, Garlington, Markson, Pinnt, Simonfy, & Brichetto,
1992; Ziegler, Jacobs, & Kluppel, 2001). As Ziegler,
Jacobs, and Kluppel (2001) and Harms and Seidenberg
(2004) both noted, the effects of BWF are opposite to
model predictions.
As for the models’ prediction of an impact of BW letter
overlap with its PH, preliminary results are not
encouraging. We correlated the MBD88 PH RTs with two
standard orthographic similarity metrics, Levenshtein’s
(1966) Orthographic Distance (OD) measure and Van
Orden’s (1987) modification to Weber’s (1970) graphical
similarity measure. Neither OD (r = .15, p = .17) nor Van
Orden’s (1987) graphical similarity measure (r = .14, p =
.21) accounted for significant variance.
Finally, to the best of our knowledge, no published
study has tested for an interaction between the level of
orthographic overlap between a PH and its BW and BWF.

Present Aims
The analyses reported here revisit the issues of whether
(i) orthographic overlap between the PH and its BW, and
(ii) BW frequency, influence lexical decision performance
to PHs. Furthermore, (iii) we explicitly test for an
interaction between letter-level overlap and BWF.
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Collectively, these analyses provide several strong tests of
model predictions.

800

MBD88 PH RTs (ms)

Quantifying Orthographic Similarity. As we just
noted, traditional measures of orthographic overlap
between PHs and their BWs failed to account for
significant variance in the MBD88 PH RTs. How might
we reconcile these null results with model predictions?
Perhaps, following Coltheart et al., (2001), the strength
with which a PH activates lexical orthographic
representations is determined primarily by the proportion
of its letters that the BW shares with the PH. Both OD and
Van Orden’s graphical similarity measure are sensitive to
orthographic dimensions that are orthogonal to simple
shared letter proportion. For example, the values of both
measures decrease when the PH is longer (contains more
letters) than the BW (e.g., MIRTH-MIRTHE). Adding
letters to create a PH does not alter the proportion of the
letters in the BW that also appear in the PH, however.
Thus, the traditional similarity metrics may incorporate
irrelevant variance that reduces their power to predict PH
RTs.
Accordingly, we derived a new orthographic similarity
measure that quantifies only the proportion of the letters in
the BW that also appear in the PH. This measure,
SLC/lenBW, sums the number of letters that the BW shares
with the PH (Shared Letter Count, abbreviated to SLC),
and divides the SLC by the total number of letters in the
BW (abbreviated to lenBW).
Following Balota, Yap, Cortese, Hutchison, Kessler,
Loftis, Neely, Nelson, Simpson, and Treiman (2007), we
quantified BWF using HAL-F, a log-transformed version
of the HyperSpace Analog to Language (HAL) frequency
counts (Lund & Burgess, 1996) obtained from Balota and
colleagues’ English Lexicon Project website (Balota et al.,
2007). We then regressed SLC/lenBW, BWF, and their
interaction on lexical decision PH RTs from MBD88 and
Armstrong and Plaut (2016). To anticipate, the results from
these two data sets were very similar and challenge
predictions of both localist and PDP models.
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Figure 1: Effect of BW-PH letter overlap (SLC/lenBW) on
PH RTs in MBD88.
To illustrate the form of the interaction, we separated the
80 MBD88 PH’s into those with SLC/lenBW values of
0.75 and above (high-orthographic-overlap items; N = 66)
and those with SLC/lenBW values below 0.75 (lowerorthographic-overlap items; N = 14). The scatterplots in
Figure 2 below illustrate the effects of BWF on RTs for the
two categories of items. As shown in the left panel, BWF
effects were strikingly absent among the PHs with the
highest SLC/lenBW values (r = 0.01, b = -0.25, t = - 0.09,
p = .93). In sharp contrast, among the PHs with lower
SLC/lenBW values, RTs to PHs constructed from highfrequency BWs were faster than RTs to PHs constructed
from low-frequency BWs, though the main effect of BWF
was only marginally significant (r = 0.49, b = -7.94, t = 1.99, p < .08).
Discussion. The performance patterns revealed by our new
analyses appear inconsistent with computational models of
word recognition and the lexical decision task. According
to the word recognition models, activation of BW
representation(s) should be strongest among PHs that
contain most or all of the letters that make up their BWs,
particularly for PHs derived from HF BWs. Assuming that
“No” decision making is influenced by the strength with
which the nonword activates lexical representations
(Wagenmakers, Steyvers, Raaijmakers, Van Rijn, &
Zeelenberg, 2004), PH RTs should be slowest among PHs
that share the most letters with their BWs, particularly for
PHs derived from HF BWs. Instead, RTs to PHs with the
most letter-level overlap with their BWs, while indeed
slower than RTs to PHs with less overlap, were insensitive
to BWF. In contrast, among PHs with more distinct
orthographies, PHs derived from high-frequency BWs
were faster than RTs to PHs derived from low-frequency
words.

Analyses of the MBD88 data set
A regression analysis was performed on the MBD88 PH
RTs with mean PH RTs as the outcome variable and
SLC/lenBW, BWF, and their interaction (centered) as the
predictor variables. As SLC/lenBW increased, PH RTs
also increased (b = 219.4, t = 4.18, p < .001). As shown in
Figure 1, the zero-order relationship between SLC/lenBW
and PH RTs was quite substantial. There was no main
effect of BWF (b = -3.25, t = 1.24, p > .2), but critically,
BWF participated in a significant SLC/lenBW by BWF
interaction (b = 85.79, t = 2.338, p < .03).
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Figure 2. Scatterplots of MBD88 Lexical Decision RTs as a function of BWF for PHs of higher (SLC/lenBW values of 0.75
and above; left panel) and lower (SLC/lenBW values < 0.75; right panel) levels of orthographic overlap with their BWs.
When surprising data patterns are revealed through posthoc analyses, some skepticism is warranted regarding the
robustness and generality of the findings. Furthermore,
since only 14 of the 80 PHs in the MBD88 item set had
SLC/lenBW values less than 0.75, critical aspects of the
results are based on a very small sample of items. The small
sample size raises the uncomfortable possibility that the
critical items possess idiosyncratic attributes that might
covary with the variables of interest, and so effects
obtained with these items may not generalize to other PH
samples.
MBD88’s experiment was designed to study whether PH
RTs would be slower than a set of nonhomophone controls,
and sensitive to BWF. In contrast, a more recent lexical
decision study by Armstrong and Plaut (2016) was
designed to examine semantic ambiguity effects on word
performance as a function of the makeup of the nonwords.
Following Rodd, Gaskell, and Marslen-Wilson (2002)’s
findings that significant semantic ambiguity effects emerge
when the foils are PHs but not word-like nonwords, the
nonwords in one of Armstrong and Plaut’s conditions
consisted of 500 PHs. No yoked nonword controls for the
PHs were included in the study, and no analyses of PH RTs
or error rates were reported. However, Armstrong and
Plaut’s PH set included many more PHs, and many more
with SLC/lenBW values less than 0.75, than the MBD88
sample. Additionally, Armstrong and Plaut included a
between-participants manipulation of stimulus quality by
presenting the stimuli either in white against a dark
background (high contrast condition) or in dark grey
against a dark background (low contrast condition). Thus,
the Armstrong and Plaut database of PH RTs provides
multiple opportunities to test the robustness and generality
of our findings with the MBD88 items, while also avoiding
potential experimenter bias during item selection (Forster,
2000).

Analyses of Armstrong and Plaut (2016) data set
Prior to analyzing the Armstrong and Plaut (2016) PH
RTs, we removed a large number of double PHs, that is,
PHs that sound like two BWs with different spellings, as
calculating unambiguous values for SLC/lenBW for
double PHs is not possible. We also removed smaller
numbers of PHs that we either couldn’t associate
immediately with a BW, or that Armstrong and Plaut
classified as outliers. This left a sample of 363 PHs, 75 of
which had SLC/lenBW values less than 0.75.
We then submitted the Armstrong and Plaut (2016) PH
RTs to a multiple regression analysis including Stimulus
Quality, SLC/lenBW, BWF, and the (centered)
SLC/lenBW by BWF interaction as predictors. There was
a significant effect of stimulus quality, with high contrast
items being faster than low-contrast items (b = 61.9, t =
17.9, p < .001). More important for present purposes, the
main effects of both SLC/lenBW (b = 61.6, t = 4.68, p <
.001) and BWF (b = -1.63, t = 2.12, p < .04) were
significant. Even more critically, we once again observed
an interaction between SLC/lenBW and BWF (b = 18.4, t
= 3.54, p < .001). The nature of the interaction is illustrated
in Figure 3, which plots the effect of BWF for PHs with
SLC/lenBW proportions of 0.75 or greater (N = 288) on the
left side of the Figure, and PHs with SLC/lenBW
proportions lower than 0.75 (N = 75) on the right side. The
scatterplots for the high-contrast stimuli (top panels) reveal
exactly the same pattern we found with the MBD88 PH set:
No effect of BWF on RTs for PH’s that share most or all
of their letters with their base word (t = 0.57, p > .5), but a
strong effect of BWF among PHs that share fewer letters (t
= -4.02, p < .001). Again, the BWF effect reflected the fact
that RTs to PHs derived from higher-frequency BWs were
faster than RTs to PHs derived from lower-frequency
BWs.
The two plots along the bottom of Figure 3 reveal exactly
the same patterns when the PHs were perceptually
degraded: A null effect of BWF on the high SLC/lenBW
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Figure 3. Scatterplots of PH RTs as a function of BWF from Armstrong and Plaut (2016.) The plots on the left side of the
Figure include RTs for PHs with high levels of letter overlap with their BWs. The plots on the right side of the Figure include
RTs for lower-letter-overlap PHs. The upper panels plot the data from the high-contrast (clear) condition; the lower panels plot
the data from the low-contrast (degraded) condition. Solid lines are the least-squares regression lines predicting the effect of
BWF on each set of data. AP16 = Armstrong and Plaut (2016).
items (t = 0.72, p > 0.4), but faster RTs for PHs derived
from high-frequency BWs than from low-frequency BWs
among the lower SLC/lenBW items (t = -3.19, p < .01).
A reviewer of an earlier version of this paper was
concerned that SLC/lenBW might be confounded with the
extent to which a PH’s spelling overlaps with English
words in general, which could compromise the
interpretation of the SLC/lenBW by BWF interaction. To
address this concern, we performed a second multiple
regression analysis including an additional predictor
variable, OLD20, that quantifies the orthographic
“typicality” of each PH’s spelling pattern (Yarkoni, Balota,
& Yap, 2008). The SLC/lenBW by BWF interaction was
statistically unaffected by the inclusion of OLD20.

Orden et al., 1992; Ziegler, Jacobs, & Kluppel, 2001)
where faster latencies were found for PH’s derived from
high-frequency BWs than from low-frequency BWs. The
present analyses revealed faster latencies for PHs derived
from high-frequency BWs in the MBD88 and Armstrong
and Plaut (2016) data sets too, but only among PHs that are
orthographically distinct from their BWs. Therefore, the
absence of a main effect of BWF in MBD88 was almost
certainly a consequence of the small number of lowspelling-overlap items in the MBD88 PH set.

General Discussion
Our results bear on two enduring issues in the word
recognition literature: How lexical knowledge influences
PH processing, and the source of word-frequency effects.
On the former issue, the fact that RTs among PHs that
contain most of the letters that make up their BWs were
slower than RTs to PHs with more distinct orthographies
suggests that high-letter-overlap PHs (e.g., WHELT),
activate lexical structures more strongly than lower overlap
PH’s, and the stronger activation interferes with classifying
the stimulus as a nonword.

Discussion. The form of the SLC-SP/lenBW by BWF
interaction in Armstrong and Plaut’s (2016) PH data set
replicates our findings with the MBD88 PH set in all
respects and helps clear up inconsistent findings in the
literature. Most notably, the lack of a statistically
significant BWF effect in MBD88 conflicts with the results
of several subsequent studies (Van Orden, 1991; Van
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Given this interpretation, computational models of all
stripes would predict that PHs that share most of their
orthography with their BWs should be sensitive to BWF.
Yet, they are not. To further investigate this rather
extraordinary result, we identified 113 PHs from the
Armstrong and Plaut (2016) PH set whose length is
identical to their BW and differ from it by only one letter.
Despite the very high orthographic similarity between
these PHs and their BWs, the zero-order correlation
between their “No” RTs and their BWFs was nonexistent
(r = -0.0048, b = -0.098, t = -0.05, p = .96). This raises an
obvious question: How frequency sensitive would lexical
decision RTs be to the BWs themselves? The answer can’t
be obtained from the Armstrong and Plaut (2016) study, as
the BWs weren’t included in it, but we were able to obtain
mean RTs for all 113 BWs from the English Lexicon
Project database of lexical decision RTs (Balota et. al.,
2007). The correlation between BW “Yes” RTs and BWF
turned out to be an impressively large 0.578 (b = -24.87, t
= 28.97, p < .001). If lexical representations are inherently
frequency-sensitive, how is it that making contact with
what are presumably the same representations produces no
effect of frequency on PH “No” RTs, but a very strong
effect on BW “Yes” RTs? We are currently exploring this
puzzle through additional data collection and modeling
efforts.
The second notable result from our analyses is that BWF
effects emerged among PHs that are orthographically
distinct from their BWs, such that RTs were faster for PHs
derived from HF BWs than for PHs derived from LF BWs.
This result is also difficult to reconcile with extant
computational models. According to the models, PHs
derived from high-frequency BWs generate stronger levels
of activation in structures that represent lexical knowledge
than PHs derived from low-frequency BWs. All other
things being equal, RTs to PHs derived from highfrequency BWs should be slower than RTs to PHs derived
from low-frequency BWs, not faster.
While the BWF effects we found seem at odds with the
models, the effects replicate several previous findings with
humans (Van Orden, 1991; Van Orden et al., 1992; Ziegler,
Jacobs, & Kluppel, 2001; see also Jared & Seidenberg,
1991, for similar results in a binary semantic classification
task). To account for their findings, Van Orden, Ziegler,
and their colleagues proposed that when confronted with a
PH, people retrieve the BW spelling from their repository
of whole-word spelling knowledge and compare the BW
spelling with the PH spelling (see also Besner & Davelaar,
1983). The discrepancy between the two spellings provides
evidence that the PH is a nonword. Assuming further that
lexical memory for the spelling of high-frequency BWs is
stronger than for the spelling of low-frequency BWs
(Abrams & White, 2010), the spell check is completed
more quickly for PHs derived from HF BWs than those
derived from LF BWs.
If PH processing features a spell check, we would expect
it to be performed on all PHs, regardless of how many

letters they share with their BW. Why, then, did the spell
check not produce a BW frequency effect among highoverlap PHs? We speculate that when most or all of letters
making up the BW are present in the PH, the need to
retrieve the correct spelling for the BW is reduced or
eliminated, as the PH “primes” the BW spelling directly.
Direct priming of the BW spelling via PH orthography
removes the temporal penalty that otherwise accompanies
the retrieval of the BW spelling pattern from lexical
memory. Hence, the more BW letters are present in the PH,
the less sensitive the spell-check procedure is to BWF.
To our knowledge, a spell check has yet to be
implemented in a localist computational model. However,
Harm and Seidenberg (2004) incorporated a spell-check
mechanism into their triangle PDP model in the form of a
backpropagation channel between the semantic and
orthographic processing networks. The channel yields a
pattern of activation across the units of the orthographic
network that captures the network’s knowledge of BW
spelling. In principle, the BW pattern could be compared
to the actual bottom-up pattern generated by the PH itself,
and discrepancies between the two could be used to
distinguish the PH spelling from the BW spelling. Through
simulation, Harm and Seidenberg found that the higher the
PH’s BWF, the more strongly and accurately the
orthographic activation pattern produced by the
backpropagation channel resembled the activation pattern
generated by the BW itself. In other words, the
backpropagation channel yielded the “raw material” –
better “memory” for the spelling of a HF compared to a LF
word – that could account for the sensitivity of the spell
check to BWF.
Whether the BWF sensitivity of Harm and Seidenberg’s
(2004) spell check would be attenuated among PHs that
share most of their spelling with their BW can only be
answered definitely through an actual simulation.
However, we note that Harm and Seidenberg’s simulations
also established that PHs that differ from their BW by only
a single letter generate semantic activation patterns that
more broadly match the patterns generated by their BWs
than the patterns generated by more orthographically
distinct PHs. Assuming that Harm and Seidenberg’s
backpropagation channel would pass this difference on to
the orthographic network, the orthographic activation
pattern would more strongly and accurately match the BW
orthographic pattern for high-overlap PHs than for loweroverlap PHs. In previous work, Plaut, McClelland,
Seidenberg, and Patterson (1996) showed that if two
activation “drivers” (such as orthographic overlap and
BWF) jointly influence the rate at which the strength of an
activation pattern grows over time, one driver can squash
the influence of the other, yielding subadditive effects of
the two on the growth function. Thus, previous PDP model
results suggest that an expanded set of simulations could
reveal a more frequency-sensitive spell check for lowoverlap PHs than for high overlap PHs.
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Abstract

hold, and are therefore regarded as superficial similarities.
Just as base analogs stored in long-term memory (LTM) can
sometimes maintain only structural similarities with the target,
other stored items might maintain only superficial similarities.
Consider Köhler’s experiment wherein a chimpanzee manages
to reach some bananas by piling up two boxes and stepping
on them. Despite some resemblances with the sour grapes
fable at the level of isolated entities and relations, both situations
instantiate clearly different principles. Situations maintaining
similarities only at the level of isolated relations and entities
are called surface matches.
A question of central interest to the discussion about the
efficacy of our cognitive system concerns the kind of
similarity that governs the retrieval of related content from
memory. Put more simply, are we more likely to retrieve
surface or structural matches to a working memory probe?
The procedure typically employed to address the question of
which kind of similarity governs retrieval consisted in having
participants read a series of stories during a first phase, and
then presenting participants with a new set of stories, each
one maintaining some kind of similarity with one of the
stories of the previous phase. For each of the stories of the
second set, participants have to report which stories from the
first set such cue reminded them of. As an example, one of
the target stories used by Gentner, Rattermann and Forbus
(1993) stated that an old hawk was attacked by a hunter who
needed feathers for his arrows. After the hunter missed, the
hawk glided down and offered to give him a few feathers, for
which the hunter pledged never to shoot the hawk again. The
structurally-similar base situation of this set of materials
shared first-order and higher-order relations with the target,
but did not maintain similarity at the level of entities: It told
that a warlike country wanted its neighbor’s powerful
computers and attacked it with missiles. After the aggressor
failed, the attacked country offered to sell some of its
computers to it, with the result that its neighbor country
promised never to attack it again. In contrast with the
structurally-similar base item, the superficially-similar item
maintained similar objects and first-order relations with the
target, but not a common causal pattern of events: It told that
an eagle received a failed attack from a sportsman, who tried
to kill her with a crossbow and some featherless arrows. As
the eagle suspected that the sportsman wanted her feathers,

Traditional laboratory studies have found that people are more
likely to retrieve surface matches than distant analogs,
suggesting that superficial similarities exert a stronger
influence than structural similarities on retrieval. However, it
has been contended that the observed supremacy of surface
similarity may have originated in experimental conditions that
are unfairly adverse for the retrieval of distant analogs, as well
as in a faulty separation between surface and structural
similarity during the construction of surface matches. In two
experiments, we presented a target item that maintained only
superficial similarities with one extra-experimental source and
only structural similarities with another one. By using natural
items, we were able to avoid the shallow processing often
attributed to experimental analogs, while carefully controlling
that surface matches did not maintain structural similarities.
Converging with traditional results, our data showed a more
frequent retrieval of surface matches than of distant analogs,
indicating a supremacy of superficial similarities during retrieval.
Keywords: analogy; retrieval, superficial similarity

Introduction
The ability to draw analogies across thematic domains
appears in all short-lists of inherently human capacities, as it
subserves activities as sophisticated as scientific discovery
(Hesse, 1966), argumentation (Blanchette & Dunbar, 2001),
instruction (Richland, Holyoak, & Stigler, 2004) or metaphor
(Lakoff & Johnson, 1980). By linking the elements of a
poorly understood situation (target analog) to those playing
parallel roles in a better-known situation (base analog),
unmapped base elements can be projected onto the target analog.
Suppose that Jenny applies for a role in a play, but after being
rejected she tells her friend that it is better this way, since the
script was not good enough. This reaction could perhaps
bring to her friend’s memory a famous fable from Aesop,
wherein a fox fails to reach some grapes from a tree, and
consoles itself by affirming that the grapes were sour after all.
The above situations could be considered analogous to the
extent that they maintain structural similarities, that is, they
instantiate the same causal pattern of events (i.e., someone
fails to achieve a goal, and then minimizes its importance). In
contrast, the semantic similarities between entities playing
like roles in the compared situations (e.g., actress  fox, a
play  grapes) do not represent a requisite for an analogy to

312
In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

she glided down and offered him a few, with the result that
he promised never to attack her again. But he did, and as the
eagle was falling from the tree, she realized that the arrow
was steered by her own feathers. Across a series of
experiments following this procedure, Gentner et al. (1993)
obtained that superficial matches were retrieved in nearly
50% of the cases, whereas structural matches were retrieved
in less than 20% of the cases. Later studies using this procedure
(e.g., Catrambone, 2002; Warton, Holyoak, & Lange, 1996)
yielded similar results, thus informing the development of
computer simulations that mimic this superficial bias (e.g.,
Forbus, Gentner, & Law, 1995; Hummel & Holyoak, 1997).
With the turn of the century, several authors (e.g.,
Blanchette & Dunbar, 2000; Hofstadter & Sander, 2013;
O’Keefe & Costello, 2008) have contended that the
supremacy of surface similarity obtained in traditional
experimental studies may have originated in experimental
conditions that are unfairly adverse for the retrieval of distant
analogs, as well as in a faulty separation between surface and
structural similarity during the construction of experimental
materials. As opposed to series of as many as 32
inconsequential stories—which participants “swallow” one
after the other without much opportunity for elaboration—,
the base situations to which we resort when generating
analogies tend to be, in general, extremely familiar.
According to Hofstadter and Sander (2013), we all rely on
base situations to which we have devoted our full attention,
and which have been consolidated over time. In turn, their
repeated retrieval is likely to elicit their generalization,
increasing the likelihood that such knowledge becomes
activated during the processing of superficially dissimilar
analogs (Ross & Kennedy, 1990). Hence, both the
experimental stories and the conditions under which they
were learned might not do justice to the way in which the
extra-experimental episodes that we naturally employ as base
analogs are typically encoded.
On the other hand, it has been demonstrated that
participants regard some of Gentner at al.’s (1993) surface
items as sharing not only objects and first-order relations with
the target, but some degree of higher-order structure as well
(Raynal, Clement, & Sander, 2020, Experiment 1B). To
illustrate, despite an obvious mismatch in how Karla the
Hawk and Zerdia the Eagle end, there is a non-trivial
structural commonality in that in both cases someone
attempts to avoid an attack by offering the attacker the
resource that the attacker is presumed to desire. As the
segment that precedes its mismatching ending could serve as
a structural cue to the base story, the assertion that its retrieval
was based exclusively on surface similarity is problematic.
In a series of experiments using a story-reminding
paradigm, Raynal et al. (2020) reassessed the superiority of
surface vs. structural similarity during retrieval by means of
a set of stories in which the surface matches were specially
crafted to avoid any degree of structural overlap with the target.
Somewhat reminiscent of Karla the Hawk, this target
involved an ambulant pizzaiolo who held a pizza truck in a
popular place, but who reacted to the settlement of another

pizzaiolo in a nearby location by giving him generous advice
on how to improve his dough. The target story ended that in
order to show how much he found his intention was nice, the
second pizzaiolo relocated his truck to avoid competing with
him. While the analogous match reinstantiated the abstract
features of the target in the context of two girls who competed
for attention from a boy to whom they were both attracted,
the superficial match only shared isolated objects and
relations with the target: It involved a food truck called “At
Alessandro & Fabio’s”, whose clientele were fond of the
authentic atmosphere steaming from this stand, held by two
happy looking pizzaioli dressed in traditional Italian suits.
However, the story ended that once the two pizzaioli had left
this selling space, they switched to traditional German clothes
for selling sausage specialties at “Hans & Hendrich’s”.
Across three experiments, Raynal et al. (2020) found that the
retrieval of structural matches (around 80%) was nearly four
times higher than the retrieval of superficial matches, a
pattern that stands in sharp contrast with that of Gentner et al.
(1993). As the retrieval of surface matches could not be
attributed to the concurrent presence of structural similarity,
the authors argued that surface similarity does not represent
the main contributor to retrieval. On this account, our
cognitive architecture is reasonably well-suited for locating
abstractly related items in LTM, even when they compete
with purely superficial matches.
Despite the apparent superiority of Raynal et al.’s (2020)
materials for assessing the supremacy of surface vs. structural
similarity during the retrieval of related content from
memory, resorting to a narrower set of stories (between 6 and
8) to be read during the learning phase might conceivably
allow for serially comparing the target against each of the
stories from Phase 1, therefore circumventing the massive
computation that would otherwise be needed to search the
whole of LTM. As we see it, the traditional version of the
story-reminding paradigm faces a conundrum: While the
inclusion of too many stories (as in Gentner et al., 1993)
hinders the possibility of achieving an adequate encoding of
base stories in LTM, the decision to include a narrower set of
stories allows participants to execute a serial type of search
that trivializes the problem of navigating LTM at large. In
light of this trade-off, we reasoned that the possibility of
resolving the current inconsistency of results about the kind
of similarity that governs memory retrieval would benefit
from moving away from the traditional 2-phase version of the
story-reminding paradigm, and towards more ecologicallyvalid conditions wherein participants are not prompted to
focus their search on an episodically-predefined set of
memory items. While it is true that memory search can on
certain occasions be circumscribed to an episodically-bound
set of alternatives (e.g., as when needing to relate a physics
problem to the problems reviewed in the chapters covered by
the quiz), the most prevalent opportunities for analogical
retrieval are at the same time the most challenging, in the
sense that we not only lack a subset of LTM wherein to
circumscribe our search, but typically lack any hint about the
availability of analogous cases in the memory set. To

313

engineer visits the site in a helicopter driven by a rescue
firefighter. The belt begins to fail, and the vibrations radiate
some 5km outside the perimeter. The Secretary of Safety
proceeds to the cancellation of the project.

complicate matters more, the temporal and contextual
separation between the base and the target encodings are
dramatically larger than in traditional experimental studies1.
To assess the kind of similarity that governs the
spontaneous type of retrieval that takes place in these more
stringent but realistic set of conditions, we adapted the hybrid
procedure previously employed to compare the retrieval of
naturally-encoded structural analogs presenting different
degrees of surface similarity with the target while controlling
for the potentially uneven availability of these types of items
in LTM (Trench & Minervino, 2015). As the base situations
included in the present study were selected to be especially
compelling to participants, its deployment as base analogs
could potentially overcome the artificiality and lack of
personal engagement often ascribed to experimental stimuli
used in the story-reminding tradition. For Experiment 1, we
selected two popular movies seen by most of the population
under study, and crafted a target situation that shared
structural features with one of the movies, and superficial
features with the other. Once participants had read the target
situation, they were asked to report any movie that had
spontaneously come to mind, even if briefly, while reading
the story. The second experiment replicated this procedure
with another type of personally significant extraexperimental episodes: widely reproduced public events.

The fictional situation presented above maintains structural
correspondences with “Jurassic Park”, a tremendously
successful adaptation of Michael Crichton’s best-selling novel
that had been watched by most participants of the study,
sometimes more than once. The plot involves a wealthy
businessman who had succeeded in reproducing dinosaurs
out of fossil DNA, and who plans to use them as a touristic
attraction. During an inspection of the park, scientists from
different disciplines raise doubts about the safety of the project,
under the argument that such complex biological phenomena
might unfold in unpredictable ways. During the inspection,
the dinosaurs break down the security fences and attack
people, thus precipitating the cancellation of the project.
The structural similarity between “Jurassic Park” and the
target analog herein presented has to do with the fact that in
both cases (a) there is a project to artificially reproduce
natural phenomena, (b) there is an intention to exhibit such
phenomena to a broader audience, (c) qualified experts raise
doubts about the safety of the project, (d) during an inspection
to the site, the reproduced phenomena get out of control, and
(e) this outcome precipitates the cancellation of the project.
At the same time, the target situation presented to participants
maintained superficial similarities with another popular movie:
“St. Andreas”. In this movie, a rescue firefighter drives a
helicopter from Los Angeles to San Francisco accompanied by
his ex-wife, with the initial objective or rescuing their
daughter from an earthquake of apocalyptic dimensions.
While flying over the affected areas, they help other victims
that need to be rescued. This partnership aids in rebuilding
their relationship, as well as in healing the loss of an older
daughter of theirs some years before. Even though the plot of
“St. Andreas” shares a few isolated entities and relations with
our target situation (an earthquake, a geologist and a
helicopter steered by a rescue firefighter), their causal
patterns of events are completely unrelated.

Experiment 1
Method
Participants An initial sample of 422 Argentine residents
were invited to volunteer for the study through email,
Facebook and WhatsApp. The only requisites for participation
were being over 18 years, having completed high school
education, and not having taken university-level courses of
Psychology. The final sample comprised 138 participants
between 18 and 64 years of age (M = 29.44, SD = 9.04, 54%
female) whose scores on the questionnaires presented at the
end of the study showed evidence of faithful memory of at
least one of the two movies employed as base items.
Materials In order to assess the spontaneous retrieval of
structural and/or superficial matches encoded in extraexperimental settings, participants read the following story:

Procedure The initial cohort of candidates were invited
through email and social media to participate anonymously in a
brief study on text comprehension. Those responding positively
were subsequently sent a link to a Google Form, whose first
page consisted in an informed consent. Upon accepting to
participate, the “next” button led to a second page dedicated
to collect demographic information such as age, gender, and
achieved level of studies. After the demographics section, a
text segment asked participants to read the subsequent material
very carefully, so as to be able to answer comprehension
questions about it. Participants could read the text for as long
as they wanted, and had to press “next” to proceed to the
following section. In the following page they were asked to
report whether any movies had come to mind, even if just
briefly, while reading the previous text. For those responding
“yes”, a space opened up to list a maximum of four movies. In

Based on images captured by a space probe, geologists from
Harvard succeeded in artificially reproducing the quakes that
take place in the Tethys Moon of Saturn. Their objective is
to observe them more directly. These recreations are being
carried out in the desert of Monument Valley, Arizona.
The site has been sealed with an isolating material that
precludes the propagation of the seismic activity outside of
the experimentation zone. Before inviting external geologists
to observe the earthquakes, the University needs approval
from Arizona’s Secretary of Safety Against Natural Disasters.
The engineer in charge of this organization has doubts
regarding the project, and has warned the geologists that the
artificial reproduction of natural phenomena may engender
unforeseeable results, which often escape human control.
In order to assess the safety of the anti-seismic belt, the
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case any of the recalled movies belonged to a series (e.g.,
Terminator 1, 2 or 3), participants were asked to specify of
which particular movie they had been spontaneously reminded.
The next question asked participants whether they had seen
“Jurassic Park”. In order to avoid counting as retrieval failures
those cases where the critical information to be retrieved was
not available in LTM, participants responding “yes” were further
asked to respond 5 multiple-choice questions about the movie’s
plot (see Table 1). In a similar manner, participants were
queried about whether they had seen “St. Andreas”. Only
participants who got at least 4 of the 5 questions in at least one
of the two questionnaires were retained for further analysis.

(Jurassic Park) but not to both, the superficial match was
more frequently retrieved than the structural match 48.7% vs.
16.1%, 2(1, 89) = 6.07, p = .0137,  = .26. The central result
of the present research, however, concerns the responses
given by participants who had both a surface match and a
structural match available in LTM. Like in the previous
contrast, an analysis of the responses given by the Jurassic
Park + St. Andreas group revealed that the superficial match
was more frequently recalled than the structural match, 52%
vs. 14%, McNemar’s 2(1, 50) = 13.37, p < .001,  = .52.
The results of the between and the within-participants
comparisons are consistent with those of the first generation
of studies using a cued-recall paradigm (e.g., Gentner et al.,
1993), which led to the conclusion that superficial similarity
exerts a stronger effect than structural similarity on retrieval.
Given that we took care in ensuring that the target situation
did not maintain any degree of structural similarity with the
superficially similar base item, the present results are immune
to the criticism raised against traditional studies regarding the
inadvertent inclusion of structural similarity in the surface
matches (see Raynal et al., 2020). On the other hand, as our base
analogs consisted of meaningful situations naturally encoded
by participants prior to the experimental session, the scarce
retrieval of the structural match cannot be attributed to a
frugal and mindless processing of the sources.
Even though the events that constitute the plot of popular
movies like “Jurassic Park” were available in participants LTM,
it could be argued that participants might have been immersed
in the constituent episodes of the movies in a local manner,
without ever taking the time to compile the key events of the
plot in a compact, unified representation like the synopses
that appear in press releases and reviews. Even in those cases
where such a succinct representation of the complete causal
structure was constructed, participants may not have abstracted
it at the level of generality that would have been necessary to
reliably retrieve other instances of the same underlying logic.
In the words of Goldwater, Gentner, LaDue and Libarkin
(2021, p. 19): “Even if you have watched Jurassic Park five
times, you may not start to see the world in terms of the plot
structure of Jurassic Park (at least without active imaginative
elaboration)” (For a similar argument, see Raynal et al., 2020).
In order to assess whether the observed supremacy of
superficial similarity generalizes to cases where the causal
structures of base situations are comparatively easier to
compile and generalize, the extra-experimental analogs used
in Experiment 2 consisted in highly reproduced public events.

Table 1: Questions used to assess participants'
representation of the plot structure of Jurassic Park
1. A philanthropist succeeded in cloning dinosaurs out of
(a) DNA in fossilized mosquitos that had bitten dinosaurs
(b) fossilized dinosaur eggs
(c) frozen dinosaurs found in a glacier
(d) bones retrieved from underground layers
2. The philanthropist aimed at
(a) opening the park to the visit of scientists
(b) cloning other extinct species beyond dinosaurs
(c) opening the park to the general public
(d) selling the dinosaurs to zoos from all over the world
3. Scientists plus a representative of the investors
(a) assess the feasibility of building similar parks in other
places
(b) visit the park to assess its safety
(c) travel to the park to attend its inauguration ceremony
(d) intend to conceal unethical procedures related to how
the dinosaurs are being cloned
4. One of the scientists expresses that
(a) the dinosaurs are not being adequately fed
(b) certain dinosaur species could attack smaller species
(c) technology should not be used to clone human beings
(d) the artificial reproduction of natural phenomena often
escapes human control
5. During the visit to the park
(a) dinosaurs escape their cages and the project is cancelled
(b) dinosaurs kill two of the three scientists
(c) an unknown illness kills most of the dinosaurs
(d) it is decided that the project could be approved pending
some safety improvements
The “Jurassic Park” group (n = 56) comprised participants who
passed the Jurassic Park quiz, but either had not seen St. Andreas
or did not pass its quiz. In turn, the “St. Andreas” group (n =
33) comprised participants who passed the St. Andreas quiz,
but either had not seen “Jurassic Park” or had not passed its
corresponding quiz. Participants passing both quizzes (n =
50) were assigned to the “Jurassic Park + St. Andreas” group.

Experiment 2
Method
Participants An initial sample of 388 Argentine residents
were invited to volunteer for the study through email,
Facebook and WhatsApp. The only requisites for participation
were being over 18 years, having completed high school
education, and not having taken university-level courses of
Psychology. The final sample comprised 98 participants
between 18 and 75 years of age (M = 32.22, SD = 14.63, 67%
female) whose scores on the questionnaires presented at the

Results and Discussion
Among participants who had been exposed to either the
superficial match (St. Andreas) or the structural match
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end of the study demonstrated a faithful memory of at least one
of the two public episodes employed as base items.

preceded by an instruction to read the text very carefully, so
as to be able to answer comprehension questions about it. The
post-task questionnaires followed the same logic as those of
the previous experiment, with the sole difference that instead
of alluding to movies, they now alluded to public events (see
Table 2). Participants’ responses to the multiple-choice
questionnaires about the birthday affair and the capybaras
invasion determined the assignment of 20 participants to the
“birthday” group, 26 participants to the “capybaras” group,
and 52 participants to the “birthday + capybaras” group.

Materials In order to assess the spontaneous retrieval of the
structurally-similar and/or the superficially-similar public
events used as base items, participants read the following story:
The city of Ottawa sits on the banks of an important river.
About 40 km upriver, a small population of beavers is
rapidly decreasing in size. Some time ago, Ottawa’s Animal
Protection Association has banned the hunting of beavers.
The wealthy families from Ottawa have been developing
gated neighborhoods on the wetlands of the river. The Animal
Protection Association organizes excursions for these families
to learn about how beavers live, and how friendly they are.
Besides discouraging their hunting, they persuade the families
of adopting specimens in order to raise them and breed them,
so as to later return the beavers to their natural habitat. The
looking of the gated neighborhoods has turned a bit odd, as
there are more and more beavers in the gardens of the houses.
Recently it came out that members of the Animal Protection
Association had been hunting beavers, causing indignation
among the families. The hunters apologized, but the Association
lost credibility. People kept adopting the beavers, but there
are less and less individuals signing for the excursions.

Results and Discussion
Among participants who had been exposed to either the
superficial match (capybaras) or the structural match
(birthday) but not to both, the superficial match was more
frequently retrieved than the structural match 50% vs. 0%, 2
(1, 46) = 13.94, p = .0002,  = .55 The central result, however,
concerned the responses given by participants who had both
a surface match and a structural match available in LTM.
Like in the previous contrast, an analysis of the responses
given by the birthday + capybaras group revealed that the
superficial match was more frequently recalled than the
structural match, 38.5% vs. 5.8%, McNemar’s 2(1, 52) = 17,
p < .0001,  = .57. This pattern of results therefore
generalizes the findings of Experiment 1 to meaningful extraexperimental episodes whose salient structural features are
comparatively easier to compile and generalize.

The fictional situation presented above maintains structural
similarities with a highly reproduced public episode of 2021, in
which the partner of the Argentine President held her birthday
party at the presidential residence after the onset of the COVID
pandemic, when such encounters were expressly prohibited by
the President. This caused indignation in the population, and even
though the president apologized, his positive image deteriorated.
The structural similarity between the birthday affair and the
target analog herein presented has to do with the fact that in both
cases (a) authorities impose restrictions, (b) it later comes out
that the authorities have themselves violated the restrictions,
(c) authorities apologize, and (d) the authorities lose credibility.
At the same time, the target situation presented to
participants constitutes a superficial match to another episode
of Argentina that went viral during 2021: the proliferation of
capybaras in the gated community of Nordelta, a sophisticated
neighborhood developed on the wetlands of the Paraná River, a
few miles north of Buenos Aires. As these giant rodents have
destroyed manicured loans, bitten dogs and caused traffic
accidents, the neighbors are asking the authorities to take action.
However, environmentalists argue that capybaras are struggling
to recover their once natural habitat, from where they had been
excluded. Even though the situation presented to participants
shares a few isolated entities and relations with the proliferation
of capybaras in Nordelta (e.g., wild rodents in fancy gardens
and gated neighborhoods built on wetlands), their causal
patterns of events are completely unrelated (e.g., the presence
of the rodents is in one of the cases intended due to a decreasing
population and in the other resisted due to an overpopulation).

Table 2: Questions used to assess participants'
representation of the presidential birthday affair
1. This year it became known that Fabiola Yáñez, the
President´s fiancé, had organized her birthday party at
(a) their private flat
(b) the presidential residence
(c) a bar
(d) a rented venue
2. This meeting
(a) was not attended by the President
(b) was attended by the President but no other politicians
(c) was attended by the President and the vice-president
(d) was attended by the President and all the Ministers
3. In terms of regulations, the birthday meeting
(a) did not violate the restrictions arising from the pandemic
(b) violated COVID restrictions only slightly
(c) only violated the obligation of wearing facial masks
(d) did not violate any COVID restrictions at that time
4. In a later public speech, the President affirmed that
(a) the meeting had been illegal
(b) the meeting was a mistake
(c) the meeting was a healthy relief during a difficult time
(d) the meeting was a work-related activity
5. Those who attended the meeting
(a) faced moral condemnation, and were prosecuted by law
(b) faced moral condemnation, but were not investigated
(c) were criticized by the opposition, but defended by media
(d) were legally convicted

Procedure Participants accepting the invitation to participate
in a text comprehension study began by signing an informed
consent and stating their age, gender and level of studies. As
in Experiment 1, the presentation of the target situation was
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structurally related episodes from memory (see e.g., Gentner,
1989). The argument is based on the assumption that the
processes responsible for determining whether two situations
share an abstract relational pattern are computationally costly,
for which carrying out structural matches between the target and
all items stored in LTM would be psychologically unrealistic.
The evolutionary solution to the problem seems to have
consisted in taking advantage of superficial similarities to
select a manageable set of candidates for a subsequent
structural comparison with the target. As computing surfacelevel overlap is relatively straightforward, it could conceivably
allow a massive search throughout the whole of LTM. Given
that superficial features tend to be correlated with more abstract
properties (i.e., if two situations share viruses, deceases,
countries, vaccines, hospitals, doctors, etc., they likely share
the structure of a pandemic), there are chances of finding an
analog within the selected set of candidates. On the other hand,
as these surface features are relevant for knowledge transfer
between analogous cases (i.e., inferences for a pandemic are
better when analogizing to another pandemic than when
analogizing to a war), the retrieved analogs would likely be
among the most useful. However, the cost of this strategy would
be to retrieve close analogs and surface matches over distant
analogs, thus precluding access to relevant information that
could otherwise subserve scientific, artistic, or
communicational goals.
In more practical terms, resolving the theoretical question
that motivated the present research might bear implications
for the design of instructional interventions interested in
fighting the problem of inert knowledge. If a portion of this
educational problem can in fact be attributed to the surface
bias of our memory systems, more efforts should be spent in
designing cognitive interventions to neutralize it (e.g., Kurtz
& Loewenstein, 2007; Minervino, Olguín, & Trench, 2017;
Trench, Tavernini, & Goldstone, 2017, see Trench &
Minervino, 2017; 2020 for reviews). But if naturalistic
studies are right in claiming that the surface bias is an artifact
of crafty experimental procedures, such a rush to develop
cognitive protheses would be pursuing a pseudo-problem.
Everything seems to indicate that the surface bias is real, and
that the quest to develop effective cognitive interventions is
heading in the right direction.

General Discussion
In previous studies using naturally-acquired base analogs,
(Trench & Minervino, 2015; Olguín, Tavernini, Trench, &
Minervino, 2022) we have demonstrated that distant analogs
are significantly more difficult to retrieve than close analogs.
Even though the retrieval disadvantage relative to close analogs
might be somewhat inconvenient for some particular tasks (see
Olguín, Trench, & Minervino, 2017, for a discussion), the
situation would be even more pressing if, given a lack of close
analogs in LTM, distant analogs got outcompeted by memory
items maintaining only superficial similarity with the target.
Classic studies using a cued-recall paradigm (e.g., Gentner
et al., 1993) have found that distant analogs lose the battle
against surface matches, wherein objects and isolated firstorder relations are shared with the target. However, as
demonstrated by Raynal et al. (2020), some proportion of the
retrieval of surface matches could conceivably be accounted
for by the concurrent presence of structural similarity. As
expressed by these authors, the surface matches appear to be
literal matches until the outcomes of the stories differ. Such
nearly literal similes should not be treated as surface matches
since they can often subserve rigorous reasoning. To
exemplify, suppose that a friend of yours tells you that she
arrived early at an appointment with a busy nutritionist, with the
result that she got attended to earlier than originally scheduled.
If after hearing this story you recalled one or more episodes
wherein having arrived early at some other doctor’s
appointment did not result in being called in earlier, you would
be in a better position to reject your friends’ intuitive
generalization that arriving earlier than expected would likely
lead to leaving earlier from the doctor’s office. Hence, the
high retrieval of surface matches of the kind employed in
some of Gentner et al.’s (1993) sets of materials is neither a
conclusive proof of the supremacy of superficial similarity
during retrieval, nor an indication about the overall clumsiness
of the system, as has sometimes been contended.
But what if distant analogs were outcompeted by LTM items
maintaining no trace of structural similarity with the target?
Even though Raynal et al.’s (2020) study with a cued-recall
paradigm has obtained that purely superficial matches no
longer outcompete structural matches, the rather small number
of base items included in the learning phase may have allowed
participants to serially navigate the learning set in search for
a structural match to the target. By concentrating on two types
of extra-experimental source analogs, we were able to overcome
the serial search objection while attending to Raynal et al.’s,
remark about the importance of constructing surface matches
maintaining no traces of structural overlap with the target.
The results of our two experiments converge in demonstrating
that when participants are not hinted about the availability of
related content in LTM, the spontaneous recall of meaningful
extra-experimental episodes maintaining purely superficial
similarity is significantly more frequent than the retrieval of
purely structural matches.
Several authors have contended that the superficial bias of
our memory systems represents an expectable consequence of
the solution given by evolution to the problem of retrieving
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is to assume that they use knowledge about samples drawn
from their personal social network, such as family, friends,
and coworkers—and thus rely on social sampling (e.g.,
Galesic, Olsson, & Rieskamp, 2018; Schulze, Hertwig, &
Pachur, 2021).
A prominent example of a social sampling strategy is the
availability heuristic, according to which people infer the
frequencies or probabilities of events by the ease with which
instances or occurrences can be retrieved from memory
(Tversky & Kahneman, 1973). In fact, several studies have
demonstrated a link between people’s judgments of
population-level statistics and recalled instances of the
respective events (e.g., Galesic, Olsson, & Rieskamp, 2012;
Hertwig, Pachur, & Kurzenhäuser, 2005). Furthermore,
research has examined the search space (i.e., which social
contacts are consulted) and the processes underlying recall
from social memory (e.g., whether there is a specific search
order) in more detail. Findings suggest that search is
sequential and limited and that the underlying search process
exploits structures of the social environment (e.g., Pachur,
Hertwig, & Rieskamp, 2013; Schulze et al., 2021).
Specifically, memory recall has been shown to be guided by
the social category of, or contact frequency with a recalled
person (Pachur et al., 2013; Schulze et al., 2021)—a notion
also supported by findings on patch-wise search processes
underlying the retrieval of social contacts from memory
(Hills & Pachur, 2012). Another factor that has been found to
guide the retrieval of social contacts from memory is the level
of closeness one feels toward a social contact. In addition to
the factors described above, the level of closeness might be
associated with ways in which people usually interact with
the members of their social networks, such as online versus
offline (Töpfer & Hollstein, 2021).
Yet, existing models of social sampling have not
distinguished between whether people recall contacts they
usually have contact with online or offline. However, the
mode of contact represents an important ecological feature of
our social environment. In recent years, the number of people
using the Internet and social media has been continuously
growing (Pew Research Center, 2021). During the COVID19 pandemic and following social distancing regulations in
particular, online contacts became a prominent source of
social support and information (Pancani, Marinucci, Aureli,
& Riva, 2021).

Abstract
Decision makers can infer social statistics (e.g., the relative
frequency of health risks or consumer preferences in the
population) by drawing on samples from their personal social
networks. In light of the growing use of the Internet, much of
people’s social interactions occur online (e.g., via social media)
rather than offline (e.g., via face-to-face contact). Here, we
examine to what extent sampling of social network members
from memory (social sampling) is affected by whether one
usually has online vs. offline contact to a person. In our study,
participants judged the popularity of holiday destinations and
recalled people in their own online and offline social networks
who had vacationed at each destination. Additionally,
participants indicated the respective contact mode (offline,
online, or mixed) and social category (self, family member,
friend, or acquaintance) of each recalled person. We used a
hierarchical Bayesian modeling approach to contrast two
variants of a cognitive model that assumes sequential and
limited search—the social-circle model. The variants assumed
the search process underlying social sampling to be guided by
either contact mode (online vs. offline) or social category. The
model comparison further included an exhaustive sampling
strategy and guessing. The majority of participants was best
described by a limited rather than an exhaustive search strategy
or guessing. Additionally, more than a third of participants
were best described by the variant of the social-circle model
assuming search to be guided by contact mode. Interestingly,
participants who followed this search strategy also relied more
strongly on their own experiences than participants who probed
their memory by social category. Overall, these results provide
the first evidence that contact mode affects social sampling
from memory.
Keywords: sampling; online networks; decisions under
uncertainty; probabilistic inference; heuristics

Introduction
In navigating their everyday lives, people often need to judge
unknown frequencies. For example, do more people adhere
to or ignore social distancing regulations? Which political
candidate is most popular? There are several approaches to
inferring these social statistics—for instance, by integrating
affective responses (e.g., judging risks with a high emotional
response as more frequent; Pachur, Hertwig, & Steinmann,
2012), or by relying on recognition (e.g., judging a political
candidate one has heard of as more popular than a candidate
one has not heard of; Goldstein & Gigerenzer, 2002). Another
approach that has been found to capture people’s judgments
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Memory research suggests that the mode of contact might
indeed serve as an additional retrieval cue for search in social
memory. Several studies highlight that the context in which
information is encoded plays an important role in how and
how well this information is recalled (e.g., Godden &
Baddely, 1975). For instance, Russian-English bilinguals
recall more autobiographical memories from times during
which they spoke Russian when being interviewed in Russian
(and, correspondingly, more from their English-speaking past
when being interviewed in English; Marian & Neisser, 2000).
In addition to the environmental context, the modality of
encoded information plays an important role in recall
performance. For instance, several studies found that, in
delayed recall, people recognize objects more accurately
when they were presented visually as opposed to auditorily
(e.g., Bigelow & Poremba, 2014; Kirkpatrick, 1894).
Interacting with people either online or offline not only
represents two different physical environments, but may also
be associated with different modalities that influence the
recall of social information from memory.
Social sampling has previously been used to explain the
cognitive mechanisms behind societal, network-level effects
such as polarization and social contagion (Brown,
Lewandowsky, & Huang, 2022). In light of the vast amount
of information available on social media, which may lead to
misinformation and polarization (Hills, 2019; Lazer et al.,
2018), it is important to assess to what extent people’s
cognitive processes underlying social sampling might be
influenced by whether they usually have online or offline
contact with a person. Hertwig et al. (2005) and Pachur et al.
(2012) found little evidence that people make use of samples
recalled from the news media to infer risk frequencies.
Because online social contact increasingly takes place
passively (i.e., by reading others’ updates) rather than
actively (e.g., by direct messaging or commenting; Burke,
Kraut, & Marlow, 2011), samples recalled from interaction
via online media might play a similarly small role in social
sampling.
The goal of the present study is to investigate whether the
contact mode (online vs. offline) might guide internal search
in memory in social sampling. In particular, we assess
whether a) a search process that explicitly discriminates
between online versus offline contacts provides a viable
account of people’s frequency judgments, and b) which
relative weight online versus offline contacts have in people’s
inferences.

how many people in a certain population have traveled to
country A or country B). In doing so, the SCM assumes a
sequential and limited search process. According to the SCM,
decision makers sequentially inspect social circles defined by
social category: the self (circle 1), family members (circle 2),
friends (circle 3), and acquaintances (circle 4). The search
order in which circles are consulted is assumed to be
probabilistic, and defined by circle weight parameters for
each
social
circle
𝑤! , 𝑖 ∈
{𝑤"#$% , 𝑤%&'!$( , 𝑤%)!#*+" , 𝑤&,-.&!*/&*,#" }. Instances of each
event recalled from a given social circle (e.g., friends who
have traveled to country A or country B) are tallied. The
difference between the proportional tallies is contrasted
against a difference threshold d that indicates how much
evidence is required until a choice is made. If the evidence
meets or surpasses this threshold, search is terminated.
Otherwise, the next circle (e.g., family members who have
traveled to country A or country B) is consulted. The SCM
implements a probabilistic version of this process and
assumes noise in the comparison of instance knowledge
against the difference threshold (see Schulze et al., 2021, for
a full formal description of the model).
The SCM parameterizes three aspects of social sampling:
It yields parameters for an individual’s favored search order
(circle weights wi), a difference threshold (d), and response
noise (𝜎).
We adapted the SCM to capture a search order guided by
contact mode (SCM-C). In the SCM-C, the social circles are
defined as the self (circle 1), offline contacts (circle 2; people
contacted only or mostly face-to-face), mixed contacts (circle
3; people contacted equally often face-to-face and via online
platforms), and online contacts (circle 4; people contacted
only or mostly via online platforms). The SCM-C thus entails
parameters for participants’ circle weights 𝑤0 , 𝑗 ∈
{𝑤"#$% , 𝑤1%%$!*# , 𝑤'!2#+ , 𝑤1*$!*# }, a difference threshold d,
and response noise 𝜎.

Experiment
Method
To compare the SCM-C to existing models of social
sampling, we conducted an online study using Qualtrics
survey software (https://www.qualtrics.com).
Participants Participants were recruited via Prolific
(http://prolific.co) and received a reimbursement of 3.10
GBP and an additional performance-contingent bonus
payment of 0.04 GBP for each correct inference in the
inference task. To ensure that participants would be likely to
recall online contacts, they were pre-screened to be between
18–50 years old and to regularly use social media. As the
experimental material was targeted toward a UK-based
sample, we also pre-screened for nationals from the United
Kingdom, with English as their first language. To ensure
compliance, participants’ approval rate of previous Prolific
studies needed to be at least 90%. The experiment was

Modeling Social Sampling Based on Contact
Mode
To model people’s inferences based on recalled (online vs.
offline) contacts, we adapted the social-circle model (SCM)
developed by Schulze et al. (2021). In contrast to social
sampling models that capture how people infer continuous
frequencies (e.g., how many people in a certain population
have traveled to a specific country; e.g., Galesic et al., 2018),
the SCM provides a formalized account of how people infer
the relative frequency of two population-level events (e.g.,
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reviewed and approved by the institutional review board of
the Max Planck Institute for Human Development. All
participants provided informed consent to participate in the
study. Overall, 150 participants completed it. We excluded
participants who a) failed two or more comprehension and/or
attention checks (out of a total of five comprehension and one
attention check question), or b) who failed at least one of two
seriousness checks. After exclusion, data was analyzed with
a sample of N = 138 (aged 18—60 years, M = 31.36 years, SD
= 8.67 years; 99 women).1

Table 1: Countries presented in the inference task, their
ranks in the study, as well as the ranks and visitor numbers
from the travelpac sample (Office for National Statistics,
2019).

Materials and Procedure After a general introduction to the
study, participants completed an inference task. In this
inference task, they were asked to judge which of two holiday
destinations is more frequently visited by UK residents. The
task included comparisons between the 13 countries shown
in Table 1 that were retrieved from the travelpac dataset
(Office for National Statistics, 2019). We included highly-,
medium-, and less-popular holiday destinations, in order to
increase differences between popularity rates and thus to
facilitate an assessment of how accurately each search
strategy discriminates across a broad range of countries.
Participants were presented with all possible combinations of
these 13 countries over 78 trials. The order in which pairs
were presented and the left-right positioning of destinations
in each pair were randomized across participants.2
Following the inference task, participants answered an
attention check question and completed a recall task. In the
recall task, participants listed anonymized online and offline
contacts from their personal social networks who had
traveled to each holiday destination. The order of holiday
destinations in the recall task was randomized across
participants. For each recalled person, participants indicated
the respective a) social category (self, family, friends,
acquaintances), and b) contact mode in the preceding 24
months on a five-point scale (only face-to-face,
predominantly face-to-face, mixed, mostly social media, or
only social media). Additionally, participants were asked for
the c) contact frequency with each recalled person during the
preceding 24 months on a five-point scale (several times a
week, once a week, approximately once a month, around
once in six months, less than once in six months). For
network members that had been contacted mostly or only via
social media, participants additionally indicated d) whether
they had ever met the contact in real life and whether the
contact knew the participant.

Rank

Country

1
2
3
4
5
6
7
8
9
10
11
12
13

Spain
France
Italy
USA
Greece
Thailand
Iceland
Canada
Australia
Sweden
Japan
Israel
New Zealand

Rank
according to
the full list
1
2
3
4
7
22
28
31
35
40
41
49
52

Number
of
visitors (201819)
6,787
3,179
1,375
1,154
853
175
127
95
77
57
56
28
23

At the beginning of the inference task and the recall task,
participants were first presented with instructions, followed
by comprehension checks (i.e., multiple-choice tests on the
study instructions), as well as a practice round. After
completing the inference and recall tasks, participants
completed two seriousness checks. In these seriousness
checks, participants were asked whether a) they had answered
the questions faithfully, and whether b) they had googled or
looked up any information during the experiment. Finally,
participants provided demographic information. The
experimental session lasted 22.35 minutes, on average.
The instructions included a definition of social media
channels, encompassing platforms such as Facebook,
Instagram, Twitter, TikTok, Snapchat, LinkedIn, as well as
online forums. Because data collection took place 11 months
after the start of the COVID-19 pandemic, we adjusted the
study design to minimize potential confounds due to changes
in interaction resulting from social distancing regulations.
First, our definition of social media channels explicitly
excluded Direct Messaging Services (such as WhatsApp),
texting, and telephone calls, because we expected that these
platforms were commonly used as an alternative for usual
face-to-face contact. Second, participants were asked to recall
individuals who had travelled to the particular destinations at
any time (not only recently). Finally, the questions on contact
mode and contact frequency explicitly covered a period of 24
months prior to the study.
Parameter Estimation and Model Evaluation Procedure
To test whether a limited search strategy based on contact
mode provides a viable account for people’s frequency

1
The age range in the sample deviates from the prescreening
criteria, since one participant reported their age inconsistently (i.e.,
as <= 50 years on Prolific’s internal demographic questionnaire and
as 60 years in the study demographics).

2
A technical issue in recording the randomization for two
destination pairs lead to missing data on the positioning of these two
pairs in the inference data set.
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judgments, we compared the SCM-C to limited search based
on social category (SCM), availability-by-recall strategy
(which assumes exhaustive recall, such that people take into
account information from their entire social network rather
than from separate social circles), and guessing (i.e.,
randomly selecting one of two countries with a 50%
probability). For this model comparison, a hierarchical
Bayesian mixture modeling approach was used (see
Bartlema, Lee, Wetzels, & Vanpaemel, 2014). Following this
approach, all four models were included in one overarching
model, in which a mixture parameter determined for each
person, and each decision, which strategy provides a good
representation of the respective choice and is used to update
the strategy-level and individual-level parameters. This
modeling approach yields an estimate of the probability that
participants used each of the four strategies tested (posterior
distribution of the mixture parameter), as well as a posterior
probability of all individual-level parameters.
We followed the same model estimation procedure as
Schulze et al. (2021). In particular, we used the same pseudopriors, priors, and Gibbs sampling approach, implemented in
JAGS (Plummer, 2003). Gelman–Rubin statistics confirmed
adequate chain convergence of the mixture parameter
estimates and all individual-level parameter estimates.3
We modeled inferences for all items on which a participant
recalled a different number of contacts for the two countries
in the comparison, allowing all social sampling strategies to
make a prediction. On average, social sampling strategies
made predictions in 73.28% of all 78 country comparisons.

Figure 1: Recalled instances per participant.
There was very strong evidence for a positive rank
correlation between the average number of reported instances
and the actual number of visitors in the respective countries
(τb(11) = .74, p < .001, BF10 = 95.06). Thus, participants
reported more instances for more frequently visited holiday
destinations, suggesting that social sampling is a useful
strategy for inferring relative frequencies in the traveling
domain.

Model Comparison
To assess model performance for each participant, we
examined the posterior distribution of the latent mixture
parameter from the hierarchical Bayesian mixture analysis.
Figure 2 depicts the individual membership probability of
each participant for each of the four strategies.
As can be seen, most participants were clearly assigned to
one of the four strategies. Both variants of the social-circle
model described the performance of participants better than
the availability-by-recall model and a guessing strategy:
36.23% of participants were best described by the SCM-C,
30.43% by the SCM, 26.81% by availability-by-recall, and
6.52% by a guessing strategy. Importantly, the SCM-C
provided a better account for a slightly higher number of
participants than did the SCM.

Results
Inferential Accuracy and Number of Recalled
Instances
On average, participants made correct inferences (according
to the official statistics) in M = 63.11 of the 78 comparisons
in the inference task (SD = 4.56). Across all countries
presented in the recall task, 93.48% of participants
remembered offline instances (i.e., contacts that they interact
with only or mostly face-to-face), 84.06% recalled mixed
instances (i.e., contacts they interact with equally offline and
online), and 88.41% recalled online instances (i.e., contacts
they interact with only or mostly via online channels). The
total number of recalled contacts as well as the relative
distribution of offline, mixed, and online contacts, varied
largely between individuals (see Figure 1).

Figure 2: Membership probabilities for SCM-C, SCM,
availability-by-recall, and guessing.

3

According to Gelman-Rubin statistics, three group-level
parameter estimates did not converge: variance estimates of 𝑤!"#$ ,
𝑤%&'"( (SCM-C) and 𝑤$)%&#* (SCM). This might have resulted
from the smaller number of samples available for estimating the

variance for each group of strategy users. Because of the focus of
this study on individual-level parameter weights and the global
mixture parameter, we did not conduct further analyses with a larger
number of chains.
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Table 2: Average number of circles from which instances
were recalled per country.

Individual Parameter Estimates
To capture individual differences between users of the same
strategy, we analyzed the individual-level model parameters.
Figure 3 depicts the medians of the individual-level
parameter estimates of individuals for whom the SCM-C or
the SCM provided the best account.

Country
Spain
France
Italy
USA
Greece
Thailand
Iceland
Canada
Australia
Sweden
Japan
Israel
New Zealand

Figure 3: Distributions of the medians of each
individual’s posterior distribution of SCM-C and SCM
weight parameter estimates.

SCM-C users
2.22
2.36
1.64
2.02
1.50
0.96
0.88
0.98
1.10
0.78
0.76
0.40
0.80

SCM users
2.21
2.19
1.79
1.90
1.52
1.26
0.81
0.86
1.19
0.74
0.83
0.52
0.57

Discussion
We examined the role of contact mode in sequential and
limited social sampling. To that end, SCM-C—an inference
strategy that assumes search in memory to be sequential,
limited, and guided by contact mode—was compared to
sequential and limited search guided by social category
(SCM), an exhaustive availability-by-recall strategy, and
guessing. Our results suggest that the mode of contact might
serve as an additional retrieval cue during social sampling. In
particular, the SCM-C provided the best account for more
participants’ inferences than did the SCM, availability-byrecall, or guessing. These results are in line with previous
research showing that limited and sequential search strategies
outperform exhaustive and guessing strategies (e.g., Schulze
et al., 2021). In addition, our findings shed light on whether
people’s search through social memory is affected by contact
mode (i.e., online vs. offline). Thus, our results add to the
literature on context-dependent encoding, highlighting that
whether one usually has contact to a person online or offline
functions as an additional contextual cue that can affect
retrieval from memory.
In contrast to participants who were best described by the
SCM, SCM-C users most strongly relied on their own
experience. The reasons for this egocentric search need to be
scrutinized further in future research. One possible
explanation is that people implicitly corrected for potential
biases resulting from integrating information about online
contacts.
In addition, the results from this study apply only to the
investigated judgment domain; a search process as
formalized by the SCM-C might not necessarily hold in other
domains. For instance, when determining which search
strategies to use in a given environment, heuristic inference
requires experience and a relevant knowledge base (Horn,
Ruggeri, & Pachur, 2016). Thus, topics frequently discussed
online (such as mental illness; Jones et al., 2011) might

Among participants best described by the SCM, the
relative weight of social groups influencing participants’
inferences varied widely between participants. Interestingly,
participants best described by the SCM-C relied most
strongly on their own experience—that is, they seemed to
engage in egocentric search. In the next section, we consider
the plausibility of participants’ high weights for the selfcircle (including potential confounding factors).

Distribution of Instance Knowledge
Did SCM-C strategy users rely more strongly on their own
experience because they could not recall any other contacts
who had traveled to the respective countries? This did not
seem to be the case: Irrespective of their classified search
strategy, only 8% of all participants recalled only themselves
as an instance for at least one country. Additionally, the
average number of circles from which contacts were recalled
per country was relatively equal for SCM-C and SCM users
(see Table 2).
In addition, we examined the correlation between SCM-C
users’ wself parameter estimates and the relative frequency of
correct predictions by the self-circle.4 There was decisive
evidence for such a link (r(48) = .70, p <.001, BF10 =
816,291.08), indicating that participants with a high weight
on wself could have made correct inferences by merely relying
on their own experience.

4

To assess the relative frequency of correct predictions, we
examined the number of correct predictions (based on knowledge

about the self) relative to all possible predictions (based on
knowledge about the self).

323

represent a domain where search based on contact mode
performs particularly well. Moreover, it is likely that in such
domains, online contacts will receive a higher weight, as a
sufficient number of instances might not be available from
one’s offline circle alone. Contrasting parameter weights
estimated with the SCM-C in different domains could
provide insights into when reliance on online contacts may
be adaptive.
Additionally, contact members might jointly vary on
contact mode and social category (such that certain friends,
for example, are predominantly contacted online) and other
retrieval cues, such as the frequency of interaction, or the
closeness to a social contact, might also play an important
role for cuing social memory (Hills & Pachur, 2012; Töpfer
& Hollstein, 2021). Future research should therefore
simultaneously incorporate several characteristics of social
contacts to examine their relative role in social sampling.
The SCM has previously been used to shed light on
developmental differences in social sampling, such as
differences between children’s and adults’ use of social
sampling to infer population-level frequencies (Schulze et al.,
2021). Further research could examine potential
developmental differences in the use and performance of
social sampling from online contacts. In particular, such
differences seem plausible between adolescents and adults,
due to differences in their online environments (e.g.,
differences in what they use social media for; Koiranen,
Keipi, Koivula, & Räsänen, 2020; or differences in which
platform is used and the amount of time spent on social
media; Pew Research Center, 2018, 2021). One factor
influencing how well social sampling strategies perform and
thus can be used in an adaptive way is the correlation between
recalled contacts and the judgment domain (Horn et al.,
2016). Since adolescents have more information from online
contacts available than adults, they might use this information
to a greater extent.
Overall, although social sampling strategies can
undoubtedly lead to inaccurate judgments about the world, in
general they seem to be a good guide in gauging relative
frequencies in the environment. In our study, participants
made correct inferences in more than 80% of comparisons.
Additionally, structured and limited social sampling
strategies have an important ecological advantage over
exhaustive search strategies: they can achieve similar
accuracy, while requiring less time to terminate search in
certain environments. Following the notion of ecological
rationality, structured and limited search in social sampling
can perform well when search aligns with the structure of
people’s external social networks (Todd, Gigerenzer, & the
ABC Research Group, 2012). Adding to the literature on the
importance of environmental context for memory retrieval,
our study sheds light on a new factor that might guide
people’s retrieval from social memory—whether they have
contact to a person online or offline. In particular, our
findings suggest that the mode by which one usually interacts
with a social network member serves as a retrieval cue that

seems to guide internal social sampling from memory,
enabling people to navigate effectively in an uncertain world.
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Abstract

functions conveyed by unfamiliar foreign music (Mehr et al.,
2018, 2019), even in children as young as three years of age
(Hilton, Crowley, et al., 2021).
Why should the relationship between the behavioral
function of a song and its acoustic features be stable across
cultures? Stable patterns in human song may originate from
our evolved psychology and unique social environment
(Hagen & Bryant, 2003; Hagen & Hammerstein, 2009; Mehr
et al., 2021; Savage et al., 2021). Specifically, innate
perceptual biases may constrain cultural evolutionary
processes such that behaviours ultimately become both
culturally specific while grounded in general biological
tendencies (Richerson & Boyd, 2008; Sperber & Hirschfeld,
2004). This combination of universals and variation is what
is observed in the association between behavioral contexts
and acoustic features in music around the world (Mehr et al.,
2019).
However, a notable limitation of the prior experiments
studying people’s perceptions of the relationships between
songs’ behavioral functions and acoustic features (Hilton,
Crowley, et al., 2021; Hilton, Moser, et al., 2021; Mehr et al.,
2018, 2019; Trehub et al., 1993) is that the listeners in these
studies were from primarily Western, Educated,
Industrialized, Rich, and Democratic countries (Henrich et
al., 2010). Thus, although the stimuli they listened to were
cross-culturally representative, it is unclear how much of the
accuracy of their perceptions is accounted for by universal
musical behaviour, and how much of it is a product of
(Western) enculturation, education, and exposure to world
music through globalized media.

Despite the variability of music worldwide, some types of
human songs share basic acoustic characteristics. For example,
dance songs tend to be loud and rhythmic, whereas lullabies
tend to be quiet and melodious. Prior studies with western
English-speaking participants have shown that this enables
listeners to infer aspects of a singer’s behavior, despite being
unfamiliar with the singer’s culture and language. Here, we test
whether these intuitions are shared across a diversity of
languages and human societies, with 5524 people from 49
industrialised countries comprising 28 languages, and 116
people in 3 small-scale societies with limited access to global
media. Each made inferences about the behavioral contexts of
118 songs from 86 societies. Both groups reliably identified the
behavioral functions of dance songs, lullabies, and healing
songs. Linguistic and geographical proximity between listeners
and singers was minimally predictive of accuracy,
demonstrating a degree of cultural invariance in music
perception.
Keywords: music, cross-cultural, universality, form, function,
in-group advantage

Music is a human universal endowed with rich variation
within and across cultures (Lomax, 1968; Mehr et al., 2019;
Nettl, 1964). Some of the ways that music is used, however,
are conspicuously similar around the globe, such as singing
to soothe fussy infants, or singing to excite people to
coordinate their bodies in the context of dance (Hilton,
Crowley, et al., 2021; Mehr et al., 2018, 2019). Music used
for specific functions tends to display stereotyped acoustic
features: for example, dance songs all around the world tend
to share clearly accented and predictable beat structures. Such
regularities allow people to reliably infer the behavioral
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The present study provides a strong test of the universality
and generalizability of people’s inferences of musical
functions in a systematic cross-culturally diverse sample of
listeners from around the world. This includes both a diverse
sample of listeners from industrialized societies, and from
three small-scale societies. “Small-scale societies” comprise
1) societies in which individuals interact in a “small” world
(where individuals interact with 10s-100s of other
individuals, most interactions are face-to-face, and there is a
high degree of interdependence), and 2) societies that are less
affected by the state, the market, globalisation and world
religions. We preregistered this study at https://osf.io/msvwz
with the following confirmatory hypotheses: Replicating
prior work with Western English-speaking participants
(Mehr et al., 2018), we predicted that this more diverse
sample of listeners would rate lullabies as more likely to be
used to “soothe a baby”, dance songs as more likely to be
used “for dancing” and healing songs as more likely to be
used “to heal the sick”, relative to the other song types. We
did not expect this same pattern for love songs, as no such
pattern was found in Mehr et al. (2018). We expected
response patterns to be similar across listeners in
industrialised countries and for these to hold amongst
participants from culturally isolated, small-scale societies,
and for listeners in both industrialised and small-scale
societies to demonstrate similar response patterns.
To further tease apart universal and culture-specific
explanations of these effects, we also conducted exploratory
analyses assessing how cultural proximity affects people’s
inferences. For example, when listening to a song from a
familiar culture, is one better at identifying its true behavioral
context, relative to when the song is from an unfamiliar
culture? We expected listeners’ inferences to reflect both a
sensitivity to culturally learned cues as well as sensitivity to
cues whose origins are general to all human cultures, in line
with other similar domains such as people’s perceptions of
emotion in vocalizations (Elfenbein & Ambady, 2002;
Laukka & Elfenbein, 2021).

that the song was used for six different functions: the four
possible functions described above and two additional
functions that were not represented in the corpus (“to greet
visitors” and “to praise a person’s achievements”). The
response scale ranged from 1 (Definitely not used for
[function]) to 4 (Definitely used for [function]). Participants
reported demographics, and musical and online experience.
A similar procedure was carried out in the three small-scale
societies in the local languages. The procedures were
translated by native speakers and the on-site authors in a
back-translation process. On the basis of piloting completed
by two of the authors, two adjustments were made to make
the task more manageable and comprehensible: we reduced
the response scale by one point to include only 3 response
options, and the number of songs each participant heard was
reduced to 18. The task was carried out on-site: participants
were first familiarised with a keypad with three buttons
corresponding to the response scale (“yes”, “a little” and
“no”). Participants listened to 18 songs and used the keypad
to answer the verbal prompt “Do you think the people making
this music use it for [function]?”. Because the participants
wore headphones, the experimenters could not hear what
song was played on a given trial, and so they were always
unaware of the correct song type. At the end of the
experiment, participants were asked to re-identify each
button to confirm that they remembered the response labels.

Participants
Industrialised Societies. 5,524 listeners from 49 countries
(not including the United States) completed a Qualtrics
survey, which was translated into 28 different languages to
facilitate sampling of participants from these countries
without the requirement that they speak English. This
provides a strong test of the generalizability of the previous
finding (Mehr et al., 2018) that listeners, primarily from the
United States and India, reliably discriminated form-function
relationships in music from around the world. Participants
were paid for their participation. We excluded participants
who scored poorly on a headphone check, reported
significant difficulties hearing the music, failed an attention
check, or completed the study in under a minute, and those
whose IP address did not match the country they reported
being in.

Methods
Procedure
To test if listeners can infer the functions of unfamiliar music,
we asked participants to listen to songs recorded in smallscale societies and judge their behavioral functions. We
recruited participants from 49 industrialised societies and
three small-scale societies.
The industrialised society cohort completed an online
Qualtrics survey in their native language wherein each
participant listened to 24 songs. The surveys were
professionally translated by Qualtrics with a back-translation
procedure. Each song originally performed one of four
functions in the culture it was recorded in: expressing love
for another person, healing the sick, soothing a baby, or
accompanying dance. Participants were unaware of the
correct function. After each song, they were asked to think
about the people making the music and rate how likely it was

Small-Scale Societies. 116 adult participants were recruited
from the Nyangatom in Ethiopia, the Mentawai in Indonesia
and Ni-Vanuatu in Vanuatu through word-of-mouth. These
three societies were chosen for their limited exposure to
music from other cultural traditions and because the authors
had direct access to them. All three societies have limited
access to TV, radio and the internet and can be assumed to
not have significant exposure to these communication
channels; the Nyangatom in particular have no access to these
technologies. 15 participants were excluded because the
experimenter expressed apprehension as to whether they
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understood the task; these exclusions were made without the
experimenter being aware of the songs the participant heard.

Accuracy of Listener Inferences
We first tested whether each target song type (e.g., “dance
songs”) was rated higher than the average rating across all
four song types on its respective scale (e.g., “used for
dancing”). Conceptually, this is equivalent to asking whether
a target song type is perceived to be more appropriate for a
given function than the average song in our study. We ran
four separate no-constant multiple regressions, where the ztransformed mean ratings for each song on each scale were
regressed onto binary variables denoting the actual song
types. As in Mehr et al. (2018), listeners discriminated three
of the four song types reliably above chance, confirming the
preregistered predictions.
Importantly, this held for listeners from both industrialised
and small-scale societies (Figure 1). The industrialised cohort
rated dance songs significantly above the base rate of “used
for dancing”: Ratings for actual dance songs on this scale
were 0.90 standard-deviations above the average rating
across all songs (regardless of original function). In contrast,
lullabies were rated 0.83 standard-deviations below the base
rate (ps <0.0001), indicating that the listeners from
industrialised countries could infer that completely
unfamiliar dance songs were suitable for dancing, whereas
lullabies were not. Indeed, dance songs were higher on
average on the “used for dancing” scale compared to each of
the other three song types individually (ps <0.001) and
compared to the three combined (p <0.0001). Listeners from
the three small-scale, culturally isolated societies displayed

Materials
Stimuli comprised 118 vocal music excerpts from the Natural
History of Song Discography (Mehr et al., 2019) recorded in
86 mostly small-scale societies spanning all 30 world regions
(Murdock et al., 2008; Naroll, 1967), 86 languages and a
range of subsistence methods. These stimuli consisted of 30
lullabies, 30 dance songs, 30 love songs, and 28 healing
songs, and hence, four functions: soothing a baby, dancing,
expressing love and healing the sick. The subset of songs
each participant heard were drawn from the corpus randomly
and without replacement.

Results
For both the industrialised and small-scale society cohorts,
we calculated mean scores for each song on each function
scale. These scores were then z-scored to facilitate
comparison across song types and across cohorts. Amongst
the industrialised cohort listeners, each song was rated
between 919 and 1185 times. The number of times each
individual song was rated was by necessity much smaller for
the small-scale society cohort (min: 8, max: 28); however,
this sample still contained between 486 and 541 ratings per
song type.

Figure 1. Accuracy of listener inferences in industrialised (left) and small-scale (right) societies. The dotted line
represents the baseline (average) rating all four song types on a particular scale. Listener ratings are z-scored to allow
comparison across cohorts. For all song types except love songs, listeners were able to infer the primary function of the
song.
Significance: *** < 0.001, ** <0.01, * <0.05
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similar response patterns, despite the smaller sample size and
the differences in the experimental measurements (ratings
were made on a simpler 3-point scale rather than a 4-point
scale). As with the industrialized sample, dance songs were
once again reliably rated above the average for “used for
dancing” (βdance = 0.67, SE = 0.162, < .0001), and lullabies
rated below average (βbaby = -0.68, SE = 0.162, p < .0001).
Ratings on the “used to soothe a baby” scale were similarly
clear for both cohorts of listeners. Listeners from
industrialised societies rated lullabies as 1.09 standard
deviations above the average rate across all songs, clearly
separated from the other three song types both individually
and when averaged together (ps <0.0001). Unsurprisingly,
dance songs were rated as least appropriate for soothing a
baby, with the average rating being 1.71 standard deviations
below the average for true lullabies (p < .0001). Once again,
we observed this same pattern of results amongst listeners
from small-scale societies. For the “used for soothing a baby”
scale, listeners rated lullabies on average 0.75 standarddeviations above the base rate (p < .0001). While both dance
songs and healing songs were rated below average on this
scale, only the ratings for healing songs were statistically
different from the average (βheal = -0.55, SE = 0.166, p =
0.001; βdance = -0.32, SE = 0.161, p = 0.05). The ratings for
dance and healing songs were both reliably lower in
comparison to the ratings of lullabies (ps <0.05).
The effects for healing songs were more subtle, but still
significant in both cohorts. Listeners from industrialised
societies rated true healing songs 0.49 standard-deviations
above the average on the “used to heal illness” scale (p =
0.006). Healing songs were rated higher on this scale
compared to dance songs (p < .001) but did not reliably differ
from either lullabies or love songs (p > 0.05). Listeners from
small-scale societies similarly identified healing songs as
appropriate for healing illness: only the ratings for healing
songs differed from the average rate on this scale (βheal = 0.48;
p = 0.01). Healing songs were also rated higher compared to
both dance songs and lullabies (ps <0.05), but not love songs
(p = 0.11).
Finally, as expected, neither of the cohorts differentiated
the function of love songs. Only the industrialised society
cohort identified healing songs as being inappropriate for
expressing love to another person. None of the other song
types were rated significantly above (or below) the average
for the “used to express love” scale (ps >0.05) in either
cohort.
In exploratory analyses, we replicated the findings from the
industrialized societies using mixed-effects models to
improve their generalizability; all findings repeated with
slightly attenuated effect sizes (see Supplementary Material:
https://osf.io/nxwv9/).

different languages that the study was translated into. We
then bootstrapped randomly selected pairs of these subcohorts and tested the distribution of correlations against a
null hypothesis of r = 0. Agreement was high on all four
function scales. Listeners from industrialised societies mostly
agreed on which songs were (and were not) appropriate for
dancing (mean r = 0.88), soothing a baby (mean r = 0.84),
healing the sick (mean r = 0.61), and expressing love for
another person (mean r = 0.59; all ps < 0.0001). The high
degree of internal consistency of these inferences across
industrialised societies is also shown in Figure 2b.

Comparing Listeners from Industrialised and
Small-Scale Societies
So far, the listeners from small-scale societies showed
qualitatively similar patterns of inferences to those from
industrialised societies. To test their similarity more
precisely, we ran a Pearson’s correlation comparing the two
cohorts’ average listener ratings for each song on each
dimension. The industrialised and small-scale society
cohorts’ responses were positively correlated across the 118
songs for all four rating scales (Figure 2a), indicating that
participants in both cohorts used the rating scales similarly.
However, the magnitude of the correlations differed
depending on the scale: correlation was moderate to high on
the “used for dancing” (r(116) = 0.84) and “used to soothe a
baby” (r(116) = 0.59) scales (ps<0.0001), and weaker for the
“used to heal illness” (r(116) = 0.33, p < .001) and “used to
express love for another person” scales (r(116) = 0.25, p =
0.007).
To better account for differences in sample size between
the cohorts, we re-ran this analysis using a stratified
bootstrapping technique: Within each cohort, we sampled 30
observations with replacement for each song and generated a
new dataset of song-wise averages for each rating scale. We
then correlated the new datasets from the industrialised and
small-scale cohorts and stored the resulting correlation
coefficient. After 10,000 iterations, we compared the
distribution of correlation estimates to a null hypothesis of r
= 0. These correlations were significant although slightly
attenuated (dance: mean r = 0.72; lullaby: mean r = 0.50;
healing: mean r = 0.22; love: mean r = 0.15; all ps <0.0001;
Supplementary Figure 1).

Role of Cultural Proximity
The analyses presented thus far show robust commonalities
across cultures and provide strong support for the idea that
innate perceptual biases constrain specific types of human
song. To further tease apart the extent to which universal and
culture-specific tendencies shape the relationship between
the behavioral function and acoustic features of a song, we
conducted a number of post-hoc exploratory analyses.
First, we investigated the effect of familiarity a particular
listener has with the culture of the song they are listening to.
If culture-specific learned musical “rules” explain a large
portion of the effects described above, then we would expect
to see substantial differences between the performance of a

Within-Cohort Agreement
To test the consistency of the observed effects, we tested how
similar the responses of participants within the industrialised
cohort were. To do this, we first split the industrialised
society sample into 28 “sub-cohorts”, defined by the 28
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listener on trials where they listen to culturally familiar songs,
and those where they listen to culturally unfamiliar songs. To
operationalize this hypothesis, we used two convergent
measures of cultural proximity between listener and song:
linguistic relatedness and geographic proximity. Metadata
regarding both the language and geographic location
associated with each listener and song allowed us to split
trials into those in which language family or geographic
region were shared and not shared. We tested the effect of
these two proxies for cultural familiarity using mixed-effects
models with a categorical fixed effect for whether a
participant shares language families or geographical area
with the song, and random effects for participant and song.
The results showed statistically significant effects of
sharing a language family for discriminating dance, lullaby,
and love songs (ps <0.05), and not healing songs (p = 0.52;
Figure 3). However, these effects were very small, the largest
of which was found for lullabies, where sharing a language
family resulted in an estimated boost to “used for soothing a
baby” ratings of 0.06 on the 1-4 rating scale. For context, this
is equivalent to only ~2% of the whole rating scale, and only
~5% of the estimated difference between dance songs and
lullabies on the “used for dancing” scale: that is, the
magnitude of the effect of culture is minimal compared to the
variance explained by actual song type and universal
regularities in the songs’ musical features. There was a

similar pattern of results for the effect of sharing a
geographical area, with marginally larger effects for dance,
lullaby, and love songs (ps <0.05). Here, the largest effect
was found for sharing a geographical area when rating a
dance song on the “used for dancing” scale, resulting in a 0.16
increase on the 1-4 scale (equivalent to ~4% of the rating
scale); as such, like the effects of linguistic proximity,
geographic proximity had a statistically significant but
practically nonsignificant effect.
Given that culturally close groups are likely to share both
a language and be in close geographic proximity, we also
explored potential additive effects of sharing a language
family and geographic subregion. To do this, we regressed
the target song type ratings (on their relevant scale) onto two
binary variables: language family (shared vs. not shared) and
geographic subregion (shared vs. not shared). The interaction
between the two variables was not significant for any of the
four song types, meaning that the effect of sharing a
geographic region was no different depending on whether the
listener was also more familiar with the language of the song.

Figure 2. Comparison of listener ratings (a) across cohorts, and (b) within the industrialised society cohort. Panel (a)
shows the correlation between the two cohorts’ ratings on a given dimension for all 118 songs. Coloured dots indicate the
songs that are of the target song type for a specific dimension, i.e., dance songs in the leftmost plot. Panel (b) shows the
ratings of each of the four song types on a given dimension, split by the industrialised society linguistic sub-cohorts, i.e.,
the leftmost plot shows how dance songs were rated on the four different dimensions (denoted by the four colours), by the
28 linguistic sub-cohorts.
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with claims that music may have evolved to signal covert
information in contexts related to dancing and infant care
(Mehr et al., 2021). The plausibility of innate perceptual
biases underlying these results is convergently supported by
comparison to other domains in which these are well
established, such as the cross-cultural intelligibility of
emotional expression in vocalizations [Faragó et al. (2014);
Laukka & Elfenbein (2021); Scherer2001], music (Balkwill
& Thompson, 1999; Cowen et al., 2020; Fritz et al., 2009;
Sievers et al., 2021), and facial expressions (Cowen et al.,
2021). Indeed, the communicative intent of some vocal
signals are even detectable across species (Filippi et al., 2017;
Kamiloğlu et al., 2020). Although we have not studied
language here, we speculate that the perceptual and cognitive
constraints leading to form-function regularities in music
could be similar in kind to those underlying the surprisingly
robust form-meaning regularities in the world’s languages
(Blasi et al., 2016; Ćwiek et al., 2021; Imai & Kita, 2014;
Sidhu & Pexman, 2018).
What role does culture-specific learning play in listeners’
perceptions of foreign songs? Clearly, cultures differ
dramatically with regards to their music, and it is reasonable
to assume that cultural familiarity would influence the
accuracy of listeners’ inferences. We conducted a series of
exploratory analyses that investigated the role of cultural
proximity between listener and song. The two methods of
quantifying cultural proximity revealed similar effects: Both
linguistic proximity and geographic proximity produced
small, but practically nonsignificant advantages for three out
of the four song types.
It is notable that love songs, which were not clearly
differentiated by listeners, also benefitted from cultural
familiarity. We suspect that this category of song is highly
culturally specific and ambiguous, given the wide variety of
topics and sentiments covered in love songs. While this
ambiguity may have made it harder for listeners to accurately
differentiate love songs, cultural familiarity still improved
listeners’ inferences.
Our results speak to the idea that human song is shaped by
both biological predispositions as well as the more obvious
culture-specific nuances, building on a number of recent
studies (Hilton, Crowley, et al., 2021; Hilton, Moser, et al.,
2021; Mehr et al., 2019), and consistent with related work in
cross-cultural emotion recognition, where meta-analyses
have revealed universal recognition of basic emotional facial
expressions, in tandem with smaller effects associated with
judging members of a cultural or ethnic in-group (Elfenbein
& Ambady, 2002; Laukka & Elfenbein, 2021). This study is
unique in the variety of stimuli and the diversity of
participants included; however, future work should aim to
address these research questions with larger musical corpora
and more song types. While cultural familiarity with the
producer of a song conferred an in-group advantage on our
listener’s inferences, the magnitude of these effects paled in
comparison to the variance explained by actual song type.

Figure 3. Visualising the results of mixed models testing
the effect of shared language family on listeners’
inferences. For three out of the four song types (dance
songs, love songs and lullabies), shared language family
between song and listener significantly increased the
rating of a song on its relevant scale. ns reported are
number of trials per category.
Significance: *** < 0.001, ** <0.01, * <0.05

Discussion
In experiments conducted in 28 languages online to
participants in 31 countries, and conducted in the field for 3
small-scale societies, we showed that people have reliable
inferences about the behavioral functions of unfamiliar dance
songs, lullabies, and healing songs. For example, songs that
were used for dancing in their original cultural context were
reliably rated highest on a “used for dancing” scale compared
to five other possible behavioral contexts. This match
between behavioral context and human inferences was also
reliable for lullabies and healing songs, but in line with our
predictions, was not reliable for love songs. Averaging across
all song types, listener inferences about each behavioral
context were remarkably consistent, showing reliable
correlations not only within the the 28 urban-society subcohorts but also between samples from urban societies to
those in the three small-scale societies. The most highly
correlated inferences were for whether a song was “used for
dancing”, and the least correlated inferences were for “used
for expressing love to another person”, but all were
statistically significant.
The cross-cultural regularities in these particular kinds of
musical inferences, and the fact that these were strongest for
inferences about dance songs and lullabies, are consistent
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Abstract

lead to greater discrimination and stigmatization because
categorizing or labeling others establishes us vs. them.
Essentialist thinking promotes prejudices based on race,
ethnicity, and gender (but see Peretz-Lang, 2021 for a
discussion of prejudice-mitigating consequences of
essentialist thinking) and is associated with greater stereotype
endorsement about certain social groups (Bastian et al.,
2006). In particular, exposure to essentialist beliefs about
gender (e.g., biological explanations for sex differences)
significantly increases participants' endorsement of genderbased stereotypes (Brescoll & LaFrance, 2004), and exposure
to essentialist thinking about social class predicts preferences
for high-over low-status groups (Peretz-Lange et al., 2021).
Language can also transmit essentialist beliefs from person
to person. In one study, children and adults who heard generic
language descriptions of group members (e.g., "Zarpies like
to eat flowers") endorsed higher levels of essentialist beliefs
about the novel social category 'Zarpies' than those who heard
a label referring to a specific group member (e.g., "this Zarpie
likes to eat flowers") or no label (e.g., "this one likes to eat
flowers"; Rhodes et al., 2012). Generic language also
increased beliefs that category-related properties (e.g., liking
to eat flowers) resulted from intrinsic causal mechanisms and
that category boundaries were inflexible. Furthermore, adult
studies have shown that noun-based labels (e.g., "Paul is an
artist") imply greater essentialism and induce more
stereotyping than adjective-based labels (e.g., "Paul is
artistic"; Carnaghi et al., 2008).
The body of work described above suggests that the
language we use to describe social groups can communicate
social essentialist beliefs by reinforcing the view that
categories and their labels mark something stable and
informative about category members. If so, language may
also facilitate the transmission and maintenance of stigma
and essentialist beliefs about MI. Several studies have found
that individual differences in essentialist beliefs are
associated with differences in language use when talking
about individuals with MI. For example, compared to adults
with lower levels of essentialist beliefs, adults with high
levels of essentialist beliefs are more likely to endorse noun
labels (e.g., "He is a schizophrenic") over possessive phrases
(e.g., "He has schizophrenia"; Howell et al., 2014). In a more
recent study, lower empathy and higher stigmatizing attitudes
predicted greater use of noun-based labels to describe
individuals with MI (Krzyzanowski et al., 2019).
The "People First" movement emerged in the 1970s,
initially driven by individuals with disabilities who
advocated for these disabilities to be recognized as part of
being human (Wehmeyer et al., 2000). The movement has
since gained traction, and a shift in language can be seen in

Labeling social groups can increase social essentialism (e.g.,
beliefs that group members are fundamentally the same), leading
to greater discrimination and stigmatization. Labels can also
increase stigma about mental illness (MI). Some mental health
professionals claim that using "person-first" language can reduce
stigma, but there is little empirical support for this, and no studies
have investigated the relation between person-first language and
social essentialism. Here, 513 adults read vignettes describing
characters with MI, using person-first (e.g., "a person with
autism"), identity-first (e.g., "an autistic person"), or generic noun
language (e.g., "an autistic"). We assessed participants'
stigmatizing and essentialist beliefs about characters and their
MI. Reported stigma and essentialism were correlated. Personfirst language reduced stigmatizing beliefs about individuals with
some disorders, e.g., depression, but not others, e.g., autism.
Relative to generic nouns, person-first language reduced
essentialist beliefs about real mental illnesses, but not novel ones.
Keywords: language; person-first language; identity-first
language; mental illness; social essentialism

Introduction
Beginning in infancy, the language used to name objects
guides how we organize these objects into mental categories
(Ferguson & Waxman, 2018). One potential consequence of
using language as a tool for categorization is that simply
labeling others may inadvertently convey beliefs about the
social world that foster harmful biases about groups. Here we
explore the role of language in shaping essentialist and
stigmatizing beliefs about people with mental illnesses (MI).
Psychological essentialism is the bias to view categories
(e.g., plants and animals) as reflecting something deep,
stable, and informative about category members (Gelman,
2004). Essentialism shapes how we categorize many aspects
of the natural world, beginning with conceptual biases that
appear as early as the preschool years. For example, young
children make category-based inferences from noun labels in
the case of animals (e.g., bird, fish, rabbit), natural substances
(e.g., gold, cotton), and social categories (e.g., boy, girl;
Gelman, 2004). Social essentialism refers to the belief that
social group members share underlying similarities that make
the group fundamentally distinct. On this view, group
membership is determined by stable, underlying, causally
powerful "essences" that all members possess (Rhodes &
Mandalaywala, 2017). Social essentialist perspectives shape
how people navigate the social world. For example,
expecting a young boy to prefer playing with trucks over
dolls or believing that only some people are "math people"
are common essentialist beliefs.
The problems that arise from essentialist beliefs are
particularly evident in the social domain. For example, the
belief that social categories reflect natural kinds may also
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scholarly journals requiring the use of person-first language
in articles. Additionally, medical and mental health
professionals now advocate for the use of person-first
language (e.g., "a person with a disability"), as opposed to
identity-first (e.g., "a disabled person") or noun (e.g., "the
disabled") descriptors of disabilities and disorders, arguing
that it reduces stigmatization and discrimination by
emphasizing personhood as opposed to the disability or
disorder (e.g., Blaska, 1993; Research & Training Center on
Independent Living, 2022; see also Nobel et al., 2017).
Preliminary support for this claim comes from evidence
that labeling someone with MI is positively correlated with
endorsing stigmatizing beliefs about them (Angermeyer &
Matschinger, 2003). Despite healthcare professionals'
endorsement of person-first language and its prevalence in
healthcare training programs and academic writing, it is less
frequently adopted in practice (see Crocker & Smith, 2019
for discussion). Furthermore, there is little empirical
evidence that using person-first language actively reduces
stigmatizing or essentialist beliefs.
Past research with adults provides preliminary but mixed
evidence that reading person-first language (e.g., "a person
with schizophrenia") may lead to lower levels of stigmatizing
attitudes than reading generic noun language (e.g., "a
schizophrenic") or identity-first language (e.g., "a
schizophrenic person"). Some evidence suggests that noun
labels promote stigmatizing beliefs, resulting in lower levels
of tolerance among professional counselors and community
members. For example, Fernandes et al. (2009) found that the
term "epileptic" elicited more negative attitudes and greater
stigmatizing beliefs than "person with epilepsy," but this
finding has failed to replicate (Noble & Marson, 2016). Other
studies have shown that using person-first language to refer
to individuals with MI results in higher levels of tolerance
among professional counselors and community members
(Granello & Gibbs, 2016; Kelly et al., 2010; Kelly &
Westerhoff, 2010). These findings have also failed to
replicate, suggesting that subtle differences in language may
not impact stigmatizing attitudes about MI (Martinelli, 2020;
Masland & Null, 2021; Nobel & Marson, 2016).
Despite the origin of person-first language in a selfadvocacy movement, the emphasis on this language shift in
psychological settings, and the evidence suggesting that it
may reduce bias, person-first language has recently received
backlash from some disability communities (Dunn &
Andrews, 2015). In some cases, individuals and groups
strongly prefer identity-first language (e.g., "an autistic
child") or generic noun language (e.g., "Autistic") over
person-first language. For example, the Deaf community has
chosen not to embrace the notion of person-first language but
has adopted identity-first language (see Crocker & Smith,
2019 for discussion). In light of the ongoing discussion about
language use when referring to individuals with MI, the
current study investigates whether language use significantly
impacts stigmatizing beliefs about individuals with MI and
essentialist beliefs about MI.

To do this, we asked adults to complete baseline
assessments of stigma against MI and general social
essentialism. We then randomly assigned participants to one
of three experimental language conditions. Participants in
each condition read vignettes describing characters with MI
using person-first, identity-first, or generic noun language.
Finally, participants completed an assessment of stigmatizing
attitudes towards individuals with MI, a measure of
essentialist beliefs about MI, and one question about their
preference for person-first, identity-first, or generic noun
language to describe individuals with MI.
This work fills at least two gaps in the literature. First,
many studies investigating the benefits of using person-first
language focus on perceptions of MI from the clinician's
point of view. Here we sample non-experts and non-health
professionals. Second, as reviewed above, prior studies with
adults have examined the impact of noun vs. adjective labels
or person-first language vs. identity-first language on
stigmatizing beliefs about individuals with disabilities.
Meanwhile, developmental studies have looked at the effect
of specific vs. generic language on essentialist beliefs about
other social categories (e.g., gender). Both literatures have
included generic noun labels as a comparison group, but no
study has investigated the impact of all three language types
on attitudes and beliefs about MI. Finally, this study is one of
the first to explicitly examine the relationship between
essentialist beliefs and stigmatizing beliefs about MI.
Here, we examine the effect of person-first, identity-first,
and generic noun language on stigmatizing beliefs and
essentialist beliefs about MI to answer four primary research
questions: (1) does reading person-first language reduce
social essentialism about MI, compared to identity-first or
generic noun language and/or (2) does reading generic noun
language increase social essentialism about MI compared to
identity-first or person-first language? Additionally, (3) does
reading person-first language reduce stigma towards
individuals with MI, compared to identity-first or generic
noun language, and/or (4) does reading generic noun
language increase stigma towards individuals with MI,
compared to identity-first or person-first language?
We also investigate the relationship between measures of
social essentialism and stigma. This link between essentialist
and stigmatizing beliefs about MI remains unexplored. Given
the link between essentialist thinking and greater stereotype
endorsement (e.g., Bastian et al., 2006), one possibility is that
essentialist beliefs about MI will be associated with higher
levels of stigmatizing beliefs about MI. However, it is also
possible that essentialist beliefs about MI may be associated
with lower levels of stigmatizing beliefs. For example, in
some cases, essentialist thinking about MI is associated with
less stigmatizing attitudes, especially those related to a desire
for social distance (e.g., Lebowitz et al., 2016).
Finally, we ask if participants' familiarity with the MI
moderates the influence of language on stigmatizing or
essentialist beliefs. We consider the effect of participants'
self-reported familiarity with real disorders, and, borrowing
an approach from the developmental literature, we measure
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their stigmatizing and essentialist beliefs about novel
disorders with which they have no prior experience.

Method
Participants
The final sample included 513 adults recruited on Amazon
Mechanical Turk. All participants were fluent English
speakers from the U.S. who were at least 18 years of age and
had previously completed between 100 and 10,000 Human
Intelligence Tasks (HITs) with at least a 97% approval rating.
We excluded data from 391 additional participants due to
failure to complete all survey questions (n = 144) or missing
one or more attention-check questions (n = 247; see Methods
section for more details).

Materials
Study stimuli included a brief description and two vignettes
describing individuals with one of five mental illnesses using
person-first language (PFL), identity-first language (IFL), or
generic noun language (GNL; see Figure 1). Three mental
illnesses (autism, depression, schizophrenia) were real
disorders from the Diagnostic and Statistical Manual of
Mental Disorders - fifth edition (American Psychiatric
Association, 2013), while two (career dysphoria, cotarison)
were novel disorders developed by the researchers based on
real psychological phenomena1. Vignette characters were
gender-matched to the participant, except individuals who
identified as non-binary (n = 2) read vignettes describing
male characters.

Figure 1. Example study vignette(s) for depression.
To measure baseline stigmatizing beliefs about MI,
participants completed a 7-item version of the Mental Illness
Stigma Scale (MISS) assessing attitudes towards people
with MI (Day et al., 2007). Items (e.g., "I can tell someone
has a mental illness by the way he/she acts") were rated from
1 (completely disagree) to 7 (completely agree).
Following a description of each disorder, participants read
two vignettes (10 vignettes in total), as discussed above. Each
vignette was followed by the 6-item Stigma Against
Individuals3 (SAI) questionnaire assessing stigmatizing
beliefs about the character (e.g., "How likely is it that you
would want to spend time with [character]"). Finally,
participants completed the 8-item Essentialist Beliefs Scale
(EBS), evaluating their essentialist beliefs about MI (Haslam
& Ernst, 2002). For each MI, participants rated items (e.g.,
"This mental disorder is a disorder that has existed
throughout human history with few changes") from 1
(strongly disagree) to 7 (strongly agree).
Participants also answered general demographic questions
(e.g., "Are you fluent in English?"), and questions about each
MI ("How much do you know about each disorder?"),
familiarity with person-first and identity-first language (e.g.,
"How much do you know about the term 'person-first
language'?"), preference for talking about individuals with
MI (e.g., "Which of these sentences do you like the most:
'Drew is a person with depression,' 'Drew is a depressive,'
etc."), and if they had ever been diagnosed with a MI.

Design and Procedure
We randomly assigned participants to one of three language
conditions (PFL, IFL, or GNL). The study was self-paced and
conducted online via a Qualtrics survey. Participants first
completed the 8-item Kind of Person (KOP) implicit
theory scale (Dweck, 1999), assessing the degree to which
individuals perceive personal attributes as fixed (e.g., "People
can't really change their deepest attributes"), non-malleable
(e.g., "The kind of person someone is, is something very basic
about them and it can't be changed very much"), and trait-like
entities (e.g., "People can do things differently, but the
important parts of who they are can't really be changed").
Items were rated from 1 (strongly agree) to 7 (strongly
disagree). We consider this to be a baseline measure of social
essentialism2.

1

2

We included fake disorders to assess beliefs about unfamiliar
mental illnesses that participants were unlikely to have preconceived
stigma about. Cotarsion is modeled on Cotard’s syndrome, a
delusion in which people believe that they are dead, rotting, or that
they do not exist. Career dysphoria is modeled on imposter
syndrome, a phenomenon in which people doubt their
accomplishments and fear they will be exposed as a fraud.

The KOP has previously been used to measure endorsement of
implicit theories of intelligence. This study is the first to use it as a
measure of social essentialism.
3
The SAI is a novel likert-type scale developed to assess stigma
against individual characters in our study. The creation of the scale
was guided by existing measures of stigma (Day et al., 2007).
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Table 1: Mean SAI and EBS scores by mental illness type

Coding and Analyses
To calculate baseline general social essentialism, we
averaged responses across all items of the KOP scale for each
participant. To calculate baseline stigma against MI, we
summed all items of the MISS for each participant. Our two
primary outcome measures were the EBS and the SAI
questionnaire. To evaluate essentialist beliefs for each
disorder, we averaged responses across all items of the EBS
for each MI, yielding five EBS scores per participant. To
evaluate stigmatizing beliefs about individual characters, we
summed all items of the SAI for each vignette, producing 10
SAI scores per participant (two for each disorder).
We fit linear mixed-effects models using the lme4 package
in R (Bates et al., 2015). We include a random intercept for
subjects, scale all continuous variables, and effect code all
fixed effects with predictors centered around 0 [-1, 1]. We
performed Wald chi-square tests from type-III analysis-ofvariance tables using the car package (Fox & Weisberg,
2019) to determine whether models including each factor of
interest provided a significantly better fit of the data than
reduced models.

MI type

Moverall

Real

17.1
(3.24)
16.9
(3.20)

Fake

Real
Fake

35.9
(9.66)
35.6
(10.0)

MPF
SAI
16.9a,c
(3.27)
16.5a
(3.17)
EBS
36.2a
(10.1)
35.2
(10.8)

MIF

MGN

17.1c
(3.35)
17.0b
(3.39)

17.2b,c
(3.10)
17.3b
(3.03)

36.5a
(9.75)
36.3
(9.99)

35.1b
(9.12)
35.4
(9.18)

Notes. Standard deviations are in parentheses. Scores with
different superscripts indicate significant differences in EBS
or SAI scores.
To test the possibility that language may impact
stigmatizing beliefs about individual disorders to different
degrees, we asked if the character's MI (autism, depression,
schizophrenia, career dysphoria, cotarsion) predicted
stigmatizing beliefs. When used in place of the factor coding
MI type, the character's MI predicted stigmatizing beliefs,
ꭓ2(4) = 144.59, p < .001, and there was an interaction between
MI and language condition, ꭓ2 (8) = 18.98, p = .021. See
Table 1 for mean SAI scores by MI.
Participants reported significantly lower stigma against
characters with autism than depression (p = .007) or
schizophrenia (p < .001), and lower levels of stigma against
characters with depression than schizophrenia (p = .003). We
conducted language comparisons within each disorder using
Wilcoxon signed-rank tests to explore the interaction
between language condition and MI. These tests only
revealed differences in stigmatizing beliefs about career
dysphoria (one of our novel disorders, based on "impostor
syndrome") and depression, with no effects of language
condition on stigmatizing beliefs about the other three
disorders (see Table 2 for score means). Participants exposed
to PFL reported lower levels of stigmatizing beliefs towards
individuals with career dysphoria and depression compared
to participants who were exposed to either GNL (career
dysphoria: p < .001; depression: p < .001) or identity-first
language (career dysphoria: p = .03; depression: p = .041).
Additionally, participants exposed to IFL reported lower
levels of stigmatizing beliefs towards individuals with career
dysphoria than those exposed to GNL (p = .03).

Results
Language, disorder, and stigma. We first asked if the
language (PFL vs. IFL vs. GNL), type of MI (real vs. novel),
or pre-existing levels of stigma about MI (MISS score)
predicted stigmatizing beliefs about individuals with MI (SAI
score). We did this to test the possibility that language may
impact novel (i.e., fake) and real disorders to different
degrees because participants are unlikely to have
preconceived beliefs about unfamiliar disorders. We also
included an interaction between language condition and MI
type in the model. We found a main effect of pre-existing
stigma, ꭓ2(1) = 11.46, p < .001, such that (unsurprisingly)
higher levels of stigma at baseline predicted higher levels of
reported stigma against individuals with MI. We also found
a significant interaction between language condition and MI
type, ꭓ2 (2) = 6.46, p = .040 (see Figure 2). Although the
interaction between these factors was significant, we did not
find significant main effects of either MI type, ꭓ2(1) = 3.36, p
= .067, or language condition, ꭓ2 (2) = 5.80, p = .055.
Exploring the interaction between MI type and language
condition, we found that when participants read about
characters with real mental illnesses, those exposed to PFL
reported lower levels of stigmatizing beliefs than participants
exposed to GNL (adjusted p = .022; see Table 1 for score
means). In contrast, when they read about characters with
novel, made-up mental illnesses, participants in the PFL
condition still reported lower levels of stigmatizing beliefs
than participants in the GNL condition, but, additionally, they
also reported lower levels of stigmatizing beliefs than those
in the IFL condition (adjusted ps < .031; see Table 1 for score
means).

Table 2: Mean SAI and EBS scores for each mental illness
MI
career dysphoria
autism
depression
cotarison
schizophrenia
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MSAI
16.54 (2.96)a
16.61 (3.21)a
16.98 (2.95)b
17.32 (3.39)b, c
17.60 (3.45)c

MEBS
35.44 (10.24)
36.02 (9.58)
35.52 (9.85)
35.76 (9.79)
36.24 (9.38)

4

Notes. Mental illnesses in order of increasing stigma and
essentialist beliefs with standard deviations in parentheses.
Italics indicate novel disorders. Scores with different
superscripts indicate significant differences.

reported lower levels of essentialist beliefs than participants
who preferred IFL or GNL.
Correlations between measures. Finally, we ran
correlations to assess the relationships between measures of
stigma and essentialism taken before and after the language
manipulation. Baseline levels of stigmatizing beliefs (MISS
scores) were weakly but positively correlated with reported
stigma against individuals (SAI scores), r(511) = .150, p <
.001, and moderately correlated with reported essentialist
beliefs about MI (EBS scores), r(511) = .387, p < .001.
However, baseline levels of essentialist beliefs (KOP scores)
were not correlated with SAI scores (p = .247), and, more
surprisingly, they were weakly and negatively correlated with
EBS scores, r(511) = -.130, p = .003. Moreover, MISS scores
were very weakly negatively correlated with KOP scores
(r(511) = -.022, p < .001), although SAI scores were
positively correlated with EBS scores (r(511) = .115, p =
.009). Given that most observed correlations were low, these
findings suggest that these measures may pick up on different
aspects of stigma and essentialism. Moreover, our findings
suggest that general essentialist beliefs measured by the KOP
are not predictive of similar attitudes and beliefs regarding
MI.

Language, disorder, and social essentialism. We next
asked if language condition, MI type, and general levels of
essentialist beliefs predicted essentialist beliefs about each
MI. We found a similar pattern of results. Again, there was a
significant interaction between language condition and MI
type, ꭓ2 (2) = 15.66, p < .001, and a main effect of general
essentialist beliefs, ꭓ2 (1) = 9.12, p = .003 . We did not find a
main effect of language condition, ꭓ2 (2) = 1.67, p = .435.
Surprisingly, higher levels of general essentialist beliefs at
baseline predicted lower levels of reported essentialist beliefs
about MI. When reading about characters with real mental
illnesses, participants exposed to PFL or IFL reported lower
levels of social essentialism than participants exposed to
GNL (adjusted p's = .05). When participants read about
characters with novel, made-up mental illnesses, language
type did not impact their essentialist beliefs.
To test the possibility that language may impact essentialist
beliefs about individual disorders to different degrees, we
also asked if the character's MI (autism, depression,
schizophrenia, career dysphoria, cotarsion) predicted
essentialist beliefs. When used in place of the factor coding
MI type, the character's MI predicted essentialist beliefs,
ꭓ2(4) = 13.60, p = .009, and there was a significant interaction
between language condition and the character's MI, ꭓ2(8) =
19.25, p = .014. However, follow-up language comparisons
for each MI did not reveal significant differences in levels of
essentialist beliefs between participants exposed to each
language type (Table 2).
Participant familiarity and language preference. We
also asked participants about their language preferences and
familiarity with each MI. When asked how they would
describe someone with a MI, the majority of participants
preferred to use PFL (56%) over IFL (29%) or GNL (15%).
Additionally, 70% of participants reported having been
diagnosed with a MI at some point in their life. Most
participants reported having some prior knowledge (i.e.,
responding '3' or higher on a response scale ranging from '1 I don't know anything about this disorder' to '5 - I know a lot
about this disorder') about depression (88%), schizophrenia
(75%), and autism (82%). About half reported having some
prior knowledge about the novel disorders career dysphoria
(57%) and cotarsion (53%).
We then asked whether participants' language preference
and/or familiarity with each MI predicted their stigmatizing
or essentialist beliefs about MI. Only familiarity (ꭓ2 (1) =
8.94, p = .002) predicted stigmatizing beliefs, but both
familiarity and preference predicted essentialist beliefs
(familiarity: ꭓ2 (1) = 51.76, p < .001; preference: ꭓ2 (3) =
12.19, p = .007). Participants more familiar with the
individual mental illnesses generally reported higher levels of
stigma and essentialist beliefs. Also, participants who
preferred using PFL to talk about individuals with MI

General Discussion
This study examined the effects of person-first, identityfirst, and generic noun language on readers' stigmatizing
beliefs about individuals with mental illness and their social
essentialist beliefs about specific mental illnesses. The type
of language read did not systematically lead to higher or
lower levels of stigmatizing or essentialist beliefs across
disorders. Instead, the effect of language was small and
depended on the type of mental illness described.
Furthermore, the patterns of results were different for
stigmatizing and essentialist beliefs. Participants exposed to
person-first language while reading about individuals with
novel disorders reported lower levels of stigma than those
exposed to either identity-first or generic noun language.
Participants exposed to person-first language while reading
about individuals with real mental illnesses (autism,
depression, or schizophrenia) reported lower levels of stigma
than those exposed to generic noun (but not identity-first)
language. We also found an effect of language on essentialist
beliefs about real disorders: both person-first and identityfirst language were associated with lower levels of
essentialist beliefs than generic-noun language. However,
there was no effect of language on essentialist beliefs about
novel disorders.
These findings do not support a strong effect of language
on stigmatizing or essentialist beliefs about mental illness.
We observed an effect of language on stigmatizing beliefs for
some disorders, such as depression, but these effects were
small and inconsistent. In particular, participants exposed to
person-first language while reading about an individual with
depression reported lower levels of stigmatizing beliefs than
those exposed to identity-first or generic noun language. The
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same pattern arose for the novel mental disorder career
dysphoria but not for other real disorders, including autism.
One possibility is that language only impacts stigma for
mental illnesses that are novel or relatively low-stigma. This
might explain why we did not find an effect for schizophrenia
or cotarsion (a novel disorder based on a real delusion that
people with schizophrenia sometimes experience), given that
schizophrenia is particularly stigmatized compared to other
mental illnesses such as depression (Angermeyer & Dietrich,
2006). Participants also endorsed lower levels of stigma
against characters with autism than depression or
schizophrenia, and there was no effect of language on
stigmatizing beliefs about autism. Nevertheless, autism may
represent a special case, given the strong preference for
identity-first language among many autistic people (Kenny et
al., 2016).
Healthcare providers champion person-first language as
being more respectful because it emphasizes the person over
the diagnosis, but there is also a growing movement within
self-advocacy groups promoting the use of identity-first
language to highlight the disability as a fundamental part of
one's personhood rather than a deficit or characteristic (see
Dunn & Andrews, 2015 for discussion). Both communities
that endorse and discourage the use of person-first language
tend to agree that person-first language removes the focus of
a diagnosis as something central to a person's identity. The
difference between these views has more to do with whether
conceiving a diagnosis as central to one's identity is
considered favorable. This, in turn, depends on the
relationship between essentialist beliefs about MI and stigma
against individuals with MI.
What do the present results tell us about the relationship
between stigma and social essentialism? Consistent with
prior work demonstrating a link between essentialism and
stigma, we found that having pre-existing stigmatizing
beliefs about mental illness (MISS scores) was predictive of
having essentialist beliefs about specific mental illnesses
(EBS scores, r = 0.4). However, our results also indicate that
greater social essentialism in general – e.g., a tendency to
think that people can't change who they really are deep inside
– is not predictive of having essentialist or stigmatizing
beliefs specifically about MI. In fact, though the correlations
were weak, people with higher general essentialism scores
also reported lower stigma (MISS) and essentialism (EBS)
about MI.
Although greater social essentialism has been linked with
stereotyping in some domains, such as gender (Gülgöz et al.,
2019), as discussed in the introduction, essentialist beliefs do
not correlate with negative prejudice across all social
contexts. In some cases, the opposite pattern has been
observed. For example, a few recent studies have found that
essentialist thinking may mitigate children's weight biases
(see Puhl & Latner, 2007 for review) and reduce children's
prejudices toward LGBTQA+ individuals (Horn & Heinze,
2011, see also Horn, 2019). Investigating the possibility that
essentialist views of MI may reduce stigma toward
individuals with MI is an important avenue for future work.

We also found that factors other than language exposure
had different effects on participants' stigmatizing and
essentialist beliefs about MI. For example, essentialist and
stigmatizing beliefs were associated with participants' prior
knowledge about each MI. Participants who reported
knowing 'a lot' about a given MI reported higher levels of
essentialist beliefs about the MI. Additionally, because we
included both real and novel disorders in the study, we could
test whether prior exposure to the diagnostic category was a
necessity for (or a hindrance to) language effects. The idea of
using novel diagnostic categories was inspired by the
developmental literature finding that language influences
children's essentialist beliefs about novel social groups (e.g.,
Zarpies; Rhodes et al., 2012). We reasoned that having less
prior knowledge about the diagnosis might lead adults to rely
more on subtle linguistic cues to guide their judgments.
However, surprisingly, we found the opposite – there were no
effects of language on essentialist beliefs about novel
disorders (only real ones). Importantly, the present results do
not address what dimensions of essentialist beliefs are most
impacted by language or prior knowledge (e.g., beliefs about
how category boundaries are set, relations between category
members, or how category members come to be the way they
are; for discussion, see Rhodes & Moty, 2020). Investigating
the multidimensionality of essentialism, as it relates to beliefs
about individuals with MI, is also an important direction for
future research.
Finally, participants' language preferences for talking
about individuals with MI were related to their endorsement
of essentialist beliefs about MI, but not their endorsement of
stigmatizing beliefs. Notably, 70% of our sample reported
having been diagnosed with a MI at some point in their life.
Person-first language was preferred by a majority (56%) of
participants, but we also had a sizable group (29%) who
preferred identity-first language. The latter finding may
reflect the current trend in some disability communities.
Unsurprisingly, people who preferred person-first language
reported lower levels of essentialist beliefs about MI than
those who preferred identity-first or generic noun language.
This is consistent with past findings that adults with high
levels of essentialist beliefs are more likely to endorse generic
noun labels than adults with lower levels of essentialist
beliefs. Importantly, though, this group did not show lower
levels of stigmatizing beliefs against individuals with MI.
Although our findings do not support a strong effect of
language on essentialist or stigmatizing beliefs about MI in
general, they do suggest that factors other than language, such
as prior knowledge about disorders or diagnostic criteria and
personal preference for the type of language used when
talking about individuals with MI, may play a role in shaping
essentialist beliefs and stigma about people with MI. Given
the small differences in stigma scores across disorders in our
study and the possible role of social desirability biases,
follow-up work is needed to investigate case-specific effects
of language use on stigmatizing and essentialist beliefs and
attitudes about MI.
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Abstract

of such categories. An efficient compromise is to have narrow, precise categories in high-frequency (high-need) parts
of semantic space, and broader, imprecise categories in lowfrequency (low-need) parts of space. This way, the category
system is kept relatively simple, while the expected accuracy,
aggregated over the space as a whole, is kept reasonably high.
Patterns of communicative need may show commonalities
across cultures, corresponding to universal tendencies in human nature. In line with this, some studies of efficiency in semantic categories have assumed a universal need distribution,
based either on corpus counts from high-resource languages
combined with naming data (e.g. Kemp & Regier, 2012; Xu
et al., 2016; Zaslavsky, Kemp, et al., 2019; Xu et al., 2020),
naming data alone (Zaslavsky et al., 2018; Zaslavsky, Regier,
et al., 2019), or the statistics of the environment (e.g. Gibson
et al., 2017). However there is also reason to expect crosscultural variation in need, since cultural emphases differ. The
efficiency view predicts that when need varies across cultures,
semantic categories should vary accordingly. This is a classic idea (Boas, 1911) that is supported by recent evidence
(e.g. Regier et al., 2016; Gibson et al., 2017; Floyd et al.,
2018; Winter et al., 2018; Twomey et al., 2021).
We wished to ascertain how broadly culture-specific need
shapes semantic categories, and the reliability of corpus
counts as an estimate of communicative need. To that end,
we considered the domain of household containers, for which
previous research has assumed a single need distribution
across languages, inferred either from corpus counts (Xu et
al., 2016) or from naming data (Zaslavsky, Regier, et al.,
2019). In contrast, we elicited estimates of communicative
need for this domain on a per-culture basis from native speakers of two languages. In what follows, we first describe earlier
studies that provide a backdrop for ours, and then describe
our own study. Our results suggest that subjective estimates
may sometimes be superior to corpus data as a measure of
communicative need, that communicative need varies across
languages, and that variation in need can help to explain variation in systems of semantic categories across languages.

It has been proposed that a drive for efficient communication
shapes systems of semantic categories across languages. Recent work in this vein has increasingly emphasized communicative need: how often a particular object or idea will need
to be referenced. Many studies assume for simplicity that the
distribution of need across referents is the same for different
cultures, and that this need distribution can be reliably inferred
from corpora. In contrast, we elicited culture-specific estimates of communicative need from native speakers of English
and Chinese. We compared those need distributions to each
other and to a corpus-based need distribution, and we assessed
the efficiency of the English and Chinese naming systems for
the semantic domain of household containers under different
need distributions. Our results suggest that languages reflect
culture-specific need patterns, and that subjective estimates are
sometimes superior to corpus data as a measure of need.
Keywords: efficient communication; communicative need;
language and culture; semantic variation; semantic universals

Introduction
An influential proposal holds that language is shaped by pressure for efficient communication. On this view, languages
take the forms they do in part because of the functional
need to be simultaneously informative and simple. This is
an idea with a long history (e.g. von der Gabelentz, 1901,
cited by Haspelmath, 1999; Zipf, 1949; Hopper & Traugott,
2003), and a growing body of recent supporting evidence (see
Gibson et al., 2019 for a review). One aspect of language that
has been analyzed in these terms is semantic categories, such
as word meanings. Specifically, it has been proposed that the
typology of attested semantic category systems across languages reflects a variety of ways of efficiently trading off the
competing forces of informativeness and simplicity against
each other. Support for this view has been found in a number of semantic domains, including color, kinship, numeral
systems, and others; Kemp et al. (2018) provide a review.
Recent literature on this topic has increasingly emphasized
communicative need: how often a particular object or idea
will need to be referenced (e.g. Gibson et al., 2017; Zaslavsky, Kemp, et al., 2019; Hawkins, 2019; Conway et al.,
2020; Karjus et al., 2021; Twomey et al., 2021). Communicative need is a critical construct in theories of efficient
communication because it modulates how important it is to
be precise in referring to a given object. A drive for informativeness will reward narrow, precise semantic categories
— but a drive for simplicity will seek to avoid a proliferation

Prior studies
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Malt et al. (1999) presented images of simple household containers, such as those in Fig. 1, to native speakers of English,
Chinese, and Spanish. They asked their participants to sort
these objects into piles by similarity, and to name them. They
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guages. They assumed that each object has a unique name
(cf. Zaslavsky et al., 2018), and they modeled the cost of communicating about an object i using its name w by surprisal:
C(i) = log2

1
L(i|w)

(2)

Finally, they modeled the overall communicative cost of a
semantic system as the expected cost of communicating about
objects in the domain:
Figure 1: Sample stimuli from Malt et al. (1999). These three
containers are named ‘jar’, ‘bottle’, and ‘jug’ (from left to
right) in English, whereas all are named ‘pı́ng’ in Chinese.
Speaker

E[C] = ∑ C(i)N(i)

where i ranges over objects in the domain, and N(i) is the
need probability, or communicative need, for object i. Xu et
al. estimated need probabilities N(i) using the Google Ngram
American English corpus (Michel et al., 2011) for the year
1999, the year of publication of Malt et al. (1999), using a
method described below. They then took a semantic system
to be informative to the extent that it had low communicative cost E[C]; they took the complexity of a system to be the
number of lexical categories it contained; and they took a system to be efficient if it was more informative (had lower E[C])
than most logically possible hypothetical systems of the same
complexity. They created hypothetical systems of the same
complexity as a given target naming system through a random
process of probabilistic chaining described on pp. 2090-2091
of their paper, by which a name is extended from one exemplar to similar exemplars. They argued that such chained
hypothetical systems provide a conservative comparison case
because such systems respect the similarity structure of the
domain, unlike many other logically possible systems.2
Xu et al. used this formalization and the Malt et al. data to
assess the efficiency of the naming systems of English, Chinese, and Spanish. Fig. 3 shows our replication of their results
for English and Chinese, using the same data and methods
they used. Our results qualitatively match theirs.3 It can be
seen that on this analysis, assuming a single need distribution
based on an English-language corpus, English is more clearly
efficient than Chinese: the English system shows lower communicative cost than almost all hypothetical systems of its
complexity, whereas this is not as true of Chinese. We focus
on Chinese and English, and not Spanish, because Chinese
and English are the native languages of the authors of this paper, and the first author noticed that the Malt et al. stimulus
set intuitively seemed Western in emphasis. This observation
suggested that a culture-specific need distribution may be appropriate — and it also presented an opportunity to compare
corpus-based and subjective need estimates.

Listener

“bottle”

Figure 2: A communicative scenario, from Xu et al. (2016).
found that the naming systems of these three languages for
this domain were quite different, but that the similarity structure of the domain was very similar across these languages.
Xu et al. (2016) built on these findings, and assessed the efficiency of the English, Chinese, and Spanish naming systems.
We lay out their approach in some detail here because our
study adopts large parts of it.
In assessing the efficiency of a language’s naming system,
Xu et al. (2016) assumed a simple communicative scenario,
illustrated in Fig. 2. Here, a speaker has a particular object in
mind and attempts to communicate it to a listener using the
English word ‘bottle’. The listener then attempts to mentally
reconstruct which referent they think the speaker must have
meant — but because the word ‘bottle’ is semantically broad,
they cannot do so exactly. Instead, the listener’s mental reconstruction takes the form of a probability distribution over
a range of referents all named ‘bottle’. This means that some
information has been lost in communication, and Xu et al. formalized that information loss as follows.1 First, they assumed
that the probability mass L(i|w) that the listener allocates to
object i upon hearing word w is based on the similarity of
object i to all objects j that are named by w:
L(i|w) ∝

∑ sim(i, j)

2 A complementary approach is to determine optimally efficient
systems, and compare empirical systems to them (e.g. Zaslavsky et
al., 2018; Zaslavsky, Regier, et al., 2019). We followed Xu et al.’s
approach to maximize comparability with their findings.
3 Quantitatively, we obtain the same communicative costs for the
two attested systems as Xu et al. did, but somewhat different distributions for the hypothetical systems. Xu et al.’s description of
their chaining algorithm leaves some room for interpretation, and although we tried to follow them exactly, it is possible there are some
minor differences; we attribute the difference in outcome to that.

(1)

j∈w

where sim(i, j) are similarities empirically grounded in the
sorting data of Malt et al. (1999), pooled across lan1 Our

(3)

i

formal notation differs slightly from theirs.
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English

Chinese

ipants were shown a perceptually rich picture of an indoor
garden and asked to describe it in detail using a minimum of
4-5 full sentences; this was also used for participant exclusion
as described above. Participants then began the main part of
the online survey, in which we collected subjective estimates
of communicative need, and object names. To control for order effects, the order of the 60 container stimuli was randomized. For each stimulus picture, participants were asked two
questions, which we present here in English but which were
presented to the participants in their native language (English
or Chinese). First, to elicit subjective estimates of communicative need, we asked: “In your everyday life, how often do
you refer to the container shown in the picture above? Please
focus on the container itself, not what it contains or what its
label says; the ruler in the picture is there to simply show you
the size of the container. Rate the frequency that you refer to
the container in the picture on a scale from 1 (I don’t refer to
this container at all) to 7 (I refer to this container every day).”
Second, to elicit object names, we asked: “What do you call
the container in the picture above? Please name the container
itself, not what it contains. Give whatever name that seems
the best or most natural to you; it can be one word or more
than one word.” We coded naming responses by determining
the head noun of each response; e.g., if a participant named a
particular object a “small plastic bottle,” we would code that
response as “bottle.” Then, for each object, we identified the
most commonly used (or modal) head noun for that object
among participants in each language and used that noun as
the name for that object in that language. We encountered
one instance in which there was a tie in frequency between
two labels for an object. We conducted all analyses below
with both ways of labeling that object and found that our results are qualitatively robust to which way that tie is broken,
and so we present results based on one of those two labelings.
Other data. We also used the pile-sort data of Malt et al.
(1999). Our treatment and use of the pile-sort data followed
that of Xu et al.: we considered pile-sort data from English
and Chinese, the two languages for which such data were retrievable, and aggregated pile-sort responses across the two
languages, motivated by Malt et al.’s finding that these responses were very similar across languages. We then took the
similarity sim(i, j) of two objects i and j (see Eqn. 1 above)
to be the proportion of participants who placed those two objects in the same pile. We also used the Google Ngram American English corpus (Michel et al., 2011) for the year 1999 to
estimate need as Xu et al. did. Table S1 of the Supplementary Material for Xu et al. (2016) provides, for each of the 60
objects in the stimulus set, an English phrase describing it,
e.g. “tupperware container”, “baby bottle”, “applesauce jar”.
We obtained English corpus-based need probabilities for the
60 objects in the stimulus set by finding the corpus frequency
for the phrase associated with each object, assigning that frequency to that object, and then normalizing across objects.4
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Figure 3: Replication of the findings of Xu et al. 2016 for
English (left) and Chinese (right), using need probabilities
derived from an English-language corpus. In each panel, the
vertical line denotes the communicative cost of the attested
system, and the histogram denotes communicative costs of
50,000 hypothetical systems of the same complexity as that
attested system. On this analysis, English (p < .005) is more
clearly efficient than is Chinese (p = 0.14).

Methods
To test these ideas, we collected subjective estimates of communicative need from native speakers of English and of Chinese, for the objects in the Malt et al. stimulus set. We also
asked the same participants to name each of the objects in
their native language.
Materials. We used the images of 60 household containers
that were originally used by Malt et al. (1999) and later used
by Xu et al. (2016). Sample stimuli are shown above in Fig. 1.
Participants. We recruited 25 participants from the US, and
25 from mainland China. Participants were recruited through
online platforms (US: Prolific; China: WeChat) and were
compensated for their participation. We included prescreening criteria to exclude potential participants who were not
adult (18 years old) native English speakers born in the US
(for US participants), or not adult (above 18 years old) native
Mandarin Chinese speakers born in mainland China (for Chinese participants). We also used two further exclusion criteria. (1) To double-check participants’ language background,
we included a picture free description task and excluded participants whose responses to this task indicated that they were
not native speakers of English (for US participants) or Mandarin Chinese (for Chinese participants), as judged by the authors who are native speakers of these two languages. (2)
We also excluded participants who, when asked to name the
container objects, provided responses that were not container
names for more than 10% of the containers. After exclusions,
16 US and 23 Chinese participants remained.
Procedure. Participants completed an online survey, administered in English for US participants and in Mandarin
Chinese for mainland China participants. The survey began
with a short demographic questionnaire, in which participants
were asked about their birth country/region, intercultural experience, gender, and age; some of this information was used
for participant exclusion as described above. Next, partic-

4 This yielded results that aligned closely with those reported by
Xu et al., and so we assume this is the approach they used, and
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Figure 5: Communicative need. In each scatter plot, points
correspond to objects in the stimulus set, plotted according
to two need-relevant quantities. The linear regression fit for
these points is shown as a blue line, with the 95% confidence
interval as a light blue region. Left: Subjective need estimates
from English vs. Chinese. Right: English subjective need
estimates vs. English corpus-based frequency.

gu n (1)
guàn (8)
hé (4)
píng (42)
t ng (5)

Figure 4: Container naming systems in English (top) and Chinese (bottom), from our study. Objects are represented by
small circles, arranged in a single similarity space obtained
via MDS from pile-sort data. The proximity between two circles roughly corresponds to the perceived similarity of those
two objects. Colors denote linguistic labels. In each legend,
labels are shown together with the number (in parentheses) of
objects for which that label was the modal head noun.

the efficiency of a system while holding complexity constant:
by comparing the communicative cost of a given naming system to the costs of hypothetical systems of the same complexity as the original. However the lower complexity of Chinese does have a different important theoretical connection, to
the question of communicative need. If category systems are
shaped by a drive for efficiency, we would expect to find lowcomplexity systems with broad categories in domains that are
referenced only infrequently in a given language (Kuschel &
Monberg, 1974; Kemp et al., 2018, sec. 4.2). The reason is
that broad categories lead to information loss in communication when their names are used without modifiers that narrow
the semantic range; but if such broad, lossy categories were
to appear in low-frequency parts of semantic space, that cost
would be incurred only rarely. This reasoning leads us to expect that Chinese may have lower need generally for (this part
of) the domain of household containers than English, in line
with the author intuition mentioned above. We test this prediction below by examining subjective need ratings collected
from speakers of the two languages.

In the following analyses, we first explore the naming data,
then the communicative need data, and then conduct efficiency analyses that bring together these two sorts of data.

Analysis 1: Naming
The naming systems we obtained for English and Chinese
are presented in Fig. 4, in a similarity space derived from the
pile-sort data.5 It can be seen that the Chinese naming system over these objects is dominated by a single broad category, ‘pı́ng’, whereas the English system is more fine-grained
(recall Fig. 1). It can also be seen that Chinese has fewer
categories in this domain than English does — thus, the Chinese naming system for this domain has lower complexity
than the English one. That difference in complexity cannot
explain the apparent weaker efficiency of Chinese relative to
English, highlighted above in our replication of Xu et al.’s
analyses. That is because we, following Xu et al., assessed

Analysis 2: Need
For each object in the stimulus set, and for each language
(Chinese, English), we estimated the subjective need for that
object in that language by taking the average subjective need
elicited for that object across speakers of the language. We
then compared the resulting English and Chinese subjective
need estimates; these two quantities are shown in Fig. 5 (left
panel). There are several points to highlight here. First, there
is a relatively clear linear relation between need estimates
from the two languages (R2 = 0.24, F(1, 58) = 18.17, p <
0.001), which can be thought of as capturing cross-culturally
shared aspects of communicative need (see also Zaslavsky et
al., 2021). Second, there is also substantial scatter around the
line, which can be thought of as capturing culture-specific aspects of need for particular objects. Third, need estimates

we adopt it here. We also explored another approach, in which we
first divided the ngram corpus frequency allocated to each object by
the number of objects that received that name, and then normalized.
Our results were qualitatively the same under the two approaches.
Finally, we also explored the use of corpus counts from the year
2019 rather than 1999, and explored corpus counts based on both
singular and plural forms of the target phrases; these variants yielded
only small changes in the resulting need distribution and so we do
not consider them further here.
5 These naming systems are broadly similar to those obtained by
Malt et al. (1999), with some differences. We defer for future work
a detailed comparison between Malt et al.’s naming data and ours.
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for Chinese in this domain tend to be lower than those for
English (paired t(59) = 6.33, p < .001), consistent with the
prediction made above based on greater semantic breadth in
Chinese, and with prior author intuition mentioned above.

many naturally occurring frequency distributions, frequency
follows Zipf’s law (Zipf, 1949; see Piantadosi, 2014 for a review), according to which f (i) ∝ 1/r(i), where f (i) is the
frequency of item i, and r(i) is the frequency rank of item
i. Inspection of the subjective need estimates we collected
revealed that they drop off with rank much more gradually
than this. For that reason, we considered the possibility that
the subjective estimates may understate the variation in actual need but that the ranks of those estimates might be accurate, and that actual need frequency could be inferred from
those ranks using Zipf’s law. We applied this transformation to the need estimates, and we call the resulting estimates
transformed need estimates, and the raw estimates shown in
Fig. 5 non-transformed need estimates. For each language,
English and Chinese, we produced two need probability distributions — transformed and non-transformed — by normalizing the corresponding need estimates. Other approaches to
transforming such need estimates are also possible (Stevens,
1966; Shapiro, 1969), but we leave exploration of those possibilities for future work.

We next asked whether the subjective need estimates we
obtained in our study are similar to corpus-based need. Xu
et al. found that the Google Ngram corpus for Chinese was
too sparse to be useful, so we have corpus-based need only
for English, and we compared that to our English subjective
need estimates. Fig. 5 (right panel) shows that there is not
a clear linear relation between English subjective need estimates and English corpus-based need for year 1999 (R2 =
0.002, F(1, 58) = 0.12, p = 0.74). We conclude from this
that at most one or the other of these two quantities can be
a reasonable measure of communicative need in English —
not both since they appear to be incompatible. This in turn
means that if we find a reason to trust the subjective estimates over corpus-based need, Xu et al.’s earlier efficiency
findings could be called into question, since they assumed
corpus-based need.
Are there grounds for trusting subjective need estimates
over corpus-based need in this case? There are several indications that seem to point in that direction. We have already
seen that the cross-language comparison of subjective need
shows a plausible mixture of shared and language-specific
patterns, and that it helps to explain the broader semantic
categories found in Chinese. Further insight can be gained
by considering need estimates for specific objects. A jar of
belt cleaner, which appears unusual to both authors (native
speakers of Mandarin Chinese and U.S. English), received
very low need estimates from speakers of both Chinese and
English. There is only one item in the stimulus set that is
clearly Chinese in origin — a large plastic bottle of soy sauce
with Chinese writing on the label — and it was one of relatively few objects to receive a higher need estimate from
Chinese speakers than from English speakers. Conversely,
a water bottle with a plastic straw was rated high-need by English speakers and low-need by Chinese speakers, again in
line with author intuition. Considerations of space rule out a
fuller exploration along these lines, but there seems to be at
least some alignment of the subjective need estimates with intuition. This contrasts with the (English) corpus-based need
frequencies, for which the top five highest-need items were
five different glass jars, which all received the same high rating because all were labeled “glass jar” for the purpose of the
corpus search. This highlights a limitation of corpus searches:
the search terms may be too semantically broad, in which case
distinctions are not made among stimulus items that should
be distinguished, and at the same time frequency is likely to
be picked up from other items outside the stimulus set. On
balance, the evidence reviewed here favors subjective need
estimates over corpus-based need, at least in this case.

Analysis 3: Efficiency
As we have seen, Xu et al.’s efficiency analyses, which assumed corpus-based need derived from an English language
corpus, suggested that the English and Chinese naming systems in this domain are both efficient, but Chinese more
weakly efficient than English. However we have also seen
reason to doubt whether a need distribution based on an English language corpus is an appropriate choice. Here, we reassess the efficiency of the English and Chinese naming systems, now using need probability distributions derived from
subjective estimates of need. In each analysis, the communicative cost of a given naming system was compared to the
distribution of costs obtained from 50,000 hypothetical systems of the same complexity as that naming system, obtained
using the probabilistic chaining algorithm described on pp.
2090-2091 of Xu et al. (2016). For reasons of space we only
present results obtained using transformed need; results using
non-transformed need were qualitatively similar.
Fig. 6 shows the results of these analyses. The top row
shows outcomes obtained using native-language need: that
is, the English naming system was assessed using a need
distribution based on English subjective need estimates, and
the Chinese naming system was assessed using a need distribution based on Chinese subjective need estimates. It can
be seen that under native-language need, both languages are
clearly efficient, in contrast with the findings of Xu et al. For
comparison, the bottom row shows outcomes obtained when
each language is analyzed using the other language’s need
distribution. Here, we see that Chinese appears only weakly
efficient when assessed using English need estimates, mirroring the findings of Xu et al. for those circumstances. Unexpectedly, English appears clearly efficient under a Chinese
need distribution, even a little more so than under an English
one, an outcome for which we do not (yet) have a ready ex-

However, subjective need estimates should not necessarily be taken at face value (e.g. Alderson, 2007). Need estimates are estimates of frequency, and it is known that for
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may correspond to multiple items in the domain, providing
only coarse-grained information about need. This problem
has been addressed by using general search terms, obtaining
corpus frequencies for them, and then inferring need for individual items in the domain from those corpus statistics and
naming data in a principled way (see e.g. Zaslavsky, Kemp, et
al., 2019). However even this approach has a limitation that
is especially relevant in the domain of household containers.
The corpus frequencies for many natural search terms — such
as “glass jar” — will reflect references not only to items in
a given stimulus set, but also to other items well outside it,
meaning that they overestimate communicative need for the
items in the set. This is arguably not as serious a problem
for a domain like color (Zaslavsky, Kemp, et al., 2019), in
which the standard stimulus set is a representative and systematic sample of the domain, but that is not the case for the
domain we have considered here. In general, estimating communicative need is a challenging and domain-dependent task,
and one of our aims has been to add an additional means of
approaching it: subjective need estimates, which allow a finegrained and culture-specific measurement of need.
This study is an initial exploration of these ideas, and it
leaves open a number of important questions. To what extent do our findings generalize to other languages, cultures,
and semantic domains? Should subjective need estimates be
transformed, and if so what is the most appropriate transform? Might need estimates collected at different points in
time from a single language help to explain patterns of language change over time? We leave these questions for future research. For now, our present study has both practical
and theoretical implications. Practically, subjective need estimates can in principle be collected not just for high-resource
languages like English and Chinese, but also from speakers of
under-documented and low-resource languages. Assessments
of communicative need could become a standard part of linguistic fieldwork in such languages, such that assessments of
need for such languages could proceed prior to the completion of large-scale corpora. Our findings suggest that such
need assessments may be possible, and would be useful. Theoretically, this study and others like it touch on an important
topic that has not always been treated with the seriousness it
deserves. Boas (1911) claimed that the semantic categories
in the lexicon of a language “must to a certain extent depend
upon the chief interests of a people” (p. 22). This claim was
popularized by Whorf (1956) specifically in connection with
words for snow, which led to distortions and exaggerations,
in popular culture, of the original claim — which eventually
led to the topic largely being dismissed by scholars (Martin,
1986; Pullum, 1991). We hope that our study, like some others (Krupnik & Müller-Wille, 2010; Regier et al., 2016; Floyd
et al., 2018; Winter et al., 2018; Kemp et al., 2019; Twomey
et al., 2021), can help to re-normalize this topic, and restore
it to the status of a simple, fundamental, and testable claim,
as Boas appears to have originally intended.
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Figure 6: Efficiency analyses under subjective need estimates, transformed. Top row: Native-language need distribution (English: p < .005; Chinese: p < .005). Bottom row:
Other language’s need distribution (English: p < .001; Chinese: p = .07).
planation. Still, despite this unanticipated aspect of our results, we do find that each language is clearly efficient when
assessed using a need distribution based on subjective need
estimates from speakers of that language.

Discussion
We have seen that corpus-based estimates of communicative
need are not always reliable, and that native-speaker subjective judgments of communicative need can provide a more
reliable, fine-grained, and culturally specific measure. We
have also seen, using such culturally specific subjective need
estimates, that the category system of a language is clearly efficient when assessed using a native-language need distribution. These findings underscore the importance of considering cultural variation in communicative need, and the usefulness of directly eliciting need estimates from native speakers.
Corpus statistics may be more useful for estimating communicative need in some semantic domains than in others. In
a domain like number, many languages have a distinct name
for each integer, and so it is a simple matter to search for those
names and to assess need for the corresponding integers on
that basis (Xu et al., 2020). However, in a domain like household containers, there is often no fixed conventional name for
individual items in the domain, for which one may search. Instead, there is a tension between selecting multi-word search
phrases that are highly specific and therefore likely to encounter data sparsity problems, vs. selecting search terms
that are somewhat more general (e.g. “glass jar”) but that
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Abstract

other goals alongside immediate task performance by engaging in activities such as preparing for future tasks, reflecting on past experiences, or exploring the task environment,
even when these directly conflict with optimally performing
the prescribed task (Andrews-Hanna, Smallwood, & Spreng,
2014). Although off-task behaviors have been studied qualitatively in mind-wandering research (Smallwood & Schooler,
2006, 2015), the movement of attention between loci has
rarely been studied quantitatively.

A key feature of attention is that it moves over time, guided
both exogenously by changing external circumstances and endogenously by internal cognitive states. However, the endogenous mechanisms guiding the movement of attention in the absence of external cues remain poorly understood. This paper
develops and validates a computational model of how internal attentional states, motivated by the Adaptive Gain Theory of the locus coeruleus-norepinephrine (LC-NE) system,
can guide the movement of visual attention over time. By
fitting our model to young children’s gaze data as they perform a visual object tracking task, we investigate developmental changes in higher-order patterns of attending behavior between 3.5-6 years of age, and we hypothesize about how the
LC-NE system might mediate these changes.
Keywords: sustained attention development; locus coeruleusnorepinephrine system; hierarchical hidden Markov model

While navigating life requires the ability to continuously
sustain attention on a given locus (e.g., to complete a simple
task), it also crucially requires switching attention between
loci in response to changing circumstances, new information,
or reprioritization of goals. To obtain a more complete picture
of how attention operates over time, it is thus necessary to investigate not only how individuals maintain their attentionis
maintained on a particular locus, but also how they guide the
movement of their attentionattention transitions between different loci. While extensive work beginning with Posner’s
cueing paradigm (Posner, Nissen, & Ogden, 1978; Posner,
1980; Posner & Petersen, 1990) has investigated how external cues can trigger the movement of attention, the internal
mechanisms determining when and where to move attention,
independent of specific external cues, remain poorly understood. Much research has also focused on characterizing sustained attention, the sustained allocation of attention to a single “target” locus (Langner & Eickhoff, 2013), but research
on the second aspect – characterizing the movement of attention to, from, and between other loci outside of a target locus
– has been comparatively limited.
Much attentional behavior may transpire outside of the
designated locus that is not captured by traditional experimental paradigms; for example, an individual may balance

Kim, Singh, Thiessen, and Fisher (2020) recently developed a quantitative approach to modeling the movement
of visual attention between loci in participants performing
TrackIt, a visual object tracking task (Fisher, Thiessen, Godwin, Kloos, & Dickerson, 2013). Their approach utilizes a
hidden Markov model (HMM), in which hidden states correspond to possible objects of attention (among the objects
being displayed by TrackIt) and observations correspond to
participants’ gaze, which is continuously recorded as they
perform the task. Given the gaze data, this HMM allows researchers to infer the object of a participants’ attention as it
moves over time, and to identify transitions between objects.
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An HMM is a natural choice for a simple model of human visual attention; at each time point t, the participant attends to something S(t) (the hidden state), and we observe
eye-tracking data that is primarily a function of S(t) and random noise. Because human attention moves slowly relative
to the frequency at which eye-tracking data is collected, the
state S(t) is strongly related to the preceding and successive
states (S(t − 1) and S(t + 1)). Unlike simpler models that
consider data at each time point independently (Zelinsky &
Neider, 2008), the HMM uses this short-term dependence
to mitigate noise and handle complex scenarios such as object collisions (when multiple objects briefly occupy the same
space), without sacrificing the fine temporal resolution of eyetracking data. However, the model of Kim et al. (2020)While
this HMM is an effective methodological tool, it does not
make any substantial assertions about the cognition underlyinginvolved in attending behavior over time. In this paper, we

In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

develop a computational model, built on top of the HMM of
Kim et al. (2020), of how higher-order patterns of attending
behavior, which we refer to as attentional modes, can guide
the movement of visual attention over time. Specifically,
we describe a hierarchical extension of the HMM that incorporates longer time dependencies through attentional modes
motivated by those outlined in the Adaptive Gain Theory of
the Locus Coeruleus-Norepinephrine system (Aston-Jones &
Cohen, 2005, described below). By building on the HMM
of Kim et al. (2020), we are able to fit our model’s parameters using participants’ gaze data collected as they perform
TrackIt. We then use our model to investigate development
of young children’s attending behavior.

Attentional Modes

Optimally
Engaged

Distractible

Target

Dist 1

Dist 2

Dist 3

Dist 4

Disengaged

Dist 5

Dist 6

Off
Task

Attentional States

Adaptive Gain Theory of the Locus
Coeruleus-Norepinephrine System
Figure 1: Schematic of the proposed HHMM. The three
second-order hidden states corresponding to modes of LCNE functioning are illustrated in the top layer. Below that are
8 first-order hidden states, corresponding to the 7 TrackIt objects and an “Off-Task” state. The participant’s gaze at each
time point depends on which of these 8 states they are in.

The locus coeruleus (LC) is a small group of about 32,000
noradrenergic neurons in the pons that provides the bulk of
norepinephrine (NE) in the brain. The LC-NE system has
historically been thought to play a crucial role in attention,
initially found to regulate basic arousal on the sleep-wake
spectrum (Berridge & Waterhouse, 2003), and later found to
also directly influence behavioral performance in a capacity
beyond just general arousal regulation, through two different
types of LC activity: phasic and tonic. ”Phasic activity” describes bursts of LC activity that are typically associated with
focused perception of task-relevant information, while ”tonic
activity” describes overall background LC activity and is associated with overall levels of arousal.
The Adaptive Gain Theory (AGT) of the LC-NE system,
proposed by Aston-Jones and Cohen (2005), describes three
modes of attending behavior over time: a high tonic mode,
characterized by overall high baseline activity in LC neurons and distracted attending, a phasic mode, characterized
by overall lower baseline activity in LC neurons with phasic spikes of activity temporally corresponding to focused attending and task-relevant responding, and a low tonic mode
corresponding to low baseline LC activity, no phasic spikes,
and behavioral disengagement from the visual environment.
We propose to incorporate these three modes into the
HMM using a hierarchical extension of the HMM (a Hierarchical Hidden Markov Model, HHMM). In particular, we
propose to add a second hidden layer, illustrated in Fig. 1,
with three latent states:
1. A Distractible mode (based on the AGT’s high tonic
mode), in which attention is not selective to the Target and
transitions often between objects.
2. An Optimally Engaged mode (based on AGT’s phasic
mode), in which attention remains on Target.
3. A Disengaged mode (based on AGT’s low tonic mode),
in which attention is not allocated to any of the displayed
objects.
(Aston-Jones & Cohen, 2005) proposed that these different modes of LC-NE activity play roles in navigating the
exploration-exploitation trade-off of attention, the competition between attending to task-relevant sources of informa-

tion and exploring new sources of information. Direct evidence supporting this hypothesis has recently been provided
by Dubois, Habicht, et al. (2020), who showed that administering a norepinephrine blocker reduces participants’ exploratory search behavior. Further indirect evidence, based
on measurement of pupil diameter, which has been shown to
be related to LC activity (Mathôt, 2018; Rajkowski, 1993;
Gilzenrat, Cohen, Rajkowski, & Aston-Jones, 2003; Alnæs et al., 2014) suggests that both high tonic LC activity
(Smallwood et al., 2011; Unsworth & Robison, 2016; Konishi, Brown, Battaglini, & Smallwood, 2017) and low tonic
LC activity (Grandchamp, Braboszcz, & Delorme, 2014; Mittner et al., 2014; Unsworth & Robison, 2016; Konishi et al.,
2017) are related to reduced processing of task-relevant stimuli and poorer performance on sustained attention tasks, suggesting that optimal engagement lies in balancing these two.

Development of Sustained Attention
Attending behavior shows marked developments in children
between the ages of 3.5 to 6 years (see (Fisher & Kloos, 2016)
for a detailed review), the population targeted in our study.
Many studies have documented improvements in selectively
attending to and sustaining attention on task-relevant information in the presence of distracting task-irrelevant information (Diamond, 2006; Fisher et al., 2013; Ruff & Rothbart,
2001). Recent studies have shown that this increased selectivity of attention has costs in terms of reduced processing
of task-irrelevant information (Blanco & Sloutsky, 2020a;
Deng & Sloutsky, 2016; Dubois, Aislinn, et al., 2020; Plebanek & Sloutsky, 2017). This can be viewed as a developmental trend along the exploration-exploitation trade-off
in the guidance of attention, with younger children exhibiting more exploratory attention to support longer term learn-
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ing and older children exhibiting increasingly more exploitative attention to support shorter-term performance (Blanco &
Sloutsky, 2020a; Dubois, Aislinn, et al., 2020; Gopnik, 2020;
Laureiro-Martı́nez, Brusoni, & Zollo, 2010; Mehlhorn et al.,
2015). As described above, the LC-NE system has been implicated in the mediation of exploration and exploitation, suggesting that it may play a role in this developmental trend.
While further work is needed to verify connections between
behavior and the LC-NE system, the present study begins to
evaluate the plausibility of this hypothesis by testing predictions about behavior across development from our cognitive
model motivated by the LC-NE system. Specifically, we hypothesize that, over the course of development between 3.5-6
years of age, children will spend less time in the Distractible
mode and more time in the Optimally Engaged mode.

ment from the visual task. These features make TrackIt, together with eye-tracking, well suited to investigating the three
attentional modes proposed by the AGT (Aston-Jones & Cohen, 2005), in contrast to other widely-used sustained attention tasks, such as the continuous performance test (CPT),
which provide temporally sparse data and only allow for the
distinction of on- and off-task behaviors (Fisher & Kloos,
2016; Rosvold, Mirsky, Sarason, Bransome Jr, & Beck, 1956;
Riccio, Reynolds, Lowe, & Moore, 2002), motivating our use
of continuous gaze data collected from children performing
TrackIt to fit and evaluate our HHMM model.
Before trial

During trial

After trial

Specific Contributions
In this paper, we investigate two sets of questions regarding
the HHMM model. On the modeling side, we first demonstrate practical feasibility and face validity of the HHMM by
fitting its parameters to data from real participants performing TrackIt, confirming that the fitted parameters satisfy basic expectations about the model, and evaluating how well the
model predicts participants’ task performance. We also perform an ablation study to evaluate the relative importance of
each mode in our model. On the developmental side, we test
the two hypotheses motivated above, namely that, over the
course of development between the ages of 3.5-6 years, children will spend (a) less time in the Distractible mode and (b)
more time in the Optimally Engaged mode.

Figure 2: An example TrackIt trial. The Target object, in
this case a grey circle, is indicated before the trial by a red
circle. During the trial, all objects move in unpredictable
piecewise-linear paths and disappear after a random duration.
After the trial, the participant is asked to indicate the grid
cell the Target occupied before disappearing. A video of an
example TrackIt trial provided by Kim et al. (2020) can be
found at https://github.com/CMU-CDL/TrackIt/blob/
main/endogenous TrackIt example.mp4?raw=true.

Hierarchical Hidden Markov Model
Our model consists of a two-level hidden Markov chain, with
the higher level encoding 3 modes (Distractible, Optimally
Engaged, or Disengaged) and the lower level encoding 8
attentional states (Target, 6 Distractors, or Off-Task). The
higher-level Markov chain is parametrized by a time-invariant
transition matrix ΠModes ∈ [0, 1]3×3 between the 3 modes and
an initial distribution πModes ∈ [0, 1]3 on the 3 modes. We impose no explicit assumptions on ΠModes and πModes , although,
because we do not expect transitions between modes to occur
too frequently, we will expect the diagonal values of ΠModes
to be much larger than the off-diagonal values. The lowerlevel Markov chain over attentional states is parametrized by
a transition matrix that varies over time depending on which
of the three modes the participant is in. Within each mode,
the transition matrices (denoted ΠDistractible , ΠOptimally Engaged ,
and ΠDisengaged ) between attentional states are time-invariant,
as described below. Similarly, the initial distribution of attentional states depends on the initial mode. Within the Distractible mode, the initial attentional state distribution is uniform over the 7 objects; within the Optimally Engaged mode,
the initial attentional state is always the Target; in the Disengaged mode, the initial attentional state is always Off-Task.
In the Distractible mode, we do not expect the participant
to preferentially attend to the Target. Since, the 7 objects are
randomly sampled in each trial from the same set of possible

Methods
TrackIt
TrackIt, illustrated in Figure 2, is a visual object-tracking task
introduced by Fisher et al. (2013) to measure sustained attention in young children. Participants are instructed to track,
using only their eyes, a single Target object moving about
on a grid, among other moving Distractor objects. At the
end of each trial, all objects vanish from the grid, and participants are asked to identify the grid cell the Target occupied immediately before vanishing. The accuracy of this final response, referred to as Location Response, is used as the
main behavioral measure of task performance. This measure
allows developmentally sensitive assessment of sustained attention over a range of ages, with children as young as 3 years
old consistently completing the task and providing usable
data (Fisher et al., 2013; Keebler, Kim, Stanley, Thiessen, &
Fisher, 2020; Kim, Vande Velde, Thiessen, & Fisher, 2017).
Because TrackIt requires continuous overt attention to
the Target, eye-tracking provides information about a participant’s visual attention with high temporal resolution.
Moreover, TrackIt explicitly provides task-irrelevant objects,
alongside the Target, to which the participant can attend, allowing us to distinguish attentional lapses due to distraction
by task-irrelevant stimuli from those caused by disengage-
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objects, we thus expect transitions between the 7 objects to
be uniformly likely on average; i.e., all diagonal entries of
the matrix are constrained to be identical, and all off-diagonal
entries of the matrix are also constrained to be identical:


c1 c2 c2 · · · c2
0
 c2 c1 c2 · · · c2
0


 ..
.
.
.
..  ∈ [0, 1]8×8 .
.
..
..
. . ..
ΠDistractible =  .
.


 c2 c2 c2 · · · c1
0
1/7 1/7 1/7 · · · 1/7
0
{z
} |{z}
|{z} |
(1)
Target

6 Distractors

(https://osf.io/u8jbs/). Python code for reproducing
our analyses is available on GitHub (https://github.com/
sss1/hmm). Here, we briefly review the data collection process of Kim et al. (2020). See Kim et al. (2020) for further
details regarding the experimental procedure, participant demographics, TrackIt parameters, and data preprocessing.
Kim et al. (2020) recruited 50 typically-developing children, aged 3.5-6 years (M = 4.60 years, SD = 0.67 years), 23
male and 27 female. Each child performed 10 TrackIt trials, excluding an initial practice trial during which the experimenter explained the task. Because child eye-tracking
data contains many missing values, after linearly interpolating short (≤ 10 frames, ≈ 167 ms) intervals of missing gaze
data, Kim et al. (2020) discarded all data from 8 children with
> 50% of eye-tracking data missing in > 5 of trials. This
left data from 42 children (420 total trials), aged 3.5-6 years
(M = 4.65 yrs, SD = 0.71 yrs), 17 male and 25 female.

Off-Task

In the Distractible mode, we assume, as in the original HMM,
that the participant’s gaze has a Gaussian distribution centered around the center of the object currently being attended.
The Gaussian is assumed to have the same covariance for
each object. Moreover, given the trajectories of objects in
TrackIt are, on average, horizontally and vertically uncorrelated, the horizontal and vertical components of the gaze
should also, on average, be uncorrelated, and so we assume
the covariance matrix of this Gaussian is diagonal:


σ
0
Σ= x
.
(2)
0 σy
In the Optimally Engaged mode, we assume the participant
attends only to the Target. We acknowledge that this assumption is somewhat strong, and it is possible that participants’
gaze occasionally moves towards other objects even when
their attention is wholly on the Target (e.g., due to covert
attention). However, to keep the number of model parameters small and to clearly distinguish the Distractible and Optimally Engaged modes, in this work, we maintain this assumption, so that the transition matrix is simply


1 0 0 ··· 0
1 0 0 · · · 0


∈ [0, 1]8×8 . (3)
ΠOptimally Engaged =  . . . .
. . ... 

 .. .. ..

Model Implementation & Fitting
We implemented the model in Python using TensorFlow 2.5
(Abadi et al., 2016), specifically using the Hidden Markov
Model class provided by the TensorFlow Distributions library
(Dillon et al., 2017). The hierarchical model was implemented as a “flattened” HMM with 9 states (one for each
of the 7 objects in the Distractible mode, one for the Optimally Engaged mode, and one for the Disengaged mode)
corresponding to possible mode-state pairs in the HHMM.
We trained the model in a fully unsupervised way by maximizing the likelihood of participant’s data. Specifically, attentional mode and state sequences were fit jointly with all
11 model hyperparameters (6 free parameters in ΠModes , 2
free parameters in πModes , 1 free parameter in ΠDistractible ,
and 2 free parameters in the Gaussian emission distribution), independently for each of the 42 participants. After
specifying the model in TensorFlow, the model parameters
were fit to a participant by maximizing the log-likelihood
of all 10 non-practice trials of data collected from that participant. Optimization was performed using 103 iterations
of the Adam optimizer (Kingma & Ba, 2014) with TensorFlow’s default learning rate (10−2 ). The following initial values were used for the optimization procedure. ΠModes was
initialized with all off-diagonal values 0.005 (corresponding
to an average mode switch every 3.33 s). πModes was initialized with uniform initial probability 1/3 for each mode.
ΠDistractible was initialized with off-diagonal values c2 = .05
(corresponding to an average object switch every 0.33 s). The
Gaussian emission distribution was initialized with variances
σx = σy = 100 px. After training the model, each participant’s
most likely sequence of attentional modes and states in each
trial was computed by the Viterbi algorithm (Forney, 1973).

1 0 0 ··· 0
In the Optimally Engaged mode, as in the Distractible mode,
we assume that the participant’s gaze has a Gaussian distribution centered around the center of the object being attended, in this case the Target; also, the covariance of the
Gaussian distribution is assumed to be identical to that in the
Distractible mode (Eq. 2).
Finally, in the Disengaged mode, we assume the participant’s attention is independent of the TrackIt objects, giving


0 0 ··· 0 1
0 0 · · · 0 1


ΠDisengaged =  . . .
∈ [0, 1]8×8 .
(4)
. . ... ... 
 .. ..

0 0 ··· 0 1
Furthermore, in this mode, the participant’s gaze is assumed
to be uniformly distributed on the 1080 px × 1920 px display.

Results

Data Collection

Fitted HHMM Parameters

We analyze a TrackIt and eye-tracking dataset originally
collected by Kim et al. (2020), publicly available on OSF

We first present values of the parameters of the HHMM fitted
to participants’ eye-tracking and TrackIt data. Table 1 gives
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Table 1: Univariate statistics for distributions (across 42 participants) of each parameter of the HHMM learned from participants’ data. DT, OE, and DE denote Distractible, Optimally Engaged, and Disengaged modes, respectively.
Measure
πDT
πOE
πDE
ΠDT→DT
ΠDT→OE
ΠDT→DE
ΠOE→DT
ΠOE→OE
ΠOE→DE
ΠDE→DT
ΠDE→OE
ΠDE→DE
c1
c2
σx
σy

Mean
.27
.64
.09
.98
.01
.004
.003
.99
.004
.005
.01
.98
.995
.005
86.98
93.18

Std. Dev.

Min

Max

.23
.24
.12
.009
.01
.003
.001
.008
.008
.003
.03
.03
.001
.001
12.98
13.71

1 × 10−3

.89
.995
.57
.997
.04
.02
.009
.998
.04
.01
.22
.998
.999
.008
131.13
126.12

5 × 10−4
9 × 10−4
.96
3 × 10−5
4 × 10−5
1 × 10−4
.95
3 × 10−5
7 × 10−6
7 × 10−6
.78
.992
.001
72.38
75.01

Table 2: Results of ablation study. Means and standard errors (across 42 participants) of log-likelihood on held-out test
trial (averaged across cross-validation folds and normalized
by trial duration), for each model. Higher (less negative) values indicate greater likelihood of observing the held-out test
data under each model, after fitting to the same participant’s
training data. Bold values indicate log-likelihoods statistically indistinguishable from those of the best model.
Model

log-Likelihood (± std. err)

Full Model
No Distractible Mode
No Optimally Engaged Mode
No Disengaged Mode

−9.799 ± 0.030
−9.983 ± 0.028
−9.932 ± 0.028
−9.803 ± 0.029

to the training trials, and then computing the likelihood of
the test trial’s gaze data. Since the duration of TrackIt trials
varied randomly and the log-likelihood of a trial decreases
roughly linearly with the duration of that trial, we normalized each trial’s log-likelihood by dividing by the number of
frames in that trial. The mean normalized test likelihoods of
the full model and each submodel are reported in Table 2.
The results indicate that the full model and submodel without the Disengaged mode both fit significantly better than
submodels without the Distractible or Optimally Engaged
modes, suggesting that the Distractible and Optimally Engaged modes both explain significant proportions of participants’ behavior. However, fits of the full model and the
submodel without the Disengaged mode were not statistically
distinguishable. This is likely due to the fact, discussed below, that participants spent far less time in the Disengaged
mode than in Distractible or Optimally Engaged modes.

descriptive statistics for fitted HHMM parameters across the
42 participants. Broadly speaking, fitted values were consistent with expectations for participants’ behavior. For example, for all participants, for transitions both across modes
(ΠModes ) and between objects within the Distractible mode
(ΠDistractible , given in terms of c1 and c2 in Eq. 1), the probability of staying within the same mode or state was much
greater than that of transitioning. Also, although there was
significant variation between participants, participants tended
to begin trials in the Optimally Engaged mode (πOE = 64%),
although they occasionally began trials Distractible (πDT =
27%) and rarely began trials Disengaged (πDE = 9%).

Developmental Results
We next used the HHMM to investigate how the proportion of
time participants spend in each mode changes with age. Linear regressions, illustrated in Figure 3, indicated significant
effects of Age on the proportions of time spent in the Distractible mode (t(40) = −4.81, p < .001, R2 = .41) and in the
Optimally Engaged mode (t(40) = 4.21, p < .001, R2 = .37),
but not on the proportion of time spent in the Disengaged
mode (t(40) = 0.49, p = .60, R2 = .02). These results, specifically the effects of Age on the proportions of time spent in
the Distractible and Optimally Engaged modes, were consistent with the hypotheses described in the Introduction.

Optimally Engaged Mode and TrackIt Performance
We next tested the hypothesis that the Optimally Engaged
mode supports TrackIt task performance, as measured by Location Accuracy. Consistent with this hypothesis, the proportion of frames a participant spent in the Optimally Engaged
mode (according to the HHMM) was strongly correlated with
their Location Accuracy (r = .84, 95% CI (.72, .91), p < .001
for the null hypothesis of 0 correlation; Student (1908)). This
correlation was stronger than the correlation of .71 between
Location Accuracy and the proportion of frames in which the
participant was classified as attending to Target, though the
difference between these correlations was not significant.

Discussion
In the context of the TrackIt task, we implemented a hierarchical HMM model of attentional modes over time and fit the
model’s parameters using participants’ gaze data. We found
a strong correlation between the model’s Optimally Engaged
mode and participants’ task performance, measured by Location Accuracy. Our ablation study suggested that the Distractible and Optimally Engaged modes both played significant roles in explaining participant behavior, in terms of the

Ablation Study
To evaluate the importance of each of the three HHMM
modes, we ran an ablation study, in which we compared the
fit of the full model to the fit of each of the three submodels
in which one of the modes is removed. To do this, for each
participant, we performed 10-fold cross-validation, splitting
trials into 9 training trials and 1 test trial, fitting the model
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Figure 3: Proportion of time spent in each mode, according to the HHMM, as a function of participant age. Shaded regions
indicate bootstrapped 95% confidence bands.
the age range studied in this paper (McLean & Shipley, 1991;
Marshall, Christie, Finlayson, & Williams, 1991; Nakamura
& Sakaguchi, 1990), we hypothesize that such changes in
LC function may stem from changes in higher-order brain
regions, such as prefrontal cortex, that both undergo development in this age range (Casey, Giedd, & Thomas, 2000;
Diamond, Briand, Fossella, & Gehlbach, 2004; Posner &
Rothbart, 2007) and modulate LC activity (Jodoj, Chiang, &
Aston-Jones, 1998; Aston-Jones & Cohen, 2005).
Further work is needed to strengthen the connection we
hypothesize between modes of attending behavior in TrackIt
and modes of LC activity as proposed by the AGT. Since
the LC is small and deep within the brain, most studies directly relating LC activity to behavior have relied on invasive electrophysiological recordings in non-human primates
(Rajkowski, 1993). However, small fluctuations in pupil diameter have also been shown to be tightly coupled to LC activity (Mathôt, 2018), and so a feasible approach to investigating this in humans may be through measurement of pupil
diameter as participants perform TrackIt; if the modes of the
HHMM correspond well to those of the AGT, then we would
expect to see distinct patterns in participant’s pupil dilation
corresponding to their mode as identified by the HHMM.

model’s ability to predict a participant’s gaze behavior on
held-out trials using data from the participant’s other trials.
In contrast, the Disengaged mode did not provide significant explanatory power, and predictions from our model suggested that participants spend a very small proportion of time
(< 5% of frames) in the Disengaged mode. A simple explanation for this is that the TrackIt task was short and highly
engaging, even for young children. However, based on manual analysis of the same data by human coders, (Kim et
al., 2020) suggested that participants spent significantly more
time (14% of frames) in an “Off Task” state, in which gaze
was decoupled from the trajectories of any TrackIt objects.
Anecdotally, from visualizations of children’s gaze behavior, we observed that children sometimes exhibited a “zoning
out” behavior, in which their gaze remained fixated at a single point on the screen, independent of moving TrackIt objects; this was not captured by the Distractible mode in our
model, which typically captured only when participants’ gaze
moved far away from any of the TrackIt objects (e.g., to the
edge of the display, away from the TrackIt grid). This suggests the HHMM might underestimate how much time participants spend in the Disengaged mode. A more refined model
of gaze behavior in the Disengaged state (e.g., incorporating gaze velocity to better distinguish tracking an object from
Disengaged gaze that, by chance, falls near a object) might
help address this. Overall, more work is needed to understand
whether children enter the Disengaged mode while performing TrackIt, and, if so, how they behave in this mode.

Conclusion
Although much of attention research has characterized sustained attention through the degree of engagement with a
given task, attention is not merely a mechanism for focusing intently on a single task, but also a continuously operating process by which humans can balance multiple competing priorities by interweaving them over time. Attentional
modes, whose role may be unclear within the context of performance on a single task, may play a central role in guiding
attention to adaptively subserve behavior over time. This paper presented a computational model allowing for the identification and measurement of certain attentional modes, motivated by the Adaptive Gain Theory of the LC-NE system, and
provided evidence that changes in the employment of these
modes might explain changes in the allocation of attention
over the course of young children’s development.

Our developmental analyses supported both of our hypotheses: time spent in the Distractible mode decreased with
age, and time spent in the Optimally Engaged mode increased
with age. Since the HHMM modes were motivated by the
Adaptive Gain Theory (AGT) of LC-NE function (AstonJones & Cohen, 2005), which asserts that the Distractible
mode serves the purpose of promoting exploration, these findings are consistent with the possibility that documented decreases in exploratory behavior with development over the
course of early childhood (Mehlhorn et al., 2015; Blanco &
Sloutsky, 2020b; Gopnik, 2020) may be explained by functional changes in the LC-NE system. Since anatomy of the
LC is believed to mature during infancy, much earlier than
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Theoretical Background

Abstract
People detect painful expressions more easily in members of
their racial ingroup than outgroup. Here, we wanted to investigate this racial bias with a machine learning model trained
to detect activations of different action units of painful facial
expressions. We examined whether the model detected higher
action unit activation for European than African faces when
trained on datasets with mostly White faces. To control for
confounding variables, pictures of faces were generated with
the FaceGen Modeller. Results revealed that there exist differences in the visual detectability of some facial muscle activations due to skin color or other race-dependent facial features.
Despite the bias towards European looking faces in the training
data, some activations were more easily detectable in African
faces. Thus, neither the perceptual detectability, nor the larger
exposure to own-race faces seems to solely explain the racial
bias in pain detection.
Keywords: racial bias; pain recognition; FACS; automated
pain recognition; action units; facial expression recognition

Introduction
Pain is often underestimated in people of color, leading
to race-based physical health disparities (Kissi, Van Ryckeghem, Mende-Siedlecki, Hirsh, & Vervoort, 2022; Mays,
Cochran, & Barnes, 2007). When experiencing others in pain,
people show more behavioral and neural empathic responses
if the others are members of their racial ingroup compared
to members of an outgroup (Fabi & Leuthold, 2018; Sessa,
Meconi, Castelli, & Dell’Acqua, 2014; Xu, Zuo, Wang, &
Han, 2009). Understanding this racial bias in empathy for
pain and finding preventive measures is crucial to prevent
the aforementioned outcomes. The aim of this work is to
investigate such differences in pain perception using a machine learning model. We were interested in the question of
whether there exist differences in the visual detectability of
some facial muscle activations that can explain the difficulties in detecting pain in outgroup members. Therefore, a ML
model, which is trained on detecting facial action units associated with painful expressions rated the activation of facial
action units from generated faces. The stimuli were pictures
of artificially generated avatar faces with the software FaceGen Modeller that allows to not only keep everything constant except for one feature (e.g. skin color) but also to manipulate the different action units individually. With this, we
can investigate whether the computer vision (CV) model is
judging the same faces differently if they vary a) just in skin
color or b) in racial features like shape of eyes, nose etc. and
make more detailed tests for specific action units.
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Facial expressions allow probabilistic inference of emotional
state, for instance how much pain, surprise, disgust, etc. a
particular person is experiencing. In order to classify facial
expressions, researchers developed a comprehensive as well
as psychometrically rigorous taxonomy for muscle movements called the “Facial Action Coding System” (FACS)
(Hjortsjö, 1970; Cohen, Ambadar, & Ekman, 2007). This
system, which was updated three times between 1978 and
2002, defines a variety of “Action Units” (AUs), which can be
identified by decomposing facial expressions into the smallest discriminable facial movements. Since nearly all humans
share the same facial muscles (Schmidt & Cohn, 2001) and
hence the same anatomical basis for facial movements, FACS
associates the movement of one of more facial muscles with
discrete AUs. The list of AUs starts with the upper face,
meaning brow actions, eye region actions, etc. Further AUs
are located in the lower face, coding mouth and chin movements.
The FACS taxonomy in and of itself does not include any
instructions on how to infer mental states. Here, other psychometric frameworks containing combination rules for AUs
must be put to use or learned (Xu & de Sa, 2020). The
Prkachin and Solomon Pain Intensity (PSPI) (Prkachin &
Solomon, 2008) describes the amount of pain detected in
a facial expression by calculating a sum of different AUs:
PSPI = AU4 + max(AU6, AU7) + max(AU9, AU10) + AU43.
All AUs range between 0 and 5, except for AU43, which can
either be 0 or 1 (eyes open vs. closed), leading to a maximal PSPI value of 16. Apart from the PSPI, the following
AUs are known to be non-exclusively related to painful facial expressions: AU4: brow lowering, AU6: cheek raising,
AU7: eyelid tightening, AU9: nose wrinkling, AU10: upper
lip raising, AU12: oblique lip raising, AU20: horizontal lip
stretching, AU25: lips parting, AU26: jaw dropping, AU43:
eye closing.
Until a few years ago, video-recorded facial expressions
had to be coded manually in a labor-intensive process. But in
light of recent progress in machine learning, facial recognition algorithms can be utilized to automatically classify AUs
with promising results in accuracy. In this context, machine
learning methods for automatic pain detection and estimation pose an increasingly important tool for smart health-

In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

care applications. They are applied on humans (Xu et al.,
2018; Tavakolian & Hadid, 2018, 2019; Kaltwang, Rudovic,
& Pantic, 2012; Martinez, Rudovic, & Picard, 2017; Zhou,
Hong, Su, & Zhao, 2016; Xin, Lin, Yang, & Zheng, 2020;
Zafar & Khan, 2014; Soar, Bargshady, Zhou, & Whittaker,
2018; Bargshady et al., 2020a; Lopez-Martinez & Picard,
2018; Guo, Wang, Xiao, & Lin, 2021; Bargshady et al.,
2020b; Tavakolian & Hadid, 2018; Tavakolian, Bordallo
Lopez, & Liu, 2020; Thuseethan, Rajasegarar, & Yearwood,
2019; Xu & de Sa, 2021; Susam et al., 2021) as well as animals (Andresen et al., 2020; Lencioni, de Sousa, de Souza
Sardinha, Corrêa, & Zanella, 2021; Noor et al., 2020). Not all
of the approaches for automatic pain estimation use facial expressions as input (Susam et al., 2018; Pouromran, Radhakrishnan, & Kamarthi, 2021), but many do. Most of those acting on facial expressions use convolutional neural networks
or, to be more precise, fine-tuned VGG-Face (Parkhi, Vedaldi,
& Zisserman, 2015) since these models prove to be welladjusted to feature identification in (facial) images.

tail because of confounding variables like different manners
to express pain, differences in natural faces etc.. Therefore,
we chose to apply pictures of avatar faces, for which we could
keep everything constant except for the features we wanted to
investigate. Additionally, we were able to determine an objective label for the AU activations, since we manipulated the
AUs ourselves.

Method
Computer Vision Model
We performed our experiments with the first stage of the CV
model in (Xu et al., 2020) which was specifically trained to
detect AUs related to pain, the PSPI values, and the values of
the Visual Analog Scale (VAS). The whole model consisted
of three stages: The first stage was a neural network trained
to predict frame-level PSPI and AUs. The second stage was
a fully connected neural network to predict sequence-level
pain scores from the PSPI predictions of stage 1. The third
stage combined these pain scores in an optimal linear manner to output a final VAS value. In more detail, the first
stage is based on VGGFace (Parkhi et al., 2015) which was
pre-trained to classify 2622 faces of famous individuals, of
which the majority are White. Xu et al. (2020) replaced
the last layer with a linear fully-connected regression layer
and trained the whole network additionally on the UNBCMcMaster Shoulder Pain Dataset (Lucey, Cohn, Prkachin,
Solomon, & Matthews, 2011) to detect the PSPI value for
each frame of the videos, as well as the following nine AUs,
which were present in at least 500 frames in the training
dataset: AU 4, 6, 7, 10, 12, 20, 25, 26, 43. The AUs were originally predicted together with the PSPI to improve the PSPI
prediction. In our case, we are mainly interested in the AUs.
No training on our avatar dataset was done.

In humans, the racial bias in empathy for pain might in
part be attributable to difficulties in detecting the correct AU
activations in painful faces belonging to the racial outgroup.
Mende-Siedlecki, Qu-Lee, Backer, and Van Bavel (2019) investigated pain detection in White participants, when being
confronted with painful facial expression of the racial in- and
outgroup. Across seven experiments, they came to the conclusion that White participants show consistent difficulties in
detecting the pain in Black faces, even if the exact same facial
expression was shown on in- and outgroup targets. This also
held true for people who did not have an explicit racial bias
(assessed as the difference of feeling warmth for White and
Black persons, embedded into eight other social groups).
There exist several competing explanations for the emergence of this racial bias in pain perception. Two of them shall
be examined more closely in this work. First, the racial bias
in pain perception could be due to perceptual properties in
Black faces like the shape, color, or contrast of specific facial features which make it harder to detect the activation of
pain-related AUs. Or, second, White subjects are more often exposed to facial expressions of their ingroup members,
meaning that they have more data on which they can train
their pain recognition skills in ingroup faces. With human
subjects, it is hard to investigate these mechanisms in detail,
since the subjects’ previous exposure to members of different
races is hard to measure. Therefore, we wanted to investigate these questions with one of the machine learning models
that was specialised on detecting pain in faces (Xu, Huang, &
de Sa, 2020) and for which we knew the training dataset and
thus how much proportional exposure it had to different races.
Here, we will not focus on biases in machine learning models
(Barocas & Selbst, 2016) – which are not necessarily a shortcoming (Fabi & Hagendorff, 2022) – but on investigating the
human racial bias in pain recognition with a machine learning
model. Furthermore, with pictures of real persons in pain as
stimuli, the perceptual properties cannot be examined in de-

Stimuli
Most of the automatic pain detection research work draws
upon the UNBC-McMaster Shoulder Pain Dataset (Lucey et
al., 2011) for training and testing classification models. The
dataset consists of 200 videos of 25 shoulder pain patients
performing various active and passive range-of-motion tests
to their affected and unaffected limbs. Subjects are mostly
White, representing more or less a cross-section through the
Canadian population. In our experiments, though, we do
not utilize real-world, but synthetic images, that allows us to
eliminate confounds. FaceGen Modeller is a tool to generate random faces that can be manipulated in various ways,
including by race, gender, and age. Furthermore, each AU
can be activated within a scale between 0 and 10, eliminating
influences of human raters who do not always agree on AU
activations (De la Torre, Simon, Ambadar, & Cohn, 2011).
The pictures of the avatar faces were generated in the FaceGen Modeller following a protocol. Per randomly generated
male face (with random texture and features belonging randomly to different races), we created one light and one dark
skin color version by setting the skin shade to 2.5 and -3.0,
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more pain in one race than the other. But since different AUs
vary in their importance for painful expressions, we wanted
to look into specific AUs.
For the light versus dark skin shade conditions, we found
larger values for dark skin in AU 6 (p < .0001) and 10 (p <
.0001). The predictions were higher for the light skin color in
AU 25, 26, and 43 (all ps < .005).
In line, predictions for AU 6 and 10 were higher in the
African vs. European condition and 25 was higher in the
European condition (all ps < .0001). AU 43 was not significantly different between races (p = .12). AU 26 was
even higher for the African than the European condition (p <
.0001). For the latter two AUs, the morphological feature effects seem to outweigh the difference of skin shade. Furthermore, AU 4, 7 and AU 20 were now significantly higher in the
European than the African condition (all ps < .0001). In sum,
the results of the tests for skin shade and racial features indicate that for AU 6, 10, and 25 the differences between races
might be mostly due to skin shade and contrast, whereas the
differences for AU 4, 7, 20, and 43 are not (solely) attributable
to skin color. The racial features seem to play a bigger role
here. Since our dark and light faces had not the exact same
color as the African and European faces, respectively, these
interpretations have to be taken with caution. Therefore and
in order to investigate the specific racial features in more detail, we decided to look at some AUs in more detail.

(a) Dark and light skin color condition of a random face.

(b) African and European condition of the same face.

Figure 1: Example stimuli of the same randomly generated
face in the four conditions.
respectively. Next, color was set to zero and the facial features and color were changed to more European- or Africanlooking. Then, painful expressions were created by manipulating the activation of the nine AUs the CV model can predict. The exact same facial expression was then applied to
all four different conditions of the randomly generated face
(cf. Figure 1). We applied this procedure to 25 different base
faces, leading to 100 face pictures in total. For image preprocessing, we used the cascade DPM Face Detector (40; 41)
to detect the face and then extended the bounding box by a
factor of 0.1 when cropping the face. We then resized the image to 224 × 224 and normalized each channel with the mean
and standard deviation of the data the model was pre-trained
on.

Investigating specific AUs
Based on previous results of the CV model of Xu and de Sa
(2021), we selected two AUs that the model could detect with
high accuracy and for which the range of predicted values
was high: AU 25 and 7. We intentionally selected AUs, which
were better detected for the light or European condition to get
insights regarding the racial bias in pain detection in White
humans. The specific AUs were examined with the help of
one avatar face of the stimuli set that had the specific AU
maximally activated and showed strong differences between
the two conditions. First, we wanted to investigate whether
the AUs were correctly identified for our avatar faces, since
the CV model had previously seen only real human faces.
Therefore, we hold every AU in the specific face constant,
except for the AU that should be examined: This was activated at 0, 25, 50, 75 or 100%. Such morphs were created
for the African and European face. Second, we investigated
the influence of the skin color on our results by giving the
African face a European skin color and the European face an
African skin color. If the skin color could not solely explain
the differences between the two races, the African face with
the European skin color was incrementally made more European looking in order to determine whether specific facial
features were responsible for the differences in the detection
of the AUs.

Experiments
In the first experiment, we wanted to investigate whether
the skin color change on random faces alone led to higher
or lower predictions of AU activations. Therefore, we fed
the CV model with the 50 faces of the light and dark skin
shade condition and analysed the results with paired t-tests.
In the second experiment, the CV model got the European
and African faces as inputs to detect additional differences
based on facial features. In both experiments we started with
the sum over all AU activations and continued with tests for
the nine different AUs with a Bonferroni corrected alpha of
.0056. In follow-up tests, we looked into specific AUs of specific faces to determine the reason underlying the differences
between the conditions.

Results
Across 25 faces, the sum of all predicted AU activations was
not significantly different for the dark vs. light skin shade
condition (t = −0.62, p = .54), nor between the European and
African condition (t = 0.12, p = .91). This means that over all
AUs, the CV model did not detect more activation for the dark
than light skin color or for one of the two races. If all AUs
were equally relevant for pain, the CV model would not detect

AU 25: Lips parting AU25 describes how far the lips are
parted due to action of depressor labii, relaxation of mentalis,
and orbicularis oris. As described above, over all 25 faces,
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(a) CV model’s prediction: 40 vs. 97% AU25 activation

Figure 2: The CV model detects the increase in AU25 activation in African faces. The full faces were shown, but we
show insets of just the mouth to better allow comparison for
the reader.

(b) CV model’s prediction: 103 vs. 32% AU25 activation

Figure 4: (a) African and European face with several AU activations, including AU25 at 100%. (b) Same faces with skin
color of the opposite race. Skin color seems to explain most
of the AU25 differences.

Figure 3: The CV model detects the increase in AU25 activation in European faces. The full faces were shown, but we
show insets of just the mouth to better allow comparison for
the reader.
Figure 5: The CV model’s AU25 prediction for the African
face increases when changing the skin color.

the CV model detected higher AU25 activations for dark than
light and for African than European faces. For the specific
test, we show face 21 with an AU25 activation of 100% (see
Figure 4a), though the results are consistent across other faces
as well. The CV model detected AU25 activation of 97% for
the European and of 40% for the African face. The model detected increasing AU activations for the morphs of both races,
ranging between 74 and 97% and between 28 and 40% for
the European and African faces, respectively. Even though
the variance between the values is not very high, the results
in Figures 2 and 3 show that the CV model did a very good
job in detecting the relative AU activation. This is even more
astonishing when looking at how subtle the differences of the
AU25 activation were. The results allow the conclusion that
FaceGen Modeller manipulated the AU activations in a reasonable manner.
Next, we investigated our hypothesis that most of the AU25
differences between the two races was due to the skin color
since the differences of the dark and light skin shade stimuli
was also significant. Since the dark and light faces had not
the same skin color as the European and African faces, we

now gave the European and African face the skin color of the
opposite race (cf. Figure 4b). The face with African features
but European skin color led to a detection of 103% AU25 activation, whereas the face with European features but African
skin color led to a detection of 32%. These values are very
similar to the original detection of 97 and 40%, supporting
our hypothesis that skin color and in this case possibly the
contrast between skin, lips, and teeth was responsible for the
higher detection of AU25 in European vs. African faces. For
a more incremental change of the African face’s skin color,
see Figure 5.
AU7: Eyelid tightening Next, we examined the lid tightener (AU7) which was more highly detected over the 25 European versus African faces. However, the CV model did not
detect significant higher activation for our light than dark skin
shade condition. This led to the hypothesis that, unlike AU25,
the difference in AU7 was not solely due to the skin color. To
investigate this hypothesis and examine the importance of dif-
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(a) CV model’s prediction: -7 vs. 33% AU7 activation

Figure 6: The CV model detects the increase in AU7 activation in African faces. The full faces were shown, but we
depict insets of just the eye region to better allow comparison
for the reader.

(b) CV model’s prediction: 15 vs. 17% AU7 activation

Figure 8: (a) African and European face with several AU activations, including AU7 at 100%. (b) Same faces with skin
color of the opposite race. AU7 differences are not only due
to skin color.

Next, we wanted to determine whether, next to the skin
color, specific racial features of the face were responsible for
the higher values for African than European faces. Therefore, we changed the light African face incrementally to a
European-looking face and recorded the CV model’s outputs.
According to our hypothesis about which features might be
more or less important for the AU7, we selected the following order: color, facial shape, eyes, forehead and brows, nose,
cheeks, temples, chin, jaw, mouth. The results can be seen
in Figure 10. Changing the overall shape of the face led
to an important increase in detected AU activation. Changing further parts of the upper half of the face led to further
but smaller increases. Changing the lower parts of the face
around the mouth region did not improve the AU detection.
(The small decrease is probably due to the fact that when
changing one part of the face in FaceGen Modeller, the rest
is not held constant but also changes slightly. Thus, previously helpful changes might change back the more regions
are changed.) This means that changing the regions around
the eyes to look more European lead to an increase in the detection of the lid tightening AU, while changing the regions
around the mouth was not beneficial. In sum, there was not
one specific feature that was responsible for the differences
between races but a whole region.

Figure 7: The CV model detects the increase in AU7 activation in European faces. The full faces were shown, but we
depict insets of just the eye region to better allow comparison
for the reader.

ferent racial features, we selected face 14, for which the CV
model rated the AU7 activation (which was originally 100) as
-7 and +33% for the African vs. European face, respectively
(see Figure 8a). The results for this face reported below are
not cherry-picked but hold true across different faces.
Again, we tested the overall ability of the CV model to detect the differences in AU7 activation in the morphs of one
race. The model detected the increase in AU7 activation at
every step for both races, ranging from 7 to 33% and from
-25 to -7% for the European and African face, respectively
(see Figures 6 and 7). The color test revealed that the CV
model detected 15% of AU7 activation for the African face
with European-like skin color and 17% for the European face
with African-like skin color (cf. Figure 8b). This means that
the light skin color led to slightly higher AU7 detection than
the dark skin color in African faces, but the CV model’s prediction was not close to the 33% for the light European face.
Making the European face dark led to a decrease in the detection but it was still much higher than for the dark African face
(-7%). This speaks to the fact that regarding the AU7 difference, skin color is important, but is not the only factor. For a
more incremental change of the African face’s skin color, see
Figure 9.

Influences of perceptual characteristics and
exposure to training data on the racial bias in pain
detection
The next very interesting question is whether the CV model
makes these differences due to a biased exposure to White
European-Americans in the training stimuli or whether the
differences can be attributed to purely perceptual characteristics, that is specific contrasts make specific AUs more or
less easily detectable. For example, the European eye region might show some characteristics that make the detection of eye tightening easier. The fact that the CV model
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tightened eyes per se better in one race or the other.

Conclusion
To sum up, we investigated the racial bias in pain detection with a machine learning model and artificially generated
painful expressions in avatar faces. The first contribution of
this work is that such generated faces are a valid method to
test machine learning models. Since, most research so far has
focused on real-world stimuli which contain lots of confounding variables, these datasets should be expanded by avatar
faces, for which the AU activations can be controlled (and
do not have to be rated by experts with varying opinions),
as well as race, gender, and specific facial features. With
this, one could also control the percentage of faces of different races in the training data easily. Second, and more
importantly, our results show that there exist differences in
the ability of our CV model to detect AUs in European vs.
African faces. For some AUs, we found that this was due
to the skin color difference, whereas for others the difficulty
in detecting their activation was due to the characteristics of
special race-dependent features in the face. This means that
skin color and the characteristics of specific facial features
(for example, the upper part of the face for AU7) allow for
better detectability of some AUs in one race than the other.
But the CV model was not consistently better to detect the
activation over all AUs in one race. In some cases, like the
tightness of the eyes, the outcome of specific AU activations
can be detected equally well in both races, just the attribution
to the specific AUs is different. All in all, our CV model does
not show a strong racial bias in pain-related AU detection,
even though it was mostly trained on one race. Human racial
bias in pain detection can therefore not solely be explained by
the visual detectability of some facial muscle activations, nor
by the previous more frequent exposure to own-race faces.
Other factors that are affecting humans but not pain recognition models should be investigated more closely in future
research, like racially biased beliefs about pain experience
(Kissi et al., 2022). Another possible explanation could be
that persons with different racial and cultural backgrounds
facially express pain differently. This could be investigated
by using real-world pictures of painful expressions instead of
artificially created ones as inputs. Furthermore, it is important to examine specific AUs in further detail, which are less
easily detectable in African versus European avatar faces in
order to train caretakers on which parts of the face to focus
to overcome their racial bias in pain detection. To conclude,
this CV approach to pain recognition and empathy is novel
and enriches earlier ones that were mostly focused on its behavioral (Fabi, Weber, & Leuthold, 2019; Mende-Siedlecki
et al., 2019) and neural correlates (Fabi & Leuthold, 2017;
Singer et al., 2004). Future research could combine these approaches and compare the model and human performance.

Figure 9: The CV model’s AU7 prediction for the African
face increases when changing the skin color.

Figure 10: The CV model’s prediction to African face 14 with
incremental changes to make various features look more European. The white region represents changes to the whole
face, the light grey region represents changes to the upper
part of the face, and the darker grey region to the lower part
of the face.

detected some AUs more easily in African faces and others
in European faces hints that it is not the previous exposure to
European-American faces that makes the detection of AUs in
general easier for European faces.
Furthermore, we observed another interesting fact. AU6,
the cheek raiser, and AU7, the lid tightener, share the movement of the lower lid rising upwards. Overall, the CV model’s
detection of AU6 was higher for African, while that of AU7
was higher in European faces. To test whether the detection
of AU6 is counteracting the detection of AU7, we looked at
the AU6 values of the African face 14 turning into a European face (see Figure 10). And indeed, while AU7 detection
profited from making the upper part of the face look more European, AU6 detection seemed to be worsened by this. Therefore, it might be the case that the CV model detects the result
of those AUs similarly well, but it attributes it differently to
the specific AUs. In other words, some features in the face
lead the model to interpret the facial movement either as AU6
or AU7, but it is not the case that the CV model can detect the
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Abstract

Phonotactic learning: findings and open questions

Phonotactic and orthotactic constraints determine the possible
spoken and written sequences of a language. Adult speakers
quickly learn simple new phonotactic rules, but they only learn
the more complex second-order rules (e.g., “/k/ is an onset only
if the vowel is /æ/, but a coda if the vowel is /ɪ/”) after the first
day of training, whereas children learn the same rules on the
first day. In this study, we first show that adults learn simple
new rules of sequencing in typing as quickly as in speaking.
We then show that, despite a much higher error rate and
opportunities for error-based learning, the timeline for learning
the second-order rules in typing is similar to speaking. Finally,
we demonstrate that what is learned in a second-order rule, as
in the example above, is the coda —and not the onset—
constraint, pointing to a chaining-type mechanism for learning
new rules of sequencing.

Phonotactic constraints have a special place in the cognitive
studies of language, as they reflect the learning of implicit
rules. Adult speakers rarely violate the phonotactics of their
native tongue, a pattern that is evident even in their speech
errors (e.g., Dell et al., 2000). Moreover, speakers show
robust evidence of learning simple new phonotactic
constraints in less than an hour. In a series of studies, Dell
and colleagues had participants read aloud sequences of four
consonant-vowel-consonant (CVC) syllables with artificially
embedded constraints, such as “/f/ always in the onset and /s/
always in the coda position” and recorded their speech errors.
An error was coded as “legal” if the constrained phonemes
preserved their syllabic positions. Otherwise, it was coded as
“illegal”. The results showed that 98% of the errors involving
the letters with artificial constraints were legal. This
percentage was very close to language-wide constraints (e.g.,
/h/ always in the coda position), and significantly higher than
the unrestricted control phonemes in the experiments (68%;
Dell et al., 2000; see also Taylor & Houghton, 2005; Warker
& Dell, 2006; Warker et al., 2009).
Not all constraints are learned so quickly though. Warker
and Dell (2006) turned the simple artificial constraints of Dell
et al. (2000) into second-order constraints by making the
syllabic position of a consonant contingent on a specific
vowel, e.g., “/k/ is an onset if the vowel is /æ/, but a coda if
the vowel is /ɪ/”. Adult participants did not learn this new
constraint on day 1. When they came back to the lab on day
2, however, their speech errors showed evidence of learning
of the second-order constraints (see also Warker et al., 2008;
cf. Smalle & Szmalec, 2021, who showed quick learning of
second-order constraints in French, where vowels are
generally more predictive of consonants positions compared
to English). In a follow-up study, Gaskell et al. (2014)
replicated this finding and further showed that it was
specifically sleep, and not simply the passage of time, that
was necessary for the emergence of the effect. Interestingly,

Keywords: orthotactic constraints; language production;
typing; statistical learning

Introduction
Phonotactic constraints of a language determine the possible
sequences of phonemes in that language. For example, in
English, /h/ can appear in the onset but not the coda position,
while in Farsi, /h/ can be either an onset or a coda. Similarly,
orthotactic constraints of a language determine the possible
sequences of letters in the written form of that language.
Orthotactic and phonotactic constraints of a language are not
identical. For example, /h/ is not a coda in spoken English,
but it can be a coda in written English (e.g., “Noah”). While
much research has focused on phonotactic constraints,
relatively little attention has been paid to orthotactic
constraints. In this paper, we argue that studying orthotactic
constraints, e.g., in typing, not only provides a basis for
comparing learning across different language modalities, but
can answer some of the open questions from the phonotactic
learning literature.
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a similar study in 9-10-year-old children showed that, unlike
the adult participants, children learned the second-order
constraints on day 1 (Smalle et al., 2017).
To summarize, studies of phonotactic constraints in spoken
production have shown that novel first-order constraints can
be acquired quickly even in adult speakers who have
experienced the phonotactic rules of their native language
from infancy, pointing to the continuous nature of learning in
language production (Dell et al., 2021). But the same
literature suggests limits to the quick learning of more
complex rules, such as second-order phonotactic constraints
in adults. Why are adults not learning the second-order
constraints as quickly as children? One possibility is that
children, due to their less mature production systems, make
many more speech errors than adults (e.g., Budd et al., 2011;
Hanley et al., 2016). If acquiring new phonotactic constraints
is driven by error-based learning (Dell et al., 2021), the
greater number of errors can drive the faster learning
observed in children. A second possibility is the existence of
qualitatively different learning patterns in the child vs. the
adult systems. For example, while sleep helps consolidate
declarative memories in both adults and children, implicit
motor learning benefits more from sleep in adults than in
children (Wilhelm et al., 2008). Moreover, when cognitive
resources are artificially depleted to make the system more
child-like, adults learn the second-order constraints on day 1
(Smalle et al., 2021; 2022). These two possibilities give rise
to different empirical predictions: the error-quantity
hypothesis suggests that increasing error rates in adult
participants should lead to learning of the second-order
constraints on day 1, just like children. The cognitive-state
hypothesis, on the other hand, suggests that the number of
errors should not dramatically alter the pattern; adults would
still not learn the second-order constraints on day 1 even with
more errors.
A second question that remains unanswered in the
phonotactic constraint literature is the mechanism underlying
the learning of the second-order constraints. Note that while
both onsets and codas are contingent on vowels, their
different positions with regard to the vowel can be used to
test different learning mechanisms. One possibility is that
constraints are learned in a strictly sequential manner (also
called chaining, Wickelgren, 1965; Lewandowsky &
Murdock, 1989). Another possibility is that constraints are
learned hierarchically, i.e., learning relative to a frame (Dell
et al., 1997). Studies of second-order constraints often
alternate the vowel predictably across sequences of four
syllables, e.g., “has fan kag tad”, “nif tig hik dis”, “fas hag
nad tak”. This method cues the conditioning vowel, even
before a sequence begins. If learning is strictly sequential,
then only the contingency after the vowel, i.e., the coda
constraint, should be learned. If, on the other hand, learning
is hierarchical, it should be possible to learn both
contingencies for what comes before or after the vowel, i.e.,
both onset and coda constraints. The current study tests these
possibilities.

Current study
The current study investigated the learning of orthotactic
constraints in typing. The goal was two-fold. First, this is, to
our knowledge, the first study of implicit statistical learning
of orthotactic constraints in typing. As such, it allows a
comparison with phonotactic learning, which, in turn,
informs us about the similarities and differences in statistical
learning of sequencing rules across different modalities of
language production. Second, typing provides us with the
opportunity to answer the two open questions from the
phonotactic learning literature discussed above. Because of
the later age of acquisition and less experience with typing
than speaking, error rates are usually three to four times
higher in typing than speaking in adult participants (e.g.,
Pinet & Nozari, 2018; Pinet & Nozari, 2021; Warker et al.,
2009). This higher error rate allows us to address the first
question. If the slower rate of learning of the second-order
constraints in adults vs. children is driven by the lower
number of errors in the former, then a 3-4-fold increase in the
error rates in typing should lead to some learning on day 1,
supporting the error-quantity hypothesis. If, on the other
hand, the difference reflects different learning mechanisms in
adults and children, then we would expect the same pattern
in speaking and typing —which raises the quantity of errors
without making them qualitatively different from speech
errors (Pinet & Nozari, 2018), i.e., no learning of secondorder constraints on day 1, in support of the cognitive-state
hypothesis.
The second question can also be answered very cleanly in
a typing study, as the discrete nature of keystrokes removes
coarticulation effects that could potentially complicate
learning (a typing segment can be planned and executed
completely independently of the segments before and after it,
whereas such is unlikely in spoken production). Learning that
is limited to the coda constraints would provide support for
the chaining hypothesis. Conversely, observing learning in
both onset and coda positions, would support the hierarchical
learning hypothesis.
We first establish the basic first-order orthotactic learning
in Exp 1. To anticipate, the results confirm very similar
patterns to phonotactic learning in spoken production. Next,
we answer the two questions raised above by testing the
learning of second-order orthotactic constraints in Exp 2.

Experiment 1
Methods
Participants Twenty-four native speakers of English (Mage =
21.42, SD = 1.64, 12 females) were recruited through
Prolific, a platform for online studies. A brief screening test
was administered to include proficient typists (Pinet &
Nozari, 2021). A headphone check (Milne et al., 2021) was
used to include participants who heard the syllables clearly.
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Materials The experiment was modeled after Dell et al.
(2000, Exp 1). Ninety-six sequences of four CVC syllables
were generated using the vowel “e”(/ɛ/) and 8 consonants,
each consonant appearing only once within a sequence (e.g.,
“ven fex tek des”). The consonants belonged to three
experimental categories: language-wide constraints (“v” and
“x”), experiment-wide constraints (“t” and “s”), and
unrestricted (“k”, “n”, “f” and “d”). Language-wide
constraint letters were selected such that their orthographic
position was strongly biased towards either the beginning of
the syllable (“v”) or the end of the syllable (“x”) and not vice
versa. Note that while /v/ can appear as a coda in spoken
syllables, it almost never appears in the coda position in
written/typed words in English, as it is usually followed by a
silent vowel (e.g., “dove”). Similarly, an onset “x” is rare in
orthography (e.g., “Xbox”). A survey of the 3000 highestfrequency words in the English lexicon confirmed that “v”
and “x” appeared only 0.5% and 0% in coda and onset
positions, respectively, making them good representatives of
language-wide orthotactic constraints. In contrast, the rest of
the letters selected in this experiment do not show such strong
positional biases in the English orthography, making them
good candidates for creating new orthotactic constraints.
Both letters in the experiment-wide constraint group were
typed with the left hand and had a uni-manual transition to
the vowel (“e”). Unrestricted letters were chosen with the
following constraints: (a) similar to the letters in the
experiment-wide constraints group, they did not show a
strong positional bias. (b) They minimized the difficulty of
phonology-to-orthography conversion, and (c) two of them
were typed with the left and two with the right hand, with unimanual and bi-manual transitions to the vowel, respectively.
In keeping with the language-wide constraints, in the
current experiment “v” always appeared in the onset position
of a CVC while “x” always appeared in the coda position.
The two experiment-wide letters were subject to the artificial
constraint that one always appeared as onset and the other
always as coda. The assignment of “t” and “s” to onset and
coda position was counterbalanced across participants.
Finally, unrestricted letters appeared equally often in onset
and coda positions. The sequences were recorded using
Descript (www.descript.com) with the voice of a native
female speaker of American English. Syllables were spoken
every 500 ms, making each sequence 2s long.

next trial by pressing the space bar. The use of backspace was
disabled throughout. Participants completed two practice
trials, followed by three blocks of 32 trials presented in
randomized order, with breaks in between. Keystrokes in the
test phase were registered for analysis.

Results & Discussion
The overall error rate per CVC syllable was 26%. In total,
27,396 syllables were produced. Lexical shifts (e.g., tek dex
ven fes → tek ven dex fes) and syllables with structures other
than CVC, CV, and VC were excluded (4.6% of the
syllables). Of the 78,107 letters in the remaining syllables,
letters that were not part of the sequence were excluded from
the analyses (< 1%). The rest included 1143, 1071, and 2884
errors on letters in the three language-wide, experiment-wide,
and unrestricted categories, respectively. Errors were coded
as legal if they migrated to the same syllabic position as the
target (e.g., tek des → tek tes). Otherwise, they were coded as
illegal (e.g., tek des → tek det). Data were analyzed using the
non-parametric Wilcoxon test, which makes no assumptions
regarding the underlying distributions. P values are reported
after the Bonferroni correction for multiple comparisons to
avoid type I error.
Figure 1 shows the results. As expected, the proportion of
legal errors on letters with language-wide constraints was
significantly higher than the unrestricted (96.1% ± 1.67%
(SE) vs. 76.1% ± 2.03%; z = 4.99, p < .001). Importantly, the
proportion of legal errors on letters in the experiment-wide
condition (96.5% ± 1.65%) was also significantly higher than
unrestricted (z = 4.99, p < .001), and comparable to languagewide (z = -0.03, p ≈ 1.00).

Procedure The experiment was developed in the jsPsych
library (de Leeuw, 2015) and administered online through the
JATOS platform (Lange, Kuhn & Filevich, 2015). The task
was typing-to-dictation. On each trial, participants first heard
the auditory sequence of the four CVCs, one at a time, and
typed them individually under no time pressure (the
acquisition phase). In case of a mistake, the correct CVC was
displayed, and participants typed it again until they typed it
correctly. Next, the whole sequence was played to them,
followed immediately by a beep, and participants typed the
four syllables with a deadline of 4s. This was repeated three
times (the test phase). When ready, participants initiated the

Figure 1: Mean proportion of legal errors ± SE of subject
means in unrestricted, experimental and language
conditions.
The results closely mirror those in spoken production (e.g.,
Dell et al., 2000). First, the above-chance legality of errors in
the unrestricted condition reflects the fact that errors respect
syllabic positions (Nooteboom, 1967, 1969). Second, the
near-ceiling proportion of legal errors in the experiment-wide
constraint shows that participants were able to quickly learn
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new orthotactic constraints, just like they did new phonotactic
constraints in prior spoken studies. Finally, the comparable
rates of experiment-wide and language-wide legal errors
shows that, as in spoken language, statistical learning of new
sequencing constraints can be complete and at the level of
much more well-practiced constraints.
With these similarities confirmed, Exp 2 investigated the
learning of second-order constraints in typing.

1 and 2, respectively). Also, letters that were not part of the
sequence were excluded (less than 1% of the 63,006 and
64,022 letters produced on days 1 and 2, respectively). Table
1 shows the total number of errors and their breakdown by
onset and coda positions on days 1 and 2. As in Exp 1, legality
was defined as maintaining the syllabic position when
migrating within the sequence. For language-wide errors, this
was a first-order constraint, as defined in Exp 1. For the
experiment-wide and unrestricted errors, this was a secondorder constraint. For the unrestricted consonants, this was
simply the baseline tendency to preserve a syllabic position
during letter migration (Pinet & Nozari, 2018). Data were
analyzed using the same methods described in Exp 1.
The first set of analyses tested the learning of the secondorder constraints on day 1 vs. day 2, in keeping with the
spoken language literature. Figure 2a shows the results.
Bonferroni-corrected p values showed that, on day 1, there
was no significant difference between the rate of legal errors
in experiment-wide and unrestricted conditions (76% ±
2.41% vs. 80% ± 1.92%; z = -0.86, p ≈ 1), and both were
significantly lower than the language-wide condition (94.7%
± 1.51%; z = -4.62, p < .001, z = -3.38, p = .002; for
experiment-wide and unrestricted, respectively). On Day 2, a
different pattern emerged: the rate of legal errors in the
experiment-wide condition was now significantly higher than
the unrestricted condition (86% ± 2.08% vs. 79% ± 2.23%; z
= 2.92, p = .008), even though it was still lower than the
language-wide condition (96.3% ± 1.02%; z = -3.76, p <
.001).

Experiment 2
Methods
Participants Twenty native English speakers (Mage = 22.35,
SD = 1.95, 12 females), who had not participated in Exp 1,
were recruited through Prolific, after passing the typing
screening and headphone check, as in Exp 1.
Materials The experiment was modeled after Warker and
Dell (2006, Exp 1). Ninety-six sequences of four CVC
syllables were constructed similar to Exp 1, with the same
language-wide constraints as first-order constraints. The
critical manipulation was constraining the position of the
experiment-wide consonants depending on the vowel. Two
experiment-wide consonants (“k” and “f”) were paired with
two vowels “a” (/æ/) and “i” (/ɪ/), such that their syllabic
positions were dependent on a given vowel. For example, “k”
was an onset and “f” a coda only if the vowel was “a” (e.g.,
naf vat kas dax), but in the opposite syllabic positions if the
vowel was “i” (e.g., sid vik tix fin). The assignment of letters
to positions based on a given vowel was counterbalanced
across participants. Four unrestricted consonants (“t”, “s”,
“n” and “d”) were paired equally often with the two vowels
in onset and coda positions, providing a baseline for
comparison. Sequences were constructed with no repeated
consonants, and each consonant appeared equally often in the
four words in the sequence. The two vowels alternated
between sequences. Thus an “a” sequence was always
followed by an “i” sequence and vice versa. Sequences were
recorded in the same manner described in Exp 1.

Table 1: Number of errors in the three conditions for the
onset and coda positions on days 1 and 2. E = experimentwide constraint; L = language-wide constraint; U =
unrestricted; Cod = coda; Ons = onset.

L
E
U

Ons
560
546
1197

Day 1
Cod
491
611
1679

Sum
1051
1157
2876

Ons
475
505
992

Day 2
Cod
438
588
1307

Sum
913
1093
2299

The second set of analyses tested the learning of secondorder constraints separately for onset and coda (see Table 1
for the number of errors in each category across conditions
and days). Figure 2b shows the pattern. Compatible with the
results of the first set of analyses, there was no evidence of
robust learning for either position on Day 1. Bonferronicorrected p values showed no significant differences between
the unrestricted and experiment-wide legal errors in either the
onset (z = -1.93, p = .11) or coda (z = -0.313, p ≈ 1.00)
positions. On day 2, there was still no evidence of learning
for experimental onset vs. unrestricted onset (z = 0.22, p ≈
1.00). However, the proportion of legal errors in experimental
coda was now significantly higher than unrestricted coda (z =
2.86, p = .008). In fact, the proportion of legal errors on

Procedure Participants completed the experiment online
using the same platforms described in Exp 1. Each participant
completed two sessions, 24-48 hours apart. The session
structures were identical to one another and to that of Exp 1.
The presentation of sequences was pseudo-randomized in
each session, preserving the alternation of “a” and “i”
sequences, and all keystrokes were registered for analysis.

Results & Discussion
The overall error rate per syllable was 31% on the first day
and 22% on the second day. The same exclusion criteria for
errors as Exp 1 was enforced, leading to the exclusion of
lexical shifts and unacceptable syllable structures (5% and
3% of the total 22,364 and 22,334 syllables produced on days
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experimental coda was comparable to that of first-order
language-wide coda (z = -1.68, p = .186).
The learning of second-order constraints on day 2, but not
on day 1, is very similar to the reports in spoken production
(e.g., Warker & Dell, 2006). In addition, the current results
demonstrated that such learning is restricted to the coda
position. Recall that the predictable vowel alternation and
three repetitions in the test phase provided many
opportunities for learning the constraints regardless of the
syllabic position. Nevertheless, the data provided no support
for such learning in the onset position. Instead, learning for a
coda contingent on a vowel was strong and comparable to
first-order constraints on day 2. This pattern pinpoints
statistical learning of orthotactic constraints to a chaininglike mechanism of sequencing (Lewandowsky & Murdock,
1989; Wickelgren, 1965), in which transitional probabilities
are learned locally from the conditioning segment (i.e., the
vowel) to the conditioned segment (i.e., the coda).

General Discussion
In two studies we tested the learning of orthotactic constraints
in typing. The results of the first experiment showed that
people quickly learned the first-order constraints. The size of
this effect (20%) was comparable to studies of phonotactic
learning in spoken production (e.g., 24%; Dell et al., 2000).
This finding extends the body of research pointing to similar
mechanisms underlying language production in spoken and
typed modalities, such as similar patterns of errors (e.g., Pinet
& Nozari, 2018; 2022), by demonstrating similar
mechanisms of statistical learning in the two modalities.
The second experiment tested the learning of second-order
constraints. Again, the pattern was strikingly similar to
spoken production; there was no robust learning on day 1,
followed by solid evidence of learning on day 2. Beyond
further supporting the similar mechanisms underlying
speaking and typing, this finding answered our first open
question; the delay in learning the second-order constraints in
adults is not caused by insufficient opportunities to learn from
errors. The error rate in Exp 2 was 31% on day 1, more than
four times higher than the ~7% error rate reported in spoken
production studies by Dell and colleagues. Yet this increase
did not translate to better learning on day 1. Instead, the
pattern of data is compatible with the cognitive-state
hypothesis, suggesting that the differences between adults
and children in the timeline of statistical learning may reflect
qualitative differences in the state of the cognitive system.
For example, greater cognitive control in adults may be
detrimental for the implicit learning of new constraints
(Smalle et al., 2022). Interestingly, the findings on the
rapidity of implicit statistical learning in infants and children
are not uniform. On the perception side, there is evidence for
extremely fast learning and generalization of complex
phonotactic rules in infants (Chambers et al., 2003; Gerken
& Knight, 2015). On the production side, children around 68 years of age do not learn motor sequences nearly as rapidly
as adults, even after sleep consolidation (Wilhelm et al.,
2008, 2012). In short, children seem to be particularly apt at
rapidly extracting linguistic patterns but not so much in
acquiring motor patterns. A study of phonotactic learning in
production has both components. Thus, the demonstration of
phonotactic learning on day 1 in 9-10- year-old children, but
not in adults (Smalle et al., 2017), if replicated, appears to
pinpoint the effect to learning at the linguistic —and not the
motor— level.
Exp 2 also answered a second open question in statistical
learning, namely the mechanism underlying the learning of
the second-order constraints. While the coda constraint was
fully mastered on day 2 (up to the level of a first-order
language-wide constraint), there was no evidence of learning
of the onset constraint (statistically on par with unrestricted
control segments). This finding supports the chaining
hypothesis, namely that the system learns to use a local cue
(here, the vowel) to predict the next immediate segment (i.e.,
the coda). This mechanism predicts no learning for onsets,
because the onset is never directly preceded by the cue.

Figure 2: Results of Exp 2. Percentage of legal errors on day
1 and day 2 ± SE (a), and the breakdown by onset/coda
positions (b).
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Recall that the absence of the onset effect cannot be attributed
to the absence of any informative cues for learning. The
vowel is 100% predictable even before the sequence is
presented. Moreover, participants first type all the syllables,
one at a time and without time pressure, providing ample
opportunities for associating the restricted onset with the
constraining vowel. If learning was hierarchical —rather than
strictly sequential and chained— there should have been at
least some evidence of learning the constraint in the onset
position, but this was not the case. Our data, thus, support a
mechanism of statistical learning as chaining for orthotactic
constraints.
We do not mean to imply chaining as the sole —or
necessarily the dominant— mechanism of sequencing in
typing. Evidence against simple chaining (or more complex
chaining mechanisms such as compound chaining; Goldberg
& Rapp, 2008) come from studies of typing errors. For
example, gemination errors (i.e., the erroneous doubling of a
letter in a target with double letters: “letter” → “leeter”) show
several properties that imply that double letters are not simply
two independent instances of the same letter appearing one
after the other in a chain. Rather they are best modeled by a
single copy of a letter attached to two slots in a
positional/syllabic frame with a geminate tag (Hepner et al.,
2018). This and other findings in the literature has suggested
a hierarchical system in which content (e.g.,
letters/phonemes) is bound to a frame (Dell et al., 1997)
through some non-linear sequencing mechanism, such as
competitive queuing (e.g., Glasspool & Houghton, 2005;
Houghton, 2018). The point of the current study was rather to
show that statistical learning relies heavily on simple
chaining mechanisms, in which the transitional probabilities
of the segments are learned serially. Finally, we must point
out that although the many similarities between spoken and
typed production make chaining a reasonable candidate for
learning phonotactic constraints, this claim must be
empirically verified, as there are also nontrivial differences
between the two systems, such as the nature of segments, the
qualities of the motor apparatus involved in producing speech
vs. typed production, and possibly even the scope of
planning.
To summarize, this study demonstrated the feasibility and
utility of typing in uncovering the cognitive mechanisms
underlying sequence learning in the human language
production system. Future work can determine the extent of
generalization of the findings and conclusions of this work to
phonotactic learning in spoken production. Such
comparisons, in turn, inform us about the extent to which the
principles of sequence learning depend on the nature of the
representations and the motor apparatus involved in
production.
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Abstract

understand metaphors in an adult-like fashion quite late in
development, possibly not until adolescence (Demorest et al.,
1983; Silberstein et al., 1982; Winner, 1997). However, other
researchers have argued that metaphor comprehension might
actually emerge much earlier in ontogenesis (Pouscoulous &
Tomasello, 2020; Zhu et al., 2020). Indeed, recent work
showed that children develop sophisticated relational
reasoning abilities in their preschool years (Christie &
Gentner, 2014; Goddu, Lombrozo, & Gopnik, 2020;
Hochmann et al., 2017) or even earlier (Anderson et al., 2018;
Walker et al., 2016; Walker & Gopnik, 2017). Moreover,
additional research demonstrated that preschoolers can
understand other kinds of non-literal language, such as
metonyms (Falkum et al., 2017; Köder & Falkum, 2020; Zhu,
2021). Consistent with these findings that preschoolers can
reason about abstract relations and understand non-literal
language, more recent work suggested that preschoolers are
also able to understand metaphors. For example, Pouscoulous
and Tomasello (2020) showed that children as young as three
years of age understand metaphors based on perceptual
similarities (e.g. “The bottle with the big belly” to refer to a
round bottle over a slender bottle). Similarly, Zhu and
colleagues (2020) demonstrated that four- and five-year-olds
understand abstract metaphors based on functional
similarities between concepts (e.g., “clouds are sponges”;
“roofs are hats”). Specifically, young children differentiated
between functional metaphors (e.g., “roofs are hats”) and
nonsense statements (e.g., “dogs are scissors”), and a subset
of children were even able to explicitly state the functional
similarities between concepts in the metaphors (e.g., “roofs
and hats both cover you”).
While this research suggests that children can understand
metaphors, less is known about whether metaphors might
facilitate further thinking and reasoning in children, as they
do in adults (Thibodeau et al., 2017). Given that metaphors
can facilitate the discovery of new information (Kuhn, 1993),
one possibility is that children may be able to use metaphors
to make novel inferences. While previous research
demonstrates that preschoolers can represent similarities
between two familiar concepts – for example, by noticing that
sponges and clouds both hold water (Gentner, 1988; Zhu et
al., 2020) – it is unknown whether preschoolers can also use
metaphors to make entirely new inferences – for example, by
using their knowledge of clouds to learn about the features of
novel artifacts. If preschoolers can make new inferences from
metaphors, this may suggest that metaphors are a powerful
learning mechanism, not only in adulthood, but also in early
childhood. Though developmental psychologists have

Historically, metaphors have facilitated creative change across
multiple disparate domains. Similarly, human adults use
metaphors to guide their everyday thinking and reasoning.
While previous research in cognitive development has
demonstrated that preschoolers understand metaphors, less is
known about how preschoolers might learn from metaphors.
The current experiments investigate whether preschoolers can
use novel metaphors to make additional inferences about
artifacts. Experiment 1 demonstrates that both four-year-olds
and adults who hear novel positive and negative metaphors
(e.g., “Daxes are clouds. Daxes are not suns.”) can form
additional inferences based on these metaphor (e.g., that daxes
let out water rather than light up). Experiment 2 conceptually
replicates this result using a modified paradigm with only
positive metaphors (e.g., “Daxes are clouds”). Taken together,
these findings suggest that children can not only understand,
but also learn from, metaphors. Consequently, metaphors may
be a powerful learning mechanism in both adulthood and early
childhood.
Keywords: cognitive development; metaphor comprehension;
inferential reasoning

Introduction
Metaphors are figurative utterances that directly compare
concepts from one domain to concepts in other unrelated
domains. Metaphors occur frequently in both everyday
language (e.g., “I got lost in a sea of people”) and famous
creative works (e.g., Emily Dickinson’s “Hope is the thing
with feathers”). In human adults, metaphors can facilitate
communication and provide effective frameworks for
reasoning about abstract concepts, thus influencing attention,
memory, and information processing (Camp, 2009;
Thibodeau et al., 2017). Moreover, metaphors are a force for
creative change across many disparate domains: for example,
metaphors facilitate the development of new insights about
old concepts in art and poetry (Camp, 2009; Kulvicki 2020),
new word meanings in language (Bowdle & Gentner, 2005;
Camp, 2006; Holyoak & Stamenkovíc, 2018), and new
discoveries and theories in science (Kuhn, 1993).
While researchers have investigated the influence of
metaphors on human adult cognition, less is known about
whether and how metaphors might impact thinking and
reasoning in young children. Some previous research has
suggested that young children have difficulties understanding
metaphors (Winner et al., 1980), possibly due to an inability
to reason about abstract relations (Silberstein et al., 1982) or
a pragmatic inability to understand non-literal language
(Winner, 1997). Under this view, children may only
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extensively studied children’s learning mechanisms, there is
little research on children’s capacity to learn from metaphors.
Thus, the current paper is the first to investigate whether
young children can learn from metaphors, specifically by
using metaphors to make novel inferences and thus guide
their acquisition of new knowledge. In two experiments, we
investigated whether preschoolers can learn from metaphors.
In Experiment 1, we presented four-year-olds with vignettes
about novel artifacts and compared these novel artifacts to
natural or social kinds, using both positive metaphors, which
assert that two disparate concepts are similar (e.g., “Daxes are
clouds”), and negative metaphors, which use negation to
assert that two disparate concepts are dissimilar (e.g., “Daxes
are not suns”). Moreover, Experiment 1 also validated this
novel paradigm with adult participants. In Experiment 2, we
conceptually replicated the preschooler results from
Experiment 1, using only positive metaphors.

level associative mechanisms (e.g., hearing “cloud” might
encourage participants to select the cloud-related response,
without attending to the actual metaphor).

Methods
Participants. We adhered to a stopping rule of 32
participants in each age group, leading to a total of 32 4-yearold participants (M = 4.59 years, SD = .26 years, range = 4.04
– 4.99 years, 14 females and 18 males) and 32 adult
participants (M = 21.19 years, SD = 1.68 years, range = 18.20
– 25.64 years, 26 females and 6 males). Researchers tested
three additional children whose data were excluded due to
experimenter error. Children were recruited from a local
database and adults were recruited from a university campus.
All participants were tested online, over Zoom. All
experiments reported in this paper were approved by the
university’s Committee for the Protection of Human
Subjects. All adult participants and parents of child
participants provided informed consent. The preschooler
component of the experiment is preregistered at
https://osf.io/9kjb4/.
Stimuli and Procedure. The experimenter presented
participants with stories, which participants viewed using
either a computer or tablet. The experimenter introduced the
paradigm to the participant by showing them a clipart picture
of a girl and saying, “This is my friend Sophie. Sophie makes
a lot of toys in her toy factory. She’s going to tell you about
her toy, and then your job is to guess what Sophie’s toy can
do! Ready to play?”
On each trial, the experimenter introduced a novel toy,
using both a positive and a negative metaphor (e.g., “Sophie
says, ‘This toy is a dax. Daxes are clouds. Daxes are not
suns.’”). As the experimenter presented this information
verbally, clipart pictures (e.g., a novel toy, a cloud, and a sun)
appeared on the screen. To help participants remember which
metaphor was the positive comparison and which metaphor
was the negative comparison, the pictures of the two

Experiment 1
In Experiment 1, we investigated whether preschoolers and
adults are capable of learning from metaphors. Specifically,
we asked whether preschoolers and adults can make
additional inferences about the functions of novel artifacts,
after hearing about the novel artifacts in metaphoric
utterances (e.g. “Daxes are clouds”). In order to ensure that
participants interpreted the utterances as non-literal
metaphors comparing two conceptually distinct items (e.g.,
“Juliet is the sun”) rather than literal category statements
(e.g., “Juliet is a girl”), we explicitly specified that all the
novel items were artifact kinds (i.e., toys) and compared these
novel items to natural or social kinds (e.g., animals,
occupations). Additionally, in Experiment 1, we presented
participants with both positive and negative metaphors about
each novel item (e.g., “Daxes are clouds. Daxes are not
suns.”). This ensured that participants’ correct responses
were driven by a sensitivity to the contents of the metaphor
and the overall sentence structure, and not by simpler, lower-
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comparison items were accompanied with either a small
green checkmark to indicate a positive metaphor (e.g., a
checkmark placed beside the cloud served as a reminder that
daxes are clouds) or a small red “x” symbol to indicate a
negative metaphor (e.g., an “x” symbol placed beside the sun
served as a reminder that daxes are not suns). Then, the
experimenter asked about the toy’s function (e.g., “What do
you think daxes can do?”). A person appeared on the left side
of the screen and provided an answer consistent with one of
the metaphors (e.g., “This person says, ‘I think daxes can let
out water’”, an inference consistent with the cloud metaphor)
Then, another person appeared on the right side of the screen
and provided an answer consistent with the other metaphor
(e.g., “This person says, ‘I think daxes can light up’”, an
inference consistent with the sun metaphor). The
experimenter then asked the participant to choose between
the two choices (i.e., “Whose answer do you think is
better?”). Once the participant answered by providing a
response (e.g. “let out water”), the experimenter began the
next trial. No feedback was provided. For an example of a
trial, see Figure 1. On the final trial, the experimenter also
asked participants for an open-ended explanation to justify
their response on that trial (e.g., if the participant selected “let
out water” on the final trial, the experimenter followed up by
asking, “Why do you think daxes let out water?”).
Each participant received eight trials. For a complete list of
metaphors and corresponding inferences, see Table 1. Each
trial’s structure followed the design described above, in
which a participant must infer the function of the novel toy
based on the metaphor they heard. The order of the eight trials
was randomized. Within participants, we counterbalanced the
left-right placement of the correct answer. Across
participants, we also counterbalanced which metaphors were
positive and negative, such that half of the participants heard
that daxes were clouds and not suns, and the other half of the
participants heard that daxes were suns and not clouds.
Moreover, across participants, we counterbalanced whether
the positive or negative metaphors were mentioned first, such

that half of the participants heard the positive metaphor
before the negative metaphor (e.g., “Daxes are sun. Daxes are
not clouds.”), and the other half of the participants heard the
negative metaphor before the positive metaphor (e.g., “Daxes
are not suns. Daxes are clouds.”).

Results
In the following analyses, the dependent variable was the
proportion of correct (i.e., metaphor-consistent) responses.
We found that adults overwhelmingly selected the correct
response, M = 99.61%, SE = .40%, t(31) = 127, p < .001. In
a preregistered analysis, we found that four-year-olds also
selected the correct response significantly above chance
levels, M = 85.94%, SE = 3.40%, t(31) = 10.56, p < .001 (see
Figure 2).
In additional exploratory analyses, we examined
participants’ average performance on each of the eight test
trials. Adults selected the correct response significantly
above chance levels across all eight trials (p < .001 on all
trials). On individual trials, adults’ responses ranged from
97% correct (on the ballerina/soldier trial) to 100% correct
(on all other trials). Likewise, preschoolers also selected the
correct response significantly above chance levels across all
eight trials (p < .002 on all trials). Preschoolers’ responses
ranged from 75% correct (on the snail/bee and eye/teeth
trials) to 97% correct (on the duck/firefly trial). Adults’ and
preschoolers’ responses on individual trials were still
significantly above chance levels after correcting for multiple
comparisons (Benjamini & Hochberg, 1995).
In addition to examining individual trials, we also
examined the performance of individual participants.
Specifically, we demonstrate that a significant proportion of
adults and children in the sample perform above chance
levels by responding correctly on 100% (8/8) trials (binomial
test, p < .01). 97% of adults (31 out of 32 participants)
responded correctly on all eight trials (a number significantly
higher than one would expect by chance, binomial test, p <
.001). Similarly, 69% of preschoolers (22 out of 32
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participants) also responded correctly on all eight trials
(again, a number significantly higher than one would expect
by chance, binomial test, p < .001).
In further exploratory analyses, we examined the
explanations that participants provided to justify their
responses on the final trial of the experiment. Each
participant provided a single explanation on the final trial,
leading to a total of 64 explanations (i.e., 32 adult
explanations and 32 child explanations). Explanations were
coded blind to participants’ performance on the test trials.
Explanations were sorted into four categories: Explicit
Metaphor, Implicit Metaphor, Toy, and Irrelevant. Explicit
Metaphor explanations appealed explicitly to the
natural/social kind in the positive metaphor (e.g., “Because
blickets are eyes and eyes are used to see things”; Because
it’s a seagull”). Implicit Metaphor explanations appealed to
the features of the natural/social kind involved in the positive
metaphor, but did not explicitly name the natural/social kind
itself (e.g., “Because they have wings”; “To catch their
prey”). Toy explanations appealed to features of the novel
toys, rather than mentioning the comparison items (e.g.,
“They have a little bucket at the end”; “Because they have
batteries”). Irrelevant explanations were nonsensical or nonresponses (e.g., “Because it sounds like the right answer”; “I
don’t know”). Two coders coded all explanations. Intercoder
reliability was 95%, converging on the same category for 61
out of 64 explanations.
All adults provided explanations that appealed to the
metaphor. Specifically, 94% of adults (30 out of 32 adults)
provided Explicit Metaphor explanations and 6% of adults (2
out of 32 adults) provided Implicit Metaphor explanations.
Similarly, 66% of preschoolers (21 out of 32 preschoolers)
also provided explanations that appealed to the metaphor.
Specifically, 47% of preschoolers (15 out of 32 preschoolers)
provided Explicit Metaphor explanations, 19% of
preschoolers (6 out of 32 preschoolers) provided Implicit
Metaphor explanations, 6% of preschoolers (2 out of 32
preschoolers) provided Toy explanations, and 28% of
preschoolers (9 out of 32 preschoolers) provided Irrelevant
explanations. Thus, all adults and the majority of
preschoolers appealed to the metaphors in their explanations,
either explicitly or implicitly.
In the following analyses, we also examined preschoolers’
task performance based on whether they appealed to the
metaphor in their explanation (i.e., Explicit Metaphor and
Implicit Metaphor explanations) or not (i.e., Toy and
Irrelevant explanations). We found that preschoolers who
appealed to the relevant metaphors in their explanations (i.e.,
by providing Explicit Metaphor or Implicit Metaphor
explanations) performed significantly above chance levels,
M = 91.67%, SE = 3.27%, t(20) = 12.76, p < .001.
Preschoolers who did not appeal to metaphors in their
explanations (i.e., by providing Toy or Irrelevant
explanations) still performed significantly above chance
levels, M = 75%, SE = 6.74%, t(10) = 3.71, p = .004. Both
groups’ task performance remained significantly above
chance levels after correcting for multiple comparisons

(Benjamini & Hochberg, 1995). Crucially, although both
groups performed above chance levels, the preschoolers who
appealed to metaphors performed significantly better than the
preschoolers who did not appeal to metaphors, t(30) = 2.52,
p = .02.

Discussion
Experiment 1 showed that both adults and preschoolers can
make inferences from novel metaphors. Specifically, after
hearing a metaphor about a novel artifact, adults and
preschoolers successfully inferred the function of a novel
artifact. Moreover, 100% of adults justified their responses
by appealing to the novel metaphor, either explicitly
implicitly. Similarly, the majority of preschoolers also
justified their responses by appealing to the novel metaphor
explicitly or implicitly. Though both preschoolers who
appealed to metaphors and preschoolers who did not appeal
to the metaphors performed quite well on the task, the former
group provided significantly more correct responses than the
latter group. Adults’ and preschoolers’ verbal explanations
further demonstrated that participants were using metaphors,
rather than lower-level associative strategies, to guide their
responses. Overall, the results of Experiment 1 thus provide
initial evidence that both adults and young children can not
only understand, but also use metaphors, specifically for
higher-order thinking and reasoning. Consequently,
metaphors may be a useful learning mechanism in early
childhood.

Experiment 2
Experiment 1 demonstrated that both preschoolers and adults
can make additional inferences from novel metaphors.
Moreover, by juxtaposing positive and negative metaphors
(e.g., “Daxes are clouds. Daxes are not suns.”), Experiment 1
showed that preschoolers and adults made these inferences
by carefully attending to the metaphoric utterances, rather
than by relying on simple, lower-level associations.
However, in more naturalistic contexts, metaphors are not
generally contrasted against each other; rather, a single
metaphor is often presented alone (e.g., Shakespeare wrote
that “Juliet is the sun”, not that “Juliet is the sun but not the
earth”). Consequently, Experiment 2 seeks to conceptually
replicate the developmental findings in Experiment 1, using
a more naturalistic paradigm involving only positive
metaphors (e.g., “Daxes are clouds”).

Methods
Participants. Similar to Experiment 1, we adhered to a
preregistered stopping rule of 32 participants (M = 4.43 years;
SD = .32 years; range = 4.02 – 4.98 years; 16 females and 16
males). Researchers tested two additional children, whose
data were excluded due to experimenter error (one child) and
external interference (one child). All children were recruited
from a local participant database and tested online over
Zoom. Experiment 2’s preregistration can be found at
https://osf.io/37yd6/.
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Stimuli & Procedure. Experiment 2’s stimuli procedure
was identical to Experiment 1’s stimuli and procedure, except
participants received only a positive metaphor (e.g., “Daxes
are clouds.”) rather than both positive and negative
metaphors (e.g., “Daxes are clouds. Daxes are not sponges.”).
Across participants, we counterbalanced which metaphor
was presented, such that half the participants heard one
positive metaphor (e.g., “Daxes are clouds.”) and the other
half of participants heard another positive metaphor (e.g.,
“Daxes are sponges.”) Only the images corresponding to the
positive metaphors (e.g., a picture of a cloud for “Daxes are
clouds”) appeared onscreen (see Figure 1).

Metaphor explanations) or not (i.e., Toy and Irrelevant
explanations). Preschoolers who appealed to the relevant
metaphors in their explanations (i.e., by providing Explicit
Metaphor or Implicit Metaphor explanations) performed
significantly above chance levels, M = 82.61%, SE = 3.22%,
t(22) = 10.14, p < .001. Similarly, preschoolers who did not
appeal to metaphors in their explanations (i.e., by providing
Toy or Irrelevant explanations) still performed significantly
above chance levels, M = 66.67%, SE = 6.91%, t(8) = 2.41, p
= .04. Both groups’ task performance remained significantly
above chance levels after correcting for multiple comparisons
(Benjamini & Hochberg, 1995). Similar to the results of
Experiment 1, although both groups in Experiment 2
performed above chance levels, the preschoolers who
appealed to metaphors provided significantly more correct
responses than the preschoolers who did not appeal to
metaphors, t(30) = 2.39, p = .02. Overall, Experiment 2 used
a slightly modified experimental paradigm to conceptually
replicate preschoolers’ success from Experiment 1, thus
providing further evidence that young children can learn from
metaphors.

Results
In a preregistered analysis, we found that four-year-olds
selected the correct response significantly above chance
levels, M = 78.13%, SE = 3.22%, t(31) = 8.72, p < .001. In
additional exploratory analyses, we examined preschoolers’
average performance on each of the eight test trials.
Preschoolers consistently selected the correct response
significantly above chance levels across all eight trials (p <
.03 on all trials). Preschoolers’ responses ranged from 69%
correct (on the cloud/sun and songbird/cheetah trials) to 91%
correct (on the eye/teeth trial). Preschoolers’ responses on
individual trials remained significant after correcting for
multiple comparisons (Benjamini & Hochberg, 1995).
In addition to examining individual trials, we also
examined the performance of individual participants. A
significant proportion of adults and children in the sample
perform above chance levels by responding correctly on
100% (8/8) trials (binomial test, p < .01). 22% of children (7
out of 32 participants) responded correctly on all eight trials
(a number significantly higher than one would expect by
chance, binomial test, p < .001).
In further exploratory analyses, we examined the
explanations that participants provided to justify their
responses. Explanations in Experiment 2 were coded using
the same four explanation categories from Explanation 1 (i.e.,
Explicit Metaphor, Implicit Metaphor, Toy, and Irrelevant).
Two coders coded all explanations. Intercoder reliability was
97%, converging on the same category for 31 out of 32
explanations.
Similar to the results of Experiment 1, Experiment 2
showed that the majority of preschoolers provided
explanations that appealed to the metaphor, either explicitly
or implicitly. Specifically, 44% of preschoolers (14 out of 32
preschoolers) provided Explicit Metaphor explanations, 28%
of preschoolers (9 out of 32 preschoolers) provided Implicit
Metaphor explanations, 9% of preschoolers (3 out of 32
preschoolers) provided Toy explanations, and 19% of
preschoolers (6 out of 32 preschoolers) provided Irrelevant
explanations. Thus, the majority of preschoolers appealed to
the relevant metaphors, when justifying their responses on the
task.
Moreover, we also examined preschoolers’ task
performance based on whether they appealed to the metaphor
in their explanation (i.e., Explicit Metaphor and Implicit

Figure 2: Experiment 1 and 2 results.

Discussion
Experiment 2 conceptually replicated the results of
Experiment 1, by confirming that preschoolers can form
inferences from novel metaphors. While Experiment 1
included both positive and negative metaphors (e.g., “Daxes
are clouds. Daxes are not suns.”), Experiment 2 used a more
naturalistic paradigm including only positive metaphors (e.g.,
“Daxes are clouds.”). In Experiment 2’s slightly modified
paradigm, preschoolers were still able to form the appropriate
additional inferences corresponding to the novel metaphors
they heard. Moreover, similar to Experiment 1, the majority
of preschoolers in Experiment 2 justified their responses by
appealing to the novel metaphor explicitly or implicitly.
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Preschoolers who appealed to metaphors in their
explanations also performed significantly better than
preschoolers who did not appeal to metaphors in their
explanations, though both groups performed above chance
levels. Overall, Experiment 2 provides additional evidence
that preschoolers can use metaphors to facilitate their
thinking, reasoning, and learning.

processes, by providing exciting initial evidence of
preschoolers’ ability to understand and learn from metaphors.
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General Discussion
This work shows that young children can not only understand
metaphors, but also use metaphors in the service of further
thinking and reasoning. Specifically, preschoolers and adults
can use metaphors to make additional inferences, and thus
learn, about novel concepts. Experiment 1 showed that
preschoolers succeed at making inferences on a metaphor
task that uses both positive and negative metaphors (e.g.
“Daxes are clouds. Daxes are not suns.”). The inclusion of
both positive and negative metaphors in Experiment 1
suggests that children were indeed using the metaphors,
rather than lower-level associative strategies, to guide their
responses. Moreover, adults also performed at ceiling on
Experiment 1, thus validating this new metaphor inference
paradigm. Experiment 2 then built on these initial results by
conceptually replicating preschoolers’ success in Experiment
1, but using a more naturalistic metaphor task involving only
positive metaphors (e.g., “Daxes are clouds”). Overall,
preschoolers successfully used metaphors to guide their
inferential reasoning and learning, in both a positive-andnegative-metaphor paradigm (Experiment 1) and a positivemetaphor-only paradigm (Experiment 2). Moreover, in both
experiments, the majority of preschoolers appealed to the
metaphors when providing an explanation for their responses,
and the preschoolers who appealed to metaphors performed
better than preschoolers who did not appeal to metaphors.
These findings suggest that preschoolers can use metaphors
to facilitate thinking and reasoning.
The present experiments contribute to a recent, growing
body of literature suggesting that young children may possess
a relatively sophisticated ability to understand non-literal
language (Falkum et al., 2017; Pouscoulous & Tomasello,
2020; Zhu, 2021; Zhu et al., 2020). Moreover, by
demonstrating that preschoolers can make additional
inferences from novel metaphors, the present research
suggests that metaphors may be a powerful learning
mechanism that could allow children to acquire new
information. Just as metaphors facilitate novel scientific
discoveries in the history of science (Kuhn, 1993) and higherorder cognitive processes in human adults (Thibodeau et al.,
2017), metaphors may also contribute to young children’s
learning. Interestingly, because metaphors frequently provide
a new perspective (Camp, 2006; 2009) without necessarily
providing new information, metaphors may be a powerful
case of “learning by thinking”, which allows for the
acquisition of new knowledge with little or no additional data
(Lombrozo, 2018; Xu, 2019). Overall, the present work
contributes to multiple areas of cognitive development
research, such as language acquisition and early learning
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Abstract

1954). Given the abstraction and complexity of mathematics,
this stands as a paragon of human creativity. How does this
happen? What is the process by which expert mathematicians
have insights?

Expert mathematicians make discoveries about entirely abstract entities. Where do these insights come from? According to a variety of classic accounts, creativity is a multi-stage
process that involves combining ideas in novel ways. Most
of the evidence for these accounts, however, is drawn from
artificial lab-based settings or is zoomed out from the messy,
moment-to-moment details of discovery. Here, we take advantage of a video corpus of expert mathematicians generating proofs in their natural habitat: at the blackboard, chalk
in hand. These mathematicians experienced spontaneous insights as they worked on proofs. We find that mathematicians
begin by creating a variety of inscriptions, filling the blackboard with equations and diagrams. They then interact with
these inscriptions through gaze, speech, gesture, and writing.
When they experience an insight, however, their interactions
become unpredictable, and they begin to connect inscriptions
in novel ways (quantified by an information-theoretic measure,
surprisal). Expert mathematical discovery, we conclude, exhibits the stages and combinatorial processing that have been
proposed to characterize creativity. Even at the pinnacle of abstraction, at the highest levels of expertise, new ideas are born
when the body discovers unexpected affinities among ideas.

Insight as multi-stage and combinatorial

Keywords: mathematical insight; expert mathematicians;
combinatorial creativity; stage-based models of creativity;
mathematical inscriptions; situated reasoning

Introduction
Many discoveries involve perceiving the right thing in the
right way. An ornithologist might observe a heretofore unknown bird, or an astrophysicist might use data to infer the
shape of a black hole. But other discoveries occur in the absence of new empirical evidence. Mathematics, for instance,
involves reasoning about entirely abstract entities, from infinity sets to functions that are impossible to visualize. And
yet mathematical practice is replete with moments of sudden
insight. Where do these insights come from?
Creativity is at the core of expert mathematics. Mathematics is more than just a static collection of established theorems
and techniques. Mathematicians continue to make new discoveries (Davis, Hersh, & Marchisotto, 2012; Mann, 2006;
Sriraman, 2004; Sternberg & Ben-Zeev, 1996). To do so,
they scribble, draw, erase, sketch. They get stuck. They may
give up. But sometimes, they suddenly have an insight that
allows them to make progress (Poincaré, 1913; Hadamard,
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Creative insight has been described as a multi-stage process.
One popular model, proposed by Wallas (1926), suggests
four stages: preparation, incubation, illumination, and verification. In the preparation phase, individuals begin to understand the problem. In the incubation phase, they unconsciously search for solutions. In the illumination phase, they
experience an “aha!” moment that signifies the discovery of
a potential solution. And in the verification stage, individuals
actively test the solution to confirm its viability. Other stagebased accounts have been proposed (Guilford, 1967; Campbell, 1960; Lubart, 2001).
When a creative insight arrives, it often appears to combine old ideas in new ways. In the lead-up to insight, many
potential combinations may need to be considered before a
successful combination is discovered (Hadamard, 1954; Simonton, 2009, 2012, 2021). Most of these combinations are
common and therefore uninformative or of no use. However,
a rare combination may turn out to be highly informative,
revealing connections between concepts previously thought
unrelated. These new connections can even give rise to a
change in how one thinks about or represents the problem
(Duncker, 1945; Hélie & Sun, 2010; Knoblich, Öllinger, &
Spivey, 2005; Ohlsson, 1992). Such combinations thus provide novel and fruitful insights. For example, Koestler (1964)
defined creativity not as creating something out of nothing,
but as a process that “uncovers, selects, re-shuffles, combines,
synthesizes already existing facts, ideas, faculties, skills” (p.
323).
We illustrate this process in the top panels of Figure 1. Before an insight, a reasoner might explore a variety of connections (edges) between ideas (nodes) (Fig. 1A). The moment
of insight arrives when two previously disconnected ideas
are recognized as related, indicated here by the blue edges
(Fig. 1B).
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This combinatorial vision of creativity has been widely invoked (Hummel & Holyoak, 2002; Simonton, 2009; Thagard
& Stewart, 2011). Fauconnier and Turner (2002), for instance, coined the term “conceptual blending” to refer to the
general cognitive ability that allows humans to integrate ideas
from different domains to create new concepts and meanings.
They considered innovation and creativity as one manifestation of conceptual blending. In yet another account, Mednick
(1962) described creativity as “the forming of associative elements into new combinations which either meet specified
requirements or are in some way useful” (p. 221). In a similar vein, studies of analogical reasoning provide evidence
that discovering connections between remote concepts can
prompt creative insights (Dunbar, 1995; English, 2004; Gick
& Holyoak, 1980; Holyoak & Thagard, 1996; Pólya, 1990).
Finally, in the mathematician Poincaré’s poetic description
(1913), creativity involves recognizing an “unsuspected kinship between other facts, long known, but wrongly believed to
be strangers to one another” (p. 386). In other words, creative
insight doesn’t necessarily require a new fact. Instead, ideas
that were previously treated separately are suddenly brought
into conversation, combined, seen as connected.

Figure 1: Insight as a combinatorial process. (A, B)
Schematic illustration of combinatorial insight. Nodes represent ideas. Edges represent directed connections among
ideas, with edge width indicating how frequently the connection is made, and shading indicating the direction of the connection (from light to dark). Prior to the insight (left panel),
the same connections are explored, while others are not considered at all. After the insight (right panel), a novel connection is discovered (blue edges), and this productive combination of ideas is explored while older combinations are abandoned. (C, D) Combinatorial insight by a mathematician in
the video corpus. Nodes represent inscriptions on the blackboard. Edges indicate shifts of attention between inscriptions,
with edge width indicating empirical frequency. Prior to the
insight (left panel), some inscriptions were never connected
by the mathematician. After the mathematician experienced
an insight (right panel), they more frequently linked inscriptions that before were only weakly connected (e.g., 2 and 3),
and created new links between inscriptions that had been totally disconnected.

But what about genuine mathematical discovery?
As evident from the brief review above, many scholars —
and self-reflective creative individuals such as Poincaré —
have pointed to the multi-stage and combinatorial nature of
insight. Empirical evidence for these proposals has typically come from simple tasks in artificial, lab-based settings
(Stephen, Boncoddo, Magnuson, & Dixon, 2009; Duncker,
1945; Knoblich, Ohlsson, Haider, & Rhenius, 1999; Chesebrough, 2021; Bieth et al., 2021). This raises the question of
whether this account actually extends to more complex, realworld feats of discovery.
When scholars have examined insight among scientific and
mathematical experts, they have mostly relied on anecdote
(Poincaré, 1913), self-report (Hadamard, 1954), or a zoomed
out analysis of the long sweep of history (Simonton, 2021,
1999).
The moment-to-moment work of mathematics is material
and messy. Mathematicians write, scribble, draw, sketch.
Then they elaborate, erase, gesture toward, and interpret
those inscriptions (Barany & MacKenzie, 2014; Greiffenhagen, 2014; Marghetis, Samson, & Landy, 2019; Goldstone,
Marghetis, Weitnauer, Ottmar, & Landy, 2017). This embodied activity—in which mathematicians literally use their bodies to advance their thinking—is a core part of doing mathematics at the highest levels. In a study of mathematical practice, one mathematician described a near-total dependence on
paper and pen: “Of course you could train yourself to do it
mentally [...] but this is not how you work. This is not how I
work. When I work, I write things down on a piece of paper”
(Johansen & Misfeldt, 2020, p. 3726). Another dismissed entirely the possibility of solving problems in his mind alone:
“No, no. You write. . . You write. . . You write” (p. 3726).
For the working mathematician, therefore, writing is integral

to the process of discovery.
So, what does discovery look like in the moment-tomoment dynamics of the mathematicians’ struggle at the
blackboard?

The present study
To study the process of creative insight in expert mathematicians, we relied on the centrality of inscription in mathematical practice. Expert mathematicians write extensively, sometimes with pen or pencil, but often with chalk at a blackboard
(Barany & MacKenzie, 2014; Greiffenhagen, 2014; Wynne,
2021).
We examined spontaneous insights experienced by expert
mathematicians as they worked on non-trivial problems in
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their natural habitat—that is, with chalk in hand at the blackboard. We identified moments of insight expressed by the
mathematicians (e.g., a mathematician exclaims, “Aha!”). We
also tracked where they were attending as they worked, based
on their gaze, gesture, writing, and speech. We could thus
examine how mathematicians changed their interactions with
their inscriptions around the moment of insight. This design
allows us to investigate expert mathematical creativity as it
occurs in an ecologically valid setting.
If multi-stage models of creativity are correct, mathematicians should engage in different patterns of activity. During the early “preparation” stage, mathematicians might create new inscriptions, externalizing their ideas and creating
an “ecosystem” of blackboard inscriptions (Marghetis et al.,
2019). If the “insight” stage involves the discovery of novel
combinations, mathematicians experiencing an insight might
shift their pattern of interactions, the way they shift their
attention among inscriptions (Fig. 1, A and B). Previously
unrelated inscriptions might suddenly become linked for the
mathematician, with attention shifting back and forth. Previously linked inscriptions might no longer seem related at all.
A period of insight, therefore, might manifest in the mathematicians’ embodied1 activity at the blackboard.

These were chosen to be non-trivial but approachable for
PhD-level mathematical experts. The mathematicians were
encouraged to verbalize their reasoning while working on the
proof, but otherwise were left to their own devices. Each
mathematician worked for up to an hour, moving on to a new
conjecture when they either felt they had proved the current
conjecture or did not know how to make further progress.
For the analyses here, we included only those mathematicians who attempted both conjectures 2 and 3 (N = 6). This
subset of the corpus consisted of twelve proof sessions lasting
a total of 4 hours and 5 minutes.

Video Analysis
One researcher, blind to our hypotheses about mathematical
insight, coded every time a mathematician directed their attention toward a blackboard inscription, whether by creating
a new inscription or by shifting their attention to an existing
inscription. Shifts of attention were inferred from mathematicians’ gaze,2 gesture, speech, writing, or the act of erasing
an inscription (Fig. 2, A and B). This generated a time series of “events” in which mathematicians shifted their attention among inscriptions. Distinct inscriptions were identified
based on two criteria: semantic relatedness and spatial proximity. For example, the different parts of a graph—e.g., two
axes, axes labels, the line representing the function—would
be treated as a single inscription.
A second coder identified, from the video, every time that
a mathematician verbally expressed that they were having an
insight (e.g., saying “aha!” or “ohhhhhh, I see”). We identified a total of 24 insights in the corpus.
Previous work has suggested that the insight process can
begin prior to its verbal expression (the “flash” of insight)
and can continue for some time after (Wallas, 1926; SadlerSmith, 2015). We, therefore, analyzed the periods immediately before and after the moment of the verbal expression
of the insight. Inspection of the video corpus suggested that
one-minute periods (before and after) would capture the pace
at which mathematicians progressed through their reasoning.
A sensitivity analysis confirmed that our results do not depend on the choice of this specific duration.

Methods
Video Corpus
We used a subset of a video corpus of PhD-level mathematical experts working on non-trivial problems. This corpus
(total corpus length: 4 hours and 40 minutes) was collected
by Marghetis et al. (2019) to study mathematical reasoning
as it occurs in its natural context: in the Math department,
working at a blackboard. Participants (hereafter, “mathematicians”) were completing their PhD in mathematics at an R1
research university, were recruited via email, and were compensated for their participation.
They were presented with up to three conjectures that they
were asked to prove. The conjectures were selected from
William Lowell Putnam Mathematics competition and included various topics, such as set theory, geometry, and analysis:

Quantifying novelty of connections

1. Find an uncountable subset, S, of the power set of a countable set, such that the intersection of each pair of elements
in S is finite.

3. Let d1, d2, . . . d12 be real numbers in the interval (1, 12).
Show that there exist distinct indices i, j, k such that di, dj,
dk are the side lengths of an acute triangle.

When mathematicians shifted their attention from one inscription to another, this event could range in novelty. Mundane events involved shifts of attention between inscriptions
that had been connected previously. Novel events connected
inscriptions that had not previously been connected. To quantify the novelty of these connections, we used a measure from
information theory, surprisal, that quantifies how unexpected
or informative an event is.
We calculated the surprisal of each shift of attention relative to the shifts that had occurred previously in the proof

1 Here, we use the word “embodied” to refer to the actual use
of the body—to gesture, write, etc.—rather than to the activation of
sensorimotor brain areas.

2 Shifts of attention through gaze were inferred by the coder from
the video. To maximize ecological validity, we did not use eye tracking technology.

2. Let f : R2→R be a function such that f(x, y) + f(y, z) +
f(z, x) = 0 for all real numbers x, y, and z. Prove that there
exists a function g: R→R such that f(x, y) = g(x) - g(y) for
all real numbers x and y.
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Figure 2: Illustration of mathematicians’ inscriptionmaking behavior and shifts of attention across inscriptions. (A) Screen capture of a mathematician working at the
blackboard. Inscriptions are identified by numbered squares.
As the mathematician worked on the proof, he created new
inscriptions and shifted his attention between existing ones.
(B) Two pictures are blended to illustrate the mathematicians’ shift of attention from one inscription to the next. The
shifts of attention were identified based on mathematicians’
inscription-making behavior, gesture, gaze, and speech.

Figure 3: The probability of creating a new inscription
when interacting at the blackboard was lowest in the period immediately before a flash of insight. The vertical axis
represents the proportion of blackboard interactions that introduced a new inscription. Non-insight events, in red, did
not occur near a flash of insight. Insight, in teal, was divided
into pre-insight (the period immediately before the flash of
insight) and post-insight (the period immediately after). Dots
indicate means; error bars indicate SEM. (* = p < .05)

session.3 For the i-th shift of attention, si , we calculated the
probability transition matrix, Pi , of all shifts of attention that
had occurred up to and including that moment. We then calculated the surprisal, h, of the shift of attention si :
h(si ) = − log2 Pi (si )

to all other times during the session. Finally, we included an
interaction between these two to account for events that were
sandwiched between two back-to-back flashes of insight.4 To
account for variability among individuals and conjectures, we
included random intercepts for sessions.
Mathematicians were significantly less likely to create new
inscriptions as the session continued (b = −.053 ± .009 SE,
Z = −5.437, p < .001). Critically, they were also less likely
to create new inscriptions in the one-minute period before the
flash of insight, compared to periods away from the insight
(b = −0.73 ± 0.298 SE, Z = −2.44, p = .014). New inscriptions were numerically but not significantly less likely
to occur in the one-minute period after the flash of insight
(b = −0.23 ± 0.24 SE, Z = −0.94, p = .34). The interaction
was not significant (b = 0.33 ± 0.64 SE, Z = .52, p = .60).
These results were robust to different choices of the duration
of the window before and after the flash of insight, ranging
from 45 seconds to 75 seconds. The production of new inscriptions, therefore, dropped off significantly in the period
leading up to a flash of insight.

(1)

Surprisal thus ranges from 0 to ∞, with 0 indicating that the
current shift of attention was identical to all previous shifts,
and greater values indicating that the shift was unlikely given
all previous shifts.

Results
Decreased introduction of new inscriptions before
the flash of insight
Mathematicians were most likely to introduce new inscriptions when they were not experiencing an insight (Fig. 3).
We calculated the probability that a blackboard interaction involved the introduction of a new inscription (rather than, say,
a shift of attention to an existing inscription). The probability
was lowest in the one-minute period before a flash of insight
(M = .035, SE = .011), and highest when they were not near
an insight at all (i.e., not in the one-minute periods before or
after a flash of insight; M = .074, SE = .009).
We constructed a mixed effects logistic model of whether
each blackboard interaction event involved the creation of a
new inscription. The model included a fixed effect for time in
minutes. It also included fixed effects for whether the event
was in the period immediately before the flash of insight, another for whether the event was in the period immediately
after the flash of insight. These fixed effects thus compare
the periods immediately before or after the flash of insight,

Increased surprisal of connections during insight
Mathematicians made significantly more novel connections
during periods of insight, both immediately before and after expressing the flash of insight (Fig. 4). This is illustrated
in the bottom panels of Figure 1. Here we see the way an
actual mathematician in the corpus shifted their attention between inscriptions both before and during an insight. The
right panel, (D), shows the mathematician’s activity in a twominute period centered around a flash of insight. The left
panel, (C), shows the two-minute period before that. Notice

3 This

4 This

approach is similar to analyses of language in which the
surprisal of words or phrases is calculated relative to the preceding
discourse context (Levy, 2008; Hale, 2003; Kuznetsova, Chen, &
Choi, 2013).

interaction term thus accounted for cases where mathematicians experienced two insights within a brief period of time,
such that the one-minute period after the first insight would overlap
with the one-minute period before the second.
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that, during the insight, some old connections (edges) that
were infrequent (thin) are now more frequent (thick), and they
are even new connections that did not exist previously (blue
edges). In this case, therefore, the flash of insight was accompanied by a period of novel, unexpected connections between
inscriptions.
This was true in general. Mathematicians’ shifts of attention between inscriptions were most predictable when they
were not experiencing an insight (surprisal: M = 1.98, SE =
.09). By contrast, in the one-minute periods both before
and after the flash of insight, they made shifts of attention
between inscriptions that were more unexpected (Mbe f ore =
2.14, SE = 0.12; Ma f ter = 2.19, SE = .09).
We constructed a linear mixed effects model of the surprisal of each shift of attention. Like the model of new inscriptions described above, this model included fixed effects
for time, for whether the event was in the period before the
flash of insight, for whether the event was in the period after the flash of insight, and for the interaction between these
latter two. We added a fixed effect for whether the event involved introducing an entirely new inscription, since these
would have higher surprisal by definition. Once again, we
included random intercepts for sessions.
Surprisal increased over the course of the session, with
a .06 increase in surprisal for every passing minute (b =
.06 ± .003 SE, t = 19.6, p < .01). Unsurprisingly, shifts of
attention to entirely new inscriptions had significantly higher
surprisal (b = .67 ± .08 SE, t = 7.89, p < .01). Critically, surprisal was significantly greater in the one-minute periods both
immediately before the flash of insight (b = .19 ± .08 SE,
t = 2.34, p = .02) and immediately after the flash of insight
(b = .23 ± .08 SE, t = 2.89, p < .01). The interaction was not
significant (b = −.27 ± .18 SE, t = −1.54, p = .12). These
results were robust to different choices of the duration of the
window before and after the flash of insight, ranging from
45 seconds to 75 seconds. Mathematical insight, therefore,
was associated with making more novel connections among
inscriptions.

Figure 4: Mathematicians made more unexpected connections during an insight. The vertical axis represents the surprisal of shifts of attention between inscriptions. Non-insight
shifts of attention, in red, did not occur near a flash of insight. Insight, in teal, was divided into pre-insight (the period
immediately before the flash of insight) and post-insight (the
period immediately after). Dots indicate means; error bars
indicate SEM.(* = p < .05, ** = p < .01)

ses of the products of expert inquiry (Simonton, 2021). Here,
we leveraged a naturalistic corpus to study insight as it occurs
in the chalky, material, furniture-cluttered world of mathematical activity. We see this work as a complement to—and
extension of—the anecdotes and introspection of mathematicians (Poincaré, 1913; Hadamard, 1954).

Stage-based theories of insight
Our results provide evidence for stage-based theories of creativity. On one influential account, creativity involves four
stages: preparation, incubation, illumination, and verification
(Wallas, 1926). The illumination stage, in particular, often
gets the most attention, since it is associated with the “aha!”
moment itself. When mathematicians in our corpus expressed
verbally that they’d had an insight, this general period presumably corresponded to their “illumination” stage. Some
have argued that illumination begins even before we become
aware of it (Sadler-Smith, 2015; Wallas, 1926), and this was
borne out in our data: Mathematicians began making more
novel connections even before they expressed their insight
verbally.
Illumination is supposed to follow preparation and incubation, and precede verification. While our data do not allow
us to distinguish these stages in the mathematicians’ activity,
we presume that preparation and incubation corresponded to
the period before they began to experience illumination. This
is given credence by the pattern of inscription creation. In
general, more inscriptions were created toward the start of
the session, and there was a drop in new inscriptions right
before the flash of insight. This suggests that mathematicians front loaded their inscription-making as they familiarized themselves with the conjecture, thus preparing themselves for insight by crafting a “notational niche” conducive
to their proof-making efforts (Marghetis et al., 2019; Menary,
2015).

Discussion
In an analysis of a video corpus of expert mathematicians, we
found evidence that preparation and insight were associated
with different patterns of blackboard interaction. Mathematicians introduced fewer new inscriptions in the moments before a flash of insight. Insights were associated with shifts
of attention between blackboard inscriptions that were more
unpredictable, as measured by surprisal. These results are in
line with multi-stage and combinatorial models of creativity,
in which reasoners initially prepare for insight by introducing
elements that might be useful, and then arrive at insights by
making novel connections between those elements.
While early accounts of mathematical insight were foundational for the scholarly study of creativity, subsequent empirical work on creativity has tended to focus on artificial lab settings (Stephen, Boncoddo, et al., 2009) or zoomed out analy-
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Inside the skull, or out in the world?

the blackboard retain their luster even if they’ve been forgotten temporarily by the mathematician. Once externalized, ideas are easy to connect—not by laboriously bringing
them together in working memory—but by linking them in
the external world with gestures or movements of the eyes
(Goldin-Meadow, Nusbaum, Kelly, & Wagner, 2001; GoldinMeadow, 2004; Cook, Friedman, Duggan, Cui, & Popescu,
2017). Old ideas can be rediscovered with a single glance.
New connections can be discovered by accident (Kirsh, 2014)
as one’s hands and eyes are drawn across the blackboard. And
with ideas strewn across the blackboard, it becomes easier for
the mathematician to connect a new thought—not yet externalized as an inscription—to the stable external record of all
the other ideas currently in play. It’s easier to hold a single
idea in working memory, after all, than to hold two while
trying to discern their kinship. The web of relations among
brain, body, and the broader material world invites an account
of mathematical creativity that does not restrict insight to the
confines of the mathematician’s skull.

Writing is at the core of mathematical practice. This was impossible to ignore in the ecologically valid setting we investigated here, where the creation and manipulation of inscriptions were ubiquitous. All six mathematicians made abundant
inscriptions during proof generation, and their insights were
associated with changing interactions with those inscriptions.
How should we think of the relationship between these interactions and the insight process itself?
One approach is to consider mathematicians’ external interactions with inscriptions as merely a proxy for their brainbased mathematical reasoning. On this account, creative insights occur within the skull and are only later projected onto
the blackboard. This approach is in line with accounts that attribute creative insight primarily to the unconscious mind—
where, perhaps, mathematical concepts bounce around like
atoms, in hope of finding a useful connection (Poincaré,
1913).
On the other hand, creating and interacting with inscriptions might be a constitutive part of the reasoning process
(Clark, 2008; Goldstone et al., 2017; Hutchins, 1995, 2005;
Johansen & Misfeldt, 2020; Marghetis et al., 2019; Menary,
2007). Interactions with the external world of inscriptions
might actively contribute to the discovery of new connections.
Our observational data cannot decide between these approaches. But we find the latter, embodied approach more
plausible, more fruitful, and a more natural fit to the fleshy,
chalky activity that we observe. Past work has found that,
when participants are trying to solve a simple lab-based puzzle, the moment of insight is preceded by changes in the entropy of eye movements and gestures (Stephen, Boncoddo,
et al., 2009; Stephen, Dixon, & Isenhower, 2009), as if the
process of discovery is reflected in the entire embodied organism, not just confined to the brain. Other work has found
that even slight modifications of inscriptions can affect mathematical perception, performance, and reasoning, as if the inscriptions themselves were playing an active role (Goldstone,
Landy, & Son, 2010; Goldstone et al., 2017; Landy & Goldstone, 2010). In addition, previous research has established
a link between embodied mathematical practice and more effective teaching and learning of mathematics (Abrahamson,
Dutton, & Bakker, 2022; Abrahamson et al., 2020; Alibali & Nathan, 2012; Cook & Goldin-Meadow, 2006; Edwards, 2009; Flood, Shvarts, & Abrahamson, 2020; GoldinMeadow, Cook, & Mitchell, 2009; Hall & Nemirovsky, 2011;
Lakoff & Núñez, 2000; Nemirovsky & Ferrara, 2009; Novack, Congdon, Hemani-Lopez, & Goldin-Meadow, 2014;
Núñez, 2008; Núñez, Edwards, & Matos, 1999; Richland,
Zur, & Holyoak, 2007). Here, we showed that mathematical
creativity is reflected in the interactions between the mathematician’s body and the external world, in line with embodied
accounts of mathematical cognition.
Indeed, shifts of attention among external inscriptions may
be the cause, not the effect, of insight. While ideas in memory fade when not under the spotlight of attention, ideas on

Conclusion
More than a century ago, the mathematician Henri Poincaré
(1913) proposed an analogy between insight and a cloud of
atoms. Just as the atoms dance around, meeting and joining
to create new compounds, mathematical facts bounce around
in our minds, combined in a variety of ways, until eventually a connection is made that is both novel and illuminating. An evocative metaphor, certainly. But since then, data
on the actual process of expert mathematical creativity has
been sorely lacking. Here, we studied insight as it emerges
from the moment-to-moment activity of expert mathematicians in their natural habitat: generating proofs in their office
or a seminar room, using chalk and blackboard. As predicted,
the mathematicians’ insights were multi-stage and combinatorial. They prepared by adding inscriptions to the blackboard. And then the insight itself involved novel, unexpected
connections between inscriptions. Even at the pinnacle of abstraction, at the highest levels of expertise, new ideas emerge
when the body discovers “unsuspected kinship” among ideas
(Poincaré, 1913).
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unfelt. However, participants in empirical studies seem
willing to ascribe unfelt pains to people (Sytsma, 2010). For
example, a majority of people believe a wounded soldier to
have a pain even if he does not feel any pain (Reuter &
Sytsma, 2020). These results support the Bodily View – the
view that the concept of pain denotes a bodily state.
According to this view, a person cannot have a pain without
their body being disrupted, disturbed, or damaged,
irrespective of whether they feel such bodily state. Other
studies, however, seem to challenge the Bodily View:
participants are willing to ascribe pain in scenarios in which
people feel pain in the absence of a corresponding bodily
state. For example, a majority of people believe a person to
have pain when they report feeling pain after direct
stimulation of their brain without any (non-brain) bodily
changes taking place (Salomons et al., 2021).
While vignette-based studies constitute the most prominent
method to investigate the folk concept of pain1, they face two
limitations. First, existent vignette-based studies largely
neglect the first-person perspective. Instead, most vignettes
describe scenarios in which pain is ascribed to a third person.
This focus fails to account for the intuitively most frequent
and most relevant uses of pain terms in which people attribute
pains to themselves and express this judgment to others. A
better understanding of the use of the folk concept of pain in
this context proves most crucial, as first-person pain reports
are especially important in the communication between
patients and medical professionals (Salomons et al., 2021;
Goldberg et al., 2022).
Second, vignette studies are designed to decide between
the Feeling and the Bodily View. Therefore, the vignettes
describe situations that appear rather unusual, namely a
person with heavy bodily damage but no experience of pain,
or a person who is feeling pain but has no bodily disruption.
In our ordinary life, these things are expected to go together.
Testing such extreme cases and pulling apart properties that
usually go together in everyday life has been argued to
disrupt people’s competence in applying even familiar
concepts (Machery, 2017). Thus, the contextualization of the

Abstract
The last ten years have seen a steady increase in vignette-based
research investigating the folk concept of pain. That research
challenges the standard view of pain, according to which pains
are unpleasant feelings. However, the results of these studies
also suggest that the concept of pain is ambiguous and difficult
to pin down. This paper approaches the topic from a new angle,
using linguistic tests to decipher what people communicate
when making statements such as ‘I have a pain in my arm’. The
results suggest that first-person pain reports semantically entail
information about both an unpleasant feeling and a disruptive
bodily state. This speaks in favor of a pluralist view on the
semantic meaning of pain.
Keywords: folk concept of pain; bodily states; feeling pain;
pluralist view; deniability test; projection test

1. Introduction
The concept of pain seems paradoxical as it points in two
mutually exclusive directions (Hill, 2006). On the one hand,
the standard view in both the medical sciences and
philosophy claims that pain is an “unpleasant sensory and
emotional experience” (Raja et al., 2020), i.e., a feeling that
is private and subjective (Aydede, 2009; Tye, 2005). On the
other hand, we seem to treat pains as bodily states such as
bodily disruptions that are commonly considered public and
objective (Kim et al., 2016; Massin, 2017; Reuter, Phillips, &
Sytsma, 2014; Reuter & Sytsma, 2020). Given that these two
conceptions of pain are commonly taken to exclude each
other, scholars disagree about how to define the concept of
pain for further philosophical investigations (Coninx, 2020;
Corns, 2020).
Most definitions of pain aim to capture the folk concept of
pain. Thus, it seems vital to collect empirical data on what
laypeople mean when using the term ‘pain’. Vignette-based
experiments have been increasingly used to study the folk
concept of pain (e.g., Reuter et al., 2014; Reuter & Sytsma,
2020; Salomons et al., 2021; Sytsma, 2010). Several of these
studies have challenged the Feeling View, according to which
the folk concept of pain refers to a subjective experience. One
direct consequence of that view is that pains cannot exist
1 While vignette-based studies have dominated the empirical
investigation of the folk concept of pain, there are also corpus-based
studies on pain reports (e.g., Lascaratou, 2007; Reuter, 2011;
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Sytsma & Reuter, 2017). Further, Michelle Liu (2021b) uses
linguistic methods to test for the ambiguity of pain-related words
such as ‘sore’, ‘aching’, and ‘hurting’.

In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

vignettes may strongly bias people’s responses and shift them
in the direction of the Bodily or the Feeling View respectively
(Borg et al., 2020).
We believe that a new experimental approach is needed to
identify the contributions of feeling and bodily aspects to the
folk concept of pain. This paper uses three linguistic tests to
examine what people communicate when making firstperson pain reports, such as ‘I have a pain in my arm.’ In
Section 2, we explain these linguistic tests in greater detail.
Section 3 reports the results of an experiment (N=262) using
the Implication and Projection Test, while Section 4 delivers
the results of a study (N=408) using the Deniability Test. In
Section 5, we discuss the limitations of our study and
compare our results with the existing data on the folk concept
of pain. Taken together, our results point to a Pluralistic View
of pain.

Table 1: Prediction for Implication, Projection, and
Deniability for Semantic Entailment (SE), Presupposition
(Presup), and Conversational Implicature (CI).
Implication
Semantic
Entailment (SE)
Presupposition
(Presup)
Conversational
Implicature (CI)

Projection

Deniability












/





/



First, we need to find out, whether a certain claim can be
inferred at all and is, thus, an implication. Of course, many
claims, e.g., ‘Tom likes flowers’, cannot be inferred from
Tom’s original statement. The Implication Test simply asks
people whether a certain content can be inferred from the
original statement (Grice, 1975; see also, Blome-Tillmann,
2013). Both, semantically entailed as well as presupposed
target content should always be inferred by competent
speakers who understand the meaning of the statement and
terms involved. Conversational implicatures, on the other
hand, only have the disposition of being inferred. Depending
on the context and assumptions about the speaker’s
intentions, they are more or less likely to be inferred.
Second, to determine whether the target content is
semantically entailed or instead presupposed, we need to run
the Projection Test (e.g., Levinson, 1983; Chierchia &
McConnell-Giet, 2000; Huang, 2006). The Projection Test
asks people whether a certain content can be inferred when
the original statement is embedded in an entailment canceling
operator, such as negation. For example, if a certain target
content is presupposed by Tom’s statement, then people
should also infer that content when the initial statement is
negated. From ‘I don’t regret drinking instant coffee this
morning’, we can still infer ‘Tom drank instant coffee this
morning’, whereas ‘Tom has a negative feeling about having
drunk instant coffee’ certainly can no longer be inferred.
Finally, we can distinguish semantically entailed and
presupposed content from conversationally implicated
content by running the Deniability Test3. In the Deniability
Test, participants are asked how contradictory it sounds to
deny or cancel the target content (for an application of this
test, see e.g., Reins & Wiegmann, 2021). Conversationally
implicated content can be denied. If Tom were to say ‘I regret
drinking instant coffee this morning’ but then denies that he
prefers freshly-brewed coffee, he does not contradict himself.
In contrast, if Tom says: ‘I regret drinking instant coffee this

2. An Experimental-Linguistic Approach
The debate on the folk concept of pain primarily revolves
around the question of what the semantic content of the
concept of pain is. A promising starting point to understand
the semantic content of a term is to examine what the term
communicates when uttered. We can distinguish at least three
different kinds of content that can be communicated: (i)
semantically entailed content; (ii) presupposed content; (iii)
conversationally implicated content. Suppose, for instance,
that Tom says ‘I regret drinking instant coffee this morning’2.
Let us further consider the following three claims:
(a) Tom has a negative feeling about having drunk
instant coffee.
(b) Tom drank instant coffee this morning.
(c) Tom prefers freshly-brewed coffee.
While all three claims might be inferred by Tom’s
statement, these inferences are different in kind. Claim (a)
expresses (at least in part) what is meant by Tom’s statement
and thus it is semantically entailed by it. Claim (b) does not
express what is literally said by Tom’s statement, but rather
what is presupposed by it. If Tom hadn’t drunk instant coffee,
it would not even make sense to say that he regrets drinking
coffee. Finally, claim (c) neither expresses what is literally
meant by Tom’s statement, nor what is presupposed to make
sense of the statement. Rather, it is conversationally
implicated. This inference can be made, depending on the
context, but it is inferred beyond what is literally said.
Linguists have devised tests to determine whether a certain
content, hereafter target content, is semantically entailed,
presupposed, or conversationally implicated. To make such a
determination, we need to run three tests. These are the
Implication, Projection, and Deniability Tests.
2

We owe this example to Pekka Väyrynen (2013, p. 60).
A more common test is called Cancellability Test and goes back
to Grice (1975; see also Davis, 2019; Zakkou, 2018). The
Cancellability Test asks whether an original statement, triggering an
implication, can be combined with the immediate and explicit denial
of that implication, e.g., ‘This is round, but I do not mean to say that
it has no edges.’ For an application of this test in experimental

studies, see Almeida, Struchiner, & Hannikainen (2021),
Baumgartner, Willemsen, & Reuter (2022), and Willemsen &
Reuter (2021). The Deniability Test also investigates whether an
implication can be taken back by the speaker but does so in more
elaborate conversational settings (see the experimental design
below). For the purpose of experimental studies, the Deniability
Test usually provides a more natural conversational context.

3
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morning’ but denies that he has a negative feeling about
drinking instant coffee, his statement is indeed contradictory.
Table 1 summarizes these predictions.
In Section 1, we introduced the main positions in the
debate on the meaning of the concept of pain. To investigate
the apparently contrasting body and feeling components, we
phrased the target contents as follows:

In the regret condition, participants were presented with one
of the following two statements:
‘I regret drinking instant coffee this morning.’ (Regret Positive)
‘I don’t regret drinking instant coffee this morning.’ (Regret
Negative)

The positive embeddings were used to test which target
contents are calculable by the original pain or regret
statement. The negative embeddings were used to investigate
projection behavior and thus distinguish target contents that
are presupposed from those that are not (see Section 2). All
participants were then presented with the following prompt:
‘From this statement alone and having no other information,
what do you infer from this statement?’ Participants provided
their agreement on a 9-point Likert scale, ranging from ‘1 =
cannot be inferred’ to ‘9 = can be inferred with certainty.’ In
the embeddings for the pain condition, Pain Positive and
Pain Negative, subjects were presented with the following
target contents in randomized order:

There is something physically wrong with Tom’s arm.
Tom thinks that there is something physically wrong with
his arm.4
Feeling: Tom feels something unpleasant.5
Body1:
Body2:

We are now in a position to state the predictions that the
Bodily View and the Feeling View would make in regards to
the first-person pain statement ‘I have a pain in my arm’.
Bodily View: Whereas Body1 (& Body2) is semantically
entailed, Feeling is at most conversationally implicated by
the pain statement.
Feeling View: Whereas Feeling is semantically entailed,
Body1 (& Body2) is at most conversationally implicated by
the pain statement.

Body1:
Body2:

There is something physically wrong with
Tom’s arm.
Tom thinks that there is something physically
wrong with his arm.
Tom feels something unpleasant.
Tom needs help.
Tom has an arm.
Tom likes flowers.

Given the accounts advocated by Borg et al. (2020), Liu
(2021a, 2021b), or Corns (2020), we might also state a third
possibility, although this possibility does not follow directly
from these accounts.

Feeling:
CI_Pain:
Presup_Pain:
Unrelated:

Pluralist View: Both, Body1 (& Body2) and Feeling are
semantically entailed by the pain statement.

In Regret Positive and Regret Negative, subjects were
presented with the following statements in randomized order.

The three tests we discussed above, namely the Implication
Test, Projection Test, and Deniability Tests can inform us
which implications are in fact semantically entailed, and thus
to investigate which of the three views is supported by these
linguistic tests. As the Implication and Projection Test are
closely related, we decided to run them together in one
experiment, the results of which we now present. To make
sure the experiments were well-designed, we included the
regret condition as a control condition.

Neg_Feeling:
Wish:
CI_Regret:
Presup_Regret:
Unrelated:

Tom has a negative feeling about drinking
instant coffee this morning.
Tom wishes he had not drunk instant coffee this
morning.6
Tom prefers freshly-brewed coffee.
Tom drank instant coffee this morning.
Tom likes flowers.

Based on some pilot studies, we pre-registered the
following hypotheses:
(H1)
For the target contents Body1, Body2, and Feeling,
as well as Neg_Feeling and Wish, agreement ratings are
significantly above the midpoint of ‘5’ for the positive
embeddings and significantly below the midpoint for the
negative embeddings.

3. Study 1: Implication and Projection
3.1. Methods and Hypotheses
In Study 1, we first presented participants with a singlesentence stimulus. In the pain condition, participants read one
of the following two statements:

(H2)
For the target contents Presup_Pain and
Presup_Regret, ratings are significantly above the midpoint
for both embeddings, positive and negative.

‘I have a pain in my arm.’ (Pain Positive)
‘I don’t have a pain in my arm.’ (Pain Negative)

4 We tested the bodily condition in two ways to ensure that both
objective information about the body’s state and subjective
information about the speaker's thoughts about their body’s state
were accounted for. With the statement ‘I have pain in my arm’, the
speaker could be communicating both that their body is in a
disruptive state, or that they believe this to be the case.
5 The exact phrasing of the statements is, of course, debatable.
Whereas Feeling seems to be simple and clear enough, there is little

agreement in the literature on which bodily state can be identified as
the target content. We, therefore, decided to go with a suitably
general description of a bodily disruption.
6 Similar to the pain condition, we also tested two target contents
(Neg_Feeling and Wish) that are likely to be semantically entailed
by the regret statement.

390

(H3)
For Unrelated, ratings are significantly below the
midpoint for both embeddings, positive and negative, in the
pain and regret condition.

negative embedding. The mean result for the conversational
implicature (CI_Regret) was higher than the unrelated
content but lower than the midpoint.

No predictions were made for CI_Pain and CI_Regret as they
come into focus in Study 2.7
262 participants were recruited via Prolific and completed
an online survey implemented in Qualtrics. All participants
were required to be at least 18 years old, English native
speakers (or bilingual), and have an approval rate of at least
95%. The participants had an average age of 38.47 years and
the gender distribution in the sample was 115 male, 141
female, and 6 non-binary.

Table 3: Implication and Projection Test for
Regret Positive (upper part) and Regret Negative (lower part).

3.2. Results
The results of the Implication and Projection Test for all
conditions can be found in Table 2 (pain condition) and Table
3 (regret condition).
Table 2: Implication and Projection Test for
Pain Positive (upper part) and Pain Negative (lower part).
Condition
Body1
Body2
Feeling
CI_Pain
Presup_Pain
Unrelated

Mean
6.22
6.94
8.19
5.84
8.90
1.31

StdErr
0.291
0.258
0.149
0.260
0.043
0.161

t
4.210
7.528
21.403
3.213
90.086
-22.918

p-value
< 0.001
< 0.001
< 0.001
= 0.002
< 0.001
< 0.001

Body1
Body2
Feeling
CI_Pain
Presup_Pain
Unrelated

3.03
2.97
3.12
2.91
8.33
1.55

0.304
0.301
0.331
0.307
0.186
0.218

-6.486
-6.733
-5.690
-6.801
17.907
-15.800

< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001

Mean
8.10
8.04
4.22
8.66
1.90

StdErr
0.213
0.227
0.318
0.145
0.272

t
14.588
13.443
-2.439
25.201
-11.429

p-value
< 0.001
< 0.001
= 0.017
< 0.001
< 0.001

Neg_Feeling
Wish
CI_Regret
Presup_Regret
Unrelated

2.06
1.83
3.20
8.61
1.42

0.233
0.221
0.302
0.156
0.186

-12.592
-14.341
-5.961
23.187
-19.244

< 0.001
< 0.001
< 0.001
< 0.001
< 0.001

3.3. Discussion
In the pain condition, we investigated three candidates for
semantically entailed content (Body1, Body2, Feeling). The
data suggest that both a bodily component (Body1, Body2),
as well as a feeling component (Feeling) are implicated, but
not presupposed by the claim ‘I have a pain in my arm.’
Furthermore, presupposed content (Presup_Pain) was rated
according to the conditions for being presupposed. Unrelated
content was not inferred by the pain statement.

4. Study 2: Deniability
4.1. Methods and Hypotheses
This experiment uses a variation of the Cancellability Test,
also known as the Deniability Test. We adapted the paradigm
in the following way. We created a new version of the
Deniability Test, already used in the literature by Reins and
Wiegmann (2021). What is particularly useful about the
deniability paradigm is that it is already discursive, with two
speakers being involved. This is a context most natural to the
investigation of pain, as it is the kind of communicational
situation in which patients and doctors are involved. Here are
two examples to illustrate the design of the vignettes. 8

We ran one-sample t-tests to investigate whether the means
were significantly different from the midpoint of ‘5’. Our
results confirmed H1: All five statements (Body1, Body2,
Feeling, Neg_Feeling, and Wish) received ratings
significantly above the midpoint for the positive embedding
and below the midpoint for the negative embedding. The two
presupposition conditions (Presup_Pain and Presup_Regret)
received ratings above the midpoint for the positive and
negative claim, providing strong evidence for H2. The ratings
for the unrelated statement were below the midpoint for both
embeddings in the pain and regret condition, supporting H3.
The regret condition served as a control case to make sure
our experiment was well-designed. The results demonstrate
that (a) the putatively semantically entailed contents
(Neg_Feeling and Wish) were indeed implicated but not
presupposed; (b) the presupposed content (Presup_Regret)
satisfied the conditions for being presupposed; and (c) the
Unrelated content was neither implied by the positive nor the
7

Condition
Neg_Feeling
Wish
CI_Regret
Presup_Regret
Unrelated

Tom says to Sally: “I regret drinking instant coffee this morning.”
Sally responds:
“Oh, so you mean that you have a negative
feeling about drinking instant coffee this
morning.”
Tom responds:
“No, I don’t mean to say that. I have a positive
feeling about drinking instant coffee this
morning.”
Tom says to Sally: "I have a pain in my arm."
Sally responds:
"Oh, so you mean that you're feeling something
unpleasant in your arm?"
8

All hypotheses and tests were preregistered: https://osf.io/6jsv5

The conversations for all stimuli can be found in this online
repository: https://osf.io/qckud/files/
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Tom responds:

"No, I don't mean to say that. My arm feels
perfectly fine."

After participants were randomly assigned to one of 7
different conversations,9 they were then asked the question:
‘Does Tom contradict himself?’ Participants answered on a
9-point Likert scale from ‘1 = definitely not’ to ‘9 = definitely
yes’. We investigated the following hypotheses:10
(H4)
The target contents from Body1_C, Body2_C, and
Feeling_C, as well as the contents from Neg_Feeling_C and
Wish_C receive contradictions ratings significantly above the
midpoint of ‘5’.11
(H5)
The contents from CI_Pain_C and CI_Regret_C
receive contradiction ratings significantly below the midpoint
of ‘5’.

Figure 1: The violin plots show the distribution of the
responses for all seven target contents tested in Study 2.

We excluded two participants who failed both test
questions. The remaining 408 participants had a mean age of
38.75 years with 107 indicating male, 295 female, and 6 nonbinary gender.

4.3. Discussion
In the pain condition, Body1_C and Feeling_C received
ratings significantly above the midpoint, suggesting that both
contents are semantically entailed by the claim ‘I have a pain
in my arm’. While we do not have a fully satisfactory
explanation why the ratings for Body2_C were slightly
reduced, it is possible that the more complex description had
a negative effect on people’s ratings. Finally, CI_Pain_C
received low contradiction ratings, indicating that its content
is only conversationally implicated.

4.2. Results
The mean ratings and statistical results for each of the 7
conversations are listed in Table 4 and illustrated in Figure 1.
We conducted t-tests to examine for which conversations the
contradiction ratings were significantly above the midpoint
of ‘5’. Except for Body2_C, H4 was supported for all
conditions for which we expected high contradiction ratings.
Providing evidence for H5, both conversational implicature
conditions were significantly below the midpoint of ‘5’.
The regret condition worked again as expected. The target
contents from Neg_Feeling_C and Wish_C are considered to
be semantically entailed by the regret statement, whereas the
target
content
from
CI_Regret_C
seems
only
conversationally implicated, given the low contradiction
ratings of the respective conversation.

5. General Discussion
5.1. Summary of the Results
Our investigation aimed to provide a better understanding of
the folk concept of pain using a new methodological
approach, based on well-established linguistic tests. One of
the central questions is what the semantic content of the folk
concept of pain is. Three suggestions have been made in the
literature: first, that the semantic content is mostly about a
feeling, second, that it is about a bodily state, and third, that
the semantic content includes both components. To
experimentally address this question, we focused on firstperson pain reports. This should allow us to decide between
the Bodily View, Feeling View, and Pluralist View.
The results of Study 1 and Study 2 indicate that both bodily
and feeling components met our criteria for semantic
entailment, as outlined in Section 2 (see Table 5 for
illustration). First, the information that there is something
wrong with Tom’s arm, that Tom thinks that there is
something wrong with his arm, and that Tom has an
unpleasant feeling, are reliably inferred from Tom’s
statement ‘I have a pain in my arm.’ Second, these three
implications do not project when embedded in an entailmentcancelling operator. Participants no longer infer a bodily or

Table 4: Data for Deniability Study for the seven target
contents we tested.
Condition
Body1_C
Body2_C
Feeling_C
CI_Pain_C

Mean
5.95
5.56
7.27
1.22

StdErr
0.395
0.383
0.286
0.065

t
2.405
1.460
7.945
-57.846

p-value
= 0.010
= 0.075
< 0.001
< 0.001

Neg_Feel_C
Wish_C
CI_Regret_C

6.49
7.74
2.11

0.354
0.287
0.280

4.214
9.534
-10.357

< 0.001
< 0.001
< 0.001

9 We did not include the presupposed target contents and
unrelated target content from Study 1, because their identity was
already determined by the results of Study 1.

10 All hypotheses, tests, and exclusion criteria were preregistered: https://osf.io/kqnc8
11 In order to not confuse the stimuli of Study 2 with the stimuli
of Study 1, we labelled them with an extra ‘C’ for ‘conversation’.
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feeling component when Tom says ‘I don’t have a pain in my
arm.’ Third, the target statements cannot be denied when a
first-person pain report is made without yielding a
contradiction.
These results allow us to draw two conclusions about our
research. We start with some methodological remarks, after
which we put our research into a larger perspective.

of referred pain in which the location of a disturbance and the
felt location dissociate. Patients suffering from a heart attack
or spinal disc herniation often report pain in, e.g. their arm,
even though their arm is perfectly fine. Our two bodily
conditions might be inadequately formulated to address pains
of this sort. This issue might further explain the lower
contradiction ratings and wider distribution of responses in
the bodily conditions. In our opinion, this does not generally
speak against our experimental framework but underlines
once again the complexity of the folk concept of pain and the
methodological ingenuity needed for its investigation.

Table 5: Implication Test, Projection Test, and Deniability
Test for the statement ‘I have a pain in my arm’.
Implication
Body1
Body2
Feeling
Unrelated
Presup_Pain
CI_Pain









Projection









Deniability





5.3. Implications for the Folk Concept of Pain
The results of our studies might seem at first to provide
positive news for the Bodily View and the Feeling View.
Bodily and feeling components appear to be semantically
entailed in first-person pain statements. However, both views
seem to tell only half of the story while the Pluralist View
provides the most plausible account to explain our data.
Information regarding both a bodily disruption and an
unpleasant feeling seem to be communicated as part of the
semantic content of the folk concept of pain in first-person
pain reports. As such, the results of our study do not
contradict the results of previous vignette studies but
primarily complement them. That said, we need further
investigations into why the implications from third-person
vignette studies (e.g., Sytsma & Reuter, 2017, Reuter &
Sytsma, 2020) differ in important respects from the
implications of our studies using first-person pain reports.
In our studies, Body1 and Feeling turn out to be
semantically entailed. Both target contents satisfied our predefined criteria for when an implication counts as
semantically entailed. Ratings for Body2 are above the
midpoint but not significantly so. We recommend further
investigation into why the means are not higher. Second, the
statement about an unpleasant feeling is more strongly
inferred and elicits higher contradiction ratings. This is
evident in the mean response and response distribution of the
Deniability Test (see Figure 1). It is yet unclear how to
interpret this difference (but see our discussion on referred
pain above). How the bodily and feeling component exactly
relate to each other as part of the semantic content of the folk
concept of pain, e.g., whether one is more central than the
other, must be the subject of further investigation.
Finally, we would like to highlight that our studies
motivate the Pluralist View, giving up on the idea of a
univocal meaning of the folk concept of pain. Pluralistic
accounts come in multiple different flavors (Borg et al., 2020;
Coninx, 2020; Corns, 2020; Liu, 2021a, 2021b). Most likely,
not all of them are compatible with the combined results of
vignette-based and our linguistic studies. However, a
pluralistic approach is certainly more promising in predicting
that the bodily and the feeling component are both
semantically entailed in paradigmatic first-person pain
reports. This, of course, would suggest that the folk concept
of pain is not paradoxical but merely complex.



5.2. Methodological Remarks
Our investigations show that well-established linguistic tests,
namely the Implication, Projection, and Deniability Tests,
prove fruitful in their application to first-person pain reports.
The regret condition that served as our control confirms that
the experiments were well-designed. We consider this as an
innovative shift in the methodological access of the current
philosophical-experimental debate that can help us to identify
aspects of the folk concept of pain that have so far gone
unnoticed. Going beyond previous studies, by using firstperson pain reports, we examined one of the most frequent
uses of the concept of pain, which is also of particular
relevance for the communication between patients and
medical personnel. This allows us to avoid competenceperformance effects and possible biases that may shift
people’s responses in vignette-based studies.
We would also like to point out three possible limitations
of our experimental framework. First, first-person pain
reports may also provoke certain biases. While the
presentation of pain statements is relatively context-free in
our studies, participants may already have a particular context
in mind in which the corresponding statements typically
occur. Our design is unable to speak to the context that
participants imagined.
Second, we need to remain cautious about whether our
three tests can jointly prove what is part of the semantic
content of the folk concept of pain. One critical shortcoming
of the design is that Deniability Tests cannot determine
whether the statement is considered contradictory because of
semantic contradiction or because the two features usually
co-occur. Even if the data available so far are promising, it
could turn out that especially the Deniability Test does not
indicate contradictions and thus semantic contents, but only
what people typically expect in a certain context.
Third, while our experimental design is most likely to be
apt for prototypical cases, it might have problems with cases
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Abstract

itself be truth-evaluable, it also serves as an instruction to
certain cognitive systems (e.g., the system for color
processing and the system for representing groups of things).
In this paper, we aim to demonstrate that the mentalistic
view about meanings can not only help explain patterns of
pragmatic use, but can also help generate novel predictions
about which the non-mentalistic view is silent. That is,
thinking about meanings as instructions to cognition as
opposed to propositions paves the way for connecting
semantics and pragmatics to cognitive representations in a
psychologically responsible fashion.
As a case study, we consider the English universal
quantifiers “each” and “every”. These quantifiers can often
be used to describe the very same state of the world. Upon
encountering four frogs, all of which are green, it might be
appropriate to describe the scene by saying “each frog is
green” or by saying “every frog is green”.1 But at least since
Vendler (1962), it has been observed that these very similar
quantifiers encourage different contexts of use. An oftenreported intuition is that “each” is somehow more
individualistic than “every”. This difference can be seen
clearly in examples like (1).

“Each” and “every” can be used to express the same truthconditions but differ in their contexts of use. We adopt a
particular psycho-semantic proposal about the meanings of
these universal quantifiers: “each” has a meaning that
interfaces with the psychological system for representing
object-files whereas “every” has a meaning that interfaces with
the psychological system for representing ensembles. In five
experiments (n=798 total) we demonstrate that this mentalistic
account correctly predicts newly-observed constraints on how
“each” and “every” are pragmatically used. More generally,
these results demonstrate that canonical patterns of language
use are affected in predictable ways by fine-grained differences
in semantic representations and the cognitive systems to which
those representations connect. By treating the output of
semantics as mental representations that are more finely
articulated than truth-conditions—and by taking seriously the
relationship between linguistic meanings and non-linguistic
cognitive systems—we can explain otherwise puzzling
patterns of language use.
Keywords: Language; psycho-semantics; quantification;
pragmatics; quantifier use

1. Introduction
A standard view in linguistic semantics is that expressions are
names for things in speakers’ environments (e.g., Davidson,
1967; Montague, 1973; Lewis, 1975; Heim & Kratzer, 1998).
For example, the meaning of “frog” is the set of frogs, the
meaning of “green” is the set of green things, and the
meaning of “every frog is green” is a truth-condition: the set
of frogs is related to the set of green things in a particular
way. An alternative, mentalistic view holds that meanings are
instructions for building thoughts (e.g., Chomsky, 1964;
Jackendoff, 1983; Carston, 2008; Pietroski, 2018; Knowlton,
Hunter, Odic, Wellwood, Halberda, Pietroski, & Lidz, 2021).
On this view, “frog” is a tool for accessing a frog concept,
“green” is a tool for accessing a green concept, and putting
them both together with “every” yields a complex concept
with a particular structure. While this complex concept may
1
We leave aside the other main universal, “all”, for three reasons.
First, “each” and “every” form a more compelling minimal pair
(e.g., “all” takes plural agreement as in “all frogs” whereas “each”
and “every” both take singular agreement). Second, some work in

(1) a. Each martini needs an olive.
b. Every martini needs an olive.
Whereas (1a) calls to mind a scene in which a few
particular martinis need garnishes before they’re ready to
serve, (1b) is more naturally understood as a general claim or
as part of a recipe for making martinis.
Here, we aim to explain why “each” and “every” differ in
their contexts of use, building on recent work at the
intersection of linguistics and psychology. In particular,
Knowlton, Pietroski, Halberda, and Lidz (2021) and
Knowlton (2021) propose that “each” and “every” have
formally distinct concepts of universal quantification as their
meanings (see Figure 1). On this view, a sentence like “every
frog is green” is represented in a way that implicates a single
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linguistics suggests that “all” is not a genuine quantifier, but an
intensifier (e.g., Baker, 1995; Partee, 1995). Third, “all” is orders of
magnitude more frequent than “each” and “every”, and its uses more
varied.

In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

group (the frogs are such that they are all green) and
naturally interfaces with the cognitive system for
representing ensembles (e.g., Ariely, 2001; Whitney &
Yamanashi Leib, 2018). The similar sentence “each frog is
green” is represented in a way that implicates only
individuals (any thing that’s a frog is such that it is green)
and naturally interfaces with the cognitive system for
representing object-files (e.g., Carey, 2009; Kahneman &
Treisman, 1984). These proposed representations differ
sharply from the standard semantic treatment (Barwise &
Cooper, 1981), on which both “each” and “every” are said to
express a relation between two independent groups (the frogs
are a subset of the green things).

Namely, the pronunciation “each” is connected with a
concept that calls for treating the things quantified over as a
series of independent individuals (e.g., “each frog is green”
roughly means “frog1 is green & frog2 is green & …”). In
contrast, “every” serves as an instruction to group the things
quantified over (e.g., “the things that are frogs are such
that…”). Given that individuals are represented with the
object-file system and groups are represented as ensembles,
these two universal concepts serve as instructions to two
different cognitive systems.
An object-file representation (e.g., Kahneman & Treisman,
1984) is essentially a pointer to an object to which properties
are bound (e.g., the object’s size and color). An ensemble
representation (e.g., Whitney & Yamanashi Leib, 2018) can
also be thought of as a pointer, but one that allows for
pointing to many individual objects simultaneously. To
accomplish this, ensembles abstract away from individual
properties and encode the collection in terms of summary
statistics (e.g., the group’s average size, center of mass, and
average hue). Both of these cognitive systems are operative
in humans as early as infancy and are evolutionarily ancient
(for reviews, see Feigenson, Dehaene, & Spelke, 2004;
Carey, 2009). Importantly, object-file and ensemble
representations need not be representations of visuallypresented objects (e.g., both could be formed in response to
auditorily-presented tones or could be inferred).
In support of the idea that these cognitive systems underlie
the meanings of “each” and “every”, Knowlton et al. (2021b)
and Knowlton (2021) report that participants recall group
summary statistics (cardinality and center of mass) better
when evaluating sentences with “every” but recall individual
properties (particular hue) better when evaluating sentences
with “each”. Of course, this is not to say people always
represent object-files upon hearing a sentence with “each” or
ensembles upon hearing a sentence with “every”. Supposing
meanings are instructions doesn’t guarantee that those
instructions will always be followed, and other
considerations undoubtedly play a role (e.g., how many
things there are). The idea is that the meaning representation
carries some weight in determining which non-linguistic
representational system will be deployed (Lidz, Pietroski,
Halberda, & Hunter, 2011).
Taking this proposal as a starting point, we consider how
other properties of object-files and ensembles might
influence how “each” and “every” are pragmatically used.
Three cases are explored in particular.
First, one important property of object-files is that they are
subject to more stringent working memory constraints than
ensembles. This working memory limit has often been
observed in adults in experiments using multiple object
tracking (Pylyshyn & Storm, 1988) and change detection
(Vogel, Woodman, & Luck, 2001) paradigms. In both cases,
performance sharply declines when participants are asked to
track five or more objects at once. In infants, the working
memory limit for representing multiple object-files has also
been well-documented. For example, Feigenson and Carey
(2005) show that infants fail to distinguish 1 from 4 objects

Referential
context

Utterance

“Each frog is green”

“Every frog is green”

Meaning

∀x:Frog(x)[Green(x)]

TheF:Frog(F)[∀x:F(x)[Green(x)]]

≈ Any individualx that’s a frog

≈ The frogsF are such that

is such that itx is green

any individualx that’s one of themF
is such that itx is green

Non-linguistic
representation

ObjectFiles

Kind: Frog
Hue: Green
Size: .8”x.95”
Kind: Frog
… Frog
Kind:
Hue: Green
Hue: Green Size: .8”x. 95”
Kind: Frog
Size: .8”x.95”
…
Hue: Green
…
Size: .8”x .95”
…

Ensemble
Kind: Frogs
Average Hue: Green
Average Size: .8” x .95”
Cardinality: 4
…

Figure 1: A schematic depiction of the proposed meanings
for sentences with “each” / “every” and the resulting nonlinguistic representations.
In line with the meaning difference just outlined, in this
paper we propose that psychological differences between
object-files and ensembles explain many of the pragmatic
usage differences between “each” and “every”. Specifically,
Section 2 leverages properties of object-files and ensembles
to derive three predictions about usage preferences for “each”
versus “every”. Section 3 presents the results of five
experiments in which these predictions were borne out.
Section 4 compares our view to an alternative explanation
that retains a more standard semantic picture of quantifier
meanings: “each” and “every” have the same meaning, but
differ in syntactic position (Beghelli & Stowell, 1997). As we
show, such an account cannot capture our findings without
additional machinery.

2. Object-Files vs. Ensembles and the
“Each”/“Every” Distinction
As noted above, we build off of the proposal that “each” and
“every” have different concepts of universal quantification as
their meanings (Knowlton et al., 2021b; Knowlton, 2021).
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when those objects are represented as object-files, despite the
fact that infants the same age can reliably distinguish 8 from
16 objects when treating them as an ensemble (Xu & Spelke,
2000). Wood and Spelke (2005) likewise show that 6-monthold infants successfully distinguish 8 versus 4 actions
(grouped into two ensembles) but fail to distinguish 4 versus
2 actions (when treated as 6 independent “event-files”).
This working memory difference gives rise to our first
prediction. Ensembles are better able to represent large
numbers of things, so “every”—whose meaning serves as a
call to represent an ensemble—should be preferred over
“each” when the domain of quantification is large.
The second relevant difference to consider is that objectfile representations treat individuals independently of one
another whereas ensemble representations describe many
individuals at once. As noted above, this is achieved by
abstracting away from individual properties and representing
the group’s summary statistics (for review, see Haberman &
Whitney, 2012). For example, Haberman and Whitney
(2011) show that participants can tell which of two
collections of faces are happier on average despite not being
able to identify which individual faces changed from one
image to the next. In other words, representing some faces as
an ensemble amounts to representing properties like their
average hue, their average size, and their average happiness
at the cost of encoding information about each individual
face. This mode of representation naturally licenses a
prediction about new members of the group (they will have
similar properties to the group average) and it suggests
somewhat vague boundaries about which particular things
are included in the group.
In short, ensembles more easily support generalization than
object-files. This leads to our second prediction: “every”
should be preferred when universal quantification is meant to
extend beyond the locally-established domain (as in the
natural understanding of “every martini needs an olive”).
The third prediction is perhaps the easiest to draw. In the
linguistics literature, both “each” and “every” are often said
to be bad with collective predicates, which necessarily apply
to groups (e.g., Beghelli & Stowell, 1997; Dowty, 1987). For
example, sentences like “each/every student gathered in the
hall” are said to be infelicitous (cf. “all the students gathered
in the hall”). But if “every” does have a meaning that
implicates a group representation, then “every” should be
better than “each” at combining with collective predicates
(even though both are distributive universals).

larger domains, whereas “each” should be preferred given
smaller domains (due to the strict working memory limits of
object-files).
3.1.1 Methods Participants in this and all subsequent
experiments were native English speakers living in the
United States. In this experiment, participants (n=100)
completed a forced-choice judgment task. They chose
between “each” and “every” for 12 sentences in minimallydifferent pragmatic contexts, manipulated within-subjects.
Context either established a small or large domain of
quantification. For example, the domain consisted of either
“three martinis” or “three thousand martinis”, as in (2).
(2) a. The bartender at the local tavern has made three
martinis. He said that {each/every} martini he made
had an olive.
b. The bartender at the local tavern has made three
thousand martinis. He said that {each/every} martini
he made had an olive.
For each item, participants received either the large domain
or small domain context (e.g., they either saw (2a) or (2b))
and were given a choice between “each” and “every”.
The experiment also included 24 fillers, all of which were
cases where the two possible answers differed in form but not
in truth-conditional content. For example, the choice might
be between “In her favorite book, the main character is a
talking dog” and “The main character is a talking dog in her
favorite book”.

% Every−responses
100

75

50

●

●

25

0

3. Experiments

small

The following five experiments test the predictions outlined
above. Experiments were designed using PCIbex (Zehr &
Schwarz, 2018). All participants were recruited on Prolific
and gave informed consent prior to participating.

large

Domain size

Figure 2: Rate of choosing “every” in the two conditions
of Experiment 1a, which manipulated domain size (e.g.,
“three martinis” vs. “three thousand martinis”).

3.1 Experiment 1a: Domain size (preference)
Experiment 1a tests the prediction that the size of the domain
of quantification should impact preferences for using “each”
or “every”. In particular, “every” should be preferred given

3.1.2 Results Responses were analyzed by fitting a mixedeffects binomial regression model, specified as follows:
answeredEvery ~ context + (1 | subject) + (1 | item). Models
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with random intercepts and random slopes for subject and
item were also fit, but did not converge (the maximal model
that converged across Experiments 1a, 2a, and 3 was one with
random intercepts only).
As seen in Figure 2, participants were significantly more
likely to pick “every” when given a sentence with a large
domain compared to when given a sentence with a small
domain (p<.001). This is in line with the predictions outlined
in Section 2.
It should be noted though, that participants were not more
likely than chance to use “each” for small domains (they
selected “each” about 51% of the time in this condition). This
likely reflects a baseline preference for “every” (perhaps
owing to frequency). The important point for our purposes is
that despite any baseline preference for “every”,
manipulating domain size matters in the predicted way:
increasing the domain size encourages using “every”.

3.3 Experiment 2a: Generalization (preference)
Experiment 2a tests the prediction that “every” should be
preferred in contexts that call for projecting beyond the
locally-established domain (i.e., generalizing).
3.3.1 Methods Participants (n=100) completed a forcedchoice judgement experiment. The method was the same as
in Experiment 1a, with one exception: instead of
manipulating the size of the domain (e.g., “three” vs. “three
thousand”), the size was held constant across both conditions.
What differed was whether the quantificational phrase
referred back to the domain or explicitly went beyond it. For
example, the “local” condition in (4a) refers back to martinis
that the bartender made, whereas the “global” condition in
(4b) projects beyond this locally-established domain to make
a general claim about any martini worth drinking.
(4) a. The bartender at the local tavern made a few
martinis. He said that {each/every} martini that he
made has an olive.
b. The bartender at the local tavern made a few
martinis. He said that {each/every} martini that’s
worth drinking has an olive.

3.2 Experiment 1b: Domain size (free response)
Experiment 1b aims to confirm the domain size differences
observed in Experiment 1a in a more direct way: simply
asking participants how large they think the domain of
quantification is upon being given a sentence in which
universal quantification is indicated by “each” or “every”.

As in Experiment 1a, context (here, “local” vs. “global”)
was manipulated within-subjects. But for any given item,
participants saw one context and were asked to choose
between “each” and “every”.

3.2.1 Methods An independent group of participants (n=198)
was given the prompt in (3) and asked to type in an answer.
The only difference between the two conditions was the
quantifier used (manipulated between-subjects).

3.3.2 Results We adopted the same analytical strategy as in
Experiment 1a. As seen in Figure 3, participants were more
likely to pick “every” when quantification projected beyond
the locally-established domain (p<.001).

(3) If someone said: “{each/every} martini needs an
olive”, how many martinis would you guess they have
in mind?
3.2.2 Results Participants were more likely to provide an
answer within the working memory limit for object-files—
three or fewer—in the “each” condition than in the “every”
condition (χ2=11.97, p<.001; Table 1).

% Every−responses
100

Table 1: Participants’ responses to being asked the
question in (3). “∞” refers to responses like “infinitely
many”. “Exhaustive” responses include answers like “all of
them” and “all martinis”. Seven participants did not provide
codable responses (e.g., saying “I don’t know”).
Each
Every

≤3
62
29

4-5
10
13

≥6
12
21

75

●

●
50

∞ Exhaustive
0 9
5 30

25

This corroborates the findings from Experiment 1a: all else
equal, “each” is preferred for smaller domains of
quantification whereas “every” is preferred for larger
domains. This result also accords with how parents prefer to
use “each” and “every” in child-directed speech (Knowlton
& Gomes, 2022): more often than not, “each” is used to
quantify over three or fewer physically-present things.

0
local

global

Domain type

Figure 3: Rate of choosing “every” in the two conditions
of Experiment 2a, which manipulated domain type (e.g.,
“martini that he made” vs. “martini that’s worth drinking”).
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These results bear out the prediction that “every” should be
preferred in cases calling for generalization. However, there
is a potential confound with the stimuli used: the “global”
cases implicate larger domains than the “local” cases. For
example, the martinis worth drinking likely outnumber the
martinis that the bartender just made. For this reason, it might
be that the results of Experiment 2a reduce to another case of
domain size mattering (as in Experiments 1a-b). Experiment
2b aims to rule out this confound by probing propensity for
generalization in a different way.

3.4.2 Results Statistically, rates of generalizing (i.e.,
answering “green” as opposed to “could be another color”)
did not significantly differ (“each”: 61%; “every”: 70%;
p=.09). But participants’ confidence in generalizing did
differ. Those in the “every” condition were significantly more
confident in generalizing about the unseen dax’s color than
those in the “each” condition (i.e., among "green" responses,
confidence was greater for the "every" as compared to the
"each" condition, p<.01; Figure 5).

3.4 Experiment 2b: Generalization (confidence)

Confidence answering "green"

Experiment 2b also tests the prediction that “every” should
be preferred for generalization beyond the locally-established
domain. But instead of asking participants to choose between
“each” and “every”, they were either given sentences with
“each” or “every” and subsequently asked to generalize.
Their propensity to generalize and their confidence in
drawing generalizations was compared. The prediction is that
“every” should lead to higher rates of generalization and/or
higher confidence when generalizing.

100

●
50

3.4.1 Methods Participants (n=300) completed a one-trial
experiment with the structure in Figure 4. They were shown
three novel creatures called “daxes” and were subsequently
told that {each/every} dax is green (manipulated betweensubjects). Then, they were shown the silhouette of another
dax, whose color was hidden by a shadow. They were asked
whether they thought that dax was also green (possible
responses were “Green” or “Could be another color”).
Finally, they were given a slider ranging from 0 to 100 and
asked to indicate how confident they were in their response.
1

Look at these three daxes.

3

There’s another dax under that
tree, hidden by the shadow.

●

75

25

0
each

every

Quantifier used

Figure 5: Confidence in answering that the unseen dax
was green in Experiment 2b.
This corroborates the findings from Experiment 2a:
“every” is preferred for generalizing beyond the locallyestablished domain (in this case, the initial three daxes). And
importantly, Experiment 2b had no domain size confound. In
both cases, the domain directly quantified over was the three
daxes present on the screen. But introducing those creatures
with “every” instead of “each” made participants more
comfortable generalizing to a novel instance.

2

Each/Every dax is green.

4

3.5 Experiment 3: Predicate type
Experiment 3 tested the final prediction raised in Section 2:
given that only “every” calls for creating a group
representation of the things being quantified over, it should
be preferred when the predicate in question is collective; that
is, when it necessarily applies to a group (e.g., “gather in the
hall”; “surround the castle”; “form a line around the block”).2

Do you think this dax is green or
could it be another color?

3.5.1 Methods Participants (n=100) completed a forcedchoice judgement experiment like Experiments 1a and 2a,
What differed between conditions was the predicate used in
the second sentence. In the distributive condition, predicates

Figure 4: Trial structure of Experiment 2b. After
answering the question about the novel dax’s color (4), they
were asked to rate their confidence using a slider.
2

Some “purely” collective predicates cannot combine with any
quantified subject. For example, “each/every ant in my kitchen is

numerous” is ungrammatical, as is “all/most/some/no ants in my
kitchen are numerous” (see Winter, 2002). These were avoided.
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applied to individuals, like “went to their locker” in (5a). In
the collective condition, predicates necessarily applied to
groups, like “gathered in the hall” in (5b). That is, a single
student cannot gather. As in Experiments 1a and 2a,
participants’ task was to choose between “each” and “every”.

ensembles, the two cognitive systems that, by hypothesis,
interface with the meanings of “each” and “every”.

4.1 A syntactic alternative
The proposal adopted throughout this paper posits different
meanings for “each” and “every”. As noted at the outset, it is
not standard in semantics to assume that these two universal
quantifiers correspond to distinct concepts. To take a classic
example, Beghelli and Stowell (1997) offer a view on which
“each” and “every” share a common meaning and only differ
in a syntactic feature. It is worth asking whether a purely
syntactic view might accommodate the above results.
The gist of Beghelli and Stowell’s proposal is this: “each”
is marked with a diacritic, causing it to undergo syntactic
movement to associate with a distributivity operator, which
is situated relatively high in the syntactic tree. The
distributivity operator is responsible for ensuring that
predicates apply to individuals (i.e., it essentially has the
meaning we propose for “each”). The distributivity operator
also happens to be located higher in the syntactic tree than the
generic operator, which is responsible for giving sentences
generic meanings (i.e., meanings that project beyond the
locally-established domain). In contrast, “every” can remain
lower in the syntactic tree, beneath these operators.
Because “each” always associates with the distributivity
operator whereas “every” only sometimes does, this purely
syntactic view can potentially capture the finding that “each”
is worse with collective predicates. And assuming the generic
operator gives a generic interpretation only to things within
its scope (below it), this view can also potentially capture the
finding that “every” is preferred for generalizing beyond
locally-established domains. But it is not clear how a purely
syntactic view could explain the observed difference with
respect to domain size. Being lower in the tree than “each”
does not obviously imply that “every” would be preferred for
larger domains. And it is likewise non-obvious that the
propensity of “each” to associate with the distributivity
operator would help explain the domain size difference.
Of course, the scoped-based and psycho-semantic views
are not mutually exclusive. The right approach to differences
between “each” and “every” might be to preserve a role for
purely linguistic machinery while still pushing some of the
explanatory burden to non-linguistic cognition (e.g., the
properties of object-file and ensemble representations).
Future work will consider this possibility in earnest.

(5) a. Math class at the local middle school lasts a full
hour. After class, {each/every} student went to their
locker.
b. Math class at the local middle school lasts a full
hour. After class, {each/every} student gathered in the
hall.
3.5.2 Results The analytical strategy from Experiments 1a
and 2a was adopted here. As seen in Figure 6, participants
were more likely to pick “every” when the predicate was
collective than when it was distributive (p<.001).

% Every−responses
100

75

50

●

●

25

0
distributive

collective

Predicate type

Figure 6: Rate of choosing “every” in the two conditions
of Experiment 3, which manipulated predicate type (e.g.,
“went to their locker” vs. “gathered in the hall”).
These data alone do not militate against the standard
assumption that “every” is a distributive universal (like
“each”). But, as predicated, they suggest that “every” is better
able than “each” to combine with collective predicates.

4.2 Conclusion

4. General Discussion

The present results provide a case study in linking the
psycho-semantics and pragmatics of quantifiers. Importantly,
we do not endorse a reductionistic view that obviates the role
of linguistic meaning. In contrast, we hope to have shown that
thinking of linguistic meanings as finely-articulated mental
representations and taking seriously the cognitive systems
with which they interface can help explain otherwise
puzzling patterns of linguistic use. Moreover, integrating
semantics, pragmatics, and cognition in this way can allow
for making and testing novel predictions.

Across five experiments, we observe that “every” is preferred
over “each” (i) when the domain of quantification is large as
opposed to small, (ii) when quantification is meant to
generalize beyond the locally-established domain, and (iii)
when the quantificational phrase combines with a collective
predicate as opposed to a distributive one. These differences
in the pragmatic use of “each” and “every” are predicted by
the psycho-semantic view outlined in Section 2. That is, they
can be derived from the properties of object-files and
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Abstract

rules of language can be inferred. Conversely, when children produce incorrect utterances, these errors could impede
learning because they are learned in the same way as correct
utterances (Middleton & Schwartz, 2012). Another possibility is that if children learn language using error-based mechanisms, then their own errors could be an especially powerful
and beneficial vehicle for learning (Metcalfe, 2017; Ramscar,
Yarlett, Dye, Denny, & Thorpe, 2010). In error-based learning accounts, the amount of learning is proportional to the discrepancy between the learner’s prediction and the observed
outcome. If parents provide a corrective signal when children
make errors, error-based learning accounts would predict the
most effective learning happens in these moments.

Do children learn language from the words that they produce
themselves? Because children know that they have imperfect
knowledge of language, they could simply ignore their own
productions. However, children could also learn from their
productions – using what they say and how their caregivers
respond to update their language models. Using irregular plurals as a case study, we conducted a large-scale corpus analysis and two experimental studies to understand the role of
children’s productions and caregivers’ responses in language
learning. We demonstrate that children do learn from their
own production, with errorful utterances leading to more errors. However, at least in some contexts, children can use implicit corrections from parents to offset the negative effects of
their errors. Children thus appear to learn not only from their
caregivers’ productions, but also from their own productions
and from the relationship between the two.

To understand the role that children’s utterances play in
their learning, and to distinguish between errorless and errorbased accounts of language acquisition, we focus on a case
study of learning plural morphology. In English, plural
nouns are generally marked by the addition of an ‘-s’ to
their base form – for example, ‘cat’ becomes ‘cats.’ However, some words are exceptions to this rule: ‘mouse’ becomes ‘mice.’ When learning irregular nouns, children sometimes go through a phase of overgeneralizing grammatical
rules, thus producing ‘mouses.’ These overregularizations
have been an important target of explanation for theories of
language learning because children do not tend to hear the
word ‘mouses’ in their caregivers’ productions (Marcus et
al., 1992; McClelland, Rumelhart, & PDP Research Group,
1987).

Keywords: development; language acquisition; language production; corpus studies

Introduction
How do children learn their native language? For decades, research in cognitive science has conceptualized this question
as a problem of statistical inference. Children’s caregivers
provide sample utterances of their native language, and from
these children must infer the underlying system of linguistic rules that explain why they heard these utterances and not
others (e.g. Pinker, 1979). Over time, this framework has led
researchers to ask questions like (1) what information is available to children in these utterances? (Gleitman, 1990), (2)
what are the constraints that children impose on their inferences? (Markman & Wachtel, 1988), and (3) what machinery
do children use to perform these inferences? (Smith & Yu,
2008).
But are the utterances that children hear from caregivers
and peers the only input to language learning? Could children’s own utterances also play a role? Because children
know that they are not yet language experts, they could ignore
their own productions. Alternatively, children might learn
from their own utterances in two different ways. One possibility is that children may treat these utterances the same way
they treat those produced by their caregivers. When children
produce correct utterances of their native language, these utterances may may act as additional instances from which the
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How do children learn to stop saying ‘mouses?’ An influential set of accounts have argued that the key lies not in
the linguistic input that children hear, but in the relationship
between their own productions and their parents’ responses.
Although parents rarely explicitly correct their children’s errors (e.g. “no, you say mice”), they do provide implicit negative evidence in the form of reformulations – replaying the
child’s utterance, but changing the error to the correct form
(“yes, those are mice!” Chouinard & Clark, 2003; HirshPasek, Treiman, & Schneiderman, 1984). While this correction is less direct than explicit feedback, reformulations
provide a direct contrast to the child’s error, supporting errorbased learning.

In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

Reformulations as an error-signal have received empirical
support in both corpus and empirical studies. For instance,
in a seminal study, Chouinard & Clark (2003) showed that
parents are more likely to reformulate children’s errors than
to repeat correct utterances. In addition, children have been
shown to repeat their parents’ utterances more after reformulations than non-corrective repetitions (Farrar, 1992). Finally,
grammatical forms of irregular words are more common in
children’s speech after receiving reformulations than other
non-corrective responses (Nelson, Carskaddon, & Bonvillian,
1973; Saxton, 2000). The key experimental support comes
from a set of studies by Saxton, showing that while learning novel irregular conjugations (e.g. ‘pell’–‘pold’), children
were much more likely to learn the target form after receiving reformulations than when the experimenter provided the
form first (Saxton, 1997; Saxton, Kulcsar, Marshall, & Rupra,
1998).
However, these corpus studies and the key experiments
possess critical limitations that prevent us from drawing
strong inferences about the available language input or the
learning mechanisms that children apply to it. Although corpus evidence has been provided by a number of different research groups, all of the extant studies investigate a very small
sample of children. Chouinard & Clark (2003), for example,
describes learning in only 5 children. The experiment results,
although large in effect size, investigate contexts that are quite
different from those in which children typically receive reformulations. In particular, they focus explicitly on word learning – children knew that they did not know the correct form
and their goal was to learn it (Saxton, 1997; Saxton et al.,
1998). When children are not explicitly aware of the goal of
word learning, especially when they are already familiar with
the nouns, implicit corrections may not provide the same corrective benefit.
In a corpus study and two experiments, we investigated
the contribution of children’s productions and conversational
partners’ reformulations to learning irregular plurals like
‘mice.’ Using a larger sample than previous research, we assessed whether parents replays and reformulations can be a
significant learning signal for the child. In a set of experiments, we evaluated if the benefits of reformulations found in
prior work generalizes to a more naturalistic learning game.
These studies together will provide valuable insight on how
children’s own production experience and parents’ responses
shape word learning.

corrections provided in reformulations. Together, these analyses provide a clearer picture of how helpful implicit negative
evidence in the form of reformulations could be to an ideal
learner. We focused specifically on the production of commonly encountered irregular plural nouns like ‘mice,’ as they
will be the stimuli used in our experimental Studies 2 and 3.

Method
From within the CHILDES database, we sampled from both
the English-United Kingdom and the English-North American corpora any instance in which a child said a plural form
of our target irregular plurals (mice, geese, snowmen, men,
women, children, teeth, feet), along with the two utterances
that followed. We searched for the correct form and two
common forms of overregularization errors: adding an ‘-s’
on either the singluar form (‘mouses’), or the plural form
(‘mices’). While this may not capture every time the child
attempts a plural form in this corpora, this sample likely covers the most common cases.
We selected any interactions in which anyone other than
the child responded to the initial utterance. This sample contained a total of 2394 utterances across 223 children. We then
detected whether the parent repeated the form the child used
(replay), or switched to a different form (reformulation). We
evaluated how often parents replay or reformulate in their responses, and whether these rates differ depending on whether
or not the child made a mistake. We then examined whether
children replied with the correct form after receiving a reformulation to evaluate the effectiveness of this error signal.

Results & Discussion
When children produced the correct irregular plural
(e.g. ‘mice’), parents did often repeat their correct productions. However, when children produced an error like
‘mouses,’ parents were also likely to replay their errorful
overregularizations (Figure 1A). Parents were reliably more
likely to replay correct productions (34.1%) than incorrect
ones (16.1%). However, because the difference in base rates
was so large – children were overwhelmingly more likely to
produce a correct irregular plural – replays are a weak signal
even for an ideal learner.
In contrast, reformulations were a clear signal about the
correctness of the utterance – parents only provided reformulations when children made an error. We found the prevalence of reformulations – 27.3% – low relative to some other
estimates (e.g. Chouinard & Clark, 2003). Nonetheless, because parents never reformulated children’s correct productions, this prevalence is sufficient to be a powerful learning
signal for an error-based learner. Did children take up these
reformulations? When we looked at children’s responses to
parents’ reformulations, we did not find much evidence of
uptake. Children were actually twice as likely to repeat their
incorrect overregularizations as they were to take up parents’
correct reformulations (Figure 1B).
This corpus analysis thus provides support for the hypothesis that the relationship between children’s productions and

Study 1
Building on a paradigm developed by Chouinard & Clark
(2003), we investigated the frequency of reformulations in
parent’s speech. Reformulation rates estimated in prior work
vary widely, from 10% to 60% of errors (Chouinard &
Clark, 2003; Hirsh-Pasek et al., 1984). To get a more precise estimate, we investigated all children available in the
North-American and British English corpora of CHILDES
(MacWhinney, 2000). We also measured children’s uptake of
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Parent responses to children

A

Study 2
In contrast to our corpus analysis, prior experimental work
shows strong evidence for children’s learning from reformulations. For example, Saxton (1997) taught children novel
irregular words either through repetition (in which the experimenter would produce the word and then prompt the child to
repeat it), or through reformulation (in which children would
attempt the word first, and the experimenter would reformulate their errors). In this study, children learned much better from reformulation than from repetition. In Study 2, we
adapted Saxton’s paradigm to be more analogous to the realworld interactions in which word learning is backgrounded
relative to proximal goals. Children were asked to produce
irregular plurals in the context of a reference game with familiar words, and their propensity to make errors was measured. Across conditions, children either repeated the experimenter’s correct irregular words, or they were asked to make
the first reference and their errors were reformulated. If children learn through error-based learning mechanisms, and reformulations are a strong error signal that children can interpret, then children who received reformulations should produce fewer overregularizations than children who repeated
after the experimenter.
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Method
Participants Sixty-six three and four-year-olds were recruited from a Psychology Department database and through
word of mouth to participate. Families were given $10 Amazon gift cards for their participation. Five children did not
complete the game, and one child was removed for experimenter error to yield our preregistered sample of 60 children
(OSF registration: bit.ly/3ueVKTb). Another child was removed post-hoc due to parental interference. Our final sample consisted of 59 children (mean age = 4.00 years).

0.0
take up reformulation

repeat error

Figure 1: A) Parents’ rates of replay and reformulation of
children’s irregular plural. B) Children’s response to parents’
reformulations. Error bars indicate 95% confidence intervals
estimated by non-parametric bootstrapping.

Procedure On Zoom, children were told they would play a
counting game to help the experimenter fix their dream machine. Each session had four phases: a pre-test, two blocks
of training trials, and a post-test (Figure 2). In the pre-test,
children were instructed to greet each set of plural nouns by
saying “hi geese!” to serve as an evaluation of the child’s
prior irregular word knowledge. If the child did not know
the name or used the wrong word (e.g. saying “girl” instead
of “woman”), the experimenter would provide the singular
form of the noun and ask the child to try again. Half of the
pictures were control regular nouns, the other half were target
irregular nouns (mice, geese, leaves, teeth, feet, men, women,
snowmen).
In blocks 1 and 2, children were told that the dream machine had trouble telling which of two dreams was correct, and the child could help the experimenter by counting
and naming the objects that distinguished the experimenter’s
dream from the similar dream (Figure 2). All of the irregular plural nouns occurred once within each block. In each
trial of the game, the child counted the pictures in the dream
that blinked and had a line of bubbles leading to it. Children

parents’ responses could be a source of information for children learning language. Although parents frequently repeat
both correct and overregularized plurals, they do reformulate
a significant fraction of errors, and these reformulations could
provide an important learning signal for error-based learners.
However, at least in their immediate responses, children did
not appear to take up parents’ reformulations.
In prior experimental work, reformulations rapidly accelerated children’s learning of novel irregulars. However, these
experiments explicitly tell children that their goal is to learn
new words. Given that reformulations are not an explicit correction, the emphasis on word learning may make these reformulations more effective than they are in children’s reallife interactions. In Study 2, we developed an experimental paradigm that makes reformulations incidental to the primary goal, more akin to the interactions in our corpus analysis
where children are talking to parents with familiar words. We
then asked, experimentally, whether reformulations support
language learning.
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Children's overregularization by training condition

Overregularization (prop.)

Reformulation

Figure 2: Diagram of experiment flow for Study 2.

responded with a compound phrase counting the two sets of
pictures, such as “one snake and two snowmen.” If the child
named the wrong dream or counted incorrectly, the experimenter would remind the child to follow the bubbles and ask
them to count again. There were two fixed orders of trials
counterbalanced across children.
For children in the Reformulation condition, children
counted first and then the experimenter responded with the
correct noun forms. Therefore, if the child made a mistake
such as saying “snowmans” instead of “snowmen”, the experimenter’s response of “snowmen” provided a reformulation to their error. If the child did not make a mistake, the
experimenter replayed the correct response.
For children in the Repetition condition, the experimenter
said each correct from before the child’s turn (e.g. “I remember a snake and some snowmen). The experimenter did not
give any feedback after children’s productions. This condition controlled for exposure to the correct noun forms. While
in both conditions children heard the correct form twice, the
children only received negative evidence to their mistakes in
the Reformulation condition. During the post-test, the children say goodbyes to each of the noun pairs again (e.g. ”byebye geese”), to test for any change in children’s irregular noun
production after the intervention.

Repetition

0.6

0.4

0.2

0.0
pre

block1

block2

post

Figure 3: Overregularization error rates with 95% confidence
interval from non-parametric bootstrapping.
Any trials in which the child used the wrong lexical word
were removed from analyses. If the child counted in a way
that changed the noun from singular to plural or from plural
to singular, those trials were also removed (e.g. counting one
mouse instead of two mice).

Results and Discussion
Children in both the Repetition and Reformulation condition
overregularized the irregular nouns at similar rates at pre-test
(M = 65%, βRepetition = -0.34,p = .199; mixed-effects logistic regression). In the Repetition condition, compared to their
error rates at pre-test, children produced reliably fewer errors
during the game and at post-test (βblock1 = -1.44, βblock2 =
-1.97, β post = -0.88, ps < .001). In contrast, children in the
Reformulation condition did not produce fewer errors during
the game or at post-test compared to pre-test (βblock 1 = -0.24,
βblock2 = -0.42, β post = -0.38, ps > .1). Thus, in contrast to
Saxton (1997), children benefited from the Repetition condition, but not the Reformulation condition (Figure 3).
To further compare these two conditions, we fitted a mixed
effects logistic regression, predicting whether or not the child
made a grammatical error with fixed effects for section (preor post-test), and condition (Repetition or Reformulation),
and random effects for both subject and target word. There
was not a significant effect of the interaction between section
and condition (β = 0.46, p = .189).
Although children in the repetition condition did show
some improvement, there was no evidence that production
improved in the reformulation condition, and certainly not to
a greater extent than in the repetition condition. This finding
is radically opposed to the previous report by Saxton (1997),
who demonstrated much better learning after reformulations
than repetitions. One could argue that the current results are
better representative of incidental learning, which characterizes most learning situations from reformulation in everyday

Data Preprocessing Zoom sessions were transcribed by
hand in Microsoft Excel by two coders. The coders then
marked whether the child provided the right number (numerical error), whether the child used the correct root noun to
refer to the object (lexical error), and whether the child used
the correct plural form (plural error). If the child did not provide any number or word during a trial, it was coded as a
numerical or lexical error respectively.
The coders both individually coded six of the same videos
to detect the reliability of their coding. Coder judgements
were reliably similar across all 3 error types (numerical: Cohen’s κ = 0.92, lexical: κ = 0.84, and plural: κ = 0.85). The
two coders then met to reconcile any differences they had on
those six participants.
After calculating error rates for individual children, we removed 8 children who made counting errors for over half the
trials, as it was clear they did not understand the directions.
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Study 3: children's errors by condition

Overregularization (prop.)

Condition

Reformulation

Repetition

0.75

0.50

0.25

0.00
pre

block1

block2

post

Figure 4: An example of Study 3 training phase for both the
Repetition and Reformulation trials.

Figure 5: Study 3 overregularization error rates with 95%
confidence interval from non-parametric bootstrapping.

life. However, before we conclude that reformulations are
not a very effective way of vocabulary learning in children,
we must rule out two confounds: (a) grammatical knowledge is quite variable in this age range. It is thus possible
that the between-group differences in children’s morphological knowledge were stronger than our experimental manipulation. (b) The counting task can be demanding in this age
group. When made the central goal of the game, this demanding task may distract the child from processing other
information not directly relevant to the task goal. Study 3
was designed to address these two issues. In a within-subject
design, we removed the counting demand from the task in
Study 2, and made the experimental items the focus of the
communicative task.

During blocks 1 and 2, three pairs of pictures appeared outside the dream cloud, and then two of the three pairs moved
into the cloud. The child was instructed to tell the experimenter which pictures went into the cloud, saying something like “spoons and [mouses/mice]” (Figure 4). Rather
than a between-subjects design as in Study 2, we shifted to
a within-subjects design in which children each participated
in both conditions for different words. The assignment of
words to Reformulation and Repetition conditions was counterbalanced across participants. If the word was assigned to
Repetition trials, the experimenter labeled all the pairs first,
saying “I see trees, dogs, and children, but which go into my
dream?” and then the pictures moved and the child replied.
If the word was assigned to the Reformulation condition, the
experimenter prompted without labels (e.g. “what was in my
dream?”), and then the child replied, and finally the experimenter provided the correct response. Then at post-test, children counted the pairs again to assess whether there was any
difference in learning between the words they repeated compared to the words the experimenter reformed.

Study 3
Method
Participants Sixty-one children of our preregistered sample of 100 3-and-4 year olds have been collected (OSF registration: bit.ly/3KYvAKe). One child did not complete the
game. Families were recruited in the same manner as Study
2, and offered the same $10 gift card compensation.

Data Preprocessing Zoom sessions were transcribed by
hand in Microsoft Excel by a team of four coders. The coders
then marked whether the child made a lexical or plural error during each trial. The coders separately coded a small
set of videos in pairs to detect the reliability of their coding.
Coder judgements were on average reliably similar across error types (lexical average Cohen’s κ = 0.91 and plural: κ =
0.89).

Procedure As in Study 2, children were told they would
help fix the experimenter’s dream machine. Rather than immediately entering the pretest as in Study 2, children first labeled the images in singular form to establish the root word,
and provide the experimenter the opportunity to correct the
lexical item without using a plural. The game then proceeded
to the the pre-test as before: children counted the pairs of pictures (e.g. “two mice”). The target plurals were all the same,
except “leaves” was replaced with “children” because of the
difficulty of distinguishing children’s correct production of
“leaves” from the overregularized “leafs”.

Results and Discussion
Children again produced fewer errors after Repetition compared to pre-test (βblock1 = -2.32, βblock2 = -2.54, β post =
-1.9, ps < .001); however, this time after receiving Reformulations, children showed improvement during the second
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can outweigh the benefit of corrections.

Reformulation improvement

1.0

General Discussion
Using irregular plural morphology, we investigated the role
of children’s productions and parents’ responses in children’s
language learning. In a large-scale corpus analysis, we
confirmed prior research suggesting that parents’ reformulations could provide an important corrective signal for language learning. However, in two subsequent experiments, we
showed that the practical effect of reformulations on learning may be smaller than estimated in prior experimental work
(Saxton, 1997, 2000). In Study 2, when reformulations were
less salient for the child, children showed no improvement,
indicating the feedback was not sufficient to correct their mistakes. On the other hand, children in the repetition condition
improved, indicating that children’s own production of the
correct forms improved their learning. In Study 3, when the
task demands were simpler, children were able to learn from
the reformulations, but this learning was not more beneficial
that repetition. Considering these results together, it seems
that the positive impact of reformulations at best offsets the
negative learning-impact of making errors in the first place.
Together, these studies suggest that children can use errorbased learning as part of a suite of many language-learning
mechanisms, but perhaps not as their main tool.
Overall, children appear to learn not only from their caregivers’ productions, but also from their own productions and
from the interaction between these two inputs. Even though
the experimenter provided the correct forms the same number
of times, in Study 2, children’s own production experience
led to different learning outcomes. These results suggest that
children’s errors can have a negative impact on later production, which brings into question the generalizability of errorbased accounts as a key mechanism for language learning.
In our experimental paradigm, making errors and receiving
feedback was not more beneficial than learning through repetition. However, these two experiments only test the shortterm effects on learning familiar nouns, so future research
should investigate the effects of production and feedback on
the learning of novel nouns as well as long-term retention.
In the short term, it appears that producing the correct word
form, rather than making errors and receiving feedback, is reliably more helpful for learning. However, when feedback is
clear, reformulations can counteract the negative impacts of
producing errors.

0.5

0.0

0.0

0.5

1.0

Repetition improvement
Figure 6: The relationship between improvement for Repetition words and Reformulation words. Points show individual
participants. The line shows the line of best fit and a 95%
confidence interval.
and post-test trials (βblock2 = -1.26, β post = -1.55, ps < .001).
This result indicates that the focus on counting rather than labeling in Study 2 may have hindered learning, but in neither
study were Reformulations more helpful than Repetition (c.f.
Saxton (1997), Figure 5).
Study 3 was designed to make reformulations as salient
as possible, while still maintaining a naturalistic, interactive
context. While in Study 2 reformulations produced no learning benefit, in Study 3 children did improve after reformulations. The simplifications in the design intended to make
reformulations more salient may have allowed children to
learn from this feedback. Alternatively, the benefit for reformulated words could instead have come indirectly from the
learning benefit of the Repetition trials. That is, the children
could have learned not to overregularize the irregular plurals
which they repeated after the experimenter, and generalized
this knowledge to words that appeared in the Reformulation
condition (a spillover effect). If so, we should expect to see a
correlation between the amount that individual children benefited from Repetition and the amount they benefited from
Reformulation. Figure 6 shows the relationship between the
amount that children reduced overregularization in the two
within-subjects conditions. Contrary to the spillover hypothesis, there was no reliable relationship between the two conditions (r( 55 ) = 0.06, p = .646).
While reformulations were helpful in reducing overregularization in this study, reformulations still were not more
helpful than repeating after an experimenter. Together with
the results of Study 2, these data suggest that children benefit
from receiving corrections, but that they pay a cost for making errors. Further, when corrections are harder to identify
and process, as in Study 2, the cost paid for making an error
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Abstract

whether agreement computations in children do or do not
follow the same computational principles as adult speakers.
To date, the data from children have suggested that they do
not. However, most such studies have either used Frenchspeaking populations (in which plural morphology is often
silent in spoken production), and/or tasks that required
orthographic knowledge or imposed high demands on
working memory (Fayol et al., 1999; Franck et al., 2004).
Using a referential communication game that removes such
demands, and the English language, which provides reliable
singular-plural cues on nouns and verbs, we revisit the
question: Do children and adults show similar patterns of
agreement errors for verbs “is” and “are”?

Adult speakers rarely produce a verb that does not agree with
its subject in number, unless the sentence contains nouns with
clashing pluralities. For example, a sentence such as “The key
next to the cabinets…”, sometimes elicits a plural verb, and
such attraction errors are more common with singular than
plural heads (the attraction asymmetry). Both attraction and
attraction asymmetry have been instrumental in understanding
the computations underlying agreement production.
Interestingly, developmental studies of agreement have often
found very different patterns of agreement errors in children,
leading to the conclusion of different mechanisms for
agreement production in children and adults. Using a
referential communication game, we demonstrate that Englishspeaking children as young as 5 years of age show robust
agreement attraction. Children 6 years and older also
demonstrate the attraction asymmetry. These findings support
similar mechanisms underlying agreement production in
children and adults.

Account of agreement attraction in adult speakers
While the goal of this study is not to test a specific model of
agreement attraction, a brief review of the models is
necessary in order to understand what attraction and
attraction asymmetry can tell us about mechanisms of
agreement production. Generally speaking, two classes of
models have been proposed: representational accounts and
processing accounts. Representational accounts emphasize
the nature of the linguistic representations that take part in
agreement computations. For example, the Percolation
account (e.g., Franck et al., 2002) describes attraction as the
number feature percolating up from the local noun to the
noun phrase (NP) root level. This group of accounts also
contains Continuous Valuation models, which view the
representation of the subject noun’s number as continuous. A
computational implementation of this view is the Marking
and Morphing model (Eberhard et al., 2005), which uses the
notional number of the head noun, as well as the
morphological number information on the head noun and the
local noun, to pick the correct verb. When a singular-subject
sentence contains a plural local noun, a non-zero value for the
plural morpheme activates the plural verb, which increases
the probability of attraction. The singular is the default or
unmarked state (with the value of 0). Thus, while a plural
local noun activates the plural verb, a singular local noun

Keywords: subject-verb agreement; language production;
children; agreement attraction

Introduction
In English, as well as many other languages, sentence verbs
must agree with their subjects in number. Consequently,
computing subject-verb agreement is one of the most wellpracticed syntactic operations in sentence production. While
native adult speakers produce the correct agreement
frequently and effortlessly, certain circumstances elicit
agreement errors. Such errors are usually observed when two
nouns in the sentence have different pluralities. For example,
“The key next to the cabinets…” sometimes elicits the verb
“are” which agrees with the local noun instead of the subject.
These so-called attraction errors are more common in SP
(singular head noun and plural local noun) than PS (plural
head noun and singular local noun) sentences, a phenomenon
that is called the asymmetry of attraction (Bock & Miller,
1991).
Both attraction and its asymmetry have informed the
mechanisms of subject-verb computation in adult speakers
(see below). The comparison between the pattern of such
errors in adults and children has also been used to test
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brown.” The task elicited the four types of sentences in each
condition, shown in Table 1.
The results from 54 adult speakers showed that they rarely
made agreement errors in the low-demand Target-flash
condition when the head and local nouns had the same
plurality. However, in the same condition, they reported (1)
robust attraction errors (SP + PS > SS + PP) and the attraction
asymmetry (SP – SS > PS – PP). Moreover, they reported two
consequences for increased processing demands in the Cueflash condition: (2a) an exaggerated attraction asymmetry
(SP – SS >> PS – PP), and (2b) an increased rate of agreement
errors on plural-head sentences (PS + PP). The absence of
errors in congruent sentences under low-demand conditions,
together with the findings described above points to online
processing limitations as the source of agreement errors.
Nozari and Omaki (2022) further confirmed this by showing
a link between the two critical error types which increased
under high cognitive load (SP and plural errors) and
individual differences in inhibitory control.

does not contribute to the activation of a singular verb,
creating the attraction asymmetry.
Processing models of agreement, on the other hand, are
mostly focused on the cognitive processes, such as memory
and control processes, involved in agreement computations,
and view attraction as a consequence of resource limitations
in such processes (e.g., Engelmann et al., 2019). For example,
Badecker and Kuminiak (2007) posit that selecting the
correct verb form requires reactivating the relevant noun
from memory. This process of reactivation can be faulty
when the target content, i.e., the subject noun, partially
overlaps with similar but irrelevant content, i.e., a local noun.
Reactivation of the wrong content can thus elicit the incorrect
verb form and create agreement attraction.
Recently, Nozari and Omaki (2018; 2022) proposed a
hybrid model that combined the assumptions of the
Continuous Valuation models with the resource limitations
proposed by the processing models. According to this
account, different cues (e.g., singular vs. plural markers on
head and local nouns) activate conflicting representations
(e.g., plural vs. singular verb forms) that compete for
selection. Such conflict, if not resolved, leads to agreement
errors. In most cases, however, conflict triggers monitoring
and control mechanisms that intervene to successfully
resolve conflict in favor of the correct response, unless such
processes are taxed. To test this view, they had participants
play an interactive game with the experimenter by instructing
her how to color animals on her screen. Participants saw
slides that contained groups of colored animals (Fig. 1) and
learned that the experimenter had sheets with identical
compositions, only with some animals in black and white.
The experimenter pointed out the contrast sets (e.g., birds of
different colors next to snakes of different colors), and
explained to participants why they could be misunderstood,
unless they used complex NPs to give unambiguous
instructions to their game partner, e.g., “The bird next to the
brown snake is red.”
Nozari and Omaki (2022) manipulated monitoring and
control demands of sentence production using a finding from
Gleitman et al. (2007), who showed that speakers tend to
output a visually cued item first. Adapting this finding to the
referential communication paradigm, Nozari and Omaki
(2018) created two conditions: in the Target-flash condition,
the target item (i.e., the animal(s) the color of which was to
be described) flashed twice. This condition went along with
the natural tendencies of the speakers to output the visually
salient item first, and was thus low-demand. For example if
the red bird was flashing in Figure 1, the target sentence
started with the “The bird [next to the brown snake is red]”.
In the high-demand Cue-flash condition, the cue item (i.e.,
the animal(s) next to the target animal) flashed twice. For
example, the same sentence was elicited by flashing the
brown snake next to the red bird in Figure 1. This condition
was high-demand because speakers must overcome the
tendency to use the visually salient noun as the subject and
produce the sentence “The snake next to the red bird is

Figure 1: An example scene from the referential
communication paradigm. In the Target-flash condition, the
corresponding sentence would be “The bird next to the
brown snake is red.”
Table 1: Example target sentences for the SS, SP, PP, and
PS types. Congruency refers to the number match/mismatch
between the head and local nouns.
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along with evidence of agreement errors and agreement
asymmetry, in children similar to adults.

Agreement production in children
Most experimental studies of agreement production in
children are in French, using writing and/or preamble
paradigms (where participants complete sentence fragments)
which are particularly demanding on children’s cognitive
systems. The error patterns elicited from such studies suggest
very different patterns of agreement errors in children and
adults. The common finding is a default to singular, with no
evidence of agreement attraction before the ages of 8-9 years.
Even in the older age group which does show evidence of
agreement attraction, the asymmetry of attraction typical of
the adult data is missing (Fayol et al., 1999; Franck et al.,
2004).
A recent study, however, investigated agreement
production in 28 preschool English-speaking children using
a memory paradigm (Lorimor et al., 2019). Children had to
memorize the location of three pictured objects and repeat
them back to the experimenter after the pictures had
disappeared, using sentences like “The baby with the block(s)
is on the bed.” Although the task still had high demands on
memory, it had the advantage of evoking conceptualization
in children and having them produce sentences from
meaning, rather than spelling-to-dictation or preamble tasks,
in neither of which agreement production is rooted in
children’s conceptualization of events.
Interestingly, Lorimor et al. (2019) observed a qualitative
pattern of agreement errors that showed both agreement
attraction and the canonical attraction asymmetry. A
quantitative comparison between the child and adult data,
however, suggested differences. But it is important to note
that the differences stemmed from an atypical pattern in adult
speakers: surprisingly, their sample of adult speakers did not
show the well-established attraction asymmetry. The study,
unfortunately, did not analyze the child dataset separately to
test whether the child data alone showed robust attraction and
attraction asymmetry. Nevertheless, the findings suggest that
the conclusion of different subject-verb agreement processes
between adults and children may be premature.
Two possibilities are suggested by these contradicting
findings: (1) The association between subject and its verb in
children’s language production system may be weak in the
studied age groups (5–8-year-olds). Consequently, children’s
main strategy for verb production during this period may be
defaulting to the more frequent singular form. This account
is primarily an “impoverished knowledge” account, and
would predict the pattern often reported in French: higher
error rates in sentences with plural subjects and weak or nonexistent evidence of attraction or attraction asymmetry even
in older children ages 5-8 years. (2) Conversely, children’s
production systems may have formed strong and systematic
associations between subject and verb plurality as early as 5
years of age, and deviations from these systematic
associations may reveal limitations of online processing of a
kind proposed by the models of agreement production in
adults. This “processing limitation” account would predict
the correct use of the plural verb in plural-subject sentences,

Current study
The current study was designed to test the two possibilities
discussed above. We tested children in the same referential
communication paradigm as Nozari and Omaki (2018, 2022).
Exp 1 included 5-7-year-old children. The minimum age of 5
years was selected because of the absence of attraction errors
reported in 5-year-old French-speaking children. The
maximum age was selected because although 7-8-year-old
children did show evidence of attraction in the prior studies,
they did not show the attraction asymmetry (Franck et al.,
2004). Unlike Lorimor et al. (2019), we avoided a
quantitative comparison with the adult sample, because
children have both far less exposure to the statistics of
language and less mature monitoring and control processes
than adults, which is expected to create very different scales
of errors. This can, in turn, create unstable interactions in
statistical models (Rohrer & Arslan, 2021). What is of
theoretical interest here is not a quantitative comparison of
the effect sizes across populations, but rather the presence (or
absence) of statistically robust attraction, attraction
asymmetry, and sensitivity of agreement computations to
processing demands in a way similar to the adult speakers.
To anticipate, the results of Exp 1 revealed the presence of
attraction errors in children as young as 5 years of age,
together with other similarities to the adult error pattern when
processing demands were increased. One finding however,
remained ambiguous: unlike adult speakers, children in this
sample did not show a robust attraction asymmetry in the
low-demand Target-flash condition. A closer examination of
the data showed that this absence was due to the high rate of
errors on SS sentences by the youngest group, a pattern that
was not observed in older children. This left open the
question: Do English-speaking children between 6-8 years of
age show the attraction asymmetry? Exp 2 was designed to
answer this question, as well as replicate the main finding of
agreement attraction from Exp 1.

Experiment 1
Participants
Fifty-four neurotypical native English-speaking children
between the ages of 5-7.5 years participated in the study.
Three children were excluded because they were unable to
follow the instructions. The remaining sample consisted of 18
5-year-olds, 15 6-year-olds, and 18 7-year-olds; 24 females,
Mage = 6;5 years;months, SE = 0.12 years. Assignment of
children to conditions was balanced, with the average age
matched in Target-flash and Cue-flash conditions (6;5, SE =
0.18 vs. 6;5, SE = 0.18 years; t(52) = 0.16, p = 0.88).

Materials and Procedures
The same referential communication task used in Nozari and
Omaki (2018; 2022) was presented in PowerPoint on a 15-
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by-12 inch Dell monitor approximately 25 inches in front of
the children. After a training phase with pen and paper,
children were presented with scenes like Fig. 1 on the
monitor. On each trial an animal (or a pair of animals)
flashed, and children produced a sentence like “The bird next
to the brown snake is red.” to describe its color to the
experimenter, who then colored the animal(s) the same way
on her sheet. In the baseline Target-flash condition, the
flashing animal was the target, i.e., the one whose color was
to be described. In the Cue-flash condition, the flashing
animal was the cue animal, i.e., the animal next to the target,
who would appear in the prepositional phrase.
Each child within an age group was randomly assigned to
one of the two conditions. Children completed 8 slides (+ 2
practice slides) each containing 4 trials, for a total of 32
sentences. The sentences were equally divided between SS,
SP, PP, and PS types (see Table 1). Each animal appeared
equally often in the target and cue positions across the two
conditions. The experimenter pressed the space bar to start a
trial. The trial began with a beep and two flashes of the target
or the cue animal, depending on the condition, followed by a
different beep 6.5 seconds later that marked the deadline of
speaking (determined by pilot testing). To keep the child
engaged, they checked the experimenter’s work after each
trial. Breaks were allowed whenever children needed them.
Children finished the task within 30 minutes.

maximum likelihood (Laplace Approximation) in the
package lmerTest 3.1-3. The model contained Congruency
(with two levels, congruent, i.e., SS + PP, vs. incongruent,
i.e., SP + PS), Verb (with two levels, singular vs. plural), and
Condition (with two levels, Target-flash vs. Cue-flash), and
all the interactions between the three independent variables
as its fixed effect. The maximum random effect structure
tolerated by the model, i.e., the random intercept of subject
and item was included, and binary variables were contrast
coded (-0.5, 0.5). The results of any posthoc models reported
below were corrected for multiple comparisons using the
Bonferroni correction.

Figure 2: Average proportions of errors on verbs by
condition and sentence type. Means of subject means are
graphed, with error bars reflecting standard error. See Table
1 for examples of SS, SP, PP, and PS trials.

Results
All data were transcribed and coded by two native English
speakers blind to the hypotheses of the study. Cohen’s Kappa
was 0.88, showing high inter-rater reliability. Cases of
disagreement were reconciled by a third coder. Incomplete
sentences (i.e., those without a verb) and sentences in which
children produced the wrong plurality for either of the two
nouns were excluded from the analysis. This led to the
exclusion of about 10% of trials. Of the remaining 1472 trials,
336 contained a subject-verb agreement error. Only the
child’s first attempt on every trial was coded for errors.
Subsequently, we coded whether the child spontaneously
corrected their errors or not. The rate of agreement errors
showed a slight and gradual decrease by age (24%, 23% and
21% in 5, 6, and 7 year-olds, respectively). But even in the
eldest child group, the rate of agreement errors was still much
higher than in adults in a similar task (~2%; Nozari & Omaki,
2018). Figure 2 shows the distribution of agreement errors
across the four sentence types by condition. Error rates on SP
sentences were particularly high (~50%), which brings up the
possibility that children may simply be guessing what the
right form is in these sentences. To address this possibility,
we inspected monitoring performance on these trials. Out of
120 such errors, 56 (47%) were spontaneously corrected.
This shows that the high error rate in this condition is not the
result of children not possessing the knowledge of the correct
verb form, but rather a failure in online computation of the
correct agreement.
Analyses were done in R version 4.0.2., using a logistic
variant of the generalized linear mixed model (GLMM) fit by

The results showed a main effect of Congruency, i.e.,
attraction, with SP and PS sentences eliciting more agreement
errors than SS and PP sentences (43%, SE = 3% vs. 4%, SE
= 1%, respectively; β = 3.38, z = 12.49, p < .001). A post-hoc
model run on the youngest age group confirmed attraction
even among 5-year-olds (β = 4.44, z = 5.96, p < .001). The
main model also showed a significant Verb by Congruency
interaction, i.e., the attraction asymmetry (β = 1.43, z = 2.72,
p = .006). In addition, there was a significant Verb by
Condition interaction (β = 1.51, z = 2.99, p = .003). This
interaction marks the increase in the rate of plural errors in
the Cue-flash compared to the Target-flash condition (mean
of PP + PS: 25%, SE = 4% vs. 17%, SE = 4%, respectively),
whereas the rate of singular errors showed no such increase
(mean of SS and SP: 24%, SE = 4% vs. 26%, SE = 4%).
Finally, there was a significant three-way interaction between
Verb, Congruency, and Condition (β = -2.43, z = -2.41, p =
.016). This interaction implies that the Verb by Congruency
(i.e., the asymmetry of attraction) differs between the two
conditions. To unpack this, we ran post-hoc analyses on
subsets of the data containing Target-flash and Cue-flash
conditions, separately. After correcting for two comparisons,
there was a robust Verb by Congruency interaction in the
Cue-flash (β = 2.64, z = 3.24, p = .001), but not in the Targetflash condition (β = 0.21, z = 0.35, p = .728). The absence of
the attraction asymmetry in the low-demand Target-flash
condition was due to the relatively high rate of errors in the
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SS sentences (4%, SE = 2%), the majority of which was
committed by the 5-year-old children.

Results and Discussion
Transcription, coding, and analysis followed the same
procedures as Exp 1. Similar to Exp 1, plurality errors on
nouns and incomplete sentences were excluded from
analyses (5% of the total data). Of the remaining 637
sentences, 179 contained a subject-verb agreement error.
Figure 3 shows the pattern of agreement errors in Exp 2. The
rate of SP errors was even higher in Exp 2 than in Exp 1
(60%), but the rate of spontaneous corrections on these errors
was also higher (67%, with all age groups correcting at least
1/3 of their SP errors), again suggesting that these are not
knowledge, but processing, errors.
A model with Verb and Congruency and the interaction
between the two as fixed effects, as well as random effects of
subjects and items showed a significant effect of congruency,
i.e., agreement attraction, (β = 3.85, z = 9.24, p = < .001), and
a significant interaction between verb and congruency, i.e.,
the asymmetry of agreement attraction, (β = 2.02, z = 2.51, p
= .012). In short, Exp 2 replicated the agreement attraction
effect reported in Exp 1, and also confirmed the presence of
the asymmetry of attraction in children older than 5, under
normal processing loads.

Discussion
Experiment 1 yielded three results: 1) English-speaking
children, even the youngest group, showed a clear attraction
effect in agreement production. 2) Increasing demands on
sentence planning increased the rate of plural errors. 3)
Attraction asymmetry was apparent under the high-demand
Cue-flash, but not the low-demand Target-flash, condition.
The first two findings were similar to the results obtained
from the adults from the same paradigm (Nozari & Omaki,
2022), providing support for the processing limitation
hypothesis in children. The third finding, however, requires
more deliberation. Although attraction asymmetry was
exaggerated in the high-demand condition, adults showed the
asymmetry robustly in the low-demand condition as well,
whereas children did not. A closer inspection of the data
revealed that a possible cause for the absence of attraction
asymmetry in the low-demand condition may be the
relatively high rate of errors in the SS condition, committed
almost exclusively by the 5-year-old children. This finding
provides some support for the impoverished knowledge
hypothesis of subject-verb agreement in children before the
age of 6. Interestingly, the current data suggest that this
impoverishment is not always in the form of defaulting to the
singular form, but rather the loose association between
subject and verb may manifest as the production of the plural
verb in singular-subject sentences without attractors.
To summarize, the findings of Exp 1 suggested a mixture
of impoverished subject-verb agreement knowledge and
processing limitations in 5-year-old English-speaking
children, whereas the pattern of results in children 6 years of
age and older was compatible with a pure processing
limitation account, similar to the adult speakers. Exp 2 aimed
to replicate the main finding of Exp 1, i.e., agreement
attraction, and to specifically test for the presence of the
attraction asymmetry under low-demand conditions in
children 6-8 years of age.

Figure 3: Average proportions of errors on verbs
by sentence type. Means of subject means are
graphed, with error bars reflecting standard error.

Experiment 2

General Discussion

Participants

The purpose of this study was to revisit the notion that
syntactic processes that rely on long-distance dependencies,
such as subject-verb agreement in sentences with complex
NPs, are different in children and adults. The evidence for
such a view came primarily from studies in French, which has
a different morphonolgical system than English, and through
paradigms that require orthographic knowledge, and/or had
other demands such as high working memory load, which
may conceal children’s true processing abilities. Those
studies generally supported weak subject-verb associations in
children, with defaulting to singular forms and weak or
absent attraction and attraction asymmetry.
Using a referential communication game suitable for
children as young as 5 years of age, we demonstrated that the
pattern of agreement errors in children is, in fact, quite similar

The effect size from Nozari & Omaki (2018) for the attraction
asymmetry in the Target-flash condition in the adult data
(0.86) was used to estimate the required sample size for a
two-tailed within-subject test with α = 0.05 and power of
0.95, which was determined to be 20 participants (G*
3.1.9.7). We ran 21 children with the age range of 6-8.5 years
(13 6-year olds, 23 7-year olds, and 11 eight-year olds; 12
females, average age was 7;4, SE = 0.17 months).

Materials and Procedures
Materials and procedures were identical to Exp 1. Only the
Target-flash condition was used.
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to adult speakers. Exp 1 found robust evidence of agreement
attraction, even in the youngest child group. Moreover, an
increase in processing demands increased the rate of errors
on plural-subject sentences, just like in adults, providing
some support for the default status of the more frequent
singular form (e.g., Eberhard et al., 2005). Importantly
though, this effect is neither exclusive to children, nor the
most prominent piece of evidence for weak subject-verb
associations. Some of the 5-year-old children in the current
study mistakenly used plural verbs in SS sentences, showing
that in this age group, the knowledge of subject-verb
agreement in production may not yet be solid. Older children
did not make this mistake, and their error patterns were
generally similar to adults. Exp 2 replicated the findings of
Exp 1 in 6-8 year-old children, and also demonstrated a
robust attraction asymmetry in this group under normal
sentence processing demands. Together these findings
suggest a mixture of impoverished knowledge and processing
limitation as the source of agreement errors in 5-year-old
children, with older children’s agreement errors driven
mostly by processing limitations that are qualitatively very
similar to the adult speakers.
Why are our results —and conclusions— different from
prior studies on the subject? There are several valid reasons
for these discrepancies: first, as mentioned earlier, plural cues
are often silent in spoken French. Thus, French-speaking
children have fewer prominent and unambiguous cues to rely
on in their auditory input. They learn the distinction between
singular and plural forms more reliably once they begin to
learn French orthography, but the degree of exposure to text
and the variability in children’s rate of orthographic learning
make agreement production in French-speaking children less
systematic and stable than their English-speaking peers.
Second, when the task requires orthographic knowledge, or
the child completes a sentence fragment that they have not
originally planned, the demands are not comparable to
sentence production in conversational settings. It is thus
reasonable to expect different patterns of performance in
those studies and ours, in which no memorization was
required, and children planned their sentences with a
communicative goal.
Most comparable to the current study, in terms of paradigm
and language, was Lorimor et al.’s (2019) study in preschool
children. Although the authors’ comparison to an atypical
pattern of adult data led to the conclusion that children and
adults have different agreement production mechanisms, the
error pattern produced by children was strikingly similar to
that reported in the current study. Also similar to the current
study, younger children sometimes defaulted to one form of
the verb or another in all their responses, which led to
unusually high error rates. That study, however, did not
include children 6 years and older, who have been the target
of the French studies and the current study. In short, the
current results from the younger children are largely similar
to those reported by Lorimor and colleagues but add to them
by showing that around the age of 6, children as a group begin

to show all the properties of adult-like agreement production,
albeit with much lower proficiency.
To summarize, these results provide the first evidence that the
computations underlying subject-verb agreement production,
and more generally syntactic operations relying on longdistance dependencies, are similar in children and adults.
This is despite the fact that the error rates on similar tasks
differ by an order of magnitude between the two age groups,
which points not just to less exposure to structures with
complex NPs (see Lorimor et al., 2019 for a corpus analysis),
but also to the less mature cognitive processes that have been
shown to play a role in agreement computations, such as
working memory, monitoring and inhibitory control
(Hartsuiker et al., 2003; Nozari & Omaki, 2022).
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Abstract

across multiple stimulus dimensions (Ashby & Maddox,
2011). Learning of RB and II categories is thought to be
supported by distinct learning mechanisms. RB learning is
dependent on explicit learning mechanisms involving
prefrontal cortex (PFC) and head of the caudate nucleus in
the striatum that rely on selective attention and working
memory (Ashby et al., 1998). II learning is dependent on
implicit, procedural learning mechanisms involving the
putamen and body and tail of the caudate (Ashby et al., 1998).
Critically, these learning systems undergo separate
developmental patterns. The system that optimally learns RB
categories relies on the PFC, a brain structure that continues
to develop even into adulthood (Diamond, 2002; Gogtay et
al., 2004; Kolk & Rakic, 2022). Cognitive abilities like
selective attention and working memory that are involved in
RB learning also continue developing in childhood (Cowan,
2016; Gathercole, 1999; Plude, Enns, & Brodeur, 1994). In
contrast, the procedural system that optimally learns II
categories relies on the caudate nucleus, which is thought to
be fully adultlike by 7 years old (Casey et al., 2004).
Procedural learning systems are adultlike by 10 years old
(Diamond, 2002).
In prior work, children have been compared to adults in
their ability to learn RB and II categories separately in the
visual and auditory modalities. For RB categories, the general
finding across modalities is that adults are better at learning
than children (Huang-Pollock, Maddox, & Karalunas, 2011;
Rabi & Minda, 2014b; Reetzke, Maddox & Chandrasekaran,
2016). RB learning also improves with age – adults are better
at RB auditory category learning than adolescents (13-19years-old), who are themselves better at learning than
children (7-12-years-old; Reetzke et al., 2016). The
developmentally sensitive ability to selectively attend to
dimensions that are relevant and ignore dimensions that are
irrelevant during learning is thought to underlie their poorer
RB learning (Rabi & Minda, 2014a; Rabi, Miles, & Minda,
2015). Specifically, children often use suboptimal rule
strategies during RB learning.
For II categories, learning patterns across development are
less clear. There is some evidence that, like RB learning,
children are also worse at II learning compared to adults

Category learning is a fundamental skill across modalities.
Previous studies have investigated how children learn
categories, primarily focusing on a single modality within a
study. As a result, it is not well understood how the same
children approach category learning tasks across modalities. In
this study, we investigate 7–12-year-old children’s ability to
learn rule-based or information-integration categories in the
auditory and visual modalities. Our results indicate that
children learn and generalize their knowledge better for visual
than auditory categories, regardless of category type, and for
rule-based than information-integration categories, regardless
of modality. Even so, learning was strongly correlated across
all tasks. Children overwhelmingly used unidimensional rulebased strategies to learn, regardless of whether it was optimal
for the task. These results demonstrate that there are individual
differences in children’s ability to learn perceptual categories
across modalities and suggest that category learning in children
is both category- and modality-general.
Keywords: category learning; development; audition; vision

Introduction
Category learning is a vital skill in human cognition and
supports object recognition in the visual modality (Richler &
Palmeri, 2014) and speech perception in the auditory
modality (Holt & Lotto, 2010). The ability to learn new
perceptual categories is important in childhood. For example,
children continue learning categories of sounds of their native
language until category representations become adultlike
around 12 years old (Hazan & Barrett, 2000; Idemaru & Holt,
2013; Nittrouer, 2004; Nittrouer, Manning, & Meyer, 1993;
Zevin, 2012). Category learning across modalities is a
relevant skill across the lifespan – adults can continue
learning novel categories such as the sounds of a foreign
language or species of birds for a birdwatching hobby. Prior
research has separately focused on how children learn
categories in the visual or auditory modalities. As a result,
little is understood about how development affects learning
of categories across both modalities.
Different kinds of categories have their own unique
learning demands. While rule-based (RB) categories require
selective attention to individual stimulus dimensions,
information-integration (II) categories require integration
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(Huang-Pollock et al., 2011; Roark & Holt, 2019). Poor II
performance has been proposed to occur because of
inefficient transition from rule-based to task-appropriate
procedural strategies, a switch that is proposed to be
controlled by the PFC (Huang-Pollock et al., 2011). Further,
during II learning, many children perseverate with taskinappropriate rule-based strategies, as a result, learning is
worse (Huang-Pollock et al., 2011; Roark & Holt, 2019).
However, there are reasons to expect that children may
learn II categories just as well as adults. While children
ubiquitously struggle to learn RB categories relative to
adults, studies have found that 3-8-year-old children can be
just as accurate as adults in learning visual categories that
cannot be described with a simple rule (Minda, Desroches &
Church, 2008; Rabi & Minda, 2014a; Rabi et al., 2015). In
the auditory modality, one study found that while many 5-7year-olds perform worse than adults and struggle to learn II
categories, children who used adultlike procedural strategies
performed just as well as adults (Roark & Holt, 2019).
Children may also be better at II learning than RB learning
because the way they allocate their attention may be wellaligned with the demands of II learning. While children are
unequivocally poorer than adults at selectively attending to
individual dimensions, children may be better at integrating
across dimensions than adults (Kemler & Smith, 1978; Smith
& Kemler, 1978). Children are also sometimes better than
adults at seeing patterns between stimuli (Lucas et al., 2014)
and are better at remembering information from categoryirrelevant dimensions than adults (Deng & Sloutsky, 2016;
Plebanek & Sloutsky, 2017; Sloutsky & Fisher, 2004).
Children also use more exploratory strategies than adults in
explore-exploit tasks (Blanco & Sloutsky, 2019, 2020;
Liquin & Gopnik, 2022). During category learning, whereas
adults tend to exploit rule-based strategies, children use
similarity or family resemblance strategies (Minda & Miles,
2009). These behaviors may be particularly useful for II
category learning, where participants must integrate across
multiple dimensions to determine category identity, rather
than exploiting a single dimension rule-based strategy. To
understand how children’s allocation of attention may
differently affect RB and II learning, it is necessary to
examine how the same children approach these different
category learning tasks.
Further, children’s ability to learn RB and II categories has
never been compared across modalities. In adults, auditory
and visual learning and memory share many similarities
(Nahum, Nelken, & Ahissar, 2010; Visscher et al., 2007). In
contrast, there is evidence of auditory dominance in children.
In unimodal tasks, from infancy until at least 7-8 years old,
children show a preference for auditory over visual
information, whereas adults show a preference for visual
information (Budoff & Quinlan, 1964; Napolitano &
Sloutsky, 2004; Robinson & Sloutsky, 2004, 2013; Sloutsky
& Napolitano, 2003). Patterns of learning across modalities
may change with development. Children’s ability to learn
temporal adjacencies in the visual modality improves from 5
to 12 years old but learning in the auditory modality stays

constant in this same age range (Raviv & Arnon, 2018).
These results suggest that younger children may demonstrate
better learning for auditory than visual categories.
In all, prior work has demonstrated differences in children
and adults in how well and/or how they learn visual RB
categories (Huang-Pollock et al., 2011; Rabi & Minda,
2014a; Minda et al., 2008), visual II categories (HuangPollock et al., 2011; Rabi & Minda, 2014a; Minda et al.,
2008), auditory RB categories (Reetzke et al., 2016), and
auditory II categories (Roark & Holt, 2019). However, it is
unclear how the same children learn in these different tasks
as prior studies have relied on comparison of adults and
separate groups of children. There has been very little
consideration of how children learn in these different tasks.
As a result, little is understood about how the same child
learns these different types of categories (RB and II) and
categories across different modalities (auditory, visual).
In the current study, we investigate learning of rule-based
or information-integration auditory and visual categories in
7-12-year-old children. We assess how well participants learn
the categories, how well they generalize to novel stimuli
without feedback, and the strategies they use during learning.

Methods
Participants completed three sessions – a background
assessment session and two category learning sessions.

Participants
Participants were 29 children (10 Female, 19 Male) ages 712 years (M = 8.86, SD = 1.46) recruited from participation
in previous studies or through a local recruitment database
Pitt+Me. All participants received $10/hour for participation.
Families of the children received an additional $10 for
completing all background assessment questionnaires.

Stimuli
We selected pairs of dimensions across modalities that are
important for basic perception in both modalities and have
been proposed to be analogs of one another (Visscher et al.,
2007). Further, we created comparable category distributions
that allow for comparison across modalities (Figure 1).
Auditory category stimuli were nonspeech ripple sounds
that varied in temporal modulation and spectral modulation.
Visual category stimuli were Gabor patches that varied in
spatial frequency and orientation. The stimulus distributions
were first created in a normalized space and then separately
transformed to auditory and visual spaces based on equations
used in prior research (Roark et al., 2021). The rule-based
(RB) categories can be separated based on a unidimensional
rule along the temporal modulation (auditory) and spatial
frequency (visual) dimensions. The information-integration
(II) categories require both dimensions to separate the
categories – a single dimension would lead to suboptimal
performance. Each category type had 200 stimuli
(100/category). An additional grid of 64 stimuli was
presented in the generalization test block.
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each trial, participants heard a sound or saw an image (1 sec),
made an untimed response about the category identity (1 or 2
on the keyboard), and received feedback immediately after
their response (smiling face icon for Correct and frowning
face icon for Incorrect), followed by a 1 sec inter-trial
interval. Participants were told to be as accurate as possible
and did not receive feedback in the generalization test.

Modeling
To understand the learning strategies that participants used to
learn the different categories, we applied decision-bound
computational models (Ashby, 1992; Maddox & Ashby,
1993). Specifically, we applied several classes of models to
participants’ response data that make different assumptions
about the types of strategies that participants use – explicit
rule-based models, an implicit integration model, and a
random responder (“guessing”) model. We fit the models to
each block of each participant’s data to understand their
strategy use across tasks and blocks using maximum
likelihood estimation (Wickens, 1982). Best-fitting models
were decided based on the Bayesian Information Criterion
(BIC): BIC = r*lnN - 2lnL where r is the number of free
parameters, N is the number of trials in a block for a given
subject, and L is the likelihood of the model given the data
(Schwarz, 1978). The model with the lowest BIC value was
selected as the best-fitting model. The best-fitting models
accounted for 66% of participant responses, which is better
than chance (50% +/- 12%, 95% cumulative probability).

Figure 1: Category distributions.

Procedure
Participants completed one session of assessments of
demographics and history of communication or
psychological disorders. No children had a communication
disorder at the time of testing.
Participants returned at least one week later for a second
session. In the second and third sessions (separated by at least
one week), they completed four category learning tasks – RB
auditory, RB visual, II auditory, and II visual. In each session,
participants always completed one auditory and one visual
task, counterbalanced in order across participants. This was
done to minimize potential carryover effects within a
modality. The order of RB and II tasks within modality was
also counterbalanced across participants.
To ensure that the task was child-friendly, there was a
cover story for each task. For the auditory tasks, participants
were told that they were encountering aliens that made
different kinds of sounds and needed to decide who was
talking. To minimize carryover effects across tasks within the
same modality, we oriented participants to different planets
in this cover story and used different aliens (blue/red and
green/purple) for the RB and II tasks. For the visual tasks,
participants were told that they were encountering wizards
that had different kinds of crystal balls (inside of which the
Gabor patches were presented) and needed to decide which
wizard the crystal ball belonged to. We oriented participants
to different forest scenes and used different wizards
(pink/purple, green/blue) for the RB and II tasks.
Within each category learning task, participants completed
four 50-trial blocks of feedback-based training followed by
one 64-trial generalization block where they encountered
novel exemplars and no longer received any feedback. On

Rule-based strategies Rule-based strategies involve
selective attention to individual dimensions. We fit separate
models that assume that participants used a rule-based
strategy along the two available dimensions. The two
dimensions in the auditory modality were temporal and
spectral modulation and in the visual modality were spatial
frequency and orientation. One example strategy in an
auditory task might be to categorize all stimuli with a
temporal modulation rate faster than 8 Hz into Category A
and all stimuli with a rate slower than 8 Hz into Category B.
Rule-based models each have two free parameters – the
location of a decision boundary along the dimension and a
perceptual/criterial noise parameter. The optimal strategy is a
rule along temporal modulation for auditory-RB categories
and a rule along spatial frequency for visual-RB categories.
Integration strategies Integration strategies involve
integration across both stimulus dimensions to separate the
categories. Integration strategies are thought to reflect
implicit, procedural learning processes with boundaries that
are not easy for participants to verbalize (Ashby et al., 1998).
The integration model assumes that participants separate the
categories with a linear decision boundary and has three free
parameters: the slope and intercept of the decision boundary
and a perceptual/criterial noise parameter. An integration
strategy that has a positive slope is optimal for the auditoryII and visual-II categories.
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Figure 2: Category learning accuracy across blocks in the
four different tasks. Individual subject performance is
shown in colored dots. Error bars reflect SEM.

Figure 3: Generalization test accuracy. Individual subject
performance is shown in colored dots. Error bars reflect
SEM.

Random responder/guessing strategies We fit a random
responder model that assumes that a participant guesses on
each trial. This enables examination of behavior when
participants do not have a clear idea of the category identities.

Performance was stable across most of the task, with most
learning gains occurring in the first block. There were no
significant differences across blocks (F(2.19, 61.4) = 1.47, p
= .24, hg2 = .004). No other main effects or interactions were
significant (ps > .17).
These results indicate that children learn these carefully
matched RB and II categories differently, but only in the final
block. Further, this pattern was similar across the auditory
and visual modalities, indicating that category learning may
be supported by modality-general mechanisms.
However, children also performed better in the visual tasks
than the auditory tasks in the middle blocks of learning. In
the first and final blocks, there were no significant differences
between the modalities. This may indicate that participants
were able to glean something about the visual stimuli more
rapidly than the auditory stimuli, boosting their performance
in those intermediate blocks. However, with more
experience, they were able to end the tasks with similar
performance across modalities.

Results
To understand how children learn auditory and visual RB and
II categories, we compared their performance during
learning, their performance during generalization, and their
learning strategies across the tasks.

Category learning
Children learned the different categories to differing degrees
of success (Figure 2). We ran a repeated measures ANOVA
with modality (auditory/visual), category (RB/II), and block
(1-4) as factors.
Overall, accuracy was significantly higher in the visual
tasks than the auditory tasks (F(1, 28) = 4.24, p = .049, hg2 =
.014). However, there was also a significant interaction
between modality and performance across blocks (F(2.12,
59.5) = 4.91, p = .009, hg2 = .010). Bonferroni-corrected posthoc tests indicated that visual tasks had significantly higher
accuracy than auditory tasks in blocks 2 (p = .001, visual:
66%, auditory: 59%) and 3 (p = .020, visual: 64%, auditory:
60%). There were no significant differences across
modalities in blocks 1 (p = .80, visual: 61%, auditory: 60%)
or 4 (p = .71, visual: 63%, auditory: 62%).
Though there were no significant differences between
average RB and II accuracy (F(1, 28) = 3.33, p = .079, hg2 =
.012), there was a significant interaction between the
category being learned and performance across blocks (F(3,
84) = 2.87, p = .041, hg2 = .0080). Bonferroni-corrected posthoc tests indicated that there were no significant differences
between RB and II accuracy in blocks 1, 2, and 3 (ps > .12),
but accuracy was significantly higher in the RB task than the
II task in block 4 (p = .005, RB: 66%, II: 60%).

Generalization
In the generalization test, we tested participants on a grid of
stimuli to see how well they were able to generalize to stimuli
that fell in trained and untrained regions of space (Figure 1).
We examined the differences between children’s ability to
apply previously learned categorization knowledge to these
novel exemplars. We excluded any stimuli from this grid that
fell directly between the two categories (i.e., did not clearly
belong to one category or another). We then calculated the
accuracy based on how well responses matched the groundtruth category identity of the generalization test stimuli.
Children’s ability to generalize their categorization
knowledge to novel exemplars differed based on the category
they were learning (F(1, 28) = 4.61, p = .041, hg2 = .030) and
the modality of the stimuli (F(1, 38) = 5.13, p = .031, hg2 =
.020). Specifically, children had higher generalization
accuracy for RB (67%) than II categories (62%; 95% CI
[1.15, 9.69]) and for visual (M = 67%) than auditory tasks (M

419

Figure 5: Generalization test accuracy by age in the
children group.

Figure 4: Correlations between test performance in tasks
with the same category in different modalities (top) and
same modality with different categories (bottom).

modality-general abilities. Overall, children were somewhat
more successful at learning and generalizing their knowledge
about visual categories, regardless of category type, and RB
categories, regardless of modality.

= 62%; 95% CI [.80, 8.06]). There was no significant
interaction between category and modality (F(1, 28) = 0.30,
p = .59, hg2 = .00090).
A key component of the current study is that we examined
learning across these four tasks in the same individuals. This
provides the ability to understand how the same child learned
across these diverse tasks. To better understand how the same
individuals learned these different categories, we examined
the correlation between generalization performance across
tasks (Figure 4). Generalization test performance was
significantly positively correlated in the II tasks in the
auditory and visual modalities (r = 0.50, p = .0056), the RB
tasks in the auditory and visual modalities (r = 0.67, p < .001),
the II and RB tasks in the auditory modality (r = 0.43, p =
.020), and the II and RB tasks in the visual modality (r = 0.53,
p = .0028). We compared the strengths of the correlations
across tasks using the cocor package in R (Diedenhofen &
Musch, 2015). There were no significant differences in the
correlations between the II auditory-visual (r = 0.50) and RB
auditory-visual tasks (r = 0.67; p = .32) or between the
auditory II-RB (r = 0.43) and visual II-RB tasks (r = 0.53; p
= .57). This indicates that the ability to learn and generalize
knowledge about these categories is related across tasks
regardless of modality or the type of category being learned.
It is also important to note that the children in this study
had ages across a relatively wide developmental timespan
(e.g., 7-12 years). To better understand how these age
differences might relate to their performance in these four
tasks, we examined the correlation between age (in decimal
years based on date of the experiment and their birthday) and
accuracy in the generalization test (Figure 5). There was no
significant correlation in any task (ps > .07) and there were
no significant differences among the correlations (ps > .11),
assessed with cocor package in R.
Together, these results indicate that perceptual category
learning in children may be supported by category- and

Learning strategies
Accuracy alone does not provide detailed information about
how participants learn these categories. To better understand
how learners approached these categorization problems, we
examined their learning strategies using decision-bound
computational models (Figure 6).

Figure 6: Learning strategies across blocks and in the
generalization test for the auditory and visual tasks.
Participants overwhelming used rule-based strategies
across tasks, regardless of whether this was optimal for the
task. Even by the final block of learning, in both the auditory
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and visual II tasks, 93% of participants used suboptimal rulebased strategies, compared to only 7% using the optimal
integration strategy. In the auditory-II task, 59% used
temporal modulation strategies and 34% used spectral
modulation strategies. In the visual-II task, 62% used spatial
frequency strategies and 31% used orientation strategies.
In the RB tasks, rule-based strategies are the optimal
strategies for learning. That is, participants could maximize
their accuracy if they selectively attended to the temporal
modulation dimension in the auditory-RB task or the spatial
frequency dimension in the visual-RB task. In contrast to the
II tasks, many participants used the optimal strategies during
the RB tasks. In fact, the optimal rule-based strategies were
the most common strategies in every block. By the final block
of learning, 76% of participants in the auditory-RB task and
83% of participants in the visual-RB task used the optimal
rule-based strategy to separate the categories.

strategies based on selective attention, even when that was
not optimal for learning.
At face value, the bias towards rule-based strategies seems
to conflict with work that shows that children are more likely
to integrate across dimensions, rather than selectively attend
to them. However, much of this developmental trajectory is
thought to occur between the ages of 5 and 8 (Kemler &
Smith, 1978; Smith & Kemler, 1978), at the early end of our
sample here. Our findings are consistent with prior work that
shows that children tend to perseverate with suboptimal rulebased strategies in both RB and II tasks (Huang-Pollock et
al., 2011; Rabi & Minda, 2014a; Rabi et al., 2015; Roark &
Holt, 2019). Our results suggest that the bias to use
unidimensional rules in children is independent of the
modality of the stimuli.
The finding that children were also better able to generalize
to RB categories than II categories is consistent with the adult
literature. The generalization stimuli that we used included
stimuli that fell within the trained category regions and
stimuli in untrained regions. In adults, generalization is more
robust for RB categories than II categories, especially in
untrained regions of space (Casale, Roeder, & Ashby, 2012;
Smith et al., 2015). While RB categories can be learned using
rules that apply unambiguously to untrained regions of space,
learning of II categories relies on learning stimulus-response
associations that are specific to the training set. As a result,
learning stimulus-response associations limits generalization.
Though children primarily used rule-based strategies, our
results suggest that children show a similar pattern of
generalization as adults and that RB generalization is more
robust than II generalization.
Further, we observed that there was variability across this
sample of children in their ability to learn each of these four
categories. Recent work suggests that adults are also quite
variable in their category learning ability (Llanos et al., 2020;
Roark & Chandrasekaran, 2021; Shamloo & Hélie, 2020;
Shen & Palmeri, 2016). Much is still not understood about
what drives individual differences in learning performance in
adults, but a key factor may be working memory ability
(Craig & Lewandowsky, 2011; Lewandowsky et al., 2012;
Lloyd et al., 2019; McHaney et al., 2021; Roark &
Chandrasekaran, 2021). Future work should focus on the
factors driving individual differences in children’s learning
and whether these are the same or different across modalities.
Additional longitudinal work could also reveal how
individual differences in learning in childhood might relate to
individual differences in learning in adulthood.
In all, our results suggest that perceptual category learning
in children may involve category- and modality-general
mechanisms, with substantial individual differences across
children. Further, instead of being better able to integrate
across dimensions, children showed a bias to use
unidimensional rules regardless of whether it was helpful for
categorization. These results have implications for
understanding the development of category learning and
individual differences in cognition during development.

Discussion
We investigated rule-based and information-integration
auditory and visual perceptual category learning in 7-12year-old children. We found that learning was strongly
correlated across tasks and modalities, indicating a potential
source of learning ability that is both category- and modalitygeneral. We also found that children overwhelmingly used
rule-based strategies to solve these categorization problems,
regardless of whether it was optimal for the task at hand.
Relatedly, children also learned and generalized to RB
categories better than II categories. These results provide
substantial insights into the nature of perceptual category
learning in children.
Prior work has focused on category learning in either the
visual or auditory modalities. Our work expands the literature
by directly investigating visual and auditory learning in the
same individuals. Rather than a bias for learning in the
auditory modality, as has been demonstrated with problems
other than category learning (Budoff & Quinlan, 1964; Raviv
& Arnon, 2018), we found that children sometimes
performed better in the visual modality. Additionally, the
ability to learn either visual or auditory categories did not
differ by age across our 7- to 12-year-old sample. These
results suggest that the processes children use to learn
categories may be somewhat more beneficial for the visual
modality and may not depend on mechanisms that mature in
this age range.
However, we also found that children’s ability to learn
these categories was strongly correlated across tasks. Recent
work in adults has also found category learning is strongly
correlated across modalities (Roark et al., 2021). These
results suggest that perceptual category learning abilities in
children may be supported by both category- and modalitygeneral mechanisms.
We found that by the end of learning and in the
generalization test, children demonstrated a consistent
advantage for learning RB over II categories. One potential
factor to this RB advantage is that children overwhelmingly
used rule-based strategies across tasks. That is, children used
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Abstract

with the number of points (Graham et al., 2000). People can
solve TSPs of up to 100 points while staying within 10% of
the optimal solution (Dry et al., 2006). A study by van Rooij
et al. (2006) showed that even 7-year-old children can solve
TSPs with decent performance, and the quality of TSP solutions increased with participants’ age to adulthood. Together,
these findings suggest that perceptual processing may be one
capacity used to solve TSPs, and increased analytical processing in adults improves TSP performance. Macgregor et
al. (2000) presented a computational model of humans’ TSP
performance suggesting that their problem solving is guided
by the convex hull (the “border” of a problem, i.e., the smallest shape that contains all of its points). They proposed that
people generally select points on the convex hull, while picking up more interior points along the way. The model performed better at predicting the length of human TSP solutions
compared to the naive nearest neighbor algorithm, where the
closest available point is chosen next.

The traveling salesperson problem (TSP) is an NP-Hard problem that computers find difficult to solve. Humans are surprisingly good at solving the TSP, with solutions within 10%
of optimal for problems with up to 100 points, constructed in
time linear with the number of points. We propose that humans solve the TSP by initially clustering the points and then
connecting them first within and then between clusters. In this
study, 67 participants first clustered 40 stimuli and then solved
them as TSPs. Strikingly, participants’ TSP solutions perfectly
followed their clusters for 52% of the stimuli. Further, participants’ TSP solutions were more congruent with their clusters
for stimuli with statistically higher levels of clustered structure.
This provides strong evidence for the clustering proposal. Random TSP solutions, however, showed no such congruence to
cluster structure. These findings suggest that clustering might
be a fundamental ability for human reasoning about graphtheoretic algorithmic problems.
Keywords: traveling salesperson problem; clustering; problem solving; computational complexity; computational thinking

Introduction
The traveling salesperson problem (TSP), one of the most
well-studied optimization problems of computer science, is
an NP-hard problem that is difficult for computers to solve.
Solving a TSP for a given a set of points involves finding
the shortest tour that visits each point once and returns to the
starting point. The difficulty of the TSP increases exponentially with the number of points, leading to a combinatorial
explosion of time and space costs when solving large problems. Efficient solutions to TSPs have wide applicability for
a variety of fields such as package delivery, transportation,
DNA sequencing, and the development of semiconductors,
making it an important problem to understand.
Humans routinely face and (approximately) solve problems that are difficult for computers, but humans’ processes
are not yet well understood. Therefore, understanding how
humans solve the TSP could provide more general insights
into the heuristics they use and the constraints they place
on hard problems to make them more tractable, leading to a
richer computational theory of human problem solving (Van
Rooij et al., 2012).
Humans have been found to be surprisingly good at solving the TSP, with fast solution times that increase linearly

However, there are some limitations to this approach.
Problems with more points on the convex hull should be easier according to this model, but humans sometimes judge
them as more difficult (Dry & Fontaine, 2014). Additionally,
model fit was evaluated based on the difference between tour
lengths generated by the model vs. humans, which may be
too coarse a metric because qualitatively different solutions
for a TSP instance can have similar tour lengths. Perhaps the
greatest challenge to this model is that the worst-case time
complexity of computing the convex hull of a set of n points
is O(n log n) for problems on the plane, a greater complexity
than the linear time humans usually take.
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Here, we consider a different proposal: that people solve
TSPs by first clustering their points. This decomposes a
larger problem into a set of smaller problems. Next, they
choose an initial cluster and a starting point within, then
connect the points in the cluster. This is efficient because
clustered points are, by definition, fewer and closer together.
When they finish connecting the points in a cluster, they jump
to the next cluster and repeat this process. They continue until all points within all clusters are connected, finally finishing at the starting point in the initial cluster. We are not the
first to propose that people use clustering to guide the solu-

In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

tion of TSPs. Graham et al. (2000) outline their “Pyramid”
model, inspired the by the hierarchical structure and parallel processing of the human visual system, which produces
tours of lengths similar to those human participants. However, like Macgregor et al. (2000), the specific tours generated
by their model do not necessarily resemble human solutions
of the same TSPs. Kong and Schunn (2007) offer a model that
uses the K-Means clustering algorithm to implement a strategy similar to that of the Graham et al. (2000) model, and
which achieves high path correlations with human solutions
for the TSP.
A major limitation of clustering-based models of human
TSP performance is that human clustering of dot arrays had
not been rigorously studied until very recently. This was an
important gap, as it was unclear whether humans possess a
stable clustering ability which can in turn serve as the basis
for the efficient solution of TSP problems. Recent work in our
lab has shown that people are highly reliable at clustering dot
arrays, suggesting a stable algorithm (Marupudi et al., 2020).
Participants were asked to cluster the same stimulus twice at
different time points. We found remarkable stability in performance: They tended to include the same points in the same
clusters on both occasions. This reliability varied by how statistically clustered (vs. dispersed ) the stimulus was: More
clustered stimuli were more reliably clustered than more dispersed stimuli. We subsequently found a similar trend in the
reliability of human TSP solutions, with more reliable TSP
paths for clustered vs. dispersed stimuli (Marupudi et al.,
2021). Finding reliability in both clustering and TSP performance is consistent with the use of clustering as a step in
solving TSP instances.
The current study builds on prior work from our lab and
from other investigations of clustering as foundational to TSP
problem solving. Importantly, this is the first study to directly
tie the cluster performance and the TSP performance of a particular individual on a particular stimulus. Participants saw
each stimulus twice, once as a clustering problem and once
as a TSP problem. We analyzed whether their TSP solutions followed the contours of their clustering solutions. In
addition to this structural alignment, we also looked for evidence of a clustering mechanism in the temporal dynamics of
TSP problem solving. Specifically, we predicted that people
would take longer to connect points in different clusters than
points in the same cluster (after controlling for differences in
the lengths of inter-cluster versus intra-cluster connections).
Finally, we compared the clustering and TSP solution processes of humans against a novel set of baselines: randomly
generated clusters, K-Means generated clusters, and solutions
generated by optimal TSP solver programs.

and were compensated with a $15 gift card. The study was
approved by the local IRB.

Design
Both the Clustering and TSP tasks followed a 5 × 2 withinsubjects design. The factors were Number of Points (10, 15,
20, 25, 30) and Cluster Structure (clustered, dispersed), varied orthogonally. Four stimuli were generated for each of the
ten cells of the design, as described next. For the Clustering
task, we recorded each participant’s clusters for each stimulus, i.e., the cluster membership of each point. For the TSP
task, we recorded each participant’s tour for each stimulus,
i.e., the sequence of edges, as well as the time to construct
each edge. These measurements were the basis for the dependent variables we analyzed, as described below.

Materials
Stimuli were generated randomly using a uniform distribution across a two-dimensional 800 x 500 pixel canvas, and
were then filtered for having the desired amount of Cluster
Structure. We used the Z-score index of the amount of cluster
structure in a stimulus. This includes the variance and edge
effect estimates provided by Donnelly (1978), defined as:
d¯ − E(di )
Z=p
¯
Var(d)
d¯ is the nearest neighbor distance:
∑N di
d¯ = i=1
N
E(di ) is the expected value of the nearest neighbor distance
for random patterns where A is the area and B is the perimeter
of the Canvas:
r


A
0.041 B
E(di ) = 0.5
+ 0.0514 + √
N
N
N
¯ is defined as:
Finally, Var(d)
¯ = 0.070 A + 0.037B
Var(d)
N2

r

A
N5

See Donnelly (1978) and Ripley (1979) for more information
on the Z-score index, its definition, and the constants in the
formulae above.
We made alterations to the Z-score index to account for
margins in the stimuli. These were necessary because the
metric was not originally designed for guiding the design of
experimental materials. Pilot testing showed that participants
ignored the whitespace around the perimeter of a stimulus.
This made the raw Z-score index inaccurate when randomly
generated points happened to result in sizable margins on the
canvas. To control for this, we calculated the Z-score index
for stimuli after first removing the whitespace margins.
Then, for each level of the Number of Points factor (i.e.,
10, 15, 20, 25, and 30 points), we generated images with the

Methods
Participants
Sixty-seven undergraduate students at a large public university in the Midwest U.S. completed the study. Participants
were given 1 hour to complete the study (Median = 44.7 min.)
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Figure 2: Prevalence of perfectly congruent trials (Cluster deviance = 0) among clustered and dispersed stimuli.

problem using a custom jsPsych plugin by clicking on each
point in the tour, in order. Following each click, the point
turned blue, and an edge was drawn in blue from the previous
point to the clicked point. Thus, the tour was shown to participants as they constructed it. The trial ended after participants
selected the last remaining point. Again, they could not undo
their selections. We collected timestamps for each clicking of
a point, and also recorded their overall tours.

Figure 1: Examples of clustered (Z-score: 1.009) and dispersed (Z score: −2.003) instances.
specified number of points positioned randomly on the twodimensional 800 x 500 pixel canvas. We then randomly selected four images with corrected Z-score index values in the
range 1.00 ± 0.05 as the clustered stimuli, and four images
with values in the range -2 ± 0.05 as the dispersed stimuli.
We chose these ranges based on pilot testing, with the goal
to select clustered stimuli that did not appear obviously clustered when viewed in isolation, but for which their cluster
structure became clearer when they were directly contrasted
with the dispersed stimuli (see Figure 1). This resulted in 40
unique stimuli for participants to view in both the Clustering
and TSP tasks.

Results
Quantifying Cluster Deviance and Congruence
To quantify how different participants’ TSP solutions were
from their clusterings of the same stimulus, we created a measure of cluster deviance. Our initial metric first calculated the
number of cluster transitions, i.e., the number of times a participant’s TSP tour crossed from a point in one cluster to another cluster, based on the clusters they individually defined
for the same stimulus earlier. By definition, the minimum
number of cluster transitions is the number of clusters the
participant had drawn, and it occurs only when a participant’s
TSP tour perfectly respects their own clustering. To anchor
this measure at 0, we subtracted off the number of clusters
the participant had drawn. Thus, a value of 0 indicates minimal cluster deviance (i.e., maximal congruence), and higher
values indicate increasing cluster deviance (i.e., decreasing
congruence).
A problem with this metric is that its maximal possible value increases with the number of points (and thus the
number of possible deviant transitions), making comparisons
across stimuli difficult. We therefore normalized this “raw”
metric by dividing by the maximal deviation score for a stimulus. This produced the final cluster deviance metric:

Procedure
Participants first clustered all 40 stimuli, presented in a random order, using a custom plugin implemented in jsPsych
(De Leeuw, 2015). For each stimulus, participants were
asked to draw an enclosing circle around each set of points
that formed a cluster. Points turned blue when participants
enclosed them in a cluster. If a point was included in multiple enclosures, it was uniquely assigned to the first cluster. Participants were prohibited from drawing a single cluster around all points, and they could not undo clusters once
drawn. A trial ended when all of the points had been enclosed in a cluster. We recorded the cluster membership of
each point, the number of clusters drawn, and the timestamp
to draw each cluster.
Participants then completed an unrelated math task as a distractor task for 5 minutes (calculating the value of factorial
expressions like 8 × 7 × 6 × 5 × 4 × 3 × 2 × 1).
Finally, participants saw the same 40 stimuli again, in a
new random order, but this time presented as TSP problems.
Half the stimuli were flipped horizontally and vertically from
their orientation during the Clustering task. They solved each

t −c
n−c
where t is the number of cross-cluster transitions in TSP, c
is the number of clusters, and n is the total number of points.
This metric ranges from 0 (perfect congruence between a TSP
solution and a clustering) to 1 (maximum deviance).
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Figure 4: Reaction time per point during participant TSP solutions, controlled for motor ability using Fitts’ Law, as a
function of whether the point clicked was within or between
a participant’s clusters.

Figure 3: Relationship between Number Of Points and percentage of perfectly congruent Human Clusters-TSP pairs.
The pairs maintain surprisingly high levels of perfect congruence for all numbers of points presented to participants, with
statistically clustered stimuli showing more cases of perfect
congruence.

we plotted the number of perfectly congruent TSP-clustering
pairs as a function of this variable; see Figure 3. We see
that perfect congruence drops sharply for dispersed stimuli
between 10 and 15 points. By contrast, perfect congruence
for clustered stimuli mostly remains above 50% of trials for
the entire range of n explored in the current study.

Correspondence Between TSP Tours and Clustering
Solutions

Temporal Dynamics of TSP Problem Solving

Our major prediction is that people’s TSP solutions will follow their clusterings of the same stimuli. We first looked at
the overall distribution of cluster deviance scores across all
participants and all stimuli plotted separately for the clustered
versus dispersed stimuli. Cluster deviance scores were very
low. Remarkably, for 52% of all stimuli, the cluster deviance
was 0, signaling perfect congruence between an individual’s
TSP solution and clustering. As predicted, congruence was
worse for the dispersed stimuli than for the clustered stimuli.
For the former, for 75% of the stimuli, the cluster deviance
was less than 0.125; for the latter, for 75% of the stimuli, the
cluster deviance was less than 0.0714.
To statistically evaluate these results, we counted the number of perfectly congruent TSP-clustering pairs and the number of deviant pairs, separately for the clustered versus dispersed stimuli (Figure 2). We found that clustered stimuli had
significantly more perfect pairs compared to dispersed stimuli
(χ2 (1) = 64.63, p < 0.001). This is consistent with our proposal that people solve TSP problems by first clustering the
points. Since previous work (Marupudi et al., 2021) showed
that clustering is less reliable for more dispersed stimuli, there
is a greater probability that it produces a different result when
applied first during the clustering task and then during the
TSP task, resulting in fewer perfect congruence scores. Nevertheless, it should be noted that participants’ TSP solutions
still maintained a high level of congruency with their clusterings of dispersed stimuli in an absolute sense: 43% of the
dispersed stimuli resulted in perfect congruence scores.
To explore the impact of increasing numbers of points,

Our proposal is that participants solve the TSP by first clustering the stimulus, connecting the points within the initial
cluster, then connecting to a point in the next cluster, and repeating the process. This leads to the prediction that connecting the points within a cluster should be faster than connecting points between clusters, as the participants have already
identified the current cluster as their focus. By contrast, connecting to a point in the next cluster should be slower because
it requires first choosing the next cluster among the clusters
that remain, and then shifting one’s focus.
To validate this prediction, we looked at the amount of
time spent by participants connecting points within clusters
versus between clusters. However, there is a confound between the cognitive proposal above and the physical structure
of the stimuli: By definition, points within the same cluster are physically closer to each other than points in different
clusters. Therefore, a time difference might reflect not a cognitive process but rather the physics of movement.
To control for this possible confound, we first fit a Fitts’
law model for each participant, predicting the time they
would take to move from the current point to the next point
(i.e., to connect them) as a function of (1) the distance of
the movement and (2) the size of the next point. This accounted for the motor movement component of their times.
We then collected the residuals and fit a linear mixed effects
model predicting them from the cognitive variables of interest: whether a connection was made within or or between
clusters, whether the stimulus was clustered or dispersed, and
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Figure 5: Distributions of cluster deviance across Number Of Points and statistical Cluster Structure. Cluster deviances computed between human cluster-TSP pairs shown in blue in each panel, compared against Human Clusters-Random TSP (top),
Human Clusters-Optimal TSP (middle), and K-Means Clusters-Human TSP (bottom). Deviance values close to 0 indicate more
TSP solution conformity with clusters. Random TSPs and K-Means clusters compared to human counterparts are more deviant
compared to the Human Clusters-Human TSP baseline while optimal TSP solutions are less deviant from human clusters for
dispersed stimuli than human TSP solutions themselves.
an interaction between the two. Finally, we added all predictors (including the intercept) as random effects for each
participant to account for individual differences. The model
provided evidence (t = 4.010, p < 0.0001) that participants
took 50+ ms longer to connect points in different clusters than
points within the same cluster; see Figure 4. This is evidence
that the cluster structure of TSP problems governs the temporal dynamics of incremental tour generation.

separately for the clustered and dispersed stimuli. It is immediately clear that the random TSPs diverged greatly from
the human clusterings, with almost no pairs showing perfect
congruence. This contrasts strongly with the cluster deviance
scores computed over the human clusterings and human TSP
solutions.
We then considered another approach to quantify the goodness of human TSP performance. Traditionally, this has been
stated as “humans generate tours that are within X% of the
minimum length”. We can also evaluate their goodness relative to our clustering proposal, by evaluating whether the
clusterings people generate are consistent with optimal TSP
tours for the same stimuli. To do so, we computed the cluster
deviance between a participant’s clustering of a given stimulus and the optimal TSP tour as given by the Concorde solver
(Applegate et al., 2006). The results are shown in the third
and fourth rows of Figure 5. Note that the distribution of
cluster deviances, computed separately for the clustered and
the dispersed stimuli, is comparable to the human data. In-

Comparison of Human Performance to Formal
Models
We found that 52% of human TSP solutions correspond perfectly with their clusterings (Figure 2). This seems to be a
remarkably high percentage, and thus strong support for our
clustering proposal — but is it? Comparison to a ‘null hypothesis’ helps to clarify this finding. We derived one by
computing the deviance scores between human clusterings
and randomly generated TSP solutions. The first and second rows of Figure 5 show the distribution of these scores
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terestingly, we see that the optimal TSP solution tracks the
participants’ initial clusters for dispersed stimuli more closely
than the participants’ TSPs for dispersed stimuli themselves.
One hypothesis for this result could be that people recluster the stimulus after connecting the points within each
cluster, and the variability in this process might lead to relatively suboptimal TSPs. This would also explain why it took
people longer to select points between clusters compared to
within clusters. Incremental clustering in this fashion would
lack the attention to “global” detail that whole stimulus clustering would entail, and could have led to poorer quality clusters (and TSPs) as a result. This strategy can be adaptive;
it prevents people from having to remember their “global”
clusters, as they could recalculate clusters quickly when they
need them. This result could also indicate the presence of alternate strategies followed by participants when they cluster
dispersed stimuli.
We also evaluated human near-optimality from the converse directon by asking whether participants’ TSP solutions
deviated from clusters not generated by the participants themselves, but by the statistical algorithm K-Means (Lloyd, 1982;
Pedregosa et al., 2011). For each participant and each stimulus, we used the number of clusters the participants identified
as the input value K to K-Means, generated a clustering, and
computed its deviation from the TSP solution the participant
generated for the same stimulus. The distributions of these
cluster deviances is shown in the fifth and sixth rows of Figure 5 separately for the clustered stimuli and the dispersed
stimuli. Here, we see more deviation from statistical optimality. When comparing the K-means clusters with participants’
TSP solutions, we find that they are not as congruent with
the TSPs as the participants’ clusters are. Perfect congruence
drops off more sharply for both disperse and clustered stimuli, while human-human Cluster-TSPs maintain high levels
of congruence even at 30 points.

statistically clustered stimuli compared to dispersed stimuli.
Increasing the number of points reduced reliability for dispersed stimuli but not for clustered stimuli. These findings
provided indirect evidence suggesting that participants might
have a stable clustering ability, and may use it to solve TSP
problems.
The current study provides more direct evidence for this
proposal. We found remarkable convergence between participants’ clusters and their TSP solutions on the same stimuli. 52% of participants’ TSP solutions were perfectly congruent with their clusterings of the same stimuli. This was
true even for the dispersed stimuli, with a 43% rate of perfect
congruence. In accordance with patterns observed in past research, we found that increasing the number of points results
in a decrease in perfect congruence for the dispersed stimuli, although relativly high congruence is maintained for the
clustered stimuli. Finding the same patterns in clustering reliablity, TSP reliability, and clustering-TSP congruence suggests use of the same clustering mechanism in all three cases.
Additionally, we compared human-made clusters with randomly generated TSP solutions and with (algorithmically
generated) optimal TSP solutions, and we compared human
TSP solutions with K-Means-generated clusters. These comparisons led to interesting insights about the optimality of
the strategies adopted by participants. Strikingly, optimal
TSPs followed participants’ clusters more closely than their
own TSPs did on dispersed stimuli. On the other hand, KMeans-generated clusters performed poorly at predicting participants’ TSP solutions compared to participants’ own clusters. This could be because K-Means, as a clustering algorithm, does not generally model human clustering, even after providing the value of K from the participants’ clusterings. This could also imply that people’s clusterings are wellsuited for TSP-like tasks, perhaps because humans routinely
use clustering in daily life to plan and solve problems, e.g.,
when performing multiple errands in a part of town that is
new to them.
This study raises important questions about strategy use
during TSP problem solving. When participants diverge from
their originally drawn clusters, it is unclear if this is due to the
unreliabilty of clustering, or whether this is evidence for use
of a different, non-clustering strategy. Eye-tracking studies
and computational models may provide insight here. Variance in strategy use could also point to individual differences.
Vickers et al. (2001) presented evidence of stable individual
differences in the quality of TSP solutions that participants
provide. Further research can investigate whether these differences arise due to differences in strategy use or due to variability in clustering ability (or both).
Clustering, a form of unsupervised learning, has also been
implicated in category learning (Bröker et al., 2022) and language learning (Swingley, 2005). Here, we find evidence that
it might be an important ability for computational thinking
more generally and for reasoning about graph-theoretic problems, such as the TSP in particular.

Discussion
Previous studies of human solutions of the traveling salesperson problem have largely tried to infer strategies using the
optimality of the TSP solutions they generate and the time
they take to do so, with the exception of Kong and Schunn
(2007). Posited strategies include the convex-hull hypothesis
(Macgregor et al., 2000), the avoidance of crossings heuristic
(Van Rooij et al., 2003), and the clustering hypotheses (Graham et al., 2000; Kong & Schunn, 2007). In this study, we
took a more systematic approach to investigating the clustering hypothesis, showing that the clusters a participant sees in
a stimulus strongly structure their TSP solution for the same
stimulus.
The current research built on our prior work which showed
that participants’ clusterings and their TSP solutions are reliable when completed at different time points for the same
stimulus (Marupudi et al., 2021; Marupudi et al., 2020).
The reliabilities were generally high regardless of the cluster structure of the stimulus, though they were higher for
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Abstract

correlation between signals allows individuals and groups to
explain data, predict future events, and make evidence-based
decisions.
Despite their importance, correlation judgments are often
inaccurate, leading to biases in beliefs and decisions. Biases
happen either when the information is given sequentially
(Erlick, 1966) or presented simultaneously in a scatterplot
(Bobko & Karren, 1979; Cleveland et al., 1982). In this
paper, we focus on scatterplots. In such judgments, observers
repeatedly underestimate the actual correlation shown in the
graph (Rensink & Baldridge, 2010).
Various visual features in the scatterplot play a role in the
subjective perception of correlations. In a recent review,
Yang et al. (2018) identify 29 features that can be categorized
into eight concepts, including the length of prediction ellipse,
side length of the bounding box and the standard deviation of
pairwise distance. They also find that some visual features
alone may outperform the actual magnitude of correlation in
predicting the subjective perception of correlation from the
graph. As many of the features can be simply manipulated
by the stimulus display format (e.g. by changing the axis
range) with no change to the data points in graph, this result
has had important implications for statistical communication.
Why does the perceived correlation follow the
psychophysical laws that mostly describe low-level stimuli?
Why does display format influence perceived correlation?
Recently, scientists have begun to investigate the cognitive
mechanisms underlying biased correlation judgments. For
example, Rensink (2017) finds that observers extract image
entropy in a way that is analogous to ensemble coding
(Alvarez, 2011; Haberman & Whitney, 2012) and make
inferences about correlation based on this entropy. In related
trend judgment tasks, Ciccione et al. (2021) suggest that the
observers are able to performs “mental regression” on the
scatter graphs, even within a short time window. These
theoretical claims are in line with the “intuitive statistician”
hypothesis, an influential theory that claims that our cognitive

Correlation judgments are at the core of belief formation. In
previous studies of correlation judgment from 2D scatterplots,
observers underestimate correlations, and display stronger
underestimation biases when the scatterplot is shown in a
landscape view than in a portrait view. Yet, it is unclear how
these biases arise. Here, we propose that observers are
Bayesian learners who perform “mental regression” using the
observed data points in graph. Accordingly, judgment errors
can arise from biased visual information sampling. We test our
model’s predictions with two eye-tracking experiments and
find that the Bayesian learning model, applied to information
obtained from visual fixation data, replicates classic behavioral
findings. The model also predicts trial-level estimation biases
at a high accuracy level. Our study shows how computational
models trained on process-level data can shed light on the
cognitive mechanisms underlying belief formation, and yield
theory-driven practical implications for data visualization and
statistical communication.
Keywords: Correlation judgment; Bayesian learning; intuitive
statistician; information sampling; computational modeling

Introduction
Correlation judgments are at the core of everyday belief
formation. Individuals may use the correlation between two
health-related variables to judge risk and make medical
decisions (Dawes et al., 1989); investors may rely on a
stock’s past performance to predict future performance,
guiding financial decisions (Shefrin & Statman, 1985);
business leaders may use historical cases to judge the
effectiveness of a strategy and make business decisions
(Lifchits et al. 2021); and policy makers may use perceived
correlations to infer causal mechanisms and make important
social, economic, and political decisions. Correlation
perception also underlies various social psychological
phenomena including stereotyping, conditioning and
attribution (Trolier & Hamilton, 1986; Denrell, 2005;
Mahrholz et al., 2018). More generally, the perceived
1
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system makes statistical inferences from sensory input in a
way akin to probabilistic models (Peterson & Beach, 1967;
Oaksford & Chater, 2007; Griffiths et al. 2010).
Despite the key role of visual input, to our best knowledge
there is no existing research that has directly measured
observers’ eye fixation data while they make correlation
judgment from scatterplots. At a given moment, the visual
input to the observer corresponds to the attended points in the
foveal or perifovea region, rather than all the points in the
graph. Therefore, the visual information samples using
techniques such as eye tracking should be essential to the
study of correlation judgment from scatterplots. Eye-tracking
also allows us to investigate trial-level variations due to
differences in visual information sampling.
In this paper, we provide a computational account for
correlation judgments from scatterplots. Our approach is
motivated by the “intuitive statistician” hypothesis in which
our cognitive system is equipped with an ideal learning
machinery (Peterson & Beach, 1967). Here, we propose that
decision makers are Bayesian learners who perform “mental
regressions” that take as input the attended points (i.e. pairs
of x and y coordinates) and update the slope of the regression
line as output. As, the sampling of evidence may be subject
to biases due to complex attention and memory processes
(Wei & Stocker, 2015, Yang et al. 2016; Sanborn & Chater,
2016; Chater et al. 2020), a Bayesian learner applied to visual
fixation data can generate biases in the eventual judgment.
We test our theory in two eye-tracking experiments that
gathered participants’ gaze patterns while viewing the
scatterplots. In so doing, we make a new formal connection
between visual information sampling and correlation
judgment from scatterplots.

(JND) in discriminating between scatterplots follows the
Weber’s law and the estimation of correlation magnitude
follows a modified Fechner’s law that the perceived
correlation is a convex, rather than concave, function of the
presented correlation.

Visual Features
The perception of correlation from scatterplot is not simply a
function of the actual correlation, but is also influenced by a
number of visual properties of the display (see Doherty &
Anderson, 2009 for a review). For example, the presence of
outliers in the scatterplot influences the precision of
correlation judgment. Observers typically underestimate the
effect of outliers on the actual strength of correlation (Bobko
& Karren, 1979; Meyer et al., 1997). The perceived strength
of covariation also increases with the number of points in the
graph (Lauer & Post, 1989; Ciccione et al., 2021).
Display features that have nothing to do with actual data
points in graph also influence the perceived strength of
correlation. For example, the perceived strength increases
with the slope of the regression line, which can be simply
manipulated by axis stretching or shrinkage (Meyer & Shinar,
1992; Meyer et al., 1997). The perceived strength also
increases with the density of the point cloud, the latter of
which can be altered by simply manipulating the range of the
axes (Cleveland et al., 1982; Boynton, 2000). Yang et al.
(2018) compare 49 different visual features and evaluate how
well each of them predicts the observers’ perceived
correlation. In a comprehensive model comparison, they find
that features that correspond to dispersion measures along the
regression line (e.g. the standard deviation of distance
between points and the line) predict the perceived strength at
an accuracy higher than the objective correlation.

Psychophysical Laws

Statistical Learning with Visual Sampling

The scatterplot has been one of the greatest inventions in the
history of statistical graphics (Friendly & Denis, 2005). It
displays bivariate relationships in a way that readers can
obtain with ease. Not only can people discriminate which
graph shows stronger relatedness (Doherty et al. 2007;
Rensink & Baldridge, 2010), but they can also estimate the
relatedness on an absolute scale (Cleveland et al. 1982).
Scatterplots have been widely used in academia, business and
even legal court cases (Bobko & Karren, 1979).
The most widely studied bivariate relatedness is the
Pearson product-moment correlation, R. Experimental work
has repeatedly found that observers underestimate the
correlation from scatterplots, especially at intermediate levels
with 0.2 ≤ 𝑅𝑅 ≤ 0.6 (Bobko & Karren, 1979). This
underestimation bias is robust among both novices and
statistically sophisticated observers (Strahan & Hansen 1978;
Cleveland et al. 1982). It has been argued that this
underestimation bias follows classic psychophysical laws and
a number of mathematical functions have been proposed to
describe the subjective perception of correlation from
scatterplots (see Rensink, 2017 for a review). For example,
through a series of psychophysics experiments, Rensink and
Baldridge (2010) claim that the just noticeable difference

Although the above papers document important biases at play
in correlation judgment, they do not explain the cognitive
mechanisms responsible for the biases. Pearson correlation is
an abstract mathematical concept, rather than a type of lowlevel stimuli (e.g. length, weight, luminance). It is unclear
how such an abstract concept is directly linked to any of the
visual features shown in the graph, and why the evaluation of
such an abstract concept should be sensitive to
psychophysical properties of low-level stimuli.
Here we propose that our cognitive system makes
statistical inferences based on the visual input from the point
cloud in a scatterplot. We assume that the observer is an ideal
Bayesian learner who fits a linear trend line using the
observed sets of points (i.e., their x and y coordinates), as
Bayesian linear regression does. The perceived strength of
covariation can be decoded from the Bayesian linear
regression. Further, the visual input, which we capture using
eye-tracking, may not be an unbiased sample of the point
cloud. Some points can be attended to more often than others.
Even if the observer detects all the points, they may have
differential weights in the “mental regression”, depending on
their distances to the central vision. The points in foveal
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vision have the highest weights, followed by those in the
perifovea and peripheral vision. If people have biases in
visual information sampling, then they may also develop
biases in correlation judgment (even if they are able to extract
statistical inferences from visual observations accurately).
Our statistical learning theory is built upon the influential
intuitive statistician hypothesis (Peterson & Beach, 1967),
which posits that humans perceive variables and probabilistic
relations in the environment as in the probability theory and
statistics framework. This approach has had enormous
success in various cognitive domains such as categorization,
language comprehension, learning and decision making
(Oaksford & Chater, 2007; Griffiths et al., 2010). In a similar
vein, a few recent studies have claimed that observers are able
to extract statistical information from scatterplots to form
subjective perception of correlation (Rensink, 2017; Ciccione
et al., 2021). We also draw upon contemporary advances in
information sampling in visual and cognitive sciences (Wei
& Stocker, 2015, Yang et al. 2016; Sanborn & Chater, 2016;
Chater et al. 2020). We integrate those diverse strands of
research by combining computational modeling with eyetracking.

was repeated four times to generate four distinct scatterplots
with the same correlation coefficients, resulting in a total of
40 scatterplots. In Experiment 1, all 40 scatterplots were
presented in the same 1000×1000px format. In Experiment 2,
half of the scatterplots were displayed in a Landscape format
(1200×800px) while the other half were displayed in a
Portrait format (800×1200px). Therefore, the x-axis was
longer than the y-axis in the Landscape condition, whereas
the y-axis was longer than the x-axis in the Portrait condition
(see Figure 3 for examples).
Procedures. Both experiments were run on a Tobii Pro
Spectrum Eye-tracker, equipped with a 1920×1080px
monitor (capturing gaze data at the speed of 1200 Hz). Upon
arrival, participants were seated in front of the eye-tracking
monitor, with approximately 55~65cm between their eyes
and the screen. They were asked to adjust the seat height to
make themselves conformable while looking at the screen,
though we asked them to keep their bodies and heads as still
as possible throughout the experiment.
In both experiments, we showed our participants 40
scatterplots and asked them to judge the correlation
coefficient from the scatterplots (Figure 1a). Each trial began
with a fixation + at the screen center (2 seconds), followed by
a scatterplot that was displayed for 3 seconds. After the
scatterplot disappeared, participants indicated their
correlation judgment on a 10-point scale, ranging from 0 to
9, using a number-keyboard. Participants were allowed a
maximum of 20 seconds to make the response. Before the
formal experiment, participants were present three practice
trials to familiarize themselves with the task. To ensure eyetracking data quality participants performed a 9-point
calibration and validation procedure twice, before the
exercise session and before the formal experiment. Written
consent from all participants was obtained.

Experiments
We ran two eye-tracking experiments to test our Bayesian
learning model of correlation judgments. In Experiment 1,
participants made correlation judgments from scatterplots in
a square display. Experiment 2 involved two withinparticipant conditions, Landscape condition and Portrait
condition, that displayed the scatterplots in landscape or
portrait views respectively. In both experiments, participants’
eye fixations while viewing the scatterplots were recorded by
the eye-tracker.

Methods and Materials
Participants. A total of 109 undergraduate or graduate
students (58 female; aged 22.22 ± 2.57) participated in
Experiment 1 and 103 (62 female; aged 20.57 ± 1.76)
participated in Experiment 2. All participants had normal or
corrected to normal vision and 51% of them had attended at
least one statistics-related course and 82% knew what
correlation entailed. We excluded six additional participants
from the experiments either because they failed the 9-point
calibration in the eye-tracker or that their key-press data were
missing in at least 25% trials.
Stimuli. The scatterplots for both experiments were
generated using mvrnorm in R (Venables & Ripley, 2002).
Each scatterplot contained 100 bivariate normally distributed
data points, with different levels of correlation between xand y-coordinates. The distributions of the x- and ycoordinates were both set at the standard normal distribution.
Therefore, the Pearson correlation is equal to the slope of the
regression line. No numeric information was on display (see
Figure 1a). Therefore, from the participants’ perspective, the
variance of the generated data points did not matter.
We set 10 different Pearson’s correlation coefficients,
ranging from 0 to 0.9 (in an increment of 0.1). The same code

Figure 1: Experimental and modeling setups. (a) Trial
procedures; (b) Bayesian learning model takes the observed
data points from the graph (fixations on the left) and updates
the slope of the regression line (the dotted line on the right)
like a Bayesian linear regression.
Eye gaze data were collected during the 3-second
scatterplot viewing phase. Each eye fixation was projected to
the coordinates in the scatterplot. Therefore, we were able to
identify, at each moment, which data points in the scatterplot
were focused on and conversely which data points were out
of the participants’ central vision. Accordingly, the points at
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or closer to central vision should receive more weight in the
mental regression, while the points far from the central vision
received less weight. To automate this process, we used a
squared exponential kernel to compute a point’s weight based
2
on its onscreen distance to the fixation point: 𝑤𝑤 = 𝛼𝛼 ∙ e−𝛽𝛽∙𝑑𝑑 ,
where 𝛼𝛼 ( 0 < 𝛼𝛼 ≤ 1 ) and 𝛽𝛽 ( 0 < 𝛽𝛽 ≤ 10 ) are two free
parameters and 𝑑𝑑 represents the data points’ onscreen
distance to the fixation point (Ting et al., 2016). This weight,
along with the data points, was applied to train the Bayesian
learning model for correlation judgment predictions.
Bayesian learning model. We assume that the subjects are
ideal Bayesian learners who fit a linear regression line using
the observed sets of data points (i.e., their x and y coordinates),
as well as their weights, as in a (Bayesian) linear regression
(Figure 1b). Although it is possible that the observer can
detect all the points in some cases, the points in foveal and
peripheral vision should have differential weights in the
mental regression. Thus, we operationalized learning in this
setting as Bayesian regression with weighted inputs. The
posterior belief of 𝜽𝜽 = [𝜃𝜃0 , 𝜃𝜃1 ] (𝜃𝜃0 : intercept; 𝜃𝜃1 : slope) can
𝑝𝑝(𝜽𝜽)𝑝𝑝(𝒚𝒚|𝒙𝒙,𝒘𝒘,𝜽𝜽)
, where 𝒙𝒙 and 𝒚𝒚
be written as 𝑝𝑝𝑡𝑡 (𝜽𝜽|𝒙𝒙, 𝒚𝒚, 𝒘𝒘) =
∫ 𝑝𝑝(𝜽𝜽)𝑝𝑝(𝒚𝒚|𝒙𝒙,𝒘𝒘,𝜽𝜽)

are the set of observed points and 𝒘𝒘 is the vector of weights
corresponding to the set of points. The model’ predicted
𝑠𝑠𝑠𝑠(𝒙𝒙,𝒘𝒘)
, where 𝜃𝜃1 is the
Pearson’s correlation is 𝑅𝑅 = 𝜃𝜃1 ∙
𝑠𝑠𝑠𝑠(𝒚𝒚,𝒘𝒘)

posterior mean estimation of the slope and 𝑠𝑠𝑠𝑠(𝒙𝒙, 𝒘𝒘) and
𝑠𝑠𝑠𝑠(𝒚𝒚, 𝒘𝒘) denote the weighted standard deviations of the
observed data points on the x- and y-axis respectively.
By assuming a Gaussian prior distribution for 𝜽𝜽 ( 𝜃𝜃0 ∝
Ν(0, 1), 𝜃𝜃1 ∝ Ν(0.45, 1) ), in conjugate to the likelihood
function 𝑝𝑝(𝒚𝒚|𝒙𝒙, 𝒘𝒘, 𝜽𝜽) for linear regression, the posterior
distribution 𝑝𝑝(𝜽𝜽|𝒙𝒙, 𝒚𝒚, 𝒘𝒘) is also a multivariate Gaussian
distribution. This allows us to compute the posterior
estimation efficiently, with no need to run time-consuming
simulations. Note that we set the prior of 𝜃𝜃1 ∝ Ν(0.45, 1),
because participants were told that the presented correlations
ranged from 0 to 0.9 and the mean correlation presented in all
stimuli was 0.45.

correlations could only be overestimated, since participants
were not allowed to report negative correlations.
In Experiment 2, we observed that the underestimation bias
was stronger in the Landscape condition than in the Portrait
condition (Figure 2b, p < .001 in the mixed-effect linear
regression). On the individual level, this asymmetry emerged
in 65% of our participants in Experiment 2 while only 32%
showed the reverse. On the trial level, 70% of the stimuli in
the Portrait condition were underestimated while 80% of the
stimuli in the Landscape condition were underestimated.

Figure 2: Behavioral data. (a) Estimated correlations at
different levels of actual correlations; (b) Mean estimation
biases (i.e., estimated correlation – actual correlation) across
all trials. Error bars denote standard errors.
Summary of Eye-movement Data. The eye tracker
gathered our participants’ eye fixations during the threesecond free viewing phase. In Experiment 1, participants
made an average of 6.52 fixations per trial (sd = 0.27) . In
Experiment 2, participants made 7.79 fixations (sd = 0.34)
per trial in Landscape condition, and 7.92 fixations per trial
(sd = 0.21) in Portrait condition respectively. We mapped the
fixation coordinates to the that of the scatterplots and used
the transformed coordinates to determine the weight of the
data points for the mental regression (see the following
section for details).

Results
Summary of Behavioral Data. The behavioral results
were highly consistent with previous findings. Overall,
participants significantly underestimated the correlation from
scatterplots (Figure 2a). This underestimation bias was
particularly strong at the intermediate levels, 0.2 ≤ 𝑅𝑅 ≤ 0.7,
in both experiments. On the individual level, 62% of the
participants in Experiment 1 and 66% in Experiment 2
underestimated the correlations. On the trial level, the
strength of correlation in 60% and 75% of the stimuli was
underestimated for Experiments 1 and 2 respectively. When
the actual correlation was low ( 𝑅𝑅 = 0, 0 .1 or 0 .2 ),
participants hardly discriminated the difference between
them in estimation, such that 0 and 0.1 correlations were
always overestimated while 0.2 correlations were
underestimated. Note that in our experimental design, 0

Figure 3: Heatmap of eye fixations on the scatterplots using
the data of all participants. We used three scatterplots with
actual correlation = 0.5 for illustration. (a) Experiment 1;
(b) The Landscape condition of Experiment 2; (c) The
Portrait condition of Experiment 2.
Figure 3 displays the density of eye fixations spanning the
scatterplots, using the eye-movement data from all
participants. Overall, participants’ fixations were mostly
focused on the central regions of the scatterplots. Peripheral
regions of the point cloud attracted much less attention. This
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tendency was robust across all experimental conditions. In
other words, the visual sampling of the data points in graph
was susceptible to a bias toward central regions. In contrast,
the data points on periphery were underrepresented.
Aggregate Model Predictions. In this paper, we assumed
that the participants are Bayesian learners who took as input
the attended data points in the graph and updated the
regression line as output. The eye-tracker allowed us to
monitor the data points in graph that were attended to in each
fixation. Thus, we trained the Bayesian learning model (i.e.
Bayesian linear regression) on the attended (weighted) data
points.
As mentioned earlier, we used a squared exponential
kernel to determine the weights for different data points: 𝑤𝑤 =
2
𝛼𝛼 ∙ e−𝛽𝛽∙𝑑𝑑 , where 𝛼𝛼 (0 < 𝛼𝛼 ≤ 1) and 𝛽𝛽 (0 < 𝛽𝛽 ≤ 10). We
ran a grid search to show to how model predictions varied
with the two free parameters. Figure 3 shows that our model’s
key predictions were very robust with different values for 𝛼𝛼
and 𝛽𝛽. In Figures 3a-c, we show that our model consistently
predicted underestimation of correlations from scatterplots.
The model also predicted a stronger underestimation bias in
the Landscape condition (Figure 3b) than in the Portrait
condition (Figure 3c) (all p’s < .001 with the 100 different
parameter values).
Unsurprisingly, the magnitude of underestimation varied
with the parameters, especially the decay parameter 𝛽𝛽 .
Overall, the predicted underestimation bias became stronger
as 𝛽𝛽 increased. Consider 𝛽𝛽 = 0. In this setting, all data points
in the graph are given equal weights in the Bayesian learning
model, regardless of their distances to the fixation point. The
Bayesian learning model would thus predict no overall
underestimation or overestimation. On the other hand, when
𝛽𝛽 = 10, the data points far from the fixation are given small
weights.

Overall, our Bayesian learning model precisely predicted
the key behavioral findings in correlation judgment from
scatterplots by simply using the participants’ eye-fixation
data while viewing the graph.
Trial-level Prediction Accuracy. The Bayesian learning
model also predicted estimation biases accurately on the trial
level. We show such trial-level predictions in Figure 5,
setting 𝛼𝛼 = 0.1 and 𝛽𝛽 = 10. Figure 5a shows that there was
little underestimation when the presented correlation was
below 0.2, but the underestimation was rather strong when
the presented correlation was between 0.2 and 0.8. The
predicted underestimation attenuated when the presented
correlation was 0.9. This pattern was again consistent with
previous research and our behavioral findings that
underestimation mostly occurred at intermediate correlation
levels. Unlike human participants, the simulated Bayesian
learners were able to discriminate between small correlations
from scatterplots and predicted rather accurately at low
correlation levels (with presented R≤0.2).
Finally, we evaluated how accurately the Bayesian
learning model predicted the actual estimation biases.
Consider 𝛼𝛼 = 0.1 and 𝛽𝛽 = 10 for example. Figures 5b-c
show that the model can predict trial-level variation in actual
estimation biases accurately in both Experiments 1 and 2.
Notably, the model not only successfully predicted
underestimation at the intermediate levels (with presented R
between 0.2 and 0.7), but also predicted overestimation at the
low levels (with presented R below 0.2). That was interesting
because the simulated Bayesian learners’ estimation was not
bounded between 0 and 0.9, though our human participants’
estimation was. Other parameter values for 𝛼𝛼 and 𝛽𝛽
produced similar patterns. Figures 3d-f shows similar
correlation coefficients using different 𝛼𝛼 and 𝛽𝛽 values.

Figure 4: Model predictions using different squared exponential kernel parameters. (a)-(c) show the predicted
underestimation biases in Experiment 1, Experiment 2 (Landscape), Experiment 2 (Portrait) respectively. All cells predicted
an underestimation bias and the cell values denote the magnitude of underestimation. (d)-(f) show the Pearson’s correlation
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coefficients between the predicted biases and actual biases on the trial level in Experiment 1, Experiment 2 (Landscape),
Experiment 2 (Portrait) respectively.

Figure 5: Predicted trial-level correlation estimation, setting 𝛼𝛼 = 0.1 and 𝛽𝛽 = 10. (a) Predicted correlations at different levels
of actual correlations; (b) Trial-level actual and predicted biases in Experiment 1; (c) Trial-level actual and predicted biases
in Experiment 2. Error bars denote standard errors.
Our study also has important implications for data
visualization and statistical communication. Our work is in
line with the recent call of using visualization as stimuli for
studying cognitive system (Rensink, 2021). While previous
research stresses the visual features in the graph (Meyer &
Shinar, 1992; Ma et al., 2018), our study highlights the
important role of the visual system, particularly the
interaction between visual information sampling and
geometric features in the graph. It sets out to provide
theoretically grounded guidelines for data visualization that
facilitates information communication (Harold et al., 2016;
Franconeri et al., 2021) and reduces perceptual biases
(Ciccione et al., 2021). This line of work may be further
applied to investigate how different people interact with
different visual features, identifying individuals with high
visualization literacy (Boy et al., 2014; Ludewig et al., 2020).
In conclusion, our study paves a new way to test the
Bayesian models for judgment and decision making. We did
so by integrating computational modeling with eye-tracking
data. We use the process-level data to constrain the
potentially overly flexible cognitive models, leveraging the
explanatory power of formal computational and algorithmic
models in understanding human cognition.

Discussion
This paper studies correlation judgment from scatterplots.
We propose that decision makers perform statistical learning
from the observed points via visual input. In two eye-tracking
experiments, we first replicated two classic behavioral
findings in correlation judgment from scatterplots: Subjects
underestimated the correlation, especially at the intermediate
levels, and the underestimation bias was stronger in the
Landscape condition than in the Portrait condition. Critically,
we obtained participants’ visual sampling data using eye
tracking and our Bayesian learning model using simply the
visual information sampling data as input replicated these
behavioral regularities. Further, our model was able to
account for trial-level variations in judgment biases at high
accuracy. Our results suggest that the behavioral biases in
correlation judgment from scatterplots may arise from visual
information sampling biases.
Future research can investigate the factors that guide these
information sampling patterns. An immediate interesting
question is how participants’ search patterns interact with the
visual features in the graph. For example, as we show in
Experiment 2, the landscape/portrait manipulation changes
gazing strategies. But the cognitive or biological mechanisms
remain unknown. Further, it has been argued that humans are
able search in a way that maximizes information gain in
motion detection, object perception, recognition, and
decision making (Wei & Stocker, 2015; Yang et al. 2016;
Callaway et al. 2021). It is possible that similar processes are
also at play in high-level cognition such as correlation
judgment. If so, subsequent research need explain why
optimal visual information search processes give rise to
biased correlation judgments.
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Abstract

no doubt that the sentence would be judged as true when the
feeding event and the rabbit’s state of being near the
mushroom took place simultaneously (2), as long as both
events happened before utterance time (UT). However,
theories make different predictions on whether a
comprehender would also accept interpretations in which the
contents of the relative clause are either back shifted
compared to the main clause (when the state of being near the
mushroom precedes the feeding, 3), or forward shifted (when
feeding precedes the state of being near the mushroom, 4).

Linguistic descriptions of complex events have to map their
temporal structure onto language. Formal accounts of embedded
tense have argued that syntax mirrors event structure: Following
directly from the syntactic properties of relative clauses, in
complex sentences, events described by a relative clause are
interpreted only relative to the utterance time and bear no
temporal relation to the events of a matrix clause. From an event
structural perspective, however, the temporal relationships
between events do not have to mirror syntactic relations; rather, a
central, salient event may anchor peripheral situations in time
independent of its syntactic encoding. In two studies in English
and German, we test which interpretations are accessible for pastunder-past relative clauses, showing that tense interpretation in
relative clauses is dependent on the matrix clause – at least when
the matrix sentence describes a salient anchoring event, and the
relative clause a backgrounded situation. Our results challenge
the assumption that syntactic dependencies determine the
temporal construal of events and provide new insight into how
temporal semantic features are mapped onto linguistic structure.

(2)
UT

time

t1
rabbit is near
the mushroom

t2
girl feeding
the rabbit

UT

time

t1
girl feeding
the rabbit

t2
rabbit is near
the mushroom

UT

time

(3)

Keywords: relative clauses; temporal interpretation; syntactic
dependencies; event structure

(4)

Introduction
In language comprehension, understanding the temporal
order of events is crucial to building an accurate event model:
cuddling a rabbit and then feeding it is different from feeding
a rabbit and then cuddling it. In many languages of the world,
a grammatical device that helps expressing the temporal
status of events and states is tense. Past tense morphology
(e.g., was, fed) signals that the state or event happened before
utterance time: In order for The girl fed the rabbit to be true,
the event must have already happened at the time the sentence
is written.
However, more complex situations are described
linguistically in more complex sentences: Examples such as
(1) contain a matrix clause (The girl fed the rabbit) and a
relative clause (that was near the mushroom) which describes
the state of the object.
(1)

t1 and t2
girl feeding the rabbit
rabbit is near the mushroom

One reason why the interpretation of temporal sequence in
complex clauses is an important question is that it can shed
light on the mechanisms and determinants of the mappings
between syntactic structure and event structure: Syntactic
structure is usually a reliable guide to understanding how
events, situations, properties, and states relate to each other.
Only by assigning a syntactic structure to Birds that fly
instinctively swim one can establish whether instinctively
relates to fly or swim (Chomsky 2017, p. 201). Therefore, it
has been suggested that syntactic structure, as it relates to the
underlying semantics, is also the main factor that determines
temporal interpretation (e.g., Abusch, 1997; Enç, 1987;
Ogihara, 1995; Stowell, 2007).
On the other hand, the literature has shown that nonlinguistic factors such as saliency (e.g., conceptual changes)
or relevance-based inferences impact the interpretation of
linguistic descriptions (Van Der Henst, Carles, & Sperber,

The girl fed the rabbit that was near the mushroom.

The question is: Which interpretations of tense sequences
are available for comprehenders? In the case of (1), there is
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2002; Zacks, Speer, & Reynolds, 2009). In light of such
findings, it could also be the case that the structure of the
event itself determines which interpretations are acceptable.
Here, we compare predictions on tense understanding by
structure-driven and event-driven accounts on tense sequence
interpretation in complex sentences containing relative
clauses, like (1). The crucial point of theoretical difference is
whether the tense of the relative clause is interpreted as
dependent only on the utterance time, or on the matrix clause
tense.
The two families of theories make different predictions. In
particular, structure-driven accounts would predict that pastunder-past sentences like (1) would be judged true for any of
the event structures in (2-4). This prediction arises due to the
special status of relative clauses: that was near the mushroom
is a modification of the syntactic object, not of the verb
describing an event. Consequently, relative clauses are not
governed by the matrix verb (Enç, 1987), they can move out
of the matrix verb’s scope to a higher position (Ogihara,
1996; Stowell, 2007), and they are not arguments to
intensional predicates (Abusch, 1997; Von Stechow &
Grønn, 2013a).
A structural side effect of this special status is that relative
clause tense is predicted to be independent of the matrix
clause’s tense. On the same grounds, temporal adjunct
clauses have been argued to be interpreted independently
from the matrix tense (cf. Arregui & Kusumoto, 1998; Von
Stechow & Grønn, 2013b but see Ogihara, 1996).
By contrast, complement clauses are verbal arguments
such that they need to be evaluated relative to the time
denoted by the matrix sentence (cf. Abusch, 1997; Enç, 1987;
Kusumoto, 1999; Ogihara, 1996; Stowell, 2007 for a detailed
discussion on tense interpretation in complement clauses;
note that, aside from relative, complement and temporal
clauses, no further subordinate clauses have been analyzed
with respect to temporal interpretation).
From an event structural point of view, however, complex
sentences such as (1) do not only pick out single time spans
for each described event and order them relative to another
temporal interval (i.e., the utterance time). Instead, each
temporal expression provides information about more
complex temporal structures (Carroll & von Stutterheim,
2010; Klein, 1994, 2000; von Stutterheim, Carroll, & Klein,
2003): Firstly, the time of situation is a cluster of one or more
temporal intervals characterized by the lexical description of
the event.
(5)

only relates to a particular period within the time of situation
which is relevant to the speaker. As a third parameter, a socalled temporal anchor links events to other temporal
intervals. Importantly, while temporal anchors can in
principle relate to the utterance time such as in (5), they often
refer to an interval that is either derived from context or
provided by the discourse (e.g., by means of temporal
adverbs, previously mentioned events). In complex sentences
with relative clauses like in (1), one of the events can serve
as the temporal anchor for the other one.
Crucially, events can anchor each other irrespective of the
sentence’s syntactic properties. In fact, the main clause event
in (1) which describes an activity (The girl fed the rabbit)
should function as an anchor for the state description given
that actions are cognitively more salient than stable states,
and command people’s attentional resources (Clewett,
Gasser, & Davachi, 2020; Kurby & Zacks, 2008; Zacks,
Speer, Swallow, Braver, & Reynolds, 2007). This view also
resonates with the fact that semantic distinctions, rather than
syntactic properties, determine how well people recall
complex temporal sentences (Clark & Clark, 1968).
Overall, the event structural approach makes the following
prediction: Forward shift interpretations (4) should be
unacceptable in past-under-past relative clauses such as (1),
because here, the embedded past tense describes a situation
(i.e., the rabbit being near the mushroom) which happens
later than the anchor (i.e., the girl feeding the rabbit).
We conducted two preregistered studies using past-underpast relative clauses to test the predictions derived from these
two lines of research. The studies were inspired by the
experimental set up of Dermidache and Lungu (2008) who
investigated temporal construals of different subordinative
clauses in French child language. In our experiments, we
closely followed Dermidache and Lungu’s (2008) design, but
reduced the experimental manipulations to test the
predictions made by the structure-driven and the event-driven
accounts: In Experiment 1 (English), we contrasted event
sequences in which the event described by the relative clause
was back-shifted with sequences in which the event described
by the relative clause was forward shifted. Stimuli were
designed such that there was one salient action, and one state,
which were expressed by the main clause and the relative
clause, respectively. While-clauses served as controls for
which no shifted interpretations should be available.
Experiment 2 was a replication in German, to understand
whether effects were due to any property specific to the
English system of grammatically expressing tense.

The girl fed the rabbit.

Experiment 1

What is important for the question here is that in (5), the time
of the situation is equivalent to the time of the feeding event.
A second parameter in this theory is topic time, which
describes a time span about which a speaker makes an
assertion: While the girl could be still feeding the rabbit (i.e.,
time of situation is unrestricted relative to the utterance time),
the past tense marking fed indicates that the speaker wants to
talk about a certain time in the past. The topic time of (5) thus

Participants
We recruited 61 English speakers from Amazon Mechanical
Turk through the platform CloudResearch (Litman,
Robinson, & Abberbock, 2017). The experiment lasted
approximately 20 minutes and participants were only
included in the analysis if all trials had been completed.
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Based on this criterion, we excluded 11 participants, resulting
in 50 full datasets submitted to analysis.

Materials
Critical sentences consisted of two clause types: First, a main
clause describing an activity was combined with a relative
clause that further specified a state (6). Second, while-clause
constructions consisted of an activity verb in the main clause
and a state description in the while-clause (7).
(6)

The girl fed the rabbit that was near the mushroom.

(7)

The girl fed the rabbit while it was near the
mushroom.

Figure 1: Temporal arrangement of the embedded event
(i.e., location description) relative to the main clause event
(i.e., activity).

In addition to 4 critical pairs like (6) and (7), we created 16
filler sentences that either connected two events with a
coordinating conjunction (e.g., The dog barked and the bird
flew away) or identified a single event’s location by use of a
prepositional phrase (e.g., The ghost scared the boy in front
of the houses). All sentence stimuli consistently used simple
past.
For visual materials, we animated video clips that lasted
between 8 and 12 seconds and matched the linguistic
material: Critical video stimuli showed an actor acting on
another one (e.g., a girl feeding a rabbit). Crucially, the event
sequence was manipulated such that the activity event either
happened before the patient moved to the described location,
here, the mushroom (i.e., forward shifted event sequence) or
after it moved away from it (backwards shifted event
sequence). The temporal arrangement of the two events is
illustrated in Figure 1.
Importantly, this made all critical while-clauses
unambiguously false, allowing us to test the acceptance of
relative clauses as backward and forward shift interpretations
of the events.
Filler videos showed event sequences corresponding to the
descriptions in the filler sentences. Furthermore, four
animated videos that showed two events taking place
simultaneously were matched to two while- and relative
clauses, each of which served as unambiguously true sanity
checks. The videos also contained distractor locations (i.e., a
tree) and distractor characters (i.e., another animal). All
critical linguistic and visual materials can be found at
https://osf.io/6ae5m.

condition), 16 filler trials and four sanity check trials,
presented in a randomized order.
We constructed four lists using a Latin-square design
(sentence type, event sequence, video content) and assigned
participants randomly to each list to counterbalance between
subjects. Experiment 1 was programmed in PsychoPy and ran
online on Pavlovia.org.

Statistical Analysis
A linear mixed effects regression was conducted in the R
statistics environment (R Core Team, 2014) with clause type
and event sequence as contrast-coded fixed effects and
participants and items as random intercepts to control for
variance potentially caused by these factors. We included
random intercepts, but not random slopes (i.e., a minimal
intercept-only structure) to ensure model convergence.
Furthermore, we ran planned pairwise comparisons to
investigate the interaction of the linear mixed effects model.
A preregistration of both experiments can be found at
https://osf.io/6ae5m.

Results
Acceptance rates from Experiment 1 are shown in Figure 2.
There was a main effect of sentence type as well as a main
effect of event sequence: As predicted, for both backwards
and forward shifted event sequences, while-clause
descriptions were rated significantly lower (mean=1.84,
SD=1.26) than relative clause constructions (mean=3.39,
SD=1.57, Df=1, χ2=129.5, p<0.001). This demonstrates that
the task was easy to understand, and that participants
responded to unacceptable video-sentence pairings as
predicted. Furthermore, each participant rated 75% or more
of the sanity checks as true, indicating that they understood
the task correctly, and did not lose interest during the course
of the trials.
In addition, we found a main effect of event sequence:
Participants rated forward shifted event sequences
(mean=2.26, SD=1.48) as significantly less acceptable than
backward shifted event sequences (mean=2.96, SD=1.68,
Df=1, χ2=29.4, p<0.001). Importantly, the interaction
between clause type and event sequence was significant as

Procedure
In each trial, participants first watched the video. After that,
the corresponding sentence as well as a 5-point rating scale
were presented on the screen. Participants were asked to
indicate on the scale how adequately the sentence described
the preceding animation.
There were two practice trials in the beginning of the
experiment to familiarize participants with the experimental
procedure. After practice trials, participants completed eight
critical trials (2 clause types x 2 event sequence, 2 trials per
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second experiment in German where such temporal
ambiguities have not been documented for relative clauses,
and can be resolved by using conjunctive verb forms in
complement clauses (Helbig & Buscha, 2001).

Experiment 2
Participants
19 German speakers were recruited from the researchers’
personal environment. Similar to Experiment 1, the task
lasted around 20 minutes and all trials had to be completed in
order to be included into analysis. We excluded 1 participant
due to an incomplete data set, resulting in 18 full datasets for
analysis (the effect sizes of Experiment 1 allowed us to
decrease the sample size).

Materials and Procedure
We used the same visual materials as in Experiment 1.
Regarding linguistic materials, we constructed German
versions of the English sentence stimuli with main clauses
always describing activities and relative clauses (8) or
während-clauses (9) always describing a state of the direct
object (the sentences are close translations of (6) and (7)).

Figure 2: Mean acceptance rates for English clause types
describing shifted event sequences in Experiment 1, error
bars represent Standard Errors.
well (Df=1, χ2=17.65, p<0.001). Planned pairwise
comparisons revealed that the interaction was driven by the
relative clauses: Sentences containing while-clauses were
rated unacceptable irrespective of whether animations
showed a forward or a backwards shift (β=-.08, t=0.9, p>0.37). However, participants rated relative clauses
significantly more acceptable when they described a backshifted animation compared to video clips that depicted a
forward shifted event sequence (β=-.06, t=-5.9, p<0.001).

(8)

Das
The
der
that

(9)

Das Mädchen fütterte
den Hasen,
The girl
fed
the
rabbit
während er neben dem Pilz
saß.
while
he next to the mushroom
sat

Discussion of Experiment 1
Our results show that, in sentences where the matrix sentence
describes an action and the relative clause is a state
description, the embedded tense is interpreted relative to the
matrix clause: Participants judged event sequences that
ordered the relative clause description after the matrix clause
(i.e., forward shifted event sequences) significantly less
acceptable compared to event sequences in which the relative
clause event preceded the event described by the relative
clause (i.e., backshift event sequences).
This pattern of results indicates that syntactic relations are
not the sole determinants of temporal interpretation: While
from a syntactic point of view, both interpretations should be
equally available to comprehenders, this was not the case in
our data. Rather in line with the event structural approach,
interpretations were preferred where a salient event in the
main clause anchored the backgrounded situation described
by the relative clause.
Naturally, these findings could also arise due to some
special features of the English language system: English
tenses have been famously argued to giving rise to quirky
temporal interpretations in other embedded contexts (i.e.,
complement clauses), generally referred to as the sequence of
tense phenomenon (e.g. Abusch, 1997; Enç, 1987; Ogihara,
1995). To further investigate this possibility, we conducted a

Mädchen
girl
neben
next to

fütterte
den Hasen,
fed
the
rabbit
dem Pilz
saß.
the
mushroom sat

Again, fillers either contained coordinating conjunctions, or
prepositional phrases, and we included unambiguously true
während- and relative clause statements, using different sets
of videos, as additional controls. All sentence stimuli used
preterite which is, diachronically and structurally speaking,
the German equivalent to simple past tense in English (Klein,
2000). The experimental procedure was the same as in
Experiment 1. All critical linguistic and visual materials can
be found at https://osf.io/6ae5m.

Statistical Analysis
The same statistical analysis as in Experiment 1 was
conducted in Experiment 2 (i.e., mixed effect model with
minimal intercept-only structure, planned pairwise
comparisons).

Results
As in Experiment 1, each participant rated the additional
control trails acceptable at least 75% of the times, suggesting
that they had no difficulty understanding the task.
Furthermore, we found a similar pattern of results as in
Experiment 1 (for illustration, see Figure 3): There were main
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In two experiments, we found that forward shifted event
sequences were significantly less acceptable for past-underpast relative clauses than back shifted event sequences. While
event-driven accounts of temporal interpretation would
predict such a pattern of results since, here, a formerly
mentioned event is expected to act as the temporal anchor of
a subsequent event (Carroll & Stutterheim, 2010; Klein,
1994, 2000; von Stutterheim et al., 2003), structure-driven
accounts are not supported by our findings: Formal
approaches trace temporal relationships between events back
to underlying structural dependencies. As relative clauses
modify the object of a sentence and are therefore syntactically
independent of the matrix verb, tense in relative clauses
should be interpreted only relative to the utterance time,
rendering both backward and for forward shifted event
sequences acceptable interpretations of past-under-past
relative clauses (Abusch, 1997; Enç, 1987; Kusumoto, 1999;
Ogihara, 1996; Stowell, 2007; Von Stechow & Grønn,
2013a). Clearly, our results indicate that in understanding the
temporal order of a matrix clause and a relative clause, the
mapping between temporal structure and linguistic form is
not correctly predicted by standard accounts of tense
interpretation.
One conceivable reason why standard approaches fail to
make the right predictions for temporal interpretations of
past-under-past relative clauses is that they are, for the most
part, concerned with other types of dependent clauses. In fact,
most research on embedded tense focuses on explaining
dependent interpretations between matrix tenses and
embedded tenses in complement clauses (but see Arregui &
Kusumoto, 1998; Ogihara, 2015; Von Stechow & Grønn,
2013a, 2013b). Relative clauses and other types of
subordinations (e.g., temporal adjunct clauses), on the other
hand, are often merely treated as independently interpreted
counterexamples, or gain importance only when they are
embedded under complement clauses (e.g., ‘Sue believed that
she would marry a man that loved her’, see Abusch, 1997,
p.17) or in the scope of a future auxiliary (e.g., ‘John will
meet a man who lost his money’, see Ogihara, 1996, p.161,
but also Von Stechow & Grønn, 2013a). In this regard, a
dedicated account which develops a principled model of
temporal interpretation of past-under-past relative clauses is
still a desideratum in the literature.
Secondly, and relatedly, such a dedicated account would
have to clarify under which circumstances relative clause
descriptions cannot denote a forward shifted event sequence.
Whereas some formal approaches might integrate our
findings into their theory of embedded tense (e.g., in some
cases, relative clause tense remains in the scope the matrix
verb, see Ogihara, 1996; Stowell, 2007), neither of them
spells out what might have caused forward shifted event
sequences to be considerably less accessible in relation to
past-under-past relative clauses in both our experiments. To
capture this data, standard approaches would need to be
augmented with further stipulations, explaining how event
structural or pragmatic factors might shift people’s

Figure 3: Mean acceptance rates for German clause types
describing shifted event sequences in Experiment 2, error
bars represent Standard Errors.
effects of sentence type (Df=1, χ2=28.1, p<0.001) and event
sequence (Df=1, χ2=10.9, p<0.001) as well as an interaction
between the two independent variables (Df=1,
χ2=10.4, p<0.01). Pairwise comparisons revealed that the
interaction resulted from the relative clauses such that
während-clauses were rated unacceptable across event
sequences (β=-.001, t=-0.17, p>0.87), whereas relative
clauses were significantly more acceptable combined with
backward shifted event sequences (β=-.07, t=-3.7, p<0.001).

Discussion of Experiment 2
The German data replicated the findings from Experiment 1:
Participants judged forward shifts significantly worse than
backward shifted interpretations of the relative clause relative
to the matrix clause. These results thus indicate that tense in
relative clauses is interpreted relative to the matrix clause
event, irrespective of the syntactic properties of the
embedded clause.
More importantly, Experiment 2 showed that the lack of a
forward shift interpretation in the English data cannot be
reduced to particularities of the English grammatical tense
system. In fact, forward shift interpretations were equally
unacceptable in German – a language in which temporal
interpretations of complement clauses are rendered less
ambiguous due to obligatory mood specifications (Helbig &
Buscha, 2001).

General Discussion
In our study, we asked which temporal interpretations are
available to comprehenders for past-under-past relative
clauses: Are complex sentences containing past tense relative
clauses true if the event described by the relative clause
happened before the main clause event (i.e., a backshift
interpretation) or if the embedded event took place after the
event in the main clause (i.e., forward shifted interpretation)?
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preferences to simultaneous and back-shifted temporal
interpretations.
By contrast, event structural approaches can neatly account
for the different acceptance rates for forward shifted and
backward shifted event sequences in our data from their first
principles: Whenever comprehenders decode the temporal
structure conveyed by a complex sentence, they need to
anchor each occurring temporal expression by relating it to
another temporal interval. In principle, the anchoring interval
can be identified with the utterance time of the sentence.
However, previously mentioned or contextually salient
events are more likely to be chosen, in particular, when such
events describe actions rather than states and successfully
draw people’s attention to the respective time span (Clewett
et al., 2020; Kurby & Zacks, 2008; Zacks et al., 2007).
Note that an event-structural perspective can also account
for examples where forward shifted interpretations are indeed
feasible: One of the key motivations for the claim that relative
clauses need to be interpreted independently from the matrix
tense are sentences such as (10) or (11) where the embedded
event unquestionably happened after the main clause event:

of a second version of the patient who stood at a distractor
location (e.g. a second rabbit near a tree, see Figure 1). The
video materials thus evoked contrast alternatives for the
object NP. In this regard, reference resolution might have
tampered with people’s temporal judgements in two different
ways: For one thing, people may have identified the matrix
event as the relevant time span that determines to which
entity the object NP refers. The relative clause description
would thus have to be true at the time of the matrix event
which, in turn, would make forward shifted interpretations
less acceptable only in the context of reference resolution.
Conversely, introducing contrast alternatives could also have
distracted from the temporal structure of the sentence: People
might have evaluated past-under-past relative clauses with
regard to whether the modified NP identified the correct
character, with the temporal relations being less decisive for
their adequacy judgements. This would explain the fact that
forward shifted event sequences were rated still more
acceptable for relative clauses than for while-clauses. In
follow up experiments, we will address these possibilities by
removing the distractor character from the critical video clips.
Furthermore, for the forward shifted event sequence,
videos generally stopped after the object referent moved to
the location described by the relative clause. Though the
video was followed by a 1 second blank screen and the
subsequent judgement task did not include visual materials
(e.g., still frames of the scene), our design does not exclude
the possibility that states were perceived as not terminated.
To rule out such an alternative explanation for the lower
acceptability ratings of forward shifted interpretations, a
follow-up experiment will include forward shifted event
sequences where the state is unambiguously in the past (i.e.,
the rabbit hopping away from the mushroom).
Finally, our predictions regarding temporal relations in
past-under-past relative clauses draw on independent
evidence, suggesting that stable states are cognitively less
salient than actions and events (Clewett et al., 2020; Kurby &
Zacks, 2008; Zacks et al., 2007). In additional control
experiments, we will examine whether this asymmetry also
holds for our materials: For that purpose, participants will be
asked to watch the animated clips from Experiment 1 and 2
and give a short description after each video. In line with
previous findings, we should expect a significantly larger
number of references to events than to states in people’s
spontaneous summaries.
In sum, in this paper, we present the first attempt to
empirically test formal and event-driven models of how
language maps onto complex events in language
comprehension. We have shown that forward shifted event
sequences seem to be less acceptable for past-under-past
relative clauses than back shifted event sequences – a result
that would not have been predicted by standard formal
accounts of temporal sequence but were in line with a model
of linguistic event comprehension that takes an event’s
internal structure and salience as starting point.

(10) A child was born that became king.
(11) Hillary Clinton married a man who became
president.
Under an event structural view, the search for a conceptual
anchor for the embedded tense in (10) and (11) might be
influenced by extra-linguistic context (i.e., an unborn child
cannot be coronated, the Clintons got married before Bill
Clinton’s presidency) or – assuming that syntactic
dependencies do not determine temporal parameters – the
anchoring relation might be inverted: In such a case, the event
in the subordinate clause might be more salient and, as a
consequence, act as the temporal anchor of the matrix clause
verb.
Further experiments are planned to investigate such
questions more thoroughly: For instance, are forward shifts
equally unacceptable to comprehenders when the mapping
between syntax and event structure is switched (e.g., ‘The
rabbit that the girl fed was next to the mushroom’)? Can
forward shifted event sequences be ameliorated in contexts
with discourse focus on the subject of the relative clause (e.g.,
‘This story is about a rabbit’) or when the relative clause and
main clause description are equally salient (e.g., two event
descriptions ‘The girl fed the rabbit that hopped towards the
mushroom’, or two state descriptions ‘The girl stood next to
the rabbit that was next to the mushroom’)? While none of
these manipulations should change temporal interpretations
according to standard accounts of embedded tense, event
structural approaches would predict an amelioration of
forward shifts for past tense relative clauses that can serve as
temporal anchors of the main clause event.
Another open question remains: Following the
experimental design of Dermidache and Lungu (2008), we
included a distractor character in each video clip, consisting
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Abstract

Gerstenberg, & Zultan, 2013), temporal recency (Bramley,
Gerstenberg, Mayrhofer, & Lagnado, 2018; Henne, Kulesza,
Perez, & Houcek, 2021; Spellman, 1997), and foreseeability (Kirfel & Lagnado, 2021) on causal judgments, among
other phenomena. Counterfactual sampling models have even
been shown to predict eye movements during causal judgment
(Bello, Lovett, Briggs, & O’Neill, 2018; Gerstenberg, Peterson, Goodman, Lagnado, & Tenenbaum, 2017) and judgments of omissive causation (Gerstenberg & Stephan, 2021;
Henne, Niemi, Pinillos, De Brigard, & Knobe, 2019).
However, while there is a vast amount of research on
causal judgment, little is known about how and whether people are able to evaluate the accuracy and reliability of their
causal judgments (but see Liljeholm, 2015, 2020; Liljeholm
& Cheng, 2009). In this paper, taking ideas from models
of metacognition in perception and decision-making (Ma &
Jazayeri, 2014; Meyniel & Dehaene, 2017; Meyniel, Sigman,
& Mainen, 2015; Pouget, Drugowitsch, & Kepecs, 2016), we
propose the first computational model (to our knowledge) of
metacognitive confidence in human causal judgments, or simply causal metacognition. Comparing several variations of
this model to participants’ ratings, we found that one of these
variations was able to simultaneously predict mean causal
judgment and mean confidence in a simple causal judgment
task. In the Discussion, we argue that our results constitute
strong evidence in favor of this model and we discuss implications for future research.

The human capacity for causal judgment has long been thought
to depend on an ability to consider counterfactual alternatives:
the lightning strike caused the forest fire because had it not
struck, the forest fire would not have ensued. To accommodate psychological effects on causal judgment, a range of
recent accounts of causal judgment have proposed that people probabilistically sample counterfactual alternatives from
which they compute a graded index of causal strength. While
such models have had success in describing the influence of
probability on causal judgments, among other effects, we show
that these models make further untested predictions: probability should also influence people’s metacognitive confidence in
their causal judgments. In a large (N=3020) sample of participants in a causal judgment task, we found evidence that
normality indeed influences people’s confidence in their causal
judgments and that these influences were predicted by a counterfactual sampling model. We take this result as supporting
evidence for existing Bayesian accounts of causal judgment.
Keywords: causal judgment; metacognition; counterfactual
thinking

Introduction
Judgments about cause and effect are thought to be central
to the way people decide who or what is responsible for an
outcome (Chockler & Halpern, 2004; Knobe & Fraser, 2008;
Malle, Guglielmo, & Monroe, 2014) or explain how a particular state affairs came to be (Lombrozo, 2007; Lombrozo
& Vasilyeva, 2017). In machine learning, causal judgment
is considered a major requirement for systems that generate robust predictions in a range of circumstances and intervene in the world, and much recent work accordingly focuses
on how to develop systems capable of representing, learning, and making use of causal information (Dasgupta et al.,
2019; Gershman, 2017; Gershman, Norman, & Niv, 2015;
Pearl, 2019). Drawing on both of these literatures, computational models of human causal judgment seek to explain
why people tend to think of some events as more causal than
other events, while also providing a tractable framework for
implementing such judgments in artificial agents. Among
the many possibilities, counterfactual sampling models have
had particular success (Cheng, 1997; Cheng & Novick, 1990;
Icard, Kominsky, & Knobe, 2017; Quillien, 2020; Spellman,
1997). These models account for known effects of probability (Gerstenberg & Icard, 2020; Henne, O’Neill, Bello,
Khemlani, & De Brigard, 2021; Icard et al., 2017; Knobe &
Fraser, 2008), the presence of alternative causes (Kominsky,
Phillips, Gerstenberg, Lagnado, & Knobe, 2015; Lagnado,

Counterfactual sampling and causal judgment
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Before extending the predictions of counterfactual sampling
models to the domain of causal metacognition, we will first
briefly review how they account for causal judgments themselves. Counterfactual sampling models assume that people
encode causal relationships between variables using a causal
graph consisting of exogenous variables U whose causes are
not explicitly modeled, endogenous variables V which are
determined as a function of the exogenous variables U , and
a set of structural equations F that encode the dependence of
V on U (represented as edges in the graph). Here we will
focus on the causal structure depicted in Figure 1, known
as an unshielded collider (Pearl, 2019). In this structure,
an effect E is produced by two generative causes: a focal
cause C and an alternate cause A. That is, U = {UC , UA },
V = {C, A, E}. We focus on two versions of this structure

In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

for the case of binary variables. In the conjunctive structure, both causes are necessary for the effect to occur (i.e.,
F = {C = UC , A = UA , E = min(C, A)}). In the disjunctive
structure, either cause is individually sufficient to produce the
effect (i.e., F = {C = UC , A = UA , E = max(C, A)}).
C

E

Given a choice of f , counterfactual sampling generates a
probability distribution P(κC→E ), which corresponds to the
belief that C = c caused E = e. These models typically assume that causal judgments are reports of the expected causal
strength E[κC→E ]. This summary creates natural interpretations for many choices of f . For instance, ∆P reduces to
the average causal effect of C on E, and the counterfactual
effect size model is simply the correlation between C′ and
EC=C′ ,A=A′ in the sampled possibilities (Cheng & Novick,
1990; Quillien, 2020). Since each of the above models has
seen empirical support, we will extend each of them to predict confidence in causal judgments.

A

Figure 1: A causal graph depicting the relationships between
an effect E as produced by a focal cause C and an alternate
cause A.
Counterfactual sampling models aim to predict people’s
causal judgments of the extent to which C = c caused E = e
given the above causal graph and the observations C = c,
A = a, and E = e. To do so, they propose that people sample
alternative possibilities according to the internal model:

Counterfactual sampling and metacognition
While research on causal judgment has typically focused on
E[κC→E ], the expected causal strength of C on E, counterfactual sampling models of causal judgment assume that people
have access to samples from the distribution P(κC→E ). In
the domains of perception and decision-making, recent models of metacognition based on Bayesian decision theory have
suggested that the information provided by the distribution
over a decision variable is sufficient (if not necessary) to produce metacognitive assessments of confidence (Ma & Jazayeri, 2014; Meyniel & Dehaene, 2017; Meyniel et al., 2015;
Navajas et al., 2017; Pouget et al., 2016; Yeung & Summerfield, 2012). For binary decisions (e.g. whether a stimulus is
present or absent), this distribution allows one to compute the
probability that the decision is correct as a measure of confidence (Fleming & Daw, 2017; Hangya, Sanders, & Kepecs,
2016; Kepecs, Uchida, Zariwala, & Mainen, 2008; Kiani &
Shadlen, 2009). However, even in contexts where all of the
relevant variables are binary, causal judgments are thought
to be continuous or graded such that an event can be seen
as more or less causal (Danks, 2017; Halpern & Hitchcock,
2015; O’Neill, Henne, Bello, Pearson, & De Brigard, 2021).
Thankfully, a number of options exist for quantifying uncertainty in continuous decisions: the variance, the standard deviation, the coefficient of variation, and the entropy are all
natural candidates for modeling people’s reports of confidence in their causal judgments (Liljeholm, 2015; Meyniel
et al., 2015). Conceptually, the variance, standard deviation,
and coefficient of variation all propose that people are less
confident in their causal judgments if their belief P(κC→E ) is
imprecise or variable, though each measures variability on a
slightly different scale. Similarly, entropy proposes that people are more confident in their causal judgments if P(κC→E )
carries more information. Table 2 summarizes each of these
measures and provides their formulae for the case where
κC→E is Bernoulli-distributed, which for the causal structures
of interest applies to all of the models in Table 1 except for the
counterfactual effect size model, in which case the only difVar(C′ )
ference is that Var(κC→E ) = Var(E
′ ) E[κC→E ](1 − E[κC→E ]).
Thus, our model of causal metacognition is a simple conjunction of counterfactual sampling models of causal judgment and Bayesian models of metacognition: causal judg-

C′ ∼ Bernoulli(θC )
A′ ∼ Bernoulli(θA )
κC→E = f (C′ , A′ , F )
where θC ∝ P(C), θA ∝ P(A). The value κC→E corresponds
to some measure of the difference (or contribution) made by
C to E for each sampled possibility, where the function f determines exactly how the difference made by C to E is quantified (Table 1). In addition to two models that were originally
formulated using the sampling algorithm above (Icard et al.,
2017; Quillien, 2020), we also include three classic measures
of causal strength that can be estimated under the same algorithm, though it is important to note that these measures
were not originally derived with this particular problem, algorithm, or causal structure in mind (Cheng, 1997; Cheng &
Novick, 1990; Spellman, 1997). Following Morris, Phillips,
Gerstenberg, and Cushman (2019), our goal is not to evaluate these models in their original context, but rather to test
whether the measures they provide (construed as quantifications of difference-making for single events) predict causal
judgments in this domain.
For instance, the ∆P model uses a measure that corresponds to the difference between the value that E would have
taken if C = 1 (denoted EC=1,A=A′ ) and the value it would
have taken if C = 0 (EC=0,A=A′ ) (Cheng & Novick, 1990).
The Power PC model uses the same metric as ∆P but with a
different normalization (Cheng, 1997). The crediting causality model (Spellman, 1997) is also similar to the ∆P model,
but it uses the average value of the effect overall, and not
the value of the effect when the cause is absent, as baseline.
More recently, the necessity-sufficiency model computes the
impact of C by determining whether it was sufficient for E (if
C′ = 1) or whether it was necessary for E (if C′ = 0) (Icard et
al., 2017). Finally, in our causal structure of interest the counterfactual effect size model is equivalent to ∆P except that it
uses a normalization based on the standard deviations σC′ and
σE ′ of C′ and E ′ , respectively (Quillien, 2020).
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Table 1: Causal strength metrics from five counterfactual sampling models
Model
∆P (Cheng & Novick, 1990)
Power PC (Cheng, 1997)
Crediting Causality (Spellman, 1997)
Necessity-Sufficiency (Icard et al., 2017)
Counterfactual Effect Size (Quillien, 2020)

κC→E
∆P(C′ , A′ , F ) = EC=1,A=A′ − EC=0,A=A′
PPC(C′ , A′ , F ) =

CC(C′ , A′ , F ) = EC=1,A=A′ − EC=C′ ,A=A′
NS(C′ , A′ , F ) = C′ ∗ EC=1,A=A′ + (1 −C′ ) ∗ (1 − EC=0,A=A′ )
CES(C′ , A′ , F ) =

Stimuli were six vignettes similar to the vignette used in Morris et al. (2019). Each vignette included a deterministic causal
system involving two candidate causes (which could occur independently with defined probabilities) and an outcome that
would occur if and only if both candidate causes occurred
(conjunctive structure) or if and only if either candidate cause
occurred (disjunctive structure). In all vignettes, the two candidate causes always occurred, and so the outcome also always occurred. The outcome was positive (e.g., winning a
dollar) in half of the vignettes and negative (e.g., having to
pay for drinks) in the other half. Alongside each vignette,
participants were shown an image that briefly summarized
the vignette and also defined the probability of each candidate
cause. All materials and code are accessible via the Open Science Framework. For example, participants were shown the
following vignette along with the image in Figure 2:

Measure

SD

Var(κC→E ) = E[κC→E ](1 − E[κC→E ])
p
σκC→E = Var(κC→E )

CV

CV(κC→E ) = σκC→E /E[κC→E ]

Entropy

EC=1−C′ ,A=A′ −EC=C′ ,A=A′ σC′
σE ′
1−2C′

Materials

Table 2: Four confidence metrics for counterfactual sampling
models

Variance

∆P(C′ ,A′ ,F )
1−EC=0,A=A′

H(κC→E ) = −ΣP(κC→E ) log(P(κC→E ))

ments are reports of the expected difference the cause made
to the effect (i.e., E[κc→E ]) and confidence ratings are reports
of the expected certainty in this estimate (e.g., inversely related to σκc→E ). To test this model, we replicated and extended a recent study measuring quantitative shifts in causal
judgments with respect to the probabilities of the focal and alternate causes, P(C) and P(A) (Morris et al., 2019). Previous
work has shown that causal judgments of C tend to decrease
with P(C) but increase with P(A) in conjunctive causal structures and that they increase with P(C) but decrease with P(A)
in disjunctive causal structures (Icard et al., 2017; Kominsky
et al., 2015; Morris et al., 2019). Each of the above measures of uncertainty predict that people’s confidence in their
causal judgments should also vary with P(C) and P(A). Accordingly, we also measure participants’ confidence in their
causal judgments.

A person, Joe, played a casino game where he reached
into two boxes and blindly drew a ball from each box.
In this game, he wins a dollar if and only if he gets a
green ball from the left box and a blue ball from the right
box. If he doesn’t get a green ball from the left box or he
doesn’t get a blue ball from the right box, he doesn’t win
a dollar. Joe closed his eyes, reached a hand into each
box, and chose a green ball from the left box and a blue
ball from the right box. So Joe won the dollar.
To what degree did Joe win the dollar because he
drew a green ball from the left box?

Methods

How confident are you in your response to the previous question?

Participants
3020 participants were recruited from Prolific
(https://prolific.co). All participants were from the United
States, spoke English as their native language, and provided
informed consent in accordance with Duke University IRB.
Participants completed the task in an average of 7.5 minutes
and were compensated $0.75. 118 (3.9%) participants were
excluded from our analyses because they reported not paying
attention to the task in response to an explicit attention check
after completion of the task. Data were analyzed from the
remaining 2902 participants (mean age = 36.93, standard
deviation age = 13.23, 49% female).

Procedure
In a 10 × 10 × 2 × 6 within-participants design (probability
of focal cause: {.1, .2, . . . 1}; probability of alternate cause:
{.1, .2, . . . 1}; causal structure: Conjunctive/Disjunctive; vignette), participants read one version of each of the six vignettes. The probability of each candidate cause and the
causal structure were randomly assigned for each vignette.
The probability of each candidate cause could take any value
between .1 and 1 with increments of .1, and the order of vignettes was randomized. For each vignette, participants read
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Figure 3: Inferred mean causal judgment (A) compared to
model predictions (B). Arrows indicate significant gradients
in mean causal judgment with respect to the probability of the
focal or alternate causes. Color scales differ between the data
and the model predictions to better illustrate trends.

Figure 2: Example stimulus. In this example, a character
wins a dollar if and only if they draw a green ball from the
left box (with probability .3) and they draw a blue ball from
the right box (with probability .6).

and the alternate cause (i.e., the cause that participants do not
judge; Icard et al., 2017; Kominsky et al., 2015; Morris et
al., 2019). Figures 3A and 3B depict mean causal judgment
and predictions from each model, respectively. In conjunctive
structures, causal judgments of the focal cause C tended to
decrease with the probability of the focal cause and increase
with the probability of the alternate cause. In disjunctive
structures, we found the opposite result: causal judgments
tended to increase with the probability of the focal cause and
decrease with the probability of the alternate cause. The white
arrows in Figure 3 indicate regions where these trends were
significant.
We then asked whether these patterns in causal judgments
were predicted by counterfactual sampling models. To answer this question, we computed correlations between inferred mean causal judgment and the predictions from each
model. Figure 5 (left panel) depicts the performance of each
model along this metric. As found in previous work (Morris et al., 2019; Quillien, 2020), we found that counterfactual
sampling models were largely successful in predicting causal
judgments. In particular, the counterfactual effect size model
had the highest correlation with mean causal judgment for
both conjunctive (r = .88, 95% HDI = [.81, .93]) and disjunctive (r = .74, 95% HDI = [.50, .93]) causal structures. All
models significantly predicted causal judgments in conjunctive structures, and all models except the Power PC (r = 0)
and Crediting Causality (r = −.04, 95% HDI = [−.37, .29])
models significantly predicted causal judgments in disjunctive structures.

the vignette and inspected an image which added information about the probability of each event. On the same screen,
participants responded to the questions "To what degree did
[the outcome occur] because [the focal cause occurred]?" and
"How confident are you in your response to the previous question?" on 1000-point continuous slider scales ranging from
"not at all" (coded as 0) to "totally" (coded as 1).

Analysis
To determine the effects of the probability of the focal and alternate causes on both causal judgments and confidence ratings, we fit a bivariate Gaussian process (GP) model using
the probabilistic programming language Stan (Carpenter et
al., 2017; Stan Development Team, 2020, 2021). We estimated mean causal judgment and mean confidence as the inferred mean from separate GPs for conjunctive and disjunctive causal structures. Importantly, using a GP model allowed
us to account for known non-linear effects of probability on
causal judgments in a way that maximizes statistical power
(Morris et al., 2019) and to account for known correlations
between mean confidence, mean causal judgment, and variability in causal judgments (O’Neill et al., 2021). To test for
changes in causal judgments and confidence ratings with respect to the probability of each cause, we also jointly estimated the gradients of each GP (Riihimäki & Vehtari, 2010;
Solak, Murray-Smith, Leithead, Leith, & Rasmussen, 2003).
All GPs were modeled on a latent logit scale with an Ordered Beta likelihood (Kubinec, 2020), which accounts for
the fact that both causal judgments and confidence ratings
were bounded between 0 and 1 with many responses at precisely these bounds. Full specification of the model and prior
distributions is available via the Open Science Framework.
We considered any parameter with a 95% highest density posterior interval excluding zero as statistically significant.

Confidence
Next, we asked whether people’s confidence in their causal
judgments also varied with respect to the probability of the
focal and alternate causes. Figure 4 depicts mean confidence
in causal judgments alongside predictions from each model.
Because model predictions were naturally on the scale of uncertainty (with larger numbers indicating less certainty), we
normalized all model predictions to the range [0, 1], with 0 indicating uncertainty and 1 indicating certainty. In conjunctive
structures, people tended to be more confident in their causal
judgments as the probability of the focal cause decreased and

Results
Causal Judgment
We first sought to replicate previous results showing that
causal judgments vary as a function of the probability of the
focal cause (i.e., the cause that we ask participants to judge)
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Figure 5: Model performance for causal judgments and confidence ratings in conjunctive (orange) and disjunctive (blue)
causal structures. While most models perform well at predicting causal judgments, only the Necessity-Sufficiency model
predicts causal judgments and confidence for both causal
structures. Points indicate posterior medians, thick error bars
indicate 66% highest density intervals, and thin error bars indicate 95% highest density intervals.

as the probability of the alternate cause increased. In contrast, in disjunctive structures, people tended to be more confident as the probability of the focal cause increased. White
arrows in Figure 4 depict regions where these effects were
significant. However, we note that confidence was very high
overall (M = .84, SD = .22) and that the observed effects on
confidence were small compared to the corresponding effects
on causal judgment. As such, the confidence judgments may
have been subject to a ceiling effect, limiting the generalizability of these findings.
Finally, we tested whether Bayesian models of metacognition, in conjunction with counterfactual sampling models of
causal judgment, predicted participants’ confidence in their
causal judgments. As with causal judgments, we correlated
the inferred mean confidence with the predictions from each
model. For simplicity, we depict results only using the standard deviation σκC→E . Results were qualitatively similar using other metrics, which can be found via the Open Science
Framework. Figure 5 (right panel) depicts the performance of
each model along this metric. While the counterfactual effect
size model again performed the best in conjunctive structures
(r = .69, 95% HDI = [.48, .85]), it performed the worst in
disjunctive structures (r = −.42, 95% HDI = [−72., −.12]).
Other models were significantly able to predict confidence
in either conjunctive structures or disjunctive structures, but
the only model to significantly predict confidence in both
conjunctive (r = .77, 95% HDI = [.66, .85]) and disjunctive
(r = .66, 95% HDI = [.46, .85]) structures was the necessitysufficiency model.

σκC→E . This extension of counterfactual sampling models
made the novel prediction that people should be more or less
confident in their causal judgments depending on the probability of each of the contributing causes of the effect. However, different variations of the model differed in exactly how
confidence should change: some predicted confidence should
increase with the probability of the focal cause, others predicted that it should depend only on the probability of the
alternate cause, some predicted that confidence would be a
nonlinear function of the two probabilities, and still others
predicted no changes in confidence whatsoever.
To test the different variations of our model, we replicated
and extended an experiment by Morris et al. (2019) which
demonstrated that causal judgments tended to decrease with
the probability of the focal cause and increase with the probability of the alternate cause in conjunctive causal structures
(i.e., when both causes are individually necessary for the effect), but they tended to increase with the probability of the
focal cause and decrease with the probability of the alternate
cause in disjunctive causal structures (i.e., when either cause
is individually sufficient for the effect). Our experiment reproduced these results, and most variations of the model were
able to significantly predict causal judgments in both causal
structures (Morris et al., 2019; Quillien, 2020).
Extending these findings, we also measured the degree to
which participants were confident in their causal judgments.
As with causal judgments, we found that participants’ confidence decreased with the probability of the focal cause and
increased with the probability of the alternate cause in conjunctive causal structures, but their confidence increased with
the probability of the focal cause in disjunctive causal structures. These patterns were only significantly predicted by a
single version of the model: the necessity-sufficiency model
(Icard et al., 2017). Because each measure was developed
solely to explain causal judgments (with no regard for con-

Discussion
In this article, we proposed an extension of counterfactual
sampling models of causal judgment to additionally model
participants’ confidence in their causal judgments. Our extension, following recent work in metacognition, is simple: whereas people report causal judgments as the expected
causal strength E[κC→E ], they report confidence as the uncertainty in this estimate, using e.g. the standard deviation
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Abstract

internal representation of context is encoded alongside items
in memory (Howard & Kahana, 1999, 2002a; Polyn et al.,
2009; Polyn & Cutler, 2017). Akin to study-phase retrieval
accounts, the associated contextual state from initial
encoding can be reinstated when an item is repeated—the
contextual representation associated with the first
presentation then influences the contextual representation
associated with the repeated item. This retrieved context
account has been used to successfully predict previous
findings from studies investigating these repetition effects in
memory (Lohnas & Kahana, 2014). This framework has also
been used to explain several robust behavioural effects seen
in the free recall of word lists, such as the temporal contiguity
effect, where items that are encoded close by in time tend to
be recalled together, and the semantic proximity effect, where
items that are semantically similar to one another tend to be
recalled together (Healey et al., 2018; Kahana, 2020).
Previous evidence has shown that the degree of contextual
reinstatement at recall is predictive of overall memory
performance. Evidence has shown that the retrieval of
temporal associations, but not semantic associations, from
encoding is predictive of free recall performance on a word
list-learning task (Healey et al., 2014; Healey & Uitvlugt,
2019; Sederberg et al., 2010). However, the words typically
used in free recall paradigms are largely selected at random,
so the semantic associations at encoding may not have been
as strong of a retrieval cue as the temporal associations in
these situations. Word lists constructed using items drawn
from distinct semantic categories tend to be better
remembered relative to word lists constructed using random
items, which may be attributed to the strong long-standing
semantic associations that overpower the relatively arbitrary
temporal associations between items at encoding (Healey &
Uitvlugt, 2019; Polyn et al., 2011). When items are
semantically related, evidence suggests that the pattern of
contextual reinstatement flips, with reinstatement of semantic
associations, but not temporal associations, predicting recall
performance (Healey & Uitvlugt, 2019).
Retrieval of contextual associations is thought to occur
spontaneously—however, evidence suggests that certain
factors can influence the degree of contextual reinstatement
observed during recall. For example, participants tend to
show greater temporal contiguity with increased task
experience over the course of a free recall experiment,
suggesting that participants may be learning to leverage these

Paradigms using the free recall of word lists have furthered our
understanding of the organizational structure of memory by
elucidating the role of contextual associations on memory
search. We adapted the traditional word list-learning paradigm
to investigate whether emphasizing contextual associations
between items influences subsequent retrieval. Specifically,
we introduced a review period between encoding and recall of
word lists where items were repeated to highlight either the
temporal or semantic associations at encoding. We found that
temporal review led to stronger temporal clustering compared
to a semantic or control review, and semantic review led to
stronger semantic clustering compared to a temporal or control
review. Moreover, participants recalled more list items when
semantic associations were emphasized, with the degree of
semantic clustering at recall predicting memory performance.
These results demonstrate that emphasizing contextual
associations during a repeated viewing after initial encoding
can affect subsequent memory organization and recall.
Keywords: episodic memory; semantic memory; free recall;
context

Introduction
Reviewing items using repetition has long been known to be
an effective strategy to improve later memory (Ebbinghaus,
1913; Hintzman, 1976). Two primary accounts proposed to
explain the mnemonic benefits of repetition are contextual
variability and study-phase retrieval (Cepeda et al., 2006;
Delaney et al., 2010; Maddox, 2016). The contextual
variability account (Glenberg, 1979; Melton, 1970) posits
that the context associated with each item presentation is
encoded alongside a given item. Each repetition provides a
different context, which diversifies the available cues at later
retrieval. The study-phase retrieval account (Hintzman et al.,
1975; Thios & D’Agostino, 1976) proposes that each
repetition reactivates the initial memory for the item at
encoding. This process of reactivation then strengthens
memory for the retrieval cue for this item.
These accounts are not necessarily mutually exclusive
from one another, with retrieved context models of memory
search having been proposed to integrate the mechanisms
from both contextual variability and study-phase retrieval
accounts to explain repetition effects in memory (Lohnas &
Kahana, 2014). Like contextual variability accounts,
retrieved context models assume that a slowly changing
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temporal associations to scaffold memory as task experience
increases (Healey et al., 2018). Conversely, temporal
contiguity effects are reduced when participants are learning
items with incidental encoding and a surprise free recall task
(Healey, 2018). Furthermore, when asked to pay attention to
order, participants tend to show a stronger temporal
contiguity effect and when asked to pay attention to meaning,
participants tend to show a stronger semantic proximity
effect—this also affects their free recall performance, with
participants directed to focus on the semantic relationships
between items having higher overall performance than those
directed to focus on temporal relationships or no relationships
at all (Healey & Uitvlugt, 2019).
In this study, we aimed to extend this previous work by
investigating whether the reviewing items in a particular
order could emphasize different contextual associations and
furthermore, whether this would affect subsequent memory
recall. According to retrieved-context models, the
reinstatement of an item’s initial encoding context during a
repeated presentation allows the item to be associated with
multiple contexts (Lohnas & Kahana, 2014). We
hypothesized that we could bias participants to leverage
different types of associations by structuring the order of
items at a repeated viewing to emphasize different contextual
associations. Furthermore, we hypothesized that this bias
would affect their overall recall performance.
We had participants complete a modified free recall
paradigm where participants encoded and recalled word lists
made up of groups of items from distinct semantic categories
with an intermediate review phase. To make the temporal
associations between items more meaningful, items were
presented superimposed on a series of images depicting firstperson navigation along a real-world route. To manipulate the
saliency of contextual associations during this review phase,
participants were presented with the same words from
encoding in an order that either emphasized the temporal
associations from encoding, the existing semantic
associations, or neither (in a random order, as a baseline
condition). We predicted that participants would demonstrate
a stronger temporal contiguity effect after reviewing content
that emphasizes the temporal context when compared to the
semantic or baseline conditions, and a stronger semantic
proximity effect after reviewing content that emphasizes the
semantic context when compared to the temporal or baseline
conditions. Overall recall accuracy was predicted to be
highest after a semantic review period, but also higher after a
temporal review period compared to a random review period.

received monetary compensation for their participation. The
study was approved by the Research Ethics Board at the
University of Toronto.
An a priori power calculation revealed that we would need
18 participants in each condition to achieve 95% power based
on effect sizes from an initial pilot study. To increase our
ability to detect an effect in the event that our pilot study
overestimated the effect size, participants were recruited until
we had complete data from at least 25 participants in each
experimental condition. We collected data from a sample of
81 participants with a mean age of 24.64 years (SD = 4.72
years, range = 18-36 years, 51 men/30 women). Of our 81
participants, 29 participants were assigned to the temporal
review condition, 25 participants were assigned to the
semantic review condition, and 27 participants were assigned
to the random review condition (see Task design below for
more detail).

Word pool
Participants studied words drawn from a large-scale study
that collected feature norms for 541 different concepts
(McRae et al., 2005). These feature norms are the production
frequencies of responses on a feature generation task, where
participants were asked to provide as many semantic features
as they could for a corresponding concrete concept.

Figure 1: Uniform manifold approximation and projection
of the k-medoids clustering analysis on the feature norm
production frequencies from McRae et al. (2005). Each
colour denotes a cluster identified in the final clustering
solution. Inset plot shows the average silhouette width as a
function of the number of clusters—the red line denotes the
highest average silhouette width.

Methods
Participants
Participants were recruited online using Prolific
(https://prolific.co/) with pre-screening filters to ensure that
participants were between the ages of 18-35 years old, fluent
in English, had normal or corrected-to-normal vision, and
were using a computer to complete the study. All participants
provided informed consent online prior to the study and

To identify categories of semantically related words in this
subpool, we conducted a k-medoids clustering analysis with
the Partitioning Around Medoid algorithm on the cosine
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dissimilarity matrix between each word pair using the cluster
package in R (Maechler et al., 2021). This cosine
dissimilarity matrix was computed in McRae et al. (2005) by
taking the word × feature production frequency matrix and
calculating the cosine dissimilarity between each word ×
feature vector. To identify an optimal number of clusters, we
ran independent k-medoids analyses setting the number of
clusters between 2 and 100—we then identified the solution
with the highest average silhouette width (Rousseeuw, 1987).
From this, we arrived at a final solution of 34 clusters of
semantically similar words in our subpool (Figure 1). Each
cluster had an average of 15.09 words (SD = 8.66 words).

by semantic categories to emphasize the semantic
associations, or (3) a random review condition, where words
were ordered in a new random temporal sequence as a
baseline measure.
Importantly, all words were presented with the same
background image as the encoding phase so that the
background images in a temporal review phase would be
presented in an order that depicted the same continuous
stepwise navigation seen during encoding—they had no
meaningful order during a semantic or random review phase.
Recall phase Participants were presented with a row of
asterisks with an auditory beep to indicate the beginning of
the recall phase. Participants were then given 45 seconds to
verbally recall as many words as they could remember from
the just-studied trial list—participants were not asked to
recall the words in a specific order.

Task design
Participants completed eight trials of a word list learning task,
with each trial being broken up into an encoding phase, a
review phase, and a recall phase (Figure 2). Participants were
randomly assigned to one of three experimental conditions,
described below, to avoid carryover effects across conditions.

Statistical analyses
We computed the lag-conditional responses probabilities
(lag-CRP; Kahana, 1996), semantic-conditional response
probability (sem-CRP; Howard & Kahana, 2002), and
temporal and semantic factor scores (Polyn et al., 2009)
during recall using the psifr package in Python (Morton,
2020).
Lag-CRP curves provide a measure of temporal clustering
during recall via the probability of recalling item j after
recalling item i as a function of lag, or the number of items
between i and j at encoding—for example, if item i was at the
10th word presented during encoding, a lag of +1 indicates
that item j was the 11th word presented during encoding while
a lag of -1 indicates that item j was the 9th word presented
during encoding. Similarly, sem-CRP curves provide a
measure of semantic clustering during recall via the
probability of recalling item j after recalling item i as a
function of the cosine between their feature norm production
frequencies (McRae et al., 2005)—all cosine values were
treated as separate bins to transition between (Sederberg et
al., 2010).
To quantify the differences in the lag-CRP curves across
the different review conditions, an individual linear
regression model was fit for each participant’s lag-CRP curve
(Diamond & Levine, 2020). This was done separately for the
positive and negative lags, up to and including an absolute
lag value of 5 to compare the steepness of the positive and
negative components of the lag-CRP curves across the review
conditions (Howard et al., 2007; Sadeh et al., 2015). Similar
to the lag-CRP curves, an individual linear regression model
was fit to capture the steepness of each participant’s semCRP curve (Howard & Kahana, 2002b).
Temporal and semantic factor scores (Polyn et al., 2009)
provide a single value that captures the average strength of
temporal and semantic associations between transitions at
recall, respectively. For each item recalled, the absolute lag
(for temporal factor scores) or semantic similarity (for
semantic factor scores) of all possible remaining transitions
is calculated and the percentile rank of the actual transition is

Figure 2: Schematic of task paradigm. Each trial consisted
of an encoding, review (temporal/semantic/random
conditions), and recall phase.
Encoding phase During the encoding phase, participants
first learned a word list composed of 15 words made up of
five words from three of the identified clusters—the words
corresponding to the medoids of the selected clusters had no
overlapping features to ensure that they were distinct
categories.
Words were presented sequentially for 1200ms each in a
pseudorandom order, with no more than two adjacent words
coming from the same cluster. These words were presented
overlaid a continuous series of first-person photographs
navigating along real-world spatial routes to further
strengthen the temporal associations between items during
encoding—the images from each list were all associated with
the same route, with the first word of each list being presented
over an image at the start of the route and the last word of
each list being presented over an image at the end of the route
to convey stepwise navigation along the route.
Review phase Participants were then presented with the
same words from encoding, with the order of presentation
being manipulated depending on the experimental condition
assigned. Participants could be assigned to (1) a temporal
review condition, where words were ordered in the original
temporal sequence to emphasize the temporal associations,
(2) a semantic review condition, where words were ordered
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taken. This is then averaged across all transitions made, with
a final score ranging between 0 and 1. A factor score of 0
indicates that the furthest item was always chosen, and a
factor score of 1 indicates that the nearest item was always
chosen—chance clustering is indicated by a factor score of
0.5. The temporal factor score does not take into account the
direction of the transitions made.
Comparisons of these metrics across review conditions
were analyzed using one-way independent-measures
ANOVAs in R, with effect sizes being obtained using the
effectsize package (Ben-Shachar et al., 2020). Post-hoc tests
with the Tukey method were conducted with the emmeans
package (Lenth et al., 2021).
Additionally, we fit a 2-level multilevel generalized
logistic model using the lme4 package in R (Bates et al.,
2015) to predict recall of each individual word from a
participant’s temporal factor score, semantic factor score and
review condition to investigate whether the review conditions
affected the relationship between these retrieval dynamics
and overall recall performance. To test whether review
condition moderated the relationship between the factor
scores and recall, we also modeled the interactions between
review condition and both factor scores. Likelihood-ratio
tests were conducted to obtain p-values for fixed effects
related to review condition using the afex package (Singmann
et al., 2021). Interactions were probed by comparing the
simple slopes (Aiken et al., 1991) with the emmeans package
(Lenth et al., 2021).

For positive lags, there was a significant main effect of
review condition on the steepness of the lag-CRP curves
(F(2, 78) = 7.195, p = .00136, η2 = .16). Participants in the
temporal review condition had significantly steeper slopes
for positive lags than participants in the semantic review
condition (t(78) = -3.152, p = .0064, d = -0.860), or
participants in the random review condition (t(78) = -3.349,
p = .0035, d = -0.896). There was no significant difference in
the steepness of the slopes for positive lags between
participants in the semantic review condition and participants
in the random review condition (t(78) = -0.127, p = .991, d =
-0.0353). For negative lags, there was no significant main
effect of review condition on the steepness of the lag-CRP
curve (F(2, 78) = 1.034, p = .36, η2 = .03), with participants
having comparable slopes for negatives lags across the
temporal, semantic, and random review conditions.
Consistent with the findings from the lag-CRP curves,
there was a significant main effect of review condition on the
temporal factor scores at recall (F(2, 78) = 11.45, p < .001, η2
= .23). Participants in the temporal review condition had
significantly greater temporal factor scores than participants
in the semantic review condition (t(78) = 3.929, p < .001, d =
1.072), or participants in the random review condition (t(78)
= 4.263, p < .001, d = 1.140). There was no difference in
temporal factor scores between participants in the semantic
review condition and participants in the random review
condition (t(78) = 0.243, p = .968, d = .0675). Temporal
factor scores were significantly greater than chance for
participants in the temporal review condition (p < .001), but
not for those in the semantic or random review conditions
(both p’s > .05).

Results
Recall accuracy
There was a significant main effect of review condition on
the overall number of items recalled (F(2, 78) = 3.701, p =
.0291, η2 = .09). Participants in the semantic review condition
recalled significantly more items than participants in the
random review condition (t(78) = 2.681, p = .0241, d =
0.744). There was no significant difference in the number of
items recalled between participants in the temporal review
condition and participants in the semantic review condition
(t(78) = -1.810, p = .173, d = -0.494), or participants in the
random review condition (t(78) = 0.935 p = .620, d = 0.250).

Temporal contiguity at retrieval
In addition to overall recall performance, we assessed the
degree of temporal contiguity at retrieval by examining the
lag-CRP curves (Figure 3A) and the average temporal factor
scores (Figure 3B) for each review condition.
The canonical lag-CRP shape is most evident for
participants in the temporal review condition, with both the
lag recency effect, as seen by the higher CRP for more recent
lags compared to later lags, and a forward asymmetry, as seen
by the steeper curve for positive lags compared to negative
lags, being observed (Healey et al., 2018; Howard & Kahana,
1999). However, there was no clear evidence of the temporal
contiguity effect for participants in the semantic or random
review conditions.

Figure 3: (A) Lag-CRP curves, (B) temporal factor scores,
(C) sem-CRP curves, and (D) semantic factor scores for
recall across random, semantic, and temporal review
conditions. Bands and error bars indicate standard error.
Dots represent individual participants. Dashed lines
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represent chance clustering. Asterisks indicate statistically
significant differences across review conditions: ** p < .01,
*** p < .001

semantic review condition (b = 0.611, SE = 0.162, 95% CI
[0.294, 0.927]), but not in the temporal (b = 0.161, SE =
0.0948, 95% CI [-0.0251, 0.346]), or random review
condition (b = 0.172, SE = 0.102, 95% CI [-0.0285, 0.372]).
However, this was not the case for temporal clustering, (χ2(2)
= 5.97, p = .051). Although the interaction between temporal
factor scores and review condition was not statistically
significant, we conducted a simple slopes analysis to
investigate any trends that may warrant exploration in future
studies. Similarly to the pattern in the simple slopes of
semantic factor, there was only a relationship between
temporal factor scores and recall for participants in the
semantic review condition (b = 0.585, SE = 0.157, 95% CI
[0.276, 0.893]), but not in the temporal (b = 0.173, SE =
0.101, 95% CI [-0.0253, 0.371]), random review condition (b
= 0.148, SE = 0.0933, 95% CI [-0.0347, 0.331]).

Semantic proximity at retrieval
We next assessed the degree of semantic proximity at
retrieval by examining the sem-CRP curves (Figure 3C) and
the average semantic factor scores (Figure 3D) for each
review condition.
The shape of the sem-CRP curves is quite similar across
participants in each review condition, with participants in all
three conditions showing a greater probability to transition
between items that are semantically related—these results are
consistent with previous findings investigating sem-CRP
curves with other metrics of semantic similarity (Howard et
al., 2007; Kahana, 2020; Morton & Polyn, 2016; Sederberg
et al., 2010).
There was a significant main effect of review condition on
the steepness of the sem-CRP curves (F(2, 78) = 7.043, p =
.00154, η2 = .15), with participants in the semantic review
condition having significantly steeper sem-CRP curves than
participants in the temporal review condition (t(78) = -3.677,
p = .0012, d = -1.004), and participants in the random review
condition (t(78) = 2.579, p = .0313, d = 0.716). There was no
significant difference in the steepness of the sem-CRP curves
between participants in the temporal review condition and
participants in the random review condition (t(78) = -1.076,
p = .532, d = -0.288).
We also found corroborating results with the semantic
factor scores, with a significant main effect of review
condition on the semantic factor scores at recall (F(2, 78) =
11.71, p < .001, η2 = .23). Participants in the semantic review
condition had significantly greater semantic factor scores
than participants in the temporal review condition (t(78) = 4.683, p < .001, d = -1.278), or participants in the random
review condition (t(78) = 3.513, p = .0021, d = 0.975). There
was no difference in temporal factor scores between
participants in the semantic review condition and participants
in the random review condition (t(78) = -1.133, p = .497, d =
-0.303). Semantic factor scores were significantly greater
than chance for participants across all three review conditions
(all p’s < .001).

Retrieval dynamics and memory performance

Figure 4: Scatterplots between factor scores and overall
recall across participants in each review condition. Lines
denote the estimated marginal means of the linear trend,
with bands indicating the standard error.

We observed a significant main effect of both semantic and
temporal factor scores on overall recall (Figure 4), with a
higher degree of semantic clustering being related to higher
overall recall (b = 0.314, SE = 0.0711, z = 4.420, p < .001),
and a higher degree of temporal clustering being related to
higher overall recall (b = 0.302, SE = 0.0696, z = 4.335, p <
.001).
Interestingly, we did not find a main effect of review
condition on overall recall (χ2(2) = 0.15, p = .927). However,
the relationship between semantic clustering and recall was
moderated by review condition (χ2(2) = 6.17, p = .046)—this
effect was driven by a significant relationship between
semantic factor scores and recall for participants in the

Discussion
The present study aimed to investigate (1) whether memory
retrieval could be implicitly biased towards stronger temporal
or semantic organization via an intermediate review period,
and (2) whether this shift in memory performance would be
associated with better memory. The clustering at recall across
trials with each of the different review types provided
evidence that the order of reviewed items affected the
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contextual associations reinstated at recall. This manipulation
affected overall recall accuracy, with participants correctly
remembering more words when they had a semantic review
period compared to those with a random review period—
however, there was no significant difference in recall
accuracy between participants with a temporal review period
compared to participants with a semantic or random review
period. We found stronger encoding order maintenance for
participants in the temporal review condition compared to
those in the semantic or random review conditions. The
canonical shape for the lag-CRP curve, a hallmark for
temporal context reinstatement, was most evident for
participants in the temporal review condition, but not for
participants in the random or semantic review conditions.
Turning to semantic associations, semantic clustering was
seen for all participants, but participants in the semantic
review condition demonstrated this to a higher degree
compared to those with a temporal or random review period.
We found that participants exhibited changes to memory
organization when an intervening review period emphasized
either the temporal or semantic associations from the
encoding phase of a given list. These results expand on work
showing that participants exhibit stronger temporal clustering
or semantic clustering when asked to explicitly attend to the
temporal order or semantic meaning of the items during
encoding, respectively (Healey & Uitvlugt, 2019). This
highlights the automaticity of encoding these aspects of
memory, with participants being able to pick up on both sets
of cues even when not explicitly directed to them. Future
work can investigate the degree of memory reorganization
depending on a participant’s awareness of the semantic
categories present in the word lists.
The patterns in overall recall performance across all
participants are consistent with the increased recall accuracy
observed for word lists with items that are drawn from
distinct semantic categories (Healey & Uitvlugt, 2019; Polyn
et al., 2011). Although all participants showed some degree
of semantic clustering, further emphasizing these semantic
associations led to better overall memory. Notably, we found
no difference in memory between participants in the temporal
review condition and participants in the semantic or random
review conditions. This suggests that the temporal
associations afforded by situating each item sequentially
along a spatial route may not overcome the benefit afforded
by the existing semantic associations between items. These
results support the idea that memory benefits the most when
participants are oriented towards the type of associations that
can provide the strongest potential cues at recall (Healey &
Uitvlugt, 2019). Although no benefits were seen in overall
memory for participants in the temporal review condition,
other aspects of memory may be improved after a review
period that emphasizes the temporal associations at study. For
example, emphasizing these temporal associations is
predicted to improve performance on a serial recall task,
where participants are asked to recall items in the same order
that they were learned. In addition, it should also support the
rich re-experiencing of the original encoding event, which

could potentially be captured by asking participants to
indicate the background image associated with each item.
One possible mechanism that may be driving this benefit
in performance for participants with a semantic review
condition is prediction error, when an occurrence defies
expectations (Exton-McGuinness et al., 2015; Henson &
Gagnepain, 2010; Sinclair & Barense, 2019). When a
prediction error occurs, the existing memory trace is thought
to become reactivated and labile to updating (Hupbach et al.,
2007). In the current study, participants in the semantic and
random review periods may experience a prediction error
when reviewing items because the reviewed order does not
match the one previously seen at encoding. In both cases, the
reactivated item becomes more susceptible to modification
by nearby items—however, this modification would only be
beneficial in the semantic review condition because it
emphasizes the existing semantic associations in the lists,
while the associations in the random review condition would
be arbitrary. These findings suggest that prediction error
during a review period may drive new learning by drawing
attention to existing associations that may otherwise go
unnoticed.
The current results could inform the design of review
paradigms that are tailored to memory organization strategies
at retrieval. Reinstatement of temporal and semantic
contextual information is thought to be linked to separate
cortical networks (Kragel et al., 2021). Future work could
identify whether participants are preferentially relying on the
temporal or semantic aspects of context to guide memory
retrieval. From this, we can investigate whether emphasizing
the aspects of context that are congruent with the employed
strategy during encoding produces any significant boosts in
later memory recall.
In the current study, we used a modified free recall
paradigm to provide evidence that memory organization at
retrieval can be biased by emphasizing different aspects of
study context during an implicit intermediate review period.
The results demonstrate both the automaticity and the
malleability of the organizational properties of memory that
help facilitate recall. The results of this study help elucidate
strategies that can be used to leverage these properties to
ultimately maximize later memory.
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Abstract

Relational Luring in Recognition Memory
Many computational models of reasoning rely on explicit
relation representations to account for human cognitive
capacities such as analogical reasoning. Relational luring, a
phenomenon observed in recognition memory, has been
interpreted as evidence that explicit relation representations
also impact episodic memory; however, this assumption has
not been rigorously assessed by computational modeling. We
implemented an established model of recognition memory, the
Generalized Context Model (GCM), as a framework for
simulating human performance on an old/new recognition task
that elicits relational luring. Within this basic theoretical
framework, we compared representations based on explicit
relations, lexical semantics (i.e., individual word meanings),
and a combination of the two. We compared the same
alternative representations as predictors of accuracy in solving
explicit verbal analogies. In accord with previous work, we
found that explicit relation representations are necessary for
modeling analogical reasoning. In contrast, preliminary
simulations incorporating model parameters optimized to fit
human data reproduce relational luring using any of the
alternative representations, including one based on nonrelational lexical semantics. Further work on model
comparisons is needed to examine the contributions of lexical
semantics and relations on the luring effect in recognition
memory.

If relations have explicit representations used in reasoning
tasks, then it may be possible to detect their influence in
memory tasks that do not directly involve reasoning.
Recently, it has been reported that relation similarity can
impact episodic memory in recognition tasks, yielding a
phenomenon termed relational luring (Popov, Hristova, &
Anders, 2017). In a typical experiment, participants were
shown a sequence of word pairs to commit to memory, and
at test were asked to indicate that a given word pair was ‘old’
if they had seen that exact word pair previously in the
sequence, ‘recombined’ if it was a novel combination of
individual words that they had seen before, or ‘new’ if they
had not previously seen either the full word pair or its
constituent words. Popov et al. showed that participants were
more likely to misclassify ‘recombined’ word pairs as ‘old’,
and took longer to correctly identify ‘recombined’ word
pairs, when the pair instantiated a relation made familiar by
previously-presented pairs as compared to word pairs that did
not instantiate the same relation as a prior word pair.
Moreover, the degree to which ‘recombined’ word pairs were
misclassified, and correct responses were delayed, increased
linearly with the number of instances of that relation a
participant had seen previously (see also Challis & Sidhu,
1993; Reder et al., 2000).
On the face of it, relational luring is naturally explained by
assuming that an explicit representation of a semantic relation
becomes increasingly familiar as it is activated by exposure
to specific instances. The accrued familiarity of the relation
then serves as a cue that tends to lead to false recognition of
recombined word pairs that instantiate the same relation.
Thus, relational luring has been interpreted as providing
evidence for the role of explicit relations in guiding
recognition memory (Popov et al., 2017). However, this
assumption has never been formalized in a computational
model of recognition memory, nor compared against
alternative possibilities. The present paper fills this gap.

Keywords: relational luring, analogy, episodic memory

Introduction
Human reasoning depends on the ability to represent the
world not only in terms of individual concepts, such as beagle
and dog, but also in terms of the relations between concepts,
such as a beagle is a kind of dog. Computational models of
human analogical reasoning have incorporated explicit
representations of relations, so that a relation can link
multiple pairs of concepts yet remain distinct from any
particular linked concepts (e.g., Falkenhainer, Forbus, &
Gentner, 1989; Hummel & Holyoak, 1997). Thus, the
relation is a kind of can also link spear and weapon, and an
indefinite number of other concept pairs, while maintaining
its separate identity.
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format was valid. Evaluating analogies requires attention to
the specific relation linking the A:B and the C:D word pairs,
and hence is likely to depend on explicit relation
representations (consistent with previous computational
modeling; Lu et al., 2019). Each task was followed by a test
of recognition memory, with conditions designed to elicit
relational luring.
Critically, both the analogy task and the subsequent
recognition memory task can be modeled using the same
alternative measures of word-pair similarity. Specifically, we
compare a measure of lexical similarity between individual
word meanings, relational similarity between explicit
relation representations, and a joint measure that combines
lexical and relational similarity. Based on previous findings,
we predicted that the measure based on relational similarity
would prove most effective for the analogy task. The key
question is whether recognition memory will be predicted by
the same measure of word-pair similarity, or whether a
dissociation will be observed between the analogical
reasoning and recognition memory tasks.

Word Embeddings as Predictors of Analogical
Reasoning and Word Recognition
Advances in natural language processing (NLP) have
generated representations of individual word meanings (e.g.,
Mikolov et al., 2013; Pennington, Socher, & Manning, 2014;
Devlin et al., 2019), referred to as word embeddings. These
representations are high-dimensional vectors that constitute
hidden layers of activation within neural network models
trained to predict patterns of text in sequence as they appear
in large corpora. Word embeddings have been used to predict
human judgments of lexical similarity and probability (for a
review see Bhatia & Aka, 2022; for a discussion of and
response to critiques of embeddings as psychological models,
see Günther et al., 2019.)
Crucially, word embeddings may capture rich aspects of
conceptual meaning that go beyond surface features and
direct category relations. For example, Utsumi (2020) was
able to extract information from embeddings sufficient to
predict the values of about 500 words on most of 65 semantic
features for which neurobiological correlates have been
identified. Such successes suggest that it may be possible to
account for relational luring in terms of lexical overlap based
solely on embeddings for word pairs, without necessarily
involving explicit relation representations. In particular,
embeddings might capture information about characteristic
relational roles that concepts play (Goldwater, Markman, &
Stilwell, 2011; Jones & Love, 2007; Markman & Stilwell;,
2001). For example, concatenated embeddings for the word
pair nurse:hospital might include features that implicitly
encode the facts that nurse is a human occupation and that
hospital is a work location, perhaps creating a basis for
relational luring.
In the present study we build on recent theoretical
developments in which embeddings are used to learn relation
representations that can provide a basis for analogical
reasoning. A number of alternative methods can be used to
define relation similarity, in the sense of similarity between
word pairs. In the present study, alternative methods take the
same embeddings as inputs, extracted using Word2vec
(Mikolov et al., 2013), and all compute relation similarity
based on cosine similarity (a measure well-suited for highdimensional spaces). Critically, relation representations can
either be based on explicit re-representations within a new
relational space, or implicit in the raw word embeddings (Lu,
Chen, & Holyoak, 2012; Lu, Wu, & Holyoak, 2019; Lu,
Ichien, & Holyoak, 2022).
We first report an experiment designed to elicit relational
luring. Rather than studying word pairs in the context solely
of a memory task (Popov et al., 2017), we compared two
encoding contexts that were more incidental in nature. One
encoding task, involving relatedness judgments, required
participants to decide whether or not the two words in a pair
were related. Because relatedness judgments do not require
identification of any specific relation, they can potentially be
made using an implicit relation representation. The second
encoding task, verbal analogical reasoning, required
participants to decide whether or not an analogy in A:B :: C:D

Figure 1. Task structure. Participants completed six tasks,
divided into two blocks (columns) of three tasks each. Task
order was fixed. The two blocks of tasks were the same
except for the encoding task, with assignment of specific
word pairs counterbalanced across the two sets.

Experiment
Procedures and analyses were pre-registered on AsPredicted
(#66576).

Method
Participants. Participants were 111 undergraduates (Mage =
20.12, SDage = 1.94) at either UCLA (n = 93) or at Dartmouth
(n = 18; 81 female, 20 male, 1 nonbinary, 9 gender not
reported) who completed our tasks online to obtain partial
course credit in psychology classes. The study was approved
by the Institutional Review Boards at UCLA and at
Dartmouth. Participants were self-assessed proficient English
speakers, and 82% were native English speakers. We
excluded 17 participants whose median correct response
time, number of omitted responses, and/or d’ were 3 standard
deviations away from the sample mean on any task (final
sample size: 94).
Procedure. All participants completed two blocks, each of
which included three tasks. The first task in each block was
an incidental encoding task: either relatedness judgments
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(first block) or analogical reasoning (second block). The
second task in each block was a demanding distractor task
involving visuospatial reasoning (a short form of Raven’s
Progressive Matrices). The third task in each block was a
recognition memory task. The assignment of word pairs to
each block was counterbalanced across participants.
Participants were first shown a list of all the tasks that they
would be completing during the experimental session (and
thus made aware before starting the experiment that they
would be completing memory tasks). The entire test session
lasted approximately one hour. Figure 1 presents the
sequence of tasks that each participant completed during an
experimental session.
Materials and Encoding Tasks. Both encoding tasks
involved word pairs that instantiated one of three abstract
semantic relations: category:exemplar (e.g., bird:robin),
part:whole (e.g., toe:foot), and place:thing (e.g.,
store:groceries), or else were not semantically related (e.g.,
mascara:spoon). To create the tasks, a total of 200 word pairs
were constructed out of 400 unique words. These word pairs
were evenly distributed across two 100 word-pair lists.
Within each list, 10 unrelated pairs consisted of words with
no discernible semantic relation between them. The
remaining 90 pairs were evenly distributed across the three
abstract semantic relations. Participants saw one list during
the relatedness task and the other list during the verbal
analogy task; which list was presented during each task was
counterbalanced across participants.
Each encoding task consisted of two halves, and each word
pair within a given list was presented once during each half.
Thus, each half of the relatedness task consisted of 100 trials
(with one word pair shown per trial), yielding 200 trials in
total. Each half of the verbal analogy task consisted of 50
trials (with two word pairs shown per trial), yielding 100
trials in total. Thus, participants saw each word pair twice
across the two halves of each encoding task.
In the relatedness task, participants were presented with a
sequence of word pairs and asked to judge whether each pair
was comprised of words that were semantically related; this
was the case 90% of the time. In the verbal analogy task,
participants were sequentially presented with two word pairs
on each trial, and were asked to judge whether or not each set
constituted a valid analogy; this was the case 54% of the time.
Prior to beginning the relatedness task, participants were
shown examples of related and unrelated word pairs and then
completed seven practice trials. Prior to beginning the verbal
analogy task, participants were shown examples of valid and
invalid analogies (e.g., carpenter:hammer is analogous to
nurse:syringe, whereas bowl:cereal is not analogous to
poverty:money), and then completed four practice trials.
Neither the individual words in the practice trials, nor the
relations instantiated by them, overlapped with the word pairs
used in the actual encoding tasks. Unlike the relatedness task,
the analogy task was expected to require explicit comparison
of relations; hence, this task was always delivered after the
relatedness task, so as to avoid priming an explicit strategy of
identifying abstract relations in the relatedness task.

Recognition Memory Task. Following each encoding task
and the intervening distractor task, participants completed a
subsequent old/new recognition task, during which they were
presented with a sequence of word pairs. Each word pair was
constructed out of individual words that participants had seen
during their prior encoding task. Participants were asked to
identify whether or not they had seen that exact combination
of words in the previous encoding task, as well as to rate how
confident they were in their judgment using a four-point
scale: "Definitely New", "Maybe New", "Maybe Old", and
"Definitely Old". The specific word pairs differed across the
memory tasks in the two blocks. Participants were given a
brief tutorial on the memory task prior to beginning each such
task. None of the individual words nor relations instantiated
in this tutorial overlapped with those used in the actual task.
A total of 100 word pairs were used for the memory tasks,
with each word pair drawn from one of four types. The first
type, intact, consisted of word pairs that were shown during
the relation identification or analogy task. For intact pairs,
responses of either “Maybe Old” or "Definitely Old" were
scored as correct. The second, third, and fourth types
consisted of word pairs that were not used in either encoding
task; either “Maybe New” or "Definitely New" were scored
as correct responses. These three types of word pairs were all
constructed by recombining words that had appeared in the
immediately prior encoding task, so that individual words
were now paired differently, generating novel word pairs
distinct from those used in the encoding task. More
specifically, relationally familiar word pairs consisted of
unseen, recombined word pairs instantiating relations to
which participants had been exposed during the encoding
tasks (i.e., part:whole, category:exemplar, and place:thing).
Relationally unfamiliar word pairs consisted of unseen,
recombined word pairs instantiating a relation type
(similarity) to which participants had not been exposed.
These word pairs included concepts with overlapping salient
attributes (e.g., bartender:cashier), and hence were
relationally similar to one another, but not with respect to any
of the three relations included in the encoding tasks. Finally,
unrelated word pairs consisted of recombined word pairs that
were not semantically related in any discernible way.
Based on prior evidence for relational luring (Popov et al.,
2017), we hypothesized that participants would false-alarm
more often to relationally familiar word pairs than to either
relationally unfamiliar or unrelated word pairs.

Experiment Results
Encoding Tasks. Overall, participants performed well on
both of the encoding tasks: relatedness task, 𝑴𝑨𝒄𝒄 = . 𝟗𝟒,
𝑺𝑫𝑨𝒄𝒄 =. 𝟎𝟒; verbal analogy task, 𝑴𝑨𝒄𝒄 = . 𝟕𝟔, 𝑺𝑫𝑨𝒄𝒄 =
. 𝟏𝟏. Note that the false alarm rate for unrelated word pairs
on the relatedness task was low (𝑴𝑭𝑨 = . 𝟏𝟗, 𝑺𝑫𝑭𝑨 =. 𝟏𝟖),
yielding a high d-prime (𝑴𝑫′ = 𝟐. 𝟕𝟕, 𝑺𝑫𝑫′ =. 𝟕𝟏). Thus,
even though 90% of the trials involved semantically related
word pairs, participants completed the task as instructed, and
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did not achieve their high accuracy by simply classifying all
word pairs as related.
Recognition Memory. Participants showed good overall
performance in recognizing studied word pairs, 𝑀𝐴𝑐𝑐 = .80,
𝑆𝐷𝐴𝑐𝑐 = .12. They correctly recognized intact word pairs as
either "Maybe Old" or "Definitely Old" with high accuracy,
exhibiting a high hit rate, 𝑀𝐻𝑖𝑡 = .88, 𝑆𝐷𝐻𝑖𝑡 = .10;
however, they also sometimes misrecognized recombined
word pairs (familiar, unfamiliar, or unrelated), exhibiting a
substantial false-alarm rate, 𝑀𝐹𝐴 = .25, 𝑆𝐷𝐹𝐴 = .16.
To test for a relational luring effect, we performed a withinsubjects ANOVA on the false alarm data for new pairs with
two factors: encoding task (relatedness or verbal analogy)
and pair type (familiar, unfamiliar, unrelated). Pair type
reliably influenced false alarm rate, F(2, 186) = 122.21, p =
< .001. Planned comparisons revealed that false alarms were
more frequent for familiar (.32) than unfamiliar (.22) pairs,
and for unfamiliar than unrelated (.10) pairs (both p’s < .001).
The higher false alarm rate for familiar than unfamiliar pairs
reveals a relational luring effect, qualitatively similar to that
observed by Popov et al. (2017). The main effect of encoding
task was not significant, F(1, 93) = 0.16, p = .69; nor was the
interaction with pair type, F(2, 186) = 1.96, p = .14.

possibilities, all rooted in 300-dimensional word embeddings
created by Word2vec.
To compute lexical similarity, the meaning of a word pair
is represented by a simple aggregate of the semantic vectors
of the two individual words. We use 𝑓𝐴 to denote the semantic
vector for the first word 𝐴 in a word pair and 𝑓𝑏 to denote the
semantic vector for the second word 𝐵. We compute the
distance between word pairs 𝑖 and 𝑗 as the mean of the
distances between 𝑓𝐴𝑖 and 𝑓𝐴𝑗 and between 𝑓𝐵𝑖 and 𝑓𝐵𝑗 :
𝑐𝑜𝑠 (𝑓𝐴 ,𝑓𝐴 )+𝑐𝑜𝑠 (𝑓𝐵 ,𝑓𝐵 )
𝑖

𝑗

𝑖

𝑗

𝑑𝐿𝑒𝑥𝑖𝑗 =
.
(1)
2
This representation is nonrelational, coding word pairs solely
in terms of the meanings of the individual words.
To compute relational similarity, we used relation vectors
generated by Bayesian Analogy with Relational
Transformations (BART; Lu et al., 2012, 2019). BART
assumes that specific semantic relations between words are
coded as distributed representations over a set of abstract
relations. The BART model takes concatenated pairs of
Word2vec vectors as input, and then uses supervised learning
with both positive and negative examples to acquire
representations of individual semantic relations.
After learning, BART calculates a relation vector
consisting of the posterior probability that a word pair
instantiates each of the learned relations. BART uses its pool
of 270 learned relations to create a distributed representation
of the relation(s) between any two paired words 𝐴 and 𝐵. The
posterior probabilities calculated for all learned relations
form a 270-dimensional relation vector 𝑅𝐴𝐵 , in which each
dimension codes how likely a word pair instantiates a
particular relation. The distance between word pairs 𝑖 and 𝑗
is computed as the cosine distance between corresponding
relation vectors 𝑅𝑖 and 𝑅j :
𝑑𝑅𝑒𝑙𝑖𝑗 = cos (𝑅𝑖, , 𝑅𝑗 ).
(2)
Finally, to compute joint similarity, we simply combined
lexical and relational representation by taking the unweighted
average of the distances generated by each:

Figure 2. 2-D multidimensional scaling solution of the
similarity space derived using relational similarity (Panel A)
and lexical similarity (Panel B). Plots show word-pair stimuli
instantiating category:exemplar (blue circles), part:whole
(magenta squares), and place:thing (green diamonds)
relations.

𝑑𝐿𝑒𝑥𝑖𝑗 +𝑑𝑅𝑒𝑙

𝑖𝑗

𝑑𝐽𝑜𝑖𝑛𝑡𝑖𝑗 =
.
(3)
2
To provide a preliminary sense of how well the two basic
measures of word-pair similarity (lexical and relational)
capture the categorical distinctions among the three relation
types used in the encoding tasks (category:exemplar,
part:whole, and place:thing), Figure 2 plots the word pairs
used in the experiment on a 2-dimensional projection of the
similarity space derived using the two measures. From visual
inspection, it is clear that the relational measure (Panel B)
separates the three types of pairs into clusters corresponding
to semantic categories more clearly than does the lexical
measure (Panel A); however, the lexical measure also
predicts relation type to some extent.

Computational Models
Measures of Word-Pair Similarity
To predict performance on both the analogy task and the
recognition memory task, we compared two basic measures
of similarity between word pairs: (1) lexical: similarity of
word pairs computed directly from the similarities of the
individual words in each pair; (2) relational: similarity of
word pairs based on the similarity of the explicit relation
between the two words in each individual pair. We also
considered the possibility of (3) a joint measure that
combines both lexical and relational similarity. We
implemented specific versions of each of these three

Modeling Verbal Analogical Reasoning
Performance on the verbal analogy task was modeled directly
by the BART model, which in addition to learning relations
(as described above), can also be used to predict behavioral
(Lu et al., 2019) and neural (Chiang et al., 2021) responses to
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analogy problems. In order to predict yes/no decisions about
analogy problems, we computed cosine distances between
representations of the A:B and C:D word pairs, and then fit a
threshold parameter 𝑡 such that distances below 𝑡 indicated a
valid analogy and those above 𝑡 indicated an invalid analogy.
In calculating distance for the purpose of solving analogy
problems, we used each of the three similarity metrics
described above: lexical, relational, and joint. Based on prior
modeling of verbal analogical reasoning (Lu et al., 2019) and
of explicit judgments of relation similarity (Ichien, Lu, &
Holyoak, 2021), we predicted that the model based on
relational similarity would best predict human judgments on
the explicit analogy task.
Figure 3 presents the proportion of model and human
'valid’ responses broken down by valid analogies (darker
bars) and invalid analogies (lighter bars). Overall, BART
based on explicit relation similarity achieved the highest
accuracy (.75), nearly matching human proportion correct
(.76). The alternative model based on lexical (non-relational)
similarity performed poorly (.59 correct); this version was
overly permissive, detecting valid analogies at a high rate but
failing to reject invalid analogies at a similarly high rate.
Accuracy for the joint model was intermediate (.65 correct),
indicating that incorporating lexical similarity in addition to
relational similarity actually impaired model performance on
the analogy task.

in the analogy task. These simulation results thus confirm
previous findings indicating that the BART model based on
explicit relations outperforms variants based on lexical
similarity in tasks involving verbal analogy and explicit
judgments of relation similarity (Chiang et al., 2021; Ichien
et al., 2021; Lu et al., 2019).

Modeling Recognition Memory
To provide a formal account of relational luring in
recognition memory, we adapted an established model of
recognition memory, the Generalized Context Model (GCM;
Nosofsky, 1988, 1991; Nosofsky & Zaki, 2003). GCM
predicts old/new recognition judgments, and is closely
related to several other successful cognitive models (e.g.,
Anderson, 1991; Krushke, 1992; Love, Medin, & Gureckis,
2004). If a version of GCM is able to account for relational
luring, we will have demonstrated that this phenomenon is
one of many that can be explained within a unified theoretical
framework
of
exemplar-based
recognition
and
categorization.
In the version of GCM implemented here, we assume that
recognition of a given word pair on a memory task is based
on a comparison of similarities between that word pair and
all word pairs presented during a prior encoding task (as
described below). The probability with which a participant
will classify a word pair 𝑖 as one they had seen during the
encoding task is given by
𝐹
𝑃(𝑜𝑙𝑑|𝑖) = 𝑖 ,
(4)
𝐹𝑖 +𝑘

where 𝑘 is a parameter representing a criterion for
recognition, and 𝐹𝑖 is the familiarity of word pair 𝑖 which is
defined as:
𝐹𝑖 = ∑𝑗 ∈𝐽 𝑠𝑖𝑗 .
(5)
Here, 𝐽 is the set of word pairs shown during the encoding
task, and 𝑠𝑖𝑗 is the similarity between word pair 𝑖 in the
memory task and each word pair 𝑗 from the encoding task.
This similarity follows an exponential decay function
(Shepard, 1987) of the psychological distance 𝑑𝑖𝑗 between
word pairs 𝑖 and 𝑗,
𝑠𝑖𝑗 = 𝑒 −𝑐𝑑𝑖𝑗 ,
(6)
where 𝑐 is a scaling parameter representing the rate of decline
in similarity with psychological distance among word pairs.
When GCM is fit to data from individual participants, 𝑐 is
typically interpreted as a measure of a participant’s memory
sensitivity: i.e., the extent to which they can discriminate
between word pairs in memory (Nosofsky, 1988). In the
present simulations we fit the model to group-level data,
varying the representations for word pairs over which the
model operates (details below). In our simulations, 𝑐 (as it
varies across different types of representations) is naturally
interpreted as the discriminability between word-pair items
within a given representational space. Because our
representations are high-dimensional, we adopt cosine
distance to compute 𝑑𝑖𝑗 , rather than the Minkowski power
formula typically used in previous work (e.g., Nosofsky,
1988, 1991; Nosofsky & Zaki, 2003).

Figure 3. Model and human 'valid' responses on the verbal
analogy task. Darker bars represent hits on valid analogies,
and lighter bars represent false alarms on invalid analogies.
Error bars reflect ±1 standard error of the mean for human
responses.
An item-level analysis corroborated these results. We used
the cocor package in R to test the difference between the
extent that each similarity measure correlated with the
frequency with which human reasoners judged each analogy
as valid (Diedenhofen & Musch, 2015). A Dunn and Clark’s
(1969) z-test showed that relational similarity was more
highly correlated with human responses (r = .47) than were
either lexical (r = .21; z = 3.69, p = 2.00 x 10-4) or joint
similarity (r = .38; z = 2.04, p = .04). Moreover, because this
item-level analysis is based purely on similarity predictions
generated with each metric, its results are independent of the
decision threshold that was fit to maximize model accuracy
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As the above equations make clear, GCM must be
grounded on some measure of similarity between word pairs.
We compared the three measures described above (lexical,
relational, joint) within the basic GCM framework. Because
we found no reliable differences in false alarm rates across
the two encoding tasks, we simulated the data obtained by
averaging responses across them. Using data for intact and
unrelated word pairs only, we fit the GCM model using each
of the three variants of similarity (tuning the criterion and
scaling parameters 𝑘 and 𝑐 for each) by maximizing the itemwise root mean square deviation (RMSD) between modelgenerated 𝑃(𝑜𝑙𝑑|𝑖) predictions of the mean frequency with
which human participants judged a word pair item to be either
"Maybe old" or "Definitely old". Across the three variants,
GCM achieved comparable RMSD (where lower RMSD
indicates closer fit to human data): lexical: RMSD = .0606;
relational: RMSD = .0556; and joint: RMSD = .0584.

and unfamiliar word pairs (thus excluding the intact and
unrelated word pairs used to fit each model), and modelgenerated 𝑃(𝑜𝑙𝑑|𝑖) predictions based on either lexical or
relational similarity, after residualizing the other factor out of
the human data. Neither the semi-partial correlation for
lexical similarity, 𝑟 = .15, 𝑝 = .283, nor that for relational
similarity, 𝑟 = .23, 𝑝 = .105, was reliable. Thus, although
we can confidently conclude that the relational luring effect
observed in the human data can be fit to a reliable degree
using either or both lexical or relational similarity, the
evidence from our experiment does not allow us to separate
the impact of the two factors.

Discussion
A model based on explicit representations of relations clearly
provided the best account of human performance on an
analogy task, in accord with previous work (e.g., Chiang et
al., 2021; Ichien et al., 2021; Lu et al., 2019). We also
replicated the relational luring effect (Popov et al., 2017) in a
test of recognition memory, using two alternative encoding
tasks. However, computational modeling based on GCM
revealed that this luring phenomenon can be predicted using
either or both lexical and relational similarity. Relational
similarity was more accurate than lexical similarity in
clustering word pairs instantiating different categories of
semantic relations (see Figure 2); nonetheless, the measure of
lexical similarity appears to be crude but “good enough” to
reliably predict relational luring. As an instance-based model,
GCM effectively computes similarity of any test pair to the
entire pool of studied pairs, so even an imperfect measure of
word-pair similarity is sensitive to the broad relation types.
In contrast, solving a verbal analogy requires fine-grained
comparison of one particular word-pair relation (A:B) to
another (C:D), so lexical similarity does not suffice.
Importantly, simulation results reported here are restricted
to predictions from models after GCM parameters have been
optimized to minimize deviation from human data. Future
analyses will examine the extent to which variations in
GCM’s model parameters impact each similarity metric’s
ability to reproduce relational luring, thus clarifying how
likely it is that each of the alternative similarity metrics will
reproduce the human phenomenon of relational luring.
In sum, it appears that word embeddings generated by
machine learning include implicit information about typical
relational roles, so that that in a recognition task, similarity of
individual words in pairs can effectively approximate
similarity of explicit relations between words. We thus
reserve judgment as to whether the phenomenon of relational
luring in recognition memory reflects the impact of explicit
relational similarity (as previously suggested) and/or lexical
similarity.

Figure 4. Model and human false-alarm rates on the
recognition memory task. Error bars reflect ±1 SEM.
The models were then assessed with respect to their
predictions for the critical relationally familiar and
relationally unfamiliar word pairs (not used in parameter
estimation). Figure 4 presents false-alarm rates for modelgenerated 𝑃(𝑜𝑙𝑑|𝑖) predictions and human data, broken
down by type of recombined word pairs. Crucially, using
each of the alternative similarity calculations, GCM predicts
the relational luring effect observed in the human data. We
evaluated each variant’s ability to account for held-out
human data by computing both the Spearman correlation and
RMSD between model-generated predictions 𝑃(𝑜𝑙𝑑|𝑖) and
the mean frequency of human "old" judgments for
relationally familiar and relationally unfamiliar word pairs.
Across the three variants, GCM achieved comparable fits to
the human data (where higher ρ indicates closer fit to human
data): lexical: RMSD = .1629, ρ = .4623; relational: RMSD
= .1588, ρ = .4786; and joint: RMSD = .1535, ρ = .5043.
Given that joint lexical and relational similarity tended to
match the human data slightly more accurately (in terms of
RMSD) than either lexical or relational similarity alone, we
assessed whether each factor may have independently
contributed to this overall improvement in model fit.
Specifically, we computed semi-partial correlations between
the mean frequency of human "old" responses for familiar
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Abstract

Battaglia et al., 2018; Santoro et al., 2017; Shanahan et al.,
2020). Models of analogical reasoning developed in
cognitive science typically include explicit representations of
relations, such that a relation is distinct from, but bound to,
the entities it relates. This property supports the recognition
of structural similarity by enabling a direct comparison of the
relations constituting each analog. Crucially, explicit relation
representations can also prompt the generation of predictions
about a target analog based on the source. Indeed, the
generative capacity afforded by relation representations is the
core of analogical inference, which human reasoners can
exploit in everyday problem solving (Gick & Holyoak, 1980;
1983), technological innovation (Kittur et al., 2019), and
scientific discovery (Gentner, 2002; Holyoak & Thagard,
1995; Nersessian, 1992).
Here we introduce a new computational model of
generative relational and analogical inference. We then
present the results from three simulations, in which we
examine the model’s ability to capture the human capacity to
reason from a relation (Simulations 1a and 1b) and from an
analog (Simulation 2). In addition, we compare the
performance of the model to that of a leading model of
Natural Language Processing (NLP).
The model presented here, BART-Gen, operates on
explicit relation representations generated by BART
(Bayesian Analogy with Relational Transformations) (Lu,
Chen, & Holyoak, 2012; Lu, Wu, & Holyoak, 2019; see also
Chen, Lu, & Holyoak, 2017), a model of relation learning that
acquires representations of relations from unstructured vector
representations of individual word meanings. Many previous
analogy models have relied on representations that are handcoded by the modeler, and thus bypass the problem of relation
acquisition altogether (see Chalmers, French, & Hofstadter,
1992, for an early critique of such models). In contrast,
BART deals directly with the problem of learning relations
from non-relational inputs, taking as inputs embeddings for
individual words produced by machine-learning algorithms.
BART’s relation representations have been used to predict
human judgments of relational similarity among word pairs
(Ichien, Lu, & Holyoak, 2021), to support human-like
analogical reasoning on simple four-term verbal problems
(e.g., artificial : natural :: friend : enemy) (Lu et al., 2019),
and to predict patterns of similarity in neural responses to
relations during analogical reasoning (Chiang, Peng, Lu,
Holyoak, & Monti, 2021). BART also can support analogical

A key property of human cognition is its ability to generate
novel predictions about unfamiliar situations by completing a
partially-specified relation or an analogy. Here, we present a
computational model capable of producing generative
inferences from relations and analogs. This model, BARTGen, operates on explicit representations of relations learned
by
BART
(Bayesian
Analogy
with
Relational
Transformations), to achieve two related forms of generative
inference: reasoning from a single relation, and reasoning from
an analog. In the first form, a reasoner completes a partiallyspecified instance of a stated relation (e.g., robin is a type of
____). In the second, a reasoner completes a target analog
based on a stated source analog (e.g., sedan:car :: robin:____).
We compare the performance of BART-Gen with that of
BERT, a popular model for Natural Language Processing
(NLP) that is trained on sentence completion tasks and that
does not rely on explicit representations of relations. Across
simulations and human experiments, we show that BART-Gen
produces more human-like responses for generative inferences
from relations and analogs than does the NLP model. These
results demonstrate the essential role of explicit relation
representations in human generative reasoning.
Keywords: relational reasoning, analogy, cognitive modeling,
embeddings

Introduction
Human reasoners are remarkably sensitive to structural
similarities. For example, despite the superficial differences
between generational wealth accumulation and blood
clotting, a brief elaboration of each reveals a clear analogy.
In the first case, initial financial success allows a family to
pass on wealth to the subsequent generation, which then
grants that new generation access to social resources enabling
its own financial success, affording further wealth to pass
onto future generations. In the second case, an initial injury
attracts blood platelets to cling to the injured site. Upon
recognizing even this hint of a shared relational structure
across these two processes, a reasoner can more easily map
entities playing corresponding roles, such as wealth and
blood platelets. Crucially, the reasoner could also generate
the inference that the presence of blood platelets would then
attract yet more blood platelets to the injured site.
Computational models of such relational reasoning have
been developed both in cognitive science (e.g., Falkenhainer,
Forbus, & Gentner, 1989; Hummel & Holyoak, 1997; Lu,
Ichien, & Holyoak, 2022) and in artificial intelligence (e.g.,
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mapping in problems requiring finding correspondences
between multiple entities across complex relational systems
(e.g., mapping the solar system to atomic structure) (Lu et al.,
2022).
We first provide an overview of BART’s relation learning
algorithm, and then detail how BART-Gen uses the
representations learned by BART to perform generative
relational and analogical inference.

(e.g., bird:robin) instantiating each of 79 semantic relations
(e.g., X is a type of Y) taken from a taxonomy proposed by
Bejar, Chaffin, and Embretson (1991), which includes 10
major relation categories (e.g., class inclusion). The second
dataset consists of at least 10 word pairs instantiating each of
56 additional semantic relations (Popov, Hristova, Anders,
2017). Across both datasets, BART acquired 135 semantic
relations via supervised learning. Since BART’s learned
weights 𝑤 can be expressed as two separate halves (i.e., those
associated with the first relational role, 𝑤1 , and those
associated with the second relational role, 𝑤2 ), BART can
automatically generate representations of the converse of
each learned relation by swapping the relation weights
associated with each individual relational role. Thus, upon
learning a representation of X is a type of Y, BART can also
learn a representation of its converse, Y is a superordinate of
X, the same relation but with the roles flipped. This operation
effectively doubles BART’s pool of learned relations from
135 to 270 in total.
After learning weight distributions associated with selected
feature dimensions across word pairs in its training set 𝑓𝐿 ,𝑅𝐿 ,
BART can estimate how likely any novel pair of words A and
B instantiates a learned relation 𝑅𝑖 , 𝑃(𝑅𝑖 |𝑓𝐴 , 𝑓𝐵 ) by
marginalizing the weight distribution for that relation:
𝑃(𝑅𝑖 |𝑓𝐴 , 𝑓𝐵 ) = ∫ 𝑃(𝑅𝑖 |𝑓𝐴 , 𝑓𝐵 , 𝑤)𝑃(𝑤|𝑓𝐿 , 𝑅𝐿 )𝑑𝑤.
(2)
Hence, given any pair of words 𝐴: 𝐵, BART can perform this
operation for each of its learned relations and then generate a
relation vector 𝑅𝐴𝐵 , in which the value of each element is a
posterior probability reflecting how good an example 𝐴 and
𝐵 are of that particular relation. For example, given that old
and young constitute a good example of the relation X is the
opposite of Y but a poor example of the relation X causes Y,
𝑅𝑜𝑙𝑑:𝑦𝑜𝑢𝑛𝑔 would have a high value for the dimension
corresponding to the first relation, but a low value for the
dimension corresponding to the second dimension. Ichien et
al. (2021) added a power transformation to these relation
vectors, raising each relation dimension to a power of 5, and
found that adding this transformation (“winners take most”)
improves the model’s ability to capture human judgments of
relational similarity. Accordingly, we incorporated the same
power transformation in the present simulations.

Relation representation in BART
BART1 learns explicit representations of the semantic
relations between word pairs from unstructured vector
representations of individual word meanings (Lu et al., 2012;
2019). In the present simulations, BART’s input consists of
concatenated pairs of word vectors from Word2vec2
(Mikolov et al., 2013) and uses supervised learning with
positive and negative examples to acquire each relation
representation individually. For example, a vector formed by
concatenating the individual vectors for old and young would
constitute a positive example for the relation X is the opposite
of Y and might also serve as a negative example of the relation
X is a synonym of Y. After learning, BART computes a
relation vector consisting of the posterior probability that a
word pair instantiates each of the learned relations.
The BART model uses a three-stage process to learn a
broad range of semantic relations. In its first stage, BART
uses difference-ranking operations to partially align
relationally important features. The model generates a ranked
feature vector based on the same difference values as the raw
feature vector, but ordering those values according to their
magnitude. Augmenting the raw semantic features with
ranked features addresses the issue that across instances
different semantic dimensions may be relevant to a relation.
This first stage culminates in the generation of a 1200dimension augmented feature vector for each word pair,
consisting of the concatenation of raw and ranked feature
vectors for each word in the pair.
In the second stage, BART uses logistic regression with
elastic net regularization to select a subset of important
feature dimensions across word pairs 𝑓𝑠. In the third stage,
BART uses Bayesian logistic regression with 𝑓𝑠 to estimate
weight distributions 𝑤 for representing a particular relation 𝑅
by applying Bayes rule as:
𝑃(𝑤|𝑓𝑠, 𝑅) ∝ 𝑃(𝑅|𝑓𝑠, 𝑤)𝑃(𝑤).
(1)
The first term is the likelihood defined by a logistic function
1
on 𝑤 and 𝑓𝑠 (selected in the second stage),
. The
−𝒘𝑇 fs

Generative inference in BART-Gen
BART-Gen uses the relation representations acquired by
BART to perform generative relational and analogical
inference. We first detail its algorithm for reasoning from a
relation, and then describe the extended algorithm for
generative reasoning via analogy.
Reasoning from a relation in BART-Gen. Recall that the
second stage of BART’s learning algorithm uses logistic
regression with elastic net regularization to select a subset of
informative feature dimensions of a word pair, 𝒇𝒔 . Given the
individual words combined within that word pair, these
selected feature dimensions can be separated into those

1+𝑒

second term is the prior distribution of 𝑤, defined as a
multivariate normal distribution, 𝑁(𝜇0 , 𝛴0 ), with a mean
vector 𝜇0 = (𝛽, – 𝛽), consisting of the 𝛽 values of weights
estimated in the second stage of logistic regression.
We trained BART by combining two datasets of humangenerated word pairs, each chosen as an example of a specific
semantic relation. The first dataset (Jurgens, Mohammed,
Turney, & Holyoak, 2012) consists of at least 20 word pairs
1https://cvl.psych.ucla.edu/wp-

2

content/uploads/sites/162/2021/04/BART2code.zip
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corresponding to one word 𝑪, 𝒇𝒔𝑪 , and those corresponding
to the other word 𝑫, 𝒇𝒔𝑫 . Given 𝑪, and the hypothesis that a
relation 𝑹 holds between 𝑪 and some predicted 𝑫, BARTGen generates a probability distribution of 𝒇𝒔𝑫 , using the
following inference:
𝑃(𝑓𝑠𝐷 |𝑅, 𝑓𝑠𝐶 ) ∝ 𝑃(𝑅 = 1|𝑓𝑠𝐶 , 𝑓𝑠𝐷 )𝑃(𝑓𝑠𝐷 |𝑓𝑠𝐶 ).
(3)
The likelihood term, 𝑃(𝑅 = 1|𝑓𝑠𝐶 , 𝑓𝑠𝐷 ), is the probability that
𝑅 holds for the predicted 𝑓𝑠𝐷 and the known 𝑓𝑠𝐶 . As with
Equation 1, the likelihood term 𝑃(𝑅 = 1|𝑓𝑠𝐶 , 𝑓𝑠𝐷 ) is defined
using a logistic function:
1
𝑃(𝑅 = 1|𝑓𝑠𝐶 , 𝑓𝑠𝐷 , 𝑤) =
. (4)
−𝑤𝑇 𝑓 −𝑤𝑇 𝑓
1+𝑒

𝐶 𝑠𝐶

missing D word. The model generates the D word by
marginalizing all possible relations:
𝑃(𝑓𝐷 | 𝑓𝐶 , 𝑓𝐴 , 𝑓𝐵 ) = ∑𝑟 𝑃(𝑓𝐷 |𝑟, 𝑓𝐶 )𝑃(𝑟|𝑓𝐴 , 𝑓𝐵 ).
(7)
BART-Gen relies on a distributed vector representation of
the relation holding between a pair of concepts 𝑨 and 𝑩, 𝑹𝑨𝑩 ,
which consists of a set of posterior probability each
corresponding to a distinct relation learned by BART (see
Equation 2). BART-Gen iterates through each of these
relations, using the algorithm described in the previous
section to compute a specific prediction of word embedding
for 𝑫 from the learned relation corresponding to that
dimension. That is, BART-Gen repeats its algorithm for
reasoning from a relation, using each relation for which
BART has learned an explicit representation. Given 270
learned relations, BART-Gen generates 270 distinct
predictions of word embeddings for 𝑫. Then according to
Equation 7, BART-Gen computes a weighted average of the
set of generated D embeddings, scaled by the normalized
relation vector. Thus, predictions from the particular relations
for which 𝑨 and 𝑩 constitute a good example contribute
much more to the final prediction of 𝑫 than those relations
for which 𝑨 and 𝑩 constitute a poor example.

𝐷 𝑠𝐷

In Equation 4, learned weights 𝑤 are written as two separate
halves: those associated with 𝐶’s relational role, 𝑤𝐶 , and
those associated with 𝐷’s relational role, 𝑤𝐷 .
Correspondingly, the selected feature dimensions of a given
word pair 𝑓𝑠 are rewritten as those corresponding to 𝐶, 𝑓𝑠𝐶 ,
and 𝐷, 𝑓𝑠𝐷 .
The prior term, 𝑃(𝑓𝑠𝐷 |𝑓𝑠𝐶 ), follows a multivariate normal
distribution conditional on 𝑓𝑠𝐶 , which is defined as:
𝑃(𝑓𝑠𝐷 |𝑓𝑠𝐶 ) = 𝑁(𝑓𝑠𝐶 , 𝜎 2 𝐼).
(5)
BART-Gen uses the semantic embedding of word 𝐶 as a
starting point for generating 𝐷, in that the means of the prior
𝑃(𝑓𝑠𝐷 |𝑓𝑠𝐶 ) are the feature values of 𝐶, reflecting the
assumption that 𝐷 is semantically associated with 𝐶. The
prior term also assumes equal variance 𝜎 2 for semantic
features of word D. 𝜎 2 is a free parameter that controls the
degree to which the predicted 𝐷 is semantically associated
with 𝐶 in the prior. Larger values of 𝜎 2 correspond to a
weaker degree of semantic association in the prior. The
BART-Gen inference balances the likelihood guided by
relation representation and the prior guided by semantic
similarity to the query word, so as to generate maximum a
posteriori (MAP) estimates of feature values for D words on
selected dimensions, 𝑓̂𝑠𝐷 . Based on initial test simulations we
set the variance parameter at 50 for all simulations reported
below.
Note that 𝑓𝑠𝐷 is only a subset of all feature dimensions
along which 𝐷 is represented, 𝑓𝐷 . In order to generate
semantic embedding for 𝐷 along the feature dimensions that
were not selected by BART’s learning algorithm, BART-Gen
simply copies over the corresponding feature values for
𝐶, 𝑓𝑛𝑠𝐶 . Hence, by combining the generated feature values for
selected dimensions and copying values for unselected
feature dimensions, BART-Gen specifies a complete
prediction for 𝑓𝐷 for a specific query word C and a relation:
𝑓𝐷 = {𝑓𝑛𝑠𝐶 , 𝑓̂𝑠𝐷 }.
(6)
Reasoning from an analog in BART-Gen. Solving a
generative analogy problem, A:B :: C:?, requires generating
a D word such that the word pair formed by C and generated
D instantiate the same relations as the source word pair
consisting of A and B. To solve this task, BART-Gen needs
to perform relation identification on the word pair A:B, and
then use the inferred relations and word C to generate the

Baseline model: BERT for generative inference
without explicit relations
For comparison with BART-Gen, we also derived generative
inferences from a major NLP model, Bidirectional Encoder
Representations from Transformers (BERT; Devlin et al.,
2019), developed in artificial intelligence (AI) research.
BERT (no relation to BART!) is a prominent example of a
transformer architecture. Like other similar NLP models,
BERT is trained to predict words in sequence within a huge
text corpus. Given an incomplete sentence such as “A robin
is a type of ____,” BERT is trained to predict words that
would complete that sentence with the highest probability.
Importantly, BERT and similar models routinely solve
generation tasks without any explicit relation representations,
instead relying solely on the statistics of word usage in their
training corpora.
Recent evidence supports the possibility that BERT
captures important aspects of human conceptual knowledge.
Bhatia and Richie (in press) have shown that a version of
BERT fine-tuned to complete sentences related to humangenerated semantic feature norms (e.g., “Cat is a four-footed
animal”) can model several phenomena characteristic of
human semantic cognition: predicting semantic verification
times, typicality judgments, feature distribution judgments,
and semantic similarity judgments.
BERT thus provides an impressive model of human verbal
behavior that (unlike BART) does not rely on explicit relation
representations. Moreover, the basic training regime for
BERT is based on massive experience with sentence
generation tasks, which make the model a natural candidate
to predict human performance in generative inference tasks
with relations and analogies. In the simulations reported here,
we use BERT as a non-relational model to predict the pattern
of human generative inferences from relations and analogs.
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We used Transformer Models for MATLAB toolbox3, a
default bert-base model pre-trained on the BooksCorpus
(800M words) (Zhu et al., 2015) and the English Wikipedia
corpus (2,500M words) (Devlin et al., 2019).

indicates more accurate model performance. Because each
model’s predicted words were generated from that model’s
dictionary, these rankings were sensitive to the overall size of
each model’s dictionary, such that smaller dictionaries may
systematically yield lower (i.e., better) rankings. Given that
BERT’s dictionary was considerably smaller (30,522 words)
than the Word2vec dictionary used by BART-Gen (929,022
words), our analyses favored BERT due to the smaller size of
its dictionary.
Despite this difference in dictionary size, BART-Gen
outperformed BERT, consistently generating a lower rank for
the correct answer across relations. Figure 1 shows the
median ranks of correct answers, broken down according to
the 10 relation categories defined by Bejar et al. (1991).
These results demonstrate superior performance of BARTGen relative to BERT as a model of generative relational
inference. BERT constitutes a demonstration that explicit
relation representations are not necessary for generating
predictions on this relation completion task; however,
BART-Gen, which is guided by such representations, proved
much more successful in generating human-like completions
preferred by humans.

Reasoning from a Single Relation
In the first simulations, we test BART-Gen’s ability to reason
from a single relation. We operationalize this capacity as
generating a word D (e.g., bird) that best instantiates a known
relation R (e.g., is a type of) with a query word C (e.g., robin);
i.e., completing relational sentences such as "A robin is a type
of ____.” We restrict our analyses to those relations for which
BART has learned an explicit representation, comparing the
performance of BART-Gen with that of BERT.

Simulation 1a: SemEval 2012 Task 2 Dataset
We compared model performance using a series of problems
derived from statements consisting of three components: a
word pair and a semantic relation that that word pair was
generated to instantiate, in the form word1-relation-word2
(e.g., robin is a type of bird). To construct these problems, we
used the dataset of human-generated word pairs used to train
BART (Jurgens et al., 2012), thus ensuring that BART-Gen
had an explicit representation of each relation instantiated in
these statements. We generated statements using the 20 most
typical word pairs for each of the 79 semantic relations from
Jurgens et al. (2012), yielding 1,580 statements in total.
Relation completion problems (BART-Gen). Each
statement yielded two relation completion problems, which
omitted either the first word in its word pair (e.g., bird) or the
second word (e.g., robin), yielding 3,160 of these problems
with which to evaluate BART-Gen. Solution to each of these
problems involved generating the omitted word.
Relation sentence completion problems (BERT). To
construct corresponding sentence completion problems with
which to test BERT, we used relation descriptions (e.g., Y is
a type of X) provided by Bejar et al. (1991). We embedded
either one of the words in each word pair (e.g., bird:robin)
into its relation description to generate a problem either
omitting the first word of the word pair (e.g., “Robin is a type
of ____”) or the second word (e.g., “____ is a type of bird”).
As with the relation completion problems, each statement
yielded two sentence completion problems, yielding a total of
3,160 problems to evaluate BERT.
Results and discussion. Across all problems, each model
generated a set of words ranked according to the model’s
confidence in the corresponding prediction (i.e., first-ranked
word among a model’s set of predictions represented the
word for which the model was most confident). In order to
evaluate models, we took each model’s ranking of the most
typical answer provided in the Jurgens et al. (2012) dataset,
which was defined as the correct answer. In computing
rankings, we excluded any strings containing non-letter
symbols (e.g., #, !, /) (sometimes generated by BERT). A
lower ranking for the correct answer on a particular problem
3

Figure 1. Results from Simulation 1a with generative relation
problems (e.g., robin is a type of ?) for 10 relation categories
(lower ranks indicate better performance). W1 represents
problems for which models were tasked with generating the
first word of each word pair, given the second word and
relation; W2 represents problems for which models were
tasked with generating the second word, given the first word
and relation. Error bars indicate interquartile range in this
paper. The y-axis is represented on a log (base 2) scale.
Note that BART-Gen was exposed to all of the word pairs
used to construct each of the relation completion problems
during explicit relation learning. To ensure that BART-Gen’s
superior performance is not due to its exposure to word pairs
during relation learning in BART, we further tested a version
of BERT that was similarly exposed to these word pairs: For
each relation completion problem (e.g., “Robin is a type of
____”), we provided BERT with 19 complete relational
phrases based on all the other word pairs that were used to
instantiate the same relation (e.g., “Spear is a type of weapon
and oak is a type of tree and pig is a type of animal…robin is
a type of ____”). Providing this input improved BERT’s
performance; however, across all 10 relational categories,
BART-Gen’s median rank for the correct answer (median

https://github.com/matlab-deep-learning/transformer-models
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rank = 21) was still considerably lower than that achieved by
this input-rich BERT (median rank = 181).
Notably, the problems used in Simulation 1a were
constructed using a dataset for which human reasoners
provided intact word pairs as examples of various semantic
relations (Jurgens et al., 2012). Thus, although these word
pairs were indeed human-generated, the task within which
human reasoners provided these word pairs differed slightly
from the task that models reproduced in the simulation. In
particular, we defined the “correct” response as that which
people rated as most typical of a relation, rather than a
response that people directly generated. In order to better
evaluate model performance, in Simulation 1b we directly
measured human responses in the generative inference task.

(33% of the cases). For the present simulations, we evaluated
model performance by finding the rank of the most frequent
human-generated response among all human-generated
responses, aggregated across all problems. As shown in
Figure 3, BART-Gen outperformed BERT for all relation
categories, consistently ranking the most frequent human
response in top ten, lower than BERT did.

Simulation 1b: Human experiment
Figure 2. Proportion of human-generated responses to two
sentence completion problems, constructed from the same
statement. These statements are based on the word pair
bread:flour and the relation X is made out of Y.

We collected human responses on a selection of sentence
completion problems used in Simulation 1a. These problems
were generated from 16 statements, each consisting of a
different relation and a word pair that was highly typical of
the relation. These relations were evenly divided among four
relation categories from Bejar et al. (1991): class inclusion,
part-whole, case relation, and cause-purpose. Since each
statement was used to generate two problems (differing in
which word was omitted), we acquired responses to 32
problems in total.
We separated these problems into two 16-problem lists,
counterbalanced and presented in randomized orders across
participants. Each list consisted of a single problem generated
from each statement. Procedure and analyses were preregistered on AsPredicted (#84748).
Participants. Participants were 100 MTurk workers (Mage =
39.06, SDage = 9.19; 45 female, 55 male) who completed our
tasks online for payment of $2. The study was approved by
the Institutional Review Board at UCLA. Participants had a
minimum education level of a U.S. high school graduate, and
were sampled from the following English-speaking
countries: Australia, Canada, Ireland, New Zealand, South
Africa, the United Kingdom, and the United States. We
excluded data from 2 participants who reported having
trouble paying attention while completing the study, as well
as 2 other participants who provided nonsensical responses.
Since each participant completed 16 out of the total 32
problems, roughly 50 participants provided responses for
each problem.
Results and discussion. Across problems, participants
generated a variety of responses, which were largely sensible.
Figure 2 shows the proportions of human-generated
responses for two sentence completion problems constructed
out of the same statement. The most frequent human
responses matched the ‘correct’ response included in the
Jurgens et al. (2012) norms for 24 out of the 32 problems.
When human responses yielded asymmetries between the
two problems generated from the same statement (i.e., easier
to perform the completion task for one query word than the
other), BART-Gen’s predictions were consistent with human
responses (67% of the cases) more often than were BERT’s

Figure 3. Results from Simulation 1b with generative relation
problems (e.g., robin is a type of ?), showing median ranks
for the most frequent human-generated response, among all
human-generated responses across the task (lower ranks
indicate better performance).
The results of Simulations 1a and 1b indicate that BARTGen shows considerable promise as a model of generative
relational inference. In outperforming BERT across
simulations, BART-Gen generated more human-like
predictions than did BERT for the type of sentence
completion task on which BERT had been originally trained.
The present results are consistent with other evidence
supporting the importance of explicit relation representations
in accounting for human-like relational reasoning (e.g.,
Ichien et al., 2021; Lu et al., 2019).

Reasoning from an Analog
In the final simulation, we shift focus from inference based
on a single relation to solving analogy problems based on
untrained relations for BART. We operationalize the capacity
to reason from analogs as the ability to generate a word D
(e.g., bird) that, when linked to a given word C (e.g., robin),
is most analogous to another pair of words A (e.g., sedan) and
B (e.g., car). We compared the performance of BART-Gen
with that of BERT on the task of completing analogical
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sentences such as, “Sedan is related to car, just as robin is
related to ____.”

tuning on human-generated feature norms (Bhatia & Richie,
in press). Across simulations, BART-Gen approximated
inferences produced by humans more closely than did
completions generated by BERT. This advantage for BARTGen was obtained even though the tasks we simulated are
formally equivalent to the basic sentence-completion task on
which BERT was originally trained, or the tasks involving
relations that were not trained for BART. Our results thus
support the importance of explicit relation representations in
human reasoning (Ichien et al., 2021; Lu et al., 2019, 2022).

Simulation 2: Peterson et al. (2020) Exp. 1a
For Simulation 2 we used a set of 80 four-term analogy
problems developed by Green et al. (2010) and adapted for
generative analogical inference by Green et al. (2012). Half
of these problems consist of near analogies, in which the A
and B terms are semantically associated with the C and D
terms (e.g., answer:riddle :: solution:problem). The other
half consists of far analogies in which the corresponding
terms are semantically distant (e.g., answer:riddle ::
key:lock). In general, human reasoners have greater difficulty
solving far than near problems (Green et al., 2010; 2012).
Importantly, this set of problems is based on very specific
relations that BART had not acquired during training; hence
this dataset constitutes a strong test of generalization for
BART’s relation representations, as well as a natural basis for
evaluating BART-Gen’s algorithm for generating relational
inferences from any analog.
To create generation problems, the fourth term of each
analogy problem was removed (e.g., answer:riddle ::
key:lock becomes answer:riddle :: key:?). We compared the
performance of BART-Gen with that of BERT, which
completed matched analogical sentences, such as "Answer is
related to riddle, just as key is related to ____.” In order to
evaluate both models, we compared their responses to
human-generated responses collected by Peterson et al.
(2020, Experiment 1a).
Results and discussion. As in Simulation 1b, we evaluated
model performance by finding the rank of the most frequent
human-generated response to each problem among all
human-generated responses across all problems. As shown in
Figure 4, BART-Gen outperformed BERT, generating lower
ranks for the most frequent human responses across
problems. These results reveal that BART-Gen can produce
human-like responses on a generative analogy task.
Moreover, BART-Gen (but not BERT) proved robust to
variations in the semantic distance of analogies in terms of
accounting for human judgments in generative analogical
inference, emphasizing the importance of explicit relation
representation for human-like analogical generalization.

Figure 4. Results from Simulation 2 with generative analogy
problems (e.g., answer:riddle :: key:?) across semantically
near and far analogies. Lower ranks indicate better
performance.
Although BART-Gen tended to rank the “best” analogical
completion relatively low in the comparison set of potential
responses, the model’s choice usually was not ranked first by
humans. One way to potentially improve BART-Gen’s
performance on analogy problems would be to employ a
“generate-test” strategy: given a limited number of lowerranked choices produced by BART-Gen, the BART model
itself could be used to evaluate the similarity of the A:B and
C:D in analogy. The model’s final choice of the best D term
would be whichever lower-ranked option maximizes
relational similarity.
The present work has focused exclusively on completion
of semantic relations, presented either alone (Simulations 1a
and 1b) or as part of a four-term analogy problem (Simulation
2). In more general analogical reasoning and problem solving
(e.g., Gick & Holyoak, 1980, 1983), inferences are generated
on the basis of more complex systems of relations, each
involving more than two entities and higher-order causal
relations (e.g., Yuille & Lu, 2007). An important future
direction will be to extend a model of analogical mapping
based on vector representations (e.g., Lu et al., 2022) to
include mechanisms for generative inferences, as well as the
induction of more general relational schemas.

General Discussion
We introduce BART-Gen, a new model capable of two
related forms of generative inference: reasoning from a single
relation, and reasoning from an analog. In the first form, a
reasoner completes a partially-specified instance of a stated
relation (e.g., robin is a type of ____). In the second, a
reasoner completes a target analog based on a stated source
analog (e.g., sedan:car :: robin:____). BART-Gen operates
on explicit representations of relations learned from nonrelational inputs (word embeddings produced by Word2vec).
We compared BART-Gen to a widely used NLP model,
BERT (Devlin et al., 2019). BERT lacks explicit relation
representations, but nevertheless appears to produce humanlike behavior on several verbal reasoning tasks after fine-
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Abstract

reference to multiple features in the figure, but in later iterations, shorthand conventional names for each figure emerge;
this shortening of utterances is called ‘reduction’.
Recently, online participant recruitment and web-based experiments have made it possible to study this convergence
in larger populations (Haber et al., 2019; Hawkins, Frank,
& Goodman, 2020). In Hawkins et al. (2020), 83 pairs
completed a similar iterated reference experiment where they
communicated via a chat box. Speakers reduced their utterances, producing fewer words per image in later blocks than
in earlier blocks, in line with results from face-to-face, oral
paradigms.1
How does this process proceed in multi-party communication? In a dyad, speakers can tailor their utterances to the one
listener, but in large groups, speakers must balance the competing needs of different listeners (Schober & Clark, 1989;
Tolins & Fox Tree, 2016). These effects likely vary by both
the knowledge state of and communication channels available
to the listeners (Fox Tree & Clark, 2013; Horton & Gerrig,
2002, 2005). Prior work has focused on manipulating knowledge states by adding new listeners to established groups.
In this context, one approach for speakers is to ‘aim low’
and produce utterances tailored to the least knowledgeable
listener (Yoon & Brown-Schmidt, 2018). For instance, in
Yoon & Brown-Schmidt (2014), speakers developed conventions with one listener but then used longer descriptions with
a new listener. Another strategy for speakers is to integrate
across listeners and balance efficiency with informativeness
by ‘aiming in the middle’. In Yoon & Brown-Schmidt (2019),
speakers communicating to a mixed group of 3 experienced
listeners and 1 naive listener used shorter utterances and made
fewer accommodations than they did in groups with a greater
fraction of naive listeners. Both of these strategies predict that
larger groups will be slower to converge than smaller groups.
Disagreements about how to conceptualize referents can
also slow groups down. In Weber & Camerer (2003), pairs
of participants played a reference game with the same image
sets before a listener switched groups and joined a different
pair, making a group of three. The addition of the new listener slowed both listeners down for multiple rounds. When a
listener switched groups, they brought preconceptions about

From classrooms to dinner parties, many of our everyday conversations take place in larger groups where speakers address
multiple listeners at once. Such multiparty settings raise a
number of challenges for classical theories of communication,
which largely focus on dyadic interactions. In this study, we investigated how speakers adapt their referring expressions over
time as a function of the feedback they receive from multiple
parties. We collected a large corpus of multiparty repeated reference games (98 games, 390 participants, 116K words) where
speakers designed referring expressions for groups of 1 to 5
listeners. Larger groups tended to use more words total and
to introduce more new words; nonetheless, most groups were
able to converge to more efficient conventions regardless of the
number of listeners.
Keywords: Pragmatics; Communication; Reference game;
Convention; Reduction; Efficiency

Introduction
Verbal communication is an integral part of our daily lives.
We coordinate schedules with partners, socialize with friends
over board games, learn and teach in seminar classes, and
listen to podcasts. Communicative environments range in
size from one-on-one dialogue to broadcast communication
to large groups, but the goal of efficient communication is
shared across these (Branigan, 2006; Ginzburg & Fernandez,
2005; Traum, 2004). Shared referring expressions are a necessity for efficient communication; a thing or an idea needs
some sort of name that the interlocutors will jointly understand. In many cases, there are widely shared conventionalized expressions for objects or ideas, but in other cases, spontaneous ad-hoc expressions must be invented.
The formation of these new reference expressions is wellstudied in dyadic contexts and has been a case study for efficient communication more broadly. But these dynamics may
be different in larger groups, which are less studied. Our current work builds on the dyadic reference game tradition by
extending it to larger groups.
Clark & Wilkes-Gibbs (1986) established an experimental
method for studying the emergence of new referring expressions that has now become standard (building on Krauss &
Weinheimer, 1964, 1966). Two participants see the same set
of tangram figures; the speaker describes each figure in turn
so the listener can select the target from the set of figures. The
speaker and listener repeat this process with the same images
over a series of blocks. Early descriptions are long and make
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1 We use “speaker” and “listener” to refer to the roles describing
and selecting targets, regardless of communication modality.
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Figure 1: All participants saw all 12 tangram images. (A) Speaker’s view during selection phase. (B) During the feedback stage,
speakers saw what figure each person chose, but listeners only learned if their selection was correct or incorrect. Listeners were
not shown what other listeners chose.
highlighted (Figure 1A) and communicated which figure to
click to the other players (listeners). After the speaker had
identified each of the 12 images in turn, the speaker role rotated to another player and the process repeated with the same
images. In total, there were 6 blocks, giving each player at
least one chance to be the speaker. We recorded what participants said in the chat, as well as who selected what image
and how long they took to make their selections.2 We report
how we determined our sample size, all data exclusions, all
manipulations, and all measures in the study.3

how the pictures should be described which conflicted with
how the speaker was used to describing the images. This
result predicts that, with more perspectives in play, larger
groups may have more difficulty agreeing on common conceptualizations.
In general, listeners expect speakers to maintain conventions and stick to descriptions that were similar to successful descriptions. However, listeners were not surprised to
hear different descriptions of a familiar object if it came from
a new speaker who had just entered the room (Metzing &
Brennan, 2003). It’s unclear what this finding predicts about
new speakers who are present as fellow listeners during prior
blocks – will listeners expect them to maintain conventions?
Work on multi-party communication has focused on the
addition of a new person into a pair or group that had built
up some shared representations. Our present work complements this prior work by examining the effect of group size
during the process of convention formation. We extend the
dyadic repeated reference game paradigm of Hawkins et al.
(2020) to games for 2–6 players who rotate between speaker
and listener roles. This paradigm allows us to confirm that
these findings in dyads extend to larger groups: that accuracy
and speed will increase across blocks (question 1) and that
speakers will reduce their utterances (produce fewer words)
in later blocks (question 2). Additionally, we will be able to
test for trends across group size, allowing us to ask whether
smaller groups use shorter utterances and reduce faster than
larger groups (question 3) and how conventions emerge in
larger groups (question 4). In sum, these analyses will fill
a gap in the literature by providing a basic characterization
of how convention-formation and communication occurs in
larger groups.

Participants
We recruited participants between May and July 2021 using
the Prolific platform; participants had all self-reported as fluent native English speakers on Prolific’s demographic prescreen. Participants were paid $7 for 2-player games, $8.50
for 3-player games, $10 for 4-player games, and $11 for 5and 6-player games (with the intention of a $10 hourly rate),
in addition to up to $2.88 in performance bonuses. A total of
390 people each participated in one game.

Materials
We used the 12 tangram images used by Hawkins et al.
(2020) and Clark & Wilkes-Gibbs (1986) (see Figure 1).
These images were displayed in a grid with order randomized for each participant (thus descriptions such as “top left”
were ineffective as the image might be in a different place on
the speaker’s and listeners’ screens). The same images were
used every block.

Procedure
We implemented the experiment using Empirica, a
Javascript-based platform for running real-time interactive experiments online (Almaatouq et al., 2020). From

Methods

2 Code to run the experiment, as well as data and analysis code are available at https://osf.io/qdvbr/?view only=
47aebfde243f405e9c42a45cacb697d2.
3 Our preregistrations are at https://osf.io/cn9f4/?view
only=7fdacd698b24465cb1a8699050af5bfc and https://osf
.io/rpz67?view only=5284203e2b644fc5ac39cf3e723b9a7e.

Building on the methods of Hawkins et al. (2020), we used
Empirica (Almaatouq et al., 2020) to create real-time multiplayer reference games. In each game, one of the players
started as the speaker who saw an array of tangrams with one
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2
3
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Table 1: Number of games run for each player count.
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Block

Prolific, participants were directed to our website where they
navigated through a self-paced series of instruction pages
explaining the game. Participants had to pass a quiz to be
able to play the game. They were then directed to a “waiting
room” screen until their partners were ready.
Once the game started, participants saw screens like Figure
1A. Each trial, the speaker described the highlighted tangram
image so that the listeners could identify and click it. All participants were free to use the chat box to communicate, but
listeners could only click once the speaker had sent a message. Once a listener clicked, they could not change their selection. There was no signal to the speaker or other listeners
about who had already made a selection.
Once all listeners had selected (or a 3-minute timer ran
out), participants were given feedback (Figure 1B). Listeners
learned whether they individually had chosen correctly or not;
listeners who were incorrect were not told the correct answer.
The speaker saw which tangram each listener had selected,
but listeners did not. This feedback regime is different from
Hawkins et al. (2020) where listeners were shown what the
right answer was during feedback. We made this change to
prevent listeners from learning conventions purely as a memorized mapping between utterance and correct answer.
Listeners got 4 points for each correct answer; the speaker
got points equal to the average of the listeners’ points. These
points translated into performance bonus at the end of the experiment.
In each block, each of the 12 tangrams was indicated to the
speaker once. The same person was the speaker for an entire
block, but participants rotated roles between blocks. Thus,
over the course of the 6 blocks, participants were speakers
3 times in 2-player games, twice in 3-player games, once or
twice in 4 and 5-player games, and once in 6-player games.
Rotating the speaker was chosen to keep participants more
equally engaged (the speaker role is more work), and to give
a more robust test for reduction and convention.
After the game finished, participants were given a survey
asking for optional demographic information and feedback
on their experience with the game.

Figure 2: Players’ accuracy at correctly selecting the target
figure by block and group size. Accuracy increases across
blocks.
commentary about how well or fast the task was going, and
confirmations or denials (“ok”, “got it”, “yes”, “no”). We
exclude these utterances from our analyses. Note that chat
lines sometimes included non-referential words in addition to
words referring to the tangrams (“ok, so it looks like a zombie”, “yes, the one with legs”); these lines were retained intact.
Our intended sample size was 20 complete games in each
group size, but we ended up with fewer due to games not
filling or participants disconnecting early (Table 1). We excluded incomplete blocks from analyses, but included complete blocks from partial games.

Results
Accuracy and Speed
Our first question was whether accuracy and speed increased
across groups of different sizes.
Accuracy is high and increasing. Most individuals were
accurate in their selections, with accuracy rising across blocks
(Figure 2). In a logistic model of accuracy4 , participants are
more accurate in later blocks (block: Est=0.38, CrI=[0.25,
0.5]), and there was no strong effect of group size on accuracy
(numPlayers: Est=-0.02, CrI=[-0.08, 0.03]) or interaction between block and group size (block:numPlayers: Est=-0.01,
CrI=[-0.04, 0.01]).
Participants speed up in later blocks. Participants selected images faster in later blocks (Figure 3), although
there was wide variability. In a linear model of selection
time5 , participants got faster across blocks (block: Est=10.03, CrI=[-11.03, -9.03]) and were slightly slower in larger
games (numPlayers: Est=1.03, CrI=[0.4, 1.66]). This speed
up is consistent with prior work by Weber & Camerer (2003)
which used speed as the dependent measure. Wide variability
in selection time meant that especially for larger groups, there
was a wide spread in how long it took groups to complete the
experiment.

Data pre-processing and exclusions
Participants could use the chat box freely, which meant
that the chat transcript contained some non-referential language. The first author skimmed through the chat transcripts, tagging utterances that did not refer to the current
tangram. These were primarily pleasantries (“Hello”), meta-

4 correct.num∼ block × numPlayers This and all subsequent regression models were run in brms with weakly regularizing priors.
5 time∼ block × numPlayers
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Our third question was whether smaller groups would use
fewer words or reduce faster than larger groups.
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Larger groups say more. The overall effect of having
more players in a group is 1.67 (CrI=[0.68, 2.71]) words from
the speaker per trial per additional player. There is no clear
interaction between block and group size (block:numPlayers:
Est=-0.1, CrI=[-0.39, 0.18]). Larger groups saying more is
consistent with predictions from audience design that with
more listeners to accommodate, the speaker may use multiple
conceptualizations, either initially as a hedge or in response
to listener clarifications.
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Figure 3: How long listeners took to select a figure in seconds
by block and group size. Listeners selected images faster in
later blocks. Only times for correct responses are shown.

Speaker experience does not fully explain group size
effects. One potential concern is that group size correlates with whether the speaker has had the speaker role before (smaller groups repeat speakers more). To address
this confound, we coded for whether the speaker has been
speaker in an earlier block8 . Repeat speakers do use fewer
words (speaker.repeat: Est=-8.55, CrI=[-10.41, -6.79]), but
there are still effects of group size (numPlayers: Est=1.63,
CrI=[0.58, 2.66]) and block (block: Est=-5.26, CrI=[-6.84,
-3.69]). The effects of block and repeat speaker are subadditive (block:speaker.repeat: Est=3.2, CrI=[2.65, 3.78]), and
there is minimal interaction between block and group size
(block:numPlayers: Est=0.08, CrI=[-0.22, 0.41]).

Reduction
Our second question was whether speakers reduce their referring expressions in larger groups.

Total words from speaker
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5

6
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400

200

Development of conventions

0
1 2 3 4 5 6 1 2 3 4 5 6 1 2 3 4 5 6 1 2 3 4 5 6 1 2 3 4 5 6

Block

Our final question was how conventions emerge in larger
groups.

Figure 4: Number of words from speaker (total, across all
12 figures) in a block. Each colored line is one group, the
overall trend is shown in black. Across group size, the number of words decreases as conventions emerge, but convention
formation is not a smooth process, and there is variability between speakers.
Speakers’ utterances reduce in length. As shown in Figure 4, the number of words produced by speakers decreases
over the course of rounds, both in aggregate and for many individual groups. Nonetheless, in some groups, a later speaker
may be more verbose than an earlier speaker. Speakers make
longer utterances in early blocks that reduce to shorter utterances in later blocks. From a linear model6 , the effect of
being one block later is -3.35 (CrI=[-4.58, -2.13]) words.

Speakers who don’t know the convention reduce less. In
our games (which had limited feedback), listeners who got a
tangram wrong didn’t have a way of knowing what the right
answer was unless they asked for clarification in the chat. If
a speaker got a tangram wrong as a listener in the previous
block, they may not have known the conventional description
that went with it, and thus were unlikely to follow the convention. If we assume that reduction is a sign of convention development, then speakers should say more words when they
got the tangram wrong the previous block. We added prior
errors as an additional predictor to our regression predicting
number of words and found that speakers said more words for
tangrams after they were incorrect (numPlayers: Est=2.18,
CrI=[0.93, 3.44]).

Listeners rarely talk. Listeners often don’t talk much, but
are more likely to ask questions or make clarification in early
blocks. In a linear regression for the number of words each
listener said,7 there was an effect of block (block: Est=0.48, CrI=[-0.79, -0.18]), but no clear effect of game size
(numPlayers: Est=0.2, CrI=[-0.13, 0.51]).

Smaller groups reduce and stabilize conventions sooner.
Another angle to look at conventions is to take the speaker’s
utterances in the last block as the “convention”, and look at
how far back they started. We took the contentful words
said by the speaker in the last block and looked at how
many of them were used to describe that tangram in prior

6 words∼ block × numPlayers + (block|tangram)
(1|playerId) + (1|tangram group) + (block|gameId)
7 words∼ block × numPlayers + (block|tangram)
(1|playerId) + (1|tangram group) + (block|gameId)

8 words∼ block × numPlayers + block × speaker.repeat +
(block|tangram) + (1|playerId) + (1|tangram group) +
(block|gameId)

+
+
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Figure 5: Comparison of the content words is the final (6th) block to words in previous blocks. (A) The proportion 6th block
content words found in each prior block. (B) The proportion 6th block content words that were first used by the speaker in each
block. Smaller games have higher overlap and a greater proportion of words originating earlier.
rounds.9 Then we calculated the proportion overlap between
the last block utterance and earlier blocks, shown in Figure
5A. In a linear model of the overlap between an earlier block
and the last block10 , later blocks have more overlap (block:
Est=0.1, CrI=[0.08, 0.12]). Blocks with the same speaker as
the last round have more overlap (same speaker: Est=0.08,
CrI=[0.05, 0.1]); this pattern is visible in the peaks for blocks
2 and 4 in the 2 player games. Larger groups have less overlap between blocks (numPlayers: Est=-0.07, CrI=[-0.09, 0.04]), but there is no interaction between blocks and game
size (block:numPlayers: Est=0, CrI=[-0.01, 0]). One potential confound is that in smaller games, players spend more
time in the speaker role; however, there is still more overlap
in smaller games even to blocks with a different speaker.

Table 2: Excerpt from a group that did not reduce very much.
The speaker for each round is marked with (S). Figure under
discussion is row 3, column 3 in Figure 1A.

Another way to measure conventions is to look at when
these words were first introduced by the speaker (Figure 5B).
A greater fraction of 6th block words were new in 5 or 6
player games compared with smaller games, whereas most
words used in 2-player games originated in the 1st or 2nd
blocks. Overall, conventions reduced and stabilized sooner in
smaller groups, perhaps because fewer people need to implicitly agree on them.
Groups varied in their strategies and reduction. While
most groups did form conventions for most tangrams, it’s illustrative to look at a case where a group did not. Table 2
shows the transcript of a 4-person group for a specific figure where they described it geometrically every round, leading to long and not very informative descriptions. Nearly all
the figures have diamond heads, so this isn’t a distinguishing feature, yet it is described. This illustrates the variability
between groups, but also why conventions might be useful.

Block

Person

Text

1

A(S)

2

C
B(S)

3

C(S)

4

D(S)

5

D(S)
A(S)

Diamond on top. Body with no real
arms or legs. The body is shaped like a
boot with the diamond on top.
Is the boot pointed left or right?
diamond on top, large body beneath it.
Left is a straight line all the way down,
small variations on the right to the main
body
Diamond in center on top. Left side
straight, right side carved out like a
vase.
Diamond head, flat topped body,
straight on the left side with two
triangles pointing out on the left
*on the right
Diamond on top. Left side is straight,
right side is obstructed, looks like a
boot
what do you mean by obstructed?
The left side of the body is right, right
side has bents in it
Diamond on top of a long large
body/rectangle. Left side is complete,
right side has bits missing

B
A(S)
6

B(S)

A different 4-person group had a member who during the
first block shared the idea that the task would be easier if
they explicitly gave “codenames” to the figures. The transcript for this group and one of the tangrams is shown in
Table 3. Of note, multiple speakers forget the assigned codename, demonstrating that meta-knowledge doesn’t always
help. This group also describes the figure in relation to another already-named figured. Nonetheless, the group success-

9 Contentful words were defined as all words in a referential
message with a part of speech identified by the Spacy (http://
spacy.io) tagger as being a noun, verb, or adjective; that were not
on the Spacy stop word list; and that did not have a lemma in the set
[‘look’,‘like’,‘body’,‘person’,‘man’,‘guy’], a list generated as being
extremely common vocabulary across tangrams.
10 overlap∼ block × numPlayers + same speaker + (1|gameId) +
(1|target)
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Table 3: Excerpt from a group that explicitly gave nicknames
to the figures. The speaker for each round is marked with (S).
Tangram under discussion is row 1, column 4 in Figure 1A.
Block

Person

Text

1

2

A(S)
C
A(S)
B(S)

3

B(S)
B(S)
D
A
B(S)
B(S)
C
C(S)

[...] yes, the legs are like a zig zag
CODE name ZIGZAG
There are no legs upwards
okay so similar to begger guy but no
foot pointing up
its like a zigzag
i forgot the code name
zigzag yea
The one standing with knees bent
yeah
standing
Yeah zigzag
The begger with no foot coming out
from the left
zigzag
zigzag it is
sorry i forgot
zigzag
zigzag
beggar guy
zigzag

4
5
6

B
C(S)
C(S)
D(S)
A(S)
B(S)
B(S)

the rotation. This reduction varied with group size; smaller
groups used shorter utterances, but group size did not significantly interact with block (question 3). The trajectory of
reduction also depended on whether the current speaker correctly identified the tangram in the prior block and whether
the current speaker was new to being speaker. This pattern
is consistent with both the ‘aim low’ and ‘aim middle’ hypotheses from previous work (Yoon & Brown-Schmidt, 2014;
Yoon & Brown-Schmidt, 2019).
What was specifically different across group sizes?
Smaller groups showed more agreement in how each tangram
was identified across blocks (question 4), coming to consensus earlier: Their overlap between descriptions in the first 5
blocks to the final block was higher, and words in the final
block tended to originate earlier. The greater diversity in how
tangrams were described in larger groups could be explained
by slower convergence to a convention or parallel competing conceptualizations favored by different speakers. Larger
groups have more people for the speaker to communicate to,
but also more people who might interrupt with questions, and
more people who have opinions about what each image looks
like. Bigger groups differ from smaller groups in a number of
ways, however, and disentangling these differences is an area
for future work.
Group interactions are rich, and this experiment is necessarily a schematic simplification with a number of limitations.
Real-life situations vary widely in who the interlocuters are,
their relationships, their goals, and their environment (Carletta, Garrod, & Fraser-Krauss, 1998; Fay, Garrod, & Carletta, 2000). Our participants were a convenience sample
of Prolific workers who were strangers to each other; thus
we miss richness that could come from prior relationships or
shared community. Reference is only one goal out of many
possible communicative goals, and the tangram images are
artificial. We provided less feedback than previous studies
such as Hawkins et al. (2020); this regime imitates situations
where interlocutors can’t show each other examples, but it’s
not representative of all communicative environments. Further, our text-based online paradigm meant that participants’
individual identities were not especially salient. In sum, communication takes place in a plethora of situations; our experiment provides some insights, but also misses many complexities that should be a focus of further experiments.
The experimental paradigm presented here could be a valuable tool to disentangle the mechanisms of group size and
determine which design parameters are relevant to reduction.
Luckily, with an online implementation, recruiting for and
running experiments is feasible, and thus it will be possible
to iterate on this experiment to determine how far the patterns
generalize. While much is left to be explored, this initial data
set provides a rich corpus of how humans adapt language dynamically to communicate.

fully conventionalizes on a couple reduced names for this figure: “zigzag” and “beggar”. This dual-naming of figures from
multiple conceptual angles contributed by different speakers
also occurs in other games.

Discussion
The emergence of conventions has been a key case study
for communication more broadly. Yet this issue has – for
the most part – been studied only in dyadic communication.
While some studies have examined aspects of convention formation in larger groups (e.g., Yoon & Brown-Schmidt, 2014;
Yoon & Brown-Schmidt, 2019), basic descriptive work has
not yet investigated how group size changes the dynamics of
interaction in a standard referential communication task, in
part because such tasks can be difficult to administer to larger
groups. Taking advantage of a new online multi-player experiment platform, we ran repeated reference games with groups
of 2–6 players and characterized the nature of group performance.
Consistent with dyadic games, listeners’ selection accuracy
increased over blocks at the same time as listeners sped up
their selections (question 1). Crucially, speakers reduced the
length of their descriptive utterances as they conventionalized
on concepts for each image (question 2). Because speakers
rotated, this reduction finding is robust: not only did speakers
say less in later repetitions than they themselves said earlier,
speakers later in the order said less than speakers earlier in
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Abstract
Can we know a word by the company it keeps? Aspects of
meaning that concern physical interactions might be particularly difficult to learn from language alone. Glenberg and
Robertson (2000) found that although human comprehenders
were sensitive to the distinction between afforded and nonafforded actions, distributional semantic models were not. We
tested whether technological advances have made distributional models more sensitive to affordances by replicating their
experiment with modern Neural Language Models (NLMs).
We found that only one NLM (GPT-3) was sensitive to the affordedness of actions. Moreover, GPT-3 accounted for only
one third of the effect of affordedness on human sensibility
judgements. These results imply that people use processes that
go beyond distributional statistics to understand linguistic expressions, and that NLP systems may need to be augmented
with such capabilities.
Keywords: neural language models; distributional semantics;
affordances; embodied cognition

Introduction
A long-standing debate in cognitive science concerns the extent to which the meaning of a word can be learned from information about how it is distributed in language. The debate is important both theoretically, for explaining how human comprehenders understand language, and practically, for
building computational systems that represent and respond to
language in a human-like way. Previous work has shown that
distributional theories fail to account for affordances—the actions that an agent can perform with an object—suggesting
that information about how words are distributed is insufficient to explain what they mean (Glenberg & Robertson,
2000). We re-evaluate this claim with contemporary models,
testing whether technological advances make it possible to
extract affordance information from distributional statistics.
Distributional theories of meaning are based on the distributional hypothesis: words derive their meanings from
the linguistic contexts in which they are used, i.e. the way
they are distributed in language (Firth, 1957; Harris, 1954;
Wittgenstein, 1953). These theories have been operationalized in computational models that learn, for instance, that
road and street are similar, because the contexts in which
they are used are similar. Recent methodological innovations
have produced computational models that encode an impressive amount of linguistic knowledge (Rogers, Kovaleva, &
Rumshisky, 2020; Tenney, Das, & Pavlick, 2019); and predict a number of behavioral measurements, including word
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relatedness (Trott & Bergen, 2021; Li & Joanisse, 2021), visual similarity ratings (Lewis, Zettersten, & Lupyan, 2019),
category-membership judgements (Lenci, 2018), N400 amplitude (Michaelov, Coulson, & Bergen, 2021; Frank, Otten,
Galli, & Vigliocco, 2015), and reading time (Shain, 2019;
Goodkind & Bicknell, 2018). Schrimpf et al. (2021) find that
transformer-based NLMs predict nearly 100% of explainable
variance in neural responses to sentences (fMRI and ECoG)
and suggest that “predictive ANNs serve as viable hypotheses
for how predictive language processing is implemented in human neural tissue” (p.8). Critics of the distributional account,
however, argue that trying to understand a word’s meaning
from its linguistic context is “like trying to learn a language
by listening to the radio” (Elman, 1990).
The debate relates to a broader discussion about whether
cognition is constituted by embodied perceptual and motor
experiences of the world (Barsalou, 1999) or by formal operations on disembodied, amodal symbols (Mahon, 2015).
A central critique of disembodied theories of cognition—
including distributional theories of meaning—is that they do
not provide a mechanism for meanings to be grounded. That
is, the meanings of symbols in the system can only be defined
with reference to other abstract symbols, and therefore do not
make contact with the world (Harnad, 1990; Searle, 1980).
Glenberg and Robertson (2000) illustrated this critique by
testing the sufficiency of distributional models to deal with an
aspect of meaning which appears to rely on embodied experience: affordances. The concept of an affordance was introduced by Gibson (1979) to describe the set of actions that an
environment makes possible for an animal. Affordances are
co-determined by the environment and agent: a chair might
afford sitting for a person, but not an elephant. Through our
interaction with the environment, we learn about nonobvious
affordances of objects that might never be described in language. For instance, though we may never have tried to chisel
ice from a windshield with either a golf club or a ham sandwich, we have learned incidentally through our experience
with these objects that the former would be more suitable
than the latter. We might fail to pick up on such incidental
properties through language experience alone.
Glenberg and Robertson (2000) tested the hypothesis that
human comprehenders would be sensitive to the distinction
between afforded and nonafforded actions in a way that distributional models were not. They constructed scenarios in
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which characters used objects in ways that were either afforded or nonafforded while ensuring that a distributional
model, Latent Semantic Analysis (LSA; Landauer & Dumais,
1997) , showed no effect of the afforded/nonafforded distinction. Human comprehenders rated the afforded scenarios as
significantly more sensible than the nonafforded scenarios,
implying that they were sensitive to the affordances of objects, and were using information not available to LSA when
comprehending the sentence. The authors took this result
as evidence for the insufficiency of distributional semantic
methods in accounting for human language comprehension.

we ask whether NLMs can account for the influence of affordances on human judgements. We test whether the Affordedness condition (Afforded vs Nonafforded) explains marginal
variance in human sensibility judgements when controlling
for NLM measures. If condition explains variance on top of
NLM measures, it would indicate that affordedness influences
humans in a way that NLM measures do not capture.

Study 1: NLM Analysis
In our first study, we asked whether NLMs were sensitive
to the distinction between afforded and nonafforded actions.
Glenberg and Robertson (2000) designed their stimuli to ensure that LSA showed no difference between these conditions. Therefore, an effect of Affordededness on NLM measures would suggest that technological advances in language
modelling have allowed models to extract sufficient information from distributional statistics of language to make a
distinction between afforded and nonafforded actions, even
when both actions were rated as equally unrelated by LSA.

There are several reasons to revisit this study, 22 years
later. First, the claim that distributional semantic methods in
general are insufficient to account for the influence of affordances could be undermined by data from any distributional
model. It is therefore sensible to test this claim using a variety of distributional models. Second, enormous progress
in natural language understanding in the last two decades—
catalyzed by increases in processing power, training data, and
architecture improvements—make modern Neural Language
Models (NLMs) far more sensitive to nuances of linguistic
meaning than LSA was (Kocijan, Davis, Lukasiewicz, Marcus, & Morgenstern, 2022; Wang, Singh, et al., 2019; Wang,
Pruksachatkun, et al., 2019). Forbes, Holtzman, and Choi
(2019) found that BERT (an NLM) is competitive with humans at predicting affordances from objects. Finally, LSA’s
word representations are fixed and context-invariant. Glenberg & Robertson identified this as a crucial obstacle to understanding how objects could be used in novel ways. Modern NLMs account for the influence of context on a word’s
meaning, providing an additional reason to believe they will
have a better handle on affordances.

Method
Materials The stimuli, from Glenberg and Robertson
(2000) Experiment 1, comprised 18 scenarios. Each scenario
contained a setting sentence (1) and a critical sentence (2) that
described a character using an object to perform an action.
(1)

After wading barefoot in the lake, Erik needed something to get dry.

(2)

a.
b.
c.

However, there are reasons to temper optimism. The scenarios were creatively designed to ensure that participants
were unlikely to have encountered the afforded objects being used in these ways. By extension, models are unlikely
to have encountered these object affordances explicitly expressed in their training data. For example, although a warm
thermos could be used to press wrinkles out of a skirt, it is
unlikely that this specific use appears in the training data. In
order for an NLM to make this connection, warm thermos
would need to have a sufficiently similar distributional pattern to other lexical items for which this association already
exists (e.g., iron), such that a statistical model could identify
this regularity and use it for prediction. This lack of relevant
training data is compounded by reporting bias: perceptually
obvious features of objects are often not discussed explicitly, precisely because they are perceptually obvious (Gordon
& Van Durme, 2013). Finally, these models make frequent
commonsense errors, which indicate that they lack capabilities such as world knowledge and causal reasoning (Bender
& Koller, 2020; Davis & Marcus, 2015).

He used his shirt to dry his feet. [Afforded]
He used his glasses to dry his feet. [Nonafforded]
He used his towel to dry his feet. [Related]

There were three versions of each critical sentence, corresponding to the three conditions in the experiment. The versions differed only in the objects used by the character, referred to as the distinguishing concepts (italicized). Each critical sentence also featured a central concept (boldface), which
was the same across conditions and was intended to conceptually capture the use to which the object was being put. Objects in the Afforded condition (2-a) afforded the character’s
intended action, while objects in the Nonafforded condition
(2-b) did not. It is easy to imagine how a shirt could be used
to dry wet feet; the same is not true for glasses.
To control for distributional information, the authors found
the cosine angle between the LSA representations of i) the
setting and critical sentences, and ii) the central and distinguishing concepts. The stimuli were designed so that there
was no difference on either LSA measure between the Afforded and Nonafforded conditions. That is, to the extent that
LSA measures relatedness, the distinguishing concepts in the
Afforded and Nonafforded conditions were equally unrelated
to the rest of the scenario. In the third, Related, condition
(2-c), the object also afforded the character’s intended action
(as in the Afforded condition). However, the object in the
Related condition was more closely related to the rest of the

In the present work, we first ask whether modern NLMs are
sensitive to affordances, by testing for an effect of afforded
vs nonafforded actions on several NLM measures. Secondly,
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scenario compared to the Afforded and Nonafforded conditions, as measured by LSA. Both towels and shirts could be
used to dry wet feet, but towels are more strongly associated
with drying than shirts are. These distinctions allowed us to
separately test for an effect of affordedness (shirt vs glasses)
and relatedness (towel vs shirt) on our NLM measures.

used two different measures of GPT-3 surprisal. In the first,
GPT-3 Surprisal (dc), we measured the sum surprisal of the
tokens in the distinguishing concept, conditioned on the left
context. In the second, GPT-3 Surprisal (dc+rc), we measured the mean surprisal of the tokens in the distinguishing
concept and their right context. We used mean surprisal to
control for variation in the length of the right context.

NLM Measures We elicited responses to the stimuli from
three transformer-based NLMs: BERT (large, cased) (Devlin,
Chang, Lee, & Toutanova, 2019), RoBERTa (large) (Liu et
al., 2019), and GPT-3 (davinci) (Brown et al., 2020). These
models learn to encode representations of language by predicting sequences of tokens (word-parts) on the basis of the
surrounding linguistic context. GPT-3 is unidirectional: its
representations are conditioned only on the preceding tokens
in a sequence (the left context). BERT and RoBERTa are
both bi-directional: their representations are conditioned on
both left and right context.
We selected BERT because it is probably the most widely
studied transformer NLM, having become “a ubiquitous baseline in NLP experiments” (Rogers et al., 2020); RoBERTa
because it uses a BERT-like architecture, but with more extensive pre-training, which substantially improved its performance on several benchmarks (Liu et al., 2019); and
GPT-3 because it set SOTA performance on several benchmarks without any task-specific fine-tuning. GPT-3 is much
larger (175B parameters) and has been trained on much more
data (300B tokens) than either BERT (340m parameters,
3.3B words) or RoBERTa (340m parameters, ∼30B words).
We accessed BERT and RoBERTa through the Transformers Python package (Wolf et al., 2020), and accessed GPT-3
through the OpenAI API.
We elicited six measures from these NLMs. The first
two measures closely paralleled the Glenberg and Robertson
(2000) analysis. We found the cosine distance between the
mean BERT embeddings for the setting and critical sentences
(BERT Cosine S-C), and between the central and distinguishing concepts (BERT Cosine C-D). We used the secondto-last layer of BERT because it was found to perform better
than any other single-layer representation on a named entity
recognition task (Devlin et al., 2019). Larger cosine distances
indicate that the distinguishing concepts are more dissimilar
from their contexts, and would therefore be expected for less
sensible objects.
In addition to providing representations of tokens in a sentence, NLMs also generate predictions for observing specific
tokens given their surrounding context. We took advantage
of this by comparing the surprisal (− log2 p(token)) of the tokens in the distinguishing concepts of each scenario version.
Larger surprisal indicates a lower probability of observing
the distinguishing concepts, and would therefore be expected
for less sensible objects. We elicited BERT Surprisal and
RoBERTa Surprisal by masking the distinguishing concept
tokens and finding the mean surprisal of the masked tokens.
Because GPT-3 is unidirectional, and important information
appears in the right context of the distinguishing concepts, we

Figure 1: Only GPT-3 is surprised by nonafforded actions.
GPT-3 Surprisal is significantly higher for Nonafforded actions than Afforded ones: both the total surprisal of the distinguishing concept (dc; χ2 (1) = 9.125, p = 0.003), and the
mean surprisal of the distinguishing concept plus right context (dc+rc; χ2 (1) = 6.617, p = 0.010). RoBERTa Surprisal
and the cosine distance between the central and distinguishing concepts (BERT Cosine C-D) show an effect of Related
vs Afforded, but not Afforded vs Nonafforded. The BERT
Cosine between setting and critical sentences (BERT Cosine
S-C) and BERT Surprisal show no effects of either comparison.

Results
We created two subsets of the scenarios to separately test
whether models were sensitive to affordedness (Afforded vs
Nonafforded) and relatedness (Afforded vs Related). We constructed linear mixed effects models that predicted each NLM
measure on the basis of condition, controlling for the log frequency of the distinguishing concept, and with random intercepts by scenario. We used likelihood ratio tests to assess
whether condition improved model fit for each comparison.
Two of the NLM measures showed no differences for any
of the condition analyses (BERT Cosine S-C, and BERT Surprisal). RoBERTa Surprisal and BERT Cosine C-D showed
a significant difference for the Related/Afforded distinction.
Both GPT-3 Surprisal (dc) (χ2 (1) = 9.125, p = 0.003) and
GPT-3 Surprisal (dc+rc) (χ2 (1) = 6.617, p = 0.010) showed
a significant effect of the Afforded/Nonafforded comparison,
but no effect of Afforded/Related. Surprisal was higher for
Nonafforded scenarios than for Afforded ones (see Figure 1).
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Discussion

Procedure We used the same stimuli as described in the
NLM re-analysis section above. The procedure was similar
to the method outlined in Glenberg and Robertson (2000), in
that participants were asked to read the scenarios and rate the
sensibility of the sentences, on a scale from 1 (virtual nonsense) to 7 (completely sensible). In the original study, participants also rated sentences for how easy they were to envision, but we only elicited sensibility judgements because
the results from both ratings were very similar (r ≥ 0.9) and
because eliciting envisioning ratings might artificially induce
participants to recruit perceptual experience. Moreover, in
the original experiment, each participant rated all versions of
each scenario. We decided to present only one version of each
scenario to each participant, to prevent them from implicitly
comparing different versions of the scenario. The experiment
was designed using jsPsych (De Leeuw, 2015) and hosted online. Participants saw one scenario at a time and rated it on a
seven point scale by clicking on a rating. Each participant saw
18 scenarios. The version of the scenario (condition) was randomized, so that all participants saw scenarios from all three
conditions, but no two versions of the same scenario. The order of the items was randomized. Each participant also saw 3
attention checks that asked them to select a specific rating.

None of the BERT or RoBERTa measures showed an effect of
Affordedness. In contrast, GPT-3 surprisal was significantly
larger for Nonafforded vs Afforded scenarios. It is possible
that BERT surprisal would show an effect on a larger sample (n=18), however, the GPT-3 effect shows that power is in
principle sufficient. GPT-3’s sensitivity to the Affordedness
distinction might be used to support claims regarding tacit
knowledge available in the model, i.e., that the model understands a shirt can be used to dry one’s feet but glasses cannot.
It seems likely that GPT-3 performed better than the other
models due to the relationship between the amount of compute used to train a model and its language modelling performance Brown et al. (2020). It is striking that neither of the
GPT-3 measures show the effect of relatedness that was seen
for the central-to-distinguishing LSA cosine distances in the
original study, and the similar BERT Cosine C-D measure.
This might indicate that GPT-3 is exploiting deeper contextual cues beyond the superficial co-occurrence statistics that
characterize relatedness.

Study 2: Comparison of Human and NLM
responses

Results

The results of the NLM re-analysis provide evidence that at
least one NLM (GPT-3) is sensitive to the distinction between
afforded and nonafforded actions. In order to test the stronger
claim that distributional information is sufficient to explain
the interpretation of language by human comprehenders, we
asked whether NLM measures can account for the effect of
affordedness on human judgements. We replicated Experiment 1 from Glenberg and Robertson (2000), which asks human participants to rate scenarios based on how sensible they
are. We then tested whether condition (Afforded vs Nonafforded) explains marginal variance in human sensibility ratings when controlling for the effect of NLM measures. A
marginal effect of condition would imply that affordedness is
influencing human comprehension in a way that NLM measures cannot account for.

We replicated the original effect of condition on human sensibility judgements in both the Afforded vs Nonafforded
(χ2 (1) = 45.7, p < 0.001) and Afforded vs Related (χ2 (1) =
10.6, p = 0.001) comparisons (see Figure 2, left).
For the Afforded vs Nonafforded comparison, three NLM
measures significantly improved the fit of a base model that
predicted human sensibility judgements with a fixed effect of
the log frequency of the distinguishing concept, random intercepts by item and participant, and a random effect of condition by participant (see Table 1, Afforded vs Nonafforded,
NLM vs Base). For all NLM measures, a significant improvement in model fit was produced by including condition
as an additional variable (see Table 1, Afforded vs Nonafforded, Full vs NLM). While GPT-3 Surprisal (dc) explained
the highest proportion of variance in human sensibility judgements of any of the NLM measures (R2 = 0.13), condition
explained a much larger proportion of variance (R2 = 0.34).
Only BERT Surprisal improved model fit over a base
model in the Afforded vs Related dataset. Again, the addition of condition in the full model improved model fit over all
NLM measures (see Table 1, Afforded vs Related).

Method
Participants All research was approved by the University’s
Institutional Review Board. We recruited 142 undergraduate
students from the Psychology Department Subject pool, who
provided informed consent using a button press and received
course credit as compensation for their time. We excluded
2 participants who indicated they were not native English
speakers; 7 participants who took over 1 hour to complete
the experiment; 10 participants who failed > 1/3 attention
checks; and 1 participant who had > 20% of their trials excluded. We excluded 6 trials where the response time was
> 120s (indicating inattention), and 66 trials where the response time was ±2.5SD from the participant mean. We retained 2142 trials from 123 participants (90 female, 30 male,
2 non-binary, 1 prefer not to say; mean age = 20.6, σ = 2.97).
The study lasted 17.6 mins on average (σ = 6.37).

Discussion
Although three of the NLM measures showed a significant
effect on human sensibility judgements, no measure was able
to account for all of the variance explained by Affordedness
condition. This is the crucial test. If NLMs were sufficiently
sensitive to affordance information to explain the effects of
affordances on human language comprehension, then there
would be no residual variance in responses remaining that
would be explained by condition after the effect of NLM mea-
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Figure 2: Human raters made more fine grained distinctions
between experimental stimuli than did NLMs. Left: On a
scale of 1 (nonsense) to 7 (sensible), participants rated Related actions as more sensible than Afforded but unrelated actions (χ2 (1) = 10.6, p = 0.001), and Afforded actions as more
sensible than Nonafforded ones (χ2 (1) = 45.7, p < 0.001).
Right: GPT-3 Surprisal for the distinguishing concept (dc)
tokens, inverted to facilitate comparison, showed no effect of
Afforded vs Related and a less pronounced effect of Afforded
vs Nonafforded (χ2 (1) = 9.125, p = 0.003).

Figure 3: Affordedness explained more variance than any of
the NLM measures. Left: For the Afforded vs Nonafforded
comparison, GPT-3 Surprisal of the distinguishing concept
tokens (GPT-3 Surprisal, dc) explained more variance in human sensibility judgments than any other NLM measure (R2
= 0.13, see §NLM Measures), but only a fraction of the variance explained by condition (R2 = 0.34). Right: NLMs are
much closer to explaining the effects of relatedness on human
judgements.

All of the BERT and RoBERTa measures fail to show a significant difference between Afforded and Nonafforded conditions. This implies that affordance-sensitivity is a non-trivial
property of GPT-3, specifically: perhaps a result of its larger
number of parameters and training data.
On a stronger interpretation of the question—are NLMs
capable of accounting for the influence of affordances on
human comprehension?—distributional methods continue to
fall short. None of the NLM measures were able to account
for the effect which Affordedness had on human sensibility
judgements. That is, even after controlling for the influence
of the NLM measures, a large amount of variance in human
responses could be explained by including condition as a predictor. This suggests that the fact of an action being afforded
has a consistent influence on human sensibility judgements
that is not captured by the distributional information learned
by any of these NLMs. This is the crucial sense in which
distributional semantics still can’t account for affordances.
The evidence of progress in Study 1 invites one interpretation of these results: distributional semantic techniques are
improving and with sufficient data, parameters, or architectural improvements, models will become capable of extracting any relevant information from the distributional signal
needed to explain influences on human language comprehension. This interpretation is consistent with research on scaling
laws: model performance increases in a law-like manner with
increased computational resources (Kaplan et al., 2020).
Alternatively, one might interpret the failure of all of the
NLMs to account for the influence of affordances on human

sures on human sensibility ratings had been accounted for. In
fact, the best performing measure—GPT-3 Surprisal (dc)—
explains only around a third of the variance explained by Affordedness. This implies that human sensibility judgements
are being influenced by affordances in ways that are not being
captured by even state of the art NLMs.

General Discussion
Glenberg and Robertson (2000) found that distributional
techniques of the time were unable to account for the influence which affordances have on human language comprehension. They took this as evidence that human comprehenders
draw on experience and processes that go beyond distributional linguistic information in order to understand language.
Techniques in distributional semantics have progressed enormously in the last 22 years. We therefore asked whether modern NLMs can account for the influence of affordances, which
would undermine the claim that distributional information is
insufficient for learning these relations.
On a weaker interpretation of this question—are NLMs
sensitive to the distinction between afforded and nonafforded
actions?—we see progress. Specifically, GPT-3 surprisal is
higher for Nonafforded vs Afforded uses of objects. This is
noteworthy for several reasons. First, it contrasts with the
result obtained from LSA in Glenberg and Robertson (2000),
and undermines the conclusion that distributional information
is insufficient to capture affordance information. Second, it is
striking that only GPT-3 shows this sensitivity to affordances.
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NLM Measure
BERT Cosine C-D
BERT Cosine S-C
BERT Surprisal
RoBERTa Surprisal
GPT-3 Surprisal (dc)
GPT-3 Surprisal (dc+rc)

LRT χ2 (p-value)
Afforded vs Nonafforded
Afforded vs Related
NLM vs Base
Full vs NLM
NLM vs Base
Full vs NLM
0.00 (0.993)
45.7 (<0.001) *** 0.226 (0.634)
11.7 (<0.001) ***
0.946 (0.331)
45.3 (<0.001) *** 0.742 (0.389)
10.8 (<0.001) ***
4.74 (0.029) *
44.5 (<0.001) *** 10.6 (0.001) ** 7.10 (<0.001) ***
1.77 (0.184)
45.9 (<0.001) *** 2.54 (0.111)
8.37 (<0.001) ***
11.1 (0.001) ** 36.8 (<0.001) *** 3.59 (0.058) .
10.2 (<0.001) ***
7.48 (0.006) ** 39.4 (<0.001) *** 0.192 (0.661)
10.7 (<0.001) ***

Table 1: Results of Likelihood Ratio Tests comparing Base models (random effects + log frequency), NLM models (Base +
NLM Measure), and Full models (Base + NLM + Condition) in predicting human sensibility judgements. For the Afforded
vs Nonafforded comparison, three NLM measures significantly predicted human sensibility ratings: BERT Surprisal, GPT-3
Surprisal (dc) and GPT-3 Surprisal (dc+rc), see §NLM Measures. The full model, with condition as an additional predictor,
explained significant variance on top of all NLM measures, indicating that none of the NLM measures accounted for all of the
variance caused by Affordedness. Only one NLM measure (BERT Surprisal) improved fit over the Base model in the Afforded
vs Related comparison. Again the inclusion of condition improved model fit over each NLM-only model.
by human participants (Andrews, Vigliocco, & Vinson, 2009;
Davis & Yee, 2021; Hoffman, McClelland, & Lambon Ralph,
2018). Johns and Jones (2012) applied this technique to the
Glenberg and Robertson (2000) stimuli used here and reproduced the pattern observed in human data. Similarity between
verbs and objects in the critical sentence was greatest for the
Related, intermediate for Afforded, and smallest for the Nonafforded scenarios. This result provides compelling evidence
that the information which LSA lacked in order to make the
Afforded/Nonafforded distinction could have been perceptual
in nature. This result also highlights that there are multiple
ways to acquire the same knowledge: evidence that distributional information is sufficient for a task does not imply that
humans use it. Other promising approaches include having
models learn joint representations over linguistic and perceptual input, for instance by learning to match video frames to
an audio transcript (Zellers, Lu, et al., 2021) or having language agents interact with real or simulated environments, on
the grounds that the sensorimotor contingencies that humans
learn through their interaction with the world form the basis for the meanings they assign (Bisk et al., 2020). A final
possibility is that models lack—beyond relevant data—a capacity to simulate novel events. Future work should explore
training models to generate dynamic simulations of described
events, inspired by evidence for similar capacities in humans
(Battaglia, Hamrick, & Tenenbaum, 2013; Zellers, Holtzman,
et al., 2021)

judgements in Study 2 as evidence for a limit on the sufficiency of distributional information to explain word meaning. This interpretation is consistent with the proposal in
Glenberg and Robertson (2000) that human comprehenders
draw on their embodied experience of the world to simulate
how the affordances of objects will mesh with novel actions.
The NLMs assessed in this work clearly lack this bodily experience, which might explain their inability to account for the
influence of affordances. The results are equally consistent,
however, with proposals that NLMs lack other crucial capacities: innate knowledge about concepts (Fodor, 1975), a deliberative reasoning faculty (Russin, O’Reilly, & Bengio, 2020),
or an internal workspace to store and retrieve intermediate
products of their cognition (VanRullen & Kanai, 2021). In
order to test whether humans owe the affordance-sensitivity
highlighted by these results to their embodiment, more evidence is needed. Suitable experiments might try to interfere with participants’ sensitivity to affordances, by limiting
their embodied experience with relevant objects, or burdening non-linguistic systems that are theorized to play a role
in the deployment of embodied information during language
comprehension (Ostarek & Bottini, 2021).
If the performance limitations of NLMs are indeed a result of their lack of embodied experience, how might we
augment models to endow them with the relevant capabilities? In their initial presentation of LSA, Landauer and Dumais (1997) argued that distributional linguistic representations can be grounded in perceptual experience of the world
by training models on multimodal data: “Indeed, if one judiciously added numerous pictures of scenes with and without
rabbits... LSA could easily learn that the words rabbit and
hare go with pictures containing rabbits” (p. 227). While this
task may not be as easy as Landauer and Dumais had originally envisioned, there are a number of promising avenues
for improving the sensitivity of these models to the physical affordances of objects. One approach is to enrich distributional representations with perceptual norms generated

The results presented here show that distributional methods
have progressed substantially in the last two decades at exploiting diffuse linguistic cues to learn nonobvious relationships between agents, objects, and actions. However, these
models are still far from being able to explain the rich influence of these subtleties on human comprehenders. This gap
will continue to be closed by more powerful models. However, these results also encourage us to look elsewhere—to
our embodiment and the world—to explain human language
comprehension, and to engineer machines that think like us.
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Word meanings extend over time due to a functional need for
maintaining communicative expressivity within a compact lexicon. Previous scholars have suggested that word meanings
extend via a process of chaining, whereby novel items link to
existing ones close in semantic space. Recent work has formalized this idea using computational models grounded typically in the exemplar and prototype theories of categorization
that are either memory-intensive or simplistic in representation. We propose an alternative account of chaining that optimizes cognitive efficiency by trading off representational accuracy with memory complexity. We operationalize this efficient chaining as an infinite mixture model and show how it
constructs the internal representations of word meaning adaptively through time while predicting the historical development
of English verb meanings with precision and limited resources.
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Figure 1: Usage frequencies of the phrases store food, store
electricity, and store password in the past 200 years of English. Data from Google Syntactic-Ngrams historical corpus.

Introduction
Words often take on new meanings. For example, the noun
face in English referred to “body part” earlier but later extended to “facial expression” and “front surface of an object” (from Historical Thesaurus of English) . Similarly,
the verb store progressively took on emerging items like
food, electricity, and password as its noun arguments over
the past centuries (see Figure 1). C. S. Lewis vividly pictured word meaning extension as “a tree throwing out new
branches”, a historical process he referred to as “ramification” (Lewis, 1990). Wittgenstein also described the ramification of this process as “family resemblance”: how a word
embraces a polysemous set of meanings forming “a complicated network of similarities overlapping and crisscrossing” (Wittgenstein, 1953). More generally, linguists have
suggested that language change results from a functional need
for maximizing communicative expressivity under minimum
effort (Jespersen, 1959; Blank, 2013). Indeed, recent work
offered empirical support to this view suggesting that word
meaning extension is a dominant strategy for maintaining expressivity of the lexicon toward emerging meanings while
keeping it compact (Ramiro, Srinivasan, Malt, & Xu, 2018).
What are the cognitive mechanisms that support the flexible
construction of novel word meanings over time? Here we investigate this question in a formal framework that explores
the processes of word meaning extension through the lens of
cognitive efficiency.

7.5
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A prominent view on the process of word meaning extension originates from scholars in cognitive linguistics and psychology. By this view, word meanings extend via a process of
chaining, whereby new items tend to link to existing meanings of a word when they are proximal in semantic space,
resulting in chain-like structures over time (Lakoff, 1987;
Malt, Sloman, Gennari, Shi, & Wang, 1999; Hilpert, 2008).
Recent work has extended this view and developed formal
models of chaining to explain the historical extension of container names (Sloman, Malt, & Fridman, 2001; Xu, Regier,
& Malt, 2016), numeral classifiers (Habibi, Kemp, & Xu,
2020), adjectives (Grewal & Xu, 2021), verb frames (Yu &
Xu, 2021), informal word usages (Sun, Zemel, & Xu, 2021),
and word senses in general (Ramiro et al., 2018). All of these
studies have focused on two main types of chaining mechanism, grounded typically either in the tradition of a prototype model which assumes that each lexical category is represented by a central prototype (Reed, 1972; Rosch, 1975;
Lakoff, 1987), or in terms of an exemplar-based model which
assumes that each category is represented by its set of exemplars stored in memory (Nosofsky, 1986; Ashby & AlfonsoReese, 1995). Which of these models best describes chaining
has received mixed views, although it has been suggested that
the exemplar-based approach tends to predict historical data
better than the prototype model (Habibi et al., 2020). How-
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(b) Prototype

(c) Infinite mixture (inf-mix)

(d) Accuracy-complexity tradeoff

Figure 2: Illustrations of (a)-(c) models of chaining and (d) how they trade off between representational accuracy and memory
complexity in the process of word meaning extension. The exemplar model yields high representational precision by linking a
novel item (grey dot) to all existing support items (green dots), so it requires high memory complexity. The prototype model
requires low memory by linking the novel item to the prototype (red star), but it tends to be less accurate in representation. The
infinite mixture model trades off between accuracy and complexity by constructing a semantic space that groups similar items
into a sparse set of clusters (dashed circles), and then linking the novel item to the cluster centroids (blue stars).
a lexical category can be modelled as an infinite mixture of
clusters of exemplars (see Figures 2c); critically this clustering scheme can be flexibly adjusted to capture the internal
structure of a category as it assimilates new items (Anderson,
1990; Rosseel, 2002; Vanpaemel, Storms, & Ons, 2005; Griffiths, Canini, Sanborn, & Navarro, 2007). In our case, an infinite mixture approach to chaining can potentially help represent polysemy (Klein & Murphy, 2001; Rodd et al., 2012;
Tuggy, 1993) and complex structures of word meaning over
time beyond the exemplar and prototype models which either
represent word meanings as a set of independent exemplars or
a prototype. Similar views have been proposed in statistical
machine learning often in the tradition of Dirichlet process
(DP) mixture (Ferguson, 1973; Escobar & West, 1995; Allen,
Shelhamer, Shin, & Tenenbaum, 2019) which instantiates a
tradeoff between information loss (in model reconstruction
of data) and complexity (in terms of the number of clusters
inferred by model) (Kulis & Jordan, 2012).

ever, a common assumption in this line of research is that the
prototype and exemplar-based models are adequate to capture
the chaining processes in word meaning extension. Here we
challenge this assumption under the view that mechanisms of
chaining should be assessed under the consideration of cognitive efficiency (Jespersen, 1959)—an important aspect that
has not been explored comprehensively in the existing work.
We define cognitive efficiency in word meaning extension
as processes that operate under two competing constraints
that trade off against each other: representational accuracy
and memory complexity. The prototype and exemplar-based
approaches to chaining described fall under two extremes in
this tradeoff. At one extreme, the exemplar model offers a
highly accurate representation of the mental state of a (lexical) category by storing the past exemplars, and it can therefore predict the state of a new item in relation to all the exemplars from memory (see Figure 2a). In this respect, the exemplar model maximizes representational accuracy but at the
necessary expense of a high memory cost. At the other extreme, the prototype model offers a highly compact representation for a category in terms of a central prototype, and it predicts the state of a new item in relation to that prototype (see
Figure 2b). In this respect, the prototype model minimizes
memory complexity but at the necessary expense of a simplistic if not impoverished representation, hence why it tends
to suffer from inferior predictability in historical word meaning extension (Habibi et al., 2020). This exemplar-prototype
dichotomy can thus be understood as an intrinsic tradeoff
in cognitive efficiency: An accurate model often demands a
high memory load, while a minimum-effort model tends to be
poor in representational precision. The open issue is whether
there are alternative accounts of chaining that near-optimally
achieve cognitive efficiency.

Here we propose a general theoretical framework of chaining that explicitly takes into account how different models
behave on the accuracy-complexity tradeoff plane (see Figures 2d). Our framework relates to a growing body of research suggesting natural language is structured to support
efficient communication that trades off informativeness and
complexity (Kirby, Tamariz, Cornish, & Smith, 2015; Kemp,
Xu, & Regier, 2018; Zaslavsky, Kemp, Regier, & Tishby,
2018; Gibson et al., 2019). However, our study also differs
from this line of work by grounding the temporal mechanisms
of chaining in the notion of cognitive efficiency. Our framework, dubbed infinite mixture chaining (abbreviated as infmix), offers a new way of constructing word meanings dynamically as they emerge through time. It does so by automatically forming semantically related clusters represented
by their centroids for joint memory and representation efficiency. We show that our framework subsumes both prototype and exemplar models under the variation of a single

Research in rational human and machine learning has suggested a third possibility that near-optimally trades off the
two competing dimensions of efficiency. Under this view,
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tradeoff parameter, and the infinite mixture model of chaining
predicts historical data equally well as the exemplar model
while requiring a lower memory complexity. For the scope
of this study, we focus on predicting historical verb meaning
extension as verbs acquire new noun arguments through time,
illustrated in Figure 1.

query noun and a support set can be captured by the semantic distances between the query and a set of cluster centroids
inferred among the support nouns which we denote as Mv,r .

Theoretical framework

t = {µt
t
t
Here Mv,r
v,r,1 , µv,r,2 , ...} is a set of Kv,r cluster cent . In the next section, we show that
troids for support set Sv,r
exemplar chaining is equivalent to the case where each support noun (or exemplar) is in its own cluster; prototype chaining is the case where all support nouns are represented as a
single cluster; and infinite mixture chaining sits in between
these two extremes. We quantify every noun n at a given
time using distributed semantic representation φ(n)t in a high
dimensional space that changes over time (details specified
in the section on diachronic semantic space). Following the
psychological literature (Nosofsky, 1986), we define semantic similarity as the mean negative exponential Euclidean distance between the query noun and the cluster centroids of a
verb-relation category:

Kt

v,r
t
t
)
sim(nq , Sv,r
) = sim(nq , Mv,r
) = sim(nq , {µtv,r,k }k=1

We formulate word meaning extension under a probabilistic
framework by focusing on verbs as an exemplary case, but we
expect this framework to generalize similarly to other word
classes. In the following, we first consider meaning extension
as a temporal prediction problem under the two constraints
of cognitive efficiency. We then show how several classes
of chaining models can be derived from this framework and
describe the diachronic semantic space in which these models
are operationalized.

Problem formulation under efficiency constraints
We define word meaning extension as a temporal inference
problem. Given a word and its current meaning at time t,
we wish to infer which novel items will likely emerge into
that word’s referential range in the near future. In the case of
verb meaning extension, we cast this problem as probabilistic inference over novel verb-noun compositions over time.
Specifically, given a verb v such as store, we ask which noun
arguments can be paired with that verb to form previously
unattested compositions that extend its meaning space, e.g.,
store:“food”→“electricity”→ “password”. Since a verb can
take noun arguments under different syntactic roles (e.g., direct object, or dobj vs. subject), we also constrain syntactic
relation r in predicting verb-noun compositions. Formally,
we consider a verb-relation pair (v, r) (e.g., store in dobj) as a
category denoted by Sv,r , and the temporal inference problem
is equivalent to predicting the probability of any query noun
nq to emerge in that category at a future time. We focus on
predicting nq ’s that have not yet appeared as noun arguments
for a given verb, i.e., novel verb-noun compositions. For instance, the category “store in dobj” may have been attested to
pair with the noun food up to time t, but predicted to extend
toward new nouns such as information later.
Given a list of previously unattested query noun arguments
t at time t, our framework infers which nouns will be
nq ∈ Qv,r
appropriate arguments for verb v under syntactic relation r at
time t + ∆ where ∆ is an increment in time:
t
t
p(nq |v, r)t+∆ = p(nq |Sv,r
) ∝ sim(nq , Sv,r
)

(2)

Kt

t
sim(nq , Mv,r
)=

1 v,r
exp(−∥φ(nq )t − µtv,r,k ∥2 )
t ∑
Kv,r
k=1

(3)

We allow the number of cluster centroids to flexibly vary
over time (as a verb encounters new nouns), which is inferred and updated based on the internal semantic structure
of a verb-relation category instantiated in terms of its support
nouns. In particular, the semantic clusters inferred within a
category are expected to optimize the following tradeoff between two constraints of efficiency, following work on infinite mixtures from machine learning (Kulis & Jordan, 2012):
t
Kv,r

t
Mv,r

= argminM

∑ ∑t

t
∥φ(ns )t − µtk ∥2 + λKv,r

(4)

k ns ∈Sv,r

The first term on the right of Equation 4 is known as the
information loss, which quantifies how accurately a set of
cluster centroids can represent the full set of support nouns
(e.g., in the exemplar model, representational accuracy is near
ceiling because each exemplar is in its own cluster). The second term measures the memory complexity for storing cluster
centroids (e.g., in the prototype model, memory complexity
for a given word is 1). A single parameter λ controls the
relative weighting between the two constraints. Intuitively,
models with higher values of λ would favor a more parsimonious approach of chaining by inferring as few clusters as
possible (with prototype model at the extreme), while models with smaller values of λ would store as many clusters as
possible to minimize information loss (with exemplar model
at the extreme). Our formulation of the efficiency tradeoff is
also related to the information bottleneck theory of efficient

(1)

t ) is a yet-to-be-specified function (i.e., difHere sim(nq , Sv,r
ferent ways of chaining) that measures the semantic similarity between the query noun and current meaning of the verbrelation category Sv,r at time t. To compute this similarity,
we quantify the semantic proximity between nq and the existing set of noun arguments of Sv,r (i.e., category exemplars).
We refer to this set of nouns as the support set (denoted by
ns ∈ Sv,r ). We assume that the semantic similarity between a
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Verb-relation pair

Decade
1900
1950
1980

Predicate verb

Syntactic relation

drive
work
store

direct object
prepositional object via as
prepositional object via in

Support noun

Query noun

horse, wheel, cart
mechanic, carpenter, scientist
fridge, container, box

car, van
astronaut, programmer
supercomputer

Table 1: Sample entries from Google Syntactic-Ngrams including verb-relation pairs, support and query nouns, and timestamps.
Infinite mixture model (inf-mix). In the intermediate
cases where 0 < λ < ∞, the number of clusters lies between 1
and the support set size |Stv,r | and can be inferred using a deterministic algorithm called DP-Means (Kulis & Jordan, 2012).
This is a nonparametric variation of the well-known K-means
clustering algorithm in unsupervised learning (Hartigan &
t would then be the mean
Wong, 1979). The centroids Mv,r
vector representation of the support arguments within each
cluster. Figure 2 illustrates the different classes of chaining model in the computation of p(nq |v, r). Theoretically,
it can be shown that the infinite mixture chaining model is
equivalent to the asymptotic case of a Dirichlet Process Gaussian Mixture Model (DPGMM) (Görür & Rasmussen, 2010)
with the variance parameter of the Gaussian likelihood function shrunk toward 0 (Kulis & Jordan, 2012). However, in a
fully Bayesian DPGMM, the mixture centroids µk become latent variables and need to be inferred via posterior sampling,
which requires storing all support noun arguments and is
computationally prohibitive. Our framework bypasses these
issues of DPGMM and is more computationally tractable.

communication, which assumes that word meanings are organized under the tradeoff between reconstruction accuracy
and complexity (Tishby, Pereira, & Bialek, 2000; Zaslavsky
et al., 2018). However, a crucial distinction is that here our
emphasis is in model inference of newly emerging meanings
for individual words rather than (synchronic or retro) construction of a semantic system.

Classes of chaining model
The efficiency formulation in Equation 4 helps derive several
classes of chaining model from the literature and anew, and
we show that our framework subsumes these classes.
Exemplar-based models. In the case where the tradeoff
parameter λ → 0, the model ignores the memory constraint
and stores every support noun argument ns as a single cluster
to achieve zero information loss. The inf-mix model therefore
boils down to the exemplar model of chaining:
p(nq |v, r)t+∆ ∝

1
exp(−∥φ(nq )t − φ(ns )t ∥2 )
|Stv,r | ns∑
t
∈S

(5)

v,r

Diachronic semantic space
The literature has also suggested that a variant of
the exemplar model, particularly 1-nearest-neighbor (1nn)
chaining, has been effective in predicting emergent word
senses (Ramiro et al., 2018). If we adjust the inference procedure by considering only one support noun closest to the
query noun (in semantic space) instead of all the support
nouns, we can easily derive the 1nn chaining model:

The chaining models described need to be operationalized
in a time-varying semantic space so that information about
future verb-noun usages should be minimally smuggled into
prediction at current time points. We use Word2Vec-based
representations commonly used in natural language processing for distributed semantics (Mikolov, Sutskever, Chen, Corrado, & Dean, 2013). Note that word co-occurrence distributions are constantly changing and therefore the semantic
space needs to be updated to capture information only up to
time t. For this reason, we use the 300-d HistWords pretrained diachronic embeddings (Hamilton, Leskovec, & Jurafsky, 2016), where the embedding for each noun at decade
t is based solely on its co-occurrence statistics from the current decade, while the future co-occurrences are not embedded. Other studies have explored multimodal representations
of word meaning beyond linguistic data (Yu & Xu, 2021),
which can provide alternative semantic representations.

p(nq |v, r)t+∆ ∝ argmaxns ∈Stv,r exp(−∥φ(nq )t − φ(ns )t ∥2 ) (6)
Prototype model. If λ → ∞, the model yields a minimal
memory cost by storing only a single cluster centroid (or the
prototype) for each category, and it therefore converges to the
prototype model:1
p(nq |v, r)t+∆ ∝ exp(−∥φ(nq )t − µtv,r ∥2 )

(7)

Here µtv,r = |S1t | ∑ns ∈Stv,r φ(ns ) is the mean embedding of all
v,r
nouns in a support set.

Data
To evaluate our framework, we collected a large dataset of
historical verb-noun compositions derived from the Google
Syntactic-Ngrams (GSN) English corpus (Lin et al., 2012)
from 1850 to 2000. Table 1 shows sample entries of data

1 Precisely, the inf-mix model will become the prototype model
as long as λ is greater than the maximum pairwise Euclidean distance between any two support noun embeddings.
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prototype
exemplar

which we will make publicly available.2 Specifically, we
collected verb-noun-relation triples (n, v, r)t that co-occur in
the ENGALL subcorpus of GSN over the 150 years. We focused on working with common usages and pruned rare cases
under the following criteria: 1) all noun arguments are extracted from a large vocabulary of words with top-10, 000
noun counts (with POS tag as noun) in GSN over the 150-year
period; 2) all verbs should have at least θv = 20, 000 counts in
GSN. To support feasible computations, we consider the top20 most common syntactic relations in GSN, such as direct
object, direct subject, and relations concerning prepositional
objects. We binned the raw co-occurrence counts by decade
∆ = 10. At each decade, we define emerging noun arguments
for a given verb-relation category (v, r) if their number of cooccurrences with (v, r) up to time t falls below a threshold
θq , while the number of co-occurrences with (v, r) up to time
t + ∆ is above θq (i.e., an emergent usage that conventionalizes over time, as opposed to a spontaneous usage). We define
support nouns as those that co-occurred with (v, r) for more
than θs times before t. We found that θq = 10 and θs = 100
are reasonable choices. This preprocessing pipeline yielded a
total of 8,897 verb-relation pairs over 14 decades, where each
verb-relation category has at least 1 novel query noun and 10
existing support nouns.
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Figure 3: Model accuracy in predicting emerging verb-noun
compositions through time (left panel) and in aggregate (right
panel). The infinite mixture model has λ = 0.24. Error bars
represent the standard deviations of accuracy across decades.

E[predictive accuracy]

0.68

Results
We evaluated different classes of chaining models under variation of the tradeoff parameter λ on predicting emerging verbnoun compositions for the historical period 1850 to 2000. At
every decade, for each verb-relation pair (v, r) with a query
noun nq , we randomly sample 100 alternative noun arguments
from the vocabulary of top-10,000 nouns in GSN that never
appeared with v under relation r in the corpus, and we then
compute the percentage of cases where each chaining model
predicts the true nq over the random noun set as a more appropriate argument. This procedure allows us to assess the
degree to which each class of chaining model can successfully predict novel verb-noun pairings incrementally through
time, and how they fair in the accuracy-complexity tradeoff.
For infinite mixture models with 0 < λ < ∞, we implemented the DP-means clustering algorithm introduced in
Kulis & Jordan (2012) to assign a categorical cluster label for
every noun within the support set of each verb-relation pair,
and take the mean word embeddings of support nouns in each
inferred cluster as centroid to compute the likelihood function
p(nq |v, r). Since Euclidean-distance-based clustering methods such as DP-means tend to degenerate on high dimensional data (due to the curse of dimensionality), we instead
perform DP-means on a 30-dimensional subspace of the HistWords embeddings projected by principal components analysis (PCA). We found that this reduced subspace preserves
well the relative distances between word pairs (explaining
over 80% of variance from the original 300-dimensional data)
and yields reasonable clustering results. During prediction,

0.5 0.44 0.36

0.28 0.24

0.18 0.14 0.1

0.0

0.67
0.66

prototype
exemplar
inf-mix
other models

0.65
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0.63

0
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6

E[log2(# clusters)]
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Figure 4: Predictive accuracy (averaged over 150 years) and
memory complexity (mean number of clusters per word used
in prediction). The gray dots show the spectrum of infinite
mixture models under different λ values. The left end (red
dot) of the x-axis corresponds to the prototype model with
λ ≥ 0.5. The right end (green dot) of the x-axis corresponds
to the exemplar model with λ = 0. The blue dot corresponds
to the infinite mixture model with inferred optimal λ value.
we use the full HistWords embeddings by computing centroids using clustering labels computed on the PCA subspace.
Temporal prediction of verb-noun compositions. We
found that when λ = 0.24, the inf-mix model yields most
well-defined clustering overall measured by the standard Silhouette score for unsupervised clustering.3 We therefore
evaluate this model on its predictive accuracy by-decade and
aggregate predictive accuracy, along with the other competing
models. We also consider two baseline models: a frequency
baseline that always favors the noun with the highest usage
frequency in GSN up to the decade in question, and a random baseline. Figure 3 summarizes the results. We observe
3 We took the averaged Silhouette score over clustering of all support sets across all decades, and found that the inf-mix model with
λ = 0.24 yields the highest mean Silhouette score.

2 https://github.com/jadeleiyu/inf-mix-chaining
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(b) t = 1980

Dimension 2

Dimension 2

(a) t = 1900

corn, flour, wheat
earth, wood, lumber

Dimension 1
acid, moisture, oxygen
knowledge, word, memory

Dimension 1
bean, honey, meat
glucose, dopamine, vitamin
cotton, tobacco, tea
aid, cash, money
heat, hydrogen, tension
image, digit, program
key, list, data

Figure 5: Low-dimensional visualizations of historical meaning extension for the verb frame store in (noun) from 1900s (left)
to 1980s (right) via t-SNE projection. The dots correspond to word embeddings of noun arguments grouped in clusters inferred
by the infinite mixture chaining model. Legends show 3 representative nouns closest to their cluster centroids for each cluster.
spanned by support nouns in 1900s and 1980s respectively,
projected on a 2D plane using the t-distributed Stochastic
Neighbor Embedding (Van der Maaten & Hinton, 2008). The
model identifies 4 clusters of semantically related store-able
nouns in 1900s and 7 clusters in 1980s, most representative
noun arguments for which are shown in the legends of Figure 5. To track how these the meaning clusters change over
time, we mark a pair of clusters across the two decades with
the same color if they share the highest number of overlapping support arguments. For instance, the cluster with arguments bean, honey, meat in 1980s is colored in blue, since it
shares the most support nouns with the corn, flour,wheat cluster at 1900s. The three clusters in 1980s with distinct colors
(marked in olive, cyan and black) can be considered as novel
senses that the verb category acquired during the 20th century. We found that the infinite mixture model not only infers
consistent noun clusters across time by adding semantically
related novel nouns to the existing clusters (e.g., assigning
words like key, data to the red cluster denoting abstract concepts related to knowledge and mind), but also detects novel
word senses by growing clusters that contain those emerging concepts (e.g., the olive cluster of biology terms, and the
black cluster that contains information technology terms).

that among all the models examined, the infinite mixture and
exemplar models yielded near-equivalent predictive accuracy
and are superior than the alternatives. The prototype and 1nn
models perform better than the two baselines, but they are
much worse than the top 2 models. These initial results show
that the infinite mixture model is on par with the exemplar
model in predicting historical verb extension, the latter being
the dominantly performing model as reported in recent work
of chaining (Habibi et al., 2020; Yu & Xu, 2021). We next
assess whether how the infinite mixture model fairs against
the exemplar model in memory complexity and efficiency.
The accuracy-complexity tradeoff. To assess the efficiency of different chaining models, we computed the expected predictive accuracy from the average predictive percentages over all (v, r, nq ) triples in the dataset. We also measured memory complexity by computing the expected number of cluster centroids inferred for every set of support noun
arguments at each decade. We focus on comparing the infinite mixture model with the two most representative models of chaining, prototype and exemplar. We also incrementally vary λ to assess a large set of other alternative classes of
chaining beyond the three target models. Figure 4 shows the
results which indicate that 1) by sweeping λ from 0 toward ∞
(in this case λ ≥ 0.5 suffices), the predictive accuracy drops
only slightly from the exemplar model to the infinite mixture
model (λ = 0.24) but substantially to the prototype model—
this finding confirms with our previous analysis, that the infinite mixture model predicts on par with the exemplar model;
and 2) the marginal gain on accuracy of the exemplar model
comes at a high cost in memory complexity: compared to the
infinite-mixture model, it requires over 25 -fold more storage
of cluster centroids to achieve a gain of <0.01 in predictive
accuracy. Overall, the infinite mixture model achieves a better balance between precision and memory.
Interpretation. We interpret the semantic clusters learned
by the infinite mixture model using verb category store in
dobj as an example. Figure 5 illustrates its meaning space

Conclusion
We have presented a unified framework of semantic chaining, examined through a large dataset of historical verb-noun
compositions. We show how existing accounts of chaining
fall under this coherent framework governed by a tradeoff
parameter that modulates the competing constraints of representational accuracy and memory complexity. The infinite mixture model predicts emergent verb-noun compositions equally well as the exemplar model but at a lower memory cost. Our work suggests that word meanings are constructed over time in cognitively efficient ways and builds the
first link among theories of chaining, efficiency of natural language, and rational models of human and machine learning.
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Abstract
The free recall of triadic comparisons, a task used in clinical
settings, presents a unique analysis challenge for many memory models, because learning occurs incidentally and items are
presented multiple times in triads. To account for this design,
we extend the SIMPLE (Brown et al., 2007) model of memory,
which assumes to-be-remembered items are stored as separate
logarithmically-compressed temporal traces. The ability to retrieve these traces depends on the acuity of memory probes and
the semantic similarity between the items represented by the
traces. We applied this model to a real-world clinical data set
including healthy controls, people with mild cognitive impairment (MCI), and people with Alzheimer’s dementia. We found
that people with MCI had lower acuity than healthy controls,
but both groups placed roughly equal weight on temporal and
semantic cues. People with dementia had both lower acuity
and placed much more weight on temporal cues than semantic
cues.
Keywords: free recall; triadic comparison; episodic memory;
semantic memory; SIMPLE

Introduction
Within research and clinical settings, a common test of memory is the free recall task (Healey & Kahana, 2014). In the
usual version of this task, a list of to-be-remembered items
is presented to a participant, and they are asked to recall as
many of those items as possible in any order, either immediately or after some delay. While the free recall task is a valuable tool for both basic and applied research, the design of
the task may seem somewhat artificial. In everyday life, there
are only some situations in which someone needs to memorize a clear-cut list of items. More often, learning occurs
incidentally; people encounter information that they need to
remember while accomplishing other unrelated tasks. As an
example, consider how people remember which food items to
buy when they go shopping. Sometimes, this may be based
on recalling a sequential prepared shopping list of required
items, consistent with the rote learning of a study list in a standard memory experiment. More often, people have to recall
what grocery items to buy from the act of cooking, where ingredients are encountered repeatedly and inter-mingled over
many episodes. While preparing a meal, if someone goes to
look for oregano in their pantry and sees that they have run
out, they must simultaneously think of a substitute ingredient while also remembering to pick up more oregano the next
time they are at the store. Once at the store, selecting a jar of
oregano can be a memory cue itself for other spices that need
to be replenished.
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In this project, we examine the results of a triadic-recall
task, an incidental learning task that is one component of
the Mild Cognitive Impairment Screen (MCIS: Shankle et al.,
2009), a diagnostic tool for cognitive impairment associated
with Alzheimer’s disease. In this task, items are presented
multiple times and occur in groups of three. Importantly,
these items are encountered as part of a separate choice task
and participants are unaware that they will be asked to recall
them at a later time. We compare the memory performance of
healthy controls against patients with mild cognitive impairment (MCI) and Alzheimer’s patients with moderately severe
dementia.
An important step to understanding any cognitive capability is to develop models of people’s behavior. However,
the design of the triadic-recall task creates complications that
are not addressed by most traditional memory models. One
model that potentially allows for the required flexibility in
modeling the complicated pattern of stimulus encounters is
the Scale-Independent Memory, Perception, and LEarning
model (SIMPLE: Brown et al., 2007). When applied to standard study-test free recall tasks, SIMPLE assumes that each
study item is stored as a separate memory trace, and these
traces are logarithmically compressed along a dimension of
time within psychological space. This logarithmic compression naturally allows for common observations in free recall,
such as primacy and recency. SIMPLE also allows for traces
to differ on multiple dimensions, and we use this component
of the model to allow for the influence of semantic similarity
as well as temporal similarity of the memory traces. While
the standard version of SIMPLE does not explicitly incorporate mechanisms such as rehearsal or item repetition, it can
easily be extended by storing each repeated encounter with a
study item as a separate memory trace.
In this paper we develop an extended version of the SIMPLE model and demonstrate its ability to account for free recall behavior in the triadic-recall task by applying it to a realworld clinical data set. In the next section, we describe the
data set and the tasks used in this project. Then we describe
our extension to the SIMPLE model and how we account for
the design of the triadic-recall task. We use a hierarchical
Bayesian design and compare memory performance across
three groups of people: healthy controls, patients with MCI,
and patients with moderately severe Alzheimer’s dementia.
We find that as impairment increases, not only does accuracy

In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).
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Figure 1: Probability of item recall as a function of their encounters. (left panel) There is no evidence for primacy effects
for any group – An animal name that appeared for the first time early in the triadic comparison task was no more likely to be
recalled as an animal name that appeared for the first time later in the task. (middle panel) There is modest evidence of recency
effects for all groups – An animal that appeared for the last time later on in the triadic comparison task was more likely to be
recalled than an animal that appeared for the last time earlier in the task. (right panel) The more often an item was encountered
during the study phase, and chosen as the odd one out, the more likely that animal name was to be recalled.
trol group shows no functional cognitive impairment, while
patients in the MCI group are beginning to show objective deficits in accomplishing more complex tasks, such
as managing finances (Reisberg, 1988). The patients with
Alzheimer’s disease have been diagnosed with moderately severe dementia and are beginning to show difficulty accomplishing tasks from the Activities of Daily Living (ADLs:
Katz et al., 1963), such as dressing, bathing, and grooming.
The full data set contains 398 tests completed by healthy controls, 3808 completed by patients with MCI, and 1154 completed by patients with dementia. We intended to randomly
sample 100 tests from each of the three groups to analyze for
this project, but due to a coding error sampled 102 tests in the
MCI group. The 100 healthy controls (56% female, mean age
75 years) recalled an average of 7.4 animals, with individuals
recalling a minimum of 1 animal name and a maximum of all
9. The 102 MCI (65% female, mean age 76 years) and 100
dementia patients (49% female, mean age 75 years) spanned
the full range between no animals and all of the animals being
recalled, but with a difference in the mean number recalled of
6.3 and 2.0 respectively.

of recall decrease, but patients come to rely more on temporal context to the exclusion of using semantic similarity of the
items as cues.

Behavioral Data
We use data from the MCIS administered at a clinic specializing in neurodegenerative disorders. This screening tool is
used as part of a routine assessment of Alzheimer’s patients
and their caregivers and includes a task that requires an oddone-out triadic comparison of animal names, followed by an
unexpected free recall task of those animal names. The triadic
comparison task uses 21 animal names as stimuli: antelope,
beaver, camel, cat, chimpanzee, chipmunk, cow, deer, dog,
elephant, giraffe, goat, gorilla, horse, lion, monkey, rabbit,
rat, sheep, tiger, and zebra. In accordance with a balanced incomplete block design (Burton & Nerlove, 1976), nine animal
names are drawn from the pool of 21 animal names for each
patient, and each of the selected animals is presented verbally
in a triad with every other animal over the course of 12 trials.
For each triad, the patient must choose which animal is least
like the other two. For example, someone presented with the
words “cow”, “elephant”, and “giraffe”, might choose “cow”
as the odd one out. There is no correct answer for this task,
and so the clinician does not offer any feedback after each
choice. After a delay during which people complete other unrelated tasks, there is an unexpected free recall task of these
animal names. The instructions are to try to recall as many of
the animal names as possible, in any order.
For the present study, we examined the results of the
MCIS for three groups of people: healthy controls, patients
with MCI, and patients with Alzheimer’s disease. The con-

In an initial analysis of the data, we looked for regularities commonly found in free recall data, such as effects of
primacy and recency. Primacy is an advantage to recall for
items occurring at the beginning of a list, while recency is
an advantage to recall for items presented at the end of a list
(Murdock, 1962). The left panel of Figure 1 shows no evidence of a primacy effect for any of the three groups. An
animal name may be encountered for the first time in triads 1
through 9, according to the test design. As each animal name
appears in a total of 4 triads, it cannot appear for the first time
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in triads 10 through 12. Here we can see that an animal name
that appeared for the first time early in the triadic comparison task was no more likely to be recalled as an animal name
that appeared for the first time later in the task. In the middle
panel of Figure 1, there is modest evidence of a recency effect
for all three groups. An animal name may be encountered for
the last time in triads 4 through 12. As each animal name appears in a total of 4 triads, it cannot appear for the last time in
triads 1 through 3. An animal that appeared for the last time
later in the triadic comparison task was more likely to be recalled than an animal that appeared for the last time earlier
in the task. These findings are consistent with other research
involving incidental learning in which effects of recency but
not primacy were found in surprise free recall (Marshall &
Werder, 1972).
Another common finding in memory research is that the
probability of item recall increases when that item is repeated
during study (see Toppino & Gerbier, 2014, for a review).
Following the presentation of each triad, the patient must
make an odd-one-out choice. Therefore, through the entirety
of the triadic comparison task, someone may encounter an
animal name a minimum of 4 (i.e., the animal name was only
ever said by the clinician and was never chosen as the oddone-out) to 8 times (i.e., the animal name was chosen as the
odd one out in every triad in which it appeared). In the right
panel of Figure 1 it is clear that the more study encounters
someone had with an animal name—in other words, the more
often that item was chosen as the odd one out—the more
likely that animal name was to be recalled.

from each other is a function of the ratio of their distances
from the time of retrieval. Finally, the probability of retrieval
of a specific memory trace is an increasing function of that
trace’s discriminability over the total discriminability of the
other traces in psychological space.
As an example, consider Figure 2. The top panel contains
a one-dimensional depiction of the triadic comparison task as
it is completed in real time. Each colored tick mark represents an encounter with an animal name, either as part of a
triad read out loud by the clinician or the odd-one-out choice
made by the participant. Here we assume that the clinician
reads out loud animal names at a rate of 1 per second and
the participant responds with their odd-one-out choice within
2 seconds. In this example, the most recently presented animal triad (A) was “deer”, “zebra”, and “giraffe”. The participant’s odd-one-out choice (B) for this triad was “giraffe”.
Following a retention interval (C), the participant must recall
as many of the animal names as possible, in any order. The
bottom panel of Figure 2 depicts how SIMPLE represents the
memory traces in psychological space after logarithmic compression. The ability to recall an animal name, such as the
word “giraffe”, will depend on how easily discriminable that
memory trace is from others within this psychological space.
This figure shows the influence of time on memory recall,
but other factors, such as the similarity between items, are
assumed also to be able to affect recall. In free recall tasks
in particular, people tend to recall items in clusters of semantic similarity (Bousfield, 1953; Romney et al., 1993). Within
SIMPLE, the psychological space can be expanded to have
both temporal and semantic dimensions, with some weight
given to each. The distance in this two-dimensional space is
then used to determine the discriminability between traces.
To allow the effect of semantic similarity to be considered,
we retrieved the pairwise semantic similarity of the 21 animal names from Westfall & Lee (2021).1 Pairwise similarity
values ranged from 0 to 1, with each animal having maximal
similarity with itself.

An Extension of the SIMPLE Model
For the purposes of the cognitive assessment, the triadic comparison task acts as the study phase for the surprise free recall
task. However, the design of this task is very different from
the standard study phase of a typical free recall task. Words
are presented in triads, and each word is repeated a total of
four times so that it appears exactly once in a triad with every
other word. Ideally, an appropriate model of free recall for
this data set would need to be able to account for some recency effects, attenuated primacy effects, and allow for variable repetition of items at study. As people make odd-one-out
judgments, they say their choice out loud, and choosing an
animal as the odd-one-out may have some effect on whether
that animal is later successfully recalled.
As mentioned above, the SIMPLE model of memory may
be able to handle these difficulties. In SIMPLE, each encounter with a study item is stored as a separate memory
trace. SIMPLE emphasizes the effect of elapsed time on free
recall and has four basic assumptions. First, each memory
trace is represented in psychological space along a time dimension, beginning at retrieval and going back in time; this
time dimension is logarithmically compressed. Second, a
memory trace is easier to retrieve to the extent that it is more
easily discriminated from other traces within psychological
space. Third, the temporal discriminability of memory traces

Model description
The temporal similarity of two memory traces is a function
of their separation in time and the acuity with which they are
accessed. Formally, the temporal distance ηi j between two
memory traces i and j, encountered at times Ti and T j relative
to the time of retrieval is represented as,

ηi j = exp −λ ln(Ti ) − ln(T j ) ,

(1)

which incorporates the key logarithmic compression assumption. The parameter λ > 0 is a temporal distinctiveness parameter, representing a participant’s memory acuity. The temporal discriminability of an item i, with trace Ti , relative to a
1 The

similarity between two animal names was calculated as the
proportion of choices for healthy controls when both animals appeared together in a triad and neither one was chosen as the odd one
out.

500

Recall

(B)

animal

||| | ||| | ||| | ||| | ||| | ||| | ||| | ||| | ||| | ||| | ||| | ||| |
Temporal Distance

(A)

(A)

|
|
|
|
|
|
|
|
|

(C)

(C)

|||||||||||||||||||||||||| ||| | ||| | | | | | | | |

|
(B)

Log Temporal Distance

cat
cow
deer
giraffe
goat
lion
monkey
sheep
zebra

Figure 2: An illustration of the triadic comparison task. In both panels, the task begins on the left side, and each tick on the
timeline represents an encounter with an animal name. In this example, the most recently presented triad (A) was “deer”,
“zebra”, and “giraffe”. The patient’s odd-one-out choice (B) for this triad was “giraffe”. After the retention interval (C),
a surprise free recall task is presented. The top panel represents the distance in real time, while the bottom panel shows
SIMPLE’s logarithmically compressed time dimension within psychological space.
probe j, aiming to retrieve the item with trace T j , is then calculated as
ηi j
.
(2)
πTij = n
∑k=1 ηik

This extension, however, is straightforward. The probability
that animal a will be recalled is naturally measured as the
probability that at least one trace representing that animal is
retrieved. That probability is given by

The pairwise semantic similarity of the two traces, πSij , is incorporated into the model via a weighting parameter ω, which
determines the relative importance of temporal versus semantic similarity to the overall evaluation of similarity of the two
traces,
πi j = ωπTij + (1 − ω) πSij .
(3)

n

θa = 1 − ∏ 1 − θTi

1
,
1 + exp [−β (πi j − τ)]

(6)

i=1

where zia = 1 if animal a occurred in trace i, and zia = 0 otherwise.

Application to Clinical Data

The SIMPLE model transforms the retrieval probabilities via
a logistic function,
π∗i j =

zia

For the triadic-recall task, the behavioral data take the form
y pa = 1 if patient p recalled animal a and y pa = 0 if they did
not. For each patient, this probability is given by Equation 6
in the basic model above, based on individual-specific parameters for their temporal acuity λ p , temporal versus semantic
weighting ω p , threshold noise β p , and threshold τ p .
We assume that the two parameters corresponding to the
structure of memory vary according to the level of impairment of each patient. Based on our previous work (Westfall &
Lee, 2021), we do not expect the structure of semantic memory to differ by cognitive impairment. In other words, we
expect the access to semantic information to differ by cognitive impairment, but we do not expect the semantic distance
itself to differ among groups. Accordingly, we use a hierarg
g
chical model with group means µλ and µω and standard deg
g
viations σλ and σω , where g is the indicator for the healthy,
MCI, or dementia group. Individual patient parameter values
are modeled as
1 
g
λ p ∼ Gaussian+ µλ , g 2
σλ
1 
g
ω p ∼ Gaussian(0,1) µω , g 2 ,
(7)
σω

(4)

where π∗i j represents the probability that probe j will yield
trace i. This function serves as a mechanism to allow for
study words to be omitted at test. Parameter τ ∈ (0, 1) is
the threshold value, above which a trace is successfully retrieved. Parameter β > 0 represents the scale, or the noisiness
of the threshold value. A large β value would indicate that all
traces above the threshold are retrieved and all traces below
the threshold are not, whereas a smaller β value indicates a
more gradual transition from low to high retrieval probabilities. Following the correction noted by Lee & Pooley (2013),
the probability that a trace i will be retrieved at least once is
calculated as
n

θTi = 1 − ∏ 1 − π∗i j .
(5)
j=1

Previous applications of SIMPLE have not considered the
possibility of multiple traces representing the same item, as
happens for the animal names in the triadic comparison task.
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depending on their group.2 In contrast, we assume that the
thresholding mechanism does not change with impairment,
so that there are single means µβ and µτ and standard deviations σβ and στ . This assumption focuses the explanation of
changes in free recall performance on the acuity of memory
and the use of semantic information, while still allowing for
individual differences in the thresholding mechanism, with

participant p recalls animal a, so that the behavioral data are
modeled as

y pa ∼ Bernoulli θ pa .
(9)
We implemented the model in JAGS (Plummer, 2003),
which provides a high-level scripting language for implementing probabilistic models using Markov-chain Monte
Carlo sampling methods (Lee & Wagenmakers, 2013). The
results are based on 6 chains of 2000 posterior samples collected after 2000 discarded burn-in samples. We assessed
convergence of chains by visual inspection and through the
R̂ statistic (Brooks & Gelman, 1998).

1
σ2β

βp

∼ Gaussian+ µβ ,

τp

∼ Gaussian(0,1) µτ .

1
.
σ2τ

(8)

Results

The triadic-recall task involves 48 memory traces. There
are three animals presented per triad, plus the animal given
in answer to the odd-one-out question, over a sequence of 12
triads. Consistent with the timing of the administration of the
task, we use a one second gap between the presentation of
the three animals on each triad, a two second delay before the
answer, and a ten second delay between triads. We also use
a one-minute delay before the delayed free recall task begins.
These assumptions specify the 48 Ti trace values as 218, 217,
216, 214, 204, 203, 202, 200, . . ., 64, 63, 62, 60. Consistent
with previous applications of the SIMPLE model, we also
assume that retrieval involves probing all 48 memory traces.
Our model is completed by placing priors on the parameters. Following the idea that priors should capture theoretical
assumptions related to parameter values (Lee & Vanpaemel,
g
2018), we choose a uniform prior for the µλ parameters based
on the timing of the traces just specified. In particular we
bound the value to be above the minimum required to ensure that the two temporally closest traces also have temporal similarity of at least 0.5 and bound the value below so
that the two most temporally distant traces have similarity
below 0.5. These prior constraints formalize the theoretical assumption that recall is not based on pure rote learning,
but involves generalization, and that probing memory produces some level of meaningful signal rather than activating
all possible traces. For our Ti values this leads to the prior
g
g
µλ ∼ uniform 1/2, 150 . The priors on µω and µτ are natu

rally set as uniform 0, 1 and we set µβ ∼ uniform 0, 50 to
allow for both very noisy and very precise thresholds. We set
uniform priors on the standard deviations over a large range
of plausible values (Gelman, 2006).
Given these assumptions, the model also assumes that every stimulus encounter acts as a probe. For each of these
probes, the temporal similarity between a probe and all the
traces is calculated using Equation 1. The temporal discriminability, overall similarity incorporating semantic information, and probability of trace retrieval then follow from Equations 2–4, using the individual-specific parameter values. Finally, the application of Equation 6 gives θ pa , the probability

Descriptive Adequacy
We evaluated the descriptive adequacy of the model by comparing the model-described probability of recall to the actual
rate of recall observed in the data. This is shown in the lowerright panel of Figure 3. The dashed diagonal line in the figure
indicates the model-described probabilities of recall matching the probabilities observed in the data (e.g., among the
animal names for which the model gave a 70% probability
of recall, 70% were in fact recalled). The data are binned
into deciles, and error bars represent the standard error of the
mean of the proportions. While there is some small discrepancy, the model generally describes the data well.

Modeling Results
The modeling results for µβ and µτ are presented in the upperright panel of Figure 3. The value of the threshold parameter
µτ is near 1.0, and this high threshold indicates that recall was
only possible for animal names whose retrieval probabilities
were high. The noise parameter µβ had more moderate values, indicating a gradual and somewhat noisy transition from
low to high retrieval probabilities.
The most important results are for the µλ and µω parameters, since they detail how memory acuity and the use of
semantic similarity change between the groups. These inferences are presented in the larger left panel of Figure 3. Here
we can see results for each of the healthy, MCI, and dementia groups. As impairment increases, the distributions for µλ
move towards smaller values, indicating decreased temporal
distinctiveness among the memory traces, and greater confusability overall. The weight parameter µω indicates how
much weight is placed on temporal versus semantic similarity when attempting to recall words. A µω of 0.5 can be interpreted to mean approximately equal weight is placed on
temporal and semantic cues at retrieval. As groups become
more impaired, the distributions for µω approach larger values, indicating that people with greater cognitive impairment
rely more on cues of temporal similarity than semantic similarity relative to healthy controls.
Overall, these findings suggest that as impairment increases, the temporal distinctiveness of memory traces decreases. The use of semantic similarities also decreases with

2 Note that we parameterize the Gaussian distribution in terms of
its mean and precision, consistent with the JAGS software we use to
implement the models.
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Figure 3: Modeling results. (left panel) The joint and marginal posterior distributions for temporal distinctiveness µλ and
temporal weight µω indicate that as impairment increases, the temporal distinctiveness of memory traces decreases and people
rely more on cues of temporal similarity than semantic similarity. (top right panel) People had a relatively high threshold µτ and
a noise µβ that indicated a more gradual change from low to high recall probabilities. (bottom right panel) The model-described
probability of recall as compared to the probability of recall in the data indicates the model is descriptively adequate.
impairment, perhaps because of a loss of access to the relevant semantic information (Westfall & Lee, 2021). Healthy
controls give significant emphasis to semantic similarity, consistent with previous research stating that in free recall, people tend to recall items in semantically related clusters both
within and between categories (Bousfield, 1953; Romney et
al., 1993). The loss of both memory acuity and access to
useful semantics jointly seem to cause the worsening recall
performance, particularly for patients in the dementia group.

ical implications. The standard SIMPLE model does not incorporate item repetition, but repetition is an essential component of the triadic comparison task. We accounted for the
repetition of items on recall by storing each encounter with
an item as a separate memory trace. This extension of the
model allowed for improved recall for items that were encountered more frequently and therefore were associated with
more memory traces. Our model thus provided an example of how free recall can be predicted when stimuli are encountered in more complicated ways than standard study-test
designs. Furthermore, the use of cognitive models to measure latent variables affords a more complete understanding
of how memory changes with cognitive impairment, over and
above more basic measurements such as recall accuracy.

Conclusion
In this project we extended the SIMPLE model to account for
the free recall of animal names learned incidentally during a
triadic comparison task in a real-world clinical data set. We
found that cognitively healthy people had higher values of
acuity or temporal distinctiveness overall and placed roughly
equal weight on temporal cues and semantic similarity. Patients with MCI had relatively lower values for acuity, but
also tended to put roughly equal weight on temporal and semantic cues. Patients with Alzheimer’s dementia had both
lower memory acuity and placed much more weight on temporal cues than semantic cues.
The results of this project suggest both theoretical and clin-
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Abstract

More recently, Krotov and Hopfield presented Modern HNs, or Dense Associative Memory (DAM) models,
which are HNs that use polynomials as the interaction
function in the energy (Krotov & Hopfield, 2016). They
showed that using F(x) = xn increased the storage capacity to d n−1 for a network with d nodes. They later
showed that these modern HNs are much more robust
to adversarial input (Krotov & Hopfield, 2018). Other
interaction functions have been proposed, but many implementations of HNs are non-biological. First of all, the
connection weights in a HN are assumed to be symmetric; the strengths of two physically different synapses –
say from neuron µ to neuron i, and from i to µ – are equal.
Secondly, many of these modern HNs have many-body
synapses, where the input to a neuron depends on nonlinear combinations of other neurons. For example, if one
uses a quartic interaction function, F(x) = x4 , the inputs
to each neuron will depend on the products of triplets of
neurons. It is unclear how such many-body synapses can
be implemented in a biological neural network.

Modern Hopfield networks (HNs) exhibit properties of a
Content Addressable Memory (CAM) that can store and
retrieve a large number of memories. They also provide a basis for modelling associative memory in humans.
However, the implementation of these networks is often
not biologically plausible as they assume the strengths of
synaptic connections are symmetric, and utilize functions
that rely on many-body synapses. More biologically realistic versions of Modern HNs have been proposed, although these implementations often still utilize the softmax function. Computing the softmax for a single node
requires the knowledge of all other neurons, and thus still
poses a degree of biological implausibility. We present
a Modern HN that uses a version of softmax that can be
computed in a more bio-realistic way, and hence moves us
closer to a model of memory that is biologically sound.
We also show that our proposed network can learn the
connection weights using a local learning rule, derived
from gradient descent on the energy function. Finally, we
verify that our proposed biological network behaves like
a Modern HN and explore some of its other interesting
properties.
Keywords: Neural networks, Hopfield networks, associative memory, content addressable memory, biological
plausibility, attractor networks.

Krotov and Hopfield proposed a model of large associative memory that moves closer to being biologically
plausible by addressing the many-body synapse issue
(Krotov & Hopfield, 2021). Their approach is to couple a
set of Nh “memory” or “hidden” neurons (with input currents hµ ) to the Nv feature neurons (with input currents
vi ). The full network of Nv +Nh neurons forms a bipartite
graph, which behaves like a classifier; each target pattern
in the feature nodes corresponds to a one-hot setting of
the hidden nodes, and vice versa. In these networks, ξ
is a connection-weight matrix in which ξµi represents the
strength of the synapse from feature neuron i to the memory neuron µ. Again, these connections are assumed to
be symmetric, so ξµi = ξiµ . There are no synaptic connections among the hidden neurons, or feature neurons.
The outputs of the feature neurons and memory neurons
are denoted by gi and fµ respectively, which are (nonlinear) functions of their corresponding input currents.
A small example of the network discussed above can be
seen in Figure 1.

Introduction
A Content Addressable Memory (CAM) is a system that
can retrieve a memory (e.g. a pattern) given sufficient
partial or noisy information (part of the memory). Hopfield Networks (HNs) are neural networks that act as
CAMs by learning patterns and retrieving them when
given a partial or perturbed pattern (Hopfield, 1982).
Human memory has some similar properties, often referred to as cued-recall whereby a full memory can be
elicited by partial information (Tulving & Pearlstone,
1966; Earhard, 1967).
HNs are based on an energy function, E, which combines the cost of neurons being active in the network,
and the inconsistency/conflict between connected neurons. This consistency is measured by an interaction
function, F. Traditional HNs use F(x) = x2 as this interaction function. A HN with d nodes (neurons) can recall
approximately 0.138d different patterns; this is called its
storage capacity. A lot of work has been put into increasing the storage capacity of HNs.

However, even in some of Krotov and Hopfield’s neurobiological networks, the outputs of the feature and
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mind, the model can be written as a dynamical system,
Nh
dvi
= ∑ ξiµ fµ − κvi + Ii ,
dt
µ=1

(2)

Nv
dhµ
= ∑ ξµi gi − hµ ,
dt
µ=1

(3)

τv

τh

where κ controls the decay term for the feature neurons,
and Ii denotes the input current to feature neuron i. The
energy function for this model is thus the sum of three
terms: one term for the feature neurons, one term for the
hidden neurons, and one term for the interaction between
the two groups of neurons. Hence, E(t) can we written
"
# "
#

Figure 1: A small example of the biological HN with
Nv = 5 feature neurons and Nh = 11 memory (hidden)
neurons and symmetric synaptic connections between
them (ξµi = ξiµ ). Image taken from (Krotov & Hopfield,
2021).

Nh

Nv

∑ (vi − Ii )gi − Lv

+

i=1

memory neurons (gi and fµ ) still involve “contrastive
normalization”. This means the output of a neuron is normalized with respect to the currents of all other neurons
in the layer (Krotov & Hopfield, 2021). Specifically, the
model we focus on in this paper, the LSE network (corresponding to Model B in (Krotov & Hopfield, 2021)),
involves activation functions of the form gi = vi , and
fµ = Sµ (h) = [Softmax(h)]µ =

ehµ
∑m ehm

∑ hµ f µ − Lh

µ=1

− ∑ fµ ξµi gi .
µ,i

In this LSE network, the Lagrange functions are Lh =
log ∑µ ehµ = LSE(h), and Lv = 12 ∑i v2i , yielding the energy function,
 Nh 

Nv 
1 2
vi − vi Ii + ∑ hµ Sµ (h) − LSE(hµ )
E(t) = ∑
i=1 2
µ=1
− ∑ Sµ (h)ξµi vi .

(4)

µ,i

.

(1)

As the theory of Hopfield networks specifies, the dynamics of the nodes in the network perform gradient descent
on the energy function, so are governed by,

Computing the softmax for a single hidden node requires
knowledge of other hidden neurons, and still poses a degree of biological implausibility.
In this paper, we extend the LSE network presented
by Krotov and Hopfield to incorporate a more biological
implementation of the softmax function, and thus move
even closer to a biologically plausible model of associative memory. In addition, we show that this biological
LSE network can learn the connection weights using a
local learning rule, derived from gradient descent on the
energy function. We then explore and analyze some interesting behaviours of these networks.

τh

(5)

Nv
dhµ
= ∑ ξµi vi − hµ ,
dt
µ=1

(6)

where fµ = Sµ (h) is the softmax, which is the gradient of
LSE(h), and gi = vi is the gradient of Lv . The introduction of the weighting factor β in (5) allows the input to
be turned on or off. The input to the feature neurons, I,
can be ‘turned off’ by setting β = 0. That input can be
‘turned on’ by setting β to be non-zero.
In (5), we see the biologically problematic use of softmax, Sµ (h). The output of hidden node µ depends on all
other hidden nodes.

Mathematical Framework: LSE Network
First, we present the LSE Hopfield network in continuous time as presented in (Krotov & Hopfield, 2020). Recall that the network is made up of Nv feature neurons
(with input currents vi ), and Nh hidden neurons (with input currents hµ ). All feature neurons are connected to
all hidden neurons by symmetric connection weights, so
ξµi = ξiµ . The outputs of the hidden and feature neurons
h
are denoted fµ and gi , respectively, such that fµ = ∂L
∂hµ
v
and gi = ∂L
∂vi , for some Lagrange functions Lh and Lv .
The time constants for the feature and memory neurons
are denoted by τv and τh respectively. With all of this in

Nh
dvi
= (1 − β) ∑ ξiµ Sµ (h) − vi + βIi ,
dt
µ=1

τv

Biological Softmax
We introduce a neural network that computes the softmax function in a more biologically plausible way. This
subnetwork is then combined with Krotov and Hopfield’s
model to enhance its biological plausibility. Recall that
we denote the softmax function by Sµ (h),
Sµ (h) =
2
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ehµ
N
∑ j h eh j

for h ∈ RNh .

r1

h2

r2
log

exp

f2

...

p

hNh

f1

...

ex

log (Sµ (h)) = log

ehµ

h1

...

Notice that computing a single element (i.e. Sµ (h)) requires the input from all Nh elements of h. To be biologically plausible, each neuron’s output must depend only
on its own input. Thus, softmax cannot be computed by
each neuron by itself, but must be implemented by a network of neurons.
First, let us consider log (Sµ (h)):

rNh

fNh

!
b

N

∑ j h eh j
hµ

= log (e ) − log

Nh

!

Figure 2: Biological softmax subnetwork.

hj

∑e
j

= hµ − LSE(h).

tions,

Suppose we have a node (or a collection of neurons), deN
noted b, that stores ∑ j h eh j . Then ,

τs

Next, if we define rµ = hµ − log (b), then we get
log (Sµ (h)) = rµ . Taking the exponential function of both
sides yields,

τh

Sµ (h) = erµ .

Nh

∑ eh j − b

j=1

drµ
τs
= hµ − log (b) − rµ
dt
d fµ
τs
= erµ − fµ ,
dt

Nv
dhµ
= ∑ ξµi vi − hµ .
dt
µ=1

Learning Weights
Consider how we might change ξ to learn a set of target
patterns. In (4), we see that ξ appears only in the last
term of the energy function. Thus, we get

where we have introduced a population of output nodes,
denoted f , and τs is the time constant for computing
softmax. It is straightforward to show that, for fixed h,
the equilibrium solution of this dynamical system yields
fµ = Sµ (h), the softmax function (consistent with (1)).
This biological softmax network is shown in Figure 2.

∂E
= −Sµ (h)vi .
∂ξµi
Collecting all the partial derivatives into a matrix ∇ξ E,
we get
∇ξ E = −S (h) ⊗ v ,

Biological LSE Network
Finally, we combine the LSE and the biological softmax
networks to arrive at the biological LSE network, replacing the softmax function, Sµ (h) in (5) with erµ . This results in the following set of coupled differential equa-

j=1

It is important that the time constant for computing the
softmax function, τs , is smaller than τv and τh ; we need
the softmax network to produce its output quickly so that
the sofmax function appears instantaneous relative to the
rest of the network.
Notice that we avoid the need to model the f nodes
by projecting directly from the r nodes to the v nodes.
Figure 3 shows the network before and after the addition
of the biological softmax subnetwork.

This is similar to the way Bogacz and Gurney use logarithms to do normalization of probabilities (2007). We
can model this biological softmax network as a system
of differential equations,
db
=
dt

Nh

∑ eh j − b

drµ
= hµ − log (b) − rµ
τs
dt
Nh
dvi
τv
= (1 − β) ∑ ξiµ erµ − vi + βIi
dt
µ=1

log (Sµ (h)) = hµ − log (b) .

τs

db
=
dt
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where ⊗ is the outer-product. Gradient descent on ξ then
leads to
dξ
τξ
= S (h) ⊗ v,
(7)
dt
where τξ is a time constant that determines the rate at
which ξ is learned.

Activity of f Neurons

0.30

h
so

ftm

ax

v

(a) LSE Hopfield network using artificial softmax

0.25
0.20
0.15
0.10
0.05
0.00
0.000

v
lo
g

b
exp

0.004

0.006

Time (s)

0.008

0.010

0.008

0.010

(a) Random h

exp

Activity of f Neurons

h

0.002

r

(b) LSE Hopfield network using biological softmax

0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1
0.0
0.000

Figure 3: Krotov and Hopfield’s network (a) before, and
(b) after the addition of the biological softmax subnetwork. Each node represents a population of neurons.
Specifically, the v node represents a population of Nv
neurons, while h and r each represent a population of
Nh neurons. The connection weight matrix is ξ.
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(b) One element of h is larger than the others

Figure 4: Examples of output of the softmax subnetwork.
The plots show the evolution of the fµ nodes, as shown
in Fig. 2. Here, the solid lines represent the activities of
the fµ nodes, with each colour representing a different
node. The horizontal dotted lines show the true values of
softmax(h).

To discourage large connection weights, we add a
penalty term, ∥ξ∥2F , to the energy function in (4), based
on the Frobenius norm of the weight matrix. Gradient descent on that term (with respect to ξ) introduces a weightdecay term,
dξ
τξ
= er ⊗ v − ξ
(7)
dt
where we have replaced S (h) with er .
Thus, if we clamp the feature neurons to their values
for one of the target patterns, and set the hidden neurons
to the corresponding one-hot state, the biological LSE
network is able to learn the connection weights through
(7), instead of having them prescribed a priori. The other
set of connection weights, ξT , are updated using the same
rule. It should be noted, however, that the r nodes are not
local to those connections, so ξT essentially constitutes
weight copying.

and τs = 1 ms. Two example runs are shown in Figure 4.
It is clear that the fµ nodes approach the true softmax
values, and hence the network successfully computes the
softmax of h.

Content Addressable Memory
In this section we look at how the biological LSE network acts as a CAM. Let us start by defining a dataset
of patterns, X, which contains Nh patterns, each with Nv
bits. Ordinarily, the weight matrix ξ is constructed using the target patterns themselves (i.e. ξ = X). However,
we learn the weights using the biological LSE network.
The network acts as a CAM since the feature nodes converge to a target pattern, X[k], given a noisy version of
that pattern. This behaviour is illustrated in the following
experiment.

Behaviours of biological LSE Hopfield
network
Softmax Network
To show that the softmax subnetwork does, indeed, compute the softmax of h, we ran some experiments in which
we held h constant and let the rest of the network (shown
in Fig. 2) run to equilibrium. We used 6 hidden nodes,

0.002
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Convergence to Closest Target: Here we illustrate
that the biological LSE network exhibits the same behaviours as a normal HN. This is done by providing our
network with some random input pattern, I, and showing
that the network converges to the pattern in its memory

feature neuron (v) states

1.00

Bio LSE Hopfield Network State Plot

This experiment demonstrates one of the fundamental
properties of HNs; when given a noisy version of one
of the patterns, the network corrects the perturbed bits
and converges to the closest pattern. This is similar to
how humans can read the word “STRABWERRY” with
ease since our brain automatically corrects it to the word
“STRAWBERRY”, which is stored in our memory.
Thus, we can conclude that the biological LSE network
behaves as a CAM.

0.00 0.25 0.50 0.75 1.00 1.25 1.50 1.75 2.00

Multistability: In this experiment, we illustrate the
multistability of the biological LSE network. First, we
set the network state to one of its target patterns: its feature nodes contain the target pattern, the hidden nodes
are set to the corresponding one-hot state, and the input
is turned off. Let us denote this initial target pattern as k1 .
Then, for a small period of time, from 0.25s-0.5s, the input is turned on. The input pattern, I, is set to a different
target pattern, which we will denote k2 . During that brief
period of time, pattern k2 is fed into the feature nodes,
after which the input is turned off again, from 0.5s-2s.
Figure 6 shows the network starting in pattern k1 . Once
the input is turned on, the network starts to shift toward
the state of pattern k2 . Even after the input is turned back
off, the network continues converging and stabilizes at
pattern k2 ’s state. One way to think of this is that the network is initially “thinking about” the first memory (pattern k1 ), then, prompted by some reminder (the pulse of
input), the network shifts to the second memory (pattern
k2 ).
Again, we want to ensure that this is a consistent behaviour for the biological LSE network. To do so, this
experiment was run 100 times. In each run, a new dataset
of target patterns was created, and the network learned
those new weights. Then the network was initialized
with target k1 , and then provided with a 0.25s-long input
pulse corresponding to a different target, k2 . The network
successfully converged to k2 in 99% of the runs, demonstrating the mulistability of the biological LSE network.
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Figure 5: State plot showing the dynamics of the feature neurons when given a random input pattern. Here,
the solid lines represent the activities of the feature neurons (vi ), with each colour representing a different neuron. The gray shaded region shows when the input was
on.
that is the closest to I. Let X be a dataset of Nh = 20 patterns, each with Nv = 12 bits (1s and −1s). The input, I,
is a random binary pattern. Suppose we compute H (I),
the hamming distance between I and each of the target
patterns, and get

H (I) = [6, 6, 7, 9, 5, 5, 5, 7, 4, 8, 7, 5, 6, 7, 9, 5, 8, 5, 7, 8].
The target pattern closest to the input differs from it by
4 bits. Hence, we would like the network to converge to
this closest pattern. This is indeed what happens, as seen
in Figure 5. For the first second, while the input is on
(shaded grey in the plot), the feature nodes settle to equilibrium values. That equilibrium state does not match
any of the target patterns. But once the input is turned
off (after 1 second), the feature nodes converge to states
corresponding to the closest pattern. It is interesting to
note that when the input is on, the 4 incorrect bits converge to the midpoint between what they are in I and the
closest pattern (0 in this case since the patterns are made
up of 1s and -1s).
To demonstrate that this behaviour occurs consistently,
we ran this experiment 100 times. In each run, a new
dataset of target patterns was created, and the network
learned these weights by the process described above.
Then, with those weights fixed, we initialized all neurons
to random values between 0 and 0.1. The input, I, was
set to a random binary pattern and held ‘on’ for 1s, and
then turned off. Once the input was off, we continued
simulating the network for an additional second to allow
convergence. The run is considered a ‘success’ if the network converged to the pattern with the smallest hamming
distance to I. Out of 100 runs, the network successfully
converged to the closest pattern 94% of the time.

Conclusions
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In this paper we present a more biologically plausible
modern HN. Modern HNs have received attention for
their ability to store a large number of memories and
then recall a memory in its entirety prompted by a subset or perturbed version of it. This is notable since
human memory can operate in a very similar manner,
with memories often being elicited by cues of partial or
noisy information. Nevertheless, these networks are biologically unrealistic for a number of reasons, the most
prominent being the assumption of symmetric connection weights, and the use of functions that require manybody synapses. Although more biological Modern HNs

feature neuron (v) states

1.00

strategies for learning ξT are an interesting area for further development.
Another aspect of the softmax network that might be
biologically questionable is the use of exp and log as activation functions. While these functions might seem unorthodox in the neural-network community, there is no
reason in principle why a neuron could not perform those
transformations, so long as the input currents fall within
a reasonable range. One possible issue that might arise
is if b is small, causing log(b) to be large and negative.
The fact that the log function has a vertical asymptote at
b = 0 suggests that our model is not valid if all the hµ
values are large and negative.
One last factor that is biologically suspicious is the fact
that each target pattern corresponds to the activation of a
single hidden neuron. Such one-hot representations are
not robust, and not observed in real biology. It is interesting to consider if one could instead learn a combinatorial
hidden representation. Of course, such a method would
preclude the need to write a paper on a biological implementation of softmax. But a strategy similar to ours
might be used to enforce some other attractor dynamics.
We leave this as an area for future work.

Bio LSE Hopfield Network State Plot
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Figure 6: State plot showing the dynamics of the feature
neurons when starting in the state of k1 , then switching
to the state corresponding to target k2 after a pulse of input. The solid lines represent the activities of the feature
neurons, with each colour representing a different neuron. The gray shaded region shows when the input was
on.
have been proposed, some still involve “contrastive normalization”, meaning the output of a single neuron is
normalized with respect to all other neurons in that layer.
In Krotov and Hopfield’s LSE network that we focus
on here, the output of the hidden neurons is normalized
according to the softmax function, which requires the
knowledge of other neurons.
We implemented a neural network that computes the
softmax function in a more biologically sound manner.
Introducing this as a subnetwork to the LSE network
overcomes the nonbiological aspects still posed from the
traditional softmax function. Our experiments showed
that this softmax network dependably computes the softmax, and the resulting biological LSE Hopfield network
behaves like a high-capacity Content Addressable Memory.
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Abstract

less marked instances mirrored the constraint ranking from
production; copula absence in more unexpected contexts led
to stronger social penalties for speakers by listeners familiar
with the variety. As another example, Podesva et al. (2015)
observed that the social meaning of /t/-release was amplified
for listeners when they encountered a released /t/ in wordmedial (less common) than word-final (more common)
contexts. Finally, Vaughn (under review) found that the
social effect of hearing -in for -ing (where -in is the marked
form) was stronger when the (ING) word was used as a nounlike form (where -in is less common) than verb-like form
(where -in is more common), as long as the larger
sociostylistic context was congruent with the realization.
These kinds of findings suggest that listeners are sensitive to
the linguistic conditions in which a variant is used, or a
form’s local use (i.e., an (ING) word realized as
-in when used as a noun in a particular sentence, as in “The
fishin was good today”).
Meanwhile, usage-based and exemplar approaches (e.g.,
Bybee, 2006; Pierrehumbert, 2006; see Hay, 2018 for a
review) find that the conditions under which a variant is
typically encountered become a part of the representation of
that variant, and thus become a factor in both production and
perception targets. A form’s use can be influenced by the
typical status of the word containing that form, or its
frequency in favorable contexts (FFC, e.g., Brown &
Raymond, 2012; Bybee, 2002, 2006). Importantly, FFC can
affect a form’s use even when not used in the favorable
context. For example, consonant clusters in English words
that often occur in a favorable phonological or morphological
context for reduction are more likely show reduction, even
when the words do not locally appear in that context (e.g.,
Bybee, 2002; Guy, Hay, & Walker, 2008). These kinds of
findings imply that listeners may also be sensitive to the
typical conditions under which a variant is used across their
prior experience with that variant, or a form’s typical use (i.e.,
an (ING) word realized as -in that is most often used as a noun
across the lexicon, even if not used as a noun in the particular
sentence, as in “She is fishin today”).
Thus, there are multiple types of information that listeners
may incorporate into their probabilistic expectations about a
variable’s realization. Looking specifically at listeners’ social
evaluations of speakers, this paper asks about the nature of
the knowledge that listeners use in making those judgments.
Do listeners’ social evaluations rely on linguistic knowledge
about a form’s local use, typical use, or both?

When socially evaluating a speaker, listeners partially rely on
context-dependent expectations, giving greater social penalties
for using a marked form in a less expected context. The nature
of listeners’ expectations can be based on the context in which
a form is produced in the current utterance (local use), as well
as cumulative information about the context in which a form
tends to be produced (typical use). This paper asks which of
these kinds of expectations about the English sociolinguistic
variable (ING), as in talking vs. talkin, is most relevant to
listeners in making social judgments. Results indicate that
(ING) words’ typical grammatical functions (as a noun vs. a
verb) contributed to social judgments, while the local
grammatical use of (ING) words did not, supporting usagebased theories and raising new questions about the cognitive
mechanisms that underlie social evaluations based on speech.
Keywords: sociolinguistics; social evaluation; usage-based
approaches; exemplar theory; probabilistic conditioning;
cumulative context effects; grammatical constraints

Background
Many interacting factors affect how a speaker is socially
evaluated based on their language use, ranging from
characteristics of the speaker and listener, to constellations of
co-occurring acoustic cues and linguistic variants, to
individual uses of particular linguistic forms, to patterns
among uses of those forms. This paper focuses on what kinds
of linguistic patterns listeners use when socially evaluating a
speaker, specifically listeners’ expectations about the English
sociolinguistic variable (ING), or the alternation between -in
and -ing in words like jumping.
Previous work on (ING) has shown that speakers who use
more marked forms (i.e., -in), tend to be downgraded socially
(e.g., Campbell-Kibler, 2007; Labov et al., 2011). Moreover,
the social and linguistic situation in which a speaker uses that
form can amplify its social effect. That is, the context of a
form’s use factors into what is considered marked (consider
the act of swearing around friends versus in a job interview,
for example). The use of a marked variant in linguistic
contexts where it is more marked (i.e., less attested as
measured by production analyses) strengthens its social
meaning to listeners. For example, copula absence in African
American Language has been shown to probabilistically
follow a constraint hierarchy, where absence tends to occur,
for example, most often prior to “gon” and to occur least
often prior to noun phrases. Bender (2005) found that the
social impact of listeners’ hearing copula absence in more vs.
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described as a module that tracks rates of variant use for
purposes of social evaluation (Labov et al., 2011). However,
none of the studies using this paradigm have considered the
role of linguistic constraints (either local or typical), despite
the fact that those constraints best predict whether -ing or -in
will be used in production. The present study fills this gap by
evaluating whether listeners’ social evaluations of speakers,
across varying rates of -in, are modulated by the local and/or
typical grammatical use of the (ING) word.

(ING)’s grammatical conditioning: Local & typical
The factors that probabilistically predict when an (ING) word
will be realized with -ing vs. -in have been very well
described in decades of sociolinguistic work (Fischer, 1958;
Forrest, 2017; Hazen, 2008; Kendall, 2013; Labov, 1966,
2001). Both social factors (e.g., speaker gender), and
linguistic factors (e.g., phonological and grammatical
factors), have been shown to have an effect, but across studies
the most reliable linguistic predictor of (ING) realization is
the grammatical category of the (ING) word. Noun-like
forms (e.g., adjectival and nominal forms) have the strongest
bias toward -ing, while verb-like forms (e.g., progressive
verbs) are more likely to be realized as -in. Further, Vaughn
and Kendall (2018) demonstrated that listeners have
expectations about (ING)’s grammatical constraints when
engaged in a linguistic processing task: Listeners heard
sentences containing an (ING) word and were asked to report
which variant they heard, -in or -ing. Participants were faster
when an -in variant occurred in an (ING) word whose
grammatical category strongly favored -ing (noun-like
categories) compared to when it less strongly favored -ing
(verb-like categories). Listeners have also been shown to be
sensitive to (ING)’s grammatical conditioning when judging
the accentedness of a stimulus (Vaughn, under review).
These prior studies have examined the local grammatical
category of the (ING) word without taking into account the
typical grammatical category of the (ING) word across the
lexicon. However, Forrest (2017) examined (ING)
production through the lens of (ING) words’ typical
grammatical function. This corpus-based study confirmed
prior findings that (ING) words’ local grammatical category
indeed conditioned (ING) realization in production, with -in
more common in progressive verbs than noun-like forms.
Additionally, and crucial to the present study, the
grammatical FFC of an (ING) word, whether it is typically
used as a noun versus a verb (as measured by SUBTLEX),
had a smaller but still measurable influence on a model
predicting (ING) realization.

This study
The design of the study was based on Labov et al. (2011). A
series of newscast passages were created, each containing 10
sentences, with one (ING) word per sentence. In a novel
manipulation, between-subjects conditions varied: the
grammatical FFC of the (ING) word (TypicalNoun vs.
TypicalVerb), and the grammatical category of the (ING)
word in the sentence (LocalNoun vs. LocalVerb). Listeners
rated a speaker’s level of professionalism across multiple
versions of each passage that differed in -in rate.
Based on prior work using this paradigm, it is expected that
listeners would give lower professionalism ratings with
increasing rates of -in use. Further, based on prior work on
(ING), it is expected that (ING)’s grammatical constraints
will affect social evaluations. The question of interest, then,
is how those social penalties will differ across the different
grammatical conditions, revealing listeners’ sensitivity to
local and/or typical use. In particular, as -in rates increase,
will professionalism ratings decrease differently depending
on the (ING) word’s local use and/or its typical use?
If listeners attend to the (ING) word’s grammatical
function in the sentence (local use), then fewer instances of
-in would be necessary to decrease professionalism ratings
when the (ING) word is used as a noun vs. a verb. And,
crucially it would not matter whether the (ING) word is
typically a noun or a verb in the lexicon. On the other hand,
if listeners attend to the way that a word is often used across
the lexicon (typical use), then fewer instances of -in would be
necessary to decrease professionalism ratings when the
(ING) word is typically a noun vs. typically a verb. And,
crucially it would not matter whether the word was used as a
noun or a verb in the sentence. In this way, the study
considers which type of markedness is more relevant to
listeners’ social evaluations, when -in is used in (ING) words
used as a noun, or when -in is used in (ING) words typically
used as nouns? It is also possible, of course, that there will be
contributions from both types of information, for example
that (ING) words used as nouns that are typically nouns
would show the largest impact on professionalism ratings at
lower -in rates.

Rates of (ING) use and social evaluation
In addition to the context of a marked variant’s use, the rate
at which a marked variant is used (compared to the use of
other unmarked variant(s)) can also affect listeners’ social
evaluations of a speaker. For variables of sufficient salience,
hearing higher proportions of the non-standard variant lowers
the social esteem given to the speaker. That is, the social
impact of hearing a non-standard realization is magnified
when it is used more frequently. For example, Labov et al.
(2011) found that listeners rated a speaker who used -in 30%
of the time as sounding less professional than when they
heard the same speaker producing the same passage but with
-in 10%. This task has been influential in experimental
sociolinguistics, with other studies using the same paradigm,
most often also with the (ING) variable (e.g., Levon &
Buchstaller, 2015; Levon & Fox, 2014; Wagner & Hesson,
2014). A larger goal of this research program has been to
better understand the sociolinguistic monitor, which is

Methods
Task
Listeners were asked to listen to newscast passages under the
guise that they were hearing multiple potential audition tapes
that an aspiring radio newscaster was submitting as a job
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application. Following Labov et al. (2011), participants heard
the same passage 5 times, with increasing rates of -in in each
passage: 0%, 30%, 50%, 70%, 100% (but omitting the 10%
and 20% -in rates in the previous study). After hearing each
version of the passage, listeners rated it for professionalism
on a scale of 1-7 (1: Unprofessional, to 7: Perfectly
professional). Participants were randomly assigned to one of
four between-subjects conditions varying the (ING) word’s
local use vs. typical use, as described below.

each (ING) word with -ing and once with -in. Vaughn (under
review) suggests that the common practice of cross-splicing
variants (copying -ing and -in into the sentence originally
produced as -ing, for example), which is done to isolate the
role of the variant, necessarily introduces stylistic
mismatches with other linguistic features in the sentence that
are more salient to listeners in social evaluating speakers than
the linguistic constraints of the (ING) variable. For this
reason, the speaker’s natural productions, rather than crossspliced versions, were used here.

Materials
Stimuli Each participant heard one passage comprised of 10
sentences, with the passages differing across the 2x2
between-subjects conditions varying the (ING) words’ local
and typical grammatical use: TypicalNoun-LocalNoun,
TypicalNoun-LocalVerb, TypicalVerb-LocalNoun, and
TypicalVerb-LocalVerb. Thus, 40 sentences were created, in
radio news style, each with one (ING) word. In order to
compare across (ING) words that have different typical
statistics lexicon-wide, 10 pairs of words (e.g., fishing/
wishing, ending/spending, shipping/slipping) were created
that did not significantly differ in number of syllables and
preceding phonological context (1 preceding velar, 4
alveolar, and 5 bilabial contexts), with one member of each
pair disproportionately used as a noun in SUBTLEX
(Brysbaert & New, 2009; M = 71.2%, e.g., ending), the other
disproportionately used as a verb (M = 81.6%, e.g.,
spending). The noun and verb lists matched in terms of
overall frequency in SUBTLEX (log10 frequency: noun M =
2.52, verb M = 2.56, t(18) = -0.154, p = .872).
From each of these 20 words, two sentences were created,
with typical nouns (e.g., ending) used as a noun in one
sentence and as a verb in a closely related sentence, and
typical verbs (e.g., spending) being used as a noun in one
sentence and as a verb in a closely related sentence (see
Figure 1). The (ING) word’s location varied, but never
occurred sentence-initially or sentence-finally. Most nouns
either followed a determiner, determiner-modifier sequence,
or a possessive, and all progressive verbs followed an
auxiliary. (ING)’s following environment was matched
across lists as carefully as possible, and only contained
environments thought to be relatively neutral in their
influence on (ING) realization in production, vowel and
bilabial sounds (e.g., Forrest, 2017) (noun list = 9 following
vowels, 1 following bilabial; verb list = 7 following vowels,
3 following bilabials).
Following prior work (Labov et al., 2011; Levon & Fox,
2014), the order in which each sentence appeared remained
constant across the five versions of each passage (varying -in
rates). In the present study, in the 30% -in version, sentences
in positions #3, 5, and 7 were presented in their -in form, and
all others -ing. Sentences #1 and 9 also became -in at 50%
-in, and sentences #4 and 8 also became -in at 70% -in.

Figure 1: Example stimulus sentences from one pair for the
four between-subjects conditions.

Participants
One-hundred and sixteen participants who learned English at
age 5 or prior took part in the study (N = 55 from a US
university undergraduate subject pool, and 61 Mechanical
Turk workers). University students received partial course
credit, and Mechanical Turk workers received financial
compensation for their time. All participants accessed the
study online, using the FindingFive platform (FindingFive
Team, 2019). Data from additional participants was excluded
for not fitting language background requirements or for not
adequately responding to attention checks.

Sentence norming for professionalism
Although stimuli were controlled extensively for many
factors in advance, it was not known whether certain
sentences or conditions, regardless of (ING) realization,
would seem inherently more professional than others. To test
this, a separate norming study was conducted with
Mechanical Turk participants (N = 23). Participants read the
text of the stimuli only (no audio), seeing each of the 40
sentences written with the (ING) word in its –ing form. They
were asked to rate each news headline on a scale of 1 to 7 in
terms of how professional it seemed. Results of a mixed
effects linear regression model confirmed significant
differences in the professionalism of the sentences across
conditions (χ2 = 18.75, p < .001), with the TypicalNounLocalNoun (M = 5.00) sentences being rated as more
professional than TypicalVerb-LocalVerb (M = 4.73),
TypicalNoun-LocalVerb (M = 4.71), and TypicalVerbLocalNoun (M = 4.53), which were not different from one

Speaker A white male actor and audiobook narrator in his
early 30s, originally from Texas and currently residing in
California, recorded all 40 sentences twice, once producing
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another (the comparison between TypicalNoun-LocalVerb
and all other levels was only significant for TypicalNounLocalNoun, β = 0.296, SE = 0.110, p < .01). Because the main
study’s research questions require comparing across
conditions, and since norming indicated that not all
conditions were equivalent in inherent professionalism, all
results from the main experiment were analyzed relative to
the rating of the 0% -in passage, on a by-participant basis. For
example, a listener who gave the 0% -in passage a 6 rating,
the 50% -in passage a 5, and the 70% -in passage a 3, would
have a relative rating of -1 for the 50% -in passage (5 – 6 =
-1) and a relative rating of -3 (3 – 6 = -3) for the 70% -in
passage. In this way, the dependent measure of interest is the
extent to which social penalties for higher -in rates differ
from 0% -in: the more negative the relative rating, the less
professional the rating was compared to the 0% -in condition.

conditions, lower professionalism ratings emerge at different
rates relative to 0% -in, indicating that listeners are indeed
sensitive to (ING)’s grammatical patterns in this task. As to
which grammatical patterns are most relevant, it is clear that
listeners do not use the (ING) word’s local function alone,
since professionalism ratings for TypicalVerb-LocalNoun
and TypicalNoun-LocalNoun do not appear to pattern
together across -in rates. Rather, the two TypicalVerb
conditions seem to pattern together, as do the two
TypicalNoun conditions, regardless of local grammatical use.
These observations are confirmed in the statistical results.
There was a significant main effect of -in rate (χ2 = 69.68, p
< .001), such that higher -in rates led to lower professionalism
(more unprofessional) ratings as compared to 0% -in (for all
-in rates except for 30% -in, which did not significantly differ
from 0% -in). There was no significant main effect of local
use (χ2 = 0.048, p = .827), and no significant main effect of
typical use (χ2 = 3.227, p = .072). However, the interaction
between typical use and -in rate was significant (χ2 = 10.98, p
= .027), such that there was a smaller decrease in
professionalism ratings at lower -in rates for the TypicalVerb
compared to the TypicalNoun condition, a comparison that
was significant for 50% -in (β = 0.647, SE = 0.282, p = .022)
and 70% -in (β = 0.706, SE = 0.282, p = .012) rates, but was
not significant for 30% -in (β = 0.072, SE = 0.282, p = .797),
and was marginal for 100% -in (β = 0.522, SE = 0.282, p =
.065). Put differently, when the (ING) word was typically a
noun it was necessary to hear fewer instances of -in to
decrease professionalism ratings than when the (ING) word
was typically a verb.

Analysis
Mixed effects linear regression modeling in R, with the
lmerTest (Kuznetsova et al., 2014) and car (Fox & Weisberg,
2011) packages, was used to assess the results, with the
relative rating as the dependent variable. The model included
a random intercept for participant. There were three dummycoded fixed effects: -in rate (0% (reference level), 30%, 50%,
70%, and 100%), local use (LocalNoun (reference level), and
LocalVerb), and typical use (TypicalNoun (reference level),
and TypicalVerb). Model comparison using likelihood ratio
testing determined whether the interaction between -in rate
and local use, or between -in rate and typical use, or the threeway interaction, significantly improved the model. The final
model included only the fixed effects and an interaction
between -in rate and typical use.

Results

Figure 2: Relative professionalism ratings by condition and
-in rate. Following Labov et al. (2011), the y-axis is inverted
so less professional ratings are at the top.

Figure 3: A. Relative professionalism ratings by typical use
and -in rate (collapsing over local use) showing significant
interaction. B. Relative professionalism ratings by local use
and -in rate (collapsing over typical use) showing no
significant interaction. Y-axis inverted.

Figure 2 displays the relative results by condition. As
expected from prior work, listeners’ professionalism ratings
decrease as rates of -in increase. And across grammatical

Figure 3A plots the results collapsing over local use in order

515

to better visualize this significant interaction between -in rate
and typical use. The figure illustrates that at 30% -in, both
TypicalNouns and TypicalVerbs received ratings not that
different from 0% -in, but the conditions diverged at 50%
-in, with TypicalNouns produced as -in penalized for
professionalism much more than TypicalVerbs produced as
-in. By 100% -in, both conditions are penalized, though
TypicalNouns (marginally) more so than TypicalVerbs. For
reference, Figure 3B shows the results of local use collapsing
over typical use, illustrating the near parallel patterns across
LocalNoun and LocalVerb conditions (and thus the lack of a
significant interaction between -in rate and local use). The
fact that a three-way interaction between -in rate, typical use,
and local use did not improve the model suggests that local
use did not compound the effects of typical use (though note
that the TypicalNoun-LocalNoun and TypicalVerbLocalVerb conditions do show the most extreme ratings at
some -in rates, see Figure 2).

relevant to listeners than the local usage itself, for this task.
It is perhaps surprising that local use did not significantly
interact with -in rates; LocalNoun sentences were not rated as
less professional than LocalVerb sentences at lower -in rates
(though the trend went in the expected direction, as shown in
Figure 3B). After all, prior work has shown the robust
strength of the local grammatical category effect on (ING)
production, and listeners’ sensitivity to such information in
perception. More specifically, Forrest (2017) found more of
a role of an (ING) word’s local use in predicting -in
production, with a smaller contribution from typical use. The
present study represents the first investigation of this question
in perception, so caution is necessary. For example, it may be
that local grammatical information is indeed relevant to
listeners, but it was not measurable in the current study’s
design. That is, since the LocalNoun and LocalVerb
conditions were necessarily comprised of different sentences,
with different inherent professionalism ratings, it was not
possible to compare their ratings directly (rather, only relative
to the 0% -in rating). However, the same is true for the
TypicalNoun and TypicalVerb conditions, which contained
not only different sentences but also different (ING) words.
In general, more work is needed to determine whether
previous findings about listeners’ sensitivity to local use in
social evaluation (e.g., Bender, 2005; Podesva et al., 2015;
Vaughn, under review) is in part based on an underlying
typical use effect. In other words, it may be that typical
lexical use is the operative metric in social evaluation, but the
items selected for use in previous studies may have conflated
typical use and local use. For example, it could be that most
(ING) words that were chosen to be used as nouns in prior
work also happen to be those words that tend to be nouns
across the lexicon. Or, if typical use happened to be more
equated in prior work, local use may have become more
relevant. Future work should explore these possibilities.
If it is indeed true that cumulatively-based expectations
about variants garner greater social weight than those based
on the local use of a word, this suggests that markedness
calculations may be weighted differently in social evaluation
(toward typical use) than in production (toward local use). It
could be that the process of production necessitates greater
attention to a word’s local grammatical use more than the
process of social evaluation does, leading to the asymmetry.
More broadly, these types of findings can contribute to the
refinement of theory in sociolinguistics, where typical use has
been less considered. Historically in sociolinguistics,
grammatical category constraints in production stemmed
from the assumption that speakers apply a variable rule,
where different constraints have different weights that
probabilistically influence the variant that is produced (e.g.,
when producing an (ING) word as a noun, favor -ing). This
assumption was the basis of the influential variable rule
analysis methodology (e.g,. Cedergren & Sankoff, 1974).
Recently, sociolinguists have not been as concerned with
theorizing the mechanisms behind variation in production,
but rule application remains a theoretical backdrop for the
field. Although not traditionally applied to perception, this

Discussion
This study asked whether social evaluations of a speaker
producing different rates of -in for -ing would vary depending
on the markedness of the marked variant -in, with that
markedness measured in two ways: the local grammatical
function of the (ING) word, and/or the typical grammatical
function of the (ING) word across the lexicon. Prior work has
established that -in is more commonly produced in verbs than
nouns. The present findings indicate that an (ING) word’s
typical grammatical function, i.e., the grammatical context in
which the -in variant is typically heard, contributed to
listeners’ social judgments, while the local grammatical
function of the (ING) word in the stimulus did not. The
typical grammatical function of a word affected the social
rating that listeners assigned to the speaker, with greater
unprofessional ratings at lower -in rates for (ING) words that
are typically used as nouns compared to those words that are
typically verbs. In exemplar terms, this is likely because
listeners’ representations have accumulated fewer instances
of an (ING) word that is more often a noun realized as -in
than one that is more often a verb realized as -in, making that
context particularly marked, even if the word itself is not
being used as a noun. Or, it may be that the instances of -in
that occur in words that are typically nouns are encoded less
strongly than when used as -ing. These findings are initial
evidence that listeners have expectations based on their
cumulative grammatical experience with (ING) words, and
use those expectations in social processing. These results are
predicted by approaches positing that expectations
accumulate from exemplars of language use (e.g., Bybee,
2002; Brown & Raymond, 2012), and more broadly align
with work showing listener sensitivity to cumulative context
effects that are social in nature, where the typical social
characteristics of speakers who often use a word or form are
tracked (e.g., King & Sumner, 2014; Walker & Hay, 2011).
Cumulative contexts effects are built up by amassing
distributions of local usage, and the results of this study
suggest that those cumulative distributions were more
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approach might assume that listeners’ behavior would also
involve rule application over the local grammatical category
of the (ING) word (e.g., when hearing an (ING) word as a
noun, expect -ing). However, findings that lexicon-wide
typicality affect listeners’ social perception suggest that rule
application over a word’s local grammatical category is too
simplistic an account; listeners’ cumulative experiences with
a variant’s use must also factor into their processing of
variants in perception, as has been shown in production (e.g.,
Forrest, 2017; Guy, Hay, & Walker, 2008). The mechanisms
underlying such sensitivity are not yet settled.
Extensive work in sociolinguistics has demonstrated that
the social meaning of a variant is derived from its
situatedness in its local context (e.g., Campbell-Kibler, 2009,
2010; Eckert, 2008). The present results emphasizing the
importance of typical over local grammatical use do not
suggest that listeners do not attend to local meaning in
assigning social weights. Rather, these findings serve as a
reminder that listeners interpret what is meaningful locally in
relation to what they tend to hear more broadly. Local social
impact is meaningful as it relates to global patterns.
Further, these results are relevant to a broader conversation
in sociolinguistics about the role of markedness in social
meaning, beyond variation in phonetic or morphophonemic
variables. For example, recent findings from the sociopragmatics literature (e.g., Acton & Potts, 2014; Beltrama &
Staum Casasanto, 2021) have indicated that the social
meaning of lexical variants is boosted by markedness.
However, markedness in such cases is not derived from
frequency but instead is linguistically based (e.g., the
semantic type of the predicate that the intensifier totally
modifies affects how much totally is used as a social
indicator, Beltrama & Staum Casasanto, 2017). Taken
together, these lines of work point to bigger picture questions
about the conditions that promote the strength of a variant’s
social indices (e.g., Eckert, 2019). Future work considering
how social judgments are affected by different types of
markedness across different types of variables is necessary.
It should be noted that the effect of the markedness of
(ING) words’ grammatical function on social judgments was
relatively modest here; the differences in professionalism
ratings between grammatical conditions were much smaller
than the differences in ratings between increasing rates of -in
use. Although these findings indicate that listeners can use
grammatical conditioning factors in social judgments
(revealing that this information has indeed been tracked),
these factors are only one small part of what listeners attend
to and use in their social decision making.
As a final methodological point, the Labov et al. (2011)
study contends that the slope of the line tracking social
ratings across different -in rates is important. The authors of
that study found that a logarithmic pattern best fit their data
(again, without considering the role of constraints and testing
only (ING) words that were used as verbs), and argued that it
had a cognitive explanation: listeners monitor marked
variants carefully at low rates, giving large decrements in
professionalism ratings as -in rates increase. Their ratings

then quickly plateau, as listeners become less sensitive to
increasing usages of marked variants; each successive usage
becomes less socially consequential. Subsequent studies
employing this paradigm have more often detected a linear
rather than logarithmic pattern, however (Levon &
Buchstaller, 2015; Levon & Fox, 2014; Wagner & Hesson,
2014). A linear pattern would suggest that finer-grained
social judgments can be made even at higher -in rates.
Interestingly, in this study (though the DV is calculated
somewhat differently, in relation to 0% -in), Figure 3A
reveals a more linear slope for TypicalVerbs (with steadily
more negative ratings across each increasing rate of -in), but
a more logarithmic-shaped pattern for TypicalNouns (with a
big jump between 30% and 50% -in, and less stark increases
at 70% and 100% -in). This difference suggests that by 50%
-in, the effect of hearing TypicalNouns as -in was large
enough as to hit a social plateau, and further increases in -in
use did not meaningfully affect ratings, perhaps suggesting
this difference in slope as another measure of listeners’
sensitivity to (ING) words’ typical grammatical use (with the
caveat that the statistical modeling here did not compare
pairwise ratings, nor did it attempt to model linear vs.
logarithmic slope of the line).
However, it is important to note that the cognitive
explanation for these patterns cannot be teased apart from
task effects, as studies using this paradigm have always
ordered the passages for participants from low to high -in
rates (rather than randomizing -in rates, for example). The
position of individual sentences in the passage, and the use of
-in in individual sentences across versions varying -in rates,
is likewise fixed. Further, this task only measures what
affects listeners’ ratings when their attention is drawn to the
social evaluation task. Finally, the independent variable is
fairly transparent after hearing several versions of the
passage; most participants in this study guessed that the
experiment had to do with (ING) variation. These decisions
were maintained here to maximize comparability with earlier
studies. However, in future work, better understanding
listeners’ sociolinguistic monitoring behavior will require
experimental designs that address the confounds present in
the much-used sociolinguistic monitor paradigm.
Ultimately, these results suggest that the mechanisms
responsible for tracking probabilistic information and
generating expectations about sociolinguistic variants must
be sensitive to cumulative, lexicon-wide tendencies of words
containing variants, not only to how those words are used
locally. Moreover, this study highlights that there is much
more to learn about the nature and basis of listeners’
sociolinguistic expectations.
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Abstract

information). Hence, in the context of list-method DF,
intentional forgetting results in reduced accessibility of
outdated information and enhances encoding or retrieval of
newer or still relevant information. The present study tested
predictions of mechanisms assumed to underly these effects
by simultaneously measuring the effect of DF on both
memory for items and list-membership over serial position.

Directed forgetting (DF) studies demonstrate that humans can
intentionally forget item information. In the presented study,
participants learned three lists of words. After studying the first
two lists (L0+L1), we cued half of the participants to forget
these lists before learning a new list (L2), the other half
remembered all three lists. Typically, such a forget instruction
impedes recall of previously-studied to-be-forgotten words but
enhances memory for subsequent to-be-remembered items.
Instead of recalling the words, we asked participants to select
the list a word was studied in, assessing how DF affected both
item- and list-memory. In line with the context-change
hypothesis, list-memory for L1 did not differ between the two
groups suggesting that even if recall of to-be-forgotten words
is typically impaired, list-memory is still intact. Furthermore,
after the forget instruction, participants’ list-memory was
enhanced particularly for early L2 words, providing evidence
for a reset of encoding or rehearsal processes.

Figure 1: Typical result pattern (see e.g,, Pastötter et al.,
2017) for the list-method of directed forgetting.

Keywords: directed forgetting; intentional forgetting; contextchange; selective rehearsal; inhibition

Introduction

Theories of List-Method Directed Forgetting and
the Role of Context

Research on directed forgetting (DF) suggests that humans
are able to intentionally forget previously learned
information (for an overview see Bjork et al., 1998;
MacLeod, 1998). Intentional forgetting is useful because it
reduces interference from irrelevant information, allowing us
to focus on current, relevant information. In the list-method
of DF, participants are instructed to sequentially learn two
lists of items. After learning the first list (referred to as L1),
participants are either instructed to forget or to continue
remembering that list before studying list 2 (L2). In the
following memory test for both lists (irrespective of the forget
or remember between-subject condition), two findings are
typically observed (for a review, see Bjork et al., 1998): As
illustrated in Figure 1, participants in the forget group recall
fewer L1 items (called L1 forgetting) and more L2 items (L2
enhancement) than the remember group (e.g., Bjork et al.,
1998; Geiselman et al., 1983; Sahakyan et al., 2013). Studies
showing a dissociation between L1 forgetting and L2
enhancement effects (Pastötter & Bäuml, 2010; Sahakyan &
Delaney, 2003, 2005) suggest that both retrieval and
encoding processes contribute to list-method DF (see
Pastötter et al., 2017a and our Predictions section for further
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Our everyday life is rich with contextual information that can
change rapidly (e.g., when entering a warm building in the
cold winter). Our cognitive system makes use of the changes
in context to drive the accessibility of our memories. That is,
along with target information, context features are encoded
into memory as advocated in numerous models of memory
(e.g., Gillund & Shiffrin, 1984; Howard & Kahana, 2002). In
the lab, fewer external contextual cues are available so that
participants can often best use temporal and/or internal
contextual information to probe memory (e.g., Gillund &
Shiffrin, 1984; Howard & Kahana, 2002). In the present
study, we assume that context features change continuously
(i.e., context drift) not only as function of time (e.g., Brown
et al., 2007; Howard & Kahana, 2002; Shiffrin & Steyvers,
1997) and/or encoded events (e.g., Sederberg et al., 2008) but
also due to changes in participants’ mental state (e.g., their
mood; see Delaney et al., 2010). We use context and its
contextual cues as an umbrella term including the
circumstances under which a stimulus was encoded.
Assuming that the occurrence of an item in a particular
context is represented by a binding between features of the
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item and context representations (e.g., Gillund & Shiffrin,
1984; Shiffrin & Steyvers, 1997), each item is linked to a
changing context. Theories aiming to explain list-method DF
make different assumptions on if, and if so how, the
instruction to forget affects the encoding or retrieval of such
context information.
Retrieval inhibition account (e.g., Geiselman et al., 1983)
Inhibitory accounts on list-method DF propose that upon the
forget instruction, L1 items (and/or L1 contextual
information) are inhibited, reducing access to L1 items at test
(e.g., Geiselman et al., 1983). L2 enhancement effects are
then attributed to reduced proactive interference from L1
items. Because to-be-forgotten items are assumed to be still
available, memory performance for L1 items is only impaired
in free recall but not in item recognition tests (e.g., when
assuming that re-presentation restores the initial activation
level of the item).

the individual L1 items). Alternatively, without the need for
inhibition, an accelerated context drift between lists upon the
forget instruction (for a computational model, see Lehmann
& Malmberg, 2009) could reduce the overlap of contextual
features between L1 and L2. Because the test context matches
the one of more recently encoded items, L1 context cues are
relatively less accessible, producing L1 forgetting effects. In
the present study, we tested these two possibilities.
Reset-of-encoding hypothesis (see Pastötter et al., 2017)
This account suggests that after a forget instruction, encoding
of early L2 items is enhanced via the reset of encoding
processes (e.g., due to reduced working memory load and
reduced inattention). Support for this notion comes from
studies showing L2 enhancement effects particularly in the
primacy part of L2 (Pastötter & Bäuml, 2010).

Selective rehearsal account (e.g., Bjork, 1970) According
to this account, participants selectively rehearse only items
that are to-be-remembered but not those that are to-beforgotten. That is, in the context of list-method DF,
participants in the remember group continue to rehearse L1
items during the encoding of L2. In contrast, participants in
the forget group are assumed to stop rehearsing items of L1
upon the forget instruction and only rehearse the subsequent
L2 items (thereby not further strengthening memory for L1
items, Bjork, 1970). Thus, different from the inhibition
hypothesis, selective rehearsal assumes that differential
encoding of L1 items contributes to L1 forgetting. L2
enhancement occurs because of reduced rehearsal load in the
forget as compared to the remember group.

To quantify DF, studies on list-method DF typically use
general differences in recall performance of L1 and L2
between the remember and forget group. The theories
introduced above can (at least in combination) account for L1
forgetting and/or L2 enhancement effects observed in recall
tests. How can we distinguish between the different
accounts? First, the proposed theories make different
predictions concerning the strength of L1 forgetting and L2
enhancement over serial position of the words at study.
Second, they differ with respect to which memory
representations their proposed processes operate on (memory
for items vs. memory for item-context bindings).
In free recall tests, output interference may contaminate the
analysis of serial position. One way to control for output
position is by using item-recognition tests. However, some
studies suggest that L1 forgetting is absent in itemrecognition (e.g., Geiselman et al., 1993; but see e.g.,
Benjamin, 2006; Pastötter et al., 2016; for an effect of DF on
item memory for early L2 items). This is not surprising
considering that some of the theories introduced above
indeed predict an impact of the forget instruction on memory
for the L1 item-context bindings but not the L1 items
themselves. In fact, L1 forgetting can be observed in
recognition tests when utilization of contextual information
is promoted (Sahakyan et al., 2009), or in list discrimination
tasks (Lehman & Malmberg, 2009). These findings suggest a
negative effect of forgetting on memory for item-context
bindings (e.g., list memory) impairing recollection (e.g.,
because retrieval cues are missing) but not familiarity. In
contrast, other work using a multinomial modeling approach
suggests that list discrimination does not differ between
forget and remember groups (Sahakyan & Delaney, 2005).
Therefore, it is still unclear how DF affects list memory and
how its effects unravel over serial position.
To complicate the matter, many previous studies assessed
the effect of DF on list memory using simple two-alternative
forced choice (2AFC) tasks which required participants to
indicate the list membership of a word (e.g., Lehman &
Malmberg, 2009; Sahakyan & Delaney, 2005). In some
experiments, participants had to decide whether a presented

Challenges and the Present Study

Context-change hypothesis (e.g., Sahakyan & Kelly,
2002) One of the most prominent theories on list-method DF
assumes that L1 forgetting results from changes in
participants’ mental context between the study of L1 and L2
after receiving the forget instruction (context change
hypothesis, introduced by Sahakyan & Kelley, 2002).
According to this account, one strategy that participants use
to intentionally forget L1 items in list-method DF is to
deliberately change their internal context, creating a larger
than normal change of context between L1 and L2 (Sahakyan
& Kelley, 2002). Participants may, for instance, strategically
try to think of “something else” while attempting to forget the
already encoded information. As a results, the learning
context of L2 items is different from the one during the study
of L1 items. Because the context at test mismatches the L1
context more than it does the L2 context, recall of L1 is
impeded. The most compelling evidence for the contextchange hypothesis comes from the context-change paradigm
introduced by Sahakyan and Kelly (2002). In their study,
effects like list-method DF can be observed when between
L1 and L2, instead of a forget cue, participants were
instructed to imagine their life as if they were invisible
(thereby actively changing their internal mental context).
The context-change and retrieval inhibition accounts are
not necessarily exclusive if a mental context shift is
accompanied by the inhibition of the L1 context (instead of
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word belonged to one list or not (yes/no decision; Lehman &
Malmberg, 2009). In other experiments, participants were
asked to indicate whether a shown word was studied in L1 or
L2 (Sahakyan & Delaney, 2005). Particularly in the typical
two-list DF paradigm, such simple decision tasks are an
impure measure of participants’ memory for to-be-forgotten
item-list bindings. Even if participants had poor list memory
for L1 items, they may have been able to discriminate
between L1 and L2 items by a process of elimination as list
memory for L2 items is assumably quite high. That is, even
if participants in the forget group had poor list memory for
L1 items, in a 2AFC list discrimination task, they could easily
reject the possibility that a shown to-be-forgotten word of L1
belongs to L2 by recalling the L2 items.
To account for this challenge, we employed a multiple-list
DF paradigm with a four alternative forced choice task
(4AFC) combining a list memory and item recognition test.

forgetting over serial position are inconsistent and suffer
from the methodological drawbacks pointed out before (e.g.,
by relying on free recall as a testing method). We aim to
clarify the question how L1 forgetting and L2 enhancement
of item and list memory vary over serial position. We derive
predictions from the introduced accounts. Please note, that
we did not consider performance for L0 within the scope of
this study.
Retrieval inhibition account As detailed above, inhibitory
accounts vary greatly on what representations are assumed to
be inhibited upon the forget instruction. Measuring not only
item but also list memory allows us to shed new light on this
issue. For instance, if all L1 information (items and itemcontext bindings) is inhibited, then L1 forgetting should be
observed for all L1 items regardless of serial position (see
Geiselman et al., 1983) for both item and list memory. If only
item-context bindings but not the items themselves are
inhibited, then we should observe L1 forgetting only for list
but not for item memory. Any modulation of L1 forgetting by
serial position would be inconsistent with the classic
inhibition view that the entire L1 unit is inhibited at retrieval.

The present study There were three major phases in the
present experiment: During the learning phase, participants
studied three lists of 16 frequent English nouns (L0, L1, and
L2). L1 and L2 parallel the typical lists in the list-method DF
paradigm. Between L1 and L2, half of the participants were
instructed to forget L0 and L1 (forget group). The other half
of the participants were told to continue remembering L0 and
L1 and to proceed to the second list (remember group). This
multiple-list DF paradigm was initially introduced by
Lehman and Malmberg (2009) to reduce the impact of several
confounds in the traditional two-list DF method (e.g., that
only L2 but not L1 receives proactive interference from a
prior list) and has proven to produce reliable DF effects.
Following a distractor task, in the test phase, we tested
participants’ list and item memory for all of the words from
the learning phase irrespective of the remember or forget
instruction. For this, participants were presented with a word
(from L0, L1, L2, or a new word) and were asked to indicate
whether the item was presented in L0, L1, L2, or whether it
was a new word. By introducing L0 items as lures for the test
of L1 items, participants could not solely rely on memory for
L2 items to decide whether the item in question was
presented in L1 or not. This is crucial for the predictions
derived from the theories in question. Item memory will refer
to participants’ likelihood to correctly identify an old item
that was presented in the learning phase. List memory will
refer to participants’ likelihood to correctly select the list an
item was presented in (relies on item-list bindings), given
they did not respond “new”. That is, to respond correctly in
our test, participant had to remember the study context to
differentiate the study lists.

Selective rehearsal account The selective rehearsal
account has probably the clearest predictions regarding
memory strength as a function of serial position: Because
participants do not know that they can forget L1 prior to the
forget instruction, they presumably rehearse L1 items until
the forget instruction. If rehearsal is cumulative and stopped
after the forget instruction, L1 forgetting should be largest for
late L1 items as these items had the least opportunity for
rehearsal. The reset of rehearsal should then enhance memory
performance in particular for early L2 items. While there is
plenty of evidence confirming the second prediction (L2
enhancement effects are strongest in the primacy part of L2;
Pastötter et al., 2016), findings regarding the first prediction
are rare and inconsistent. The selective rehearsal account
makes a third interesting prediction: If participants from the
remember group still rehearse L1 items during L2, the L1
items may also become associated with the context of the L2.
As a consequence, list memory of L1 items should be worse
in the remember than in the forget group.
Context-change hypothesis The mental context-change
upon a forget instruction between L1 and L2 is assumed to
segregate the two lists so that each list is associated with a
different context (Sahakyan & Kelley, 2002). Impaired
access to the L1 context in free recall produces L1 forgetting.
In contrast, when participants in the remember group expect
a memory test for the L1 items, they store and maintain L1
and L2 under similar contextual cues. We test three versions
of the context-change account against each other.
Context-change via retrieval inhibition: Inhibition of L0
and L1 list-context upon the forget instruction enables
participants to change their mental context (e.g., strategically
think about something else). According to this hypothesis not
the individual items within a list but the entire associated list
context is suppressed. If so, DF should affect list memory but
not item recognition of L1 words. Some may argue that the
re-presentation of an item somehow also releases the

Predictions The present study aimed to dissect list-method
DF effects using a serial position analysis. Previous studies
already demonstrated that L2 enhancement effects are chiefly
driven by improved recall of early L2 items (e.g., Pastötter et
al., 2016). However, the predictions on how DF affects list
memory are less clear (the study by Lehman and Malmberg,
2009, observed no variation of L2 enhancement effects on list
discrimination over serial position). Also, results for L1
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inhibition of its associated list-context but, following that line
of reasoning, one must wonder how to test/falsify inhibition
then in general. No serial position effects are predicted.
Context-change via an accelerated context drift: In the
forget condition, an accelerated context drift between L1 and
L2 enhances list discrimination of L2 items at test (Lehmann
& Malmberg, 2009). Predictions for L1 list memory are not
clear-cut: On the one hand, list memory for L0 and L1 could
be worse in the forget as compared to the remember group
because their contexts are less correlated with the one at test.
Although this should affect freerecall of words, it is unclear
how reduced similarity between the study and test contexts
should affect list memory performance. If we assume that the
current test context is used to retrieve the list-membership
associated to a word, performance for L1 items should be
worse in the forget than in the remember group. If not,
performance should be equal.
On the other hand, it could be argued that by accelerating
the context drift between L1 and L2, list discrimination is
enhanced not only for L2 but also for late L1 items because
these items do not share as much context overlap with other
items as L0 or early L1 items. If so, we should observe
reduced or even reversed L1 forgetting effects on list memory
particularly in the recency part of L1.
Context-change via tagging: Not only items from L2
become associated with a new context but also L0 and L1
items are tagged to-be-forgotten upon a forget instruction
producing L1 and L2 enhancement effects for list memory. If
the complete learning unit (L0 and L1, as well as L2)
becomes tagged in such a way, then the strength of these
effects should not vary over serial position. If the tagging of
L1 items is stronger for recent items (e.g., still active in
working memory), then the most recent items should be
stronger associated with the forget context as compared to
early items. As a result, list memory should be strongest for
late to-be-forgotten L1 items.
Reset-of-encoding hypothesis (see Pastötter et al., 2017).
If the reset of encoding processes does not only affect
memory for subsequent items but also for bindings, both item
and list memory for L2 should be better in the forget as
compared to the remember condition. These L2 enhancement
effects should particularly occur in the primacy part of L2.

items (n = 3), who had technical issues during completion
(n = 1), who strongly suspected that to-be-forgotten stimuli
would be tested (n = 10), or who did not follow the forget
instruction (n = 4). All these participants were excluded and
replaced.

Figure 2: Experimental procedure.
B1 = Block 1, B2 = Block 2, B3 = Bock 3

Trial Structure and Procedure
The experiment was programmed using jsPsych (de Leeuw,
2015). For every participant, 64 frequent English nouns
(length of 4-5 letters) were randomly drawn from a pool of
600 words. Participants’ task was to remember the words for
a later memory test. As illustrated in Figure 2, the experiment
consisted of three phases.
Learning phase For the learning phase, we used a variation
of the traditional two-list DF list-method procedure where
instead of two lists, participants were asked to remember
three lists of 16 words (Lehman & Malmberg, 2009): List 0
(L0), List 1 (L1), and List 2 (L2). Words were presented in
the middle of the screen for 4s each. The presentation of each
word was preceded by a 500ms fixation cross. Following
Lehman and Malmberg’s (2009) approach, all participants
were told that they will learn three lists of words but that they
would only have to remember one of the lists for a later
memory test. However, they would be told only later in the
experiment which list they should remember. After each list,
participants were informed that they had completed the
first/second list and that they should try to remember the
following words as well as possible. After presentation of L1
(the second list), only the forget group was told that they will
only have to remember the next list and that, hence, the old
two lists do not matter anymore. That is, half of the
participants received a forget instruction between L1 and L2
whereas the remaining half remembered all lists.
Distractor phase Following L2, to purge working memory,
participants worked on a distractor task (a computerized
version of the Corsi block-tapping Task; CORSI; forward
span; Corsi, 1973) for 1.5 mins.

Method
Participants
In total, 179 native English speakers completed the whole
experiment via the web-based participation platform Prolific.
Half of the participants were randomly assigned to the
remember condition, and the other half to the forget
condition. After applying the following exclusion criteria, the
final sample consisted of 100 participants (Mage = 30.1,
SDage = 6.3, range 19–40 years; 62% female, 34% male, 4%
diverse): We excluded participants who failed an easy
attention check in the middle of the experiment (n = 16), who
said they did not participate seriously in the study (n = 3),
who used external help (e.g., pen and paper) to complete the
task (n = 26), who had an error rate of more than 90% for L2
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Test phase Next, in the test phase, participants were
presented with all words from all lists regardless of the
remember and forget instruction. In addition, we presented
16 new items. Participants were asked to select the block the
presented word was previously presented in or indicate that it
was a new word. Thus, there were four response options: First
block, second block, third block, or new item. Participants in
the forget condition were explicitly informed that although
they were told they could forget the first two blocks, they
should now try to remember the images from all the blocks.
At the end of the experiment, participants were properly
debriefed about the false memory instruction and its reason.

items studied in L1 as well as L2 assuming a Bernoulli data
distribution predicted by a linear model through a logistic link
function (via R package brms; Bürkner, 2018). For the
regression coefficients of the accuracy analyses, we used
moderately informative Cauchy priors with a scale of 0.353
and a mean of 0 (recently proposed default priors for logistic
models; Oberauer, 2019). The categorical predictor memory
instruction was coded as sum-to-zero contrasts and the
continuous predictor serial position was mean-centered. All
our models included the fixed factors instruction (remember
vs. forget, between-subject), serial position, and their
interaction as well as random intercepts for participants. We
computed Bayes Factors (BFs) to estimate the strength of
evidence for the null and the alternative hypothesis. For this,
we compared one model that included the factor of interest to
one that did not. We considered a BF10 larger than 3 as
substantial evidence for the alternative hypothesis and a
BF01 larger than 3 as substantial evidence for the null
hypothesis.
L1 forgetting For L1, there was no main effect of memory
instruction, neither for item (BF01 = 5.0) nor for list
(BF01 = 4.7) memory. We found inconclusive evidence for an
effect of serial position on item memory (BF01 = 1.4) and no
evidence for an effect on list memory (BF01 = 4.1). Crucially,
however, we observed an interaction between memory
instruction and serial position for item (BF10 = 25.0) but not

Results
All new words were excluded from the analyses. We
measured item memory by participants’ likelihood to
correctly identify a previously studied word as old
(responded that the word was presented in L0, L1, or L2;
p(old)). We measured list memory by participants’ likelihood
to select the correct list the word was studied in, given they
did not respond “new” (p(correct|old)). If item memory was
unaffected by DF, participants should rarely categorize to-beforgotten L1 words as a new. If DF weakened list memory,
they should struggle to correctly discriminate between the
lists. We analyzed p(old) and p(correct|old) using separate
Bayesian generalized linear mixed models (BGLMMs) for
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for list memory (BF01 = 8.2). Thus, we found evidence
against L1 forgetting for list memory. As illustrated in
Figure 3, DF on item memory was mainly observed for late
L1 items.
L2 enhancement Both L2 item (BF10 = 11.7) and list
(BF10 = 16.4) memory was substantially better for the forget
as compared to the remember group. We found evidence for
a main effect of serial position for item (BF10 = 11.7) but not
for list (BF10 = 0.8, inconclusive) memory. As evidence for
an interaction between serial position and instruction was
inconclusive (item: BF01 = 1.6, list: BF01 = 1.8), we
specifically tested whether L2 enhancement effects would be
present in the first and/or last four trials of L2. As illustrated
in Figure 3, L2 enhancement effects for list (BF10 = 29.1) and
item (BF10 = 33.0) memory were present for early L2 items,
but evidence for an effect of memory instruction was
inconclusive for later L2 items (list: BF01 = 1.3; item:
BF01 = 1.2).

L2 items (as proposed by the tagging or context-drift version
of the context-change hypothesis) cannot explain the
observed L2 enhancement effects for item memory.
The observed decreasing slope for L1 item memory in the
forget but not the remember group was only predicted by the
selective rehearsal account (Bjork, 1970). This account
assumes that until the forget instruction, participants rehearse
L1 items. Hence, only early but not late L1 items benefit from
rehearsal prior to the forget instruction. Yet, this account fails
to explain why rehearsal did not impact list memory in L1.
Potentially, rehearsal did not strengthen list-word bindings. If
so, however, selective rehearsal cannot account for the
observed L2 enhancement effects for list memory.
The absent L1 forgetting for list memory also speaks
against better list discrimination for (late) L1 items as
proposed by the tagging-hypothesis or by an accelerated
context-drift. Further, if the entire L1 list-context was
inhibited upon the forget instruction (as proposed by the
context-change via retrieval-inhibition hypothesis), we
would have expected that participants had difficulties to
remember what list an item was studied in, which was not the
case. Generally, our findings support the notion that in listmethod DF, word-list bindings for to-be-forgotten words are
still intact. Hence, the impeded free recall performance of tobe-forgotten words observed in previous studies – which has
been associated with impaired item-context memory – may
in fact be due to difficulties accessing that information.
Superficially, this idea appears to be in line with the contextchange account. It is, however, only agreeable with the
context-drift version of the account, under the assumption
that the similarity between study and list contexts does not
help performance in a list discrimination task. If it were, list
memory for late L1 items in the forget group should have
been better than for early L1 items, because late L1 items
share less contextual overlap with other items. Of course, if
that were the case, enhanced list discrimination fails to
explain the observed L2 enhancement effects on list memory.

Discussion
We tested how Directed Forgetting (DF) affected item as well
as list memory and whether the effects varied over serial
position. Doing so allowed us to test predictions derived from
current theories on list-method DF against each other. Using
a multiple-list DF approach (Lehman & Malmberg, 2009),
participants learned three lists (L0, L1, and L2). Between L1
and L2, half of the participants were told to remember only
L2 (and, hence, forget L0+L1), whereas the other half of the
participants were told to remember all three lists. At test,
participants’ memory was tested for all words, irrespective of
the memory instruction. Typically, a list-method forget
instruction impairs free recall performance of the previous tobe-forgotten words (called L1 forgetting) but enhances
memory for the subsequent L2 items (L2 enhancement).
In the present study, DF impaired item memory but only
for late L1 items. Like previous studies (e.g., Sahakyan et al.,
2009), this result challenges the general assumption that DF
does not affect performance in item recognition tests. In
contrast, we provide Bayesian evidence against an effect of
DF on L1 list memory (and against a modulation of DF on
list memory over serial position). Moreover, we observed L2
enhancement effects not only for item (e.g., Pastötter et al.,
2016) but also for list memory. That is, participants in the
forget group were better at (1) recognizing old L2 items as
previously-studied items and at (2) selecting the list they
studied L2 items in.
Crucially, L2 list and item memory enhancement effects
were stronger for early L2 items as compared to late L2 items.
This pattern of results provides strong evidence for the notion
that after a forget instruction, encoding processes or rehearsal
are reset, enhancing the encoding of early L2 items (e.g., due
to reduced working memory load or reduced inattention; see
Pastötter et al., 2017). Our study extends previous findings
showing that the reset of encoding (or rehearsal) processes
facilitates not only encoding of subsequent items (Pastötter &
Bäuml, 2010) but also their item-list bindings. Note that,
without the assumption that item-list bindings contribute to
recognition memory, increased list discriminability of early

In conclusion, none of the proposed accounts can explain
the full pattern of results. Our findings therefore suggest that
multiple mechanisms underly list-method DF:
(1) One process produces better recognition memory for
recent L1 items in the remember as compared to the
forget group (e.g., stopping rehearsal so that late to-beforgotten items have less opportunity for rehearsal).
(2) Previous studies consistently observed worse recall
performance of L1 items after a forget instruction (for a
review, see Bjork et al, 1998), suggesting that DF
impairs access to the L1 study context. Because our
results show that memory list membership is still intact
after a forget instruction, this process does not rely on
tagging or inhibition but rather on an accelerated
context-drift upon the forget instruction (Lehman &
Malmberg, 2009; i.e., an internal context-change,
Sahakyan & Kelley, 2002).
(3) Upon the forget instruction, encoding or rehearsal
processes are reset (see Pastötter et al., 2017), enhancing
memory for subsequent items and item-list bindings.
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Abstract

temporally abstracted hierarchies, here, using a de novo
visuomotor learning task with no sequential structure, we
asked if and how abstract hierarchical representations are
formed and navigated in “action space.” In particular, this
study builds on previous work by specifically examining how
these hierarchical representations are navigated.
How can hierarchical mental representations be inferred
from behavior? Previous studies have typically focused on
“switch costs” at various levels of abstraction to study the
learning and implementation of hierarchical structures (Korb
et al., 2017; Mayr & Bryck, 2005; Schneider & Logan, 2006;
Trach et al., 2021). The term “switch cost” here refers to
elevated response times (RTs) or error rates when an
individual must switch tasks or responses on consecutive
trials, relative to repeating a task or response (for a review,
see Monsell, 2003). Switch costs can occur at different levels
of abstraction (i.e., task switch costs versus response switch
costs; Korb et al., 2017), and are reduced but not eliminated
with practice (Berryhill & Hughes, 2009; Strobach et al.,
2012). While there has been much debate on what exactly
drives switch costs and what makes them so robust, they are
generally assumed to reflect the time needed to “reset” one’s
cognitive state, offloading a previous task or response and
preparing for the next task or response, or adjusting to an
outcome that deviated from one’s expectation (Kahn et al.,
2018; Monsell, 2003; Strobach et al., 2012).
To illustrate, consider that we store slightly different motor
programs for Macs versus PCs. Now take the goal of copying
some text: once you've specified which type of computer
you're using (the upper level of a putative action hierarchy),
you then select either 'ctrl-c' or 'command-c' (the lower level).
Switching from a PC to a Mac should thus infer a "cost"
relative to switching between two PCs; a previously active
"PC node" on the putative action hierarchy must be departed
for the correct "Mac node."
In the current work, we closely analyzed action switch
costs to determine if participants form and navigate
hierarchical representations in real time as they select actions
from a visuomotor map. Participants performed a simple
visuomotor learning task where they integrated trial-by-trial
feedback to determine the correct button press response to
eight distinct visual stimuli (Figure 1). Stimuli were
presented in a randomized order, thus removing any temporal
structure from the task. The stimuli varied along three visual
feature dimensions – shape, color, and pattern – with two
potential values at each level. Crucially, each feature

Humans are uniquely adept at extracting structure from the
world around them. It is well known that people often form
hierarchical task representations during learning, even when a
task does not explicitly necessitate a hierarchical
representation. Still, how individuals capitalize on this
structure to facilitate behavior is an open question. In the
present study, we address this question by carefully examining
patterns of response time switch costs in a hierarchically
structured visuomotor association learning task, to adjudicate
between multiple models of behavior. We find evidence that
participants do appear to navigate through a hierarchical
representation of stimulus-response associations as they
prepare responses, rather than maintaining a non-hierarchical,
flat model or being primarily affected by changes in stimulus
features. These results establish the existence of hierarchical
mental representations even for static visuomotor mappings,
and imply that such representations are internally navigated in
an orderly manner during action selection.
Keywords: hierarchy; structure learning; action selection;
cognitive control; cognitive map

Introduction
An impressive aspect of human cognition is the ease with
which we provide structure to our mental representations. For
example, previous research demonstrates that humans tend to
organize mental representations hierarchically. This has
been observed in several domains of cognition, ranging from
spatial reasoning (McNamara, 1986) and cognitive control
(Badre et al., 2010), to object categorization (Theves et al.,
2021; Collins & Quillian, 1969) and reinforcement learning
(Collins & Frank, 2013). Moreover, individuals often
spontaneously extract hierarchical representations from tasks
even when hierarchy is not essential, or even beneficial, for
accomplishing a task (Collins, 2017), further supporting its
fundamental role in the organization of human behavior.
Hierarchies are especially useful when people learn about
sequences of events that have a predictable temporal
structure, as observed in decades of studies involving cued
motor sequences (Kahn et al., 2018; Nissen & Bullemer,
1987), task sequences (Schneider & Logan, 2006; Trach et
al., 2021), or passive learning of sequences of visual stimuli
(Mark et al., 2020). Indeed, the abstract structuring of
information with respect to time is thought to be a
fundamental aspect of higher-level cognition (Behrens et al.,
2018; Dehaene et al., 2015). Inspired by research on
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Figure 1. Task figure. (A) Schematic of stimulus-response rule structure, with shape at the top level (hand), color at the
middle (finger couplets), and pattern at the bottom (fingers within couplets). Assignment of specific feature dimension to
levels of the motor hierarchy was counterbalanced across participants. (B) Sequence of example trials for the learning task.
Participants saw shape stimuli and then received trial-by-trial error feedback. Sequences of stimuli were randomized. (C)
Sequence of example trials for the baseline motor task.
dimension was assigned to one distinct level of an intuitive,
spatially organized motor hierarchy (Figure 1A; top: hand;
middle: finger “couplets”; bottom: unique finger; Collins &
Frank, 2016), such that there was a discoverable hierarchical
rule structure embedded in the task. We examined
interactions between finger, hand, and couplet switch costs to
determine if participants learned to represent the hierarchical
structure of the stimulus-response associations, and, if so,
how they might be navigating this representation during
action selection.

(Figure 2). In other words, while we expect responses to
repeated stimuli to be facilitated (Bertelson, 1963), all trials
where some form of stimulus change occurs should produce
comparable RT switch costs. For instance, trials where the
correct hand or finger couplet switches from the previous trial
–hand(repeat)/couplet(switch), hand(switch)/couplet(repeat),
and hand(switch)/couplet (switch) trials – should not show
significantly different RTs.
Feature Switch Model. Another possibility is that switch
costs are modulated by the number of feature dimensions
(“task sets”) that change across successive trials. The
fundamental prediction of this model is that RTs will be
higher on trials where more feature dimensions of the
stimulus change versus those where fewer dimensions
change, perhaps reflecting a type of attentional switch cost or
so-called “task set reconfiguration” (Monsell, 2003). Due to
our design, various combinations of hand and finger couplet
switches (or repeats) can be dissociated from the number of
features that change across trials. For example, on trials
where there is a hand(switch)/couplet(repeat), one or two
stimulus features could have changed, whereas
hand(switch)/couplet(switch) trials can be accompanied by
two or three feature changes, but never by one. The precise
switch cost predictions of the Feature Switch model are
detailed in Figure 2. We note that while somewhat distinct,
this model makes the same switch cost predictions as an
alternative model that considers the number of switches at the
motor level (e.g., hand(switch)/couplet(repeat) should have a
similar RT as hand(repeat)/couplet(switch)). We necessarily
combine these models here.

Models Considered
We first specified, a priori, how an agent might represent and
navigate this visuomotor mapping. We considered three
general models that yield dissociable predictions about RT
switch costs. We were particularly interested in how hand
switch costs interacted with couplet switch costs. We will
refer to trial types of interest as “hierarchylevel(switch/repeat).”
For
example,
hand(repeat)/
couplet(switch) refers to a trial where participants responded
with the same hand but a different couplet as the trial before.
Flat Model. As our task is fundamentally a simple stimulusresponse learning paradigm and participants need not acquire
any hierarchical rules to perform it well, it is possible that
participants
extract
a
non-hierarchical
cognitive
representation of the mapping. That is, participants could
learn the eight correct stimulus-response associations without
representing any relationships between the feature
dimensions and levels of the motor hierarchy. In this “flat”
model, switches from one stimulus to any other stimulus are
equivalent, and, after correcting for baseline motor switch
costs (Figure 2C, described more below), switch costs
should not be modulated by any particular stimulus features

Tree Model. Alternatively, participants could form an action
representation that is isomorphic to the hierarchical rule
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Figure 2. (A) Example sequence of two trials. (B) Schematic of the Flat, Feature switch, and Tree models’ predictions for
response selection on the trial sequence depicted in panel A. (C) Predictions of the pattern of switch costs for hand, couplet,
and finger switches (and repeats) under each model.
structure embedded in the task. In this model, on each trial,
the participant must “navigate” from the most recent response
“node” through the hierarchical representation to arrive at the
response node appropriate for the current trial (Figure 2).
This model predicts that switch costs are modulated by the
“distance” between the previous response and the next
response as determined by the hierarchical map. This distance
metric can be defined as the number of edges on the graph of
a tree that one traverses between successive responses. For
example, a hand(repeat)/couplet(repeat) trial can require
traversal of either 0 or 2 edges, depending on whether the
exact stimulus was repeated or not. Further,
hand(repeat)/couplet(switch) trials are always 4 edges apart,
and any trial where you switch hands requires traversing 6
edges. Crucially, in contrast to the feature switch model, the
tree model predicts no difference in RT between couplet
repeats versus couplet switches when accompanied by a hand
switch.

or corrected-to-normal vision and fluency in English to
ensure that instructions were understood. They were
compensated $10/hr for their time and were consented via an
online form before proceeding to the task. To limit our
analysis to the phenomena of interest (i.e., learned
representations), we excluded participants who did not show
reliable evidence of learning (i.e., got fewer than 25% of trials
correct on at least 4 of the 8 stimulus-response associations),
leaving us with a functional sample of 26 participants (N = 6
female; mean age = 32.9; range =22-56).

Task Design
The experimental session lasted approximately 30 min and
consisted of a simple baseline motor task (4 min), instructions
and practice with the learning task (2 min), and the learning
task (24 min).
Motor Baseline Task. The purpose of the motor baseline
task was to establish intrinsic finger switch costs (i.e., prelearning visuomotor switch costs) for each participant. On
each trial, participants saw eight empty white squares in a row
on the screen (Figure 1C). One of the squares was then filled
red while the others stayed white. Participants pressed the key
that corresponded to the location of the cued red square (left
hand: A,S,D,F; right hand: H,J,K,L). Once the participant

Methods
Participants
41 participants (N = 13 female; mean age =32.4; range =2157) were recruited on the online platform Prolific to
participate in the study. Participants were screened for normal
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participants had 2.5s to press a key in response to a visual
stimulus. After they made their response, they received
binary feedback concerning whether their response was
correct (1s). Their objective was to learn the correct response
for each stimulus. They were informed that each stimulus was
associated with exactly one unique correct response.
Before proceeding to the main task, participants executed
a short practice block using three emojis as visual stimuli and
the H, J, and K keys. They were then reminded to position
their left hand on the A, S, D, and F keys and their right hand
on the H, J, K, and L keys and shown a preview of the stimuli
that were going to be used in the main task before the task
began. During the learning task, they responded to each of the
eight stimuli over 56 iterations per stimulus (448 trials total).
We chose 56 iterations of each association as we expected
this to be sufficient exposure for participant learning, while
also keeping task duration short enough to be reliably run
online. The trial sequence was randomized.
The stimuli for the learning task consisted of eight images
that varied on three dimensions: shape, color, and pattern. For
each dimension (e.g., shape), there were two possible values
(e.g., circle, square). The unique combinations of the two
values for each of the three dimensions thus yielded 8 distinct
stimuli (e.g., blue striped circle, red dotted square, etc.) that
were each deterministically associated with one response. To
embed structure in the task, we assigned each dimension to a
level of an intuitive motor hierarchy (hand > finger-couplet >
finger). For example, if shape was assigned to the highest
level of the hierarchy – hand – then the shape of the stimulus
determined which hand the correct response was on (Figure
1). The assignment of which specific dimension
corresponded to which level of the motor hierarchy was
counterbalanced
across
participants.
Importantly,
participants were never explicitly told about the rule structure
and, further, did not need to learn the structure to perform the
task effectively.

Figure 3. (A) Response accuracy (i.e., probability correct)
over iterations of the stimuli, averaged across the 8
stimuli. (B) Average RT over iterations of the stimuli.
Error shading is ±1 SEM.
made the correct response, all squares turned white for 100
ms before the next target was cued. Each target remained red
until the correct response was made. All possible transitions
between fingers (e.g., right hand pinky to left hand index),
including finger repeats (e.g., right hand index to right hand
index) were experienced a minimum of 4 times in the trial
sequence in order to establish a stable baseline RT for each
transition. Participants completed 433 trials of the motor
baseline task before proceeding to a further instruction phase
and practice with the learning task. The first five trials and
trials where participants did not make the correct response on
their first try were excluded for analysis, however the
subsequent trial was included as participants had to make a
correct response before proceeding.
Learning Task. After completing the motor task,
participants were informed that the next task would involve
using feedback to learn the correct keypress responses to
eight unique visual stimuli (Figure 1B). On each trial,

Figure 4. Heatmaps for pairwise finger transitions in learning task (purple), motor baseline task (red), and the baseline
corrected RTs (blue) following subtraction. Legends are in ms for each heatmap.
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Results
Learning Curves. Participants showed significant learning
over the course of the task (Figure 3A; chance accuracy =
12.5%; mean accuracy = 60.0%, SD = 15.6%; t(25) = 15.55,
p < .001). Moreover, participants were more likely to respond
with the correct hand (hand accuracy: M = 84.6%, SD = 8.8)
as compared to the correct couplet (couplet accuracy: M =
79.5%, SD = 10.2; t(25) = 12.91, p < .001). This latter result
provides initial evidence that participants may have
represented the task hierarchically, in that they better
acquired the top level rule versus the lower level rules
(Theves et al., 2021).
Departing from conventional RT learning curves, the
shape of the RT curve showed that RTs slowed as participants
begin to acquire the stimulus-response associations, then
plateaued, and then got faster once more practice was attained
(Figure 3B). We speculate that this “inverted” RT learning
function may reflect the additional cognitive effort required
for participants to acquire and navigate a hierarchical
representation.

Figure 5. Average corrected RT by finger, couplet, and
hand switches and repeats. Error bars are ±1 SEM.
= .76). Moreover, a switch cost was also observed at the
lowest
level
of
the
hierarchy
(i.e.,
couplet(repeat)/finger(switch)
trials
versus
couplet(repeat)/finger(repeat) trials; t(25) = 3.25, p = .003).
In contrast, we did not find differences in accuracy across
trial types (hand trial type: F1,25 = 1,71, p = .20; couplet trial
type: F1,25 = 0.07, p = .79; interaction: F1,25 = 3.91, p = .06),
ruling out the confound of a speed-accuracy tradeoff.
To better relate these results to the various candidate
models (Figure 2), we followed this analysis with four
planned, post-hoc paired t-tests (with Bonferroni correction,
0.05/4: α = .0125). The results are depicted in Figure 5. We
found evidence of a couplet switch cost within hand (t(25) =
10.89, p < .001). In addition, we found that
hand(switch)/couplet(repeat) trials were significantly slower
than hand(repeat)/couplet(switch) trials (t(25) = 3.10, p =
.005) and that hand(repeat)/couplet(switch) trials were
slower than hand(switch)/couplet(switch) trials (t(25) = 3.32,
p = .003). Finally, as predicted by the tree model, RT switch
costs corresponding to hand(switch)/couplet(repeat) versus
hand(switch)/couplet(switch) trials were not significantly
different (t(25) = 0.85, p = .405). Taken together, the
observed switch costs neatly align with the predictions of the
tree model.
We note that we also ran this same analysis on correct trials
only on the second half of the learning task (i.e., 28 iterations
of each stimulus), when participants have substantial practice
with the task. The key results aligned with those presented
above (Fs > 39, ps < .001), though the comparison between
hand repeat-couplet switch and hand switch-couplet switch
trials was marginally significant in this case after Bonferroni
correction (t(25) = 2.12, p = .044). Overall, the orderly
pattern of results strongly supports the tree model, where RT
switch costs are modulated by the number of edges separating
successive responses on a hierarchical graph (Figure 2).

Motor Baseline Correction. Our primary analyses focused
on RT switch costs on correct trials. However, to get reliable
measures of learning-driven switch cost effects, we first
removed intrinsic costs associated with switching between
different fingers/hands in response to visual cues. To
accomplish this, we used the RTs from the motor baseline
task. As expected, participants exhibited finger switch costs
(finger repeat versus finger switch: t(25) = 8.43, p < .001) and
hand switch costs (hand repeat versus hand switch: t(25) =
12.41, p < .001) in the motor baseline task (Popp et al., 2020).
To correct the RTs in the learning task, we calculated the
average RT for each of the 64 pairwise transition between
fingers in the motor baseline task (i.e., 82 unique transitions),
and then subtracted the average RT for each transition from
RTs in the learning task that corresponded to that same
transition (Figure 4). This critical baseline correction step
helps ensure that differences in switch costs are driven by the
learned rule structure and not confounded by intrinsic motor
biases.
RT Switch Costs. We used corrected RTs from the learning
task as our dependent measure in our primary analyses. We
excluded trials where participants did not make the correct
response and categorized trials as hand and couplet switches
versus repeats based on the correct response the participant
made on that trial, and the response they made on the
previous trial. The number of trials of each type included in
analyses did not differ significantly across participants
(Fs(1,25) < 2.46, ps > .13).
We entered the corrected RTs from the learning task (for
correct trials only) into a repeated measures ANOVA, with
couplet trial type (repeat versus switch) and hand trial type
(repeat versus switch) as factors. We found that there was a
significant main effect of couplet trial type (F1,25 = 51.6, p <
.001, hp2 = .67), hand trial type (F1,25 = 77.24, p < .001, hp2 =
.76), and a significant interaction (F1,25 = 76.87, p < .001, hp2

Model Comparisons.
Finally, for completeness, we
compared linear mixed effects models for each of the three
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models we considered. For these regressions, we fit baselinecorrected RTs (on correct trials) with random intercepts for
subjects. For the flat model, the predictor simply reflected
whether the response switched or was repeated on any given
trial. For the feature switch model, the number of feature
switches between responses was the predictor. Finally, for the
tree model, we set the number of graph edges that needed to
be traversed between the previous and current response nodes
as the predictor. BIC metrics strongly indicated that the tree
model (BIC = 97954) was a better fit for behavior versus both
the feature (BIC = 100751; ΔBIC = -2798) and flat (BIC =
98294; ΔBIC = -340) models, providing further empirical
support for the tree model.

Finally, in future work, we plan to use more controlled RT
paradigms to elicit responses at various imposed latencies,
allowing us to read out the navigation of a hierarchical
representation in “real time.” In this case, we can also use
error rates to address our central question, potentially
providing more evidence for navigation through a
hierarchical representation.
Our analysis also rests on strong assumptions about
lingering activation of previous response “nodes” as the
starting point during putative navigation of the hierarchy
(Schneider & Logan, 2007). While the existence of switch
costs necessarily implies that previous responses affect
current behavior, it is also the case that increasing the interval
between two responses can diminish switch costs (Altmann,
2004). In future work we can manipulate these intervals to
measure the decay of these effects.
Our results are related to (and partly inspired by) previous
work on hierarchical rule structure learning in the
reinforcement learning (RL) literature (Collins, 2017; Collins
& Frank, 2013, 2016; Eckstein et al., 2019; Eckstein &
Collins, 2021). Like our paradigm here, in this previous work
participants learned contextual action rules that could be
structured hierarchically (although limited to two-level
hierarchies). Subjects’ behavior in these studies was
successfully modeled as a form of hierarchical reinforcement
learning. While we have not used RL models to examine the
learning process in the current study, we plan to explore this
option in future studies, preferably with more learning trials.
Our work builds on these findings, showing how a multi-level
hierarchy can be abstracted over actions even when future
planning is not required. Moreover, our study provides
insight into how hierarchical representations are navigated by
individuals as they prepare actions; by having more than two
levels in our hierarchy, we were able to make graded
predictions about RT switch costs.
Here we demonstrated how hierarchical representations
can be abstracted over simple actions, similar to how they are
abstracted over time (Kahn et al., 2018). We also demonstrate
how these representations may be navigated in real time
during action selection. Our study also highlights how simple
behavioral effects, such as RT switch costs, can help
elucidate the complex structure of mental representations.
Looking ahead, our findings can inform future work on
mental representations of naturalistic visuomotor mappings
involved in motor skills that require the selection of actions
among multiple effectors, such as typing, playing musical
instruments, and dance.

Discussion
It is well known that humans use hierarchical cognitive
representations to organize behavior. Here, we asked how
participants navigate these hierarchical representations in real
time to select actions from an acquired visuomotor mapping.
We provide evidence that participants can represent learned
visuomotor associations hierarchically, and that their
response times (RTs) between successive actions are
modulated by the distance between those actions on a
hierarchical tree representation. Speculatively, this latter
result may indicate that participants navigate internal
hierarchical representations of action maps in a manner that
echoes the navigation of actual physical space (Behrens et al.,
2018).
While we provide initial evidence supporting this model of
cognitive map navigation during action preparation, we note
that our results do not perfectly align with a tree model. For
example, the overall RT switch cost of hand switches was
slightly smaller than a perfect tree model predicts (see
Figures 2 and 5). While previous work shows that behavioral
switch costs are generally larger at superordinate levels of a
task hierarchy (Collins & Frank, 2013), a phenomenon that
we also observed here, our tree model appeared to
overestimate the size of this effect. Discrepancies between a
“perfect” tree model (i.e., equal edge lengths) and our results
could be, in part, attributable to other variables like feature
change costs, interactions between switching and repeating at
different levels of a hierarchy (Mayr & Bryck, 2005; Trach et
al., 2021), or other known determinants of RTs, such as the
urgency to decide (Cisek et al., 2009).
Another possibility is that aspects of our task design might
have influenced the alignment of our results with the tree
model. For one, ideal analyses would include only RTs on
two consecutively correct trials. We were not able to conduct
this analysis due to the short duration of our task. Because of
this and the high exclusion rate of online studies, we plan to
conduct an extended version of this task to replicate these
findings. Additionally, it is possible that our correction for
motor biases did not perfectly remove effects driven by motor
constraints. We also intend to test a version of the task where
a hierarchical rule structure cannot be extracted, and compare
switch costs in the hierarchical versus non-hierarchical tasks
as a more rigorous control for motor bias.
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Abstract

differences in emotion perception (Dalrymple et al., 2014;
Davies et al., 2004; Webb et al., 2017; Wilson et al., 2010).
In addition, individual differences in relevant socioemotional
characteristics or symptoms, including social anxiety, may
alter sensitivity to social information, thus affecting
perception of emotion cues (Button et al., 2013). Examining
emotion recognition and subjective feelings in response to
emotion conveyed through music provides an opportunity to
sidestep the limitations of relying on overt social signals
(e.g., facial expressions or language) that would otherwise
provide contextual information to guide emotion recognition
or responding (Sloboda & Juslin, 2001) and may allow us to
better understand the relative contributions of emotion
signals outside of the context of interacting with other people.
Music may be an especially compelling means for
understanding emotional development in childhood, when
relying on signals conveyed by other people is further
complicated by the age of the expresser (Griffiths et al., 2015;
Picci & Scherf, 2016).
Prior research suggests that children can accurately
identify emotional content in music from age 4-years-old and
that music emotion recognition improves with age (Gregory
et al., 1996; Kratus, 1993; Spackman et al., 2005; Terwogt &
van Grinsven, 1991). Interestingly, emotion recognition of
music diverges from emotion recognition of faces in children,
contingent on certain characteristics. For example, children
with Autism Spectrum Disorder (ASD) have showed
comparable, and even higher, accuracy in identifying
emotion conveyed in music, despite showing significant
differences in accurately identifying the emotion in faces
(Stephenson et al., 2016). Additionally, and following the
inverse pattern, children with Specific Language Impairment
(SLI) are less accurate at identifying emotion in music, but
do not show differences in recognizing the emotion conveyed
by faces relative to typically developing children (Spackman
et al., 2005). Together, there is evidence to support the idea
that children are sensitive to the emotion cues present in
music, that individual differences in recognizing emotion
music relate meaningfully to individual differences in

An examination of emotion recognition and response to music
can isolate perception and experience of emotion from the
potentially confounding effects of other social cues (e.g.,
faces). Participants aged 5-6-years-old listened to clips of
calm, scary, and sad music and either identified the emotional
content of the music or reported on the feelings elicited by the
music clip. Children correctly identified the emotions and
reported feeling the emotions conveyed in music above chance.
Accurately recognizing and resonating with the emotion
conveyed were correlated, although the relationship varied as
a function of child characteristics. Specifically, children whose
parents reported them as showing more prosocial behavior had
significantly greater alignment between emotion recognition
and resonation. Results provide new insights into emotion
perception in the absence of direct social signals and provide
evidence that children’s ability to perceive and resonate with
the emotion conveyed through music differs depending on key
socioemotional characteristics.
Keywords: emotion perception; emotion categorization;
music; emotion development; prosocial behavior

Introduction
The ability to recognize and respond to emotion appropriately
is key for social functioning, including for empathic
responding (Decety & Jackson, 2004; Schutte et al., 2001),
emotion regulation (Southam-Gerow & Kendall, 2000), and
behavioral control (Tehrani-Doost et al., 2017). Knowledge
about emotion processing is central to our understanding of
typical development (Pollak et al., 2019) and the human mind
(Dukes et al., 2021). Prior research is dominated by a focus
on recognition and response to emotion signals directly
conveyed by other people, including facial expressions, body
postures, and vocalizations (Barrett et al., 2019). Employing
signals produced by others is critical for interpreting emotion
recognition in the context of social interactions. However,
relying on signals directly from others introduces confounds
that limit our understanding of emotion perception and
response across development more generally. For example,
differences in face perception may occlude or explain
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socioemotional functioning, and that a better understanding
of how children process and respond to emotion in music can
generate novel insights into emotional development more
broadly.
In addition to signaling a recognizable emotion, music can
also evoke powerful emotional responses—or emotional
resonation—in the listener. Research in adults has shown that
these evoked responses include tearfulness (Gabrielsson,
2001; Sloboda, 1991; Waterman, 1996), chills (Goldstein,
1980; Panksepp, 1995), facial electromyography responses
(Khalfa et al., 2008; Lundqvist et al., 2009; Witvliet & Vrana,
2007), and changes in heart rate, blood pressure, skin
conductance, or temperature (Khalfa et al., 2008; Krumhansl,
2002; Lundqvist et al., 2009; Nyklíček et al., 1997; Sammler
et al., 2007). However, very little research has explored
subjective emotional response to music in children. This
knowledge gap is important because there is evidence to
suggest that evoking an emotional reaction in a listener can
directly influence that individual’s emotion perception (Trilla
et al. 2021). For example, listening to music has been shown
to improve emotion recognition accuracy among children
with ASD (Katagiri et al., 2009), particularly for certain
emotions (e.g., sadness; Brown et al., 2017), and particularly
when the emotion conveyed in the music is congruent with
the emotion conveyed via a facial signal (Brown et al., 2017).
Finally, research from adult populations presents a mixed
picture in terms of the overall alignment between how people
resonate with emotions in music and their ability to identify
the emotional content (Campbell, 1942; Hampton, 1945;
Sloboda, 1986). This lack of alignment may be due, in part,
to gaps in our understanding of how people respond
emotionally to music. For example, responses to music could
vary based on individual differences in sensitivity to
perceptual or emotional cues more broadly or because of
prior exposure to music, as well as variation in the music
itself, such as moment-by-moment fluctuations in pitch, key,
tone, mood, or other features specific to music composition
that result in changing emotional states (Hunter et al., 2008,
2010; Larsen et al., 2009; Sloboda, 2000). Therefore, while
there is evidence that individuals reliably exhibit emotional
responses to music, characterizing those responses, and the
relationship between those responses and emotion
recognition, is a more complex process. In particular, the
alignment between recognizing the emotion conveyed versus
feeling that same emotion is an important mechanism for
understanding individual differences in emotional
development, for which music provides a useful investigative
conduit.
In the current study, we used a within-sample design to
address our overarching goal of exploring alignment in
recognizing and resonating with emotion in music. First, we
sought to replicate prior research showing that children
accurately identify emotions conveyed through novel music
clips. Then, to extend previous research, our first aim was to
measure children’s subjective feelings in response to the
clips. For our second aim, we examined the alignment
between recognizing and resonating with emotions in music,

and asked whether that alignment differed depending on the
specific emotion conveyed. Finally, under our third aim, we
explored whether the alignment between emotion recognition
and resonation varied as a function of individual differences,
specifically examining prosocial development as an index of
socioemotional competence.

Method
Participants
Participants were 135 typically-developing children aged 5-7
(Mage=5.98 years, SDage=0.54) recruited from the northeastern
United States. Of the 135 participants in the full sample, 117
participants had data for both emotion recognition and
resonance. Additionally, 27 children were excluded from
analysis for incorrectly responding to two (of two) practice
questions in the emotion recognition task. We did not exclude
participants based on practice trials in the resonance task
because we were asking for subjective responses. Therefore,
the final sample was 90 children (Mage=5.98 years,
SDage=0.54; 54 Female, 35 Male; 1 Asian, 24 Black, 47
White, 13 Biracial, and 5 selected “Other”).

Design and Procedure
The current task was included in a study on emotion
development. Participants took part in two waves of data
collection separated by approximately 6-8 weeks and
recognition or resonance was measured at each visit
(participants were randomly assigned to complete the
recognition and resonance tasks first vs. second). For both
assessment waves, the parent and child participated in a 45minute Zoom call hosted by a trained research assistant, and
questionnaire data were collected via an online survey using
Qualtrics. Participants were recruited through Facebook ads
with the geographic location restricted to the wider
metropolitan areas of Boston and Philadelphia, flyers posted
in community locations in these large cities (e.g., daycares,
public playgrounds, and grocery stores), and targeted
recruitment through institutionally-maintained databases of
families. Interested families were directed to an online survey
asking for basic demographic and contact information.
Families were eligible if they had a child aged 5-6 years old,
with priority given to the youngest child if more than one
child per family were eligible. Families were screened with
an initial phone call and children were excluded if they had
previously been diagnosed with a learning or developmental
disorder or were receiving treatment for a psychiatric
condition.
During the Zoom visit, the research assistant explained the
purpose of the study and obtained informed consent from the
parent (electronic signature) and verbal assent from the child.
The research assistant shared their screen with the family,
which meant they could navigate the child through several
behavioral tasks, including the emotional music tasks used in
the current study. All Zoom visits were recorded (with
parental consent) for subsequent transcription and/or coding
of behavioral responses. After the child finished the tasks, the
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parent was sent a link to complete the questionnaire measures
online through Qualtrics. Prior to the survey, parents
provided consent online (electronic signature) and then
completed various questionnaires, including a questionnaire
to assess prosocial behavior (see below). Study procedures
were approved by the Institutional Review Board.

compared average accuracy against chance as .17. The oneway ANOVA (with Bonferroni-corrected post hoc tests) was
the same as described for accuracy.
To assess alignment (Aim 2) we ran a linear mixed effects
model with match regressed on emotion recognition
accuracy, emotion type (fear was set as the referent), and their
interaction. We included a by-participant random intercept.
Finally, to investigate whether alignment varied as a function
of prosocial behavior, we regressed match on emotion
recognition accuracy, emotion type (fear was set as the
referent), prosocial behavior, and all interactions. Again, we
included a by-participant random intercept. We also
controlled for participant age and gender in both models.
Data and the analysis script are available at
https://osf.io/qncka/.

Music Emotion Listening Task To develop the Music
Emotion Listening Task (MELT), we selected music clips
that had been validated in previous research (Bigliassi et al.,
2015; Eerola & Vuoskoski, 2011; Nawrot, 2003; Omar et al.,
2010; Quintin et al., 2011; Robazza et al., 1994; Spackman et
al., 2005; Vieillard et al., 2008). We included seven 5 s music
clips for each of the emotions of calmness, sadness, and fear.
Participants completed two practice trials in which they heard
a music clip and selected a response. Participants could not
respond until the entire 5 s clip had finished playing and could
not repeat the clip. To test emotion recognition, participants
heard 21 music clips, including seven calm, seven fear, and
seven sad clips. Participants categorized them as “sad”,
“calm”, or “scary” by selecting the emotion conveyed in the
music using a labeled and colored pictorial scale (i.e., to
reduce reliance on verbal or reading ability to convey the
emotion). To test emotion resonance, participants listened to
each music clip and were asked, “How does the music make
you feel?”, with the following response options: “calm”,
“scared”, “sad”, “happy”, or “angry”. For both tasks, children
could also respond “I don’t know” for any trial.

Results
Children Accurately Identify Emotion Conveyed in
Music
Children accurately recognized the emotion conveyed in
music above chance (mean proportion correct = .56, t(89) =
18.99, padj < .001, 95% CI = [0.53, 0.59], d = 4.03). Accuracy
was also above chance when examining each emotion
individually (Figure 1). However, children were less accurate
in categorizing sad compared to calm or scary music clips
(omnibus: F(2, 178) = 24.06, p < .001, eta2g = 0.12; see Table
1 for pairwise comparisons). Importantly, accuracy did not
differ based on the order of doing the tasks (i.e., whether the
child completed the recognition task during their first or
second online visit, p = .63). Accuracy also did not vary as a
function of participant gender (p = .23), though emotion
recognition improved with age (b = .07, F(1, 85) = 5.96, p =
.02).

Prosocial Behavior Prosocial behavior was measured using
the Prosocial Behavior subscale of the Strengths and
Difficulties Questionnaire (SDQ; Goodman, 1997).
Questions comprising the subscale are: considerate of other
people’s feelings, shares readily with other children, helpful
if someone is hurt, kind to younger children, and often
volunteers to help others. The questions are scored as 0 = Not
True, 1 = Somewhat True, 2 = Certainly True, therefore
scores can range from 0 to 10. Parents of the child
participants completed the questionnaire at each visit, and
responses were moderately correlated (r(87) = .62, p < .001,
95% CI [.47, .73]). An average of the two scores was used in
the analysis (M = 8.53, SD = 1.51, range = 4-10).

Analytic Strategy
First, we assessed overall accuracy across the whole task, as
well as accuracy for each emotion. We compared averaged
accuracy against chance (i.e., .25 because there were four
response options including “I don’t know”) using a t-test. We
used a one-way ANOVA (with emotion type as a repeated
measure) to test for accuracy differences by emotion,
employing Bonferroni-corrected post hoc tests for pairwise
comparisons. We used the same analytic approach for
assessing emotional resonance for the music clips (Aim 1),
but the dependent variable was emotion “match” (i.e.,
whether participant responses about how the clips made them
feel matched the intended emotion of the music clip).
Because there were six possible response options, we

Figure 1: Emotion recognition accuracy by emotion type.
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interaction between emotion recognition accuracy and
emotion type for resonance match was not significant (X2 =
0.48, p = .78; see Table 2 for correlations by emotion type).
Together, findings revealed a moderate association between
emotion knowledge and reporting of a subjective feeling in
response to emotional music, which was consistent for calm,
fearful, and sad clips.

Table 1: Pairwise comparisons between emotion types for
recognition and resonance.
Recognition
Calm vs. Fear
Calm vs. Sad
Fear vs. Sad
Resonance
Calm vs. Fear
Calm vs. Sad
Fear vs. Sad

t (89)

padj

-1.38
5.06
6.77

0.51
<.001
<.001

-2.82
-0.07
3.09

0.02
1
0.008

Music Evokes Intended Feelings
In terms of resonating with the music conveyed, children’s
responses were above chance in terms of match with the
intended emotion (mean proportion correct = .41, t(89) =
12.54, padj < .001, 95% CI = [0.38, 0.45], d = 3.03). Correct
resonation with the emotion was also above chance when
each emotion was evaluated individually (Figure 2). Further,
children were more likely to report feeling scared in response
to fear clips compared to feeling calm or sad in response to
calm or sad clips, respectively (omnibus: F(1.83, 162.64) =
4.95, p = .01, eta2g = 0.03; see Table 1 for pairwise
comparisons). As before, the “match” between the emotion
conveyed in the music did not differ based on the order in
which children completed the tasks (p = .09). Match also did
not differ based on participant gender (p = .37) or age (p =
.39). In sum, the music clips evoked the intended emotions in
children, with the highest resonance match for fear music.

Figure 3: Alignment between recognition and resonance by
emotion.
Table 2: Correlations between recognition and resonance for
each emotion type.
r

p

Calm

0.27

0.01

Fear

0.38

<.001

Sad

0.37

<.001

Alignment of Recognition and Resonance Varies as
a Function of Prosocial Behavior
Parent report of child prosocial behavior moderated the
relationship between recognition and resonance. Specifically,
children who were higher on prosocial behavior exhibited a
stronger relationship between recognition and resonance with
emotion in music (b = 0.16, F(1, 80) = 4.95, p = .03; Figure
4). The three-way interaction between recognition, prosocial
behavior, and emotion type was not significant (X2 = 1.98, p
= .61). That is, children with higher prosocial behavior
showed similarly greater alignment between recognition and
resonation across for calm, fear, and sad music clips.

Figure 2: Resonance match by emotion type.

Recognition and Resonance Align
Children with better recognition of emotion were also more
accurate in resonating with the emotion conveyed in the
music clip (b = 0.34, X2 = 31.62, p < .001; Figure 3). This
relationship did not differ by type of emotion (i.e., the
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et al., 2022). We add to this literature the finding that
alignment between emotion recognition and resonance is
stronger for children whose parents rated them as frequently
showing prosocial behavior. The significance of this finding
is that the coherence between emotion recognition and
response is particularly strong among children with higher
prosocial behavior. That is, children who are better at
connecting an externally-cued emotion (i.e., in this case, via
music) with an internally-experienced emotion (i.e.,
resonance with music) may be better at responding to the
needs and emotions of others, as exemplified through our
prosocial behavior measure (e.g., considerate of other
people’s feelings and helpful if someone is hurt). This
interpretation is consistent with prior evidence showing that
joint music making (Kirschner & Tomasello, 2010) and
rhythmic synchrony (Mogan et al., 2017) are also associated
with prosocial behavior in childhood. However, our
correlational design means we cannot infer causality, with the
inverse relationship just as plausible (i.e., children with a
greater propensity for prosocial behavior may be better at
connecting emotion recognition and feeling). Nevertheless,
the pattern of results highlights the importance of future
research to investigate whether alignment in music
recognition and response and prosocial behavior share an
underpinning characteristic and/or whether there is a causal
link (and in which direction).
There were a number of strengths to our study, including
use of a new music task, that we leveraged a within-subjects
design, and that we tested a racially/ethnically diverse sample
within a narrow age range. Nevertheless, our findings should
be considered in the context of several limitations, which can
also be useful for guiding the directions of future inquiry.
First, some of the task features could have influenced the
strength of the results, including the greater number of
response options for the resonance versus recognition task
and the use of a pictorial rating scale. Despite these
limitations, participants were still above chance at reporting
the feeling reflected in the music clip, and, even though there
were overall lower rates of resonance, resonance and
recognition were correlated. Second, we relied on parent
report of prosocial behavior. Although we leveraged a
widely-used, established, and previously validated
questionnaire, future research could be strengthened by
including more objective or behavioral measures of prosocial
behavior in children. Third, while we argue in favor of the
benefits of examining emotional development using music in
part because it avoids reliance on direct social cues, it is
important to acknowledge that most music is created by
people and emotion perception in music could be considered
interpersonal (Gabrielsson & Juslin, 1996). However,
emotion as conveyed via music still sidesteps the reliance on
perception of physical social cues (e.g., the face).
In sum, our study highlights the potential utility of using
music clips more widely to explore individual differences in
emotion recognition and resonance. Results provide new
insights into emotional development and provide evidence
that children’s ability to perceive and resonate with the

Figure 4: Emotion recognition and resonance are more
strongly aligned among children showing higher prosocial
behavior. Prosocial scores are depicted with a median split
for illustration purposes, but were analyzed continuously.

Discussion
In the current study, we provide further evidence that children
as young as 5 years old can accurately recognize emotions
conveyed in music clips. Consistent with prior studies,
children correctly identified calm, fear, and sad music from
brief and novel cues (Gregory et al., 1996; Kratus, 1993;
Spackman et al., 2005; Terwogt & van Grinsven, 1991). The
findings add to a body of support indicating music as a useful
means for assessing emotion recognition.
In addition to exploring emotion recognition, we used a
within-subjects design to explore how children reported
feeling in response to the emotional music – focusing on the
extent to which they resonated with the emotion intended to
be conveyed by each clip. Children generally reported
resonating with the emotion conveyed by the music clips.
Therefore, not only do children demonstrate knowledge
about the emotionality of the music but the emotionality of
the music appeared to activate concomitant feelings, which
were recognizable to children. Notably, though above chance
given the number of response options, mean resonance match
was fairly low (<50%). While this is lower than previous
research—which typically show above 50% performance—
prior studies have used fewer response options (Gregory et
al., 1996; Kratus, 1993) or included older children
(Spackman et al., 2005). Therefore, we need more research
to be able to better directly compare resonance across
development in middle childhood.
Next, we found significant alignment between recognition
of emotion in music and resonance with those emotions, with
consistent effects across calm, fear, and sad music. These
finding increase the appeal of using music to assess emotional
development, particularly because emotional experience has
been shown to support emotion recognition (Brown et al.,
2017; Katagiri et al., 2009). Beyond recognition, there is
more recent research conducted with adults that is consistent
with the idea that emotional experience in response to music
can increase prosocial behavior and compassion (McDonald
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emotion conveyed through music is different for children
depending on key socioemotional characteristics. In
particular, children who showed a stronger connection
between emotion understanding and feeling were reported by
their parents to exhibit more real-world prosocial responding,
including recognizing and responding appropriately to the
feelings and needs and others. From a translational
perspective,
interventions
to
improve
positive
socioemotional development could include components that
leverage emotional music clips.
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Abstract
Deductive domains are typical of many cognitive skills in that
no single problem-solving strategy is always optimal for solving all problems. It was shown that students who know how
and when to use each strategy (StrTime) outperformed those
who know neither and stick to the default strategy (De f ault).
In this work, students were trained on a logic tutor that supports a default forward-chaining and a backward-chaining
(BC) strategy, then a probability tutor that only supports BC.
We investigated three types of interventions on teaching the
De f ault students how and when to use which strategy on the
logic tutor: Example, Nudge and Presented. Meanwhile,
StrTime students received no interventions. Overall, our results show that Nudge outperformed their De f ault peers and
caught up with StrTime on both tutors.
Keywords: metacognitive skills instruction; worked examples; tutoring nudges; strategy instruction

Introduction
Deductive task domains are those in which a solution requires
an argument, proof, or derivation; each step is the outcome of
applying a domain principle, operator, or rule. Deductive domains such as geometry, logic and probability are standard
components of STEM fields. Two common problem-solving
strategies in such domains are forward-chaining (FC) and
backward-chaining (BC) (Russell & Norvig, 2020). In FC,
the reasoning proceeds from the given propositions toward
the target goal, whereas BC is goal-driven in that it works
backward from a goal state to a given state. Early studies
show that experts often use a mixture of FC and BC strategies,
and more importantly, they often use past experience, heuristics, and many other kinds of knowledge to determine their
strategies (Priest & Lindsay, 1992). Our prior work showed
that students who know which problem-solving strategies to
use when, referred to as StrTime, consistently learn across
different deductive domains, as they possess the necessary
metacognitive skills, unlike their peers who follow the default
strategy, known as De f ault (Abdelshiheed et al., 2020).
It has been believed that metacognitive skills are essential
for academic achievements (de Boer et al., 2018; Erskine,
2010; Zimmerman, 1990), and teaching such skills impacts
learning outcomes (Zepeda et al., 2015; M. Chi & VanLehn,
2010) as well as strategy use (Lee & Oxford, 2008; Chambres et al., 2002; Roberts & Erdos, 1993). STEM domains
often demand the use of various problem-solving strategies,
and some prior research has categorized knowing how and
when to use each strategy as two metacognitive skills (Winne

541

& Azevedo, 2014; Cardelle-Elawar, 1992), referred to as
strategy- and time-awareness, respectively.
Prior work has shown the positive impact of strategy
awareness on preparing students for future learning (Belenky
& Nokes-Malach, 2012; Abdelshiheed et al., 2021) and time
awareness on planning skills (Winne & Azevedo, 2014; Fazio
et al., 2016). Thus various attempts were made to teach students the two metacognitive skills, such as teaching the strategy by example (Likourezos & Kalyuga, 2017; Glogger-Frey
et al., 2015), prompting nudges to use the strategy (Richey et
al., 2015; Belenky & Nokes, 2009) and explicitly presenting
it (Fellman et al., 2020; Spörer et al., 2009).
Our work directly compares three types of interventions on
teaching De f ault students how and when to use which strategy on the logic tutor in this ascending order of instructional
support: Example, Nudge and Presented. All interventions
provided BC worked examples. The main difference is that
Nudge prompted students to switch to BC in problems proper
to do so, while for Presented, those problems were presented
in BC by default. Our primary research question is: Which of
the three types of interventions would make De f ault students
catch up with their StrTime peers?
Our study involved two intelligent tutoring systems (ITSs)
(Vanlehn, 2006): logic and probability. Students were first
assigned to a logic tutor that supports FC and BC strategies, with FC being the default, then to a probability tutor six
weeks later that supports BC only. During the logic instruction, De f ault students were split into four conditions: three
intervention groups —Example, Nudge and Presented— and
a Control group without any intervention. On the other
hand, we believe that StrTime students already have the two
metacognitive skills and thus are considered the gold standard and received no intervention. All students went through
the same probability tutor and were asked to decide whether
they wanted to solve the following problem on their own
(problem-solving (PS)), the tutor to present it as a worked example (W E), or to solve it collaboratively with the tutor in the
form of a faded worked example (FW E). Overall, our results
show that Nudge students outperformed their other De f ault
peers and caught up with StrTime on both tutors. Additionally, Nudge’s strategy behavior on the logic tutor was similar
to StrTime as both knew how and when to use BC. Surprisingly, Nudge chose significantly more PS on the probability
tutor, and StrTime chose significantly less FW E.
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Related Work

Lehn (2010) found that teaching students principle-emphasis
skills closed the gap between high and low learners, not only
in the domain where they were taught (probability) but also
in a second domain where they were not taught (physics).

Teaching by Example, Nudging and Presenting
Substantial work has explored many approaches for teaching strategies and highlighted their tradeoffs. We focus on
the possible combinations of three approaches: teaching a
strategy by example (Likourezos & Kalyuga, 2017; GloggerFrey et al., 2015), prompting nudges to use a strategy (Richey
et al., 2015; Zepeda et al., 2015; Belenky & Nokes, 2009)
and directly presenting it (Fellman et al., 2020; Spörer et al.,
2009; M. Chi & VanLehn, 2007; Schwartz & Martin, 2004).
Glogger-Frey et al. (2015) found that students receiving
worked examples of journal extracts reviews outperformed
their peers, who had to come up with the reviews, on posttest performance. However, Likourezos and Kalyuga (2017)
reported no significant difference between students who received fully-guided worked examples, partially-guided ones
and unguided assistance on post-test geometry tasks.
Zepeda et al. (2015) showed that students who received tutoring nudges and worked examples performed better on a
physics test and a novel self-guided activity than their peers
who received no such instruction. Conversely, Richey et al.
(2015) found no significant difference between students who
were instructed to study the worked examples and their peers,
who received the same examples with tutoring nudges, on
near, intermediate and far transfer electric circuit tasks.
Spörer et al. (2009) found that students who were explicitly instructed on comprehensive reading strategies surpassed
their peers, who were taught by the instructors’ text interactions, on a transfer task and follow-up test. On the other hand,
Fellman et al. (2020) found no significant difference between
students who were presented explicit strategy instruction to
practice the single-digit n-back task and their peers who practiced without such instruction, as both groups showed emerging transfer to untrained variants of the same task.

Strategy- and Time-Awareness
Strategy- and time-awareness have been regarded as
metacognitive skills as they respectively address how and
when to use a problem-solving strategy (de Boer et al., 2018;
Winne & Azevedo, 2014; Lee & Oxford, 2008; CardelleElawar, 1992). Researchers have emphasized the role of strategy awareness in learning a foreign language (Teng, 2020;
Lee & Oxford, 2008) and preparation for future learning
(Abdelshiheed et al., 2021; Belenky & Nokes-Malach, 2012;
Chamot, 1998), and the impact of time awareness on planning skills and academic performance (de Boer et al., 2018;
Fazio et al., 2016; Winne & Azevedo, 2014).
Lee and Oxford (2008) studied the role of strategy awareness in teaching English to Korean students; specifically, students aware of various learning strategies employed these
strategies more frequently than their peers. In Abdelshiheed
et al. (2021), we found that students who knew two problemsolving strategies were the best learners in two independent
domains. Belenky and Nokes-Malach (2012) showed that
students who had a higher aim to master presented materials
and strategies outperformed their peers on a transfer task.
In Fazio et al. (2016), students who knew when to use each
strategy to pick the largest fraction magnitude had high mathematical proficiency. Their peers who did not know when
to apply each strategy failed to choose the correct alternative
when offered choices. de Boer et al. (2018) showed that students who knew when and why to use a given strategy exhibit
long-term metacognitive knowledge that improves their academic performance. de Boer et al. emphasized that knowing
when and why has the same importance as knowing how when
it comes to strategy choice in multi-strategy domains.
To sum up, much of the prior work has highlighted the
importance of metacognitive skill instruction and teaching
strategy- and time-awareness. Many approaches for teaching
strategies have been investigated, such as teaching by example, prompting nudges, and direct presentation. However, as
far as we know, no agreement has been found on the most
effective combination of these approaches, and no work has
compared these approaches in intelligent tutoring systems.
This work compares three ways to teach a backward-chaining
(BC) strategy on two intelligent tutoring systems: logic and
probability. First, by examples alone (Example), then by examples and nudges to switch to BC (Nudge), and finally, by
examples and directly presenting BC (Presented).

Metacognitive Skills Instruction
Metacognitive skills regulate one’s awareness and control of
their cognition (Chambres et al., 2002; Roberts & Erdos,
1993). Many studies have demonstrated the significance of
metacognitive skills instruction on academic performance (de
Boer et al., 2018; Erskine, 2010), learning outcomes (Zepeda
et al., 2015; M. Chi & VanLehn, 2010, 2008) and regulating
strategy use (Schraw & Gutierrez, 2015).
Schraw and Gutierrez (2015) argue that metacognitive skill
instruction involves feeling what is known and not known
about a task, as this allows learners to gather information efficiently, adapt to changes in task requirements, and develop
strategies to overcome the task. They state that such instruction should further compare strategies according to their feasibility and familiarity from the learner’s perspective.
Belenky and Nokes (2009) showed that students who were
prompted with metacognitive nudges, which reflect on the
current problem-solving processes, outperformed their peers
who received problem-focused nudges, which focus on the
current goal, on a permutation transfer task. M. Chi and Van-

Methods
Participants
They are Computer Science undergraduates at North Carolina
State University. Each tutor is a class assignment whose completion is required for full credit, and students are told that
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Table 1: Tutors’ Assignment and Completion Counts
Logic

Probability

Assigned

Completed

Assigned

Completed

Control

23

21

19

17

Example

23

20

20

19

Nudge

22

21

21

20

Presented

20

17

16

15

StrTime

49

45

41

40

χ2 (4, N = 261) = 0.09,
p = .99

χ2 (4, N = 228) = 0.05,
p = .99

(a) Forward Chaining (FC)

(b) Backward Chaining (BC)

Only students who completed Logic were assigned to Probability.

Figure 1: Logic Tutor Problem-Solving Strategies
grades are based on effort, not performance. The main challenge in this work is that the student’s metacognitive label
—De f ault or StrTime— can be calculated only at the end
of logic training, but the label is needed at its beginning to
determine the intervention possibility. Specifically, StrTime
students frequently follow the desired behavior of switching
early (within the first 30 actions) to BC, while De f ault students make no switches and stick to FC (Abdelshiheed et al.,
2022, 2020). Such switch behaviors are recorded at the end
of the logic training, and hence, can not be calculated before
training. Therefore, as per Abdelshiheed et al. (2021), we utilize the random forest classifier (RFC) that, based on pre-test
performance, predicts the metacognitive label before training
on logic and was previously shown to be 96% accurate.
Among 230 students assigned to the logic tutor, 137 were
classified by the RFC into 88 De f ault and 49 StrTime1 .
De f ault students were randomly split into four conditions:
a control —Control— and three experimental —Example,
Nudge and Presented. Table 1 shows the assigned and completed counts on both tutors for De f ault (top four rows) and
StrTime (fifth row). The last column is for students who
finished both tutors since we excluded dropout logic students from the probability assignment. Hence, only the last
column students were included in our analyses resulting in
17 Control, 19 Example, 20 Nudge, 15 Presented and 40
StrTime. As shown in Table 1, a chi-square test found no significant difference between the groups’ completion rates on
both tutors. The RFC was 97% accurate in classifying students who received no interventions —Control and StrTime.

Figure 2: Prompted Strategy Switch Nudge
tion of the conclusion. Problems are presented by default in
FC with the ability to switch to BC by clicking the yellow
button in Figure 2. The logic tutor was adjusted, as shown
in Figure 3, to accommodate the following interventions for
De f ault students:
• No Intervention: students are assigned to the original tutor.
• Example: two WEs on BC are provided.
• Nudge: same as Example, and nudges (shown in Figure 2)
are prompted to switch to BC in some problems.
• Presented: same as Example, and students are presented
some problems in BC by default.

Two Tutors and Our Interventions
Logic Tutor and Our Interventions The logic tutor
teaches propositional logic proofs by applying valid inference
rules such as Modus Ponens and Constructive Dilemma. It
consists of five ordered levels with an incremental degree of
difficulty, and each level consists of four problems. A student
can solve any problem by either a FC or BC strategy. Figure
1a shows that in FC, one must derive the conclusion at the
bottom from givens at the top, while Figure 1b shows that in
BC, students derive a contradiction from givens and the nega1 The remaining students were excluded from further analyses,
as their label is irrelevant to this work

Figure 3: Training on the Adjusted Logic Tutor
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In Figure 3, it is crucial to note that: 1) white problems behave
the same as the original tutor, 2) red problems are selected
based on the historical strategy switches in our data, and 3)
nudges are prompted after a number of seconds sampled from
a probability distribution of prior students’ switch behavior.

tutor following the standard procedure: textbook, pre-test,
training, and post-test. In the textbook, they studied the domain principles; In pre- and post-test, students solved 14 and
20 open-ended problems that required them to derive an answer by writing and solving one or more equations. Each pretest problem has a corresponding isomorphic post-test problem. For the training section, shown in Figure 4, students
went through 12 problems and selected the type on ten of
them; two problems were fixed as PS. For FW E problems,
each step was randomly decided to determine whether the student or tutor should solve it. Note that on both tutors, the
post-test is much more challenging than the pre-test, and the
problem order is the same for all students.

Grading criteria
On logic, a problem score is a function of time, accuracy,
and solution length. The pre- and post-test scores are calculated by averaging the pre- and post-test problem scores.
On probability, students’ answers are graded by experienced
graders in a double-blind manner using a partial-credit rubric,
and grades are based only on accuracy. The pre- and post-test
scores are the average grades in their respective sections. On
both tutors, test scores are in the range of [0, 100].

Figure 4: Probability Tutor Interface
Probability tutor: It teaches how to solve probability problems using ten principles, such as the Complement Theorem
and De Morgan’s Law, as shown in Figure 4. It consists of
12 problems, each of which can only be solved by BC as it
requires deriving an answer by writing and solving equations
until the target is ultimately reduced to the givens. A problem
can be PS, W E or FW E. PS requires students to solve alone,
W E involves a step-by-step solution from the tutor, and FW E
demands student and tutor collaboration.

Results
Learning Performance
Table 3: Comparing Groups across Tutors

Table 2: Overview of the Study Procedure

Condition

Pre-test (2 problems)

Logic

Control
(N = 17)

Example
(N = 19)

Presented
(N = 15)

StrTime
(N = 40)

Logic Tutor

Training (20 problems):

Pre

59.1(19)

56.9(25)

60.5(13)

60.4(15)

60(18)

Control : No Intervention

Iso-Post

65.4(8)

69.7(7)

89.8(5)∗

83.4(4)∗

85.3(6)∗

Iso-NLG

0.04(.24)

0.09(.3)

0.4(.13)∗

0.34(.14)∗

0.35(.19)∗

Post

59.9(9)

65.5(8)

86.1(5)∗

80(5)∗

81.7(6)∗

StrTime : No Intervention

NLG

-0.05(.3)

0.05(.37)

0.39(.15)∗

0.29(.16)∗

0.3(.23)∗

Post-test (6 problems, including 2 isomorphic)

Time

5.5(7)

4.8(4)

5.3(4)

6.2(6)

4.6(7)

Example, Nudge, Presented : Intervention (Fig. 3)

Probability Tutor

Six weeks later
Textbook
Prob.

Nudge
(N = 20)

Pre

79.4(12)

74.5(17)

77(14)

74.1(14)

76(15)

Iso-Post

73.1(22)

77(14)

94.2(6)∗

85.8(17)

92.6(13)∗

Pre-test (14 problems)

Iso-NLG

-0.06(.39)

0.03(.28)

0.32(.19)∗

0.16(.22)

0.28(.2)∗

Training (12 problems):

Post

70.3(20)

73.6(16)

91.9(5)∗

83.5(20)

89.3(11)∗

On ten problems, students choose PS/W E/FW E

NLG

-0.09(.36)

-0.04(.35)

0.27(.24)∗

0.13(.23)

0.26(.17)∗

Time

4.3(6)

3.9(4)

4.2(5)

3.5(4)

4.4(5)

Post-test (20 problems, including 14 isomorphic)
In a row, bold is for the highest value, and asterisk means significance over no asterisks.

Table 3 compares the groups’ performance across the two
tutors showing the mean and standard deviation of pre- and
post-test scores, isomorphic scores, training time in hours,
and the learning outcome in terms of the normalized learning gain (NLG) defined as (NLG = √Post−Pre
), where 100 is
100−Pre
the maximum test score. We refer to pre-test, post-test and
NLG scores as Pre, Post and NLG, respectively. A oneway ANOVA using condition as factor found no significant

Procedure
Table 2 summarizes our procedure. During the logic instruction, students went through the standard sequence of pre-test,
training and post-test. The first two post-test problems are
isomorphic to the two pre-test problems. The only difference
occurred during training on logic, as shown in Table 2.
Six weeks later, students were trained on the probability
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difference on Pre: F(3, 67) = 0.14, p = .93 for logic, and
F(3, 67) = 0.49, p = .69 for probability. Similarly, no significant difference was found in the training time on both
tutors. In order to measure the students’ improvement on
isomorphic problems, several repeated measures ANOVA
were conducted (one for each group on each tutor) using
{Pre, Iso-Post} as factor. Results showed that Nudge and
StrTime learned significantly with p < 0.0001 on both tutors,
Presented learned significantly with p = 0.0001 on logic and
p = 0.02 on probability. Example and Control did not perform significantly higher on Iso-Post than Pre on both tutors.
These findings verify the RFC’s accuracy, as StrTime learned
significantly on both tutors, while Control did not, despite
both groups receiving no interventions.

(t(58) = 0.9, p = .37 and t(53) = 0.3, p = .77). On the other
hand, StrTime significantly outperformed Example (t(57) =
5.4, p < .0001) and Control (t(55) = 6.7, p < .0001). Similar
results were found on NLG.
On the probability tutor, only Nudge caught up with
StrTime as no significant difference was found on Post
(t(58) = 0.2, p = .84). Meanwhile, StrTime significantly surpassed Presented (t(53) = 3.1, p = .003), Example (t(57) =
5.1, p < .0001) and Control (t(55) = 5.7, p < .0001). Similar
patterns were observed on NLG.
In brief, Nudge and Presented caught up with StrTime
in the presence of our interventions on logic. Only Nudge
caught up with StrTime on probability without such interventions. Lastly, Example and Control performed significantly
worse than StrTime on both tutors.

Comparing Conditions A comparison between the four
conditions in Table 3 was essential to assess the performance of De f ault students. On the logic tutor, a one-way
ANCOVA2 using condition as factor and Pre as covariate
found a significant difference on Post: F(3, 66) = 59.7, p <
.0001, η2 = 0.69. Follow-up post-hoc analyses with Bonferroni3 adjustment4 revealed that Nudge and Presented significantly outperformed Example (t(37) = 5.9, p < .0001
and t(32) = 5.2, p < .0001) as well as Control (t(35) =
7.8, p < .0001 and t(30) = 6.3, p < .0001). No significant
difference was found between Nudge and Presented, or between Example and Control. Similar patterns were observed
on NLG using ANOVA. These findings show that Nudge,
Presented > Example, Control.
On the probability tutor, a one-way ANCOVA using condition as factor and Pre as covariate reported a significant difference on Post: F(3, 66) = 14.5, p < .0001, η2 =
0.31. Subsequent Bonferroni-corrected analyses showed
that Nudge significantly outperformed Presented (t(33) =
3.6, p = .001), Example (t(37) = 5.6, p < .0001) and
Control (t(35) = 6.2, p < .0001); meanwhile, Presented significantly surpassed Example and Control (t(32) = 3.1, p =
.004 and t(30) = 3.4, p = .002). No significant difference
was found between between Example and Control. Similar
patterns were found using ANOVA on NLG. In short, these
results show that Nudge > Presented > Example, Control.
In essence, Nudge students were the best on both tutors,
followed by Presented, who learned less on probability. Surprisingly, Example learned no different from Control on both
tutors, which signifies the additional instructional support that
Nudge and Presented were given on logic.

Figure 5: Strategy Switch Behavior on Logic

Strategy Switch on Logic
The strategy switch behavior on the logic tutor (from FC
into BC) is displayed in Figure 5 to investigate the impact
of our intervention on students’ strategy choices. Decisions
are combined across the training and post-test sections, as no
significant difference was found in their distribution between
the two sections. Additionally, StrTime is highlighted in bold
as the gold standard.
A one-way ANOVA using condition as factor showed a
significant difference in the frequency of early switches:
F(3, 67) = 6.7, p < .001, η2 = 0.23. Moreover, a chi-square
test showed a significant relationship between the switch
type and student group5 : χ2 (8, N = 2664) = 934.3, p <
.0001. Post-hoc pairwise chi-square tests with Bonferroni adjustment showed that for early switches: Nudge,
StrTime > Presented > Example, Control. For instance,
Nudge and StrTime made early switches significantly more
than Presented: χ2 (2, N = 840) = 100.2, p < .0001 and
χ2 (2, N = 1320) = 84.2, p < .0001, respectively. No significant difference was found between Nudge and StrTime, or
between Example and Control.

Comparing with StrTime To determine whether any condition caught up with StrTime students, post-hoc pairwise
analyses were conducted on logic and probability Post using
Bonferroni correction. On logic, results revealed that Nudge
and Presented caught up with StrTime as no significant difference was found between their Post and that of StrTime
2 General

effect size η2 was reported for conservative results
was chosen for more conservative results
4 (α = .05/10) throughout the results section
3 Bonferroni

5 [111 students] * [20 training - 2 WE + 6 post] = 2664 decisions
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Nudge students are prepared for future learning (Bransford &
Schwartz, 1999) as they performed well on probability based
on interventions they received on logic.
Relation to ICAP Framework We believe that our results show that the effectiveness of the Interactive, Constructive, Active and Passive (ICAP) framework (M. T. Chi &
Wylie, 2014; M. T. Chi, 2009) can be extended to teaching students metacognitive skills. Precisely, Control encountered passive learning as they received no interventions, while
Example received an active treatment as students were required to go through the examples and proceed to the next
steps. Presented can be seen as a constructive intervention
since students were asked to generate solutions in a strategy
presented to them beyond the default one. Finally, Nudge
received an interactive intervention where the tutor offered
nudges to switch strategies, but the actual switch had to come
from students. Our findings are consistent with ICAP in that
interactive learning activities achieve the highest learning outcomes, as is the case with Nudge students on the two tutors.

Figure 6: Problem-level Decisions on Probability

Student Decision on Probability
Table 3 showed that our interventions’ impact on logic might
also extend to probability. Therefore, in Figure 6, we investigate the problem-level decisions in the probability training
section as students chose them. Step-level decisions were not
considered since the tutor randomly chose them. It is important to note that for each student group, there was no significant correlation between any problem-level decision type
shown in Figure 6 and any performance metric in Table 3.
A chi-square test found a significant relationship between the problem-level decision type and student group6 :
χ2 (8, N = 1110) = 162.1, p < .0001. Follow-up pairwise chisquare tests with Bonferroni correction showed that for PS:
Nudge > Presented, Example, Control; for FWE: StrTime <
Nudge, Presented, Example, Control. For instance, Nudge
chose PS significantly more than Presented: χ2 (2, N =
350) = 32.9, p < .0001, while StrTime chose FW E significantly less than Nudge: χ2 (2, N = 600) = 67.5, p < .0001.
No significant difference was found between any pair of
Presented, Example and Control on any decision type. In
short, Nudge and StrTime made decisions different from each
other and their peers, while Presented, Example and Control
made similar decisions.

Relation to Nudge Theory The nudge theory (Thaler &
Sunstein, 2008) states that nudges have an essential role in
behavioral sciences (Simon & Tagliabue, 2018) and influence
individuals’ social and cognitive behavior (Smith et al., 2013;
Goldstein et al., 2008). Our results suggest that the impact of
this theory is evident in teaching De f ault students the BC
strategy on a logic tutor. Precisely, the strategy behavior of
Nudge students changed after receiving prompted nudges to
use BC, resulting in the best performance on both tutors.
Students’ Choices and Personalities The evaluation of
students’ choices on probability revealed that StrTime students preferred minimal collaboration with the tutor; they
chose W E or PS likely to save time or show effort, respectively. On the other hand, Nudge students chose PS significantly more than their intervention and Control peers, likely
to demonstrate their acquired BC knowledge. At the end of
probability training, students were provided the ten-item personality inventory7 (TIPI) (Gosling, Rentfrow, & Swann Jr,
2003), which showed that Nudge and StrTime identified
themselves as critical and quarrelsome significantly more
than their peers.

Discussions & Conclusions
We showed that to teach students how and when to use a
strategy, using worked examples alone may not be very effective, as Example did not significantly outperform Control.
However, students learned better when we reinforced examples by prompting BC nudges or presenting problems in BC
by default, as Nudge and Presented significantly surpassed
Example and Control. Additionally, providing nudges was
even more beneficial as Nudge continued to outperform
Presented on probability significantly.

Limitations and Future Work There are at least two
caveats in our study. First, our study focused on different interventions for De f ault students, and hence, the conditions
ended up with relatively small sample sizes. Second, the
logic tutor offered a strategy by default, and the probability
tutor supported only one strategy. A more convincing testbed
would be having the tutors support both strategies, where students will be asked to choose the default strategy on each
problem. The future work includes combining nudges and
presentation into one intervention, implementing FC on the
probability tutor, and providing explanations in the nudges
on why BC is helpful.

Catching up with StrTime While Nudge and Presented
caught up with StrTime on logic, only Nudge caught up
with StrTime on their logic early-switch behavior and probability learning performance. This finding suggests that the
6 [111

7 This

students] * [10 choices on training] = 1110 decisions

546

was not stated earlier for not being our main scope
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Abstract
Language is a unique hallmark of humans, it is both learned
and symbolic, which poses the problem of emergence: if neither form nor meaning is known, how can individuals communicate in the first place? The current study replicates work
that investigates the emergence of signal forms and meanings
and explores how Personal Need for Structure (PNS) of interacting partners can aid or hinder the emergence of communicative systems. We include an existing measure of personal need for structure to investigate its relationship with the
emergence of such systems while participants play the embodied communication game (ECG). Similar to the original
study, our work shows that a bootstrapping process and sufficient common ground are integral to the recognition of signalhood. Moreover, this process appears to be more successful
for individuals who respond differently to a lack of structure as
compared to their interaction partner. Contrary to what is usually assumed, our results indicate that not only shared expectations and biases seem to matter in communicative tasks, but
that diversity in biases of communication partners can also be
beneficial for the emergence of new communication systems.
Keywords: emergence of communication; language; evolution; embodied communication game; personal need for structure; PNS; cooperation; team differences

Introduction
Humans can share and accumulate knowledge through language, allowing them to pass on knowledge to new generations. Communication through language can be formulated as
the joint action that emerges when speakers and listeners perform actions in coordination (Clark, 1996), and uses signals
that are both symbolic and learned. The emergence of signals
is therefore a defining event in human cognitive evolution.
However, the exact dynamics of language emergence—the
settling of two individuals on an effective interchange through
discrete, grounded symbols—is complex and not yet fully understood (Tylén, Fusaroli, Bundgaard, & Østergaard, 2013;
Scott-Phillips & Kirby, 2010). If form and meaning are unknown, one fundamental question concerns the cooperative
process of agreeing on what form should refer to what meaning (Oliphant, 2002). This process has been studied quite
extensively through laboratory experiments in which participants need to invent and negotiate novel signals to solve
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a communicative or cooperative task (Steels, 2006; ScottPhillips & Kirby, 2010; Tylén et al., 2013). A general finding
from such studies is that participants are able, through social
coordination, to gradually establish conventions and develop
a communication system. Consistently, researchers report on
the importance of common ground and the reliance on shared
biases and expectations between interacting partners in the
road to success. However, building a completely novel system of signals from scratch is not easy and in such experiments it is often the case that not all pairs manage to solve the
game. Analyses tend to focus on the conventions established
in successful games, which has generated many insights, but
we propose that a focus on differences in coordination outcomes and properties of the individuals involved can help to
understand these dynamics better. In this paper, we show how
sometimes diversity rather than alignment of initial cognitive
biases and preferences of individuals might positively influence success in the social coordination of a shared language.
In essence, the emergence of signals can be formulated as a
cooperation problem, where individuals have a common goal
and need to figure out how to influence each other in an initially unstructured environment. It has been proposed that
the emergence of language is influenced by human biases to
prefer compressible, simple systems (Kemp & Regier, 2012;
Kirby, Tamariz, Cornish, & Smith, 2015). Such a bias can,
for example, drive the emergence of systematic structure over
generations of transmissions (Kirby et al., 2015). Individuals
have been found to differ in their personal need for structure (Neuberg & Newsom, 1993) which can affect problemsolving capabilities such as solving maths-problems (Svecova
& Pavlovicova, 2016) and learning a foreign language or text
comprehension (Eva, Silvia, & Dáša, 2014). As such, the
social coordination of a shared language, which is initially
unstructured, can potentially be influenced by someones personal need for structure. We expect that PNS might affect
how individuals act in language emergence tasks as well and
investigate how a personal need for structure affects the evolution of a communication system that is created de novo.

In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

Specifically, the experiment we present here was designed
to study the relationship between personal need for structure
as measured by the PNS questionnaire (Neuberg & Newsom,
1993), its F1 and F2 sub-factors and the emergence of a communicative system while playing the Embodied Communication Game (ECG) (Scott-Phillips, Kirby, & Ritchie, 2009),
which is described in detail in the next section.

Background
The current study is based on an experiment designed by
Scott-Phillips et al. (2009), who investigated the emergence
of newly created communication systems when humans are
not able to communicate verbally, or in any other conventional way. Participants played the ECG, a cooperative
game, and the results revealed how signals acquire informative meaning without pre-defining a communication channel,
roles of signaler and receiver, or a form space.

(a) Participants’ view while playing

The Embodied Communication Game (ECG)
The ECG is a cooperative two-player game that consists of
two 2 × 2 grid worlds, where players are embodied in the
sense that they are given a physical form (a black square) to
move around with. Each quadrant has one of four colors (red,
green, yellow, blue), that is determined at random. The goal
of the participants is to end on identically-colored quadrants
and, if they do, score a point. Players can move within their
own world and see movements in both worlds but can only
see the colors of their own quadrants, showing the others’
quadrants as gray (figure 1a). Once finished moving, the colors of all quadrants are revealed to both players (figure 1b) as
means of feedback. The colors of the quadrants and starting
positions of both players are randomly chosen with the proviso that there is always one overlapping color between both
worlds so that it is always possible to score a point. Players
are informed that their goal is to score as many consecutive
points as possible, meaning that players cannot win by playing many games but must instead find a way to communicate
reliably and coordinate behaviors with each other (see ScottPhillips et al., 2009 for a more elaborate explanation).
The setup of this experiment required participants to coordinate their behaviors by agreeing on what behaviors correspond to what meaning, and they had to find a way to signal that these behaviors were of communicative intent. This
problem is solved when eventually movements between the
quadrants come to be understood as communicative. It turned
out to be a non-trivial task since only 7 out of 12 pairs managed to co-opt one’s movements for the purpose of communication. Scott-Phillips et al. (2009) conclude that the problem
of mapping form onto meaning is solved by finding sufficient
common ground and bootstrapping new meanings upon that.
As such, the authors suggest that the latter significantly increases the likelihood that a symbolic communication system
emerges and that the emergence of dialogue is a crucial step in
the development of a system that can be employed to achieve
shared goals.

(b) Participants’ view after both players pressed the spacebar

Figure 1: The game environment, 1a shows the view while
players are moving, where movements from both, but only
the colors from the participants’ own world are visible. 1b
shows the environment after both players are done with their
movements. The colors of all quadrants are revealed to both
players as means of feedback.

Successful interactions and shared expectations
Many studies involved the experimental emergence of artificial languages, where participants are not permitted to use
conventional language systems (Steels, 2006; Scott-Phillips
& Kirby, 2010; Tylén et al., 2013). A task that is somewhat related to the ECG was studied in an experiment by
Galantucci (2005). Here participants played a collaborative
computer game and were required to develop new semiotic
conventions, which map signals and meanings, to communicate information regarding their location using a novel communicative channel. Similar to the findings of Scott-Phillips
et al. (2009), not all pairs succeeded in this task. Moreover,
pairs who did succeed differed widely in the manner and rate
at which they managed to solve the game. Success in such
tasks is typically attributed to feedback, alignment, shared biases and similarities between pairs, but a specific focus on
the underlying mechanisms that allow some pairs to converge
on a system while others can not achieve this is lacking. We
are interested in precisely these dynamics and investigate how
diversity of preferences and biases in pairs influences collaborative tasks.
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Personal need for structure

debriefed and given the opportunity to discuss their experience. This study was approved by the Psychology Research
Ethics Committee of Leiden University.

Individual differences in the desire for structure may influence how people understand and interact with their worlds.
This desire is measured by the Personal Need for Structure
Scale (Neuberg & Newsom, 1993), which consists of 12
statements (e.g. “I enjoy having a clear and structured mode
of life”) that are answered on a 6-point Likert scale. It measures the tendency to seek structure in chaotic environments.
It is characterized by a representation of simplified information and generalization of previous experience into fewer
complex categories that an individual uses in new and ambiguous situations (Svecova & Pavlovicova, 2016). Two conceptually different sub-factors are identified: the desire for
structure in unstructured environments (F1) and an individuals response to the lack of structure (F2).

Measures
Game performance was measured using a score and high
score. The score was increased by one point when both players ended on a quadrant with identical colors. The high score
represents the number of consecutive successful rounds. PNS
and its sub-factors were measured using a survey of 12 statements (see Neuberg & Newsom, 1993 to see all statements),
where the sum of all answers defines PNS, a higher sum corresponds to a higher need for structure. Here, items 3, 4, 6,
and 10 correspond to sub-factor F1 and items 1, 2, 4, 7, 8,
9, 11, 12 sum to F2. Finally, participants described the communication system they developed via three open questions.
We cross–checked the post–game descriptions, in which the
participants described their communication systems, with the
corresponding game data to validate whether both players reported identical systems, and to identify emerging patterns.

Current study
As mentioned above, reports on cooperative games and the
emergence of communication often focus on the importance
of common ground and the reliance on shared biases and expectations between interacting partners. However, we expect
that differences can also play a role as interacting partners that
differ might complement each other’s shortcomings, which
possibly aids cooperation. Arguably, the initial states of the
ECG can be considered as an unstructured environment and
thus may evoke different responses in humans that differ in
PNS. We investigate precisely how PNS might affect the evolution of a communication system that is created de novo.

Results
Statistical analyses were performed using R 4.1.0 (R Core
Team, 2021) and the BayesFactor 0.9.12-4.2 package (Morey
et al., 2018). Our results follow findings by Scott-Phillips et
al. (2009) in that out of 20 pairs, only 11 pairs managed to
create a robust communicative system, confirming that this is
not a trivial task. Participants perform on average 6.87 moves
(SD = 5.86) per round and obtain a mean high score of 29.9
(SD = 31.4).

Methods
Participants (N = 40: 31 females, 9 males; M age = 22.12,
SDage = 3.56) were recruited via two methods: the participant recruitment website from the Psychology department
of Leiden University, and by the experimenters during lectures or other events. As a result, 20 pairs played the ECG.
Upon arrival, they were given instructions about the experimental procedure and asked to take a seat behind a computer
in two separate rooms. The entire experiment took place on
two connected computers through a web application. Participants then read instructions that explained the goal and mechanics of the game and were given the opportunity to ask
clarifying questions solely concerning the mechanics. This
setup ensured that no conventional communication was possible and that the problem of signaling signalhood had to be
solved by participants themselves. The pairs then played the
game for 40 minutes uninterrupted, on average they played
255 rounds. Both players could move between the centers
of each of their own quadrants using the arrow keys and finalized their movements with the spacebar, after which both
players received feedback on their performance (figure 1b)
and continued to the next round. The game was stopped after
40 minutes, participants then filled out the PNS questionnaire
and reported whether they thought that any communication
occurred. If any, they described the communication systems
they developed or attempted to develop. Finally, they were

Emergence
The emergence of communicative systems happened in a
similar manner to what was reported by Scott-Phillips et al.
(2009), hence, we refer the reader to their article for a more
elaborate description. Successful pairs typically converged
on a default color, allowing them to score above chance levels, this happened for 12 out of 20 pairs (note that one pair
was not able to further develop a communication system beyond a default color). However, this strategy failed when the
default color was not available. Players typically responded
to this by moving between quadrants, which could be recognized by the other as communicative (e.g. “No, not the
standard color”). An initial convention was formed when
these behaviors were recognized as signals. From here players could bootstrap their signaling behavior when there were
no colors available for which a signal exists. These elaborate
behaviors quickly became symbolic signals that participants
explicitly recalled in their reports. The timing of convergence
on a default color was crucial towards a high score; pairs
that quickly settled on a default color typically evolved more
elaborate and robust systems. These systems were idiosyncratic to the pairs that evolved them and consequently would
not be useful to immediately communicate successfully with
new unseen partners. We observed patterns that are similar to
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Figure 2: The quadratic relationship between the average
number of steps over all rounds and high score.

Figure 3: Pairs’ difference in PNS score positively influences
high score.

the original study, namely oscillating between quadrants, circles and U-shapes. An example system of a successful pair is
as follows: red was the standard color, move there and wait
for other signals. Green was indicated by moving in anticlockwise circles, yellow was signaled by clockwise circles,
and blue was signaled by oscillating horizontally.
Successful pairs agreed on a color through dialogue. In a
typical dialogue, one player initialized a signal after which
the other copied it to confirm that color. However, when
that color was not available the recipient became the signaler and suggested another color by using its corresponding signal. Such behavior continued until both players
agreed on a certain color and finished the round. This robust system enabled participants to communicate successfully and gain high scores. We found that this is also reflected in the average number of moves participants made,
where dialogue, quantified by the mean number of moves,
has a quadratic relationship to higher scores, F(2, 37) =
7.29, p = .002, R2 = .28, R2ad justed = .24 (see figure 2). We
also tested a linear relation between dialogue and high score,
but found that this resulted in a lower fit (F(1, 38) = 5.24, p =
.02, R2 = .12, R2ad justed = .09). Moreover, the quadratic relation remains best when the two points larger than 25 moves
are removed, R2ad justed = .28 for quadratic regression and
R2ad justed = .19 for linear regression. Together this suggests
that there appears to be an optimum number of moves: too
few movements cannot convey communicative content, while
too many movements can become confusing.
The reports of non-successful pairs typically describe that
at least one participant tries to stick to its own system, not
paying attention to the behaviors of the other. In some cases,
participants even report having actively tried to communicate,
whilst realizing that their teammate did not notice and thus
decided to unsuccessfully submit to their dominance. This is
not trivial and often fails. This again shows that settling on
conventions and the emergence of a communicative system
requires all members to actively cooperate and interact.

Need for structure
Simple linear regression showed no relation between PNS
(M = 41.8, SD = 8.78), F1 (M = 15.4, SD = 3.48), F2 (M
= 26.4, SD = 6.53), and high score or the average number
of moves on an individual level. However, the ECG enforces team cooperation of both players, we therefore combined individual scores to calculate team scores and assess
team performance. We computed the difference in PNS between the two participants and figure 3 reveals that pairs with
individuals that have a large difference in PNS score higher,
F(1, 18) = 4.869, p = .041, R2 = .21, R2ad justed = .17. This
means that partners that respond differently to chaotic environments perform better in the ECG than those that have both
either a high or low personal need for structure.

Comparing teams
As mentioned earlier, not all pairs managed to form a robust
communication system and successfully communicate their
intentions. To further investigate why some are successful
and some are not, we labeled games based on self-reports
that describe the communication system that was used. After playing the game, participants individually reported on
the communication system they thought was present, and
the answers to these questions were cross-checked between
pairs and used to split the pairs into groups. Teams were labeled as good (n = 11) when both participants individually
reported identical signals for the same colors. They are labeled medium (n = 3) when there was partial overlap or when
there was only a default color, and bad (n = 6) otherwise.
An analysis of variance (one-way ANOVA) showed that the
mean high scores of these groups were significantly different, F(2,17) = 7.91, p = .004. When we combined medium
and bad performing pairs to have roughly equal sample sizes,
again mean high scores were significantly different, t(18) =
4.07, p < .001. This is expected because when two players
can both recall the same systems, they were probably also
communicating successfully in many consecutive rounds.
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Although figure 2 shows that pairs which use more movements do not necessarily reach higher scores, when comparing the two groups we do see that teams that performed
well in the ECG, on average, moved more than those
who performed worse (M good = 9.50, SDgood = 6.58, M bad =
3.65, SDbad = 2.29,t = 3.89, p < .001). This supports the
assumption that well-performing teams have sufficient dialogue, which according to Scott-Phillips et al. (2009) acts as
an indicator that a pair can be considered to have a robust
system.
Figure 4 shows the correlations between team measures for
pairs labeled as good and medium or bad performing pairs. A
significant relationship between the difference in PNS scores
and the high score is present for good teams, r(9) = .693, p
= .018. Since PNS is the sum of F1 and F2, it allows us to
investigate the main contributor of this effect. Differences in
desire for structure (F1) do not explain higher scores (r(9) =
-.107, p = .754), yet differences in the response to the lack of
structure (F2) do, r(9) = .78, p = .004.
A Bayesian test for correlation between PNS difference
and high score on good performing pairs yielded BF10;κ=2 =
3.69, indicating PNS difference positively influences the high
score. For F2 difference and high score, BF10;κ=2 = 13.25,
confirming that a greater F2 difference predicts higher high
scores. We did not find these relationships in the group of
medium and bad performing pairs. This could be expected
since high scores, in general, were lower for these pairs. Figure 3 shows that, although pairs with the largest differences
in PNS or F2 tend to score the highest, a relatively large difference in PNS or F2 does not necessarily lead to a higher
high score. We also observe pairs with a medium difference
in PNS or F2 that do not perform better than the lowest scoring pairs in general. This indicates that diverse reactions to
chaotic environments may be beneficial in establishing communication systems, but it does not guarantee success.

into the working mechanisms of the emergence of communication systems and may inspire future work. When looking at individual participants, no measure of personal need
for structure, PNS, F1 and F2 correlated with high scores.
However, when comparing partners in a team, we found that
team measures—defined as the difference of pairs’ individual scores—influenced performance. Greater differences in
PNS and F2 positively correlated with a teams’ high score.
Situated in the ECG, this entails that pairs of individuals that
respond differently to unstructured situations were more successful in building a communication system together. A split
of pairs into good, medium and bad teams revealed that this
relation is only present for well-performing teams. We therefore concluded that, while our results indicate that diverse reactions to a lack of structure may be beneficial in creating
a communication system together, this difference does not
necessarily guarantee better performance in the ECG. Many
other factors of course influence the complex process of social coordination, and here we have identified one, but we
suggest other factors and interactions between them should
be studied as well. We propose to not only further investigate
the relation of PNS to the creation of novel communication
systems but also to include analyses on other personality traits
such as the Big Five personality inventory (McCrae, Costa, &
Martin, 2005) or other questionnaires that assess personality
traits (e.g. leadership, submissiveness). This would allow
us to investigate further how various combinations of traits
influence the creation of novel communication systems and
create a deeper understanding of what might lead to success
in collaborative tasks.
Human language is highly structured. It is suggested that
systematic patterns emerged in language because humans
are naturally biased towards compressible systems, through
a general preference for simplicity (Kemp & Regier, 2012;
Kirby et al., 2015). Here, we investigated the influence of
such a bias for structure in a task where participants had to
cooperate and coordinate their signals. These biases also significantly affect the emergence of structure in language as languages are learned and transmitted across generations (Kirby,
Cornish, & Smith, 2008; Theisen-White, Kirby, & Oberlander, 2011; Verhoef, 2012; Kirby et al., 2015). Such experiments of iterated transmission often also expose participants
to initially unstructured systems, which then gradually become structured over generations of transmission. Yet, diversity in the bias for structure has never been used as a factor in
these studies, as such we propose there is an opportunity to
further investigate this by assessing how differences in PNS
may affect the emergence of patterns in transmission chain
experiments like those of Kirby et al. (2008); Theisen-White
et al. (2011); Verhoef (2012). This could reveal whether besides the processes of transmission and interaction (Kirby,
2017), a direct individual need for structure, or differences
therein indeed affect the evolution of signals. If the latter is
true, this would provide more evidence for the benefits of diverse members in collaborative tasks. The effect of diverse

Discussion
In this paper we describe an experiment in which participants
played the Embodied Communication Game from ScottPhillips et al. (2009) and we replicated their findings, while
also introducing a novel way of comparing differences in
game success. Paired participants had a shared goal whilst
they did not have access to conventional means of communication. As such, they had to create a novel communication
system that allowed them to coordinate their intentions. This
non-trivial cooperation problem was typically solved through
the formation of initial conventions (common ground) and a
bootstrapping process. We extended the original work by incorporating a measure that allowed us to compare cognitive
traits of cooperating individuals and found that a difference
in personal need for structure between partners influenced the
emergence of the communication systems in this game.
It is important to note that the current sample size limits the possibility to make far-reaching generalizations, but
the results reveal intriguing relationships that provide insight
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Figure 4: Comparison of the relations between all measures for good performing pairs (left) and medium or bad performing
pairs (right). For good pairs there is a positive correlation between PNS dif, F2 dif and high score. These relations are not
present for medium or bad pairs. In both groups F2 dif correlates with PNS dif, while F1 dif does not, indicating that F2 dif
is the main contributor of the relation between PNS dif and high score. Note: the color represents the correlation coefficient
and the annotations correspond to p-values.
that overlap in cognitive biases and similarities in expectations drives the emergence of shared systems (Tylén et al.,
2013; Scott-Phillips & Kirby, 2010), we found that differences in personal need for structure also matters in cooperative tasks and that diversity of communication partners might
be beneficial for the emergence of new communication systems. While more evidence is needed to support this benefit, we speculate that differences in biases or personalities
can aid by complementing weaknesses of partners in unfamiliar collaborative situations such as language evolution. As
such, we propose that novel insights can be obtained by focusing on targeted differences between interacting pairs that
have not been able to successfully communicate. We suggest
including other personality traits and investigating the exact
workings of the dynamics between mixed prior expectations,
personality traits and the emergence of novel communication
systems.

members in groups on emergence of signaling systems can
also be investigated when the ECG is adapted to accommodate groups instead of pairs. It has been found that communicating with multiple interaction partners introduces pressures that result in more stable shared vocabularies (Raviv,
Meyer, & Lev-Ari, 2019). In combination with our findings
(i.e. that the ECG is a non-trivial task for pairs), we speculate that establishing common ground and emerging signals
in the adapted ECG will be more difficult for groups but that
once these are in place, will be more robust. We moreover
expect that groups consisting of diverse members that score
differently on PNS will benefit from this and obtain higher
high scores.
It seems obvious why alignment in expectations may aid
cooperation, it makes it easier to coordinate and predict the
moves of another player. The reason why diversity in expectations may be beneficial in cooperation tasks may be less
intuitive, but we suggest that differences between interacting
partners might complement each others’ weaknesses, possibly aiding cooperation. In light of the ECG, this happens
when one partner actively tries to create structure, while the
other is looking for structure.
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Abstract
According to the cross-situational word-referent learning
account, infants aggregate statistical information from
multiple parent naming events to resolve ambiguous
word-referent mappings within individual events. While
some experimental studies have shown that infants and
adult learners are sensitive to these statistical regularities, other studies that use naturalistic stimuli (e.g.,
real-world scenes with toys) reveal poor performance in
adults’ ability to infer the correct referent. In the current study, we examined whether the properties of young
learners’ input “in the wild” may differ from those found
in laboratory experiments. We analyzed the temporal
and spatial regularities of parent naming events from a
naturalistic data set of video recordings and eye-tracking
collected while parents and children played with toys.
We also examined how these regularities affected infants’
visual selection of information through attention. Overall, we found that parents were less likely to name the
same toy twice than to name two different toys in sequence, except at short lags (0s > t > 5s). Most of the
visual scenes accompanying naming events were composed of several toys of approximately equal (and small)
size. Child attention to the target toy appeared to be
modulated primarily by object size. These results underscore the importance of quantifying the regularities
found in naturalistic data in order to shed light on the
type of mechanism used in word learning.
Keywords: word learning; cross-situational learning;
vision and attention; exploratory data analysis

Introduction
One of the key challenges in word learning is that of mapping words to their referents in the world. In an everyday learning context such as toy play, when a parent produces an object label that is new to the child, the correct
label-object mapping is not necessarily clear or explicitly stated from the child’s point of view. Quine (1960)
referred to this as referential uncertainty. Nonetheless, human learners, and even infants, are able to solve
this problem by building correct word-referent mappings
from this ambiguous input.
Several theoretical accounts have been proposed to explain how human learners solve the mapping problem.
On one account, learners reduce in-the-moment ambiguity using social (Baldwin et al., 1996) and linguistic cues
(Abend, Kwiatkowski, Smith, Goldwater, & Steedman,
2017). On another account, learners aggregate statistical information about word-object mappings across individually ambiguous learning situations; this mechanism
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is termed cross-situational learning (Yu & Smith, 2007;
Smith & Yu, 2008; Fitneva & Christiansen, 2011). The
current paper focuses on examining the cross-situational
learning solution for early word learning.
Cross-situational word-referent learning was proposed
to provide a statistical solution for initial mappings of
words to referents. All varieties of computational models succeed at this kind of learning (Amatuni & Yu, 2020;
Bhat, Spencer, & Samuelson, 2018; Bambach, Crandall,
Smith, & Yu, 2018). Laboratory experiments show that
adults, older children, and toddlers are quite good at this
kind of learning (Yu & Smith, 2007; Smith & Yu, 2008;
Fitneva & Christiansen, 2011). Following the general design principle in statistical language learning, the experimental task of cross-situational learning was explicitly
invented to demonstrate that learning could emerge from
the aggregation of experiences with individually ambiguous naming events. On each trial, the learner heard multiple words and saw multiple objects with no information
about which word went with which object. Across trials, each word always co-occurred with just one referent;
thus there was cross-trial certainty despite within-trial
uncertainty. But this cross-trial certainty only holds if
the learner samples, remembers, and aggregates wordreferent co-occurrences across trials.
However, one critique that has been leveraged against
the cross-situational learning solution is that it may not
work with real-world data. Trueswell, Gleitman, and
colleagues (Medina, Snedeker, Trueswell, & Gleitman,
2011) asked adults to guess the intended referent when
presented with 3rd-person video (no audio) of parent
naming events. In this Human Simulation Paradigm
(HSP), adults were very poor at guessing referents and
further showed no ability to aggregate information about
word-referent correspondences across these highly cluttered visual scenes. If everyday scenes paired with words
are insufficient to support statistical learning in adults, is
it still possible that infants learn their first object names
by aggregating heard words and seen things across multiple naming experiences in the clutter of the real world?
The key to answering this empirical question is to measure and quantify the statistics of the input that young
learners perceive in the real world. Toward this goal,
the infant-perspective scenes that coincide with parent
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naming events are the input for learning. Hence, theories
and research on early object name learning need to work
with these scenes (Yu, Zhang, Slone, & Smith, 2021).
Further, the relevant data for learning concerns the scene
elements visually selected by the active learner. Thus,
we need to know the properties of the infant-perspective
scenes that coincide with parent naming and we also
need to know how infants visually select information in
those scenes.
The goals of the present study are to analyze realworld scenes that capture parent naming moments from
the infant’s perspective in order to determine: 1) what
temporal regularities are present in parent naming during naturalistic toy play; 2) what complexity and composition characterizes visual scenes during parent naming,
and 3) how infants allocate their attention (as measured
by eye-gaze) and thereby constrain their input. We first
describe the temporal properties of the auditory input
(i.e., parent naming) and how it impacts child attention.
We then characterize the visuo-spatial properties of the
infant-perceived scenes corresponding to naming events
and how they affect child attention. Since we do not have
a direct measure of learning as in the lab-based crosssituational learning experiments, we measure infant gaze
since visual attention is necessary (but not sufficient)
for learning. If laboratory tasks and assumptions about
early word learning violate the properties of the audiovisual context of infant learning experiences in the real
world, then the cross-situational learning mechanism, in
its current form, may not be sufficient to explain how
infants learn word-referent mappings.

Figure 1: Third-person view of the experiment setup
(left) and the child egocentric view (right), showing the
gaze cross-hair.

sub-sample of frames to detect toys present in the video.
After training, the algorithm automatically detects toy
objects in view, providing up to twenty-four coordinate
sets per frame (x, y, x-length, y-length) that are used
to draw “bounding boxes” around all of the visible toys.
Parent speech and child vocalizations were manually annotated at the utterance level using Audacity. There
was no minimum utterance length for annotation, but
utterances less than 400ms apart were collapsed into a
single utterance. The gaze data, object detection data,
and transcriptions were all synchronized, which allowed
us to measure children’s visual attention and scene composition temporally aligned to individual spoken utterances.
The current study includes data from 106,200 frames
of egocentric videos from the child’s front-facing camera,
corresponding to 1,475 parent naming events. For each
naming event, object detection data and gaze fixations
were extracted within a 3s window starting at the onset
of a given naming event.

Data and Data Processing
The data used in this analysis were collected from freeflowing parent-child dyadic toy play sessions (n = 36,
age = 15−25 mo), each involving the same set of 24
toys. Each session lasted an average of 8.11 minutes
(range 0.95−16.17 min), with 291.79 minutes of video
data in total. Figure 1-left shows a third-person view
of the experiment setup. At the beginning of the experiment, the 24 toys were randomly spread on the floor.
The parents were asked to play as they would at home
and to keep their child engaged with those toys. During
the play session, the parent and child each wore a headmounted eye-tracker with a front-facing camera capturing what was in their field of view (sampling rate of 30Hz
for both). An example of the child’s view can be seen in
Figure 1-right.
The videos from the eye-trackers and front-facing cameras were synchronized and calibrated using the Yarbus
program (Positive Science LLC) to generate a gaze crosshair in each image frame indicating the child’s gaze location (Fig. 1 right). The field-of-view videos were
then processed using YOLO object detection (Redmon
& Farhadi, 2018), which was trained on an annotated

Study 1: Temporal Continuity of Parent
Naming Events
Previous lab experiments showed that word learning is
facilitated when human learners are exposed to repeated
naming of the same object within a short period of time
(Kachergis, Yu, & Shiffrin, 2009), compared with when
naming frequently switches between different objects.
The goals of Study 1 were to examine whether such temporal regularities can be observed in parent naming during free-flowing toy play and to compare child attention
to named (target) objects when hearing repeated names
and when hearing different names.
The lag between any two naming events was determined by their inter-onset interval (IOI), as seen in Figure 2. Parent naming utterances were categorized into
two groups: 1) same when the parents named the same
toy repeatedly (e.g., parent names “doll”, then 5s later
names “doll” again); or 2) different when the parents
named one toy first and then switched to name a different toy (e.g., parent names “doll”, then 3s later names
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Figure 2: Temporal continuity of parent naming. The
graph shows examples of the three different events of interest: the same toy being repeated, an isolated naming,
and two different toys being named.

Figure 3: Likelihood of the parent naming the same or
different toy based on the time since the first naming
event (IOI). The black box demarcates within-utterance
naming pairs (t=0s).

“bed”). Due to the annotation scheme, naming event
pairs within the same utterance had an IOI of t=0s.
First, we examined the overall distribution of IOIs and
the likelihood of repeated parent naming based on these
IOIs. Then, we measured child attention during these
naming events (from onset of utterance to 3s after) and
modeled the relationship using a logistic mixed effects
model.

children are more likely to hear the parent name two different toys. However, for separate naming events (t>0s),
children are more likely to hear the same label repeated
within four seconds after the first naming, but this probability decreases as the inter-onset interval increases.
In order to quantify child attention based on the interonset interval, we calculated the proportion of time that
the child fixated the target during the second naming event. Here we excluded naming event pairs that
are within a single utterance (t=0s), since there is not
enough resolution in the data to extract the child’s attention proportion during each individual word. Figure
4 shows attention to target proportions from the second
naming event across lags. The mean attention proportions and line of best fit are plotted over the individual proportions (for a given naming event) binned by
second. With this new set of temporally close naming
pairs (0<IOI<=20s), we found that children spend similar proportions of time fixating the target object during the second naming event for repeated toys (attention proportion: M=0.41, SD=0.39) and for two different toys (M=0.38, SD=0.35). Attention proportion did
not appear to change as IOI increased either for same or
different naming pairs.
We used a logistic mixed effects model to test the
relationship between (centered) IOI, naming pair type
(same/different), and their interaction and the probability that the child looked at the target (a binarized
version of the fixation proportion plotted in Figure 4).
Parent-child dyads were entered as random intercepts.
Neither the IOI nor the naming pair type had a significant relationship to the probability that the child looks
at the named toy (IOI: b = 0.001, SE = 0.02, p = 0.66;
Pair type: b = 0.08, SE = 0.15, p = 0.58). The interaction between the two predictors was also not significant
(p = 0.36).

Results
There were 40.97 naming events on average per subject
(range 7−111), with a mean of 3.09 naming events for
each toy (range 1−19) per subject. Different naming
pairs were more frequent (n = 869) than same naming
pairs (n = 570).
Using the inter-onset interval between any two naming
events to quantify the temporal aspect of parent naming behavior, we found that the overall distribution of
the IOIs, regardless of toy identity, was right skewed;
the mean time lag was 10.925s, while the median was
4.25s (SD=25.56s, range 0−570.39s). The IOIs for same
naming events were on average shorter (M=5.87s) and
less variable (SD=9.31s, range 0−110.68s) when compared to those for different naming events (M=14.24s,
SD=31.59s, range 0−570.39s). Since the IOIs for both
same and different naming event pairs are not normally
distributed, we used a Wilcox rank sum test on their
distributions, which showed that the difference is statistically significant (W=3.08e5, p-value < 3.33e-15).
We grouped the inter-onset intervals by second and
calculated the conditional probability of the child hearing the same or different toy as the second label given
the IOI (Fig. 3). The graph includes those naming event
pairs that are less than 20s apart to focus on the naming events that are temporally close together (same =
544, different = 703). Within a single utterance (t=0s),
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Figure 5: An example of the object detection data after processing (left) and the corresponding extracted toy
sizes (right).

Figure 4: Proportion of time spent looking at the target for (second) naming events that are preceded by the
naming of the same toy or different toy. Time since first
naming was binned for each second.

In sum, parent naming events seem to be organized
such that repetitions of the same toy name mostly occur
within a short period of time, while sequential naming
of different toys occurs at longer lags. However, within
a single utterance, parents are most likely to name two
different toys. The time between two naming events and
whether they refer to the same object or a different object do not appear to influence how much attention the
child pays to the referent of the second naming event.

Figure 6: Mean toy sizes during a given naming event,
sorted by size ranks. Dashed lines indicate the average
number of toys in the child’s field of view during a naming event, based on toy size cutoff.

Study 2: Spatial Properties of Visual
Input During Naming Events
When hearing a toy name, what was the infant’s visual
input and how did they allocate attention? Study 2
aimed to answer these questions by analyzing the spatial regularities of scenes from the infant’s viewpoint
and their impact on child attention. Taking a statistical learning perspective, the child is a statistical learner
that extracts a subset of the information that they are
presented with. To that end, we aim to quantify two
aspects of scene composition during naming events; the
first aspect is the distribution of toy sizes in the child’s
field of view, and the second aspect is the combination
of these toys in view to comprise a visual scene (Fig. 5).
For the distribution of object sizes, we ranked the objects in the child’s view during a naming event according
to size. We then calculated the average object sizes for
each size rank per scene, regardless of identity, and represented each scene as a vector of the top six object sizes.
Mean shift clustering, an unsupervised clustering algorithm, was used to identify patterns in scene composition
and extract prototypical scenes from these scene vectors.
Similar to Study 1, we quantified child attention based
on these prototypical scenes and then modeled their relationship using a mixed effects model.

Results
During naming events, there were an average of 17.05
toys in view (SD=4.08, range 1−24). However, when we
filtered the data to only include toys in the foreground
(toy size > 5% of image), there was an average of 4.38
toys in view (SD=2.29, range 0−14).
To get a more detailed look at regularities of toy sizes,
we calculated the average size of toys by rank within
a scene (Fig. 6). The bottom half of largest toy sizes
were dropped in order to focus on the more noticeable
objects in the child’s field of view. Only a few toys occupy a relatively large portion of the child’s field of view;
the largest toy during the naming event occupies about
15% (SD=8.53%). We tried different potential cut-offs
for identifying toys in the foreground: those taking up
>3%, >5%, and >7% of the image. With the first, most
generous definition (toy size >3%), there was an average of 9.134 toys per scene (SD=3.39, range 0−21). The
second foreground cut-off value (toy size >5%) gave an
average of 4.382 toys (SD=2.288, range 0−14), which
most closely matches the original cross-situational learning studies. With a stricter definition of the foreground
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Figure 7: Five major clusters as identified by the mean shift clustering results. A) Each graph represents a prototypical scene composition during a naming instance, with each bar being the nth largest toy. Dashed lines indicate
the modal target toy rank and the corresponding count. B) Each graph represents the proportion of time the child
fixated on any object (for the longest six looks) for scenes belonging to each of the 5 clusters. Dotted lines indicate
the mean proportion of looks to the target object.
(toy size >7%), the average number of toys per scene
dropped from 4.38 toys to 2.47 toys (SD=1.65, range
0−11).
We used mean shift clustering to identify groups of
similar scenes in the data. Here, scenes are represented
as a vector of the top six largest toy sizes. For example, the scene in Fig.5 would be coded as [0.20, 0.06,
0.05, 0.04, 0.03, 0.02], while a scene with only one toy in
view would be [0.25, 0, 0, 0, 0, 0]. There were 23 clusters identified, though the majority of the clusters were
outlying single scenes (18 had less than 10 scenes per
cluster, 4 had less than 60 scenes, and one included 1194
scenes). Due to being too idiosyncratic, those outlying
clusters with less than 10 instances were not included in
the following analyses.
From the clusters, we then extracted “prototypical”
scene compositions of naming events. Figure 7A shows
the prototypical scenes as identified by the mean shift
clustering, where each subplot is an example scene from
the data which is closest to its cluster’s center point.
Cluster 1 had the most instances (n=1194) and represents scenes in which several toys are approximately
equally-sized and none take up more than 12% of the
child’s visual field. Cluster 2 (n=51) represents scenes
in which one object takes up a large proportion of the
visual field (near 40%) and there are several other toys in
the background (<10% of view). Cluster 3 (n=38) repre-

sents scenes in which two toys take up a large proportion
of the visual field, with another medium size object and
the rest in the background. Cluster 4 is the second most
common (n=55) and represents scenes in which there is
more variability in the sizes of toys in the child’s view,
most of which are of medium size. Finally, cluster 5
(n=31) represents naming instances with a large, single
toy in the child’s visual field.
The dashed lines in Fig. 7 indicate the most frequent
rank of the toy labelled by the parent among the sorted
toy sizes, along with their count. With the exception of
cluster 3, the labelled toy was most frequently the largest
of the six toys in view (1: 379/1194, 2: 27/51, 4: 13/55,
5: 23/31). For scenes with one toy in focus (clusters 2
and 5), the labelled toy is the largest for just over half
of the instances.
We quantified child attention regarding their overall
gaze behavior (regardless of toy identity) and their attention on the named toy. For their overall gaze behavior, we sorted their gaze proportions (of the longest
six looks) for each scene and calculate the mean proportions by rank. Figure 7B shows these distributions
of gaze proportions based on each cluster. Even though
the prototypical scenes are quite different in their scene
composition, the children’s gaze patterns are quite similar; one long look, with a few short looks. Likewise,
the mean proportions of target attention are similar as
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well (range 0.36−0.57). For all clusters, the mean proportions of gaze to the target are lower than the longest
look proportion suggesting that children did not always
look longest at the target during a naming event.
Target size rank significantly predicted whether the
child looked at the target (b = −0.24, SE = 0.017,
p <2e-16) such that the probability of fixation was larger
for objects which were relatively larger. Children were
also more likely to fixate the target when the scene
composition belonged to cluster 3 relative to cluster 1
(b = 1.09, SE = 0.54, p = 0.045).
In sum, during naming events, toys are distributed in
the scenes such that only a few toys occupy the foreground of the scene (M=4.38 toys/scene) when we use
a size cut-off of >5%. Through mean shift clustering,
we identified five prototypical scene compositions. For
most of these prototypical scenes, the target was frequently the largest toy, however, only in those with one
object in focus (clusters 2 & 5) did it occur for more
than half of the naming events. Children’s overall looking behavior during a naming event was similar across
clusters. Children were more likely to look at the named
object when it was large relative to the other objects in
the scene and slightly more so when the composition of
the scene consisted of two larger toys with other toys in
the background.

posed to the n equal-sized objects typical of CSL experiments. The overall input statistics in the real world are
similar to those found in the CSL studies, giving credence to their derived accounts of statistical learning.
Whether learning in CSL studies could be improved by
adapting the exposure to more closely match properties
of the child’s real-world experience (e.g., scene compositions where candidate referents are not all equally-sized
and targets are more likely to be relatively big) is an
open question.
Trueswell, Gleitman, and colleagues’ HSP work did
use real-world data. However, previous research (Yu
& Smith, 2012; Bambach et al., 2018) showed differences in the visual information generated by the child’s
field of view compared to other views (e.g. 3rd-person
views). Therefore, we specifically chose the current data
set for it’s child view recordings in a naturalistic play
environment. The lab area was decorated to be similar
to a home, with carpets, furniture, and stuffed animals.
Based on the instructions, the parents and caretakers
played similarly to how they would at home. Yet, since
it was a controlled lab environment, researchers were
able to record much more information than would be
available at the participants’ actual homes through the
use of multiple room cams, head cams, and eye-trackers.
While certain aspects of the child’s everyday play context
cannot be wholly replicated (i.e., it is not their home)
and the presence of recording equipment may impact
their behavior in some way, these data balance ecological
validity with dense, high-quality, multi-modal measurements which uniquely afford the type of analysis presented here.

General Discussion
In the current study, we quantified the statistical regularities of parent naming and child attention in naturalistic
toy play data. We demonstrated that parent naming tendencies (repeat same vs. name different toy) change as
a function of the time between naming events. We also
observed that the majority of naming events were accompanied by scenes in which several toys only occupied
an equal, small proportion. Furthermore, we found that
the child’s gaze distribution is consistent based on these
regularities and, based on our models, identified the size
rank of the target toy as the most significant predictor of
child attention. These findings extend previous work on
learners’ sensitivity to co-occurrence statistics of visual
and auditory input (Kachergis et al., 2009).
Our results reveal statistical regularities that are similar to those found in cross-situational learning studies (Yu & Smith, 2007; Smith & Yu, 2008; Fitneva &
Christiansen, 2011; Kachergis et al., 2009). For example, the average naming frequencies of each toy reflected
some of the conditions typical of the lab studies (3.09 vs
3/6/9), but the range was much broader (1−19). Likewise, with two of the toy size cut-offs (>5%, >7%), the
average number of toys in the foreground of the child’s
view matched the typical number presented on screen
(4.38, 2.47 vs. 4, 2). However, the mean shift clustering analysis identified prototypical scenes with either
one or two large toys with a gradient of sizes, as op-

To better understand the robustness and generalizability of the patterns observed here, these analyses should
be extended to similar datasets collected from other environments. The relationship between the timing of parent
naming events and the spatial properties of the visual input, as well as whether/how it is linked causally to child
attention, also remains unclear. Based on the current
data, we cannot conclude whether it is the parent or the
child leading the interaction to generate these regularities. For instance, it may be the case that the parent
chooses to name the object which they think appears
largest to the child in that moment. In contrast, parents
may be more focused on what is in their own field of view
and the naming instance may draw the child’s attention
to particular objects. Future analyses could integrate the
parent’s view and explore the relationship between the
spatial and temporal regularities. Lastly, when designing CSL experiments, the supporting regularities can be
informed by this type of analysis, such that they incorporate more variations in the naming frequency and toy
sizes or scene composition, or even use the first-person
videos as stimuli (Zhang, Amatuni, Cain, & Yu, 2020;
Zhang et al., 2021).
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Abstract

from intertwining social, biological, and cognitive systems in
which the individuals are embedded (Newell, 1986;
Richardson, Dale, & Marsh, 2014). Specifically, the primary
assumption of the ecological dynamics framework is that the
interaction between individual, task, and environmental
constraints leads to the emergence of different action
possibilities available to individuals (termed “affordances”),
which drive individuals’ action decisions (LoprestiGoodman et al., 2009; Newell, 1986). These affordances
(e.g., “climability” of stairs) can be captured by body-scaled
ratios, typically measured as a ratio between action relevant
properties of the task environment and the individual’s
capabilities (Michaels, 2003; Warren, 1984).

Joint pick and place tasks occur in many interpersonal
scenarios, such as when two people pick up and pass dishes.
Previous studies have demonstrated that low-dimensional
models can accurately capture the dynamics of pick and place
motor behaviors in a controlled 2D environment. The current
study models the dynamics of pick-up and pass decisions
within a less restrictive virtual reality mediated 3D joint pick
and place task. Findings indicate that reach-normalized
distance measures, between participants and objects/targets,
could accurately predict pick-up and pass decisions. Findings
also reveal that participants took longer to pick-up objects
where division of labor boundaries were less obvious and
tended to pass in locations maximizing the dyad’s efficiency.
This study supports the notion that individuals are more likely
to engage in interpersonal behavior when a task goal is
perceived as difficult or unattainable (i.e., not afforded).
Implications of findings for human-artificial agent interactions
are discussed.

Pick and Place Tasks

Keywords: affordances; joint action; pick and place tasks;
decision making; virtual reality;

Introduction
An essential issue in understanding interpersonal human
behavior is determining how individuals spontaneously
coordinate their actions to achieve a common task goal. Many
everyday tasks involve coordinated actions between
individuals, without requiring explicit communication or a
priori planning, to effectively meet shared goals (Allsop et
al., 2016; Nalepka et al., 2019). A commonality between such
tasks, such as setting the dinner table or industrial operations
(including assembly line production and product delivery), is
that they often involve pick and place behaviors, which entail
selecting an object from a group of objects and moving it to
a particular location (Lamb et al., 2017).
An ecological dynamics perspective of interpersonal
behavior posits that motor behavior spontaneously emerges

Pick and place behaviors have been extensively studied
within fields of cognitive and human movement sciences, to
examine individual (e.g., Flash & Hogan, 1985; Rosenbaum,
et al., 1990) and interpersonal performance (e.g., Meyer, van
der Wel, & Hunnius, 2016; Richardson et al., 2007). Much of
this research has focused on analyzing the movement
trajectories and velocities produced during these tasks, with
experimental studies demonstrating differences in the
behavioral dynamics when performed individually versus in
pairs (e.g., Becchio et al., 2008; Georgiou et al., 2007).
Recently, studies by Lamb et al. (2017, 2019) developed a
highly controlled 2D virtual reality (VR) mediated joint pick
and place task, involving participants moving and passing
disk-shaped objects by sliding them across a tabletop. Using
this task, Lamb et al. (2017, 2019) effectively demonstrated
not only that pick and place movements can be modelled by
dynamical primitives of human movement behaviors but also
that action decisions can be modelled using low-dimensional
models of fundamental task-relevant constraints (see Lamb et
al., 2019 for action selection equations).
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Figure 1: 3D virtual task setup. (Left) diagrammatic of setup from top view; (Right) virtual task space from above. X-axis,
Y-axis (measured from ground), and Z-axis coordinates are given (in meters) for the center of collector and dispenser tubes.
By experimentally manipulating the appearance and target
location of the objects, Lamb et al. (2017, 2019) also
determined that object pick-up and pass decisions in a 2D VR
environment could be effectively explained by 2D bodyscaled ratios of affordances. Specifically, pick-up decisions
were accurately predicted by how close an object was from
the participant’s and their co-actor’s hand and passing
decisions were predicted by how far the object’s target
location was from the participant’s hand (normalized by
reach). Lamb et al. (2017, 2019) also revealed that the
location that the participants passed the objects tended to
cluster in two regions, with one cluster per pass direction.
A limitation of the task environment used by Lamb et al.
(2017, 2019) was that participants’ movements were
restricted through limited pick-up range of objects, limiting
hand movements to a 2D horizontal plane, and requiring
participants to keep their hand stationary (near their body)
between trials. Consequently, while these studies
successfully modelled the interpersonal decision dynamics
with regard to the 2D distances of objects and target locations
from participants’ hands, in reality, these affordance
measures are more likely to be a function of individuals'
overall body and limb measurements and positions.

The Current Study
The current study aimed to extend the previous research of
Lamb et al. (2017, 2019) by identifying and modelling the
behavioral dynamics of action decisions (pick-up and pass
decisions) within a less restrictive 3D joint pick and place
task. The study also examined the effect of increasing the
complexity of the pick and place task (via increasing number
of decisions) on the behavioral dynamics. To achieve these
aims, this study used a modified version of Lamb et al.
(2017)’s joint pick and place task, adapted to a 3D VR
environment, and manipulated the number of objects
(single/multiple) available to be picked up at any given time.

Methods
Participants
32 participants (21 female and one non-binary; 28 righthanded) ranging from 17 to 35 years of age (M = 20.72 years,
SD = 5.29 years) were recruited from an Australian
university. There was ample variability in participants’ height
(range = 159.00 – 202.00 cm, M = 170.00 cm, SD = 8.63 cm)
and arm length (range = 67.00 – 84.00 cm, M = 71.63 cm, SD
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= 3.78 cm). All participants gave written informed consent,
and the ethical aspects of this study were approved by the
Macquarie University Human Research Ethics Committee.

Materials
The Pick and Place Task The experimental task used in the
current study required participants to pick up virtual
cylindrical objects (height = 15 cm, radius = 5 cm) appearing
through dispenser tubes and drop them off in collector tubes
on the opposite end of the table (see Figure 1). Objects were
colored (yellow, purple, green, blue, or red) and needed to be
dropped off in the correspondingly colored collector tube.
After an object appeared, any participant could pick it up and
either drop it off or pass it to their co-actor. All participants
worked in pairs and performed simple, single object (SO) and
complex, multiple object (MO) versions of the task. In SO
trials a new object appeared when the previous was dropped
off, however in MO trials, a new object could appear at any
time (with ≤ five objects available at once). In MO trials,
participants could swap their objects if they were both
holding one, resulting in both objects passed simultaneously.
Experimental Setup The experiment took place in a 2.8 m x
4.1 m laboratory room at an Australian university, where
participants stood on opposite sides of a 2.2 m x 1.2 m table
with a height of 0.81 m. The laboratory table and room were
simulated within the virtual environment in their true location
and size. The VR environment was designed using Unity
(Unity Technologies, 2021) and SteamVR (Valve
Corporation, 2021) and was presented to the participants
through HTC Vive Tobii VR Integration headsets and hand
controllers (HTC Vive & Tobii Pro, 2017). Participants wore
one headset and held one controller each, which appeared
within the virtual environment in their true location and size.
Participants’ bodies were represented as simple red avatars in
the virtual environment (see Figure 1) and the avatars’ height
was calibrated to match the height of participants by
matching the locations of their headsets. Objects were picked
up when they contacted the controllers and could not be
released unless dropped off or passed. Objects were dropped
off by placing them under the correct collector tube.
Before the experimental trials began, participants were
allowed to familiarize themselves with the VR environment
in a short practice block, where they were informed on how
to complete the task. Participants were instructed to refrain
from talking and complete trials as quickly as possible and
were free to move around as needed. Participants completed

four groups of trials: 2 x 40 SO and 2 x 80 MO trials, apart
from the first pair who completed a longer version of the task:
300 trials in total (trials were subsequently shortened to
minimize any possible fatigue). SO and MO blocks were of
different length to balance the total time taken per block. The
order of SO/MO trials were counterbalanced across pairs to
counteract any order effects, such as practice effects.
Measures and Design This study used a nested repeated
measures experimental design. Primary measures were: (1)
pick-up (which participant in the pair: north/south, picked up
the object); (2) object pick-up time (how many seconds after
being dispensed was the object picked up, normalized by
distance of object at appearance); (3) pass (did the participant
pass the object to their co-actor after pick-up: yes/no); and (4)
pass location. Independent variables were: (1) task version
(SO/MO); (2) object appearance location (which dispenser
the object appeared in); (3) object target location (which
collector tube the object was to be dropped-off in); (4)
standing location to object (standing-object) distance; and (5)
standing location to target (standing-target) distance. (4) and
(5) were measured as planar distances (top view) from the
participants' headsets to the location of the object and target,
respectively. Distances were normalized by participants'
reach, quantified by their arm length, similar to the measures
used by Lamb et al. (2017, 2019).

Results
Analyses were conducted using Stata/MP 17.0 and
MATLAB (MathWorks, 2020). Multiple models predicting
decision dynamics were tested, however, only the most
robust findings are presented for sake of brevity. Specifically,
while adding other affordance measures to Lamb et al. (2017,
2019)’s proposed pick-up and pass models sometimes
yielded marginally significant increases in Pseudo-R2, adding
such predictors tended not to markedly increase the models’
predictive power, often exhibiting severe multicollinearity.

Pick-Up Decisions
Pick-ups were evenly distributed across north and south
players, in SO and MO trials. Participants picked up objects
dispensed on their side of the table in 99.73% of SO trials and
98.42% of MO trials. Participants also more frequently
picked up objects with target locations on their side of the
table. This disparity in pick-up rate was slightly less apparent
in the MO trials versus SO trials. To examine if the original
model from Lamb et al. (2019) could predict pick-up
decisions, a multilevel logistic regression model was fitted
with pair identifier as a random factor for both players and
the results are presented in the following subsections.

SO Trials

MO Trials

Figure 2: Pick-up proportions for north and south players.
SO Trials The original model classified 91.91% of pick-up
decisions, exhibiting almost perfect discrimination of pickups by north and south players and strong concordance
between observed pick-ups and those predicted by the model
(see Table 1). Due to large symmetry of task set-up between
players, two separate multilevel logistic regression models
were run for north and south players, which indicated that
standing-object distance was a strong significant predictor of
pick-up decisions. Specifically, every 1-unit decrease in
standing-object distance significantly predicted 4.07e+11%
and 9.34e+5% increased odds of pick-up for north (z = 16.28,
p < .001) and south players (z = –17.33, p < .001).
Post hoc analyses revealed that for the objects dispensed in
the central tube (i.e., dispenser no. 3), standing-target
distance significantly predicted pick-up over and above
standing-object distance. Specifically, 1-unit decrease in
standing-target distance led to 4.07e+11% and 9.44e+5%
increased odds of pick-up for north (z = –7.56, p < .001) and
south players (z = –3.13, p = < .001). Similarly, for green
objects (requiring drop-off in the central collector tube),
standing-object distance significantly predicted pick-up over
and above standing-target distance, where 1-unit decrease in
standing-target distance led to 1.16e+5% and 1.57e+3%
increased odds of pick-up for north (z = –3.97, p < .001) and
south players (z = –6.36, p < .001), respectively.
MO Trials Multilevel analyses on MO Trials yielded similar
results. The original model classified 92.80% of total pick-up
decisions, with almost perfect discrimination of pick-ups by
north and south players and strong concordance (see Table
1). Standing-object distance was a strong significant
predictor of pick-up decisions, where a 1-unit decrease
resulted in 3.37e+3% and 4.20e+4% greater odds of pick-up

Table 1: Logistic regression coefficients for the model adapted from Lamb et al. (2019) predicting pick-up in (1) SO
and (2) MO trials. Pseudo-R2 = McFadden’s R2.
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by north (z = –14.36, p < .001), and south players (z = –15.62,
p < .001). Post hoc multilevel logistic regression analyses
again revealed that for the objects dispensed in the central
tube, standing-target distance significantly predicted pick-up
over and above standing-object distance. Specifically, 1-unit
decrease in standing-target distance led to 592.94% and
570.92% increased odds of pick-up for north (z = –2.64, p =
.008) and south players (z = –2.50, p = .013). Similarly, for
green objects, standing-object distance significantly
predicted pick-up over and above standing-target distance,
where 1-unit decrease in standing-target distance led to
1.30e+6% and 1.80e+5% increased odds of pick-up for north
(z = –4.91, p < .001) and south players (z = –3.96, p < .001).

Object Pick-up Time
Object pick-up time was significantly shorter in the second
block of SO (M = 0.95 seconds, SD = 0.24) and MO trials (M
= 2.86 seconds, SD = 0.79) than the first block of SO (M =
1.15 seconds, SD = 0.30) and MO (M = 3.62 seconds, SD =
0.93) trials (z = 2.33, p = .018; z = 3.15, p = .002,
respectively), suggesting pairs improved their performance
efficiency with practice. Moreover, object pick-up time was
greater in MO trials (M = 4.78 seconds, SD = 2.38) versus SO
trials (M = 1.05 seconds, SD = 0.22), z = 3.46, p < .001.

SO Trials Multilevel linear regression models, with pair
identifier as a random factor, indicated that object appearance
location significantly predicted object pick-up time, Wald
χ2(4) = 295.67, p < .001 (see Table 2). Here, the further away
the object was dispensed from the table’s center (dispenser
no. 3), the quicker the object was picked up.
MO Trials Similar to SO trials, there was a significant effect
of object appearance location on object pick-up time, with
objects dispensed further from the middle picked up quicker,
Wald χ2(4) = 84.91, p < .001 (see Table 3). Unlike SO trials,
target location was also a significant predictor, where object
pick-up time increased as target locations moved from the
center of the table to the ends, Wald χ2(4) =17.54, p = .002.
There was also a significant interaction between object
appearance and target location on object pick-up time, χ2 (16)
= 36.75, p = .002, where objects were picked up slower when
SO Trials

Table 2: Regression and contrast coefficients for pick-up time
by object appearance location, in SO trials. *p < .05. **p < .001.
MO Trials

Table 3: Regression and contrast coefficients for pick-up
time by (1) object appearance location and (2) target location,
in MO trials. *p < .05. **p < .001.

Figure 3: Predicted margins for object pick-up time.
SO Trials

MO Trials

Figure 4: Pass proportions for north and south players.
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division of labor boundaries (i.e., who should pick-up/dropoff the object) appeared less obvious (see Figure 3). For
example, slower pick-up times were more typical for blue
objects in dispensers 1 and 2 (versus 4 and 5), and purple
objects in dispensers 4 and 5 (versus 1 and 2).

decisions, where a 1-unit increase resulted in 4.09e+7% and
3.85e+6% greater odds of passing by north (z = 9.79, p <
.001) and south players (z = 10.11, p < .001), respectively.

Pass Decisions
On average, a pass occurred in 33.82% of SO and 36.12% of
MO trials, where 74.95% of MO passes were part of a swap.
Pass rate was equally distributed within pairs, and differences
in pass rate between SO and MO trials were non-significant,
t(15) = 1.22, p = .241. Participants passed 96.20% and
87.31% of objects requiring drop-off on their co-actor side of
the table, and < 10% and < 11.80% of the green objects in SO
and MO trials, respectively. Similarly, participants tended to
drop-off objects with target locations closer to them. To
examine if the Lamb et al. (2017) model could predict
passing, multilevel logistic regression models were fitted
with pair identifier as a random factor for each player.
SO Trials The original model correctly classified 94.62%
and 93.97% of total pass decisions in north and south players,
respectively, demonstrating useful discrimination of pass
decisions and strong concordance (see Table 4). Standingtarget distance was a strong significant predictor of pass

MO Trials The original model correctly classified 81.56%
and 84.40% of total pass decisions in north and south players,
respectively, demonstrating useful discrimination of pass
decisions, but substantially lower concordance than SO trials
(see Table 4). Hierarchical analysis revealed that the addition
of standing-object distance for the co-actor, significantly and
substantially improved model fit, demonstrating almost
perfect discrimination, and correctly classifying 87.04% and
88.39% of total pass decisions in north and south players,
respectively. Standing-target distances were both significant
predictors, where increasing distance for the participant and
decreasing distance for the co-actor predicted greater odds of
passing in north players (OR = 7.60e+2, z = 14.21, p < .001;
OR = 4.29e–3, z = –12.08, p < .001), and south players (OR
= 7.64e+3, z = 14.88, p < .001; OR = 4.92e–3, z = –11.16, p
< .001), respectively.

Pass Locations
A k-means cluster analysis using Monte Carlo sampling of
randomized reference distributions was performed to identify
patterns in the location at which participants passed objects.

Table 4: Logistic regression coefficients for models predicting pass decisions in (1) SO and (2) MO trials. Pseudo-R2
= McFadden’s R2. *p < .05. **p < .001.

SO Trials

MO Trials
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Figure 5: Prototypical examples of clustering of pass locations for a pair in the (left) SO and (right) MO task.
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SO Trials The analysis revealed that the optimal number of
clusters across pairs, was two clusters: a north and a south
cluster, such that participants passed the objects at a location
closer to their co-actor’s side of the table. Clusters
significantly differed in their Z-axis coordinates, t(15) = 9.10,
p < .001, d = 2.52, and were approximately located in midway
between the dispensers and the collectors (see Figure 5).
MO Trials Unlike SO trials, cluster analysis on MO trials
revealed only one central passing cluster. This could be a
consequence of a large proportion of swaps, indicating that
participants tended to coordinate object passes and pass
locations to increase the efficiency of the task (see Figure 5).

Discussion
The purpose of this study was to investigate the behavioral
dynamics underpinning action decisions in 3D joint pick and
place tasks to eventually result in a parsimonious affordancebased model predicting interpersonal pick-up and pass
decisions. In that regard, the study was able to demonstrate
the efficacy of low-dimensional models based on affordances
in capturing multidimensional pick and place action
decisions with varying complexity. This was achieved
through utilizing body-scaled measures and manipulating
task constraints through an experimental design.

Object Pick-up Time
Findings revealed that objects appearing in the middle of both
participants were picked up slower than objects closer to a
single participant. This discrepancy could be reflective of
decision time or hesitancy associated with ambiguity in
division of labor boundaries and emergence of heuristic rules.
We hypothesize that when objects are equidistant from and
thus graspable by two people, agents will check if their coactor is approaching the object before deciding to perform a
pick-up. Thus, pick-up decisions where affordances are
equivalent for more than one agent may involve conscious
feedback systems or hierarchy between teammates instead of
more automatic processes. In the complex task, object pickup time was also determined by object target location (where
objects with more central target locations were picked up
slower), and by an interaction between appearance and target
location. This demonstrates that pick-up decisions are not
only influenced by affordances but also the actions’ cost.

Modelling Pass Locations

Modelling Action Decisions
Participants’ pick-up decisions were driven almost
completely by object distance, and in cases where the object
appeared equidistant from both agents, by target location.
Specifically, participants were more likely to pick up an
object when it was closer to them (i.e., more “graspable”) and
further from their partner (controlling for reach). Conversely,
pass decisions were driven primarily by the distance of the
target location, where participants were more likely to pass
the object when the drop-off location was further away from
them (i.e., less “placeable”) and closer to their co-actor in the
complex task. Consistent with affordance literature (Lamb et
al., 2017, 2019; Richardson et al., 2007), this implies that
individuals are more likely to employ their co-actor’s help
when task achievement becomes difficult to attain by oneself.
In the complex task, participants’ pass decisions were also
driven by the co-actor’s location. Moreover, participants
more frequently dropped off objects on their co-actor’s side
of the table, thus extending the drop-off affordance boundary.
We posit that with greater task demands, individuals’ may be
more likely to take on more uncomfortable tasks, prioritizing
overall speed of task completion.
Pick-up and pass action decision findings were consistent
with the ecological dynamics framework and validated the
accuracy of 2D pick and place action selection models (Lamb
et al., 2017, 2019) within a 3D task environment. However,
for valid integration of pick and place models in practical
contexts, future research must verify this study’s findings in
more life-like environments, as the virtual task design (whilst
strengthened the study’s internal validity) could not simulate
the full complexities of real-life pick and place environments.
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Consistent with affordance research (e.g., Meyer et al., 2016;
Ray & Welsh, 2011) and the shared-effort model of motor
behavior (Santamaria & Rosenbaum, 2011), participants’
passing behavior prioritized efficiency of task completion via
minimizing travelling distance and therefore movement costs
(Török et al., 2019) of the dyad. In the simple task, each
participant tended to pass in a location near their co-actor,
thus maximizing their co-actor’s comfort, however, in the
complex task, participants tended to perform swaps in one
central location on the table, reducing their combined effort.

Conclusion
This study examined the effects of changing task
constraints on object pick-up and passing decisions in a 3D
joint pick and place task. In doing so, this study demonstrated
efficacy for affordance-based models in predicting 3D joint
pick and place action decisions, thus providing a unique
insight into the behavioral dynamics of regularly occurring
interpersonal coordination. Furthermore, this study
demonstrated that when complexity of a task is increased, a
greater number of parameters may modulate the behavioral
dynamics of a task and therefore become involved in
determining action decisions. Emerging research suggests
interpersonal behavioral dynamics’ models may be integrated
in artificial agents (AAs) for expertise training (Kümmel,
Kramer, & Gruber, 2014), motor rehabilitation, and social
skill development (Matarić et al., 2007; Turner et al., 2013).
As such, the ability of these models to accurately capture
human behavior provides unique avenues for future research
in developing human-like AAs for robust and seamless
human-AA interactions. These models can be further used to
validate and/or train AAs using a hybrid deep reinforcement
learning-dynamical motor primitives approach (Patil et al.
2021), where agents can discover strategies by interacting
with the environment whilst still scaffolded by essential
human movement behaviors.
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Abstract
Previous work has found competing evidence for how contextual diversity influences early word learning. In support of contextual diversity facilitating learning, the corpus-derived diversity metric from Hills, Maouene, Riordan, and Smith (2010)
was found to correlate with earlier ages of acquisition in children. We extend this work to five languages, accounting for
a nonlinear relationship between the raw contextual diversity
metric and word log-frequencies, and we account for additional covariates such as word length, concreteness, and lexical class. In contrast with the original result, we find that contextually diverse words are acquired later by children across
languages. Our findings support the hypothesis that contextual diversity introduces an excess of possible meanings for
contextually diverse words, adding noise to the word learning process. This hindering effect overshadows any benefits of
syntactic or semantic bootstrapping during early word learning, when children are still in the early stages of vocabulary
and conceptual development.
Keywords: language acquisition; word learning; contextual
diversity; lexical acquisition

Introduction
Learning early words requires children to map spoken word
forms to meaning representations. There are a variety
of mechanisms that may help them accomplish this task,
ranging from statistical learning using word distributions
(Mintz, 2006), to social cues such as eye gaze and pointing
(Çetinçelik, Rowland, & Snijders, 2021). However, one linguistic feature that is believed to affect early word acquisition, but remains controversial, is contextual diversity. Previous work has argued that when words appear in diverse contexts, their meaning is easier to narrow down using semantic
and syntactic bootstrapping (Hills et al., 2010). On the other
hand, it has been suggested that contextual diversity might
simply add noise to the word learning process (Roy, Frank,
DeCamp, Miller, & Roy, 2015). In our work, we seek to distinguish between these competing hypotheses.
One way to examine how a given factor influences word
learning is to consider when children acquire individual
words. Specifically, Braginsky, Yurovsky, Marchman, and
Frank (2016) defined a word’s age of acquisition as the age at
which half of children produce that word, as judged by caregivers, usually parents. Across seven languages, earlier ages
of acquisition were associated with higher word frequencies,
shorter words, and higher concreteness ratings. Earlier ages
of acquisition were also associated with shorter mean lengths
of utterances (MLU, the mean length of utterances containing
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a word), a coarse metric for the syntactic complexity of contexts in which a word appears (Roy et al., 2015). Although
the relative importance of different factors varied across lexical classes and across languages, there were consistent directions of effects for each factor, suggesting that early word
learning may involve similar mechanisms across languages.
However, using this technique and others has produced
mixed results for contextual diversity. Hills et al. (2010)
quantified a word’s contextual diversity as the number of
distinct words co-occurring with the target word in the
CHILDES corpus of child-directed speech (MacWhinney,
2000). Using this metric, Hills et al. (2010) found that contextually diverse words generally had earlier ages of acquisition.
They proposed that contextually diverse words are learned
earlier because they are more connected to other words either in a child’s internal semantic network or in the learning environment; viewed from the perspective of syntactic
and semantic bootstrapping, children might be able to better determine the meaning of a new word if it often co-occurs
with previously learned words or concepts. By integrating information about known words and the current environment,
children can place constraints on the possible meanings for a
novel word. Then, across multiple encounters, novel words
that appear in conjunction with a more diverse set of contexts
and known words would have greater constraints placed upon
their possible meanings, leading to faster acquisition.
In further support of contextual diversity facilitating word
learning, diverse contexts have consistent beneficial effects
on word learning in adults and school-age children. Adults
are faster and more accurate at recognizing novel words
in stories if they appear in more diverse semantic contexts
(Johns, Dye, & Jones, 2016), and third grade children learn
words more effectively when they appear in more diverse
texts in classroom settings (Rosa, Tapia, & Perea, 2017). Because these studies involve more mature speakers, the theoretical focus is less on the initial acquisition of a word’s meaning, and more on the retrieval of the word’s meaning after
initial exposure. It is argued that more contextually diverse
words are retrieved in a wider variety of contexts, facilitating
more efficient retrieval for future exposures to the word in
novel contexts; retrieval of contextually specific words would
be reliant on the specific context in which they were learned
(Johns et al., 2016).
However, these retrieval arguments are less applicable to
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Method

early word acquisition, when one of the primary challenges
is to initially map a word to its meaning, without having the
word’s meaning stored previously in semantic memory. Thus,
the arguments in favor of contextual diversity in word learning propose that contextual diversity facilitates two complementary mechanisms: semantic and syntactic bootstrapping
to initially identify a word’s meaning (more relevant for early
word acquisition; Hills et al., 2010), and context-general retrieval to efficiently retrieve meanings during subsequent exposures (more relevant for word acquisition in mature speakers; Johns et al., 2016).

We assessed whether contextual diversity was predictive of
words’ ages of acquisition in multiple languages after accounting for covariates such as frequency and lexical class.1
We selected the five languages with the largest corpora of
transcribed child-directed speech in the CHILDES dataset
(MacWhinney, 2000) that also had child age of acquisition
data in the Wordbank database (Frank, Braginsky, Yurovsky,
& Marchman, 2017): English, German, Mandarin, Spanish,
and French. The size of the CHILDES corpus for each language is listed in Table 1.

At the same time, there is contradictory evidence that contextual diversity may in fact impede word learning in children. Roy et al. (2015) defined a word’s contextual “distinctiveness” using probability distributions over a word’s occurrences in time, space, and semantic topics. On average,
more distinctive words were learned earlier, suggesting that
exposure to a word in highly specific contexts is beneficial
to word learning. Of course, the contextual diversity metric in Roy et al. (2015) is clearly distinct from measures of
purely linguistic contextual diversity in previous studies, but
one would expect the different measures to correlate, resulting in similar effects on early word acquisition. Instead, Roy
et al. (2015)’s results suggest that contextual diversity may
impede early word learning.

Age of Acquisition
We calculated word acquisition curves using the Wordbank
database (Frank et al., 2017). Wordbank contains compiled
data from parents reporting when their child produced each
word in the MacArthur-Bates Communicative Development
Inventories (CDI; Fenson et al., 2007); we pulled data for all
available words on the CDI Words and Sentences instrument.
As in Braginsky et al. (2016), for each word, we fitted a logistic curve predicting the proportion of children producing
that word at different ages. We defined a word’s age of acquisition as the age at which half of children were predicted
to produce the word. We excluded words with ages of acquisition below zero or above five years old. This excluded
only one to four words per language, usually words such as
“daddy,” “mommy,” and “ouch.” Because the CDI Words and
Sentences instrument is designed for children aged 18 to 30
months old, some words’ ages of acquisition were outside
the CDI administration age range, extrapolated based on the
Wordbank data. We obtained ages of acquisition for words
in English (649 words), German (417 words), Mandarin (419
words), Spanish (371 words), and French (468 words).

Under this account, contextual diversity might add unnecessary noise to the word learning process for each word.
When a word appears in many different contexts, it co-occurs
with a wider variety of linguistic and non-linguistic stimuli.
This variety of stimuli may make it more difficult for children
to associate the word with a specific meaning, particularly if
their existing vocabulary is insufficient to narrow down the
field of potential meanings. Thus, we are left with two competing accounts of contextual diversity in early word learning:
(1) contextual diversity facilitates word learning through syntactic and semantic bootstrapping, or (2) contextual diversity
hinders word learning by introducing unnecessary noise and
potential word meanings.

Contextual Diversity Metric
We quantified contextual diversity using the metric from Hills
et al. (2010). For each word w in the CDI, we counted the
number of distinct word lemmas that appeared within a window of size k around w in the CHILDES dataset for the corresponding language. Windows were inclusive of the target
word; for instance, a window of size two considered only adjacent words. To best match the setup from Hills et al. (2010),
we initially used a window size of 5. Results for other window sizes are discussed in later sections.
When counting co-occurring lemmas, raw tokens in the
CHILDES corpus were lemmatized using the spaCy toolkit
for English, Spanish, French, and German (Honnibal, Montani, Van Landeghem, & Boyd, n.d.).2 Because spaCy does
not support lemmatization in Mandarin, and because Mandarin exhibits relatively little morphological inflection, we

In this work, we seek to further clarify whether contextual diversity facilitates or hinders early word acquisition. We
adopt the general approach of Hills et al. (2010), predicting
words’ ages of acquisition from a corpus-derived metric for
contextual diversity. We extend this approach to five different languages, and we account for a nonlinear effect of word
frequency on the raw contextual diversity metric. In direct
contrast with the original result (Hills et al., 2010), we find
that contextually diverse words consistently have higher ages
of acquisition across languages, consistent with the claim
that contextual diversity hinders early word learning. These
results are consistent with an interpretation that even if increased contextual diversity confers benefits on word learning, through syntactic and semantic bootstrapping, or improved retrieval of contextually diverse words, these benefits
do not overcome the noise-introducing effects of contextual
diversity in early word acquisition.

1 Code is available at https://github.com/tylerachang/
contextual-diversity.
2 We obtained similar results when computing contextual diversities using raw tokens instead of lemmas, but we used lemmas to best
match Hills et al. (2010).
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Figure 1: The raw contextual diversity metric was highly correlated with word log-frequency. Blue curves represent fitted
sigmoid functions. Residuals of the sigmoid regression were used as our frequency-adjusted contextual diversity metric. The
high diversity outlier point in French was the verb “avoir” (“to have”).
used un-lemmatized word forms for Mandarin. In each language, we considered all words in the CDI along with the
5, 000 most frequent lemmas in the CHILDES corpus for that
language; the remaining rare lemmas were excluded from our
contextual diversity counts. As in Hills et al. (2010), our raw
contextual diversity metric was simply the number of distinct
lemmas that occurred within window size k of the target word
in the CHILDES corpus.
However, we found that the raw contextual diversity metric was highly correlated with a word’s log-frequency in the
CHILDES dataset (Pearson’s r = 0.72 to 0.92 for the five languages; p < 0.001 for all languages). Unsurprisingly, more
frequent words co-occurred with a greater number of distinct
lemmas. Notably, when predicting words’ ages of acquisition
directly from raw contextual diversities and log-frequencies,
the variance inflation factors (VIFs) for contextual diversity
ranged from 2.0 to 6.7, exceeding the common cutoff of 5.0
for one language (English). To account for these colinearities, we sought to adjust the raw contextual diversity metric
to account for any effects of frequency.3 Because the relationship between raw contextual diversity and log-frequency was
roughly sigmoidal or exponential in all languages (see Figure 1), we fitted a sigmoid curve for each language, predicting raw contextual diversities from words’ log-frequencies in
the CHILDES corpus.4 We used the residuals after the sigmoid regressions to quantify words’ contextual diversities after accounting for expected co-occurrence counts based on
word frequencies. These residuals served as our final metric
for words’ contextual diversities in each language, removing
outliers further than three standard deviations from the mean
contextual diversity. In future sections, the contextual diversity metric is frequency-adjusted unless stated otherwise.

Language

CHILDES
corpus size
(tokens)

English
German
Mandarin
Spanish
French

7.9M
4.2M
1.7M
1.2M
0.9M

Predictors
Diversity alone +log-frequency
+n-chars
+concreteness
+lexical class
+MLU
0.17∗∗∗ (+)
0.37∗∗∗ (+)
0.09∗∗∗ (+)
0.27∗∗ (+)
0.04∗∗∗ (+)
0.27∗∗∗ (+)
0.02∗∗ (+)
0.13∗ (+)
∗∗
0.01 (+)
0.13

Table 1: Linear regression results predicting words’ ages of
acquisition in children. Numbers indicate adjusted R2 values,
and asterisks indicate significant effects of contextual diversity. Significance levels were determined by the coefficient
confidence intervals for column three, and by likelihood ratio
tests (LRTs) in column four. When significant, signs indicate
the sign of the coefficient for contextual diversity.

Results
We first ran a linear regression for each language, predicting words’ ages of acquisition directly from their contextual
diversities (after frequency adjustment). Results are shown
in the third column of Table 1. In all five languages, there
was a significant positive coefficient for contextual diversity, suggesting that children learn more contextually diverse
words later. This contrasts with the findings of Hills et al.
(2010), who found a negative coefficient for contextual diversity in English before accounting for the nonlinear relationship between word frequency and raw contextual diversity.
Not only did our frequency-adjusted contextual diversity metric account for more variance in words’ ages of acquisition
in English than the raw contextual diversity metric (adjusted
R2 = 0.17 compared to 0.02), it accounted for more variance
in English than any of the covariates described in the next
section. This result suggests that contextual diversity may be
a significant driving factor in early word learning, such that
contextually diverse words are learned later.

3 Hills et al. (2010) accounted for log-frequency by including
both contextual diversity and log-frequency in a linear regression
predicting words’ ages of acquisition in English. However, the signs
of coefficients for highly correlated variables in linear regressions
can be unreliable. Furthermore, as seen in Figure 1, the relationship
between contextual diversity and log-frequency was nonlinear.
4 As can be seen in Figure 1, the sigmoid curves were able to fit
both sigmoidal and exponential relationships between raw contextual diversity and log-frequency.

Covariates
To test the robustness of the effects of contextual diversity
and to account for possible colinearities, we ran regressions
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accounting for other variables that have been shown to influence words’ ages of acquisition in children across languages.
We considered all five significant predictors of age of acquisition from Braginsky et al. (2016):
R² proportion

1.5

• Log-frequency: the natural log of the word’s per-1000
word frequency in the CHILDES corpus.
• N-chars: the number of characters in the target word, serving as a coarse proxy for word length. Longer words are
likely to be harder for children to parse and produce.

1.0

0.5

• Concreteness: human-generated concreteness norms from
Brysbaert, Warriner, and Kuperman (2014), rated on a fivepoint scale.

2

10

20

30

Window size

• Lexical class: lexical classes as annotated in Wordbank.
The distribution over lexical classes in each language was
similar to Hills et al. (2010), except we retained words in
the Other class. Our results were similar when removing
those words. Across languages, the mean proportion of
words in each class were: Noun (50%), Verb (16%), Adjective (9%), Function Word (11%), and Other (13%).

Language

English (R² = 0.23)

French (R² = 0.02)

German (R² = 0.10)

Mandarin (R² = 0.02)

Spanish (R² = 0.03)

Figure 2: Adjusted R2 values when predicting words’ ages of
acquisition from contextual diversity computed with different window sizes in each language. To visualize comparisons
across languages, adjusted R2 values are expressed as proportions of the R2 value at the largest window size of 30. The
raw adjusted R2 values for window size 30 are indicated next
to each language. In all languages except Mandarin, window
size 30 exhibited the largest R2 value.

• Mean length of utterance (MLU): the mean length of sentences containing the target word in the CHILDES corpus.
MLU has been used as a metric for the complexity of syntactic contexts in which a word appears (Roy et al., 2015).
We ran a linear regression for each language, predicting
words’ ages of acquisition using linear terms for each predictor. The VIF for contextual diversity was less than 1.5 in
every language, suggesting minimal effects of multicolinearity and allowing us to safely interpret our regression results
for contextual diversity. For each language, we determined
the significance of contextual diversity using a likelihood ratio test (LRT), comparing a model using the five predictors
plus contextual diversity with a model using only the five predictors. Results are shown in the last column of Table 1.
In four out of the five languages, the LRT identified a significant effect of contextual diversity even after all five covariates were accounted for, indicating that contextual diversity accounts for a significant amount of variance beyond logfrequency, n-chars, concreteness, lexical class, and MLU in
those languages. Importantly, the coefficient for contextual
diversity was positive in each language where it remained statistically significant; contextually diverse words were generally acquired later. Even the non-significant coefficient for
contextual diversity in French was positive (p = 0.17). These
results conflict with previous studies suggesting that contextual diversity facilitates early word learning.

a gradient between syntactic and semantic diversities; Chang
and Deák (2020) considered adjacent tokens as syntactic contexts and larger windows as semantic contexts. For instance,
a diverse set of adjacent tokens might indicate a relatively
flexible part of speech (high syntactic contextual diversity),
while a diverse set of nearby but non-adjacent tokens might
indicate a wide variety of semantically related topics.
When predicting words’ ages of acquisition from contextual diversity alone, there was a significant positive coefficient for contextual diversity in nearly all languages and window sizes (i.e. more contextually diverse words were learned
later). The only non-significant coefficients were in Spanish
and French (the two languages with the smallest CHILDES
corpora) with window sizes 2-3 and 2 respectively. Even after accounting for covariates as in the previous section, the
only negative coefficient for contextual diversity was a nonsignificant coefficient (p = 0.82) in French with window size
two after accounting for all five covariates. These results
are in direct opposition to previous findings suggesting that
contextual diversity facilitates early word learning. Instead,
our results are compatible with the hypothesis that contextual
diversity, whether it be syntactic or semantic, hinders early
word learning.
In the majority of languages, we also found that contextual
diversity had larger effects on words’ ages of acquisition as

Effects of Window Size and Language
We repeated our analyses with windows of size two, three,
five, ten, fifteen, and thirty when computing contextual diversities.5 The varying window sizes can be interpreted as

two. In this case, we regressed raw contextual diversity quadratically over log-frequency. As before, we used the residuals as our
frequency-adjusted contextual diversity metric.

5 The

sigmoid regression predicting raw contextual diversities
from log-frequencies did not converge for French with window size
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window size increased (i.e. semantic contextual diversity).
As shown in Figure 2, in all languages except Mandarin, contextual diversity had the largest effect on age of acquisition
when computing diversities with the largest window size of
30. This suggests that in these languages, semantic contextual
diversity may have a larger hindering effect on word learning than syntactic contextual diversity. However, in Mandarin, there was a spike in the effect of contextual diversity
at window size five. In Mandarin, contextual diversities with
smaller window sizes had relatively large effects on words’
ages of acquisition, suggesting more substantial effects of
syntactic contextual diversity than in the other four languages.
Thus, we hypothesize that the spike in Mandarin at window
size five may be due to compounded effects of syntactic and
semantic diversity captured by our contextual diversity metric
for intermediate window sizes in Mandarin.
In summary, it appeared that all five languages exhibited
substantial (and statistically significant) hindering effects of
semantic contextual diversity on words’ ages of acquisition;
effects of syntactic contextual diversity were less pronounced
except in Mandarin. The more pronounced effects of syntactic contextual diversity in Mandarin could be due to morphological differences between Mandarin and the other languages. For example, the lack of morphological inflection in
Mandarin might make it harder for children to learn words
that appear in diverse syntactic contexts. Of course, because
our contextual diversity metric is derived from text corpora,
differing effects of syntactic contextual diversity could also
be due to orthographic differences between Mandarin and the
other languages; we further note that the remaining four languages were all European languages, and the overall variance
explained by contextual diversity differed significantly across
languages. Further study is required to assess differences between languages and cultures in the effects of syntactic vs.
semantic contextual diversity on early word learning, but our
results indicate that contextual diversity in either form consistently correlates with later acquisition of words in children.

Adjusted R²
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0.00
5.0
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Figure 3: Adjusted R2 values when predicting words’ ages of
acquisition from contextual diversity computed with different
corpus sizes in each language. Across languages, contextual
diversity computed over larger corpora accounted for more
variance in words’ ages of acquisition.
tive, indicating that contextually diverse words were acquired
later. These results support the hypothesis that larger corpus sizes lead to cleaner contextual diversity metrics, and that
cleaner diversity metrics better capture the hindering effects
of contextual diversity on early word learning.
That said, corpus size did not account entirely for differences between languages in the effects of contextual diversity on words’ ages of acquisition. For example, English and
German exhibited larger effects of contextual diversity than
the other languages even when subsampled to the same corpus sizes. This may be due to the quality or uniformity of the
data (e.g. the subsamples were still sampled from the larger
original corpora for those languages), but it could also reflect
some veridical difference in how contextual diversity affects
word acquisition in those languages.

Effects of Corpus Size
As shown in Table 1, languages with larger CHILDES corpora tended to exhibit larger effects of contextual diversity on
words’ ages of acquisition. Intuitively, larger corpora might
produce cleaner metrics for words’ contextual diversities. To
test whether the larger effects of contextual diversity were in
part driven by corpus size, we ran our analyses using random
subsets of the CHILDES corpus for each language. We computed contextual diversities for subsets of 50K, 100K, 250K,
500K, 1M, 2M, 4M, and 6M tokens, limited by the full corpus size for each language. As in Hills et al. (2010), we used
a window size of 5 for all languages.
The adjusted R2 values when predicting words’ ages of acquisition from contextual diversities computed from different
corpus sizes in each language are shown in Figure 3. In all
languages, contextual diversity accounted for more variance
in words’ ages of acquisition as corpus size increased. Again,
all significant coefficients for contextual diversity were posi-

Discussion
We found that more contextually diverse words had significantly later ages of acquisition in children across languages.
Our results were consistent across window sizes (syntactic
vs. semantic contextual diversities) and corpus sizes when
computing contextual diversities. These results support the
theory that diverse contexts add noise to the process of mapping novel words to meanings, introducing a wider variety of
possible meanings for contextually diverse words. Notably,
our results contradict previous findings suggesting that contextual diversity facilitates early word learning (Hills et al.,
2010). Previous studies have argued that greater contextual
diversity allows children to better infer word meanings based
on known words in the surrounding context. However, this
bootstrapping process relies on a substantial set of existing
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known words. In early childhood, children may know too
few words to exhibit any substantial effects of bootstrapping.
Indeed, this theory would explain why contextual diversity
might hinder word learning in young children but facilitate
word learning in older children and adults (see Introduction;
Johns et al., 2016; Rosa, Salom, & Perea, 2022). In early
childhood, the noise introduced by contextual diversity overshadows any benefits of syntactic or semantic bootstrapping;
however, as a child’s vocabulary grows, the benefits of bootstrapping become more prominent. Furthermore, as children
progress in their conceptual development, knowledge of abstract categories such as nouns (or objects) and verbs (or actions) may compound with the effects of larger vocabularies
to further improve children’s ability to leverage diverse contexts to infer word meanings.

sions, finding that contextually “distinctive” words tend to be
learned earlier by children under the age of three (Roy et al.,
2015). Our results lend further support for this finding.
Previous work has also considered specific types of contexts in which words appear, rather than quantifying overall
contextual diversity. For instance, Chang and Deák (2020)
found that specific syntactic contexts (e.g. frames for nouns
and verbs) and thematic contexts (e.g. food and face-to-face
play) were predictive of words’ ages of acquisition. In a similar line of work, Mintz (2003) considered contexts as frequent
frames, frames consisting of adjacent words around a target
word. They found that children categorized words together if
they appeared in similar frequent frames. These results suggest that the context in which a word appears has a significant
effect on early word learning; our results further suggest that
a greater diversity of such contexts may hinder early word
learning.
Finally, contextual diversity is closely related to measures
of words’ lexical ambiguity and polysemy. Words with a
wider variety of meanings are more likely to appear in more
diverse contexts. Indeed, the degree to which a word form
appears in polysemous meanings can be estimated from linguistic usage (Garı́ Soler & Apidianaki, 2021), and more polysemous words have been found to be acquired later by children (Meylan, Mankewitz, Floyd, Rabagliati, & Srinivasan,
2021). Differentiating effects of contextual diversity and polysemy will depend on how word “meanings” are defined;
under a continuous notion of word meaning based on the
contexts in which a word appears (Nair, Srinivasan, & Meylan, 2020), operationalizations of contextual diversity and
polysemy might be indistinguishable. For example, corpusderived measures of contextual diversity and polysemy might
capture the same co-occurrence statistics in language. Still,
from a theoretical perspective, an ideal measure of polysemy
would capture more features of people’s internal word meaning representations than contextual diversity, which is primarily a measure of external contexts.

Implications for Related Work
Our results are in direct contrast with previous corpus-based
studies of contextual diversity in early word learning (Hills
et al., 2010). Methodologically, our results demonstrate the
importance of accounting for covariates in correlational language acquisition research. Previously-identified effects of
contextual diversity appear to have been driven primarily by
a nonlinear correlation between word frequency and the raw
contextual diversity metric. To corroborate our results, future
work might use our frequency-adjusted contextual diversity
metric to estimate raw production data using mixed-effects
logistic regression models as in Braginsky, Yurovsky, Marchman, and Frank (2019), rather than estimating single age of
acquisition values. We note that the results from Braginsky
et al. (2016) did not change substantially when using these
mixed-effects models (Braginsky et al., 2019).
Conceptually, our results emphasize the differences between word learning in young children (e.g. less than three
years old) and in more mature speakers. Previous studies have established the benefits of contextual diversity for
word learning in school age children and adults (Johns et al.,
2016; Rosa et al., 2017, 2022). Even among known words,
contextually diverse words are faster to access later in life
(Adelman, Brown, & Quesada, 2006), despite findings that
earlier-acquired words (which according to our results, may
be less contextually diverse) tend to be accessed faster as well
(Ellis & Morrison, 1998; Stewart & Ellis, 2008). To reconcile
these seemingly contradictory findings, we hypothesize that
the advantages for contextually diverse words in adult lexical access overshadow any disadvantages of later acquisition.
In the years after childhood, more contextually diverse words
are retrieved and consolidated in memory in a wider variety
of contexts than other words, facilitating improved retrieval
despite potentially later initial acquisition.
Of course, the contextual diversity metric used in this study
specifically measured lexical diversity, counting word cooccurrences in a corpus. Intuitively, this metric is likely to
correlate with non-linguistic measures of words’ contextual
diversities. Previous work has sought to quantify contextual diversity across temporal, semantic, and spatial dimen-

Conclusion
In this work, we extended Hills et al. (2010) to study the effects of contextual diversity on words’ ages of acquisition in
five languages, after accounting for a nonlinear effect of word
frequency on the raw contextual diversity metric. In contrast
with the original finding, we found that contextually diverse
words were consistently learned later by children across languages. Our work reconciles the findings of Hills et al. (2010)
with previous results finding hindering effects of contextual
diversity on early word learning (Roy et al., 2015). We hypothesize that the hindering effects of contextual diversity
are driven by noise, where diverse contexts introduce an excess of possible word meanings, overshadowing any benefits
of syntactic and semantic bootstrapping in diverse contexts.
Our work suggests that the consistency of contextual cues is
of central importance to early word learning, when children
have little existing vocabulary to rely on.
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Abstract
Here we examined whether one’s perceptual style in viewing
own- and other-race faces is associated with performance and
bias in social categorization by race, and whether mask use
modulates the perceptual style and social categorization
effects. We found that Asian participants who adopted more
eyes-focused eye movement patterns when viewing Asian
faces had a larger bias to judge 50% Asian-Caucasian face
morphs as Asian. However, although mask use made
participants’ viewing pattern more eyes-focused, it did not
change this bias in judging morphed faces, or other-race
advantage in social categorization speed. These results suggest
that information from the eye region may be sufficient to
induce these social categorization effects, and that transient
perceptual input change due to mask use does not modulate
these social categorization effects. Thus, effects and biases in
social categorization may be impervious to mask use. These
findings have important implications for social interaction
during the pandemic.
Keywords: eye movements; EMHMM; face processing;
mask; social categorization

Introduction
During the COVID-19 pandemic, mask wearing has become
a regular practice across the world, especially in Asian
countries. As adults have developed expertise in extracting
essential information from holistic perception of a face
through years of experience (Richler et al., 2011; Tsao &
Livingstone, 2008), having the lower half of the face covered
by a mask may significantly affect how we view and process
faces. Recent research has shown that mask use impairs face
categorization accuracy and speed on various dimensions,
including emotion, gender, age, and identity (Fitousi et al.,
2021; Freud et al., 2020; Gulbetekin, 2021). Also, people
shift their focus to the eye region when viewing faces with a
mask, with a higher daily masked-face exposure associated
with a larger attention shift (Barrick, Thornton & Tamir,
2021). Furthermore, in face recognition, individuals who
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adjust their eye movement strategies to focus more on the eye
region due to mask use during face learning have less
impairment in recognition performance (Hsiao, Liao & Tso,
2022). Nevertheless, it remains unclear how mask use
influences our perception of other-race faces, an important
issue in the age of globalization with increasing cross-racial
interactions. Here we aim to fill this research gap by
examining how mask use influences our performance and
bias in social categorization by race as well as perceptual
styles for own- vs. other-race faces as reflected in eye
movement pattern.
In face recognition, an other-race effect has been
consistently reported where better performance was observed
in the recognition of own-race than other-race faces
(Meissner, & Brigham, 2001 for review). In contrast, in social
categorization by race, people categorize other-race faces
more rapidly than own-race faces with no difference in
accuracy. Interesting, slower speed in categorizing own-race
faces is associated with faster response in face recognition,
suggesting that our expertise in individualizing own-race
faces during recognition can interfere with social
categorization by race (Ge et al., 2009). Nevertheless, it
remains unclear how mask use may affect this other-race
advantage in social categorization.
Morphed faces, a combination of two different faces, were
adopted in recent studies to investigate perceptual bias in
social categorization by race (Lewis, 2016; Young et al.,
2021). Previous research reported that 50% morphs were
judged with a higher resemblance with their atypical than
typical parent, suggesting that more distinctive or unusual
faces based on one’s face space were more salient in the
perception of morphed faces (Tanaka et al., 1998). Consistent
with this finding, other studies found that morphed faces were
more likely to be categorized as other-race than own-race
faces (e.g., Lewis, 2016; Halberstadt, Sherman & Sherman,
2011; Benton & Skinner, 2015). However, it was also found
that people from various cultural backgrounds are generally
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more likely to categorize 50% Asian-Caucasian morphed
faces as Asian than Caucasian (Chen & Hamilton, 2012),
suggesting the possibility of higher Asian resemblance in
50% Asian-Caucasian morphs. Thus, it remains inconclusive
how Asians categorize these ambiguous faces and how mask
use affects the bias.
In the perceptual style of viewing own- vs. other-race
faces, previous studies have reported a higher frequency of
looking at the eye region for other-race faces and a higher
frequency of looking at the nose region for own-race faces.
For example, Hu et al. (2014) reported that both Chinese
children and adults made a larger proportion of fixations on
the eye region of Caucasian faces than Asian faces and a
larger proportion of fixations on the nose region of Asian
faces than Caucasian faces during passive viewing. Similarly,
Liu et al. (2011) found that Chinese infants had decreased
attention to Caucasian noses and unchanged attention to
Chinese noses with increasing age during passive viewing of
faces for later recognition. Adopting the same task, Xiao et
al. (2014) found that Caucasian infants also show unchanged
attention to Caucasian noses and decreased attention to
Chinese noses with increasing age. However, it remains
unclear whether these preferred perceptual styles in viewing
own- and other-race faces are related to our performance and
biases in social categorization by race, and how mask use
affects these perceptual styles.
To fill these research gaps, here we aimed to investigate
whether individual difference in perceptual style when
viewing own- and other-race faces is associated with
performance and bias in social categorization by race, and
whether mask use influences our performance and biases in
social categorization and perceptual style in viewing ownand other-race faces. We recruited Asian participants to
perform social categorization by race and passive face
viewing for measuring perceptual styles through eye
tracking. To quantitatively assess participants' perceptual
style as reflected in eye movement pattern (e.g., Hsiao, Lan,
et al., 2021; Chan, Barry et al., 2020; Chan, Suen et al., 2020,
2021; Zheng et al., 2022), we adopted a machine-learningbased method, Eye Movement analysis with Hidden Markov
Models (EMHMM; Chuk et al., 2014), which takes both the
spatial and temporal dimensions of eye movements into
account. This approach enables us to examine eye
movements more comprehensively than traditional
descriptive measures such as fixation counts (Wu et al., 2012;
Goldinger et al., 2009). We hypothesized that individual
differences in perceptual style when viewing own- and otherrace faces may be associated with performance and bias in
social categorization by race, and mask use may reduce these
performance difference, bias and difference in perceptual
style by directing people’s attention to the eye region of both
Asian and Caucasian faces.

Method
Participants
55 Chinese participants (41 females) between 17 to 30 years
old (M = 19.91; SD = 2.86) were recruited from a local
university in Hong Kong1. They had normal or corrected-tonormal vision with no self-reported cognitive disabilities or
psychological problems. Participants’ own-race contact (M =
5.08, SD = 0.72) was significantly higher than other-race
contact (M = 3.56, SD = 0.70), t(54) = -12.46, p < .001, d = 1.68, based on self-reported Racial Contact Questionnaire
(Hancock & Rhodes, 2008).

Materials and Apparatus
The materials used in the social categorization task consisted
of face images from 16 individuals (8 Asians and 8
Caucasians) adapted from Sheng and Han (2012). Each
individual had an unmasked and a masked face image.
The materials used in the social categorization bias task
consisted of 8 morphed faces with an artificial combination
of 50% of Asian and Caucasian faces respectively. The
original unmorphed faces were adapted from Sheng and Han
(2012). Each face image had an unmasked and a masked
version. FunMorph software (http://www.funmorph.com/)
was used to generate morphed faces.
The materials used in the passive viewing (PV) task
contained face images from 16 individuals (8 Asians and 8
Caucasians), among which Caucasian faces were from the
FACES database (Ebner, Riediger, & Lindenberger, 2010)
and Asian faces were adapted from Zhang et al. (2019). Each
individual had a neutral and a happy face and each face image
had an unmasked and a masked version. Examples of Asian
and Caucasian faces under masked and unmasked conditions
were shown in Figure 1.

Figure 1: Example Asian and Caucasian faces with and
without masks in the passive viewing task.
All face stimuli were aligned at the center point between
the two eyes and were grey-scaled and then normalized in
luminance and spatial frequency distribution (histMatch)

Out of 55 participants, 7 participants didn’t complete the social
categorization task due to technical problems, resulting in 48
completed data. A power analysis of 2 x 2 repeated measures
ANOVA assuming a medium effect size (f = .15, power = .80,  =
.05) using MorePower (Campbell & Thompson, 2012) showed that
1

the required sample size was 48. A power analysis of paired t-test
assuming a medium effect size (d = 0.5, power = .80,  = .05)
showed that the required sample size was 34.
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image of each of the 16 individuals. Each individual’s faces
were presented in either the masked or unmasked condition,
and the mask condition of each individual was
counterbalanced among participants. Only eye movements
from non-target trials were analyzed. The purpose of the oneback design was to ensure that participants processed face
identity information during passive viewing.
Each trial started with a solid circle at the screen center for
drift correction, followed by a blank screen lasting for a
randomized duration between 800 and 1200 ms. An 800 ms
fixation cross then appeared. Participants were asked to look
at the fixation cross when it appeared. Then a face image was
presented for 1000 ms.
EMHMM (Chuk, Chan, & Hsiao, 2014) was used to
analyze eye movement data. A participant’s eye movements
in each of the mask and race condition combinations were
summarized using a hidden Markov model (HMM, a type of
time-series statistical model in machine learning) in terms of
personalized regions of interest (ROIs) and transition
probability among ROIs. The number of hidden states was
automatically determined using the variational Bayesian
approach (McGrory & Titterington, 2009). The resulting 220
(4 models x 55 participants) individual models were then
clustered to discover two representative patterns, pattern A
and B, using the variational hierarchical expectation
maximization (VHEM) algorithm (Coviello, Chan &
Lanckriet, 2014). Following previous studies (Chuk et al.,
2017; Chan et al., 2018; Zheng & Hsiao, 2020; Zhang et al.,
2019; Chan, Barry, et al., 2020; Chan, Suen, et al., 2020;
Chuk et al., 2020; An & Hsiao, 2021; Chan et al., 2021;
Hsiao, An, et al., 2021; Hsiao, Lan, et al., 2021; Hsiao, Chan,
et al., 2021; Lee et al., 2021; Zheng et al., 2022; Chan et al,
2022), we quantified each participant’s eye movement
pattern in a condition using A-B scale:

using SHINE Toolbox (Willenbockel et al., 2010). A surgical
face mask with luminance and spatial frequency distribution
matched to the lower half of the corresponding face was
added using Adobe Photoshop software to create masked
faces. The width of the faces on the screen was about 8 of
visual angle (following Hsiao & Cottrell, 2008) from a 60cm
viewing distance, resembling the size of a real face seen
under a normal conversational distance 100 cm. EyeLink
Portable Duo (SR Research) with a 1000 Hz sampling rate
was used to record eye movements. A 510 mm x 290 mm
monitor with a resolution of 1920 x 1080 pixels and a
keyboard were used to collect behavioral responses. The
social categorization task and the social categorization bias
task were programmed using PsychoPy (Peirce et al., 2019),
and the passive viewing task was coded in MATLAB with
PsychoToolbox (Kleiner et al., 2007).

Design and Procedure
Participants performed three experimental tasks: the social
categorization bias task, the social categorization task, and
the passive viewing task. They then completed the Racial
Contact Questionnaire and demographic questionnaire.
Social Categorization Task Participants were asked to judge
whether the presented face was an Asian or a Caucasian face.
There were in total 32 trials. Each trial started with a 300 ms
blank screen, followed by a 500 ms fixation cross. The face
stimulus then appeared at the screen center for 1500 ms.
Participants pressed button “A” when they saw an Asian face
and button “L” when they saw a Caucasian face.
A 2 (mask conditions: unmasked vs masked) by 2 (race:
Asian vs Caucasian) repeated-measures ANOVA on the
accuracy and RT was conducted to examine the effect of
mask use and race on social categorization performance.
Social Categorization Bias Task Participants were asked to
judge whether the presented morphed face was Asian or
Caucasian. There were in total 16 trials. Each trial started
with a 300 ms blank screen, followed by a 500 ms fixation
cross. The face then appeared at the screen center for 1500
ms. Participants pressed button “A” when they thought the
face was Asian and button “L” for Caucasian.
The percentage of own-race (Asian) responses was used to
measure own-race categorization bias. Paired t-test
comparing masked and unmasked conditions was performed
to examine whether mask use influences people’s own-race
categorization bias.

Where A is the log-likelihood of the participant’s data
being generated by the group A HMM, and B is the loglikelihood of the participant’s eye movement data being
generated by the group B HMM. The log-likelihood measure
reflects the similarity of the participant’s eye movement to
the representative pattern. A more positive A-B scale
indicates higher similarity to pattern A, whereas a more
negative value indicates a higher similarity to pattern B.
A 2 (mask conditions: unmasked vs masked) by 2 (race:
Asian vs Caucasian) repeated-measures ANOVA on A-B
scale was conducted to examine the effect of mask use on
perceptual style in processing own- and other-race faces.
Correlation analysis between eye movement pattern in
passive viewing as measured by A-B scale and the
performance and bias in social categorization was conducted
to examine whether perceptual style could account for the
other-race effects in social categorization.

Passive Viewing Task Participants were asked to view faces
sequentially and pressed a key when they saw two
consecutive same faces, with their eye movements recorded.
It consisted of three sessions, with each containing two
blocks. In each block, there were 144 trials, including 128
non-target trials and 16 target trials. The non-target trials
consisted of 4 repetitions of 32 face images, with two images
(with neutral and happy expressions respectively) from each
of the 16 individuals., The target trials consisted of a face
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-.36, p = .013. This result suggested that people who were
poorer in categorizing masked Caucasian faces were more
likely to judge 50% morphed faces as Asian/own-race faces.

Results
The Effect of Mask Use on the Social
Categorization Performance

Eye Movement Pattern during Passive Viewing

In accuracy of the social categorization task, there was no
main effect of race, F(1,47) = 2.43, p = .126, or mask
condition, F(1,47) = 0.91, p = .345. There was a marginal
interaction between mask condition and race, F(1,47) = 3.78,
p = .058, η2 = 0.016 (Figure 2A): Participants had higher
categorization accuracy for Asian faces than Caucasian faces
under masked conditions, t(47) = 2.54, p = .015, but not under
unmasked condition, t(47) < 0.01, p = 1.000. This result
suggested that mask use made other-race faces more difficult
to categorize as compared with own-race faces.

In passive viewing2, we discovered two representative eye
movement patterns as the result of clustering: the eyesfocused and nose-focused patterns (Figure 3). This finding
was consistent with previous EMHMM studies on face
recognition (Chuk et al., 2014; Chuk, Crookes, et al., 2017;
Chuk, Chan et al., 2017; Chan et al., 2018; An & Hsiao, 2021;
Hsiao, An, et al., 2021). After the first fixation at the face
center/red ROI due to drift correction (94% probability),
participants adopting the eyes-focused pattern typically
started to fixate on the eye region including left eye/green
ROI (50%), right eye/blue ROI (26%), and the pink ROI
covering the whole eye region (22%). After looking at the left
eye/green ROI, they had a 4% probability to stay at the green
ROI, 68% probability to transit to the right eye/blue ROI, 19%
probability to transit to the pink ROI, and 9% probability to
look at other face regions covered by the broad cyan ROI. 107
models were assigned to this pattern group. In contrast,
participants adopting the nose-focused pattern started at the
center of face/red ROI (87%) and mainly look at the face
center covered by broad ROIs. 113 models were assigned to
this pattern group. The two representative HMMs differed
significantly (Chuk et al., 2014): data from those with the
eyes-focused pattern were more likely to be generated from
the eyes-focused than nose-focused HMM, t(106) = 24.41, p
< .001, d = 2.32, and data from those using the nose-focused
pattern were more likely to be generated from the nosefocused than the eyes-focused HMM, t(112) = 7.95, p < .001,
d = 0.71. To be consistent with previous studies, here we refer
to A-B scale as Eyes-Nose scale.

Figure 2: The effect of mask condition and race on (A)
accuracy and (B) RT in the social categorization task.
For RT, there was a main effect of race, F(1,47) = 12.64, p
< 0.001, η2 = 0.038. Participants responded slower in
categorizing Asian faces than Caucasian faces, consistent
with the other-race advantage effect in social categorization
observed in the literature. The main effect of mask was
marginal, F(1,47) = 3.56, p = .065, η2 = 0.005, and no
interaction effect was found, F(1,47) = 0.931, p = .339
(Figure 2B). This result suggested that the other-race
categorization advantage in RT was unaffected by mask use.

The Effect of Mask Use on the Social
Categorization Bias
Based on one-sample t-test against 50%, morphed faces were
significantly more likely to be categorized as Asian/own-race
faces under both the masked (M = 64.3%, SD = 0.23), t(47)
= 4.25, p < .001, d = 0.61, and unmasked conditions (M =
63.3%, SD = 0.24), t(47) = 3.77, p < .001, d = 0.55; this
categorization bias effect did not differ between the masked
and unmasked condition, t(47) = -0.34, p = 737, d = -0.05.
This result indicated that mask use did not modulate this
social categorization bias.
In an explorative analysis, we found that larger own-race
bias for masked morphed faces was correlated with lower
categorization accuracy for masked Caucasian faces, r(46) =
2 Participants had high accuracy (M = 0.94, SD = 0.09) in the
passive viewing task with the one-back design, indicating that they
maintained good attention on the task stimuli.
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Figure 3: The (A) eyes-focused and (B) nose-focused
patterns. Ellipses show ROIs as 2-D Gaussian emissions.

The table shows transition probabilities among the ROIs.
Priors show the probabilities that a fixation sequence starts
from the ellipse. The image in the middle shows the
corresponding heatmap.

Discussion
In this study, we examined whether the difference in
perceptual style when viewing own- and other-race faces, as
reflected in eye movement pattern, was associated with the
other-race advantage in social categorization RT and the bias
in social categorization of ambiguous, 50% morphed faces,
and whether mask use influences these social categorization
effects and perceptual style in viewing own- and other-race
faces. Through the data-driven machine-learning based
approach, EMHMM, we discovered two representative eye
movement patterns, eyes-focused and nose-focused patterns,
in viewing faces. We found that participants who were more
eyes-focused in viewing own-race faces were more likely to
categorize ambiguous faces as their own race. This result
suggested that the bias in ambiguous face categorization is
associated with one’s perceptual style for own-race faces. In
contrast, eye movement pattern during own- or other-race
face viewing was not associated with the other-race
advantage in social categorization RT, suggesting different
cognitive mechanisms involved.
In the literature on ambiguous face categorization, it has
been argued that a more distinct and unusual face parent away
from the center of face space may be perceived as more
salient, leading to a bias to judge an ambiguous face as more
similar to the more unusual face parent (Tanaka et al., 1998).
This argument is consistent with some previous studies
reporting that ambiguous faces were typically judged to
resemble other-race faces more than own-race faces (Lewis,
2016; Benton & Skinner, 2015). However, this other-race
bias effect may be race-specific, since for Asian-Caucasian
morphs, a general bias towards higher similarity to Asian
than Caucasian faces was observed in viewers with a variety
of races and cultural backgrounds (Chen & Hamilton, 2012).
This finding suggests potential influence from fundamental
physical feature saliency of faces of different races. Our
current finding is consistent with Chen and Hamilton’s
(2012) results. In addition, we found that participants’
perceptual style in viewing own-race faces contributed to this
bias effect, with those looking more into the eyes having a
higher bias towards Asian/own-race faces. A more eyesfocused eye movement pattern for own-race faces has been
associated with better own-race face recognition performance
(e.g., Chuk, Chan et al., 2017; Chan et al., 2018; An & Hsiao,
2021; Hsiao, An et al., 2021), suggesting better
individualization. Those who were more eyes-focused when
viewing own-race faces may have engaged in better
individualization, making own-race faces more distinct/away
from the average face in face space, and consequently had a
stronger bias towards own-race faces than those with less
eyes-focused patterns. In contrast, participants’ perceptual
style in viewing own- or other-race faces was not associated
with the other-race advantage in social categorization RT,
suggesting that this other-race advantage may be more
relevant to our basic-level categorization experience with
other-race faces (Ge et al., 2009) unaffected by individual
differences in perceptual style.

Does Perceptual Style in Viewing Own- and OtherRace Faces Predict Other-Race Effects in Social
Categorization?
Here we tested whether perceptual style during passive
viewing was associated with other-race advantage in social
categorization RT and own-race categorization bias in the
perception of regular, unmasked faces. According to
Pearson’s correlation analysis, participants with a more eyesfocused pattern in viewing unmasked Asian faces in PV was
associated with a larger social categorization bias to
categorize unmasked morphed faces as own-race faces, r(46)
= .32, p = .026. In contrast, eye movement pattern during
viewing unmasked Asian or Caucasian face was not
associated with the other-race advantage in social
categorization RT.

The Effect of Mask Use on Perceptual Style
In eyes-nose scale, there was a main effect of race, F(1,54) =
16.78, p < 0.001, η2 = 0.004. Participants were more eyesfocused when viewing Caucasian faces than Asian faces.
There was also a main effect of mask, F(1,54) = 65.01, p <
0.001, η2 = 0.136. Participants had a more eyes-focused
pattern when viewing masked faces than unmasked faces.
These effects interacted with each other, F(1,54) = 4.41, p =
.040, η2 = 0.001 (Figure 4). The post-hoc Tukey’s t-test
showed that participants adopted a more eyes-focused pattern
when viewing Caucasian faces than Asian faces under the
unmasked condition, t(54) = -4.32, p < 0.001, while there was
no difference between viewing Asian and Caucasian faces
under the masked condition, t(54) = -2.15, p = .152. This
result suggested that mask use reduced the other-race effect
on eye movement pattern in face perception.

Figure 4: The interaction effect between mask condition and
race in eyes-nose scale.
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Regarding the impact of mask use on the social
categorization and perceptual style, consistent with our
hypothesis, mask use directed participants’ attention to the
eye region, making their eye movement pattern more eyesfocused, and consequently reduced the other-race effect in
eye movement pattern during face reviewing. Nevertheless,
mask use was found to have no effect on either the other-race
advantage in social categorization RT or the social
categorization bias in judging ambiguous faces. This result
suggested that these other-race effects in social
categorization may stem from the perceptual representations
of own- and other-race faces developed over time, and thus
could not be changed by transient face covering, in contrast
to one’s eye movement pattern. Note however that although
mask use did not change participants’ social categorization
RT, it impaired categorization accuracy of other-race
(Caucasian) faces but not own-race (Asian) faces. The
perceptual representations for own-race faces may be more
robust than other-race faces due to our abundant experience
in individualizing own-race faces, and thus the accuracy of
own-race face judgments is less affected by face covering. In
contrast, the other-race advantage in social categorization RT
may be related to our basic-level categorization experience
with other-race faces (i.e., grouping all Caucasian faces into
a category) in contrast to subordinary level categorization or
individualization experience with own-race faces (Ge et al.,
2009). More specifically, basic-level categorization
experience leads to a decrease in within-category variance
(i.e., higher similarity) in the perceptual representation for
other-race faces, whereas subordinary-level categorization
leads to an increase in variance in the perceptual
representations within the own-race face category (e.g., Tong
et al., 2008; Anaki & Bentin, 2009). Accordingly, our result
suggested that mask use, which covers the bottom half of a
face, may not significantly change this contrast in withincategory variance between our perceptual representations of
own- and other-race face categories.
Interestingly, through an explorative analysis, we found
that participants with lower social categorization accuracy for
masked Caucasian faces had a larger bias towards judging
masked ambiguous faces as Asian/own-race. This finding is
generally consistent with the argument based on the face
space (Tanaka et al., 1998): Those with poorer ability to
categorize masked Caucasian faces may have perceived them
as less distinctive, leading to a stronger bias towards the
relatively more distinctive masked Asian/own-race faces.
This finding again suggested that the bias effect was relevant
to the development of perceptual representations of own- and
other-race faces over time (i.e., face space), and thus was less
affected by occlusion of the bottom half of a face by a mask.
Putting these results together, they seemed to suggest that
the other-race advantage in social categorization RT and the
bias in the perception of ambiguous morphed faces originate
from the different perceptual representations developed for
own- and other-race faces due to our qualitatively different
experiences with them over time. Interestingly, although
change in available information due to mask use could

significantly change our information acquisition strategy
transiently as reflected in eye movement pattern, it did not
seem to induce sufficient change in the type of perceptual
representation responsible for these social categorization
effects. More specifically, information available from the eye
region seemed to be sufficient to induce these social
categorization effects. This phenomenon contrasted with
some other face processing tasks that rely on both the top and
bottom halves of a face, such as face recognition or matching.
Indeed, mask use has been reported to impair face recognition
and holistic face processing as demonstrated in the face
inversion effect (e.g., Freud et al., 2020).
Note also that here we found that individuals with a more
eyes-focused perceptual style for viewing regular
(unmasked) own-race faces had a larger bias in judging
ambiguous morphed faces as own-face faces. Nevertheless,
changes in eye movement pattern to be more eyes-focused
due to mask use did not lead to changes in this bias. This
phenomenon suggests again that the bias associated with
perceptual style developed over time was unaffected by
transient change in eye movement pattern due to mask use.
The current examination of impact of mask use on social
categorization focused on Asian participants’ perception of
Asian and Caucasian faces. Future work may examine
whether these findings can be generalized to participants of
other races categorizing faces of different races, as the effect
of mask use may depend on both an individual’s perceptual
style and the difference in physical features across faces of
different races. For example, both White and East Asian
observers were found to spend more time looking at the nose
and mouth region of Black faces as compared with White and
East Asian faces (Burgund, 2021). Thus, mask use may
modulate social categorization effects involving a
comparison between Black and White/East Asian faces. It
also remains unclear whether the current results can be
generalized to other types of social categorization such as
gender. Future work will examine these possibilities.
In conclusion, here we showed that people’s perceptual
style for own-race faces as reflected in eye movement pattern
was associated with their bias in social categorization of
ambiguous 50% own- and other-race face morphs: a more
eyes-focused pattern in viewing own-race faces was
associated with a larger bias towards their own race.
However, although mask use made participants’ viewing
pattern more eyes-focused and reduced the other-race effect
in eye movement pattern during face viewing, it did not
change this bias in judging ambiguous faces, or the other-race
advantage in social categorization RT. These results suggest
that limited information from the eye region due to mask use
may be sufficient to induce these social categorization
effects, and that transient eye movement pattern or perceptual
input change due to occlusion of facial features by a mask
does not modulate these social categorization effects. Thus,
effects and biases in social categorization may be impervious
to mask use. These findings have important implications for
social cognition and social interaction during the pandemic,
when mask use is prevalent worldwide.
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Abstract

for the other faces (Liu et al., 2016). Memory-based
(familiarity judgment) and perception-based (head
orientation task) identification tasks for faces have supported
self-face advantage over other faces (Bortolon & Raffard,
2018). A prior-entry effect for self-face has been observed for
both direct temporal order judgment as well as orthogonal
emotion identification tasks (Jublie & Kumar, 2021).
The mechanisms behind the self-face advantage may
include familiarity, increased emotional arousal, implicit
positive attitudes towards the self, dual encoding (configural
and featural) of self-face, multisensory information, and
integrative self-hypothesis, the dopamine reward pathway
(Bortolon & Raffard, 2018; Ota & Nakano, 2021). Another
mechanism is an automatic capture of attention by self-face
(Wojcik et al., 2018). However, other studies have claimed
that controlled attentional resources are required to process
self-face (Keyes & Dlugokencka, 2014). Studies have shown
that self-faces can influence processing due to problems in
disengagement of attention from the self-face once attended
to (Devue et al., 2009).
One way to tease apart the effect related to attentional
capture versus disengagement is to use a dot-probe task,
before which self-face is presented either congruent or
incongruent to the subsequent dot-probe. If automatic
attentional processing is the primary mechanism via which
self-face processing advantage occurs, one would expect selfface to grab attention resulting in self-faces influencing the
processing of the probe. Similarly, using a dot-probe task,
researchers have shown a difference in dot-detection
sensitivity using EEG measures (Wojcik et al., 2018). Liu and
colleagues (2016) found that the dynamic orientation of the
self-face can act as a strong ecological cue for attention and
in reducing the uncertainty of the decision-making. However,
in a digit parity task conducted by Devue & Bredart (2008),
the self-face seemed to have a temporary distraction but that
was not different from the distraction created by any other
familiar face.
To investigate whether the deployment of attentional bias
occurs for self-face, we used a dot-probe task cued by facepairs differing in identity to understand how performance on
the dot-probe detection task is mediated by the processing of
self-faces. To understand what components of attentional
processing are affected by self-face cues, faces were
presented as cues at left or right visual angles before the target
(an asterisk), and the participants had to respond to the

Literature has suggested that self-faces are processed
differently at various stages of information processing.
Although mechanisms like familiarity, implicit positive
attitude, emotional arousal, dual-coding, and dopamine
reward pathway have been theorized to explain this effect, it
may share a fundamental basis in the attentional mechanism
resulting in perceptual prioritization for self-face. In this
study, we have assessed the attentional bias resulting from the
self-face (over other familiar and unfamiliar faces), by using
face pairs as cues before a dot-probe task. We looked at
reaction time and its underlying latent variables as a function
of face pairs used as cues. We find that both self-face and
familiar face result in a faster reaction time for subsequent
stimuli at cued locations. Though self-face shows this
advantage for both short and long cue-time, a familiar face
shows the advantage only for longer cue-time. We also found
that drift rate bias is found for the location where self-face is
presented. Familiar faces show a prior bias (z) as the reason
for underlying advantage. We conclude that although, selfface, as well as familiar faces, might bias the processing of
subsequent stimuli the underlying latent factor might differ.
Keywords: self-face; attentional bias; DDM

Introduction
There is huge literature demonstrating that our cognition is
biased toward the self. This self-bias has been originally
called the self-reference effect (Rogers et al., 1977). Trait
adjectives paradigm and ownership tasks have been used to
measure self-reference effects in the domain of memory. It is
found that our memory for the objects or adjectives related to
us is better than for the ones related to others (Bredart, 2016).
This self-reference effect for memory has also been observed
in adults as well as children (Cunningham et al., 2013). Shape
label matching tasks have been used to test the effect of
newly established self-association with arbitrary shapes on
perception (Sui et al., 2012). Results showed an advantage in
terms of reaction time and accuracy for self-associated pairs,
despite contrast reduction, depicting the effect of selfreference on the low-level perceptual processing. A similar
advantage has been observed by some studies when self-face
is taken as a stimulus. Perceptual judgment for orientation
(head facing leftward or rightward) is faster for our face than

586
In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

location of the target (see Figure 1 for trial structure). Cue
presentation time was manipulated as it reflects different
stages of processing. We performed DDM on the
RT/accuracy data. We expected that a congruent self-face cue
will result in an enhanced attentional bias towards the dotprobe (compared to other faces).

Method
Participants
We earlier planned the experiment to obtain a moderate
effect size of 0.75 (Cohen's d) and a power (1- Beta) of 0.8,
and alpha =0.05. We calculated power for multiple-way
ANOVA. The sample size of 31 was calculated in 'R v4.1.1'
using function wp.kanova() in the package 'WebPower'.
In total, 32 students (16 females, 16 males) of IITK within
the age range of 18-28 with normal or corrected-to-normal
vision participated in the study. Each participant was
compensated with an amount of Rs. 50 for participating in the
experiment. The study was approved by the Institute's Ethics
Committee of IIT Kanpur (IEC Communication No:
IITK/IEC/2018-19/I/11).

Figure 1: Trial structure for the experiment. The dotted
circle in the right visual field in the third slide indicates that
the probe can appear in the right position too.

Apparatus
The experiment was conducted on a standard IBM PC at a
refresh rate of 60 Hz and a resolution of 1,024 × 768 on a 24"
LED display. Participants were seated at a distance of 60 cm
from the monitor screen and gave their responses through a
standard QWERTY keyboard. The experiment was designed
using PsychoPy.

identifications then converted to grayscale and matched for
contrast using MATLAB.
Fifteen other participants (who did not take part in the
experiment and were not photographed) categorized the
facial expression as 'sad', 'happy', or 'neutral', and rated these
photographs on a five-point rating scale for valence,
intensity, arousal, and genuineness. The photographs were
presented in randomized order, and each participant rated
each picture five times for every domain. We did not find any
difference in the rating between self-faces, friends face, and
an unfamiliar face on any of the rating parameters.

Stimulus
Stimuli consisted of grayscale photographs of participants,
their friends, and strangers as the ones used in experiments 1
and 2. The face (as cue) was presented at an angle of 4*4
degrees at an eccentricity of approximately 6 degrees from
the center. The target appeared after the stimulus and was
presented at an angle of 4*4 degrees at an eccentricity of
approximately 6 degrees from the center or at the center.

The participants performed a dot-probe task where each
trial began with a fixation cross, after which a face cue
appeared on left and right, which was followed by an asterisk
(*) target at the left or right. It was followed by a blank screen
and the participants had to respond as quickly as possible
whether the target appeared on the left or right by pressing 'z'
and 'm' keys respectively.

Procedure
In the first phase, participants were requested to get their
friends along with them at Media Lab, IIT Kanpur. Consent
for taking photographs was obtained from both the
participants and their friends, along with the consent to take
part in the experiment. In most cases, both the participant and
their friend took part in the main experiment. A professional
photographer took pictures (exhibiting happy or neutral
expressions) in controlled settings. The photographs were
clicked and collected for a gender-neutral unfamiliar face
(volunteers were not a part of the campus) beforehand for
female and male participants. These photographs were
cropped to an oval frame to remove facial hair and any other

Each participant completed a practice block of 24 trials,
followed by the main experiment having 384 trials. The order
of presentation and location was randomized. The main
experiment was divided into four blocks with compulsory
breaks in between. The interaction between cue by the
preferred face (congruent, incongruent) * cue-time (50 ms,
150 ms) = 2*2 was analyzed for three pairs of faces (selffriend, self-unfamiliar, and friend-unfamiliar).
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Results & Discussion
Reaction Time Analysis
Every participant’s data was accepted for having >70%
accuracy. To make the analysis’ understanding clear, three 2
x 2 repeated measures ANOVA were conducted for three
face pairs. The significant effects are briefed below.
For the Self-Friend pair, the main effect of cue-time,
(F(1,31)=20.81, p=.000, Ƞ2=.40) was found significant.
Tukey’s post hoc analysis indicates (t(31)=4.56, p=.000) that
the reaction time was faster for 150 ms cue-time (Mean RT =
445 ms) as compared to that of 50 ms (Mean RT = 466 ms).
For the Self-Unfamiliar pair, the main effect
of cueing (F(1,31)=6.27, p=.018, Ƞ2=.19)
was
found
significant, and post hoc analysis indicates (t(31)=2.5,
p=.018) the reaction time faster for the case when self-face
(as cue) and target (*) were congruent (Mean RT= 446 ms)
as compared to when they were incongruent (Mean RT=
454 ms).

Figure 4: Mean accuracy percentage.
The
interaction
effect Cue*Cue-Time for FriendUnfamiliar pair was found significant (F(2,62)=14.15,
p=.001, Ƞ2=0.31) (see figure 3). We found that for 150 ms
cue time reaction time for the congruent condition was faster
than the incongruent condition (Mean Difference=33.5 ms,
p=0.034)
and
the
difference
between
(Mean
Difference=33.68, p=0.033) 50 ms and 150 ms cue-time was
significant for congruent condition.
Based on the above results we can conclude that both
familiar, as well as self-face, can bias attention when
presented against an unfamiliar face. For self-face, this bias
occurs early (50ms cue duration as well as late 150ms cue
duration). However, for a friend's face, the bias is seen only
at longer cue durations. When a self-face is paired with a
familiar face, no differential attentional bias is observed
towards either of the two faces.

Accuracy Analysis
Similar to RT analysis, three 2 x 2 repeated measures
ANOVA were conducted for three face pairs. None of the
main effects or interaction effects were significant for
accuracy for any face-pair, making the self-face advantage
questionable. To understand the underlying mechanism of
parameters determining the inconclusive behavioral results in
the RT analysis and non-significant effects in accuracy data,
we conducted the DDM for all face pairs in the next section
which will provide information about the prior bias that faces
as cues are supposed to create.

Figure 2: Mean Reaction Time for preferred face in each
pair.

DDM analysis
Drift diffusion model (DDM) analysis has been used to
analyze the specific model (or models) through which the
self-reference effect has affected the task performance
(Golubickis et al., 2019). In any task, there are two distinct
ways in which decisional processing can be biased. Firstly,
how a stimulus is processed; secondly, how a response is
generated; with each source of bias reflecting a different
underlying component of decisional processing (Voss et al.,
2013). While variability in stimulus processing affects the
quality of information gathering during decision-making

Figure 3: Interaction between cueing and cue-time for
FU pair.

588

Table 1: DIC values for Cue*Cue-time for different models.
The models with the least DIC are highlighted in bold.
Varying Parameter

SF

SU

FU

v

-9547

-9580

-9612

z

-9587

-9573

-9657

v, z

-9567

-9552

-9638

Null

-9366

-9391

-9541

for all face pairs (see Table 1), we found that the value for all
models is smaller as compared to the respective null models.
For SU face-pair, we observed the lowest DIC values for
the dynamic bias model where the parameter drift rate (v) was
allowed to vary freely while other parameters were kept fixed
(DICv-DICnull=-189), indicating that presentation of self-face
(against an unfamiliar face) increase sampling rate for
subsequent stimuli both especially for higher cue-time (For
details, see Table 2).
For SF and FU face-pair, we observed the lowest DIC
values for the prior bias model where parameter z was
allowed to vary freely with cue-time*cue while other
parameters were kept fixed. For details of SU pair (DICzDICnull=-221), and FU pair (DICz-DICnull=-116). Results
suggest that RT benefits that we see earlier for a friend's face
(compared to an unfamiliar face) are due to an increase in bias
towards the friend's face for greater cue-time (see Table 3 and
4). Similarly, we see a greater starting point bias for self-face
(compared to friend’s face).
The overall results indicate that although self-face and
friend's face both show a cueing advantage in a dot-probe task
(over unfamiliar faces), latent factors suggest that the
advantage might stem from different biases. While the
advantage for a friend's face (familiarity) results from a prior
bias, the advantage to self-face results in an increased
sampling rate for subsequent stimuli. When self-face and
friend's face are compared with each other, we still observe
some processing advantage for self-face (although in form of
a starting point bias).
When we compared the values of prior bias (z) for different
cue-time in congruent conditions, we found pBayes< .001 for
both SF and FU pairs. This again supports the disengagement
from the face as the major source of advantage for these two
pairs. However, when we compared the values of z for
different cue-time in incongruent conditions, we found
pBayes< .05 for the FU pair only, establishing that here selfface is not engaging against a friend's face.

(i.e., stimulus bias), adjustments in response preparation
influence how much evidence are required before a specific
response is made. Another bias is caused by starting point,
which indicates bias that people might have even before they
process the stimuli.
The DDM assumes that during two alternative forcedchoice tasks (e.g., respond to the location of the probe
whether left or right), noisy information is continuously
sampled until sufficient evidence is acquired to initiate a
response. The parameter drift rate (v) estimates the speed of
information gathering (i.e., larger drift rate = faster
information uptake), and is interpreted as a measure of the
quality of visual processing during decision-making.
Boundary separation (a) estimates the distance between the
two decision thresholds (i.e., whether the response is in favor
of self-face or friend's face), hence indicating how much
evidence is required before a response is made (i.e., larger
values indicate more conservative responding). Another
parameter of interest, the starting point (z) defines the
position between the decision thresholds at which evidence
accumulation begins. If z is not centered between the
thresholds (i.e., if z is 0.5), this denotes a prior bias in favor
of the response that is closer to the starting point, that is, less
evidence is required to reach the threshold. Non-decision
time (t) indicates the time taken for stimulus encoding and
motor processes.
We used HDDM which is an open-source software package
written in Python for the hierarchical Bayesian estimation of
drift diffusion model parameters (Wieki et al., 2013). Models
were response coded, such that the upper threshold
corresponded to the response congruent to the preferred face
(S in SF and SU; F in FU) and the lower threshold to the nonpreferred face (U in FU and SU; F in SF). To identify the
mechanism by which self-face biases information processing,
we calculated Deviance Information Criterion (DIC) values
for models with v: dynamic bias model, z: prior bias model,
and vz: multi-stage model (based on Golubickis et al., 2019)
when being allowed to vary as a function of cue congruency
and cue-probe ISI. Bayesian posterior distributions were
modeled using a Markov Chain Monte Carlo (MCMC) with
5000 samples (following 200 burns in samples).
The DIC value for a model reflects the overall fit to the data
at the participant and group levels. The model with the least
DIC is considered the best for defining the performance. By
comparing DIC values of cue-time*cue with the null model

Table 2: Values for drift rate (v) for SU pair (z=0.61).
Cue-time (ms)
50
50
150
150

Cue
Congruent
Incongruent
Congruent
Incongruent

v
7.31
7.34
8.21
6.92

Table 3: Values for starting point (z) for SF pair. The bold
row indicates pBayes (bias > 0.5) < .001.
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Cue-time (ms)
50
50

Cue
Congruent
Incongruent

z
0.58
0.58

150
150

Congruent
Incongruent

0.63
0.58

Table 4: Values for starting point (z) for FU pair. The bold
row indicates pBayes (bias > 0.5) < .001.
Cue-time (ms)

Cue

z

50

Congruent

0.52

50

Incongruent

0.52

150

Congruent

0.57

150

Incongruent

0.5
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self-advantage during implicit face processing. Journal of
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The results, hence, support that presentation of self-face
results in an attentional bias towards itself. A similar
advantage is also seen for familiar faces. However, it might
be wrong to reduce the self-face processing related
interactions with attention to familiarity. Our results show
that the kind of biases that familiarity creates and the kind of
biases that self-referentiality creates might be different.
While familiarity results in a bias for initial selection bias
toward the familiar face. Processing a self-face might result
in a subsequent increase in the rate at which information is
sampled from the region in which the self-face was
processed. However, results are not completely conclusive
about other aspects of self-face processing. For example, we
did not find an increased sampling for self-face when it was
compared with a friend's face directly. Similarly, we did not
find any self-face advantage (against a friend) in the
processing of incongruent trials, where the self-face and
probe were at different locations. To summarize, both selfface and other familiar faces show an advantage in terms of
reaction time for subsequent stimuli, the underlying
psychological process might be different. While self-face
shows a subsequent increase in drift rate for processing of
stimuli, friends face shows a starting bias.
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Abstract

and another as a passive “recipient” (Mayrhofer & Waldmann, 2015; White, 2006), even in situations where science
would not single out either of them as special. For instance,
when billiard ball A collides with ball B, people tend to say
that A caused B to move, even though from the point of view
of Newtonian mechanics, it would be equally valid to say that
ball B caused ball A to stop moving (Michotte, 1963). White
(2006) summarizes such inductive biases under term “causal
asymmetry”, and we argue that the cues that compel people
to make such causal judgments in perceptual singular causal
events also serve as inductive biases that guide people’s generalization predictions.
In particular, we are interested in identifying the exact cues
that people use to decide causal anchors (Hafri et al., 2018;
Mayrhofer & Waldmann, 2014; White, 2014). A recent study
by Zhao et al. (2022) finds evidence that people anchor causal
generalization predictions with respect to the agent object
only, but their design was not fine-grained enough to identify
what factors about these objects that lead people to treat one
as the agent, and hence the special anchor for the purpose of
generalization. In this paper, we present four experiments that
aim to isolate these factors. Our approach brings together two
strands of research: computational models of categorization
(Anderson, 1991; Goodman et al., 2008; Navarro et al., 2006;
Nosofsky, 2011; Rehder & Hastie, 2001), as well as research
on how people construct causal representations of singular
events (Lagnado et al., 2013; Mayrhofer & Waldmann, 2014;
Michotte, 1963; White, 2006, 2007, 2014), from the perspective of how object interactions probe causal anchoring.

Suppose we observe something happen in an interaction between two objects A and B. Can we then predict what will happen in an interaction between A and C, or between B and C?
Recent research, inspired by work on the “causal asymmetry”,
suggests that people use cues to causal agency to guide objectbased generalization decisions, even in relatively abstract settings. When object A possesses cues to causal agency (e.g. it
moves, remains stable throughout the interaction), people tend
to predict that what happened will probably also occur in an
interaction between A and C, but not between B and C. Here
we replicate and extend this work, with the goal of identifying the cues that people use to determine that an object is a
causal agent. In four experiments, we manipulate three properties of the agent and recipient objects. We find that people
anchor their inductive generalizations around the agent object
when that object possesses all three cues to causal agency, but
removing either cue abolishes the asymmetry.
Keywords: causal reasoning; generalization; inductive biases;
intuitive physics; causal asymmetry

Introduction
Suppose you add honey to your tea and find that the tea tastes
sweeter. How would you generalize this newly-found knowledge? Should you infer that putting anything in your tea will
make your tea sweeter, or that honey makes things sweeter
in general? Generalization is a difficult problem when reasoning about interactions between objects: You may observe
interactions between objects A and B, and later encounter interactions involving A and C, or one involving B and C, which
features of the first interaction do you expect to generalize?
Should you attribute the effect of the first interaction to properties of object A, B, or both?
In the honey and tea case, we can turn to pre-existing causal
knowledge for help: we know that being sweet is a property
of food items, and that sweetness can transmit to things it
adds to. Hence, we should infer that honey makes things
sweeter, and not that anything we put into tea makes our tea
sweeter. In general, causality is a powerful guide to inductive generalization (Gelman, 2003; Rehder & Hastie, 2001),
limiting the vast space of possibilities to a handful of possible ones (Griffiths & Tenenbaum, 2009; Kemp et al., 2010;
Lagnado & Sloman, 2006).
But what structures causal domain knowledge? People
seem to naturally impose causal roles onto objects based on
how they interact, construing one object as a causal “agent”
* These

authors contributed equally to this work
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We derive our predictions from a recent computational model
of object-based categorization (Zhao et al., 2022), which
builds upon work on Bayesian theories of categorization and
the idea of program induction (Anderson, 1991; Goodman et
al., 2008; Kemp et al., 2010, 2012; Piantadosi et al., 2016).
According to the model, people conclude different causal
laws upon observing different interactions between objects
(Figure 1). Perceptual features are materials for the content
of causal effects, and the way objects interact gives rise to
causal roles such as being an agent or recipient, which decides
which object’s features to focus on when constructing causal
laws. In the honey and tea example, taking honey as the agent
object and tea as recipient leads one to conclude that things

In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

with each other more when they make predictions about what
should happen in novel interactions, because they have abundant evidence to infer a single causal law, while people in
the second condition (where the agent object is varied) are
more uncertain and show less agreement with each other during generalization. If people are not biased toward anchoring on the agent object, however, then we should not observe
a difference in inter-participant agreement between the two
conditions. 1
Zhao et al. (2022) reported a causal asymmetry in an experiment using a design similar to the one described above,
and their results supported the bias toward anchoring on the
agent object in participants’ generalizations. However, their
model presumes clear-cut causal roles: one object is the agent
and the other object is the recipient. In fact, the agent and recipient objects in their study differed on many dimensions,
making it impossible to tell how people decide on the causal
focus in the first place. Here, we adapt their experimental design to narrow down on the cues that people use to anchor the
categorization process (Figure 1, red circle).

Figure 1:
Schematic representation of the object-based
causal categorization model (Zhao et al., 2022). The model
uses perceptual features to construct the content of causal
laws, and decides focus on causal roles according to how objects interact. The constructed causal laws are then applied to
make generalization predictions, which exhibit causal asymmetries when the right causal cues are present. Here we are
interested in how the way that objects interact influences the
assignment of causal roles (red circle).

Possible cues to causal roles
Figure 3A illustrates the original animation in Zhao et al.
(2022). In their setup, the agent objects (on the left) differed
from the recipient objects along three dimensions: the agent
object was marked by a glowing yellow border; it moved toward the recipient object, which had no border. When the
agent object touched the recipient object, the recipient object
would change into the result form, while the agent object remained unchanged. As illustrated in Figure 1, the way objects
interact with each other indicate their causal roles, and causal
roles then influence the focus parameter in the categorization
process.
Interactions as shown in Figure 3A convolute three possible factors: movement, change of state, and nominal indicator. Each of these factors has theoretical reasons to induce the
observed asymmetry in generalizations.

like honey transmit their taste to the recipient, and hence one
may generalize that honey can make water taste sweeter too.
This model operates on a feature similarity-based categorization process and singular event causal induction mechanism. The categorization process is agnostic about which
features should be taken into account—they consider all the
possible perceptual features equally important. However, the
model puts different weights on causal agent/recipient roles
with a focus parameter, that later on can be determined by
looking at how people make generalizations.
Here is how. Suppose people anchor their categorization
process with the agent object, i.e., they only consider the
agent object’s features when deciding how general a causal
law should be. If we allow participants to observe six interactions that always involve the same agent object along with
a range of different recipient objects (Figure 2A, ‘Fixed-L’
panel), people will be biased to assume that all these interactions are ruled by the same causal law, and hence use all of
the six observations to infer what this causal law consists of.
Contrast to this case, if we allow participants to observe six
interactions where the agent object is different every time and
the recipient object is the same (Figure 2A, ‘Fixed-R’ panel),
then people will (by assumption) infer that each interaction is
determined by its own causal law, and only have one trial’s
worth of evidence to infer the content of each causal law.
The prediction, then, is that people in the first condition
(where the agent object is always the same) should agree

Movement As shown in Michotte (1963)’s famous launching effect, movement seems to be a fundamental factor in
causal perception. People watching simple physical interactions between two objects report that the moving object
causes the state-change of the other object (Michotte, 1963;
Scholl & Tremoulet, 2000). In Figure 3A, the fact that the object on the left moved might have led participants to consider
that the object on the left was causally responsible for what
happened to the object on the right.
Stability Change of state is another possible marker for introducing a causal asymmetry. Soo & Rottman (2018) discovered that in time series data, people are more likely to
think that the object that remains stable is the cause and the
object that changes is the effect. Again, in Figure 3A, the
1 The

above is an intuitive explanation for why the effect should
arise – see Zhao et al. (2022) for rigorous exposition of how this
prediction follows from a computational model of object-based categorization.
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Figure 2: A. Learning pairs for the original condition. Objects marked with yellow glowing borders are the agent object. B.
Task interface. Top box: visual summaries for tested learning pairs. Middle: place to play animations, triggered by clicking the
“test” button. Bottom: interface for generalization predictions.

Methods

agent object does not change during the interaction, while the
recipient object changes after contact with the agent object.
This asymmetry in state change (stability) may be another
reason for biasing the focus parameter toward the agent.

Participants Two-hundred-and-two participants were recuited from Amazon Mechanical Turk (82 females, Mage =
37.6 ± 10.1). Twenty-eight participants were excluded from
analysis because they failed to provide task-relevant responses in free-text inputs, leading to one-hundred-andseventy-four participants in total. Participants were paid both
for their time and a performance-based bonus. The task took
12.5 ± 10.1 minutes.

Indicator In Zhao et al. (2022)’s original experiment, the
agent object was marked by a glowing yellow border, and participants were instructed that a glowing yellow border means
the object is “active”, and that active stones can change the
other inactive stones. If participants assume that such instructions are relevant (Grice, 1975; Sperber & Wilson, 1986),
they might have constructed causal laws that are anchored in
the objects labeled as being active. In addition, the glowing
yellow border might also have led participants to pay more
visual attention to the agent objects.

Materials and design Objects in this experiment are composed of a shading feature, ranging in {light, medium, dark,
very dark} shades of blue, and number of edges, ranging from
three (triangle) to seven (heptagon). The ground truth causal
relationship we used to generate the training examples is the
same across four experiments: the recipient object becomes
one shade darker than itself and gains one more edge than the
agent object (Figure 2 & 3). Note that the final state of the recipient object is a function of both its own features and those
of the agent object. Therefore, the ground truth used in generating training examples does not pre-suppose asymmetries.
Experiment 1 is a replication of Zhao et al. (2022), in
which we used the original animation (Figure 3A) as in their
paper and code. Here, the object on the Left is intuitively
seen as a causal agent, and the object on the Right is intuitively seen as the causal recipient.
Experiment 2 aims to dissect the movement factor from
the original animation. We designed an animation as in
Figure 3B, where the Left object remains static while the
Right object moves. When the Right object touches the Left

Experiments
Our aim is trying to identify which of these cues are responsible for the causal asymmetry Zhao et al. (2022) found in their
data. We test one of the three factors (movement, change of
state/stability, and visual-nominal indicator) separately, and
measure their effect on the level of inter-person agreement
in causal generalizations using a similar “keeping one object constant” design (Figure 2A). As explained above, if the
agent object (the object on the left in the original design) embodies cues that people use to anchor categorization, then we
should observe higher inter-participant agreement in the condition where the agent object remains the same across interactions than in the condition where it varies.2
2 While we could in principle also look at the proportion of participants’ correct responses (i.e. responses that match the ground
truth used to generate the training examples), this information is less

helpful because there are many possible hypotheses, in addition to
the ground truth rule, that are consistent with the data.
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Figure 3: Illustration of various animations for the same underlying causal relationship. Objects with glowing yellow borders
were told to be “active” in instructions. Full stimuli are available on OSF.
object, the moving object Right changes according to the
ground truth causal relationship, while the Left object stays
unchanged as in the original animation. By this animation,
we removed the movement cue from the Left object.
Experiment 3 uses an animation that removes the stability cue from the Left object (Figure 3C). While keeping the
indicator and movement factors identical to the original animation, it is now the Left object, rather than the original Right
object, that changes into the result form after the interaction.
Experiment 4 removes the glowing yellow border from
the Left object (Figure 3D), while keeping the movement and
stability factors as identical to the original animation.
Following Zhao et al. (2022), for all four experiments,
we manipulated (between-subjects) whether the Left object
stayed the same across the six interactions while the Right
object varied (fixed-L condition), or whether the Left object
varied across interactions while the Right object stayed the
same (fixed-R condition).

in a given condition agree with each other in their predictions:


k
kp(1 − p)
ρτ =
1−
k−1
σ2X

(1)

In Equation 1, k is the number of participants in one condition, p is the probability of choosing an object if randomly
answered (p = 1/16), and X is the selection vector for a generalization task. The outcome consistency measure ranges
from -Inf (indicating uniform spread across all selections) and
1 (indicating a perfect agreement between participants; note
that ρτ can only approach 1 when k tends to infinity).
For a total 4 × 2 × 16 = 128 generalization tasks, the mean
consistency ρτ = 0.80 ± 074 with max = 0.91 and min = 0.39,
demonstrating a high level of agreement between participants. Fisher’s exact test confirmed that for all eight betweensubject conditions, participants’ generalizations are not random, p < 0.001. Therefore, we conclude that participants
made systematic generalization predictions in all eight conditions, even though there were just six data points, no strict
ground truth, and potentially misleading animation types.

Procedure All four experiments followed the same procedure. After reading instructions and passing a comprehension
quiz, participants proceeded to a learning phase, where they
were invited to test causal interactions for six pairs of objects, by clicking a “test” button and watching the subsequent
animated outcomes (Figure 2B, middle panel). A visual summary of each tested pair was shown after the test on top of
the screen, and remained visible until the end of the experiment (Figure 2B, top panel). Next, participants were asked
to write down their best guesses about the causal relationship between those objects. After that, participants went into
the inductive generalization phase, where they made sixteen
generalization predictions about novel pairs of objects. Each
generalization task was presented sequentially and in random
order. Participants composed their predictions by selecting
from two drop-down menus, one for the shading feature and
another for shape (Figure 2B, bottom panel).

Causal asymmetry in generalizations Figure 4A summarizes task-wise consistency measures aggregated per condition. Experiment 1 (original) replicates the causal asymmetry
in Zhao et al. (2022): participants in the fixed-L condition
(original fixed-agent) made more homogeneous predictions
across 16 generalization tasks (Mρτ = 0.83 ± 0.06), and those
in the fixed-R condition (original fixed-recipient) made more
diverse predictions (Mρτ = 0.76 ± 0.11), t(15) = 1.92, p =
.04.
However, none of the other three experiments exhibits any
causal asymmetry (Figure 4A). In Experiment 2 (movement,
p = .29), Experiment 3 (stability, p = .64), and Experiment 4
(indicator, p = .18), mean consistency measures are at similar
levels between fixed-L and fixed-R conditions, and no significant difference was detected. This indicates that all three
factors contribute together to the original causal asymmetry
effect, and removing any one of them from the Left object
leads people to treating both the agent and recipient equally
in generalizations.

Results
Systematic generalization Our key dependent measure is
the inter-participant agreement in generalization, which we
measure using Cronbach’s alpha over how many participants
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Figure 4: Experiment results. A. Generalization congruency per condition; y-axis is task-wise Cronbach’s alpha value. B.
Self-report labels with respect to which object’s features were mentioned for inference.
Focuses in categorization To understand how people focus their categorization processes under different interaction
cues, we analyzed participants’ free text self-reports collected
at the end of the learning phase. We coded these self-reports
using left, right, both and none to represent which object people referred to when describing a causal relationship. For
example, “become darker than itself” is classified as right
in Experiments 1, 2 and 4, but as left in Experiment 3 (see
Figure 3); “become darker than the moving stone” would be
classified as right in Experiments 1, 3 and 4 (and as left in Experiment 2). Self-reports that took both objects into account
are classified as both, such as “becomes one shade darker
and converts into a shape with one more side than the active
stone”. Those that do not refer to objects, not consistent with
data, or make no sense are classified as none.

tions showed a more diverse pattern: 50% mentioned both
objects, 15% recipient-only, and 5% referring to just the agent
objects’ properties. A linear model predicting label both using the fixed condition as predictor confirms its significancy,
βfixed-R = 0.5, p < .001.
Strikingly, only participants in Experiment 1 showed such
difference between fixed-R and fixed-L conditions. In all the
other three experiments, participants showed no significant
difference for label both in the two fixing conditions (Experiment 2: βfixed-R = 0.18, p = .16; Experiment 3: βfixed-R =
0, p = 1; Experiment 4: βfixed-R = 0.23, p = .11). Collapsing
all four experiments together, we can treat them as a 4 interaction cues × 2 fixed-L/R mixed design, and fit a multinomial
regression model predicting self-report labels with these two
factors. Taking label right and the original interaction cue
as baselines, we found that interaction cue is indeed a significant predictor: between original and indicator cues, label
left differs significantly, β = 2.16, p = .03; between original
and movement cues, label left (β = 2.66, p = .008) and label none (β = 2.19, p = .03) both differ significantly, and be-

Figure 4B visualizes percentages of coded self-reports
for all four experiments. In Experiment 1 (original), 90%
of participants in the fixed-L/fixed-agent condition reported
causal relationships referring to the recipient object’s feature only, while those in the fixed-R/fixed-recipient condi-
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tween original and stability cues, all the other three labels left
(β = 4.33, p < .001), label both (β = 2.51, p < .001), and label none (β = 2.83, p < .001) differ significantly. Fixed-L/R
also appears to be a significant predictor for all three labels
left (β = −5.16, p < .001), both (β = −4.29, p < .001), and
none (β = −3.93, p < .001), but this is due to the difference
between either the left or right object changes in the animations.
In sum, these coded self-reports revealed that removing either factor from the original animation shifts participants’ focus to both objects in the causal interaction, resulting in a
more symmetric pattern of generalization.

stimuli need a strong probing of people’s intuitive causal perception (Bramley et al., 2018; Gopnik & Sobel, 2000; Ullman
et al., 2017). Our results suggest that any study that aims to
measure causal reasoning involving animated feature changes
needs to take these interaction cues seriously.
However, since our goal was trying to dissect each cue
from the original convoluted design of Zhao et al. (2022),
we recognize that the new animations we designed here still
mixes two factors on one object at a time. Future research
could expand on these results by employing a fully factorial
design, manipulating the presence or absence of each cue independently. Other kinds of experimental techniques, such as
iterated learning (Kirby, 2001; Griffiths et al., 2008; Yeung &
Griffiths, 2015) could also provide convergent evidence for
the roles that potential cues of agency may play in objectbased categorization.

Discussion
In four experiments, we systematically examined what cues
in causal interactions shape people’s anchor of categorization
in generalization. While successfully replicating the causal
asymmetry in Zhao et al. (2022), we also found that this
asymmetry is sensitive to a mix of factors: object movement,
stability in state changes, and visual and nominal causal role
indicators. The original causal asymmetry depends on all
three factors working together, and removing either one of
them will shift the focus of categorization, leading people to
assume that the causal law that determines what happens in
the interaction is a joint function of both objects.
People’s tendency to parse interactions in terms of a causal
“agent” and “recipient” is often derided as an irrational bias.
For instance, researchers scold lay people for saying that,
in a physical collision, it is the moving ball that exerted a
force on the static ball, when Newtonian mechanics tell us
all forces in the scene are symmetric (White, 2006). We suggest that attributing causal agency to certain objects can actually serve a functional role, and people do take into account
multiple factors when making that attribution decision. The
disappearance of the causal asymmetry in Experiments 2-4
demonstrates that people can be fully aware of the symmetric causal relationship when they put equal focus toward both
objects in the causal interaction. The fact that Experiment
1 replicates the causal asymmetry reinforces that an overly
strong causal framing may effectively structure the kind of
causal laws that people infer (Gopnik et al., 2004; Griffiths
& Tenenbaum, 2009; Lucas & Griffiths, 2010; Mayrhofer &
Waldmann, 2015), reflected both in self-report data and interparticipant generalization agreement levels.
Humans excel at generalizing from sparse data (Anderson,
1991; Tenenbaum et al., 2011; Lake et al., 2015; Goodman
et al., 2008), in part because they use assumptions about
causality as inductive biases to guide generalizations (Gelman, 2003; Rehder & Hastie, 2001; Quillien, 2018). We argue that, in intuitive perceptual causality settings, people rely
on interaction cues such as whether an object is moving, or
remains stable throughout the interaction, to decide whether
the object has causal agency, and anchor their future generalizations based on this. Unlike verbal stimuli where the cause
and effect can be communicated directly, perceptual causal
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Abstract

research programs across disciplines and cognitive domains.
Crucially, the assumptions that gave rise to the initial framing are seldom examined formally, and since they are taken
for granted as background commitments, empirical tests are
not designed to bear on them. These foundational oversights
can sidetrack researchers into directions that will be largely
immune to empirical corrective feedback later on.
To illustrate how crucial it is to formally assess the validity
of intuitive assumptions about problem properties, and what
can go astray if one doesn’t, we undertake here a formal examination of an example subcapacity. Our case study is Segmentation1 . This subcapacity figures ubiquitously in explanations of real-world cognitive capacities such as speech recognition, music perception, active sensing, event memory, temporal attention, action processing, and sequence learning. We
focus on two classes of assumptions about its computational
properties: i) the search space is excessively complex and ii)
this makes the segmentation problem intrinsically hard.
To formally assess the theoretical viability of these assumed properties, we develop a formalization of the (intuitive) segmentation problem at Marr’s (1982) computational
level. Next, we submit this formalization to a mathematical analysis to assess the size of its search space, its computational hardness, and its possible sources of complexity
using tools from computational complexity theory (Garey &
Johnson, 1979; Arora & Barak, 2009; van Rooij, Blokpoel,
Kwisthout, & Wareham, 2019). As our results may run
counter to intuition, we end with a word of caution regarding
the general non-intuitiveness of the computational properties
of hypothesized cognitive problems.

Computational feasibility is a widespread concern that guides
the framing and modeling of biological and artificial intelligence. The specification of cognitive system capacities is
often shaped by unexamined intuitive assumptions about the
search space and complexity of a subcomputation. However,
a mistaken intuition might make such initial conceptualizations misleading for what empirical questions appear relevant
later on. We undertake here computational-level modeling and
complexity analyses of segmentation — a widely hypothesized
subcomputation that plays a requisite role in explanations of
capacities across domains — as a case study to show how crucial it is to formally assess these assumptions. We mathematically prove two sets of results regarding hardness and search
space size that may run counter to intuition, and position their
implications with respect to existing views on the subcapacity.
Keywords:
segmentation; computational complexity;
tractability; computational-level analysis; modeling; theory

Introduction
Cognitive scientists routinely invoke subcapacities in decompositional efforts to reverse-engineer fully-fledged capacities
of minds, brains and machines (Cummins, 2000; Miłkowski,
2013). For instance, speech processing is presumed to decompose into, among other things, segmentation and decoding, and action understanding into parsing, predicting and
goal inference. These subcomputations are thought to tackle
certain problems that the cognitive system faces to behave appropriately in the world.
Problems that originally show up in one domain (e.g.,
speech processing) are subsequently encountered in other domains (e.g., action understanding), and so the conceptual apparatus naturally carries over. As a result, cognitive scientists
may come to view, e.g., the problem of segmenting speech as
analogous to the problem of parsing actions. Researchers can
then transfer ideas across the domains, adopting and adapting
similar subcomputations in their explanations of the different
capacities. What is passed along, however, will include latent (and possibly mistaken) notions about the computational
properties of these problems as well. For instance, if a cognitive scientist believes that the search space of speech segmentation is large (combinatorially complex) and that this makes
the problem hard, then by analogy, the same can be inferred
about the parsing problem in action understanding.
Once such initial framing of a cognitive (sub)capacity is
adopted, it completely shapes the kinds of empirical questions
that appear relevant and in so doing determines the course of

Conceptualization of segmentation
In order to rigorously examine computational assumptions,
we need a mathematical formalization of the problem that can
be submitted to further analyses. This computational-level
model, in turn, should capture key aspects of the theorized
cognitive capacity. To that end, in this section we synthesize
conceptualizations of the segmentation problem as it appears
in various cognitive domains.
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1 Segmentation relates closely to computations whose names vary
depending on time period, cognitive domain, and theoretical framework: chunking, sampling, discretization, integration, grouping,
packaging, quantization, sequencing, segregation, parsing, temporal
pooling, temporal gestalt, boundary placement, temporal attention.
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Formalization of segmentation

Informal definitions: segmentation as a
fundamental subcomputation

A succinct, yet informal, definition of segmentation can be
stated by verbally specifying the inputs and outputs of the
conjectured subcomputation.

“How the brain processes sequences is a central question in
cognitive science and neuroscience” (Jin, Lu, & Ding, 2020).
A substantial amount of information available to the cognitive
system is “continuous, dynamic and unsegmented” (Zacks
et al., 2001). The purpose of the segmentation process is,
then, “to generate elementary units of the appropriate temporal granularity for subsequent processing” (Giraud & Poeppel, 2012). Succinctly, “[t]he central nervous system appears
to ‘chunk’ time” (Poeppel, 2003).

SEGMENTATION ( INFORMAL )
Input: A sequence and a downstream process that, for
any given segment of the sequence, can evaluate its quality relative to domain-specific criteria.
Output: The best2 segmentation of the sequence with
respect to criteria relevant for the downstream process.

With this sketch in mind (see Fig. 1 for a schematic), we develop the formal definition of the computational-level model.

Several subfields of the cognitive and brain sciences have
proposed segmentation as a key subcomputation. Active listening (cf. active sensing) casts it as “the selection of internal
actions, corresponding to the placement of [...] boundaries”
(Friston et al., 2021), “to sample the environment” (Poeppel
& Assaneo, 2020). Event cognition similarly defines it as “the
process of identifying event boundaries [...] a concomitant
component of normal event perception” (Zacks et al., 2001).
In episodic memory, it is “the process by which people parse
the continuous stream of experience into events and subevents [for] the formation of experience units” (Jeunehomme
& D’Argembeau, 2018). Central to music perception, it features as determining the “perceptual boundaries of temporal
gestalts” (Tenney & Polansky, 1980) and “entails the parsing
into chunks” (Farbood, Rowland, Marcus, Ghitza, & Poeppel, 2015; Tillmann, 2012). The speech recognition literature
describes it as the core process of “segmenting the continuous
speech stream into units for further perceptual and linguistic
analyses” (Teng, Cogan, & Poeppel, 2019), where it “allows
the listener to transform [the] signal into segmented, discrete
units, which form the input for subsequent decoding steps”
(Poeppel & Assaneo, 2020). In action processing, “[a] fundamental problem observers must solve [...] is segmentation
[...] Identifying distinct acts within the dynamic flow of motion is a basic requirement for engaging in further appropriate
processing” (Baldwin, Andersson, Saffran, & Meyer, 2008).

Subcapacities (decomposition)
Segmentation

Downstream process

Capacity

Cognitive system

Sequence domains

Figure 1: Segmentation is a core subcomputation in domains
including sound, speech, music, action and event processing (bottom). Segmentation itself can be functionally decomposed such that domain-specific downstream processes
inform which possible segmentations of a given sequence S
are best (top). Refer to the main text for definitions of S, P, F
and pi .

Such ubiquitousness has been suggestive that the capacity
“appeals to general principles the brain may use to solve a variety of problems” (Friston et al., 2021; Himberger, Chien, &
Honey, 2018). “[M]any sequence-chunking tasks share common computational principles. [E.g.,] to find and encode the
chunk boundaries” (Jin et al., 2020). Segmentation as a subcomputation appears across processing hierarchies as well,
even when the world is relatively static: “[it] exists at multiple
layers within a given problem” (Wyble & Bowman, 2019).
The downstream operations on segments that partially determine optimal segmentation play similar roles but vary with
cognitive domain and modeling framework.

We envision an input sequence S = (s1 , s2 , ..., sn ) that captures the idea of a time-ordered representation the cognitive
system must work with. Its origin could be sensory encoding at the periphery or deeper, more elaborate processes alike
(e.g., an encoding of the acoustic envelope of speech or music, or a compressed representation of a visual scene). As instances of the segmentation problem appear throughout processing hierarchies, their inputs vary in origin and nature. We
model the sequence with according generality. Next, we pin
down the notion of a downstream cognitive process that computes over segments p ∈ P (e.g., a decoder that maps speech
segments to phonemes, or a module that maps scene segments
to action meanings). Our formalization is agnostic as to what

Segmentation, concisely, is then a fundamental subcomputation whose requisite role across cognitive domains and processing hierarchies is to determine, given a sequence representation, the optimal boundary placement with respect to a
downstream computation over segments.

2 Without loss of generality, here ‘best’ could be replaced by
‘good enough’, and our formal results would still apply.
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these domain-specific processes, and theoretical frameworks
used to model them, might be. We aim for generality and
simply model, with a function F : P 7→ Z+ (over a possibly infinite domain) available at the input, the idea that the
process is capable of guiding the placement of boundaries.
This is achieved by reporting back some (discretized) aspect
of its performance F(p) ∈ Z+ (e.g., label probability, likelihood w.r.t. generative model, depending on framework). The
desired output — a useful segmentation scheme — is modeled as a collection P of disjoint segments jointly making up
the input sequence, whose overall appropriateness V (P) with
respect to the downstream process is optimal. These modeling choices yield the following formalization.3

be computationally inefficient given that we can reduce the
scope of possibilities” (Friston et al., 2021). “The problem would be enormously complicated by the presence of so
many candidates [...]” (Brent, 1999).
Solutions for complexity. Arguably as a consequence of
coupling these intuitions with additional assumptions, the effectiveness of certain solutions has been taken for granted.
“From the computational perspective, the aim of research in
segmentation [...] is to identify mechanisms [that] reduce
these computational burdens by reducing the number of candidate[s]” (Brent, 1999). This position has motivated the
search for bottom-up segmentation cues or top-down biases
(e.g., priors) that would achieve, among other things, such a
narrowing down (e.g., Teng et al., 2019; Friston et al., 2021).
“We suggest a different role [of cues] in which they are part of
the [segmentation] (rather than decoding) process” (Ghitza,
2012). For instance, researchers may observe environmental (Ding et al., 2017) and neural (Teng, Tian, Rowland, &
Poeppel, 2017; Teng, Tian, Doelling, & Poeppel, 2017) regularities suggestive of segment-size constrained segmentation
processes (Poeppel & Assaneo, 2020; Poeppel, 2003).

SEGMENTATION ( FORMAL )
Input: a finite sequence S = (s1 , s2 , ..., sN ) of length N ∈
N, with si ∈ Z and a scoring function F : P 7→ Z+ that
maps contiguous subsequences p = (si , si+1 , ..., si+q ) to
a positive value F(p).
Output: a segmentation of S into contiguous subsequences, P = ((s1 , s2 , ...), ..., (..., sN−1 , sN )), where seg/ and span
ments are disjoint, ∀pi , p j ∈ P : pi ∩ p j = 0,
S|P|
the original sequence, i=1 pi = S, such that its overall
value V (P) = ∑ p∈P F(p) is maximum.4

Core assumptions
This survey reveals a core set of intuition-based assumptions
about the computational properties of segmentation:
• Real-world sequences (e.g., speech, music, scenes, actions) and internal representations alike (e.g., memories of
experiences) are “complex, continuous, dynamic flows”.
• The cognitive system needs to make use of discrete representations of segments that are appropriate (size- and
content-wise) for downstream tasks.
• The problem is “hard” — the obstacle being that there are
“too many” possible segmentations of a given sequence.
• Cognitive systems must reduce the possibilities somehow,
e.g., via bottom-up cues and/or top-down biases.

Assumptions about segmentation
To determine the course of our analyses, we survey views
on the computational properties of the segmentation problem.
We illustrate with examples and synthesize core intuitions.

Problem properties: segmentation as a
computational challenge
Hardness and complexity. Segmentation problems have
been widely assumed to be computationally challenging.
This is evidenced in explicit statements and in the ‘solutions’
researchers propose after taking onboard certain beliefs about
hardness. To illustrate: “Speech recognition is not a simple problem. The auditory system must parse a continuous
signal into discrete words” (Friston et al., 2021). “It is hard
for a brain, and very hard for a computer” (Poeppel, 2003).
“[S]egmentation requires inference over the intractably large
discrete combinatorial space of partitions.” (Franklin, Norman, Ranganath, Zacks, & Gershman, 2020).

Computational complexity of segmentation
It is generally non-obvious what problems are genuinely (as
opposed to merely apparently) hard, which refinements will
render a model tractable, or which restrictions will effectively
reduce a search space. Intuitions about computational properties of problems are frequently mistaken, hence need to be
validated against formal analyses (van Rooij, Evans, Müller,
Gedge, & Wareham, 2008). This section presents a complexity analysis in two parts according to the assumed properties
they examine: search space size, and problem hardness.

Sources of complexity. As is evident in researchers’ descriptions, the hardness is attributed to the (presumed) combinatorial explosion involved in the number of possible segmentation schemes — the size of the problem search space is
informally taken as the source of computational complexity.
Again, to illustrate: “Where should these candidate boundaries be placed? In an extreme case, we could place boundaries at every combination of time points [...] but that would

Search space of segmentation
We analyze the search space size as a possible source of hardness by envisioning a simple brute-force algorithm. If the
number of candidate solutions grows polynomially (i.e., upperbounded by N c , where N is the sequence length and c is
some constant), then such an algorithm would be tractable.
We describe this growth through combinatorial analysis; first
for the unconstrained problem and then including various theoretically motivated constraints.

3 For succinctness, we omit the set notation for sequences,
{(i, si ), ..., (n, sn )}, and we slightly abuse set operation notation.
4 We model segmentation as optimization w.l.o.g. This choice
makes our results an upper-bound on the complexity of the problem.
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Unbounded parts. When the size q of the segments is not
constrained other than by the length N of the sequence, i.e.,
q ∈ [1, N], all boundary placements are possible. Notice there
is a bijection between binary strings of length N − 1 and
boundary placements in sequences of length N (Fig. 2).

0

1

0

0

0

1

0

Lower-bounded parts. We consider integer compositions
involving parts pi ∈ [a, N], with 1 < a < N.
Theorem 1. The number of [a, N]-restricted integer compositions of N grows exponentially with N.
Proof (sketch). Through combinatorial arguments, it is posxa
sible to construct the generating function GLB (x) := 1−x−x
a.
It can be shown, using the intermediate value theorem, that
there always exists a root α of Q(x) = 1 − x − xa satisfying
0 < α < 1, for any a constrained as above. By Lemma 1
the coefficients [xN ]GLB (x) have an exponential growth factor
AN , for some A > 1.
■

0

Upper-bounded parts. We consider integer compositions
involving parts pi ∈ [1, b], with 1 < b < N.
Theorem 2. The number of [1, b]-restricted integer compositions of N grows exponentially with N.
Proof (sketch). Through combinatorial arguments, it is possi1−x
ble to construct the generating function GUB (x) := 1−2x+x
b+1 .
It can be shown, using the intermediate value theorem, that
there always exists a root α of Q(x) = 1 − 2x + xb+1 in the
interval (0, 43 ], for any b constrained as above. By Lemma 1
the coefficients [xN ]GUB (x) have an exponential growth factor
AN , for some A > 1.
■

Figure 2: Binary strings encode boundary placements. A sequence of length N (top) admits N − 1 choices of the presence/absence of boundaries (bottom).
Since the number of possible binary strings of length k is
given by 2k , the number of possible segmentations that use
unbounded parts grows as 2N−1 (i.e., exponentially).
Segmentation as integer composition. In order to incorporate various constraints in combinatorial analyses, we draw
an analogy between segmentation and integer compositions
(Fig. 3). This enables us to take an analytic combinatorics
approach (Flajolet & Sedgewick, 2009) to the latter and leverage the results to infer properties of the former.

Doubly-bounded parts. We consider compositions involving parts parts pi ∈ [a, b], with 1 < a < b < N.
Theorem 3. The number of [a, b]-restricted integer compositions of N grows exponentially with N.
Proof (sketch). Through combinatorial arguments, we conxa −xb+1
struct the generating function GDB (x) := 1−x−x
a +xb+1 . It can
be shown, using the intermediate value theorem, that there
always exists a root α of Q(x) = 1 − x − xa + xb+1 satisfying
0 < α < 1, for any a, b as above. By Lemma 1 the coefficients
[xN ]GDB (x) have an exponential growth factor AN , A > 1. ■

Definition 1 (Integer composition). A composition of an
integer N is an ordered list C = (p1 , p2 , ..., pk ) of positive
integer parts pi ∈ N+ , such that N = ∑ p∈C p.
7
2

2

3

Hardness of segmentation
We showed that intuitive constraints do not render brute-force
segmentation tractable. One may be tempted to conclude that
this demonstrates the conjectured hardness of the segmentation problem. However, in this section we present a theorem
that contradicts this conclusion. The proof builds on the technique of (polynomial-time) reduction (Arora & Barak, 2009;
Garey & Johnson, 1979; van Rooij et al., 2019).

Figure 3: Segmentation as integer composition. An integer
(top), arbitrary parts, and their composition (bottom) stand
for a sequence, segments, and a possible segmentation.
To obtain the growth rate for various restricted cases, we
derive generating functions for each, whose coefficients count
the number of compositions, and analyze them based on the
following lemma.5

Definition 2. (Polynomial-time reducibility) Let A and B
be computational problems. We say A is polynomial-time
reducible to B if there exists an algorithm (called reduction) to tractably transform instances of A into instances
of B such that solutions for B can be easily transformed
into solutions for A. This implies that if a tractable algorithm for B exists, it could be used to solve A tractably.

Lemma 1 (Growth rate of the coefficients of a rational
P(x)
function). Let S(x) = ∑n≥0 sn xn = Q(x)
be a rational function with Q(0) ̸= 0 and assume P(x) and Q(x) do not have
any roots in common. The general form of the coefficients
is [xN ]S(x) = AN Φ(N), where AN is the exponential and
Φ(N) the subexponential growth factor. Then the exponential growth rate A of the sequence of coefficients (sn )
is equal to | α1 |, where α is the root of Q(x) of smallest
modulus (for proof, see Bóna, 2016, Theorem 7.10).

We present such a reduction from SEGMENTATION to a problem in graph theory, and an alternative way of thinking about
segmentation at the computational and algorithmic levels.

5 Here we present proof sketches and direct the reader to
https://arxiv.org/abs/2201.13106 for the full proofs.

Theorem 4. SEGMENTATION is tractable (polynomialtime computable) in the absence of constraints.
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Proof. We will show that, given an arbitrary instance of the
segmentation problem, we can tractably construct an instance
(with the correct associated output) of a target problem which
is itself tractably computable. To begin, we introduce a class
of graphs which we use as a stepping stone.

polynomial-time computable.
Consider next the correctness of Algorithm 1. We will
show that a segment graph encodes the properties of candidate solutions to an instance of SEGMENTATION. For this, we
need the following definitions.

Definition 3 (Interval Graph). An interval graph is an
undirected graph G = (V, E) built from a collection of intervals {pi } = {{x|ai < x < bi }, ...}, here x, ai , bi ∈ Z, by
creating one vertex vi ∈ V for each interval pi and an edge
{vi , v j } whenever the corresponding intervals have a non/
empty intersection: E = {{vi , v j } ∈ V ×V | pi ∩ p j ̸= 0}.

Definition 4 (Independent sets and maximality). Let G =
(V, E) denote a graph. We call a vertex set V ∗ ⊆ V an
independent set if there exist no two vertices u, v ∈ V ∗
such that (u, v) ∈ E. Such a set is said to be maximal
if there exists no vertex v ∈ V that can be added to V ∗
without breaking the independence.

Consider an instance of SEGMENTATION. Given an input sequence, it is possible to construct an interval graph that satisfies Def. 3. Algorithm 1 demonstrates the procedure.

Definition 5 (Dominating sets and minimality). Let G =
(V, E) denote a graph. We call a vertex set V ∗ ⊆ V a dominating set if for all v ∈ V , either v ∈ V ∗ or there is an edge
(v, u) ∈ E for some u ∈ V ∗ . Such a set is said to be minimal if there exists no vertex v ∈ V ∗ that can be removed
without breaking the dominance.

Algorithm 1 Construct segment graph from sequence.
Input:
Output:
S = (s1 , s2 , s3 , ..., sN ), si ∈ Z
V = {(v1 , w1 ), ..., (vq , wq )}
E = {(vi , v j ), ...}
F : P 7→ Z+
1: function B UILD S EGMENT G RAPH(S, F)
2:
P←[]
▷ legal segments
3:
V ← {}
▷ weighted vertex set
4:
E ← {}
▷ edge set
▷ construct weighted vertex set
5:
for i ← 1 to |S| do
6:
for j ← 0 to |S| − i do
7:
segment ← S[i : i + j]
8:
weight ← F(segment) × (−1)
9:
P.append([i, ..., i + j])
10:
V .append(([i, ..., i + j], weight))
11:
end for
12:
end for
▷ construct edge set
13:
for i ← 1 to |P| − 1 do
14:
for j ← i + 1 to |P| do
15:
if P[i] ∩ P[ j] ̸= 0/ then
16:
E.append((P[i], P[ j]))
17:
end if
18:
end for
19:
end for
20:
return (V, E)
21: end function

By construction, a legal segmentation is guaranteed to be represented within the segment graph as a subset of vertices with
two properties:
• maximal independence: vertices are pairwise non-adjacent
because segments in a segmentation should be disjoint;
since the segments should span the sequence, adding any
vertex breaks independence.
• minimal dominance: vertices in the graph are either in the
subset or adjacent to one of its elements because once a
segment subset spans the sequence, any other segment is
guaranteed to overlap; since the segments should be disjoint, removing any vertex breaks dominance.
Remark. How segment graphs make the structure of the original sequence problem transparent is illustrated in Fig. 4.
a

b
x

Remark. Algorithm 1 involves systematically generating all
legal segments, computing and negating their weights, checking their pairwise overlap, and using this to construct a graph.
We call this object a segment graph.
Consider the time complexity of Algorithm 1. The elementary instructions are the weight computation (line 8), appending (lines 9-10, 16), and set intersection (line 15); all
of which are polynomial-time computable (F is assumed to
be). We focus now on the number of implied iterations. The
loops defined in lines 5-6 yield N + (N − 1) + ... + 1 iterations (the number of possible segments), given by a polyno(N th triangular number). The
mial: |PN | = ∑Nk=1 k = N(N+1)
2
loops defined in lines 13-14 yield a number of iterations
equal to the number of segment
pairs (pi , p j ) ∈ PN∗ , given
n
by the binomial coefficient k with n = |PN | and k = 2,
which grows as a quadratic in |PN | (i.e. 4th -degree polyno
mial in N), |PN∗ | = |P2N | ∼ O(N 4 ). This algorithmic analysis
demonstrates that B UILD S EGMENT G RAPH (Algorithm 1) is
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Figure 4: Segment graph encoding (left) of a sequence of
length 4. Nodes correspond to possible segments and edges
represent pairwise overlap in the sequence. Possible segments are grouped according to length and overlap (middle).
Candidate solutions are vertex subsets in the segment graph
(right). Three example segmentations are color coded.
A general feature of dominance and independence on arbitrary graphs is useful:
Lemma 2. An independent vertex set in a graph is a dominating set if and only if it is a maximal independent set.
Any such set is necessarily also a minimal dominating set.
(cf. Berge, 1962; Goddard & Henning, 2013).
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It follows from the above and Lemma 2 that if a vertex subset
in a segment graph is independent and dominant, then it is a
candidate solution (i.e., valid segmentation). A feasible solution has, additionally, minimum weight among candidates: it
is a minimum-weight independent dominating set. With this,
we introduce the formal graph problem we reduce to.

to think about it algorithmically. A desirable consequence of
translating problems between formal domains is that structure
which was originally hidden from view may become visible.
Our results challenge existing intuitions about hardness of
the segmentation problem and its sources of complexity, and
by extension question the motivation of proposed solutions
and their associated empirical research foci. For instance,
concerns about search space size and what mitigates it may
be misplaced. The space of possible segments is not exponential to begin with; the space of segmentations is. However,
the bounds on segment size are, neither individually nor combined, a source of exponentiality. Left unexamined, this may
still appear to support the conjectured hardness of the problem. But our tractability proof challenges this intuitive conclusion. It demonstrates that no assumptions about bottom-up
segmentation cues or top-down biases on segment properties
are necessary to make the formal problem tractable. These
proofs run counter to the computational efficiency concerns
that partially motivate segmentation theories. For instance,
proposals that argue from minimal units of representation (cf.
Pöppel, 1997), temporal integration limits of neuronal populations (cf. Overath, McDermott, Zarate, & Poeppel, 2015),
intrinsic oscillatory timescales (cf. Ghitza, 2012; Wolff et al.,
2022), bottom-up segmentation cues (e.g., Giraud & Poeppel,
2012), and top-down biases on candidate search (e.g., Friston
et al., 2021), which to some extent build on the supposition of
problem hardness, search space size, and various sources of
complexity. This suggests that intractability concerns, if any,
might be better placed, for instance, on the processes guiding
segmentation rather than the boundary placement itself.

Definition 6.
MINIMUM - WEIGHT INDEPENDENT DOMINATING SET
Input: A vertex-weighted graph G = (V, E). For each v ∈
V we have a weight W (v) ∈ Z.
Output: An independent dominating set V ∗ ⊆ V such that
Q(V ∗ ) = ∑v∈V ∗ W (v) is minimum.
So far, we have established that, given an instance Iseq of SEG MENTATION , we can construct, in polynomial time by Algorithm 1, call it A(.), a corresponding instance Igraph = A(Iseq )
of M INIMUM - WEIGHT INDEPENDENT DOMINATING SET.
This demonstrates the validity of the reduction and we now
finally consider the tractability of the problems.
Though the problem of finding minimum-weight independent dominating sets is NP-hard in general and remains so in
several special cases (Garey & Johnson, 1979; Liu, Poon, &
Lin, 2015), the following input restriction is relevant.
Lemma 3. MINIMUM - WEIGHT INDEPENDENT DOMI NATING SET is polynomial-time computable provided the
input graph is an interval graph. (for proof, see Chang,
1998, Theorem 2.4).
Recall that the restriction required by Lemma 3 is guaranteed
by our reduction. Hence, we conclude SEGMENTATION is
tractably computable, which completes the proof.
■

Together, the results proven here caution against intuitive
notions about the properties of computational problems driving empirical programs, and demonstrate the need and benefits of critically assessing their soundness. Whenever intuitions are challenged, this enables researchers to either
slightly or entirely redirect efforts as ideas shift regarding
what evidence is relevant to collect. For instance, if researchers believe that a certain problem is computationally
hard and that some set of neural and environmental regularities might speak to constraints that make it tractable, then
they would be inclined to look for those regularities that satisfy such a requirement. If, however, the original belief is
removed, the target regularities or the kinds of experiments
that are adequate to test their putative role might be different.

Discussion
Computational feasibility is a widespread concern that motivates choices in the framing and modeling of biological and
artificial intelligence. While implicit or informal assumptions
abound, the reality may turn out to be counterintuitive as they
are examined formally. Here, we undertook a formal examination of the existing computational assumptions about Segmentation. Using complexity-theoretic tools, we mathematically proved two sets of results that run counter to commonlyheld assumptions: 1) the search space is either not large to begin with or it is large but placing intuitive constraints does not
alleviate the issue; and 2) a computational model of segmentation that formalizes its conceptualization across domains is
tractably computable in the absence of widely-adopted constraints to address the assumed hardness.
Beyond our proofs, we set the groundwork for further refinements of segmentation theory and its computational analyses: a) we contributed a formalization of the computation that satisfies a domain-agnostic specification; b) we illustrated the relationship between segmentation and integer
compositions, which makes the search space amenable to
asymptotic analyses; and c) we built a bridge from the problem as originally defined on sequences to the mathematics of
graphs, which opens up alternative formalisms to model it and

We close with a similar word of caution about interpreting our results. These are to some degree tied to the particular formalization we put forth. While modeling choices
were motivated and they bear some generality, alternative
theoretical commitments are conceivable. For instance, an
extended model could allow for multiple unsegregated highdimensional input streams; it is an open question whether
it would have different complexity properties. We view our
analyses not as the last word on the computational complexity
of segmentation but rather as initial words in a conversation
with a sound formal basis.
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Abstract
The well-known CRT is a test designed to measure a person’s
‘cognitive reflection’ and used as a predictor of decision
making ability. Within the literature, however there is a
growing consensus that it shares the majority of its variance
with numerical and other cognitive abilities and thus the
question increasingly asked is whether it has predictive power
beyond existing measures. That is, is there something unique
captured by the CRT? This study examines the CRT in parallel
with a wide range of individual differences measures reflecting
aspects of intelligence (8 CHC broad ability factors),
personality (the Big 5 and 30 facets), other decision styles (5
measures) and attention (12 measures covering six aspects of
attention). Results indicate that the CRT is, primarily, a
cognitive measure, strongly linked to fluid, crystallized and
quantitative ability but may also be capturing some distinct
aspects of attention relating to the ability to ignore distractors.
Keywords: CRT; intelligence; personality; decision style;
attention.

Introduction
The cognitive reflection test (Frederick, 2005) was
introduced as a measure of a person’s tendency to engage in
cognitive reflection – thinking on responses before delivering
them and thus being more likely to notice and correct errors.
As such, it has been linked with lessened susceptibility to
biases and better decision making across a wide variety of
contexts (see, e.g., Otero, Salgado, & Moscoso, 2022). A key
observation made in the original paper and by others using
this test is that the CRT seemed to do a better job of predicting
people’s decision-making ability than their intelligence. This
suggests it was measuring a trait distinct from the cognitive
abilities assessed in IQ tests (see, e.g., Toplak, West, &
Stanovich, 2011, 2014) and more closely aligned with the
System 1-System 2 divide argued for by such authors as
Stanovich and West (2008), which has resulted in
consideration of traits separate from intelligence and
personality often termed decision styles – like need for
cognition and need for cognitive closure (see, respectively,
Cacioppo & Petty, 1982; Webster & Kruglanski, 1994).
Other researchers, however, have pointed out that the
measures of intelligence used in many decision making
studies are relatively ‘blunt’ – self-reported college entry
scores, for example – and thus that the relationship between
intelligence and decision making may have been
underestimated (see, e.g., Welsh, Burns, & Delfabbro, 2013).
In line with this, a number of researchers have examined the
relationships CRT has with cognitive ability. For example,
Welsh et al (2013) found it to correlate strongly with
quantitative ability, Weller et al (2013) concluded that it is a

numeracy test and evidence is divided over whether it
provides incremental predictive validity over cognitive
ability measures (compare, e.g., Primi, Morsanyi, Chiesi,
Donati, & Hamilton, 2015; Sinayev & Peters, 2015).
Given the limitations of the original CRT in terms of
consisting of only three items, all of which require arithmetic
reasoning, researchers have also worked to expand the CRT
with additional items and to lessen the role of mathematics in
‘solving’ the items (see, e.g., Primi et al., 2015; Thomson &
Oppenheimer, 2016). These have not, however, resulted in a
clear demarcation from cognitive ability, as shown by a
recent meta-analysis (Otero et al., 2022) indicating that the
balance of evidence still suggests CRT is a cognitive
measure, closely related to quantitative ability as defined in
the Cattell-Horn-Carrol hierarchical model of intelligence
(McGrew, 2009).
A question remains, however, over the adequacy of some
of the measures used in previous studies and also the extent
to which other traits might explain any incremental predictive
power that CRT possesses in different contexts. For example,
while the intersection of CRT and intelligence has attracted
more attention, there are aspects of personality that match
onto the underlying idea of cognitive reflection – impulsivity,
for example – and it has been argued that personality and
decision styles account for the CRT’s predictive power for
real life decision making (Juanchich, Dewberry, Sirota, &
Narendran, 2016). Similarly, attentional measures relating to
the ability to inhibit incorrect responses (see, e.g., Warm,
1984) seem to share similar attributes to the proposed
cognitive reflection trait.
Given this, the current study was designed to incorporate
as wide a range of theoretically well-grounded cognitive
abilities, personality traits, decision styles and attention
measures as was feasible in order to establish how, exactly,
the CRT relates to established individual differences.

Method
Participants
Participants were 301 university students, graduates and
members of the general public recruited as part of a larger
study; 172 identifying as female, 120 male and 9 non-binary.
Participants listed 34 countries-of-origin but the majority
(207) indicated English was their first language. Most were
university educated, including 26 with post-graduate degrees,
101 with bachelor degrees (including 38 current post-grads)
and 107 current university students. Ages ranged from 18 to
79 (M = 28.8, SD = 12.8).
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Materials
Demographics
Demographics were gathered via an introductory online
survey prior to online and in-person individual differences
and experimental testing. These included: age; gender; native
vs non-native English speaker; and level of educational
attainment - recorded via options ranging from ‘Did not
complete High School’ to ‘Doctorate’.
Cognitive Reflection
Cognitive reflection was tested using a seven-item scale
composed of the original three questions from Frederick’s
(2005) CRT and the four additional questions designed by
Thomson and Oppenheimer’s (2016) to have intuitively
obvious, wrong answers but to not require any numerical
calculation to find the correct answer in the way that the
original questions do.
Decision Styles
Five decision style measures designed around concepts with
the potential to overlap or influence cognitive reflection were
included. These included the Rationality and Intuition scales
from the Decision Styles Scale (Hamilton, Shih, &
Mohammed, 2016) which are similar in conception to the
Need for Cognition and Faith in Intuition scales (Cacioppo &
Petty, 1982; Epstein, Pacini, Denes-Raj, & Heier, 1996),
reflecting a person’s desire to engage in deep thought and
faith in their intuitive responses, respectively.
Need for Cognitive Closure (Webster & Kruglanski, 1994)
and Actively Open-Minded Thinking (Haran, Ritov, &
Mellers, 2013) were also included as a means of capturing
people’s tolerance for ambiguity and willingness to devote
effort to maintaining an open mind.
Finally, the Brief Maximization Scale (Nenkov, Morrin,
Schwartz, Ward, & Hulland, 2008) was included, which
distinguishes between preferences for satisficing versus more
cognitively taxing optimization.
Cognitive Abilities
Tasks corresponding to 8 broad abilities from the CattellHorn-Carroll model of intelligence (McGrew, 2009) were
included. Six of these abilities were represented by 3 tasks
each, allowing a factor score to be extracted using PAF with
direct oblimin rotation in SPSS. In each case a single factor
was returned using Kaiser’s rule of eigenvalues>1 (1.74
being the lowest observed) and confirmed by examination of
the Scree plot. The remaining two were represented only by
single tasks due to experimental constraints. The specific
tasks and key results of the factor analyses are shown in Table
1.
Table 1. Cognitive ability measures and factor analyses
Broad Ability Factors, Measures and Factor Loadings (FL)
Gf – Fluid Ability (KMO = 0.666), Bartlett’s Test of
Sphericity χ2(2) = 218, p<.001.
12-item Ravens APM (Arthur Jr & Day, 1994), FL = .853
CAB-I (Hakstian & Bennet, 1977), FL = .662

608

WJIV Number Series (this and all subsequent measures
labelled WJIV are from the Woodcock-Johnson IV Tests of
Cognitive Abilities, Schrank & Wendling, 2018), FL = .618.
Gc – Crystallized Ability (KMO = 0.668) , Bartlett’s Test
of Sphericity χ2(2) = 243, p<.001.
Mill-Hill Vocabulary Scale (Raven & Court, 1998), FL =
.867
Spot-the-Word (Baddeley, Emslie, & Nimmo‐Smith,
1993), FL = .699
WJIV Oral Vocabulary, FL = .612.
Gsm – Short Term Memory Ability (KMO = 0.669) ,
Bartlett’s Test of Sphericity χ2(2) = 173, p<.001.
WJ-IV Numbers Reversed, FL = .610
Memory Span Forward, FL = .743
Memory Span Backwards. These tasks were written for this
project in Matlab, displaying numbers of increasing length
– from 1 to 10 – presented one digit at a time at 1 second
intervals. After presentation, participants were asked to
enter the digits in either the order presented or reversed
order. Scores were the number of digits correctly recalled
out of the total of 55 (10+9+8+… +1) from each task, FL =
.780.
Glr – Long Term Retrieval Ability, Bartlett’s Test of
Sphericity χ2(2) = 239, p<.001.
WJ-IV Rapid Picture Naming, FL = .829
WJ-IV Retrieval Fluency, FL = .827
Comprehension task. The comprehension task was written
in Matlab for this project and required participants to read
two ~500 word passages about historical events and answer
four multiple (4) choice questions after each. Scores were
the number of questions correctly answered out of eight. FL
= .437.
Gq – Quantitaive (Numerical) Ability (KMO = .642) ,
Bartlett’s Test of Sphericity χ2(2) = 113, p<.001.
12-Item Numerical Aptitude Test (Welsh et al., 2013), FL
= .684
Berlin Numeracy Test (Cokely, Galesic, Schulz, Ghazal, &
Garcia-Retamero, 2012), FL = .519
Subjective Numeracy Test (Fagerlin et al., 2007), FL =
.623.
Gt – Decision Speed Ability (KMO = .613) , Bartlett’s
Test of Sphericity χ2(2) = 136, p<.001.
Inspection Time (Preiss & Burns, 2012), FL = .448
Simple Reaction Time, FL = .830
Go-No Go Reaction Time. The RT tasks were written for
this project in Matlab. SRT asked participants to press a key
as soon as a red ‘R’ appeared onscreen for 10 trials. Go-No
Go required responses only to the letter ‘E’, which occurred
on 10 out of 100 trials (ten each of each letter from A to J,
presented to participants in the same, randomized order. FL
= .614.

Gs – Processing Speed Ability
WJIV Letter-Pattern
Gv – Visuo-Spatial Ability
WJIV Visualization
Note: The KMO statistics all exceed the standard 0.6 cut-off
for adequacy of the data for factor analysis (0.5 using
Kaiser’s original threshold). This and Bartlett’s Test of
Sphericity being significant at <.001 suggests the data are
suitable for factor analysis in all cases. That said, some
explanation of the relatively low KMO statistics may be
required with 0.6 characterized as ‘mediocre’ by Kaiser.
These lower scores likely reflect that some of the measures
being analysed, while belonging to the same broad ability, are
drawn from different narrow abilities in the CHC model and
would thus be expected to be somewhat less closely linked.
Personality Traits
The Big 5 personality traits - Neuroticism, Extraversion,
Openness-to-Experience, Agreeableness and Conscientiousness - were measured using the full version of the NEOPI3 personality test (McCrae, Costa, & Martin, 2005). In
addition to the five factor scores, this includes six facets per
trait, yielding another 30 sub-measures. In the interest of
space, these facets are discussed only where they show
significant relationships or help to explain other results but
were all included in the linear regressions described later.
Attention Measures
Six tasks were included in the in-person tasks measuring the
five aspects of attention outlined by Sohlberg and Mateer
(1989) - focused attention, sustained attention, selective
attention, alternating attention and divided attention. These
differ in terms of whether a person is simply waiting for a
stimulus (focused), maintaining vigilance and responding
repeatedly across an extended task (sustained), having to
ignore distractors (selective), switching back and forth
between two tasks (alternating) or require two tasks to be
done simultaneously (divided). In addition to these, people’s
ability to inhibit automated responses was measured using a
variant of the Sustained Attention to Response Task (SART;
Warm, 1984).
These tasks were coded in Matlab and response times and
accuracy were recorded under these different conditions. As
a result of the reliance on reaction/response times these
measures overlap the decision speed measures described
above to some extent, but additionally incorporate errors of
omission and commission and changes in RT within and
across conditions and tasks. In all, twelve measures reflecting
speed and accuracy across these six tasks were included.
The Focused tasks yielded a simple reaction time (RT) and
the number of false starts (Errors) while the Sustained task
yielded a go-no-go RT and Errors (of omission or
commission). Selective attention was assessed using a flanker
task with responses on trials with congruent and incongruent
flanking stimuli compared in terms of RT and Errors.
Alternating attention was measured comparing a numerical
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with an alpha-numerical trail-making test (Reitan, 1958) and
recording the difference in time (ΔT) taken to complete. The
divided attention task measured RT and Errors (omission and
commission) from a task requiring responses to only Odd
Blue or Even Red numbers from a series of numbers
presented in four colours. Finally, Inhibition was measured
using a variant of the SART, requiring participants to respond
to all numbers presented except for 3s, yielding separate RTs
for correct and incorrect responses and an Error count.

Procedure
The measures described above were part of a larger study on
biases. Participants were recruited online and on campus but
needed to be available to come to campus for testing sessions.
The testing was conducted in four parts and participants were
paid $100 on completion. The first was an online survey that
combined participant information, consent and demographic
data collection. Four-hundred and four participants complete
this initial survey.
Following this, participants were sent invitations to a
second, ~1hr survey including the personality and decision
style questions; a subjective attention scale; the subjective
numeracy scale; and the spot-the-word test.
On completion, they were invited to a third survey,
including: the CRT; the cognitive abilities measures not
conducted in person (see below); and a variety of decision
bias tasks not discussed herein, taking around 2 hours.
Finally, participants attended a 2 hour, in-person session,
to complete the remaining cognitive ability measures
including: the WJ-IV tasks; the NAT; the comprehension
task; the memory span tasks; and a series of computerised
tasks yielding the inspection time, reaction time and attention
measures. Additional bias tasks (again, not discussed herein)
were included at the end of this session. Overall, 301 of the
404 participants who signed up online completed all testing.

Results
CRT
Cognitive reflection tasks can be scored in distinct ways. The
original being to simply count the number of correct
questions and a more recent suggestion (see, e.g., Pennycook,
Cheyne, Koehler, & Fugelsang, 2016) being to distinguish
between responses that are, simply, incorrect and those that
are incorrect and also match the expected, intuitive response.
This can be maintained as a separate variable or combined
with the normal CRT score by scoring incorrect answers as 0
but intuitive incorrect answers as -1. Given the dependencies
between these, all three possible scores - CRT, CRT intuitive
(CRTi) and CRT combined (CRTc) - will tend to correlate
highly together but are maintained separately herein to allow
for potential distinctions in terms of their other relationships.
Table 2 summarises the descriptive statistics and
intercorrelations between these three variant CRT scores.
Note that, here and throughout, while both Pearson and
Spearman correlations were calculated, the Pearson
correlations are reported due to their greater ease of

interpretation as linear relationships – consistent with
assumptions in the factor analysis and linear regression
analyses described later. This is done even where the
variables do not strictly meet the criteria for a Pearson
correlation - such as being ordinal rather than continuous or
skewed rather than normally distributed - as Pearson
correlations are robust to these violations (Havlicek &
Peterson, 1976) and the pattern of results remained consistent
regardless of which type of correlations were examined.
Table 2. Alternative CRT score comparisons
M (SD)
Range
1
2
3
1. CRT 4.1 (2.0)
0-7
1
<.001 <.001
2. CRTi 1.9 (3.7)
0-7
.98
1
<.001
3. CRTc 2.2 (1.7)
-7-7
.90
.97
1
Note: N=300. CRTi – intuitive; CRTc – combined. (2-tailed.)

Demographic Variables
Pearson correlations conducted on CRT scores and
demographic variables indicated that these did not differ
significantly with participant’s age or level of educational
attainment. Similarly, while gender differences were
observed in the direction expected from the literature (i.e.,
males scoring somewhat better on CRT than females) the
differences were small (mean differences of 0.23, .07 and
0.31) and not statistically significant, t(289) = .958, .360 and
.702, p = .339, .719 and .483 for the CRT, CRTi and CRTc
respectively.

Decision Styles
Pearson correlations between the CRT scores and the five
decision styles variables were calculated and are shown in
Table 3.
Table 3. CRT scores’ correlations with decision styles
CRT
CRTi
CRTc
DS_Rational
.121
-.111
.119
DS_Intuitive
-.122
.098
-.114
NFCC
-.051
.005
-.031
AOT
.267*
-.217
.251
Brief_Max
-.090
.106
-.100
Note: N=300. Italic, Bold & Bold* = sig. at .05, .01 & .001
level (2-tailed), respectively.
Looking at Table 3, one sees CRT scores are related to
some of the decision styles (DS Rational, DS Intuitive and
Actively Open-minded Thinking) in directions one might
expect - with greater reflection positively relating to
rationality and actively open-minded thinking and negatively
with intuition. By contrast, CRT seems distinct from the Brief
Maximization Scale and Need for Cognitive Closure. In all
cases, the strongest significant relationships are seen with the
basic CRT measure and the weakest with the CRT intuitive
measure.
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Attention
Pearson correlations between the CRT scores and the twelve
attention measures are shown in Table 4.
Table 4. CRT scores’ correlations with attention measures
CRT
CRTi
CRTc
Focussed RT
-.193*
-.202*
.202*
Focussed Errors
-.077
.053
-.067
Sustained RT
-.265*
.256*
-.268*
Sustained Errors
-.116
.062
-.093
Selective ΔRT
.022
-.006
.016
Selective ΔCorrect
-.127
.112
-.123
Alternating ΔT
-.130
.138
-.137
Divided RT
-.125
.109
-.121
Divided Errors
-.258*
.207*
-.241*
Inhibition RT
.021
.034
-.004
Inhibition RT Errors
-.143
.097
-.125
Inhibition Errors
-.063
.013
-.041
Note: N=258-300. Note: Italic, Bold & Bold* = sig. at .05,
.01 & .001 level (2-tailed), respectively.
The data in Table 4 show a number of relatively weak
relationships between attention and the CRT and have a
similar pattern to Table 3, with the basic CRT score tending
to have higher correlations with the other measures than the
CRTi. The strongest relationships with CRT are observed for
the response time measures from the focused and sustained
attention tasks and the number of errors observed in the
Divided attention task. Overall, the pattern of results, while
weak, suggests that better CRT scores tend to predict faster
response times and fewer errors, which only partly aligns
with the idea of greater reflection underlying performance.

Personality
Pearson correlations between the Big 5 traits and the CRT
scores were calculated and are shown in Table 5.
Table 5. CRT scores’ correlations with Big 5 measures
CRT
CRTi
CRTc
Neuroticism
-.008
-.026
.008
Extraversion
-.058
.047
-.055
Openness
.204*
-.172
.194*
Agreeableness
.081
-.072
.079
Conscientiousness
-.034
-.019
-.010
Note: N=300. Bold & Bold* = sig. at .01 & .001 level (2tailed), respectively.
Table 5 reveals only one personality factor linked to the
CRT scores – openness-to-experience. An examination at the
facet level revealed that three of the six facets of openness –
Fantasy, Ideas and Values – correlated significantly with the
three CRT measures. Of these, Values showed the strongest
relationships at .297, -.249 and .283 with CRT, CRTi and
CRTc, respectively (p<.001 in all cases) with Ideas lower but
still above .2 (p<.001) while Fantasy’s highest correlation
was .134 with CRT (p<.05).

This examination also indicated that the Dutifulness facet
of Conscientiousness correlated significantly (p<.05) with
the three CRT scores at .116, -.130 and .125, respectively.
However, while this seems a reasonable result – more dutiful
people showing greater reflection on their answers - given the
large number of comparisons made, any correction of the
family-wise alpha would leave this being non-significant.

Intelligence
Pearson correlations were calculated between the CRT scores
and the eight measures (six factors and two lone measures)
reflecting broad abilities from the Cattell-Horn-Carroll model
of intelligence and are shown Table 6.
Table 5. CRT scores’ correlations with CHC broad
abilities
CRT
CRTi
CRTc
Gf - Fluid
.626
-.521
.593
Gc – Crystallized
.405
-.337
.384
Gsm – STM
.251
-.233
.249
Glr – LT Retrieval
.280
-.265
.280
Gq - Quantitative
.473
-.387
.445
Gt – Decision Speed
.258
-.260
.266
Gs – Processing Speed
.304
-.288
.304
Gv – Visuo-Spatial
.434
-.349
.406
Note: N=296-300. All correlations significant at the .001
level (2-tailed)

the Response Time from the Inhibition task’s Error trials and
the difference in Response Time between congruent and noncongruent trials in the Selective task. The regression for the
CRTc score added the Modesty facet of Agreeableness to the
model, while the original CRT regression model also
included the Aesthetics facet from Openness – neither of
which were strongly related to CRT in the initial correlations.
Table 7 summarises the final models for each of the CRT
scores.
Tables 7. Linear regression models for CRT, CRTi and
CRTc
Predictors
Adj. R2 ANOVA
CRTi Gf
.309
F(5,220) = 21.2,
Gc
p <.001
Gq
Inhibition RT Err
Selective ΔCorr
CRTc

+Modesty

.422

CRT

+Aesthetics

.485

F(6,219) = 28.4
p<.001

F(7,218) = 31.3
p<.001
Note: using just the five predictors from the CRTi model the
Adjusted R2 values for CRTc and CRT would be .414 and
.468 respectively.

The strongest correlation in Table is above 0.6 and all are
significant at the .001 level, suggesting the broad cognitive
abilities are more closely related to the CRT than the
previously considered measures. In fact, these results likely
explain some of the previous findings. Specifically, the
response time measures from the attention tasks are closely
related to the components of the decision time ability while
the predictive power of openness to experience is likely
explained by the well-established relationship between
openness and intelligence.
Looking in finer detail, the best predictors of CRT scores
are a person’s fluid ability and their quantitative ability – that
is, their ability to understand and solve novel problems and
to work with numbers. This holds true regardless of which
CRT score is considered but, once again, higher correlations
are seen using the original scoring rather than the variants.

The regression models indicate that the original CRT score
is better explained by the variables included herein than are
the alternate scoring options. Neither are the alternatives
predicted by any variables not found in the regression model
for the original CRT.

Linear Regression

CRT Scoring

Given the large number of relationships the CRT scores have
with the variables above and the relationships those variables
have with one another, linear regressions using the Forward
method were conducted in SPSS ,using all of the decision
style, attention, ability measures and the 30 personality facets
in order to identify variables with distinct explanatory power
in terms of predicting a person’s CRT score and, conversely,
those that are redundant.
For the three CRT scores, similar results were obtained,
with Gf, Gc and Gq being the first three variables added to
the model in all cases, followed by two attention measures -

Before continuing to the main discussion of results, however,
it is worth taking a moment to note the lack of results
resulting from the alternative scoring methods for the CRT.
Overall, it seems that these methods do not alter CRT results
in any distinct way that that is captured by any of the 27
primary variables (i.e., excluding the 30 facets) included
here. That is, while scoring the intuitive responses separately
might seem like it will capture aspects of behaviour relating
to intuition more strongly, there is no evidence in the data that
this is the case.
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Discussion
The above results clearly place CRT within the constellation
of human individual differences, using modern, goldstandard psychometric theories and a wider variety of traits
than can commonly be addressed within a single study,
enabling its relationships with these existing measures to be
examined in detail. The results are discussed below,
expanding on the relationships seen with particular types of
individual differences and the implications of these for
understanding the CRT.

The alternative scoring methods also tended to reduce the
strength of relationships between the CRT and other
measures, which implies that they are worse at capturing the
essence of the CRT. Given this, retaining the original scoring
method seems sensible.

Intelligence
The results of this study largely support the growing body of
evidence (see, e.g., Otero et al., 2022) that CRT is, primarily,
a measure of intelligence or cognitive ability. Its highest
correlations were with Gf (.626), Gq (.473), Gv (.434) and Gc
(.405) and, despite their inter-correlations, three of these
emerged from the regression as the largest individual
contributors to the variance in CRT.
Specifically: fluid ability (Gf), which measures a person’s
ability to reason and solve novel problems; crystallized
ability (Gc), which measures a person’s acquired knowledge;
and quantitative ability (Gq), which measures their ability to
undertake numerical tasks. (NB: the reversal of the relative
importance of Gc and Gq form the correlations and the
absence of Gv, visuo-spatial, in the regression is the result of
Gc being less closely related to Gf than these two abilities
and thus retaining more predictive power.)

Attention
The above conclusion is complicated slightly, however, by
the additional measures emerging from the regression
analyses. Specifically, two of the attention measures remain
significant predictors of CRT after accounting for the effect
of the cognitive abilities noted above. The first is the
Response Time measure from incorrect trials on the
Inhibition task, which is only weakly related to more direct
measures of reaction time and decision speed (Gt) as it
measures the speed at which a person responds when making
a mistake. Interestingly, the direction of the relationship
suggests people who are faster when making errors in the
attention task do better on the CRT. This could be interpreted
as indicating people who only tend to make mistakes when
rushing – as becomes common during the extended Inhibition
task.
The second attention measure indicated by the regression
is the difference in the number of correct responses made
between congruent and incongruent trials on the Selective
attention task. People with smaller differences between these
values are those who are better able to ignore distractors
within the task and tended to do better on the CRT.
Both of these aspects of attention do seem relevant to the
concept of cognitive reflection as this is meant to entail an
increased likelihood to notice and inhibit incorrect responses.
Their effect on the variance explained in the regression model
is, however, modest – increasing the Adjusted R2 by .017 and
.016, respectively.

Decision Styles and Personality
The decision styles and personality measures seem to have
the least relationship with CRT and, more importantly, their
unique contributions to its variance are very limited. This
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seems to be because these measures are largely accounted for
by combinations of other variables.
For example, the relationship between openness-toexperience and the CRT can be accounted for entirely by their
shared relationships with Gc and disappears if Gc is
controlled for. Similarly, the relationships observed between
CRT and the various decision styles measures can be
accounted for by the relationships these measures have with
various of the cognitive ability measures and/or openness-toexperience. For example, actively open-minded thinking,
which had one of the stronger relationships with CRT in the
data, does not emerge in the regression because AOT is quite
strongly related to openness-to-experience, a number of the
intelligence measures and agreeableness.
One result in need of explanation, however, is the
regression suggesting that the NEO-PI3 facets of Aesthetics
(openness-to-experience) and Modesty (agreeableness) are
significant (if small) contributors to CRT variance, increasing
Adjusted R2 by .017 together. An examination of these
measures showed them to correlate weakly with various of
the decision styles measures and to retain some of these
significant relationships even if Gf and Gc were controlled
for. Specifically, Modesty – which includes the willingness
to accept that you might be wrong – is negatively related to
Need for Cognition Closure, the DSS intuitive scale and the
Brief Maximization Scale, suggesting that a willingness to
not quickly jump to a strongly held conclusion may be small
a part of the CRT.
The Aesthetics facet, by contrast, correlates positively with
actively open-minded thinking and negatively with NFCC
but further interpretation is difficult as the underlying concept
of Aesthetic or artistic appreciation bears no obvious
relationship to CRT. In both cases, it is possible these
relationships reflect an artefact of regression – with noise in
the less impactful variables determining which covariates are
retained and which excluded. That is, these measures could
be reflecting the left-over effects of the various decision style
measures once intelligence and personality are removed.

Caveats
As noted above, interpreting a regression run on so many
inter-correlated variables, while useful for determining which
overlap one another and which retain separate predictive
power, does allow for noise in the variables to affect which,
specific variables emerge as significant. While the effect of
the intelligence measure, Gf, Gc and Gq is quite clear,
interpretations regarding the variables with smaller impacts
must be regarded cautiously.
There are also questions of range truncation and how this
affects correlations to be kept in mind. This is often a concern
with intelligence measures using university samples but an
analysis of the seven WJ-IV measures used herein suggests
that the current sample is quite representative of the general
population, with IQ conversion scores (on the individual
tests) ranging from 55 to 150, with means between 99 and
109 and SDs between 12 and 16 (cf – the expected means of
100 and SDs of 15).

Other measures, however, do display range truncation that
may be affecting results. For example, scores on the 11-item
AOT scale used herein theoretically range from 11 to 55. The
data, however, have a mean AOT score of 41.8 and the lowest
score was 29. This suggests that lower scorers on AOT may
not have been sampled – perhaps reflecting bias due to more
open-minded participants being more likely to engage in a
scientific study. Regardless of the reason, this will tend to
reduce the strength of any correlations calculated for AOT.

Conclusions
The overall conclusion, given the results and discussion
presented above, is that the CRT is mainly a measure of
intelligence – specifically, it seems most closely related to
fluid intelligence in this data but also, separately, to
crystallized and quantitative ability.
The regression results do, however, suggest that there are
other contributors to CRT. For example, it seems there are
aspects of people’s attention, specifically their ability to
notice and inhibit incorrect responses, that contribute a small
amount of variance. Additionally, there may be a little
variance relating to the decision styles measures being
captured by personality facets – including a person’s
Modesty or willingness to accept the possibility of being
wrong. However, the contributions of these non-cognitive
variables, while statistically significant, are very small.
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Abstract
Enabling efficient communication in artificial agents brings
us closer to machines that can cooperate with each other and
with human partners. Hand-engineered approaches have substantial limitations, leading to increased interest in methods
for communication to emerge autonomously between artificial agents. Most of the research in the field explores unsituated communication in one-step referential tasks. The tasks
are not temporally interactive and lack time pressures typically
present in natural communication and language learning. In
these settings, agents can successfully learn what to communicate but not when or whether to communicate. Here, we
extend the literature by assessing emergence of communication between reinforcement learning agents in a temporally interactive, cooperative task of navigating a gridworld environment. We show that, through multi-step interactions, agents
develop just-in-time messaging protocols that enable them to
successfully solve the task. With memory—which provides
flexibility around message timing—agent pairs converge to a
look-ahead communication protocol, finding an optimal solution to the task more quickly than without memory. Lastly,
we explore situated communication, enabling the acting agent
to choose when and whether to communicate. With the opportunity cost of forgoing an action to communicate, the acting agent learns to solicit information sparingly, in line with
the Gricean Maxim of quantity. Our results point towards the
importance of studying language emergence through situated
communication in multi-step interactions.
Keywords: emergent communication; reinforcement learning;
artificial agents; cooperative game

Figure 1: Experimental setup. The speaker sees a pixel-based representation of the maze and can broadcast messages; the listener sees
either no environmental context or has partial visibility (3 pixels in
front as indicated by the colored box) and can navigate the maze to
reach the goal. Stars indicate possible goal locations.

Introduction
Communication is a key skill for collaboration and hence
largely beneficial in multi-agent settings. As humans, we
share well-established communication protocols that have
evolved over thousands of generations to suit the needs of
our daily tasks and to take advantage of our cognitive and
physical capabilities. As an example, natural languages are
known to be compositional, making them easier to learn and
use (Kirby & Hurford, 2002). Similarly, when we communicate, we are known to try to be as informative as possible, giving only as much information as is needed (Grice,
1975). If future artificial systems are to cooperate with humans, it will be beneficial for their communication protocols
to follow these patterns. Studying communication emergence
among artificial agents supports the design of machines that
will work well with each other and with people (Crandall et
al., 2018; Steels, 2003).
With a recent increase in available computational power,
the field has seen a lot of progress (Wagner, Reggia,
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Uriagereka, & Wilkinson, 2003; Lazaridou & Baroni, 2020).
Thus far, emergent communication has largely been studied
in one-step referential games, such as the Lewis signalling
task (Chaabouni, Kharitonov, Dupoux, & Baroni, 2019; Li
& Bowling, 2019; Lazaridou, Hermann, Tuyls, & Clark,
2018). This type of learning environment is known to successfully enable language development (Kirby & Hurford,
2002) but does not allow agents to accelerate the learning process through back-and-forth interaction. Simulated communication emergence has also been studied in other game-based
environments, some allowing multi-step interaction, such as
a 2-player negotiation task (Cao et al., 2018) or a multi-modal
referential game (Evtimova, Drozdov, Kiela, & Cho, 2018).
Initial results show benefits of multi-step dialogue for communication emergence (Evtimova et al., 2018). Here, we
build on this idea and evaluate the consequences of allowing
multi-step communication in a multi-step task.
In most studies, the emerged language structures are analyzed for shared commonalities with natural languages, such
as compositionality or encoding efficiency. Although desired,
it is nontrivial for such properties to emerge spontaneously
between artificial agents (Kottur, Moura, Lee, & Batra, 2017).
For instance, artificial agents tend towards an anti-efficient
encoding (Chaabouni et al., 2019). This likely happens because in the Lewis signalling task, as well as in other simulated environments (Cao et al., 2018), agents have no incentive to be concise. The communication is not situated in the
task and hence excessive use of communication does not neg-
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Figure 2: Agents without memory in a T-maze environment. Both agents with and without visibility learn to solve the task via the shortest
path, as indicated by the normalized reward per step converging to 1. For the best agent pairs there is no ambiguity in the messages—each
message corresponds to exactly one action. Some messages have synonyms—the listener interprets multiple messages in the same manner.

ory—and the ability to reason about message timing—on the
emerged communication protocol and agents’ ability to converge to a collaborative solution, and (3) we investigate how
situating communication in the task affects the communication protocol and overall task performance.

atively affect the outcome of the game (or cause agent frustration), as it might in a real-world situation (Steels & Brooks,
1995). In real life, there might be an opportunity cost to language that is not reflected in the learning environment of the
Lewis signalling task. Initial work shows that it is possible to
incentivise efficient communication by modifying the agents’
reward structure, e.g., by adding an internal cost of articulation (Rita, Chaabouni, & Dupoux, 2020). In our approach, we
show it is possible to obtain sparse communication by providing the agent with an action-communication trade-off, in line
with the idea that reward is enough to shape language (Silver,
Singh, Precup, & Sutton, 2021). We provide the listener (i.e.
acting agent) with agency to reason about the timing of communication and about whether to communicate at all.
In our experiments, we explore the emergence of communication in a cooperative multi-step navigation task. We place
agents in a pixel-based gridworld setting, expanding on the
work of (Kajić, Aygün, & Precup, 2020). In the task, the
speaker observes a maze with a goal location and communicates information while the listener navigates the maze, obtaining a reward for both agents at the goal. Like humans
or robots that can only observe a small part of the world in
their proximity, the listener has a limited view of its environment and has to rely on the speaker for guidance (Denis,
Pazzaglia, Cornoldi, & Bertolo, 1999). In the first set of
experiments, we implement unsituated communication—the
speaker’s message gets broadcasted to the listener at each
step of the task, similarly to the communication setup in prior
work. In the second set of experiments, we situate the communication in the environment—we allow the acting agent to
actively choose between (i) taking an action to move through
the maze and (ii) soliciting information from the speaker.
Our contributions are three-fold: (1) we study the emergence of unsituated communication through multi-step interaction, (2) we explore the effect of agents having mem-

Experimental Setup
The environment. We define a cooperative navigation task
as a Markov Decision Process (MDP). The environment is set
up as a pixel-based gridworld. Each gridworld is 7 by 7 cells
with different maze patterns, as illustrated in Figure 1. We
refer to the two tested gridworld patterns as a T-maze and a
dead-ends environment. Features of the world are represented
with colors: walls are black, the maze is white, the agent is
green, and the target is blue, as visualized in Figure 4. The
features are encoded with binary vectors.
The agents. There are two agents, a speaker and a listener
(i.e. acting agent). The listener is embedded inside the gridworld and can take actions to move between cells. The action
space of the listener spans 5 actions [move up, move down,
move right, move left, stay in place]. The listener’s observation consists of the environmental view (if any) concatenated
with the message from the speaker. We test the listener under two conditions: (1) with no visibility, where the listener’s
observation consists solely of the speaker’s message, and (2)
with partial visibility, where the listener can see the 3 pixels
directly in front of them. The second variant gives the listener
environmental context to take actions without needing to rely
solely on communication.
The speaker does not reside within the gridworld and cannot take environmental actions (i.e. navigate the maze) but instead can communicate information to the listener. The message space of the speaker spans 5 symbols [0, 1, ..., 4]. At each
timestep, the speaker can see the entire gridworld, including
the location of the agent and the location of the goal. The

616

Figure 3: Comparison of agents with and without memory in two environments; listener has partial visibility. Memory plays a role in
shaping the learned language. (1) Instead of using just-in-time communication, agents gravitate towards using a look-ahead communication
protocol. Already before the listener reaches a junction, the speaker broadcasts a consistent message, signalling the correct action at the next
junction. (2) Memory improves convergence. Note that the grey lines converge slower and plateau at lower values.

100 steps. The goal locations are randomly assigned to one
of 4 corners in the T-maze or one of 5 corridor ends in the
dead-ends maze, as indicated with stars in Figure 1. In each
episode, the listener agent starts from the bottom middle cell.
Communication modes. We compare two modes of communication: (1) real-time messaging with a passive listener,
and (2) real-time messaging with an active listener. In mode
1, the speaker generates a 1-token message at every timestep
and the message gets broadcasted to the listener before they
choose an action. The speaker has to reason about both the
content and timing of their message, deciding both what and
when to communicate. In mode 2, we implement real-time
messaging with an active listener. Here, the message is only
broadcasted to the listener after they ask for information. The
active listener can solicit to receive information in the next
timestep by choosing to stay in place at the current timestep.
The listener has to learn whether to communicate at all. In
our implementation, the speaker still generates a message at
every timestep, even though it might not be shared with the
active listener.
We define the communication in mode 1 as unsituated—it
is free and guaranteed to the agent at every timestep. There is
no opportunity cost to communication. The communication
in mode 2 is situated—we allow the acting agent to actively
choose between (i) taking an environmental action and (ii)
soliciting information from the speaker. As a result, the active
listener experiences an opportunity cost to communication.
They have to forego a move in the environment (that could
bring them closer to the target) in order to obtain information
from the speaker and make an informed decision.
Evaluation metrics. We evaluate agent performance using
3 metrics: (1) task success (via the mean return per episode),
(2) optimality of task solution (via the normalized reward per
step), and (3) communication sparsity (via the number of asks

speaker’s view of the world map is rotated to align with the
direction that the listener is facing.
In our experiments, we test agents with and without memory. Agents without memory have to rely only on their current
observations to generate messages or pick actions. Agents
with memory have an internal representation of the history of
an episode—they can use accumulated knowledge from prior
timesteps to make decisions in the current timestep.
Agent architectures. The speaker and the listener are
designed as two independent reinforcement learning (RL)
agents. Both agents have the same architecture without sharing weights or gradient values. They both have a 2-layer Convolutional Neural Network (CNN) that generates a 8 − 32 bit
representation of the environment. In the case of the listener,
this representation of the environment gets concatenated with
the message received from the speaker. In both cases, the
vector gets passed into a fully connected layer that generates
the agent’s action. Agents with memory have an additional
single-layer LSTM (Hochreiter & Schmidhuber, 1997) after
their fully connected layer.
We train the agents using neural fitted Q learning (Riedmiller, 2005), with an Adam optimizer (Kingma &
Ba, 2015) and Qt (λ) with λ = 0.9. The Q values are updated
using temporal difference (TD) error where the bootstrapped
Qt (λ) is defined as follows:
∞

(n)

Qt (λ) = (1 − λ) ∑ λn−1 Qt
n=1

During training, agents use an ε-greedy policy with the exploration rate set as ε = 0.01.
The task. The goal of the agents is to cooperate so that
the listener reaches the target. In each experimental episode,
both agents receive a reward R = 1 if the listener reaches the
target before the episode terminates. Episode timeout is set to
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Figure 4: An episode walk-through of an active listener with partial visibility. The listener learns to solve the task optimally, deciding to
stay and ask for information when at a junction (twice during the episode). At each of the 11 timesteps, we visualize (left) the speaker’s view
of the board with an overlaid green box indicating the listener’s view, and (right) the speaker’s message and listener’s action at that step.

We find that without communication agents are unable to reliably solve the task. When the listener has no visibility (see
left panel in Figure 2), agents with no communication are unable to solve the task at all. Under partial visibility (middle
panel), agents without communication can succeed in the task
with a mean return of ≈ 0.25 per episode, taking close to 100
steps per episode to reach the target.
With memory, baseline performance improves. The listener (i.e. acting agent) is able to reliably traverse the maze
in search of the target, particularly when equipped with partial visibility. However, due to the random location of the
target, the listener cannot consistently solve the task in an optimal number of steps. The solution optimality of the best
agent pairs with memory and no communication converges
to a normalized reward per step of ≈ 0.45. When allowed to
communicate, all agents in the T-maze environment learn to
solve the task and best agent pairs find an optimal solution.
Agents learn timely communication through multi-step
interaction. We evaluate communicating agents in the Tmaze environment under two visibility conditions. Given no
memory, agents learn a just-in-time communication protocol,
as visible in the heatmaps in Figure 2. Agents agree on unambiguous meanings of messages and, in some cases, learn synonyms to signal the same environmental action. Under partial
visibility, the meaning of messages depends on the environmental context (e.g. message 1 at the corridor is consistently
interpreted by the listener as ‘move up’ but at the junction as
‘move right’). Importantly, successful agents converge to a
just-in-time protocol, where at each time step the listener can
unambiguously interpret the speaker’s message.
Memory improves communication emergence and influences timing in the established communication protocols. To investigate how memory can affect communication,
we trained agents in the two environments. We find that memory improves time to convergence. Note in Figure 3 how
the agents with memory converge faster than agents without
memory. Memory can also improve the agents’ ability to find

per episode). The metric of task success represents the likelihood of the agents succeeding at reaching the target before
episode timeout. At each training step, this metric is calculated as the average per-episode reward (0 or 1) over all
completed episodes until that step. When ≈ 1, the agents
are reliably reaching the target in each episode. The second metric quantifies the optimality of the path taken to solve
the task. If the task is solved in the optimal number of steps
(nopt steps = 9 in the T-maze, nopt steps = 8.4 in the dead-ends
maze), the agents obtain a per-step reward of 1. The value
is calculated as nopt steps ∗ (Rcurrent episode /nepisode steps ). Finally, the metric of communication sparsity quantifies the efficiency of information exchanged between the agents when
communication is situated. The metric represents the average per-episode number of messages that the active listener
requests from the speaker. Depending on the listener’s characteristics: partial or no visibility, the optimal number of asks
in the T-maze environment is equal to 2 or 9 asks per episode
for agents without memory, and 1 ask per episode for agents
with memory.
Hyperparameters. After an initial exploration, we use a
reward discount γ = 0.99. For each experiment, we run a hyperparameter sweep over learning rates of the speaker and listener α = [10−5 , 10−6 , 10−7 ] and over the size of the environmental representation s = [4, 8, 16, 32]. We run the simulation
with each hyperparameter setting 10 times with different random seeds. In the results for each experiment, we present the
best performing agent pair from our hyperparameter sweep
and/or the mean over the 10 replicas with the same hyperparameters as the best performing pair. When we plot metric
means, we include the standard error of the mean.

Results
Task validation. We start by generating a baseline for the
task, experimentally validating that communication is required to solve it. In the T-maze environment, we compare
agents with the communication channel open and inactive.
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Figure 5: Best performing pair of agents without memory with an active listener in a T-maze environment. Both agents with and
without visibility learn to solve the task via the shortest path. The listeners learn to query the speakers in the optimal number of asks (once
per step when the listener has no visibility and once per junction when the listener sees environmental context). Note that the listeners ask for
information frequently at the beginning of the interaction and gradually less over time.

The active listener can learn to near optimally solicit information, asking ≈ 9.76 and ≈ 2.06 times per episode under the
two visibility conditions, respectively.
In Figure 5 on the left, we illustrate the learning curves of
the best performing agent pairs. Note that the active listeners
ask for information frequently at the beginning of the interaction and gradually less over time. This suggests that agents
initially have opportunities to align on a protocol. Over time,
listeners learn when and whether to solicit information as
communication comes with a cost. We also observe that the
best performing agent pairs with an active listener converge
to an optimal solution faster than the best performing agent
pairs with a passive listener. The results suggest that situated
communication not only allows the agents to learn a sparse
communication protocol, in line with the Gricean Maxim of
quantity, but also has a positive impact on convergence speed.
The active listener exhibits a preference for just-in-time
communication. Interestingly, when we test situated communication between agents with memory, agents continue to
ask for information at the junctions, as visible in the heatmaps
in Figure 6. This is non-obvious—given memory, the active
listener could ask for information at any point in the maze. In
fact, if the agent were to be optimally sparse, they could (1)
ask for information only once at the beginning of an episode,
(2) receive a message encoding the address of the target, and
(3) follow the relevant policy from memory. Instead, the active listener with memory learns sparse communication relative to a passive listener but they do not achieve the theoretically maximum sparsity. An active listener with memory
persists to ask for information at the junctions when it is immediately actionable. This speaks to the importance of allowing agents to learn the timing of communication. This result
suggests that it is easier for agents to succeed at the task when
they exchange information when it is immediately actionable.

an optimal solution. We observe this in the more difficult
dead-ends environment, where even the best agent-pair without memory does not converge to an optimal solution.
What is more, the emerged protocol is different. The bestperforming agents with memory learn a look-ahead communication protocol instead of deferring to communicating justin-time like before. An example of this is that the speaker
with memory might broadcast the same message for the first
4 steps of a T-maze episode, alerting the listener to make a
left or right turn at the junction. In contrast, the successful
agents with no memory would broadcast a ‘go straight’ message for the first few steps of an episode and a unique message
for turning at the junction. As a result, with memory we no
longer observe a one-to-one mapping between the messages
broadcasted at each step by the speaker and the actions taken
by the listener at that step. However, we still observe a consistent communication pattern and unambiguous messaging,
as visible in the heatmaps in Figure 3. Empowering agents
with memory results in them incoporating message timing
into their newly developed communication protocol.
The pressure of time in a multi-step interaction can incentivise sparse communication. In the last set of experiments, we evaluate the impact of situated communication on
language emergence. We train agent pairs with an active listener to solve the navigation task in a T-maze environment
under two visibility conditions. Figure 4 shows a step-bystep example episode for a listener with partial visibility. The
heatmaps in Figure 5 illustrate the communication protocol of
the best agent pairs. Under the no visibility condition, the listener queries the speaker for ‘move up’, ‘turn left’, and ‘turn
right’ actions, proportionally to their frequency in the task solution. Under the partial visibility condition, information solicitation takes place mostly at the junctions, where the acting
agent has a choice between two viable environmental actions.
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Figure 6: Best performing pair of agents with memory with an active listener in a T-maze environment. Both agents with and without
visibility learn to solve the task via the shortest path. The listeners learn to query the speaker sparsely compared to a passive listener, but they
do not converge to the theoretically minimal number of asks, persisting to ask for information when it is immediately actionable.

Conclusion & Discussion

Meeting of the Cognitive Science Society.
Kingma, D. P., & Ba, J. (2015). Adam: A method for stochastic optimization. Int. Conf. on Learning Representations.
Kirby, S., & Hurford, J. R. (2002). The emergence of linguistic structure: An overview of the iterated learning model.
Simulating the Evolution of Language.
Kottur, S., Moura, J. M., Lee, S., & Batra, D. (2017). Natural
language does not emerge ‘naturally’ in multi-agent dialog.
Conf. on Empirical Methods in NLP.
Lazaridou, A., & Baroni, M. (2020). Emergent multi-agent
communication in the deep learning era. arXiv preprint
arXiv:2006.02419.
Lazaridou, A., Hermann, K. M., Tuyls, K., & Clark, S.
(2018). Emergence of linguistic communication from referential games with symbolic and pixel input. Int. Conf. on
Learning Representations.
Li, F., & Bowling, M. (2019). Ease-of-teaching and language
structure from emergent communication. Advances in Neural Information Processing Systems.
Riedmiller, M. (2005). Neural fitted q iteration–first experiences with a data efficient neural reinforcement learning
method. European Conf. on Machine Learning.
Rita, M., Chaabouni, R., & Dupoux, E. (2020). “LazImpa”: Lazy and impatient neural agents learn to communicate efficiently. Conf. on Computational Natural Language Learning.
Silver, D., Singh, S., Precup, D., & Sutton, R. S. (2021).
Reward is enough. Artificial Intelligence.
Steels, L. (2003). Evolving grounded communication for
robots. Trends in Cognitive Sciences.
Steels, L., & Brooks, R. (1995). The artificial life route to
artificial intelligence: Building embodied, situated agents.
Wagner, K., Reggia, J. A., Uriagereka, J., & Wilkinson, G. S.
(2003). Progress in the simulation of emergent communication and language. Adaptive Behavior.

Our results point towards the importance of studying emergent communication in multi-step interactions. The interactive aspect of communicating over time enables agents to
learn both what and when to communicate. Secondly, we find
that there is value in situating the communication in the task
and giving the listener agency to choose whether to communicate at all. In this way, we improve convergence and allow the
reward to shape the emergent communication protocol to exhibit properties of natural languages, such as sparsity. Our ongoing work will expand this idea and situate both the speaker
and listener in the environment, allowing both agents to communicate and take actions in the gridworld environment.
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Abstract
The same causal system can be accurately described in many
ways. What governs the evaluation of these choices? We propose a novel, formal account of causal evaluation according to
which evaluations of causal claims reflect the joint demands of
maximal informativeness and maximal compression. Across
two experiments, we show that evaluations of more and less
compressed causal claims are sensitive to the amount of information lost by choosing the more compressed causal claim
over a less compressed one, regardless of whether the compression is realized by coarsening a single variable or by eliding a background condition. This offers a unified account of
two dimensions along which causal claims are evaluated (proportionality and stability), and contributes to a more general
picture of human cognition according to which the capacity to
create compressed (causal) representations plays a central role.
Keywords: causation; compression; proportionality; stability.

Introduction
Not all causal claims are created equal. Consider a fictional
mushroom, the Drol, that tends to develop bumpy stems when
planted in high-mineral soil. The claim ‘planting Drol in
high-mineral soil causes them to have bumpy stems’ is an
example of a type-level causal claim. Yet it is only one of
many ways to describe the same causal system. Suppose that
high-mineral soil can also be either high or low in sodium,
with this distinction making no difference to the likelihood of
a Drol developing bumpy stems. Under these conditions, the
claim ‘planting Drol in high-mineral, high-sodium soil causes
them to have bumpy stems,’ is still true, but in the terminology of Woodward (2008, 2010, 2018a, 2018b, 2021), the
original claim is more appropriate since it expresses a more
proportional relationship between cause and effect. That is,
by describing the cause-effect relationship in a manner that
approximates a one-to-one function, it encodes a more informative relationship between cause and effect, which renders
it more useful for causal reasoning (Lien & Cheng, 2000).
While ‘planting Drol in high-mineral soil causes them to
have bumpy stems’ is more informative than less proportional
alternatives, it may not be maximally informative. In particular, it may omit factors that moderate the causal relationship
between the mineral content of soil and a Drol having bumpy
stems. Consider a scenario in which Drol that are planted in
high-mineral soil and watered with salt water are much more
likely to develop bumpy stems than Drol planted in highmineral soil and watered with fresh water. In the terminology of Woodward (2010, 2018b, 2021), under these condi-
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tions the claim ‘planting Drol in high-mineral soil and watering them with salt water causes them to have bumpy stems’
would be more stable, or robust with respect to variation in
unspecified background conditions, than the alternative that
omits any specification of the kind of water used when planting Drol. Data suggest that human causal reasoning is sensitive to stability, with more stable causal claims evaluated
more favorably (Vasilyeva, Blanchard, & Lombrozo, 2018).
Why are some causal descriptions judged better than others? And more specifically, why might proportionality and
stability guide our evaluations of causal claims? Here we
propose a novel, unified account of these phenomena. The
core idea is that causal claims can be understood as balancing demands for maximal informativeness, on the one hand,
and maximal compression, on the other. We formalize this
idea with mathematical definitions of proportionality and stability according to which both properties of a causal claim
can be measured by assessing the degree to which that claim
achieves a loss-minimal compression of a more fine-grained
description of the same data. Like other trade-offs in human
cognition, such as that between cognitive economy and informativeness in classification (Rosch, 1999), the result is a
‘basic level’ of causal description - one that most efficiently
meets our informational needs in a given situation.
Our approach has two important implications. First, and
consistent with prior work on evaluations of causal claims,
our formalizations can capture the graded nature of causal
judgment (Cheng, 1997; Spellman, 1997; Lombrozo, 2007,
2010; Icard, Kominsky, & Knobe, 2017; Morris et al., 2018;
Quillien, 2020; Gerstenberg, Goodman, Lagnado, & Tenenbaum, 2021; O’Neill, Henne, Bello, Pearson, & De Brigard,
2021). Within the interventionist, Bayesian network-based
approach to causal inference, explanation, and description
made prominent by Pearl (2000) and Spirtes, Glymour and
Scheines (2000), we are licensed to draw causal conclusions of the form ‘X causes Y ,’ where X and Y are types
of events, just in case the Bayesian network representing the
data-generating process is such that there is a directed path
from a random variable representing types of events X to a
random variable representing types of events Y . We hold that,
in addition, evaluations of causal descriptions have a graded
structure, and that this graded structure can be captured by
our analyses of proportionality and stability.
Second, our approach is consistent with the thesis that pro-

In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

ditional on their parents (Markov Condition), ii) there is no
set of edges E ∗ ⊂ E such that (VP , E ∗ ) satisfies the Markov
condition according to the probability distribution p in the
probability space with respect to which all elements of VP
are measurable (Minimality Condition), and iii) no variable
in VP is a coarsening of or identical to any other variable
in VP (Co-possibility Condition). These conditions ensure
that the graphical structure induced by E represents all causal
dependencies between the variables in VP without any excess edges, and that any dependencies between variables are
causal, rather than logical, in nature. A variable X causes Y
according to GP just in case Y is a descendant of X.
For any given causal Bayes net GP , we can calculate the
probability distribution over any variable V in the set VP ,
given an intervention setting some set of variables X to some
set of values x, using the following formula:


 p(v| parGP (V )) if V ̸∈ X
pGP (v|do(x)) = 1
if V ∈ X and v ∈ x (1)


0
otherwise

portionality and stability are two instances of the same general property of a causal claim, namely the degree to which
the claim minimizes information loss due to compression. In
this way our proposal departs from prior treatments of proportionality and stability, and offers a unifying framework that
makes additional predictions about causal judgments in everyday cognition and in scientific practice. This allows us to
subsume our understanding of evaluations of causal claims
under a broader cognitive framework in which compression
plays a central role (Keil, 2006; Pacer & Lombrozo, 2017;
Wilkenfeld, 2019; Kirfel, Icard, & Gerstenberg, 2021).
In what follows, we offer background on the causal Bayes
net formalism and its extension to proportionality and stability, with the introduction of information loss. We also review prior empirical work on proportionality and stability in
human causal reasoning. We then present results from two
experiments in which participants are asked to evaluate various causal descriptions of the same underlying system, where
these causal claims contain different levels of detail, and imply different levels of information loss as a result of compression. In keeping with our hypothesis, we find that participants
evaluate less detailed causal claims similarly to more detailed
causal claims when replacing the more detailed claim with
the less detailed one results in minimal information loss.

where parGP (V ) denotes the values taken by the parents of V
in GP . This allows us to derive the probability distribution
that would be defined over any variable in the causal Bayes
net, if any other variable in the same causal Bayes net were
set to some value via an exogenous, “surgical” intervention
on the data-generating system.

Background
Coarsening and Causal Bayes Nets A probability space
is a triple (Ω, Σ, p), where Ω is a sample space, Σ is an algebra on Ω (i.e., a set of subsets of Ω closed under union,
intersection, and complement), and p : Σ → [0, 1] is a probability distribution on Σ. A random variable is a function
X : Ω → RX , where the range RX of X is any set. A random
variable is measurable with respect to a probability space
(Ω, Σ, p) iff, for any x ∈ RX , X −1 (x) ∈ Σ.
For any random variable X that is measurable with respect
to a probability space (Ω, Σ, p), let ∼X be an equivalence relation defined on Ω such that ω ∼X ω′ iff X(ω) = X(ω′ ). A
second random variable X̃ that is measurable with respect to
(Ω, Σ, p) is a coarsening of X iff: i) for any ω, ω′ ∈ Ω, if
ω ∼X ω′ then ω ∼X̃ ω′ , and ii) there exists a ω, ω′ ∈ Ω such
that ω ∼X̃ ω′ but ω ̸∼X ω′ . If X̃ is a coarsening of X, then
X is a refinement of X̃. This definition captures the intuitive
idea that X̃ is a coarsening of X iff the partition of possibility
space achieved by X̃ is such that any possibilities treated as
equivalent by X are also equivalent according to the coarsening X̃, but that some possibilities treated as equivalent by X̃
are treated as distinct by the more fine-grained X.
Let VP be a set of random variables that are all measurable with respect to the same probability space P = (Ω, Σ, p).
Let E be an acyclic set of ordered pairs, or edges, relating
the variables in E . The set of edges E allows us to define
parent and descendant relations between variables in the obvious way. A causal Bayes net is a pair GP = (VP , E ) such
that: i) according to the probability distribution p, all elements of VP are independent of their non-descendants, con-

Measuring Information Loss Let GP be a causal Bayes
net, and let GP′ be a graph generated by replacing the set of
variables X with the set of variables X′ , and the set of edges
E with the set of of edges E ′ . All variables in both Bayes nets
are measurable with respect to the same probability space P .
Thus, they are taken to represent the same underlying datagenerating process. The information loss due to the change
from GP to GP′ , with respect to an effect variable Y and the
change in variables from X to X′ , is given by the equation

L (GP , GP′ , X, X′ ,Y, q)
=

p(y)
(y|do(x))
P

∑ q(do(x)) ∑ p(y) log2 pG
x

−

y

p(y)

∑′ q(do(x′ )) ∑ p(y) log2 pG ′ (y|do(x′ ))
x

y

(2)

P

where q is a probability distribution over possible interventions on X and X′ . In information-theoretic language, information loss is the difference between the average KullbackLeibler divergence between the marginal distribution over Y
and the distribution over Y given an intervention on GP setting X to x, and the average Kullback-Leibler divergence between the marginal distribution over Y and the distribution
over Y given an intervention on GP′ setting X′ to x′ . Where
information loss is negative, information is gained rather than
lost in the move from GP to GP′ .
Proportionality According to Woodward, a causal relationship is proportional to the extent that it is stated at the
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“level [of causal description] that is most informative about
the conditions under which the effect will and will not occur” (2021, p. 389). For Woodward, the hierarchy of levels of description with which a causal relationship can be
stated corresponds to a sequence of “vertically” related causal
variables, where each causal variable in the sequence is a
coarsening of the previous causal variables (2021, p. 371).
This can be made precise in terms of information loss. Let
GP = (G1P , . . . , GnP ) be a series of causal Bayes nets, such
that the only difference between two causal Bayes nets GiP
and GPi+1 is the replacement of a single variable with a coarsening thereof.1 This yields a sequence of variables C =
(C1 , . . . ,Cn ), with each Ci a variable in the causal Bayes net
GiP and a coarsening of all variables C j<i . We then say that,
in the context of a such a sequence, a variable Ci is proportional with respect to an effect variable Y to the extent that
L (GPj , GiP , {C j }, {Ci },Y, q) is relatively small for all j < i.
That is, proportional choices of causal variables are those that
preserve information about the conditions under which an effect variable Y will change, as compared to more fine-grained
alternatives. Note that in this paper we only consider comparisons of proportionality between causal claims with different
causal variables and a common effect variable, though one
can in principle compare causal relationships that differ with
respect to both cause and effect in terms of proportionality.
We expect that our results generalize to such comparisons.

predicted by the amount of information that is lost by choosing that claim over a less compressed alternative, where a
causal claim is compressed to the extent that it elides either fine-grained details about the cause of some effect or the
background conditions moderating the relationship between
cause and effect.
Previous Work From a theoretical perspective, the work
that is closest to our framework consists of previous attempts
to quantify properties of causal relationships in Bayesian
networks using tools from information theory. These include specific attempts to measure proportionality and stability (Pocheville, Griffiths, & Stotz, 2017), as well as attempts
to measure other properties of causal relationships, such as
power, abstraction, strength, or specificity using formalism
from information theory (Ay & Polani, 2008; Korb, Nyberg,
& Hope, 2011; Griffiths et al., 2015; Hoel, 2017; Beckers
& Halpern, 2019; Bourrat, 2021). However, none of these
approaches argue, as we do, that measurements of the proportionality and stability of a causal relationship can both be
expressed in terms of information loss.
On the experimental side, Lien and Cheng (2000) present
evidence effectively showing that humans prefer to justify
their inferences using more proportional causal claims, although they do not use the term ‘proportional’. By contrast,
Bechlivanidis, Lagnado, Zemla, and Sloman (2017) find that
participants prefer causal explanations with more detail to
those with less detail, even when the less detailed explanations are just as proportional. However, their experiments
ask participants to evaluate explanations of specific events
rather than type-level causal claims. Vasilyeva, Blanchard,
and Lombrozo (2018) show that participants are more willing to endorse causal and explanatory claims with high stability, even when other factors are held fixed. However, to our
knowledge, there is no work aiming to empirically investigate
whether there is a unifying explanation of the preference for
both proportional and stable causal claims.

Stability Recall that the stability of a causal relationship is
its robustness to changes in background conditions. This implies that if a causal Bayes net GP contains a stable causal
relationship between a cause X and effect Y , then one can
eliminate variables representing background conditions from
GP without losing any information contained in the relationship between interventions on X and changes in Y . This admits of straightforward formalization in terms of information
loss. Let GP = (VP , E ) be a causal Bayes net containing
a cause X, an effect Y , and a set of background variables
B. Let GP−B = (VP−B , E −B ) be a causal Bayes net such that
VP−B = VP \ B and E −B = E \ {(W, Z) : W ∈ B ∨ Z ∈ B}.
That is, GP−B is just GP with all variables in B removed.
The causal relationship between X and Y is stable with respect to background condition B to the extent that the value
of L (GP , GP−B , {X} ∪ B, {X},Y, q) is low.

Experiments
Experiment 1
In Experiment 1, we hypothesized that when more information is lost when a less compressed causal claim is replaced
with a more compressed causal claim, the more compressed
claim will be evaluated less positively by participants relative to the less compressed claim. To test this, we presented
participants with a description of the results of controlled experiments on a fictional variety of mushroom, fly, or rock, and
asked them to rate how good it would be to include various
claims in a summary of the described results. These claims
included more and less compressed causal claims. We manipulated the vignette used, the amount of information loss
realized by the more compressed causal claim, and whether
the compression was achieved by coarse-graining a variable
(thus manipulating proportionality) or eliding a background
variable (thus manipulating stability).

Summary The preceeding formalizations of the proportionality and stability of causal relationships show how the
task of measuring both properties can be subsumed under a
more general measure of information loss. In what follows,
we present experiments designed to test whether participants’
evaluations of the quality of a compressed causal claim are
1 Formally, for any i < n there is a bijection f : V i → V i+1 such
P
P
that f (Ci ) = Ci+1 , where Ci+1 is a coarsening of Ci , and for all Vi ∈
i
i
VP \ {Ci }, f (Vi ) = Vi . There is also a bijection g : E → E i+1 such
that, for any g((W, Z)) = (Wg , Zg ): i) if W = Ci , then Wg = Ci+1 , ii)
if Z = Ci , then Zg = Ci+1 , iii) if W ̸= Ci , then Wg = W , and iv) if
Z ̸= Ci , then Zg = Z.
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Vignette
Drol (Mushroom)
Bricofly (Insect)
Chapagite (Rock)

Effect
Bumpy Stems
Blue Wings
Fissures

Primary Cause
High/Low Mineral Soil
Warm/Cold Tank
Warm/Cold Water

Secondary Cause
High/Low Sodium Soil
Humid/Dry Tank
Salt/Fresh Water

Background Condition
Watered with Salt/Fresh Water
Water Spray/Dry Air Blow
Wrapped in Saline/Plain Cloth

Table 1: Structure of vignettes used in both experiments.
Participants Participants were 450 adults recruited via Prolific. 150 additional participants were excluded for failing comprehension checks or for rating poor causal claims
non-negatively. For both studies, participation was restricted to users with a US-based IP address and a 95%
rating based on at least 100 previous studies.
Both
studies were pre-registered, and IRB approval was obtained from Princeton University.
Data, stimuli, and
pre-registrations are available at https://osf.io/prmu6/
?view only=90aee64c5b0943b0a1afbabebcc268e6.

For participants shown Description 2, the claim Compressed
is a compression achieved by eliding a background variable.2
The values of x correspond to information loss amounts for
Compressed of 0, .03, and .31 respectively, assuming a uniform distribution over possible interventions. Vignettes involving flies and rocks followed an identical structure (see
Tab. 1). Participants were randomly assigned to one of eighteen possible conditions, which differed with respect to which
of the three vignettes they were shown, whether they were
asked to evaluate a compressed claim achieved by coarsening
a causal variable (proportionalilty) or eliding a background
variable (stability), and the amount of information loss inherent in compression. Finally, participants were also asked to
evaluate three poor causal claims, constructed by substituting
the value of the primary causal factor (e.g., changing highmineral to low-mineral). These were included to help anchor
the scale and verify participant understanding; we do not discuss them further here in the interest of space.

Materials and Procedures Participants read a vignette in
which they learned about a novel causal system, including the
results of experiments involving that system. For example, in
the mushroom vignette, participants were presented with one
of the following descriptions of results of experiments on the
“Drol” mushroom:
D-1: a) x% of all Drol planted in high-mineral, highsodium soil have bumpy stems; b) 70% of all Drol
planted in high-mineral, low-sodium soil have bumpy
stems; c) 1% of all Drol planted in low-mineral, highsodium soil have bumpy stems; d) 1% of all Drol planted
in low-mineral, low-sodium soil have bumpy stems.

Results To test whether evaluation of less compressed
causal claims relative to more compressed causal claims increased as a function of information loss due to compression,
we computed (as pre-registered) two difference scores:
• V-A. The difference between the participant’s evaluation
of Compressed and their evaluation of High (e.g., the difference between the evaluation of ‘Planting Drol in highmineral soil causes them to have bumpy stems’ and the
evaluation of ‘Planting Drol in high-mineral, high-sodium
soil causes them to have bumpy stems’).

D-2: a) x% of all Drol planted in high-mineral soil and
watered with salty water have bumpy stems; b) 70% of
all Drol planted in high-mineral soil and watered with
fresh water have bumpy stems; c) 1% of all Drol planted
in low-mineral soil and watered with salty water have
bumpy stems; d) 1% of all Drol planted in low-mineral
soil and watered with fresh water have bumpy stems.

• V-B. The difference between the participant’s evaluation
of Compressed and a uniform average of their evaluations
of High and Low (e.g., the difference between the evaluation of ‘Planting Drol in high-mineral soil causes them to
have bumpy stems’ and the average evaluation of ‘Planting Drol in high-mineral, high-sodium soil causes them
to have bumpy stems’ and ‘Planting Drol in high-mineral,
low-sodium soil causes them to have bumpy stems’).3

The value of x was varied between subjects and set at either
70, 85, or 98. Participants were then asked to rate, on a scale
from -3 (very bad) to 3 (very good), how good it would be to
include each of the following statements in a summary of the
findings of the descriptions given above:
• Compressed: Planting Drol in high-mineral soil causes
them to have bumpy stems.

2 On our formal analysis, both the coarsening of a causal variable
and the elision of a background condition can be expressed as compressions of a partition over the same sample space, such that there
is no difference between these two kinds of compression. We have
fashioned our examples to match what is understood in the literature
(e.g. Woodward (2010)) as a distinction between a refinement of the
same variable and an elision of a background condition.
3 Due to an error,
the equation for V-B was preregistered for both experiments as Evaluation of Compressed −
.5(Evaluation of High − Evaluation of Low). However, the correct
equation is Evaluation of Compressed − .5(Evaluation of High +
Evaluation of Low).

• High: Planting Drol in [high-mineral, high-sodium
soil/high mineral soil and watering them with salty water]
causes them to have bumpy stems.
• Low: Planting Drol in [high-mineral, low-sodium soil/high
mineral soil and watering them with fresh water] causes
them to have bumpy stems.
For participants shown Description 1, the claim Compressed
is a compression achieved by coarsening a causal variable.
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amount of information loss that is inherent in the more compressed causal claim. As can be seen in Fig. 1, which plots
participants’ absolute evaluations of each causal claim at each
loss level, when there is no information loss, participants
evaluate more compressed causal claims significantly more
highly than less compressed causal claims, suggesting that
people award simplicity and penalize unnecessary complexity in their evaluation of causal claims. When information
loss is moderate, there is no significant difference between
participants’ evaluations of more and less compressed causal
claims, suggesting that some participants prefer a compressed
claim even when some information loss is inherent. That no
evidence was found for any effect of Condition supports the
thesis that the proportionality and stability of a causal claim
are both measured by information loss.

Figure 1: Mean evaluations of claims in Experiment 1, with
bars showing 95% CIs. ‘Loss’ corresponds to information
loss due to compression inherent in choosing Compressed
over High and Low.

Experiment 2
In Experiment 1, participants evaluated the three key causal
claims (Compressed, High, and Low) on the same screen.
This could have introduced unintended task demands. For instance, participants may have felt that endorsing Compressed
was redundant with the endorsement of both High and Low,
or that endorsing Compressed (when the option to select more
fine-grained options was available) implied the causal irrelevance of the unspecified factor. To ensure that the results of
Experiment 1 were robust to such considerations, we replicated the study with the amendment that participants were
shown the same data twice, and asked first to evaluate Compressed and second to independently evaluate High and Low.

The score V-B measures a participant’s preference for a more
compressed claim over either of the more detailed claims.
We regressed these dependent variables against independent variables denoting the assigned vignette (Vignette),
whether the more compressed claim manipulated proportionality or stability (Condition), and the amount of information
loss (Loss), as well as all possible interactions. The regressions revealed that only Loss was a significant predictor of
V-A (β = −3.07, p < .001) and V-B (β = −1.81, p < .001).
Notably, we found no evidence of a significant effect of Condition on these dependent variables (V-A: β = .02, p = .769;
V-B: β = .04, p = .659), nor did we find any significant interaction effects between Condition and any other independent
variables.
As a sanity check, we also analyzed the difference between
the participant’s evaluation of High and their evaluation of
Low (V-C). As expected, only Loss was a significant predictor
of V-C, with the value of V-C increasing as the probability of
the effect given the description of the cause in High increases
with Loss (β = 2.52, p < .001).
In an exploratory analysis, we measured the percentage
of participants who strictly preferred Compressed to High
across all three loss levels. This percentage was approximately 36% when Loss=0, 21% when Loss=.03, and 10%
when Loss=.31. Mixed ANOVA for each value of Loss found
that at Loss=0, Compressed was rated more highly than both
High (η2 = .025, p = .002) and Low (η2 = .041, p < .001).
When Loss=.03, High was not rated significantly higher than
Compressed (η2 = .005, p = .156), but was rated higher
than Low (η2 = .050, p < .001). When Loss=.31, High was
rated significantly higher than both Compressed (η2 = .058,
p < .001) and Low (η2 = .153, p < .001).

Participants 483 adults were recruited via Prolific. 117 additional participants were excluded for failing comprehension
checks or rating poor causal claims non-negatively.
Materials and Procedures The procedure was identical to
that used in Experiment 1 with three exceptions. First, as
described above, participants were asked to evaluate Compressed as part of a separate task than their evaluation of
High and Low. Second, sentence (b) in both descriptions used
in the first experiment was amended to replace ‘70%’ with
‘55%’. Analogous replacements were made for the other two
vignettes. Third, the value of x in (a) and (b) was varied between subjects and set at either 55, 85, or 98, leading to information loss amounts of 0, .07, and .41 respectively. Thus, we
replicated Experiment 1 for a different range of loss values.
Results We performed the same regressions as in Experiment 1. Loss was a significant predictor of all three dependent variables (V-A: β = −3.39, p < .001, V-B: β = −1.51,
p < .001, V-C: β = 3.76, p < .001). Fig. 2 shows the relationship between Loss and participants’ absolute evaluations of Compressed, High, and Low. Only the evaluation of
High is shown to be significantly linearly predicted by Loss
(β = 3.11, p < .001). This suggests that the relationship between Loss and the three dependent variables is driven primarily by an increased evaluation of High that is not accompanied by a changing evaluation of Compressed or Low.

Discussion These results provide strong evidence in favor
of the claim that participants’ relative evaluations of more and
less compressed causal claims are partially governed by the
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In a further replication of Experiment 1, Condition was not
a significant predictor of any of the three dependent variables
measured (V-A: β = .162, p = .055; V-B: β = .125, p = .098;
V-C: β = −.075, p = .327). We did observe that Condition
was a significant predictor of evaluations of High (β = −.206,
p = .014). However, we do not draw any conclusions from
this result given that it does not seem to have impacted any of
the crucial differences between evaluations of causal claims.
In an exploratory analysis, we measured the percentage of
participants who strictly preferred Compressed to High across
all three loss levels. This percentage was approximately 39%
when Loss=0, 10% when Loss=.07, and 2% when Loss=.41.
Mixed ANOVA for each value of Loss found that at Loss=0,
Compressed was rated more highly than both High (η2 =
.044, p < .001) and Low (η2 = .048, p < .001). At Loss=.07,
High was rated more highly than Compressed (η2 = .036,
p < .001) and Low (η2 = .220, p < .001). At Loss=.41,
High was rated more highly than Compressed (η2 = .179,
p < .001) and Low (η2 = .442, p < .001).

Figure 2: Mean evaluations of claims in Experiment 2, with
bars showing 95% CIs. ‘Loss’ corresponds to information
loss due to compression inherent in choosing Compressed
over High and Low.

Discussion The results of Experiment 2 replicate the positive results of Experiment 1 at a different range of loss levels
and under conditions such that Compressed is evaluated separately from High and Low. This renders concerns about the
pragmatics of the task less plausible.

fer more compressed causal claims. That said, further testing
is needed to fully rule out a causal power interpretation.
Another direction for future work is to investigate the determinants of people’s tolerance for information loss when
evaluating compressed causal claims. The exploratory analyses reported in the results of both experiments show that at
least some participants prefer more compressed causal claims
to less compressed ones, even when the more compressed
claim leads to information loss. Theoretical work by Brodu
(2011), Kinney (2019), and Kinney and Watson (2020) argues
that prudential factors such as an agent’s interest in realizing
certain values of an effect variable and the value of the information provided by a causal variable determine the overall
quality of compressed causal claims.
We also plan to test how both information loss and agency
impact participants’ open-ended summaries of causal patterns. These studies will measure the extent to which participants penalize more detailed causal claims because they are
read as ruling out alternatives (e.g., participants may assume
that the claim ‘planting Drol in high-mineral, high-sodium
soil causes them to develop bumpy stems’ implies that planting Drol in high-mineral, low-sodium soil does not cause
them to develop bumpy stems). While pragmatic factors are
sure to play a role in communication, we nevertheless anticipate that the trade-off between informativeness and compression describes causal representation more generally, in both
intra- and interpersonal contexts.

General Discussion
These experiments provide evidence that when evaluating
more and less compressed causal descriptions of the same
process, we engage in a trade-off between compression on
the one hand and information loss on the other. Our findings
support a unified account of proportionality and stability, and
take a first step towards understanding the relationship between causal cognition and compression. The trade-off we
observe may also be relevant to people’s evaluations of noncausal claims, such as descriptions of statistical patterns.
Nevertheless, alternative explanations of our findings remain plausible. To illustrate, consider the causal power measure due to Cheng (1997). For two events c and e, the causal
power of c with respect to e is p(e|c) − p(e|¬c). If we let e be
the development of bumpy stems in Drol and let c be either
planting Drol in high-mineral, high-sodium soil or planting
Drol in high-mineral soil and watering them with salty water, then as Loss increases in both of the current experiments,
so too does the implicit causal power of c with respect to e
in either version of the claim High. In both experiments, the
correlation between all three dependent variables and Loss
was driven by an increased absolute evaluation of High as
Loss increased. Thus, our results are consistent with the interpretation that participants evaluate High more favorably
as the power of the causal relationship that it describes increases, while their absolute evaluations of Compressed and
Low remain fixed. However, this interpretation also predicts
an increasingly positive evaluation of Compressed as Loss
increases, which we do not see in our results. Also, causal
power does not explain why, when Loss=0, participants pre-
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Abstract

where only one noun the resident matches the [subect] cue.
The reading times at the verb was complaining are predicted
to be slower in sentence (a) compared to sentence (b). This
predicted effect is called syntactic interference (Van Dyke,
2007; Van Dyke & Lewis, 2003).
(a) . . . the resident who said that the neighbour was dangerous was complaining . . .

Cue-based retrieval theories of sentence processing assume
that subject-verb dependencies are resolved through a contentaddressable search in memory. The model assumes that multiple nouns with similar syntactic or semantic features increase
dependency completion difficulty. English eyetracking data
(reading) are consistent with model predictions; interestingly,
a similar experiment with German–a language marking case
overtly–suggests that only syntactic features affect dependency
completion difficulty. Why would German show different behavior than English? Using a computational implementation
of the cue-based retrieval model and model comparison using
Bayes factors, we show that the reason is systematic variation
at the individual-participant level: German participants overwhelmingly give higher weighting to syntactic cues over semantic cues, whereas English participants mostly give equal
weighting to syntactic and semantic cues. The richer morphosyntax of German leads to syntactic cues being favoured;
if such cues are largely absent (as in English) the parser relies
on both cue types equally.
Keywords: Similarity-based interference; cue-based retrieval;
individual differences

(b) . . . the resident who was living near the dangerous neighbor was complaining . . .
Similarly, when multiple nouns match the verb’s semantic
cues, such as [animate], they are assumed to cause semantic interference (Van Dyke, 2007). For example, in sentence
(c) where both the resident and the neighbour are animate,
the retrieval times at the verb are predicted to be slower than
sentence (d), where only the resident is animate.
(c) . . . the resident who said that the neighbour was dangerous was complaining . . .
(d) . . . the resident who said that the warehouse was dangerous was complaining . . .

Introduction
Comprehending a sentence requires the reader to correctly
figure out who did what to whom. This process of identifying
the syntactic relations between words is called dependency
completion. A well-established claim in sentence processing
is that dependency completion between a verb and its associated subject is driven by a cue-based retrieval process (Lewis
& Vasishth, 2005; McElree, 2000; Van Dyke, 2007). Under
the cue-based retrieval account, the target noun is identified
via a content-addressable search in memory based on feature
specifications at the verb, such as [subject], called retrieval
cues. When multiple nouns in memory match the retrieval
cues, it is difficult to identify the target noun, which leads to
a slowdown in retrieval times at the verb compared to a situation where only one noun matches the retrieval cues.
For example, in sentence (a) below, both the nouns the resident and the neighbour are in subject position, i.e., they both
match the retrieval cue [subject], compared to sentence (b)
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The predicted syntactic and semantic interference effects
are consistently found in English reading studies (Van Dyke,
2007; Van Dyke & Lewis, 2003; Arnett & Wagers, 2017; Van
Dyke & McElree, 2011). In a recent cross-linguistic study
(Mertzen, Paape, Dillon, Engbert, & Vasishth, 2021), both
syntactic and semantic interference were observed in English,
but in German, only syntactic interference was observed at
the verb (see Figure 1). Semantic interference was absent at
the verb and appeared only later in the post-verbal region.
In sum, at the critical region (the verb phrase was complaining), syntactic interference predicted by the cue-based
retrieval account is observed in both English and German,
but semantic interference is observed only in English. The
default assumption in cue-based retrieval models is that syntactic and semantic cues are used in the same way, so the
magnitude of semantic and syntactic interference is predicted
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Syntactic interference
●

German data

●
●

English data

from individual English participants in cue weighting.
We test these questions by implementing two hierarchical
models based on the Lewis and Vasishth (2005) cue-based
retrieval model: (i) the equal cue-weighting model, which assumes that all the individuals have equal weights for syntactic
and semantic cues, and (ii) the varying cue-weighting model,
which assumes that individuals may differ in how highly they
weight syntactic cues over semantic cues. The models are fitted to data from Mertzen et al. (2021) and then compared using Bayes factors (Rouder, Haaf, & Vandekerckhove, 2018).
The main finding is that there are cross-linguistic differences in individual-level cue-weighting: most German participants have higher weights for syntactic cues over semantic
cues, while most English participants have equal weights for
syntactic and semantic cues.
We first present the two individual difference models.
Next, we quantify relative evidence for the two models and
show the individual-level cue weighting estimates. We then
discuss the broader implications of the work and conclude.

Semantic interference

●

Cue−based retrieval
Model predictions
0

20

40

0

20

40

Effect (milliseconds)

Figure 1: Syntactic and semantic interference predicted by
a cue-based retrieval model (shaded areas; Lewis & Vasishth,
2005) compared with the observed effects in English and German from Mertzen et al. (2021); the effects are estimated
from regression path durations at the verb. The error bars
show 95% credible intervals of predicted or observed effects.
to be the same. The absence of semantic interference in German is, therefore, puzzling.
Mertzen et al. propose an explanation: a noun’s syntactic cue is weighted higher than its semantic cue in German,
while the two cues are weighted equally in English. The high
weighting for syntactic cues in German could be due to the
overt case marking on the nouns; it is possible that the overt
case marking is highly reliable in identifying the grammatical
functions of the nouns.
The cue weighting proposal is not entirely new. Several researchers have hypothesized that syntactic cues may
be weighted more strongly over non-syntactic cues in processing antecedent-reflexive dependencies (Dillon, Mishler,
Sloggett, & Phillips, 2013; Cunnings & Sturt, 2014; Kush,
2013; Parker & Phillips, 2017). A major limitation of these
cue-weighting proposals is that they aim to explain the data
averaged across all the participants. However, it is possible
that individual differences in cue weighting exist. For example, a recent study on English (Yadav et al., 2021) showed that
only one-third of the participants weigh syntactic cues more
strongly over number cues in processing antecedent-reflexive
dependencies. This result implies that the claim based on
the average behavior holds only for a small subset of participants. This study demonstrates that the average behavior may
mask theoretically important information which can only be
revealed by modeling individual-level differences.
Modeling individual differences in syntactic and semantic
interference in English and German might reveal a more nuanced picture of cue weighting differences among individuals
and among the two language groups. For instance, it is possible that only a small subset of German participants, who have
high weighting for the syntactic cue, is responsible for the
absence of semantic interference in German. Therefore, the
cue weighting hypothesis — that syntactic cues are weighted
more strongly over semantic cues in German, but not in English — should be formulated for individual participants. The
important questions to be asked are: (1) whether individuals
differ in how they weight syntactic cues relative to semantic
cues, and (2) whether individual German participants differ

Two models of individual-level cue weighting
We implement two hierarchical models that differ in their
assumption about the distribution of individual-level cue
weighting. The models are implemented within the cue-based
retrieval framework of Lewis and Vasishth (2005).
The Lewis and Vasishth (2005) model (see Engelmann,
Jäger, & Vasishth, 2020, for the latest implementation) assumes that each noun phrase that matches a retrieval cue receives a certain amount of activation (see Figure 2). The total
activation of a noun phrase i is given by
n

Ai = Bi + ∑ W j S ji + εi

(1)

j=1

where Bi is the baseline activation of the noun i determined
by its past retrievals, and εi is Gaussian noise added to activation of the noun i, such that εi ∼ Normal(0, σ). The term
∑nj=1 W j S ji represents that the noun phrase i receives activation from all matching cues j depending on the associative
strength S ji between the cue j and the noun i, and the cue’s
weight W j (Engelmann et al., 2020). The cue’s weight is determined by a parameter called cue weighting. Cue weighting encodes the ratio of weights of syntactic cues and nonsyntactic cues. Following Yadav et al. (2021), we assume that
the cue weighting can have a value between 1 and 4, such that
the cue weighting of 1 means equal weights for syntactic and
semantic cues and the cue weighting of 4 means four times
higher weight for the syntactic cue over semantic cues.
The Lewis and Vasishth model further assumes that a noun
phrase with the highest activation gets retrieved for dependency completion. The retrieval time at the verb is determined by the activation level of the retrieved noun, Ai .
T = Fe−Ai

(2)

where the latency factor F reflects overall reading speed and
may, inter alia, include lexical access time, motor response
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(2a) . . .

+subject
+subject
subject
the attorney whose secretary had forgotten that the visitor was important frequently complained about . . .
+animate
+animate
animate

(2b) . . .

+subject
+subject
subject
the attorney whose secretary had forgotten that the meeting was important frequently complained about . . .
+animate
-animate
animate

(2c) . . .

+subject
-subject
subject
the attorney whose secretary had forgotten about the important visitor frequently complained about . . .
+animate
+animate
animate

(2d) . . .

+subject
-subject
subject
the attorney whose secretary had forgotten about the important meeting frequently complained about . . .
+animate
-animate
animate

Figure 2: Activation received by the nouns based on cue-feature match, with a thick arrow denoting more activation spreading
compared to a thin arrow. A dashed box represents a retrieval cue, a thick box represents a feature that matches a retrieval cue,
and a thin box represents a feature that does not match a retrieval cue.
as a function of individual-level cue weighting and latency
factor. The models make different assumptions about how
the cue weighting varies among individuals, which we discuss next.

time, etc. The latency factor is commonly considered a free
parameter in the model.
Figure 2 shows how activation spreads to each noun phrase
in the four example conditions from Mertzen et al. (2021).
In conditions (2a) and (2b), multiple nouns match the [subject] cue at the verb; as a result, the activation spread via the
[subject] cue gets divided among these nouns. This is called
the fan effect (Anderson et al., 2004; Schneider & Anderson,
2012). Due to the fan effect, the retrieval times at the verb in
conditions (2a) and (2b) are predicted to be slower compared
to conditions (2c) and (2d); this slowdown is referred to as
syntactic interference. Similarly, due to the fan effect of the
[+animate] feature in conditions (2a) and (2c), the retrieval
times in (2a) and (2c) are predicted to be slower than in (2b)
and (2d), which is called semantic interference.
Based on the equations 1 and 2, the model predicts syntactic and semantic interference, (Xsyn , Xsem ) as a function of cue
weighting W and latency factor F,
(Xsyn , Xsem ) ∼ Model(W, F)

The equal cue-weighting model
The equal cue-weighting model assumes that all participants
have equal weighting for syntactic and semantic cues.
Suppose that (Xsyn j,g , Xsem j,g ) represent syntactic and semantic interference effects for a participant j from language
g.
(Xsyn j,g , Xsem j,g ) ∼ Model(W j,g , Fj,g )
(4)
where W j,g is the cue weighting and Fj,g is the latency factor
of the participant j of language g.
Under the equal cue-weighting model, all the participants
regardless of their language have cue weighting equal to 1,
i.e., they have equal weights for syntactic and semantic cues.
W j,g = 1

(3)

(5)

The individual-level latency factor Fj,g is assumed to come
from a normal distribution with population-level mean latency factor µFg and population-level variance τ2Fg for language g:
Fj,g ∼ Normallb=0.05 (µFg , τ2Fg )
(6)

The magnitude of both syntactic and semantic interference
increases linearly with an increase in latency factor. But the
cue weighting affects only semantic interference: the magnitude of semantic interference decreases with an increase
in cue weighting. This is because with the increase in cue
weighting, the semantic cue gets weaker, and consequently,
the fan effect caused by the semantic cue gets weaker, which
leads to the decrease in semantic interference.
We implement two hierarchical models that predict syntactic and semantic interference for each individual participant

where lb = 0.05 represent a lower bound of 0.05 on latency
factor values. We choose this lower bound because a latency factor of less than 0.05 would generate unreasonably
fast reading times for an individual (see Jäger, Engelmann, &
Vasishth, 2017, for a meta-analysis of reading times).
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Model comparison

The varying cue-weighting model

Mertzen et al. investigated both semantic and syntactic interference in a single design across two languages, English and
German. From their dataset, we obtain shrunken estimates of
individual-level syntactic and semantic interference for each
participant as shown in Figure 3.1
We fit the equal cue weighting model and the varying
cue-weighting model on the individual-level interference effects using hierarchical Approximate Bayesian Computation
(Turner & Van Zandt, 2014; Sisson, Fan, & Beaumont, 2018)
and obtained the marginal likelihoods for the each model
given the data.
We then quantified the evidence for the varying cueweighting model against the equal cue-weighting model using the Bayes factors (Rouder et al., 2018; Schönbrodt & Wagenmakers, 2018). The Bayes factor in favor of a model M1
compared to a model M2 , i.e., BF12 is computed as the ratio
of the marginal likelihoods of M1 and M2 . The Bayes factor BF12 represents the extent to which the model M1 is more
likely than M2 given the data. Following the convention from
Jeffreys (1939/1998), a Bayes factor value of larger than 10
is interpreted as strong evidence in favor of M1 and a value
between 3 and 10 is interpreted as moderate evidence in favor
of M1 .
Figure 4 shows the estimated Bayes factor under each prior
assumption about the population-level cue weighting. We
find that the Bayes factors are larger than 3 when the mean
cue weighing is assumed to be very close to 1, suggesting moderate evidence in favor of the varying cue-weighting
model. Under the assumption that the mean cue weighting
could lie in the range of 1 to 2 or 1 to 3, the Bayes factors
are larger than 10, indicating strong evidence in favor of the
varying cue-weighting model.
Overall, the Bayes factors suggest moderate to strong evidence for the varying cue-weighting model compared to the
equal cue-weighting model.

The varying cue-weighting model assumes that participants
may differ in weighting of syntactic cues over semantic cues.
Suppose that (Xsyn j,g , Xsem j,g ) represents the syntactic and
semantic interference effects for a participant j from the language g.
(Xsyn j,g , Xsem j,g ) ∼ Model(W j,g , Fj,g )

(7)

The individual-level latency factor Fj,g is assumed to come
from the same distribution as shown in Equation 6.
Under the varying cue-weighting model, the cue weighting
for the participant j of language g, i.e., W j,g comes from a
normal distribution with population-level mean cue weight2 :
ing µWg and between-participant variance τW
g
2
W j,g ∼ Normallb=1,ub=4 (µWg , τW
)
g

(8)

where lb = 1, ub = 4 constrains the individual-level cue
weighting to be between 1 and 4. A cue weighting of 1
means equal weights for syntactic and semantic cues and a
cue weighting of 4 means 4 times higher weight for the syntactic cue.
The population-level cue weighting parameters, the mean
2 , are
cue weighting µWg and between-participant variance τW
g
the main parameters that make the varying cue-weighting
model different from the equal weighting model. A comparative evaluation of the two models can be sensitive to the
priors on these population-level cue weighting parameters.
Following the recommendation in Schad et al. (2021), we
choose a range of priors on mean cue weighting and betweenparticipant variance in cue weighting so that we can compare
the models under different assumptions about the distribution
of cue weighting in the populations.
For the population-level mean cue weighting µWg , we specify the following prior:
µWg ∼ Normallb=1,ub=4 (1, σm )

Individual-level cue weighting estimates

(9)

The model comparison shows evidence in favor of the assumption that individuals differ in cue weighting. But how
do they differ? What is the distribution of individual-level
cue weighting in English and German? We can answer this
using individual-level cue weighting estimates from the varying cue-weighting model.
Figure 5 shows the estimated posterior distribution of cueweighting for each individual participant from English and
German. We find that 85% of the German participants have
cue weighting larger than 2 meaning that 85% of the German
participants give at least two times higher weights to syntactic
cues over semantic cues. And, 84% of English participants
have cue weighting of less than 1.5, which means that 84%

where σm ∈ {0.05, 0.1, 0.5, 1}. The different values of σm
express our assumptions about possible values of mean cue
weighting. For example, Normallb=1,ub=4 (1, 0.05) represents
that the mean cue weighting is retricted to be very close to
1, while Normallb=1,ub=4 (1, 1) represents that the mean cue
weighting is allowed to be somewhere between 1 and 3.
2 ,
For the between-participant variance in cue weighting τW
g
we use an inverse-gamma prior.
2
τW
∼ InvGamma(1, scale)
g

(10)

where scale ∈ {0.005, 0.01, 0.05, 0.1, 0.5}. The different values of scale express our assumptions about how much variation in cue weighting is allowed across individuals.
We fit these two models of individual-level cue weighting on data from Mertzen et al. (2021) and compute their
marginal likelihoods given the data.

1 To obtain individual-level interference effects, we fit a Bayesian
hierarchical model with varying intercepts and slopes for participants and items, where regression path durations are the dependent variable and conditions (syntactic vs semantic, feature-match
vs mismatch) are sum-coded predictors (Schad et al., 2020).
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of English participants give approximately equal weights to
syntactic and semantic cues.
In sum, the cue weighing estimates indicate that the most
of the German participants have high weighting (> 2) for the
syntactic cue, while the most of the English participants have
equal weighting (≈ 1) for syntactic and semantic cues.
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Are syntactic and semantic retrieval cues weighted differently by English and German speakers? To answer this question, we implemented two hierarchical models, the equal cueweighting model and the varying cue-weighting model. The
equal cue-weighting model assumed that all English and German participants have equal weights for the syntactic and the
semantic cues when retrieving a verb’s subject from memory;
the varying cue-weighting model assumed that individual participants can differ in how strongly they weight syntactic cues
over semantic cues.
The models were evaluated on individual-level syntactic
and semantic interference data from Mertzen et al. (2021).
The model comparison and the model fits show that
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Figure 3: Individual-level syntactic and semantic interference effects from the Mertzen et al. (2021) data. Shown are the
shrunken estimates from a Bayesian hierarchical model fit to regression path durations at the verb. English had 61 participants,
German had 121 participants. The circles represent mean effects, the error bars represent 95% credible intervals of the effects.

Prior on between−participant variance in cue weighting

Figure 4: Estimated Bayes factors given different priors on
the population-level mean cue weighting, µWg and between2 (see Equation 8).
participant variance in cue weighting, τW
g

1. There is moderate to strong evidence in favor of the varying
cue-weighting model, suggesting that individuals vary in
how they weight retrieval cues.
2. Most German participants give higher weights to syntactic
cues over semantic cues, while most English participants
give equal weights to syntactic and semantic cues.
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readers (see Yadav et al., 2021). The strong weighting of syntactic cues in German speakers compared to English speakers
might be associated with differences in their reading speed.
Systematic experimental and modeling work is required to
investigate the relationship between individual-level reading
speed and cue weighting.
We have implemented only two models of individual differences in cue weighting, but one can explore other assumptions about how individuals vary in cue weighting. For example, it could be assumed that all German participants have a
fixed cue weighting, which is different from English participants. Another assumption could be that only German participants vary in cue weighting while all English participants
have equal cue weighting. It would be interesting to compare
models under different assumptions about the distribution of
individual-level cue weighting in German and English language populations.
A weakness of the current modeling work is that we do
not have an independent measure of cue weighting for each
individual; we can only infer it indirectly through reading
times. The cue-weighting differences that are used to explain
the observed individual differences in the data are estimated
from the same data. It is possible that the individual-level
cue weighting is overfitted to these data and that we may not
get stable estimates of cue weighting for an individual in repeated experiments. A better approach would be to measure
cue weighting independently for each participant on a separate processing task and then test the phenomenon of interest
on the same group of participants. Using this approach, we
can directly investigate whether the model can predict an individual’s behavior based on their cue weighting. We plan to
take this up in future work.
The current work reveals new insights about the constraints on processing subject-verb dependencies: The dependency between a verb and its associated subject is resolved via a cue-based retrieval process where the cues can be
weighted differently by individuals depending on their native
language. To our knowledge, this is the first investigation of
cross-linguistic cue-weighting differences in a computational
model of sentence comprehension. Our work contributes to
understanding how different sources of linguistic information
are employed during processing.

German speakers
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Cue weighting

Figure 5: Individual-level cue weighting estimates from the
varying cue-weigting model fitted to Mertzen et al. (2021)
data. The solid circles represent mean cue weighting, the error bars represent 95% credible intervals of estimated values.

The results indicate that German speakers differ from English speakers in how they weight syntactic cues relative to
non-syntactic cues. The conclusion is important for theories of sentence processing, because there is some independent support for the idea that the native speakers of a particular language may learn to use certain cues more strongly
and reliably over the others (Dittmar et al., 2008; Sokolov,
1988; Bates et al., 1984). It is possible that German speakers weight the syntactic cues higher because the overt case
marking in German is highly reliable in identifying the grammatical functions of the nouns in a sentence. For example,
in the experimental items used in Mertzen et al. (2021), the
grammatical role of every pre-verbal noun was identifiable either by (i) unambiguous case marking of the noun (if it was a
masculine noun), or by (ii) the properties of its case-assigning
head (verb or preposition).
A principled test of our conclusion would be in verifying
whether the distribution of individual-level cue weighting in
German and English is replicated in future experiments. If
the inferred distribution — that most German speakers have
high weighting for syntactic cues — holds for the language
population, one would expect to see the same distribution of
cue weighting in repeated experiments with larger samples
of German participants. We plan to run a relatively largesample-size study to test this prediction.
An interesting question that remains to be investigated is
whether cue weighting is correlated with the general reading
speed of an individual. There are reasons to believe that fast
readers may weigh syntactic cues more strongly than slow
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Abstract
Artificial language learning research has shown that, under
some conditions, adult speakers tend to probability-match to
inconsistent variation in their input, while in others, they regularize by reducing that variation. We demonstrate that this
framework can characterize speaker behavior in a naturallanguage morphological inflection task: the lexicon can be
used to estimate variation in speaker productions. In the task
of German plural inflection, we find that speakers probabilitymatch a lexical distribution conditioned on phonology, and
largely disregard an alternative possible strategy of conditional
regularization based on grammatical gender.
Keywords: Regularization; Morphology; Natural language

Table 1: Hypothetical artificial language. Top table shows
training vocabulary, bottom shows test outputs from three
speakers. A regularizes overall variation, B probabilitymatches, and C regularizes conditional variation.

Introduction
Research in artificial language learning shows that adult
speakers have a range of responses to unpredictable inconsistencies in their linguistic input. Under some circumstances, they probability-match and reproduce the variation
in their input distribution, while in other circumstances they
prefer to regularize1 and produce more consistent patterns
(Hudson Kam, 2019). Often, speakers regularize by increasing production of the most frequent variant in their input
(Hudson Kam & Newport, 2005, 2009). For example, given
the hypothetical artificial language training vocabulary and
test inputs shown in Table 1, Speaker A shows this kind of
regularization: the -s plural form has gone from 60% of their
input to 100% of their output, thus reducing variation in how
the plural form is realized. By contrast, Speaker B matches
the input probability of -s, keeping it at 60% in their output.
The learning biases influencing speaker behavior in these experiments are not fully understood, and show complex interactions with communicative pressures in cultural transmission (Smith et al., 2017). As a result, it is challenging to anticipate which artificial language findings will apply in more
complex natural language environments, such as the German
plural inflection task we explore in this study.
Research on natural language variation shows that it is typically conditioned upon multiple factors, both linguistic (e.g.
phonological environment) and non-linguistic (e.g. speaker
identity) (Chambers & Schilling, 2018). Conditional variation provides another mechanism for regularization: unpredictable variation can become predictable when conditioned
1 N.B. we use the term regularize in the linguistics sense (reduce
variation), not the machine learning sense (reduce overfitting).
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on particular linguistic contexts. In Table 1, Speaker C shows
this type of regularization, consistently mapping “le” articles
to -s and “ze” articles to null forms.
Note that our example artificial language experiment
frames variation with respect to static attributes within a lexicon: each individual noun has two fixed classes (expressed by
the article and the plural form), and we consider how speakers might use membership in one class (e.g. article) as a cue
to signal membership in another class (plural form). Artificial language learning studies have shown that adult speakers
can learn to condition noun class assignment on such markers when they are statistically reliable (Frigo & McDonald,
1998). Culbertson, Gagliardi, and Smith (2017) found that
learners may prefer different cues to noun class (e.g. phonological vs. semantic cues) based on salience or early availability in training. While they found reliable statistical main
effects from their experimental cue manipulation, their data
show a broad range of variation within individuals as well,
suggesting the type of variation in speaker strategies illustrated by the hypothetical case in Table 1.
The studies discussed above explore speaker generalization
using toy lexicons, where the amount and type of variation
can be manipulated experimentally. However, in principle it
should be possible to apply some of the same analysis methods to the more complex case of generalization from natural language. In particular, German number inflection pro-

In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

vides a complex natural-language test case for the type of
lexical variation seen in our hypothetical experiment. Some
aspects of the German plural system are well-described by
rules (e.g. derived nouns; Augst, 1979), but other parts of the
lexicon show more complex probabilistic relations, and psycholinguistic experiments reveal considerable variation between speakers when they are asked to produce the plural
forms of novel words (Mugdan, 1977; Köpcke, 1988; Zaretsky & Lange, 2016; McCurdy, Goldwater, & Lopez, 2020).
In this work, we adopt the framework of probabilitymatching versus regularization to shed light on this variability. We ask whether variation in German number inflection of
novel words can be explained in terms of a) lexical statistics
and b) variation in individual speaker strategies. Do speakers
predominantly probability-match to the distribution observed
in the lexicon, leading to the variation observed in behavioral
experiments? Or do they predominantly regularize, but with
different speakers pursuing different strategies (e.g. reducing conditional vs. overall variation) which lead to a general
appearance of inconsistent behavior?
We use the information-theoretic definition of regularization presented by Ferdinand, Kirby, and Smith (2019) to evaluate individual behavior in terms of entropy. We take the
joint distribution of grammatical gender (G) and plural inflection class (C) observed in the lexicon as a reference distribution to assess German speaker behavior on a dual task:
for each of 24 novel nouns, identify its grammatical gender,
and produce its plural inflected form. We find that, consistent with some artificial language experiments, adult speakers largely probability-match the conditional variation observed in the input, and disregard an alternative strategy of
gender-conditioned regularization. Our work shows that lexical statistics across items can predict speaker behavior within
novel items, connecting artificial language findings with natural language behavior.
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Figure 1: Reference distributions calculated from German
CELEX2. Top, all nouns (excluding ambiguous gender
nouns). Bottom, monosyllabic consonant-final nouns.
1977), although more fine-grained distinctions are possible — CELEX2 labels 13 separate plural inflection classes.
Nonetheless, two suffixes predominate: 45% of noun types in
the CELEX2 lexicon take the -(e)n suffix in the plural, and
26% take -e. As regularization often involves increasing frequent variants, we focus on these two suffixes and their relationship to grammatical gender. Fig. 1a shows the joint distribution of 3 simplified plural class (-e, -(e)n, and “other”)
by gender over all nouns in CELEX2. Fig. 1b focuses on
the subset of nouns in CELEX2 with a similar phonological shape to our experimental stimuli, i.e. monosyllabic and
consonant-final (monoCF).
Gender and plural class Our key research question is
whether German speakers will regularize overall variation,
probability match the observed lexical distribution, or regularize conditional variation. In the latter case, grammatical
gender is the most viable option on which to condition plural class, for several reasons. 1) There is a clear strong statistical relationship between gender and plural class, evident
in Fig. 1. Williams et al. (2020) analyze a subset of German nouns in CELEX2, and estimate that 25% of the variation in inflection class (including all plurals and cases) can be
explained by grammatical gender. For our simplified set of
inflection classes, we estimate 40% (Table 2). 2) Many linguists have analyzed grammatical gender as the primary determinant of plural class, with -e as the default class for nonfeminine nouns, and -(e)n for feminine nouns (e.g. Augst,
1979; Wiese, 1999; Bittner, 1999). 3) Neural models of German inflection reliably learn to condition plural class on gender (Goebel & Indefrey, 2000; McCurdy, Lopez, & Goldwater, 2020; Dankers, Langedijk, McCurdy, Williams, & Hupkes, 2021). Despite this, many psycholinguistic studies report little (Köpcke, 1988; Zaretsky & Lange, 2016; McCurdy,
Lopez, & Goldwater, 2020) or no (Mugdan, 1977; Marcus,
Brinkmann, Clahsen, Wiese, & Pinker, 1995; Spreng, 2004)
effect of gender on speaker productions.

Background
German number inflection Here we present a highly simplified overview of the German plural system, illustrated with
reference to the CELEX2 lexical dataset (Baayen, Piepenbrock, & Gulikers, 1995). Each German noun has two lexical attributes relevant to our analysis: its grammatical gender
(G) and plural inflection class (C). A noun can have masculine (M), neuter (N), or feminine (F) gender, and this lexical
property has a complex relation to the noun’s phonology and
semantics (Köpcke & Zubin, 1984). Gender is indicated on
the article which precedes the noun it its singular form.2
The other key lexical attribute, plural inflection class, is
indicated by the plural form of the noun. This is typically
characterized by at least five predominant suffixes, which can
be combined with umlaut3 to give eight classes (Mugdan,
2 Following much of the literature, we consider only nouns in
their citation form, i.e. only in nominative case.
3 Umlaut is a process by which back vowels are fronted; for example, the noun Apfel “apple” takes the plural form Äpfel. Following
a smaller subset of the literature, we ignore umlaut in this analysis.
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Regularization and German plurals Our entropy-based
framing of regularization leads us to focus on the two most
frequent inflection classes. This contrasts with some of the
literature on German plural inflection, where different theories of regularization have emphasized the role of minority
classes. For example, Marcus et al. (1995) argue that only
the rare plural suffix -s is regular in the sense that it is rulegenerated, while under their analysis other plural classes are
not. This Dual Route interpretation has been highly influential (see e.g. Clahsen, 1999, and replies), but its claims have
been challenged empirically (e.g. Zaretsky & Lange, 2016;
Behrens, 2017; McCurdy, Goldwater, & Lopez, 2020). Other
analyses of the German plural system have focused on productivity and type frequency, either with a rule-based analysis (e.g. Yang, 2016) or without (e.g. Köpcke, 1988; Bybee,
1995; Heitmeier, Chuang, & Baayen, 2021).
Herce (2019) notes that the term “regularity” is associated
with many distinct concepts in the linguistics literature, and
recommends that researchers use more precise language, e.g.
“productivity” or “predictability.” Our approach emphasizes
the “predictability” dimension, in line with other recent attempts to formalize an information-theoretic concept of morphological regularity (Ackerman & Malouf, 2013; Cotterell,
Kirov, Hulden, & Eisner, 2018; Wu, Cotterell, & O’Donnell,
2019). Note, however, that these analyses use the lexicon to
estimate the regularity of a lexical item, for example to predict that the English past tense form “jumped” is more regular
(i.e. predictable) than “ran.” In contrast, we use the lexicon to
assess regularization behavior by speakers: do they maintain
the level of variation present in the lexicon, or introduce more
predictability to novel lexical items?

All nouns
All (6 cl.)
monoCF
mCF (6 cl.)

U(C | G)
40%
34%
14%
15%

MI(C; G) = MI(G;C) = H(C) − H(C | G)

(3)

The mutual information can be normalized by the Shannon entropy to get an estimate of the percentage of variation
explained by the conditioning variable, known as the uncertainty coefficient (Williams et al., 2020)4 :
U(C | G) =

MI(C; G) H(C) − H(C | G)
=
H(C)
H(C)

(4)

Under Ferdinand et al.’s framework, any reduction in entropy relative to the reference distribution qualifies as regularization. They note that this can be accomplished in three
ways: reducing variation in either the distribution of the variant H(C), or of the context H(G), or the conditional distribution H(C|G) (equivalent to increasing MI(C; G)).
Reference distribution In artificial language learning experiments, the reference distribution is typically defined by
the researcher and manipulated as an experimental variable.
By contrast, in the current study, we use the entropy metrics defined above to compare speaker behavior to two references: the distribution of grammatical gender and plural
inflection class over a) all nouns in the German lexicon, and
b) monoCF nouns, i.e. monosyllabic nouns ending in a consonant, as these are phonologically similar to our stimuli. We
use the CELEX German lexicon (Baayen et al., 1995) to calculate these reference distributions, shown in Fig. 1.
The measures H(C), H(G), MI(C; G), and U(C | G) for the
reference distribution are reported in Table 2. By default, we
use the simplified 3-class categorization (-e, -(e)n, “other”)
for inflection C. We additionally report entropy measures
with a more traditional 6-class categorization (-e, -(e)n, -er,
/ -s, and “other”) to show that including minority classes
-0,
doesn’t substantially alter the analysis.

Ferdinand et al. (2019) present a novel quantitative analysis of regularization in terms of entropy. Under their definition, speaker regularizing behavior is formalized as the degree of entropy reduction relative to a reference distribution.
All measures here originate with Shannon (1948).
The first key measure is Shannon entropy, which quantifies
in bits the complexity, or variation, over the distribution of
a single categorical variant. In our case, we’re interested in
entropy over plural class C:
(1)

c∈C

Similarly, we calculate H(G) to obtain the entropy of the
distribution over grammatical gender.
The second key measure is conditional entropy, which calculates the entropy of our variant of interest C conditioned on
grammatical gender G:

g∈G

MI(C; G)
0.61
0.67
0.18
0.23

Subtracting conditional entropy from Shannon entropy
gives the mutual information between the two variables:

Quantifying regularization

H(C | G) = − ∑ P(g) ∑ P(c | g) log2 P(c | g)

H(C)
1.54
1.98
1.21
1.55

Table 2: CELEX2 entropy measurements for gender H(G),
plural class H(C), mutual information between plural class
and gender MI(C; G), and percentage plural variation explained by gender U(C|G). We see similar values whether
using our simplified 3-class analysis or a more traditional 6class analysis for C.

Methods

H(C) = − ∑ P(c) log2 P(c)

H(G)
1.52
1.52
1.19
1.19

4 We thank an anonymous reviewer for noting that mutual information is typically normalized with respect to the smaller entropy, in
this case H(G). We use H(C) in the denominator as we are specifically interested in U(C | G), the fraction of plural class entropy explained by gender, rather than the inverse relation U(G | C).

(2)

c∈C
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Figure 2: Task presentation for one item. To the left of the
novel noun is gender selection, to the right, written plural.

Figure 3: Gender and plural productions from participants.
Compare to reference distributions in Fig. 1.
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Stimuli The stimuli used in this experiment comprise 24
monosyllabic nouns ending in a consonant (i.e. monoCF
nouns), originally developed by Marcus et al. (1995). As
seen in Fig. 1 and Tab. 2, this class of nouns is ambiguous in terms of plural class and grammatical gender. This
makes them good candidates to assess regularizing behavior — other phonological classes of German nouns already
have fully predictable inflection class assignments, e.g. nouns
ending in schwa near-universally take the -(e)n plural. These
stimuli have also been used in multiple previous experiments
(Marcus et al., 1995; Zaretsky & Lange, 2016), so our results
can be straightforwardly compared with previous findings.

Count

Figure 4: Gender and plural productions by item.

Task The task is a version of the well-known wug test
(Berko, 1958): participants were given a novel noun, such
as wug (or in our case the more Germanic Vag), and asked
to produce its plural inflected form. Our experiment includes
an additional dimension. Along with the plural form, participants were asked to indicate the presumed grammatical gender of the noun by selecting the corresponding article for its
singular form, as shown in Fig. 2.
We had two motivations for adding the gender task. Firstly,
as earlier wug test studies have found weak to absent effects
of gender on German plural inflection (Mugdan, 1977; Marcus et al., 1995; Spreng, 2004; Zaretsky & Lange, 2016; McCurdy, Lopez, & Goldwater, 2020), we sought an experimental design which would compel participants to attend to the
gender of the noun. Secondly, we wanted participants to generate the full joint distribution over grammatical gender (G)
and inflection class (C), so that we could evaluate their regularization behavior with respect to all three strategies identified by Ferdinand et al.

Participants We recruited 120 speakers with German as a
first language to complete an online survey using the platform
Prolific.6 Speakers were compensated at the rate-adjusted
equivalent of 11.50 USD per hour.
Analysis Following Ferdinand et al. (2019), we quantify
the entropy in the distribution produced per participant, and
use it to classify participant behavior. Ferdinand et al. assume that participants with entropy measures within the 95%
confidence interval (CI) bounds show behavior consistent
with probability-matching the relevant distribution. To define probability-matching behavior, we simulate experimental
draws over 24 items by sampling from the relevant joint categorical distributions. For each reference distribution, we first
sample 105 grammatical gender assignments for the items,
then plural class assignments conditional on the sampled gender. We calculate a more conservative 90% CI by taking the
5th and 95th percentiles of the resulting simulations. Participants with entropy measures below the 5% CI bound are
classified as regularizers, and above the 95% are variabilizers, with respect to the same distribution.
We build on Ferdinand et al.’s approach by also considering the type of regularization observed: overall reduction in
variation (i.e. reducing H(C)) versus conditional reduction in
variation (reducing H(C | G), i.e. increasing MI(C; G) or its
normalized equivalent U(C | G)).

Procedure After providing consent, participants completed
an onboarding task, in which they had to provide the gender
and plural form for 12 real German nouns. Participants had
to answer these questions correctly to proceed to the experiment. After the onboarding, participants were randomly assigned to one of three lists counterbalanced for presentation
order of gender (e.g. “Der/Die/Das Vag” v.s. “Das/Der/Die
Vag”). Within each list, the 24 test items were presented in
randomized order. We publicly release the data.5
5 https://github.com/kmccurdy/german-wug-data/

6 https://www.prolific.co
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Figure 5: 90% CIs for reference distributions (all and
monoCF nouns), and observed values for speakers. Speakers
may regularize overall variation in H(C), but do not appear to
regularize MI(C; G).

H(C)

Figure 6: H(C) and MI(C;G) by participant. Color boxes and
lines show 90% CI for all (red) and monoCF (green) nouns;
color dots show reference values. The blue dot shows the
speaker grand mean, and the blue line shows a Loess regression fit of speaker MI(C;G) on H(C). Most participants are
in the green box, consistent with probability-matching the
monoCF noun distribution.

Results and Discussion
Fig. 3 presents the overall distribution of gender and plural
productions from all participants (compare to the reference
distributions in Fig. 1). We see considerable variation in gender and plural class assignment, which does not appear to be
driven by strong item-level biases (c.f. Fig. 4).
Do speakers regularize overall variation? Fig. 5 shows
the 90% CIs for the two reference distributions, and the observed range of speaker values, for our entropy-based measures. Overall variation is shown in the top row. For gender H(G), most speakers’ productions are consistent with
probability-matching either reference distribution, falling
within both CIs. For plural class H(C), we see some evidence
for regularization: 75% of speakers reduce variation below
the all-nouns 5% CI bound (c.f. Tab. 3). The bulk of those
speakers show variation consistent with probability-matching
the monoCF distribution, although 27% also fall below the
5% CI bound. In sum, we have two possible interpretations:
either speakers are insensitive to the phonological properties
of the stimuli and a large majority regularize plural class (i.e.,
relative to the lexicon as a whole); or speakers condition on
phonology and are mainly probability-matching to a phonologically similar subset of the lexicon. However, the further
analysis below suggests that speakers are sensitive to phonology, which makes the latter interpretation more plausible.

nouns, which is substantially lower than that of the full lexicon. Speakers could, in principle, use the stronger relationship between gender and inflection class found in the full lexicon to make predictions about the stimuli, but they do not.
This result is surprising given the importance of gender in
both linguistic analyses (e.g. Augst, 1979; Wiese, 1996; Bittner, 1999) and recent models (e.g., recent neural network
models make predictions that are consistent with the level
of gender conditioning in the full lexicon; Goebel & Indefrey, 2000; McCurdy, Lopez, & Goldwater, 2020; Dankers et
al., 2021). Our information-theoretic analysis suggests that
speakers in fact condition on phonological form at the expense of predictability due to gender.
Interestingly, this reduced level of gender conditioning
MI(C; G) appears consistent relative to plural variation H(C),
although it need not be: speakers who vary plural class more
could in principle introduce more gender conditioning. Fig.
6 shows, for each individual participant, how much variation they produced over plural class H(C) — farther right
on the x-axis indicates a more varied set of plural classes
— and how much that variation was influenced by grammatical gender MI(C; G) — higher on the y-axis indicates
more gender-conditioning, i.e. a tighter statistical coupling
between gender and plural class. The dotted black line shows
MI(C; G) = H(C), the theoretical maximum statistical coupling: a point on that line would represent a speaker whose
plural class assignments were fully explained by grammatical
gender, for example always assigning masculine nouns to the

Do speakers regularize conditional variation? The lower
row of Fig. 5 shows 90% CIs and the observed distribution for
the conditional variation measures MI(C; G) and U(C | G),
where higher values indicate greater predictability given the
conditioning factor. Here we have clear evidence that speakers do not regularize by conditioning on grammatical gender; in fact, they seem to be probability-matching to the level
of gender-conditioned predictability found in the monoCF
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All nouns
Variabilize U(C|G)
Probability-match
Regularize
N/A (H(C) = 0)
monoCF nouns
Variabilize U(C|G)
Probability-match
Regularize
N/A (H(C) = 0)

Var. H(C)
1% (1)

Prob.-match
21% (25)
3% (4)

Var. H(C)
2% (2)
6% (7)

Prob.-match
8% (10)
58% (69)

Regl.
60% (72)
10% (12)
5% (6)
Regl.
3% (4)
18% (21)
1% (1)
5% (6)

Table 3: Speaker strategy classification. Relative to all nouns,
most speakers regularize overall plural class variation while
increasing variability with respect to gender (upper table).
Relative to monoCF nouns, most speakers probability-match
overall and gender-conditioned plural class variation (lower).

-e plural class and feminine nouns to the -(e)n class. We see
that even speakers who produce as much plural class variation
as observed in the lexicon (H(C) > 1.3) are mostly below the
red box, meaning their gender-conditioning MI(C; G) is more
typical of the monoCF distribution.

General Discussion
Our findings demonstrate that the regularization/probabilitymatching framework developed in the artificial language
learning literature can also describe behavior in natural language tasks. Our work is not the first to show this; Hendricks,
Miller, and Jackson (2018) used this framework to study variable gender assignment in a Germanic dialect, finding that
some children regularized while others probability-matched
the variation in the adult distribution. To the best of our
knowledge, however, we are the first to use lexical statistics
as a reference distribution to evaluate regularization behavior
in a psycholinguistic experiment.
We suspect that probability-matching lexical statistics provides a stronger account for our results than most formal
models. The substantial variation within items (c.f. Fig. 4)
suggests a fundamental incompatibility with any models that
make strong item-level predictions, which would encompass
most rule-based models (e.g. Mugdan, 1977; Yang, 2016).
Exemplar-based models (e.g. Hahn & Nakisa, 2000) may
better handle such variability, but doing so appears to require
extensive fine-tuning (c.f. Rosen, 2022). As noted earlier,
parts of the German plural system are readily described by
rules — our findings apply to the subset of the lexicon which
shows less predictability. That said, many linguistic accounts
of German inflection have proposed high-level rules based on
grammatical gender (e.g. Augst, 1979; Wiese, 1996; Bittner,
1999), and neural models of German inflection learn behavior consistent with such rules (Goebel & Indefrey, 2000; McCurdy, Lopez, & Goldwater, 2020; Dankers et al., 2021). Our
findings challenge such accounts: speakers could regularize
by conditioning on gender to the extent observed in the Ger-

man lexicon as a whole (i.e. 40% of plural class variation, c.f.
Tab. 2), but instead they match the lower level of gender conditioning typical of the phonological class (15-16%). This
accords with other linguistic accounts which consider gender subordinate to phonology (e.g. Mugdan, 1977; Spreng,
2004). Furthermore, our study’s experimental design explicitly foregrounds gender by forcing participants to select both
the article and plural class for each noun. This means that
our results likely represent a ceiling for gender conditioning
on these stimuli. Previous studies with the same stimuli have
presented the article instead, and found weaker or absent effects of gender (Marcus et al., 1995; Zaretsky & Lange, 2016;
McCurdy, Lopez, & Goldwater, 2020).
Conditional variation seems to play a paradoxical role in
these results. On the one hand, there is strong evidence
for phonological conditioning: speaker behavior is consistent
with the lexical statistics of a phonologically similar subset of
the lexicon, rather than the lexicon as a whole. On the other
hand, we have two mysteries. Firstly, this phonological conditioning only appears at the level of word class; phonology
does not seem to drive strong biases for individual items. Secondly, this phonological conditioning comes at the expense
of gender conditioning: participants make grammatical gender less informative than it is in the lexicon as a whole. It is
unclear how these trends relate to artificial language learning
studies, which have found that adult learners tend to condition
on lexical identity (i.e. reducing variation across nouns by assigning each noun to one lexical class; Smith & Wonnacott,
2010; Samara, Smith, Brown, & Wonnacott, 2017). Johnson,
Culbertson, Rabagliati, and Smith (2020) find that high mutual information (i.e. low i-complexity; Ackerman & Malouf,
2013) benefits learning for neural networks, but not for speakers, while low overall entropy (i.e. low e-complexity) benefits
both. Our results echo their findings, as speakers appear to reduce overall entropy (H(C)), but unlike neural models, do not
increase mutual information (MI(C; G)).

Conclusion
In this work, we take an information-theoretic measure of
regularization developed for artificial language learning research, and use it to analyze experimental results in the
natural-language domain of German plural inflection. We
consider two possible points of reference — the lexicon of
German nouns as a whole, and a restricted subset with a particular phonological shape — and find that speaker behavior
is best described as probability-matching the lexical statistics of the latter phonologically-conditioned distribution. Although speakers could plausibly regularize by conditioning
on grammatical gender (as predicted by the statistics of the
overall lexicon), instead they appear to probability-match the
lower level of gender conditioning seen on phonologically
similar nouns. We demonstrate that lexical statistics can predict how speakers generalize lexical attributes to novel items,
connecting artificial language findings with natural language
behavior.
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Abstract

These models are supported by a wide range of studies
showing that people adjust their levels of attention and
caution based on their current goals, as reflected in changes
in drift rate and threshold within a Drift Diffusion model
(e.g., focus on speed vs. accuracy; Forstmann et al., 2008;
Ratcliff & Rouder, 1998). Crucially, people allocate more
attention when they expect higher performance-contingent
rewards (Padmala & Pessoa, 2011; Krebs et al., 2012), and
they adjust both drift rates and thresholds according to the
level of expected rewards and penalties (Leng et al., 2021).
This work suggests that people exert optimal levels of control
given the expected incentives in their environment. Recent
models of cognitive control propose that such value-based
adjustments in control come with a cost arising from the need
to adjust control signals (Lieder et al., 2018; Musslick et al.,
2015, 2019; Musslick & Cohen, 2021). However, direct
empirical tests of this proposal are lacking.
Here we consider different environments in which
people have to readjust their control settings (control
intensity measured as the magnitude of drift rates and
thresholds; Ratcliff & McKoon, 2008), while doing a single
cognitive control task. We show that in such environments
control intensity is not adjusted to the optimal level suggested
by a reward-rate optimal model (Bogacz et al., 2006; Leng et
al., 2021). Rather, there is an inertia in the control system
which regularizes larger adjustments in control intensity. In
other words, we show that cognitive control adjustments
depend not only on the optimal level of control given the
current environment, but also on the magnitude of control
adjustment needed to reach the value-optimal level from the
previous control level. This finding suggests that cognitive
control adjustments are regularized in a way that prevents
large adjustments in how people process information (Ritz et
al., 2022). Such control regularization has important
implications for computational models of cognitive control,
as well as for measurement of motivated cognitive control.

To achieve goals, people leverage cognitive control to adjust
how they process information. Here we show that frequent
adjustments in information processing strategies (e.g., response
threshold) within a single task give rise to reconfiguration
costs. In two experiments we induced different performance
goals in a Stroop task via explicit instruction or incentives, and
these goals either varied or were fixed across different blocks.
Across both experiments, we find smaller adjustments in
control intensity when people frequently adjust the amount of
control they exert, relative to blocks in which they don’t. We
show that these results can be accounted for with a model that
maximizes reward rate while minimizing reconfiguration costs
(proportional to the Euclidean distances between the previous
and current control signals). These findings suggest that
cognitive control adjustments are regularized to constrain
larger adjustments in control, which has important implications
for computational modeling and measurement of motivated
cognitive control.
Keywords: cognitive control;
motivation; drift diffusion model

reconfiguration

costs;

Introduction
In order to achieve their goals, people engage cognitive
control processes to adjust which information they pay
attention to, and how they process this information. Many
environments require rapid switches between different tasks,
and frequent changes in the type of information which is
being processed. Such situations incur switch-costs –
detriments in behavioral performance when people need to
focus on one aspect of their environment, after having been
focused on a different one (Alport et al., 1994; Monsell,
2003). A rich literature on task switching has focused on
people’s ability to rapidly change between task sets which
require them to process different aspects of their environment
(Kiesel et al., 2010). However, many situations don’t require
switching between tasks, but rather adjustments of
information processing strategies within a single task. For
example, when incentives in an environment change, people
have to adjust how much attention they pay to the task at
hand, or how cautious they are when making decisions on
how to act. Here we investigate the costs associated with such
adjustments in control intensity.
Computational models of cognitive control propose that
control intensity is determined through the maximization of
the value of cognitive control (Shenhav et al., 2013; Verguts
et al., 2015; Manohar et al., 2015; Alexander et al., 2018).

Reward rate model with reconfiguration costs
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To simulate reward-optimal adjustments in cognitive control
we used a reward-rate model (Figure 1) which finds the
optimal levels of drift rate and threshold given the current
performance goals (Bogacz et al., 2006; Leng et al., 2021).
This model (Eq. 1) calculates the expected value of control
(𝐸𝐸𝐸𝐸𝐸𝐸) by considering the weights on the current value of
giving a correct response (𝑤𝑤1 ) and making an error (𝑤𝑤2 ).

In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

These weights are specified by the current performance goals
(e.g., valuing speed over accuracy) which generate different
experimental conditions (i). The weights scale the rate of
correct responses (1 − 𝐸𝐸𝐸𝐸) and the error rate (𝐸𝐸𝐸𝐸) obtained
from the Drift Diffusion model (DDM; Bogacz et al., 2006)
for specific values of drift rate (v) and threshold (a). The
expected value of control includes two types of costs. The
opportunity cost (Kurzban et al., 2013; Otto & Daw, 2019)
which discounts the overall outcome and includes both the
decision time (𝐷𝐷𝐷𝐷) and non-decision time (𝑁𝑁𝑁𝑁𝑁𝑁). The
second cost is the intensity cost (Musslick et al., 2015;
Shenhav et al., 2013) represents the quadratic cost on
cognitive control intensity, operationalized as the drift rate.
The expected value of control is scaled by the probability of
the occurrence of different conditions.
𝐸𝐸𝐸𝐸𝐸𝐸(𝑉𝑉, 𝐴𝐴, 𝑊𝑊, 𝑁𝑁𝑁𝑁𝑁𝑁) =
∑𝑁𝑁
𝑖𝑖=1 𝑝𝑝𝑖𝑖 �

𝑤𝑤1𝑖𝑖 ×�1−𝐸𝐸𝐸𝐸(𝑣𝑣𝑖𝑖 ,𝑎𝑎𝑖𝑖 )�−𝑤𝑤2𝑖𝑖 ×𝐸𝐸𝐸𝐸(𝑣𝑣𝑖𝑖 ,𝑎𝑎𝑖𝑖 )
𝐷𝐷𝐷𝐷(𝑣𝑣𝑖𝑖 ,𝑎𝑎𝑖𝑖 )+𝑁𝑁𝑁𝑁𝑁𝑁

− 𝑣𝑣𝑖𝑖2 �

remains the same when using different distance metrics (e.g.,
Euclidian and Manhattan distance). This model reduces to the
model in Equation 1 if the weight on the reconfiguration cost
(𝑅𝑅𝐶𝐶) is set to 0. Otherwise, the model includes a certain level
of reconfiguration cost. We included the weights on drift rate
and threshold adjustments so that the model could capture the
situation in which people weigh the reconfiguration cost on
each dimension differently. We included 𝐶𝐶𝑣𝑣 and 𝐶𝐶𝑎𝑎 to capture
potential bias between drift rate and threshold change in the
cost of reconfiguration.
𝐸𝐸𝐸𝐸𝐸𝐸(𝑉𝑉, 𝐴𝐴, 𝑊𝑊, 𝑁𝑁𝑁𝑁𝑁𝑁, 𝑅𝑅𝑅𝑅) =
∑𝑁𝑁
𝑖𝑖=1 𝑝𝑝𝑖𝑖 �

(𝐷𝐷𝐷𝐷(𝑣𝑣𝑖𝑖 ,𝑎𝑎𝑖𝑖 )+𝑁𝑁𝑁𝑁𝑁𝑁)

𝑁𝑁
𝑅𝑅𝑅𝑅 ∑𝑁𝑁
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− 𝑣𝑣𝑖𝑖2 � −

�𝐶𝐶𝑣𝑣 (𝑣𝑣𝑖𝑖 − 𝑣𝑣𝑗𝑗 )2 + 𝐶𝐶𝑎𝑎 (𝑎𝑎𝑖𝑖 − 𝑎𝑎𝑗𝑗 )2

�

(Eq. 3)

The optimal values of drift and threshold are then calculated
by maximizing the expected value of control (Eq. 2).

(Eq. 1)

Experiment 1

The model then finds the optimal set of drift rates (𝑉𝑉) and
thresholds (𝐴𝐴) which maximize the expected value of control
for a given set of weights (𝑊𝑊), as specified by the different
condition, and a non-decision time.
𝑉𝑉, 𝐴𝐴 = 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑉𝑉,𝐴𝐴 [𝐸𝐸𝐸𝐸𝐸𝐸|𝑊𝑊, 𝑁𝑁𝑁𝑁𝑁𝑁]

𝑤𝑤1𝑖𝑖 ×�1−𝐸𝐸𝐸𝐸(𝑣𝑣𝑖𝑖 ,𝑎𝑎𝑖𝑖 )�−𝑤𝑤2𝑖𝑖 ×𝐸𝐸𝐸𝐸(𝑣𝑣𝑖𝑖 ,𝑎𝑎𝑖𝑖 )

Methods
Participants. We recruited 48 participants on Prolific, and
excluded 4 of them due to failed attention checks, yielding
the final sample of 44 participants (31 female; median
age=30). The research protocol was approved by Brown
University’s Institutional Review Board.

(Eq. 2)

However, this model predicts no differences in drift rates and
thresholds between the environment in which people have to
switch between different conditions and the environment
which doesn’t require switches. Crucially, here we extended
the previous model by including a reconfiguration cost
associated with readjusting drift rate and threshold levels
across different experimental conditions (e.g., speed and
accuracy; cf. Lieder et al., 2018; Musslick et al., 2018). We
implemented this cost (Eq. 3) of moving between different
conditions as the exponentiated Euclidian distance between
the drift rate and threshold configurations in the two different
conditions i and j. We opted for the exponentiated Euclidian
distance following previous computational implementations
of the EVC model (Musslick et al., 2015), but we confirmed
that the qualitative pattern of results produced by the model

Design. Participants performed a Stroop task in which they
identified the ink color of the color word by pressing one of
the 4 corresponding keys, while ignoring the word content.
Participants performed the interval version of the Stroop task
(Figure 2A) in which they completed as many trials as they
wished during a fixed time period (8-12s). This task has been
shown to produce reliable adjustments in both drift rates and
thresholds in response to incentives, and participant’s
performance is well captured by a reward-rate model (Leng
et al., 2021). Prior to each interval, participants were
presented with a cue (1.5 s; Figure 2C) instructing them to
perform the task either as quickly or as accurately as possible
(cf. Forstmann et al., 2008; Ratcliff & Rouder, 1998).
Participants received feedback (1.5 s) on how many correct
responses they gave. Crucially, there were two types of
blocks (Figure 2B) which yielded different levels of
reconfiguration costs. In Fixed blocks, participants
performed only one condition on every interval (e.g., focus
on speed). In Varying blocks, participants performed
multiple conditions within the block (e.g., focus on speed,
followed by focus on accuracy). We predicted that Fixed
blocks will not incur reconfiguration costs, while Varying
blocks will. Participants performed 4 blocks, each of which
included 20 intervals. For half of the blocks, the instructed
condition was fixed over the entire block, meaning that in
these blocks participants always received a cue telling them
to focus on the same dimension of performance (e.g., speed).

Figure 1. Configurations of drift rate and threshold
which maximize the expected value of control in blocks
with and without reconfiguration costs.
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The other half of the blocks were Varying, meaning that the
performance goals changes within a block. Before each
block, participants were informed whether this will be a
Fixed or a Varying block, these blocks were intermixed, and
their order was counterbalanced across participants.

variances between and within chains (Gelman-Rubin
statistic), and posterior predictive checks. We summarized
the obtained posterior distributions by reporting their means,
95% credible intervals, and the probability that the parameter
of interest is higher than 0 (e.g., pb< 0 = 0.01).
Computational model. In order to simulate the environment
in Experiment 1 we used the model presented in Equation 3.
In this experiment, participants were instructed to focus either
on speed or on accuracy. We relied on the empirical DDM
fits in order to simulate the performance in the similar range
as the empirically observed values. We employed an inverse
reward-rate optimization procedure (Leng et al., 2021) to set
the baseline values for the value of giving a correct response
(𝑤𝑤1 ) and the value of committing an error (𝑤𝑤2 ). The inverse
reward-rate optimization was based on the empirically
obtained group-level estimates of the non-decision time, and
the drift rate and threshold levels in the speed and accuracy
conditions. This inverse optimization procedure yielded the
weights for each of the 2 incentive conditions. With these
weights we simulated the blocks in which the condition of
each interval is fixed as speed or accuracy (RC = 0.05) and
the blocks in which the condition varies between speed and
accuracy randomly (RC = 0.4). We fixed the relative weight
of drift rate adjustment in reconfiguration cost (𝐶𝐶𝑣𝑣 ) as 1 and
varied the weight for threshold adjustment to generate
predictions matched with empirical results. The model
matches with the empirical finding with 𝐶𝐶𝑎𝑎 = 10. We then
used a gradient descent algorithm to find the configuration of
drift rates and thresholds which maximize the expected value
of control. The drift rate and threshold configurations
obtained in this way were then compared to the empirical
findings.

Figure 2. Experimental design. A. One interval. Each
interval in the experiment consisted of a fixed time interval
during which participants could complete as many Stroop
trials as they wished. B. Block types. Fixed blocks refer to
blocks in which a given condition remained constant
throughout the block, whereas Varying blocks refer to blocks
in which that condition (instruction in Experiment 1,
incentive level in Experient 2) varied across the block. C.
Experimental conditions in Experiment 1. Participants
were presented with cues instructing them to perform the
task as fast or as accurately as they can. D. Experimental
conditions in Experiment 2. Participants were presented
with cues which indicated that they could earn high or low
rewards for correct responses, and that they could receive
high or low penalties for errors.

Results
Reaction times and accuracy. As shown in Figure 3A,
participants were faster (b=0.13; 95% CI [0.09, 0.18];
p<0.001) and less accurate (b=6.88; 95% CI [4.13, 11.45];
p<0.001) when instructed to focus on speed relative to when
instructed to focus on accuracy. Crucially, when instructed to
focus on speed, they were more accurate in the Varying
compared to Fixed blocks (b=1.33; 95% CI [1.12, 1.59];
p<0.001). When instructed to focus on accuracy there was a
non-significant trend toward being more accurate in the Fixed
relative to the Varying blocks (b=0.85; 95% CI [0.70, 1.03];
p=0.104). Further, in the speed condition participants were
faster to respond in Fixed than in Varying blocks (b=0.02;
95% CI [0.70, 1.03]; p=0.104), and there were no significant
differences in the accuracy condition (b=0.00; 95% CI [-0.01,
0.01]; p=0.888). These results indicate that the performance
in the speed condition was more similar to the performance
in the accuracy condition when participants had to switch
between these strategies within one block relative to when
they had only one instruction per block.

Statistical analyses and Drift Diffusion modeling. To
predict reaction times and accuracies on each trial we fitted
hierarchical linear mixed models (lme4 package in R; Bates
et al., 2015) and included congruency, interval length,
interval and block type and their interaction as predictors. All
of the main effects and the intercept were also included as
random effects. Reaction times were log-transformed for
these analyses. We then fitted a hierarchical Bayesian drift
diffusion model (HDDM; Wiecki et al., 2013) to the reaction
time and accuracy data. The fitted model includes the effect
of congruency on drift rate, as well as the effects of
instruction type (speed vs. accuracy), block type (Varying vs.
Fixed), and the interaction between instruction and block type
on drift rate. We also included the same effects on the
threshold, but without the effect of congruency. Finally, we
included the effect of instruction type on non-decision time.
We ran 5 MCMC simulations (chains; 10000 iterations; 8000
warmup) to estimate the model. We confirmed chain
convergence by examining trace plots and the ratio of
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Drift diffusion model. When they were instructed to focus
on accuracy, relative to when they were instructed to focus
on speed (Figure 3B – left), participants had higher drift rates
(b=0.68; 95% CrI [0.43, 0.94]; pb<0<0.01), thresholds
(b=0.39; 95% CrI [0.23, 0.55]; pb<0<0.01), and non-decision
times (b=0.04; 95% CrI [0.02, 0.07]; pb<0<0.001). Crucially,
this difference between accuracy and speed in thresholds was
smaller in blocks that included both conditions compared to
blocks with only one condition (b=0.07; 95% CrI [0.01,
0.13]; pb<0<0.01). We found no such block differences in drift
rates (b=0.05; 95% CrI [-0.11, 0.20]; pb<0=0.27).

accuracy relative to speed increased both the thresholds and
drift rates, this difference was reduced for thresholds when
the participants had to switch between the two performance
goals within a block compared to the blocks in which they
only had one performance goal. This pattern of results can be
successfully simulated with a computational model that
assumes that there is a reconfiguration cost operationalized
as the distance in the drift-threshold space between the two
conditions. These empirical findings and model simulations
provide evidence for the existence of reconfiguration costs in
situations in which participants are switching between
explicitly induced performance goals within a single task. In
Experiment 2 we sought to provide further evidence for the
existence of reconfiguration costs in the absence of explicitly
induced performance goals. Rather, we implicitly induced
performance goals by differentially incentivizing
performance with high or low monetary incentives.

Model simulation results. Results of the model simulations
(Figure 3C) show that the model was able to capture the main
pattern of the empirically observed effects (Figure 3B). The
model replicated the larger adjustment of thresholds in the
Fixed relative to the Varying blocks, and only a small
adjustment of drift rates.

Experiment 2
Methods
Participants. We recruited 80 participants who were paid to
perform the task on Prolific. The final sample included 69
participants (34 female; median age=21; 11 excluded due to
failed attention checks). The research protocol was approved
by Brown University’s Institutional Review Board.
Design. Participants performed the same Stroop task as in
Experiment 1 (Figure 2A), completing as many trials as they
wished within a fixed time interval (6-9s in this experiment).
Crucially, rather than explicitly inducing performance goals
(via cued instructions as in Experiment 1), we differentially
incentivized performance goals by offering rewards (earning
100 points vs. 1 point) for correct responses, and penalties
(losing 100 points vs. 1 point) for errors (cf. Leng et al.,
2021). Prior to each interval, participants saw a cue (1 s)
informing them about the reward and penalty levels within
the interval (Figure 2D). After each interval they received
feedback (1 s) about how many rewards and penalties they
earned. Within a block, one incentive type always varied
(e.g., high vs. low reward), while the other was fixed (e.g.,
low penalty). This meant that in some blocks the reward
manipulation induced reconfiguration costs, while the
penalty manipulation did not, and vice versa (Figure 2B).
Participants performed 4 blocks, out of which 2 were with
varying rewards, and 2 with varying penalties. Each block
consisted of 15 intervals, and at block onset participants were
informed which incentive will be fixed and at which level
(e.g., low penalty), and which incentive will be varying (e.g.,
switching between high and low rewards). The block order
was randomized across participants.

Figure 3: Experiment 1 results and model simulations.
A. Reaction times and accuracies. Regression estimates
of the reaction times (left) and accuracies (right) for the
speed and accuracy conditions in blocks in which
participants either have one performance goal (Fixed) or
are switching between two performance goals (Varying).
Error bars represent 95% confidence intervals and **:
p<0.001. B. Drift diffusion modeling results. Drift rate
and threshold differences between the accuracy and the
speed condition in Fixed and Varying blocks. Error bars
represent 95% credible intervals and **: the ratio of
posterior simples on two sides of 0 is <0.001. C. Model
predictions. Model simulations for the difference in drift
rates and thresholds between the accuracy and speed
conditions in Fixed and Varying blocks.

Discussion

Statistical analyses and Drift Diffusion modeling. We used
the same procedure as in Experiment 1 to analyze the reaction
time and accuracy data, and fit the Drift Diffusion model. The
fitted model included the effect of congruency on drift rate,
as well as the effects of the reward and penalty levels, the

The results of Experiment 1 show that inducing the
performance goals of focusing on either speed or accuracy in
a classical cognitive control task produces changes in both
response thresholds and drift rates. While the focus on

646

effect of reward vs. penalty being fixed, and the interaction
between the last two predictors. We allowed threshold to vary
according to the all of the same predictors except congruency.

thresholds (b=0.15; 95% CrI [0.07, 0.24]; pb<0,0.001) and
higher drift rates (b=0.14; 95% CrI [0.02, 0.26]; pb<0<0.001).
Most importantly, the difference between the threshold for
high relative to low reward was smaller in Reward-Varying
relative to Reward-Fixed blocks (b=-0.06; 95% CrI [-0.11, 0.01]; pb<0<0.001). Similarly, the difference in threshold
between high and low penalty levels was greater for PenaltyFixed than for Penalty-Varying blocks (b=0.10; 95% CrI
[0.05, 0.15]; pb<0<0.001). We did not find significant effects
of block type on drift rate adjustments.

Computational model. In order to simulate the environment
in Experiment 2 we used the model presented in Equation 3.
In this experiment participants received high or low rewards
for correct responses (𝑤𝑤1𝐻𝐻𝐻𝐻𝐻𝐻ℎ𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 and 𝑤𝑤1𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 ), and
high or low penalties for errors (𝑤𝑤2𝐻𝐻𝐻𝐻𝐻𝐻ℎ𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 and
𝑤𝑤2𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 ). We relied on the empirical group-level DDM
fits in order to simulate performance in the similar range as
the empirically observed values. We employed an inverse
reward-rate optimization procedure (Leng et al., 2021) to set
the baseline values for the weights on the correct responses
(𝑤𝑤1 ) and errors (𝑤𝑤2 ) based on the empirically obtained
estimate of non-decision time, and the drift rate and threshold
levels for each pair of reward and penalty values. This inverse
optimization procedure yielded the weights for each of the 4
incentive conditions. With these weights we simulated the
blocks in which reward levels varied (Reward-Varying; 𝑅𝑅𝑅𝑅
= 0.4) and the blocks in which reward levels were fixed, but
penalty levels varied (Reward-Fixed; 𝑅𝑅𝑅𝑅 = 0.05). We did the
same for the Penalty-Varying vs. Penalty-Fixed. We then
found the values of drift rate and threshold which maximized
the expected value of control and compared them to the
empirically observed results.

Results
Reaction times and accuracy. Participants performed faster
(b=-0.03; 95% CI [-0.04, -0.03]; p<0.001; Figure 4A), but
less accurately on intervals with high relative to low rewards
(b=0.79; 95% CI [0.68, 0.91]; p<0.001). Conversely, they
were slower (b=0.02; 95% CI [0.02, 0.03]; p<0.001), but
more accurate (b=1.75; 95% CI [1.51, 2.04]; p<0.001) on
high relative to low penalty intervals. Importantly, we found
substantial performance differences between the Fixed and
the Varying blocks. The difference between high and low
reward intervals was larger in Reward-Varying relative to
Reward-Fixed blocks for both reaction times (b=-0.01; 95%
CI [-0.02, -0.01]; p<0.001) and accuracies (b=0.70; 95% CI
[0.55, 0.89]; p<0.05). The same was true for penalty effect
when comparing Penalty-Fixed and Penalty-Varying
intervals on both reaction times (b=-0.02; 95% CI [-0.03, 0.01]; p<0.001) and accuracies (b=0.60; 95% CI [0.47, 0.77];
p<0.001). These results show that the difference in
performance between high and low incentive conditions was
larger in blocks in which the relevant incentive was fixed,
compared to blocks in which it was varying.

Figure 4: Experiment 2 results and model simulations.
A. Reaction times and accuracies. Regression estimates
of the reaction times and accuracies for the reward (up) and
the penalty (down) conditions for the blocks in which the
relevant incentive is either fixed (Fixed) or changing
(Varying). Error bars represent 95% confidence intervals
and **: p<0.001. B. Drift diffusion modeling results.
Drift rate and threshold estimates of the differences
between the high and low value of the relevant incentive in
blocks in which that incentive is either fixed or varying.
Error bars represent 95% credible intervals and **/*: the
ratio of posterior simples on two sides of 0 is <0.001/0.05.
C. Model predictions. Model simulations for the
difference in the drift rates and thresholds between the high
and low value of the relevant incentive when that incentive
is either fixed or varying.

Drift diffusion model. Consistent with the previous findings
with this task (Leng et al., 2021), participants exhibited lower
thresholds for high relative to low reward (b=-0.12; 95% CrI
[-0.18, -0.05]; pb<0<0.001; Figure 4B), while maintaining a
similar drift rate (b=0.04; 95% CrI [-0.07, 0.16]; pb<0=0.23).
For high relative to low penalties, they exhibited higher
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Model simulation results. Predictions from the model
simulations (Figure 4C) fully capture the observed empirical
results (Figure 4B). The model predicts lower thresholds for
high relative to low rewards, and predicts that this effect will
be more pronounced in the fixed relative to the varying
blocks (Figure 4C left). Further, the model predicts higher
thresholds and drift rates for high relative to low penalty
conditions, and, crucially, that this difference will be more
pronounced in fixed relative to varying blocks (Figure 4C
middle). This prediction is in line with the observed results.

blocks with low relative to high reconfiguration costs. We
used a reward-rate optimal model (Bogacz et al., 2006; Leng
et al., 2021) to simulate performance of artificial agents in
these two experiments. This model is able to capture most of
the empirically observed patterns, but only if it includes
reconfiguration costs (operationalized as the Euclidian
distance on the difference between the drift rate and threshold
levels across conditions in a block). This finding provides
support for the computational models of control which
include reconfiguration costs (Lieder et al., 2018; Manohar et
al., 2015; Musslick et al., 2015, 2019), and extends them to
include costs on threshold adjustments.
While our empirical findings and modeling results support
the existence of reconfiguration costs within a single task,
several important questions are left open. Our current
experimental designs cannot fully rule out the possibility that
participants are sometimes making the mistake of having the
wrong performance goal for a given interval in the varying
blocks (e.g., focusing on speed despite the cue telling them to
focus on accuracy). One argument against this idea is that a
computational model which would perform our tasks in this
way would have difficulty capturing the asymmetric patterns
of reconfiguration costs we observed for threshold relative to
drift rate adjustments. However, further experimental work is
needed in order to fully rule out this possibility.
The observed asymmetries in reconfiguration costs are
themselves notable. While our model was able to capture
them by placing a higher reconfiguration cost on threshold
than drift, an important question for future work is whether
this asymmetry reflects a general property of these control
signals or is specific to the drivers of adjustments in our
current tasks. Given that prior modeling of the task in
Experiment 2 (Leng et al., 2021) found an important role for
intensity costs on drift rates (but not necessarily for
thresholds), it would also be valuable to examine whether
there is a more general trade-off between these two forms of
costs. Future experiments could address this question by
investigating reconfigurations costs in experiments that
encourage larger changes in drift rates (e.g., by varying
reward magnitude substantially while maintaining low
penalties). Finally, here we have focused on the costs
associated with adjusting the levels of attention and caution,
and fixed the other DDM parameters, but future work should
examine the possibility that adjustments in other parameters
(e.g., diffusion noise) could also incur reconfiguration costs.
Here we offer a way of measuring reconfiguration costs,
which can be used to compare different models and
implementations of reconfiguration costs. The existence of
reconfiguration costs is critical for improved measurement of
incentivized cognitive control. Classical paradigms which
measure the effects of motivation on cognitive control
(Botvinick & Braver, 2015; Parro et al., 2018; Yee & Braver,
2018)
commonly
include
varying
incentives.
Reconfiguration costs will arise in these situations,
decreasing the experimenter’s sensitivity to these effects. We
formalize the cause of this decrease, and offer a way to
maximize measurement precision on the effects of interest.

Discussion
In Experiment 2 we sought to provide further evidence for the
existence of reconfiguration costs within a single task by
implicitly inducing different performance goals. We
incentivized participants’ performance by offering high or
low performance-based monetary reward and penalties. This
manipulation led to lower thresholds when high relative to
low rewards were on offer, and higher thresholds and drift
rates when high relative to low penalties were expected.
Crucially, we found that the changes in thresholds for both
the reward and the penalty effect were reduced in blocks in
which these incentives were varying (e.g., switching between
high and low rewards in one block) compared to blocks in
which the incentive was fixed (e.g., always high reward, but
varying levels of penalties). This pattern of findings was well
captured by a computational model that included different
levels of rewards and penalties, but also, crucially,
reconfiguration costs which regularized the movement in the
drift-threshold space. These findings provide further support
for the existence of reconfiguration costs arising from control
intensity adjustments within a single task.

General discussion
People engage cognitive control to adjust which
information they process, and how they process it, in order to
accomplish their goals. While research on task switching has
demonstrated the costs associated with changing which
information is processed between different tasks, much less
is known about the costs associated with adjusting control
intensity within a single task. Here we demonstrate that
adjustments in cognitive control intensity within a single task
are associated with reconfiguration costs. These costs
regularize the magnitude of cognitive control adjustments
and bias against large fluctuations in control.
Across two tasks, we induced explicit (Experiment 1) and
implicit (Experiment 2) performance goals to create
conditions in which different configurations of control
signals (drift rates and thresholds) are optimal. Participants
performed these conditions in blocks in which they either had
to frequently switch between varying performance goals
(high reconfiguration costs; e.g., focusing on speed after
having just focused on accuracy), or had only one fixed
performance goal (low reconfiguration costs; e.g., focus on
speed on every interval in one block). In both experiments we
show that adjustments in response thresholds were smaller in
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Abstract
When concepts are retrieved from memory, this process occurs within a rich search space where multiple sources of information interact with each other. Although the mapping
from wordform to meaning is generally considered to be arbitrary, there is recent evidence to suggest that form and meaning may be correlated in natural language, and semantic and
phonological cues may interact during retrieval. However,
whether phonology interacts with meaning-related information
in deeper semantic retrieval tasks, and whether this interaction
has broader implications for how we conceptualize semantic
retrieval remains relatively understudied. We examined these
questions within the framework of the semantic fluency task,
where individuals were asked to retrieve as many exemplars as
they could from a given category (e.g., animals) within a fixed
period of time. Responses were more phonologically similar
during later stages of retrieval, and greater phonological similarity across responses was associated with greater number of
items produced. We formulated a nested set of optimal foraging models to evaluate the combined influence of semantic and
phonological information on retrieval likelihood. Model comparisons revealed that a model that combined frequency, semantic, and phonological information locally to make withincategory transitions but relied on only frequency as a global
cue to make between-category transitions produced the best
explanation of the behavioral data.
Keywords: semantic retrieval; verbal fluency; memory search;
distributional semantics; cognitive model

Introduction
Retrieval of concepts from memory is ubiquitous - we retrieve concepts when we make grocery lists, pack items for
a vacation, recall our favorite movies, and so on. Much of
this retrieval is mediated via “semantic memory” - our storehouse of information about the meaning of objects, facts, and
events. Indeed, semantic memory retrieval continues to be
widely studied through theoretical (Kumar et al., 2021; Lake
& Murphy, 2021) and computational perspectives (De Deyne
et al., 2019; Hills et al., 2012; Davelaar, 2015), due to its farreaching implications for broader cognition.
In many of these accounts, meaning is studied as an independent system, and the mapping between meaning and
wordform is generally considered to be arbitrary. However,
there is some evidence to suggest that form and meaning
may indeed be correlated in natural language, due to functional pressures associated with language use and acquisition
(Dingemanse et al., 2015; Monaghan et al., 2011). For example, it may be easier to learn the relationship between two
phonologically related words in Hindi, daayein and baayein if
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they refer to semantically related entities right and left, compared to two semantically unrelated words such as ball and
telephone. Indeed, confirming this intuition, in a large crosslinguistic analysis of 100 languages, Dautriche et al. (2017)
found a modest but reliable correlation between the phonological forms of words and their meanings (also see Blasi
et al., 2016). Besides the functional advantage of this nonarbitrary mapping between form and meaning in natural language, a relatively unexplored question is whether semantic
retrieval is sensitive to this mapping, and if so, does accessing
the form-meaning relationship facilitate or inhibit retrieval in
deeper semantic tasks?
A widely used semantic retrieval task is the semantic fluency task (SFT), where individuals are asked to produce as
many exemplars as possible from a given semantic category
(e.g., animals) within a fixed period of time. A large body
of work has examined the search and retrieval processes involved in SFT, due to its broader implications for healthy
(Hills et al., 2012, 2015) and impaired cognition (Lundin
et al., 2020; Troyer et al., 1998). Responses in the fluency
task are typically clustered into subordinate categories (e.g.,
pets, farm animals, etc.) and although participants sometimes
produce phonologically related items (e.g., cat-bat, mousemonkey, etc.), the interplay of semantic and phonological
information in the fluency task has not been systematically
studied.
Hills et al. (2012) tested a variety of search models applied to a semantic space simulated by a corpus-based distributional model of semantic representation, BEAGLE (Jones
& Mewhort, 2007). The specific search model that best explained the human data was a dynamic two-cue model that
used local similarity to generate items until no other proximal item was found, and then switched to a global frequency
cue to select the next item (after which search by local similarity resumed). The fact that the global-local switch model
produced the best fit to the human data was theoretically significant because it mirrored the best accounts of how animals
make exploration-exploitation decisions when foraging for
food. Just as a honey bee must decide when to give up on a
local patch of flowers and accept the costs that accompany the
search for a new unknown patch, humans show the same pattern in memory search when deciding when to give up on the
“patch” of farm animals and search for a new resource-rich
semantic patch (e.g., pets) to exploit. However, the search
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space in these models considered only semantic similarity
and frequency, not phonological cues; phonology was presumed irrelevant to a semantic retrieval task. The Hills et
al. work was well before Dautriche et al. (2017) had demonstrated wordform-meaning correlations in language on a large
scale, and the role of phonology in SFT needs to be fully explored.
One possibility is that due to phonological information being an irrelevant source of information when producing semantically related exemplars, it would have no significant influence on retrieval performance in the fluency task. Another
possibility is that phonological information, due to being implicitly correlated with semantic information in natural language, is in fact used as an additional retrieval cue. If so, it
remains unclear whether this additional cue, “irrelevant” to
semantic search, is useful or causes interference during retrieval. On one hand, phonology may be a global cue, which
may be useful in guiding the individual to a new semantic
cluster when the current cluster is sufficiently depleted. On
the other hand, phonology may be a local cue like semantic
similarity that is used to identify items that are close within
a given neighborhood. Finally, it is possible that phonological information acts as a “lure” and leads to poorer retrieval
performance overall.
In this paper, we attempted to discriminate between these
possibilities by investigating whether responses in the semantic fluency task show any evidence for phonological clustering, and whether this has implications for retrieval performance. Specifically, we analyzed two datasets of semantic
fluency and statistically compared a series of optimal foraging models with different weights for semantic and phonological information, to evaluate the relative contribution of these
cues to semantic retrieval 1 .

clustered their responses as a function of semantic and phonological similarity (see Results section). We analyzed these
participant-designated switches because Lundin (in press) recently demonstrated that these switches were sensitive to differences in functional brain activity when participants were
switching compared to clustering.
Unless noted otherwise, analyses are reported on the concatenated data from the HJT and LEA datasets given that
participants in both studies performed the same task (SFT).
Furthermore, we only analyzed the animals category in this
paper, given that the majority of work in this domain has focused on the animals category, and this category also has the
most extensive hand-coded norms (Troyer, 2000).

Response Variables
Semantic Similarity We computed the semantic similarity
between consecutive responses produced by each participant
as the cosine similarity in a distributional semantic space,
word2vec (Mikolov et al., 2013), trained on the Google news
corpus, available via Patel et al. (2018). Figure 1 displays the
consecutive semantic similarity between the responses for the
response sequence giraffe→buffalo→bison→lion→tiger.
buffalo-bison
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Figure 1: Semantic and phonological similarity across successive responses produced during the fluency task by a participant: semantic similarity is high between buffalo→bison
and lion→tiger, but phonological similarity is high between
bison→lion

Method
Data
We used two datasets of semantic fluency. The first dataset
(hereafter referred to as the HJT dataset) was collected by
Hills et al. (2012) from 141 participants, who were asked to
retrieve as many exemplars as they could within 3 minutes
for different semantic categories. The task was computerized
and participants typed in their responses.
We also analyzed a more recent dataset of 30 participants
from Lundin (in press) and Lundin et al. (in preparation),
hereafter referred to as the LEA dataset. In this study, participants verbally produced fluency responses for 3 minutes for
different semantic categories while undergoing fMRI scanning. Critically, after generating items in the fluency task,
participants were shown a spreadsheet of their responses by
the experimenter and asked to group items based on their subjective estimate of relatedness across items. These groupings
were then coded as participant-designated switches. We utilized this coding scheme to better understand how individuals

Phonological Similarity We computed the phonological
similarity between consecutive responses as the normalized
edit distance between the phonemes contained within the responses. Phonemes were obtained using the CMU Pronouncing Dictionary, which maps words to their pronunciations
based on the ARPAbet phonetic transcription. Normalized
edit distance was computed as follows:
d(a, b) = 1 −

e(a, b)
max (la , lb )

(1)

where e(a,b) signifies the edit distance between two strings
of phonemes, a and b, and la and lb denote the lengths of
a and b. Figure 1 displays the consecutive phonological
similarity between the responses for the response sequence
giraffe→buffalo→bison→lion→tiger.

1 All data and analysis scripts are available at https://github
.com/abhilasha-kumar/fluency-cogsci2022
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Word Frequency For each response, we also obtained the
log-frequency derived from the SUBTLEX corpus, available
via the English Lexicon Project (Balota et al., 2007).

animals
80

Behavioral Results

60

items

Response statistics
Participants produced an average of 36.8 (SD=8.52) animal
responses in the HJT dataset and 48.3 (SD=11.9) responses
in the LEA dataset. Table 1 displays the mean semantic and
phonological similarity of responses produced across both
datasets, averaged across all participants.

similarity
semantic
phonological

40

20

0.35

dataset
HJT
LEA

semantic
similarity
.43 (.16)
.43 (.16)

phonological
similarity
.07 (.12)
.09 (.13)

First, we examined whether the usage of semantic and phonological cues varied over the duration of the task. Figure 2
displays the mean semantic and phonological similarity as a
function of the retrieval order, collapsed across both datasets.
As shown, semantic similarity declined over the course of
the task, whereas phonological similarity increased during
the course of the task. Consistent with this pattern, a linear mixed effects model with random slopes for retrieval order and semantic/phonological similarity, and random intercepts for participants revealed a significant interaction between similarity and retrieval order (b = .001, t = 4.19, p <
.001).

Clusters and switches
To better understand the role of phonological information
in semantic search in SFT, we investigated whether semantic and phonological similarities across successive responses
was correlated with switching designations defined in three
ways. The first method corresponded to the Troyer (2000)
norms, which contain hand-coded categorizations of animal
terms (into subsets like “pets”, “rodents” etc.). The second
method corresponded to the similarity-drop model, as described in Hills et al. (2012), according to which switches
are identified by noting where similarities drop between responses, in the following way: If S(A, B) represents the similarity between retrieved words A and B, then a switch following B is identified in a series of retrievals A, B, C, D if
S(A, B) > S(B, C) and S(B,C) < S(C, D). The third method
was based on participant-designated switches in the LEA
dataset, where participants indicated whether their responses
were related in some way after the fluency task. Given that
participant-designated switches were only available in the
LEA dataset, we therefore restricted these analyses only to
the LEA dataset. Figure 4 displays the mean phonological
and semantic similarity as a function of switches and clusters
across the three methods.
As shown in the top panel of Figure 4, greater semantic
similarity was associated with “cluster” designations, compared to “switch” designations across all switch methods.
However, greater phonological similarity was only associated
with participant-designated “clusters” and not the similarity-

animals
0.8

similarity

0.6

similarity
semantic
phonological

0.2

0.0
20

40

60

0.50

tal number of items produced in the fluency task. As shown in
Figure 3, greater mean semantic similarity (at the participant
level) was associated with lower number of items produced,
and greater mean phonological similarity was associated with
greater number of items produced. This effect was confirmed
by a significant interaction between similarity type (semantic/phonological) and items produced (b = .001, t = 2.80, p =
.006) in a linear mixed effects model.

Cue usage over time

0

0.45

Figure 3: Number of items produced increased with phonological similarity and decreased with semantic similarity.
Phonological similarity was scaled for plotting purposes.

Table 1: Mean semantic and phonological similarity in the
fluency datasets

0.4

0.40

similarity

80

retrieval order
Figure 2: Semantic similarity decreased over time and phonological similarity increased over time in the fluency task.

Cues and retrieval performance
Next, we examined whether producing more semantically
and/or phonologically related responses was related to the to-
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Figure 5: Response transitions classified as clusters by participants (cow→ racoon and elephant→ dolphin), that were
classified as switches by the similarity-drop and Troyer models. While semantic similarity decreased from cow→ racoon
and elephant→ dolphin, phonological similarity increased.

Figure 4: Participants grouped responses into clusters when
semantic and phonological similarity was high, whereas the
similarity-drop and Troyer-based models only identified clusters when semantic similarity was high. Error bars indicate
bootstrapped 95% confidence intervals.

posed by Hills et al. (2012), which has been previously shown
to capture search patterns in the SFT. In this model, the probability of retrieving an item I is computed as the product of
the retrieval strength of that item relative to all other items
produced in the sequence, described as follows:

drop or Troyer (2000) clusters, as shown in the bottom
panel of Figure 4. This pattern was confirmed by a significant three-way interaction between similarity type (semantic/phonological), switch designation method, and cluster/switch designations in a linear mixed effects model predicting mean similarity values (b = .075, t = 4.97, p < .001).
Therefore, participants designated items into clusters based
on both semantic and phonological similarity, whereas the
similarity-drop and Troyer models did not capture this difference, due to being based on solely semantic similarity and
hand-coded semantic categorizations.
Figure 5 displays some examples of response sequences
classified as “clusters” by participants with high phonological
similarity that were classified as “switches” by the similaritydrop and Troyer (2000) methods. As shown, although the
semantic association decreased across the highlighted responses, phonological similarity increased, and participants
perceived these responses to be related to each other.

P(Ii |q1 , q2 , ..qM ) =

βj
∏M
j=1 S(q j , Ii )
βj
∑Nk=1 ∏M
j=1 S(q j , Ik )

(2)

where M is the total number of items produced, N is the size
of the retrieval space, and βj refers to the saliency of a given
cue.
Frequency is a global cue, which generates the retrieval
strength of an item based on its frequency in a natural language corpus. Semantic similarity is a local cue which generates the retrieval strength of an item based on its cosine similarity to the previous item in the response sequence. Within
this framework, dynamic models exploited the patchy nature of the space, by selecting items using global information
whenever there was a shift in the semantic subcategory (as
defined by Troyer (2000) norms) or a drop in semantic similarity (as defined by the similarity-drop method). On the other
hand, static models did not make use of any switch criterion
to select the next item and simply used all cues to make transitions within semantic space. Phonological similarity was
modeled as both a local and global cue across different models. Specifically, phonology was considered a local cue in
the static models, but also considered as an additional cue
for switching in the dynamic models, such that the next item

Computational Models
Having established some key behavioral patterns showing an
influence of phonology on semantic retrieval in the SFT, we
next examined a series of computational search models that
compared the relative influence of one, two, or all of three
cues: semantics, phonology, and frequency on retrieval likelihoods of different responses produced in the fluency task. All
models were derivatives of the optimal foraging model pro-
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could be selected based on its phonological proximity to the
previously retrieved item. Table 2 displays the 14 different
models examined in the current work.2

provided better fits than the static models, although here
the model with phonology as a global cue led to a slightly
higher improvement in model fit compared to the model with
phonology as a local cue.
To evaluate whether participants benefited from the use of
phonology, locally or globally, we performed a sign test of
whether any model with phonology provided a better fit than
the dynamic model without phonology. Phonology-based
models provided better fits (lower BIC) for 103 of 171 participants based on the Troyer norms (p = .005), 99 of 171
participants based on the similarity drop method (p = .023),
and 14 of 30 participants based on the participant designations (p = .71).
To summarize, we compared a series of foraging models
with and without phonology, using three different methods
to designate switches within the dynamic models. The static
models did not designate any switches and used all cues locally to make transitions. Our model comparisons suggest
that models that use semantic information, frequency and
phonological information to make within-category transitions
and switches provided better fits to the SFT data. Therefore,
when individuals are searching for items within a given patch,
they appear to use all three cues to retrieve the next item and
find a new patch. However, given the marginal differences in
model fit between the models that used phonology as a local
or global cue, future work should explore the specific contribution of phonology in exploiting a given patch of items
versus exploring new patches in memory.

Model comparisons
Using maximum likelihood estimation, we fit β parameters
to each participant’s data, for all cue types, using the participant’s individually generated sequence of items. This produced a log-likelihood fit, which was penalized based on the
number of free parameters in each model via the Bayesian
information criterion (BIC). Results are presented as the median improvement in the Bayesian information criterion relative to a random model specifying that all remaining items in
the search space are equally likely to be retrieved.

1
2
3
4
5
6
7
8
9
10
11
12
13
14

type
static
Troyer-based
dynamic

similarity-drop
dynamic

participantdesignated
dynamic

within-category
sem*freq
sem*freq*phon
sem*freq
sem*freq
sem*freq*phon
sem*freq*phon
sem*freq
sem*freq
sem*freq*phon
sem*freq*phon
sem*freq
sem*freq
sem*freq*phon
sem*freq*phon

switch
freq
freq*phon
freq
freq*phon
freq
freq*phon
freq
freq*phon
freq
freq*phon
freq
freq*phon

Discussion
In this work, we examined the relative influence of semantic and phonological information on retrieval performance in
the fluency task. A few findings are of note here. First, to
our knowledge, this is the first study to examine the combined influence of semantic and phonological information on
search in SFT. We found that while semantic similarity declined, phonological similarity increased over the course of
the task. Next, an increase in phonological similarity was also
associated with greater number of items retrieved. Furthermore, participants classified items that were phonologically
similar as related after generating responses, whereas existing methods of capturing response transitions did not predict this pattern. Finally, we showed that a foraging model
that combined semantics, frequency, and phonology outperformed models without phonology in predicting the retrieval
likelihood of responses produced in the fluency task. We now
discuss the implications of each of these findings.
The finding that semantic similarity decreases over the
course of the fluency task is not surprising - a shorter response sequence (e.g., cat→dog) is likely to be more semantically similar than a longer response sequence (e.g.,
cat→dog→hamster→rhino). However, it is surprising that
phonological similarity appears to increase over the duration
of the task. One possibility is that as the task progresses, participants start to run out of semantically related items within

Table 2: Search models evaluated in the fluency task
Table 3 displays the model fits for the different static and
dynamic models fit to the fluency data based on whether the
switch was made based on the Troyer norms, the similaritydrop method, or the participant-designated switches. First,
consider the model comparisons reported for the static models and the Troyer-based dynamic models (models 1-6). As
shown, the best-performing model among these was the dynamic model that used frequency, semantic, and phonological information to make within-category transitions and frequency for switches (i.e., model 5). This model showed
the greatest improvement in model fit compared to a random model. Next, the similarity drop-based models generally provided better fits to the data compared to the Troyerbased models, consistent with Hills et al. (2012). Importantly, the model comparisons followed the same general
trend, such that the model that used frequency, semantic, and
phonological information to make within-category transitions
and used frequency for switching (i.e., model 9) provided
the best model fit over and above a random model.Finally,
all the participant-designated switch models (models 11-14)
2 Models 11-14 were only fit for the LEA dataset which contained
the participant-designated switch values.
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model
1
2
3
4
5
6
7
8
9
10
11
12
13
14

type
static
Troyer-based
dynamic

similarity-drop
dynamic

participant-designated
dynamic

within-category
sem*freq
sem*freq*phon
sem*freq
sem*freq
sem*freq*phon
sem*freq*phon
sem*freq
sem*freq
sem*freq*phon
sem*freq*phon
sem*freq
sem*freq
sem*freq*phon
sem*freq*phon

switch
freq
freq*phon
freq
freq*phon
freq
freq*phon
freq
freq*phon
freq
freq*phon
freq
freq*phon

∆ median BIC
56.45
61.16
59.56
61.70
64.34
64.18
65.63
66.57
70.03
69.72
67.34
68.81
68.76
69.81

Table 3: Median improvement in BIC for models fit to animal fluency data, compared to a random model; higher ∆ values
indicate better fit. Best-performing models have been highlighted in bold.
a neighborhood and alternative cues become more salient.
Phonological similarity may be more salient when semantic
similarity is no longer a useful cue in later stages of the task.
This may also explain the second critical finding in these data:
greater phonological similarity of responses was associated
with greater number of items produced. It is possible that attending to this additional cue during semantic retrieval may
help individuals capitalize on the multiplex nature of the lexicon (Stella et al., 2018) and ultimately aid retrieval (also see
Levy et al., 2021; Castro et al., 2020; Castro & Stella, 2019).
Our findings are consistent with this literature, and suggest
semantic memory models may benefit from integration with
other lexical information.
In addition to demonstrating the influence of phonology
via behavioral measures, another important contribution of
this work is the introduction of formal optimal foraging models that explore the combined influence of semantic, phonological, and frequency-based information on semantic retrieval processes. Specifically, our modeling analyses indicated that models that included phonological similarity as a
within-category cue outperformed models without phonology. This result is consistent with the cluster-switch designations provided by participants (see Figure 4), where participants grouped semantically and phonologically similar items
into clusters. Although there is the possibility that post-hoc
participant designations may not reliably reflect the search
processes occuring during the task, there is strong neural evidence to suggest that these participant-designated switches
do indeed reflect active cognitive operations occurring in the
brain during semantic search (see Lundin, in press; Lundin et
al., in preparation). Together, these behavioral and computational modeling results suggest that phonology acts as a local
cue that is used to produce items that are within the same semantic and phonological neighborhood.
On the other hand, the role of phonology in determining
switch events during semantic search still needs to be fur-

ther investigated. Consider the response sequence aardvark→
ant→cat→ dog. Although it is clear that the transition from
ant→cat was phonologically mediated, it also appears that
this transition guided the participant to a new semantic cluster of pets, which led them to subsequently retrieve dog as
their next item. It is possible that using only semantic information to designate switching events in our Troyer and
similarity drop-based computational models may have obscured some of these effects. Specifically, existing methods of identifying clusters within fluency lists do not correlate well with participant-designated clusters. Indeed, in the
LEA dataset, the correlation between participant and modeldesignated switches was only moderate for the Troyer (r =.46,
p < .001) and similarity-drop models (r =.35, p < .001). Furthermore, models with phonology as a global cue performed
better among the participant-designated models. It is possible that by implicitly accounting for phonology in withincategory transitions by using participant-designated clusters,
the model was better able to identify the role of phonology
in global transitions. However, given that there were minimal differences across these models, the role of phonology in
switching still needs to be further explored. Overall, however,
the present results do provide some preliminary evidence that
phonology may be an additional cue that determines how responses are clustered and when switches occur during semantic search. Therefore, future work should investigate alternative switching methods that can capture this source of variability in responses produced in the fluency task.
This work evaluated the role of phonology in retrieval from
semantic memory in the SFT, and showed that individuals
not only use phonology to guide their memory search, but
also benefit from this additional retrieval cue. These findings suggest that computational models of semantic memory
may need to account for these implicitly correlated cues (semantics and phonology) to better understand their interplay
in cognitive tasks.
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Abstract
Behavioural cascades through social reinforcement are ubiquitous in human and animal groups. Nonetheless, we only have
a rudimentary understanding of which choices are more likely
to initiate cascades. Here we investigate the role of response
time (RT) asymmetries (i.e., one choice alternative being selected faster than the other) in shaping behavioural cascades
by combining an empirical and modelling approach. RT asymmetries are found in a wide range of decision-making contexts,
including police shooting, risky choice, and memory retrieval.
How they shape collective dynamics, is, however, unknown.
Applying evidence accumulation models to analyse behaviour
in a sequential choice paradigm, we show that RT asymmetries crucially shape behavioural cascades. Using simulations,
we show that especially start point biases (and to a less extent
varying drift rates) can initiate cascades, as they lead to rapid
choices for one choice alternative. Our results highlight the
importance of RT asymmetries in shaping collective dynamics.
Keywords: collective dynamics, decision making, information cascades, response bias, diffusion models

Introduction
Across a range of social settings, from pedestrians crossing
the street and investors in the stock market, to animals escaping predation, individuals observe the choices of others to
inform their own behaviour. In these situations, behavioural
cascades can emerge through social reinforcement whereby
fast-deciding individuals typically play a crucial role in the
evolving collective dynamics and final outcome. To understand the emergent dynamics, it is thus crucial to understand
the characteristics of fast choices and their subsequent impact. For example, under many conditions accurate choices
are, on average, made faster than inaccurate choices (Ratcliff,
Smith, Brown, & McKoon, 2016). Such fast, accurate choices
can thereby promote the spread of accurate information to
less accurate, slower-deciding individuals (Tump, Pleskac, &
Kurvers, 2020; Kurvers, Wolf, Naguib, & Krause, 2015), explaining the emergence of informed leaders and naive followers (Couzin, Krause, Franks, & Levin, 2005; Stroeymeyt,
Franks, & Giurfa, 2011; Watts, Nagy, Burt de Perera, & Biro,
2016).
In addition to correct options being selected faster, research
on single individuals has shown that across a wide range of
decision-making contexts one choice alternative is, on average, selected faster than the other alternative. For example,
police officers in a shooter task are faster in deciding to shoot
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than to not shoot a potentially armed target (Pleskac, Cesario,
& Johnson, 2018). In risky choice, the safe option is typically selected faster than the risky option (Zhao, Walasek,
& Bhatia, 2020). In memory retrieval, the decision that an
item is old (i.e.,“already seen”) is made faster than “new”
(Bowen, Spaniol, Patel, & Voss, 2016), and in cooperation
experiments, larger donations are made faster than smaller
ones (Rand, Greene, & Nowak, 2012). Despite the prevalence
of such response time (RT) asymmetries, their importance in
shaping collective dynamics is currently unknown. This is an
important research gap as fast choices are generally expected
to be amplified through social interactions. This implies that
such RT asymmetries could have large consequences in collective systems by introducing or amplifying choice biases
(i.e., increasing the probability of choosing a particular option). We address this gap by investigating the role of RT
asymmetries in collective dynamics both empirically and theoretically.
A powerful approach to understanding the latent cognitive
mechanisms governing asymmetric RTs are evidence accumulation models. The drift-diffusion model (DDM) is arguably the most widely used for binary decision tasks. It
assumes that decision makers gather evidence over time until they reach a threshold and make a decision (Ratcliff et
al., 2016). For example, a decision maker having to decide
between the options “A” or “B” will start the choice process with an initial state of evidence described by the relative start point. Over time the decision maker gathers further
evidence supporting either option “A” or “B”. Once the decision maker has gathered enough evidence for one of the options a choice is made accordingly. For individuals in collective systems, the evidence comes from two different sources:
either via personal information (e.g., from memory), or via
social information (e.g., by observing the choices of others;
Germar, Schlemmer, Krug, Voss, & Mojzisch, 2014; Toelch,
Panizza, & Heekeren, 2018; Tump et al., 2020; Frydman &
Krajbich, 2021). A recent extension of the individual DDM
allows modelling the integration of personal and social information dynamically over time, accounting for information
flow across individuals (Tump et al., 2020). The observed
choices of others enter the accumulation process of undecided
individuals by changing their drift rate towards the majority option. It, thereby, captures key features of realistic social dynamics, such as the importance of fast choices on the
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subsequent choices of group members (Tump et al., 2020).
Thus, the model allows us to gain a detailed understanding
of the underlying cognitive processes and their consequences
for group dynamics. Here, we use the social DDM to delineate which cognitive processes underlie asymmetric response
times, and how this, in turn, shapes collective dynamics.
Research on the decision process of single individuals
has described four mechanisms how the DDM can generate
asymmetric RTs: i) A bias in the relative start point (Fig. 1A).
The relative start point influences the amount of additional information that is required for either option. If the start point
is biased towards one option, the responses for that option
are expected to come faster. Start point biases can be the result of differences in base rates or expected payoffs (Gold &
Shadlen, 2007; Leite & Ratcliff, 2011; Mulder, Wagenmakers, Ratcliff, Boekel, & Forstmann, 2012). ii) Varying drift
rates (Fig. 1B). The drift rate describes the average amount
of evidence accumulated for an option per time unit and can
vary over trials, meaning that some trials have a stronger drift
towards one option than others. Trials with strong drifts will
lead to choices which are fast, and consistent with the drift direction. Trials with lower drifts will contain more random and
slower choices. On average, this will lead to faster choices
for the more frequently chosen option (White & Poldrack,
2014; Ratcliff et al., 2016). iii) Variance in the start point.
This mechanism can explain faster choices for the less frequently chosen option. Choices inconsistent with the drift
direction will predominantly appear on trials where the individuals start close the choice threshold opposing the drift
direction and, therefore, will be made very fast. Start point
variance is typically added to account for fast errors. We do
not investigate this further as fast errors are not of focal interest in our study. iv) Collapsing decision threshold. Models with collapsing decision thresholds assume that the decision maker requires less evidence to trigger a decision as time
passes. Here, late choices are more random as the choices
are based on less evidence. Collapsing bounds and varying
drift rates make highly similar predictions and whether or not
thresholds collapse over time is hotly debated in the DDM
literature (Ratcliff et al., 2016). We, therefore, focus only on
the first two potential processes driving asymmetric RTs.

Figure 1: Possible mechanisms underlying asymmetric RTs.
Both, (A) a start point bias towards “A” and (B) drift rate variance in
combination with a drift towards “A” can explain faster choices for
Option “A” compared to “B”.

drift rates.

Methods
A total of 120 participants (66 females; 52 males, 2 other,
mean age = 27 years, range = 18-39) were recruited from the
participant pool of the Max Planck Institute for Human Deveopment. After providing informed consent they were assigned to one of two conditions, either being alone (n=20) or
in groups of ten (n=10 groups). Participants within the same
group were seated in the same room and all had a separate
tablet.
In the experiment, participants were confronted with a visual search task. In each trial, they first briefly (for 2 seconds) were shown an image of a shoal of 72 stylized fish
(tuna and sharks aligned in an 8 x 9 grid; see Fig. 2) with
either three, four, six, or seven sharks hidden between tuna.
After the image was removed the participants had to decide
between “escape” and “stay”. Participants were instructed to
“escape” when there were five or more sharks present and
“stay” if there were four or fewer. In such visual search tasks,
the responses for finding the target (here sharks) are generally
made faster than for not finding it (Palmer, Horowitz, Torralba, & Wolfe, 2011). Hence, we expected faster “escape”
choices. Participants could indicate their choice by pressing
the respective button on their tablet within 12s. Individuals in
the alone condition performed the experiment by themselves.
When participants in the group condition made a choice, their
choice was immediately displayed on the tablets of all group
members, by means of a green bar for the respective option
(see Fig. 2). Participants (in both conditions) could only decide once, and not alter their decision. A countdown timer
on the screen indicated the remaining time. The separation of
each trial into a stimuli phase and a choice phase facilitated
participants’ visual attention allocation. In the stimuli phase
participants could allocate their attention to the image, and
in the choice phase to the choices of others. After each trial
participants received feedback on whether their choice was
correct or not. Participants earned a flat fee of 7 C and could
additionally earn a bonus based on their performance (mean

To investigate the role of asymmetric RTs in shaping collective dynamics, we proceed in three steps. First, we use a
sequential choice task to study empirically how asymmetric
RTs influence human group dynamics. Second, we fit a social
DDM to our data to uncover the underlying latent cognitive
mechanisms driving these dynamics. Third, we use simulations to investigate how the two key processes driving asymmetric RTs shape choice biases in collectives across a broad
range of parameter settings. We show in a binary decision
task that if one option is, on average, chosen faster this can
bias the information spreading through the group and promote choice biases. Further, we show that the danger of such
a bias amplification is especially high in the presence of start
point biases but not so much in presence of varying biased

659

tion. Thus, the relative start point β can be decomposed into
two components, one related to participants’ initial tendencies, and one to participants’ discrimination ability. The first,
can incorporate potential initial tendencies to escape (or stay)
βbias which shifts the relative start point towards (or away
from) the escape boundary. Second, individuals may have
gathered correct (or incorrect) information βdisc during stimuli presentation, which shifts the relative start point towards
(or away from) the correct boundary:
Figure 2: Illustration of the experimental paradigm. Participants
briefly observe a grid of “sharks” and “tuna”. They then make a
decision whether to “stay” or “escape” by pressing the respective
button on their tablet. Individuals in groups can observe the choices
of others in real-time via counts for the different options.

β=

(
0.5 + βbias + βdisc , if escape is correct
0.5 + βbias − βdisc , if stay is correct

(1)

The personal drift rate δ p is similarly decomposable into
a drift towards the correct option δdisc (i.e., the discrimination ability) and a drift bias δbias (i.e., a bias in the evidence
evaluation process):
(
δbias + δdisc , if escape is correct
δp =
(2)
δbias − δdisc , if stay is correct

bonus = 3.57C). Participants started the experiments with a
bonus balance of 1 C. They earned 0.10 C for each correct
decision, and lost that amount for each wrong decision—or
when they failed to respond within the time limit. In addition, we introduced a small time cost of 0.001 C per second
reflecting naturally-occurring opportunity costs. There were
50 trials in total with each number of sharks (3, 4, 6, or 7) occurring at least 12 times, and with “escape” being the correct
option in half of the trials. Prior to the 50 trials, there were
two test trials to familiarise the participants with the experiment (not included in the analysis).
To analyse which factors predicted the RTs of individuals, we used Bayesian hierarchical generalized linear models with the “brms” package (Bürkner, 2017), analysing single individuals and groups separately. We used RTs as response variable assuming a shifted lognormal-distribution
(Wagenmakers & Brown, 2007). We included the choice (escape/stay) and the choice being correct (correct/wrong) as
predictors. Individual identity and for groups also groups
identity was included as a random effect. We ran four chains
in parallel with 10.000 iterations each, disregarding first half
as burn-in.

In groups, participants can additionally gather social information by observing the choices of others. This information is integrated as further evidence via the social drift. The
strength of the social drift changes over time t whenever another group member makes a choice and is a function of the
majority of individuals M(t) who already decided (see also
Tump et al., 2020):
δs (t) = s × M(t)q ,

(3)

M(t) = Nescape (t) − Nstay (t).

(4)

with
Whereby Nescape (t) and Nstay (t) are the number of individuals who have decided at time t to escape or stay, respectively.
The parameters s and q shape the relationship of majority size
and social drift rate whereby s serves as a scaling factor and q
influences the shape of the power function. Values of q below
one indicate that the impact of an additional individual saturates with increasing majority size M(t). Once the decision
threshold θ (or −θ) is reached, a decision to escape (or stay)
is made.
For statistical inferences with the social DDM, we used a
Differential-Evolution-MCMC algorithm. We ran a Bayesian
hierarchical model which allowed us to obtain individual and
population-level parameter estimates. We ran 24 chains in
parallel, each with a chain length of 10,000 including a burnin period of 5,000 and a thinning factor of 10 to reduce autocorrelations, fitting the single and group condition separately.
For further details of the estimation process see supplementary information. A parameter recovery analysis shows that
generating and recovered parameters show strong positive
correlations indicating that all parameters are identifiable and
interpretable in their magnitude (see supplementary information).

Social DDM: Model parameter estimation.
To understand how individuals gather evidence and time their
decision, we fitted an evidence accumulation model to the
data. By accounting for changing drift rates within a trial
it allows estimating the influence of social information on
the evidence accumulation process. To obtain choice and
RT predictions we generated probability density functions by
implementing an extended version of a Markov chain approach (Diederich & Busemeyer, 2003). For a detailed description of the implementation see supplementary information https://osf.io/jn6a7/.
Note that the social DDM starts modelling the evidence
accumulation process at the start of the choice phase, hence
after participants observed the stimuli. The evidence state at
this point is called the relative start point, and can include
already gathered evidence in the form of personal informa-
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Table 1. Description of the parameters of the social DDM

Model
feature

Parameter

Relative
start point

β = 0.5 +
βbias ±βdisc

Personal
drift rate

δp =
δbias ± δdisc

Social
drift rate

δs =
s × M(t)q

Choice
threshold

θ

Nondecision time

NDT

Description
Incorporates
the
initial
tendency to choose escape
(βbias ) and already gathered
correct evidence (βdisc ). It is
assumed to be drawn from a
uniform distribution with a
range of sβ (Fig. 4A–C).
The accumulated evidence
can consists of evidence for
the correct option (δdisc )
which can be biased towards
escape (δbias ). It is assumed
to be normal distributed with
a variance of sδ (Fig. 4D–F).
Describes the impact of social information, with s scaling the strength of the social drift rate, and q shaping
the power function describing the relationship of majority size M(t) and social drift
rate (Fig. 4G).
The amount of evidence an
individual has to accumulate to make a decision;
θ (−θ) reflects the escape
(stay) choice threshold (Fig.
4H).
Response latency describing
any share of the response
time which is not captured by
the choice process (Fig. 4I).

Figure 3: The relationships between choices, RTs and decision
order. (A) The RT densities for “escape” and “stay” choices of single individuals with a smoothing bandwidth of 0.1 seconds. The
vertical dashed lines indicate the mean. (B) The RTs of stay (0) and
escape (1) choices for single individuals. Each circle represents a
single choice, with darker areas containing more choices. The black
line indicates the estimated probability to escape at any time point
estimated by loess-smoothing with the default smoothing span of
0.75. The uncertainty bands indicate twice the standard error. Note
that ≈ 3% of the RTs were above 3 seconds and are not shown. (C)
The proportion of escapes for singletons (green) and groups (red).
For groups, the overall proportion is shown (most left dot), and as
a function of the decision order. (D) The proportion of escapes for
simulated non-interacting (green) and interacting (red) groups. The
points and error bars in C–D reflect the mean and twice the standard
error, and the horizontal dashed lines indicate average escape probability

Results
Behavioural results.

Social DDM: Agent-based simulations.

We begin by examining participants’ behaviour alone and in
groups. As expected, participants in groups outperformed
single individuals (accuracy: 78% versus 71%). We found
asymmetric RTs in both conditions. For both individuals
alone and in groups the decision to escape was made credibly
faster than the stay decision. Single individuals: 1.31s versus
1.40s (est = −0.09, CI = [-0.15, -0.03]); groups: 1.97s versus
2.27s (est = −0.18, CI = [-0.21, -0.15]). A closer look at the
RT distributions of singletons reveals that this difference was
most prominent for the leading edge of the distributions (i.e,
the fastest choices; Fig. 3A). Figure 3B shows the probability
to escape for singletons over time, showing that the earliest
choices of singletons were substantially more likely to be escape choices, while later choices were increasingly likely to
be stay choices.
These asymmetric RTs might strongly influence the information flow in groups: whereas single individuals only escaped in 51% of the trials (i.e., showed no clear preference for

To analyse how the cognitive mechanisms underlying evidence accumulation influence the group dynamics we conducted agent-based simulations of the social DDM. We parameterized each agent with the mean of the posterior estimates of all participants in groups of ten. To examine the influence of social interactions on the agents’ behaviour we also
ran a control simulation with the social drift set to zero (i.e.,
without social interaction). For each simulation run, we saved
the agents’ choice and decision order (Fig. 3D). Afterwards,
we further examined how the start point bias and the drift
variance influence the group dynamics. Because drift variance only predicts faster responses for the more frequently
chosen option (i.e., in presence of a drift bias), we systematically varied either the start point bias from -0.2 to 0.2 or the
drift bias from -0.3 to 0.5 in combination with a drift variance
of zero, one or two (Fig. 5). The code for the analyses and
simulations can be accessed at https://osf.io/jn6a7/.
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either option), individuals in groups chose to escape in 57%
of the trials (Fig. 3C). Comparing the likelihood to escape between singletons and the first deciding individual in a group,
we found that the latter was much more likely to escape, despite both making choices in absence of social information.
Later-deciding individuals (order ≥ 2) were influenced by
these early escaping individuals and also escaped more often as compared to singletons. In summary, on a behavioural
level, we found that individuals in groups were more likely to
escape, which is most likely due to asymmetric RTs: escape
responses were made earlier and swayed others into escaping.

The social dynamic captured by the social DDM.
Next, we used the social DDM to investigate the cognitive
mechanisms underlying the escape choice amplification. Figure 4 shows the individual and population-level parameter estimates of singletons (green) and individuals in groups (red).
For brevity, we focus our description on individuals in groups.
The choice process in groups can, in short, be described by:
(i) individuals’ relative start point is biased towards escape
(βbias = 0.08, CI = [-0.07, 0.09]; Fig. 4A) and closer to the
correct decision threshold (βdisc = 0.02, CI = [0.01, 0.03];
Fig. 4B), indicating that they gathered, on average, correct
evidence while observing the stimuli. (ii) During the choice
phase, individuals in groups continued to gather correct (δdisc
= 0.58, CI = [0.49, 0.67]; Fig. 4E) and unbiased (δbias =
-0.00, CI = [-0.11, 0.10]; Fig. 4D) evidence. (iii) Furthermore, individuals gathered social information by drifting to
the option chosen by the majority of individuals (s = 1.08, CI
= [0.95, 1.22]; q = 0.59, CI = [0.51, 0.68]; Fig. 4G). (iv) Finally, once individuals gathered enough evidence they made
a choice (θ = 1.97, CI = [1.86, 2.08]; Fig. 4H). Note that individuals in groups required substantially more evidence than
single individuals as indicated by a higher choice threshold
(θgroups − θsingletons = 0.88, CI = [0.70, 1.06]).
Next, we investigated which mechanism(s) of the choice
process could explain the asymmetric RTs and the resulting
escape choice amplification. Importantly, the start point parameter of individuals in groups (and to a lesser extent of singletons) was biased towards the escape choice, which would
predict faster escape choices (Fig. 4A). A variance in drift
rate only predicts asymmetric RTs in presence of a drift bias
(i.e., faster escapes if individuals drift towards escape). As
the personal drift rate of individuals in groups was not biased
towards escape, this mechanism cannot explain faster escape
choices (Fig. 4D, F). To test whether the social DDM can
indeed explain the escape choice amplification through social interactions, we simulated groups of 10 agents which either interacted (via the social drift) or decided independently
(i.e., no social coupling). Figure 3D shows that the social
coupling is key for recovering our main finding: agents deciding independently did not escape more often than chance
and showed a steep drop in likelihood to escape with decision order, which was not observed empirically (Fig. 3C).
Interacting agents, on the other hand, showed a bias towards
escape, and no (or only a slight) drop of escape probability

Figure 4: Parameter estimates of the social DDM. Shown are
the individual (gray) and population-level parameter estimates for
single individuals (green) and groups of ten (red). For parameter
descriptions see Table 1. Panels (A–C) show parameter estimates
associated with the relative start point, (D–F) with the personal drift
rate and (G) with the social drift rate. Panels (H) and (I) show the
parameter estimates for the choice threshold and nondecision time.
The dots and error bars show the mean and the 95% credible intervals of the posterior distributions.

with decisions order, as empirically observed. Though in both
simulations early-deciding agents were more likely to escape,
the social coupling was essential for these escape choices to
cascade through the group.

The mechanisms driving choice bias amplifications
Finally, we investigated how the two key processes driving
asymmetric RTs shape choices biases in collectives across a
broader range of parameter settings. First, we investigated the
influence of a start point bias, by simulating interacting and
non-interacting agents in groups with varying start point biases while the drift bias was set to zero. Figure 5A shows how
an increase in the start point bias increases the proportions of
escape choices for both group types. However, for interacting agents, the increase is much stronger because of social
amplification (see also Fig. 3D). Thus, we expect the influence of start point biases on choice proportions to be strongly
amplified in sequentially deciding groups.
Next, we investigated the influence of drift variance while
the start point bias was set to zero (Figure 5A & B). As
drift variance predicts faster choices of the more frequently
chosen option, we further systematically varied the drift bias
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als having a start point bias towards escape. Further, simulations show that a variance in the drift in combination with a
strong drift rate bias could also bias the spread of information
through groups, however, to a much lesser extent.
In the DDM literature, start point and drift biases have typically been studied in signal-detection tasks (Gold & Shadlen,
2007), whereby individuals predominantly account for differences in potential payoff by adjusting their start point instead
of their drift rate. Individuals, in a similar fashion, shift their
start point towards the more often correct option in presence
of frequency manipulations (Leite & Ratcliff, 2011; Mulder
et al., 2012; White & Poldrack, 2014). Thus, start point biases
describe an a priori preference for an option, for example, to
“shoot” instead of “not-shoot” on a potentially armed target
in a shooter task (Pleskac et al., 2018) or to prefer the save
versus the risky option in risky choice (Zhao et al., 2020).
Especially the fastest decisions are thereby expected to be
driven by start point. The more time passes the more are the
choices expected to be influenced by new incoming evidence
(White & Poldrack, 2014). Drift rate biases, on the other
hand, have been manipulated by changing the stimuli evaluation rules (Leite & Ratcliff, 2011; White & Poldrack, 2014).
In memory retrieval tasks, for example, where participants
had to categorise words as new or old (i.e., already seen on a
list) the instruction to only consider items as old if they were
associated with strong memories biased the drift rate towards
the option “new” (White & Poldrack, 2014). Thus, drift rate
biases reflect a biased information evaluation. As this bias introduces tendencies in the evaluation process itself, it persists
over time and thereby can explain choice biases even after a
long deliberation process (White & Poldrack, 2014). Note
that because the start point in this study describes the evidence state after stimuli presentation, we cannot rule out that
a drift rate bias during the short stimuli presentation caused a
subsequent start point bias. Enabling responses already during the short stimuli presentation would allow to identify potential drift rate biases but also introduce a trade-off between
observing the stimuli and choices of others.

Figure 5: How start point bias and drift variance can explain
choice bias amplification. The average choice proportions of
simulated groups with (red) and without (green) social interaction
across varying DDM parameters. (A) Increasing the start point
bias towards escape slightly increases escape proportions for noninteracting agents. These biases are, however, strongly amplified in
interacting agents. (B) Interacting and non-interacting agents only
show substantial differences in the presence of a strong drift rate bias
and drift rate variance. Note that the intermediate variance strength
approximates the variance found in this study. The points and error
bars reflect the mean and standard error.

whereby a drift bias towards “escape” predicts faster “escape”
responses. With little to no intermediate drift variance, even
strong biases in the drift rate will not be amplified in groups.
Only if both, drift bias and variance are high, interacting
agents start escaping substantially more often compared to
non-interacting agents. The amplifying effect of the drift rate
variance is comparably small to the start point bias because
the start point bias deferentially impacts the leading edge of
the RT distributions. In other words, the fastest choices are
driven by the start point bias. These fast choices are in turn,
the most influential ones for social dynamics. Varying drift
rates, on the other hand, have only little influence in the leading edge of the RT distribution and impact much more the tail
(i.e., late decisions).

Conclusions
In summary, the social interactions in our experiment
introduced choice biases—higher probabilities of choosing
escape—on a group level which were negligible in single
individuals. We identified fast escapes as a driving force
which were caused by start point biases. Drift variance has
a much weaker bias amplifying effect on group dynamics.
These findings have important implications because many
choice tasks are characterized by one alternative being, on
average, chosen faster. However, whether these choices
are expected to be amplified in social contexts depends on
the exact underlying choice mechanisms and resulting RT
distributions.

Discussion
Despite a long history of research on behavioural cascades,
our ability to predict what kind of choice alternatives are
prone to cascades is still limited. One reason is that past research tended to investigate collective patterns with simplified assumptions about the underlying cognitive mechanisms
(Raafat, Chater, & Frith, 2009; Heyes, 2016; Krause et al.,
2021). Here we try a different approach by using the social
DDM to gain a detailed understanding of the underlying cognitive processes and their consequences for group dynamics.
We show that if one option is on average chosen faster, this
can bias the spread of information through the group. The
characteristic of these fast choices is here driven by individu-

Supplementary material. All supplementary information
including the empirical data and code for the analyses and
simulations can be accessed at https://osf.io/jn6a7/.
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or lifting the pen from the page between lines. The problem
can be described as knowledge-lean; its instructions provide
all the information necessary for problem-solving. The
number of operators made available in the problem statement
is small: draw lines that cancel dots. Solvers rarely execute
more esoteric solution strategies (e.g., tearing up the paper on
which the problem array is drawn).
Despite its simple statement and restricted range of
possible operations, empirical studies have found very low
solution rates, typically less than 5% after 10 minutes of
solving (e.g., Chein, Weisberg, Streeter, & Kwok, 2010;
Chronicle, Ormerod, & MacGregor, 2001; Lung &
Dominowski, 1985; Kershaw and Ohlsson, 2003;
MacGregor, Ormerod & Chronicle, 2001; Öllinger, Jones &
Knoblich, 2014; Scheerer, 1963; Weisberg & Alba, 1981a,
1981b).

Abstract
Despite progress in understanding the sources of difficulty in
solving insight problems, how new ideas are discovered,
implemented, and learned is poorly understood. We report an
experiment testing a theory of how individuals use failed
attempts to discover new ideas. We compared performance
on the nine-dot problem with a variant requiring solution
using three lines rather than four. Results supported
predictions that the three-line variant is easier than the fourline, and that transfer of solution knowledge from the threeto the four-line version is facilitative, but not vice-versa.
Additionally, varying the spacing between dots facilitated
discovery and transfer of solutions in both variants. Our
theory specifies a priority order for seeking new ideas that
offers a partial solution to the frame problem. Individuals first
seek ideas from the problem statement and attempts they
make. Only when these sources fail do they resort to
searching memory or the external task environment.

Problem array

Solution

Keywords: Insight; problem-solving; conceptual recoding

Introduction
One of the features of problems that are often described as
requiring insight to solve is that, although they are usually
easy to state and lie within the competence of those tasked
with solving them, solution rates are typically very low. One
example of such a problem is the nine-dot problem (Maier,
1930). The problem, illustrated in Fig. 1, is to cancel each of
nine dots arranged in a three-by-three square-shaped grid, by
drawing four continuous straight lines without retracing lines

Figure 1: The nine-dot problem and its solution.
A Gestalt explanation of the problem’s difficulty (e.g.,
Wertheimer, 1954/1959) is that the dot array forms an
implicit boundary around the dots, which solvers are reluctant
to violate. Indeed, it has been suggested that the problem
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contributes the phrase “think outside the box” to popular
culture (Adair, 2007). Weisberg & Alba (1981a, 1981b)
showed that the Gestalt explanation of the problem’s
difficulty cannot be sufficient since an instruction to draw
lines outside the array did not greatly facilitate solution.
Despite this evidence, the idea that the problem presentation
imposes perceptual constraints on the moves that solvers will
sample persists (e.g., Öllinger, Jones & Knoblich, 2014). It
may, after all, be the case that a constraint imposed by an
unconscious perceptual process cannot be relaxed by a verbal
instruction to draw lines outside the perceived square. That
said, in Weisberg and Alba’s studies, participants did draw
such lines and yet were often unable to solve.
A different view was taken by MacGregor, Ormerod, and
Chronicle (2001). They showed that solution difficulty across
a range of nine-dot problem variants can be accounted for by
a simple model of search for lines that maximise apparent
progress. Moves are selected if they cancel enough dots to
meet a criterion of satisfactory progress consisting of the
number of remaining dots divided by the number of
remaining lines. No other sources of constraint on move
selection are proposed in their account. When solvers fail to
find moves that make sufficient progress, criterion failure
occurs, and new moves are sought under an expanded
problem space.
Although sources of difficulty with the nine-dot problem
have been explored extensively, less attention has been paid
to the question of where individuals can find ideas that do
lead to solution. Arguably, this issue pervades insight
problem-solving research: Little is known about how
individuals know where to seek new ideas when they are
stuck. Knoblich, Ohlsson, Haider, and Reinhus’s (1999)
Representational Change Theory (RCT) suggests that the
experience of failure leads individuals to relax the constraints
on move selection imposed by perception or by prior
knowledge, which allows for new solution ideas to be found.
However, the theory remains underspecified in terms of
where a solver should look next. This issue is important, since
the range of new ideas that might be applied to any problem
is, in principle, infinite. MacGregor et al.’s (2001) Criterion
of Satisfactory Progress (CSP) theory is similarly lacking in
providing an account of how and where individuals expand
the problem space to seek new solution ideas.

individuals look is in their failed attempts. This contrasts
with theories such as RCT, in which the source of new ideas
is the activation of prior knowledge that is made possible
once constraints on accessing that knowledge are relaxed.
A

B

Figure 2. Alternative attempts at drawing the first two lines
in solving the standard nine-dot problem
Consider, for example, the two attempts shown in Figure
2, each consisting of the first two lines drawn in trying to
solve the standard problem. Neither attempt lies on the
solution path, but comparison of the two attempts yields new
information: Both cancel 5 dots and use two lines, but they
differ in that the angle between lines is different (90 vs 45
degrees) and the second attempt has line lengths that are
different to those in the first attempt (√2 between dots for the
diagonal second line in Fig 2B, vs 1 unit between each
cancelled dot for all other lines). Our theory suggests that,
once impasse is reached (i.e., solvers fail to find any solutions
based on their initial representation of the problem) they seek
new solution ideas by comparing (either consciously or
unconsciously) the properties of their previous attempts to
extract properties that can be varied in subsequent attempts.
Once discovered, these properties are conceptually recoded
as variables that can be applied to the discovery of new
moves. In the example shown in Figure 2, the properties of
varying angle and line length can be applied by the solver to
discover new move attempts. For example, knowing that
lines can be longer than the one-unit gap between dots
horizontally and vertically sets up the possibility that lines
can extend along these axes independently of the dots
themselves.
Our theory generates predictions regarding factors that
affect solutions to variants of the nine-dot problem.
Essentially, the more problem variants differ in the properties
that can be extracted from their initial solution attempts, the
more ideas can be found, so the easier they will be to solve.
Similar effects of the positive impacts of problem
presentation variability on solution rates are reported by Ross
and Vallée-Tourangeau (2021).
Another area of interest in insight problem-solving
concerns transfer of knowledge between analogous insight
problems. For example, Knoblich et al. (1999) point out that,
in the case of matchstick algebra problems, once an insight
has been achieved, transfer of that insight to new matchstick
algebra problems will likely be entirely facilitative, because
the gain of new knowledge is germane to problems that have
both superficial and conceptual similarity. This level of
success works because of the presence of the key components
of superficial and conceptual similarity. In the absence of

A new theory of idea discovery in insight
We propose a new account of how individuals discover
new solution ideas in attempting to solve the nine-dot
problem, with the focus of idea discovery being on
processing previous failed solution attempts to discover
concepts that might allow new move attempts to be made.
Our contention is that solvers are highly conservative in
the ideas they are prepared to consider: They will always try
to minimise the space of possible ideas that must be explored.
The knowledge-lean nature of the nine-dot problem means
that the problem statement offers a narrow range of possible
sources of ideas. The theory suggests that, once ideas inherent
in the problem statement are exhausted, the next place that

666

either or both, as Barnett, and Ceci (2002) point out, transfer
between problems and domains is very rare. One way in
which transfer can be facilitated is through manipulations that
impact both knowledge and strategy. For example, Ormerod
and MacGregor (2017) found that, when participants were
given an explicit strategic cue to the reasons for failure of
progress-maximising moves in solving the nine-ball problem,
transfer was facilitated for distant analogs. Because of its
focus on discovery of new solution ideas, our theory allows
predictions regarding transfer between variants. Problems
that allow attempts having properties relevant to the solution
of alternative variants will promote positive transfer.
We tested these general predictions in an experiment that
compared performance on the standard four-line version of
the nine-dot problem with a variant in which the problem
must be solved using only three straight lines (see Fig.3). The
three-line variant has properties that differentiate it from the
four-line version. First, adopting the notion of criterion
failure from MacGregor et al.’s (2001) CSP theory, criterion
failure is encountered after the first line drawn that adheres to
a direct line between dots. Criterion failure does not
necessarily occur in the four-line version until three lines
have been drawn. Criterion failure triggers the search for
alternative solution ideas, which in our theory occurs by
comparing the properties of previous attempts. Thus, the
three-line version ought to be solved more readily than the
four-line version because this comparison process is initiated
earlier.
Spaced array

vary, which should facilitate discovery of lines that extend
more than one unit (where the space between horizontal and
vertical lines of dots is one unit). Thus, solution rates to
spaced problems should be higher than for standard spaced
problems, and experience with spaced source problems
should yield higher solution rates on transfer problems.
To summarise, the experiment reported below tested the
following hypotheses:
1. The three-line variant should be solved more often than
the four-line variant as a source problem, because criterion
failure (i.e., a failure to find moves that cancel enough dots
given the number of remaining lines) occurs earlier in the
former than the latter, triggering a search for new ideas
earlier.
2. Because criterion failure occurs earlier with the threeline than the four-line source problem, there are more
opportunities to discover move properties in the former than
the latter. Thus, there should be more positive transfer from a
three-line source to a four-line transfer problem than vice
versa.
3. The addition of extra spaces between dots in the source
problem arrays should facilitate solution of both three-line
and four-line source problems, and transfer between variants,
because the extra space serves as a source of information
concerning the variability of line lengths between dots.

Experiment
Method

Three-line solution

Participants A total of 136 adults attending a series of
student recruitment lectures at the University of Sussex took
part on a voluntary basis, comprising 50 males (Mage = 26.1
years, SDage = 1.9) and 86 females (Mage = 25.5 years, SDage
= 2.1).
Materials and design Participants were assigned to either 3line or 4-line groups, and within each group were further
assigned to regular or spaced array variants. The spaced
source problem and the three-line solution are illustrated in
Fig.1. The array for each problem was presented 10 times on
a sheet of paper to allow multiple solution attempts.
Participants who received the 3-line source received a regular
4-line transfer problem, and participants receiving the 4-line
source received a regular 3-line transfer problem.

Figure 3. Spaced problem array and three-line solution
Second, the three-line solution has properties that are
relevant to the solution of the four-line problem, notably lines
of greater length than the problem array and acute angles
between lines. These properties are more likely to be
discovered in attempts to solve the three-line variant because
criterion failure happens earlier. Thus, we predict more
transfer from a three-line to a four-line problem than vice
versa.
A further prediction is that, if individuals seek solution
ideas from the problem at hand rather than relying on prior
knowledge or the external environment, then manipulating
the problem array to make move properties more salient
should increase solution rates and transfer. To test this
prediction, we varied the spacing between dots in the array.
This manipulation makes salient the property that line lengths

Procedure Participants solved problems individually in
groups of approximately 30 people. To reduce the likelihood
of collusion, participants sitting adjacent to each other were
assigned to different experimental groups. At the start of the
lecture, participants were each given a booklet containing an
ethical consent form, two nine-dot variant problems, and a
study debrief sheet. Participants attempted to solve the source
problem, drawing solution attempts on the displays given on
the sheet. Where participants indicated they had a solution, it
was checked by a researcher and, if incorrect, participants
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were instructed to continue solving. After 10 minutes,
participants were told to turn to the next page in the booklet,
where a correct solution was revealed. Participants then
turned to a blank page and put the booklets aside for 30
minutes while the lecture continued. They then attempted the
target problem for a further 10 minutes. Finally, participants
were debriefed as to the purpose of the study.

Problems with a spaced array (51/140 – 36%) were solved
more often than problems having a regular array (33/132 –
25%). The effect of Problem, Wald = 2.34, p = .126, and
interactions between Problem and Array, Wald = 0.252, p
=.616, Array and Order, Wald = .175, p =.676, and Problem,
Array and Order, Wald = 0.090, p =.675, were not significant.

Results

Discussion

The number of correct solutions to source and target
problems is shown in Table 1. To test the hypotheses
concerning the relative ease of 3- and 4-line problems and
effects of varying the spacing in the array, a binary logistic
regression was conducted using Source (3-line, 4-line) and
Array (regular, spaced) and the interaction between these
factors as predictors. The analysis yielded a significant
model, χ2(3, N = 136) = 11.35, p = .01, with Source, Wald =
7.63, p < .006, as a significant predictor in the model. A total
of 24/69 (35%) solved the 3-line variant compared with 9/67
(12%) solving the 4-line variant. The effect of Array, Wald =
2.37, p =.124, and the interaction between Source and Array,
Wald = 0.02, p =.898, were not significant.
To test the hypothesis that attempting a 3-line source
would yield positive transfer to a 4-line target but not vice
versa, a binary logistic regression was conducted using
Problem (3-line, 4-line), Order (first or second problem
attempted by participants) and Array (regular, spaced) and
interactions between these factors as predictors. The analysis
yielded a significant model, χ2(7, N = 136) = 20.36, p < .005,
with Order, Wald = 6.76, p = .009, Array, Wald = 3.99, p
=.046, and the interaction between Problem and Order, Wald
= 7.89, p =.005, as significant predictors in the model. For the
4-line variant, solution rates were significantly higher when
it was solved as the target problem (29/69 – 42%) than as the
source problem (9/67 – 12%). In contrast, solution rates for
the 3-line variant were not higher when it was the target
problem (22/67 – 33%) compared with the source problem
(24/69 – 35%).

The experiment tested predictions derived from a new theory
of idea generation during insight problem-solving,
concerning the initial difficulty of nine-dot variants, transfer
of solution-relevant knowledge, and effects of manipulating
the array to add discoverable information about line lengths.
Analysis of source solution data confirmed the prediction
regarding initial problem difficulty, showing that the 3-line
variant is easier than the 4-line variant. This finding is
consistent with the prediction that early criterion failure,
which happens immediately after the 1st line in the 3-line
variant but later in the 4-line variant, triggers a search for
alternative solution ideas.
In terms of transfer of solution knowledge, attempting to
solve the 3-line variant facilitated solution of the 4-line
variant, but not vice-versa. Properties discovered during
solution attempts can be used to create solution-relevant
moves for the 4-line transfer problem. In contrast, a 4-line
source problem provides fewer solution ideas for solving the
3-line transfer problem. Manipulating the problem array in
the source problem increased solution rates overall, problems
having a spaced array being solved more often than problems
having a regular array.
The results are consistent with our theory and not readily
explained by theories, such as RCT, that posit relaxation of
knowledge constraints, or by CSP that suggests the removal
of a need to maximise move value. Manipulations of source
problem and array do not remove ‘constraints’ imposed by
prior knowledge (e.g., that lines must end on dot points or
that lines cannot be drawn at acute angles). Indeed, if these
constraints were the source of problem difficulty, then one
might expect the three-line version to be more difficult than
the four-line version, since it requires both non-dot turns and
highly acute angles between lines. Moreover, if the discovery
or presentation of a solution to the source problem removes
these constraints, then there should be no difference in
solution rates for the three-line or four-line target problem.
Nor do the manipulations affect the need for apparent
progress towards solution: Nothing in the three-line version
suggests that letting go of an impeller to maximise progress
will lead to more solutions.
We suggest that solvers are not relaxing constraints or
reducing progress demands; instead, they are discovering
new ideas. In the case of nine-dot variants, these new ideas
cannot come from prior knowledge. Indeed, attempts to
retrieve a solution to the nine-dot problem from memory
often fail, even when individuals who have previously solved
remember that the solution requires acute angles, lines that

Table 1. Number of participants solving regular and spaced
variants of 3- and 4-line source and target problems (% in
brackets)

3-source,
4-target

4-source,
3-target

Source

Target

Regular

9/33 (27)

11/33 (33)

Spaced

15/36 (41)

18/36 (50)

Regular

3/33 (9)

10/33 (30)

Spaced

6/34 (18)

12/34 (35)
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end on non-dot points, and lines extending beyond the dot
array (Ormerod, Fioratou, Chronicle, & MacGregor, 2006).
Instead, the results indicate that new ideas for solving ninedot variants come from the problem-solving experience; or in
the case of analogous problems, from a recent solving
episode for a simpler variant (e.g., the 3-line problem).
An alternative explanation for our results rests in the
original Gestalt proposal that problem difficulty is mediated
by the perceptual organisation of the problem array. It may,
for example, be that the three-line variant is easier than the
four-line variant because the provision of only three lines
overrides the square concept, by equating the problem array
as three lines of dots onto which the lines can map rather than
as a square. The provision of four lines may reinforce the
square concept, the lines offering a ‘border’ to the square.
Similarly, the effect of adding spaces between some dots in
the problem array may weaken the perceptual integrity of the
square, thereby making the drawing of lines beyond the dots
easier to execute. However, it is notable that, with three-and
four-line variants in both regular and spaced array formats,
moves whose lines remained within the dot array still
dominated attempts to solve. This suggests that manipulating
line number and dot spacing did not remove a perceptual
constraint, if indeed one was ever in place.
The conceptual recoding of promising states has wider
applications in problem-solving, particularly in learning and
transfer (and failures thereof). Ormerod et al. (2006) analyzed
attempts to re-solve the nine-dot problem from participants
who reported having previously solved it. Sixteen out of 40
participants failed to re-solve within two 30s attempts, and 11
failed to solve within 10 attempts. Of the 16 participants who
failed to solve within two trials, 13 made attempts going
outside the dot array, suggesting they recalled the insight (i.e.,
they applied one of the possible conceptually recoded
properties) but were unable to capitalise upon it. It appears
that solving the nine-dot problem generates conceptually
recoded properties, but their retrieval does not guarantee resolution.
Ormerod et al. (2006) also compared performance on the
six-coin problem (Chronicle et al., 2004) with a variant
arranged in a Y shape. The latter was chosen because, in pilot
testing, participants commented that the solution seemed “to
close in on itself”, “like a crab’s claw” or “a pincer”. No such
verbal descriptions were given for the standard problem.
Initial solution rates did not differ significantly (25% for the
standard problem vs 35% for the Y shape). However, when
the problems were re-presented, the Y shape (74%) was resolved more often than the standard problem (47%), and the
difference increased when problems were rotated through 90
degrees (88% vs 25%, respectively). Ormerod et al.
suggested three ways in which solution knowledge can be
recoded: Perceptually, procedurally or conceptually. The
solution to the Y shape problem allows conceptual recoding
(“like a crab’s claw”), whereas the standard problem solution
is amenable only to perceptual and procedural recoding,
rendering solution knowledge vulnerable to changes in
presentation.

Here we have examined the generation of solutions to a
knowledge-lean problem. It remains to be seen whether the
same ideas can apply to knowledge-rich problems, that is,
problems that necessarily require accessing information
either from memory or from the external task environment.
Fundamental to the idea we present here is the notion of
conservative or minimal expansion of the space of possible
ideas. We suggest that progress in understanding how
knowledge-rich problems are solved may benefit from
applying a similar heuristic. Do not think outside the box:
Instead, expand the box in a controlled way, based on the
discovery of properties cued by previous attempts to solve
that provide properties, and which enable new moves to be
sampled.
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Abstract

The impact of social interaction on creative processes is
controversial. On the one hand, many studies of collective
problem-solving show how groups working together often
outperform individuals solving the task on their own
(Bahrami et al., 2010; Larey & Paulus, 1999; Taylor et al.,
1958; Wahn et al., 2017; Woolley & Fuchs, 2011). This
happens when group members successfully integrate their
diverse perspectives, contribute different strategies, or push
each other out of cognitive fixation. However, another set of
studies find that group members can exert an inhibiting effect
on each other's creative processes, dampening their group
productivity. In these cases, social interaction seems to
disrupt or bias group members’ search processes making
them unable to realize their full creative potential (Diehl &
Stroebe, 1987; Kohn & Smith, 2011; Lencioni, 2002; Pauhus
et al., 1993). While these studies have mostly focused on
fluency, it is not clear if interaction can have similar
detrimental effects on flexibility and originality (but see also
Larey & Paulus, 1999).
It is a scientific puzzle why social interaction seems to
positively stimulate creativity in some contexts while
inhibiting it in other contexts. Research on social interaction
and coordination, however, points to the fact that interaction
dynamics can vary from group to group and context to
context, and that these differences can have profound effects
on the outcomes of the social activity (Dideriksen et al., 2020;
Fusaroli et al., 2012; Fusaroli & Tylén, 2016). For instance,
joint performance on perceptual, categorization, and
problem-solving tasks has been shown to be contingent on
the extent to which group members coordinate their
dialogical turns and other aspects of their interactions. In a
study by Bjørndahl et al (Bjørndahl et al., 2015), utilizing an
open-ended LEGO construction task, it was found that
depending on the interaction style of the group, properties of
creative products would either be constituted by a mere
concatenation of individual group members’ ideas, or
presenting a single integrated group idea. It is, in other words,
not unlikely that properties of social interaction impact the
unfolding of collective cognitive search processes.

In an experimental study, we investigated how social
interaction dynamics affect collective creativity. Pairs of
participants collaborated in a computer game, creating
“beautiful and interesting” shapes by moving tiles on a large
touchscreen. We identified naturally emerging interaction
styles by applying k-means clustering on participants’ tile
moves. The game allowed us to quantify the unfolding creative
process in a well-defined search space. Pairs characterized by
a single dominating member tended to visit fewer areas of the
solution space, stay there longer and created on average more
(but less original) shapes. In contrast, pairs that took turns with
every tile move tended to explore more, stayed in each area of
the solution space for less time and created fewer (but more
original) shapes. While previous literature found conflicting
effects of ‘creating with another’, the current paper suggests
naturally emerging interaction styles as a differentiating factor
underlying how collective creativity unfolds.
Keywords: Collective creativity; divergent thinking; social
interaction; turn-taking; originality

Introduction
Many creative practices, for instance in research, design, and
art, unfold in collaborative contexts where several individuals
jointly search for novel, useful or interesting solutions (JohnSteiner, 2006). While many studies investigate the cognitive
processes involved in individual creative search (Kaufman &
Sternberg, 2010) and the effect of external factors such as
instructions and incentives on collective creativity (Baruah &
Paulus, 2009; Toubia, 2006), the effect of naturally emerging
social interactions is less clear. In an attempt to unravel
previous conflicting observations, this study investigates how
different naturally emerging styles of social interaction affect
the underlying dynamics of collective creativity.

Individual and Joint Creativity
In cognitive/experimental approaches, creativity is often
equated with divergent thinking, that is the ability to come up
with multiple solutions to a prompt (Runco, 2010). A creative
process is thus thought to be characterized by fluency (the
number of solutions provided within a set time frame),
flexibility (how different the solutions are), and originality
(how original the solutions are), and a creative individual is
one that is capable of producing many, different, and original
solutions.
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to “create beautiful and interesting” shapes by moving around
the tiles on a computer screen, and to save shapes they find
beautiful and interesting to a “gallery” for later collection and
appreciation. Notice that the task is open-ended with no
‘right’ or ‘wrong’ solutions, and thus attempts to capture the
creative exploration process - albeit in a simplified and
controlled environment - by which artists or designers
explore a space of possibilities in a particular medium
(Jennings et al., 2011; Simonton, 2003).

The ‘Solution Space’ Metaphor
Creative search is often portrayed using a spatial metaphor:
The search for novel and useful solutions is depicted as the
movement through an imaginative ‘space of solutions’
analogous to the navigation of a physical landscape (Spivey,
2008). Some creative ideas appear immediately accessible,
that is, “close” in space, while others are hard to find since
they are located “further away”. The distance between
solutions is thus constituted by their associative strength with
very related solutions occupying clusters of the space
(Baronchelli & Radicchi, 2013).
Applying this metaphor, it can be suggested that our mental
search for creative products unfolds as an ‘information
foraging’ process (Hart et al., 2017), similar to other mental
search tasks (Hills et al., 2008, 2010, 2012; Wilke et al.,
2009), and to actual spatial foraging done by humans (Kalff,
2010) and a variety of animals (Perry & Pianka, 1997; Scharf
et al., 2011). Such a foraging process is characterized by a
succession of alternating phases of scavenging and
exploration phases.
In this context, a scavenging phase is characterized by a
series of short paths traveled through space to collect multiple
closely related solutions, often belonging to the same
category, or area of the solution space. An exploration phase,
on the other hand, is characterized by a longer path traveled
in search for new categories or ideas. Different contexts of
cognitive search often present relatively stable patterns of
exploration and scavenging phases, captured for example in
the model of Levy flights (Baronchelli & Radicchi, 2013;
Szary & Dale, 2014). However, a specific creative process
can lean either toward more scavenging or more exploration.
A creative process leaning towards scavenging would yield
multiple solutions belonging to the same few categories. In
contrast, a creative process leaning towards exploration will
present solutions from a wider range of areas in the solution
space while possibly staying for a shorter time in each area,
demonstrating more cognitive flexibility.
Experimental tools that are usually applied to study
creative processes, such as the Alternative Uses Test (AUT)
(Gilhooly et al., 2007) focus on offline measures of the
creative products, in particular the fluency, originality and
flexibility of the collected solutions. In order to measure the
possible effect of naturally emerging social interaction on
both the creative products and the unfolding dynamic process
(the succession and distribution of scavenging and
exploration phases), we rely on a recently developed
paradigm, the Creative Foraging Game (CFG).

Figure 1: The Dyadic Creative Foraging Game. Two
participants were placed in front of a large touchscreen and
instructed to move 10 tiles around in order to create shapes
that are “interesting and beautiful” and save them to their
“gallery”.
Importantly, beyond relevant properties of the creative
products, the CFG makes it possible to record a number of
measures capturing the dynamics of the unfolding creative
process. Every move of a tile is recorded in spatial and
temporal coordinates making it possible to track how
participants search the solution space through phases of
exploration and scavenging (see Figure 2). This enables the
CFG to detect subtle effects of creative search, for example,
the first report on a placebo effect on open-ended creative
search: Participants who smelled a ‘creativity inducing’
odorant explored more relative to control participants
(Rozenkrantz et al., 2017).
In this study, we utilize a slightly modified version of the
CFG. In order to accommodate creative collaboration, the
game was presented on an 80-inch touchscreen allowing pairs
of participants to directly manipulate tiles to create and save
shapes. Participants did not receive instruction on how to
structure their collaboration but were left to self-organize.
This allows us to study how variability in naturally emerging
social coordination patterns impacts properties of collective
creative search and the resulting products.
Studies on collective creativity mostly fall to either the
input-output approach, where the focus is what happened
before and after the group interaction, or the process

The Creative Foraging Game
The Creative Foraging Game (Hart et al., 2017; Noy et al.,
2012) investigates open-ended creative processes in a welldefined space of geometric shapes, composed of ten
connected square tiles making up ~36k possible
configurations (see Figure 1 and 2). Starting from a common
starting point - a horizontal line - participants are instructed
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Figure 2: Investigating the creative process. An illustration of the process by which participants alternate between phases of
exploration (with few, unrelated gallery saves, depicted as small green circles on the timeline), and scavenging phases (with a
burst of similar gallery saves). Shapes in a scavenging phase often belong to semantic categories (e.g., “digits” as in
Scavenging 1 or “airplanes” as in Scavenging 3) but can also be abstract forms (as in Scavenging 2).
approach where the focus is what happened during the
interaction (Sawyer, 2012). Our approach can be seen as a
combination of both approaches as it gives quantitative data
both on process and product variables.
In particular, we focus on two process measures and two
product measures. The process measures capture the extent
to which the creative search is leaning more towards
exploration or scavenging, and participants’ propensity to
stay in a particular phase for longer or shorter time (for more
in-depth description to the measures, SER-α and SER-R, see
the method section and Figure 3). Notice that these measures
relate to the concept of cognitive flexibility in the sense that
a high flexibility is characterized by more exploration and
overall shorter phases of scavenging. The two product
measures are fluency (the number of shapes saved to the
gallery) and originality (the relative frequency of shapes).
Social interaction is a multifaceted phenomenon, the
richness of which can be difficult to measure. In this context,
we rely on video annotation of how pair members coordinate
the collective creation of shapes by taking turns in moving
around tiles on the screen. Interaction styles are identified
using unsupervised dynamical clustering on the transition
probabilities of tile-move-by-tile-move between pair
members (see the method section and Figure 4). We
hypothesize that the naturally emerging interaction styles
identified by this approach (e.g., a tendency for pair members
to take turns moving the tiles) will affect both the creative
search process and creative product measures in the dyadic
CFG.

Figure 3: The Scavenging-Exploration-Ratio (SER). In
order to derive relevant process measures of creative search,
we computed the length (L, number of tile moves) of each
exploration Le(i) and scavenging Ls(i) phase respectively.
For each game we then computed the vector
<median(Le(i)), median(Ls(i))>, illustrated by the current
plot. The polar coordinates (angle and radius) of each
vector gives us the Scavenging-Exploration-Ratio (SER),
composed of the angle SER-𝞪 and the radius SER-R.
Higher SER-𝞪 values indicates a tilt towards scavenging
relative to exploration, and values of SER-R indicates the
length of phases of both types (i.e. the propensity to move
in/out of a phase).

Methods and Materials
received a fixed monetary compensation of DKK 100 (~$15)
for their participation.

Participants
Fifty-two participants (35 females, 17 males, 0 other), with a
mean age 24.31 (std 6.21) took part in the experiment.
Participants were recruited from the participant pool of the
Cognition and Behavior Lab at Aarhus University and
consisted mostly of university students. Participants were
randomly assigned to pairs, and did not know each other in
advance. All signed informed consent in accordance with the
Aarhus University research ethical requirements and

Procedure
Participants were instructed to perform a collaborative
version of the Creative Foraging Game (CFG) (Hart et al.,
2017; Noy et al., 2012): an open-ended task requiring
participants to create shapes by moving around 10 green
square tiles on a screen. Built-in constraints in the game script
ensured that shapes would snap to allowed positions (with a
set distance between tiles), and that shapes were always fully
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Figure 4: Clustering of interaction styles. Based on the average transition probabilities between moves made by pair members
A and B, pairs are divided into four clusters using k-means clustering. Colored polygons represent the cluster convex hulls.
The axes represent the first two principal-components with their corresponding loadings. The clusters represent three basic
types of interaction: dominance, division-of-labor and turn-taking, illustrated by schematic examples on the right side. Each
blue/green square corresponds to a tile move by one of the pair members, and each line is a sequence of moves until a gallery
shape is saved (shown at the end of each sequence). From the top: dominance A – pair member A did most of the moves,
dominance B – pair member B did most of the moves, division-of-labor - the pair members switched after each gallery shape,
and turn-taking – the participants switched after each move.
connected (tiles could not be separated to two shapes). All
tile positions, movements, and gallery shapes were logged on
a Windows computer running a custom Python script.
To accommodate collaboration on the task, the game was
presented on an 80-inch touchscreen (see Figure 1).
Participants were instructed to jointly create “interesting and
beautiful” shapes and save them to their “gallery” by clicking
a window in the upper right corner of the screen. There was
no expectation or limit to the number of gallery shapes that
could be saved. Pairs received no further instruction on how
to collaborate, that is, they self-organized with respect to who
and how they moved around tiles and submitted resulting
shapes to the gallery. No instructions were given regarding
allowed communication, with some pairs talking a lot during
the session, some less. Interactions were video recorded using
a GoPro Hero 4 video camera. The game proceeded through
20 minutes after which it automatically terminated.

(A or B) made which tile move on the screen. That is, for each
gallery shape, we would have a time series of the tile moves
made by each of the participants to form that shape (see
Figure 4, right panel). In order to quantify different styles of
interaction, the time series were coded with respect to four
possible transitions: a tile move made by a pair member,
could be followed by another move by the same or by the
partner, giving in all four possible transitions: 1) A⇒A, 2)
A⇒B, 3) B⇒B, and 4) B⇒A. Across each pair and each
shape, we averaged the probability of each of the four
transitions and subjected these scores to dynamic
unsupervised clustering using k-means.
Since k = 4 gave well-separated and interpretable clusters,
we will proceed with these in the later analysis (see Figure 4,
left panel). However, the two cluster loading exclusively on
A⇒A or B⇒B will be collapsed, yielding three resulting
clusters: Dominance (n = 13): all moves are made
predominantly by one pair member (A or B), Division-oflabor (n = 6): A pair member perform a series of moves to
create and submit a whole shape before leaving the floor to
the partner who does the same, and Turn-taking (n = 3): pair
members take turns on a move-by-move basis to co-create
their shapes (Figure 4, right panel).

Analysis
Video annotation Due to malfunctioning of the video
equipment and corrupted files, only footage from 22 pairs
entered analysis. Videos were annotated by a research
assistant with respect to which of the two pair members
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Game Measures Four outcome measures are computed from
the pairs’ game play.
Flexibility is in this context operationalized as the ratio
between exploration and scavenging. Based on previous
studies relying on the CFG, the analysis builds on the
assumption that a game will go through alternating phases of
exploration and scavenging. A phase of scavenging follows
when participants upon ‘discovery’ of a category (e.g.
animals, airplanes or letters) create and submit multiple
shapes from that category. While this can be an effective way
of producing many candidate solutions to the task, a
prolonged phase of scavenging can also be interpreted as an
expression of cognitive fixation. In contrast, a phase of
exploration is characterized by free search, that is, when tiles
are moved around with no explicit aim to produce a particular
shape, and a prolonged phase of exploration could be
interpreted as an expression of cognitive flexibility.
An algorithm detected transitions between exploration and
exploitation phases based on move-by-move time differences
(Hart et al., 2017), and segmented participants' game
trajectories to exploration and scavenging phases (see the SI).
Based on this segmentation, we computed the median length
(measured by number of tiles moves, or steps) of exploration
and scavenging phases, and represented each game as a 2D
point in this space (see Figure 3). We denote these
coordinates as the Scavenging-Exploration-Ratio (SER),
with the angle SER-𝛼 representing the tendency to scavenge
or to explore (with lower values indicative of more
exploratory style), and the radius SER-R representing the
tendency to have longer or shorter phases overall.
Fluency is operationalized as a count variable expressing
the number of shapes saved to the gallery by a pair during the
20 minutes of game play. Notice that pairs were not instructed
to save as many shapes as possible - but only to save a shape
whenever they found it interesting and beautiful.
Finally, Originality is operationalized as the relative
frequency of submitted shapes based on a large corpus of
11,000+ shapes collected across a number of games
conducted in our lab. Less frequent shapes are considered
more original.
To compare flexibility across the detected interaction
styles, we build two Bayesian linear regression models
(family = gaussian) with SER-𝛼 and SER-R (z-scored) as
outcomes respectively, and interaction style (based on kmeans clustering) as predictor. Similarly, for fluency we
build a Bayesian Poisson regression model with the count of
gallery shapes as outcome and the interaction style as the
predictor. Last, since originality is not an aggregated variable
but calculated for each individual shape, we used a multilevel
model with shape frequency as outcome, interaction style as
predictor, and random intercept by pair. Since the shape
frequency data are heavily skewed towards low numbers we
modeled it as a negative binomial, which based on prior
predictive checks seemed to give the best fit. Full details on
predictors and model quality checks are provided in the SI
(https://osf.io/6tckf/?view_only=abea2029c2bf4e40a46961d
db8140333).

Differences between interaction styles for each game
measure were tested relying on Evidence Ratio (ER): the ratio
between the number of posterior samples compatible with a
hypothesis to that of those incompatible. Usually, values
below 3 indicate, at most, anecdotal evidence. Credibility is
a complementary measure to ER, indicating the percentage of
posterior samples supporting the hypotheses. All analyses
and data visualizations were carried out based on the brms,
tidyverse, factoextra, and patchwork packages for RStudio
(Bürkner, 2018; Kassambara & Mundt, 2020; Pedersen,
2020; RStudio Team, 2020; Wickham et al., 2019).

Results
Flexibility. SER-𝛼 differs between conditions, with divisionof-labor leaning more towards higher values (that is, more
scavenging) (M = 50.91, SD = 9.96), followed by dominance
(M = 48.17, SD = 12.55), while turn-taking has the lower
angle thus leaning towards exploration (M = 31.84, SD =
12.07). Notice that in the analysis and visualizations, these
values are z-scored. The difference between division-of-labor
and dominance is moderately credible, β = -0.38, 95% CI = 1.09 0.33, ER = 4.86, Credibility = 0.83, and so is the
difference between dominance and turn-taking, β = 0.62,
95%, CI = -0.36 1.58, ER = 5.6, Credibility = 0.85, while the
difference between division-of-labor and turn-taking is
stronger, β = 1.01, 95% CI = 0.01 1.98, ER = 19.40,
Credibility = 0.95 (see Figure 5A).
SER-R also differed between interaction styles with
dominance (M = 22.32, SD = 6.27) and division-of-labor (M
= 22.60, SD = 6.92) pairs on average staying longer in phases
of exploration and scavenging, compared to turn-taking (M =
16.72, SD = 4.56). These values are also z-scored in the
visualizations and the analysis. The difference between
dominance and division-of-labor is not credible, β = 0.1, 95%
CI = -0.63 0.84, ER = 1.47, Credibility = 0.59. Neither is the
difference between division-of-labor and turn-taking, β =
0.42, 95% CI = -0.64 1.51, ER = 2.91, Credibility = 0.74.
However, the differences between dominance and turntaking, β = 0.76, 95% CI = -0.28 1.80, ER = 8.30, Credibility
= 0.89 is moderately credible (see Figure 5B).
Fluency. The number of gallery shapes also differed as a
function of interaction style. Pairs whose interaction style
was characterized by dominance had the highest fluency (M
= 39.33, SD = 11.82), followed by division-of-labor (M =
34.90, SD = 10.78), and turn-taking (M = 26.33, SD = 9.45).
Dominance pairs had credibly higher fluency than divisionof-labor pairs, β = 3.79, 95% CI = 3.59 3.97, ER > 1000,
Credibility = 1, and turn-taking, β = 4.08, 95% CI = 3.82 4.34,
ER > 1000, Credibility = 1, and division-of-labor had
credibly higher fluency than turn-taking, β = 0.29, 95% CI =
0.08 0.51, ER = 67.96, Credibility = 0.98 (see Figure 5C).
Originality. The frequency of shapes also differed between
interaction types. Dominance pairs created the least original
shapes (those with the highest average frequency, M = 19.21,
SD = 22), followed by division-of-labor (M = 18.16, SD =

675

4

22.53), and turn-taking (M = 14.14, SD = 20.59). The
difference between dominance and division-of-labor was not
credible, β = 0.06, 95% CI = -0.11 0.24, ER = 2.35,
Credibility = 0.70. However, the differences between
dominance and turn-taking, β = 0.34, 95% CI = 0.01 0.72, ER
= 20.50, Credibility = 0.95, and between division-of-labor
and turn-taking, β = 0.28, 95% CI = -0.07 0.64, ER = 10.30,
Credibility = 0.91, are moderately credible (see Figure 5D).

Discussion
We applied the Creative Foraging Game (CFG) to measure
open-ended creative search at high-resolution in the context
of collective creativity. We identified three naturally
emerging social interaction styles when pairs played the CFG
together: (1) dominance (one player makes most of the
moves), (2) division-of-labor (participants alternate after
each product) and, (3) turn-taking (participants alternate in
every move). We find that turn-taking pairs behave
differently from both dominance and division-of-labor pairs.
Turn-taking pairs were more flexible: they showed a
tendency to explore more (Figure 4A) and were quicker to
exit scavenging or exploration phases (Figure 4B). Turntaking pairs showed lower fluency (Figure 4C), however,
collected more original (less frequent) products (Figure 4D).
These results show how variability in naturally emerging
social interaction affects unfolding collective creativity, with
pairs that converge on a turn-taking interaction style being
more flexible and creating more original products than pairs
organizing their interaction in other ways.
The differences between dominance and division-of-labor
pairs were less clear, with division-of-labor pairs showing a
tendency toward more scavenging than dominance pairs,
while dominance pairs showed higher fluency than divisionof-labor pairs (with no effects on length of phases or
originality). Our results contribute to the body of literature
investigating how properties of social interaction impact the
unfolding of collective creativity (e.g., Horwitz & Horwitz,
2007). A new emphasis of the current results is the possible
advantage of turn-taking in collective creativity. Turn-taking
is known to be correlated with positive outcomes of
conversations (Haan et al., 2021), and other joint actions
(Fusaroli et al., 2016). Turn-taking is also an intrinsic feature
of known open-ended collective creative practices such as
some forms of jazz (Berliner, 1994) and theater
improvisation. For example, in theater improvisation actors
are trained to build on each other's ideas using the ‘Yes!
and…’ principle, and to add only one new unit of information
in every turn (Johnstone, 2007; Spolin, 1999). With analogy
to the current task, in theater improvisation actors are
encouraged to move only one tile each time when they cocreate.
A somewhat surprising result of the current paper is that
turn-taking pairs show lower fluency. One possible
explanation lies with the specifics of the CFG. Participants
in the CFG have no lower or upper constraints on the number
of shapes they can choose to save to the gallery, and -

Figure 5: Results. The impact of interaction style on the
four game measures. Posterior mean estimates and standard
errors (error bars) are superimposed on the raw data each
representing one pair/game. A: SER-α (z-scored). Higher
values indicate a bias towards scavenging, while lower
values indicate a bias towards exploration. B: SER-R (zscored): Higher values indicate staying longer in exploration
and scavenging phases, while lower values indicate quicker
exits. C: Fluency (number of gallery shapes saved in each
game). D: Originality measured as the average frequency of
saved gallery shapes. Lower values (less frequent shapes)
represent more original games.
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contrary to the AUT - there is no instruction to save as many
shapes as possible.
In principle, a participant could save only very few gallery
shapes, or save a new gallery shape after every move. In
practice, participants tend to save at low frequency in
exploration phases, and at high frequency in scavenging
phases, where they often rapidly collect a few similar shapes
(see Figure 2). In fact, this pattern of behavior constitutes the
base for the automatic algorithm that segments games into
exploration and scavenging phases (Hart et al., 2017). This
suggests a fluency/exploration trade-off in the CFG, and as a
consequence, as turn-taking pairs perform more exploration,
they collect less gallery shapes than dominance and divisionof-labor pairs.
The low fluency of turn-taking pairs might also be
explained by production blocking, which refers to any aspect
of a group’s dynamic that leads to a reduction in the number
of products generated (Sawyer, 2012). For example, in
brainstorming, the fact that only one person can speak at a
time can be such a factor (Diehl & Stroebe, 1987). As turntaking entails more transitions between the pairs, this
overhead could be suspected to cause lower fluency.
An interesting aspect of the current results of turn-taking
pairs is that despite their lower fluency, they show higher
originality scores. This is surprising since existing literature
has often found correlations between fluency and originality
(Silvia, 2008; Torrance, 2008).
Together, our observations suggest a larger lesson for
creativity research: collective creativity is not a ‘one-sizefits-all’ phenomena. While creativity has often been
portrayed as a more or less stable property of an individual,
our observations point to creativity as a phenomenon - at least
partially - emergent upon the particular social context.
Collective creativity can under some scenarios support
crucial aspects of the creative process while hindering other
aspects. For example, turn-taking seem to stimulate wider
exploration leading to more original products, but on the
expense of fluency. The reverse pattern (less originality and
more fluency) is promoted with other social dynamics, for
example dominance. In the current work these interaction
styles occurred spontaneously within the activity. Future
studies could try to impose specific scenarios, for example,
by telling pairs to perform turn-taking or division-of-labor,
and to test the effect of this manipulation on the creative
process (McGraw et al., 2014).
Another line of inquiry concerns the psychological and
dynamical factors that might lead to the emergence of
different interaction styles in collective creativity. For
instance, it can be speculated that attachment-orientations
(the basic internal model of relationship) influence people's
tendency to explore together with a partner, since according
to the theory, the main function of the attachment system is
to provide a safe base for future exploration. People with a
secure attachment style should be more easily drawn to a
turn-taking interaction style, while people who score high on
avoidance attachment often display a strong sense of
autonomy and self-reliance (Mikulincer & Shaver, 2016) and

should be more attracted to dominance or division-labor
interaction styles. A practical advantage of working with
attachment tendencies is the existence of established tools for
measuring (e.g., the ECR, Brennan et al., 1998), and
experimentally manipulating attachment orientations (e.g.,
‘secure priming’, Mikulincer et al., 2011). We speculate that
participants’ attachment orientation plays an important role
in setting the creative products and process in the dyadic
CFG, and more generally, in collective creativity.
Our discussion so far has focused on the behavior of pairs
in the dyadic CFG, comparing different styles of interaction.
Another interesting comparison is with individual
participants playing the CFG alone. For example, looking at
Figure 5D, we might expect individual participants to
perform more similarly to dominance pairs (choosing fewer
original shapes), than to turn-taking pairs (choosing more
original shapes). However, it is an open question if
individuals are more or less original than pairs. A likely
answer is neither, that is, they will span the whole range of
Figure 5D.
In other words, we believe that some styles of social
interaction (e.g. dominance) might push pairs to behave
similarly to a subgroup of individuals who tend to scavenge
more and be less original, while other social interaction (e.g.
turn-taking) will push pairs to behave like individuals who
explore more and are more original (but less fluent). As
hinted above, our position is that both of these types are
important for creativity. At some phases of a creative process,
it might be more beneficial to collect a lot of similar and
useful solutions, while at other phases exploration and
originality are more important. The current paper suggests
that collective creativity can be honed to these different
‘roles’ by pushing the system to specific dynamics of creative
interaction.
An important limitation of the current study is the
unbalanced number of pairs belonging to the three interaction
styles. Only 3/22 pairs were classified to belong to the turntaking style, which warrants great caution when interpreting
the results. Future studies should seek to replicate the setup
to ensure that our observations are in fact driven by
interaction style and not coincidental group compositions. In
addition, the operationalization of interaction styles in this
study is possibly only a rough approximation of what actually
went on in the creative collaborations. A pair classified as
having a “dominant” interaction style could in principle have
a very dynamic collaborative style jointly deciding on every
move of the tiles, while it is just one pair member that - out
of convenience - performs the actual moves on the screen. It
could thus be interesting to complement current analyses with
measures representing pair members’ verbal interactions
(Fusaroli et al., 2016).
Last but not least, the CFG is a very open-ended task.
Participants are not explicitly instructed to produce many or
original shapes. It would thus be interesting to test other
versions of the task varying the instructions, to investigate
how interaction styles affect creative search also under more
explicit constraints or different incentive structures.
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Kathrine Bredahl, Signe Kortegaard Iversen, and Mina
Almasi for assistance with data collection and annotation. We
are also grateful to Yuval Hart for pointing us to SER data as
polar coordinates. The reported research was funded by seed
grants from the Interacting Minds Centre, and the School of
Communication and Culture, Aarhus University. The
reported results are part of the PhD thesis of the first author.

References
Bahrami, B., Olsen, K., Latham, P. E., Roepstorff, A., Rees,
G., & Frith, C. D. (2010). Optimally interacting minds.
Science (New York, N.Y.), 329(5995), 1081–1085
Baronchelli, A., & Radicchi, F. (2013). L\’evy flights in
human behavior and cognition. Chaos, Solitons &
Fractals, 56, 101–105
Baruah, J., & Paulus, P. B. (2009). Enhancing group
creativity: The search for synergy. In E. A. Mannix, J. A.
Goncalo, & M. A. Neale (Eds.), Creativity in Groups
(Vol. 12, pp. 29–56). Emerald Group Publishing Limited
Berliner, P. F. (1994). Thinking in Jazz: The Infinite Art of
Improvisation. University of Chicago Press
Bjørndahl, J. S., Fusaroli, R., Østergaard, S., & Tylén, K.
(2015). Agreeing is not enough: The constructive role of
miscommunication. Interaction Studies: Social Behaviour
and Communication in Biological and Artificial Systems,
16(3), 495–525
Brennan, K. A., Clark, C. L., & Shaver, P. R. (1998). Selfreport measurement of adult attachment: An integrative
overview. In Attachment theory and close relationships
(pp. 46–76). The Guilford Press
Bürkner, P.-C. (2018). Advanced Bayesian Multilevel
Modeling with the R Package brms. The R Journal, 10(1),
395
Dideriksen, C., Christiansen, M., Tylén, K., Dingemanse,
M., & Fusaroli, R. (2020). Building common ground:
Quantifying the interplay of mechanisms that promote
understanding in conversations. PsyArXiv
Diehl, M., & Stroebe, W. (1987). Productivity loss in
brainstorming groups: Toward the solution of a riddle.
Journal of Personality and Social Psychology, 53(3),
497–509
Fusaroli, R., Bahrami, B., Olsen, K., Roepstorff, A., Rees,
G., Frith, C., & Tylén, K. (2012). Coming to terms:
Quantifying the benefits of linguistic coordination.
Psychological Science, 23(8), 931–939
Fusaroli, R., Bjørndahl, J. S., Roepstorff, A., & Tylén, K.
(2016). A heart for interaction: Shared physiological
dynamics and behavioral coordination in a collective,
creative construction task. Journal of Experimental
Psychology: Human Perception and Performance, 42(9),
1297–1310
Fusaroli, R., & Tylén, K. (2016). Investigating
Conversational Dynamics: Interactive Alignment,
Interpersonal Synergy, and Collective Task Performance.
Cognitive Science, 40(1), 145–171

678

7

of group brainstorming performance. Creativity Research
Journal, 12(3), 175–184
Lencioni, P. M. (2002). The Five Dysfunctions of a Team: A
Leadership Fable (1st edition). Jossey-Bass.
McGraw, J. J., Wallot, S., Mitkidis, P., & Roepstorff, A.
(2014). Culture’s building blocks: Investigating cultural
evolution in a LEGO construction task. Frontiers in
Psychology, 5
Mikulincer, M., & Shaver, P. R. (2016). Attachment in
Adulthood, Second Edition: Structure, Dynamics, and
Change (Second edition). The Guilford Press
Mikulincer, M., Shaver, P. R., & Rom, E. (2011). The
effects of implicit and explicit security priming on
creative problem solving. Cognition and Emotion, 25(3)
Noy, L., Hart, Y., Andrew, N., Ramote, O., Mayo, A., &
Alon, U. (2012). A quantitative study of creative leaps
ICCC 2012, p. 72–76
Pauhus, P. B., Dzindolet, M., Poletes, G., & Camacho, L.
(1993). Perception of Performance in Group
Brainstorming: The Illusion of Group Productivity.
Personality and Social Psychology Bulletin, 19(1)
Pedersen, T. L. (2020). patchwork: The Composer of Plots
(1.1.1) [Computer software]. https://CRAN.Rproject.org/package=patchwork
Perry, G., & Pianka, E. R. (1997). Animal foraging: Past,
present and future. Trends in Ecology & Evolution, 12(9),
360–364
Rozenkrantz, L., Mayo, A. E., Ilan, T., Hart, Y., Noy, L., &
Alon, U. (2017). Placebo can enhance creativity. PloS
One, 12(9), e0182466
RStudio Team. (2020). RStudio: Integrated Development
Environment for R. RStudio, Inc. http://www.rstudio.com/
Runco, M. A. (2010). Divergent thinking, creativity, and
ideation. In The Cambridge handbook of creativity (pp.
413–446). Cambridge University Press
Sawyer, R. K. (2012). Explaining Creativity: The Science of
Human Innovation (Second Edition). Oxford University
Press.
Scharf, I., Lubin, Y., & Ovadia, O. (2011). Foraging
decisions and behavioural flexibility in trap-building
predators: A review. Biological Reviews of the
Cambridge Philosophical Society, 86(3), 626–639
Silvia, P. J. (2008). Creativity and Intelligence Revisited: A
Latent Variable Analysis of Wallach and Kogan (1965).
Creativity Research Journal, 20(1), 34–39
Simonton, D. K. (2003). Scientific creativity as constrained
stochastic behavior: The integration of product, person,
and process perspectives. Psychological Bulletin, 129(4),
475–494
Spivey, M. (2008). The Continuity of Mind. Oxford
University Press.
Spolin, V. (1999). Improvisation for the theater: A
handbook of teaching and directing techniques (3rd ed).
Northwestern University Press.
Szary, J., & Dale, R. (2014). Familiarity Modulates the
Dynamics of Collaborative Inhibition in a Trivia Game.

Proceedings of the Annual Meeting of the Cognitive
Science Society, 36(36
Taylor, D. W., Berry, P. C., & Block, C. H. (1958). Does
group participation when using brainstorming facilitate or
inhibit creative thinking. Administrative Science
Quarterly, 23-47
Torrance, E. P. (2008). Torrance tests of creative thinking.
Scholastic Testing Service.
Toubia, O. (2006). Idea Generation, Creativity, and
Incentives. Marketing Science, 25(5), 411–425
Wahn, B., Kingstone, A., & König, P. (2017). Two Trackers
Are Better than One: Information about the Co-actor’s
Actions and Performance Scores Contribute to the
Collective Benefit in a Joint Visuospatial Task. Frontiers
in Psychology, 8
Wickham, H., Averick, M., Bryan, J., Chang, W.,
McGowan, L., François, R., Grolemund, G., Hayes, A.,
Henry, L., Hester, J., Kuhn, M., Pedersen, T., Miller, E.,
Bache, S., Müller, K., Ooms, J., Robinson, D., Seidel, D.,
Spinu, V., … Yutani, H. (2019). Welcome to the
Tidyverse. Journal of Open Source Software, 4(43), 1686
Wilke, A., Hutchinson, J. M. C., Todd, P. M., &
Czienskowski, U. (2009). Fishing for the right words:
Decision rules for human foraging behavior in internal
search tasks. Cognitive Science, 33(3), 497–529
Woolley, A., & Fuchs, E. (2011). Collective Intelligence in
the Organization of Science. Organization Science, 22,
1359–1367

679

8

Categorization in Environments that Change when People Learn
Manuel Villarreal (jesusmv1@uci.edu)
Sahar Vaday (svaday@uci.edu)
Michael D. Lee (mdlee@uci.edu)
Department of Cognitive Sciences, University of California, Irvine
3151 SSPA, Irvine, CA 92697-5100 USA

people’s decisions.1 Assuming that category learning is independent of category structure may be appropriate in some
situations, at least as an approximation. For example, starting
from house telephones, the technological development that
led to the sudden introduction of car phones, then mobile
phones, and then smartphones has required people to change
how they categorize stimuli as phones. This learning process,
however, has not influenced technological development. As
another example, the seasons drift cyclically largely independent of the categories people learn. This means that people
adapting their categorization from Finland being an undesirable vacation destination in winter to a desirable one in summer does not influence the weather in Helsinki.
These examples hint, however, at the limits of the independence assumption. People’s ability to learn to use new
devices as phones creates longer-term markets for technological development. Similarly, the independence of people’s behavior from temperature fluctuation only holds for those categories and time scales that do not involve human-influenced
global warming. It is generally not the case that the dynamics of an environment are completely decouple from people’s
learning and behavior in that environment.
Accordingly, it is not hard to identify real-world category
learning situations in which people’s learning and environmental dynamics are tightly coupled, with changes in categorization behavior leading to changes in the category structures being learned. In the natural world, one cause of virus
mutation, along with copying error and select cell pressure,
is a change in the immunity of potential hosts (Sugak, Martynyuk, & Drozd, 2015). This means that as society develops better treatments the virus environment changes. Loosely
speaking, as the categorization problems involved in providing immunity—correctly classifying treatments as effective
or not effective—is solved, the categorization problem itself
changes as a consequence. In the human-constructed world,
phishing scams continually need to adapt to evade spam filters (El Kouari, Benaboud, & Lazaar, 2020). The spam filters

Abstract
Most studies of human category learning involve category
structures that do not change, or that change in a way that
is independent of people’s categorization behavior. We consider the situation in which successful category learning causes
categories to change. In an experiment, participants learned
from feedback whether animals are healthy or diseased. Once
their categorization accuracy was near-perfect, the category
structure changed so that different animals became diseased.
Based on exploratory data analysis and the application of two
category learning models, we argue that, once they detect a
category change, people retain what they have learned about
healthy animals, but reset what they have learned about diseased animals. We discuss future modeling goals and emphasize the need for learning models to study situations in which
people’s behavior impacts the dynamics of the environment in
which learning takes place.
Keywords: category learning; changing environments; dynamic environments; categorization models

Introduction
Most studies of human category learning involve fixed categories (e.g., Feldman, 2000; Shepard, Hovland, & Jenkins,
1961; Smith & Minda, 2000). This is appropriate for understanding how people learn about stable concepts. It is reasonable to assume that many natural kinds —fruits, insects,
weapons, and so on—have stable relationships between stimuli and categories. For example, the assignment of rocks to
categories like obsidian, basalt, and granite involves a stable
category structure (Nosofsky, Sanders, & McDaniel, 2018).
The assignment of colors to categories like red, blue, and yellow involves cultural differences in the available categories
and assignments (Regier, Kay, & Khetarpal, 2007), but those
structures are largely stable within a culture.
Some category learning studies use more dynamic environments, in which categories change over time. The change
could be a sudden reassignment of stimuli to different categories, or a gradual drift in the probability that stimuli belong to categories (e.g. Estes, 1984; Gallistel, Mark, King,
& Latham, 2001; Navarro, Perfors, & Vong, 2013; Speekenbrink & Shanks, 2010; Kruschke, 1996). These tasks are appropriate for understanding how people adapt to new category
structures and non-stationary environments. Most of these
previous studies determine the dynamics of environmental
change ahead of time, and assume that change is independent of participant behavior. Category learning studies rarely
consider dynamic environments that change in response to

1 Perhaps
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the closest example is the Wisconsin Card Sorting Test
(WCST: Dehaene & Changeux, 1991; D’Alessandro, Radev, Voss,
& Lombardi, 2020), in which participants have to organize a set
of cards base on an underlying rule. As performance improves the
rule can change. The main difference is that rules in the WCST
are typically based on a single stimulus dimension, such as color or
shape. In general, the relationship between stimuli and categories is
more complicated than a single dimension.

In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

Figure 1: The four category structures. The 21 animal stimuli are represented as points arranged so that more semantically
similar animals are located nearer each other. The four diseases are represented by colored regions that encompass those
animals that have the disease.
the diseases, horse and deer belong to the diseased category
for exactly half the diseases, and a large number of animals always belong to the healthy category. The category structures
vary between five and eight diseased animals, so disease is
always the lower base-rate category.

solve a categorization problem to separate email stimuli into
legitimate and blocked categories. As the accuracy of filters
improves, the nature of the categorization problem changes,
with new phishing attacks developed.
In this paper we study people’s category learning behavior in a task for which the category structure being learned
changes when people become sufficiently accurate. Over a
sequence of trials, people are asked to categorize animals as
healthy or infected with some disease, based on feedback provided after every trial. Once they reach a high level of accuracy, the category structure changes, so that a different set of
animals become diseased. The environmental change is not
signaled other than through the change in feedback for specific animals on individual trials. We are interested in how
people perform in this learning situation, for which environmental dynamics are linked to their category learning.

Procedure
All participants completed 210 categorization trials. On each
trial, an animal was presented as a picture with an accompanying text label. The same picture was used every time
that animal was presented. Participants were required to categorize the animal as “healthy” or “diseased”. They then received feedback of the form “wrong, the horse is diseased”,
informing them whether their response was correct and making explicit the correct classification. At the top of the interface a set of 210 slots was shown, corresponding to the 210
trials. Completed correct responses were shown as black circles, completed incorrect responses were shown as crosses,
and trials yet to be completed were shown as gray circles.
This information was updated after every trial.
If, at any point in the sequence of trials, the participant had
correctly categorized 18 or more out of the last 21 animals,
the category changed. The study information sheet told participants that “It is possible that whether or not a particular
animal is healthy could change over the course of the experiment,” but a change in category structure was not indicated in
any way during the experiment. The animals were presented
in a random order, subject to the constraint that no animal
be presented twice within the same disease category until all
other animals had been presented. The experiment was completed after 210 trials, regardless of the participant’s accuracy.
Three different sequences of transitions from one category
structure to the next were used. We refer to these sequences
as conditions. Condition 1 started with anthrax, followed by
lentivirus, cryptococcosis, and foot and mouth. Condition 2
started with anthrax, followed by foot and mouth, cryptococ-

Experiment
Participants
38 undergraduate student participants at the redacted to satisfy anonymous submission requirements completed the
experiment for course credit.

Stimuli
The stimuli were 21 animals and the four category structures corresponded to four real-world diseases: cryptococcosis, foot and mouth, lentivirus, and anthrax. Figure 1 shows
the set of stimuli, and their assignment to the healthy and
diseased categories for all four diseases. The animals are represented as points using non-metric multidimensional scaling
as a visualization method (Kruskal, 1964), based on similarity
data reported by Westfall and Lee (2021). The animals with
each of the diseases are contained within colored regions.
It is clear there is considerable overlap between the four
category structures and the differences between them are subtle. Sheep and cow belong to the diseased category for all of
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Figure 2: Category learning performance for all 38 participants. Each panel corresponds to a participant, with colored lines
showing their average proportion of correct responses on the last 10 trials with the current category. Changes in category are
shown by different colors. The participant panels are arranged so that the top two rows correspond to the first condition, the
middle two rows correspond to the second condition, and the bottom two rows correspond to the third condition.
cosis, and lentivirus. Condition 3 started with foot and mouth,
followed by lentivirus, cryptococcosis, and anthrax. A total of 14, 13, and 11 participants completed conditions 1, 2,
and 3 respectively, in a between-participants design. These
sequences were intended to allow comparisons that focus
on specific research questions. For example, always having
cryptococcosis as the third disease allows a controlled comparison of the impact of the previous two diseases on learning.

transfer of learning from one category to the next.
There are also clear individual differences. For example,
participant 28 learns the first foot and mouth disease category
quickly, whereas participant 38 takes many trials to reach the
criterion level of accuracy. Interestingly, however, participant
28 then takes many trials to learn the subsequent lentivirus
disease, whereas participant 38 now learns quickly.

Results

Each of the four disease categories are about equally difficult to learn. Aggregated over all participants, and all of their
attempts at learning the categories, the mean (standard deviation) number of trials to learn is 46.7 (22.0) for cryptococcosis, 52.0 (27.5) for foot and mouth, 39.0 (26.8) for lentivirus,
and 41.8 (25.2) for anthrax. The Bayes factor for a one-way
ANOVA is greater than 1000 in favor of these distributions
having the same mean, rather than independently different
means. This is evidence that the average number of trials that
it takes participants to learn does not depend on the category.
Figure 3 provides a vertical histogram of learning times,
considering both the disease category and its position in the

Trials Needed to Learn Categories

Figure 2 shows the category learning performance of all 38
participants. Each panel corresponds to a participant and the
panels are organized by condition. The colored lines show
the average proportion of correct responses over the last 10
trials for the current disease category. Different diseases are
indicated by different colors. For most participants, there is
a clear pattern of a sudden decrease in accuracy following a
change and then subsequent learning of the new disease category. After learning the first disease in their sequence, most
participants maintain an average accuracy well above chance
for the remaining diseases, which suggests some beneficial
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Figure 4: Accuracy for different patterns of change between
diseased and healthy animals across category changes. The
four lines correspond to the different transitions between
healthy and disease categories, showing the average accuracy
across all participants, stimuli, and changes for the 21 trials
leading up to the change and the 21 trials after the change.

Figure 3: The distribution of the number of trials needed to
learn the category at each position in the sequence. The distributions for conditions 1, 2, 3 are shown from left to right
at each position. Distributions are colored according to the
disease category. The dotted gray line shows the minimum of
21 trials needed to demonstrate learning.

Accuracy Before and After Category Changes
learning sequence. The width of each square shows the frequency with which participants took that number of trials to
learn that category in that position . Only the first four positions are considered, corresponding to the first time a participant encountered each disease category. For each position,
there are three possibilities, corresponding to the three conditions. There is little evidence of differences in the learning
distributions across the four positions. The Bayes factor for
a one-way ANOVA is greater than 1000 in favor of sameness. Comparing the same disease in different positions also
shows few differences. A t-test comparison of group means
for anthrax in the first versus fourth positions provides an inconclusive Bayes factor of 2.0 in favor of a difference. Comparing lentivirus in the second and fourth positions provides
a Bayes factor of 5.4 in favor of sameness. Comparing the
three distributions of cryptococcosis which involve different
prior learning experiences across the conditions, a one-way
ANOVA provides a Bayes factor of 9.3 in favor of sameness.

There are four possible patterns of category association for
an animal over a change in category structure. An animal
can be diseased in both categories, healthy in both, change
from being healthy to diseased, or change from being diseased to healthy. Figure 4 shows the change in accuracy for
these four different possibilities, for the 21 trials following a
category change. It also shows accuracy for the diseased and
healthy animals in the original category structure for the 21
trials leading up to a category change. The measures of accuracy are aggregated over all participants, animal stimuli, and
disease category transitions.
Leading into the category change, most learning is evident
for the diseased animals, with the healthy animals generally
already being accurately categorized throughout. After the
category change, those animals that remain healthy continue
to be accurately categorized. Animals that continue to be diseased, in contrast, are suddenly much less well categorized,
with accuracy falling to around 50%. This is about the same
level as animals that have changed from being healthy to diseased. There is an even more drastic drop in accuracy for
animals that were healthy but have become diseased.
One interpretation of this pattern of results is that participants assume that the healthy animals continue to be healthy
after a category change, but decide to re-learn the diseased animals. The assumption of stability in healthy animals is consistent with high healthy-healthy accuracy but low healthydisease accuracy. The assumption of re-learning the diseased category is consistent with disease-disease and diseasehealthy having the same moderate accuracy, independent of
whether or not the now diseased animals changed category.

Overall, there are neither strong nor systematic differences
in the distributions of the number of trials needed to learn
the different categories at different positions in the sequence.
This is an interesting finding. On the one hand, the overlap between the different categories shown in Figure 1 means
there is clearly some transfer advantage from prior learning.
Many of the animals learned to be healthy, for example, will
remain healthy. On the other hand, the similarity of the categories means prior learning could interfere with the finegrained distinctions needed to master a new disease. The
results in Figure 2 suggest these transfer and interference effects tend to balance each other out.
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Figure 5: Model performance for three representative participants. The lines show the smoothed accuracy of the behavioral
data, the basic model, and the reset model. The x-axis tick marks indicate the trials at which a category change occurred.

Modeling

features in Equation 1 provides a measure of the difference
between animals i and j, consistent with the contrast model
(Tversky, 1977). The exponentiation corresponds to a standard form of generalization gradient (Shepard, 1987), with a
decay parameter σ > 0. We use the features for the animal
stimuli found using similarity modeling by Westfall and Lee
(2021). The association between the animal i and category k
(i.e., healthy or diseased) is represented by a weight wik , all
of which start at zero for the first category. When animal i is
presented, the overall response strength for each category is
calculated as
rik = ∑ si j w jk ,
(2)

Many standard models of trial-by-trial category learning with
feedback rely on incremental learning rules that adjust the associations between stimuli and categories (Kruschke, 2008;
Shanks, 1991). Combining this approach to learning with
similarity-based generalization gradients, based on exemplar
representation of stimuli, has been shown to avoid catastrophic forgetting (Kruschke, 1993), and leads to the influential ALCOVE model (Kruschke, 1992) and its variants. We
base our modeling on the version of ALCOVE developed by
Lee and Navarro (2002) that relies on feature-based representations, since the animal stimuli seem better represented in
terms of high-level cognitive features than low-level perceptual dimensions.
Our empirical results, especially through the analysis in
Figure 4 suggest that adaptation to category change can be
understood in terms of what associations are preserved and
reset when the category changes. To explore this intuition, we
compare a basic model with only incremental learning against
an extended model that resets the associations for previously
diseased animals after each category change.

j

which provides a response probability
P (R = k | i) =

exp (φrik )
,
∑g exp (φrig )

(3)

where φ > 0 is a response determinism parameter.
Once a decision has been made and feedback received, a
standard delta learning rule is used to update the association
weights (Sutton & Barto, 1998)

Two Learning Models
∆w jk = λ(tk − rik )si j ,

Formally, the similarity between animal i and j is represented
by si j which are calculated as
 

si j = exp −σ ∑ fix (1 − f jx ) + ∑(1 − fix ) f jx , (1)
x

(4)

where 0 ≤ λ ≤ 1 is a learning rate parameter and tk is the
teacher signal for category Ck . Following Kruschke (1992)
the “humble” teacher feedback is
(
max (+1, rik )
if i ∈ Ck
tk =
(5)
min (−1, rik )
if i ∈
/ Ck .

x

where the fix are binary features, with fix = 1 if the animal
has feature x and fix = 0 if it does not. The combination of
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The learning rule for the weights is designed to minimize the
sum-squared difference between the response strengths and
teacher values.
In the extended “reset” model, associations for the disease
category are reset to zero when a category changes. This is
consistent with the observation that accuracy for animals that
had previously been diseased is relatively low after the category change, regardless of their new category membership.

(e.g., Lee, Newell, & Vandekerckhove, 2015).
There is also a broader cognitive science literature from artificial intelligence and machine learning in concept and context drift that is relevant for understanding how participants
performed in our task (Iwashita & Papa, 2018; Widmer &
Kubat, 1996). For example, Devaney and Ram (1996) study
small changes in category structure for the same set of stimuli. This is the same basic situation as we studied, as the overlap between categories in Figure 1 shows. They develop a
COBWEB account of this sort of category drift, using a modeling framework rooted in economic models of market fluctuations. As alternative modeling approaches, Maloof (2003)
develops a system that adapts by removing irrelevant examples of old concepts, Koychev (2007) presents a statistical
method based on making inferences about change points, and
D’Alessandro et al. (2020) develops a Bayesian model that relies on a probability distribution over possible states and the
interactions between responses and feedback on each state.

Modeling Results
We applied both the basic and reset models to the category
decisions made by the 34 participants who performed well
enough to encounter each disease category at least once. The
two models were fit independently for each participant using
maximum likelihood, optimizing the σ, φ, and λ parameters.
At the maximum-likelihood values, the basic model agrees
with the behavioral data for 76% of trials. The reset model
agrees on 81% of trials. This improvement is consistently
shown at the participant level, with 30 out of 34 participants
better described by the reset model.
Figure 5 provides insight into how the reset model improves upon the basic model. It shows the accuracy over trials
of both models and the behavioral data for three representative participants, with one participant chosen from each condition. The reset model is generally able to describe performance between category changes a little better than the basic
model, although both are far from perfect. The reset model is
often significantly better, however, at describing the participants’ behavior immediately after a category change. The basic model regularly shows very low accuracy for a few trials,
whereas the reset model shows patterns of accuracy qualitatively more consistent with participant performance. This discrepancy does not happen after every category change. There
are exceptions in which a participant does drop to very low
accuracy after a category change. Overall, however, the additional assumptions in the reset model seem to capture an
important aspect of participant behavior that often occurs.

Discussion
We considered a category learning experiment in which people’s success in learning whether animals were healthy or
diseased caused changes to those categories. Our analysis
suggested that people adapt to the changing categories by
preserving their knowledge about healthy animals, but discarding information about diseased animals. A model that
incorporated this insight provided a better account of people’s behavior than a standard incremental associative learning model.
An interesting question is why there is an asymmetry between the disease and healthy categories. It seems participants actively re-learned the diseased animals but not the
healthy animals after a category change. One possible explanation for this difference is in terms of the category structures
shown in Figure 1. Many animals are healthy in all of the
categories, whereas only two animals are always diseased. A
different, potentially complementary, explanation is in terms
of the semantics of the categories. It seems natural to treat the
category learning task requiring the concept of “diseased animals” to be learned. This would naturally lead to an emphasis
on positive instances of the category (Tenenbaum & Griffiths,
2001), meaning animals categorized as diseased are the focus
of re-learning after a category change. Further experimental
work, with different category structures and category labels
is needed to distinguish and evaluate these possibilities.
People learn about their world in order to guide their future decisions and actions. This means that learning can impact the world, and introduces a coupling between what people learn as their environment changes and how the environment actually does change. Thus, restricting the study of category learning, or any learning or decision-making process, to
static environments or environments that change independent
of people’s behavior, fails to consider an important aspect of
human learning.

Limitations and Extensions
There is an obvious need to test the generality of our results
using other stimuli, categories, and category structures. In
particular, as Figure 1 shows, all of the disease categories we
used had large overlap, and contained a minority of stimuli.
Other base-rates and greater variability between categories
need to be considered.
Our modeling also provides only a small first step toward
understanding people’s behavior. The reset mechanism is
crude and there are plausible alternatives. In particular, attention shifts provide a mechanism that could account for how
people quickly learn as categories change (Kruschke, 2003).
In addition, the reset model assumes that people detect the
category change accurately and immediately. A more complete model needs to account for how people identify that
the category structure has changed. There are some psychological theories and cognitive models of adaptation and selfregulation in learning that provide possible starting points
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Abstract

However, directly accessing these structures in experiments is challenging. As a result, it is more common to focus
on the judgments and choices people make that are guided
by their category structures, e.g., judgments of similarities
between pairs of items. Then, one can infer the category
structures that are most consistent with participants’ similarity judgments. One of the most prominent approaches to infer
these category structures is multidimensional scaling (MDS;
Shepard, 1980). MDS is a method that assumes that the observed data, usually similarities between items, results from
the items’ distances in a geometric psychological space.
For example, if a participant deems oranges and limes similar but apples dissimilar from both, MDS would attempt to
position oranges and limes close together in psychological
space while keeping apples further away. This example highlights two important properties of the category representations that MDS finds: First, the dimensionality of the geometric space directly affects how closely the distances can
mimic the similarity data. For some data, like the fictitious
participant who deems oranges and limes similar, but not apples, even 1-dimensional spaces (a line) can be sufficient. On
the other hand, high-dimensional spaces might be required to
faithfully capture similarity judgments for complex data.
Second, the geometric spaces that explain participants’
judgments do not have to match the perceptual features of the
stimuli. In our example, limes share colors with some apples,
but this similarity may be incidental to a person who knows
about typical textures and shapes of these fruits. Since MDS
is often used to uncover these psychological phenomena, the
recovered spaces are called psychological spaces. MDS has
been a crucial tool in uncovering psychological spaces ranging from the perception of colors to facial expressions (for
an introduction and overview, see Borg & Groenen, 2005).
Moreover, data obtained via MDS have been vital in developing models of human cognition, such as the universal law of
generalization (Shepard, 1987).

Capturing the structure of human conceptual knowledge is a
challenging but fundamental task. The most prominent approach, Multidimensional Scaling (MDS), usually requires
many similarity judgments, which leads to long experiments,
and only provides a representation of a fixed set of stimuli. In
contrast, we present a more flexible method that can generalize
to novel stimuli. This method uses a child-friendly task that
allows researchers to uncover the development of categories
with fewer participant judgments. We evaluate this approach
on simulated data and find that it can accurately reveal representations even when trained on data generated by groups that
categorize differently. We then analyze data from the World
Color Survey and find that we can recover language-specific
color organization. Finally, we use the method in a novel developmental experiment and find age-dependent differences in
how fruit categories are structured. These results suggest that
our method is widely applicable in developmental tasks.
Keywords: Categorization, psychological spaces, child development

Introduction
The ability to form categories develops in early infancy
(Quinn, Eimas, & Rosenkrantz, 1993) and allows us to extract
useful and generalizable features from individual exemplars
across a variety of everyday tasks. For example, when people
go grocery shopping, they rarely search for “green things”, or
“sweet things”. Instead, people shop based on categories, like
“apples” or “candy”.
Adults tend to have similar expectations about many categories, having had numerous and broadly similar encounters with category members and their features, e.g., different fruits and their variations in shape, color, texture, and so
forth. In contrast, in a domain where people must rely on
sparse evidence – as many domains are for young children –
it is plausible that different people will come to different conclusions about categories, based on the idiosyncrasies of their
own experiences. For example, if one has only encountered
a small set of fruits, say pineapples and bananas, one might
deduce that all fruits are yellow. In contrast, if this early experience includes oranges, one might infer that fruit colors can
be orange or yellow. As children go from knowing very little
to having adult-like categories, we might expect their beliefs
about categories to change systematically. Since children can
differ in their experiences, and thus in the types of expectations they develop, experiments need to be able to uncover
detailed, group-specific category structures that are robust to
individual differences.

MDS and Developmental Studies
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While MDS offers a convenient way to chart psychological
spaces, it relies on obtaining reliable human similarity judgments between items. Experimentally, obtaining these judgments poses several challenges. First, many experimental
paradigms require participants to apply some implicit understanding of what kind of similarity is being measured – in
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which respect are the items similar (Medin, Goldstone, &
Gentner, 1993)? Furthermore, the participant must have an
explicit understanding of graded similarity, with some items
being more similar than others, which might not be warranted
for young children (Medin et al., 1993). Second, since making a similarity judgment requires comparing two (or more)
items, and traditional MDS methods require measurements
of similarity for all item pairs, even small numbers of stimuli
can lead to prohibitively taxing experimental setups.
One common simplification to address these shortcomings
is to assume that the psychological space is 2D, and participants can express similarities in spatial distances (Goldstone,
1994). With this assumption, many similarity judgments can
be derived at once by asking people to organize items spatially, putting similar items closer together and dissimilar
items farther apart, a task that is easily understood even by
preschoolers. Moreover, recent extensions of this technique
have suggested that while the task imposes 2D organizations,
higher-dimensional spaces can be learned when aggregating
participants (Richie, White, Bhatia, & Hout, 2020) and the
method can be used with young children (Unger, Fisher, Nugent, Ventura, & MacLellan, 2016). However, questions remain about how reliable spatial ordering tasks are and how
strongly spatial biases influence participants’ perceived similarity (Verheyen, White, & Storms, 2020).
Here, we propose a computational and experimental
method that can recover generalizable psychological spaces.
Instead of merely mapping observed stimuli to locations in a
psychological space, like most previous MDS methods, this
method learns a function from features of stimuli to a latent
representation that explains participants’ judgments. This
learned function can be applied to arbitrary new stimuli, leading to psychological spaces that are generalizable: predictions can be made about the similarity of stimuli the participant has not seen or rated and their location in the psychological space can be obtained. This flexibility has important
methodological implications and offers exciting prospects
that alternative methods cannot provide. However, we do
not argue that this method is universally preferable over metric or non-metric MDS, or that it recovers better spaces than
alternative methods when abundant similarity judgments are
available. Instead, we think that this approach is competitive
with MDS solutions and has the unique feature of providing
a generalizable solution.

Pairs of stimuli

NN feature learning

Embedding

(shared weights)

Space

Figure 1: DrLIM is a twin (or “Siamese”) deep metric learning network that uses two identical networks f with shared
parameters θ to project pairs of stimuli into an embedding
space. The network is then trained to minimize the error of
predicting same-different judgments for all pairs, given the
distance d in the embedding space.

geometric space, which is encoded in the output layer of the
network, see Figure 1.
These techniques produce a function that maps stimuli
in the domain to points in psychological space. One such
method, and the method we are using here, is dimensionality reduction by learning an invariant mapping (DrLIM;
Hadsell, Chopra, & LeCun, 2006). In cognitive science, DrLIM has previously been used to elicit adult psychological
spaces from same-different judgments (Sanborn, Griffiths, &
Shiffrin, 2010)1 . However, as in the approaches discussed
above, the experiment in Sanborn et al. (2010) required each
participant to produce many same-different judgments (90
judgments each), making the task too demanding for many
developmental settings.
Here, we evaluate DrLIM as a method for learning psychological spaces in developmental studies. This goal raises
two important requirements. First, while adult studies can
sometimes afford to present each participant with the full set
of possible category members, or ask them to make comparisons between all pairs of items, these high cognitive and attentional demands are not practicable in most developmental
settings. Therefore, DrLIM must be applicable in experimental designs in which each child only encounters a subset of all
stimuli, and psychological spaces are aggregated over those
subsets. Second, if our aim is to understand how category
representations change over development, we must be able to
aggregate data by age, and recover commonalities that are robust to individual differences between children. In particular,
DrLIM should be able to accommodate differences in categorization or judgment strategies, e.g., one child might decide
all orange-like fruits are the same, and another might separate
mandarins and navel oranges.
We first used simulated data to validate that DrLIM is robust to aggregated responses of heterogeneous data, as this
allows us to compare the solutions obtained with DrLIM
against the ground-truth data. Then, we tested DrLIM in the
psychologically relevant domain of color categorization, with

Learning Similarities Implicitly
The method we are proposing as a computational and experimental paradigm is based on an approach from computer
science called deep metric learning, a family of deep neural
network architectures that learn similarities from groupings–
items that have been sorted into groups taken to be the “same”
type (with items across groups being “different”). The goal of
training this network is to uncover the psychological spaces
by learning to predict same-different judgments between experimental stimuli. Importantly, the classification into same
or different is based on the distance of the two stimuli in a

1 A similar method was also used in work by Lee (1997). In contrast to our work, this early approach was trained on pre-computed
features of the stimuli to capture adult categorization results.
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data from the World Color Survey(WCS; Kay, Berlin, Maffi,
Merrifield, & Cook, 2009), and found that it could recover
language-dependent color representations. Finally, we conducted an experiment with children and adults, showing that
our approach is effective and can be used to recover categorical organization with children as young as four.

high-level categorizers (AB,CD, or AC, BD) and feature-level
categorizers (A, B,C, D). We then combined these agents in
four types of agent-aggregations: all high-level categorizers, all feature-level categorizers, 50/50 mixtures of featurelevel and high-level categorizers (AB,CD/A, B,C, D), and
a 50/50 mixture of both types of high-level categorizers
(AB,CD/AC, BD) .
We used a 3-layer network with interspersed dropout layers
(10% dropout). The output layer varied from 1-4 units, corresponding to the dimensionality of the solutions. All other
layers had 30 units and rectified linear activation functions.
We optimized contrastive loss (Hadsell et al., 2006) using
stochastic gradient descent for 800 epochs. The loss margin
was set to 0.5, and we repeated the procedure 25 times.

Simulations
To establish that DrLIM can recover meaningful spaces for
aggregated agents, we first validated it on simulated data.
This evaluation is critical since previous work by Sanborn
et al. (2010) only analyzed individual participant data. However, when aggregating data, participants can differ in the categories they use, for example, categorizing at different levels
of specificity, or, in developmental studies, using incongruent
or idiosyncratic categories.

Results
Overall, we could recover the simulated spaces, both in terms
of the dimensionality of the best-fitting solution and the arrangement of points within those spaces. When all agents
grouped items based on the low level, we recovered the full
feature space. In contrast, if all agents grouped based on highlevel features, our solution collapsed to those two features.
Crucially, even when the data consisted of conflicting aggregations, we recovered features of the ground-truth space.
The difference in loss for dimensions 1-2 ranged from M=
2 × 10−4 for AC, BD to M = 1.3 × 10−2 for AB,CD/AC, BD.
Subsequent dimensions did not reduce loss considerably, indicating that 2D solutions achieved acceptable results (all
loss reductions < 1 × 10−4 ). For all 2D results, see Figure
2. Training loss reflected the complexity of the simulations:
Homogeneous agent populations resulted in lower loss than
mixtures of classification schemes, and overlapping feature
boundaries (AB,CD) increased loss. Finally, heterogeneous
simulations were the most difficult to train, with the mixture of inconsistent populations of high-level classification
schemes AB,CD/AC, BD producing the highest overall loss.
The spaces correctly collapsed onto two feature-groups for
homogeneous high-level simulations, whereas the featurelevel simulation, A, B,C, D, maintained the original structure.
Crucially, mixtures of categorization schemes reflected the
global structure of the feature space.
To quantify the accuracy of our solutions–how well the category space recovered by DrLIM represented the true underlying category distributions–we clustered the items according
to their location in the 2D space learned by DrLIM, using kmeans, with k set to the true number of item groups. The
clustering recovered the true clusters with a high accuracy (kmeans accuracy AB,CD = 100%, AC, BD = 98%, A, B,C, D =
97%, AB,CD/A, B,C, D = 86%, AB,CD/AC, BD = 75%).
In addition, we compared our approach with non-metric
MDS solutions trained on co-occurrence, using the widelyused SMACOF package (De Leeuw & Mair, 2009). Our solutions aligned well with the solutions obtained by non-metric
MDS, both in terms of the dimensionality of the solution (2dimensional solutions across all simulations were acceptable)

Simulating Aggregate Groupings
We constructed a synthetic category structure from four feature distributions a, b, c, d. The feature distributions were normal, bi-variate distributions, shifted in x and y according to
two variables xs and ys , µ = [[−1, 1], [−1, ys ], [xs , 1], [xs , ys]].
The two variables controlled how far apart in x and y the four
distributions were on the 2D plane. We generated 30 features
samples from each distribution. Samples were clearly separable in x, xs = 5 and less separable in y, ys = 2.5. For the
resulting samples and spaces, see Figure 2.
We generated a set of 20 simulated agents, with each agent
having an implicit categorization rule that grouped the synthetic features either at a high level or at the feature level.
High-level classification merged pairs of features into two
categories, for example [a, b], [c, d]. In contrast, agents classifying at the feature level produced four categories. Agents
probabilistically classified each stimulus according to the
softmax over the ground-truth class-membership likelihoods
(the choice axiom, Luce, 1959). To simulate the behavior
of a heterogeneous group of people categorizing items according to different criteria, we created two types of agents:
Feature Space

Figure 2: The true feature space that generated the category
structures and 2D solutions for the five agent simulations.
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3 Terms

and the 2-dimensional spaces recovered2 . Across simulations, our results strongly resembled the results obtained by
MDS (all correlations between pairwise distances R2 > .93,
all p < 0.001).
Our simulation results confirmed that our method could
recover the complexity and structure from aggregated data.
Moreover, when simulations consisted of heterogeneous
agents, we still recovered important features of the underlying feature space. Next, we test our methods in a more psychologically relevant domain - language-specific variability
of color spaces.

7 Terms

11 Terms

Uncovering Language-specific Color Spaces
Figure 3: Six WCS languages that differ in their number of
terms (columns). To display the high-dimensional data, we
bin colors in a 25 × 25 hexagonal grid and only display bins
with ≥ 2 colors. We then calculate the most representative
color for each bin. In addition, rug plots display the distribution of terms within the 2D space. We overlay the most
frequent focal colors, as collected in Kay et al. (2009).

Color categorization is a central testing ground for theories
of language, perception, and the origins of human cognition
(Skelton, Catchpole, Abbott, Bosten, & Franklin, 2017; Watson, Beekhuizen, & Stevenson, 2019). While color perception is rooted in the biological transformation of light’s physical properties, color categorization exhibits cross-cultural and
individual variability. As such, color naming data provide an
interesting test case for our approach. Here, we evaluate the
applicability of DrLIM to heterogeneous datasets by training on data from the World Color Survey3 (WCS). The WCS
dataset contains color terms for 330 color chips from speakers
of 110 languages in non-industrialized societies.
In order to evaluate DrLIM on color spaces of varying
complexity, we evaluated six languages: two three-term languages (the smallest number of basic color terms in the
WCS), two seven-term languages (the most frequent number
of basic color terms in the WCS), and two 11-term languages
(the number of basic color terms in English). To determine
the number of color terms in each language, we assigned
each chip to the majority color term used to label it. We then
categorized all pairs of chips for each speaker in each language, categorizing them as the same if the speaker assigned
the same term for both colors. We used the same network as
for the agent simulations but increased the maximum output
dimension to 6 to account for the data’s higher complexity.

Focal colors4 , which speakers deemed the most representative of each color term were positioned on separated clusters
within the learned space. In contrast, colors for which speakers disagreed in their color terms often interpolated between
the clusters, see Figure 3. To assess if the solutions captured
the color terms used in each language, we applied k-means
clustering to the 2D solutions, with k set to the number of
majority color terms in the language. The clustering recovered the colors the speakers judged the same or different accurately (across all languages ≥ .72%).
Overlapping Subsets The color dataset corresponds to a
balanced design with a large number of judgments per participant, with each speaker receiving and labeling all 330
color chips. However, often experiments require participants
to rate subsets of items, with little overlap between participants. To evaluate if DrLIM is robust to such designs, we
fitted the model to subsets of the WCS. We selected a set
of 75 color chips at random and varied the overlap of colors between speakers. The sets were created by sampling the
overlapping chips without replacement from the subset (25%,
50%, 75% out of 75) and selecting the remaining colors from
the subset’s complement. To evaluate the resulting models,
we correlated the solutions provided by the overlapping data
with the full dataset. All overlapping models produced highly
correlated solutions (all R2 > .86).

Results
Overall, DrLIM was able to uncover language-specific psychological spaces underlying color terms. Consistent with
previous work, our results find good fit with 2D spaces. Furthermore, colors deemed highly salient, or focal, aligned
well with clusters in the uncovered spaces. Similar to the
simulation results and consistent with the structure of perceptual color spaces, 2D solutions achieved acceptable loss,
with subsequent dimensions offering only minor reductions.
Loss improved on average 0.14 for dimensions 1-2 (all subsequent improvements < 0.04). The resulting 2D spaces corresponded well to the number of terms within a language.

Interim Discussion
DrLIM produced encouraging results for both the simulated
and color data, recovering domain structure and relevant clusters. These results are novel contributions to the approach

2 For the aligned 2D solutions obtained via SMACOF, see
https://osf.io/c85vd
3 https://www1.icsi.berkeley.edu/wcs/

4 These were colors that were collected from language informants
in Kay et al. (2009) and that were considered the most representative
for the color terms in each language.
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in Sanborn et al. (2010), as they establish that DrLIM can
be used with aggregated data even for heterogeneous simulations or when language speakers do not receive the same
stimuli. This suggests that the method can produce meaningful psychological spaces in developmental experiments, even
if children exhibit some individual differences in their sorting
behavior or in experiments in which it is unfeasible to present
all stimuli exhaustively.
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Figure 4: Examples of programmatically generated fruits
color (hue, saturation, lightness). Each fruit was topped with
a brown stem to orient the participants to the top of the fruit.
In the main task, participants were told they were “in
charge of the grocery store” and presented with a random set
of 36 cardboard tiles (5 × 5 cm) out of 180. To evenly cover
the stimulus set, a 6-dimensional Sobol sequence determined
the fruit’s shapes and colors in the main task. In addition to
the tiles, participants also received 36 paper boxes made by
folding a single sheet of letter-size paper. Participants were
asked to place all fruits into the boxes, with fruits of the same
kind going into the same box. After completing the main task,
participants were asked to explain why they grouped cards together for three boxes (“You put all of these fruits in the same
box. What makes these the same kind of fruit?”). The three
boxes were selected at random from all boxes that contained
at least two fruits.

Uncovering Age-dependent Fruit Spaces
We evaluated the item groupings of young children and adults
for a set of stylized fruits, a stimulus set previously used to
uncover psychological spaces and latent category distributions (Sanborn et al., 2010; León-Villagrá, Otsubo, Lucas, &
Buchsbaum, 2020). To make the task more accessible to children, we collected same-different pairs via a grouping task,
in which children were asked to place similar fruits in boxes.

Participants
Participants were split into three age groups of N = 30 each:
4-5 years old, 6-7 years old, and adults (18 years or older).
Adults were recruited from the Greater Toronto Metro Area
(Mage = 21.13, SD = 5.25, 25 female). Children were recruited from a local Toronto museum. An additional 15 children were excluded according to our preregistered criteria: 7
for picking an incorrect fruit in the familiarization task, 5 for
placing all stimuli into one box, and 3 for not completing the
experiment5 . For 4-5-year-old children, Mage = 4.57, SD =
0.5, 16 female, and for 6-7-year-old children, Mage = 6.4, SD
= 0.5, 13 female. Adult participants received $10 or course
credit, and child participants received a small toy.

Results and Discussion
We used the same model and training procedure as for the
WCS data, training on the six parameters defining the fruits.
Again, across all age groups, loss was acceptable for 2D solutions allowing us to focus on these for comparison and visualization purposes, see Figure 5. The spaces of 4-5-year-olds
exhibited gradual changes in the saturation and color of fruits
but less differentiation in terms of shape, potentially reflecting a preference for color-based groupings. In contrast, adults
exhibited less organization according to color. Instead, fruits
were organized broadly around shape differences. We quantified how similar the three resulting 2D spaces were by calculating the distances between all points within an age group
and correlating these distances. The youngest children exhibited the lowest mean distances (M = 0.03, SD = .02), while
the spaces of 6-7 year-olds (M = 0.16, SD = .08) and adults
(M = 0.31, SD = 16) where more dispersed. We then correlated the item-wise distances across age groups. These correlations matched our qualitative descriptions of the 2D spaces:
4-5-year-olds did not correlate strongly with 6-7-year-olds
(R = 0.11) or adults (R = 0.03). In contrast, 6-7-year-olds
exhibited similar distances to adults (R = 0.33).
To obtain an additional measure of which features participants deemed relevant, we coded the choices in the familiarization phase as matching in color or shape. Consistent
with the 2D spatial organization, we found an effect of age
on the number of shape matches, F(2, 87) = 8.48, p < .0001.
Post-hoc comparisons using a Tukey test indicated that adults
selected significantly more shape matches than 4-5-year-olds
(Madults = 3.33, M4-5 = 2.3, p = .001) and 6-7-year-olds
(M6-7 = 2.5, p = .005). In contrast, we did not find an ef-

Materials and Procedure
The experiment consisted of a familiarization task to verify
that the participant understood the task and a grouping task.
In the familiarization task, the participant was told to imagine going to a grocery store and was presented with 16 cards
(9 × 6 cm) displaying the fruits. The cards were presented in
random order in a grid of 4 × 4 cards in front of the participant. The participant then was shown one of four possible
fruit cards (the target fruit) and asked, “Can you help me find
one more of this kind of fruit?”. Once the participant selected
a card, the chosen card was removed, and the question was
repeated (five questions in total).
Fruits on the 16 choice cards were one of four colors (red,
orange, green, or purple) and one of four shapes. Three
cards matched a particular target exactly in color, and three
matched exactly in shape. The remaining cards did not match
in color or shape. Fruits were programmatically generated
using the method described in Sanborn et al. (2010). Each
fruit was a single-colored convex hull around three equally
sized circles; see Figure 4. Six parameters determined the
fruit’s appearance: three determined its shape (radii, horizontal distance, and vertical distance), and three determined its
5 The

h

preregistration is accessible at https://osf.io/c85vd

691

4-5

4-5

6-7

Adults

Other
Ripe
Stem
Fruit
Size
Shape
Color

6-7

0

50

0

50

0

50

Figure 6: Adults mostly named shape followed by color when
asked why they grouped the fruits. Instead, 6-7-year-olds
named color and shape, and 4-5-year-olds preferred color.

Adults

WCS, even when we trained on datasets without full overlap.
We then performed the first application of DrLIM to a
developmental setting, successfully recovering psychological spaces across multiple age groups, including children as
young as four years old. We found that the recovered spaces
exhibited age-dependent biases for how fruits are represented.
These results were consistent with secondary measures, such
as the sequence of choices in the familiarization task and participants’ explanations. Our approach is a promising experimental paradigm for developmental studies of category representation, and our method can uncover similarity judgments
in short and straightforward experiments.

Figure 5: The 2D fruit spaces uncovered by our method (left
column). To contrast the placement of fruits in the three
spaces, we selected a set of three fruits, matching in color or
shape, and highlighted their location. For 4-5-year-olds, fruits
matching in color are placed nearby, whereas those matching
in shape are on opposite sides. In contrast, for adults, the
fruits matching in color are far apart. To facilitate inspection
of the resulting spaces, we also display the shapes of the fruits
(central column) and binned the space hexagonally, showing
the most representative color in each bin (right column, following the procedure outlined in Figure 3).

Outlook and Future Studies
Future work should examine if deep metric learning can
be generalized to uncover individual differences within age
groups, for example extending DrLIM to weigh dimensions
in the psychological spaces for each participant, similar to
recent extensions to MDS approaches (Okada & Lee, 2016).
More generally, we see our method as a way to bridge a
plurality of experimental results. Since we learn an implicit
similarity function, stimuli that were not used to construct the
function can be projected into a shared space, for example allowing results from different experiments to be projected into
a shared psychological space. Results obtained through similarity judgments, spatial sorting, or category generalizations
could be contrasted in a shared space, allowing broad comparisons between experimental paradigms. This aspect of the
method offers the prospect of developing general cognitive
embeddings, much like recent universal language representations (Cer et al., 2018).

fect of age on color matches, F(2, 87) = 2.75, p = .069. Both
adults (M = 2.5) and children produced similar numbers of
color matches (M4-5 = 3.0, M6-7 = 3.1).
Explanations To examine whether the spaces were consistent with the participants’ explanations, the two first authors
transcribed the responses. Consistent with the spaces uncovered by our method, adults predominantly named shape (59
out of 115) and color (34) as the grouping feature. 6-7-yearolds gave color (33 out of 91) and shape (30) at comparable
rates. Finally, 4-5-year-olds preferred color (36 out of 93)
over shape (15), see Figure 6.

General Discussion
Our work develops DrLIM into a widely applicable computational and experimental paradigm, showing that the method
can reconstruct meaningful psychological spaces in short experiments in which participants do not receive the full set of
materials. In simulations, we found that the model could reconstruct the agents’ categorization schemes, even for heterogeneous agent populations. Furthermore, we showed that
we could uncover color representations for languages in the
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León-Villagrá, P., Otsubo, K., Lucas, C. G., & Buchsbaum,
D. (2020). Uncovering Category Representations with
Linked MCMC with people. In Proceedings of 42nd Annual Meeting of the Cognitive Science Society.
Luce, R. D. (1959). Individual choice behavior. John Wiley.
Medin, D. L., Goldstone, R. L., & Gentner, D. (1993). Respects for similarity. Psychological review, 100(2), 254.
Okada, K., & Lee, M. D. (2016). A Bayesian approach to
modeling group and individual differences in multidimensional scaling. Journal of Mathematical Psychology, 70,
35–44.
Quinn, P. C., Eimas, P. D., & Rosenkrantz, S. L. (1993). Evidence for representations of perceptually similar natural
categories by 3-month-old and 4-month-old infants. Perception, 22(4), 463–475.
Richie, R., White, B., Bhatia, S., & Hout, M. C. (2020).
The spatial arrangement method of measuring similarity
can capture high-dimensional semantic structures. Behavior research methods, 1–23.
Sanborn, A. N., Griffiths, T. L., & Shiffrin, R. M. (2010). Uncovering mental representations with Markov chain Monte
Carlo. Cognitive psychology, 60(2), 63–106.

693

No privileged link between intentionality and causation:
Generalizable effects of agency in language
Sehrang Joo (sehrang.joo@yale.edu)a
Sami R. Yousif (sami.yousif@yale.edu)a
Fabienne Martin (fabienne.martin@hu-berlin.de)c
Frank C. Keil (frank.keil@yale.edu)a
Joshua Knobe (joshua.knobe@yale.edu)b
a Department of Psychology, Yale University
b Program in Cognitive Science and Department of Philosophy, Yale University
c ERC LeibnizDream Project, Humboldt-Universität zu Berlin
Abstract

perspective: We should seek to understand the role of perceived agency in shaping people’s thinking in order to better understand causal judgments. Accordingly, research has
discovered many important dimensions to these effects on
causal judgments: for instance that perceived agency affects
evaluation of causal judgments that involve physical contact
and those that don’t (Lombrozo, 2010), that intentional actions are judged to be both more causal and more blameworthy (Lagnado & Channon, 2008), and that reasoning about
agents’ mental states may factor into how people identify relevant counterfactuals to causal statements (Kirfel & Lagnado,
2021a, 2021b). On these and related views, there is a clear
motivation for why one might be interested in understanding
the effect of perceived agency—in order to better understand
causal cognition.
But imagine again the scenario in which Tom is waiting behind a line for a train. Consider now the following sentence:

Consider a causal claim like “Tom caused the train delay.” Previous research has shown that the extent to which Tom is seen
to act intentionally (i.e., through his own agency) affects the
extent to which people agree with this claim. But is this effect of perceived agency a unique phenomenon to causal judgments? Two experiments suggest this may not be the case.
Study 1 finds that perceived agency affects people’s understanding of both causal and non-causal events. Study 2 then
finds that while perceptions of agency were similarly involved
in people’s understanding of causal and non-causal events,
they affected only cases where these events were brought about
by animate agents (e.g., people). These results thus suggest
that perceptions of agency may have a much more general influence in how people understand events involving agents, and
therefore in how they understand the sentences that describe
them. We discuss implications for causal cognition, broader
research in agency, and the intersections between both and linguistics.
Keywords: agency; intentionality; causation; syntax; semantics

Introduction

(2)

Imagine a train platform with a line that people aren’t supposed to cross; if they do, incoming trains will automatically
stop. Suppose that Tom deliberately steps over the line to
stand in front of it, and this ends up causing a train delay. In
this case, it seems natural to say:
(1)

Unlike (1), (2) no longer has any information about causation (the path verb cross is not a causative verb; Levin,
1993). But might Tom’s level of agency also affect evaluations of sentences like (2)? If the relevant description
of Tom’s actions—as either intentional or virtually without
agency—affects people’s judgments of (2) as well as (1), this
would suggest that perceived agency is having some effect
that extends beyond causal cognition.
In other words, the effect of perceived agency on causal
judgments may reflect a more general way in which people
understand and talk about animate agents. In everyday conversation, we often talk about people acting in many different
ways—not all of which are causal. Might these effects of perceived agency arise for people’s understanding of this much
larger set of events? If so, then understanding how it is that
reasoning about agency figures into people’s evaluations of
sentences like (1) and (2) would be of interest not only to
psychologists working on causal cognition, but also to those
interested more broadly in understanding agency and its role
in language.

Tom caused the train delay.

Now consider, instead, this similar case: Instead of intentionally crossing the line on the train platform, Tom blacks out
and falls over it. Just as in the first scenario, Tom is now too
near the edge of the platform, and this ultimately leads to a
train delay. In this case, however, (1) seems like a much less
natural way to describe what has happened.
The extent to which people think that Tom (or any animate agent) caused a particular outcome depends in part on
whether or not Tom was exercising his own agency in the
way that he affected the outcome (see e.g., Kirfel & Lagnado,
2021a, 2021b; Lagnado & Channon, 2008; Lombrozo, 2010;
Rose, 2017; Schwenkler & Sytsma, 2020). Here, it seems
straightforward to say that “Tom caused train delay” only if
Tom was acting intentionally when he ended up being involved in the train delay.
There are different theories as to what exactly explains this
effect of perceived agency, but these theories share a key

Tom crossed over the line.

Understanding agency and agents
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Existing research on agency and causation provides important
evidence about the precise way in which information about
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agency affects causal judgments. In particular, this research
has focused on cases that have two properties.
First, the causal claim is attributing causation to something
that would normally be seen as an agent. For example, in (1),
Tom is a human being, and hence a prototypical example of
an animate agent. This distinguishes him from things like a
rock or a chair that are clearly not animate and not agents in
the same way. (For extensive discussion of how we understand the difference between agents and non-agents, see, e.g.,
Johnson, 2000; Keil & Newman, 2015; Leslie, 1984; Woodward, 1998.)
Second, the agent is behaving in a way that does not involve the exercise of agency. Agents most typically act in a
way that is again distinct from how things like rocks typically
act; they act by exercising their own agency. Imagining Tom
going about his daily life, for instance, likely involves imagining a wealth of ways that he exercises his own agency—e.g.,
by making choices and acting deliberately. (For extensive
discussion of what it means to act with varying degrees of
agency, see, e.g., Knobe, 2003; Murray & Lombrozo, 2017;
Quillien & German, 2021.)
What is striking, then, about the case where Tom blacks
out is that Tom is not acting with full agency. Instead, Tom
is acting in a way that we wouldn’t normally expect from an
animate agent.
A question now arises about what people’s intuitions will
be in cases where causation is being attributed to an inanimate
object. Consider a scenario in which water floods the train
station:
(3)

of perceived agency on people’s understanding of sentences
like (1) are part of these broader ways in which people reason
about animate agents. If this hypothesis is on the right track,
then we should be explaining the effect of perceived agency
not specifically through causal cognition, but through different types of theories: namely, the sorts of theories linguists
have developed for understanding these sentences.

Current Studies
Across two experiments, we seek to understand the scope of
the effect of perceived agency: When is it that people’s judgments are and are not affected by how much agency was involved in the scenario?
In Study 1, we examine the influence of perceived agency
on people’s evaluations of causal (e.g., (1)) vs. non-causal
sentences (e.g., (2)): Does perceived agency have the same
effect when people are asked about actions that have nothing
to do with causation? Then, in Study 2, we examine the influence of perceived agency on people’s evaluations of sentences
about animate agents (e.g., (1)) vs. about non-animate entities (e.g., (3)): Is the influence of perceived agency specific
to how people understand animate agents?
We discuss the implications of these experiments for causal
cognition and for broader questions of agency in language.
Finally, we provide a sketch of a linguistic explanation for
how agency may be involved in people’s thinking across these
different sentences.

Study 1
How much agency someone exercised in bringing about an
outcome (e.g., whether or not they acted intentionally) affects
the extent to which people think they caused the relevant outcome. But is this effect limited to causal sentences? Here, we
compare people’s evaluations of causal and non-causal sentences in the same scenarios.

The water crossed the line.

In many ways, (2) and (3) are quite similar: The same event
has occurred, and again with little to no agency being involved. But is (3) in fact odd in the same way? While the
water clearly must have acted with virtually no agency, this
is now completely in line with how we would expect water
to normally act. Because the water isn’t an animate agent, its
low level of agency is not out of the ordinary. In that case,
might (3) be an acceptable way to describe the water’s behavior, even despite its similarities with (2)?
Previous research in linguistics and cognitive science has
identified ways that reasoning about agents (e.g., Rissman &
Majid, 2019) and their agency (e.g., Childers & Echols, 2004;
Naigles, 1990; Strickland, Fisher, Keil, & Knobe, 2014) is
embedded in the language we use to describe events in which
such agents are involved. For example, young children assume that a novel subject (but not a novel word in other
grammatical roles) is likely an animate agent (e.g., a person
like Tom) acting intentionally; Childres & Echols, 2004). In
other words, when approaching a sentence that seems to be
about an agent, people already have some intuitions about
what must likely be involved in order for this sentence to be
true—often, that the agent must have acted in a specifically
agential or intentional way.
One natural hypothesis would therefore be that the effect

Method
Four hundred adult participants completed a survey
online through Prolific.
All methods and analyses
of this experiment were preregistered; preregistrations
for this and following experiments can be found on
our OSF page: https://osf.io/teyz2/?view only=
a42583c273e54ba88ae31b493ce489ce. Data from an additional 11 participants were collected but excluded for failing
a comprehension check.
Participants were shown one of four short vignettes about
a person, Tom, acting either intentionally or with very low
agency. For example, in one vignette, participants were told
that Tom is waiting for a train and that there is a yellow line
on the platform that people aren’t supposed to cross. In the
full agency condition, Tom then deliberately crosses over the
line:
Tom unexpectedly decides to cross the line to get in front
of the crowd. He deliberately steps over the yellow line
to stand in front of it.
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In the low agency condition, Tom passes out and falls over
the line:

crossed the line”): Participants rated these sentences as more
natural when Tom acted intentionally (M=5.64, SD=1.83)
vs. with very low agency (M=3.55, SD=2.05), t(399)=8.49,
p<.001.
Perceived agency has previously been found to influence people’s causal judgments (see e.g., Kirfel & Lagnado,
2021b; Lombrozo, 2010; Rose, 2017; Schwenkler & Sytsma,
2020), suggesting that reasoning about how much agency was
involved is part of how people understand what qualifies as
cause of a given outcome. Yet here we find that this phenomenon—the effect of perceived agency—may actually be
far more general than causal cognition. Whether Tom acted
intentionally or with low agency affected not only the extent
to which people endorsed causal sentences, but also the extent to which they endorsed sentences that did not involve
causation at all (i.e., sentences with path or contact verbs like
“cross” or “touch”). These results suggest that there may
be a more general story as to how it is that perceptions of
agency are involved in people’s understanding of sentences
about agents’ actions—even beyond their causal judgments.

In the heat, Tom unexpectedly blacks out and falls over
the line.
The same adverse outcome then ensues as a result (e.g., Tom
being too close to the edge of the platform ends up resulting
in a train delay). See our OSF page for full stimuli of both
experiments.
Participants were then asked to evaluate either a causal
statement (e.g., “Tom caused the train delay.”) or a statement
with a non-causative verb (e.g., “Tom crossed the line.”).
Across our four vignettes, these non-causative verbs included
“touch”, “hit”, “cross”, and “enter”; note that all can have an
agentive subject, as shown by their compatibility with agentoriented adverbials such as carefully. They were asked to
respond to a 1-7 scale on the basis of whether this sentence
was a “natural/valid way of describing the event.”
Finally, participants were asked a comprehension question
about whether Tom acted intentionally (e.g., “Tom intentionally crossed over the line”) or without agency (e.g., “Tom
blacked out and fell over the line”). Participants who failed
the comprehension check were excluded and replaced.

Study 2
If perceptions of agency are not specifically involved in people’s understanding of causation, then what may explain
when perceived agency factors into people’s understanding
of these sentences?
One possibility focuses on the fact that all of the sentences
in Study 1 were about Tom—a person who does normally exercise their own agency and who we would typically think
of as an animate agent. Could these effects be explained by
something about how we think about animate agents? To address this, we introduce sentences with inanimate subjects:

Results and Discussion
Results are displayed in Figure 1. Data were fit to linear
mixed-effects models, with agency and statement type as
fixed effects and vignette as a random effect (random intercepts only). There was a significant main effect of agency,
X2 (1) = 136.4, p<.001, and a smaller main effect of statement type, X2 (1) = 10.83, p=.001. However, there was no
significant interaction between agency and statement type,
X2 (1) = .52, p=.47.

(4)

a. The water caused the train delay.
b. The water crossed over the line.

(4a) resembles similar causal statements that are also about
an animate agent, i.e., Tom (see (2)).1 But unlike Tom, the
water is an inanimate entity that normally lacks the agency
characteristic of human agents. Does this lack of agency also
influence people’s judgments of relevant sentences?

Method
All elements of the experimental design were identical to
those of Study 1, except as stated below.
600 new participants completed a survey online through
Prolific. This sample size was chosen in order to have the
same number of participants per condition as in Study 1.
Data from an additional 35 participants were collected but
excluded for failing a comprehension check.

Figure 1: Results from Study 1.
Our primary interest was in whether or not there was a significant effect of agency within each statement type. Participants were significantly more likely to endorse a causal sentence (e.g., “Tom caused the train delay”) when Tom acted
intentionally (M=6.34, SD=.91) vs. with very low agency
(M=4.00, SD=2.00), t(399)=9.50 p<.001. The same was
true for their evaluations of non-causal sentences (e.g., “Tom

1 With some of our verbs, inanimate subjects can be associated
with another thematic role than Agent (e.g., with the role Theme for
path verbs). But inanimate subjects can also be construed as agents
across all verbs, as shown e.g. by the do-test (What the water did
was cause the train delay/cross over the line). See Cruse (1973)
and Fauconnier (2012) against the inclusion of animacy among core
features of the role Agent.
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Participants were shown one of six short vignettes, now
about either (1) a person, Tom, acting intentionally, (2) a person, Tom, acting with very low agency, or (3) an inanimate
entity (e.g., water from a storm) acting the way inanimates
do. Both of the conditions involving a person were closely
adapted from the vignettes in Study 1; the only changes were
in order to be consistent with the inanimate condition. In all
conditions, participants were given the same initial context
about norms that were in place in the scenario (e.g., that there
was a line people aren’t supposed to cross).
In the inanimate condition, participants were told that
something acted in the same way that Tom did in the other
conditions (i.e., crossing a line). For example, in the vignette,
participants were told that water from a storm crossed the line
and caused a train delay:

entities in the same way. Participants were significantly more
likely to endorse a sentence like “The water caused the train
delay” (even though the water also acted with a very low degree of agency) than they were to endorse the equivalent sentence about Tom acting with low agency (M=5.51, SD=1.63),
t(601)=8.89, p<.001. In fact, participants’ evaluations of sentences about inanimate entities were not significantly different from their evaluations of sentences about Tom acting intentionally, t(601)=1.49, p=.30.
In Study 2, we find that people endorse sentences involving inanimate subjects (e.g., water) just as much as they
endorse sentences about animate agents acting intentionally
(e.g., Tom deliberately crossing the line), and, again, in the
same way across causal and non-causal sentences. Thus the
critical factor to understanding the effect of perceived agency
seems to lie in the distinction between animate agents and
inanimates—and not in the distinction between causal and
non-causal events.

One day, there is an unexpectedly strong storm in the
area. Rain floods the train station. It covers the platform, over the yellow line. The water is so heavy near
the edge of the platform that it triggers the approaching train to initiate an emergency stop. Nobody is hurt,
but this train and those following are delayed by several
hours as a result of the incident.

General Discussion
Across two experiments, we find that perceptions of agency
affect more than people’s understanding of causation. Instead, perceptions of agency affected judgments of both
causal and non-causal sentences (Study 1). This effect persisted so long as these sentences are describing the actions of
animate agents (as opposed to inanimate things; Study 2). We
thus suggest that the influence of perceived agency is a more
general phenomenon, one which can be applied to a much
broader class of statements concerning animate agents.

Results and Discussion
Results are displayed in Figure 2. Data were fit to linear
mixed-effects models, with agency and statement type as
fixed effects and vignette as a random effect (random intercepts only). As found in Study 1, there was a significant main
effect of agency, X2 (2) = 114.9, p<.001, and a much smaller
effect of statement type, X2 (2) = 5.12, p=.02. There was
again no significant interaction between agency and statement
type, X2 (2) = .72, p=.70.

Agency and Causation
The effect of perceived agency on people’s causal judgments
has typically been thought to demonstrate a critical, and perhaps surprising, fact about how people reason about causation (see, e.g., Kirfel & Lagnado, 2021a). We suggest, however, that this finding from causal cognition is much more
general to how people reason and talk about agents. These
results thus have important implications, both for the study
of causation and for the study of these effects of perceived
agency.
First, knowing that agency doesn’t uniquely influence causation has implications for how future research may approach
the effect of perceived agency. Best understanding these effects now need not involve investigating specific aspects of
causal cognition. For example, if we conclude that causal
cognition involves counterfactual thinking in a way that certain other kinds of cognition do not, our explanation of the
effect of agency should presumably not focus on counterfactual thinking in particular. Instead, the explanation will have
to focus on processes that arise for both causal and non-causal
judgments.
In finding this explanation, a key first step will be to investigate the boundary conditions of the effect of perceived
agency itself, across the broad range of causal and non-causal
events where it seems to apply. For example, here we contrast a case where Tom acts fully intentionally and a case

Figure 2: Results from Study 2.
Our main interest was not in the main effect of agency,
but in the specific pairwise comparisons between the agency
conditions. Agency affected participants’ evaluations of sentences about Tom, such that sentences describing Tom’s actions were more valid when Tom acted intentionally (M=5.76,
SD=1.52) than when he acted with low agency (M=3.98,
SD=2.01), t(601)=10.37 p<.001. In contrast, agency did not
affect participants’ evaluations of sentences about inanimate
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where he falls unconscious (i.e., acting with as little agency
as possible)—and in all cases, these actions lead to a negative outcome (e.g., an injury, a train delay, etc.). Are these
effects sensitive to other ways Tom could act with less than
full agency, such as being pushed by another? And might
they arise also in the cases that have no moral valence at all?
Future research may address these questions in order to better
understand the effects of perceived agency across these varied
cases.
Second, these results open up an intriguing new possibility
regarding the implications of agency effects for the study of
causal cognition. If these effects were specific to causal judgments, then it seems that a satisfactory theory of causal cognition would have to provide an explanation of them. Thus,
if we developed a theory of causal cognition that completely
failed to predict them, we would have a reason to assume
that there was something mistaken or incomplete in that theory. By contrast, if we find that these effects arise for a much
broader class of judgments, it would be at least plausible that
the explanation of these effects involves a process that lies
outside the domain of causal cognition. We might therefore
consider the possibility that even a complete theory of causal
cognition would not include an explanation for these effects,
and that they may instead be explained in terms of something
else entirely. Below, we will be sketching an explanation
along precisely those lines.
In short, if the effect of perceived agency on sentences like
“Tom caused the train delay” is best understood as a result
of a general tendency for perceptions of agency to affect how
people understand events brought about by agents—then future research aiming to better understand either causal judgments or these particular effects need not necessarily be constrained to account for the other.

sentence like (5a), one thing we will need to understand is
what it means for an event to be a causing event, but on the
present hypothesis, that aspect of the semantics is not what
explains the effect of agency. Instead, that effect arises from a
completely different aspect of the semantics of this sentence:
namely, from the idea of being the agent of an event.
The tree in (6) gives a syntactic structure for this sentence.
On this proposal, causation appears in the verb phrase (“cause
the train delay”), and a full account of the semantics of that
verb phrase would have to involve a deeper account of the
semantics of causation (which will presumably involve using ideas from the literature on causal modeling; see, e.g.,
Kirfel & Lagnado, 2021b). But the role of agency in the sentence is not arising from the verb phrase. Instead, it is arising
from a completely different part of the sentence—the agent
voice phrase (Kratzer, 1996). Thus, an account of the role of
agency in this sentence will not involve further exploring the
semantics of the verb cause but instead further exploring the
semantics of the agent voice phrase.
(6)

Voice’

DP

Tom
Voiceagent

VP
cause the train delay

The agent voice phrase is typically not pronounced; it is the
part of the sentence that makes it clear that the subject of the
sentence is the agent of the event. This agent voice phrase
also appears in non-causal sentences like (2) (Tom crossed
over the line), where it plays exactly the same role and leads
to an effect of agency in exactly the same way.
What, then, explains why people treat sentences like “Tom
caused the train delay” differently from sentences like “The
water caused the train delay”? Our hypothesis is that the
agent voice phrase works a lot like a gradable adjective, such
as big. When people are trying to determine whether an object is big, they do so by checking to see whether the size of
the object surpasses a particular threshold, but the threshold
obviously depends on what type of object it is. For a planet
to be big, it has to surpass the size one might expect for a
planet, whereas for a pen to be big, it only has to surpass
the size one might expect for a pen (Kennedy, 2013). With
that in mind, consider what happens when the agent voice
phrase is applied to a human being like Tom vs. to an inanimate object like the water. The hypothesis is that people will
say that Tom falls below the threshold to count as a normal
agent of an event when his behavior lacks certain qualities
that one might expect from the movements of a human being
(intention, knowledge, etc.), but they will not use that same
standard when faced with a case involving an inanimate object. Instead, when considering the movements of an inanimate object like water, they will ask whether it lacks some of

Agency in Language
Thus far, we have been providing evidence for a general view
about the role of agency in people’s evaluation of sentences
like “Tom caused the train delay.” We now offer a more specific hypothesis that spells out precisely how this role arises
from the syntax and semantics of those sentences. At the core
of this hypothesis is the idea that there is an important similarity between the structure of these causal sentences and the
structure of non-causal sentences like “Tom crossed over the
line.” The impact of agency is then to be explained in terms
of the aspect of the structure of these sentences that is shared
with the non-causal sentences. In this section, we provide a
non-technical overview of the hypothesis; for the technical
details, see the Appendix.
Very broadly speaking, the hypothesis is that a sentence
like (5a) has a meaning that can be paraphrased with (5b).
(5)

VoiceP

a. Tom caused the train delay.
b. There was an event which is a causing of the train
delay, and Tom is the agent of that event.

Thus, if we want to understand the semantics of a causal
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the qualities one might expect from the movements of water
(e.g. effectivity).
Thus our results suggest the following for understanding
the way in which perceived agency enters into people’s evaluations of sentences about animate agents: First, it matters
what kind of subject is involved, and whether it is animate.
Second, for those things which are animate (e.g., people),
it then matters whether or not they are acting with enough
agency in this particular event. Finally, and most critically,
neither part of reasoning about agents or agency requires anything specific to causation—and so we suggest that the effect
of perceived agency is located outside of the verb cause.

a function cardinality for counting the elements of a set:
λR .cardinality(R ). Next, we introduce a function agential
which is a function from events and individuals to degrees:
λxλe.agential(e, x) (of type ⟨e, ⟨s, d⟩⟩). The value of this function for an event e and an individual x is identical to the number of dimensions of ‘agent’ for e and x (see the countingdimension function encoded by multidimensional predicates
in Sassoon and Fadlon (2017)):
(9)

∀e∀x(agential(e, x) = d ↔
cardinality(λR.dimension(R, λx′ λe′ .agent(e′ , x′ ))∧
R(e, x)) = d)
(‘agential’ for e and x is d iff the number of dimensions
of ‘agent’ for e and x is d)

Conclusion
How is it that reasoning about agency influences how we understand and describe events in the world? Here, we suggest
that this question is general to causal and non-causal events,
and that the answer may therefore lie beyond causal cognition. The influence of perceptions of agency on our understanding of the world may be a much broader phenomenon,
one with rich potential for research across both psychology
and linguistics.

Since for a choice of e and x, ‘agential’ could yield zero (in
which case x wouldn’t be at all agential in e), we define a
version of agential, that we call agential+ , that is restricted to
values of at least 1 for d:

Appendix

Since agential and agential+ are gradable, statements of comparison such as “agential+ (e, tom) > agential+ (e′ , tom)” are
meaningful, for values of e, x, e′ , and x′ . (In prose, “Tom is
more agential+ in e than Tom is in e′ ”.)
Next, we introduce a predicate agentialst that restricts
agential+ to degrees that are at least as high as the standard
degree in some context c:

(10) ∀e∀x(agential+ (e, x) = d ↔ agential(e, x) = d ∧ d ≥ 1)
(‘agential+ ’ for e and x is equivalent to ‘agential’ for e
and x with a degree of at least 1)

In the discussion, we proposed that the agent Voice has something to do with degrees. In this appendix, we sketch one
technical way to introduce gradability in the semantics of
agency, that we take to be a multidimensional concept (Kamp,
1975; Sassoon, 2013). We start with the idea that agents can
be ordered according to their closeness to prototypical agents,
by counting the key dimensions of agents they satisfy. Thus
for instance, if a person crosses the line knowing perfectly
this will cause the train delay, she is a full agent satisfying all
typical agentive dimensions (intention, knowledge, control,
etc). By contrast, if a person accidentally manages to solve a
problem, she is not a full agent anymore, but still more agentive than if she inadvertently broke a vase.
We first introduce a (second-order) predicate dimension in
order to make reference to a dimension of ‘agent’:
(7)

(11) ∀e∀x(agentialst (e, x) = d ↔ agential+ (e, x) = d ∧ d ≥
sc (agential+ ))
(‘agentialsc ’ for e and x is equivalent to ‘agential+ ’
for e and x with a degree that is at least as high as
sc (agential+ ))
In (11), sc (agential+ ) denotes the standard degree in context
c for ‘agential+ ’. Obviously, this standard degree will be different with animate vs. inanimate subjects (since for inanimates, satisfying the single dimension of effectivity will as a
rule suffice to make a perfect agent).
Once we have agential+ and agentialst at our disposal, they
can serve as an alternative analysis of Voiceagent , encoding a
disjunction between these two functions (cf. (12)):

λR.dimension(R, λxλe.agent(e, x))
(R is a dimension of ‘agent’)

Next, we adopt a principle identifying critical dimensions of
‘agent’ (the exact nature of these dimensions does not matter
for the analysis; those in (8) are given for the example). Any
agent is characterized by at least one dimension of ‘agent’,
that is, is an agent to at least some extent.
(8)

(12)

Voiceagent ; λ f⟨v,t⟩ λxλe.agential+/st (e, x) = d ∧ f (e)

In a positive context, we expect the function agentialst to be
preferred to that of agential+ in (12), for the former yields
a stronger meaning (as agentialst asymetrically entails agential+ ). This default preference for the stronger meaning accounts for why in Studies 1 and 2, sentences with an animate
subject are rated less well in the low agency context. But the
availability of the weaker meaning also explains why some
participants accept these sentences in the same context (see
Figures 1 and 2).

∀R(dimension(R, λxλe.agent(e, x)) ↔
R = λxλe.intention(e, x) ∨ R = λxλe.control(e, x) ∨
R = λxλe.foreknowledge(e, x)∨
R = λxλe.effectivity(e, x))
(The dimensions of ‘agent’)

In order to be able to specify the number of dimensions of ‘agent’ present in a given instance, we introduce
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Abstract

choice, truth-value judgments, or even more coarse-grained
temporal measures like response times from button presses.
Despite its general success, the linking hypothesis for the
VWP – that is, how to link observed eye movements to the underlying mental processes that generate them – is still poorly
understood (Salverda & Tanenhaus, 2017; Tanenhaus, Magnuson, Dahan, & Chambers, 2000; Allopenna et al., 1998;
Magnuson, 2019). The problem of how to interpret eye movement patterns is compounded by the fact that the VWP is used
for vastly different tasks (for an overview, see Huettig, Rommers, & Meyer, 2011).
In this work we focus on active referential tasks, in which
participants’ goal is to identify and select the speaker’s intended referent. In such tasks, eye movements are assumed to
reflect listeners’ active search for or belief in the referent. A
way of formalizing this is the Referential Belief Link (Degen,
Kursat, & Leigh, 2021), first proposed by Allopenna et al.
(1998):

While widely used in psycholinguistics, the linking hypothesis
for eye movements in the visual world paradigm is still poorly
understood. Recent work on linking hypotheses for referential
tasks in particular has found mixed support for the Referential Belief Link: that the proportion of looks to a referent in
a time window reflects participants’ degree of belief that the
referent is the intended target in that time window. Here we
test the hypothesis that participants’ expectations for the utterances observed in an experiment modulate the extent to which
the Referential Belief Link holds. This hypothesis is motivated
by a simple idea: when utterances are unexpected, listeners
engage in additional reasoning to make sense of the observed
signal. In a re-analysis of a previous eye movement and incremental decision task dataset, in conjunction with two novel
production experiments, we find that the more surprising an
observed utterance is, the smaller the correlation between explicit and implicit beliefs is. We discuss the importance of participants’ production expectations in research using the visual
world paradigm.
Keywords: psycholinguistics; experimental pragmatics;
scalar implicature; linking hypothesis; visual world paradigm;
eye-tracking

pempirical (r|u) ∝ pbelief (r = target|u)

Introduction
The visual world paradigm (VWP) is widely used in psycholinguistics. In the VWP, participants’ eye movements are
recorded as they listen to unfolding speech while viewing
visual scenes like that in Fig. 1. Research using the VWP
has had tremnedous success in furthering our understanding
of phonetic, lexical, syntactic, prosodic, semantic, and pragmatic processing (Tanenhaus, Spivey-Knowlton, Eberhard, &
Sedivy, 1995; Allopenna, Magnuson, & Tanenhaus, 1998;
Altmann & Kamide, 1999; Clayards, Tanenhaus, Aslin, & Jacobs, 2008; Sedivy, Tanenhaus, Chambers, & Carlson, 1999;
Huang & Snedeker, 2009; Kurumada, Brown, Bibyk, Pontillo, & Tanenhaus, 2014).
The VWP is popular for good reason: eye movements
can be interpreted as an indicator of attention that is closely
time-locked to the linguistic signal. Language can guide eye
movements to a region of interest in a display within 200 ms
(Allopenna et al., 1998). By sampling an x/y coordinate every few milliseconds, researchers thus obtain a temporally
fine-grained record of participants’ language-directed attention over the course of an unfolding utterance. This property
has been particularly useful in resolving questions regarding
the time-course of online language processing, which typically cannot be addressed using offline measures like forced

(1)

This captures the idea that the empirical proportion of
looks pempirical to a referent r in a time window in response
to a (possibly partial) utterance u reflects participants’ degree
of belief pbelief that r is the intended target.1
This linking hypothesis implicitly underlies much work
in the VWP using referential tasks and is thus important to
test explicitly. Recent work doing so has found mixed support for it (Qing, Lassiter, & Degen, 2018; Degen et al.,
2021). In these studies, previous eye-tracking datasets were
re-analyzed with respect to how closely proportions of eye
movements to a referent within a time window correlated with
explicitly elicited referential beliefs (Qing et al., 2018; Degen
et al., 2021). Explicit referential beliefs were collected in an
offline incremental decision task (similar to gating tasks, Allopenna et al., 1998; Kreiss & Degen, 2020). In a re-analysis
of an adjective processing dataset (Leffel, Xiang, & Kennedy,
2016), Qing et al. (2018) found low or no correlations between explicit beliefs and eye movements (all r ∈ [0.06, 0.46]
in the theoretically relevant window of analysis). In contrast, the same methodology applied to a quantifier process-
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1 As Degen et al. (2021) caution, the assumption of proportionality may be too strong. A weaker version is that pempirical is monotonically increasing in pbelief .
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ing dataset (Sun & Breheny, 2020) found high correlations
(all r ∈ [0.79, 0.96] in the theoretically relevant window of
analysis, Degen et al., 2021).
What determines the observed variability in the extent
to which the Referential Belief Link holds both across and
within studies? Qing et al. (2018) propose an interesting hypothesis, motivated by the idea that there is a tradeoff between
exploration and exploitation: when participants are less familiar with the objects in the scene and the ways of referring to them, eye movements might serve a more exploratory
purpose, i.e., to establish the referent options and how speakers might refer to them. In contrast, with more familiarity
with possible referents and ways of referring to them, participants might have more resources available for exploiting their
signal-driven beliefs.
A prediction of this speculative idea is that if listeners observe a less expected utterance, they will need to explore
the scene more, e.g., to evaluate which possible referents
are compatible with the utterance, and hence the correlation
between proportions of looks and explicit referential beliefs
should be weaker. In contrast, if listeners hear a more expected utterance, they can directly exploit the signal, and
hence the correlation between proportions of looks and beliefs should be stronger. Qing et al. (2018) found preliminary
evidence for this prediction: while the adjectivally modified
referring expressions used in the original study were rarely
produced naturally in a free production experiment, the single condition in which explicit beliefs were predictive of eye
movements was also the condition in which the observed referring expressions had a non-zero (albeit still very low) probability of being produced naturally.
Here we report a direct test of the hypothesis that listeners’
expectations for the utterances observed in a visual world eyetracking experiment modulate the extent to which the Referential Belief Link holds. We do so by testing the extent to
which participants’ quantifier production expectations, estimated in two free production tasks, predict the correlation between implicit and explicit beliefs as measured in the quantifier processing datasets collected by Sun and Breheny (2020)
and Degen et al. (2021).

Figure 1: Example display in our written production experiments. The same display types were used in Sun and Breheny
(2020)’s eye-tracking Experiment 3 without the red border
and text field prompt, paired with instructions like ‘Click on
the boy with some of the apples.’

& Breheny, 2020) and explicit referential beliefs elicited in
an incremental decision task (Degen et al., 2021).
We briefly describe the design of the original comprehension studies before introducing our novel production studies
and main analysis.
Sun and Breheny (2020) investigated the processing speed
of quantifiers. Specifically they were interested in how: 1)
pre-existing low-level associations between quantifiers and
set sizes (e.g., the preference for the quantifier “all” with
larger set sizes of target objects) affect quantifier processing speed, and 2) how the quantifier used affects processing
speed, specifically whether certain quantifiers (e.g., “all” or
“some”) require an additional process of verifying the relationship between referent target objects and other objects in
the scene (what they called the ‘residue set’ in the center of
the display). In order to address these questions, their Experiment 3 manipulated the set size of the target objects (big (3
objects) or small (2 objects)) and the quantifier used to describe the objects (“all”, “some” or a number). Visual scenes
(such as Fig. 1) were shown with auditorily presented instructions of the form “Click on the | GENDER | that has QUANTIFIER | of NAME’S | NOUN |”. GENDER was a gender
noun (“boy” or “girl”) referring to the target child, QUANTIFIER was one of four quantifiers (“all”, “some”, “two”, or
“three”), NAME referred to 1 of 3 characters who were introduced in a background story at the start of the experiment,
and NOUN was 1 of 12 target objects (4 kitchenware items,
4 stationary items, or 4 fruit). Thus, a participant who saw
the display in Fig. 1 may have heard the instruction ‘Click on
the boy who has some of Susan’s apples.’ Participants’ eye
movements were analyzed in different time windows: Baseline, Gender, Quantifier, Name, and Noun (separated by ‘|’ in
the example instruction above).

Research strategy and test domain
We used the displays of Sun and Breheny (2020) (see Fig. 1)
to elicit natural referring expressions in two written free production tasks. This allowed us to compute a proxy measure for participants’ quantifier production expectations in the
original experiment as the surprisal of each quantifier in the
two production tasks.2 If production expectations modulate
the strength of the Referential Belief Link, quantifier surprisal should predict the correlations between implicit referential beliefs measured via eye movements in the VWP (Sun
2 The use of surprisal rather than probability is motivated by ample evidence showing that processing effort as measured in reading
times or in N400 amplitudes in ERP studies is linear in word surprisal, not probability (Levy, 2008; Smith & Levy, 2013; Frank,
Otten, Galli, & Vigliocco, 2013).
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The theoretical window of interest was the Quantifier window. They found that eye movements to the target increased
most rapidly in the Quantifier window in response to number
terms. Looks increased more slowly for “all” and “some,”
modulated to some extent by set size, but participants rapidly
looked to the residue set in response to these quantifiers, presumably for verification purposes.

tive speaker who insists on using a quantifier should at least
produce one that will allow the listener to rapidly identify the
target – here, vague quantifiers like “some” should be dispreferred compared to number terms (especially with the small
set sizes considered here, Degen & Tanenhaus, 2015; Sun &
Breheny, 2020). Despite the importance of utterance alternatives (and listeners’ resulting production expectations) in the
computation of pragmatic meaning (Franke, 2014; Goodman
& Frank, 2016; Peloquin & Frank, 2016; Degen & Tanenhaus, 2015, 2016; Gotzner, Wartenburger, & Spalek, 2016;
Sun & Breheny, 2020), little work has been done to estimate
how likely the utterances are that researchers provide participants in eye-tracking experiments on quantifier processing. The current study thus also provides novel, principled
estimates of quantifier surprisal in the types of contexts frequently used in experimental pragmatics studies.
As mentioned above, the most likely outcome of an entirely
unconstrained production task is no quantifier production at
all. Given that listeners rapidly update their beliefs about
likely utterances in response to exposure (Grodner & Sedivy,
2011; Pogue, Kurumada, & Tanenhaus, 2016; Schuster & Degen, 2020), it is likely that participants in eye-tracking studies, where the same utterance form is observed repeatedly,
rapidly form local expectations about likely utterances.
We thus ran two versions of the production task: one in
which participants received no exposure to the original comprehension task – allowing for an estimate of non-adaptive
quantifier base rates – and one in which participants first completed four comprehension trials from Degen et al. (2021) –
allowing for locally adaptive estimates of quantifier rates.

Degen et al. (2021) assessed the Referential Belief Link by
replicating Sun and Breheny (2020) in an incremental decision task. They presented the original instructions in written
rather than auditory form, but revealed them incrementally,
one window at a time.3 After the participant made a guess
about the target in one window, the text in the next window
was revealed. They then calculated correlations between participants’ explicit beliefs (as measured by referent selections
within a window) and proportions of looks to referents in Sun
and Breheny (2020). Overall, selection data in the Quantifier
window was highly correlated with looking data (all r > .78),
thus supporting the linking hypothesis. Nevertheless, correlations displayed variability, suggesting the Referential Belief
Link was not supported to the same extent across conditions.
The present study In order to test whether participants’
expectations for observed quantifiers modulate the extent to
which the Referential Belief Link holds, we implemented the
design of the original studies as free production tasks. Quantifier surprisal was computed as the negative logarithm of the
relative frequency of the quantifier within a specific combination of Sun and Breheny (2020)’s conditions and windows
– i.e., a combination of the target object set size (big, small),
quantifier condition (“all”, “some”, number), gender of target
child within a trial (boy, girl) and target noun within a trial (1
of the 12 objects):

Experiment 1: free production without
comprehension trial exposure

freq(det)
surprisal(det) = - log2 P(det) = − log2 freq(combination)

Methods

Because log(0) is undefined, if a particular quantifier was
never produced, we re-assigned that quantifier a probability
of 0.0001, resulting in a surprisal of ∼13.29.
We computed quantifier surprisal in two different production tasks. The “purest” form of eliciting production would be
to allow participants to produce referring expressions following ‘Click on the. . . ’ with no constraints whatsoever. However, this would have likely resulted in referring expressions
without quantifiers. For example, the target boy in Fig. 1
can be referred to simply as ‘the boy with apples.’ This is a
problem for instance for eye-tracking studies using referring
expressions with quantifiers to probe the speed with which
scalar inferences are drawn (Huang & Snedeker, 2009; Grodner, Klein, Carbary, & Tanenhaus, 2010; Degen & Tanenhaus, 2016; Sun & Breheny, 2020), since it is not clear that
pragmatic reasoning about alternatives naturally unfolds in
the face of pragmatically infelicitous utterances. A coopera-

Participants We recruited 51 native English speaking participants in the United States on Prolific. We excluded participants with overall < 95% accuracy, participants who answered with single word responses on > 50% of trials, and
participants who did not produce target object nouns on >
50% of trials. These criteria led to no participant exclusions.

3 They collapsed the Name window into the Quantifier window
because the name did not provide additional information about the
target.

4 Pre-registrations are available at https://osf.io/s9fm7. Experimental materials, data, and analysis scripts are available at
https://tinyurl.com/yp6pyk6p.

Materials and Procedure We used the same design and
materials as Sun and Breheny (2020) but changed the task.4
On each trial, participants told a fictional addressee to click on
one of four children in a display by typing into a text box. The
target child to communicate was indicated by a red border
(see Fig. 1 for an example display).
Each display contained 4 children with an assortment of
objects (fruit, kitchenware, or stationary) in four corners of
the screen. In the middle, there were extra objects that
matched the children’s objects. Participants were told that
their task was to “get another player to click on the child
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in the red box” by “complete[ing] the sentence ‘Click on
the. . . ’ by typing what [they] think should come next.” On
each trial they were given the phrase “Click on the” followed
by an empty text box into which they could type their answer.
Two example sentences were given on the instruction pages:
“Click on the boy with two of the apples” and “Click on
the boy with some of the apples”. These example sentences
were included to encourage participants to give responses that
could include quantifiers. We only gave two example sentences in order to minimize interference with natural quantifier production. Crucially, participants were not explicitly
told that their answers had to match any particular format or
be restricted in any way. Therefore they were free to produce
any utterance they deemed appropriate.
The experiment followed the design of Sun and Breheny
(2020) and included 56 trials: 36 experimental trials, 12 filler
trials, and 2 practice trials. Experimental trials were evenly
split by whether the target object set size was big (3 objects) or small (2 objects) and by whether participants in Sun
and Breheny (2020) originally heard the instruction with the
quantifier “all”, “some”, or a number (“two” or “three”). Targets were counterbalanced for the child’s gender (boy or girl)
and type of object the child had (fruit, kitchenware, or stationary; total of 12 unique objects).
There were two practice trials which were identical in procedure to the rest of the experiment. For consistency, the
practice trial scenarios (sets of children and objects presented
in the scene) were taken from Sun and Breheny’s (2020) Exp.
3 practice trials. Experimental trial order was randomized.

natives. All of the reported differences were supported by a
mixed effects linear model predicting surprisal from dummycoded fixed effects of quantifier (reference level: ‘some’), set
size (reference level: ‘big’), and their interaction, with random by-noun intercepts. There were no significant set size
effects (all |t| < 1.5).
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Exp. 1

Exp. 2
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Figure 2: Mean surprisal of quantifiers in Exps. 1 and 2. Error
bars indicate 95% bootstrapped confidence intervals. Values
were calculated separately for the two different target object
set sizes (big and small).
Overall, then, the instructions widely used in studies
on pragmatic inferences based on quantifier use (Huang &
Snedeker, 2009; Grodner et al., 2010; Degen & Tanenhaus,
2016; Sun & Breheny, 2020) are highly unexpected, raising a
question about the generalizability of the results of these studies to contexts where non-number quantifiers are expected.
However, as acknowledged above, listeners rapidly adapt to
the updated statistics of their linguistic environments. Thus, a
fairer estimate of quantifier production expectations might be
obtained after brief exposure to the original comprehension
task. This was the goal of Exp. 2.

Results and discussion
Trials were excluded from analysis if participants produced
an incorrect gender (n = 3), an incorrect quantifier (n = 6), an
incorrect target object noun (n = 17), no target object noun (n
= 0), or a single word response (n = 0), resulting in the exclusion of 26 trials (1.5%). We focus on the quantifier window
as our main window of analysis.
Quantifiers in participants’ productions were classified as
belonging to the following categories: “all”, “some”, number (“two” or “three”), no quantifier, or other (e.g., “most”,
“least”, “both”). Individual surprisal values were calculated
for each unique combination of noun (eraser, apple, . . . ) and
target set size (big, small).
Fig. 2 shows the mean surprisal for each quantifier category. Of the quantifiers included in the original study, number
terms were produced most frequently (1182 of the 1810 trials), yielding a very low surprisal of 0.6 (for both the big and
small set size). Much less frequently produced was “some”
(48 of the 1810 trials), yielding a relatively higher surprisal of
5.1 (for the big set size) and 6.2 (for the small set size). Perhaps most surprisingly, “all” was never naturally produced,
leading to a very high surprisal value (at ceiling). Of note
is that the second most preferred utterance type did not include a quantifier at all (e.g., “Click on the boy with apples”).
This confirms the intuition that using no quantifier at all to
describe the target objects is among the most expected alter-

Experiment 2: free production with
comprehension trial exposure
Methods
Participants We recruited 51 native English speaking participants in the United States from Prolific. We excluded participants using the same criteria as in Exp. 1, which led to the
exclusion of (n = 2) participants.
Materials and Procedure Exp. 2 was identical to Exp. 1
with the exception of 4 additional practice trials. The scenarios (children and objects shown on the screen) were identical
to trials in Degen et al. (2021)’s incremental decision study.
However, the target utterances were slightly modified so that
all possible quantifiers from Sun and Breheny (2020) would
be observed within the four trials. Participants were given an
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instruction of the form “Click on the | GENDER | that has
QUANTIFIER of NAME’S | NOUN |” incrementally and selected what they believed to be the target of the utterance in
each window (marked by ‘|’). The four practice trial sentences were:

To this end we ran two linear models that predicted the
quantifier window correlations (computed at the level of
unique combinations of quantifier, target set size, and target
child gender) from the surprisal values obtained in Exps. 1
and 2, respectively. Fig. 3 shows Quantifier window correlations against surprisal values.
Surprisal as estimated in Exp. 1 was a marginally significant predictor of the correlations (β=-0.006, SE=0.003, t=2.003, p <.08). Surprisal as estimated in Exp. 2 was a significant predictor of the correlations (β= -0.039, SE=0.011,
t=-3.438, p <.007). Exp. 2 surprisal was a better predictor
of correlations than Exp. 1 surprisal, as evidenced in twice
the variance explained (Exp. 1 adjusted R2 = 0.22, Exp. 2
adjusted R2 = 0.50). This improvement is largely driven
by the difference in estimates for “all” surprisal and provides indirect evidence that listeners indeed rapidly formed
experiment-specific quantifier expectations.
These results thus suggest that the more expected the
quantifier was in the original experiment, the more participants’ explicit beliefs predicted implicit beliefs, i.e., the more
strongly the Referential Belief Link held.

1. Click on the boy that has two of Susan’s apples.
2. Click on the girl that has some of Susan’s apples.
3. Click on the boy that has three of Michael’s scissors.
4. Click on the girl that has all of Michael’s rulers.
These practice trials were then followed by the instructions
and practice trials from Exp. 1. Participants were never explicitly told that their answers had to match any particular
format or be restricted in any way.

Results and discussion
Trials were excluded from analysis if participants produced
an incorrect gender (n = 2), an incorrect quantifier (n = 6), an
incorrect target object noun (n = 16), no target object noun
(n = 0), or a single word response (n = 13), resulting in the
exclusion of 37 trials (2.1%).
Surprisal means by quantifier and target set size are shown
in Fig. 2. Notably, while number was produced at similar
rates as in Exp. 1 (1019 out of 1771 trials; surprisal = 0.86
(big set) and 0.67 (small set)), both “some” (106 out of 1771
trials; surprisal = 3.97 (big set) and 4.46 (small set)) and especially “all” (240 out of 1771 trials; surprisal = 2.68 (big
set) and 3.21 (small set)) were produced more frequently.
In fact, “all” was preferred over “some”, though both were
marginally more preferred with big than with small sets. As
in Exp. 1, these differences were confirmed by mixed effects
models.
These results suggest that of the three quantifiers typically
included in studies on scalar inferences – “all”, “some”, and
small number terms like “two” and “three” – only the number
terms are naturally preferred to the unquantified alternative in
production. Given the evidence that listeners have probabilistic production expectations that track the actual statistics of
words in the world (Levy, 2008; Frank et al., 2013), the results suggest that only number terms are naturally expected in
this paradigm. This may explain why number terms in such
studies typically lead to much faster target identification than
either “all” or “some” (Huang & Snedeker, 2009; Degen &
Tanenhaus, 2016; Sun & Breheny, 2020).
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Figure 3: Correlation between implicit and explicit beliefs in
the quantifier window of Sun and Breheny (2020) and Degen
et al. (2021) against quantifier surprisal. Gray line indicates
regression line. Surprisal was calculated over combinations
of quantifier, target object set size, and target child gender.

General Discussion

Correlation Analysis

Despite numerous attempts at shedding light on the issue of
how to link observed eye movements to the underlying mental
processes that generate them (Salverda & Tanenhaus, 2017;
Tanenhaus et al., 2000; Allopenna et al., 1998; Magnuson,
2019), linking hypotheses for the visual world paradigm are

We can now assess the hypothesis that the extent to which the
Referential Belief Link holds is modulated by participants’
production expectations. To do so, we tested whether quantifier surprisal is a predictor of the correlation between implicit
and explicit beliefs as reported by Degen et al. (2021) for the
quantifier window of Sun and Breheny (2020).5

there wasn’t. Surprisal values were close to zero in the gender window (because participants almost always produced the expected gendered noun “girl” or “boy”), and zero in the noun window (because
participants always produced the expected noun).

5 We could have run this same analysis in other time windows
if there was any variability in word surprisal in those windows, but
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still underdeveloped. In this work we tested a particular hypothesis about why a frequently implicitly assumed linking
hypothesis – the Referential Belief Link – appears to variably
hold across and even within studies. We found that the extent to which the Referential Belief Link holds for the quantifier processing dataset of Sun and Breheny (2020) was modulated by participants’ likely quantifier production expectations. This result dovetails with the result previously reported
by Qing et al. (2018) and Degen et al. (2021) that correlations
between implicit and explicit beliefs increased across subsequent time windows, as participants presumably became
more certain about the intended target.
While we consider this work a promising first step towards
understanding the applicability of linking hypotheses in the
VWP, we hasten to list the caveats of this work. First, it is
clear that a lot of variance in correlations remains unexplained
by quantifier surprisal. This is related to a second issue: while
we have shown that quantifier surprisal predicted the correlation between implicit and explicit beliefs, we have not yet
provided a cognitive model of eye movements in the visual
world. In this respect, linking hypotheses for eye-tracking
during reading are somewhat better developed (e.g., Bicknell & Levy, 2010).6 A step in this direction for the visual
world might be to use surprisal as a parameter that toggles between explicit referential beliefs and random looking; or between referential beliefs and structured looking. One reason
for structured looking is given by Sun and Breheny (2020)’s
study: participants surprised by the use of “some” or “all” did
not look randomly at objects in the display, but instead looked
to the residue set for verification that the observed quantifier
correctly applies to the target set under consideration.
Further, the current work is limited to referential tasks, i.e.,
tasks in which the listener’s goal is to identify and select the
speaker’s intended referent. Other tasks, e.g., certain passive
listening tasks which have been shown to elicit predictive eye
movements (Altmann & Kamide, 1999), will require a different linking hypothesis.
This work raises interesting questions regarding the role of
production expectations in experimental pragmatics comprehension studies. The fact that referential beliefs elicited in an
offline selection task were more weakly correlated with the
eye movement data precisely in those conditions where the
observed quantifier was more surprising, provides support for
accounts of pragmatic inference that ascribe delays in target
identification not to inference computation cost per se (Bott
& Noveck, 2004; Huang & Snedeker, 2009, 2018), but to additional sense-making processes that must be engaged when
observing surprising language (Degen & Tanenhaus, 2015;
Sun & Breheny, 2020). Future work should further distentangle the relative costs contributed by inference computation

vs. additional sense-making processes.
Finally, we have shown here that there is good reason to
believe that production expectations play an important role
in visual world paradigm linking hypotheses. Future work
should assess the generalizability of this finding by extending
the investigation across a wider set of contexts and linguistic
forms.
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Abstract

algorithms. Collectively, these observations have been
termed algorithm aversion when individuals with direct
experience of an algorithm’s imperfect recommendations opt
against seeking its advice, even when that algorithm
outperforms the individual’s own capabilities (for review see
Burton et al., 2020; Dietvorst, Simmons, & Massey, 2015).
Recent attention has focused on how different information
about the algorithm affects this degree of aversion. For
example, when individuals were given positive descriptions
of the algorithm’s capabilities prior to any direct experience,
they held favourable attitudes towards using its
recommendations (Logg, Minson, & Moore, 2019).

What information guides individuals to trust an algorithm? We
examine this question across three experiments that
consistently found explanations and relative performance
information increased trust in an algorithm relative to a human
expert. Strikingly however, in only 23% of responses
(414/1800) did an individual’s preferred agent for a task (e.g.,
driving a car) change from human to algorithm. Thus, initial
preferences were ‘sticky’ and largely resistant to large shifts in
trust. We discuss theoretical and practical implications of this
work and identify important contributions to our understanding
of how summaries of information can improve people’s
willingness to trust decision aid algorithms.
Keywords: algorithm; accuracy; expert

Performance information

Introduction

To help a person decide to use an algorithm, a key piece of
information might be how the algorithm’s performance
compares to a human operator. Along this vein, Castelo, Bos,
and Lehmann (2019) created summaries of nine previous
experiments that directly compared algorithms to human
agents. Each summary provided empirical evidence of
different scenarios in which algorithms outperformed human
agents ranging from movie recommendation to medical
treatment planning. For example, autonomous vehicles were
found to be 28% safer than human drivers (Blanco et al.,
2016) while a machine learning system predicted ratings for
jokes with 7% greater accuracy (Shah, Mullainathan, &
Kleinberg, 2019). As a separate experiment, Castelo et al.
then presented these nine summaries to participants who then
indicate their trust for either a human or algorithmic agent to
perform each individual task. In a between-subjects design,
Castelo et al. found that providing performance information
increased ratings of trust in the algorithm compared to when
the information was absent.
An open question is whether the degree of algorithm
superiority affected people’s trust. Presumably, studies that
showed larger improvements with an algorithm provide the
grounds for greater trust in its capabilities. However, Castelo
et al. could only indirectly assess this prediction across
qualitatively different scenarios, e.g., comparing the 7%
algorithm improvement for joke-telling to 28% improvement
for driving safety. In our experiments, we directly manipulate
the improvement information within the same scenarios to
examine the impact of performance information on people’s
trust in algorithms.

Machine learning algorithms touch nearly all aspects of daily
life. Humming in the background, algorithms are trained on
vast quantities of data to filter spam from our inboxes, detect
suspicious payment transactions, and translate speech to text
in real time. Algorithms also extend beyond the mundane to
assist doctors in medical imaging, assess risks of recidivism
for bail sentencing, and pilot autonomous vehicles.
Essentially, if the data exists, machine learning algorithms
can learn to make predictions. However, whether these
predictions are recruited or ignored depends on convincing
decision-makers of their merits.
In this article, we investigate what information convinces
individuals to trust an algorithm. Across three experiments,
we presented real-life vignettes in which participants
indicated their preferences for an algorithm or human agent
to perform a task (e.g., drive a vehicle). We paired these
vignettes with information from academic studies where
machine learning algorithms outperformed a human
counterpart. To preface the results, we show that by including
information about a) the degree of algorithm improvement,
and b) how the algorithm operates, increases people’s trust in
the algorithm. These results point to the kinds of information
interventions that may encourage individuals to consider
recruiting algorithmic recommendations into their decisionmaking.
Critical to whether decision-makers use algorithms is what
information they possess about the algorithm’s capabilities.
This information may be learnt through direct experience,
such as test-driving the autopilot feature on a Tesla, or
acquired through descriptions of the algorithm, such as safety
reports that validate the system’s reliability. We focus on the
latter descriptive form of information about the algorithm and
how this affects the trust individuals place in its capacities.
Experiments in both applied and experimental settings
have observed that individuals often reject the advice of

Explanations of the algorithm’s process
When seeking advice from another person, the individual can
walk through their reasoning to explain their perspective
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(provided you asked nicely). The same cannot always be said
of machine learning systems. Between the large training
datasets, hidden layers in the model’s architecture, and the
complex underlying statistical methods, it is entirely possible
that some of the reluctance people experience with algorithm
aversion arises from a lack of understanding about how these
recommender systems work.
In our experiments, we examined how providing an
explanation of the algorithm affects ratings of trust. Even if
an algorithm was superior to human performance, decisionmakers may still want an explanation if they are concerned
about safety trade-offs, ethics of a decision process, or the
alignment between the user’s actual needs to the algorithm’s
optimisation function (Doshi-Velez, Kim, 2017). These
broad concerns have sprouted new subfields of research in
Explainable Artificial Intelligence (XAI) and prompted widereaching protection laws such as the EU’s General Data
Protection Regulations (Shin, 2021). Our experiments
explore this core idea that trust is founded upon transparency.
We directly compare simple explanations to more complex
versions to understand how explanatory detail may play a
role. Previous work by Dzindolet, Peterson, Pomranky,
Pierce, and Beck (2003) found that even simple explanations
about why an algorithmic aid could occasionally fail
improved people’s trust and use of the algorithm in a
subsequent image detection task. However, simple
explanations may backfire if individuals hold prior
expectations that the algorithm should be more complex.
Indeed, much resistance within clinical circles to the
statistical decision rules advocated by Meehl (1954) was
centred on the fact that their simplicity belied the
complexities of diagnosis. More recently, there is evidence
that people prefer recommender systems that provide
additional reasons to support a given recommendation (Rago
et al., 2021). We tested this possibility by presenting both
simple and more complex explanations of the algorithm’s
process.

Experiment 3, we presented both pieces of information in a
counterbalanced order. We hypothesised that a) larger
degrees of superiority in favour of the algorithm would lead
to larger increases in trust ratings, b) complex explanations
would lead to greater increases in trusts than simple
explanations, and c) that compounding both parcels of
information would lead to a sub-additive ceiling on how
willing participants were to trust an algorithm. The added
benefit of our within-subjects design allows us to examine
how each parcel of information affects individuals at the
subject-level.

General Methods
We describe the methods for all three experiments as each
follow the same general procedure.

Participants
In each experiment, we recruited 150 participants (N = 450)
from Prolific Academic with three exclusion criteria; that
participants exceeded an 80% approval rating, that English
was their primary language, and that they had not participated
in our previous experiments of the same design (N male = 136,
N female = 299, N other gender = 12, N prefer not to say = 1; M age = 27.9).
Relative to Castelo et al, the within-subject design coupled
with larger sample sizes provided additional power to detect
algorithm-information effects. Participants were renumerated
£1.66 for completing the 10-minute experiment.

Materials
Trust ratings The experiment was programmed in Javascript
using JSPsych (de Leeuw, 2015) and completed on a
webpage. The task required participants to input two ratings
on a slider scale to the question “Who would you trust more
to do [X]?” in the respective scenario. The scale spanned
from 0 to 100 with labels for algorithm (0), equal trust in
algorithm/human (50) and human expert (100). For the
initial trust rating, the slider start point was set to the
midpoint of the scale at 50. Participants could proceed only
once they had clicked on the slider scale. For the postinformation rating, the start point of the slider was set to the
individual’s initial rating and did not require any interaction
to proceed if they wished to retain that rating.

Experiment overview
We adapted the between-subjects experiment from Castelo et
al. (2019) to present algorithm information in a withinsubjects design. Castelo et al. found that individuals that
received algorithm information had higher ratings of trust
compared to groups where this information was absent. Our
within-subject extension seeks to expand the purview of
algorithm information to differing degrees of algorithm
superiority over the human expert (e.g., 20% better vs. 40%
better) and to explanations of how the algorithm operates.
In Experiment 1, we investigated whether doubling the
performance improvement information further increased
trust in an algorithm. In Experiment 2, we contrasted simple
and complex explanations of how the algorithm operated. In

Algorithm Scenarios & Information
In each experiment, participants were presented four
scenarios that were selected from Castelo et al. (2019) in a
randomized order. These four scenarios were 1)
recommending a treatment plan for cancer, 2) safety when
driving a car, 3) rating the funniness of a joke, and 4)
recommending a movie. Although tangential to our pursuits,
we used Castelo et al.’s objectivity ratings1 to guide our
selection of the two highest (cancer, car) and two lowest
description of ‘objectivity’ as how quantifiable and measurable a
successful outcome might be and ‘subjectivity’ defined as how open
to interpretation and opinion a given task may be.

1 In a separate study, Castelo et al., (2019) asked participants to
rate a given task, e.g., providing movie recommendations, as
objective/subjective on a scale ranging from 1-100, based on the
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objectivity-rated scenarios (joke-telling, movie). Our intent
was to identify a range of situations where initial preferences
for algorithmic decision making may be more favourable
(self-driving vehicles & movie recommendation) compared
to areas traditionally reserved for human judgement (joketelling & medical diagnosis).
Within each scenario, a text summary was presented after
the initial trust rating that summarized the results of a
published study comparing an algorithm to a human expert.
We present all the text summaries in the appendix. Here we
illustrate with an example of the performance information for
the movie scenario presented in Exp. 1 & Exp. 3:

of the study summary. In Exp. 3, the initial rating was made
with study summaries present.
The conditions diverged based on the content of the study
summaries. Once inputted, study summaries appeared on the
next page above the same slider scale, where the start point
was set to their initial rating. Individuals read through the
summary and were asked “Who would you trust more to [in
scenario X]? Move the slider now if you’d like to update your
previous response.” Each subject provided two ratings for all
four scenarios which upon completion, a free-response
question asked individuals how they approached the task and
whether they felt their responses were influenced by
algorithm information.

“A recent study conducted by professional academic
researchers showed that an algorithm can predict what
movies people will like with 20% more accuracy than other
movie-watchers.

aseline
Exp. 1
( mprovement

Who would you trust more to recommend a good movie?”

Exp.
(Explanations)

The prompt then asked participants to input a postinformation rating along the same slider scale if they wished
to update their initial rating. The above performance text
summary and prompt were identical to those in Castelo et al.
(2019) that demonstrated an algorithm information effect in
a between subject’s design. Our within-subjects extension
retains all aspects of the previous study with the exception
that webpage links that were originally embedded into the
text summaries could not be provided because we directly
manipulated the content of the summaries.

Exp.

)

nfo. 1

nitial rating

ost info

nitial rating

ost info
nitial rating

nfo.

ost info

( nfo. order)

Figure 1: Diagram illustrating the designs. Long arrow
indicates the experiment progression with large dashes
indicating absent ratings for a given experiment.

Results
Analysis was conducted in R (RCore team, 2015) using the
lme4 package (Bates et al., 2015). We fit linear mixed models
with information condition and scenario as fixed factors and
random slopes for subjects. We calculated difference scores
for the degree of trust change and report the means and
standard errors with each analysis. Follow up tests use
Bonferroni corrected p-values.
We organise the results as follows: first, we analyse the
initial trust ratings in Exp. 1 and Exp. 2 followed by the
degree of trust change after the presentation of performance
information (Exp. 1) and explanations (Exp. 2). To preface
the results, we demonstrate that mean trust in the algorithm
increased in every scenario following the presentation of
algorithm information. Next, we analyse the data for Exp. 3
to show the order of information does not affect mean trust
ratings.
Although we consistently find a shift towards the algorithm
in the aggregate, cross-experiment analyses show that many
individuals did not change their trust ratings. We present data
for the proportion of responses where individuals did not
change their trust ratings and conclude by considering our
data in the broader context of convincing individuals to
accept and trust an algorithmic agent.

Design
All three experiments used a two between-by-within design.
Scenario and ratings were within-subject factors. The
between subject factor differed by experiment. Exp. 1
manipulated the stated degree of improvement of the
algorithm (e.g., the 20% more accurate in the movie
scenario), presenting either a veridical percentage (actual %)
or doubled percentage. Exp. 2 manipulated the explanation
complexity related to how the algorithm generated its
recommendation (simple vs. complex2). Exp. 3 combined the
veridical improvement information from Exp. 1, and the
complex explanations from Exp 2. and manipulated the order
of information presentation between-subjects (accuracy-first,
explanation-first). See Figure 1 for a flow diagram comparing
the designs.

Procedure
Participants were instructed that their task was to indicate
their trust in either an algorithm or human judge across four
different scenarios where the order of the four scenarios was
randomised. All participants entered an initial trust rating to
the prompt “who would you trust more [in scenario X]?”. In
Exp. 1 and Exp 2., the initial rating was made in the absence
2

Piloting (N = 100) confirmed that subjects overwhelmingly
perceived the difference in explanation complexity.
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we observed the greatest increase in trust for the algorithm in
the cancer scenario (M = 16.3, se = 1.75) with the lowest
increases in trust in the movie-recommendation scenario (M
= 7.75, se = 1.35; t (453) = 3.94, p < 0.001). A tentative
explanation for this pattern is that trust was initially higher
for the movie-recommendation scenario and so participants
may have already been convinced prior to additional
information reinforcing the superiority of an algorithm. All
other effects were non-significant.

Initial trust (Exp. 1 & Exp.2)
Trust in algorithms was highest in the “movierecommendation” scenario (M = 48.6, se = 1.9; first-red
column in Figure 2) nearing equal trust for both human
experts and algorithms. This was significantly higher than the
trust in algorithms for all other scenarios where we find a
general preference for human experts, χ2 (3) = 40.27, p <
0.001. Next, we calculate the mean trust change scores by
subtracting the initial ratings from post information ratings
and present these in Figure 3.

Figure 3. Mean change in trust ratings as a function of
scenario and experimental condition in Exp. 1 & 2. Standard
errors shown alongside boxplots of the central interquartile
range. Colour indicates scenario, panels indicate condition.

Figure 2. Initial trust ratings in the algorithm as a function
of scenario. Means and standard errors plotted alongside
boxplot of median and central interquartile range. Small
dots represent raw data. Scale ranged from 0 (trust a human
expert) to 100 (trust an algorithm) with the 50-midpoint
representing equal trust in human/algorithm. Note Exp. 1 &
Exp. 2 combined in Figure 1 as ratings were made prior to
conditions diverging.

Order of algorithm information (Exp. 3)
The promising results of Exp. 1 & Exp. 2 suggests that both
performance information and explanation statements can
increase trust in algorithms in a range of situations. In Exp.
3, we presented the complex explanations and the actual
accuracy improvement information and manipulated the
order of presentation. We expected that the improvementfirst condition to have smaller increases in trust because after
one knows the algorithm is superior, subsequently learning
the explanation may only be a curiosity. We present the initial
ratings by information condition in Figure 4.
Initial trust ratings were highest for the movierecommendation scenario (M = 63.2, se = 2.27) and lowest
for the joke-rating scenario (M = 39.1, se = 2.42). The type of
information also interacted with the scenario where trust
ratings were lower in the movie-scenario with improvement
information (M explain = 65.9 vs. M improve = 60.5, t (147) = 1.18,
p = 0.24) but higher with improvement information in all
other scenarios (cancer scenario M explain = 51.6 vs. M improve =
58.7, t (147) = 1.57, p = 0.12; car scenario M explain = 39.7 vs.
M improve = 52.0, t (145) = 2.51, p = 0.12; joke scenario M explain
= 37.6 vs. M improve = 40.6 t (147) = 0.62, p = 0.54). These
initial results suggest individuals may find improvement
information more convincing for trusting algorithms rather
than explanations of how they work. Next, we compare how

Information effect (Exp. 1 & 2)
In Exp. 1, trust in the algorithm increased in all scenarios
and conditions (two left-most panels in Figure 3; all scenario
p’s > 0.004 vs. M diff = 0). Notably the stated accuracy of the
algorithm did not affect the increase in trust ratings (M doubled
2
% = 12.8 vs. M actual % = 15.4%; χ (1) = 1.90, p = 0.17). Trust
in the algorithm increased the most in the cancer diagnosis
scenario (M = 20.5, se = 2.16) compared to all other scenarios
(χ2 (3) = 34.36, p < 0.001). The scenario by stated accuracy
interaction was likely driven by trust ratings in the movie
scenario that were significantly lower than all scenarios in the
actual-% condition (all p’s < 0.005) but did not differ from
other scenarios in the doubled-% condition (all p’s > 0.14; χ2
(3) = 9.31, p = 0.03).
In Exp. 2, trust in the algorithm increased in all scenarios
and conditions (two right-most panels in Figure 3; all
scenario p’s > 0.00 vs. M diff = 0). Contrary to our
expectations, the complex explanations did not inspire
greater increases in trust compared to the simple – and more
transparently flawed – explanations (M complex = 11.0, se, 1.07
vs. M simple = 1 .7, se = 1. ; χ2 (1) = 0.85; p = 0.36). Again,
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the additional algorithm information changed people’s trust
in an algorithm.

explain how they might work (Dietvorst, Simmons, &
Massey, 2014).

Figure 5. Mean change in trust ratings as a function of
scenario and experimental condition in Exp. 3. Standard
errors shown alongside boxplots of the central interquartile
range. Colour indicates scenario, panels indicate condition.

Figure 4. Initial trust ratings in the algorithm as a function
of scenario and information condition indicated by shape.
Means and standard errors plotted alongside boxplot of
median. Small dots represent raw data. Scale ranged from 0
(trust a human expert) to 100 (trust an algorithm) with the
50-midpoint representing equal trust in human/algorithm.

Our within-subjects extension of the original information
effect reported in Castelo et al. (2019) provides a number of
theoretically and practically important distinctions about how
algorithm information increases trust. Firstly, our
experiments provide the granularity to identify that not all
individuals find the algorithm information useful. In other
words, there were a number of individuals who did not
change their initial ratings after the presentation of the
algorithm information; an observation that is absent in
Castelo et al’s original between-subjects experiment. These
proportions of non-movers varied across the scenarios though
notably were consistently the lowest in the cancer scenario
across the experiments (see Table 1). One tentative
interpretation of these data is that, compared against the other
scenarios, participants were least familiar with the procedures
involved in cancer diagnosis. Presumably, this degree of
relative ignorance meant that any algorithm-information
provided sufficient reason to increase their trust ratings (cf.
Bonezzi, Ostinelli, & Melzer, in print). Speaking to this
interpretation is that the proportion of non-movers was
typically highest in the movie-recommendation scenario,
likely reflecting the familiarity with these recommender
systems in daily life and so, corresponding high level of
initial trust. In the absence of explicit tests of this knowledge,
our interpretation remains speculative. However, our findings
provide the foundations for distinguishing distinct drivers of
the algorithm information effect in each scenario (Castelo et
al., 2019). Taken together, our within-subjects design allows
us to delineate a general increase in trust at the aggregatelevel as comprised of a mixture of individuals thinking about
the details of each scenario (Chen, Regenwetter, DavisStober, 2021) 3.
Optimistically, our data suggests that in certain domains,
the uptake of algorithms face fewer barriers than others. This

Information effect (Exp. 3)
In Exp. 3, additional algorithm information raised the trust
ratings in all scenarios (all p’s < 0.04) except for the movierecommendation scenario with improvement information
first (furthest right column, Figure 5, M = 4.07, se = 2.09; p
= 0.06). At least numerically, we observed that the greatest
increase in trust again in the cancer diagnosis scenario (M =
8.97, se = 1.30) and lowest in the movie recommendation
scenario (M = 4.69, se = 1.31). However, we failed to observe
significant differences between the scenarios χ2 (3) = 7.02, p
= 0.07), information order conditions (χ2 (1) = 2.47, p = 0.12),
or an interaction (χ2 (3) = 1.14, p = 0.77). The notably smaller
increases in algorithm trust are likely related to the fact the
additional information in the initial rating raised the
‘baseline’ level of trust. We explore this idea further in the
General Discussion.

General Discussion
In three experiments, we sought to understand what
algorithm information influenced people’s trust in
algorithms. Across a range of scenarios, we presented
different summaries of published academic studies in which
an algorithm outperformed human agents in the same
environment. We consistently find that such study summaries
increased trust in algorithms. Promisingly, these results
suggest that one avenue for improving attitudes towards
algorithmic decision aids is to provide individuals with
information about how algorithms have been validated or

3

The proportion of non-movers in each experiment does not
appear to be driven by a consistent proportion of obstinate

responders. Subject-level analyses indicate that 84% of participants
changed their trust ratings at least once across the four scenarios.
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is not to say, however, that algorithms are a panacea. For
example, while there is a general sentiment within the
medical field that decision aids are useful (e.g., Graham et al.,
2007; Ridderikhoff & van Herk, 1999), doctors that use
decision aids are sometimes perceived by patients to be less
skilled compared to their unaided or even human-aided
counterparts (Arkes, Shaffer, & Medow, 2007; Shaffer et al.,
2013). Our data shed light on the fact that providing
information to decision makers appears to ameliorate a
degree of the distrust and encourage individuals to use helpful
decision aids.

of the capacity of decision makers to trust algorithms when
convinced of their merits.

Table 1: Proportion of participants who did not change
trust ratings following receipt of information (non-movers)
in each scenario and experiment. Note that lowest
proportion of non-movers (i.e., most convinced by
information) in bold.
Experiment
1
2
3

Cancer
0.37
0.34
0.41

Car
0.37
0.49
0.48

Figure 6. Proportion of responses where the initial
preference changed (i.e., moved past the 50-mid point). First
three columns indicate change; last three columns indicate
retention. Colour indicates the final preference.

Scenarios
Joke Movie
0.48
0.55
0.48
0.62
0.57
0.47

Conclusions
In three experiments, we explored the bounds of an algorithm
information effect. We find that trust in algorithms can be
increased by presentations of performance information and
process explanations of the algorithm. Parceled together, we
find that participants exhibit a stickiness in their initial
preferences. Undoubtably, machine learning is a powerful
tool. However, the more ambitious challenge is to decide
which data, and consequently cultural norms and values
encapsulated therein, we wish to guide the training of
machine learning and indeed society at large. That challenge
remains a uniquely human pursuit.

The second extension of our experiments is that alongside
performance information, we established explanations
providing compelling reasons to trust an algorithm. We find
that both simple and complex explanations increased trust in
different algorithms. Furthermore, the initial ratings in Exp.
3 allow for a comparison of the relative persuasiveness of
explanations against performance information. It appeared
that performance information summaries were generally
more persuasive, albeit with a nuance; explanations may be
preferred if decision makers already trust the algorithm. This
may be because an explanation provides new information;
one who already trusts an algorithm may already know that it
can surpass the performance of a human. Only an explanation
provides novel information about how the algorithm
functions and what potential pitfalls and benefits it can bring.
Lastly, our data place bounds on the algorithm information
effect. Presenting both parcels of information did not lead to
an additive increase in trust but rather seems to indicate
individuals have a ceiling to which are willing to shift their
ratings. With regards to broader implications, it may be
prudent to consider a simple statistic. In only 23% of
responses did an individual’s preferred agent change
(414/1800, see first three columns of Figure 6). If we imagine
participants treated our continuous scale as a binary choice
between a human or algorithmic agent, then evidently, there
are limits to how convincing short study summaries can be.
n this sense, participants exhibit a ‘sticky’ initial preference
that may only shift within the given range of the preferred
agent. This bounded stickiness acknowledges that the uptake
of algorithms is necessarily guided by more than brief bursts
of information. The information in our experiments were
admittedly brief but provide a comprehensive demonstration

Appendix
For brevity, we have condensed the text summaries to the
core accuracy information and note the references were not
shown to participants. All algorithm information summaries
began with the phrase: A recent study conducted by
professional academic researchers showed [X …]
Cancer: … in 30% of cases the algorithm identified
treatment options missed by the human doctor (Lohr,
NYTimes 2016) -- Car: … cars driven by algorithms were
28% safer … (Blanco et al., 2016) -- Joke: … can predict
how funny a person will find a joke with 7% more accuracy
than the person’s own friend (Yeomans et al., 2019) -- Movie:
… can predict what movies people will like with 20% more
accuracy than other movie-watchers. (Krishnan et al.,2008)
Again, for brevity, we present a condensed example of the
explanations for the movie scenario.
Simple: The algorithm recommended the most popular
movie at the cinemas. -- Complex: The algorithm asks the
person to enter their top three movies … favourite genre,
actors/actresses, and then matches those preferences against
thousands of people …
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Abstract

evidence for mediating roles of spatial anxiety
(Alvarez-Vargas et al., 2020; Sokolowski et al., 2019)
and confidence (Estes & Felker, 2012) such that when
anxiety or confidence is accounted for, gender
differences in accuracy diminish. However, an open
question remains: what role do affective factors play in
influencing mental rotation performance in males and
females? Despite the wealth of research on gender
differences in spatial cognition, there are few
mechanistic explanations for gender differences in
terms of the link between affective factors and decisionstage processes.
One potential reason for this void is that it has proven
difficult to isolate decision-stage processes from
rotational processes on MRTs when using isolated
analyses of accuracy and/or reaction time (RT).
Previous studies have implemented signal detection
theory to estimate the response criterion in the data
analyses (Hirnstein et al., 2009). But this response
criterion is more sensitive to parametrizing guessing
behaviors than to parametrizing decision criterions.
Furthermore, speed-accuracy trade-offs in behavioral
responses are often inadequately addressed in
experimental analyses that focus on accuracy and RT.
Little is known about how affective factors influence
mental rotation judgments under speed-accuracy tradeoffs, as is typical in spatial tasks.
Drift diffusion modeling (DDM), which disentangles
the separate stages of decision making, is well suited to
dissociate the criteria settings from the quality of
evidence accumulation (Ratcliff & Childers, 2015). On
MRTs, DDM assumes that, after a stimulus is encoded,
information from the stimulus (drift) accumulates with
the noisy information (diffusion) until it reaches the
decision threshold, at which point, a same/different
choice is initiated (see Fig.1A). In this context, RT is
the sum of the time needed for the information
processing to reach the threshold plus the non-decision
time (e.g., motor execution and perceptual encoding
time). Thus, rotational processing can be dissociated

Affective factors such as anxiety, confidence, and motivation can
impair and enhance task performance. Here, we used drift diffusion
modeling (DDM) to examine how these variables affect
visualization, manipulation, and decision making on a mental
rotation task (MRT). The effects of affective factors on visuospatial
reasoning are largely unknown, perhaps in part because analyses are
generally concerned with overall accuracy and reaction time (RT),
without decomposing the stages of processing. With DDM, we
decompose performance on a MRT into separate processing
components, particularly the speed of information update (drift rate)
and the amount of evidence accumulation (decision threshold). 106
adult participants performed a two-alternative forced-choice (2AFC) MRT, and throughout, they rated their levels of anxiety,
confidence, and motivation. We found that although anxiety,
confidence, and motivation all impacted drift rate, only confidence
affected the decision threshold. Moreover, we observed a unique
role for confidence in mediating the links between gender and model
parameters, as well as a unique moderating role of motivation in this
mediation. Altogether, these findings shed light on the interrelations
between affective factors in accounting for mental rotation
performance in men and women, including the unique combination
of confidence and motivation in explaining the gender difference in
mental rotation performance.
Keywords: mental rotation; spatial cognition; decision-making;
gender differences; drift diffusion modeling

Introduction
The effects of affective factors such as anxiety,
confidence, and motivation on decision making are well
documented (Hartley & Phelps, 2012; Lerner et al.,
2015). However, little is known about how affective
factors influence spatial tasks when effortful decisions
are required. One such task is the mental rotation task
(MRT), in which participants represent and rotate
objects in one’s mental space, deciding whether two
objects are the same or different (Shepard & Meztler,
1971). This particular type of visuospatial decision
making is associated with robust gender differences
favoring males (Uttal et al., 2013; Voyer et al., 1995),
but it is less clear why they exist and whether affective
factors play a role in their instantiation. Research
examining the potential role of affective factors in
accounting for the gender-performance link provides
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from decision-stage processing while accounting for
speed-accuracy trade-offs. The diffusion model has the
following parameters: (1) drift rate (v), which
represents the efficiency of information processing of
mental rotation stimuli; (2) decision threshold boundary
(a), which represents the amount of evidence needed to
judge a same/different choice; and (3) non-decision
time (T) 1, which represents perceptual encoding and
motor execution.
Here, through DDM, we investigate the link between
affective factors and mental rotation decision-making in
males and females. To our knowledge, no study has
incorporated DDM in an investigation of affective
factors in mental rotation in order to shed light on the
gender difference in performance. A major strength of
the current approach is that we are able to compare
gender differences in both the rotational and decisionstage processes.
Anxiety. State anxiety, which is a transitory fear or
apprehension towards a stimulus (Spielberger, 1983),
can either enhance decisions by heightening perception
of the stimulus or impair decisions by disengaging
attention from the stimulus (Hartley & Phelps, 2012).
Here, we hypothesized that anxiety would be associated
with decreased information processing efficiency (i.e.,
drift rate). This hypothesis follows from attentional
control theory (Coombes et al., 2009; Eysenck et al.,
2007; Shackman et al., 2006), which suggests that
higher anxiety drains working memory resources
needed for tasks such as mental rotation. Moreover,
such rumination may be particularly damaging to an
analytical strategy (i.e., comparing parts or features of
objects), which may be overrepresented in females
(Geiser et al., 2006). We also hypothesized that higher
state anxiety might be associated with a lower decision
threshold because anxious individuals are more likely
to engage in an avoidance strategy which could involve
disengagement from evidence accumulation. Related
research on math anxiety suggests such a possibility
insofar as math anxious individuals engage in
avoidance behaviors by decreasing effort on math
problems (Choe et al., 2019).
Confidence. Confidence is defined as the degree to
which one believes that one’s judgment is correct.
Studies have found that confidence is positively
correlated with mental rotation accuracy in both male
and female participants, but males report relatively
higher confidence (Cooke-Simpson & Voyer, 2007;

Estes & Felker, 2012). There is also evidence that when
participants are allowed to update their initial answer on
a mental rotation task, females (who report relatively
lower confidence) revise their answers more than males
(Cross et al., 2017). Given these findings, we
hypothesized that confidence would be positively
associated with drift rate by enhancing processing
efficiency and negatively correlated with decision
threshold by decreasing the amount of evidence
accumulation.
Motivation. Motivation is defined as the willingness to
achieve a task goal. Whereas anxiety captures fear and
nervousness in spatial experiences, motivation captures
how one approaches spatially-related activities and the
amount of effort one exerts on a task. Previous research
has shown that mental rotation performance improves
when conditions elevate motivation, such as selfaffirmation (Martens et al., 2006), compensating
stereotypes (Wraga et al., 2006), and believing that
effort and practice matter, particularly in female
participants (Moè & Pazzaglia, 2010). However, it
remains unclear how motivation affects drift rate and/or
decision threshold across genders. We hypothesized
that motivation might be positively correlated with drift
rate by enhancing information processing efficiency
and positively correlated with decision threshold by
increasing the amount of evidence accumulation.
Each of the aforementioned affective factors may
operate independently on performance or by way of
interactions with each other. To this end, we examined
the mediating roles of affective factors in accounting for
gender-performance links. We were particularly
interested in the gender-specific effects of affective
factors on decision-making because, as previously
noted, females tend to report higher levels of spatial
anxiety and lower levels of confidence compared to
males.

1
Nondecision time (T) and a priori bias (z) are not considered
further in the present paper. T is composed of encoding + motor
execution. Although some researchers have suggested that males
and females differ in their encoding of the stimuli, encoding and

motor execution are not dissociable in this analysis. Thus, we do not
report analyses of T. z is assumed to be 0.5 (i.e., equal bias for either
choice) for both genders; thus, z is not reported.
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statements (e.g., “I feel like a failure”; 5-point scale).
Trait anxiety was used as a contrast to state affective
factors in order to test for the specificity of effects.

Fig.1. (A) Schematic illustration of the drift diffusion model.
Information accumulates until a boundary is reached.
Adapted from HDDM (Wiecki et al., 2013) in the context of
a same trial. (B) Examples of same (top) and different
(bottom) trials on the MRT (Ganis & Kievit, 2015).

Hierarchical Drift Diffusion Modeling (HDDM)
Task performance was modeled by fitting HDDM
(Wiecki et al., 2013) to participant accuracy and RT
data. This approach accounts for individual differences
in parameter estimates. All models were fit to individual
participants’ data using hierarchical Bayesian analyses.
Pre-processing of RT data. Of the 106 participants, six
were excluded due to technical problems or a failure to
pass attention checks. The final sample consisted of 100
participants (50% males). Data were trimmed by
removing RTs faster than 300 ms and slower than 7500
ms (1.2% of total trials); RTs were also trimmed per
participant (2.5 SD). Both correct and error trials were
included in the analyses. Trial-by-trial RT and accuracy
data for each participant were inputted into HDDM.
Model specifications. Parameter estimates consisted of
drift rate (v) and decision threshold (a). Group mean
posteriors of the hierarchical model were used to
perform statistical analyses. All models excluded 5% of
outlier trials and used weakly informative priors by
default (Wiecki et al., 2013).
Models were fitted to same and different trials
separately because these two types of trials may be
processed differently and diverge early in processing
(Toth & Campbell, 2019). For simplicity, only the same
trials are analyzed in the current paper. Analyses of
different trials can be found in supplemental material
(OSF link).
Model fits. HDDM was checked for model convergence
by inspecting traces of model parameters and the
Gelman-Rubin convergence diagnostic statistics
(Gelman & Rubin, 1992). Model parameters were
analyzed using Bayesian hypothesis testing (95%
Credible Intervals).

Method
Participants
106 adults were recruited through the Prolific online
testing platform (50% males; age range:18 – 40 years).
All participants were right-handed and reported normal
or corrected-to-normal vision. All participants reported
that their gender identity matched their birth sex.
Written informed consent was provided prior to
participation. A sample size of 100 was determined by
a priori power analysis. Experimental procedures were
approved by the Emory University Institutional Review
Board (IRB).
Procedure

Mental Rotation Task (MRT). Participants completed a

chronometric 2AFC MRT (Fig. 1B), in which
participants judged whether pairs of objects were
identical or different. Objects were selected from a
stimulus library with enhanced perspective, depth, and
shading cues compared to the original stimuli of
Shepard and Metzler (1971) (Ganis & Kievit, 2015).
Object pairs are considered identical if one object can
be rotated into congruence with the other (‘same’ trials)
and different if they cannot be rotated into congruence
(‘different/mirror’ trials). Across a total of 96 trials,
object pairs differed by one of four orientations: 0°, 50°,
100°, and 150° (counterbalanced order), with an equal
number of same and different trials.
Participants were instructed to “respond as quickly
and as accurately as possible” within 7500 ms, and they
received a prompt to respond without the stimulus after
the elapsed time. Trials were separated by an interval of
200 ms.
State Affective Factors. In 24 randomly-selected trials
(balanced across angular disparity and blocks),
participants rated their levels of anxiety, confidence,
and motivation for the preceding trial using a 7-point
Likert scale (i.e., “How anxious/confident/motivated
were you on the previous trial?”; 1 = not at all, 7 =
extremely). Presentation order for each rating type
(anxiety,
confidence,
or
motivation)
was
counterbalanced across trials.
Trait Anxiety. At the end of the MRT, general (trait)
anxiety was assessed by the trait subscale (STAI-T) of
the State-Trait Anxiety Inventory (Spielberger et al.,
1983). Participants rated their level of anxiety on 20

Results

In preliminary analyses, we confirmed that both
accuracy and RTs varied as a function of the angular
disparity between objects. As angular disparity
increased, participants’ accuracy decreased (β = -.18, p
< .001) and RTs increased (β = .81, p < .001), consistent
with the angular disparity effect.
Gender Differences in Model Parameters and
Affective Ratings
Model Parameters. Analyses of drift rate and decision
threshold also revealed effects of angular disparity.
DDM fits for drift rate decreased monotonically with
angular disparity (Fig. 2A; posterior probability >
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95%), whereas decision threshold, increased with
angular disparity (Fig. 2B, posterior probability > 95%),
as expected if trials with larger angular differences
between objects are relatively more difficult. These
results demonstrate that model fits captured the patterns
observed in behavior (with accuracy and RT), providing
support for DDM as a valid index of performance.
Subsequent analyses tested for effects of participant
gender. DDM fits for drift rate revealed lower drift rates
for females compared to males (Fig. 2C, 97.1%
posterior probability), suggesting slower information
uptake in female participants compared to male
participants. In the case of decision threshold, the
gender difference approached significance (Fig. 2D;
92.7% posterior probability), with female participants
displaying a relatively smaller decision threshold
compared to male participants, which may indicate an
avoidance strategy in decision making as reflected by
less evidence accumulation.
Affective Ratings. Mean ratings were obtained across the
rating trials. A MANOVA, with gender as a fixed
factor, was conducted; the dependent variables were
state affective ratings (anxiety, confidence, motivation),
and trait anxiety (Table 1). There were significant
gender differences in state anxiety and confidence, with
females reporting higher anxiety and lower confidence
than males. No other significant gender differences
were found, though state motivation approached
significance (such that females were relatively more
motivated on the task).

Table: 1: Means, SDs, F Values, p Values, and Effect Sizes
for Comparisons of Gender Differences

Relations Between Affective Ratings and Model
Parameters
We next performed separate regression analyses to test
for relations between each of the affective ratings and
model parameters, controlling for trait anxiety.
Affective ratings and trait anxiety were standardized.

Fig. 3: Partial regression plots of the relations between each
of the affective ratings and each model parameter (drift rate
and decision threshold), controlling for trait anxiety. Betas
are standardized coefficients. † p = .05 - .10, * p < .05, **p <
.01, ***p < .001.
Anxiety 2. Higher state anxiety was associated with

lower drift rates (Fig. 3A; β = -.34, p = .002, 95% CI [.55, -.12]), and there was a marginal association with
decision thresholds (Fig. 3D; β = -.22, p = .055, 95% CI
[-.44, .01]). These findings suggest that state anxiety
may disrupt processing efficiency. Its effect on
evidence accumulation, however, is less clear.
Although not statistically significant, the negative
coefficient indicates that participants may have
decreased evidence accumulation as anxiety increased.

Fig. 2: DDM fits for angular disparity (A & B) and gender (C
& D).

Analyses of the relation between trait spatial anxiety (SAQ; Lyons
et al., 2018) and model parameters found similar results.
2
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Confidence. Higher confidence was associated with
both faster drift rates (Fig. 3B; β = .60, p < .001, 95%
CI [.44, .77]) and higher decision thresholds (Fig. 3E; β
= .42, p < .001, 95% CI [.23, .61]). These findings
suggest that confidence affects both processing
efficiency and evidence accumulation, such that, when
confidence is higher, processing efficiency is better and
participants engage in more evidence accumulation.
Motivation. Higher motivation was associated with
faster drift rates (Fig. 3C; β = .60, p = .011, 95% CI [.06,
.45]), but there was no association with decision
thresholds (Fig. 3F; β = .16, p = .120, 95% CI [-.04,
.36]), suggesting that motivation enhances processing
efficiency but may not affect evidence accumulation.

lower than path c, but still significant. By contrast,
participants with high motivation did not show gender
differences in drift rates (non-significant c and c’ paths).
These results suggest that the mediating role of
confidence in the gender-drift rate link may be specific
to participants who are low in motivation.
Decision Threshold. Although gender only marginally
predicted decision threshold (92.7% posterior
probability), we nevertheless tested for the mediating
roles of all affective factors, given extant findings and a
priori predictions. As Figure 4B illustrates, analyses
revealed that with the inclusion of confidence, the direct
effect between gender and decision threshold was nonsignificant, suggesting a mediating role of confidence
along this path. By contrast, there was, again, no
evidence of mediation by state anxiety or state
motivation. Importantly, we also included gender as a
mediator to test for model misspecification; gender was
not significant. These findings suggest a unique role for
confidence among the affective factors in accounting
for the gender difference in evidence accumulation on
the MRT.
We then tested for whether anxiety or motivation
moderated the mediating effect of gender to decision
threshold through confidence. Results showed that
motivation, but not anxiety, moderated the path from
gender to decision threshold (Fig. 4D). Simple mediated
analyses showed that confidence partially mediated the
relation between gender and decision threshold in
participants with low motivation, as path c’ was lower
than path c, but still significant. By contrast,
participants with high motivation did not show gender
differences in decision thresholds (non-significant c and
c’ paths). These results suggest that the mediating role
of confidence in the gender-decision thresholds link
may be specific to participants with low motivation.

Do Affective Factors Account for the Gender
Differences in Model Parameters?
Given the aforementioned effects of gender and
affective factors on model parameters, we next tested
for mediation by affective factors (anxiety, confidence,
and motivation) between gender and model parameters
in separate analyses. Gender was dummy coded (female
= 0, male = 1) so that positive coefficients indicated
higher scores for male participants. All variables were
standardized. Effects were assessed by bias-corrected
bootstrapped 95% CIs from 2000 resamples. Gender
positively predicted anxiety (β = .47, 95% CI [.08, .85]),
but negatively predicted confidence (β = .50, 95% CI
[.11, .88]). Gender was not significantly correlated with
motivation (β = -.35, 95% CI [-.74, .05]). Tests of
mediation for anxiety, confidence, and motivation are
presented next.
Drift Rate. As shown in Figure 4A, analyses revealed
that with the inclusion of confidence, the direct effect
between gender and drift rate became non-significant,
suggesting that confidence mediated the path between
gender and drift rate. By contrast, there was no evidence
of mediation by anxiety or motivation. Importantly, we
included gender as a mediator to test for model
misspecification; gender was not significant.
Altogether, these results provide evidence for a unique
effect of confidence in accounting for the gender
difference in processing efficiency on the MRT.
We next tested for whether anxiety or motivation
moderated the mediation effect of confidence. We
specified that anxiety or motivation moderated both the
indirect and direct paths in the mediation models.
Results revealed that motivation, but not anxiety,
moderated the path from gender to drift rate (Fig. 4C).
Simple mediated effects showed that confidence
partially mediated the relation between gender and drift
rate in participants with low motivation, as path c’ was
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the task at hand (Desender et al., 2019). Relatedly,
participants may engage less with the task after
perceived errors, eliciting avoidance, perhaps similar to
the effects of anxiety on decision thresholds. This
suggests a potential role for metacognitive monitoring
of the difficulty and accuracy of responses.
Motivation. Our results highlight that motivation may
enhance both processing efficiency and evidence
accumulation. In post hoc analyses, we found that
whereas motivation is positively associated with drift
rates and decision thresholds in female participants,
such relationships were not observed in male
participants. Previous work has suggested that teaching
motivation is particularly effective for females in MRTs
(Moè, 2016), and our results are in line with such a
possibility.
Confidence and Motivation. A novel finding of the
current work is that confidence mediates the gender
differences in drift rate and decision threshold in
individuals with low motivation. It is possible that
confidence, resulting from perceived correctness, may
boost approach behaviors in females with low
motivation who have adopted an avoidance motivation
strategy, resulting in increases in processing efficiency
and evidence accumulation comparable to that of males.
However, females and males with high motivation may
have had an approach motivation strategy that works
optimally on the task regardless of how they perceived
the accuracy of their answers. This possibility
highlights the importance of motivation in affecting
gender differences on MRTs. However, given that the
mediation (vis-à-vis confidence) was only partial,
future work will be needed to decipher the role of other
potential mediators.
In sum, our findings motivate theoretical questions
about how affective factors influence decision making
on MRTs. We suspect that our results will have
implications for reducing gender differences in spatial
tasks by targeting affective interventions, such as
boosting confidence and motivation.

Fig. 4: Path diagrams showing standardized coefficients for
mediation models of drift rate (A) and decision threshold (B),
as well as conditional indirect effects of gender and drift rate
(C) and gender and decision threshold (D) via confidence, at
low (-1 SD) and high (+1 SD) motivation. The c paths
represent the total effects. The c’ paths represent the direct
effects. The ab paths represent the indirect effects. Only
significant (or marginal) effects are noted: † p = .05 - .10, * p
< .05, **p < .01, ***p < .001.

Discussion

The present study provides a novel exploration of
performance-related factors on a visuospatial task, for
which gender differences have been robustly reported.
Using DDM, we shed new light on the potential roles of
affective factors in the gender-performance link on a
MRT.
We found that anxiety was negatively associated with
drift rate, whereas confidence and motivation were
positively associated with drift rate. In other words,
although higher anxiety reduces processing efficiency,
higher confidence and higher motivation enhance it. We
also found that only confidence predicted decision
threshold, such that participants accumulated more
evidence when more confident. Taken together, these
findings highlight important relations between affective
factors and decision making such that anxiety,
confidence, and motivation may all affect processing
efficiency. Confidence, however, was the only affective
factor to mediate the links between gender and both
processing efficiency and evidence accumulation.
Anxiety. Consistent with our hypothesis, our results
establish a robust link between anxiety and processing
efficiency, in line with attentional control theory
(Eysenck et al., 2007; Ramirez et al., 2012). We also
found some preliminary evidence supporting the role of
anxiety in decision threshold, which may suggest that
high levels of anxiety induce avoidance, with less
evidence accumulation during the task. This appears
consistent with studies showing that participants react
faster after a fearful stimulus than after a neutral
stimulus on MRTs (Borst et al., 2012). However, it is
an open question whether anxiety may interact with
other affective factors to increase the decision threshold
rather than decrease it.
Confidence. Our results showed that confidence is
positively associated with processing efficiency and
evidence accumulation. Based on this, confidence may
offset anxiety to increase processing efficiency and
evidence accumulation. Previous work in line with such
a possibility found reductions of drift rate after errors
(Notebaert et al., 2009; Purcell and Kiani, 2016), such
that error processing may have diverted attention from
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Abstract
Syllogistic reasoning is one of the oldest domains of reasoning
research and has made great advances in understanding and
modeling human reasoning processes. However, the field was
mostly focused on a traditional set of quantifiers originating in
first-order logic, thereby neglecting the large variety of quantifiers humans use when engaging in reasoning in their everyday life. The present work makes three main contributions: (I)
we conducted a study yielding a dataset covering all traditional
syllogisms and tasks containing generalized quantifiers “most”
and “most not”, providing a starting point for existing theories
and models to transition to generalized quantifiers. (II) based
on the dataset, we analyze the impact that the additional quantifiers have on the reasoning behavior. (III) We investigated the
reasoning behavior with respect to the difference between traditional and generalized quantifiers, gaining insights into some
of the peculiarities of the domain of generalized syllogisms.
Keywords: syllogistic reasoning; generalized quantifiers

What, if anything, follows from these two premises?

Introduction
The first investigations of syllogistic reasoning by Störring
(1908) took place a century ago, which makes syllogistic
reasoning one of the oldest domains of reasoning research.
A syllogism consists of two quantified statements (called
premises) connecting three terms A, B and C via the middle term B and pose the task to derive a conclusion about the
relation between the end-terms A and C. In traditional syllogisms, the quantifiers used in the premises are one of the
four quantifiers underlying first-order logic: all (A), some (I),
some not (O), or none (E).
The respective letters in parentheses are classical abbreviations commonly used in the field (e.g., Pfeifer, 2006), which
will also be used throughout this article. Furthermore, the
terms in a syllogism can be arranged in four different ways,
which are referred to as figures. In this article, we use the definition of figures used by Khemlani & Johnson-Laird (2012),
which is shown in the following table:

Premise 1
Premise 2

Figure 1

Figure 2

Figure 3

Figure 4

A-B
B-C

B-A
C-B

A-B
C-B

B-A
B-C

Some cognitive theories are predictive.
Some predictive theories are field-changing.

The abbreviations of the quantifiers together with the Figure allow to abbreviate the type of syllogism. As an example,
consider the following two assertions, which form the syllogism II1:
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Most people do infer from this syllogism that some cognitive theories are field-changing (Khemlani & Johnson-Laird,
2012). While this fits our background knowledge and the
findings in experiments, it is not logically valid, which means
that counter-examples can be found that contradict the conclusion. However, logic is a normative framework, but does
not necessarily describe the way how humans reason about
these tasks. Explaining the processes leading to this deviation from logic lies at the core of most theories of syllogistic
reasoning. A variety of theories for syllogistic reason exists,
which can predict the overall response of the participants on
aggregated data by up to 85% (Khemlani & Johnson-Laird,
2012), which means that existing theories can —at least to
some extent —explain reasoning for the syllogistic problems.
In total, the domain of syllogistic reasoning consists of a set
of 64 tasks, which can be formed by combining four quantifiers in two premises with four possible arrangements. The
fact that the domain is finite and is small enough to make collecting complete datasets covering all tasks feasible makes it
not only a good fit for model development, but also detailed
evaluations (e.g., Riesterer et al., 2020a) and in-depth analyses of patterns in the data (Brand, Riesterer, Dames, & Ragni,
2020).
However, most work focused on the traditional Aristotelian
syllogisms which only consider four quantifiers, while humans consider a variety of additional quantifiers in their everyday reasoning (e.g., Barwise & Cooper, 1981; Geurts,
2003). This leads to a core question of this work: Are the
findings still valid when dealing with an extended set of generalized quantifiers, i.e., the quantifiers such as most? From
this question, two important points arise:
First, most experimental findings on the basis of the traditional syllogism considered a limited set of quantifiers not
only for the premises (All, Some, Some not, None), but also
for the possible conclusions that the participants could reason about. To this end, it is not clear if participants would
have shown a different reasoning behavior if additional options were available. Even for the 64 traditional syllogisms,
the findings could be heavily influenced by the selection of
quantifiers.

In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

Second, the processes of human reasoning might also
change depending on the type of the quantifiers (e.g., when
leaving traditional quantifiers), which would decrease the significance of theories and models explaining reasoning for
first-order logic tasks as accounts of general human reasoning.
The present work aims at tackling both points by conducting a study that extends the traditional syllogism by the generalized quantifiers most (abbreviated by T) and most not (D).
This allows us to obtain a complete dataset, that consists of
the full set of syllogisms that are possible with the new quantifiers, including the 64 traditional syllogism. This allows us
to investigate the differences between the traditional and generalized quantifiers, assessing the question if the domains of
the traditional and generalized quantifiers can be considered
to be independent. The resulting dataset can also serve as a
starting point for evaluating or extending models and theories
on an extended set of quantifiers. Furthermore, we will tackle
the question, if the reasoning processes for both domains are
different and provide a first overview of the effects occurring
when transitioning from first-order logic to generalized quantifiers.
In the following, we will first introduce relevant work covering the traditional syllogisms as well as generalized quantifiers. Second, our study and the resulting dataset is presented.
Third, we describe our analyses and results. Finally, we will
discuss our findings and implications for the field of syllogistic reasoning research.

few extensions and evaluations of cognitive theories (Ragni
et al., 2014). While we refer for the traditional syllogisms
to the article by Khemlani & Johnson-Laird (2012), we will
briefly introduce the generalized quantifiers most, which has
been investigated in about all papers for generalized quantifiers (Geurts, 2003).
How is the quantifier most interpreted formally? A logical
interpretation of the quantifier Most(A, B) for finite sets A and
B is true, if the elements that are in both A and B at the same
time is greater than the number of elements that are only in
A, but not in B. Formally, it holds |A ∩ B| > |A − B|, with | · |
being the size or the number of their elements (Westerståhl,
1989; Novák, 2008), but see for other interpretations (e.g.,
Hackl, 2009). It is important to notice that the quantification
over the size of sets is formally not possible in first order logic
(and requires at least a fragment of second order logic).
How is the quantifier most interpreted by humans? A corollary from the above that “Most S are P is to say that there are
more S that are P than S that are not P” has been used in experimental investigations (Pfeifer, 2006). Thompson (1982) argues that “Few S are not P” makes a strong enough claim that
it would be invalid to infer it from the weaker claim “Most S
are P”. The definition used by Chater & Oaksford (1999) suggests that the meaning should be given in terms of constraints
on the conditional probability, leading to “Most S are P” being interpreted as the probability of P given S being high (but
less than 1, essentially excluding all as a possible meaning).
This is also in line with the Gricean implicature that states
that we are as informative as required but not more informative (Geurts, 2010, p.11), therefore excluding all from most
in language. Furthermore, according to Chater & Oaksford
(1999), few and most are used as inverse relations. However,
Ragni et al. (2017) demonstrated that few might not be perceived that way by humans. Finally, Newstead et al. (1987)
investigated the interpretation of quantifiers in rating scales,
finding a dependency of the interpretation on the set size.
This could also be problematic for syllogistic tasks, as the set
sizes are usually not defined, potentially leading to variance
due to different assumptions about the set sizes.

Related work
Over the years, models and theories for syllogistic reasoning
cover the wide range from heuristic, probabilistic, logical and
model-based approaches (Khemlani & Johnson-Laird, 2012).
While the number of theories is still increasing (Tessler et
al., 2022; Brand, Riesterer, & Ragni, 2020), the recent years
showed a shift of focus towards model evaluation and benchmarking (Riesterer et al., 2018, 2020b), allowing to compare
models on fair grounds. However, evaluations fall and rise
with the quality of the underlying data. While comprehensive
datasets for traditional syllogisms are available, datasets that
include generalized quantifiers are rare, hindering the transition of modeling and model evaluations to generalized quantifiers.
Pfeifer (2006), Evans (2002), and others have criticized the
limitations of traditional quantifiers with respect to everyday
communication and reasoning. The universal quantifiers, i.e.,
None (E) and All (A) are too strict as they do not allow for
any exceptions. In contrast, Some (I) and Some . . . not (O) are
considered too weak, as they are already satisfied by a single
element in the set (Pfeifer, 2006). In contrast, everyday human reasoning is “based [. . . ] on beliefs, in which there are
varying degrees of confidence” (Evans, 2002, p. 980). Given
its relevance there have been only few experimental investigations of generalized quantifiers such as most or few (Oaksford
& Chater, 2001; Chater & Oaksford, 1999; Pfeifer, 2006) and

Study
For the 64 first-order logics based syllogisms (referred to as
traditional syllogisms in this article), datasets containing the
response behavior for all syllogisms and all possible conclusions exist (e.g., Dames et al., 2020). These datasets allow for
a rich analysis of the response patterns (e.g., Brand, Riesterer,
Dames, & Ragni, 2020), that would not be possible without a
complete dataset. In this work, we aim at extending the traditional domain to generalized quantifiers in a way that allows
existing models and theories for the traditional syllogisms a
smooth transition. Therefore, it is important to also provide
a comprehensive and complete dataset that also contains the
traditional syllogism. The inclusion allows us to investigate
the impact that additional options for conclusions have on the
reasoning process and it provides a starting point for extend-
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Experimental setup and dataset
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However, while the traditional syllogisms consist of a welldefined, finite set of 64 tasks, syllogisms containing generalized quantifiers will always be an arbitrary selection of tasks
and/or quantifiers. Even when restricting the quantifiers to
commonly used ones (e.g., most, few, many), the number of
possible tasks grows exponentially with each additional quantifier. In order to obtain a complete dataset that is comparable
to the datasets available, we only considered the generalized
quantifier most and the negated form, most not. By choosing most not over few, we aimed at avoiding additional issues
with the exact interpretation, as it is still debated if they offer a
comparable meaning. Additionally, it brings the advantage of
being more consistent to the handling for some and some not.
As mentioned above, the traditional quantifiers from the 64
syllogisms featuring the first-order logic quantifiers to generalized quantifiers were also included, leading to a total of 6
quantifiers and 144 syllogisms (64 of which were traditional
syllogisms).
With the inclusion of generalized quantifiers we leave the
traditional frame of first-order logic and additional effects
might come into play. For example, quantifiers have been
shown to slightly vary in their interpretation based on the set
sizes (Newstead et al., 1987). Since the set sizes are not defined in syllogistic reasoning, the interpretation of quantifiers
that do not have a classical logical interpretation might introduce an uncontrollable source of variance, as participants
could base their reasoning on an arbitrary set size. This brings
up another reason for choosing most: Its interpretation refers
to the majority of a set (e.g., more than half) and is therefore
presumably more invariant to assumptions about the set size.
Additionally, it allows to determine the logical correctness
and the possibility to reason about it while still being distinct
to some and all (e.g., syllogisms like TT4 are valid, while II4
is not and others like TT1 are invalid, while AA1 is valid).
Other common options like many on the other hand are ambiguous as they can be understood as many of, resulting in a
similar meaning to most, but can also refer to the total number
of elements (Thompson, 1982).
We acquired data from 31 participants (female: 16, mean
age: 36.8, SD age: 14.0) using the platform Prolific1 . Each
participant responded to all 144 syllogisms over 3 sessions,
resulting in a total of 4464 data points. Participants were presented with one syllogism at a time and were asked to select
the conclusion from the set of all 13 possible conclusions (6
quantifiers with 2 possible ways to order the end terms, yielding 12 possible conclusions, as well as the possibility that
there is no valid conclusions (NVC)). The order in which the
syllogisms were shown was randomized. All syllogism contained professions as subjects in order to avoid biases. The
professions differed in each syllogism and were randomized
for every participant. To reserve participants’ attention, the
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Figure 1: Comparison of the patterns on the traditional 64
syllogisms between the general quantifiers dataset (left) and
the Ragni-2016 dataset, which did only contain the traditional
syllogisms and response options (right).
experiment was split into three separate sessions, which they
could complete at any time. They took about 45 minutes on
average to complete each session. In addition to their response to the syllogisms, we obtained demographic, reaction
time, and situational data from participants (e.g., what strategy they had used to respond, how attentive they had been
during the experiment, to what extent they had guessed their
responses). Additionally, they were asked about their interpretation of the quantifier most, i.e., if it also includes all.

Analysis
Using participants’ responses to the full set of syllogisms
based on our six quantifiers, we firstly investigated if traditional syllogisms can be examined as an independent domain from generalized syllogisms. To this end, we assessed
how participants’ response patterns were affected by the introduction of generalized quantifiers. The dataset and anylsis
is available on GitHub2 . Secondly, we explored the effects
of adding generalized quantifiers by analyzing their order of

1 https://www.prolific.co/

2 https://github.com/Shadownox/cogsci-2022-genquant
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informativeness and by comparing the difficulty of the syllogisms. We will describe each of these analyses in turn.

EE
AE
AA
ET
ED
AT
AD
EO
EI
AO
AI
TT
TD
DD
OT
OD
IT
ID
OO
IO
II

Are traditional syllogisms an independent domain?
The additional response options given by generalized quantifiers could affect the responses to traditional syllogisms.
To investigate this, we compared the response patterns of
our dataset to the response patterns found in the Ragni-2016
dataset that can be obtained from the Cognitive Computation for Behavioral Reasoning Analysis (CCOBRA) Framework3 . The dataset contains the responses of 139 participants to all 64 traditional syllogisms (with correspondingly
fewer response options). Figure 1 shows the average response patterns for the traditional syllogisms in the present
dataset compared to the Ragni-2016 dataset. As the Ragni2016 dataset only had the 9 traditional response options available, the columns for the generalized quantifiers are empty
by definition. Generally, the difference between both datasets
is low, with both datasets clearly showing the same general
patterns. In order to quantify the difference, we calculated
the root mean squared error (RMSE) between the response
distributions for each syllogism. The mean RMSE across all
tasks was 0.04, indicating that the results on both datasets can
be considered to be comparable. It becomes apparent that
the additional response options do not seem to have an impact on the general response behavior. While there are some
responses using the additional quantifiers, they are not substantial and could be attributed to guessing behavior. In the
following analysis, we aim at providing detailed insights at
the interactions between quantifiers in the premises and responses, which also allows to put these responses into perspective.
Next, we examined how the quantifiers in the premises
and in the responses interact when generalized quantifiers are
added. Figure 2 depicts a crude view of participants’ answering patterns for each group of syllogisms (i.e., ignoring figures and the order of premises). We further divided syllogisms and responses into universal, existential, or generalized, depending on the quantifiers. As is evident, participants
mostly responded with the same type of quantifier that was
already present in the premises (83.6% of responses). This
is specifically true for syllogisms containing only universal
quantifiers (86.7%), existential quantifiers (91.7%), or a mixture thereof (91.7%). This corroborates the notion that adding
generalized quantifiers does not influence the answers given
to traditional syllogisms. Only when generalized quantifiers
were involved, participant noticeably swayed from this pattern, mostly by responding with existential quantifiers even
if these were not present (29.6% for a mixture of universal
and generalized; 37.6% for generalized only). In sum, these
two findings indicate that the traditional syllogisms, albeit being a subset of the syllogism with generalized quantifiers, can
be investigated independently. This is especially important,
as most findings in the field of syllogistic reasoning research
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Figure 2: Participants’ responses for all syllogisms collapsed
across figures and orders of premises. A darker color indicates a higher number of responses. Syllogism groups are
shown on the right, responses on the bottom. Quantifier types
(universal: U, existential: E, generalized: G) are shown on
the right and top for premises and responses, respectively.
were based on the traditional syllogisms only and would have
been severely affected if additional quantifiers had altered the
results significantly.

Effects on correctness
Although traditional syllogisms seem to be largely independent from the syllogisms with generalized quantifiers, the
processes when solving tasks from both domains can still be
similar. In the following, we aim at providing additional insight into the reasoning behavior for both domains, by focusing on the correctness of the given responses. For the assessment of the correctness in the analyses in this work, we
settled with the interpretation that most A are B refers to the
majority, i.e., more than half, of the elements in A are B. Furthermore, it does include the case that all elements of A are B.
Table 1 shows the correct conclusions for all valid syllogisms
that differ to the traditional syllogism (for invalids, the correct
answer is NVC; for the remaining syllogisms see Khemlani
& Johnson-Laird, 2012).
Figure 3 shows the mean correctness for the different tasks
broken down by the type of the quantifiers in the premises.
It becomes apparent that the performance substantially drops
for syllogisms that include a generalized quantifier. In the
following, we assess three possible explanations for this.
First, reasoning with the quantifier most might be less common, while traditional syllogisms and first-order logic are
more common. This could imply that participants were more
familiar with the traditional tasks. However, participants were
asked if they participated in similar experiments, which only
1 out of the 31 participants answered affirmatively.
Second, the results might be an artefact of the tasks. Invalid
syllogisms, which only have a single solution (namely that
there is no valid conclusion possible), are often considered to

3 https://github.com/CognitiveComputationLab/ccobra
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Table 1: Valid syllogisms and the respective conclusions. The direction of the conclusion is indicated by ac and ca. Only
syllogisms that are not part of the traditional set have differing conclusions are included.
Task

Conclusions

Task

Conclusions

Task

Conclusions

AA1
AA2
AE1
AE3
AT2
AT4
AD3
AD4

Aac, Iac, Ica, Tac
Aca, Iac, Ica, Tca
Eac, Eca, Oac, Oca, Dac, Dca
Eac, Eca, Oac, Oca, Dac, Dca
Iac, Ica, Tca
Iac, Ica
Oca, Dca
Oac

EA2
EA3
ET1
ET2
ET3
ET4
TA1
TA4

Eac, Eca, Oac, Oca, Dac, Dca
Eac, Eca, Oac, Oca, Dac, Dca
Oca
Oca, Dca
Oca, Dca
Oca
Iac, Ica, Tac
Iac, Ica

TE1
TE2
TE3
TE4
TT4
TD4
DA3
DA4
DT4

Oac, Dac
Oac
Oac, Dac
Oac
Iac, Ica
Oac
Oac, Dac
Oca
Oca
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Figure 3: Mean correctness of participants’ responses for
different syllogisms broken down by quantifier types of the
premises (Universal, Existential, Generalized).

Figure 4: Proportion of correctly solved tasks, occurrence
of generalized quantifiers and valid syllogisms for different
quartiles based on the correctness.

be more difficult due to a variety of reasons ranging from the
necessity to perform a exhaustive search for counterexamples
to general biases against the response option (e.g., Ragni et
al., 2019; Brand, Riesterer, & Ragni, 2020). However, the addition of the quantifiers most and most not introduced a total
of 80 new tasks, out of which 61 are invalid (while there are
37 invalid syllogisms for the 64 traditional syllogisms). Given
the potentially more challenging nature of invalid tasks, this
could explain the difference. To investigate this, we divided
the tasks into quartiles based on the mean performance for
the respective task and assessed the proportion of generalized quantifiers and valid tasks in the quartiles (see Figure 4).
While the easiest tasks (4th quartile) indeed seem to confirm
the assumption that the correctness largely depends on the
validity, the remaining groups do not. Instead, mostly the relation between the proportion of generalized quantifiers and
the correctness becomes apparent, while the validity seems to
be of secondary importance.
Third, participants might use a different interpretation for
most, which in turn leads to a systematic misjudgement of
their performance. When asked if the meaning of most also
includes all, 27 participants responded that it does not, while
only 2 participants agree that most can also include all (2
participants responded that they do not know). This can

explain why certain tasks containing generalized quantifiers
have very low correctness values (e.g., AD2, which was not
solved correctly by any participant). These tasks seem to be
valid, as the counterexamples for the conclusions require to
consider a universal meaning of the quantifier. To assess this
explanation, we also considered the correct conclusions under
the assumption of the alternative interpretation. To achieve
this, we replaced the quantifier, essentially mapping the task
to another task. For example, for the task AT2 with the quantifier most, the alternative interpretation implies that some elements are excluded, which means that we also considered the
result for the quantifier some not, respectively the task AO2.
The same principle holds for existential quantifiers, where
some could also imply some not. Note that this means that
we could also continue the replacement from most over some
not to some, but as it is already implied by most, it wouldn’t
yield any additional possible conclusions. Additionally, it is
important to note that in the case of generalized quantifiers
and existential quantifiers occurring together, the replacement
is not necessary, as the task is already invalid and there is no
possibility leading to a valid task. Figure 5 shows the proportion of correctly and incorrectly solved tasks, as well as tasks
that were solved correctly by relying on the misinterpreted
quantifiers, as determined by the described procedure. It be-

726



*HQHUDOL]HG
([LVWHQWLDO

*HQHUDOL]HG4XDQWLILHUV

3URSRUWLRQRIUHVSRQVHV


















FRUUHFW

PLVLQWHUSUHWHG

LQFRUUHFW

Figure 5: Proportion of tasks solved correctly with and without considering the misinterpreted meaning of quantifiers,
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of generalized and existential quantifiers. Note that existential only considers the traditional syllogism.
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Figure 6: Participants’ correctness on traditional quantifiers
against generalized quantifiers. Each point represents an individual participant.

syllogisms by the quantifiers most and most not, obtaining a
first complete dataset that allows to assess the transition between the traditional and generalized quantifiers. Our analysis showed that the addition of conclusions with generalized
quantifiers did not have an impact on the reasoning behavior
for the 64 traditional tasks. This finding is important for two
reasons: First, if the reasoning behavior had been affected, it
would have been necessary to reconsider findings based on
the traditional tasks alone, as they could have been an artefact of the task design. Second, the independent nature both
domains allows future studies to exclude the traditional syllogisms when investigating generalized quantifiers, which is
greatly beneficial in a domain that has already a large number
of tasks (which quickly becomes experimentally unfeasible
due to the exponential growth when adding new quantifiers).
Furthermore, we investigated general properties of the two
domains, especially with respect to the reasoning performance. We found that generalized tasks seemed to be substantially more challenging. Our analyses could rule out that
the lower performance was due to misinterpretations or the
high proportion of invalid syllogism in the generalized tasks.
This leads to the question, if different processes are used
when solving generalized tasks, or if the tasks are just more
difficult due to their innate properties. Although we found
that the ability to correctly solve the tasks is highly correlated between the traditional and the generalized tasks, it is
ultimately a question that needs to be targeted by cognitive
models and theories. We hope that our work can serve as a
basis for further research extending the domain of syllogistic
reasoning to a wider range of quantifiers that better reflect everyday reasoning and provide an insight into different facets
of logical reasoning.

comes apparent, that in most cases, errors were not caused
by the alternative interpretation of the quantifiers. While this
does not mean that misinterpretations did not play a role in
the reasoning processes, they can be ruled out as the primary
cause of errors.
The difference in correctness can be interpreted in two
ways: On the one hand, the tasks might simply be more demanding, increasing the likelihood of mistakes. On the other
hand, they might be processed differently. In order to shed
some light on these options, we investigated the differences
between the performance on tasks with generalized and traditional quantifiers on an individual level: If generalized quantifiers are processed differently, participants that solved them
correctly won’t necessarily solve the traditional syllogisms
and vice versa. Figure 6 shows the mean correctness for
each participant on traditional syllogisms plotted against the
correctness on syllogisms featuring the generalized quantifiers. The correctness for both types of syllogisms seems to
be tightly coupled, which also shows in a high correlation between both (Spearman r = 0.91, p < 0.001). This indicates
that the ability to solve the traditional tasks seems to extend
to the generalized quantifiers and therefore supports the assumption that the same processes are used for both domains.

Discussion
With this work, we aimed at providing a starting point for advancing the understanding of syllogistic reasoning to the domain of generalized quantifiers. To our knowledge, no comprehensive and complete dataset exists that contains generalized quantifiers as well as all traditional syllogisms. While
some theories exist that are already capable of dealing with
those (e.g., PHM Chater & Oaksford, 1999; Oaksford &
Chater, 2001) the lack of data prevented a rigorous evaluation of the theories and hindered in-depth analyses of the domain. We conducted a study which extended the traditional
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Westerståhl, D. (1989). Aristotelian syllogisms and generalized quantifiers. Studia Logica, 48(4), 577–585. doi:
10.1007/BF00370209

Barwise, J., & Cooper, R. (1981). Generalized quantifiers and
natural language. In Philosophy, language, and artificial
intelligence (pp. 241–301). Springer.
Brand, D., Riesterer, N., Dames, H., & Ragni, M. (2020). Analyzing the differences in human reasoning via joint nonnegative matrix factorization. In S. Denison, M. Mack,
Y. Xu, & B. C. Armstrong (Eds.), Proceedings of the 42nd
Annual Conference of the Cognitive Science Society (pp.
3254–3260). Cognitive Science Society.
Brand, D., Riesterer, N., & Ragni, M. (2020). Extending
TransSet: An individualized model for human syllogistic
reasoning. In T. C. Stewart (Ed.), Proceedings of the 18th
International Conference on Cognitive Modeling (pp. 17–
22). University Park, PA: Applied Cognitive Science Lab,
Penn State.
Chater, N., & Oaksford, M. (1999). The probability heuristics model of syllogistic reasoning. Cognitive Psychology,
38(2), 191–258.
Dames, H., Schiebel, C., & Ragni, M. (2020). The role
of feedback and post-error adaptations in reasoning. In
S. Denison, M. Mack, Y. Xu, & B. C. Armstrong (Eds.),
Proceedings of the 42nd Annual Conference of the Cognitive Science Society (pp. 3275–3281). Cognitive Science
Society.
Evans, J. S. B. (2002). Logic and human reasoning: an assessment of the deduction paradigm. Psychological Bulletin, 128(6), 978.
Geurts, B. (2003). Reasoning with quantifiers. Cognition,
86(3), 223–251.
Geurts, B. (2010). Quantity implicatures. Cambridge University Press.
Hackl, M. (2009). On the grammar and processing of proportional quantifiers: most versus more than half. Natural
language semantics, 17(1), 63–98.
Khemlani, S. S., & Johnson-Laird, P. N. (2012). Theories
of the syllogism: A meta-analysis. Psychological Bulletin,
138(3), 427–457.
Newstead, S., Pollard, P., & Riezebos, D. (1987). The effect of set size on the interpretation of quantifiers used in
rating scales. Applied Ergonomics, 18(3), 178-182. doi:
https://doi.org/10.1016/0003-6870(87)90001-9
Novák, V. (2008). A formal theory of intermediate quantifiers. Fuzzy Sets Syst., 159, 1229-1246.
Oaksford, M., & Chater, N. (2001). The probabilistic approach to human reasoning. Trends in Cognitive Sciences,
5, 349-357.
Pfeifer, N. (2006). Contemporary syllogistics: Comparative and quantitative syllogisms. In G. Kreuzbauer
& G. J. W. Dorn (Eds.), Argumentation in Theorie und
Praxis: Philosophie und Didaktik des Argumentierens (pp.
57–71). Wien: LIT.

728

The Polarity Effect of Evaluative Language
Lucien Baumgartner (lucien.baumgartner@philos.uzh.ch)
University of Zurich, Department of Philosophy, Zürichbergstrasse 43, 8044 Zurich, Switzerland

Pascale Willemsen (pascale.willemsen@uzh.ch)
University of Zurich, Department of Philosophy, Zollikerstrasse 117, 8008 Zurich, Switzerland

Kevin Reuter (kevin.reuter@uzh.ch)
University of Zurich, Department of Philosophy, Zürichbergstrasse 43, 8044 Zurich, Switzerland
Thick concepts have received a lot of attention in
the literature because they hold together descriptive
and evaluative content, with one of the main questions
being whether we can detach the evaluation and use
thick concepts non-evaluatively (e.g., Kirchin, 2010; Putnam, 2002; Roberts, 2011; Willemsen et al., 2022, ms;
Williams, 1985). Some philosophers deny this and argue
that statements like ‘What Tom did was cruel, but by
that I am not saying something negative about him’ are
contradictory and, thus, infelicitous (Elstein & Hurka,
2009; Hare, 1952; Kyle, 2019). Others believe that a
non-evaluative use of thick concepts is possible and that
statements like this are felicitous (Blackburn, 1992; Cepollaro, 2020; Cepollaro & Stojanovic, 2016; Hare, 1963;
Väyrynen, 2021).
Willemsen and Reuter (2020, 2021) tested these two
opposing intuitions by using the cancellability test for
conversational implicatures (see Grice, 1989; Sullivan,
2017; Zakkou, 2018). Here are some examples of the
experimental stimuli that were used, distinguishing between attributions of thick terms to people (Character)
and attributions of thick terms to behavior (Behavior):

Abstract
Recent research on thick terms like ‘rude’ and ‘friendly’
has revealed a polarity effect, according to which the
evaluative content of positive thick terms like ‘friendly’
and ‘courageous’ can be more easily cancelled than the
evaluative content of negative terms like ‘rude’ and ‘selfish’. In this paper, we study the polarity effect in greater
detail. We first demonstrate that the polarity effect is
insensitive to manipulations of embeddings (Study 1).
Second, we show that the effect occurs not only for thick
terms but also for thin terms such as ‘good’ or ‘bad’
(Study 2). We conclude that the polarity effect is indicative of a pervasive asymmetry that holds between
positive and negative evaluative terms.
Keywords: polarity effect; thick terms; thin terms;
evaluative language; moral judgments; praise; blame

1

Introduction

The terms we use to make evaluative judgments fall into
at least two main classes (e.g., Eklund, 2011; Väyrynen,
2013). First, thin terms like ‘great’ and ‘awful’ evaluate,
i.e., praise or blame, a person or state of affairs without
providing any descriptive information as to what it is
that the person or state of affairs is considered praiseor blameworthy for. Second, thick terms like ‘generous’
and ‘honest’ also evaluate, but additionally communicate the descriptive features in virtue of which someone
or something is evaluated. For instance, by saying that
Sally is generous and by calling her honest, we evaluate her behaviour positively. However, being generous
is clearly different from being honest—generosity is concerned with sharing things with others, honesty is about
telling the truth. While ‘generous’ and ‘honest’ share the
same evaluative component, they differ in the descriptive
features that are the basis for the positive evaluation.1
1

More recently, researchers have identified another class
of evaluative concepts, so-called dual character concepts
(Knobe et al., 2013; Del Pinal & Reuter, 2017; Reuter,
2019; Reuter, Löschke, and Betzler 2020). Given that dual
character concepts have two independent dimensions for
categorization, we will not empirically investigate this class
of concepts in this paper. Also, some philosophers suggest
that pejoratives and slurs constitute independent classes of
evaluative concepts (for a discussion, see Cepollaro, 2020).
However, both pejoratives and slurs only communicate negative evaluations and do not have positive counterparts.
The aim of this paper is to investigate whether positive and
negative evaluations of terms within the same class behave
differently. Therefore, we omit pejoratives and slurs.

(1) Negative Character: Amy is rude, but by that
I am not saying something negative about Amy.
(2) Negative Behavior: Amy’s behavior last week
was rude, but by that I am not saying something negative
about Amy’s behavior that day.
(3) Positive Character: Tom is friendly, but by that
I am not saying something positive about Tom.
(4) Positive Behavior: Tom’s behavior last week
was friendly, but by that I am not saying something
positive about Tom’s behavior that day.
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Participants were then asked whether the speaker, Sally,
contradicts herself. At first sight, the results seem inconclusive. However, the most crucial finding goes beyond
the initial research question and reveals a systematic difference between positive and negative terms. Negative
evaluations were significantly harder to cancel compared

In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

to positive ones (∆ ≈ 1.0 on a 9-point Likert scale), irrespective of whether the thick terms were assigned to the
character or the behavior. More specifically, statements
like (1) and (2) were judged to be significantly more contradictory than statements like (3) and (4). This asymmetry, called Polarity Effect, was previously unknown
and provides a challenge for the idea that positive and
negative thick terms can be treated alike (see also Väyrynen (2021) and Zakkou (2021)).

terms, then an explanation that focuses on the descriptive aspects of thick concepts would not take us very far.
Thus, in case the polarity effect is a more pervasive evaluative language effect, then the following claim should
hold:
Pervasive Linguistic Asymmetry: A negative
evaluation is, ceteris paribus, harder to explicitly cancel
compared to a positive evaluation.

So far, the polarity effect has only been recorded for
thick terms. One might wonder, though, whether the
effect is in fact a more global effect that also holds for
other evaluative terms, specifically thin terms like ‘good’
and ‘bad’. It seems plausible to assume that the effect
only occurs for thick concepts but disappears for thin
ones. Thin concepts are said to be merely evaluative,
with their only function being to express approval or
disapproval. What does remain if we cancel this sole
content of a thin concept? The term should be empty
and no longer express anything. Thus, whatever the
reason is that the polarity effect occurs for thick concepts, it should not pertain to thin concepts as well.
Another reason to think that the polarity effect occurs
for thick concepts only, is the descriptive richness of thick
concepts. Philosophers have argued that the descriptive
content is often very rich and contains disjunctive features (Wiggins, 1993), which may lead to unexpected effects in experimental settings like the cancellability task.
To give an example: One person can be called courageous for trying a dangerous trick on a snowboard, while
another person demonstrates courage by standing up to
the class bully, or simply by being themselves and not
caring about other people’s opinion. Courage comes in
many forms that often cannot be properly reduced to
one shared core feature. If this picture is correct, then
the evaluation of a thick concept is less central to the
semantic content—it is simply one of many things that
make up the concept. For thin concepts, however, the
evaluation is extremely central and, in fact, all that the
concept expresses.

Consequently, a more encompassing explanation would
be required. Willemsen and Reuter (2021) suggest an
explanation of the polarity effect that is grounded in
different social norms, let’s call it social norms explanation, that may guide our behavior. They state:
“Uttering a positive thick term without the intention to commit to a positive evaluation seems relatively harmless. Being misunderstood in cases of
negative thick terms has a potentially greater impact. If mistaken, a speaker communicates a negative evaluation they initially did not want to commit
to. Since negative evaluations harm others by diminishing their social status and reputation, people
are less willing to accept a cancellation of a negative
evaluation.” (p. 8)
Such an explanation would be consistent with a growing body of empirical evidence that has shown moral
valence to have an effect on non-moral judgements, e.g.
of knowledge (Beebe & Buckwalter, 2010) and causation (Sytsma et al., 2019, for an overview see Willemsen & Kirfel, 2019). Additionally, the philosophical and
linguistic literature is rife with results in which social
norms seem to have an asymmetrical influence on praise
and blame (Guglielmo & Malle, 2019). Recently, Anderson, Crockett, and Pizarro (2020) argued that while both
praise and blame are essential to sustaining social relationships and facilitating social regulation, blaming one
another comes with significant social costs, both on the
part of the blaming and the blamed party. Being blamed
can have serious consequences, such as loss of reputation and social alliances, social exclusion, or punishment.
Consequently, the wrongful attribution of blame that is
unjustifiably causing a person to suffer these negative
consequences, is itself an act of severe social impact.2
So far we lack evidence of the effect’s robustness across
embeddings and whether or not it is a thick concept or
an evaluative language effect. In this paper, we demonstrate that the polarity effect is not only robust but extends to thin ethical concepts as well, allowing for the
conclusion that the polarity effect is indicative of a pervasive linguistic asymmetry. In the empirical part of the
paper, we do two things: First, in Study 1, we provide

This line of reasoning can still not explain why positive
and negative terms behave differently when the evaluation is cancelled, but it provides a suggestion of where
to search for the root of the effect. If the polarity effect were a phenomenon restricted to thick terms only,
then a promising explanation of the effect, let’s call it
thick concept explanation, would dig into the intricacies of thick terms. First, the way in which the evaluative content combines with the descriptive content might
be different for positive and negative terms. Second,
as suggested above, the descriptive content of negative
thick terms might be descriptively richer or might contain more disjunctive features compared to the descriptive content of positive thick terms.

2

In contrast, if the effect were to also hold for thin
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See also Willemsen, Baumgartner, Cepollaro, & Reuter, ms
for a discussion.

a clearer understanding of the polarity effect by investigating how far-reaching it is, viz. in what embeddings
it occurs (Section 2.1). In Section 2.2, we provide empirical evidence (Study 2) that the polarity effect holds
more globally for both thick as well as thin terms.

2
2.1

The Extent and Character of the
Polarity Effect

the gender distribution in the sample was 55.96% male,
43.81% female, 0.23% non-binary. The 6 positive and 6
negative thick terms we tested were:4
• Positive: compassionate, courageous, friendly, generous,
honest, virtuous
• Negative: cowardly, cruel, manipulative, rude,
selfish, vicious

Here are three exemplary statements we used (including
the question that was asked subsequently), illustrating
each variant with a different thick term:

Study 1: Investigating the Polarity
Effect in Different Embeddings

In this study, we investigate the scope of the polarity
effect. It might be argued that the previously recorded
effect only holds when a thick term is attributed to an individual person (“Amy is rude.”)—hereafter, Individual
Statement condition—but not in other embeddings, e.g.,
generic generalizations (“People are rude.”). If that were
the case, then the polarity effect would have a more narrow application and would be moderated by the subject
term.
Two main hypotheses guided the design of our study.3
First, we predicted to replicate the polarity effect
recorded in previous studies:

Please imagine that [Sally/Tom] said the following sentence:
Individual statement
“[Amy/Steve] is rude, but by that I am not saying
something negative about [her/him].”
Limited scope statement
“Some people are friendly, but by that I am not saying
something positive about them.”
Generic statement
“People are selfish, but by that I am not saying
something negative about them.”
Does [speaker] contradict [herself/himself]?

Contradiction ratings were recorded on a 9-point Likert
scale ranging from 1 = “definitely not” to 9 = “definitely
yes”. Before participants gave their responses to the test
sentences, they were given instructions on how to understand what a contradiction is (see preregistration material). The stimuli included proper names, both for the
speaker (Sally/Tom) and the target of the predication in
the individual person statement (Amy/Steve), which is a
possible source of unexpected gender effects. Hence, the
gender of the speaker was randomized evenly in order
to control for possible gender effects.5 Each participant
was randomly assigned to one of the 72 stimuli (3 (embeddings) × 6 (concepts) × 2 (polarity) × 2 (gender of
the speaker).

Polarity Hypothesis (H1): Contradiction ratings in the
Individual Statement condition are significantly higher
for negative thick terms compared to positive thick
terms.
Second, we expected an inverse relationship between
the scope of predication and the assertive commitment:
the more general an evaluative statement, the smaller
the commitment to the evaluation. Generic statements
(“people are rude”) are notoriously easy to take back,
due to their inherent scope ambiguity (e.g., Sterken,
2017; Thakral, 2018). Similarly, limited scope statements (e.g., “some people are rude”) do not commit the
speaker to the evaluation on a personal level. Individual statements (e.g., “Amy is rude”), in contrast, have
higher immediate social costs and thus are most likely
to follow social norms. Hence, we hypothesized an embedding effect:

Results For the individual statements, the observed
mean of positive thick concepts (6.39) was indeed lower
compared to negative thick concepts (6.97). As the contradiction ratings significantly deviate from a normal distribution, we used non-parametric alternatives to test
our hypotheses. According to a one-sided unpaired twosamples Wilcoxon test (W = 9348.5, p = 0.013), positive
thick concepts have significantly lower average contradiction ratings than negative thick concepts (on 0.05-alpha
level). Thus, cancelling negative thick concepts was assessed to be more contradictory than cancelling positive
thick concepts. Hence, we cannot reject H1.

Embedding Hypothesis (H2): The polarity effect is significantly reduced in limited scope statements and for
generic generalizations.
Methods 932 participants were recruited via Prolific and completed an online survey implemented in
Qualtrics. All participants were required to be at least
18 years old, English native speakers (or bilingual), and
to have an approval rate of at least 95%. The remaining
872 participants had an average age of 38.47 years, and
3

4

The experimental design, predictions, and statistical models were pre-registered with the Open Science Framework.
The data file with all the responses can be downloaded
here.

5

731

We selected the same 12 thick terms that were used in
Willemsen & Reuter (2021). Among other reasons for their
selection (see https://osf.io/xew6d), these adjectives have
the feature of being frequently used in ordinary language.
In the individual statements, Sally only talks about Amy
and Tom only about Steve (i.e., gender is held constant
across speaker and subject term).

Our second hypothesis was that the difference between
negative thick terms and positive thick terms will be
largest for individual statements. However, the differences in the estimated marginal means do not support
this hypothesis, as shown in Table 1.6 In fact, the difference for individual statements is the smallest (-0.60).
All differences are significant on 0.05-alpha level. Hence,
our hypothesis has to be rejected. Lastly, none of the
control variables (gender of the speaker, age and gender
of the participant) had any significant effect.

Interaction Hypothesis (H4): There is no significant
two-way interaction of Concept class (Thin vs. Thick)
and Polarity (Positive vs. Negative).
Thin Concept Hypothesis (H5): Contradiction ratings
are significantly higher for negative thin terms compared
to positive thin terms.
Thick Concept Hypothesis (H6): Contradiction ratings are significantly higher for negative thick terms compared to positive thick terms.

Table 1: Pairwise contrasts (positive - negative) of estimated marginal means by embedding. For individual
statements, the difference in average contradiction ratings was 0.60.
Embedding
Individual
Limited
Generic

∆Estimate
-0.60
-0.65
-0.78

SE
0.30
0.30
0.31

t-ratio
-2.00
-2.14
-2.56

p-value
0.047
0.033
0.011

Discussion In Study 1, we replicated the polarity effect for statements in which a thick term is attributed
to an individual. Furthermore, the scope of this effect
is not limited to statements of the form “[Subject] is
[thick term]”. Significant differences were found across
all three embeddings, providing support for the claim
that the polarity effect is rather pervasive. This suggests that the effect does not depend on the linguistic
construction used.

2.2

Methods 325 participants were recruited via Prolific and completed our online survey implemented in
Qualtrics. The same inclusion criteria and instructions
were used as in Study 1. The final sample included 303
participants (34.65% male, 63.37% female, 1.98% nonbinary) with an average age of 36.69 years.
As stimuli, we used three positive and three negative
thin and thick concepts each:
• Thin concepts:
– Positive: good, great, ideal
– Negative: bad, awful, terrible8
• Thick concepts:
– Positive: friendly, honest, compassionate
– Negative: rude, manipulative, cruel
After two test questions, participants were presented
with the following vignette9 :

Study 2: Extending the Polarity Effect
to Thin Concepts

In previous studies as well as in Study 1 above, it was
found that the polarity of a thick term has an effect on
contradiction ratings using the cancellability paradigm.
In this experiment, we investigated whether the polarity
effect shows up for both thin and thick concepts, which
would indicate that the effect is more widespread and
holds for evaluative concepts more generally, rather than
for thick concepts only. We therefore examined whether
negative and positive thin terms behave differently from
thick terms with respect to cancelling their evaluative
content. We thus formulated the following hypotheses:7

Please imagine that Sally said the following sentence:
“What [person] did last week was [thin/thick term], but by that
I am not saying something [positive/negative]
about [her/his] behavior that day.”
Does Sally contradict herself?

The participants answered on a 9-point Likert scale anchored at 1 = “definitely not” and 9 = “definitely yes”.
Since the gender of the speaker did not have any significant effect in Study 1, we did not add it as a control
variable in Study 2. Instead, we varied the gender of the
person Sally is speaking about, but without duplicating
the number of vignettes. Accordingly, participants were
evenly assigned to one of the 12 vignettes (3 (terms) ×
2 (concept classes) × 2 (polarity)).

Main Effect Hypothesis (H3): There is a significant effect of Polarity (Positive vs. Negative) on contradiction ratings, such that the ratings are higher for negative
terms compared to positive terms.
6

7

The estimation is based on a two-way ANOVA of the interaction of polarity and embedding, with the gender of
the speaker (male/female), as well as age (continuous) and
gender of the respondent (male/female/non-binary) as controls.
The experimental design, predictions, and statistical models were https://osf.io/r9mb5 pre-registered with the Open
Science Framework. The data file with all the responses
can be downloaded here.
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We selected highly frequent thin terms, including ‘good’,
‘great’, and ‘bad’ (2nd, 4th, and 22nd most frequently used
adjectives in American English in the Corpus of Contemporary American English).
Whereas in Study 1 we used thick term attributions to
persons, in Study 2 thin and thick terms were attributed
to behavior. Previous studies have revealed no differences
between both conditions.

Results In Study 2, we found the main Polarity Effect
again: according to a one-sided unpaired two-samples
Wilcoxon test (W = 15712, p-value < 0.001), negative terms have significantly higher contradiction ratings than positive terms (across concept classes), thus
supporting H3. Furthermore, the differences of differences based on Aligned Rank Transform (ART) nonparametric ANOVA (t-ratio (299) = 1.284, p-value =
0.2002) showed that there is no significant two-way interaction of concept class and polarity, which is in line
with our predictions in H4. The Polarity Effect was also
found for thin concepts (H5) and thick concepts (H6) respectively: a one-sided unpaired two-samples Wilcoxon
test (W = 4021.5, p-value < 0.001) showed that negative thin concepts have significantly higher contradiction
ratings than positive thin concepts; the same was found
for thick concepts (W = 3918.5, p-value < 0.001). In
summary, none of our hypotheses can be rejected.
In general, thick terms (5.93) have lower average contradiction ratings than thin concepts (7.15). Figure 1
depicts the means and standard error per term, which
reveals two outliers, namely the thick terms manipulative (5.42) and honest (3.08). We thus ran additional
tests to check for concept class differences for positive
and negative terms respectively, with and without outliers. A two-sided unpaired two-samples Wilcoxon test
(W = 2243.5, p-value = 0.01602) showed that there are
significant differences between positive thin and positive
thick concepts; the same is true for negative thin and
thick concepts (W = 2032.5, p-value < 0.001). These
differences are no longer significant for positive thin and
thick, if we drop the the outlier honest (W = 1770, pvalue = 0.5546), nor for negative thin and thick concepts after dropping manipulative (W = 1667.5, p-value
= 0.1868).

Figure 1: Average contradiction ratings per concept.
The error bars display the standard error around the
means.

we tested, i.e., not only when thick terms are ascribed
to persons, but also when being attributed to a group
of people, as well as in generic statements. From this,
we can conclude that the polarity effect is not (at least
not strongly) dependent on the scope of predication in
which the thick term appears.
In order to pursue our second aim, we tested not only
a batch of thick terms but also six thin terms. The results of Study 2 reveal that statements including positive
thin terms are also less contradictory than negative thin
terms, mirroring the effect for thick terms. While we
cannot rule out that the outcome of Study 2 is the result of two independent effects, the similar results for
thick and thin terms in Study 2 do indicate that the
same cause is driving the effect in both cases.

Discussion The results of Study 2 paint a clear picture, according to which the polarity effect does not hold
for thick terms only, but is a more widespread effect that
applies to evaluative concepts more generally. Our results suggest that the Polarity Effect between positive
and negative terms is a unified phenomenon for thin and
thick concepts.

3
3.1

General Discussion

3.2

Summary of the Results

Interpretation and Discussion of the
Results

Two accounts were stated in the introduction that may
account for the polarity effect of thick terms. First, given
that thick terms have both evaluative as well as descriptive content, we hypothesized that the entanglement of
descriptive and evaluative content might be stronger for
negative thick terms than it is for positive thick terms.
The greater entanglement for negative thick terms might
be down to the nature of the descriptive content of negative thick terms or it might be explained in the way
in which evaluative and descriptive content combine. If

The purpose of the empirical part of the paper was
twofold. First, we aimed to replicate the polarity effect,
thereby testing the extent to which the effect holds in
different embeddings. Second, we aimed to investigate
whether the polarity effect is a narrow thick concept effect, or whether it holds more widely for a larger set of
evaluative terms including thin terms. In regards to the
first aim, we successfully replicated the polarity effect for
individual subjects. Furthermore, and against our predictions, the effect popped up in all three embeddings
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such an explanation were to hold, we would not expect
the polarity effect to show up for thin terms. In other
words, a positive result for thin terms would indicate the
falsity of the thick concept explanation.
Second, as suggested by Willemsen & Reuter (2021),
certain social roles might be in place that govern the
use of positive and negative terms. If a person publicly
attributes a negative aspect to a another person, she
needs to be able to justify the blameworthy aspect more
strongly than when attributing a positive aspect. Consequently, the use of negative terms comes with greater
social costs, because they can do serious harm and need
to have a more solid grounding. If this social norm hypothesis were true, then the polarity effect might as well
show up for positive terms. Thus, a positive result would
provide some evidence in favor of the social norm explanation.
The results of Study 2 suggest the thick concept
explanation to be false. In contrast, the data provide
evidence that social norms might be key to understand
the polarity effect. The social norm explanation is
also in line with recent results that show that people are
less inclined to permit the use of negative thick terms
when these are not intended to be used to blame a person
(Willemsen & Reuter, 2020). In any case, the polarity effect is indicative of a pervasive linguistic asymmetry that
holds between positive and negative evaluative terms.
One might wonder why the mean value for ‘honest’
is significantly lower than for all other positive items.
Interestingly, this experiment is not the first in which
‘honest’ is an outlier (see Willemsen Reuter 2020, 2021,
and Willemsen, Baumgartner, Cepollaro, & Reuter, ms).
We believe that there are two possible factors that drive
this effect. First, honesty is one of the virtues that can
easily become a vice. Some truths are just tough to bear
and often conflict with other norms of politeness, respect, and so on. Thus, calling someone honest does not
necessarily involve a positive evaluation. These considerations might have affected participants’ interpretations
of the stimulus, making the positive evaluation particularly easy to cancel. Second, many uses of ‘honest’ do
not seem to be communicating high praise for an agent,
but rather that the agent has merely met a certain minimal standard. We can and should expect others to be
honest.
In a recent paper, that second aspect has been investigated more thoroughly. Willemsen, Baumgartner,
Cepollaro, and Reuter (ms) provide an alternative explanation for the polarity effect that considers the relevance
of social expectations for the interpretation of evaluative
language. Let’s call this explanation the evaluative deflation explanation. They argue that acts that count
as morally desirable and are referred to by the use of
positive terms, such as being compassionate, can either
meet our expectations or they can exceed our expecta-

tions. The results of a series of studies indicate that people can use positive terms in two ways: first, a proper
evaluative way in which speakers intend to praise the
agent and, second, in an evaluatively deflated manner to
refer to actions that only meet our expectations.
Applying this account to the example of ‘honest’
above, we can easily see why people might interpret ‘honest’ in an evaluatively deflated way. In order for communication, in particular, and cooperation, more generally, to work, people need to be honest.10 Thus, following Willemsen et al.’s suggestion, we should expect that
when people call a person’s behaviour honest, they often
do not want to praise the agent for having exceeded our
moral standards. Rather, all they wish to communicate
is that the agent meets a certain standard, necessary for
people to cooperate. Whether the social norm explanation, or the evaluative deflation explanation, or
an altogether different explanation will prevail is a matter for future research to determine.
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Abstract
Investigation of the relationship between cognitive function and
academic performance has recently pivoted from differences in
intelligence to executive function. To date, these studies have
focused disproportionately on samples recruited from Western
countries, despite evidence in support of cultural differences in
these putative relationships. To address this gap, the present
study investigated whether differences in inhibitory and/or
attentional control could predict academic performance in a
sample of Chinese adolescents (n=42). Participants reported on
demographic details and completed both the Simon task and
Attention Network Test. Data were analyzed using multiple
linear regression controlling for gender, age, SES, English
language proficiency, processing speed, and fluid intelligence.
Results showed that one index of inhibitory control derived
from flanker task performance explained a significant amount
of unique variance in academic performance. Our findings
provide evidence that executive function, specifically inhibitory
control, plays a significant role in academic performance.
Keywords: academic performance; inhibitory control;
executive function; fluid intelligence; high school students

Introduction
There continues to be considerable interest in identifying the
factors underlying observed differences in academic
performance, “the extent to which a student, teacher or
institution has achieved their educational goals” (Ward et al.,
1996). Much of this interest stems from the expressed goal of
wanting to place students from heterogenous populations in
appropriate educational programs that will maximize their
academic development (Helal et al., 2018). Over the last
decade, the previous focus on intelligence has shifted towards
investigation of dissociable components of executive function
(Cortés Pascual et al., 2019). These components, including
inhibition, shifting, and updating, are thought to control and
coordinate cognitive subprocesses in support of goal

achievement (Miyake et al., 2000). Executive functions are
essential for success across a diverse range of domains
including preparation for and performance during schooling
(Diamond, 2013). Currently, there are inconsistent findings
regarding which component(s) of executive function are most
associated with academic performance, and whether these
associations are modified by age, socioeconomic status (SES),
or other variables. For these reasons, there is a need to further
explore the association between executive function and
academic performance.
Executive function is comprised of at least three related but
separable dimensions (Miyake et al., 2000). Each dimension
is thought to control a range of cognitive abilities, operating
through attentional functions in a manner that is goal directed
(Braver, 2012). Inhibitory control, sometimes called
inhibition, supports the ability inhibit a prepotent response or
ignore irrelevant or distracting information (i.e., interference
suppression). Shifting, sometimes referred to as task switching
or set shifting, underlies our ability to switch between
different tasks or mental sets. Finally, updating, which
includes monitoring, is the ability to monitor and edit
representations held in working memory. Although more
recent research has identified considerable unity across the
separate dimensions of executive function (Friedman &
Miyake, 2017), the relationship with academic performance is
generally investigated from the separate dimensions
perspective (St Clair-Thompson & Gathercole, 2006).
Findings support that this relationship differs based on the
specific dimension of executive function, academic
performance discipline, and age group studied (Cortés Pascual
et al., 2019). Across these previous studies, working memory,
a component of updating, has been the most widely studied
aspect of executive function.
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Investigations of the relationship between academic
performance and executive function in adolescent samples
outside of Western countries are fairly limited. Limited
previous studies conducted in China have reported mixed,
culturally-specific findings regarding this putative
relationship across the multiple dimensions of executive
function, including attentional control (e.g., Lan et al., 2011;
Thorell et al., 2013). Considering the disproportionate focus
on studies of working memory in Western samples, the
relationship between other dimensions of executive function
and academic performance merits further investigation in
more diverse, under-studied samples.
To address these gaps in the literature, the present study
aimed to investigate the relationship between academic
performance and two understudied dimensions of executive
function (i.e., inhibitory and attentional control) in a nonWestern sample of international high school students in
Southern China. Specifically, as there is considerable
evidence supporting a relationship between academic
performance and gender, age, SES, fluid intelligence, and
processing speed (e.g., Lee & Shute, 2010; Richardson et al.,
2012; Rohde & Thompson, 2007), we investigated whether
inhibitory and/or attentional control explained additional
variance in academic performance when controlling for these
other variables. Additionally, because academic performance
was assessed entirely in English at the school from which our
data were collected, we also controlled for self-reported
English proficiency in our model. The inclusion of these
variables during modeling also allowed us to control for their
reported impact on behavioral task performance (e.g., Alves
et al., 2016; Anderson, 2002; Noble et al., 2007; Privitera et
al., 2022).

Methods
Participants
A sample of 42 Mandarin-English speaking bilingual high
school students (32 females) were recruited from a private
high school in Shenzhen, China. The average age of
participating students was 16.21 years (SD = 1.60; 13 – 19
years). Students were all enrolled full time in a British
curriculum high school where English was the primary
language of instruction and assessment. This study was
approved by the Human Research Ethics Committee of the
University of Hong Kong (#EA200010). Informed consent
was obtained from both parents and students prior to inclusion
in the study. All students received community service hours
toward their graduation requirement in exchange for
participation.

Questionnaires and Task
Measure of Academic Performance Participating students
completed courses across a wide range of disciplines during
their high school study including English, mathematics, social
science, and laboratory science. While the specific courses
completed differed for each student, it was not the case that
any student was only taking courses in any one discipline. For
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this reason, overall grade point average (GPA), reported out
of 4 total points, was used as a measure of academic
performance. The use of overall GPA provides a more general
measure of academic performance, avoiding the limits
associated with focusing on performance in any particular
discipline. Current GPA scores for each participant were
obtained from our partner school’s academic affairs office.
Measure of Fluid Intelligence A wide range of pencil-andpaper and computer-based instruments exist for assessing
differences in fluid intelligence. As part of their initial
screening after acceptance, students at our partner school
completed the Cognitive Abilities Test (CAT 4th Edition, G.L.
Assessment 2016). This standardized instrument is comprised
of four separate subtests designed to measure verbal, nonverbal, quantitative, and spatial reasoning. Test items included
in the non-verbal reasoning subtest are similar to those found
in widely-used instruments for assessing fluid intelligence
such as Raven's Progressive Matrices (Raven & Court, 1938).
Most importantly considering that our sample is drawn from
a bilingual population, the results of the non-verbal reasoning
subtest are not confounded by language. For these reasons,
student scores on the CAT4 non-verbal reasoning subtest were
used as a measure for fluid intelligence in the present study.
CAT4 scores are reported as standard age scores with an
average of 100 based on a normative, age-matched dataset
collected in the United Kingdom. The accepted mark range for
each subtest is 50-160 points.
Additional Background Measures Although our sample was
drawn from a socioeconomically similar population of
students, we further assessed differences in SES by asking
students to report on family education level (Wermelinger et
al., 2017). Additionally, because the primary language of
instruction and assessment at our partner school was English,
differences in academic performance could be attributed to
differences English language proficiency. To address this,
students completed the Language History Questionnaire
(LHQ-3) (Li et al., 2020), and aggregate scores for English
language proficiency were included in our analyses. Despite
criticism (Zell & Krizan, 2014), self-report measures of
language proficiency have been found to correlate with
objective measures (Gollan et al., 2011; Jia et al., 2002; Li et
al., 2020; Marian et al., 2007; Schrauf, 2009), with
comparable results reported when either measure is used
(Zahodne et al., 2014).
Measures of Cognitive Functioning Processing speed and
executive function measures were derived from behavioral
task performance. Participants completed both the two-color
Simon task (Bialystok et al., 2004; Privitera et al., 2022) and
the Attention Network Test (ANT; Fan et al., 2002). For the
Simon task, a fixation cross (black; 2.54 cm line; .254 cm
thick) was presented on a white background for 300 ms at the
start of each trial. Next, a blue or brown square target stimulus
(2.54 X 2.54 cm) appeared to the left, right, or directly over
the previous location of the central fixation cross. Based only

on the color of the target stimulus, participants were instructed
to press either the Q or P key on a computer keyboard with
their left or right index finger, respectively. Stimuli remained
on screen until a response was given, followed by a blank
screen for 500 ms. In total, 6 practice trials with feedback and
42 experimental trials without feedback were presented
randomly, with each color and position combination presented
in equal proportion. Color key mapping was counterbalanced
across participants. Conditions of the ANT followed those
described in the original work (Fan et al., 2002), with the
exception of trial stimuli remaining on screen until a response
was given. The task included 24 practice trials with feedback
and 288 experimental trials without feedback with all cue (i.e.,
no cue, center cue, double cue, and spatial cue) and
congruency conditions (i.e., congruent, incongruent, and
neutral) presented randomly in equal proportion.
Separate, task-specific indices for processing speed and two
dimensions of executive function were derived from Simon
and ANT performance. Processing speed was operationalized
as average reaction time (RT) on neutral trials for the Simon
task, or neutral, no cue trials on the ANT. These trials were
selected because they present stimuli without additional
conflicting or facilitating cues, providing a pure measure of
baseline processing speed. There is debate surrounding which
method is most appropriate for calculating an index of
inhibitory control using data collected from behavioral tasks.
Traditionally, the average RT for congruent trials is subtracted
from the average for incongruent trials (henceforth called ICIC
). However, some argue that the presentation of congruent
trials (e.g., non-target flanker arrows pointing in the same
direction as the target arrow on a flanker trial) results in a
facilitatory effect, reducing the time needed in order to give a
response. By this argument, congruent trials are not a true
baseline condition, and are therefore inappropriate to use in
the calculation of this index. As an alternative in response to
the facilitation issue, this index is calculated by subtracting the
average RT for neutral trials, thought to measure general
processing speed, from the average for incongruent trials
(henceforth called ICI-N). In both calculations, larger resulting
values correspond to worse inhibitory control. In response to
this debate, we calculated both indices for inhibitory control
and included each as a predictor in separate regression models.
Attentional control was operationalized as three separate
indices of attentional network efficiency, calculated for each
participant following guidelines published in the original
ANT research (Fan et al., 2002). Alerting network efficiency
was calculated by subtracting the average RT of the double
cue trials from the average RT of the no cue trials. An
additional index for alerting network efficiency, subtracting
the average RT of the center cue trials from the average RT of
the no cue trials, has also been proposed (Fan et al., 2005), and
was calculated for all participants. Orienting network
efficiency was calculated by subtracting the average RT of the
spatial cue trials from the average RT of the center cue trials.
For both alerting and orienting network efficiency indices,
higher values correspond to more efficient attentional network
function. All indices of cognitive functioning were calculated
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using RT data from correct trials only. Data were further
trimmed to remove trials with RTs shorter than 150 ms, and
longer than 2.5 SD above the average RT. Data trimming was
performed separately for each congruency condition (i.e.,
congruent, incongruent, and neutral).

General Administration Procedures
Due to the limitations placed on in-person data collection at
schools in Mainland China because of the ongoing COVID19 pandemic, all data were collected using the Gorilla online
experiment builder (Anwyl-Irvine et al., 2020). Behavioral
data collected using online platforms is of comparable quality
to data collected in a laboratory setting, with previous work
replicating classic behavioral effects including those reported
on the Simon and flanker tasks (Anwyl-Irvine et al., 2020;
Crump et al., 2013; Jylkkä et al., 2017; Privitera et al., 2022).
All participants first gave informed consent, then reported on
basic demographic information and completed the LHQ-3,
followed by either the Simon task or ANT with task order
counterbalanced across participants.

Statistical Analysis
All statistical analyses were performed using jamovi (The
jamovi project, 2020). Jamovi is free to use statistical software
capable of performing a number of commonly used parametric
and non-parametric analyses (Şahin & Aybek, 2019).
Correlations were initially used to identify the strength and
nature of relationship between academic performance and
predictor variables. Linear regression was used in order to
identify the variance in academic performance explained by
separate indices of inhibitory or attentional control
individually. Finally, multiple linear regression was used to
identify the unique variance in academic performance
explained by these measures while controlling for differences
in gender, age, SES, English language proficiency, processing
speed, and fluid intelligence. All continuous predictor
variables were centered prior to modeling in order to improve
the interpretation of our model estimates.

Results
Simon task data were unable to be collected from one
participant due to technical issues encountered during online
task administration (n = 41). Additionally, due to low
accuracy rates (< 50%), ANT data from three participants
were removed prior to analysis (n = 39). Careful investigation
of Simon data from these four participants identified no
evidence against inclusion in analysis. One academic
performance score was Winsorized to a value 2.5 below the
group average in order to reduce the effects of extreme values.
Finally, with the above exception, accuracy on both tasks was
high across all participants and trial types (> 94%). For this
reason, accuracy data were not analyzed and will not be
discussed further.
Descriptive and correlational results are summarized in
Table 1. To examine the relationship between inhibitory
control, attentional control, and academic performance, we
conducted linear regression. Our first model tested whether

Table 1: Descriptive statistics and correlations for study variables
n

M

SD

1

1. Age (years)

42

16.21

1.60

—

2. SES (1-4 points)

42

2.42

0.70

-.39*

—

3. English proficiency (0-1 point)

42

0.72

0.12

-.07

-.14

—

42

120.71

12.89

.10

.08

-.10

—

42

3.88

0.14

-.42**

.27

.02

-.18

—

6. Simon neutral trial

41

471

47

-.06

-.06

-.01

-.10

-.12

—

7. Flanker neutral trial

39

498

47

-.05

-.01

.04

.13

.16

.39*

—

8. Simon IC I-C

41

30

45

.12

.00

.07

.21

-.24

.08

-.13

—

9. Simon IC I-N

41

11

29

.08

.10

-.03

.22

-.04

-.08

.10

.42**

—

10. Flanker IC I-C

39

36

34

.05

-.01

.15

-.14

.01

-.18

.09

-.21

-.22

—

I-N

39

34

39

.16

.02

.06

.04

-.40*

-.14

-.19

-.03

.04

.37*

—

12. Alerting effect (No Cue-Double)

39

52

22

.03

-.04

.08

.13

.01

.13

.46**

-.15

.02

-.02

.01

—

13. Alerting effect (No Cue-Center)

39

45

23

.10

-.19

.26

.02

-.07

.08

.25

-.22

-.05

-.04

.14

.80***

—

14. Orienting effect (Center-Spatial)

39

22

28

.16

-.18

-.16

.03

.03

.12

.32*

.17

.15

-.11

-.21

.11

-.12

2

3

4

5

6

7

8

9

10

11

12

13

Background information

Fluid intelligence
4. CAT4 non-verbal (50-160 points)
Academic performance
5. GPA (0-4 points)
Processing speed

Inhibitory control

11. Flanker IC

Attentional function

Note. * p < .05, ** p < .01, *** p < .001

differences in inhibitory control or attentional control alone
could predict academic performance. Models for Simon task
inhibitory control were not significant, regardless of whether
the ICI-C, F (1, 39) = 2.428, p = .127, or ICI-N index was used
as a predictor, F (1, 39) = 0.064 p = .802. Both models
explained 2% or less of the variance in academic performance.
The regression model for flanker ICI-C was not significant, F
(1, 37) = 0.004, p = .948, explaining less than 0.1% of the
variance in academic performance. The alternative model
containing flanker ICI-N as a predictor was significant, F (1,
37) = 8.647, p = .006, and explained 19% of the variance in
academic performance.
Models for alerting network efficiency were not significant,
regardless of whether the index was calculated as the
difference between no cue and double cue trials, F (1, 37) =
0.187, p = .668, or no cue and center cue trials, F (1, 37) =
0.685, p = .413, explaining less than 1% and 2% of the
variance in academic performance, respectively. Finally, the
regression model for orienting network efficiency was not
significant, F (1, 37) = 0.011, p = .915, explaining less than
0.1% of the variance in academic performance. Based on these
results, the decision was made to only include flanker ICI-N as
a predictor in additional models.
The regression model containing gender, age, SES, English
language proficiency, processing speed, and fluid intelligence
on the first step was significant, F (6, 32) = 3.139, p = .016,
explaining 37% of the variance in academic performance.
Flanker ICI-N added on the second step explained an additional
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10% of the variance in academic performance, F (7, 31) =
4.018, p = .003, resulting in a significantly improved model
ΔF (1, 31) = 6.218, p = .018. This finding supports that
inhibitory control can account for unique variance in academic
performance beyond gender, age, SES, English language
proficiency, processing speed, and fluid intelligence.
Estimates for our final model are reported in Table 2.

Discussion
Our findings show that one index of inhibitory control,
calculated as the difference in average RT between
incongruent and neutral trials on the flanker task, accounts for
a significant amount of unique variance in academic
performance. This finding was identified in a sample recruited
from an understudied population of Chinese adolescents
enrolled in an English-immersive high school program in
China. These results contribute to our understanding of how
differences in cognitive abilities can underlie differences in
academic performance, and can help inform practices in
student assessment and placement in support of matching
students with the most appropriate program of study to
maximize their academic development.
Dissociable dimensions of executive function, including
inhibitory control, play a crucial role in academic and life
success (Diamond, 2013). Students with improved inhibitory
control are likely better able to focus on tasks both within and
outside of the classroom, ignoring the ever-growing number
of distractions present in their environments. This improved

focus may result in superior academic performance, a
prediction supported by evidence of poor academic
performance in students with ADHD, a disorder partially
characterized by impaired inhibitory control (Daley &
Birchwood, 2010; but see Hupfeld et al., 2019). The supported
relationship between these variables has fueled interest in the
development of interventions aimed at developing inhibitory
control in students (e.g., Wilkinson et al., 2020), with the aim
of improving educational outcomes. Our findings further
highlight inhibitory control as a key dimension for future
research focus in this area of inquiry.
Table 2: Linear regression predicting academic performance
(n = 39)
Estimate

SE

95% CI

p

Intercept

3.863

0.021

3.82 - 3.91

< .001

Gender

-0.057

0.042

-0.14 - 0.03

.190

Age

-0.037

0.013

-0.06 - -0.01

.008

SES

0.038

0.028

-0.02 - 0.1

.182

English proficiency

0.007

0.149

-0.3 - 0.31

.963

CAT4 non-verbal

0.0001

0.001

-0.003 - 0.003

.933

Flanker neutral trial

0.0001

0.0004

0.0007 - 0.001

.726

Flanker ICI-N

-0.001

0.0005

-0.002 - -0.0002

.018

Effect

Note. Intercept represents grand mean. Female set as reference level

Over the last decade, investigation of the cognitive factors
underlying observed differences in academic performance has
shifted focus to executive function (Cortés Pascual et al.,
2019). This body of work has identified a range of mixed,
sometimes developmentally or culturally-specific patterns
between these variables. One robust finding has been the
significant predictive power of working memory, a
component of updating, starting towards the end of middle
childhood. Our findings conflict with the observation that,
around the same age, inhibition loses its predictive power
(e.g., Senn et al., 2004). This may result due to differences in
how inhibitory control has been operationalized, as our
findings support that different indices are not necessarily
equivalent. While the present study did not include a measure
of working memory, evidence of negligible relationships
between this dimension and inhibitory control measures on
flanker and Simon task performance support that our findings
cannot otherwise be explained by differences in working
memory (e.g., Wilhelm et al., 2013).
We report that a single index of inhibitory control, not fluid
intelligence or attentional control, explained a significant
amount of unique variance in academic performance. While
both the Simon and flanker tasks are thought to measure the
same dimension of executive function, these tasks differ in the
nature of conflict they present (Kornblum, 1994).
Interestingly, only the index computed as the difference
between incongruent and neutral trials on the flanker task was
significantly related to academic performance. Recently, the
observation that congruent trials enhance performance has
fueled the argument that the calculation of inhibitory control
as the difference between incongruent and congruent trials is
flawed (Schroeder et al., 2016). The absence of a significant
association with attentional control could have resulted from
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our focus on altering and orienting, processes that might be
less crucial in academic performance. Our findings support
the conclusion that a “purer” measure of inhibitory control
derived from a stimulus-stimulus conflict task is a significant
predictor of academic performance.
Findings from the present study must be considered in light
of a few limitations. The absence of a working memory
measure is a clear weakness in our study, but perhaps not as
large a concern for reasons described above. Secondly, our
measure of academic performance was limited to schoolreported overall GPA. While this is a common way that
academic performance is operationalized, these grades may
have limited external validity. Additionally, given the
characteristics of our sample, it is possible our findings reflect
a culturally-specific relationship between inhibitory control
and academic performance (e.g., Lan et al., 2011; Thorell et
al., 2013). Finally, our sample was not balanced by gender due
to convenience sampling.
In summary, we identified that individual differences in
inhibitory control can predict academic performance in
Chinese high school students. The predictive power of
inhibitory control was still significant even when including
gender, age, SES, English proficiency, fluid intelligence, and
processing speed in our model. Further research is needed in
order to better characterize the features and explore the
directionality of this observed relationship.
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Abstract
In many real-world settings, it is crucially vital for agents to
learn to communicate and cooperate. Different cooperation
models have been proposed to represent cooperative relations
among agents. However, the intensity of the cooperative
relation has not received much attention. In particular, how it
varied with spatial-temporal information has not been studied
deeply. In this paper, we propose a temporal dynamic weighted
graph convolution based multi-agent reinforcement learning
framework (TWG-Q). We design a weighted graph convolutional network to capture cooperative information among
agents. On top of that, a temporal weight learning mechanism
is introduced to characterize intensities of cooperations. We
design a novel temporal convolutional network in the temporal
dimension to extract effective features for the multi-agent
reinforcement learning. Extensive experiments show that
our method significantly improves the performance of multiagent reinforcement learning on the public benchmark of
micromanagement tasks in StarCraft II.
Keywords: multi-agent reinforcement learning; graph convolutional network; temporal convolutional network

Introduction
Cooperation among agents performs an important role in
multi-agent reinforcement learning (MARL)(Foerster, Assael, De Freitas, & Whiteson, 2016; Kim et al., 2019;
Tung, Pujol, Kobus, & Gunduz, 2021; W. Z. Wang, Shih,
Xie, & Sadigh, 2022). Recently, value decomposition
MARL methods, i.e., Value Decomposition Network(VDN)
(Sunehag et al., 2018) and QMIX (Rashid et al., 2018) are
proposed for learning cooperation in MARL. Value decomposition methods make agents cooperate with each other to
accumulate higher reward by maximizing the global Q-value
which is a combination of individual Q-values that condition
on partial observations and individual actions. However,
there is less cooperation modeling in value decomposition
MARL methods (OroojlooyJadid & Hajinezhad, 2019). The
value decomposition mechanism can only lead agents to act
in an individual way instead of a cooperative way (Jiang, Dun,
Huang, & Lu, 2020; Nguyen, Nguyen, & Nahavandi, 2020).
To address this problem, communication-based MARL
methods have been proposed to promote cooperations among
agents. Some early works (Sukhbaatar, Szlam, & Fergus,
2016; Peng et al., 2017; Kong, Xin, Liu, & Wang, 2017) consider using the communication channel to share observations
This work was supported in part by the National Natural
Science Foundation of China under Grant 61902425
∗ Corresponding author
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among all agents. In such cases, an agent could be flooded
by information as the number of agents grows. (Zambaldi
et al., 2018; Tacchetti et al., 2018; Mao et al., 2020) make
some restrictions that each agent only communicate with its
neighbors. However, it is normally hard to choose proper
neighborhoods of agents in many complex applications which
contain different roles. Moreover, those methods rely on
message transmitting to communicate, which lacks explicit
models for cooperative relations among agents.
In recent years, graph neural networks have been regarded
as a useful tool to model cooperations for multi-agent reinforcement learning. DGN (Jiang et al., 2020) introduces the
graph convolutional operation to reveal cooperative features
among agents. (Böhmer, Kurin, & Whiteson, 2020) introduces the framework of multi-agent reinforcement learning
with a coordination graph (CG), which could factorize the
joint value function of all agents into payoffs between pairs
of agents. (Li, Gupta, Morales, Allen, & Kochenderfer, 2021)
proposes the deep implicit CG architecture, which generates
a dynamic CG based on a self-attention network. Similarly,
(Iqbal & Sha, 2019) introduces the self-attention mechanism
for the cooperative weight learning, which takes shared
observations and actions of all agents as inputs. (Liu et al.,
2020) designs a two-stage weight learning mechanism on the
graph to indicate the importance of the interaction between
two agents. The weight learning mechanism relies on features
extracted by the bi-direction LSTM module. However, these
methods only consider features at the current time step and
ignore features in the temporal dimension. Temporal features
are important for the cooperative weight learning because
numerous cooperative behaviors may last for a period. This
is the main starting point of our study.
In this paper, we propose a temporal cooperative weighted
graph convolution MARL method, called TWG-Q, to fit with
the drastic changing cooperation among agents in MARL
systems. Different with (Sukhbaatar et al., 2016), we
design a weight learning mechanism for valuable cooperative
information revealing. Our work is more similar to (Liu et
al., 2020), but we improve the weight learning mechanism
by introducing temporal cooperative features. Firstly, we
construct the multi-agent environment as a weighted graph
to model relations among agents. Nodes represent agents in
the environment and edges correspond to relationships among
agents. We introduce the weighted graph convolutional

In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).
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Figure 1: The architecture of TWG-Q.

learns a policy πi : oi → P(Ai ), where P(Ai ) is a distribution
of the action space. The policy maps the local observation
of each agent to a distribution of its action set. The goal of
T
each agent i is to maximize its reward Ri = ∑t=0
γT riT , where
γ ∈ [0, 1] is the discounted factor. In our work, we consider a
fully cooperative setting where each agent i receives a partial
observation oi . The action of each agent ai is computed with
its policy πi based on oi at time step t. A reward r is obtained
from the environment after the joint action of all agents is
executed. The reward is used to compute the total loss to
update the neural network.

network (GCN) (Kipf & Welling, 2016) to implement the
feature interaction for cooperations. Then we design a
temporal cooperative weight learning mechanism to compute
weights on all edges in the graph. In the temporal dimension,
we introduce a Temporal Convolutional Network (TCN)
(Lea, Flynn, Vidal, Reiter, & Hager, 2017; Bai, Kolter, &
Koltun, 2018; Zatsarynna, Abu Farha, & Gall, 2021) to
extract features over a certain time range. The receptive
field technique in TCN improves the efficiency of temporal
feature extraction greatly. Finally, we compute accurate
weights based on the temporal cooperative weight learning
mechanism.
With TWG-Q, we could generate dynamical weights on
the graph based on the varying temporal information. The
generated weights could accurately character cooperative
relations among agents, which greatly improves the performance of MARL methods. We make extensive experiments
on some challenging micromanagement tasks in StarCraft II.
The results show that TWG-Q performs much better than
other popular cooperation MARL methods, which makes a
significate step forward in graph convolution based MARL
methods.

Graph Convolutional Network
Graph Convolutional Networks (GCNs) introduce convolutions on graphs. Each GCN layer applies message passing to
compute a node representation, where each node aggregates
feature vectors of neighboring nodes. Formally, a GCN
model consists of K-layers and the k-th layer is implemented
as Equation 1
X (k) = ReLU(AX (k−1)W (k) )

(1)

where A is the adjacency matrix of the graph. X (k) ∈ RN×dk
is the hidden feature matrix at layer k. X (0) ∈ RN×d is the
input observation vector. The parameter matrix of layer k is
represented as W (k) ∈ Rdk ×dk . In the GCN model, features are
often fed into an activation function before they are forwarded
to the next layer.
In this paper, we model the communication model by the
GCN in the cooperative MARL approach. The graph is
undirected which is represented by G = (V, E). V is the
vertex set and each vertex vi ∈ V represents an agent entry
in the environment. Each edge ei j in the edge set E connects
two agents {ai , a j }, which reflects the cooperation relation
between agent ai and agent a j . For the GCN model, each
agent can communicate with each other by passing their

Background
Markov Games
Multi-agent reinforcement learning (MARL) could be modelled by a multi-agent extension of Markov Decision
Processes (Yang et al., 2020). It is represented by <
N, S, {Ai }Ni=1 , {Ri }Ni=1 , T >, where N is the number of agents.
S is the state space, Ai is the action of agent i(i = 1, · · · , N),
Ri : S × A1 × · · · × AN → R is the reward function of agent
i and T = S × A1 × · · · × AN → [0, 1] is the state transition
function. We are specially concerned with a partially
observable Markov game. Each agent i in the partially
observable Markov game gets a local observation oi and
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local observations, which could improve the performance of
MARL methods.

The designed TC weight learning mechanism models the
temporal cooperation based on historical trajectories. The
TC weight learning mechanism module takes the observation
trajectory τi for each agent i as input and outputs the weight
vector wi . Each element wti j represents the weight between
agent i and j at time step t. The weight of the cooperation
between any two agents is related to the temporal cooperative
features. The TCN model ψtcn is applied on the whole
trajectory τi to generate temporal cooperative features ftc i .
Then we forward the temporal cooperative features ftct i to the
weight network ϕw and compute the TC weight wti for agent
i at time step t.
Therefore, we introduce a weight learning mechanism into
the communication model to generate weights over time to
deal with dynamic cooperation relations among agents in
the environment. To generate an accurate representation
of cooperative relations, we consider dynamics cooperative
features.
Now we detail the vital component temporal cooperative
features extractor, namely the TCN model. In the temporal
dimension, the long-term behaviors of agents are critical
for cooperative multi-agent systems, which is often hidden
in trajectories of agents. RNN and its variants (Mikolov,
Karafiát, Burget, Cernockỳ, & Khudanpur, 2010) encode the
historical trajectory one by one in the temporal dimension,
and generate the hidden state to integrate history information.
However, the hidden state at time step t includes all historical
information before t, which makes it hard to extract valuable
features. Moreover, many cooperative behaviors only occur
in a period of time that is much smaller than the duration
of an entire episode. Therefore, for the temporal module,
it is crucial to concentrate on local temporal features over
a certain time range, which is hard to be disposed with
RNN models. Inspired by the receptive field technique
used in the CNN, we introduce the Temporal Convolutional
Network (TCN) as the temporal module. With convolutional
operations, the TCN model has flexible receptive field on
temporal features, which makes it suitable to encode the
cooperative information contained in local temporal features.
A TCN model consists of N temporal convolutional (TC)
layers, which can be described as ψtcn = {l1 , l2 , · · · , lN }.
Each TC layer consists of a dilated 1D convolutional filter
WFt : {0, · · · , k − 1} → R, the ReLU activation ReLU(·) and a
residual connection WFr : {0, · · · , k − 1} → R. Formally, the
dilated convolutional operation F on xi , the i-th element of
the sequence feature x ∈ Rn , can be described as

Methods
In this section, we propose a novel cooperative MARL
framework based on the temporal weighted graph convolution network. In the following, we first describe the
overall architecture of our framework. Then we detail two
important components of our framework, i.e., the temporal
cooperative weight learning mechanism and the weighted
graph convolution model.

Overall Architecture
Our framework includes the local utility network, the temporal cooperative weight learning module and the communication module. The local utility network consists of a
local observation encoder and an action generator. The local
observation encoder contains a Multilayer Perceptron (MLP)
ϕobs . It encodes the local observation oti to agent’s local
feature fit = ϕobs (oti ). The communication module involves
a weighted graph convolutional network (WGCN) φgcn and
a temporal cooperative weight learning module ϕw . The
temporal cooperative weight learning module ϕw generates
weight wti for WGCN based on temporal cooperative features
extracted from the Temporal Convolutional Network (TCN)
model ψtcn . The WGCN model φgcn takes graph adjacent
matrix A, the temporal cooperative weight wti and the local
feature fit as inputs and computes the output features gti with
cooperative information. The action generator includes a
Gated Recurrent Unit (GRU) ψgru and a Q-value network
ϕq . It takes the local feature fit , the cooperative feature
as inputs. Q-values
gti and the historical information ht−1
i
t−1
t
t
t
Qi ( fi , gi , hi , ai ) for all agents are computed based on
local observations and features with cooperative information
captured by the WGCN model. The introduction of the communication model based on the temporal cooperative weight
learning mechanism is beneficial for the action selection.
The reason is that each agent can communicate with each
other to exchange temporal cooperative information. The
agent network architecture of all other agents is similar to
the above-mentioned architecture. During training, the action
is selected with the ε-greedy policy (Wunder, Littman, &
Babes, 2010). To generate the joint Q-value function Qtotal
for computation of loss objective, we introduce the mixing
network to mix up all individual Q-values Qti ( fit , gti , ht−1
i , ai ).
The architecture of the mixing network is similar to that
in QMIX (Rashid et al., 2018). It introduces the value
decomposition mechanism into our communication method,
which allows each agent to get the suitable reward based on
the joint reward to achieve better performance.

k−1

F(i) = (x ∗WFt )(i) =

∑ WFt ( j) · xi−d· j

(2)

j=0

where d is the dilation factor, k is the filter size and i − d · j
represents the past features.
The input for each TC layer lk is the output from the former
TC layer lk−1 . Particularly, the first TC layer takes agents’
historical trajectories as input features. The activations in
the k-th TC layer are given by HTCNk ∈ Rn f ×T , which can

Temporal Cooperative Weight Learning Mechanism
To generate an accurate representation of cooperative relations among agents, we introduce a weight learning mechanism into our WGCN module to generate weights over time
to deal with dynamic cooperative relations.
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Figure 2: Comparison of TWG-Q with popular MARL algorithms on six different maps.
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be described as follows:
bTCN k = ReLU(WFt ∗ HTCN
H
HTCN k = HTCN

k−1 + bt )

k−1 +WFr ∗ HTCN k + br

b

(3)
(4)

j

j−1

HW GCN = σ(Ci (B + I)HW GCN W )

3×n f ×n f

where ∗ denotes the convolutional operator. WFt ∈ R
are the weights of the dilated convolutional filters with kernel
3 and n f represents the number of those filters. WFr ∈
R1×n f ×n f are the weights of 1D convolution in the residual
connections. bt , br ∈ Rn f are bias vectors. The receptive
field can be increased by dilated convolution and increasing
TC layers. Formally, the receptive field at the k-th TC layer
is related to the layer number, which can be determined as
Equation 5:
r f (k) = 3k+1 − 1
(5)

(7)

Particularly, the input HW0 GCN of the first WGCN layer is the
combination of local features of all agents:
HW0 GCN = { f0 ; f1 ; · · · ; fN }

(8)

where Ci (·) is the clip function for the adjacency matrix,
Ho is the output of the local observation encoder, W is the
parameters of WGCN and σ is the non-linear ReLU function.
The WGCN model combines the cooperative information
with the local observation of agents and outputs high quality
features HW GCN for the follow-up training of our TWG-Q
model.

Weighted Graph Convolutional Network
In this section we design a weighted graph convolutional
network (WGCN) to model cooperations among agents.
In our WGCN model, the TC weights are organized as an
adjacency matrix. Suppose A is the original adjacency matrix
of GCN. Notice that we construct a complete agent graph, so
all elements in A equal to 1. Each row in the adjacency matrix
B of the WGCN model could be computed by:
Bti = wti ◦ Ati

j−1

WGCN. Each φgcn takes the output feature HW GCN of the
j
former WGCN layer as input and outputs a vector HW GCN .
The main body of the model then computes:

Experiments
In this section, we evaluate the performance of the proposed
Temporal Weighted Communication based MARL framework (TWG-Q) in decentralized micromanagement tasks in
the StarCraft Multi-Agent Challenge (SMAC) environment
(Samvelyan et al., 2019), a public benchmark for testing
state-of-the-art MARL approaches. Maps in SMAC are
divided into three levels, i.e., easy, hard and super hard.
In our experiments, we choose four super hard scenarios,
i.e., (MMM2, 27m vs 30m, 6h vs 8z and 3s5z vs 3s6z).
To examine the performance of TWG-Q in the temporal
dimension, we design two special scenarios, 1m2h vs 8m
and nuke vs cannon, with significant temporal characters.
All experiments are conducted with 5 different random

(6)

where wti is the TC weight computed in previous section
and ◦ represents the element-wise multiplication between two
vectors. Meanwhile, we add the identity matrix I to keep the
feature of the agent itself, inspired by the idea of self-looping
(Kipf & Welling, 2016).
j
We now detail the architecture of our WGCN module φgcn .
Here j ∈ {1, · · · , m}, where m is the number of layers in
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Figure 3: Comparison of different temporal modules and receptive fields.
93333899312 9973ÿ 9315ÿ78!"#$!02%3&!'(023)9 93678 9 36789 87

232

for enermies in a certain distance but takes a long time to be
recharged. As we can see, TWG-Q performs especially better
than other algorithms. Both value decomposition methods
and other communication based methods get no more than
20% win rate while TWG-Q gets 50% win rate in scenario
1m2h vs 8m. In scenario nuke vs cannon, TWG-Q could
get around 100%, which is 20% higher than QMIX. Other
methods do not work at all. It is also interesting to see that
TWG-Q learns some complicated cooperative behaviors for
the two maps. The unit Marauder draw the enemy’s fire while
two Hellions could find good positions to make large damage
for enemies.

seeds. The number of training, evaluation episodes and
other hyper-parameters are kept the same as QMIX in SMAC
environment. Our TCN model consists of 3 TC layers and
WGCN model includes 2 WGCN layer.

673333 7312  3ÿ 31ÿ8!"#$!02%3&!'(0236789  3) *36789 4 8

Performance Evaluation
In this subsection, we compare TWG-Q with some state-ofthe-art communication based methods and the representative
value decomposition method. CommmNet (Sukhbaatar et al.,
2016) is a fundamental one in which MLP is used to deal with
features of all agents. DICG (Li et al., 2021) and DGN (Jiang
et al., 2020) use the coordination graph network and the
graph convolution network to model relations among agents
respectively. In G2ANet (Liu et al., 2020), weights are taken
into consideration, which are computed by a LSTM module.
For value decomposition method, we choose QMIX as the
baseline and a more powerful method, QPlex (J. Wang, Ren,
Liu, Yu, & Zhang, 2021), for comparison. Qplex implements
its value decomposition module based on the idea borrowed
from dueling Q-learning (Sewak, 2019) and achieve state-ofthe-art performance on SMAC environment.
Figure 2 shows the median win rate of different algorithms
across all aforementioned super-hard scenarios. As we
can see, TWG-Q achieves the best performance over all
algorithms. Traditional communication based approaches
perform very poor in such combat tasks, which is much
worse than TWG-Q. IN MMM2, the win rate of TWG-Q is
almost 90% while those of communication based methods
are smaller than 20%. The gap of the win rate between
TWG-Q and communication based methods is quite large
over all maps. Compared with QMIX and Qplex, TWG-Q
also performs better. For the first two super hard maps, i.e.,
MMM2 and 27m vs 30m, TWG-Q improves the win rate by
around 50% compared to QMIX. For the other two super hard
maps in which QMIX and Qplex do not work well, TWG-Q
still gets around a win rate of 50% and 20% respectively.
The scenario 1m2h vs 8m (1 Marauder and 2 Hellion vs
8 Marines) and nuke vs cannon (Ghost with Nuke vs BattleCruise with Cannon ) are specially designed with temporal
characteristics. In the scenario 1m2h vs 8m, the unit Hellion
has a high attack power but needs much longer cooldown
time than other attackers. In the scenario nuke vs cannon, the
weapon of the unit ghost is Nuke which can make damages

Performance of Temporal Module
In this section, we conduct two experiments to evaluate the
impact of the TCN module on our framework. In the first
experiment, we compare the TCN module with two widely
used sequence modules, i.e., GRU (Chung, Gulcehre, Cho, &
Bengio, 2014) and the self-attention mechanism (Vaswani et
al., 2017). We apply these modules in the weight learning
mechanism to generate TC weight for the communication
model. Experiments are conducted on special scenarios
1m2h vs 8m and nuke vs cannon. Both these scenarios
require temporal cooperation between agents. Results are
shown in Figure 3. We can observe that self-attention mechanism performs worst because it is not suitable to the dynamic
changing temporal cooperative features. The performance of
weight learning with GRU temporal module is better than that
of self-attention model. Actually, GRU records all historical
features and the large number of historical features may be
detrimental to its performance. The TCN module achieves
the best performance, which proves the effectiveness of our
framework.
The second experiment concentrates on the impact of
different sizes of receptive fields (rf s) on the weight learning
mechanism. We set the size of receptive field to 4, 8, 16 and
32 respectively, and then evaluate the performance on two
special scenarios, i.e., 1m2h vs 8m and nuke vs cannon. The
win rate results are shown in Figure 3(c).
As we can see the receptive fields of size 16 and 8 perform
the best in the two scenarios respectively. Thus it is not a
good strategy to set the receptive field to the largest value or
the smallest value. It is a hyper-parameter which depends on
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(a) MMM2 Weighted Graphs.

2345

(b) MMM2 Agent Health.

Figure 4: Results of weighted graph analysis.

to zero. At t = 62, the second Marauder leads all Marines
to fight with enemies and finally win the game. In summary,
weighted graphs show that the most important units in this
battle are the Medivac and the second Marauder, as they have
more connections than other units. The second Marauder
leads Marines to fight, so their weights are quite high at
t = 62. Further, if an unit needs to be healed, the weight
of its connection with Medivac usually becomes high. Some
high weights among Marines indicate that allied units can
communicate with each other to complete the retreat action.

concrete example. The best receptive field in the first scenario
is smaller than that of the second scenario. The main reason
is that the time interval of the attacking action for Hellion is
3 which is smaller than that of Nuke, i.e., 6. The two units
are the most important units which could cause the biggest
damage in the two scenarios respectively.

Analysis of Weighted Communications
We take one scenario MMM2 to analyse the variation
of weighted communications, as well as some interesting
cooperative behaviors. Figure 4(a) shows battle records at
some representative steps t = 4, 23, 35, 61 respectively. In
each figure, the importance of relations among agents are
expressed in the form of heat map. Note that the relation
between two agents is not shown in the figure if its weight
is smaller than 0.3. A bigger weight on an edge represents
a higher cooperation among two agents. Figure 4(b) shows
the value of the health point (HP) for each agent. Medivac
(Agent 10) is a unit which could suffer more damage and
have the ability of healing others. The first important trick
learned by TWG-Q is that Medivac flies in the front to draw
the enemy’s fire and then retreat to heal other fighting units.
We can see that the health point of Medivac deceases quickly
at the beginning in Figure 4(b). At t = 4, the weight between
Medivac and the second Marauder (Agent 2) is the highest,
which indicates that the cooperation of the two agents is
important. This also explains the phenomenon that Medivac
flies back to the second Marauder after this time step to
complete the retreat. The second trick to win is to make the
first Marauder (Agent 1) and all Marines move into the front
to cause harm on enemies as much as possible, see records at
t = 22 and t = 35. However, the price of causing so much
damage is deaths of the first Marauder and some Marines
(Agent 3 and 7). As shown in Figure 4(b), their HPs reduce

Conclusion
This paper proposes TWG-Q, a novel MARL framework with
a weight learning mechanism based on temporal information.
The proposed TWG-Q models cooperative relationships
between agents as a complete graph, where all agents can
communicate with each other. To distinguish valuable
cooperative information, a temporal cooperative weight
learning mechanism is designed to generated weights on the
graph. Temporal cooperative features are used and dealt
with properly to compute weights as accurate as possible.
Especially for amounts of temporal cooperative features over
a certain time range, a TCN module with the receptive
field is designed to efficiently extract valuable temporal
cooperative information. With the agent graph and the
learned temporal cooperative weights, TWG-Q can perform
efficient cooperative policy learning. Empirical results show
that TWG-Q obtains the best performance on the challenging
SMAC benchmark over state-of-the-art communication based
MARL methods. Further, this study also provides an effective
tool to analyze multi-agent cooperative behaviors among
agents though the weighted cooperation graph. It would
be interesting to investigate cooperative behaviors in other
environments with our method.
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Abstract

co-occur with understanding the “sixness” of a length of
blocks (i.e., its measure).
One task that has been used in the literature to assess
children’s understanding of the cardinal meanings of
counting words is a give-a-number task (Condry & Spelke,
2008; Fuson, 1988; Le Corre & Carey, 2007; Le Corre et
al., 2006; Sarnecka & Gelman, 2004; Sarnecka & Carey,
2008; Schaeffer et al., 1974; Wynn, 1990, 1992). In a
typical version of this task, the experimenter repeatedly asks
the child to give a specific number of items drawn from a
larger set of objects (Wynn, 1990, 1992). For example, the
experimenter might ask the child to “Give two fish” from a
basket containing 10 or more toy fish to a puppet (LeCorre
et al., 2006). Of interest is the range of numbers to which
the child gives only the correct number of objects. If the
child correctly gives the requested N of objects to “N” and
no other, then the child is called N-knower.
Extensive studies using this task have found that it takes
several years for children to meet this criterion for exact
number knowledge for numbers larger than about 5 (e.g.,
Carey, 2004, 2009; Sarnecka, 2015; Sarnecka & Carey,
2008; Sarnecka & Lee, 2009; Wynn, 1990, 1992). Children
who can count accurately to 20, for example, would fail to
meet the criterion of being (say) a “five-knower” because
they provide five objects when asked for four and nine
objects when asked for eight.
Previous research has shown that meeting the cardinality
criterion is associated with other mathematical knowledge.
For instance, some researchers believe that the cardinality
knowledge is a prerequisite for mastering the “successor
function” — that is, any natural number n has a successor
defined as n + 1 (Carey, 2004, 2009; Sarnecka & Carey,
2008; but see Cheung, Ruberson, & Barner, 2017).
Additionally, it has been shown that understanding of
cardinality benefits children’s ability to learn the
relationship between numbers and even broader
mathematics before they start formal school (Geary &
vanMarle, 2018; Geary et al., 2018).
Children also have an ability to use number words
correctly in measuring continuous magnitudes (Fuson,
1988). In this situation, the entity being measured is a
continuous, rather than discrete, quantity (e.g., length), and
a unit appropriate for that kind of continuous magnitude
(e.g., a block or a centimeter) is given and applied to the
continuous quantity until it is depleted. The number word

A milestone in cognitive development is understanding
numerals to represent the exact number of discrete items in a
set (i.e., the cardinal principle). This development has
received much attention, but little is known about its relation
to understanding numbers as measures of continuous quantity
(e.g., “six blocks long” versus “six blocks”). To investigate
this, 90 children were asked to complete two tasks: a give-anumber task, to assess cardinality knowledge, and a novel
give-a-line task, to assess measurement knowledge. As
expected, accuracy was greater on the give-a-number task
than the give-a-line task. More unexpectedly, the quality of
performance on the give-a-number task was as often
negatively associated with quality of performance on the
give-a-line task as it was positive correlated. Specifically,
when asked to create a line N-blocks long, children who gave
only approximately correct answers on the give-a-number
task often outperformed children who gave exactly correct
answers on the same task. These findings indicate that an
approximate—and purportedly less mature—understanding of
number possesses the hidden strength of being more flexible
and suitable for measuring length.
Keywords: children; number; cardinality; continuous

Introduction
The use of numerals to measure discrete and continuous
quantities (e.g., six blocks or six blocks long) can be
regarded as one of humanity’s most fundamental cultural
achievements. Research on the development of this ability is
also a long-standing concern in developmental psychology,
since at least Piaget (1960) and Gelman & Gallistel (1978).
In this paper, we examined the relations between these two
uses of numbers in young children.
Conceptually, the meaning of numbers in counting and
measuring is highly similar. In counting, numbers refer to
discrete quantities (blocks), and the number “six” should
indicate the many-ness of the set (i.e., the cardinality
principle). In measures, the numbers refer to continuous
quantities (length), and the count of “six” should indicate
the many-ness of the units. In both situations, numbers also
indicate similar ratio properties. The extensive properties of
a set of six identical (non-overlapping) blocks is six-fold the
properties of a set of one block, just as the length of six
blocks is six-fold the length of one block. These conceptual
considerations might lead us to expect that understanding
the “sixness” of a set of blocks (i.e., its cardinality) would
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indicates the many-ness of the units required to cover the
continuous quantity.
The first serious discussion and analyses of young
children’s use of number words to measure continuous
quantities were provided by Piaget et al. (1960). In Piaget’s
task, twelve and sixteen blocks were arranged in two
parallel rows, with the two rows in perfect alignment. One
of the rows was then modified by the introduction of angles
(e.g., at right angles to one another). Children were always
asked whether the two lines were the same length or not. He
found that when the two lines were arranged in parallel
(where the two lines could be put in one-to-one
correspondence), the equality was obvious to children. In
contrast, when angles were introduced such that the two
lines could not be placed side by side, younger children
failed to recognize any conservation but older children
could use numbers (i.e., counting the number of squares) to
make the indirect comparison (Piaget, Inhelder, &
Szeminska, 1960).
Following Piaget et al. (1960)’s work, research focusing
on children’s understanding of number words in measuring
continuous quantities developed independently, without
explicit reference to understanding of cardinality (e.g.,
Carpenter, 1975; Carpenter & Lewis, 1976; Hiebert, 1981,
1984; Levine et al., 2009; Miller, 1989; Solomon,
Vasilyeva, Huttenlocher, & Levine, 2015). Generally, there
is consensus that development of using number words to
describe continuous magnitudes (e.g., length) takes a long
time before mastery. However, none of these studies
describe children’s errors in continuous terms to see if their
answers are at least approximately correct (as in the give-anumber task).
Although much is known about understanding of counts
and measures, little is known about the relation between
these two understandings of number, such as whether exact
number knowledge aids or hinders the use of measure
numbers. Further, the ratio characteristics of children’s use
of numbers in these two contexts have not been compared
systematically.

Figure 1. Examples of the give-a-number task (A) and the
give-a-line task (B). In task A, children were shown a row
of 20 adjacent identical squares at the top of the screen and
a blank area at the bottom; they were instructed to put N
squares in the blank area by depressing a key. Task B was
similar to task A, except children were asked to draw a line
N-squares long, again by depressing a key.
0). Participant ethnicity was similar to that of the
community: 74.4% White, 11.1% Black, 10% Asian, and
4.4% Hispanic. An additional five children participated but
were excluded from the analysis due to having a primary
language other than English (n = 3) or experimenter error (n
= 2). All children verbally assented to participate, and
parents gave their written permission.

Procedures
Each child met an experimenter individually in a quiet room
in the school, with the child sitting before a laptop while the
experimenter sat next to the child. Children were given one
give-a-number task and one give-a-line task. Children also
completed a highest count task that is not included in the
present paper (over 90% children could count to 10). The
order of the tasks was counterbalanced across children.

Tasks
Both the give-a-number and give-a-line tasks were
computerized tasks programed using a custom MATLAB
program and presented on a 13-inch MacBook laptop.
Give-a-number task. A non-titrated computerized ‘give-anumber’ task adapted from Wynn (1992) was used to test
whether children understood the cardinality of numbers.
Like Wynn (1992)’s study where a heap of objects were
presented and children were then asked to “give” a set of N
objects from the heap, we showed children a row of 20
adjacent identical squares at the top of the screen and a
blank area at the bottom, and they were instructed to put N
squares in the blank area (Figure 1A).
Unlike Wynn’s (1992) task where children could
physically touch the objects, in our task children were
instructed to press buttons to move the objects. Thus, our
task prevents children from just grabbing a random group of
objects to finish the trial quickly. At the same time, children
could still point to the objects (on the screen), which allows
them perceptual access to the entire collection of objects to
be counted. Specifically, children were instructed to press

The Current Study
The present study aimed to investigate the relation between
children’s cardinality knowledge and their use of numbers
as measures of length. In particular, we classified children
by cardinality knowledge based on their performance on the
give-a-number task, and we provided them with a novel
give-a-line task to assess their use of numbers in measuring
continuous quantities. We were specifically interested in
whether mastery of the cardinality principle aids or hinders
children’s use of numbers in continuous quantities.

Methods
Participants
Participants were 90 American children (50 girls), recruited
from seven schools in Columbus, OH. They ranged in age
from 3 years, 5 months to 6 years, 11 months (mean age 5–
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1. Children’s performance on the give-a-number
task.

the L button to put the squares in the blank area and the S
button to take squares away. Each L press brought one
square from the top to the blank area, and each S press
brought one square from the blank area to the top.
As in Wynn (1992), we ensured that children were
satisfied with their responses. After the child responded on
each trial, the experimenter asked the child “Is that N
squares? Can you count and make sure?” If the child was
not satisfied, he/she could change his or her response.
Given that this could be the first task, a practice trial was
shown to children at the beginning. In the practice trial,
children were asked to put ‘one’ square. If the child did not
know how to press the buttons, the experimenter showed a
demonstration, pressing L and S to show how to put and
take away the squares. After the practice trial, the numbers
‘one’ through ‘ten’ were requested in a random order within
three different blocks, with the size and color different for
the squares across the blocks. There were 30 trials in total.
Give-a-line task. The give-a-line task was similar to the
give-a-number task except that children were asked to draw
a line N squares long (Figure 1B). In this task, children were
shown a row of 20 adjacent identical squares at the top of
the screen and a blank area at the bottom. They were told
that “This is one square long, and these squares stick
together” as the experimenter moved her finger along the
bottom of the first square and then the remaining squares.
Then children were told “I will ask you to draw a line
with some squares long. You can press L to make the line
longer and press S to make the line shorter. And if you want
to draw a long line quickly, you can press and hold the
button.” Thus, each press led to a very small line (the length
of each unit step was around 1/6 of one square long), and by
holding the button, they could continuously draw a line with
different lengths. As with the give-a-number task, after the
child responded, the experimenter asked, “Is that N squares
long? Can you count and make sure?” If the child
recognized an error, the child could change his or her
response.
Given that this task also could be the first computer task,
a practice trial was given at the beginning to make sure
children understood how L and S buttons worked. In the
practice trial, children were asked to draw ‘one’ square long.
If the child didn’t know how to press the buttons, the
experimenter showed a demonstration, pressing L and S to
show how to make the line longer and shorter, and holding
L and S to show how to make the line longer and shorter
quickly. As with the give-a-number task, after the practice
trial, the numbers ‘one’ through ‘ten’ were requested in a
random order within three different blocks.

This task measured children’s knowledge of the exact,
cardinal meaning of numerals “one” through “ten”. To
obtain an overall sense of the accuracy of children’s
performance, we computed each child’s percent absolute
error (PAE):
!

𝐺𝑖𝑣𝑒𝑛 𝑁𝑢𝑚𝑏𝑒𝑟 − 𝑅𝑒𝑞𝑢𝑒𝑠𝑡𝑒𝑑 𝑁𝑢𝑚𝑏𝑒𝑟
!.
𝑆𝑐𝑎𝑙𝑒 𝑜𝑓 𝑁𝑢𝑚𝑏𝑒𝑟𝑠

For example, if two squares were requested and the child
put four squares, then the PAE would be |4-2|/20 =10%.
Results showed an interaction between age and set size on
PAE (β = -0.01, p < .001), indicating younger children had a
better understanding of small numerals than large ones,
whereas older children had an equally good understanding
of small and large numerals.
We next analyzed children’s performance on the give-anumber task by assigning them to different knower level
groups (Le Corre, Brannon, Van de Walle, Carey &
Sarnecka, 2006; Le Corre & Carey, 2007; Sarnecka &
Carey, 2008; Wynn, 1990, 1992). To define children’s
‘knower-level’, the criteria developed by Wynn (1992) was
used. According to Wynn, an N-knower must correctly give
N objects 2/3 times in response to a request for N, and also
it must be the case that 2/3 of cases in which the child gives
N are in response to requests for N. For example, a child
would be defined as a three-knower if she correctly
provided three squares on at least two out of the three trials
that three was requested and, of those times that the child
provided three, two-thirds of the times she did so it was in
response to a request for three.
Consistent with previous literature (Le Corr & Carey,
2007; Sarnecka & Gelman, 2004; Wynn, 1990, 1992),
knower-level (0-, 1-, 2-, etc knower) was significantly
correlated with age, r = .57, p < .001. Of the 90 children
tested, 53 (58.9%) were 10-knowers. These children ranged
in age from 4–0 to 6–11 (mean 5–4). As there were not
many individuals in each of the 0-, 1-, 2-, etc. -knower
levels in our sample, we grouped them as non-10-knowers.
The remaining 37 (41.1%) non-10-knowers ranged in age
from 3–5 to 6–0 (mean age 4–6). An independent t-test
confirmed that age increased the probability of being a 10knower compared to being a non-10-knower, t(2404.9) =
31, p < .001. These results indicated that with age and
experience, children’s knowledge of cardinality improved.

2. Children’s performance on the give-a-line task
and its relation to their performance on the give-anumber task.

Results
Results are organized in two sections. In the first section, we
examined performance on the give-a-number task. In the
next section, we examined performance on the give-a-line
task and its relation to children’s performance on the give-anumber task.

The give-a-line task measured children’s ability of linking
number words to continuous magnitudes. As with the givea-number task, the percent absolute error (PAE) was
computed to obtain an overall sense of the accuracy of
children’s estimates:
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For example, if a line of two squares long was requested and
the child draw a line four squares long, then the PAE would
be |4-2|/20 =10%. Results showed an interaction between
age and set size on PAE (β = -0.76, p < .001), indicating that
both younger and older children had a better understanding
of small numerals than large ones, but the differences of
understanding small vs. large numerals were larger for
younger children than older children.
A key question was whether there was a relationship
between children’s cardinality knowledge and their use of
number in measuring continuous quantities, and if Yes,
what the relation was. To answer these questions, we first
compared children’s PAE on the give-a-number and give-aline tasks. Results showed that children gave less accurate
responses in the give-a-line task (M = 15.50%, SD = 0.09)
than in the give-a-number task (M = 3.95%, SD = 0.08),
t(89) = -11.01, p < .001, indicating children’s use of number
words to represent measures is more erroneous than using
them to represent cardinality. Moreover, the individual
differences between two tasks were weakly related, r = .18
(p = .07). After controlling for age, the correlation of the
PAE between the two tasks was .04 (p = .69).
To further examine the relationship between children’s
knowledge of discrete quantities and that of continuous
quantities, we plotted the distribution of PAE in the give-aline task by grouping children into 10-knowers vs. non-10knowers (see Figure 2). As this figure shows, although the
average PAE of non-10-knowers was greater than the
average PAE of 10-knowers (mean PAE = 18.54% vs.
13.38%, t(84.32) = 3.09, p <. 01), 10-knowers’ accuracy
was distributed bimodally, whereas non-10-knowers’ PAE
was distributed normally. The two distinct groups of 10knowers were either better or worse than non-10 knowers.
The below-average 10-knowers made more errors than non10-knowers (mean PAE = 22.36% vs. 18.54%, t(49.10) =
3.79, p <. 001), indicating 10-knowers do not always have a
better understanding of quantities than non-10-knowers. The
above-average 10-knowers made less errors than non-10
knowers (mean PAE = 2.52% vs. 18.54%, t(38.62) = -17.03,
p < .001). Thus, cardinality knowledge appears to be a
double-edged sword in understanding numbers as
measurement tools.
To better understand the relation between children’s
understanding of numbers in discrete and continuous
quantities, we regressed each non-10-knower’s vs. 10knower’s estimates against their target number in the give-aline and give-a-number tasks (Figure 3). In this figure, the
arbitrary subject number was set to be linearly correlated
with children’s age, with a higher subject number indicating
an older child. This allows us to visually depict the
developmental trend (if any).
Figure 3 shows that, first, almost all children showed an
approximate understanding of numerical quantities in both
continuous and the discrete situations. That is, in 93% of
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Figure 2. The distribution of PAE for 10-knowers vs. non10-knowers in the give-a-line task.
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Figure 3. Individual child’s estimate by knower groups
(non-10-knowers vs. 10-knowers) in the give-a-line and
give-a-number task. Subject numbers are linearly related to
their ages, with a higher subject number indicating an older
child.
children, the quantity given was not independent of the
quantity requested at p = .05. Second, the slope of 10knowers’ regression line in the give-a-line task showed two
distinct patterns. For one group (n = 24), estimates were
perfectly fit by a linear function, with both the slope and R2
equaling to one. In contrast, the remaining 10-knowers’ (n =
21) estimates were moderately well-fit by a linear function
(mean R2 = .69), but their slopes were much smaller (mean
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= 0.13). An in-depth analysis of their button presses showed
that it was caused by their linking the number of button
presses to the number requested rather than linking the
length of the line to the number requested. For example,
they pressed the L button 3 times when asked to draw a line
3 squares long and pressed the L button 8 times when asked
to draw a line 8 squares long. Thus, although these children
understood the larger number represented the larger
magnitude, they tried to use their knowledge of discrete
quantities to solve problems of continuous magnitudes,
leading to almost comically large errors. This error appears
to be an immature sort of number knowledge. Consistent
with this idea, 10-knowers who linked the number of button
presses to the number requested were indeed younger than
10-knowers who linked line length to the number requested
(mean 5–0 vs. mean 5–7, t(42.11) = -3.08, p < .01).

of units and then iterate the single unit to generate a
quantity.
Overall, our results suggest a new developmental
sequence in children’s understanding of numbers. Initially,
children start by approximately mapping numbers to spatial
extent, regardless of whether it is the spatial extent of
objects or the linear length. This state is not ideal because it
yields less than perfect accuracy in both situations. Next,
children begin to exactly map numbers to discrete
quantities, such as objects and button presses. This yields
excellent performance on a give-a-number task, but worse
performance on the give-a-line task. Finally, children
accurately map numbers to both discrete and continuous
quantities. This developmental sequence is consistent with
the pattern of individual differences in age and performance
in our cross-sectional study. However, to test for this
developmental sequence more directly, we would need
longitudinal or microgenetic data.
Aside from its implications about the development of
number understanding, the fact that about half of 10knowers made comically enormous errors on the give-a-line
task shows that cardinality knowledge certainly does not
guarantee a very good sense of number. A child who thinks
that a line that does not even cover the breadth of one square
is actually “six squares long” seems to indicate a profound
misunderstanding of what one and six mean. Depicting such
a child as a “10-knower” may be a gross exaggeration of
what they know about the meaning of numbers 1 - 10.
Clearly cardinality knowledge is important. Previous
studies (Geary & vanMarle, 2018; Geary et al., 2018) have
found that children’s cardinality knowledge could predict
their math achievement at school entry. Our study suggests
that many of these children also misunderstand numbers,
and assessing their understanding of numbers in a
measurement context may improve our ability to project
their future achievement.

Discussion
The goal of this study was to assess the relation between
young children’s cardinality knowledge and their use of
numbers in measuring continuous quantities. To assess
children’s cardinality knowledge, we used a give-a-number
task. To assess children’s knowledge of using numbers in
continuous quantities, we used a give-a-line task. Our core
findings are that children’s understanding of numbers in
these two situations are not equally accurate, and—
surprisingly—their knowledge of cardinality is not always
beneficial. Specifically, before children successfully
understand how to construct a continuous magnitude using
numbers, their understanding of cardinality interferes with
their ability to approximately link numeric value to
continuous extent.
In some respects, our results on children’s use of number
words in measuring continuous magnitudes are consistent
with previous studies (Carpenter, 1975; Carpenter & Lewis,
1976; Hiebert, 1981, 1984; Levine et al., 2009). In previous
studies, young children have difficulty understanding the
unit of measurement. In our own study, this was evident in
their linking numbers to button presses instead of length.
Additionally, although children’s use of numbers in
measuring continuous magnitudes improved with age and
development, accurate use of numbers for providing N
objects occurred earlier than accurate use of numbers for
providing N length (Fuson, 1988).
The findings of children’s understanding of cardinality
interfering with their generating continuous magnitudes are
somewhat surprising given the conceptual similarities
between using numbers to measure discrete and continuous
quantities. First, similar to the give-a-number task where
children need understand the last counted word refer to the
manyness of a whole set of discrete entities, the give-a-line
task requires children to understand that last word refer to
the manyness of the units filling the continuous quantity.
Second, both tasks require children to understand the
meaning of “unit” —a discrete quantity in the give-anumber task and a continuous quantity in the give-a-line
task. In both tasks, children need to understand the meaning
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Abstract
Because there are many situations in our daily life in which
the option space is not discrete but continuous, recently
developed decision models have been able to examine the
cognitive processes underlying choice in laboratory tasks with
a continuous outcome space. One of the most important of
these continuous models is the circular diffusion model (CDM)
by Smith ((Smith, 2016)), which has been shown to account
for continuous space data from a wide range of paradigms,
including color identification, orientation, brightness, pricing.
However, in addition to the inherent complexity of this model,
it has become more complex in order to predict reliable data
patterns, making it a tool only for experts. Here we propose a
more easy version of the CDM, the EZ version, to fit the model
on continuous scale data. The EZ-CDM for continuous choice
space tasks can estimate the parameter values for the cognitive
processes underlying without considering the response time
distribution but only using traditionally favored summary
statistics (i.e. the mean and variance of response time, and
angular variance of accuracy.) by simple formulas that can
be computed easily and needs neither theoretical knowledge
of model fitting nor much programming skills. Here, we
formulate the EZ method and show that, despite being easy and
fast to calculate, it’s performance in recovering true parameters
is acceptable.
Keywords: Decision making, Continuous response, Cognitive
model, Circular diffusion model, Response time, Complexity.

Introduction
Behavioral data is the main source of information in
psychological research. Experimental psychologists often
obtain behavioral data by conducting tasks that involve
decision making by subjects. At this point, researchers
confront two issues to make inferences from these behavioral
decision data. First, choice and response time data is often
variable (even in very similar trial conditions), and secondly,
different factors affect the results and the data comprise
mixture effects of these factors. The primitive approach
performed by researchers to extract stable information from
variable data is to use summary statistics of data, like
mean and variance. Although this approach deals with the
issue of variability, but still the statistics contain a mixture
of information about different factors. The remedy to
overcome both issues has been introduced by the cognitive
modeling approach. Cognitive models of decision making,
introduce a particular way of interaction between variability
and individual factors to generate data.
Diffusion Decision Model (DDM) of Ratcliff (Ratcliff,
1978; Ratcliff & Mckoon, 2008; Ratcliff & Rouder, 1998)
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is one such model of choice and response time data generated
from underlying cognitive processes in simple two-choice
decisions. More precisely, this model is a quantitative
counterpart of the conceptual model, describing decision
making as an accumulation of information over time to
reach the criterion for choosing each alternative. The main
source of variability proposed by DDM, is a stochastic
diffusion process of information accumulation, and the main
influential factors are captured by: the systematic tendency
of the stochastic process to approach each alternative
(called drift rate) as the relative speed of information
accumulation in favor of alternatives; the criterion as the
amount of information needed to choose each alternative
(called boundary separation), and non-decision time as time
consumed by other processes than decision, like encoding
stimulus and executing response (Ratcliff, 1978). DDM has
been used numerous times in research involving a vast range
of decision tasks about different cognitive processes, and
successfully accounted for behavioral and neurophysiological
data (Evans & Brown, 2017; Ratcliff, Huang-Pollock, &
McKoon, 2018; Evans, Bennett, & Brown, 2018; Fontanesi,
Gluth, Spektor, & Rieskamp, 2019; Pedersen, Frank, & Biele,
2017; Krajbich, Lu, Camerer, & Rangel, 2012; Forstmann,
Ratcliff, & Wagenmakers, 2016; Gold & Shadlen, 2007).
Two-alternative decision tasks are mainly used in
psychological research, but recently there has been an
increasing interest in tasks involving continuous decision
alternative space (e.g. (Itti & Koch, 2001)). Unlike twoalternative decisions, this allows getting distribution for
accuracy, instead of just a single correct response rate. Also,
there are many situations in our daily life in which the
option space is not discrete but continuous (Yoo, Hayden, &
Pearson, 2020). For example, when a driver needs to avoid a
dog that suddenly ran in the middle of a road, their options are
not discrete: the steering angle of a car is typically 60 degrees
wide. Many other activities, such as evaluating the selling
or buying price of a product (Kvam & Busemeyer, 2020),
involve selecting the best action from a continuous action
space. Therefore, these tasks could be more informative and
natural than traditional two-alternative decision tasks.
Recently, cognitive models with the concept of noisy
information accumulation have been proposed for continuous
tasks. The spatially continuous diffusion model (Ratcliff,
2018) is one such model, but it has conceptual and practical
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complexity (Smith, Saber, Corbett, & Lilburn, 2020). Also
multiple anchored accumulation theory (Kvam, Marley, &
Heathcote, 2021) and geometric similarity representation
(Kvam & Turner, 2021) have been proposed, but in addition
to being complex, they are somewhat general and need to
become specific suitably for the particular task at hand.
The circular Diffusion Model (CDM) (Smith, 2016) is
simpler, yet insightful model of circular tasks. Circular
decision tasks are commonly used as continuous tasks that
the subject has to choose one point on a circle. Examples of
such tasks are judgement about orientation, direction, shape,
location, or color of stimuli (Unsworth, Fukuda, Awh, &
Vogel, 2014). The circular diffusion model is based on the
same theory of DDM but extended to the continuous outcome
decisions and has almost the same parameters. It represents
information accumulation as a stochastic 2D Wiener diffusion
process on the interior of a disk whose bounding circle
represents the decision criterion.
Despite the obvious advantages of this model for
explaining the observed data in continuous scale tasks
based on underlying psychological meaningful processes,
unfortunately, it has not been used much so far. The use of
this model seems to be complicated due to the nature of the
model. In fact, in order to become commonly used, various
methods such as maximum likelihood estimation (MLE)
and Bayesian approaches are needed to fit the model and
extract parameter values from observed data. Theoretically,
the MLE and Bayesian approaches are suitable methods for
parameter estimation but they require some knowledge about
fitting routine and programming skills to some degree, which
remains the use of this model a suitable approach for experts.
This challenge also existed in the DDM of Ratcliff, which
is much simpler than the CDM, but (Wagenmakers, Van
Der Maas, & Grasman, 2007) were able to solve this problem
by introducing a simple approach named the ”EZ diffusion
model”. In EZ-DDM, the parameters are calculated from
summary statistics of data by quite simple formulas. Here,
we introduce a new EZ method for parameter estimation of
CDM where it enables the computation of CDM parameter
values, from mean and variance of response time and circular
variance of accuracy. We test the performance of the EZ
method by comparing its parameter recovery with the socalled theoretically favored MLE method.

criterion, a choice is made. So the decision criteria is a circle
of which each point corresponds to a decision alternative.
Furthermore, the radius of this circle determines the amount
of evidence needed to respond. Mathematically, dynamic of
evidence state in time is modeled by the following stochastic
differential equation:
dXt = vdt + σdWt ,

(1)

where Xt is state in time t, v is drift rate vector, σ is diffusion
coefficient, and Wt is a two-dimensional Wiener process.
The drift rate vector shows the systematic tendency of state
change over time. In fact, its direction and length, represent
identity and quality of inner representation of stimulus,
respectively. On the other hand, the diffusion coefficient
determines the range of noisy change in state. As it is a
scaling variable (multiplying v, a, and σ by constant term,
wouldn’t change the predictions of the model) it is taken
to be constant σ = 1. The process starts from origin of
zero coordinate in plane, and changes according to the above
dynamic equation until it reaches the boundary of the circle.
The point of intersection determines the choice alternative
and the time it takes from start to boundary hit, determines
the decision process time. Response time here is the sum of
decision process time and all other time-consuming processes
included in decision making, called non-decision time (Ter ).
Figure (1) illustrates a schematic of the model in a circular
decision task sample.

EZ-circular diffusion model
The EZ-CDM proposed here is based on reparameterizing
the CDM with cumulants of predicted distributions and then
easily estimating these cumulants by summary statistics. To
do so, we need to get from these cumulants to original
parameters, but this is not straightforward.
However,
the inverse operation (calculating cumulants from model
parameters) could be done more easily.
So we first
formulate equations to get the cumulants of predicted
response time and accuracy distributions of CDM. As the
model has three parameters, three cumulants will be needed
for reparameterization. We use the first two cumulants
(expected value and variance) of response time and second
circular cumulant (circular variance) of accuracy.
By accuracy, we mean the angular distance of the chosen
point from the right answer point of the trial on the circle. For
the sake of simplicity in equations, from now on, we will use
the symbol v as the drift length, not the drift vector itself. We
will estimate only the length of the drift vector. Drift vector
direction (that represents bias) could be estimated by angular
mean of accuracy.
As stated in (Smith, 2016), the predicted distribution
of accuracy is a von Mises distribution with concentration
parameter av. So the angular variance of accuracy (VACC)
will be:
I1 (av)
,
(2)
VACC = 1 −
I0 (av)

Circular Diffusion Model
CDM is a model of decision making in circular decision tasks,
proposing a procedure for generation of choice and response
time, from underlying cognitive components. It assumes that
decision is the result of a noisy accumulation of information
represented in 2D evidence space. State of evidence at
any time is represented by a point in a plane. Also, the
direction of this point could be thought of as representative
of the alternative with most evidence and its norm, as the
magnitude of evidence for that alternative (Kvam, 2019). As
the magnitude of evidence favoring one alternative, reaches a
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where all Bessel functions are calculated at av and
superscripts are power. We used the fact that (d/dx)I1 (x) =
I0 (x) − I1 (x)/x in the above calculations. Now we can
calculate the variance of response time (VRT):
a2 I12 (av) 2a I1 (av) a2
+
− . (4)
v2 I02 (av) v3 I0 (av) v2

V RT = E[T 2 ] − E[T ]2 =

Now we need to solve the algebraic system of three equations
(2), (3), and (4):

I (av)

VACC = 1 − 1
,


I0 (av)




a I1 (av)
,
MRT = Ter +
(5)
v I0 (av)





a2 I 2 (av) 2a I1 (av) a2


V RT = 2 12
+
− .
v I0 (av) v3 I0 (av) v2
Now, we first solve the first equation for av and by means of
the third equation, we get the a and v, then calculate the Ter
from the second equation. It’s easier to take R = 1 − VACC
and κ = av. So the first equation will be:

Figure 1: CDM model in one trial of a typical circular
decision task. (a) Subject is presented with three different
colored squares. (b) The subject is asked to choose the
color of the probed square by moving the mouse pointer
to a position on the circle. (c) CDM model assumes that
the process of decision making consists of a 2D Wiener
diffusion process with a drift vector v, representing the
encoded stimulus. The process runs until it hits the boundary
circle of radius a. (d) The hitting point determines the decided
color and the response time is determined by the time it takes
for the process to hit the boundary plus non-decision time Ter .

R=

Here, we use an approximate solution for this equation given
in (Banerjee, Dhillon, Ghosh, Sra, & Ridgeway, 2005):
κ=

κ1 = κ −
1−

e−λTer I0 (av)
√
.
I0 (a 2λ + v2 )

d
E[e−λT ]
dλ

= Ter +
λ=0

a I1 (av)
,
v I0 (av)

(3)

v4 =

where we have used the simple formula (d/dx)I0 (x) = I1 (x).
Also the second moment will be:
d2
E[e−λt ]
dλ2
λ=0
1 4 2
a
a2
a 3
= 4 I0 t0 + 2 I0 I1t0 + 2 3 I03 I1 − 2 I04
v
v
v
I0

2
a
+ 2 2 I02 I12 ,
v

I1 (κ)
I0 (κ)

−R

I12 (κ)
I02 (κ)

− κII1 (κ)
(κ)

.

0

It seems that one iteration is satisfactory for our use here as
the ratio of the estimate to the exact solution of the equation
is between 0.995 and 1 + 10−15 and we have checked that
this magnitude of error has no considerable effect on the
parameter recovery of the proposed EZ method.
Now we rewrite the third equation with respect to v, by
replacing the a with κ1 /v, and I1 (av)/I0 (av) with R:

The first moment which equals mean reaction time (MRT),
can be calculated from the moment generating function as:
MRT = E[T ] = −

R(2 − R2 )
.
1 − R2

But this approximation is not accurate enough for our
purpose, so we use Newton-Raphson iteration as suggested
in the reference article:

where I0 and I1 are the first kind modified Bessel functions
of order zero and one, respectively. To calculate cumulants
of the predicted distribution of response time, we can use
its moment generating function (Laplace transform) given by
(see appendix in (Smith, 2016)):
E[e−λT ] =

I1 (κ)
.
I0 (κ)


1  2 2
κ1 R + 2κ1 R − κ21 .
V RT

(6)

So a could be computed as:

E[T 2 ] =

a = κ1 /v.

(7)

Then the Ter can be calculated from the second equation:
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a
Ter = MRT − R.
v

(8)

Now that we completed the reparametrization of CDM to
cumulants, summary statistics can be used to estimate these
cumulants:
s

 N
2  N
2

1


cos(θn ) + ∑ sin(θn ) ,
VACC = 1 − R̄ = 1 −

∑


N

n=1
n=1




N
1
MRT = ∑ tn ,
N


n=1


!2



1 N
1 N



V RT = N ∑ tn − N ∑ tn ,
n=1
n=1
(9)
where N is the number of data points of response time t
and accuracy θ (in radian). It should be noted that the first
equation is the maximum likelihood estimation of circular
variance for von Mises distribution, and the R̄ above is
equivalent of R in previous calculations.
In summary, the procedure for EZ fitting consists of
calculating summary statistics (R̄, MRT and VRT) from (9)
and computing the parameter values in the following order:

R̄(2 − R̄2 )


κ =
,


1 − R̄2



I1 (κ)



I0 (κ) − R̄


κ
=
κ
−
,

1

I 2 (κ)


1 − I12 (κ) − κII1 (κ)
(κ)
0
0
(10)
r




1
4

2
2

κ R̄2 + 2κ1 R̄ − κ1 ,
v=


V RT 1





a = κ1 /v,





Ter = MRT − a R̄.
v
The ”scipy.special.iv” function in Python and ”besseli” in
Matlab and ”BesselI” in Wolfram Mathematica could be used
to calculate the modified Bessel function of the first kind (I0
and I1 ) in the second equation above.

Results and comparison
Here, we analyze the ability of the EZ method to correctly
recover the true parameters of CDM. To do this, we
first simulate artificial data from CDM model and use EZ
method to recover the parameters and calculate the difference
between true, and estimated parameter values. To have a
reference for examining EZ performance, we also recover
parameters with MLE and compare the EZ results with
recovery results from MLE.
We use a span of parameter values containing previously
estimated values resulted from fitting CDM on empirical data
(Kvam, 2019; Smith et al., 2020; Zhou, Osth, Lilburn, &
Smith, 2021). Three values of 1, 2, 3 are used for criteria a,
and three values of 1.5, 3, 4.5 are used for drift length. Also
one additional value of zero is used for drift length to check
any possible deficiency in EZ performance in limiting cases
where drift length approaches zero. The non-decision time
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is fixed to zero because it only shifts all response time data
points and this will just shift the recovered non-decision time
by both EZ and MLE methods.
For simulating a trial, we run a discrete random walk
version of dynamic equation (1) started from the origin and
changed according to:
( (1)
√
∆Xt = v∆t + ξ(1) ∆t,
√
(2)
∆Xt = ξ(2) ∆t,
where superscripts indicate coordinated components and ξ
is a sample of standard normal distribution. We used ∆t =
0.001 seconds and checked that the simulated data with this
value of ∆t is indistinguishable from finely grained data with
number of trials we use. The absence of drift component
in the second equation is because we take the drift vector
to lie on the horizontal axis, having zero component on
vertical coordinate. According to symmetry in the model, this
assumption does not reduce the generality of results.
The number of trials has three levels of 50, 150, and 800
which represents the number of trials taken from subjects in
psychological research and modeling analysis, respectively.
For every three levels of trial number and 12 parameter sets
(3 criteria × 4 drift), 100 data sets are simulated. Note that
the EZ method is implemented as procedure discussed above,
and MLE is performed using the Likelihood function given in
(Smith, 2016):
2

j0,i

v2t  ∞ j0,i
1
exp
va
cos(θ)
−
exp
−
t ,
∑
2
2
2πa
2 i=1 J1( j0,i )
2a
where J1 is the first-order Bessel function of the first kind and
j0,i is the i-th zero of the zero-order Bessel function of the
first kind. We simulated data with a drift vector of zero angle,
so we only entered the horizontal coordinate of the hitting
point in the above formula, restricting the estimated vector to
have angle zero. The infinite sum is calculated till 50 which
gives a good approximation of likelihood function, except for
values of very small t where actual likelihood will be so small
and we chose an infinitesimal constant value for these data
points. Also, the Nelder–Mead optimization method with
true parameter values is used to find the maximum likelihood
parameters.
Parameter recovery results are presented in Figures (2), (3),
and (4).
The middle points in the figures are representing the bias
and the error bars show the deviation in the recovery of
parameters. By increasing the number of trials, bias and
deviation of EZ method recovery are decreasing. The decline
in bias is very similar to the MLE method, except for v in
the case that the actual drift length was zero. As mentioned
this situation is not expected in real data. Also the deviations
are reasonably low and a little more than MLE deviations,
especially for v and a.
These results show that the EZ method is capable of
extracting true parameter values and detecting differences in
values of parameters.

Figure 2: Parameter recovery results for drift length v. True
drift length parameter for each row is 0, 1.5, 3, and 4.5
from top to bottom. True criteria value parameter for each
column is 1, 2, and 3 from left to right. In each figure,
the three bars on left, show the results for the EZ method
in 50, 150, 800 trial number levels, and the bars in right
are for the MLE method. The middle point is the mean of
100 recovered parameter values for v and the error bars show
the one standard deviation above and below the mean value.
Horizontal lines show the true value for parameter v.

Figure 3: Parameter recovery results for criteria value a.
True drift length parameter for each row is 0, 1.5, 3, and
4.5 from top to bottom. True criteria value parameter for
each column is 1, 2, and 3 from left to right. In each figure,
the three bars on left, show the results for the EZ method
in 50, 150, 800 trial number levels, and the bars in right
are for the MLE method. The middle point is the mean of
100 recovered parameter values for a and the error bars show
the one standard deviation above and below the mean value.
Horizontal lines show the true value for parameter a.

Discussion

exist in EZ-CDM as well, but need to be carefully considered
in the future.
Another existing subject is guessing data. In currently used
circular tasks, there is an assumption that some proportion of
data is the result of guess. To use the EZ method, one needs
to separate this guess data from the rest, because they have
different nature. One way to do so, is to take confidence in
each trial and only enter the high confidence data into the EZ
fit procedure. The other method could be fitting the mixed
model of uniform plus von Mises distribution on accuracy
data and calculating the circular variance of von Mises part
of accuracy distribution (Zhang & Luck, 2008). The other
two statistics for response time could be calculated with all
data points as the successful fit of encoding failure model

The EZ-DDM facilitated the use of the cognitive decision
model in the psychology community for two-alternative
decision tasks. Here we proposed the basis for the same
facilitation for continuous decision tasks.
Previous experience from investigations on EZ-DDM,
shows some pros and cons of using this method. It could
face some problems when the data is contaminated (Ratcliff,
2008), or when there is some between trial variability in
parameters. But still, investigations show that it successfully
captures the differences between experimental conditions
and individual and group differences (van Ravenzwaaij &
Oberauer, 2009; Ratcliff & Childers, 2015; van Ravenzwaaij,
Donkin, & Vandekerckhove, 2017). We think these situations
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the multiplication of criteria value and drift length, so any
change in variance of accuracy should be traced to detect
the change in each parameter. The method of EZ enables
this separation of parameter values from traditionally favored
summary statistics by simple formulas that can be computed
easily and needs neither theoretical knowledge of model
fitting nor much programming skills. Here, we formulated
the EZ method and showed that, despite being easy and fast
to calculate, its performance in recovering true parameters is
acceptable.
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whether this effect is driven by the resemblance between
rounded or spiky letters in the Roman alphabet (<m, b, o>
and <t, k, i>) and round/angular shapes, these finding also
holds for pre-literate children (Maurer et al. 2006) and
populations that do not use writing systems (Bremner et al.
2013). More recently, there is also evidence that the boubakiki effect is robust across 25 different languages, regardless
of the writing system participants use (Ćwiek et al. 2022, see
also Cuskley, Simner & Kirby (2017) for a review on the
phonological and orthographic influences in the bouba-kiki
effect).
These findings come mostly from experiments that employ
two-alternative forced choice tasks, which consist of
presenting the participants with a pair of stimuli and asking
them to make a decision. For example, one could present a
round and a spiky image and ask participants to choose which
one of them would be called kiki and which one would be
called bouba. This paradigm has been successfully used to
report not only the bouba-kiki effect, but also other soundsymbolic associations (e.g., Sapir 1929).
However, some task effects may hide a more nuanced
picture of the phenomenon. Previous research has shown that
the number of pseudowords presented to participants
influences their response. When there are four stimuli, the
rates of sound symbolic associations fall significantly
compared to scenarios with only two stimuli (Aveyard,
2012). This indicates that two-alternative forced choice tasks,
the most common paradigm used in the literature, may
overestimate the effects of sound symbolism in some
contexts. Other studies employed different paradigms and
techniques (e.g., Kovic et al., 2010, McCormick et al., 2015,
Westbury et al. 2018), but still relied on linguistic stimuli
previously crafted by the researchers. Most of them use /t, k,
i, e/ to create spiky pseudowords, and /b, m, l, o, u/ for round
ones (Styles & Gawne, 2017).
In general, all these vowels and consonants show a strong
association with spiky/round shapes in experiments
conducted with speakers of different languages, and any
researcher interested in studying phenomena associated with
the bouba-kiki effect would be safe using them to create their
stimuli. However, other studies also use /g, n, v, z, ʒ/ in
pseudowords created to evoke roundness, and /r, p/ in stimuli
created to evoke spikiness (Occelli et al., 2013; PeifferSmadja, 2010; Drijvers, Zaadnoordijk & Dingemanse, 2015).
The phoneme /r/ goes as far as being used in pseudowords
crafted to refer to spiky images in a study that targeted
children/adolescents with autism spectrum disorders (Occelli

Abstract
Research on sound symbolism has shown that speakers of
different languages associate specific consonants and vowels
with round and pointy shapes, a phenomenon commonly
dubbed the bouba-kiki effect. Most of this work rely on forcedchoice tasks in which participants assign previously crafted
pseudowords (like kiki or bouba) to visual stimuli. Here we
investigate this phenomenon with a production written task.
Participants had to create a new word they thought would be a
good name for round and spiky images. In this less constrained
task, spiky images received names with more high/front vowels
and voiceless stops, while round shapes were named with more
back/rounded vowels and lateral and nasal consonants. In great
part these results replicate previous findings, showing that
participants recourse to sound symbolism even when the task
at hand gives them more freedom to create names to abstract
shapes.
Keywords: iconicity;
psycholinguistics

sound

symbolism;

bouba-kiki;

Introduction
Over the past decades, experimental and corpora research
have showed that iconicity plays an important role on
language processing and acquisition. It is now known that the
lexicon of natural languages shows form-meaning
correspondences (Winter & Perlman 2021; Winter 2016;
Blasi et al. 2016; Haynie et al. 2014), that iconicity enhances
novel word learning in first and second language acquisition
(Imai et al., 2008; Lockwood, Dingemanse & Hagoort, 2016),
that children learn and use more iconic words earlier during
their development (Perry et al., 2018), and that iconicity may
have played a role on the origins of spoken language
(Perlman, Dale & Lupyan, 2015; Perlman & Lupyan, 2018)
and its evolution (Vinson et al., 2021).
Most experimental research on iconicity has used nonwords to assess the extent to which speakers of different
languages associate certain sounds to perceptual categories
such as shape, color, speed or touch (see Lockwood &
Dingemanse (2015) for a review). This type of cross-modal
association is often called sound symbolism, and perhaps the
most known example is the bouba-kiki effect (Ramachandran
& Hubbard 2001, initially reported by Köhler (1929/1947) as
the maluma-takete effect). According to a series of studies,
there seems to be a cross-linguistic tendency to associate
spikiness with high vowels and voiceless and/or obstruent
consonants, and roundness with rounded back vowels and
sonorant/voiced consonants (Fort, Martin & Peperkamp,
2014; D’Onofrio, 2014, Nielsen & Rendall 2011, but see
Styles & Gawne 2017). Although there is some debate as to
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et al., 2013), but round shapes in a study on the processing of
sound symbolism by dyslexic adults (Drijvers et al., 2015).
Similarly, the obstruent /g/ was used in pseudowords created
to evoke both roundness (Nielsen & Rendall, 2011) and spiky
images (Drijvers et al., 2015). This is not to say that the effect
of each one of these phonemes was tested in isolation in these
studies, but that the pool of consonants that supposedly evoke
the idea of roundness or spikiness include them. Moreover,
these examples show that the criteria to decide which sounds
are spiky and which ones are round are not clear.
Some studies find that multiple phonetic dimensions like
voicing, manner and place of articulation may cumulatively
contribute to cross-modal associations regarding shape
(D’Onofrio, 2014). However, there is also a lack of consensus
on what parameters are associated with round/spiky images.
Regarding just the use of consonants, round shapes are said
to be associated with sonorants, voiced stops and labial
consonants (Drijvers et al., 2015; D’Onofrio, 2014). Spiky
shapes are believed to be related to voiceless stops
(McCormick et al. 2015, Fort et al., 2014), voiced obstruents
(Drijvers et al., 2015), unvoiced obstruents (Nielsen &
Rendall, 2011) or velar/alveolar consonants (D’Onofrio,
2014).
In the present study, we propose a free elicitation written
task to assess which sound parameters are mostly used (if
any) to signal a difference between spiky and round shapes.
This method was already used to investigate sound
symbolism associated with size (Kawahara & Kumagai,
2019; Godoy et al. 2020), and it has the advantage of not
constraining the strategies participants may use to name the
visual stimuli.
Compared to forced-choice experiments, this methodology
can answer two additional questions. The first is whether
people actively employ sound-symbolic associations when
they are not explicitly required to do so. Vinson et al. (2021),
who also ran a production task on the bouba-kiki effect,
reported that the names created for round and spiky shapes
were comprised of syllables that evoked roundness and
spikiness according to a previously developed index of shape
iconicity. Based on their result, we believe we will also find
evidence of sound symbolic associations in our data.
However, the analysis in our dataset will be different: we will
not judge the iconicity of the names created by the
participants, but we will map whether there are preferences
on the use of specific sound parameters to name spiky and
round shapes.
This will allow us to answer a second question: what sound
parameters (if any) people freely use to signal differences in
shape? Given what we know from previous research, we will
test whether the name of round and spiky shapes differ in
their voicing (voiced/voiceless consonants) and manner
(sonorants/obstruents). More recently, Erben Johansson, Carr
& Kirby (2021) ran an iterated learning task that mimics
language evolution. Participants were presented with a seed

word and asked to repeat it. Their recording was then
presented to another participant, who was also asked to repeat
it. This process was repeated for 15 generations in 20
independent transmission chains. When the linguistic stimuli
were presented with a spiky image, the final word uttered by
the fifteenth participant in a transmission chain had increased
the number of acute segments compared to the original seed
word. Therefore, here we also checked if consonant position
(acute/grave1) is employed to evoke roundness or spikiness.

1

back, while acute sounds include consonants produced using the
hard palate as a secondary articulator”.

Methods
We designed a free elicitation written task to investigate
whether the bouba-kiki effect reported in forced-choice tasks
could also be found in a production experiment which gives
participants the freedom to create whatever name they want
to spiky and round shapes. The target of this experiment were
speakers of Brazilian Portuguese (BP), a language for which
the bouba-kiki effect has already been reported in an implicit
association task and a cross-modal matching experiment
(Silva & Bellini-Leite, 2019), as well as in a classic twoalternative forced-choice task (Godoy et al., 2018). This latter
study replicates the finding of Nielsen & Rendall (2011, Exp
1), showing that BP speakers associate some voiceless stops
and unrounded vowels with spikiness, and some sonorants,
voiced obstruents, and rounded vowels with roundness.
Therefore, we were confident that BP speakers make these
associations in other experimental contexts.
The main caveat to this methodology is the fact that
participants provide their response in written form.
Consequently, it is not completely accurate to say that the we
have a clear case of cross-modal association in our results, as
we have no sound-to-image mapping in this task. However,
the target language used here has a high spelling-to-sound
transparency, especially regarding its grapheme-phoneme
mapping for consonants (Borgwaldt et al., 2005). This
orthographic transparency of BP allows us to guess the
intended pronunciation most of the time.

Stimuli and task
Six pairs of round-pointy shapes were used as experimental
stimuli (cf. Figure 1). Pairs A to E were adapted from images
used by Köhler (1929/1947) and Maurer et al. (2006) in their
experiments (cf. Nielsen and Rendall, 2011), and Pair F was
created by the authors in order to increase the number of
observations per participant. We limited the stimuli to six
pairs to avoid fatigue. Due to restrictions imposed by the
COVID-19 pandemic, the task was administered online using
the Google Forms platform. It took participants ten to fifteen
minutes to complete the task.
Participants were 75 BP speakers who agreed to participate
voluntarily after reading the consent form. They were told
that in each screen there would be a pair of images, and that
they should write down for each image a new name.

According to Erben Johansson et al. (2021, p. 4), “(g)rave sounds
include consonants produced by using soft tissue secondary
articulators, notably the lips and the area from the soft palate and

764

Participants were informed that they could not use an existing
word or blends of words in Portuguese or other languages.
They were also asked to create names that should sound like
a word in Portuguese. These instructions were given in order
to prompt names that did not violate Portuguese phonotaxis,
so the grapheme-to-phoneme mapping would be easier to
analyze. Participants were not explicitly told to pay attention
to the images’ shape or to any specific differences within
each pair.
After completing the experiment, all participants answered
a questionnaire that asked if they knew what sound
symbolism was and if they had already taken part in previous
experiments that investigated this phenomenon.

than speaking it) and the orthographic conventions of BP,
both /e/-/ɛ/ and /o/-/ɔ/ were respectively conflated in the
phonemes /e/ and /o/. In our statistical analyses, each one of
the five vowels were assessed separately in order to check if
they were more recurrent in the names of pointy or round
images.
Consonants were grouped based on six binary categories
following the sound parameters used by Erben Johansson et
al. (2021): voiced and voiceless, sonorant and obstruent,
acute and grave (cf. Table 1). Rhotics in coda position
(represented in silac by the letter R) were not included in the
analysis because, in BP, the same grapheme in this position
(the letter ‘r’) represent phones with different sound
parameters in regional dialects - e.g., it can be either
pronounced as a voiced or voiceless velar (Seara et al., 2015).
We also excluded glides \j\ and \w\ because their status as a
consonant or vowel in BP is still a matter of debate
(Cristófaro Silva, 1998).
Table 1: Sound parameters for consonants used by Erben
Johansson et al. (2021) and adapted to Brazilian Portuguese
Sound
Parameter
Voicing
Manner
Position

Sound
group
Voiceless
Voiced
Sonorant
Obstruent
Acute
Grave

Segments
p, t, k, f, s, ʃ, h
b, d, g, v, z, ʒ, m, n, ŋ, l, ʎ, ɾ
m, n, ŋ, l, ʎ, ɾ
p, t, k, b, d, g, f, s, ʃ, v, z, ʒ, h
n, t, d, s, z, ʃ, ʒ, l, ʎ, ɾ
m, ŋ, p, k, b, g, f, v, h

Figure 1: Experimental Stimuli

Results

Data annotation and preparation

Dataset and code for all the analysis described here are
available online2. A script automatically counted how many
vowels or consonants for each sound parameter each name
had. For example, the name ‘daledo’ had 3 voiced and 0
voiceless consonants, 1 sonorant and 2 obstruents, and 0
graves and 3 acutes. Regarding its vowels, it had 1 /a/, 1 /e/,
0 /i/, 1 /o/ and 0 /u/.
We initially checked whether there was any difference in
length between the names created for round and pointy
figures. This was done considering all segments produced,
including rhotics in coda position and glides. Two
generalized linear mixed models were fit with shape as the
predictor and participants and pairs as random variables.
Response variables were the number of syllables and number
of segments, modeled with a zero-truncated poisson
distribution. Results showed that there was no difference in
length regarding the number of syllables (b = 0.02, SE = 0.05,
p = 0.58) or segments (b = -0.009, SE = 0.03, p = 0.76).
Therefore, we chose to proceed our analysis investigating
whether the number of specific segments (voiceless, acute,

We excluded all data from 6 participants because they
reported they had already taken part in other research on
sound symbolism and were aware of this phenomenon. Five
participants were excluded because they repeated the same
names across experimental stimuli. Data from the remaining
64 participants were analyzed in order to exclude
observations that did not conform to the instructions. We also
excluded all data from 4 participants that did not abide to the
instructions in more than 50% of the experimental items.
These criteria led to the exclusion of 17.5% of our raw data.
We believe this large number is due to participants not
reading the instructions in detail in remote experiments.
The remaining dataset with 633 observations (314 names
of pointy figures and 319 names of round ones) was
transcribed with silac (Oushiro, 2018), an automatic
transcription tool that convert text to phonological notation in
Brazilian Portuguese with a high level of accuracy. These
transcriptions were used in our analysis.
BP has 7 different vowels (/a, e, ɛ, i, o, ɔ, u/), but due to the
nature of our task (participants had to write a name, rather
2

Dataset and codes for all analyses in this paper are available at
<https://github.com/mahayanag/GodoyAnanias2022CogSci>.
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sonorant etc.) in a name would differ for pointy and round
shapes.
A series of generalized linear mixed models were fit with
the number of segments of interest as the response variable
(modeled with a poisson distribution) and shape as the
predictor (dummy coded, reference level: pointy). Models
also included random intercepts by participants (due to
convergence issues, we were able to include random
intercepts by pairs just for the acute and grave analyses). All
p-values were adjusted with the false discovery rate method
(Benjamini & Hochberg, 1995). In this first round of analysis,
our main goal was to check whether people make sound
symbolic associations with vowels or consonants when
creating names for pointy and round shapes.

Consonants
Regarding manner of articulation, obstruents were more
common in the names of pointy figures (b = -0.21, SE = 0.05,
p = 0.0004), and sonorants were used at the same rate to name
round and spiky images (b = 0.16, SE = 0.07, p = 0.06).
Unvoiced consonants were more common in the names of
spiky figures (b = -0.31, SE = 0.06, p < 0.0001), but voiced
ones were not associated to any particular shape (b = 0.09, SE
= 0.06, p = 0.18). Acute consonants were more common in
the name of spiky shapes (b = -0.15, SE = 0.05, p = 0.01), but
there was no difference between the names of pointy and
round figures regarding the use of grave segments (b = 0.02,
SE = 0.07, p = 0.81). Figure 3 graphically displays estimated
means and 95% confidence intervals for each model.

Figure 2: Estimated number of occurrences for each
vowel in the names of round and pointy images.

Figure 3: Estimated number of occurrences for consonant
parameters in the names of round and pointy images.
Post-hoc analyses for consonants Our main analysis found
that some vowels and consonants are preferably used to name
spiky or round shapes. We further analyzed the consonant
categories to have a more fine-grained description of which
sounds are most used in sound-symbolic associations.
Because obstruents are too broad a category, these
consonants were divided in four different categories
regarding their voicing and manner of articulation: voiceless
and voiced stops, voiceless and voiced fricatives (see Table
2). This would allow us to understand how voiceless and
obstruents consonants correlate with spiky images.

Vowels
The high, front, unrounded vowel /i/ was preferably used to
name spiky images (b = -0.48, SE = 0.1, p < 0.0001). On the
other hand, back rounded vowels /o/ and /u/ were
significantly more common in the names of rounded shapes
(b = 0.43, SE = 0.09, p < 0.0001; b = 0.45, SE = 0.15, p =
0.007, respectively). Vowels /a/ (b = -0.007, SE = 0.09, p =
0.93) and /e/ (b = -0.15, SE = 0.11, p = 0.22) were equally
used to name both shapes. Figure 2 depicts estimated means
and 95% confidence intervals for each model.
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Following the previous analyses, we fit four generalized
linear mixed models with the number of voiced and voiceless
obstruents and fricatives as the response variable modeled
with a poisson distribution. All models included shape as the
predictor (dummy coded, reference level: pointy), and three
of them also had random intercepts by participants and pairs,
the only exception being the analysis of voiceless fricatives.
Results showed that spiky shapes received names with more
voiced stops in comparison to round images (b = -0.36, SE =
0.08, p = 0.0001). Fricatives, both voiced (b = -0.24, SE =
0.15, p = 0.13) and unvoiced (b = -0.21, SE = 0.11, p = 0.07),
and voiced stops (b = 0.14, SE = 0.12, p = 0.26) were used at
similar rates for round and pointy shapes.

association between /e/ and spiky images. As far as we know,
this correspondence is not backed up by any specific study,
but previous experimental work has used /e/ to create
pseudowords supposedly related to spikiness (Drijvers et al.,
2015; Fort et al., 2014). A possible explanation for our results
is that participants privilege /i/ as the best way to signal
spikiness. Maybe the association between /e/ and angular
shapes reported in other studies is triggered by the contrast
with back, rounded vowels used in the pseudo-words created
for forced-choice tasks. It could also result from consonantal
contrasts within the stimuli (e.g., zeze vs nunu, in Drijvers et
al., 2015). If this is the case, then this association would be
better described as a task effect.
Regarding the use of consonants, our results show no
preference in the use of sonorants, grave or voiced
consonants to signal differences in shape. On the other hand,
they show an association between spiky shapes and acute,
unvoiced and obstruent consonants. These associations were
already attested in previous studies, but here we show that
participants employ this sound symbolic association even
when they are free to choose other sound parameters to create
new names.
The association between acute consonants and spiky
shapes were reported by Erben Johansson et al. (2021). The
authors documented that names designating spike images
change in an iterated learning task that mimics language
evolution, and these changes tend to result in words with
more acute sounds. As far as we know, this was the first study
to distinguish acute and grave sounds in a task designed to
study the bouba-kiki effect (amongst other types of crossmodal correspondences). The fact that we found the same
association between acute sounds and spiky images in a free
elicitation task reinforces such effect. However, it is not clear
yet how acoustic or articulatory features of acute consonant
are related to spiky images.
The obstruent/spiky association we found in our data was
already attested in previous forced-choice experiments (e.g.,
Nielsen & Rendall, 2011). However, given the broad array of
consonants under the label of “obstruents”, these results merit
a closer inspection that also takes into account the role of
voicing and manner of articulation in establishing sound
symbolic associations.
This is particularly relevant for our analysis because, as our
results show, voiceless consonants were also preferably used
to name spiky images. There are at least two possible
explanations for this result. First, we should consider that the
set of voiceless consonants is comprised by a subset of
obstruents. In other words, all voiceless consonants are also
obstruents. Hence, one might imagine that the
voiceless/spiky association may be just a side-effect of the
association between obstruents and spikiness: obstruents
correlate with spiky shapes, and all voiceless consonants are
obstruents, therefore, voiceless consonants correlate with
spikiness just because they are a subset of obstruents.
According to this explanation, voicing per se would show no
association with shape.

Table 2: Sound parameters considered in the post-hoc
analyses
Obstruents

Sonorants

Sound group
Voiced stops
Voiceless stops
Voiced fricatives
Voiceless fricatives
Nasal
Lateral
Vibrant

segments
b, d, g
p, t, k
z, ʒ, v
s, ʃ, f, h
m, n, ŋ
l, ʎ
ɾ

Sonorants were also analyzed in three categories regarding
their manner of articulation: nasal, lateral and vibrant
consonants (Table 2). This was done to check whether there
is a small cluster of sonorants that correlate with round
images, as this association is often reported in the literature.
Results show that nasal (b = 0.42, SE = 0.14, p = 0.009) and
lateral consonants (b = 0.34, SE = 0.13, p = 0.02) were indeed
more common in the names created for round images. The
vibrant /ɾ/, on the other hand, were used at greater rates to
name spiky images, but this tendency did not reach statistical
significance when p-values were adjusted for multiple
comparisons (b = -0.3, SE = 0.14, p = 0.054).

Discussion
Results from the free elicitation task show an association
between /i/ and spiky images and /o, u/ and round shapes.
These associations were already attested in previous forcedchoice experiments, but, as far as we know, our results are
the first to document them in a production task. Regarding
their sound parameter, /i/ is a high, front, unrounded vowel,
while /u/ and /o/ are both back, rounded vowels. Therefore, it
is not possible to tease apart effects of position (front/back)
and roundedness as the main factor driving these
associations. As for /o/ and /u/, it has been assumed that their
rounded nature would act as a proprioceptive cue that maps
their sound to round shapes (Ramachandran & Hubbard
2001), but it may also be the case that a combination of
features may cumulatively influence cross-modal
associations related to shapes (D’Onofrio 2014).
The main difference between our results and some
assumptions from previous studies was the lack of
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However, as Ćwiek et al. (2022) point out, there might be
a cross-modal correspondence between spikiness in the
visual domain and the spectral changes from silent closure to
high spectral frequencies caused by voiceless stops.
According to them, this pattern contrasts with a more
continuous fundamental frequency in words with voiced or
sonorant consonants, such as bouba or maluma, whose
amplitude envelope modulations are less abrupt. This is in
line with our post-hoc analysis, which showed that it is indeed
the subset of obstruents comprised by voiceless stops that are
preferably used to name spiky images.
Regarding the use of sonorants, our dataset show that nasal
and lateral consonants were more common in the names of
round images, but we found no association between shapes
and the vibrant /ɾ/. Therefore, our data suggests that
participants in a production task preferably recourse to lateral
and nasal consonants to signal roundedness. This is in line
with the findings from forced-choice tasks that usually show
an association between these consonants and round shapes.
In fact, nasal and lateral consonants are the ones typically
used in the pseudowords of studies that report an association
between round images and sonorants (e.g., Occelli et al.,
2013; Fort et al., 2014).
These results are relevant because they can inform future
research on iconicity that uses pseudowords as linguistic
stimuli to investigate sound symbolism. Our data suggest that
using voiceless stops and lateral/nasal consonants may be the
best way to create pseudowords that have a greater chance to
be associated with spiky and round shapes. These patterns are
in line with previous research that speculates about how the
acoustic signal of consonants may relate to the bouba-kiki
effect. As noted by Nielsen & Rendall (2011), attack
differences and spectral density in consonants such as /k/ and
/m/ make the former feel “harsh”, and the latter feel
mellifluous. In the study reported in this paper, this
harsh/smooth distinction seems to influence the behavior of
participants in a production task.
It is nonetheless curious that round images did not correlate
with voiced stops in our experiment, as the most used stimuli
for this cross-modal association, bouba, features the voiced
stop /b/ twice. At this point, we must emphasize the limits of
comparing our results with those of previous studies. First of
all, our analyses do not allow for conclusions about specific
consonants. We focused on the analyses of sound parameters
regarding voicing, manner and position. As a consequence,
although we can claim that the use of voiced stops does not
correlate to any particular shape, we cannot claim whether /b/
(or /d/, or /g/ etc.) does. Additionally, the results of forcedchoice tasks depend on the contrast of the pseudowords
crafted by researchers. Therefore, even if /b/ or other voiced
stops do not correlate with round shapes in a free elicitation
experiment, they may do so in a forced-choice task, because
the other pseudoword within a pair may contain voiceless
stops or vowels that are preferably associated with spiky
images.
Finally, we should address some limitations of our work.
Following previous studies, the images in our experimental

stimuli were presented in pairs. Shape perception is not as
relative as size, and one can certainly point out that a shape
is round or spiky without the need to compare it to any other
image. However, the fact that the pictures were presented in
pairs adds a contrastive element to the task that may have
influenced our results. In other words, if images were
presented in isolation, maybe their roundedness or spikiness
would not have been be so evident, and the associations we
reported in this paper could have been weaker. This is not a
major issue here because our goal was mapping associations
when shape differences were evident, but an interesting
follow-up study would be investigating whether the use of
spiky/round-related sounds also increases when these shapes
are presented without a contrastive pair.
The fact that the experimental task involved written rather
than oral production is another caveat. Some differences in
vowel height are lost in the orthographic to phonological
transcription, as well as minor dialectal differences in BP
(e.g., the use of fricatives or affricates in some contexts). We
do not know of any study that contrasts the use of these crossmodal associations in written and oral production tasks, so
we cannot be sure the results we describe here would hold in
a more spontaneous oral production experiment.
Lastly, our participants were BP speakers, and we did not
target speakers of any other languages. We expect that the
results reported here replicate in other languages, as it was
the case for the results of the bouba-kiki effect in forcedchoice tasks. However, only future research can test this
prediction.

Conclusions
Work on the bouba-kiki effect have benefited mostly from
forced-choice tasks in which participants had to decide which
pseudoword best represented images of pointy and round
shapes. These studies have found that speakers of different
languages make associations between shape and sounds.
However, forced-choice tasks use previously crafted
pseudowords as linguistic stimuli, therefore limiting other
associations that could be available to the participants.
In this paper, we presented a free elicitation task in which
participants were asked to create the name they wanted
(following BP phonotaxis) to name round and spiky shapes.
We found that even in this less constrained experimental task
participants still recourse to sound symbolism to signal
differences in shapes. More specifically, our analysis was
able to detect that spiky images receive more names with
voiceless stops and the high vowel /i/, while round shapes are
named preferably with lateral and nasal consonants and back
round vowels.
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Marseille Univ, Université de Toulon, CNRS, LIS, Marseille, France
2 Aix-Marseille Univ, CNRS, LPL, Aix-en-Provence, France

Abstract

Child Utterance

Children start to communicate and use language in social interactions from the very early stages in development. This allows them to experiment with their current linguistic knowledge and receive valuable feedback from their interlocutors.
We conducted a large-scale corpus study to examine the quality of positive and negative Communicative Feedback signals
that caregivers provide in terms of time-contingent responses
and clarification requests. We found evidence for the effect of
such feedback in supporting children’s production of intelligible speech.
The broad impact of this paper is to highlight how general social feedback mechanisms that govern human communication
can also support child language acquisition.

non-speech
(1)

speech-related
(2)

intelligible
grammatical

Temporal Contingency
Clarification Requests
Temporal Contingency
Clarification Requests
Corrective Feedback

Figure 1: Developmental steps in children’s linguistic productions before they reach the final grammatical/well-formed
stage. As children move from one stage to the next, the range
of available feedback mechanisms and their specificness increases (as the communicative intent of the child becomes increasingly easier to decode). Communicative Feedback (the
subject of the current paper) includes contingency and clarification requests, but excludes corrective feedback.

Much of computational research in language acquisition has
traditionally focused on investigating learnability from the
linguistic input. While such an approach has been insightful about the role of the input in language development, it
tends to consider – whether implicitly or explicitly – that children only passively absorb the information they are exposed
to. However, children start to actively interact with people
around them very early in development and use their growing linguistic knowledge to establish some form of rudimentary communication. This early social interaction also plays a
role in the acquisition of language (Bruner, 1985; Tomasello,
2005; Kuhl, 2007; E. V. Clark, 2018).
Currently, the dominant line of research on the role of social interaction focuses on children’s ability to make pragmatic inferences about caregiver’s communicative intents,
taking into account the context of language use, common
ground, as well as social cues such as gaze and pointing
(Tomasello et al., 2005; Senju & Csibra, 2008; Yurovsky &
Frank, 2017; Bohn & Frank, 2019; Tsuji et al., 2020).
Another dimension of social interaction is that it offers
opportunities for caregivers to provide feedback on children’s linguistic productions. Children start communicating long before their linguistic skills are mature (i.e., intelligible and grammatically sound). Their vocalizations start
from being non-speech (e.g., crying, laughing) and become
increasingly speech-related (e.g., babbling), but still largely
unintelligible. Then, their linguistic productions become
increasingly intelligible1 although not always grammatical
(e.g., “Want play!”). Finally, children’s productions become
define intelligibility by contrast to unintelligible utterances

Temporal Contingency

(3)

Introduction

1 We

Possible Feedback
Specificness of Feedback

1 Aix

grammatical/well-formed (e.g., “I want to play!”). As children move from one stage to the next, the range of available
social feedback mechanisms and their specificness increases
(i.e. their ambiguity decreases, see Figure 1).
To support the transition from non-speech to speechrelated vocalization (Transition (1) in Figure 1), the caregiver
can provide feedback in the form of temporal contingency
(e.g., by responding more often and faster to speech-related
than to speech-unrelated vocalization, thus “reinforcing” the
former), a mechanism that has been studied for example by
Warlaumont et al. (2014).2 Once children become able to
produce speech-related utterances (that can be either intelligible or unintelligible), additional feedback mechanisms become possible, e.g., clarification requests (Purver, 2004) can
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whose communicative intent is difficult to infer (e.g., babbling). An
utterance is intelligible if a communicate intent can be decoded from
it even though it is not necessarily grammatically correct.
2 This mechanism has also been referred to as “responsiveness”.
Here we call it temporal contingency in order to distinguish it from
other kinds of contingency, namely input-contingency or contentcontingency (see also McGillion et al., 2013).

In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

be given following unintelligible vocalizations, encouraging
the child to produce more intelligible speech (Transition (2)
in Figure 1; see e.g., E. V. Clark (2020)). Finally, corrective feedback (e.g., a correct reformulation of an incorrect utterance by the child) has been studied more extensively in
the development literature (e.g., Brown, 1973; Saxton, 2000;
Chouinard & Clark, 2003; Hiller & Fernández, 2016), but this
form of feedback can only be provided at the last stage (Transition (3) in Figure 1) where children are capable of producing intelligible utterances. Indeed, if an utterance is unintelligible, the caregiver cannot infer the child’s communicative
intent and, thus, will not be able to correct or reformulate its
linguistic expression.

ing (backchannel responses, repeating the child’s utterance,
a cheering face and a head nod, etc.).
We find in the development literature evidence that supports CF as a mechanism for language learning, although
most research has investigated only the early stages of utterance development described in Figure 1. For example, it
has been shown that caregivers are more responsive to child
speech-related utterances than to non-speech utterances and
that, critically, children also react differently to positive and
negative CF, producing more speech-related utterances following high temporal contingency (Bloom, 1988; Goldstein
et al., 2003; Warlaumont et al., 2014).
Very few studies examined CF for later stages of development. E. V. Clark (2020) documented caregiver’s use of clarification requests and Gallagher (1977); Saxton et al. (2005)
tested how children revise their utterances when they receive
such requests. However, though very insightful to our understanding of the phenomenon, this previous work remains
incomplete as it has either relied on qualitative/anecdotal reporting or on experimentally controlled settings (as opposed
to systematic and quantitative study of natural/spontaneous
child-caregiver conversations).

Communicative Feedback Here, we focus on a subset of
the social feedback mechanisms reviewed above which we
call Communicative Feedback (CF). We define CF as the form
of social feedback whose goal is to signal communicative success or failure, rather than to correct the linguistic content
of a child’s production. Therefore, CF includes rather nonspecific mechanisms such as time-contingent responses and
clarification requests (e.g., “What?”, “Which one?”).
We are interested in this communication-focused feedback because it has been understudied compared to contentfocused feedback (especially corrective feedback), although
it is arguably a better candidate for a universal mechanism. Indeed, contrary to corrective feedback, Communicative Feedback is not specific to language acquisition, as it is
a fundamental mechanism for communication in general (see
“communicative grounding”; Stalnaker (1978); H. H. Clark
(1996)). Further, both communicative repair mechanisms and
caregiver’s temporal contingency have been observed in a diversity of cultures (Dingemanse et al., 2015; Richman et al.,
1992; Bornstein et al., 1992). Finally, CF is the only mechanism that can a priori be used across all stages of child utterance development, as explained in Figure 1.

The current study and novelty of our work We conduct
a quantitative large-scale corpus study on the role of CF in
children’s language development. The paper makes two main
contributions. First, we test the extent to which previous work
by Warlaumont et al. (2014) — on how temporal contingency
can help children transition towards speech-related utterances
(i.e., Transition (1) in Figure 1) — can be replicated with different datasets of child-caregiver interactions. Second, we
investigate how CF (both temporal contingency and clarification requests) can help children transition towards more intelligible utterances (i.e., Transition (2) in Figure 1).
To ensure reproducibility, we make the source code
of all analyses publicly available: https://github.com/
mitjanikolaus/childes-communicative-feedback.

Communicative Feedback and language acquisition
Though CF is more about communication management than
about correcting or refining the content of the child’s utterance, it can still help with language learning, indirectly, via a
reinforcement-like mechanism. CF can be positive or negative, signaling communicative success or failure, respectively.
The hypothesis is that the child would seek positive signals
and avoid negative signals, motivated by the desire to be understood. Utterances that receive positive feedback are more
likely to be correct and will be repeated, whereas utterances
that receive negative signals are more likely to be incorrect
and will be avoided or revised in future interactions.
Negative CF signals include a) lack of contingency (e.g.,
the caregiver providing a non-contingent response, or no response at all) and b) clarification requests, which could be
verbal or non-verbal (e.g., “What?” or a puzzled face).
Positive CF signals include a) high contingency (e.g., fast
and on-topic verbal responses, successful shared attention)
and b) explicit verbal and non-verbal signs of understand-

Methods
Unit of analysis: U-R-F
To study CF in child-caregiver conversations, we use as unit
of analysis a 3-part micro-structure sequence consisting of 1)
child’s utterance, 2) caregiver response (or lack thereof), and
3) the child follow-up (following previous work like Warlaumont et al. (2014)).3 Hereafter, we will call this sequence UR-F (Utterance, Response, Follow-up). Table 1 shows some
examples of U-R-F from the dataset we used.

Data
We used transcribed conversations from an English subset of
the CHILDES corpus (MacWhinney, 2014). The subset involves children aged 10 to 48 months4 for which timing in3 We disregard case where the follow-up occurs more than 60s
after the response.
4 We chose 10 months as a minimum age because at this age children typically start to produce their first intelligible utterances. As
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child’s utterance whether the caregiver response is given or
not. Following Warlaumont et al. (2014), we considered all
cases in which a caregiver’s utterance follows the child’s utterance within a response latency of one second as response.
All other cases (a caregiver’s utterance that follows with a
greater delay, or no utterance at all) are considered as no response.8

Table 1: Examples of U-R-F sequences taken from the
Thomas corpus (Lieven et al., 2009).
Child utt.
Caregiver resp. Child follow-up
Moon
A big moon.
And a firework.
Uh no big smoke . <no response> xxx .
[=! babble]
what?
put in there please.

Clarification requests To detect clarification requests, we
used a model that was recently developed for automatic annotation of speech acts in child-caregiver conversations (Nikolaus et al., 2021). This model uses the INCA-A coding
scheme, which was specifically designed for the study of
child-caregiver conversations (Ninio et al., 1994).
All utterances that were labelled as “Eliciting questions
(e.g., hmm?)” (EQ) or “Requests to repeat utterance” (RR)
were treated as clarification requests. The most common utterances falling into these categories are open clarification requests, e.g., “what?”, “hm?”, “what, darling?”, “huh?”. Less
frequently, there are also restricted ones such as “what about
backside?” or “some what?”.

formation (start and end time of each utterance) is available.
We converted the children’s ages into equidistant bins of 6
months for plotting and analyses. In total, our data consists
of 21 corpora5 with 1787 transcripts from 326 children. We
extracted and analyzed a total of 367,774 U-R-F sequences.

Annotations
For each U-R-F, we annotate the speech-relatedness and intelligibility of all child utterances and follow-ups, as well as
whether there was a caregiver response and whether the response was a clarification request.
Speech-relatedness All corpora in CHILDES follow the
CHAT transcription format (MacWhinney, 2017) which includes so called “paralinguistic events”.6 All utterances that
contain at least one transcribed word or one speech-related
event were annotated as speech-related, others as non-speech.

Analyses
Our analyses are organized into three main parts: 1) replicating work by Warlaumont et al. (2014) on the development of
speech-relatedness via temporal contingency, 2) investigating
the development of speech intelligibility via temporal contingency, and 3) investigating the development of speech intelligibility via clarification requests.

Intelligibility We labelled all utterances as either intelligible or unintelligible using a rule-based approach on the transcriptions. Not all corpora transcribed unintelligible speech
exactly the same way, so we manually verified which conventions were used in each corpus.
In CHAT, phrases are either explicitly labelled as unintelligible (“xxx”) or labelled as phonological fragments (e.g.,
“&baba”, “baba@p”). The latter case is used for “vocalizations that cannot be mapped to words” (and are therefore
coded phonetically instead, see MacWhinney, 2017). As they
cannot be mapped to words, we assume they are also unintelligible to the interlocutor.7 Further, there are some event
codes that refer to unintelligible utterances and babbling (e.g.,
“&=vocalize”, “&=babble”, “baba@b”). Utterances that contain at least one unintelligible word were labelled as unintelligible, all others as intelligible.

General developmental trajectories Since we are both
replicating work on the development of speech-related speech
and investigating the development of intelligible speech, we
start our analysis by providing an overview of the developmental trajectories of both phenomena in our dataset (Figure 2). As expected, children’s utterances become increasingly speech-related as well as increasingly intelligible. The
proportion of speech-related utterances converges clearly before the proportion of intelligible utterances.

Development of Speech-related Vocalizations
(Replication of Warlaumont et al. (2014))
Following Warlaumont et al. (2014), we first calculated
a measure for caregiver’s temporal contingency on child
speech-relatedness. This measure was defined as the ratio
of caregiver responses to speech-related child utterances subtracted by the ratio of caregiver responses to non-speech utterances. When applied to our dataset, we obtain:

Temporal contingency While the contingency of caregiver
response behavior can by measured in many ways (McGillion
et al., 2013), here we focus on one instantiation of contingency known as temporal contingency. Using timing information available in the transcripts, we annotate for each
a maximum age, we chose 48 months because data in CHILDES
becomes sparse after this age.
5 Namely: Bernstein, Bloom, Braunwald, Brent, Edinburgh,
Gleason, MPI-EVA-Manchester, MacWhinney, McCune, McMillan, Nelson, NewmanRatner, Peters, Rollins, Sachs, Snow, Soderstrom, Thomas, Tommerdahl, VanHouten, Weist
6 Events in CHILDES can be transcribed either as “paralinguistic
events” (“[=! crying]”), or “simple events” (“&=crying”).
7 There may however be exceptions in which the utterance remains intelligible, we will return to this case in the discussion.

#(Uspeech ∧ Rresponse ) #(Unon−speech ∧ Rresponse )
−
≈ 0.13
#Uspeech
#Unon−speech

(1)

A one-sided t-test indicated that the value was significantly
greater than 0 (SE = 0.008, p < 0.001), replicating the orig8 We also ran all experiments with a more conservative response
latency threshold (2 seconds) and this higher threshold did not
change the conclusions of the paper.
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Development of Intelligibility via Temporal
Contingency
Following the general reasoning in Warlaumont et al. (2014),
we first study the extent to which caregiver’s time-contingent
response behavior depends on the intelligibility of the child’s
utterance. Second, we study the extent to which the child’s
follow-up show improved intelligibility when following responsive behavior from the caregiver.
Caregiver’s temporal contingency Figure 3 shows the results of how caregivers’ response behavior depends on the
intelligibility of the children’s utterances.
Figure 2: Proportion of speech-related utterances and intelligible utterances. Each data point represents a transcript.
The plot shows fitted logistic regression curves and their 95%
confidence intervals.

inal results, and confirming that temporal contingency contains useful information for learning speech-related vocalizations.
Second, we calculated a measure for the child’s follow-up
depending on whether there was a caregiver’s response to the
child’s utterance. This measure was defined (in the previous study) as the ratio of speech-related child follow-ups to
speech-related utterances that received a response subtracted
by the ratio of speech-related child follow-ups to speechrelated utterances that did not receive a response:

Figure 3: Comparison of proportion of caregiver responses
for intelligible and unintelligible child utterances.
To quantify this effect, we used the following mixed-effects
GLM that predicts whether a caregiver response was given as
a function of whether the child utterance was intelligible:
has resp ∼ utt is intelligible ∗ age + (1|child)

(3)

The
estimated
fixed
effects
were:
utt is intelligible = 0.81 (SE = 0.01, p <
0.001);
age = 1.23 (SE = 0.03, p < 0.001);
utt is intelligible:age = −0.29 (SE = 0.05, p <
0.001).
These results confirm the qualitative observations in Figure 3, that is, utt is intelligible is a predictor of caregiver’s response contingency (more intelligible utterances
leads to more contingency and vice versa). This effect was
significant even controlling for age.

#(Uspeech ∧ Rresp ∧ Fspeech ) #(Uspeech ∧ Rno resp ∧ Fspeech )
−
≈ 0.01
#(Uspeech ∧ Rresp )
#(Uspeech ∧ Rno resp )
(2)

This value was also significantly positive (SE = 0.003, p <
0.05), again replicating the results of the original study and
confirming that children are sensitive to temporal contingency
when learning speech-related vocalizations.9
Note that, for comparison with Warlaumont et al. (2014),
our replication study used the same measures. However, for
our next analyses, we will use mixed-effect models instead,
because they allow more rigorous statistical testing as well
as the ability to control for other variables. We also ran the
equivalent mixed-effects models for this replication, and the
results confirmed the significance of both effects, even when
controlling for age.

Child sensitivity to temporal contingency In Figure 4, we
show how the intelligibility of the child’s follow-up depends
on whether there was a caregiver’s response to an intelligible
child’s utterance.
To quantify this effect, we similarly used a GLM that predicts whether a child follow-up is intelligible as a function of
whether there was a caregiver’s response or not, taking into
account only U-R-Fs for which the initial utterance by the
child was intelligible:

9 Warlaumont et al. (2014) obtained the following values: 0.065
for caregiver contingency and 0.036 child contingency. The difference in effect sizes could arise from differences in the properties of
the datasets used in the original vs. the replication, e.g., different
conversational contexts or because in our data (which relies on transcriptions instead of automatic speech classification) probably not
all non-speech utterances were transcribed exhaustively.

follow up is intelligible ∼ has resp ∗ age + (1|child) (4)

The estimated fixed effects were: has resp = 0.38 (SE =
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0.15, p < 0.001); utt is intelligible:age = 0.02 (SE =
0.21, p = 0.9).
As expected, we found a negative effect of
utt is intelligible showing that clarification requests are more likely to be made by the caregiver after
unintelligible utterances from children. This effect was also
significant above and beyond age.
Child sensitivity to clarification requests Here, we investigate if caregiver’s clarification requests lead to more intelligible follow-ups from children. For this analysis, we do not
compare the intelligibility of child follow-ups as a function
of the presence vs. absence of clarification request (similarly to the analysis on sensitivity to temporal contingency,
where we compare the distinction response vs. no response),
because the temporal-contingency-based mechanism creates
a confound. More precisely, when caregivers do not give a
clarification request, this is usually because the child utterance was already intelligible and is thus likely to receive a
response from the caregiver, leading to the continuation of
intelligibility in child follow-up. In both cases (presence vs.
absence of clarification request), we can predict high followup intelligibility, hence the confound we need to avoid.
Thus, to be able to test the specific effect of clarification
request without interference from the temporal contingency
mechanism, we compare the intelligibility of the follow-up to
that of the child’s previous utterance within the same U-R-F.

Figure 4:
Comparison of the proportion of intelligible
follow-ups depending on whether the child’s previous intelligible utterance received a response from the caregiver or not.
0.01, p < 0.001); age = 0.77 (SE = 0.04, p < 0.001);
has resp:age = 0.12 (SE = 0.06, p = 0.06).
Here again, the statistical analysis confirms the qualitative
observations in Figure 4, that is, there was a positive impact
of caregiver’s responses (has resp) on children’s follow-up
being more intelligible. This effect was significant above and
beyond the child’s age.

Development of Intelligibility via Clarification
Requests
We first study the extent to which caregivers’ clarification requests are dependent of the intelligibility of the child’s utterance. Second, we study the extent to which children’s followups increase in intelligibility after a clarification request.
Caregiver’s clarification requests Figure 5 shows how
caregiver’s clarification requests depend on the intelligibility
of the preceding child utterance across development.

Figure 6: Comparison of proportion of intelligible utterances
before (utterance) and after (follow up) clarification requests
and other responses.
Figure 6 compares the effect of the caregiver’s response
(presence vs. absence of clarification requests) on the inFigure 5: Comparison of proportion of clarification requests
telligibility of utterances before and after the response. We
for intelligible and unintelligible child utterances.
observe that in the absence of a clarification request, both
the child’s follow-up and her previous utterance are more
We used the following GLM predicting whether the careintelligible. This observation illustrates the confound pregiver’s response is a clarification request, as a function of
viously mentioned: Comparing intelligibility of follow-ups
whether the child’s utterance was intelligible:
alone would be misleading. However, when we compare intelligibility before and after a response, we observe that intelligibility improved more when the response is a clarificaresp is clar req ∼ utt is intelligible ∗ age +(1|child)
tion request (right side of Figure 6). We quantify this effect
(5)
through testing an interaction in the following model, demonThe estimates were:
utt is intelligible =
strating that children are sensitive to this kind of CF and that
−1.14 (SE = 0.06, p < 0.001); age = −0.59 (SE =
they can use it to improve their intelligibility:
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to social signals that indicate whether their communicative intent (e.g., requesting an object or seeking attention) was successfully achieved, and they revise/adjust their expression if
necessary, aligning with the correct linguistic conventions.
We provided evidence that CF is useful for learning how to
produce intelligible speech. To this end, we investigated not
only positive CF (temporal contingency) but also one kind of
negative CF (clarification requests).
Our results indicated that both are contingent on the intelligibility of child utterances across all observed ages, thus providing a useful feedback signal. Critically, we also found evidence that children are sensitive to these signals and produce
more intelligible utterances if their caregivers are responsive
and improve the intelligibility of utterances if the caregiver
asks for clarification.

is intelligible ∼ resp is clar req ∗ before after

+ (1|age) + (1|child) + (1|urf id) (6)
The estimates were as follows: resp is clar req =
−1.02 (SE = 0.04, p < 0.001); before after = 0.14 (SE =
0.03, p < 0.001); and more importantly, the interaction term:
resp clarification req*before after = 0.46 (SE = 0.05, p <
0.001). The positive interaction term demonstrates that the
difference between before and after is larger in the case of
clarification request responses, than it is in other responses.
Next, we zoom in on the case of clarification requests (bars
on the right in Figure 6, and we test whether the observed
effect holds over development (Figure 7).

Limitations and future research directions This work relied on publicly available transcriptions of child-caregiver interactions in naturalistic environments. The recordings could
be of varying quality and there might be cases in which utterances are transcribed as “unintelligible” because of poor
audio quality, or noise. These cases are a confound to our
analyses, since we considered all such cases as unintelligible to the caregiver, while they might just be unintelligible
to the transcribing person. That said, manual verification of
several examples suggested that in most cases the utterances
were most likely also unintelligible to the interlocutor. Further, we observed a continuous increase of the intelligibility
of children’s utterances in our corpora (see Figure 2, which
indicates that the intelligibility is not (only) a phenomenon of
the transcription but an indicator of the children’s linguistic
development.
We quantified children’s sensitivity to CF by measuring its
effect on immediate child follow-ups and observed a significant influence. This operationalization could overestimate
actual learning effects, which could be forgotten in the long
term. However, it could also underestimate learning effects
which may become visible only at a later point in time. Future research is required to explore the long-term effects of
CF.
Regarding negative CF signals, we studied the role of clarification requests. While we were able to demonstrate their
usefulness, their presence in the observed conversations was
rather scarce (We analyzed a total of 2235 clarification requests, which formed 0.5% of all U-R-F sequences).
In future research, many other positive and negative CF
signals could be quantified, including facial expressions (e.g.,
frowning as negative feedback), actions (e.g., providing requested objects as positive feedback), and content contingency (e.g., responding on-topic as positive feedback). This
effort will require collecting more multimodal data of childcaregiver conversations where such cues can be captured, as
well as the development of machine learning methods that
can perform annotation at scale.

Figure 7: Comparison of proportion of intelligible utterances
before (utterance) and after (follow up) a clarification request.
We used the following model, taking into account only the
subset of U-R-Fs where the response is a clarification request:
is intelligible ∼ before after ∗ age

+ (1|child) + (1|urf id) (7)
The estimates were:
before after = 0.44 (SE =
0.1, p < 0.001); age = 2.74 (SE = 0.43, p < 0.001);
before after:age = 0.06 (SE = 0.52, p = 0.9), indicating
that the effect remains significant above and beyond age.
The intelligibility of children’s utterances increased after
receiving negative feedback in the form of a clarification
request from the caregiver.

Discussion
The broad goal of this paper was to investigate how some
general social feedback mechanisms that are part of human
communication (H. H. Clark, 1996) can help children learn
language. As a case study, we explored how this feedback
can support children to produce intelligible speech.
What is special about this feedback (which we call communicative feedback, CF) is that it does not aim to correct or
refine the content of the child’s utterances (as in the case of
corrective feedback). It only seeks to establish/repair communication via positive or negative signals of understanding.
We argued that CF can help with language development indirectly: As children seek to be understood, they are sensitive
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Abstract

our understanding of semantic representations. At the same
time, the impact of these norms has remained constrained to
the set of concepts and features that have been made publicly available. Creating new norms requires collecting responses from hundreds of participants and necessitates extensive manual curation by researchers, inherently restricting
the scope of such approaches. If there was a computational
model that contained the knowledge sufficient for generating
feature norms of similar quality to humans, this would drastically expand the possible scope of research with semantic
features in the study of conceptual knowledge.
In recent years, there have been strong advances in the field
of natural language processing. So-called transformer models, such as BERT (Devlin, Chang, Lee, & Toutanova, 2019)
or GPT-3 (Brown et al., 2020), often approach human-level
performance in diverse language understanding tasks (Floridi
& Chiriatti, 2020; Wang et al., 2018) and can even be used to
produce prose that can be difficult to distinguish from humangenerated text (Dale, 2021). While the general linguistic understanding and reasoning ability of these models are still
far from perfect (Marcus, 2020), they may offer a valuable
computational tool for automatically producing semantic features for an arbitrary number of concepts (Derby, Miller, &
Devereux, 2019), thus leveraging the statistical structure of
knowledge present in their immense training text corpora for
addressing central questions in semantic cognition research
(Bhatia & Richie, 2022).
Here we tested the degree to which recent transformer models can be used for automatic production of semantic features
and whether the produced features mirror those found in humans. To this end, we used GPT-3 to generate a semantic
feature norm for 1,854 diverse concepts of concrete objects.
We chose concrete objects for two reasons. First, concrete
objects have been used in much research on conceptual representations and are indeed used in several existing feature
production norms, thus providing a valuable human baseline
to relate our results to. Second, similarity ratings for these
1,854 objects have recently become available (Hebart, Zheng,
Pereira, & Baker, 2020), providing a broad test case for validating these features with existing similarity ratings.

Semantic features have been playing a central role in investigating the nature of our conceptual representations. Yet the
enormous time and effort required to empirically sample and
norm features from human raters has restricted their use to a
limited set of manually curated concepts. Given recent promising developments with transformer-based language models,
here we asked whether it was possible to use such models to
automatically generate meaningful lists of properties for arbitrary object concepts and whether these models would produce features similar to those found in humans. To this end,
we probed a GPT-3 model to generate semantic features for
1,854 objects and compared automatically-generated features
to existing human feature norms. GPT-3 generated many more
features than humans, yet showed a similar distribution in the
types of generated features. Generated feature norms rivaled
human norms in predicting similarity, relatedness, and category membership, while variance partitioning demonstrated
that these predictions were driven by similar variance in humans and GPT-3. Together, these results highlight the potential of large language models to capture important facets of
human knowledge and yield a new approach for automatically
generating interpretable feature sets, thus drastically expanding the potential use of semantic features in psychological and
linguistic studies.
Keywords: semantic features; conceptual knowledge; natural
language processing; GPT-3

Introduction
A central aim in the cognitive sciences is to understand the
nature of human conceptual knowledge. This knowledge is
often characterized through semantic features, which form a
set of minimal semantic descriptions of concepts and which
have been at the heart of much theorizing about categorization (Nosofsky, 1986; Rosch, 1973), semantic memory
(Murphy, 2004), and semantic processing more generally
(Cree & McRae, 2003). For example, the concept car can,
among others, be described by the features is a vehicle and
has four wheels. The relationship of this concept to other
concepts can then be quantified by evaluating the similarities
and differences to the features of other concepts.
A common approach for attaining semantic features of concepts is to instruct humans to list properties for a given concept, for example by asking what are the properties of a cow?.
The popularity of such empirically-generated semantic features has led researchers to create semantic feature production norms for a larger number of concepts (Devereux, Tyler,
Geertzen, & Randall, 2014; McRae, Cree, Seidenberg, & McNorgan, 2005), which have been invaluable for improving
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Several previous studies have investigated the use of corpusbased language models to produce sets of features mirroring
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Figure 1: Comparison of features from the CSLB norms and features generated using GPT-3, including feature examples (top)
and feature label distributions (bottom). Please note that images were not part of the study and are used for illustration only.
Bootstrapped confidence intervals for feature label distributions were too small to be displayed.
Table 1: Descriptive statistics of human and GPT-3 generated feature norms
Feature
Number of concepts
Total number of features
Number of unique features
Number of features per concept
Share of unique features to all features

CSLB
638
22,667
5,929
35.52
26.16%

McRae
541
7,259
2,524
13.42
34.77%

human conceptual knowledge. Static word embeddings, including word2vec (Mikolov, Chen, Corrado, & Dean, 2013)
or GloVe (Pennington, Socher, & Manning, 2014) are trained
on lexical co-occurrences in large text corpora and provide
decent predictions of human similarity ratings (Hill, Reichart,
& Korhonen, 2015). However, the features of these models
typically lack interpretability (Subramanian, Pruthi, Jhamtani, Berg-Kirkpatrick, & Hovy, 2018). Rubinstein, Levi,
Schwartz, and Rappoport (2015) used word embeddings to
directly predict a small set of semantic features, concluding that distributed language models may be better at capturing taxonomic than attributive features. Fǎgǎrǎşan, Vecchi, and Clark (2015) used partial least squares regression to
map word embeddings to feature norms, with a more recent
approach using a non-linear mapping based on a multilayer
perceptron (Li & Summers-Stay, 2019). Derby et al. (2019)
proposed Feature2Vec, a method which combines the infor-

GPT-3 (preprocessed)
1,854
189,126
63,467
102.06
33.55%

GPT-3 (preprocessed + filtered)
1,854
124,569
11,683
67.35
9.37%

mation from word embeddings with human feature norms by
projecting the features into the word embedding space. Despite good overall performance, these methods rely on a fixed
feature vocabulary, making it only possible to generate features for new concepts but not completely new features.
More recently, Bhatia and Richie (2022) investigated the use
of transformer models to model human conceptual knowledge by finetuning a pretrained BERT model (Devlin et al.,
2019) on a broad set of features and probing the model
whether the concept-feature pairs were correct. The model
correctly predicted concept features even outside of the training set with good accuracy, providing an important step towards general purpose feature generators. However, this
method still requires probing existing feature-concept pairs,
rather than generating new features. Thus, it remains unknown to what degree it is possible to generate arbitrary features for arbitrary concepts. Finally, Bosselut et al. (2019)
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and Petroni et al. (2019) proposed models of commonsense
knowledge based on GPT and BERT. Models are finetuned
on subject-relation-object triplets, with the task of predicting
the object (e.g. mango-IsA-fruit). While these models can
partially generate features for concepts, they are limited in
that they require a prori specification of relations.

were extracted. For example, a feature like it is a big tree
was decomposed automatically into it is a tree and it is big.
A feature like it is blue and green was decomposed into it is
blue and it is green. Next, features containing synonyms, e.g.
it is a car and it is an automobile were collapsed using Wordnet synsets in the Python library nltk2 by choosing the more
frequent synset. However, to avoid merging non-synonymous
words, two words were only considered as synonyms if their
most frequent synset was the same. 4.3% of all features were
replaced.

Methods
Feature collection from GPT-3
We probed GPT-3 (DaVinci version) to generate semantic
features for 1,854 object concepts from the THINGS database
(Hebart et al., 2019), using a text completion task. To instruct
GPT-3 on this task, we presented it with a question about an
object (e.g. What are the properties of a chair?), had it generate an answer, and replaced this answer with features from
the McRae feature norm (McRae et al., 2005) which served
as ground truth (e.g. It is furniture, it is made of wood, etc.).
When continuing this process, generated features appeared to
no longer improve in quality after three question and answer
sequences, so we chose this number as a trade-off between
monetary cost and performance. Once GPT-3 was primed on
the task, this was followed by an open question for each of
the 1,854 object concepts, after which the answer was collected and both the answer and the question deleted to keep
the context static across all trials. To reduce bias induced by
specific concepts and associated features and to better mirror
experimental approaches that merge data across human participants, we collected 30 runs, each time using a different
set of example concepts. In cases where a concept occurred
multiple times with different meanings (e.g. bat as animal or
bat as sports item), we added a superordinate category to the
training example in parantheses.

Filtering
The generated feature norm partially consisted of overly
sparse features, with many features that were unique to individual concepts. However, a smaller set of features is desirable both for reasons of better interpretability and for reduced
computational cost. Therefore, we removed features that occurred very infrequently within each concept. This also made
the feature norm more comparable in size to human generated
norms. To identify a cutoff, we plotted the number of unique
features after removal of infrequent features and chose the
elbow point at k=4. Importantly, while this step strongly reduced the number of unique features (see Table 1), it did not
affect performance in validating the norm.

Results
Comparison with human feature norms
As a first analysis, we compared the GPT-3 feature norms
with human feature norms McRae (McRae et al., 2005) and
CSLB (Devereux et al., 2014), using descriptive statistics.
We did not use the Buchanan norm (Buchanan, Valentine, &
Maxwell, 2019) as it was composed only of associative features. As seen in Table 1, the preprocessed GPT-3 feature
norm was computed for a larger number of concepts, leading to a larger number of total features and more unique features. Without filtering, a similar share of unique features can
be seen as in the McRae norm, indicating a similar level of
redundancy of features across concepts as found in humans.
After excluding rare features, only around 9% of all features
remained unique. Of note, GPT-3 produced a much larger
number of features per concept, indicating that human feature production may be limited to a sparser set of features
than those found in GPT-3.

Preprocessing of features
For better comparability to humans, we preprocessed and
normed generated features. We automated preprocessing by
using part of speech tagging with the Python library spacy1
and applying a set of preprocessing rules (see below).
The produced answers consisted of lists of features which
were split at commas in order to attain raw features. Next,
raw features that were classified as nonsensical, consisted of
a single word, or were tautological (e.g. a rose is a rose)
were removed. In addition, features not beginning with a pronoun (e.g. green color rather than it has green color) or features containing non-ASCII characters (it has ©) or question
marks were removed. Finally, qualifier adverbs (e.g. usually or really) were removed, in line with previous approaches
(Devereux et al., 2014). This affected 0.75% of all features.
Next, long features with a subordinate clause (which, that,
when, if, but) were shortened by removing the subordinate
part. For example, a feature like it is a car that drives was
shortened to it is a car. This affected 1.83% of all features.
These clean and concise features were furthermore normed.
Nested features, containing multiple units of information,

Label distribution
Figure 1 (top) shows several example concepts with their five
most frequent features. The results indicate many similarities and no obvious errors in the types of labels assigned by
GPT-3. To directly compare the distribution of semantic features between humans and GPT-3, samples of features from
the CSLB feature norms and GPT-3 were labeled into the categories taxonomic, visual perceptual, other perceptual, conceptual, functional and encyclopedic. We use a slightly different naming scheme of feature types to McRae and CSLB to

1 https://spacy.io/

2 https://www.nltk.org/

781

Figure 2: Representational similarity matrices for 6 concepts in the categories land animals, fruits, vehicles, fruits, birds and
clothing using the CSLB and GPT-3 feature norms (top) and pairwise cosine similarities per category (bottom).
Table 2: Similarity and relatedness prediction

allow for more fine-grained differences between conceptual,
functional, and encyclopedic features. To estimate the distribution of features in all three norms, we randomly sampled
500 features from the 317 concepts shared between CSLB,
McRae, and GPT-3 and 500 features from concepts outside
of the intersection. The corresponding feature labels were assigned manually.
The results in Figure 1 (bottom) show that humans and GPT3 mostly rely on encyclopedic features and less on perceptual features. GPT-3 contained a larger number of functional
features as compared to the CSLB norm. However, the differences in the distribution to the McRae norm, which GPT3 had been trained on, were less prominent, indicating that
differences of GPT-3 to CSLB may be driven more by differences in populations for the creation of human norms or
norming processes, rather than intrinsic differences in representations. Overall, this analysis yielded no obvious differences to human norms in the types of semantic features that
were generated.

Pearson correlation
MEN (n=55 word pairs)
Simlex-999 (n=26 word pairs)
THINGS (n=317 concepts)

McRae
0.77
0.60
0.56

CSLB
0.77
0.63
0.63

GPT-3
0.79
0.62
0.62

Prediction of category structure based on feature
similarity
Next we tested the degree to which GPT-3 generated feature
norms produced reasonable category structure and how they
compared to existing norms. For better comparability, several
analyses were conducted in a similar fashion to those found
for the creation of the CSLB norm (Devereux et al., 2014).
For a fair comparison, we restricted our analyses to the 317
concepts shared between the McRae, CSLB and GPT-3 feature norms. Similarities were based on the cosine similarity
of the concepts across feature vectors composed of the pro-
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Figure 3: Hierarchical clustering for 45 land-animal concepts using the CSLB and GPT-3 feature norms, highlighting similarities and differences for within category representational structure.
pected high similarities between all animals but also more
fine-grained differences. The results comparing CSLB with
GPT-3 norms are shown in Figure 3. Overall, the similarities between animals were higher in the GPT-3 norm than
CSLB. A clear clustering of highly similar animals is found
in both matrices (e.g. lamb and sheep). However, the subordinate category structure was slightly different between GPT-3
than CSLB. For example, farm animals clustered in GPT-3
but were more distributed in CSLB, while dangerous animals
clustered more closely in CSLB. In sum, while the overall
category structure was similar, there were fine-grained differences in the representations derived from semantic features
through GPT-3 as compared to the CSLB norm.

duction frequency per feature, for human norms across participants and for GPT-3 across the 30 runs for which it had
been primed with different examples.
First, we inspected the superordinate category structure. Mirroring the results of (Devereux et al., 2014), we based these
analyses on six exemplars of the six categories land animals,
clothing, birds, vehicles, fruits, and musical instruments. If
the produced features prove to be useful for predicting highlevel category structure, we would expect consistently high
within-category similarity and low between-category similarity. A visualization of the similarity structure of the CSLB
norm with the GPT-3 generated norm is shown in Figure 2
(top). As is evident from the figure, both norms show excellent category structure, clearly distinguishing high-level
categories from each other. To quantify similarities and differences between norms, we expanded the set of concepts
available within each superordinate category to the 317 concepts and computed the mean within-category similarity minus the mean between-category similarity of each concept.
The results are shown in Figure 2 (bottom). Overall, GPT-3
showed comparable or clearer category structure than human
norms, with the only exception of clothing. Together, these
results demonstrate that high-level category structure can be
extracted from GPT-3 generated feature norms, with similar
performance to humans.
Beyond between-category effects, we explored whether the
within-category similarity structure was meaningful in GPT3 generated norms. To this end, we performed hierarchical
clustering of the 45 land animal concepts. Overall, we ex-

Prediction of similarity and relatedness ratings
Predictions of similarity and relatedness tasks are often seen
as a gold standard for evaluating the relationship between semantic features and our conceptual representations. To identify the degree to which GPT-3 generated norms could be
used to predict similarity and relatedness ratings, we used
the overlap between McRae, CSLB, and GPT-3 generated
norms with two existing datasets commonly used as natural
language processing benchmarks: The MEN dataset (Bruni,
Tran, & Baroni, 2014) was used for word relatedness and the
Simlex-999 dataset (Hill et al., 2015) for word similarity. We
intended to include other common benchmark datasets but did
not find sufficient overlap in concepts. Beyond these datasets,
we used human similarity scores from THINGS (Hebart et al.,
2020), which were available for all included objects. Similarities were compared by using the Pearson correlation of the
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unique variance CSLB:
4.98%

unique variance GPT-3:
3.83%

unique variance McRae:
1.25%

unique variance GPT-3:
8.62%

shared variance McRae - GPT-3:
30.03%

shared variance CSLB - GPT-3:
34.82%

Figure 4: Variance partitioning of human similarity judgements, demonstrating strong overlap between human generated and
GPT-3 generated norms in predicting human similarity judgments.
flattened lower triangular part of the similarity matrices.
The overlap in the number of concepts as well as the performance for McRae, CSLB, and GPT-3 generated norms are
found in Table 2. While CSLB performed better than McRae
for the prediction of THINGS, across all three datasets, the
performance of CSLB and GPT-3 was comparable. This indicates that the representations derived from GPT-3 generated
norms were of similar quality as those found in human norms.
What is left open by these correlations is whether the predictions of similarity were based on similar information in
McRae, CSLB, and GPT-3, or whether GPT-3 had access
to other information not reported by humans. To address
this question, we carried out variance partitioning, identifying the unique and shared variance components explained in
the THINGS similarity dataset. The results of this analysis
are shown in Figure 4. Overall, there was strong overlap in
the explained variance between McRae and GPT-3 as well as
CSLB and GPT-3, with GPT-3 subsuming much of the variance explained by McRae, while explaining very similar portions of variance than CSLB. Overall, this result demonstrates
that, indeed, GPT-3 is relying on similar information as CSLB
for predicting human similarity.

in humans and GPT-3, or whether they were driven by the
norming process itself.
GPT-3 was primed using only three examples, which highlights the simplicity of our proposed approach but which may
also introduce bias. Rather than reflecting the knowledge
available to the model, it may in fact mimic the process of
feature generation produced by humans in the three examples
it was provided. Other, more effective priming procedures
may be discovered in the future that constitute less bias and
are better at revealing the knowledge available in such models. Future work may also investigate the influence of model
complexity on feature generation.
Nevertheless, the fact that GPT-3 and humans relied on similar information for predicting similarity ratings is relevant in
its own respect, indicating that GPT-3 may indeed contain a
lot of information useful for modeling important aspects of
conceptual knowledge (Bhatia & Richie, 2022). As a consequence, it may be possible to use GPT-3 to generate other
types of norms, for example ratings of animacy, graspability,
or size (Grand, Blank, Pereira, & Fedorenko, 2022). We did
not test whether GPT-3 was able to produce meaningful features for more abstract concepts or verbs, which is an important avenue for future research. While better computational
models for producing semantic features may exist, our work
demonstrates that it is already possible to create semantic features for concrete concepts with human level performance in
predicting similarity ratings using GPT-3.

Discussion
Overall, the results demonstrate that GPT-3 can be used for
automatically generating semantic feature norms for a large
number of concrete objects. Frequently produced features
were meaningful and comparable in distribution to those
found in humans. Further, the results showed that superordinate categories were well identified by the resulting features
and that within-category structure was reasonable. Predictions of similarity and relatedness were comparable to humans and relied on similar information. Overall, this demonstrates that GPT-3 can serve as an effective automatic feature
generator, opening up an efficient and rapid approach to generate large numbers of features for diverse concepts.
Of note, there were some differences to humans. Overall,
GPT-3 produced a much larger number of features, yet reducing this set through filtering led to very similar results in the
prediction of similarity ratings. Further, the fine-grained similarity structure was slightly different to CSLB. Future work
is needed to investigate these differences and the degree to
which they are related to differences between representations

Conclusions
Here, we introduced a new approach for automatically generating semantic features for diverse concepts using the recent transformer-based model architecture GPT-3. Our results demonstrate that recent large language models are indeed able to accurately reflect important aspects of human
conceptual knowledge. The approach opens the door to automatic feature generation for arbitrary concepts, thus widening
the potential scope of semantic features for research in psychology and linguistics. To promote the general use of this
method and results, the GPT-3 generated raw data as well as
the final feature norm of the 1,854 object, including the code
to probe GPT-3 and to preprocess and filter raw features, are
made publicly available3 .
3 https://github.com/ViCCo-Group/semantic
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Abstract

Table 1: Different types of patterns of syncretism in person-number

As efficient systems of communication, languages are usually
expected to map meanings to forms in a one-to-one way, using for example the same affix form (e.g., -s in English) every
time a particular meaning is intended (e.g., plural number), and
placing affixes with the same meaning consistently in the same
position (e.g., always suffixal). Forms and positional rules extending over contexts with a common meaning (e.g., plural in
1 PL, 2 PL, 3 PL) are thus considered natural, and those extending over contexts with no consistent common meaning (e.g.,
1 PL and 3 SG) are considered unnatural. Natural patterns are
most common cross-linguistically, and most learnable in experiments; however, little is yet know about differences between unnatural classes. In this study we explore syncretism
(i.e., use of the same form in different functions) and affix
position in the domain of person and number agreement in
verbs, both cross-linguistically and in artificial language learning experiments. Results from the two approaches and both
phenomena converge in finding a gradient of (un)naturalness.
Rather than a dichotomous natural/unnatural distinction, we
found that both cross-linguistic frequency and learnability are
proportional to the amount of shared feature values among the
contexts requiring the same form or position. We argue that a
cognitive bias towards similarity-based structure explains our
experimental results and could be driving the patterns observed
in natural languages.
Keywords: artificial language learning; linguistic typology;
natural class; semantic similarity; morphology; paradigm split

Introduction
Syncretism is a widespread phenomenon in the morphology of languages whereby distinct inflectional values are
expressed by a shared form (Baerman, Brown, & Corbett,
2005). It manifests itself in highly diverse ways crosslinguistically. In Dutch, for example, verbal paradigms (see
Table 1) normally take one form for all plural person values,
another for first singular (1SG) and another one for second
and third singular (2SG = 3SG). In this case, all syncretic
forms have at least one value in common, either singular (SG)
or plural (PL). However, syncretism is not always so orderly.
It is not rare to find syncretic forms that lack any common
value. For example, Table 1 shows that the paradigm of the
verb to be in Hindi (McGregor, 1995) contains a shared form
across second person (both singular and plural) and third person singular (i.e., 2 = 3 SG); and in Kapau (Oates & Oates,
1968), the first person singular shares a form with the second
and third person plural forms (i.e., 1 SG = 2 PL = 3 PL). Syncretisms such as those described for Dutch are often referred
to as natural because all the cells involved share at least one

verbal paradigms. Natural, L-type and X-type patterns are illustrated with grey cells in these examples from Dutch (Glottocode:
dutc1256), Hindi (hind1269) and Kapau (kapa1251) respectively.
In natural patterns, all syncretic forms share a feature value; in Lpatterns, syncretic forms share a feature between all but one pair of
cells; in X-patterns, more than one pair lacks shared feature values.

1
2
3

NATURAL PATTERN

L - TYPE PATTERN

X - TYPE PATTERN

Dutch
come PRS

Hindi
be FUT. F

Kapau
ford water PST

SG

PL

SG

PL

SG

PL

kom
komt
komt

komen
komen
komen

hūmgı̄
˙
hogı̄
hogı̄

homgı̄
˙
hogı̄
homgı̄
˙

qäkamanga
qäkamangn
qäkama

qäkamango
qäkamanga
qäkamanga

value (Jakobson, 1936), and those of Hindi and Kapau are
referred to as unnatural because they do not.
Despite this variation in the possibilities of syncretism, certain cross-linguistic tendencies are apparent: The most recurrent types are the natural ones (Cysouw, 2003; Pertsova,
2007). There is a growing body of literature suggesting that
this cross-linguistic preference for natural patterns replicates
a cognitive bias in language learning (e.g., Pertsova, 2014;
Nevins, Rodrigues, & Tang, 2015), that is, a bias towards
patterns of syncretism with shared feature values during language learning. This learning bias is in turn taken to shape
how languages evolve over time and space, yielding the crosslinguistic preferences we now see (Culbertson & Smolensky, 2012; Kirby, Griffiths, & Smith, 2014; Bickel, 2015;
Blythe & Croft, 2021). The idea is that during linguistic
evolution, the spread of new variants is subject to the same
biases as those manifest in adult language learning (Blythe
& Croft, 2021). The bias towards natural patterns resonates
with a more general bias favouring categories that comprise
closer and more similar meanings in word learning (e.g., Xu
& Tenenbaum, 2007) and in concept learning more broadly
(e.g., Goodman, Tenenbaum, Feldman, & Griffiths, 2008).
We will refer to this learning preference as a bias towards
similarity-based structure, where similarity is defined in proportion to the amount of shared feature values within inflectional patterns.
However, unnatural patterns come in large variety and little is known about any preferences within these. There is
no a priori reason to believe that all unnatural patterns must
be equal in their cross-linguistic recurrence or in terms of
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NATURAL PATTERN
G UMER
open IPFV
SG
PL

1
2
3

9-k9ft
t1-k9ft
y1-k9ft

n1-k9ft-1n9
t1-k9ft-o
t1-k9ft-o

L - TYPE PATTERN
KOASATI
hear ACT
SG
PL

há:lo-l
is-há:l
há:l

il-há:l
has-há:l
há:l

X - TYPE PATTERN
BASQUE
walk PRS
SG
PL

na-bil
za-bil-tza
da-bil

Number
SG PL

Natural paradigm:

Person

Table 2: Different types of patterns of positional splits in personnumber verbal agreement paradigms. A positional arrangement is
defined by a specific type and number of positions that are occupied
by a specific set of agreement affixes (bolded). Natural, L-type and
X-type patterns are illustrated with grey cells in these examples from
Gumer (Glottocode: gume1239), Koasati (koas1236) and Basque
(basq1248) respectively. In natural patterns, all forms with the same
positional arrangement share a feature value (e.g., prefix for SG and
circumfix for PL in Gumer); in L-patterns, one pair of cells with
the same positional arrangement lacks shared feature values; in Xpatterns, more than pairs of cells lack shared feature values.

1

1SG 1PL

2

2SG 2PL

3

3SG 3PL

L-type paradigms:

ga-bil-tza
za-bil-tza-te
da-bil-tza

learnability. In a cross-linguistic survey (Baerman, Brown,
& Corbett, 2002) we find that unnatural paradigms in which
syncretism occurs between cells in an L-shape like the one
in Hindi (L-type patterns hereafter) are more frequent (32/36
patterns) than those containing X-shaped syncretism (X-type
patterns hereafter) like the one in Kapau (4/36 patterns). Furthermore, we find this cross-linguistic asymmetry between
the two unnatural patterns with shared morphology more generally (62 L-type vs 12 X-type patterns; Herce, 2020), that is,
not only with cases of whole-word syncretism (where both
stem and affixes are shared, as in the examples so far) but
also with partial syncretism where only sub-parts of the word
(e.g., stem, affixes, etc.) are shared.
In this study we aim to test whether this gradient of crosslinguistic recurrence is mirrored in a gradient of learnability.
We hypothesise that the learnability of unnatural patterns is
proportional to their similarity-based structure; that is, patterns of syncretism like those of Hindi in Table 1 are easier to
learn than those of Kapau because features values are shared
across more forms. Although both contain cells that differ in
all feature values, there are more of these pairs of cells in the
X-type pattern in Kapau (1 SG=2 PL, and 1 SG=3 PL) than in
the L-type pattern in Hindi (3 SG=2 PL).
This hypothesis is borne out in two artificial language
learning experiments. In a first experiment we contrast the
learnability of (un)natural patterns in terms of forms that are
shared vs not shared across the cells of an artificial language
(i.e., syncretism). Consistent with our hypothesis, we find
that L-type unnatural patterns are easier to learn than X-type
unnatural patterns, and that natural patterns are the easiest
to acquire. In a second experiment, we test the generalisability of this learnability gradient to another morphological
phenomenon: affix position (Bickel et al., 2007; Crysmann &
Bonami, 2016; Mansfield, Stoll, & Bickel, 2020). We contrast the same (un)natural patterns but now in terms of positional arrangements that share vs do not share feature values
(see Table 2). Results are again consistent with the hypothesised gradient natural ≫ L-type > X-type, and they are also
consistent with frequency trends in a cross-linguistic survey
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X-type paradigms:

Figure 1: Paradigm splits in the three critical experimental conditions. The grids represent person-number paradigms with a binary
number feature (singular and plural) and a ternary person feature
(1st, 2nd and 3rd), and each cell is thus a different person-number
bundle. Each colour (blue and orange) represents a different agreement affix form in Experiment 1, and a different position of the
agreement affix (prefix or suffix) in Experiment 2.

that we perform. This confirms the notion of a general bias
towards similarity-based structure in morphological learning,
beyond word and concept learning.

Experiment 1: Syncretism
Materials and Methods
We use an ease-of-learning paradigm where we train and
test participants on person-number verb subject agreement
paradigms containing different patterns of (whole-word) syncretism and compare how accurately they learn them within
60 trials. Person is defined as a ternary feature (i.e., containing 1st, 2nd, and 3rd person) and number is defined
as a binary feature (i.e., containing SG and PL). We ran
three experimental conditions with varying degrees of naturalness within the syncretic patterns in the verbal agreement
paradigms: natural, L-type or X-type patterns (see Figure 1).
Person-number agreement is marked via suffixation, a single suffix that marks both person and number cumualtively.
Each agreement paradigm contains only two different suffixes, each present in half of the cells (i.e., three cells will
be inflected with one suffix, and the other three with the other
suffix). These two agreement suffixes thus constitute two patterns of syncretism within the paradigm and will partition the
person-number space according to the experimental condition
as illustrated in Figure 1, where each cell colour represents
a different verbal agreement affix. Natural paradigms have
only one configuration: they contain an agreement suffix for

singular and another for plural cells. L-type paradigms can
have six different configurations. An example of an L-type
paradigm could contain one suffix for 1SG, 1PL and 2PL (i.e.,
1=2 PL) and another for 2SG, 3SG and 3PL (i.e., 2 SG=3). The
X-type paradigm has three different configurations; for example, it could have one suffix for 1SG, 2PL and 3PL and another
for 1PL, 2SG and 3SG (see Figure 1).
We ran an additional condition without syncretism where
agreement with each of the six bundles of person-number
feature values in the paradigm is marked by a different affix. This condition is the least ambiguous as each cell is
marked via a unique affix and does not require the learner
to induce any further category based on specific morphological features; however they require the learner to acquire six
different affixes instead of the two that need to be learned
elsewhere. The inclusion of this condition allows us to test
under which circumstances paradigms containing patterns of
syncretism can be easier to acquire.
Transparency All experimental materials and data reported for Experiment 1 are available at osf.io/jpum6/
(Saldana, Herce, & Bickel, 2022, February 9), and the preregistered design and analysis plan is accessible also at
osf.io/pwqjg (Saldana, Herce, & Bickel, 2021, August 17).
The Artificial Lexicon The artificial lexicon in the experiment comprises six subject pronouns, three lexical verbs and
two verbal agreement suffixes (or six in the non-syncretic
condition). The semi-nonce subject pronouns (inspired by
Tok Pisin; Glottocode tokp1240) are composed of the person stems mi (1st person), yu (2nd person), le (3rd person),
followed by the number suffixes -∅ (SG) or -pela (PL). The
semi-nonce lexical verbs (based on Basque) are gidatu, igeri
and oineza which correspond to ‘to cycle’, ‘to swim’ and
‘to walk’ respectively. In the conditions with syncretic patterns, the two verbal agreement suffixes are randomly selected from an array of four CV syllables {-na , -gu,-te, -po}.
The suffixes are randomly assigned to person-number agreement bundles according to the condition and specific configuration(see Figure 1). In the non-syncretic condition, each of
the six person-number agreement suffixes is different and is
randomly mapped to a CV syllable from the array {-na , -gu,
-te, -po, -ki, -soo}. The artificial language drops subject pronouns and thus a full sentence meaning ‘they walk’ is realised
only as a verbal form, for example, oinezagu, where oineza is
the verbal stem and -gu the 3PL agreement suffix.
Experimental procedure The experimental procedure is
divided into two phases. In the first phase, we train and
test participants on the artificial lexicon without verbal agreement, that is, only on the pronominal forms and the uninflected lexical verbs (i.e., in isolation without agreement suffixes). In each training trial, participants see an image of an
action or a pronoun, and their corresponding forms in the artificial language. In each testing trial, participants see an image
and are asked to select the corresponding form in the artificial
language out of an array of two, that is, the target, and a ran-
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Figure 2: Example test trial in the critical phase in Experiment 1.
Participants are shown an image of a pronoun+action combination
and are asked to select the corresponding inflected (verb-affix) form
of the verb in the artificial language out of an array of two. They receive feedback on whether their choice is correct as well as the bonus
amount accumulated. In Experiment 1, the two alternative forms are
the only two verbal forms contained in the paradigm and they only
differ in the affix form (same stem, different ending). In Experiment
2, however, the alternative forms differ in the affix position (same
affix form, either prefix or affix).

domly selected form of the same lexical category (pronoun or
verb) as the target. They will receive feedback after each selection, and see each form-image mapping three times during
training and twice during the vocabulary testing.
In the second and critical phase, we test participants on the
verbal paradigms with the agreement suffixes. For this phase,
we use feedback learning whereby the same testing trials will
serve as training. In each critical testing trial, participants
see an image combining a pronoun in the artificial language
and an action and after a second, the only two potential verbal forms within a given paradigm (same stem, different affixes) are displayed (see Figure 2). Participants have to select
which form they think is the one that corresponds to the specific pronoun+action combination, in other words, they have
to select the verbal form they think agrees in person and number with the given pronoun. They receive feedback on their
selection so they can learn the correct correspondence as they
move along testing. This phase comprises ten blocks of six
trials, each containing all six different person-number agreement bundles.
Participants We recruited 405 participants through Amazon Mechanical Turk for a 20-minute long session. Participants were all over 18 years old, based in the US and had
approval ratings of > 95%. We excluded the data from participants who failed to provide at least 80% of correct responses in the second block of vocabulary testing during the
training phase (N = 59), and participants who responded that
they had used pen and paper during the study (N = 0) in a
post-experimental questionnaire. After exclusions, our anal-
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Figure 3: Accuracy scores and model estimates in Experiment 1. (A) Overall accuracy by condition. Shaded dots represent participants’
individual scores; black-circled dots represent the model’s predicted mean accuracy scores and the error bars represent the model’s predicted
90% credible intervals. (B) Accuracy by testing block for each of the four conditions. Shaded dots represent participants’ individual scores,
and larger dots represent more individuals; thick lines represent the model’s predicted accuracy means conditioned on experimental condition
and block. The shaded area shows the 90% credible intervals.

ysis contains the data from 60, 61, 150 and 75 participants in
the non-syncretic, natural, L-type and X-type conditions respectively. Participants within L-type and X-type conditions
were distributed evenly across the different paradigm configurations; we recruited 25 participants for each of the 6 and
3 paradigm configurations within L-type and X-type respectively (see Figure 1). Participants were paid a base rate of
$2.5 plus they received a bonus of $0.02 for each correct response (maximum bonus reward = 1.56).
Data Analysis We use R’s brms (Bürkner, 2018) as an interface to RStan (Stan Development Team, 2021) to fit a
Bayesian logistic regression model predicting participants’
performance by condition and test block. Our dependent variable is participants’ responses for each of the 60 critical test
trials (coded as 1 if correct, and 0 if incorrect). As fixed effects, we include Condition (natural, L-type, X-type and nonsyncretic) and Block as well as their interaction. The categorical predictor Condition is Helmert contrast-coded comparing X-type to non-syncretic, L-type to the average of the
two, and natural to the average of all the other conditions;
Block is coded as a centered continuous variable. As random effects, we included intercepts for participants as well
as by-participant slopes for the effect of Block. We set the
same Student-t prior on all fixed effects and the intercept
(DF = 6, µ = 0, σ = 1.5); for the random effects, we set a
half-Cauchy prior with a scale parameter 10.

Results
Based on our hypothesis, we predict natural patterns of syncretism to be the most learnable, and within unnatural pat-
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terns, we expect L-type patterns to be easier to acquire than
X-type. We further expect that non-syncretic paradigms will
be harder to learn than (at least) natural patterns given that
they contain more forms. Our experimental results are consistent with our hypothesis (see Figure 3). We find that participants in the natural condition have higher accuracy scores
than the average of all other conditions (βˆ = 0.280, 90%CI =
[0.214, 0.347], SE = 0.040, P(βˆ > 0) = 1). We also find that
participants in the L-type condition score higher than those in
the X-type and non-syncretic conditions (βˆ = 0.079, 90%CI
= [0.005, 0.150], SE = 0.044, P(βˆ > 0) = 0.962); and we find
no difference between accuracy scores in X-type and nonsyncretic conditions (βˆ = 0.010, 90%CI = [−0.145, 0.161],
SE = 0.093, P(βˆ > 0) = 0.542). The model’s results also inform us about the change in accuracy over time. We find very
strong evidence in favour of an increase in accuracy by block
of testing (βˆ = 0.188, 90%CI = [0.166, 0.212], SE = 0.014,
P(βˆ > 0) = 1). This increase is higher in the natural condition
than in the other conditions on average (βˆ = 0.044, 90%CI =
[0.030, 0.059], SE = 0.009, P(βˆ > 0) = 1). Participants in
the L-type condition also seem to improve their accuracy by
block slightly more than participants in the X-type or nonsyncretic condition (βˆ = 0.013, 90%CI = [−0.002, 0.028],
SE = 0.009, P(βˆ > 0) = 0.926). Finally, we do not find a
strong difference between X-type and non-syncretic conditions in regards of their increase in accuracy by block (βˆ =
0.016, 90%CI = [−0.015, 0.048], SE = 0.019, P(βˆ > 0) =
0.809).

Experiment 2: Positional splits
In Experiment 1 we provide evidence for a learnability gradient natural ≫ L-type > X-type of paradigmatic splits based
on syncretic forms, which mirrors the cross-linguistic trend.
This gradient, however, need not be specific to syncretism and
might be a general property of how forms are distributed over
feature values. In order to explore this possibility, we looked
at where agreement morphemes are positioned in verb forms.
Specifically we explore cases where different person-number
bundles are arranged in different positions (e.g., prefix or suffix) across forms within the paradigm (as illustrated above in
Table 2): We refer to these paradigmatic splits by positional
arrangment as positional splits.
Data from 227 languages from 97 different families—
based on AUTOTYP (Bickel et al., 2017) plus additional
data collected from the WALS 100-language sample (Dryer
& Haspelmath, 2013)—show that the majority of agreement
paradigms (subject and object) only require reference to a single position (e.g., only suffixation), thus obeying the principle of category clustering (Mansfield et al., 2020). A sizeable
minority (128 paradigms, 39.38%), however, require reference to two or more positions and show splits whereby different person-number markers appear in different positions.
Within positional splits, we found 44 natural, 73 L-type, and
24 X-type patterns. These raw numbers need to be interpreted relative to baseline expectations since each type has
a different probability of occurring by chance (e.g., there
are less logically possible configurations of natural patterns
than L-type patterns). In response to this we fitted Bayesian
mixed-effects models comparing the natural occurrences of
each pattern type (natural, L-type and X-type) to the occurrences we would expect by chance from all logically possible configurations in person-number 3 × 2 paradigms (with
language and family as random intercepts). We find that the
natural patterns (illustrated by Gumer in Table 2; Völlmin,
2017) are over-represented in natural languages (baseline vs
natural: βˆ = −0.679, 90%CI = [-1.051,-0.304], SE = 0.230,
P(βˆ < 0) = 1). The most unnatural X-patterns (e.g., Basque
in Table 2; Hualde & De Urbina, 2011) in turn, are underrepresented in natural languages (baseline vs natural: βˆ =
1.250, 90%CI = [0.791,1.735], SE = 0.290, P(βˆ > 0) = 1).
Intermediate-naturalness L-patterns (e.g., Koasati in Table 2;
Kimball, 1985) occur with a similar frequency as expected
by chance (baseline vs natural: βˆ = 0.035, 90%CI = [-0.320,
0.390], SE = 0.217, P(βˆ < 0) = 0.56). These results are consistent with the natural > L-type > X-type gradient that we
find in the worldwide distribution of syncretism and that we
confirmed in Experiment 1. In order to test whether the gradient in positional splits also appears in artificial learning, we
ran a replication of Experiment 1 on them.

sitional splits and compare how accurately they learn them.
We ran the same critical experimental conditions with varying degrees of naturalness within paradigmatic splits: natural,
L-type or X-type patterns (see Figure 1). Person-number verbal agreement is marked together in a single affix and can
appear in a different position (either as suffix or prefix). Each
agreement paradigm contains only two different positional
arrangements of person-number affixes, each present in half
of the cells (i.e., three cells will be inflected via suffixation,
and the other three via prefixation). These two positional arrangements will split the person-number space according to
the experimental condition as illustrated in Figure 1, where
each cell colour would here represent a different positional arrangement (either as suffix or prefix). We ran a further condition where we taught participants a system of person-number
agreement where all markers were either suffixes or prefixes,
that is, without a positional split: We expect this condition to
be the most learnable as all that needs to be learned is whether
agreement is prefixal or suffixal for the whole paradigm. The
experimental procedure was identical to that of Experiment
1. The preregistered design and analysis plan is accessible at
osf.io/yzcxp (Saldana, Herce, & Bickel, 2022, January 21).
The Artificial Lexicon The artificial lexicon in Experiment
2 comprises six pronouns, three lexical verbs and six personnumber agreement markers. The pronouns and verbs are the
same as in Experiment 1 (except we use the artificial verbs
figeri and moineza instead of igeri and oineza so all stems
start with a consonant and end with a vowel). The agreement
markers are selected from an array of six CV syllables {na,
gu, te, po, ki, so}, and randomly assigned to each of the six
person-number bundles. These markers can be either suffixes
(in three cells) or prefixes (in the other three cells); these correspond to the two different colours in the experimental conditions shown in Figure 1. In the no-split condition, however,
all the agreement markers are in the same position (i.e., either
suffixes or prefixes).
Participants We recruited 247 participants as per Experiment 1, each randomly assigned to an experimental condition: 65, 60, 62 and 62 participants in the no-split, natural,
L-type, and X-type conditions respectively.
Data Analysis We fit a Bayesian logistic regression model
as per Experiment 1. Our dependent variable is participants’
responses for each of the critical test trials (coded as 1 if correct, and 0 if incorrect). As fixed effects, we include Condition, Block, and their interaction. We apply Helmert contrast
coding to the categorical predictor of Condition: We compare L-type to X-type, natural to the average of the two, and
no-split to the average of all the rest. Priors are set like in
Experiment 1.

Results

Materials and Methods
We use the same ease-of-learning paradigm as in Experiment
1. We train and test participants on person-number verb subject agreement paradigms containing different patterns of po-
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Our experimental results confirm the predicted gradient of
learnability natural ≫ L-type > X-type (see Figure 4), thus
replicating the gradient obtained in Experiment 1 for a dif-
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Figure 4: Accuracy scores and model estimates in Experiment 2. (A) Overall accuracy by condition. Shaded dots represent participants’
individual scores; black-circled dots represent the model’s predicted mean accuracy scores conditioned on experimental condition, and the
error bars represent the model’s predicted 90% credible intervals. (B) Accuracy by testing block for each of the four conditions. Shaded
dots represent participants’ individual scores, and larger dots represent more individuals as per the legend; thick lines represent the model’s
predicted accuracy means conditioned on experimental condition and block. The shaded area shows the 90% credible intervals.

ferent morphological phenomenon. They further comfirm
that paradigms obeying to the principle of category clustering (i.e., no-split) are thes easiest to acquire. We find that
accuracy scores for L-type and X-type are similar at the intercept (βˆ = 0.097, 90%CI = [-0.100, 0.298], SE = 0.122,
P(βˆ > 0) = 0.786) but they increase more by block in Ltype than in X-type (βˆ = 0.038, 90%CI = [0.005, 0.072],
SE = 0.021, P(βˆ > 0) = 0.970). We also find that natural paradigms show both higher accuracy scores (βˆ = 0.302,
90%CI = [0.185, 0.425], SE = 0.073, P(βˆ > 0) = 1) and
faster learning rates (βˆ = 0.034, 90%CI = [0.014, 0.056],
SE = 0.013, P(βˆ > 0) = 0.998) than L and X-type paradigms.
Further, accuracy scores for the no-split condition are also
overwhelmingly higher (βˆ = 0.640, 90%CI = [0.548, 0.738],
SE = 0.011, P(βˆ > 0) = 1), and its learning rates faster (βˆ =
0.084, 90%CI = [0.065, 0.103], SE = 0.073, P(βˆ > 0) = 1),
than the average of all other conditions.

Discussion
A growing body of work uses experimental methods to investigate how language learning correlates with cross-linguistic
preferences in the partitions of semantic space (e.g., Silvey,
Kirby, & Smith, 2015; Maldonado & Culbertson, 2021; Carr,
Smith, Culbertson, & Kirby, 2020; Pertsova, 2014; Lee,
2020). These studies suggest a bias towards partitions where
all the members share some set of feature values (i.e., natural classes) over partitions where that is not the case (i.e.,
unnatural classes). For example, lexical words do not tend to
mean both chair and rain because the meanings do not share

792

any obvious properties. In a similar way, morphological affixes should not tend to mean both 1st person singular and 3rd
person plural, as these do not share any feature values. Unnatural patterns are common in morphological paradigms, yet
little is hitherto known about their cross-linguistic recurrence
and learnability. In this paper, we investigated a naturalness
gradient in morphological paradigms. We surveyed the possible cross-linguistic asymmetries between different types of
(un)natural paradigm splits based on two different linguistic
phenomena (shared forms or syncretism, and shared ordering rules or positional splits), and tested their learnability in
two artificial language learning experiments. We found crosslinguistic evidence consistent with the recurrence hierarchy
natural > L-type unnatural > X-type unnatural patterns, and
our experimental results provide evidence for a learnability
gradient consistent with it: Natural patterns are by far easier
to learn than unnatural patterns, and L-type unnatural patterns
are easier to learn than X-type unnatural patterns. We propose
that this gradient in learnability reflects a general bias towards
similarity-based structure in morphological learning, which
can also be found in word learning as well as in category
and concept learning more generally. Our results thus support a more nuanced view of the natural-unnatural distinction
in morphological paradigms—which ought to be conceptualised as a gradient rather than a dichotomous property—and
suggest a causal link between differences in learnability and
the frequency of different patterns of syncretism and positional identity.
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Abstract

2021). This line of work demonstrates that language is an effective medium for reflecting people’s moral concerns. However, how moral language itself (particularly language for expressing the moral foundations) emerges in early childhood
remains an open question.
A different strand of research from moral psychology has
explored the development of moral sense in children (Bloom,
2013; Hamlin, 2013; Kohlberg, 1969). Work in this area has
examined moral development typically under experimental
settings and focused on understanding children’s sensitivity
to a particular moral foundation, which we summarize below. Our current study seeks to extend this line of research
using a text-based approach to characterize the emergence of
moral foundations comprehensively (beyond studying individual foundations in isolation) through the lens of language
and in naturalistic settings.

One of the most influential modern theories of morality, Moral
Foundations Theory, proposes that morality is formed on innate and shared modular foundations. Psychologists have studied the conceptual development of these moral foundations in
childhood, but there exists no comprehensive effort on characterizing the early emergence of moral foundations in naturalistic settings. We explore the emerging order of moral foundations through child and caretaker speech. Using computational methods, we contribute an annotated dataset of moral
utterances and find that the individualizing foundations emerge
earlier than the binding foundations. Furthermore, caretakers
tend to talk more about fairness and degradation, while children talk more about cheating. These results are robust across
child gender, family’s social class, and race.
Keywords: moral lexicon; moral foundations; child language
development

Introduction
One of the most influential modern theories of human
morality, Moral Foundations Theory (Graham et al., 2013),
suggests that moral judgments are intuitive and driven by
five core modular foundations. Each foundation involves
two polarities representing the positive and negative aspects of morality: Care/Harm, Fairness/Cheating, Authority/Subversion, Loyalty/Betrayal, and Purity/Degradation.
When do different moral foundations emerge in child development? We address this question by conducting a computational analysis of moral language in childhood.
Our study concerns two lines of research that have not been
connected previously: computational work on textual inference of moral sentiment, and moral developmental psychology. Recent research has shown that language, or language
use preserved in text corpora, can inform people’s perception
toward right or wrong. In particular, existing work has studied
how text can be used to infer the sentiment of moral foundations that people express in different contexts such as political
concerns, social movements, and opinions toward political
figures (Graham, Haidt, & Nosek, 2009; Garten, Boghrati,
Hoover, Johnson, & Dehghani, 2016; Mooijman, Hoover,
Lin, Ji, & Dehghani, 2018; Hoover et al., 2020; Ramezani,
Zhu, Rudzicz, & Xu, 2021; Roy, Pacheco, & Goldwasser,

An estimated developmental timeline of moral
foundations
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We begin with a foundation-centric review of previous studies
to construct a rough estimated timeline for the emergence of
moral foundations in child development. In doing so, we also
identify gaps in the existing literature. We summarize the
state of the literature in Figure 1 and described the details as
follows.
Care. The preference for pro-social behaviors (e.g., helping an activity) over anti-social ones (e.g., hindering an activity) is an example of the importance of the Care moral
foundation, and it has been shown that children as young
as 5-6 months old prefer helping agents over hindering ones
(Hamlin, Wynn, Bloom, & Mahajan, 2011; Hamlin & Wynn,
2011; Hamlin, Wynn, & Bloom, 2007).
Fairness. Previous work claims that children tend to respect and prioritize equal distribution of resources (Olson &
Spelke, 2008; Shaw & Olson, 2012; LoBue, Nishida, Chiong,
DeLoache, & Haidt, 2011). This sensitivity to fairness is observed in infancy: children with an average age of 15 months
old show an expectation of a fair distribution rather than
an unfair one (Schmidt & Sommerville, 2011), and prefer
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Care/Harm

5 months
Prefers pro-social
and helping
individuals instead of
anti-social ones.
Hamlin et al., 2011,
Hamlin et al., 2007.

Fairness/Cheating

Authority/Subversion

Loyalty/Betrayal

10 - 12 months

16 - 24 months

24 - 36 months

36 months

48 - 60 months

Shows expectation
of fairness.
Geraci & Surian,
2011, Ziv &
Sommerville,
2017.

Understands the
family social rules.
Dunn & Munn,
1985.

Understands and
respects rules of a
game.
Rakoczy, 2008.

Regards
interpersonal
obligations in group
membership.
Rhodes & Chalik,
2013.

Attributes positive
and negatives
features to loyal and
disloyal members
respectively. Misch et
al., 2014.

Purity/Degradation

? months

Figure 1: An estimated timeline for child development of moral foundations from the literature.
fair agents over unfair agents (Burns & Sommerville, 2014;
Geraci & Surian, 2011; Ziv, Whiteman, & Sommerville,
2021). By repeating these experiments with infants in different age groups (6 months, 9 months, 12 months, and 15
months), studies have suggested that 9 months of age is the
transitional period when infants start to develop expectations
for fairness, and the first signs of this moral foundation are
observed after this stage (Ziv & Sommerville, 2017).

lin & Wynn, 2011), and group loyalty or betrayal (Misch et
al., 2014; Rhodes, 2012; Abrams, Rutland, Pelletier, & Ferrell, 2009), but these approaches differ in many methodological details, making it difficult for a coherent analysis on the
emergence of different aspects of moral foundations.
To address these limitations, we use a combination of computational and experimental means to identify morally relevant utterances in child and child-directed speech in order to
quantify at scale the emergence of moral foundations through
language. Our approach is based on the view that language is
an effective tool for inferring moral perception (Garten et al.,
2016), and we consider the emergence of moral foundations
in child speech as a window into the developmental origins of
moral foundations.
We contribute a dataset of morally relevant utterances in
children’s and caretakers’ speech, spanning the first 6 years
of childhood. This dataset includes 701 utterances from child
speech and 670 from caretakers’ speech annotated in accordance to the moral foundations.1 Our work also offers a quantitative analysis on this dataset to reveal the emergence of
childhood language expressing different moral foundations.

Authority and Loyalty. Authority and Loyalty are observed to emerge later in childhood. For example, it was
found that children in their second year of life, from 16 to
24 months old, understand the prohibition of acts by their
mother, and have concerns about helping their mother after doing transgressions as a matter of respecting authority (Dunn & Munn, 1985). A related study supports the existence of perceptiveness to authority in children aged 2 to 3
years old, as they respect the rules when playing a game and
protest against the transgressors (Rakoczy, 2008). The development of loyalty in children has led to several findings, such
as the ability of 4 year olds and above to keep secrets of the
group (Misch, Over, & Carpenter, 2016), the tendency to attribute positive and negative adjectives to loyal and disloyal
members respectively (Misch, Over, & Carpenter, 2014), and
expectation of out-group hostility (Chalik & Rhodes, 2014).
Moreover, it is found that 3 year olds view harm within-group
as violating intrinsic group obligations (Rhodes & Chalik,
2013).

Hypotheses
We consider two hypotheses about the emergence of moral
foundations in child language. Our first hypothesis is based
on the empirical evidence of moral development reported in
the psychological literature and shown in Figure 1. Specifically, we postulate that the emerging order of moral language
in children mirrors the order of moral conceptual development, which follows as Care → Fairness → Authority →
Loyalty (with the order of Purity being under-specified in the
literature). This hypothesis is rooted in the view that children’s conceptual development and linguistic development
are closely related (Li, Ogura, Barner, Yang, & Carey, 2009).
Although it is conceivable that moral conceptual development
might precede moral language development, our current hypothesis does not presume that the timelines of moral conceptual development and linguistic development should be
aligned. Rather, we postulate that the rank order should be
preserved in moral language development. We predict that

The reviewed literature on moral development has offered
an estimated timeline for the development of moral foundations, but it is limited in several respects. First, existing
studies typically take place in controlled settings and emphasize a particular foundation of morality instead of providing
a comprehensive account of how different moral foundations
emerge through child development. Second, to the best of
our knowledge, no study has examined the emergence of Purity, though some suggest that the disgust reaction emerges
much later in development (Fallon, Rozin, & Pliner, 1984;
Bloom, 2013). Third, how the distinction between positive
and negative aspects of moral foundations manifests through
the developmental time course is not clear. Studies have explored punishing unfairness and rewarding fairness (Ziv et al.,
2021), helping versus hindering (Hamlin et al., 2007; Ham-

1 Data and code for replicating our analyses are available at
https://github.com/nightingal3/moral-development.
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language expressing what have been called the individualizing moral foundations (Care and Fairness) should emerge
earlier than language expressing what have been called the
binding moral foundations (Authority, Loyalty, and Purity).
Our second hypothesis is that the emerging order of moral
language in children follows the order in which caretakers
communicate moral foundations in the linguistic environment, which might or might not follow the same order found
in the conceptual development of morality. This hypothesis
is not orthogonal to our first hypothesis, but it can be different. For instance, parents might choose to emphasize Purity
in the linguistic input more than Fairness, or more negative
aspects of morality (don’ts) than positive aspects (do’s) to
prevent children from wrongdoing. Therefore the emerging
order of moral language in children based on this example
could be Care → Purity → Fairness → Authority → Loyalty,
influenced by caretakers’ emphasis on Purity. This hypothesis
is motivated by existing evidence that shows child-directed
speech exerts a substantial influence on children’s language
acquisition (Piper, 1998; Matychuk, 2005), and it is also consistent with Kohlberg’s view on the pre-conventional stage
of moral development whereby children’s morality is shaped
largely by adults (Kohlberg, 1969).
In addition to these primary hypotheses, we explore
whether the emergence of moral foundations in child language depends on factors including child’s gender (e.g., caretakers might emphasize one specific moral foundation more
when talking to girls than to boys), and sociodemographic
background of the family, particularly social class and race.

glish moral words that signify different moral foundations.
We exclude utterances without any mention of the MFD seed
words because we want to study when children begin to use
moral words in moral context.

Methodology
One way to estimate the order of emergence of moral foundations in child language is to track the normalized frequencies
of utterances that include a moral word in child and childdirected speech. Specifically, the frequencies of the MFD
seed words in childhood speech at different age groups can
inform the emergence of moral language. However, there are
limitations with this raw count-based method. In particular,
one might use moral words like fair in polysemous ways to
refer to an exhibition, or hurt to refer to a stomachache, which
have minimal moral relevance in context. To alleviate this
issue of polysemy (i.e., a word expressing different meanings in different context), we first describe a simple clustering technique that helps to group sentences containing MFD
words into morally relevant or morally irrelevant clusters. We
then describe how we use human annotation to further disambiguate the morally relevant clusters from the irrelevant ones
and hence ensure the quality of moral language extraction.
Automatic clustering of moral utterances. In our approach, language expressing each moral foundation consists
of a set of utterances that include at least one moral seed word
from that foundation in MFD. We assign the utterances of a
moral foundation to different clusters based on a clustering algorithm and then identify clusters that have morally relevant
sentiments (or moral clusters) based on human annotations.
To do so, we first lower-cased the transcripts, split them
into sentences, removed punctuation, and lemmatized the
remaining tokens.2 We then used SBERT (Reimers &
Gurevych, 2019)—a state-of-the-art technique from natural
language processing—to represent the utterances in a highdimensional, contextually informed semantic space, and reduced the dimension with principal components analysis to
keep 95% of variance. We next used a Gaussian mixture
model (GMM) to assign the utterances to k clusters, whereby
a cluster is specified as a Gaussian distribution. The number of clusters k ranged from 2 to 10 and is chosen by gridsearch to maximize the Silhouette score (Rousseeuw, 1987)
of the clustering. All implementation was done using the
scikit-learn package. We followed this procedure for each
of the ten moral foundations3 in CS and CDS utterances separately, as children’s and adults’ speech can be structurally
different, so overall we trained 20 GMM models4 .
Human annotation of morally relevant clusters. The
clusters we have obtained are not guaranteed to be morally
relevant due to the polysemy issue described earlier. To determine which clusters are morally relevant versus not, we
conducted a survey to obtain human annotation. In this sur-

Data
We collected 44 text corpora from the CHILDES
database (MacWhinney, 2014)—one of the largest public databases of childhood speech in naturalistic settings.
Our collected corpus contains text transcripts of interactions between a child and caretaker reflecting linguistic
communication for children ranging from 1 to 6 years, as it
approximates the period of the conceptual development of
morality in childhood suggested by the previous literature.
In total, we collected 854, 631 unique transcripts, from
which we extracted 356, 081 sentences of child speech (CS)
and 524, 396 sentences of child-directed speech (CDS). We
tagged each utterance with the age of the child at the time of
recording. Other than age, CHILDES includes the child and
caretaker gender information. The Hall corpus (Hall, Nagy,
& Hillsdale, 1984) in this database also includes the family
race and social class, which we use for the analysis of the
influence of sociodemographic background on the order of
moral language emergence. Overall we gathered 43, 452 CS
and 32, 952 CDS utterances from the Hall corpus.
To collect morally relevant utterances from the transcripts
in CHILDES, we use the Moral Foundations Dictionary (abbreviated as MFD) (Graham et al., 2009) version 2.0 (Frimer,
Haidt, Graham, Dehghani, & Boghrati, 2017) as the base lexicon, which is comprehensive and includes around 2, 000 En-

2 All

the pre-processing is done using the NLTK toolkit.
and negative poles are different moral foundations.
4 We obtained 103 clusters in total.
3 Positive
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Table 1: Sample utterances expressing each of the 10 moral foundations extracted from child and child-directed speech.
Moral foundation
Care
Harm
Fairness
Cheating
Authority
Subversion
Loyalty
Betrayal
Purity
Degradation

Child-directed speech (CDS)
we must rescue him
you wouldn’t hurt Adam would you
is that fair enough
they did steal the honey
go out and tell your father you’re sorry
why do you choose to be disobedient
are you being honest with me
do you think it was one of his enemies
there was a new punishment which is tell
[Name] that he was gay
he’s filthy

vey, the annotators were asked to 1) determine if a given sentence was spoken in a moral context, and 2) if so, identify the
moral foundation(s) expressed in the sentence. We represent
each cluster in the survey by deriving 10 prototypical and 10
peripheral sentences (at most) from the cluster, since it is infeasible to get annotation data for all the utterances. The prototypical sentences are the ones with the highest proximity to
the cluster center (i.e., the average of all the utterances in the
cluster) and the peripherals are the furthest to the center, with
respect to the cosine similarity of their contextual distributed
representations. Equation 1 specifies how the proximity of a
sentence s to its cluster C is measured, where Vs is the semantic representation of sentence s.
proximity(s,C) = cosine(Vs ,

∑si ∈C Vsi
)
|C|

Child speech (CS)
help Carrie wash dish
and they always fight
next time I’m gonna make it fair
I’m not cheating
you mean she gave you permission
except the dragon can’t even kill the knight
you and me do this together
if they weren’t my enemy either
okay and the bishop told him
he’s he’s dirty

vote of the annotations. For example, an utterance like he’s
really not to be trusted very much was initially regarded as an
example of Fairness (because the word trusted is a seed word
for the Fairness moral foundation). However, the majority
vote from the participants is Loyalty, thus would be counted
as an example of Loyalty. If between 50% to 70% of the annotators believe an utterance is moral, we count the utterance
as moral only if its initial moral foundation matches that from
the majority vote of the annotators. The utterance would be
excluded from the analysis otherwise, as there is not sufficient
agreement between the annotators about its moral relevance.
Frequency estimation of moral foundations. Once we
had obtained the moral (ir)relevance labels from the survey,
we annotated the rest of the utterances based on these labels
for their respective clusters. Each cluster is annotated based
on the majority vote of the labels for its sentences (both prototypical and peripheral) that were present in the survey, and
uncertain sentences are excluded. We define the agreement
ratio metric as the number of survey utterances in a cluster
whose moral annotation agrees with their cluster’s moral label. For example, if a cluster has 20 utterances in the survey and 15 of which are annotated as moral, then the cluster
is labeled as moral, and its agreement ratio would be 0.75.
Among all the clusters, we obtain high average agreement ratios of 0.8 for the moral relevance label and an average agreement ratio of 0.81 for the moral foundations label. We discard
all the utterances that are identified as morally irrelevant and
estimate the fine-grained frequencies of the moral utterances
for each moral foundation from age 1 to age 6.

(1)

In total, we gathered 670 utterances from CDS, and 701
utterances from CS. We recruited 300 participants. Each participant annotated 40 utterances, drawn randomly from the
data. We used the Prolific recruitment platform, and the data
collection was done through the Qualtrics platform.5 We removed participants who failed the attention check (N = 50),
resulting in an average number of 7.32 annotators per utterance. Table 1 provides sample utterances from each moral
foundation that show a high degree of annotator agreement on
moral relevance. The Krippendorff’s α (Krippendorff, 2004)
agreement among annotators is 0.25, where α = 1 is perfect
agreement and α = 0 represents chance.
To determine if an utterance in the survey was morally relevant and to prevent ourselves from overestimating the moral
language, we took the majority vote of the participants’ responses: if more than 50% of the participants annotated an utterance as irrelevant, the utterance was considered non-moral.
If at least 70% of the participants annotated an utterance as
morally relevant, it was considered moral. The moral foundation of the utterance is then determined by taking the majority

Results
The emerging order of moral foundations in
childhood language
To evaluate our main hypotheses, we track the frequencies
of how often different moral foundations are talked about by
caretakers and children. Figure 2a summarizes the normalized frequencies per age group. For better visual clarity, we
re-display Fairness/Cheating and Purity/Degradation founda-

5 We have obtained research ethics approval but omit the information here for anonymous review.

798

a)

b)

c)

Figure 2: Stack area charts summarizing the frequencies of moral foundational language within different age and gender groups.
tions in Figure 2b. A first glance at the moral foundation frequencies indicates a clear dominance from the individualizing
moral foundations (Care/Harm, Fairness/Cheating) over the
binding ones (Authority/Subversion, Loyalty/Betrayal, Purity/Degradation). This initial finding provides evidence for
our first hypothesis, namely that the development of moral
language mirrors moral conceptual development.
More specifically for child speech, the Care/Harm foundation is already represented in moral language from the age
of 1. Fairness/Cheating foundation becomes more frequently
expressed after age 2 and shows a gradual rise throughout
child growth. Precisely, Fairness/Cheating captures only 2%
of child moral language at the age of 2 but exceeds over 12%
by the age of 6. Purity/Degradation is scarcely represented
through the course of development with no more than 2% expression in moral language. The Authority/Subversion moral
foundation reaches to 0.5% representation only after the age
of 3 and is almost non-existent before that. Loyalty/Betrayal
also achieves a 0.5% language representation after the age
of 4. These results indicate that the order of emergence of
moral foundations in language development is as follows:
Care/Harm → Fairness/Cheating → Purity/Degradation →
Authority/Subversion → Loyalty/Betrayal. Our finding
aligns with the conceptual order of development of morality in children, as stated in our first hypothesis, and extends
the previous findings to locate the development of the Purity/Degradation foundation.
The emerging order reflected in caretaker speech is simi-

lar but not identical to child speech. One notable difference
is the percentage of individual moral foundations expressed.
Specifically, Purity/Degradation composes only 2% of child
moral language, but in caretaker speech, this foundation is expressed up to 20%. This is also the case for Fairness/Cheating
and Authority/Degradation, suggesting that although the order of moral foundations emergence in the language is similar
between CS and CDS, the child-directed speech from adults
consists of more intricate dimensions of morality while the
child speech mainly focuses on Care, Harm, and Cheating
foundations. Furthermore, as opposed to CS, the percentage
of the Fairness/Cheating foundation stays relatively constant
over time in CDS. Another difference between CDS and CS
is that Cheating is more talked about by children, while Fairness is more predominant in caretaker speech. This asymmetry is presumably due to the caretakers’ effort on teaching the
quality of being fair to children. Another asymmetry is that
Degradation is much more accentuated than Purity in CDS,
which can be a result of caretakers preventing children from
disgust-related matters that are not highly perceivable by children (Fallon et al., 1984; Bloom, 2013). All of our results
were consistent across child gender (see Figure 2c).

Effects of social class and race
To examine the effects of sociodemographic factors, we ran
additional analyses on the Hall corpus—independent of the
main results we described—to understand whether our findings on the emergence of moral language are robust to fam-
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ily’s social class and race. The Hall corpus is a large subcorpus from CHILDES which consists of utterances from CS
and CDS at age 4, and it was designed specifically for understanding differences in language development due to race
(i.e., black or white) and social class (i.e., upper class or
working class) (Hall et al., 1984). Since the utterances of this
corpus were neither present in the survey nor used to train
the clustering models, they can be considered an independent
evaluation dataset for our hypotheses.
To determine the moral relevance and foundations of the
utterances in the Hall corpus, we applied the same data preprocessing and used the clustering models obtained from the
previous analyses to identify the cluster affiliations. The labels of the utterances are likewise determined by the moral
labels of their assigned clusters.

class by WC. A common pattern observed in all the groups
is that the Care/Harm is the most frequently expressed foundation, followed by Fairness/Cheating (i.e., individualizing
foundations), and next comes Degradation. Loyalty/Betrayal
and Authority/Subversion (i.e., binding foundations) are almost never represented in this corpus. Beyond these overall
patterns, we observed some nuances: Cheating appears more
frequently in CS than in CDS, whereas Fairness appears more
frequently in CDS than in CS. Degradation is conspicuously
mentioned in CDS, but rarely used in CS. Although this corpus is an independent dataset, the observations here are similar to the results reported in the previous section which shows
the robustness of our findings. These findings suggest that the
development of moral foundations in child language is similar in families of different social classes and races.
As a final analysis, we ran permutation tests to assess statistically meaningful differences between the social groups.
In each test, there was a control variable, which remained
stable, and a changing variable, which was permutated between groups of race or social class for 1, 000 times. For
example, we would control for social class by analyzing the
difference between black UC and white UC families in how
much a moral foundation, e.g., Degradation, was expressed
by CDS. For each permutation, we randomly assigned a race
(either black or white) to each Degradation utterance in UC
CDS partition of the data while keeping the number of utterances for each race constant and equal to the original number
in the Hall corpus. We repeated this procedure for all the possible queries based on our observations in Figure 3. In total
we tested for 36 queries and used Bonferroni correction with
the α of 0.05. In CS (Figure 3b), controlling for race, UC
and WC differed significantly in how often the Care foundation was present in the language. Specifically, Care was
more talked about in black UC families than black WC families (p < 0.001). However, this difference did not hold after
p-value correction in white families (p = 0.756). Controlling
for social class, black and white families differed significantly
in how often Harm concerns were expressed. Specifically,
Harm was more talked about in white families (for both social classes) than in black families (p < 0.05).

Conclusion
We examined the emergence of moral foundations in childhood through child and caretaker speech. Our work extends
prior research on the emergence of moral foundations in experimental settings toward a comprehensive account of the
developmental origins of all moral foundations in naturalistic settings. We show that the individualizing foundations
emerge earlier than the binding foundations and that child
speech and caretaker speech differ in what aspects of Fairness and Purity are emphasized. Our results are robust across
child gender and family’s social class and race. Future work
could apply this approach to explore how children expand
their moral circles.

Figure 3: Comparisons of moral language frequency in families with age-4 children of different social classes and races.
The absolute frequencies of the moral foundations in language of different races and social classes are shown in Figure 3. We denote upper class families by UC, and working
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Abstract

success, especially when it occurs on more global levels of
interaction (Fusaroli, Bahrami, Olsen, Roepstorff et al., 2012)
or over longer time frames (Reitter & Moore, 2014). In
laboratory experiments, the link between alignment and
coordination on the one hand and communicative success on
the other has been observed across multiple levels of
linguistic representation, e.g., in lexical choices, prosody and
speech rhythm (Fusaroli & Tylén, 2016). Yet, while solving
joint tasks tends to benefit from alignment and coordination
on various aspects of communication, in more naturalistic
interactions such as psychotherapy the link to communicative
outcomes is less straightforward: Several studies have shown
positive links between synchronization of head and body
movement and therapeutic outcomes (Paulick, Deisenhofer,
Ramseyer, Tschacher et al., 2018; Ramseyer & Tschacher,
2011; 2014) while another study demonstrated that greater
pitch synchrony was associated with lower ratings of
therapeutic alliance and greater client distress, presumably
reflecting sensitivity to therapist-initiated bids for changes in
conversational direction or to attempts at repairing ruptures
in rapport (Reich, Berman, Dale & Levitt, 2014). Thus,
patterns of alignment and coordination between interlocutors
may differ considerably depending on communicative
situations and goals.
The aim of the present study was therefore to investigate
further how patterns of alignment and coordination between
interlocutors are linked to outcome measures in the specific
setting of psychotherapeutic counseling. We examine links
between clients’ state of mental health, which is known to
impact a range of communication features (Alpert, Pouget &
Silva, 2001), dynamic characteristics of alignment on a nonverbal speech parameter – speech rhythm – and subjective
evaluations of the quality of counselling sessions. We
selected speech rhythm as the target non-verbal speech
parameter due to its demonstrated suitability as a predictor of
communicative outcome (Fusaroli & Tylén, 2016, Reuzel,
Embregts, Bosman, Cox et al., 2013) and used RQA to
quantify the temporal dynamics of speech rhythm.

We explored use of Recurrence Quantification Analysis (RQA)
of speech rhythm data from mental-health counseling sessions
for prediction of quality of psychotherapy. Time-series of intersyllable intervals (ISIs) were extracted from 239 counseling
sessions conducted by 12 therapists who repeatedly interacted
with 30 clients. We found a negative association between
recurrence metrics and client-rated session quality and a
negative link between percent of laminarity and therapist-rated
session quality, after controlling for self-reported client
depression and distress measures and duration of speech sound
within a session. Placing value on reduced recurrence in
patterns of ISIs, and especially reduced degree of a dyadic
system remaining in the same speech-rhythm pattern may be
indicative of a desire for variation in content and strategies of
client-therapist interaction. These exploratory findings point to
the possibility of RQA-based automated systems to capture the
‘footprint’ of the non-verbal dynamic that is indicative of
successful mental-health counseling.
Keywords: Recurrence Quantification Analysis, non-verbal
speech parameters, speech rhythm, dialogue, psychotherapy

Introduction
Increased demand for mental health services has created a
need for automated evaluations of psychotherapy to improve
training and provide quality control in an expanding market.
However, the cost- and time-prohibitive nature of coding and
analyzing large amounts of linguistic data by human raters
precludes timely evaluation of counseling sessions. A
possible solution where psychotherapy rating tools use
natural-language processing (e.g., Femotomos, Martinez,
Chen, Singla et al., 2021) can run into privacy problems as
therapists and clients may be reluctant to disclose the content
of their interactions even to automated systems. In this study,
we explore whether counseling efficacy can be estimated
from the dynamics of non-verbal speech parameters.
Exploring how well the dynamics of non-verbal aspects of
communication can predict attainment of counseling goals is
not just of applied importance but has important implications
for the theoretical understanding of the structural
organization of social interaction across multiple levels of
linguistic representation and modalities of action.
Previous research has demonstrated that degree of
alignment and coordination is linked to communicative

Recurrence Quantification Analysis (RQA)
Time series data of features of communicative interaction
tend to be non-stationary, i.e., the means and standard
deviations of relevant measures change over time. Such

803
In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

and modify a client’s entrenched views, behaviors, and
communication strategies.

complex non-linear dynamic, which reflects shifting patterns
of alignment and coordination over time, can be analyzed
using RQA, a method for visualizing the patterns in which
time series revisit previous states in reconstructed
multidimensional state space using two-dimensional
recurrence plots (Webber & Zbilut, 2005). RQA captures
dynamic properties of communication that otherwise would
be missed using aggregate measures or conventional timeseries analyses. Characteristics of recurrence plots can be
quantified using a range of recurrence metrics that can be
subjected to statistical analyses (see Table 1).

Method
We analyzed auto-recurrence patterns in audio-recordings of
a corpus of counseling sessions conducted in the context of
therapist training within the Pluralistic Counseling
Framework (Cooper & McLeod, 2011; Smith & De La Prida,
2021). The aim was to establish whether RQA metrics can
serve as predictors for subjective ratings of session quality by
therapists and clients, controlling for clients’ state of mental
health and overall duration of speech sounds within a session.

Table 1: Recurrence metrics
Recurrence
Parameter
%Recurrence

Description

%Determinism
(DET)

Percent of recurrence points forming
diagonal lines; quantifies recurrence of
deterministic patterns/sequences

Length
(L)

Average length of diagonal lines;
quantifies degree of stability and
structure in a system

Entropy
(ENTR)

Entropy of lengths of diagonal lines;
quantifies complexity of recurrent
patterns

%Laminarity
(LAM)

Percent of recurring points falling into
vertical/horizontal lines; indicates
degree of system being trapped in the
same state
Average length of vertical/horizontal
lines; indicates length of time a system
being trapped in the same state

Trapping Time
(TT)

The Counseling Corpus
The corpus was recorded as part of a community counseling
research project between 2015 and 2018. All therapists and
clients had provided consent for their data to be used in future
research. The entire corpus comprises 644 sessions
conducted by 17 therapists with 45 clients. The number of
interactions per dyad ranged from 2 to 33 sessions. For the
present analyses, were selected the first 6-9 sessions of each
dyad (excluding the introductory session) from a sub-sample
of 239 sessions of dyads for which more than six sessions
were available. This corresponds to a counseling period that
is roughly in line with therapeutic guidelines for individuals
with mild-to-moderate depressive symptoms (National
Institute for Health and Care Excellence [NICE], Guideline
1.5.3.6., 2009). Our sub-corpus comprised 30 clients (aged
21 to 65 years; 21 women, 9 men) who interacted with 12
therapists (11 women, 1 man). Five of the therapists
interacted with one client, three interacted with two clients,
the remaining therapists interacted with three, four, five or
seven clients each. Counseling sessions lasted from 7 to 89
minutes with a mean session duration of 50 minutes and a
standard deviation of 10 minutes.

Percent of recurrence points falling
within a certain radius in state space

Extracting Speech Duration and Rhythm
We used an algorithm written for PRAAT (Boersma &
Weenink, 2018) by De Jong and Wempe (2009) to identify
voiced intensity peaks as proxies for vowel onsets that
identify individual syllables. We then extracted the timeseries of intervals between these voiced intensity peaks which
we take as a proxy for inter-syllable-intervals (ISIs). Note
that these time-series are not a measure of speech rate in
voiced segments of the interaction but rather a measure of
overall speech rhythm that includes pauses and longer
periods of silence.
To obtain the overall duration of speech sound,
corresponding to the amount of talk within a session, we
subtracted the sum of all ISIs from the total session duration.

Many studies of alignment and coordination in dyadic
interactions use cross-RQA (Coco & Dale, 2014) to analyze
the way in which two or more interacting systems revisit each
other’s states. However, in this study we used auto-RQA
which treats the dyad as a single system without
discriminating between interlocutors. We chose this
approach for two reasons: (a) Fusaroli & Tylén (2016)
showed that auto-recurrence, which captures synergistic
patterns of how interlocutors complement rather than mimic
each other, is a better predictor of joint action success, and
(b) size and nature of our corpus rendered diarization of
audio-recordings to partition the speech stream by speaker
identity technically infeasible. For communication that
accompanies joint action the degree and complexity of
recurrence obtained from auto-RQA should be positively
correlated with communicative success and action outcome.
However, it is unclear whether such a positive link would also
be observed in psychotherapy where therapists aim not just
to project empathy and to gain rapport but also to challenge

Measuring of Client Mental Health
A battery of mental health questionnaires was administered
prior to each session. We controlled for measures of client
depression and distress because of their established link to
communicative outcomes (Ellgring, 2007). This allows us to
ascertain whether speech rhythm recurrence patterns account
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for additional variance in the appraisal of session quality over
and above a clients’ state of mental health.
Measuring Distress Client distress was evaluated using the
Clinical Outcomes in Routine Evaluation (CORE)
instrument, designed to determine treatment response during
a course of psychotherapy with respect to a broad spectrum
of problems associated with mental health difficulties
including well-being deficits, mental health symptoms, lifefunctioning difficulties, and risk of harm (Evans, MellorClark, Margison, Barkham et al., 2000). Total scores range
from 0 to 136; the mean score in this sample was 46.1, SD =
18.1. CORE scores were missing for 13 of the 239 sessions.

would be expected for inter-event intervals (Wallot &
Leonardi, 2018). Embedding dimension was estimated using
the false nearest neighbors algorithm (Abarbanel, 1996),
yielding a range of 3 - 18 embedding dimensions across all
sessions. We used an embedding dimension of 10 for all
sessions as 96% of session embedding dimensions were at or
below this value and RQA-metrics tend to be robust across a
range of embedding dimensions (Wallot & Leonardi, 2018).
Because the sessions differed greatly in length using the
same radius led to large variation in %Recurrence, which in
most instances exceeded the recommended range of 1-5%
(Webber & Zbilut, 2005) and rendered recurrence patterns
indiscriminable in the recurrence plots. We therefore adjusted
radius for each session to yield a %Recurrence within the
range of 2.0 - 2.002%. Limitations in computational
processing capacity made it necessary to cap the ISI timeseries for 27 sessions at 11,000 data points. To control for
recurrence due to incidental artefacts in the distribution of
ISIs we also determined the recurrence metrics for time series
of values shuffled within a session.
Figure 1 illustrates the variability in recurrence plots by
depicting example plots of sessions with highest and lowest
values in pre-session distress scores and post-session
outcome quality ratings. Plot brightness reflects differences
in amount of data points due to differences in amount of talk
and suggest that higher levels of distress were associated with
overall lower amounts of talking.

Measuring Depression Client depression was evaluated
using the Patient Health Questionnaire (PHQ-9), a
monitoring instrument comprising multiple-choice questions
designed to screen for severity of depressive symptoms in the
general population (Kroenke, Spitzer, & Williams, 2001).
Total scores range from 0 to 27 (scores of 5–9 are classified
as mild depression; 10–14 as moderate depression; 15–19 as
moderately severe depression; ≥ 20 as severe depression); the
mean score in this sample was 10.6, SD = 5.5. PHQ scores
were missing for 2 of the 239 sessions.

Session Quality Ratings
After each session both client and therapist rated the session
for Helpfulness (1-9), Merit (1-7) and Productivity (1-7) with
respect to their therapeutic goals. Cronbach’s α was .86 for
therapists and .77 for clients. Ratings for Merit and
Productivity were rescaled and combined with the ratings for
Helpfulness into an average score of session quality.
Therapists’ ratings were missing for 8, and clients’ ratings
were missing for 24 of the 239 sessions.
On average, therapists rated session quality lower than
clients (client M = 6.81, SD = 1.15; therapist M = 5.44, SD =
1.03); this difference was significant in a multi-level model
nesting session within clients within therapists (β = -1.38, t =
-9.59, p < .001). Both ratings were positively linked in a
multi-level regression model that predicted therapists’ ratings
from clients’ ratings (β = 0.52, t = 12.23, p < .001).

Results
For all analyses, we fitted multiple multi-level regression
models of session-level data with random effects of sessions
nested within clients nested within therapists using the lme4
package version 1.1.27.1 (Bates, Mächler, Bolker, & Walker,
2015) in R version 4.1.1. All fixed effects were centered and
statistical significance of each model coefficient was
evaluated with p-values approximated with the Satterthwaite
method implemented in the lmerTest R-package version
3.1.3. (Kuznetsova, Brockhoff & Christensen, 2017).
Recurrence metrics were determined using the crqa
package (Coco & Dale, 2014). To reconstruct the phasespace using the method of time-delayed embedding (Takens,
Rand & Young, 1981), time delay for all sessions was
estimated using the first local minimum of the averagemutual-information function which was 1 for all sessions as

Figure 1: Recurrence plots for session with low client
distress and high session quality rating (top left panel), high
client distress and high session quality rating (top right
panel), low client distress and low session quality rating
(bottom left panel) and high client distress and low session
quality rating (bottom right panel).
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To confirm the link between mental health state and
amount of talk, we fitted a multi-level regression with either
distress (CORE) or depression (PHQ) score as predictor and
overall speech sound duration as dependent variable. As all
multi-level models with uncorrelated random slopes of
CORE or PHQ scores resulted in singular fit we fitted
intercept-only models which confirmed a positive link
between PHQ score and speech sound (β = -107.70, t = - 2.45,
p = .02) but not between CORE and speech sound (β = -93.59,
t = 1.83, p = .07). This shows that clients’ severity of
depression, but not general distress, was linked to less talk in
the counseling sessions.
To ascertain how to best predict session outcome quality
ratings from recurrence metrics while controlling for client
mental health state and amount of talk we checked for
Pearson correlations between recurrence metrics, treating
sessions as independent events. The correlation coefficients
ranged from .50 to .99 (n = 239) and were all significant after
Bonferroni correction. To explore the unique contribution of
qualitatively different aspects of recurrence we fitted
multiple multi-level regression models with each recurrence
metric as a separate predictor.
Recurrence metrics were entered in addition to one of the
measures of client mental health state and total speech sound
duration per session. All models with random slopes either
failed to converge or resulted in singular fit leading us to
adopt the intercept-only model lmer (Session Rating ~ Mental
Health Score + Sound in Session + Recurrence Metric + (1 |
Therapist_ID / Client_ID). Table 2 shows coefficients for
models fitted to session quality ratings of the therapists
(Panels A and B) and the clients (Panels C and D) controlling
for either overall distress (Panels A and C), or depression
(Panels B and D). We also performed a second set of analyses
on the shuffled timeseries to control for incidental recurrence
artefacts, which confirmed the predictive effects of the CORE
and the PHQ as well as of the total sound duration but showed
no significant effects of any of the recurrence metrics (all data
and code for main and shuffled analyses available at
https://osf.io/n9wcx/files/).

Panel B: Therapist Rating, Depression
Model
6
7
8
intercept 5.34*** 5.34*** 5.34***
-0.15*
-0.16*
-0.16*
PHQ
*
*
0.13
0.13
0.13*
talk dur
-0.06
DET
-0.06
L
-0.07
ENTR
LAM
TT
Panel C: Client Rating, Distress
Model
11
12
6.73*** 6.73***
intercept
-0.28** -0.29**
CORE
0.04
0.03
sound
-0.16*
DET
-0.22*
L
ENTR
LAM
TT

4

5

5.34***
-0.26***
0.11

5.33***
-0.26***
0.11

10
5.34***
-0.14*
0.11

-0.13*
-0.12

13

14

15

6.73***
-0.29**
0.03

6.74***
-0.29**
0.02

6.73***
-0.30**
0.03

-0.26**

Panel D: Client Rating, Depression
Model
16
17
18
6.75***
6.75***
6.75***
intercept
-0.15
-0.15
-0.15
PHQ
0.05
0.04
0.04
sound
-0.14*
DET
-0.17*
L
-0.18*
ENTR
LAM
TT

-0.19*
-0.19*

19

20

6.76***
-0.14
0.03

6.75***
-0.15
0.04

-0.18*
-0.14

Discussion
Our results showed that ratings of session outcome quality
were negatively affected by client distress: The higher the
CORE score the lower did therapists and clients rate the
outcome of the session. Interestingly, PHQ scores, which
indicate severity of depressive symptoms and were highly
correlated with CORE scores (Spearman’s r = .74, n = 225, p
< .001), only affected therapists’, but not clients’ ratings. It
appears that a broad indicator of distress across a range of
mental health problems either affected clients’
communicative behavior to a greater extent or biased their
outcome ratings more. While this is an interesting finding to
pursue further it was not the primary focus of this study and
is only of relevance insofar as it shows that clients’ mental
health state affected how sessions were evaluated.
Furthermore, the results showed that therapists’, but not
clients’ ratings of session quality could also be predicted from
how much talk had taken place. As our analyses did not
differentiate between therapists’ and clients’ speech this
association may reflect either that therapists place greater
value on conversational contributions of the clients or on
greater interaction between the clients and themselves.
While amount of talk seemed to be an important dimension
that influenced therapists’ evaluation of session quality,

Table 2: Model coefficients for predicting ratings of session
outcome quality with centered fixed effects of client mental
health state, sound duration and target RQA metric.
*
p < 05, ** p < .01, *** p < .001
Panel A: Therapist Rating, Distress
Model
1
2
3
5.34***
5.34***
intercept 5.33*
-0.27*** -0.27*** -0.27***
CORE
0.13*
0.13*
0.13*
sound
-0.05
DET
-0.05
L
-0.06
ENTR
LAM
TT

9
5.34***
-0.14*
0.11

-0.13*
-0.13*
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clients did not rely on this information in their evaluations.
Instead, their ratings were predicted by recurrence metrics,
which all had a significant negative effect over and above
mental health state and sound duration (aside from Trapping
Time in the model that included PHQ as mental health state
predictor). For the therapists, only laminarity, i.e., to what
extent ISIs remained the same over periods of time, was
negatively linked to their ratings. Our finding that therapists
base their evaluations on aggregate quantitative measures
such as amount of talk while clients evaluate interactions
more positively and are more sensitive to qualitative features
of the interactional dynamics is in line with findings by
Reuzel et al. (2013). That study predicted evaluations of
interactions between support staff and learning-disabled
clients by independent staff and client observers from
recurrence in gaze direction and speech rhythm, and found
greater sensitivity of staff evaluations to aggregate
quantitative measures like amount of talk and greater
sensitivity of clients’ evaluations to patterns of recurrence,
which in this case were positively linked to evaluations. Thus,
participants in psychotherapy and in broader support-type
interactions appear to evaluate communicative success
differently presumably because basic support and therapy
interactions have different goals. Still, our findings confirm
that clients are more in tune with dynamic patterns of
recurrence in non-verbal features of communication than
staff or therapists.
If we accept that client-based evaluations carry greater
weight due to their stronger link with treatment outcome (it
is likely to matter more what the client thinks about session
quality) the consistent negative link with recurrence metrics
in this study is an important finding: It suggests that in
psychotherapy, clients view a greater degree of recurrence as
detrimental to counselling success. This finding confirms the
finding by Reich et al. (2014) of a negative link between pitch
synchrony and ratings of therapeutic alliance. Placed in the
broader context of research on how alignment and
coordination affect communicative outcomes our findings
show that the direction of this link may strongly depend on
communicative context and communicative goal: While
alignment and coordination of various features of
communication may be predictive of positive outcomes in
joint action contexts they may be counterproductive in
contexts where communication, among other things, aims to
modify entrenched patterns of thinking and behavior.
While our findings suggest that RQA may be a promising
avenue for automated appraisal of communicative outcomes
in the context of psychotherapy it is important to point to
several caveats associated with this study that should be
remedied in further research.
First, although the size of our corpus was large compared
to other studies in this area, the outcome measures we had to
work with were not optimally designed to appraise quality of
psychotherapy. Future studies should select better
instruments for therapists and clients to evaluate session
quality based on theoretically meaningful constructs. More
importantly, the predictive validity of RQA metrics of non-

verbal parameters of communication would be considerably
enhanced by independent ratings of session quality from
trained observers.
Second, our study was confined to the analysis of speech
rhythm but other non-verbal features of communication such
as pitch patterns, body and head movements (Ramseyer &
Tschacher, 2014) or heart rate fluctuations (Kodama, Tanaka,
Shimizu, Hori et al. 2018) should be considered as well to
gain a better understanding of the interplay between different
levels and modalities of social interaction.
Third, technical constraints and capacity limitations
precluded diarization of the audio-recordings and the
application of cross-RQA. While there are theoretical reasons
to treat the dyad as a synergistic unit and use auto-RQA as
we did (Fusaroli & Tylén, 2016), it would still be important
to explore patterns of synchronization between interlocutors
using cross-RQA. From the analyses conducted here we are
unable to determine whether recurrence occurred within or
across speakers; hence, we cannot draw conclusions as to
whether the recurrence patterns that negatively impacted
clients’ session appraisal were due to repetitiveness and
perseveration in the client’s own speech or the mimicking of
speech rhythm patterns between client and therapist.
Fourth, we presented exploratory findings from an
observational study which needs corroboration in
experimental
research
to
carefully
manipulate
communicative contexts and goals. For example, mood
induction can be employed prior to communication to
examine how the interplay between affective states of
interlocutors and temporal dynamics of non-verbal speech
parameters measured through RQA affects appraisal of
attainment of various communicative goals.
Finally, the strong correlation between the various
recurrence metrics poses problems for RQA of complex timeseries data: Entering highly correlated predictors into
regression models leads to multicollinearity yet reducing
dimensionality through PCA could obscure individual
contributions of, and potential interactions between, these
metrics, e.g., amount and length of recurring patterns (DET
and L) vs. amount and length of instances a dyad remains in
the same state (LAM and TT). At the same time, performing
multiple analyses using individual recurrence metrics as
predictors can inflate the likelihood of spurious effects. One
possible solution that we are currently pursuing is to employ
machine learning to predict communicative outcomes
directly from recurrence plots treated as visual objects – an
approach that may better capture subtle differences in the
complexity of recurrence patterns while preserving
information from aggregate measures such as amount of talk.
Despite these caveats our findings show that application of
RQA should be developed further as a promising tool for
automated appraisal of quality of communicative interactions
in contexts like psychotherapy, where such appraisals are of
great practical interest. Using RQA would also improve the
theoretical understanding of which specific patterns of
alignment and coordination are indicative of attainment of
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different communicative goals in a diverse range of social
interactions.
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Abstract
Since generations, singing and speech have been mainly transmitted orally. How does oral transmission shape the evolution of music? Here, we developed a method for conducting
online transmission experiments, in which sung melodies are
passed from one singer to the next. We show that cognitive
and motor constraints play a profound role in the emergence
of melodic structure. Specifically, initially random tones develop into more structured systems that increasingly reuse and
combine fewer elements, making melodies easier to learn and
transmit over time. We discuss how our findings are compatible with melodic universals found in most human cultures and
culturally specific characteristics of participants’ previous musical exposure. Overall, our method efficiently automates online singing experiments while enabling large-scale data collection using standard computers available to everyone. We
see great potential in further extending this work to increase
the efficiency, scalability, and diversity of research on cultural
evolution and cognitive science.
Keywords: iterated learning; singing; music; cultural evolution; transmission experiments.

Introduction
Singing – the vocal production of musical sounds – exists in
every known human culture (Mehr et al., 2019; Nettl, 2010)
and is likely to be amongst the first forms of communication and musical expression in human evolution (Tomlinson,
2015). Singing may have already been present in our closest
ancient human relatives, Neanderthals (Mithen, 2006); and
singing abilities emerge spontaneously in early child development (Dowling, 1999). At around 2 years of age, children start to generate recognisable songs and once they reach
adulthood, most people can sing accurately in time and in
tune (Dalla Bella, Giguère, & Peretz, 2007). Thus, singing is
particularly suitable for studying the biological and cultural
foundations of music evolution (Jacoby et al., 2019; Mehr &
Krasnow, 2017).
Oral transmission is the main mechanism by which songs
are passed through generations (Shanahan & Albrecht, 2019).
In this simple act of transmission – hearing and singing back
a song – it is likely that the singer introduces some variation to the new production, either accidentally or on purpose.
Naively, one might expect that oral transmission just introduces random noise into the sung production. In practice,
however, it is thought that oral transmission shapes musical
systems in systematic ways that reflect human reproduction
biases (Mehr, Krasnow, Bryant, & Hagen, 2020; Savage et
al., 2022). With cultural exposure, people internalize these
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regularities and, in turn, are more likely to feature them in
future productions. Thus, it is possible that the oral transmission of music in early humans resulted in the emergence of
shared melodic features observed in musical traditions across
the world (Savage, Brown, Sakai, & Currie, 2015; Mehr et
al., 2019).
This paper focuses on transmission biases for melodies,
including both cognitive constraints (categorical perception,
memory limits, prior expectations; Burns, 1999; Greenspon
& Pfordresher, 2019; Thompson, 2013) and motor constraints (certain music features are physically easier to produce than others; Miton, Wolf, Vesper, Knoblich, & Sperber,
2020; Tierney, Russo, & Patel, 2011). For example, memory
biases facilitate the transmission of distinctive melodic features, such as the use of scales that are not uniformly symmetric (Pelofi & Farbood, 2021). Many regularities in melodies
may also stem from the energetic costs associated with vocal
production, such as the predominance of arch-shaped melodic
contours or a bias towards small steps between adjacent notes
(Huron, 2006; Savage, Tierney, & Patel, 2017).
Transmission chain experiments have proven particularly
useful to study in the laboratory both perceptual priors and
the evolution of cultural artifacts, such as language (Griffiths
& Kalish, 2005; Langlois, Jacoby, Suchow, & Griffiths, 2021;
Scott-Phillips & Kirby, 2010; Smith, Kirby, & Brighton,
2003; Thompson, Kirby, & Smith, 2016). Recently, researchers have begun to apply similar paradigms to the music domain, revealing the emergence of music regularities in
rhythm (Jacoby & McDermott, 2017; Ravignani, Delgado, &
Kirby, 2016) and melody (Lumaca & Baggio, 2017; Shanahan & Albrecht, 2019; Verhoef & Ravignani, 2021). However, performing such studies in complex production modalities such as singing is challenging. For example, covering the
vast combinatorial musical space requires multiple transmission chains per experiment and the use of neutral sampling
procedures that do not introduce bias on the music stimuli
itself. Moreover, production tasks should be natural to participants (e.g., singing) and scalable to large-scale data collection.
Here we developed an automatic online pipeline to perform
large-scale cultural transmission experiments in the singing
modality. Participants are initially presented with a random
“seed” melody (a sequence of pitches randomly generated
from a continuous space) and asked to reproduce it by singing

In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
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back (Figure 1A). Participants’ reproductions are then synthesized on the fly to create the stimuli for the next participants. Over the experiment’s generations, participants’ reproduction errors get amplified, reflecting transmission biases. Importantly, our method does not assume culturally
specific knowledge about scale systems a priori – e.g., using
discrete musical systems such as the Western 12-tone equal
temperament scale. Instead, we randomly sample melodies
from a continuous pitch space. Consequently, our method
is hypothesis-neutral and applicable to individuals from any
musical or cultural background.
We validate this method in two online experiments with
short (three-tone) and longer (five-tone) melodies. We show
that transmission biases in singing can give rise to melodic
structural features that are consistent with statistical universals – i.e., features that occur frequently in musical traditions
across the world (Savage et al., 2015). In particular, we find
that (1) melodies are biased towards a small vocabulary of intervals (pairs of notes), (2) increasingly exhibit arch-shaped
musical contours (the pitch sequences of ups and downs), and
(3) are composed of small intervals (less than a perfect fifth).
Parallel to this, evolving melodies tend to align with melodic
pleasantness (estimated by a separate rating experiment with
Western listeners) and musical exposure (estimated by a large
corpus of popular Western melodies). As a result, melodies
become increasingly easier to learn and transmit. We conclude by discussing the implications and limitations of these
findings.
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Methods
we apply an autocorrelation-based pitch estimation algorithm
to extract f0 pitch from sung segments (Boersma, 1993), implemented using parselmouth (Jadoul, Thompson, & de Boer,
2018), a Python interface to access Praat. Finally, we identify voiced segments (continuous time spans with reliably f0
tracking), and compute the median f0 for each segment (Figure 1C).

We recruited a total of 186 participants that provided consent in accordance with the Max Planck Society Ethics Council approved protocol (application 2020-05). All participants
were recruited online using Amazon Mechanical Turk (AMT)
with the following three constraints on recruitment: (i) participants must be from the US, (b) at least 18 years old, and
(iii) have a 95% or higher approval rate on previous tasks on
AMT. Participants were paid at a US $9/hour rate according
to how much of the experiment they completed. The completed experiments took approximately 20-25 minutes.

Melody Generation
We parameterize the space of melodies as lists of numbers in
a logarithmic scale, using MIDI (Rothstein, 1992), where a
m−69
MIDI note (m) represent a frequency of 440 · 2 12 Hz. To
generate an initial random melody, we first assign a comfortable singing register (low vs high) to each participant based
on their self-reported gender or vocal range. Next, we obtain
a reference pitch for each melody by uniformly sampling a
real number within a roving width of ±2.5 semitones around
the center of the singing register (52.5 for low-register and
63.5 for high-register). Roving the reference pitch helps minimize carryover effects between trials, where a given trial is
interpreted in terms of an implied tonal context from the previous trial. Finally, we sample each pitch in the melody from
a uniform distribution with a width of ± 7.5 semitones centered on the reference pitch.
All tones were 300 ms long in duration and presented with

Automated Online Implementation
The experiments were implemented in PsyNet (https://
www.psynet.dev/), a Python package for performing complex online behavioral experiments at large scale (e.g., Harrison et al., 2020). Participants interact with the experiment
via a Chrome web browser, which communicates with a backend Python server cluster responsible for organizing the experiment and collecting data.

Singing Extraction
We use a three-step automated process to estimate the fundamental frequency (f0) of notes in vocal productions (Figure
1B). First, we clean the audio signal by applying a bandpass filter with cutoff frequencies of 80-6000 Hz. Second,

811

4

Estimated MIDI1 notes from f0

Figure 1: Online Iterated Singing Paradigm. (A) Participants
hear sequences of tones generated by a computer and reproduce them back by singing. Vocal reproductions are synthesized online and played to the next participant as the input melody. (B) Spectrogram showing a three-tone melody
and corresponding vocal reproduction. (C) Singing extraction: we input the recording from the microphone and estimate MIDI notes using f0 extraction techniques.
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Results
Three-Note Melodies
Experiment 1 examined short melodies composed of two intervals (3 notes, Figure 2A). This stimulus space can be defined along two continuous dimensions (i.e., interval 1 and
interval 2), where integer locations correspond to the Western 12-tone equal temperament scale. We explored this space
with 333 across-participant chains with 10 generations per
chain (3,330 singing trials). A total of 57 US participants
contributed to this experiment (aged 18-63, M = 38.95, SD =
13.31; 41.1% with low and 58.9% with high vocal range).
Figure 2C shows the aggregated results of the iterated
singing experiment using a kernel density estimator (KDE)
over the locations of the reproductions1 . Despite making no
assumptions about musical systems a prori, we see that productions in the last generations are concentrated in few locations, displaying a rich structure that is consistent with Western discrete scale systems. For example, the KDE reveals
peaks at common and prototypical interval combinations in
Western music (top-right quadrant in Figure 2C): the major
scale, featuring melodies with consecutive intervals at [4, 3],
[5, 4], and [5, 3]. Another popular area (bottom-right quadrant) consists of arch-shaped musical contours (melodies that
first ascend in pitch and then descent), mostly peaking in the
perfect fourth [5, -5] and perfect fifth [7, -7]. We also computed the marginal distribution of the first and second interval separately (see top and right panels in Figure 2C). Interestingly, the two intervals have clearly distinct distributions,
suggesting that they play different roles in two-note melodies.
Next, we used MATLAB’s findpeaks method to identify
significant peaks that correspond to integer semitones categories. To measure confidence, we repeated this analysis
in 1,000 bootstrap datasets (sampling with replacement over
chains), identifying each time those peaks that fell into integer semitone categories (± 0.5 around each integer). We then
calculated the probability of having at least one peak associated with each integer category over all bootstrap datasets.
Statistical significant peaks close to integer semitones are indicated in Figure 2C by the red dots and shaded areas, rep-
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In the main singing task, participants completed a total of
50 trials, which consisted of hearing a melody and imitating
it by singing back each note to the syllable ‘Ta’. In each trial,
participants were randomly allocated to one of the parallel
transmission chains. Each participant could only contribute
once to each chain, thereby contributing to a maximum of 50
different chains per experiment. After each trial, we analyzed
participants’ recordings (see Singing Extraction) to determine
whether we could detect the requested number of notes per
trial. Trials that did not satisfy this condition failed and did
not contribute to the chain. In such cases, new participants
were allocated to that trial until a valid response was given.

−12 −11 −10 −9 −8 −7 −6 −5 −4 −3 −2 −1

Figure 2: Iterated Singing Experiment with Short Melodies.
(A) Participants hear and sing back three-note melodies. (B)
The entropy of the distribution of intervals over generations,
suggesting an increase in combinatorial structure. (C) Two
dimensional KDE over the last three generations. On the top
and right panels we plot the distribution of each interval separately (dark grey line), including the distribution of the random initial set of melodies (red line) and the first three generations (light grey line). Statistically significant peaks (90%
CI) are indicated by the red dots and shaded areas. Note.
Error bars represent bootstrapped standard error (1000 replicates).
an inter-tone interval of 800 ms. Tones were played using a
piano timbre via Tone.js, a Web Audio framework for generating sound in the browser (https://tonejs.github.io/).

Procedure
We used a combination of techniques to ensure high data
quality when recruiting participants online in complex production experiments (Anglada-Tort, Harrison, & Jacoby,
2022), including audio calibration and recording tests, a prescreening task to ensure headphones use (Woods, Siegel,
Traer, & McDermott, 2017), and a singing performance test
to measure participants singing accuracy and exclude both
fraudulent participants and computer bots.
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1 The bandwidth in the 2-dimensional KDE was estimated using
Scott’s method (Scott, 2015). In all other analyses, including 1dimensional KDEs, the bandwidth was set to 0.25 (a quarter tone).
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resenting 90% confidence intervals (CI). The observed peaks
are consistent with the notion of consonance in Western music (Halpern & Bartlett, 2010) – e.g., peaks in melodic intervals that maximize consonance, such as the major third (4),
perfect fourth (5), and perfect fifth (7).
To assess whether the structure of the distribution of intervals increased over generations,
we used Shannon’s entropy
R
(Shannon, 1948), H = p(x, y) log p(x, y) dx dy, where p(x, y)
is estimated from the 2D KDE of Figure 2C. Entropy measures the extent to which the distribution is random or concentrated in particular places in the space (forming “peaks”
or ”structure”). As shown in Figure 2B, entropy decreases
significantly over generations (B = -.061, 95% CI [-.077, .045])2 . This suggests that melodies in later generations are
composed of a smaller vocabulary of intervals that are increasingly reused.
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Experiment 2 examined longer melodies composed of four intervals (five notes, Figure 3A). The resulting stimulus space
comprises four dimensions (one for each interval). We explored this space with 120 across-participant chains with 10
generations per chain (1,200 singing trials). A total of 38
US participants contributed to this experiment (aged 20-65,
M = 38.94, SD = 12.48; 50.51 % with low and 49.49% with
high vocal range). As with three-note melodies, there was
a decrease in entropy3 over generations (B = -.235, 95% CI
[-.273, -.197]), suggesting an increase in combinatorial structure (Figure 3B).
Figure 3C shows the results of the iterated singing experiment by plotting the distribution of the four intervals together
in a 1-dimensional KDE. We identified 6 statistically significant peaks close to integer semitones, indicated in Figure 3C
by the red dots and shaded areas representing 90% CI. In addition, we plot the distributions of the initial stimulus set (red
line) and the reproductions in the last 3 generations but randomizing the order of the pitches in each melody 10 times
(black dashed line). Comparing these distributions emphasizes the effect of sequential memory effects and preferences
for certain melodic intervals, such as avoidance to the semitone (1) and attraction to the perfect fourth (5). Furthermore,
Figure 3D shows the evolution of each interval separately,
indicating that melodic intervals play different roles depending on their position in the melody. For example, five-tone
melodies tend to start with a relatively large ascending interval at around 5 semitones (perfect fourth), and end with a
small ascending interval at around 2 semitones (major second) or a unison.
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Figure 3: Iterated Singing Experiment with Longer Melodies.
(A) Participants hear and sing back five-note melodies. (B)
The entropy of the distribution of intervals over generations,
suggesting an increase in combinatorial structure. (C) KDE
of the four melodic intervals in the last three generations (purple line). We also plot the distribution of the initial random
stimulus set (red line) and the sung reproductions in the last
three generations shuffling the order of the pitches in each
melody (black dashed line). (D) KDEs of the four intervals
plotted separately over generations. Note. Error bars represent bootstrapped standard error (1000 replicates).

Effects of Oral Transmission on Melodies
Having demonstrated that our method is efficient to explore
large melodic spaces using online iterated singing experiments, we next look at the effects of oral transmission on
structural features of melodies. This search was motivated by
two intertwined bodies of research: (1) cross-cultural studies looking at widespread melodic features across cultures
(Brown & Jordania, 2013; Mehr et al., 2019; Savage et al.,
2015, 2017) and (2) research on culturally specific characteristics of listeners’ previous musical exposure (Hannon & Trehub, 2005; Loui, Wessel, & Kam, 2010; Jacoby et al., 2019,
2021). While the former suggests that knowledge of musical
structure may stem from universal constraints in our vocal
and auditory system, the latter suggests that such knowledge
may be acquired via exposure to specific music cultures. Although the current experiments are unable to distinguish be-

2 All trend analyses in this paper are analyzed using linear regressions, with 95% confidence intervals derived by bootstrapping over
chains (1,000 replicates, Gaussian approximation).
3 Entropy for this experiment was approximated by summing the
contributions from the entropies of all consecutive intervals, where
the entropy for each consecutive interval was computed from the
2-dimensional KDE (as we did for the three-tone melodies).
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ber of elements (7 or less) per octave (Savage et al., 2015).
Second, we observed that melodic intervals become significantly smaller over generations (Figure 4B), as indicated by
the absolute mean interval size (Experiment 1: B = -.078,
95% CI [-.112, -.045]; Experiment 2: B = -.074, 95% CI
[-.111, -.037]). This effect is consistent with a widely observed feature that characterizes animal and human vocalizations (Savage et al., 2015; Tierney et al., 2011): jumps
between consecutive pitches in vocal utterances tend to be
small.
Third, orally transmitted melodies increasingly exhibit
arch-shaped musical contours. Figure 4C (left plot) shows
the average pitch of each note in the five-note melodies experiment, showing that melodies evolve from flat melodic
contours (see baseline) to distinctive arched contours4 . We
further examined the emergence of archetypal contours by
calculating a measure of contour smoothness using Shannon
entropy. Each interval was coded to three possible values: 0
if it was approximately a unison (between -0.5 and 0.5 semitones), +1 if it was ascending (larger than 0.5 semitones), and
-1 if it was descending (smaller than -0.5 semitones). We
then computed the entropy of this discrete distribution of contour types over generations. The results indicate a significant
decrease of contour entropy over generations (right plot in
Figure 4C), revealing that fewer melodic contours become
increasingly reused over time (B = -.074, 95% CI [-.100, .047]). The prevalence of simple and archetypal contours has
been found to be widespread both in bird song (Tierney et al.,
2011) and human song across cultures (Savage et al., 2017).
Since our participants had significant prior exposure to
Western music (they were all recruited from the US), we
asked whether such exposure may have had an effect on
evolving melodies. First, we looked at the interval distribution of a large corpus of popular Western melodies as a
proxy of participants’ previous musical exposure (magenta
color in Figure 5A). This corpus consisted of a a subset of
6200 melodies from the Lakh MIDI Dataset (Raffel, 2016)
that have been matched to entries in the Million Song Dataset
(Bertin-Mahieux, Ellis, Whitman, & Lamere, 2011)5 . We
then calculated how aligned the melodic intervals in our experiments were with the prevalence of intervals in the corpus. Results indicate that melodies become increasingly more
aligned with the corpus data (Figure 5B, left plot), although
this trend was only significant in Experiment 1 (B = .035,
95% CI [.010, -.059]; Experiment 2: B = .018, 95% CI [-.002,
.04]).
In addition, we ran a listening experiment with a separate
group of Western participants to measure the perceived pleasantness of melodic intervals. In this experiment, 91 US participants (aged 22-77, M = 38.83, SD = 11.90) were presented
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Figure 4: Effects of Oral Transmission on Melodies. (A)
Melodies are biased towards a homogenized small vocabulary
of intervals. (B) Melodic intervals become smaller over generations. (C) Melodies tend to use arched contours (left plot);
fewer musical contours are increasingly reused and combined
over generations (right plot). (D) Melodies become easier
to learn and transmit. Note. All error bars represent bootstrapped standard error (1000 replicates).

tween these two accounts, one should consider both when interpreting the following results.
Figure 4 summarizes the results of this analysis. First, we
found that melodies are biased towards a small homogenized
vocabulary of intervals (Figure 4A). This analysis was performed using the peak finding procedure described above.
Indeed, the number of detected peaks significantly decreases
over generations (Experiment 1: B = -.282, 95% CI [-.448,
-.115]; Experiment 2: B = -.311, 95% CI [-.481, -.140]). This
finding is consistent with large-scale quantitative data showing that melodies across cultures tend to contain a small num-

4 This analysis only uses data from Experiment 2 because the proportion of musical contours in Experiment 1 is skewed from the start
due to the sampling procedure.
5 This dataset provides a collection of audio features and metadata for a million contemporary popular music tracks (http://
millionsongdataset.com/).
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with melodic intervals (two tones played sequentially) and
asked to rate how pleasant they sounded, on a 7-point scale.
We evaluated 5000 intervals ranging from -15 to 15 semitones, with each participant rating an average of 80 intervals.
The intervals were generated following the same procedure
described above (see Melody Generation). However, to reduce the vast pitch space, this experiment only used integer
MIDI notes. The resulting aggregated scores provide a measure of melodic pleasantness in Western music (green color
in Figure 5A). As shown in Figure 5B (right plot), there is a
small but significant increase in the perceived pleasantness of
melodic intervals over generations (Experiment 1: B = .014,
95% CI [.008, .019]; Experiment 2: B = .004, 95% CI [.001,
.007]).
Finally, we examined the evolution of copying error (the
distance between the target and sung production), using the
root mean square error (RMSE) in both pitch and interval domains (Figure 4D). In Experiment 1, we excluded the first
generation from the analysis because copying error was surprisingly small (this is probably an artifact of the melody generation process). However, after the first generation, copying error significantly decreased over time (Pitch: B = -.075,
95% CI [-.101, -.049]; Interval: B = -.072, 95% CI [-.094,
-.049]). In Experiment 2, the decrease in copying error was
clear from the start and comparatively larger than in Experiment 1 (Pitch: B = -.132, 95% CI [-.176, -.088]; Interval: B =
-.161, 95% CI [-.221, -.100]). Overall, this finding suggests
that oral transmission shapes structural features of melodies
so they become easier to learn and reproduce over generations.
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Figure 5: Alignment with Western Tonal Exposure. (A) Interval distribution of a large corpus of popular Western melodies
(magenta) and perceived melodic pleasantness measured by
a separate group of Western listeners (green). (B) Melodies
become increasingly more aligned with Western corpus data
(left plot) and perceived melodic pleasantness (right plot).
Note. All error bars represent bootstrapped standard error
(1000 replicates).

Discussion
not only production) influences the oral transmission of music. Future experiments will help us better determine the relative contribution of perception and production, for instance
by conducting perceptual only experiments on cultural transmission (Harrison et al., 2020).
Furthermore, our participants had significant prior exposure to Western music and, therefore, the current design is unable to distinguish universal transmission biases (e.g., stemming from biological factors) from cultural transmission biases (e.g. stemming from familiarity with Western tonality).
Future experiments can systematically test this by conducting
large-scale cross-cultural experiments with participants from
diverse musical backgrounds (Jacoby et al., 2021).
Above all, our method is useful for recovering many
transmission biases within a single coherent paradigm that
is cross-culturally generalizable. In particular, our method
makes no assumptions about musical systems a prori, is natural and intuitive to everyone (e.g., singing), and works using
standard computers available to most people online, enabling
experiments that would be nearly impossible in the laboratory. We are truly excited about the potential of this work
to increase the reach, scalability, and diversity of research on
cultural evolution, music cognition, and cognitive science.

We introduced a novel method to automate cultural transmission experiments in the singing modality and over the internet. Overall, we found that oral transmission has profound
effects on the evolution of melodies, shaping initially random
sounds into more structured systems – i.e., using fewer building blocks (intervals, contours) that are increasingly reused
and combined. Importantly, structural features that emerged
artificially from our experiments are largely consistent with
widespread melodic features observed in most musical traditions across the world (Brown & Jordania, 2013; Mehr et
al., 2019; Savage et al., 2015). Moreover, we found that
melodies tend to align with certain cultural conventions of
Western music (e.g., use of harmonic intervals), reflecting our
participants’ predominantly Western background.
How can we explain the emergence of such melodic features? They likely stem from a complex interplay between
motor constraints, cognitive biases, and cultural exposure
(Tomlinson, 2015). However, the current paradigm is limited
in its ability to disentangle different kinds of transmission biases, such as cognitive versus production constraints. Despite
this, we found that melodies in our experiments were increasingly more aligned with a separate perception-only preference experiment (Figure 5B), suggesting that perception (and
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Abstract
When people evaluate explanations in uncertain situations, the
latent scope bias occurs. It refers to the tendency to perceive
explanations that do not include unobservable events as plausible. Previous studies have proposed the inferred evidence
account, which states that the bias is caused by underestimating the occurrence probability of unobservable events. Additionally, this account assumes that humans use Bayesian probability reasoning in evaluating such explanations. However,
previous studies on this bias have not examined the Bayesian
probabilistic reasoning component. This study measured subjective probabilities of explanations and modeled the reasoning process. As a result, it was found that latent scope bias is
caused by Bayesian probabilistic reasoning, compared to the
inference using psychological utility. The results also suggest
that there are considerable individual differences in the occurrence of latent scope bias. These results support the inferred
evidence account. Future studies are required to investigate the
factors causing such individual differences.
Keywords: causal explanation; probabilistic reasoning;
heuristic; Bayesian cognitive modeling

Introduction
When observing an event, humans try to explain why it happened. This kind of explanation that assumes a cause for
a specific event is called causal explanation (Lombrozo &
Vasilyeva, 2017; Salmon, 1998; hereinafter, explanation). In
situations where all possible events are observed, previous
studies have shown that humans find explanations that can
account for more events to be more plausible (Johnson, Johnston, Toig, & Keil, 2014).
However, in the real-world explanations, it is often the case
that we cannot observe all the events. For instance, suppose
that a patient complains of fever and that there are two possible causes: disease HN , which causes fever only, and disease
HW , which causes fever and elevated blood glucose level. At
this time, the patient may not have had their blood glucose
tested and may not know whether their blood glucose level is
elevated. We denote that fever is in the manifest scope of818
HN

Figure 1: Graphical representation of the causal structure referred to in the Introduction.
and HW , the set of observed events predicted by the explanation, and that elevated blood glucose level is in the latent
scope of HW , the set of unobservable events predicted by the
explanation.
In this case, if HN and HW occur with equal probability,
then normatively, the probability that they caused the patient’s
fever is equal. On the other hand, it is known that the explanation by HN , which does not cause the unobservable event,
in other words, which has narrower latent scope, is preferred
to the explanation by HW (Khemlani, Sussman, & Oppenheimer, 2011; Johnston, Johnson, Koven, & Keil, 2017). This
kind of bias is called latent scope bias.
Then, why does this bias occur? Johnson, Rajeev-Kumar,
and Keil (2016) proposed that this happens because humans underestimate the occurrence probability of unobserved
events. This hypothesis is called inferred evidence account.
The details of this account are described in the following.
Suppose that event X has been observed, and event Z is
unobservable. Furthermore, consider that there are two candidates for causes: HW , which causes both X and Z, and HN ,
which causes X but does not cause Z, as shown in Fig. 1. Let
I denote the state in which Z is unobservable. Assuming that
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X and I are conditionally independent given the causes, the
following equation (1) can be derived using Bayes rule (for
the derivation, see Johnson et al. (2016, Appendix A)):

created and numbered using subscript j), we consider obtaining an estimate of the probability of having HW by participant
(ml)
i and denote the obtained value as pi j . Note that the norma(ml)

P(HN |X, I)
P(HN ) P(X|HN )
=
·
P(HW |X, I) P(HW ) P(X|HW )
P(Z|HN ) f +Z + P(−Z|HN ) f −Z
·
P(Z|HW ) f +Z + P(−Z|HW ) f −Z

tive solution in this case is pi j

= 0.5.
(ml)

(1)

Here, “X” and “Z” denote the states in which the events X
and Z are observed, respectively, and “−Z” denotes the state
in which Z is found absent. In addition, we define f +Z =
P(Z|I)/P(Z), f −Z = P(−Z|I)/P(−Z).
In previous studies on latent scope bias, the responses
through a two-choice (Johnston et al., 2017; Khemlani et al.,
2011) or Likert-type scale (Johnson et al., 2016; Khemlani et
al., 2011) were obtained, and there are no studies that measure
subjective probability, to the best of our knowledge. However, by obtaining subjective probability responses about the
likelihood of explanations, a more detailed investigation of
the bias generation process becomes possible by modeling
based on equation (1). Specifically, we can directly examine
the assumption that “Bayes rule is used to infer the plausibility of explanations, ” which is a basis of the inferred evidence
account.
In the present study, we obtain subjective probability responses about the likelihood of the explanation, and check
whether latent scope bias is occurring in the data. Moreover,
we examine the generation process of latent scope bias by
fitting possible models and comparing the goodness of fit.
This study is significant in the following manner: First, by
formulating the reasoning process based on equation (1) in
the form of a probability model, we can provide a quantitative description of the process. Second, by comparing such
models, the reasoning process can be specified in a more detailed way. In addition, by estimating the specific value of
P(Z|I), it is possible to quantitatively infer the degree of underestimation for each individual. Furthermore, by creating
a model that represents the normative reasoning process, we
can provide evidence as to whether there is a bias in the reasoning of each individual. The specific hypotheses will be
stated after the model is introduced in the next section.

Models

Based on these settings, we consider how the answer pi j
is generated. In both of the models that follow, we assume
that P(Z|I) is underestimated, which is the core assumption
of the theory of inferred evidence. The following two types
of models can be considered, depending on how the answers
are generated.

Bayesian model
One type of the models is based on inferred evidence account. We assume that the events X1 ∧ · · · ∧ Xm and Z1 ∧
· · · ∧ Zl are conditionally independent given the causes, HW
always causes X1 , . . . , Xm , Z1 , . . . , Zl , and HN always causes
X1 , . . . , Xm , −Z1 , . . . , −Zl . Then by expressing the estimated
value of P(Z1 , . . . , Zl |I) by participant i as a parameter αi , we
can obtain the following equation:
(ml)

1 − pi j

(ml)
pi j

=

1 − αi
αi

(2)

Taking the logarithm of this and adding the noise according
to N(0, σ2 ), the following model is derived:

log 



( (
)
)
αi
2
 ∼ N log
,
σ
(ml)
1 − αi
1− p
(ml)

pi j

(3)

ij

We call this model Bayesian model.
In contrast, I, Z1 , . . . , Zl are not conditionally independent,
but we can hypothetically think of them as being computed in
such ways. Then, we can derive the following model:

log 



( (
 ∼ N log
(ml)

(ml)

pi j

1 − pi j

αli
(1 − αi )l

)

)
, σ2

(4)

We call this independent Bayesian model.

Utility model

Settings
In this study, we assume the following settings. Assume
that X1 , . . . , Xm is observed, and Z1 , . . . , Zl is unobservable.
Then, let HN be the explanation whose manifest scope is
{X1 , . . . , Xm } and latent scope is empty, and let HW be the
explanation whose manifest scope is {X1 , . . . , Xm } and latent
scope is {Z1 , . . . , Zl }. Here, we tell the participants that the
prior probabilities of HN and HW are equal and that there is
no cause other than HN and HW of X1 , . . . , Xm , Z1 , . . . , Zl . For
the above problem (consider that several such problems were
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Next, we can consider a model that assumes that responses
are made based on expected utility. In other words, this model
assumes that psychological utility is obtained depending on
the degree of consistency between the events predicted by the
explanation and those observed, and that responses are made
by comparing the utility of the two explanations.
For each participant i, let ui be the utility when the event
predicted by the cause and the event observed coincide, and
let 1 be the utility when they do not coincide. In this case,
Ui (HW ), the utility of explanation by HW , is calculated as fol-

Tasks

lows:
m

Ui (HW ) = ∑ ui · P(Xk |X1 , . . . , Xm , I)
k=1

l

+ ∑ (ui · P(Zk |X1 , . . . , Xm , I)

(5)

k=1

+ 1 · P(−Zk |X1 , . . . , Xm , I))
=m · ui + l · (αi u̇i + (1 − αi ) · 1)

(6)

=(m + lαi )ui + l(1 − αi )

(7)

Similarly, the utility of explanation by HN , Ui (HN ), is computed as follows:
Ui (HN ) = (m + l(1 − αi ))ui + lαi

(8)

The process of generating answers from this utility can be
considered in several ways. Here, we consider the utility ratio
model (defined by Eq. (9)), which takes the ratio of two utilities, and the utility difference model (defined by Eq. (10)),
which takes the difference, defined as follows:

log 



( (
)
)
 ∼ N log Ui (HW ) , σ2
(ml)
Ui (HN )
1− p
(ml)

pi j

(9)

ij


log 

(ml)

pi j

(ml)
1 − pi j


 ∼ N(Ui (HW ) −Ui (HN ), σ2 )

(10)

Result Prediction
In this study, we first checked whether latent scope bias occurs in subjective probability responses. The latent scope bias
is thought to be seen in judgments based on subjective probability, so it is thought that explanations with a narrower latent scope are judged to have higher subjective probability
than those with a wider latent scope. Next, based on the inferred evidence account, the Bayesian model is supported in
the model comparison. Furthermore, if latent scope bias is
explained by the inferred evidence account, the model that
takes into account individual differences should be supported,
because each individual estimates P(Z|I) independently.
In the present study, we tested whether the above hypotheses are supported or not. In addition to this, we will analyze
the quantitative estimates of the parameters to gain insights
into the inference process and its individual differences.

Method
Participants
One hundred participants (55 males, 42 females, 3 nonresponders; mean age 41.3, SD = 9.4), recruited through
a crowdsourcing service, engaged in the study via a web
browser.
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The texts about medical diagnosis situations were used for the
task, referring to Exp. 2 of Khemlani et al. (2011). To control for the effect of prior knowledge, fictitious disease and
substance names were used in the task. The experiment was
created using Qualtrics. Participants answered the probability
that the patient had one of the two candidate diseases using a
101-point scale from 0% to 100% using an on-screen slider
(see Figure 2). They were informed that the prior probabilities of the two candidate diseases were equal and that there
was no possibility that there were other candidate diseases.
The tasks were created for the problem settings described
above for the following conditions:
(m, l) = (0, 1), (0, 2), (1, 1), (1, 2), (2, 1), (2, 2)

(11)

Of these, the one with (m, l) = (1, 1), (1, 2), (2, 1) was used
because such conditions were set in the previous study
(Khemlani et al., 2011), and (2, 2) was added from the viewpoint of symmetry. Although there is no previous study on
m = 0, it was used because it is a special condition that the
manifest scope is empty, and it is thought to be effective in
considering the condition that the latent scope bias occurs.
Four items were created for each pair (m, l). Two of them
asked the participants to answer the probability for the explanation with the wider latent scope among the two explanations presented, and the other two asked the participants
to answer for that with the narrower latent scope as inverted
scales.
In addition, two items of the Directed Questions Scale
(DQS; Maniaci & Rogge, 2014) were created to detect participants who did not respond according to the instructions. In
the DQS, participants were presented with the same instructions as in the other tasks, and they were asked to respond
with 0 or 100 percent in the end of the instruction.

Procedure
Participants who agreed to participate in the experiment first
provided their age and gender. Next, participants were instructed to judge the likelihood that the patient had one disease or the other as a doctor in a fictional world under the condition that the names of the diseases and substances were fictitious. They were also instructed to answer intuitively without thinking too much. In addition, we confirmed the operation of the slider. In this experiment, the slider was pointed at
50% when the screen was displayed, and it was not allowed to
proceed to the next screen until the slider was moved. Therefore, even if they wanted to answer 50%, they were instructed
to move the slider a little before returning it to 50%.
Next, one practice trial was conducted. In the practice trial,
two explanations with different manifest scopes were presented, and the participants were asked to rate the probability
of one of them. Subsequently, a total of 26 tasks described
above were presented in a randomized order.

Figure 2: An example of the task, whose parameters are m = 2, l = 1.

Table 1: EAP estimate and 95% CI for each µm
m EAP
95% CI
0 0.463 [0.447, 0.479]
1 0.456 [0.444, 0.469]
2 0.460 [0.447, 0.473]

Results
Prior to the analysis, we excluded the data of 21 participants
who answered the DQS incorrectly. We also excluded the
data of 9 participants who answered 0% or 100% at least once
in the main task, due to the divergence of the log odds used in
the analysis. As a result, data from 70 participants (39 males,
28 females, and 3 non-responders; mean age 40.1, SD = 9.2)
were included in the analysis. In addition, reversal items were
(ml)
processed so as to transform all responses into responses pi j
for the explanation with a wider latent scope.
In the following analysis, we employed Bayesian inference using Stan to estimate parameters and compare models.
Throughout the analysis, the number of samples per chain
was 12,000, of which the warm-up period was 2,000, the
number of chains was 4, and the seed value was 4,649.

Bias confirmation
First, we checked whether the latent scope bias was generated by the subjective probability responses. Since m = 1, 2
is a condition that has been examined in previous studies,
while m = 0 is a condition that has not, it is necessary to
examine these conditions separately. Therefore, we analyzed the degree of latent scope bias for each m independently. Specifically, we performed beta regression on the preprocessed data as described above. That is, for m = 0, 1, 2,
we performed Bayesian estimation of the mean of the beta
distribution µm = am /(am + bm ) using the prior distributions
am ∼ N(0, 52 ), bm ∼ N(0, 52 ), am , bm > 0 based on the follow-
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Figure 3: Shape of the posterior distribution of the mean µm
of the beta distribution, estimated according to the formula
(12) for each m of elements in the manifest scope. The dots
represent the EAP estimates, the solid horizontal lines represent the 95% CI, and the dashed line represents µm = 0.5.
ing model:
(ml)

pi j

∼ Beta(am , bm )

(12)

The estimation results are shown in Table 1. The shapes of
the posterior distributions, expected a posteriori (EAP) estimates, and their 95% credible intervals (CI) are shown in
Figure 3. Since the upper bound of the 95% CI was < 0.5 in
all cases, we can say that the latent scope bias occurred even
in responses based on subjective probability. It is also found
that the bias occurred in the m = 0 condition. In contrast, µm
was close to 0.5, suggesting that the effect of latent scope bias
was not so large.

Model comparison
Next, for each model, we calculated the goodness of fit for
the obtained data. In estimating the parameters, the prior distributions were set as α ∼ U(0, 1), u ∼ N(1, 12 )(u > 1), σ ∼

Table 2: Calculated WAIC and FE for each model.
WAIC
FE
Bayesian model
1.097 1947.6
independent Bayesian model 1.118 2008.7
Utility ratio model
1.140 1998.9
Utility difference model
1.113 1971.8
Table 3: Calculated WAIC and FE for the model with and
without individual differences.
WAIC
FE
model with individual differences
1.097 1947.6
model without individual differences 1.203 2027.1
N(0, 52 )(σ > 0). Widely applicable information criterion
(WAIC) and free energy (FE) were computed as measures of
goodness of fit. To calculate the free energy, we used the
bridgesampling package in R.
The results are shown in Table 2. Since the Bayesian model
had the lowest values both for WAIC and for FE, the Bayesian
model fit the data best and was thought to best represent the
participants’ reasoning process. For this reason, we decided
to use the Bayesian model in subsequent analyses.
In addition, to examine individual differences of the parameters, we created a model in which α in the Bayesian model is
a common parameter for all participants. The model created
here is called the model without individual differences, and
the original model is called the model with individual differences.
A comparison of the goodness of fit for these models is
shown in Table 3. Both the WAIC and FE were lower in the
model with individual differences. This result strongly supports the model with individual differences, suggesting that
the individual differences in α are considerable.
The mean and 95% CI of the posterior distribution of αi for
each individual are shown in Figure 4. There were 18 participants whose 95% CI for αi did not include 0.5. Of these, 17
had upper bounds on the confidence interval < 0.5. Therefore, it was suggested that a certain number of participants
underestimated P(Z|I). In contrast, for 52 participants (over
70% of the total), the 95% CI included 0.5, and for one participant, the lower bound of the 95% confidence interval was
> 0.5. This suggests that many participants did not necessarily underestimate P(Z|I).

Comparison with a normative model
The previous analysis suggests that there were some individual differences in αi . In contrast, it also suggests that the underestimation, i.e., the latent scope bias, did not necessarily
occur in many participants. In particular, participants around
αi = 0.5 did not exhibit latent scope bias, suggesting that they
were reasoning normatively. However, inference with credible intervals cannot provide positive evidence that each individual is doing so. Therefore, we created a normative response model and analyzed which of the Bayes or normative
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Figure 4: Estimation results of αi for each participant in the
Bayesian model, in ascending order. The dots represent the
EAP estimates, the solid lines represent the 95% CIs, and the
dashed line represents αi = 0.5. Participants whose 95% CI
does not include 0.5 are drawn in darker colors.

Figure 5: Histogram of BFi , classified based on Kass and
Raftery (1995).
models would fit the data for each participant.
(ml)
In the case of a normative response, the log odds of pi j
are expected to follow a normal distribution with mean 0.
In other words, the following model is called the normative
model:


(ml)
pi j
 ∼ N(0, σ2 )
(13)
log 
(ml)
1 − pi j
For each participant, the Bayes factor BFi was calculated for
the obtained data yi . BFi is defined by the following equation,
i.e., the ratio of marginal likelihoods of the normative model
(denoted as model M0 ) and the Bayesian model (denoted as
model M1 ):
p(yi |M1 )
(14)
BFi =
p(yi |M0 )
Note that in calculating BFi for each individual, the
population-level parameter σ of each model was fixed to the
EAP estimated using everyone’s data.

The histogram of the calculated BFi is shown in Figure 5.
In this figure, Bayes factors were classified based on the criterion of Kass and Raftery (1995) 1 . Twenty-one of the 70
participants supported the normative model at the “positive”
level or higher, while 25 participants supported the Bayesian
model at the “positive” level or higher. This suggests that although some participants showed latent scope bias, the bias
did not appear in a certain number of participants. Furthermore, for each model, there were several participants who had
“very strong” levels of support, suggesting that there were
large individual differences in latent scope bias.

Discussion
This study focused on the inferred evidence account as the
process of the latent scope bias, and directly verified the
Bayesian probabilistic reasoning component by cognitive
modeling using the subjective probability response data. The
bias confirmation showed that latent scope bias was generated even in responses based on subjective probability. In addition, the results of the model comparison suggested that the
inferred evidence account proposed by Johnson et al. (2016)
was a relatively reasonable explanation. The analysis of individual differences suggested that there are certain individual
differences in the occurrence of latent scope bias.
Furthermore, the results of the beta regression (Figure 3)
suggest that the effect size of the latent scope bias is not very
large, and the Bayes factor (Figure 5) suggests that although
there were indeed a certain number of participants who had a
bias, but at least for the participants in this experiment, there
were not many who experienced the latent scope bias.
In this study, it is suggested that it is more appropriate to
assume that we are reasoning with probabilities, rather than
reasoning with utilities, as an inference process for the likelihood of explanations. Together with the result that the biased
term in the (1) equation is P(Z|I) (Johnson et al., 2016), this
result supports the theory of inferred evidence as the process
of generating latent scope bias. However, it should be noted
that the results of the model comparison in this study are only
within the scope of the models examined, and different results
may be obtained by considering other models.
In previous studies, individual differences in latent scope
bias or the heuristics that cause it have not been examined.
The present study quantitatively showed that some individuals engage in normative reasoning, while others do not, suggesting that the majority of individuals engage in normative
reasoning. In future research, it should be considered that latent scope bias does not necessarily occur for everyone, and
future research should consider factors causing such individual differences.
Future research is to examine whether this study’s findings
can be generalized to other types of responses (e.g., Likerttype scale). Additionally, the model used in this study as1 Note: 1 ≤ BF ≤ 3: Not worth more than a bare mention, 3 ≤
i
BFi ≤ 20: positive evidence for M1 , 20 ≤ BFi ≤ 150: strong evidence
for M1 , BFi ≥ 150: very strong evidence for M1
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sumes that the participants understand the questions correctly.
However, it is possible that the participants do not understand the question statement according to normative probability theory, as seen in the criticisms of the research on representativeness heuristics (e.g., Hertwig & Gigerenzer, 1999;
Hertwig, Benz & Krauss, 2008). Further studies are needed
to address this point as well.

Conclusion
In this study, we modeled how the latent scope bias arises,
and the results showed that the Bayesian inference process
proposed in previous studies was the most supported. Moreover, the results suggest that there are individual differences
in the occurrence of latent scope bias and that there are some
individuals who have bias, whereas others show normative
inference.
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Abstract

Regardless of their source, such attributions of function
bring with them a normative standard against which category
members can be judged: as better or worse at fulfilling their
function. This can in turn license beliefs about how things
ought to be (Aristotle, ca. 350 B.C.E./1996; Foster-Hanson &
Lombrozo, 2021; Lane, 2020). For example, believing that
knives are for cutting, or that bees are for making honey, can
lead people to think there is something wrong with a knife or
a bee that fails to fulfill its function (DiYanni & Kelemen,
2005) or even that it is no longer a knife or a bee at all (Rose
& Nichols, 2019; 2020). Here we ask whether this form of
functional reasoning extends to social categories, and in
particular to gender categories such as mothers and men. Do
people tend to think of such categories of humans in terms of
functions, such as protecting others, living a fulfilling life, or
raising children? And if so, what are the consequences of
such functional reasoning for judgments of how members of
these categories ought to behave? (Ought men to protect, and
mothers to nurture?)
While a great deal of prior work shows that people explain
the intentional behaviors of individuals in terms of functions
and goals (e.g., a person might cross the street to get to the
other side; Heider, 1958; Malle, 2011), less is known about
functional reasoning concerning groups of individuals. At the
level of the whole species, there is evidence for some
functional reasoning (Lewry et al., 2021), in that many people
endorse the view that humans as a species exist to serve a
function (e.g., to reproduce). Moreover, this belief is
associated with judging that it is morally wrong for an
individual human to choose not to fulfill this function (e.g.,
to choose not to reproduce). There is also evidence that at the
more fine-grained level of social roles (e.g., doctor,
comedian, babysitter, and so on), many categories are
associated with clear functions in society (e.g., the function
of doctors is the help people who are sick). These features
play a role in both classification and normative judgments
about what people ought to do (e.g., Kalish, 2012; Kalish &
Lawson; 2008; Knobe et al., 2013; Del Pinal & Reuter, 2017).
Generalizing from social roles to social categories more
broadly, we might expect people to attribute functions to
categories such as men and mothers, and to judge that men
and mothers ought to behave in ways that fulfill their
corresponding functions. One aim of this paper is to evaluate
whether this is indeed the case. A deeper aim, however, is to

Do people attribute functions to gendered social categories?
(For instance, is there something men or mothers are for?) And
if so, do such attributions of function have consequences for
normative judgments about what members of these social
categories ought to do? In the current study, participants (N =
366) rated their agreement with 15 statements about the “true
functions” of different social categories, in triads of matched
masculine, feminine, and superordinate categories (e.g.,
fathers, mothers, and parents). Participants endorsed functional
claims more for some social categories (e.g., parents) than
others (e.g., kids), and their background beliefs about gender
predicted variation in functional reasoning. However, across
categories, participants judged that fulfilling true functions was
‘natural’ for members of the category, and they judged that
category members ought to fulfill their true functions.
Keywords: social cognition, functional
normative judgments, gender, essentialism

explanations,

Introduction
From childhood, people tend to think of human-made
artifacts as serving some function or purpose (Rips, 1989).
Although even young children understand that people make
artifacts but not natural kinds (Gelman & Markman, 1987;
Springer & Keil, 1989), people sometimes extend functional
reasoning to aspects of the natural world (Kelemen, 1999a;
Lombrozo & Rehder, 2012): young children avow that lions
are for going in the zoo (Kelemen, 1999c), and many adults
agree that trees exist to produce oxygen (Kelemen & Rosset,
2009; Kelemen et al., 2013; Roberts et al., 2021). These
beliefs about functions seem to arise from people’s
background beliefs about the origins of different kinds of
things and their features. For example, function attributions
about artifacts are grounded in background knowledge that
humans create artifacts for specific purposes (e.g., people
make knives to cut things; Bloom; 1996). Function
attributions about the natural world (e.g., that bees exist to
make honey) can rest on beliefs in a divine creator, but they
can also stem from common attributions of agency to nature
and assumptions about natural selection (Barnes et al., 2017;
Gregory, 2009; Kelemen, 2004; Kelemen & Rosset, 2009;
Kelemen et al., 2013; Lombrozo & Carey, 2006; Lombrozo
& Shtulman, 2006; Mayr, 1982; Shtulman, 2006, 2017; Ware
& Gelman, 2014).
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better understand the causes and consequences of such
attributions of function. For these questions, gender
categories are particularly promising for several reasons.
First, there is likely to be variation across gender categories
in the extent to which people adopt a functional perspective,
and additionally in the functions they ascribe. Mothers and
fathers are relational categories (Gentner & Kurtz, 2005) with
plausible functions associated with raising children, but what
are the functions of entity categories such as boys or girls?
Variation across categories in functional reasoning could
reflect differences in the extent to which people view them as
relational. Second, different gender categories also likely
vary in how people think of them—and their functions—as
biological or “natural.” From at least age 3, children and
adults tend to believe that gender marks essentially different
kinds of people that exist in nature (Gelman & Taylor, 2000),
and they expect gender differences in behavior to emerge
naturally (Meyer & Gelman, 2016). One hypothesis we
explore is that beliefs about the “natural” go hand in hand
with beliefs about the “functional,” such that (for example)
believing it is natural for mothers to care for children predicts
viewing caring for children as a function of mothers.
Gender categories are also a useful test case because there
is likely to be variation in judgments across the individuals
making those judgments. Many forms of sexism are
characterized by beliefs that men and women serve distinct
functions in society (Glick & Fiske, 1996; 1999), and
individual variation in these beliefs is reflected in people’s
behavior in both their personal (e.g., Eastwick et al., 2006)
and professional lives (e.g., Cassidy & Krendl, 2019).
Similarly, individual people might vary in how much they
think of categories such as men and women as relational, with
complementary roles and functions in society. There is also
documented variation in the extent to which different people
“essentialize” gender categories (Fast & Olson, 2018;
Skewes et al., 2018), and people who hold stronger gender
essentialist beliefs exhibit more support for gender
discrimination and more backlash towards gender
nonconformity (Kray et al., 2017; Skewes et al., 2018). One
hypothesis we explore is that variation in sexism and gender
essentialism predicts variation in functional reasoning about
social categories involving gender. Specifically, we
hypothesized that sexist and gender essentialist beliefs might
be correlated with endorsing different functions for men and
women (i.e., more gender stratification).
Finally, gender categories are an ideal test case for
investigating normative beliefs about how category members
ought to behave. There is already evidence to suggest that
essentialist beliefs shape normative judgments, for example
by absolving actors of blameworthiness for bad actions that
are “natural” and therefore deemed beyond their control
(including male infidelity or even rape; Dar-Nimrod et al.,
2011; Ismail et al., 2012; see also Brescoll & LaFrance,
2004). Is it also the case that functional reasoning drives

normative expectations about gender? For instance, are
mothers and fathers judged similarly in whether they ought
to fulfill their category-specific functions (e.g., raising
children or providing for their families)?
In the study reported below, we consider the causes and
consequences of functional reasoning about social categories.
We focus on categories with masculine and feminine
subordinates (such as parents: mothers & fathers; kids: girls
& boys) as an ideal test case for socially-consequential
categories about which we are likely to see relevant variation
in functional reasoning. Using such categories, we ask: (1)
Do people think of social categories as having “true
functions” and, if so, how do these function attributions vary
across different categories? (2) Do attributions of function
vary across individuals with different background beliefs and
ideologies? (3) Are beliefs about functions correlated with
normative judgments about how members of social
categories ought to be, above and beyond estimations of
feature prevalence?

Method
Pretest
In order to generate a list of possible functions associated
with different social categories, we first asked a separate
group of participants to answer the open-ended question,
“What is the true function of [social category]?” We recruited
120 adults from Prolific (54 female, 65 male, 1 non-binary;
Mage = 36). Participants were tested using Qualtrics and
received $0.50 for participating. All study procedures for this
and the main study were approved by the Institutional Review
Board of the authors’ university.
Each participant in the pretest was randomly assigned to
generate a list of 1-3 “true functions” for a single social
category, out of 12 possible categories (mothers, fathers,
parents, women, men, people, females, males, humans, girls,
boys, and kids). We selected these categories because they
could be structured into four triads, each consisting of one
superordinate category (e.g., parents) and matched masculine
and feminine subordinate categories (e.g., fathers, mothers).
Participants’ generated functions were then coded into
common themes using keyword search and checked for
accuracy by the first author (all data and analysis code for
both the pretest and the main study are available on OSF,
https://osf.io/nvjxa/). This yielded a list of the most common
functions attributed to each social category, which resulted in
the set of 15 unique functions used in the main study1 (given
repeated functions across the categories; see Figure 1).

Participants
We calculated the desired sample size for the study by
conducting a power analysis for general linear regression
using the pwr.f2.test function in the (“pwr” package;
Champely et al., 2020), including a moderate effect size and

1

A total of 16 themes emerged in participants’ generated
functions, however we omitted functions related to God’s design as

this captured a different type of functional reasoning than the focus
here. The remaining 15 functions were included in the main study.
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80% power, with the number of covariates as four in order to
allow sufficient power to test the hypotheses described in our
preregistration (see https://osf.io/3fk7p). This calculation
suggested a sample size of 84 participants per triad, so we
recruited 93 participants per triad, none of whom participated
in the pretest, to allow for possible drops. Of our total
recruited sample of 372 participants (across four triads), 2 did
not complete the study and 4 were excluded for incorrectly
answering more than 1 out of 3 attention check questions, as
described in our preregistration plan. This left 366
participants (198 female, 150 male, 11 non-binary; 4
transgender; 1 gender non-conforming; 2 other; Mage = 36).
Participants were recruited using Prolific and tested using
Qualtrics; they were paid $2.50.

each triad. As the figure shows, function endorsement was
variable but high: all categories had items for which mean
function endorsement was significantly above the scale midpoint (i.e., “neither agree nor disagree”).
To compare overall function endorsement across
categories, we analyzed agreement with function statements
as the dependent variable in exploratory linear mixed models
(with the lme4 package; Bates et al., 2015), including triad
and level as predictors and random intercepts for each
participant and function. (The order in which participants
made judgments about subordinate masculine and feminine
categories was not significant in any model and is excluded.)
We report the results of Likelihood Ratio Tests. Participants’
endorsement of functions varied by both triad and level (i.e.,
masculine, feminine, superordinate; 2-way interaction, 𝑋 ! (6)
= 324.17, p < .001). The highest overall function ratings were
for the category parents, and the lowest for kids (see Figure
1). Effects of level were inconsistent across triads.

Procedure
Participants rated their agreement with a set of statements
about the true functions of matched triads of social
categories, based on the functions generated by participants
in the pretest. For example, participants rated how much they
agreed with the statement, “The true function of fathers is to
care for children.” These statements were rated on a 1-7
Likert scale (1 = “Strongly disagree”, 7 = “Strongly agree”).
Participants were randomly assigned to make judgments
about all three categories within one of the four triads
(parents, kids, humans, and people). All participants made
judgments about the two subordinate (gendered) categories
first, in random order, followed by judgments about the
superordinate category.
Participants also rated on 1-7 Likert scales (1) how
prevalent they thought fulfilling each function is among
members of the category (e.g., “In general, how many fathers
do you think care for children?”) (2) how natural it is for the
category (e.g., “How natural is it for fathers to care for
children?”), and (3) how much members of the category
ought to fulfill each function (e.g., “How much do you think
fathers ought to care for children?”).
At the end of the study, we also measured participants’
ideological beliefs about gender using the Ambivalent
Sexism Inventory (Glick & Fiske, 1996; 1999) and Gender
Essentialism Scale (Skewes et al., 2018).

Results
We report the subset of pre-registered analyses that bear on
our three motivating questions: (1) Whether people think of
social categories in functional terms and, if so, how function
attributions vary across different categories; (2) How
attributions of function vary across individuals; and (3)
Whether beliefs about functions predict normative judgments
about how members of social categories ought to be.
Analyses that were not pre-registered are flagged as
exploratory.

Figure 1: Mean endorsement of “true functions” by
category, with 95% CIs. Panels show the four triads.

Function Attributions Vary Across Categories

Functions Vary in Homogeneity Across Categories

Figure 1 reports the mean level of endorsement for each
function statement, subdivided by triad and by level within

In addition to variation in the strength of function
endorsement, categories might vary in homogeneity – that is,
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in the extent to which function attributions are consistent
across participants. One of our pre-registered hypotheses was
that participants’ judgments about the functions of mothers
would be more homogenous than judgments about any other
category. To test this, we compared variances in participants’
responses across categories using Levene’s tests (with the car
package; Fox & Weisberg, 2019). This analysis revealed a
significant effect of category on homogeneity, F(11, 16458)
= 102.87, p < .001, with endorsement of the true function of
mothers more homogenous (Mresidual = 0.89) than that of all
other categories except parents (Mresidual = 0.86; all other
categories: Mresiduals = 0.92 to 1.19). Also as predicted,
participants’ total endorsement of reproductive functions as
the “true function” of mothers (top-rated functions: caring for
children, teaching children, and providing guidance) was
higher than their total endorsement for all other nonreproductive functions (Mdiff = 0.15), but they showed the
opposite pattern for every other social category tested—
including fathers and parents (Mdiffs = -0.07 to -1.55).

Ideology Predicts Varied Function Attributions
We hypothesized that gender stratification, or overall
differences in the endorsement of each function as the true
function of paired masculine and feminine categories, would
be positively correlated with participants’ ideological beliefs
including gender essentialism and benevolent sexism. To test
this prediction, we computed a gender stratification score for
each participant by subtracting their function ratings for the
masculine category from their ratings for the feminine
category for each function item, then taking the absolute
value of the difference to create item-level difference scores
per participant. We also averaged participants’ responses on
the Gender Essentialism Scale (Skewes et al., 2018) and
responses to benevolent sexism items from the Ambivalent
Sexism Inventory (Fiske & Glick, 1999) into composites. We
then analyzed participants’ gender stratification scores using
backward stepwise regression with the step function (in the
lmerTest package; Kuznetsova et al., 2017); the full model
included triad and each ideological belief as a main and
interactive (with triad) effect and random intercepts for
function items.
In the reduced model, there were significant 2-way
interactions between triad and gender essentialism, F(3,
5464) = 5.47, p < .001, and between triad and benevolent
sexism, F(3, 5464) = 7.54, p < .001. Although both gender
essentialism and benevolent sexism were positively
correlated with gender stratification overall, the different
ideological beliefs played different roles across triads (Figure
2). Gender essentialism predicted endorsement of more
stratified functions only for boys vs. girls (kids triad, simple
slope = .11, p < .001) and males vs. females (humans triad,
simple slope = .15, p < .001; all other ps < .05). In contrast,
benevolent sexism predicted endorsement of more stratified
functions only for men vs. women (people triad, simple slope
= .10, p < .001; all other ps < .05). Participant beliefs did not
predict more stratified function attributions for parents, likely
due to ceiling effects (see Figure 1). The pattern of results
was unchanged if the behavior item “having babies” (which
was rarely endorsed for masculine categories) was omitted.

Functions Are Natural
To better understand the sources of function attributions
across categories, we performed additional exploratory linear
mixed models predicting endorsement of each function
statement from ratings of both its prevalence and its
naturalness. These models included triad and level as
predictors, and random intercepts for both participants and
function items. In these analyses, participants’ ratings of how
“natural” it is to fulfill a function predicted their agreement
with the claim that it was the category’s “true function” (𝑋 !
(1) = 3067.85, p < .001), above and beyond beliefs about the
behavior’s prevalence (𝑋 ! (1) = 316.32, p < .001), across all
social categories tested (all simple slopes, p < .001). Thus,
judgments that fulfilling a given function is “natural” went
hand in hand with attributing that function to the category.

Naturalness and Prevalence Vary Across Categories
Across categories, there was also variation in participants’
beliefs about the prevalence (2-way triad x level interaction,
𝑋 ! (6) = 285.63, p < .001), and naturalness of functions (2way triad x level interaction, 𝑋 ! (6) = 444.92, p < .001). In
follow-up exploratory linear mixed models including only
the top three highest-rated functions for each category, and
excluding superordinate categories for comparison across
gendered categories, participants rated mothers’ top
functions as more prevalent than fathers’ (pairwise contrast,
p < .001) but gave similar prevalence estimates for gendered
pairs in all other triads (all ps > .10; 2-way triad x level
interaction, 𝑋 ! (3) = 12.15, p < .001). Naturalness judgments
showed only a main effect of level (𝑋 ! (1) = 6.99, p = .008),
with participants rating category functions as more natural for
feminine categories than masculine categories (pairwise
contrast, p = .008), and a main effect of triad (𝑋 ! (3) = 4.66,
p = .003), with participants rating the top functions of parents
as more natural than the functions of both kids (pairwise
contrast, p = .04) and people (pairwise contrast, p = .007).

Figure 2: Gender stratification in endorsement of the “true
function” of each gendered category, by benevolent sexism
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(top row) and gender essentialism (bottom row). Lines are
group means with 95% CIs; small circles show individual
participant scores. Columns show the four triads.

= 5.54, p < .001), such that function endorsement was more
strongly correlated with ought judgments for some categories
(e.g., parents, simple slope = .54, p < .001) than for others
(e.g., men, simple slope = .41, p < .001). However, function
ratings were significantly correlated with ought judgments
for all categories (all ps < .001; Figure 3). This analysis also
revealed a significant main effect of gender essentialism on
ought judgments (𝑋 ! (1) = 4.02, p = .046), with participants
who scored higher on gender essentialism agreeing more
strongly overall with normative ought judgements.

These results suggest that expecting functions to vary
between gender categories because of different biological
essences might be distinct from expectations that gender roles
entail specific functions in society. We address this
interpretation further in the Discussion.

The Consequences of Functional Reasoning for
Normative Judgments

Discussion

Finally, we tested whether endorsement of functional claims
predicted normative judgments of behavior. We analyzed
participants’ agreement with normative statements that
category members ought to fulfill each function using linear
mixed models, testing for main and interactive effects of
function endorsement as well as level and triad. We included
participants’ prevalence estimates as a control, as well as
their ideological beliefs (including gender essentialism and
benevolent sexism) and random intercepts for participants
and function items.

In this study, we examined the causes and consequences of
functional reasoning across a range of social categories. We
found variation in the strength of function attributions across
categories as well as in the homogeneity of those attributions.
Despite this variability across categories, participants’ ratings
for certain functions were above the mid-point for all
categories, suggesting that people do think of a wide range of
social categories in functional terms. Also across all
categories, participants were more likely to attribute
functions to categories when they judged them as more
“natural” for the category’s members, supporting the notion
that beliefs about what is natural drive—or at least go hand
in hand with—beliefs about the functional.
Participants also varied in the extent to which they viewed
different categories in functional terms, with prescriptive
implications. For example, participants judged that parents
ought to display their functions (caring for children and
providing for their families) more than men ought to display
their functions (e.g., living a good life; Figure 3). One
possible explanation for this difference is that certain
behaviors have more obvious consequences for other people
within a society. For example, if parents fail to care for their
children, then the child will be directly harmed unless other
members of society fill the role, but the potential harm of a
man failing to live a good life is much more abstract and
individual. This variation might also reflect differences in
functional roles across relational and entity categories (Kurtz
& Gentner, 2005). Participants also endorsed true functions
less overall for the superordinate category kids than for any
other category (Figure 2); it is thus striking that endorsement
was much higher for both boys and girls than for kids,
suggesting perhaps that gender categories constitute social
roles regardless of age.
In addition to these variations across different categories,
the current study also found variation in function attributions
across individuals with different ideological beliefs. In
support of our preregistered hypothesis, gender stratification,
or differences in endorsement of the functions of paired
masculine and feminine categories (e.g., women-men;
mothers-fathers), varied depending on participants’ gender
essentialism and benevolent sexism. However, contrary to
our prediction, these beliefs played different roles across
categories: Participants who scored higher on gender
essentialism endorsed more stratified functions for boys vs.
girls and for males vs. females—categories that people are

Figure 3: Agreement with ought judgements by function
attribution for each category. Columns show the four triads,
and rows show the three levels (superordinate, feminine,
and masculine). Lines are group means with shaded bands
showing 95% Confidence Intervals, and small circles are
individual participants’ average responses. All slopes are
significant (p < .001).
Overall, participants’ beliefs about function predicted their
ought judgments (main effect of function ratings, 𝑋 ! (1) =
8395.59, p < .001) above and beyond estimates of prevalence
(main effect of prevalence, 𝑋 ! (1) = 916.10, p < .001).
However, the strength of the relation between beliefs about
function and ought judgments varied across categories (3way function endorsement x level x triad interaction, 𝑋 ! (6)
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more likely to view as natural kinds with features that are
determined by biology. In contrast, participants who scored
higher on benevolent sexism endorsed more stratified
functions for men vs. women, suggesting that people’s
function attributions for these categories may stem more from
beliefs about agents enacting their social roles than from
beliefs about natural tendencies. One interpretation is that
benevolent sexism may lead people to view gender categories
as relational, while essentialism entails viewing gender
categories as distinct entities (Gentner & Kurtz, 2005).
Neither essentialist beliefs nor benevolent sexism
predicted function attributions for parents, most likely
because people endorsed category-specific functions of
mothers, fathers, and parents at near-ceiling levels regardless
of ideological beliefs. Indeed, endorsement of the functions
of mothers and parents were the most homogenous of all
categories tested, in line with our preregistered hypothesis
(although, contrary to our prediction, parents was more
homogenous than mothers). Participants also judged that
parents ought to fulfill their functions more than any other
triad, and that fulfilling common functions was more
prevalent for mothers than fathers. Given these mixed results,
future research should directly test the causal role of beliefs
about naturalness and prevalence for normative judgments of
parents. For example, differences in prevalence estimates
between mothers and fathers suggest different expectations
of conformity; do these expectations lead to different kinds
of judgments about mothers and fathers who fail to fulfill
their functions? Relatedly, the concept mother may have a
stronger dual character than the concept father, with mothers
who fail to fulfill their functions more likely to be judged as
not “true” mothers (Knobe et al., 2013) or not their “true
selves” (Strohminger et al., 2017).
Finally, participants’ gender essentialist beliefs predicted
stronger agreement with normative ought claims overall.
Along with evidence of the central role of naturalness
judgments for function ratings, these results hint that beliefs
about functions may be a missing link through which
essentialism can foster normative expectations of conformity
(Haslanger, 2014). Specifically, do people’s intuitive
explanations for differences in behavior across gender
categories entail assuming that they are the product of
evolution, like the explanations espoused by some
researchers? (e.g., Archer, 1996; Buss, 1995; Tooby &
Cosmides, 1992). Given that common folk-biological beliefs
about evolution entail thinking that natural selection means
improvement over time (Barnes et al., 2017; Gregory, 2009;
Kelemen & Rosset, 2009; Kelemen et al., 2013; Lombrozo &
Shtulman, 2006; Mayr, 1982; Shtulman, 2006, 2017; Ware &
Gelman, 2014), essentialist beliefs about gender could
license normative expectations of conformity through the
same mechanisms as other is-ought beliefs about natural
kinds (Foster-Hanson & Lombrozo, 2021). That is, people
might reason that the causal processes that led to current
gender differences are inherently beneficent—either because
they serve the goals of an intelligent creator, or because of

misconceptions that evolution means improvement—so what
is common and natural must therefore also be right and good.
This view of gender is compatible with social role theory
(e.g., Eagly, 1987; Eagly et al., 2000) because social agents
themselves might explain and internalize social stereotypes
by incorporating them into their existing causal-explanatory
frameworks about the natural world. Along these lines, some
researchers have suggested that essentialism itself is a
motivated reasoning process (Diesendruck, 2021). These
beliefs about what is natural for different gender categories
shape both how people judge each other and how they view
themselves—including which skills people develop
beginning in early childhood (Bian et al., 2017), further
perpetuating patterns of gender stratification (Bian et al.,
2018; Chestnut et al., 2018; Meyer et al., 2015). Although
this way of perpetuating gender stereotypes may be subtle, its
effects could be pernicious precisely because its normative
entailments are never directly stated, only implied (Becker &
Wright, 2011; Haslanger, 2014). Future work should directly
test when and how general beliefs about nature mediate the
role of essentialism in licensing normative judgments.
The current study was correlational, so future work will be
needed to test the causal relation between beliefs about
naturalness, attributions of function, and normative
judgments. For example, although above we conceptualized
naturalness judgments as giving rise to beliefs about function,
the reverse relation is also possible: People might expect
members of society to fulfill specific functions as the result
of collaborative social interaction, and then come to view
those functions as natural and inevitable through processes of
system justification (Jost & Banaji, 1994; Jost et al., 2004;
Kay et al., 2009). The causal direction (naturalness to
function or vice versa) could even vary across categories and
individuals. Further empirical evidence will be needed to
tease apart these possibilities.
It is also unclear how broadly the current results generalize
beyond our sample of participants. Although we found
substantial variation in ideological beliefs across participants
(see Figure 2), our sample was limited to participants in the
United States, whose beliefs about the natural and social
worlds do not represent the variety across the global
population (Heinrich et al., 2010). For example, the specific
functions attributed to different social categories likely vary
across cultures, as might judgments about who ought to fulfill
their functions and how natural they are.
Despite these potential cross-cultural variations, people’s
views of gender categories likely incorporate both beliefs
about natural causes and beliefs about the actions of
intentional agents within social structures; these beliefs likely
vary even within a single cultural context across different
categories and individual people. For these reasons,
understanding when and how people think of categoryspecific behaviors in ways that license normative
expectations about what people ought to do (e.g., in terms of
functions) is a crucial step towards unravelling rigid systems
of gender norms.
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is no solid connector (“no cat”) linking signal and receiver.
As an aside, the joke arises from the violation of
expectation: Einstein deliberately uses a vivid analogy to
not convey any insight into the causal mechanism
underlying a new technology.
In addition to humor, Einstein’s remark illustrates the
operation of analogical reasoning on visuospatial
representations. Humans are clearly able to identify
systematic relational correspondences between visualizable
entities, based on visual imagery (often in response to verbal
input), pictures (either realistic or schematic), and/or threedimensional objects. Whereas analogies stated in language
have relations provided as part of the input (via verbs and
relational phrases), analogies based on visual inputs more
obviously depend on perceptual mechanisms to achieve the
eduction of relations (Spearman, 1923): the extraction of
relations from non-relational inputs, such as pixels in
images or spatial mesh regions in 3D objects. Reasoning by
analogy from raw visual input (e.g., thousands of pixels or
meshes) is clearly a challenging computational problem that
demands the integration of perception with reasoning.
Computational and psychological work on visual analogy
has largely focused on problems inspired by the Raven’s
Progressive Matrices (RPM) (Raven, 2000). After extensive
training with RPM-style problems, deep neural networks
have achieved human-level performance on test problems
with similar basic structures (e.g., Santoro et al., 2017;
Zhang et al., 2019). However, the success of these deep
learning models depends on datasets of massive numbers
(sometimes more than a million) of RPM-style problems,
which makes the deep-learning approach fundamentally
different from human analogical reasoning. When the RPM
task is administered to a person, “training” is limited to
general task instructions with at most one practice problem.
A further limitation of empirical and computational work
on visual analogy is that efforts have been largely focused
on problems based on simple line-drawn geometric forms or
line-drawn pictures (e.g., Sternberg, 1977; Krawczyk et al.,
2008; Richland, Morrison & Holyoak, 2006). Relatively few
studies have used images, such as pictures of cars (Ichien et
la., 2021), line drawings (Lu et al., 2019) or photos of
human interactions (Green et al., 2017). In addition to the
limited range of stimulus types, the form of analogy tasks
has also been very constrained. The most common task used
in studies of visual analogy is to ask participants to select a
valid analogical completion among several invalid foils

Abstract
We see the external world as consisting not only of objects
and their parts, but also of relations that hold between them.
Visual analogy, which depends on similarities between
relations, provides a clear example of how perception
supports reasoning. Here we report an experiment in which
we quantitatively measured the human ability to find
analogical mappings between parts of different objects, where
the objects to be compared were drawn either from the same
category (e.g., images of two mammals, such as a dog and a
horse), or from two dissimilar categories (e.g., a chair image
mapped to a cat image). Humans showed systematic mapping
patterns, but with greater variability in mapping responses
when objects were drawn from dissimilar categories. We
simulated the human response of analogical mapping using a
computational model of mapping between 3D objects,
visiPAM (visual Probabilistic Analogical Mapping).
VisiPAM takes point-cloud representations of two 3D objects
as inputs, and outputs the mapping between analogous parts
of the two objects. VisiPAM consists of a visual module that
constructs structural representations of individual objects, and
a reasoning module that identifies a probabilistic mapping
between parts of the two 3D objects. Model simulations not
only capture the qualitative pattern of human mapping
performance cross conditions, but also approach human-level
reliability in solving visual analogy problems.
Keywords: vision; analogy; mapping; graph matching; deep
learning

Introduction
Suppose a preschooler is asked questions about pictured
objects, such as, “If a tree had a knee, where would it be?”
or “Can you point to the eyes of this car?” Children often
provide reasonable answers to such questions, providing
evidence of the creative nature of human intelligence
(Gentner, 1977). Such findings show that the ability to see
visual analogies develops early. Visual analogies can also
contribute to vivid communication. In a humorous
explanation of radio communication, Albert Einstein
remarked, "... the wire telegraph is a kind of very, very long
cat. You pull his tail in New York and his head is meowing
in Los Angeles…. And radio operates exactly the same way:
you send signals here, they receive them there. The only
difference is that there is no cat." Einstein’s analogy
depends on a visual mapping between the imaginary cat and
a telegraph line, stripped away from the specific features of
either, but linked to the functions of signal and receiver. The
analogy is then abstracted further: in the case of radio, there
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(e.g., Krawczyk et. al., 2008; Green et al., 2017; Lu et al.,
2019). Although such forced-choice tasks can be useful to
test specific hypotheses, participants’ performance heavily
depends on what distractors are used.
A different paradigm, first used in the classic study by
Gentner (1977), is to let people annotate analogous parts of
objects. Gentner asked children and adults to place two dots
on a line-drawn object (either a tree or mountain) that would
correspond to two human body parts (e.g., mouth and a
knee). The advantage of this marker-placement tasks is that
it provides a direct measure of analogical mapping that does
not require predefining the “correct” response, and which
avoids biases that might be triggered by the choice of foils.
Here we propose a flexible computational model of visual
analogy for 3D objects, and compare its predictions to
findings from an experiment in which people made
judgments about correspondences between a range of
familiar 3D objects. We focused on analogical mapping
between object parts because human perception and
thinking show sensitivity to part-whole relations across both
visual and semantic domains (e.g., Tversky & Hemenway,
1984; Lee et al., 2021). Our experimental paradigm was
adapted from the marker task introduced by Gentner (1977).
We refined the paradigm by using analogies based on
images of 3D objects (without verbal cues), and obtained
more fine-grained quantitative measures of judged
correspondences.

seat, back, and chair legs, while animal parts included spine
of torso, head, and legs.
We generated 192 pairs of images. A few examples of the
stimuli are shown in Figure 1. Each image pair included a
source image (either a chair or an animal), which was
annotated with two markers on two different parts of the
object. To generate marker locations for source images, we
first rendered the images using corresponding 3D object
models, and then calculated marker locations on the
rendered 2D images using a perspective projection for the
predefined camera position. In the within-category
condition, the source and target images were from the same
general object category (e.g., two images of animals). In the
between-category condition, the two images were from
different object categories (e.g., a chair image with an
animal image). The two objects in an image pair were
shown in the same orientation.

Figure 1. Sample stimuli. Left panel: within-category trials
with source and target images from the same object
category. Right panel: between-category trials with images
from different object categories.

Human Experiment
The goal of the experiment was to measure human mapping
performance for visual analogy problems in which the two
3D images were drawn either from the same category (e.g.,
dog and horse images as the analogs), or from two
distinctively different categories (e.g., the source image was
a chair and the target image was a cat).
Participants Fifty-nine participants (mean age = 20.55
years; 51 female) were recruited from the Psychology
Department subject pool at the University of California, Los
Angeles. All participants were compensated with course
credit.
Stimuli 3D object stimuli were selected from two publicly
available datasets used in computer vision: ShapeNetPart
(Yi et al., 2016) and a 3D animal dataset ("Animal Pack
Ultra 2") from Unreal Engine Marketplace. Nine chairs
were selected from the ShapeNetPart dataset (each chair
with a different shape), and nine animals from the Animal
Pack dataset: horse, buffalo, Cane Corso, sheep, domestic
pig, Celtic wolfhound, African elephant, Hellenic hound,
and camel. We used the Blender software to render 2D
images from the 3D models. The stimulus images were
generated using a constant lighting condition, with a gray
background. Multiple camera positions were sampled for
each object, with 30∘ separation between camera angles for
depth rotation. Two undergraduate research assistants
manually annotated the keypoints (i.e., center locations) of
predefined parts on the 3D objects. Chair parts included

Procedure To measure human mapping judgment, we
asked participants to perform a visual analogy task adapted
from that used by Gentner (1977). On each trial, participants
were presented with one image pair on a computer screen as
shown in Figure 1, and completed a marker-placement task.
For each of two colored markers, they were asked to “move
the marker on the top right corner in the target image to the
corresponding location that maps to the same-color marker
in the source image.” If the participant did not think there
was an analogy between the two images, they were allowed
to move the markers back to the top right corner. No time
constraint was imposed; the entire experiment was
completed in about 41 minutes on average. On each trial,
the exact location of each marker placement was recorded.
Results Five out of the 59 participants were removed from
analysis either because they indicated they were not serious,
or because they moved less than 30% of the markers. Thus,
data from a total of 54 participants were included in
analyses.
Figure 2 shows two representative examples of human
responses. The target image was the same for these two
comparisons (a horse), while the source image was either a
different animal (a Celtic wolfhound) or a chair. The
locations marked as analogous by different participants are
shown as a heatmap on the target image. These examples
2
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extend out from the main “body” of the object. Other
participants instead mapped the back of the chair to the back
of the horse, likely based on conceptual knowledge of
semantic labels for parts. To ensure that our findings were
not solely due to use of a single mean placement for each
problem, the KMeans++ algorithm (Arthur & Vassilvitskii,
2007) was applied to human-marked locations for each
between-category problem, identifying two clusters for each
problem. We then redid the distance analysis for human
responses by calculating distances to the closer center of
two clusters for between-category image pairs. Using this
revised distance measure for between-category placements,
mean distance from the closer mean placement was reduced
from 31.66 pixels (SD = 13.39) to 13.27 pixels (SD = 4.60).
A repeated-measures ANOVA using the new distance
measures (based on the closer mean placement) continued to
reveal a significant effect of category consistency on
distance from the closest mean placement, 𝐹(1,99) =
56.38, 𝑝 < .001.

illustrate the general pattern of human performance on the
task. Human responses in identifying analogous parts were
not idiosyncratic: rather, marker placements were relatively
consistent across participants, especially for within-category
image pairs (left panel). Variability of responses among
participants was greater for between-category comparisons
(right panel).

Figure 2. Example heatmaps of human marker placements
on target images for two comparisons. The source images
have been reduced in size for the purpose of illustration.

visiPAM: From Vision to Analogy
To model human judgments in the visual analogy task, we
developed a model, visiPAM, that extends an approach
previously applied to verbal analogies (Lu, Ichien, &
Holyoak, in press). The overall framework (Figure 4)
involves (1) training a visual module to create vector-based
representations of visual features for 3D objects, (2) using
the learned visual model to form structural representations
of individual objects coded as attributed graphs, and then (3)
inferring analogical mappings using a probabilistic graph
matching algorithm that aims to maximize similarity
between mapped analogs subject to a soft isomorphism
constraint (preference for one-to-one correspondences).

For each comparison of an image pair, we calculated the
mean location of colored marker placements, averaged
across participants. We then computed the spatial distance
(in pixels) from the marker location provided by each
individual participant to the overall mean location. This
measure of individual distance to the mean marker location
provided a quantitative assessment of human variability in
mapping judgments, with smaller distance values indicating
higher consistency of marked locations across participants.
For the within-category image pairs, the mean distance to
the mean marker location was around 8 pixels. Relative to
the object sizes (average height of 213 pixels and width of
135 pixels), 8-pixel variability indicates strong agreement of
people’s judgments in analogical mapping.
Overall similarity between source and target images
influenced human response consistency in identifying
analogous parts. As shown in Figure 3, variability in
mapping judgments was higher when the two analog objects
were from distinctively different categories (mean 31.66
pixels) than from the same category (mean 7.66 pixels). A
repeated-measures ANOVA with two within-subjects
factors (within- vs. between-categories for source and target
images, and type of target images) revealed a reliable main
effect of category consistency between source and target
images, 𝐹(1,192) = 971.92, 𝑝 < .001. The main effect of
target category was not reliable, but a two-way interaction
effect was found, 𝐹(1,192) = 15.75, 𝑝 < .001 . This
interaction reflects greater within-category distances for
comparisons between pairs of chairs than of animals, likely
due to greater shape variability among the set of chairs than
the set of animals used in the experiment.
Human responses for some between-category problems
showed sub-clusters in marked locations. In the example
shown in Figure 2 (right), some participants mapped the
back of the chair to the head of the horse, as both parts

Figure 3. Human judgments in the marker-placement task.
Mean distances of marked locations to the mean placements
varied as a function of whether the source and target images
were drawn from the same or different categories, and
which category was used in the target image.
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In all the simulation results reported below, the DGCNN
was trained on the ShapeNetPart dataset only. Critically,
the DGCNN was only trained on man-made objects in the
ShapeNetPart dataset and was never trained with 3D
animals. About 2000 points were used to represent each 3D
object. To reduce the computation cost in the reasoning
module, a cluster algorithm (KMeans++ algorithm; Arthur
& Vassilvitskii, 2007) is applied to point embeddings to
group the points into eight clusters. Each cluster includes
3D points that share similar visual features of geometric
shapes. Although this clustering is based entirely on visual
embeddings, each cluster typically corresponds to a
semantically meaningful part of the object. The clustering
algorithm thus approximates the formation of visual
representations of object parts.
Using the pipeline described above (see Figure 3), an
attributed graph with eight nodes can be constructed to form
a structural representation of any 3D object. The part
clusters provide the nodes and mean embedding vectors for
each cluster constitute node attributes. The eight nodes are
fully interconnected to form attributed edges that capture the
relative spatial relations among object parts. The relative
spatial relations between parts are used to form edges in the
attributed graph. For each object part, we calculate the
center location by averaging 3D coordinates of points in one
cluster. For any pair of parts, we capture spatial relations
using three angular distances between cluster centers of the
two parts and the object centroid. We denote the 3D
coordinates of two cluster centers for two object parts as 𝒄𝒊
and 𝒄𝒋 , and the center location of the whole object as 𝒄𝟎 . A
relation vector that includes three elements is computed
using the cosine distances (i.e., angular rotation): (cos(𝒄𝒊 −
𝒄𝒋 , 𝒄𝒊 − 𝒄𝟎 ) , cos(𝒄𝒊 − 𝒄𝟎 , 𝒄𝒋 − 𝒄𝟎 ) , cos(𝒄𝒊 − 𝒄𝒋 , 𝒄𝒋 − 𝒄𝟎 )).
Note that the relation vector is invariant to object rotation.

Visual module: Structural representation of objects
The basic aim of the visual module in visiPAM is to form a
part-based structural representations of 3D objects that
captures both local 3D shape information about parts and
the relative spatial relations between parts (see Figure 5).
We employed a type of deep neural network, a Dynamic
Graph Convolutional Neural Network (DGCNN) (Wang et
al., 2019) to capture shape features of 3D objects. The
network takes as input a set of 3D points of an object
(termed a point cloud), which is used to accomplish a wide
range of tasks, including object classification and semantic
part segmentation. The core component of DGCNN is the
EdgeConv operation: for each point, the layer aggregates
information from the K nearest neighboring points through a
nonlinear function to learn features 𝑒𝑖𝑗 = ℎ(𝑥𝑖 , 𝑥𝑗 ), where
the ℎ(⋅) function itself is a shared-weight Multilayer
Perceptron. The point cloud first passes through three layers
of EdgeConv operations. The features created by each
EdgeConv layer are max-pooled globally to form a vector,
and concatenated with each other to combine geometric
properties. These features are then passed to four additional
MLP layers to produce a segmentation prediction for each
3D point.
The DGCNN is trained on a supervised part segmentation
task (Yi et al., 2016) using 16 types of 3D objects drawn
from the ShapeNetPart dataset, which contains about 17,000
models of 3D objects from 16 rigid object categories,
including cars, airplanes, and chairs. Each 3D object is
annotated with 2-6 parts. After training with a part
segmentation task, DGCNN is able to extract local
geometric properties from nearby 3D points and encode
these as embedding features. Hence, DGCNN transforms
the three-dimensional input (x, y, z coordinates) of each 3D
point of the object into a 64-dimension embedding vector in
the third EdgeConv layer. These embeddings capture critical
local geometric properties of 3D shapes, and thus represent
informative visual features associated with object parts.

Figure 5. The visual module forms a part-based structural
representation of each object organized into an attributed
graph.
Figure 4. Overview of visiPAM. Left: The visual module
takes as input a set of 3D points of an object and forms a
structural representation of the object as an attributed graph.
Right: The reasoning module then identifies the optimal
mappings between nodes in the attributed graphs for two
objects. Points on parts predicted to be analogous are coded
with the same color in the two objects.

Reasoning module: Probabilistic Analogical
Mapping (PAM)
After forming the structural representation objects in the
form of attributed graphs, the reasoning module uses the
Probabilistic Analogical Mapping (PAM) model (Lu et al.,
2022) to identify correspondences between analogous parts
across the two objects. Essentially, PAM is a constrained
4
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graph-matching algorithm that operates on a pair of
attributed graphs, 𝐺 and 𝐺 ′ , composed of nodes 𝑁
approximately corresponding to object parts, edges 𝐸
coding spatial relations between parts, node attributes 𝐹
based on visual embeddings extracted from the DGCNN
model, and edge attributes 𝑅 based on vectors of relative
spatial relations between parts. Let i and j be indices of
nodes in the graph. 𝐹𝑖 indicates the node attribute (visual
features) of the ith node and 𝑅𝑖𝑗 indicates the spatial relation
of the edge linking the ith node to the jth node. We denote
the attributed graph for source objects as 𝐺 = (𝑁, 𝐸, 𝐹, 𝑅)
and that for target objects as 𝐺 ′ = (𝑁 ′ , 𝐸 ′ , 𝐹 ′ , 𝑅′ ). We use 𝑖
and 𝑗 as indices of nodes in the source graph 𝐺, and 𝑖 ′ and 𝑗 ′
as node indices for the target graph 𝐺 ′ .
PAM adopts Bayesian inference to estimate the
probabilistic mapping matrix m, consisting of elements
denoting the probability that the 𝑖th node in the source
analog maps to the 𝑖 ′ th node in the target analog, 𝑚𝑖𝑖 ′ =
𝑃(𝑀𝑖𝑖 ′ = 1). 𝑀𝑖𝑖 ′ = 1 if the 𝑖th node in the source object
maps to the 𝑖 ′ th node in the target object, and 𝑀𝑖𝑖 ′ = 0 if
the two nodes are not mapped. The mapping follows the
constraints ∀i ∑i′ Mii′ = 1, ∀i′ ∑i Mii′ = 1. The optimal
mapping identified by PAM is based on maximizing the
posterior probability 𝑃(𝑚|𝐺, 𝐺 ′ ):
P(m|G, G′) ∝ & P(G, G′|m)P(m),

algorithm (Gold & Rangarajan, 1996), which iteratively
converges on a soft assignment of mapping variables
between the source and target analogs.
Using visiPAM to generate placement predictions
The input to visiPAM is the 3D point cloud for each object
used in the human experiment. The model is also given the
camera orientation for each image used in the experiment,
and 3D coordinates of markers for source objects. For each
pair of images to be compared, the model takes the point
clouds of both objects as the input and employs the DGCNN
network to generate structural part representations of the
two objects as attributed graphs. The reasoning module then
uses the PAM model to identify mappings of analogous
parts between the two 3D objects. After the center locations
of parts in the two 3D objects are mapped, the marker
locations in the target point cloud that are analogous to the
markers in the source point cloud are identified by
computing the relative locations in the mapped target
cluster. The final position of the target markers is
determined by the distance of the point to the desired
location within the cluster. Since all 3D point clouds are
normalized to the same scale, this method works reasonably
well for our experiment. After obtaining the mapped
location in 3D, the final step is simply to project it onto the
2D image (given camera parameters) in order to compare
the model’s prediction with human marker placements.

(1)
′

with the constraints ∀i ∑ mii′ = 1, ∀i ∑ mii′ = 1,
i′

i

where the prior term favors isomorphic (one-to-one)
mappings, defined as
1

𝑃(𝑚) = 𝑒 β

∑𝑖 ∑𝑖′ 𝑚 ′ log 𝑚 ′
𝑖𝑖
𝑖𝑖

.

(2)

The likelihood term 𝑃(𝐺, 𝐺 ′|𝑚) is based jointly on visual
feature similarity between mapped nodes and relation
similarity between mapped parts, defined in the log form as
log(P(G, G′ |m)) = (1 − α) ∑ ∑ ∑ ∑ 𝑚𝑖𝑖 ′ mjj′ S (𝑅ij , 𝑅i′′j′ )
i

j

i′

Figure 6. Examples of part mappings between two objects
represented as point clouds, generated by visiPAM. The top
two examples (in blue boxes) generated sensible mappings
(e.g., legs of chair to legs of dog). The bottom two examples
(in red boxes) generated some sensible part mappings (e.g.,
head of camel to head of horse), but also some apparent
mismappings (e.g., hump of the camel to tail of the horse;
seat of the left chair to stand of the right chair).

j′

+α ∑i ∑i′ mii′ S(Fi , Fi′′ ),

(3)
where S(⋅) is the cosine similarity function for visual
features (node attributes) and for spatial relations (edge
attributes). Thus, the first term in Equation 3 corresponds to
the weighted sum of edge (relation) similarities multiplied
by the corresponding mapping probability, and the second
term corresponds to the weighted sum of node (visual
feature) similarities multiplied by the corresponding
mapping probability. The parameter α is a weight that
controls the relative importance of spatial relation similarity
(edges) versus visual similarity (nodes), consistent with
psychological evidence that a variety of factors can alter
human sensitivity to relation versus entity-based similarity.
In the simulation, this parameter is set to a constant value of
0.5. PAM is implemented using the graduated assignment

Results A few examples of mappings generated by PAM
(both successful and less successful) are shown in Figure 6.
To compare the model's performance with human responses,
we applied the model to all 192 pairs of images used in the
experiment, and measured the distance between the marker
location predicted by visiPAM to the mean locations of
human placements for each pair. We then compared the
5

837

distance measure from the model with the mean for human
participants. Overall, marker locations of analogous parts
predicted by visiPAM were an average of 29 pixels from
mean locations of human placements, close to the average
human distance to mean locations (20 pixels). Relative to
the object sizes, the model and human distances were very
similar.
Figure 7 shows a violin plot of human and model
distances from mean human placements across the various
conditions. As was the case for participants in the
experiment, visiPAM’s predicted placements were closer to
the human mean when the two images were drawn from the
same rather than different categories. Model predictions
were within 1 std of human distances in the betweencategory condition, indicating that visiPAM’s mapping
predictions are near the reliability of human judgments for
far analogy problems. Model accuracy was comparable
regardless of whether the target was a chair or an animal.
This finding suggests that visiPAM is able to generalize its
mapping ability to untrained objects.
In addition, we calculated the item-level correlation
across the 192 analogy problems between average human
distances from mean placement locations and distances of
the model predictions from the same mean locations. The
model reliably predicted human responses at the item level,
r = 0.58.
Ablation analysis It is possible to separately evaluate the
contributions of visual features (node embeddings) and
relations (edge attributes) to visiPAM’s mapping
performance. Parameter 𝛂 in Equation 3 controls the
relative importance of visual feature similarity and spatial
relation similarity in determining mappings. When the
contribution of relations is removed (i.e., 𝛂 = 𝟏 ), the
correlation between model and human distance measures
was reduced from 0.58 (default model including both visual
features and relations) to 0.44. When the contribution of
visual feature embeddings is removed (i.e., 𝛂 = 𝟎 ), the
correlation between model and human distances was
reduced to 0.12. These ablation results confirm that both
visual features and spatial relations contribute to visPAM’s
ability to identify analogous parts across objects.

participant. Large black dots indicate visiPAM predictions.
Horizontal lines indicate mean human distances, and the
error bars indicate one standard deviation.

Discussion
Using a marker-placement task, we found that people can
identify consistent mappings between parts of two
distinctively different 3D objects, even when the objects
being compared are drawn from very different categories
(e.g., a chair and a dog). We present a new analogy model,
visiPAM, that is able to operate on 3D shapes of visual
inputs and compute mappings comparable to those
identified by humans. To the best of our knowledge,
visiPAM is the first model that can compute analogies
between 3D objects.
Most previous machine-learning models that can solve
visual analogy problems from pixel-level inputs (e.g.,
Santoro et al., 2017; Zhang et al., 2019). However, machinelearning models that were originally designed to solve
analogy problems based on simple geometric patterns have
failed to generalize to analogy problems based on realistic
images (Ichien et al., 2021). In contract, visiPAM does not
require end-to-end training on massive numbers of analogy
problems. Rather, the approach represented by visiPAM
assumes that analogical reasoning is a similarity-based
cognitive mechanism that naturally operates on
representations formed to perform a wide range of
perceptual and/or cognitive tasks. Once suitable structural
representations have been acquired from raw inputs,
analogical reasoning provides a mechanism that promotes
generalization and knowledge transfer. The visual module in
visiPAM uses a deep learning model that is trained with
supervision to perform object classification and part
segmentation for a range of 3D objects, coupled with an
unsupervised clustering algorithm. The reasoning module,
which operates without any training at all, succeeded in
finding mappings for images taken from an object category
(animals) on which the visual module has not been trained.
The integration of structured visual representations coded as
visual feature embedding and spatial relations organized
into graphs, with a probabilistic mapping algorithm, yields
robust analogical mapping that generalizes to novel object
categories. Previous models of visual analogical reasoning
have also operated on structured visual representations (e.g.,
Chen et al., 2019; Lovett & Forbus, 2017; Doumas et al.,
2022), but visiPAM goes beyond previous models by
operating on raw perceptual inputs.
The present results indicate that visiPAM achieves
reliability comparable to humans in our marker-placement
task, encouraging the possibility of extending the model to
other visual analogy tasks. We believe that achieving
human-level, generalizable analogical reasoning will require
synergy between deep learning with big data (to acquire
suitable representations) and similarity-based reasoning over
relational structures. Vision and reasoning must be closely
coupled in order to “see” the correspondences between
distinct objects and scenes.

Figure 7. Violin plot of human placements and visiPAM
predictions. Each colored dot indicates average distance of
marker locations from the human mean for one individual
6
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Abstract

button presses, increased substantially with higher probability and magnitude of payment. Additionally, Caplin, Csaba,
Leahy, and Nov (2020) demonstrate how attention can be incentivized in simple perceptual tasks (e.g., counting the number of 7- versus 9-sided polygons in a crowded display). Performance and the time participants spend on the task scales
with the point value of each trial.
However, there are also behavioral tasks that appear to be
surprisingly immune to the effects of incentive. When testing whether people are less susceptible to cognitive biases
when incentives are high, Enke et al. (2021) found that while
response times increased substantially in a high stakes condition, there was only a weak effect on reducing cognitive biases. Similarly, van den Berg, Zou, and Ma (2020) found no
effect of incentive on visual working memory performance.
Even though these tasks rely on elements of cognition like attention and effort, it is evident that the reward modulation of
higher-order cognitive function is potentially more nuanced.
Understanding these differences is an important frontier for
cognitive research. First, to the degree that certain cognitive
processes can be modulated by incentives, most models of human cognition do not precisely account for these effects. One
exception is the recent work on “resource rational” theories
of cognition which try to explicitly weight the cognitive cost
of various more elementary cognitive operations against the
benefits to task performance (Gershman, Horvitz, & Tenenbaum, 2015; Shenhav et al., 2017; Bhui, Lai, & Gershman,
2021). Second, understanding which types of tasks respond
to incentives and which do not may help us understand ways
to encourage better cognitive performance from athletes, students, and the general public.

Human behavior is modulated by financial incentives, but it is
not well understood what types of behavior are immune to incentive and why. The cognitive processes underlying behavior
appear to create restrictions on the effect an individual’s motivation will have on their performance. We investigate a classic
category learning task for which the effect of financial incentives is still unknown (Shepard, Hovland, & Jenkins, 1961).
Across four renditions of a category learning experiment, we
find no effect of incentive on performance. On a fifth experiment requiring category recognition but not learning, we find
a large effect on response time and small effect on task performance. Humans appear to selectively apply more effort in
valuable contexts, but the effort is disproportionate with the
performance improvement. Taken together, the results suggest
that performance in tasks which require novel inductive insights are relatively immune to financial incentive, while tasks
that require rote perseverance of a fixed strategy are more malleable.
Keywords: categorization; inductive reasoning; motivation;
learning; behavioral economics

Introduction
Human behavior is powerfully shaped by incentives. Financial rewards in particular have an integral role in culture and
society, dictating punishments for improper behavior or motivating capitalizing behavior. In this paper we explore the consequences of changing incentives on cognitive performance.
While incentives are powerful at shaping behavior, humans
are not only guided by incentives but are also limited by their
cognitive capacities. High incentives thus do not correspond
linearly with unaided performance, since behavior relies on
many cognitive skills that a person may not be able to voluntarily augment. For example, a job offer to receive a million dollars to memorize the dictionary in a week would not
encounter many successful applicants. Understanding what
types of behavior are or are not easily modified with reward
and incentives has several important implications at the level
of policy and society.
A review from Camerer and Hogarth (1999) of 74 studies
successfully conveys the complexity of the relationship between incentives and performance. They suggest that incentives are more effective in tasks that depend on effort, when
it is often the less effortful but cognitively complex tasks that
psychologists and economists find most interesting.
Recent work suggests that cognitive processes like attention and effort can be modulated by incentive. DellaVigna
and Pope (2018) show that effort, measured by number of
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Rule discovery is a ubiquitous and ongoing human task (e.g.,
categorizing effective from ineffective COVID-19 masks),
and also reflects the type of creative problem solving that is
required in many professions. Successful rule learning, particularly for complex rules and patterns, requires coordination
of several cognitive processes including attention, working
memory, reasoning, and decision making.
In the current study, we investigate the effect of financial
incentive on performance in a classic category learning rule
discovery task known as the SHJ task for the initials of the
lead authors (Shepard et al., 1961). In the task, participants
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Figure 2: In the learning phase of the experiment, participants
guess the category membership of each card and receive feedback on each trial.

Figure 1: The eight cards differing in three feature dimensions: shape, size, and color. Across different conditions subjects learn through experience that half of the stimuli belong
to the same group and are asked to discover the rule that determines group membership.

group A.” Rule Types III, IV, and V rely on all three features,
and allow a “rule-plus-exception” type explanation such as
“Large shapes are in category A, except for the white square.”
Rule Type VI applies to groupings that cannot be described by
a simple feature-based rule. In these cases, the group membership of each stimulus must be memorized, making Type
VI categorizations the hardest to learn.

must attend to relevant stimulus features to correctly distinguish two groups of objects. For the same eight stimuli (see
Figure 1), different group assignments of the stimuli varies
the difficulty of the task, as some categorizations are learned
more quickly than others. Although participants could simply
memorize the category memberships for the eight stimuli no
matter the grouping, a classic and highly replicated finding is
that humans rely on inductive biases to find an explanation of
the categorization based on simple descriptions of stimulus
features (Kruschke, 1992; Nosofsky, Palmeri, & McKinley,
1994; Love, Medin, & Gureckis, 2004; Goodman, Tenenbaum, Feldman, & Griffiths, 2008).
Although this task has been replicated and tested many
times, it is still unknown how incentives will change category learning behavior. Intriguingly though, one recent paper examining methods for obtaining high quality data from
Amazon Mechanical Turk (mTurk) found no effect of changing the magnitude of incentives on category learning performance in a subset of the SHJ categorization tasks (Crump,
McDonnell, & Gureckis, 2013). Here we aimed to perform
a more systematic evaluation of incentives on category learning behavior that better controlled the rates and sizes of task
payments inspired by recent work in economics on theories
of rational inattention (Caplin et al., 2020).

Procedure
Experiments 1-4 derive their design from the classic category
learning task introduced by Shepard et al. (1961). During a
learning phase, subjects use trial-and-error to actively learn
the assignment of eight stimuli into two groups. Immediately
after this phase, subjects perform a test in which they report
the group membership of each stimulus once. The experiments below all retain this same basic structure but differ in
the number of trials in the learning phase, the modality of
the financial incentive, and whether the manipulations were
between- or within-subjects.
Participants were recruited via Amazon mTurk, and the experiment was restricted to users in the United States. The task
was designed in JavaScript and delivered to the participants’
browser via psiTurk (Gureckis et al., 2016). Subjects received
a base payment that corresponded with the expected length
of completing the task at a rate of $0.15 per minute, and
could receive a performance-based bonus of up to $10. To
determine whether or not they would receive the bonus, subjects generated a random number between 0 and 99 by pausing a clock on screen with time shown to the milliseconds,
which was compared to their bonus probability (explained in
detailed in Methods, Exp. 1). We emphasized the random
nature of the bonus following the procedure of Caplin et al.
(2020) to minimize expectations of deception from the experimenters.
Participants underwent a rigorous instructions phase followed by a comprehension check to ensure their complete
understanding of the task and incentives before beginning the
task. Although participants were asked not to take notes or
pictures during the experiment, we also asked them to honestly report at the end if they had used any memory help,
knowing that their payment would remain the same regardless of their response. In addition to these participants ex-

Experiments
Stimuli
Figure 1 displays the eight cards used in the experiment, each
of which contains an object with a particular shape (square
or triangle), size (large or small), and color (white or black).
The eight stimuli can be divided into two
 equal groups a total
of 70 unique ways (calculated with 84 ). Each of these 70
groupings fits into one of six rule types described by Shepard
et al. (1961), which differ in the number of stimulus features
required to define the rule. For example, a Type I rule varies
the group along a single feature dimension, giving a rule like
“Large objects are in group A and small objects are in group
B.” A Type II rule groups the stimuli along two feature dimensions; for example, “Black triangles and white squares are in
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Figure 3: Left: Experiment 1 performance by rule type condition across all trials (both learning and test phase). Performance is percent correct across all learning and test phase
trials. A gray dashed horizontal line shows performance at
chance. Right: Experiment 1 test phase performance by incentive condition for the six rule types. Performance is measured only on test phase trials. Both: Error bars show 95%
confidence intervals.
Figure 4: Performance on the test phase trials across conditions for the four category learning experiments.

cluded due to admission of using external memory aids, subjects were also excluded if they encountered an error in the
experiment that prevented completion.

chance of winning the bonus.
The instructions explained how better performance on the
test would increase their chance at winning a $10.00 bonus.
To make the probabilistic nature of the incentive clear, we
explained the probabilities in terms of pulling a marble out
of a bag: ”Imagine a bag full of red and blue marbles. We
pull out a marble at random. If the marble is blue, you win
the extra $10. If the marble is red, you receive only the base
payment.” Depending on the incentive condition the subject
was assigned to, they would be shown a certain number of
red marbles in the bag. Performance above chance on the test
phase could turn some of the marbles in the bag blue, thus increasing their chance at winning the bonus. Since there were
eight questions on the test, chance performance would mean
getting four correct. Therefore, we replaced a red marble with
a blue marble for each correct answer beyond chance performance, with a maximum possible four blue marbles to be
earned if participants answered all eight questions correctly.
If participants answered four or fewer of the eight test questions correctly, all of the marbles would remain red, meaning
they had no chance to win the bonus.
The three incentive conditions differed by the maximal
probability of winning the bonus, which we represented by
changing the total number of marbles in the bag. The low,
medium, and high incentive conditions showed 64, 8, and 4
marbles in the bag respectively. If a subject performed perfectly on the test and turned the maximum four marbles blue,
this would correspond to a bonus probability of 6.25% in the
low incentive condition, 50% in the medium incentive condition, and 100% in the high incentive condition. Correspondingly, each correct answer above chance was worth approximately 1.6%, 12.5%, or 25% in the low, medium and high
incentive conditions respectively.

Analyses
We use a Bayesian logistic regression model to predict the
probability of a correct response as a function of incentive and
rule type. The posterior was estimated with Markov Chain
Monte Carlo (MCMC) sampling in the Bambi python package (Capretto et al., 2020). To fit each model, four MCMC
chains each ran 2000 samples, the first half of which were discarded. The results sections report mean estimates x̄ for predictors of performance, and median estimates Mdn and MAD
values for nonzero predictors on linear regression response
time (RT) models. We also report 94% Highest Density Intervals (HDIs) for the relevant model parameters.

Experiment 1 - Between Subjects Manipulation of
Incentives
In Exp. 1, subjects learn one of six rule types at one of three
incentive levels (low, medium, and high) with a completely
between-subjects design. If learning performance in the task
is modulated by incentive, we expected to see an increase in
performance for subjects in higher incentive conditions at the
same rule type.
Participants Exp. 1 tested 418 subjects across 18 conditions, not including 6 subjects who admitted to using external
help. The task took approximately 15 minutes and subjects
were paid a $2.25 base rate for their time, with the chance of
earning a $10.00 bonus depending on their performance.
Methods and Design Exp. 1 tested all six rule types at
three different incentive levels (18 conditions). The design
was completely between-subjects to avoid learning effects
across blocks. In Exp. 1, the learning phase consisted of 16
trials (two repeats of each stimulus in a random order). Participants were instructed that the purpose of the learning phase
was simply to learn the groupings and did not determine their
bonus. Their performance in the test phase determined the

Results Our results replicate the main effect of rule on performance from Shepard et al. (1961) (Fig. 3). A logistic re-
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gression with the six rule types and the incentive condition as
parameters confirmed that rule types II through VI had worse
performance compared to type I, with all five rule type parameter means estimated to be negative and their upper tail HDIs
falling beneath -0.09. Rule Type VI had the greatest effect on
performance with a mean of -0.265, HDI = [−.313, −.220].
Across all incentive conditions and across learning and test
trials, Type I was the easiest rule to learn and Type VI was
the hardest rule to learn. The other four rules fell in between
this range of difficulty. The model fit estimated a zero effect
of incentive on performance, HDI = [−.001, .001].
The right plot in Figure 3 shows participants’ performance
for the three different incentive conditions across the six
unique rule types. Although the expected value of perfect
performance in the high incentive condition was over fifteen
times larger than that of the low incentive condition, performance stayed constant. Additionally, no meaningful patterns
were found in the types of errors participants made, such
as learning a simple type I rule even though they were assigned a type V rule (space constraints prohibit an extensive
report of those analyses). Response times on the test trials
for Rule Types II and IV, to compare with the other experiments, are reported in Figure 5. A linear regression model
fit on the RT data confirmed no effect of incentive on RT,
HDI = [−12.8, 12.1].

Figure 5: Median response times on the test phase trials
across conditions for the four category learning experiments.
data showed a near-zero negative effect of incentive on performance, x̄ = −.002, HDI = [−.004, −.001]. There was a
marginal increase in RT as a function of incentive (top right
of Fig. 5), with a regression model estimating the coefficient
at a median of 14.8 (MAD = 9.1), HDI = [−3.8, 30.7].

Experiment 3 - Manipulation of Reward Magnitude

Experiment 2 - Additional Learning Trials

Considering the null result from the first two experiments, we
were concerned about the complexity of the probabilistic nature of the incentive. Perhaps subjects were uninfluenced by
the incentive manipulation because they did not understand it
or it did not seem meaningful. Not only is it possible that the
participants do not trust the legitimacy of the randomness determining their winnings, but it is also challenging to convey
such probabilistic information about the gambles.

Given the null result of incentive in Exp. 1, we were concerned that 16 learning trials was too few chances to adequately learn the categories. The number of learning trials
had been selected to avoid ceiling effects on easier rule types
based on learning curves from Nosofsky et al. (1994), but it
may have created a floor effect on the more difficult rule type
conditions. Therefore, we doubled the amount of learning trials for Exp. 2. In addition, we focused on Rule Types II and
IV, since these are both non-trivial but still incorporate rule
discovery unlike Type VI. Rule Types II and IV are qualitatively different, and previous work has shown Type II performance to be better even when performance in Type III, IV,
and V problems is indistinguishable (Nosofsky et al., 1994).

Participants In Exp. 3, we collected 93 subjects across
four conditions, not including 7 subjects who admitted to using external help. As in Exp. 2, the base payment was $2.50,
and subjects could earn a bonus of up to $0.64 if they were
randomly assigned to the low incentive condition, or $10.00
in the high incentive condition.

Participants In Exp. 2, we collected 97 participants across
four conditions, not including 3 subjects who admitted to using external help. Because the length of the learning phase
had increased, we increased the base payment to $2.50.

Methods and Design The methods for Exp. 3 are identical
to those of Exp. 2, with the conditions tested being a cross of
two rule types (II and IV) and two incentive levels (low and
high). However, the incentive was not represented as a number of marbles in a bag but instead as a magnitude value of
tickets that participants would earn for their correct answers
above chance on the test. Since random/chance performance
would generally get four of eight answers correct, subjects
earned one ticket if their test score was five, two tickets if
their test score was six, three tickets if their test score was
seven, and four tickets if their test score was eight. In the low
incentive condition, tickets were worth $0.16 each - the expected value of the 1.6% chance at $10 that correct answers
above chance were worth in Exp. 1 and 2. Subjects assigned

Methods and Design Exp. 2 replicated the design of Exp.
1 but with the number of learning trials increased to 32, so
that participants saw four repeats of each of the eight stimuli during the learning phase. We gathered participants in
four conditions; two rule type conditions (type II and type
IV) crossed with two incentive conditions (low and high).
Results As in Exp. 1, we saw no effect of incentive on
performance in either of the rule conditions tested. The average performance by condition in Exp. 2 is shown in the top
right plot in Figure 4. A logistic regression fit on the Exp. 2
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to the low incentive condition could earn a maximum bonus
of $0.64. In the high incentive condition, tickets were worth
$2.50 each, allowing a maximum bonus of $10.00.
Results Even though there was a direct, certain relationship
between participants’ performance in the task and the magnitude of the bonus they would receive, performance did not
differ between the low and high incentive groups as shown
in the bottom left plot in Figure 4. The logistic regression
model results showed the average effect of incentive on performance to be nearly zero with a mean of -.001, SD = .001,
HDI = [−.003, .001]. As in Exp. 2, the small increase in
RTs in the high incentive condition for Rule Type IV was not
robust (bottom left, Fig. 5). The model fit on the RT data
confirmed the lack of effect of incentive, HDI = [−9.0, 36.4].

Figure 6: The computer display on each trial of the card category recognition task of Experiment 5. The relevant rule is
shown at the top, as well as the number of points the participant will earn for a correct answer.

Experiment 4 - Within-Subjects Design
times more valuable than those in low incentive games. The
order of the games was randomized for each subject.

Previously, we had avoided within-subjects designs to prevent
the learning effects that could come with performing multiple
rounds of the category learning task. However, we were also
concerned that varying incentive between subjects possibly
increased variance due to between subject differences in sensitivity to small magnitude payments. If we were able to manipulate incentive within subject, a single participant would
be able to see that incentive as a signal to devote more effort
and attention to the more valuable portions of the experiment.
The experiment that we used as a basis for our design, which
had found effects of incentive on attention and effort, also manipulated incentive within-subject (Caplin et al., 2020). As a
result, we expected that if the SHJ task was sensitive to a voluntary change in cognitive approach, this experiment would
finally reveal such an effect.

Results Although subjects now received more directly
comparable signals of the relative value of each trial, we
were surprised to see yet again no effect of the incentive
manipulation on performance (bottom right, Fig. 4). For
the Exp. 4 analyses, the mixed effects model incorporated
participant-level parameters to account for the within-subject
design. The null result was substantiated by the model fit
on the data, showing no effect of incentive on performance,
HDI = [−.040, .035]. If subjects did apply more effort only
on higher value portions of the experiment, this effort was
not visible in their performance. There was no substantial
increase in RT in the high incentive condition (bottom right,
Fig. 5), with the model parameter estimate overlapping zero,
HDI = [−2130.0, 1466.7].

Participants Exp. 4 had 31 subjects, each of whom completed four game blocks. This total does not include 5 subjects who admitted to using external help. The study took
about 30 minutes to complete and participants received a base
rate payment of $4.50 for their time. Participants were eligible to earn up to a $10.00 bonus based on their performance.

Experiment 5 - No Rule Discovery, Just Rule
Following
After this streak of null results for incentive (with multiple
robust replications of the original categorization effects from
SHJ), we wanted to restrict our design even further to be as
similar as possible to studies that found effects of incentive on
performance, such as Caplin et al. (2020). Our results so far
suggested that rule inference and category learning are not
influenced by incentive, in spite of many experiment variations. If we removed the requirement for subjects to execute
the complex strategy of inductive inference, would we then
see an effect of incentive on performance?
Therefore, we conducted a task that relied on simply using
a provided rule to categorize cards and determine whether
there were more instances of cards in Group A or cards in
Group B on the screen on a trial. The task would be more difficult for more complex rules, so we expected to see an effect
of rule type on performance as in the previous experiments.
However, the relevant rule would be provided to participants,
removing their reliance on inference and memory.
Oprea (2020) investigates what characteristics make rules

Methods and Design In Exp. 4, both rule type and incentive were varied within subject. The four game blocks each
had a unique rule type and incentive pairing, crossing rule
types II and IV with a low and high incentive. As in Exp.
2 and Exp. 3, there were 32 learning trials in each game.
Performance was incentivized by increasing magnitude rather
than probability of reward, as in Exp. 3.
Participants took part in four consecutive games. In two of
the games, participants could earn “blue bonus tickets” worth
$0.02 each. In the other two games, participants could earn
“gold bonus tickets” worth $1.23 each. Each game followed
the procedure of the task in Exp. 3, such that participants
could earn up to four tickets in each game depending on their
performance in the test phase. This corresponded to maximal
earnings of $0.08 on the low incentive “blue ticket” games,
and $4.92 on the high incentive “gold ticket” games. Correct
answers in high incentive games were therefore over sixty
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Results Figure 7 shows performance increasing with the
point value of the trials. This effect is largest for rule type 4
and smaller for Rule Types I and II. Our interpretation of this
result is that for easier rules, marginal effort generates suitable performance such that the base rate of correct answers is
higher even on the 0 point trials.
As with the other experiments, we fit a logistic regression
model to the performance data and a separate linear model to
the response time data. The models contained subject level
predictors to account for random within-subjects effects of
incentives. In the model predicting performance, the incentive parameter estimation was greater than zero, with a mean
of .003 (SD = .001), HDI = [.002, .005]. From this result we
conclude that incentive has a positive effect on performance.
In Exp. 5, we also found substantial effects of incentive
and rule type on RT (Fig. 7). The incentive parameter in
the regression model fit on RT had a median value of 296.4
(MAD = 33.6), HDI = [202.8, 392.9]. Compared to the Rule
Type I condition, participants spent longer on each trial in
the Rule Type II condition (Mdn = 5364.9, MAD = 1759.0,
HDI = [379.8, 10135.3]) and Rule Type IV condition (Mdn =
8924.4, MAD = 1798.8, HDI = [3807.7, 13344.3]).

Figure 7: Left: Exp. 5 mean performance by incentive condition - the number of points a trial is worth - for the three rule
types tested. A gray dashed horizontal line at 50% shows expected chance performance. Right: Exp. 5 median response
times by incentive for the three rule types tested.
complex, like the number of states a rule requires and the
amount of redundancy it permits. However, the implementation context is also a large factor in the complexity of a rule.
Oprea (2020) emphasizes that implementing rules mentally is
much more costly than implementing a rule physically; that
is, making an inference is significantly more challenging than
executing a strategy. The complexity of the rule will still affect task difficulty, but this version of the task removes the
requirement to learn or discover a categorization rule.
Participants Exp. 5 collected data from 200 participants
across three rule type conditions. This total did not include
10 subjects excluded due to admitting to using outside help.

Discussion
We find no evidence that category rule discovery is modulated by incentives. However, a task that removes the requirement of rule discovery and instead demands only rule following does show sensitivity to incentives. Although it is possible these results reflect a false negative or were underpowered, one alternative hypothesis is that rule discovery tasks require flexible thinking and rely on working memory (Maddox
& Markman, 2010) which is known to have limited capacity Cowan (2010) that cannot be arbitrarily modified by incentives (van den Berg et al., 2020). In contrast, more procedural forms of cognition (e.g., Exp. 5) may benefit from
increased attention, effort, and practice.
One interesting question that current study was underpowered to detect is if incentives alter the types of inferred rules
in the discovery task. For example, low incentive participants
might err on the side of simpler rules. If so this would present
an interesting challenge for models of categorization which
generally lack mechanisms for linking motivation and incentives to inferential processes (but see, Maddox & Markman,
2010).
The results from our five experiments shed light on different contexts in which human behavior changes with financial incentives. One possible explanation of these results
are that strategies that rely on simple cognitive routines that
can be easily compiled and repeated are mutable, and can
be voluntarily controlled in the face of increasing incentives.
Meanwhile, humans are unable to improve the performance
of complex strategies such as rule induction that involve a
large space of possible hypothesis testing and learning steps
and must be implemented anew each time.

Methods The experiment was designed very similarly to
the polygon identification task in Caplin et al. (2020). Subjects performed 40 trials in which their task was to identify
whether there were more Group A cards or Group B cards
on the screen (Fig. 6). Before each trial, the text describing
the rule was shown, and this text was also at the top of the
screen during each trial. Each trial showed 24 cards that were
sampled randomly from the eight stimuli such that 11 cards
were in Group A and 13 cards were in Group B or vice versa.
Thus the difference between the card group counts was kept
constant at 2 for every trial.
Participants could earn up to 200 points total across all trials, with 2 trials offering 32 points for a correct answer, 3
trials offering 16 points, 5 trials offering 8 points, 6 trials offering 4 points, 8 trials offering 2 points, 8 trials offering 1
point, and 8 trials offering 0 points. This distribution implemented the design of Caplin et al. (2020) to examine a spread
of incentive values within each participant. Subjects were instructed that their chance at winning a $10.00 bonus would be
their final score minus 100, since chance performance would
correspond with a score of 100 points. For example, if a subject scored 165 points, they had a 65% chance at winning the
bonus. As in Caplin et al. (2020), subjects were not told how
many points they had earned until the end of the experiment.
Rule type was varied between subject, with each trial generating a randomized instance of that rule type. For instance,
a participant assigned to the Rule Type I condition might see
a “Small vs. large” rule in one trial and “Triangle vs. square”
rule in the next.
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Abstract

a framework for building neural process models using recurrent neural networks. The model solves a set of challenges.
First, such a model must account for how cognitive states
are linked to sensory inputs and potentially to motor outputs.
Second, it must be consistent with neural principles of computation, avoiding algorithmic elements that are not neurally
realizable. Third, it must explain how a STM of the combinatorial structure of a phrase can be built and then read from
step by step. That STM must encode descriptions of the objects and their relationships, as described in the noun phrase.
Fourth, the model must organize a search for objects in the
visual input in accordance with that structure. According to
the grounded cognition stance (Barsalou, 2008), the neural
processes supporting that search must overlap with the neural
processes for perception. To the best of our knowledge, the
model we present solves for the first time all of these challenges at once.

We present a neural dynamic model that perceptually grounds
nested noun phrases, i.e., noun phrases that contain further
(possibly also nested) noun phrases as parts. The model receives input from the visual array and a representation of a
noun phrase from language processing. It organizes a search
for the denoted object in the visual scene. The model is a
neural dynamic architecture of interacting neural populations
which has clear interfaces with perceptual processes. It solves
a set of theoretical challenges, including the problem of keeping a nested structure in short-term memory in a way that
solves the problem of 2 and massive binding problem emphasized by Jackendoff (2002). The model organizes a search for
the objects that are referenced in that structure. We motivate
the model, demonstrate simulation results, and discuss how it
differs from related models.
Keywords: neural process model; grounding; noun phrases;
concepts; conceptual structure; dynamic field theory

Introduction
When hearing a complex linguistic expression, we understand
its meaning by virtue of understanding the meanings of the
individual words, often referred to as “concepts”, and combining those concepts in accord with the syntactic arrangement. What are the neural processes that bring this about?
We ask this question committed to the embodiment stance
that language understanding depends on perceptual and motor representations, and on the neural architecture that reflects
an evolutionary and developmental history in which behavior is generated while the body is situated in an environmental context (Lakoff & Johnson, 1999; Barsalou, 1999).
Yet we also aim to address the flexibility of the language
faculty that has been described as its “recursive nature”, its
“productivity” or its “creative aspect” (e.g., Chomsky, 1968;
Fodor & Pylyshyn, 1988; Jackendoff, 2002), i.e., the ability to
flexibly join atomic linguistic units into molecular linguistic
units, and to join molecular linguistic units into more complex molecular linguistic units. This feature of language is
evident in our ability to understand nested noun phrases (Figure 1 a-c). It raises challenges for neural process accounts that
pertain to flexibly encoding items and relationships among
items in short-term memory (STM), and to organizing a sequential search in accord with that encoding.
We propose a neural process model that can search the
object referenced by a given nested noun phrase in the visual array. The account is based on Dynamic Field Theory
(DFT; Schöner, Spencer, & the DFT Research Group, 2015),

Hypotheses
Conceptual structure
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The conceptual structure of a linguistic expression is a cognitive representation that characterizes the logical meaning of
the expression as a combination of (ungrounded/symbolically
characterized) concepts (Jackendoff, 2002). For nested noun
phrases, it must specify (among other things) which objects
there are, which concepts characterize them, and which relationships they bear to each other (Figure 1b).
Jackendoff hypothesizes that higher cognitive competences
like reasoning and planning are underwritten by conceptual
structure. This is given support by the fact that humans use
conceptual combinations in non-linguistic problem-solving
and goal-achievement (Barsalou, 2017). Grounding conceptual structures thus seems to be possible in non-verbal conceptual thinking, not only when guided by a linguistic expression. Both the processes of grounding linguistic expressions and of grounding non-linguistic conceptual structures
must be capable of handling dependencies such as the one
depicted in Figure 1b. We hypothesize that these processes
are shared across the two domains, based on a single neural
substrate. This is plausible if language input is first analyzed
for its latent conceptual structure, as commonly assumed.
A neural mechanism for representing conceptual structure
must address known challenges. Jackendoff’s “problem of

In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

2” is exemplified by the phrase “the small tree above the big
tree” in which the word “tree” occurs twice, once combined
with “small”, once combined with “big”. How may a neural
representation of conceptual structure encode that there are
two trees, one of them small, the other one big? Relatedly, in
the phrase “the lake above the tree above the house”, the word
“tree” is the object of the first preposition but is itself further
described by the second preposition. How may a neural representation encode that there is a tree that is above the house,
and above which there is the lake? This exemplifies Jackendoff’s “massiveness of the binding problem”, as it requires
the ability to flexibly bind the representation of an object to
multiple other representations.

are processed (Frazier & Rayner, 1982; Ferreira & Henderson, 1991; Meng & Bader, 2000). Thus, the STM of conceptual structure must enable simultaneous reading and writing.

Time structure of compositional search

τ is the time scale, h the negative resting level, s the input.
σ is a sigmoidal transfer function. The second line formalizes self-excitation of a field location with strength cexc and
pairwise inhibition between field locations with strength cinh .
Initially, the activation is at resting level h. When small
input is supplied, the activation tracks an attractor at h +
s(x,t) < 0. When sufficiently large input is supplied at some
location, that attractor becomes unstable and the field forms
a peak of positive activation there. Depending on the strength
of self-excitation and pairwise inhibition, the field may either allow only for a single peak (in which case different field
locations with sufficient input compete for selection) or for
the co-existence of multipe peaks. Moreover, sufficient selfexcitation may make fields self-sustained, so that peaks remain when the inducing input disappears – a model of STM.
Peaks are the units of representation of DFT, since they
yield a non-zero output σ(u(x,t)) which can be passed on to
other fields as input s. This allows to build architectures.

Dynamic Field Theory
Our model is built from dynamic neural fields (Amari, 1977;
Schöner et al., 2015), each of which models the activation
of a population of neurons at time t as an activation function u(x,t) defined over a feature dimension x. In the present
model, x is a discrete dimension, and u evolves according to
τu̇(x,t) = − u(x,t) + h + s(x,t)
+ cexc · σ(u(x,t)) − ∑x′ ̸=x cinh · σ(u(x′ ,t)).

Perceptually grounding a noun phrase entails a search for
objects in the visual array that are characterized by certain
concepts and by certain relations to other objects, as specified in the conceptual structure. The time structure of this
search is subject to a number of constraints which suggest
that humans take the conceptual structure into account when
they order the search process. Experimental studies demonstrate that objects in the visual array are sometimes attended
in the order in which they are mentioned, but not necessarily
so (Cooper, 1974; Tanenhaus, Spivey-Knowlton, Eberhard,
& Sedivy, 1995; Altmann & Kamide, 1999; Burigo & Knoeferle, 2015). A reordering may occur. Some orders are more
likely than others, although the criteria for choosing an order are not well understood. Some orders may lead to more
efficient search than others, and such efficiency considerations may plausibly affect the ordering. In the example of
Figure 1a, a possible efficient search strategy would select a
candidate object only once the objects to which it is related
have been found and memorized (e.g., find the lake and the
house first, then find a tree that is below the lake and above the
house, then find another tree to the right of that tree). Such influence of conceptual structure on search would make it plausible that conceptual structure is explicitly represented in the
brain and affects the organization of the search.

Model
Our model is depicted in Figure 1 d,e. In the following, we
describe each of its components.

Short-term memory of conceptual structure
Objects A solution to Jackendoff’s challenges requires a
unique binding agent for each object. To encode that a given
object is characterized by a given set of concepts (e.g., big,
red, and house), the binding agent of that object needs to be
bound to those concepts. To encode that multiple different
objects are characterized by a given concept (e.g., if there are
multiple trees), the different binding agents of those objects
need to be independently bound to the concept.
We propose that the required binding agent is realized as an
object index that is assigned to each object upon processing
its linguistic description. For the example in Figure 1a, the
indices would be assigned as follows: “the tree(1) right of the
tree(2) (which is) below the lake(3) and above the house(4)”.
The STM that specifies which concepts characterize an object with a given index is modeled by the object/concept field.
It is defined over the discrete object index dimension and the
discrete concept dimension. A peak at location (O,C) reflects
that the object with index O is characterized by concept C.

Short-term memory of conceptual structure
To control the search process, the conceptual structure must
be represented as a STM that is stable on the time scale over
which multiple candidate selections and relation evaluations
take place. Otherwise, a syntactic re-analysis of the phonological loop would have to occur every time a new object is
attended, which would predict, implausibly, that the time between two successive attentional selections scales with the
length of the noun phrase. Stability of STM can be achieved
through recurrent self-excitatory and other-inhibitory neural
interactions (Grossberg et al., 1978).
Search processes may start before the phrase has been
completely encoded in STM. Humans start searching referents even after hearing only the first few words of a phrase
(Tanenhaus et al., 1995) while simultaneously building a syntactic interpretation that they gradually refine as more words
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Figure 1: (a) Syntactic structure of an exemplary nested noun phrase. (b) Conceptual structure for that example. (c) Visual
input in which the referent of the example phrase can be found. (d) The model for representing conceptual structure. (e) The
model for generating a search instruction sequence. (f) Link to a model of compositional search (Sabinasz et al., 2020).
Relationships A solution to Jackendoff’s challenges also
requires a binding agent that is unique to each relationship.
To encode that a given object occurs in multiple different
relationships (e.g., “the tree below the lake and above the
house”), the binding agent of the object needs to be independently bound to the different binding agents of the relationships. This binding also has to specify in which relational
role the object occurs. In the present paper, we limit ourselves
to spatial relationships like left of, right of, above, and below
with two relational roles – target and reference. For example,
in the phrase “the tree below the lake”, the tree is the target
and the lake is the reference.
The binding agent for relationships is realized in the form
of a relationship index assigned to each relationship upon processing its linguistic description. For our example, the indices
would be assigned as follows: “the tree right of (1) the tree
(which is) below (2) the lake and above (3) the house”.
The STM that allows binding objects to relationships and
roles is modeled by two fields, the target/relationship field
and the reference/relationship field. They are both defined

over the object index dimension and the relationship index
dimension. A peak at some location (O, R) carries the information that the object with index O is, respectively, the target
or reference of the relation with index R. As an example, consider the activation snapshots in Figure 1d. They encode the
relationships of Figure 1b.
Every relationship is additionally characterized by a relational concept. This is modeled by the relationship/concept
field, which is defined over the discrete relational concept dimension and the relationship index. A peak in that field at
some location (C, R) reflects that the relationship with index
R is characterized by the relational concept C.
The described fields are filled by a language pre-processing
system that performs the index assignments using two neural mechanisms of index nodes that get activated in sequence
(Sandamirskaya & Schöner, 2010), with a novel mechanism
that allows to also go backwards in the sequence, which is
necessary to refer back to a previous object when encountering a new prepositional phrase. In the present paper, we do
not describe the details of this mechanism.
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Search instruction sequence generator

role. This is achieved by means of the target/relationship
production field. It receives subthreshold input from the target/relationship field, as well as from the target production
field along the shared object index dimension. It forms peaks
where these two inputs overlap. Thus, if object O has been
selected in the target production field, the target/relationship
production field forms a peak at all locations (O, R) for all
relationships R that contain O in their target role. The relationship production field receives input from that field, which
is summed along the object index dimension. In effect, the
competition is biased strongly towards relationships that contain the currently active target object in their target role.
Searching for a target that is characterized by a relationship to a reference object requires reading out the reference object index and the relational concept specified in the
conceptual structure. The former is achieved by the reference/relationship production field, which receives subthreshold input from the reference/relationship field, as well as from
the relationship production field along the shared relationship
index dimension. When these inputs overlap, the field forms
a peak. A peak at location (O, R) carries the information that
the selected relationship R has object O as its reference object. Additionally, there is a reference production field defined over the object index dimension. That field receives
input from the reference/relationship production field, which
is summed along the object index dimension. Effectively, the
reference production field forms a peak on object O when the
reference/relationship production field contains a peak at O.
The reading-out of the relational concept is achieved in
a completely analogous fashion by the relationship/concept
production field and a relational concept production field defined over the discrete relational concept dimension.

The search instruction sequence generator guides the compositional search system such as to find the configuration of
objects described in the conceptual structure.
Target production The model contains a target production
field defined over the object index dimension. A peak in that
field at some location O reflects a decision to find the target
object with index O next. The field is self-sustained, so that
a peak remains until it is actively inhibited. Furthermore, the
locations mutually inhibit each other, so that only one of them
can be active at a time. The objects stored in the conceptual
structure therefore compete for selection as the object that is
to be searched next. This is necessary because the compositional search system can only find one object at a time.
Each object should only be searched once. For this purpose, the model contains a target production inhibition-ofreturn (IoR) field, which receives input from the target production field and is self-sustained. It inhibits the target production field, preventing a previously searched-for object to
win the next competition.
When the target production field forms a peak for a certain
object index, a search should be triggered which takes into
account all of the concepts specified for that object index in
the object/concept field. To achieve this, the model contains
an object/concept production field. That field receives subthreshold input from the object/concept field. Additionally, it
receives subthreshold input from the target production field
along the shared object index dimension. The field forms
peaks wherever these two inputs overlap. Thus, a peak at
some location (O,C) carries the information that the selected
target object O is characterized by the concept C.
Further, the model contains a concept production field defined over the discrete concept dimension. That field receives input from the object/concept production field, which
is summed along the object index dimension. In effect, it
forms a peak at a concept whenever the object/concept production field contains a peak at that concept, which can serve
as input to the search system.
When the search system has successfully found the object,
it can temporarily inhibit the target production field, thereby
deleting the peak. After inhibition is released, the target indices compete for activation again, leading to a new decision
about which target object to find next.

Competitive advantages Recall that the order in which objects are searched can in principle be arbitrary, but certain
more efficient orders are more likely to be employed. A parsimonious way to account for this is by assuming that the order
emerges due to dynamic interactions that bias the competition
in the target production field and relationship production field
to favor the selection of some objects or relationships over
others. In the present incarnation of the model, a negative bias
is provided to each object index in the target production field,
which is proportional to the number of relationships with unsaturated reference objects that the respective object occurs
in as a target. This is achieved by the spreading of subthreshold activation. The details of this mechanism are beyond the
scope of the present paper. In effect, targets whose reference
objects have already been found are preferentially selected.

Relationship production Analogously to the target production field, the model contains a relationship production
field defined over the relationship index dimension. A peak in
that field signals that the respective relationship is to be processed by the compositional search system next. As before,
the field is self-sustained, mutual inhibition leads to competition, an IoR field prevents a relationship from being selected
more than once, and the search system can delete the peak
after processing the relationship.
A relationship should only become active if it contains
the target object that is currently searched for in its target

Compositional search
The production fields for concept, reference, and relational
concept project to a model of compositional search (an improved version of Sabinasz et al., 2020), which enables, e.g.,
to search for “a tree below 3 and above 4”. A target candidate is identified based on a matching first relation (e.g., “a
tree below 3”), and then it is checked whether the additional
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relations also match (e.g., “above 4”). If all relations match,
the target is stored in a mental map field which is defined over
space and discrete index (Figure 2, bottom row). This enables
referring back to the object’s location in future searches.

an object has been selected in the target candidate field.
Checking if that tree is also above the house: At t7 , relationship 3 is selected in the relationship production field. By
the same mechanisms as before, this leads to selection of 4 in
the reference production field and above in the relational concept production field, which in turn leads the compositional
search system to check whether the target candidate is above
object 4 from the mental map.
Since all the relationships matched, the target candidate is
committed to index 2 in the mental map field at t8 .
From t9 to t10 , analogous mechanisms as before lead the
model to find object 1 (the tree to the right of 2).
As noted before, during online language comprehension,
objects are often attended in the order in which they are mentioned. Our model does not do this for this example because
the STM of conceptual structure is already filled before the
search is started, which enables the search from bottom to
top. If the STM were filled in the order in which objects
are mentioned, while the search is already going on, then our
model would also attend objects in the order of mention.

Results
To test the model’s behavior, we simulated it using the DFT
software framework cedar. Figure 2 shows activation snapshots of relevant fields as it grounds the phrase from Figure 1a. This example involves two trees and therefore probes
the model’s ability to solve the problem of 2. Further, the
second tree is the reference object of the first relationship and
the target object of the other two relationships, probing the
model’s ability to flexibly bind object descriptions to multiple different relationships.
Selecting a house: At time t1 , the target production field
has high subthreshold activation at indices 3 and 4, since these
objects do not occur as a target in any relationships with unsaturated reference objects. By t2 , object index 4 has won
the competition and has been selected for search. This has
resulted in subthreshold slice input to column 4 of the object/concept production field, which has lead to the formation
of a peak at location (4, house). In turn, the concept production field has formed a peak for house. This has triggered the
compositional search system to visually search for houses1 ,
which has resulted in a selection of the location of a house in
the target candidate field. That location is committed to index
4 in the mental map field.
Selecting a lake: At t3 , the target production field is biased
away from object index 4 by the IoR field, resulting in a selection of object index 3 by time t4 . By the same mechanisms
as before, a lake is selected in the target candidate field and
stored at index 3 in the mental map field.
Selecting a tree below the lake: At t5 , the target production field has higher activation at index 2 than at the other
remaining index 1, since it doesn’t occur as a target in any relationship with an unsaturated reference object. By t6 , it has
won the competition. By the same mechanisms as before, the
tree concept becomes active in the concept production field.
Meanwhile, relationship 2 has won the competition in the
relationship production field, since it is one of the relationships that contain the selected target object 2 in their target
role (providing one source of bias), and since its reference object has been found shortly before (providing another source
of bias). In effect, the reference production field has selected
object 3 as the reference object due to the coupling through
the reference/relationship production field, and the relational
concept production field has selected below due to the coupling through the relationship/concept production field.
Thus, the compositional search system has been triggered
to search for a tree that is below reference object 3 (the lake),
whose position can be read from the mental map. By t6 , such

Discussion
We have presented a neural dynamic process model that can
perceptually ground a nested noun phrase in the visual array,
to which it is dynamically coupled through the sensory surface. While not explicitly mapped onto areas on the brain,
the model is consistent with the neural principles formalized
in DFT that characterize neural populations by strong internal interaction and enable their coupling into neural dynamic
architectures. The model contains a STM of conceptual structure that can represent the structure of relational dependency
between objects. The STM can be filled by the language
system while simultaneously providing input to a neural process that generates a sequence of searches that together successfully and efficiently find the described object. Thus, the
model solves the challenges identified in the introduction.
The search order emerges from local interactions that bias
competitive selection (e.g., in favor of objects whose reference objects have already been found). Effectively, the conceptual structure tree can thus affect the order (e.g., by leading to an emergent processing from the leaves to the root)
without requiring algorithmic tree traversal methods.
A number of algorithmic models that resolve noun phrases
or conceptual structures in perceptual representations have
been proposed. Some make use of pointers and recursive
function calls to implement the tree traversal of conceptual
structures (e.g., Brown, Buntschuh, & Wilpon, 1992; Nagao
& Rekimoto, 1995; Gorniak & Roy, 2004). It is not obvious
how such methods would be realized by neural processes.
Van der Velde and De Kamps (2006) propose a neural
model addressing Jackendoff’s challenges at the level of syntactic phrase structure. That model uses neural assemblies
to represent noun phrases (implicitly representing object descriptions), and prepositional phrases (implicitly representing relationship descriptions), together with a mechanism that

1 This is enabled using a field defined over two-dimensional space
and a discrete object category dimension, which is fed by the feature
maps of a 2-layer CNN with hand-crafted weights (Sabinasz, 2019).
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Figure 2: Activation snapshots of the architecture while it generates a search instruction sequence for the example phrase from
Figure 1a. Field activations are shown as color-coded snapshots at discrete moments in time (t1 , . . . ,t10 ).
flexibly binds assemblies. This emphasizes syntactic rather
than conceptual structure. The neural mechanisms employed
differ from ours. For instance, in the present model, interactions within populations stabilize STM against decay, which
we find to be important to solve the task. This leads to a limit
on the number of objects and relationships that can be held
in the STM of conceptual structure (Johnson, Simmering, &
Buss, 2014), much smaller than the number of objects that
can, in principle, be mentioned in a given sentence or noun
phrase. For example, even though humans are able to find the
referent of a chain like “the lion next to the zebra on the mat
next to the house at the lake”, we contend that not all object
and relationships are held in the STM of conceptual structure
at the same time. When the number of mentioned objects
(or relationships) exceeds a limit, newly mentioned objects

(or relationships) replace old ones in the STM of conceptual
structure. This prevents the kind of combinatorial explosions
discussed by Stewart and Eliasmith (2012).
Vector-symbolic architectures (VSAs) offer an alternative
neurally inspired framework which addresses Jackendoff’s
challenges for STM representations of conceptual structure
(Smolensky, 1990; Gayler, 2003). An implementation in
spiking neural networks (Stewart & Eliasmith, 2012) has
been hypothesized to enable coupling to perceptual and motor processes (Eliasmith, 2013). The extent to which these
accounts are compatible with the neural principles postulated
in DFT needs further study, however.
Our ongoing research explores how the architecture may
scale to large vocabularies and more complex grammatical
structures.
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Abstract
It is commonly believed that expressions visually signal rich
diagnostic information to human observers. We studied how
observers interpret the dynamic expressions that people spontaneously produced during a real-life high-stakes televised
game. We find that human observers are remarkably poor at
recovering what events elicited others’ facial and bodily expressions. Beyond simple inaccuracy, people’s causal reasoning exhibits systematic model-based patterns of errors. We
show that latent emotion representations can explain people’s
reasoning about the unseen causes of expressions. A hierarchical Bayesian model simulates which events people infer to
be the cause of others’ expressions by comparing the emotions inferred from the expressions against the emotions people
were predicted to experience in various situations. This causal
model provides a close, parameter-free fit to human causal
judgments, suggesting that humans interpret expressions in
the context of emotion predictions generated by a causallystructured mental model of other minds.
Keywords: emotion understanding; intuitive theory; affective
cognition; causal reasoning; emotion recognition

Introduction
A common assumption in psychology and machine learning
research is that human observers and emotion recognition algorithms can decode emotions from people’s facial and bodily expressions (for review, see Barrett et al., 2019). Here
we use evidence from an experiment in human observers,
and a close quantitative fit using a Bayesian belief updating
model, to argue instead that human observers understand others’ emotions by reasoning over a causally structured intuitive
theory of mind.
The problem of understanding someone’s emotional experience can be framed as perceptual pattern matching. On
this view, expressions can signal someone’s current emotional
state, intentions, and assessments of the eliciting situation
(Keltner et al., 2019; Shariff & Tracy, 2011). Thus, with
perceptual access to the relevant expression cues, observers
should be able to reliably identify others’ emotions (Cowen &
Keltner, 2020). This “emotion recognition” view aligns with
people’s lay intuitions. For example, observers expect that
intensely positive and intensely negative experiences should
lead to highly distinctive facial expressions (Aviezer et al.,
2012).
In the view of emotion recognition, people can decode
causal antecedents from patterns of expressive behavior. For
example, it is argued that observers can reliably map between expressions, emotions, and situations. Observers may
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be given a photo and asked to identify what events evoked the
expression (Haidt & Keltner, 1999), or label the expression
with an emotion word (Tracy & Robins, 2004). Similarly,
observers may be given a description of events and asked to
select which expression matches that situation (Cordaro et al.,
2020). This view assumes that emotion knowledge reflects a
common network of associations, which allows observers to
relate expressions, emotions, and events.
However, a growing body of evidence shows that isolated expressions are surprisingly ambiguous. Human observers are unable to distinguish genuine facial expressions
spontaneously produced during highly desirable experiences
(e.g. the surprise homecoming of a deployed family member) from expressions produced during highly aversive experiences (e.g. being a bystander to a terrorist attack) (Israelashvili et al., 2019; Wenzler et al., 2016). This unintuitive
result is highly replicable (Camerer et al., 2018) and suggests
that expressions alone are insufficient to explain how humans
infer others’ emotions in naturalistic settings.
In light of evidence that the perceptual information conveyed by expressions is not sufficient to account for human
emotion understanding, several groups have proposed that,
instead of “recognizing” emotions in expressions, observers
“reason” about others’ emotions using a mental model of
other minds. In this “emotion reasoning” view, human observers interpret expressions by reasoning about what causal
explanation jointly maximizes the probability of events, emotions, and the expressions. Multiple sources of emotionrelevant information can be integrated in an inference over an
intuitive theory of mind (Freeman & Ambady, 2011; Hoegen
et al., 2019; Ong et al., 2015, 2019; Saxe & Houlihan, 2017;
Wu & Schulz, 2018). Indeed, there is strong evidence that observers incorporate contextual information about events when
interpreting expressions (Anzellotti et al., 2021; Aviezer et
al., 2012; Kayyal et al., 2015).
In the view of emotion reasoning, cues about the situation
might lead to emotion predictions that conflict with the emotions someone appears to express. For example, cues about
the event context can generate confident emotion predictions
that shape the inference of emotions from expressions (Anzellotti et al., 2021; Ong et al., 2015). Similarly, observers integrate someone’s expression with her actions to infer her intentions, appraisals, and future behavior (de Melo et al., 2014).
This view suggests that emotion understanding involves in-
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tegrating multiple sources of, often conflicting, perceptual
and conceptual information to infer unknown causes from observed reactions. Building on the theoretical foundations laid
by this prior work, we present a model of how people reason about which events are a likely causal explanation for another’s expressions. To our knowledge, this is the first formal
model of abductive inference over emotions.
The two frameworks, emotion recognition and emotion
reasoning, make distinct predictions regarding the patterns
of errors human observers will tend to make. If emotion understanding is best thought of as perceptual pattern matching, judgments may be noisy, especially when the perceptual signal is degraded because an expression is partially occluded, low resolution, or changes rapidly. By contrast, if
emotion understanding is better thought of as model-based
causal reasoning, judgments are likely to exhibit peaked failure modes rather than non-specific noise (Gopnik, 1993;
Kruger & Gilovich, 1999; Saxe, 2005). Inaccuracies in the
intuitive theory are likely to generate model-based errors—
systematic interactions between observations and an intuitive
theory that poorly reflects the properties of the world (Gopnik
& Wellman, 1994).
There are several requirements of a paradigm that aims
to compare the predictions of emotion recognition against
the predictions of emotion reasoning. The expression stimuli should provide perceptually rich veridical information
(as opposed to isolated static faces of posed expressions or
computer-generated avatars). The design should afford an
objective measure of ground truth accuracy (so that ‘errors’
are well defined). And the task should allow noisy judgments
arising from perceptually ambiguous stimuli to be differentiated from systematically incorrect judgments. In the following sections we describe a novel experimental paradigm
designed to meet these criteria.
First, we show that human observers are remarkably poor
at recognizing the content of others’ actual experiences from
their expressions, even when the perceptual information is
dynamic, includes faces and bodies, and is spontaneously
produced during real high-stakes situations. Moreover, we
find that these errors are systematic. Next, we show that a
parameter-free Bayesian model can capture which events observers inferred to be the cause of these expressions. The
emotion reasoning model combines predictions of the emotions others are likely to experience in various situations, with
the emotions they are inferred to experience from their expressions. Finally, we compare the causal inferences simulated under the assumptions of emotion reasoning, with the
causal inferences simulated under the assumptions of emotion recognition. The model of emotion reasoning predicts
the pattern of human causal judgments substantially better
than the model of emotion recognition.

gameshow called GoldenBalls. Every episode of GoldenBalls culminates with two contestants playing a dramatic oneshot instantiation of the Prisoner’s Dilemma. Each player is
given a choice to “Split” or “Steal” a jackpot (in standard Prisoner’s Dilemma notation, to “Cooperate” or “Defect”, respectively). If both decide to “Cooperate”, they each receive half
of the jackpot. If one player instead chooses “Defect”, that
player wins the entire jackpot and the other player who chose
“Cooperate” leaves with nothing. If both players choose
“Defect”, both get nothing1 . Players negotiate with each other
in front of a live audience in an attempt to convince the other
to make a choice that is financially disadvantageous (to cooperate). Each player makes a decision in private, then they
simultaneously reveal their choices, all while being filmed.
The game is emotionally evocative by design. When the
choices are revealed, players discover whether they have won
or lost real and often substantial sums of money; and whether
they have successfully cooperated, successfully duped, been
duped by, or failed to dupe the other player. The TV cameras capture their spontaneous unscripted dynamic expressions, including changes of posture and expression of players’ faces, shoulders, upper bodies, and hands.
We extracted 88 unique 5-second videos, each depicting
a single player’s expressions, by splicing together footage
from the moments surrounding the climactic reveal)2 . The
four outcomes were represented equally in the stimuli (N=22
for each outcome), reflecting the true distribution of play—
across all 287 broadcast episodes, players were 53% likely to
cooperate (van den Assem et al., 2012), and the decisions of a
player dyad (the two opposing players in the game) were statistically independent of each other (Burton-Chellew & West,
2012). Each video silently showed a single person anticipating and reacting to a game outcome, but overt cues as to the
players’ decisions and the outcome of the game were masked.
The average size of the jackpot was $25,582.58 USD.

Systematic errors in human causal reasoning
about the antecedents of emotional expressions
Every dataset used in this paper was collected on Amazon
mTurk. We restricted workers by geolocation to the United
States using mTurk credentials and asked workers to only begin the experiment if they were fluent in English. Workers
who reported any familiarity with the GoldenBalls gameshow
were excluded from analysis.

Experiment 1: Outcome judgments
Observers first watched an introductory video explaining the
rules of the game. Then, over 88 trials, they were shown
each 5-second expression video along with the corresponding
pot size, and asked to guess which decision each player had
1 Rapoport (1988) defines this payoff structure as a Weak Prisoner’s Dilemma because the CD payoff confers the same monetary
reward ($0) to player 1 as the DD payoff. Thus, with respect to a
player’s first-person financial payout, defecting is never harmful, but
is only conditionally beneficial.
2 Demos are available on the project’s github repository.

Stimulus generation: spontaneous expressions in a
real-life high-stakes social dilemma
We artificially separated the perceptual information from
context information in recordings of a televised British
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made. Players either chose to Cooperate or to Defect, leading to four possible outcomes (a) for the dyad, denoted CC,
CD, DC, DD. For instance, CD indicates that the focal player
Cooperated, while the opposing player Defected. The actual
decisions associated with each video provide a ground-truth
measure of accuracy.
Results A group of N=93 adults (46 female) classified the
88 videos into four outcome categories (chance=25%) and
indicated their confidence about each player’s choice on a 3point scale. Each observer responded to every video. On
average, observers performed above chance but made many
errors, inferring the correct outcome for an average of 36.6%
[35.0, 38.1] of the videos (95% bootstrap CI estimated by resampling observers). This corresponds to a median F-score
(macroaveraged across the four outcome-categories) of 0.350
[0.335, 0.361], which is low but significantly greater than
chance (two-sided Wilcoxon signed-ranks test, z = 7.945,
p < 0.001). The null distribution was estimated by shuffling
outcome judgments within observers.
Observers’ classification performance was highly heterogeneous across outcome-categories (Figure 1). When the
two players had, in reality, chosen to Split the pot (CC), observers accurately classified 54.1% [50.7, 57.4] of videos on
average (median F-score and Wilcoxon test: 0.517 [0.491,
0.540], z = 8.224, p < 0.001). By contrast, when both players had, in reality, tried to Steal the pot (DD), observers accurately classified only 15.9% [13.2, 18.9] of videos on average,
substantially below chance (F-score = 0.146 [0.121, 0.182],
z = −4.041, p < 0.001). Relative to their other judgments,
when observers were maximally confident about both players’ actions3 , they showed better classification performance
for CC and CD videos (within observer, two-sided Wilcoxon
test; CC: z = 7.127, p < 0.001; CD: z = 6.302, p < 0.001).
Confidence was not related to performance for DC videos
(z = −1.700, p = 0.089). For DD videos, confidence was inversely related to performance (z = −4.515, p < 0.001).
Summary Observers performed poorly when asked to recover the true event antecedents, despite viewing stimuli that,
according to the emotion recognition account, should be most
informative: spontaneous dynamic facial and bodily expressions recorded in real high-stakes situations. Accuracy is
straightforward to measure in this task and does not depend
on the experimenter’s normative assumptions: it is simply
the proportion of videos for which observers correctly inferred the game outcome. No observer correctly classified
more than 53% of the videos. Observers reliably, confidently,
and incorrectly inferred that the expressions of players in DD
games were reactions to other outcomes.
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Figure 1: Outcome judgments from expressions. Observers viewed player 1’s reaction to learning the outcome
of the game and inferred which choice (C or D) both players in the dyad had made. The F-scores of observers’ classification judgments are shown grouped by the true outcome
of the games. Notches indicate 95% bootstrap CI. Dashed
lines indicate the median level of chance performance, given
the observer-level response biases. The legend gives the four
possible outcomes (an outcome a comprises a1 and a2 , which
indicate the action chosen by player 1 and player 2) and the
associated monetary rewards (r1 and r2 indicate the proportion of the jackpot paid to player 1 and player 2).
performed the naturalistic task of guessing what unobserved
event elicited someone’s spontaneous expression. We hypothesize that observers infer events from expressions via latent representations of emotion. In order to test if we could
explain the outcome judgments in Experiment 1 as causal reasoning over emotion latents, we next collected emotion judgments from independent groups of observers: Datasets 2 and
3 will be used to explain outcome judgments in this experiment (Dataset 1), but are not analyzed independently.

Dataset 2: Emotion predictions
We directly measured what emotions observers expected
players to experience across a range of specific event contexts. After watching the introductory video that explained
the rules of the game, observers predicted the emotions experienced by players on the gameshow. In each trial, observers
were shown the size of the jackpot, the choice made by the
focal player, the choice made by the opposing player, how
much money each player won, and a still photo of the focal
player taken before the players’ choices were revealed (observers did not see the players’ reactions to the outcome of
the game). All of the information given on a trial reflected
what actually happened on the gameshow.
An independent group of N = 164 English-speaking adults
(74 female) was shown descriptions of 12 out of 88 games,
then asked to predict emotions that the focal player experienced. Observers predicted the focal player’s emotional experience, using continuous scales to report the intensity of
20 different emotions. We estimated inter-rater reliability by
comparing the emotion predictions of one observer with the

Emotion judgments
We propose that observers infer which events evoked observed expressions by reasoning over a causally-structured
intuitive theory of other minds. In Experiment 1, observers
3 Observers reported maximum confidence for 30.9% of their
outcome judgments.

856

We model observers’ mental distribution of emotions
elicited by players’ actions, p(ee|a), based on the emotion predictions êe j from game descriptions (comprising an outcome,
pot size, and player photo). We use the responses from the Na
observers (indexed by j) who were shown game descriptions
c with outcome a in Dataset 2, to construct a weighted Kernel
Density Estimate (KDE) of the emotions observers expect.
We weight each response by w j = (Va Nc j )−1 to account for
the number of observers who saw each description (Nc j ), and
the number of videos Va with outcome a.

mean emotions that other observers predicted for the same
players. Across emotions and players, the median Pearson
correlation and 95% bootstrap confidence interval (CI) was
r = 0.66 [0.62, 0.70], indicating that independent observers
made similar predictions of players’ emotion experiences.

Dataset 3: Emotion attributions
We directly measured observers’ attributions of emotions to
the expressions of players in the GoldenBalls videos. An independent group of English-speaking adults (N=135, 58 female) judged the players’ emotions from the 5-second video
stimuli. Observers began the experiment by watching the
introductory video, then judged the emotions of 12 players.
Each trial provided the pot size but not the players’ actions.
Observers judged how much the focal player was experiencing the twenty different emotions. As in Dataset 2, emotion
judgments were reliable across emotions and videos, with a
median correlation of r = 0.66 [0.64, 0.69] between one observer and the mean of other observers’ attributions to the
same players.

Na

p(ee|a) = ∑ w j N (ee; µ = êe j , σI)

The KDE estimates the population’s marginal distribution
p(ee|a) (the emotions players were predicted to experience) as
a weighted mixture of Gaussian kernels, where the vector σ is
the kernel bandwidths corresponding to the 20 emotions and I
is the 20-dimensional identity matrix. The kernel bandwidth
was calculated for each emotion based on the sample standard
deviation using Scott’s Rule (Scott, 1992).
The hyperprior over the actions chosen by a player dyad,
p(a), was estimated from observers’ meta-knowledge about
other observers4 (not from the outcome judgments to be explained). Finally, the resulting posterior p(a|x) gives the distribution of responses over outcome-categories, i.e. the simulated probability of observers inferring that expression x was
elicited by outcome a.
Results The emotion reasoning (Figure 2a) model predicted
observers’ overall accuracy with respect to ground truth: accuracy and 95% bootstrap CI, human = 36.6% [32.8, 40.3],
model = 33.9% [31.0, 36.9]. Comparing the human and
emotion reasoning model judgments for the predicted and
ground-truth outcomes reveals a close match across all categories (Figure 2b). Observers tended to infer the correct
outcome from players’ expressions in CC games. When CC
videos were misclassified, observers tended to choose the
other outcome that would confer a financial reward (DC),
more often than the outcomes in which the player would receive nothing (CD or DD). Observers also tended to classify CD
videos correctly. The most common error was to misclassify
CD video as the financially similar DD outcome (both confer
the minimum payoff to the focal player). In contrast with
videos from CC and CD games, people did not tend to correctly
classify DC videos. Observers inferred that DC videos showed
players in CD games more often than the true outcome.
Observers overwhelmingly inferred that the expressions
made by players in DD games (where both players defect and
leave with nothing) were produced by players experiencing
CC outcomes (where both players cooperate and share the
jackpot). Interestingly, for DD videos, the correct outcome

Causal reasoning over latent emotion
representations in a hierarchical Bayesian
belief-updating model
We propose that the observers in Experiment 1 inferred outcomes by reasoning about what hypothetical event was the
best causal explanation for the observed expressions. This
inference reflects the intuitive theory that emotions are reactions to antecedent events, and that expressions are caused by
emotions ( a → e → x ; Figure 2).
We simulated observers’ outcome predictions as inference
in an intuitive theory of mind, where observers use the emotions they infer from players’ dynamic expressions p(ee|x),
and the emotions they expect players to
 experience in the
possible outcomes p(ee|a) (where a ∈ CC, CD, DC, DD ), to
infer which outcome was most likely to have generated the
observed expressions (Figure 2a). This corresponds to inferring the posterior distribution p(a|x), which can be computed by marginalizing out emotion from the joint distribution p(a, e|x) = p(a|ee)p(ee|x), noting that actions and expressions are conditionally independent given emotions.
p(a|x) =

Z
e

p( a | e ) p( e | x ) dee =

E p( a | e )

p( e | x )

(1)

where p( a | e ) ∝ p(a) p( e | a )
We model observers’ mental distribution of emotions given
expressions, p(ee|x), as the empirical distribution of emotion
judgments êei . To approximate the expectation in Equation 1,
we sum over the responses from the Nx observers (indexed by
i) who attributed emotions to expression x in Dataset 3.
p(a|x) =

1 Nx
p( a | êei )
Nx ∑
i

p(a) p( êei | a )
where p(a | êei ) =
∑a p(a) p( êei | a )

(3)

j

4 Observers in Experiment 1 were asked to estimate how other observers would judge the expressions (e.g. “what percentage of people would guess that this player cooperated?”). We used observers’
guesses of the population’s judgments to estimate the population’s
joint action hyperprior p(a).

(2)
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Figure 2: Bayesian model of human emotion reasoning. (a) Schematic depiction of the model. Observers infer which
events elicited the observed expressions by reasoning over latent representations of emotion. (b) Outcome judgments of human
observers and the emotion reasoning model, grouped by ground-truth. Correct judgments are indicated by asterisks and solid
bars. E.g. Observers incorrectly guessed that the expressions of players from DD games (bottom right cell) were from CC games
more than the correct outcome. Error bars give 95% bootstrap CI. (c) Outcome judgments simulated under emotion reasoning
assumptions, where the p(ee|x) and p(ee|a) distributions reflect separate information. (d) Outcome judgments simulated under
emotion recognition assumptions, where p(ee|x) and p(ee|a) reflect common information.
was the least popular judgment. It may seem surprising that
observers systematically misclassify DD videos as CC, but this
is precisely the pattern predicted by the model.
Figure 2c details the stimulus-level data depicted in Figure 2b. Each point corresponds to a video-outcome, e.g.
the proportion of DD judgments that the model expects versus the proportion of DD judgments by people, for a given
video (regardless of ground truth). The model accurately captured the empirical data (concordance correlation coefficient
ccc = 0.869 [0.841, 0.904]; Pearson r = 0.877 [0.849, 0.910],
95% bootstrap CI were estimated by resampling stimuli with
replacement across outcomes). Lin’s Concordance Correlation Coefficient penalizes deviations from the identity line
(perfect prediction), making it a more stringent metric of explanatory power than Pearson’s correlation (Lin, 1989).

pression signals are the primary source of reliable emotion
information. In emotion recognition, emotion knowledge reflects a common network of statistical associations. Rich perceptual access to expressions should allow observers to make
accurate inferences of emotions, intentions, and the eliciting
situations. This implies that observers make accurate inferences of emotions from expressions, and have an accurate understanding of what emotions players will appear to express
in reaction to the game’s outcomes.

Simulation under “recognition” assumptions The
recognition model reflects the belief that rich perceptual ex858

Recall that in the reasoning model, emotions predicted
given event descriptions p(ee|a) can reflect different information than emotions attributed given the expressions of players
experiencing those events p(ee|x). In the recognition model,
we instantiate the assumption that observers have a noisy but
accurate understanding of what emotions players who experience outcome a will appear to express. This is accomplished
by replacing the emotions predicted for an outcome, p(ee|a),

with a KDE formed from the emotions attributed to the expressions of players reacting to that outcome. Thus, whereas
in the reasoning model, observers’ emotion knowledge about
outcome a is estimated from descriptions of the a games
(Dataset 2), in the recognition model, observers’ emotion
knowledge about outcome a is estimated from expressions of
players who actually experienced a games (Dataset 3). The
recognition model therefore does not use Dataset 2. Rather,
Dataset 3 is used to estimate both latent emotion distributions.

network of statistical associations, failed to closely capture
the empirical pattern of outcome judgments.
These results are consistent with prior work measuring how
observers infer event antecedents from genuine spontaneous
expressions. Albanie and Vedaldi (2016) showed human observers dynamic facial expressions spontaneously produced
during a high-reward televised gameshow; the observers were
asked to judge whether the event immediately preceding the
expression had been financially good or bad for the players. In the binary forced-choice, observers achieved 62%
classification accuracy on average, corresponding to an average ROC-AUC of 0.71 [0.66, 0.76], above chance but with
many errors. Despite using perceptually richer expressions,
observers in the present study were not more successful at
inferring event antecedents6 : observers were unable to reliably differentiate the expressions of players who won money
(CC and DC) from the expressions of players who did not
(CD and DD). Thus even rich perceptual access to dynamic
videos of genuine expressions in real high stakes situations
does not allow observers to reliably recognize the true events
that elicited them.
A key characteristic of the current experimental paradigm
is that it affords analysis of a complex pattern of causal inferences (a 4 × 4 matrix of inferred × veridical outcomes)
where errors are objectively defined. The event categories are
distinguished not only by valence, but by the interpersonal relations. The event structure evokes complex theory of mind
considerations by combining selfish monetary rewards, social
utility, prosocial motivations, intentional decisions of self and
other, and deception.
The public nature of the gameshow is a defining characteristic of the event context in this paradigm. Knowing they
were observed, players may have muted, exaggerated, or otherwise regulated their expressions (Ekman, 1993; Fridlund,
1991; Williams et al., 2021). We consider the public nature
of the expressions to be a feature of our paradigm, not a bug.
Much of the adaptive advantage ascribed to emotion recognition stems from being able to decode behaviorally relevant
signals, and respond effectively, in ecologically relevant contexts of real social interactions (Shariff & Tracy, 2011; Tracy,
2014). Thus, a valid test of these competing accounts is how
well they predict human understanding of spontaneous reactions in a salient social situation.
Our results support the emotion reasoning account of human emotion understanding, which argues that observers use
a logically- and causally-structured intuitive theory of other
minds. Perceptual information (players’ dynamic spontaneous expressions) and conceptual knowledge (hypotheses
about what emotions are likely) mutually constrain which explanations are probable. We show that formally modeling
these mutual constraints as abductive inference over an intuitive theory can explain how observers infer which unseen
events evoked others’ expressions, and capture both what
people get right about other minds, and what they get wrong.

Results Outcome judgments simulated under the assumptions of emotion recognition captured the empirical data less
effectively5 (Figure 2d; concordance correlation coefficient
ccc = 0.655 [0.610, 0.707]; Pearson r = 0.713 [0.661, 0.774]).
Model comparison The reasoning model assumes that observers adjudicate between alternative causal hypotheses by
comparing the emotions a player appeared to express against
emotions an outcome was predicted to evoke. The recognition model assumes that observers have an accurate understanding of what emotions players will appear to express in
each outcome, and perceptually match a player’s emotional
expression to the pattern associated with the eliciting outcome. The Bayes Factor indicates that observers’ outcome
judgments are > 1010 times more likely under the reasoning
model than under the recognition model.

Discussion
Behavioral results and a quantitative model provide strong
support for emotion reasoning: observers make errors because they systematically misinterpret the meaning of expressions, and thus independent observers reliably and confidently endorse the same incorrect outcome judgments. The
agreement between the predictions of the emotion reasoning
model and the classification pattern generated by human observers supports our proposal that people use a sophisticated
intuitive theory of mind to reason about others’ emotions.
The causally-structured intuitive theory incorporates emotion concepts and expression cues. The emotions that players were expected to experience, and the emotions they appeared to express, were sufficient to capture key patterns of
how human observers causally reasoned about unseen events.
Importantly, no reference to emotion was made in Experiment 1; observers were not cued to think about emotions
when they guessed what outcomes players experienced. Yet,
the reasoning model successfully predicted what outcome
judgments observers made by reasoning over latent representations of emotions, which were supplied by independent observers. Thus, the emotion judgments we collected contain
richly structured social information sufficient to capture observers’ reasoning about the causal connection between unobserved events and others’ emotional expressions. By contrast,
the recognition model, which simulates observers’ emotion
understanding as perceptual pattern matching over a common
5 Whereas the reasoning model is parameter-free, for the recognition model, the kernel bandwidth was fit in order to estimate the
upper extent of how well the model can capture human judgments.
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ROC-AUC = 0.58 [0.57, 0.59].
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Abstract

emotion (e.g., Le Mau, et al., 2021; for review see, Barrett, et
al., 2011; Aviezer, Ensenberg, & Hassin, 2017).
One contextual source widely examined in emotion
perception is knowledge of the situational context, which is
often social in nature (for e.g., Carroll & Russell, 1996).
Situational context is often operationalized as description of
emotionally laden events that elicit an emotional response, as
it is in this report. Early research examining the role of
situational context and facial portrayals was often aimed at
establishing the dominance of one cue over the other in
inferring emotions (for e.g., Wallbott, 1998; Carroll &
Russell, 1996). This often involved using canonical facial
cues and situational cues that were “clear” and evocative (see,
Ekman, Freisen, & Ellsworth, 1972, for critiques on clarity of
stimuli). Meaning, that each cue independently elicits a high
consensus agreement on a particular emotion. The use of such
stimuli can compromise ecological validity as canonical
expressions are rare and often not correlated highly with
emotional experiences as predicted (Durán & FernándezDols, 2021). Instead, people often make inferences based on
ambiguous, complex, and subtly expressive facial and
contextual information (for review, Barrett et al., 2019). An
open question is how large of a role the face plays in
inferences under these circumstances. Additionally,
situations can carry added complexity because people can
experience a range of emotions in a particular situation (for
discussion see, Hoemann, Gendron, & Barrett, 2017). This
leaves open the question of how individuals integrate
situational information into emotional inferences. In the
present research, we address these issues by extending a
previously proposed model of affective cognition to a data set
that includes greater complexity, and diversity of emotional
experiences.

Inferences of other’s emotion states are influenced by multiple
sources including target cues such as facial movements and the
situational context. Our understanding of how information
from these cues is integrated is limited, however. We examined
whether people integrate information from faces and situations
to infer emotions as predicted by an existing model of affective
cognition. We applied a Bayesian cue-integration model to a
dataset that includes a variety of complex social situations that
reflect the heterogeneity of emotion contexts in social lives.
Results indicate that when viewing both faces and situations,
situation information alone predicted people’s inference about
emotions better than Bayesian cue-integration model.
However, there was some variability in this pattern across
emotion categories as the Bayesian cue-integration model best
predicted inferences for emotion categories of amusement and
happiness. These findings better our understanding of the
interplay between facial and situational cues in informing
emotion inferences.
Keywords: Emotion inference, Bayesian modeling, Affective
cognition

Introduction
People routinely make inferences about other’s emotional
states, with profound consequences for our interpersonal
functioning, including how well we navigate social
relationships (for meta-analytic review, see Hall,
Andrzejewski, & Yopchick, 2009). Developing a robust
scientific account of how we make these inferences is
important. Commonsense experiences suggest that we make
emotion inferences with relative ease. Some scientific
evidence aligns with this alacrity, including the efficiency
with which we process facial cues of emotion (for review, see
Spunt & Adolphs, 2019). Despite the disproportionate focus
of emotion research on how people process isolated canonical
facial portrayals (or, facial expressions) (Gendron & Barrett,
2017), accumulating evidence suggests emotion perception is
more complex (Barrett, Mesquita, & Gendron, 2011;
Gendron, Mesquita, & Barrett, 2013; Hareli, Elkabetz, &
Hess, 2019). For example, target cues like facial movements
rarely conform to the canonical expressions used in scientific
studies during instances of emotion (correlation ranges
between 0.13 and 0.30; see, Durán & Fernández-Dols, 2021;
Barrett, et al., 2019). Further, evidence suggests that
perceivers heavily rely on context to make inferences of

Bayesian Model for Affective Cognition
Computational models of cognition have been increasingly
used to formalize and test human lay theories. One
particularly fruitful approach, known as rational analysis
(Anderson, 1996), aims to understand human reasoning by
comparing human judgments against the predictions of
normative models that capture different hypotheses about the
computations in people’s minds (for affective cognition, see
Ong, Zaki, & Goodman, 2019; for social cognition see,
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Baker, Jara-Ettinger, Saxe, & Tenenbaum, 2017). Despite
their widespread application in cognition for over a decade,
Bayesian computational models have only recently been
applied to studying the cognitive processes involved in
reasoning about emotions, also referred to as affective
cognition.
Recently, researchers have proposed that humans
understand each other’s emotions though a lay theory of
emotion (Ong, Zaki, & Goodman, 2015). This theory
captures our expectations of how situational outcomes cause
emotions, and how emotions then cause facial expressions.
Equipped with this causal model, people can then use
Bayesian inference to determine what emotions people are
likely experiencing, given information about their facial
expressions and the situation that they’re in. Ong and
colleagues (2015) presented a formal computational model of
this idea, which posits that inferences about emotions follow
a form of cue integration given by:
𝑷(𝒆|𝒐, 𝒇) ∝

𝑷(𝒆|𝒐)𝑷(𝒆|𝒇)
𝑷(𝒆)

realistic portrayals of facial information, we can better model
how emotion inference unfolds in the real world.

The Present Study
In the current research, we had two primary aims. First, we
aimed to examine the robustness of the Bayesian model for
cue-integration 𝑃(𝑒|𝑜, 𝑓) (Ong, et al., 2015) using an archival
data set (Le Mau et al., 2021) and an empirically collected
data set on emotion priors 𝑃(𝑒). Specifically, this involved
examining the cue-integration model in comparison with two
alternative models each of which rely on a single cue – Faceonly 𝑃(𝑒|𝑓) and Situation-only 𝑃(𝑒|𝑜) respectively. We
hypothesized that the cue-integration model might not fully
capture emotion inference in light of a more diverse set of
complex situations than those explored in prior work (e.g.,
winning or losing in a game). Specifically, our research
question was whether the Bayesian cue-integration model
would track with judgements of emotion when the cues were
more naturalistic and, in many cases, high in ambiguity.
Second, we aimed to examine the applicability of the cueintegration model to specific emotion categories (e.g., anger,
fear, etc.). Ong and colleagues (2015) computed model fit by
correlating the model-based results with empirical ratings
across all emotions categories. Here, we aimed to examine
the robustness of cue-integration model for each emotion
category separately. We hypothesized that there would be
variability across emotion categories in how closely the cueintegration model versus single cue models track people’s
empirical judgements. Not only do people report seeing
expressions of emotions in varying amounts in everyday life
(Somerville & Whalen, 2006), but predicted expressions
(e.g., widened eyes, gasping in fear) also vary in reliability
with actual experience (Duran & Fernandez-Dols, 2021).
These findings suggest that cue-reliance on the face may be
lower for emotional experiences with less reliable facial
signals.
To generate the cue-integration model predictions, it is
necessary to obtain estimates of 𝑃(𝑒|𝑜), 𝑃(𝑒|𝑓), and 𝑃(𝑒),
for all emotions, facial expressions, and event outcomes that
we consider (see Equation 1). In our task, the first two terms
were obtained from archival data from Le Mau et al., (2021),
and the final term was obtained via an Emotion prior
estimation task.
In addition to the cue-integration model based on Ong et
al., (2015), which we call the Bayes cue-integration model,
we also considered two simpler alternative models. The
Situation-only model 𝑃(𝑒|𝑜) which represents beliefs that an
agent experiences emotions due to situation outcomes, or as
we call situations, and the Face-only model 𝑃(𝑒|𝑓) which
represents beliefs that an agent’s experience of emotions
leads them to express it in terms of external cues like facial
movements. Predictions of these single cue models were
obtained from the archival data from Le Mau et al., (2021) by
computing probability estimates for inferred emotions when
participants viewed situation descriptions 𝑃(𝑒|𝑜) alone and
when they viewed facial portrayals 𝑃(𝑒|𝑓) alone. These
simpler models suggest that an observer would rely on a

(1)

Here, 𝑃(𝑒|𝑜, 𝑓), represents observers’ beliefs that an agent
is experiencing emotion e, given their facial expression f and
an outcome o. If people infer each other’s emotions by
applying Bayesian inference to a lay theory of emotion, then
people’s inferences should be proportional to the product of
likelihood of each individual cue 𝑃(𝑒|𝑜) (the probability of
emotion e given outcome o) and 𝑃(𝑒|𝑓) (the probability of
emotion e given facial expression f), divided by the prior
probability of an emotion occurring 𝑃(𝑒).
Ong and colleagues (2015) demonstrated that their cueintegration model closely tracked the empirical data – i.e.,
people’s judgments of emotions when they were asked to
make inferences given both the facial expressions and
situational outcomes. However, their experiment tested the
model on a dataset consisting of a narrow set of situations:
different outcomes within a gambling game; their design
restricted situational outcomes to the amount of money won
from spinning a wheel with different winning probabilities.
Additionally, they computed an overall metric of model fit
across different emotion categories but did not examine
variability in model performance for different emotion
categories (e.g., anger, fear, happiness, etc.) Although the
structure of this experiment was useful as a first test of their
account, this work leaves open the questions of whether the
same computations can capture emotion inferences in a
broader range of situations that include a diverse set of
realistic emotional experiences, and whether these
computations similarly capture inferences for different
emotion categories.
In this project, we examined the robustness of this
modeling approach by applying it to this relatively more
ecologically valid dataset (described in more detail in the next
section) and examining it for each emotion category
separately. We also propose that by utilizing naturalistic and
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single cue (face or situation) to approximate their inference
of emotions when presented with both faces and situations.
Finally, predictions from each of the three models were
compared to participants’ judgements obtained from the
archival dataset from Le Mau et al., (2021) i.e., participants’
inferences of emotions when they saw both the situational
description and facial portrayals, which we call empirical
cue-integration estimates.

(slightly, moderately, strongly, intensely) (Russell & Carroll,
1999).

Emotion Prior Estimation Task
To calculate model predictions, it is necessary to compute
people’s prior probabilities over emotions (𝑃(𝑒)). We
therefore collected rating data for people’s likelihood of
perceiving each of the 13 emotion categories in their
everyday lives (prior task). We collected empirical priors
rather than estimating priors based on the archival data
directly because we cannot assume the range of stimuli is
representative of base rates of emotional instances in
everyday life that likely inform priors. We also included a
short rating task that was identical to the combined condition
from Le Mau and colleagues’ paper (2021) to ensure
consistency between our collected data and the archival data
i.e., to examine whether providing such ratings would change
the nature of judgements.2 We also compared these
informative emotion priors to a flat prior to examine whether
informative priors improve model fit over a flat prior.

Archival Data
The archival data (Le Mau., et al., 2021) contains ratings of
social scenarios, ratings of actors’ portrayals of those
scenarios, and ratings of the combination. These ratings were
obtained from a total of 604 stimuli pairs (scenarios and
poses) that were sourced from two books: In Character:
Actors Acting (Schatz, 2006) and Caught in the Act: Actors
Acting (Schatz, 2013). These volumes contain images of
expressions posed by a pool of professional actors1 after they
were provided with emotionally evocative scenarios. A
couple example of the scenarios are – ‘She is confronting her
lover, who has rejected her, and his wife as they come out of
a restaurant’, ‘He is a motorcycle dude coming out of a biker
bar just as a guy in a Porsche backs into his gleaming Harley’.
Actors’ facial portrayals did not reliably align with
proposed canonical facial configurations of emotion
categories (Le Mau, et al., 2021). Instead, the facial poses
conformed with the variability observed in spontaneous
emotion expressions in everyday life. For example, similar to
people in their daily lives, actors scowled about 30% of the
times when portraying scenarios consistent with the emotion
anger. Given the greater complexity of this stimulus set,
including the scenarios and the portrayals of them, this
stimulus set offers greater ecological validity and range.
The data included 75390 observations by participants who
rated a random subset of approximately 30 stimuli (out of a
total of 604 stimuli). Each observation included ratings on 13
different emotion categories. Participants provided these
ratings for one in 3 different conditions - face-only (N=842),
situation-only (N=839), face and situation combined
(N=845). In the face-only condition participants viewed only
the actor’s portrayals of scenarios. In the situation-only
condition, participants viewed only the description of those
scenarios. In the combined condition, participants viewed
both the description of scenarios along with the actor’s
portrayals of those scenarios. Participants were asked to
provide ratings only in one of the three conditions. The 13
emotions they rated were - amusement, anger, awe, contempt,
disgust, embarrassment, fear, happiness, interest, pride,
sadness, shame, surprise. Each emotion category was first
rated for presence, i.e., if the participant observed an emotion
they respond saying ‘yes’ or ‘no’. If the emotion was present,
i.e., they responded yes, then the participant rated the
intensity of that emotion on a 4-point-likert type scale

Participants We recruited 45 native English-speaking
participants from the US (20 male, 25 female, mean age = 38year, age range = 18-60 years) using online data collection
platform Prolific. The number of participants was determined
based on the average number of participants responding to a
stimulus in the archival data.
Stimuli The stimuli consisted of a question that asked
people’s likelihood of perceiving each emotion category in
their daily lives on a 7-point-likert type scale (1: not at all
likely, 4: moderately likely, 7: extremely likely). The
question stated: ‘When you see people experiencing
emotions in your day-to-day life, how likely are you to
perceive people experiencing {Emotion}’. Empirically
collecting priors by asking participants to rate a single
question is a standard procedure in the literature (for
example, Wu, et al., 2018) and these priors were compared to
similar ratings collected by Sommerville & Whalen (2005).
Additionally, a random sample of 10 stimuli was drawn from
the larger pool of 604 stimuli in the archival data for
collection of joint-cue ratings.
Procedure All participants read an online consent form
before agreeing to participate in the Study. Participants then
read instructions for the task where they would provide
ratings for emotions after viewing descriptions of scenarios
and actor’s portrayals of emotions in those scenarios. The
instructions were identical to those provided by Le Mau and
colleagues (2021). This was followed by a question aimed to
validate that they read the instructions. After answering this
question, participants were asked to give an estimate of how
likely they think certain emotions occur, before proceeding

1
We are unable to provide example images of the facial
portrayals because the images are under copyright.

2
We confirmed that the distribution of ratings for the subset of
10 stimuli were similar in the rating task and the archival data for
all 13 emotion categories.
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to the rating task. They read instructions for providing rating
on the likelihood of perceiving each emotion category and
responded to another question to validate that they read the
instructions. Next, they provided ratings on the prior task
followed by the brief 10-item rating task. Lastly, participants
also filled out a brief demographic questionnaire at the end.

empirical judgements had a significantly strong correlation
with all models. The Situation-only model had the highest
correlation with a value of r = 0.86 (p < 0.0001) and a 95%
confidence interval (0.85, 0.87), followed by the Bayes cueintegration model with a value of r = 0.84 (p < 0.0001) and
95% confidence interval (0.83, 0.85), and finally the Faceonly model with a value of r = 0.66 (p < 0.0001) and 95%
confidence interval (0.64,0.68).
Our results suggest that the situation-only model best
tracked people’s inference of emotions in presence of both
facial and situational cues. There was a statistically
significant difference in the Situation-only and Bayes cueintegration model correlations (t = -7.19, p < 0.0001) as well
as the Situation-only and Face-only model (t = 36.31, p <
0.0001) based on tests of significance for a difference
between two dependent correlations.
We also computed the Bayes-cue integration model using
a flat prior to examine whether empirically collected priors
are informative and improve model fit over a flat prior. The
Bayes cue-integration model with flat priors correlates with
empirical data (r = 0.83, p <0.0001) significantly less
compared to the model with informative priors (t = 9.13, p <
0.0001). This suggests that global priors of emotions are
informative and add value to the cue-integration model.

Results
Overall Model Analysis
We first computed the empirical cue-integration probabilities
by averaging the ratings for each stimulus on the joint-cue
trials i.e., trials where both face and situation combinations
were present (using the archival data). We then computed the
Face-only 𝑃(𝑒|𝑓) and Situation-only model 𝑃(𝑒|𝑠)
probabilities by again averaging the ratings for each stimulus
in the Face-only and Situation-only conditions respectively
(again using the archival data) (see distribution of raw ratings
for a particular stimulus, Fig. 1)3. Finally, the face-only and
Situation-only model probabilities along with the emotion
prior probabilities 𝑃(𝑒) were used in equation 1 to compute
the Bayes cue-integration model probabilities 𝑃(𝑒|𝑓, 𝑠). All
model and empirical probabilities were normalized such that
the sum of probabilities for rating the 13 emotions for a
particular stimuli is equal to 1.

Figure 1: Distribution of participants’ ratings for Stimulus
#362 faceted by emotion. From left, boxplot in each graph
represents ratings from Face-only condition (red), Situationonly condition (green), and Joint-cue condition (blue)
respectively.

Figure 2: Overall model correlations for Face-only, Bayes
Cue-integration, and Situation-only models respectively.
Each point represents the probability of inferring a particular
emotion for a stimulus. The blue line shows the best linear fit
between the model and the data. Density distributions of
model probabilities and empirical judgements are provided
next to the respective axis on each sub-plot.

To compare model predictions to participant’s judgements,
we correlated the empirical cue-integration probabilities with
each of the model probabilities (Fig. 2). Participant’s
3
We do not compute probabilities using kernel density estimates
(KDE), as done in previous work, because we are estimating
inference of a categorical variable (emotion), not a continuous
variable. KDE can estimate probability distribution for rating values

(e.g., 1,2) on an emotion and stimulus but the outcome of interest
here is probability distribution for inferring emotions given a
stimulus.
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Figure 3: Pearson correlation of the models with the
empirical judgements from joint-cue condition faceted by
each emotion category. The error bars represent the
bootstrapped 95% confidence intervals. The Face-only model
correlation is significantly lower than Bayes cue-integration
and Situation-only model (except Amusement) for all
emotion categories. Asterisk (*) denotes significant
difference between Bayes cue-integration and Situation-only
model correlations.

difference in correlation values between all three models
were computed for all emotion categories. Compared to the
Bayes-cue integration model, the Situation-only model
correlation was significantly higher for Awe, Embarrassment,
Fear, Interest, Pride, Shame; was significantly lower for
Amusement, Happiness; and was not statistically different
from the Bayes cue-integration model for Anger, Contempt,
Disgust, Sadness, Surprise. This finding suggests that for
emotion categories of Amusement and Happiness, inferences
from the Bayes cue-integration model tracked people’s
empirical judgments more closely than the Situation-only
model. For emotion categories of Anger, Contempt, Disgust,
Sadness and Surprise, both the Bayes cue-integration and
Situation-only tracked people’s empirical judgments closely.
All code and data are available at - https://osf.io/j79sy/.
To further explore this variability, we computed a
diagnosticity metric for each emotion category by computing
the percentage of stimuli where the emotion was perceived as
strong to intense i.e., where the average participant rating was
above 2.5 (on a 0-4 rating scale) (Table 1). This
operationalization of diagnosticity is consistent with earlier
work examining role of diagnosticity of information in traitbased inferences (for example, Cone & Ferguson, 2015).
Based on this diagnosticity variable, situational information
appears to be overall more diagnostic for all emotion
categories. However, there is variability in the perceived
diagnosticity of faces and situations across emotion
categories. Emotion diagnosticity patterns largely align with
which emotion categories evince greater integration between
face and context, with the exception of surprise. Future work
is necessary to manipulate diagnosticity and/or the degree to
which facial expressions conform to canonical patterns to
examine the impact on integration.
It is also important to take note of a caveat; this
diagnosticity variable treats high-intensity expressions as
most diagnostic. It is possible, however, that expressions can
be diagnostic, but for low intensity expressions (this would
be evidenced by a narrow rating distribution that is relatively

We also computed root-mean-squared-error (RMSE) to
assess model predictions. RMSE estimates corroborate with
the correlations. Situation-only model had the lowest RMSE
value (0.042, bootstrapped 95% confidence interval: 0.041,
0.044), followed by the Bayes cue-integration model (0.071,
bootstrapped 95% confidence interval: 0.068, 0.073), and
finally the Face-only model (0.075, bootstrapped 95%
confidence interval: 0.073, 0.077). This suggests that
people’s inference of emotions from just the situational cues
best predicted their inference of emotions when they had
access to both facial and situational cues. All code and data
are available at - https://osf.io/j79sy/.

Emotion specific Analysis
The overall pattern of results was largely consistent across
emotion categories (Fig. 3). The Situation-only model and the
Bayes cue-integration model systematically performed better
than the Face-only model. However, as predicted, there was
some variability across emotions. Four emotion categories
differed from this overall pattern as the highest correlation
value was observed for Bayes cue-integration model instead
of the Situation-only model – Amusement (Bayes cueintegration r = 0.89, Situation-only r = 0.84), Anger (Bayes
cue-integration r = 0.89, Situation-only r = 0.86), Happiness
(Bayes cue-integration r = 0.91, Situation-only r = 0.87), and
Sadness (Bayes cue-integration r = 0.90, Situation-only r =
0.88). Confidence intervals for bootstrapped samples of
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low on the intensity scale). Future work should explore
additional ways of computing diagnosticity such that
participant’s consensus on ratings and intensity of emotion
perceived are not confounded. For example, computing a
metric by weighing the intensity and variance of ratings.

certain emotion categories that perceivers use to guide their
inferences. Additional research is warranted to examine these
emotion-specific patterns in integration in other stimuli and
contexts.
A strong reliance on situational context is consistent with
past literature examining inferences from spontaneous
expressions derived from real-world contexts. For example,
spontaneous real-world facial movements in high intensity
contexts of sporting wins and losses have no utility in
discriminating valence-based information beyond bodily
cues (Aviezer, Trope, & Todorov, 2012). Our findings build
on these to suggest that non-canonical facial portrayals
capturing a broader range of intensities and emotions are
similarly less informative for emotion inferences than the
context (conceptually replicating Le Mau et al., 2021). This
may be influenced by the low diagnosticity of the facial
portrayals, which are consistent with recent evidence that
people rarely generate canonical faces that are proposed in
the literature (Durán & Fernández-Dols, 2021).
Our findings also parallel the literature examining the role
of facial information in impression formation and updating.
Research on trait inferences suggests that people infer traits
from appearance-based cues from faces (e.g., Todorov &
Ducahine, 2008) especially when asked to make speeded
judgements (e.g., Willis & Todorov, 2006; Blair, Chapleau,
& Judd, 2005). However, both explicit (Rule, Tskhay,
Freeman, & Ambady, 2014) and implicit (Shen, Mann, &
Ferguson, 2020) impressions of traits based on facial
information are updated in presence of explicit descriptions
of target behaviors/characteristics. Together with our results,
findings such as these suggest that the assumption of facial
dominance in social cognition may be overstated. People’s
inferences of others, be that trait or state inferences, can be
formulated based on facial information as countess studies
have shown, but appear to be heavily constrained by other
sources of information such as knowledge of the context.
Indeed, prior research suggests that perceivers overestimate
the value of facial information over context in forming
inferences about emotion (Zhou, Majka, & Epley, 2017).
Future research unpacking the situational and facial
information will be crucial to understand the boundary
conditions of these findings. Further, investigating how
greater degrees of uncertainty in inferences formed based on
facial and situational information affects integration is an
important open question. For example, many scenarios take
on a more omniscient perspective and provide privileged
knowledge that may inflate certainty of inferences beyond
what is typical in daily life. Investigating the effects of
titrating information on perceiver’s inferences would be an
interesting future direction.

Table 1: Percentage of facial and situational stimuli
perceived diagnostic for each emotion category.
Emotion
Amusement
Awe
Anger
Contempt
Disgust
Embarrassment
Fear
Happiness
Interest
Pride
Sadness
Shame
Surprise

% facial stimuli
perceived
diagnostic
1.99
0
5.96
0
0.45
0
0.83
9.27
0
0
1.99
0
4.47

% situational
stimuli perceived
diagnostic
1.99
1.49
17.55
1.16
6.29
6.95
13.41
10.6
7.28
5.63
12.75
5.3
14.9

Discussion
In the present report, we extended the application of a
Bayesian model for cue-integration in affective cognition
(Ong, et. al., 2015) to a more complex, diverse, and arguably,
ecologically valid archival dataset (Le Mau, et. al., 2021) to
test the model’s robustness in capturing integration of
information from facial and situational cues in making
inferences about other’s emotional states. We also examined
the robustness of this model separately for different emotion
categories.
Our results suggested that overall people’s inferences
about other’s emotions based on access to both facial and
situational cues (joint-cue condition) were best predicted by
the situational information alone (Situation-only model),
when evaluating model fit. The Bayesian cue-integration
model also closely tracked with people’s inferences of
emotions but under-performed in comparison to the
Situation-only model. Lastly, people’s inferences of
emotions from both cues were least predicted by the facial
information alone (Face-only model). These findings suggest
that inferences of emotions appear to rely more heavily on
situational information.
When we examined model fit by emotion, there were some
emotions (happiness, amusement) where Bayesian cueintegration best accounted for participants inferences. The
emotions that individuals indicate seeing most often in
people’s facial behaviors (Somerville & Whalen, 2006) were
also the emotions where we observe more integration of the
facial cues (rather than inferences driven by the situation
alone). We speculate that variation in how often real-world
social signals conform to similar expressive configurations
impacts the mental representations of facial expressions for

867

Hoemann, K., Gendron, M., & Barrett, L. F. (2017). Mixed
emotions in the predictive brain. Current Opinion in
Behavioral Sciences, 15, 51-57.
Le Mau, T., Hoemann, K., Lyons, S. H., Fugate, J., Brown,
E. N., Gendron, M., & Barrett, L. F. (2021). Professional
actors demonstrate variability, not stereotypical
expressions, when portraying emotional states in
photographs. Nature communications, 12(1), 1-13.
Ong, D. C., Zaki, J., & Goodman, N. D. (2019).
Computational models of emotion inference in theory of
mind: A review and roadmap. Topics in cognitive
science, 11(2), 338-357.
Ong, D. C., Zaki, J., & Goodman, N. D. (2015). Affective
cognition:
Exploring
lay
theories
of
emotion. Cognition, 143, 141-162.
Rule, N. O., Tskhay, K. O., Freeman, J. B., & Ambady, N.
(2014). On the interactive influence of facial appearance
and explicit knowledge in social categorization. European
Journal of Social Psychology, 44(6), 529-535.
Russell, J. A., & Carroll, J. M. (1999). On the bipolarity of
positive
and
negative
affect. Psychological
bulletin, 125(1), 3.
Saxe, R., & Houlihan, S. D. (2017). Formalizing emotion
concepts within a Bayesian model of theory of
mind. Current opinion in Psychology, 17, 15-21.
Schatz, H. (2016). In Character: Actors Acting. Bulfinch.
Schatz, H. (2013). Caught In the Act: Actors Acting. Glitterati
Incorporated.
Shen, X., Mann, T. C., & Ferguson, M. J. (2020). Beware a
dishonest face?: Updating face-based implicit impressions
using diagnostic behavioral information. Journal of
Experimental Social Psychology, 86, 103888.
Somerville, L. H., & Whalen, P. J. (2006). Prior experience
as a stimulus category confound: an example using facial
expressions of emotion. Social cognitive and affective
neuroscience, 1(3), 271-274.
Spunt, R. P., & Adolphs, R. (2019). The neuroscience of
understanding the emotions of others. Neuroscience
letters, 693, 44-48.
Todorov, A., & Duchaine, B. (2008). Reading
trustworthiness
in
faces
without
recognizing
faces. Cognitive Neuropsychology, 25(3), 395-410.
Wallbott, H. G. (1988). In and out of context: Influences of
facial expression and context information on emotion
attributions. British Journal of Social Psychology, 27(4),
357-369.
Willis, J., & Todorov, A. (2006). First impressions: Making
up your mind after a 100-ms exposure to a
face. Psychological science, 17(7), 592-598.
Wu, Y., Baker, C. L., Tenenbaum, J. B., & Schulz, L. E.
(2018). Rational inference of beliefs and desires from
emotional expressions. Cognitive science, 42(3), 850-884.
Zhou, H., Majka, E. A., & Epley, N. (2017). Inferring
perspective versus getting perspective: Underestimating
the value of being in another person’s shoes. Psychological
science, 28(4), 482-493.

References
Anderson, J.R. (1996). ACT: A simple theory of complex
cognition. American psychologist, 51(4), 355.
Aviezer, H., Ensenberg, N., & Hassin, R. R. (2017). The
inherently contextualized nature of facial emotion
perception. Current opinion in psychology, 17, 47-54.
Aviezer, H., Trope, Y., & Todorov, A. (2012). Body cues, not
facial expressions, discriminate between intense positive
and negative emotions. Science, 338(6111), 1225-1229.
Baker, C. L., Jara-Ettinger, J., Saxe, R., & Tenenbaum, J. B.
(2017). Rational quantitative attribution of beliefs, desires
and percepts in human mentalizing. Nature Human
Behavior, 1(4), 1-10.
Barrett, L. F., Adolphs, R., Marsella, S., Martinez, A. M., &
Pollak, S. D. (2019). Emotional expressions reconsidered:
Challenges to inferring emotion from human facial
movements. Psychological science in the public
interest, 20(1), 1-68.
Barrett, L. F., Mesquita, B., & Gendron, M. (2011). Context
in
emotion
perception. Current
Directions
in
Psychological Science, 20(5), 286-290.
Blair, I. V., Chapleau, K. M., & Judd, C. M. (2005). The use
of Afrocentric features as cues for judgment in the presence
of diagnostic information. European Journal of Social
Psychology, 35(1), 59-68.
Carroll J. M., & Russell, J. A. (1996). Do facial expression
signal specific emotions? Judging emotion from the face in
context. Journal of Personality and Social Psychology, 70,
205–218.
Cone, J., & Ferguson, M. J. (2015). He did what? The role of
diagnosticity in revising implicit evaluations. Journal of
Personality and Social Psychology, 108(1), 37.
Durán, J. I., & Fernández-Dols, J. M. (2021). Do emotions
result in their predicted facial expressions? A metaanalysis of studies on the co-occurrence of expression and
emotion. Emotion.
Ekman P. (1972). Universal and cultural differences in facial
expressions of emotions. In J. K. Cole (Ed.), Nebraska
symposium on motivation, 1971 (pp. 207–283). Lincoln:
University of Nebraska Press.
Ekman, P. (1982). What are the relative contributions of
facial behavior and contextual information to the
judgement of emotion?. Emotion in the human face, 111127.
Ekman P., Freisen W. V., & Ellsworth P. (1972). Emotion in
the human face. New York: Pergamon Press.
Gendron, M., & Barrett, L. F. (2017). Facing the past. The
science of facial expression.
Gendron, M., Mesquita, B., & Barrett, L. F. (2013). Emotion
perception: Putting the face in context.
Hall, J. A., Andrzejewski, S. A., & Yopchick, J. E. (2009).
Psychosocial correlates of interpersonal sensitivity: A
meta-analysis. Journal of nonverbal behavior, 33(3), 149180.
Hareli, S., Elkabetz, S., & Hess, U. (2019). Drawing
inferences from emotion expressions: The role of situative
informativeness and context. Emotion, 19(2), 200.

868

Structured, flexible, and robust: benchmarking and improving large language
models towards more human-like behavior in out-of-distribution reasoning
tasks
Katherine M. Collins1,2⋆† , Catherine Wong2⋆ , Jiahai Feng2 ,
Megan Wei2 , and Joshua B. Tenenbaum2
1 University

of Cambridge, 2 MIT

† kmc61@cam.ac.uk

Abstract
Human language offers a powerful window into our
thoughts – we tell stories, give explanations, and express
our beliefs and goals through words. Abundant evidence
also suggests that language plays a developmental role
in structuring our learning. Here, we ask: how much of
human-like thinking can be captured by learning statistical
patterns in language alone? We first contribute a new challenge benchmark for comparing humans and distributional
large language models (LLMs). Our benchmark contains
two problem-solving domains (planning and explanation
generation) and is designed to require generalization to
new, out-of-distribution problems expressed in language.
We find that humans are far more robust than LLMs on this
benchmark. Next, we propose a hybrid Parse-and-Solve
model, which augments distributional LLMs with a structured symbolic reasoning module. We find that this model
shows more robust adaptation to out-of-distribution planning problems, demonstrating the promise of hybrid AI
models for more human-like reasoning. Keywords: language; problem-solving; programs; language of thought;
neuro-symbolic models

Introduction
Language expresses the rich internal landscape of our
thinking in a form that can be shared externally with
others. We tell stories about real (what did I do today?)
and hypothetical (what would I do if I won the lottery?)
situations; give instructions for achieving goals ranging
from the mundane (how do I put away the dishes?) to
the complex (how do I fix a carburetor?); and propose
explanations for both everyday events (why isn’t the light
bulb turning on?) and novel observations (what’s that
strange beeping sound?). Learning language and learning
from language also play crucial roles in the development
of children’s thinking (Gopnik & Meltzoff, 1997; Carey,
2009; Harris et al., 2018). But what, in computational
terms, is the relationship between language and thought,
and between learning language and learning to think?
Classical theories draw a stark division between thinking as the manipulation of structured representations in
an internal symbol system or language of thought (LOT)
(Fodor, 1975), and language as a system of mappings
between those representations and outwardly expressed
* Contributed equally.
‡ Data and code for

the project can be found at:
https://github.com/collinskatie/structured flexible and robust

forms (e.g., sounds, text). Under this view, learning language plays at best a supporting role in learning to think.
Recently however, a new generation of statistical language
learning systems in AI has put forth a serious challenge
to this view. So-called large language models (LLMs)
(Brown et al., 2020; Rae et al., 2021) have demonstrated
such striking success in realistic language production that
they often appear to be “thinking” – and yet they are
driven solely by neural networks trained to predict the distribution of next words in long text sequences from very
large corpora of human language. Other work has proposed using LLMs as a universal foundation for emulating
many human reasoning abilities – including capacities as
diverse as physical reasoning (Bisk et al., 2019), tasklevel planning (Sharma et al., 2021; Huang et al., 2022),
and even mathematical reasoning (Cobbe et al., 2021) –
simply by re-framing them as linguistic prediction. Under
this view, “all you need is language”: learning to think requires little more than learning (the statistics of) language,
or learning only the latent structure sufficient to produce
the most probable next word in any linguistic context.
In this paper, our goal is to critically assess how close
modern LLMs come to actually learning to think, and
to sketch out an alternative hybrid view of the languagethought interface that integrates elements of the classical
LOT and recent LLM paradigms. In Part I, we describe a
new, generic approach for constructing linguistic reasoning prompts that measure flexible, creative thinking abilities in novel situations, as opposed to the ability to retrieve
familiar patterns of thought for familiar situations. We use
an iterative constraint generation paradigm that extends
initial linguistic prompts using linguistic constraints that
restrict production of the most common human responses,
forcing responses that require novel language production
– and, we argue, a greater degree of thinking. We compare
LLMs to humans using this benchmark on two domains –
plan and explanation generation – and find that humans
both significantly outperform LLMs in general, and are
comparatively more robust to prompts that extend beyond
the standard distribution of human language. In Part II,
we propose an alternative computational approach that
leverages an LLM to map natural language into a space
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of structured programs, such that reasoning problems can
be solved by powerful, scalable symbolic algorithms rather than the purely neural form of end-to-end LLMs
alone. We implement and demonstrate this model in a
simplified synthetic language setting designed to emulate
the planning domain in Part I. Our results suggest that
such hybrid approaches are a promising way forwards,
albeit still rich with potential for future improvement.

Part I: Linguistic reasoning benchmark for
humans and language models
The first core motivation of this work is to evaluate the
extent to which modeling the predictive distribution of
language actually captures the underlying reasoning latent in human language. Towards this end, we propose
a benchmark task (Fig. 1) based on two core reasoning
abilities – goal-based planning and causal explanation
– using an iterative design to challenge models which
simply learn predictable responses from prior language.

Methods
We benchmark human and language model performance
using a two-stage experimental design. In the first
stage, an iterative human language production experiment (Fig. 1B), we collect human responses on two
domains (planning and explanations) under three progressively more challenging conditions: a baseline initial
prompt condition using a collecting of linguistic reasoning prompts; and two constrained conditions which
restrict the use of common answers to each prompt, in
order to encourage participants to generate novel linguistic solutions. In the second stage, we evaluate a large
language model (LLM) on the same prompts, and collect
responses by sampling from its predictive distribution.
We describe each stage in more detail below.
Human language production experiment
Participants 240 participants recruited from Prolific (2
domains x 3 conditions x 40 participants) completed the
task. Base pay was $15/hr, with a $1 quality bonus.
Condition 1: initial reasoning prompts To measure
baseline performance, our first reasoning condition elicits
human responses to initial prompts (Fig. 1B, Condition
1) on each grounding domain. We construct 28 goal
prompts for the planning domain (Fig. 1A, top), designed
to elicit a concrete linguistic plan and to vary in their
base typicality (eg. ranging from clean the dirty dishes
to get a sofa on the roof ). We also construct 28 causal
event prompts of varying typicality for the explanations
domain (Fig. 1A, bottom), inspired by the “unusual event”
prompts in (Korman & Khemlani, 2020): each event
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begins with an inciting cause and its usual consequence,
then poses a counterfactual.
Participants in this condition responded to a random
batch (n=7) of prompts from a single domain, resulting in
10 unique responses per prompt. After responding to all
prompts, we also ask participants to score base typicality
for each prompt of the goal (on planning) or inciting event
(on explanations) using a 7-point Likert scale.
Condition 2 and 3: constrained reasoning prompts In
the subsequent conditions (Fig. 1B, Condition 2, 3), we
evaluate the human ability to flexibly generate more novel
plans and explanations for the same initial prompts, by
restricting their responses to prevent subjects from falling
back on the most common solutions. Specifically, we use
subject responses from Condition 1 to determine common
(and likely highly predictable) components of plans and
explanations for each prompt. We construct linguistic constraints by extracting concrete nouns from all responses
to a given prompt (using an expert human tagger, who
also lemmatizes and standarizes the form of each noun).
We then extend each initial prompt in two more challenging conditions: in the most common noun constrained
condition, we restrict responses which use the single most
common noun; in the all initial nouns constrained, we
restrict all nouns which appear in the initial responses.
A new set of participants responded to a random batch
(n=7) of prompts in a single domain and condition, again
resulting in 10 unique responses per prompt and condition
that reflect these linguistic constraints.
Language model matched production experiment
Our human experiment yields a series of linguistic
prompts, in which individual goal and explanation
prompts are extended across two more challenging conditions through linguistic constraints that restrict the usage
of the most common responses to each.
We use these same prompts to construct a benchmark
language production task for our artificial language model.
We evaluate our prompts on the state-of-the-art model
GPT-3 (Brown et al., 2020), using the few-shot prompting
technique introduced in (Brown et al., 2020) for generating predictive language for particular tasks. Specifically,
we seed the model with a small number of examples (n=12
goals, and n=15 explanations: the maximum number of
examples the model allowed, based on token limits) pairing heldout prompts and human-generated text, then elicit
generated responses for each prompt across all conditions.
To eliminate purely degenerate text, we also prescreen
the samples by asking human evaluators (N=370; recruited from Prolific) to score responses for surface language errors alone, and remove the lowest scoring responses. After screening, we collect a total of 20 LLMgenerated responses for each prompt in each condition.

A. Model-based language domains
Planning
More
typical
goal

Goal: Clean the dirty dishes.
Goal: Keep the plants in your garden alive.
Goal: Make a pair of new shoes.
Goal: Create a safe landing for a falling skydiver.
Goal: Keep a baby platypus entertained.
Goal: Remove plaque from the teeth of a lion.

Explanations
More
If a door is locked with a bolt, then it
typical cannot be opened. But suppose a door is
incident

locked with a bolt, and then it is opened. Why?
If rocks are thrown at a window, the window
breaks. But suppose rocks are thrown at a window,
and then the window does not break. Why?

Condition 2: + Most common
noun constrained

Goal: Clean the dirty dishes.

Goal: Clean the dirty dishes,
without using soap.

I would use warm water, soap,
and a sponge.
Use lots of soap and water.
Maybe a dishwasher.

If a piano is dropped from a skyscraper, then
the piano shatters. But suppose a piano is
dropped from a skyscraper, and then the
piano does not shatter. Why?

Extract
nouns to

Scrub with soap and a sponge. construct

constraints

Condition 3: + All initial
nouns constrained

Goal: Clean the dirty dishes,
without using soap, water, a
sponge, a dishwasher…

Turn on really hot water to
wash the dishes…

I can use cleaning wipes and paper
towels…

You could use baking soda…

I would use a rag and wipe them clean…

Rinse the dishes off…put them
in the dishwater on high
heat/long wash…

Heat up the stove, grab a pair of tongs
and…use the heat to sterilize the
dishes…

C. Language models evaluated with matched prompts
Goal: Clean the dirty dishes.

Goal: Clean the dirty dishes,
without using soap.

Goal: Clean the dirty dishes,
without using soap, water, a
sponge, a dishwasher…

Clean the dishes by using
soap and water.

Use bleach to clean the dishes.

Get a sponge, warm water, and
soap to clean the dishes.

Use hot water and a sponge to
wash the dishes.

Use a paper towel to wipe off
the dishes and then use a
rubber band to hold the paper
towel in place…

First gather all of the dirty
dishes. Then I would put them
into the dishwasher...

Use vinegar to clean the dishes.
I would first put the dirty
dishes in the sink and fill it
with water...

Use a brush to scrub the
dishes off...find a sink, and
put the dirty dishes in...

…

Less
typical
incident

Condition 1: Initial prompt

…

Less
typical
goal

B. Iteratively constrained human language production task

Use a magic eraser.

Figure 1: Iterative reasoning task overview. A) Sample goals and scenarios for the planning and explanation domains,
respectively, illustrating the range of base typicality of our stimuli; B) Formation of constraints from human-generated
language, where constraints are selected based on frequency, with sample human generations (blue text) C) LLMgenerations (gray text) in response to the same prompts.

Blind comparative human evaluation Having collected human and LLM responses to the same linguistic prompts across all conditions, we now benchmark
their relative performance using blind human evaluators
(N=393; recruited from Prolific) asked to evaluate responses in a single domain and condition a 7-point Likert
scale (1: worst; 7: best). Subjects rated responses for a
random batch of prompts, scoring a (randomly shuffled)
set of human (n=10) and LLM (n=10) responses for each.

Results
Representative human responses and language model responses across both domains and conditions are depicted
in Fig. 2. To investigate comparative performance, we fit
linear mixed effects regression (LMER) models predicting the human-evaluated score and use a corresponding
likelihood ratio test (LRT) between an ablated model to
determine the significance of the fixed effects. Fig. 3
shows results of the blind human evaluation, and depicts
statistical significance within and across conditions.
People outperform the LLM within each reasoning
condition We first fit a LMER predicting the human
evaluated score from the source language generator (human or LLM), with random effects for the individual
raters and prompts (syntax: score ∼ source + (1 |
rater id) + (1 | prompt)). Our LRT finds that there
is a significant effect (p < 0.001) of the language source
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(humans vs. LLM) in both domains and in each condition (3, black indicators), humans outperform the LLM in
every condition, across both domains.
People are more robust to out-of-distribution prompts
with constraints We next consider our more central
question: how well do language models perform specifically on our more constrained conditions, designed explicitly to force both humans and models to generate novel
solutions to our underlying reasoning task? We expect
humans to not only outperform language models in a direct comparison across individual prompts, but also to
be comparatively more robust to prompts which restrict
highly predictable answers, and require responses beyond
the distribution of standard human language.
An initial LMER with a fixed effect for the condition
(unconstrained, most common constraint, or many constraints) suggests that both humans and LLMs are sensitive to the added constraints, though we find a strongly
significant effect of condition on performance for LLMs
(p < 0.001); and a weakly significant effect (p = 0.03) for
humans in the planning domain but strongly significant
for explanations (p < 0.001).
However, a subsequent LMER with an interaction term
for the language source (humans or LLMs) and condition
(fit pairwise across each successive set of conditions) indicates that humans and LLMs are not equally sensitive to
constraints: we find strongly signficant interaction terms

A. Domain 1: Planning – Representative responses from humans and LLMs
Condition 1: Initial prompt

Condition 2: + Most common noun constrained
Goal: Get your sofa onto the roof of your house,
without using a pulley.

Goal: Get your sofa onto the roof of your house.
[4.8] You may need to rent
a Genie lift large enough to
carry the sofa. You will
need at least one other
person…

[3.6] I would start

[5.3] Need a pulley
system…take off the
windows and pass the sofa
through the opening…

[4.3] Get a strong

[4.3] My plan is to push the
sofa up through the attic
window, with friends on the
roof who can pull it up
from there.

by getting a very
strong ladder and
a very strong
friend...

rope and tie it to
the sofa and the
roof. Then I would
pull the sofa up.

[3.0] Use a rope to tie
around the sofa and
connect it to a car.

[3.0] Have a friend help
me lift it up and over
the edge of the roof.
Then I would have him
stand on the roof and
have him boost me up
onto the roof..

[5.1] I would get a giant
crane…and use the crane
to lift it to the roof of my
house.

Condition 3: + All initial nouns constrained
Goal: Get your sofa onto the roof of your house,
without using a pulley, a ladder, a crane…
[2.7] Cut the bottom

[4.3] This would need quite
a few people because a
sofa is heavy. Wrap the
sofa in fabric tarps and tie
it all up with a rope…

of the sofa so
that it would fit
through the
window...break the
windows to make
room for the sofa.

[5.0] I will build a large
wooden ramp…on the side
of my house with platforms
every 5 feet…

[2.8] Get a car with
a hydraulic
lift…then put the
sofa into the car.

B. Domain 2: Explanations – Representative responses from humans and LLMs
Condition 1: Initial prompt
If plants are not watered, then they die. But
suppose plants are not watered, and then they do
not die. Why?
[5.0] This could have
happened because the
plants are cacti.
[5.8] This could have
happened because the
plant is a succulent or
cactus.

[5.0] This could

Condition 2: + Most common noun constrained

Condition 3: + All initial nouns constrained

If plants are not watered, then they die…However, the
reason this happened was not that the plants were cacti.

If plants are not watered, then they die…However,
the reason this happened was not that the plants were
cacti, they are fake plants, or…

[4.5] This could have
happened because it rained
so that plants got natural
watering.

have happened
because they were
watered yesterday.

[5.3] This could

[5.2] This could have
happened because the
plants were in a dormant
stage…where they don't
need water to stay alive.

have happened
because the plants
were genetically
modified…

[4.0] This could have
happened because the
plants were potted…so
the plants were able
to survive until the
owners remembered to
water them again.

[4.3] This could have
happened because the
plants were in a room
with a humidifier.

[4.2] This could have
happened because the
plants live in a rainforest.
[4.3] This could have
happened because these
are aquatic plants that live
under water and thus do
not need to be watered.

[2.7] This

could have
happened because the
plants were watered by
a drip system that was
not turned off.

[3.0] This could have
happened because the
plants were painted to
look like they were
dying because it was a
prank.

Figure 2: Representative plans (A) and explanations (B), per constraint condition, generated by humans and an end-toend LLM. Average goodness rating, over the human evaluators for each generation, is shown in orange.
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Figure 3: Mean overall goodness rating over plans (left) and explanations (right), show across all three constraint
conditions. Humans (blue boxes) significantly outperform the LLM (gray boxes) in every condition (black, lower bars)
and in successive pairwise conditions (red, upper bars).

(Fig. 3, red) indicating that humans are more robust to
added constraints across each condition. This supports
our central hypothesis: language models are increasingly
poor at solving the underlying task once the prompts are
constrained to restrict predictable responses.
People are more robust to goal typicality We also
investigate whether another measure of linguistic pre-
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dictability – the atypicality of our base prompts – also
impacts LLM performance relative to humans. We fit a
final LMER model with an interaction term for source
and human typicality scores elicited in our initial experiment. Interestingly, we find a significant interaction effect
of typicality (p < 0.001) for the planning domain, but
not for explanations. As assessing typicality for these
prompts is more complex, further work (such as linguistic

measures of prompt typicality) are necessary to better
assess the explanations domains. This finding further supports our broader hypothesis: that LLMs are less robust
to responding to out-of-distribution scenarios which pose
novel, but solvable, planning problems.
Qualitative analysis of commonsense failures in LLM
reasoning Do large language models suffer from distinctively different patterns of errors? An initial, qualitative examination suggests that large language models are
particularly prone to errors indicating a more fundamental
lack of “common sense” understanding: of the underlying task, or the world knowledge required to solve it. A
preliminary examination suggests that language models
struggle particularly in generating coherent, realistic solutions for problems that require novel but concrete physical
reasoning: as in the sofa on a roof goals in Fig. 2; or
failures to understand color (The carpet was white, so the
blue dye did not show up); water (the grass is not made
of water and so it does not absorb the water); or gravity
and material (eg. someone failing to scrape their knees
after falling in pants that were made of paper). Taken together, our reasoning experiment suggests that despite the
surface plausibilty of their generated text, large language
models generally struggle to emulate the latent reasoning
that backs human responses – once problems expressed in
language require solutions beyond the standard, and most
predictable, distribution of prior language, the apparent
“reasoning” abilities of these models deteriorate sharply.

Part II: Integrating language with
structured reasoning models
Our results in Part I suggest that even very large language
models may not capture the characteristic flexibility of
human reasoning: they struggle to produce language reflecting novel computation over an underlying task.
Here, we propose an alternate computational approach
for reasoning about problems posed in language. Rather
than hoping to simulate latent computations (like planning) by directly predicting output language, we propose
a simple (but demonstrative) parse-and-symbolic planner (P+S) model which grounds language in an explicit
“language-of-thought” (Fodor, 1975): a formal program
expressing the meaning of the linguistic prompt, which interfaces with a symbolic computational solver (Fig. 4B).

Simulated planning experiment
We introduce a simulated planning domain to benchmark
our parse-and-symbolic planner model against a standard LLM (here, GPT-Neo (Black, Gao, Wang, Leahy,
& Biderman, 2021)), using a restricted set of prompts
designed to emulate the core properties of the broader
planning domain in Part I. We focus on planning here
for a straightforward metric of comparative performance:
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accuracy of our restricted plans can be evaluated directly
on an explicit world model.
Initial and constrained synthetic planning prompts
As with Part I, our simulated experiment benchmarks
model performance under three progressively more challenging conditions: responses to an initial set of linguistic goal prompts (Fig. 4A, Condition 1); and two constrained conditions which introduce new linguistic constraints over the initial goal (Fig. 4B, Condition 2, 3). As
is obvious from Fig. 4B, our conditions differ from Part I
in one important respect: we extend our initial goals with
positive constraints, rather than the negative constraints in
Part I. This format permits a more direct, albeit simplified,
evaluation of the core task – fully simulating restrictions
on initial resources would require modeling (and communicating) all possible alternative ways to achieve a goal in
a simulated environment – while still requiring models to
reason about complex, out-of-distribution language.
We generate initial and constrained goal prompts –
along with a linguistic initial condition completely specifying the starting planning state for each prompt – from a
synthetic grammar over a simple object-stacking domain
(Gupta & Nau, 1992), in which each goal is a target stack
of objects on a table (Fig. 4). Initial prompts involve
goals with a single common household object; these are
extended with both a single constraint and many constraints (n=4) that introduce additional, unusual objects
into the initial goal. In total, we sample n=100 initial goals
and then sample constraints for both extended conditions.
Parse-and-solve model Fig. 4B depicts a schematic
of our parse-and-solve model, designed to disentangle
language from the underlying computation required to
solve planning tasks expressed in language. Our model
integrates two distinct components. First, it parses language into a formal program representing the initial problem state and goal (using the PDDL planning language
(McDermott et al., 1998)). For more direct comparison
with a benchmark LLM, we also use a large language
model as our surface parser: we use the Codex (Chen et
al., 2021) model (a GPT-3 model fine-tuned on a joint distribution of language and symbolic programs), which can
“parse” language into programs using an analogous fewshot prompting technique (seeded with coupled examples
of text and code). Unlike our comparison model, however, we employ distributional prediction only for a more
constrained task: emulating the joint variation between
a natural and formal language. The parsed programs are
passed to our model’s second core component: a symbolic
solver, modeled with a search-based planner (Alkhazraji
et al., 2020) which attempts to generate a symbolic plan
over a restricted set of actions (moving objects from one
location to the next) to solve the parsed goal.

Figure 4: Simulated iterative planning task overview. A) Example progressively-constrained goal stimuli; B) Evaluation
compares plans generated directly from an LLM (left) with plans generated from P+S (right); C) Success rate of P+S
model (purple) vs. LLM (gray); P+S statistically significantly outperforms the LLM under each condition (black bars).

Plan simulation environment Unlike in Part I, plans
using the restricted space of actions in this domain can
be simulated directly to assess accuracy. The P+S model
outputs executable PDDL actions; the LLM-as-planner
baseline outputs language which we reparse by inverting
the synthetic grammar into PDDL actions. For both models, we mark unparseable or invalid plans as unsuccessful.

Results
Analogous analyses to those in Part I (Fig. 4C) – measuring the comparative performance of our model with an
LLM, as well as its robustness to constraints – suggest
that our hybrid model, which uses predictive modeling
only to transform language into a structured interface
to an underlying symbolic planner, vastly improves its
ability to adapt to complexly constrained goals.
Parse-and-solve model outperforms LLM An LMER
comparing our two models (P+S and LLM) finds a
strongly significant difference in overall performance
(p < 0.001; Fig. 4C): indeed, the LLM solves none of the
problems in our most constrained condition.
Comparative robustness to constraints Interestingly,
a pairwise LMER testing for an interaction between
source and condition does not find a significant interaction effect, suggesting that both models decline similarly
in relative performance between conditions. One likely
possibility is that this is an artifact of our restricted experiment size: the LLM simply can perform no worse
in the final condition. However, these results could also
suggest that the parsing approach we use here – which
employs distributional models to map language into programs – may itself struggle to generalize; a hybrid parser,
which itself draws on more structured representations
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(like classical linguistic grammars), might be better suited
to parsing our most challenging compositional goals.

Discussion
Human language provides a richly structured window
into how we think about the world. Our results, however,
suggest that modeling the distribution of language alone
may not be sufficient to capture the computations underlying planning, explanations, and other forms of reasoning
which ground the language we produce. Instead, we propose an alternative approach: hybrid models which use
distributional prediction to map language into structured
formal representations of meaning that interface directly
with structured symbolic algorithms (Ellis et al., 2020;
Wong et al., 2021; Nye et al., 2021). Our contributions
here leave much open for future work: to more systematically characterize regimes under which simply producing probable language closely approximates, and deviates, from human reasoning, and go beyond the simple
demonstration model we have provided towards broadercoverage models for more realistic reasoning domains.
An important next step will be building on the qualitative analyses in Part I to disentangle the many factors
(e.g., accuracy, semantic coherence, and concision) that
may separate human performance from purely predictive
responses. In tandem, the hybrid model we propose here
offers a promising, albeit highly restricted, step towards
emulating human-like reasoning over language. How do
we learn the structured world models, or even sophisticated planning algorithms, that our simple model builds
upon? Our core modeling approach suggests a path towards these more fundamental learning problems: using
language to construct, or guide discovery, of programs
which represent novel environments, actions, and even
algorithms for operating over such worlds.
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Abstract

adult learners of English rate sentences like, Dan
forced that Helen plays tennis, as markedly more
acceptable than native English speakers do (Tachihara
& Goldberg, 2020). In fact, in multiple studies, the
difference between language learners’ and native
speakers’ judgments on unacceptable formulations is
significantly larger than on conventional formulations
of the same complexity (Dan forced Helen to play
tennis). This means that language learners’ judgments
differ from native speakers’ more on unconventional
than conventional language (Robenalt & Goldberg,
2016; Tachihara & Goldberg, 2020).
How does one learn that certain formulations are
unconventional and unacceptable? Child learners of a
language inevitably learn what is conventional and
what is unconventional in their native language
through their experience with the language.
Presumably, they come to avoid unconventional
formulations because they repeatedly witness and
learn to strongly prefer alternatives over the course of
many years of daily exposure. The conventional
formulations come to suppress alternative ways of
expressing the identical message. This process, called
statistical preemption relies on competition between
the unconventional and conventional formulations
(Goldberg, 1995; see also Chouinard & Clark, 2003
for a related discussion of recasts). Statistical
preemption occurs when a learner predicts one
formulation but repeatedly witnesses another. For
instance, a learner may predict that a speaker will say
Dan forced that Helen plays tennis. But because the
listener is far more likely to instead hear, Dan forced
Helen to play tennis, to express the identical intended
message, the latter conventional formulation is
reinforced, and the unwitnessed formulation becomes
suppressed (Boyd & Goldberg, 2011; Robenalt &
Goldberg, 2015; Perek & Goldberg, 2017).
The current paper asks whether adult language
learners – particularly classroom students learning
Spanish – can benefit from negative indirect evidence
in the form of statistical preemption in order to learn

Recent work has raised a question about whether adult
language learners take advantage of indirect negative
evidence (here, statistical preemption) while learning a new
language. Statistical preemption predicts that exposure to
conventional formulations results in better recognition that
unconventional formulations are unacceptable. In a
preregistered study, 61 undergraduates enrolled in Spanish
classes were exposed to instances of conventional
constructions in Spanish for 3 days to determine whether the
exposure would bring their responses to unconventional
formulations into closer alignment with those of native
Spanish speakers. Judgment data confirms an effect of
statistical preemption: students showed an increased
recognition of the fact that unconventional (unwitnessed)
formulations were unacceptable. These results are consistent
with the idea that learning a new language is, in large part,
learning which formulations to avoid: learning what not to
say.
Keywords: second language, learning, competition

Introduction
Learning a new language as an adult is difficult and
slow for most people. Learners often produce
unconventional utterances that are judged
unacceptable by “native” speakers, which is often
viewed as an indication that the learner lacks language
proficiency, regardless of communicative success.
Unconventional language may be used because
learners are unaware of a conventional way to express
their intended message, or they may be aware of a
conventional alternative without fully appreciating
that the unconventional formulation is considered
unacceptable. Thus, a language learner needs to learn
both what to say and what not to say, in order to be
recognized as a proficient speaker of a new language.
Results from several studies demonstrate that
language learners are markedly more tolerant of
unconventional sentences than native speakers are
(Ambridge & Brandt, 2013; Robenalt & Goldberg,
2016; Tachihara & Goldberg, 2020). For instance,

876
In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

what is unacceptable. We, therefore, picked four
constructions that were verified by Spanish instructors
as common mistakes amongst Spanish learners. This
issue of learning unacceptability is relevant because in
prior work, we found that learners’ judgments on an
unconventional formulation were unaffected by a
single exposure to a conventional paraphrase
immediately before judgments on the unconventional
formulation was elicited (Tachihara & Goldberg 2020).
Here we hypothesize that statistical preemption (in
language learners) may simply require repeated
exposure, and possibly, sleep to show an effect.
The idea is motivated from prior work in the lexical
domain, which has shown that competition between
linguistic formulations requires long-term memory. In
a novel word learning study by Gaskell & Dumay
(2003), participants showed signs of high recognition
accuracy but no lexical competition immediately after
exposure. Yet after the 4th day of training lexical
competition observed. This, along with other studies
comparing immediate and delayed testing, suggest that
lexical competition requires a period of consolidation
through sleep (Dumay & Gaskell 2007; Gais, Lucas,
& Born, 2006; Lindsay & Gaskell 2010; Mattys &
Clark 2002). While lexical competition in word
recognition tasks differs from that of sentence-level
competition in a judgment task, we hypothesize that
the general processes are the same.
Therefore, in the current study, we ask whether
three days of repeated exposure to conventional
formulations leads learners’ judgments on
unconventional paraphrases to align closer to those of
native speakers of Spanish. Specifically, we look at
whether English-speaking students learning Spanish
become better able to recognize unconventional
sentences as unacceptable after the three days of
exposure to acceptable paraphrases. We specifically
predict that learners at the intermediate level would
benefit the most from statistical preemption, since
early learners may not activate competitive forms
sufficiently, and highly proficient learners already
behave similarly to native speakers (Robenalt &
Goldberg, 2016; Tachihara & Goldberg, 2020). In
addition to the judgment task, which measured explicit
awareness of acceptability, we included a self-paced
reading task as an implicit, online measure of sentence
processing.

Participants
We planned to test 100 participants enrolled in any
level of Spanish class at Princeton University. Their
course level provided an objective measure of
proficiency. 128 participants took part in the study
during 2 semesters of recruiting; however, only 73
completed the critical final assessment. Two
participants were excluded because they indicated that
their native language was Spanish and they rated their
Spanish proficiency to be at ceiling. All other
participants specified that they were native English
speakers. Ten additional participants were excluded
for not passing the preregistered 75% threshold on
comprehension questions. Out of the 61 total
participants, there was roughly an equal number of
participants in the beginner level, intermediate level,
and advanced level.

Stimulus materials
The stimuli consisted of 4 construction types: copula
choice, adjective position, grammatical gender, and
the clausal complement construction (Table 1), all
recognized to be challenging for Spanish learners to
master. The initial assessment consisted of 16
unconventional sentences, 16 conventional sentences,
and 40 conventional filler sentences. The final
assessment included additional unconventional

Method
Preregistration. The preregistered experimental
design and analyses were followed unless otherwise
specified
(anonymous
preregistration:
https://aspredicted.org/CJB_BSN).

Table 1: Four Construction Types used as stimuli:
which types participants were exposed to was
counterbalanced across groups.
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sentences in order to see whether any effect of
exposure would generalize beyond the particulars of
the sentences witnessed. Thus, the final assessment
consisted of 32 unconventional sentences, 16
conventional sentences, and 64 conventional filler
sentence.1 On each of the 3 exposure days, participants
witnessed only conventional sentences: 8 conventional
target sentences and 8 conventional filler sentences.

group was exposed to two other construction types: el
vs. la and que vs. a. This design allows us to compare
the effect of exposure on particular constructions
between subgroups, while controlling for the delay
and the initial and final assessments.
In the judgment task on Day 2 and 6, participants
rated the acceptability of each sentence on a gradient
scale between 0-100 (100 being fully acceptable). Two
examples were provided to clarify the task: one
unacceptable sentence (A mí me gusto la película was
assigned low rating) and one acceptable (Yo vivo aquí,
was assigned a high rating).
Participants read all the sentences using a
cumulative self-paced reading task on Inquisit 6 (Just,
Carpenter & Woolley, 1982). Words appeared one at
a time and remained visible until participants pressed
the space button to see the following word. When each
sentence ended, participants clicked a button that
appeared on the bottom right corner of the screen.
Unconventional sentences made up only 25% of the
stimuli, in an effort to mitigate participants’
expectations of reading unconventional sentences. To
familiarize participants with self-paced reading, the
first 25% of sentences were filler sentences. For the
rest of the self-paced reading task and for the entirety
of the judgment task, the order of the sentences was
randomized for each participant.

Design and Procedure
The experiment was administered over the course of
one week. At pretest, participants responded to a
questionnaire about their language backgrounds. At
the initial assessment and the final assessment on day
2 and 6, respectively, participants read conventional
and unconventional sentences in a self-paced reading
task and completed a judgment task on the same set of
sentences. During the intervening days of exposure
(days 3-4-5), participants read only conventional
sentences in a self-paced reading task. The
conventional sentences on each of the exposure days
were unique instances of the same constructions
(Table 2). All sessions except the pretest questionnaire
included comprehension questions, which were used
to encourage and assess participants’ attention.
Comprehension questions served as the preregistered
exclusion criterion (75% accuracy required). In an
additional effort to engage participants, we included
16 non-linguistic encouragement gifs (ex: Jennifer
Lopez clapping) which appeared at random intervals
throughout the tasks.

Results
We first tested whether learners were able to
distinguish conventional from unconventional
sentences at the initial assessment. As expected, they
were, replicating prior work on learners of English
(Robenalt & Goldberg, 2016; Tachihara & Goldberg,
2020). That is, a linear mixed model confirms that
conventionality predicted acceptability judgments,
with random intercepts for subjects and items included,
for the learners of Spanish at the initial assessment (β
= 24.15, t = 7.41, p < 0.0001). Thus, participants knew
Spanish well enough to assign higher acceptability
ratings to conventional than to unconventional
sentences.
In order to examine the effect of proficiency, we
consider acceptability scores at initial assessment as a
function of class level. We ran a mixed effects model
with conventionality and class as interacting fixed
effects and random intercepts for subjects and items,
as preregistered. We found a significant interaction,
meaning that as the proficiency increased, the
difference in judgment scores between conventional
and unconventional sentences also increased (β = 4.59,

Table 2: Example stimuli for each day of the
experiment.
We divided participants into two subgroups as
follows. On days 3-4-5, one group of participants was
exposed to the two construction types: ser vs. estar
and prenominal vs. postnominal adjectives. The other
Due to experimenter error, the judgment task at the final
assessment included a random subset of 40 unconventional
and conventional sentences instead of 48.
1
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t = 6.69, p < 0.0001). Figure 1 displays each class from
lower to higher proficiency. As is visible, the effect
was driven by the unconventional sentences; the same
model shows a significant effect of class on the

and again found an effect of exposure (β = -3.90, t = 2.81, p = 0.005). In other words, we find evidence of
statistical preemption in language learners: reading
conventional paraphrases led participants to rate
unconventional sentences as appropriately less
acceptable.
More specifically, we had preregistered an
expectation that the effect of statistical preemption
would be strongest for learners at the intermediate
level. This prediction was borne out as the effect of
exposure is significant specifically for intermediate
level learners of Spanish (β = -6.25, t = -3.05, p =
0.002); and not for beginner level (β = 0.68, t = 0.34,
p = 0.74) or advanced level learners (β = -2.11, t = 1.16, p = 0.25).
The self-paced reading task provided no evidence
that learners slowed down when they read
unconventional sentences, despite the judgment data
showing that they recognized a difference between
conventional and unconventional sentences even at the
First Assessment. For each of the sentences in the task,
a target region was identified prior to data collection.
The target word was the first word at which one could
detect that the sentence was unconventional. As
preregistered, to allow for possible spillover effects,
the next two words were included as well. A slower
reaction time during the key window would indicate
participants were able to detect that the sentence is
unconventional (Jegerski, 2014; VanPatten & Jegerski,

Conventional

Figure 1: Initial acceptability judgments from
students in different class levels (specified at top, xaxis)
unconventional sentences only (unconventional: β = 3.61, t = -3.93, p = 0.0002; conventional: β = 1.07, t
= 1.65, p = 0.11). In other words, as proficiency
increases, judgments for unconventional sentences
decreases while judgments on conventional sentences
remains largely unchanged.
Our primary hypothesis was that repeated exposure
to acceptable sentences would impact judgments on
unconventional paraphrases, which would provide
evidence of statistical preemption in adult language
learners. Results confirm a significant effect of
exposure: participants gave lower ratings to those
unconventional constructions for which they had read
acceptable paraphrase constructions during the three
days of exposure (Figure 2).
A linear mixed effects model with judgment score at
final assessment as outcome and exposure as fixed
effect with random intercepts for subject and item
confirmed the effect (β = -3.88, t = -2.79, p = 0.005).
To make sure that the effect was not driven by a single
construction, we ran the model with an added random
effect of construction type in an exploratory analysis

Without exposure With exposure

Figure 2: Acceptability judgments on unconventional
sentences at final assessment, with and without
exposure to conventional paraphrases.
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2010). We found no evidence that language learners
slowed down during the key window when reading
unconventional sentences. Specifically, we ran a
mixed effects model with log sum of reading time over
target region as our outcome and conventionality as
the fixed effect. Random intercepts for subjects and
items were included. We found no effect of
conventionality (β = 0.019, t = 0.35, p = 0.73). We
also found no effect of exposure on the reading times
of unconventional sentences. We ran a mixed effects
model with log sum of reading time over target region
as our outcome and exposure as the fixed effect on the
unconventional sentences from the final assessment.
Random intercepts for subjects and items were
included. Results show no effect of exposure:
participants did not slow down when reading
unconventional sentences after being exposed to
conventional paraphrases (β = -0.21, t = -1.52 p =0.13).
The accuracy of comprehension questions on these
sentences was high (M = 94.83%), indicating that
participants were paying attention to the content of the
sentences.

As predicted, the effect of preemptive exposure was
concentrated in the intermediate-level learners. This
was expected because statistical preemption relies on
competition between sentence formulations, which
requires learners to activate competing sentence
formulations. Because the strength of activation
depends on experience, one needs sufficient
experience to activate alternative sentence
formulations. Students who are just learning a new
language likely have difficulty learning from
statistical preemption because they have had too little
experience with the language to sufficiently activate
competing formulations. Learners who are already
highly proficient already behave similarly to native
speakers (Robenalt & Goldberg, 2016; Tachihara &
Goldberg, 2020). This explains why intermediate
speakers, who have enough experience to activate
sentence formulations but not enough experience to
fully appreciate the unconventional formulations as
unacceptable were the students that benefited from
exposure.
We designed our current study such that exposure
occurred repeatedly over several days, primarily to
allow for sleep consolidation to take place. Sleep has
been identified as a critical component of lexical
competition, which could mean that sleep may also be
a critical component of statistical preemption (Gaskell
& Dumay, 2003). Since the current design cannot
disentangle the effects of repeated exposure and sleep,
future work is required to investigate the role of each
independently.
While explicit judgment data revealed awareness of
a
distinction
between
conventional
and
unconventional sentences, the online self-based
reading time data did not. We had, prior to data
collection, expected a slow-down when the learners
read the unconventional utterances, as has been found
for native Spanish speakers (Tachihara & Goldberg,
submitted). The lack of an effect was notable given
that the learners had shown some awareness of a
distinction between conventional and unconventional
sentences even during the initial judgment task, yet no
slow-down was evident either initially or after
exposure. This implicates a difference between
explicit knowledge and online processing of sentence
acceptability in classroom language learners (LarsenFreeman, 2000). Future work is needed to better
understand whether to expect a slow-down in reading
times for unconventional sentences among language
learners of varying proficiency levels, and in various
learning contexts.
It is important to note that no explicit feedback was
given to participants at any point in the current
experiment. While we consider the judgment task at
initial and final assessment to be an explicit linguistic
task, significant learning occurred from the naturalistic

Discussion
Adult language learners tend to treat unconventional
formulations more leniently than native speakers do,
particularly when a conventional formulation exists to
express the identical intended message (Ambridge &
Brandt, 2013; Robenalt & Goldberg, 2016; Tachihara
& Goldberg, 2020, but cf. Zhang & Mai, 2018). Only
at high levels of proficiency do their judgments on
unconventional sentences align with native speakers,
while their judgments on familiar formulations tend to
remain stable across proficiency levels (Robenalt &
Goldberg, 2016; Tachihara & Goldberg, 2020). We
document this pattern here in Figure 1, which is based
on data from the initial judgment task: our classroom
learners of Spanish judge conventional sentences as
similarly acceptable regardless of their course-level in
Spanish; it is their ratings on unconventional sentences
that vary across proficiency levels.
Critically, after repeated exposure to conventional
paraphrases of a subset of the unacceptable
constructions, the judgment data reveals that adult
language learners take advantage of the indirect
evidence afforded by statistical preemption. That is,
repeated exposure to conventional sentences allowed
them to better recognize that unconventional sentences
were markedly unacceptable. The fact that exposure
was provided across multiple days distinguishes the
current study from prior work that had failed to find an
immediate influence of statistical preemption in
language learners after single-shot exposure
(Tachihara & Goldberg, 2020).
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exposure in which participants read only conventional
sentences. Thus, the study demonstrates that, with
sufficient exposure, language learners can learn
unacceptability without explicit feedback through
statistical preemption.
The current results replicate the finding that adult
language
learners
recognize
conventional
formulations to be fully acceptable long before they
fully appreciate the unacceptability of unconventional
formulations. This is evident in Figure 2: judgments
on unacceptable sentences was lower as proficiency,
measured by course level, increased, while judgments
on acceptable sentences remained steady across
proficiency levels. The current manipulation reveals
that adult learners learn to better recognize
unconventional sentences as unacceptable, through
multiple days of exposure to conventional
formulations. These results highlight the fact that
learning a new language is, in large part, learning
unacceptability, or learning what not to say.
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Abstract

Goodman, & Schulz, 2011; Ruggeri et al., 2019). These skills
are especially evident in environments where search is
emphasized. For instance, Schulz et al. (2018) demonstrated
that children’s problem-solving behaviors focused on
exploring to reduce uncertainty, while adults tend to
maximize rewards instead. Thus, children are quite capable
of learning things on their own in the absence of teaching.
Moreover, children are able to adapt in the face of
ineffective teaching when provided with explicit cues to
evaluate the efficacy of an informant, sometimes by
prioritizing more reliable informants and sometimes by
increasing independent exploration. For instance, 4- and 5year-old children are consistently able to choose between
reliable and unreliable informants in an object-labeling task,
choosing to learn novel labels from previously reliable
informants (Corriveau, Pickard, & Harris, 2011). Similarly,
these adaptations translate to exploratory behavior. For
example, when a teacher provides a counterintuitive claim
(e.g., that the largest of a set of objects is the lightest),
elementary-aged children will explore the objects for longer
than if provided with an intuitive claim (Ronfard, Chen, &
Harris, 2018). Likewise, 6- and 7-year-olds will explore an
object more after receiving instruction if an informant had
previously been under-informative relative to completely
informative (Gweon et al., 2014). Together, this evidence
suggests that children are able to use explicit cues to identify
ineffective teaching and that they trade off learning from
others and learning from exploration to optimize learning.
However, children are not always provided with overt cues
of a teacher’s efficacy to evaluate teaching. This is especially
true in real-world classrooms, where political agendas and
stereotypes often get filtered into the education system. For
instance, generational inequalities are transmitted through
curricular omissions and erasures (King, 2017; Solomon,
2002; Yosso, 2005) and explicitly incorrect information is
even present in the “hard sciences” for controversial topics
like evolution or sexual health (Griffith & Brem, 2004; Fuller
et al., 2021). In these cases, some teachers are unlikely to
provide overt cues to teaching inefficacy because they
themselves were educated in these traditions and have not
always been trained to appreciate alternative frameworks
(Bartolomé, 2004). Thus, in the absence of overt cues, it is
worth interrogating children’s ability to identify inaccuracies
through their independent exploration rather than simply to
compensate for inaccuracies with exploration.
This ability to identify ineffective teaching may also be
particularly important but complicated at the intersection of

While research has documented that children can compensate
for overt cues to teaching inefficacy through exploration of
novel solutions, an important question is whether children use
exploration to detect inefficacy. Further, to move beyond
ineffective teaching, learners must prioritize their own ideas.
Thus, girls could be disadvantaged due to a greater emphasis
on people-pleasing in their socialization. We tested 7- to 10year-olds using a novel, video-game paradigm. Children were
shown ineffective instruction but could only discover its
inefficacy by independently attempting the solution. Children
generally attempted the taught solution successfully and
rationally traded-off between instruction and exploration.
However, gender differences emerged in exploration, solving,
and learning even after controlling for video game experience
and teacher gender. These results have important implications,
as girls may have a greater need to move beyond ineffective
teaching when exposed to sexist content or beliefs.
Keywords: child development; pedagogy; exploration; gender
differences; informant reliability; resource rationality

Introduction
From early in life, teaching is an integral tool for learning.
Teaching allows for efficient transfer of knowledge through
its strong communicative cues, like eye gaze and gesture
(Csibra & Gergely, 2006, 2009). This is particularly true
when content is difficult or impossible to learn for children,
for example, when solving logical problems or computer
programming problems (Mayer, 2004). Because of its
importance, humans also make assumptions about teaching.
For example, children assume that teaching is complete and
will explore a novel object less after receiving pedagogical
instruction from a seemingly knowledgeable teacher,
compared to when observing a naïve learner (Bonawitz et al.,
2011). Likewise, over-imitation studies have demonstrated
that when a clear instrumental purpose for an action is
missing, humans often assume a cultural or social purpose to
the action and nonetheless imitate it faithfully (Hoehl et al.,
2019). Together, this work elucidates rational and efficient
adaptations to optimize the acquisition of cultural and
instrumental knowledge. However, how does this process
become disrupted when teaching is ineffective or inaccurate?
Teaching is not the only way children acquire information:
children are also adept explorers. Even young children can
utilize exploration to gain causal information (Schulz &
Bonawitz, 2007; Schulz & Gopnik, 2004; Sim & Zu, 2017),
and as children get older, they are able to optimize their
exploratory actions to maximize information gain (Cook,
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exploration and gender. This is to say that in some cases, an
ability to identify ineffective teaching will be especially
important for girls and gender minorities. For instance, when
children are provided with inaccurate sexual and
reproductive education, girls disproportionately suffer the
harms (e.g., Madkan et al., 2006). Yet, sexual education is
largely inaccurate in the United States (Guttmacher Institute,
2022). Thus, in cases in which information pertains to girls’
experiences of marginalization, identifying inaccuracies may
be particularly important.
Simultaneously, female socialization in North America
may make girls particularly unlikely to ignore teaching due
to people-pleasing pressure. Mickelson’s (1989) sex-role
socialization hypothesis proposes that girls may be
disadvantaged through socialization to obey authority figures
and “be good.” For instance, from a young age, greater
pressure is placed on girls than boys to feel responsible for
others’ emotions (Zahn-Waxler, Cole, & Barrett, 1991) and
to consider others’ needs in their decisions (Jordan et al.,
1991; Letendre, 2007). Thus, in situations where girls are
provided inaccurate teaching, they may hesitate to explore
their own ideas out of fear of hurting the feelings of the
teacher. Likewise, prioritizing one’s own exploration in the
face of ineffective teaching requires the learner to be willing
to stand out and innovate. Yet, relative to men, women are
likely to avoid self-promoting for fear of repercussions
(Brescoll, 2011; Daubman, Heatherington, & Ahn, 1992;
Moss-Racusin & Rudman, 2010), and associations between
girls, conformity, and obedience are especially evident in
classrooms. For instance, teachers have rated boys as more
non-conforming than girls (Gralewski & Karwowski, 2013),
and they are more likely to praise girls’ compliance (Jones &
Myhill, 2004), while highlighting boys’ non-conformity and
independence (Gralewski, 2019). Thus, even if girls are able
to identify inaccuracies, classroom settings may discourage
them from prioritizing their own actions.
Thus, the present study sought to understand whether
children could evaluate ineffective teaching in the absence of
overt cues and, importantly, whether there are differences in
girls’ and boys’ ability to calibrate to this teaching. As
compensatory exploratory behavior can be observed in the
elementary years (Gweon et al., 2014; Ronfard et al., 2018),
and gender stereotypes emerge at a similar time (Bian, Leslie,
& Cimpian, 2017; Lei et al., 2019), 7- to 10-year-olds were
introduced to a novel search task: a platforming video game.
They received instructions on how to solve the game then
played a test game in which the taught solution did not work.
However, children were not provided with any information
to suggest the solution was ineffective. Instead, they had to
discover its inefficacy by attempting the taught solution. Our
first goal was to evaluate how children as a group responded
to this situation. Given their broad exploratory skills, we
hypothesized that children would successfully attempt the
taught solution, and after attempting, children who prioritized
exploring would succeed at greater rates. Our second goal
was to evaluate differences between boys and girls. We did
not expect to find differences in boys’ and girls’ attempting

behaviors (and if anything, girls may be more likely to
attempt the solution given that girls generally outperform
boys in school; Duckworth & Seligman, 2006; Matthews,
Ponitz, & Morrison, 2009; Orr, 2011) but that girls would
struggle when required to divest from teaching, exploring less
than boys. Consequently, we hypothesized that girls would
be less likely to succeed and learn about the game than boys.

Methods
Participants
Our sample consisted of 150 7- to 10-year-olds (n = 150,
MAGE = 9.02 years, 76 girls, 74 boys) recruited from a
database of families that had previously volunteered to
participate in research. Sample size was determined utilizing
a priori power analyses of preliminary data (≥ 80% power for
all hypothesized effects). Parents identified their children as
white (n = 57), multiracial (n = 33), East Asian (n = 24),
South Asian (n = 10), Arab (n = 4), Southeast Asian (n = 3),
Latin, Central, or South American (n = 2), Native American
(n = 1), a race not listed (n = 3), or did not report (n = 13).
For each child, at least one parent held at least a high school
diploma (n = 8), college degree (n = 10), bachelor’s degree
(n = 34), master’s degree (n = 52), doctoral or professional
degree (n = 33), or did not report (n = 13). Thus, our sample
was somewhat racially diverse but not educationally diverse.
Children were individually tested in a single session using
Zoom videoconferencing, lasting roughly 45 minutes. Prior
to participating, parents provided informed consent, and
children provided assent. Parents received a $5 gift card. Data
were excluded from 14 additional children due to parental or
sibling interference (n = 6), failure during practice (n = 4),
technological issues (n = 2), refusal to comply (n = 1), and
experimenter error (n = 1).

Procedure
To understand children’s ability to detect incorrect teaching
and its influence on exploratory behavior, children played a
platforming video game (Figure 1). In the game, participants
navigated as a frog character, and the goal to win was to find
a trophy. To encourage exploration, collectibles and enemies
were spread across the map, and different textures of
platforms were utilized. While these elements did not
systematically indicate the presence of trophies, they did
introduce multiple possibilities that participants could
explore. The game had four phases: practice, instruction, test,
and post-test. Children learned about the game in the practice
and instruction phases, and their problem-solving and
reaction to instruction were measured during the test phase.
Practice. To ensure that children had sufficient knowledge of
the game controls, participants completed a short practice
trial in which they interacted with all of the basic elements of
the game: collectibles, enemies, jumping, platform types, and
trophies. Participants were given feedback from the
experimenter while playing to help them learn the game
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Figure 1: Frog game specifications. (A) Participants began with a practice, viewed an instructional video, and then were
given seven minutes to solve a test game, (B) For the purposes of behavioral coding, the game map was divided into
exploratory regions, depicted in blue, and imitative regions, depicted in green.
controls, and parents were able to provide instructions but not
to complete the practice for their children. Only participants
that were able to independently complete the practice within
10 minutes were included in the final sample. Importantly, it
was emphasized to participants that the main goal was to find
a trophy once they succeeded in the practice game.

rendering the teaching ineffective. Thus, children were not
told that the taught solution was ineffective. They had to
attempt the solution to generate evidence of its inefficacy.
Test Game. After instruction, participants completed the test
game, which appeared identical to the instructional video
except for the missing platforms. While the solution shown
in the video did not work, the participants could solve the
game by finding either of two alternate trophies in areas
branching from the main path. Before the participant played
the game, they were told by the experimenter, “For this part
of the game, we want to see what you do on your own, so I’m
going to do my best not to answer any questions, and we ask
that parents do the same. I’ll set a timer for seven minutes and
let you know when seven minutes pass. Remember, the main
goal of the game is to find a trophy, but you can win with any
trophy that you find!” Participants were given up to seven
minutes to solve the game, which began once the
experimenter finished giving directions. During the test
game, the experimenter’s video was visible, but they did not
provide feedback and maintained neutral affect.

Instruction. Following practice, children were shown an
instructional video featuring a seemingly knowledgeable
adult navigating the test game to find a trophy. Importantly,
the game map in the practice game was different in several
ways (e.g., background color, structure) from the test game,
while the instructional video and test game were ostensibly
the same. The adult providing instructions was not visible in
the video but rather narrated the instructions while showing a
video of themselves playing the frog game. To avoid the
possibility that the gender of the teacher disproportionately
influenced boys and girls, the voice of the teacher was
matched to the gender of the child (i.e., a woman for girls, a
man for boys). Prior literature indicates that children are very
sensitive to pedagogical instruction (Bonawitz et al., 2011;
Csibra & Gergely, 2006, 2009; Hoehl et al., 2019); thus, our
instructional video balanced pedagogical and nonpedagogical elements. All experimenter directions
emphasized that children would be shown a solution, but the
instructions were not deterministic, stating that children
“could win the game with any trophy [they] could find.”
In the video, the frog character moved on a linear path from
the left of the map to the right. Eventually, the frog navigated
to six vertical platforms and jumped to a trophy. Critically,
there was a slight discrepancy between the video and test
games, such that two platforms were missing in the test game,

Post-Test. After completing the game, participants answered
several questions to assess their learning and experience with
video games. To assess learning, participants were shown a
series of four images portraying various game map areas
(some which appeared in the game and some which did not)
and asked whether they were part of the game. Thus, the
maximum learning score was 4. To generate a control
measure of gaming skill, participants were also asked to rate
how often they played video games on a 5-point Likert scale
(ranging from “never” to “daily”).
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Figure 2: Visualizations of gender and key behaviors and outcome measures: (A) attempting the taught solution, (B) solving,
(C) the proportion of time spent exploring after attempting, and (D) performance on post-test learning questions. Error bars
represent standard errors of the mean. Dashed lines represent chance performance.
that behavior could be compared once participants gained
evidence of the solution’s inefficacy.

Behavioral Coding
Coding was performed by human raters watching raw footage
of testing sessions to classify whether participants attempted
the taught solution and solved the game, as well as time spent
exploring and imitating.1 Raters were blind to study
hypotheses, but participants images were visible in videos. A
primary coder was randomly assigned to each participant.
Data generated by primary coders was utilized in analyses. In
addition, a secondary coder was randomly assigned such that
50% of all data was double coded (to estimate interrater
reliability). Agreement between primary and secondary
coders was high across tasks (all ICC’s > .94, all p’s < .001).

Results
Our first goal was to understand how children, as a group,
interacted with instruction. Participants were not told that the
instruction was ineffective and instead had to utilize their
own exploratory actions to discover its inefficacy. Thus, an
optimal strategy would be to first exploit instruction to try to
solve the game quickly, then increase exploration after
evidence of failure. Therefore, we hypothesized that children
would initially favor imitation, increasing exploration after
attempting the taught solution.
Thus, we first performed a one-sample t-test to compare
the proportion of time children spent imitating prior to
attempting the taught solution to chance (i.e., 0.5). Indeed,
children initially imitated significantly more than they
explored (M = 0.72, t(148) = 11.88, p < .001, d =3.19).
Likewise, we hypothesized that children would generally be
able to attempt the taught solution given children’s broad
exploratory skills. We performed a binomial test comparing
the proportion of children who attempted to chance (i.e., 0.5);
74% of children attempted the taught solution, a rate greater
than chance (p < .001). Finally, a paired-sample t-test was
performed to compare children’s rates of exploration before
and after attempting the taught solution. As a group, children
explored more after attempting than before (MDiff = .15,
t(110) = 6.03, p < .001, d = 0.57). Thus, children generated
evidence that the solution was ineffective utilizing only their
own exploration, and on average, adjusted their strategies
based on this information.
We further sought to understand how exploratory behavior
after attempting the solution related to success (i.e., solving
and learning). We hypothesized that those who solved would
spend a greater proportion of time exploring after attempting
the taught solution. A two-sample t-test revealed that children
who solved the game spent a significantly greater proportion
of time exploring after attempting (M = .53) than children

Attempting the Taught Solution. A participant was
considered to have attempted the taught solution if they
followed the path in the instructional video and completed
one full jump where the platforms were missing. At this
point, participants should have evidence that the solution
would not work as shown.
Solving. A participant was considered to have solved the
game if they found a trophy within seven minutes.
Coding Imitation & Exploration. Classifications were
made using the physical location of the frog on the game map
(Figure 1). If the frog was in the portion of the game map that
was used in the path of the instructional video, their behavior
was coded as imitation starting from the frame they entered
the area until the frame before they exited. If the frog was in
the areas branching off from this path, exploration was
instead coded from the frame they entered the area until the
last frame before they exited. Thus, these definitions
generated two mutually exclusive codes. As the absolute time
children played the game varied, proportions were used in
analyses. Importantly, the proportion of time engaging in
exploration and imitation (respectively) was calculated both
before participants attempted the taught solution and after so
1Outliers were defined a priori as points more than 3 SDs from
the mean and removed using pairwise deletion.
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who did not solve (M = .23; t(109) = 8.87, p < .001, d = 1.76).
Likewise, we hypothesized that greater exploration after
attempting would relate to greater learning. To this end, a
Pearson correlation revealed that increases in the proportion
of time spent exploring after attempting were modestly,
positively associated with learning (r = .32, p < .001). Thus,
increasing exploration was critical to achievement.
Having elaborated general trends, we turned to the role of
gender in children’s performance. Critically, we did not
expect to find initial differences between boys and girls.
However, we expected that girls would explore
proportionally less after attempting the taught solution
because they would feel more bound to the teacher’s
instructions due to differences in socialization. We further
expected this difference to lead to decreased solving and
learning in girls. To account for potential confounding
factors, we entered age and our measure of gaming skill as
control measures in all models predicting performance from
gender. To understand the influence of gender on exploration
and learning, we constructed linear regression models. As
attempting the taught solution and solving were both binary
outcomes (i.e., yes or no), logistic regressions with binomial
link functions were used to model attempting and solving.
Indeed, we did not observe a significant difference in
attempting the solution between boys and girls (p > .25).
However, we did observe departures between boys and girls
after this point. First, gender predicted exploration such that
girls explored for a significantly smaller proportion of time
after attempting than boys (β = -0.16, SE = .04, t(107) = 4.24, p < .001). Likewise, we observed a main effect of
gender on solving such that girls were significantly less likely
to solve the game than boys (β = -1.08, SE = 0.44, z(107) = 2.45, p = .01, Odds Ratio = 0.34:1). This implies that girls
were about one-third as likely to solve as boys, supporting
our hypothesis that girls would succeed less. Likewise, we
observed a main effect of gender on learning such that girls
answered significantly fewer questions about the game
correctly than boys (β = -0.36, SE = 0.11, t(107) = -3.34, p =
.001). Together, these results suggest that girls were not

Figure 3: Standardized path estimates presented. The
parenthetical value is the direct effect.
worse at the game, as we controlled for video game exposure,
and we did not observe differences in attempting behavior.
Instead, difficulties began for girls when divesting from the
ineffective instruction, as we observed differences in their
subsequent behaviors: exploration, solving, and learning.
Finally, we sought to directly test whether the disparities
between boys and girls were due to lower exploration in girls.
In particular, we focused our analysis on learning, as
decreased learning could lead to the greatest downstream
consequences in realistic contexts (relative to solving). We
hypothesized that girls exhibited lower learning because the
proportion of time spent exploring after attempting the taught
solution covaried with gender. This mediational hypothesis
was tested with a bootstrap procedure to determine the
significance of the indirect effect (Preacher & Hayes, 2004).
5000 bootstrap resamples and a random seed of 65336 were
used to estimate the direct, indirect, and total effects using the
PROCESS v4.0 (Hayes, 2022) macro. 95% confidence
intervals were determined from the bootstrap resamples, and
any interval that did not include 0 was considered to be
significantly different from 0. This analysis revealed that
gender affected learning as a function of its relationship with
exploration (ab = 0.11, SE = 0.05, 95% CI [0.02, 0.22]).
However, there was still a direct effect of gender on learning
when the indirect path through exploration was considered
(c’ = 0.25, SE = 0.12, 95% CI [0.02, 0.48]). Thus, the
relationship between gender and learning is partially
accounted for by the co-occurrence of gender and decreased

Table 1: Models predicting key behaviors and outcome measures.
Attempting Taught Solution

Solving Game

Predictors
Intercept
Age
Video Game Experience
Gender (Girl)

β (SE)
OR [95% CI]
0.76 (1.55)
2.13 [0.10 – 44.52]
0.13 (0.16)
1.14 [0.83 – 1.57]
-0.27 (0.18)
0.77 [0.54 – 1.08]
0.44 (0.38)
1.55 [0.73 – 3.29]
Proportion of Time Exploring

β (SE)
OR [95% CI]
-6.01 (1.91)** 0.002 [<.001, 0.10]
0.47 (0.19)*
1.61 [1.10, 2.34]
0.39 (0.20)†
1.48 [1.00, 2.21]
0.34 [0.14, 0.81]
-1.08 (0.44)*
Learning

Predictors
Intercept
Age
Video Game Experience
Gender (Girl)

β (SE)
-0.20 (0.17)
0.06 (0.02)***
0.02 (0.01)
-0.16 (0.04)***

β (SE)
1.33 (0.43)**
0.13 (0.05)**
0.03 (0.04)
-0.36 (0.11)**

[95% CI]
[-0.50, 0.09]
[0.03, 0.09]
[-0.005, 0.05]
[-0.23, -0.09]
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[95% CI]
[0.49, 2.17]
[0.04, 0.22]
[-0.06, 0.11]
[-0.57, -0.15]

observed that girls’ decreased learning was mediated by their
decreased exploration, suggesting that they learned less
specifically because they did not divest from instruction even
after they generated evidence of its inefficacy.
Simultaneously, even when the indirect pathway between
gender and exploration was accounted for, gender predicted
learning such that girls learned less than boys. Thus, an open
question remains regarding the remaining pathways between
gender and learning. While we controlled for video game
experience, the game utilized was stereotypically
“masculine.” For this reason, girls may have been sensitive
to expectations that they would underperform on the task
relative to boys (e.g., Kaye & Pennington, 2016). Additional
work should seek to understand whether these effects
replicate across contexts that are stereotypically “feminine.”
Moreover, the paradigm utilized introduces several future
directions. For instance, the learning questions we utilized
were closely connected to exploration of our specific game
(i.e., knowledge of the game map). However, in real-world
contexts, knowledge is often hierarchical and builds on itself.
Thus, an ability to generalize learned information to new
contexts is especially important (Fiorella & Mayer, 2016).
Future work would benefit from assessing learning in applied
contexts (e.g., mathematics) with questions focusing on rulelearning and generalization, in addition to the concrete and
self-contained learning assessed here (e.g., DeCaro & RittleJohnson, 2012). Importantly, the type of ineffective teaching
we aimed to target (i.e., wherein the teacher themselves is
unaware that the teaching is ineffective) typically pertains to
structural knowledge relating to historical oppression (e.g.,
Bartolomé, 2004). As this was the first known psychological
exploration of such teaching, we purposely utilized a
conceptual paradigm stripped of real-world elements.
However, marginalization is apt to compound the difficulties
children face when interacting with this type of teaching, and
future work should study contexts, which are more realistic
and consider that girls may respond differently across
intersections of race and gender (Mickelson, 1989).
Of course, there are many situations in which focusing
deeply on instruction and persisting through difficulty would
be beneficial. Particularly when information is difficult or
impossible for children to extract independently, expert
instruction can be more effective for learning than children’s
own exploration (Mayer, 2004). In these contexts, girls may
be advantaged for the same reasons they are disadvantaged in
the context of our study. Indeed, girls generally outperform
boys academically (Duckworth et al., 2006; Matthews et al.,
2009; Orr, 2011). Likewise, exploring novel solutions can be
time-consuming and costly. Thus, while populations benefit
from having explorers, exploring is not always the most
adaptive to the individual (Wisdom & Goldstone, 2011).
Thus, our contention is not that children should always divest
from teaching and explore their own solutions, but rather that
we ought to understand the factors that limit children’s ability
to move beyond ineffective teaching in particular and the
factors that create disparities between children in these
contexts.

exploration after attempting the solution, but gender still
predicted decreased learning, suggesting additional pathways
may account for girls’ learning differences (Figure 3).

Discussion
This paper’s primary conceptual objective was to understand
how elementary-aged children engaged with ineffective
teaching in the absence of explicit cues to ascertain efficacy.
To this end, we designed a video game that required
participants to evaluate the efficacy of a taught solution using
only their own exploratory actions. Our findings revealed that
overall, children calibrated to the evidence they generated
and effectively balanced between learning from instruction
and exploration. However, significant and robust gender
differences emerged once children had to divest from the
taught solution and explore their own solutions.
By creating a context in which children had to utilize their
own actions to ascertain the quality of teaching, we observed
several optimized behaviors. As instruction is generally
correct and efficient (e.g., Kirschner, Sweller, & Clark, 2006;
Stockard et al., 2018), it was reasonable for children to first
utilize instruction to try to win the game. This was reflected
in children’s high initial rates of imitation and high rates of
attempting the taught solution. Once children attempted the
solution, they generated evidence that the solution was
ineffective, which prompted behavioral change in the form of
increased exploration. Likewise, children who adjusted to
this evidence were more likely to solve and learn.
These findings are consistent with prior work pertaining to
children’s resource rationality. That is to say; humans seek to
optimize effort expenditure and expect other agents to do so
as well (Jara-Ettinger et al., 2016). Prior work has
demonstrated that children will balance the effort they exert,
prioritizing exploration over imitation when a solution does
not work (Solby, Radovanovic, & Sommerville, 2021),
balancing problem-solving strategies (Lucca, Horton, &
Sommerville, 2020), and persisting less when they know
teaching is available (Rett & Walker, 2020). The results
elaborated here are consistent with these trends,
demonstrating that children first sought to exploit teaching
under the pretense that it was correct and efficient and
generally divested from this teaching when it garnered
diminishing returns and continued to fail.
On the other hand, while we did not observe significant
differences in boys’ and girls’ attempts to use the taught
solution, differences between boys and girls emerged at the
point at which children needed to divest from instruction.
Specifically, girls explored for a smaller proportion of time
relative to boys after attempting the taught solution, were less
likely to solve the game, and answered fewer learning
questions correctly. High rates of attempting the taught
solution suggest that girls did not underperform due to a mere
lack of skill, as does the fact that we controlled for video
game experience in our models. Thus, our results are instead
consistent with work on girls’ socialization which suggests
that girls are more likely to people-please than boys (e.g.,
Mickelson, 1989; Zahn-Waxler et al., 1991). To this end, we
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Abstract
Compounding is a common type of word formation extensively studied in linguistics and cognitive psychology. A growing line of research suggests that the lexicon supports efficient
communication by balancing informativeness and simplicity.
We propose that the formation of novel compounds reflects
a similar tradeoff between informativeness and word length.
We formalize this hypothesis in information-theoretic terms
and develop a computational procedure to evaluate our hypothesis on English noun compounds that emerged over the
past century. We find that attested compounds achieve more
efficient tradeoffs between informativeness and word length
than do alternative word forms. Our work demonstrates how
word formation and compositionality can be connected with
information-theoretic approaches to the design of the lexicon.
Keywords: the lexicon; word formation; compounding; compositionality; efficient communication

Introduction
Compounding refers to a process of word formation in which
speakers create novel form-meaning pairings to fill lexical
gaps (Lehrer, 1970) by combining two or more existing free
morphemes (Brinton & Traugott, 2005), e.g., smartphone is
a combination of smart and phone. Compounding is not only
one of the most common processes of novel word formation
across the world’s languages (Algeo, 1980; Wu & Yarowsky,
2018), but is also a prominent example of lexical compositionality in natural language. For these reasons, the analysis
of compounds has garnered considerable interest in linguistics (Blutner, 1998; Jackendoff, 2010), cognitive psychology (Medin & Shoben, 1988; Costello & Keane, 2000; Barsalou, Simmons, Barbey, & Wilson, 2003), and computational
studies of language (Mitchell & Lapata, 2010; Reddy, McCarthy, & Manandhar, 2011; Yazdani, Farahmand, & Henderson, 2015; Salehi, Cook, & Baldwin, 2015; Marelli & Baroni, 2015). Here we present a framework to investigate the
formation of English compounds through the lens of general
communicative principles.
One known factor constraining word formation is that the
word form should deliver its underlying meaning while avoiding redundancy. Štekauer (2005) proposes that two “universal, contradictory tendencies” underlie word formation:
“economy of speech” and “explicitness of expression”. In
their study of affixation, Marelli and Baroni (2015) suggest that the head of a derived word should be close to
the full word in meaning to facilitate interpretation for the
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listener. Lieber (2004) describes the Redundancy Restriction, which states that affixes containing semantic information already available in the head word should not be added.
Costello and Keane (2000) also argue that the speaker should
carefully choose the constituents so that they are both necessary and sufficient for signifying the intended meaning. However, to our knowledge there exists no work that comprehensively examines these general principles in the historical formation of novel compounds.
Our theoretical starting point is a growing line of research
suggesting that the lexicon is structured to support efficient
communication, which we briefly review here focusing on
two aspects: word meaning and word length. Recent work
provides evidence that word meanings efficiently trade off
complexity (or the opposite of simplicity) against informativeness (Regier, Kemp, & Kay, 2015; Zaslavsky, Kemp,
Regier, & Tishby, 2018). Within a semantic domain, the complexity of a set of semantic categories is based on its size or
description length, though the word forms that label each category are typically not considered. A related line of work
is rooted in the study of Zipf (1949), who hypothesized that
more frequent words tend to be short in form due to the need
to communicate successfully while minimizing effort. More
recent work suggests that word length in natural languages
may not be optimized solely with respect to frequency. For instance, Pimentel, Nikkarinen, Mahowald, Cotterell, and Blasi
(2021) shows that morphological composition can result in
longer word forms. Similarly, the principle of uniform information density (Jaeger, 2006; Levy & Jaeger, 2007) predicts
that words should be long in unpredictable contexts to make
optimal use of the communication channel (Piantadosi, Tily,
& Gibson, 2011). Here we ask whether novel word formation
is shaped for efficient communication, and as an initial case
study we focus on English noun compounds that emerged
over the past century.
We hypothesize that the formation of novel compound
words should near-optimally trade off informativeness, a
measure of the ease of interpretability of a word, and word
length, a measure of the effort in uttering a word (Zipf,
1949). These two dimensions trade off against each other
when adding morphemes and increasing the length of a novel
form allows its meaning to be specified more precisely.
To test this hypothesis, we develop a computational framework that extends the existing line of work on efficient com-

In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

“Smartphone”

except that for the speaker m is the only intended meaning of
w (i.e., PS (m|w) = 1), whereas for the listener the meaning
of w remains uncertain. We also restrict the support of each
distribution to the meanings attested in Lt and Lt+1 .

…

Formulation of communicative cost
We formulate informativeness by a measure of communicative cost. Intuitively, an informative word should yield a low
communicative cost. The communicative cost of a word form
w with respect to the target meaning m is the amount of information lost when the listener reconstructs the meaning from
w. A common distortion measure in the efficient communication literature is the KL divergence between the speaker’s
intended message and the listener’s reconstruction (Regier
et al., 2015; Zaslavsky et al., 2018). We thus define communicative cost as the KL divergence between PS (M|w) and
PL (M|w):

Figure 1: An illustration of the communicative scenario at the
heart of our framework. A speaker (left) intends to express an
emerging referent by coining a new compound word by combining smart and phone. A listener (right) infers the intended
meaning upon hearing the form. Grey bars signify the probabilities of possible meanings.

munication (Regier et al., 2015; Kemp, Xu, & Regier, 2018;
Zaslavsky et al., 2018; Piantadosi et al., 2011) to general principles for word formation. We illustrate this framework in
Figure 1. Given an emerging intended referent such as “a
multi-functional mobile phone”, the speaker might choose to
express that referent by either reusing an existing word form
(e.g., phone) or coining a new term (e.g., smartphone). The
listener in turn needs to reconstruct the intended meaning
given the form uttered by the speaker. We hypothesise that
novel compounds allow a near-optimal tradeoff between utterance length and reconstruction of the intended meaning.
To evaluate this hypothesis, we develop a computational procedure for testing attested English compounds against a repertoire of plausible alternate word forms.

DKL (PS (M|w)||PL (M|w))
=

∑
′

PS (m′ |w) log

m ∈M

PS (m′ |w)
PL (m′ |w)

(1)

= − log PL (m|w)
The final equality follows from the simplifying assumptions
above: the only time PS (m′ |w) is positive is when m′ = m.
Thus the KL divergence is equivalent to a surprisal term,
which captures how much information about the target meaning m is lost when the listener tries to reconstruct it from the
word form w.
We formalize the listener’s probabilistic interpretation of
w, PL (M|w) using the similarity choice model (Luce, 1963;
Nosofsky, 1986), which calculates the probability of a response m j given a stimulus wi using the following equation:

Computational framework
We describe our computational framework in three steps.
First, we explain the basic assumptions. Second, we formulate the two competing dimensions that form the bases of
our efficiency hypothesis. Third, we formulate the hypothesis
drawing on these dimensions.

P(m j |wi ) =

sim(m j , wi )
∑k sim(mk , wi )

(2)

where sim(m j , wi ) is the similarity between m j and wi in some
psychological space, and the denominator sums over some set
of responses. We define similarity using the Gaussian decay
function (Nosofsky, 1986):

Assumptions
For simplicity, we assume the spaces of forms and meanings
are discrete spaces. Let Lt = {(w1 , m1 ), ..., (wq , mq )} be the
lexicon of a language at time t consisting of form-meaning
pairs. In our work, we analyze how speakers use elements
of Lt to express meanings with attested coinages in a future
lexicon Lt+1 .
We start from a simple communicative scenario involving
a speaker and a listener (Figure 1). Suppose at time t, both
speaker and listener share the same lexicon Lt . The scenario
begins with a novel target meaning m ∈ Lt+1 − Lt which the
speaker wishes to convey. To do so, the speaker chooses a
form w ∈ Lt or creates a compound based on Lt (i.e., w ∈
Lt∗ ). The form is observed by the listener who attempts to
reconstruct the intended meaning of w.
Let PS (M|W ) and PL (M|W ) represent the speaker’s and the
listener’s respective probabilistic interpretation of word forms
at time t. We assume PS and PL are identically distributed,

sim(m j , wi ) = exp (−di2j )

(3)

where di j is the Euclidean distance between xi and x j , the
representations of wi and m j in the psychological space.
In our case, every response is a meaning m j ∈ Lt+1 ∪ Lt ,
and the stimulus is a potential word form wi ∈ Lt∗ . We instantiate the psychological space using word embeddings.
Since every m j corresponds to a word w j ∈ Lt+1 ∪ Lt , we
set x j as the embedding of w j . We use a composition function (Mitchell & Lapata, 2010; Yazdani et al., 2015) to represent potential word forms wi = w1 ...wn ∈ L n :
xi = f (v1 , v2 , ..., vn )

(4)

where vk is the embedding of constituent wk , and f is some
composition function.
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Formulation of complexity

of compounds is based on the Brown, CELEX and COCA
corpora, as well as phrases provided by Costello, Veale, and
Dunne (2006). In addition to a separation into head and modifier, every compound is labeled with a meaning predictability
judgement. Meaning predictability is obtained by asking human participants how predictable a compound’s meaning is
from its parts on a scale of 0 to 100. We retrieved every entry’s year of emergence as this compound’s earliest emerging
sense in the HTE.
In our experiments, we defined a novel meaning m at year t
as the word meaning of a compound in LADEC that emerged
at year t + 1. For the same m ∈ Lt+1 , we defined Lt as all entries that existed at year t according to the HTE. We analyzed
compounds that emerged after 1900 and whose constituents
are in the corresponding Lt , obtaining a historical set of 230
compounds. The size of lexicon Lt ranges from 145k to 170k.

Complexity reflects the effort required to utter a word. There
are at least three measures that reflect speaker effort: word
frequency which is correlated with processing ease (Papesh &
Goldinger, 2012), well-formedness which predicts ease of articulation (Kawasaki & Ohala, 1980), and word length which
yields the number of sounds to be produced. Word length has
been consistently shown to correlate with the amount of information conveyed by the form (Piantadosi et al., 2011; Lewis
& Frank, 2016). In our communicative scenario, the listener
relies on information provided by sub-lexical components of
the form w to reconstruct the speaker’s intended meaning. As
the number of these components contributes to length, we use
the length of w, len(w), as our measure of complexity.

Efficiency hypothesis
Under our theoretical framework, communicative cost and
word length compete against each other. If more sub-lexical
components with information useful for guessing m are conveyed to the listener, the speaker will spend more effort, and
vice versa. Extending previous work on efficient communication (Piantadosi et al., 2011; Kemp et al., 2018; Zaslavsky
et al., 2018), we hypothesize that communicative cost and
word length should optimally trade-off against each other in
the process of word formation. That is, for some trade-off
parameter β, the word form w should optimize the following
objective:
arg min − log PL (m|w) + βlen(w)

Quantification of communicative cost and
complexity
We now quantify the two competing dimensions of communicative cost and complexity, assuring scalability of their
evaluation to a large set of alternate word forms.
Communicative cost. We instantiate the composition
function f in Equation 4 as an additive function (Mitchell &
Lapata, 2008):
n

xi =

∑ vk

(6)

k=1

which has proved widely successful despite its simplicity, and
is highly scalable (Shen et al., 2018). We tested two kinds
of word embeddings as our distributional semantic model:
1) pre-trained Word2Vec (Mikolov, Chen, Corrado, & Dean,
2013) and 2) pre-trained subword-informed fastText embeddings (Bojanowski, Grave, Joulin, & Mikolov, 2017), both
trained on Common Crawl (Mikolov, Grave, Bojanowski,
Puhrsch, & Joulin, 2018). While fastText can embed every word using character n-grams, Word2Vec embeddings are
available for 215 (out of 230) LADEC compounds.
We need to compute Equation 2 for a large number of word
forms, such that computing the denominator becomes very
expensive. We thus considered the following simplified similarity choice model:

(5)

w

Specifically, for an attested compound w with meaning m,
our hypothesis predicts it will near-optimally trade off between its form complexity, len(w), and its communicative
cost, − log PL (m|w).

Materials and methods
Here we describe how we operationalized the framework. We
first describe how we obtained historical lexicons Lt and calculated communicative cost and complexity. We then describe how we tested our hypothesis by comparing historically attested compounds against alternative word forms.

A dataset of emerging compounds

P(m j |wi ) ∝ sim(m j , wi )

As our source of lexicons and attested compounds, we used
the Historical Thesaurus of English, HTE (Kay, Roberts,
Samuels, & Wotherspoon, 2017), and the Large Database
of English Compounds, LADEC (Gagné, Spalding, &
Schmidtke, 2019).
HTE. The HTE provides 793,734 word senses along with
their word form and dates of first and last appearance in historical records. This allowed us to define Lt for every novel
meaning m ∈ Lt+1 . We only included entries that are fully alphabetic or are bigrams separated by a space or hyphen, and
removed proper nouns.
LADEC. The LADEC is a database of 8,957 adjectivenoun and noun-noun closed English compounds. The list

(7)

That is, we assume that the denominator is roughly a constant. We validated both full and simplified similarity choice
models using human judgements of meaning predictability in
LADEC by setting Lt+1 ∪ Lt as all HTE entries existing in
year 2000 and all entries in LADEC.
Complexity. We used two measures of word length: 1)
orthographic length as number of characters and 2) phonemic length. For phonemic length, we used the CMU Pronouncing Dictionary (Lenzo, 2014) which contains 133,854
entries. After lower-casing and intersecting with the HTE, the
size of lexicon Lt spans between 33k and 35k. To compute
the phonemic length of a compound not in the dictionary, we
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took the sum of the phonemic lengths of its constituents, obtaining phonemic transcriptions for 220 LADEC compounds.

the second part, we present results for fastText and orthographic length only due to space limitations, but we achieved
similar results using Word2Vec and phonemic length.

Procedures for testing near-optimality

Evaluation of communicative cost

We hypothesized attested compounds are near-optimal with
respect to the two measures defined in the previous section.
Here we define near-optimality and the statistical tests that
assess the extent to which our hypothesis holds.
For a given target meaning m, the optimality of a form
is defined by Equation 5. However, searching over even
Lt ∪(Lt × Lt ) is intractable, so we resort to exhausting a large,
plausible subset of alternate forms. We used three subsets of
Lt∗ : 1) reusing all forms in Lt , 2) a set of forms that are related
to the attested form for m, and 3) greedy search. To create 2),
we first selected the k = 5 closest neighbours of the head word
of the attested compound for m, including the head word itself; then we took the Cartesian product between this set and
Lt . To create 3), we first greedily selected the top k = 5 forms
in Lt that minimize the objective function in Equation 5. We
set the trade-off parameter β = {0, 0.005, 0.025, 0.05} as determined in preliminary experiments (larger β reduces the optimal form to a single letter or short acronym). We then took
the Cartesian product between this set and Lt . The final size
of the subsets varies from 300k to 3m.
We approximated the theoretically optimal set of forms
by using the forms that exist on the Pareto frontier of this
large sample. Inspired by work in multi-objective evolutionary algorithms, we used the non-dominated (ND) rank which
is used to quantify the fitness of an individual in a population along multiple objective functions (Jensen, 2003; Tian,
Wang, Zhang, & Jin, 2017).1 We defined the near-optimality
of a form as its ND rank within the whole set of alternatives.
To assess the overall near-optimality of attested compounds, we tested whether the distribution of ND ranks over
the set of attested compounds 1) is significantly higher on average than samples of alternatives and 2) has a significantly
non-zero skew towards lower ranks, suggesting attested compounds are highly likely to have above average rank. We
assessed the first hypothesis via a permutation test that randomly swapped every attested form with an alternate form
generated for the same target meaning 100,000 times. For a
more focused comparison, we also randomly swapped every
form with a compound created by replacing the constituents
of the attested form with their k = 5 nearest neighbours in Lt .

We evaluated our model of communicative cost against human judgements of compound meaning predictability provided by LADEC (Gagné et al., 2019). For each compound,
we computed four types of communicative cost by taking
the product of {fastText, Word2Vec} embeddings and {full,
simplified} similarity choice models. Using fastText and
the full model, the Pearson correlation between communicative cost and meaning predictability is −0.408, p < 0.001,
N = 8299; using Word2Vec and the full model, the correlation is −0.408, p < 0.001, N = 7085; using fastText and
the simplified model, the correlation is −0.412, p < 0.001,
N = 8299; using Word2Vec and the simplified model, the
correlation is −0.399, p < 0.001, N = 7085.2 We observe
a statistically significant correlation between our model and
meaning predictability in all cases, providing empirical justification for our model of communicative cost. Moreover, we
observe performance based on full and simplified similarity
choice models are comparable.
For a more careful comparison of the two choice models,
we correlated communicative costs given by the two choice
models. Using fastText, the Pearson correlation is 0.955, p <
0.001, N = 8299; using Word2Vec, the correlation is 0.631,
p < 0.001, N = 7085. We observe the simplified model is
strongly correlated with the full model when using fastText,
albeit less so when using Word2Vec. For this reason, we used
the simplified similarity choice model in our analyses.

Evaluation of efficiency hypothesis
We assessed the near-optimality of historical attested compounds that emerged during the 20th century. The mean
rank of the attested compounds is 23812.98 (p < 0.001, n =
230). The moment coefficient of skewness (Doane & Seward,
2011) of the distribution is 2.36 (p < 0.001, n = 230), indicating a significant right skew. Figure 2 shows this distribution along with the rank distribution of a permuted sample. We observe that relative to a rank distribution of randomly sampled forms, the attested distribution concentrates
around high ranks. In a more focused comparison, we examine whether these attested compounds are more optimal than
near-synonym forms. Similar to the previous comparison, the
mean rank of the distribution is significantly higher than the
mean rank of near-synonym sets (p < 0.001, n = 230).
To test whether both dimensions contribute to the overall
near-optimality of attested compounds, we performed an additional analysis where we repeated the first set of comparisons between attested compounds against the general set of
alternatives by controlling for each dimension. Specifically,
for each attested compound, we generated alternatives using

Results
We first validate our model of communicative cost against human judgement. We then test our efficiency hypothesis using
historical English compounds and interpret the results. For
1 In our case, a word form dominates another form if it is 1)
shorter or more informative and 2) not worse in the other dimension than the latter. Given that the population of forms is partitioned
into equivalent classes in which no form dominates another, the ND
rank of a form is the number of classes whose members dominate
the form. We computed ND ranks with the log-linear ND sorting
algorithm for 2 objectives by Jensen (2003).

2 The difference in sample size is due to intersecting with embedding vocabularies. Correlations do not change significantly if the
same subset of LADEC was used.
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Figure 4: Qualitative comparison between attested compounds and alternatives for a selected sample of all 230 compounds. Target meanings are shown above each plot; grey
dots correspond to alternate forms, and blue dots correspond
to attested compounds. Black lines indicate the optimal frontiers obtained by interpolating optimal forms. The y-axes are
proportional to the number of bits lost in communication.

Figure 2: Comparisons of ND ranks between attested compounds and the full set of alternatives and a near-synonym
subset. The ranks of a sample of compounds are annotated.

Figure 5: Distance of all 230 attested compounds (blue) and
averages over alternative forms (grey) to the Pareto frontier
along the dimensions of communicative cost (top) and complexity (bottom). In each subplot, each pair of vertically
aligned bars corresponds to a target meaning.

Figure 3: Comparison of ND ranks between attested compounds and alternatives controlling for word length (top) and
communicative cost (bottom). The ranks of a sample of compounds are annotated.

attested compounds (e.g., chairperson) are very close to the
frontier, but the others can be relatively far from optimal (e.g.,
highlighter); these correspond to the center and tail of the attested distributions in Figures 2 and 3. Figure 5 summarizes
the location of the attested compounds along each dimension.
All 230 attested compounds are closer to the frontier than alternatives along the length dimension, but the same tendency
is relatively weaker for communicative cost as only 174 are
closer to the frontier than alternatives on average.
Table 1 shows the optimal set of word forms with respect
to two target meanings (“database” and “firmware”). We observe that long optimal forms tend to be more semantically
transparent and vice versa (e.g., with respect to “database”,
searchable-data vs. db). This suggests that length and communicative cost trade off against each other, and that our
method captures intuitions of informativeness for alternate
word forms in addition to attested ones. Table 2 shows a sample of near-synonym alternatives. Here we see a clear trend

the same procedure, and then discarded all forms that are
longer or have higher communicative cost than the attested
compound. The results are summarized in Figure 3. When
controlling for length, the mean rank of the attested distribution is 23812.98 (p = 0.0004, n = 230), and the moment
coefficient of skewness is 2.36 (p < 0.001, n = 230); when
controlling for communicative cost, the mean rank of the attested distribution is 23812.92 (p < 0.0001, n = 230), and the
moment coefficient of skewness is 2.36 (p < 0.001, n = 230).
We observe that the location and shape of the attested rank
distribution is robust when controlling for either dimension.
These results suggest that both dimensions contribute to the
near-optimality of attested compounds.
Figure 4 compares a sample of attested compounds to alternate word forms with respect to the respective target meanings. Qualitatively, a word form is near-optimal if it is close
to the optimal frontier. Within this sample, we observe some
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database a, db, data, data-db, list-data, data-query,
archive-query, searchable-data

data-base, data-ground, data-core, statistics-structure,
analysis-structure, information-structure, analysis-core,
information-base,
analytic-score,
information-core,
statistics-core, analytics-ground, information-basing

firmware a, xi, mem, cw-os, kit-os, web-rom,
otas-rom,
piezo-rom,
karoro-rom,
pedanty-rom,
decoding-rom, algorithm-rom, flash-hardware, resetterkernel, updater-software, kernite-microcode, kernellymicrocode, polyphone-microcode, caracoling-microcode,
dressership-microcode,
petticoating-microcode,
compatibility-microcode

client-ware, software, company-ware, firm-ware,
steadfast-ware, client-pottery, company-whiteware, firmpottery, company-pottery, soft-whiteware, soft-stoneware,
steadfast-wares, firm-stoneware, steadfast-stoneware
Table 2: Near-synonym set for database and firmware. The
target meaning is represented by its attested form in English.
Every row is sorted by ND rank in descending order. Forms
consisting of two constituents are shown using a dash.

Table 1: Pareto sets with respect to two target meanings
(database and firmware). The alternate forms are sorted by
length, and forms consisting of two constituents are shown
using a dash.

language change, even though we used historical data of compounds to recreate communicative scenarios. Nonetheless,
historical changes may have confounded our results. For example, the communicative cost of certain words may have
changed over time due to semantic change (e.g., db used to
signify “decibel” in the early 1900s, but has now acquired the
sense “database”). One potential way to control for this factor is to repeat the analyses using embeddings trained on historical corpora (Hamilton, Leskovec, & Jurafsky, 2016; Dubossarsky, Hengchen, Tahmasebi, & Schlechtweg, 2019).
Although we focused on word length and informativeness,
our theory does not preclude other factors known to restrict
the plausibility of compounds. For instance, the frequency
of the constituents predicts the ease of compound processing (Juhasz, Starr, Inhoff, & Placke, 2003) and the characterlevel bigram probability at the boundary of constituents affects compound parsing (Gagné et al., 2019), which may
explain why certain short and informative alternative forms
(e.g., list-data for database) are never attested.

that attested compounds tend to avoid redundant, uninformative morphemes (e.g., firm-ware vs. company-whiteware).
Taken together, these comparisons provide evidence for our
hypothesis that attested compounds should near-optimally
trade-off word length and communicative cost.

Discussion
Existing literature on word formation proposes that
novel words should be informative while avoiding redundancy (Lieber, 2004; Costello & Keane, 2000). By comparing attested compounds to alternatives and showing that the
latter tend to be redundant, our work corroborates earlier theories of word formation. However, our theory goes beyond
redundancy avoidance by also predicting that even if two potential constituents are similarly informative, the shorter one
is preferable (e.g., data-base vs. information-base).
Our formulation of communicative cost is related to independently derived formalisms. By defining meaning using
formal semantics, Blutner (1998) proposes a similar formulation of communicative cost. Blutner’s proposal applies more
generally to all types of utterances and is not derived from a
communicative scenario. Intuitively, one might expect that
the form-meaning systematicity of a language (Monaghan,
Shillcock, Christiansen, & Kirby, 2014; Pimentel, McCarthy,
Blasi, Roark, & Cotterell, 2019) relates to the communicative cost of a form.3 By taking the average of Equation 1, we
see that communicative cost is inversely proportional to the
mutual information between meaning and form, I(M;W ), an
information-theoretic definition of systematicity (Pimentel et
al., 2019). This connection mirrors a link between language
use and systematicity previously found in controlled experiments (Nölle, Staib, Fusaroli, & Tylén, 2018).
We note that our efficiency hypothesis is based on an oneshot communicative scenario where the need to communicate
a specific novel meaning arises. Thus our hypothesis primarily pertains to synchronic word formation and not historical

Conclusion
We presented a formal framework for connecting two areas
of research that have had little overlap so far: communicative
efficiency of the lexicon, and the formation of novel word
forms. Using an English dataset of historical compounds over
the past century, we provided evidence that emerging lexical
compounds support efficient communication by trading off
informativeness against word length.
Our work helps to explain why certain word forms are chosen to fill lexical gaps ahead of other logically possible alternatives, and our framework offers an information-theoretic
account for one important function of lexical compositionality: to support efficient communication about emerging
items. We are optimistic that this framework will provide
a foundation for future analyses that account for other processes of word formation in English and other languages.

3 For example, in English the head word of a compound tends
to signify its word class (Jackendoff, 2010), which helps reduce the
uncertainty of the compound’s meaning.
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Abstract
From birth, humans constantly make decisions about what to
look at and for how long. Yet the mechanism behind such
decision-making remains poorly understood. Here we present
the rational action, noisy choice for habituation (RANCH)
model. RANCH is a rational learning model that takes noisy
perceptual samples from stimuli and makes sampling decisions based on Expected Information Gain (EIG). The model
captures key patterns of looking time documented in developmental research: habituation and dishabituation. We evaluated
the model with adult looking time collected from a paradigm
analogous to the infant habituation paradigm. We compared
RANCH with baseline models (no learning model, no perceptual noise model) and models with alternative linking hypotheses (Surprisal, KL divergence). We showed that 1) learning and
perceptual noise are critical assumptions of the model, and 2)
Surprisal and KL are good proxies for EIG under the current
learning context.
Keywords: decision making; learning; bayesian modeling;
cognitive development

Introduction
From trying to find our way through a busy street to swiping
through TikTok, people are constantly making the decision of
whether to keep looking or to look at something else. Even
the youngest infants decide whether to keep looking at what
is in front of them or move on (Haith, 1980). How can we
explain this decision-making process? Our goal in the current
paper is to provide a model of the basic decision: whether
to keep looking at a stimulus. To do so, we model looking
as rational active selection of noisy perceptual samples for
learning.
Developmental researchers have long capitalized on infants’ ability to control their attention, making inferences
about learning and mental representations from changes in
looking duration (Baillargeon, Spelke, & Wasserman, 1985;
Fantz, 1963). In a typical experiment, infants decrease their
looking duration upon seeing the same stimulus repeatedly
(habituation) but recover interest when seeing a novel stimulus (dishabituation) (Colombo & Mitchell, 2009). While
these phenomena are well-documented, the mechanisms underlying them remain poorly understood, even though assumptions about habituation and dishabituation underpin
many other claims about infants’ cognitive repertoire (Aslin,
1991; Carey, 2009; Haith, 1998; Sim & Xu, 2019).
One classic theory of infant looking posits that infants look
at stimuli in order to learn from them, so the dynamics of
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looking time are driven by the dynamics of learning (Hunter
& Ames, 1988). This theory describes looking duration as
a function of exposure, stimulus complexity, and processing
difficulty. The more an infant has already been exposed to a
stimulus, the less they have yet to learn about it, but the more
complicated the stimulus is, the more they have to learn overall, and older infants are assumed to learn faster than younger
infants. Although this theory is influential, its predictions are
qualitative, not quantitative, and have not been systematically
tested (For exception, see Bergmann & Cristia, 2016; Hunter,
Ames, & Koopman, 1983). Nevertheless, it is often invoked
as a post-hoc explanation of observed patterns in infant data.
Recent work has attempted to overcome these limitations by describing infants’ looking behaviors quantitatively
through computational modeling. Kidd, Piantadosi, & Aslin
(2012) developed a paradigm in which infants are shown sequences of events until they look away. A rational learning
model computed the surprisal (negative log probability) of
each event. Infants looked away most from events that were
either too high or too low in surprisal (a “goldilocks” effect),
suggesting that infants might be looking longer at stimuli with
an optimal level of information content.
In this work, surprisal functioned as a quantitative linking
hypothesis, connecting between a learning model and data.
But other such linking hypotheses are possible. For example, research on information foraging postulates that human
exploratory behaviors are driven by maximizing expected information gain (Hills et al., 2015; Pirolli & Card, 1999). In
this formulation, agents focus on locations or examples where
the amount to be learned is on average highest, a conclusion
that is ratified by the emerging literature on curiosity in developmental robotics and reinforcement learning (Oudeyer, Kaplan, & Hafner, 2007). Indeed, EIG provides a good model of
curiosity-driven learning in human children and adults (e.g.,
Liquin, Callaway, & Lombrozo, 2021).
Unfortunately, EIG can be difficult to compute. Because
EIG is a measure of expected information gain, its computation requires combinatorial search over all future possibilities. As a result, EIG is often approximated by what is termed
“learning progress”: the amount of information the agent just
learned (Haber, Mrowca, Fei-Fei, & Yamins, 2018). Following this intuition, Poli, Serino, Mars, & Hunnius (2020) formalized learning progress as the Kullback-Leibler (KL) divergence between the model’s knowledge before and after
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each stimulus and found that a higher KL (i.e. more learning progress) predicted longer looking time in a look-away
paradigm.
Thus, existing models take important steps towards a quantitative model of infant attention, but they have three key limitations. First, conceptually, these previous models are not
models of choice. The models retrospectively fit infants’
overall pattern of attention, without modeling the decision
that infants must make in each moment, whether to keep looking at the current stimulus. Second, and relatedly, these models assume that infants acquire a perfect representation of a
given stimulus upon exposure. These prior models do not
accommodate the noisy nature of perception, and thus cannot explain why infants would have more information to gain
from longer looking at the same, already perceived stimulus (Callaway, Rangel, & Griffiths, 2021; Kersten, Mamassian, & Yuille, 2004). Third, because of the first two limitations, the prior models could only directly predict one specific infant looking behavior given an unusual learning problem: looking away from an ongoing stream of stimuli while
learning about event probabilities. Substantial further innovation is required to use these models to generate quantitative predictions for infant looking behavior in more standard
habituation-dishabituation experimental designs.
Here we attempt to overcome these limitations by providing a model of looking behaviors as arising from optimal decision-making over noisy perceptual representations
(Bitzer, Park, Blankenburg, & Kiebel, 2014; Callaway et al.,
2021). We present the rational action, noisy choice for habituation (RANCH) model. RANCH works by accumulating noisy samples and choosing at each moment whether to
continue to look at the current stimulus or to look away to
the rest of the environment. Critically, RANCH allows us to
explore a learning problem closer to the problem faced by
infants in a standard habituation experiment: instead of assuming a learner is estimating the probability of events, the
model learns a category based on the exemplars that are presented during habituation (Oakes, 2010). Furthermore, the
architecture allows us to investigate different informationtheoretic linking hypotheses as informing choice, including
EIG, surprisal, and KL. We make a preliminary evaluation of
the RANCH model using adult looking time data collected
from a self-paced habituation paradigm that captures habituation, dishabituation, and how these phenomena are modified
by stimulus complexity. We begin by presenting our experiment, since it frames the learning task for our model.

dishabituation paradigm, rather than the look-away paradigm
where infants were assumed to learn about event probabilities
(Kidd et al., 2012; Poli et al., 2020).
Our initial data come from adults for two reasons. First,
adult data are suitable for establishing quantitative links between models and human behaviors, since infants’ looking
time data tend to have small sample sizes and are therefore
limited in their quantitative details (Frank et al., 2017). Second, adult data allow us to test the hypothesis that similar
rational choice processes underlie infant and adult behavior
under similar learning contexts.

Methods

Figure 1: Experimental design and examples of simple and
complex stimuli. In each block, a deviant could appear on the
second, fourth (as depicted here) or sixth trial or not at all.
Stimuli within a block were either all simple or all complex.
Stimuli We created the animated creatures using Spore (a
game developed by Maxis in 2008). There were forty creatures in total, half of which had low perceptual complexity
and half of which have high perceptual complexity (see Fig.
1 for examples). We used the “animated avatar” function in
Spore to capture the creatures in motion.
Procedure The experiment was a web-based, self-paced visual presentation task. Participants were instructed to look at
a sequence of animated creatures at their own pace and answer some questions throughout. On each trial, an animated
creature showed up on the screen. Participants could press
the down arrow to go to the next trial whenever they wanted
to, after a minimum viewing time of 500 ms.
Each block consisted of six trials. Unbeknownst to the
participants, each trial within the block was either a background trial or a deviant trial. One creature was assigned to
be the ‘background’ for each block, and was presented five
or six times. If the block contained a deviant trial, then a
new, unique, creature was presented on that trial. The deviant
trial could appear at either the second, the fourth, or the sixth
trial in the block, or not at all. The creatures presented in the
deviant trials and background trials were matched for complexity. Each participant saw eight blocks in total, four with

Experiment
To reproduce the key looking time patterns from infant habituation experiments in adult participants, we chose a learning
context in which participants learn about the stimuli as they
look at visually presented exemplars for as long as they like,
with no explicit task. The time participants spent exploring
the exemplars served as the adult proxy for looking time. This
experimental setup resembles the classic infant habituation-
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simple creatures and four with complex creatures, in random
order across participants.
To test whether behavior was related to task demands, participants were randomly assigned to one of three attention
check conditions, differing in the questions asked following
each block: Curiosity, Memory, and Math. In the Curiosity condition, participants were asked to rate “How curious
are you about the creature?” on a 5-point Likert scale. In
the Memory condition, a forced-choice recognition question
followed each block (“Have you seen this creature before?”
showing either a creature presented in the preceding block or
a novel creature matched in complexity). In the Math condition, the participants were asked a simple arithmetic question
(“What is 5 + 7?”) in a multiple-choice format.
To check if our complexity manipulation was successful, at
the end of the eight blocks, participants were asked to rate the
complexity of creatures they encountered on a 7-point Likert
scale.

uli (simple vs. complex). The model failed to converge, so we
pruned the model following the pre-registered procedure. The
final model included per-subject random intercepts. All predictors except for the three-way interaction were significant
in the model (all p < .001), providing a quantitative confirmation that our paradigm successfully captured the key looking time patterns: habituation (trial number), dishabituation
(the deviant effect), and complexity (the stimulus complexity effect). We next tested whether we could capture these
behavioral results using the RANCH model.

Model
RANCH treats the learning problem that participants face
in our experiment as a form of Bayesian concept learning
(Goodman, Tenenbaum, Feldman, & Griffiths, 2008; Tenenbaum, 1999). In this setting, multiple noisy samples inform
the learner’s hypothesis about a probabilistic concept represented by a set of binary features (Figure 2). Like our participants, the model needs to decide at every step whether to
keep looking at the current stimulus or terminate the trial by
“looking away.”

Participants We recruited 449 participants (Age M =
30.49; SD = 9.74) on Prolific. They were randomly assigned
to one of the three conditions of the experiment. Participants
were excluded if they showed irregular reaction times or their
responses in the filler tasks indicated low engagement with
the experiment. All exclusion criteria were pre-registered.
The final sample included 380 participants (Curiosity: N =
143; Memory: N = 98; Math: N = 139).

Results
The sample size, methods, and main analyses were all preregistered and are available at https://aspredicted.org/
3CR VDR. Data and analysis scripts are available at https://
github.com/anjiecao/pokebaby CogSci2022
We first checked whether the basic complexity manipulations were successful. Complex animated creatures were
rated as more perceptually complex (M = 4.63 ; SD = 1.08)
than the simple animated creatures (M = 1.06; SD = 1.06; p
< 0.001).
Next, we tested whether the task (Curiosity, Memory, or
Math) affected reaction times in self-paced viewing (our measure of interest). There were no task effects so we averaged
all results across three conditions.
We were interested in whether our paradigm successfully
captured the characteristic looking time patterns observed in
infant literature: habituation (the decrease in looking time for
a stimulus with repeated presentations), dishabituation (the
increase in looking time to a new stimulus after habituated
to one stimulus), and complexity effects (longer looking time
for perceptually more complex stimuli). The visualization of
our results suggests that we reproduce the phenomena qualitatively (Fig. 3, row 1). To evaluate the phenomena quantitatively, we ran a linear mixed effects model with maximal
random effect structure. The predictors included in the model
were a three-way interaction term between the trial number
(modeled as an exponential decay; Kail, 1991), the type of
trial (background vs. deviant) and the complexity of the stim-

Figure 2: Graphical representation of RANCH. Circles indicate random variables. The square indicates fixed model
parameters.
The formulation of the learner as taking noisy samples
from a stimulus allows us to do two things. First, we can
explicitly model the learner’s decision about when to stop
sampling by asking the model to decide, after every sample,
whether it wants to continue sampling from the same stimulus
or not. This aspect of RANCH contrasts with previous models, which correlate information-theoretic measures to looking data overall (Kidd et al., 2012; Poli et al., 2020) but do
not provide a mechanism for how these measures could control moment-to-moment sampling decisions. Second, a consequence of making a decision at every time step is that we
can study the behavior of another information-theoretic measure: the model’s expected information gain (EIG). EIG is
commonly used in rational analyses of information-seeking
behavior to assess whether information-seeking is optimal
with respect to the learning task (Markant & Gureckis, 2012;
Oaksford & Chater, 1994).
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Model definition

RANCH model
for each exemplar y
sample ← T
while sample take another sample z
update posterior P(θ|z)
compute EIG of next sample zt+1
flip coin with p(lookaway) = EIG(zEIG(env)
t+1 )+EIG(env)
if coin = T
sample ← F

In our setting, the goal is to learn a concept θ, which is a set of
probabilities over independent binary features θ1,2,..,n , where
n is the number of features. θ in turn generates exemplars y:
instantiations of θ̄, where each feature y1,2,..,n is present or absent. The weights on each feature θi are sampled from a Beta
prior, and individual exemplars yi are distributed as a binomial with parameter θi , forming a conjugate Beta-Bernoulli
distribution. Since the features are independent, this relationship holds for the entire concept θ.
To model the timecourse of attention, RANCH does not
observe exemplars directly. Instead, it can observe repeated
noisy samples z̄ from each exemplar. For any sample z from
an exemplar y there is a small probability ε that the observation is flipped and the feature is seen to be present when
it was actually absent or vice versa. ε is assumed to be unknown but to have a Beta prior; in practice, we integrate over
all possible values of ε. Therefore, by making noisy observations z̄, RANCH obtains information about the true identity
of the exemplar y, and by extension, about the concept θ̄. By
Bayes’ rule:

P(θ|z̄) = p(z̄|y)p(y|θ)p(θ)/p(z̄)

Simulations
To model the behavioral experiment, we first represented the
stimuli as binary-valued vectors indicating the presence (1) or
absence (0) of each feature. All stimulus vectors were chosen to be length 6 to provide sufficient representational flexibility. Complex stimuli were represented as having three 1s
and simple stimuli were represented as having one 1, with the
rest of the features set to 0. Individual stimuli were then assembled into sequences to reflect the stimuli sequences in the
behavioral experiment. For a particular sequence, we constructed the deviant stimulus based on the background stimulus to make sure that they were always maximally different
and had the same number of features present.
Since the model makes stochastic choices about how many
samples to take from each stimulus, behavior varies substantially across runs. Thus, we conducted 500 runs for each stimuli sequence and parameter value to obtain a reasonably precise estimate of the model’s behavior.

(1)

To compute approximate posterior probability distributions
during inference, we used a discrete grid approximation with
a step size of .001 over both θ and ε.
Upon observing a sample, RANCH then decides whether
to keep sampling or not. We chose EIG from the next sample
as the main linking hypothesis between the learned posterior
and sampling choice.
RANCH computes EIG by iterating through each possible next observation and weighing the information gain
from each observation by its posterior predictive probability p(z|θ). We defined information gain as the KL between
the hypothetical posterior after observing a future sample zt+1
and the current posterior (Baldi & Itti, 2010):
EIG(zt+1 ) =

∑

p(zt+1 |θt ) ∗ DKL (θt+1 ||p(θt ))

Parameter estimation
We performed an iterative grid search in parameter space. We
a priori constrained our parameter space on the prior beta distribution to have shape parameters αθ > βθ , which describe
the prior beliefs as “more likely to see the absence of a feature than the presence of a feature.” We then searched for
the priors over the concept (θ), the noise parameter that decides how likely a feature would be misperceived (ε), and the
constant EIG from the environment (EIG(env)). The prior
over the noise parameter was fixed for all searches (αε = 1;βε
= 10). We selected the parameters that achieved the highest
correlation with the behavioral data averaged across participants and blocks (αθ = 1, βθ = 4, ε = 0.065, EIG(env) = 0.01).
No parameter regimes showed qualitatively different patterns,
though the magnitude of dishabituation was strongly dependent on the priors over θ; a test of the generality of these
specific parameter values is left for future work.

(2)

zt+1 ∈[0,1]

Finally, to get actual sampling behavior from the model, it has
to convert EIG into a binary decision about whether to continue looking at the current sample, or to advance to the next
trial. The model does so via a Luce choice between the EIG
from the next sample and a constant “environmental EIG”
that is assumed to be the amount of information to be gained
via looking away from the stimulus.
EIG(env)
p(lookaway) =
EIG(zt+1 ) + EIG(env)

Results
RANCH exhibited the main phenomena of interest, showing
habituation, dishabituation, and complexity effects (Fig. 3,
row 2). We also quantitatively explored the model by fitting
the model results to the behavioral data (See Table 1, row 1).
Overall RANCH achieved a good fit, though it did show a
slightly more gradual habituation process than the behavioral

(3)

The basic structure of the model can be described in the
following pseudocode:
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Deviant at 2nd Trial

Deviant at 4th Trial

Deviant at Last Trial
Behavioral

Looking time
(log msec)

No Deviant
8.0
7.5

8.5
EIG

8.0
7.5

No Learning

8.0
7.5

8.5

No Noise

8.0
7.5

8.5

Surprisal

Model samples (scaled)

8.5

8.0
7.5

8.5
KL

8.0
7.5

1

2

3

4

5

6

1

2

3

4

5

6

Trial Complexity

1

2

3

Complex

4

5

6

1

2

3

4

5

6

Simple

Figure 3: The first row shows behavioral data. All models results were adjusted to match behavioral datas scale and intercepts
for easier comparisons. All results were log-transformed. Red lines indicate results for complex stimuli, and blue lines indicate
results for simple stimuli.
data.
Model Type (Linking Hypothesis)
RANCH (EIG)
Baseline: No Learning
Baseline: No Noise
RANCH (Surprisal)
RANCH (KL-divergence)

Pearson’s r
0.92 [0.84, 0.96]
0.21 [-0.09, 0.46]
0.5 [0.36, 0.65]
0.92 [0.85, 0.95]
0.93 [0.88, 0.96]

RMSE
0.19 [0.16, 0.24]
0.27 [0.23, 0.34]
0.25 [0.21, 0.31]
0.13 [0.11, 0.16]
0.12 [0.1, 0.15]

Table 1: This table shows the correlations between the logtransformed model results and the log-transformed looking
time data. The values in square brackets are 95% confidence
intervals. RANCH model implemented with the three different linking hypotheses showed similar performance with
slight numerical differences and outperformed the baseline
models.

The first baseline model (No Learning) made random sampling decisions by drawing p(lookaway) from a uniform distribution between 0 and 1 at every time step. The second
baseline model (No Noise) omitted the noisy sampling aspect
of RANCH. We assumed that learning is free from perceptual
noise, i.e. that learners can observe the exemplars y directly.
To do so, we set ε to 0 and replaced the learner’s beliefs about
the true value of ε with the assumption that perception was
noiseless (for numerical stability we set the value to 0.000001
instead of 0). The baseline models used the parameters obtained from fitting the EIG model to the behavioral data.
The baseline models fit the data poorly (Table 1, row 2-3;
Fig 3, row 3-4), suggesting that both learning and noisy perception are critical for modeling the phenomena of interest.
Alternative linking hypotheses We also studied the behavior of RANCH using two other linking hypotheses, surprisal
and Kullback-Leibler (KL) divergence. Both have been used
in previous attempts to model infant looking behavior (Kidd
et al., 2012; Poli et al., 2020) and to approximate EIG in
the reinforcement learning literature (Kim, Sano, De Freitas,
Haber, & Yamins, 2020).

Alternative Models
Baseline models We next wanted to test what aspects of the
model are necessary to produce the phenomena. We focused
on two assumptions: 1) the model makes decisions based on
learning and 2) perception is noisy. We implemented lesioned
baseline models corresponding to each assumption.

We implemented these by replacing EIG(zt+1 ) in Equa-
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tion 2. Surprisal, formally described as −log(p(z|θ)), intuitively refers to how surprising an observation z is given the
model’s beliefs about θ – the intuition that surprising events
should result in longer looking times has served as a foundational assumption in developmental psychology (Sim & Xu,
2019). KL, formally described as ∑x∈X p(θ = x|z)log p(θ=x|z)
p(θ=x) ,
measures how much the model changed to accommodate the
most recent observation z. The intuition behind using KL as
a linking hypothesis is that, if one observation causes a large
change, the next one might too, so continuing to sample is
likely to be informative. We re-fit the free parameters (prior,
noise and the environmental EIG) for these linking hypotheses to ensure a fair comparison.
In our experiment, the performance of surprisal and KL
matched that of EIG (Table 1, row 4-5, Fig 3, row 5-6). To
calculate EIG, the model needs to consider all combinations
of possible features for the next observation and how informative they would be, a computation that can be intractable
in richer environments. The similarity of model fits between
EIG, surprisal and KL suggests that easier-to-compute metrics could be viable heuristics for choice behavior, at least in
the current learning context.

dence showing that the three linking hypotheses are indistinguishable across all learning contexts. Previous work has
shown that adopting surprisal as learning policy can lead
to undesirable behaviors in artificial agents (e.g. “the white
noise problem,” Oudeyer et al., 2007). Moreover, the two
alternative linking hypotheses are backward-looking metrics
that utilize heuristics about the past to make decisions. This
characteristic could constrain their application to situations
in which the environment is stable and the cost of sampling
is low. Since adult exploration is sensitive to environmental complexity, a forward-looking metric like EIG might be
particularly suitable to predict behaviors in a more dynamic
learning context (Dubey & Griffiths, 2020; Vogelstein et al.,
2022).
There are several limitations to our work. For our behavioral data, one concern is that adult looking time might not be
driven by intrinsic interest to the same degree as infant looking time. Rather, they might be driven by task-preparation.
However, across the three conditions with different cover
tasks, we found no differences in looking time patterns. In
regards to the model, a few concerns can be raised. First, the
current stimulus representation is oversimplified, using an unweighted collection of binary features. Future research could
apply RANCH to stimulus representations generated from a
perceptual model. Second, RANCH assumes that the EIG
from the environment is a constant throughout the experiment, but one can argue that environmental EIG might increase as the experiment progresses (e.g. the longer you have
not attended to the things in your surroundings, the more they
may have changed in the meantime). While implementing
more sophisticated assumptions could potentially explain additional variance in the data, our current work suggests that
even a simple rational learner that takes noisy samples from
a set of independent binary features is capable of explaining
key phenomena.
Our ultimate goal is to provide a rational learner model
that can account for information-seeking behaviors reflected
in infants’ looking time. Here we have shown that a simple
model of learning from sampling can reproduce habituation,
dishabituation, and complexity effects. Moving forward, we
aim to capture and explain more contentious phenomena documented in the infant looking time literature such as familiarity preferences and age effects (Hunter & Ames, 1988). Our
ongoing work with infants will eventually enable us to evaluate our model with developmental data. When combined with
adult results, the data and model will provide insights into the
general mechanisms through which learners decide what to
look at, and when to stop looking.

General discussion
The current work aims to provide a computational model that
can explain key phenomena observed in typical infant looking
time paradigms: habituation, dishabituation, and how these
are modified by stimulus complexity. RANCH assumes a rational learner that takes noisy perceptual samples from stimuli and makes sampling decisions based on EIG. We evaluated the model with adult looking time data collected from a
paradigm that mirrors classic infant looking time paradigms,
in which participants are learning about multi-feature concepts, and found that RANCH could successfully reproduce
the patterns observed in behavioral data. By contrasting the
model results with our baseline models, we showed that habituation, dishabituation, and complexity effects only arise in
a learning model that takes into account the noisy nature of
perception. Moreover, we found that, in the current learning
context, other information theoretic quantities (surprisal and
KL) are good proxies for the optimal linking hypothesis, EIG.
RANCH constitutes a significant step forward in the modeling of looking time in that it models the moment-to-moment
decision making process of whether to keep sampling or look
away. Previous approaches incremented time in steps of
whole stimuli and therefore correlated information-theoretic
variability in the stimulus sequence to look-away probability
and looking time, rather than producing these behaviors endogenously. Our account of the sampling process depends on
assuming that perception is noisy, which makes it necessary
to take multiple samples from a stimulus until the information
content of the stimulus has been learned sufficiently.
The similarity between model fits among models with different linking hypotheses highlights the significance of learning contexts. Our results should not be interpreted as evi-
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Abstract

this strategy isn’t limited to moral judgment and decisionmaking; we see rules used effectively across a wide range of
decision-making contexts. Relying on heuristics when time,
information and cognitive processing power are tight can be
a good strategy (Simon, 1955; Chater & Oaksford, 1999; Anderson, 1990; Gigerenzer & Gaissmaier, 2011). This idea
of “bounded rationality”, in many ways a foundational one
to cognitive science, has received increasing recent attention
(Lieder & Griffiths, 2020; Lewis, Howes, & Singh, 2014;
Gershman, Horvitz, & Tenenbaum, 2015). In this paper, we
draw on the notion of bounded rationality developed in other
decision-making contexts to shed light on mysteries of the
moral mind.

Rules undoubtedly guide our moral lives. Simple moral rules
prohibit lying, cheating, and stealing, for instance. But the
moral mind is more flexible than a theory based only on ruleadherence can account for. In this paper, we look at one particular kind of flexibility: the ability to figure out when it is okay
to break a moral rule. We elicit judgments of the moral acceptability of breaking a simple rule: it’s wrong to cut in line. We
created a video game environment in which agents attempt to
gather water – and sometimes must stand in line behind others
to do so. Subjects watch clips of the game being played and
make judgments of the moral acceptability of cutting in line
across a wide range of spatio-temporally varied and dynamic
scenarios. Our data suggests that subjects make judgments by
using a generative understanding of the underlying function of
the rule about waiting in line. We further show that our data
cannot be accounted for by either 1) simple rule adherence or
2) utility maximization.
Keywords: moral judgment; moral psychology; contractualism

Moral Rules are Flexible

Introduction
How do we make moral judgments? Two main ideas dominate the moral psychology literature: outcomes and rules.
On outcome-based views, people make moral judgments by
considering the good or bad consequences (positive or negative utility) of an action (Greene, 2014; Cushman, 2013;
Harsanyi, 1978; Crockett, 2013). Simply adding up these utilities tells you whether an action is morally acceptable or not.
On rule-based views, pre-compiled rules dictate whether an
action is morally acceptable (Mikhail, 2011; Nichols & Mallon, 2006). Rules are generally thought of as simple, articulable, general directives on behavior that restrict wide classes
of actions (“don’t lie”, “don’t cheat”, “don’t steal”). Interestingly, even theories of moral psychology that have a significant role for outcomes, also have some role for rules. In fact,
rules appear in nearly every contemporary theory of moral
psychology (see also Baumard (2016); Kleiman-Weiner, Gerstenberg, Levine, and Tenenbaum (2015)).
Why do rules play such a prominent role in our moral lives
and our theories? There are many reasons that rules are useful. Rules enable coordinated action, allow for consistent social judgment, are easily communicable, act as commitment
devices, ensure reliable planning, and guard against the impulse to treat yourself as an exception (Hare, 1981). One
of the most important reasons – and the one we focus on
here – is that moral cases can often be complex, so relying
on pre-established rules can be an efficient way to come to
an answer that is pretty good most of the time. Of course,
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Despite the centrality of rules to our theories of moral cognition, our current picture of moral rules remains in many ways
dissatisfying. We are left with a series of mysteries about
the nature of rules and how they work. Where do they come
from? What do we do when there is no rule? How do we
make new ones? How do we know when the rules apply and
don’t apply? How do we know when it’s OK to break rules?
Put another way, while we tend to think of rules as rigid, rules
are actually quite flexible – and our current theories fail to
capture that flexibility. The central goal of this paper is to
explain and describe the flexibility of the moral mind.
In this paper, we focus on one particular kind of flexibility
– the capacity to know when a simple rule should be broken.
A moment’s reflection reveals that we can think of exceptions
(often many exceptions) to the seemingly-simple rules that we
all know. It’s wrong to steal, but it’s probably OK to duck
into a cafe to ”steal“ a napkin if you really need one to stop a
bloody nose – but we also know that you can’t take the whole
stack of napkins to refill your supply at home. It’s wrong to
trespass, but it’s probably OK to rest my foot on your doorstep
to tie my shoe. It’s wrong to lie, but white lies are sometimes
recommended. How do we know when it is OK to break the
rules?
The thesis we will argue for is this: People not only know
the simple versions of rules that everyone can articulate, but
they also know the generative principles that produced those
rules in the first place. One of those generative principles is
an understanding of the function of a rule. The idea (often
present in “contractualist” theories of moral philosophy, e.g.
Scanlon (1998)) is that, most of the time, we figure out what

In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

is morally acceptable by adhering to the simple, articulable
version of a rule (e.g., “don’t steal”). But other times – in
cases we’ve never seen before, or in unusual edge cases – we
consider what the purpose of the rule is. If the action under
consideration instantiates the function of the rule (even if it
violates the simple version of the rule) it may be permitted.
Inversely, if the action seems permitted by the simple version,
it may be disallowed when the function of the rule is considered.
Possessing a functional understanding of rules that can
generate novel moral content may be a resource-rational strategy. Deploying a simple rule most of the time is fast and efficient, while having a generative understanding of the rule
allows for a more resource-intensive mechanism that can be
used in unusual or novel contexts to make more fine-tuned
judgments.

established by individual societies and understood not to apply universally (features often associated with conventional
norms, Turiel (1983)). We consider line rules to be an appropriate test case for our purposes because our broad interest is
in understanding norms that help navigate the problem of interdependent rational choice, the struggle to achieve mutual
benefit when agents have some compatible and some conflicting interests (Braithwaite, 1955; Gauthier, 1987). As shorthand, we call these rules “moral,” though this theoreticallydriven definition will necessarily exclude some actions that
seem to some people to be moral and include some actions
that seem not moral to others.

Experimental Strategy
In a series of experiments we ask participants to make moral
judgments about agents who either stay in line to get a resource (specifically, a bucketful of water) or get out of line
to try to get the resource more quickly. These scenarios play
out in a video game environment; participants watch videos
of the game being played. The game environment allowed
us to create a wide range of spatio-temporally manipulated
dynamic scenes, which enabled subjects to express their implicit functional understanding of line rules. Moreover, The
novelty of these cases ensures that subjects’ responses cannot
be explained by their having seen the cases in real life and
memorized the answers.
The game involves eight agents who are tasked with getting water from a water source (wells or streams). A well can
only be accessed by one agent at a time, whereas a stream
can often be accessed by many agents simultaneously. Each
agent’s goal is to get a bucketful of water and then bring the
water to a set of water storage barrels. Agents get a higher
reward the faster they get their bucket of water to the barrels.
Each scene begins with a set of eight agents standing in a line
in front of one of the water sources. Subjects are asked to
make a moral judgment of a target agent who gets out of line
and heads straight to the water source without waiting. The
scene ends when all the agents have gotten a bucket of water
and deposited it in the barrels. Then a new scene begins with
a different arrangement of the game environment and agents.
Two main parameters of the game are manipulated: 1) arrangement of water sources and 2) number of agents leaving
the line.

Our Test Case: Waiting in Line
Our test cases is the rule surrounding standing in line (or:
“queuing”). It seems like one simple rule governs the process
of waiting in line: no cutting. But, when confronted with individual cases, it becomes apparent that we can flexibly evaluate all kinds of exceptions to the rule. For example, if you’re
in a deli and drop your spoon on the floor, it seems okay to
cut to the front of the line to ask for a new one.
Our proposal is that participants in our experiments will
make moral judgments about waiting in line by using their
understanding of the function of the rule about waiting in line,
namely, to treat each person’s claim to the resource as equivalent (Adrian, Seyfried, & Sieben, 2020; Bose, 2013; Sundarapandian, 2009).1 We operationalize this idea by asking
whether the action taken by any given agent could be universalized – that is, if all the other agents could feel free to do
the same without things going badly for everyone (Levine,
Kleiman-Weiner, Schulz, Tenenbaum, & Cushman, 2020). If
not, that’s a sign that one agent is taking an advantage for
themselves that can’t also be taken by others. When everyone’s claim to the resource is equivalent, this ensures a ”fair“
distribution.2
We predict that it will be judged impermissible to leave
a line and head directly for the resource (“cut the line”) if
doing so is not universalizable. We rule out the possibility
that our data can be explained by simple rule-following or
utility maximization processes.

Arrangement of water source(s) Some game maps have
just one water source while others have multiple sources (e.g.
multiple wells, a series of wells and streams, multiple stream
access points, etc.). The water sources are arranged such that
for some game maps, the rule about cutting in line should apply – waiting in line ensures that everyone’s claim to the resource is treated as equivalent (“Line Necessary” cases). For
instance, if a map contains just one well or one stream access
point (e.g. Fig 1, panels a, c and d), then cutting in line may
speed things up for an individual agent (and not actually slow
anyone else down), but this action is not universalizable. If
everyone tried to cut, chaos would ensue, which doesn’t reli-

Is this even moral? There is neither scholarly (Stich, 2018)
nor lay (Levine et al., 2021) consensus about what sorts of
norm violations count as moral (as opposed to conventional).
Rules about lines blur this boundary further because they are
designed to ensure fairness (a topic often associated with the
moral domain, Haidt and Joseph (2004)), though they are also
1 The function might also involve ensuring a predictable, efficient, and orderly distribution of resources. We sideline these other
elements of the function here.
2 We use the word “fair” as shorthand for the concept we lay out
above, but see McAuliffe, Blake, Steinbeis, and Warneken (2017)
for a range of definitions.
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(a)

ably benefit anyone (as demonstrated on panel d). So, when
a single person cuts in line, they are prioritizing their own
claim to the resource. This violates the function of the rule
about cutting in line – fairness is undermined – so the action
should be judged impermissible.
In contrast, there are some game maps where the rule about
waiting in line shouldn’t apply, because waiting in line actually isn’t necessary to ensure that everyone’s claim to the resource is equivalent (“No Line Necessary” cases, e.g. Fig 1,
panels b, e, and f). For instance, if there is a stream that everyone can access simultaneously (panel b), standing in line
needlessly slows down the people in the back; leaving the line
and heading straight for the water is universalizable (can be
done by everyone without negative consequences) and should
therefore be treated as a permissible override of the cutting
rule.

(c)

Number of agents getting out of line In some scenes, the
target agent is the only one who gets out of line and goes
directly to the water source (e.g. Fig 1, panel c). In other
scenes, some (3-4), or all (8) agents leave the line and head
directly towards the water source (e.g. Fig 1, panels d, e and
f). This manipulation allows us to ask how the permissibility
of one person’s action is impacted by how many other people
also decide to do it. One possibility is that there will be no
impact of the number of line-leavers on permissibility (a “two
wrongs don’t make a right” effect). Another possibility is that
as the number of line-leavers increases, leaving the line is
more acceptable (possibly because continuing to stand in line
is less beneficial for the individual and for the social good).
Our experiment was designed to differentiate between these
two broad possibilities.

(b)

(d)

(f)
(e)

Figure 1: Examples of stimuli used in Studies 1, 2, and 3.
Target agent leaving the line is circled in red. (a) Example
of a Line Necessary Case. (b) Example of a No Line Necessary Case. (c) Line Necessary case with one line-leaver,
who is about to enter through the “exit”. (d) Line Necessary
case with eight line-leavers. A blockage has formed causing substantial delays. (e) No Line Necessary case with four
line-leavers. Due to the number of available wells, it is fair
for everyone to leave the line and go right to an available well.
(f) No Line Necessary case with eight line-leavers. There are
enough access points on the stream that everyone leaving the
line is more fair than everyone waiting.

Study 1
Methods
Subjects read instructions and were shown a video of one
agent moving around a game map, which familiarized them
to the actions available to the agents (including moving, picking up water, and depositing water into barrels). Subjects answered questions about the instructions and were excluded for
wrong answers. Videos were categorized into two conditions:
those where a line ensures fairness (“Line Necessary” cases,
4 maps with different arrangements of water sources) or those
where a line was not necessary for fairness (“No line Necessary” cases, 3 maps). In each video, either one, some (3 or 4),
or all 8 people left the line (number of “line-leavers”). Subjects saw all 21 videos in randomized order. Subjects were
asked to focus on a target agent and were allowed to watch
each video as many times as they wanted and then decided
if the agent’s action was morally acceptable or not (binary
response).
Subjects. Subjects were recruited from MTURK through
CloudResearch and paid for participating. 60 subjects finished the task and 2 were excluded for failing control questions. 41 reported demographic data: 24.4% female, 75.6%
male. Mean age: 37.6 years, SD: 9.3, min: 23, max: 65

Results
Collapsing across the “No Line Necessary” Cases: when
there was one line-leaver, 89.1% of trials were judged morally
acceptable. When there were some line-leavers, 96.6% were
judged acceptable. When they were all line-leavers, 95.4%
were judged acceptable. Collapsing across the “Line Necessary” Cases: when there was one line-leaver, 28% of trials were judged morally acceptable. When there were some
line-leavers, 57.3% were judged acceptable. When they were
all line-leavers, 72% were judged acceptable. See Fig 2 (left
panel).
Fig 2 (left panel) reveals that moral judgments of agents
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leaving the line in “Line Necessary” cases were harsher than
of agents leaving the line in“No Line Necessary” cases. It is
also apparent that as the number of people leaving the line
increases, acceptability of leaving the line increases. Participant response was predicted by a logistic mixed effects model
that included Condition (Line Necessary/No Line Necessary),
Line Leavers (One/Some/All), and their interaction as fixed
effects. Subject and map were included as random effects.
For each level of line-leavers (One/Some/All) the contrast between the Line Necessary and No Line Necessary Conditions
was significant (OddsRatios > 10, p < .0001). We also compared a model with Condition as the only fixed effect to a
model with Condition and Line-Leavers as fixed effects. The
full model is significantly preferred (χ2 = 17.306, p < 0.001).
Adding the interaction to the model was not significant (χ2 =
2.99, p = 0.22).
Ruling out simple rule-following. It is immediately apparent that subjects can’t simply be using the articulable rule
“don’t cut in line” to make their judgments. In fact, there is
not a single subject in our sample who judged that it was always unacceptable to leave the line. There was one subject
who judged that it was always unacceptable to leave the line
if the target agent was the sole line-leaver. All other subjects
judged that it was at least sometimes acceptable to leave the
line.
Ruling out outcome-based reasoning. Is it possible that
subjects’ judgments are a simple reflection of how much delay is caused by agents getting out of line? To investigate
this hypothesis, we calculated the total delay time that was
created by the line leavers in each video. We calculated the
amount of time (in video frames) it would have taken everyone in the scene to get water had no one left the line. We
compared this baseline time to the amount of time it took for
everyone to actually get water. Each video received a “delay score”, where delay = actual - baseline. Delay values for
each video were entered into a logistic mixed effects model as
a fixed effect and compared to a model with Delay and Condition (Line Necessary/No Line Necessary) as fixed effects.
(Both models treated subject as random effects.) Even when
including Delay in the model, the full model is still significantly preferred (χ2 = 383.19, p < 0.0001), indicating that
delay cannot entirely account for the effect of condition on
subjects’ judgments.
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Figure
2: Study 1 one
(left) and
Studyeight
2 (right) results. Study 1:
line.leavers
some
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none
one
There is a significant effect of Condition (whether or not a
line is needed to ensure fairness) on the acceptability of getting out of line. In addition, as the number of line-leavers
increases, acceptability of getting out of line increases. Study
2: Even when game players “lock in” their strategies, it is
judged worse to leave the line in Line Necessary Cases. This
suggests that the difference in judgments across Line Necessary/No Line Necessary cases cannot be due to the worry
that one person getting out of line will cause others to follow
along, thereby leading to overall delays. Error bars are 95%
CI.
What should we make of the fact that acceptability goes
up as more people leave the line? It is possible that this is
evidence that moral judgment for socially-constructed norms
(like standing in line) is (partially) impacted by how strong
adherence to the norm is; if fewer people follow the norm it
is judged less morally problematic to break it.
On the other hand, judgments in the Line Necessary Cases
when everyone is leaving the line do not reach ceiling. This
indicates that there is some hesitancy on the part of subjects
to say that it is acceptable to break a norm even if literally
everyone else is also doing it. This is particularly striking
in the cases of standing in line, because there actually is no
way to stand in line if no one else is. One possibility is that
subjects are expressing the fact that no one should have left
the line, so even though they are making a judgment about
the target agent only, the responsibility for a collective action
falls on every individual contributing to it. However, waiting
in line is rather unique in this respect. In many cases where
everyone is doing the wrong thing, it is still meaningful (that
is: conceptually coherent) to do the right thing. When everyone is engaging in activities that emit greenhouse gases,
one person’s decision to follow suit may still be the wrong
thing to do. Perhaps our subjects’ judgments reflect this intuition. Future work is needed to differentiate between these
possibilities.

Discussion
The central finding of Study 1 is that subjects treat getting out
of line in the Line Necessary Cases to be less morally acceptable than getting out of line in the No Line Necessary Cases.
If subjects were simply applying the articulable rule “don’t
cut in line” to make moral judgments, then there would be
no difference in acceptability across the conditions. Instead,
subjects spontaneously know when the rule about waiting in
line can be broken, and their judgments follow the pattern we
would expect if they are responsive to the function of the rule
about waiting in line, namely, to treat everyone’s claim to the
resource as equivalent.

Study 2
Study 2 was designed to rule out a possible alternate explanation to our findings in Study 1. In Study 1, we argued (via
calculating delay scores for each scenario) that our data cannot be explained by appeal to simple utility maximization.
However, it is possible that subjects were taking into account
the possibility that one person (or a few people) getting out
of line and going directly for the water source could start a
chain-reaction where the other people standing in line would
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also go directly for the water source, leading to massively
more chaos than was actually observed and much lower utility. Even though, in our videos, those who leave the line do
so simultaneously, it is still possible that subjects are imposing their experience of line-cutting onto these scenarios and
making moral judgments based on the inference that people
getting out of line often cause others to do so as well. Study
2 was designed to respond to this critique.

Line-Leavers 1: x=72.1%). Condition (Line Necessary/No
Line Necessary) and number of line-leavers (0/1) were entered in a mixed-effects logistic regression with subject and
stimulus as random effects. This was compared to a model
with the same fixed effects as well as their interaction. As
expected, the full model was preferred (χ2 = 4.9, p = 0.027).

Methods

The main finding in Study 2 is that, even when participants
are told that game players “lock in” their play strategies before the scene begins, it is less morally acceptable to cut in
Line Necessary Cases compared to No Line Necessary Cases.
We demonstrated this in scenes where there is no difference
in the total time it takes all the agents to gather water, whether
one person cuts, no one cuts, or whether it is in a Line Necessary Case or No Line Necessary Case. This suggests that
subjects cannot be making moral judgments based on 1) actual delay times or 2) concerns about potential downstream
consequences (“band wagon effects”) of getting out of line.
Instead, knowledge of the function of the rule about waiting
in line better explains the pattern of judgments we report here
and in Study 1.

Discussion

The experimental setup was similar to that of Study 1, except
subjects were asked to imagine that all players (except one)
had to “lock in” their choice of behavior before the game begins. The same explanation and instructions were given regarding the game mechanics and the goal of the players in
the game. However, subjects were told that before each scene
began, the players had to make independent decisions about
how they would behave in the scene.
The instructions explained that the players would see what
the game map looks like and where the line forms, but not
which position in the line they would occupy. Then each
player would decide whether they would definitely stay in
line, or take opportunities to leave the line and head directly
for a water source. It was made clear that the players would
lock-in their choices and the game would not let them change
their strategy afterwards. Uniquely, the target agent (whose
actions the participants would judge), would not be required
to decide their strategy ahead of time. They would be able to
decide once the game starts. Subjects’ judgments, therefore,
could not be based on the possibility that the cutting agent
might start a chain reaction.
This experiment used only two game environments: one in
which the only source of water was a well (Line Necessary
Condition, Fig 1, panel a) and one in which the only source
of water was a stream that spanned the entire length of the
board (No Line Necessary Condition, Fig 1, panel b). Either
zero or one agent left the line on each trial. The total amount
of time that it took for all 8 agents in the scene to get water
was held constant across all four scenes. Subjects were asked
to judge whether the action of the target agent was morally
acceptable. The target agent is standing in line in Zero LineLeavers trials and is leaving the line in the One Line-Leavers
trials.
Subjects. Subjects were recruited from MTURK through
CloudResearch and paid a small amount for participating. 61
subjects finished the task and 1 was included for failing control questions. 59 reported demographic data. 23.7% female,
76.3% male. Mean age: 37.1, SD: 9.8, min: 20, max: 70.

Study 3
Study 1 looked for broad differences between two conditions (Line Necessary vs No Line Necessary) and simply
asked whether the hypothesized differences in conditions
were found. In this study, we directly test our proposed mechanism of rule-breaking by creating stimuli designed to elicit
graded responses that our model can predict with quantitative
precision. Our model predicts that subjects figure out when
it is acceptable to get out of line by asking if the line is necessary to treat everyone’s claim to the resource as equivalent.
Or put another way, is getting out of line “universalizable”?
To test this hypothesis, we created game maps where uncertainty exists around the universalizable nature of getting out
of line. If we are right that universalizability is a critical step
of the mechanism of making moral judgments in these cases,
then there should be a direct relationship between the probability that an action is universalizable and the probability that
it is morally acceptable.

Methods
The experimental setup is similar to that of Study 1, except
that each scene has only one line-leaver. Moreover, videos
were designed to exhibit a range of universalizability and
moral acceptability and were thus designed to fall into one
of three categories: Line Necessary, No Line Necessary, and
Maybe Line Necessary. The Line Necessary and No Line
Necessary maps were identical to the ones used in Study 1,
with 6 additional maps created for Maybe Line Necessary.
Each video stops a few time steps after the target agent leaves
the line. Participants are thus able to see the action and intention of the target agent, but unable to see the exact outcome of
the scene (thus maintaining the uncertainty about whether the

Results
As is apparent in Fig 2 (right panel), in both the Line Necessary and No Line Necessary Conditions it is less acceptable
to leave the line than to stay in line. Importantly, the effect
is significantly larger in the Line Necessary Condition (LineLeavers 0: 95.1% acceptable, Line-Leavers 1: 19.7%) than
in the No Line Necessary Condition (Line-Leavers 0: 96.7%,
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Figure 3: Example of two different kinds of uncertainty generated in the Maybe Line Necessary Cases. Panel (a): Uncertainty about whether the target agent will go down the narrow
path thereby blocking others and slowing things down or will
continue down towards the lowest part of the stream. Panel
(b): Uncertainty about whether the target agent can get to the
stream and out again before delaying others.
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Figure 5: Study 3 results. Inferences about universalizability are strongly correlated with moral acceptability judgments
across a range of line cutting cases.
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Figure 4: Study 3 results. The maps used in this experiment
elicited graded responses from subjects, roughly corresponding to the hypothesized categories (Line Necessary, No Line
Necessary, Maybe Line Necessary). Error bars are 95% CI.

many levels of permissibility in between.
Do universalization inferences capture the graded nature
of these moral acceptability judgments? As an initial test,
we find a strong correlation between mean universalization
judgments for a case and acceptability judgments for that case
(R=.84, see Fig 5). A logistic mixed-effects model predicting
acceptability judgments with subject and stimulus as random
effects was compared to a model with mean universalization
judgments as a fixed effect. The full model is significantly
preferred (χ2 = 15.7p =< .0001).

Discussion
The main finding of Study 3 is that subject inferences about
the universalizability of an action of line cutting is a strong
predictor of the moral permissibility of that action in completely novel cases. This suggests that subjects use their generative understanding of the rule about waiting in line to make
moral judgments, which are predictable by understanding the
function of the rule.

action is universalizable or not). Subjects were asked to judge
whether the action of the target agent was morally acceptable.
A second group of subjects saw the same stimuli but were
asked to indicate how much better or worse off everyone
would be if everyone felt at liberty to leave the line to try
to get the water, rather than everyone staying in line. Subjects responded with a continuous slider scale anchored at -50
(much worse off), 0 (the same), and 50 (much better off).
Subjects. Subjects in both groups were recruited from
MTURK. For the judgment task, 53 subjects finished, 6 were
excluded for failing control questions. 42 reported demographic data. 40.5% female, 59.5% male. Mean age: 38.5,
SD: 9.6, min: 23, max: 62. For the universalization task, 57
subjects finished, 3 were excluded for failing control questions. 48 reported demographic data. 31.3% female, 66.6%
male, 2.1% other. Mean age: 37.8, SD: 8.2, min: 23, max:
56.

Conclusion
If people use their understanding of rule function to know
when it is permissible to break a rule, how do they figure
out the function in the first place? This question is of particular interest in the case of line rules because they are entirely socially constructed. Environmental input must explain
people’s competence, though the function of the rule about
waiting in line is rarely (if ever) discussed. Building on the
ideas of moral philosophers in the contractualist (“agreementbased”) tradition (e.g. Scanlon (1998); Rawls (1971)), we
suggest that people can infer the function of a rule by thinking about what everyone governed by the rule could agree to
– the functions that lead to mutual benefit. Future work will
seek to answer this question by studying the developmental
trajectory of functional rule understanding.

Results
Fig 4 shows that, as intended, the cases that we constructed
have a wide range of smoothly graded permissibility judgments – from highly unacceptable to highly acceptable to
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Abstract

without exceptions can drive within-category stimuli to
integrate and between-category stimuli to differentiate.
However, such representational shifts can be distorted by the
introduction of exceptions. Prior works imply that the brain
reduces the representational overlap between rule-followers
and exceptions within and between categories (Davis et al.,
2012; Heffernan et al., 2021; Sakamoto & Love, 2006). For
example, Davis and colleagues (2012) found that a
categorization model that differentiated exceptions from rulefollowers could predict the activation in the medial temporal
lobe during category learning, indicating that the
differentiation occurs in this brain region. Other fMRI works
(Hulbert & Norman, 2015; Kim et al., 2017) suggest that the
hippocampus can differentiate representations of similar but
competing events, such as similar-looking exceptions and
rule-followers from opposite categories. The differentiation
may enable people to identify exceptions as inconsistent
members of a category and avoid confusing them with
resembling items from a competing category.
Exception learning may also hinder the within-category
integration and between-category differentiation of rulefollowers indicated by past studies (Goldstone et al., 2001;
Pothos & Reppa, 2014). Specifically, Silliman and colleagues
(2020) suggest that the presence of exceptions prevents the
integration of rule-followers within categories because of the
inconsistency between category members. Moreover, rulefollower representations between categories may overlap if
they are confusable with exceptions from the competing
category (Heffernan et al., 2021). These exception-induced
representational changes can blur the category boundary and
increase the difficulty of classifying rule-followers.
The existing literature indicates selective pattern
integration and differentiation underlying rule-plusexception category learning, but no one has directly
characterized these operations in the learning process. In
particular, pattern integration and differentiation involve
changes in representational similarities over time (Hulbert &
Norman, 2015), but past studies on rule-plus-exception
categories often focused on the final learning outcomes (e.g.,
Heffernan et al., 2021; Sakamoto & Love, 2006). To clarify
the integration and differentiation processes during learning,
we employed a delayed exception sequence created by
Heffernan and colleagues (2021). They showed that delayed
introduction of exceptions in the category learning phase
resulted in more precise categorical representations in a
hippocampal model in comparison to early introduction of

The learning of rule-plus-exception categories relies on pattern
integration and differentiation, but how the representations of
rule-followers and exceptions develop through these two
operations remains obscure. Here, we inspected the
representational shifts in rule-plus-exception category learning
by fitting a computational model to behavioral categorization
data. We found that exceptions were differentiated from rulefollowers within and between categories through learning. The
distanced rule-follower and exception representations in each
category formed distinct clusters that together constituted a
hierarchically structured categorical representation. Moreover,
exception learning increased the representational overlap
between rule-followers of opposite categories, thereby blurring
the category boundary. Our findings illuminate the
representational dynamic underlying the acquisition of ruleplus-exception categories and highlight the roles of pattern
integration and differentiation in category learning.
Keywords: category learning; computational modeling;
pattern integration; pattern differentiation

Introduction
Nature is full of complex categories that encompass diverse
objects. For example, members of the mammal category
commonly have four limbs and live on land, but whales, as
the category exceptions, have fins and live in the water. Also,
whales are confusable with members of the fish category due
to their similar appearances and habitats. Yet, people can
discriminate whales from fish and classify them under the
seemingly dissimilar mammal category. To acquire ruleplus-exception categories, the brain performs pattern
integration and differentiation on the category members.
Specifically, pattern integration increases the overlap of
stimulus representations (Brunec et al., 2020; Schlichting &
Preston, 2015), whereas pattern differentiation reduces the
representational overlap (Brunec et al., 2020; Hulbert &
Norman, 2015). How do the representations of category rulefollowers and exceptions transform through these two
operations? We aimed to discern the representational shifts in
rule-plus-exception category learning with computational
modeling and a novel category learning paradigm.
People can flexibly transform their stimulus
representations through category learning. Past behavioral
(Goldstone et al., 2001; Juárez et al., 2019; Pothos & Reppa,
2014) and neuroimaging (Dandolo & Schwabe, 2018; Mack
et al., 2016) studies indicate that the learning of categories
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exceptions. Thus, the delayed exception sequence can not
only promote the formation of accurate stimulus
representations but also enable comparison between
representations before and after exception learning. Such
comparison would reveal shifts in stimuli’s representational
similarities induced by the exceptions.
To assess people’s latent stimulus representations, we
leveraged the Supervised and Unsupervised Stratified
Adaptive Incremental Network (SUSTAIN), a model that
simulates human categorization (Love et al., 2004).
SUSTAIN can develop clusters representative of category
members and activate the clusters during the classification of
a stimulus. Clusters that better describe the stimulus have
higher activations, and the most activated cluster governs the
categorization decision. By varying the pattern of cluster
activations across stimuli, SUSTAIN can simulate pattern
integration and differentiation in the human brain.
Neuroimaging studies have shown that SUSTAIN could
predict neural operations and representations within various
brain regions (e.g., medial temporal cortex, Davis et al., 2012;
Mack et al., 2016, 2018; ventromedial prefrontal cortex,
Mack et al., 2020; occipitotemporal cortex, Braunlich &
Love, 2019). Accordingly, we could fit SUSTAIN to human
categorization performance to infer how people represent
stimuli latently during category learning.
We tested two predictions to evaluate the representational
shifts in rule-plus-exception category learning: (1) Exception
learning would result in within- and between-category
differentiation between rule-followers and exceptions, and
(2) exception learning would hinder within-category
integration and between-category differentiation of rulefollowers. We fitted SUSTAIN to human categorization data
before and after exception learning and performed
representational similarity analysis (RSA) on stimuli’s
cluster activations. Importantly, we observed that exception
learning resulted in differentiated clusters of rule-followers
and exceptions, in addition to a faded category boundary.

exception stimuli in the competing category. However, the
value of the seventh feature dimension in exceptions differed
from the value in non-exception stimuli. Thus, the seventh
dimension was irrelevant to the category membership but
increased the distinctiveness of exceptions. Each category
had a prototype, eight rule-followers, and four exceptions.
The prototype, four rule-followers, and two exceptions from
each category were shown during learning. The remaining
stimuli were shown during testing. All the feature values,
except the values of the seventh dimension, appeared equally
frequently in the learning and testing phases.
We generated artificial animals (400×500 px) in Photoshop
(Figure 1). The animals had seven components, each with two
variations. The first six components – including the horn,
beak, wings, hand, foot, and tail – were category-defining,
and their variations involved simultaneous changes in color
and shape. We made these two features covary because
people experienced difficulties detecting changes in only the
shape in a pilot study. The seventh component, which was the
body, tagged exceptions and varied only in color so that it
was less salient than the other six components. For each
participant, the six category-defining components were
randomly matched to the six category-defining feature
dimensions. For example, the stimuli learned by one person
might have dimensions 1–6 corresponding to horn, beak,
wings, hand, foot, and tail, and such correspondences would
change for another individual. In this way, participants could
learn different stimulus sets with the same category structure.

Methods
Participants

Figure 1: Subway plot of example stimuli and their values
on the seven feature dimensions.

We recruited 42 undergraduate students (Mage = 18.83, SDage
= 2.33; 36 females; 36 right-handed) from the University of
Toronto Psychology Participant Pool. Participants completed
the study online to receive course credits. Participants gave
consent before participation and received debriefing after
completing the study.

Procedure
Our study was approved by the University of Toronto
Research Ethics Board. Before the learning phase, we told
participants that they would learn two novel animal
categories, cordia and naptha. In each trial of the learning
phase, an artificial animal appeared for 2.5 s following a 0.7s fixation cross. Participants then had 3 s to classify the
stimulus by pressing a key. We asked them to press “C” on
the keyboard if they thought the stimulus was a cordia and
“N” if they thought it was a naptha. After responding,
participants saw 2-s feedback that included the classified
animal and the correctness of their response.
To examine the representational shifts, we introduced
prototypes, rule-followers, and exceptions successively in the

Stimuli
We created opposite family-resemblance categories (Shepard
et al., 1961), in which the stimuli had seven binary feature
dimensions. The first six dimensions defined the categories,
and the prototypes of the two categories had distinct feature
values on these dimensions. Rule-followers in each category
shared four of the six defining features of their prototype.
Exceptions shared five of the six features of the prototype in
the opposite category, making them confusable with non-
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learning phase (Table 1). Specifically, we split the learning
phase into halves, each with four blocks. In the first half,
participants learned the prototype and rule-followers from
each category in succession. In the second half, participants
were introduced to exceptions in each category one at a time
while continually learning to classify the prototypes and rulefollowers. In the last two blocks, all the learning stimuli were
present. Overall, each learning block contained 48 trials, in
which the stimuli were repeatedly displayed in random order.
After the first half of the learning phase, participants went
through an intermediate testing phase in which they
categorized prototypes as well as learned and novel rulefollowers without feedback. Exceptions were absent in this
phase because their distinct value on the seventh feature
dimension could lead participants to guess new category
rules. The final testing phase followed the second half of the
learning phase and involved all the learned stimuli, “novel”
rule-followers from the intermediate testing phase, and novel
exceptions.

Representational Similarity Analysis We computed
Fisher’s z-transformed Pearson correlations between
stimuli’s cluster activations and constructed representational
similarity matrices (RSMs) for the intermediate and final
testing phases. Based on past studies on pattern integration
and differentiation (Brunec et al., 2020; Hulbert & Norman,
2015), a higher correlation between two stimuli reflects a
higher overlap of their representations. Accordingly, we
quantified the within-category similarity (WCS) by
averaging the z-transformed correlations within categories
and the between-category similarity (BCS) by averaging the
correlations between categories. To evaluate our predictions,
we analyzed the within- and between-category similarities
between rule-followers and exceptions (i.e., WCSRE and
BCSRE) and the within- and between-category similarities of
only the rule-followers (i.e., WCSR and BCSR). Because we
included multiple exceptions in each category, we also
explored the within- and between-category similarities of
only the exceptions (i.e., WCSE and BCSE).

Table 1: The sequence of stimulus introduction for each
category in the learning phase. For rule-followers and
exceptions, the numbers inside the brackets indicate
individual stimuli. The number after the asterisk indicates
how many times individual stimuli were displayed.

Results

Block
1
2
3
4
5
6
7
8

Prototype
P*6
P*6
P*5
P*5
P*8
P*8
P*8
P*8

Rule-followers
R[1, 2] * 9
R[3, 4] * 9
R[1, 2, 3, 4] * 4
R[1, 2, 3, 4] * 4
R[1, 2, 3, 4] * 2
R[1, 2, 3, 4] * 2
R[1, 2, 3, 4] * 2
R[1, 2, 3, 4] * 2

Behavioral Results The average categorization accuracies in
the learning and testing phases are shown in Figure 2a. We
used multivariate analysis of variance (MANOVA) to test the
effects of learning blocks on the categorization accuracies for
prototypes, rule-followers, and exceptions. For the first half
of the learning phase, we found a significant positive main
effect of learning blocks on the accuracies for prototypes
(F(3, 164) = 4.98, p = .002, R2 = .08) and rule-followers (F(3,
164) = 3.85, p = .01, R2 = .07), suggesting that individuals’
learning performance improved over the first four blocks.
The last four blocks did not exert any significant main effect
on the accuracies for prototypes (F(3, 164) = 0.22, p = .88, R2
= .004), rule-followers (F(3, 164) = 0.61, p = .61, R2 = .01),
and exceptions (E: F(3, 164) = 1.33, p = .27, R2 = .02). Thus,
the introduction of exceptions might have impeded people’s
ability to improve their learning performance.
The testing performance is shown in Figure 2b. We
examined participants’ learning success by running onesample t-tests to check if their categorization accuracies in
the testing phases were greater than chance (> .5). In the
intermediate testing phase, participants achieved
significantly above-chance accuracies for prototypes (M =
.96, SE = 0.02, t(41) = 27.18, p < .001), learned rule-followers
(M = 0.79, SE = 0.02, t(41) = 12, p < .001), and novel rulefollowers (M = .59, SE = 0.03, t(41) = 3.36, p < .001). In the
final testing phase, the accuracies were significantly above
chance for prototypes (M = .95, SE = 0.02, t(41) = 23.2, p <
.001), learned rule-followers (M = .79, SE = 0.02, t(41) =
14.37, p < .001), novel rule-followers (M = .59, SE = 0.03,
t(41) = 3.19, p = .001), and learned exceptions ( M = .7, SE =
0.05, t(41) = 4.06, p < .001). The above-chance
categorization accuracy for novel rule-followers indicates
that participants could generalize the general category rules
to unfamiliar items. However, the accuracy for novel
exceptions was at the chance level (M = .53, SE = 0.05, t(41)

Exceptions

E[1] * 8
E[2] * 8
E[1, 2] * 4
E[1, 2] * 4

Modeling Analysis
Model Fitting We used the CatLearn package (Wills et al.,
2017; Wills & Pothos, 2012) in R 4.1.1 to perform the model
fitting. The fitting procedure was adapted from the study by
Mack and colleagues (2016). We first trained SUSTAIN with
trials from the first half of the learning phase using supervised
learning. Then, we used DEoptim (Mullen et al., 2011), a
global optimization algorithm, to optimize the model
predictions of participants’ categorization accuracies in
learning blocks 1–4 and the intermediate testing phase by
maximal log-likelihood. Subsequently, we extracted the
cluster activations for all the stimuli (i.e., the prototype, eight
rule-followers, and four exceptions from each category)
before exception learning. With the feature attention weights
and clusters developed in the first half of the learning phase,
SUSTAIN was trained with trials from the second half of the
learning phase and fitted to participants’ categorization
accuracies in learning blocks 5–8 and the final testing phase.
From this re-fitted model, we obtained the cluster activations
for stimuli after exception learning.
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= 0.67, p = .25). This result suggests that individuals
experienced difficulties generalizing patterns of exceptions.
We assessed the link between intermediate and final testing
performance. We found a significant positive correlation
between the categorization accuracies in the intermediate and
final testing phases for non-exception stimuli (prototypes and
rule-followers; r = .48, t(40) = 3.46, p = .001). The
intermediate testing accuracy for non-exception stimuli was
not significantly correlated to the final testing accuracy for
exceptions (r = -.07, t(40) = -0.48, p = 0.64). We compared
the two correlations using Pearson and Filon’s z in the cocor
package (Diedenhofen & Musch, 2015). We found that the
correlations were significantly different (z = 3.27, p = .001).
Thus, participants classified non-exception stimuli more
accurately in the final testing phase if they performed better
on these items before exception learning. In contrast, the
intermediate testing performance on non-exception stimuli
was not predictive of how participants categorized exceptions
in the final testing phase.

for non-exception stimuli was not significantly correlated to
the final testing accuracy for exceptions (r = .18, t(40) = 1.15,
p = .26). Pearson and Filon’s z test from the cocor package
(Diedenhofen & Musch, 2015) revealed a significant
difference between the two correlations (z = 2.49, p = .01).
Therefore, like human participants, the model’s intermediate
testing performance predicted its final testing performance on
non-exception stimuli but not exceptions.
Table 2: Correlations between model and human
categorization accuracies in the testing phases. The asterisks
indicate the statistical significance of each correlation. ***p
< .001; **p < .01; ns: p > .05.

Learned
Novel
Learned
Novel

Prototype
Rule-followers
Intermediate Testing Phase
.72***
.8***
.81***
Final Testing Phase
.01(ns)
.68***
.83***

Exceptions

.77***
.41**

Figure 3: Model categorization accuracies for learned and
novel stimuli in testing phases. The asterisks represent the
statistical significance of one-sample t-tests that checked if
the categorization accuracies were above chance (> .5).
***p < .001; *p < .05; ns: p > .05. Error bars: ± SE. P:
Prototypes; R: Rule-followers; E: Exceptions.
RSA Results The RSMs for the intermediate and final testing
phases (Figure 4a) revealed shifts in stimulus representations
through exception learning. We performed two-tailed
repeated-measures t-tests to assess how the similarity scores
(i.e., WCS and BCS) for rule-followers and exceptions
changed between testing phases (Figure 4b). We found that
WCSRE decreased significantly in the final testing phase
(intermediate: M = -0.48, SE = 0.09; final: M = -0.76, SE =
0.07; final vs. intermediate: t(41) = -3.14, p = .003),
suggesting a reduction in the representational overlap
between within-category rule-followers and exceptions
during exception learning. In addition, BCSRE showed a
significant decrease (intermediate: M = 0.9, SE = 0.11; final:
M = -0.23, SE = 0.07; final vs. intermediate: t(41) = -7.14, p
< .001), indicating that the representations of betweencategory rule-followers and exceptions became less
overlapped through exception learning. These results support
our prediction that rule-followers and exceptions would
undergo pattern differentiation within and between categories
in the learning process.

Figure 2: (a) Human categorization accuracies in learning
blocks 1–8 and testing phases. Test 1: Intermediate testing;
Test 2: Final testing. (b) Human categorization accuracies
for learned and novel stimuli in testing phases. The asterisks
represent the statistical significance of one-sample t-tests.
***p < .001; **p < .01; ns: p > .05. Error bars: ± SE. P:
Prototypes; R: Rule-followers; E: Exceptions.
Model Fitting Results We evaluated SUSTAIN’s testing
performance because we aimed to infer people’s stimulus
representations in the testing phases. The model testing
performance is shown in Figure 3. The model’s
categorization accuracies in the testing phases were
significantly correlated to participants’ accuracies for all
stimulus types except the prototypes in the final testing phase
(Table 2). This non-significant correlation could be due to the
model and participants’ near-ceiling-level performance on
the prototypes. Moreover, we found a significant positive
correlation between the model’s intermediate and final
testing accuracies for non-exception stimuli (r = .54, t(40) =
4.08, p < .001). However, the intermediate testing accuracy
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We assessed changes in the representational similarities of
only the rule-followers. We found a significant increase in
WCSR across the intermediate and final testing phases
(intermediate: M = 0.92, SE = 0.1; final: M = 1.49, SE = 0.09;
final vs. intermediate: t(41) = 5.15, p < .001), which indicates
the integration of within-category rule-followers. This result
challenges our prediction that exception learning would
disrupt the overlapping of rule-followers from the same
category. Furthermore, BCSR increased significantly across
the testing phases (intermediate: M = -0.15, SE = 0.1; final:
M = 0.83, SE = 0.11; final vs. intermediate: t(41) = 6.29, p <
.001), implying that the representations of between-category
rule-followers were integrated. The result is consistent with
our prediction that exception learning would hamper the
between-category differentiation of rule-followers.
We explored shifts in the representational similarities of
only the exceptions. WCSE showed a significant increase in
the final testing phase (intermediate: M = 2.09, SE = 0.09;
final: M = 2.36, SE = 0.07; final vs. intermediate: t(41) = 2.72,
p = .01), which suggests that exceptions from the same
category were integrated during exception learning.
Similarly, BCSE increased significantly (intermediate: M = 0.89, SE = 0.1; final: M = 0.31, SE = 0.12; final vs.
intermediate: t(41) = 7.63, p < .001), indicating that exception
representations from competing categories became
overlapped. Therefore, like the rule-follower representations,
exception representations underwent pattern integration
within and between categories through learning.
Multidimensional Scaling of RSMs Our RSA results
indicate that exception learning not only causes
differentiation between rule-followers and exceptions but
also drives these two types of stimuli to undergo separate
integration. Consequently, specialized clusters for rulefollowers and exceptions may form in the representational
space. To visualize the clustering of stimulus representations,
we converted each RSM into a distance matrix by computing
the absolute difference between each z-transformed
correlation and the z-transformed correlation between the
cluster activations of the same stimulus (i.e., the maximum
correlation in the RSM). Thus, a higher value in the distance
matrices reflected higher dissimilarity between two stimuli’s
activation patterns. Then, we ran metric multidimensional
scaling (MDS; k = 2) on the distance matrices to visualize
stimuli’s distributions on a two-dimensional plane.
The stimulus distributions in the intermediate and final
testing phases are shown in Figure 4c. Before exception
learning, exception representations were intermixed with
rule-follower representations from the competing category
due to the perceptual similarity. After learning, rule-follower
and exception representations in each category formed their
distinct, non-overlapping clusters. Also, exception learning
led rule-follower representations from competing categories
to overlap. Altogether, these changes in stimulus
distributions suggest that exception learning results in the
formation of differentiated rule-follower and exception
clusters and the integration of between-category rulefollowers in the representational space.

Figure 4: (a) RSMs in testing phases. Each cell represents a
z-transformed correlation between the cluster activations of
two stimuli. (b) Representational similarity scores in testing
phases. The asterisks indicate the statistical significance of
repeated-measures t-tests. ***p < .001, **p < .01. Error
bars: ± SE. (c) Distributions of stimuli’s cluster activation
patterns projected onto a two-dimensional MDS space. The
ellipses separately group rule-followers and exceptions in
each category based on the multivariate t-distribution.

Discussion
We investigated transformations of stimulus representations
during rule-plus-exception category learning. Matching our
predictions, we found that exception learning drove pattern
differentiation between rule-followers and exceptions within
and between categories. Also, the learning led to the pattern
integration of between-category rule-followers. Contrary to
our prediction, within-category integration of rule-followers
happened during exception learning. We further showed that
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rule-followers and exceptions in each category formed their
unique representational clusters. In summary, our findings
help discern the detailed representational shifts underlying
the learning of rule-plus-exception categories.
We showed that exception learning resulted in within- and
between-category differentiation between rule-followers and
exceptions. The dissociated rule-follower and exception
representations might explain why people’s intermediate
testing accuracies for non-exception stimuli predicted the
final testing accuracies for only the non-exception but not the
exception stimuli. Our results align with findings from past
neuroimaging (Davis et al., 2012), behavioral (Sakamoto &
Love, 2006), and neural modeling (Heffernan et al., 2021)
studies that indicate that the human brain constructs distinct
exception representations during rule-plus-exception
category learning. However, none of the past studies directly
characterized the differentiation process that leads to those
distinct representations. Here, we leveraged a computational
model and a delayed exception sequence to fill the gap in the
existing literature, providing novel evidence of selective
pattern differentiation in the category learning process.
The differentiation between rule-follower and exception
representations may support the identification of exceptions,
especially when these items are confusable with members of
the competing category. The pattern differentiation between
confusable events has been found within the hippocampus in
prior fMRI works (Hulbert & Norman, 2015; Kim et al.,
2017). Such works hint that the perceptual similarity between
rule-followers and exceptions from competing categories
may govern the between-category differentiation between
these two types of stimuli. In contrast, the within-category
differentiation between rule-followers and exceptions may be
driven by their inconsistent patterns. Future works can delve
into the determinants of the within- and between-category
differentiation and the specific contributions of these
operations to category learning.
We found that within-category integration of rulefollowers occurred during exception learning, contrary to our
prediction that the learning would hinder this operation. Our
result also contradicts Silliman and colleagues (2020)’ s
findings: They showed that exception learning prevented the
typical increase in the perceived similarity of non-exception
stimuli within categories. The inconsistent findings may be
due to differences in the learning sequences the two studies
used. We introduced exceptions in only the second half of the
learning phase, whereas Silliman and colleagues (2020)
introduced all the stimuli at the beginning of the learning
phase. As implied by Heffernan and colleagues (2021), the
delayed introduction of exceptions, compared to the early
introduction, can result in more established similarity
representations of within-category rule-followers that are less
susceptible to the distortions induced by subsequent
exception learning. Overall, the opposite findings from the
present and past studies necessitate a comparison between the
representational shifts in early and delayed exception
learning conditions.

We observed that rule-followers between categories
underwent pattern integration during exception learning.
Particularly, the inconsistency in members of the same
category and the overlap of members from competing
categories may drive the between-category integration and
blur the category boundary. Indeed, similar boundaryblurring during the learning of rule-plus-exception categories
was observed in the modeling study by Heffernan and
colleagues (2021). The overlapping of between-category
rule-followers potentially hinders category learning and
explains our finding that people’s learning performance
failed to improve after the introduction of exceptions.
We revealed that exceptions between categories became
integrated through exception learning, which further hints at
the blurred category boundary. Moreover, we found pattern
integration of within-category exceptions during learning.
The separate integration of rule-followers and exceptions,
combined with the differentiation between these stimulus
types, gave rise to distinct rule-follower and exception
clusters in the representational space. Our results are
congruent with the behavioral findings by Savic and Sloutsky
(2019), which imply that people represent within-category
exceptions as a subgroup away from the rule-followers in the
same category. The rule-follower and exception clusters
within a category can serve as subcategories that constitute a
hierarchically structured categorical representation. In
support of the notion of the hierarchical structure, past works
have shown that the human brain and artificial neural
networks could divide within-category stimuli into subgroups
based on their perceptual dissimilarities (Ahn et al., 2021;
Konkle & Alvarez, 2022). The hierarchical representational
structure may allow people to distinguish patterns that
characterize different within-category stimuli, such as the
distinct patterns for rule-followers and exceptions.
Our study provides a novel modeling approach to inspect
the latent representational shifts during category learning.
Specifically, we leveraged SUSTAIN to examine people’s
representations because past works suggest that this model
can predict neural activities related to category learning (e.g.,
Davis et al., 2012; Mack et al., 2016). However, we expect
any model that supports pattern integration and
differentiation, such as the hippocampal model (Schapiro et
al., 2017), to allow inference of the representational shifts.
Future works can extend our modeling approach to the
acquisition of other types of categories. Future works can also
use the representational shifts in the model to predict changes
in the neural representations during rule-plus-exception
category learning to deepen the understanding of the neural
mechanisms underlying the learning process.
In conclusion, we combined a computational model and a
delayed exception sequence to shed new light on how
stimulus representations transform in rule-plus-exception
category learning. By studying category learning at the
representational level, we can discern the operations
fundamental to this cognitive process and understand the
acquisition of sophisticated categories in the real world.
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Abstract

such as when cognitive control reaches its peak and whether
different tasks show similar age-related declines in
performance. Answering this question is a prerequisite for
understanding the cognitive mechanisms and neural
underpinnings of cognitive control development.
There are two main obstacles to answering such questions.
First, there is increasing debate in the field concerning the
extent to which the tasks commonly used to assess cognitive
control tap into similar underlying processes (e.g., Draheim
et al., 2019; Rey-Mermet, Gade, & Oberauer, 2018). This
presents a practical problem (how to synthesize results across
tests) and a theoretical problem (how to conceptualize what
the tests are measuring). Second, most studies have taken an
extremely coarse-grained approach to studying development,
comparing at most a handful of age groups, leaving
adolescence undersampled and adulthood nearly entirely
unsampled. An admirably large study by Gathercole et al.
(2014) illustrates the issue: they tested 557 participants from
7 age groups averaging 3, 4, 5, 8, 15, 25, and 67 years of age
on a Simon task. Although admirable in its comparative
precision, the data are necessarily consistent with many
different age-related curves. Moreover, the second problem
compounds the first: the low precision of measurement
confounds any comparison of age-related changes for
different cognitive control tasks.

The Simon, Stroop, and flanker tasks are commonly used to
investigate cognitive control. However, it remains unclear
whether these three tasks in fact measure the same cognitive
abilities and in the same proportion. We take a developmental
approach to this question: if the Simon, Stroop, and flanker
tasks all roughly measure the same capacity, they should show
similar patterns of age-related change. This is difficult to
ascertain from prior developmental research, which typically
relies on small sample sizes, large age bins, and procedures that
complicate direct comparisons of performance between the
tasks. We present data from two massive online studies: Study
1 included 9,642 native English speakers between 10 and 80
years of age who completed two-alternative forced-choice
versions of the Simon and Stroop tasks, and Study 2 included
13,448 English speakers between 10 and 79 years of age who
completed a two-alternative forced-choice version of the
flanker task. To minimize the contribution of featureintegration effects on performance, analysis was restricted to
response switch trials. Of the three tasks, only the flanker task
revealed an inverted U-shaped developmental trajectory, with
performance improving until approximately 24 years of age
and declining starting around 39 years of age. In contrast,
performance on the Simon task improved until around 34 years
of age but did not reveal significant age-related declines in later
adulthood. Accuracy in the Stroop task revealed age-related
improvements until approximately 21 years of age, but these
improvements coincided with age-related declines in response
time performance during the same period. Although the Simon
and Stroop tasks are commonly interpreted to target similar
underlying processes, we observed near zero correlations
between the congruency effects observed in each task in terms
of both accuracy and response time. We discuss these results in
light of recent debates regarding the suitability of these tasks
for assessing developmental and individual differences in
cognitive control.
Keywords: cognitive control; flanker
development; Simon task; Stroop task

task;

Measuring Control with Congruency Tasks
The current study addresses the challenges outlined above by
comparing finely measured age-related changes in
performance on three congruency tasks commonly used to
assess developmental and individual differences in cognitive
control: the Simon task (Simon, 1969), the Stroop task
(Stroop, 1935), and the Eriksen flanker task (Eriksen &
Eriksen, 1974). All three tasks involve performing some task
(e.g., indicating whether an arrow points to the left or right)
under congruent conditions where some task-extraneous cue
reinforces the target response (e.g., surrounding distractor
arrows also on the screen point the same direction as the
target) or incongruent conditions (e.g., the surrounding
distractor arrows point in the opposite direction as the target;

lifespan

Introduction
The development of cognitive control is commonly described
as following an inverted U-shaped trajectory, with
pronounced gains observed between childhood and early
adulthood, and subsequent declines observed across late
adulthood (e.g., Dempster, 1992; Zelazo, Craik, & Booth,
2004). Although this characterization of cognitive control’s
development likely captures the general trends observed
across a range of tasks, many of the details remain unclear,
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see Methods for a detailed description of each congruency
task). The congruency effect is calculated by subtracting each
participant’s average performance on congruent trials from
their average performance on incongruent trials (e.g.,
RTIncongruent – RTCongruent). In the limit, individuals who are
able to focus perfectly on the task should hypothetically show
a congruency effect of 0.
Data from the Simon task generally suggest an inverted Ushaped development, with performance increasing between
childhood and early adulthood and subsequently decreasing
in later adulthood (Davidson et al., 2006; Erb & Marcovitch,
2019; Gathercole et al., 2014; Van der Lubbe & Verleger,
2002; Vu & Proctor, 2008). However, because the majority
of previous studies used small samples and investigated only
a few age groups, it is difficult to say with much precision
where the top of the U is – particularly since a number of
studies fail to observe one (Christ et al., 2001; Sheridan et al.,
2014). The most compelling evidence is from the
aforementioned Gathercole et al. (2014) study, which
suggested a peak somewhere between the ages of 15 and 67.
With regard to the Stroop task, the literature is less clear.
Multiple studies have reported age-related improvements in
Stroop performance across childhood or between childhood
and early adulthood (Comalli et al., 1962; Ikeda et al., 2011;
Leon-Carrion, García-Orza, & Pérez-Santamaría, 2004;
Schiller, 1966). However, the version of the Stroop task used
in these studies differs substantially from the versions
commonly used in contemporary research. For instance, none
of the studies featured congruent stimuli in which both the
color of the text and the meaning of the word cued the same
response. Consequently, it is currently unclear how the
congruency effect changes between childhood and adulthood
in the Stroop task and whether the age-related changes
observed in the Stroop task correspond to those observed in
the Simon task.
At the other end of the lifespan, many Stroop studies have
reported age-related increases in congruency effects between
early adulthood and late adulthood (e.g., Cohn, Dustman, &
Bradford, 1984; Comalli, Wapner, & Werner, 1962).
Verhaeghen and De Meersman (1998) argued that such
increases are better explained in terms of age-related
reductions in processing speed rather than changes in
cognitive control (for an updated review, see Verhaeghen,
2011). A recent massive online study by LaPlume et al.
(2021) featuring over 40,000 participants aged 18 to 90 failed
to observe evidence of age-related declines in interference
processing (computed by evaluating performance on
incongruent trials after controlling for processing speed). As
noted by the authors, this finding is consistent with recent
meta-analytic work suggesting that age-related declines in
performance on congruency tasks are not observed if
individual differences in processing speed are taken into
account (Rey-Mermet & Gade, 2018). However, the authors
also note that they may have failed to observe an age-related
decline in performance because they used a number naming
version of the Stroop task that is easier than the standard
color-word version (citing Bugg et al., 2007).

The flanker task has featured prominently in research
investigating age-related differences in cognitive control and
has been standardized as a measure of inhibitory control by
the NIH (Zelazo et al., 2014). Results from the task generally
indicate that performance follows an inverted U-shaped
trajectory, with peak performance occurring in early or
middle adulthood followed by a decline in performance
beginning in late adulthood (Erb, Touron, & Marcovitch,
2020; Luna et al., 2004; Waszak, Li, & Hommel, 2010).
Waszak et al. (2010), for example, evaluated data from 263
participants ranging in age from 6 to 88 years of age and
found that conflict resolution in the flanker task peaked
between 35 and 42 years of age, with the effect of conflict
increasing after the age of 67.
In summary, previous investigations of the Simon, Stroop,
and flanker tasks present mixed evidence that the tasks follow
an
inverted
U-shaped
developmental
trajectory.
Discrepancies in the literature likely reflect a range of factors,
including task differences (e.g., Bugg et al., 2007),
differences in how conflict effects were computed (e.g.,
Christ et al., 2001), and the extent to which individual
differences in processing speed were taken into account (e.g.,
Rey-Mermet & Gade, 2018). Further, recent work exploring
trial sequence effects within congruency tasks indicates that
performance on the tasks can reflect a range of factors that
are often not taken into account when evaluating
developmental differences, including contingency learning
effects and feature-integration effects stemming from the
repetition of stimulus and/or response features (for a review,
see Braem et al., 2019). Consequently, it is possible that
many of the developmental differences reported in the
literature reflect the contribution of such effects to differing
degrees depending on the design of the task (Erb &
Marcovitch, 2018).
Although congruency tasks are commonly interpreted to
tap into common cognitive processes relating to attentional
control and inhibition, studies comparing congruency effects
collected from the same group of participants across different
tasks often reveal low correlations. For example, Draheim et
al. (2019) found that the response time congruency effects
observed in Stroop and flanker tasks typically correlate at
approximately r = .10. As noted by the researchers, this likely
reflects issues with the reliability of congruency tasks
stemming in part from the calculation of difference scores in
the presence of speed-accuracy trade-off effects. Such
differences may also reflect task-specific abilities. For
instance, Protopapas et al. (2007) found that reading expertise
was negatively related to the Stroop effect in 7th graders, with
higher reading scores corresponding to smaller congruency
effects. Thus, the existing literature suggests that
performance across different congruency tasks is unlikely to
be strongly correlated, particularly in standard versions of the
tasks that do not control for speed-accuracy trade-offs
(Draheim et al., 2020). However, it is currently unclear
whether these tasks might follow similar developmental
trajectories despite not presenting strongly correlated effects
within individuals.
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Current Studies

who did not wish to fill out the demographics, choosing a
young age is the fastest way of advancing to the task on the
online platform).
Study 2. A total of 13,449 English speakers completed the
experiment. Additional participants were excluded for being
repeat participants (N = 1,915) or software error (N = 1,007)
(no info was collected on vision or neurological disorders).
Finally, we excluded 84 participants who claimed to be less
than 10 or more than 79 years old. As with Study 1, this cutoff
was determined by finding the oldest age for which we had at
least 10 participants and then the youngest age over 5 for
which we had at least 10 participants.

The preceding discussion raised three central questions
concerning how cognitive control, as assessed by the Simon,
Stroop, and Eriksen flanker tasks, changes across the
lifespan: (1) When is peak performance observed in each
task? (2) Do the tasks present similar developmental
trajectories? And, (3) Is performance correlated across
congruency tasks? Addressing these questions is particularly
important in light of recent work that has used large sample
sizes and small age bins to demonstrate considerable
heterogeneity in when other fundamental cognitive abilities
like intelligence and memory peak (Hartshorne & Germine,
2015).
To address these issues, we collected two massive datasets
using online Citizen Science samples. Unlike studies that
recruit participants with offers of course credit or cash,
Citizen Science relies on intrinsically-motivating tasks.
Critically, data quality matches or exceeds what can be
obtained in the lab, perhaps precisely because subjects are
more likely to be engaged (Germine et al., 2012; Meyerson
& Tyron, 2003; Ye et al., 2017).
Critically, Citizen Science experiments can recruit large
samples covering much of the lifespan, allowing precise
measurement of age-related change. Not surprisingly, such
studies have become increasingly influential in studies of
lifespan development, where they have revealed heretofore
unsuspected developmental patterns, radically changing the
theoretical landscape (Hartshorne, 2020; Hartshorne &
Germine, 2015; LaPlume et al., 2021).
We therefore present data from two massive online studies.
Study 1 includes 9,585 native English speakers between 10
and 77 years of age who completed two-alternative forcedchoice versions of the Simon and Stroop tasks. Study 2
includes 13,449 English speakers between 10 and 79 years of
age who completed a two-alternative forced-choice version
of the flanker task through TestMyBrain.org. Data from
Study 2 will therefore be used to address research questions
(1) and (2).

Procedure
Study 1. Participants completed 2AFC versions of the Simon
task and the Stroop task in a randomized order. Each task
consisted of 14 congruent trials and 14 incongruent trials,
presented in a randomly intermixed order that was held
constant across tasks and individuals. On each trial in the
Simon task, participants were presented with a left-facing
arrow or a right-facing arrow at either the left or right side of
their display. Participants were instructed to press the “w”
key for arrows pointing to the left and the “o” key for arrows
pointing to the right, regardless of which side of the screen
the arrow was presented on. This version of the Simon task is
sometimes referred to as the “spatial Stroop” task (Lu &
Proctor, 1995; Williams et al., 2007), as the correct response
is specified directly by the stimulus as opposed to versions of
the task that use non-directional stimuli (e.g., an “O” vs. an
“X” or a blue square vs. a red square). On each trial in the
Stroop task, participants were presented with the word
“orange” or “white” in either orange or white text presented
against a grey background. Participants were instructed to
press the “w” key if the word appeared in white text and the
“o” key if the word appeared in orange text. For both tasks,
the ITI was 200 ms and no feedback was given. Participants
had as much time to respond as they wished. Each task began
with a 4-item practice block. If subjects made any errors, they
were informed of this and the instructions and practice were
repeated.
Study 2. Participants completed a 2AFC version of the
Eriksen flanker task in which a stimulus array consisting of 5
arrows appeared on each trial. On congruent trials, each of
the arrows cued the same response (e.g., “< < < < <”). On
incongruent trials, the centrally presented target arrow cued a
different response than the surrounding distractors (e.g., “> >
< > >”). The distractors were presented before the target for
100 ms. The distractors and target were then presented
together for 50 ms, followed by a blank screen for 70 ms. A
fixation cross then remained on the screen until a response
was given or 3,000 ms elapsed. The ITI was set at 1,000 ms.
Participants responded by pressing the “x” key (on
keyboards) or a left-side software button (on touch-screens)
for left-facing target arrows and the “m” key (on keyboards)
or a right-facing software button (on touch-screens) for rightfacing arrows. The task consisted of 96 trials, with
congruent/incongruent and left/right responses fully crossed.

Methods
Participants
Study 1. 9,642 participants the Stroop and/or Simon tasks:
9,576 participants completed the Stroop task (mean age in
years = 31, SE = 16; 3,119 male, 6,457 female), 9,585
participants completed the Simon task (mean age in years =
31, SE = 16; 3,114 male, 6,471 female), and 9,460
participants completed both. Additional participants were
excluded for being repeat participants (N = 377), reporting
not-corrected-to-normal vision (N = 469), reporting dyslexia
or a neurological disorder (N = 1,073), or software error
(Stroop = 163, Simon = 133). Finally, we excluded 81
subjects who claimed to be less than 10 or more than 80 years
old. This cutoff was determined by finding the oldest age for
which we had at least 10 subjects and the youngest age over
5 for which we had at least 10 subjects (there tends to be an
over-abundance of 0 and 1-year-olds, reflecting participants
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Response types were in the same order for all participants.
Trials in which no response was provided within the 3,000
ms limit were marked as inaccurate (0.22% of all trials; 2.0%
of incorrect trials). The task began with two 4-item blocks of
practice: the first at a slower speed and the second at the true
speed. Feedback was given after each response in the
practice, and incorrect responses prompted that item to
repeat.

0.08) or the Stroop task (0.02; CI: -0.05, 0.08). These results
echo concerns about the reliability of standard congruency
tasks for investigating developmental and individual
differences (e.g., Draheim et al., 2019) and indicate that the
following result sections should be interpreted with caution,
particularly with regard to the response time findings.

Peak Performance and Developmental Trajectories
To evaluate age-related changes in the size of the congruency
effect observed in accuracy and response times for each task,
we performed separate Bayesian thin plate spline regressions
for each task using the brms package (Bürkner, 2017;
Carpenter et al., 2017). 1 The resulting curves are shown in
Figure 1 (accuracy) and Figure 2 (response times). Given that
reliability analyses indicated that the congruency effects
observed in response time were very low, we again
emphasize that the response time results should be interpreted
with caution.
To quantify how the curves change with age, we
calculated the local slope at every 1/100th of a year. This was
repeated for each sampled curve, allowing us to estimate
uncertainty. Intervals where the slope’s 95% credible interval
excluded 0 are intervals of significant developmental change.
Note that this method inherently corrects for multiple
comparisons (Simpson, 2016).
Simon Task. The accuracy congruency effect decreased
from the youngest age group until approximately 34 years of
age, with a brief hiatus in the early 20s, with no further
significant age-related changes observed. Response times
revealed no significant age-related changes in the size of the
congruency effect.
Stroop Task. The accuracy congruency effect decreased
from the youngest age group until approximately 21 years of
age. Although the size of the effect began to grow again in
later life, this numerical trend did not reach statistical
significance. Interestingly, the congruency effect observed in
response times increased until approximately 21 years of age.
Although numerically there appears to be a decrease in the
size of the congruency effect observed in response times
starting in middle age, this trend did not reach significance.
Flanker Task. The accuracy congruency effect decreased
from the youngest age group until approximately 24 years of
age. The accuracy congruency effect then started to increase
at approximately 39 years of age and continued this trend
through the oldest age group tested. The congruency effect
observed in response times increased from approximately 41
to 57 years of age.

Results
Data Processing
To allow for warm-up, the first trial of each block was
excluded (1 trial each for Stroop and Simon; 3 for flanker).
To control for post-error performance adjustments (e.g.,
Danielmeier & Ullsperger, 2011), all inaccurate trials and
trials following an inaccurate trial were excluded from
analysis. This resulted in the exclusion of 0.14% of Stroop
trials, 0.08% of Simon trials, and 0.30% of flanker trials.
Additionally, all responses that were faster than 100 ms or
slower than 1,000 ms were excluded from analysis, resulting
in the further exclusion of 0.16% of Stroop trials, 0.03% of
Simon trials, and 0.03% of flanker trials (the latter number
includes trials that timed out at 3,000 ms). To improve
linearity, response times were transformed with the natural
logarithm.

Minimizing Feature-Integration Confounds
To minimize the contribution of feature-integration effects,
data analysis was restricted to response alternation trials. This
ensured that trials featuring a repetition of the stimulus and
response presented on the preceding trial were excluded from
analysis, as such repetitions have been found to facilitate
performance. Similarly, this ensured that trials featuring the
same response but a different stimulus than the preceding trial
were excluded from analysis, as this subset of trials is
proposed to generate conflict during stimulus-response
binding (Erb & Marcovitch, 2018; Hommel, 2004;
Nieuwenhuis et al., 2006). This resulted in the inclusion of 28
trials from the Simon task, 28 trials from the Stroop task, and
43 trials from the flanker task after the first trial of each block
was excluded.

Internal Reliability
To evaluate the internal reliability of our congruency effect
measures, we estimated Chronbach’s alpha for the average
split-half correlation, averaged over 100 random splits.
Reliability was marginally adequate for accuracy in the
Simon task (0.80, CI: 0.77, 0.83) and flanker task (0.65, CI:
0.62, 0.67), but comparatively low in the Stroop task (0.47,
CI: 0.45, 0.50). Log-transformed response times revealed low
reliability for the flanker task (0.31, CI: 0.25, 0.36) and
essentially no reliability for the Simon task (0.04, CI: -.22,
1

We used 6 chains of 2,500 iterations each, with adapt delta of
.99 and max_treedepth of 15. Priors on regression coefficients were
set to N(0, 0.5).
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Figure 1: Accuracy congruency effects observed in the
Simon task (green), Stroop task (blue), and Eriksen flanker
task (red) as a function of age in years. Shading denotes
50%, 80%, and 95% confidence intervals.
Figure 3: Correlations between the Simon and Stroop
congruency effects observed in accuracy (top) and response
time (bottom) as a function age. Age groups presented in 3year bins. Shading denotes 95% confidence intervals.

Discussion
Cognitive control is commonly proposed to follow an
inverted U-shaped developmental trajectory. However, a
detailed understanding of cognitive control’s development
has proven elusive. This point is well illustrated by a recent
review of research investigating the effect of aging on flanker
performance in the Attention Network Task by Verissimo et
al. (2022). Of the thirteen reviewed studies, eight reported an
age-related decrease in control in later adulthood, seven
reported no age-related changes, and four reported agerelated improvements. As noted in the introduction, similar
discrepancies have been observed in research with the Simon
and Stroop tasks. These discrepancies likely reflect a range
of factors, including issues with reliability (Draheim et al.,
2019), small correlations among congruency effects (ReyMermet et al., 2018), and the prevalence of unacknowledged
confounds (Braem et al., 2019).
The current study focused on yet another factor that is
likely to contribute to inconsistencies in the literature: the use
of small sample sizes, with large age bins, and categorical
designs that compare a limited number of age groups. To
address this limitation, we conducted two massive online
studies to track the development of cognitive control in the
Simon, Stroop, and Eriksen flanker tasks.
In contrast to the notion that these tasks exhibit similar
developmental trajectories, we observed pronounced
differences across the tasks. For instance, peak performance
occurred at approximately 24 years of age in the flanker task
and at approximately 34 years of age in the Simon task.
Although the Stroop task revealed age-related improvements
in accuracy until approximately 21 years of age, these

Figure 2: Response time congruency effects observed in
Simon task (green), Stroop task (blue), and Eriksen flanker
task (red) as a function of age in years. Shading denotes
50%, 80%, and 95% confidence intervals.

Correlations Between Simon and Stroop Effects
The correlation between congruency effects for the Simon
and Stroop tasks was near zero for both dependent measures,
despite the two tasks having identical trial structure and
closely-matched procedures. As illustrated in Figure 3, the
correlations were largely unchanged across the age range
investigated.
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improvements coincided with age-related decreases in
response time performance during the same period.
The tasks also revealed different effects of aging across
adulthood. Neither the Simon task nor the Stroop task
revealed significant age-related declines in performance
between early and late adulthood, with response times in the
Stroop task showing a non-significant trend of age-related
improvements in older adulthood. Only the flanker task
showed strong evidence of an inverted U-shaped trajectory,
with accuracy revealing age-related declines in performance
starting at approximately 39 years of age and continuing until
the oldest age group tested. Response times in the flanker task
also revealed significant age-related declines in performance
between approximately 41 and 57 years of age.
The lack of an inverted U-shaped developmental trajectory
in Stroop performance is consistent with a recent massive
online study by LaPlume et al. (2021) that failed to observe
significant age-related declines in interference processing in
a number-naming version of the Stroop task. Given that we
also failed to observe such declines with the classic colorword version of the task, our results suggest that the results
of LaPlume et al. (2021) were not specific to their version of
the task.
The developmental trajectory observed in the flanker task
is generally consistent with the trajectory observed by
Waszak et al. (2010) in a sample of 263 participants ranging
from 6 to 88 years of age. Waszak et al. focused on the
conflict effect observed in response times and also reported
an inverted U-shaped trajectory in performance. However,
peak performance occurred substantially later in their sample,
between 35 and 42 years of age. Age-related declines also
began later in the Waszak et al. study, with significant
increases in the size of the conflict effect only starting after
the age of 67. We suspect that these differences are
attributable in part to the smaller sample size collected by
Waszak et al., as visual inspection of their figures suggests
that age-related declines in performance may have begun
earlier but failed to reach statistical significance.
Neither our results nor those of Waszak et al. (2010) appear
to be consistent with those of Verissimo et al. (2022), who
reported age-related improvements in flanker performance
(smaller congruency effects) between individuals in their late
50s and individuals in their mid to late 70s. This effect
stemmed from age-related slowing having a more
pronounced effect on congruent trials, resulting in the
difference between congruent and incongruent response
times decreasing. Interestingly, we observed the inverse
effect in our flanker data, with more pronounced effects of
aging in incongruent than congruent trials. For example,
although accuracy on congruent trials decreases somewhat
between middle and older adulthood, we observed much
larger reductions in accuracy on incongruent trials during the
same period. To the extent that age-related reductions in
congruency effects are driven by more pronounced effects of
aging on congruent trials, we would be hesitant to interpret
such reductions as indexing improved cognitive control or
conflict processing.

With regard to our correlational analyses, we failed to
observe significant links between the congruency effects
observed in the Simon and Stroop tasks. Recent diffusion
modeling by Hedge et al. (2021) indicates that correlations
between congruency effects are only weakly informative
regarding the presence or absence of shared control processes
even when other factors such as response caution and
processing speed are taken into account. Consequently, the
lack of significant correlations between the congruency
effects observed in the current study may not indicate that the
tasks fail to tap into common cognitive control processes.
However, taken together with the divergent developmental
trajectories observed across the tasks, our correlational
results further underscore the need for caution when
attempting to form general conclusions about the
development of cognitive control by synthesizing results
across different congruency tasks.
Finally, it is important to reiterate that internal reliability
also varied substantially across the congruency effects
observed in three tasks, with the congruency effects observed
in accuracy revealing strong reliability in the Simon task
(.80), marginal reliability in the flanker task (.65), and
relatively low reliability in the Stroop task (.47). As a point
of comparison, the flanker effect observed in response times
in the aforementioned study by Waszak et al. (2010) was .44
(the reliability for the flanker effect observed in accuracy was
not reported). Although LaPlume et al. (2021) did not report
the reliability of the Stroop effect observed in their massive
online study, previous research using the same version of the
task reported a test-retest reliability of .83 for the response
time Stroop effect observed in a sample of 76 individuals
over 50 years of age (Troyer et al., 2014). Thus, our reliability
metrics are generally comparable to the metrics reported in
previous studies investigating the development of cognitive
control.

Conclusion
Recent research has called into question the extent to which
commonly used versions of the Simon, Stroop, and Eriksen
flanker task can be used to measure the same cognitive
abilities and in the same proportion (Draheim et al., 2019;
Hedge et al., 2019; Rey-Mermet et al., 2018). We explored
this question from a developmental perspective, reasoning
that the tasks should show similar patterns of age-related
change if they tap into shared cognitive abilities. Our results
revealed markedly different developmental trajectories, with
only the flanker task conforming to an inverted U-shape.
These findings caution against using standard congruency
tasks to draw general conclusions about the development of
cognitive control and underscore the importance of
developing more psychometrically rigorous measures
(Draheim et al., 2019). Our findings also highlight the value
of using large sample sizes and small age bins to test for
heterogeneity in the development of cognitive abilities
(Hartshorne & Germine, 2015).
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Abstract

Children actively shape their own input via the objects that
they choose to pick up and handle. Children’s own object
handling influences not only which objects dominate their visual fields (Suanda et al., 2019) but sometimes also the language that they hear about those objects (e.g., Chang, Barbaro, & Deák, 2016). Caregivers’ tendency to use nouns referring to objects in the here-and-now positively predicts children’s early word comprehension (Bergelson & Aslin, 2017;
see also Slone, Smith, & Yu, 2019) by helping learners map
word forms onto their meanings in and across real-time interaction (e.g., Yu & Smith, 2013; Yurovsky, Smith, & Yu,
2013).

Object-centric interactions provide rich learning moments for
young children, including opportunities to discover word
meanings. Children’s first-person object handling experiences,
in particular, form a key source of input—one that varies across
cultures and across development. Using daylong photo streams
from child-worn cameras, we analyze >17k images to identify
the frequency and targets of child object handling across the
first four years in two small-scale subsistence farming communities on opposite sides of the globe (Rossel Papuan and
Tseltal Mayan). Overall, we see general consistency in the
distribution of object categories (e.g., consumables, mealtime
tools, natural objects, etc.) handled by children across cultures
and age, likely reflecting stable properties of children’s physical environments and day-to-day routines. However, the exact
objects available to children vary both within and across communities and diversify with age. These various distributions
of handling patterns are discussed in their relation to potential
consequences for early learning.
Keywords: culture; object play; learning; daylong recordings;
egocentric images

Object handling across cultures

Introduction
The objects that we regularly pick up and handle—a coffee
cup, a laptop, a baby bottle—offer a window into the physical, social, and cultural contexts that shape our understanding
of the world. In this paper, we take a glimpse into everyday
life at its beginnings by exploring children’s at-home object
handling from early infancy until age four.

Object handling and early learning
For young children, objects—along with their associated activities and surrounding language—form a critical source of
input. How frequently do children engage in object-centric
interactions? First, hands—others’ and children’s own—are
in good supply in young learners’ view of the world, especially after early infancy (Fausey, Jayaraman, & Smith, 2016;
Jayaraman, Fausey, & Smith, 2017; Long et al., 2022). Children’s own object handling is relatively frequent (Casillas &
Elliott, 2021; Yu & Smith, 2013), capturing, for instance,
∼60% of US infants’ time during at-home play (Herzberg et
al., 2022). Day-to-day interactions with objects provide opportunities to learn many different types of information, including objects’ perceptual properties (Slone, Smith, & Yu,
2019), affordances and associated functions (Baumgartner &
Oakes, 2011; Rachwani et al., 2020), along with how objects
can be categorized (Bornstein & Mash, 2010; Ellis & Oakes,
2006) and labeled (Clerkin & Smith, 2022).
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The array of objects available to children varies in type and
prevalence across cultures. Objects that have spread via globalization (e.g., plastic bags) and objects with a basic functional role that has arisen similarly across many groups (e.g.,
spoon-like tools for eating) are likely to appear widely, while
other objects remain specific to people and places (e.g., the
gourd and bombilla for drinking mate in much of South
America, stemming from Indigenous Guaranı́ and Tupı́ tradition).
Early access to objects is also shaped by culture-specific
practices for carrying children, keeping them safe and warm,
and scaffolding their development of locally-valued capacities (e.g., word learning in many US families, walking in
Kenyan Kipsigis families: Super, 1976; see Adolph, Karasik,
& Tamis-LeMonda, 2010, for an overview). Take, for example, middle-class US family homes, which have been noted
for their “clutter” or large quantities of possessions—many
of which are designed specifically for children (e.g., toys and
picture books: Arnold et al., 2012). We might infer, based on
these assemblages of home objects, that much of what children do and talk about at home is centered around what particularly interests them. Recent work by Herzberg and colleagues (2022) underscores this point with data from infants
(13–23 months old) who spent nearly 70% of their time in object play with toys or a mix of toys and non-toys, with ∼100%
of infants playing with children’s books and stuffed animals
and 32 toy types appearing in ≥25% of infants’ play. Non-toy
play was also common but still predominantly included engagement with infant-specific objects (e.g., sippy cups, baby
spoons, high chairs, pacifiers). We would expect many of
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these items to be rare in other parts of the world and instead
expect to find much greater overlap between objects for infants and objects for adults (e.g., Karasik et al., 2018).

top individual objects in each site along with the overlap that
exists between communities. We then investigate how the rate
and characteristics of object handling change with age.
Our findings reveal relative consistency in the broad composition of objects handled by children (i.e., the overall distribution of objects across different categories), both between
sites and across age, with a few important exceptions: more
time spent with immovable objects for Rossel children (e.g.,
relating to socializing time on or near household verandas)
and a greater diversity of held objects and greater number of
transitions between objects for older children. We focus here
on describing the distributional patterns of children’s object
handling, but we do this with an eye toward the cognitive and
linguistic implications of these experiences.

Object handling across age
Children’s opportunities to engage with objects change across
development. In early infancy, children have little ability to
hold things or to control their posture, so they primarily interact with the objects that others bring near to them. Faces,
rather than objects, may make up a much greater proportion
of their visual input early on (Fausey, Jayaraman, & Smith,
2016; Jayaraman, Fausey, & Smith, 2017; but see also Long
et al., 2022). However, later gains in manual dexterity and
gross motor skill (e.g., sitting, crawling, walking) increasingly widen children’s ability to seek out and handle a diversity of objects in their environments. Increasing motor
abilities not only give children greater control over what objects they handle but also how they elicit social and linguistic
information relating to objects, and for how long (Adolph,
Karasik, & Tamis-LeMonda, 2010; Gaskins, 2000; Herzberg
et al., 2022; Kretch, Franchak, & Adolph, 2014; Sanchez et
al., 2018).

Method
Corpus
Daylong photo streams consisted of images captured approximately every 15 (Rossel) to 30 (Tseltal) seconds over the
course of 8 (Rossel) to 9 (Tseltal) waking hours at home.
Children wore a recording vest equipped with a camera (Narrative Clip 1) and miniature fisheye lens (Photojojo Super
Fisheye) that provided a 180° view of the environment. For
younger infants who were not yet walking, the camera was
instead worn by the primary caregiver (Tseltal: 12, Rossel:
10).
Previously, 83 daylong photo streams (113,668 images)
were manually annotated for the presence or absence of child
object handling (Casillas & Elliott, 2021). Here, we further
annotate and analyze the subset of 17,066 images with confirmed child object handling.
We included one randomly selected daylong photo stream
from each of 78 children with object handling in the original data set (Tseltal: 36, Rossel: 42). Children ranged in
age from 0 to 48 months (M Tseltal = 22.7, M Rossel = 21.6).
The amount of object handling and thus the number of photos available to be annotated varied across children, ranging
from 1 to 631 (M Tseltal = 197.8, M Rossel = 236.8).

The current study
While prior work makes a strong case for the impact of children’s object-centric interactions in supporting multiple dimensions of their early learning, including object name learning, the findings: (a) are limited to a culturally narrow sample of populations, (b) have tended to rely on short recordings that limit the scope of the object-centric interactions analyzed, and (c) have rarely examined in detail the distributions of individual objects that children typically interact with
at home (exceptions include Bergelson et al., 2019; Casillas
& Elliott, 2021; Herzberg et al., 2022). A first step in determining what children may be able to learn from frequent
first-person holding experiences is to examine what objects
are being held.
In the current work, we use daylong photo streams from
child-worn cameras to analyze object handling by children
under age four in two rural, small-scale subsistence farming communities: Tenejapa (“Tseltal”; Chiapas, Mexico) and
Rossel Island (“Rossel”; Milne Bay Province, Papua New
Guinea). While these communities are comparable in many
ways (e.g., rural, swidden horticulturalist, housed in multigeneration family complexes), prior work has established
substantial differences in the organization of young children’s
daily lives, child carrying practices, and each community’s
level of market integration (i.e., greater availability of synthetic materials in Tenejapa), leading us to expect differences
in the objects that children handle across the day and early
lifespan (Brown & Casillas, 2021; Casillas, Brown, & Levinson, 2020, 2021; Casillas & Elliott, 2021).
Using these manually annotated photo streams, we first establish how often children handle objects from different categories (e.g., tools vs. toys), both by the total handling time
and by the number of unique objects per hour. We explore the

Figure 1: Example images with object and category labels.
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Manual annotation

M Rossel = 26.6, W = 740.50, p = 0.959). The distribution of
handled objects was highly right-skewed within and across
children. Each child’s distribution was skewed such that a
small group of objects was handled in a majority of their images, but most objects were handled for only short periods of
time (Figure 2). Across children, common objects followed a
similar right-skewed distribution: some objects were handled
by many children, but most objects (Tseltal: 59.9%, Rossel:
54.0%) were only handled by 1–2 children in each site.
Comparing across communities, 35.0% of objects were
handled by both Rossel and Tseltal children, and several
shared objects were among the most frequently handled in
both sites. In fact, among the top 25 most common objects1 ,
10 were shared across sites (Figure 3).

Photos were annotated with IMCO, an open-source Python
application (Casey et al., 2022). Annotators provided labels
for the handled object(s) in each photo (e.g., “stick”) and selected among a set of predefined categories to characterize
each type of object (e.g., “Natural”). Categories included
consumables (e.g., food, drinks, and medicines/stimulants),
mealtime tools (“Tool-M”), toys, clothing, tools for working
or cleaning (“Tool-W”), large or immovable objects (e.g., furniture and housing structures), natural objects, and miscellaneous synthetic objects (see Figure 1 for example images and
Table 1 for example objects from each category). In the reported findings, objects refer to any exemplar of a type of
object (e.g., any stick), rather than a particular instance of an
object (e.g., a specific stick). Categories refer to the predefined categories used to classify each object type (e.g., “Natural,” “Toy,” “Immovable”).

Log−scaled % Images

Tseltal

Table 1: Number of unique objects (N) and objects handled
by the most children, for each category, across sites.
Tseltal

Rossel

Object Category

N

Top Objects

N

Top Objects

Consumable
Synthetic
Natural
Toy
Tool-M
Clothing
Immovable
Tool-W

52
70
14
42
11
21
19
30

tortilla, bean, guava
blanket, plastic bag, bucket
stick, plant, tree
toy car, ball, book
bowl, cup, baby bottle
shirt, pants, purse
chair, door, table
broom, clothesline, knife

38
69
21
21
21
16
20
16

betelnut, coconut, tuber
blanket, woven basket, rope
stick, leaf, rock
ball, book, swing
bowl, spoon, knife
shirt, purse, skirt
wall, stairs, veranda
knife, broom, baby bathtub

Rossel

4

2

0

−2
0

20

40

60 0

20

40

60

Objects Ranked by Frequency

Figure 2: Right-skewed distribution of handled objects.
Points reflect log-transformed proportion estimates for individual children.

Data preparation and reliability
Images were excluded if they were too dark, bright, blurry,
or covered for annotators to identify handled objects, if annotators were otherwise unsure about what objects were being
handled, if there was no handled object, or if the researcher
was still present when the image was captured (n = 1,139,
or 6.7% of the data set). To avoid unnecessary data loss, all
excluded photos were checked by at least one other annotator and re-included for analysis if objects were identifiable.
In total, 15,927 images were deemed usable by annotators
(Tseltal: 6,518, Rossel: 9,409). One participant had no usable images, so our analyses are based on 77 photo streams.
For reliability purposes, 20% of photo streams were double coded. Reliability annotations were equally spread across
sites and ages and included a total of 8,288 images. At the category level, annotators agreed on 92.5% of decisions, on average across photo streams (Tseltal: 92.3%, Rossel: 92.6%).
At the object label level, annotators agreed on 86.5% of decisions (Tseltal: 85.9%, Rossel: 87.2%).

Effects of object category
We quantified the distribution of object categories at two
timescales: across the whole waking day (i.e., overall % handling for different object categories in all images) and across
individual hours (i.e., number of unique objects from different object categories per hour).
During any given hour, children handled 5.3 objects from
3.0 different categories, on average (median = 4.0 objects,
SD = 5.0, range = 0–35). We exclude from the following
analyses any hour in which a child did not handle any objects;
inclusion of these hours creates a second mode at 0, violating
our statistical models’ assumptions of normality.
To test for differences across sites and categories, we ran
individual linear mixed-effects regressions for each of the
eight object categories, with category membership dummy
coded (i.e., objects belonging to the target category for a
given model = 1, objects belonging to other categories = 0).

Results

1 The study camera was the object that was handled by the most
children in both sites (Tseltal: 94.3%, Rossel: 69.0% of children;
see Bergelson et al., 2019, for a similar effect) but accounted for a
relatively small percentage of each child’s object handling time, on
average (M Tseltal = 6.8%, M Rossel = 3.7% of images). Inclusion of
study-related items did not qualitatively change any of the reported
results.

Overall frequency statistics
Children handled an average of 26.8 unique identifiable objects per day (median = 27.0, SD = 15.9, range = 1–58),
with no significant differences across sites (M Tseltal = 27.1,
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Tseltal

Rossel

Tree (Natural)

Pot (Tool−M)

Rope (Synthetic)

Dirt (Natural)

Sago (Consumable)

Banana (Consumable)

Plant (Natural)

Woven basket (Synthetic)

Knife (Tool−M)

Blanket (Synthetic)

Candy (Consumable)

Ball (Toy)

Floor (Immovable)

Veranda (Immovable)

Stairs (Immovable)

Tuber (Consumable)

Wall (Immovable)

Spoon (Tool−M)

Shirt (Clothing)

Bowl (Tool−M)

Rock (Natural)

Coconut (Consumable)

Betelnut (Consumable)

Leaf (Natural)

Stick (Natural)
Plastic basket (Synthetic)

Flower (Natural)

Guava (Consumable)

Ball (Toy)

Bottle (Synthetic)

Dirt (Natural)

Toy car (Toy)

Rope (Synthetic)

Cup (Tool−M)

Door (Immovable)

Shoe (Clothing)

Bucket (Synthetic)

Purse (Clothing)

Chair (Immovable)

Plastic bag (Synthetic)

Tortilla (Consumable)

Bean (Consumable)

Tree (Natural)

Leaf (Natural)

Pants (Clothing)

Blanket (Synthetic)

Bowl (Tool−M)

20

Plant (Natural)

Stick (Natural)

40

Shirt (Clothing)

% Children

60

0

Top 25 Objects
Figure 3: Non-study-related objects handled at least once by the most children in each site. Filled bars represent objects that
were among the top 25 for both sites.
Each regression model included fixed effects of site, category,
and a site-by-category interaction as well as random intercepts for individual children2 . We found a significant positive main effect for the synthetic object category (β = 0.74,
SE = 0.09, t = 8.42, p < 0.001) such that children handled
more unique synthetic objects per hour than objects from
other categories. Additionally, we found negative main effects for the mealtime tool (β = -0.62, SE = 0.12, t = -5.07,
p < 0.001) and work tool (β = -0.59, SE = 0.15, t = -3.82,
p = 0.003) categories, indicating that children handled fewer
unique objects from these categories per hour relative to other
categories. A significant site-by-immovable interaction (β =
0.77, SE = 0.18, t = 4.38, p < 0.001) revealed that Rossel
children handled more unique objects from this category per
hour than Tseltal children (Figure 4). Finally, the predicted
site-by-synthetic interaction (i.e., resulting from greater market integration in Chiapas) was found to be significant before
correction but not after (β = -0.36, SE = 0.12, t = -2.95, p =
0.062).

Unique Objects/Hour

Site

Tseltal

Rossel

7.5

5.0

*
2.5

Consumable Synthetic

Natural

Toy

Tool−M

Clothing Immovable Tool−W

Object Categories
(ordered by overall handling frequency)

Figure 4: Rate of unique objects handled per hour across object categories. Points reflect means for individual children.
Asterisks indicate significant site-by-category interactions after correcting for multiple comparisons.

Effects of age
months), site, and their interaction. We included number of
images as an additional fixed effect to account for the wide
range in total available images for each child (range = 1–
631) and the resulting greater likelihood of detecting proportions near 0 or 1 when there were only a handful of images3 .
This analysis revealed no significant age-related change in the

Prior work with the same image corpus showed a significant
increase in object handling across the first four years (Casillas & Elliott, 2021). By adding information about the types
of objects handled by children, we can now explore finergrained characteristics of age-related change in object handling behaviors. We investigate changes in (a) the distribution of object categories handled over the recorded day, (b)
the number of unique objects and categories handled per hour,
and (c) transitions between objects and categories per hour.

3 As expected, number of handling images was correlated with
age (r = 0.50 [0.31, 0.65], p < 0.001), which we attribute to changes
in motor development and permitted object access over the first
four years (Casillas & Elliott, 2021). That is, the correlation is
an artifactual outcome of development. Including both variables as
fixed effects in a regression poses no technical issue in estimating
R2 , but does limit the total variance attributed independently to either variable (Wurm & Fisicaro, 2014). Thus, for models of nonproportional measures, we rely solely on age to capture this variance (i.e., lmer(non-proportional DV ∼ age (months; numeric) *
site (Tseltal/Rossel; factorial) + (1 | child)).

Do children handle different types of objects with age?
We fit individual linear regressions predicting the proportion
of handling time for each category as a function of age (in
2 lmer(unique objects per hour ∼ category (target/non-target; factorial) * site (Rossel/Tseltal; factorial) + (1 | child))
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A

frequency of handling of different object categories and no
significant site-by-age interaction effects (all adjusted ps >
0.05). Thus, the the broad composition of handled objects
remained largely stable over age.

B

Does object handling diversify with age? In addition
to the overall age-related increase in handling found by
Casillas and Elliott (2021), we see that, with increasing age,
children handled more unique objects per hour (β = 0.15, SE
= 0.04, t = 3.85, p < 0.001; Figure 5A) and more objects
from different categories per hour (β = 0.07, SE = 0.01, t =
5.67, p < 0.001; Figure 5B). These effects were consistent
across sites; we found no main effects of site or interactions
between site and age (all ps > 0.05).

Unique Categories/Hour

Unique Objects/Hour

30
25
20
15
10
5
0
0

12

24

36

10
8
6
4
2
0

48

0

12

Age (months)

36

48

D

Category Transitions/Hour

Object Transitions/Hour

C

Does object handling become more complex with age?
Analysis of children’s relative rate of transition between objects per hour (i.e., the number of transitions from one object
to another divided by the number of available objects for that
hour) revealed an overall age-related increase (β = 0.01, SE
= 0.003, t = 3.78, p < 0.001), along with a significant main
effect of site (β = 0.33, SE = 0.13, t = 2.57, p = 0.012; Figure
5C), indicating that Tseltal children made fewer transitions
between objects per hour than Rossel children. While the siteby-age interaction term did not reach statistical significance
(β = -0.01, SE = 0.005, t = -1.70, p = 0.093), descriptively,
this difference appears to be more pronounced for younger
children. At the category level, we found that children made
more transitions between object categories per hour across
age (β = 0.03, SE = 0.01, t = 2.93, p = 0.005), in addition
to a main effect of site (β = 0.77, SE = 0.35, t = 2.17, p =
0.035; Figure 5D) that mirrors the finding for object transitions: Tseltal children made fewer category transitions per
hour than Rossel children.

24

Age (months)

5
4
3
2
1
0
0

12

24

36

48

8
6
4
2

0

12

Age (months)
Site

24

36

48

Age (months)
Tseltal

Rossel

Figure 5: (A) Unique objects and (B) categories handled per
hour as a function of age. (C) Relative number of transitions
between objects and (D) categories per hour as a function of
age. Points reflect raw hourly counts for each child, and lines
reflect model predictions with shaded standard error regions.

Objects as insight into children’s worlds
Our findings, while preliminary, suggest that different measures of object handling reveal unique aspects of children’s
worlds. The total time children spend handling objects of
different categories across the day (e.g., natural, immovable, synthetic, etc.) appears stable across age and sites
(consistent with Long et al., 2021, for visually present categories). Specifically, consumables and synthetic objects
are most prevalent. We suggest that this measure of total
time spent within categories may reflect stable properties of
children’s physical environments and their routine activities,
across age and across diverse cultural contexts. If we were to
sample in other communities, we would expect to find more
differences (e.g., more time spent with toys in US middleclass samples: Herzberg et al., 2022), but these two rural
subsistence communities show similar overall profiles despite
substantial differences in their current level of market integration, organization of daily life, infant carrying practices,
and other aspects of their cultural milieu (Brown & Casillas,
2021; Casillas, Brown, & Levinson, 2020, 2021; Casillas &
Elliott, 2021).
In contrast, the number of individual objects children
handle reveals strong age-related change, as well as some
differences between sites. Children’s object handling diversifies within and across categories as they get older, which
means more unique objects handled from more categories.
We see that Rossel children transition between objects more
frequently than Tseltal children. This difference can partly be

Discussion
In the current descriptive work, we annotated and analyzed
17,066 images featuring at-home child object handling from
children under age four in two subsistence communities on
opposite sides of the globe. Our main findings are as follows: Children’s overall handling of different object categories (e.g., consumables vs. toys vs. natural objects) appears
stable across age and cultural context. In contrast, analysis
of the number of unique objects handled per hour revealed
that children handled a greater diversity of synthetic and immovable objects, relative to the other categories, and did so to
different extents across sites. The rate of transition between
objects also varied between sites. Finally, overall time spent
with objects across the day follows a right-skewed distribution, and many of the most common objects within sites were
also common across sites. We discuss this rich set of findings
with respect to (a) object handling as a window into children’s
worlds in general, and (b) the implications of object handling
patterns for early learning—namely, word learning.
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attributed to culture-specific child carrying practices—Tseltal
children are often carried in a sling during their first year or
so, and are therefore less freely able to seek out and handle
new objects (Casillas & Elliott, 2021). Compared to other
categories, children handle a greater diversity of synthetic objects (marginally stronger for Tseltal) and immovable objects
(stronger for Rossel) per hour. These cross-site differences
reflect the greater market integration (and hence availability
of diverse synthetic objects) in the Tseltal community and the
long daily periods of socializing around and climbing on family verandas in Rossel hamlets.
We suggest that the individual objects that children handle give us insight into development. Through identification
of the specific objects that children engage with, we can detect age-related changes, both in object access and in the dynamics of object-centric interaction (e.g., rate of transition between objects and categories). Moreover, knowing what objects children handle can reveal many facets of everyday life
that vary across economic and cultural contexts (e.g., whether
a variety of toys is available for purchase nearby, or whether
daily socializing takes place on climbable surfaces).

in how they are handled, with some handled frequently and
most handled infrequently. This distribution (if paired with
relevant linguistic information) may help support children’s
word learning (see Carvalho, Chen, & Yu, 2021; Clerkin et
al., 2017; Long et al., 2021; Montag, Jones, & Smith, 2018),
and in tandem with other observed effects across age and cultural context, may indicate which words (i.e., object names or
other object-relevant words) children are likely to learn first
and how their semantic networks grow within and across categories. To determine more direct implications for word learning, our most urgent goal is to analyze the speech surrounding bouts of object handling to derive estimates of (a) how
often objects are talked about, (b) what type of information is
mentioned, and (c) by whom. By combining our existing annotations of daylong photo streams with time-linked daylong
audio data in two unrelated cultural contexts, our aim is to
develop a benchmark against which models and mechanisms
of word learning via object-centric interaction can be tested.

Conclusion
Analyzing the types of objects that children handle gives us
a window into what they are interested in, what they are allowed to access, what they do and talk about with others, and
more. Handled objects offer learners a range of sensory experiences that could be paired with the social, linguistic, and
physical information around them. In the present study, we
examined coarse patterns in young children’s at-home object
handling in two unrelated subsistence communities, finding
many striking similarities despite differences in the communities’ market integration and ways of life. Our data provide
some basis for kernels of similarity in experience across culture and change with developmental time. However, our findings also point to immense variation in the assemblages of
unique objects handled by individual children and indicate
that children spend only narrow slices of time with a vast majority of objects. Determining if and how these distributional
patterns coalesce to give rise to early learning, including early
word learning, is a key next step.

Future directions
Here, we grouped objects on the basis of broad semantic categories. While this categorization allows us to describe the
overall distribution of handling across different types of objects, it does not necessarily give us insight into the specific
associated activities or applied functions of objects. Knowing more about how objects are being used in context could
help (a) further indicate links between social and linguistic
behavior, and (b) reveal more changes over developmental
time (e.g., a spoon as a teething toy, musical instrument, and
ultimately, a utensil).
To more directly compare to existing data from other cultural contexts, we will need to further analyze the temporal
characteristics of handling bouts and track unique object tokens rather than just types (Herzberg et al., 2022). We note,
however, that this second task will be near-impossible for
some object types that are frequently handled in these subsistence communities (e.g., sticks, leaves). As of now, we find
less within-site overlap in the exact objects handled by Tseltal
and Rossel children compared to Herzberg et al. (2022)’s US
data, but this could be as much due to recording type (e.g.,
two-hour videos vs. daylong photos) as to cultural difference.
Thus, future cross-community investigations with parallel—
ideally daylong—recording methods are needed to more fully
understand the influence of culture on children’s typical object handling experience.
Our current data indicate that children are exposed to a stable and wide variety of object categories in the first four years
of life. Children also have increasing access to a diversity of
objects within categories as they get older. Similarity in the
distribution of categories across sites suggests some basis for
expecting similarity in early object label knowledge and other
associated word knowledge by children in these two sites. Individual objects also show a highly right-skewed distribution

Anonymized data and analysis scripts:
https://github.com/kennedycasey/daylong-object-ids.
Data visualization tool:
https://aclew.shinyapps.io/CogSci-TSE-ROS-objects.
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example: ma1 ‘mother’, ma2 ‘hemp’, ma3 ‘horse’, ma4
‘scold’ (Chao, 1968). Phonetically, Mandarin tones 1-4 can
be described as high level [55], high rising [35], low falling
rising [214], and high falling [51], respectively, with the
lowest pitch level assigned a value of 1 and the highest level
assigned a value of 5 in phonetic transcription, as in Figure 1
(Howie, 1976). In contrast, Tone 2 and Tone 4 are
comparable to intonations in English, but these intonations
are not lexical in an atonal language.

Abstract

Logarithmic fundamental frequency (Hz)

Limited evidence shows that visual input can facilitate learning
novel sound-to-meaning mappings that are crucial to learning a
second language. However, the mechanisms by which visual
information influences auditory learning are still unclear. Here, we
investigate to what extent visual input can lead to effective learning
in another domain. We trained atonal speakers with Mandarin tones
in 4 conditions: Auditory Only (AO) where only auditory tones were
given as input; Animated Contour (AC) where moving visual pitch
contours indicating the dynamic changes of tones were given in
addition to auditory tones; Static Contour (SC) where static visual
pitch contours were given in addition to auditory tones; Incongruent
Contour (IC) where mismatched pitch contours were given in
addition to auditory tones. The results show the advantage of AC
and SC over AO in learning tonal categories and that IC inhibits
learning, suggesting that extracting ‘compatible’ properties cross
modalities benefits learning most.
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Introduction

Figure 1: Mandarin tones /ma1/: mother, /ma2/: hemp,
/ma3/: horse, /ma4/: scold

Learning novel speech sounds poses challenges for second
(L2) language learners. It is well documented that second
language learners exhibit difficulty perceiving and producing
L2 phonological contrasts (Cutler et al., 2006; Iverson et al.,
2003; Ota et al., 2009). For example, native speakers of
Japanese show difficulty distinguishing English /r/-/l/
contrasts. When learning L2 phonology, indeed, L2 adults
learn L2 orthography at the same time in most instructional
contexts, which was reported to support the learning of L2
speech sounds (Escudero et al., 2008; Hayes-Harb et al.,
2010). However, supra-segmental information (e.g., lexical
tones) is usually not encoded in orthography (Wang, 2021).
Therefore, the lack of orthographic representations of lexical
tones in a tonal language can add additional challenges in
learning L2 (e.g., Liu et al., 2011; Wang et al., 1999).
Furthermore, learning lexical tones encounters confusion as
supra-segmental information which conveys different
meanings in a tonal language can be intonational in an atonal
language. One example is Mandarin Chinese which utilizes
four distinct tones to disambiguate lexical meanings. These 4
lexical tones correspond to four distinct pitch contours, which
are typically represented with numerals as in the following

The majority of work done in L2 tone training and learning
is under the framework of multisensory learning theory,
namely, sound-to-meaning mappings benefit from
information from different modalities, leading to a more
distributed and robust representation (Eng et al., 2013;
Godfroid et al., 2017; Liu et al, 2011). However, the results
from different studies are not very consistent but somewhat
contradictory. Recent work in L2 tone training appears to
focus more on using hand gestures to enhance learning tonal
categories (e.g., Baills et al., 2019; Morett & Chang, 2015;
Morett et al., 2022; Zhen et al., 2019), which generates more
consistent findings on the facilitation effect of gestures.
However, it is unclear whether this effect is due to embodied
cognition or cross-modal mapping. For example, Morett and
Chang (2015) showed that performing and observing iconic
hand gestures that mimic the pitch changes in lexical tones
enhance word learning. They attributed this facilitation effect
of gestures to embodiment such that language-specific
features were highlighted. In contrast, Zhen et al (2019)
systematically aligned the visual-motor features with the
auditory tones (i.e., mappings between hand movements and
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auditory pitch contours) and showed the facilitation effect of
cross-modal alignment in learning L2 tones. Therefore, they
claim that cross-modal learning is best when it is based on a
common representational format of features across motor,
visual and auditory domains. Note that these two different
explanations and mechanisms do not contradict with each
other, as Morett et al. (2022) propose that the mappings
between pitch motions and positions (i.e., high pitches
mapped to upward motions and positions, and low pitches
mapped to downward motions and positions) could be based
on embodied experience.
In light of the mechanisms of cross-modal learning
articulated in Zhen et al (2019), it is crucial to understand
whether non-embodied visual stimuli depicting pitch
contours would provide the similar benefit in tone learning.
The present study aims to investigate whether the crossmodal mappings between visual and auditory modalities can
enhance tone learning, instead of using gestures. In addition,
we present a novel tone training paradigm that can be easily
adopted in L2 instructional contexts to facilitate lexical tone
learning. To achieve this goal, we tested participants who had
no tonal language background or little exposure to Mandarin
with a tone training paradigm in which 4 different training
conditions are compared: Auditory Only in which participants
were trained with Mandarin tones in the auditory modality
only as a baseline; Static Contour in which participants were
trained with visual pitches in addition to auditory tones;
Animated Contour in which participants were trained with
animated pitches in addition to auditory tones; Incongruent
Animated Contour in which participants were trained with
incongruent visual pitches in addition to auditory tones. We
hypothesize that auditory tones with additional visual support
will benefit learning while the incongruent condition will
‘destroy’ the learning as between modality mappings are
utilized during the learning.

All experimental tasks were programmed and run using
Gorilla and can be accessed online (https://gorilla.sc/).
Participants were provided with a link and completed the
experiment online on two consecutive days (approximately
20-30 minutes on Day 1 and 5 minutes on Day 2).
Participants were randomly assigned to one of the 4 learning
conditions: Auditory Only vs. Static Contour vs. Animated
Contour vs. Incongruent Animated Contour. The numbers of
participants included in the final analyses in each of the
groups and conditions are: Auditory Only (n=53), Static
Contour (n=62), Animated Contour (n=70) and Incongruent
Contour (n=48).

Materials
Six simple vowels in Mandarin Chinese were used in this
study (a e o i u ü). Each vowel was associated with 4 tones to
create a total of 24 target stimuli. The auditory stimuli were
recorded by a native speaker of Mandarin and were
normalised. Participants were told that the stimuli were
Chinese words. The 24 words were split into two sets of 12
trials each. Each participant was tested and trained on one set
for tone learning, namely, 3 vowels. Additionally, twentyfour Mandarin diphthongs were selected and recorded with
four tones each, to test for generalisation (ue, uo, ou, ie, ei,
ao). Half of them were administered in the generalisation test
immediately after the post-test, and the other half were used
on the second day in a delayed generalisation test.

Procedure
The online experiment consisted of five stages: pre-test,
learning (Block 1, 2, 3), post-test, generalisation test and
delayed tests (including delayed tone identification and
delayed generalisation test) as depicted in Figure 2.
Randomly assigned to one of the 4 learning conditions,
participants first completed surveys on their language
background. They were then introduced to the general
linguistic properties of Mandarin tones. Prior to the start of
the experiment, participants were instructed to wear a
headphone or earphone and adjust the volume so that they
could hear the sounds clearly in a quiet room.

Method
Participants
Three hundred and eleven undergraduate students at
Macquarie University participated in the study for course
credits (n=311). The study was approved by the Macquarie
University Human Research Ethics Committee. Participation
was voluntary and written consent was obtained from all
participants. Data from 78 participants were excluded from
the final analyses for the following reasons: 1) 36 participants
reported that they could speak Chinese (Mandarin, Cantonese
or Teochew) or other tonal languages including Thai and
Vietnamese; 2) 3 participants reported having hearing loss or
hearing issues; 3) 39 participants achieved over 45%
accuracy in the pre-test. The final analyses were conducted
based on data acquired from 233 participants.

Figure 2: Flow chart depicting the learning procedure

Design

During the pre-test, participants were given 12 auditory
target stimuli in random order. They were asked to guess the
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tone of the stimuli and press one of the four buttons on the
screen, corresponding to Tones 1-4. This is a typical tone
identification task, namely, a 4AFC task. No feedback was
given. This was done to obtain a baseline of their pre-existing
tonal knowledge. All participants were given the same task
for the pre-test.
After the pre-test, the learning stage commenced. For the
same set of 12 items, participants were trained in 3 blocks,
each consisting of 24 trials with one repetition of the same
item. Thus, a total of six repetitions of each item occurred
during the learning blocks. Between blocks, participants were
allowed to take a short break and continue when they were
ready. During the learning stage, participants were trained in
different conditions, as in a typical between-subject design.
The visual pitches are visual lines depicting the pitch
contours of 4 different Mandarin tones (see Figure 3). For
example, in the Static Contour condition, participants were
presented with visual pitches as in Figure 3, in addition to
auditory tones. Note that in the Animated Contour condition,
a video clip was presented to show the pitch movement for
each tone indicating the direction of levelling (Tone 1), rising
(Tone 2), dipping and rising (Tone 3) and falling (Tone 4)
from left to right. The animation shows the movements of the
pitch contours but also corresponds to the time duration of
each auditory syllable/token. The task was tone
identification, same as in the pre-test, but giving feedback.
For each trial in all conditions, where both visual and auditory
information was presented, the visual stimulus preceded the
auditory stimulus by 500ms.

Tone 1

Tone 2

Tone 3

Results
As the data are generated from remote online testing, we
primarily rely on the accuracy as the main predictor to
interpret our findings. The accuracy data was fit with Logit
Mixed-effects models, using the glmer function of the lme4
package (Bates et al., 2015). We employed maximal randomeffect structures in the models and included random slopes
for factors of repeated measures to avoid Type I errors (Barr,
et al., 2013). The fixed factors were learning condition
(‘condition’ in the model) and learning stage (‘display’ in the
model). We started from the maximal model which is
justified by the design and them simplified it in case of
convergence errors (Matuschek, et al., 2017). We performed
a stepwise simplification on an overparameterized model by
removing the correlation parameter, higher-order
interactions, and random effect terms with least variance to
address the convergence error (Singmann & Kellen, 2019).
All post-hoc analyses, performed using the emmeans
package, were corrected for multiple comparisons using the
Holm_Bonferroni
adjustment.
Following
standard
conventions, any p-value smaller than .05 was deemed
significant.
Table 1 presents the descriptive statistics for tone
identification accuracy by learning condition and learning
stage.
Table 1: Accuracy means (Standard Deviations in
Parentheses) for Tone Identification by Learning Condition
and Learning Stage (tests).

Tone 4

Condition

Pretest

Posttest Gen

Delay_test Delayed_gen

Animated Contour 0.23 (0.42) 0.63 (0.48) 0.58 (0.49) 0.6 (0.49) 0.61 (0.49)
Incongruent Contour 0.23 (0.42) 0.3 (0.46) 0.35 (0.48) 0.31 (0.46) 0.37 (0.48)
Figure 3: The visual pitches depicting Tone 1-4 in Mandarin
After the training blocks, participants completed a posttest, which is identical to the pre-test. The post-test assessed
how much improvement participants made over the learning
stage, by listening to the same items without any feedback or
any visual information. All participants were tested with the
same tone identification task.
Afterwards, a generalisation task was administered, where
participants listened to 12 untrained diphthongs and
performed on the same tone identification task. This purpose
of this measure is to see whether the knowledge of tonal
categories could be transferred to a different set of syllables
that were absent in the training. Then, in 24 hours, they
received an email reminder of the delayed tests. In the
delayed tone identification task, participants listened to 24
auditory targets and pressed the buttons to indicate their
tones. The 24 targets include 12 trained targets and 12
untrained/new targets.

Auditory Only

0.23 (0.42) 0.49 (0.5) 0.47 (0.50) 0.45 (0.50) 0.44 (0.50)

Static Contour

0.24 (0.43) 0.56 (0.50) 0.57 (0.50) 0.59 (0.49) 0.58 (0.49)

For each learning stage and test, Figures 4-8 present the
mean accuracy of each learning condition.
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***

Figure 4: Accuracy per condition in the Pretest
Figure 7: Accuracy per condition in the Generalization
test

***

***
***

Figure 5: Accuracy per condition in the Posttest
Figure 8: Accuracy per condition in the
Delayed_generalization test

***

There are main effects of Learning condition, learning
stage and interactions (all p’s < .0001). There is no significant
difference across conditions in the pre-test. In the post-test,
Incongruent condition differs from all the other conditions
(p’s < .0001). Only Animated condition differs from
Auditory condition significantly (p = .0015). In the delayedtest: Incongruent condition differs from all the other
conditions (p’s < .0001). Both Animated and Static
conditions differ from Auditory Only (p=.0004; p=.0017). In
the generalization test: Incongruent condition differs from all
the other conditions (p’s < .0001). Only Animated Contours
differs from Auditory Only (p = .0379). In the delayed
generalization test: Incongruent condition differs from
Animated and Static conditions (p’s <.001), but not Auditory
Only (p=.9608). Both Animated and Static conditions differ
from Auditory Only (p=.0002; p=.004).
Taken together, these results show a clear contrast between
the incongruent contour condition and the other learning

***

Figure 6: Accuracy per condition in the Delayed_test
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conditions, indicating incompatible visual cues appear to
‘destroy’ learning. Both animated and static contours show
advantage in the immediate tests for both trained and
untrained items, however, only the aminated condition was
statistically significant compared to the auditory only
condition. Both Animated and Static contours show
advantage in the delayed tests for both trained and untrained
items and differ from the Auditory only condition
significantly. However, the difference between the Animated
and Static contour conditions is non-significant.
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Discussion
Our study introduces a new tone training paradigm to
demonstrate healthy adults’ ability to learn novel speech
categories given ‘compatible’ visual cues. Importantly, our
results show that arbitrary associations between novel visual
stimuli and linguistic auditory stimuli do not benefit learning
(i.e., the incongruent condition). Visual pitches that can be
mapped to auditory tones in the spatial or/and temporal
dimensions indeed facilitate learning (i.e., the animated and
static contour conditions). In addition, our data also show
individual variabilities in all the learning conditions.
Prior tone training studies have investigated the benefits of
using visual cues in training auditory tones but generated
mixed results (e.g., Liu et al., 2011; Godfroid et al., 2017).
These mixed findings are hard to explain without systematic
comparisons across different conditions as in the current
study. Arguably, studies using hand gestures to mimic pitch
movements present learners with familiar visual-motor
information such that cross-modality mappings are easily
extracted to benefit learning (e.g., Morett & Chang, 2015;
Zhen et al., 2019). This might be the reason these studies
show a clear benefit of using gestures in facilitating tone
training.
The current study extends previous findings regarding the
involvement of gestures in learning L2 tones and the possible
mechanisms. It presents a novel tone training paradigm that
allows us to compare different training conditions which can
be easily adapted into instructional contexts. Our results
show the benefit of cross-modal mappings in learning tones,
but should be further replicated and extended to learning a
different tonal language. Again, our results support the
hypothesis proposed by Zhen et al (2019) that cross-modal
learning is best when it is based on a common
representational format of features across motor, visual, and
auditory domains. In addition, our results are also consistent
with Morett et al. (2022)’s argument that the vertical
conceptual metaphor of pitch underlies effective lexical tone
learning. Finally, our results have important pedagogical
implications in that learners benefit from meaningful visual
cues when learning novel speech sounds.
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Abstract

ti, Somer, & Regis, 2019), MW might be related to negative
affect, lower life satisfaction, and it represents a risk factor
for psychological disorders such as depression (e.g. Marchetti, Van de Putte, & Koster, 2014). By engaging in maladaptive task unrelated thoughts (TUT) individuals tend to
neglect ongoing activities and social relations (Mar, Mason,
& Litvack, 2012). Moreover, under certain circumstances,
TUT might take a form of maladaptive RNT, i.e. repetitive
dwelling on one or more negative concerns that is perceived
as difficult to control (Ehring & Watkins, 2008). An important question remains: why for some people TUT might
be maladaptive and lead to increased risk of depression
(Marchetti, Koster, Klinger, & Alloy, 2016), while for others, it is a normal activity not leading to negative consequences in terms of impaired emotional regulation (Gorgolewski et al., 2014). The aim of the present study was to
test which characteristics of TUT lead to an increased negative mood in participants’ everyday life. This goal seems to
be particularly relevant in the perspective of disentangling
maladaptive MW (Schimmenti et al., 2019) and RNT (Watkins, 2008) and determining whether they are two ends of
the same continuum or two separate, independent processes.

The literature suggests several hypotheses explaining adaptive
vs. maladaptive character of task unrelated thoughts (TUT).
However, it is still not clear what particular features can differentiate adaptive TUT from its maladaptive form. The main
aim of the present study was to test the content and the context regulation hypothesis using daily sampling, that is to verify how TUT and task features are linked to momentary
mood. 214 participants assessed their trait TUT through selfreported questionnaires and underwent a 7-day ecological
momentary assessment of mood, TUT and task characteristics
measured 7 times by day. The results suggest that TUT particular features (i.e. lack of control, delay from the present
moment, valence) are linked to both, lower mood valence and
higher anxiety. Moreover control over the thoughts moderates
the link between task characteristic (effort required by the
task) and participants’ mood. Thus, from the clinical perspective, it seems more justified to take into account the particular
TUT features instead of distinguishing specific TUT type
(e.g. mind-wandering or rumination).
Keywords: mind-wandering; daydreaming; repetitive negative thinking; rumination; emotional regulation; daily sampling

Introduction

Mind-Wandering and Repetitive Negative Thinking: end-points of the same continuum or distinct
concepts?

Mind-wandering (MW) is an overarching construct that
encompasses a variety of phenomena e.g., daydreaming,
repetitive negative thinking (RNT), unintentional thoughts,
stimulus-independent thoughts, unguided thoughts and meandering (Seli et al., 2018). In the context of inclusive family resemblance perspective proposed by Seli et al. (2018),
MW can be defined as an engagement in mentation that
occurs unintentionally, and which is unrelated to one’s current activity and surroundings (Marcusson-Clavertz,
Cardeña, & Terhune, 2016). Even though MW is considered
as a normal, everyday life, mental by default activity, some
studies suggest that, under its maladaptive form (Schimmen-

The link between MW and RNT, e.g. rumination and worry, remains unclear. Some authors suggest that MW is a
subtype of RNT (Watkins, 2008). Conversely, others suggest that RNT is the same construct as mind-wandering, but
in a maladaptive form, because the two processes share the
same main characteristics, i.e. difficulties in controlling the
thoughts stream (Marchetti et al., 2016; Ottaviani, Shapiro,
& Couyoumdjian, 2013). In line, Ottaviani et al. (2013)
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indicate that RNT and MW might be the end-points of the
same process (maladaptive and adaptive, respectively).
Therefore, instead of using the term MW to describe all
the task unrelated thoughts types included in the family
resemblance perspective, in the present paper, we use a
more general term - the TUT (Seli et al., 2018). This inclusive nomenclature encompasses both concepts (MW and
RNT) and enables to avoid the confusion already present in
the current literature, i.e. the theoretical validity of distinguishing maladaptive MW from RNT (Stawarczyk, Majerus, Maj, Van der Linden, & D’Argembeau, 2011).
The literature on MW and RNT is largely separated, composing two distinct lines of research (Ottaviani et al., 2013).
However, this cleavage seems to be based not on theoretically founded differences between the two processes, but
mainly on different approaches to measure MW and RNT.

The Content Regulation Hypothesis suggests that the
form and content of TUT affect their associated functional
outcomes (Andrews-Hanna et al., 2013). The main characteristics influencing the adaptive vs. maladaptive TUT character are: personal significance, valence, level of construal
(concreteness) and temporal orientation (Andrews-Hanna,
Smallwood, & Spreng, 2014). While enumerating TUT
characteristics, it seems important to note that in the RNT
literature, some additional features can be identified, for
example, repetitiveness and verbal form (Watkins, 2008).
The impact of concreteness and temporal orientation of
repetitive negative thinking was tested in several experiments, including laboratory (e.g., Kornacka, Krejtz, &
Douilliez, 2019) and ecological assessments (e.g., Moberly
& Watkins, 2006). The results suggest that those two factors
might play a crucial role in adaptive vs. maladaptive RNT
impact on emotional regulation with the concrete and present-focused thoughts enhancing negative affect regulation
(Behar, Zuelling, Borkovec, 2005; Watkins, Moberly, &
Moulds, 2008). However, the research focusing on MW
tend to suggest that adaptive MW is linked to focus on the
future while MW focused on the past will be linked to negative mood (Ruby et al., 2013; Smallwood et al., 2009;
Smallwood & O’Connor, 2011). Thus, it seems important to
disentangle whether the maladaptive feature of TUT is
linked to the past vs. future thoughts orientation as suggested by MW research (e.g. Ruby et al., 2013) or to the delay
from the present moment as suggested by the RNT research
(e.g. Watkins, 2008)
The Context Regulation Hypothesis (Kane & McVay,
2012) posits that individuals with good cognitive control
limit their MW when ongoing task is demanding and requires more cognitive resources. At the same time, they tend
to produce more TUT when the environment is nondemanding (Unsworth & McMillan, 2013). In this view, the
role of executive control varies as a function of the external
task demands (Kane & McVay, 2014). Moreover, McVay
and Kane (2010) postulated that mind-wandering represents
a failure of executive control, particularly an incapacity to
deal with the interfering stimuli.
Results supporting the context regulation hypothesis
were mostly obtained in laboratory studies, and they suggest
that task characteristics and executive resources are linked
to the ongoing task performance and not necessarily to the
subjective experience of TUT (Kane & McVay, 2012).
There are fewer studies using experience sampling. For
example, Kane et al. (2007) supported the role of interaction
between task cognitive-demands and working memory. In a
similar vein, Ottaviani et al. (2013) suggest the existence of
a MW–RNT continuum where the RNT can be viewed as
systemic inflexibility resulting from poor executive control.
It is worth underlining that also RNT is often seen as an
executive control failure (e.g., Zetsche, D’Avanzato, &
Joormann, 2012)
To sum up, the existing literature on RNT and MW is
largely separated (Ottaviani et al., 2013). These two processes, RNT and MW, are defined as task-unrelated

Task Unrelated Thoughts: adaptive vs. maladaptive consequences and underlying features
The consequences of TUT in terms of cognitive functioning and emotional regulation have been described over
the past two decades. Among identified adaptive outcomes,
it has been shown that MW would enhance the creative
process (Baird et al., 2012); planning and anticipating the
future (Stawarczyk et al., 2011). MW also provides a mental
break, allowing recovery from boring or stressful tasks
(Ruby, Smallwood, Engen, & Singer, 2013). Concurrently,
a body of research has shown that MW can also lead to
dysfunctional consequences in a variety of tasks and activities, e.g. reading or driving (Seli et al., 2018). Moreover,
MW can be involved as a risk factor for psychological disorders (Marchetti et al., 2014, 2016).
The concept of maladaptive MW raised two important
theoretical questions. First, what factors are responsible for
switching from an adaptive, naturally occurring process of
MW into its maladaptive form? Second, what is the difference between maladaptive MW and RNT (if there is one), as
the two processes can be described as task unrelated
thoughts, they share main common characteristics and might
both lead to maladaptive consequences on emotional regulation?
The maladaptive consequences of RNT are also well
documented in the literature. RNT can be considered as a
transdiagnostic process involved not only in depression or
generalized anxiety but also in other psychological disorders
linked to impaired emotional regulation, e.g., eating disorders, addictions or social anxiety (Watkins, 2008). RNT is
also linked to increased cognitive and attentional biases (e.g.
Koster, De Lissnyder, Derakshan, & De Raedt, 2011).
Several hypotheses have been put forward to explain
those adaptive and maladaptive consequences of TUT. To
date, the Content Regulation Hypothesis (Andrews-Hanna et
al., 2013) and the Context Regulation Hypothesis (Kane &
Mcvay, 2012) represent the most convincing theoretical
frameworks for reconciling the opposite effects of the TUT.
It is important to underline that those two hypotheses on
TUT mechanisms are neither independent nor exclusive.
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thoughts (Seli et al., 2018), often perceived as unintentional
and difficult to control; thus, both might reflect a failure in
self-control (Zetsche et al., 2012). In the present study, we
merge these two lines of research to examine which TUT
and task characteristics affect mood in ecological settings.
Using ecological momentary assessment (EMA) to empirically verify the content regulation hypothesis (AndrewsHanna et al., 2013), we tested the main features of TUT that
might be responsible for maladaptive or adaptive outcomes
of TUT. We expect that concreteness, control over thoughts
and positive valence would be linked to less negative mood.
In contrast, the delay from the present moment, repetitiveness and verbal feature will be linked to more negative
mood in momentary measures. Additionally, in order to
examine the context regulation hypothesis (Kane & McVay,
2012), we controlled for the ongoing task characteristics: its
stressfulness, and participants’ interest, motivation and
effort to complete it. We hypothesize that task characteristics, and particularly the effort required by the task will be
linked to less TUT. Moreover, this relation can be moderated by the control over one’s thoughts. Finally, we aimed at
testing whether the tendency to use MW or RNT at the trait
level is linked to momentary TUT or mood. The graphic
outline of tested models can be found in the supplementary
materials: https://osf.io/fw78r/.

ipation (around 20$). The protocol was approved by a local
ethical committee (WKEB69/03/2021).

Measures
EMA measures.
TUT. Participants were asked two questions assessing their
consciousness of ongoing thoughts and the task-unrelated
character of their thoughts: “Just before the bip, to what
extent [1] you were conscious of your own thoughts” (not at
all conscious – totally conscious); [2] “your thoughts were
task related – unrelated” They provided answers on a visual
analog scale (VAS) from 0 to 100.
Content - TUT characteristics. The questionnaire was
based on the TUT characteristics identified in the literature
as crucial in determining the TUT impact on emotional
regulation. Participants were asked to respond to the following questions by using a VAS from 0 to 100 “Just before the
bip, to what extent your thoughts were:” [1] focused on
past-future; middle point indicated as “here and now” (temporal orientation); [2] possible to visualize (concreteness);
[3] repetitive (repetitive feature); [4] in the form of inner
speech (verbal feature); [5] negative-positive (valence); [6]
possible to control (control). Higher scores indicate more
concrete thoughts, higher repetitiveness, form of inner
speech, higher control and more positive valence.
Context – task characteristics (adapted from Granholm et
al., 2020). Participants are asked to choose from the scrolldown list an answer to the question: “What kind of task are
you performing at the moment:” Vocational (e.g., going to
work/university); At home leisure (e.g., reading); Outside
leisure (e.g. cinema); Homecare (e.g., cleaning); Self-care
(e.g., shower). Moreover, participants were asked to characterize their ongoing task by answering the following questions: “Is the task you currently performing”: [1] stressing;
[2] interesting, [3] motivating; [4] requiring control. They
provided answers on the VAS from 0 - not at all to 100totally.
Mood (adapted from Koster et al., 2015). Mood was measured using two dichotomous VAS from 0 to 100 assessing
mood valence and anxiety, where participants are asked to
assess: “At the present moment do you feel:” [1] (discontent-content; higher score indicates positive valence); [2]
anxious-calm (higher score indicates less anxiety).
Trait measures.
Mind-wandering. Trait MW was evaluated through Daydreaming Frequency Scale (DDFS; Giambra, 1993), which
assess the general frequency of stimulus-independent and
task unrelated thoughts.
Repetitive Negative Thinking. Trait RNT was evaluated
from two self-reported questionnaires. First, the transdiagnostic Perseverative Thinking Questionnaire (PTQ; Ehring
et al., 2011) assessing the main features of RNT (unproductiveness, repetitive feature and mental capacity captured by
RNT) and, second, the Ruminative Response Scale assessing depressive rumination (RRS; Treynor, Gonzalez, &
Nolen-Hoeksema, 2003).

Method
Participants
415 healthy volunteers took part in the first part of the
study (trait evaluation); among them, 279 started the EMA
part of the study. Sixty-five participants drop-out during the
study or filled in less than 60% of EMA questions (the dropout rate was 23%). The final sample was composed of 214
participants (mean age = 29.17, SD = 8.93; 169 females, 43
males, 2 participants did not want to provide their gender).
The compliance rate in the EMA part of the study was 80 %
resulting in 8108 momentary observations.

Procedure
Participants were invited through social networks to take
part in a study on daydreaming. Prior to their participation,
volunteers received information about the aim of the study,
trait and EMA evaluation procedure; they also signed a
consent form. First, the participants filled in an online trait
evaluation through Qualtrics platform. Next, they were
contacted by an experimenter in order to explain the rules
and technical aspects of EMA. All EMA measures were
provided through Movisens application. Participants installed the application on their personal smartphones. The
EMA assessment lasted for 7 days. Participants received one
signal randomly in each 2h period, 7 times per day in a 14h
activity window (e.g from 8a.m. to 10p.m.). Application
sent an auditory signal and a visual pop-up asking participants to answer a series of questions (see EMA measures).
Participants had 20 minutes to complete the assessment.
Participants received financial compensation for their partic-
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TUT and mood in momentary measures

Results

Next, in order to test the link of TUT level and mood in
participant’s everyday life, we tested how consciousness of
thoughts and TUT predicted cross sectional mood using
following equation:
Level 1 (within-person): Mood valenceij = β0j + β1j (Consciousnessij) + β2j (Task unrelated thoughtsij) + rij
Level 2 (between-person): β0j = γ00 + u0j
β1j = γ10 + u1j
β2j = γ20 + u2j
Both momentary consciousness of thoughts and task unrelated thoughts were significant predictors of momentary
mood (valence and anxiety, see Model 1B and 1C in Table
2, respectively). A higher level of TUT predicted more
anxiety and more negative valence of mood.

Statistical analysis plan
Taking into account the nested structure of the data, we
computed multilevel analysis using HLM 8.0. Level 1 variables (data collected through EMA measures) were nested
in participants (Level 2). Trait level variables were also
introduced at Level 2. Although it was possible to consider
the data as a 3-level model (observations nested in days,
nested in participants), taking into account that most of the
previous EMA studies on TUT are based on the two-level
models (even if they used multiple observations by day, e.g.
Kane et al., 2007; Pe et al., 2013), we decided to keep the 2level structure. Level 1 variables were entered to the model
group mean centered, Level 2 variables were grand mean
centered. All the coefficients reported above were computed
with the robust standard error and based on a random model
as estimations of variance component for each tested variable was significant (p < .05).
In the first part of the analysis, we run an unconditional
model for each of level 1 variables. The example of null
model equation for mood valence is as follow:
Level 1 (within-person): Mood valenceij = β0j + rij
Level 2 (between-person): β0j = γ00 + u0j
The descriptive statistics and reliability coefficients are
presented in Table 1 for Level 1 and Level 2 variables.
Additionally, following the recommendations by Garson
(2013), we computed, for each model with predictors, the
likelihood ratio test for the random coefficient regression
model and deviance drop compared to the null model (reported in Table 2).

Main features of TUT
In order to test how TUT features predicted TUT level
and mood (the content regulation hypothesis), we introduced the TUT characteristics simultaneously in the model
at level 1 and TUT (2A), mood valence (2B) and anxiety
(2C) as outcomes (see Table 2).
The variable “delay from the present moment” was computed as the absolute value of participants’ answers to the
temporal orientation question minus 50 (i.e. 0 in the new
variable indicating full focus on “here and now” and 50 an
extreme focus on the future or on the past).
The results suggest that more positive, concrete, and controlled thoughts were related to positive mood valence (see
model 2B in Table 2). The verbal features of TUT and the
delay from the present moment were associated with less
positive mood. Surprisingly, the repetitive character of TUT
was not related to mood valence. TUT valence and control
over TUT were also associated with less anxiety reported by
participants in EMA, while higher anxiety was predicted by
verbal features, delay from the present moment and repetitiveness. The concreteness of TUT was not a significant
predictor of anxiety (see Model 2C in Table 2).
Additionally, in order to disentangle the impact of the
temporal orientation (postulated as a key factor in the MW
literature) form the delay from the present moment (postulated by the RNT literature) we computed a model with
temporal orientation (past-future) and delay from the present
as Level 1 predictors. For the mood valence as the outcome,
both predictors were significant, the mean temporal orientation slope (γ10) was .13 (p <.001), and the mean delay from
the present slope (γ20) was -.41 (p <.001). For anxiety as an
outcome, only the delay from the present moment, but not
temporal orientation was a significant predictor with the
mean temporal orientation slope (γ10) of .04 (p =.127), and
the mean delay from the present slope (γ20) was -.36 (p
<.001).

Table 1: Descriptive statistics and reliability of variables.
Level 1 variables
Variable
Mean (SD)
Reliability
Consciousness of thoughts
62.39 (29.07)
.961
Task unrelated thoughts
41.54 (30.11)
.856
Main feature of TUT
Temporal orientation
55.02(16.42)
.877
Concreteness
59.28(26.33)
.934
Repetitive feature
60.13(25.54)
.867
Verbal feature
46.93(28.76)
.948
Valence
59.10(23.53)
.927
Control
57.53(25.71)
.948
Delay form the present
11.02(13.17)
.895
Mood
Valence
60.51(23.46)
.939
Anxiety
62.06 (25.31)
.927
Level 2 variables
PTQ
46.66 (11.96)
.951
RRS
50.56 (12.96)
.921
DDFS
38.04 (9.15)
.915
Note. PTQ - Perseverative Thinking Questionnaire; RRS Ruminative Response Scale Revised; DDFS – Daydreaming
Frequency Scale.

Task characteristics
In order to test the context regulation hypothesis (Kane &
McVay, 2012), we verified whether task features and particularly effort required by the task is linked to decreased
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TUT. Model 3A in the Table 2 showed that effort, but also
stressfulness, interest and motivation to execute the ongoing
task are all significant predictors of lower TUT. Additionally, following the procedure described by Nezlek (Nezlek,
2011; Nezlek & Plesko, 2003), we tested level 1 interaction
between effort in the ongoing task and control of TUT in
order to test the prediction of the Context Regulation Hypothesis, as follows:
Level 1 (within-person) : TUTij = β0j + β1j (Effortij) +
β2j(Controlij) + β3j(Effort x Controlij) + rij
Level 2 (between-person): β0j = γ00 + u0j
β1j = γ10 + u1j
β2j = γ20 + u2j
β3j = γ30 + u3j
The level 1 interaction term was created by multiplying
centered around the mean control by similarly centered
effort variable. The interaction term was introduced to the
model uncentered. It appears that, consistent with the context regulation hypothesis, control of TUT, the effort put in
the ongoing task, and the interaction between them, were all
significant predictors of lower TUT level. The mean effort
slope (γ10) was -.013 (p <.001), the mean control slope (γ20)
was -.48 (p <.001) and the mean interaction slope (γ30) -.001

(p = 004). The examination of interaction effect based on
within-level +/- 1 SD values suggested that the level of TUT
decreases with the task demands, but only for participants
with high control of thoughts.

Trait tendencies and TUT
Finally, in order to test the relation between the trait tendency to use TUT (daydreaming and RNT) and TUT level in
daily life and mood, we computed the models with EMA of
mood and TUT measure as the outcome and trait variables
introduced as predictors at Level 2 of the model, as follow:
Level 1 (within-person): Mood valenceij = β0j + rij
Level 2 (between-person): β0j = γ00 + γ01 (DDFSj) + γ02
(PTQj) + γ03 (RRSj) + u0j
The analysis of the Level 2 predictors (see Model 4 in Table
2) suggest that only the tendency to use RNT (measured
through PTQ) was linked to a higher level of TUT, the lower valence of mood and higher anxiety in momentary
measures.

Discussion
The link between mind-wandering (MW) or repetitive
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negative thinking (RNT) and lower mood in participants
daily life was already shown in some ecological momentary
assessment studies (e.g. Killingsworth & Gilbert, 2010;
Moberly & Watkins, 2008). The literature offers several
hypotheses on the mechanisms and characteristics involved
in the maladaptive outcome of this kind of TUT. However,
most of them were evaluated in laboratory or experience
sampling studies testing a single feature of TUT. To our
knowledge, the present study is the first to test various TUT
characteristics that, according to the content (AndrewsHanna et al., 2013) and context regulation hypothesis (Kane
& McVay, 2012), along with RNT theory (Watkins, 2008;
Watkins & Roberts, 2020), could affect TUT’s impact on
mood.
The results of the present study suggest that, in general,
TUT are linked to more negative valence of mood and to
more anxiety in momentary measures. However, it seems
that above the fact that one’s mind wander, the key factors
to take into account in the context of emotional regulation
are TUT’s particular features. In one of the first EMA studies assessing simultaneously MW and rumination, Kuehner,
Welz, Reinhard, and Alpers (2017) showed that TUT characteristics measured (e.g. having a sense of control over
one’s thoughts) might affect mood through the mediating
role of rumination. However, in their study TUT characteristics were assessed only in the laboratory conditions. The
present study extends those results by suggesting that independently of the TUT precise definition (MW or RNT) the
control component plays a crucial role in TUT impact on
mood. This role of control over thoughts might also potentially explain why PTQ (measuring also control resources
captured by RNT) was the only trait predictor affecting
momentary TUT. The role of executive control was already
described in both RNT and MW literature (e.g., Ottaviani et
al., 2013; Zetsche et al., 2012); however, in those studies,
control of thoughts was rather considered from the perspective of individual differences without taking into account the
within-person variability. The results of our study seem to
support the idea that the maladaptive outcome of TUT in
terms of lower mood might be due to a failure of control
over one’s thoughts (e.g. Ottaviani et al., 2013).
Another TUT feature worth having a closer look at is the
repetitiveness of thoughts. In the present study, the repetitive feature of TUT was linked to increased anxiety, but not
to mood valence. It also seems that this feature is characteristic for RNT and not necessary for MW, which should be
characterized by a freely moving mind (Seli et al., 2018).
Thus, it seems that repetitiveness might be one of the key
elements in the switch between adaptive and maladaptive
TUT. According to literature, it could be also essential in
distinguishing MW from RNT (Christoff et al., 2018). It is
also important to note that this repetitive feature might be
dependent on self-control failure and thus strongly correlated with the control factor described above.
It is also interesting to take into account the interaction
between the effort put into the ongoing task and the control
of the thoughts supporting the crucial role of the control in

maladaptive outcomes of TUT. The context regulation hypothesis (Kane & McVay, 2012) states that during a demanding task one’s self-control resources should enable to
inhibit task unrelated thoughts and focus on the ongoing
task. Momentary data from the present study suggest that
this mechanism works only for those who reported having
high subjective control over their thoughts.
The present study might also help to understand the role
of the temporal orientation of TUT. MW literature suggests
that negative affect is linked to focusing the attention on the
past (e.g. Ruby et al., 2013), while the processing mode
theory of RNT suggests it is the delay from the present
moment and abstract thinking that might have a deleterious
impact on emotional regulation (Watkins, 2008). It seems
that both focusing on the past and the delay from the present
moment might affect participants’ mood. Nevertheless, only
the delay from the present moment is linked to anxiety.
Moreover, in line with the processing mode theory (Watkins, 2008) also, the concreteness of TUT is related to mood
valence. However, it is necessary to underline that those two
characteristics might be interrelated, as events more distant
in time might also be considered as less concrete.
Several challenges need to be addressed by future studies.
First, to further explore the potential distinction between
maladaptive MW and RNT (or the lack of it), it seems necessary to emphasize the freely moving feature of MW suggested as a necessary element to define MW by the dynamic
framework of MW, strongly critical toward the family resemblance perspective (Christoff et al., 2018).
Moreover, it is still unclear how to operationalize the control component, a crucial feature for TUT’s impact on emotional regulation. It is necessary to disentangle the role of
attention, working memory and inhibitory processes previously shown in laboratory studies (Kane & Mcvay, 2012)
and the subjective perception of having control over
thoughts (Kuehner et al., 2017). Additionally, particularly in
EMA studies, context measures should include not only
task, but also the environment characteristics. Moreover, the
present study focused on the processual characteristics of
TUT that should be further examined in the perspective of
TUT function. It seems also necessary to take into account
how this function and TUT features interaction might affect
emotional regulation. Finally, it seems indispensable while
assessing TUT function to go beyond its context and the
content by examining motivational factors (Klinger & Cox,
2011).
In sum, the present study sheds some light on the main
features involved in maladaptive TUT. More specifically, it
brings arguments in favor of considering MW and RNT as a
continuum of TUT, which might become maladaptive when
TUT are characterized by particular features (i.e. lack of
control, particular temporal orientation, repetitiveness, lack
of concreteness). This integrative approach might be interesting from the perspective of process-based therapies addressing a particular psychological mechanism across various psychological disorders and not necessarily a disorderspecific type of cognition.
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Abstract
Humans have the exceptional ability to efficiently structure
past knowledge during learning to enable fast generalization.
Xia and Collins (2021) evaluated this ability in a hierarchically structured, sequential decision-making task, where participants could build “options” (strategy “chunks”) at multiple
levels of temporal and state abstraction. A quantitative model,
the Option Model, captured the transfer effects observed in
human participants, suggesting that humans create and compose hierarchical options and use them to explore novel contexts. However, it is not well understood how learning in a
new context is attributed to new and old options (i.e., the credit
assignment problem). In a new context with new contingencies, where participants can recompose some aspects of previously learned options, do they reliably create new options
or overwrite existing ones? Does the credit assignment depend on how similar the new option is to an old one? In
our experiment, two groups of participants (n=124 and n=104)
learned hierarchically structured options, experienced different
amounts of negative transfer in a new option context, and were
subsequently tested on the previously learned options. Behavioral analysis showed that old options were successfully reused
without interference, and new options were appropriately created and credited. This credit assignment did not depend on
how similar the new option was to the old option, showing
great flexibility and precision in human hierarchical learning.
These behavioral results were captured by the Option Model,
providing further evidence for option learning and transfer in
humans.
Keywords: hierarchical reinforcement learning; the options
framework; transfer learning; credit assignment

Introduction
Via reinforcement learning (RL), biological and autonomous
agents can learn to take actions in an environment to maximize future cumulative reward (Sutton & Barto, 2018;
Collins, 2019). In many real-world applications of artificial RL, it is beneficial, and sometimes necessary, for the
agent to generalize or transfer past knowledge to solve new
tasks (Wang et al., 2020). However, compared to humans,
artificial agents are much less data-efficient transfer learners: they often require millions of training examples to adapt
to changed reward contingencies in complex environments
(Neftci & Averbeck, 2019). This discrepancy in learning abilities between natural and artificial intelligence leads to the
question: how do humans structure past knowledge to generalize in new contexts (Collins, 2018)?
To answer this question, it is essential to understand how
humans represent and compose knowledge. A common
theme in behavior and cognitive representation is hierarchical organization, in which representation is decomposed into
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a hierarchy of substructures. Human action has long been
recognized as hierarchically structured with nested subroutines rather than flat (i.e., non-hierarchical) stimulus-response
associations (Jeffress, 1951; Miller, Galanter, & Pribram,
1960). This hierarchical structure is reflected in the functional
organization of the prefrontal cortex (Badre & D’Esposito,
2007; Koechlin & Jubault, 2006; Koechlin, Ody, & Kouneiher, 2003). More recent works have sought to explain the
crucial role hierarchy plays in decision-making (Balleine,
Dezfouli, Ito, & Doya, 2015; Dezfouli & Balleine, 2013)
and learning (Collins & Frank, 2013; Eckstein & Collins,
2020). With hierarchically represented knowledge, humans
can compose lower-level chunks in novel ways to solve new
tasks (Lake, Ullman, Tenenbaum, & Gershman, 2017; Xia &
Collins, 2021).
To understand the computational mechanisms of hierarchically organized behavior, cognitive scientists have developed
hierarchical models of human behavior inspired by computational RL (Botvinick, 2008), especially the options framework (Sutton, Precup, & Singh, 1999). Extending classic
RL, the options framework generalizes single-step, primitive actions to include temporally extended action sequences
(i.e., options, or strategy ”chunks”), forming hierarchies in
time. This framework has drawn attention in cognitive science due to its resemblance to psychological accounts of behavior and benefits over traditional, flat RL, including better
scalability, more efficient exploration, and longer-term planning (Botvinick, Niv, & Barto, 2009; Botvinick & Weinstein,
2014). Under the options framework, each option is characterized by a set of states where it is initiated, a termination
condition, and an option-specific policy that maps states to
actions or options. Thus, selecting an option in one decision
step may trigger a series of decisions defined by the option.
Recent work has shown that the options framework is
not only plausible, but highly successful, as a model of human learning and decision-making. In a number of experiments, human participants identified meaningful subgoals
(i.e., secondary goals that were not directly rewarded) (Diuk,
Schapiro, et al., 2013; Schapiro, Rogers, Cordova, TurkBrowne, & Botvinick, 2013) and used reward prediction error
to track subtask progression (Diuk, Tsai, Wallis, Botvinick,
& Niv, 2013; Ribas-Fernandes, Shahnazian, Holroyd, &
Botvinick, 2019; Ribas-Fernandes et al., 2011). Using a
behavioral task with contingencies forming hierarchies over
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asked to retry. The second stage proceeded in the same fashion, except that explicit feedback was given in response to
each key press (1 for correct and 0 otherwise).
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time and states, Xia and Collins (2021) extended the options
framework to capture multiple types of generalizable hierarchical chunks. Their results showed that humans create and
compose hierarchical options, and use them to explore novel
contexts, consequently transferring past knowledge.
However, there has been a lack of data and accounts for
how new and old options are credited in new contexts where
options may be transferred or recomposed (i.e., how much
of the learning can be attributed to new vs. old options).
Here, using modified versions of the experimental paradigm
introduced by Xia and Collins (2021), we tested human participants’ performance in learning and transferring options
defined by hierarchical contingencies. We aimed to answer
two questions: a) after learning a set of options, when some
contingencies of these options are updated, do human participants create new options or overwrite existing ones? b) Does
the credit assignment of new and old options depend on how
similar the updated contingencies are to those learned originally?

Incorrect
choice

Incorrect
choice

0!

Correct
choice

1!

Correct choice


Methods


Participants All experiments were approved by the Institutional Review Board at University of California, Berkeley.
412 undergraduates completed the experiment and received
course credits for participation. Recruitment was restricted to
native or fluent English speakers above 18 with no significant
history of brain injury, mental/psychiatric illness, and alcohol
or drug abuse.








Design and procedure We used a sequential decisionmaking task with a hidden hierarchical structure that participants could discover via trial and error (Fig. 1). The hierarchical structure included temporal dependencies that allowed us to test for options: the correct choice for a stimulus
depended on previous choices in the current context. Participants had the opportunity to learn options at three levels
of abstraction: high, medium, and low-level options (HO,
MO, and LO). Across blocks, the contingencies changed to
enable learning of two high-level options (HO1 and HO2 ),
and then testing of new options (CA1 or CA2 for credit assignment), after which participants were re-tested on the old
options in Post-test blocks. Each block consisted of either 60
trials (Blocks 1-2) or 32 trials (Blocks 3-12). In the 12-block
versions of the experiment, participants skipped to the next
block if they made less than 1.5 presses in the second stage of
Block 1 or 2 for ten consecutive trials after the first 32 trials.
In each block, participants’ goal was to learn which sequence of key-press actions (e.g., A1 then A4) was the correct
response to each of four possible sequences of shape stimuli
(e.g., circle then diamond) based on deterministic, truthful
feedback. Each trial included two stages: in the first stage,
a circle or square was presented for 0.5 second and the participant pressed among four keys until reaching the correct
response or ten presses in total, which allowed the trial to
progress to the second stage. Participants had 2 seconds for
each key press before they were notified of a timeout and







 


 
 

 



 































































































Figure 1: Experimental design. In each stage of a trial, participants learned the correct response to each stimulus among
four keys (A1-A4): they must press the correct key before
transitioning to the next stage or trial. The correct stimulusresponse pairings were hierarchically designed and changed
across blocks such that we could test whether previously
learned options may be transferred to facilitate new learning.
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Computational modeling Here, we evaluate the Option
Model, which creates a new HO with new MOs and LOs
in the beginning of each new block context (Xia & Collins,
2021). This mechanism allows it to update either existing or
new options based on the context, leading to existing options
being overwritten or new ones being learned during transfer.
We use a superscript 1 or 2 to indicate the first or second
stage. In the first stage, the model selects an HO based on the
probability P1 of each HOi in the current context c1j , which
encodes the current temporal (block) context, for 1 ≤ i, j ≤ n.
Therefore, each block corresponds to a context in the first
stage, and switching to the next block signals a transition into
a new context. A new HO is created if and only if a new
context is encountered, so the numbers of HOs and first-stage
contexts are always the same. Upon encountering a new context c1n+1 , the model creates a new HOn+1 whose probability
of being sampled is

To ensure transfer effects were interpreted in participants
who had learned effectively, only those who achieved abovechance performance in both stages at the end of Learning
were included in our analysis. Test 1 tested participants’ responses to a new option context that could lead to different
amounts of negative transfer of learned policies under HO1 :
CA1 and CA2 included two and four associations conflicting
with HO1 , respectively. Post-test 1, participants were retested
on HO1 to help understand if the original HO1 policies were
overwritten by the putative negative transfer in Test 1. Test 2
tested how well the options learned in Test 1 retained.
Each participant completed one of four versions of the task,
which differed in the total number of blocks and the design
of Test 1 (Table 1). Some participants completed the task in
person, while others participated online. Each participant was
equally likely to be tested on CA1 and CA2 in Test 1.
Table 1: Dataset composition
Version
9-block CA1
9-block CA2
12-block CA1
12-block CA2

n (total)
57
42
67
62

% online
61%
62%
76%
74%

Test 1
CA1
CA2
CA1
CA2

P1 (HOn+1 |c1n+1 ) =

Test 2
CA1
CA1

γ1
.
Z1

and the probability of reusing an existing HOi for 1 ≤ i ≤ n is
P1 (HOi |c1n+1 ) =

Ni1
,
Z1

where γ1 is the concentration parameter, Ni1 =
∑nk=1 P1 (HOi |c1k ) is the cumulative probability of HOi
being chosen in all known contexts, and Z 1 = γ1 + ∑ni=1 Ni1
is the normalization constant. The model implements
Q-learning to track stimulus-action relationships. When
HOn+1 is initialized, each stimulus-action pair is given an
uninformative Q-value of 41 , as there are four possible actions
in total. At decision-making time, the model chooses an
action based on the softmax of the Q-values of the chosen
HO for each candidate action A1j with 1 ≤ j ≤ 4 that has not
been tried in the current stage of the trial:

Data analysis We measured performance in a given stage
of a trial using the number of key presses until the correct
choice was reached. Fewer presses indicated better performance. Ceiling performance was 1 press and floor was 10
presses per stage per trial. Chance-level performance was 2.5
presses, assuming no wrong choice was repeated in the same
stage of a trial. To evaluate transfer performance, we calculated the average number of presses in the second stage of the
first ten trials of each block, before learning was saturated,
and normalized it by the mean of Blocks 5 and 6. Statistical
significance was tested using the Mann-Whitney U test for
unpaired samples and Wilcoxon signed-rank test for statistics
of the same population.
As we intended to study transfer effects, it is prerequisite that these contingencies were learned sufficiently by the
end of the Learning blocks. As such, we only included participants who successfully learned the correct response sequences in the Learning phase (i.e., those who made an average of more than 2.5 presses per trial in either stage of the
last 10 trials of either Block 5 or 6). 31% of 101 in-lab and
49% of 311 online participants were excluded, with 228 participants remaining in data analysis. While the exclusion rate
is high, it is not rare for experiments with sparse reward outcomes and complex structures, particularly with online data.
Furthermore, the exclusion allowed us to study the transfer
of learned contingencies in the absence of added noise from
participants who did not learn them well. However, we acknowledge that a non-trivial proportion of participants may
not have successfully learned the correct strategy, the exclusion of whom might have created a skewed population.

P(A1j |S1 , HO) =

exp(β1 × Q1HO (S1 , A1j ))
∑4k=1 exp(β1 × Q1HO (S1 , A1k ))

,

where S1 is the first-stage stimulus, and β1 is the softmax
temperature parameter. Once an action A1 is chosen, a corresponding MO is activated for second-stage decision-making.
Then the model observes the outcome of performing A1 and
updates the probability of choosing every HOi for 1 ≤ i ≤
n + 1 using the Bayes’ Theorem:
P1 (HOi |c1n+1 ) ←

P(r1 |S1 , A1 , HOi )P(HOi , c1n+1 )
,
n+1
∑k=1 P(r1 |S1 , A1 , HOk )P(HOk , c1n+1 )

where the pseudo-reward r1 = 1 if A1 is correct and 0 if it
is wrong. Note that P(r1 |S1 , A1 , HOk ) = 1 − Q1HO (S1 , A1 ) if
k
r1 = 0 and Q1HO (S1 , A1 ) if r1 = 1. Then, the Q-value associk
ated with S1 and A1 is updated by
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Q1HO (S1 , A1 ) ← Q1HO (S1 , A1 ) + α1 × (r1 − Q1HO (S1 , A1 )),

 

where α1 is the learning rate. At the end of the stage, the
model forgets stimulus-action associations (Si1 , A1j ) ̸= (S1 , A1 )
in the first stage with a forgetting rate of f 1 :

Number of presses

1
Q1 (Si1 , A1j ) = (1 − f 1 ) × Q1 (Si1 , A1j ) + f 1 × ,
4
and it forgets all stimulus-action associations in the second
stage with a forgetting rate of f 2 .
In the second stage, the model keeps track of the MO2
specific probability PMO
of choosing each LO in the given
context c2j , which is characterized by the current block and
2 (LO |c2 ) is initialized
first-stage stimulus. For each MO, PMO
i j
1
1
and updated in the same way as P (HOi |c j ) with a different
concentration parameter γ2 . Once an LO is chosen, action selection and Q-value updating are analogous to the first stage,
with different softmax temperature parameter β2 and learning
rate α2 . Moreover, as participants quickly learned to avoid
choosing the correct first-stage action in the second stage, a
free meta-learning parameter m is added to account for this
knowledge. After computing P(A2j |S2 ) for each candidate action by taking the softmax of the Q-values, the model sets
P(A1 |S2 ) = m and, for A2j ̸= A1 ,
(1 − m) ×

1 − P(A1 |S2 )

First stage
Second stage

2.0
1.8
1.6
1.4
1.2
HO1

HO2

HO1

HO2

HO1

HO2

HO3

HO2

HO1

1

2

3

4

5

6

7

8

9

Block




> ***

0.4

Normalized number of presses

P(A2j |S2 ) =

P(A2j |S2 )

   

2.2

.

In total, the model has nine parameters: α1 , β1 , f 1 , γ1 , α2 , β2 ,
f 2 , γ2 , m.

Results
Overall performance The performance of all 228 participants in Learning and Test 1 (Fig. 2 top) replicated the results
of Xia and Collins (2021). In the second stage of Learning,
the average number of presses steadily decreased from 1.90
to around 1.32, which is substantially better than chance performance of 2.5. This suggests that participants effectively
learned strategies to succeed in the task by creating and utilizing hierarchical options under HO1 and HO2 . This was
confirmed by analysis of early performance in Blocks 5-6
(data not shown). In Test 1, performance worsened (0.30
more presses than baseline in the first 10 trials, p < 0.0001),
indicating negative transfer of HO1 .
When retested on the originally learned HOs in Posttranfer 1, participants’ performance did not drop from baseline (p>0.05). In other words, the negative transfer in Test 1
did not interfere with participants’ performance on previously
learned options. These results strongly suggest that in Test 1,
a new set of options (denoted HO3 ) were created and credited, and these options did not overwrite the existing options
(e.g., HO1 and HO2 ).

0.3

**

0.2
n.s.

0.1

n.s.

0.0
-0.1
-0.2

n.s.

7

Normalized number of presses

**
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0.4

CA blocks
HO1 block
HO2 blocks (control)
Blocks 5-6 (baseline)

0.3
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Block
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12

Figure 2: Learning curves of all participants (n=228) and
transfer performance in Blocks 7-12 of participants who completed the 12-block versions of the task (n=129), with model
simulations. Transfer performance was measured by the average number of presses in the first 10 trials of each block and
normalized by baseline (see fig. 3 for separate plots of CA1
vs. CA2). We use n.s. to indicate p ≥ 0.05; * for p < 0.05;
** for p < 0.01; *** for p < 0.001; >*** for p < 0.0001.
Error bars represent standard error of the mean.

Transfer performance Next, we analyzed the transfer performance of participants who completed the 12-block versions of the task (n=129) in the Test and Post-test phases (Fig.
2 middle). Performance in Test 2 worsened from baseline
(0.14 more presses in Test 2, p=0.0005), suggesting that
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Normalized number of presses

Modeling Using the Option Model, we simulated data for
2000 participants (Fig. 2 bottom). Because the model’s likelihood is intractable (Xia & Collins, 2021), parameters were
not fitted to the data, but fixed manually (α1 = 0.2, β1 = 2,
f 1 = 0.001, γ1 = 5, α2 = 0.45, β2 = 6, f 2 = 0.0001, γ2 = 20,
and m = 0.05) to match experimental learning curves and
show that the model can capture observed qualitative patterns. The model’s transfer performance was comparable to
that of human participants: in Test 1, the number of presses
increased from baseline by 0.26, similar to an increase of 0.30
presses in human participants; in Post-test 1, the model did
not perform worse than baseline (0.03 and 0.02 decreased
presses in Blocks 8 and 9, respectively). During and after
Test 2, it showed similar patterns of performance to human
participants. Effects of negative transfer persisted in Test 2
with increased presses. Moreover, performance improved in
Test 2 from Test 1, as well as in Post-test 2 from Post-test 1.

n.s.

0.4

Normalized number of presses

the behavioral effects of negative transfer persisted after Test
1. In addition, performance in Test 2 was significantly better
than in Test 1 (0.16 less presses in Test 2, p<0.0001). In the
control HO2 blocks (even-numbered blocks), human performance stayed at baseline level in Block 8 (p>0.05), improved
in Block 10 (0.15 less presses than in Block 8, p=0.0003), and
was maintained in Block 12 (p>0.05 for Blocks 10 vs. 12).
Using first press accuracy instead of number of presses to describe performance led to qualitatively identical results.
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Figure 3: Comparison of transfer performance in the second
stage of Blocks 7-12 (Test 1, Post-test 1, Test 2, and Posttest 2) between the CA1 and CA2 design of Test 1 in human
participants and the Option Model.

Behavioral effects of contextual similarity The previous
analyses collapsed over CA1 and CA2 in Test 1, which were
contexts with less and more potential negative transfer. To
test if the similarity between new and old contexts affected
credit assignment in option transfer, we further compared
transfer performance between CA1 and CA2 for human participants and the Option Model (Fig. 3). During and after Test
1, participants were divided into two groups based on the design of Test 1: CA1 (n=124) and CA2 (n=104). Similarly, the
analysis on Test 2 and Post-test 2 included participants who
completed the 12-block versions (n=67 for CA1 and n=62 for
CA2) of the task. We found no effect of group on any metric
of transfer performance in the second stage (Fig. 3 left). The
option model could capture this pattern adequately for Test 1
and Post-test 1 (Fig. 3 top right). However, it predicted qualitatively more presses in Test 2 following CA2 than CA1 as
Test 1, different than what we observed in participants (Fig.
3 bottom).

task progressed. At the end of each block, the model had
learned to exploit LOs that worked best for the current block
contexts. In simulations where Test 1 was CA1, the model
learned to use LO1 and LO2 in HO1 blocks, LO3 and LO4
in HO2 blocks, and LO13 and LO14 in CA1 blocks. Simulations where Test 1 was CA2 showed similar results, except
that in Test 2, the CA block different from Test 1, the model
exploited LO21 and LO22 rather than the same LOs it learned
to utilize in Test 1.

Discussion
The experimental data summarized above provided behavioral evidence for addressing both research questions we
asked: in a new context where some contingencies have
changed, do participants create new options or overwrite existing ones? Does the similarity of the new options to old
options affect how they are credited?
We observed that participants successfully learned the updated hierarchical contingencies in Test 1, in which they outperformed chance by a large margin. Since performance improved back to baseline level when old contingencies were
retested in Post-test 1, this strongly suggests that the old options learned in Learning were not interfered by the negative

Option learning of the model To provide a clearer picture
of which options the model learned and used, we illustrate
2
the probability PMO
of the model choosing each LO in the
second stage of each block context over 1000 simulations
(Fig. 4). In the beginning of each context, a new LO was
γ2
always created with a probability of P2 (LOi |c2n+1 ) = γ2 +Z
2,
where Z 2 = ∑ni=1 ∑nk=1 P2 (LOi |c2k ) increased with the number
of contexts encountered. Thus, the probability of a new LO
being sampled at the beginning of a block decreased as the
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Figure 4: The probability of the model choosing different LOs in each second-stage context. X-axis: the block context defined
by the identities of the block and first-stage stimulus. Y-axis: the LOs numbered based on the order by which they were created
(two LOs were created at the beginning of each block, corresponding to the two distinct contexts per block).
encountering a context with new contingencies later in the
task, the agent spent more key presses learning to utilize new
options, which led to worse performance in Test 2 when the
context was new than if it was not.
This divergence in human and model behavior stemmed
from a key limitation of the Option Model: it did not account for the meta-learning of humans. Unlike human participants who learned both the task structure and contingencies from scratch, the model was pre-programmed with metaknowledge of the task. Therefore, when meta-learning dominated learning, the model might fail to predict human behavior. In our experiment, human participants likely learned
in Test 1 that the block design could change from the previous pattern, and thus adapted more quickly to such a change
in Test 2. On the other hand, the model’s sampling probability of a newly created option was independent from how
much the block design changed. Though the Option Model
emulated some meta-learned behavior (e.g., the m parameter
modeled a low probability of pressing the first-stage answer
key in the second stage), it could not explain the process of
meta-learning (e.g., how the hierarchies of the contingencies
were learned). To improve the Option Model, future work
could seek to better understand the meta-learning in this task
with more nuanced data analysis or new experiments to tease
apart the two types of learning.
Most importantly, our work corroborates and extends the
theory that humans create, compose, and transfer hierarchical
options by providing evidence for how new and old options
are credited during transfer (Xia & Collins, 2021). However, some crucial questions remain challenging to answer
with the current evidence, such as how option hierarchies are
constructed and how well our simplified contexts and rules
translate into real-world option learning. Eventually, we hope
the options framework could help us understand humans’ exceptional ability to adapt to new contexts and transfer past
knowledge to solve novel problems.

transfer in Test 1. Therefore, we argue that new options were
reliably created in Test 1 and existing ones were not overwritten.
Based on our results (Fig. 4 top left), participants’ ability to
assign credit to a new set of options (rather than a similar, old
one) for the contingencies learned in Test 1 was not affected
by how similar the new options were to existing options. Particularly, human transfer performance in Test 1 and Post-test
1 did not differ between CA1 and CA2 participants, which
implies that credit assignment did not depend on the amount
of negative transfer in the new options. This indicates very
efficient credit assignment to a new option, avoiding interference with previously learned policies, even when they were
very similar.
Surprisingly, we saw no benefits in Test 2 to participants
who had a chance to transfer the newly learned Test 1 option (CA1 in Test 1) compared to those who needed to create
a second new option (CA2 in Test 1). This might show that
although participants created and assigned credit to a new option in Test 1, they did not consolidate it sufficiently to enable
future transfer. As a result, the overall increase in performance from Test 1 to Test 2 was unlikely to reflect option
transfer. Instead, it might indicate meta-learning of the task
structure: for example, participants might have learned from
Test 1 that block design could change from HO1 and HO2 ,
and thus increased their prior probability over new options.
Overall, the Option Model captured human behavior well
in learning, utilizing, transferring, and crediting options, despite its inaccurate prediction that transfer performance in
Test 2 would be worse in CA2 participants than CA1. This
discrepancy between the two simulated groups was due to
the increasing difficulty to reject existing options and exploit
new ones as more contexts had been encountered. On the algorithmic level, the fixed concentration parameter γ2 caused
the probability of sampling newly created options to decrease
over the course of the experiment (Fig. 4 left). Thus, when
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Abstract
Global Workspace Theory (GWT) has become a prominent
functional account of cognitive access in humans and other
primates. In the decades since its proposal, there have been a
number of computational models developed to study the hypothetical dynamics of the global workspace, most of which are
hand-designed to reflect the expectations of the theory. Here
we examine a recently successful general deep learning architecture, the Perceiver, as a potential theoretical candidate for
the global workspace. We find that despite being developed in
an unrelated context, the Perceiver meets a number of theoretical requirements of the global workspace. More importantly, it
demonstrates empirical behavior consistent with that expected
by GWT in both attentional control and working memory tasks
drawn from the cognitive science literature. Taken together,
this evidence suggests that the Perceiver and related models
may be a useful tool for studying the global workspace and its
potential realization in both artificial and biological agents.
Keywords: Global Workspace; Neural Networks; Working
Memory; Attentional Control

Introduction
Of the many proposed accounts of cognitive access in humans and other primates, Global Workspace Theory (GWT)
has enjoyed some of the most lasting influence (Baars, 1988;
Mashour, Roelfsema, Changeux, & Dehaene, 2020). This is
due thanks both to its elaborations over time (Dehaene, Kerszberg, & Changeux, 1998a; Dehaene & Changeux, 2005),
as well as the empirical evidence collected which supports
the theory (Dehaene & Changeux, 2011; Van Vugt et al.,
2018). Taken at the highest level, GWT proposes that cognitively accessible information is represented in a network
of sustained activity between brain regions referred to as the
global workspace. This workspace interacts with a set of otherwise independent information processing modules within
the brain, acting as both an information sharing hub as well
as a central processing point.
The idea that cognitive access is mediated via a global
workspace is supported by a variety of neuroscientific evidence (Mashour et al., 2020). Key to the dynamics of the
global workspace are the concepts of ignition and broadcasting. In ignition, information present within one module of the brain is amplified via recurrent processing to the
point of crossing a critical threshold where it then enters the
global workspace. Information sustained within the global
workspace is then broadcast to contextually relevant modules
(Dehaene & Changeux, 2011). Research has demonstrated
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that prefrontal cortex activation through an ignition-like event
is required for conscious report of a stimuli, whereas high
level visual cortex activation alone is insufficient (Van Vugt et
al., 2018). Information passing the computational criteria to
cause ignition and broadcasting through the global workspace
is intimately connected to the related concept of attentional
selectivity.
The global workspace is also implicated in tasks requiring the maintenance and manipulation of abstract information
(Baars, 1988). As such, there is a strong connection between
broadcasting in the global workspace context and what is typically referred to as working memory (Mashour et al., 2020).
In this way, the global workspace serves as a high-level computational description both of cognitive access as well as the
executive functions typically associated with frontal cortex in
mammals. This connection has seen recent empirical support as well in experimental animal research (Panichello &
Buschman, 2021).
Starting from the initially abstract description of the global
workspace, there have been a number of attempts to develop more concrete computational models of its hypothetical dynamics (Dehaene et al., 1998a; Dehaene, Sergent, &
Changeux, 2003; Whyte & Smith, 2021). Taking the properties of the global workspace as the starting point, many of
these models have been hand-designed in order to reflect the
desired properties in the model. What has been explored less
often is the possibility that already popular machine learning
architectures may well map onto the theoretical properties of
the global workspace.
One compelling area of research to examine are recent developments in the field of deep learning, where there have
been a number of advancements driven by novel neural network architectures and training procedures (LeCun, Bengio,
& Hinton, 2015). In particular, recent success has been
driven by the development and application of multi-headed
attention mechanisms, which enable the sequential processing of dynamic units of information (Vaswani et al., 2017). In
this work, we analyze one such recently successful attentionbased deep learning architecture, the Perceiver, as a potential
theoretical candidate for the global workspace. The Perceiver
(Jaegle, Gimeno, et al., 2021), and its more recent instantiation, PerceiverIO (Jaegle, Borgeaud, et al., 2021), consist of a
set of cross-attentional and self-attentional operations which
utilize a shared workspace, and a variable number of input

In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).
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Figure 1: Diagram of the Perceiver architecture within the context of GWT. Information from a set of modules are read into
the workspace using a cross-attention mechanism. The contents of the workspace are then maintained and manipulated using a
self-attention mechanism. Finally, the information from the workspace is then read back out to the modules utilizing a second
cross-attention mechanism. This process is repeated at each time-step of computation within a sequential task.
putational model of the global workspace.
Given both the theoretical alignment as well as the empirical validation, we believe that Perceiver and the related
models such as (Goyal et al., 2021), can serve as potentially
useful new tools to better understand GWT and its potential realization in both artificial and biological agents. While
this work explores theoretical and behavioral expectations of
these models, we hope that future work can elucidate complementary results with respect to representational properties
and underlying neural dynamics of these models. Of particular interest would be to analyze the population dynamics of
these networks as they compare to neural data, demonstrating not only a theoretical and behavioral connection, but a
representational one as well.

and output modules. Along with achieving impressive empirical performance on a number of challenging tasks within
the machine learning literature, it is also theoretically and
functionally similar to another recently proposed architecture
which takes explicit inspiration from the global workspace
(Goyal et al., 2021). It is this latter connection which motivates our deeper analysis of its connection to GWT.
If we examine the theoretical requirements of the global
workspace, we find that the ability to read and write between
a dynamic set of modules (ignition and broadcasting), the
ability to apply selective attention to that process (attentional
control), and the ability to maintain and manipulate information within the workspace over time (working memory) are
all core requirements of any potential computational model.
Despite being developed in an independent context and with
unrelated goals in mind, the Perceiver meets all of the theoretical requirements of the GWT. It support reading and writing
from a dynamic set of modules, utilizes attentional mechanisms at multiple levels of processing, and supports the robust maintenance and manipulation of information within its
memory storage.

Theoretical Comparison
We can derive from the description of the GWT provided by
(Baars, 1988; Dehaene, Kerszberg, & Changeux, 1998b) a
set of criteria by which to judge a candidate neural network
implementation of the theory. Here we consider four specific
abstract computational properties of the GWT and analyze
the extent to which the Perceiver and its potential variants
meet these criteria.

In addition to theoretical considerations, we consider an
empirical evaluation of Perceiver from the perspective of the
expectations of GWT. While Perceiver has been implemented
and validated in a number of large-scale machine learning
problems (Jaegle, Gimeno, et al., 2021), it has not been examined in this more restrictive domain as a model of cognitive
access. Here specifically, we examine n-back and cue-recall
tasks inspired by the cognitive science literature of attentional
control and working memory (Rosen & Engle, 1997; Kane,
Conway, Miura, & Colflesh, 2007). We find that in all behavioral tasks Perceiver behaves consistently with the expectations of the GWT, while various ablations of the model fail
at one or more of these tasks, suggesting that both crossattention and self-attention are necessary for any valid com-

Table 1: Table comparing theoretical properties of different
candidate model architectures.
Criteria
Dynamic Modules
Selective Attention
WM (Maintain)
WM (Manipulate)
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FF-ID
✗
✗
✓
✗

FF-SA
✗
✗
✓
✓

CA-ID
✓
✓
✓
✗

CA-SA
✓
✓
✓
✓
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Figure 2: Top: Diagram of modules used for behavioral tasks. Each time-step an image is divided into four quadrants, which
are each represented as separate modules to the workspace. Bottom: Diagram of the various behavioral tasks and their variants.
Boxes correspond to images presented to models during a trial. Bottom arrows correspond to expected behavioral outputs from
model.

Global Workspace Properties

of relevant modules.
The third and fourth properties under consideration are
whether the global workspace possesses the capacity to maintain and manipulate information over time. These capacities can be seen as together being largely consistent with the
concept of working memory, and is distinguished from other
forms of short term memory in that it is amenable to conscious manipulation, as well as requires conscious effort to
maintain information in the face of potential distractor information competing to enter the workspace.

The first property we consider is the ability to interact with
a dynamic set of modules. While the neural anatomy of the
brain is largely fixed, what counts as a “module” within the
GWT is dynamically determined based on population activity across multiple brain regions at a given time. As such,
a neural network model of the global workspace should be
able to take input from an unordered set of modules which
potentially changes over time.
The second property we consider is whether the model has
the capacity for selective attention over the set of modules,
corresponding to so-called ignition and broadcasting. While
there has been some work to dissociate the more general cognitive phenomena of attention from conscious access (Koch
& Tsuchiya, 2007), proponents of GWT suggest that information entering the workspace, and thus becoming cognitive available for broadcast can be thought of as a kind of
high-level attention selection process (Mashour et al., 2020).
Within the GWT, attentional gating takes place both during
the read phase of processing where the workspace reads from
the set of modules as well as during the write phase where
information from the global workspace is broadcast to a set

Candidate Model Architectures
We compare the Perceiver neural network architecture to
three ablation models derived from the Perceiver which have
aspects of the full model removed or altered. We select
these ablated models in order to demonstrate the necessity
of the full architecture in meeting the criteria of the global
workspace.
We begin our analysis with the full Perceiver architecture, which utilizes both cross-attention operations for reading and writing, as well as self-attention operations for recurrent processing. We refer to this model as CA-SA. Each
of the proposed variants modifies one or more of these at-
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Table 2: Table comparing the the various behavioral tasks according to their ability to test for the presence of the global
workspace criteria defined above.
Behavioral Task
Digit ID
Digit ID (Swap)
Digit ID (Distractor)
N-Back
N-Back (Swap)
N-Back (Distractor)
Cue-Recall

Dynamic Modules
✗
✓
✗
✗
✓
✗
✓

Selective Attention
✗
✗
✓
✗
✗
✓
✓

WM (Maintain)
✗
✗
✗
✓
✓
✓
✓

WM (Manipulate)
✗
✗
✗
✗
✗
✗
✓

self-attention mechanism between reading and writing to and
from the set of modules. The result is that these models are
capable of both maintaining and manipulating information
present within the workspace. Table provides a summary of
the various theoretically expected capabilities of each model
architecture. In the following section, we consider the extent
to which the models empirical performance matches these expectations.

tentional mechanisms. Instead of cross-attention for input
and output, we propose models which utilize a concatenation between modules and the hidden state of the workspace
as input to a multi-layer perceptron. Likewise, output from
the model can be computed using another multi-layer perceptron. We refer to this architecture as FF-SA when paired with
a self-attention recurrence. Secondly, we consider replacing
the self-attention recurrence operation with a simple identity
operation between input and output. We refer to this as CAID when paired with cross-attention, and FF-ID when paired
with the simpler read/write operation.

Empirical Comparison
Our theoretical examination suggests that the full Perceiver
architecture (CA-SA) is best suited as a neural network implementation of the global workspace, and that removing or
altering either of its attention mechanisms will reduce this
functionality. In this section, we employ a set of behavioral
tasks to empirically validate this theoretical expectation. The
suite of behavioral tasks was developed to address the four
identified properties of a global workspace: the ability to handle dynamic sets of modules, the ability to selectively admit
information into the workspace, and the ability to maintain
and manipulate that information over time in the workspace.
Concretely, we utilize tasks based on n-back and cue-recall
paradigms drawn from the cognitive science literature (Rosen
& Engle, 1997; Kane et al., 2007).

We can first compare these candidate architectures according to their capacity to handle dynamic sets of modules. Due
to the requirement of a fixed input space at each time-step,
the FF-ID and FF-SA models are unable to support dynamic
ensembles of modules in either the read or write context. This
is the case both for sets of modules which vary in their size
from time-step to time-step as well as sets of modules which
vary in their order from time-step to time-step. In contrast, the
CA-ID and CA-SA architectures both utilize cross-attention
operations over the set of input and output modules. This
enables support for both dynamically sized and dynamically
ordered sets of modules at each time-step.
We next compare these architectures according to their capacity to support selective attention over the contents of the
set of modules. The FF-ID and FF-SA models have limited
capacity for selective attention, as it must be the result of
fixed learned weight matrices which are content agnostic. In
contrast, because the CA-ID and CA-SA architectures utilize
cross-attention in the reading and writing process, the contents of each module can be selectively attended to or completely ignored based on the behavioral needs of the task.

Methods
We utilize a total of seven different behavioral tasks, based on
modifications of the n-back and cue-recall paradigms. Each
task is separated into a series of learning trials, followed by
a series of test-time trials. The models are trained from data
collected during the learning trials, and evaluated based on
their performance during the test-time trials. Depending on
the task, the nature of the test-time trials may differ in key
aspects from the learning trials. The ability of each model to
adapt to the test-time conditions determines its performance.
Table provides an overview of each of the behavioral tasks,
and which properties of the global workspace they are designed to evaluate.
In the Digit-ID task, a series of randomly selected digits valued between 0 and 9 are presented in a single quadrant of the screen in sequential order for the duration of a
trial. The goal of the task is to provide as output the value

Finally, we compare the capacity of each of these architectures to support both the maintenance and manipulation of
information in working memory. Considering the FF-ID and
CA-ID models, we find that while information is retained between time-steps, thus supporting maintenance, there is no
explicit process by which information can be manipulated
over time, a key aspect of working memory. As such, these
models capacity for working memory is only partial. In contrast, the FF-SA and CA-SA architecture utilizes an explicit
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Table 3: Table comparing performance of each of the model architectures on the various behavioral tasks. Each cell presents
the mean and standard deviation of the model in a given task computed over five separate experiments.
Model
FF-ID
FF-SA
CA-ID
CA-SA

Digit ID
.97 (.00)
.98 (.00)
.98 (.00)
.97 (.00)

Digit ID (Swap)
.06 (.04)
.08 (.03)
.98 (.00)
.93 (.03)

Digit ID (Dist)
.75 (.12)
.83 (.10)
.91 (.05)
.74 (.08)

N-Back
.94 (.00)
.96 (.00)
.87 (.12)
.96 (.02)

of the currently-presented digit at each time-step. In DigitID (Swap) the location of the digit presentation is changed
between the learning trials and the test-time trials. In DigitID (Distractor) an additional distractor digit is presented in a
separate quadrant of the screen during test-time that was not
present during training. This additional digit is presented in a
lighter color than the true target digit.
In the N-Back task the same digit presentation as in the
Digit-ID tasks is used, with the exception that the goal is to
output at each time-step the value of the digit presented two
time-steps in the past. For the initial two time-steps a nulltoken is expected as the output. In the N-Back (Swap) condition the position of the digits changes to a separate quadrant
during the test-time trials. In the N-Back (Distractor) task
an additional distractor digit is presented in a separate quadrant of the screen during test-time that was not present during
training.
Finally, in the Cue-Recall task, the model is presented with
a series of images for each trial whose contents vary depending on the time-step of the trial. The first image presented is a
visual symbol denoting the trial type, which can consist of either ”SUM,” ”MIN,” or ”MAX.” There is then a blank image
presented, followed by between one and four cues denoted by
a ”+” sign in the four quadrants of the screen. There is then
another blank image followed by a set of digits between 0 and
9 presented in the four quadrants. After a final blank image,
there is then a prompt to provide a behavioral response corresponding to the denoted mathematical operation applied to
the set of cued digits. Between the training and testing trials
the set of possible cue combinations is changed. See Figure 2
for a schematic of each of these behavioral tasks.
Given each of the behavioral tasks, the training procedure
for the neural network models is as follows. Each task consists of a sequence of 64x64 images provided to each model.
Each model produces a behavioral output at each time-step,
along with a reconstruction of the image input. In each model,
the image is initially pre-processed by a convolutional neural
network (CNN) (LeCun, Bengio, et al., 1995), and the output of the CNN is split into four separate “visual modules.”
Each visual model also possesses a learned positional encoding (Vaswani et al., 2017). An additional “motor module” is
used to provide a learned encoding for the behavioral output.
All models are trained using gradient descent to minimize
mean-squared error on the image reconstruction as well as the
cross entropy loss of the target behavioral output. All models

N-Back (Swap)
.22 (.00)
.21 (.01)
.71 (.23)
.69 (.26)

N-Back (Dist)
.51 (.11)
.32 (0.1)
.32 (.01)
.72 (.17)

Cue-Recall
.03 (.03)
.02 (.00)
.56 (.02)
.56 (.03)

utilize hidden layers of size 256, and a representational capacity of 512 units for the workspace itself. The workspace
capacity is evenly divided between four sub-units. All models
are trained with the same learning rate of 1e−4 and an L2 regularization loss of 2e−5 using the Adam optimizer (Kingma
& Ba, 2014), and same architecture, with the exception of the
workspace module itself. This results in small but insignificant differences in total parameter sizes between the models. Each model was trained for a total of ten epochs on the
training set of trials, and evaluated using a separate test set of
trials. We repeated each experiment seven times per model in
order to perform statistical analysis of relative model performance.

Results
We begin our analysis with the simplest task requiring none of
the stated properties of the global workspace, Digit-ID. Unsurprisingly, we find that all four models are able to perform
this task with near-perfect accuracy (Mean > 0.95). With a
validation of the basic functioning of each model, we can examine model performance according to the four criteria of
interest for a global workspace. We first consider the ability
of the model to maintain information within the workspace,
as evaluated by the N-Back task. Here we find no significant differences between the four models (one-way ANOVA
p > 0.05), with all models solving the task with a high level
of accuracy (Mean > 0.85).
We then consider the ability of the model to manage a dynamic set of modules, as evaluated by the Digit-ID (Swap)
and N-Back (Swap) tasks. Here find that the models utilizing
cross attention (CA-ID and CA-SA) both significantly outperform the models without cross attention (FF-ID and FF-SA)
in both of the tasks (independent t-tests p < 0.01). This result
demonstrates that the cross-attention mechanism provides a
strong inductive bias towards permutation invariance in the
model architectures.
We next consider the third criteria of the global workspace,
the ability to selectively attend to information present in the
set of modules. To examine this, we utilized the Digit-ID
(Distractor) and N-Back (Distractor) tasks. With the DigitID (Distractor) task, we find mixed results. Here the best
performing model, CA-ID, significantly outperforms the CASA and FF-ID models (p < 0.5), but not the FF-SA model
(p = 0.09). In the case of the N-Back (Distractor) task, we
find that the best performing model, CA-SA, outperforms the
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Figure 3: Bar plots displaying mean performance of each model on the various behavioral tasks. Error bars correspond to
standard deviations. Values computed over seven separate experiments.
CA-ID and FF-ID models (p < 0.05), but did not significantly
outperform the FF-SA model (p > 0.05). These results suggest that the presence of self-attention was a significant advantage in the task, and that cross-attention, when paired with
self-attention provided additional benefit.
The last task we consider, Cue-Recall evaluates all four
global workspace criteria simultaneously. As such, it is the
most comprehensive task of a global workspace like mechanism. Here we find that the CA-SA model performs with
greater than 50% accuracy (Mean = 0.56), while also significantly outperforming the other three models (independent
t-tests p < 0.01), none of which achieve an accuracy level
above chance. This suggests that both cross-attention and
self-attention are necessary for this task. The full results of
the experiments are presented in Table and Figure 3.

(Jaegle, Borgeaud, et al., 2021), there is perhaps a case to be
made that the general principles behind the global workspace
can indeed support a complex set of reasoning abilities in humans and machines (Mashour et al., 2020).
Beyond the Perceiver architecture, there are many other
opportunities for modern deep learning architectures which
implements aspects of GWT. The recently proposed global
workspace module from Goyal et al. is architecturally similar to the Perceiver, and we expect it to display similar advantages. Indeed, this is perhaps not surprising, given that
the model is explicitly motivated by the global workspace
architecture. Not addressed here is the larger question regarding the kind of representational space induced by a
global workspace, a topic recently addressed by (VanRullen
& Kanai, 2021). In the wider field of computer science, there
have also been proposals for first-principles approaches to
global workspace like architectures (Blum & Blum, 2021),
as well as efforts to integrate global workspace models into
larger cognitive architectures (Juliani, Arulkumaran, Sasai,
& Kanai, 2022). One interesting future avenue of research
would be to move beyond behavioral tasks and examine the
learned representations and neural dynamics of the Perceiver
and other candidate neural network architectures. Of particular interest would be the extent to which these too match
the expectations of the global workspace, and recent neuroscience work inspired by it (Van Vugt et al., 2018).

Discussion
In this work we analyzed the properties of the Perceiver architecture in light of its ability to meet the criteria of the global
workspace, as outlined in (Baars, 1988) and (Dehaene et al.,
1998b). We identified the ability to handle a dynamic set of
modules, the ability to selectively attend to information in
those modules, and the ability to maintain and manipulate information within the workspace as four key criteria for evaluation. We then compared the Perceiver to three potential variants derived from specific architectural changes and found
that from both a theoretical and empirical perspective, the full
Perceiver architecture best meets the criteria, thus serving as
a potential model of the global workspace. In particular, we
found that the cross-attention mechanisms for input and output, as well as the self-attention for recurrent processing were
essential to demonstrating behavior which would be expected
from a global workspace. Given Perceiver’s strong empirical
performance on a diverse set of large-scale learning problems
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Abstract
A central question in cognitive science is how semantic information is mentally represented. Two dominant theories of
semantic representation are language-based distributional semantic models (which suggest that word meaning is based
on which words co-occur in language) and semantic networks
based on word associations (which suggest that words are represented as a network in which words with closer meanings
are more closely linked). We investigate the issue of semantic representation through the lens of core vocabulary – the set
of words that are most central in the mental lexicon – which
these two theories make different predictions about. We report on the results of an experiment that tests which measure
of core vocabulary most closely aligns with human behaviour
in a word-guessing game where the aim was to identify a target
word given a set of semantically related words as hints. Target
and hint words, which varied across trials, were generated from
different core vocabulary lists corresponding to these different
theories. Results revealed that the type of hint words did not affect performance, but that better performance was attained for
target words derived from word associations than from natural
language distributional statistics. Follow-up analyses ruled out
several alternate explanations. Our results suggest that the semantic information reflected in word associations may be more
involved in the efficient identification of lexical meaning.
Keywords: semantic representation; lexicon; distributional
semantics; concepts; core vocabulary; age of acquisition; frequency; word associations

Introduction
The nature of semantic representation is a central question in
cognitive science: how are the meanings of words represented
in our mental lexicons? This and related questions (what is
the relationship between language and thought? how much
do the pressures of communication and learning shape our
lexicons) have been the focus of decades of research.
One prominent approach suggests that the meaning of a
word is derived in large part from the words it co-occurs with
in the linguistic environment. This language-based distributional approach is the basis of most state-of-the-art models
of language in machine learning and AI (e.g., Brown et al.,
2020) and has also been shown to predict human behaviour
fairly well (Mandera, Keuleers, & Brysbaert, 2017). A contrasting semantic network approach based on word associations suggests that we represent words in an interconnected
way, such that words with stronger links are more semantically related; as such, the meaning of a word is derived from
its position relative to the other words in the network.
Although the distributional approach is closely tied to natural language and the semantic network approach to word
associations, this is not always the case: word associations
can be encoded as a distributional model and semantic networks can be built from language co-occurrence data (Bel-
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Enguix, Gómez-Adorno, Reyes-Magaña, & Sierra, 2019; Rotaru, Vigliocco, & Frank, 2018; Steyvers, Shiffrin, & Nelson,
2005). For this reason, our aim is to investigate differences
between these approaches not in terms of the format, but in
the actual content they encode. One of the main ways this
content differs is in the extent to which each incorporates
pragmatic information about what tends to be said instead
of what is merely sensed or thought about. In language-based
approaches, the meaning of a word is based entirely on how
words are used during communication. As a result, their semantic representations are shaped more by pragmatic factors
of conversation and less by information that is sensory in nature (Vankrunkelsven, Verheyen, Storms, & De Deyne, 2018;
De Deyne, Navarro, Perfors, & Storms, 2016; De Deyne,
Navarro, Collell, & Perfors, 2021). For example, during language use a word like yellow might not be associated with banana as often as green is, because yellow is sensed and taken
for granted as part of the common ground (and thus unstated),
whereas green is unusual and thus important to mention.
Despite their differences, both approaches incorporate the
insight that words depend on each other for their meaning
(Kang, 2018; Schulte Im Walde & Melinger, 2008; Gruenenfelder, Recchia, Rubin, & Jones, 2016). This means that in
both, some words are depended on more than others. We call
these core words: the words that are representationally central to the mental lexicon. In models built from word associations, the core words are those that are linked to the most
other words, which we identify here based on a measure of
centrality called I N S TRENGTH (defined below).
Another way to identify core words is to focus on the process rather than the outcome of building the network. For
instance, the preferential attachment hypothesis suggests that
semantic networks are built up by attaching new words to existing ones (Brysbaert, Van Wijnendaele, & De Deyne, 2000;
Hills, Maouene, Maouene, Sheya, & Smith, 2009; Steyvers
& Tenenbaum, 2005). It thus implies that the core words are
the ones that are acquired earliest and have a lower age of
acquisition (AOA). For distributional language models, we
define core words as those that occur most frequently in natural language, measured using corpus word frequency (WF).
Word frequency is directly analogous to I N S TRENGTH: the
central words in a graph derived from distributional statistics
are the most frequent ones. It is also highly correlated with
other possible measures of coreness like contextual diversity
(Hollis, 2020).
As Table 1 reveals, the core words picked out by these different approaches capture their essential characteristics. High
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Table 1: Top 10 core words in each core word list.
1
2
3
4
5
6
7
8
9
10

AO A
mom
potty
water
wet
spoon
nap
dad
grandma
hug
shoe

WF
go
know
come
like
right
think
good
want
see
say

I N S TRENGTH
money
food
water
car
music
bird
sex
love
dog
old
Figure 1: Sample trial. People were given up to six hints to
guess the target word (a simple English word they were told
was a password for unlocking a computer). Targets and hints
were drawn from different core word lists, and participants
tried to guess each password with as few hints as possible.

frequency words tend to be more semantically depleted and
polysemous, reflecting their versatile use in many communicative contexts (Jorgensen, 1990; Tragel, 2001). Words that
are central in semantic networks tend to reflect psychologically important categories (Steyvers & Tenenbaum, 2005;
De Deyne, Navarro, et al., 2016), and early-acquired words
tend be salient to children (Bates et al., 1994).
The study of core words has a long tradition in linguistics, ranging from creating vocabulary lists for pedagogical
purposes (Carter, 1987; Ogden, 1930; West, 1953) to studies of centrality in dictionary definitions (Vincent-Lamarre
et al., 2016), to the search for universal semantic primitives
(Wierzbicka, 1996). These treatments of core words do not
always focus on psychologically-motivated theories of meaning discussed earlier. As such, they have not often been empirically compared to assess how well they account for human behaviour, nor have core words been used to experimentally adjudicate between the different psychological theories
of meaning they reflect. This is the gap our work fills. We
present people with a simple word-guessing game involving
hints and targets from different core word lists. Our question
is which core word list – and thus which psychological theory
of meaning – best explains human behaviour in this game.
The notion of using word games to investigate the mental
lexicon is not new (Moskvichev & Steyvers, 2019; Kim, Ruzmaykin, Truong, & Summerville, 2019; Shen, Hofer, Felbo,
& Levy, 2018; Xu & Kemp, 2010; Heath, Norton, Ringger, &
Ventura, 2013). Not only are such games cognitively natural
and even fun, they provide data that can be used to quantitatively compare the predictions made by different theories of
semantic meaning. In our task, which varies which core word
lists (I N S TRENGTH, WF, or AOA) provide the hints and target words, we focus on two main questions. First, which
type of core words are the most effective hints? And secondly, which type of core words are the easiest-to-guess targets? Based on the logic that more peripheral words should
be harder to guess and/or harder to guess with, if any of the
core word lists results in higher performance, that may be an
indication that those words are core in people’s actual lexicons, and thus that the theory of meaning they correspond to
offers a better account of human semantic representation.

Method
Participants
500 participants were recruited from Amazon Mechanical
Turk and paid $4.16 for the 20-25 minute task; of these,
487 had non-corrupted data files, and 479 passed the preregistered1 check trials (described below). Ages ranged from
20 to 79 years old (M = 40.47) and 46% were female. 90.5%
reported being native English speakers, and all passed a qualification assessing English proficiency.

Procedure
Participants completed the task online after giving consent,
providing optional demographic information, reading the instructions, and answering two questions about them.
The task was set up as a game in which participants were
asked to unlock computers by guessing their passwords based
on a series of related hint words. Each trial corresponded
to a computer with a different password and the goal was
to unlock as many computers in as few attempts as possible. Participants were informed that each password was a
simple, common English word. One hint word was revealed
at a time, with people making a guess at the password after
each one. Hints were presented in order of their similarity
to the target word, with the most similar hint shown first. A
trial ended (and the password revealed) either if the password
was successfully guessed or six hints had been provided with
no success. As Figure 1 shows, participants were able to see
the hints they had seen so far, their previous guesses, and the
number of attempts remaining on that computer. They were
also shown a running tally of how many computers were successfully unlocked and how many computers were remaining.
After a practice trial, each participant completed 24 experimental trials and two non-experimental catch trials that were
1 https://aspredicted.org/blind.php?x=LZR
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designed to be substantially easier to guess than the experimental ones (their target words were fish and hour). As preregistered, we excluded any participant who failed to guess
either of these words (eight in total). Except for the catch
trials, which were the same and always on the 10th and 20th
trials, the targets, hints, and order was randomised for each
person. We manipulated three factors within subject in a
4 × 3 × 2 design: target condition, hint condition, and similarity type (all described below). These factors were fully
counter-balanced such that each of the 24 combinations of
factors was seen exactly once by each participant.

Table 2: Target words in each target condition.
AO A
rice
doll
bite
plate
tail
grandma
pillow
arm
crayon
brush
bathroom
boot
snack
butt
hungry
hug
door
breakfast
neck
hill
kitchen
bottle
towel
cookie

Materials
Core word lists Word association data was sourced from
the Small World of Words project, which contains associations for over 12,000 English words (De Deyne, Navarro,
Perfors, Brysbaert, & Storms, 2019). From this, each word
was assigned an I N S TRENGTH coreness score, calculated as
the sum of the weights of all edges directed toward that node,
where edge weights represent associative strengths; words
that are commonly given as associates of other words have
higher I N S TRENGTH and thus are more core. The AOA
coreness score was assigned based on norms sourced from
Kuperman, Stadthagen-Gonzalez, and Brysbaert (2012), such
that earlier-learned words are more core. Finally, the WF
coreness score, corresponding to the language-based approach, was based on the SUBTLEX database (Brysbaert &
New, 2009), such that more frequent words were more core.
I N S TRENGTH and WF measures were log-10 transformed.
Once these lists were identified, we grouped together inflectional forms of the same lemma (e.g., run, runs, running)
in order to focus on lexical concepts. For the same reason,
function words (e.g., determiners, auxiliary verbs, and prepositions) were excluded. Finally, a few additional words had
to be removed because they were not in the word association lexicon or text corpus and it was therefore impossible
to match hint words to targets (see below for details); this
mainly affected early-acquired words like oink or popsicle.
Each of the three core word lists consisted of the top 300
words on that measure (see Table 1 for some examples).
In order to enable comparison of coreness scores across
lists, each of the three measures was normalised by computing the difference between each word and the first word, divided by the difference between the first and 300th word. As
a result, 0 corresponds to the word that is the most core on a
given list and 1 corresponds to the 300th word on it.

E QUAL
park
block
middle
cross
stop
roof
face
chain
stick
push
head
sound
story
age
tie
tear
mess
storm
parent
repeat
cute
choose
low
big

WF
ready
hope
send
use
know
thing
stuff
trouble
go
take
find
spend
marry
keep
follow
way
pick
call
room
look
die
make
remember
wait

I N S TRENGTH
anger
music
pain
paper
religion
round
sea
sick
beach
snake
strong
boring
tool
warm
white
wood
book
car
clean
dirty
drink
fat
horse
light

plore whether it is easier to guess target words that are core
under different theories of meaning (WF for language-based,
AOA for preferential attachment, I N S TRENGTH for word associations). The E QUAL condition allows us to ask whether
different hint words are more or less useful (see below for a
more complete description of hint word selection).
Hint conditions Each target word was associated with
three possible sets of hints corresponding to the three hint
conditions (AOA, I N S TRENGTH, WF). Thus, one of the hint
lists was congruent with the target word (with hints and targets selected from the same list) and the other two were incongruent. Each participant who saw a given target word was
shown hints from one of the three hint lists, counterbalanced
so that no participant saw any target word or target / hint condition combination more than once. This ensured that over
all trials, any differences in performance between target condition or hint condition could not be the result of differences
in congruency between targets and hints.

Target conditions There are four target conditions, each
corresponding to a list with 24 words (see Table 2). Target words in the AOA, WF, and I N S TRENGTH conditions
were selected because they were more core on that measure
and less (but equally) core on the other two, while those in
the E QUAL condition were selected to be equally core on all
three measures.2 The first three conditions allow us to ex-

on the other lists is: AOA 1.44, WF 1.29, I N S TRENGTH 1.2. This
means, for instance, that WF target words had an average coreness
of 0.59 on the WF list, but 1.29 on the other two (AOA 1.31, I N S TRENGTH 1.26). That is, they are words that the language-based
approach predicts are more core (because they are higher in frequency) but the other approaches predict are less (because they are
less central to the semantic network and not learned as early). The
words in the E QUAL target condition had an average coreness of
1.12 on all three lists (AOA 1.11, WF 1.11, I N S TRENGTH 1.13).

2 The mean coreness of words on their own lists is: AOA 0.73,
WF 0.59, I N S TRENGTH 0.59. The mean coreness of those words
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This ensures that any differences in performance between hint
and target conditions are not the result of the particular similarity metric assumed. All analyses were computed separately for each similarity type, but for space reasons we report only the RW hints here; performance was better across
the board for them, and none of the main qualitative results
vary for different similarity measures. The supplemental materials contain all analyses as well as the full set of hint lists.3

Results
Main analyses
We preregistered two outcome measures: accuracy (the proportion of time a target word was correctly guessed) and number of guesses (for those targets that were correctly guessed,
how many attempts it took on average). We only report the
results for accuracy here, in part because of space limitations,
and also because number of guesses was difficult to interpret
since it was conditioned on successfully guessing the word.
The complete set of analyses involving both measures can be
found in the Supplemental materials.
Overall, the task was difficult, with 27.8% of all trials resulting in a successful guess. Participants varied widely, from
an overall accuracy of 4.17% to 58.3%. The high level of difficulty likely reflects the fact that the hints were drawn from a
restricted set of core words rather than the full vocabulary, as
is typical in similar word games. Still, the high accuracy on
the easier catch trials (88% on average) indicates that people
understood the task and were completing it as intended.
The mean accuracy for each target word in each hint condition was computed by averaging over individual trials. A
4 × 3 two-way ANOVA was conducted at the target-word
level comparing mean accuracy across hint condition and target condition. As Figure 2 illustrates, there was a significant
main effect of target condition, F(3, 276) = 10.82, p < .001,
but no significant effect for hint condition and no interaction. Tukey post-hoc pairwise comparisons showed that I N S TRENGTH, WF, and AOA target conditions all significantly
differed from each other (all ps < .05), with the highest accuracy achieved for I N S TRENGTH and the lowest accuracy for
WF. Accuracy was also significantly higher (p = .001) for
I N S TRENGTH than E QUAL target words. Figure 3 shows the
accuracy for each of the target words in each target condition.

Figure 2: Accuracy by hint and target condition. Mean accuracy in guessing the target word as a function of what core
word list the targets and hints were generated from. The y
axis shows the proportion of time each target word was successfully guessed. Dots indicate target words; error bars are
standard error. There was a significant effect of target condition, with I N S TRENGTH target words guessed most accurately and WF targets guessed least. There was no significant
effect of hint condition.
Similarity type For each target word, the hints corresponding to each core word list were selected to be the top six most
semantically similar words to the target. After this process,
66 hint words (1.91%) were removed because they were variants of other hints or targets (e.g. grandmother and grandma).
In these cases, the hint word with the lower semantic similarity was replaced with the next-most similar word.
Since similarity is a function of the semantic space being
assumed, we used two different methods to calculate similarity, each corresponding to a different theoretical approach:
based either on random walk distributions extracted from a
word association network (RW similarity), or based on embeddings in the language-based model word2vec. RW similarity is closely related to the Katz Index and is calculated as
the cosine similarity between the distribution of all weighted
indirect paths between two words in a directed weighted
graph. As in De Deyne et al. (2019), associative strength
(i.e. the proportion of participants producing a word as an
associate to another) was transformed to positive pointwisemutual information and the decay parameter α that determines the contribution of longer paths was set at the default
0.65. Word embeddings were taken from publicly available
fastText vectors (Mikolov, Grave, Bojanowski, Puhrsch, &
Joulin, 2018), which were trained on the CommonCrawl corpus with 630B word tokens. For each pair of words, the similarity between the two was obtained by calculating the cosine
of their 300-dimensional embeddings.
The difference between these two methods of calculating
similarity is not the topic of current investigation, but we
implemented both measures since performance can vary depending on the measure (Heath et al., 2013; Shen et al., 2018).

Exploratory analyses
Why were the I N S TRENGTH target words consistently easier
to guess, and the WF words more difficult? Our experiment
was motivated by a desire to compare the psychological theories of semantic representation that each core word list reflects, but in order to draw conclusions about those theories it
is necessary to delve further into these results. After all, the
conditions differ in several ways, reflecting many of the natural differences between the core word lists and the approaches
they reflect. Which of them drove this effect?
3 Supplemental Materials are here:
andreww3/CogSciCoreWords
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Figure 3: Individual word accuracy by target condition. Histograms show the mean accuracy for each target word, split by
target condition (panels). Words in all conditions varied considerably in how easy they were to guess, but the I N S TRENGTH
target words consistently had higher accuracy and the WF target words had lower.
Looking at the target words, one immediate possibility is
that the target conditions vary markedly in their part of speech
(see Table 3). If some parts of speech (like nouns) are easier
to guess than others (like verbs), might this explain the difference between target conditions? Indeed, a one-way ANOVA
showed that the target word part of speech significantly affected accuracy, F(2, 93) = 4.24, p = .02, with post-hoc tests
indicating that accuracy was significantly higher for nouns
compared to verbs, p = .01. Hence, it is possible that the
better performance for I N S TRENGTH target words and worse
performance for WF arises from the differing numbers of
nouns and verbs in those conditions.
While this is almost certainly part of the explanation, several considerations suggest that it is not the complete picture. As can be seen in Figure 4, differences between the
target conditions remain even after taking part of speech into
account. For example, considering only nouns, accuracy is
still higher in the I N S TRENGTH condition: a Kruskal-Wallis
ANOVA for the noun target words only shows a significant
difference in accuracy by target condition H(3) = 8.99, p =
.03, with a significant difference between I N S TRENGTH and
WF, p = .04. While we caution against strong inferences due
to the unbalanced design and low numbers of observations
in some cells, this tentatively suggests that although differences between target conditions may be partly driven by part

of speech, this is probably not the full picture.
Another possibility is that target conditions might differ in
their relationship to the hints. For instance, it is probably easier to guess targets when the hints are very similar to them. If
I N S TRENGTH target words for some reason tend to have hints
that are more similar to them than other target words, that
might explain the improved performance. However, we found
that the I N S TRENGTH target words did not have the highest
similarity to their respective hints (Figure 5, left panel). In
fact, the highest similarity between hint and target words occurred in the AOA condition, and similarity was comparable
between WF and I N S TRENGTH conditions. Higher semantic
similarity of target and hint words therefore cannot explain
the improved performance for I N S TRENGTH target words.
Still another hypothesis is that it may be easier to guess a
word if hints are more unrelated to each other and thus span
the semantic space better: apple is easier to guess from red
and fruit than it is from red and green. However, as shown in
Figure 5 (right panel), the pairwise similarity among the hints
in the I N S TRENGTH condition was not significantly lower
than the pairwise similarity among the hints in the WF condition (p = .55). Thus, we cannot explain the I N S TRENGTH
target word advantage as arising due to differences in relatedness of hints to each other in that condition.

Discussion
We used a word-guessing game to compare different psychological theories of semantic representation, evaluating
whether people performed better using words from different core word lists corresponding to different theories. We
found that although the type of hints did not make a difference to performance, there was a difference with regards to
the type of target words: accuracy was highest for the I N S TRENGTH targets, followed by the AOA targets, with the
lowest obtained for the WF targets. Additionally, this result

Table 3: Part of speech distribution across target conditions.
I N S TRENGTH
AO A
WF
E QUAL
Total

N
15
21
5
12
53

V
0
2
18
9
29

Adj
9
1
1
3
14
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Figure 4: Differences in accuracy by part of speech of target word. The y axis shows the proportion of time each target
word was successfully guessed. There was a significant effect
of part of speech, with nouns guessed most accurately. However, even within nouns, I N S TRENGTH target words were
guessed more accurately, suggesting that part of speech alone
cannot explain the difference between target conditions.

Figure 5: Differences in hint-target similarity and hinthint interrelatedness by target condition. The y axis shows
the average similarity between all pairings of targets and hint
lists (left) and the average similarity between each of the
pairs of hints in each hint list (right), split by target condition. AOA targets had the highest similarity to their hints,
with I N S TRENGTH not substantially different than the others.
Hints were most related to each other in the AOA condition,
with no significant differences among the others. Together,
these results suggest that the improved performance on I N S TRENGTH target words cannot be explained by differences
in similarity or hint relatedness.

could not be explained based only on part of speech or similarity between targets and hints.
The differing effects of target and hint condition illustrate
a clear asymmetry between the matter of which words are
hard to guess and which are hard to guess with, where only
the former mattered for the task, an unexpected result. This
suggests that as participants search through semantic memory, the points from which the search process begins (i.e., the
hints) are much less important than how readily available the
target words are and how easily they emerge along the search
process, suggesting that they occupy central or prominent positions in the semantic representation. It is in this sense that
I N S TRENGTH words are more core: they are more cognitively prominent and come to mind more easily compared to
the AOA and WF words.
Overall, these results suggest that the content from which
the I N S TRENGTH words are derived – namely, word associations rather than external language use – may provide a better
account of lexical representation, at least as accessed in this
game. The second-best performing target condition, AOA,
is like I N S TRENGTH in that it also reflects a conceptualsemantic account of mental representation. By contrast, the
lower performance obtained for the WF target words suggests that language-based models may not provide as good
an account for human semantic representations. This finding is in line with previous research showing that word association models, compared to language-based models, better predict key semantic properties (Vankrunkelsven et al.,
2018) and human similarity judgements (De Deyne, Perfors,
& Navarro, 2016), and incorporate more non-linguistic information (De Deyne et al., 2021).
One concern might arise from low accuracy overall, which
may suggest that the hints in general were not very effective.

Why might this be? One possibility is that there is a large
component of word meaning that is not accounted for by our
set of 300 core words. Given that most adult vocabularies
contain tens of thousands of words, this seems plausible: although core words are at the heart of the lexicon (VincentLamarre et al., 2016; Wierzbicka, 1996), more peripheral
words still contribute in an important way. A second nonmutually exclusive possibility is that the relatively crude presentation format of the hint words – as discrete lists of words
with an unspecified relation to the target – did not allow people to meaningfully combine the hint words to construct word
meanings and fully leverage the purported “core” properties
of these hints. Further research may involve hint lists that are
constructed in different ways. Is the I N S TRENGTH advantage for target words retained if hints can be drawn from all
vocabulary items, or from a restricted set of non-core words?
We conclude by adding two caveats to our main conclusion. Firstly, as discussed earlier, our claim is less about the
format of the semantic representation (e.g., distributional vs.
network), and more about the content that those representations encode: associative content provides a better account
than linguistic content. Secondly, we have tested a limited
number of measures of coreness and there are many alternative measures that could be considered for both representations. While the current comparisons have been useful as
a first approximation of the research question, further studies
should broaden the scope of the measures under investigation.
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Abstract
What kinds of arguments do people make, and what effect
do they have on others? Normative constraints on argumentmaking are as old as philosophy itself, but little is known about
the diversity of arguments made in practice. We use NLP tools
to extract patterns of argument-making from the Reddit site
“Change My View” (r/CMV). This reveals six distinct argument patterns: not just the familiar deductive and inductive
forms, but also arguments about definitions, relevance, possibility and cause, and personal experience. Data from r/CMV
also reveal differences in efficacy: personal experience and, to
a lesser extent, arguments about causation and examples, are
most likely to shift a person’s view, while arguments about
relevance are the least. Finally, our methods reveal a gradient of argument-making preferences among users: a two-axis
model, of “personal–impersonal” and “concrete–abstract”, can
account for nearly 80% of the strategy variance between individuals.
Keywords: argument-making; social behavior; cultural evolution; induction; causal reasoning; explanation

People are not content to simply hold beliefs: they also try to
persuade others to hold them as well. While there are many
ways to do this, one of the most celebrated forms of persuasion is argument-making. The giving of public reasons to
adopt beliefs is a core feature of human culture (Hahn, 2020);
indeed, under the “argument theory” of Mercier and Sperber
(2011), it is the origin of deliberative reason itself.
Perhaps because of this, normative taxonomies of
argument-making are at the heart of systematic philosophy (Hahn & Oaksford, 2012). Aristotle’s Prior Analytics
presented a scheme for different ways in which the truth of
a conclusion can be established through deductive argument.
Much later, Bayes (1763) introduced a formal framework for
inductive reasoning, on the basis of likelihood, rather than
deductive certainty, and the “deductive vs. inductive” distinction persists to the present day. In the modern era, cognitive
scientists have focused on a variety of ways in which our explanatory values might guide us to prefer one belief over another (Lombrozo, 2006; Wojtowicz & DeDeo, 2020; Douven,
2021).
Deductive, inductive, or more broadly explanatory considerations do not exhaust the nature of arguments, however.
One reason is that argument-making is often a matter of argument criticism. If I expose the faulty assumptions in someone’s argument, question the relevance of a point, or reveal
an equivocation, for example, I may go a long way towards
bringing them towards the opposite belief. This is to be ex-
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pected from a Bayesian point of view: by reducing someone’s
confidence in an argument for X, I may increase their confidence in the alternative I believe to be the case—particularly
when the argument in question was decisive for them in overcoming what were previously shared priors.
Another complication is the fundamentally intersubjective
nature of argument-making (Hahn & Collins, 2021). The reasons that might convince me to hold a view are not necessarily the same kinds of reasons that I could use to convince
others. The priors I have, the assumptions that go into my
categories, or the level of logical rigor or causal precision I
demand may well differ from my interlocutor, and a full taxonomy of argument-making will naturally take into account
considerations similar to those found in the (linguistic) pragmatics of cooperation (Grice, 1975). A successful argument,
for example, might hinge on revealing a hidden, but unshared,
assumption, explaining why something is actually irrelevant,
or on clarifying what was previously obscure between us.
Our goal in this work is two-fold. First: what are the broad
patterns in the arguments people actually make? While popular accounts partition argument-making into a “deductive”
and “inductive” type, it is clear that when we argue we do
more than discuss probabilities and premises. Second: how,
and in what contexts, do these patterns of argument actually
work to persuade? Arguments we accept may be quite different from the ones we ought to.
The availability of large corpora provides a new way to answer these questions. Rather than pre-determine the possible
kinds of arguments that are being made, we present a method
for discovering, in an unsupervised fashion, implicit patterns
of argument-making. We do so using an unusual dataset from
the Reddit site “Change My View”, a highly-curated system
where users engage in good-faith attempts to change each
other’s points of view, and rate the outcomes. The volume
of text allows us to surface patterns of co-occurring “argument fragments”—single words such as “prove”, for example, and bigrams such as “distinction between”—that can signal different approaches to persuasion. Our use of bigrams,
in particular, allows us to go beyond traditional tools, like the
LIWC, to capture the contextual ways in which (for example)
the phrases “perfectly possible” and “entirely possible” may
signal distinct epistemic strategies.
While our work is related to an active area of research in
NLP known as “argument mining” (Lawrence & Reed, 2020),
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our goals are very different. Argument mining aims to map
a text into a structured form, such as a rhetorical schema or
an Aristotelian syllogism, and to tag that text for both role
(e.g., “assertion of a causal relationship”) and content (what
the cause and effect actually are). We, by contrast, are interested in the patterns implicit in actual use—whether or not
they can map to a pre-existing normative structure.

nism that allows us to track how the arguments are perceived
by other users. Our LessWrong data contains 25,841 posts,
and 708,807 replies.

Argument Extraction with Linkage Networks
At heart, argument-making is associated with adjusting degrees of belief. To identify argument patterns in an unsupervised fashion, we thus begin with a seed set of words
from the widely-used LIWC collection (Pennebaker, Boyd,
Jordan, & Blackburn, 2015): in particular, those from the
wordlists “Tentative” (e.g., “likely,” “vaguely”) and “Certain”
(e.g., “surely,” “clearly”). Because these seed words can convey different meanings depending on their adjacent words, we
use standard methods (Mikolov, Sutskever, Chen, Corrado, &
Dean, 2013) on the r/CMV corpus to locate bigrams containing these terms. Our seed list then contains not only a word
like “true”, but also combinations such as “factually true”,
“necessarily true”, and “holds true” that may further signal
different styles of approach.
With this seed set in hand, we then use an informationtheoretic method to find larger patterns of co-occurrence. For
each pair of words wi and w j in this collection, we use the
r/CMV data to measure the “linkage”, or pointwise mutual
information, between them,

Methods
Corpora: r/ChangeMyView and LessWrong
Our main corpus is from the Reddit site r/ChangeMyView
(r/CMV; https://www.reddit.com/r/changemyview/).
A poster on r/CMV (the “original poster”, or OP) presents a
view that they hold to the rest of the group; the post begins
a discussion where other participants present arguments
against that point of view, with the goal of changing the OP’s
mind. The site is actively, and quite strictly, moderated, and
provides a well-curated collection of arguments and counterarguments about a variety of questions, from political policy
to moral and ethical questions, and to abstract questions
such as the existence of God. The “good faith” discussions
of r/CMV have proved fertile ground for understanding
persuasion; they have been used in studies of evidencegiving (Priniski & Horne, 2018), language alignment and
turn-taking (Tan, Niculae, Danescu-Niculescu-Mizil, & Lee,
2016), and as raw material for machine-learning prediction
tasks (e.g., Hidey and McKeown (2018)).
As with many online systems, readers can upvote (or
downvote) comments, but in addition, users are encouraged,
where appropriate, to tag a comment with a “delta”, to indicate that the comment changed their point of view.
A recent post on r/CMV, for example, began “massive
companies and local businesses should not be treated the
same under the law”, and garnered over a hundred responses
in the following six hours.1 The OP tagged three replies with
a “delta”, indicating that the reply changed their point of view,
including a reply that suggested it would be difficult to come
up with clear definitions of large vs. small businesses, a reply
that large vs. small business were already being treated differently, and a reply that suggested the fix would likely harm,
rather than help, the people the OP had in mind. Our final
corpus contains 100,170 “posts” (i.e., an original post stating
a view), and a total of 5,833,572 replies and counter replies
to the view; roughly 1% of the replies are tagged as having
changed someone’s point of view.
We use r/CMV to construct our argument patterns. To
study how well our results extrapolate to other communities, we also use data from the discussion site “LessWrong”
(http://lesswrong.org). LessWrong is a site associated
with the “rationalist” community, where users make arguments about questions such as the dangers of artificial intelligence and the relative merits of different economic and
political systems. LessWrong does not have r/CMV’s deltatagging system, but it does have an upvote/downvote mecha1 See

Li j = log2

P(wi , w j )
P(wi )P(w j )

(1)

where P(wi ) is the probability of drawing word wi from a
random document (r/CMV post) which in our case filtered
to only include seed words. P(wi , w j ) is the probability of
drawing wi and then w j from a random document, which can
be estimated as
N(wi , d)N(w j , d)
1
P(wi , w j ) =
,
(2)
∑
|D | d∈
N(d)2
D
where N(wi , d) is the number of times word wi appears in
document d, and N(d) is the total number of words in document d. The linkage Li j measures the extent to which the use
of one word predicts the use of another.
With argument fragments represented as nodes in our linkage network, we then use Louvain clustering to detect communities of highly interlinked argument fragments based on
the criteria of highest modularity (Blondel, Guillaume, Lambiotte, & Lefebvre, 2008). Unlike in topic modeling, the
number of clusters is free to vary and not set ahead of time.
The clusters define the basic patterns of co-occurrence
in argument-related words. We then augment our network
with candidate words and bigrams from an additional category in LIWC named “cognitive processes”, and from highlyweighted words from an argument-related topic detected
through topic modeling of another subreddit, r/TheRedPill
(Topic 2 in Perry and DeDeo (2021)).
To do this, we measure the linkage between each new candidate fragment and the clusters found in the first step,
L̂k j = log2

https://bit.ly/cmv example
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P(Ck , w j )
P(Ck |w j )
= log2
P(Ck )P(w j )
P(Ck )

(3)

where P(Ck ) is the probability of drawing a word from cluster
Ck from a random document and P(Ck |w j ) is the probability
of drawing a word from cluster Ck in random documents conditioned upon containing word w j . This can be estimated as
P(Ck |w j ) =

N(Ck , d)N(w j , d)
1
∑
Z d∈
N(d)
D

view, and (3) the diversity of argument-making preferences at
the level of the individual.

Argument Patterns
The linkage network method ends up allocating a total of
1,506 unigrams and bigrams into six distinct clusters or argument patterns. These six patterns are shown in Table 1.
We list sample bigrams from each cluster (these are more interpretable than the unigrams), along with provisional names
that characterize the kinds of arguments the bigrams tend to
appear in. To help support our provisional naming choices,
Table 2 provides examples of comments from r/CMV that are
heavily-weighted on each pattern.
Two of the patterns we find, “deduction and certainty”
(P3), and “induction and probability” (P5), correspond to
classic distinctions often made between, on the one hand, arguments based on certainties and definitive truths, amenable
to proof and logical deduction, and, on the other, arguments
based on relative likelihoods, average cases, and in conditions
of potential uncertainty. A third pattern, “causation and examples” (P4), includes both causal vocabulary and words associated with example-giving; in both cases, the connection
is to modal notions of possibility.
Two of the patterns have a strongly intersubjective aspect,
resonating with Grice’s cooperative maxims (Grice, 1975).
“Relevance and presumption” (P1) includes arguments where
the writer draws attention to, and critiques, the relevance of
a point made in an an argument; this includes both direct
criticism of assumptions, as well as implicit responses (e.g.,
“never said”, as in “I never said that X [but you assumed
so]”) and disagreements about relevance. This is related to
the Gricean maxim of relation where it suggests all information should be relevant to the discourse. “Definitions and
clarity” (P2) includes arguments that attempt to clarify terms,
draw distinctions, or critique the definitions already in place
(e.g., in the phrase “trivially true”). Fragments such as “ambiguous” and “vague term” are directly linked to the Gricean
maxim of manner (clarity) that discourages ambiguity in conversations.
A final pattern, “personal and anecdotal”, is commonly associated with evidence provided from a first-person perspective. It includes phrases about what things “sound like” or
“look like”, for example, as well as evidence from personal
experience. While the “relevance and presumption” pattern
contains “never said”, for example, suggesting that an assumption has been (incorrectly) made, this pattern contains
“never felt”, as in “I never felt that X”. Consistent with this
interpretation, this final pattern is the most loaded on the personal pronoun “I”.
Table 1 also shows the relative frequency with which an
argument pattern appears in a comment in both r/CMV and
LessWrong. (We restrict our consideration to comments that
have at least one hit in one of the argument patterns, and
we eliminate the meta topic.) The two corpora show broad
similarities, with “relevance and presumption” being the least

(4)

j

where D j is a set of documents including word w j , N(Ck , d)
is the number of times that a word in Ck appears in document d. N(w j , d) is multiplied to use the information about
the frequency of word w j appearing in document d. Z is the
normalizing constant for probability.
The new L̂k j represents a bipartite network between argument fragments and clusters. To maximize the modularity of
this bipartite network, we first maximize the modularity of the
network which only includes seed fragments—this involves a
few minor changes in the original cluster memberships. Then,
for each new candidate fragment, we admit the candidate only
if adding the link results in an increase of modularity, assigning it to the cluster k with maximum L̂k j .

Topic Modeling of Semantics
In both r/CMV and LessWrong, we expect that argument
patterns will be more or less common—and more or less
successful–depending upon the subject matter. A discussion
about abortion rights, for example, might hinge on an argument over the definition of “life”, while a discussion about
foreign policy might involve more inductive concerns about
the likelihood of success. This is both interesting in its own
right, and a source of potentially spurious correlation. It may
be the case (for example) that “definitional” arguments are
more common in abortion debates, but it also may be the case
that the underlying moral commitments of the participants
make it less likely for people to change their mind compared
to less hot-button topics.
In order to separate posts into different semantic categories,
we build a topic model (McCallum, 2002) of the texts, after
removing argument words; because we are also interested in
studying the intersubjective aspect of argument-making, we
remove pronouns from this list as well. The resulting topics
allow us to classify posts into combinations of different semantic themes; in nearly every case, one theme is dominant,
and this enables us to separate out posts to look at the relationship between argument pattern (“pragmatics”) and subject matter (“semantics”). In addition, the topic model allows
us to identify, and automatically remove, non-argument topics such as “meta” discussion (discussion of the rules of the
site, complaints to moderators, and so on) and, in the case of
LessWrong, a small component of Harry Potter fan fiction.

Results
We report three main results: (1) the nature of the argument
patterns discovered by the linkage network method, (2) the
relative effectiveness of these patterns in changing a person’s
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common pattern and “personal and anecdotal” the most common.

Traditional accounts of argument-making have focused on
the inductive-deductive distinction. Our results suggest that,
when it comes to pragmatics, psychologically distinct modes
of persuasion emerge that go beyond the inductive-deductive
distinction, with distinct properties and rates of real-world
success. We don’t just persuade each other by arguing probabilities. We also try to clarify our definitions, present hypotheticals, speak from personal experience, and make our—
or our opponent’s—assumptions explicit. This highlights a
key, and often-neglected issue in the study of argument making: we argue with another, usually specific, person, and—
contrary to normative results such as Aumann’s Agreement
theorem (Cowan & Hanson, 2004)—our disagreements may
not always be about the information to hand, but how, for example, we divide up the space of possibilities.
Remarkably, our findings suggest that argument patterns
preserve their appeal across different contexts. Questioning
relevance is just as unpopular in discussions about sexuality as it is in talk about the politics of crime. First-person
testimony—including talk about what one has heard, feels is
true, or has personally experienced—is enduringly popular
across both communities and in domains, such as physics or
AI, where it might seem beside the point.
Furthermore, our results provide new insight into the diversity of argument preferences, about which little is currently
known (Hahn & Collins, 2021). Rather than dividing the
world into (say) logicians and probabilists, we find a dominant role for preferences along a personal-impersonal axis.
The shifting influence of individuals at different points along
this axis may help explain recent results in cultural evolution (Scheffer, van de Leemput, Weinans, & Bollen, 2021),
that report a large-scale shift in discourse from impersonal
rationality to a more intuitive and first-personal style.
Finally, the fact that our pattern lexicon emerges from
the simple LIWC categories of “tentative” and “certain”
shows how common terms can signal distinct, and distinctlysuccessful forms of argument-making. While unsupervised
techniques such as topic modelling have been successful in
clustering documents with semantic similarity, potentially
pragmatic phrases and patterns are often discarded as stopwords or “junk” topics. Simple information-theoretic methods, however, suggests there is far more than meets the eye.

Argument Efficacy
Table 4 shows the “∆ bonus”, or the relative likelihood that
a comment dominated by one of the six argument patterns is
tagged as changing a person’s point of view in the r/CMV
data. Immediately apparent are the large differences in outcome for the different patterns. One of the least successful
pattern, “relevance and presumption” is 42% less likely to
lead to a (reported) change in someone’s point of view, compared to the most successful pattern, “causation and examples”.
These effects persist in both size and direction even when
controlling for argument semantics. We can see that (for example) the negative effect associated with questioning relevance persists across discussions as varied as gun control,
moral duties to animals and children, race, religion and culture, and sex and gender. (The “induction and probability”
pattern has the most variability and, in discussions of both
race and morality, the usually positive effect disappears, possibly reflecting an aversion to the use of stereotypes about
“likely” characteristics.) Table 5 shows that these patterns
extrapolate, to a lesser extent, when considering popularity
through upvote/downvote rating.

A Diversity of Preferences
Our final analysis considers the diversity of preferences at the
individual level. Just as there are different types of arguments,
we ask, are there different types of argument-makers?
For simplicity, and so that each individual’s preferences
are well-sampled, we restrict to users with at least twenty
comments, and calculate each user’s average distribution over
the six argument patterns. A simple PCA analysis (Table 3)
then reveals two main components to user preferences in
argument-making. The first component, which explains 67%
of the variance, corresponds to a “personal–impersonal” axis;
users high on this first component tend to prefer arguments
that draw on the “personal and anecdotal” pattern.
The second component explains 13% of the variance, and
corresponds to a preference for both “causation and examples” and “induction and probability”. We refer to this as the
“concrete–abstract” axis; users high on this axis prefer reasoning about causes, examples, and relative probabilities as
opposed to logical certainties, relevance, or definitions.
Most notably, while successful arguments sometimes have
a personal aspect (Table 4), the most successful argumentmakers are found in the impersonal-concrete quadrant (+32%
∆ bonus, compared to −28% for personal-abstract). The
apparent contradiction arises from the fact that we have focused on the argument-makers who achieve repeated success.
Personal arguments can often work, but users who are reliably successful often take a more impersonal (and concrete)
stance.

Relevance
Definitions
Deduction
Causation
Induction
Personal

Personal-Impersonal
−0.20
−0.25
−0.42
−0.43
−0.29
+0.59

Concrete-Abstract
−0.67
−0.25
−0.49
+0.51
+0.16
−0.24

Table 3: Primary factors in argument-making preferences;
factor loadings from a PCA analysis of the 22,493 participants from r/CMV with at least twenty comments.
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Pattern
1. Relevance & Presumption
2. Definitions & Clarity
3. Deduction & Certainty
4. Causation & Examples
5. Induction & Probability
6. Personal & Anecdotal

Sample Bigrams
completely irrelevant, fundamentally wrong, never said
defined as, distinction between, clarifying question, don’t see
can’t prove, objectively true, doesn’t change, an opinion
directly correlated, mainly because, certain contexts
quite possible, more likely, almost certainly, average person
seemed like, personal anecdote, never felt, definitely agree

r/CMV
14.4%
12.8%
11.2%
15.8%
16.1%
29.6%

LessWrong
7.4%
15.0%
18.1%
15.8%
20.7%
23.0%

Table 1: Automatically-extracted argument patterns. Our method finds six clusters, corresponding to distinct argument-making
pragmatics such as questioning relevance, discussing definitions, and deductive and certainty-based reasoning. The detected
patterns appear at different rates, although in roughly similar rank-order in the two corpora, r/ChangeMyView and LessWrong.
1. Relevance and Presumption
Murder has nothing to do with trade. Rape has nothing to
do with trade. Smoking weed has nothing to do with trade.
Speeding has nothing to do with trade. [...] Each and every
one of them is a person doing something against the rules
of society.

2. Definitions and Clarity
I think it’s more valuable to specifically and explicitly distinguish between “racism” and “systemic racism” at least
in common parlance. [...] If you think of it like a Venn
diagram, this overlap between the academic and colloquial
definitions just leads to ambiguity in meaning.

It’s not supposed to prevent collusion, that’s on the FEC
to enforce. Again, if collusion is happening, that is illegal
and should be prosecuted. That says nothing about whether
Citizens United was the right decision or not.

I’m not sure I follow the point you’re trying to make. People are obviously equipped to apply reason to problems—
we do so every day, so we are clearly equipped to do it. We
are simply trained not to apply that reason to certain categories of problems like overconsumption. [...] We have the
mental equipment, we choose not to use it. That’s distinctly
different from not being “mentally equipped” to do it.

I never said that nobody else can enjoy it. [...] A straight
person can go to a pride festival because they support it and
there is absolutely nothing wrong with that.
3. Deduction and Certainty
If you do accept that all the facts were reported on (maybe
with bias), then the question becomes not whether there
was information withheld but [...]
If I can only be sure of my own perceptions (which is an
assumption in and of itself) and all other evidence is equally
invalid, the pursuit of any knowledge becomes pointless.
There is different [sic] between claiming something and offering no proof and claiming something and proving the
opposite is wrong.
5. Induction and Probability
Males are at the forefront of a big swath of social dysfunction. If a woman has been beaten or killed, she was most
likely beaten or killed by a man. [...] Men are more likely
to die of suicide. [...]
It is very possible that if we achieved a technological singularity [...] the rate at which we can make new discoveries
would accelerate so much that 1000 years of medical research might be accomplished in 10 years. Is it unlikely
that this will happen? Possibly. Is it a greater than 0%
possibility that this will happen? Absolutely.
The main issue with any form of vigilantism is that there
is absolutely no guarantee or likelihood that the vigilantes
would be any better than the people they replace.

4. Causation and Examples
That said, different personalities react differently to the
same things. A person who complains about something
isn’t necessarily weaker or more sensitive or less confident
in their identity: they are perhaps more disagreeable and
more assertive.
More broadly, assessing whether something is a “disability” really depends on whether it is impacting the particular task domain being considered [...] how an individual
is affected by their autism can vary a lot depending on the
individual.
6. Personal and Anecdotal
Also, kids learn a lot through physical interaction. I remember growing up and playing on merry go rounds and
teeter totters. Those gave me, and a ton of other kids, an intuitive understanding of how fulcrums and centripetal force
works. We didn’t know what they were called but we knew
intuitively that the merry go round would try to throw us
off the faster it went [...]
This one feels far more important to me. People have never
been so interconnected. Information has never spread as far
or as quickly as it does today. This has also led to a decline
in other forms of news.
It turns out that it’s kind of challenging to describe in very
explicit terms, but I’ll try to at least give a reasonable broad
overview of how I personally felt.

Table 2: Examples of the classification in action, using excerpts from comments in r/ChangeMyView. Each comment is
dominated by a particular pattern; red words and bigrams are from the dominant pattern, yellow from other patterns. All of
these comments received a “delta”, indicating that the comment changed at least one reader’s point of view.
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(r/CMV topic)
[all]
black-white-culture
man-sex-child
country-war-power
god-music-art
food-animals-eat
law-rape-legal
human-moral-exist
pay-job-vote
school-education-high

P(∆) (%)
1.35
1.04
1.18
1.26
1.74
1.70
1.21
1.19
1.26
1.61

Relevance
−19.4%⋆⋆⋆
−24.6%⋆⋆⋆
−21.8%⋆⋆⋆
−15.2%⋆⋆⋆
−14.5%⋆⋆⋆
−15.7%⋆⋆⋆
−24.2%⋆⋆⋆
−14.5%⋆⋆
−20.6%⋆⋆⋆
−20.2%⋆⋆⋆

Definitions
−18.5%⋆⋆⋆
−9.9%
−13.3%⋆⋆⋆
−17.1%⋆⋆⋆
−17.7%⋆⋆⋆
−19.2%⋆⋆⋆
−16.9%⋆⋆⋆
−20.3%⋆⋆⋆
−19.4%⋆⋆⋆
−24.8%⋆⋆⋆

Deduction
−20.2%⋆⋆⋆
−21.2%⋆⋆⋆
−27.4%⋆⋆⋆
−23.7%⋆⋆⋆
−24.5%⋆⋆⋆
−22.9%⋆⋆⋆
−13.9%⋆⋆⋆
−1.1%
−19.9%⋆⋆
−12.8%⋆⋆

Causation
+23.0%⋆⋆⋆
+35.2%⋆⋆⋆
+28.2%⋆⋆⋆
+21.9%⋆⋆⋆
+20.8%⋆⋆⋆
+22.3%⋆⋆⋆
+20.2%⋆⋆⋆
+18.5%⋆⋆⋆
+27.2%⋆⋆⋆
+19.2%⋆⋆⋆

Induction
+15.4%⋆⋆⋆
+5.0%
+9.7%⋆⋆
+19.7%⋆⋆⋆
+9.3%⋆⋆⋆
+18.8%⋆⋆⋆
+20.4%⋆⋆⋆
+8.5%
+20.9%⋆⋆⋆
+13.1%⋆⋆

Personal
+19.7%⋆⋆⋆
+15.5%⋆⋆⋆
+24.7%⋆⋆⋆
+14.5%⋆⋆⋆
+26.6%⋆⋆⋆
+16.8%⋆⋆⋆
+14.4%⋆⋆⋆
+8.9%⋆
+11.7%⋆⋆⋆
+25.4%⋆⋆⋆

Table 4: The ∆ bonus for different argument patterns, as a function of semantic context, in r/CMV. ∆ bounus is the percentage
increase (or decrease) in probability that a comment received a “changed my view” tag in r/CMV. In each case we show the
percentage increase (or decrease) in probability that a comment received a “changed my view” tag. Semantics are labelled by
the top three words in the topic model and correspond to intuitive themes (e.g., posts in the “gun-crime-violence” topic include
arguments about crime and gun control.) Error bars are small (less than ±0.1 percentage points in most cases) and are not
shown for clarity. p-value labels are for differences between outcomes controlling for semantics (e.g., “relevance” performs
significantly worse in discussions under the gun-crime-violence topic, compared to the average outcome for the six patterns in
that topic.). ⋆ indicates p < 0.05; ⋆⋆, p < 0.01; ⋆ ⋆ ⋆, p < 10−3 .

(r/CMV)
all
black-white-culture
man-sex-child
country-war-power
god-music-art
food-animals-eat
law-rape-legal
human-moral-exist
pay-job-vote
school-education-high

Average Score
2.84
2.70
3.08
2.91
3.12
3.00
2.69
2.17
2.66
2.85

Relevance
−0.10⋆⋆⋆
−0.18⋆⋆
−0.19⋆⋆⋆
−0.07
−0.03
−0.05
−0.1
+0.01
−0.08⋆
−0.16⋆

Definitions
−0.14⋆⋆⋆
−0.19⋆⋆⋆
−0.15⋆⋆⋆
−0.13⋆
−0.13⋆
−0.11
−0.19⋆⋆⋆
−0.12⋆⋆
−0.08
−0.18⋆⋆⋆

Deduction
−0.24⋆⋆⋆
−0.21⋆⋆
−0.29⋆⋆⋆
−0.31⋆⋆⋆
−0.32⋆⋆⋆
−0.35⋆⋆⋆
−0.04
−0.13⋆⋆
−0.23⋆⋆⋆
−0.03

Causality
+0.19⋆⋆⋆
+0.22⋆⋆
+0.27⋆⋆⋆
+0.18⋆
−0.08
+0.21⋆⋆
+0.11⋆
+0.15⋆⋆
+0.22⋆⋆⋆
+0.22⋆⋆

Induction
−0.01
+0.01
0.0
+0.03
+0.02
−0.08
+0.05
−0.01
+0.02
−0.01

Personal
+0.29⋆⋆⋆
+0.25⋆⋆
+0.36⋆⋆⋆
+0.3⋆⋆⋆
+0.41⋆⋆⋆
+0.38⋆⋆⋆
+0.17⋆⋆⋆
+0.1⋆
+0.15⋆⋆⋆
+0.16⋆⋆

(LessWrong)
all
utility-function-agent
universe-brain-physics
money-years-risk
person-moral-bad
ai-humans-intelligence

Average Score
3.53
2.36
2.89
3.81
4.23
3.13

Relevance
+0.02
−0.07
+0.2
−0.13
+0.1
−0.15

Definitions
−0.11⋆⋆⋆
−0.05
−0.14⋆
−0.04
−0.19⋆⋆⋆
0.0

Deduction
−0.17⋆⋆⋆
+0.03
+0.04
+0.16⋆⋆
−0.22⋆⋆⋆
−0.04

Causality
+0.09⋆⋆
−0.08
−0.06
−0.01
0.0
−0.12

Induction
−0.37⋆⋆⋆
−0.06
−0.32⋆⋆⋆
−0.16⋆⋆
−0.3⋆⋆⋆
−0.01

Personal
+0.54⋆⋆⋆
+0.23⋆⋆⋆
+0.29⋆⋆⋆
+0.19⋆⋆⋆
+0.61⋆⋆⋆
+0.32⋆⋆⋆

Table 5: LessWrong and r/CMV score bonus for different argument pragmatics, as a function of semantic context. In each
case we show the change in the number of upvotes on comments, conditional upon semantics, associated with domination by
one argument pattern over another. Paralleling the case of the r/CMV ∆-bonus result, we see large and significant differences
in the overall rating of posts containing different argument patterns, which are largely stable in direction across semantic
contexts. “Personal and Anecdotal” is strongly preferred in every context. While the argument patterns that convince tend to be
the ones that others upvote, we see occasional divergences between upvoting and view-changing: for example, inductive and
probabilistic arguments are more likely to receive a delta compared to baseline, but are not significantly upvoted. Differences
also emerge between r/CMV and LessWrong, most notably in the latter’s bias against inductive arguments, and tolerance of
debates over relevance.
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Abstract

only a few underlying dimensions. This does not reflect the
high-dimensional features of the objects we deal with in real
life, which makes it unclear whether the proposed theories of
learning can scale up to real-world environments. In addition,
features of stimuli are often explicitly provided and clearly
separable from each other. In real life, this is not the case and
an object can be arbitrarily broken down into different sets of
features. For example, you can represent a bar of chocolate
by how sweet it is, its price, its environmental impact, any
combination thereof, or with completely different features.
To address these shortcomings, we conducted a twoalternative forced-choice study, in which stimuli were unique
images of real-world objects from the THINGS database
(Hebart et al., 2019). The underlying reward function was determined by one of the latent features of these objects, which
were extracted using a combination of computational modeling and human behavioural data by Hebart and colleagues
(2020). With this design, we address the following questions:

How do humans generalise to make better decisions? Previous work has investigated this question using reward-guided
decision-making tasks with low-dimensional and artificial
stimuli. In this paper, we extend this work by presenting participants with a naturalistic decision-making task, in which options were images of real-world objects and the underlying reward function was based on one of their latent dimensions.
Even though participants received no explicit instruction about
object features, they quickly learned to do the task and generalised to unseen objects. To understand how they accomplished this, we tested a range of computational models and
found that human behaviour is overall best explained by a linear model but that participants’ strategies changed during the
experiment. Lastly, we showed that combining pixel-based
representations extracted from convolutional neural networks
with the original latent dimensions further improved our models. Taken together, our study offers new insights into human
decision making under naturalistic settings.
Keywords: naturalistic decision-making; generalisation;
heuristics; reinforcement learning

Introduction
Imagine that you have tried and enjoyed a specific brand of
chocolate, but the next time you go to the store you cannot
find the same brand anymore. Generalising what you like
about that specific chocolate to pick another option that you
would enjoy is trivial. Early theories have characterized the
process of learning as forming stimulus-reward associations
(Rescorla, 1972). However, if you were only forming such
associations, you would not be able to find a good alternative
in the example above.
How do people accomplish this seemingly complex challenge? The study of human generalisation has been a central
theme in many areas of cognitive science (Shepard, 1987),
such as associative learning (Shanks & Darby, 1998), function learning (Schulz et al., 2017), and decision-making (Stojic et al., 2015; Schulz et al., 2020; Saanum et al., 2021;
Garvert et al., 2021). Together, these studies illustrate that
humans rely on feature-based representations to make generalisations in situations like the chocolate example above.
Previous research suggests that these generalisation capabilities are explained by various computational models, including
rule- and similarity-based theories (Shanks & Darby, 1998;
Lucas et al., 2015).
While these studies have been important for understanding
how humans generalise, they also have important shortcomings. First, the stimuli used in these studies typically have

1. Do people make successful generalisations about rewards
in high-dimensional feature spaces?
2. Do insights from previously conducted studies with lowdimensional, artificial stimuli transfer to more naturalistic
domains?
3. What kind of representations do people use to solve naturalistic decision-making tasks?
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We find that people discover the underlying relationship
within a few dozen trials. To gain insights into their decisionmaking processes, we carried out several model-based analyses. We first compared participant behaviour to various models of decision-making, including a linear model, a Gaussian Processes regression model, and two heuristic decisionmaking strategies. This analysis revealed that while the linear
model explained participant behaviour best overall, people
seemed to change their strategies as they progressed through
the task. We then probed which feature-based representations our participants utilised. We found that while performance was best explained by the originally extracted latent
features, it could be further improved by using additional
pixel-based representations extracted from a pre-trained convolutional neural network. Taken together, our results provide
an initial step towards understanding human decision-making
in naturalistic domains.

In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).
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Figure 1: Design & Behavioural Analyses. A) An example of a trial outcome. The bike pedal, which is highly rewarding because it is mostly
metallic/artificial, is chosen over the grapes. B) Participant performance over trials. Regret is computed as the difference between the most
rewarding option and the option picked by the participant. The shaded black line represents the mean and its standard error, and the yellow
lines show individual participants’ learning curves. C) Probability of choosing the option on the left for different reward differences between
the two options with standard error bars. D) Standardised coefficients with standard error bars from a mixed-effects logistic regression model
predicting participant choice as a function of trial number and reward differences between the two options.

Methods

We normalised the loadings of the first latent dimension,
which describes how metallic/artificial an object is, to compute the reward function as follows:

Participants
We recruited 25 participants (7 female, Mage = 24.55,
SDage = 3.86) through Prolific. All participants had a Prolific Score of 89 or above. Participants were given 7C per
hour as a base rate, and a bonus of up to 10 C was offered depending on their performance. Participants took 15 minutes
to complete the task on average.

rn =

wn − min(w)
× 100
max(w) − min(w)

where rn is the reward for stimulus n and w = [w1 , . . . , wN ] is
the vector of first dimension loadings for the sampled stimuli. Crucially, the existence of these latent dimensions was
unknown to the participants. An example trial from our experiment is displayed in Figure 1A.

Design
Participants were asked to complete a two-alternative forcedchoice task with 150 consecutive trials. At the beginning of
the experiment, they were instructed that each image was associated with a reward in a non-random way, and they were
asked to choose the images that gave the most rewards.
In each trial, participants were presented with a fixation
cross (for 500 ms), followed by a pair of images. They had
unlimited time to choose one of the two images by using the
left and right arrow buttons on the keyboard. They were then
shown the reward associated for both the chosen and the unchosen option, in green and white respectively (for 2000 ms).
The order of trials was randomised across participants.

Behavioural Analyses
We computed several descriptive statistics to analyse human
behaviour on our task. Participants learned to select the
higher rewarding options over a few dozen trials. Figure 1B
shows that the cumulative mean regret, the average of the difference between the best option and the chosen option, decreased over trials. We also show participant choices as a
function of the reward difference between the left and right
options in Figure 1C. The function takes a sigmoid shape, indicating participants can use the reward differences between
the options to guide their decisions, i.e. choosing the left option more frequently as its comparative advantage increased.
To formally test whether participants could learn the task,
we used a mixed-effects logistic regression model. We predicted participant choice in each trial as a function of the reward difference between the two options and the trial number. Both predictors were included as fixed and random effects. A greater reward difference between the left and the
right options led participants to choose the right option more
frequently (βˆ = 1.69, 95% CI [1.37, 2.01], p < .001). While
the trial number had no significant effect on participant choice
(βˆ = −0.02, 95% CI [−.07, .11], p = .71), there was an interaction effect between trial number and the reward difference
(βˆ = .49, 95% CI [.39, .59], p < .001), indicating that partici-

Stimuli & Reward Function
300 images were sampled from the THINGS database, which
is a systematically curated image dataset of real-world objects (Hebart et al., 2019). Hebart and colleagues also trained
an image embedding model on similarity judgements of humans on the THINGS database in order to extract latent dimensions with continuous loadings that capture participants’
mental representations of these objects (Hebart et al., 2020).
They extracted 49 latent dimensions, which were validated
to be semantically meaningful by further behavioural testing.
These latent dimensions include, for example, how metallic,
food-related, or colourful an object is (see the original paper
for the entire list of latent dimensions).

977

A

B
Linear
1.0

D

Single Cue
1.0

Equal Weighting

Human
20

0.8
tool-related

2300

construction-related

2200

Model Frequency

2400

0.8

0.6

0.4

Cumulative Mean Regret

2500
Model Frequency

Negative Log Likelihood

2600

C
Gaussian Process

0.6

0.4

2100
0.2

0.2

15

10

5

2000
metallic
0

20
Feature No

40

0.0

Linear Gaussian Single Equal
Process Cue Weighting

0.0

1-50

51-100
Trial

101-150

0

100

50

150

Trial
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where the rows of X are trials and the columns are different
features, β are the weights, r is the reward, and ε is the noise
term. Previously, this class of models has provided good fits
in decision-making tasks, both when the reward function was
a linear function of single (Niv et al., 2015) and multiple features (Speekenbrink & Shanks, 2010; Stojic et al., 2015). In
our case, it was implemented as a Bayesian linear regression
model (Bishop, 2006). The prior over the weights was defined as a spherical Gaussian distribution scaled by λ. The
reward prediction for a new stimulus x was obtained using
the mean of the posterior predictive distribution:

−1 T T
r̂(x) = σ−2 σ−2 XT X + λI
X r x

pants got better over time at using reward differences between
the options (see Figure 1D).

Model-Based Analyses
Our previous analyses confirmed that participants can solve
our task and that they improve over time. We complement
these behavioural results with additional model-based analyses to gain insights into how they accomplished this.

Which feature predicts behaviour the best?
We started by testing which of the latent dimensions predicted
participant choice behaviour the best. To do so, we ran 49
mixed-effects logistic regression models, one for each latent
dimension. Each model had differences of a given dimension’s loadings between the left and the right options both as
fixed and random effects. As can be seen in Figure 2A, the
model that used the first latent dimension, which is the one
the reward function was based on, was the best performing
model (negative log-likelihood = 1940.24). The same figure
also shows that there were other latent dimensions, such as
tool or construction relatedness, that predicted participant behaviour above chance level. The above-chance performance
of these models can be explained by the fact that these dimensions were correlated with how metallic/artificial an object is.

Gaussian Process (GP) regression models (Schulz et al.,
2018) offer a competing explanation for how people could
solve our task. In previous work, these models have been
successfully used to understand human generalisation across
a range of reward-guided decision-making studies (Schulz et
al., 2020). A GP defines a multivariate normal probability
distribution over functions:
f ∼ N (m(x), k(x, x′ ))
where m(x) is the mean function, which we set to 0, and
k(x, x′ ) is the kernel (also called the covariance function),
which defines prior assumptions about how similar two feature vectors x and x′ are. Here, we employ a Radial Basis
Function (RBF) kernel, which represents the similarity between two feature vectors as an exponentially decaying function of their squared Euclidean distance:


∥x − x′ ∥2
k(x, x′ ) = exp
2ℓ2

Computational Models
To provide a computational account for how participants
learned to do our task, we assessed the degree to which their
choice behaviour was described by different decision-making
models. All models presented in this section use the latent dimensions identified by Hebart et al. (2020) as features and are
updated after each trial using data from both the chosen and
the unchosen option. All hyperparameters of all the computational models were fit in order to maximise task performance.
The first model under consideration is a linear model,
which assumes that rewards are a weighted linear combination of all features:
r = Xβ + ε

where the parameter ℓ controls the rate of decay of similarity.
We picked the RBF kernel as it has previously been shown to
explain human behaviour in decision-making tasks with linear reward functions (Stojić et al., 2020), despite it not capturing the underlying linear task structure. Using GP regression,

ε ∼ N (0, σ2 )
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M is infinitely more accurate than chance, R2 = 0 indicates it
is a model performing at chance-level.
We found that the linear model is the most frequent model
within our population (MF = .87, XP > .99, R2 = .2792)
as illustrated in Figure 2B. While much less frequent, the
GP explained participant behaviour to a similar degree (MF
= .11, R2 = .2786). While similar R2 values of the two models indicate that they predict the overall choice behaviour
to similar extent, differing MF values indicate that the linear model is considerably better at explaining individual participants’ behaviour. The single cue and equal weighting
models performed poorly in predicting participant behaviour
(R2 = .03, .005 respectively).
We also hypothesised that people might rely on different
strategies in different stages of the task. To test this, we ran
separate model frequency analyses for different parts of the
study (Figure 2C). While the linear model outperforms the
other models in the first 50 trials (MF = .97, XP> .99, R2 =
.18), the single cue model was the most frequent model (MF
= .58, XP = .97, R2 = .32) for the second 50 trials. Interestingly, in the last 50 trials, the GP was the most frequent
model (MF = .52, XP = .91, R2 = .36). These results indicate
that participants switch strategies as they progress through the
task. They start the task with a linear-additive strategy, then
switch to make decisions only based on the best cue, and, in
the end, use an examplar-based strategy. For a forward simulation of the computational models, see Figure 2D.

reward predictions for a new stimulus x can be made by:
−1
r̂(x) = kT K + σ2 I
r
where k is the covariance matrix between the previously observed stimuli and the new stimulus and K is the covariance
matrix between all previously observed stimuli.
The two previously outlined models take all features into
account to varying degrees when making predictions. It has
been argued that this style of decision-making is too computationally expensive and people rely on simpler heuristic strategies instead (Gigerenzer & Gaissmaier, 2011). We therefore
also considered two common heuristics in our model comparison: a single cue model and an equal weighting model. The
single cue model only uses the single best feature to make decisions. This type of heuristic has been shown to be successful at explaining human behaviour both in real-world and lab
settings (Gigerenzer & Goldstein, 1999; Gigerenzer & Gaissmaier, 2011). We assume that the identity of the best feature
is unknown, and maintain one single cue model for each feature dimension. Each of these models is implemented as a
simple Bayesian linear regression model. To obtain reward
estimates, we make predictions based only on the best performing model up until that point, i.e., the one with the highest likelihood (Binz et al., 2022). The equal weighting model,
on the other hand, does not distinguish between different features and learns a single weight for all of them (Gigerenzer
& Gaissmaier, 2011; Dawes & Corrigan, 1974). We implemented this form of decision-making as a Bayesian linear regression model with a single feature that is obtained by summing up the original features (Binz et al., 2022).

Interim Discussion
How do these results relate to the outcomes of previous decision-making studies with low-dimensional, artificial
stimuli? An almost universal conclusion from these studies
is that people seem to employ linear-additive strategies unless they are explicitly encouraged to use simpler decisionmaking heuristics instead (Binz et al., 2022). This finding
aligns with our main result that people are overall best described by the linear model.
Rieskamp & Otto (2006) furthermore found that participants in their study had initial preferences for linear-additive
strategies, but then switched to single cue heuristics during
later stages. This hypothesis was confirmed in several other
studies (Gluck et al., 2002; Mata et al., 2007). We observed
an analogous pattern in our study, with participants having an
initial preference for linear-additive strategies, followed by a
switch to single cue heuristics.
Finally, Juslin et al. (2003) argued “people have an inclination to abstract explicit representations whenever possible ...,
with exemplar memory acting as a backup in tasks in which
explicit representations of cue–criterion relations cannot be
abstracted or in which behaviour has become automatic”. It
can be that behaviour has become automatic by the end of
our study, which would explain the late emergence of GP (an
exemplar-based model) as the winning hypothesis. Taking
everything into consideration, our analysis suggests that key
results from decision-making studies with low-dimensional,
artificial stimuli also transfer to more naturalistic settings.

Model Comparison
For our model comparison, we computed the reward estimates for each computational model as described above. We
then ran a separate mixed-effects logistic regression for each
model, where we used the difference between the reward
estimates of two options as fixed and random regressors to
predict participant choices. We did a leave-one-out crossvalidation for each of these models to obtain cross-validated
log-likelihoods (Garvert et al., 2021). To compare models,
we used these log-likelihoods in a model-frequency analysis (Stephan et al., 2009; Rigoux et al., 2014), which is a
Bayesian procedure that estimates the prevalence of a model
within the participant population. We report model frequencies (MF), which measure how common a model is in that
population, and their exceedance probability (XP), which is
the posterior probability that the frequency of a given model
is larger than all the other models in that population. We additionally report pseudo-R2 scores (McFadden, 1974) obtained
from the cross-validated log-likelihoods:
R2 = 1 −

L (M)
L (Random)

L (M) is the log-likelihood of a given model and L (Random)
is the log-likelihood of a random model. While R2 = 1 shows
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Representational Analyses

dimensions, indicating that the original dimensions extracted
by Hebart and colleagues captured the representations used
by participants to complete the task best (Figure 3A). Another interesting finding here is that the single cue model got
better at predicting participant behaviour as the feature space
got more compressed, hinting at the possibility that a sufficiently small feature space combined with this model may be
able to compete with our currently winning models.

In the above section, we used the latent dimensions extracted
by Hebart et al. (2020) to train our computational models.
However, these are not the only representations that can be
used to solve our task. Humans may use more granular or
more compressed representations. In addition to testing the
dimensionality of the representations, we tested if our models
can be improved by incorporating pixel-based representations
extracted from convolutional neural networks.

Learning with Pixel-Based Representations

Learning with Different Latent Dimensions

There has been a recent surge of interest in using end-to-end
representations to model human behaviour (see Battleday et
al. (2021) for a review). Following this direction, we consider if participants use such representations to solve our task.
Convolutional neural networks have proven to be promising models of the human visual system (Yamins & DiCarlo,
2016), and using representations of pretrained convolutional
neural networks to model higher level cognitive tasks, like
categorisation judgement (Battleday et al., 2020), has been
successful. Therefore we decided to use such a neural network to obtain pixel-based representations. We passed the
images through a pre-trained ResNet18 (He et al., 2016) and
extracted the activity pattern of the penultimate layer’s neurons. We trained our models with the resulting 512 features.
Models trained with the pixel-based representations can
perform the task above chance level as shown in Figure 3C.
The linear model predicted human choice behaviour the best
compared to the other pixel-based models (MF = .97, XP
> .99, R2 = .17), which is however worse than the linear
model trained with the original latent dimensions. All other
models trained with pixel-based representations performed
around chance level (R2 < .01) (Figure 3B).
Even though the pixel-based computational models did not
outperform the models trained with the original latent dimensions, it is possible that the reward estimates obtained
by training on the pixel-based representations capture some
features of the objects that were used by the participants but
that were not captured by the original latent dimensions. To

We re-trained the model of Hebart et al. (2020) to extract a
different number of latent dimensions. The model is trained
to predict human responses on an odd-one-out task with three
objects. It learns weights shared across all the objects. The
model is penalised for the number of non-zero weights that it
learns, and the extent of this penalty is controlled by a hyperparameter in the model’s loss function. By changing this hyperparameter, we extracted a low (14) and a high (82) number
of latent dimensions from the objects. The test accuracy for
the newly trained models on the odd-one-out task was comparable to that of the original model, indicating that the latent
dimensions described the objects well. We then replicated
the previously discussed model comparison procedure with
the newly-extracted latent dimensions to test which representations predict human choice behaviour the best.
For the models that were trained with low number of latent dimensions, the GP regression model performed the best
(MF = .58, XP = .90, R2 = .27), followed closely by the
linear model (R2 = .27). The single cue and equal weighting models again performed worse comparably (R2 = .12 and
R2 = .02 respectively). Out of the models that were trained
with the high number of latent dimensions, the linear model
performed the best (MF = .49, XP = .50, R2 = .28), with the
GP regression model again performing similarly (R2 = .28).
Both the single cue and equal weighting models predicted
around chance level (R2 < .001). Overall, the best performing model was the linear model trained with the original latent
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test this hypothesis, we used a mixed-effects logistic regression model, where we used reward estimates of the linear
model trained with the original latent dimensions and reward estimates of the linear model trained with pixel-based
representations as predictors. The estimates obtained from
both the original dimensions (βˆ = 1.55, 95% CI [1.37, 1.73],
p < .001) and the pixel-based representations (βˆ = .27,
95% CI [.21, .33], p < .001) were significant predictors (Figure 3D). The model using both of the representations was significantly better in predicting human choice behaviour compared to the mixed-effects model that only used the linear
model’s estimates coming from the original latent dimensions
(χ(3) = 17.9, p < .001, R2 = .28). These results provide support for our hypothesis that humans may use representations
that are not captured by the symbolic feature space of latent
dimensions but can be extracted using end-to-end methods.

sions do not directly correspond to the reward function of our
task. It is possible that humans represent the objects with even
fewer dimensions than we have tested here and that a single
cue model trained with more compressed representations can
explain human choice behaviour even better.
While the cognitive sciences have mostly used symbolic
representations to model human behaviour, more recent work
has shown that using distributed representations obtained by
deep neural networks trained on naturalistic stimuli can provide a better account of human behaviour in similarity judgement (Peterson et al., 2018) and categorisation tasks (Battleday et al., 2020). To test if such representations can be useful
in explaining human behaviour in our task, we trained our
models on pixel-based representations obtained from a pretrained convolutional neural network. The linear model again
provided the best fit for the human data with this form of
representation. Interestingly, reward estimates obtained from
this linear model were better at predicting participants’ choice
when combined with the reward estimates coming from the
linear model trained on the original latent dimensions, compared to using the reward estimates coming from the latter
alone. In the future, trying different fine-tuned neural networks architectures for the task at hand can extend our work
and provide better predictions of human behaviour. In addition to obtaining representations from neural networks, building neural networks that can also perform these decisionmaking tasks can help us understand the underlying neuronal
processes when combined with neuroimaging.

General Discussion
How do people learn to make good decisions in settings with
high-dimensional options? We have studied this question in
a two-alternative forced-choice task with naturalistic stimuli.
Participants in our study were not explicitly instructed about
the existence of the high-dimensional features of objects but
nevertheless got better at the task quickly over time simply
by reward guidance. The fact that none of the stimuli appear
more than once also shows that participants did not simply
learn stimulus-reward associations but that they learned features about the stimuli, allowing them to generalise.
We furthermore tested various models used in the decisionmaking literature to provide a computational explanation
of human generalisation in high-dimensional feature spaces.
When trained on the latent dimensions extracted from similarity ratings that human participants performed on the stimuli,
a linear model provided the best fit to the human data. Interestingly, however, comparing models at different points in
the experiment revealed that participants changed their strategy as they progressed through the task. Participants initially
learned a linear function until they were certain about which
aspect was relevant for obtaining rewards and switched to a
strategy that only cares about the single reward-relevant dimension once they were certain. In the later stages of the experiment, they switched to a GP regression model, suggesting
that their behaviour has become automated.
While our models could predict participant behaviour, the
features they received do not necessarily reflect the representations used by the participant. To investigate the possibility that humans use different representations while doing our
task, we first compared models trained on the original latent
dimensions with more compressed and more granular latent
dimensions. We showed that the original latent dimensions
that capture the structure of the task provided the best fit to the
human choice data. It is worth pointing out that using more
compressed dimensions led the single cue model to perform
better compared to the other conditions. This is interesting
because the individual cues this model uses to make deci-

Lastly, participants receive reward information of both the
chosen and unchosen options in our task. We have made this
choice to simplify our experimental design. However, this decision also removed the need for exploratory choices. Future
work could lift this restriction and reveal reward information
for only the chosen option. In turn, this will allow us to adapt
our paradigm to study the relationship between exploration
and generalisation (Wu et al., 2018) in a more naturalistic
setting. Additionally, our task was naturalistic only in the
sense that it used rich and naturalistic feature spaces. Other
aspects of naturalistic decision-making such as being faced
with sparse rewards, having to define rewards internally, and
dealing with high degrees of freedom need to be studied to
understand how humans make decisions in the wild.
In summary, our work provides three important insights
into human decision-making. First, we established that people learn to pick more rewarding options by generalising their
knowledge about object features in a naturalistic setting. Second, we showed that humans employ different strategies at
different stages and that their behaviour can be explained by
similar models utilised in decision-making tasks with lowdimensional, artificial stimuli. Lastly, distributed representations obtained from neural networks capture aspects of how
humans represented the objects in our task that were not captured by the original latent dimensions. These results offer
some of the first insights into how people make decisions with
naturalistic options.
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Abstract

theory, combined with computational modeling research
methods (Axelrod & Hamilton, 1981), has been the main
hypothesis of altruism's universal evolutionary and cognitive
mechanism. This theory represents altruism can be evolved
since the recipient of altruism compensates the loss of
altruism by giving altruistic behavior back at a later time, or

How altruistic behavior evolves despite its evolutionary cost is
still an intriguing question. Using Neural Network and
Gradient descent algorithms, we proposed a mixed
computational model of fitness competition among three
artificial agents (predator, altruistic prey, recipient prey), in the
zero-sum game environment. We found that altruism emerged
without direct reciprocity when the predator invested in
altruism aiming to use the prey’s altruistic behavior as “bait”
to fish for more prey. For the decisive factor of this mechanism,
we demonstrated that the long-term decision-making of a
predator enhanced its investment in the prey's altruistic
behavior, which leads to a significant increase in altruism and
fitness in altruistic prey. We interpreted our findings from
economic, evolutionary, and psychological perspectives,
connecting zero-sum economies, K-selection, and third-party
emotional decision-making to the emergence and maintenance
of altruistic behavior.
Keywords: altruism; long-term decision-making; cooperative
hunting; Prey-Predator model; zero-sum game; evolution;
Neural Network

Introduction
The evolution of altruism is a perplexing problem in biology,
anthropology, psychology, and cognitive science; altruistic
behavior enhances inclusive fitness by providing
reproductive success to an organism’s relatives (Hamilton,
1964). However, non-kin altruism directly leads to the loss of
evolutionary fitness while increasing others’ fitness, not
genetically related to the donor of altruism (Trivers, 1971).
Nevertheless, various prosocial and highly intelligent animal
species such as humans, primates, and even some bird species
have a high quality of non-kin altruistic nature; altruism even
composes the fundamental principles of ethics in human
culture.
To answer the complex question of altruism, reciprocal
altruism theory (Trivers, 1971), competitive altruism
(Alexander, 1987), and Costly Signaling Theory (Zahavi,
1975) were presented to explain the widespread altruistic
nature regardless of its cost. Above all, reciprocal altruism

Figure 1: Description of model structure. The top and middle
figures depict the agents’ mobility and altruism. The bottom
figure describes fitness score exchanges among agents.
3rd party’s altruism compensates it (Roberts, 2008). The
existence of reciprocity is attempted to be explained with 3rd
party punishment (Fehr & Gächter, 2000): This model based
on game theory suggested that altruism evolved when
altruistic behavior leads to more efficient results (e.g.,
cooperative hunting), and free-riders of altruism or public
goods must be punished by 3rd parties in the society.
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However, there were numerous unsolved problems: 3rd party
punishment is costly and risky (Barclay, 2006), and altruism
can only evolve when public goods' efficiency is higher than
1. Furthermore, the existing mathematical and agent-based
model does not explain the effect of cognitive abilities on the
emergence of altruism.
Innate mental factors which affect altruistic behavior were
also investigated with psychological and neurological
research methods. Based on the somatic marker hypothesis
(Damasio, 1985), Psychological theories have suggested that
emotions based on physical factors including neural
mechanisms have an important influence on decision-making
rather than logical cost-benefit computations (Schwarz,
2000; Lerner et al., 2015). It has been found through neural
and behavioral response experiments that emotion acts as an
important factor not only in moral decision-making closely
related to altruism (Naqvi et al., 2006), but also in economic
decision-making that judges the expected material costs and
benefits (Sanfey et al., 2003); These emotions were
interpreted as empathy(Batson et al., 1991), or expectations
for emotional rewards such as praise, gratitude, and intimacy
returned by the recipient (Batson & Shaw, 1991; Barasch et
al., 2014).
These psychological and neuroscientific findings provide
the insight that altruistic behavior is not determined solely by
the immediate cost-benefit given in the external environment,
but is caused by innate and long-term cognitive strategies,
such as the emotions of altruistic behavior actors. However,
these theories of psychology and neuroscience do not
sufficiently explain why evolutionary fitness remains stable
due to intrinsic cognitive factors involved in altruism, such as
emotions.
To solve these questions in computational biology and
psychology, cognitive modeling using multi-agent artificial
intelligence systems, which combines psychological insights
about cognitive capacity into computational research
methods, has been introduced as a new research methodology
(Yong, 2001; Ueda, 2004). Recently, various machine
learning algorithms are designed for imitating the human
cognition structure; unsupervised reinforcement learning
algorithms are actively used for structuralizing cognition and
decision-making in social dilemmas (Leibo et al., 2017;
Hughes et al., 2018).
In this manner, research methods using Neural Network
and reinforcement learning are applied to the altruism
problem to figure out the problem with the cognitive
approach (Zhao, 2012; Wang, 2019; Hostallero et al., 2020).
These machine learning-based research figured out the
principles of altruistic decision-making facilitated when
expecting the recipient’s reciprocal behavior. This approach
has a limitation of implementing reciprocal altruism and 3rd
party punishment to cognitive abilities such as complex
decision-making; this did not present a new solution to the
altruism problem with cognitive factors or the model other
than reciprocal altruism.
In this study, we suggest a new model for investigating
how altruism evolves, replacing the 3rd party punishment with

the 3rd party investment from predator to a prey species,
postulating the ecological resource as zero-sum.
Furthermore, we applied the mixed methodology with Neural
Network and gradient descent algorithm, to optimize the
fitness of agents. Neural Network is used to model the longterm decision-making cognitive factor inversely proportional
to the sensitivity to environmental change. The gradient
descent algorithm is used to model the instantaneous
modification of behavioral strategies, aiming to optimize
agents’ fitness.

Methods
Models
We constructed a simplified ecological model which imitates
the real-world situation that one predator must decide
whether to prefer prey as altruists or prey who only receives
the benefits from other prey’s altruistic behavior; gathers
around altruists but returns nothing. The model contains three
agents, corresponding to one predator, and two prey
(altruistic prey and recipient prey).
Each agent aims to maximize its fitness score; the agent
spontaneously modulates behavioral factor values (e.g.,
investment ratio to altruism) to enhance the score
corresponding to the environmental conditions given by other
agents. We constructed a predator agent as a Neural Network
agent with a Stochastic Gradient Descent algorithm to
examine the effect of long-term decision-making capacity on
the emergence of altruistic behavior. Prey agents were
designed as computational equations with Gradient Descent
Algorithm.
Predator System Structure We designed the zero-sum
prey-predator system model which represents the ecological
situation where one species of predator and two species of
prey are competing to maximize their fitness, in the closed
energy system. Two virtual spaces (I, II) are given: altruistic
prey (“Altruist”) is fixed to space I, and can give benefit to
recipient prey (“Recipient”) only when the Recipient is in the
same space. The recipient can decide its location with the
probability of being in space I. The predator (“Predator”) also
can modulate its probability of being in space I and reward
Altruist proportional to the quantity of altruistic behavior.
Fitness Score Calculation Each agent aims to maximize the
value of the fitness score equivalent to its survival and
evolutionary success. The fitness score of Altruist, Recipient,
and Predator is described as follows:
𝐹(𝐴) = 𝑞𝑤𝑙𝑃 − 𝑞𝑙𝑅 − 𝑙𝑃
𝐹(𝑅) = 𝑞𝑙𝑅 − 𝑙𝑅 𝑙𝑃 − (1 − 𝑙𝑅 )(1 − 𝑙𝑃 )
𝐹(𝑃) = −𝑞𝑤𝑙𝑃 + 𝑙𝑃 + 𝑙𝑅 𝑙𝑝 + (1 − 𝑙𝑅 )(1 − 𝑙𝑃 )
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designated as variables. In addition, setting the initial q value
and lR value to 0, the average of the predator's fitness score
during 512-time steps of the simulation in which the three
agents interacted together was designated as a target function.
Among the 10 updates, the weight value of the neural
network that generated the highest average fitness score was
extracted; the output values calculated in the state of the
Neural Network at this time were collected as samples of
output values corresponding to the experiment results.

Table 1: Variables of fitness score equations
Variable1

Meaning

F(Agent)

Fitness Score of agent.

q

Quantity of altruism from
Altruist to Recipient.
The probability that the
agent is in space I.
Quantity of reward from
Predator to Altruist.

lAgent
w

The hyperparameters of this Neural Network and optimizer
are as follows:
Table 2: Hyperparameters
Hyperparameter
Learning rate
Momentum
Decay
Nesterov momentum
Input domain
Weight Initialization

Value
0.001
0
0
false
float between 0 and 1
0 for all weights

Prey Models Models of Altruist and Recipient are
constructed with a gradient descent algorithm. Each model
computes the differential value of fitness by its score
variables. Then, the agent adds the differential value
multiplied by the learning rate (η = 0.2) to the score variable.
This computation updates the latest fitness score. The model
formula is constructed as follows:

Figure 2: Sample architecture of fully-connected Neural
Network of the Predator agent. This sample Neural Network
has a pair of 4 output neurons; for instance, the 8th output
neuron’s value represents Predator’s w value after 3-time
steps from the input.

𝑞 ← 𝑞 + 𝜂(𝑤𝑙𝑝 − 𝑙𝑅 )
𝑙𝑅 ← 𝑙𝑅 + 𝜂(𝑞 − 2𝑙𝑃 + 1),

Neural Network To investigate whether a Predator’s longterm decision-making enhances the emergence of Altruist’s
altruistic behavior, we used a fully connected Neural
Network as a Predator agent. This Neural Network has an
input layer with two inputs (q, lR), one hidden layer with 32
neurons with activation function as ReLu, and an output
layer, with activation function as sigmoid function. The
output layer has the number of neurons equivalent to the
doubled value of the series of future actions, ranging from 23
to 210. Half of the output neurons decide the lP value of the
Predator, and the other half decide the w value of Predator.
Each output value from the neurons, at respective time steps,
designates the lP value or w value. The number of output
neurons is equivalent to the time-length of future actions
(behavioral strategies) from given inputs.
We used the Stochastic Gradient Descent optimizer
provided by Keras open-source library (Chollet et al., 2021)2,
postulating maximizing Predator's fitness score as the goal of
Neural Network optimization. In the optimizer, Predator's
Neural Network was updated 10 times through the following
process: the weight values of the Neural Network were

Experiment Procedure
We computed the simulation experiment with 8-level longterm decision-making conditions, 512-time steps, and 500
trials to measure changes in agents’ fitness scores, location,
altruism, and reward to altruistic behavior by the degree of
the long-term behavioral strategy of Predator.

1

2

All values of variables are greater than or equal to 0, and smaller
than or equal to 1.

https://github.com/keras-team/keras/blob/master/keras/
optimizers.py#L157
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Figure 3: Examples of Neural Network decision-making that
vary depending on the degree of future actions time-length
(x). The red arrow represents the time that the Neural
Network takes the input value, and the green dot represents
the time that the neural network decides the future behavioral
strategies (lP, w) within the time-length (x). Time step (t) is
limited to 512; the number of changes in behavioral strategies
is inversely proportional to x.

adaptive because Predator gave rewards to altruistic
behavior, which is represented as w. There was no significant
compensation of altruistic behavior to Altruist in the
condition of the lower level of long-term decision making
(w=1.158E-06 when x=22, w=3.879E-06 when x=23, w=0.001
when x=24). However, after the x=25 transition period
(w=0.202, std = 0.243), the w value significantly increased
and remained approximately 0.5, even in the extreme
condition when x=29 (w=0.495, std = 5.96E-08).

Agents changed their behavior in 512-time steps. Levels of
long-term decision-making conditions were divided into 8
conditions, from 22 (with 27 strategies) to 29 (with a single
behavioral strategy) with a geometric progression of 2.
We optimized the Predator’s neural network 10 times,
selected the most optimized neural network, and measured
the result that the network finally adjusted the six variables
of three agents: F(A), F(R), F(P), lR, q, and w. We repeated
the computation 500 times and obtained the average values.

Results
Effect of long-term decision-making level (time-length of
future actions, x) and six variables (F(A), F(R), F(P), 𝑙𝑅 , q,
and w) was computed in the zero-sum condition. First, we
examined the Altruist’s quantity of altruistic behavior(q) by
the time-length conditions of the Predator’s decision-making.
There was no significant altruistic behavior in the conditions
of Predator’s “short-term” decision-making (q=5.93E-05
when x=22; q=0.0002 when x=23; q=0.008 when x=24).
However, after the transition period (x=25; q=0.227, std =
0.198), the q value significantly increased and the maximum
q value recorded q=0.352 (std = 0.071) when x=22. There was
a significant decrease in altruism value when x=29 (q=0.145,
std = 1.49E-08), which is an extreme condition that the
Predator agent only can take a single behavioral strategy.
Altruistic behavior instantaneously reduces an Altruist's
fitness score; Predator’s long-term decision-making made
altruistic behavior adaptive to Altruist, even compared to
Recipient. F(A) significantly increased from -1 (std = 0.006,
x=22) to -0.691 (std = 0.043, x=28), while F(R) decreased
from 0(std = 0.002, x=22) to -0.32 (both except when x=29).
Furthermore, in the extreme condition when x=29, F(A)
increased to -0.573 (std = 5.96E-08) and F(R) decreased to 0.43 (std = 2.98E-08).
We did not postulate the initial value of fitness scores as
F(A)=-1 and F(R)=0; F(A) is computed as -1 when q=0
because all portion of Altruist is hunted by Predator since
F(A) is equivalent to 𝑞𝑤𝑙𝑃 − 𝑞𝑙𝑅 − 𝑙𝑃 , q=0 and 𝑙𝑃 =1. In the
same condition, F(R)=0 since 𝐹(𝑅) = 𝑞𝑙𝑅 − 𝑙𝑅 𝑙𝑃 − (1 −
𝑙𝑅 )(1 − 𝑙𝑃 ) , q=0, and lR=0. The difference in baseline
between F(A) and F(R) is occurred by initial environmental
inequity between the two agents; Altruist cannot avoid
predation since the location of Altruist is constantly fixed to
space I (lA = 1), however, Recipient can modulate the value
of 𝑙𝑅 to maximize its fitness score, regarding avoiding
predation and taking altruistic benefits from Altruist.
There was a clear loss of fitness score of Altruist caused by
the expense from altruistic behavior, however, altruism was

Figure 4: Altruism(q) significantly enhanced when the timelength of future actions(x) was over 25.

Figure 5: Fitness score of Altruist (F(A)) significantly
enhanced when time-length of future actions (x) was over 25,
while fitness score of Recipient (F(R)) significantly
decreased at the same condition, despite the enhancement of
altruistic behavior (q).
Like the altruistic behavior of Altruist, the reward from
Predator to Altruist also was a significant factor that reduces
Predator’s fitness score. F(P) increased when x was higher
than 25, which were the conditions that Predator invested w
value of approximately 0.5. Maximum F(P) was 1.011 when
x=28, though the score remains F(P)=1 when x was under the
transition period (x < 25). However, there was a significant
decrease in F(P) when x=29 (w=0.145, std = 1.49E-08).
Increased F(P) in Predator’s long-term decision-making
conditions indicated that giving a reward to Altruist is
adaptive to Predator despite the loss of fitness score driven
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by the expense of w. The fitness of the Predator appears to be
compensated by the increase of lR while the x value increased;

Figure 8: Recipient’s probability to be in space I (lR)
significantly enhanced when the time-length of future
actions(x) was over 25, which coincides with the period of the
significant increase in altruistic behavior (q), and the period
of the significant increase in Predator’s investment to
altruism (w).

Figure 6: Predator’s reward to Altruist (w) significantly
enhanced when the time-length of future actions (x) was over
25, coinciding with the period of a significant increase in
altruistic behavior (q).

The result is interpreted as the mechanism as follows:
Predator invests in altruistic prey’s altruistic behavior, then
altruistic prey enhances altruistic behavior to get the reward
from the predator; the reward can be interpreted as a direct
reward or lower probability of being predated. recipient prey
is gathered to the surrounding location of Altruist to get the
incentives of altruistic behavior of other prey. Therefore, the
predator gets the benefit because prey is gathered at one
location, which can be interpreted as lowered uncertainty of
the hunting task.
This mechanism indicates that altruism is used as “bait” to
reduce the spatial uncertainty of prey in hunting. Also, in the
perspective of altruists, altruism is used as a behavioral
strategy that seduces the free-rider to be exposed to higher
predation risk and reduces the risk of predation pressure.
Because this model environment is a zero-sum closed energy
system, the Recipient's fitness score decreased when Altruist
and Predator increased their benefit from the bait-altruism
strategy. This can be interpreted as cooperative hunting
between Predator and Altruist: “fishing free-rider”, using
altruism as bait. Therefore, unlike the existing theory of
reciprocal altruism, our model suggests an evolutionary
mechanism of altruism that is indirectly disadvantageous to
free-riders and gives reward to altruism through 3rd party
investors.
Furthermore, using the zero-sum energy environment
model, we showed that altruism emerges even in the social or
ecological environment where the additional energy or
economic income is not continuously supplied from the
external system. Our findings imply that altruism can emerge
even when there is no economic growth or an isolated
environment.
We also found that long-term decision-making is the key
factor in altruistic behavior. This provides insights into both
the evolutionary origins and psychological basis of altruism.
First, we can interpret long-term decision-making as the long

Figure 7: Fitness score of Predator (F(P)) significantly
enhanced when time-length of future actions (x) was over 25,
despite the increase of reward to Altruist (w).
an increase in lR makes prey gather in the same space and
gives more amount and certainty of predation.
Recipient did not share location with Altruist when x was
under the transition period (lR = 0 when x=22 or x=23; lR =
0.001, std=0.016 when x=24); Maximum lR recorded 0.362
(std=0.034) when x=26, right after the transition period.

Discussion
We found long-term decision-making of the Predator affects
the significant increase of altruistic behavior of prey agents
(Altruist), by encouraging Predator to invest in altruism.
From the experiment results, we figured out altruism (q),
investment to Altruist (w), and the fitness of Altruist and
Predator (F(A), F(P)) significantly increased only when the
Predator had cognitive ability to make decisions in the longterm time-length (x > 25).
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generation time of a species, and modification of behavioral
strategy as changes in gene pool composition of behavioral
traits by natural selection. In this perspective, species that
have longer generation time to reproduce offspring, and
consequently have slower genetic adaptation to the
environment would lead to the evolution of altruistic
behavioral traits. According to r/K selection theory (Pianka,
1970), at K-selection with less quantity and more quality of
offspring, which the survival and reproduction strategy
adaptive when higher stability of the environment, animal
species have linked attributes containing longer life
expectancy and generation time, longer growth period and
parental care and consequential higher intelligence (Rushton,
2004). In this manner, altruism might not be the consequence
of higher intelligence (Millet & Dewitte, 2007); altruism and
higher intelligence would have occurred from a longer
lifespan and originated from a stable environment.
Second, our findings investigated that altruists do not need
long-term decision-making, but rather their sponsor’s
(Predator in our model) long-term decision-making capacity
supports altruism and acts as an important factor in
generating altruistic behavior. In our model, Altruist
instantaneously decided whether to perform altruistic
behaviors regarding external information such as cost and
benefit; for altruism to evolve, the motivation of sponsors
who support the altruists would be based on intrinsic and
long-term emotions rather than spontaneous reactions to
external stimuli. This suggests that, in addition to the
cognitive factors of altruists, the cognitive factors of 3 rd
parties involved in altruism play an important role in the
conditions of the emergence of altruism. For instance, the
emotional and cognitive attributes of laities who feel
religious awe of the clergies (Prade & Saroglou, 2016), can
be a crucial factor in maintaining the altruistic behavior of
clergies.
However, our experiment results also showed that if these
sponsors' trust is overly consistent such as not changing at all
once determined, another "free-riding" in which altruists
deceive and exploit sponsors by performing less altruistic
behavior while taking continuous benefit from sponsors.
Under the condition of x=29 where the Predator minimized
the modifications of the behavioral strategy in the Neural
Network, the predator maintained a high value that gives a
reward for Altruist's altruistic behavior. At this time, Altruist
maximized its fitness score by reducing altruistic behavior
according to the instantaneous cost and benefit calculation.
As a result, the fitness score of the Predator decreased to a
lower level than the transition period. This suggests that
appropriate time intervals of updating reward policy for
altruistic behavior, as well as long-term decision-making, are
required to maintain altruism.
The current study leaves collateral parametric effects and
comparison among technical conditions unexplored; in future
research, we suggest the reward from Predator to Altruist to
expand to Neural Network, to precisely figure out the
correlation and causality between reward policy and altruistic
behavior. In the current research, the learning rate of prey

agents was fixed at 0.2; the effect of the learning rate on
altruism should be examined. Furthermore, future studies
may expand our model simulations to a wider range of
various machine learning techniques such as DNN, Genetic
Algorithm, and Reinforcement Learning to explore how the
evolution of altruism differs by algorithmic attributes of
artificial intelligence agents.
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Abstract
Speakers often use different names to refer to the same entity (e.g., “woman” vs. “tennis player”). We here explore
factors that affect naming variation for visually presented objects. We analyze a large dataset of object names with realistic images and focus on two factors: visual typicality (of both
objects and the contexts they appear in) and name frequency.
We develop a novel computational approach to estimate visual
typicality, using image representations from Computer Vision
models. Specifically, we compute visual typicality as similarity between the representation of an object/context to the
average representation of other objects/contexts of its nominal
class. In contrast to previous studies, we not only study the
name used by most annotators for a given object (top name),
but also the second most frequently used (alternative name).
Our results show that the top name and the alternative name
pull in opposite directions. People’s naming choices are more
varied for objects that are less typical for their top name, or
more typical for their alternative name. They are also more
varied when the top name has relatively low frequency (for alternative names, the opposite effect may be present but the data
are not conclusive). Context typicality instead does not show
a general effect in our analysis. Overall, our results show that
visual and lexical characteristics relating to name candidates
beyond the top name are informative for predicting variability
in object naming. On a methodological level, we demonstrate
the potential of using large scale datasets with realistic images
in conjunction with computational methods to inform models
of human object naming.
Keywords: object naming, naming variation, visual typicality,
object typicality, context typicality, lexical frequency

(a) woman (17), tennis player (8),
player (4), athlete (2)
H: 1.62

Figure 1: Examples of images with top name “woman” and
alternative name “tennis player” in ManyNames (Silberer et
al., 2020) (in parentheses, response counts). Image 1a shows
more naming variation, expressed by the information statistic
H (see Methods).

Introduction
We successfully refer to objects in most interactions. In doing so, we usually choose a word in our lexicon to name them,
such as “woman” or “tennis player” for the people in Figure 1.
This involves complex cognitive processing that allows us to
link the properties of the object to our lexicon. The mapping
of a representation of the object to the lexicon is not one-toone: Often, different names can be used for the same object.
In particular, recent work has shown that, while subjects do
on average have a preferred name for objects, naming variation is pervasive (Silberer, Zarrieß, & Boleda, 2020). This
variation corresponds not only to changes in conceptual taxonomic levels (e.g. “person” vs. “woman”), explored in early
studies in psycholinguistics (Rosch, Mervis, Gray, Johnson,
& Boyes-Braem, 1976; Jolicoeur, Gluck, & Kosslyn, 1984),
but also to different conceptualizations of the same object

(b) woman (30), tennis
player (3), girl (2).
H: 0.73
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(e.g. “woman” vs. “tennis player” in Figure 1; Ross & Murphy, 1999); or even to disagreements as to what the object
is (e.g. “woman” vs. “man” for the same person; Silberer et
al., 2020). We here aim to better understand the factors that
influence naming variation of visually presented objects.
Naming is a widely used task in different areas of cognitive
science. It is of particular importance for studies on human
language production (e.g., Humphreys, Riddoch, & Quinlan, 1988; Levelt, Schriefers, Vorberg, Meyer, & et al, 1991;
Glaser, 1992). This kind of work focuses on the process that
goes from a chosen name to its realization, e.g. in speech.
Therefore, in this line of research, objects are often sought
to elicit as little naming variation as possible. Norming studies providing standardized sets of images for these studies
accordingly focus on stylized images of isolated objects, usually only with one object instance per category, designed to be
a prototypical representation of the category (e.g., Snodgrass
& Vanderwart, 1980; Brodeur, Dionne-Dostie, Montreuil, &
Lepage, 2010; Brodeur, Guérard, & Bouras, 2014) – see Figures 2a and 2b. Moreover, in most of these studies naming
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variation is regarded as noise; and only the name most frequently chosen for each object is subjected to analysis.
We instead look at naming variation as a phenomenon in its
own right, and aim at characterizing how object instances are
named, with all their idiosyncratic properties, as opposed to
categories. We accordingly analyze naming data for objects
in naturalistic images, exemplified in Figure 1. Moreover, in
our analyses we take into account all the names produced, not
only the most frequent name, so as to obtain a more comprehensive picture of not only the different naming possibilities
for a given object, but also the factors that affect naming preferences for individual objects.
Context effects are an important aspect of many picture
naming studies. It has been shown that context stimuli, such
as distractor objects in a scene, affect lexical choices in referential tasks (e.g., Graf, Degen, Hawkins, & Goodman, 2016;
Jescheniak, Hantsch, & Schriefers, 2005, see Figure 2c). For
instance, this kind of study can contrast a scene with 3 different types of animals, one dalmatian, one greyhound, and
one bear (see Figure 2c) to other scenes containing different
types of objects. In these studies, the phenomenon of interest is the level of specificity of the name (e.g. “dalmatian” vs.
“dog”), and the stimuli are explicitly designed to investigate
this – with two clear options as to how to name a given object. Again, this research typically uses artificial scenes, with
stylized objects placed side by side, and the objects are prototypical for their categories. We investigate a broader (in fact,
open) set of possible naming choices, and a different notion
of context, as explained below.
Specifically, we examine three factors: the visual typicality1 of the object; the visual typicality of the context the
object appears in; and the lexical frequency of the name,
as a proxy of ease of lexical access (Alario & Ferrand,
1999; Koranda, Zettersten, & MacDonald, 2018).2 We check
how these factors relate to naming variation when taking
into account not only the most frequent name, or top name
(“woman” in the images in Figure 1), but also the most frequent alternative, or alternative name (“tennis player”). Alternative names have usually been neglected in previous work
(for exceptions see Koranda et al. (2018); Vitkovitch and
Tyrrell (1995)) and to the best of our knowledge have not
been studied in terms of visual typicality, or in relation to
naming variation.
We also examine for the first time the effect of the visual
typicality of the context, defined as the global scene in which
the object appears (e.g., the tennis court in Figure 1a, which

(a) Stimuli by Snodgrass and Vanderwart, 1980

(b) Stimuli by Brodeur et al., 2014

(c) Stimuli by Graf et al., 2016

Figure 2: Examples of stimuli employed in naming studies.

is a very typical context for a tennis player). This is different from the role of distractor objects (examined in previous
work, e.g. Graf et al., 2016), which we address only implicitly and indirectly, through their presence in the scene (see
Methods for details).
Last but not least, we also introduce a methodological innovation. Previous work has used subjective human ratings
to measure typicality. This is a costly and time-consuming
procedure, which partially explains the focus of previous research on only one name per object. We instead rely on computational representations of the visual stimuli that allow us
to automatically estimate typicality. This in turn allows us to
expand the scope of inquiry to multiple names per image, and
to the visual properties of both the objects and the contexts
they appear in.
As for our expectations, in light of previous results we expect lower variation with increasing object typicality for the
top name (Snodgrass & Vanderwart, 1980; Brodeur et al.,
2010, 2014; Liu, Hao, li, & Shu, 2011; Moreno-Martı́nez &
Montoro, 2012; Tsaparina-Guillemard et al., 2011). We furthermore hypothesize that the typicality of alternative names
will have the opposite effect: The more typical an object is
for the alternative name, the more competition can be expected to take place between the alternative name and the
top name, thus increasing naming variation. This intuition
is exemplified by a comparison of the two stimuli in Figure 1.
The woman in Figure 1a is a more typical tennis player than

1 Our notion of visual typicality is related to the notion of image
agreement often reported in the literature (Snodgrass & Vanderwart,
1980; Tsaparina-Guillemard, Bonin, & Méot, 2011), but differs
from it in some aspects. Image agreement is assessed through subjective comparisons of a presented image to a mental image evoked
by a name. We instead assess the visual typicality of an object for
a name through a comparison of its visual representation with the
average object carrying that name.
2 Of note, these are not the only aspects affecting naming variation: other factors not included in this analysis, such as familiarity
or age of acquisition, play a role as well (for a review, see Johnson,
Paivio, & Clark, 1996).
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the woman in Figure 1b; and more subjects named the target object “tennis player” and fewer “woman” in Figure 1a
compared to Figure 1b. For the same reason as for object
typicality, we expect that the lexical frequency of the names
will affect naming variation in opposite directions for top and
alternative names, with lower naming variation when the top
name is frequent, and an opposite effect when the alternative
name is frequent, since that increases the competition with
the top name.
Our analysis of the effect of context typicality on naming is more exploratory in nature. We tentatively extend our
predictions for object typicality to visual context, expecting
lower variation for objects in more typical visual contexts. In
further analogy to object typicality, we also expect increased
variation when the context typicality is higher for the alternative name – as suggested by Figure 1. We expect such contextual effects to be less pronounced than those of object typicality, given that contexts are likely less informative for a given
name than the object to be named itself (see Discussion).

alGenome (Anderson et al., 2018). This model is trained to
perform two tasks: image captioning (outputting a description of a picture), and visual question-answering (answering
a question about the image). It incorporates a model that detects and labels objects in images (Ren, He, Girshick, & Sun,
2015). As part of carrying out the relevant tasks, thus, the
model produces visual representations for the objects in the
image. These are distributed representations, similar in nature to those for words in models such as LSA (Landauer,
Foltz, & Laham, 1998) and distributional models more generally.
As estimate for object typicality, we used the cosine similarity between the object features and the prototype of its
names. This enables us to track the effect of two visual typicality estimates on naming: one for the top name, and another
for the alternative name.4

Methods
Data We analyzed data from the ManyNames dataset
(Silberer et al., 2020), which provides up to 36 naming annotations for 25K objects in naturalistic images. These annotations were collected by asking subjects to freely produce a
name to describe objects outlined by bounding boxes, as illustrated in Figure 1. We subset this data to the 17K objects
for which at least two names are provided. We do so to model
the potential competition between top and alternative names3 .
Typicality and frequency estimates Frequency estimates
for names were extracted from SUBTLEX-US, a subtitle corpus of American English (Brysbaert & New, 2009).
As for object typicality, we first built visual prototypes for
the names; then, to assess the typicality of object instances for
their names, we computed their similarity to the prototype of
those names, with the following procedure.
A prototype for a given name was defined as the average visual representation of the object images with that name. This
operationalization follows the assumption that the prototypical exemplar of a category is the mental image of an average member of all the class exemplars (Rosch et al., 1976;
Gärdenfors & Williams, 2001). Objects for a given name
were selected from VisualGenome (Krishna et al., 2017), the
resource from which ManyNames images were extracted. We
excluded the objects that are also in ManyNames in the computation of prototypes, to avoid circularity. Also, to avoid
noisy or biased prototype representations due to data sparsity,
names for which VisualGenome provides less than 30 objects
were excluded from the analysis. This excludes 770 out of
17K data points.
We create the visual representations for the objects using
a state-of-the-art Computer Vision model trained on Visu-

Figure 4: Objects detected by Anderson et al. (2018) in an
image from ManyNames. The red bounding box outlines the
target object.
To exemplify the whole pipeline, for instance, for “tennis
player”, we (1) extracted all VisualGenome objects labeled
“tennis player” (excluding images that are in ManyNames),
where each object corresponds to a region in the image, such
as the region marked in red in Figure 1a); (2) processed the
objects with the Computer Vision model to obtain feature representations; (3) computed the prototype for “tennis player”
by averaging all these feature representations; and (4) obtained estimates of typicality for individual instances by computing the cosine similarity between their feature representation (also created with the Computer Vision model) and the
visual prototype. For example, the object typicality scores
obtained for Figures 1a and 1b for the alternative name “tennis player” are, respectively, 0.77 and 0.67. The space of
4 Typicality

of the object viewpoint is often listed among the factors affecting naming tasks (Brodeur et al., 2014; Johnson et al.,
1996). Our computational estimates of object typicality incorporate
it: the visual representations produced by Anderson et al. (2018)’s
computational model for objects with atypical viewpoints are more
distant from the prototype than those produced for objects with typical viewpoints. This was confirmed by a qualitative inspection of
the objects judged as very typical/atypical.

3 The data and the scripts used for the analysis are provided here:
https://osf.io/q72ne/
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Figure 3: 2D reduction of our space of object visual prototypes (only top names are plotted for ease of visualization).
Naming variation estimates Naming variation for objects
was estimated in terms of entropy, as expressed by the information statistic H (Snodgrass & Vanderwart, 1980), defined
as:

object visual prototypes thus obtained is shown in Figure 3,
illustrating its relative cohesiveness in terms of domains.
We obtain context typicality scores in an analogous fashion; the only difference is how we obtain the representation
of the context of an object instance. We aimed at a notion
of context that synthesizes the global scene, and we reused
a procedure used by Anderson et al. (2018) for that purpose
(a similar procedure is also found in Takmaz, Pezzelle, and
Fernández (2022)). Anderson et al. (2018) use the object detection module to detect 36 regions in the image, and average
their representation to obtain a representation of the whole
scene. These regions include what one would commonly call
an object (like a cat or a table), and also background elements like patches of grass or sky; see Figure 4 for example
regions. Anderson et al. (2018) follow this procedure to obtain a global representation of the image, which is then used
by the image captioning model to produce a description. We
follow the same procedure, except that we excluded regions
corresponding to the target object, since we want a representation of the context in which it appears. We excluded the
relevant regions by computing the intersection over union between the target object and each detection, that is, the ratio
between the overlapping area of the objects and their total
area, and keeping only regions with intersection over union
smaller than 0.1. Intersection over union is commonly used
in Computer Vision to evaluate the performance of object detection algorithms in identifying objects (Rezatofighi et al.,
2019). To exemplify, the resulting context typicality scores
for Figures 1a and 1b for the alternative name “tennis player”
are, respectively, 0.82 and 0.43.

k

H = ∑ pi log2 (1/pi ),
i=1

where k refers to the number of different names given to
each object and pi is the proportion of annotators giving each
name. This measure captures information about the distribution of names across annotators, as exemplified in Figure 1:
the object in image (a) is assigned a higher H score than the
object in image (b), because it elicits more naming variation
(in this case, both more names and a more even spread of
counts).
Regression model We fitted a linear mixed-effects model
with naming variation as the outcome variable and fixed effects for standardized object typicality, context typicality, and
log-frequency, each for both the top name and the alternative
name. Top names and alternative names were treated as random factors. By-topname random slopes were included for
object typicality, context typicality, and alternative name frequency. By-alternative name random slopes were included
for object typicality, context typicality, and topname frequency.5
5 In brms/lme4 syntax (Bürkner, 2017): H ∼ obj typ top + obj
typ alt + freq top + freq alt + ctx typ top + ctx typ alt + (1 + obj typ
top + obj typ alt + freq alt + ctx typ top + ctx typ alt | topname) +
(1 + obj typ top + obj typ alt + freq top + ctx typ top + ctx typ alt |
altname)

993

Intercept
Obj typ top
Obj typ alt
Ctx typ top
Ctx typ alt
Log freq top
Log freq alt

Estimate

Est.Error

l-95% CI

u-95% CI

1.27
-0.09
0.09
0.00
0.00
-0.11
0.02

0.04
0.02
0.02
0.01
0.01
0.03
0.02

1.20
-0.12
0.05
-0.02
-0.02
-0.18
-0.02

1.33
-0.06
0.12
0.03
0.03
-0.05
0.07

Table 1: Estimates of standardized fixed effects when predicting naming variation (H) as a function of object and context
typicality, as well as frequency.

Figure 5: Fixed effect estimates. Bars correspond to 95%
CIs. Positive vs. negative estimates show, respectively, the
increase and decrease in naming variation for a one point difference in standard deviation of the predictor variable.

Results
Fixed effect estimates are shown in Figure 5 and Table 1. The
model was also diagnosed to rule out issues with our estimates. All diagnostics suggest reliable results. Among others, all parameters have an R̂ < 1.1; no saturated trajectories,
no divergent iterations; and a large enough effective sample
size (> 0.001 effective samples per transition).
Object typicality for top name and alternative name affect
variation in the way we expected: Naming variation is lower
the more typical an object is for its top name, and higher the
more typical it is for the alternative name. Also, as hypothesized, a more frequent top name is predictive of lower naming variation. When it comes to the effect of the frequency of
alternative names, the trend we expected is not conclusively
identified. Finally, counter to our expectations, we find no
fixed effect for context typicality. This is true of both top and
alternative names.
Taking stock, these results suggest that more people tend
to choose the same name for an object when the object is
very typical for that name, and if that name is very frequent.
In contrast, naming variation increases the more typical the
object is for an alternative name.

This computational approach enabled us to investigate two
new factors: First, the way in which multiple candidate names
jointly affect naming variation. In particular, our results show
that the properties of alternative names have opposite effects
with respect to the properties of top names: Higher object
typicality for the top name relates to lower variation, whereas
higher object typicality for the alternative name relates to
higher variation. Similarly, higher top name frequency relates
to lower variation, whereas higher alternative name frequency
appears to yield, if anything, higher variation, but this is not
conclusive in the present analysis. This is in line with the
idea that names compete for lexical selection (for a review see
Spalek, Damian, & Bölte, 2013). This aspect was neglected
by previous studies that took into account the properties of
only one name per object (Snodgrass & Vanderwart, 1980;
Brodeur et al., 2010, 2014; Liu et al., 2011; Moreno-Martı́nez
& Montoro, 2012; Tsaparina-Guillemard et al., 2011).
Second, we also investigated the effect of context typicality, defined as the global scene the object appears in. Contrary
to our expectation, the results suggest that context typicality
does not have an effect on naming variation in naming tasks
of descriptive nature. We speculate about two possible explanations for this result; further research is needed to elucidate
the role of context typicality. On the one hand, it may be
that, contrary to our findings, there is an effect but we fail
to detect it. This may be due to how we represent contexts.
The computational procedure we chose is robust in the sense
that it has been shown to be a successful strategy to represent
a scene for automatic image captioning and visual question
answering tasks (Anderson et al., 2018); and the effectiveness of Anderson et al. (2018)’s model in extracting relevant
visual features from images is additionally confirmed by the
fact that our results for object typicality corroborate previous
findings. That being said, whether our context representations
are informative enough to obtain good estimates of context

Discussion
Our large-scale computational analysis adds evidence to previous findings about object naming. We confirm prior knowledge about object typicality, showing that higher object typicality for top names is predictive of lower naming variation (Snodgrass & Vanderwart, 1980; Brodeur et al., 2010,
2014; Liu et al., 2011; Moreno-Martı́nez & Montoro, 2012;
Tsaparina-Guillemard et al., 2011). Moreover, in line with
Alario and Ferrand (1999), we find an effect of lexical frequency: Less naming variation is associated with objects
whose top name has higher lexical frequency. The fact that
we replicate results from past research suggests that our approach, using a computational approach deployable at large
scale, offers an adequate and scalable way to address questions that, so far, had been approached with small data and
more costly methodologies.
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naming, analyzing the properties of all alternative names, as
opposed to only the most frequent alternative, as we have
done here, is a promising venue for future research. The opposite effects on variation of top name and alternative name
properties seem to suggest that a competition between names
in the lexicon takes place when speakers have to name an object (for a review see Spalek et al., 2013). In further work,
we plan to run a new analysis on the ManyNames dataset,
designed for the purpose of taking into account all the objects and all the names associated to them, shedding light on
this competition: When multiple name alternatives are similarly good name candidates for an object, we expect variation
to increase; when only one name fits the object, we expect
speakers to agree more easily on the object name.
In sum, we have presented a large-scale computational
analysis using naturalistic stimuli to investigate sources of
naming variation. Our results confirm previous findings when
it comes to the most frequently used name for an object: the
more visually typical the object is of it, and the more frequent
the name, the less naming variation it evokes. They also offer
novel insights when it comes to the role of objects’ alternative names and context typicality, suggesting a competition
between names but not context effects. Finally, we demonstrate that state-of-the-art computational models can provide
helpful methods to address open research questions, and to
corroborate previous findings on a larger scale.

Figure 6: Histograms of prototypes’ similarity between top
name - alternative name pairs.

typicality remains an open question.
A second possibility may be the case that context –
construed as global scene– truthfully does not affect naming
variation in a descriptive task such as the one the ManyNames
subjects were asked to do. Here, the nature of the task may
be crucial: When asked to freely produce a name for an object, speakers may not be influenced by the visual properties of the scene. This may, at least in part, be due to prototypical contexts for top names and alternative names often
being very similar. For instance, the names “armchair” and
“chair” are often naming alternatives for the same object, but
the prototypical context for the two names may be similar:
both armchairs and chairs typically appear in living rooms.
We looked into this possibility by computing the cosine similarity between the prototypes of top and alternative names.
We found that the similarity between the prototypes of top
names and alternative names indeed tends to be higher for
context prototypes (M=0.94, SD=0.05) than for object prototypes (M=0.81, SD=0.14). Figure 6 shows the entire distributions. If the contexts for naming alternatives are similar,
they likely do not provide much information to make naming
preferences go one way or the other.
Note that, in this scenario, it is still possible that the typicality of the visual context plays a role for naming phenomena other than variation, such as naming speed. For instance,
it could be that producing a name for an object that appears
in a very atypical context demands more time, devoted to recognizing the object and choosing a name for it.
Lastly, we have specifically defined context as the global
scene in which an object is embedded. The analysis of other
aspects of context may yield different results; for instance,
distractor objects in the scene competing with the target may
affect naming even in a descriptive task (recall that distractor
objects play a role in naming choice in referential tasks; (Graf
et al., 2016; Jescheniak et al., 2005)). Past research suggests
that this may be the case, at least to a certain extent (Van
Der Wege, 2009).
Beyond further probing the role of context typicality in
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Abstract

ful LO-shot learning in humans, and provide the following novel insights into the psychological mechanisms enabling this capacity. First, the distribution of participants’
responses indicates that they accurately infer the structure
and statistics of the data-generating process, without any explicit instruction. Second, comparing participant data with
the predictions of computational models suggests that people
use a form of prototype-based categorization (as opposed to
exemplar-based). Third, participant responses show systematic, machine-learnable patterns, which suggests that people
may have efficient inductive biases for dealing with this class
of data-scarce problems. Combined, these results demonstrate the power of our paradigm to reveal novel insights into
cognition and shed light on existing debates in psychology.

Being able to learn from small amounts of data is a key characteristic of human intelligence, but exactly how small? In this
paper, we introduce a novel experimental paradigm that allows
us to examine classification in an extremely data-scarce setting, asking whether humans can learn more categories than
they have exemplars (i.e., can humans do “less-than-one shot”
learning?). An experiment conducted using this paradigm reveals that people are capable of learning in such settings, and
provides several insights into underlying mechanisms. First,
people can accurately infer and represent high-dimensional
feature spaces from very little data. Second, having inferred
the relevant spaces, people use a form of prototype-based categorization (as opposed to exemplar-based) to make categorical
inferences. Finally, systematic, machine-learnable patterns in
responses indicate that people may have efficient inductive biases for dealing with this class of data-scarce problems.
Keywords: Categorization, few-shot learning; soft labels;
machine-learning

Few-Shot Learning in Humans

Introduction
Machine learning (ML) systems now approach or exceed
human performance across a wide variety of tasks (LeCun,
Bengio, & Hinton, 2015). Much of this progress is attributable to the use of highly flexible algorithms in very
data-rich settings—most benchmark tasks in classification,
for instance, provide hundreds or thousands of examples per
class (e.g. Krizhevsky, Sutskever, & Hinton, 2012). In contrast, human intelligence is characterized by its impressive
data efficiency. Both children and adults can effectively learn
complex concepts in few- or “one-shot” settings (i.e., after
seeing a few or one examples; see below for a detailed review). This contrast in the efficiency of learning has inspired
recent ML research in few-shot learning (for a review, see
Y. Wang, Yao, Kwok, & Ni, 2020). A recent finding suggests that it is technically possible to learn in less-than-oneshot (LO-shot) settings (e.g., learning N classes from M < N
samples, see Sucholutsky & Schonlau, 2020). It is currently
unknown whether humans can learn in such a setting. Moreover, no existing experimental paradigms are fit to investigate
this question, as LO-shot learning requires using “soft labels”
(which provide graded category membership) as opposed to
the “hard” discrete assignments that are typically used.
In this paper, we introduce a novel experimental paradigm
that allows us to test LO-shot learning in humans, and present
the results of an experiment conducted in this paradigm.
These results are both the first demonstration of success-
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A fundamental question in cognitive science is how people come to know so much about the world from such little input (Russell, 1948). There is much evidence to suggest that people can learn from few examples: toddlers learn
and generalize the functions of artifacts (Casler & Kelemen,
2005) and meanings of words (Carey & Bartlett, 1978; Carey,
2010; Bloom, 2000) after exposure to just one instance,
whereas adults can learn novel recursive (Lake & Piantadosi,
2020), compositional (Lake, Linzen, & Baroni, 2019), lexical (Coutanche & Thompson-Schill, 2014), and visual (Lake,
Salakhutdinov, Gross, & Tenenbaum, 2011) concepts in similar settings. But what underlies such impressive efficiency?
Early theorists proposed that human knowledge is too complex to be learned from limited input, and thus must be innate (e.g., Chomsky, 1986). But mounting evidence suggests that statistical inference can be sufficient (Xu & Kushnir, 2013; Tenenbaum, Kemp, Griffiths, & Goodman, 2011)
when supported by inductive biases resulting from hierarchical inference (Yuan, Xiang, Crandall, & Smith, 2020), active allocation of attention (Smith, Jones, Landau, GershkoffStowe, & Samuelson, 2002), and well-calibrated priors (Rule
& Riesenhuber, 2021). LO-shot learning is a problem that
contributes to this debate by highlighting the surprising complexity of statistical inferences that can be drawn from rich
and scarce data. It might seem impossible to learn a category
without seeing any examples from it—yet such inferences are
quite common.

In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

Computational Principles of LO-shot Learning
In the machine-learning literature, few-shot learning methods can be seen as a response to the growing problem of
deep learning requiring massive models to be trained on massive datasets. This scaling trend has led to novel deep learning technologies being inaccessible to the broader research
community due to the data requirements and computational
cost, as well as potentially being harmful to the environment due to their energy cost (Strubell, Ganesh, & McCallum, 2019). While few-shot learning can greatly reduce the
required number of training examples over typical deep learning techniques, this number still scales at least linearly with
the number of classes present in the dataset. For example,
one-shot learning still requires one training example for every class in the dataset (Fei-Fei, Fergus, & Perona, 2006).
LO-shot learning emerged as an attempt to probe the limits of few-shot learning and determine whether it was possible to have sub-linear scaling of the required number of
training examples. The first evidence of LO-shot learning in
neural networks came about as a by-product of research into
“dataset distillation”—a method for “distilling” large training
datasets into small synthetic datasets that will still train models to comparable test accuracies (T. Wang, Zhu, Torralba,
& Efros, 2018). Sucholutsky and Schonlau (2021) showed
that the size of the synthetic “distilled” dataset could be reduced to below one training example per class if each synthetic training example were assigned a learnable soft label
instead of the usual hard labels (see Figure 1 for an explanation of hard and soft labels). They demonstrated this by
showing a neural network can accurately recognize handwritten images of the ten digits (0-9) after being trained on a total
of just five synthetic images. Further research into LO-shot
learning focused on using analytical methods to test the theoretical limits of learning with small data and showed that the
number of soft-labeled training examples required to learn K
classes was actually a function of the geometry of the data
rather than of K (Sucholutsky & Schonlau, 2020). A key result from this analysis was that just two soft-label training

Figure 2: Generated stick figures along a 1-D manifold.
examples are sufficient to characterize any finite number of
classes, if those classes are all approximately situated on the
same one-dimensional manifold. Sucholutsky, Kim, Browne,
and Schonlau (2021) proposed algorithmic methods for detecting and exploiting such manifolds in datasets.
In this paper, we present a framework for testing whether
humans also have strategies for disentangling class information in small data regimes. In particular, in this initial study
we test the simplest formulation of the result above: can humans learn to characterize three classes lying on a 1-D manifold when given just two soft-label training examples?

Methods
Participants
Participants were 70 adults (25 male, 43 female, 2 non-binary,
mean age = 36) recruited from the Prolific platform in exchange for monetary compensation ($2.00 for a 15-minute
experiment). Participants were to be excluded if they gave
the same response for each trial throughout the experiment,
which could possibly indicate lapsed attention. However, no
participants were eliminated from the original sample as none
of them met this pre-determined exclusion criterion.

Stimuli
Testing LO-Shot learning in humans can be difficult, because
it requires eliciting people’s notions of a category that they
have never seen before. Our paradigm proposes that we can
glean this information by asking participants to classify a
stimulus into one of many unseen categories.
The stimuli for this experiment were adapted from
Sanborn and Griffiths (2008). These stick-figure models of
quadrupeds have 9 distinct, continuous features, so they are
characterized by a nine-dimensional space. The stimuli were
generated by manually instantiating feature values for two
stick figures, then taking linear combinations of these values to produce more stick figures with new feature values.
Because we only took linear combinations of the feature values, which were scaled by their respective possible ranges,
the stimuli all lie on a 1-D manifold in a 9-D feature space.
We also repeated the stimulus generation procedure, so that
we could determine if results were robust across two different
manifolds (Manifold 1 and Manifold 2). Each manifold contains 20 generated stimuli. To see a subset of generated stick
figures and examples of how the features can change across
the manifold, see Figure 2.
To make the these stimuli intuitive to understand, we
framed the stick figures as models that paleontologists use to

 
 
0.6
1
Set largest to 1
0.3 −
−−−−−−−→ 0
and rest to 0
0.1
0
Figure 1: Soft and hard labels. The vector on the left shows a
soft label—a probability distribution over a stimulus’s membership to each class. In this example, the soft label suggests 60%, 30%, and 10% probability of membership to the
first, second, and third classes, respectively. The vector on the
right shows a hard label, which indicates a stimulus belongs
to a single class. In this example, the hard label suggests strict
membership in the first class. Hard labels can be derived from
soft labels by using an argmax function (i.e. setting the highest probability element to 1, and the rest to 0).
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experiment. All 14 SLPs are listed in Table 1.
To introduce the experiment, we presented participants
with a vignette, framing the stick-figure stimuli as models that
paleontologists use to compare the anatomy of dinosaur fossils they have uncovered at dig sites. The soft labels were
explained as results of a long and expensive DNA analysis which revealed that these labeled dinosaurs are the descendants of three previously unknown species of dinosaur.
Therefore, we can offer a rationale for the classification
task: “the scientists believe that by comparing the stick-figure
model of a new fossil against those of the first two fossils
and their genetic information, it may be possible to deduce
the closest relative of the new fossil.” The participants were
then presented with two of the dinosaur fossil models (labeled Dinosaur 1 and Dinosaur 2) and genetic information
for each. They then saw a third dinosaur (Dinosaur 3) and
were asked to use the appearance of all of the dinosaurs and
the genetic information from Dinosaurs 1 and 2 to conclude
which species Dinosaur 3 is most closely related to.
After the participant submitted their response, the trial was
repeated, but Dinosaur 3 was a new, unseen stick figure from
the manifold. Thus, participants completed 20 trials per manifold. Because we generated two manifolds, mid-way through
the experiment participants were alerted that they would be
changing to new dig sites with new dinosaurs. They proceeded to repeat the same process but with dinosaurs generated from the second manifold. The order of Manifolds 1
and 2 was randomized for each participant. Note that while
Dinosaurs 1 and 2 change across the manifolds, the genetic
information presented remains the same for each participant.

Table 1: Soft Label Pairs (SLPs)
1
2
4
5
6
7
8
9
10
11
12
13
14
16

Dinosaur 1
[0%, 0%, 100%]
[0%, 0%, 100%]
[0%, 25%, 75%]
[0%, 25%, 75%]
[0%, 25%, 75%]
[0%, 25%, 75%]
[0%, 25%, 75%]
[0%, 25%, 75%]
[0%, 25%, 75%]
[0%, 25%, 75%]
[0%, 50%, 50%]
[0%, 50%, 50%]
[0%, 50%, 50%]
[25%, 25%, 50%]

Dinosaur 2
[25%, 50%, 25%]
[25%, 75%, 0%]
[25%, 0%, 75%]
[25%, 25%, 50%]
[25%, 50%, 25%]
[25%, 75%, 0%]
[50%, 0%, 50%]
[50%, 25%, 25%]
[50%, 50%, 0%]
[75%, 25%, 0%]
[25%, 25%, 50%]
[50%, 0%, 50%]
[50%, 25%, 25%]
[25%, 50%, 25%]

summarize dinosaur fossil structure. Therefore, we referred
to the stick figures as dinosaurs throughout the experiment.
The task we built took inspiration from LO-shot learning
methods in ML by adapting the concept of soft labels, which
are a way to represent an object’s simultaneous membership
to several classes to a human setting (see Figure 1 for an explanation of soft labels). In order to make this concept intuitive to participants, we gave them soft labels in the form of
genetic information. Specifically, we indicated that dinosaurs
had a certain amount of genetic overlap with three unseen
species: Species 1, Species 2, and Species 3. If subjects build
characterizations for Species 1, 2, and 3 when given only two
soft-labelled dinosaurs, we can successfully probe whether
humans are capable of LO-shot learning in this paradigm.1
We built soft-label data in the form of soft-label pairs
(SLPs) because we planned to show two dinosaurs, each with
their own genetic information pertaining to Species 1, 2, and
3. SLPs were chosen according to the following criteria: a)
they should use probabilities that are easily interpretable in
the context of genetic background (i.e. 0, 0.25, 0.5, 0.75,
1); b) they should be informative about all three classes; c)
they should form valid probability distributions; and d) they
should capture a diverse set of possible configurations.The final set of SLPs used in this study are listed in Table 1.

Results
Our analysis of our data had three aims. First, to determine that a) participants are actually performing some sort
of meaningful learning from the soft labels in our experiment
and that b) strategies are robust across different participants.
Second, to explore which approach to classification participants may be using when developing their strategies in this
experiment. Finally, to show that machine-learning models
can predict human behavior in this experiment.

Learning from Soft Labels in LO-Shot Settings
One of the benefits of our proposed framework is that it enables evaluation of the human ability to disentangle class information in LO-shot regimes. We performed several analyses which suggest that participants are discovering meaningful, reproducible strategies in this setting.
First, we can qualitatively observe in the population distributions in Figure 4 that participants have non-trivial posteriors over all three classes over the entire manifold and
that these posteriors vary with changes in the presented SLP.
When analyzed at a subject-level, we find that the conclusion
is the same: individual participants have non-trivial posteriors over all three classes that vary with position of the target dinosaur along the manifold. Furthermore, we tested the

Experimental Procedure
Participants were randomly assigned into one of 14 conditions. Each group was introduced to a different set of soft labels which were assigned to Dinosaurs 1 and 2 for the whole
1A

potential concern with this design is that participants may
also learn the 1D manifold in an unsupervised way from the test
images. Preliminary results from an ongoing pilot where participants are asked to pin the location of the three unseen classes on
the manifold after every trial suggest this to not be the case (i.e. the
participant-inferred class locations remain the same as participants
perform more trials on the same SLP but change when participants
are given a new SLP).
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strategies for disentangling classes.
In order to further test whether participants’ strategies
make use of the soft-label information, we compare whether
the BSA between pairs of participants is correlated with
the similarity between the two SLPs those participants were
shown. To compute similarity between pairs of SLPs, we flatten each SLP into a single vector of length six (three probability values from each of the two soft labels in an SLP) and
compute cosine similarity (dot product divided by the product
of the norms) between every pair of such vectors.
In Figure 5, we present a heatmap of pairwise BSA across
all participants alongside a heatmap of cubed pairwise cosine
similarities of the SLPs presented to each participant (cubing
the similarities helps better distinguish the structure). The
Pearson correlation coefficient between the upper-triangular
entries of the two matrices is r(2483) = 0.566, p < 0.001
which suggests moderate linear correlation. Based on the
well-defined structures visible in the BSA heatmap, we conclude that subjects’ strategies make significant use of the provided soft labels but that a similarity metric other than cosine
similarity may be more predictive of BSA.

Prototype and Exemplar Models
Figure 3: A screen capture from the experiment. In this trial,
participants classified a dinosaur from Manifold 1, with genetic information from SLP 16.

variance within every SLP (i.e. a 20-by-3 contingency table) using Pearson’s chi-squared test and find that, even after
applying the Bonferroni correction for multiple comparisons,
the results are statistically significant for all (χ2 (38) ≥ 90,
p < .001) but two SLPs (SLP-4: χ2 (38) = 41.7, p = 0.312;
SLP-5: χ2 (38) = 47.0, p = 0.149). We also test the effect
of choice of SLP (i.e. a 14-by-3 table as we aggregate over
the manifold for each SLP) and find that the results are also
statistically significant (χ2 (26) = 721.9, p < .001).
As mentioned above, each participant completed 40 trials
on their assigned SLP, 20 of which are with Manifold 1 and
20 with Manifold 2. Since the soft labels remain constant between these two sets of 20 trials (only the presented pair of dinosaurs changes), we can compute within-subject agreement
(WSA) by comparing a participant’s responses on the Manifold 1 to their responses on Manifold 2. Similarly, we can
calculate between-subject agreement (BSA) by comparing responses of all pairs of participants assigned to the same SLP.
Across our dataset, we find that WSA is fairly high with an
average of 74.07% while a random selection strategy has an
expected WSA of 33.33% (binomial test, p < .001). This suggests that participants develop a consistent strategy and that
the induced posterior is based on a relative comparison of the
stimuli (i.e. the manifold described by the SLP) rather than
the absolute stimuli. We find that BSA is 68.18% (chance
value is still 33.33%; binomial test, p < 0.001) which suggests that different participants may be discovering the same

A comprehensive overview of psychological models of categorization is outside the scope of this paper (instead, see
Murphy, 2002; Kruschke, 2008). However, we will introduce the two main classes of models that have been used in
the literature and analyze which better matches human behavior in LO-shot settings. Exemplar models (e.g., Medin &
Schaffer, 1978; Nosofsky, 1987) typically store each instance
of a category that has been encountered thus far, and categorize new stimuli according to the similarity of the stimulus
to every exemplar in memory. Prototype models (e.g., Reed,
1972) operate analogously, but derive summary representations of learned categories and compute similarity with these
“prototypes” (instead of computing it across all instances).
There are few restrictions on what constitutes a summary
representation—it could be the modal exemplar for a category, the central exemplar, or an “ideal” (see Murphy, 2002).
We compare our study population results against three nonparametrics classification models: a) a prototype model that
first fits three hard-label prototypes (one for each class) to the
data2 and then uses them with a distance-weighted 3-nearest
neighbor classifier for prediction; b) a 1-nearest neighbor
(1NN) exemplar model that copies the nearest labeled dinosaur when predicting probabilities at a target point; and
c) a distance-weighted 2-nearest neighbor (2NN) exemplar
model. When making a prediction, the distance-weighted knearest neighbor models that we used output the sum of the k
provided labels (hard or soft) weighted by their inverse square
2 Prototype models can be fit a priori to the SLP and/or in post hoc
analysis to the participant responses. We found both simple rules
and gradient descent with a likelihood maximization objective can
effectively fit a priori models. In our post hoc analysis, we further
shift the fitted prototype location of each class closer to the center of
mass of participant ratings of that class.
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Figure 4: Distributions of participant responses for every SLP. Each color represents one of the possible three classification
responses. The grey columns represent the locations along the manifold of Dinosaur 1 and Dinosaur 2 shown to participants.
Along the grey columns, colored markers represent the genetic information associated with the dinosaur at that location.
distance from the target point. We compare the probability
distributions predicted by all three models against the empirical distribution collected from the population for all of the
SLPs and find that the prototype model best matches the empirical distribution. The average of the mean squared errors
(MSE) is 1.400 (variance-weighted multi-output R2 = 0.609)
for the prototype model, 2.584 (variance-weighted multioutput R2 = 0.284) for the 1NN exemplar model, and 2.639
(variance-weighted multi-output R2 = 0.299) for the 2NN ex-

Figure 5: Comparing the similarity matrix of participant responses to the similarity matrix of the SLPs they were shown.
The left shows a heatmap of pairwise between-subject agreement (i.e. the similarity between participant responses). The
right shows a heatmap of cosine similarity between the actual
SLPs assigned to these participants.

Figure 6: Comparing classification strategies to population
results for four SLPs. The first column shows the distribution
in our population of human participants. The remaining three
columns show model distributions.
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emplar model. In Figure 6 we visualize the empirical distribution and the three model distributions for four SLPs.

Machine Learning
The human responses collected in this dataset can be used for
supervised training of machine-learning models. The motivation for doing this is three-fold: a) the results can provide
evidence for or against human ability to learn in the LO-shot
setting; b) a successfully trained model could be used to simulate or predict human behavior which in turn can guide future
data collection; and c) it enables a new human-in-the-loop
method for training and aligning machine learning systems in
extreme low-data regimes without having to explicitly encode
strong inductive biases into the models.
We establish a proof-of-concept benchmark by fitting a
Random Forest classification model to our dataset.3 To
avoid over-fitting, we perform leave-one-out cross-validation
(LOO-CV) over SLPs which ensures that no participants,
nor any SLPs, overlap between training and validation. The
population-level classification accuracy averaged over the 14
folds was 88.9%. The average MSE between the modelestimated probability distribution and the empirical distribution was 0.086 (variance-weighted multi-output R2 = 0.443).
We note that R2 is lower than for the prototype model due
to one fold (SLP-4) where the mean values are highly predictive for all classes leading to a large negative R2 value
for the random forest model (excluding this fold, average
R2 = 0.627). These results suggest that machine learning
models can indeed successfully predict human behavior in
LO-shot settings which reinforces the conclusion that humans
act systematically in this low-data regime. Curiously, prototype models achieve comparable performance to the much
more flexible RF model when explaining participant classifications which suggests that prototype models may already
be capturing most of the modellable variance. We provide an
example of human and model predictions in Figure 7.

Discussion
In this paper, we introduced a novel paradigm for investigating LO-shot learning and soft-label classification in humans.
Experimental results from this paradigm show that people can
learn categories for which they have not seen any exemplars.
That is, people’s capacity for learning in low-data regimes
approaches the theoretical limits of sample efficiency. But
which mechanisms enable such efficient learning?
Systematic response patterns (e.g., high between-subject
agreement on trials with markedly different superficial features) indicate that participants accurately infer and represent
3 We use the RandomForestClassifier implementation from
the scikit-learn Python package (Buitinck et al., 2013). The input features to the model consist of a flattened vector describing a
single trial: two coordinates corresponding to the location of the
two labeled dinosaurs along the one-dimensional manifold, the associated six soft-label values corresponding to the SLP, and the coordinate corresponding to the location of the third (target) dinosaur.
The target output consists of the classification the participant made
for that third dinosaur during the trial.

Figure 7: Comparing human behavior with RandomForest
predictions for SLP-13. The top row shows human majority
votes and model predictions for class membership. The bottom row shows the corresponding probability distributions.

the feature space underlying our generative model. Our modeling suggests that people then form prototypes in this space,
and base their final classification judgments on these prototypes, while constraining their inferences through machinelearnable inductive biases.
Our paradigm can conceptually be used to investigate LOshot learning in other modalities (e.g., classifying auditory
stimuli) or domains (e.g., causal learning). Similarly, the category structure underlying our experiment was chosen to be
interpretable, but our paradigm enables investigating behavior at higher dimensions and categorical complexity.
How common are LO-shot learning problems in everyday
life? The novel exemplar case analyzed in this paper is likely
to occur more frequently in developmental settings: a child
might learn that a unicorn is mostly like a horse but also
a bit like a rhinoceros, for instance, learning about a novel
category without seeing any unicorns in the wild. Adults
frequently perform similar inferences as well. If you have
never heard of Queen’s music before, for instance, your friend
might tell you: “it’s a lot like Led Zeppelin and a bit like
ABBA too.” The computational principles outlined in this paper could explain how you can guess what Bohemian Rhapsody might be like without even hearing it.
More generally, the development of finer-grained conceptual structure may leverage the higher information density
provided by soft labels, accessing the full potential of hierarchical inference, especially in domains with fuzzier category
boundaries. Future work could investigate whether the models developed in this paper can be generalized to inferences
in these domains as well.
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Abstract
There are conflicting theories about how people reason through
cause and effect. A key distinction between two prominent accounts pertains to whether, in judging an event’s causal relevance, people preferentially consider what actually happened
(as predicted by process theories) or whether they also consider what could have happened under different conditions (as
predicted by counterfactual theories). Toward adjudicating between these theories, the current work used eye tracking and
Gaussian Process modeling to investigate how people form
causal judgments retrospectively and in the absence of ongoing
visual input. Participants played a virtual ball-shooting game:
after choosing to move left or right, they encoded a video of the
actual outcome and then were prompted to mentally simulate
either (a) what actually happened, (b) what could have happened, or (c) what caused the outcome to happen while looking at a blank screen. During causal judgment, we found evidence that participants visually mentally simulated counterfactual possibilities: they moved their eyes in similar patterns as
when they imagined a counterfactual alternative. Altogether,
these results favor counterfactual theories of causal reasoning,
demonstrate how visual mental simulation can support this reasoning, and provide a novel methodological approach for using
eye movements to investigate causal reasoning and counterfactual thinking more broadly.
Keywords: causal judgment; mental simulation; counterfactual thinking; eye-tracking

Introduction
There are conflicting explanations of how people make causal
judgments. Process theories argue that a cause must transfer
force to its effect, and so people only need to consider the actual interaction between the candidate cause and the effect to
judge causal relevance (Dowe, 2000; Salmon, 1997; Wolff,
2007). Counterfactual theories instead argue that a cause
makes a difference to its effect, and so to make a causal judgment, people must compare what actually happened to what
could have happened if the candidate cause had been absent
or altered in some way (Hume, 1739; Lewis, 1974; Gerstenberg, Goodman, Lagnado, & Tenenbaum, 2021; Goldvarg &
Johnson-Laird, 2001; Pearl, 2009; Quillien, 2020). Thus, determining the degree to which people consider information
about the actual event relative to information about counterfactual possibilities has been a critical focus of empirical investigations of causal judgment (Cheng, 1997; Icard, Kominsky, & Knobe, 2017; Lagnado, Gerstenberg, & Zultan, 2013;
Waldmann & Hagmayer, 2013).
Toward adjudicating between process and counterfactual
theories, Gerstenberg, Peterson, Goodman, Lagnado, and

Tenenbaum (2017) used eye movements to measure what information participants looked at during an event to later formulate a causal judgment. Specifically, participants watched
an event of two balls moving around a screen and colliding.
They then answered questions about (a) whether B actually
scored, (b) whether B would have scored if A were absent, or
(c) whether A was causally relevant to B scoring or missing
the goal. The findings showed that, prior to the collision, participants who answered counterfactual and causal questions
about the event had a greater tendency to fixate where objects
were about to move compared to participants who answered
questions about the actual outcome. Moreover, this tendency
predicted judgments of A’s causal relevance to the outcome.
The findings from Gerstenberg et al. (2017) suggested that
participants mentally simulated something about B beyond its
actual movements. Gerstenberg et al. (2017) interpreted such
simulations as being counterfactual in nature; their counterfactual simulation model predicted causal judgments by assuming that participants used an intuitive understanding of
physics to mentally simulate where B would have moved in
the absence of A (Gerstenberg et al., 2021; Gerstenberg &
Icard, 2020; Gerstenberg & Stephan, 2021). However, specifically when eye movements are recorded while objects are in
motion and perceptually available in real time, there are some
concerns as to whether eye movements can truly distinguish
counterfactual thinking from other cognitive processes for
understanding object motion, such as anticipatory extrapolations (e.g., Luu & Howe, 2015), heuristics (e.g., Kozhevnikov
& Hegarty, 2001), qualitative spatial reasoning (e.g., Forbus,
2014), or rapid visual processing (e.g., Firestone & Scholl,
2017). Indeed, these alternative interpretations are often considered in arguments against mental simulation as a cognitively plausible account of physical reasoning more generally
(Davis & Marcus, 2015; Kubricht, Holyoak, & Lu, 2017).

The current study
Toward further adjudicating between process and counterfactual theories in the current work, we predicted that eye
movements could be used to investigate causal judgment and
episodic counterfactual thinking in the absence of ongoing visual input. Visual mental simulations are frequently accompanied by reports of mental imagery, which is known to recruit similar neural activation patterns as external visual perception (Clement, 1994; Pearson, 2019). Moreover, past re-
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search shows that when engaging in visual mental simulation
or ”mental imagery”, people tend to move their eyes as if they
were actually perceiving the image even in the absence of ongoing perceptual input (e.g., Altmann, 2004; Brandt & Stark,
1997; Richardson & Spivey, 2000). Further, these retrospective eye movements tend to reinstate the same looking patterns as during initial viewing, and this tendency is correlated
with better recall of the visual information, the self-reported
vividness of the mental image, and with similarities in brain
activation patterns between initial encoding and later imagery
(Bone et al., 2019; Gurtner, Bischof, & Mast, 2019; Laeng &
Teodorescu, 2002). Thus, it has been argued that retrospective eye movements may facilitate memory retrieval of simulated content (e.g., Bochynska & Laeng, 2015; Johansson
& Johansson, 2014; Laeng, Bloem, D’Ascenzo, & Tommasi,
2014).
In light of the research on eye movements and mental simulation, we asked participants to play a ball-shooting game
by moving a ball (or a goalie) in an attempt to score (or defend) a goal. After watching and encoding a video of the
outcome, participants looked at a blank screen and mentally
simulated either (a) the actual outcome, (b) a counterfactual
outcome, or (c) the causal relationship between the participant’s movement and the outcome. We then compared the
eye movements across these conditions to infer what, if anything, participants mentally simulated during causal reasoning. We designed our videos to ensure that counterfactual
alternatives were spatially distinct along the vertical mid-line
of the display from future hypothetical outcomes. For example, if the ball actually moved to the right on a given trial,
its counterfactual movement would be moving to the left.
This design helped to disambiguate actual from counterfactual movements as well as counterfactual movements from
future projected movements. We also recorded eye movements during both encoding and during retrospective mental
simulation to conceptually isolate retrospective causal judgment. That is, at encoding participants did not know what
they would later need to mentally simulate. Given this design, we predicted no difference in eye movements during
encoding between trials in which participants later mentally
simulated the actual outcome, a counterfactual outcome, or
the causal relationship between their object and the outcome.
During later mental simulation, however, we did predict differences across these conditions: when mentally simulating
the actual outcome, we predicted that participants would look
at locations where the objects had actually moved, but when
mentally simulating a counterfactual alternative, participants
would look at locations where the objects would have moved
in the imagined counterfactual. Critical to adjudicating between process theories and counterfactual theories, our main
focus was where participants looked when making a causal
judgment. Process theories predict that people only need to
consider what actually happened when making causal judgments. So, process theories predict that participants will look
at locations where the objects had actually moved. Counter-

factual theories, however, predict that people need to compare
what actually happened with what would have happened in a
counterfactual alternative. So, counterfactual theories predict
that participants should also look at locations where the objects would have moved in the simulated counterfactual.

Methods
Participants
To roughly match the statistical power of (Gerstenberg et al.,
2017), we recruited 41 participants. Participants were 18-35
years old, from Duke University and the surrounding community, provided informed consent in accordance with the
Duke University Institutional Review Board, and were compensated $12/hour for participating in the experiment.

Materials
The stimuli consisted of video clips generated with JBox2D,
which were presented centered on a 24-in LCD monitor with
a screen refresh rate of 59 Hz. Viewing distances of 94-cm
were maintained with a desk-mounted chin and forehead rest.
Therefore, the videos subtended 13◦ x 10◦ of visual angle.
The videos contained three objects (illustrated in Figure
1A) that move around and interact: a red goal, a blue circular
ball, and an orange circular goalie. In the videos, the ball and
goalie always started centered horizontally. Next, the ball and
goalie simultaneously moved left or right, such that the ball
either entered the goal or was blocked by the goalie. Both
objects always moved at the same angle, time, and speed on
each trial. The orientation of the display varied by 180◦ on
half of trials, resulting in an upward and downward orientation, with presentation order counterbalanced across subjects.
All materials and code are available via the Open Science
Framework.
Eye movements were tracked using the desk mounted EyeLink 1000 Plus (SR Research, Inc.), sampled at a rate of 500
Hz. The eye-tracker was calibrated using a nine-point calibration at the beginning of the study. A one-point calibration
was used before each trial to correct for drift in eye tracking validity that can occur naturally over time. All responses
were registered with a standard computer mouse click.

Procedure
After providing written consent, participants were randomly
assigned to either the offensive or the defensive position conditions, which determined the participants’ objective: offensive participants controlled the ball and were instructed to
“Shoot the ball and score as many times as possible”, whereas
the defensive participants controlled the goalie and were instructed to “Defend the goal and block the ball as many times
as possible.” Participants then received detailed task instructions and watched several instructional videos to learn the
starting position of each object, the speed and angle by which
they moved, and how they interacted.
After following the 9-point calibration procedures, the experiment began. Participants started each trial by first deciding whether to move their object to the left or right (Figure
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score]?”; Figure 1B, Judgments). As an attention check, participants were asked to report the direction that their opponent
moved. We excluded all data from trials in which participants
failed this check (5% of all trials). All ratings were recorded
using an unnumbered, continuous slider scale, with the leftmost end indicating ”Not at all” and the rightmost end indicating ”Very much.”
Participants completed 4 blocks of 12 trials, for a total of
48 trials. All experimental procedures took no more than 60
minutes, including the initial calibration of the eye tracker.

Analysis

Figure 1: A) Example video display orientations for the offensive and defensive positions. B) Examples of trial sequences. After deciding to move to the left or right (Decision), participants watched a video of the outcome (Encoding). Then, based on a cue (Prompt), participants mentally
simulated what just occurred (Remember), what could have
occurred (What If), or the thought about the cause of the outcome (Cause) while looking at a blank screen (Simulation).
Finally, participants made a judgment about what they just
imagined (Judgements).

1B, Decision). They then watched a video of the objects moving to encode the outcome, namely whether the ball scored
or the goalie blocked the ball from scoring (Figure 1B, Encoding). Unknown to the participants, score and miss trials occurred randomly and equally often. Participants were
instructed to encode the video focused on the ball (offensive position) or the goalie (defensive position). Participants
then saw a centrally presented prompt (“Remember”, “What
if?”, or “Cause”) for two seconds (Figure 1B, Prompt). This
prompt instructed participants to mentally simulate a possibility while looking at a blank screen (Figure 1B, Simulation).
If participants saw the prompt “Remember”, they were instructed to mentally simulate what actually happened during
encoding; if they saw the prompt “What if?”, they were instructed to mentally simulate what would have happened had
they moved in the other direction; and if they saw the prompt
“Cause”, they were instructed to mentally simulate how the
movement of their object caused the ball to score or miss. Regardless of condition, we encouraged participants to generate
a visual mental image.
Finally, participants answered a question about what they
just imagined (Remember: “To what extent do you think
that the ball scored?”; What if?: “To what extent do you
think the ball would have scored if [the ball/the goalie] had
moved [left/right]?”: Cause: “To what extent did [the ball/the
goalie]’s moving [left/right] caused the ball to [score/not

Overall, our study had a 2 (position: offensive or defensive)
x 2 (display orientation: upward or downward) x 2 (movement: left or right) x 2 (stage: Encoding or Simulation) x 3
(prompt: Remember, What If, or Cause) x 2 (outcome: score
or miss) mixed-factors design. Toward simplifying our analytic approach, we collapsed across display orientation and
movement by mirroring all trials such that the ball moved upward and to the right resulting in a 2 (position: offensive or
defensive) x 2 (stage: Encoding or Simulation) x 3 (prompt:
Remember, What If, or Cause) x 2 (outcome: score or miss)
design. All fixations were binned using a hexagonal grid that
covered the area of videos displayed on the screen.
As our main dependent variable, we analyzed the average number of fixations yi across the visual field within each
trial i using a Poisson distribution with a group-level fixation rate λi , estimated on the log scale to ensure a positive
fixation rate. We modeled fixation rates as a sum of (a) a
global intercept a, (b) a group-level fixation map fc[i] , and
(c) a participant-level effect f˜c[i],p[i] , where both the grouplevel and participant-level effects were estimated as Gaussian processes (GPs) using a squared exponential kernel with
length-scale ρ and marginal standard deviation α. GPs are
a non-parametric Bayesian approach that can estimate nonlinear and spatially correlated patterns in data, which makes
them ideal for analyzing eye-tracking data (Rasmussen &
Williams, 2006). To compare fixation rates between conditions, we used the Savage-Dickey ratio (with significance
threshold BF10 > 10) and 95% credible intervals, (Dickey &
Lientz, 1970; Makowski, Ben-Shachar, Chen, & Lüdecke,
2019). For significant clusters, we report the maximum difference within each cluster.

Results
Judgments
First, as a manipulation check, we tested whether participants’ behavioral judgments varied across conditions with
separate 2 (position: offensive or defensive) x 2 (outcome:
miss or score) Bayesian regressions for Remember, What if?,
and Cause trials using the package brms with participant-level
intercepts and used standard normal priors for all coefficients
(Bürkner, 2017). In Remember trials, when asked to judge
the extent to which the ball scored, there was a significant
effect of outcome such that participants accurately reported
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yi ∼ Poisson(λi )
ln(λ) = a + fc[i] + f˜c[i],p[i]
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ρ
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ρ̃ ∼ InvGamma(10, 1000)
α̃ ∼ N (0, 1)

Figure 2: Gaussian process model of fixation rate. Fixation
counts y are modeled using a Poisson distribution with rate λ,
as a sum of an intercept a, a group-level fixation map f , and
a participant-level fixation map f˜.

higher ratings that the ball scored when it actually scored than
when it missed (β = .86, 95% CI = [.83, .89], BF > 4000).
There was no effect of position (β = -.01, 95% CI = [-.05,
.02], BF = .02) or interaction between outcome and position
(β = .02, 95% CI = [-.03, .06], BF = .03). These findings indicated that participants correctly identified the actual outcome
of the ball on Remember trials.
In What if? trials, when asked to what extent the ball
would have scored had the ball (offensive) or goalie (defensive) moved in the other direction, there again was a significant effect of outcome: participants made lower ratings when
the ball had scored than when it had missed (β = -.78, 95% CI
= [-.83, -.73], BF > 4000). There was no effect of position
(β = .03, 95% CI = [-.02, .08], BF = .06) or interaction between outcome and position (β = -.01, 95% CI = [-.08, .06],
BF = .04). These findings confirm that participants correctly
identified what would have occurred in What if? trials.
In Cause trials, when asked to judge whether their object’s
movement caused the ball to score or miss, participants reported high causal judgments regardless of outcome and position. That is, there was no effect of outcome (β = .03, 95%
CI = [.00, .07], BF = .10), no effect of position (β = .01, 95%
CI = [-.08, .1], BF = .05), and no interaction (β = .03, 95%
CI = [-.02, .09], BF = .06) on causal judgments.

Figure 3: Mean judgments and 95% CIs of whether the ball
scored (Remember), whether the ball counterfactually would
have scored (What If), and whether moving left/right caused
the ball to miss/score (Cause).

1.62, 95% CI = [.04, 3.33], BF = 15). This location corresponded with the actual movement of the goalie in these
trials. In What if? trials, offensive participants were also less
likely to look at this same location than in Remember trials
when the ball missed (β = -3.18, 95% CI = [-6.65, -.35], BF
= 47). In these trials, this visual space corresponded with the
counterfactual movement of the ball. Notably, though, these
differences were relatively small and did not replicate systematically across the conditions.

Eye movements
Encoding Raw fixations made during encoding are presented in Figure 4. At encoding, participants did not know
which prompt would follow the stimulus (Remember, What
if?, or Cause). As such, we predicted no differences in eye
movements between these conditions at encoding. Indeed,
there were no significant differences in fixation rate during
encoding for defensive participants, and there was only a
small difference observed for offensive participants (Figure
5). Specifically, offensive participants were more likely to
fixate on the upper-left corner of the stimulus in Cause trials compared to Remember trials when the ball scored (β =

Figure 4: Fixations made during encoding for (A) offensive
and (B) defensive participants. Solid and striped arrows depict the actual and counterfactual movements of the ball and
goalie respectively.
Simulation Raw fixations made during simulation are presented in Figure 6. We first compared eye movements across
Remember and What if? trials to investigate differences in
mental simulations that were unique to counterfactual mental
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Figure 5: Contrasts of fixation rates during encoding for offensive participants (there were no significant differences for
defensive participants). Solid and striped arrows depict the
actual and counterfactual movements of the ball and goalie
respectively. Brown indicates locations where there were
a greater proportion of fixations occurring for What if? or
Cause simulations than during Remember simulations.

simulation. In What if? trials, compared to Remember trials,
participants were more likely to fixate to locations where the
objects would have counterfactually moved (brown regions
in Figure 7). This pattern was observed in offensive participants both when the ball missed (β = 3.93, 95% CI = [2.25,
5.83], BF > 4000) and when it scored (β = 4.47, 95% CI =
[2.12, 6.88], BF > 4000). This pattern of results was also
observed in defensive participants when the ball missed (β
= 3.30, 95% CI = [1.87, 4.69], BF > 4000) and scored (β
= 1.73, 95% CI = [.39, 3.07], BF = 52). Participants were
also less likely to look at regions where the objects actually
moved when mentally simulating a counterfactual alternative
than when mentally simulating what actually happened (blue
regions in Figure 7). This pattern held for both offensive participants when the ball missed (β = -2.12, 95% CI = [-3.51,
-.92], BF = 425) and scored (β = -2.44, 95% CI = [-3.39, 1.55], BF > 4000), as well as for defensive participants when
the ball missed (β = -2.77, 95% CI = [-4.88, -.72], BF = 125)
and scored (β = -1.85, 95% CI = [-2.84, -.79], BF = 426).
These results confirm that participants mentally simulated the
actual events when asked to remember what just happened,
but visually mentally simulated a counterfactual alternative
when asked what would have happened in that scenario.
Critically, we next compared eye movements across Cause
and Remember trials to determine the sort of mental simulations participants engaged when making causal judgments.
For offensive participants, we found a clear pattern: compared to Remember trials, participants in Cause trials were
significantly more likely to fixate in regions where the objects
would have counterfactually moved regardless of whether the
ball had actually missed (β = 2.38, 95% CI = [.56, 4.26], BF
= 83) or scored (β = 3.13, 95% CI = [1.38, 4.89], BF = 1598).
Unlike for counterfactual simulation, there were very few differences across Cause and Remember trials in the tendency

Figure 6: Fixations made during simulation for (A) offensive
and (B) defensive participants. Solid and striped arrows depict the actual and counterfactual movements of the ball and
goalie respectively.
to look at locations where the objects had actually previously
moved (blue regions in Figure 7). This collective evidence
suggests that participants were mentally simulating both what
actually happened and what counterfactually would have happened to make causal judgments.
Our observations for defensive participants were less clear.
In Cause trials, defensive participants were more likely to
look in the lower-left region during simulation than in the Remember trials, both when the ball had missed (β = 2.42, 95%
CI = [.30, 4.99], BF = 32) and when it had scored (β = 1.52,
95% CI = [.20, 3.88], BF = 26). This suggests that participants were mentally simulating something beyond the actual
movements of the objects in Cause trials, but we speculate
further on this point in the Discussion.

Discussion
There are conflicting views about how people make causal
judgments (Dowe, 2000; Salmon, 1997; Wolff, 2007; Mandel, 2003; Hume, 1739; Lewis, 1974; Gerstenberg et al.,
2021; Pearl, 2009; Quillien, 2020) and whether visual mental
simulation plays a key role in that process (Davis & Marcus,
2015; Kubricht et al., 2017). In the current work, we asked
participants to play a ball-shooting game and, while looking
at a blank screen, mentally simulate (a) the actual outcome,
(b) a counterfactual outcome, or (c) think about the causal relationship between the objects’ movements and the outcome.
We recorded and compared eye movements across these conditions to investigate how people engage mental simulations
when making a causal judgment.
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ball had actually moved as well as to where it counterfactually could have moved. Thus, our findings suggest that
offensive participants were mentally simulating the counterfactual alternative in comparison to what actually happened
when retrospectively making a causal judgment. We interpret these eye movements as counterfactual in nature for several reasons. First, our experimental design was such that
actual movements, counterfactual movements and future projected movements were spatially dissociated. Second, causal
judgments were made after the perceptual information was
removed, thus the mental simulations by necessity depicted
events in an imagined subjective past. Third, our findings
cannot have emerged from differences at encoding, as participants did not know what they would later need to mentally
simulate, and our findings showed largely no differences in
eye movements across the simulation conditions at encoding.
As such, our findings for offensive participants provide strong
evidence in favor counterfactual theories of causal reasoning.

Figure 7: Contrasts of fixation rates during simulation for (A)
offensive and (B) defensive participants. Solid and striped
arrows depict the actual and counterfactual movements of the
ball and goalie. Brown indicates locations where there were
a greater proportion of fixations occurring for What if? or
Cause simulations than during Remember simulations.

Our findings showed that participants moved their eyes in
patterns consistent with the events that they were mentally
simulating. Specifically, when participants mentally simulated what had just happened (Remember), they moved their
eyes to locations where the objects had just moved. This
is consistent with past research showing that when mentally simulating previously encoded objects, people tended
to move their eyes to spatial locations once occupied by the
remembered objects (e.g., Altmann, 2004; Brandt & Stark,
1997; Richardson & Spivey, 2000), which perhaps facilitates
the memory retrieval of the simulated content (e.g., Bochynska & Laeng, 2015; Johansson & Johansson, 2014; Laeng et
al., 2014). Our findings further show that when participants
mentally simulated counterfactual alternatives (What if?),
they moved their eyes to locations where the objects would
have counterfactually moved. This demonstrates that—in the
absence of ongoing visual input—eye movements could also
reflect the contents of counterfactual thoughts, perhaps toward facilitating the recall and recombination of previously
encoded sensory details. This also indicates that these retrospective eye movements were not simply reinstated looking
patterns from what had actually happened at encoding.
Critical toward adjudicating between process and counterfactual theories of causal judgment, our findings showed that
when making a retrospective causal judgment (Cause), participants in the offensive condition looked both to where the

While our findings were clear for offensive participants,
they have some limitations. Specifically, the pattern of results for defensive participants in Cause trials did not clearly
emulate those observed in the What if? trials. That is, in
Cause trials compared to Remember trials, we did not see
a significant increase in fixations to locations where the objects would have counterfactually moved. While these effects weren’t significant, however, they did trend in the predicted direction. Notably, the spatial regions corresponding
to counterfactual movements were much smaller in the defensive than offensive position. Moreover, we saw substantial within-participant variability in participants’ eye movements during mental simulation overall, possibly due to differences in the vividness of mental imagery between participants (Bone et al., 2019): some participants systematically
moved their eyes during mental simulation, while others preferentially looked at the center of the screen. Considering this
collectively, we speculate that our effects in the defensive
position were insignificant due to insufficient power. Even
though the predicted effects were not significant, we did find
an unpredicted increase in fixations to the bottom-left region
in Cause compared to Remember trials. One possible explanation for this result is that defensive participants were counterfactually manipulating the movement of the ball, either in
addition to or instead of the goalie. That said, fixation rates to
this region were low overall, and thus this effect might have
appeared spuriously as a result of spatial smoothing or simply
by chance.
In conclusion, participants moved their eyes in distinct
patterns that were consistent with visual mental simulations
of counterfactuals while retrospectively making causal judgments. Our findings thus favor counterfactual theories of
causal reasoning, showed how retrospective eye movements
during mental simulation can reflect this reasoning, and established eye tracking as a novel methodological approach
for investigating causal reasoning and counterfactual thinking more broadly.
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Abstract
Typological data shows a tendency for languages to exhibit
harmonic (i.e. consistent) ordering between heads and dependents. However, some categories seem to contradict this tendency. Here we investigate one such case, the order of the
noun with respect to two dependents—adjectives, which tend
to follow the noun and genitives which precede. We report
two silent gesture experiments examining (i) whether there are
cognitive biases favouring postnominal adjective and prenominal genitive order in a single trial judgement task, and (ii) if
those preferences continue to influence order when participants
learn a complete word order system. Our results shed light on
how biases for individual categories of elements interact with
biases that affect the wider linguistic system. While participants strongly prefer postnominal adjectives and prenominal
genitives when these are judged in isolation, when they learn
a system of ordering, these biases are obscured and (at least in
some cases) harmony emerges.
Keywords: cognitive bias; silent gesture; harmony; word order; learning

Introduction
The extent to which typological regularities are a reflection
of cognitive constraints operating at the level of the individual, or cognition-external factors, remains an open question
in linguistics. While some argue that typological regularities
are mainly the result of lineage-specific trends (e.g., Dunn,
Greenhill, Levinson, & Gray, 2011) or processes of language
change (e.g., Bybee, 2008; Collins, 2019), others argue that
at least some regularities are caused by cognitive biases in
favour of, or against, certain language structures (e.g., Culbertson, Smolensky, & Legendre, 2012; Martin, Holtz, Abels,
Adger, & Culbertson, 2020; Wilson, 2006). These biases
might be active at different points in the history of a language,
and during different language tasks including learning and usage (Goldin-Meadow, So, Özyürek, & Mylander, 2008; Hudson Kam & Newport, 2009; Kirby, Cornish, & Smith, 2008;
Saldana, Oseki, & Culbertson, 2021).
One well-studied typological regularity in spoken languages is the cross-linguistic tendency for languages to exhibit harmonic, i.e. consistent, order between heads and dependents (Dryer, 1992; Greenberg, 1963; Hawkins, 1990).
For example, languages with VO order tend to have prepositions, while languages with OV order tend to have postpo-

sitions (Dryer, 2013b, 2013e). Similarly, dependents of the
same head tend to be harmonic. In noun phrases, dependents
including numerals, adjectives, and demonstratives tend to be
on the same side of the noun (Dryer, 2013a, 2013d).
Harmony is not a property of specific lexical items, or
of specific grammatical categories, rather it is a relationship between items/categories within a system. Experimental work using artificial language learning suggest that biases like harmony are found when participants learn a system (Christiansen, 2000; Culbertson, Franck, Braquet, Barrera Navarro, & Arnon, 2020; Culbertson et al., 2012). These
results show that this preference extends across phrase types
and across different dependents. Harmony may be related to
a bias against variability, also found in experimental work:
learners tend to regularise unpredictable variation by either
conditioning it on some aspect of the system or eliminating
competing variants (Smith et al., 2017; Smith & Wonnacott,
2010). Harmony and regularisation can both be thought of as
system-wide biases; both result in systems with less variation
among different elements/categories.
While harmony appears to be a general trend, there are
instances where harmony is systematically not present. For
example, genitives (‘the child’s toy’) and adjectives (‘green
grass’) are both noun phrase dependents and, as such, one
might expect harmonic ordering to prevail. However, according to WALS (Dryer, 2013a, 2013c) the order where
adjectives are postnominal and genitives are prenominal (NAdj/Gen-N = 342) is as common as the postnominal harmonic order (N-Adj/N-Gen = 342) and the prenominal harmonic order is less common (Adj-N/Gen-N = 232). Here we
explore why this exception to harmony might hold. Our hypothesis is that it is due to competition between system-wide
biases, like harmony, and category-specific biases that apply
to individual phrases.
Previous experimental work has already uncovered some
evidence for category-specific biases affecting word order. In
silent gesture studies, where hearing participants must improvise gestures to convey different meanings, Culbertson,
Schouwstra, and Kirby (2020) observed that participants ordered gestures denoting adjectives after the noun when pro-
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ducing complex noun phrases. Similarly when participants
produce gestures to signify the meaning of an event, they
tend to produce either SOV or SVO order (Gibson et al.,
2013; Goldin-Meadow et al., 2008; Hall, Mayberry, & Ferreira, 2013). Schouwstra and de Swart (2014) show that the
type of event the verb denotes biases participants towards one
order or the other. Verbs denoting extensional events (like
‘nun throws guitar’) tend to be expressed with SOV order, but
verbs denoting intensional events (‘nun hears guitar’) are expressed with SVO order. This kind of bias targets specific categories of events or dependents, and in some cases it has been
found to weaken or disappear when embedded in a task where
there is evidence of a linguistic system in place (Motamedi,
Wolters, Schouwstra, & Kirby, 2021; Marno et al., 2015).
While these two bias types, category-specific and systemwide, have mainly been observed in separate linguistic
tasks–improvisation and learning respectively–the typology
and recent experimental work (Motamedi, Wolters, Naegeli,
Schouwstra, & Kirby, 2021), suggest that category-specific
biases may continue to influence behaviour during learning,
meaning that orders which are produced during improvisation are also learned better. For adjectives and genitives the
extended influence of the proposed category-specific biases
which favour postnominal adjectives and prenominal genitives would thus continuously compete with the system-wide
preference for harmony. This competition could then explain
why the disharmonic N-Adj/Gen-N order is as common as
the harmonic postnominal order for these two dependents.
The experiments in this study investigate whether this kind
of category-specific bias exists for ordering of nouns with adjectives and genitives respectively. We do this using a silent
gesture judgement task, where participants judge gesture orders for a single item in isolation–i.e., without any evidence
about the linguistic system it is in. We then explore how such
biases might interact with a bias for harmony active during
the learning of a word order system–i.e., when participants
must learn how different types of dependents are ordered.1

Experiment 1
The initial experiment tests participants’ ordering preferences
for genitives and adjectives in the absence of evidence of
a conventionalised linguistic system.2 We predict that participants’ judgements will mirror the pattern seen in the typology, such that postnominal order is preferred for adjectives and prenominal order is preferred for genitives. We
also predict that the postnominal adjective preference may be
stronger than the prenominal genitive preference. The experiment was a between-subjects design with two conditions. In
the genitive condition participants chose a gesture order to
express ownership of an item. In the adjective condition they
chose a gesture order to describe an item.
1 All experimental design and analysis for both experiments were
pre-registered on the Open Science Framework prior to data collection. experiment 1 here and experiment 2 here.
2 The experimental setup was based on Experiment 1b in
Motamedi, Wolters, Naegeli, Kirby, and Schouwstra (2021).

Methods
Materials The experiment was developed to run in participants’ web browsers using the JavaScript library jsPsych (de
Leeuw, 2015). Participants saw a collection of grayscale digital drawings (see figure 1 for examples) showing either instances of item ownership (genitive condition, e.g. ‘vampire’s
hat’) or items with different patterns (adjective condition, e.g.
‘striped cup’). For each image there were two gesture videos.
The videos showed a model gesturer producing two gestures
in sequence, one for the head noun and one for the adjective/genitive dependent. The videos differed only in the order
of these two gestures – in one the head noun was the first gesture, in the other it was the last. Each phrase component was
denoted using a gesture made with both hands and the videos
ended with both hands in a neutral position. The videos were
all 4389 milliseconds long.

Figure 1: Sample stimuli images for genitive condition (left)
and adjective condition (right).
Procedure Participants were randomly assigned to a condition. At the start of the experiment, participants were shown
a sample 2x2 image grid with the kinds of images they would
encounter during their test trial. After this familiarisation
trial, participants were instructed that they would see the same
kind of 2x2 grid again but one of the images would be highlighted. They were told that two videos would appear next
to the images and that these represented two ways to express
“ownership of the item” (genitive condition) or two ways that
the “item could be described” (adjective condition) in a madeup sign language. Their task was to choose the gesture video
which they thought best conveyed the meaning of the highlighted image. The images were displayed and the videos
looped until participants chose one gesture order by clicking
on one video. The next trial asked participants to indicate on
a slider how strong their preference was for the gesture order
they chose in the forced-choice trial. The two gesture videos
looped on either side of a slider with the slider point starting
in the middle. The slider was marked with “weakly prefer
video a/b” and “strongly prefer video a/b” on either side of the
mid-point. Following this, participants were shown the video
they had chosen in the forced-choice trial and were asked to
translate the meaning of the gesture video into English. Finally, participants responded to two short demographics questions. One asking them if they knew a sign language and another asking them to note which spoken languages they knew
and at what level of proficiency.
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Participants 384 participants were recruited through the
online crowdsourcing platform Prolific. Participants were
prescreened such that only people who reported English as
their first language, had at least a 95% previous task approval
rate, and had not completed any of our previous experiments
could participate. Participants were paid the equivalent of
£8.91 per hour. After excluding participants who indicated
proficiency in a sign language (N=8), and participants who
responded too quickly to the forced-choice trial (< 9678 milliseconds, combined time for both videos) and/or who did not
indicate a preference for the same gesture order across both
the forced-choice and slider trial (N=56), there were 160 participants in each condition.

Results
The proportion with which participants chose the predicted
order in each condition–prenominal in the genitive condition
and postnominal in the adjective condition–closely parallels
what is seen in the typological data (see figure 2). Responses
were analysed using mixed effects logistic regression models implemented using the lme4 package (Bates, Mächler,
Bolker, & Walker, 2015) in R (R Core Team, 2013) unless
otherwise noted. Two intercept-only models indicated that
participants chose the predicted order for their respective conditions at rates significantly above chance (genitive: β = 0.56,
SE = 0.16, z = 3.43, p < 0.001, adjective: β = 0.51, SE. =
0.16, z = 3.02, p < 0.01).3

SE. = 0.23, z = 0.23, p = 0.82).4
We ran two linear models on the slider data from each condition. These models tested whether participants who chose
the predicted order in the forced-choice task tended to give
these videos a higher rating in the slider task, compared to
those who did not choose the predicted order.5 Neither model
reached significance, suggesting that preference ratings were
equally strong across both of these groups (genitive: β = 3.89,
SE = 2.14, t = 1.81, p = 0.071, adjective: β = 1.06, SE. = 2.07,
t = 0.51, p = 0.61). Finally we ran a linear model which included an interaction between the fixed effects of predicted
order and condition. The results revealed no significant interaction between these effects, confirming that there was no
difference in preference ratings for participants who chose the
predicted order across both conditions. However, there was a
significant positive coefficient for condition (β = 4.93, SE =
2.36, t = 2.09, p < 0.05) indicating that slider ratings were,
overall, slightly higher in the adjective condition.

Discussion
The results from experiment 1 shown that the orders participants prefer to use for descriptive and possessive meanings
are the most common orders we see for adjectives and genitives in typology. These results suggest that the unexpected
absence of a preference for harmonic alignment of these two
orders in the typology may in part be a reflection of these
category-specific preferences. In the next experiment, we
explore whether these biases persist when participants are
taught a miniature language system in which the order of both
dependent types must be learned. As mentioned above, it is
under these circumstances that we expect harmony to have
an influence (e.g., as in Culbertson et al., 2012) and thus to
interact (or compete) with category-specific biases.

Experiment 2

Figure 2: Proportion of postnominal orders per dependent
type in both the typological and experimental data. In both
the typology and the experiment, postnominal order is preferred for adjectives, prenominal order for genitives.
In the typology, the postnominal adjective preference appears to be stronger than the prenominal genitive preference.
There was no evidence for this in the experiment. A logistic regression model including condition as a fixed effect revealed no difference between the two conditions (β = 0.05,
3 The

model for the adjective condition includes a random effect
for items (i.e., the picture conveyed). The model did not converge in
the genitive condition, therefore a logistic regression model with no
random effect (for item) is reported here.

Experiment 2 explored how the category-specific biases identified in experiment 1 interact with a bias for harmony in a
task where participants must learn how different types of dependents are ordered. Experiment 2 was a between-subjects
design based on Motamedi, Wolters, Naegeli, Schouwstra,
and Kirby (2021), Ferdinand, Kirby, and Smith (2019), and
Culbertson et al. (2012) which use a regularisation design. In
regularisation experiments participants are trained on variable
input and, at test, the extent to which they regularise or retain
the input variability is measured. The idea being that participants will regularise preferred variants more reliably than
4 This could reflect some influence from native language: English
tends to have prenominal genitives for the kinds of possessive meanings used in the experiment (vampire’s hat) whereas adjectives are
rarely postnominal. Thus the postnominal adjective preference competes with the native language influence in the adjective condition,
whereas in the genitive condition participants’ native language is (at
least partly) consistent with the proposed underlying preference. On
the other hand, it is difficult to determine whether the typological
difference, here based on raw counts of languages in the sample, is
reliable.
5 Neither model converged with random intercepts for item.
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dis-preferred variants.
The experiment had four conditions and the manipulation
between conditions was the proportion of prenominal vs postnominal gesture orders that participants observed in training.
Each condition had a majority gesture order and a minority
gesture order. In the natural condition the majority orders for
both dependents were those preferred by participants in experiment 1 (75% N-Adj & Gen-N) and in the unnatural condition the majority orders were the reverse (75% Adj-N &
N-Gen). In the majority prenominal condition the majority
order for both dependent types was prenominal (75% Adj-N
& Gen-Adj) and in the majority postnominal condition the
majority order was always postnominal (75% N-Adj & NGen).

on (i.e. reproduce or over-produce the majority variant they
were trained on) and that there would be an effect of naturalness, such that participants would select more natural (preferred) orders than what is predicted by chance, and that they
would learn the natural orders more readily than the unnatural orders. Furthermore, we predicted that participants would
reduce the variability in their input in two ways, by selecting one order for a given dependent type more consistently
(regularisation, measured as change in conditional entropy
between input and output) and by selecting the same order
across both dependent types (harmony, measured as change
in entropy between input and output).
The overall distribution of orders that participants selected
across all conditions can be found in figure 3.

Methods
Materials This experiment was developed using jsPsych
and used the same stimuli as in experiment 1.
Procedure Participants were randomly assigned to one of
the four conditions outlined above and a pseudo-randomised
stimuli set. The stimuli set consisted of two nouns, each
of which were randomly assigned to appear with one of the
genitives and one of the adjectives. At the start, similar to
experiment 1, participants were familiarised with the stimuli via a grid displaying the adjective and genitive images in
their stimulus set. During the training phase, participants saw
these same image grids with one image highlighted. This was
accompanied by a gesture video playing under the images.
Each of the four target images was highlighted eight times
(32 trials total). In six of these eight exposures the gesture
video showed the majority order for that condition and twice
it showed the minority order. Participants were told to sit
back and watch the images and videos. The trials progressed
automatically. In the testing phase, participants again saw
an image grid with one image highlighted accompanied by
both possible gesture videos. Participants were instructed to
“click on the corresponding gesture video” like they saw during training. Participants saw each target image eight times
(32 trials total) and clicked a centred “Next” button between
each trial. After the testing phase participants provided a
translation for all four target meanings (prompted by a gesture video) and answered the same demographic questions as
in experiment 1.
Participants 211 participants were recruited using the
same platform and criteria from experiment 1. Participants
were paid the equivalent of £8.91 per hour. Participants who
had knowledge of a sign language (N=8) and who continuously clicked the same button in testing (N=3) were excluded.
The final number of participants was 50 in the natural, 53 in
the unnatural, 46 in the majority prenominal, and 51 in the
majority postnominal condition.

Results
Our main predictions for this experiment were that participants would be able to learn the orders they were trained

Figure 3: Proportion of postnominal orders selected by each
participant for both dependent types. The four larger shapes
represent the input proportions per condition.
Learning The overall proportion of majority orders selected by participants for each condition is shown in figure
4 (top). To test whether use of the majority input order differed across condition, we ran a mixed effects logistic regression model with condition and dependent type, as well as
their interaction as fixed effects. We included a by-participant
random intercept, with a slope for dependent type. The outcome variable was binary: 1 indicated a match between training majority order and video chosen and 0 indicated a mismatch. Both condition and dependent type were deviation
coded. The model had a significant positive intercept (β =
1.34, SE = 0.12, z = 11.24, p < 0.001), showing that, on average, participants across all conditions choose the majority
order at a rate above chance. There was also an effect of condition, such that participants in the majority prenominal condition chose the majority order more often, compared to the
grand mean (β = 0.64, SE = 0.21, z = 3.05, p < 0.01). Furthermore, participants also selected the majority order less often
for the genitive meanings (β = -0.74, SE = 0.18, z = -4.24, p
< 0.001), except in the natural condition, where they selected
the majority order for genitives more often (β = 0.99, SE =
0.29, z = 3.40, p < 0.001), compared to the grand mean.
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SE = 0.17, z = -7.11, p < 0.001, prenominal: β = -0.88, SE
= 0.18, z = -2.62, p < 0.01). Finally, there were significant
interactions between dependent type and condition. For the
majority prenominal condition, participants used the natural
order more for genitives, likely since it is consistent with the
majority order (β = 3.03, SE = 0.36, z = 8.40, p < 0.001).
For the majority postnominal condition participants used the
natural order less often for genitives, since this conflicted with
the majority order (β = -2.71, SE = 0.34, z = -7.94, p < 0.001).
Harmony A fully harmonic language refers to a system
in which all meanings are expressed with the same gesture
order. As such, harmony constitutes a reduction in overall
system variation. We quantify an increase in harmony as
an overall reduction in entropy, following Ferdinand et al.
(2019) and Motamedi, Wolters, Naegeli, Schouwstra, and
Kirby (2021). The entropy (H) of a system is defined as:
H(V) = − ∑ p(vi )log2 p(vi )
vi εV

Figure 4: Top: Proportion of test trials where participants selected the majority input order for each condition and dependent type. Right-hand facet shows grand mean. Participants
tended to reproduce the majority orders from their training.
Bottom: Proportion of test trials where participants selected
the natural order (i.e., prenominal for genitives, postnominal
for adjectives) for each condition and dependent type. Righthand facet shows the grand mean. There was no overall
preference for natural orders. All error bars represent bootstrapped 95% confidence intervals.

Naturalness The overall proportion of natural orders selected across conditions is shown in figure 4 (bottom). Recall
that the predicted natural orders are postnominal for adjectives and prenominal for genitives. To test whether use of
the natural order differed across conditions, we ran a logistic mixed effects model using the binary dependent variable
Natural (1 signifying a match between the predicted natural
order and the selected order, 0 meaning a mismatch). The rest
of the model structure was identical to the one used for learning above. The model did not show a significant intercept (as
suggested by figure 4). However, selection of the natural order was more likely in the natural and majority postnominal
conditions (natural: β = 1.14, SE = 0.18, z = 6.49, p < 0.001,
postnominal: β = 0.59, SE = 0.17, z = 3.36, p < 0.001), compared to the grand mean. Conversely, participants in the unnatural and prenominal conditions selected the natural order
less often compared to the grand mean (unnatural: β = -1.24,

where, (V) refers to the two gesture variants (prenominal and
postnominal orders). Both the natural and unnatural training
data had an entropy value of 1, as participants were exposed
to a 50/50 split of both variants (orders). The remaining two
conditions have a training entropy of 0.8112781. We measured the change in entropy between these input values and
the orders participants selected to see if participants tended to
reduce variation by harmonising the system. Figure 5 (top)
shows the mean change in entropy for each condition as well
as the overall mean change.
To evaluate if these changes are reliably greater than zero
we calculated bootstrapped confidence intervals around the
reported mean entropy changes for each condition.6 These
were generated using the ‘boot’ package in R and based
on 10,000 samples. Our findings suggest that all but one
of the conditions—majority postnominal—show a reliable
reduction in entropy.7 Furthermore, confidence intervals
around differences between conditions reveals that the majority prenominal condition is reliably different from all other
conditions (nat - majPre: xa − xb = 0.28, lower CI = 0.16, upper CI = 0.41; unnat - majPre: xa −xb = 0.26, lower CI = 0.14,
upper CI = 0.38; majPre - majPost: xa −xb = -0.17, lower CI =
-0.31, upper CI = -0.03). Similarly, the majority postnominal
condition is also reliably different from the natural condition
(xa − xb = 0.12, lower CI = 0.02, upper CI = 0.23).
Regularisation Another way in which variability in a system can become more consistent is by reducing the variants
(orders) used for a particular type of dependent. The result is
not harmony, but a more regular pattern for a given dependent
type. We refer to that as regularisation, and measure it using
6 Linear models are not reported for this data as the distribution
of entropy in our study is necessarily non-normal.
7 The lack of harmonising behaviour for participants in this condition could be due to participants’ native language. The majority
orders in this condition are the opposite to those used most commonly in English for these dependents.
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order for adjectives and prenominal for genitives. Experiment
2 found that when participants had to learn an ordering system, evidence for the preferences identified in experiment 1
was largely absent. Instead, there was evidence for systemwide biases: participants tended to regularise the order they
used for a given dependent type, or harmonise the language
such that they used a single order more consistently across dependent types. The latter results are broadly consistent with
work showing that people tend to reduce input variation, either by conditioning the variation on some aspect of the system or by reducing the number of variants used (Smith et al.,
2017; Smith & Wonnacott, 2010).

Figure 5: Top: Mean change in entropy between input and
output, showing participants tend to harmonise, except in the
postnominal condition. Right-hand facet shows grand mean
change in entropy. Bottom: Mean change in conditional entropy, showing tendency to regularise in all conditions. Righthand facet shows grand mean change in conditional entropy.
Error bars represent bootstrapped 95% confidence intervals.
conditional entropy:
H(V |C) = −

∑ p(c j ) ∑ p(vi |c j )log2 p(vi |c j )

c j εC

vi εV

Change in conditional entropy is calculated per participant
by comparing the input entropy (0.8112781 across conditions) and the output entropy (see figure 5, bottom). The 95%
confidence intervals for the mean of each condition (figure 5,
bottom) and the difference between means across conditions
were calculated in the same way as for our harmony measure.
The results suggest that conditional entropy decreases across
all conditions, and that there is no reliable difference between
conditions in terms of this change.

Discussion
The experiments reported here examined two things, the presence of category-specific word order preferences for adjectives and genitives and how these preferences compete with a
system-wide bias towards harmonic word order.
Experiment 1 showed that, in the absence of a linguistic
system, participants preferred gesture orders that were consistent with typological word order tendencies: postnominal

The fact that the category-specific word order preferences
do not seem to influence participants’ learning behaviour in
experiment 2 contrasts with at least one previous study showing that this kind of bias may be active during learning.
Motamedi, Wolters, Naegeli, Schouwstra, and Kirby (2021)
found that a preference for using SOV for extensional events
and SVO for intensional events identified in a single-trial
judgement task (i.e., where no linguistic system is evident)
also influenced behaviour in a learning task very similar to
the one used here. It is possible that the preferences in this
task are relatively weaker and thus do not survive in competition with system-wide biases in a learning task.8 However, the bias found in Motamedi, Wolters, Naegeli, Schouwstra, and Kirby (2021) (originally reported by Schouwstra &
de Swart, 2014) is not clearly found in the typology of spoken languages (although see Flaherty, Schouwstra, & GoldinMeadow, 2018; Napoli, Spence, & de Quadros, 2017, for evidence in sign languages). By contrast, we do see traces of
the two category-specific biases found in experiment 1 across
both language types (Coons, 2022).
Another possible explanation for the lack of categoryspecific preferences in experiment 2 is failure of the task to
activate the intended dependent categories. In order for participants to display category-specific preferences the relevant
categories need to be accessed by participants. It is possible
that, when participants were faced with a more complex system in experiment 2, these categories were not activated as
clearly as in experiment 1. Future work will examine if a task
involving both improvisation and learning might prove more
successful at activating these categories, while still allowing
us to examine competition between these category-specific
biases and the system-wide bias for harmony.

8 A conceptual parallel may exist between the event-type results
and those found here. A preference for SVO for intensional events
could result from the fact that in these events the existence of the
objects depends on the action of the verb (e.g. ‘gnome dreams
of banana’), whereas in extensional events the object exists independently from the verb (e.g. ‘nun throws guitar’). Adjectives,
like intensional events, may denote properties which depend on the
item for their interpretation (e.g. ‘tall building’). Conversely, possessors (genitives) are more independent of the objects they possess. Thus the deeper semantic motivation for postnominal adjectives and prenominal genitives may be related to the motivation for
the intensional-extensional ordering preferences.
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What is a consumer product for?
How teleology guides judgments of product liability
Maureen Gill & Frank Keil
Department of Psychology
Yale University

Abstract
The law of product liability starts with the idea that a product
should safely perform the function that it is for: a plaintiff can
recover if she used the product for its intended purpose, but
perhaps not if she misused the product. Previous work in
psychology has suggested that people reason about artifacts in
terms of their purpose. Yet, no work has tested the effect of
misuse on judgment and decision-making, in particular in the
context of product liability, or creator accountability. Two
studies (N = 280, N = 282) show a robust effect of misuse on
liability judgments, such that people are less likely to blame
the creator in the case of misuse (vs. normal use). Additionally,
both studies show a consistent pattern with regard to the role
of individual differences in narrow teleology. When a product
is misused, individual differences in teleology are strongly
associated with liability judgments, but there is no such
association when the product is used normally. This
asymmetry suggests that judgments of misuse may be best
explained in terms of what objects are for.
Keywords: artifact reasoning; teleology; legal reasoning;
design stance

Introduction
A man may take a hammer to split nuts, an axe to cut a cake of
pressed figs, a saw for sawing cheese, a rake to scoop up dried figs,
a winnowing shovel and a pitchfork to place food upon it for a
child, a reed or a shuttle to stick food, a small needle to remove a
thorn, and a sack needle to open a door.
– Mishnah Shabbat 17:2
The manufacturer's liability should, of course, be defined in terms
of the safety of the product in normal and proper use.
– Judge Traynor, Escola v. Coca-Cola

In 1987, a man decided to use the straps from a Volvo spare
tire holder to transport metal rods. When the straps came
loose and hit him in the eye, he sued Volvo. But the New
Mexico Supreme Court dismissed the case, citing his misuse
of the product that was meant for another purpose. Van de
Walde v. Volvo, 744 P.2d 930 (N.M. Ct. App. 1987). This is
just one of many product liability cases concerning a
perplexing issue – which sorts of uses are acceptable?
The importance of use in products liability law begins with
the premise that manufacturers make an implicit promise that
the product safely performs the function that it is for. Escola
v. Coca Cola, 150 P.2d 436 (Cal. 1944) (Traynor, J.,
concurring). Consequently, a product is considered defective
when it does not safely perform its function. Statler v. Ray,
195 N.Y. 478 (1909). The law of torts therefore appears to

implicitly endorse the notion that products are for certain uses
and not for others. But there does not appear to be an explicit
guiding standard of what constitutes “misuse” and when and
why it should matter (Calnan, 2002; Dale & Hilton, 1966).
Courts are increasingly willing to accept uses that the
manufacturer did not intend. Ellsworth v. Sherne Lingerie,
495 A.2d 348, 356 (Md. 1985). For example, a Michigan
court once declined to rule that sniffing glue constitutes
improper use. Crowther v. Ross Chem, 202 N.W.2d 577, 581
(Mich. Ct. App. 1972). Yet, courts also reject certain uses and
cite discordant reasons why the plaintiff cannot recover
(Calnan, 2002). Sometimes, misuse means that there was no
defect. Venezia v. Miller Brewing, 626 F.2d 188, 192 (1st Cir.
1980). Other times, misuse is treated as an “intervening
cause” which means the injury cannot be said to be caused by
the product. Mazzi v. Greenlee Tool, 320 F.2d 821 (2d Cir.
1963). Or, misuse might be treated as an affirmative defense
or as plaintiff misconduct that factors into some sort of
comparative negligence consideration (Owen, 2000).
In any case, use matters, even if the law lacks a coherent
picture as to why. One prediction is that, like courts,
laypeople will be highly sensitive to misuse; but that, unlike
courts, the reason why is simpler. In particular, lay judgments
of liability should depend on whether the product was used
for its purpose or not (“normal use” vs. “misuse”.) Critically,
this difference in liability judgments might be explained in
terms of teleology.
People have a strong tendency to reason about artifacts in
terms of their purpose (e.g., Bloom, 1996; Casler & Kelemen,
2005; German, Truxaw, & Deyfeter, 2007; Wohlgelernter,
Diesendruck, & Markson, 2010). Even in Talamudic law,
“teleology” is influential: prohibiting the use of culinary
objects for their purpose on the Sabbath implies that such
objects have a purpose (Neusner, 2006). Psychological work
has found teleological thinking can be so rigid that it might
be difficult to think of possible alternate uses of an object
other than its primary function (“functional fixedness;
German & Defeyter, 2000). Moreover, children as young as
two and three years old have been shown to be sensitive to
the misuse of artifacts: when presented with a puppet who
uses a key to stir food, children protest the misuse and “tattle”
to the experimenter (Casler, Terziyan, & Greene, 2009).
Yet, no work so far has tested the consequences of misuse
on judgment and decision-making, in particular in the context
of products liability, or more broadly creator accountability.
Here, we investigated the effects of misuse in two
experiments. Study 1 contrasted cases where the plaintiff uses
an artifact for its intended function vs. an alternate function
(e.g., sitting vs. standing on a chair). Study 2 tested cases
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where function remained constant, but the target of the
function was manipulated: e.g., using a coffee grinder to
grind coffee vs. grind nuts. In both studies, we collected
individual difference data on the extent to which participants
endorsed narrow teleology for an artifact (e.g., that “A chair
is for sitting” or that “A coffee grinder is for coffee.”) People
may be sensitive to cases of misuse precisely because misuse
constitutes violations of teleology.

the conditions concerned information about use. For
example, the “chair” vignette is as follows:
Mary is a petite woman who recently purchased a chair
from a company called ChairLy.
One night, [she sits down on the chair / stands up on the
chair to reach a high-up book on her bookshelf]. The
chair is unstable and collapses upon itself, also injuring
Mary severely.

Study 1: Different Function
In Study 1, we examined the effect of consumer use on lay
judgments of products liability: specifically, what happens
when a consumer uses a product for an alternative function?
To do so, we presented participants with a story about a
consumer plaintiff who uses a product and gets injured.
Depending on the experimental condition (use condition:
normal use vs. misuse), the plaintiff either used the product
for its intended function (e.g., sitting on a chair) or for an
alternative function (e.g., standing on a chair).
We predicted that a consumer plaintiff will be judged more
favorably when using a product for its function (vs. an
alternative function). All Methods and predictions were preregistered at: https://osf.io/jh6by/.

Method
Participants. Participants were 280 adults recruited from
MTurk (119 male, 160 female, 1 unknown). Participation was
restricted to MTurk workers in the United States who had
completed at least 1000 past HITs with a minimum approval
rating of 99%. An additional 20 participants were excluded
from further analysis on the basis of pre-registered exclusion
criteria: namely, failing any of three attention check
questions.
Materials & Procedure. Participants were randomly
assigned to read one of two versions of three possible
vignettes about a plaintiff’s use of a consumer product and
subsequent injury. Depending on condition, the plaintiff had
either used the product for its intended function or for an
alternative function. The overall design was therefore a 2 (use
condition: normal vs. misuse) x 3 (vignette) between-subjects
design.
All vignettes portrayed a plaintiff experiencing an injury
from resulting using a consumer product. The consumer
product was either a chair, kitchen oven, or nutcracker –
artifacts designed and made for one specific function and
narrow purpose. Additionally, all artifacts were moderate in
complexity in that: 1) each was composed of more than one
part and 2) it would be difficult and/or implausible for a nonexpert to craft one such artifact on his or her own by
repurposing everyday materials. In all vignettes, the
plaintiff’s use of the product was intentional and deliberate.
This use, whether misuse or normal use, preceded a
subsequent legal injury, such as physical injury and damage
to property. Between conditions, all vignettes were
minimally contrasted such that the only difference between

As illustrated above, the contrast between the two conditions
is minimal in that the only difference is whether the plaintiff
decided to use the chair for sitting vs. for standing (a different
function). The other two vignettes have the same structure. In
the “oven” vignette, a fire was caused either by the plaintiff’s
using it for baking or for heating the kitchen. In the
“nutcracker” vignette, the plaintiff uses a nutcracker either
for cracking nuts or hammering a nail in the wall and
experiences a resultant injury when a part of the nutcracker
breaks off.
After reading the vignette, participants were asked to
make a series of six judgments designed to probe their
inferences about liability: defectiveness, compensatory
damages, punitive damages, defendant responsibility,
plaintiff responsibility, and an exploratory question about
comparative liability. Then, participants indicated their
agreement with a manipulation check question on whether
the plaintiff “used [the product] the wrong way.” Participants
then indicated their agreement with an exploratory question
about but-for cause (“if only [the plaintiff] had [used the
artifact for the other function], then the injury would not have
occurred.”) Participants then indicated the extent to which
they endorsed a narrow teleology for the artifact in question
(e.g., “a chair is only for sitting.”) Finally, participants
answered an open-ended question about the plaintiff’s use
(“What did you think of how Mary used the [product]?”).
After completing the experiment, participants were
prompted to respond to three attention check questions: one
check question about reading (“please select ‘somewhat
agree’”) and two multiple choice attention check questions
about what the product was (with options for the product
mentioned in the vignette and four irrelevant products) and
how the plaintiff used it (e.g., “Mary tried to sit on the chair,”
“Mary tried to stand on the chair,” and “don’t know.”) Then
participants had the chance to answer demographic questions
about their age, sex, previous involvement in class action
lawsuits, and knowledge about the law.

Results
Before conducting the primary analysis, we looked at the
manipulation check and confirmed that participants were
more likely to agree that the plaintiff used the artifact wrong
in the misuse (vs. normal use) condition, t(278) = 20.901, p
< .001, d = 2.47, an effect that also held for each vignette at
the p < .001 level.
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We performed the primary pre-registered analysis by
constructing a series of mixed effects models predicting
participant judgments (defectiveness, compensatory
damages, punitive damages, defendant responsibility, and
plaintiff responsibility), treating condition (normal use vs.
misuse) as a fixed factor and vignette as a random factor with
respect to intercept. This approach revealed that participants
in the misuse (vs. normal use) condition were less likely to
judge the product as defective, χ2(1, 274) = 12.626, p < .001,
d = 1.91. Additionally, they were less likely to endorse
compensatory damages, χ2(1, 274) = 10.608, p < .001, d =
1.18, and punitive damages, χ2(1, 274) = 10.009, p < .001., d
= 1.15. Experimental condition also had an effect on
judgments of defendant responsibility, such that the
defendant was judged as less responsible, χ2(1, 274) = 11.954,
p < .001, d = 1.34, and the plaintiff more responsible, χ2(1,
274) = 13.18, p < .001, d = 1.48, when the product was used
for an alternative function.
We then conducted an exploratory analysis using the same
mixed effects approach to analyze judgments of two more
variables: but-for cause and comparative liability. This
analysis revealed that participants in the misuse (vs. normal
use) condition were more likely to agree that the injury would
not have occurred if the use was different, χ 2(1, 274) =
13.980, p < .001, d = 1.54. Also, when faced with a question
of comparative liability, or apportioning liability between the
defendant and plaintiff, participants were more favorable to
the plaintiff when the product was used for its intended
function (vs. an alternative function), χ2(1, 274) = 13.653, p
< .001, d = 1.51.
We then calculated a composite liability judgment score by
averaging judgments of defectiveness, compensatory
damages, punitive damages, plaintiff responsibility (reversecoded), and defendant responsibility (cronbach α = .96). With
this composite liability score, we first checked that each
individual vignette exhibited an effect of use condition on
liability judgments (See Figure 1). Indeed, the effect of use
condition was significant in each of the three vignettes: chair,
t(278) = 7.322, p < .001, d = 1.5; nutcracker, t(278) = 11.193,
p < .001, d = 2.33, and oven, t(278) = 5.315, p < .001, d =
1.11.
Finally, we used the composite liability score to conduct an
exploratory analysis on individual differences in
endorsement of narrow teleology (e.g., “a chair is only for
sitting”). In the misuse condition, individual differences in
narrow teleology were significantly associated with
composite liability, pearson r = -.55, p < .001, such that
participants endorsing narrow teleology were more likely to
make unfavorable judgments to a plaintiff using a product for
an alternative function (see Figure 2). This correlation
between liability judgments and individual differences in
teleology only applied to cases of product misuse. When a
plaintiff used the product normally, participant teleology had
no association with liability judgments, r = 0.068, p = .42.
If teleology indeed matters for misuse more than for
normal use, we should additionally expect a significant
interaction effect. To test for this effect, we created two

mixed effects models: one “full” mixed effects model
predicting composite liability with condition, participant
teleology, and their interaction as fixed effects and scenario
as random effect, versus that same model without the
interaction between condition and participant teleology. This
analysis revealed a significant interaction, χ2(1, 279) =
36.649, p < .001, such that misuse was more sensitive to
teleology compared to normal use.

Study 1 Discussion
Study 1 found a robust effect of misuse on liability
judgments. A plaintiff is judged more harshly when she uses
a product for an alternative function rather than the intended
function. In the case of misuse, people judge the product as
less defective, the plaintiff as less deserving of damage
awards, and attribute liability toward the plaintiff and away
from the defendant, compared to normal use. Additionally,
plaintiff misuse is more likely than normal use to be rated as
a but-for cause of the injury.
Intriguingly, liability judgments for misuse cases were
highly associated with individual differences in teleology, but
participant teleology made no difference in the case of normal
use. Thus, liability judgments of misuse may be guided by
notions of what objects are for.

Study 2: Same Function, Different Target
Study 1 found that people judge a plaintiff more harshly when
she uses a consumer product for an alternative function, for
example, using an oven to heat the kitchen rather than to
bake. In Study 2, we examined whether sensitivity to
information about use would generalize and extend to cases
where an artifact is used for the correct function, but incorrect
target: for example, using a coffee grinder to grind coffee vs.
grind nuts. To examine cases of misuse with regard to
“alternative target,” we again used a 2 (use condition: normal
vs. misuse) x 3 (vignette) between-subjects design.
We again predicted that a consumer plaintiff will be judged
more favorably when using a product for its function (vs. an
alternative function). We additionally predicted to replicate
the Study 1 result that liability judgments of misuse should
be especially sensitive to individual differences in narrow
teleology. As with Study 1, Methods and predictions for
Study 2 were pre-registered at: https://osf.io/jh6by/.

Method
Participants. Participants were 282 adults recruited from
MTurk (127 male, 54 female, 1 other). Participation was
restricted to MTurk workers in the United States who had
completed at least 1000 past HITs with a minimum approval
rating of 99%. An additional 18 participants were excluded
from further analysis on the basis of pre-registered exclusion
criteria: failing any of three attention check questions.
Materials & Procedure. Participants were randomly
assigned to read one of two versions of three possible
vignettes about a plaintiff’s use of a consumer product and
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subsequent injury. Depending on condition, the plaintiff had
either used the product for its intended target or for an
alternative target. The overall design was therefore a 2 (use
condition: normal vs. misuse) x 3 (vignette) between-subjects
design.
As with Study 1, vignettes portrayed a plaintiff
experiencing an injury resulting from use of a consumer
product. The product in question was either a coffee grinder,
wood lathe, or tire holder. All products met the criteria
specified in Study 1, for example, all products were artifacts
narrow in function scope. Additionally in Study 2, all artifacts
had a specific target: for example, as seen in the “coffee”
vignette, a coffee grinder is not just for grinding writ large,
but for grinding coffee in particular:
Mary recently purchased a coffee grinder from a
company called XPresso. [However,] [s]he likes to use it
to grind [nuts/coffee].
One day, she uses it to grind [nuts/coffee]. But when it
starts, the metal part of the coffee grinder detaches from
its holder and breaks through the plastic, cutting Mary's
hand. She will be unable to use the full range of motion
of her hand again.
Here, the contrast between the two conditions is even more
minimal than Study 1. In Study 1, the “misuse” condition
featured using an artifact for a different function. But in Study
2, the “misuse” condition involves using the artifact for the
same function, but simply applying that matched function
toward a different target. The other two vignettes also follow
this approach: using a wood lathe to cut wood vs. cut metal
(“lathe” vignette) and using a spare tire holder for holding a
spare tire vs. holding metal rods (“tire” vignette, inspired by
Van de Walde v. Volvo).
The rest of the procedure followed exactly as in Study 1.
After reading the vignette, participants made six judgments
about liability: defectiveness, compensatory damages,
punitive damages, defendant responsibility, plaintiff
responsibility, and an exploratory question about
comparative liability. Then, participants indicated agreement
with the manipulation check (whether the plaintiff “used [the
product] the wrong way.”) Participants then indicated their
agreement with the exploratory but-for cause question (“if
only [the plaintiff] had [used the artifact for the other
function], then the injury would not have occurred.”)
Participants then indicated the extent to which they endorsed
a narrow teleology for the artifact in question (e.g., “A coffee
grinder is only for coffee.”) Participants also answered an
open-ended question about the plaintiff’s use (“What did you
think of how Mary used the [product]?”).
After completing the experiment, participants completed
the same three attention check questions as in Study 1. Then
participants could answer demographic questions about their

age, sex, previous involvement in class action lawsuits, and
knowledge about the law.

Results
Before proceeding with the primary analysis, we first looked
at the manipulation check question and confirmed that
participants were more likely to agree that the plaintiff used
the artifact wrong in the misuse (vs. normal use) condition,
t(278) = 20.901, p < .001, d = 2.47, an effect that was also
significant for each vignette at the p < .001 level.
We first looked at the manipulation check question and
confirmed that participants were more likely to agree that the
plaintiff used the artifact wrong in the misuse (vs. normal use)
condition, t(280)= 16.19, p < .001, d = 1.91, an effect that
was also significant for each vignette at the p < .001 level.

Figure 1: Study 1 & 2 composite liability judgments by
vignette. In both studies and for each vignette, the defendant
is more liable in the “normal” condition (vs. the “misuse”
condition). Error bars represent SEM.
As indicated in the pre-registration, and as in Study 1, we
performed the primary analysis by constructing a series of
mixed effects models predicting participant judgments
(defectiveness, compensatory damages, punitive damages,
defendant responsibility, and plaintiff responsibility),
treating condition (normal use vs. misuse) as a fixed factor
and vignette as a random factor with respect to intercept. This
approach revealed that, as predicted, the effects found in
Study 1 (different function) also replicate to Study 2 (same
function, different target). More specifically, information
about consumer use indeed influenced judgments of product
defectiveness, such that participants were less likely to see
the product as defective when its function was misused, or, in
other words, directed toward an alternative (vs. intended)
target, χ2(1, 276) = 16.311, p < .001, d = 1.84. Also,
participants in the misuse condition were also less likely to
endorse awarding compensatory damages, χ2(1, 276) =
13.39, p < .001, d = 1.59, and punitive damages, χ2(1, 276)
= 10.833, p < .001, d = 1.31. Additionally, the plaintiff was
seen as more responsible, χ2(1, 276) = 13.89, p < .001, d =
1.31, and the defendant less responsible, χ2(1, 276) = 13.22,
p < .001, d = 1.55, in the case of misuse (vs. normal use).
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We also conducted a pre-registered exploratory analysis,
using the same mixed effects approach to analyze judgments
of but-for cause and comparative liability. This analysis
revealed an effect of condition on but-for judgments:
participants in the misuse (vs. normal use) condition were
more likely to think the injury would not have occurred if the
target was different, χ2(1, 276) = 18.05, p < .001, d = 2.17.
Also, misuse influenced judgments of comparative liability,
such that participants were more favorable to the plaintiff
when the product was used for its target (vs. an alternative
target), χ2(1, 276) = 15.703, p < .001, d = 1.81.
We then conducted a composite liability judgment score
by averaging judgments of defectiveness, compensatory
damages, punitive damages, plaintiff responsibility (reversecoded), and defendant responsibility (cronbach α = .97). With
this composite liability score, we could conduct an
exploratory analysis to quickly check that each individual
vignette exhibited an effect of use condition on liability
judgments (see Figure 1). Indeed, the effect of use condition
was significant in each of the three vignettes: coffee grinder,
t(280) = 8.122, p < .001, d = 1.9, wood lathe, t(280) = 7.969
, p < .001, d = 1.68, and tire holder, t(280) = 9.033, p < .001,
d = 1.84.

Figure 2: Study 1 & 2 regression lines of composite
liability judgment, split by condition (misuse vs. normal).
Shading represents 95% CI.
As in Study 1, we explored the role of individual
differences in endorsement of narrow teleology for an artifact
(e.g., “A coffee grinder is only for coffee”) in the misuse and
normal use cases (see Figure 2). Splitting the data by
condition, we again found a correlation between participant
teleology and composite liability judgments in the case of
misuse, r = - .67, t(280) = 11.14, p < .001 , but again not for
normal use, r = -0.0006, t(280) = 0.07. In other words, when
the artifact is misused, liability judgments are highly
associated with teleology, or notions of what that artifact is
for. But when the artifact is used normally, liability
judgments are independent of teleology. Moreover, we
statistically tested this asymmetry in a pre-registered
exploratory analysis comparing two mixed effects models: a
“full” mixed effects model predicting composite liability
with condition, participant teleology, and their interaction as

fixed effects and scenario as random effect, versus that same
model without the interaction between condition and
participant teleology. This analysis revealed a significant
interaction, χ2(1, 281) = 42.28, p < .001, such that misuse was
more sensitive to teleology compared to normal use.

Study 2 Discussion
The effect of misuse on liability judgments identified in
Study 1 also extends to cases when the artifact function is
fixed but the target is varied – for example, using a coffee
grinder to grind nuts instead of grind coffee. As with Study
1, the effect of misuse was robust, revealing a large influence
for each dependent variable and within each vignette. Also,
liability judgments for misuse cases were highly associated
with individual differences in teleology, but participant
teleology made no difference in the case of normal use,
replicating our Study 1 finding.

General Discussion
Two studies (N = 280, N = 282) revealed a novel effect of
misuse on judgments of product liability. Study 1 presented
participants with scenarios about artifacts that were used
either for a primary or alternative function: for example,
using an oven to bake versus to heat the kitchen. Participants
were highly sensitive to misuse, attributing less liability to
the manufacturer when the consumer had used the product for
an alternative function. Study 2 tested an extension of the
effect of misuse in the case of “same function, different
target” scenarios: for example, a coffee grinder used for
grinding nuts versus grinding coffee beans. Study 2
replicated and extended the results of Study 1, finding that
even when the function was matched, information about
misuse in the form of “alternate target” also influenced
liability judgments.
Further, both studies show a consistent pattern with regard
to the role of individual differences in narrow teleology – for
instance, that “A chair is only for sitting,” or that “A coffee
grinder is only for coffee.” Both studies show that when a
product is misused, individual differences in teleology are a
powerful determinant of liability judgments. But when a
product is used normally, i.e., toward its intended function or
target, individual differences in teleology bear no relation to
such judgments. This asymmetry suggests that intuitions
about products liability cases of misuse may be guided by a
deep notion of what objects are for.
Taken together, these studies suggest that people are
sensitive to misuse of artifacts, with downstream
consequences for judgment and decision-making.
Participants in our studies used information about what
artifacts are for – both in function and target – in deciding
who should be responsible in a products liability scenario.
Further, the extent to which participants incorporated
information about misuse appeared to be associated with the
extent to which they saw the artifact as having a narrow
function.
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Previous work has shown that children as young as three
are sensitive to hierarchies within misuse – the difference
between “express violations” such as using a key to stir food
versus mere alternate uses such as tracing around a key
(Casler et al., 2009). This raises a theoretical question about
the present work and how exactly misuse is conceptualized:
for instance, does an artifact simply possess a primary target
and function, or does it also possess certain targets and
functions to avoid? It could be that people dislike misuse of
consumer products because the plaintiff failed to meet the
intended function and/or target. Alternatively, perhaps it is
because the plaintiff used the product for prohibited functions
or prohibited targets. It may be that people distinguish
between different magnitudes of misuse. If the effect of
misuse on liability judgments is indeed about teleology, then
functional similarity of alternate uses should matter: people
should be more receptive to alternate uses that are similar to
the primary use. The present studies lay the groundwork to
investigate these questions: by first demonstrating that
misuse matters, we can now ask why.
Though most research on artifact reasoning has collapsed
the distinction between function and target, the sensitivity of
liability judgments to both raises new psychological
questions about artifact reasoning writ large – for instance, is
the sense that objects are for a specific function stronger than
the sense that they are for a specific target? Are function and
target both equally determinative of category membership?
But even in the domain of law, the concepts of “function” and
“target” warrant more research in the domain of product
liability judgments. By examining both forms of misuse,
alternate function and alternate target respectively, Studies 1
and 2 showed how both exerted an effect on liability
judgments; further, both were moderated by the same
particular pattern with regard to individual differences in
teleology. Yet with this information alone, it cannot be
inferred that manipulation of function and target are
psychologically identical. There may be instances where one
is privileged above the other, or there may be artifacts that
are more closely tied to a function than a target or vice versa.
Future research can examine the effects on liability
judgments when the two are pitted against each other: for
example, imagine using a wood lathe (meant for cutting) to
cut wood, cut metal, drill wood, or drill metal.
Whether in the form of alternate function or alternate
target, use matters. It remains to be shown: in the context of
products liability scenarios, what is proper use? In the law, a
debate concerns whether the guiding standard should be
“manufacturer intent” or “reasonable foreseeability,” with a
trend toward the latter. For example, in Ellsworth v. Sherne,
when faced with a plaintiff who suffered an injury from
wearing her nightgown inside out, the Maryland Court of
Appeals found that although the manufacturer intended for
the nightgown to be worn the right way, the manufacturer
could have reasonably anticipated that consumers would
wear the nightgown inside out. This legal distinction
foreshadows two of possibly many theories that might
describe lay intuitions for such cases: for instance, people

might privilege manufacturer intent over reasonable
foreseeability.
How people might integrate other cues to function, such as
labels, convention, and outward features, when reasoning
about the purpose of consumer products? People might look
to manufacturer or FDA labels when reasoning about what a
product is for. But off-label use of drugs is commonplace and
sometimes manufacturer labels are disingenuous. For
instance, the warning label on a Q-Tip box reads “Do not
insert swab into ear canal” – do people really agree that QTips are not for ears? Additionally, it is unknown how people
might reason about cases where a product is designed for a
specific purpose but is then popularly used for a different
purpose. If indeed these robust effects of misuse on liability
judgments are driven by notions of what products are for, the
next step in this line of research is to uncover what exactly
that means, both in function and in target.
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Abstract
The assumption of an inverse S-shaped probability weighting
function allows cumulative prospect theory to explain several
well-established regularities in risky choice between monetary
lotteries. Empirical evidence indicates that in choices between
options with nonmonetary outcomes, the shape of the weighting function is strongly influenced by the negative emotions
often associated with these outcomes. In its current form, however, cumulative prospect theory is silent with respect to how
to formally integrate the influence of affective processes on
the shape of the weighting function. Here, we propose an affective probability weighting function in which the two main
features of the weighting function, probability sensitivity and
elevation, gradually change with the affective value of the nonmonetary outcomes. We test our proposition in a model competition with three data sets. The results show that the affective probability weighting function improves the ability of (cumulative) prospect theory to predict choices between options
with nonmonetary outcomes. We observed approximately linear probability weighting for the least affective nonmonetary
outcomes and probability neglect for the worst or multiple outcomes. These findings demonstrate that integrating the effect
of affective processes in formal decision models is crucial for
advancing the understanding of choices between nonmonetary
risky options—and thus ensuring the generalizability of the
models beyond choices between monetary lotteries.
Keywords: probability weighting function; prospect theory;
affect; nonmonetary outcomes

Introduction
The consequences of many everyday decisions cannot be predicted with certainty. People deciding whether to get vaccinated, to buy travel insurance, or to gamble on a sporting
event may have information (or a hunch) about the probability
of a specific outcome—but they can never be sure. In recent
decades, many formal models have been proposed to describe
how people make such decisions under risk. One important
line of development has focused on the notion of probability
weighting, which accounts for violations of expected utility
theory by assuming that the weight that a risky outcome receives results from a nonlinear transformation of its probability (Wu et al., 2004). One of the most influential models of
this kind is (cumulative) prospect theory (Kahneman & Tversky, 1979; Tversky & Kahneman, 1992).
In cumulative prospect theory, probability weighting is formalized in terms of an inverse S-shaped probability weighting function, which overweights low-probability events and
underweights high-probability events. The inverse S-shape
allows the model to account for empirical phenomena such

as the fourfold pattern of risk attitudes and the commonratio effect (Tversky & Fox, 1995). The studies feeding
into the development of (cumulative) prospect theory have
involved choices with monetary outcomes, such as lotteries.
However, many everyday decisions involve nonmonetary outcomes, such as the potential side effects of medical treatments. Several investigations have demonstrated that nonmonetary outcomes are often associated with higher affect
than are their monetary equivalents (Pachur et al., 2014, 2017;
Suter et al., 2016, 2015). Yet cumulative prospect theory does
not account for the influence of emotions on people’s decisions.
There are clear indications that affect influences decision
making under risk. In a seminal study, Rottenstreich and Hsee
(2001) found evidence that sensitivity to probability differences is lower when the outcomes are relatively affect-rich
than when they are relatively affect-poor. There is also strong
empirical support that probability weighting differs as a function of the amount of affect associated with the outcomes.
However, the influences of affect on risky choice have not yet
been systematically integrated into formal models. Few formal models include the emotions caused by choice option attributes (Bell, 1985; Loomes & Sugden, 1982; Mellers et al.,
1997; Juvina et al., 2018; Marinier III et al., 2009; Marsella
& Gratch, 2009), but none of these models explain how affect
may influence probability weighting. Here we aim to close
this gap by proposing and testing a formal account of how
affect may influence the shape of the probability weighting
function.
Next, we briefly describe cumulative prospect theory and
review empirical evidence showing that probability weighting
is sensitive to affect. We then propose an affective probability
weighting function and test it in a rigorous model comparison that draws on three data sets involving choices between
nonmonetary risky options.

Cumulative Prospect Theory
The simplified version of cumulative prospect theory described here applies to risky options with outcomes of the
same sign—that is, where all outcomes are either gains or
losses. Consider a risky option A with N negative outcomes
xN < ... < x1 < 0 and corresponding probabilities pN , ..., p1 .
For illustration, assume that option A is a medication and that
its outcomes are averse side effects. According to cumulative
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prospect theory, the overall subjective valuation of A, denoted
V (A), is determined as follows:
N

V (A) = ∑ v(xi )π(pi ),

(1)

i=1

where v(xi ) is the subjective value of outcome xi , determined
by the function value v() and π(pi ) is the decision weight of
outcome xi .
To quantify the nonmonetary outcome (i.e., side effect),
we use an affect rating denoted a as a proxy and assume no
further transformation of this value:
v(x) = a.

(2)

In cumulative prospect theory, the decision weight π in
Equation 1 is (sign- and) rank-dependent and is calculated using the probability weighting function, based on cumulative
probabilities. However, Camerer and Ho (1994) tested what
they called “separable” prospect theory (i.e., without cumulative weights) against the cumulative version in eight data sets
and found no evidence in favor of the latter model. Recently,
Bernheim and Sprenger (2020) likewise found no support for
the assumption of probability weighting based on cumulative
probabilities. Finally, results of a large-scale study show that
separable prospect theory outperforms the cumulative model
(Peterson et al., 2021). Hence, we assume that the decision
weight π in Equation 1 is a function of an outcome’s noncumulative probability. The probability is transformed by a
probability weighting function.
Here, we use a two-parameter version of the weighting function, originally proposed by Goldstein and Einhorn
(1987). It separates the curvature of the function from its elevation (Gonzalez & Wu, 1999):
π(p) =

δpγ
,
δpγ + (1 − p)γ

(3)

where the parameter γ ∈ [0, 1] controls the curvature of the
weighting function and is interpreted as indicating the decision maker’s sensitivity to differences in probability, with
higher values indicating higher sensitivity. The parameter
δ > 0 controls the function’s elevation, with higher values
resulting in more elevated functions, and thus higher overall
decision weights. The elevation is often interpreted as indicating the decision maker’s optimism/pessimism (Wakker,
2001). Figure 1 presents examples of the probability weighting function, showing shapes typically observed for monetary
losses and for relatively affect-rich nonmonetary outcomes.
Finally, in the context of binary choices, the subjective valuations of two risky options A an B are entered into a stochastic choice rule to derive a predicted probability of choosing A
over B. To this end, we use a logistic choice rule (also known
as softmax):
P(A|{A, B}) =

1
,
1 + e−φ(V (A)−V (B))

(4)

Figure 1: Example shapes of the probability weighting function. The black (gray) curve shows the weighting function
usually observed in studies with monetary losses (affect-rich
nonmonetary risky options).
where the parameter φ > 0 is a choice sensitivity parameter
that represents the degree to which the difference between the
subjective valuations map onto the probability of choosing
the option A. With φ = 0, choices are random.

The Impact of Affect on Probability Weighting
Several lines of research have observed that probability
weighting—that is, how risky outcomes are weighted as
a nonlinear function of their probability—is modulated by
emotion. In an analysis of US price market data, Kliger and
Levy (2008) demonstrated that investors’ probability sensitivity was lower in periods of the year associated with more
negative mood (i.e., with less daylight time) than in periods
associated with more positive mood. This effect was especially pronounced in the loss domain. Fehr-Duda et al. (2011)
observed that when choosing between options with positive
outcomes women in a neutral or “worse than usual” mood
had slightly lower probability sensitivity and less elevated
weighting functions—resulting in a more distorted weighting
function—than women in a “better than usual” mood. When
choosing between options with negative outcomes, women
in “worse than usual” mood exhibited substantially more elevated weighting functions. Traczyk and Fulawka (2016)
found that a carry-over effect of negative affect from an unrelated task led to a slight decrease in probability sensitivity in
an insurance pricing task.
In addition to these effects of incidental affect (i.e., affect that is unrelated to the stimuli but present in the decision maker) on probability weighting, there is also evidence for an effect of integral affect (i.e., affect that is directly associated with the outcomes). Several studies contrasting choices between affect-rich options with choices between relatively affect-poor options with negative outcomes
have shown substantially lower probability sensitivity and
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more elevated weighting functions in choices between affectrich options (Pachur et al., 2014, 2017; Suter et al., 2016).
A neuroimaging study demonstrated that brain areas associated with affective processes and autobiographical memory had higher activation when people chose between affectrich options than when they chose between affect-poor (i.e.,
monetary) options (Suter et al., 2015). Integral affect also
impacts probability weighting in decisions from experience
(Lejarraga et al., 2016).
Whereas there is robust evidence for an effect of negative
affect on probability weighting, the evidence for an effect of
positive affect is scant and mixed. Pachur et al. (2014) observed more elevated weighting functions for choices with
positive nonmonetary outcomes than for lotteries with positive monetary outcomes; there were no differences with respect to probability sensitivity. Petrova et al. (2014) found
slightly higher elevation and lower probability sensitivity in
an insurance pricing task for a camera that was a present from
a grandparent (i.e., an affect-rich outcome) than for a camera
that had been ordered from a website (i.e., an affect-poor outcome).

An Affective Probability Weighting Function
How can the observed effects of affect on probability weighting be integrated in a formal model? Previous analyses have
mainly documented differences in probability weighting between situations with relatively high versus low affect. We
propose a formalization that allows probability weighting in a
given choice problem to be determined directly based on measures of affect in that specific choice problem. Our approach
thus assumes a continuous influence of affect on probability
weighting—rather than distinguishing categorically between
affect-rich and affect-poor options.
Let us assume a nonmonetary outcome x (e.g., a side effect)
that triggers an affective response a, and that the outcome
occurs with probability p. Here we propose that the affective
probability sensitivity γx for this particular outcome is given
by:
|a|

γx = γ max |a| ,

(5)

where γ is a baseline probability sensitivity level and max |a|
is a scaling factor that equals the maximum possible value on
the affect rating scale. Equation 5 assures that the resulting
exponent ranges between 0 and 1; as a result, for all combinations of the baseline level γ and the affective value ai of the
respective outcome, the resulting parameter γx will be in the
0–1 range. Importantly, for any fixed value of γ, the affective
probability sensitivity increases as the affective value a of the
nonmonetary outcome decreases.
For the affective elevation parameter δx , we propose a simple linear form:
δx = δ × |a|,
(6)
where δ is the baseline level of the function’s elevation.
Hence, the affective elevation parameter δx increases with
the affective value a of the respective outcome. To obtain

a decision weight based on affective probability sensitivity or
affective elevation, one simply needs to substitute the γ and
δ parameters in Equation 3 with γx and δx , respectively. The
probability weighting function with both affect-specific probability sensitivity and elevation constitutes the affective probability weighting function. Note that in cases of risky options
with multiple outcomes, the decision weight of each outcome
is determined based on its own specific values of γx and δx .
We tested the affective probability weighting function by
conducting a model comparison between four models: (1)
standard prospect theory (PT), (2) prospect theory with affective elevation (PTae ), (3) prospect theory with affective probability sensitivity (PTaps ), and (4) prospect theory with affective probability weighting (i.e., with both affective elevation
and affective probability sensitivity; PTapse ). We drew on two
data sets from previous studies examining choices between
options with nonmonetary outcomes—specifically, medical
drugs, each of which had one possible side effect (Pachur et
al., 2017; Suter et al., 2016). In these data sets, the probabilities of the side effects ranged between zero and one, with
the most frequent probability values being near zero and one.
However, an analysis of the actual distribution of the probabilities of side effects (Kuhn et al., 2016) indicated a distribution with a right skew, with more than 90% of the side
effects having probabilities lower than 10%. Additionally, a
drug usually has several side effects. Thus, the choice problems in these single-outcome data sets have limited ecological
validity. To address these issues, we also included an unpublished data set of choices between drugs with two side effects
and with a probability distribution designed to match that observed in the Kuhn et al. (2016) data. Including this data set
allowed us to measure the probability weighting function in
the context of choices between risky options with multiple
nonmonetary outcomes and to contrast the results with those
emerging for the simpler choice problems used in previous
studies.

Method
Data Sets
Our study involved two types of data sets: First, we drew on
data sets where each option had a single outcome, using two
published studies that relied on the same method (Pachur et
al., 2017; Suter et al., 2016), with 80 participants each. Participants were asked to imagine that they were suffering from
an unspecified illness and that two equally effective medical
drugs were available to treat the condition. Each drug could
result in one side effect with a specific probability. Participants made 44 such choices and after the choice task provided
negative affect ratings for the side effects on a 10-point Likert
scale.
Second, we used data from an experiment where each option had two outcomes; here, 92 participants attended two
identical sessions held at least two weeks apart. In each session, participants first provided negative affect ratings for 20
side effects on a 10-point Likert scale. Next, they made 100
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hypothetical choices between two drugs with two possible
side effects each, in the same way as in the Pachur et al.
(2017) and Suter et al. (2016) studies. Order of presentation
and information layouts were randomized within each participant. The distribution of probabilities ranged from 0.003
to 0.096 and was right-skewed to roughly match that in the
Kuhn et al. (2016) data.
Henceforth, we will refer to the single-outcome data sets
Pachur et al. (2017) and Suter et al. (2016) as Pa17 and Su16,
respectively. The data from the first and the second session
of the two-outcome experiment will be referred to as To1 and
To2, respectively.

Modeling Approach and Model Comparison
All models were implemented in a hierarchical Bayesian approach, allowing for a simultaneous estimation of individualand group-level parameters (e.g., Scheibehenne & Pachur,
2015). We used uninformed priors and parameter ranges
that were consistent with previous findings. Samples from
the posterior distribution were drawn using Gibbs sampling
via the JAGS 4.3.0 software (Plummer, 2003), called from
R 4.1.1. For each model, we used eight parallel chains and
recorded 3,000 samples from each chain. To reduce autocorrelations in the recorded chains, only every 20th sample
was saved. The burn-in period consisted of 11,000 samples,
including 1,000 samples for adaptation. Convergence was assessed using the Gelman–Rubin statistic and visual inspection
of the chains.
To compare the performance of the models, we used approximate leave-one-out cross-validation (Vehtari, Gelman,
& Gabry, 2017). For each model, expected log pointwise
predictive density (elpd) was approximated with the R package loo (Vehtari et al., 2020). A higher elpd indicates better
out-of-sample predictive accuracy, taking into account model
complexity. Two models were considered to differ reliably in
their performance if the 95% confidence interval of the difference in elpd excluded zero. To provide an intuitive measure of overall model performance, we also report pseudo-R2
(Nagelkerke, 1991) calculated with the elpd values.

Results
Overall, the tested models showed a better performance on
the To2 data than on the other data sets (Fig. 2a). Regarding the single-outcome data sets, all models performed much
better on the Pa17 data than on the Su16 data (Fig. 2a). This
finding is consistent with the proportions of participants classified as guessing in the respective articles (which was considerably higher for the Su16 data). The better performance
of the models in the To2 than in the To1 data might suggest
that the affect ratings were more internally consistent in the
second session than in the first.
The PTapse model—which relies on both affective probability sensitivity and affective elevation—outperformed the
other models on all the data sets except Pa17, as indicated
by positive values of the elpd differences and 95% confidence intervals excluding zero (Figure 2b). In the Pa17 data

Figure 2: Model performance and model comparison results.
a: Estimated log pointwise predictive densities (elpd) for
each model, separately for each data set. The values were
scaled with the log-likelihood of a guessing model, allowing
model performance to be compared across data sets of different sizes. Vertical lines show elpd +/− standard error. b:
Elpd differences between the PTapse model (which assumes
affective probability weighting) and the remaining models,
separately for each data set. Vertical lines show 95% confidence intervals of the difference.
set, the PTaps model—which only relies on affective probability sensitivity—showed nearly the same performance as
the PTapse model. Overall, these results demonstrate that
prospect theory’s performance in accounting for choices between nonmonetary risky options can be improved without
additional free parameters by assuming an affective probability weighting function.
A detailed investigation of the group-level parameter estimates revealed two regularities. First, the estimated probability sensitivity levels were much lower in the two-outcome
than in the single-outcome data (Fig. 3); this indicates that
differences between probabilities are even less important in
more complex nonmonetary risky decisions. Second, with
the PTapse model and the PTae model—both of which rely
on affective elevation—the range of the group-level posterior
distribution of the δ parameter is greatly reduced in all data
sets except for Su16. This suggests that the high initial uncertainty in the parameter estimate was caused by the fact
that lower δ values were plausible for choice problems with
less affective outcomes, and higher δ values were plausible
for problems with more affective outcomes. Once the elevation was tied to the nonmonetary outcome’s magnitude, the
uncertainty in the parameter estimate was greatly reduced.
The shape of the group-level probability weighting function estimated for the Pa17 data reveals that the transforma-
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Figure 3: Group-level parameter estimates of the probability sensitivity (γ) and elevation (δ) parameters for all models
tested, for the single-outcome (a) and two-outcome (b) data
sets. Points represent the median of the posterior distribution
and the horizontal lines are 95% credible intervals.
tion was nearly linear for the least affective outcomes (Fig.
4, top). An increase in the negative affect associated with an
outcome results in the flattening and elevating of the curve;
for the outcomes inducing the strongest negative affect, the
function resembles the pattern associated with probability neglect.
For the two-outcome data with small probabilities, we observed different patterns of probability weighting. The probability weighting function (Fig. 4, bottom) was almost entirely
flat over the range of probabilities used in the study. The function changes with an outcome’s affective value mainly with
respect to the elevation. This indicates that for more complex
nonmonetary risky options with small probabilities, the decision weight may reflect the outcome’s relative importance.
In fact, the PTae model outperformed the PTaps model in the
two-outcome data sets, as indicated by a robust difference between elpds (for the To1 data: 22.2, 95% CI: [7.4, 37]; for the
To2 data: 17.6, 95% CI: [1.67, 33.6]). In the single-outcome
data sets, the PTaps model outperformed the PTae model in
the Pa17 data, (35.3, 95% CI: [22.1, 48.5]). In the Su16 data,
the performance of two models did not differ (2.4, 95% CI:
[−8.8, 13.6]).

Robustness Checks
Alternative Weighting Function. To test to what extent
our results may depend on the choice of a specific probability
weighting function and the assumption of separable weights,

Figure 4: Estimated group-level affective probability weighting functions for choices between drugs with a single side
effect (top) and with two side effects with small probabilities
(bottom).
we conducted additional model comparisons. First, we tested
another form of widely used two-parameter weighting function proposed by Prelec (1998):
π(p) = exp(−δ(− ln(p))γ ).

(7)

The parameters γ ∈ [0, 1] and δ ∈ [0, 1] control the curvature
and the elevation of the function, respectively, as in Equation 3. One of the minor differences between the two functional forms is that the elevation of the function in Equation
7 increases as the value of the δ parameter decreases. To
integrate affective probability weighting into Equation 7, we
therefore set both parameters to change with affective values
as in Equation 5 (i.e., the parameters γx and δx were forced
to decrease with an increasing absolute affective value a of
the corresponding side effect x). We modeled the Pa17 and
To2 data with the candidate models, now equipped with the
weighting function based on Equation 7. As in the previous analyses, the PTapse model outperformed the PT model in
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both studies (elpd difference in the single-outcome Pa17 data:
45.6, 95%CI: [38.2, 53]; in the two-outcome To2 data: 181.6,
95%CI: [152.2, 211]).
Probability Weighting with Cumulative Probabilities.
Second, we considered a model with cumulative weights. In
cumulative prospect theory, decision weights W for a risky
option with two negative outcomes x2 < x1 < 0 and corresponding probabilities p2 , p1 are given as:
W (p2 , x2 ) = π(p2 ),
W (p1 , x1 ) = π(p1 + p2 ) − π(p2 ),

(8)

where π is a probability weighting function, which we set
to the one used in the main analyses (i.e., Equation 3). When
implementing affective probability weighting based on cumulative weights, it is important to note that π(p1 + p2 ) ≥ π(p2 )
always has to be true, because the weights W cannot be negative. To ensure this, the affective parameters γx and δx should
have the same values in π(p1 + p2 ) and π(p2 ). We assumed
that the worse side effect x2 was more important than x1 for
the overall value of the drug and thus used the corresponding
affective value a2 to set the values of γx and δx to determine
the weights within the option. This ensured that the weights
W were always non-negative.
Comparison of the performance of cumulative prospect
theory with standard versus affective weighting functions
in the two-outcome data set again showed that the model
equipped with our proposed affective weighting function outperformed the standard implementation of the model in both
sessions (elpd difference in the To1 data: 58.2, 95%CI: [49.8,
66.6]; in the To2 data: 63.1, 95%CI: [52.9, 73.3]).1 In conclusion, the robustness checks confirmed that assuming an
affective probability weighting function improves the performance of both separable and cumulative prospect theory and
that the success of our proposition does not depend on the
form of the weighting function.

Discussion
Recent decades have seen important advances in integrating
cognitive and affective processes in order to account for human behavior (Dukes et al., 2021). Building on these advances, we demonstrated that assuming affective probability
weighting substantially improves the ability of prospect theory to predict choices between risky options with nonmonetary outcomes. In our proposed probability weighting function, probability sensitivity and elevation gradually change
with the affective value of the nonmonetary outcome.
The affective probability weighting functions that we obtained for the different data sets are consistent with the framework of the affect heuristic (Slovic et al., 2007), according
to which probability information influences decision making
only when the associated outcomes do not carry much affective information. We observed nearly linear probability
1 Cumulative prospect theory reduces to separable prospect theory for risky options with one nonzero outcome; hence, this model
comparison was not meaningful for the Su16 and Pa17 data sets.

weighting functions for the least affective outcomes in the
data sets with single outcomes, and an almost flat weighting
function for the most affective ones (Fig. 4, top). This finding indicates that probability neglect in such simple contexts
occurs only for the most affective outcomes and not for moderately affective outcomes; this highlights the importance of
assuming affective probability sensitivity in this context.
Interestingly, in the data set comprising choices between
drugs with two side effects and small probabilities (i.e., p <
.1), we observed a very low level of probability sensitivity,
which decreased only slightly with increasing affect (Fig.
4, bottom). This result is consistent with the proposal of
Loewenstein et al. (2001) that people perceive small probabilities as subjectively indistinguishable and react only to
the “possibility” of a dreadful event. At the same time, we
observed an important role of affective elevation, with more
affective outcomes having noticeably higher overall decision
weights (Fig. 4, bottom). Thus, in the risky nonmonetary
context with multiple outcomes, more affect-rich outcomes
received higher weights and probabilities were largely ignored.
Johnson and Busemeyer (2016) demonstrated via formal
analysis that the probability weighting function can constitute
high-level representation of an attentional process in risky
choice. In their model, the function’s curvature represents the
tendency for attention to dwell on the associated outcome.
The authors predicted that the tendency to dwell would be
stronger for more affect-rich outcomes, which would result
in a flatter weighting function. However, recent empirical evidence links the curvature of the weighting function to the attention paid to probabilities rather than to outcomes (Pachur
et al., 2018). Our results show that the affective value of a
nonmonetary outcome is related to the function’s curvature
and elevation, which indicates that the outcome induced emotions influence probability weighting. Further research is required to understand how these results might be linked to attentional processes.
In conclusion, our results indicate that both the curvature and the elevation of the probability weighting function
strongly hinge on the intensity of affect induced by nonmonetary risky outcomes. Thus, the exact levels of probability
sensitivity and pessimism/optimism seem to be unique to the
nonmonetary choice problem at hand. Even more importantly, we proposed a modeling approach that allows to integrate this effect seamlessly into the formal framework of
prospect theory—without assuming additional estimated parameters. These results show that taking affective processes
into account is crucial for advancing the understanding of
choices between nonmonetary risky options.
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Abstract
Communication involves searching for optimal utterances
within memory and then evaluating those utterances against a
target goal. This task is substantially harder when information about multiple concepts has to be communicated, such
as describing how music and tides are similar. Whether the
search process for this challenging communicative task converges onto the optimal response relatively quickly, or involves
more strategic decision-making to evaluate different candidates remains understudied. In this work, speakers generated single word “clues” that would enable a listener to correctly identify a pair of words among several distractor words.
Speakers and listeners generated candidates before producing
final responses. Each player was biased towards the first candidate(s) they generated, even when this candidate was suboptimal compared to other candidates, as was the case for less
related concepts. Furthermore, straying away from the initial
semantic “patch” of responses decreased accuracy in the game.
Overall, these findings suggest that individuals tend to identify
the relevant semantic cluster early on during semantic search,
and are likely to employ the “take-the-first” strategy for selecting utterances in ambiguous, ill-defined semantic contexts.
Keywords: semantic retrieval; communication; memory
search; take-the-first heuristic; reference games

Introduction
An extensive body of work suggests that generating optimal utterances for the purpose of communication involves
complex search and decision-based processes (Goodman &
Frank, 2016; Olson, 1970). However, how do search and retrieval occur within communicative contexts? Does this process involve relatively automatic spreading activation-type
processes (Collins & Loftus, 1975), or is it mediated by more
conscious, attentional (Neely, 1977) mechanisms? One possibility is that when individuals are searching for the right
words to convey an intended message, this process occurs
quickly and individuals are able to rapidly arrive at the most
optimal utterance within a given context. Another possibility
is that individuals deliberate between several different possible utterances and ultimately choose the most optimal one.
Although some work has examined how speakers choose between different potential utterances (Jara-Ettinger & RubioFernandez, 2021), the process by which such utterances are
generated in the first place remains understudied.
Understanding the intricacies of how individuals search
through memory to generate potential candidate responses
within the context of communication requires a rich experimental paradigm that would elicit a broad range of utterances

and be able to capture the variability in response selection.
Reference games, where speakers are asked to produce utterances that would enable a listener to identify a target amongst
several distractors have been used to study various aspects
of communication (Olson, 1970; Dale & Reiter, 1995), such
as why speakers provide redundant information to listeners
(Degen et al., 2020) and how partners engage in perspectivetaking and divide effort during communication (Goodman &
Frank, 2016; Hawkins et al., 2020). These studies typically
involve identifying a single target item within the context
of several distractors. However, humans routinely refer to
groups of items with varying degrees of relatedness, such as
when communicating about items belonging to a well-defined
natural category (e.g., lion and tiger are predators), selecting
items based on ad-hoc categories (e.g., Alice would grab her
laptop and passport in the event of a fire, Barsalou, 1983),
finding similarities and/or differences between seemingly unrelated concepts via analogies and metaphors (e.g., life is like
a box of chocolates), or identifying abstract relationships between concepts on an intelligence test (e.g., How are a poem
and statue alike? How are music and tides similar?). Conveying the meaning of multiple concepts is therefore a relatively
common but understudied communicative challenge.
Recently, Kumar, Steyvers, & Balota (2021) explored how
speakers generate optimal utterances when multiple concepts
need to be identified, through a two-player word game called
Connector. They found that speakers were able to converge
onto similar utterances even when the target set contained
unrelated words (such as cave and knight), and showed that
random walk-based associative models provided the best account of the behavioral patterns. This work was extended by
Kumar, Garg, & Hawkins (2021) to show that speakers may
be employing some level of pragmatic inference to produce
these utterances, although the nature of search processes employed and different possibilities considered by speakers was
not thoroughly investigated.
A primary goal of the current work was to better understand how individuals search for, generate, and select responses to distinguish a set of target items from an array of
distractors within a communicative task. Previous work on
search within semantic memory has employed a variant of the
think-aloud procedure, where participants are asked to provide any responses that come to mind as they think of the answer. For example, in a variant of the remote associates test,

1033

In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

BENCH

GLOW

SUNNY

IDIOT

QUICK

ANALYZE

BEAM

CAVE

Speaker: type in 3-8 clue candidates for
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Speaker: type in your final clue

speaker

OAK

RED

ROBIN

TREE

FIRM

CUT

RUN

KNIGHT

medieval

Guesser: click on 3-8 words that the clue
medieval might be referring to

KNIGHT, FIRM, ROBIN,
SUNNY, TREE

guesser

Guesser: click on your final guesses

TRIM

SIGHT

MONTH

BIRD

KNIGHT, ROBIN

guesser

Figure 1: An experiment trial between the speaker and guesser in the game. Speakers first typed in 3-8 potential clues (“candidates”) before submitting a final clue, and guessers clicked on 3-8 potential answers before submitting their final guesses.
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Figure 2: Average guesser accuracy across experiments. Error bards indicate bootstrapped 95% confidence intervals.
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Davelaar (2015) asked participants to type in as many possible answers as they could come up with before they arrived
at the final solution. We employed a similar methodology to
better understand the search processes that occur when speakers are attempting to find words that would best communicate
a set of targets to a listener, and when listeners were attempting to identify the target words. Specifically, we modified the
Connector paradigm to let speakers and guessers generate a
set of candidate words before selecting a final response to
send to their partner. In this way, we were able to examine
the specific candidates generated for different target item sets
and evaluate whether individuals engage in rapid or strategic
decision-making during communication.
The strategic selection hypothesis would predict that individuals would consider a variety of candidates before arriving at an optimal response. If so, we may observe that
speakers and guessers choose their final response from the
later candidate responses. On the other hand, the rapid selection hypothesis would predict that highly relevant words are
activated relatively automatically, and the optimal response
would then be chosen from among these initially activated
candidate words. In this work, we evaluated whether speaker
and listener patterns showed evidence for strategic or rapid
selection processes, and whether this behavior was correlated
with successful task performance 1 .

Method

0.4

chair−table−furniture

0.2

bet−dream−gamble
olive−real−oil

Participants

elm−rock−stone
ankle−travel−plane

We recruited 57 dyads (N = 114) from the undergraduate psychology subject pool at Washington University in St. Louis,
who were compensated via course credit. Twenty two dyads
were unable to finish the task due to technical difficulties, out
of which 4 dyads had less than 15 trials and were therefore
excluded. The final sample thus consisted of 53 dyads.

0.0

0.0

0.2

0.4
candidate
study

0.6

0.8

Figure 3: Proportion of times a clue was generated across
the original and candidate study. Labels refer to target words
(happy-sad) and the chosen clue (emotion). Dotted red line
indicates a perfect fit and gold line indicates the empirical fit.

1 All data and analysis scripts are available at https://github
.com/cjk5642/CogSci2022-Connector
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Figure 4: Response times to generate candidate clues and
guesses across the original and candidate generation study.
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Figure 5: Proportion of times a candidate was chosen as the
final clue or guess. “none” corresponds to cases when the
final response was not among the initial candidates. Error
bars indicate bootstrapped 95% confidence intervals.

Design and procedure
Figure 1 displays the general paradigm used in the study.
The game was programmed in nodeGame (Balietti, 2017)
and played online. Each participant was randomly assigned
the role of a speaker or guesser for the duration of the game.
Speakers were provided a word pair (e.g., cave-knight) from
a 20-word board and had to find a one-word clue that would
enable the guesser to identify that word pair from the same
board. The game design and target words were identical to
Kumar, Steyvers, & Balota (2021; Experiment 2) with one
significant change: before generating the clues and guesses,
speakers and guessers were asked to generate 3-8 candidates.
During this candidate selection phase, speakers were encouraged to type in any word that popped into mind before selecting a final clue, whereas guessers were asked to click on as
many words on the board as they deemed to be possible correct answers. Participant dyads played 30 rounds across 10
different boards, with 3 word pairs on each board of varying
difficulty.

Results
Task comparison
First, we compared the patterns observed in the current
“candidate-generation” study with those observed in original
study by Kumar, Steyvers, & Balota to compare the types of
responses generated in each experiment and evaluate whether
the process of generating candidates altered the search process in any way.
Figure 2 shows the mean accuracy of the guesser across
both datasets. A linear mixed effects model with random intercepts for participants and word pairs, revealed no significant effect of dataset (p=.435). Therefore, game accuracy was
in the same range across both experiments.
Second, we examined whether the proportion of times a

particular clue was selected for a given word pair differed
across the two experiments. Figure 3 displays the clue proportions for some word pair and final clue combinations
across both datasets. As shown, clue proportions were highly
similar across the studies, with no significant effect of the
dataset (p > .05).
Finally, we examined whether the manipulation of asking
participants to type in candidates had any influence on the
total time taken on each trial. Figure 4 (top panel) displays
the response time (RT) to generate the first candidate in the
candidate study, and RT to generate the clue in the original
study2 . As shown, speaker RTs were considerably faster in
the candidate study (b = 15.96, z = 6.96, p < .001), which suggests that speakers were indeed typing any words that came
to mind. On the other hand, as shown in Figure 4 (bottom
panel), guesser RTs did not differ across the experiments (p =
.29), which may be a function of pooling the RTs for the two
guesses given that we had only one estimate of guesser RT
from the original study, or it could mean that the task of visually scanning the board for potential answers was perceived
to be similar across both studies by participants.
Taken together, these results suggest that the slightly different experimental procedure did not significantly alter the
basic behavioral patterns in the experiment, although it did
encourage speakers to respond faster and type in candidate
words as they came to mind.

Response selection
Next, we examined the extent to which participants chose
the different candidates as their final response and whether
guesser accuracy varied as a function of which candidate was
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Figure 6: Mean guesser accuracy as a function of which clue and guess candidate was ultimately chosen by the speaker (left)
and guesser (right). Error bars indicate bootstrapped 95% confidence intervals.
chosen in the candidate generation study.
Selection behavior Figure 5 (top-panel) displays the proportion of times different candidates were selected as the final clue by the speaker in the current study. As shown, participants selected the first word they thought of as their final clue over 50% of the times, and the likelihood of selecting later candidates was very low. There were no significant
differences in selection across different levels of difficulty
(p > .05). Figure 5 (bottom-panel) displays the proportion
of times different candidates were selected as the final answers by the guesser. As shown, guessers were most likely to
select their first candidate as their first final answer, and their
second candidate as their second final answer. These effects
again did not interact with difficulty (p’s > .05).
Accuracy across selections Although participants generally selected their final responses among the first few candidates (most often the first one), it is not clear whether this was
the best strategy in the current game. Therefore, we investigated whether selecting the first or one of the later candidates
had any significant impact on overall task performance for
both the speaker and guesser. We focused on the first four
candidates in these analyses given that likelihood of selection
sharply declined after this point. Specifically, for the speaker
we scored whether the final clue was the first candidate typed
in by the speaker or among the “later” three candidates. Similarly, for the guesser, we scored whether the final first answer
chosen was indeed the first candidate clicked by the guesser,
and whether the final second answer was the second candidate
clicked by the guesser, or among the other three candidates.
Figure 6 (left panel) displays the accuracy of the guesser
in selecting the correct word pair as a function of which clue
candidate was selected and word pair difficulty. Accuracy
was highest for easy word pairs when the first candidate was
selected as the final clue. However, this pattern was reversed

for medium word pairs, resulting in a significant interaction
between difficulty and choice of candidate (b = 1.13, z = 3.26,
p = .001), such that later candidates produced slightly higher
accuracy. Therefore, speakers were biased towards selecting
the first candidate as their final clue, even though they may
have benefited from choosing one of the subsequent candidates for the “medium” word pairs in the task. “Hard” word
pairs did not show any reliable effect of candidate choice.
Along similar lines, as shown in Figure 6 (left panel), selecting later candidates for the medium word pairs was also beneficial in terms of guesser selections, which was again confirmed by a significant interaction between accuracy for easy
and medium pairs’ selection choices (b = 1.20, z = 2.48, p =
.013). Selection choices for the harder word pairs showed a
similar trend (b = 0.51, z = 1.20, p = .23)

Semantic search analysis
To better understand how search may be occurring within the
context of the game, we next analyzed the semantic neighborhood of the candidates generated by speakers.
Patch construction We divided the candidates produced by
speakers into items that fell within the word pair’s patch and
items that fell outside this patch. Patches were constructed for
each word pair based on the methodology adopted by Davelaar (2015), such that all unique first candidates produced for
a given word pair across all participants formed the patch for
that word pair. Therefore, some word pairs may have smaller
patches than other pairs if most participants produced similar first candidates. Figure 7 shows words within the patch
constructed for the word pair cave-knight.
Next, we classified each subsequent candidate generated
by participants as being inside or outside the constructed
patch. Therefore, transitions across candidates could be from
within the patch to within the patch (in-in), to outside the
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patch for cave - knight

valiant
brave
stone

dungeon
medieval

dragon
tale

hidden

mean number of transitions

dark

correct
incorrect

hunt
bear
in-in
in-out
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Solved and unsolved trials After constructing the patch
and classifying the different responses into transitions in or
out of the patch, we examined whether the frequency of different types of transitions varied as a function of whether a
trial was successful or unsuccessful. As shown in Figure 8,
incorrect trials had greater out-out and fewer in-in transitions,
compared to correct trials. A linear mixed effects model with
random intercepts for participants and word pair, and random
slopes for transition type and accuracy revealed a significant
interaction between transition type and accuracy (p < .001).
Therefore, straying away from patch of initial candidates that
came to mind led to unsolved trials.
Clustering Finally, we examined whether the different candidates produced by the speaker showed any evidence of clustering, as one might expect in semantic retrieval tasks. Clustering was measured via the Adjusted Ratio of Clustering
(ARC; Roenker et al., 1971), which estimates the expected
distribution of items across a given set categories. ARC values close to 1 are considered evidence for perfect clustering,
values close to 0 are considered to be at chance, and negative values are considered evidence for anti-clustering. We
calculated ARC values using the MemoryOrg package in R
(Greeley, 2021) for each unique sequence of candidates generated by individuals as a function of whether the candidate
was semantically closer to one of the target words. Semantic similarity was operationalized via an random walk associative model based on the Small World of Words (SWOW)
dataset (De Deyne et al., 2019). For example, for a given target word pair cave-knight and a candidate sequence hidden→
medieval→hunt→bear, we classified each candidate as being
closer to either cave (1) or knight (2) based on the SWOW

0.5

0.0

Figure 7: An example of transitions inside and outside
the patch. The speaker generated candidates hidden→
medieval→hunt→bear and chose medieval as the final clue.

patch (in-out), from outside the patch to inside the patch (outin) and to outside the patch (out-out). Note that the transition
from the first candidate to the second candidate could only
be in-in or in-out, given that the patch was defined based on
the first candidates. Figure 7 also shows examples of these
transitions for the word pair cave-knight.

1.0

In−In

In−Out
Out−In
transition

Out−Out

Figure 8: Correct trials had greater in-in and fewer out-out
transitions compared to incorrect trials. Error bars indicate
bootstrapped 95% confidence intervals.

model. The candidate sequence above would therefore have
the assigned labels 1, 2, 1, and 1, which was then used to
calculate an ARC value of -1. This process was repeated
for each individual candidate sequence generated by participants. These ARCs were then averaged across all trials, and
separately for solved and unsolved trials, and difficulty.
First, the mean ARC across all responses was -0.009
(SD=1.33), which was not reliably different from 0, t(1114)
= .24; p=.81, therefore suggesting that candidate responses
were not systematically clustered towards any one of the target words. ARC also did not reliably differ across solved and
unsolved trials, or across different difficulty levels (p’s>.05).
Therefore, candidates generated did not show any reliable
clustering with respect to the two target words.

Discussion
In this work, we explored how individuals search through
memory for related concepts when they have a communicative goal in mind. We employed a “candidate-generation”
procedure, by which we asked speakers and guessers to generate a set of potential candidates before they made their final
choice. Our main findings were: (1) speakers and guessers
were both biased towards selecting their first responses in the
task, even when later responses may have been more effective, and (2) the initial candidates generated across all speakers represented an optimal patch, such that when speakers
produced candidates that were outside this patch, this led to
lower performance overall. We now discuss the broader implications of each of these findings.
When examining the selection choices of the speaker and
guesser, we found that both players were most likely to select
their final choices from among the first candidates they generated. This bias towards the first response may be indicative of two possibilities: speakers may be employing a simple
“take-the-first” heuristic (TTF; Johnson & Raab, 2003) and
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word pair
hand-birth

sticking with their initial “hunch”, a strategy that has been
shown to be effective in other contexts, such as sports, where
decisions have to be made with limited knowledge about familiar, but ill-defined situations (Hepler & Feltz, 2012). It is
possible that in the face of uncertainty about how their partner
may perceive different choices, speakers tend to rely on such
a heuristic and offload some of the inferential work on their
partner. Indeed, given that previous work has shown that associative models generally best capture the types of responses
generated in this task (Kumar, Garg, & Hawkins, 2021; Kumar, Steyvers, & Balota, 2021), participants may indeed be
relying on these initial associations that come to mind.
On the other hand, it is possible that the current manipulation of asking participants to generate candidates as they
came to mind may not have been fully effective, and participants simply responded after their search for optimal candidates had ended. Although this is possible, given that speakers were overall faster at responding in this experiment compared to the Kumar, Steyvers, & Balota (2021) experiment
(see Figure 4), and that over 40% of the final responses were
not the initial response produced by the speaker (see Figure
5), we believe that participants did in fact follow task instructions and were responding with potential candidate words as
they came to mind. Future work could explore other methods
of probing participants in such complex tasks, such as eyetracking, which may provide deeper insights into the types of
search processes involved in complex reference games. Eye
movements may be particularly useful in understanding how
speakers and guessers emphasize similar or different aspects
of the context (i.e., the board) and whether this correlates
with their initial candidate responses. Furthermore, comparing eye movements between partners could provide further
insights into whether speaker-listener preferences align with
each other.
Another interesting finding from this work was that participants chose their initial responses even when the later candidates may have been more effective (see Figure 6). This
was especially true for “medium” word pairs, and to some
extent also for harder word-pairs. This suggests that the TTF
strategy may not be optimal in all contexts. Specifically,
“medium” word pairs were those that were slightly related
to each other, such as cage-glass, sun-bowl, army-drum, etc.
In such cases, it is possible that the first word that comes to
mind may be a strong associate for one of the target words
but not the other, but the subsequent associates may indeed
be better suited to both targets. Table 1 shows examples of
such cases, where the first associate generated by the speaker
was often sub-optimal, but the later candidates were better
clues and led to successful trials. Importantly, these “later”
candidates were still among the initial four candidates generated by the speaker. Therefore, these patterns indicate that
while the “fast and frugal” TTF strategy may be optimal for
easy associations, there could also be benefits to evaluating
some of the later candidates in cases when the initial associate is not optimally related to both targets. However, we

army-drum

cage-glass

clue candidates
Sistine, creation
baby, small
doctor, baby,
give
instrument,
kill, soldier
rhythm,
marching, band
delicate,
dangerous, box
zoo, window
exhibit

final choice
Sistine

accuracy
0

give

1

instrument

0

marching

1

delicate

0

exhibit

1

Table 1: Examples of “medium” word pairs where later clue
candidates were closer associates to both target words and
resulted in higher accuracy.

did not find a reliable effect of “hard” word pairs, which may
indicate that when concepts are truly unrelated, coming up
with related concepts is a difficult and unfamiliar task, given
that most conversational situations require us to make connections between somewhat related concepts. Future work
should examine the specific conditions under which simple
heuristics guide semantic search and retrieval, and the types
of relationships that individuals draw upon when engaging in
communication about multiple concepts.
Finally, our analyses of the semantic “patch” and different transitions for each word pair revealed that most of the
words either stayed within the patch or, if they traveled outside the patch, they stayed outside the patch (Figure 8). Furthermore, generating words that were outside the patch increased the likelihood of an unsuccessful trial. Indeed, the final clue chosen by the speakers was within the patch 78% of
the time. This begs the question of what kinds of words were
in this patch, and whether we can determine how this patch of
highly clustered initial responses is generated. For example,
a fast spreading activation-type method may be responsible
for producing these highly clustered initial items, and future
work could explore different implementations of this mechanism to generate the optimal semantic patch. Alternate corpora and underlying semantic models, such as BERT (Devlin
et al., 2018) and GPT-3 (Brown et al., 2020) could also be
used to compare multiple patch methods.
The present work showed that speakers and listeners are
biased towards initial responses when tasked with generating
optimal utterances in a reference game with multiple targets.
This “take-the-first” strategy is generally successful, although
it can lead to sub-optimal responses for less related concepts.
Overall, this work indicates that individuals are able to converge onto the most relevant responses relatively quickly in
semantic retrieval tasks with loosely-defined constraints. Future work should investigate the specific mechanisms underlying the fast activation processes that mediate this search behavior.
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Abstract
When deciding whether and how to punish, people consider
not only the potential direct consequences, but also, how their
choice will affect observers’ judgements about the values and
motives underlying the choice. We formalize the decision to
punish as a rational communicative social action (RCSA). The
model generates rational decisions to punish, incorporating
anticipated observers’ judgements obtained from a recursive
model of inference using an intuitive theory of mind. Using
this model, we synthesize patterns of human punishment from
recently published papers. RCSA thus offers a formal model of
the cognitive process that humans use to balance preferences
for how they are perceived, with other goals for punishing.
Keywords: punishment; reputation; pragmatics; social cognition; moral cognition; communication; Bayesian model; planning; theory of mind

Introduction
Imagine you are a student living in a dorm, and you happen
to see some of the other students in your dorm cheating on
a take-home exam. Would you report them, so they fail the
exam? Your decision whether or not to punish the cheaters
likely depends on many features of the situation, including
whether the cheating was deliberate, whether it caused harm,
and whether punishing the cheaters is likely to teach them,
or others, not to cheat in future. Here we focus on another
key input: what will other people infer about you, from your
decision? Whereas traditional game-theoretic models of punishment focus on the direct costs and benefits of punishments,
recent experiments suggest that human punitive decisions are
sensitive to how the punisher desires to be perceived. Our
overall goal is to characterise the cognitive processes that
happen, in human minds, while making punitive decisions.
Evolutionary models show that costly third-party punishment can be adaptive, if observers preferentially cooperate with or trust punishers, in subsequent interactions
(Panchanathan & Boyd, 2004; Santos, Rankin, & Wedekind,
2011; Raihani & Bshary, 2015; Okada, 2020). Yet these
models make no commitment about how an agent actually
chooses to punish. Here we offer a model of the cognitive
process underlying the decision to punish in humans. We propose that people rationally choose whether and how to punish,
using a recursive model of observers’ inferences. We develop
a model framework that integrates the Bayesian Theory of
Mind (BToM) model of inverse planning (C. L. Baker, 2011),
with the rational speech act (RSA) model of pragmatic communication (Frank & Goodman, 2012; Goodman & Frank,

2016), and thus model decisions to punish as rational communicative social actions (RCSA, Figure 1).
The central premise of RCSA is that, in addition to the direct consequences of their actions, people value how their values and motives are perceived by observers of those actions.
When choosing an action, people recursively model the inference that observers would make from each possible choice.
Actions that generate the desired inference in observers are
more valuable. For example, in some situations, people may
want to be seen as unselfish, and so may avoid actions that
they expect observers to perceive as selfishly motivated.
RCSA provides a principled quantitative framework for incorporating the value of anticipated observer inferences into
a model of socially meaningful actions. Modelling the decision of whether and how to punish as a communicative social action allows us to capture, in one framework, five recently reported patterns in human punishment. Beyond capturing these existing findings, the RCSA framework predicts
the conditions that evoke, or modulate, these patterns of behaviour. In the discussion, we consider the broader range of
phenomena that could be captured by a more general model
of punishment as RCSA.

Relationship to prior work
Punishment can be used to communicate in distinct ways.
Prior research has characterized how punishment can be used
to communicate about the transgression that evoked the punishment (Bregant, Shaw, & Kinzler, 2016). Directly communicating which actions are desirable, or undesirable, using
rewards and punishments, is more efficient if both the punisher and the target assume that these signals are generated
pedagogically (Ho, Cushman, Littman, & Austerweil, 2019;
Sarin, Ho, Martin, & Cushman, 2021). Indeed, a long tradition of philosophical and legal theory argues that punishment
is not intended just as direct negative reinforcement of an action, but rather as an expression of a community’s disapproval
and rejection of that action (Feinberg, 1965; Primoratz, 1989;
Sunstein, 1996; Mulder, 2018).
Here we are concerned with a separate question: how punishment can be used to communicate about the values and
motives of the punisher. Similar models have been used in
previous work to capture how the desire to appear impartial
can influence a person’s choice to distribute unequal financial payouts (Kleiman-Weiner, Shaw, & Tenenbaum, 2017);
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Figure 1: RCSA framework applied to punishment. The base
punisher weighs (↵) the consequences (U) for herself, the
social good, and the target. The communicative punisher
weighs, in addition, whether observers will make the desired
inference about the punisher’s internal values.
how the desire to appear considerate of other’s feelings can
influence the choice of negative expressions in polite speech
(Yoon, Tessler, Goodman, & Frank, 2020); or how people
balance the value of learning new skills against the desire
to appear competent at familiar skills (Yoon, MacDonald,
Asaba, Gweon, & Frank, 2018; Asaba & Gweon, 2019).

RCSA framework
First, we model the choice to punish without communication
(“base punisher”). Then, we add recursive reasoning to model
the choice to punish, given communicative goals (“communicative punisher”).

Base punishment, without communication
To begin, we define punishment as an action with three types
of direct consequences. First, a punishment imposes a cost
on the target of punishment. Examples of punishment range
from punishments imposed by the criminal justice system
(fines, jail time), to those imposed by parents (time out, no
dessert), to those imposed by anonymous strangers in lab experiments (endowment reduced by 5 points), but all share the
central feature of an imposed cost.
Second, a punishment is expected to achieve a future social benefit, typically described in terms of specific deterrence
(improving the future behaviour of the target) or general deterrence (improving the future behaviour of observers). How,
and how effectively, punishments actually achieve their intended benefits is disputed (Sunstein, Kahneman, & Schkade,
1997; Dölling, Entorf, Hermann, & Rupp, 2009; Nagin,
2013). Here we consider situations in which punishers believe, and expect others to believe, that punishing will achieve
some social benefit.
Third, choosing to punish has direct consequences for the
punisher. Here we focus on anonymous, third-party punishment, in which the potential punisher was not negatively affected by the target’s initial action and does not expect to directly interact with the target in the future. In evolutionary
models, third-party punishment is inherently costly (Raihani,
Thornton, & Bshary, 2012). To operationalize this idea, lab

experiments on costly punishment typically impose a direct
cost on the choice to punish.
Therefore, each situation in which an individual must decide whether to punish, or not, can be characterised by the
expected consequences of punishing for the punisher, the
social good, and the target. Punishers consider all these
consequences when deciding whether to punish (Wiessner,
2005; Twardawski, Tang, & Hilbig, 2020; Berg, Kitayama,
& Kross, 2021; Marshall, Yudkin, & Crockett, 2021); we refer to a punisher who considers these three consequences as
the “Base punisher”. However, different individuals may vary
in how much they care about each of these expected consequences, and how strongly they weigh those in their decisions.
We formalize these ideas, using the following definition for
the base punisher’s expected utility over each action ‘a’.
UBP (a) = asel f Usel f (a)+
asocial Usocial (a) + atarget Utarget (a) (1)
where Ux represent the subjective utility that the punisher assigns to each consequence. Each ax is the weight the individual places on the corresponding utility component, Ux .
Therefore, the as represent the hidden motives and values of
the base punisher. For instance, a high asel f represents an
individual who cares a lot about direct consequences (costs
and benefits) for herself. Hereafter, we use U to denote the
set of {Usel f , Usocial , Utarget }, and ↵ to denote {asel f , asocial ,
atarget }.
Actions are selected using a softmax decision rule:
P(a|↵, U ) µ exp(bUBP (a))

(2)

Communicative punisher
Compared to the base punisher, the “Communicative Punisher” has an additional preference over how their motives
and values are perceived by a relevant audience. This desired
impression incurs an additional utility term, i.e., Ureputation ,
which is defined for each action ‘a’, as the probability that
the action will evoke the desired impression. Therefore,
UCP (a) = UBP (a) + areputationUreputation (a)

(3)

Ureputation (a) = P(impression|a)
This desired impression is what the punisher wants the audience to infer about the values of their ↵. Therefore, to estimate Ureputation , the punisher needs to know how the beliefs
of the audience about the ↵ change, after observing an action
by the punisher.
For this, the communicative punisher uses their mental
model of an audience, who in turn, recursively represents a
base punisher. This audience model will update its impressions of the punisher’s ↵ by performing Bayesian inverse
planning, given the punisher’s action and the audience’s prior
belief about the preferences of base punishers, P(↵).
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P(↵|a, U ) µ P(a|↵, U ) P(↵)

(4)

recently published papers that contain relevant experimental
manipulations (J. J. Jordan & Rand, 2020; Batistoni, Barclay,
& Raihani, 2022; Rai, in press).

Costly third-party punishment is chosen to
communicate unselfishness

Figure 2: How selfish costs and rewards affect punishment.
For the base punisher, punishment is less likely when it is
costly and more likely when it is rewarded. For communicative punishers who want to avoid creating an impression of
overly selfish motives, this relation is reversed: costly punishment is more likely and rewarded punishment is less likely.
The more the punisher values the audience, the stronger this
effect.
where P(a|↵, U ) is the base punisher’s policy, derived from
equation (2). Note that here we assume that the punisher and
audience have common knowledge of U . More generally, the
audience could be uncertain about the U , could have different
beliefs about U from the punisher, and could update beliefs
about U from observing the punisher’s actions. Here, we
restrict the audience inferences to ↵, the weight that the punisher places on the commonly known U . The posterior belief
over ↵ can then be flexibly used to estimate judgements for
any impression that the punisher prefers.
P(impression|a) = Â P(impression|↵)P(↵|a, U )

(5)

↵

Desiring to be perceived as unselfish
The RCSA framework is highly flexible: potential punishers may want to create many possible impressions. By contrast, evolutionary and game-theoretic models typically assume that agents are mainly motivated to communicate that
they are not selfish, and so can be trusted not to exploit future interaction partners. Therefore, we began by modeling
potential punishers who want to be seen as unselfish.
Rationally choosing actions in order to be seen as unselfish
creates a distinctive signature in decisions (Figure 2), that
could be confirmed experimentally. Holding everything else
constant, these communicative agents will be more likely to
choose an action as its cost increases, and less likely to choose
the action as its reward increases. The strength of this effect
depends on how much the person values the opinion of the
audience.

Experimental findings
We conducted a literature review to identify existing experiments that manipulated the direct selfish cost or reward, or
the audience, for third-party punishment. We identified three

As shown in Figure 2, people who want to be seen as unselfish
by a valued audience may be more likely to punish, when punishment is costly, than when punishment is not costly. However, we were not able to identify any experiments that hold
everything else constant, and manipulate only the cost of punishment. Thus, we focused instead on the predicted effect
of varying the value of the audience. We selected two recent papers that measured the effect of a relevant audience on
choices to punish, when punishment is costly, in anonymous
multi-player financial interactions.
In Batistoni et al. (2022), third-party punishers were endowed with $0.50 and could decide to invest any amount between $0.00 and $0.45 to punish a target who makes an unfair
allocation to another stranger, in a dictator game. More costly
punishments imposed harsher costs on the target of punishment. Then, the third-party punisher played as a trustee in
a trust game with another participant, the investor. Trustees
benefit from being seen as unlikely to exploit their investors.
The future investor either observed the punishment choice
(“Observed”), or did not (“Private/Unspecified”). People
were more likely to punish, and paid larger costs to execute
harsher punishments, when observed by their future investors
(See figure 3A).
In J. J. Jordan and Rand (2020), experiments 9 and 10,
third-party punishers were given the opportunity to punish a
target who had behaved selfishly toward a stranger. To manipulate the audience value, as above, half of the punishers were
observed by the investor for a subsequent trust game (“Observed”); the other half of punishers did not play a subsequent
trust game (“Private/Unspecified”). Again, people were more
likely to punish when observed by a relevant audience (Figure 3B, “P-only”). The key innovation of J. J. Jordan and
Rand (2020) was that some third-party punishers were given
an opportunity to first offer costly help to another anonymous
target, and some were not. We refer to these two conditions
as “Punishment-only” and “Help+Punishment”. Costly helping could serve as a sufficient opportunity to communicate
unselfishness, reducing the reputation benefits of subsequent
punishment choices. As predicted, when observed by a relevant audience, people were less likely to punish after being
given the opportunity to help (Figure 3B, “H+P”).

Beneficial punishment is avoided to communicate
unselfishness
Perhaps the most striking effect of wanting to avoid being
seen as selfish, in Figure 2, is that increasing the direct reward
for punishing actually decreases the probability of choosing
to punish. Direct rewards for third party punishment are
rarely studied, but one recent paper directly tested this prediction.
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In Rai (in press), Study 1, third-party punishers could decide to punish a target who makes an unfair allocation to another stranger, in a dictator game. Participants were randomly
assigned to be offered either no payment, or a small payment,
if they chose to punish. People were less likely to punish
if punishing received a small reward (Figure 3C). In Rai (in
press), Study 3a, participants were asked to imagine an opportunity to punish a co-worker for insider trading. Participants were told that they would receive either no rewards, a
small reward or a very large reward for their punitive action.
People were less willing to punish if offered a small reward
than if offered no reward. Willingness to punish recovered in
response to very large rewards (Figure 3D).
In the next section, we demonstrate how RCSA can be used
as a quantitative framework to capture these findings.

Model specification
To build a concrete RCSA model, we need to determine the
utilities of each action, specify the configuration of parameters, and specify the internal model of the audience as well
as formalizing the communicative goal of punisher. The specific values of utilities and parameters used for each dataset
are reported in table 1. Note that we did not systematically
search for the set of parameters that best fit the data quantitatively, as the focus of the current paper is not on best fitting
the data, but on exploring RCSA as a unified computational
framework to synthesize patterns of human behaviour.
Utilities Existing experiments have mostly operationalized
punishments as monetary decisions with deterministic monetary outcomes for the target and the punisher. Therefore, we
assume that the subjective utilities, Usel f and Utarget , change
monotonically with the monetary costs and benefits that are
determined by the experimental design. However, these subjective utilities are not necessarily identical to the objective
costs and benefits. For example, we considered the negative
utility of harming the target to be larger than the positive utility of helping the target with the same amount of money, supported by existing work showing that people are averse to
harming others (Cushman, Gray, Gaffey, & Mendes, 2012).
Specifying Usocial is more challenging, because the effects of
punishment on both specific and general deterrence are disputed. For now, we assume that punishers, and audiences,
share an expectation that punishment will cause some social
good. We therefore chose positive values for Usocial , within
the same order of magnitude as Utarget .
Variability in punisher’s values Individuals can vary in
how much they care about their own outcomes, asel f , the
social good, asocial and the specific target of punishment,
atarget . We simulate a population of individuals, in which
asel f and asocial are independent and asel f ⇠ Exponential(l),
with l = 13 , and asocial ⇠ Uniform(0,10). No other parameters
varied across individuals. In all of the experiments considered
here, the punisher and the target of punishment are anonymous strangers, so we set a fixed small value for atarget . For

comparison to experimental results, which measure the probability of punishing in a population of participants, model results are plotted as the average behaviour of this population.
Audience inferences We simplified the audience’s inference to joint inference of asel f and asocial , given the observed
actions. The audience knows that the target of punishment
is an anonymous stranger, and so does not make inferences
about atarget . Although the true values of asel f and asocial in
the population vary continuously, we assumed that punisher’s
internal model of the audience’s inference is relatively coarsegrained. Punishers want to be seen as “selfless enough”,
rather than as “completely selfless”. So, in the internal model
of the audience, the weights, i.e., a, on selfish and social outcomes can take either a relatively small or large value. The
audience’s prior over these types is uninformative, assuming
a uniform distribution in the population of all types.
We formalized being perceived as unselfish as having a low
asel f , plugging in the following definition into equation 5:

P(impression|↵) =

(

1
0

small asel f
large asel f

(6)

Finally, we varied how much weight the potential punisher
puts on the audience’s inferences. A potential punisher will
likely care most about the audience’s inferences when the audience’s opinions are consequential for her future. In reality,
highly valued audiences are likely to be high status in-group
members. In typical experiments, the most relevant audiences
are anonymous strangers who will interact with the participant in a subsequent financial exchange. By contrast, in the
control conditions, no audience is mentioned at all. Yet, people act as if considering some audience, even when actions
are described as anonymous (Dana, Cain, & Dawes, 2006).
Thus we model the experimental conditions as a high audience value, when a relevant observer was specified by the
experiment, and a low audience value, when no observer was
specified.

Model Results
We used RCSA to model the effect of being observed on
costly punishment (J. J. Jordan & Rand, 2020; Batistoni
et al., 2022), the effect of a parallel situation to communicate unselfishness (J. J. Jordan & Rand, 2020), and the effect of directly rewarding punishment (Rai, in press). The
code for the model simulations and analysis of experimental data are available at https://github.com/sradkani/
punishment-rcsa-cogsci22.
Batistoni et al. (2022) To model this experiment, we considered a two-stage hierarchical decision process. In the
first stage, the potential punisher faces a binary decision of
whether or not to punish. In the second stage, only those who
chose to punish in the first stage decide between 9 options,
i.e., what proportion of their endowment to invest in punishment (from 0.1 to 1 in steps of 0.1). The cost of punishment
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Figure 3: Existing data, top row: Costly punishment in (A) Batistoni et al. (2022) and (B) J. J. Jordan and Rand (2020).
Rewarded punishment in Rai (in press) (C) study 1; and (D) study 3a. Corresponding modeling results, bottom row: E:H.
“P-only”: participants could choose to punish, or not. “H+P”: before the punishment decision, participants could choose to
help. Unobserved choices were modeled as “Low audience value” and choices observed by a relevant audience were modeled
as “High audience value”.
(Usel f ), and the imposed cost on the target (Utarget ) scale linearly with the amount of investment. Usocial starts low and
saturates at high values of endowment, following a sigmoid
function. For stage 1, the utilities of the “Punish” decision
are obtained by taking the mean of utilities for the 9 severity
options.
Figure 3E shows model simulations for communicative
punishers, in settings where the audience value (areputation )
is high or low. Similar to the experimental data, in front of a
more valued audience (i.e., higher areputation ), communicative
punishers are more likely to punish, and use harsher punishments.

vate/Unspecified” and 83% helped in “Observed” condition).
Figure 3F shows model simulations for communicative
punishers, when acting in front of audiences with high (“Observed”) or low (“Private/Unspecified”) value to the punisher, in the “Punishment-only” and “Help+Punishment” conditions. First, in front of the more valued audience, communicative punishers are more likely to punish. Second, the
communicative value of punishment decreases when punishment is preceded by a more informative action. As a result,
punishment is less likely in “H + P” compared to “P-only”
conditions, particularly when in front of a highly valued audience.

J. J. Jordan and Rand (2020) In the “Punishment-only”
condition, we modeled a potential punisher who faces a binary decision of whether or not to punish. To model the
“Help+Punishment” condition, we considered communicative punishers who had made a decision whether to help or
not, before having the opportunity to punish. Helping decisions in this experiment have similar consequences to punishment. Helping benefits the target, Utarget , achieves a future
social benefit, Usocial , and has direct costs for the helper, Usel f .
Therefore, using the same RCSA computations, this punisher
can estimate audience’s posterior belief, after observing a person choose costly helping. The punisher then uses this posterior as the new prior in equation 4, in order to estimate
Ureputation of punishment and decide whether to punish. To
find the probability of punishing in the “Help+Punishment”
condition, we averaged the behavior of potential punishers
who had helped and not helped before, weighted by their
prevalence in the empirical sample (65% helped in “Pri-

Rai (in press) We modeled a potential punisher who has
been offered zero or small Usel f for punishing (see table 1). Because the audience was unspecified, we used
a small areputation . Consistent with the experimental results, the model predicts that communicative punishers avoid
moderately rewarded punishment (Figure 3G). Then, with
a much more valued audience (“co-workers”, in the experiment, modeled as a large areputation ), we estimated willingness to punish when offered no reward, a small Usel f , or a
very large Usel f for punishing. Again, similar to the data, the
model predicts less willingness to punish when punishment is
slightly rewarded compared to when it has no direct benefits
for the punisher; however, willingness to punish recovers for
larger benefits, when Usel f dominates the effect of Ureputation
(Figure 3H).
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Table 1: Parameters for modeling existing datasets. In Batistoni et al. (2022), participants chose the fraction of their endowment
to invest in punishment (p, ranging from 0.1 to 1). In J. J. Jordan and Rand (2020), some participants had a chance to help
before choosing whether to punish. In Rai (in press), participants were offered zero, small or large rewards for punishing. All
utilities for decisions of “Not-punish” and “Not-help” are set to zero. See text for more details.

Discussion
People choose to punish others not only to induce the direct consequences of punishment, but also to evoke specific desired inferences about the punisher’s values in the observers. We introduced Rational Communicative Social Action (RCSA) as a computational framework to model punishment decisions. In the RCSA model, a potential punisher
uses a recursive model of the audience to anticipate their inferences about the punisher’s underlying values and motives.
The punisher then rationally balances a desire for this inference against the direct consequences of punishment for the
target, the punisher and the social good. We illustrated how
empirically observed patterns of human punitive decisions
can be captured using this framework.
RCSA is a model-based planning algorithm (Ho et al.,
2021). That is, RCSA proposes that people make sophisticated, flexible, context-sensitive plans to punish, using utilities expressed over recursive inferences about observers’ perceptions of the punisher. We are not suggesting that people
always plan to punish; habits or heuristics may offer cognitively cheaper ways to make punitive choices in familiar or
repetitive situations (Dezfouli & Balleine, 2012). People do
use heuristics in punishment and more broadly prosocial decision making (Rand et al., 2014; J. Jordan & Kteily, 2020).
However, we specifically hypothesize that humans can and
do use rich, recursive model-based plans to choose whether
or not to punish in new, unfamiliar or particularly consequential situations (Kool, Cushman, & Gershman, 2016). Existing experiments provide initial evidence for this flexibility:
for example, it is unlikely that people have formed habits of
punishing less after being observed in costly helping, or of
avoiding rewarded third-party punishment.
The RSCA model of punishment is both general and flexible. In the current work, we have only explored the effects
of one desired impression on punitive decisions: the desire to
appear unselfish. In some situations, potential punishers are
motivated to communicate to the audience that they will not

exploit future interaction partners. However, we find it plausible that depending on the types of future interactions the
punisher is going to have with the audience, she may pursue
other desired social perceptions. For example, punishers may
wish to communicate that they care about the target, share the
audience’s values (J. Jordan & Kteily, 2020), or are dominant
or fearsome (Raihani & Bshary, 2015). RCSA can be used to
formalize such desires using a similar logic used here, for example, by specifying a desire on the inferred value of asocial
and atarget .
Preferences for how the punisher is socially perceived
could interact in interesting ways with other communicative
goals of punishment, i.e., communicating about the transgression itself (Sarin et al., 2021). Indeed, these two communicative goals may in some cases conflict. For example, harsh
punishments could communicate more extreme disapproval
of the transgression, while at the same time risk communicating that the punisher is selfish or callous. The RCSA model
could be further extended to integrate both of these types of
communicative goals for punishment.
Overall, the goal of the RCSA models is to capture the cognitive process that humans actually use when making punitive
decisions in real life. If successful, these models could tell
us something about the internal computations and representations that people actually entertain while making choices.
The models show how people could make punitive choices
that rationally incorporate communicative intentions towards
a specific audience, and their trade-offs with other instrumental goals of punishing. These models can also be used to generate quantitative predictions for new experiments that more
systematically explore the range of communicative goals people can pursue by punishing. For instance, a stronger quantitative test of the framework would ideally test all of the predictions implicit in the curves of Figure 2, by varying one parameter at a time while holding all other utility components
constant. We hope to conduct such tests in future studies.
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Abstract
Self-directed learners are often described as ‘intuitive
scientists’, yet they also tend to struggle in assessments of
their scientific reasoning. We investigate a novel explanation
for this apparent gap between formal and informal scientific
inquiry. Specifically, we consider whether learners’
documented failure to correctly apply the control of variables
strategy might stem from a mismatch between their causal
intuitions and task presentation. Children (7- and 9-year-olds)
and adults were tested on a version of a traditional
multivariate reasoning task (Tschirgi, 1980) that we modified
to clarify ambiguous elements of the causal logic. A
significant majority of participants in all age groups selected
informative experiments on this modified task, avoiding
confounded actions with positive tangible outcomes. This
finding contrasts with the longstanding claim that learners do
not correctly employ control of variables without extensive
training and suggests that self-directed scientific inquiry may
be intuitively suited to support causal learning goals.
Keywords: cognitive development; causal learning; scientific
reasoning; control of variables; decision-making; exploration

Introduction
Self-directed learning, in which learners choose what to do
to expand upon their existing knowledge, requires two
interconnected abilities: inquiry, acting to generate
informative evidence, and inference, drawing rational
conclusions from evidence in coordination with prior
knowledge. Despite the importance of these abilities,
however, there is longstanding disagreement about the
competence of self-directed learners’ inquiry and inference
skills.
Below, we briefly review the claims made by each side of
this debate before describing a possible resolution grounded
in theories of causal reasoning. We use this novel theory to
reexamine a prominent example of the disconnect between
formal and informal inquiry: experimentation using the
control of variables strategy (CVS). Examined closely,
several standard elements of CVS assessments involve
ambiguous and counterintuitive causal logic. The current
study investigates whether learners’ poor performance on a
well-known CVS task (Croker & Buchanan, 2011; Tschirgi,
1980) is improved by clarifying this causal logic.

The Gap Between Exploring and Experimenting
The literature documenting inquiry and inference behavior
presents two very different accounts of the self-directed

learner. On one side, cognitive development research
characterizes learners as ‘intuitive scientists’ who are
naturally motivated to seek informative evidence and
rationally integrate it with their existing knowledge (Gopnik
& Wellman, 2012; Schulz, 2012). Indeed, studies examining
exploration suggest that children and adults have a
spontaneous preference for inquiry that is likely to improve
their current knowledge (e.g., Lapidow et al., 2022; Liquin
& Lombrozo, 2020; Schulz & Bonawitz, 2007). On the
other side, research examining the development of scientific
reasoning finds learners’ spontaneous and untrained
behavior to be highly error-prone (Zimmerman, 2007;
Zimmerman & Klahr, 2018). In studies of experimentation,
children and adults struggle with inquiry, producing
confounded and confirmatory actions, and consistently
privileging tangible outcomes over information (e.g., Kuhn,
2007; Siler & Klahr, 2012).
There have been considerable efforts on both sides to
‘bridge the gap’ between these two accounts of self-directed
learning (e.g., Kuhn, 2012; Osterhaus et al., 2021; Shtulman
& Walker, 2020). However, to date, neither literature has
produced an explanation that accounts for the full scope of
documented behavior. Scientific reasoning researchers have
suggested that cognitive development tasks test an
unconscious coordination of theory and evidence that falls
short of a genuine understanding of experimental logic (e.g.,
Kuhn, 2002). Conversely, researchers in cognitive
development argue that learners understand this logic, but
struggle to meet the extraneous coordination and fluency
demands of employing it in scientific reasoning tasks (e.g.,
Bullock & Ziegler, 1999). Neither of these approaches is
wholly satisfying; each side aims to explain away findings
that are inconsistent with their own characterization of selfdirected learning, rather than to revise this characterization
to account for those findings.
Here, we will adopt an alternative approach, in which we
abandon the ‘gap’ narrative and seek to explain how selfdirected learners’ behavior might be better captured by a
single coherent account. This approach is in line with
Koslowski’s (1996) proposal that learners’ apparently
unscientific behavior may stem from researchers’
incomplete theory of scientific thinking. More recently,
Lapidow and Walker (2020, 2021) have proposed that
intuitive inquiry and inference behavior may be specifically
suited to support the goals of causal learning. In particular,
that learners are primarily concerned with acquiring
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generalizable causal knowledge that will support future
inferences and action. When viewed through this lens,
common “unscientific” behaviors may be reconceived as
rational attempts to generate and evaluate evidence in
pursuit of this goal.
The current project is the first empirical examination of
this proposal; we ask whether clarifying the causal logic of a
classic scientific reasoning task might account for learners’
apparent failure to engage in formal scientific inquiry.

The Control of Variables Strategy
The control of variables strategy (CVS) is a domaingeneral approach to experimentation: In order to assess the
causal relationship between a variable and some outcome of
interest, that variable is manipulated while all others are
held constant. CVS is considered an essential skill of
scientific inquiry, and is included in standard curriculums
for science education (Klahr et al., 2011; National Research
Council, 2013). It has also been the focus of decades of
research, which has overwhelmingly concluded that CVS is
challenging for learners – both children and adults typically
fail to employ the strategy correctly without extensive
training (see Schwichow et al., 2016 for review).
Tschirgi (1980) developed one of the earliest and most
influential assessments of CVS in a multivariate problem. In
this study, children (2nd-, 4th-, and 6th-graders) and adults
observe three variables combine to produce an outcome
(e.g., using a sweetener, flour, and fat to bake a cake that
comes out well). Learners were then asked to select an
experiment to test the hypothesis that one variable (e.g.,
using honey as the sweetener) caused the outcome (good
cake) and that the other two variables (e.g., using wheat
flour and butterfat) are non-causal. One of these
experiments (the ‘VARY’ option) changes the suspected
causal variable (e.g., replacing honey with sugar) while
keeping the other two variables constant. The other
experiment (the ‘HOLD’ option) keeps the suspected cause
constant and replaces the other two (see Table 1, top row).
Critically, Tschirgi (1980) treats the VARY option as
offering a disconfirming test (following Popper, 1959) of
the suspected cause, and thus the only informative choice.
The finding that both children and adults select this
experiment only when the observed outcome is negative
(i.e., when the initial combination produces a bad cake), and
prefer HOLD when the outcome is positive, is interpreted as
evidence that self-directed inquiry does not follow scientific
logic. That is, learners select actions based on their tangible
outcomes (what actually happens) rather than their
information value (what can be learned).
This study and its conclusions have remained central to
research on the development of scientific reasoning. It is
considered a standard assessment of CVS, serving as the
basis for subsequent empirical research in this area (e.g.,
Croker & Buchanan, 2011; Varma et al., 2018; Zimmerman
& Glaser, 2001). Recent reviews also continue to highlight
Tschirgi’s study as a central example of learners’ failure in

formal experimentation (see Toplak et al., 2013;
Zimmerman & Klahr, 2018).
When considered from the perspective of a causal learner
however, this task is not a coherent test of experimentation.
First, recall that the premise of the assessment is that the
VARY option, which applies CVS to the suspected causal
variable, is the only informative experiment (Tschirgi,
1980). However, the hypothesis presented to participants
makes two distinct causal claims: the observed outcome is
hypothesized to be (1) causally dependent on one variable
and (2) causally independent of two other variables.
Applying CVS to the independence claim would require
keeping the suspected cause constant while changing the
other two variables, which is the manipulation offered by
the HOLD option. Nothing in the task presentation indicates
that participants should not evaluate this claim, which
means that both HOLD and VARY are equally valid
responses to the task question. Thus, contrary to standard
interpretations (e.g., Schauble et al., 1991; Toplak et al.,
2013; Zimmerman & Klahr, 2018), learners’ failure to
consistently select VARY in this task (as seen in Tschirgi,
1980 but also Croker & Buchanan, 2011; Varma et al.,
2018; Zimmerman & Glaser, 2001), is not necessarily
evidence of failed scientific inquiry.
Additionally, for either of the options to be informative
experiments, participants must make assumptions that are at
odds with their real-world experience as causal learners.
Specifically, both the VARY and HOLD options exchange
the target variable(s) for novel ingredients (e.g., sugar is
used to replace the honey in the VARY option), which
participants must assume are causally inert. Without this
assumption, any effect of removing the variable of interest
cannot be distinguished from the possible effect of
introducing its replacement. As a result, both experiment
options present confounded control of variables, preventing
learners from demonstrating their grasp of this inquiry
strategy.

The Current Study
If, as proposed above, children and adults’ self-directed
inquiry behavior is grounded in their intuitions as causal
learners, then clarifying the causal logic of this CVS
assessment should improve their performance. To test this
prediction, we presented participants with a modified
version of Tschirgi’s (1980) classic task that corrects the
ambiguities in its causal logic.
In the current version, children and adults are introduced
to a machine that lights up when blocks are placed into each
of three differently-shaped slots on top (Fig. 1a). All
participants also learn about special blocks called “blickets”
that cause the machine to play music when it lights up (Fig.
1b). Next, a set of uncategorized novel blocks (all, some, or
none of which could be ‘blickets’) is placed on the machine,
causing it to light up and play music (Fig. 1c, left). A
character offers a hypothesis about why this positive
outcome occurred: that only the novel square block is a
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‘blicket’, and that the novel circle and novel triangle are not
(Fig. 1c, right).
Note how this design directly parallels the structure of
Tschirgi’s (1980) task (see Table 1). In both cases,
participants learn that three distinct variables (i.e., types of
ingredients, shapes of blocks) can be combined to produce
an outcome (i.e., a cake, activating a toy). The tangible
value of this outcome (i.e., a good/bad cake, music/no
music) depends on whether at least one of these variables is
causal (i.e., a causal ingredient, a blicket). At test,
participants in both studies observe three novel variables of
unknown causal status combine and result in a positive
outcome (i.e., good cake, music). A character then offers a
hypothesis that just one of the three variables (i.e., the
sweetener, the square block) is responsible for this outcome,
while the other two are not, and participants are asked to
select an experiment from several options in order to test
this hypothesis.
At this point, Tschirgi (1980) intended to offer a choice
between a correct CVS experiment that is less likely to have
a positive tangible outcome (e.g., removing the suspected
cause of good cakes), and an uninformative experiment that
is more likely to have a positive tangible outcome (e.g.,
keeping the suspected cause of good cakes constant).
However, as explained above, these two options present
equally informative tests of different parts of the hypothesis
and both are subject to novel confounds. In the current task,
participants are instead asked to answer two questions, each
of which offers a choice between one informative and one
confounded test of just one of the hypothesis’ dual claims
(Table 1, bottom row). The Vary-Target Question options
both change the suspected causal variable, targeting the
dependence claim—that the original outcome was causally
dependent on this variable. The Hold-Target Question
options both change the suspected non-causal variables,
targeting the independence claim—that the original outcome
was causally independent of these two variables. Critically,
the two options presented in each question pit information
value against an expected tangible outcome: One option
replaces the suspected variable(s) with blue ‘blickets,’
which produces a confounded experiment that is certain to
reproduce the positive tangible outcome. The other option
replaces the suspected variable(s) with yellow inert blocks,
which produces an informative experiment, but does not
guarantee the positive tangible outcome. Thus, as intended
by the original CVS task (Croker & Buchanan, 2011;
Tschirgi, 1980), successful inquiry in this revised version
requires identifying controlled experiments and being
willing to forgo more desirable tangible outcomes.
Three patterns of behavior are possible. First, participants
could consistently choose the option offering an informative
experiment across both task questions (Both Informative). If
a majority of participants follow this pattern, it would
provide evidence of successful, scientific inquiry that is
consistent with our hypothesis that learners’ prior failures
were due to causal ambiguities in the standard CVS
assessment. Alternatively, performance on the current task

might be consistent with accounts that claim that selfdirected learners are motivated by tangible outcomes, rather
than information value (e.g., Tschirgi, 1980; Zimmerman,
2000). If so, then we would expect most participants to
consistently select uninformative experiments (Both
Uninformative), since these options are guaranteed to
produce the positive tangible outcome (music). However,
Tschirgi (1980) also raises the possibility that self-directed
inquiry may follow a simple heuristic that avoids changing
variables when outcomes are good and preferentially
changes variables when outcomes are bad. If so, then we
would expect the majority of participants to choose at
chance between the two options (No Preference), as the
options are matched on variable change and initial outcome.

Experiment 1
Like Tschirgi (1980), we present both children and adults
with the same stimuli and materials. Adults completed the
task entirely asynchronously via the Qualtrics online survey
platform, whereas children were tested synchronously in an
online video call with an experimenter. Prior to data
collection, the design and analysis plan for children was
preregistered (see https://aspredicted.org/YKY_ALF).
1a

A block in each slot

toy turns on.

1b

If a block is a ‘blicket’

toy plays music.

1c

Figure 1: Stimuli introduced in the task: (1a, b) initial
demonstration of toy and blocks (1c) the objects (left) and
hypothesis (right) presented at test.

Methods
Participants The final sample will include a total of 114
participants, with 48 in each of three age groups tested in
Tschirgi (1980): ‘second-graders’ (reported mean age: 7
years, 2 months), ‘fourth-graders’ (reported mean age: 9
years, 3 months), and ‘adults’ (undergraduates). We
doubled Tschirgi’s sample size (n = 24 per age group) to
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Table 1. Comparison of the Stimuli Presented in Tschirgi (1980) and the Current Study.
Study

Combination and
Outcome Observed

Question

The combination:
Tschirgi
(1980)

[ a Flour ]
[ a Sweetener ]
[ a Fat ]

Test
Question

results in the cake
turning out well.

The combination:
Current
Task

results in the toy
turning on with
music.

Options Presented

Hypothesis Claim
Targeted by Option

Expected
Information

Expected Tangible
Outcome

[ same Flour ]
[ new Sweetener ]
[ same Fat ]

Outcome dependent
on Sweetener

Informative if
‘new’ is inert

Uncertain (removes
suspected cause)

[ new Flour ]
[ same Sweetener ]
[ new Fat ]

Outcome independent
of Flour and Fat

Informative if
‘new’ are
inert

Uncertain (keeps
suspected cause)

Outcome dependent
on Square

Not
Informative

Positive outcome is
guaranteed

Outcome dependent
on Square

Informative

Positive outcome is
uncertain

Outcome independent
of Circle and Triangle

Not
Informative

Positive outcome is
guaranteed

Outcome independent
of Circle and Triangle

Informative

Positive outcome is
uncertain

VaryTarget
Question

HoldTarget
Question

Note. Blue blocks are blickets and yellow blocks are inert. The causal status of white blocks is unknown.
account for collecting two, rather than four, responses per
participant. 1
All 48 adults were recruited from the University of
California, San Diego’ undergraduate student participant
pool and received academic credit. An additional 14 adults
were excluded and replaced for failing to answer correctly
on one (n = 11) or more (n = 3) of the comprehension
questions.
Seventy-seven children have been tested thus far2,
including 42 second-graders (M = 87.23 months, SD = 3.49
months, range: 78-95 months) and 35 fourth-graders (M =
111.17 months, SD = 3.85 months, range: 107-119 months).
All children were recruited from a shared database and
received a small gift for participating.
An additional ten children were also tested, but excluded
due to experimenter error (n = 5), inattention/interference (n
= 3), or technical issues (n = 2).
Stimuli The task was presented using a series of narrated,
animated videos, as well as still images, all constructed
using PowerPoint. These materials are all available on
osf.org at [https://tinyurl.com/osfcake].
Procedure Participants watched several animated videos of
a character (Ari) who is “playing with some blocks and a
block toy today.” They were told that, to turn the toy on, a
block must be placed into each of three differently shaped
slots (circle, square, and triangle) on top (Fig. 1a, right).
Three yellow blocks (one of each shape) were shown next to
the toy, and moved, one at a time, into the corresponding
1

We did not include ‘sixth-graders’ (reported mean age: 11
years, 3 months), since performance was not expected to differ
from the other age groups.
2
Data collection with children is still in progress, but the
majority of the target sample for each age group has been tested.

slots (Fig. 1a, middle). When the last of the three yellow
blocks was in place, a row of lights along the front of the
box lit up (Fig. 1a, left).
The yellow blocks were left in the toy and the lights
stayed on (Fig.1b, left) while participants were told that
“some blocks are a special kind, called ‘blickets’, and when
there is a blicket on the toy, the toy will also play music
when it turns on!” The yellow circle block was removed
from the toy, causing the lights to turn off (Fig. 1b, middle).
A blue circle block was then placed into the empty slot and
the lights came back on, accompanied by a musical tone
(Fig. 1b, right). This demonstrated that just one blicket is
sufficient to produce the additional positive outcome. The
process of removing the inert yellow block and replacing it
with a blue ‘blicket’ was repeated for the square and
triangle. The narration then reminded participants of the
underlying causal system: “Remember, you need blocks in
all three slots for the toy to turn on, but only one of the three
blocks needs to be a blicket for the toy to play music when
it turns on.”
Next, all three blue blocks were removed from the toy
simultaneously, causing the lights to go off and the music to
stop. Three white blocks (one of each shape) appeared on
the screen (Fig. 1c, left). The narration said, “Here are three
new blocks. These blocks have lost their color and Ari
doesn’t know if any of them are blickets or not. Let’s see
what happens when we put them on the toy.” All three
blocks were then placed into the toy simultaneously, the
lights turned on, and music played (Fig. 1c, middle).
Figure 2 shows the stimuli as seen by participants in the
next step of the task. Initially, only the illustration of Ari
and the empty toy were visible. The three sets of blocks
(yellow, blue, white) appeared along the top of the screen in
turn, and participants were reminded about the causal status
of each set as it appeared. Both children and adults heard
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each set described (i.e., “These blocks are blickets. When a
blicket is on the toy, it plays music,” for blue, “These blocks
are not blickets, they don’t make the toy play music,” for
yellow, and “These blocks are new, when we put them on
the toy, it played music,” for white). To ensure engagement
in child participants, the descriptions for the yellow and blue
sets were prefaced by the experimenter asking, “Are these
ones blickets or not blickets?” Next, a thought bubble with
the white square block and music notes appeared above Ari
(Fig. 1c, right), and participants were presented the target
hypothesis: “Ari thinks that only the new square is a blicket,
and that the new circle and the new triangle are not blickets.
What should Ari do to find out if this is true?” 3
Participants then answered the two task questions in
counterbalanced order. For each question, two images
showing what Ari could do next appeared on the screen
(Fig. 2). On the Hold-Target Question, the options were to,
“try the toy again, still using the new square, but this time
using the circle and triangle that are blickets” or “try the toy
again, still using the new square, but this time using the
circle and the triangle that are not blickets.” On the VaryTarget Question, the options were to “try the toy again, but
using the square that [is/is not] a blicket instead of the new
square, and still using the new circle and new triangle.” The
order of blicket / non-blicket options was counterbalanced
across participants. After selecting their answer to the first
question, participants proceeded immediately to the second
question. After answering the second question, participants
saw a video of their second selection being placed on the
toy, which lit up and made music.
Comprehension Questions. The procedure also included
checks to assess participants’ understanding and attention.
Adults were given three multiple-choice questions,
presented in random order, at the end of the task. Each
question showed a set of three blocks of the same color
(yellow, blue, or white) and asked participants to indicate
“What would happen if Ari put these blocks into the toy?”
from a set of four answers: “We know the toy will turn on
and not play music” (correct for yellow), “We know the toy
will not turn on and play music,” “We know the toy will
turn on and play music” (correct for blue and white), or “We
don’t know what the toy will do.” Participants who
answered any of these questions incorrectly were excluded
and replaced.
In order to help maintain attention and engagement,
children were asked two comprehension questions prior to
the final test questions. First, after the three yellow blocks
initially caused the toy to light up, the experimenter would
pause the video and ask, “What do you have to do to make
the toy turn on?” Second, after the first blue block was
placed on the toy and the toy turned on, the experimenter

3
The hypothesis phrasing was taken directly from Tschirgi
(1980), but the question wording was altered from “What should
s/he do to prove this point?” to “find out if this is true” based on
pilot data.

Figure 2: Stimuli at test for the Hold-Target Question.
paused and asked, “How many blickets do you need to make
the toy play music?” Unlike adults, children were not
excluded for answering these questions incorrectly. Instead,
the experimenter responded with an explicit correction or
confirmation, followed by a reminder of the rule (e.g.,
“That’s right!” or “Not quite!” followed by “The toy will
play music even if just one of the three blocks is a blicket
and the rest are not!” for the second question).
Table 2. Participant performance by age group.
Responses Across Two Task
Questions

Age Group (N)

Both
Informative

None
Informative

No
Preference

Adults (48)

44

1

3

Fourthgraders (35)

24

3

8

Secondgraders (42)

26

5

11

Results
Both adults and children were successful on this task (see
Table 2). The vast majority of adults (91.67%) followed the
Both Informative pattern, correctly selecting the informative
option on both test questions, X2 (2, N = 48) = 73.6, p <
0.001. This was also the case for both groups of children
tested. A significant majority of second-graders (61.9%), X2
(2, N = 42) = 16.71, p < 0.001, and fourth-graders
(68.57%), X2 (2, N = 35) = 20.63, p < 0.001, correctly
selected the informative option on both test questions. A
Fisher’s exact test found no relationship between choice
pattern (Both Informative, None Informative, No
Preference) and age group (two-tailed, p = 0.83).
Additionally, there was no evidence that the type of test
question impacted performance. Adults choose the correct,
informative option on 97.92% of the Hold-Target
Questions, and on 91.67% of the Vary-Target Questions
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(Fisher’s Exact, p = 0.36). Similarly, children (collapsing
across age groups) chose correctly on 77.92% of the HoldTarget Questions, and 76.62% of the Vary-Target Questions
(Fisher’s Exact, p = 1).

Discussion
Contrary to the traditional interpretation of Tschirgi’s
(1980) results, learners had no difficulty identifying the
correct CVS experiment to test a multivariate causal
hypothesis. This was true even for the youngest children
tested, suggesting that self-directed learners may indeed
have an intuitive grasp of scientific inquiry from an early
age.
Following Tschirgi’s classic CVS task, we presented both
children and adults with a multivariate causal system in
which three components combine to produce an effect.
However, we also corrected critical ambiguities in the
original design. First, we addressed the logical flaw created
by the two-part causal hypothesis (i.e., that the outcome is
causally dependent on one variable and causally
independent of the other two) by asking participants to
select the appropriate experiments for both the dependence
and independence claim in turn. Second, by using the initial
demonstration to identify some objects as causal (blue
blocks) and some as inert (yellow blocks), the experimental
manipulations were not confounded by introducing
variables of unknown causal status. Thus, this task presents
the choice that Tschirgi (1980) intended to offer: between a
confounded test that produces a positive tangible outcome,
and an informative test that is not guaranteed to produce this
outcome. We find that, overwhelmingly, both children and
adults correctly selected experiments based on expected
information value, rather than tangible outcome.
Importantly, prevailing explanations of the gap between
formal and informal self-directed learning cannot account
for the difference between our results and past research.
Since the format of the final test question is identical to
Tschirgi’s (1980), the current task requires the same level of
explicit coordination of theory and evidence, and places the
same demands on fluency and coordination, as the original
design. Instead, our results are consistent with the novel
suggestion that ambiguous elements of the original task
conflicted with participants intuitions as causal learners,
leading researchers to underestimate their scientific inquiry
skills.
When presented with a causally coherent version of a
classic control of variables task, both children and adults
preferentially selected correctly controlled and informative
experiments. One possible objection to this conclusion is
that our task design employs ‘knowledge-lean’ stimuli. That
is, unlike previous studies that relied on familiar, real world
content (e.g., Croker & Buchanan, 2011; Tschirgi, 1980),
our study employed novel objects. Indeed, scientific
reasoning researchers have argued that artificial ‘blicket’
stimuli simplify tasks in a way that overestimates learners’
ability (see Lapidow & Walker, 2021; Weisberg et al., 2020
for discussion).

Two counterpoints to this objection may be raised. First,
the existing research does not uniformly support the claim
that decontextualized stimuli leads to overestimation of
learners’ abilities. For example, developmental studies find
evidence for early competence in inquiry and inference
tasks that challenge participants’ real-world prior
knowledge (e.g., Bonawitz et al., 2012; Schulz et al., 2007),
as well as failure in tasks with novel stimuli (e.g., Kuhn &
Phelps, 1982). There is also some evidence to suggest that it
is possible to assess principles of formal scientific reasoning
using knowledge-lean designs (Köksal-Tuncer & Sodian,
2018; Köksal et al., 2021).
Second, as noted above, the logic of the standard CVS
assessment (as presented in Tschirgi, 1980; Croker &
Buchanan, 2011) requires that learners assume that any
novel variables are inert. This assumption is artificial and
unrealistic. Determining the underlying causal structure of
real-world multivariate contexts requires reasoning about
and controlling for possible confounding effects of the
variables used to isolate the targets of interest. Thus,
although these “knowledge-rich” paradigms share
superficial similarity to realistic contexts about which
participants have prior beliefs, they ultimately lack
meaningful resemblance to scientific inquiry in the real
world.
Planned future work will directly test whether learners are
spontaneously sensitive to the specific causal ambiguities
we corrected for in the current task. Specifically, we will
assess (1) whether learners consider both the dependence
and independence claims of the hypothesis presented in the
task, and (2) whether they interpret novel variables as
potential confounds to control of variables experiments.
Although testing these precise claims is beyond the scope of
the current study, it is central to the proposal that selfdirected inquiry is grounded in learners’ real-world causal
intuitions (Lapidow & Walker, 2021).
To conclude, this study offers a novel explanation for the
‘gap’ in self-directed learners’ performance on informal and
formal tests of scientific inquiry. We find evidence to
suggest that commonly observed difficulties with applying
the control of variables strategy might stem from a
mismatch between task presentation and the intuitions of
competent causal reasoners. Taken together, our results have
the potential both to resolve a long-standing disconnect
within the scientific literature, and to help us better
understand the character of human inquiry and inference.

Acknowledgments
The authors would like to extend particular thanks to
Monica Van and Ashna Singh for their tireless work and
invaluable insights on this project. They would also like to
thank the Early Learning and Cognition Lab and the
Children Helping Science and Lookit teams for their
support. Funding for this project was provided by the Jacobs
Foundation and an NSF Career Award (SBE #2047581) to
C. M. Walker, and the National Defense Science and
Engineering Graduate Fellowship to E. Lapidow.

1053

References
Bonawitz, E. B., van Schijndel, T. J. P., Friel, D., & Schulz,
L. E. (2012). Children balance theories and evidence
in exploration, explanation, and learning. Cognitive
Psychology,
64(4),
215–234.
https://doi.org/10.1016/j.cogpsych.2011.12.002
Bullock, M., & Ziegler, A. (1999). Scientific reasoning:
Developmental and individual differences. Individual
Development From, 3, 38–54.
Croker, S., & Buchanan, H. (2011). Scientific reasoning in a
real-world context: The effect of prior belief and
outcome on children’s hypothesis-testing strategies.
British Journal of Developmental Psychology, 29(3),
409–424. https://doi.org/10.1348/026151010X496906
Gopnik, A., & Wellman, H. M. (2012). Reconstructing
constructivism: Causal models, Bayesian learning
mechanisms, and the theory theory. Psychological
Bulletin. https://doi.org/10.1037/a0028044
Klahr, D., Zimmerman, C., & Jirout, J. (2011). Educational
interventions to advance children’s scientific thinking.
Science, 333(6045), 971–975.
Köksal-Tuncer, Ö., & Sodian, B. (2018). The development
of scientific reasoning: Hypothesis testing and
argumentation from evidence in young children.
Cognitive
Development,
48,
135–145.
https://doi.org/https://doi.org/10.1016/j.cogdev.2018.0
6.011
Köksal, Ö., Sodian, B., & Legare, C. H. (2021). Young
children’s metacognitive awareness of confounded
evidence. Journal of Experimental Child Psychology,
205,
105080.
https://doi.org/https://doi.org/10.1016/j.jecp.2020.105
080
Koslowski, B. (1996). Theory and evidence: The
development of scientific reasoning. Mit Press.
Kuhn, D. (2002). What is Scientific Thinking and How
Does It Develop? In Blackwell Handbook of
Childhood Cognitive Development (pp. 371–393).
https://doi.org/https://doi.org/10.1002/9780470996652
.ch17
Kuhn, D. (2007). Jumping to conclusions. Scientific
American Mind, 18(1), 44–51.
Kuhn, D. (2012). The development of causal reasoning.
Wiley Interdisciplinary Reviews: Cognitive Science,
3(3), 327–335.
Kuhn, D., & Phelps, E. (1982). The development of
problem-solving strategies. Advances in Child
Development
and
Behavior,
17(C),
1–44.
https://doi.org/10.1016/S0065-2407(08)60356-0
Lapidow, E., Killeen, I., & Walker, C. M. (2022). Learning
to recognize uncertainty vs. recognizing uncertainty to
learn: Confidence judgments and exploration
decisions in preschoolers. Developmental Science,
25(2),
e13178.
https://doi.org/https://doi.org/10.1111/desc.13178
Lapidow, E., & Walker, C. M. (2020). The Search for
Invariance: Repeated Positive Testing Serves the

Goals of Causal Learning. In Language and Concept
Acquisition from Infancy Through Childhood (pp.
197–219).
Springer,
Cham.
https://doi.org/10.1007/978-3-030-35594-4_10
Lapidow, E., & Walker, C. M. (2021). Rethinking the
“gap”:
Self-directed
learning
in
cognitive
development and scientific reasoning. WIREs
Cognitive
Science,
e1580.
https://doi.org/10.1002/wcs.1580
Liquin, E. G., & Lombrozo, T. (2020). A functional
approach to explanation-seeking curiosity. Cognitive
Psychology, 119, 101276.
National Research Council. (2013). Next Generation
Science Standards: For States, By States. The
National
Academies
Press.
https://doi.org/10.17226/18290
Osterhaus, C., Brandone, A. C., Vosniadou, S., &
Nicolopoulou, A. (2021). Editorial: The Emergence
and Development of Scientific Thinking During the
Early Years: Basic Processes and Supportive
Contexts. Frontiers in Psychology, 12, 629384.
https://doi.org/10.3389/fpsyg.2021.629384
Popper, K. R. (1959). The logic of scientific discovery
Hutchinson. Hughes, John,(1987).“La Filosofía de La
Investigación Social”, Breviarios, Fondo de Cultura
Económica, México.
Schauble, L., Klopfer, L. E., & Raghavan, K. (1991).
Students’ transition from an engineering model to a
science model of experimentation. Journal of
Research in Science Teaching, 28(9), 859–882.
https://doi.org/10.1002/tea.3660280910
Schulz, L. E. (2012). The origins of inquiry: Inductive
inference and exploration in early childhood. In
Trends
in
Cognitive
Sciences.
https://doi.org/10.1016/j.tics.2012.06.004
Schulz, L. E., & Bonawitz, E. B. (2007). Serious Fun:
Preschoolers Engage in More Exploratory Play When
Evidence Is Confounded. Developmental Psychology.
https://doi.org/10.1037/0012-1649.43.4.1045
Schulz, L. E., Bonawitz, E. B., & Griffiths, T. L. (2007).
Can being scared cause tummy aches? Naive theories,
ambiguous evidence, and preschoolers’ causal
inferences. In Developmental Psychology (Vol. 43,
Issue 5, pp. 1124–1139). American Psychological
Association.
https://doi.org/10.1037/00121649.43.5.1124
Schwichow, M., Croker, S., Zimmerman, C., Höffler, T., &
Härtig, H. (2016). Teaching the control-of-variables
strategy: A meta-analysis. Developmental Review, 39,
37–63.
Shtulman, A., & Walker, C. M. (2020). Developing an
Understanding of Science. Annual Review of
Developmental
Psychology,
2(1),
111–132.
https://doi.org/10.1146/annurev-devpsych-060320092346
Siler, S. A., & Klahr, D. (2012). Detecting, Classifying, and
Remediating: Children’s Explicit and Implicit

1054

Misconceptions about Experimental Design. In
Psychology of Science: Implicit and Explicit
Processes.
https://doi.org/10.1093/acprof:oso/9780199753628.00
3.0007
Toplak, M. E., West, R. F., & Stanovich, K. E. (2013).
Assessing the development of rationality. The
Developmental Psychology of Reasoning and
Decision-Making, 7–35.
Tschirgi, J. E. (1980). Sensible Reasoning: A Hypothesis
about Hypotheses. Child Development, 51(1), 1–10.
https://doi.org/10.2307/1129583
Varma, K., Van Boekel, M., & Varma, S. (2018). Middle
School Students’ Approaches to Reasoning about
Disconfirming Evidence. Journal of Educational and
Developmental Psychology, 8(1), 1–28.
Weisberg, D. S., Choi, E., & Sobel, D. M. (2020). Of
Blickets, Butterflies, and Baby Dinosaurs: Children’s
Diagnostic Reasoning Across Domains. Frontiers in
Psychology,
11,
2210.
https://doi.org/10.3389/fpsyg.2020.02210
Zimmerman, C. (2000). The Development of Scientific
Reasoning Skills. Developmental Review, 20(1), 99–
149. https://doi.org/10.1006/drev.1999.0497
Zimmerman, C. (2007). The development of scientific
thinking skills in elementary and middle school.
Developmental
Review,
27(2),
172–223.
https://doi.org/10.1016/j.dr.2006.12.001
Zimmerman, C., & Glaser, R. (2001). Testing Positive
Versus Negative Claims: A Preliminary Investigation
of the Role of Cover Story on the Assessment of
Experimental Design Skills. In CSE Technical Report.
Zimmerman, C., & Klahr, D. (2018). Development of
Scientific Thinking. In J. Wixted (Ed.), Stevens’
Handbook of Experimental Psychology and Cognitive
Neuroscience (4th ed., pp. 1–25). John Wiley & Sons,
Inc. https://doi.org/10.1002/9781119170174.epcn407

1055

Most is easy but least is hard: Novel determiner learning in 4-year-olds
Angela Xiaoxue He (angelahe-axh@hkbu.edu.hk)
Department of English Language and Literature
Hong Kong Baptist University

Alexis Wellwood (wellwood@usc.edu)
School of Philosophy
University of California
Abstract

provide an important window into the discovery of learning
biases, whether or not they turn out to be specifically linguistic; in turn, the discovery of such biases will advance our understanding of language acquisition and language change.
In this paper, we explore a potential learning bias in the
context of an apparent typological gap. Negative superlative
determiners are cross-linguistically unattested, i.e., there are
no successful correspondents of (1) involving an element like
least/fewest (Hackl, 2009). This holds despite the fact that
superlative determiners with a positive polarity, like most in
(2), and non-superlative determiners with a negative meaning,
like less in (3), are both grammatical. We ask: Does the typological gap represented by (1) reflect an underlying learning
bias, and if so, what is its nature? We approach this question
by asking whether a negative superlative determiner (i.e., one
specified [-pos, +supl]) is hard to learn by young children, in
comparison to its positive counterpart ([+pos, +supl] and its
non-superlative counterpart ([-pos, -supl]).

Some linguistic features are more readily learned than others,
and are thereby more likely to be maintained in diachronic
language change, giving rise to typological universals. Less
readily learned features may give rise to typological gaps. We
consider an apparent typological gap—that a morphologically
superlative determiner (e.g., gleebest in gleebest of the cows)
with a negative meaning is cross-linguistically unattested—
and ask whether it reflects an underlying learning bias. We
find 4-year-olds know that such determiners indicate quantity (replicating Wellwood, Gagliardi, & Lidz, 2016), but only
when positive (‘most’), but not negative (‘least’). Importantly,
the observed bias is not specific to the apparent typological
gap: same-age children showed difficulty learning the negative
meaning of a non-superlative determiner, though such meanings are attested. The data thus suggest that children are generally biased against negativity, consistent with much prior work
on conceptual bias and language learning/processing.
Keywords: learning bias; language universals; linguistic typology; cognitive bias; word learning; determiners

Introduction
Learning is biased––not every logical possibility is equally
considered by learners. In language acquisition, for example, Subject-Verb-Object (SVO) word orders are more readily
learned than Verb-Subject-Object (VSO) ones (Tily, Frank, &
Jaeger, 2011; Tabullo et al., 2012); word categories with suffixes are better identified than those with prefixes (St. Clair,
Monaghan, & Ramscar, 2009), and patterns of harmonic
word order are more easily learned than non-harmonic ones1
(Christiansen, 2000; Culbertson & Newport, 2015; Culbertson, Smolensky, & Legendre, 2012). Probing such biases can
offer important insights into learnability––how a language
is acquired by learners at a given time, and typology––how
common formal patterns emerge across languages over time.
In fact, a close relationship between linguistic typology
and learnability has long been assumed (Chomsky, 1965;
Hawkins, 2004; Newmeyer, 2005; Tesar & Smolensky,
1998): An easier-to-learn linguistic property is more likely to
be maintained in diachronic change and manifested in more
languages; an unlearnable property is more likely to die out
over time and leave a typological gap. Similarly, a pattern
common to many languages is more likely to be learnable,
and a typological gap might reflect a hard-to-learn property.
Therefore, linguistic typology (universals and gaps) could
1 (Non)harmonic word orders refer to the consistency of modifier

positioning relative to head nouns. An example harmonic language
is English, in which adjectival and numeral modifiers both precede
the head nouns (e.g., red car and one car).

(1)

* Least of the cows are by the barn.

[-pos, +supl]

(2)

Most of the cows are by the barn.

[+pos, +supl]

(3)

Less of the cows are by the barn.

[-pos, -supl]

We put forward 4 hypotheses. The null hypothesis (H0)
states that there is no learning bias with respect to our case
of interest, and an appropriate meaning for (1) is as learnable
as those of (2) and (3). Our experimental hypotheses (H1H3), on the other hand, assert the existence of some form
of learning bias. H1 states that it is negativity (i.e., [-pos])
and superlativity (i.e., [+supl]), together, that impose a learning challenge, such that (1) is hard to learn but both (2) and
(3) are not. H2 states that the learning bias is one specifically against negativity (irrespective of superlativity), such
that both (1) and (3) are hard to learn. H3 specifically biases
against superlativity, rendering (1) and (2) difficult.
With respect to the learnability-typology relation, these
hypotheses have different implications. While H0 implies no such relation, H1 implies a one-to-one direct
correspondence—that is, the learning bias straightforwardly
leads to the observed typological pattern. H2 and H3, however, are more nuanced: Learnability does not directly map
to typology. Take H2, for example: A bias against negativity would predict learning difficulties in both (1) and (3), but
over time, only a gap for (1) has developed. This nuance
is actually in line with natural language data: For instance,
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despite their learning challenges, VSO word orders are still
manifested in 9% of the world’s languages (Tily et al., 2011),
and non-harmonic patterns 4% (Culbertson et al., 2012; Culbertson & Newport, 2015). After all, the relation between
typology and learnability is probabilistic rather than absolute.
Between the two nuanced hypotheses (H2 and H3), we
have less confidence in H3, namely, a particular difficulty
with superlativity. Wellwood, Gagliardi, and Lidz (2016)
have observed that English-acquiring 4-year-olds are able to
learn a novel superlative determiner when its polarity is positive (e.g., when gleebest in gleebest of the cows means the
same as ‘most’). Thus, while we might not expect H3 to be
borne out, it is important to include it for continuity with this
prior research as well as to support a replicability test.
H2’s bias against negativity is in good company. Many
studies have reported that statements with negative meanings
take longer to process (e.g., Just & Carpenter, 1971; Clark
& Chase, 1972; Trabasso, Rollins, & Shaughnessy, 1971),
including for sentential negation (e.g., The dots are (not)
red)) but also as a matter of lexical semantics (e.g., quantifiers few/many, prepositions below vs. above, comparative
adjectives shorter vs. longer) (Just & Carpenter, 1971; Deschamps, Agmon, Loewenstein, & Grodzinsky, 2015; Clark
& Chase, 1972; Tucker, Tomaszewicz, & Wellwood, 2018).
The negativity disadvantage also appears in acquisition. For
many plausible positive and negative pairs, evidence reveals
that the positive member is acquired earlier/more easily than
the negative counterpart, including adjectives (e.g., high/low)
(Barner & Snedeker, 2008; Donaldson & Wales, 1970; Smith
Cooney, & McCord, 1986; Ryalls, 2000; Townsend, 1976;
see Johnston, 1985, for a review), prepositions (e.g., before/after) (Clark, 1971; Museyibova, 1961; Sokhin, 1971),
and quantifiers (e.g., more/less). Researchers have suggested
that children can treat less as meaning more (e.g., Donaldson
& Balfour, 1968; Donaldson & Wales, 1970; Clark, 1973;
Palermo, 1973, 1974), and Carey (1978) showed children
were similarly biased given a lexically neutral item; e.g.,
given the options of addition and reduction, children tended
to perform addition when asked to “make it so I have tiv tea”.
Despite the bulk of literature on a negativity bias, how it
plays out specifically with respect to the syntactic category
of determiner is not known, nor has any link between its
learnability and the previously reviewed typological pattern
been established. The present study takes up these issues.
In a novel determiner learning task, we examine and compare the learnability of the unattested negative superlative determiner [-pos, +supl], and its aforementioned counterparts,
[+pos, +supl] and [-pos, -supl].
Given our focus on learnability, it is important to clarify
what we will consider to be successful learning. The literature on word learning highlights as a central challenge that
any word form is compatible with multiple possible meanings (Grimshaw, 1981; Pinker, 1989)—for instance, given a
novel word doke used in a context where an entity performs
an action, the possible meanings minimally include one per-

taining to the salient entity and another to the salient action.
In such cases, learners routinely overcome the challenge by
using heuristics relating the word’s syntactic category and its
semantic category. In the above example, hearing doke as
a noun (e.g., “a doke”) would lead to preference for the entity meaning, while hearing it as a verb (e.g., “it’s doking”)
would support the action meaning (e.g., He & Lidz, 2017; de
Carvalho, He, Lidz, & Christophe, 2019; Imai et al., 2008,
Waxman & Booth, 2001). Following this tradition, we consider successful learning of a determiner to minimally consist in knowing its broad semantic category––that it denotes
quantity––a pattern that robustly holds for natural language
determiners (Barwise & Cooper, 1981; Gajewski, 2002; van
Benthem, 1989).
Our learnability question, therefore, can be operationalized
as follows. For a novel determiner used in a context in which
both a quantity meaning and an alternative non-quantity
meaning are available, will young children entertain quantity–––the target semantic category of determiners–––rather
than the alternative? Importantly here, we should like to know
whether children can do so with respect to the unattested
negative superlative determiner [-pos, +supl], and how preferences here would compare to its two counterparts, [+pos,
+supl] and [-pos, -supl].
As for the alternative meaning, we chose ‘quality’ following Wellwood et al. (2016). In that study, in a context where
a salient quantity (e.g., number of cows) and a salient quality
(e.g., degree of the cows’ spottiness) were both available, 4year-olds readily entertained the quantity reading and rejected
the quality reading when they heard a novel determiner (e.g.,
gleebest in “Gleebest of the cows are by the barn”), while
the opposite was observed when they heard a novel adjective
(e.g., gleebest in “The gleebest cows are by the barn”). These
results establish that children this age know that determiners
name quantities. However, Wellwood et al. made only positive meanings available (e.g., ‘more cows’, ‘more spotty’),
so the question of the learnability of determiners of different types (i.e., [-pos, +supl], [+pos, +supl], [-pos, -supl]) is
left unaddressed. We take this question up with the current
study. In our novel determiner learning task, we will interpret
children’s preference for quantity over quality as evidence for
successful learning. If, for a particular type of determiner,
children nevertheless preferred a quality reading, that would
be strong evidence for unsuccessful learning.

Current Study
Participants
Thirty-nine English-learning children (range: 48.43-60.03
months; mean: 53.77 months) participated (Condition 1: n
= 14, Condition 2: n = 13, Condition 3: n = 12). Participants
were recruited from the Evanston and Chicago area, and had
at least 80% exposure to English, according to parental report.
None had known developmental delays or disorders.
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There were 6 training cards (Figure 1) and 12 test cards (Figure 2), presented to each child in a pseudo-randomized order.

Table 1: Structure of Training Trials in Main Experiment
Cond.
1
[-pos,
+supl]

Language
Gleebest of the
cows are by the
barn.

2
[+pos,
+supl]

Gleebest of the
cows are by the
barn.

3
[-pos,
-supl]

Gleeb of the cows
are by the barn.

Scene information
Quantity
Quality
Barn
cows Barn
cows
are
fewer are
less
than
field spotty than
cows.
field cows.
Barn
cows Barn
cows
outnumber
are
more
field cows.
spotty than
field cows.
Barn
cows Barn
cows
are
fewer are
less
than
field spotty than
cows.
field cows.

Design & Stimuli
Children were exposed to sentences containing a novel determiner during Training, and their interpretations were assessed
at Test. Training stimuli varied by condition (between participants), and Test stimuli were identical for all.
During Training, the linguistic stimuli were sentences providing an unambiguous determiner context (i.e., in X of the
Y where Y is a noun, X must be a determiner); and the determiner either had the typical English superlative morpheme
-est attached (i.e., [+supl]) or not (i.e., [-supl]); see (4)-(5).
The visual stimuli were scenes depicting two groups of cows.
A group by the barn, compared to a group in the field, either
had a greater (i.e., [+pos]) number of cows, consistent with a
positive reading (e.g., ‘most’), or fewer number of cows (i.e.,
[-pos]), consistent with a negative reading (e.g., ‘least’).
(4)

Gleebest of the cows are by the barn.

(5)

Gleeb of the cows are by the barn.

Figure 1: Training stimuli (6 cards total): barn cows outnumber field cows and are more spotty (L); barn cows are fewer
than field cows and less spotty (R).

Figure 2: Test stimuli (4/12 trials): barn cows outnumber field
cows but less spotty (L); barn cows are fewer than field cows
but more spotty (R).

To allow us to assess children’s learning of the novel determiners, in addition to the quantity-based reading (i.e., number
of cows), the extra-linguistic context also made available an
alternative quality-based reading (i.e., degree of spottiness).
Whenever the cows by the barn outnumbered the cows in the
field, it was also true that the barn cows were spottier than
the field cows; similarly, when the barn cows were fewer in
number than the field cows, it was also true that they were
less spotty. In other words, the novel words were always potentially ambiguous. The different combinations of linguistic
and extralinguistic stimuli led to three conditions (Table 1).
Given the potential ambiguity, would children prefer quantity (the target semantics of determiners) over quality, and
would that vary by condition? To evaluate this, at Test we
used unambiguous visual stimuli—the barn cows either exclusively outnumbered the field cows, or were exclusively
spottier than the field cows, but never both.

Picky-puppet game
The above design was wrapped up in a picky-puppet game
where a puppet liked some cards but not others. The puppet’s
preference was introduced during Training and children’s understanding of the puppet’s preference was assessed at Test.

During Training, children were introduced to a puppet,
Alfred the dragon, and were shown 6 cards displaying two
groups of cows, one at a time. In Condition 1 ([-pos, +supl]),
children first heard a statement about Alfred’s preference:
“Alfred likes the cards where gleebest of the cows are by the
barn, but he wouldn’t tell us what gleebest means.” Then
for each card, they learned whether Alfred liked it or not, and
why. For example, for each card in the right column of Figure
1, they were told that “Alfred likes this card, because gleebest
of the cows are by the barn,” and for each in the left column,
they learned “Alfred doesn’t like this card, because it’s not
true that gleebest of the cows are by the barn.” Compared
to Condition 1, children in Condition 2 ([+pos, +supl]) heard
the same preference statement containing gleebest, but were
shown the opposite like-versus-dislike pattern. Children in
Condition 3 ([-pos, -supl]) were shown the same preference
pattern as in Condition 1, but heard a different preference
statement, one that replaced gleebest with gleeb.
Then, at Test, children saw 12 new cards, identical across
conditions. For each card, children were asked to decide
whether Alfred would like it or not: A question was asked
verbally (e.g., “Do you think Alfred would like this card?”)
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and children were directed to sort each card into one of two
piles, a likes pile indicated by a checkmark and a dislikes pile
indicated by a cross-mark. Recall that during Training, Alfred’s preference was consistent with either number of cows
or degree of spottiness; at Test, these two dimensions were pit
against each other, and thus children’s choices would reflect
which interpretation they entertained based on Training. Take
a child in Condition 1 for example: (S)he was trained that Alfred liked cards where the barn cows were fewer in number
and less spotty than the field cows. For a test card in the
left column of Figure 2, if (s)he decided that Alfred liked it,
it would suggest (s)he had entertained a quality-based reading and inferred Alfred liked it when the barn cows were less
spotty; if, however, (s)he decided Alfred disliked that card, it
must be because (s)he inferred Alfred liked the barn cows to
be greater in number (the target quantity-based reading).

Measurement & Predictions
As discussed in the Introduction, learnability was operationalized as the child’s ability to choose the target meaning
over the alternative. Thus, we took as our dependent variable children’s choices at Test. For each test card, we coded a
quantity-based choice (i.e., target) as 1 and a quality-based
choice (i.e., alternative) as 0. With this measurement, we
would like to answer two questions: a) how learnability varied across conditions—in particular, how Condition 1 might
differ from the other two conditions; and b) whether each condition was learnable. Cross-conditional comparison was conducted to address (a), and comparison to chance level (i.e.,
0.5)2 for each condition was conducted to address (b).
Prior work (Wellwood et al., 2016) has shown that children in our tested age range know that determiners denote quantities, all else equal. Therefore, H0, which asserts no learning bias, would predict no cross-conditional difference and above-chance performance for each condition.
H1 states that a combination of negativity and superlativity
leads to difficulty. Hence it would predict a difference between Condition 1 ([-pos, +supl]) and each of the other two
conditions—specifically, above-chance performance for Condition 2 ([+pos, +supl]) and Condition 3 ([-pos, -supl]), but
not Condition 1. H2, which asserts a bias against negativity, irrespective of superlativity, would predict a difference
of Condition 1 from Condition 2, but not from Condition 3,
and specifically, above-chance performance for Condition 2
only. H3, asserting a bias against superlativity, would predict
similar difficulty in Condition 1 and Condition 2, and abovechance performance for Condition 3 only. See Table 2.
2 Wellwood et al. (2016) assessed adults’ attention to the number
of cows vs. their spottiness independent of the linguistic stimuli, and
found that differences in quantity were more salient than differences
in quality. If we assume perceptual salience is constant for adults and
children (a non-trivial assumption), a 0.5 chance level would actually bias against quantity. If we nonetheless observed below-chance
performance, that would be strong evidence for low learnability.

Table 2: Predictions of Main Experiment
Hypothesis
H0: no learning bias
H1: bias against negative superlative D
H2: bias against negative D
H3: bias against superlative D

Condition
1
2
×
×
×

3

×
×

Analyses & Results
All statistical analyses were performed in R version 3.6.1,
with the lme4 package (Bates, Sarkar, Bates, & Matrix,
2007). We adopted a significance level of 0.05.
To look for cross-conditional differences, we entered data
(binary variable: 0 vs. 1) from all conditions into a mixedeffect logistic regression model, with participant and trial as
random factors and age (in months; centered around its mean)
as a continuous predictor. A significant difference between
Condition 1 and Condition 2 was revealed (p = 0.019). But
there was no difference between Condition 1 and Condition
3 (p = 0.91). Although our main interest was in how Condition 1 differed from each of the other two conditions, we
also compared Condition 2 and 3 to gain a fuller picture, and
a significant difference was found (p = 0.016). No age effect
was found (p = 0.78).
To assess the learnability of each condition, we entered
data (binary variable: 0 vs. 1) from each condition into a separate mixed-effect logistic regression model. We compared
quantity-based responses to chance by evaluating the intercept parameter. Above-chance performance was only found
in Condition 2, (p = 0.0014). The other two conditions both
yielded chance-level performance (Condition 1, p = 0.70;
Condition 3, p = 0.59). An age effect was found only in Condition 2 (p = 0.022), and the positive parameter estimate (i.e.,
0.26) suggested that performance increased with age.
Figure 3 illustrates the aggregated data in each condition,
i.e., taking the data point from each test card of each participant (1 or 0), averaging them across all test cards and
then across all participants. The mean aggregated score in
Condition 1 was 0.55 (SD = 0.30), in Condition 2, 0.76
(SD = 0.22), and in Condition 3, 0.53 (SD = 0.21).

Discussion
Results were consistent with H2. Determiners with negative polarity were hard to learn, whether superlative-marked
(Condition 1) or not (Condition 3). In Condition 2, when the
novel superlative determiner denoted a positive quantity, children readily picked up its meaning, and their ability to do so
improved as they grew older. Clearly, learning is biased; in
the present case, the nature of this bias seems to be against
negativity, regardless of superlativity.

A Control Experiment
One could argue that children’s difficulties in the negative
conditions could reflect lack of knowledge of a negative com-
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Figure 3: Results of Main Experiment

Figure 4: Results of Control Experiment

Table 3: Structure of Training Trials in Control Experiment
Condition
“less”
“more”

Language
There are less
cows by the barn
than in the field.
There are more
cows by the barn
than in the field.

Scene information
Quantity
Quality
Field cows Field cows
outnumber
spottier than
barn cows.
barn cows.
Barn
cows Barn
cows
outnumber
spottier than
farm cows.
field cows.

parative (e.g., a word like less). We assessed this possibility
in a control experiment, identical to the main experiment except we used only existing English in the training sentences:
instead of a novel word, one condition (“less”) featured There
are less cows by the barn than in the field, and another condition (“more”) featured There are more cows by the barn
than in the field (see Table 3). Twenty-four similar-age children participated (12 in each condition; recruited in the Los
Angeles area). Children succeeded in both conditions (ps
< 0.001), and no between-condition difference was found
(p = 0.66) (Figure 4). These results weigh against an objection based on the distribution of known words.
However, one could maintain that children’s difficulty with
the negative meaning of gleebest arises because sentences
like (1) never appear in their input. Such a consideration,
though, could cast doubt on just about any novel word learning task: if children fail to learn a new word, that is because
they do not have existing words on which to base the relevant hypotheses. But children at the relevant age do appear to
readily introduce new word meanings into their lexicon. An
underexplored possibility in this vein, then, is that such readiness to accommodate new meanings varies in degree with respect to the open- versus closed-class distinction. We should
like to see this possibility explored in future work.

General Discussion
In a novel-word learning paradigm, we showed that 4-yearolds readily entertained a quantity reading for a novel deter-

miner if the learning environment supported a positive reading. This finding successfully replicates Wellwood et al.
(2016), robustly demonstrating children’s knowledge of the
basic semantics of determiners at this stage. Adding to that,
we found that when the context supported a negative quantity
reading, children lost confidence in their understanding and
guessed at chance between the target quantity reading and
an alternative quality reading. We consider these findings to
have important implications in three respects.
First, these findings clearly refute the null hypothesis (H0)
that learning is unbiased. Despite the lay view that bias isn’t
good, language acquisition research has long recognized that
they can facilitate rather than hinder learning. Any finite
linguistic experience is consistent with infinite possibilities,
whether of meanings or structures (Chomsky, 1965; Quine,
1960); without bias, learners would be ‘lost in thought’
(Gleitman, 1990, p.12). Biases are ubiquitous in development and manifested in many linguistic domains. For example, related to word learning: Meanings for whole objects
are learned earlier than meanings for their parts (Markman,
1990); new words are more readily generalized to entities
with the same shape than with the same texture/color (Landau, Smith, & Jones, 1998); nouns are hypothesized to label objects, and verbs events (e.g., Waxman & Booth, 2001;
He & Lidz, 2017; de Carvalho et al., 2019). Children take
determiners to be quantity-denoting (Wellwood et al., 2016)
and conservative in meaning (Hunter & Lidz, 2013; but see
Spenader & de Villiers, 2019). Our findings add more empirical evidence to this literature and highlight another bias
in word learning, one that we observe with determiners but
which likely applies more generally, as we discuss below.
Second, while refuting H0 provides evidence that the typological gap in (1) reflects some learning bias and so is not
merely coincidental, evaluation of the three experimental hypotheses (H1-H3) sheds further light on the finer relation between typology and learnability. Our results support H2—
that learners are biased against a negative meaning of a deter-
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miner, whether or not it is superlative. This could suggest a
non-absolute mapping between typology and learnability. If
biases are preferences, they would not carve up the learner’s
hypotheses in an all-or-none manner, rather merely point to
some possibilities as more likely. Children may acquire the
meanings/patterns consistent with their learning biases earlier
in development, but eventually they must also acquire those
that are bias-inconsistent but nonetheless alive in their language (see, for example, Arunachalam & He, 2018 and He &
Wittenberg, 2020, for discussion on the acquisition of nouns
that apply to events, rather than objects). In other words, despite the negativity bias, children eventually must know that
sentences like (3) ([-pos, -supl]) are grammatical! This concurs with Culbertson et al.’s (2012) view that learning biases
are probabilistic, and that even bias-violating structures are
learnable, just less likely to arise.
Typological patterns develop over generations of language
users, and are the products of many factors, not just a single
learning bias. Probabilistic rather than deterministic biases
are, therefore, more likely to result in typological gaps over
time, but not always so. The bias against negativity, after all,
seems to only support a final gap in negative superlative determiners. There must be room for other constraints, potentially
ones specifically imposed by the language faculty. Regardless, it seems clear that the same bias may play at least a partial role in explaining other typological gaps––for instance,
languages regularly feature a positive quantifier like all, but
not its conceivable negative counterpart *nall (meaning ‘not
all’); similarly, despite the existence of the positive connectives and and both, *nand (meaning ‘not and’) and *noth
(meaning ‘not both’) are not observed (Horn, 1972). Characterizing these gaps adequately will require careful attention
to the balance between learning biases and other constraints.
Last but not least, our findings are consistent with a longrecognized bias in language processing and language acquisition between positive-negative pairs. In many cases, the negative element of a pair is slower to process and later to acquire
(see Introduction). We showed that upon hearing Gleeb(est)
of the cows are by the barn, children readily entertained the
positive meaning—larger in number—but not the negative
one. We speculate, along the lines of traditional explanations
(e.g., Clark & Chase, 1972), that this is so because the positive meaning is default, and computing the negative meaning
involves a further step. In the case of explicit negation (e.g.,
This is not my book), this second step of negating the positive
is quite explicit, and is costly (e.g., Wason, 1959; Clark &
Chase, 1972). In the implicit case, where the negative meaning is part of a lexical item (e.g., few), computation of the
meaning of such an already-acquired word might be more or
less autonomous, but still involve a cost (e.g., Just & Carpenter, 1971; Deschamps et al., 2015). Before the meaning of
a given item is acquired, then, the challenge would manifest
as decreased learnability. Our study measured learnability by
its outcome—whether a target meaning is learned or not. Another way of measuring learnability would be to evaluate the

process of learning—for example, how many training trials it
takes for a particular meaning to be successfully learned. Future work might explore this, and would potentially serve as
a more direct index for the computational steps involved.
A deeper question regarding the negativity bias is: What
makes a word/phrase positive or negative? It has been suggested that the way our linguistic systems encode content
is closely related to our perceptual encodings (see Clark &
Chase, 1972). For instance, in front counts as positive as it
describes the visible perceptual field, whereas behind is negative in describing the area out of sight (Clark, 1971; Leech,
1970); high is positive because height is usually measured as
distance upward from the ground and high implies a greater
degree of such distance, whereas low implies less (Vendler,
1967; Clark, 1969; Clark & Chase, 1972, Givon, 1970). If
so, we may expect the scope of the bias to extend beyond language. In fact, Tucker et al. (2018) provide evidence that the
same bias is evident in mathematics, with the common underlying mechanism being an additional computational step
involved in computing the negative from the positive (but see
Deschamps et al., 2015, for a different argument). To better
understand this issue, more studies examining potential perceptual asymmetries absent in natural language are called for.
Another issue to be elaborated in future work is the development from a broad category of determiners to, for example,
the English word most. Past work has shown that this word
is not acquired until 5-7 years of age (e.g., Barner, Chow,
& Yang, 2009; Katsos et al., 2016; Papafragou & Schwarz,
2006; Suillivan, Bale, & Barner, 2018; but see Halberda,
Taing, & Lidz, 2008, for evidence of earlier acquisition), yet
our findings demonstrated at least that a superlative-marked,
novel determiner was readily acquired with a few exposures
(in the positive polarity; replicating Wellwood et al., 2016).
To be sure, what children succeeded in here was in recognizing that gleebest was a determiner, and associating it with
its target semantic category, quantity. From this knowledge
to a complete comprehension of the actual word most, there
are additional steps to take––for instance, most might involve
knowledge of comparison between a subset and superset, not
tested in the current study. The developmental trajectory between knowledge of the broad semantic category and a fullblown semantics for most calls for further specification.
To summarize, learning proceeds with biases. These biases, likely shaped by the processes by which humans represent and reason about the world, shape not only the trajectories of our language development as children but also the
typological patterns we can observe across the world’s languages. We find evidence for this not only in preschooler’s
acquisition of familiar categories like nouns and verbs, but
also in that of novel determiners, as in the current study.
Determiner most is easy, but determiner least is hard—
explaining why that should be so requires careful attention
not only to a bias that plausibly stems from general properties of human cognition, but also to how language packages
extralinguistic cognitive information.
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Abstract
Neural networks struggle in continual learning settings from
catastrophic forgetting: when trials are blocked, new learning
can overwrite the learning from previous blocks. Humans learn
effectively in these settings, in some cases even showing an advantage of blocking, suggesting the brain contains mechanisms
to overcome this problem. Here, we build on previous work
and show that neural networks equipped with a mechanism for
cognitive control do not exhibit catastrophic forgetting when
trials are blocked. We further show an advantage of blocking
over interleaving when there is a bias for active maintenance
in the control signal, implying a tradeoff between maintenance
and the strength of control. Analyses of map-like representations learned by the networks provided additional insights into
these mechanisms. Our work highlights the potential of cognitive control to aid continual learning in neural networks, and
offers an explanation for the advantage of blocking that has
been observed in humans.
Keywords: neural networks; continual learning; cognitive
control; catastrophic forgetting; cognitive maps

Introduction
Neural networks have shown impressive performance in
many domains in machine learning (ML), where they are
typically trained on batches of data that are independent
and identically distributed (Hadsell, Rao, Rusu, & Pascanu,
2020). However, agents learning about the world in real time
experience streams of data that are not independent (e.g.,
a human may spend a few hours exploring one part of an
unfamiliar city). The neural networks that have driven recent success in artificial intelligence perform poorly in these
continual-learning settings because of the well known phenomenon of catastrophic forgetting (or catastrophic interference; McClelland, McNaughton, & O’Reilly, 1995; McCloskey & Cohen, 1989). When samples or trials are blocked,
learning in new blocks overwrites the learning that occurred
in previous blocks. Humans and other animals do not exhibit such extreme forgetting (McClelland et al., 1995), and
in some cases even demonstrate an advantage when trials
are blocked (Carvalho & Goldstone, 2014; Flesch, Balaguer,
Dekker, Nili, & Summerfield, 2018; Noh, Yan, Bjork, &
Maddox, 2016; Wulf & Shea, 2002), suggesting there are
mechanisms in the brain that mitigate catastrophic forgetting
and can even reverse it, making learning easier when experiences are correlated over time.
A number of strategies for overcoming catastrophic forgetting in neural networks have been proposed in both computational neuroscience (Flesch et al., 2018; Flesch, Nagy,
Saxe, & Summerfield, 2022; McClelland et al., 1995) and
ML (Botvinick et al., 2019; Hadsell et al., 2020; Mnih et
al., 2013; Velez & Clune, 2017). Complementary learning
systems (CLS) theory emphasizes that catastrophic forgetting

arises when learning occurs too quickly in overlapping representations (McClelland et al., 1995; O’Reilly, Bhattacharyya,
Howard, & Ketz, 2011), and that the episodic memory system in the hippocampus plays an important role in learning
representations that are sparse or pattern-separated, allowing
rapid learning to take place. However, constraining patterns
of activity to be sparse is not the only way to ensure they will
not overlap and interfere with each other. Theories of cognitive control in the prefrontal cortex (PFC) emphasize that
a crucial function of control is to selectively modulate activity in other brain areas in order to coordinate a response
that aligns with the current context or goal (Herd et al., 2014;
Miller & Cohen, 2001; Rougier, Noelle, Braver, Cohen, &
O’Reilly, 2005). Cognitive control may therefore play an important role in regulating learning so that patterns of activity
do not overlap across different contexts or goals (Rougier et
al., 2005; Tsuda, Tye, Siegelmann, & Sejnowski, 2020).
Here, we build on this work and test neural networks
in conditions where trials are either blocked or interleaved,
showing how even in the absence of a hippocampal episodic
memory system, cognitive control can help to mitigate catastrophic forgetting in the blocked condition. We further hypothesized that in some cases learning across blocked trials is superior to interleaving because of an internal bias of
the PFC to maintain its activity over time, creating a cost
to rapidly switching between contexts or goals (Blackwell,
Chatham, Wiseheart, & Munakata, 2014; Herd et al., 2014;
O’Reilly & Frank, 2006). This idea fits well with a general framework where the cost of switching must be traded
off against the strength of control: stronger control results
in less catastrophic forgetting, but more difficulty switching
(Herd, Banich, & O’Reilly, 2006; Shenhav, Botvinick, & Cohen, 2013). We perform our simulations on a task designed
to induce learning of map-like representations (Park, Miller,
& Boorman, 2021; Park, Miller, Nili, Ranganath, & Boorman, 2020; Russin, Zolfaghar, Park, Boorman, & O’Reilly,
2021) so that we could additionally investigate how cognitive
control affected the model’s representations.

Task
We trained neural network models on an existing task taken
from an fMRI experiment (Park et al., 2020; Russin et al.,
2021). Participants in the experiment learned about the
relative ranks of 16 people in a hypothetical social hierarchy along two separate social dimensions: “popularity” and
“competence” (see Figure 1). On each trial, the participants
predicted which of two people ranked higher on one of the
two dimensions, indicated by a cue. Unknown to the participants, these faces were organized into a 4x4 grid along the
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and without PFC gating, 2) with different levels of active
maintenance, and 3) with different levels of control strength.
Base Model To start, we built a simple base neural network
with a multi-layer perceptron (MLP) for learning the relationships between the faces in the task (see Figure 2). The
base model takes three one-hot vectors representing the context cue (“Axis”, 2 dimensions) and each of the two faces
(“Face1” and “Face2”, 16 dimensions each) as inputs, and returns a prediction for which face ranked higher on the appropriate dimension. Each of these three inputs were embedded
with linear layers , concatenated, and fed into an MLP with
one hidden layer:
Figure 1: Task structure. The model learned the relative ranks
of people along two social hierarchy dimensions: popularity
and competence. The model learned through trial and error
to select which of two faces ranked higher along one of the
two dimensions (indicated by a cue). Trials were either interleaved, where cues were randomly shuffled, or blocked,
where one dimension was learned at a time.

two dimensions; the participants were not instructed on the
structure of the grid, and had to infer this structure from trialand-error learning over pairwise comparisons.
During training, participants only saw pairs of faces that
differed by one rank on the given dimension. Then in the
scanner they performed a transitive inference test where comparisons were made between faces more than one rank apart.
Intriguingly, the researchers found in pilot experiments that
participants learned better when trials were blocked (i.e., one
dimension learned at a time). This is consistent with previous results showing that learning is improved when trials are
blocked (Flesch et al., 2018). This task allowed us to explore
the learning dynamics in our models, but because it was designed to investigate cognitive maps in the brain, we were
also able to make concrete predictions about the representations that would be learned under different conditions.
We tested neural networks on the same task structure, including its 4x4 grid and transitive inference test. However,
we introduced two training conditions to compare the learning behavior of models when trials were blocked vs. interleaved (see Figure 1). In the interleaved condition, popularity and competence trials were shuffled randomly, but in the
blocked condition the models were trained on one of the two
dimensions at a time. This allowed us to investigate the potential for cognitive control and gating mechanisms to alleviate
the effects of catastrophic forgetting, as has been observed in
humans learning certain tasks (Carvalho & Goldstone, 2014;
Flesch et al., 2018; Noh et al., 2016; Wulf & Shea, 2002).

Neural Network Model
We designed a neural network that leveraged the principles
of cognitive control in the PFC, including active maintenance
and selective modulation according to the current context or
goal. To test our hypotheses, we implemented models 1) with

ea = Wa xa + ba

e1 = W f x1 + b f

e2 = W f x2 + b f

(1)

h = ReLU(Wh [ea e1 e2 ] + bh )

(2)

ŷ = Wy h + by

(3)

where xa , x1 , x2 and ea , e1 , e2 are the one-hot vectors and
embeddings representing the axis cue, face 1, and face 2, respectively, h is the hidden representation of the MLP, and ŷ is
the output. Brackets denote concatenation, and ReLU() is the
rectified linear unit activation function.
Prefrontal Cortex for Cognitive Control In further simulations the base MLP was augmented with a PFC layer that
received the context as input and controlled the units in the
hidden layer of the MLP with a gating mechanism:
g = c⊙h

(4)

where c is a control signal vector generated from the axis cue,
and ⊙ signifies element-wise multiplication. The output layer
of the MLP then acted on the gated hidden layer, rather than
the hidden layer itself (replacing equation 3 above):
ŷ = Wy g + by

(5)

Note the PFC was responsible for modulating activity according to the current context, as the MLP no longer received
ea as input. This mechanism is largely consistent with classic
neural network models of cognitive control (Cohen, Dunbar,
& McClelland, 1990; Miller & Cohen, 2001; Rougier et al.,
2005), which emphasize the role of the PFC in modulating
and regulating the flow of activity in posterior areas through
top-down attentional control according to the current goal.
The control signal was determined from the axis cue according to a simple scheme: half of the units in the hidden
layer were gated in response to one of the cues, and the other
half of the units were gated in response to the other cue.
(
[11...100...0] · γ if axis = 0
c=
(6)
[00...011...1] · γ if axis = 1
where γ determines the strength of the control signal’s influence on the hidden units. Note that there was no learning in
the PFC: in this work we were interested in the effects of cognitive control and gating on learning in the MLP when trials
were blocked or interleaved. Future work will explore methods for introducing learning into the PFC (Flesch, Nagy, et
al., 2022; Tsuda et al., 2020; Wang et al., 2018).
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Results
All versions of the model were trained on both blocked and
interleaved conditions. In particular, we explored our hypotheses by testing the model with different configurations
of the parameters described above. Accuracy on the test set
was evaluated for each social dimension separately in order
to assess forgetting in the blocked condition.

Catastrophic Forgetting when Trials are Blocked

Figure 2: Model architecture. The model was trained to predict which of two faces ranked higher on the cued dimension
(“Axis”). Inputs were embedded and passed through an MLP.
The units in the hidden layer were modulated by a PFC module, which could gate them via element-wise multiplication
by numbers from 0 to 1 (shown for illustration purposes as
unit-wise probabilities of gating vs. not gating). Additional
parameters γ and λ determined the strength of the control signal and the active maintenance, respectively.

Active Maintenance We also implemented a parameter λ
that controlled a default bias in the PFC layer to maintain its
activity over time:
s(t) = σ(c(t) + σ(s(t−1) − 1 + λ))

(7)

where t indicates time, λ determines the degree to which the
previous control signal is added to the current one on each
time step, σ is a rectified linear function that returns 0 for
inputs less than 0 and 1 for inputs greater than 1, and now the
new variable s integrates the control signal over time and acts
on the hidden state of the MLP (replacing Equation 4):
g(t) = s(t) ⊙ h(t)
(8)
The maintenance parameter (λ) allowed us to control the degree to which the control signal was biased to maintain its
activity over time, which introduces a cost when the context
(i.e., the axis cue) was switched from trial to trial due to interference from the previous control signal (s(t−1) ). The bias
to actively maintain patterns of activity in PFC is well established (O’Reilly & Frank, 2006), and is fundamental to the
important role the PFC plays in working memory, executive
functioning, and planning. We hypothesized that these dynamics would be relevant to our setting because when trials
are interleaved the switch cost may have negative effects on
learning. We used a particularly simple implementation to
capture this basic dynamic, but future work will investigate
whether its effects on learning play out in more realistic implementations (O’Reilly & Frank, 2006).
Implementation Details Models were built in PyTorch,
and were supervised on correct responses with a cross entropy loss function. Models were optimized using backpropagation and Adam (Kingma & Ba, 2015) with a learning rate
of 0.001. Embedding vectors had 32 dimensions, and there
were 128 units in the hidden layer. For each simulation, 5
runs with different random initializations were performed.

First, we reproduced catastrophic forgetting in the model by
training the base MLP (without a PFC) on both the blocked
and interleaved conditions of the task (see Figure 3A). When
trials were interleaved, the base MLP model had no problem
learning the task, and quickly achieved 100% accuracy on
the test set. However, when trials were blocked, we observed
catastrophic forgetting: after initially performing well on the
first block, over the course of the second block performance
progressively declined, indicating increasing forgetting of the
relationships along the first dimension that were learned in the
preceding block. This result can be understood in the context
of CLS theory (McClelland et al., 1995), which suggests that
catastrophic forgetting occurs whenever overlapping patterns
interfere with each other.

Cognitive Control Mitigates Forgetting
To establish that gating in the PFC can mitigate interference and reduce catastrophic forgetting, we trained the model
equipped with a PFC on the same set of conditions (see Figure
3B). For the purposes of this experiment, we removed the internal dynamics of the PFC, setting the λ parameter to 0 (no
maintenance) and the γ parameter to 1.0. When this model
was trained on the task, its performance on interleaved trials
was unaffected, and quickly rose to 100% accuracy. However,
when it was trained on blocked trials, the catastrophic forgetting observed in the previous experiment was alleviated, and
the model was capable of retaining what it had learned in the
first block through the subsequent block.
This finding is consistent with the basic principles of CLS
(McClelland et al., 1995): when the overlap between patterns
of activity in the hidden layer is reduced, interference and
forgetting are alleviated. However, CLS theory holds that
the hippocampus reduces overlap in its representations with
mechanisms that promote sparsity, whereas here we show that
a PFC equipped with a dynamic gating mechanism can accomplish a similar goal. This is consistent with the results of
previous computational models (Rougier et al., 2005; Tsuda
et al., 2020) showing that adaptive gating can offer an alternative mechanism for reducing the overlap between patterns
of activity, thereby reducing interference and forgetting.

Blocking Advantage with a Switch Cost
The results above and the results of previous models (Rougier
et al., 2005; Tsuda et al., 2020) show that catastrophic forgetting can be reduced when learning occurs in non-overlapping
patterns of activity across a layer, thereby explaining the reduced effects of interference observed in humans and other
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Figure 3: Accuracy results. Each plot shows accuracy (y-axis) over the course of training steps (x-axis) for a configuration of
the model, depicted by a diagram next to the associated plot. In each experiment, trials were split on the test set by the relevant
axis cue (popularity = P, shown in blue, and competence = C, shown in red), and accuracy was measured separately for each in
order to show the effects of blocking. Each simulation included 5 runs where trials were interleaved (dashed lines) and 5 runs
where trials were blocked (solid lines). Solid areas show SEM across runs. A) Catastrophic forgetting occurred in the base
MLP model when it was trained on the blocked condition. B) Catastrophic forgetting was alleviated by the addition of a control
signal from the PFC module (highlighted in cyan). C) The model’s performance on the interleaved condition suffered when
a default active maintenance was introduced in the control signal (shown by self-connection highlighted in cyan), inducing a
cost to switching between contexts. D) This switch cost was eliminated when the control strength was reduced (shown by γ
highlighted in cyan), demonstrating the tradeoff between control strength and switch cost.

animals as compared with standard neural network models. However, in certain cases human performance has been
shown to be superior when trials are blocked compared with
when they are interleaved (Carvalho & Goldstone, 2014;
Flesch et al., 2018; Noh et al., 2016). We hypothesized that
this reversal of the catastrophic forgetting phenomenon may
be due to the internal dynamics of cognitive control processes
(see Flesch, Nagy, et al., 2022, for a related idea), and in
particular due to the bias in neurons in the PFC to actively
maintain their activity over time (O’Reilly & Frank, 2006).
To explore this hypothesis, we implemented a control model
with simple recurrent dynamics (see Equation 7), keeping the
γ parameter at 1.0 but setting the λ parameter to 0.9 (i.e.,
90% of the previous control signal is maintained at each time
step). The resultant dynamics can be thought of as exhibiting
a switch cost (Blackwell et al., 2014; Hyafil, Summerfield,
& Koechlin, 2009), wherein rapidly switching the context or
goal (in this case the relevant social dimension) introduces
interference due to the ongoing maintenance of the previous
context. Note that the cognitive cost of task switching is usually measured in increased reaction times or errors, but here
we study it in the context of its effects on learning.
When these dynamics were introduced, the model was
relatively unaffected when trials were blocked, but exhibited a consistent reduction in performance when trials were
interleaved (see Figure 3C). When trials were interleaved,
many switches between contexts occurred throughout training, thereby introducing interference in the control signal,

Figure 4: Effect of maintenance parameter (λ) on performance. In the blocked condition (purple), accuracy on the
test set does not depend much on maintenance. However, as
maintenance increases, the cost to switching worsens and performance in the interleaved condition declines.

causing processing to be ineffectively modulated according to
the current context. We also performed simulations where we
systematically varied the λ parameter (see Figure 4), showing consistent reductions in performance on the interleaved
condition with increased active maintenance.

Tradeoff between Control Strength and Switch Cost
Previous work has suggested a natural tradeoff between the
strength of cognitive control and the cost incurred when a
context or task-set is switched (Herd et al., 2014): stronger
control would be more effective in coordinating activity in
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other brain regions according to the current goal, but may
make rapid switching between task sets or goals more difficult. To demonstrate this tradeoff, we tested a model with
the maintenance (λ) kept at 0.9, but reduced the value of γ
(control strength) to 0.1. In this case, the model still performed well when trials were blocked, but the reductions in
performance when trials were interleaved disappeared (see
Figure 3D). This shows that weakening the control signal can
reduce the switch cost, aiding performance when there are
many switches. Our results are consistent with a tradeoff between the strength of control and the switch cost: without
control, catastrophic forgetting is detrimental to performance
when trials are blocked, but when control is too strong, interference hurts performance when trials are interleaved.

Analysis of Learned Representations
The grid structure of our task allowed us to make concrete
predictions about the representations that would be learned in
the hidden layers of the network (Park et al., 2020; Russin et
al., 2021). In particular, we tested whether the model formed
2D map-like representations that captured the basic structure
of the grid (Constantinescu, O’Reilly, & Behrens, 2016; Park
et al., 2020, 2021), and whether these 2D map-like representations were modulated by the current context. Previous work
has shown that on a similar task, 2D structure was modulated
by the current context, compressing the irrelevant dimension
(Flesch, Juechems, Dumbalska, Saxe, & Summerfield, 2022).
Figure 5 shows the results of performing a regression on
the representations from the hidden layer with hypothetical
distance matrices (depicted as idealized map-like representations) as the predictors. We compared the results of this
regression throughout training when the maintenance parameter (λ) was set to 0 and 0.9, and when the hidden representations were extracted before and after the control signal was
applied (i.e., g and h in equation 8). γ was fixed at 1.0.
The model reliably learned the 2D structure of the grid in
its hidden representations regardless of the maintenance, as
can be seen in the results from the hidden representations before the control signal was applied. This 2D structure was
modulated by the current control signal, which had the effect
of compressing the currently irrelevant dimension (or equivalently, expanding the relevant dimension). This suggests that
the effect of the control signal was to allow the model to generate its response based on the relevant dimension, and to appropriately facilitate learning in the neurons coding for that
dimension. However, when trials were interleaved and maintenance (λ) was set to 0.9, the model did not show this compression pattern after control was applied, indicating a failure
to modulate its representations according to the current context. This confirmed the idea that the poor performance on
interleaved trials when the switch cost was high (see Figure
3C) was caused by interference in the control signal.

Discussion
The neural networks driving current ML research do not perform well in continual-learning settings where incoming data

is blocked or otherwise correlated over time (Hadsell et al.,
2020). Humans do not exhibit the catastrophic forgetting that
plagues these neural networks in these settings (McClelland
et al., 1995), and in some cases even show a learning advantage when trials are blocked (Carvalho & Goldstone, 2014;
Flesch et al., 2018). In this work, we built on previous
computational frameworks (Flesch et al., 2018; Rougier et
al., 2005; Tsuda et al., 2020), and investigated the potential
for cognitive control mechanisms in the PFC to induce nonoverlapping patterns of activity in order to mitigate interference. Consistent with previous studies (Tsuda et al., 2020),
our simulations suggest that these mechanisms can aid learning when trials are blocked over time.
In addition to pattern-separation mechanisms in the hippocampus proposed in CLS (McClelland et al., 1995), and
the gating mechanism in PFC proposed here and elsewhere
(Rougier et al., 2005; Tsuda et al., 2020) a number of alternative mechanisms for alleviating catastrophic forgetting
in neural networks have been explored (e.g., Flesch et al.,
2018; Kirkpatrick et al., 2017; Velez & Clune, 2017). In particular, Flesch et al. (2018) show that forgetting was reduced
on a similar task when their network was augmented with
a good inductive prior. However, they did not show an advantage to blocking over interleaving, although they observed
this effect in their human experiments. While our approach is
not incompatible with the idea that good inductive priors can
mitigate catastrophic forgetting, we also show that a bias to
maintain activity in the PFC leads to an advantage of blocking over interleaving, providing an explanation for some of
the results observed by Flesch et al. (2018) and others.
In work developed concurrently with ours, Flesch, Nagy,
et al. (2022) show an advantage of blocking in a model based
on very similar principles. In their framework, a neural network equipped with a context-gating mechanism was modified to have “sluggish” units that maintain information from
previous trials, inducing a switch cost that degrades performance when trials are interleaved. Although there were some
slight differences in implementation and in interpretation, we
believe the broad convergence between this work and ours
highlights the potential of these principles for explaining the
advantage of blocking observed in humans.
The advantage of blocking can seem to contradict the
well-established principles of CLS (McClelland et al., 1995).
However, we show here that a “cortex-like” neural system
equipped with mechanisms for cognitive control and active
maintenance can enter a different regime than those typically considered in the CLS framework, wherein a reliance
on control exposes the system to interference in the control
signal caused by rapid context switches. We speculate that in
the brain, pattern-separation mechanisms in the hippocampus
are usually sufficient to ensure effective learning regardless
of whether experiences are correlated over time, but animals
such as humans that rely heavily on cognitive control may
in some cases require learning experiences to be correlated
over time due to the bias for active maintenance in the cogni-
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Figure 5: Results of analyzing the learned representations of the model. Representations were analyzed in terms of how well
they captured the 2D structure of the 4x4 grid (left) and how much the irrelevant dimension of the grid was compressed on
each trial (right). Idealized grids depicting these two predictions are shown on the top, where the red grid indicates idealized
spacing between representations extracted during trials on which competence was cued, and the blue grid indicates the same for
popularity trials. Plots show the beta coefficients over training from performing the relevant regressions. These were conducted
on hidden representations either before (left) or after (right) control was applied, on two configurations of the model - one with
λ = 0 (no maintenance) and one with λ = 0.9. Regression results revealed strong 2D map-like structure in the hidden layer
before control was applied, and strong 1D compression of the irrelevant dimension after control was applied. However, when
the active maintenance was too strong (λ = 0.9), the compression effect disappeared in the interleaved condition, indicating a
failure to modulate representations according to the current context. Vertical lines indicate the switch in the blocked condition.

tive controller. In our simulations, we introduced this bias to
show how it could lead to a learning advantage of blocking,
but of course there was no real need for active maintenance
in the task (as shown by the good performance of the base
MLP when trials were interleaved). We expect that there are
good computational reasons that the PFC would have a bias to
maintain its activity over time (e.g., related to its role in working memory and planning), and that these may be unrelated
to the demands of this particular task. We leave it to future
work to show that a system augmented with cognitive control
and active maintenance is superior in an absolute sense to one
without these mechanisms.
Our simulations were also inspired by the idea that active
maintenance engenders a cost to switching between contexts,
which must be traded off against the strength with which control can be applied (Herd et al., 2014). The presence of this
tradeoff means the cognitive system as a whole must optimize the strength of its control signal according to constraints
imposed by learning as well as the current need for control
(Shenhav et al., 2013). This optimization may have taken
place over the course of evolution (Herd et al., 2014), but
it may also occur in real time according to the task at hand

(O’Reilly, Nair, Russin, & Herd, 2020).
Representational analyses showed that cognitive control
can act on 2D map-like representations to modulate them
according to the current context by compressing irrelevant
dimensions and allowing learning to take place in nonoverlapping patterns. However, a strong bias to maintain activity over time leads to interference in the control signal, reducing this effect and leading to poor performance when trials
are interleaved. Flesch, Juechems, et al. (2022) also showed
compression along currently irrelevant dimensions in representations of a neural network trained on a similar task. In
particular, this occurred in a “rich” regime when their neural
network was initialized with small weights. The default random initializations we used in our model were likely small
enough to put them in the “rich” regime, but future work will
assess the extent to which our results depend on initialization.
Intelligent systems should be capable of continually learning in settings where data is not independently sampled over
time. Our simulations demonstrate computational principles
that may underlie human continual learning, and help to explain behavioral phenomena observed in human experiments.
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Abstract
We introduce purely visual paradigms that convey the logical
structure of illusory inferences from disjunction: (a ∧ b) ∨ c, a
`? b. Although the logical information was conveyed entirely
via non-linguistic means, we found that the visual paradigms
induce reasoning fallacies, though less attractive than their linguistic counterparts. The visual paradigms highlight the role of
alternative-based reasoning, or question-answer dynamics, as
they control for narrowly interpretive processes that confound
the study of their linguistic counterparts. To our knowledge,
this is the first work to develop visual paradigms that represent
reasoning fallacies committed by adults and involve multiple
logical operators non-trivially embedded. Previous studies focused on pre-verbal children or non-human animals, and for
this reason limited the scope of research to visually representing logically simple, valid inferences.
Keywords: reasoning; illusory inferences; disjunction

Introduction
Experimental investigations into the reasoning faculties of
human adults are almost invariably conducted by means of
linguistically presented stimuli. For example, in their seminal article on the conjunction fallacy, Tversky and Kahneman (1983) presented participants with a descriptive paragraph about a person named Linda, mentioning among other
things her involvement in various activist movements while
in college. When asked to judge which of (A) “Linda is a
bank teller” or (B) “Linda is a bank teller and she is active in
the feminist movement” was more likely, participants overwhelmingly chose option (B), in apparent violation of the
classical probability calculus.
Yet, when reasoning based on linguistically presented information, we expect human adults to engage in interpretive
semantic and pragmatic processes, which can confound our
interpretation of their reasoning and decision-making behavior (Stenning & van Lambalgen, 2008). Continuing with the
same example, the conjunction “fallacy” might be no fallacy
at all if participants interpret option (A) as (A0 ) “Linda is a
bank teller and she is not active in the feminist movement,”

as any theory of pragmatics would predict. Participants might
still overestimate the probability that Linda is active in the
feminist movement, but to consider (B) more likely than (A0 )
is no longer a violation of elementary probability theory. Accordingly, Tversky and Kahneman (1983) and later work took
care to control for this confound and attempt to block the altogether rational but unintended interpretation of option (A). In
the original study, controlling for this pragmatic strengthening of option (A) had a mitigating effect in that fewer participants picked the conjunctive option (B) as the most likely, but
by no means did mistakes disappear. This prompted Tversky
and Kahneman (1983) to conclude that, while interpretive
confounds might conspire to create a particularly strong effect in certain conditions, there appears to be an irreducible
element of reasoning in this class of problems that does not
target the standard notion of probability, and is therefore in
need of an explanation.
Similar cases arise in the study of ostensibly deductive
problems. Illusory inferences from disjunction, discovered
by Walsh and Johnson-Laird (2004), are simple two-premise
problems as exemplified below.
(1)

John speaks English and Mary speaks French, or Bill
speaks German.
John speaks English.
Mary speaks French.

Participants draw the conclusion about 85% of the time in behavioral experiments that have been replicated, and independently of whether participants are given the proposed conclusion and asked whether it follows, or instead are given only
the two premises and asked to volunteer a conclusion (Walsh
& Johnson-Laird, 2004; Koralus & Mascarenhas, 2018; Picat, 2019; Mascarenhas & Koralus, 2016). At first logical
blush though, the conclusion does not follow: it could be that
Bill speaks German (premise one is true), John speaks En-
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glish (premise two is true), but Mary does not speak French
(conclusion is false). Classical pragmatic considerations as
applied above to the conjunction fallacy won’t make a difference here, for the model just described is a counterexample
to the inference in (1) even if the “or” in the first premise is
interpreted exclusively. Yet, more modern theories of implicature from linguistics do predict an absolving interpretation
for premise one. The theory of implicature due to Sauerland
(2004), to cite just one example, predicts that premise one of
(1) would be interpreted in an exhaustive way stronger than
simple exclusive disjunction, amounting to “[John speaks English, Mary speaks French, and Bill doesn’t speak German] or
[Bill speaks German, John doesn’t speak English, and Mary
doesn’t speak French]” (Mascarenhas, 2014).
If this is the interpretation of the first premise of (1), then
the conclusion does follow from the premises in standard
classical logic. Is the illusory inference in (1) no illusion at
all then? The facts here are suggestively analogous to those
for the conjunction fallacy outlined above. Research in psycholinguistics has shown that the interpretive processes that
lead to such exhaustive meanings can be interfered with under cognitive load, increasing the proportion of literal interpretations. Picat (2019) used a dual-task design involving an
unrelated memory task to induce cognitive load on reasoners presented with a host of deductive problems, including
illusory inferences as in (1). He found that participants were
appreciably less likely to draw the proposed fallacious conclusion under cognitive load, precisely for those deductive
problems where linguistic theories predict that the “fallacy”
is no fallacy at all, and is instead the result of interpretive processes like exhaustification. However, mistakes by no means
disappeared, and only a very mild mitigating effect was observed. Much like the case of the conjunction fallacy, it seems
that, in illusory inferences from disjunction as in (1), two processes conspire to create a very strong effect: one entirely rational and mistake-free, having to do with implicatures that
strengthen the literal meaning in predictable ways, the other
more mysterious and in need of an explanation.
There are two related accounts of the non-implicature aspect of these illusory inferences: the mental-model account
of Walsh and Johnson-Laird (2004), updated by Khemlani,
Byrne, and Johnson-Laird (2018), and the question-answer
dynamics of Koralus and Mascarenhas (2013). The two
classes of accounts agree on the central driver of the illusion:
the operator “or” in the first premise introduces two alternative possibilities, and human reasoners use the information in
the second premise to draw their attention onto one of those
possibilities. Specifically, the two alternative possibilities
introduced by the first premise are John speaks English
and Mary speaks French and Bill speaks German, and
the second premise John speaks English, by virtue of
sharing content with the first alternative, causes the second alternative Bill speaks German to drop from attention.
The reasoner is left with only one alternative John speaks
English and Mary speaks French, whence the observed

conclusion follows straightforwardly.
Koralus and Mascarenhas (2013) cash out this shared central idea in terms of question-answer dynamics. Scholarship
from linguistics has pointed out strong connections between
disjunction and questions, for example, many entirely unrelated languages of the world share morphemes for the disjunction and question-forming operators (Jayaseelan, 2008;
Szabolcsi, Whang, & Zu, 2014). More importantly, linguistic semantics have provided powerful accounts of linguistic
phenomena by positing that disjunctions and questions share
a fundamental semantic core in that they both introduce alternative possibilities that are available to later linguistic and
pragmatic computations (Mascarenhas, 2009; Kratzer & Shimoyama, 2002; Alonso-Ovalle, 2006). Koralus and Mascarenhas (2013) thus propose that the reason humans use information in the second premise of illusory inferences from
disjunction to choose one of the alternatives provided by the
first premise is that they are engaged in a question-answer
process. The first premise is akin to a question, and the second premise provides a hint at an answer to that question,
as though uttered by an informative and cooperative speaker
trying to help the reasoner answer the question at hand.
Question-answer dynamics then offers an explanation for the
algorithm posited by the original mental-model account, enriching it with entirely independent and well-established observations and formal tools from linguistic semantics.
This entirely informal presentation of the theories is highly
incomplete, but it suffices to highlight the questions we investigate in this article. First, we wanted to find out whether
non-linguistic materials could trigger the kind of reasoning
with alternative possibilities, or question-answer dynamics as
we prefer to see it, that is operative in illusory inferences from
disjunction. In both the question-answer dynamic account
and its earlier mental-model inspiration, the little word “or”
and its ability to introduce alternatives are at the core of the
phenomenon. But representing questions or alternative possibilities must be an ability of the human mind even in the
absence of linguistic stimuli. So we set out to convey the rich
structure of (1) purely visually, without linguistic disjunction,
and check whether humans still found the fallacious conclusion attractive, suggesting the availability of question-answer
dynamics even in the absence of linguistic materials. Second,
we tried to shed light on the line between the absolving interpretation of the first premise we discussed earlier in terms
of scalar implicature, and the accounts based on processes
of reasoning proper. With visually presented premises, scalar
implicature is not a plausible mechanism. Thus, if we find any
mistakes, they cannot come from an absolving interpretation
of the first premise. Conversely, if we find fewer mistakes
than in the linguistic version, we can get a better grasp of the
extent of the original phenomenon that is due to purely interpretive, linguistic mechanisms. Thirdly, we wanted to contribute toward a paradigm that would allow testing complex
deductive problems in non-linguistic populations, that is infants and potentially non-human animals. There is of course
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much work on these populations’ reasoning, but so far it has
exclusively focused on simple valid inferences, such as disjunctive syllogism (Cesana-Arlotti et al., 2018; Völter & Call,
2017). In order to advance our understanding of these populations’ reasoning faculties, we need to be able to test them
with the kind of more complex stimuli that are informative
about adult humans’ reasoning faculties. The study we report
on here makes first steps toward such a paradigm.
Finally, we point out that discovering visual versions of illusory inferences from disjunction, as we do in this study, has
ramifications beyond these inferences or even deductive reasoning. Sablé-Meyer and Mascarenhas (2021) have shown
that the parallelism between illusory inferences from disjunction and probabilistic reasoning problems from the representativeness literature such as the conjunction fallacy runs much
deeper than we’ve let on in the early paragraphs of this introduction. We cannot do justice to the argument by SabléMeyer and Mascarenhas (2021) in this extremely short paper,
so we must leave this hopefully tantalizing point unmotivated
here, and simply point out that, if question-answer dynamics and alternative possibilities are indeed at the core of the
conjunction fallacy as well, then our methodology here has
potential applications in the study of visual counterparts of a
rather diverse class of attractive fallacies.

Figure 1: Representing disjunction
We developed two familiarization trials that help the participants get a grasp of how water-based mechanisms work.
The first familiarization trial teaches that water flows from
the basin at the top to the bottom, and that gates can block the
water flow, as depicted in Figure 2.

Complex deduction from visually presented
premises
Design and materials
We investigated illusory inferences from disjunction as in (1),
schematized in (2) below.
(2)

Figure 2: Familiarization trial 1
The second familiarization trial informs that gates can rotate while under cover, and that windows placed within the
cover can open to reveal the state of the gates, as illustrated
in Figure 3.

(a ∧ b) ∨ c
a
b

We developed purely visual animations that depict a waterbased mechanism. Water flows from the basin at the top
through the pipes, and the flow can be blocked by gates that
are placed within the pipes. Each closure or opening of the
gates represents the truth value of a proposition. As an example, consider the water-based mechanism in Figure 1. There
are two passages through which the water can flow from the
top to the bottom. If the water were to flow down the pipe,
either the left gate or the right gate should be open.
This particular configuration represents the logical structure a ∨ b in the following way. After showing that the gates
placed within each passage are blocking the water flow, a door
covers both gates. Shortly after, the water flows down the
pipe and a question mark appears. Given that at least one
gate needs to be open for the water to flow down the pipe,
this raises the question of whether the left gate opened, or the
right gate. Thus, if we assign to the proposition a the truth
value of ‘the left gate opened’ and to the proposition b the
truth value of ‘the right gate opened’, this visual paradigm
conveys a ∨ b (the left gate opened or the right gate opened).

Figure 3: Familiarization trial 2
Following the two familiarization trials, we presented a
critical trial, which is either a target trial or a baseline. The
target trial—which we call the Y scenario—conveys the same
content as the inference pattern in (2). As depicted in Figure
4, there are two passages through which the water can flow
down the pipe. Two gates were installed within the left pipe
and one gate within the right pipe. Initially, the water flow is
blocked by the gates in both paths. Then the gates are covered, and shortly after, the water flows down the pipe, raising
the question “Did the two gates on the left open or the right
gate?” This conveys that (a ∧ b) ∨ c is true. We then reveal
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that the top left gate (i.e., gate A) is open, conveying that a is
true. Lastly, we ask the participants “Can you conclude that
gate B is guaranteed to be open?” Logically, one should not
be able to conclude that gate B is open because the opening
of gate C alone allows the water to flow down the pipe. So if
a participant concluded that gate B is guaranteed to be open,
then they would be committing a fallacy—precisely the kind
attested in the inference pattern in (2).

gates are covered, and the water flows again from the basin
at the top. But this time, the water flow is blocked at some
point, and raises the question “Did the top two gates close or
the bottom gate?” Just as in the Y scenario, the corresponding
logical structure is (a ∧ b) ∨ c. We then reveal that the upper
left gate (i.e., gate A) is closed and ask the participants “Can
you conclude that gate B is guaranteed to be closed?” The
logical answer is “no,” since the presented scenario is compatible with the situation in which gates A and C are closed
but gate B is not. The baseline trial for the Diamond scenario
minimally differs from the target trial in that we do not reveal
that gate A is closed.

Figure 4: Target trial: the Y scenario
The baseline trial is minimally different from the target trial
in that we do not reveal that gate A is open. The corresponding logical structure is provided in (3). It lacks the second
premise of the classical illusory inferences from disjunction
case represented in (2). Since the second premise is necessary
to induce the fallacy, a ‘yes’ response in the baseline trial is
less likely an illusion caused by disjunctive inference. Therefore, by comparing the fallacy rates of the target and baseline
trials, we can estimate to what extent the logical structure of
illusory inferences from disjunction makes the fallacy attractive. Moreover, by doing so, we expect to filter out biases (if
any) arsing from this particular visual setup.
(3)

(a ∧ b) ∨ c
b

In addition to the Y scenario, we developed another target trial
that conveys the same content in order to eliminate potential
confounds in the design: The visual proximity of gates A and
B in the Y scenario could contribute a low-level strategy associating these two. Moreover, the participants’ intuitive understanding of fluid dynamics might lead them to think that
gate A was opened by the water pressure’s being greater on
the left side, thereby making it more likely that gate B opened
as well.
The visual paradigm depicted in Figure 5—which we call
the Diamond scenario—aims to address the aforementioned
concerns by severing the connection between gates A and B.
One gate is installed within each path, and the third gate is
placed at the bottom, below the merging point. Initially, all
gates are open and the water can flow down the pipe. Then the

Figure 5: Target trial: the Diamond scenario
The Diamond scenario notably differs from the Y scenario
in two respects. First, in the Diamond scenario we ask the
participants whether gate B is closed whereas in the Y scenario, we ask whether gate B is open. Nevertheless, the two
scenarios convey the same logical structure due to the ways in
which they raise the question (a∧b)∨c. In the Diamond case,
the water flow is blocked and the question concerns which
gate is responsible for the blockage. In the Y case, all of the
gates were initially closed but then the water started to flow
down the pipe, and the question concerns which gate is responsible for the flow of water.
Second, gates A and B are not physically connected in the
Diamond scenario as they are installed within different paths,
preventing the aforementioned consideration of fluid dynamics. Moreover, the three gates are equidistant from each other.
This likely prevents a low-level strategy associating gates A
and B.
Following the target or baseline trial, we presented animations that convey disjunctive syllogism or disjunctive syllogism with an additional disjunct, each of which is illustrated
in Figure 6. We used the trials to verify that the participants
understood the visual paradigms conveying a simple logical
structure. In addition, we used the trial conveying disjunctive
syllogism with an additional disjunct (RHS of Figure 6; the
no-control) as a second baseline, since it should be clear to a
cooperative participant that the inference is not valid.
Lastly, the participants were presented with static images
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Yes-control
Premise 1: a ∨ b
Premise 2: ¬a
Conclusion: b?

No-control
Premise 1: a ∨ b ∨ c
Premise 2: ¬a
Conclusion: b? c?

Figure 6: Control trials
of water-based mechanisms and were asked to assess whether
water can flow down the pipe when certain gates were closed.
Figure 7 exemplifies such trials. We used the answers to these
questions as the means to exclude confused participants.

Figure 8: Proportion of yes-responses by scenario and condition; error bars indicate the standard error of the mean. The
target conditions of the Diamond and Y scenarios show 42%
and 19% fallacy rates, respectively.
Table 1: Responses to critical trials and no-controls were fitted into a model with SCENARIO, CONDITION, and the interaction between the two as fixed effects, and random intercepts
for participants.

Figure 7: Static controls

Participants and procedure

Coefficient

Estimate

Standard Error

p-value

Intercept
Baseline
No-control
Y
Baseline:Y
No-control:Y

0.5509
1.6719
2.5563
1.9276
-0.8452
-0.8998

0.3887
0.5676
0.5948
0.6155
0.7939
0.6788

0.1564
0.0032
<0.0001
0.0017
0.2870
0.1850

We recruited 401 participants on Prolific. 64% were female
and their mean age was 33. The participants were randomly
classified into four groups. All groups were presented with
two familiarization trials and three static controls. As for the
critical trial, each group was assigned either the Y target trial,
the Y baseline trial, the Diamond target trial, or the Diamond
baseline trial.

being physically connected), which could potentially induce
more reasoning mistakes across the board.

Predictions

Results

We expect to observe a higher fallacy rate (i.e., the proportion of yes-responses) in the target trials than in the baseline
trials or no-controls. Moreover, since our visual paradigms
minimize the effect of language, we predict that the fallacy
rate in the target trials to be relatively lower than in the classical illusory inferences from disjunction cases which involve
a linguistic disjunction.
We also speculate that the fallacy rate in the Y scenario
could be higher than in the Diamond scenario, because the
former is likely to facilitate the development of a low-level
strategy associating gates A and B due to their visual proximity and the particpants’ intuitive understanding of fluid dynamics. However, we also find the Diamond scenario more
complex than the Y scenario (in the former, neither the gates
A and C nor the gates B and C form a logical formula despite

We excluded from our analysis the participants who did not
properly answer the static control questions. This left us with
373 participants (7% excluded). We analyzed the data using a
generalized linear mixed-effects model with the glmer function in R (Bates, Kliegl, Vasishth, & Baayen, 2015).
We fitted the participants’ answers to critical trials and
no-controls into a binomial linear mixed-effects model with
two predictors: (i) CONDITION with the 3 levels target/baseline/no-control (reference level: target) and (ii) SCENARIO
with the 2 levels y/diamond (reference level: diamond). The
largest converging model included random intercepts for participants. Figure 8 plots the proportion of yes-responses by
scenario (Y vs. Diamond) and condition (target vs. baseline
vs. no-control) and Table 1 summarizes the fitted model.
We first looked at whether the two scenarios made attrac-
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Table 2: Details of the statistical analysis; all comparisons
were analyzed using the glmer function in R, with and random
intercepts for participants
Scen.

Comparison

Est.

SE

p-value

Dmd.
Dmd.
Dmd.
Y
Y
Y

target vs. baseline
target vs. no-ctrl.
baseline vs. no-ctr.
target vs. baseline
target vs. no-ctrl.
baseline vs. no-ctrl.

-1.672
-2.556
-0.884
-0.827
-1.657
-0.830

0.568
0.595
0.448
0.558
0.508
0.564

0.0032
<.0001
0.0481
0.1386
0.0011
0.1410

tive the fallacious inference akin to (2). We compared the
proportion of yes-responses in the target condition to those
in the baseline condition and the no-control condition. Our
analysis shows that the rate of fallacies (“yes” responses) in
the baseline and the no-control were both significantly lower
than in the target condition. The rate of fallacies in the Y scenario was significantly lower than in the Diamond scenario,
although there was no significant interaction between the two
predictors SCENARIO and CONDITION.
Lastly, we calculated contrasts between conditions using
the emmeans package in R, as summarized in Table 2. We observed that the effect is more pronounced in the Diamond scenario than in the Y scenario: In the Diamond scenario, the differences in target vs. baseline and target vs. no-control were
both significant, which is consistent with what we observed in
the fitted model. We calculated effect sizes for each contrast,
observing medium (Cohen’s W = 0.38) and high (W = 0.57)
effect sizes for target vs. baseline and target vs. no-control,
respectively. The difference in baseline vs. no-control was
marginally significant. Results were mixed for the Y scenario. The rate of fallacies in the target condition was significantly higher than in the no-control, and we observed a
medium effect size (W = 0.46). The difference in target vs.
baseline was not significant, although the corresponding effect size was close to medium (W = 0.24).

General discussion and conclusions
Our results constitute evidence that it is possible to convey
the logical structure in (2) via non-linguistic means. Both
in the Y scenario and Diamond scenario, participants made
more mistakes when a purely visual animation conveyed the
information in (2) than when an animation represented an inference pattern whose linguistic counterpart is unattractive.
These results suggest an important role for interpretive processes like implicature in the linguistic versions of this task,
while confirming that the phenomenon cannot be entirely due
to linguistic processes. Indeed, it is not difficult to make
sense of the lower fallacy rates in our experiments (42% in
the Diamond scenario and 19% in the Y scenario) compared
to what was reported for the classical cases of illusory inferences from disjunction (Walsh & Johnson-Laird, 2004, over

80%). Granted that the linguistic interpretive confounds conspire to create a particularly strong effect in certain conditions, we expect a lower endorsement rate when such confounds are eliminated.
Extant reasoning-based theories of the linguistic illusory inference from disjunction identify the source of the
inference-making behavior in reasoning processes specific to
alternative possibilities. This idea is cashed out in terms
of question-answer dynamics by Koralus and Mascarenhas
(2013, 2018), incorporating independent insights from linguistics and philosophical logic and providing a reason for
what in mental-model theory, the classical version or its
more recent revision, is an entirely stipulated mechanistic
process whereby certain operators like disjunction generate alternative possibilities, and later information is incorporated by dropping some alternatives from consideration.
The question-answer framing of the mental-models mechanistic account has proven fruitful uncovering new illusory inferences that share linguistic and logical properties with disjunctions and questions, such as indefinite expressions like
“some” (Mascarenhas & Koralus, 2017) and the modal operator “might” (Mascarenhas & Picat, 2019; Bade, Picat,
Chung, & Mascarenhas, 2022). In sum, the question-answer
approach to these reasoning fallacies isn’t merely an extension of the original mental-model theory approach that unifies it with linguistics, it is a properly stronger theory, making
novel predictions that do not follow from mental-model theory in any of its incarnations past or present.
If this perspective is on the right track, then questionanswer dynamics are pervasive in human reasoning and by
no means depend on linguistic sources. But do they depend
on communicative contexts? While we believe we were successful at factoring out language proper, we did nothing to
control for communicative processes: our animations were
still of course seen as communicative acts by our participants,
intended to impart some content, so that the behavior we observed was plausibly the result of question-answer dynamics being processed online, as the product of properly pragmatic reasoning. Controlling for communicative contexts and
reasoning about communicative processes is a daunting task
indeed, but the question deserves attention. For the other
conceptual possibility is extremely intriguing in our view:
question-answer dynamics might be a tool intrinsically available in the human reasoning arsenal, triggered whenever a
question is being considered and information is found that
could be used to answer it, even absent any trace of communicative intentions.
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Abstract
There is growing evidence that spatial abilities can be
improved through training, including participation in hobbies
and everyday activities that involve spatial thinking. In order
to better assess the contributions of everyday spatial activities
to the development of spatial skills, we developed a new selfreport questionnaire of spatial activities by adding updates
and navigation activities to an existing questionnaire. A
principal component analysis revealed five interpretable
components which were compared to measures of perspective
taking, mental rotation and two other self-report scales. Small
but significant correlations were found between the
‘navigation’ component of the spatial activities questionnaire
and a self-report measure of sense of direction, as well as selfreported childhood wayfinding experience. No sex difference
was found on the ‘navigation’ component. This questionnaire
is currently being used in a large study of spatial abilities.
Keywords: spatial activities; hobbies; navigation; large-scale
vs. small-scale spatial ability; sex differences; individual
differences

Introduction
Spatial abilities vary across individuals, and this variation is
associated with success in STEM fields (Wai, Lubinski, &
Benbow, 2009) and in everyday tasks including navigation
(Wolbers & Hegarty, 2010). Although some of this variance
is due to genetic differences (Malanchini et al., 2020), there
is increasing evidence that performance on measures of
spatial ability improves with training and participation in
other spatial activities. For example, a meta-analysis (Uttal
et al., 2013) found an average improvement of half a
standard deviation as a result of spatial experience, which
included courses, video games, and task practice. The result
that not just formal (courses) but also informal (video
games) experiences can enhance spatial ability raises
questions about the contribution of other everyday spatial
activities to the development of spatial skills.
To address these questions, it is important to first consider
what makes an activity “spatial.” In an early study of spatial
activities, Newcombe, Bandura, and Taylor (1983) stated
that “...no consensus exists concerning which of the

multitude of adolescent and adult activities are spatial” (p.
378), and this statement remains true today. Generally,
definitions in the literature only include small-scale spatial
abilities; that is, the ability to perform mental
transformations of objects that are smaller than the body,
from a single vantage point. This includes the more
commonly-tested processes of mental rotation (Vandenburg
& Kuse, 1978), spatial visualization (e.g., paper folding,
Eckstrom, French, & Harman, 1979), and cross sectioning
(e.g., Cohen & Hegarty, 2012; Titus & Horsman, 2009).
Large-scale or environmental-scale spatial abilities, i.e.,
thinking about spaces (such as a building or neighborhood)
that are apprehended by moving through space (Hegarty et
al., 2006; Montello 1993), have been overlooked in studies
of spatial activities. For example, Peterson et al. (2020)
define them as “...activities that involve reasoning about
qualities of space (e.g., distance, proportion), practicing
mental visualization (e.g., imagining spatial layouts or
spatial trajectories), and observing the positions of physical
objects. These activities can include sports, play activities,
artistic endeavors, and technological pursuits” (p. 2).

Self-report Questionnaires of Spatial Activity
Involvement
Small-Scale Activities The majority of self-report
questionnaires assessing spatial activity participation have
also focused on small-scale spatial activities. The earliest
and most widely used scale is the Spatial Activities
Questionnaire (SAQ) developed by Newcombe et al. (1983),
which began with 231 activities and was shortened to 81
items by including only those which were judged to involve
spatial skill by at least 75% of judges. This initial scale was
validated against the Spatial Relations portion of the
Differential Aptitudes Test (Bennett, Seashore, & Wesman,
1947), a measure of paper folding (N = 45, r = .33, p < .05).
The activities were also classified as masculine, feminine, or
neutral. Signorella et al. (1986) shortened the SAQ to 30
items (the 10 masculine, feminine and neutral items most
correlated with the scale score), and this shortened version

1079
In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

was found to be correlated with Piaget’s water level task
(WLT; Wittig & Allen, 1984) for female participants (n =
28, r = .50, p < .01), but not for male participants (r = .10).
More recently, Nazareth et al. (2013) found a significant
correlation (r = .21, p < .001) between scores on a mental
rotation test (MRT; Vandenberg & Kuse, 1978) and the
“masculine” items on the scale, and that participation in
masculine spatial activities mediated sex differences in
mental rotation.
In a related research program, Voyer, Nolan, and Voyer
(2000) assessed childhood activities which were categorized
as either non-spatial (14) or spatial (21), and as toys (18) or
sports (17) and found that preference for spatial toys in
childhood was associated with better performance on the
MRT and the WLT. Cherney and Voyer (2010) developed
an improved Childhood Activities Questionnaire (CAQ)
based on a factor analysis of items from this and other scales
(Bates & Bentler, 1973; Newcombe et al., 1983). Using this
questionnaire, Doyle, Voyer, and Cherney (2012) found that
spatial activities were significantly correlated with the MRT
(r = .27, p < .01) and WLT (r = .26, p < .01), and the same
held for masculine activities (MRT, r = .27, p < .01; WLT, r
= .25, p < .01). In sum, researchers have been relatively
successful in finding relationships between spatial activities
and small-scale spatial abilities, and have considered the
additional factor of sex differences in these findings.
Large-Scale Activities In contrast with small-scale spatial
activities, only a handful of studies have focused on the
effects of childhood activities on navigation abilities and
strategies. Lawton and Kallai (2002) assessed wayfinding
experience by asking people how far they were allowed to
travel alone (¼ mile to 5 miles or more) and how often they
went on errands alone (almost never to once a week or
more) at three different ages (8-10, 11-13, and 14-15). Men
reported more childhood wayfinding experience than
women, and wayfinding experience was significantly
correlated (r = .13) with self-reported use of an orientation
strategy for navigation and significantly negatively
correlated (r = -.18) with route strategy use in a large study
(n = 684). Similar results were observed by Vieites, Pruden,
and Reeb-Sutherland (2020), who also found that childhood
navigation experience predicted wayfinding anxiety (r = .24) and mediated the difference between sexes in routebased strategy use. Malinowski and Gillespie (2001)
developed a nine-item questionnaire focused on outdoor
activities (e.g. orienteering, camping). In a study of students
in a military college (n = 978), men reported participating in
significantly more of the spatial activities (M = 3.1) than
women (M = 2.4), and spatial activities predicted
performance on an orienteering task. Finally, in a study of
middle schoolers in Australia, Harris et al. (2018) created
the broadest spatial activity questionnaire to date, which
encompassed both small-scale and large-scale spatial
abilities and included four categories (creative, sport,

construction-games, and navigation). These three
questionnaires provide a good starting point, but do not fully
encompass the range of modern spatial activities.

Developing an Updated Questionnaire
The goal of this research was to develop an updated and
more comprehensive measure of everyday spatial activities.
We believe that this is necessary for several reasons. First,
the most widely used spatial-related activities self-report
questionnaire, the SAQ (Newcombe et al., 1983; Signorella
et al., 1986) was developed over 35 years ago. As a result,
some of the items (e.g., disco dancing) are out of date, while
rapid changes in technology over the past several decades
have resulted in new spatial activities such as video games.
GPS technologies have also drastically changed how we
camp, travel, hike, etc. and facilitated the creation of
Augmented Reality (AR) games such as Pokemon Go.
These changes in technology have likely affected the way
modern activities impact spatial ability.
Second, research on individual differences in spatial
cognition has broadened to encompass large-scale spatial
abilities involved in navigation, including the ability to learn
the layout of an environment (Ishikawa & Montello, 2006;
Weisberg & Newcombe 2018). It is well supported that
large-scale and small-scale spatial abilities, although
correlated, involve dissociable cognitive processes (Allen et
al., 1996; Hegarty et al., 2006). Most of the past
questionnaires focused on activities that might enhance
small-scale spatial abilities (such as mental rotation and
paper folding), while others have focused exclusively on
large-scale abilities (Lawton & Kallai, 2002; Malinowski &
Gillespie, 2001; Vieites et al., 2020). There is a need for a
questionnaire that assesses both large-scale and small-scale
abilities using a common methodology, following the lead
of Harris et al. (2018).
Third, as noted by Weckbacher and Okamoto (2012),
most previous research on spatial activities was focused on
understanding sex differences in spatial abilities. This may
have resulted in a limited number of activities (e.g. to
balance the number of “masculine” and “feminine”
activities). Given changes in gender roles and stereotypes
over the last 35 years, a priori classification of activities in
this way seems inadvisable. Moreover, our goal is to
examine activities that may affect spatial abilities in general,
rather than sex differences in these abilities, while we also
consider the empirical question of the extent to which men
and women report different types of spatial activities.
Finally, several questionnaires’ scales for rating
involvement in each activity were vague, such as a rank of
favorite activities (Weckbacher & Okamoto, 2012) or a
simple ‘yes’ or ‘no’ indicating participation (Malinowski &
Gillespie, 2001). Others did not specify what period of their
lives the participants should consider for involvement in the
activities (e.g., Signorella et al., 1986).
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Goals of present study
The present study aimed to create an up-to-date,
comprehensive spatial activities questionnaire by including
large-scale spatial abilities (e.g. Pokemon Go, geocaching,
rideshare driving, etc.) while also updating the list of smallscale activities to include modern activities that have been
invented since the original SAQ (Newcombe et al., 1983).
Another goal of this study was to remove items that may
have decreased in popularity since the 1980s. Because the
time period asked about in previous studies varied and was
often ambiguous, we used more specific wording, including
specific labels for what we mean by “frequent” vs.
“occasional” participation for different activities. We used a
principal component analysis to reduce the 65 items on our
scale to a smaller number of dimensions that captured
different types of spatial activities. We report correlations of
these dimensions with existing measures of both large and
small-scale spatial abilities, and sex differences in these
dimensions. Overall, the questionnaire was designed to
include a wide enough variety of items to catch important
factors that contribute to individual differences in spatial
abilities, while also keeping it short.

Method
Participants
205 students from introductory Psychology and Geography
courses were invited to participate for course credit.
Incomplete responses (47) were removed. Five additional
participants averaged less than five seconds per problem
(and more than three standard deviations below the mean
time) in each of the three mental rotation tasks and were not
included in the data analysis leaving 153 participants (61
male, 92 female). Participants’ ages ranged from 17 to 29
(M = 18.97, SD = 1.39).

Materials
Southern California Spatial Activities Questionnaire
(SoCalSAQ). The spatial activities questionnaire that was
administered included the short version (30 items) of the
SAQ (Signorella et al., 1986) and 35 additional items. To
generate the new items, approximately 25 members of our
labs were prompted with the question: “What are some
activities or hobbies you've participated in that you feel
have improved your navigational ability, spatial awareness,
or your sense of direction?” Similar responses were
combined in order to keep the list short. Activities were also
drawn from the questionnaires of Harris et al. (2018) and
Malinowski & Gillespie (2001), i.e., walking to school,
using public transportation e.g. to go to school, hiking,
horseback riding, fishing, and camping. The scale was a 6point Likert scale, as in the original SAQ. In answering, the
participants were asked to “think of the time in their lives in
which [they] were most involved in the activity”. The labels

for the upper extremes of the scale were varied for different
activities. For example, for playing video games, “often”
was defined as “daily”, whereas for hiking, often was
defined as “weekly”, and for sailing, often was defined as
“once per month”. The items were grouped based on likely
frequency of participation and new instructions indicating
the change in scale labels were given in between the “daily”,
“weekly”, and “monthly” activities.
Santa Barbara Sense of Direction (SBSOD) A 15-item
questionnaire developed by Hegarty et al. (2002) to assess
individuals’ self-reported sense of direction. This was
included to test for a relationship between sense of direction
and participation in navigation-related activities.
Childhood Wayfinding Experience (CWE) This
questionnaire, developed by Lawton and Kallai (2002) to
assess exploration and distance traveled during three
different age groups (8-10, 11-13, 14-15), was used as an
additional self-report measure of navigation experiences, to
compare with large-scale activity participation.
Money Road Map Test (RMT). A version of the Money
Road Map Test (Money, Alexander & Walker, 1965), a
measure of perspective taking, was adapted for Qualtrics
administration. Participants were shown a map of a path
with many turns through a city environment and had a 30
second time limit to judge the direction (left or right) of
each turn on the path. The ‘S’ and ‘K’ keys were used to
indicate a left turn and a right turn, respectively. The test
was scored by giving one point for each correct response.
Flags Rotations Test. The Flags Rotations Test (Thurstone
& Jeffrey, 1959), a measure of two-dimensional spatial
ability, was adapted for Qualtrics. Each problem presented a
standard flag with six answer choices that were either
rotated (in the picture plane) versions of the example or
rotated and mirrored versions. Participants were instructed
to select all answer choices that were rotations of the
standard and leave mirrored versions unselected, and were
allowed 5 minutes to complete the 21 test items. The score
was the number of items correctly marked (or correctly
rejected) minus the number incorrect (misses or false
alarms). Unattempted items were scored as zero.
Card Rotations Test. The Card Rotations Test (Ekstrom et
al., 1979) was adapted to be administered through Qualtrics.
For each problem, a 2-dimensional shape was shown with
eight answer choices representing either a rotated (in the
picture plane) version of the same shape or a rotated and
mirrored version. The participants were instructed to select
all answer choices that were the same shape as the example,
and leave any mirrored shapes unselected. They completed
two sections of 10 items and were allowed three minutes for
each section. The scoring procedure was the same as for the
Flags Rotations Test.
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Purdue Spatial Visualization Tests: Visualization of
Rotations (PSVT:R) The revised PSVT:R (Yoon, 2011)
was administered through Qualtrics. Each problem gave an
example of a 3-dimensional figure which was also shown
rotated over at least one axis. The participant then had to
apply the same rotation(s) to a different 3-dimensional
figure. Five answer choices were given. The test had 30
items which were presented in a random order on one page.
Participants were given unlimited time to complete all
items. The task was scored by totaling the number correct.

Procedure
We sent participants a link to a Qualtrics survey once they
enrolled in the study. All tasks were completed online.
Participants first provided informed consent and were told
that it must be completed on a computer, not a phone or
tablet (as the RMT required use of a keyboard). The
questionnaires and tasks were presented in the same order
(Demographics, RMT, short SAQ, Flags, our additional 35
spatial activities, Cards, SBSOD, PSVT:R, CWE). Items on
the Flags, Cards, PSVT:R and SBSOD were presented in a
random order. Due to experimental error, 60 participants
completed the Flags and Card Rotation tests without a time
limit, so data for these tests are reported only for the 93
participants who had the usual time limits. The total study
time was between 45 minutes and an hour.

Component
Item

1

camping*

Descriptive Statistics
The mean responses for items in the short SAQ (Signorella
et al., 1986) and our additional items ranged from 1.05
(baton twirling) to 4.79 (jogging/walking) out of a
maximum of 6. Four items (baton twirling, building gocarts, quilting, making/fixing radios) from the short SAQ
had low means (<= 1.11 out of 6) and low standard
deviations (<= .42), supporting the claim that activity
participation has changed since the SAQ was developed.
These items were removed due to low variance.

Principal Component Analysis
A principal component analysis (PCA) was conducted,
using Varimax rotation with Kaiser normalization. The
analysis converged in 10 iterations and a Scree plot
suggested five components. There were eight items which
did not load at least .32 on any component (walking to
school, astronomy, car repair, knitting, biking, softball,
target shooting and using public transportation) and were
removed based on criteria from Tabachnik and Fidell
(2007). The five components accounted for 41.5% of total
variance.

5

0.213

0.044

0.134

0.068

0.271

-0.022

parkour*

0.613

0.206

0.132

-0.168

0.007

geocaching*

0.612

0.146

0.084

-0.135

0.060

fishing*

0.602

0.239

-0.023

0.107

0.176

sailing / boating*

0.600

-0.024

0.143

-0.027

0.363

planning routes for
travel / vacation*

0.580

-0.191

0.011

0.187

0.339

bird watching*

0.548

-0.113

0.111

0.101

0.217

mountain biking*

0.537

0.069

-0.195

0.008

0.161

intentional wandering*

0.527

0.048

0.281

0.090

-0.070

delivery / rideshare
driving*

0.514

0.147

0.088

-0.117

-0.206

finding your way
around a new place *

0.503

-0.114

0.191

0.305

0.221

Rubik's cube*

0.468

0.237

0.176

0.078

-0.015

finding your way in an
amusement park*

0.434

0.063

0.146

0.246

0.181

horseback riding*

0.425

-0.071

0.350

0.192

0.201

walking your dog*

0.381

0.009

-0.032

0.142

-0.353

Gaming & Competition (Component 2)
video games – navigate
0.015
0.811 -0.122
0.008
with a map / mini-map*

0.231

-0.012

0.766

-0.081

0.026

0.228

video games – flying a
spaceship or airplane*

0.121

0.720

-0.100

-0.017

0.286

video games - 3rd
person navigation*

0.112

0.710

0.036

-0.026

0.081

touch football

-0.020

0.564

-0.086

0.415

-0.034

tackle football

-0.034

0.536

-0.204

0.158

-0.093

Pokemon Go*

0.163

0.535

0.129

0.078

0.068

baseball

0.062

0.469

0.078

0.187

-0.111

chess*

0.303

0.463

0.084

0.037

0.118

Geoguessr*

0.275

0.459

-0.013

0.051

-0.083

role-playing games
(e.g., Dungeons &
Dragons)*

0.032

0.451

0.174

0.104

0.241

Creative & Artistic (Component 3)
0.079
0.121
0.706

0.035

-0.041

drawing
sketching clothes
designs

0.093

painting
embroidery
gymnastics
figure skating

ballet
interior decorating
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4

0.665

crocheting

Table 1: Component loadings by questionnaire item

3

hiking*

video games - 1st
person navigation*

Results

2

Navigation (Component 1)
0.673
0.113
0.069

0.110

0.705

-0.034

0.208

0.163

0.066

0.677

0.068

-0.116

0.130

-0.042

0.643

0.057

-0.069

0.216

-0.093

0.546

0.280

0.015

-0.123

0.096

0.533

0.162

0.161

0.035

-0.038

0.525

0.214

0.118

-0.014

-0.236

0.514

0.344

-0.126

0.172

-0.216

0.477

0.073

0.115

playing a musical
0.119
0.226
0.366 -0.134
instrument*
Fitness & Other Sports (Component 4)
bowling
0.112
0.192
0.034
0.666

-0.119

dodge ball

0.063

ping pong

0.279

racquet ball

0.035
-0.053

in-person shopping*

0.034

0.654

-0.093

0.276

0.119

0.525

0.012

-0.011

-0.215

0.499

0.189

0.188

0.127

0.495

0.161

0.179

-0.094

0.200

0.441

0.093

volleyball

0.077

0.155

0.173

0.434

-0.056

jogging / walking*

0.139

0.012

0.189

0.420

-0.045

tennis

diving

0.028

0.414

0.143

-0.161

0.258

building train or racecar
-0.055
0.329
0.104
sets
Technical (Component 5)
programming*
0.165
0.199
0.062

0.359
0.342

activities significantly correlated with both 2 and 3dimensional mental rotation (Cards and PSVT:R) and RMT.
They also negatively correlated with sense of direction
(SBSOD). Fitness (Component 4) was not significantly
correlated with any of the ability measures. Technical
(Component 5) activities were significantly correlated with
sense of direction (SBSOD).
Table 2: Correlations of Measures and Principal
Components
Navig.

web / game design*

0.049

0.236

0.127

-0.058

0.686

electrical circuitry

0.058

0.206

0.048

-0.014

0.686

drawing maps*

0.512

0.048

0.072

0.116

0.547

math / geometry
(outside of school)*

0.311

-0.111

0.048

0.104

0.439

carpentry

0.279

0.132

-0.059

0.004

0.392

*items added in this study (other items were on the original SAQ)

The first component was interpreted to be navigationrelated as 16 activities considered to involve large-scale
spatial ability loaded at least .32 on this component. The
second component was interpreted to be gaming or
competition as the four video game items loaded heavily on
this component as well as the popular team sports such as
tackle football and baseball. The third component was
interpreted to be creative or artistic related because of the
high loadings from sketching clothes designs, drawing, and
painting, as well as expressive types of sports which involve
an element of creativity such as gymnastics and ice skating.
The fourth component was interpreted to be fitness or just
being generally active, as non-team sports such as tennis,
racquetball, and bowling, as well as exercise activities such
as jogging/walking loaded heavily on this component. The
fifth component was interpreted to involve technical,
mechanical, or computer-related skills due to high loadings
from web/game design, programming, and electrical
circuitry.

Component Score Correlations
Component scores were computed for the five components,
and their correlations with the mental rotation measures and
other questionnaires are shown in Table 2. Navigation
(Component 1) was significantly correlated with sense of
direction (SBSOD) and wayfinding experience (CWE), but
not rotation tasks. Gaming (Component 2) was significantly
correlated with mental rotation, but only of 3-dimensional
figures (PSVT:R). Creative/Artistic (Component 3)

Fitness

Technical

RMT
Flagsⁱ

0.16
0.04

0.14
0.20

0.19

-0.04
0.08

0.03
0.13

Cardsⁱ

0.07

0.08

0.23*

-0.05

0.13

PSVT:R
SBSOD
CWE

0.10
0.17*
0.27*

0.29*
0.13
-0.01

0.20*
-0.19*
-0.04

0.03
0.07
0.00

0.12
0.24*
0.11

0.069

0.699

Creative
0.19*

-0.050

0.039

Gaming

*correlation is significant at the 0.05 level (two-tailed)
ⁱn = 93

Sex Differences
Independent samples t-tests were used to assess sex
differences in the five different types of spatial activities as
identified by the PCA.

*p <.05, **p <.001

Figure 1: Sex differences on the components.
Contrary to what might have been expected from earlier
studies of large-scale spatial activities (e.g., Malinowski &
Gillespie, 2001), no sex difference was found on the
navigation component score (Component 1). A significant
difference was found on the gaming component score
(Component 2), with males reporting more experience in
this category. The creative/artistic (Component 3) score also
had a significant difference, with females reporting more
participation than males. The sex differences on
Components 2 and 3 are consistent with past findings, as the
team sports loading on Component 2 had higher
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participation from males and many of the activities in
Component 3 (ice skating, gymnastics, sketching clothes
designs) had higher participation from females in
Newcombe et al. (1983). Component 4 (Fitness) showed a
small difference in favor of females (see Figure 1).
We also replicated previous findings of sex differences in
SBSOD, t(151) = 3.27, p < .001. Interestingly, there was no
sex difference in any of the spatial ability tests or childhood
wayfinding experience (CWE), unlike Lawton and Kallai’s
(2002) and Vieites et al.’s (2020) findings.

Discussion
We developed a spatial activities questionnaire that included
a broad and updated set of activities that may contribute to
spatial abilities. Specifically, we added activities to the short
SAQ (Signorella et al., 1986) that likely involve large-scale
spatial thinking and modern activities that may not have
existed when the previous questionnaires were developed.
We also identified activities that are no longer popular due
to cultural changes and removed these items. The result was
a new 53-item spatial activities questionnaire which we call
the SoCalSAQ (for Southern California Spatial Activities
Questionnaire).
A principal component analysis identified a navigation
component that was distinct from previously identified
types of spatial activities. This component was correlated
with both the Santa Barbara Sense of Direction scale and the
Childhood Wayfinding Experience scale, adding to its
validity. While it was not significantly correlated with our
version of the Money Road Map test, we should note that
this online measure is novel and the RMT is typically
administered in person. Future research is necessary to
examine the correlation of navigation activities with a more
comprehensive set of objective measures of large-scale
spatial abilities.
As expected, some of the items on previous spatial
activities questionnaires (baton twirling, building go-carts)
are no longer popular (at least within our sample) and were
deleted due to low rates of participation and low variance. In
contrast, some more updated activities (e.g., playing video
games and Pokemon Go) were more popular. These results
highlight the need for an updated questionnaire, and suggest
that it is important to periodically revise questionnaires such
as this one, to take account of technological advances and
cultural trends.
In contrast with previous studies, we did not classify
spatial activities a priori as “masculine” or “feminine.”
However, we found some sex differences in the activities
that participants reported. Notably, men reported more
participation in video games and competitive sports/games
while women reported more participation in creative and
artistic endeavors. Interestingly, while these activities
showed sex differences in participation, the navigationrelated activities (Component 1) did not. This could partially
explain the relatively smaller sex differences found in large-

scale ability (Nazareth et al., 2019) compared to those found
in certain small-scale spatial abilities (Linn & Petersen,
1985; Maeda & Yoon, 2013; Voyer et al., 1995).
Previous studies have found higher correlations of socalled “masculine” spatial activities with measures of smallscale abilities such as mental rotation (Reilly & Neumann,
2013), and that a male advantage in mental rotation was
mediated by participation in masculine spatial activities
(Nazareth et al., 2013). In contrast, we found that both
gaming activities (with more male participation) and artistic
activities (with more female participation) were correlated
with mental rotation measures. The correlation of artistic
activities with 2-D rotation is a novel finding and needs to
be investigated further in future research, but a possible
explanation is that items with the highest loadings on this
component such as drawing, painting, and sketching clothes
designs seem to involve 2-D spatial visualization.
Although there was no sex difference for the navigation
component, there was a significant difference in video
games and competitive sports. This is consistent with
evidence for a relationship between action video game
experience and small-scale spatial ability measures (e.g.
Bediou et al., 2018). There is a navigation component of
many video games, and more work is needed to address
whether playing these specific types of video games might
influence navigation ability.
It is interesting that the fifth component, which seems to
involve technical or computer related skills, correlated
significantly with sense of direction. It is possible that
activities such as programming and web/game design
involve a schematic use of space in organizing and
visualizing the structure of a computer program or a website
that is similar in nature to understanding one’s location in
the physical world by interpreting an external
representation, i.e., reading a map.
A limitation of this study is that it was conducted online,
whereas the measures of spatial abilities are usually
administered in more controlled laboratory conditions.
Another limitation is that the sample was made up of
college students and popular activities will likely vary
across regions and age groups. It is also notable that the
correlations, while significant, were small (r < .3).
However, this is in line with the majority of previous studies
of spatial activities and spatial abilities.

Conclusion
The SoCalSAQ developed here provides an up-to-date
instrument for measuring everyday spatial activities, while
supporting the dissociation between large-scale and smallscale spatial abilities. The different types of spatial activities
that it identifies will provide a useful categorization for
future studies of spatial experience and ability. This
questionnaire is being used in a large, on-going study to
examine the relationship between spatial activities and
objective measures of large- and small-scale spatial abilities.

1084

Acknowledgments
This work was funded by NSF Grant IIS-2024633 and ONR
Grant N00014-21-2425. The authors would like to thank the
members of the Hegarty Spatial Thinking Lab and Chrastil
Lab for contributing to the list of spatial activities, and
Danielle Harris for providing insight based on her spatial
activity work.

References
Allen, G. L., Kirasic, K. C., Dobson, S. H., Long, R. G., &
Beck, S. (1996). Predicting environmental learning from
spatial abilities: An indirect route. Intelligence, 22(3),
327-355.
Bates, J. E., & Bentler, P. M. (1973). Play activities of
normal
and
effeminate
boys. Developmental
Psychology, 9(1), 20.
Bennett, G. K., Seashore, H. G., & Wesman, A. G. (1947).
Differential
aptitude
tests.
(See J.
consult.
Psychol., 1948, 12, 62.)
Bediou, B., Adams, D. M., Mayer, R. E., Tipton, E., Green,
C. S., & Bavelier, D. (2018). Meta-analysis of action
video game impact on perceptual, attentional, and
cognitive skills. Psychological Bulletin, 144(1), 77 - 110.
Cherney, I. D., & Voyer, D. (2010). Development of a
spatial activity questionnaire I: Items identification. Sex
Roles, 62(1-2), 89-99.
Doyle, R. A., Voyer, D., & Cherney, I. D. (2012). The
relation between childhood spatial activities and spatial
abilities in adulthood. Journal of Applied Developmental
Psychology, 33(2), 112-120.
Ekstrom, R. B., French, J. W., & Harman, H. H. (1979).
Cognitive
factors:
Their
identification
and
replication. Multivariate
Behavioral
Research
Monographs, 79(2), 3–84.
Harris, D., Forndran, A., Lowrie, T., Logan, T., Hegarty, H.
(2018, January). Getting creative: The role of
extracurricular activities in spatial training effectiveness
[Poster]. SERC Spatial Reasoning Conference, University
of Canberra, Australia.
Hegarty, M., Richardson, A. E., Montello, D. R., Lovelace,
K., & Subbiah, I. (2002). Development of a self-report
measure
of
environmental
spatial
ability. Intelligence, 30(5), 425-447.
Hegarty, M., & Waller, D. (2004). A dissociation between
mental
rotation
and
perspective-taking
spatial
abilities. Intelligence, 32(2), 175-191.
Hegarty, M., Montello, D. R., Richardson, A. E., Ishikawa,
T., & Lovelace, K. (2006). Spatial abilities at different
scales: Individual differences in aptitude-test performance
and spatial-layout learning. Intelligence, 34(2), 151-176.

Hermelin, B., & O'Connor, N. (1986). Spatial
representations in mathematically and in artistically gifted
children. British
Journal
of
Educational
Psychology, 56(2), 150-157.
Ishikawa, T., & Montello, D. R. (2006). Spatial knowledge
acquisition from direct experience in the environment:
Individual differences in the development of metric
knowledge and the integration of separately learned
places. Cognitive psychology, 52(2), 93-129.
Lawton, C. A., & Kallai, J. (2002). Gender differences in
wayfinding strategies and anxiety about wayfinding: A
cross-cultural comparison. Sex roles, 47(9), 389-401.
Linn, M. C., & Petersen, A. C. (1985). Emergence and
characterization of sex differences in spatial ability: A
meta-analysis. Child development, 56(6), 1479-1498.
Maeda, Y., & Yoon, S. Y. (2013). A meta-analysis on
gender differences in mental rotation ability measured by
the Purdue spatial visualization tests: Visualization of
rotations (PSVT: R). Educational Psychology Review,
25(1), 69-94.
Malanchini, M., Rimfeld, K., Allegrini, A. G., Ritchie, S. J.,
& Plomin, R. (2020). Cognitive ability and education:
How behavioural genetic research has advanced our
knowledge
and
understanding
of
their
association. Neuroscience & Biobehavioral Reviews, 111,
229-245.
Malinowski, J. C., & Gillespie, W. T. (2001). Individual
differences in performance on a large-scale, real-world
wayfinding
task. Journal
of
Environmental
Psychology, 21(1), 73-82.
Money, J., Walker Jr, H. T., & Alexander, D. (1965).
Development of direction sense and three syndromes of
impairment. The Slow Learning Child, 11(3), 145-155.
Montello, D. R. (1993, September). Scale and multiple
psychologies of space. In European conference on spatial
information theory (pp. 312-321). Springer, Berlin,
Heidelberg.
Nazareth, A., Herrera, A., & Pruden, S. M. (2013).
Explaining sex differences in mental rotation: role of
spatial activity experience. Cognitive processing, 14(2),
201-204.
Nazareth, A., Huang, X., Voyer, D., & Newcombe, N.
(2019). A meta-analysis of sex differences in human
navigation skills. Psychonomic Bulletin & Review, 26(5),
1503-1528.
Newcombe, N., Bandura, M. M., & Taylor, D. G. (1983).
Sex differences in spatial ability and spatial activities. Sex
roles, 9(3), 377-386.
Peterson, E. G., Weinberger, A. B., Uttal, D. H., Kolvoord,
B., & Green, A. E. (2020). Spatial activity participation in

1085

childhood and adolescence: consistency and relations to
spatial thinking in adolescence. Cognitive Research:
Principles and Implications, 5(1), 1-13.
Reilly, D., & Neumann, D. L. (2013). Gender-role
differences in spatial ability: A meta-analytic review. Sex
roles, 68(9), 521-535.
Signorella, M. L., Krupa, M. H., Jamison, W., & Lyons, N.
(1986). A short version of a spatial activity
questionnaire. Sex Roles, 14(9-10), 475-479.
Tabachnik, B. G., & Fidell, L. S., (2007). Using
Multivariate Statistics. Pearson Education, Inc.
Thurstone, L. L., & Jeffrey, T. E. (1959). Flags: A test of
space thinking. University of Chicago.
Uttal, D. H., Meadow, N. G., Tipton, E., Hand, L. L., Alden,
A. R., Warren, C., & Newcombe, N. S. (2013). The
malleability of spatial skills: a meta-analysis of training
studies. Psychological bulletin, 139(2), 352.
Voyer, D., Nolan, C., & Voyer, S. (2000). The relation
between experience and spatial performance in men and
women. Sex Roles, 43(11), 891-915.
Vandenberg, S. G., & Kuse, A. R. (1978). Mental rotations,
a
group
test
of
three-dimensional
spatial
visualization. Perceptual and motor skills, 47(2), 599604.
Vieites, V., Pruden, S. M., & Reeb-Sutherland, B. C.
(2020). Childhood wayfinding experience explains sex
and individual differences in adult wayfinding strategy
and anxiety. Cognitive research: principles and
implications, 5(1), 1-16.
Voyer, D., Voyer, S., & Bryden, M. P. (1995). Magnitude of
sex differences in spatial abilities: a meta-analysis and
consideration of critical variables. Psychological bulletin,
117(2), 250.
Wai, J., Lubinski, D., & Benbow, C. P. (2009). Spatial
ability for STEM domains: Aligning over 50 years of
cumulative psychological knowledge solidifies its
importance. Journal of educational Psychology, 101(4),
817.
Weisberg, S. M., & Newcombe, N. S. (2018). Cognitive
maps: Some people make them, some people
struggle. Current
Directions
in
Psychological
Science, 27(4), 220-226.
Wittig, M. A., & Allen, M. J. (1984). Measurement of adult
performance
on
Piaget's
water
horizontality
task. Intelligence, 8(4), 305-313.
Weckbacher, L. M., & Okamoto, Y. (2012). Spatial
experiences of high academic achievers: Insights from a
developmental perspective. Journal for the Education of
the Gifted, 35(1), 48-65.

Wolbers, T., & Hegarty, M. (2010). What determines our
navigational abilities? Trends in cognitive sciences, 14(3),
138-146.
Yoon, S. Y. (2011). Psychometric properties of the revised
purdue spatial visualization tests: visualization of
rotations (The Revised PSVT: R). Purdue University.

1086

Backgroundedness Predicts Island Status of Non-finite Adjuncts in English
Savithry Namboodiripad (savithry@umich.edu)1, Nicole Cuneo (nc6324@princeton.edu)2,
Mathew A. Kramer (arkram@umich.edu)1, Yourdanis Sedarous (sedarous@umich.edu)1,
Yushi Sugimoto (yushis@g.ecc.u-tokyo.ac.jp)3, Felicia Bisnath (fbisnath@umich.edu)1, and
Adele E. Goldberg (adele@princeton.edu)2
1

Linguistics, University of Michigan, 440 Lorch Hall, Ann Arbor, MI 48109, USA
2

3

Psychology, Princeton University, Princeton, NJ 08544, USA

Language & Information Sciences, University of Tokyo, 3-8-1, Komaba, Meguroku, Tokyo 153-8902, Japan

Abstract
The current work tests the hypothesis that the island status of
clausal adjuncts, as determined by judgments on wh-questions,
are predicted by the degree of “backgroundedness” of the
adjuncts, as determined by a separate negation task. Results of
two experiments support the hypothesis that acceptability of
extraction from adjuncts in wh-questions is inversely correlated
with the degree to which the adjunct is backgrounded in
discourse. Taken together, results show that temporal clausal
adjuncts (headed by before, after, while) are stronger islands
than adjuncts that are causal (here, headed by to or by). This
demonstrates that adjuncts differ in degree of island status,
depending on their meaning, despite parallel syntactic
structure.
Keywords: islands, discourse constraints, backgroundedness,
communication

Introduction
To interpret an event, comprehenders typically need to
understand who did what to whom. Depending on context,
they may also what to know when, why, where, or how an
event occurred. The latter type of content is commonly
expressed by phrases that are referred to as “adjuncts.” In (1),
for instance, each of the underlined phrases are adjuncts.
(1) Keisha drove to NYC on Sunday after moving from
NJ in order to graduate early.
Adjuncts are rarely obligatorily expressed, a fact
sometimes considered criterial for adjunct status. For
instance, someone who hears the sentence Keisha changed
classes may not need to know, and may not care, where, when
or why Keisha changed classes. When adjuncts are
expressed, they are generally further from the main verb than
“core” arguments are, an iconic reflection of their less central
semantic functions. The semantic status of adjuncts is also
reflected in terminology used by grammar teachers and
syntacticians. Adjuncts are more “peripheral” to the clause
(van Valin, 1998), and adjuncts that express clauses
themselves are “subordinate” to the “main” clause.

Aside from the idea that adjuncts are less central to the
expression of events, generalizations that hold across all
adjuncts are rare, as a variety of forms and meanings fall
under the heading of adjunct. For example, adverbs are
typically considered to be adjuncts, but adverbs are in certain
cases obligatory (He dresses well. ?He dresses) (Degen,
Hawkins, Graf, Kreiss & Goodman, 2020; Goldberg &
Ackerman, 2001). Clauses with adjunct-like meaning are not
necessarily formally subordinate and may instead stand on
their own (Evans & Wantanabe, 2016). Finally, phrases that
encode an “instrument” (e.g., with a spoon/hammer) are more
adjunct-like when used with some verbs (e.g., eat) and more
central to the event when used with other verbs (e.g., smash)
(Koenig, Mauner, Bienvenue & Conklin, 2008).
The current paper examines a way in which certain phrases
that function uncontroversially as adjuncts, and which share
certain formal properties with one another -- all are nonobligatory, nonfinite clauses -- nonetheless vary in terms of
the extent to which they display a certain property: that of
being an “island.”
Islands are constructions that are opaque to long-distance
(semantic) dependencies (LDDs), often referred to as
“extraction.” Linguists since Cattell (1976) have generally
taken for granted that clausal adjuncts are islands in that no
constituent from within a clausal adjunct may be extracted.
And in fact, as confirmed in Experiment 1, English speakers
find (2) to be less acceptable than main clause extraction (3):
(2) ? Where did Keisha drive to NYC after moving from
__?
(3) Where did Keisha drive __ after moving from New
Jersey?
Until fairly recently, it has been widely assumed that
clausal adjuncts are uniformly opaque to extraction across
constructions (being “strong” islands, see Szabolcsi &
Lohndal, 2017 for discussion). But the reason why certain
constructions are “islands” to LDDs has remained debated.
Most approaches to islands have argued for a general
syntactic explanation (e.g., Ross 1967; Nunes & Uriagereka,
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2000; Takahashi, 1994). These approaches argue that island
status is determined by an abstract formal relationship
between a phrase’s canonical position and the position in
which it is ultimately expressed. But other proposals have
aimed to account for islands by appealing to functional or
discourse-pragmatic constraints (Abeillé, Hemforth, Winckel
& Gibson, 2020; Ambridge & Goldberg, 2008; Chaves &
Putnam, 2021; Cuneo & Goldberg, this volume; Deane,
1991; Erteschik-Shir, 1979; Erteschik-Shir & Lappin, 1979;
Goldberg, 2006; 2013; Kuno, 1987; Liu, Ryskin, Futrell &
Gibson, 2022).
LDDs are not equivalently banned for all adjuncts, contra
previous claims about their status as strong islands. Instead,
certain discourse-pragmatic and/or semantic contexts make
LDDs involving certain adjuncts relatively acceptable (e.g.,
Chaves & Putnam, 2021; Truswell, 2007a, b, 2011).
Additionally, variation in judgments of LLDs involving
adjuncts has been found across languages (e.g., Kohrt,
Sorensen & Chacón, 2018 for English; Bondevik, Kush &
Lohndal, 2021 for Norwegian; Müller, 2017, 2019 for
Swedish; Pañeda, Lago, Vares, Veríssimo & Felser, 2020 for
some varieties of Spanish). Thus, we ask: What are the
factors that contribute to the variation in acceptability of
LDDs involving adjuncts in English? Insofar as clausal
adjuncts are similar or identical in form, what is the role of
non-syntactic factors in explaining the variation across
sentences (McInnerney & Sugimoto, 2022)?

Digging Deeper into Backgroundedness
In Experiment 1, we investigate two (non-mutuallyexclusive) hypotheses about factors affecting the
acceptability of extraction from adjuncts. The Backgrounded
Constituents are Islands (BCI) hypothesis claims that island
constructions follow from a discourse-pragmatic property of
being “backgrounded” in discourse (Goldberg, 2006). This
perspective argues that so-called island effects arise from a
pragmatic incompatibility between the functions of the
constructions involved. For instance, the extent to which a
construction backgrounds its content in discourse should vary
inversely with the extent to which it can felicitously be
focused in a wh-question (see also, Erteschik-Shir, 1979). In
favor of a discourse-pragmatic proposal, scholars have
argued that unacceptability of islands falls on a gradient that
depends on the functions of the constructions involved
(Abeillé et al., 2020; Cuneo & Goldberg, this volume; Deane,
1991; Erteschik-Shir, 1979; Kuno, 1987).
We operationalize this notion following in the spirit of
Erteschik-Shir (1979)’s “lie” test: we rely on main clause
negation to test the extent to which a construction is
backgrounded in discourse (Ambridge & Goldberg, 2008;
Goldberg, 2006, 2013). For instance, the event conveyed by
the relative clause in (4a) is relatively unaffected by main
clause negation (4b). The same negation test is used to

identify presuppositions, although unlike traditional accounts
of presupposition, backgroundedness is a matter of degree.
(4) (a) I read the book that Maya loaned me. →
Maya loaned me the book
(b) I didn’t read the book that Maya loaned me. →
Maya loaned me the book
This approach predicts that the extent to which a
construction is backgrounded in discourse predicts the extent
to which it is an island. While the claim appeared to be
supported by a study of verb complement clauses (Ambridge
& Goldberg, 2008), this interpretation has been challenged
due to a lack of super-additive effects, indicating that verb
complement clauses may not be islands after all (Liu et al.
2022; Cuneo & Goldberg, this volume). That is, as articulated
by Sprouse, Wagers and Phillips (2012), true islands should
be less acceptable than expected, based on the acceptability
of a corresponding non-LDD. This predicts an interaction
when judgments are predicted by sentence type (LDD vs.
non-LDD) and island status.
The second hypothesis investigated in Experiment 1 is
loosely inspired by Truswell (2007a, b, 2011) and Ernst
(2022), who specifically focus on adjunct clauses. Their
Event Structure claim is that constructions are less island-like
to the extent that a non-finite adjunct clause is construed to
involve a single “macro-event” in combination with the main
clause event it is modifying. Truswell calls this The Single
Event Condition, which states “a wh-chain is legitimate only
if the minimal constituent containing the head and foot of the
chain asserts the existence (in the actual world) of a single
event” (Truswell, 2007a, p. 240).
While the semantic details of this proposal rely on theoryinternal machinery, one can view the claim as related to the
idea of backgroundedness. That is, in cases where the verbs
in the adjunct and the main clause are interpreted as parts of
the same event, the adjunct is not as backgrounded as it would
be in cases in which they are interpreted as two separate
events. In the current context, we operationalize whether two
subevents are considered one event or two via a temporal
overlap test: Participants were asked to rate the degree to
which the adjunct and the main clause occurred at the same
time.
As stated earlier, the BCI and the Event Structure
hypotheses are not necessarily mutually exclusive. Since we
have independent measures for both, in Experiment 1, we
investigate whether the negation test and the event structure
test are equally predictive for LDDs from non-finite adjunct
clauses. In particular, we predict that (i) the Negation test will
be inversely correlated with the acceptability of the
interrogative sentences where the gap is in the non-finite
adjunct clauses (e.g., to/before/after/while clauses), in
comparison to declarative sentences, and that (ii) the Event
test should show a similar result.
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In what follows, we leverage the fact that adjuncts vary in
terms of the content they express. Experiment 1 compares
nonfinite clausal adjuncts headed by to, before, and after,
while Experiment 2 compares non-finite clausal adjuncts
headed by while and by. To foreshadow the results,
Experiment 1 reveals that the negation test predicts island
status and does so better than the temporal overlap test.
Therefore, only the negation task is used in Experiment 2.
While the adjunct types in Experiment 1 vary semantically
and formally, those in Experiment 2 only differ semantically.
That is, clausal adjuncts headed by to include bare verb
forms, whereas those headed by before, after, while and by
all include verbs in the progressive form.

declaratives and 16 questions (never the declarative and
question for the same item), along with 48 fillers, which
varied in acceptability.
Procedure Participants rated the acceptability of all
sentences on a 1-7 Likert scale, and a separate group rated the
extent to which main clause negation implied that the adjunct
clause was negated on a 5-point scale (Figure 1).

Pre-registration The design, stopping rule, and analyses for
both experiments were preregistered (https://osf.io/nwdyx,
https://osf.io/gpm6j/).

Experiment 1
Experiment 1 employed a 2x1 design, crossing SENTENCE
TYPE (declarative vs. wh-question) with DEGREE OF
BACKGROUNDEDNESS (measured via the negation task and
the temporal overlap task).

Figure 1: Example negation task stimulus.
A third group of participants rated how likely the events in
the main clause and the adjunct clause were to occur at the
same time on a 5-point scale (see Figure 2).

Participants 128 English-speaking participants were
recruited via Prolific.co. A separate group of 96 participants
were recruited for the negation task, and a final group of 80
was recruited for the temporal overlap task.1
Stimuli Two types of non-finite adjunct clauses were
included: to V; before/after Ving (Table 1).
Table 1: Sample stimuli varying in sentence type
(declarative vs. wh-question) and adjunct clause type, used
to collect acceptability judgments in Experiment 1.
Figure 2: Example temporal overlap task stimulus.
D vs Q

to V

before/after Ving

Declarative

The mechanic
changed classes
to meet the
engineer.

The mechanic
changed classes
after meeting the
engineer.

WH-Q

Who did the
mechanic change
classes to meet?

Who did the mechanic
change classes after
meeting?

Results and Discussion: Experiment 1

32 declarative sentences and 32 adjunct-extracted whquestions were recorded and distributed across 4 lists pseudorandomly using a Latin Square design. Participants heard 16

Both the negation test and the temporal overlap measure
proved predictive of the acceptability of adjunct-extracted
sentences more than declarative sentences, as hypothesized.
Specifically, following the preregistration, linear mixed
effects models were fit for each measure: fixed effects = zscored rating, Sentence_Type [Declarative vs. WH-Q], and
Backgroundedness_Measure, with random intercepts for
items and participants. Model comparison via ANOVA
confirmed a significant interaction between Sentence Type
and judgments on the negation task compared to the additive
model (χ2 = 20.5; df = 1; p < 0.001; Figure 3).

1

The number of participants varied across experiments due to
different demands for counterbalancing.
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Figure 3: Exp. 1: Negation task predicts acceptability ratings
on Wh-questions more than Declaratives.
In Figure 3, the x-axis represents the degree to which
negating the main clause was interpreted as negating the
adjunct clause (higher = less negated, more backgrounded);
y-axis: z-scores of acceptability ratings.
Similarly, model comparison via ANOVA confirmed a
significant interaction between temporal overlap ratings and
Sentence_Type compared to an additive model (χ2 = 6.49, df
= 1, p < 0.011; Figure 4). In Figure 4, the x-axis represents
the degree to which the main clause and adjunct clause were
interpreted as occurring at the same time (lower = less
overlap/more backgrounded); y-axis: z-scores of
acceptability ratings. The lines represent smoothed linear
model fits.

beyond adjunct type, by including adjunct type as well as
backgroundedness and sentence type as fixed effects. To do
this, we fit a linear mixed effects model similar to those
described above (fixed effects = z-scored rating,
Sentence_Type [Declarative vs. Wh-Q], with random
intercepts for participants and items), and included
Clause_Type (to V vs before/after Ving) as a fixed effect
interacting with Sentence_Type. We then compared this
model to models which were exactly the same but included
either the negation test scores or temporal overlap. Model
comparison was done via ANOVA function. Results showed
the negation test did predict acceptability over and above
clause type (χ2 = 7.603; df = 1; p < 0.006) but the temporal
overlap measure did not (χ2 = 2.319; df = 1; p = 0.128). As is
evident in Figure 5, Ving adjuncts were all quite
backgrounded according to the negation test, while the to V
adjuncts varied quite a bit across items and were overall more
affected by main clause negation.

Figure 5: Negation test by clause type.
In hindsight, temporal overlap may not have been the ideal
test of whether events in main and adjunct clauses describe a
single event. Two independent events may occur at the same
time (The MSNBC program was aired at the same time as a
CBS program). Conversely, non-temporally overlapping
subevents are construable as a single event: for example,
hiring a contractor and the resulting change are conflated in:
She remodeled her kitchen. Future work needs to
operationalize the extent to which the main and adjunct
clause are construed as a single event in other ways.
Since the negation test predicted island status in
Experiment 1 better than the temporal overlap test, we used
only the negation task in Experiment 2 to further explore
possible variation within clausal Ving adjuncts.

Figure 4: Temporal overlap test predicts acceptability
ratings on Wh-questions more than Declaratives.
That is, the extent to which an adjunct was unaffected by
main clause negation was inversely correlated with
independent judgments on the corresponding wh-question
(adjunct extraction). And, the extent to which an adjunct was
interpreted as non-overlapping temporally also inversely
correlated with judgments on extractions. Since adjunct types
varied categorically (to V vs. before/after Ving adjuncts,
Table 1), we tested whether the continuous
backgroundedness measures predicted ratings above and

Experiment 2
Experiment 2 offers a quite stringent test of the claim that the
degree of backgroundedness, as measured by the negation
task, predicts island status of clausal adjuncts. This is because
all clausal adjuncts used share the same surface form. They
all involved a verb in gerund form (Ving), the same form used
in Experiment 1 that had shown little variability on the
negation task. In particular, the Ving adjuncts in Experiment
1 were uniformly backgrounded: they were unaffected by
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main clause negation (Figure 5). The only difference among
stimuli in Experiment 2 lies in whether the adjuncts are
headed by while or by. We investigate whether the negation
test is predictive when Ving adjuncts headed by while and by
are compared.

acceptability ratings. As in Experiment 1, the negation test
significantly predicts the island status of the clausal adjuncts
tested in Experiment 2.

Participants We ran 180 English speakers on AMT via the
Cloud Research platform (Litman & Robinson, 2020). Since
AMT can be less reliable than other platforms (Peer,
Brandimarte, Samat & Acquisti, 2017), we excluded
participants who responded to catch trials with lower than
75% accuracy. This left us with 145 participants on the
acceptability task. For the negation task, 182 English
speakers were run; after the same exclusions, 178 participants
were analyzed.
Stimuli Experiment 2 investigated non-finite adjunct clause
types headed by while or by (see Table 2). As in Experiment
1, 32 declarative and 32 adjunct-extracted sentences were
recorded and distributed across 4 lists pseudo-randomly
using a Latin Square design. Participants heard 16 items from
each sentence type (no more than one type for any item), and
48 fillers which varied in acceptability.
Table 2: Sample stimuli used to solicit acceptability
judgments in Experiment 2.
D vs Q

While Ving
Adjuncts

By Ving Adjuncts

Declarative

The custodian
unlocked the door
while admitting the
manager.

The custodian
unlocked the door
by admitting the
manager.

WH-Q
from
adjuncts

Who did the
custodian unlock
the door while
admitting?

Who did the
custodian unlock the
door by admitting?

Results and Discussion: Experiment 2
The same preregistered analysis was run as in Experiment 1.
Responses were z-scored and linear mixed effects models
were fit (fixed effects = z-scored rating, Sentence_Type
[WH-Q vs declarative], and Negation scores), with random
intercepts for participants and items. As hypothesized, model
comparison via ANOVA finds the predicted interaction
between judgments on the negation task and Sentence_Type
as compared to an additive model in the expected direction
(χ2 = 4.04, df = 1 p = 0.044). In Figure 6, the x-axis is the
degree to which negating the main clause was interpreted as
negating the adjunct clause (higher = less negated, more
presupposed, more backgrounded); y-axis shows z-scores of

Figure 6: Exp. 2: Negation task predicts acceptability ratings
on Wh-questions more than Declaratives.

Conclusion
We report two preregistered studies that ask whether the
degree to which non-finite adjunct clauses are judged to be
islands is predicted by those adjuncts’ discourse functions.
As is standard, island status was measured by a comparison
of acceptability ratings on wh-questions and declarative
clauses. In each wh-question, a constituent within the adjunct
was semantically dependent on an initial wh-word. Whquestions that involve legitimate islands should be judged
worse than can be expected on the basis of their
corresponding simple declaratives.
The results of Experiment 1 demonstrate that, as predicted,
two semantic tasks correlated inversely with the degree to
which wh-questions were judged to involve island violations.
The first semantic task was aimed to measure whether the
main and adjunct clause were construed as a single event, by
asking participants to judge the extent to which the events of
the main clause and adjunct clause overlapped temporally.
The second task estimated the extent to which the adjunct
clauses were negated by main clause negation. Results
showed that both tasks predicted island status, but the
negation task predicted island status more strongly than the
temporal task, and only the negation task was predictive
beyond above and beyond the difference in syntactic form of
the adjuncts (to V vs Ving). For these reasons only the
negation task was used in Experiment 2.
Experiment 2 provides an especially rigorous test of the
negation task because all stimuli were non-finite adjuncts of
the same Ving form. Not only was the syntactic form of the
adjuncts controlled for, but the syntactic form chosen had
shown very little variation in the negation task of Experiment
1 (recall Figure 5). Nonetheless results show the predicted
interaction in the predicted direction, indicating that the Ving
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adjuncts that are less affected by main clause negation are
judged less acceptable in corresponding wh-questions.
Experiments 1 and 2 support the claim that observed
variation in the degree of island-status across clausal adjuncts
is influenced by the extent to which the adjuncts are
backgrounded in discourse. The negation task, used as a
measure of degree of backgroundedness, accurately predicted
that to V adjuncts should be less island-like than before/after
Ving adjuncts in Experiment 1. The Ving adjuncts in
Experiment 1 were uniformly impervious to main clause
negation and were judged more island-like in comparison to
to V adjuncts. Experiment 2 took a closer look at Ving
adjuncts, varying whether they were headed by while or by.
We again find the negation test predicted the degree of island
status within this set of Ving adjuncts. That is, clausal
adjuncts are not all islands to the same extent. Those adjuncts
that are more backgrounded in the discourse are more islandlike.
Reviewing the types of adjuncts tested and results of both
studies, we suggest that a distinction can be drawn between
temporal adjuncts (headed by before, after or while) and
adjuncts that are interpreted as causally related to the event in
the main clause (here, headed by while or by). That is, to V
adjuncts are purpose clauses which describe a reason why the
main clause event took place, while by Ving adjuncts provide
the means by which the main clause event took place. In this
way, the current work provides evidence for systematic
differences between temporal adjuncts on the one hand
(headed by before, after, while) and causal adjuncts on the
other. In particular, adjuncts which designate an event that is
causally related to the main event are less island-like than
adjuncts that are only temporally related. Thus, the current
work lends support to the claim that non-finite adjunct
clauses are islands for wh-questions to the extent they offer
only incidental temporal information rather than causally
related information. When considered this way, we can see
that the current results are consistent with Truswell’s (2007a,
b, 2011) point that extraction from single complex events is
more acceptable than extraction from any secondary
independent event.
Support for the idea that causal relations play a special role
in what can be considered a single event comes from
independent work on the way in which verbs are allowed to
combine with argument structure constructions in English
(Croft, 2001; Goldberg, 1998). Verbs may lexically encode
the means or result of the action typically expressed by an
argument structure construction rather than the action itself.
For instance, if we assume that a V NP PP construction in
English conveys “caused-motion”, we can see that its
meaning can combine with verbs that designate the means of
transfer, e.g., “She coughed the bug out of her mouth”
(coughing = the means of causing motion). As such, this work
underscores the importance of causal relations in what can
count as a single event across empirical domains.

The current work is limited in several ways. We tested a
single LDD construction—wh-questions—but distinct LDD
constructions may combine with adjuncts in different ways
(Abeillé et al., 2020; Sag, 2010). Future work should also
include other adjunct types and test effects in other
languages. The current work does not investigate processingrelevant factors such as frequency (e.g., Chaves & Dery,
2019; Dąbrowska 2013; Liu et al. 2022) or working memory
(Deane, 1991; Casasanto, Hofmeister & Sag, 2010). Finally,
while the analyses in Experiment 1 and 2 are identical, there
are dissimilarities between surveys (e.g., different numbers
of participants).
Nonetheless, the current work provides evidence in support
of both the negation test as a measure of backgroundedness
and the claim that constructions that are more backgrounded
in discourse are less available for long distance dependencies.
We also find suggestive evidence that causally related
subevents are more naturally treated as single events for the
purposes of wh-extraction in comparison with non-causal,
temporally related events. The current foray into the forest of
adjuncts indicates that even adjuncts with the same or similar
syntactic structures differ in how they interact with longdistance dependencies based on their functions. As
comprehenders seek to not only understand who did what to
whom, but also integrate the information contained in the
clauses tested here, the functional properties of such clauses
need to be recognized, as formal properties are insufficient to
account for island effects.
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Abstract
Previous work suggests that established memories can both
facilitate and interfere with new learning in adults. We
predicted that children may not show these same effects of
prior knowledge, as there is emerging evidence that they are
less likely to relate new experiences to existing memories. To
test this hypothesis, we had children (4-11 years) and young
adults (17-33 years) complete a spatial learning task inspired
by rodent model paradigms. Subjects first formed strong
memories for object-location maps and then learned new
locations, some of which could be incorporated into a learned
map. We found that same-day prior spatial knowledge had a
different impact on learning in children and adults: Adults
demonstrated marginal proactive interference while children
showed slight proactive facilitation, if anything. Our results
suggest there are developmental differences in the effects of
prior knowledge on learning, perhaps due to immature
associative memory formation and/or activation mechanisms
in children.
Keywords: Spatial learning; Proactive interference; Proactive
facilitation; Development

Introduction
When we learn something new, past related experiences may
either help ground that new knowledge or compete with it.
These opposing phenomena can be referred to as proactive
facilitation and interference, respectively. The impact of prior
knowledge on learning has been broadly demonstrated in a
variety of tasks in humans (Anderson, 1981; Ghosh & Gilboa,
2014; van Kesteren et al., 2012), as well as using spatial
learning paradigms in rodents (Tse et al., 2007; Tse et al.,
2011). In these rodent studies, animals are given extensive
multi-day training with a map of flavour-location pairs, such
that they form a “schema”, or well-established spatial map.
In addition to illuminating neural mechanisms with precision,
these studies have shown that rodents can rapidly learn novel
flavour-location pairs when they are incorporated into an
established spatial map (Tse et al., 2007; Tse et al., 2011).
More recent studies using similar spatial learning tasks with
adult humans have reported parallel findings (Guo & Yang,
2020; He et al., 2021; Sommer, 2017; van Buuren et al.,
2014). These results suggest that knowledge of a spatial
context, such as the relative locations of various landmarks,
helps learners anchor new locations in memory.
Though prior knowledge can facilitate learning, it can also
hinder learning in what is called proactive interference. There

are many factors that may result in proactive interference
(Kliegl & Bauml, 2021) instead of facilitation, including the
degree of conflict or overlap between previous and new
information (Chanales et al., 2017; Craig et al., 2013; He et
al., 2021). For instance, He et al. (2021) found that learning
new spatial navigation routes was facilitated when these
routes were within a familiar spatial context – perhaps
because they could be incorporated into an existing map – but
impeded when they overlapped with previously learned
paths. Additional factors that could prompt interference
include the temporal proximity of initial and new learning
(Kincaid & Wickens, 1970), strength of initial learning
(Hayes-Roth, 1977), and lack of testing on initial learning
before new learning begins (Wahlheim, 2015).
Though eliciting opposite behavioural effects, proactive
facilitation and interference may both be the result of
retrieving related memories during new learning. Kuhl et al.
(2011) found that reactivation of competing memory traces
at retrieval was associated with interference in memory
performance. In contrast, reactivation of related memories
can benefit learning when new information is then integrated
into established knowledge (van Kesteren et al., 2012). Thus,
recalling previously learned landmarks during new spatial
learning may be one mechanism by which established
knowledge can alternately facilitate (via integration) or
interfere with (via competition) learning. In the brain, these
behavioural phenomena may depend on connections between
the hippocampus and various cortical regions. Specifically,
hippocampal connections to the posterior cortex for initial
reinstatement of related memory contents (Kuhl, Bainbridge,
& Chun, 2012; Kuhl & Chun, 2014), and the hippocampalprefrontal (PFC) circuit for resolving overlap between
current and recalled information (Oren et al., 2017;
Schlichting & Preston, 2017; van Kesteren et al., 2012).
Indeed, previous work has emphasized the role of
hippocampus-PFC connections for enabling integration of
new and prior knowledge (Gilboa & Marlatte, 2017; Preston
& Eichenbaum, 2013; Sommer, 2017).
Though established in adults, the ability to form and utilize
well-learned associative memory networks, or schemas, to
scaffold new learning may not be in place earlier in
development. The hippocampus and prefrontal regions
hypothesized to be critical to schema formation and updating
undergo a prolonged development (Calabro et al., 2020;
Gogtay et al., 2004; Tang, Shafer, & Ofen, 2018). As such,

1094
In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

children may still be honing the ability to build associative
knowledge structures from their experiences. Indeed,
Pudhiyidath et al. (2020) found that children and adolescents
were not able to learn temporal schemas, i.e., regularities in
event sequence, to the same degree as adults. Additionally,
research on the development of associative learning suggests
that children tend to store memories for related experiences
separately, rather than integrate them into a larger structure
(Bauer et al., 2020; Shing et al., 2019). For example, Shing et
al. (2019) had children and adults learn overlapping
associative pairs and then make inferences across indirectly
related items. They found that children were much slower at
making inferences than adults, suggesting they may not
integrate related experiences until directly prompted (Shing
et al., 2019). Similarly, Bauer et al. (2020) had children and
adults learn a series of overlapping associations and found
that when prompted with one item, adults spontaneously
looked to its indirectly related item while children did not.
These results suggest that adults may store related
experiences in a shared memory structure even before it is
necessary for the task, while children do not (Bauer et al.,
2020). Recent neuroimaging work also suggests that children
may store related memories separately in part because, unlike
adults, they do not reactivate related memories while learning
new associations (Schlichting et al., 2021). Therefore,
children may not be impacted by related memories during
new learning in the same way as adults.
In the current study, we aimed to address whether children
and adults differ in the influence of prior spatial knowledge
on new learning. We also aimed to determine whether spatial
memories can support new encoding on a more rapid (sameday) timescale than shown with previous spatial learning
paradigms, given demonstrations of such rapid integration in
associative learning tasks (Zeithamova, Dominick, &
Preston, 2012). We first had subjects learn maps of objectlocation pairs to criterion. The maps then served as prior
knowledge when participants learned new locations that
either could or could not be integrated into one of the maps.
This paradigm was designed to parallel previous tasks used
in rodents and adults (Sommer, 2017; Tse et al., 2007), but
instead of days of training, subjects learned initial and new
associations on the same day. In addition to addressing
whether past observations generalize to a shorter timescale,
this design allowed us to compare learning between children
and adults largely isolated from imbalances in real-world
knowledge; all relevant “prior knowledge” was acquired
during the experiment and immediately before new learning.
We hypothesized that adults would show facilitated learning
when new object locations could be incorporated into a
recently learned spatial context compared to when they could
not. In contrast, we predicted that children would not be
impacted by prior task knowledge when learning new
information, due to immature associative memory-updating
abilities.

Methods
Participants
Participants were 59 young adults (15 male, 43 female, 1
unknown; 17-33 years old, Mage=19.7 years, SDage=2.7) and
51 children (19 male, 32 female; 4-11 years, Mage=7.4 years,
SDage=1.7). All were English speakers with no known or
suspected history of mental illness, neurological disorder, or
learning difference. All were able to meet the learning
criterion and complete all experimental phases. Participant
data was collected and analyzed as per the preregistration
(https://osf.io/mc6u4). However, data collection for the child
group was halted prior to reaching the planned sample size
(N=150) due to inability to collect in-person data at our main
data collection venue, the local science museum. All subjects
provided informed consent/assent prior to participating in the
experiment and were compensated. Permission was obtained
from the parent or guardian of all child participants. All
procedures were approved by the ethics committee at our
university.

Stimuli & Procedure
Participants learned arrangements (“layouts”) of objectlocation pairs through a virtual card game on an iPad/tablet
(Fig. 1). First, they learned object locations in two layouts
(A and B). Then they learned additional locations in layout A
as well as in a novel layout C. Finally, subjects were tested
on their memory for initially learned locations. The
experiment included animations between layouts to indicate
that they existed in different “worlds” of a game.
Stimuli. Stimuli were virtual playing cards distributed facedown across simple colourful backgrounds. Each playing
card within a layout had a unique everyday object illustrated
on one side. These objects were chosen to be familiar to
children (Fig. 1B). To match task difficulty across age
groups, children learned up to fourteen object locations per
layout while adults learned up to twenty. The three different
card layouts that subjects learned throughout the experiment
(A, B, and C) took place in different worlds in the game (pink,
yellow, blue), where world determined the background
colour and the spatial organization of cards. Hereafter, we
refer to layouts based on their experimental role. For the
initial learning phase, subjects learned a subset of locations
in layouts A and B (denoted with a subscripted 1; A1, B1).
The remaining locations in these layouts were not visible to
participants. In the new learning phase, subjects were
presented with the remaining cards in layout A (A2), while
the previously learned locations (A1) were visible in gray but
could not be flipped over. Subjects also learned a matching
number of new locations in a novel layout (C2), which were
similarly interspersed with gray cards to parallel the
appearance of A2. However, the gray cards did not
correspond to any prior learning. Thus, locations in A1 and
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Figure 1: Experimental Procedure. A. Example of an adult subject’s progression (dashed arrow) through learning the layouts.
Background colours indicate the “world”. B. Example cards seen in layouts. C. Screenshot of the animation shown between
layouts where a blue monster walks to the appropriate world, indicated by the corresponding yellow, blue, or pink landmark.
A2 existed the same map (“overlapping”), while B1 and C2
were unrelated (“non-overlapping”) controls.
Initial Learning Phase. The aim of the initial learning phase
was to ensure that subjects had strong memories for the
learned object locations (A1 and B1). For each layout,
learning was done in repetitions. On a single repetition, the
subject had to locate every object one by one in random order
(12 cards for adults, 8 for children). For each trial, they were
prompted to find a particular target object, displayed on the
right side of the screen, by tapping cards in the layout to flip
them over. Trials were self-paced, so subjects had as much
time as they needed to locate the target object among the
cards. After they located every object with a single tap for
two consecutive repetitions, they moved on to the next layout.
New Learning Phase. The goal of the new learning phase
was to assess learning when it could be anchored by existing
knowledge compared to when it was completely novel.
Subjects learned new object locations in layout A (A2) as well
as a matched number of locations in a novel layout (C2), in
the same manner as the initial learning phase. For this phase,
learning was restricted to the new (black) cards in the layouts
(8 cards for adults, 6 for children). With this design,
participants learned more total locations in layout A across
the experiment than either control layout B or C (as in past
approaches, e.g., Sommer, 2017; Tse et al., 2011). This was

central to our manipulation because it allowed us to (1) match
the number of locations learned across conditions for each
phase and (2) avoid potential interference in our control
condition by having separate layouts for Phase I and II.
Memory Test. Finally, subjects were tested on their memory
for the object locations learned in the initial layouts (A1 and
B1) in the order the layouts were first learned. The goal of this
test was to assess whether overlapping learning for layout A
had any retroactive impact on memory for the initially
learned locations. For each memory test, the cards were
displayed as in the initial learning phase. Subjects were
prompted to locate each object in random order by tapping on
the correct card. They had as much time as they needed to
locate each object but only one try to do so. They received no
feedback on their performance (i.e., the cards did not flip over
to reveal the selected object).
Counterbalancing. The order in which subjects learned the
layouts in each phase (initial: A1, B1; new: A2, C2) was
counterbalanced across subjects. Additionally, the three
layouts were assigned to different worlds across participants,
e.g., layout A could be set in either the pink, yellow, or blue
world. However, due to a technical error, the assignment of
worlds to layout A (overlapping condition) was not balanced
across participants. To account for potential differences in
learning rate across the worlds which may have impacted our
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results, we ran analyses that confirmed world identity
(yellow, pink, or blue) did not interact with overlapping
versus non-overlapping condition to affect the rate of new
learning (all F(1,104)<2.6, all p>0.08). Additionally, we reran
all the main analyses including a predictor for world identity
to confirm that results remained similar when accounting for
this factor.

Analyses
To address our question, we compared learning rate for the
overlapping and non-overlapping layouts. Learning rate for a
layout was computed by fitting performance (defined as the
number of cards per trial that a subject touched before
locating the goal object) with an exponential function. The
number of touches per trial should decrease over learning
until there is exactly 1 touch per trial for the last two
repetitions, i.e., perfect performance. Before fitting the
exponential function, number of touches was converted to
proportion of touches (touches divided by number of cards in
the layout) to correct for differences in the number of cards
across age groups. The following decreasing exponential
function was fit for each subject:
𝑡𝑜𝑢𝑐ℎ𝑒𝑠
1
(𝑟) =
+ 𝛼 ∗ 𝑒 !𝜷∗(%!&)
# 𝑐𝑎𝑟𝑑𝑠
# 𝑐𝑎𝑟𝑑𝑠
where proportion of cards touched per trial is modeled as a
function of repetition number (𝑟). The beta (𝛽) parameter was
allowed to vary during fitting and was used to quantify
learning rate for a given layout. A larger beta corresponds to
a steeper exponential decrease in proportion of touches, i.e.,
more rapid learning. Beta parameters were log-transformed
for use in analyses because they did not follow a normal
distribution. The alpha (𝛼) parameter was also allowed to
vary during fitting and reflects the starting point of the
learning curve when added to the minimum possible
proportion of touches. In contrast to beta, the alpha parameter
was fit at the learning phase level for each subject, rather than
for each layout within a phase. This was done so that alpha
was the same for both the overlapping and non-overlapping
layout in a phase to ensure the only differences in the learning
curves between conditions were the beta values. Figure 2
depicts an example subject’s trial-by-trial performance in the
new learning phase as well as the results of fitting an
exponential function to their performance on each layout.
After calculating learning rates for each participant on each
layout, we ran a linear mixed model in R (lme4::lmer
package; Bates et al., 2015) to test whether learning rates
differed between layouts and age groups. We ran parallel
analyses for the initial and new learning phases. For each
phase, we ran a statistical model that predicted learning rate
as a function of layout condition (overlapping or nonoverlapping), age group (child or adult), and their interaction,
with subject-specific intercepts (i.e., learning rate ~ condition
* age group + (1|subject); separately for Phase I and II). A
two-way ANOVA was used to test the significance of
predictors in each model.

Age Differences Among Children. We ran a model with age
as a continuous predictor to test for differences among the
children. However, the variability among our child sample
was low with 33/51 participants within a 3-year age range (68 years old). We therefore also interrogated whether there
were differences across younger and older children in the
sample using a median split approach. Children were split
into those 7 years or younger (N=26; Mage=6.0 years, SD=0.9)
and those older than 7 years (N=25; Mage=8.8 years, SD=1.0).
Differences in Memory. To test whether there were
differences in memory for the initial layouts, we ran linear
mixed models for the final memory test. In separate linear
models, trial-wise accuracy and log-transformed reaction
time (correct trials only) on the memory tests were predicted
as a function of initial layout condition (overlapping or nonoverlapping), age group (child or adult), and their interaction.
Participant was included as a random effect.

Results
No Differences in Initial Learning Across Layouts
We first ensured there were no differences in initial learning
across the conditions, as overlapping information had yet to
be introduced. Consistent with these expectations, age group
(child or adult), layout (A1 or B1), and the interaction between
group and layout did not significantly affect initial learning
rate (all F(1,108)<0.7, p>0.4). These results also suggest that
child and adult learning rates were successfully equated by
having children learn fewer cards. In addition to effects of
layout condition, we found there were no differences in
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Figure 2: Example learning curves in new learning
phase. Trial-wise performance from one adult displayed
behind fitted exponential functions. Annotated with
learning rates (𝛽) and starting values (𝛼) for each curve.
Black dashed line indicates perfect performance, gray
dashed line indicates chance.

Figure 3: Child and adult log-transformed learning rates
(𝛽) in new learning phase according to layout condition.
Interaction effect: F(1,108)=5.38, p=0.02.
• p<0.1; * p<0.05

Figure 4: Younger and older children log-transformed
learning rates (𝛽) in new learning phase. Child group effect
for overlapping layout: p=0.075.
• p<0.1

learning rate according to whether the layout was learned first
or second, in either age group (all F(1,108)<1.2, p>0.2),
suggesting no significant impact of task experience on
performance.

group for non-overlapping layouts: p=0.56). This suggests
that our findings are not due to differences in initial learning.
Moreover, we found no effect of layout learning order on new
learning rate (all F(1,108)<1.6, all p>0.2).
We also looked at whether there were developmental
differences within the children across conditions. When age
was included as a continuous predictor, we found no
significant effect of child age, layout condition, or their
interaction (all F(1,49)<1.6, all p>0.2). When children were
split into older (>7 years) and younger (≤ 7 years) groups,
younger children had marginally higher learning rates
(F(1,49)=2.96, p=0.09; no layout condition or interaction
effects, F(1,49)<1.6, p>0.2). This overall effect was driven by
a trend-level difference on the overlapping (p=0.075; see Fig.
4), but not the non-overlapping layout (p=0.53).
Additionally, learning rate was numerically (not
significantly; p=0.15) faster on the overlapping than the nonoverlapping condition in the younger age group. This
suggests that differences within the child group were limited
and if anything, learning may have been slightly facilitated
by overlapping spatial knowledge for younger but not older
children.

Impact of Prior Knowledge on New Learning
Differs Between Children and Adults
We primarily aimed to investigate how pre-existing spatial
knowledge impacted new learning, and whether this effect
was different in children and adults. Consistent with our
expectation of developmental differences, we found a
significant interaction between layout condition and age
group on new learning rate (condition ´ age group:
F(1,108)=5.38, p=0.02; no main effects, all F(1,108)<1.6, all
p>0.2; see Fig. 3). However, this difference was in the
opposite direction of our predictions. We expected that adults
would benefit from overlap with prior knowledge, but instead
we found that they showed a statistical trend consistent with
proactive interference. Specifically, adults had marginally
slower learning on the overlapping than non-overlapping
layout (two-tailed p=0.07), while for children the difference
was numerically (not significantly; p=0.14) in the opposite
direction. Moreover, interrogating differences across
development within each condition revealed learning rate
was significantly slower in adults than children on the
overlapping layout (p=0.015), while the difference was not
significant for the non-overlapping layout (p=0.56). This
suggests that learning may be impeded in adults when they
have overlapping spatial knowledge, while it is largely
unaffected, or slightly facilitated, in children. All effects were
similar when we controlled for individual learning rates on
the associated initial layouts (layout condition ´ age group:
F(1,103.5)=5.30, p=0.02; no main effects, all F(1,103.2)<1.6,
p>0.2; condition for adults: p=0.075; condition for children:
p=0.14; age group for overlapping layouts: p=0.015; age

Initial Memory Unaffected by New Learning
We also investigated whether memory for initially learned
locations was retroactively disrupted by new learning in the
same spatial context. Any difference in memory for the
initially learned locations (A1 and B1) would reflect the
impact of new overlapping learning on memory for A1
locations. Overall, accuracy was high on the memory tests
(adults: Macc=0.92, SD=0.10; children: Macc=0.84, SD=0.25).
Interrogating performance as a function of layout condition
(overlapping versus non-overlapping) revealed no significant
differences (all F(1,116.5)<1.0, p>0.3); however, we caution
against over-interpretation of this result given many
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participants (roughly 50% of each age group) performed
perfectly. When we considered developmental differences,
children were significantly less accurate on the final memory
tests than adults (F(1,109.1)=5.78, p=0.018). Additionally, for
both age groups, performance was better on the second
memory test (always also the second layout learned)
compared to the first (F(1,121.9)=15.9, p<.001; no interaction
with age group: F(1,121.9)=0.68, p=0.41). This may simply
reflect a bias for the most recently learned layout or for the
layout acquired when subjects were more familiar with the
task. Response time analyses mirrored the accuracy results
(age: F(1,113.5)=26.6, p<.001; order: F(1,122.8)=29.2, p<.001;
layout condition, age × condition: all F(1,106.0)<0.03, p>0.8).

Discussion
We set out to test whether prior knowledge differentially
impacts new learning in children and adults using a spatial
learning task. In accordance with our developmental
predictions, we found that new learning was differently
affected by relevant spatial memories in adults and children.
However, rather than enhancing new learning in adults,
recent prior knowledge seemed to proactively interfere with
their ability to learn new object-location pairs within the same
spatial context. In contrast, learning in children, especially
younger children, was potentially facilitated by previous
experience with a spatial layout. There was no evidence for
retroactive impact of new learning on initial memory.
In contrast to studies with rodents and humans using
similar paradigms (Sommer, 2017; Tse et al., 2007; van
Buuren et al., 2014), adults here did not benefit from prior
overlapping knowledge when acquiring new spatial
information. This deviation from previous findings may be
due in part to the much shorter time frame of our experiment.
To investigate whether more recent memories could facilitate
new learning, our subjects learned initial and new locations
within an hour, rather than across multiple days (Tse et al.,
2011; van Buuren et al., 2014; van Kesteren, Brown, &
Wagner, 2018). Thus, the interference effect seen here may
point to the importance of time and/or sleep for consolidating
initial spatial memories into a structure that can facilitate new
learning (Lewis & Durrant, 2011; Tse et al., 2007; Wang &
Morris, 2010; see however Cai et al., 2016; Zeithamova &
Preston, 2017). It could also signal the importance of
extensive initial training; previous work suggests that
stronger initial spatial memories support more facilitation
(van Kesteren, Brown, & Wagner, 2018). Further, some
associative learning studies have even reported that medium
strength initial memories compete (i.e., interfere) with new
learning (Hayes-Roth, 1977), suggesting there may not be a
simple monotonic relationship between prior knowledge and
new learning (Ritvo, Turk-Browne, & Norman, 2019).
Additional potential factors driving the discrepancy
between our findings and previous work may include high
individual variability and our choice to focus on learning rate
rather than later memory. First, there may be high variability
in whether adults integrate related memories that are formed
on the same day (Schlichting, Mumford, & Preston, 2015;

Schlichting & Preston, 2014). If this kind of variability were
to exist in our sample, it would be difficult to see consistent
effects of prior knowledge on new learning. Second, many
studies reporting proactive facilitation effects focus on later
memory benefits for newly learned information (Guo &
Yang, 2020; Sommer, 2017; van Kesteren, Brown, &
Wagner, 2018), rather than the acquisition rates measured
here. Future research could investigate whether later memory
for associations that overlap with prior spatial knowledge
may be enhanced, despite proactive interference during
learning. Combining initially competing experiences in
memory, though perhaps a slow process in this case, may
result in later protection from forgetting (Anderson &
McCulloch, 1999; Radvansky, 2005).
We predicted that children would not be impacted by prior
knowledge in the same manner as adults, as brain regions
important for utilizing related memories during new learning
undergo prolonged development (Calabro et al., 2020;
Gogtay et al., 2004; Schlichting et al., 2017). Our results
suggest that the effects of prior spatial knowledge on new
learning in children is indeed limited, which may seem to
contradict prior research suggesting children should be
equally, if not more, prone to proactive interference than
adults (Darby & Sloutsky, 2015; Robert et al., 2009).
However, work characterizing interference over development
largely focuses on memory retrieval, rather than encoding.
The lack of interference for children here may indicate that
they do not retrieve related (competing) memories during
new learning (Schlichting et al., 2021) and may store related
memories separately (Bauer et al., 2020; Shing et al., 2019).
Thus, the proactive interference effects typically seen in
children may be due to later post-learning processing, as
memories are consolidated or retrieved. As for the slight
facilitation seen in younger children (4-7 years old), we are
hesitant to interpret this effect too strongly, given it did not
reach statistical significance. Future work will be needed to
confirm whether the effect would emerge or disappear with a
larger sample of children. While the former outcome might
suggest that young children can use recent spatial memories
to scaffold new learning, the latter possibility could reflect
that there is high individual variability amongst children in
whether they integrate related memories from same-day
learning, similar to adults (Schlichting, Mumford, & Preston,
2015; Schlichting & Preston, 2014). Future research will
investigate these possibilities and pinpoint the age at which
performance in children mirrors that of adults.
The current study provides evidence for a developmental
shift in the impact of prior memories on new learning. While
recently formed memories may interfere with the acquisition
of new spatial knowledge in adulthood, children do not seem
to experience this interference. This may be because they do
not activate of prior knowledge during new learning. The
current work improves our understanding of learning over
development and the ways in which it differs from adults.
Further research can illuminate how best to support child
learners in educational settings, where it is often critical to
integrate new learning with recently acquired knowledge.
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Abstract
Parents and teachers often encourage students (e.g., “You can
do it!”) when they encounter challenges, but these messages
are not always effective. Whose encouragement motivates students the most, and why? Here we tested the hypothesis that
others’ domain knowledge (e.g., knowledge about course materials) and ability knowledge (e.g., knowledge about students’
abilities in the course) each inform how students evaluate their
encouragement. In a large-scale survey, we find that middle
school students (n=288) and high school students (n=425) are
most likely to seek out and be motivated by encouragement
from someone with both domain and ability knowledge, rather
than only one or the other. This effect emerged both when students reasoned about hypothetical classmates (Study 1a) and
real people in their lives (Study 1b). Moreover, we find that
confidence in others’ performance estimates linearly increases
when they have greater ability and domain knowledge (Study
1c). Collectively, this work suggests that students do not find
all encouragement equally motivating. Rather, students find
encouragement most motivating when the speaker has knowledge of their abilities and the domain.
Keywords: Motivation; Encouragement; Social Cognition;
Knowledge

Introduction
Students are constantly faced with learning decisions, like
which classes to take or how hard to study, that have longterm consequences for their academic achievement (e.g.,
Yeager et al., 2019; Duckworth, Peterson, Matthews, &
Kelly, 2007). However, students often have to make these
decisions with incomplete knowledge. For example, a student may have to choose between taking regular math or AP
calculus without knowing their aptitude in either or even the
difficulty of the courses. How then do students make these
learning decisions?
One critical source of input for students’ learning decisions
is feedback from others. In particular, parents and teachers
frequently try to motivate students by providing encouragement (e.g., “You can do it!”; Beets, Cardinal, & Alderman,
2010). Encouragement may be an especially valuable form
of feedback, as it typically conveys expectations about future performance (e.g., Henderlong & Lepper, 2002). Past
work has shown how specific types of praise (e.g., ability
vs. effort praise, Mueller & Dweck, 1998; inflated praise,
Brummelman, Thomaes, Orobio de Castro, Overbeek, &
Bushman, 2014; generic praise, Cimpian, Arce, Markman,
& Dweck, 2007) differentially impact children’s motivation.
Yet, we know relatively little about whether motivational

feedback is interpreted differently depending on who provides it. Here, we fill this gap by examining the personspecific factors that make social feedback more or less motivating for students.
Intuitively, even the exact same piece of encouragement
(“You can do it!”) can be more or less motivating depending
on who it comes from, because of what they know. For example, imagine that you are struggling in an advanced-level
cognitive science methods course, and you are thinking about
dropping the class. Let’s say that your parent tells you, “You
can do it!” While this may make you feel good (Yoon, Tessler,
Goodman, & Frank, 2020), this may not necessarily motivate
you to stick with the course—presumably, your parent does
not know the course content, nor your abilities in cognitive
science. Now let’s say that your labmate, who has already
taken the course, tells you, “You can do it!” This encouragement may genuinely motivate you to keep persisting in the
course—your labmate knows the course material and knows
your technical skills. Although parents and labmates differ in
many ways aside from what they know (e.g., how close you
are to them, or how much authority they have), one possibility
is that their domain knowledge (e.g., the material in a course)
and ability knowledge (e.g., your skills related to the course)
are key dimensions by which you evaluate their encouragement. That is, independent of the student’s relationship to the
speaker (e.g., a parent vs. a labmate), encouragement may be
most motivating when it comes from someone who has both
domain and ability knowledge, compared to someone who
has only domain knowledge or ability knowledge, or neither.
Indeed, prior work in developmental cognitive science provides some initial support for this hypothesis. First, young
children understand that people can have knowledge about
different domains (e.g., Lutz & Keil, 2002; VanderBorght &
Jaswal, 2009). Furthermore, children seek out information
from more knowledgeable teachers (e.g., Birch, Vauthier, &
Bloom, 2008; Harris, Koenig, Corriveau, & Jaswal, 2018)
and evaluate testimony and demonstrations depending on others’ knowledge (e.g., Bonawitz et al., 2011; Gweon, 2021).
Second, recent work suggests that children can infer others’
knowledge or beliefs about their own abilities from others’
observations of the self (Asaba & Gweon, 2021). Schoolaged children can use these representations to interpret others’ pedagogy (Bass, Mahaffey, & Bonawitz, 2021). For instance, 6-8 year-olds are more likely to take a teacher’s rec-
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ommendation of which task to try if the teacher has accurate
beliefs about their abilities (Bass et al., 2021).
Notably, these studies have tested the role of others’ domain knowledge and ability knowledge in isolation (i.e., only
manipulating one type of knowledge) and only in the context
of evaluating teaching. Thus, it is not known whether students consider both others’ domain knowledge and their ability knowledge when reasoning about their motivational feedback. Although past work suggests that children are sensitive
to mental states when reasoning about others’ testimony (e.g.,
Gweon, 2021), it is possible that students simply treat others’
encouragement as positive reinforcement (Forness, 1973) and
do not consider who is providing the positive feedback. It is
also possible that students evaluate motivational feedback depending on whether others are knowledgeable or ignorant, but
do not take into account how relevant others’ knowledge is to
their current academic decision.

Current Study
Here we ask whether students in the United States seek out
and respond to encouragement depending on the speaker’s
domain and ability knowledge. Rather than focus on the
emergence of these capacities by testing young children, we
examine a period of development when others’ motivational
messages may have important, real-world impact: adolescence. Middle and high school students are in a critical period
of academic growth, in which they typically have more autonomy over their learning decisions, but often experience setbacks (e.g., struggling in a course) and can fall behind without
proper support (see Eccles & Roeser, 2009; Wentzel, 1998).
We tested two main predictions: Students are most likely
to (i) seek out and (ii) be motivated by encouragement from a
speaker who has both domain and ability knowledge (“knowledge overlap”), compared to a speaker who has either domain or ability knowledge, or neither, even when all speakers provide the same content of encouragement. To this end,
we conducted a large-scale, preregistered online study with
three main sections (Study 1a, 1b, and 1c; separate exclusion criteria for each section), through the Character Lab Research Network.1 Study 1a explicitly provided speakers’ (hypothetical classmates) domain and ability knowledge to participants (e.g., “a classmate who knows your math abilities
and has already taken your math class”) and asked participants whose encouragement they would seek out and find
motivating. Study 1b asked participants to reason about encouragement from people in their actual lives (e.g., their parents, teachers, peers) and provide ratings on each person’s
domain and ability knowledge. Finally, Study 1c investigated
a potential mechanism underlying participants’ judgments in
a 3rd-person paradigm: confidence in others’ performance
estimates. Throughout, we specifically focus on encouragement about math and science (i.e., STEM) courses, given that
STEM enrollment and participation can lead to increased ca1 A consortium of middle and high schools in the US that partner
with scientists to advance research that help students thrive.

reer opportunities and social mobility, especially for disadvantaged students (Rozek, Ramirez, Fine, & Beilock, 2019).
Our survey, preregistrations, data, analyses, and full demographic information can be found here: https://osf.io/vu3ya/.

Study 1a: Hypothetical Classmates
In Study 1a, participants were asked to reason about encouragement from hypothetical classmates, whose knowledge was explicitly provided.

Participants
We tested n=2882 middle school (ms) students (Mean age:
12.26 years, SD: .91, Range: 11-15; Gender: 44.1% girls,
45.1% boys, 4.9% other, 5.9% no response; Race: 64.2%
White, 59.7% Hispanic, 15.6% Black, 8.3% Asian, 1.4%
Multiracial, 10.4% no response), and n=425 high school (hs)
students (Mean age: 15.74 years, SD: 1.23, Range: 13-19
years; Gender: 50.4% girls, 45.4% boys, 2.1% other, 2.1% no
response; Race: 48.9% White, 38.1% Hispanic, 18.8% Black,
7.3% Asian, 3.1% Multiracial, 0.7% Pacific Islander, 0.2%
American Indian/Alaska Native, 8.9% no response) from the
United States. Additional students were tested but excluded
for not completing the section (n=11 ms; n=9 hs) or providing
the same rating for all test questions (n=26 ms; n=70 hs).

Methods
Participants read six vignettes about first-person hypothetical academic situations (four test vignettes, two control vignettes; order randomized), and provided ratings for four
classmates (order randomized) in each vignette, for a total
of 24 ratings per participant.
The test vignettes were about studying for a math/science
exam (persistence context) or deciding whether or not to take
an advanced math/science course (challenge-seeking context). Two vignettes asked whose encouragement they would
seek out (Seek DV), and two asked how motivated they would
be given others’ encouragement (Motivation DV), for four
test vignettes total (persistence/challenge-seeking context and
domain of math/science counterbalanced across vignettes).
The following are examples of Seek and Motivation vignettes: “Let’s say that you are considering classes next
semester and want help deciding whether you should take
the standard math class, or whether you are ready for the advanced math class. How likely are you to turn to the following people for encouragement to take the advanced math
class?” (Seek - challenge-seeking context about math); “Let’s
say that you have a difficult math exam coming up soon, and
you are feeling overwhelmed and stressed. For each of the
following people, how motivated would you be to study for
the test if they said, ‘I think you can do it! You got this!”’
(Motivation - persistence context about math).
2A

power analysis using pilot data showed that we needed at
least 100 participants in Study 1a to detect the effects of domain
knowledge and ability knowledge at 90% power. We oversampled
to ensure that we could detect these possible effects.
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For each vignette, participants provided ratings for 4 hypothetical classmates, who varied in their domain and ability knowledge (following example shows math domain): a
classmate who (i) “knows your math abilities and has already
taken the math class” (Knows Both), (ii) “knows your math
abilities and has not taken the math class” (Knows Abilities), (iii) “does not know your math abilities and has already
taken the math class” (Knows Class), and (iv) “does not know
your math abilities and has not already taken the math class”
(Knows Neither). Ratings were on a 5-point scale: Not at all
likely to Extremely likely (Seek DV) or Not at all motivated
to Extremely motivated (Motivation DV).
The two control vignettes were designed to address the
possibility that students treat any knowledge as equally beneficial, regardless of its relevance to the context. The controls were identical to the test vignettes, except that they were
about an English course, rather than math or science (e.g.,
“Let’s say that you have a difficult English exam coming
up...”). Participants saw one seek vignette and one motivation
vignette. The same 4 classmates as in the test vignettes were
used (e.g., a classmate who knows their math abilities and has
already taken the math class), such that their knowledge was
less relevant to the context; i.e., encouragement about studying for an English exam from a classmate who has knowledge
about the math course and math ability may be less meaningful than encouragement from that same person about a math
exam. To avoid confusion about these scenarios, we included
a note that there are no typos in the text.
Our key hypothesis was that participants would consider
hypothetical classmates’ domain and ability knowledge for
both Seek and Motivation DVs, such that they would provide
the highest ratings to the classmate with the knowledge overlap (the “knows both” classmate), followed by the classmate
who knows only one or the other, and provide the lowest ratings to the classmate who knows neither. We also predicted
that we would see this pattern specifically in the test vignettes,
and not in the control vignettes. Note that we varied the learning behavior (persistence vs. challenge-seeking) and domain
(math vs. science) to develop a richer set of vignettes, but we
did not expect to find differences between them.

Results
We fit linear mixed-effects models for each DV (Seek, Motivation) separately for Test and Control vignettes, and separately for middle school and high school students. As per our
preregistration, for all analyses in all experiments, we used
the maximal model that converged (Barr, Levy, Scheepers, &
Tily, 2013), so the random-effects structure may vary across
models depending on when they converged. For brevity, we
describe the final models for the Test Seek and Test Motivation vignettes for high school students only.
For the Test Seek vignettes, the final model consisted of
ability knowledge (1 or 0), domain knowledge (1 or 0), and
their interaction as fixed effects, and random slopes and intercepts for ability and domain knowledge by participant.
The Test Motivation model was the same, except we in-

Figure 1: Results from Study 1a (High School). Mean ratings
for how likely participants would be to seek out (Seek) encouragement or be motivated by encouragement (Motivation)
from each classmate. Error bars represent 95% CIs.
cluded random slopes and intercepts for ability knowledge
by participant and random slopes and intercepts by ability
and domain knowledge by learning behavior (persistence,
challenge-seeking).
For the Test Seek vignettes, we found a significant interaction between domain and ability knowledge (ms: β = .27,
p < .001; hs: β = .15, p < .001), and significant positive
effects of ability knowledge (ms: β = .73, p < .001; hs:
β = .68, p < .001) and domain knowledge (ms: β = .75,
p < .001; hs: β = .91, p < .001) on how likely participants
were to seek encouragement from each classmate. See Figure
2.3 Similarly, for the Test Motivation vignettes, we found a
significant interaction between domain and ability knowledge
(ms: β = .21, p = .008; hs: β = .21, p < .001), and significant
positive effects of ability knowledge (ms: β = .63, p < .001;
hs: β = .69, p < .001) and domain knowledge (ms: β = .68,
p < .001; hs: β = .70, p < .001) on students’ (self-reported)
motivation following encouragement. Follow-up analyses
(lmer model with classmate type predicting ratings) revealed
that both samples provided higher ratings to the “knows both”
classmate compared to the “knows abilities” classmate, the
“knows class” classmate, and the “knows neither” classmate,
for Seek and Motivation vignettes (p′ s < .001).
Surprisingly, for the Control Seek vignette, we also found
a significant interaction between domain and ability knowledge (ms: β = 1.33, p < .001; hs: β = .19, p = .018), significant positive effects for domain knowledge (ms: β = .56,
p < .001; hs: β = .53, p < .001) and significant positive
effects of ability knowledge only for high school students,
not middle school students (ms: β = .08, p = .344; hs:
β = .52, p < .001). Similarly, for the Control Motivation
vignette, we found a significant interaction between domain
and ability knowledge for the middle school sample (β = .22,
p = .041), and a marginal interaction for the high school sample (β = .13, p = .079), and in both groups, significant positive effects of domain knowledge (ms: β = .56, p < .001;
3 Due to space constraints, all figures show only the high school
results. Middle school results look qualitatively the same.
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Figure 2: Results from Study 1b (High School). A and B: Individual ratings (grey dots) for Seek (A) and Motivation (B) ratings
collapsed across person type (e.g., math teacher, parent), with best fit line and standard error. C: Mean Domain and Ability
knowledge ratings by person. Error bars represent 95% CIs.
hs: β = .46, p < .001) and ability knowledge (ms: β = .57,
p < .001; hs: β = .54, p < .001).
However, exploratory follow-up analyses comparing the
test and control vignettes revealed that middle and high
school students provided higher ratings to the “knows both”
classmate, the “knows abilities” classmate, and the “knows
class” classmate in the test vs. control vignettes. We did
not find differences between test and control ratings for the
“knows neither” classmate. These post-hoc analyses suggest
that students would be more likely to seek out and listen to a
classmate with the relevant domain and/or ability knowledge
than one with irrelevant domain and/or ability knowledge.
Taken together, these results provide initial evidence that
students consider others’ domain and ability knowledge,
when reporting whose encouragement they would seek out
and be motivated by. Though we found similar patterns of results in the Test and Control scenarios, our exploratory analyses suggest that students were not simply using a heuristic
that any knowledge is equally motivating. Rather, students
were more likely to seek out and be motivated by encouragement from hypothetical individuals with more relevant domain and/or ability knowledge. However, in the real world,
students do not receive explicit information about others’ domain and ability knowledge. To test whether students spontaneously consider others’ domain and ability knowledge when
evaluating their feedback, we asked students in the next study
to reason about hypothetical encouragement from real people
in their lives without explicitly providing their knowledge.

Study 1b: Real People

Methods
First, participants wrote down (nick)names for: a parent/caregiver, their math teacher, their math teacher from
the previous year, their English teacher, a friend in their
math class, a friend not in their math class, and an older
friend/sibling who has taken their math class (if applicable).
We asked about these people because they plausibly represented individuals in students’ lives who likely vary based
on their knowledge of students’ abilities in math and domain
knowledge of math.
Next, participants were asked to imagine that they were
stressed while studying for a difficult math exam. For each
person that they listed above, they were asked how likely they
would be to seek out encouragement from them (Seek DV,
5-point scale from Not at all to Extremely Likely) and how
motivated they would be to study for the exam, given encouragement from them (Motivation DV, 5-point scale from Not
at all to Extremely Motivated). Questions were asked in a
fixed order (Seek, then Motivation) and blocked by person
(e.g., math teacher, parent; person order randomized).
Finally, participants were asked how much each person
knows about the math in their math class (Domain Knowledge, 5-point scale from None at all to A great deal) and their
abilities in their current math class (Ability Knowledge, 5point scale from None at all to A great deal). Thus, by the
end of this section, participants responded to the Seek and
Motivation test questions, and Domain Knowledge and Ability Knowledge questions for each person.

Results

In Study 1b, we used similar hypothetical scenarios as in
Study 1a, but had participants reason about encouragement
from real people they know (e.g., their parents, teachers,
peers). At the end of the section, we asked participants to
rate each person’s domain knowledge and ability knowledge.

Participants
We surveyed n=264 middle school students and n=411 high
school students (from the same survey as Study 1a). Additional students were tested but excluded due to not completing all parts of the section (n=45 ms; n=64 hs) or providing
the same rating for all test questions (n=16 ms; n=29 hs).

Using the same analytical plan as Study 1a, we ran the maximal models that converged for the Seek and Motivation questions, separately for the middle and high school samples. For
the Seek and the Motivation models for the high school sample, we included fixed effects for domain knowledge (1-5)
and ability knowledge (1-5), and their interaction, and random slopes and intercepts for ability knowledge by person
type (e.g., parent, math teacher) and participant. See OSF for
middle school models (https://osf.io/vu3ya/).
Strikingly, participants considered others’ domain and ability knowledge when evaluating their encouragement without
explicit prompting: Both middle and high school students re-
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ported that they would be more likely to seek out encouragement from those with more domain knowledge (ms: β = .16,
p = .002; hs: β = .13, p < .001) and ability knowledge (ms:
β = .37, p < .001; hs: β = .39, p < .001); we did not find
an interaction between domain and ability knowledge (ms:
β = −.81, p = .600; hs: β = .005, p = .695).
Similarly, students reported that they would be more motivated following encouragement from those with more domain
(ms: β = .15, p = .001; hs: β = .16, p < .001) and ability
knowledge (ms: β = .26, p < .001; hs: β = .33, p < .001).
Again, we did not find an interaction (ms: β = −.006, p =
.640; hs: β = −.01, p = .334). Interestingly, however, domain and ability knowledge were highly correlated in all reported individuals (p′ s < .001; see Fig. 2C). In other words,
despite asking about several different people, this more ecological study failed to probe students’ reasoning about people
who were high in one type of knowledge but low in the other.
Here, we found that students spontaneously considered
others’ domain and ability knowledge when evaluating hypothetical encouragement from real people in their lives. Taken
together, results from Study 1a and b provide initial evidence
that students would be most likely to seek out and be motivated by those with the knowledge overlap. However, it is
unclear what specific inferences underlie this effect.

Study 1c: Confidence
Why would students be more likely to seek out and listen to
encouragement from someone with higher ability and domain
knowledge? Considering that encouragement is a prediction
of future success, we hypothesized that students’ confidence
in others’ predictions scales with the magnitude of others’
domain knowledge and ability knowledge. Alternatively, it is
also possible that students entirely discount predictions from
speakers who do not have full knowledge. To test our hypothesis, we developed a 3rd-person task that parametrically varied a speaker’s domain and ability knowledge and probed participants’ confidence in the speaker’s performance estimate.

Participants
We tested n=258 middle school students and n=400 high
school students (from the same survey as Study 1a-b). Additional students were tested but excluded for failing to complete the section (n=18 ms; n=24 hs), providing the same rating for all test questions (n=39 ms; n=56 hs), or failing more
than 1 check question (see Methods; n=10 ms; n=24 hs).

Methods
Participants learned that students in a classroom had taken
4 math quizzes and were about to take their 5th quiz. In
each trial, participants met a unique student (e.g., “Avery”)
who was about to take their 5th quiz, and a unique speaker
(e.g., “Lucy”) who made a guess about the student’s score on
the quiz. Participants were shown how many of the student’s
previous quizzes the speaker had seen (e.g., “Lucy saw 1 of
Avery’s 4 quiz scores”), and the speaker’s score on the fifth
quiz (e.g., “Lucy has already taken this [5th] quiz and got 4

Figure 3: Example trial (A) and results (B; High School) from
Study 1c. Mean confidence ratings and 95% CIs for each trial.

of 4 problems correct”). Then, participants were told, “Lucy
guessed what Avery’s score will be. How confident are you
in Lucy’s guess?” (5-point scale). Participants were not told
the speaker’s prediction.
We parametrically manipulated the speaker’s ability
knowledge by varying how many of the student’s prior quiz
scores the speaker had seen (0, 1, 2, 3, or 4 quiz scores), and
the speaker’s domain knowledge by varying their own quiz
score (0, 1, 2, 3, or 4 points), for 25 trials in total. Each participant saw 5 randomly selected trials.

Results
Using the same analytical plan as Study 1a and 1b, we ran
the maximal model that converged: number of quizzes seen
by the speaker (0-4 quizzes) and the speaker’s prior quiz
score (0-4 points) as fixed effects, with an interaction term
between them, and subject as a random intercept, to predict
participant’s confidence ratings (same model for ms and hs).
We found a marginal non-significant interaction between the
number of quizzes seen and the speaker’s quiz score in middle
school students (β = .03, p = .073) and a significant interaction in high school students (β = .03, p = .022). For both
groups, we found a significant positive effect of number of
previous quizzes seen (ms: β = .13, p < .001; hs: β = .20,
p < .001) and prior quiz score (ms: β = .21, p < .001; hs:
β = .22, p < .001) on participants’ confidence ratings.
These results show that participants’ confidence in others’ performance estimates depends on the precise quantity
of both others’ domain knowledge (how well they did on the
final quiz) and ability knowledge (how many of the student’s
quizzes they previously saw). Given that encouragement can
be viewed as a performance estimate, these results provide
initial support for our hypothesis that confidence underlies
the knowledge overlap effects from Studies 1a-b.
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General Discussion
In this preregistered, large-scale survey, we investigated
whose encouragement middle and high school students seek
out and find motivating in academic contexts. We predicted
that students would be more likely to seek out and be motivated by encouragement from a speaker with both domain
knowledge (e.g., the material on a math exam) and ability
knowledge (e.g., their math skills), compared to a speaker
with just one or the other, or neither. Indeed, this pattern
emerged when students reasoned about hypothetical classmates, whose knowledge was explicitly provided (Study 1a),
and real people in their lives, whose knowledge was not provided (Study 1b). Furthermore, Study 1c suggests that confidence in others’ performance predictions may be a mechanism underlying these processes: Students were more confident in performance estimates from speakers who had higher
domain and ability knowledge.
Our work contributes to research on motivational feedback
by highlighting the importance of who is providing feedback
and what they know. Furthermore, we specifically tested
students’ reasoning about encouragement, a relatively understudied, yet common form of feedback. Moving beyond past
work on the role of others’ ability and domain knowledge (in
isolation, e.g., Lutz & Keil, 2002; Asaba & Gweon, 2021)
when children evaluate teaching, our findings show that students consider both when evaluating encouragement. Notably, we observed this effect when the speakers’ relationships to the participant were controlled for (e.g., all peers;
Study 1a) and when they varied (parents, teachers, peers;
Study 1b). These results suggest that adolescents do not find
all encouraging equally motivating; rather, they evaluate encouragement given the relevance of the speaker’s knowledge.
In Study 1a, we found an effect of domain and ability
knowledge, even when this knowledge was less relevant to
the context (i.e., in the control scenarios). However, we found
that participants provided higher ratings for each classmate
(except the “knows neither” classmate) in the Test compared
to the Control scenarios. Furthermore, pilot data suggests that
the overall pattern does not emerge when students are asked
to reason about classmates with knowledge about sports and
their sports abilities (i.e., a domain that is even less relevant
than English). These findings suggest that students do not
treat all knowledge as equally beneficial. Nonetheless, even
when others have less relevant domain or ability knowledge,
students may infer that they still know something about broad
aspects of the self (e.g., their study habits). Future work can
investigate students’ inferences about others’ representations
of their broad academic traits, and how this relates to their
evaluations of others’ encouragement.
Although we found consistent results across studies, there
are important differences between them that merit closer inquiry. Specifically, Studies 1a-b told or asked participants
about others’ “knowledge about your math class” (or told
them that the speaker had “taken the math class before”),
or “knowledge about your math abilities”, whereas Study 1c

operationalized domain knowledge as the speaker’s own performance, and ability knowledge as the speaker’s prior observations of the student. Thus, it is unclear which specific
aspects of domain and ability knowledge students are representing. For example, take domain knowledge: are students
using test scores to infer others’ broad domain knowledge,
or to infer others’ knowledge of task difficulty, specifically?
Furthermore, while Study 1a and 1c manipulated domain and
ability knowledge, Study 1b asked participants to provide ratings for each, and we found strong correlations between them.
This suggests that these “types” of knowledge may be dependent on one another, or at least that they are highly overlapping in real-world contexts. Finally, Studies 1a and 1b asked
about responses to encouragement, whereas Study 1c asked
for confidence in performance estimates, leaving open questions about how these are related to one another. Ongoing
work is building a computational model of encouragement
that will help fill these gaps. The model will formalize these
knowledge representations, how they are connected (or not),
and how confidence in performance estimates relates to students’ responses to encouragement.
This study leaves open a number of questions. First, in
Studies 1a and b, we asked participants to self-report how
likely they would be to seek out and be motivated by others’
encouragement, so we do not know yet whether or how participants’ actual behaviors would be affected and whether task
demands influenced our results (i.e., thinking that they were
supposed to consider others’ knowledge; Study 1a priming
their responses for 1b, etc). Ongoing work is directly measuring students’ learning behaviors following encouragement
in a live, experimental paradigm. Second, we tested middle
and high school students given the real-world importance of
their learning decisions, but the emergence of the capacities
to jointly reason about others’ domain and ability knowledge
is not known. Recent work showed that young children attend
to whether a speaker selectively vs. indiscriminately provides
praise (Asaba et al., 2018), so it is possible that they can also
attend to other aspects of the speaker, such as their knowledge
states. Future work can explore the development of children’s
capacity to integrate these two types of knowledge and how it
impacts their motivation.
Students are often faced with decisions about what tasks
to pursue and how hard to try. Here we find that not all encouragement is equally motivating. Rather, encouragement
is most motivating when it comes from someone who knows
about the domain of the task and students’ abilities in that domain. To effectively motivate students, it may be important
to match them with people who they will actually listen to:
those who know their abilities and the task at hand.
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Abstract
Diversity of social identities can improve the performance of
groups through varied cognitive and communicative pathways.
Recently, research efforts have focused on identifying when
we should expect to see these potential benefits in real-world
settings. While most research to date has studied this topic
at individual and interpersonal levels, in this paper, we develop an agent-based model to explore how various aspects
of homophily, the tendency of individuals to associate with
similar others, affects performance at a larger scale. Study 1
examines how two types of homophily—identity-driven and
opinion-driven—impact collective performance on a sequential decision-making task via modulating network formation
and trust relations. Study 2 considers how the presence of
identity-based conformity pressure can affect the findings from
the first study. Overall, we find that the effect of homophily on
performance is complex, depending on the operative dimensions of similarity, mediating pathways, and the specific outcome of interest. Finally, we discuss the implications of our
results for policy interventions aiming to improve group performance.
Keywords: diversity; social networks; homophily; assortativity; trust; conformity; computational modeling

Introduction
Diversity, broadly construed, is important to successful inquiry within groups, ranging from juries and deliberative
mini-publics to scientific communities. However, it has recently been noted that, in many cases, there is a gap between
the potential benefits of diversity and its observed impacts.
Motivated by this “diversity gap,” Sulik, Bahrami, and Deroy
(2021) argue we should shift our focus from whether, why,
and how diversity beneficial to when it is beneficial. Previous
work has identified a number of personal and interpersonallevel effect modifiers and enabling conditions that shape the
presence and extent of diversity’s benefits (e.g., the nature and
difficulty of the task, diversity mindset, ...) (Phillips, 2017;
Page, 2017). Here, we focus on a network-level consideration
that though critical remains understudied in current cognitive
science literature: homophily—the tendency of individuals
to associate with similar others within diverse communities.
Because of homophily’s impacts, groups with the same demographic composition can have different levels of “local diversity” (Gomez & Lazer, 2019) and behave in radically different ways.
Homophily is a pervasive feature of diverse communities
(Jackson, 2010). In particular, scientific communities are homophilic, especially when it comes to co-authorship patterns
(Ferber & Teiman, 1980; McDowell & Smith, 1992; Boschini & Sjögren, 2007; del Carmen & Bing, 2000; West,

Jacquet, King, Correll, & Bergstrom, 2013; Wang, Lee, West,
Bergstrom, & Erosheva, 2019) and citation patterns (Wardle,
1995; Paris, De Leo, Menozzi, & Gatto, 1998; Ghiasi, Mongeon, Sugimoto, & Larivière, 2018). Previous works provide
reasons to think that homophily might be beneficial to scientific inquiry: When dealing with difficult or complex tasks,
limiting information flow can prevent scientists from erroneously converging on a belief that a less effective treatment
is best (Zollman, 2007, 2010) or it can spur a greater number
of independent innovations upon which to ultimately build
(Derex & Boyd, 2016). And, homophily has been shown to
slow the spread of ideas (Golub & Jackson, 2012b), thus hindering information flow in ways that can be beneficial to inquiry.
However, we will show that the relationship between homophily and successful inquiry is more complicated than this
reasoning would suggest. This is because homophily can be
driven by many different dimensions of similarity (e.g., social identities, attitudes and beliefs, or values) (Monge et al.,
2003) and it can manifest in different structural and behavioral effects (e.g., forming connections, trust relations, or desire to conform) (Fazelpour & Steel, 2021). The overall impact of homophily depends on which dimension(s) of similarity are operative, and how their manifestations interact. In this
paper, we examine the impacts of two types of homophily—
driven by similarity of identities and of opinions. Study 1 examines how these two types of homophily impact collective
performance by modulating network formation and trust relations. We consider both the effect of opinion-based trust, for
which we develop a novel formalization, and identity-based
trust on inquiry. We find that homophilic networks are generally more successful than non-homophilic random networks
in this context. Study 2 further considers what happens when
we add another potential pathway of homophily’s influence,
namely, the pressure to conform with others in your social
identity group. We find that conformity generally impedes
inquiry, and that the effect is more pronounced in homophilic
networks and those with identity-based trust.
In addition to exploring when homophily is beneficial to
inquiry, we make two further contributions. First, we provide
a more fine-grained articulation of the nature of the benefits
themselves. Clearly specifying the outcomes that we value is
important not only for determining what we consider beneficial, but also for anticipating and navigating potential tradeoffs between different performance desiderata (e.g. speed of
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Figure 1: A schematic overview of the agent-based model
used in our studies.
inquiry vs. likelihood of converging on the truth). Second, we
complement psychological studies, which give evidence regarding the nature of short term interactions in small groups,
by using simulation studies, which give us information regarding outcomes of long term interactions in larger groups.

Study 1
Study 1 examines the impact of two types of homophily—
identity-driven and opinion-driven—on collective performance in sequential decision-making tasks. We investigated
this influence along two specific pathways by which homophilic tendencies can impact group performance: (1) preferential association with similar others in network formation
and (2) higher trust in the testimony of similar others. We
explored the impacts of both types of homophily—identity
and opinion—along the trust pathway, but only considered
the network formation effects of identity-induced homophily.

Method
Basic computational model. We constructed an agentbased model to investigate these effects. The agents in our
model face a two-armed bandit task, which is a standard
formalization of a key type of sequential decision-making
task (Sutton & Barto, 2018; Daw, O’doherty, Dayan, Seymour, & Dolan, 2006). At each time point, an agent must
decide between one of two options (e.g., a doctor choosing
between two choices of treatment). While the agent is unaware of the objective payoffs of the options, it has subjective beliefs about these payoffs. By choosing to experiment
with an option, the agent can be thought of as conducting a
number of trials and observing the number of successes and
failures that ensue. The task is to learn from this feedback at
each time point (e.g., number of patients recovered) to find
the superior alternative. We model the successes of experimenting with option (or arm), 𝑘, at a given time point as a
random draw from a binomial distribution, 𝐵(𝑛, 𝜋𝑘 ), where
𝑛 is the number of trials and 𝜋𝑘 is 𝑘’s objective probability of success (Zollman, 2010). The subjective beliefs about
the successes of arm, 𝑘 is modeled as a beta distribution,
𝐵𝑒𝑡𝑎(𝛼𝑘 , 𝛽𝑘 ).1 Throughout, we use 𝑛 = 1000 and randomly
1 Beta distribution is the conjugate prior for binomial distribution
(used here to model observed successes), which makes belief updating easier (Blitzstein & Hwang, 2015).

draw the initial values of 𝛼 and 𝛽 for each agent from the
uniform distribution 𝑈 (0, 4).
Each agent in our studies can belong to one of two identity groups—a membership that can influence patterns of network formation, trust relation, or both (as described below).
To model social relations, the agents are placed on networks
of various types (see below). A connection between two
agents in the network indicates a direct line of influence between them—e.g., in terms of receiving testimonial evidence
from one another or observing each others’ behavior. In addition to their direct observations, then, each agent also receives evidence from their neighbors in the social network.
In this way, depending on the choice of their neighbors, the
agents might also receive evidence about an option they themselves did not choose. At each time point, the agents update their beliefs about the payoff of options by incorporating the weighted sum of evidence (i.e., successes and failures observed over 𝑛 trials) collected by themselves and their
neighbors. The weighting on a piece of evidence received
from a neighbor depends on the focal agent’s trust in that
neighbor. Finally, given these belief distributions, agents always choose the option that currently has the highest estimated mean (or, as in the next study, highest overall epistemic
and non-epistemic value).2 Figure 1 provides a schematic
overview of the model.
Network formation. We examine collective performance
across three general types of network structure: (1) complete
networks: a fully connected network in which there is a direct link between any two agents, (2) homophilic networks:
a toplogy where the pattern of connections between agents is
shaped by their identities (Golub & Jackson, 2012a; Rubin
& O’Connor, 2018), and (3) random where connections are
formed independent of identity. Specifically, in homophilic
networks, an agent will be connected to in-groups with a
probability 𝑝𝑖𝑛 and to out-groups with a potentially different
probability 𝑝𝑜𝑢𝑡 . Of course, varying 𝑝𝑖𝑛 and 𝑝𝑜𝑢𝑡 changes both
(i) the likelihood of identity-based clustering and (ii) a network’s overall sparsity. We can disaggregate the impact of
these two factors, and focus specifically on (i), by compar𝑖𝑛
, allowing
ing homophilic networks with different ratios 𝑝𝑝𝑜𝑢𝑡
𝑝𝑖𝑛 and 𝑝𝑜𝑢𝑡 to vary such that, in all such networks, regardless of the ratio, the probability of a connection between any
two agents, whatever their identities, remains invariant. The
random networks that we considered correspond to structures
𝑖𝑛
where 𝑝𝑝𝑜𝑢𝑡
= 1.
Trust relations between agents. As mentioned above,
in this study, we considered two determinants of trust
based on (1) shared group identity and (2) similarity of
opinions or like-mindedness. In general, we model trust as
a weighting factor, 𝑤, in integrating information—successes
2 In other words, the agents are greedy and never explore seemingly inferior options. Exploration thus depends on the evidence
from neighboring agents.
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Figure 2: The impact of homophily on (a) efficiency and (b) speed via network formation and trust. 𝑟𝑘 refers to homophilic
networks where 𝑝𝑖𝑛 = 𝑘 × 𝑝𝑜𝑢𝑡 while keeping the overall connectivity fixed. “bel” refers to opinion-based trust, “id” to identitybased trust with 𝑤 = 0.1, and “full” to full trust. The complete network is included for contrast purposes. All networks of 40
agents with parity of representation. The first data point in (a) corresponds to 2 experiments.
and failures—arriving to an agent from its neighbors (see
Figure 1). In the case of identity-based trust 𝑤 values
remains fixed, insofar as we assume that group identities
remain stable in our model. In contrast, since opinions can
change as agents gather more observations and update their
beliefs, 𝑤 values for opinion-based trust are dynamic. In
both cases, we assume agents fully trust themselves, i.e.,
adopt a 𝑤 = 1 in weighting their own observations. As a
baseline comparison to identity-based and belief-based trust
relations, we also consider “full trust” cases where the agents
uniformly trust all their neighbors, i.e., 𝑤 = 1 for all dyadic
relations.
Identity-based trust. We follow Fazelpour and Steel (2021)
in modeling the impact of identity-based trust on information
integration. According to this model, while the evidence
from in-group neighbors is treated as if it was directly
observed (i.e., 𝑤 = 1 for in-groups), agents give relatively
less weight to evidence arriving from out-groups. That
is, the successes and failures reported about an option by
an out-group neighbor is weighted by a fixed factor, 0 ≤ 𝑤 ≤ 1.
Opinion-based trust. In order to formalize dynamic trust,
we need to specify how agents can estimate like-mindedness
given the information available to them. A natural way of
doing so is for agents to simply track behavioral similarities
with others. Specifically, let 𝐴𝑖𝑛 = {𝑎1𝑖 , 𝑎2𝑖 , ..., 𝑎𝑛𝑖 } be agent 𝑖’s
action sequence up to and including experiment 𝑛. Agent 𝑖
can estimate a neighbor 𝑗’s like-mindedness by comparing
their action sequences, such that 𝑖’s trust in 𝑗 at 𝑛 is given
by
𝑗
∑𝑛 1[𝑎𝑡𝑖 = 𝑎𝑡 ]
𝑤𝑛𝑖𝑗 = 𝑡=1
𝑛
where 1[.] is an indicator function that takes the value of 1

when the agents perform the same action and is 0 otherwise.
Accordingly, agents’ trust in others ranges between 0 and 1:
an agent fully trusts a neighbor when they have taken exactly
the same action at each time point. Conversely, agents will
have no trust in a neighbor, if they have always chosen different options.

Experimental design and procedures. We explored the
impact of the two types of homophily along network formation and trust pathways across a wide range of parameter settings. In terms of network topologies, in addition to complete
network structures, we examined homophily networks with
ratios {1, 2, 4, 8} (constructed as described above with 𝑟2 corresponding to a network with [𝑝𝑖𝑛 , 𝑝𝑜𝑢𝑡 ] = [0.4, 0.2]). While a
network with ratio 1 amounts to a random network with no
homophilic tendencies, a ratio of 8 indicates that agents are 8
times more likely to connect to in-group others. For identitybased trust, we varied 𝑤 between 0.05 and 1 (increments of
0.05). Note, however, that below we often refer to the case of
𝑤 = 0.1 as identity-based trust. Finally, throughout, we kept
the objective probability of payoff for the two options fixed
with 𝜋𝐴 = 0.499 and 𝜋𝐵 = 0.5.
In examining the impact of homophily, we consider three
aspects of group performance characterized in terms of three
outcomes:
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• Reliability: The percentage of simulation runs ending in
correct, unanimous consensus.
• Speed: The number of experiments until the last change in
choice behavior.
• Efficiency: Evaluated by comparing reliability at different
time horizons (or number of experiments).
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Figure 3: The impact of homophily on reliability across networks of different size. Homophily’s impact on performance (a) via
opinion-based trust (“bel”) and (b) via identity-based trust with 𝑤 = 0.1 (“id”). The dashed lines, used as comparative baselines,
depict the impact in identity-driven network formation in the case of full trust. The complete network is included for contrast
purposes.

Results and discussion
We find sparser networks (random as well as various degrees
of homophily) to be more conducive to successful inquiry
at longer time horizons when compared to the complete network. This is in line with previous studies (Zollman, 2007;
O’Connor & Weatherall, 2019) and can be explained by the
fact that in complete networks the transmission of misleading
results is swift and widespread. As a result, agents in complete networks are particularly susceptible to reaching premature consensus on the wrong option. This is made less likely
by sparsity in network connection, as can be seen by comparing the longer term performances of networks with full
inter-agent trust in Figure 2a (“comp full” vs. “r1 full” and
“r8 full”). Importantly, the transmission of (mis)information
can also be slowed down by lowering levels of trust. Hence,
as the figure shows, the performance of complete networks
improves when agents’ trust behavior is governed by either
identity-based or opinion-based considerations (as opposed to
full trust). This is similar to findings by Fazelpour and Steel
(2021), though they only examine the identity-driven case.
As depicted in Figure 2a, however, the performance of sparser
networks and networks with lower than full trust comes at a
cost to speed. Accordingly, whether homophilic networks (or
homophilic trust relations) are superior to complete networks
(or fully trusting relations) depends on the outcome of interest
(speed vs. success).
We did not find any appreciable differences in reliability, or
success at longer time horizon between networks with varying degrees of homophily (when keeping the type of trust
fixed). We did, however, find that across all types of trust, increased identity-driven associations increased the speed and
efficiency of learning, which was particularly salient in the
case of identity-driven trust (see Figure 2b).

While increasing the size of the network improved performance (both in terms of reliability and speed) across all network and trust types, the pattern of growth in sparser networks with opinion-driven trust stands out (“𝑟1 bel” and “𝑟8
bel” in Figure 3a). Specifically, while identity-driven (as opposed to full) trust had no appreciable impact on successful performance in these networks, opinion-driven trust was
highly detrimental in smaller group sizes. A possible explanation is that the reduction of trust in neighbors who are
not seen as like-minded is particularly problematic when the
number of neighbors is small to begin with. In such cases
agents can quickly end up receiving only evidence that confirms their beliefs. A closer look at our findings supports this
explanation: a substantial portion of simulation runs in these
networks end up with general polarization (i.e., cases where
the collective ends with clusters of opposing, stable opinions
that do not fall along identity lines). In “𝑟1 bel” networks, for
example, such outcomes constitute 32% of runs in groups of
size 10, 26% of runs in groups of size 12 (compared to 4% and
3% respectively, in “𝑟1 id”, where trust is driven by identity).

Study 2
In study 2, we consider how the presence of identity-based
conformity can impact the results from the previous section.
Such (normative) conformity pressures are prevalent in realworld settings (Cialdini & Goldstein, 2004; Deutsch & Gerard, 1955), and they are critical to incorporate, because in
such settings we often do not have the capability to pick and
choose which of homophily’s effects we’d like to be present.

Method
When conformity pressures are present, the behavior of
agents is no longer a faithful reflection of their beliefs. As
a result, in addition to formalizing how conformity pressures
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Figure 4: The impact of identity-induced conformity on reliability in (a) full trust, (b) opinion-based trust (“bel”), and (c)
identity-based trust with 𝑤 = 0.1 (“id”). All networks of 40 agents with parity of representation.
shape agent behavior, we also need to consider the impact of
this effect on other aspects of behavior (e.g., opinion-based
trust) and relevant outcomes (e.g., polarization).
Conformity in diverse networks. While conformity in
general is a much studied topic in social psychology, the
study of conformity’s impact in identity diverse groups is relatively recent (Phillips, Mannix, Neale, & Gruenfeld, 2004;
Phillips & Loyd, 2006; Gaither, Apfelbaum, Birnbaum, Babbitt, & Sommers, 2018). Here we use the formalization of
conformity’s impact on individual decision-making in diverse
groups in Fazelpour and Steel (2021):
𝑢𝑗𝑖 = (1 − 𝜅) × 𝑣𝑗𝑖 + 𝜅 ×

𝑖𝑛𝑖 (𝑗)
𝑖

Where 𝑢𝑗𝑖 represents the total perceived value of pursuing option 𝑗 for agent 𝑖. 𝑣𝑗𝑖 is agent 𝑖’s perceived expected payoff of
option 𝑗 (see Figure 1).  𝑖 is the total number of 𝑖’s neighbors and 𝑖𝑛𝑖 (𝑗) are the subset of neighbors who share the
same group identity with 𝑖 (i.e., are considered in-group by
𝑖) that pursued option 𝑗 in the previous time point. Finally, 𝜅
represents 𝑖’s conformist tendency. When 𝜅 = 0, agents simply follow their personal beliefs, but when 𝜅 = 1, agents just
follow the majority decision from in-group majority.3
This formulation is a modification of the “Other-Total Ratio” (Stasser & Davis, 1981) that is meant to capture two
key findings about conformity’s impact in identity diverse
groups: (1) individuals primarily feel the (normative) pressure to conform to in-groups (reflected in the numerator of
the fraction) (Antonio et al., 2004); and (2) the mere presence
of out-group individuals, regardless of their views, reduces
conformity pressure (reflected in the fixed denominator of the
fraction) (Phillips, 2017; Gaither et al., 2018).
Opinion-based trust in the presence of conformity. The
presence of conformity complicates our formulation of
opinion-based trust as perceived “like-mindedness”, since
agents might act contrary to their beliefs because of in-group
3 Throughout,

we use the same 𝜅 for all agents.

conformity pressure. In this case, agent 𝑖 observing neighbor 𝑗 acting in the same way will not necessarily convey 𝑗’s
“like-mindedness” to 𝑖. In fact, one could imagine this surface agreement to increase 𝑖’s distrust in 𝑗. To deal with this
type of scenario, we assume that, instead of considering what
it actually did, the focal agent 𝑖 compares what it would have
done had there been no conformity pressure with 𝑗’s actual actions. The agents thus adopt an asymmetric attitude towards
their own versus others’ conduct, downplaying the influence
of situational factors (i.e., conformity pressure) in the case of
others, but not in their own case. While this is clearly a simplification, as the literature on fundamental attribution error
in social psychology shows, in many circumstances people
do seem to act in similar ways (Ross, 1977).
Experimental design and procedures. We explored how
the presence of identity-based conformity might influence the
outcomes of previous section by varying the extent of conformity pressure between 0 and 0.02 (with increments of 0.002).4
The presence of conformity requires that we adopt a more
fine-grained lens on dependent outcomes. We introduce six
new categories of dependent outcomes:
• Correct all: Simulation runs that end with all agents pursuing the superior option and believing in their choice.
• Correct but: Simulation runs that end with all agents pursuing the superior option, despite the fact that some agents
do so as a result of conformity and against their beliefs.
• Incorrect all: Simulation runs that end with all agents pursuing the inferior option and believing in their choice.
• Incorrect but: Simulation runs that end with all agents pursuing the inferior option, despite the fact that some agents
do so as a result of conformity and against their beliefs.
• Inter-group polarization: Simulation runs that end with
(belief) consensus within identity groups and opposing
views between groups.
• General polarization: Simulations runs that end with no
consensus (in general or within groups).
4 Given the small different between the objective payoff of the
two options, anything outside this range simply amounts to purely
conformist behavior.
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Figure 5: The impact of identity-induced conformity on performance disaggregate by outcome types in random networks (r1)
with (a) opinion-based, (b) identity-based trust; and homophilic networks (r8) with (c) opinion-based and (d) identity-based
trust. All networks of 40 agents with parity of representation.

Results and discussion
As shown in Figure 4 and consistent with previous studies (O’Connor & Weatherall, 2018; Fazelpour & Steel, 2021),
we find normative conformity to be detrimental to successful
performance across all network and trust types. Importantly,
our results go beyond previous findings that were mainly focused on the impact of conformity in complete networks. In
particular, we find that the extent of conformity’s detrimental impact critically depends on network structure (e.g., random vs. homophilic) and trust type (e.g., full vs. identity- vs.
opinion-driven). Specifically, conformity is particularly detrimental with increased structural homophily (i.e., 𝑟8 vs. 𝑟2)
and identity-driven trust (and worse still when these are combined). This is to be expected, since homophilic networks in
effect decrease diversity in the neighborhood of an agent, thus
increasing the conformity pressure on that agent. Identitybased trust exacerbates this situation by preventing agents to
learn about the potential superiority of alternative courses of
action from the testimony of out-groups.
Perhaps surprisingly, opinion-based trust curtails the negative influence of conformity even in homophilic network
structures. A possible explanation is that while opiniondriven trust cannot decrease the normative influence of ingroup conformity, it can decrease the epistemic impact of ingroups when the agent disagrees with them. At the same time,
it can lead agents to trust like-minded out-group members.
Accordingly, agents are more likely to form correct beliefs or
at least beliefs that are in line with certain out-group members. This can in turn result in agents pursuing the superior
option and an overall decrease in inter-group polarization. A
comparison of the extent of inter-group polarization at lower
levels of conformist tendency 𝜅 provides support this explanation (see Figure 5).

General Discussion
We find that the relationship between homophily and collective performance is complicated; whether it is beneficial
depends both on its particular manifestation and on how we
characterize the community’s aims. Additionally, whether a
certain factor is beneficial depends on the presence of other
mediating factors. For example, interestingly, we find that
opinion-driven trust impedes convergence to truth in Study 1,

but the effect flips in the presence of identity-driven conformity where opinion-driven trust is beneficial. Taking these
factors into account has implications for how we think about
implementing policy proposals aimed at increasing diversity.
Diversity according to social identity has been shown to
be important to inquiry, resulting in many arguments that we
ought to promote demographic diversity because of the ensuing gains in effective inquiry or performance of groups. Arguments of this sort – referred to variously as “the business
case for diversity” (Steel & Bolduc, 2020) or “private sins
as public goods” arguments (Schneider, Rubin, & O’Connor,
2021) – presume that promoting equity of a certain kind will
go hand-in-hand with receiving the benefits of diversity (Steel
& Bolduc, 2020). As such, it may convince those only interested in epistemic gains to incidentally promote socially
beneficial policies (Schneider et al., 2021).
There are complications with employing this sort of argument; many of the benefits of demographic diversity may
rest on problematic aspects of social interactions, e.g. lack
of trust or devaluation of testimony from marginalized social
identity groups (Fazelpour & Steel, 2021; Wu, 2021), and attempts to promote diversity by intervening on the structure
of communities may backfire and further entrench inequity
(Schneider et al., 2021). Here, we have shown that there is a
further complication: whether a certain feature of socially diverse communities is beneficial may depend on its particular
manifestation. These challenges support the calls for caution
about framing diversity’s value in this instrumental way, as
opposed to other, perhaps more fundamental social and ethical rationales (Fazelpour & De-Arteaga, 2022; Starck, Sinclair, & Shelton, 2021; Phillips, 2017)
We find that certain manifestations of homophily may need
to be managed or mitigated in diverse communities, depending on what benefits one hopes to see. Since different dimensions and impacts of homophily can be co-present, disentangling the sources and consequences of homophily in realworld communities is key. While restricted by modeling simplifications and abstractions, the simulations presented here
offer an important first step in this direction, providing theoretical insights that can guide complementary empirical research on which aspects of homophily impede or promote
successful inquiry and under what circumstances.
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Abstract
People often segment spaces into hierarchically structured
subspaces. Judgments about inter-point distance and direction
are more accurate within than between segments. However,
especially in large-scale complex spaces, segmentation may be
necessary for flexible navigation. In this study, we looked at
spatial segmentation in a real-life city. We asked citizens of
Istanbul, a transcontinental city spread over Europe and Asia
with natural waterways that divide it into multiple
neighborhoods, to indicate how they segment their city and to
perform spatial judgments between well-known landmarks.
We examined segmentation effects for divisions they endorsed,
and for those others use but they do not report using.
Additionally, we examined the impact of gender, age, time
spent in the city, and frequency of using connecting routes and
bridges. We replicated basic segmentation effects for the
primary division, used by all, between the European and Asian
sides. For the European side, which has a geographic boundary
(The Golden Horn), segmentation impaired the accuracy of
spatial representation of participants. For the Asian side, where
there is a potential division that is more notional, we found
different effects. Individual’s age, sex, time spent in the city,
and frequency of using connecting routes also influenced
spatial judgments. These results suggest that (i) spatial
segmentation effects exist in the real-world, (ii) segmentation
in a city-scale environment is differently affected by physical
and conceptual boundaries, and (iii) sex, age, and navigation
experiences are associated with the cognitive representation of
a city.
Keywords: spatial cognition; spatial memory; environmental
segmentation

Introduction
Cognitive maps represent locations in a common allocentric
format that allows recovery of distances and directions
between locations and flexible planning of routes (Gallistel,
1989; O’Keefe & Nadel, 1978). However, representations of
space are often segmented into multiple local representations,
which are then organized hierarchically. The relations among
segments might then be more graph-like, i.e., coarser, with
more accurate knowledge of distance and direction within

than between segments (Chrastil & Warren, 2014; Peer,
Brunec, Newcombe & Epstein, 2021; Meilinger, 2008).
Small scale environments and vista spaces (like rooms) might
be more easily represented in a map-like representation than
large-scale spaces (Peer et al., 2021; Wolbers & Wiener,
2014), but segmentation effects have been found at a variety
of scales.
For vista space, McNamara (1986) used objects in a room
segmented into four quadrants and found that direction
judgments were distorted by relative segment directions and
that distances were overestimated between segments and
underestimated within segments. Kosslyn, Pick, and Fariello
(1974) showed that both adults and children judged a distance
between two objects as being longer when the two objects
were separated by an opaque barrier than when there was no
barrier between these two objects.
For large-scale virtual environments, Han and Becker
(2014) tested participants as they played a taxi game in an
environment consisting of two virtual neighborhoods. They
found that when the virtual neighborhoods were separated,
subjects have more pointing errors and longer reaction times
for between-segment judgments, regardless of whether
segmentation is by physical borders or conceptual
characteristics. When physical and conceptual boundaries
were eliminated, subjects made no more errors between the
environments, suggesting a unified representation.
Participants in Kim and Maguire’s (2018) study learned
locations of paintings in a virtual environment consisting of
several rooms and floors. Responses were faster when
judging objects within the same room compared to different
rooms. Peer and Epstein (2021) tested people in a virtual
town where people learned object locations in a square
courtyard with a river running through it. The river created a
physical boundary that did not obstruct visibility. They
observed segmentation effects where distance comparisons
task performance was higher for within-segment judgments
than between-segment judgments.
For real-world spaces at environmental scale, Uttal,
Friedman, Hand, and Warren (2010) found that conceptual
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segmentation of Northwestern University’s campus (north,
south, middle) affects distance estimations. Participants
placed the location of different buildings on a blank map to
recreate the campus. Distances between the three segments
were estimated as larger than within, but only for subjects
familiar with the campus. Hirtle and Jonides (1985) showed
evidence for segmentation of space that affects distance
estimations by using tree clustering of free recall order
information. Subjects learned 32 landmarks in the central
Ann Arbor, an environment with no strict boundaries. The
inferred clustering was related to distance estimations, with
shorter distance estimations within cluster and longer for
between clusters.
For truly geographic scale, Stevens and Coupe (1978), and
Okabayashi and Glynn (1984) tested participants’ memory of
map locations and found distortions of direction and position
of US cities to conform with state boundaries. Canter and
Tagg (1975) looked at distance estimations of participants in
seven cities. They grouped cities as coastal cities with a large
water boundary at one side or as river cities, with water
running through it. In cities with a river, short distances were
overestimated, and long ones underestimated. In coastal
cities, all distances were overestimated. Griesbauer et al.
(2021) studied London taxi drivers, who must undergo
extensive training to learn how to navigate between
thousands of places in the city. London cabbies were asked
to indicate their perceived boundaries for London boroughs
and areas. They found that prominent parks (e.g., Hyde Park)
and River Thames, which divides London into ‘north of the
river’ and ‘south of the river’, influenced a segmented mental
representation of London.
The present study tackled two issues: individual variation
in segmentation, and whether segments are based on physical
or conceptual boundaries, in a real-world city. People do not
always divide their city (or other areas) into the same
neighborhoods. For instance, some people may be more
influenced by parks, as were the London cabbies, and others
more influenced by rivers or shopping areas. Previous studies
have not systematically evaluated whether and how variable
segmentation affects integration of a city. In addition, we
evaluated influences of gender, age, and spatial experience in
the city. Aging effects are observed in most navigation tasks
(Wolbers & Hegarty, 2010). Male advantages are found in
navigation by adulthood (Nazareth, Huang, Voyer,
Newcombe, 2019) influenced by gender inequality (Coutrot
et al., 2018).
In this study, we examined distance and direction
judgments of citizens of Istanbul, which is a transcontinental
city with salient spatial boundaries, notably the Bosphorus
Strait that divides the city into ‘European’ and ‘Asian’ sides,
and the Golden Horn waterway that further divides the
European side into ‘north of the horn’ and ‘south of the horn’.
All residents use the Europe-Asia division, some but not all
use the Golden Horn, some divide the Asian side by a nonphysical “coastal non-coastal” demarcation.

Methods
Participants
A total of 191 participants completed the experiment (114
female, age range = 18 – 81). The study was approved by the
Temple University ethical committee, and each participant
provided informed consent. Convenience snowball sampling
was used to recruit participants, a link to the survey was
shared on social media pages of universities' student groups
and personal contacts (i.e., friends and family), who then
shared the link further with their social circles.

Design and Procedure
Istanbul is a city with very salient segmentation, a
transcontinental city with a natural strait that connects two
large bodies of water (Black Sea and Sea of Marmara) and
separates the city into Asian and European sides. It also has
another major waterway; The Golden Horn is an inlet of The
Bosphorus. It is a large natural harbor and separates the
European shore of Istanbul into two.
In a preliminary study, we contacted 48 Istanbul citizens
and asked them to segment the city on a map. Participants
drew boundaries of their segments on a map of Istanbul. We
analyzed the boundary drawings by overlaying all drawings
together to extract the most commonly occurring segments.
The overlay of the map showed 100% agreement for the
Bosphorus as a prominent boundary that segments the city.
The Golden Horn also emerged as a boundary, at around
70%. Some participants further divided the Asian side into
two subsections; the agreement for this division was around
40%. We decided on 4 different ways to segment the city of
Istanbul (Figure 1) for the main study. We then picked a total
of 12 well known landmarks, 3 from each subregion. Few of
these landmarks were inland, a fact that depends on the
history and geography of the region.
The study was set up with Qualtrics software. Total
duration was around 35 minutes. Participants began with a
questionnaire concerning gender and age, current residence
in Istanbul and how long they have lived in the city. They
were also asked which districts in Istanbul they have lived,
studied, and worked in. We also asked them their frequency
of using connecting routes and bridges between subsections
to understand their navigation experience around the city and
between the segments. Response options were less than once
a month, several times a month, once a week, several times a
week and every day.
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Figure 1: Four segmentation options.
Before presenting participants with the spatial tasks, we
asked them to pick the segmentation of the 4 options closest
to how they mentally segment the city. We then presented
them with picture and names of 12 landmarks and asked them
if they knew the landmark and if they ever visited its location.
The layout of the landmarks is shown in Figure 2. Participants
then were asked to estimate distance and directions between
the landmarks in three spatial measures.

(Figure 3). The two landmarks were from the same segment
for within trials and different segment for between trials.
Distance Comparison Task. Participants completed 10
distance comparison trials. On each trial, participants saw a
target landmark paired with two other landmarks and were
asked to indicate which pair had shorter distance between
them.
Judgement of Relative Direction (JRD) Task. Participants
first solved two practice trials followed by feedback to get
familiarized with the task. Then they completed 20 trials of
an offsite JRD task. On each trial, participants were presented
with the names of three landmarks next to a circular array.
They were instructed to imagine that they were standing at
the location of the first landmark (center landmark), facing
toward the second landmark (facing landmark), and to
indicate where on the array the third landmark (target
landmark) would be (Figure 3). Participants were asked to
show where the target landmark would be on the circular
array. The first and second landmark were always from the
same segment, while the target landmark was from the same
segment for within trials, and from a different segment for
between trials. For the pointing task, the absolute value of the
angular difference between participants’ answers and the
correct angle was calculated for each trial and then averaged
across within and between segment trials to yield between
and within pointing error scores.

Figure 2: Locations of landmarks for each segment.
Distance Estimation Task. Participants completed 20
distance estimation trials. On each trial, participants saw the
names of two landmarks on the screen. They used a slider to
estimate the direct distance in km between the two landmarks
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Figure 3: Distance and direction (JRD) estimation tasks.

Results
Table 1 shows which of the 4 segmentation patterns people
selected.
Table 1: Segmentation preference of participants
Segmentation
2-Segment Solution
(Asia vs Europe)

n
47

3-Segment Europe
Detailed Solution

44

3-Segment Asia
Detailed Solution

32

4-Segment Solution

68

Asia versus Europe Segmentation
Since it is the most prominent solution used by all residents,
we first coded all participants’ (N=191) spatial estimations
according to the 2-segment solution, the strait separating the
city into two large segments of European side and Asian side.
For the distance estimation task, we calculated
participants’ relative distance errors as the absolute
difference between the actual and estimated distances divided
by the actual distances. We separated distance trials based on
whether the two landmarks were on the same segment
(within) or on different segments (between). Dividing the
trials in this manner resulted in 12 within trials and 8 between
trials per participant. A paired-sample t test on within versus
between trial types revealed that participants overestimated
all distances (Figure 4). However, this error was more marked
for comparisons across segments, t= (189) = 9.89, p <0.001,
r = 0.37. Between segment distance errors were higher
(M=0.98, SD=0.7) compared to within segment distance
errors (M=0.51, SD=0.4).

Similarly, when participants were asked to make distance
comparisons between landmarks, they made more correct
responses when all three landmarks were on the same side of
the straight, compared to when the landmarks were from
different segments. Average accuracy for within segment
comparisons was 92% compared to between segment
comparisons at 81% (t = 9.44, p < 0.001; r =0.55).
To examine differences in the pointing task, we calculated
the absolute direction errors and corrected them to be under
180 degrees. We separated pointing trials based on whether
the target landmark was on the same segment with the center
and facing landmarks (within) or on different segments
(between). Dividing the trials in this manner resulted in 12
within trials and 8 between trials per participant. Figure 5
shows the results of a paired-sample t test on within versus
between trial types which revealed a significant difference,
t(189) = 19.25, p <0.001, r= 0.44. Participants had larger
pointing errors for between segment trials (M=68.77,
SD=14.8) than within segment trials (M=53.54., SD=12.4).

Figure 5: Within segment and between segment direction
errors.

Segmentation of European Side

Figure 4: Within segment and between segment distance
errors for 2-segment solution, N=191.

We examined if the Golden Horn waterway that divides
European side into north and south resulted in segmentation
effects by comparing distance and direction errors for
subjects who segmented the European side to those who did
not segment European side. We grouped participants as those
who did and did not segment Europe. Participants who
selected 3-Segment Europe Detailed Solution (n=44) and the
4-Segment Solution (n=68), divide Europe into two (N=112).
Participants who selected 3-Segment Asia Detailed Solution
(n=32) and the 2-Segment Solution (n=47), did not divide
Europe into two (N=79). Participants’ distance and direction
errors examined in a mixed analysis of variance (ANOVA)
with error type (between v within) as within-subject variable
and segmentation status (segmented v did not segment) as
between-subject variable.
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Distance trials were separated based on whether the two
landmarks were on the same segment (within) or on different
segments (between). Dividing the trials in this manner
resulted in 3 within trials and 3 between trials per participant.
A mixed measures ANOVA on distance deviations (Figure
6) revealed a significant main effect of error type, F (1, 188)
= 39.44, p < 0.001, ηp2 = 0.173, and a significant interaction
between error type and segmentation, F (1, 188) = 14.498, p
< 0.001, ηp2 = 0.072. Between segment distance errors of
subjects who segmented (M=0.89, SD=0.85) were higher
than between errors of those who did not segment Europe
(M=0.71, SD=0.58). The main effect of segmentation status
was nonsignificant, p > 0.05.

between-subject variable. There were 3 within trials and 3
between trials per participant. Results of ANOVA on distance
deviations revealed a significant main effect error type F (1,
188) = 40.44, p < 0.001, ηp2 = 0.180. The main effect of
segmentation status was nonsignificant, p > 0.05. The
interaction effect between error type and segmentation was
not significant, p > 0.05.
The pointing errors for Asia segmentation had 3 within
trials and 3 between trials per participant. A mixed measures
ANOVA on direction deviations revealed a significant main
effect of error type F (1, 188) = 58.923, p < 0.001, ηp2 = 0.20.
The main effect of segmentation was nonsignificant, p > 0.05.
The interaction effect between error type and segmentation
was not significant, p > 0.05.

Impact of Age, Gender and Experience in the City

Figure 6: Within segment and between segment distance
errors by participant’s segmentation status of Europe,
segmented (N=112) and did not segment (N=79).
For pointing errors (JRD) there were 3 within trials and 3
between trials per participant. A mixed measures ANOVA on
direction deviations revealed a significant main effect of error
type F (1, 188) = 65.106, p < 0.001, ηp2 = 0.25. The main
effect of segmentation was nonsignificant, p > 0.05. The
interaction effect between error type and segmentation was
not significant, p > 0.05.

Segmentation of Asian Side
When the Asian side is segmented, the division is not by
water but by a less visible “coastal non-coastal” demarcation.
We compared distance and direction errors for subjects who
segmented the Asian side to those who did not segment Asian
side. Participants who selected 3-Segment Asia Detailed
Solution (n=32) and the 4-Segment Solution (n=68), divide
Asia into two (N=100). Participants who selected 3-Segment
Europe Detailed Solution (n=44) and the 2-Segment Solution
(n=47), did not divide Asia into two (N=91).
Participants’ distance and direction errors examined in a
mixed analysis of variance (ANOVA) with error type
(between v within) as within-subject variable and
segmentation status (segmented v did not segment) as

Finally, we examined the impact of gender, age, time spent
in the city, and travel frequency between connecting routes
on distance and direction performance by running regression
models. We conducted three step multiple regressions with
the spatial measures as dependent variables. Gender was
entered at step one, followed by age at step two. Variables
related to experience in the city, frequency of travel and time
spent in the city were entered at the step 3.
In the first model we looked at between distance errors as
dependent variable. Gender explained 3.8 % of variance in
overall distance errors, F (1, 189) = 8.422, p = 0.004. Age
explained an additional 1.5 % of variance, F (1, 188) = 4.023,
p = 0.045. Finally, city experience factors explained an
additional 10.4 % of the variance in the model, and this
change was significant, F (2,186) = 12.580, p < 0.001. There
was a significant effect of gender (β = 0.145, p = 0.035) and
age (β = -0.175, p = 0.01) for between distance errors, where
males and younger subjects had lower between distance
errors compared to females and older subjects. Travel (β = 0.223, p = 0.001) and time spent in the city (β = -0.221, p =
0.001) were also significant, where subjects who lived in the
city longer and traveled more had lower between distance
errors.
In the second model looking at within distance errors, we
observed a similar pattern. Gender explained 3.3 % of
variance in overall distance errors, F (1, 189) = 7.509, p =
0.007. Addition of age explained an additional 3.5 % of
variance, F (1, 188) = 8.134, p = 0.005. Finally, addition of
city experience factors explained an additional 5.2 % of the
variance in the model, this change was significant, F (2,186)
= 7.943, p < 0.001. There was a significant effect of gender,
age and time spent in the city (p < 0.05). However, there was
no significant effect of travel between connecting bridges and
routes on within distance performance (β = -0.128, p =
0.065).
In the third model, we looked at between direction errors.
Only gender and age were significant predictors of direction
errors. Gender explained 11.7 % of variance in between
direction errors, while addition of age explained an additional
24.6 % of variance, F (1, 188) = 73.348, p < 0.001. However,
there was no significant effect of travel frequency and time

1121

spent in the city on the between direction errors, p > 0.05.
Similarly on our fourth model looking at within direction
errors, only gender and age were significant predictors of
direction errors. Gender explained 4.7 % of variance in
between direction errors, while addition of age explained an
additional 20.3 % of variance, F (1, 188) = 51.39, p < 0.001.
However, there was no significant effect of travel frequency
and time spent in the city on the between direction errors, p >
0.05.

Discussion
The goal of this study was to understand how residents of
a real-world city represent its spatial structure with physical
and conceptual boundaries, and how segmentation of the
environment into subspaces affects spatial judgments.
We observed an expected effect of Europe-Asia
segmentation, finding that within segment distance and
direction judgements were more accurate compared to
between segment judgements. Next, we investigated whether
a less salient geographical boundary that further divides the
European side into two and a more conceptual boundary that
divides the Asian side also triggered segmentation effects.
For European and Asian segmentations, we separately
compared participants’ distance and direction errors as a
function of whether they had themselves segmented the
corresponding sides. For the European segmentation we
found that both groups were less accurate in their between
segment distance judgements. However, people who
segmented the space into two had larger errors for between
segment judgements. Their segmentation effects were more
marked, and accuracy was impaired for between if enhanced
for within. For the Asian segmentation, we found a main
effect of error type for both distance and direction errors.
However, the error was in the opposite direction of the
usually observed segmentation effects. For direction
judgments, we saw the expected pattern of higher errors
between the segments compared to within segment. We did
not observe an effect of segmentation choice for distance or
direction.
Overall, we observed different patterns of spatial coding
for segmentations created by waterways compared to more
conceptual boundaries. Combined, these findings highlight
the need for further investigation of the effects of different
types of boundaries have on spatial coding. In addition, we
found gender and age effects both for distance and direction
errors, where men outperformed women and younger
participants outperformed older participants. Subjects who
spent more time in the city and those who more frequently
travel had better spatial performance, probably due to
increased exposure to the environment. With increased
familiarity, some participants may start to build a more
unified representation of their space. In sum, cognitive maps
of a real-world city showed some expected effects but also
underlined the need to differentiate types of segmentation
(barriers to movement versus conceptual), and to examine
individual differences in endorsement of segmentations.

Acknowledgments
This work was supported by the National Science
Foundation (EHR 1660996).

References
Canter, D., & Tagg, S. K. (1975). Distance estimation in
cities. Environment and behavior, 7(1), 59-80.
Chrastil, E. R., & Warren, W. H. (2014). From cognitive
maps to cognitive graphs. PloS one, 9(11), e112544.
Coutrot, A., Silva, R., Manley, E., de Cothi, W., Sami, S.,
Bohbot, V. D., ... & Spiers, H. J. (2018). Global
determinants
of
navigation
ability. Current
Biology, 28(17), 2861-2866.
Gallistel, C. R. (1989). Animal cognition: The representation
of space, time and number. Annual review of psychology,
40(1), 155-189.
Griesbauer, E. M., Manley, E., McNamee, D., Morley, J., &
Spiers, H. (2021). What determines a boundary for
navigating a complex street network: Evidence from
London taxi drivers. The Journal of Navigation, 1-20.
Han, X., & Becker, S. (2014). One spatial map or many?
Spatial coding of connected environments. Journal of
Experimental Psychology: Learning, Memory, and
Cognition, 40(2), 511.
Hirtle, S. C., & Jonides, J. (1985). Evidence of hierarchies in
cognitive maps. Memory & cognition, 13(3), 208-217.
Kim, M., & Maguire, E. A. (2018). Hippocampus,
retrosplenial and parahippocampal cortices encode
multicompartment 3D space in a hierarchical
manner. Cerebral Cortex, 28(5), 1898-1909.
Kosslyn, S. M., Pick Jr, H. L., & Fariello, G. R. (1974).
Cognitive maps in children and men. Child development,
707-716.
McNamara, T. P. (1986). Mental representations of spatial
relations. Cognitive psychology, 18(1), 87-121.
Meilinger, T. (2008). The network of reference frames
theory: A synthesis of graphs and cognitive
maps. International conference on spatial cognition (pp.
344-360). Springer, Berlin, Heidelberg.
Nazareth, A., Huang, X., Voyer, D., & Newcombe, N.
(2019). A meta-analysis of sex differences in human
navigation skills. Psychonomic bulletin & review, 26(5),
1503-1528.
Okabayashi, H., & Glynn, S. M. (1984). Spatial cognition:
systematic distortions in cognitive maps. The Journal of
General Psychology, 111(2), 271-279.
O'keefe, J., & Nadel, L. (1978). The hippocampus as a
cognitive map. Oxford university press.
Peer, M., & Epstein, R. A. (2021). The human brain uses
spatial
schemas
to
represent
segmented
environments. Current Biology, 31(21), 4677-4688.
Peer, M., Brunec, I. K., Newcombe, N. S., & Epstein, R. A.
(2021). Structuring knowledge with cognitive maps and
cognitive graphs. Trends in cognitive sciences, 25(1), 3754.
Stevens, A., & Coupe, P. (1978). Distortions in judged spatial
relations. Cognitive psychology, 10(4), 422-437.

1122

Uttal, D. H., Friedman, A., Hand, L. L., & Warren, C. (2010).
Learning fine-grained and category information in
navigable real-world space. Memory & cognition, 38(8),
1026-1040.
Wolbers, T., & Hegarty, M. (2010). What determines our
navigational abilities? Trends in cognitive sciences, 14(3),
138-146.
Wolbers, T., & Wiener, J. M. (2014). Challenges for
identifying the neural mechanisms that support spatial
navigation: the impact of spatial scale. Frontiers in human
neuroscience, 8, 571.

1123

Culture and Commutativity
Isabelle Boni (iboni@berkeley.edu)
Department of Psychology, University of California Berkeley

Steven Piantadosi (stp@berkeley.edu)
Department of Psychology, University of California Berkeley

Abstract
The extent to which people can infer new mathematical concepts in the absence of cultural support is not clear. We test
such learning with a simple math concept: additive commutativity. Experimental work with children in industrialized cultures suggests that cultural support is necessary, since children
take time to learn commutativity and ultimately show signs of
knowing it after entering school. However, children are at a
disadvantage in learning because they are not yet cognitively
mature. Moreover, they have only had a short time to experience the world and possibly learn principles like commutativity on their own. Unschooled adults, on the other hand, may
be in a better position to have inferred commutativity on their
own. We test indigneous Amazonians with variable levels of
math cultural supports, and find that those with low cultural
supports do not show signs of knowing additive commutativity.
Keywords: commutativity; cultural supports; arithmetic; education

Introduction
Most adults in WEIRD cultures (Henrich, Heine, & Norenzayan, 2010) understand principles that characterize our knowledge of arithmetic, such as commutativity. Formally, additive commutativity holds that natural numbers a and b always
obey a + b = b + a. There is no firm consensus on when
commutativity is acquired developmentally, but WEIRD children have been shown to possess an abstract understanding
of the principle as early as 3 years old (Sophian, Harley, &
Manos Martin, 1995), and a more complete understanding by
around third grade (Haider et al., 2014). One question that
remains is whether commutativity is learned only with strong
cultural supports like formal education, or whether it could
be deduced by learners autonomously.
We define autonomous learning as acquisition of knowledge through individual experience rather than cultural support like school and trade. For instance, commutativity might
be learned based on simple observations of physical interactions in the world. Results from Petitto and Ginsburg (1982)
are consistent with the possibility that commutativity may
be autonomously inferred. The researchers recruited Dioula
adults with no formal schooling. Participants were given a
battery of math tasks, and succeeded on symbolic additive
commutativity. However, this study had some limitations.
Besides the fact participants were only asked one question on
this concept, they were selected from a fairly uniform group
(17 tailors and 3 cloth merchants), with a uniformly high level

of market integration. Results from this population would not
necessarily generalize to unschooled adults with low market
exposure.
An alternative possibility is that substantial cultural math
support is required to learn commutativity and related principles. Cultural support is social and could potentially include: formal schooling, specific language-based skills (e.g.
the meanings of number words, exact arithmetic), and occupational experience (e.g. selling goods). These experiences
have been individually implicated in general math achievement (Nguyen et al., 2016; Posner & Baroody, 1979; Boni,
Jara-Ettinger, Sackstein, & Piantadosi, under review), and
in commutativity mastery specifically (Baroody & Gannon,
1984; Baroody, 1987).
While these are helpful for commutativity acquisition, it is
still unclear if they are necessary. We explore this question in
the Tsimane’, a farmer-forager population who reside in the
Bolivian Amazon. Similar to the participants in Petitto and
Ginsburg (1982), our participants are adults with little to no
schooling. Unlike Petitto and Ginsburg (1982), we sampled
participants from 9 different villages varying in their level of
market integration, allowing us to test market exposure as
a novel predictor of commutativity knowledge. Other cultural predictors we include are formal schooling, exact arithmetic knowledge, and number knowledge. Including formal
schooling can help determine the relevance of a heavily structured learning environment. Arithmetic and number knowledge are specific mathematical abilities that may be necessary
to scaffold commutativity knowledge. We also include age as
a proxy for amount of time to autonomously experience quantities.
Our participant variability is an asset. Tsimane’ living in
separate villages have varying amounts of market exposure.
They have attended different schools. Individual schools may
emphasize dissimilar mathematical skills. Additionally, adult
Tsimane’s ages don’t cleanly relate to their education. We
are thus able to disentangle the effects of different predictors on commutativity knowledge. Ultimately, if it is possible
to know commutativity without cultural support, our participants with limited math-related cultural support will succeed
on commutativity, replicating the Dioula results. Additionally, age—a measure of possible time in which to experience
quantities in the world—may be a positive predictor of commutativity knowledge. On the other hand, if commutativity
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requires support like substantial formal schooling or occupational experience, only participants with these experiences
will succeed on commutativity.

Method
We worked with the Centro Boliviano de Investigacion y de
Desarrollo Socio Integral (CBIDSI), a local research center. CBIDSI recruited participants, coordinated logistics, provided us with native translators, and served as experts on Tsimane’ culture.
In our study, we: collected demographic information, gave
participants general mathematical tasks, and subsequently administered our main commutativity experiment.

Participants
We recruited 45 Tsimane’ participants, aged 18-66 years old
(female=23, male=22), from 9 different villages. These villages are all located in Beni, a department in the Bolivian
Amazon. We specifically recruited Tsimane’ with low levels
of formal schooling (0-5 years).
Prior to Experiment: Measuring Cultural Supports We
first administered the Give-A-Number task, a test of number
knowledge (Wynn, 1990). We placed a pile of 10 tokens on a
table, and asked participants to grab different quantities of tokens, from 1 to 8. This was administered in number list order,
and then in random order. Each participant’s “knower-level”
was then determined using a Bayesian inference model (Lee
& Sarnecka, 2010). According to this model, subset-knowers
(e.g. 1-,2-,3- and 4-knowers) are participants who only know
a limited subset of number meanings, and CP-knowers are
participants who succeed on the Give-N task for arbitrarily
large “N.”
Secondly, we measured arithmetic competence by giving
participants twelve different addition problems. Problems
were given visually and verbally, translated into Tsimane’
by native Tsimane’ speakers. Participants stated their answer
verbally.
The main demographic measures relevant to this study we
collected were years of formal education, village, and age.
We considered age a proxy for amount of time in the world in
which to possibly experience and manipulate natural quantities. Additionally, we obtained village-level market integration measurements from R. Godoy, CBIDSI, and Luz (2012).
We selected travel time to nearest market in particular, as a
good measure of market integration. We reasoned that that
temporal proximity to a market (regardless of distance) would
seem to make more frequent trips and participation in the
market economy possible. Travel time from village to market
is in hours.

Commutativity Experiment
The general design of our commutativity tasks was based
on Baroody and Gannon (1984); Wilkins, Baroody, and Tiilikainen (2001). We administered two kinds of commutativity tasks: “symbolic” (first) and “word problem” (second).

(a) Symbolic
task

(b) Word problem task

Figure 1: Setup for the symbolic and word problem tasks

Both problem sets included commuted experimental trials,
and non-commuted control trials.
To start, we administered the Symbolic task (Figure 1a).
We used 28 blank index cards. Each index card had a pair of
sums on them, one on top of the other.
To start, participants were first given two practice trials (not
included in our analyses): [2 + 1 ; 2 + 8] and [11 + 13 ; 11
+ 11]. For each practice trial, participants were instructed to
compute the result of the first pair, then the result of the second pair. Then, they were asked whether the pairs resulted
in the same answer or a different answer. Participants were
given feedback if they gave the wrong answer. Both of our
practice trials had an answer of “different” because we did
not want to introduce a “same” bias, which could lead us to
over-estimate commutativity knowledge. After practice trials, participants were told they would be given further pairs,
but quickly, and that they just had to say whether the pairs
resulted in the same answer, a different answer, or it was not
possible to know either way. The total time each card was
presented was approximately 4 seconds.
In our analyses, if participants ever said an answer that was
not exactly the right answer (“same” or “different” according
to the problem type), such as “not possible to know” or a nonsequitur, these answers were counted as wrong. The pairs of
sums (Table 1) were presented in random order. An example
experimental trial would be: 12 + 14....14 + 12. Different,
the same, or not possible to know?” The trials were counterbalanced, so that on one trial, the question was “different, the
same, or not possible to know” and on the next the question
was “the same, different, or not possible to know.” Participants were not given feedback on experimental trials.
The Word Problem task followed the Symbolic task, and
was meant to present problems in a slightly more naturalistic context. See Table 2 for the specific problems used, and
Figure 1b for the physical setup. For each sum shown, we
had two index cards, each representing one addend with an
Arabic numeral. No plus signs were used in this task. Stapled underneath each card was another card, containing a dot
cloud with a cardinality corresponding to the Arabic numeral
above it. In the task, as we verbalized each number, we would
open the index card to reveal the dot cloud underneath, in an
effort to reinforce the number as a concrete quantity.
The story given to participants was that there are two men,
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Table 1: Problems used for the symbolic task: 12 commuted, 16 non-commuted.
Commuted Pairs

Non-Commuted Pairs

Non-Commuted Pairs

(Correct Answer: “Same”)

(Correct Answer: “Different”)

(Correct Answer: “Same”)

12 + 14

14 + 12

10 + 12

20 + 20

13 + 13

13 + 13

13 + 16

16 + 13

12 + 12

15 + 12

16 + 11

16 + 11

14 + 16

16 + 14

12 + 15

12 + 20

11 + 18

11 + 18

15 + 13

13 + 15

13 + 11

10 + 11

14 + 14

14 + 14

16 + 12

12 + 16

13 + 15

13 + 10

17 + 12

13 + 12

18 + 12

12 + 18

12 + 15

15 + 12

12 + 18

20 + 18

12 + 17

17 + 12

14 + 12

10 + 12

13 + 12

12 + 13

14 + 15

11 + 15

13 + 14

14 + 13

15 + 14

15 + 12

15 + 14

14 + 15

15 + 15

11 + 15

17 + 13

13 + 17

16 + 13

11 + 11

Table 2: Problems used for the word problem task: 8 commuted, 4 non-commuted.
Commuted Pairs

Non-Commuted Pairs

(Correct Answer: “Same”)

(Correct Answer: “Different”)

19 + 17

17 + 19

14 + 19

14 + 14

15 + 18

18 + 15

22 + 22

27 + 27

17 + 14

14 + 17

20 + 20

26 + 26

17 + 25

25 + 17

13 + 19

13 + 13

16 + 19

19 + 16

18 + 14

14 + 18

15 + 17

17 + 15

23 + 18

18 + 23

Juan and Pedro, represented by caricatures placed in front of
participants. Juan was always on the participants’ left, and
Pedro was always on the participants’ right. Each man was
holding pebbles. One example of a problem given would be:
“Juan has 19 pebbles in one hand, and 17 pebbles in the other
hand. Pedro has 17 pebbles in one hand, and 19 pebbles in
the other hand. Who has more? Does Juan have more? Does
Pedro have more? Do they have the same amount? Or is it
not possible to know?” As above, any answer that was not the
correct one (whether it be an incorrect indication of cardinality or “not possible to know”) was coded as wrong. As in the
symbolic task, in the word problem task, participants were

given a short time to answer each trial, so as to prevent outright computation. Each trial took about 8 seconds to present
to participants. Approximate total testing time for the symbolic and word problem trials was 5-10 minutes. Trials were
presented in random order.

Results
Overall, participants were more successful on non-commuted
trials (mean accuracy: 76%) than on commuted trials (mean
accuracy: 42%). We believe this may be because of a bias to
answer “different.” Some participants may have interpreted
our question of “Are the sums the same?” as “Are the ad-
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(a)

(b)

Figure 3: Commutativity accuracy vs. age. Each dot represents an individual, data is color-coded by trial type, and
logistic curves are fitted to the data. As age increases, commutativity accuracy decreases.

(c)

(d)

Figure 2: In these plots, dots represents individual participants, data is color-coded by trial type, and logistic curves
are fitted to the data. The y-axes on each of these panels
represents commutativity accuracy. Each x-axis represents
a different demographic predictor. Qualitatively, all predictors have a positive relationship with commutativity accuracy,
with the exception of time to market, which has no relationship with commutativity accuracy in the regression.

dends the same?” Also, the two practice trials we gave them
before the task had an answer of “different.” Note that, although there seems to be an overall bias to say “different,”
participants say “different” more (73%) for non-commuted
trials (which mostly have a correct answer of “different”), and
less (56%) for commuted trials (which always have a correct
answer of “same”), suggesting that the bias comes on top of
genuinely correct answers. In any case, participants who answered “same” on commuted trials might reasonably be said
to know commutativity, because they avoided the prevalent
“different” bias and answered correctly.
In the following results, we show how participants with low
levels of each of the cultural supports we look at also have
low accuracy in commutativity. In contrast, the non-cultural
predictor of age (as a proxy for experience with quantities
in the world) is not positively associated with commutativity
accuracy—and in fact, is negatively associated.

Commutativity accuracy according to different
predictors
Fig. 2 shows the relationship between different predictors (xaxis) and commutativity accuracy (y-axis). The horizontal
dashed line represents chance performance on commutativity.1 Each sub-plot shows a different predictor. Each point
represents an individual person and points are jittered so as to
1 We choose a chance line of 50%, representing the expected performance if participants guessed randomly.

prevent overlap. Error bars are binomial confidence intervals,
set at 50% confidence to minimize visual cluttering. Two logistic curves are fit to the data, one per trial type (symbolic or
word problem). The shadow around the curves represents the
standard error (95% confidence) for each condition, respectively. All participants completed symbolic (red) and word
(teal) problems.
Overall, in panels 2a, 2b, and 2c, there are increasing
trends: people improve at commutativity with higher knowerlevel, arithmetic accuracy, and education, respectively. More
interestingly, people are substantially below chance at the left
side of the plots, when they have low values of these cultural
support predictors. By and large, three- and four- knowers
show low accuracy on commutativity (Panel 2a). People with
low arithmetic accuracy tend to show low accuracy on commutativity as well (Panel 2b). People with low years of formal
education also show low accuracy on commutativity (Panel
2c). Towards the right end of the panels, people approach
ceiling on the commutativity task, suggesting the Tsimane’
do learn commutativity under the right conditions (with sufficient cultural supports).
Panel 2d shows an overall flat to slightly decreasing trend:
people get worse at commutativity the farther from the market
they live. The individual furthest away from the market is
below chance on commutativity, and there is a somewhat even
split (leaning below) of people above and below chance on
commutativity at distances closer to the market. This trend,
however, is not statistically reliable (see below).
One possibility for commutativity acquisition we outlined
in the introduction is that amount of time to experience quantities in the world might translate to commutativity understanding. One way to measure this is by using a proxy for
exposure to sets in the real world: age. Contrary to this hypothesis, in Fig 3, younger participants (x-axis) have higher
commutativity accuracy (y-axis) than older participants, in
both the symbolic and word problem tasks. The negative relationship between age and commutativity accuracy is likely
because the oldest Tsimane’ have had the least exposure to
school. Kempf and Kempf (2018) chronicle the gradual intro-
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duction of formal schooling to the Tsimane’, starting in the
1960s and gradually increasing until today (which explains
why younger Tsimane’, born more recently, are exposed to
more formal education than their predecessors were).
Overall, Figures 2 and 3 suggest participants may perform
slightly better on word problems than on symbolic problems,
although the trend is not entirely clear, and in some cases
participants perform better on symbolic problems.
Table 3 shows a logistic regression that statistically evaluates the trends in Figures 2 and 3, and allows us to test each
predictor while controlling for the others. The regression predicted accuracy on commutativity problems according to the
predictors seen in Table 3.
The regression’s intercept shows that subset-knowers
are below 50% commutativity accuracy (β = −2.04,t =
−7.87, p < 0.01). There is also a reliable, positive association between CP-knower status (β = 0.61,t = 2.68, p <
0.05) and commutativity accuracy. This shows that when the
other predictors are taken into account, number knowledge
is uniquely important to commutativity knowledge. Arithmetic accuracy is also uniquely important to commutativity
knowledge: it is a reliable predictor even when education
(and the other predictors in that table) are taken into account
(β = 0.86,t = 2.42, p < 0.05). Furthermore, there is a reliable effect of formal education on commutativity accuracy
(β = 0.26,t = 3.44, p < 0.01). Overall each of these predictors is uniquely predictive even when the other predictors are
taken into account in the regression. These findings are consistent with the theory that commutativity cannot be learned
with low cultural support.
While we expected that inhabitants of villages close to a
market town might succeed on commutativity, we found that
the time to nearest market coefficient has no reliable association with the commutativity accuracy outcome (β = 0.03,t =
0.78, p > 0.05). If time to market is actually a valid proxy for
market integration, this implies that the extent to which Tsimane’ participate in the market is not related to their knowledge of commutativity. This is somewhat surprising, given
that participation in the market requires mathematical transactions during sales and purchases. It is also possible that
time to market is simply a noisy measure, or a measure whose
variance is already accounted for by other factors.
The trial type coefficient shows that people perform reliably better on word problems than on symbolic problems
(β = 0.63,t = 3.81, p < 0.01). Symbolic problems require
knowledge of the concept of formal sums and/or the plus sign
notation. Even if someone has been taught these elements, it
may be more difficult to understand math concepts in this abstract format as opposed to a word problem format tethered
to a concrete scenario (and not using any formal notation).
Finally, the regression shows that age has a reliable negative association with commutativity accuracy (β = −0.97,t =
−9.55, p < 0.01). This suggests that more absolute time
to theoretically experience quantities and quantity manipulations in the world does not enhance commutativity knowl-

edge. As mentioned above, this is likely due to the fact that
older Tsimane’ tend to have less schooling. This further highlights the importance of formal education for commutativity.

Discussion
These results inform how we should think about psychological representations of mathematical concepts like commutativity. In principle, the way humans structure our mathematical systems could provide a model of how concepts operate in the human mind. For example, in some versions of
Peano arithmetic, commutativity is axiomatic. Our results
contribute to literature showing that, in contrast to these systems, people’s natural mental concepts of arithmetic are not
commutative, at least not automatically so. In Haider et al.
(2014), school children only exhibited a mature understanding of commutativity by the time they were in third grade
(Haider et al., 2014). In theory, the reason they did not
understand commutativity earlier could be that they simply
had not lived and experienced the world long enough to autonomously infer it. However in our current research, even
by adulthood, commutativity is not autonomously acquired.
This strengthens the argument that it may not be a natural,
axiomatic ability to acquire. Perhaps this is not so surprising: commutativity does not hold for subtraction and division; moreover, in the real world, order often matters (Rips,
Bloomfield, & Asmuth, 2008). Picture, for instance, forming a pile of fragile and heavy objects. If you start with the
fragile objects, you will form a very different pile than if you
started with the heavy items. Interestingly, these findings coincide with human intuitions on the relevance of commutativity. In Rips and Thompson (2014), college students were
asked to rate mathematical properties by how essential they
are to number systems (e.g. natural numbers, integers). The
mean rated importance given to commutativity was a moderate 4.14 on a scale of 1-8 (1: “need not be a part of any number system” ; 8: “must be part of every number system”)2 . All
this highlights the question: how is commutativity acquired?
One possibility is that people may discover the commutativity principle through repeated exposure to addition problems,
in which they repeatedly notice that a + b = b + a (Baroody,
Wilkins, & Tiilikainen, 2003; Baroody & Gannon, 1984).
The fact that commutativity is not axiomatic does not preclude other mathematical abilities from being axiomatic. In
the study where commutativity received moderate scores for
its importance to number systems (Rips & Thompson, 2014),
in general, students weighed mathematical relations (e.g. associativity, trichotomy, etc.) and operations (e.g. addition, subtraction, etc.) as more relevant to defining number
systems than the presence or absence of specific elements
(e.g. presence of a first element, presence of successors,
etc.). The authors argue that this favors a structuralist theory,
whereby complex mathematical concepts are derived from a
pre-existing scaffold of more primitive concepts.
2 Note that commutativity was rated 4.83 upon repetition in a different group from the same participant pool.
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Table 3: Output for logistic regression: Commutativity problem accuracy ∼ Education + Arithmetic Accuracy + Knower Level
(CP or Subset) + Time to Market + Age + Trial Type (Word Problem or Symbolic). The predictors are continuous, except for
Knower Level and Trial Type, which are dummy-coded. Age is z-scored, because we tested a limited range of ages: adults
only.

Intercept
Education
Arithmetic Accuracy
Knower Level: CP
Time to Market
Age (z-scored)
Trial Type: Word Problem

Estimate
-2.04
0.26
0.86
0.61
0.03
-0.97
0.63

95% CI lower
-2.56
0.11
0.16
0.17
-0.05
-1.17
0.31

Our study also allowed us to examine how commutativity
knowledge relates to market integration. In prior literature,
Dioula adults with no schooling were accurate on commutativity (Petitto & Ginsburg, 1982). We believed this to be
because these participants had uniformly high market experience. Interestingly, in our population, market experience—
low or high—made no difference in commutativity scores.
This difference may be because Dioula participants have an
overall higher market integration than Tsimane’ participants.
Also, our village-level measure of market integration (travel
time to nearest market) may not be fine-grained enough, a
limitation of our study.
Another limitation of our research is that we define commutativity in a narrow sense: success on abstract symbolic
and concrete word problems. Our symbolic problems rely on
knowledge of verbal number words and/or written numerals.
Our word problems include dot cloud representations as an
additional cue, but these representations are still pictorial. It
is possible, therefore, that these task demands led us to underestimate the commutativity knowledge of some participants.
A task using concrete objects may be better calibrated to remote Tsimane’ culture.

Conclusion
We tested whether it is possible to infer commutativity—a
seemingly simple math skill—purely by experiencing quantities in the world, or whether cultural support is necessary.
By and large, our participants with low amounts of cultural support (exact number knowledge, arithmetic, and formal schooling) did not succeed on our commutativity tasks.
Moreover, age (our intended proxy for experience with quantities in the world) did not confer an advantage in commutativity understanding. This suggests that commutativity is not
an axiomatic psychological concept.
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Abstract
This study aimed to characterize the developmental trajectories
of different cognitive component processes underlying planning decisions. Participants (ages 8-25 years) completed a
planning task called Four-in-a-row. We used computational
modeling to distinguish between three cognitive component
processes of planning: planning depth, heuristic quality, and
attentional oversights, each of which three contributed to better playing strength, but differed in their developmental trajectories. Specifically, from early to mid-adolescence, heuristic quality rapidly improved and contributed to better playing
strength. From mid to late-adolescence, planning depth increased and supported better playing strength. Fewer attentional oversights were associated with better playing strength
and this relation did not show age differences. Together, these
results reveal sequential development of the cognitive component processes underlying planning, with early refinement of
heuristic strategies, and gradual increases into young adulthood in the number of considered future actions, states, and
outcomes. These findings provide a more complete account of
the development of planning and its component processes.
Keywords: Development; Planning; Decision-making; Reinforcement learning

Introduction
Planning is a form of decision-making that involves the mental simulation of potential futures. Everyday life frequently
requires planning for achieving short- and long-term goals,
from selecting the most efficient commute home to making
sound investment choices. Planning is a complex construct
that has several cognitive component processes. To evaluate
a potential sequence of actions, one must identify and attend
to relevant features of the current state, and mentally simulate
potential actions and their future consequences within working memory (Sutton & Barto, 2018). While a large developmental literature has demonstrated that planning improves

from childhood well into early adulthood (Albert & Steinberg, 2011; Korkman, Kemp, & Kirk, 2001; McCormack &
Atance, 2011), prior studies have not yet characterized the development of the component processes that underlie planning
within a single task.
In recent years, there has been a growing focus on characterizing the computations underlying planning using simple
decision-making tasks that are amenable to detailed mathematical modeling (Daw, Gershman, Seymour, Dayan, &
Dolan, 2011; Huys et al., 2012). The paradigmatic example is the Two-Step Task (Daw et al., 2011), a reinforcement
learning task which dissociates model-based and model-free
decision-making (Drummond & Niv, 2020), and has been
used in developmental studies of planning (Decker, Otto,
Daw, & Hartley, 2016; Potter, Bryce, & Hartley, 2017; Vaghi
et al., 2020). However, a shortcoming of the two-step task
is that it only requires thinking two steps ahead, making the
resulting decision tree small enough to exhaustively explore.
The simplicity of this task (as well as other widely used tasks
such as the Tower of London) limits their capacity to evoke
the complex strategies characteristic of real-world planning,
in which decision trees are typically too large for exhaustive search to be feasible (van Opheusden & Ma, 2019). In
planning tasks with large decision trees, the values of intermediate states are often uncertain and have to be evaluated
through heuristic means. (Sutton & Barto, 2018). Additionally, tasks with a small number of distinct states or that only
allow for a few actions in a given state, will have a limited
ability to dissociate component processes of planning such
as the ability to evaluate states, think ahead, and attend to
state features. As a result, there is a need for a sufficiently
rich planning paradigm in which age-related changes in these
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component processes can be examined. The current study
uses a child-friendly game — the Four-in-a-row task (van
Opheusden, Galbiati, Kuperwajs, Bnaya, & Ma, 2021) —
and a corresponding computational modeling framework to
formally quantify the development of complex planning and
its cognitive component processes.

Methods
Participants and procedure
Participants were 8 to 25 years old (n = 156), uniformly distributed across age and gender. Participants were fluent in
English and reported no color blindness, learning disability,
or neurodevelopmental or psychiatric disorders. Participants
were instructed that they would receive a $15 Amazon gift
card plus a performance-based bonus for participation; in reality, all participants were compensated with a $17 gift card to
ensure that bonuses were not unethically biased toward older
participants. Parental permission and child assent were obtained prior to participation. The study took place online.
Participants completed the Four-in-a-row Task, followed by
age-appropriate assessments of individual differences in fluid
reasoning, daily life impulsive choices and future orientation
using the Matrix Reasoning Item Bank (MaRs-IB (Chierchia
et al., 2019; Nussenbaum, Scheuplein, Phaneuf, Evans, &
Hartley, 2020)), Barratt Impulsiveness Scale - Brief (BISBrief (Steinberg, Sharp, Stanford, & Tharp, 2013)), and the
Future Orientation Scale (FOS (Steinberg et al., 2009)), respectively. Parents were allowed to assist children 11 years or
younger with reading BIS-Brief or FOS questions. This study
was approved by the Institutional Review Board at New York
University (IRB-FY2016-1194).

proximately 1.2 × 1016 non-terminal states — a state space
complexity that far exceeds tasks commonly used in cognitive science (van Opheusden & Ma, 2019). Yet, this task has
proven to be amenable to rigorous computational modeling
(van Opheusden et al., 2021).
The computer opponents’ algorithm was similar to our
main model (see below). We created 200 computer opponents
that all used the same algorithm but with different parameters.
We started by fitting the model on all participants in laboratory experiments from (van Opheusden et al., 2021), resulting
in 1650 agents. We then ran an all-versus-all tournament between these 1650 agents and ranked their performance using
the Elo system (see below). Finally, we selected 200 agents
such that their Elo ratings uniformly covered an interval ranging from slightly weaker than the worst human players to
slightly stronger than the best. We fine-tuned this interval
in pilot experiments. We divided the set of 200 agents into 20
categories, with 10 agents per category. We matched participants with computer opponents using a two-win-to-one-loss
staircase, starting at category 2. That is, when a participant
won two consecutive games, the category of their opponent
in the next game increased by one. When a participant lost,
the category decreased by one, and after a draw the category
was kept keep the same. An opponent was randomly selected
from the 10 agents within that category.
We estimated the depth of planning from a participant’s
moves using the computational model in (van Opheusden et
al., 2021). This model combines a heuristic value function
with best-first search. The value function V (s) assigns values
to board states s. We use a weighted linear sum of features
4

V (s) = ∑ wi fi (s),

Four-in-a-row

(1)

i=0

The Four-in-a-row Task is a variant of Tic-Tac-Toe. The
player and computer opponent alternate placing tokens on
a 4-by-9 board (Fig 1A), and the first to complete four in
a row (horizontally, vertically, or diagonally) wins. If no
player wins before the board fills, the game is drawn. This
board size allows for many winning opportunities, while being sufficiently small to be experimentally and computationally tractable. The task was programmed in JavaScript and
played in a web browser. The computer opponents were calibrated to human play to create a wide range of difficulty levels, which were then used in a staircasing algorithm to approximate a 2 win to 1 loss ratio (see below). The task began
with brief written instructions followed by a comprehension
check to ensure that participants understood all three winning
Four-in-a row orientations (i.e., diagonal, horizontal, and vertical). This quiz took the form of three multiple choice questions, in which participants were shown final game states and
asked to indicate the winner of the game. If the response
was incorrect, the instructions were repeated. After the quiz,
the main task started, consisting of 35 games. Simulations
demonstrated that 35 games were sufficient to reliably estimate the computational model parameters. The task has ap-

where fi denote the features and wi their weights. We use 5
features: center, connected 2-in-a-row, unconnected 2-in-arow, 3-in-a-row and 4-in-a-row. The center feature measures
how close to the center of the board a player’s pieces are distributed, and the other 4 features count how often the corresponding patterns occur on the board (Fig. 1B).
The evaluation function guides the construction of a decision tree (Fig. 1D), using a best-first search algorithm
that focuses computational resources by exploring promising branches of the decision tree first. More precisely, given
a partially constructed decision tree, the algorithm decides
which node to consider next by exploring the principal variation, that is, the sequence that results if both players choose
the highest-value moves in the current tree. The algorithm expands the final node in this principal variation, evaluates candidate moves using the value function defined above, backpropagates the result according to the minimax rule, and continues to the next iteration. After each iteration, the model
has a probability γ to terminate search, and make the move
that is best according to its current tree.
The model contains additional components which improve
its ability to match human data. First, we include a pruning
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rule: when expanding a node, we prune all candidate moves
whose value differs from the best by more than a threshold ω.
To account for variability in people’s choices, we add three
sources of noise. First, before constructing the decision tree,
we randomly drop features at specific locations and orientations with a probability δ; these features are omitted during
the calculation of V (s). This mechanism is intended to account for random attentional oversights. Second, during tree
search, we add Gaussian noise to V (s) at each node. Finally,
we also include a generic lapse rate λ. For details on the computational model, see (van Opheusden et al., 2021).
Model-derived metrics There are four model-derived metrics: Playing strength (Elo ratings), planning depth, heuristic quality, and feature drop rate. To estimate a participant’s
playing strength from games against computer opponents,
we used the Elo system (Elo, 1978), implemented using
the publicly available Bayeselo algorithm (https://www.remicoulom.fr/Bayesian-Elo/). This algorithm treats the problem
as a Bayesian parameter estimation problem, with a model
that specifies the probability of a win/loss as a logistic function of the rating difference of the players. The algorithm
takes as input a database of game results and estimates all ratings. Constant offsets to all players’ ratings do not affect the
predictions of the algorithm. Individual players’ Elo ratings
are sufficiently precise that they can be used as a metric for
playing strength. Planning depth was estimated as follows:
After fitting the parameters of our main model for a given
participant, we ran the model forward in generative mode. In
each position, we generated 100 simulations using the fitted
parameters. In each simulation, we recorded the depth of the
principal variation (sequence of moves considered best); we
then averaged across simulations and positions. The result
is the planning depth estimate for that participant. Heuristic
quality was defined as the correlation between V (s, w) and the
objective value (1 for wins, −1 for losses, 0 for draws), across
a pre-generated set of observed game states s. The heuristic
quality only depends on the feature weights in the model, and
not on the parameters of the tree search algorithm. The feature drop rate is simply the parameter δ in the model.

Analyses
Age-related differences in model-derived metrics and relation with Elo To test the relation between age and the
model derived metrics, we used robust regression models
with bisquare weighting for outliers. We tested both linear
and polynomial age effects and report the results for the best
fitting age model. We also used robust regression models
to predict Elo ratings using planning depth, heuristic quality,
feature drop rate, and their interaction with age.
Model stability To assess parameter estimate stability, we
follow the methods described in van Opheusden et al. (2021)
by calculating the correlation between parameter estimates
of independent fits. While the parameter estimates between
the two independent fits should be correlated, they can-

not be identical because the model fitting algorithm provides stochastic estimates of the log-likelihood and therefore returned stochastic parameter estimates (van Opheusden,
Acerbi and Ma, 2020).

Results
Descriptive statistics
With age, participants took longer on average to make a
move (Spearman rho correlation between decision time and
age: ρ = 0.234, p = 0.003) and made more moves per game
(ρ = 0.200, p = 0.012). On average, participants completed
the task in 16.17 minutes (sd = 5.54). Task completion time
correlated with age such that older participants took longer
(ρ = 0.277, p = 4.55·10−4 ). Opponent category stabilized
over games for all ages, which suggests that the staircasing
algorithm converged within the 35 games. Most participants
answered all comprehension questions correctly on the first
attempt (n = 138; n = 16 made one mistake and n = 2 made
more than one mistake). Age did not significantly correlate
with the number of correct answers on the comprehension
questions (ρ = 0.136, p = 0.089), suggesting that younger
participants also comprehended the task well.

Age-related differences in model-derived metrics
We found that performance on the planning task improved
with age, as shown by an age-related improvement in Elo ratings, especially during early adolescence (linear age effect
B = 58.46, p = 8.55 · 10−8 , 95% CI [37.93; 78.99], quadratic
age effect B = -30.77, p = 6.06·10−3 , 95%CI[-52.62; -8.92])
(see Fig.2A). As a result of the five-fold cross validation
method, each subject had five estimates of planning depth,
heuristic quality, and feature drop rate. The average of each
metric per subject was therefore used as a dependent variable in the regression models. We found that planning depth
monotonically improved with age (B = 0.83, p = 1.45·10−6 ,
95%CI[0.50; 1.16]), while heuristic quality showed a polynomial age effect, suggesting that age-related improvements in
heuristic quality emerged most strongly between childhood
and early adolescence (linear B = 0.03, p= 5.37·10−7 , 95%
CI[0.02; 0.04]; quadratic: B = -0.02, p = 2.32·10−3 , 95% CI[0.03; -0.01]). Feature drop rate did not significantly change
with age (B = 0.00, p = 0.884, 95% CI[-0.02; 0.02]).

Relation between Elo and model-derived metrics
We found that planning depth and heuristic quality indeed showed age-dependent effects on Elo ratings (Fig.2B).
Specifically, planning depth became more predictive of Elo
ratings with age (interaction between planning depth and age
B = 35.17, p = 1.19·10−4 , 95% CI[17.59, 52.75]), while
heuristic quality became less predictive of Elo ratings with
age (interaction between age heuristic quality and age B =
-38.82, p = 1.48·10−5 , 95% CI[-55.94, -21.70]). These findings suggest developmental changes in the contribution of
these component processes to solving planning problems,
with greater reliance on heuristic quality at younger ages, and
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Figure 1: Four-in-a-row planning task and computational model re-printed from van Opheusden et al. (2021) with permission.
A. Example board position in the Four-in-a-row game. Two players, black and white, alternate placing pieces on the board.
The first player to achieve 4-in-a-row wins the game. In this position, black is about to win by moving on the 3rd square in the
bottom row (open circle, mouse cursor). B. Features used in the heuristic function. Features with identical colors are constrained
to have identical weights. The model also includes a central tendency feature and a 4-in-a-row feature. C. Illustration of the
algorithm. Illustration of the heuristic search algorithm. Black is to move (left image). After considering two candidate moves
for black and evaluating the resulting positions using V(s), the highest-value move (V = 2.3) is selected on the second iteration
and expands this node with three candidate moves for white. The algorithm backpropagates the lowest value (V = 0.3), as this
is the worst possible move for black. That value is compared against its alternatives in each intermediate node of the tree, to
decide in which direction to expand the tree in the algorithm’s next iteration. D. Actual decision tree for one simulation in one
position for one participant, after parameter fitting. Red: principal variation, the sequence of most promising moves for both
players. In this example, the depth of planning is 5. Different branches are evaluated to different depths.
gradually expansion of the decision tree size with age. In
addition, lower feature drop rate was associated with better
playing strength (main effect B = -38.19, p = 9.60·10−6 , 95%
CI[-54.65, -21.73]) and this relationship did not differ significantly with age (interaction effect B = -4.07, p = 0.615, 95%
CI[-20.04, 11.90]), confirming that, across participants, fewer
attentional oversights predicted better playing strength.
We performed post-hoc analyses to better understand the
interaction effects between age and planning depth and age
and heuristic quality on Elo ratings. We therefore created
age groups to examine how each of these metrics contributed
to Elo ratings within an age group. We applied BonferroniHolm corrections for multiple comparisons. We found that
heuristic quality was significantly predictive of Elo ratings for
the 8-12 year olds (B = 87.46, p = 6.98·10−5 , 95% CI[46.96,
127.95]), but planning depth and feature drop rate were not
(planning depth B = 10.23, p = 0.608, 95% CI[-29.61, 50.07];
feature drop B = -33.50, p = 0.110, 95% CI[-75.01, 8.03]).
For the 13-17 year olds, heuristic quality remained a significant predictor of Elo ratings (B = 55.03, p = 5.95·10−4 , 95%
CI[24.97, 85.10]). Feature drop rate additionally became a
significant predictor (B = -43.44, p = 0.634·10−3 , 95% CI[74.03, -12.86]), but not planning depth (B = -7.22, p = 0.622,
95% CI[-36.50, 22.05]). For 18-25 year olds, heuristic qual-

ity was no longer significantly predictive of Elo ratings (B =
-11.97, p = 0.250, 95% CI[-32.64, 8.70]). Instead, for this age
group planning depth was most predictive of Elo (B = 72.49,
p= 1.61·10−8 , 95% CI[-51.06, 93.92]) followed by feature
drop rate (B = -31.55, p = 0.005, 95% CI[-52.98, -10.12]). Together, these results further support an age-related shift in the
use of the cognitive component processes that underlie planning decisions, with heuristic refinement during childhood to
increasingly dominant reliance on expanding the decision tree
towards young adulthood.

Model stability
All parameter estimates were positively correlated between
independent fits in our entire sample as well as for each
age group (Fig. 3A). Importantly, the correlations were not
smaller for younger age groups than for adults, suggesting
that the parameter estimates were stable across fits and age.
In addition, the correlations between different model derived
metrics were in expected directions, and not strong, suggesting that there was no strong trade-off between the metrics
(Fig. 3B).

Individual differences
Age and fluid reasoning were positively correlated (Spearman’s ρ = 0.301, p = 1.80·10−4 ). Robust mediation anal-
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A. Elo ratings and model-derived metrics

B. Relation between model-derived metrics and Elo ratings

Figure 2: A. Elo ratings and Model-derived metrics per age bin (in years). Age was a continuous variable in the main analyses; bins are for visualization purposes. Line represents the median per group and the errorbars show the bootstrapped 95%
confidence interval of the median. B. Elo rating as a function of the model-derived metrics per age bin. Lines show the robust
regression fit and the bootstrapped 95% confidence interval. In all plots light green = children (8-12 years old), green = adolescents (13-17 years old), dark green = adults (18-25 years old)
A. Model stability

B. Correlations between metrics
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Figure 3: A. Spearman rho correlations between repeated fits for each parameter estimate. Grey = all subjects, light green
= children 8-12 years old, green = adolescents 13-17 years old, dark green = adults 18-25 year old. B. correlations between
metrics shows no strong parameter trade-off.
yses with fluid reasoning as a mediator were performed on
model-derived metrics demonstrating evidence of age-related
change (i.e., planning depth and heuristic quality) using 5000
bootstrapped replicates. While fluid reasoning partially mediated the relationship between age and heuristic quality (boot-

strapped total effect 0.162, p = 2.40·10−4 ), the relationship
between age and heuristic quality remained significant (bootstrapped direct effect 0.135, p = 1.61·10−3 ), confirming that
heuristic quality improved with age. Fluid reasoning also
partially mediated the relationship between age and planning
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depth (bootstrapped total effect 0.359, p = 2.88·10−6 ), again
not fully accounting for the age-related changes seen in planning depth (bootstrapped direct effect 0.295, p = 4.83·10−05 ).
Together, these results suggest that the age-related changes in
heuristic quality and planning depth were not fully explained
by individual variation in fluid reasoning, supporting the interpretation that they are unique measures.
As expected, self-reports showed an increase in daily life
future orientation with age (ρ = 0.374, p = 1.661·10−6 ) and
a decrease in impulsive choices, albeit to lesser extent (ρ =
-0.177, p = 0.027). However, we did not find a relation between either measure and any task metrics (all p ≥ 0.156)
after controlling for age. This suggests that the Four-in-a-row
model-derived metrics capture different cognitive processes
than those indexed by these self-report measures.

Discussion
Measuring planning ability is notoriously complex as it relies on heuristics, forward reasoning, and attention (Ward and
Morris, 2004). Here we used a novel task called “Four-ina-row” and a computational model, previously used only in
adult participants (van Opheusden & Ma, 2019)), to assess the
developmental trajectories of these distinct cognitive components. Four-in-a-row has a larger state space than existing
planning tasks, which makes it impossible to make a decision
by reasoning about all the steps needed to reach a goal state,
including reasoning backwards from a goal state. Thereby,
Four-in-a-row is a planning task with increased ecological validity for real-world complex planning problems.
As expected, Four-in-a-row playing strength, as measured
by Elo ratings, improved with age. By fitting a best-firstsearch computational model, we found distinct developmental trajectories of cognitive component processes that accounted for this improvement. Specifically, at younger ages
(approximately early to mid-adolescence), we observed a
rapid improvement in heuristic quality, which contributed to
better playing strength. In contrast, planning ability showed
stronger improvement and supported better playing strength
at older ages (approximately mid to late-adolescence). Fewer
attentional oversights were associated with better playing
strength and did not show age differences. Together, these
results suggest an order in which the use of cognitive component processes of planning develop into, during, and out
of adolescence, starting by first refining the heuristic strategies, then gradually increasing the number possible future
actions, states, and consequences considered towards young
adulthood.
To further examine the uniqueness and novelty of the
model-derived metrics, we assessed to what extent variation
in planning depth and heuristic quality could be explained by
individual differences in fluid reasoning (the capacity to apply
logic to solve problems in new situations), future orientation,
and impulsivity. We focused our analyses on planning depth
and heuristic quality, as these showed age-related changes.
As expected based on previous studies (Cattell, 1987; Ferrer

& McArdle, 2004; Albert & Steinberg, 2011), fluid reasoning and future orientation increased with age, while impulsivity decreased. Neither planning depth nor heuristic quality
was correlated with self-reported future orientation or impulsivity. Moreover, fluid reasoning only partially mediated the
developmental changes in both planning depth and heuristic
quality. These results complement a prior study in which fluid
reasoning was found to be an important component process of
model-based learning (Potter et al., 2017). Finding that fluid
reasoning only partially mediated the relation between age
and planning depth is consistent with the notion that planning
crucially involves thinking ahead about future states, actions,
and outcomes (i.e. planning depth), which is not part of fluid
reasoning.
Our findings contribute to the growing literature on the
development of model-based decision-making and reinforcement learning (for review see (Drummond & Niv, 2020)).
Model-based decisions are more prevalent when playing
Four-in-a-row than model-free decisions, as participants often encounter novel states in this task. Of all the states our
participants encountered, on average 88.7% (sd = 2.0%) were
unique states that the participant did not observe before. It
is particularly important to understand age-related change in
model-based decision-making, as several recent studies suggest that it shows a more protracted development than modelfree learning (Decker et al., 2016; Palminteri, Kilford, Coricelli, & Blakemore, 2016; Potter et al., 2017) (but see (Smid,
Kool, Hauser, & Steinbeis, 2020). Our findings make novel
contributions to this literature by examining planning in a
large state-space and revealing distinct developmental trajectories of the component processes that underlie planning.
Taken together, the current study investigated the developmental trajectories of heuristic quality, planning depth, and
feature drop rate in a single planning task. Established assessments of complex planning traditionally rely on courser
outcome measures such as accuracy or decision times, which
would be affected by developmental changes in any of the
underlying cognitive components, and thus unable to dissociate their contributions. In the future, our approach may
be useful for the study of psychiatric disorders, as planning
deficits are prevalent in a wide range of disorders, including ADHD, OCD, and schizophrenia (Harrier & DeOrnellas,
2005; Kofman, Gidley Larson, & Mostofsky, 2008; Nigg,
Blaskey, Huang-Pollock, & Rappley, 2002; Morris, Rushe,
Woodruffe, & Murray, 1995). Further research is needed to
identify how our model-derived metrics relate to other cognitive mechanisms. Planning depth for example, likely relies
on working memory to remember the consequences of possible moves (Gilhooly, 2005). Nevertheless, our findings move
the field of cognitive development towards a more complete
account of the development of planning and its component
processes.
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Abstract
Listeners adapt to specific speakers’ speech cue distributions
and generalize the adaptation to the perception of a different
speaker. It remains unclear whether listeners track and
generalize the distributional statistics of raw, un-normalized
cues or normalized cue distributions relative to the speaker’s
acoustic space. To address this question, we adopted a
perceptual generalization paradigm to investigate whether
manipulating context properties of a training speaker (Female
A)’s speech would lead to different categorization results
of critical phonemes in a test speaker (Female B)’s speech.
Experiment 1 showed that learning Female A’s speech
containing the same set of sibilants but shifted vowel formants
would lead to different categorization of Female B’s sibilants:
listeners exposed to raised vowel formants were more likely
to identify an /s/ and those exposed to lowered vowel
formants were more likely to identify /S/ in Female B’s
speech, compared with participants exposed to unaltered vowel
contexts. Experiment 2 showed that learning of Female A’s
speech containing the same set of stops but manipulated word
frame duration would lead to different categorization results of
Female B’s stops: listeners temporally exposed to expanded
word frames were more likely to identify a /t/ and those
exposed to compressed contexts were less likely to identify a
/t/ in Female B’s speech, compared to participants exposed to
unaltered temporal cues. These results suggest that listeners
keep track of normalized cue distributions relative to the
speaker’s acoustic space and generalize those distributions to
guide their speech perception behaviors.
Keywords: perceptual learning; speaker normalization; vocal
tract normalization; speech rate normalization; generalization

Introduction
Human speech is highly variable. Listeners are known
to adjust their perceptual expectations rapidly to be better
aligned with the production of specific speakers via a process
of “perceptual learning” (Norris, McQueen, & Cutler, 2003).
Listeners also generalize the distributional properties of one
speaker’s linguistic units to their perception of a different
speaker’s speech (Kraljic & Samuel, 2006, 2007; Reinisch
& Holt, 2014; Xie et al., 2018; Tamminga, Wilder, Lai, &
Wade, 2020; Lai, 2021). Perceptual learning can generalize
across speakers of the same gender (Reinisch & Holt, 2014;
Tamminga et al., 2020; Lai, 2021) and of different genders
(Kraljic & Samuel, 2006, 2007; Reinisch & Holt, 2014;
Van der Zande, Jesse, & Cutler, 2014; Lai, 2021); it has
also been found for different types of phonemes, including
fricatives (Eisner & McQueen, 2005; Kraljic & Samuel,
2005, 2007; Reinisch & Holt, 2014; Tamminga et al., 2020)
and stops (Kraljic & Samuel, 2006, 2007; Van der Zande et
al., 2014).

The encoding of phonemic contrasts not only involves
raw acoustic statistics of the target phonemes, but also
their relationship with cue distributions of their surrounding
acoustic signals, or contexts (e.g. word frames). The
mechanism by which listeners uncover the intended meaning
of variable speech by scaling phonetic cues according to
contextual baselines is called normalization (Diehl, Souther,
& Convis, 1980; Johnson, 1990; Johnson, Strand, &
D’Imperio, 1999; Dilley & Pitt, 2010, etc.). This study
investigates the incorporation of two kinds of normalization
processes in perceptual learning.
The first kind is vocal tract length normalization (Johnson,
2018) and its impact on the perception of /s-S/. Speakers’
vocal tract lengths correlate with the spectral energy
distributions of their sibilants and vowels (Kent, 1993):
longer vocal tract leads to lower frequencies of vowel
formants and lower sibilant spectral energy. Listeners can
infer the information of a speaker’s vocal tract size from
his/her vowel formants (Reby & McComb, 2003; Smith
& Patterson, 2005; Lammert & Narayanan, 2015), and
use this information to locate the distributional properties
of the sibilant frequency of this speaker (Johnson, 2018).
For example, Strand and Johnson showed that when female
voices were manipulated into male voices through lowering
vowel formants and F0 , listeners were more likely to perceive
/s/ rather than /S/ for sounds on the same sibilant continuum.
This is partly because male speakers tend to have a longer
vocal tract than female speakers which leads to lower spectral
energy frequencies.
The second kind is speech rate normalization, which
refers to the phenomenon where listeners use the temporal
characteristics of the contextual information to segment
speech units and identify speech targets (Port, 1979;
Summerfield, 1975; Dilley & Pitt, 2010). This mechanism
plays a critical role in the identification of phonemic contrasts
signaled by temporal cues such as voice-onset-time (VOT).
On top of the tendency that longer VOT leads to more
frequent identifications of voiceless stops rather than voiced
ones, it is also reported that the perception of stop voicing
also varies with the overall speech rate of an adjacent phrase
(Port, 1979; Summerfield, 1975).
Normalization mechanisms have also been documented to
affect the perceptual integration of various other speech cues
than spectral and temporal, such as F0 (Wong & Diehl, 2003).
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Although the process is widely recognized, its relationship
with the mechanism of perceptual learning and generalization
has not been well elaborated. In specific, it still remains
unresolved whether listeners keep track of talker-specific
distributional statistics of the raw, un-normalized cues or their
relative distributions in a particular speaker’s acoustic space.
Perceptual learning models that take raw acoustic values of
a phonemic contrast as the model input successfully predict
the perceptual boundary shift after adaptation (Kleinschmidt
& Jaeger, 2015). Recently, there have also been attempts
to incorporate normalization mechanisms into perceptual
learning models, but relevant studies have mainly focused on
the learning of intonation (Xie, Buxó-Lugo, & Kurumada,
2021; Kurumada & Roettger, 2021). To our knowledge,
no study has been conducted to evaluate the interference
of speech normalization in the perceptual generalization of
phonemic contrasts at the segment level. This forms the main
goal of the current study.

The present study
The present study probes the nature of listeners’ mental
representations of speech distributions that they keep track
of during perceptual adaptation and later generalize to
guide their subsequent speech perception. We adopt the
experimental paradigm of the generalization of perceptual
learning across speakers, where the perceptual learning
with one speaker continues to affect the perception of
a different speaker’s speech. Cross-speaker perceptual
generalization provides a suitable testing ground to evaluate
whether perceptual learning involves tracking normalized
cue distributions or absolute acoustic values, because the
presence of multiple speakers involves acoustic variability
of the speech context and therefore presents the necessity
to clarify whether the generalized cue distributions are
speaker-dependent.
Two experiments are conducted to investigate the
generalization of two distinct kinds of cues. Experiment 1
investigates the generalization of spectral cues to a sibilant
contrast, asking how listeners generalize their learning of
sibilant frequencies across speakers with different sizes of
vocal tracts. Experiment 2 investigates the generalization
of temporal cues to a plosive contrast, asking how
listeners generalize their learning of voice-onset-time across
speakers with different speech rates. Both experiments
adopt a between-subject design. Participants in different
experimental conditions hear training stimuli that have
identical acoustic signals of the critical target phonemes, but
the acoustic distributions of the context information, i.e. word
frames where the target sounds occur, are different.
We evaluate two competing hypotheses. A raw cue
distribution hypothesis claims that listeners keep track
of the absolute values of acoustic cues to a phonemic
contrast and use these distributions to uncover phoneme
identities in subsequent speech perception behaviors. On
the contrary, a normalized cue distribution hypothesis claims

that listeners keep track of the relevant cues’ relative
distributions in the speaker’s acoustic space and generalize
those relative distributions to further guide their speech
perception activities. The two hypotheses we evaluate
make different predictions about the categorization results
obtained from different experimental conditions. The raw cue
distribution hypothesis predicts that participants in different
conditions should have similar results since they were
tracking the acoustic statistics of the target phoneme that
remains identical across conditions; whereas the normalized
cue distribution hypothesis predicts that participants in
different conditions would categorize the test stimuli in ways
that are consistent with the manipulation of their contextual
information. Specific predictions for each experiment will be
further provided in the following sections.

Experiment 1: vocal tract normalization
Experiment design
Experiment 1 investigates whether manipulating spectral
properties of speech contexts of a training speaker would
shift the identification of the same set of sibilants from a
test speaker. Figure 1 sketches the design of Experiment
1. The experiment has three conditions, each containing
two phases: a training phase and a test phase. In the
training phase, participants in all conditions were exposed
to Female A’s spoken words. Then, in the test phase, they
completed a phoneme categorization task with Female B’s
/s-S/ continuum. Participants were randomly assigned to one
of the three conditions – a raised vowel formant condition,
a normal vowel formant condition, and a lowered vowel
formant condition. The three conditions shared identical
stimuli of Female B’s speech in the test phase, and identical
sibilants in Female A’s speech in the training phase. However,
the vowel formants of Female A’s lexical contexts would
be raised, lowered, or normal, depending on the specific
condition.

Figure 1: The design of Experiment 1
The planned analysis was to compare across conditions and
evaluate whether the differences in contextual vowel formants
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in the training phase would affect listeners’ categorization of
/s-S/ with a different speaker in the test phase.

Predictions
The two competing hypotheses we set up in the previous
section make different predictions.
A raw-distribution hypothesis predicts that participants
in different experimental conditions would have similar
categorization results, since they were exposed to identical
acoustic signals of /s-S/ of Female A in the training phase.
By contrast, a normalized-distribution hypothesis predicts
that participants in the three conditions would exhibit
categorization patterns that are different from each other,
in ways consistent with the vowel formant manipulation
on the word frames in each condition. Participants in
the lowered vowel formants condition were exposed to
lower-vowel-formant frames, which entailed relative higher
frequencies of the spectral energy for sibilants in Female
A’s acoustic space. Therefore, these participants should
expect higher spectral energy frequency in the identification
of /s/ and report fewer perception responses of /s/ along
the continuum, compared with participants in the normal
vowel formants condition. Similarly, participants in the
raised vowel formants condition heard higher vowel formants
and therefore relative lower spectral energy frequencies of
the sibilants in the speaker’s acoustic space. Therefore,
they should expect lower spectral energy frequencies for the
perception of /s/ and report more /s/ along Female B’s sibilant
continuum, compare with participants in the normal vowel
formant condition. Taken together, the predicted ranks across
conditions in terms of /s/ report rate is raised > normal >
lowered.

Method
Participants 45 adult participants (20 men and 25 women)
were recruited from Prolific, a subject pool for online
experiment (Palan & Schitter, 2018), to complete Exp 1
online. Five of them were under the age of 20, eight of them
were above 40, and the rest of them fell into the range of
20-40 years old. They were self-reported to be native English
monolinguals and have no hearing disorders.
Materials Two female native American English speakers
recorded stimuli for the experiments presented here. They
will be referred to throughout as Female A and B. All the
stimuli were recorded in a sound-proofed recording booth,
with a Yeti microphone at a sampling rate of 44.1 kHz.
Construction of training stimuli The training stimuli
were drawn from Female A’s speech. They consisted of 51
words. 17 of them contained s word-medially, 17 contained
sh word-medially, and the remaining 17 did not contain s
or sh anywhere in the word. The s-containing words and
sh-containing words were matched in lexical frequency as
determined using the SUBTLEX corpus (Brysbaert & New,
2009) FREQcount measure. All the words were normalized
to 70 dB, and they were used as the training stimuli in one

of the experimental conditions – the normal vowel formant
condition.
Then we manipulated the vowel formants of the 51 stimuli
in Praat to construct training stimuli for the two other
experimental conditions. Stimuli in the raised vowel formant
condition were created by multiplying all vowel formants by
a factor of 1.2, and stimuli in the lowered vowel formant
condition were created by multiplying vowel formants by a
factor of 0.8. Sibilants were cut off from the critical items
before manipulation and spliced back afterward to ensure that
they were not manipulated. The formants of the filler stimuli
were also scaled in ways consistent with the critical stimuli in
their condition, and manipulation was performed throughout
the whole word. These stimuli were also normalized to 70
dB.
Construction of test stimuli The test stimuli were 51
spoken words produced by Female B. They consisted of 35
critical items in word frames of /s/- /S/ minimal pairs and
16 filler words that had no /s/ or /S/. To generate the critical
items, we first made a five-step s-sh continuum with Female
B’s typical /s/ and /S/ sounds by blending the two sounds at
five steps of proportion ratios, varying from 0.3 /s/ 0.7 /S/ to
0.7 /s/ 0.3 /S/ with an increase of 0.1 /s/ and a decrease of
0.1 /S/ at each interval. Then the five instances were each
spliced onto seven word frames that form minimal pairs of /s/
and /S/. The word frames were made from the spoken words
of sign, same, seat, self, shake, shell, and shy. We removed
the original sibilant onsets of these words and concatenated
each of them to the five steps of sibilants. These stimuli were
also normalized to 70 dB.
Procedure All experiments were programmed and
implemented through the PCIbex online experimental
platform (Zehr & Schwarz, 2018). Participants in all three
conditions completed a training block on Female A’s spoken
words, followed by a test block on Female B’s spoken
words. In each block, listeners needed to complete 51 trials,
where they listened to a spoken word once and needed to
choose from two written options which word they heard.
For the training trials, the two options consisted of the
correct word and a foil that was orthographically similar
but not contrastive on the critical sound (e.g., vocation vs.
vacation). For test trials, however, the two options were
always contrastive on the critical sound (e.g., same vs.
shame). The trial order was randomized within blocks for
each participant, and the order between the two options was
randomized for each trial.

Results
Analyses were conducted using the R Statistical environment
(R Core Team, 2014); linear models were run using the lme4
library (Bates, Mächler, Bolker, & Walker, 2015), and plots
were created using ggplot (Wickham, 2016).
Figure 2 shows the means and standard errors of the /s/
identification rates at each fricative step in three experimental
conditions. Generally, participants in all three conditions
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showed more /s/ responses as the proportion of /s/ mixed
in the test stimulus increased. Moreover, although listeners
were exposed to identical sibilants in the training stage,
their categorization boundary of /s-S/ shifted with different
manipulations of vowel formants of the training stimuli.
Listeners who listened to stimuli with vowel formants shifted
downwards in the spectrum reported the perception of /s/
less frequently, and listeners who listened to stimuli with
vowel formants shifted upwards in the spectrum reported
more frequent perception of /s/, compared with those who
were exposed with unmanipulated vowels.

of sibilants in the learning process. The hypothesis is
also supported by the finding that the /s/ response rates
rank as predicted across the three conditions, although a
statistical difference was only detected between the two most
extreme experimental conditions (the Lowered and the Raised
conditions). This can be partially attributed to the lack of
power since there were only 15 participants in each condition.
More data therefore is needed to evaluate whether our current
finding is robust.

Experiment 2: Speech rate normalization

/s/ response rates (Mean and SE)

Overview
0.9
0.7
Formant
Lowered
Normal
Raised

0.5
0.3
0.1
0.35
0.45
0.55
0.65
0.75
Proportions of /s/ mixed at each step

Figure 2: The means and standard errors of /s/ response rates
at each step in three experimental conditions
A mixed-effects logistic regression model was fitted to
predict the response of each trial (/S/=0, /s/=1). The model
included Condition (ternary, treatment coded, baseline:
Lowered), Step (numeric, scaled, and centered), and
Phoneme (the original consonant produced with the word
frames of the test stimuli, sum-coded) as fixed effects, Step
× Condition as an interaction term, and Step by Participant
and Step by Word as random slopes. The model showed a
significant effect of Step (β = 1.82, SE = 0.24, p < 0.001)
and Phoneme (β = 0.75, SE = 0.24, p = 0.001). Condition is
significant for the Raised Formant condition (β = 1.54, SE =
0.68, p < 0.02) but not the Normal Formant condition (β =
0.95, SE = 0.66, p = 0.15). The model revealed no significant
interactions. We then evaluated the difference between the
Normal Formant condition and the Raised Formant condition
by re-coding the latter as the baseline level and re-ran the
model. Again, we found no significant effect of the Normal
Formant condition (β = −0.59, SE = 0.66, p = 0.38).

Discussion
The result of Experiment 1 lends some support to
the normalized-distribution hypothesis of the perceptual
generalization of spectral cues. We found that shifting vowel
formants of the word frames of the training speaker leads to a
shift of sibilant perception boundary for the test speaker. This
means that altering vowel formant frequencies has yielded a
different relative distribution of spectral energy frequencies

Experiment 2 investigates whether manipulating temporal
properties of word frames of a training speaker would shift
the identification of the same set of stops from a test speaker.
Figure 3 illustrates the design of Experiment 2. Similar
to Experiment 1, the experiment has three conditions, each
containing two phases. In the training phase, participants
in all conditions were exposed to Female A’s spoken words
that contained /t/ and /d/; then they completed a phoneme
categorization task with female B’s /t-d/ continuum in the
test phase. Participants were randomly assigned to one of
the three conditions, namely, a shortened frame condition, a
normal frame condition, and a lengthened frame condition.
Participants across the three conditions were tested on the
same set of stimuli produced by Female B. Crucially, they
were exposed to identical critical stops produced by female A.
However, the word frames in which stops were situated were
temporally compressed, expanded, or unaltered, depending
on the specific condition participants were in.

Figure 3: The design of Experiment 2
The planned analysis was to compare across conditions
to evaluate whether manipulating the temporal properties of
speech contexts of Female A in the training phase would
affect listeners’ categorization results of /t-d/ with Female B
in the test phase.

Predictions
The two competing hypotheses we set up make different
predictions about the results. A raw-distribution hypothesis
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Method
Participants 45 participants (23 men and 22 women) were
recruited from Prolific (Palan & Schitter, 2018) to complete
the experiment. Five of them were under the age of 20, seven
of them were above 40, and the rest of them fell into the range
of 20-40 years old. They self-reported to be native English
monolinguals and have no hearing disorders.
Materials The stimuli used in Experiment 2 were produced
by the same two female speakers whose speech was used in
Experiment 1. The recording procedure was also identical to
Experiment 1.
Construction of training stimuli The training stimuli
were manipulated from 51 spoken words of Female A. They
consisted of 17 words that contained /t/ word-medially, 17
words that contained /d/ word-medially, and 17 words that
did not contain /t/ or /d/ anywhere in the word. The 51
words were further manipulated to create training stimuli for
three context duration conditions: a lengthened condition,
a shortened condition, and a normal condition. In these
conditions, the target stops in the critical words remained
unaltered, while the remaining word frame was either
expanded by a factor of 1.7 (lengthened), compressed by a
factor of 0.7 (shortened), or scaled by 1.0 (normal). Duration
interpolation was implemented using the PSOLA algorithm
in Praat to avoid potential signal mismatch or missing
material at target boundaries associated with splicing. The
duration of filler words was manipulated consistently with the
critical items in each condition, except that the manipulation
was implemented throughout the whole word due to the
absence of target phonemes. All the stimuli were normalized
to 70 dB.
Construction of test stimuli The test stimuli were all
manipulated from Female B’s speech. They were 35 critical
items in lexical frames of /t-d/ minimal pairs and 16 filler

words that had no /t/ or /d/. The critical items were
manipulated from seven /t/-initial spoken words that form a
different word with /t/ substituted by /d/ (i.e., tear, tie, tip,
toes, touch, town, time). For each word, we manipulated their
onset into a five-step /t-d/ continuum by temporally scaling
the VOT proportion of the /t/ onset to be 0.2, 0.4, 0.6, 0.8,
and 1.0 of its original length. Again, temporal compression
was conducted using the PSOLA algorithm in Praat and its
graphical user interface for duration interpolation. All stimuli
are normalized to 70 dB.
Procedure The experiment was implemented through the
PCIbex platform (Zehr & Schwarz, 2018). Participants in all
conditions completed a training block on Female A’s spoken
words and then a test block on Female B’s spoken words
(51 trials in each block). Same as Experiment 1, listeners
heard each spoken word once and needed to choose from
two written options which word they heard. The two options
in a training trial never contrasted on the critical phoneme,
whereas the two options in a test trial always contrasted on
the critical phoneme. The trial order was randomized within
blocks for each participant.

Results
Figure 4 shows the means and standard errors of the /t/
identification rates at each VOT step in the three experimental
conditions.
/t/ response rates (Mean and SE)

predicts that participants in different experimental conditions
would have similar categorization results, since they were
exposed to identical acoustic signals of /t-d/ of Female A
in the training phase. In contrast, a normalized-distribution
hypothesis predicts that participants in the three conditions
would exhibit categorization patterns that differ from each
other in the following way: participants in the shortened
frame condition were exposed to shorter word frames, and
therefore larger proportions of VOT of /t-d/ in the frames,
which would make them expect longer VOTs for /t-d/. As
a result, these participants were predicted to show a lower
probability of reporting a /t/ along the same VOT continuum
than participants in the normal frame condition. Similarly,
participants in the lengthened frame condition heard longer
word frames and therefore smaller proportions of VOT of
/t-d/ relative to the frames, which would make them expect
smaller VOT values for /t-d/. As a result, they would be
more willing to report /t/ at a smaller VOT step along the
same VOT continuum, in comparison with participants in the
normal frame condition.

0.9

0.7

Context
Lengthened
Normal
Shortened

0.5

0.2
0.4
0.6
0.8
1.0
Proportions of VOT length at each step

Figure 4: The means and standard errors of /t/ response rates
at each step in three experimental conditions
In general, participants showed a strong tendency to
identify /t/ throughout the continuum such that the /t/
identification rate has already reached 50% at the first step.
Then, as VOT became longer at larger steps, participants
increased their /t/ responses. Between-condition differences
in /t/ responses were most clearly shown at the first two
VOT stops: Participants exposed to training stimuli with
shorter word frames perceived the fewest /t/ instances in the
test phase; similarly, participants exposed to training stimuli
with longer word frames perceived the most /t/ responses;
participants exposed with training stimuli with unaltered
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word frames duration reported a /t/ response rate that lied in
between. This difference between conditions disappeared at
the third to fifth VOT step.
A mixed-effects logistic regression model was fitted to
predict the response of each trial (/d/=0, /t/=1) with Condition
(treatment coded, baseline: Lengthened), Step (numeric,
scaled, and centered) in a two-way interaction and the random
slopes of Step by Participant and Step by Word. The
model showed a significant effect of Step (β = 1.18, SE =
0.27, p < 0.001) but no effect of Condition for Normal (β =
−0.21, SE = 0.29, p = 0.48) and Shortened (β = −0.16, SE =
0.28, p = 0.56) conditions. However, the interaction between
Step and Condition (Shortened) turned out to be significant
(β = 0.54, SE = 0.21, p = 0.01), which indicated that the
smaller proportions of /t/ responses on the first two steps in
the Shortened condition in Figure 4 drove the categorization
slope to be sharper than that of the Lengthened condition.

Discussion
The result of Experiment 2 provides preliminary evidence
for the normalized-distribution hypothesis of the perceptual
generalization of temporal cues, by showing the predicted
ranking of /t/ response rates across conditions according to
this hypothesis. However, the supporting pattern was only
found at the first two steps of the VOT continuum. This
might be because the whole /t-d/ continuum in the test phase
was heavily /t/-biased, such that stop instances at the third
to fifth VOT steps were relatively unambiguous. Unlike
other stop voicing identification studies where VOTs were
manipulated non-linearly across continuum steps (Toscano &
Lansing, 2019), we kept the increment of VOT amount fixed
throughout the continuum, which might have contributed to
this bias.
This bias could also be attributed to the /t/-biasing cues
revealed by the critical phonemes and the word frames in
the test trials of Experiment 2. For the critical phonemes,
the aspiration noises remained somewhat perceivable after
manipulation, adding an extra favoring cue to the perception
of /t/. For the word frame, all the word frames used for
the test phase were /t/-initial, whereas in Experiment 1, the
seven word frames used for the test phase were four /s/-initial
(sign, same, seat, self) and three /S/-initial (shake, shell, shy).
Both factors might have contributed to the predominant /t/
responses in Experiment 2.

General Discussion
Through two experiments, we show that changing the
acoustic cues in the contextual materials would affect how
listeners learn and generalize the cue distributions of a critical
phonemic contrast. Similar results have been observed
for investigations on the integration of both spectral cues
and temporal cues. Experiment 1 showed that raising the
spectral energy frequencies of contextual information would
cause listeners to learn and generalize relatively lowered
spectral energy frequencies for sibilants, and lowering the
contextual frequencies would lead to the learning and

generalization of higher sibilant frequencies. Experiment 2
showed that lengthening contextual materials would cause
listeners to pick up and generalize relatively shortened VOT
distributions for stops, and shortening contextual materials
would lead to the learning and generalization of relatively
larger proportions of VOTs in the temporal dimension. Taken
together, these results lend some support for an account
where listeners track and generalize speaker-normalized
distributions on the fly.
One piece of supporting evidence we found for a
normalized-distribution account is that identification rates
across conditions were ranked as predicted robustly in both
experiments. However, we did not detect a significant
difference between any two of the three conditions in each
experiment. Significant differences were only found between
conditions with opposite manipulations. This raised a
follow-up question: whether the small effect size was a
by-product of under-powered subject samples or a part of
the nature of this mechanism. It also remains unknown
to what degree the effect size would be modulated by the
relationship between the acoustic distributions of the target
phonemes and their lexical contexts in speech production.
Does the magnitude of normalization that listeners implement
correspond to the ratios between the target acoustics and the
contextual acoustics that listeners pick up in their real-world
language experience?
Although we did find evidence for the interference of
speech normalization in perceptual learning, we cannot rule
out the possibility that perceptual generalization mechanisms
based on raw distributions may occur when tasks are
different. More research is needed to identify the scope
and extent where each of these different mechanisms plays
a role. Finally, our results reveal an impetus for future speech
perception models to incorporate normalization mechanisms
(Miller, 1989; Patterson & Irino, 2013; Johnson & Sjerps,
2021, among others) into perceptual learning models.
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The complexity of a language is shaped by the communicative needs of its users
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Abstract
Recent experimental and computational modelling work has
found that languages are shaped by the referential context in
which they operate. Wray & Grace (2007) argue that even
compositionality, traditionally regarded as a universal and fundamental feature of human languages, may have only culturally evolved in response to changing social contexts. But how
can the referential contexts of individual interactions come to
shape the level of compositionality in the language of an entire
community? To explore this question, we propose an iterated
hierarchical Bayesian model that shows how partner-specific
linguistic innovations can be generalized as community-wide
features via a context-sensitive pathway. Our simulations show
that the degree of compositionality that evolves in the language
of a community depends on the communicative needs of its
members, but also on the degree of user uncertainty over the
nature of those needs, and on the level of heterogeneity in the
community’s needs.
Keywords: communication; context; compositionality; language; generalization; hierarchical modelling; pragmatics;
cultural evolution; convention

Introduction
Human languages appear to strike a balance between communicative power, allowing us to convey the conceptual distinctions that matter to us, and relative ease of learning, allowing languages to be learned and transmitted across generations. The cultural evolutionary account (Christiansen &
Chater, 2008) proposes that this balance is a result of linguistic transmission across multiple generations of users, which
forces languages to adapt over time to the biases and constraints of language learners, and to the communicative needs
of language users (Kirby et al., 2015). In this paper we introduce a computational model which allows us to explore
how the same processes can lead to different linguistic design solutions in communities which differ in the communicative needs of their members or the heterogeneity of those
needs. The model also offers an account of how innovations
in language use determined by the referential context of local interactions can eventually become conventionalized into
community-wide linguistic features.
Recent years have seen a surge in interest in studying how
linguistic complexity could be shaped by the structure of
the environment in which communication takes place, including socio-cultural factors such as community size (Nettle, 2012; Reali et al., 2018), geographic spread (Meir et
al., 2012), degree and type of language contact (Lupyan &
Dale, 2010), proportion of adult non-native speakers in a

community (Lupyan & Dale, 2010; Bentz & Winter, 2014),
and structure of the network of interactions (Trudgill et al.,
2009). Wray & Grace (2007) posit that even some of the linguistic features that we regard as universal today, like compositionality (the fact that utterances are composed of parts,
with the meaning of the whole being a function of the meaning of the parts and the way in which they are combined),
may have only evolved in response to changing social structures. Specifically, they argue that the first language users
lived in relatively small, geographically concentrated, and
homogeneous communities, which allowed them to establish intimate connections and significant common ground between one another. As interactions would have taken place almost exclusively between members of the same community,
languages would have been defined by opaque and irregular forms with high context-dependence. As such communities expanded and became more heterogeneous, communication with non-intimates would have become increasingly frequent, meaning that interlocutors could not consistently rely
on common ground to make themselves understood, having
to express their messages in a much more explicit and systematic manner, and to make as few assumptions as possible
about their communicative partners. These conditions would
have favored the evolution of transparent, regular, contextindependent compositionality.
While some socio-cultural factors have received some attention in the modelling and experimental literature (as noted
above), the process by which community-level differences in
shared knowledge and reliance on context might lead to systematic differences in language complexity has received far
less attention. Across two artificial language studies Winters
et al. (2015, 2018) show that the amount of contextual information that a speaker can utilize to reduce referential uncertainty in a given situation influences the degree of compositionality in their language: less available context leads to
more compositionality. However, these experiments only investigated dyads, where individuals interact repeatedly with
a single partner, and are therefore unsuited to studying situations where speakers face continued uncertainty about their
partners’ communicative needs, e.g. in communities with heterogeneous communicative needs. Meanwhile, an account
of how partner-specific knowledge can become conventionalized into population-level expectations through adaptation of
the lexicon has been proposed by Hawkins et al. (2019) and
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Hawkins et al. (2021). They formulate their theory in a hierarchical model, and also show (similarly to Winters et al.,
2015) that conventions are sensitive to the context of communication. However, context-sensitivity is again only explored in dyads, as adaptation to a specific communicative
partner, and the question of how these conventions would
evolve when transmitted across generations is not addressed.
Here we combine insights from these two approaches, manipulating reliability of context and speaker-specific adaptations
in pair-based interaction while also modelling adaptation to
higher-level, community-wide representations. This allows
us to explore Wray & Grace’s conjecture, and show how the
complexity of linguistic systems responds to communicative
need in homogeneous and heterogeneous communities. Our
model predicts that the languages of communities with heterogeneous communicative needs evolve a high level of compositionality, and thus of complexity, even when the needs of
all individual members of the community could be satisfied
by a simpler language. Moreover, we find that speaker uncertainty over a partner’s communicative context will gradually
push the language towards more complexity than required.

Model
The agent-based model that we propose is hierarchical at its
core, as it considers abstractions of socio-linguistic knowledge at two distinct levels: partner-specific and populationlevel (see Fig. 1 left). More specifically, an agent maintains
a separate partner-specific representation of context for each
communication partner, but a single overhypothesis about the
distribution of types of contexts within the community, and
a single community-wide distribution of possible languages.
This setup allows an agent to dynamically adapt its language
use to the communicative needs of individual partners, but
also offers a mechanism for generalization of linguistic and
contextual knowledge across different partners.
The components of our model reflect the mechanisms that
act to shape these abstractions: language learning, language
use, and language transmission (see Fig. 1 center). One iteration of our model is split into two main phases: learning and communication. A number of naive agents are initially trained on a set of meaning-utterance pairs, before being
prompted to communicate about a series of referents. We implement learning as a process of Bayesian inference: agents
observe linguistic data (i.e., how meanings are conveyed using utterances), then form a hypothesis about the language
underlying those observations. This process of learning is influenced by a prior favouring simpler language types (see below). Communicative interactions between agents take place
in the form of an asymmetric reference game, where each
agent is assigned either the role of speaker or listener for the
whole game. Each game is split into a number of independent
rounds, in which the speaker is provided with a target meaning to convey, and the listener is confronted with a context
consisting of that target plus a number of distractors, which
put together form a communicative context. Language use

is modelled as pragmatic reasoning following the Rational
Speech Act framework (Goodman & Frank, 2016): speakers
aim to produce utterances that are informative to listeners relative to their particular needs, and listeners are aware of this
strategy when interpreting those utterances. At the end of
each communication round, all agent are informed whether
communication was successful, and update their expectations. Finally, language transmission is modelled following
the iterated learning framework (Kirby, 2001): the agents in
a generation observe data produced during the communication phase by speakers in the previous generation, while the
data produced during their own interactions will be learned
from by the following generation during the learning phase.
This process will be repeated for a large number of iterations.

Representations
We represent languages in a very simple manner: a language
is a set containing pairings of meanings and their associated
signals. Meanings and signals are made up of smaller units:
a meaning is a set of semantic features that characterize the
concept being referred to, while a signal is an ordered sequence of characters. We chose minimal parameters for our
experiments: meanings consist of two features each with two
possible values (values of the first feature are drawn from {0,
1}, values of the second feature from {2, 3}, leading to 4 possible meanings) and signals are strings of length two composed from an alphabet of two possible characters, {a, b},
leading to 4 possible signals.
This simple representation leads to a set of 256 possible
languages (mappings from all 4 meanings to a signal), which
can be grouped into classes depending on their level of simplicity (following Smith et al., 2013). The highest on this
scale are degenerate languages, which express all meanings
using a single, completely ambiguous signal. These are followed by one-feature languages, which map all meanings
sharing one of the two features to the same signal, and these
in turn by compositional languages, which have consistent
mappings for both features that make up the meaning. Hybrid languages, which have at least one ambiguous signal
and mix the strategies used by the previous classes, sit on the
scale just above holistic languages, which idiosyncratically
map every meaning to a distinct signal, thus being the most
complex. We assume that simpler language types have higher
prior probability and are therefore more learnable. These language classes can also be assessed by their level of expressivity (i.e., their capacity to express meanings as unambiguously as possible): expressivity is approximately the inverse
of simplicity, with the exceptions that hybrid languages are
less expressive than compositional languages, and compositional and holistic languages are fully and equally expressive.
Example languages are depicted in Fig. 2.
Speakers also maintain partner-specific representations of
the type of context ti for each communicative partner i that
they encounter. In the setup of our communication game, an
agent’s type of context determines the semantic features in
which the referents in any given context can differ for that
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Figure 1: (left) Schematic of hierarchical representations: each agent maintains one partner-specific representation of context
for each partner (tk ), one overhypothesis about the distribution of contexts across the community (θ), and one community-wide
distribution of languages (l). (center) Overview of a simulation: n generations of agents are arranged in a chain; in the learning
phase (left side), agents learn from a set of meaning-signal pairs D for nlearning rounds; in the communication phase (right side)
agents play the reference game for ncommunication rounds, and their utterances will be learned from by the next generation. (right)
Examples of communication phase setups for our four settings: a phase consists of multiple rounds of communication, and each
square represents the available contextual information from the perspective of the speaker (upper box) and listener (lower box),
for one round; we represent referents as geometrical shapes, with shape and colour as the two features.
we will first describe a non-hierarchical, single-partner variant, which we use to evaluate our model’s predictions against
the experimental results of Winters et al. (2015), and to
ground our main model. We will then introduce the extensions that make up the hierarchical, multiple-partner variant.
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Figure 2: Example languages for all our five classes, showing
how meanings (depicted as coloured shapes with two shapes
and two possible colours) map to signals.

agent, with this aspect being fixed for the whole duration of
a game. In a one-feature-different context-type, a single feature is sufficient for discriminating among all the referents in
a context (e.g. potential referents in a context might differ in
their first feature), and that feature is furthermore consistent
across all rounds. Following Winters et al. (2018), a mixed
context-type is one where the meanings in any given context
also differ in one feature, but that feature is not fixed across
the interaction and differs on a round-by-round basis (e.g.
the relevant feature might be feature one in the first round,
and feature two in the second round). We represent contexts
as sets of meanings, and define a context-type as the set of
all contexts that it includes (see Fig. 1 right). Uncertainty
about a partner-specific context-type ti is parameterized by θ,
the overhypothesis about the general distribution of possible
types of contexts across the community: P(ti |θ).
Rather than detail the hierarchical aspects from the start,

At the start of a generation, each agent in the population updates its posterior distribution over the hypotheses H = (l,t)
by learning from a set of pairings of signals and their associated meanings D. The source of the data set is either the
previous generation’s produced output during the communication phase or, for the first generation, meaning-utterance
pairs drawn from a fully degenerate language.
P(l,t | D) ∝

S0 (u | m, l) P(l) P(t)

∏

(1)

(m,u)∈D


S0 (u | m, l) =

1 − εerr ,
εerr
|sgn|−1 ,

(m, u) ∈ l;
(m, u) ∈
/l

(2)

where S0 gives the probability that a literal speaker using language l will produce utterance u to convey meaning m; P(l)
and P(t) are the priors over languages and context-types respectively; εerr is the probability that the literal speaker makes
a mistake and chooses a signal which is not associated with
the target referent in their language (which we set to 0.06),
|sgn| is the number of signals in a language (in our case 4).
Note that in this phase agents do not distinguish the hypotheses in terms of context-type, as learning happens in a
context-free setting, and similarly we assume that learners interpret utterances in a literal rather than pragmatic way (following e.g. Kirby et al., 2015).
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Communication phase
In an individual communication round, the pragmatic speaker
samples a hypothesis from its distribution, which contains the
language that the agent will use for communication, l, and
the context-type that it assumes the listener faces, t. Next, the
speaker chooses an utterance u to express the given meaning
m, by sampling from a distribution S1 : the speaker reasons
about how a literal listener would interpret each possible utterance in one of its possible contexts, then selects utterances
proportionally to the probability that they will be correctly
interpreted by the listener. As the speaker cannot know the
specific context of the listener, it will have to be informative
on average with respect to the set of contexts ci ∈ C(t) where
C(t) is the set of all contexts that are part of context-type t.
S1 (u | m,t, l) ∝ L0 (m | u,t, l)
1
L0 (m | u, ci , l)
∝ ∑
|C(t)|
c ∈C(t)

(3)

i

L0 (m | u, ci , l) =





1−εerr
|pu | ,
εerr
|mng|−|pu | ,


 0,

(m, u) ∈ l
(m, u) ∈
/l
m∈
/ ci

and
and

m ∈ ci ;
m ∈ ci ;

(4)
where |pu | is the number of meanings that map to utterance u
in language l and are part of context ci , εerr is the probability
that the literal listeners makes a mistake (set to 0.06); |mng|
is the number of meanings that are part of context ci .
After the listener observes the speaker’s utterance u, it samples its own language l from its posterior distribution, then
applies pragmatic inference to guess the intended meaning m
given its context c, by sampling from distribution L1 .
L1 (m | u, c, l) ∝ S1 (u | m, c, l) P(m)

(5)

where P(m) is a flat prior over the meaning space.

Referential feedback
Finally, after each interaction the speaker and listener receive
feedback on the success of that interaction (i.e. did the listener correctly identify the target meaning?) and update their
posterior by learning from their partner’s behaviour. For the
listener, the data used for the update depends on communication success: if the listener identified the correct meaning,
it learns from the pair (u, m), otherwise it learns from all the
other possible pairings of u and a referent from c \ m.
Thus, after each interaction with its partner k, a listener
will update its distribution by considering how likely each of
the meaning-utterance pairs in the set of observations from
all rounds of interaction up to that point Dk would have been
to be expressed by a pragmatic speaker that uses language
l in context-type tk . The inference will also incorporate the
posterior update from the learning phase Plearn .
P(l,tk | Dk ) ∝ Plearn (l,tk )

S1 (u | m′ , c, l)

∏

(m′ ,u)∈D

k

(6)

Similarly, the speaker will update its distribution over languages after observing the listener’s behaviour. However, the
feedback given to the speaker has one more crucial function:
it is used in inferring the context-type of the current listener,
as the speaker reasons about how likely the pair would have
been to be correctly interpreted by the literal listener for each
of the contexts that form a particular context-type.
P(l,tk | Dk ) ∝ Plearn (l,tk )

∏

L0 (m′ | u,tk , l)

(7)

(m′ ,u)∈Dk

The speaker will use this information in the next round,
when it will again have to sample a context-type.

Simulation 1: interaction with a single partner
We present results for the non-hierarchical model where the
speaker at each generation interacts with a single listener for
90 rounds, and 60 randomly-selected meaning-utterance pairs
are transmitted to the next generation. To explore the effects
of speaker uncertainty about listener context (following e.g.
Winters et al., 2015) we present results for two variants of
the model. In the shared context version, we assume that the
speaker has direct access to the listener’s context: since the
speaker knows the context in which their utterance will be interpreted, it is trivial to identify which distinction is sufficient
for successfully conveying the intended meaning on a roundby-round basis. We compare results to the unshared context
model, as described above, where the speaker has uncertainty
both about the context-type of the listener and which specific
context the listener faces on any given round.
If access to the context is shared and referents can be differentiated using the same feature across all rounds (Fig. 3A),
conveying only that feature will be enough to guarantee successful communication. Consequently, we see that the initial degenerate language is rapidly abandoned and one-feature
languages, which are simple yet communicatively functional
in one-feature contexts, becoming dominant. In the mixed
context-type condition (Fig. 3B), using the previous strategy
no longer guarantees success, which eventually leads to the
emergence of compositional and hybrid languages. We note
that the initial emergence of one-feature languages can be attributed to them having a significantly higher prior, while also
guaranteeing success in communication for over half of the
possible contexts. Another interesting observation is that the
partially-compositional hybrid languages consistently outperform compositional languages throughout our simulations,
despite having a worse prior and not being fully expressive.
This can be explained by their much higher number and, consequently, their much larger total prior probability, coupled
with the relative simplicity of the task: agents coordinate on
a hybrid language early on and the benefits of full compositionality are too small to cause a subsequent re-coordination.
When context is not shared, speakers must infer the
context-type of the listener over the course of communication. Critically, this introduces an additional level of uncertainty as to what context-type the speaker should design their
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Figure 3: Simulation results for the single-partner variant showing how the posterior distribution of language classes across a
population evolves over the first 50 generations of a 200 generation simulation, averaged over 100 separate runs.
utterance for. In a one-feature-different context-type condition, speakers are thus encouraged to produce less contextdependent utterances, resulting in a higher proportion of more
expressive systems than in the case of a shared context (Fig.
3C). Similarly, in the mixed context-type condition (Fig. 3D),
the added level of uncertainty causes a slightly higher proportion of less expressive languages to evolve alongside the still
dominant compositional and hybrid languages. These results
generally match the experimental findings of Winters et al.
(2015).
For statistical analysis, we coded each generation of each
run as either featuring a one-feature language type or a compositional/hybrid one, depending on which had the higher
posterior probability. We ran a mixed effects logistic regression, discarding the first 50 generations of each run for burnin. We included a by-run random intercept, and used contexttype (one-feature-different/mixed) and sharedness of context (unshared/shared) as fixed effects with interaction. We
found a significant effect for context-type (b=1.08, SE=0.036,
p<.001), as well as for the interaction between the two factors (b=-0.39, SE=0.036, p<.001), the latter showing that in
an unshared setting, one-feature contexts evolve significantly
less one-feature languages than would be expected given the
independent contribution of context-type. As expected, the
effect of sharedness alone was found to not be significant.

Given an agent’s observations Dk from interacting with
partner k, updates of both its partner-specific beliefs, as well
as its community-wide beliefs, are done using a single joint
hierarchical inference:
P(l,tk , θ | Dk ) ∝ P(Dk | l,tk ) P(l) P(tk | θ) P(θ)

In the above formulation, the prior term P(l) P(tk | θ) P(θ)
captures the idea that interactions with a novel partner will
be initially guided by a priori beliefs of the context-types
found across the community and of the language used within
the community. Conversely, the likelihood term P(Dk | l,tk )
allows an agent to adapt to a partner’s specific needs, once
enough evidence of what those needs are has been gathered.
To compute the likelihood, the speaker will reason about how
likely a literal listener is to interpret utterance u as conveying meaning m under different (l,tk ), for each pair (m, u) in
Dk : P(Dk | l,tk ) ∝ ∏(m,u)∈Dk L0 (m | u,tk , l). Likewise, the listener will consider the probability that a pragmatic speaker
produces utterance u to express meaning m within its context
c: P(Dk | l,tk ) ∝ ∏(m,u)∈Dk S1 (u | m, c, l).
Using the joint formulation for the posterior update comes
with two important benefits. First, at any point throughout the
reference game, it allows the agent to sample a hypotheses
which is specifically adapted to the needs of a given partner,
by marginalizing over the community-wide representation.

Multi-partner hierarchical extensions
In the multi-partner setting, each generation contains a single
speaker who is paired with a fixed number of distinct listeners
(i.e., here we show results for 3 listeners) and is prompted to
interact with each of them in blocks: after interacting with a
listener for 30 rounds, the speaker updates its overhypothesis
over the space of context-type representations, then moves on
the next listener. This process repeats until the speaker has
interacted with all other partners. At the end of the communication game, two thirds of the data pairs produced during all
interactions are randomly selected and transmitted to the next
generation (i.e., 60 pairs). The blocked approach allows us to
only track one partner-specific context-type at any point, that
of the current partner, as the hyper-parameter θ will encapsulate all the relevant information of previous blocks1 .
1 We actually restrict the range of possible distributions for θ to a
discrete set of only 10 possible distributions. This was done to en-

(8)

P(l,tk | Dk ) = ∑ P(l,tk , θ | Dk )

(9)

θ

Second, its hierarchical nature offers a simple pathway of
transferring previous experience to an interaction with a novel
partner, by marginalizing over the rest of the parameters. This
is essential for updating the two community-wide representations (l and θ) at the end of a communication block.
P(l | D) = ∑ P(l,t | ∪k Dk )

(10)

P(θ | D) = ∑ P(l,t, θ | ∪k Dk )

(11)

t

l,t

t = t1 × t2 × ... × tN

(12)

sure that exact inference for obtaining all the posteriors in our model
remained possible. However, an alternative Dirichlet-Multinomial
model that approximates some of the posteriors using Markov chain
Monte Carlo is currently being explored.
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Figure 4: (E, F, and G) Simulation results for the multi-partner model: top row shows how uncertainty over context-types
develops over the course of interactions with the three partners; bottom row shows how the posterior distribution of language
classes across a population evolves over a chain of 50 generations, averaged over 100 separate runs. (H) Comparison between
the posterior distribution of language classes across generations 50 to 200 of all described conditions, averaged over 100 runs.

Simulation 2: interaction with multiple partners
We report results for three conditions, all involving unshared
contexts: two homogeneous conditions where all partners a
speaker encounters have the same context-type, and need the
same feature(s) to be encoded linguistically for disambiguation (e.g., only shape, only colour, or both), and a heterogeneous condition testing the interesting case in which all
partners have one-feature contexts, but differ in whether they
need the first or second feature encoded for disambiguation.
We first look at how speaker uncertainty over context-types
develops over the course of an interaction with multiple partners. When the speaker starts interacting with its first partner,
both the community-wide hyperprior and the partner-specific
prior will be uninformative, so the speaker’s utterances will
initially be designed for a context-type chosen at chance. As
the speaker starts observing its partner’s behaviour, it will
rapidly start inferring the correct context-type for that interaction. Crucially, the speaker’s beliefs about the communitywide distribution of context-types will also be updated to incorporate any information extracted from the listener’s behaviour, and this overhypothesis will provide a weak bias towards the previous partner’s context-type when interacting
with the second partner. If this partner meets the speaker’s
previously established beliefs (Fig. 4E, 4F), the bias towards
a skewed distribution of context-types will become stronger.
However, in case of a partner with different communicative
needs than its predecessor (Fig. 4G), the bias will shift towards a non-homogeneous community-level distribution.
In the setups where the speaker’s partners are homogeneous in facing one-feature or mixed contexts (Fig. 4E, 4F),
the hierarchical model shows a similar pattern of results to
the single-partner simulations: we see the emergence of languages that best compromise between ease of learning, adaptation to the homogeneous context-type, and robustness to

uncertain inferences. However, for multiple partners with
one-feature contexts, more compositionality emerges than in
the case of a single partner, as the successive swapping of
partners causes more uncertainty over context-types, thus encouraging agents to use more context-independent utterances
(Fig. 4H, compare C and E). If the speaker interacts with
partners with heterogeneous context-types, we see additional
effects of this heterogeneity (Fig. 4G): compositional and
hybrid languages become dominant, as speakers must compromise on using a language that encodes both features, thus
maximizing the communicative success across partners.
We ran a similar statistical analysis as in the single-partner
case, but additionally used Helmert coding for the condition
factor, as it has 3 levels. The distribution of languages in
the homogeneous mixed and heterogeneous conditions were
not significantly different (b=0.03, SE=0.063, p=.674), while
the homogeneous one-feature condition differed significantly
from the other two conditions (b=0.30, SE=0.035, p<.001).

Conclusion
What mechanisms allow the contexts of individual interactions to shape the level of complexity in the language of an
entire community? Under our account, this is a result of the
hierarchicality of social inferences: higher-level, communitywide linguistic features emerge as generalizations of lowerlevel, partner-specific strategies. Using our model, we show
that the level of compositionality that evolves in the language
of a community depends on the communicative needs of its
members, but also on the degree of speaker uncertainty over
the nature of those needs. We also test the theory proposed
by Wray & Grace for the emergence of compositionality, and
find that compositionality can emerge in communities where
simpler languages would satisfy the individual needs of its
users, if the community’s needs as a whole are heterogeneous.
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Abstract
Online communities rely on their members to understand and
follow community norms, which they learn by observing others and the consequences of their behavior, seeing codes of
conduct, and receiving feedback via moderation. Here, to
determine the contribution of each source of learning to the
preservation of a social norm, we extend cultural consensus
theory, a mathematical framework for identifying the cultural
consensus in a community. In particular, we extend the model
to include learning from experience, centralized moderation,
and decentralized moderation, three features commonly found
in online communities. We then apply the extended model
to data from an online community dedicated to preserving a
norm related to the psychophysical scaling of intersubjective
notions of beauty derived from facial aesthetics. We find that
users’ perceptual alignment with the norm before enculturation
predicts involvement in the community and that experience in
the community is an important indicator for group perceptual
learning.
Keywords: cultural consensus, Bayesian modeling, online
communities, face perception

Introduction
Social interactions are influenced by social norms that determine what actions are considered acceptable and unacceptable (Cialdini & Goldstein, 2004). Social norms shape
human behavior and perception in many domains, including beauty judgments (Sugiyama, 2005; Bergstrom & Neighbors, 2006), facial expressions (Hareli, Kafetsios, & Hess,
2015), economic decision making (Azar, 2004), and health
(Staunton, Louis, Smith, Terry, & McDonald, 2014). Social norms are important to social conduct and have impacts
that are extensive, effective, enduring, and frequently unnoticed (McDonald & Crandall, 2015). Social norms are theorized to help people coordinate (Gelfand, Harrington, & Jackson, 2017), cooperate (Fehr & Schurtenberger, 2018), avoid
social sanctions (Wanders, Homan, van Vianen, Rahal, &
Van Kleef, 2021), and earn rewards (Klucharev, Hytönen, Rijpkema, Smidts, & Fernández, 2009).
Though communities are often more successful when everyone follows the social norms (Kimbrough & Vostroknutov, 2016; Fehr & Schurtenberger, 2018), norms are not always followed or even understood by everyone in the community. To mitigate the possible detrimental consequences
of disobedience, cohesive groups are more likely to enforce
group norms via social sanctioning when someone does not
comply with the social norms (Horne, 2007). Enforcement of

norms can promote desirable behaviors and suppress undesirable behaviors in the community.
It is often difficult to measure social norms and their effects because of the complexity and heterogeneity of normdriven behaviors. Some of the prominent and widely used
methods to measure them are incentive-compatible elicitation tasks (Krupka & Weber, 2013), the reasoned action approach (Fishbein & Ajzen, 2011), and the normative and empirical expectation approach (Bicchieri, 2016). These measurement methods have been limited to laboratory games and
self-report studies. However, many forms of social interactions are best studied in the environment in which they occur
in order to fully understand the factors that influence human
behavior (Parigi, Santana, & Cook, 2017).
The increasing number of social interactions that take place
in virtual spaces provide a unique opportunity to study human behavior, one that has necessitated the innovative adaptation of methods that have previously been used for studying the “real world” (Hine, 2000). Many methods have been
developed to study the cultural and social norms of online
communities and their downstream effects on in-person behavior (Kozinets, 2010; Wilson & Peterson, 2002; De Souza
& Preece, 2004). The observation of naturally occurring
and fully observable interactions in online communities can
help to answer the question of how social norms are formed,
learned, and enforced.
Cultural consensus theory (CCT) is a statistical framework
that can be used to infer what cultural beliefs influence social practices and the degree to which individuals know or
show those beliefs (Romney, Weller, & Batchelder, 1986).
These models provide an opportunity to study individual differences in whether a member of a group understands the
consensus answer to a question among a community and allows people to differ in both their level of cultural knowledge and response biases. Researchers have applied the CCT
framework to find a practical and concise definition of beliefs
that are accepted by a group that shares common knowledge.
These models have been widely used to study mental health
(Alang, 2018), cognitive evaluation (Heshmati et al., 2019),
eye-witness testimony (Waubert de Puiseau, Aßfalg, Erdfelder, & Bernstein, 2012), and organizational culture (Rinne
& Fairweather, 2012). For example, Oravecz and Vandekerckhove (2020) combined a cultural consensus model and a
dynamical model into a single joint process model to exam-
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ine whether subjective beliefs of what makes people loved are
connected to daily life experience of love.
Here, we extend the cultural consensus model to include
three important features commonly found in online communities: individual learning, centralized moderation, and decentralized moderation. We then apply the extended model to
study an online community dedicated to preserving a norm related to the psychophysical scaling of intersubjective notions
of beauty derived from facial aesthetics. The model is able
identify the cultural consensus, each member’s competence,
individual differences in the rate of learning the social norm,
and the effects of centralized and decentralized moderation.
The plan of the paper is as follows. We begin by reviewing moderation in online communities and the CCT model
for continuous responses. Next, we describe the online community studied here and introduce our extension to the CCT
model. Finally, we present and discuss the results of fitting
the model to behavior observed in the online community.

Moderation in online communities
Online (or internet) communities are groups of individuals
with a shared interest or purpose who use the internet to communicate with each other. Online communities have their
own sets of guidelines, norms, and needs, such as moderation,
engagement, and management (Kraut & Resnick, 2011). To
thrive, online communities must have active exchanges of information that improves the community’s objectives, for example, regular commenting on a discussion post (McWilliam,
2000).
One form of moderation technique is a centralized moderation, which is performed by one or more members who have
the designated role of moderator. Moderators’ roles are to
keep the activities courteous and beneficial. Grimmelmann
(2015) argued that the success of online communities depend
heavily on the behavior of moderators. Moderators have the
ability to promote or conceal postings, and to recruit or prohibit users to maintain social norms within the community.
Because a moderator’s strict governing can cause attrition and
disengagement (McWilliam, 2000), moderators must carefully cultivate precise norms to promote appropriate member
activity in online communities.
Another form of moderation is decentralized moderation,
where community members provide feedback to other members’ actions in the form of comments, likes, dislikes, upvotes, downvotes, and similar symbolic forms of reaction.
Reading threads is often a primary method by which individuals acquire the direct informational and social benefits available from a community (Welser, Gleave, Fisher, & Smith,
2007). Individuals who provide feedback contribute new information resources that help others (Lakhani & Von Hippel, 2004). Those who engage in decentralized moderation
work to actively maintain and promote actions in the community by guiding discussions towards collectively agreed
norms (Lampe & Resnick, 2004).
Active moderation helps to build vigorous shared norms

among a community’s members. Therefore, having a rough
consensus about the community norms can enhance engagement and guide community purposes (Kiesler, Kraut,
Resnick, & Kittur, 2012). For instance, Wikipedia built
a robust neutral-point-of-view norm that encouraged members of the community to write a trustworthy encyclopedia
(Wikipedia, 2021a); likewise, the norm where editors take additional precautions when adding information on living people can lessen the risk of a lawsuit (Wikipedia, 2021b)
Every online community must incorporate successive generations of newcomers to survive. However, newcomers often
engage in behaviors that are considered to be a violation of
the community’s norms. During early interactions with newcomers before enculturation, the community must protect itself from potentially harmful behaviors that may arise when
dealing with newcomers (Kraut, Burke, Riedl, & Resnick,
2012). In order to overcome these issues and have more committed newcomers, moderators and members can help newcomers to learn the norms of the community (Preece & Shneiderman, 2009).

Cultural consensus theory
Cultural consensus theory (CCT) is a mathematical framework that measures each respondent’s cultural knowledge
while estimating the culturally “right” answers to a series of
questions defined by group beliefs or norms. The CCT model
jointly estimates (1) an individual’s level of cultural knowledge from their agreement with a consensus truth and (2) the
consensus truth itself from a weighted average of responses,
giving higher weight to individuals with higher cultural competence. The first CCT model, the General Condorcet Model
(GCM), was developed for binary data (true/false responses)
and assumes that the consensus truth of each item is also a binary value. The GCM has been widely used in the social and
behavioral sciences (Weller, 2007).
Batchelder and Anders (2012) introduced an alternate assumption to the GCM to extend it to continuous truths. An
extensive CCT model for ordinal data was developed using
a Gaussian appraisal model (Anders & Batchelder, 2015).
In addition, CCT models for continuous response data were
developed to estimate and detect cultural consensuses, informant knowledge, response biases, and item difficulty
from continuous data (Anders, Oravecz, & Batchelder, 2014;
Batchelder & Romney, 1988; Batchelder, Strashny, & Romney, 2010).
Here, we describe the Continuous Response Model (CRM),
developed in Anders et al. (2014) to allow for multiple
consensus truths; however, we will describe the singleconsensus-truth version of the model, which serves as the basis for our extension to the model.

The single-truth CRM
Data fit by the CRM consists of observations of the random
response profile matrix Xik = (Xik )N×M for N respondents and
M items, where each respondent’s response falls within (0, 1)
or a finite range that permits a linear transformation to (0, 1).
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The CRM links the random response variables in (0, 1) to the
real line with the logit transform, X∗ = logit(Xik ). Therefore,
each item also has a consensus value in (−∞, ∞).
The single-truth CRM is specified by the following five
axioms, which were developed to model the continuous response of respondents that differ in competency, Ei , and response biases, ai and bi , to items that have different shared
latent truth values. The respondents have a latent appraisal of
these item values with a mean at the item’s consensus location
plus some error, which depends on their competence level and
the item difficulty. Axiom 1 locates the item truth values in
the continuum. Axiom 2 defines the appraisal error is normally distributed with mean zero. Axiom 3 sets the appraisals
are conditionally independent given the respondents’ cultural
truth and the error standard deviations. Axiom 4 specifies
the standard appraisal error that depends on the respondent’s
competence and item difficulty. Axiom 5 covers each respondent’s response bias and location response tendencies on the
scale.
Axiom 1. Cultural Truth. There is a single consensus
truth
Z∗ = (Z∗k )1×M , where each Z∗k ∈ (−∞, ∞).
(1)
Axiom 2. Latent Appraisals. Each respondent draws a
latent appraisal for each item Yik = Z∗k + εik . The εik error
variables are distributed normally with mean 0 and standard
deviation σik .
Axiom 3. Conditional Independence. The εik are mutually stochastically independent.
Axiom 4. Precision. There are knowledge competency
parameters E = (Ei )1×N with all Ei > 0, and item difficulty
parameters specific to each cultural truth Λ = (λk )1×M , λk > 0
such that
σik = λk /Ei .
(2)
If all item difficulties are equal, then each λk is set to 1.
Axiom 5. Response Bias. There are two respondent bias
parameters that act on each respondent’s latent appraisals, Yik ,
to arrive at the observed responses, the Xik . These include
a scaling bias, A = (ai )1×N , ai > 0; and shifting bias B =
(bi )1×N , −∞ < bi < ∞, where
Xik∗ = aiYik + bi .

(3)

These five axioms undergird the single-truth CRM that the
present work will extend.

Extending the cultural consensus model
Here, we extend the cultural consensus model to include
learning and moderation, both centralized and decentralized.
Our computational model is designed to represent how a user
contributes to a community and how the community responds
to those contributions. We use a Bayesian hierarchical model
that allows for multiple processes to contribute to a single
set of observed data (Lee, 2011; Anders et al., 2014). The
hierarchical structure of our generative model of ratings and
moderation events is described below.

The extended cultural consensus model assumes that each
posting k has a consensus response (e.g., rating or relevance):
Zk ∼ Beta(α, β),
where α and β both sampled from a prior distribution, α, β ∼
Gamma(10, 1). We assume that each post has the same level
of difficulty in responding to it.

Learning
In the extended model, each user has a cultural competence
that determines the precision with which they can access the
cultural consensus. Critically, competence is assumed to improve as a function of experience in a process of exponential
saturation, such that for user i,
Ei (t) = Ei (0) + (E∞ − Ei (0))(1 − e−Li t ),

(4)

where t is the number of ratings previously completed by the
user, Ei (0) is the user’s initial competence, E∞ is the asymptotic competence under infinite practice, assumed to be shared
across all users, and Li is a user-specific rate parameter. Users
may vary in their initial competence due to incidental alignment to the cultural norm or because they were lurkers who
observed the community and learned from it, but did not participate for some time. Observers may learn from observing
other group members’ behavior and from obtaining feedback
from other users in the form of centralized and decentralized
moderation.
A user’s initial cultural competence is determined by their
knowledge about the cultural consensus before enculturation
and is sampled as follows:
Ei (0) ∼ Gamma(κa , λa ),
where κa and λa are both sampled from a prior distribution,
κa , λa ∼ Exponential(0.4).
Each user has a learning rate that determines how quickly
their competence approaches its asymptotic value with experience and is sampled from
Li ∼ Gamma(κb , λb ),
where κb and λb are both sampled from a prior distribution
κb ∼ Exponential(1) and λb ∼ Exponential(0.001). In this
application, these hyperparameter choices provide the model
with considerable flexibility to express individual differences
in learning the social norm.
We assume that all users share an asymptotic competence,
E∞ , the highest attainable level of competence and is sampled
by
E∞ ∼ Gamma(κa , λa ),
where κa and λa are sampled from prior distributions κa ∼
Exponential(0.4) and λa ∼ Exponential(0.4), respectively.
Each rating is then assumed to be generated from
bi ∼ Normal(0, 0.1)
r ∼ Normal(Zk + bi , 1/Ei (t)),

(5)

where bi is a user-level bias term. We assume that the scaling
bias for each user is 1. Each rating, r, is sampled from the
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normal distribution with the mean of item consensus, Zk , plus
the user shifting bias, bi , and inverse variance, given by the
competence Ei (t).

Decentralized moderation
Incorporating decentralized moderation enables us to obtain
more precise estimates of cultural competence and consensus
by considering the way that the community responds to the
individual. Different communities implement decentralized
moderation in different ways. For example, Reddit associates
a score attribute with each post and comment. The score is the
difference between the number of upvotes and downvotes for
that post or comment. Because Reddit does not provide direct
access to the proportion of votes that are upvotes, nor the total
number of voters, these are latent parameters of the model.
Our generative model of a score s associated with a response
r begins by sampling the number of voters n, then proceeds
to sample the proportion ϕ of votes that are upvotes under the
assumption that upvotes fall away exponentially with distance
from the consensus according to a rate parameter ∆:
n ∼ Exponential(0.4)
∆ ∼ Uniform(0, 100)
ϕ = e−∆|Zk −r|

(6)

Figure 1: Ratings vary with experience (user’s ordinal position of the rating). The upper and lower plots represent the
/r/truerateme and /r/rateme communities, respectively.

s = nϕ − n(1 − ϕ)
= n(2ϕ − 1).
The distance is calculated as the difference between the response and the consensus.The score is derived from the total
number of voters and the proportion of voters that upvote the
response.

Centralized moderation
Incorporating centralized moderation also enables more precise estimates of cultural competence and consensus. Moderators are responsible for enforcing community guidelines
and norms to support the community’s goals. In online communities, moderators actively inspect posts for relevance. We
assume all moderators have high-precision estimates of the
cultural consensus. If the response is not aligned with the
consensus, moderators will moderate the comment along with
a warning. However, moderators are not perfectly vigilant:
they notice misaligned responses with probability less than
one. Our generative model of moderation events begins by
sampling a vigilance probability
g ∼ Uniform(0, 1)
We further assume that moderators have a limited sensitivity
τ to error with respect to the consensus when moderating:
τ ∼ Uniform(0, 5).
We use the vigilance probability and the moderators’ sensitivity as an input to a sigmoidal link function to cast warnings:
y=

2g
−g
1 + e−τ(r−Zk )

(7)

The link function produces output in the interval [−1, 1]. We
flip a coin weighted |y| to determine whether a moderation
event happens, and if so, the sign of y governs the direction
of moderation.

Data description
Reddit is a social media platform where users share posts and
comment on them. Reddit is divided into millions of subreddits, communities that cover a variety of subjects (e.g.,
r/television, r/askscience, and r/movies). Users can upvote
or downvote posts and comments on posts, which can in part
determine who else sees the posts and comments.
Here, we study the r/truerateme and r/rateme communities,
which are dedicated to rating attractiveness based on facial
aesthetics in response to face images posted by their members. The rating scales are between 0 (lowest rating) to 10
(highest rating). Studying these communities thus provides
a unique opportunity to study intersubjective cultural phenomena because of how amenable these particular norms are
to quantitative characterization. Though these communities
have similar purposes, they adopt and enforce different social
norms. In r/truerateme, the community preserves a particular intersubjective beauty norm by defining a rating scale and
using strict moderation, which is not the case in the /rateme
community, which focuses more on subjective impressions of
attractiveness.
We curated a dataset with all comments and voting behavior in these two communities from the Pushshift Reddit
dataset (Baumgartner, Zannettou, Keegan, Squire, & Blackburn, 2020). For each dataset, we considered all submissions
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made between October 1, 2017, and June 30, 2021. Because
the /r/truerateme dataset contains outdated upvote and downvote data, we refreshed it using the Reddit API. We extracted
all numerical ratings from user comments and selected the
midpoint of ratings that took the form of ranges (e.g. 5.5–6).
After filtering the comments to include only top-level comments with ratings, the datasets for r/truerateme and r/rateme
contained 173,331 and 119,105 ratings, respectively.
We use only the dataset from the /r/truerateme community
to build our computational model because this community enforces strict norms that provide a strong reason to believe that
there is a cultural consensus to be estimated. The data consist
of an ordered set of ratings by users to given items, as well as
the scores (decentralized moderation) and moderation events
(centralized moderation) associated with the rating. The response tensor for ratings is given by
X = (Xikn )16,718×46,107×3,293 ,
where i is the user index, k is the item index, and n is the user’s
experience, the number of responses that a user has thus far
contributed to the community. We rescale ratings to fall in the
interval [0, 1]. Note that the ratings tensor is sparse because
members rate only a subset of items. Next, there is the score
matrix, given by
D = (Dikr )16,718×46,107×173,331 ,
where i is the user index, k is the item index and r is the
given rating. Cells contain scores, which are calculated as the
number of upvotes minus the number of downvotes associated with the rating.
And finally, there is the moderation matrix, given by

Figure 2: Left: Inferred shape of the function linking error
to the probability of the moderator commenting that a rating
was an overrating vs. underrating. Right: Calibration curve
showing when moderators comment.

/r/rateme community permits a larger range of ratings compared to the /r/truerateme community, and ratings do not converge towards any particular group agreement despite time
spent in the community (Fig. 1).
The moderators in /r/truerateme are sensitive to misalignment to the consensus (Fig. 2). Upper and lower asymptotes,
corresponding to the best-fit vigilance parameter, 0.17, show
that moderators often do not comment on even large errors
(Fig. 2, left). Community members show similar sensitivity
when providing feedback to other members’ ratings (Fig. 3).
These results support the notion that /r/truerateme strictly enforces its inter-subjective social norms to maintain their community purposes.

H = (Hikr )16,718×46,107×173,331 ,
where i is the user index, k is the item index and r is the
given rating. Cells can take one of three values: a label for
an underrating moderation, an overrating moderation, or no
moderation.
Implementation: The model was implemented in
NumPyro (Phan, Pradhan, & Jankowiak, 2019) with
the JAX backend (Bradbury et al., 2020). The model
components were integrated into a single likelihood function
and a set of prior distributions, needed to infer a posterior
over the unobserved variables in our model using the NoU-Turn Sampler (NUTS) (Hoffman, Gelman, et al., 2014),
a standard Markov chain Monte Carlo sampling algorithm,
as implemented in Numpyro. We used 1 chain with 2,000
warm up samples and 2,000 draw samples, thereby obtaining
2,000 posterior samples. We ensured that the posterior had
converged by ensuring there were not divergence transitions.

Results
Enforcing the norm: Enforced norms establish the identity of a group that enhances the differences between group
members and those from outside of the group. The two online communities studied here, r/truerateme and r/rateme, enforce different norms of facial attractiveness (Fig. 1). The

Figure 3: The proportion of voters who upvote decays with
the distance between the rating and the consensus value. The
best-fit rate parameter, displayer here, was 65.19.
Learning the norm: Starting when a user first joins a community, the venues for learning multiply. Newcomers can
start to learn about community norms even before they interact with other community members. Social learning theory by Bandura (1978) suggests that individuals learn by observing how others behave. As shown in Fig. 4, we find
that users’ perceptual alignment with the community norm
before enculturation predicts involvement in the community
(r = 0.38). Also, newcomers’ initial observations and interactions might influence their involvement in the community.
Competent newcomers in rating face images are more likely
to receive positive feedback and satisfy their expectations by
choosing the right community.
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Figure 6: Users with more experience are better calibrated to the consensus.

Figure 4: Tenure in the community is predicted by initial
competence.
Fig. 5 shows that experience in rating items is an important indicator for group learning of the shared social norms
(r = −0.55). As the members are maturing, the group learns
the norms of the community both through observation and direct reinforcement, where accurate ratings are rewarded while
inaccurate ratings are punished. Once the members reach a
certain maturity, the consensus becomes more available to
them.
Although the /r/truerateme community demonstrates quick
perceptual adaptation after the first rating in the community
to recalibrate their responses to a shared social norm (Fig.
6), it is unclear whether the primary mechanism that supports
group learning is individual perceptual learning or sanctioning and dropout of community members with low competence.

Discussion
We built a computational model that extends Cultural Consensus Theory to include (1) learning, (2) centralized moderation, and (3) decentralized moderation, all commonly observed mechanisms in online communities. We study the
contribution of each social interaction to the learning and enforcement of social norms in an online community.
This study considers a particular online community,
/r/truerateme, that provides a unique opportunity to leverage
psychophysical methods to understand intersubjective cultural phenomena because of how amenable this community
norm is to quantitative characterization. We note that our

Figure 5: Experience helps the group perceptual alignment.
model is applicable to study a broad array of intersubjective
judging processes within finite scales that are formed by social norms.
Communities have various ways to sanction acceptable
and unacceptable social behaviors in the society. In most of
the online communities, members can up vote/down vote or
like/dislike the behavior to display their agreement with comments and posts made by other members. We leverage this
observed data in our hierarchical model to determine item
consensus, moderation errors, and user competence more precisely.
The evaluation of intersubjective judgements has been assessed based on quantitative evidence, such as a evaluation
of judges in sport competitions (Heiniger & Mercier, 2018).
Likewise, moderators are allowed to judge members’ behaviors that are based intersubjective norms to control group behavior. However, moderators can have biases and low competence in judging these behaviors. To quantitatively assess
moderator performance, future work can extend our computational model to infer each moderator’s competence along with
their biases in support of providing more transparent mechanisms for promoting the health of online and other communities.
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Abstract

an experiment that tests and finds support for this hypothesis, and therefore advances our understanding of how humans
solve the challenge of asking informative questions. Taken
together, this research provides new constraints on computational models of question asking, and it has implications
for how informative questions might be encouraged in educational settings (Good et al., 1987; Graesser & Person, 1994).
In the following section, we review prior research before turning to our empirical investigation.

Question asking is a powerful means by which humans learn.
However, asking a question requires searching through a massive space of possible questions to find a single question that
is relevant and informative. How do humans efficiently accomplish this task? Drawing on prior research on other decision problems, we propose that the search for new questions
is constrained by those encountered in the past, so that people frequently reuse questions (or parts of questions) rather
than generating new questions “from scratch.” We find empirical support for this prediction, and we find that this “question reuse” has consequences for the informational value of
people’s questions. Taken together, this research sheds new
light on the mechanisms behind human question asking abilities and, more generally, how we narrow down a large space of
possibilities to find a single solution.
Keywords: question asking; active learning; information
search; expected information gain

Question Asking and Other Search Problems

Introduction
The ability to ask questions provides humans with a powerful
way to learn about the complex world around us. By asking questions, we can rapidly access information that cannot
be observed directly (e.g., “How does the COVID-19 virus
infect a cell?”) or can only be inferred through repeated experience (e.g., “What’s your favorite restaurant?”). Unsurprisingly, then, question asking drives cognitive development
(Chouinard, 2007; Ronfard et al., 2018) and predicts learning
in educational contexts (Rosenshine et al., 1996).
Though questions are ubiquitous and useful, question asking poses a difficult cognitive and computational challenge.
The space of possible questions is vast, and the best question to ask varies widely from situation to situation (Coenen
et al., 2019). Nonetheless, even young children ask sophisticated questions (Callanan & Oakes, 1992; Chouinard, 2007),
and adults readily adapt their questions to different situations
and goals (Rothe et al., 2018, 2019). In contrast, advanced
computational models can generate sensible questions about
images or texts (Du et al., 2017; Jain et al., 2017), but they
usually cannot achieve human-like question asking. How do
humans achieve what these models cannot?
In the present research, we explore the cognitive mechanisms that enable humans to ask informative questions.
Drawing on prior research on reasoning and decision making (e.g., Morris et al., 2021), we hypothesize that prior experience with questions in a particular context can constrain
the search for questions in new situations. Then, we present

The process of asking a question bears resemblance to other
decision making tasks: deciding what to cook for dinner, figuring out how to quickly stop a leak, coming up with a name
for a new pet. To solve these problems, an individual must
(1) search a large space of possibilities to generate a modest
number of candidate solutions, (2) evaluate these candidates
according to some measure of quality, and (3) select the best.1
The second and third steps of this process have been studied extensively, both for question asking (for a review, see
Coenen et al., 2019) and for other decision problems (e.g.,
Rangel et al., 2008). For example, researchers have proposed
several metrics for a question’s quality (Crupi et al., 2018;
Nelson, 2005; Nelson et al., 2010), and people’s evaluation
and selection of candidate questions and information-seeking
actions are well described by these metrics (e.g., Coenen et
al., 2015; Rothe et al., 2018; Ruggeri et al., 2016; Steyvers et
al., 2003).
But where do these candidate questions come from? Research on other decision problems has proposed that people
generate candidate solutions according to their past frequency
and quality (Bear et al., 2020; Morris et al., 2021; Phillips
et al., 2019; see also Dasgupta et al., 2018). For example,
the dinner recipes that come to mind are those that frequently
produced a delicious meal in the past. Indeed, students’ question asking and problem solving improve after teachers model
good questions (Birbili & Karagiorgou, 2009; King, 1990,
1991)—and this could be because students reuse the modeled questions. Relatedly, people selectively explore tasks
that have previously resulted in learning progress (Ten et al.,
1 These

processes may not necessarily occur in this order. For
example, one might generate a single candidate, evaluate it, then
only proceed to further generation if the initial candidate does not
reach a certain threshold of quality.
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2021). However, it has not been directly tested whether people selectively draw from a cache of previously encountered
questions when generating questions in new situations.
In contrast, a recent model of question asking (Rothe et
al., 2017) generates candidate questions by randomly searching through a compositional question grammar, made up of
“primitives” that can be composed to produce questions of arbitrary complexity (see also Tian et al., 2020). Rothe et al.’s
model has successfully predicted important aspects of human
question asking (Rothe et al., 2017, 2018, 2019). However,
in its current form, it does not predict any effect of prior experience on later question asking—in particular, because it
searches the question grammar at random, starting its search
“from scratch” every time a new question is needed.

The Present Research
In the present research, we test whether people draw on a
cache of previously encountered questions when generating
questions in new situations. If this is the case, people should
selectively ask questions similar to previous questions. For
example, after encountering the questions “How big is a
dog?” and “How big is a cat?”, an individual might later
reuse this question template (“How big is animal?”) to ask
“How big is a hamster?” Furthermore, people might recombine components of previously encountered questions into
completely novel questions (“How many animals are bigger
than a raccoon?”). In contrast, if questions are generated by
random search through a question grammar, as predicted by
the computational model proposed by Rothe et al. (2017),
then the questions people ask in a new context should not be
determined by previously encountered questions.
Differentiating these hypotheses is important because
question reuse is likely to have informational consequences.
In particular, if an individual continually reuses previously
encountered questions in a context where these questions are
no longer informative, this individual will ask many uninformative questions—preventing efficient learning. Therefore,
if we find evidence that people do reuse previously encountered questions in new situations, it is also important to test
(1) whether people selectively reuse questions in situations
where these questions are informative and (2) how informative these reused questions actually are.
In the following section, we present an experiment that
tests these predictions. We manipulate whether participants
are exposed to particular questions, then we investigate what
questions participants ask in a subsequent question asking
task. Taken together, our results suggest that question asking is biased towards previously encountered question templates and question components, and people reuse question
templates in ways that are reasonably informative. Nonetheless, question reuse can be detrimental for question informativeness in certain situations. In sum, this research sheds
new light on the cognitive mechanisms behind question asking and other difficult search problems, and it provides new
constraints on computational models of question asking.

Table 1: Target question templates and example “repeat questions” generated by participants.
Question Question Template
Participant-Generated
Set
Example
1
At what location is What is the bottom
the bottom right part right most coordinate
of the color ship?
for the blue ship?
1
How many ships are How many ships of 2
number tiles long?
tiles are there?
1
Are any of the ships Do any of the ships
touching?
touch?
2
How many tiles in How many colored
row number are occu- squares are in row 1?
pied by ships?
2
How many ships are How many ships are
horizontal?
placed horizontally?
2
Are the color1 ship Is the red ship parallel
and the color2 ship to purple?
parallel?

Experiment
Methods
Participants We collected data from 107 adult participants
from Amazon Mechanical Turk. An additional 3 participants
completed the task but requested that their data be excluded.
Participants were required to reside in the United States and
have a minimum 95% approval rating on previous Mechanical Turk tasks. Participants were randomly assigned to one of
three conditions: Question Set 1 (QS 1, n = 34), Question Set
2 (QS 2, n = 37), or Baseline (n = 36). The target sample size
of 105 was determined by power analysis (see below).
Procedure The experiment involves a single-player version
of the Battleship task used in past work (Gureckis & Markant,
2009; Markant & Gureckis, 2012, 2014), and is adapted from
the method used by Rothe et al. (2018). The goal of this task
is to learn the configuration of three rectangular ships (red,
blue, and purple), hidden on a 6 x 6 grid of tiles. Each ship
is 2, 3, or 4 tiles in length and 1 tile in width, and is placed
horizontally or vertically. Participants’ task in each round is
to figure out the location and size of the three ships.
First, to introduce the task, participants played five rounds
of the traditional Battleship task, in which clicking on a tile
reveals its contents (red, blue, purple, or water).
Then, we manipulated in the sorting task whether participants were exposed to particular sets of “question
templates”—questions with identical form but some interchangeable content (see Table 1). These target question templates were generated with moderate frequency by participants in Rothe et al. (2018). In each round of the six-round
sorting task, participants were shown a partly revealed board
(see Fig. 1 for one example board). Then, participants were
shown three questions—one for each question template from
either Question Set 1 (QS 1 condition) or Question Set 2 (QS
2 condition)—which they sorted according to the questions’
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Sorting task (6 boards)
Order the questions in the list such that good
questions are at the top and not so good
questions are at the bottom.
1
2
3
4
5
6

A B C D E F

- At what location is the
bottom right part of the
purple ship?
- How many ships are 2
tiles long?
- Are any of the ships
touching?

(EIG matched within and across question sets)

Generation task (10 boards)

...Ask any question that you feel would help you to find the
true configuration of the ships

1
2
3
4
5
6

A B C D E F

1
2
3
4
5
6

A B C D E F

Board Group B
Board Group A
(EIG diverges between question sets: Question Set 1 more informative
for A than B; Question Set 2 more informative for B than A)

Figure 1: Experiment method. Tile color indicates a ship (blue, red, purple), water (dark gray), or a covered tile (light gray).
Participants in the QS 1 and QS 2 conditions completed the sorting task (with Question Set 1 or Question Set 2, respectively)
then the generation task; participants in the Baseline condition completed the generation task then the sorting task.
potential to reveal the ships’ locations and sizes. In fact, the
partly revealed boards in the sorting task were selected so that
each question template was similarly informative when averaged across the six boards (but varied within each board). Participants were provided with the answer to their top-ranked
question, then they guessed the color of any remaining hidden
tiles. Participants received a bonus based on these guesses.
We then elicited questions from participants in the 10round generation task. In each round, participants were again
shown a partly revealed board (see Fig. 1) and were prompted
to generate a question that would help them find the ships’
locations and sizes. Participants were required to ask a single question that had a single answer for each round. Participants received a bonus based on how many questions followed these rules.
Participants in the Baseline condition completed the generation task followed by the sorting task, and therefore had no
question exposure prior to the generation task.
Our main analyses concern whether the questions asked in
the generation task differ as a function of previous question
exposure (Question Set 1 in the QS 1 condition, Question Set
2 in the QS 2 condition, or no exposure in the Baseline condition). In addition, the boards in the generation task were
comprised of two “board groups”: Board Groups A and B.
The boards were selected so that the most informative variant of each question template in Question Set 1 was higher
for Board Group A than Board Group B, while the most informative variant of each question template in Question Set 2
was higher for Board Group B than Board Group A. Therefore, we can also test how questions asked in the generation
task differ between these board groups.

Computational Model
We quantify question informativeness using a model adapted
from Rothe et al. (2018). Formally, participants’ goal is to
identify a single hypothesis h that describes the true configuration of the ships, from the space of possible configurations
H. Following Rothe et al. (2018), the prior is uniform over
ship sizes: the size of each ship is uniformly distributed, then
each configuration is uniformly distributed given those sizes.

The participant can ask a question q (e.g., “Is the red ship
horizontal?”) and receives a response d (e.g., “yes”). The
posterior distribution is then computed using Bayes’ rule,
p(h|d; q) =

p(d|q; h)p(h)
.
∑h′ ∈H p(d|q; h′ )p(h′ )

(1)

Intuitively, a good question is one that, when answered,
will reduce our uncertainty about the world. Formally, the Information Gain (IG) associated with an answer to a particular
question is defined
IG(d; q) = I[p(h|d; q)] − I[p(h)],

(2)

where I[p(h|d; q)] is the Shannon entropy (i.e., uncertainty;
Shannon, 1948) of the posterior distribution and I[p(h)] is
the Shannon entropy of the prior distribution. Thus, the informativeness of an answer is the degree to which it reduces
uncertainty about the true configuration of the ships.
To define the informativeness of a question, we must account for all its possible answers. Therefore, Expected Information Gain (EIG; Lindley, 1956; Oaksford & Chater, 1994)
of a question is determined by the information gain of each
answer, weighted by the answers’ probability:
EIG(q) =

∑

p(d|q)IG(d; q)

(3)

d∈Aq

The probability of each answer p(d|q) is determined by the
weighted average probability of the answer over all hypotheses, p(d|q) = ∑h∈H p(d|h; q)p(h).
To efficiently learn the true configuration of the ships, the
optimal question is one that has the highest EIG. In our openended generation task, it is difficult to quantify the most
informative question, as the space of possible questions is
vast. However, we can quantify the informativeness of participants’ questions using EIG, then compare question informativeness across different board groups and conditions.

Results
Of the 1070 questions asked in the generation task, we discarded 549 responses that were not questions, were off topic,
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Figure 2: Percentage of questions in each condition that used question templates from Question Set 1, Question Set 2, or
neither (primary plot). The questions that did not belong to either question set included questions that used primitive question
components from Question Set 1, Question Set 2, or neither (inset plots).
or did not conform to the rules (e.g., “How to add shapes”)
and 55 questions that were ambiguous (e.g., “Row 5 contains
tiles?”). An additional 16 questions were difficult to model
because they referred to properties of the partly revealed
board, such as which tiles had already been revealed. We excluded an additional four participants who did not ask a valid
question for at least one board in each board group. This left
a final sample of 445 questions, asked by 56 participants—
168 questions (20 participants) in the QS 1 condition, 172
questions (22 participants) in the QS 2 condition, and 105
questions (14 participants) in the Baseline condition.
The number of excluded questions was higher than expected (see recent discussions about changes in data quality
on Amazon Mechanical Turk; e.g., Kennedy et al., 2020), but
we were unable to collect additional data due to practical limitations. Notably, our initial power analysis indicated 80-90%
power based on the smallest effect from pilot data (the difference in EIG between Board Group 1 and Board Group 2
within the QS 2 condition), but additional power analyses using pilot data reveal at least 80% power to detect most effects
of interest with our final sample size.
The 445 valid questions were coded by the first author into
a question grammar developed by Rothe et al. (2017, 2018).
This method allows us to (1) represent questions with different phrasing but identical meaning as the same question (see
Table 1 for examples), and (2) efficiently compute EIG for
each question using a Python package developed in prior research (https://github.com/anselmrothe/EIG; Rothe et
al., 2017; Wang & Lake, 2021).
For all of the following analyses, we used mixed-effects
regression models including by-participant and by-board random intercepts. To determine statistical significance, we used
likelihood ratio tests.
Do people reuse questions? First, we tested whether participants asked questions during the generation task similar to
those to which they were exposed. Indeed, 47% of questions
asked in the QS 1 condition used Question Set 1 templates,
and 38% of questions asked in the QS 2 condition used Question Set 2 templates (see Table 1 and Fig. 2; main plot). We
call these “repeat questions.”

We used logistic regression to test whether the use of templates from Question Set 1 and Question Set 2 varied by condition. Indeed, there was an overall effect of condition on the
use of Question Set 1 templates, χ2 = 28.77, p < .001. Questions from Question Set 1 were more likely in the QS 1 condition compared to both the Baseline condition, OR = 0.005,
95% CI [0.0003, 0.08] and the QS 2 condition, OR = 0.002,
95% CI [0.0002, 0.03]. There was also an effect of condition on the use of Question Set 2 templates, χ2 = 34.24, p <
.001. Questions from Question Set 2 were more likely in
the QS 2 condition compared to both the Baseline condition,
OR = 0.03, 95% CI [0.005, 0.17], and the QS 1 condition,
OR = 0.02, 95% CI [0.003, 0.09]. To summarize, exposure
to certain question templates increases the later use of those
question templates. Notably, only 17% of repeat questions
were exact repeats (in meaning and phrasing) of the questions
seen in the sorting task, so it is unlikely that these results reflect “copy-paste” behavior.
In addition, we asked whether exposure affected the use of
smaller “question primitives.” For each question template, we
identified one target primitive (e.g., referring to ship size for
the question “How many ships are N tiles long?”), with the
constraint that each target primitive was present in only one
of the two question sets. This resulted in three unique primitives for Question Set 1 (bottom right corner, ship size, ships
touching) and two unique primitives for Question Set 2 (row
contents, ship orientation). We coded whether each question
used at least one of the target primitives in each question set,
and we tested whether the use of these primitives depended
on condition. We excluded from this analysis any questions
that matched the target question templates, so this analysis is
independent of the previous analysis.
Indeed, there was a significant effect of condition on use
of Question Set 1 primitives, χ2 = 7.54, p = .02, and on use
of Question Set 2 primitives, χ2 = 9.19, p = .01 (see Fig. 2,
inset plots). Use of Question Set 1 primitives was more likely
in the QS 1 condition compared to both the Baseline condition, OR = 0.37, 95% CI [0.07, 1.99] and the QS 2 condition, OR = 0.11, 95% CI [0.02, 0.56], though the former effect was not statistically significant (i.e., the 95% CI included
1). Mirroring these results, use of Question Set 2 primitives
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How do people reuse questions? Next, we investigate how
people reuse question templates. Critically, the boards in the
generation task were selected so that the informativeness of
Question Set 1 was higher for Board Group A than B, and
vice versa for Question Set 2. Therefore, we can test whether
question reuse is adaptive: are people more likely to ask repeat questions in situations where those questions are informative? Indeed, there was evidence for a significant interaction between condition (QS 1, QS 2) and board group (A, B),
χ2 = 14.67, p < .001 (see Fig. 3). In the QS 1 condition,
participants asked more repeat questions for Board Group
A (62% of questions) compared to Board Group B (32% of
questions), OR = 5.96, 95% CI [2.57, 13.82], χ2 = 12.58, p <
.001. In the QS 2 condition, participants asked more repeat
questions for Board Group B (40% of questions) compared
to Board Group A (35% of questions), but this difference
was not significant, OR = 1.42, 95% CI [0.59, 3.45], χ2 =
0.58, p = .44. This provides preliminary evidence that questions are reused adaptively, though it is an open question why
there was no evidence for adaptive reuse of Question Set 2.
Second, we ask how people select among candidate repeat
questions. Participants in the QS 1 and QS 2 conditions were
exposed to three question templates, most of which had several possible variants. Therefore, even if participants only
generated repeat questions, they still faced the difficult task
of choosing between them. We compare the informativeness of participants’ repeat questions to a simple questionselection model that chooses the highest-EIG question from
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Figure 3: Left: Percentage of repeat vs. new questions for
each condition and board group. Right: Average EIG (with
bootstrap 95% CIs) of repeat questions asked for each condition and board group.
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was more likely in the QS 2 condition compared to both the
Baseline condition, OR = 0.17, 95% CI [0.01, 1.97], and the
QS 1 condition, OR = 0.03, 95% CI [0.002, 0.39], though
the former effect was not statistically significant. Note that
each target question template is comprised of multiple primitives, and we examined only a subset. However, this analysis provides preliminary evidence that people do not solely
repeat entire question templates—instead, even when generating new, never-before-seen questions, people recombine elements of previously encountered questions.
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Figure 4: Comparison between repeat question EIG and predicted EIG according to two models. Most questions are
less informative than the maximum EIG of all possible repeat
questions (below dashed line on left), but more informative
than the average EIG (above dashed line on right).
all possible repeat questions. Participants’ repeat question
EIG was significantly lower than model-predicted EIG, b =
−0.34, 95% CI [−0.42, −0.25], χ2 = 55.92, p < .001. However, the model successfully explained 38% of the variance
in EIG, and 19% of repeat questions exactly matched the
model’s predictions. Moreover, repeat question EIG was
significantly higher than the average EIG of all possible repeat questions—in other words, the expected EIG if a repeat question were selected at random, b = 0.40, 95% CI
[0.32, 0.48], χ2 = 80.52, p < .001. (see Fig. 4). Therefore,
when asking a repeat question, participants appear to find a
question that is reasonably (though not maximally) informative in the present situation.
What are the informational consequences of reuse? Finally, we further investigate the informational consequences
of question reuse. First, we tested whether experience with
the sorting task generally enhanced the informativeness of
participants’ questions in the later generation task. However,
there was no evidence for an overall effect of condition (QS
1, QS 2, Baseline) on EIG, χ2 = 2.54, p = .28. Therefore, it
appears the effect of question exposure is selective, increasing the likelihood that people ask the questions to which they
were exposed—but not the likelihood that people ask good
questions in general.2
If this is the case, we would also expect participants’ questions to be more informative in some situations than others.
In particular, participants in the QS 1 condition should ask
more informative questions for Board Group A than Board
Group B, and vice versa for participants in the QS 2 condition. Consistent with this, in a regression model predicting
question EIG, there was a significant interaction between condition (QS 1, QS 2) and board group (A, B), χ2 = 10.11, p =
.001. Participants in the QS 1 condition asked higher-EIG
2 To contextualize this result, we also estimated the informativeness of the six question templates most frequently used by participants in Rothe et al. (2018). If the most informative of these questions was selected for each board in our task, the average EIG across
the 10 boards is 1.43. In comparison, the average EIG for Question Set 1 is 1.34, and the average EIG for Question Set 2 is 1.36.
Therefore, there is little reason to suspect that question reuse would
increase the informativeness of participants’ questions when averaged across the 10 boards.
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questions for Board Group A (M = 1.18) than Board Group
B (1.05), while participants in the QS 2 condition asked
higher-EIG questions for Board Group B (1.05) than Board
Group A (0.92). However, the within-condition differences
were not significant, QS 1 condition: b = −0.15, 95% CI
[−0.42, 0.12], χ2 = 1.39, p = .24; QS 2 condition: b = 0.13,
95% CI [−0.11, 0.36], χ2 = 1.30, p = .25.
Importantly, this analysis takes into account both repeat
and new questions, but only the informativeness of repeat
questions should vary across board groups. Indeed, for repeat
questions, the interaction between condition and board group
was significant, χ2 = 58.32, p < .001, and the effect of board
group within each condition was also significant, QS 1 condition: b = −0.52, 95% CI [−0.70, −0.35], χ2 = 17.47, p <
.001; QS 2 condition: b = 0.45, 95% CI [0.04, 0.85], χ2 =
4.55, p = .03. That is, when participants asked repeat questions, those questions were more informative in some situations than in others (see Fig. 3). These results provide evidence that question exposure has implications for later question informativeness: reusing questions is only beneficial in
certain situations.

General Discussion
Questions enable us to efficiently learn. However, because
the space of possible questions is too large to search exhaustively or at random, generating and selecting an informative
question is a difficult challenge. By investigating how prior
exposure to questions influences the questions people ask in
new situations, the present research tested unexplored mechanisms behind question asking.
We compared the questions asked by participants who were
exposed to two distinct sets of questions, as well as participants who had no exposure. This led to three main findings.
First, participants frequently repeated the questions to which
they were exposed, and even novel questions tended to reuse
components of the exposure questions. Second, when participants asked repeat questions, they successfully found questions that were reasonably (but not maximally) informative in
the present context. However, third, question reuse had informational consequences: the informativeness of participants’
questions depended on the situation. In particular, participants asked more informative questions in situations where
previously encountered questions were still useful.
These results provide new insight into how humans succeed in asking informative questions (Callanan & Oakes,
1992; Chouinard, 2007; Rothe et al., 2018). Rather than
searching through the entire space of possible questions in
each situation, we can constrain our search using the questions we’ve encountered in the past, as we do for other decision problems (Bear et al., 2020; Morris et al., 2021; Phillips
et al., 2019). This has important implications for computational models of question asking, which have instead modeled question generation as random search through the entire
space of questions (Rothe et al., 2017). Future research might
modify these models to incorporate a search mechanism that

prioritizes previously asked questions.
This work also raises a number of new questions. For example, does exposure to questions influence question generation or question evaluation? Prior research on other decision
problems (Morris et al., 2021) has shown that the prior quality of a solution influences the later generation of that solution, but not its evaluation. Consistent with this, we found
that participants asked repeat questions that were reasonably
informative, indicating the questions were evaluated and selected at least partly by their current informativeness rather
than their previous use. However, further research is needed
to cleanly separate question generation and evaluation.
Second, how pervasive are the effects of question exposure? In the present research, we demonstrated that people
reuse previously encountered questions in new situations, but
within the same general task (i.e., the Battleship game) and in
a single experimental session. Would question reuse extend
across tasks and across time? Relatedly, we found only modest evidence for “adaptive” reuse: selectively reusing questions in situations where those questions are informative. Further research is needed to determine what features of the current situation determine whether past questions are asked.
Several limitations of this work must be noted. First, an unexpectedly large proportion of our participants asked invalid
questions, and therefore, it is likely that many of our participants were not paying close attention to the task. Notably,
our results remain consistent even when limiting analyses to
the 30 participants who asked a valid question for all 10 generation task rounds. Nonetheless, it is possible that more attentive participants would be more or less likely to use repeat
questions, and therefore further research is needed to test the
extent to which our results generalize to different samples.
In addition, we investigated how exposure to a small set of
questions affects question asking in a small number of situations. This allowed us to test precise predictions about
the informativeness of repeat questions in different situations.
However, questions asked in these situations might not be
representative of questions asked across all situations—and
our task and model certainly do not capture all contexts in
which questions are asked in everyday life. For example, we
did not take into account non-informational motives for asking questions (Hawkins et al., 2015; Markant & Gureckis,
2012; Meder & Nelson, 2012; Rothe et al., 2018). Therefore, it remains to be tested how exposure to questions impacts question generation in a range of settings, for a range of
informational and non-informational goals.
Despite these limitations, the present research provides
new insight into the cognitive mechanisms that enable question asking. Rather than generating questions from scratch
in each new situation, as existing models of question asking predict, people (sometimes) draw upon previously used
questions. It is likely that question reuse provides a computationally efficient means of generating reasonable questions
in novel situations—though this has consequences for how
informative our questions are likely to be.
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Abstract
How do humans produce and comprehend language in pragmatic ways? A variety of models of pragmatic inferences have
been proposed, and these models are often evaluated on their
ability to account for human inferences in reference game experiments. However, these experiments are not tailored to
target theoretical differences between models or clearly tease
apart model predictions. We propose an optimal experiment
design approach to systematically construct reference games
that can optimally differentiate between models of human
pragmatic reasoning. We demonstrate this approach and apply it to four models that have been debated in the literature: Grammar-based, Iterated Best Response (IBR), Rational
Speech Act (RSA), and a recent variant of RSA grounded in
Rate–Distortion theory (RD-RSA). Using these optimal reference game experiments, we find empirical evidence favoring
iterated rationality models over the grammar-based model, as
well as support for the relevance of Rate–Distortion theory to
human pragmatic inferences. These results suggest that our
optimal reference game design framework may help adjudicate
between computational theories of pragmatic reasoning.
Keywords: pragmatics; rational speech act; optimal experiment design; reference games

Introduction
When humans communicate, we convey and interpret meaning beyond what is explicitly said (Grice, 1975; Horn, 1992).
The variation and context-dependence of such pragmatic behaviors have made it notoriously challenging to develop a
model of pragmatics that can make quantitative predictions.
In the past two decades, there have been a number of proposals formalizing how pragmatic inferences are computed.
In particular, a recent debate has centered upon the role of
grammar versus game-theoretic reasoning in computing pragmatic implicatures. The Grammatical approach proposes that
implicatures are derived entirely within the grammar via a
silent operator which essentially negates the meaning of relevant alternatives (Chierchia, 2004; Fox, 2007; Fox & Katzir,
2021; Asherov, Fox, & Katzir, 2021b). In contrast, a class of
Iterated Rationality Models (IRMs) formulates speakers and
listeners as cooperative agents that reason about each others’
beliefs and goals. One well-known instance of an IRM is the
Iterated Best Response (IBR) model, which describes agents’
optimal strategies under rationality assumptions about their
partners (Jäger, 2011; Franke, 2011). Another prominent
IRM is the Rational Speech Act model (RSA; Frank & Goodman, 2012; Goodman & Frank, 2016), which builds upon
Code and data: github.com/zhouire/pragmatics-oed

work in Bayesian cognitive modeling (Tenenbaum, Kemp,
Griffiths, & Goodman, 2011) as a way of representing uncertainty over possible states of the world. More recently,
it has been shown that RSA can be grounded in Shannon’s
Rate–Distortion theory, yielding another model class called
RD-RSA (Zaslavsky, Hu, & Levy, 2020, 2021).
Given this diverse space of proposals, how can we compare different models as candidate theories of pragmatics?
The general approach for comparing two models A and B is
as follows. Beginning with some shared input and modelspecific parameters, each model is run forward to generate
a set of predictions in response to the input. The input is
used to collect human behavioral data, which is compared
against each model’s predictions. Typically, the input is handcrafted to represent a specific phenomenon, such as scalar implicature (e.g., Goodman & Stuhlmüller, 2013; Frank, Emilsson, Peloquin, Goodman, & Potts, 2016), hyperbole (Kao,
Wu, Bergen, & Goodman, 2014), or free choice inference
(Champollion, Alsop, & Grosu, 2019).
While it is important to compare models’ predictions on
hand-crafted inputs, this approach faces two main issues in
practice. First, different models often make similar quantitative predictions, making it difficult to discriminate between
them. Second, it is often unclear how to manually design
an experiment that is well-suited for exposing qualitative differences between models. Indeed, while a large body of
work has conceptually compared IRMs (e.g., Franke & Jäger,
2014; Franke, 2017) or fit specific IRMs to human data, Benz
and Stevens (2018) write “there is no established criterion
that would enable an objective comparison” between them.
As such, the current empirical pragmatics landscape consists
of mixed results. On the one hand, there appears to be a large
body of empirical support for RSA (e.g., Goodman & Frank,
2016; Bergen, Levy, & Goodman, 2016), whereas recent
studies lend support to grammar-based theories over IRMs
(Franke & Bergen, 2020; Asherov, Fox, & Katzir, 2021a;
Asherov et al., 2021b). In addition, there have been alternatives proposed to RSA that are theoretically motivated but
have yet to be fully evaluated empirically (e.g., Zaslavsky et
al., 2020, 2021), further complicating the picture.
In this work, we address these challenges by proposing
a framework for optimal reference game design that can be
used to tease apart various models of pragmatic reasoning.
Specifically, we build on Myung and Pitt’s (2009) Optimal
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Experiment Design (OED) approach to facilitate a systematic comparison of models of pragmatics. Our approach takes
two models of pragmatics, and finds a design for a reference
game that yields maximally different predictions. These designs can then be translated into an executable reference game
experiment in order to empirically evaluate the two models.
We demonstrate this approach for differentiating between the
four aforementioned models (Grammatical, IBR, RSA, and
RD-RSA). In particular, we first compare across the Grammatical and IRM model classes, and then within the class
of IRMs (IBR, RSA, RD-RSA). We find evidence favoring
IRMs over the Grammatical model, as well as empirical support for RD-RSA within the IRM class, which further supports the proposal that Rate–Distortion theory may help to
explain human pragmatic reasoning (Zaslavsky et al., 2020).

Background: Models of pragmatic reasoning
Before laying out our framework for optimal reference game
design, we begin by reviewing the four models of reasoning
which we aim to differentiate: the grammatical model, Iterated Best Response (IBR), Rational Speech Act (RSA), and
Rate–Distortion Rational Speech Act (RD-RSA).

The grammatical model
Under the grammatical model, pragmatic implicatures are derived within the grammar as part of a sentence’s meaning
(Chierchia, 2004; Fox, 2007; Fox & Katzir, 2021). The
Grammatical approach is executed in two parts: Innocent Exclusion (Fox, 2007) and Innocent Inclusion (Bar-Lev & Fox,
2017). The approach starts with a speaker’s assertion S and
a set of alternative utterances M (which, in a reference game
format, may be inferred by the listener). Innocent Exclusion
states that an alternative m can be innocently excluded if m is
in all maximal sets of alternatives that can be negated without
contradicting the assertion S. After all innocently excludable
alternatives have been removed, Innocent Inclusion considers
maximal sets of alternatives that can be affirmed consistently
with the assertion S, and includes those that appear in all sets.
For simple, single-word utterances in a reference game, the
set of alternative utterances is assumed to be the set of singleword utterances U represented in the lexicon, of which one
is chosen to be the speaker’s assertion S. All alternative utterances U − S can be innocently excluded, and only S can
be innocently included. Thus, if a provided referent contains
only the asserted feature - and no other features - then the listener will choose that referent. If all referents containing the
asserted feature also contain an additional feature, then the
listener will be unable to determine which of those referents
is the intended meaning, and no implicature arises.1
1 The “no-implicature” output of the Grammatical model is not
compatible with a forced-choice paradigm, as in the case of reference games. For consistency with the other models evaluated here,
we operationalize the lack of implicature as a uniform distribution
over all semantically viable referents. However, see Asherov et al.
(2021b) for an alternative method, and Jasbi, Waldon, and Degen
(2019) for more general discussion about linking hypotheses.

Iterated Rationality Models (IRMs)
Next, we turn to the class of Iterated Rationality Models
(IRMs). In contrast to the Grammatical model, IRMs derive pragmatically enriched meaning “on top of” semantic
meaning by formulating speakers and listeners as cooperative
agents that reason about each other.
IBR. The Iterated Best Response model (IBR; Jäger
(2011)) describes the behavior of rational speakers and listeners arranged under a cognitive hierarchy (Camerer, Ho, &
Chong, 2004). A level-0 player is constrained only by truthfulness, and a level-(t + 1) player acts rationally under the
assumption that their partner is a level-t player.
More concretely, suppose there is a set of meanings M and
a set of possible utterances U . In order to convey a meaning
m ∈ M , a level-0 speaker selects uniformly at random from
all utterances u ∈ U that are literally true of m. For t > 0,
the level-t players are defined as producing the best response
with respect to the player at level t − 1. This strategy assigns
equal probabilities to all best responses and zero otherwise:
(
1 if m = argmaxm∈M St (u|m)P(m)
Lt+1 (m|u) ∝
(1)
0 o.w.
(
1 if u = argmaxu∈U Lt (m|u)
St+1 (u|m) ∝
(2)
0 o.w.
In this paper, we describe IRM predictions in terms of iterative “depth”, which increments by 1 after a full iteration
through both speaker and listener has occurred. For consistency, we establish that a level-t IBR player is at depth ⌊ 2t ⌋.
RSA. Similar to IBR, the Rational Speech Act model
(RSA; Frank and Goodman (2012)) defines a hierarchy of
player types: literal players who are only constrained by
truthfulness, and pragmatic players who act rationally by taking their partners into consideration. Unlike IBR, however,
RSA players define probability distributions over responses.
The basis of an RSA model is a lexicon function L , which
takes an utterance u and meaning m and returns a value in
{0, 1} indicating whether u is literally true of m. We ground
the RSA model in a literal speaker S0 , which observes a
meaning m and defines a probability distribution over possible utterances u according to the lexicon:
S0 (m|u) ∝ L (u, m) .

(3)

Next, RSA defines a pragmatic level-t listener, which is
Bayesian with respect to the level-t speaker:
Lt (m|u) ∝ St (u|m)P(m) .

(4)

Finally, RSA defines a pragmatic level-t speaker, which is a
distribution over utterances u conditioned on meaning m:
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St (u|m) ∝ exp(α(log Lt−1 (m|u) − κ(u))) .

(5)
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Figure 1: Diagram of our approach, based upon optimal experiment design for model discrimination (Myung & Pitt, 2009). We
exhaustively generate all designs and compare the predictions of the two models using a divergence metric D. The design that
maximizes D is selected as optimal and automatically translated into an executable reference game experiment.
The level-t speaker maximizes the likelihood that a level(t − 1) listener will recover m upon observing u, and minimizes the cost κ(u) of producing u. The sharpness of the distribution is controlled by a free parameter α > 0, representing
the degree to which the speaker seeks to maximize utility. For
RSA, the iterative depth of a player is equivalent to its level.
RD-RSA. Recently, Zaslavsky et al. (2020) showed that
with a relatively simple modification, RSA can be grounded
in Rate–Distortion theory (Shannon, 1959; Berger, 1971),
yielding the RD-RSA model. The listener in RD-RSA is similar to the RSA listener; i.e., it is Bayesian with respect to the
speaker. Importantly, however, the pragmatic speaker in RDRSA differs from the RSA speaker. In RD-RSA, the pragmatic speaker takes into account the marginal probability of
producing the utterance u:
St (u|m) ∝ St (u) exp(α(log Lt−1 (m|u) − κ(u)))
St (u) = ∑ St (u|m)P(m) ,

(6)
(7)

m

where St (u) is not fixed but rather updated as the speaker
reasons about the listener. While RSA and RD-RSA may
appear relatively similar, the two models have interesting
theoretical differences. For example, they are derived from
different optimization principles, and the RSA speaker has
a bias toward random utterance production while RD-RSA
does not (Zaslavsky et al., 2020).
With these four models in mind, we turn to our proposed
framework for optimally designing reference game experiments for teasing apart models of pragmatic reasoning.

Optimal reference game design
Our approach for generating optimal reference games builds
on the long tradition of Optimal Experiment Design (OED)
in statistics (e.g., Atkinson and Donev (1992)) and psychological research (e.g., McClelland (1997); Holling (2013)).
Our goal is to systematically find inputs for which models
under comparison are likely to make different predictions.
One challenge for comparing models of pragmatics is handling parameters that can freely be adjusted to fit experimental data. Ideally, an experiment should discriminate between

two models over a wide range of parameter settings. Therefore, we leverage Myung and Pitt’s (2009) OED paradigm
for model discrimination, which handles free nuisance parameters via the T-optimality criterion (Atkinson & Donev,
1992; Ponce de Leon & Atkinson, 1991; Uciński & Bogacka,
2005). This criterion is useful for finding designs that maximally discriminate between candidate models of a psychological process.
For the models compared in this study, an input (or “experimental design”) consists of two parts: a binary lexicon representing the features and referents in the context,
and a row/column of that lexicon corresponding to an utterance/referent used to prompt a listener/speaker. In our study
we focus on the listener task. Thus, a particular input or design d consists of a lexicon-row pair (L , r).
Figure 1 illustrates the process of finding an optimal design. We first generate predictions from the models under
comparison for each design in the search space. The model
prediction for each design d is produced by computing the
listener distribution conditioned on row r of lexicon L , which
corresponds to a specific utterance. We then evaluate the
difference between the model predictions using a divergence
metric. The optimal design d ∗ = (L ∗ , r∗ ) is the one that results in the greatest difference under this measure.

Finding an optimal design
We adapt Myung and Pitt’s (2009) approach as follows. Suppose, given a design d and parameters θA , model A generates
data yA ; in our case, this is the distribution predicted by model
A. We can attempt to fit model B to yA by finding the best-fit
parameter vector θ∗B that minimizes the divergence measure
DB (d, θA , yA ). Because we do not know the parameters θA
that will best fit human data, we can assess the quality of the
design d using the expected value of DB (d, θA , yA ) assuming
a prior distribution over the parameters P(θA ) as follows:2
Z

2 Note

DB (d, θA , yA )P(θA )dθA .

(8)

that this works even for models with different parameters.
For example, RSA and RD-RSA both have a free “rationality” parameter α, unlike IBR and the Grammatical model. We discuss specific parameter priors when we describe each experiment in detail.

1170

This expression quantifies the badness-of-fit of model B conditioned on model A, but we must also take into account
the badness-of-fit of model A conditioned on B, resulting in
the following global utility function to be maximized, where
P(A) and P(B) are model priors (generally uniform):
U(d) = P(A)

Z
Z

P(B)

DB (d, θA , yA )P(θA )dθA +
DA (d, θB , yB )P(θB )dθB

(9)

In practice, we evaluate this integral numerically. By fitting each model to predictions made by the other, we assume
that the generating model is the true model that captures human behavior, while the fitting model is an impostor model.
By maximizing the badness-of-fit of the impostor model, we
maximize the likelihood that, given the experimental data, we
will select the true model as the better model.
Divergence function. As demonstrated by Equation (9),
the divergence function determines what experimental designs emerge as “optimal”. For models that output probability
distributions (e.g., RSA and RD-RSA), some natural options
include distance metrics such as Jensen-Shannon Divergence.
In our study, we used maximum rank difference (MRD) as the
divergence function. Taking LA and LB to be the listener distributions predicted by models A and B, respectively,


maxm (|LA (m|u) − LB (m|u)|) if ∃u s.t. R(LA (u)) ̸= R(LB (u))
,
0
o.w.
(10)

where R is the standard competition ranking. MRD is an
interpretable measure of lexicon optimality, whereby model
predictions are only considered different if the referents are
ranked differently in the resulting probability distribution.
Lexicons. We evaluated all valid 4x4 lexicons,3 defined as
binary matrices with no all-0 or all-1 rows/columns, and no
duplicate rows/columns. Additionally, we aimed to minimize
the effects of experimental noise by only considering designs
in which the selected row contained two 1s (matching exactly
two meanings), thus giving participants only two reasonable
referent choices. In an experimental setting, the lexicon is
interpreted indirectly from the visual context; we discuss this
in detail in the following section.

From design to data: Reference games
In order to obtain human behavioral data to evaluate the models, we need to translate the output of the OED algorithm (an
optimal design) into an executable experiment. Any experimental paradigm that is characterized by a lexicon – or any
unique setting for the initial conditions of the model(s) of interest – can be used. Here, we use one-shot reference games,
3 The

approach can be applied to lexicons of arbitrary size (including non-square dimensions). However, relatively small lexicons
are preferred because they are more straightforwardly translated into
reference games, and the search cost is more tractable.

which are a popular experimental tool for studying ad-hoc
scalar implicatures (Stiller, Goodman, & Frank, 2015; Frank
et al., 2016). A reference game is defined by a set of utterances U and referents (“meanings”) M , and involves two
players: a speaker, who attempts to communicate a meaning
m ∈ M by selecting an utterance u ∈ U ; and a listener, who
attempts to recover m upon observing u. The players share
the goal of the listener correctly recovering m.
We choose reference games as the experimental paradigm
for this study, as a game can be represented by a lexicon
matrix. The speaker’s task can be represented by a column
from this matrix (conditioning on an intended meaning), and
the listener’s task can be represented by a row (conditioning
on an observed utterance). Despite their simplicity, reference
games elicit pragmatic behaviors by requiring partners to reason about context to achieve a shared goal.

Experiment 1: Grammatical vs. IRMs
We begin illustrating our approach by comparing across the
Grammatical and IRM model classes. As mentioned earlier,
recent studies have found empirical support for grammarbased theories over IRMs (Franke & Bergen, 2020; Asherov
et al., 2021a, 2021b).
Optimal lexicon. We ran the OED algorithm described
above, pairing the Grammatical model with each of the three
IRMs. We made several simplifying assumptions to make the
integration over parameters tractable: a uniform prior over
meanings, no utterance cost, and iterative depth 1.4 For both
RSA and RD-RSA, we set the prior over α to be uniform over
the interval [1, 3], reflecting minimal expectations about reasonable values of α based on existing empirical studies and
the theoretical role of α (Zaslavsky et al., 2020). We leave a
detailed treatment of priors to future work.
For each model comparison, we obtained a list of experimental designs ranked from most to least optimal (highest to
lowest global utility U(d)). After removing the designs that
produced a global utility of zero for at least one of the model
comparisons, the same design was ranked first for all three
comparisons. This optimal lexicon is shown in Figure 2a,
with the optimal row (corresponding to utterance u∗ ) highlighted. Each subplot corresponds to a particular utterancemeaning pair (u∗ , m), with model listener predictions L(m|u∗ )
shown as bars. By design, the Grammatical and IRM listeners make qualitatively differing predictions for u∗ . Because no referent contains only the asserted feature (“ball”
in Figure 2a), the Grammatical model predicts a listener to
be equally likely to choose between the two compatible referents R3 and R4. In contrast, the IRMs predict a preference
for R3 over R4 – if a pragmatic speaker had meant R4, they
could have unambiguously used the first utterance (“apple” in
Figure 2a).
4 While different cost functions and meaning priors will likely
induce differences in model predictions, we chose not to manipulate
them because it is unclear how to control them in an experiment.
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Figure 2: Comparison across Grammatical and IRM classes (Exp. 1). (a) Optimal design selected by OED approach, with
human selection rates and model predictions (using α = 1 and uniform prior) shown for optimal row. (b) Correlation between
model predictions and human data as a function of α (RSA/RD-RSA parameter). Literal represents RSA/RD-RSA at depth 0.
Methods. We used the optimal lexicon and row to conduct
a one-shot reference game experiment. Participants were assigned to either the Listener task or the Prior Elicitation task.
Following standard methodology (Frank et al., 2016), participants were introduced to a speaker (“Bob”) who attempts to
describe a target referent using a one-word utterance. On the
critical screen, participants were asked to click on the referent that they believed Bob was referring to, based on his
utterance (see Reference Game Experiment in Figure 1). In
the Listener task, this utterance corresponded to the optimal
row identified along with the optimal lexicon, naming a feature present on one or more of the displayed referents. In
the Prior Elicitation task, participants were prompted with a
masked utterance (“Bob says: **** (you could not hear what
he said)”). Afterwards, participants completed a brief exit
survey, which contained demographic questions and an attention check asking them to recall the speaker’s name.
The referents displayed on the critical screen were constructed using the following method. We first randomly assigned each row of the optimal lexicon to a commonplace object (e.g., apple). Then, we mapped each lexicon column to a
“bag of objects” by overlaying images of the objects with a 1
in its corresponding row on top of a neutral tray background
(see top of Figure 2a for examples). Object groupings and referent order were randomized. To control for visual salience
across referents, all images were displayed in grayscale.
270 participants were recruited via Amazon Mechanical
Turk (MTurk) and compensated $0.20. We restricted this
sample to participants with IP addresses in the United States
and a 95% approval rating on previous tasks, and prevented
users from participating in the study more than once. 25 participants were excluded for incorrectly answering the attention check. The remaining 245 were assigned to either the
Listener task (N=111) or the Prior Elicitation task (N=134).
Results. Given u∗ (e.g., “ball” in Figure 2a), human participants chose the 2-feature referent (R3, 71.2%) more frequently than the 4-feature referent (R4, 24.3%). We compare
the human responses to the predictions made by the Grammatical model and IRMs (RSA, RD-RSA, IBR) at depth 1.

For the IRMs, we use the experimentally elicited prior distribution over meanings. Figure 2b shows the correlation
(Pearson’s ρ) between the model predictions and behavioral
data as a function of α. For RSA, the best-fit correlation
(ρ = 0.998) lies at α = 1.4, while for RD-RSA, the best-fit
correlation (ρ = 0.998) lies at α = 2.4. These α values represent a tradeoff that favors maximizing informativeness over
minimizing communicative effort, which is consistent with
existing empirical investigations of RSA-style models. The
similarly high correlations for RSA and RD-RSA is also consistent with prior work suggesting that RD-RSA can account
for human behavior as well as RSA (Zaslavsky et al., 2020,
2021). IBR and the Grammatical model achieve lower correlation with the human data (ρ = 0.946 and ρ = 0.807, respectively). This suggests that probabilistic IRMs (RSA and
RD-RSA) are better able to explain the human data than the
Grammatical model or IBR, a non-probabilistic IRM.

Experiment 2: Comparing within IRMs
Next, we use our approach to further compare IBR, RSA, and
RD-RSA. While Experiment 1 suggests that RSA and RDRSA may outperform IBR, it is not yet clear whether RSA
and RD-RSA can always account similarly for human behavior. Therefore, our approach could be particularly useful for
teasing these two models apart.
Optimal input. We ran the OED algorithm described
above, comparing RSA vs. RD-RSA, RSA vs. IBR, and RDRSA vs. IBR. As in Experiment 1, we set the prior over α
to be uniform over [1, 3], and assumed a uniform prior over
meanings, zero utterance cost, and depth 1. Both comparisons
produced the same optimal design, shown in Figure 3a. The
IRM listeners make qualitatively different predictions for this
utterance (“ball”): RSA predicts the listener to prefer R3 over
R4, because R4 can be uniquely described with the first utterance (“apple”). However, RD-RSA predicts the listener to
prefer R4 over R3, because “ball” has higher marginal probability to be spoken than “apple”, which gives it higher weight
under the pragmatic speaker and thus increases the pragmatic
listener’s confidence that the speaker would say “ball” to de-
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Figure 3: Comparison within the IRM model class (Exp. 2). (a) Optimal design selected by OED approach, with human
selection rates and model predictions (using α = 1 and uniform prior) shown for optimal row. (b) Correlation between model
predictions and human data as a function of α. IBR converges at depth 1. Literal represents RSA/RD-RSA at depth 0.
scribe R3. The IBR listener chooses R4 because a literal
speaker is more likely to choose the “ball” out of 2 features,
as opposed to the 3 features in R3.

not significantly distinct from human data over α ∈ [0.01, 0.9]
at depth 1 and α ∈ [0.03, 0.95] at depth 2. Therefore, these
results lend empirical support to RD-RSA over RSA and IBR.

Methods. The experimental methods were identical to
those of Experiment 1. 280 participants were recruited, with
18 participants excluded for incorrectly answering the attention check. The remaining 262 were assigned to the Listener
task (N=119) or the Prior Elicitation task (N=143).

Discussion

Results. Given the utterance corresponding to the optimal
row of the lexicon (e.g., “ball” in Figure 3a), human participants chose the 2-feature referent (R4, 71.4%) more frequently than the 3-feature referent (R3, 22.7%).
We first compare the distribution of human responses to
the predictions made by RSA, RD-RSA, and IBR at iterative
depth 1, using the experimentally elicited prior over meanings. Figure 3b shows the correlation (Pearson’s ρ) between
the model predictions and behavioral data as a function of
α. IBR, which does not use the α parameter and converges
at depth 1, has a correlation of ρ = 0.958 with human data,
which lies between the best-fit of RSA and RD-RSA at depth
1. Thus, in contrast to Experiment 1, in this case IBR appears
to be comparable with RSA; however, its performance is still
below that of RD-RSA. For RSA and RD-RSA, the best fit is
achieved at α = 0.01 (ρ = 0.933) and α = 0.05 (ρ = 1.000)
respectively. These values of α correspond to a strong bias
for random utterance production in RSA, and almost entirely
non-informative communication in both models (Zaslavsky
et al., 2020). This suggests that at least for depth 1, both
RSA and RD-RSA predict a non-informative speaker, while
attaining high correlation with the human listener data. Interestingly, however, at depth 2 we see an important qualitative difference between RSA and RD-RSA (Figure 3b, dashed
lines): RD-RSA achieves maximal performance for a range
of αs reaching α = 1, whereas the performance of RSA remains high only for values of α near zero.
We further evaluate this using the Fisher Exact Test. The
human data is significantly distinct (p < 0.025) from IBR and
RSA at any α, for depth 1 and 2. In contrast, RD-RSA is

In this work we have proposed a method for optimally designing reference game experiments and used it to tease apart
four models of pragmatic reasoning: the Grammatical model
and three Iterated Rationality Models (IRMs): IBR, RSA,
and RD-RSA. From these experiments, we found evidence favoring IRMs over the Grammatical model, and favoring RDRSA over RSA and IBR. These findings further support the
proposal that Rate-Distortion theory may help to explain human pragmatic reasoning (Zaslavsky et al., 2020), and suggest that our proposed optimal design framework can be used
to adjudicate models of pragmatic reasoning.
One limitation of our approach is the computational cost
of searching over possible inputs. While an exhaustive search
is feasible for low-dimensional binary lexicons, this is generally not tractable. In future work, approximate optimization methods may be used to help improve scalability (e.g.,
Ouyang, Tessler, Ly, & Goodman, 2018; Foster et al., 2019).
Another potential concern is a lack of interpretability of the
optimal lexicons identified by the OED approach. The space
of possible lexica is so large that an arbitrary lexicon may
not correspond to a well-known pragmatic phenomenon. We
acknowledge that the OED approach should be seen as a complement to a researcher’s judgement.
In future work, the general approach could be leveraged
not only to discriminate between established models (as illustrated here), but also to aid researchers in theory-building by
identifying points of disagreement between model variants.
Indeed, the approach can be applied at several scales of comparison: across model classes (Grammatical vs. IRM), within
a model class (IBR vs. RSA vs. RD-RSA), and even within a
single framework (e.g., speaker- vs. listener-initialized RSA).
This enables an objective comparison of models that are otherwise difficult to tease apart, facilitating a more systematic
empirical investigation of models of pragmatics.
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Abstract
Children increasingly rely on the internet for information. In
this study, children ages 7-10 (n=80) indicated whether a
human source or Google could answer questions involving
past, present, or future events, and which informant would be
better able to do so. Children indicated that Google could
accurately answer questions more frequently than the human
could, and they were least likely to indicate that either
informant could answer questions about the future. Children
selected Google as the better informant across all question
types, but they did so most frequently in the future condition.
Children’s responses also varied such that as the age of the
participants increased, they judged the person as less able to
answer questions about current events and Google as better
able to do so. Children believe that search engines can
accurately answer questions more often than a person can,
perhaps reflecting their exposure to digital learning
environments.
Keywords: children; cognitive
technology; Google; capacity; time

development;

internet;

Introduction
From asking a friend for help on a homework problem to
going online to find a cheat code for a favorite video game,
children seek out information from many different kinds of
sources. The internet now allows children to access more
information at faster speeds than ever before in human
history. Children are taking advantage of this access:
according to their parents, most American children ages 0-8
use the internet to watch educational videos, stay connected
with family and friends, and do their homework (Rideout &
Robb, 2020). However, despite their frequent internet use,
children may have difficulty discerning when the internet is
an appropriate information source. The current study
examines children’s evaluations of a human and internet
search engine’s capacity to provide accurate information
about the past, the present, and the future.

Children’s Information Seeking
Children are prolific question-askers, and they utilize
questions to understand unfamiliar phenomena they
experience in the world around them or to add detail to
existing ideas and concepts (Coughlin et al., 2014; Frazier et
al., 2009; Ronfard et al., 2018; Wellman et al., 2019). They
also prefer to ask questions of accurate, reliable, and familiar

sources (Harris et al., 2017; Mills et al., 2017). Children as
young as age 4 assign questions to informants based on their
expertise (Aguiar et al., 2014; Lutz & Keil, 2002) and, by age
6, children are sensitive to what kinds of questions should be
directed to others and what kinds of questions they can
answer on their own (Fitneva et al., 2013). Thus, children
consider multiple factors when making decisions about
information sources.
In addition to considering a potential informant’s epistemic
characteristics, children are sensitive to the kinds of answers
sources provide. In response to their questions, children
expect to receive answers that are explanatory and noncircular, and they revise their questions if an answer is
unclear (Frazier et al., 2009; Mills et al., 2017). However,
existing research on children’s question-asking patterns deals
largely with questions about stable facts, where the answer is
finite and relatively permanent, such as questions about
object labels (Corriveau & Harris, 2009; Fusaro et al., 2011).
Less is known about to whom or what children direct
questions about events that are presently occurring or that
will occur in the future. Although by age 6, children are
capable of thinking about the future and understand that
future events have not yet occurred (Zhang & Hudson, 2011),
they may find it particularly challenging to identify
information sources about future events. Moreover, children
now have to navigate between many different kinds of
sources, including internet-based devices that have greater
computational capacity and access to a broader set of
information than any person.

Children’s Internet Use
Ninety-eight percent of American children from birth to age
8 live in a home with internet access (Rideout, 2017) and
many children are exposed to internet-based devices like cell
phones beginning in infancy (Harrison & McTavish, 2018).
The majority of American parents believe that understanding
how to use the internet from a young age is beneficial for their
children (Vittrup et al., 2016), and they report engaging in coviewing and navigating the internet together with their young
children (Rideout & Robb, 2020).
American children as young as age 4 report that they use
internet-based devices, like smart phones or tablets, to play
games and watch videos (Eisen & Lillard, 2017). However,
they do not necessarily see these devices as information
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sources. In fact, not until around age 7 do American children
begin to prefer information derived from the internet or an
internet-based source over information derived from a human
informant for general knowledge information (Danovitch et
al., 2015; Girouard-Hallam & Danovitch, 2022). This is also
the age at which they begin to recognize that internet-based
devices may not be the best informant, and that a person can
more readily know personal information about another
person than a device can (Girouard-Hallam & Danovitch,
2022). However, children may still struggle to find
information successfully using internet search engines,
sometimes failing to formulate an intelligible search query at
all (Dodge et al., 2011). They may also ask internet-based
devices like voice-assistants to search for information not
readily available on the internet (e.g., information about
themselves; Yarosh et al., 2018), or look for information in
the wrong place (Druin et al., 2010). Additionally, although
they show decreased trust in an internet source when it is
explicitly inaccurate (Wang et al., in press), children as old as
10 can have difficulty independently identifying
misinformation online (Einav et al., 2020). Thus, children
may struggle to understand when the internet can provide
accurate answers to questions and when it cannot.
Children’s difficulty evaluating the internet as an
information source may stem from the fact that they do not
understand the basic structure of the internet as a network of
networks, with malleable interfaces or websites, until at least
age 11-12 (Yan 2005, 2006, 2009). Additionally, children
and adults typically describe the internet in terms of familiar
physical devices (e.g., smartphones or computers) that use the
internet (Brodsky et al., 2021). Given how frequently adults
use Google (Purcell et al., 2012), children are likely to be
familiar with it as a means of obtaining information. By
measuring children’s judgments about Google’s ability to
answer different kinds of questions and asking them why they
think Google can or cannot answer certain questions, the
current study provides insight into how 7-10 year old children
understand the informational capacities of the internet.

Current Study
The current study examines children’s judgments about the
capacity of an internet source (i.e., the Google search engine)
to answer questions about past, present, and future events.
We investigated children’s intuitions about Google’s ability
to answer questions relative to a person because these
intuitions have an impact on children’s information gathering
in an increasingly digitized era. The majority of American
children engaged in online learning in 2020 (McElrath, 2021)
and 94% of middle school students cite the internet as a tool
for completing school projects (Auxier & Anderson, 2020).
Furthermore, although children ages 7 to 9 experience
difficulties related to spelling and question formation when
performing Google searches (Druin et al., 2010), they prefer
the internet over a teacher or peer for questions about
historical or scientific facts (Wang et al., 2019). Children’s
trust in the accuracy of the information obtained from the
internet is by no means universal (Danovitch et al., 2015;

Wang et al., 2019) and, in some cases, it may even be
misguided (Einav et al., 2020; Guerrero et al., 2020). Thus,
understanding when and why children turn to Google for
information can elucidate how children treat technological
informants that are increasingly accessible, but also
inherently different from traditional human sources.
The current study explores children’s intuitions about
human and technological informants in conjunction with the
timeliness of the information being sought. Children
understand that some information is time-dependent, and
some information is stable across time. In a study of 4 to 8year-old children, children age 6 and older preferred to
consult a technological source (in this case, an iPad
connected to the internet) over a book for information about
time-dependent events like the weather (Eisen & Lillard,
2016). However, they did not show this preference when
seeking popular culture information that was stable across
time (e.g., the score of yesterday’s football game). These
results suggest that by age 7 children may think that an
internet search engine (i.e., Google) is more capable than a
person of providing information about events that are
happening today and potentially changing from moment to
moment. In contrast, they may believe that both a person and
Google can answer questions about events that happened
yesterday, if they view those events as general knowledge.
For questions about events occurring in the near future (i.e.,
tomorrow), however, children may struggle to judge whether
Google or a human could provide an accurate answer.
To gain a better understanding of the basis for children’s
judgments, children were prompted to explain why one
source would be better than the other at answering each
question. We predicted that, when children selected Google,
they would focus on Google’s ability to store information
across time. In contrast, when children selected the person as
the better source, we predicted that their explanations would
focus on the person’s physical and/or perceptual capacity to
directly experience the events in question (e.g., the ability to
go to the beach) or to gain expertise on the event’s subject
(e.g., to be a member of the team playing in the game).
Children value an informant’s perceptual access (Nurmsoo &
Robinson, 2009), and may therefore doubt Google’s capacity
to obtain certain types of information since it cannot directly
experience an event.
Our study included participants ages 7 to 10. By age 6,
children have a nuanced understanding of mental timelines
and can place multiple events sequentially when evaluating
events from the past, present, and future, particularly when
those events occur closer in time (e.g., yesterday, today, and
tomorrow) rather than further apart (e.g., last week or last
month; Hudson & Mayhew, 2011; Zhang & Hudson, 2011).
They also have a clear understanding of the difference
between technological artifacts and living kinds (Jipson &
Gelman, 2007), so they should be capable of differentiating
between the two sources in this study. Children ages 7 and
higher are familiar with the internet, and they are likely to
have interacted with the internet at home (Rideout & Robb,
2020). That said, to ensure their familiarity with Google, we
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also asked children about their experience using Google to
obtain information.

Method
Participants
Participants were 80 children (39 girls, 41 boys) ages 7 to 10
(M = 8.96, SD = 1.47). Three additional participants were
excluded due to technological problems and another nine
children were excluded because they were unable to complete
the inclusion task.
Following Murayama et al.’s (2022) method, we
performed a two-tail, one sample t-test a priori power
analysis in G*Power (Faul et al., 2007) as a proxy for
determining group sample size for a multilevel model. Using
d = .32 (based on Girouard-Hallam & Danovitch, 2022), the
group sample size at power = .80 is 79. Thus, we had
adequate power to proceed with the planned multilevel
models.
Participants were recruited through social media
advertisements
and
http://childrenhelpingscience.org.
Approximately 84% of participants were identified by their
parents as White, 6% as Asian-American, 4% as
Black/African-American, and 6% were identified as
belonging to two or more races. Ninety percent of
participants were identified as non-Hispanic, 7% as Hispanic,
and ethnicity information was not provided for 3% of
participants. Seventy-nine children were living in the United
States and one child participated from India.

Procedure
The study took place over a Zoom video-call.
Time Inclusion Task
In order to ensure that children understood time-related
language, participants were asked to order three events on a
timeline. These events occurred in the past (e.g., Tom rode
his bike yesterday), the present (e.g., Mary is playing with
blocks today), and the future (e.g., Grace will listen to music
tomorrow). Only children who correctly ordered all three
events based on the terms “yesterday,” “today” and
“tomorrow” were included in the study.
Introduction to Google
The experimenter described Google as “a search engine,
which is something that uses the internet in order to answer
questions about different things. If you have a question, you
can “Google” it. You do this by typing a question into a box
on the screen. After you’ve typed in your question, you can
press a button that says “Google Search”. Google then
searches the internet for websites that might have the
answer.” This description was accompanied by images of the
Google search screen and a sample search output screen (i.e.,
list of websites).

Informant Evaluation Task
Children were instructed to listen to questions posed by
fictional people that were divided into three categories with
two items each: past, present, and future events. Questions
about past events included the word “yesterday” (e.g., “Tia
wants to know what time the store opened yesterday”),
questions about the present included the word “today” (e.g.,
“Sarah wants to know what the traffic is like on Hamilton
Road today”), and questions about the future included the
word “tomorrow” (e.g., “Hannah wants to know how many
babies will be born in the United States tomorrow”).
Questions items were designed to be answerable when paired
with any of the three time labels, and were piloted with 30
adults to ensure that adults believed they could be answered
by one of the sources. Questions were presented in one of two
counterbalanced random orders, and the time label associated
with each question was also rotated across three orders, for
six possible orders. After hearing the target question, children
were asked if Google could correctly answer the question
(yes/no), if a friend of the fictional person posing the question
could correctly answer the question (yes/no), and which
informant would have the better answer (Google or the
friend) and why. If children initially indicated that neither
informant could answer the question, they were still asked to
choose which one would have the better answer, and why.
Information Stability Task
After the informant evaluation task, children indicated
whether different types of information could change from one
day to the next for four items. Two items involved unstable
information (e.g., “It was cloudy in Indiana today. Could the
weather be different in Indiana tomorrow?”) and two items
involved stable information (e.g., “This giraffe has brown
eyes. Could the giraffe’s eye color be different tomorrow?”).

Justification Coding
Justifications were transcribed and coded into six categories:
knowledge, access to information, prediction ability,
accuracy, ability to directly experience an event, and
efficiency (see Table 1 for full coding scheme and examples).
Responses that were irrelevant or inaudible were not
included. Two coders analyzed half of participants’ responses
with 98% interrater agreement (kappa for all categories =
.891). The second half of the data was then coded by one of
the two initial coders.

Results
Preliminary analyses did not reveal significant effects of
order or gender, so these variables were excluded from
further analysis. Children’s responses to the Information
Stability task were nearly all at ceiling (76 participants
answered all questions correctly, and the remaining 4
participants missed only one item) so this measure was also
excluded from analyses.
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Table 1: Justification codes and examples.
Code
Knowledge
Information
Access
Prediction
Capacity

Example
“Google knows about everything.”
“Google is hooked up to the internet…so it
can…see what the traffic is like.”
“Maybe Google…will gather up enough
information to make an almost accurate
prediction of how many people will come.”

Direct
Experience
Accuracy

“Because Beth can go to the beach and
count the number of people.”
“Google is normally more accurate than a
lot of people.”
“Google is more efficient than a person
looking outside.”

Efficiency

There was also a significant two-way interaction between
Age and Informant, B = 0.70, 95% CI [0.19, 1.22], p = 0.007,
d = .18, which was subsumed by a significant three-way
interaction between Age, Informant, and Question Type, B =
-0.75, 95% CI [-1.49, -.01], p = 0.049, d = .14. These
interactions were driven by differences between judgments
regarding questions about past events and present events (see
Figure 1). Although children’s evaluations of each
informant’s capacity to answer questions about past events
did not vary with age, older children were more likely than
younger children to indicate that Google could answer
questions about present events, and less likely to indicate that
the person could do so.

Informant Evaluations
To examine the effects of age, informant, and question type
on children’s judgments, we developed a generalized linear
mixed model (GLMM) using the glmer function with the
BOBYQA optimizer in the lme4 package (Bates et al., 2015)
in R version 4.0 (R Core team, 2020). The fixed effects in the
model were informant (human or Google) and question type
(past, present, future), and child age (centered at its mean),
was included as a continuous predictor. The model also
included 2-way and 3-way interactions between informant,
question type, and age, and random intercepts for child and
item. Random intercepts were added one a time to the base
model (Informant x Question Type x Age) until a model that
was parsimonious and explained the most variance was
reached. A logit link function was used because the
dependent variable was binary. Note that we explored
including children’s familiarity with search engines in the
model but found that this factor did not significantly improve
model fit, due to the high level of familiarity (92% of
participants had either used a search engine themselves or
watched someone else use one). The function “lme.dscores”
in the EMAtools R package (Kleiman, 2017) was used to
generate Cohen’s d values for the significant main effects and
interactions. Additionally, chi square values for the overall
model and main effects are included.
In the final model, children’s endorsements differed by
informant, χ2(6) = 222.86, B = 2.34, 95% CI [1.74, 2.95], p
< .001, d = .60, where children were generally more likely to
say that Google could answer the question than they were to
say that the person could answer the question. There was also
a significant main effect of question type, χ2(8) = 72.74,
where children were generally more likely to believe that
questions about the past could be answered more often than
questions about the present (B = -0.59, 95% CI [-1.00, -0.18],
p = 0.005, d = .21) and that questions about the past (B = 1.64, 95% CI [-2.06, -1.22], p < .001, d=.56) and the present
(B = -1.05, 95% CI [-1.45, -0.65], p < .001, d = .54) could be
answered more often than questions about the future,
regardless of informant.

Figure 1: Mean attribution of capacity for Google and the
person across Age. CIs are indicated around regression lines.

Forced Choice Trials
To examine the effects of age and question type on children’s
identification of Google as better at answering the question
than the human informant, we developed a generalized linear
mixed model (GLMM) in the same way as the Evaluation
trials. The fixed effects in the model were question type (past,
present, future) and child age (centered at its mean), which
was included as a continuous predictor. The model also
included 2-way interactions between question type and age,
and random intercepts for child and item.
In the final model, children’s rates of selecting Google as
the better source differed with question type, (χ2(4) = 10.18),
where children were more likely to indicate that Google
would be better than a person at answering questions about
the future (M = .86, SD = .39) than for answering questions
about the past (M = .81, SD = .38), B = 0.73, 95% CI [0.25,
1.21], p = 0.003, d = .17. Children’s forced-choice responses
for questions about the present (M =.83, SD = .41) did not
significantly differ from the past or future conditions. There
was also a significant main effect of age, B = 0.60, 95% CI
[0.14, 1.06], p = 0.011, d = .32, where children’s choice of
Google increased with age. There were no significant
interactions between age and question type.
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Justifications
Children who chose Google as the superior information
source (402 of 480 trials, with less than 1% coded as
irrelevant or no response) focused on its access to
information, with the largest proportion (49%) of responses
relating to information access. Children frequently cited
Google’s ability to reference the internet and internet-based
sources like websites, social media, and YouTube videos.
They also cited the ability of experts (e.g., scientists) and
laypeople (e.g., mothers) to put information onto the internet,
and Google’s ability to access information that updates in real
time (i.e., as a game is being played). Twenty-three percent
of responses focused on Google’s knowledge and, at times,
children ascribed near-omniscience to it (e.g., “Google
knows nearly everything”). Responses more rarely
referenced Google’s accuracy (7%) or its efficiency (8%),
and they often did so in conjunction with responses citing
information access or knowledge. In contrast to children’s
responses when they chose the person (see below), children
never referenced Google’s ability to directly experience
something as a reason for choosing it. Moreover, for
questions involving the future, 26% of responses referenced
Google’s ability to predict events by drawing from previously
available information.
In some cases, children who chose Google referenced
limitations related to the person in their justifications. Nearly
25% of responses from children who chose Google
referenced the person’s lack of experience, with many
children saying that “if the person could be there, then she
could know.” Nine percent of responses from children who
chose Google also referenced the person’s lack of knowledge
and 9% stated that the person would have no information
access. Some children even mentioned that the person would
probably need to consult Google to find the answer. Finally,
justifications for choosing Google rarely cited the person’s
lack of accuracy (4% of trials) or their inability to make
predictions (5%).
Overwhelmingly, children who selected the person (78 of
480 trials; 1% irrelevant/no response) justified their choice
by citing the person’s ability to directly experience
phenomena. Over 73% of responses from children who chose
the person referenced that the person could directly engage in
activities relevant to answering the question (e.g., going to a
game). Moreover, 8% of responses indicated that Google
could not experience an event and therefore could not
accurately provide an answer about what was happening
during that event. Children also referenced Google’s
limitations in relation to information access in 17% of trials.
For example, some children felt that although Google could
update its information, it could not do so frequently enough
to make up for gaps in experience (e.g., “If Tia is at the game
she could see the score right away, but Google might not have
updated yet.”)
To compare justifications by age, individual independent
chi square goodness of fit tests were conducted between two
age groups (7-8-year-olds and 9-10-year-olds). The results
suggested that younger children more frequently ascribed

intelligence to the informants (χ 2 = 6.43, p = .011). Older
children more frequently referenced the information access
of the informant than younger children (χ 2 = 5.25, p = .021).
Older children were also much more likely to reference the
potential accuracy of the informant when giving a
justification (χ 2 = 28.17, p < .001).

Discussion
The current study explored children’s evaluations of the
Google search engine and a person’s capacity to answer
questions about past, present, and future events. Children had
consistent intuitions about both informants’ capacity to
answer questions about past events, regardless of their age.
Children endorsed Google’s capacity to answer questions
about the past nearly 2/3rds of the time, but they endorsed the
capacity of the person on only about half of trials. These
findings suggest that by age 7, children view the the search
engine as more capable than the person. Likewise, when
children were forced to choose between informants, they
overwhelmingly selected Google as the better source of
answers to questions about the past. Children as young as age
4 prefer to ask for information from familiar internet-based
devices (Wojcik et al., 2021). Children’s preference for
technological informants may therefore extend from internetbased devices such as voice assistants to internet search
engines.
Children’s responses to questions about the present
significantly differed from their responses to questions about
the past and they also varied with age. Older children
indicated that Google could accurately answer questions
about the present more frequently than younger children did,
and they also indicated that the person could answer these
questions less frequently. This pattern of responses may
relate to the fact that the items in this study involved current
events that continuously update (e.g., the score in an ongoing
sports game) and older children may have been more
sensitive to the changing nature of this type of information
than younger children. Although 7-year-olds know that a
person may hold false beliefs when information updates
without the person’s knowledge (e.g., Liu et al., 2008) and
they can update their own beliefs in response to new
information (Schlottmann, 2017; Schlottmann & Anderson,
1995), children’s ability to update their own beliefs (Hagá &
Olson, 2017) and use new evidence to modify their reasoning
(Schauble, 1990) is still improving between ages 7 and 10.
By extension, younger children may be more willing than
older children to trust a person’s ability to know about a
current event because they may think less about how the
information might change from moment to moment. Future
research should further explore these possibilities.
Additionally, because younger children use the internet
less than older children (Rideout & Robb, 2020), older
children may view the internet as a broader resource that
includes information about present events. Young children do
not recognize that internet-based devices, like iPads, can be
useful for information about current events like the weather
until age 6 (Eisen & Lillard, 2016), and this understanding
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may continue to develop with age. Judgments about the
internet’s scope may be particularly important when
considering current events because, unlike with information
about the past, to provide answers about current events, the
internet must contain more information than facts that can be
referenced (i.e., it must also contain constantly updating
information). Children’s prior experience with the internet
and their beliefs about its scope may have in turn impacted
their choices in the forced choice condition, such that older
children chose Google as having the better answer more often
than younger children.
Finally, children were less likely to indicate that a person
and Google could provide an accurate answer for questions
involving future events than for questions involving past or
present events. This finding suggests that they are more
skeptical of an informants’ ability to prognosticate than to
provide information about the past or present. Nevertheless,
children selected Google over the person for questions
involving future events significantly more often than for
questions involving past or present events. It may be that
when children are doubtful about either informants’ capacity
to provide the correct answer, they choose the technological
informant as having the better answer.
Although children’s skepticism around the ability of both
people and Google to answer questions about the future may
be unsurprising, children often justified Google’s ability to
predict a future event in terms of its superior access to past
information relative to the person. For example, one child
explained that “Neither of them can be exact, but only Google
can search how good the team is so far and do it with the other
team to see which one is better, and then say that one will
probably win.” This response suggests that children think
about an informants’ ability to access information about the
past in order to inform predictions about the future. Thus,
children not only consider the predictive power of both
sources, but they also find technological sources to be better
at prediction than people.
Another recurring theme in children’s justifications
involved direct and indirect access to information. Google is
not a primary source; it is a tertiary one. Children often stated
that one of Google’s advantages is its ability to access other
entities such as news websites or weather apps. The
perception that experts use websites or apps to provide
information may also explain why children more frequently
chose Google as the better information source. For instance,
in their justifications, some children said that scientists and
weathermen put information on the internet that Google
could access. However, children also value an informant’s
capacity for direct observations (Nurmsoo & Robinson,
2009). Children who chose the person as the better source
often believed that the person would have direct experience
with an event, suggesting that some children may favor direct
experience over indirect access to information. Children’s
understanding that a person might be a better informant than
the internet because of a person’s ability to experience
something (such as whether something tastes good) should be
further explored. Moreover, the age-related differences in the

forced choice task suggest that younger children valued the
person’s capacity for direct experience more than older
children did. Although recent research suggests that children
have some understanding of when an internet-based device is
an appropriate source of information and when it is not
(Girouard-Hallam & Danovitch, 2022), further research
should explore the relation between children’s judgments
about informants’ abilities to answer questions when a
technological source’s indirect access to information and a
person’s direct experience are compared, and whether
children recognize when a piece of information is more likely
to have come from the internet as opposed to a person.
The current study has several limitations. Because children
participated via Zoom, they were likely to have previously
been exposed to the internet, and to have regular access to the
internet in their homes. Children who have less experience
using the internet would potentially be more likely than the
children in the current study to attribute accuracy to the
human informant (a more familiar source of information) and
less likely to attribute accuracy to the technological informant
(a less familiar source). Additionally, there was a small effect
size for the finding that children’s intuitions about an
informant’s capacity to answer questions about present
events and past events differed. Further research is needed to
elucidate the developmental trajectory of children’s
recognition that answers to certain questions can change from
moment to moment and how it relates to how they evaluate
potential sources.
Taken together, our findings suggest that children view the
Google search engine as a reliable information source, even
for challenging questions like predicting a future event.
Moreover, in the absence of explicit information about either
informants’ epistemic traits, children were more likely to
endorse a technological agent’s ability to answer questions
than a person. Their justifications suggest that some children
view information access and knowledgeability as inherent
characteristics of a search engine, although their
understanding of how these characteristics shape Google’s
ability to provide information about current events may still
be developing during the elementary school years. Our
findings also suggest that children may have more difficulty
evaluating informants’ capacity to provide unstable, transient
information than the stable information typically involved in
selective trust research. Furthermore, given how frequently
children in our study believed Google could provide accurate
answers, even to questions about future events, parents and
educators should consider guiding or co-viewing children’s
internet searches to ensure that children understand Google’s
capacities and limitations.
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Abstract
Do infants’ social evaluations privilege the outcomes of others’
actions, or the beliefs underlying those actions? In two
experiments, 8-month-old infants viewed a protagonist who
sought to grasp one of two toys, each inside a different box, as
two other agents observed. Then, while the protagonist was
away, the toys exchanged locations, either in the presence or
absence of the two other agents. Thus, the agents had either
true or false beliefs about the toys’ locations. When the
protagonist returned, one agent opened the box that now
contained the protagonist’s desired toy, whereas the other
opened the box that previously contained that toy. When agents
had true beliefs about the desired toy’s location, infants
preferred the agent who opened the box containing that toy.
When agents had false beliefs about that location, infants
instead preferred the agent who opened the opposite box. Thus,
infants' social evaluations privilege agents’ beliefs.
Keywords: theory of mind; social evaluation; cognitive
development; infancy

Introduction
To cooperate, communicate, and interact with others
effectively, people cannot just focus on their own mental
states or on what they know of reality; people must make
sense of others’ minds and recognize when others hold false
beliefs: representations of the world that differ from their own
and from the true state of the world. An understanding of
others’ minds is critical to moral cognition, enabling adults to
distinguish between someone who harms intentionally, and
someone who does so accidentally, guided by a false belief
(Young et al., 2007). The present experiments aim to examine
whether preverbal infants engage in such mentalistic,
intention-based evaluation of agents who act on false beliefs.
Decades of research have revealed that young children
often struggle in verbal tests of false-belief understanding.
Until about 4 years of age, children claim that an agent will
look for a desired toy in its current location, even if the agent
had no way of knowing it had moved from the location where
the agent had last seen it (Wellman et al., 2001; see also,
Baron-Cohen et al., 1985; Wimmer & Perner, 1983). If young
children fail to understand others’ false beliefs, then they may
struggle to differentiate intentional and unintentional moral
actions, when the latter are guided by false beliefs (Killen et
al., 2011).
In contrast to the findings of verbal tests, a body of
experiments has provided evidence that young children and
toddlers demonstrate sensitivity to others’ mental states in

nonverbal versions of classic false-belief tests (Buttelmann et
al., 2009; Clements & Perner, 1994; Onishi & Baillargeon,
2005; Rhodes & Brandone, 2014; Southgate et al., 2007; see
also, Scott & Baillargeon, 2017). In one such experiment,
Onishi and Baillargeon found that 15-month-old toddlers
looked longer when an agent looked for a desired object in
the location where it had moved to in her absence, rather than
the location where she had last seen it (i.e., where she false
believed the object to be). These findings suggest that
toddlers expected the agent to act in a way consistent with her
false belief.
There are two reasons, however, to believe that early,
nonverbal abilities to reason about false beliefs are fragile at
best. First, there have been multiple failures to replicate
findings of false-belief understanding in toddlers, both by
independent groups (Crivello & Poulin-Dubois, 2018; Powell
et al. 2018; Wiesmann et al., 2018; Yott & Poulin-Dubois,
2016; Poulin-Dubois et al., 2018; see also, Baillargeon et al.,
2018) and by one of the original groups to report these
findings (Kampis et al., 2021). In contrast, independent
groups have found consistent evidence for toddlers’ ability to
reason about states of knowledge and ignorance (see Holland
& Phillips, 2020). Thus, evidence for false-belief
understanding is more difficult to replicate than is evidence
for understanding of other mental states, in nonverbal tests on
toddlers. Second, whereas evidence for false-belief
understanding has mostly come from toddlers in the second
year, there is evidence for an understanding of knowledge
and ignorance in infants in the first year (see Phillips et al.,
2020, for review). Thus, false-belief understanding may
emerge later in development than an understanding of
knowledge and ignorance.
Most past work, however, has focused on minimally social
contexts in which a single agent acts on inanimate objects for
its own benefit. This research therefore has not presented
infants with the more strongly social contexts that encourager
mental state inferences. A large body of research suggests
that infants are sensitive to social contexts at young ages.
Infants preferentially look to and reach for agents who help
others over agents who hinder others as early as 3 months of
age (Hamlin et al., 2007, 2010; Hamlin & Wynn, 2011).
Moreover, by late in the first year, infants’ social evaluations
are sensitive to states of ignorance and knowledge (Hamlin et
al., 2013; Woo et al., 2017). Finally, by 15 months of age,
toddlers demonstrate sensitivity to the intentions of agents
who act on false beliefs (Woo & Spelke, 2022). This research
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A Experiment 1: True Belief

B Experiment 1: False Belief

C Experiment 2: True Belief

D Experiment 2: False Belief
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Figure 1: Events presented to infants in Experiments 1 (A, B) and 2 (C, D). In familiarization events, the bear protagonist
repeatedly grasped a particular toy in one of two boxes, as two rabbit puppets were present on stage to observe. In the toyswitch event, a pair of hands moved the bear’s desired toy to the other box, and put a different toy in the original box that the
bear had entered, either as the rabbits were present (A, C) or absent (B, D) to observe. The hands then closed the box. In the
final events, each rabbit opened a different box.
stands in contrast to failed attempts to replicate findings of
false-belief understanding in nonverbal tests, and suggests
that infants and toddlers may be more sensitive to others’
false beliefs in contexts in which agents act for others’
benefit.
The present experiments test whether 8-month-old infants
privilege the intentions of social agents who act on false
beliefs. We tested 8-month-old infants, because they
demonstrate preferences for helpful individuals in the
paradigm that we adapted, when all agents act on true beliefs
(Woo & Spelke, 2021). Moreover, infants at this age
demonstrate sensitivity to intentions in situations in which
agents attempt but fail to help or to harm others (Hamlin,
2013).
We adapted the methods of Woo and Spelke (2022), who
studied 15-month-old toddlers, for the present experiments
on 8-month-old infants. In two experiments, we familiarized
infants to displays depicting a bear protagonist who
repeatedly jumped into one of two differently colored, open
boxes, each containing a different toy, and they consistently
grasped that toy (see Fig. 1). During this action, two rabbits
stood on the sides of the stage, witnessing the bear’s
consistent choice of one toy. Then, while the rabbits were
either present or absent, two hands entered the stage,
switched the boxes’ contents, and closed the boxes. Thus, the
bear’s desired toy was now in a new box, and a non-desired
toy was in the original box that the bear had entered.
Importantly, the boxes were opaque, so the rabbits could only
have known that the switch had occurred if they were present
to observe it. If the rabbits witnessed the switching of the toys
(Figs. 1A and 1C), a rational observer could infer that they
held true beliefs about the contents of the boxes. If they were
absent during the switch (Figs. 1B and 1D), a rational
observer would instead infer that they had false beliefs about
the contents of the boxes.

In the final events, the bear returned and jumped between
the boxes. One rabbit opened the original box, even though
the toy inside was now different: a neutral outcome for the
bear. The other rabbit opened the box that newly contained
the bear’s desired toy: a positive outcome for the bear.
Infants then saw the two rabbits in a preferential looking
choice test.
To assess infants’ preferences between the two rabbits, we
presented infants with a preference test based on their socially
guided looking (after Hamlin & Wynn, 2011; Hamlin et al.,
2010). While the two rabbits appeared side by side, a friendly
voice called to the baby, encouraging the baby to engage with
the rabbits and asking, “Who do you like?” If infants are not
sensitive to the false beliefs of social agents, then they may
evaluate the agents based on the outcomes of their actions,
and look more to the rabbit who causes a positive outcome,
regardless of the rabbits’ beliefs. In contrast, if infants
privilege the intentions of agents acting on false beliefs, then
they should look more to the rabbit whose actions were
guided by positive intentions. Thus, infants should prefer
looking to the rabbit who caused a positive outcome when the
rabbits had true beliefs about the outcomes of their actions,
and to the rabbit who caused a neutral outcome when the
rabbits had false beliefs about the outcomes of their actions.

Experiment 1
Method
Hypotheses, methods, and analysis plans for both
Experiments 1 and 2 were preregistered on the Open Science
Framework. All preregistration documents and stimuli can be
found at https://osf.io/2jzpq/.
Participants Forty-eight full-term 8-month-old infants
contributed data to this experiment (24 girls; mean age: 7.99
months; range = 7;9 to 8;27). An additional 2 participants
began the experiment but were excluded due to poor
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participant video quality (n = 1) and inattentiveness (n = 1).
Experimenters who were unaware of the events infants saw
determined exclusions using preregistered criteria. For all
studies, participants were tested with informed consent by
caregivers.
Our sample size was based on power analyses over pilot
data collected with 8-month-old infants in the True Belief
Condition, previously collected data with 8-month-old
infants in an experiment using methods similar to the True
Belief Condition (Woo & Spelke, 2021), and previously
collected data with 15-month-old toddlers that inspired the
present experiments (Woo & Spelke, 2020).
Displays Each infant viewed 6 familiarization events, 1 event
in which toys switched positions, 4 final events, followed by
a single 30-second social preference test. The first 11 events
depicted two opaque boxes (one blue, one green), and two
toys (one blue, one green) that were inside the boxes. Events
are outlined below (see Fig. 1). In familiarization and the
final events, infants saw the video loop four times per event.
Familiarization events began with two rabbits (one wearing
a pink shirt, one wearing a yellow shirt) sitting at a stage’s
rear corners, and two open boxes (one blue, one green), each
with a toy of the same color inside. At the start of each event,
a bear puppet (the protagonist) jumped onto the stage in
between the boxes, and jumped directly into a box to grasp
the toy inside.
In all 6 familiarization events, the protagonist always
approached and jumped into the same box to grasp the toy
inside, demonstrating that it had a preference for that toy.
Between familiarization events, the two boxes switched
locations. Thus, the box and toy that the protagonist
approached appeared alternately on the left and the right.
After familiarization, while the protagonist was away from
the stage, infants saw a single toy-switch event in which a
pair of hands entered the stage from behind and switched the
toys. Thus, the original box that the protagonist had jumped
into now contained a different toy, and the other box now
contained the toy that the protagonist had consistently
grasped. The hands then closed the boxes. In the True Belief
Condition (Fig. 1A), the rabbits were present to observe the
change of the toys’ locations, and could be attributed with
knowledge of the switch. In the False Belief Condition (Fig.
1B), the rabbits were absent, and therefore could instead be
attributed with ignorance that the switch has happened, and a
false belief about the box that contained the desired toy.
In the 4 final events, the two rabbits began sitting at the
stage’s rear corners, as in familiarization. The boxes were on
stage as at the end of the toy-switch event, both closed. At the
start of each final event, the protagonist jumped onto the stage
at the center, and jumped up and down as though calling for
attention. In alternating events, one rabbit moved forward to
open the original box that the protagonist had approached,
even though the toy inside was now different, and the other
rabbit moved forward to open the new box that contained the
toy that the protagonist had previously chosen. The social
preference test, presented the two rabbits with no boxes

during a 30-second period in which a socially engaging voice
called to the infant and asked “Who do you like?” A 30second period has been used in past work probing infants’
social evaluations using preferential looking measures (e.g.,
Hamlin & Wynn, 2011; Hamlin et al., 2010; Woo & Spelke,
2021).
Procedure Data collection occurred during the COVID-19
pandemic, and took place over Zoom video calls. Infants sat
on their caregivers’ laps or in highchairs, and viewed displays
on laptops (n = 44), phones (n = 2), a desktop (n = 1), or a
tablet (n = 1). Caregivers were instructed to sit quietly and
not influence their infants, and to look away from displays in
the toy-switch and final events.
We probed infants’ evaluations by measuring their
preferential looking to the rabbits, following all events.
Before presenting the rabbits, we used attention grabbers to
obtain reference points for coding. We then recentered each
infant’s gaze using an attention grabber. Next, the two rabbits
appeared on opposite sides of the screen and moved to a
prerecorded voice saying “Hi! Look! Who do you like?” three
times, once every 10 seconds over a 30-second period. An
experimenter, who was unaware of condition and of the
events that infants had seen, coded the videos of infants in
this looking preference test to determine how much time
infants spent looking at each rabbit. Based on these times, we
calculated the proportion of time infants spent looking at the
rabbit with positive intentions.
A second experimenter, who was unaware of the
experimental condition and of the events, coded a randomly
selected 25% of infants. For the preference test, the intraclass
correlations between the two coders’ looking times were 0.98
(95% CI[0.96, 0.99]) for both left- and right-looking.
Counterbalancing The following were counterbalanced
across infants: the color of the toy and box that the
protagonist approached in familiarization, the side of the
rabbit with positive intentions throughout events, the order in
which the rabbit with positive intentions acted in the final
events, and the color of the rabbit with positive intentions.

Results
Preregistered Analyses All reported p-values are two-tailed.
In both experiments, for the two conditions, we first
calculated the proportion of time infants looked at the rabbit
who provided access to the preferred toy during the social
preference test. We ran a one-sample t-test to determine
whether the proportion of time looking at the rabbit who had
positive intentions differed from 50% within each condition.
In Experiment 1’s True Belief Condition, infants looked
more to the rabbit who caused a positive outcome, guided by
positive intentions (meanpositive-outcome, positive-intention % = 55.0%,
95% CI [51.6%, 58.3%], SD = 7.8%, one-sample t(23) = 3.11,
p = .004, d = 0.63). In the False Belief Condition, by contrast,
infants looked more to the rabbit who opened the original box
that the protagonist had jumped into, even though the toy
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A Exp. 1

*β = 0.43

positive intentions in both conditions, even when that rabbit
had produced a neutral outcome when the rabbits had not
observed the switch in the toys, and therefore held a false
belief about the contents of the boxes.
To facilitate infants’ tracking of the rabbits’ actions, the
rabbits appeared and acted in constant positions in
Experiment 1. On each of the final events, then, the rabbit
could be attributed with choosing whether to act, but not as
strongly attributed with choosing where to act, given that
each rabbit acted on the box that was closest to it. Infants
nevertheless formed preferences between the rabbits under
these circumstances, providing evidence that the infants
were sensitive to the rabbits’ choice of whether or not to
open a box. In Experiment 2, we replicated the present
findings in a situation in which the rabbits more clearly
chose which of the two boxes to act upon.

B Exp. 2

**β = 0.58

*β = 0.55

**β = 0.86

Figure 2: Results in Experiments 1 and 2. Graphs depict the
mean time each infant looked to each rabbit by condition in
the social looking preference test. Red diamonds indicate
means and connected dots indicate data from individual
toddlers. Horizontal lines within boxes indicate medians,
boxes indicate interquartile ranges, and whiskers indicate
1.5 times the interquartile range. The beta coefficients (β)
indicate standardized effect sizes. Across panels, asterisks
indicate significant differences (*p < .05, **p < .01).

Experiment 2
Method

inside was now different (meanneutral-outcome, positive-intention % =
57.4%, 95% CI [51.7%, 63.2%], SD = 13.5%, one-sample
t(23) = 2.71, p = .012, d = 0.55). Preferences based on
outcomes differed significantly between conditions (twosample t(36) = 3.90, p < .001, d = 1.12).
Exploratory Analyses Our preregistered analyses were
based on analyses of proportions. In exploratory analyses on
raw looking time in the choice test, we found converging
results. We ran an exploratory mixed-effects model, in which
the dependent variable was time looking at a target; the fixed
effects were the outcome caused by a rabbit (NeutralOutcome = -0.5, Positive-Outcome = 0.5), condition (True
Belief = -0.5, False Belief = 0.5), and the interaction; and
there was a random intercept for participant ID. Fixed effects
were centered.
Whereas neither outcome nor condition alone predicted
looking time (ps > .228), there was a significant interaction
of outcome and condition (β = -1.02, 95% CI of β [-1.59, 0.45], b = -4.35, t(48) = -3.48, p = .001). Posthoc pairwise
tests, correcting for multiple comparisons using Holm’s
method, revealed that infants in the True Belief Condition
looked longer to the rabbit causing a positive outcome
(meanpositive-outcome = 12.05 s, SD = 3.18 s) than to the rabbit
causing a neutral outcome (meanneutral-outcome = 10.17 s, SD =
3.59 s) (β = -0.43, b = -1.87, t(50) = -2.07, p = .043), and
infants in the False Belief Condition looked longer to the
rabbit causing a neutral outcome (meanneutral-outcome = 11.14 s,
SD = 4.84 s) than to the rabbit causing a positive outcome
(meanpositive-outcome = 8.66 s, SD = 4.69 s) (β = 0.58, b = 2.48,
t(50) = 2.75, p = .008).

Discussion
Experiment 1’s findings suggest that infants evaluated the
rabbits based on the rabbits’ intentions, rather than on the
outcomes that they caused. Infants looked to the rabbit with

Participants We had preregistered a sample size of 48 based
on power analyses over the data from Experiment 1. More
caregivers responded than we had anticipated, resulting in a
sample of 53 full-term 8-month-old infants (24 girls; mean
age: 7.88 months; range = 7;9 to 8;27). An additional 6
participants began the experiment but were excluded due to
inattentiveness (n = 4), equipment failure (n = 1), and
caregiver influence (n = 1).
Displays, Procedures, and Counterbalancing Displays,
procedures, and counterbalancing were the same in
Experiment 2 as those of Experiment 1, with one exception:
In the final events, only the protagonist and one of the rabbits
were present (see Figs. 1C and 1D). On alternating events,
each of the two rabbits now began positioned behind the
protagonist, and thus, more clearly chose where to act and
which box to act upon. As in Experiment 1, one rabbit
consistently opened the box containing the desired toy, and
the other rabbit consistently opened the other box.
In Experiment 2, infants viewed displays on laptops (n =
46), desktops (n = 3), tablets (n = 2), or phones (n = 2).
In addition to a primary experimenter, a second
experimenter coded a randomly chosen 25% of infants’
preference tests. The intraclass correlations between the two
coders’ looking times were 0.90 (95% CI[0.73, 0.97]) and
0.91 (95% CI [0.75, 0.97] for left- and right-looking,
respectively.

Results
Preregistered Analyses In Experiment 2’s True Belief
Condition, infants looked more to the rabbit who caused a
positive outcome (meanpositive-outcome, positive-intention % = 56.2%,
95% CI [51.2%, 61.1%], SD = 12.4%, one-sample t(26) =
2.59, p = .015, d = 0.63). In the False Belief Condition, by
contrast, infants looked more to the rabbit who opened the
original box that the protagonist had jumped into, even
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though the toy inside was now different (meanneutral-outcome,
positive-intention % = 56.7%, 95% CI [51.5%, 61.9%], SD =
12.8%, one-sample t(25) = 2.67, p = .013, d = 0.52).
Preferences based on outcomes differed significantly
between conditions (two-sample t(50) = 3.72, p < .001, d =
1.02).
Exploratory Analyses As in Experiment 1, we examined
whether infants looked longer at the rabbit with positive
intentions, as in Experiment 1. The model specifications were
the same. Whereas neither outcome nor condition alone
predicted looking time (ps > .084), there was a significant
interaction of outcome and condition (β = -1.41, 95% CI of β
[-2.11, -0.73], b = -5.53, t(53) = -4.05, p < .001). Posthoc
pairwise tests, correcting for multiple comparisons using
Holm’s method, revealed that infants in the True Belief
Condition looked longer to the rabbit causing a positive
outcome (meanpositive-outcome = 10.50 s, SD = 3.35 s) than to the
rabbit causing a neutral outcome (meanneutral-outcome = 8.31 s,
SD = 3.27 s) (β = -0.55, b = -1.87, t(55) = -2.18, p = .029),
but that infants in the False Belief Condition looked longer to
the rabbit causing a neutral outcome (meanneutral-outcome =
16.18 s, SD = 4.69 s) than to the rabbit causing a positive
outcome (meanpositive-outcome = 11.09 s, SD = 2.99s) (β = 0.86,
b = 2.48, t(55) = 3.36, p = .018).

Discussion
Experiment 2’s findings replicated those of Experiment 1, in
a situation in which rabbits more clearly chose which box to
act on. These findings again are consistent with intentionbased evaluations based on false-belief inferences.

General Discussion
In two experiments, 8-month-old infants inferred the beliefs
of two agents about the location of a desired object, based on
whether agents were present or absent to observe a change in
the state of the world. Infants engaged in intention-based
evaluations of the agents, based on their inferred beliefs.
Specifically, infants preferred (i) an agent who produced a
neutral outcome when agents acted on false beliefs about the
outcomes of their actions, and (ii) an agent who produced a
positive outcome when agents acted on true beliefs about the
outcomes of their actions. In both conditions, the preferred
agent demonstrated an intention to produce the bear’s desired
outcome. Thus, infants privileged intentions over outcomes
in their evaluations, and demonstrated sensitivity to the
intentions and beliefs underlying the actions of the two social
agents.
The present findings are consistent with research on 15month-old toddlers (Woo & Spelke, 2022), on which the
present paradigms were based, but they are opposed by a
large body of research finding that young children focus on
outcomes, rather than intentions, in verbal tasks probing their
moral judgments. In contrast to the latter research, the present
findings contribute to a growing body of evidence that infants
and young children are sensitive to others’ intentions in social
contexts, in which an agent’s actions have potential

consequences for other agents (Hamlin, 2013; Hamlin et al.,
2013; Kanakogi et al., 2017; Woo et al., 2017). Here, the
rabbit with positive intentions could be seen as wishing to
help the bear, to match the bear’s preference, or both.
The present findings and those of Woo and Spelke (2020)
also stand in contrast to recent failures to replicate evidence
of toddlers’ sensitivity to agents’ beliefs in contexts in which
agents act for their own benefit (see Poulin-Dubois et al.,
2018). Moreover, whereas most positive evidence for
sensitivity to agents’ beliefs has come from studies of
toddlers in the second year, the present evidence is based on
studies of infants in the first year. Researchers have proposed
that sensitivity to agents’ beliefs may emerge in the second
year, long after the emergence of sensitivity to agents’ states
of knowledge and ignorance (Phillips et al., 2021). The
present findings challenge this idea, and suggest that
sensitivity to beliefs emerges earlier in infancy, when agents’
beliefs have social consequences.
Why might infants and toddlers be more sensitive to other
agents’ beliefs when studies probe social evaluations, rather
than predictions? One possibility is that infants may focus on
the beliefs and intentions of agents whose actions have social
consequences, because their beliefs can shed light on the
likelihood that an agent will later cooperate or act generously.
We look forward to research that more directly tests this
possibility by comparing infants’ and toddlers’ mental state
reasoning in contexts in which agents act either for their own
or for others’ benefit.
A second possibility is that demands may differ between
studies probing expectations vs. social evaluations. Studies
probing expectations depend on participants forming a
prediction about an agent’s future behavior. By contrast,
studies probing social evaluations do not involve such a
challenge. We look forward to research that more directly
probes how task demands relate to early, implicit false-belief
understanding.
In sum, in two experiments, infants considered the beliefs
of two agents. Infants viewed these agents as having
representations of the world that modulated their intentions,
and infants formed preferences for agents who had positive
intentions, regardless of the outcomes that those agents
caused. Such an early-emerging sensitivity to other agents’
beliefs and intentions may support children’s navigation of
the social world.
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Abstract
Models in cognitive science are often restricted for the sake of
interpretability, and as a result may miss patterns in the data
that are instead classified as noise. In contrast, deep neural
networks can detect almost any pattern given sufficient data,
but have only recently been applied to large-scale data sets
and tasks for which there already exist process-level models
to compare against. Here, we train deep neural networks to
predict human play in 4-in-a-row, a combinatorial game of intermediate complexity, using a data set of 10, 874, 547 games.
We compare these networks to a planning model based on a
heuristic function and tree search, and make suggestions for
model improvements based on this analysis. This work provides the foundation for estimating a noise ceiling on massive
data sets as well as systematically investigating the processes
underlying human sequential decision-making.
Keywords: neural networks; machine learning; sequential
decision-making; planning; behavioral modeling

Introduction
The standard approach to computational modeling in psychology involves handcrafting a model and specifying free
parameters that may be adjusted to produce behaviors consistent with empirical data (Busemeyer & Diederich, 2010;
Daw et al., 2011). Model predictions are then evaluated using the parameter values that achieve the best match to the
data. Based on these evaluations, the model is iteratively
amended to reduce remaining errors. Whether a specific
change is accepted or not is usually based on model comparison techniques, balancing the tradeoff between complexity and goodness of fit. While this methodology yields interpretable models because all innovations are implemented
by the researcher, it provides no guidance for when to stop
searching for candidate models or what changes to try. Thus,
there is no way to distinguish whether the unexplained variance represents natural variability in human behavior or could
be explained by a crucial change to the model. Even if it
can be determined that the model needs improvement, adjustments are usually based on intuition and manual engineering.
Here, we address these limitations by using deep neural
networks to fit large-scale human behavioral data. Deep neural networks make minimal assumptions about underlying
cognitive mechanisms and have sufficient capacity to represent virtually any computational process (Siegelmann & Sontag, 1995; LeCun, Bengio, & Hinton, 2015). Training a network to predict human behavior in a particular task allows
the network to detect patterns in the data without requiring

Figure 1: Example board position in 4-in-a-row. The left is
the laboratory version of the task, while the right is the gamified version used on the Peak platform. Two players, black
and white or yellow circles and green stars, alternate placing
pieces on the board, and the first player to connect four pieces
in any orientation wins the game.

human understanding of these patterns. After training, the
network can be used to judge whether there is still room for
model improvements and, if so, in which situations these improvements should be made. Similar logic has been applied
in recent work that leverages deep learning to discover algorithms underlying human decision-making (Agrawal, Peterson, & Griffiths, 2020; Peterson, Bourgin, Agrawal, Reichman, & Griffiths, 2021) and categorization (Battleday, Peterson, & Griffiths, 2020). One potential problem with this
approach is that neural networks are so flexible that they run
the risk of overfitting. To circumvent this, we use a large data
set for training. This contrasts with previous efforts that use
more complicated recurrent neural networks in much simpler
tasks with less data (Dezfouli, Griffiths, Ramos, Dayan, &
Balleine, 2019) and thus require regularization methods to
ameliorate this problem.
We apply this approach to 4-in-a-row, a combinatorial
game of intermediate complexity, to improve a model of human planning. First, we outline our methods for training these
neural networks and show that our best network approaches a
satisfactory upper bound on predictive power while matching
human behavior well. We then compare the network to an
interpretable cognitive model of human planning and discuss
implications for improving this model based on our results.
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Figure 2: Neural network architecture. The board is represented as a 2 × 4 × 9 tensor filled with zeros where there are no pieces
and ones where there are pieces. One matrix encodes the user’s pieces, and the second encodes the AI agent’s pieces. The
board representation is flattened to a 72 dimensional vector, and then passed into a series of hidden layers. Each hidden layer
contains a fully connected layer, a nonlinearity, another fully connected layer, and then adds the input from the skip connections.
Finally, the fully connected output layer has 36 units and is passed through a softmax function, which gives the probability that
the model assigns to the human player selecting each position of the board. In addition to varying the number of hidden layers
in the network, the number of units per fully connected layer is also varied when testing different networks.

Task and data set

Methods
Data representation

Our task is a variant of tic-tac-toe, in which two players alternate placing tokens on a 4-by-9 board (Figure 1). The objective is to get four tokens in a row horizontally, vertically, or
diagonally. From a broader cognitive science perspective, the
game, which we call 4-in-a-row, is at a level of complexity
which far exceeds tasks commonly used in psychology, providing rich human behavior for which computational modeling is still tractable (van Opheusden & Ma, 2019). The game
has approximately 1.2 · 1016 non-terminal states, and can be
leveraged to study the interplay between different reinforcement learning systems (Kuperwajs, van Opheusden, & Ma,
2019), the nature of expertise (van Opheusden et al., 2021),
or comparisons between human and machine learning. Importantly, a cognitive model exists for this task, which provides a strong starting point for further model development.
Additionally, we partnered with Peak, a mobile app company, to implement a visually enriched version of 4-in-a-row
on their platform (https://www.peak.net), which users
play at their leisure in their daily environment. We are currently collecting data at a rate of approximately 1.5 million
games per month, and here we use a subset consisting of
10, 874, 547 games from 1, 234, 844 unique users collected
between September 2018 and April 2019. In this version
of the task, users always move first against an AI agent implementing a planning algorithm, with parameters adapted
from fits on previously collected human-vs-human games
(van Opheusden et al., 2021).

Our networks take a tensor representation of the current board
state and return a probability distribution for the next move
over all board positions. The predictions for different board
positions are independent of each other. We encode each
board as two 4 × 9 binary matrices. The first matrix has ones
indicating the location of the user’s pieces, while the second
4 × 9 matrix has ones marking where the AI agent’s pieces
are located. Unoccupied locations contain a zero in both matrices. Thus, the input to each network is 2 × 4 × 9, and the
output of the network is a 36 dimensional vector, with each
element representing a corresponding index of the board.

Network architecture
The architecture for our networks consists of an input layer
that feeds into several hidden layers followed by an output
layer (Figure 2). The input layer flattens the 2 × 4 × 9 board
into a 72 dimensional vector and projects it to the number
of dimensions used by the hidden layers with a fully connected layer. Each hidden layer consists of two fully connected layers with a rectified linear function between them
and skip connections. These skip connections add the input of
the hidden layer to its output without transformation, and aid
in avoiding the vanishing gradient problem (He, Zhang, Ren,
& Sun, 2016). The output layer is a fully connected layer that
projects from the dimensionality of the hidden layer to the
output with 36 units corresponding to the log probabilities
for each board position. During training, we systematically
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validation set was stagnant for a few epochs. All layers had
their biases initialized to 0 and weights drawn from a normal
distribution with mean 0 and standard deviation 0.01, and we
use a batch size of 128.

Planning model

Figure 3: Planning model specification. (A) Features used in
the heuristic function. Features with identical colors are constrained to the same weights. (B) Illustration of the best-first
search algorithm. In the root position, black is to move. After
expanding the root node with two candidate moves for black
and evaluating the resulting positions using the heuristic function, the algorithm selects the highest value node (V = 2.3) on
the second iteration and expands it with two candidate moves
for white. The algorithm evaluates the resulting positions,
and backpropagates the lowest value (V = 0.3), since white
is the opponent. This will be compared against alternatives in
each intermediate node of the tree to decide in which direction to expand the tree on the next iteration.
vary the number of hidden layers as well as the number of
units in each fully connected layer.
On most boards, some moves are illegal because the corresponding square is occupied by pieces on the board. These
moves can be eliminated as potential predictions a priori. To
accomplish this, we subtract a large value from the output at
occupied locations. The final softmax operator applied after this always sets the corresponding outputs to exactly 0
and normalizes the probability distribution over all open positions. This also nulls all gradients for the occupied positions
such that the values at the these positions are ignored for gradient backpropagation and learning during training.
Prior work used deep convolutional networks to predict human moves in Go (Sutskever & Nair, 2008; Clark & Storkey,
2015), and we initially tested similar architectures in our task.
However, we consistently found that the convolutional networks performed worse than the fully connected layers in
preliminary training runs. Therefore, we decided to move forward using only fully connected networks.

The main goal of this work is to compare these neural networks with our current best interpretable planning model
trained on the same task (van Opheusden et al., 2021),
and subsequently make suggestions for how to improve the
model. The model of interest combines a heuristic function (Figure 3A), which is a weighted linear combination of
board features (Campbell, Hoane Jr, & Hsu, 2002), with the
construction of a decision tree via best-first search (Figure
3B). Best-first search iteratively expands nodes on the principal variation, or the sequence of actions that lead to the
best outcome for both players given the current decision tree
(Dechter & Pearl, 1985). To allow the model to capture variability in human play and make human-like mistakes, we add
Gaussian noise to the heuristic function and include feature
dropout. For each move the model makes, it randomly omits
some features from the heuristic function before it performs
search. Such feature omissions can be interpreted cognitively
as lapses of selective attention (Treisman & Gelade, 1980).
During search, the model also prunes the decision tree by removing branches with low heuristic value (Huys et al., 2012).
While fitting the model, we estimate the log probability of
a move in a given board position with inverse binomial sampling (van Opheusden, Acerbi, & Ma, 2020), and optimize the
log-likelihood function with Bayesian adaptive direct search
(Acerbi & Ma, 2017). To fit parameters for the entire training, we evaluate the log-likelihood on 10, 000 trials, randomly
sampled for each evaluation, which yields an unbiased and
sufficiently precise estimate of overall performance. For testing, we ran 100 repetitions to estimate the log-likelihoods for
each move and 200 simulations in each board position to get
a probability distribution over potential moves.

Training
We partition the data into three sets: 90% for training
(9, 787, 093 games), 5% for validation (543, 727 games), and
5% for testing (543, 727 games). The validation set was used
to monitor learning and experiment with hyperparameters.
We use stochastic gradient descent for training and reduce the
learning rate by a factor of 10 if the loss associated with the

Figure 4: Scaling up the neural network achieves an upper
bound on goodness of fit. Log-likelihood on the test data set
as a function of the number of hidden layers and number of
units per hidden layer in each network.
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Figure 5: Summary statistics as validation of the neural network’s performance. Each statistic is averaged by move number for
moves made by users (black circles), the neural network (blue lines), or random moves (green dashed lines).

Results
Network evaluation
In order to ensure a reasonable estimate on the data’s noise
ceiling, we trained a total of 25 networks. Networks vary
along two dimensions: the number of hidden layers and the
number of units per layer, spanning a range from 5 to 80
layers and 200 to 4000 units. We continued scaling up the
networks until the log-likelihood on the test data reached a
plateau, meaning that additional increases in either dimension
would not lead to significant increases in performance (Figure 4). This leads to the largest network achieving a negative
log-likelihood of 1.866 per move and a prediction accuracy
of 41.71% on the test data. As the largest network represents a satisfactory upper bound on predictability for the data
set, we continue to analyze it in the remainder of the paper.
We validate that this network’s log-likelihoods per move are
highly correlated with the networks that are one step smaller
in either direction, further supporting our conclusion that our
results would not radically change with larger networks.
Comparing the neural network’s predictions to human
choices is challenging because the data is high-dimensional
and discrete, so we interrogate it via two methods. The first
is the entropy of the network’s output distributions, which we
analyze by move number. Positions in the early game are
harder to predict because they consist of fairly empty boards
where no player can immediately win the game, and therefore
result in higher entropy for the network’s output distribution.
Conversely, positions in the middle and late game are much
easier to predict as there are less alternatives and more pieces
to inform decision-making, leading to lower entropy for the
network’s output distribution. These positions are also more

likely to contain winning moves.
Second, we compute a set of summary statistics that characterize human play in 4-in-a-row. For each move made by
each user, we compute the distance from the chosen square to
the center of the board, the distance to pieces owned by that
user, the distance to pieces owned by the opponent, the distance to the center of mass of that user’s pieces, the distance
to the center of mass of the opponent’s pieces, the number
of that user’s pieces on the 8 squares neighboring the chosen
square, and the number of opposing pieces on neighboring
squares. We also indicate whether with their chosen move,
the user creates a threat to win on the next move or parries
a threat from their opponent. We compute these statistics
for moves made by the network in the same positions encountered by human players and for random moves. Figure
5 shows the average of these summary statistics aggregated
across all users in the test set as a function of move number.
This analysis probes systematic patterns in the time course of
people’s games, for example a tendency to start playing near
the center of the board and gradually expand outwards. For
all summary statistics, people deviate considerably from random, and the neural network matches the data almost exactly.

Model comparison and improvements
We compare predictions between the neural network and the
planning model to search for potential improvements that will
better capture human behavior. The model achieves a negative log-likelihood of 2.178 and accuracy of 34.06% on the
test data, which is worse than the network’s performance. We
show that the network’s predicted log-likelihood per move is
typically higher than that of the model (Figure 6A) and that
the model’s average accuracy per move throughout the course
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Figure 6: Comparing the neural network and a model of human planning. (A) Histogram of the difference in log-likelihood per
move in the test set for the neural network and planning model (mean: −0.31 ± 3.91 · 10−4 ). (B) Accuracy as a function of move
number for the neural network (blue) and planning model (orange), averaged across the test set. The gray region denotes the
net difference in prediction accuracy between the neural network and the planning model. (C) Representative board positions
for discrepancies between the network and planning model, which could be used to improve mechanisms in the model. The
red shading indicates the probability distribution of the network’s move prediction, the open circle indicates the user’s selected
move, and the dashed circle indicates the planning model’s predicted move.
of games is lower than the network’s (Figure 6B). This provides us with a space of board positions to explore for model
improvement, namely positions in which the network correctly predicts human moves while the model does not.
Inspecting these boards and their corresponding predictions yields several interesting patterns that the model cannot readily account for (Figure 6C). The first is an opening
bias, where users are more likely to play on the left side of
the board and in the corners. There is no strategic reason for
making these types of moves, but the network detects these
preferences nonetheless. A similar pattern is tiebreak predictions, where users select between two moves that are nearly
equally good. In these positions, the network tends to have
a preference for the move that was actually played by humans, whereas the model essentially assigns equal probability
to both moves. A third difference is feature weighting, where
users prefer creating certain features on the board to others.
Feature weights are already a mechanism in the model, but
some of the feature tradeoffs that the network can predict exhibit complex preferences: the example in Figure 6C shows a
position in which a move connecting three pieces is selected
over a move which connects two pieces in multiple directions.
Finally, we find evidence that the network correctly predicts
offensive and defensive play. That is to say, given a move
which creates threats or features for the user and one which
defends against an opponent’s threats or blocks their features,
the network often correctly predicts which move to make at a
higher rate than the model.
One potential concern is that the neural network was not
necessary to identify patterns that the planning model is overlooking, because direct comparisons between the model and
human behavior was sufficient to detect these. However, such
direct comparisons are not an expedient solution because human behavior contains substantial randomness. Even with

the size of our data set, most board positions beyond the early
game were only encountered once by human players. Thus,
many of the 2, 725, 151 moves where the planning model predicted that a different move was more likely than the one
that humans actually made represent unpredictable random
human behavior rather than a failure of the planning model.
To select moves that could have been predicted more accurately, prior work suggests the use of a powerfully predictive
model like the neural network we use here (Agrawal et al.,
2020). By pooling information across board positions, the
neural network can produce a better estimate of the difference between the model and the true human policy and can
thus give better guidance for model improvements. Indeed,
the largest differences between the planning model and the
neural network are more interpretable than the largest differences between the planning model and the data (Figure 7).
Board positions that result in a high Kullback–Leibler (KL)
divergence between the output distributions of the model and
the network result in patterns that fit into the categories outlined in Figure 6C. Board positions that result in a low loglikelihood for the planning model are often not predicted well
by the network either, and largely seem to be human errors in
gameplay such as overlooking an immediate win or making
a random move. Therefore, we argue that direct comparisons
between model and data for individual positions are indeed
noisy and that the network’s predictions are a better guide for
model improvement.

Discussion
In this paper, we trained deep neural networks to predict human moves in 4-in-a-row using a large-scale data set. We ensured that these networks estimate a reasonable upper bound
on how well any model can explain human behavior by incrementally scaling up the networks, and then validated that
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Figure 7: Representative residuals between the planning model and the neural network (left) and the planning model and the
data (right). For each board position, we report the KL divergence between the output distributions of the model and the
network, as well as the negative log-likelihood of the human move for the model and the network. The format for the board
positions is the same as for Figure 6C.
the best network captures general trends in human play. This
provided us with a model that was able to predict human decisions more accurately than an interpretable planning model
without requiring manual engineering. We then explored the
positions in which the neural network was more accurate than
the planning model, leading to several candidate mechanisms
that could be implemented in order to improve the model.
More generally, our work provides a framework that is useful for cognitive scientists to employ in model construction,
particularly in large-scale experiments. The planning model
described here has already undergone rigorous testing against
alternatives. Human choices in 4-in-a-row seem to be consistent with a broad class of planning algorithms, as long as they
contain a feature-based evaluation function, tree search, pruning, and attentional oversight. The current model is a representative of this class which balances simplicity with predictive power. The process for finding this model was based
on manual adjustments and intuition for the game, and utilizing neural networks to discover missing features may have
greatly expedited this search. Nonetheless, our results suggest mechanisms that have not been previously considered.
What do the mechanisms that we identify as potential
model improvements tell us about planning and human cognition? One takeaway is that people have inherent biases,
meaning that they consistently prefer one out of many equivalent solutions to problems when there is no rational reason to
do so. Humans display such systematic biases in many tasks,
and the literature on these biases and how to model them
may be informative to structure the biases players show in
4-in-a-row (Griffiths, Chater, Kemp, Perfors, & Tenenbaum,
2010). Technically, such biases could be incorporated into the
planning model fairly easily by simply increasing the proba-

bility that the tree search algorithm explores the alternatives
humans prefer. Our feature weighting finding suggests that
people’s heuristic functions may be more sophisticated than
a simple sum of features, accounting for complex tradeoffs
between pieces on the board depending on the context of the
board position. Further, we observed in earlier studies that
individuals seem to evaluate positions differently, as feature
weights vary when the planning model is fit to each participant. Adjusting the heuristic function to be more human-like
and account for nuanced individual differences is a challenge,
but the size of the data set paired with the neural network’s
predictions can guide this process. Finally, offensive and defensive play point to differences in planning strategies that
could potentially be captured by scaling advantages for the
player and the opponent relative to each other. The network
is able to predict when humans play aggressively or not, but
investigating how it does so remains a question for further exploration. While these specific features of gameplay are tied
to 4-in-a-row, they point to the interaction between heuristic evaluations and forward search. These are fundamental
aspects of human planning, and uncovering more sophisticated implementations for either process may provide principles that generalize across planning tasks. In future work, we
plan to integrate these results into the planning model.
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Abstract
The introduction of large-scale data sets in psychology allows
for more robust accounts of various cognitive mechanisms, one
of which is human learning. However, these data sets provide
participants with complete autonomy over their own participation in the task, and therefore require precisely studying the
factors influencing dropout alongside learning. In this work,
we present such a data set where 1, 234, 844 participants play
10, 874, 547 games of a challenging variant of tic-tac-toe. We
establish that there is a correlation between task performance
and total experience, and independently analyze participants’
dropout behavior and learning trajectories. We find evidence
for stopping patterns as a function of playing strength and investigate the processes underlying playing strength increases
with experience using a set of metrics derived from a planning
model. Finally, we develop a joint model to account for both
dropout and learning functions which replicates our empirical
findings.
Keywords: dropout; learning; decision-making; behavioral
modeling

Introduction
In recent years, psychology has trended towards massive data
sets collected through online experiments (Stafford & Dewar,
2014; Mitroff et al., 2015; Steyvers, Hawkins, Karayanidis,
& Brown, 2019; Holdaway & Vul, 2021). The purpose of
this methodological shift is to obtain rich data in participants’
real-world environments compared to the traditional practice
of isolating a single variable and controlling for sources of
variation in a laboratory setting. In turn, this data can be used
to study a wide array of cognitive mechanisms from learning
to decision-making to planning (Schulz et al., 2019; Steyvers
& Schafer, 2020; Kuperwajs, van Opheusden, & Ma, 2019),
or even for leveraging methods from machine learning to construct computational models (Agrawal, Peterson, & Griffiths,
2020; Peterson, Bourgin, Agrawal, Reichman, & Griffiths,
2021). These data sets have additional value in that they can
clarify whether results or models derived from constrained
laboratory tasks generalize.
One challenge that these kinds of data sets pose is temporal: participants now have complete autonomy over when
and for how long to engage in the given task. In practice, this
means that any investigation into learning using these data
sets must also consider dropout behavior. In other words,
when individuals drop out for reasons that are related to their
current or future performance, their learning functions are directly biased. Modeling time to event data has a long history

across many fields, notably survival analysis in statistics. Accounting for dropout behavior can be viewed through this lens
by defining the hazard function as the probability that participants will stop participating in the task and asking which factors increase or decrease the probability of survival. In cognitive science, the existing literature on learning in massive data
sets often ignores this type of analysis, with a notable exception extrapolating group learning policies for age-related differences in dropout in a large-scale learning study (Steyvers
& Benjamin, 2019). Previous findings on curiosity and boredom argue that people are intrinsically motivated to participate in challenging tasks that provide new information while
avoiding excessively simple or difficult tasks (Schmidhuber,
2010; Geana, Wilson, Daw, & Cohen, 2016; Ten, Kaushik,
Oudeyer, & Gottlieb, 2020), and these elements may directly
contribute to shaping hazard functions in large-scale data sets.
Here, we present a massive data set to investigate both
dropout and learning functions in a combinatorial game of
intermediate complexity, which people play on their mobile
devices. We begin by characterizing the endpoint of participants’ learning trajectories, establishing that there is a correlation between final playing strength and overall experience
in our task. Then, we characterize the task components that
drive dropout behavior and learning trajectories. In analyzing
dropout behavior, we determine that people are more likely
to stop playing when they have high playing strength. To
more precisely study the learning process, we fit a planning
model to people’s choices and derive a set of metrics which
lead to population level playing strength increases with experience while simultaneously mapping to distinct cognitive
mechanisms. Finally, we construct a joint model of participants’ dropout and learning functions which replicates our
prior empirical results.

Task and data set
Our task is a variant of tic-tac-toe, in which two players alternate placing tokens on a 4-by-9 board (Figure 1A). The objective is to get four tokens in a row horizontally, vertically,
or diagonally. The game, which we call 4-in-a-row, has approximately 1.2 · 1016 non-terminal states, and therefore is at
a level of complexity which far exceeds tasks commonly used
in psychology (van Opheusden & Ma, 2019). We believe that
a task for studying various components of cognition should
fulfill multiple criteria:
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Figure 1: Task and data set. (A) Example board position in 4in-a-row. The left is the laboratory version of the task, while
the right is the gamified version used on the Peak platform.
Two players, black and white or yellow circles and green
stars, alternate placing pieces on the board, and the first player
to connect four pieces in any orientation wins the game. (B)
Histogram of the total number of games played by users in
the data set. Note that the tail of the distribution, which consists of 20 to 100 total games played, still includes thousands
of users.
1. The state space should be large enough so that participants
continue to encounter states not previously experienced,
and the task remains challenging.
2. The task should be novel, so that all participants are in the
steep part of their learning curves.
3. The task should have simple rules, so that improvements
are not due to participants learning the rules, but learning
strategies.
4. The task should be engaging, so that participants remain
motivated for many sessions.

Figure 2: The relationship between task performance and experience. (A) Individual trajectories for 4 experienced users
who played at least 1, 000 games. (B) Histogram of the final Elo ratings for the 115, 968 users who played at least 20
games in the data set. (C) Two-dimensional histogram of the
final Elo rating and total number of games played for users
in the data set. The visualization is limited to 104, 681 users
who had a final Elo rating between −400 and 400 and played
at least 20 and less than 100 total games.
AI agent playing strength is modulated by changing model
parameters based on game outcomes.

Results

5. The task should be amenable to computational modeling.
4-in-a-row satisfies these requirements by balancing complexity and computational tractability, making it an ideal
candidate for studying expertise, planning, risk-taking, or
dropout and learning, the latter of which we do in this paper.
Additionally, we partnered with Peak, a mobile app company, to implement a visually enriched version of 4-in-a-row
on their platform (https://www.peak.net), which users
play at their leisure in their daily environment. We are currently collecting data at a rate of approximately 1.5 million
games per month, and here we analyze a subset consisting
of 10, 874, 547 games from 1, 234, 844 unique users collected
between September 2018 and April 2019. These users each
play a wide range of games, but the data set includes thousands of users who have played upwards of 20 or even 100
games (Figure 1B). In this version of the task, users always
play first against an AI agent implementing a planning algorithm, with parameters adapted from fits on previously collected human-vs-human games (van Opheusden et al., 2021).

Characterizing the endpoint of learning
In order to motivate the rest of our findings, we first investigate the relationship between task performance and total experience. We measure users’ task performance using Elo ratings (Elo, 1978), a standard method for calculating the relative skill levels of players in zero-sum games such as chess.
Ratings calculated for relatively few games can be statistically unreliable, so we exclude players with less than 20 total
games played from our analysis and group each user’s experience into blocks of 20 games. This results in 115, 968 unique
users, and we use a common baseline to compute Elo ratings
across all experimental data. Figure 2A shows the full individual learning trajectories of a few experienced users, and
Figure 2B the distribution of users’ Elo ratings in the last full
block of gameplay. In Figure 2C, we correlate this final playing strength with the total number of games played by each
user (ρ = 0.270). Due to the size of the data set, our p-values
are below the minimum representable float (2 · 10−308 ) unless
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reported otherwise. This result illustrates that, at the endpoint
of their learning trajectories, users are more likely to have
higher task performance if they have accumulated more total
experience with the task. In the following sections, we break
down the factors of dropout and learning that contribute to
this relationship between task performance and experience.

Dropout behavior
We hypothesize that dropout behavior in this game is strongly
influenced by two factors: current playing strength and current number of games played. In order to test this hypothesis, we examine the effect of each user’s Elo rating in a
given window of 20 games on the probability that they stop
playing in the next block of 20 games, and further bin these
probabilities by number of games that the user has played
so far (Figure 3). We find that as users play more games
they have a lower stopping probability (logistic regression:
β = −0.020 ± 0.058 · 10−3 ), and their stopping probability
increases with higher Elo ratings (logistic regression: β =
0.631 · 10−3 ± 0.010 · 10−3 ). Logistic regression models have
also been used extensively in survival analysis to characterize
hazard functions (Cox, 1972), albeit in our application we are
using the number of games played as a proxy for time. This
finding suggests that as users gain more experience, they are
more likely to continue playing when the game is still challenging and they have lower Elo ratings. Conversely, users
tend to quit when their playing strength is high. This aligns
with the literature on intrinsic motivation in humans: if users
devalue the task due to lack of a challenge or information
gain, they will stop participating (Schmidhuber, 2010; Geana
et al., 2016; Ten et al., 2020). However, we do not find evidence for the inverse trend that users find the task too difficult
and are therefore more likely to stop playing with lower Elo
ratings. One possible explanation for this is that even our
strongest AI agents did not make the task difficult enough for
users with high playing strengths.

Figure 3: Dropout behavior is driven by recent playing
strength and number of games played. Probability of stopping during the next block of 20 games as a function of the
Elo rating and number of games played so far in the current
block, again limited to the same ranges as in Figure 2C.

Figure 4: Playing strength increases during learning. Average
user Elo rating as a function of current experience level conditioned on total number of games played. This is computed
for the set of 107, 769 users who played at least 20 and less
than 120 total games.

Learning trajectories
To make more precise claims regarding the factors underlying
users’ learning trajectories, we first validate that a reliable increase in playing strength over time occurs at the population
level. In Figure 4, we show that average Elo ratings increase
as users gain more experience, and that this trend occurs irrespective of the total number of games each user ends up playing (linear regression: β = 1.500±0.893·10−2 ). We also find
a reliable, albeit smaller, effect of initial Elo ratings on current
playing strength (linear regression: β = 0.664±0.160·10−2 ).
Note that the correlation from Figure 2 can be observed by
connecting the endpoints of each learning curve. Importantly,
we find no evidence for changes in the slopes of users’ average learning trajectory when conditioned on either total number of games played or initial playing strength. This suggests
that learning rates in this task are independent of these two
factors, and primarily captured by current playing strength,
current experience level, and individual differences.
To investigate which aspects of people’s decision-making
process underlie this performance increase, we fit a planning model to users’ choices in the task and derive a set of
metrics from the model’s parameters (van Opheusden et al.,
2021). This algorithm combines a heuristic function (Figure
5A), which is a weighted linear combination of board features
(Campbell, Hoane Jr, & Hsu, 2002), with the construction
of a decision tree via best-first search (Figure 5B). Best-first
search iteratively expands nodes on the principal variation,
or the sequence of actions that lead to the best outcome for
both players given the current decision tree (Dechter & Pearl,
1985). To allow the model to capture variability in human
play and make human-like mistakes, we add Gaussian noise
to the heuristic function and include feature dropout. For each
move the model makes, it randomly omits some features from
the heuristic function before it performs search. Such feature
omissions can be interpreted cognitively as lapses of selective attention (Treisman & Gelade, 1980). During search, the
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Figure 5: Using a planning model to investigate components of learning. (A) Features used in the heuristic function. Features
with identical colors are constrained to have the same weights. (B) Illustration of the best-first search algorithm. In the root
position, black is to move. After expanding the root node with two candidate moves for black and evaluating the resulting
positions using the heuristic function, the algorithm selects the highest value node (V = 2.3) on the second iteration and
expands it with two candidate moves for white. The algorithm evaluates the resulting positions, and backpropagates the lowest
value (V = 0.3), since white is the opponent. That value will be compared against alternatives in each intermediate node of the
tree to decide in which direction to expand the tree on the next iteration. (C) Average depth to which users plan as they gain
experience, as estimated by the planning model. (D) Same as (C) for feature drop rate. (E) Same as (C) for heuristic quality.
model also prunes the decision tree by removing branches
with low heuristic value (Huys et al., 2012).
Due to computational constraints, we analyze data from
1, 000 pseudo-randomly selected users who played at least
100 games each. We estimate the log probability of a user’s
move in a given board position with inverse binomial sampling (van Opheusden, Acerbi, & Ma, 2020), optimize the
log-likelihood function with Bayesian adaptive direct search
(Acerbi & Ma, 2017), and account for potential overfitting by
reporting 5-fold cross-validated log-likelihoods. We convert
the set of parameters inferred for each user in each block to
three metrics: planning depth, feature drop rate, and heuristic quality. Planning depth roughly corresponds to the number of steps people think ahead, feature drop rate measures
the frequency of attentional lapses, and heuristic quality measures the “correctness” of the feature weights. Figure 5C-D
show that depth of planning increases with experience (linear regression: β = 0.011 ± 0.796 · 10−3 ), while feature drop
rate decreases (linear regression: β = −0.258 · 10−3 ± 0.036 ·
10−3 , p = 4.49 · 10−13 ). We verify that users’ response time
decreases across blocks, signifying that the planning depth
increase is not a result of slower play. Figure 5E also shows
a reliable increase in heuristic quality with experience (linear regression: β = 0.611 · 10−3 ± 0.029 · 10−3 ). However,
the heuristic quality in the first 20 games of this data set
is much lower than in previously collected laboratory data,
suggesting that users have more opportunity to improve their
feature weights rather than starting at ceiling. These results
demonstrate that users’ learning trajectories are underscored
by deeper planning, fewer lapses of attention, and bounded
improvement of feature weights.

Joint modeling of dropout and learning
Given our insights into the factors driving dropout and learning functions in this task, we constructed a computational
model that replicates our previous findings (Figure 6A). The
intuition for the model is that after each additional game
played, users receive a new Elo rating which increases or decreases based on their individual learning rate. Based on that
rating and the number of games they have played thus far,
they decide whether to continue playing or drop out. In the
former case, users again adjust their rating and make a decision on whether to stop, and in the latter case the model outputs their final playing strength and total number of games
played. Additionally, we make the following assumptions:
each user begins with their computed initial Elo rating after
20 games, has an underlying true learning rate which is consistent across gameplay, and gains a noisy amount of playing
strength per game until they drop out. This results in three
parameters of interest, which are the learning rate α, the variance of the noise on Elo rating increase per game σ2noise , and
the stopping probability Pstop .
To fit this model to data, we decompose the problem into
two parts. First, we take each user’s learning trajectory, or
Elo rating as a function of games played, and perform a linear regression per user. The learning rate parameter α for
each user is then drawn once for each user from a normal distribution with its mean at the weighted average of the user
slopes and its variance at the variance of the user slopes. The
noise on playing strength increases is drawn from a normal
distribution per iteration with its mean at 0 and its variance at
the variance of the residuals. This gives us an update rule for
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Figure 6: A joint model of dropout and learning. (A) Illustration of the model, which receives initial playing strengths for each
user after 20 games played as input and returns a final playing strength and total number of games played. Each simulated
game changes playing strengths by individual learning rates drawn from a normal distribution with added noise, and determines
whether each user drops out based on probabilities from a logistic function. A linear regression on individual learning trajectories computes the mean and variance of the learning rates, and a logistic regression that takes into account current playing
strengths and number of games played computes the coefficients for the logistic function. (B) The model replicates the trends
found in the data, including the two-dimensional histogram of the final Elo rating and total number of games played from Figure
2C (left), the probability of stopping during the next block of 20 games as a function of the Elo rating and number of games
played in the current block from Figure 3 (middle), and the average user Elo rating as a function of current experience level
conditioned on total number of games played from Figure 4 (right). Results are simulated for the set of 115, 968 users who
played at least 20 games in the data set.

Discussion

ratings r where η is standard normal noise:
r ← r + α + σnoise η.

(1)

Second, we utilize the coefficients from the logistic regression on users’ dropout behavior to compute the stopping
probability for each user in each simulated game based on
current ratings and experience n.
Pstop =

1
.
1 + e−(β0 +β1 n+β2 r)

(2)

After we fit these parameters, we run the model forward to
simulate our empirical results. As our Elo ratings are restricted to blocks of 20 games, we constrained our predictions to these same chunks. Figure 6B shows that the correlation between final playing strengths and total number of
games played, the probability of dropout as a function of current playing strength and number of games played, and the
population level learning trajectories conditioned on total experience can all be replicated reliably by the model.

In this paper, we leveraged a large-scale data set of human
participants playing a two-player combinatorial game in order to interrogate their dropout and learning functions. We
first established that playing strength and overall experience
are correlated before characterizing the factors that underlie
dropout and learning. For dropout, we found that current
playing strength and experience level drive stopping probabilities. For learning, we demonstrated that playing strength increases with the number of games played, and that a planning
model can attribute these improvements to increased planning depth, decreased feature dropping, and bounded increase
in heuristic quality. Finally, we combined these components
into a joint model of dropout and learning that is able to reproduce the patterns that we found in the data.
While our results and modeling provide a baseline for understanding dropout and learning in 4-in-a-row, there are additional factors we could analyze to more thoroughly explain
human behavior. In terms of dropout, we primarily investigate user playing strengths rather than opponent playing
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strengths. For example, it is feasible that stopping probabilities are influenced by which AI agent is being played
against, or whether users are stuck in a staircase of AI playing
strengths. If we were to find that opponent playing strengths
contribute to dropout, either because they are too challenging or not challenging enough to play against, this could be
easily incorporated into our model with an additional mechanism, such as that user Elo ratings must increase by a fixed
amount over a set period of time or by changing the shape
of the stopping function. Further, we could study the interval between games played by each user, as there may exist a complex interaction between these inter-game intervals,
playing strength, and dropout. Given that some users play
many games in a short period of time while others play games
spaced apart over days or even weeks, replacing the number of games played with real-world time could strengthen
the parallel between our work and survival analysis models. In terms of learning, we have assumed static learning
rates thus far and can also consider variations such as nonlinear models for the number of games played or learning
rates that vary with experience. Additionally, our results from
the planning model show how experienced participants differ from novices, but do not shed light on how those differences emerge from their experience. In future work, we aim
to model this learning process more explicitly by matching
people’s experience with their future actions. These results
can then be integrated into a more sophisticated model of
dropout and learning which accounts for additional components of each cognitive process.
Would our results generalize to other tasks or real-world
environments? Given that our dropout results are consistent with the literature on intrinsic motivation, we suspect
that some form of performance-mediated stopping occurs in
most tasks for which participation is autonomous, and that
the thresholds for dropout vary based on the nature and difficulty of the task. We also speculate that the same effects
of experience on search and attention will exist in tasks for
which planning ahead is beneficial, and that the accuracy of
feature weights will depend on the amount of domain-specific
knowledge that is required. Games like chess and Go contain
many non-trivial features, and tasks with stochastic environments might involve distinct computational mechanisms altogether. If the factors underlying dropout and learning can
be reliably identified, our joint modeling framework should
be relatively straightforward to adapt to other tasks. More
broadly, a general learning model that decides whether or
not to continue engaging with a task can be combined with
a more task-specific model that actually performs the task itself. While our two models are currently fairly distinct, bringing together these modular components is a more concrete
step forward for understanding how humans cognitively navigate such complex decisions.
One of the main contributions of our work is to advocate
for concepts from survival analysis and human studies on motivation to be integrated into the analysis of learning in mas-

sive cognitive science data sets. Our use of a hazard function
and logistic regression to study dropout as well as intuition
for factors that mediate dropout and learning, such as playing
strength as a proxy for task difficulty, are derived from these
fields. As the use of large-scale data sets where participants
have autonomy over participation become more ubiquitous,
we hope that it will become standard for accounts of human
behavior to model motivation and learning simultaneously.
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Abstract

solved by finding a relation (or a small set of relations) that
define a category. An example of two of the SVRT problems
is given in Figure 1. In problem #1 relation same_shape
defines category A membership and different_shape defines
category B. In problem #4 categories are defined by the
relations inside and outside. Humans solve such tasks with a
few exposures, make few errors and easily switch from one
problem to another (Fleuret et al., 2011). However, ML
systems require thousands of exposures, the error rates
fluctuate highly, require training for each class of problems
separately, and most networks rely on rote memorisation and
break when the strategy fails (e.g., when exposed to new
exemplars; Fleuret et al., 2011; Kim, Ricci & Serre, 2018).

Many tasks that are easy for humans are difficult for machines.
Particularly, while humans excel at tasks that require
generalising across problems, machine systems notably
struggle. One such task is the Synthetic Visual Reasoning Test
(SVRT). The SVRT consists of a range of problems where
simple visual stimuli must be categorised into one of two
categories based on an unknown rule that must be induced.
Conventional machine learning approaches perform well only
when trained to categorise based on a single rule and are unable
to generalise without extensive additional training to tasks with
any additional rules. Multiple theories of higher-level
cognition posit that humans solve such tasks using structured
relational representations. Specifically, people learn rules
based on structured representations that generalise to novel
instances quickly and easily. We believe it is possible to model
this approach in a single system which learns all the required
relational representations from scratch and performs tasks such
as SVRT in a single run. Here, we present a system which
expands the DORA/LISA architecture and augments the
existing model with principally novel components, namely a)
visual reasoning based on the established theories of
recognition by components; b) the process of learning complex
relational representations by synthesis (in addition to learning
by analysis). The proposed augmented model matches human
behaviour on SVRT problems. Moreover, the proposed system
stands as a more realistic account of human cognition, wherein
rather than using tools that have been shown successful in the
machine learning field to inform psychological theorising, we
use established psychological theories to inform developing a
machine system.

Category A

Category B

#1

#4

Figure 1: Examples of images to be categorised in two
SVRT problems.

Keywords: visual reasoning; visual tasks; relational
reasoning; symbolic-connectionist model; computational
modeling

Introduction
Machine learning (ML) systems have shown great success at
many tasks, even sophisticated ones like playing chess or
video games (e.g., Campbell, Hoane & Hsu, 2002; Vinyals et
al., 2019). However, ML systems still fail to match human
performance when it comes to generalising between tasks or
to untrained goals or exemplars in the same task, or when the
goals change within the same task (e.g., Bowers, 2017).
A telling example is given by the Synthetic Visual
Reasoning Task (SVRT; Fleuret et al., 2011). The SVRT
consists of simple A/B categorization problems that are

The SVRT is interesting, at least in part, because it is a
microcosm of human visual reasoning. Solving SVRT
problems seems to require representing each problem in
terms of objects and relevant relations, and then reasoning
based on these representations.
There can be no doubt that ML approaches have had
resounding successes in many areas of visual reasoning.
Unsurprisingly, a great deal of recent work in modelling
visual reasoning processes has relied on successful ML
approaches (e.g., Ding et el., 2020; Webb, Sinha & Cohen,
2021; Wu et al., 2020). However, that the SVRT is easily
solved by humans, and so difficult for ML systems is
potentially telling. Perhaps ML approaches are not such good
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Figure 2: The pipeline: A model of human visual reasoning.
proxies of human vision. Inspired by recent work from Lovett
and Forbus (2017), who used the SME model of analogy to
account for performance on Raven’s progressive matrices,
we took an approach to accounting for SVRT performance
inspired by psychological theories of human vision, learning,
and reasoning.
In the following we present an end-to-end pipeline for
solving the SVRT. Rather than using successful ML
techniques at each decision point, though, we employed
successful psychological theories. The resulting system,
given pixels, learns representations of relations, and moves
on to reasoning.

The Pipeline: A Model of Human Visual
Reasoning
In this section we describe the pipeline components. The
pipeline comprises a mix of well-known psychological
models as well as principally novel components developed
specifically for the pipeline. The existing components are
described at a very high level (with citations to the original
works). Novel components are presented in more detail.
Early Vision
The first component of the pipeline is a highly simplified
blackboxed version of early vision (Figure 2). The early
visual system delivers, among many other things, contour
information and simple absolute spatial features (e.g.,
Cowey, 1979; Simoncelli & Olshausen, 2001; Treisman &
Gormican, 1988). Our early vision system takes in pixel
images and, using the functionality of the OpenCV library
(Bradski, 2000), extracts features such as contours, x and y
coordinates of contour points, and x and y coordinates of the
centroids of fully bounded contours. These features are fed
into the object representation component.

Object Representation
Object representation is performed by a simplified twodimensional version of the JIM model by Hummel and
Biederman (1992). JIM implements Biederman’s (1987)
Recognition-by-Components theory. The original JIM model
used geons to represent object parts and relations between
them. In our simplified 2D version, instead of geons the
model computes the set of 3 triangles that best fill any
bounded contour (or blob, taken to be a single object; see
Hummel & Biederman 1992). Figure 3a demonstrates one of
the shapes used in SVRT and its representation by a set of
unique triangles and their spatial arrangement. We use
triangles because they are easy to compute and maintain
angle magnitudes when scaled. To inscribe three triangles
into a contour, the contour is divided into three sub-contours,
starting from the point furthest from the centroid; the first,
last and furthest from the centroid points of a sub-contour
serve as triangle vertices.
Figure 3b shows a contour with the same shape, but smaller,
which have the same set of the triangles, thus allowing the
model to represent same_shape using characteristic triangles
and their relations, just like JIM does with geons.
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a)

b)

Figure 3: a) An SVRT object represented as a set of
unique triangles and their spatial arrangement; b) an object
of the same shape, but smaller size, represented by an
identical set of triangles.

The DORA Model
The next two components of the pipeline are based on the
existent Discovery of Relation by Analogy (DORA) model
(Doumas et al, 2008; 2022). This is the phase where the
pipeline learns by analysis. In brief, DORA starts with
representations of objects coded as flat (non-symbolic)
vectors of absolute features (e.g., those provided by the early
visual system). It learns to detect invariants of spatial
relations, and then learns structured (i.e., symbolic) relational
representation of spatial relations, such as above. Below we
give a brief overview of the knowledge representations that
DORA learns as they are necessary for explaining the novel
mechanisms developed for the later components in the
pipeline. Full details of the model appear in Doumas et al.
(2008; 2022).
Figure 4 illustrates the macrostructure of the DORA
network. The model consists of several layers of
bidirectionally connected units. At the bottom layer, feature
units define specific properties and encode type information
of predicates and objects (Hummel & Holyoak, 2003). The
next three layers of the model comprise its long-termmemory (LTM). These units (called token units, or tokens)
represent specific instances (tokens) of progressively more
conjunctive concepts (see below). At any given time, a subset
of the units in LTM is potentiated into an active memory
(Cowan, 2001). Active memory consists of two mutually
exclusive sets, the driver, the model’s current focus of
attention, and the recipient, representations in active memory
that are available for comparison with the driver units.

features x, y, and z), T2s conjunct bound role-object pairs
(e.g., a unit might specify that a T1 unit representing a ball
and the T1 unit representing higher-than-something are
bound into a role-filler pair), and T3s conjunct sets of roleobject bindings into multi-place relations (e.g., a unit might
specify that the T2 unit representing higher-thansomething+ball, and the T2 unit representing lower-thansomething+paddle are part of the whole proposition above
(ball, paddle)).
While the conjunctive token units are sufficient to carry
binding information for the purposes of long-term storage,
during processing binding information must be carried
independently of the item so bound (i.e., the binding signal
must be dynamic; see Doumas & Hummel, 2005; Hummel,
2011). In active memory, binding information is carried
explicitly and independently (see Doumas & Hummel, 2012)
by the temporal sequence of firing. Specifically, as illustrated
in Figure 5, DORA uses systematic asynchrony of firing to
bind roles to fillers (i.e., bound roles and fillers fire in direct
sequence and out of phase with other bound role-filler pairs).
Through a process of comparison, DORA learns LISAese
predicate representations without supervision. The resulting
representations are functional predicates and allow the model
to account for over 50 phenomena from the psychological
literature (for a review, see Doumas & Martin, 2018).
Recently (Doumas et al., 2020), the model has been extended
to learn featural representations of relational invariants from
absolute (non-relational) magnitude representations.
Consequently, the model learns structured relational
predicates from absolute (non-relational) non-structured
reorientations of objects. That is, starting with
representations of objects with features encoding absolute
magnitude information (e.g., total area in pixels), the model
learns representations of spatial relations such as larger,
wider, and above.

Figure 4: Macrostructure of the DORA network.
DORA learns structured relational representations in a
format we have termed LISAese (after the LISA model of
Hummel & Holyoak, 2003). Figure 5 illustrates a
representation of the above (ball, paddle) in LISAese. A
proposition in LISAese is represented as a hierarchy of
progressively more localist units. At the bottom of the
hierarchy, feature units encode the properties of objects and
relational roles (or predicates). In the token layers, T1 units
conjunct sets of features into tokens of specific objects and
roles (e.g., a unit might specify that a paddle object has

Figure 5: Representation of the proposition above (ball, paddle)
in DORA. Color of units indicates temporal sequence. The blue
and red higher and ball units fire in sequence, followed by the
orange and green lower and paddle units. When higher and ball are
active, the purple higher+ball T2 unit is active. When lower and
paddle are active, the brown lower+paddle T2 unit is active. The
grey above (ball, paddle) P unit is active throughout. At time t(1),
blue, purple, and grey units are active; at time t(2) red, purple, and
grey units are active; at time t(3) orange, brown, and grey units are
active; at time t(4) green, brown, and grey units are active.
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Figure 6: An example of the compression process. The model starts with two propositions that share an object bound to two roles
simultaneously in the driver. The model builds a ternary relational structure in the recipient, where the same object is connected to a higherorder compressed predicate represented by the connections to the two higher-order feature units.

Compression
Solving visual reasoning tasks such as SVRT requires more
than simple metric spatial relations. The SVRT problems
require representing more complex relations such as inside,
same_shape, in_contact, and so forth. The next component of
the pipeline is compression, a mechanism for combining
multiple learned predicates into more complex predicates.
This is the phase where the pipeline leans by synthesis. For
example, concepts like supports can be represented as a
combination of below and in contact. In addition,
compression allows the model to conserve resources by
reducing multiple predicates that require binding resources
into a single predicate. The compression routine accounts for
data from a study of human category learning in which
participants learned categories defined by novel
combinations of relations (Shurkova & Doumas, 2021).
The compression routine runs in DORA if an object in
active memory is bound to two or more roles simultaneously.
Figure 6 demonstrates the process which compresses two
roles an object is bound to into a more complex higher-order
role represented by two higher-order features (here, between).

Figure 6a shows an example of two relational structures in
the active memory, where one of the objects is bound to two
roles simultaneously (y is bound to h and l). As seen in Figure
6b, first, this object is activated in the driver. The model
recruits a copy of an object unit in the recipient along with
the T2 and T3 units in the higher levels of LTM. Next (Figure
6c-d) the roles bound to the object compete through lateral
inhibition and become active in sequence. The active
predicate unit in the driver with no active unit in the recipient
signals the model to recruit a higher-order feature unit which
learns the connections to the features of the active predicate
(see Hummel & Holyoak, 2003). Figure 6f demonstrates how
the rest of the original propositions are added to result in a
higher-order ternary proposition shown in Figure 6g.
The compression routine allows DORA to build
representations that are structured—i.e., they can be bound to
arguments—and facilitates learning important compositional
concepts like supports or inside.
Relevant Dimension Isolation
Thus, the pipeline model learns complex relations by
compressing simpler ones, learned previously. However, it

1207

would be useless for the model to compress all simple
relations it has learned. To compress the correct relations, the
model needs to select them somehow.
We account for this phenomenon with a simple
mathematical model. The model is a supervised highsensitivity Bayesian model represented as:
p(θ|Xi) = f(Xi|θ) p(θ),
where p(θ) is the prior of relevancy of a simple relation,
f(Xi|θ) is the model of comparing the instances of stimuli, and
p(θ|Xi) is the posterior. The initial assumption is that all
dimensions are equally relevant.
In brief, the model is fed instances of stimuli that exemplify
a particular complex relation, such as ‘inside’. We take this
step to be equivalent to a child receiving labels for similar
observed instances. The model compares across these
instances and updates the posterior for the presence or
absence of a particular simple relation in the exemplars. The
model keeps the simple relations that are maximally
predictive of the complex relation.
Relational Reasoning
The last component of the pipeline, shown in blue, is the
reasoning module, which can perform tasks such as
schematisation, generalisation, and/or categorisation. These
processes are based on the LISA/DORA mapping algorithm
(Hummel & Holyoak, 2003). The model compares sets of
structural representations and learns mappings between
elements that have alignment. The details of these
mechanisms are provided in Doumas et al. (2008). In brief,
the model represents the stimulus in the driver with the set of
relational structures learned during the pretraining phase,
queries the LTM, tries to map the structures in the driver and
the recipient, and attempts to categorise with feedback.

Simulations
Pretraining
The model started with no knowledge (i.e., all connections
with weight zero). We gave DORA experience to novel 2D
shapes designed to be completely unlike SVRT images (e.g.,
Figure 7). Specifically, we gave DORA exposure to 600
images like those in Figure 7, each containing between 2 and
6 objects. During each exposure, the image was run through
the image pre-processor, which identified the contours, called
an enclosed contour an object, and represented the object in
terms of its absolute metric dimensions in pixel space, and
the proxy JIM model, which represented each object in terms
of its constituent “geons”. The output of these systems was
encoded in DORA’s LTM as object units connected to feature
units representing the raw pixels. DORA then attempted to
compare sets of images and learned representations of simple
spatial relations in an unsupervised fashion as described
above (see Doumas et al., 2022 for details).

After the initial representation learning, we gave the model
a set of labelled instances to teach it more complex concepts.
We gave the model 40 labelled instances of 18 more complex
concepts like inside, same shape, to the centre, on a diagonal
(12 were concepts that were important for the SVRT
problems, and 6 were unrelated concepts so that not all
DORA’s complex representations were directly relevant to
the SVRT). This portion of the training was semi-supervised,
as all 40 exemplars for a concept were presented sequentially,
and labels in DORA served as an invitation to compare.
When DORA received the first two instances of a concept it
compared them (because of their shared label) and attempted
to perform relevant dimension isolation and compression.
The result was compared the next exemplar from the
sequence, and so on for all 40 exemplars. After learning, the
model had learned representations of all 18 complex
concepts.

Figure 7: An example of a pretraining image for the model.
Synthetic Visual Reasoning Task
After pretraining, we fed the model SVRT problems, one at a
time – the same way the human participants solved them in
the original study (Fleuret et al., 2011). The model ran the
same algorithms, without the learning, on SVRT problems.
When the model saw the first exemplar, it represented it in
terms of relations that it has already learned and guessed the
category. With the consecutive exemplars, the model looked
at an image, represented it in terms of the relations, and then
by performing mapping with the first exemplar tried to
identify which relations were predictive of category
membership.
SVRT consist of 23 visual problems. The images in each
problem need to be classified into two categories based on a
combination of relations, such as bigger_than, inside,
in_contact, form_a_line, etc. See Figure 1 for an example.
There were 20 human participants in the original study.
Participants solved all 23 problems in one sitting. They were
presented with one image at a time. If the participant
categorised 7 consecutive images correctly, the problem was
counted as “solved” and the next problem was presented. If
the problem was not solved in 35 trials, it was counted as a
“fail” and the participant moved to another problem.

Results and Discussion
Figure 8 provides the results of the simulations. One instance
of DORA ran through all the problems in a sequence. One
DORA run was counted as one participant. The graph in
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Figure 8: The results of running the visual reasoning model on 23 SVRT problems compared to the performance of human participants in
Fleuret et al. (2011).

Figure 8a shows the average number of attempts it took
human participants and DORA to solve each problem; a
successful attempt was a streak of 7 successful categorisation
trials; the attempts with the streak of less than 7 were
unsuccessful.
The graph in Figure 8b shows the proportion of fails on
each problem: a participant (or an instance of DORA) had
failed to solve a problem if 35 instances were categorized
without success.
Humans were able to solve almost all problems with few
fails. DORA did as well as humans on some of the problems
and outperformed humans on others. We return to DORA’s
“superhuman” performance in the General Discussion.
DORA’s performance is in stark contrast to traditional ML
approaches as it learns to perform the SRVT very quickly and
generalises prior knowledge from a completely different
context (exposure to unrelated shapes) to the SVRT (just as
humans do). While CNNs are trained on an order of a million
of examples for each problem (e.g., Kim et al., 2018) DORA
is able to solve SVRT from 2-5 exemplars, one problem after
the other.
On two problems that DORA failed, several stimuli were
problematic to classify as “same shape” upon examination.
When the “bad” stimuli were omitted, the model did not fail.
As we do not have human data from the original study on
which stimuli in each problem human participants found
problematic to classify, it would be interesting to run a study
examining whether DORA finds the same stimuli difficult to
categorise.

General Discussion
We have proposed a visual reasoning pipeline that is able to
solve visual categorisation problems from pixels. The
pipeline is composed of components motivated by successful
psychological theories. We have shown that the resulting
model outperforms machine learning systems in visual SVRT

tasks and does a much better job matching humans’
behaviour on these tasks. In addition, our results add to the
growing body of work (e.g., Doumas & Hummel, 2010;
Lovett & Forbus, 2017) positing that aspects of visual
reasoning might be best modelled by a system that represents
and reasons about relations.
While on some of the SVRT problems DORA’s
performance closely matched the performance of human
participants, on other problems DORA’s performance was
superhuman. In short, while humans tended to be very good
at most of the SVRT problems, they did struggle on a few,
and DORA showed no such difficulty, performing well on all
problems. However, unlike human participants, DORA had
perfect memory, had no bias as to which relations to focus
on, had a much smaller representational vocabulary, and its
ability to focus on the task without attending to distractors as
humans do. In the future we will work to identify the source
of DORA’s advantage, which will serve as an opportunity to
falsify the approach if it is not subject to the same limitation
as humans.
This work provides evidence for efficacy of taking
psychological theories and data as a very real motivator for
computational reasoning systems. We argue that it is fruitful
to investigate integrating successful computational
psychological accounts with some combination of ML
methods as necessary, particularly for blackboxed
components and using psychology-motivated models for
more comprehensive theory building. Thus, instead of taking
successful ML components and having them stand as proxies
for psychological theory, what we do is we take successful
psychological models and create a fuller account of some
cognitive phenomena.
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Abstract
Prior work has shown a “natural” preference in the Verb Phrase
for direct object Nouns to linearly precede the Verb. There is
also evidence of a “natural” preference in the Noun Phrase to
order Nouns before Adjectives. Given this, we asked how
domain-general biases like regularization and languagespecific biases like the preference for “natural” orders could
jointly contribute to the emergence of these two common word
orders cross-linguistically. Using a silent gesture paradigm (in
which we presented iconic gestures without speech), we
exposed different participants to competing Verb Phrase
(NounVerb vs. VerbNoun) and Noun Phrase (NounAdj vs.
AdjNoun) word orders at varying frequencies. In Noun Phrase
contrast conditions, we found that regularization was greatest
when the domain-general bias towards regularization and the
linguistic bias to order Nouns before Adjectives were aligned.
In Verb Phrase conditions, participants regularized to the same
extent regardless of input: They opted for greater regularity,
even at the expense of aligning with underlying word order
biases. We discuss the implications of our work for
understanding the effects of domain-general biases on
language.
Keywords: Regularization, Frequency,
Gestures, Word Order, Adjective Order

Learning

Biases,

Introduction
In order to talk about an event going on in the world, speakers
have to make choices – they have to decide what to mention
or not mention about an event as well as how to talk about the
event. In particular, they have to determine the order in which
to mention the different components – the Agent, the Patient,
or the Action – of the event. Although there are a number of
different ways in which they can do this, speakers in most of
the world’s languages tend to do so using one of two orders
– the SOV or SVO order (Dryer, 2013b).
These two word orders are represented to similar degrees
among the current languages of the world. However, there is
evidence to suggest that there is an underlying cognitive bias
towards the SOV order (e.g., Goldin-Meadow, So, Ozyurek,
& Mylander, 2008; Langus & Nespor, 2010; Futrell, Hickey,
Lee, Lim, Luchkina, & Gibson, 2015). Using the silent
gesture paradigm, in which hearing participants are asked to
communicate what happened in an event using only their
hands, initial work by Goldin-Meadow et al. (2008) showed
that, when gesturing about simple transitive events (e.g., a
woman twisting a knob), speakers overwhelmingly

mentioned the arguments in the Verb Phrase using the
NounVerb, rather than the VerbNoun, order: Regardless of
language background, people expressed the direct object, i.e.,
the Noun, before expressing the Verb. Moreover, in line with
these results, the world’s newest languages, including AlSayyid Bedouin Sign Language (Sandler, Meir, Padden, &
Aronoff, 2005), and the homesigning systems of deaf
individuals (Goldin-Meadow & Mylander, 1998) have also
tended towards the SOV order. Later work using the same
silent gesture paradigm has extended those findings, showing
that the “natural” preference for (object) NounVerb word
order may be modulated by additional factors – such as the
animacy (Meir et al., 2017), reversibility (Gibson et al., 2013;
Hall, Mayberry, & Ferreira, 2013), and whether the event is
intensional or extensional (Schouwstra & de Swart, 2014).
Nevertheless, there is general agreement that NounVerb
order is expected for prototypical, animate-inanimate events.
In the Noun Phrase, a similar picture has emerged: Some
initial evidence has pointed toward an underlying cognitive
bias in the ordering of Nouns and their modifying Adjectives.
Cross-linguistically, for instance, roughly 64% of the world’s
spoken languages order Nouns before Adjectives compared
to the roughly 27% with the reverse order (Dryer, 2013a).
Recent work has also shown the NounAdj order to
predominate in signed languages (Coons, 2022). In addition,
there has been some initial evidence for a NounAdj bias from
silent gesture studies by Culbertson at al. (2020), who
reported that the two most frequent word orders among
English silent gesturers to be the Dem-Num-Noun-Adj and
the Dem-Noun-Adj-Num orders. Although the bias to order
Nouns before Adjs is certainly deserving of further
investigation, these results do nonetheless provide strong
initial support for a similar “natural” preference in the
ordering of the Noun Phrase. Taken together, then, studies
using the silent gesture paradigm have shown that cognitive
biases in the non-verbal representation of events as well as
objects can play an important role in motivating the word
order of languages, more generally.
Building on these initial findings, more recent work has
argued that broad typological tendencies in language are
unlikely to be the product of domain-specific biases like the
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preference for “natural” orders alone. Instead, these studies
have argued that broader cross-linguistic tendencies are
attributable to the way that domain-general cognitive biases
– in particular, the well-known bias towards regularization
(Hudson Kam & Chang, 2009; Hudson Kam & Newport,
2005, 2009; Singleton & Newport, 2004; Smith &
Wannacott, 2010) – operate on biases specific to the domain
of language (Culbertson & Kirby, 2016; Ferdinand et al.,
2019; Motamedi et al., 2021a; Motamedi, Wolters,
Schouwstra et al., 2021; Saldana, Smith, Kirby, &
Culbertson, 2021).

The Current Study
The aim of the present work is, therefore, to further
understand how domain-general biases such as the bias
towards regularization interact with two different ordering
biases in language: the ordering of elements inside the Verb
Phrase and the Noun Phrase. To do this, we use the silent
gesture regularization paradigm initially introduced by
Motamedi et al. (2021a). In this paradigm, participants are
initially shown an event and then trained on two competing
word orders (e.g., NounVerb versus VerbNoun or NounAdj
versus AdjNoun) that describe the event using only gesture.
In a departure from traditional silent gesture studies in which
participants spontaneously produce their own gestures, we –
following Motamedi et al. (2021a) – ask participants to
complete a forced choice task where they select between the
two training orders and see which of the two orders (if any)
is over-produced, i.e., regularized, at test.
We expect participants to regularize to a greater extent
when the bias to regularize coincided with their “natural”
ordering preferences (Goldin-Meadow et al., 2008). When
contrasting the order of the Noun versus the Verb, for
instance, we thus expect participants to regularize to a greater
extent when majority of their input is NounVerb, compared
to when it is VerbNoun. Likewise, when contrasting the order
of Nouns versus Adjectives, we expect participants to
regularize more in conditions where the majority of their
input is NounAdj compared to cases where it is AdjNoun. We
also compare rates of regularization in the Verb Phrase versus
Noun Phrase contexts, though predictions here are less clear.

(i.e., motion back and forth). The gestures and timing of these
vignettes was identical except for the order in which the
gestures occurred. Specifically, gestures were performed in
one of four orders: (i) the Adj-Noun-Verb (ANV), (ii) NounAdj-Verb (NAV), (iii) Verb-Adj-Noun (VAN), or (iv) VerbNoun-Adj (VNA).
Procedure The structure of the experiment was the same for
both the NounVerb and NounAdj contrast conditions. During
an initial training phase, participants were exposed to an
event clip followed by a gesture vignette. Each event clip was
seen four times, each time paired with one of two different
gesture vignettes. Critically, though, the frequency with
which they saw each of these different vignettes differed by
condition. In the Majority NounFirst condition, participants
saw the NounFirst order in 75% of the training trials for any
given event and the alternative NounLast order in 25% of the
training trials for that event. In the Majority NounLast
condition, these frequencies were reversed. In total,
participants were shown 12 event-gesture pairs.
During the test phase, participants were shown an event
and asked to decide which of two orders best described the
event. Participants completed 16 total test trials; twelve of
these included the exact same event-gesture pairs previously
seen during training while an additional four trials required
them to select between one of two gesture vignettes depicting
a completely new, previously unseen event clip (Kirby et al.,
2008; Motamedi et al., 2021a; Motamedi et al., 2021b).
Table 1: List of Conditions

Methods
Participants Data from 320 native English-speakers
recruited from Prolific were submitted to analysis. They were
all at least 18 years of age and reported little to no prior
experience with sign language.
Materials We created four different event clips. Each clip
was 3-4 seconds in length and depicted a person performing
a simple action (e.g., a person waving a zigzag patterned
spoon back and forth). Three of these event clips were shown
to participants during an initial training phase while a fourth,
held-out event was only shown during the test phase.
Each event clip was accompanied by four distinct gesture
vignettes. These gesture vignettes always consisted of three
gestures: a Noun-denoting gesture (i.e., spoon), an Adjectivedenoting gesture (i.e., zigzag), and a Verb-denoting gesture

Contrast

Majority Order

NounVerb

NounFirst

MajOrder (75%) MinOrder (25%)
NAV-VNA

NounVerb

NounFirst

ANV-VAN

NounVerb

NounLast

VNA-NAV

NounVerb

NounLast

VAN-ANV

AdjNoun

NounLast

ANV-NAV

AdjNoun

NounFirst

NAV-ANV

AdjNoun

NounLast

VAN-VNA

AdjNoun

NounFirst

VNA-VAN

We thus manipulated two factors, ContrastType (AdjNoun
vs NounVerb) and Majority Order (Majority NounFirst vs
Majority NounLast), producing a total of four distinct
between-subject testing conditions. But, because our gesture
sequences consisted of three elements, we created an
additional four conditions, which varied only the order of the
non-target element in the sequence. We tested, for instance,
NounAdj ordering preferences both when the non-target verb
element followed the entire Noun Phrase (ANV-NAV) and
when it preceded the Noun Phrase (VAN-VNA). This
produced a total of eight different between-subject conditions
to which participants were randomly assigned (Table 1).
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Results
The degree to which participants regularized their initial
input was quantified via change in Shannon’s entropy
(Shannon, 1948), which we calculated by subtracting the
input entropy from the output entropy for each. The input
entropy, the entropy score for the original training stimuli,
was always .81 bits because vignettes were always shown in
a 3:1 ratio. The output entropy for each participant was
determined based on the ratio at which the two vignette
variants were selected at test. Thus, negative Entropy Change
scores indicate less variation at test than during training with
smaller (i.e., more negative) scores corresponding to greater
degrees of regularization at test.
NounVerb Order Figure 1 (Left) shows the mean Entropy
Change score for each of the NounVerb Contrast conditions.
For each condition, we first ran an intercept-only linear
model to see whether there was any evidence of
regularization at all. In line with what is shown in Figure 1,
Entropy Change scores were significantly less than zero in all
conditions meaning that there was more regularity (p’s <
.001) in participants’ responses than in the initial training
stimuli.
When we compared rates of regularization across
conditions, though, we failed to find any significant main or
interaction effects relating to either Majority Order (p’s > .2)
or to the location of the non-target adjective (p’s > .2). This
suggested participants in the NounVerb Contrast conditions
regularized to the same extent, regardless of input.
To take a closer look at which orders participants were
regularizing towards, we also analyzed the proportion of
Majority Order selections made by participants at test (Figure
2, Left). These analyses yielded no significant main or

***

***

***

interaction effects involving either Majority Order (i.e.,
NounFirst versus NounLast) or adjective location (p’s > .09),
meaning that participants selected the Majority Order
vignette to the same extent regardless of whether the majority
of their input as NounFirst or NounLast and regardless of the
location of the non-target adjective. The proportion of
Majority and Minority Order selections for each condition in
the NounVerb Contrast is given in Table 2.
Table 2: Proportion of Selections by Condition in the
NounVerb Contrast
ConditionID
NAV-VNA

Prop. Maj. Order
Selections
.72

Prop. Min. Order
Selections
.28

ANV-VAN

.59

.41

VNA-NAV

.66

.34

VAN-ANV

.71

.29

NounAdj Order Figure 1 (Right) shows Entropy Change
scores in each of the NounAdj Contrast conditions. We again
ran an intercept-only linear model to determine whether there
were significant decreases in Entropy (i.e. variation) within
each condition. We found significant Entropy reductions in
only the conditions where the Majority Order was NounFirst
(p’s < .001); Majority NounLast conditions did not show any
significant differences from zero (p’s > .1), meaning that
there was no evidence of regularization in these conditions.
Comparisons across conditions showed a similar pattern of
results. There was a main effect of Majority Order (β = 0.17,
SE = 0.06, |t| = 3.00, p < .01), such that participants

***

***

***

Figure 1 Mean Entropy Change scores in each condition of the NV Contrast (A) and NA Contrast (B). Majority Orders are
listed first. Negative scores point to evidence of regularization. Error bars indicated bootstrapped 95% CIs.
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regularized to a greater extent when the majority of the input
that they received was NounFirst, compared to when the
majority of their input was NounLast. This is true regardless
of the position of the non-target Verb element: we failed to
detect any main or significant interactions involving the
location of the Verb (p’s > .4). In other words, unlike in the
NounVerb Contrast, there were significant differences in the
degree to which participants regularized across conditions: In
the NounAdj Contrast, participants regularized significantly
more when the majority of their input was in the NounFirst
order compared to when it was the NounLast order.
As before, we analyzed the proportion of Majority Order
selections made by participants (Figure 2, Right). The
proportion of Majority and Minority selections in each
condition of the NounAdj Contrast is given in Table 3.
Comparison across conditions revealed a significant main
effect of Majority Order (β = -1.16, SE = 0.46, |z| = 2.53, p <
.05) such that participants were more likely to select Majority
Order vignette when that vignette was in the NounFirst
configuration. Effects involving Verb Location did not reach
significance, suggesting that the Majority Order effect did not
depend on the location of the non-target Verb element.
NounVerb vs NounAdj Comparison Finally, we compared
the Entropy Change Scores between NounVerb and NounAdj
Contrast conditions. Interestingly, we found a main effect of
Contrast Type (β = 0.14, SE = 0.04, |t| = 3.45, p < .001), such
that participants regularized more in the NounVerb Contrast
than in the NounAdj Contrast. This effect was modulated by
a significant Contrast x Majority Order interaction (β = 0.23,
SE = 0.08, |t| = 2.78, p < .01) indicating that the difference
between Contrast Types was largely driven by lower rates of
regularization in the NounLast Majority Order conditions for
the NounAdj Contrast.

Table 3: Table 2: Proportion of Selections by Condition in
the NounAdj Contrast
ConditionID
NAV-ANV

Prop. Maj. Order
Selections
.78

Prop. Min. Order
Selections
.22

ANV-NAV

.57

.43

VNA-VAN

.73

.28

VAN-VNA

.63

.37

Discussion
The aim of this work was to further understand how domain
general biases, such as the bias towards regularization,
interact with word order biases in language to drive the
development of NounVerb and NounAdj word orders crosslinguistically. To that end, we used a silent gesture perception
study modeled after recent work by Motamedi et al. (2021a)
and examine the degree to which participants would
regularize the order of the elements in two different syntactic
contexts – the Verb Phrase and the Noun Phrase.
In both cases, we predicted that speakers would regularize
towards the dominant input order to a greater extent when
that order coincided with the “natural” preference to order
Nouns before Verbs (e.g., Goldin-Meadow et al., 2008) and
Nouns before Adjectives (Culbertson et al., 2020).
This prediction was born out in the NounAdj condition.
Here, Entropy Change scores showed that English-speaking
participants did, indeed, regularize their input, but only when
the majority of their input during training was in the
NounFirst configuration (e.g., in NAV or VNA orders) – the
order that appears most frequently across the world’s
languages (Dryer, 2013). We did not, by contrast, find any

Figure 2 Mean proportion of Majority Order selections for each condition of the NounVerb (Left) and NounAdj (Right)
Contrasts. Each individual point represents a single participant. Majority Orders are listed first. Error bars indicate 95% CI.
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evidence of regularization when the majority of their input
was in the NounLast configuration (e.g., in ANV or VAN
orders), even though this was the more English-like word
order. Rather, analyses over the proportion of Majority versus
Minority orders selected showed that the reason why we
failed to find evidence of regularization in these latter
conditions was because participants in these conditions were
overproducing the typologically dominant NounFirst order,
not the Majority NounLast order. That is, they selected the
typologically dominant, “natural” NounFirst order in over
55% of trials, even though these orders comprised only 25%
of their input.
Our results also add to the growing body of work
(Culbertson & Kirby, 2016; Ferdinand et al., 2019; Motamedi
et al, 2021a) geared towards understanding the potentially
different ways in which domain-general biases are
operationalized in linguistic contexts. In particular, results
from the NounAdj Condition suggest that one important
contributor to the prevalence of NounAdj word orders, crosslinguistically, may be the presence of a domain-general
biases like the bias towards regularization acting in
confluence with the more specific word order biases that
might exist when people are engaged in a linguistic task.
Likewise, the lack of regularization in the Majority
NounLast conditions suggests that the presence of
typologically less frequent orders like the AdjNoun order
may be the product of domain-general biases working in
competition against language-specific biases. Given that
AdjNoun orders do nevertheless appear in roughly 27% of
languages, though, an interesting avenue for future work is
the contexts under which participants in the Majority
NounLast conditions would eventually regularize towards the
AdjNoun order.
In the NounVerb Contrast conditions, however, we found
a different pattern of results. Unlike in the NounAdj Contrast
conditions, where participants regularized their input in only
the “natural” Majority NounFirst conditions, participants in
the NounVerb Contrast conditions regularized towards the
majority order to the same extent in both the Majority
NounFirst and Majority NounLast conditions. That is,
participants extended the majority order both when that order
was in the “natural” NounFirst configuration and when it was
in the “unnatural” NounLast configuration.
The fact that participants actually regularized their input to
a greater extent in the NounVerb than in the NounAdj
Condition points to an interesting possibility – specifically
that the desire to achieve regularity in NounVerb word orders
may overwhelm the more domain-specific bias towards any
particular word order. If this is the case, then, an important
avenue for future research will be determining precisely why
participants were more willing to violate their “natural”
ordering preferences in NounVerb compared to NounAdj
conditions.

Here, one possibility may be that the strength of the bias
for the NounAdj order in the Noun Phrase is simply stronger
than the strength of the bias for NounVerb in the Verb Phrase.
Some evidence for this comes from the fact that the
overwhelming preference for the NounVerb order found in
silent gestures production has not translated to the
prominence of the SOV order cross-linguistically. Moreover,
historically, there have been many examples of languages
evolving from the SOV to what some have argued to be the
more “stable” SVO order (e.g., Newmeyer, 2000; Bauer,
1995; Kiparsky, 1996; Leinonen, 1980; Fisher, 1975; among
others). When compared to the clear-cut preference for the
NounAdj in both silent gesture studies and among the world’s
languages, the parity of the SOV versus SVO orders crosslinguistically may suggest that the cognitive preference to
order Nouns before Verbs may be more vulnerable than the
preference to order Nouns before Adjs.
An altogether different possibility for the higher rates of
regularization in the NounVerb versus NounAdj contrasts
may be related to the status of Adjectives versus direct object
Nouns in the conceptual representation of an object/event – a
distinction that is reflected in the Adjunct versus Argument
status of Adjectives versus direct objects syntactically. In
particular, when describing transitive events like the ones
used in our study, the object Noun is an inextricable argument
of the Verb: one cannot simply “toss”, one must toss
something. Adjectives, by contrast, are not vital to the
interpretation of the Noun. In this case, one reason why
participants may have been more willing to violate their more
natural preferences for the sake of regularity may be related
to differences in the conceptual relationship between a Verb
and its direct object versus a Noun and its Adjective, rather
than in the strength of the bias, itself.
Complicating both of these accounts, though, is the open
issue of why participants in the NounVerb Contrast of our
study demonstrated an unexpected willingness to also
regularize the “unnatural” NounLast (i.e., VerbNoun) word
orders – especially given that participants in Motamedi et
al.’s study (2021a; extensional conditions), which used the
same paradigm that we did here, did no such thing. Here, one
possibility may be the way in which events were depicted in
our study versus in Motamedi et al. (2021a). Specifically,
whereas participants in our study were shown videos
depicting dynamic motion, participants in Motamedi et al.,
(2021a) were shown static images representing each of the
events. In addition, to reduce the complexity of the task for
our participants, we chose to “background” the entity
performing the action by making sure that their face was out
of frame in the event clips (and by omitting the Subject from
gesture sequences).1 The same was not true for the stimuli
used in case for Motamedi et al. (2021a); in their stimuli, the
entity performing the action was always apparent in the
images used to depict the event. It is possible, then, that

1
We thank an anonymous reviewer for pointing out separate ways
in which “backgrounding” the Agent in the event may change the
way in which the event is interpreted and then subsequently
described. While we cannot fully rule out the possibility that

“backgrounding” the Agent led viewers to construe the spoon item
as the Subject of the event (e.g., as ‘a spoon moving back and forth’),
initial data gathered from a written production version of this study
does not seem to support this possibility.
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participants in our study were particularly willing to
regularize the “unnatural” NounLast order because the
NounLast – i.e., VerbNoun – order allowed them to mention
the most salient aspect of the event, the motion, first. While
additional work is required to investigate the role that this
type of salience might play on the bias towards ordering the
direct object Noun before the Verb, this account does appear
to be broadly consistent with prior work looking at the ways
in which the natural preference for the NounFirst order can
be modulated (Meir et al., 2017; Gibson et al., 2013; Hall,
Mayberry, & Ferreira, 2013; Schouwstra & de Swart, 2014).

Conclusion
Extending work by Culbertson et al. (2020), the studies
presented here introduced a direct comparison between
NounFirst versus NounLast word orders and provided
additional evidence that the prevalence of the NounAdj order
cross-linguistically may stem from the bias towards
regularization acting in conjunction with the underlying
cognitive bias towards the NounAdj order. An important
avenue for future work may be investigating the different
speaker-internal (Culbertson et al., 2020; Hall et al., 2013)
and speaker external factors (Gibson et al., 2013) ultimately
underlying the bias for post-nominal adjectives.
At the same time, our results appear to pose an interesting
exception to prior work (e.g., Saldana et al., 2021) pointing
towards uniformity in the strength of the regularization bias
across levels of linguistic structure (e.g., morphological
versus syntactic structure). In particular, differences in the
extent to which participants were willing to regularize
competing word orders in our NounVerb versus NounAdj
Contrasts suggest that the domain-general bias towards
regularization may also depend on the type of construction.
We believe that an interesting avenue of future work will be
investigating why this may be the case.
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Abstract
A number of findings suggest that people’s expectations about
the future are unrealistically optimistic (e.g. Sharot et al.,
2011). This bias is thought to result from the “motivational
modulation” of evidence, driven by the desire to feel positively
about one’s own future (Sharot, 2011). However, evaluating
“bias” in belief revision requires careful comparison against
a rational standard, and recent arguments and findings (Shah
et al., 2016) give reason to doubt much of the evidence for
optimism bias. Descriptive Bayesian models allow for a direct comparison of human belief updating against the Bayesian
rational standard (Tauber et al., 2017). Here, these analyses
indicate widespread “conservatism,” or weaker-than-rational
belief revision. However, in contrast to the widely-reported
“optimism bias,” participants more commonly displayed pessimism than optimism in their belief revision. Both effects
were marked by significant heterogeneity, with a sizable fraction of participants engaging in largely rational updating.
Keywords: Cognitive Psychology; Belief updating; Motivated
reasoning; Bayesian computational models

“The truth hurts” or so you may have variously heard from
poets, singers, and philosophers—from Twain, Nietzche, and
Lizzo alike.
The formation and maintenance of veridical beliefs in light
of new experiences is a key function of cognition. Accurate
beliefs are essential to inform adaptive action in the present
and plans for the future. Nevertheless, some truths can sting:
It can be hard to accept that a leader has betrayed us, that
our actions have hurt others, or that our hopes for the future
are unlikely to be realized. In such cases, truth-seeking might
compete with other motivational factors: for instance, people
might seek to maintain face within their ingroup (e.g. Kahan,
2013), preserve their positive self-concept (e.g. Dunning et
al., 1989; Sanitioso et al., 1990), or feel good about the future
(Sharot et al., 2011; e.g. Sharot, 2011).
Consistent with the idea that such motivated reasoning is
pervasive (Kunda, 1990), a large body of findings suggest that
people’s expectations about the future are unreasonably rosy
(Chowdhury et al., 2014; Sharot et al., 2011; e.g. Sharot,
2011; Weinstein, 1980). This “unrealistic optimism” is typically thought to reflect a self-serving bias to feel positively
about one’s own future. This desire affects how new experiences and information are interpreted, leading to the “motivational modulation” of evidence (Sharot, 2011) and the discounting of “bad news.”
In a now-classic study, Sharot and colleagues (2011) asked
participants to estimate their own personal risk for a number

of different positive and negative life events. Then, they presented those participants with information on the true base
rate risk for those events in the population and asked them to
again estimate their own personal risk. Many studies report
that the differences between participants’ initial and updated
estimates are greater (in magnitude) when the base rate was
lower than participants’ own estimates for negative events and
higher for positive events. From this, researchers have concluded that people are optimistically biased in their belief updating (e.g. Chowdhury et al., 2014; Kuzmanovic et al., 2015;
Sharot et al., 2011).
However, Shah and colleagues (2016) identified serious
flaws in the logic of these belief updating experiments. Most
fundamentally, these original studies do not provide sufficient
information to determine whether the information being presented to participants constitutes good or bad news. This is
because people’s perceptions of their own personal risk and
baseline risk are not necessarily the same. Alice might reasonably believe that the risk for skin cancer in the general
population is 3%, but that her own risk is 10% given her
complexion, family history, and so forth. And Bob might
reasonably believe that the prevalence of skin cancer in the
general population is 10%, but that his own risk is 5% given
his own personal characteristics. Suppose these two are both
informed that the true risk is 6%. Intuitively, it should be clear
this is bad news for Alice (being higher than they expected)
and good news for Bob, but the procedures used by previous
research (e.g. Sharot et al., 2011) would reverse these categorizations.
Determining whether people’s belief updating is biased
and could therefore constitute evidence for motivated reasoning requires a comparison against a rational standard. More
broadly, there are a number of examples of apparent biases in
belief revision and formation that can be explained by alternative rational accounts (e.g. Austerweil & Griffiths, 2011;
Chater et al., 2020; Jern et al., 2014; Navarro & Perfors,
2011).
So, is there an optimism bias? And can such a bias be
demonstrated in clear contrast to any competing rational accounts?

A rational model for belief revision
Bayes rule provides a normative, rational standard for belief
updating. According to Bayes’ rule, the posterior probabil-
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ity of a hypothesis given some evidence can be calculated
from the probability of the evidence given the hypothesis (the
likelihood) and the prior probability of the hypothesis in the
absence of this evidence.
P(d|h)P(h)
P(h|d) =
P(d)

(1)

To judge their own personal risk, a rational reasoner would
integrate any knowledge or evidence they possess about their
own relative personal risk with their estimation of the prior or
average risk. This can be expressed simply using the log-odds
form of Bayes Rule, whereby the log odds of the posterior is
the sum of the prior odds and the log of what is sometimes
called an “evidence ratio” (ER).
Posterior log-odds = Prior log-odds + log ER

(2)

The evidence ratio is the ratio of the likelihoods of the
data given the hypothesis, P(D|H)/P(D|¬H) (hence it is also
sometimes called a likelihood ratio). This evidence ratio, or
the evidence an individual possesses (or believes themselves
to possess), can thus be inferred from their estimates of the
base rates and their own risk. After being informed of the true
base rate, a rational reasoner should then update their beliefs
about their own personal risk accordingly, substituting in the
new base rate. With some algebra, the log-odds of the posterior belief can be calculated from the prior base rate estimate,
the prior personal risk estimate, and the true base rate provided. With all terms transformed to log-odds, the schematic
form of the equation is:
Posterior risk =prior risk+
(true base rate − prior perceived base rate)

(3)

Shah and colleagues (2016) use this rational analysis to derive predictions for rational belief updating and attempted to
design studies that could demonstrate evidence for optimism
as compared with a true rational standard. Their results actually provided some evidence for pessimism rather than optimism. However, they note several challenges that complicate
their attempts to address this research question: most fundamentally, issues posed by the boundedness of the probability
scale for the use of additive statistical models.
Fortunately these concerns are relatively straightforwardly
addressed by recent computational advances that simplify the
estimation of Bayesian generalized linear models with nonnormal response distributions. As described in the following section, this makes Shah and colleagues’ (2016) paradigm
an attractive test case for exploring belief updating and motivated reasoning generally. Much of the original foundational
work on Bayesian belief updating concerned reasoning tasks
about entirely artificial contexts, such as flipping coins or
drawing differently-colored balls from urns (e.g. Edwards,
1968). These artificial tasks made it easy to define what is
“rational.” Sharot and colleagues’ (2011) base rate task, as refined by Shah and colleagues (2016), similarly offers a clear

definition of rational belief updating, but in the context of
more ecologically-valid and meaningful beliefs.

Descriptive Bayesian models of belief revision
The methodological challenges raised by Shah and colleagues
(2016) can be addressed by adopting a descriptive Bayesian
approach that estimates deviations from optimality as part of
a Beta regression model predicting posterior beliefs.
The equations above provide an optimal rational model for
belief revision in light of base rate information. But this optimal model can also be extended to form a variety of descriptive Bayesian models that can be used to examine possible deviations from optimality–including biases plausibly evidencing motivated reasoning. Comparisons of these descriptive
models promise a test of motivated versus rational belief updating that is valid by the Bayesian perspective’s own lights.
The equation below expresses the rational model’s predictions for the posterior judgment (µ) given a specific prior risk
judgment (x), the true base rate (b) and the initial perceived
base rate (b̃) for a participant i and item j. Grouping the
last two terms of equation 4 together with parenthesis should
make its appearance familiar: together these last two terms
form the log evidence ratio representing the evidence provided by the true base rate for a person’s personal risk estimate.

logit(µi j ) = logit(xi j ) + logit(b j ) − logit(b̃i j )

(4)

The regression equation above defines a generalized linear
model, where inputs are transformed by the logit function and
responses on the probability scale are connected to the linear
model with a logit link function. This regression equation
can be combined with a Beta likelihood to model people’s
posterior probability judgments (yi j ). The Beta distribution is
a continuous probability distribution for probabilities or proportions, that is naturally bounded in [0, 1]. In the context of
Beta regression, it is parameterized by its central tendency µ
and precision k.
yi j ∼ Beta(µi j k, (1 − µi j )k)

(5)

Under the rational model, the predicted posterior probability is fixed by the equation as written. But under a descriptive Bayesian model, additional terms can be added to capture
how belief revision might deviate from optimality.
Over 50 years of cognitive psychological research has
found that people often do not update their beliefs as they
ought to according to Bayes rule, a phenomenon known as
“conservatism” (Edwards, 1968; Erev et al., 1994; Fischhoff
& Beyth-Marom, 1983). These findings are quite robust, although there is considerable contention about their source
(Erev et al., 1994). They may owe to a general “anchoring”
response-bias (e.g. Slovic & Lichtenstein, 1971) or to imperfect representation of the evidence (Edwards, 1968). Or, apparent “conservatism” may simply reflect an imperfect trust
of the information being provided in cognitive psychological
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experiments (Corner et al., 2010). In any case, the degree to
which participants incorporate new base rate evidence when
updating their beliefs can be captured by adding the multiplicative parameter α to the regression equation.1

logit(µi j ) = logit(xi j ) + αi logit(b j ) − logit(b̃i j )

(6)

Extending this descriptive Bayesian approach further allows for a test of optimism in belief updating. The multiplicative term can be expanded into a linear equation, with
a new coefficient β and a new variable gi j , a binary variable
representing whether the information being presented represents good news (1) or bad news (0). This binary variable is
coded 1 for negative events where participants perceived the
base rates to be higher than the true base rates, 1 for positive
events where participants perceived the base rates to be lower
than the true base rates, and zero otherwise. The β coefficient
thus offers a test of optimism: if β is greater than zero, this indicates optimism (greater incorporation of evidence for good
rather than bad news). If it is less than zero, this indicates
pessimism.

For each event, participants estimated their own probability
of experiencing the event and the average person’s probability of experiencing the event (order counterbalanced across
participants). Then, they were informed of the true base rates
for the event. Finally, they rated their own personal estimate
of their risk after having seen this information. All questions were presented on individual screens and numerical responses were freely typed.
After completing the primary task, participants were also
asked to respond to the Life Orientation Test-Revised (LOTR, Scheier et al., 1994), a measure of personality trait optimism.

Results
All models were implemented as fully Bayesian mixedeffects models using the non-linear syntax functions of the
brms R package (Bürkner, 2017). Model posteriors were
estimated using the No-U-Turn Markov Chain Monte Carlo
(MCMC) sampler implemented in Stan. Four MCMC chains
were run, with 2000 samples (1000 burn-in) drawn from each.
Chains were assessed for convergence with R̂ and the total estimated effective sample size was verified to be greater than
1000 for all parameters (Gelman et al., 2014).


logit(µi j ) = logit(xi j ) + (αi + βi gi j ) logit(b j ) − logit(b̃i j )
(7)

1.0

Observed change

Methods
This study was preregistered (https://osf.io/k4am6). All
data and analysis code are available at https://osf.io/
crp98/.

Participants
A total of 197 participants were recruited through the
CloudResearch survey recruitment platform, which provides
access to a group of prescreened workers from Amazon’s
mechanical Turk work distribution website. All participants
were at least 18 years old and were located in the United
States. Participants were compensated $2.25 for approximately 10 to 15 minutes of participation. Participants who
failed a simple attention check question were excluded from
analysis, leaving a final sample of 186 participants (76 female, median age 36).

0.5

0.0

−0.5

−0.5

0.0

0.5

Predicted change
Figure 1: Predicted versus observed changes in probability
judgments under the descriptive Bayesian model with α parameter across all responses.

Materials and procedures
Twenty potential life events were drawn from a larger pool
of items used by Shah et al. (2016). Ten of the events were
positive (e.g. living to be at least 90 years old), and ten were
negative (e.g. being diagnosed with cancer).
1 If

“mistrust” of the experimentally-provided evidence is the
source of conservatism (as suggested by Corner and colleagues
(2010), then some belief-updating contexts might be better represented as a case of Jeffrey-conditionalization (Jeffrey, 1983). In this
case, an analogous α parameter would represent the probability people assign to the facts presented. However, given that the base rate
information being provided here is a continuous quantity, this may
not be a complete representation of the evidence’s interpretation.

Rational versus descriptive Bayesian models
A rational Bayesian model of belief updating can be used
to predict posterior (i.e. posttest) beliefs a priori, without requiring any parameters be estimated. In contrast, descriptive
Bayesian models must be fit to data.
First, I compared a rational Bayesian model’s predictions
(equation 4) against a descriptive Bayesian model incorporating a multiplicative parameter for each individual participant that estimates the degree to which they incorporate
new evidence into their beliefs (equation 6). This was a
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Optimism/Pessimism
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Figure 2: Forest plots of participant-level α (left) and β (right) parameters from descriptive Bayesian models of belief revision.
Individual estimates for α that do not credibly differ from 1 are highlighted, indicating responses consistent with rational
responding. On the right, estimates for β that are credibly above or below zero are highlighted to indicate optimism and
pessimism.
Bayesian hierarchical Beta regression model that also included population-level parameters for the expectation and
spread of this update multiplier.
Both models can be treated as Beta regressions, where participants’ posterior (posttest) beliefs are distributed under a
Beta distribution parameterized according to its expectation µ
and spread k (equation 5).
These models both predict posterior beliefs, but it is of particular interest how well they capture changes in people’s beliefs. The descriptive Bayesian model generates substantially
better predictions for these changes (R2 = 0.724) than did the
rational model (R2 = 0.62).
Of course the descriptive Bayesian model is far more complex in its parameterization. The models can also be compared formally by ELPDloo , an estimate of the posterior probability of new unseen data given the model and the posterior distribution of its parameters (Vehtari et al., 2017). This
measure, an estimate of leave-one-out cross validation performance, provides an estimate of a model’s ability to generalize
to new data that accounts for differences in model complexity.2 Again, the descriptive Bayesian model is very strongly
preferred (∆ELPDloo = −1843, SE = 136.1).
On average, participants did not update their beliefs as
much as Bayes’ rule prescribes, indicated by the estimated
population-level multiplier parameter, α pop = .60, 95% CI
[.57, .64]. This is consistent with a large body of prior findings demonstrating conservatism in belief revision (Edwards,
1968; e.g. Erev et al., 1994; Fischhoff & Beyth-Marom,
1983). Figure 2 presents a forest plot showing the posterior
distribution of participants’ multiplier parameters. As can be
seen, the clear majority of these estimates are credibly below one, indicating that these participants shifted their beliefs
less than predicted by Bayes rule. In addition, a number of
participants’ estimated multiplier parameters are near zero,
2 Note that this does require one parameter to be fit for the rational

model, capturing the spread of the Beta distribution, k.

indicating they hardly updated their beliefs at all.
Nevertheless, there is substantial heterogeneity across individuals. It is especially worth emphasizing that a substantial
portion of participants’ estimated multiplier parameters do
not credibly differ from 1. Correspondingly, a good number
of participants’ posterior beliefs and belief changes are wellcaptured by the rational Bayesian model (R2 > .90 for 30 of
186 participants). Figure 3 shows predicted belief changes
under the rational model against observed belief changes for
a sampling of participants with different multiplier estimates.
There were some participants who did not substantively
update their beliefs at all in this task. These failures seem
qualitatively different from the under-appreciation of evidence consistent with “conservatism.” One possibility is that
these participants were entirely distrustful of the experimental
context. Another possibility is that they are exhibiting a form
of base rate neglect. Base rate neglect is most commonly
observed when people’s judgments are overly sensitive to diagnostic information, as they apparently neglect prior probability information (a sort of anti-conservatism, Kahneman &
Tversky, 1973; Tversky & Kahneman, 1974). For instance,
people might judge that a “shy student who enjoys math” is
more likely to be a physics major than a psychology major,
neglecting to consider that many more students study psychology than physics.
The base rate updating task here requires some active understanding of Bayesian inference: participants must appreciate that base rates (priors) are relevant to their own personal
risk (posteriors). Some participants may fail to reason about
this appropriately, thereby failing to see the relevance of the
base rate information and neglecting to update their beliefs.

Optimism in belief updating
Optimism or pessimism in belief updating can be examined
by extending the descriptive Bayesian model with an additional parameter sensitive to the valence of the evidence be-
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Figure 3: Illustration of participant-level variation in belief updating. Random participants were sampled from among participants with varying α parameters. Faceted plots show predicted versus observed belief changes under the rational Bayesian
model. Belief updating for participants with α near 1 is largely consistent with the rational model’s predictions. Participants
with α near zero generally fail to update their beliefs. Dashed lines indicate perfect correlation.
ing provided (captured in equation 7 above). This model adds
a predictor indicating whether the news is classified as good
(1) or bad (0), and a multiplicative coefficient that codes for
the difference in updating for good versus bad news. The addition of this parameter substantially improves the quality of
the model fit, as indicated by ELPDloo (∆ELPDloo = −72.8,
SE = 26.5).
Optimism can be tested by examining the β coefficient
in this model, which codes for the difference in the use of
evidence constituting “good news” versus “bad news.” Fitting the model reveals that participants displayed modest pessimism on average, with β’s posterior expectation equal to
-.10 and a 95% credible interval ranging from -.14 to -.06.
Figure 2 (right) presents a forest plot showing the posterior
distribution of participants’ β coefficients. As can be seen,
there is substantial heterogeneity across individual participants. Consistent with the average estimates, a greater number (25 of 186) of participants β coefficient estimates reliably
indicate pessimism at the individual-level, and only a handful
(3 of 186) reliably evinced optimism (by 95% credible interval).
Consistent with this heterogeneity, a number of studies
have explored the potential for individual differences in optimistic belief updating. For instance, Kuzmanovic and colleagues (Kuzmanovic et al., 2015) report that “optimism” in
belief revision was correlated with trait optimism as measured
by the Life Orientation Test - Revised (LOT-R) (Scheier et
al., 1994). In addition, Chowdhury and colleagues (2014)
report finding greater optimism among older adults as compared with younger adults, over and above the effects of trait
optimism.
However, neither age nor trait optimism appears to be cor-

related with “optimism” in belief updating as captured by the
descriptive Bayesian model. Figure 4 shows the inferred optimism parameters (with 95% credible intervals) for all participants against their age and LOT-R scores. As is plain from
the figure, neither are meaningfully correlated with optimism.
One possibility is that prior findings were artifacts of the
flawed measurement paradigm used in these studies. However, despite recruiting many more participants than these
prior studies, the present study is somewhat lacking in its
recruitment of older individuals. Thus further investigation
may be warranted, including studies that recruit participants
more uniformly across the age range and that utilize more experimental trials so as to better estimate individual-level optimism parameters.

Discussion
This study tested optimism in belief revision through descriptive Bayesian modeling. Using Beta regression and a descriptive model inspired by rational analysis, I found evidence for
substantial deviation from normative updating. In particular,
most participants updated their beliefs less than would be expected from the direct application of Bayes’ rule. However,
in contrast to widespread claims of “optimism” in belief updating, I instead found greater evidence for pessimism.
There was substantial individual heterogeneity in both the
conservatism and pessimism effects that must qualify the
population-average findings. A sizable subset of participants
revised their beliefs in ways consistent with an entirely rational model of Bayesian belief updating. These participants
did not exhibit any substantial conservatism, nor was their
updating affected by the valence of the evidence provided. In
addition, a small number of participants did exhibit optimism
as could be reliably inferred from the model’s parameters.
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Figure 4: Scatterplot and least-squares regression line showing the association between age (top) and LOT-R responses
(bottom) and inferred β optimism parameters for individaul
participants. Error bars indicate 95% credible intervals of parameter estimates.

Motivational and Bayesian accounts of belief revision may
be at odds, but there is no reason to expect these theories to be
mutually exclusive. Instead, as these findings indicate, there
is liable to be substantial individual and contextual variation:
some people might be pessimists, perhaps fewer might be
optimists, and many might be relatively even-keeled. Some
people might reason rationally—only to show bias in another
context.
Bearing this in mind, the development and application of
Bayesian versus motivational accounts should be informed
by the prevalence and relative magnitude of deviations from
rationality in belief revision. On average, the findings here
suggest conservatism is a more prevalent and stronger bias
than pessimism. Consider, for example, public health officials trying to persuade people of the benefits of vaccines:
these findings suggest they would be better served identifying and countering the sources of conservatism rather than
pessimism. Moreover, any overall account of biases in belief
revision should be tempered by the understanding that substantial numbers of people are apparently capable of and do
engage in normatively rational belief revision.

Nevertheless, the impacts of affective valence on belief revision remains a worthy area of study with several interesting
avenues for further research.
Pessimism presents some challenges to current motivational accounts of belief revision. According to such accounts, the pursuit of accurate beliefs is but one among many
different motivations that might guide how people form and
revise their beliefs. Perhaps the paradigmatic motivation is
pleasure-seeking—to feel good about ourselves and the future. This is the sort of motivation thought to be served by
optimistic belief updating biases. In addition, some have argued that optimistic biases might even serve some adaptive
functions, such as supporting exploration by reducing anxiety and stress (Scheier et al., 1989; Sharot et al., 2011; Taylor
et al., 2000). However, the present findings suggest that optimistic biases are quite rare and instead pessimistic biases are
more prevalent.
Pessimism runs directly counter to the most immediate and
paradigmatic pleasure-seeking motivations. An alternate motiational account of pessimism could be that lowering one’s
expectations guards against future disappointments, thereby
serving as a regulatory coping mechanism (see e.g. Gul,
1991; Mellers et al., 1997; Powell & Horne, 2018). It could
be further argued that a pessimistic outlook serves adaptive
functions by encouraging defensive planning and preparation
that helps people to weather hardships. If these proposals
seem at all persuasive, this should make clear that current motivational accounts are underspecified, as they can apparently
offer justifications for either optimistic or pessimistic biases.
One potential explanation is that optimistic and pessimistic
motivations compete: that there is an immediate motivation for optimism but also a longer-term motivation for pessimism. Empirical support for this sort of motivational account might be found by quantifying the subjective value of
present anticipation or dread over time against the anticipated
dampening of future negative emotional experiences. Under
a motivational account, people should be optimistic when the
positive feelings associated with the formation of a desireable belief (and then experienced over time) outweigh the
expected increase in negative feelings if a negative outcome
should actually eventually occur. And people should be pessimistic if the negative feelings associated with the formation
and maintenance of an undesirable belief are outweighed by
the expected decrease in negative feelings if the negative outcome should occur.
Altogether, the present findings call for a re-evaluation of
“optimism” in belief revision and of existing theories of motivated reasoning. It may be possible to develop a motivational
account of the present findings of pessimism, but further nuance and investigation are needed to advance such an account.
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Abstract
There is a pressing need to inform the public and drive personal and political action to mitigate climate change. Recent
theorizing suggests that people’s intuitive theories may be key
levers for affecting attitude and behavior change (Weisman &
Markman, 2017). We asked 400 participants to estimate the
probability of different future events related to climate change.
Our findings indicate that people hold coherent theories of climate change, that these theories were predictive of policy positions, and that they varied across individuals and across partisan groups. In particular, political independents and Republicans’s causal models underestimated the impacts of climate
change. We also examined an educational intervention that explains a key mechanism of climate change (Ranney & Clark,
2016). Unfortunately, while the intervention increased mechanistic knowledge, it did not affect participants’ beliefs about
climate outcomes. Nevertheless, the coherence of participants’
intuitive theories gives hope that other educational interventions could have meaningful and systematic effects on policy
attitudes and political behaviors.
Keywords: Intuitive theories; Behavioral interventions;
Bayesian models; Causal reasoning

At 3:20pm on September 19, 2020, the numbers
“7:103:15:40:07” appeared on a massive digital display in
New York’s Union Square. Immediately, the numbers began
counting down. Created by climate activists Gan Golan and
Andrew Boyd, this countdown clock presents the years, days,
hours, minutes, and seconds left before humanity’s greenhouse gas emissions will inexorably lead average global temperatures to rise by more than 1.5 degrees C (Moynihan,
2020). As outlined in the Paris Climate Agreement, levels
of warming beyond 1.5 degrees C are expected to cause irreversible damage. Golan and Boyd’s goal in displaying this
clock was to galvanize climate action through a highly visible
and visceral illustration of climate change’s pressing dangers.
But is this type of grand gesture the most effective communication approach? As the clock counts down, how can social
and cognitive science inform efforts to mobilize political action to avert climate catastrophe?
A growing body of evidence suggests that people’s “intuitive theories” are key determinants of attitudes and behavior,
and therefore key levers for changing those attitudes and behaviors (for a review, see Weisman & Markman, 2017). Intuitive theories are mental models for how the world works that
encode the causal and logical relationships within a domain
(e.g. Carey, 2009; Gelman & Legare, 2011; Gerstenberg et
al., 2021; Gopnik & Wellman, 1994; Keil, 1994). Analogous

to scientific theories, they are thought to underlie humans’
unique ability to reason accurately about rich and complex
domains even from an early age (Gopnik & Wellman, 1994).
Weisman and Markman (2017) have proposed a method
for leveraging intuitive theories to develop educational interventions that bring about behavioral change. To paraphrase,
the approach consists of two main steps: First, research must
assess people’s existing intuitive theories to identify where
gaps or inaccuracies in those theories fail to motivate optimal
decisions or behavior. Then, from these insights, educational
interventions can be designed to fill in these gaps or correct
these misconceptions to bring their intuitive theories closer to
the ideal.
Weisman and Markman (2017) review several case-studies
where researchers successfully deployed this kind of approach to produce attitude and behavior change. In one example, Au and colleagues (2008) focused on teaching children
the importance of washing their hands to minimize the spread
of bacteria and viruses. Research indicates that children’s understanding of viruses and bacteria is generally more mechanical than biological. In order to address this gap in children’s
intuitive theories, Au and colleagues (2008) developed an intervention to teach children that bacteria are living things that
thrive in certain environments such as the human body, but
they are killed by disinfectants and soaps. They emphasized
the importance of washing hands, as people often touch their
eyes, nose, and mouth giving bacteria and viruses the ability
to enter the body. By enriching their intuitive theories, children showed increased understanding of when hand washing was needed to minimize risk of spreading germs, even
in novel situations beyond the direct teachings of the intervention.
In a larger project, we are working to apply Weisman and
Markman’s (2017) approach to motivate action to mitigate
climate change. Our first step is to understand the conceptual structure and workings of people’s intuitive theories of
climate change.
A recent poll by researchers at Yale and George Mason
Universities (Leiserowitz et al., 2021) sheds some light on
Americans’ thinking around climate change. About threequarters of Americans accept that climate change is happening, and 70% are at least “somewhat worried” about it. However, there are also divisions: only about half of Americans
think that they will personally be harmed by climate change
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CO2 (A)

and only 60% understand that it is mostly human-caused.
Americans’ intuitive theories are perhaps most united in being relatively impoverished: most Americans appear to lack
any meaningful understanding of the greenhouse effect or the
general causes of climate change. In an open-ended survey of
270 Americans that asked them to explain the causes of climate change, only 3% mentioned the greenhouse effect (Ranney & Clark, 2016).
To be effective, intuitive theories must encode relevant
causal and logical relationships that support accurate prediction and effective action to bring about desired outcomes.
When people’s theories are wanting, they can fail to support
confident inferences or motivate decisive actions (Weisman
& Markman, 2017). It is clear there is room for many Americans’ intuitive theories of climate change to be improved.
In addition, further understanding of differences across individuals and groups could help us understand the drivers
of skepticism and inform the development of interventions
tailored to different groups. Politics clearly play a crucial
role. Though long-politicized, recently there has been an international rise in skepticism about the realities of climate
change among the political right (Merkley & Stecula, 2020),
and political affiliations strongly influences beliefs in climate
change in the U.S. (Hornsey et al., 2016).
With sufficient understanding of existing intuitive theories,
interventions might be developed to encourage climate action. In this spirit, Ranney and Clark (2016) have developed an educational intervention focused on enhancing participants’ understanding of the physical and chemical mechanisms of climate change that may offer a useful starting point.
The intervention explains the greenhouse effect by describing
the causal connection between the release of carbon dioxide
and the Earth’s increasing global temperature. As expected,
the intervention had a significant effect on participants’ mechanistic understanding of climate change. And, as hoped, they
found the intervention also increased participants’ acceptance
of anthropogenic climate change.

Computational models of intuitive theories

The first and primary goal of this work is to develop a richer
and more formal understanding of the lay theory of climate
change. Recent work has sought to formally model intuitive theories in a number of domains with a variety of different computational approaches (e.g. Battaglia et al., 2013;
Gerstenberg et al., 2021; Gopnik et al., 2004; Powell et al.,
2018). Following these trends, we seek to build a computational model of the intuitive theories of climate change that
should provide the opportunity for sharper tests of psychological theory and help prioritize the development of interventions (Powell et al., 2018; Weisman & Markman, 2017).

Acidification (F)

Sea rise (C)

Warming (B)

Drought (D)Extreme weather (E)

Figure 1: A Directed Acyclic Graph depicting a (partial) intuitive theory of climate change.

As with scientific theories, causal relationships are key
components of intuitive theories. Understanding how causes
bring about effects supports intervening on the world to bring
about desired outcomes, and understanding the causes of effects supports diagnostic inferences that can provide new information. Structural Causal Models (Pearl, 2003) therefore
offer a useful means to formally represent intuitive theories
(Gopnik et al., 2004; Griffiths & Tenenbaum, 2005). These
models consist of a causal diagram called a “directed acyclic
graph” (DAG) that specify the causal relations (represented
as edges in a graph) among different entities (represented as
nodes).
We sought to apply this class of formal models to describe
people’s intuitive theories of climate change. The DAG in
Figure 1 presents a partial picture of one potential intuitive
theory of climate change. Atmospheric CO2 levels cause
warming, which in turn causes rising sea levels, droughts
and wildfires, and extreme weather events. Atmospheric CO2
also directly leads to acidification of the oceans and impacts
on shellfish and other marine life.
Combining a DAG with a joint probability distribution over
its nodes (e.g. P(A, B,C, D, E, F)) yields a Bayesian Network,
a graphical model that permits quantitative inferences concerning the entities in the graph. Given a specific graphical
structure, a joint probability distribution can be decomposed
into a set of conditional probability distributions (CPDs), one
corresponding to each node.
Causal relationships within such structural causal models
are sometimes summarized in terms of their causal strengths
(Cheng, 1997; Griffiths & Tenenbaum, 2005; Holyoak &
Cheng, 2011; Lu et al., 2008). Under this formulation, causes
can be generative or preventative, and the strength of a cause,
wc , influences the probability of an effect occurring relative
to the probability of the effect occurring in its absence. This
probability is often also expressed as a causal strength, wb ,
representing the strength of all combined background causes.
These causal strengths can be inferred from participants’ conditional probability judgments, by assuming that the CPT for
the effect follows a noisy-logical distribution (Cheng, 1997).
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Participants made probability judgments focused on six basic events relevant to climate change, all prefixed with the
timeline, “By the year 2040, . . . ”:

wb = P(e|¬c)
 P(e|c)−P(e|¬c)

 1−P(e|¬c)
P(e|c)
wc = 1 − P(e|¬c)


0

P(e|c) > P(e|¬c)

(A) World greenhouse gas emissions have been reduced to near
net zero

P(e|c) < P(e|¬c)
P(e|c) = P(e|¬c)

(B) The average global temperature has increased by more than
1.5 degrees celsius

Here, we explored how this formal approach could be ap- (C) Sea levels will rise high enough to require major infrastrucplied to understand intuitive theories of climate change. We
ture changes in many coastal U.S. cities
began by assuming that the basic structure of people’s intuitive theory of climate change is shared, and can be (at least (D) Hurricanes and other tropical storms have become much
partially) represented by the DAG in Figure 1. We then asked
more frequent in the U.S.
participants to make a set of probability judgments that would
allow us to fill in the CPDs of this model for each person in- (E) Wildfires, droughts, and extreme heat waves have become
dividually.
much more frequent in the U.S.
We were first interested in whether people’s intuitive theories could be considered coherent: would their probability (F) Ocean acidification will have created a severe shellfish
judgments fit together? Secondly, we were interested in how
shortage.
intuitive theories might differ across individuals and groups.
And finally, we were interested in whether specific aspects of
Participants made judgments about these events, their
this theory might change following an educational intervennegations, and conditional probabilities relating them to one
tion.
another according to the DAG in Figure 1.
Participants were then asked 8 questions regarding their
Study
attitudes toward potential U.S. federal climate change policies. Participants were given a four point scale to rate their
This study was preregistered (https://osf.io/bvw25) and
likelihood to vote for the policies, with possible responses
all data and analysis scripts are available at https://osf
of “definitely yes”, “probably yes,” “probably no” and “def.io/vu5zq/.
initely no”. These federal climate change policy questions
were adapted and updated from a survey by Schwom and colMethods
leagues (2010).
Participants A total of 400 U.S.-based participants were
Finally, participants were asked to provide some basic derecruited for this study through the CloudResearch survey remographic information.
cruitment platform, which provides access to a group of preThe next day, participants were invited back for the secscreened workers from Amazon’s mechanical Turk work disond phase of this study where they were randomly assigned
tribution website. All participants stated that they were ≥
to the “intervention” or “control” conditions. Participants
18 years old, English speaking, and residing in the United
in the intervention condition were shown an informative 3States. Participants were invited to two phases of the study.
minute video describing the mechanics of the greenhouse efIn each phase, they were asked to complete an approximately
fect (Lamprey & Ranney, 2013; Ranney & Clark, 2016). The
15-minute Qualtrics survey. They were compensated $2.25
video explains that greenhouse gasses like CO2 allow visible
for their participation in each phase of the study. Participants
light to reach the Earth’s surface and then trap the infrared
who failed the attention check (n = 32) were excluded from
light that reflects off the earth, thereby storing that energy in
further analysis. All participants passing attention checks
the atmosphere and warming the planet. We hypothesized
were invited to participate again in Phase 2. Of these, 252
that this intervention would directly affect participants’ unreturned and passed the attention check in Phase 2 to be inderstanding of the conditional probability of global warming
cluded in the Phase 2 analyses.
given that CO2 emissions are or are not reduced to near net
zero. In turn, we predicted this would then affect other downMaterials and procedures This study was conducted in
stream beliefs about warming and its effects.
two phases, each administered via an online Qualtrics survey. Participants were first presented with 22 possible future
After the intervention, all participants were asked to again
events and asked to estimate the probability of that event ocjudge the probability of events from Phase 1 and to responded
curring. They made their responses using a free response box
to the same 8 potential federal climate change policy questo input the percentage chance from 0% to 100%. An attions. Finally, all participants were given a short quiz on the
tention check question was presented at random among the
mechanisms of climate change to test their understanding of
events that asked participants to enter 77% to pass the check.
the intervention.
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Figure 2: Left, histograms showing inferred distributions of causal strengths for causal relationships encoded in the intuitive
theory. For plotting purposes, generative strengths (purple) are coded positive and preventive strengths (orange) are coded
negative. Right, predicted and observed probabilities of effect nodes given participant’s simple probability judgments of their
causes (parents) and conditional probability judgments.

Results
The foremost goal of this study was to gain insight into people’s intuitive theories of climate change from their probability judgments. We hypothesized that people’s intuitive theories generally contain the causal structure depicted in Figure 1. We asked people to report the simple and conditional
probabilities that would allow us to capture the probability
distribution connecting this set of relevant beliefs.
Figure 2 (left) shows the inferred judgments of causal
strength between each node and its descendents, computed
from participants’ conditional probability judgments. As
shown in the figure, a clear and large majority understood
that reducing greenhouse gas emissions (A) would have a preventative effect on warming (B) and ocean acidification (F;
i.e. they judged P(B|A) < P(B|¬A) and P(F|A) < P(F|¬A)).
And likewise a clear and large majority understood that
warming (B) will generate the negative effects C, D, and E.
First we sought to test a key feature of probability distributions and intuitive theories: that they are coherent. Empirically, this means that different simple and conditional probability judgments should comport well with one another. For
instance, we should be able to use participants’ judgments of
P(A) and of P(B|A) to predict their judgments of P(B).
The right panel shows the predicted and observed values
for each of the child nodes based on their parents and the relevant conditional probability judgments. Overall, these correlations are quite strong, suggesting that participants’ probability estimates are largely coherent.1 Importantly, people’s
conditional probability estimates convey crucial information
about their understanding of the relationships among variables: predictions based only on the perceived probability of
the parent event were much poorer than predictions that also
incorporated conditional probability estimates (∆R2 ranging
from .29 to .53).
1 It is worth noting that participants did appear to have some trouble coherently judging the probability of negations. For this reason,
we focused our analyses on participants’ simple probability judgments for the non-negated statements and ignored the negations.
Another approach is to estimate the “true” probability based on each
simple statement and its negation. This method produces similar but
slightly weaker correlations.

Variation in intuitive theories As depicted in Figures 2
and 3, there is substantial variability in the probabilities that
participants assign to different future climate events. Given
the politicized nature of climate change in the U.S., we suspected that intuitive theories might vary with participants’ political orientations.
Figure 3 shows the distributions of probability judgments
for each event from participants identifying as Democrats
(210), Republicans (59), and Independents (92; i.e. those not
identifying with any major political party). First, there is
broad agreement across U.S. political groups about the political chances of reducing emissions to net zero by 2040 (A),
with all groups assigning relatively low probabilities. But relative to Democrats, Independents and especially Republicans
underestimate the probability of all of the climate impacts that
will result from sustained CO2 emissions (B-F).
It appears that Independents and Republicans are not just
optimistic relative to Democrats, but instead hold somewhat
different mental models. This can be seen in the different
causal strengths implied by their conditional probability estimates, shown in Figure 3. Republicans and Independents
do not simply underestimate the likelihood of negative events
overall. Although they appreciate the causal importance of
cutting CO2 emissions to curb warming, they underestimate
the power of warming to cause rising oceans, droughts, and
extreme weather. In particular, substantial proportions of Republicans assign extremely weak causal strengths to global
warming for causing negative consequences (i.e. over 25% of
Republicans assign causal strengths < .10 for at least one of
B → C, B → D, B → E).
Despite the disconnect between some Republican participants’ intuitive theories and scientific consensus around climate change, their intuitive theories appear just as internally
coherent as Democrats’ and Independents’. That is, correlations among implied and observed event probabilities (as calculated in Figure 2) were similarly strong among members of
each party (Dem. r = 0.77; Ind. r = 0.775; Rep. r = 0.722).
Intuitive theories and policy positions We averaged participants’ endorsements of the 8 policy questions to estimate
their overall attitude toward environmental policies. Participants’ political affiliations predicted their policy attitudes: a
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Figure 3: Boxplots illustrating the distribution of simple probability judgments (top), conditional probability judgments (middle), and causal strenghts (bottom) among Democrat, Independent, and Republican-identifying participants.
simple linear regression of political leanings and party membership (both as categorical variables) accounted for 28.8%
of the variance in participant’s policy attitudes.
As shown above, political affiliations are associated with
features of participants’ intuitive theories. However, participant’s intuitive theories were also predictive of their policy attitudes over-and-above their political leanings: Adding
participants’ simple probability judgments for events A-F increased the variance accounted for by the model to 37.9%
(∆R2 = 9.1%, F(6) = 8.692, p < .001). Although education
addressing people’s intuitive theories may not be a panacea
for motivating political action addressing climate change,
these findings indicate it should be an important lever.
Intervention results Phase 2 of the study re-recruited participants and presented some with a brief educational intervention video describing the greenhouse effect as a major
cause of global warming. Ranney and Clark (2016) report
that this intervention improves understanding and increases
acceptance of anthropogenic climate change.
We hypothesized that this intervention would strenghten
understanding of the causal relationship between greenhouse
gas emmisions and global warming. Specifically, we predicted that it would affect judgments of the probability of
warming given a failure to reduce emissions, and consequently increase the perceived probability of warming and its

downstream consequences.
Unfortunately, the intervention had no effect on people’s
intuitive theories as measured by their probability judgments.
Participants did not anticipate that warming was more likely
following the intervention, nor did their conditional probability judgments reflect any change in their understanding of
the relationships between CO2 emissions and climate change
(measured by effect on warming beliefs: t(235) = 1.622, p
= 0.106, measured by evidence ratio: t(235) = -0.722, p =
0.471, measured by causal strength: t(235) = -1.358, p =
0.176).
As a manipulation check, we presented participants with a
short 5-question quiz about climate change, focused on the
topics covered in the intervention. Participants in the intervention condition performed significantly better than those in
the control condition (t(235) = -9.78, p < .001, d = -1.27),
suggesting that the null effect is not due to a lack of attention
or comprehension.
The intervention may have had some positive impact on
participants’ policy attitudes: Overall, there was a more positive change in attitudes in the intervention group than in the
control group, t(237) = -2.11, p = .036. As can be seen in Figure 4, the changes were quite small, but they are broadly consistent with effects observed with similar brief interventions
(Rode et al., 2021). However, the changes appear to be driven
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between simple knowledge of facts and deeper understanding
thought to be embodied in intuitive theories. Although participants who saw the intervention learned the facts, they appear
to have failed to internalize that knowledge as part of their
intuitive theories.
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Figure 4: Differences between pretest and posttest policy attitudes. Differences are shown overall (left) and broken down
by political party (right). Error bars indicate standard errors.

largely by participants identifying as Democrats, although it
is hard to rule out effects among other partisans in a sample
of this size (tests of interactions across partisan groups were
non-significant). It is unclear how exactly the intervention
has influenced these attitudes, but it does not appear to have
occurred through a meaningful shift in participants’ intuitive
theories.

Discussion
The results of this study first suggest that people have coherent intuitive theories of climate change and that they think
about the causes and effects of climate change in systematic
ways. Individual participants’ simple and conditional probability judgments were coherent and strongly predictive of
one another as prescribed by probability theory. The majority of participants indicated understanding of the connections between reducing greenhouse gas emissions and slowing global temperature increase, and between global temperature increase and harmful outcomes like droughts, extreme
weather, and rising sea levels. However, there was substantial variation across individuals and a general tendency to underestimate the probability of outcomes compared with the
scientific consensus. In particular, political conservatives and
independents in the U.S. reliably and in some cases severely
underestimate the connection between global warming and its
effects.
Second, participants’ probability judgments predicted attitudes toward government policies aimed at curbing climate
change. Importantly, participants’ intuitive theories were predictive of policy attitudes over and above their political affiliations. These findings are consistent with the important
role of intuitive theories for shaping attitudes and behaviors
(Weisman & Markman, 2017).
Finally and unfortunately, an intervention explaining the
physical mechanisms of the greenhouse effect did not affect
participant’s understanding of the causal connection between
CO2 emissions and warming, having no effect on their conditional probability judgments. The failure of the intervention to impact intuitive theories may highlight a difference

There are other important limitations to the present work
that bear further investigation. First, more could be done to
assess whether people’s beliefs are truly driven by a coherent
intuitive theory. For instance, additional conditional probability judgments could more fully test whether reports are consistent with the hypothesized structure (e.g. testing not only
C|B and D|B, but also B|C, B|D, C|D and D|C) (e.g. Fernbach et al., 2010, 2011). Future studies should also explore
how other issues fit into intuitive theories of climate change,
such as beliefs about whether scientific innovation will mitigating negative climate effects, whether people believe they
will be personally impacted by climate change, and beliefs
about other putative causes of global warming. Finally, recruitment of representative samples would help to to more accurately characterize differences among U.S. political groups.
Our investigation has highlighted several other important
gaps in American’s intuitive theories of climate change that
might be addressed through educational interventions. First,
there is a general underestimation of the probability that
global warming will surpass 1.5 degrees C. Climate scientists overwhelmingly predict—with an extreme degree of
certainty—that without significant emission reductions the
planet will warm past 1.5 degrees C. Yet the overall median
estimated probability among our participants was only a 60%
chance. Similarly, more representative polling indicates that
only about one in four Americans understand that over 90%
of climate scientists agree on the anthropogenic causes of climate change (Leiserowitz et al., 2021). Together these findings suggest that interventions emphasizing the strength of
scientific consensus (Cook & Lewandowsky, 2016; Priniski
& Horne, 2019) are likely to be crucial. This intervention is
not simply an appeal to authority, but also appears to target an
important gap in people’s intuitive theories of climate change.
However, other gaps require further attention. Even if people were persuaded of the near-certainty of warming without
action, our findings suggest they would still be somewhat divided over the implications. There was substantial variability in participant’s perceptions of the causal connections between warming and negative outcomes, especially across partisan groups. So, educational interventions that address these
points will likely be necessary to spur action and to bridge
partisan divides.
Our findings have helped enrich our scientific understanding of people’s intuitive theory of climate change. Despite
their many inaccuracies, the coherence of people’s intuitive
theories gives a glimmer of hope: it suggests people are able
to think about this domain in systematic ways and that they
might be appropriately responsive to the right sorts of reasons.
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Abstract

heuristics to guide communication because of the strong constraints they offer on how to send and interpret signals.
Both cooperative aspects of communication have previously been explored; however, they have been typically
viewed separately, from the perspectives of different contexts.
In the present study we incorporate them in the same behavioral task to explore whether humans can flexibly employ
these two cooperative heuristics for disambiguation based on
the context they are in. In addition, when both strategies can
be used to solve the task but provide conflicting answers, we
examine whether a strategy is dominant, both across participants and within an individual.

Resolving overloading in communication requires attention to
context. Previous research has found that the mutual assumption of cooperation during communication can act as a powerful constraint, allowing successful resolution under ambiguity.
In this study, we investigate two specific types of cooperative
context used in a communicative task which arise from different sources: beliefs and actions. In belief-driven communication, signals are interpreted in context of what else a speaker
could have said about the world. Here communicators assume
that the speaker aims to change the listener’s beliefs by providing the most straightforward signal. In action-driven communication, signals are considered in terms of what a speaker
can reasonably ask others to do. Signaling can be sensitive to
utility considerations of acting and interacting in the physical
world. Through a communication game, we tested how listeners would interpret an ambiguous signal using belief-driven
or action-driven strategies. We find that while no one strategy
is dominant overall, individuals are highly consistent in which
strategy they employ when forced to decide.
Keywords: Cooperation; communication; pragmatics; speech
acts; joint utility

Context of Beliefs: Cooperative Speech Acts

Introduction
“It is impossible to speak in such a way that you cannot
be misunderstood” - Karl Popper
Everyday communication can be incredibly overloaded: a
single word can have many potential meanings. Despite this,
even a sparse, ambiguous signal can often be enough to communicate successfully (Liszkowski, Carpenter, & Tomasello,
2008). This success stems from how attentive humans are
to the context in which exchanges are framed (Sperber &
Wilson, 1986). In addition, cooperation in general has been
viewed as important for communication: this can explain why
someone might ask a stranger for directions or grab a coat after being told it is cold outside. We focus on building communication under this cooperative default. Furthermore, we
make the distinction between two separate types of rational
cooperative logic communicators employ: speech acts and
joint planning. Speech acts involve reasoning over all possible utterances under the assumption that the signal received
is chosen deliberately to convey specific, relevant information. Joint planning involves communicating under the assumption that the shared environment helps cooperators decide on fair actions. These discrete but complementary views
of cooperation in communication offer distinct mechanisms
for resolving ambiguity and thus become most useful in different contexts. Moreover, these perspectives act as powerful

The first type of cooperative logic employed during communication is speech acts. Speech acts fall under the umbrella
of language pragmatics – the branch of linguistics which focuses specifically on the context sensitive interpretation of utterances. Grice’s insights in developing a cooperative framework for communication have been highly influential in guiding a formalization of pragmatics. Specifically, Gricean cooperative logic treats communication as a truthful, concise,
relevant, and straightforward exchange (Grice, 1975). To be
considered cooperative, a signal should be straightforward,
maximally efficient, and predicted to be interpretable by the
receiver. In order to determine what is straightforward or efficient, communicators must engage in social reasoning about
their partners. Although the signaler must ultimately decide
on a signal, this process implicitly requires considering the
context of all available – but not chosen – options. As a result, a signal with multiple literal meanings may now have a
clear pragmatic interpretation which can be inferred using the
situational context of the utterance.
While Grice’s maxims are intuitively important for communication, alone, they are not enough to solve uncertainty in
communication. Instead they must be combined with the insight that exchanges center around the use of language. This
is useful because viewing communication through its use ties
signals to communicative goals, making their utilities easier
to define (Allen & Perrault, 1980; Goodman & Frank, 2016).
Under this formulation, communication is a type of rational
action: a speech act (Austin, 1975; Clark, 1996; Grice, 1975).
When viewed as such, signals have the communicative goal
of conveying information about a referent or state of the world
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to a listener given the decision context (Van Rooy, 2003). A
rational, utility driven signaler chooses a signal by evaluating
all possible things she could say and picking a good option.
Having a communicative goal provides the mechanism for
that evaluation of what is good: a signal’s value comes from
how it is expected to change the listener’s beliefs to reflect
the intended referent. In turn, under these same assumptions,
the listener can use these cooperative constraints to infer the
intended pragmatic meaning of the signal.
Empirical evidence also supports a cooperative pragmatic
account of communication in adults. Referential language
games provide a controlled environment well suited for
studying pragmatic reasoning (Lewis, 1969; Wittgenstein,
1953). In these games, a set of items with different features
(e.g. shape, color) act as context, and a listener aims to understand which referent a speaker is indicating from a potentially
ambiguous signal. In one game, listeners were asked to bet on
which item they believed the signal referred to by distributing
money across the different possibilities (Frank & Goodman,
2012). The listeners’ bets (combined with empirical ratings
of feature salience) agreed highly with how informative the
speaker’s signal was for disambiguating the item. These effects were also replicated in a forced choice task with a similar setup (Qing & Franke, 2015) as well as in a setting with
more complex stimuli depicting ambiguous spatial relations,
albeit with more noise (Carstensen, Kon, & Regier, 2014).

Context of Actions: Cooperative Joint Planning
The second type of cooperation we focus on is the context
joint planning provides in a shared task. Much of communication occurs face-to-face where perceptual cues in the environment provide important context for framing an exchange.
From this perspective, communication is simply a social tool
which can enable individuals to coordinate and get things
done together more effectively (Bruner, 1985; Tomasello,
2000; Vygotsky, n.d.). Again, communication is framed in
terms of use, but this time studied using commonsense knowledge outside of language. Instead, this knowledge lies in considering consequences in the physical world through action
planning and in others’ mental world which provide the beliefs and desires to create a plan.
We motivate our emphasis on non-linguistic context by examining how even young children who do not yet have the capacity for fully-developed language can intelligently and flexibly reason using sparse communication. Before they have
mastered language, toddlers can use visual communication to
monitor and regulate their partner through protesting or attempting to re-engage them when they break a joint commitment formed through verbal acknowledgement (Gräfenhain,
Behne, Carpenter, & Tomasello, 2009; Warneken, Chen, &
Tomasello, 2006). At as young as four years old, children already exhibit sensitivity to minimal communication: they establish commitment using simple cues such as joint attention
to help offset risks of cooperating in a stag hunting paradigm
(Wyman, Rakoczy, & Tomasello, 2013). Moreover, slightly
older children protest when their partner does not cooper-

ate, even when eye contact was the only established form of
joint commitment (Siposova, Tomasello, & Carpenter, 2018).
These findings indicate that communication can help establish strong joint goals in the context of cooperation.
One of the early non-verbal uses of communication is also
demonstrated in the context of fairness. Children, but not
chimpanzees are able to split rewards fairly in a collaborative task where it is easy for one party to monopolize rewards (Hamann, Warneken, Greenberg, & Tomasello, 2011;
Warneken, Lohse, Melis, & Tomasello, 2011). In the few
cases where one child tries to take more than is fair, sparse
communication (e.g. “Hey!”) quickly and decisively resolves
disputes. Here “Hey” is overloaded, and this overloading is
not solved by considering alternative protests or signals as in
pragmatic reasoning. Instead, it is solved by considering the
context of the task – where the principle of fairness is being violated. This protest comes from not only a preference
for equality but also a resentment at being treated unfairly
(Engelmann & Tomasello, 2019). These developmental studies demonstrate the importance of task-based cooperation in
communication stripped down to its most fundamental form,
without syntax or grammar.
These cooperative properties of commitment and fairness
can be realized through utility driven joint planning: cooperators act under a rational plan that apportions fair costs and
rewards to all parties given a joint goal. Empirical evidence
has also shown that adults engage in joint utility planning for
cooperative tasks, preferring co-efficient actions which prioritized the group utility over the utility of any individual
(Török, Pomiechowska, Csibra, & Sebanz, 2019). From a
utility driven standpoint, even toddlers understand the cooperative logic of ambiguous requests from a joint utility perspective (Grosse, Moll, & Tomasello, 2010). In this experiment, two equivalent items are equidistant from the toddler,
but near and far relative to the speaker. When the speaker
makes an ambiguous request for the item, children are able to
use cooperative logic to reason over the joint utility dynamics
of the environment in the context of the speaker’s capabilities: reaching the far item more often when the speaker had
their hands free than occupied. These studies support how
communication should be taken in context of committing to
achieve a shared goal fairly and respectfully. In both children
and adults, joint planning ultimately makes it irrational to ask
a collaborator to do something more easily accomplished by
oneself.

Methods
This task combined feature overloading enriched by a spatial
scene, which combined abilities to disambiguate signals both
using the belief-driven context of words and the action-driven
context of utility dynamics. In the grid-world environment,
participants played a referential communication game where
they were told the goal was to cooperate with their partner
to reach a target item in the fewest steps. During the game,
the participant always played the role of a receiver who could
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observe the entire environment but did not know which item
was the intended target. Participants were told they were collaborating with a cooperative signaler who had a full view of
the grid and knew the target.

Participants
Thirty-four undergraduate students in the Department of
Communication at University of California, Los Angeles
(UCLA) participated in this online study for class credits. We
analyzed the data of 27 participants after excluding one participant for not finishing the experimental trials, two participants for failing the comprehension quiz more than twice, and
four participants for self-reporting not being serious in the
experiment. The experiment was performed in accordance
with guidelines and regulations approved by the UCLA institutional review board IRB#19-001990.

(a) Pragmatic Condition

(b) Utility Condition

(c) Conflict Condition

(d) Signaler-walk Condition

Stimuli and Task
Participants were able to access the experiment on their personal computer or laptop. On each trial, a 9 by 10 grid
layout was presented to participants. Each grid square was
50 px × 50 px and, three items were placed in the grid. Each
item had two features of color (orange, purple, or green) and
shape (triangle, circle, or square) for a total of nine distinct
items. An icon representing the participant was located at
grid location (4, 6) while their partner was located at (4, 0).

Design
The experiment followed a within-subject design with four
conditions: pragmatic, utility, conflict, and signaler-walk (see
Fig. 1). Participants played a total of 80 trials, presented in
a random order with 20 trials per condition. The main dependent variable was the strategy the participant employed to
solve each condition, reflected by the item they chose as the
target. The receiver’s response time from when they received
a signal to when they selected an item was recorded. In addition, participants rated their own confidence after each decision. Although participants were told their partner was cooperative and intelligent, signals were pre-programmed. The
signaler’s decision depended on the condition and consisted
of either an ambiguous signal – consistent with multiple potential items in the trial – or walking to an item when that
item was closer to the signaler than the receiver.
The pragmatic condition coincided with the example from
Frank & Goodman (2012) forcing participants to only used
contextual information of item features, but was spread spatially in a visual display. This condition consisted of two
items which had one unique feature and one feature shared
with each of the features in a third item (see Figure 1a). The
signaler always chose one of the shared features, making two
items consistent with the signal. These two consistent items
were equidistant from the receiver and all items were closer to
the receiver than the signaler, so that utility dynamics could
not influence the receiver’s decision. Given the signal, receivers could select an item that was irrational: inconsistent
with the signal, literal: consistent but could be indicated with

Figure 1: Example trials: Each condition where the signaler
says “green” (a-c) has two literally consistent responses given
the signal. However, the items can be distinguished using the
context of other shapes and utility dynamics. 1a: green square
is pragmatic; green triangle is literal. 1b: green circle at (4,2)
is closer by individual utility (than the green circle at (0,5))
but jointly inefficient; green circle at (0,5) is jointly efficient
for the receiver but farther by individual utility. 1c: green
triangle is pragmatic but jointly inefficient; green square is
jointly efficient for the receiver but not pragmatic. 1d: The
signaler walks to the purple circle herself, ending the trial
without a receiver action.

a more straightforward signal, or pragmatic: consistent and
most straightforward because both features were overloaded.
The utility condition contained two items with identical
features (and one irrelevant distinct one), which forced participants to make a purely utility-based decision. The observed signal was a feature shared by the identical items and
because the items were identical, considering the context of
language pragmatics was unable to help (see Figure 1b). This
setup reflected the dynamic in Grosse et al. (2010), but with a
stronger individual utility component. One identical item (A)
was always closer to the signaler than the receiver, and the
other (B) was closer to the receiver than signaler. However,
from the receiver’s perspective, item A was closer than item
B. In response to the signal, receivers could select an item that
was irrational: the non-identical inconsistent one; individual:
item A, closer than item B from an individual utility perspective; or joint: item B, closer to the receiver than signaler from
a joint utility perspective.
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The conflict condition was designed to force participants to
choose between a joint utility and pragmatic strategy. It was
identical to the pragmatic condition in terms of item feature
structure and signal. Additionally, the two items consistent
with the signal were equidistant from the receiver. However,
instead of all items being closer to the receiver than signaler
from a joint perspective, the pragmatic item was closer to
the signaler than to the receiver (see Figure 1c). Receivers
could still select an irrational item, but now had two previous heuristics in conflict and could select either a pragmatic
interpretation inconsistent with joint utility (pragmatic) or a
joint utility interpretation that was literally true, but with an
alternative signal that would be more straightforward (joint).
Finally, in the signaler-walk condition, the signaler walked
to an item, and participants did not make a decision. In all
cases, the item walked to would be closer to the signaler than
receiver from a joint perspective. This control condition was
to establish that the signaler was making rational decisions
from a cooperative joint utility perspective.
Items and signals were counterbalanced to account for
preference of feature or feature value. In addition, items were
separated by a minimum distance of two grid units to reduce
potential perceptual chunking. Items always were always at
least two grid units farther from one agent than the other in
order to ensure clear joint utility judgments. Finally, item locations within a condition were sampled randomly without
replacement, subject to the utility constraints defined by the
condition and aforementioned restrictions.

Procedure
Participants entered the experiment by opening the link to the
experiment on their own device. They started with an instruction tutorial which established the rules and cooperative context of the task then completed a comprehension quiz that
tested them on the goal and set-up of the experiment. Before
beginning the actual task, participants also completed eight
practice trials to familiarize them with the task and types of
decisions the signaler could make. Practice consisted of two
trials in each condition presented in a random order.
In each trial, participants first waited for the signaler to
make a decision. The signaler either walked to an item herself
or sent a signal to the participant describing a single feature
(e.g. “circle”). If the signaler sent a signal, the participant
then had a chance to walk to the item they believed was the
target by clicking on it. Before they made a decision, hovering the cursor over any item in the grid would display the
distance each agent was from that item: the cost of traveling
to that location. If the signaler moved to the target herself,
participants observed the signaler walking to the item. Both
agents traveled along the grid taking steps in the four cardinal directions. The trial ended when either agent reached an
item. Once either agent reached an item, a review box would
pop up, showing who took how many steps to reach which
item. Participants were asked to rate their confidence in their
selection from one (least confident) to five (most confident).
Participants then proceeded to the next trial. After all experi-

mental trials, participants took an exit survey for self-reports
on how serious they were throughout the experiment, strategies they used, and performance of their partner.

Results
We analyzed the strategy, response time, and confidence rating on 540 trials. Across all conditions, only nine trials had irrational responses (Pragmatic: 5, Utility: 3, Conflict: 1), thus
we restricted our analyses to focus on the major strategies
employed – for the Pragmatic condition, pragmatic/literal;
for the Utility condition, joint/individual; and for the Conflict
condition, joint/pragmatic.

Strategy Preferences: Population versus Individual
Our first research question of interest was whether any clear
strategy preferences emerged across the population. For each
condition, we averaged subject-specific trials and used a two
tailed z-test under the hypothesis H0 : µ = .5, which tested
for a strategy preference across the sampled individuals. For
the Pragmatic condition, we found a significant preference for
pragmatic signal interpretations over literal ones (x pragmatic =
.717, p = 1.18 × 10−7 ). For the Utility condition, there was
no preference for one type of utility reasoning over the other
(x joint = .567, p = .436). Similarly, there was no dominant
strategy in the Conflict condition (x joint = .539, p = .630).
Over the three conditions, the only strategy consistently dominant across individuals was the preference for pragmatic over
literal interpretations of an ambiguous signal.
While there seems to be no clear preference across individuals for one strategy over another, the picture becomes quite
different when examined from the individual level. Looking
at the individual-level strategy breakdown suggests people
were highly consistent in choosing a strategy (see Figure 2).
We focused on the Conflict condition in particular to explore
this idea. Instead of looking whether people employed a dominant strategy overall, we tested the hypothesis of whether an
individual employed a dominant strategy, adjusting for multiple comparisons using the Benjamini-Hochberg criteria. In
23 out of 27 cases, participants adopt a dominant strategy (all
pad j < .05 except subjects 27: p = .503, 32: p = .273, 41:
p = .125, 43: p = .125).
Moreover, we investigated whether participants’ strategies
correlated between conditions. Pairwise correlation analyses
indicated a strong positive relationship between an individual’s strategy in the Utility and Conflict condition (Spearman’s ρ = .91, p = 1.20 × 10−11 ). That is, individuals who
chose a joint utility strategy in the Utility condition were also
likely to choose a joint utility strategy when pragmatic reasoning and utility reasoning were in conflict (see Figure 3).
This effect was not observed for the Pragmatic and Conflict
(ρ = .22, p=.267) or Pragmatic and Utility conditions (ρ = .27,
p = .173).

Strategy Difficulty: Decision Time and Confidence
In this task, we examined decision time which can act as a
rough proxy for the cognitive difficulty involved in employ-
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While it is common practice to remove reaction times above a
certain threshold, typically three Z-scores away (Tabachnick,
Fidell, & Ullman, 2007), this can substantively inflate Type
I error rate (Bakker & Wicherts, 2014). Because we had no
strong literature-based intuition for a decision time cut-off to
indicate when subjects were no longer paying attention, we
relied on nonparametric testing which is robust to outliers
and skew inherent in reaction time data. In the Pragmatic
condition, we found participants to take more time when employing pragmatic reasoning than literal reasoning (x pragmatic
= 5.74 sec, xliteral = 4.14 sec, Mann-Whitney-Wilcoxon test
(MWW); 95% CI of median difference [.451, 1.951], p =
6.15 × 10−4 ). In the Utility condition, participants took more
time to respond when employing joint utility reasoning (x joint
= 3.42 sec, xindividual = 2.54 sec, MWW; 95% CI of median
difference [.122, .822], p = 4.36 × 10−3 ). Finally, in the Conflict condition, participants spent longer to make a decision
when employing pragmatics as opposed to joint utility reasoning (x pragmatic = 3.79 sec, x joint = 3.07 sec, MWW; 95%
CI of median difference [.002, .886], p = 0.024).
Figure 2: Strategy breakdown for all participants across conditions, ordered by a participant’s preference in the Conflict
condition. We observe high consistency in joint utility reasoning within individuals across conditions.

Figure 4: Distribution of decision times for each strategy
employed in each condition. Responses above 45 seconds
(n pragmatic = 13, nutility = 4, ncon f lict = 5) are included in analyses but not shown here for legibility.

Figure 3: Strategy correlations across conditions. Correlation
coefficients (upper triangle), corresponding to the individual
responses (lower triangle). Histogram describing distribution
of strategy preference (on diagonal). Data concentrated at
the extremes of the histogram indicate the strong, divergent
preferences seen in the Utility and Conflict conditions.

ing that strategy (Townsend, 1992). Because participants took
the study on their personal device instead of a controlled laboratory setting, the data included extreme decision times which
could not reasonably be attributed to deliberation on the task.

In addition to decision time, we also examined selfreported confidence as a function of decision strategy. In
the Pragmatic condition, participants were significantly more
confident when choosing pragmatic items than when choosing literal ones (x pragmatic = 3.48, xliteral = 3.03, p = 1.80 ×
10−5 under Welch’s t-test). In the Utility condition, participants were significantly more confident when choosing items
that maximized joint utility than when they chose the items
that maximized individual utility (x joint = 3.99, xindividual =
3.65, p = 6.80 × 10−5 under Welch’s t-test). Finally, in
the Conflict condition, participants were significantly more
confident when choosing the joint utility items than when
choosing the pragmatic ones (x joint = 3.90, x pragmatic = 3.63,
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p = 0.00208 under Welch’s t-test).

planning, in the Utility condition, many individuals preferred
an individual utility strategy. One potential explanation for
this is the lack of interaction between partners in the task.
Although framed as cooperative, in reality the signaler’s responses were pre-programmed and there was no regulation
or feedback between partners. These findings leave room for
interesting potential future work in a truly interactive version
of this task, where the role of communicator and listener are
not fixed, and could lead to much stronger preferences for
fairness and cooperation.

Figure 5: Self-rated confidence split by strategy decisions.

Discussion
At first glance, overall results on strategy preference may
appear inconclusive. A preference for pragmatic reasoning
in the Pragmatic condition supports previous empirical findings in referential language games (Frank & Goodman, 2012;
Qing & Franke, 2015), replicating this phenomena in our visual task. However, we found no general preference for either joint vs. individual utility or, when put in conflict, pragmatics vs. joint utility reasoning. However, when we consider the Conflict condition at the individual level, we see that
people are exceptionally strategic in their decisions. In reality, there is no “average” communicative reasoner employing
the dominant strategy but rather groups of highly consistent
decision-makers who have overwhelming preferences for different strategies. In this task, some individuals took a beliefdriven perspective to signal understanding: signals influence
beliefs about the visual features of the referent item based on
the speaker’s intention to be straightforward. Other individuals took an action-driven perspective to signal understanding:
signals should be interpreted in terms of utility to help make
actions efficient under the joint task.
When we consider individual preferences of the Conflict
condition in conjunction with the other conditions, an interesting pattern emerges. First an individual’s preference
for pragmatic reasoning was not indicative of their dominant
strategy in the Conflict condition, though the average strategy analysis indicated that people were generally capable of
adopting a pragmatic approach. However, preference for a
joint over individual utility approach in the Utility condition
had a strong positive correlation with the individual’s dominant strategy in the Conflict condition. This suggests that
while only a subset of individuals used a joint utility based
strategy, it was an incredibly powerful heuristic that could
generalize across contexts for those people, a phenomenon
not observed for pragmatic reasoning.
Counter to our initial expectations around cooperative

Another explanation for the prevalence of individual utility reasoning is that being cooperative requires effort. It
is more intuitive to reason from an egocentric perspective
(Epley, Keysar, Van Boven, & Gilovich, 2004), and participants who have the capacity to plan jointly may not have
had high enough motivation in the task to surpass the effort
threshold required to engage it. Empirical work points to the
idea that when interpreting referring expressions, individuals weigh both egocentric and joint perspectives depending
on context (Heller, Parisien, & Stevenson, 2016) leading to
a division of labor in communication. One factor that could
contribute to this division is an estimation of the degree of
effort one’s partner is exerting (Hawkins, Gweon, & Goodman, 2021). Some evidence that could align with this explanation comes from analyzing the decision time and confidence ratings of participants in conjunction. We see that
people were faster at making individual utility based decisions than joint utility based ones. At the same time, confidence ratings were higher on trials where people employed
joint utility. We see a similar pattern when comparing decisions in the Pragmatic condition. On average, people took
longer to make a pragmatic decision than a literal one, which
is highly consistent with the computational models of pragmatics. In order to come up with a pragmatic interpretation
of a signal, a listener must first reason over literal interpretations (Goodman & Frank, 2016). At the same time, people
were more confident about pragmatic selections than literal
ones. Both these conditions suggest that cooperative communication takes work: a listener must do their share of the
heavy-lifting in language to reason flexibly under ambiguity,
using a variety of contextual cues.
While these three experimental conditions have shown how
individuals employ pragmatic and utility-based reasoning independently as well as how strategies diverge when pitted
against each other, future research should address how these
heuristics interact with each other, which has been demonstrated to be a theoretically promising approach to communication (Stacy et al., 2021). These communicative strategies
are not necessarily incompatible with each other. In fact, context – and the constraints it provides – likely accumulate evidence to resolve ambiguity in linguistic communication (Roy
& Mukherjee, 2005). Integration of many simpler contextual
heuristics may be a key to fast, flexible, and sparse signaling.
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Abstract
Numerous psychological findings have shown that mere exposure to ideas makes those ideas seem more true, a finding commonly referred to as the “illusory truth” effect (e.g. Hasher
et al., 1977). In the presence of pervasive misinformation,
this basic feature of cognition may undermine the functioning
of a democratic society (Pennycook et al., 2018). However,
genuine beliefs do not only produce judgments of truth, they
also imply other beliefs and drive decision-making. Here, we
sought to examine whether mere exposure to statements produces genuine beliefs by examining whether people draw inferences from statements after mere exposure. Surprisingly,
and in contrast to familiarity-based accounts of the illusory
truth effect (e.g. Dechêne et al., 2010), we found that exposure
to “premise” statements affected participants’ truth ratings for
novel “implied” statements. This “illusory implication” effect
suggests that exposure to false statements has further-reaching
impacts than previously thought and calls for a new mechanistic account of these effects.
Keywords: Illusory truth; Metacognition; Cognitive Psychology; Misinformation

Every day, people are faced with a barrage of unsupported
claims, from pestering ad campaigns to blatant disinformation on social media. Altogether, we live within an information environment that is more connected and more saturated than ever before in human history (Bak-Coleman et
al., 2021). If we are sufficiently critical consumers of media,
can we benefit from this rich access to information without
being exploited by advertisers or misled by misinformation?
Perhaps not. Numerous psychological findings indicate that
mere exposure to ideas makes those ideas appear more true,
a finding commonly referred to as the “illusory truth” effect
(De keersmaecker et al., 2020; Dechêne et al., 2010; Fazio et
al., 2015; Hasher et al., 1977; Pennycook et al., 2018). This
effect suggests that we cannot exist in an environment of misand disinformation without being affected by it—without exposure to these ideas distorting our sense of what is true.
Studies examining the illusory truth effect typically proceed in at least two phases. At exposure, participants are introduced to a set of false statements. Typically, the statements
are part of a true/false quiz, or a cover story explains they are
part of some other innocuous judgment task. Then, after some
intervening time ranging from minutes to weeks, participants
are asked to judge whether these statements are true. On average, participants rate the statements as more “true” when
they have been exposed to them previously—an illusory truth
effect.

Decades of research have demonstrated the consistency
and robustness of the illusory truth effect (e.g. see Dechêne
et al., 2010). The effect has been demonstrated for frivolous
trivia questions (e.g. Hasher et al., 1977; Lacassagne et al.,
2021; Unkelbach, 2007; Wang et al., 2016) as well as consequential fake news headlines (Pennycook et al., 2018). The
illusory truth effect has also been shown to be robust across
people with different levels of cognitive ability, need for cognitive closure, and cognitive styles (De keersmaecker et al.,
2020).
The effect is one of “illusory” truth because it occurs following “mere exposure” to statements. That is, it occurs when
the statements are seen or heard in a non-communicative context, such as when they are read during a true/false quiz. Generally, being told something—even by a complete stranger of
unknown trustworthiness—is prima facie reason for believing
it (Grice, 1989). But reading a statement on a true/false quiz
is not reason for believing it—the statement is being shown
only to test the quiz-taker’s knowledge, and is just as likely to
be false as to be true.
There is something unsettling about the illusory truth effect
and the lack of agency it implies over our own beliefs. Even
more worrisome, there could be dire societal implications if
merely being exposed to an idea causes people to adopt it
as a belief: Pennycook and colleagues (2018) argue that the
illusory truth effect, combined with an environment of pervasive misinformation, has important implications for the functioning of democratic society. The illusory truth effect suggests that mere exposure to misinformation could have impacts that cannot be stopped by fact-checking labels (Pennycook et al., 2018), nor effectively curbed by retractions or
corrective information (e.g. Ecker et al., 2011; Lewandowsky
et al., 2012).
However, there is more to belief than ratings of truth. To
illustrate, philosophers advancing dispositionalist theories of
beliefs have focused on a number of observable behaviors
that are indicative of belief (Schwitzgebel, 2021). Though
a person’s assent to a proposition (whether they agree with or
judge it to be truthful) is an important marker and convenient
measure of belief, other features of belief are just as essential.
For instance, beliefs imply other beliefs: for instance, believing that “it is sunny out” implies the belief that “it is daytime.”
And believing misinformation, such as “Hillary Clinton runs
a sex-trafficking ring out of a pizza parlor” (see Robb, 2017)
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might imply the belief that “Hillary Clinton would make a bad
president.” Beliefs also inform action and decision-making,
and whether or not someone holds a belief can be judged (at
least partly) from their decisions. When truly believed, misinformation can have drastic impacts. To illustrate, a recent
study found that people who marked just one piece of vaccine
misinformation as accurate were nearly twice as likely to be
unvaccinated against COVID-19 compared to those who did
not endorse any vaccine misinformation (Ognyanova et al.,
2021).
Bearing these features of beliefs in mind, the current state
of illusory truth research does not demonstrate that mere exposure to a statement truly engenders belief in that statement. Consider the mechanisms thought to underlie the illusory truth effect: most explanations attribute illusory truth effects to participants’ reliance on familiarity or fluency during
the judgment process (Fazio et al., 2015; Unkelbach, 2007;
Wang et al., 2016). Roughly, when asked whether something
is true or false, people search their memory for knowledge
pertaining to belief in the statement, but they also rely on
a meta-cognitive sense of familiarity. Familiarity is a sign
that we have “heard this somewhere before.” According to
foundational theories of communication, a general assumption that communicators strive to make true utterances is a
prerequisite for successful communication and social functioning (Grice, 1989). Thus, if having “heard something before” suggests that someone said it, then ecologically this is
a reasonable cue to truth. Psychological studies that elicit the
illusory truth effect hijack this meta-cognitive heuristic: They
provide this sense of familiarity, but from a communicative
context that lacks any reasonable assumption of truth.
This predominant theoretical account suggests that illusory truth effects do not engender genuine belief and may not
have the deleterious real-world effects that some authors have
feared (c.f. Pennycook et al., 2018). Applying this mechanistic account to the real-world, we might summarize the most
likely process as follows: When people are exposed to a false
statement they form a memory impression of it, but they do
not draw inferences from this statement to revise other beliefs, nor do they plan future actions on its basis. In a realworld context, there would be essentially no impact from the
exposure. In the experimental context however, the statement
is seen again and a truth-judgment is requested. It is only at
this time that the memory impression of the statement produces a feeling of familiarity and affects the truth judgments
rendered at that time. Under this theoretical account, the impact of prior exposure depends on a subsequent re-exposure,
coupled with a judgment or action to be taken at that time.
This would make the real-world consequences of the illusory
truth effect far narrower than some have argued.
Nevertheless, much as we might be relieved to dismiss
them, concerns like those raised by Pennycook and colleagues (2018) loom large enough to warrant further consideration. Could mere exposure to statements truly impact beliefs beyond providing a sense of familiarity? Could illusory

truth effects instead reflect genuine belief?
Here, we sought to examine whether the illusory truth
effect reflects genuine beliefs in statements following their
mere exposure. One way to test this is to examine whether
people draw inferences from statements after exposure to
those statements in a context without any presupposition of
truth. We designed a study to examine whether mere exposure
to one statement (the “premise”) could affect truth ratings for
another, different statement that it would logically imply (the
“implication”). Such an “illusory implication” effect would
demonstrate that mere-exposure has genuine impacts on beliefs beyond those explained by familiarity. In contrast, if the
illusory truth effect is caused entirely by feelings of familiarity during the judgment process, then there should be no
effect of prior exposure for new unfamiliar statements.

Experiment 1
Preregistration information for Experiment 1 can be found at
https://osf.io/c4w8s/. Materials for both experiments
can be found at https://osf.io/znq3y/.

Methods
Participants A total of 400 Participants were recruited
through Amazon Mechanical Turk. Participants who failed
basic attention check questions were excluded from analyses.
These questions asked participants to simply give a particular response. For example, “This item tests if you are paying
attention, please select ‘Definitely False.’ ” At the end of the
study, participants were also asked if they had searched online
to check any of the claims during the experiment (after being
reassured that they would receive compensation regardless of
their answers). Participants who failed any attention checks
or who indicated they searched online were excluded from
analysis. This left a final sample of 378 (157 female, median
age 36 years-old).
Materials We created 24 pairs of statements presenting
claims about history. Each pair consisted of a “premise” statement and a “implied” statement. Each “premise” statement
was a falsehood that implied either the truth or falsity of the
“implied” statement. Of the pairs, 12 had premise statements
implying that a true statement was false (true-implied-false)
and the other 12 had premise statements implying another
false statement was true (false-implied-true). For instance,
one “true-implied-false” pair was the premise statement, “No
U.S. astronauts have died since the Challenger explosion in
1986” paired with the implied statement, “The space shuttle Columbia disintegrated over Texas in 2003” (true, but implied to be false by the “premise”). An example of a “falseimplied-true” pair was the premise statement, “The Tour de
France has been held every year since its inception in 1903”
paired with the implied statement, “The Tour de France was
still held during WWI and WWII” (false, but implied true by
the “premise”).
Procedures Participants first completed informed consent
and a Captcha to limit bot participation.

1242

Fact condition

Quiz condition

Truth rating

0.8
0.6
0.4
0.2

ed T implied F
F impli
T

ed T implied F
T

F impli

Implication type
Exposure

Exposed

Unexposed

Figure 1: Average truth ratings for Implication statements in
Experiment 1, broken down by exposure (exposed vs. unexposed), instructions (fact vs quiz conditions), implication
type (true-implied-false vs false-implied-true). For visualization purposes, means were calcaulated by translating ordinal
responses onto a scale from -2.5 to 2.5. Error bars indicate
standard errors.

The study proceeded in three phases: 1) an exposure phase,
2) a distraction phase, 3) and finally a testing phase. At the
exposure phase, participants were presented with a subset of
the “premise” statements (8 of the 24 total) as well as some
control statements (12 true, 4 false). Then, after the distraction phase, the testing phase consisted of a true-or-false
quiz. The items tested included both “premise” and “implied”
statements from the 24 item-pairs. For some of the tested
“implied” statements, participants had previously seen the related “premise” statement (exposed implied test). For others,
they had not seen the related statements (unexposed implied
test). Similarly, they were tested on the “premise” statements
they had previously seen during the exposure phase (exposed
premise test) as well as new unseen premise statements (for
which they had also not seen the related implied statements).
Participants were randomly assigned into three counterbalancing conditions that varied which of the statement-pairs
were assigned to each exposure/test combination.
At the beginning of the study, participants were randomly
assigned to either the “fact” (n = 100) or “quiz” (n = 300)
exposure condition and to one of three counterbalancing conditions. Participants assigned to the quiz and fact conditions
received different instructions and performed different tasks
in the exposure phase.
Participants in the fact condition were told the study’s main
purpose was to learn more about how people learn and apply
new knowledge. They were informed that the initial set of
statements they would see were all facts, and were asked to
rate how surprising each “fact” was to them. The true purpose of this condition was to test whether participants would
successfully draw inferences from the “premise” to the “implied” statements when told that the premises were true.

Participants in the quiz condition were told that they were
to be given a true/false quiz, so that some of the statements
would be true and some false. These participants rated how
confident they were that each of the presented statements
were true or false. The purpose of the quiz condition was to
provide “mere exposure” to these statements, to test for illusory truth and illusory implication effects. We tested for the
illusory truth effect by comparing truth ratings for premise
statements seen during exposure to those that had not been
seen. Similarly, we tested for the illusory implication effect by comparing truth ratings for implication statements
whose corresponding premise statements were and were not
presented during the exposure phase. If mere exposure to
“premise” statements affects participants’ judgments of the
“implied” statements, this would be evidence for an illusory
implication effect.
After their initial exposure to the statements, participants
provided basic demographic information and were then presented with the expanded 7 question version of the Cognitive
Reflection Task (CRT, Frederick, 2005; Toplak et al., 2014).
These tasks served to provide a period of distraction between
exposure and test.
Then, participants advanced to the testing phase, where
all participants were asked to rate their confidence that each
statement was true or false. These ratings were made on a 6point scale from “Definitely False” to “Definitely True.” The
test phase consisted of the 8 premise statements the participants previously saw, their respective matching 8 implication
statements, 8 novel implication statements, 8 previously unseen premise statements, 12 true control statements, and 4
false control statements.
At the end of the study, participants were debriefed and
presented with a list of the false statements they had seen.

Results and discussion
Participants made their truth ratings in the test phase on a 6point scale from “Definitely false” to “Definitely true.” To
properly treat these Likert-style responses, the truth ratings
were analyzed using multilevel Bayesian cumulative ordinal
regression models (Bürkner & Vuorre, 2019) with random intercepts and slopes for participants and items. Cumulative ordinal regression models assume that participants’ discrete responses are driven by a continuous latent variable and a set of
k-1 thresholds determining the range of the continuous variable corresponding to each of the ordinal response options.
This model helps to account for potential differences in scale
usage as well as the bounded nature of the response scale.
All models were fit using the brms R package (Bürkner,
2017), with model posteriors estimated using the No-U-Turn
Markov Chain Monte Carlo (MCMC) sampler implemented
in Stan. Four MCMC chains were run for each model, with
2000 samples (1000 burn-in) drawn from each. Chains were
assessed for convergence with R̂ and the total estimated effective sample size was verified to be greater than 1000 for
all parameters (Gelman et al., 2014).
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Table 1: Population coefficients of Bayesian regression
model for Implication effects in Experiment 1.
Term

Estimate

CI2.5%

CI97.5%

Intercept[1]
Intercept[2]
Intercept[3]
Intercept[4]
Intercept[5]

-3.38
-2.26
-1.36
0.27
1.80

-3.86
-2.74
-1.83
-0.20
1.34

-2.92
-1.80
-0.91
0.72
2.27

familiarity
implication
implication type

0.07
0.17
-0.84

-0.09
0.00
-1.47

0.23
0.35
-0.19

Table 2: Population coefficients of Bayesian regression
model for Implication effects in Experiment 2.
Term

Estimate

CI2.5%

CI97.5%

Intercept[1]
Intercept[2]
Intercept[3]
Intercept[4]
Intercept[5]

-3.17
-2.04
-1.18
0.36
1.93

-3.58
-2.44
-1.58
-0.03
1.52

-2.73
-1.61
-0.75
0.80
2.36

familiarity
implication
implication type

0.13
0.38
-0.79

-0.03
0.21
-1.36

0.29
0.55
-0.21

should encourage uniformly higher, not lower, truth ratings.
A regression model was used to tease apart the effects of
familiarity and logical implication. The model includes a) a
binary variable indicating the type of implication statement
(true-implied-false or false-implied-true), b) a binary predictor for prior exposure to the related premise coded zero when
the premise was not seen and 1 when it was seen (capturing
potential effects of familiarity), c) and a variable capturing
the effect of implications, coded 1 for implied truth, -1 for
implied falsehood, and zero when the related premise statement was not seen at exposure. Thus the “implication” predictor accounts for the effect of exposure to the premise on
truth judgments for the implied statements (either positive or
negative), while the “familiarity” predictor accounts for any
positive effect of familiarity. We also incorporated “maximal” random intercepts and slopes for all terms varying by
subject and item (Barr et al., 2013). Expressed in the common
“lme4” syntax (Bates et al., 2015), the regression model:

response ∼ item type + familiarity + implication
+ (1 + familiarity + implication|subject)
+ (1 + familiarity + implication|item)

Fact condition First, we examined truth ratings for the
premise and implications statements among participants who
were told that the false statements were true at exposure
(“fact” condition). As expected, exposure to the premise
statements when presented as “facts” increased endorsement
at test, β = 1.193, 95% CI [0.987, 1.388]. In addition, participants successfully drew inferences from these “facts,” resulting in decreased accuracy for the implication statements
at test, β = -0.345, 95% CI [-0.601, -0.098].
Quiz condition It is quite appropriate that people should
draw new inferences when they learn new facts. But would
participants’ endorsements of the implication statements be
affected by mere exposure to the premise statements in the
“quiz” condition? To our surprise, it appears that they were.
Figure 1 shows participants’ average truth ratings for the implication statements in the quiz condition. Participants gave
higher truth ratings following exposure for false statements
implied to be true, and somewhat lower truth ratings following exposure for true statements implied to be false.
An increase in truth ratings for the false-implied-true statements could potentially be explained by familiarity. This
would be consistent with findings from Arkes and colleagues
(1991), who found evidence for illusory truth for novel statements that were on the same topic as previously-seen statements. However, familiarity cannot explain the decrease in
truth ratings for the true-implied-false items, as familiarity

Table 1 presents a summary of the posterior distribution
estimated for the population-level coefficients in this model.
The results indicate that both familiarity and the implication
of the premise statements affected participants’ truth ratings.
The implication effect is very credibly greater than zero. To
judge its overall magnitude, we compared the parameter estimate to the parameter estimate from the same regression
model applied to participants’ responses in the “fact” condition (β = 0.532, 95% CI [0.215, 0.848]). Although smaller
than the effect observed in the “fact” condition, the effect in
the “quiz” condition is of a similar order of magnitude.
Surprisingly, the effects of exposure on participants’ truth
ratings for the premise statements were very subtle. Our primary preregistered test compared participants’ truth ratings
for the exposed premise statements at test against their ratings for another set of 8 unexposed premise statements. This
analysis did not find any evidence of an illusory truth effect,
with a posterior estimate for the exposure parameter that credibly included zero. However, a secondary preregistered analysis comparing participants’ initial truth judgments for the
premise-statements to their later truth judgments for those
same statements at test did find a credible increase in endorsements, β = 0.213, 95% CI [0.078, 0.345].
The small size of these illusory truth effects may owe to
the use of a “quiz” judgment task at exposure as well as the
relatively brief period of distraction between exposure and
test used in Experiment 1. By first responding to the statements in a quiz, participants may then have felt pressure to
maintain consistency in their responses, and may have still
possessed some explicit memory of their responses for the
premise statements. If so, this could have suppressed the in-
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Figure 2: Average truth ratings for Implication statements in
Experiment 2, broken down by exposure (exposed vs. unexposed) and implication type (true-implied-false vs falseimplied-true). For visualization purposes, means were calcaulated by translating ordinal responses onto a scale from
-2.5 to 2.5. Error bars indicate standard errors.
fluence of familiarity traditionally argued to produce the illusory truth effect.
More importantly, a drive to maintain consistency might
also explain our surprising findings of an illusory implication effect. Participants showed a general bias toward judging
statements “true” during the exposure phase, responding with
some variation of “true” for 71.8% of responses. Attempting
to maintain consistency with these prior responses could have
thus influenced their responses to the implication statements,
rendering the observed effect an artifact of the experimental
context.

Experiment 2
Experiment 2 was conducted to address the possibility that a
pressure for internal consistency produced the effects on the
implication-statement truth ratings observed in Experiment
1. Preregistration informationExperiment 2 can be found at
https://osf.io/czkdh/.

Methods
Participants A total of 300 participants were recruited
from Amazon Mechanical Turk using procedures identical to
Experiment 1. As before, participants who failed attention
check questions or who indicated they had looked up answers
were excluded from analyses, leaving a final sample of 286
(157 female, median age 38 years-old).
Materials and procedures All items and procedures were
identical to Experiment 1 except for three changes.
First, all participants were assigned to a new “interest” condition. At exposure, participants were told that they would
see a set of statements, some true and some false, and they
were instructed to rate how interesting each statement was.
This change was made to avoid forcing participants to make

a true/false judgment for the exposed premise-statements,
which could have pushed them to try to make coherent or consistent responses to the related implication-statements. Importantly, as with a true/false quiz, the presentation of statements in this context should not warrant any inference as to
the truth of those statements.
Secondly, to provide a longer period of distraction between
exposure and test, the ordering of the items in the test phase
was rearranged. Participants first rated 24 control items (12
true and 12 false) to extend the time between rating main test
items.
Third, another change in test presentation order further
prevented any consistency-pressure: Participants judged the
truth of all of the implication statements before judging the
premise statements.

Results and discussion
Figure 2 shows participants’ average truth ratings for the implication statements with and without exposure to their corresponding premise statements in Experiment 2. The illusory
implication effect was again observed. As shown in the figure, truth ratings were clearly affected by exposure: participants gave higher truth ratings following exposure for false
statements implied to be true, and lower truth ratings following exposure for true statements implied to be false. Table 2
shows the posterior population-level estimates for an identical
regression as was conducted for Experiment 1. Experiment 2
replicated the effects of Experiment 1 in a revised design that
eliminated any consistency pressure or demands on participants. In fact, the magnitude of the effect for the implication
statements was somewhat larger in Experiment 2 than in Experiment 1.
In addition, participant’s truth ratings for the premise statements in Experiment 2 revealed the classic illusory truth effect: premise statements were rated as more true when participants had been exposed to them previously β = 0.525, 95%
CI [0.333, 0.719].
Interestingly, though somewhat smaller, the illusory implication effect for the implication statements was generally
similar in magnitude to the illusory truth effect observed
among the premise statements.
One limitation of these studies relative to prior work on
the illusory truth effect is the relatively limited number of
statements participants saw and were tested on. Generating
diverse pairs of statements with a clear implication relation
is relatively more challenging than simply generating false
statements. Fortunately as shown in Figure 3, the illusory implication effect was fairly robust across the majority of the 24
different individual item pairs in Experiment 2.

Discussion
We observed an “illusory implication” effect across two preregistered experiments: mere exposure to premises (e.g. that
“The Tour de France has been held every year since its inception in 1903”) influenced participant’s truth ratings for examples of their logical implications (e.g. that “The Tour de
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Figure 3: Average truth ratings for individual premise and implication statements in Experiment 2, broken down by exposure
(exposed vs. unexposed) and implication type (true-implied-false vs false-implied-true). For visualization purposes, means
were calcaulated by translating ordinal responses onto a scale from -2.5 to 2.5. Error bars indicate standard errors.
France was still held during World War I and World War II”).
Unlike the illusory truth effect, this novel effect cannot be
easily explained by the effects of familiarity or fluency on the
judgment process (cf. Fazio et al., 2015; Unkelbach, 2007;
Wang et al., 2016): whereas familiarity would be expected to
uniformly increase endorsements, participants’ truth ratings
for implication statements were both increased and decreased
according to the implications of the corresponding premises.
Thus, it appears that mere exposure has a genuine impression
on people’s beliefs beyond simply creating a sense of familiarity.
If not familiarity, then what cognitive mechanism could explain these findings? One potential explanation is that mere
exposure to the premise statements essentially leads participants to at least partially adopt the premise statements as beliefs. Simply entertaining the idea may create such an impression despite awareness of its ambiguous truth-value. Or,
consistent with a general overriding expectation of truth in
testimony (e.g. Grice, 1989; Levine, 2014), participants may
at least partially accept the premise statements as true despite the experimental context making clear they should not.
This explanation would be consistent with the general truthbias observed throughout both studies. Future research might
vary the plausibility of the premise statements to evaluate this
explanation or identify its boundary conditions (Fazio et al.,
2019).
Another potential explanation would attribute the illusory
implication effect to processes that play out in the testing
phase. Rather than familiarity, the illusory implication effect may instead reflect explicit memory and source misattribution: Participants may (at least partially) remember the
premise statements, but fail to properly attribute their source
to the experimental context. Future research might explore

how explicit memory for the premise statements correlates
with the strength of the illusory implication effects. In particular, research might disentangle memory effects by exploring
factors that are known to affect memory, but that should not
affect other reasoning processes, such as retention intervals
or serial-position effects (e.g. Bjork & Whitten, 1974).
Finally, given the surprising nature of our findings, we
must raise the possibility of potential deflationary explanations: that the finding could be some kind of experimental demand characteristic. For instance, participants’ might imagine there is some kind of trick so that they are expected to
reason forward from the initial exposure to the items. Or,
some proportion might have been sufficiently confused so as
to imagine they were meant to believe the statements on their
initial exposure (though it is hard to imagine this in Experiment 1). Further work should explore participants’ perceptions of the purposes of these studies and the potential for
different response strategies. However, it should be noted
that similar concerns could be levied at essentially all prior
research on the illusory truth effect.
Whatever the cognitive mechanism behind the illusory implication effect we observed, these findings are further cause
for concern about the spread of misinformation on and offline. The spread of misinformation and fake news may outpace the spread of factual news (Vosoughi et al., 2018) and
creates massive challenges for online platforms seeking to
remove, label, and correct misinformation (Sharma et al.,
2019). These challenges may be further compounded by basic features of human cognition: mere exposure to false statements can make them appear true. Further, as our findings are
the first to indicate, these impacts generalize to related statements and are potentially indicative of genuine belief following mere exposure.
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Abstract

context (Karttunen, 1976; Heim, 1982; Kamp, 1981). New
elements can be added to this list, or existing ones can be
selected, depending on the grammar of an utterance. To see
how this works, compare the contexts in which one would use
the sentences in (1) and (2), which differ only in whether they
contain an indefinite noun phrase (“a red apple”) or a definite
noun phrase (“that red apple”).

How do children learn to connect expressions (e.g “that red
apple”) to the real-world objects they refer to? The dominant
view in developmental psychology is that children rely on descriptive information (red, apple). In contrast, linguistic theories of adult language attribute primacy to the grammar: words
like that or another first establish the status of potential referents within the discourse context (old, new) before descriptions can factor in. These theories predict that reference can
succeed even when the description does not match the referent. We explore this novel prediction in adults and children.
Over three experiments, we found that (i) adults relied on the
articles to identify the referent, even when the description did
not fit, consistent with grammar-first accounts; (ii) consistent
with description-first accounts, and unlike adults, 3-5yo children prioritized the descriptions provided by the nouns, despite being sensitive to grammatical information. This suggests that children connect expressions to referents differently
from adults.
Keywords: reference; identification; sortals; cognitive development

Introduction
How do people connect expressions to the objects they are referring to? Research within developmental psychology tends
to assume that descriptions are critical to establishing reference (e,g Markman, 1992; Waxman & Lidz, 2006; Xu,
2007). Under description-first (DF) theories, what allows
children to establish the connection between an expression
(e.g. “that red apple”) and the relevant physical object (a particular red apple) is the descriptive content provided by the
content words, red and apple. Under this analysis, the child’s
main task is to compare the properties provided by language
with the ones derived from the physical world. For example,
an utterance like, “Look at that red apple,” includes descriptors like red and apple, while in the physical context there
might be an object that has the relevant properties of redness
and applehood. On description-first theories, referent identification is the task of matching these linguistic descriptions
to object properties. The most important property is taken to
be the object kind, typically described using common nouns
(Markman, 1992; Xu, 2007).
This view contrasts sharply with grammar-first (GF) theories, standard in linguistic semantics, which argue that the
connection between what someone says and potential referents in the physical world is not direct, but mediated by an
understanding of the discourse context. This involves keeping a list of the objects that are under discussion in a given

(1)

A red apple is in my bag.

(2)

That red apple is in my bag.

Intuitively, someone would only use (2) if there was already
some discussion of a relevant red apple. In contrast, using
(1) would be appropriate to inform the addressee of a new
apple, introducing it into the discourse. GF theories explain
this difference by assuming that definite and indefinite articles affect the discourse context in different ways. Indefinites
create a new entry in the list of things under discussion, while
definites point back to an already existing one (Heim, 1982;
Kamp, 1981). In these theories, descriptions can only play a
role after determining, based on the function words, whether
reference is being made to a new or an already-familiar entity.
Both theories might accommodate much of everyday referential communication, but one place where they differ is in
how they handle mismatching descriptions. Consider a classic example due to Donnellan (1966). Imagine that you are
at a party when you see an interesting-looking person with a
martini glass. You might ask the host:
(3)

Who is that man drinking the martini?

This question would be no less sensible, nor would the host
be any less able to answer it, if it turned out that the martini
glass actually contained water. Indeed, the host would know
who you mean even if they were the one who had poured the
water, and so knew that your description did not apply.
Theories that treat establishing reference as a task of
matching descriptions to entities cannot easily accommodate
how mismatching descriptions can successfully refer. After
all, in (3), there is no man drinking a martini. GF theories
fare better: the definite noun phrase (“that man”) forces you
to find a suitable entity already in the discourse context, so
that exact descriptive (in)adequacy matters less.
While the success of reference with mismatching descriptions can be taken as evidence for GF theories in adult lan-
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guage, to date there has been no systematic empirical investigation of children. This is in spite of the fact that children
seem to possess the cognitive and linguistic prerequisites implicated by both theories. Infants succeed in matching objects to descriptions, a requirement of DF theories, from a
remarkably young age (Bergelson & Swingley, 2012; Parise
& Csibra, 2012). And as would be required by GF theories,
a variety of non-linguistic tasks have shown that toddlers are
sensitive to whether their communicative partner introduces
a novel object or refers back to a previously mentioned one
(Moll, Carpenter, & Tomasello, 2007; Tomasello & Haberl,
2003). Finally, a set of studies have shown that by around 3
years of age children can already produce and comprehend
articles with their referential function (Aravind, 2018; Maratsos, 1976; Matthews, Lieven, Theakston, & Tomasello, 2006;
Matthews, Lieven, & Tomasello, 2007; Rozendaal & Baker,
2008; Serratrice, 2005).
In this study, we empirically contrast DF and GF theories
of referent identification in child development by investigating the main point on which they diverge: whether descriptions must match their intended referents. DF but not GF
theories require that descriptors always match (e.g. ”an apple” can only refer to an object that is an apple). In contrast,
GF but not DF theories would allow for referring to an object
with a mismatching description in the relevant grammatical
environments (e.g. definite noun phrases).
We designed a novel referent selection paradigm to test
these diverging predictions. In our paradigm, an object is
first introduced into the discourse and then undergoes a magical transformation that changes its descriptive properties (e.g.
from a car to a duck). This setup allows us to systematically
ask questions about what utterances children and adults understand as referring to this transformed object. Participants
heard requests for either a noun matching the object’s initial
state (car) or final state (duck), using one of three articles:
two indefinites (a, another) and one definite (that). This let
us ask (i) how both adults and children understand referential
utterances that use an out-of-date pre-transformation descriptor and (ii) what the contribution of the articles is to their
choice of referent. If participants prioritize grammatical over
descriptive information, they should be willing to choose the
previously mentioned transformed object (the car→duck object) when asked to pick ”that car”, even though the noun
label no longer applies.

Experiment 1: Adults
Methods
Participants We recruited 50 native English-speaking
adults online through Amazon Mechanical Turk (MTurk).
They received $1.20 as remuneration and the experiment took
around 10 minutes for them to complete.
Design, Materials and Procedure Participants were first
introduced to two on-screen cartoon characters (Tigger and
Piglet), who served as the discourse participants throughout
the experiment.

Figure 1: A timeline (left to right) of an example trial in Experiments 1 and 2, in which a car transforms into a duck.

Figure 1 shows an example trial. Each trial consisted of
two parts: the introduction phase and the measurement phase.
In the introduction phase, three toys appeared and Piglet narrated: “Oh! Look! There are some toys on the shelf”. Each
toy belonged to one of two different categories (e.g. car, car,
duck; on-screen location counterbalanced). Next, one object
magically transformed into a different kind of object with accompanying visual and sound effects. The object that transformed was always one of the objects that had two instances
at the start (thus a car, car, duck display at start could end
up being either a car, duck, duck display or a duck, car, duck
display, depending on the counterbalancing). This magical
event was narrated by Piglet: “Wow! Magical! An X has
turned into a Y”, with X labeling the initial object kind (e.g.
car) and Y labeling the object kind after transformation (e.g.
duck). This narration verbally highlighted the transformed
object and provided an opportunity for the next use of that to
refer back to it.
In the subsequent measurement phase, Tigger made a
request: “Wow! That was so cool! Can you click on
[a/another/that] [X/Y]?” and participants chose a referent in
response by clicking on one of the objects. We manipulated
two variables in this request: the article (a vs. another vs.
that) and the noun (Initial: the noun corresponding to the initial state, e.g. car, vs. Final: the noun corresponding to the
transformed state, e.g. duck). We chose to include two distinct indefinite articles, as a can occasionally (e.g. in environments that trigger free choice or indifference inferences)
pick out objects that are already part of the discourse. In
contrast, another always requires a referent that is new and
distinct from a previously introduced object. We opted for
demonstrative that instead of the definite article the because
(i) in our setup it was more natural to interpret it as referring back to a previously mentioned object and (ii) looking
ahead to the child experiments, prior research suggests that
the anaphoric function of that is acquired earlier than that
of the article the (Modyanova & Wexler, 2007; Modyanova,
2009; Wexler, 2011). Throughout, we will refer to the magical object as the “transformed object”, to the untransformed
object that matches the noun-description in the request as the
“noun distractor object”, and to the other untransformed object that does not match the noun-description in the request as
the “other object”.
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Taken together, this design resulted in 6 within-subject trial
types. Table 1 illustrates the predictions of DF and GF theories on each trial type, with a trial with a car → duck transformation as an example and corresponding predictions for
reference resolution derived from the two theories.

1
2
3
4
5
6

Request
A duck
Another duck
That duck
A car
Another car
That car

Article
Indefinite
Indefinite
Definite
Indefinite
Indefinite
Definite

Noun
Final
Final
Final
Initial
Initial
Initial

DF

been mentioned. However, participants were more likely still
to select the transformed object when the request involved a
noun description that corresponded to its final, transformed
state (β = 3.14, z = 6.92, p < .001), suggesting that they did
consider the descriptive information in their choices. See Figure 2.

GF

Table 1: Trial Types, Experiments 1 and 2. Checkmarks represent conditions where GF and DF theories predict the utterance could refer to the transformed object.
The 6 trial types were grouped into blocks, and each block
was presented 4 times to yield 24 total trials. Each trial used
distinct pairs of object kinds. The relative position of the
three objects, and the position of the transformed objects were
counterbalanced between trials, within-participant.

Results and discussion
Our primary question was how the rates of selecting the transformed object vary as a function of article and description. To
test this, we built a generalized logistic mixed effects model,
predicting the probability of choosing the transformed object
from Noun (Initial or Final), Article (a, another, that), and
their interaction as fixed effects, with a random intercept of
participant. Article was helmert coded, allowing us to compare (i) that with the mean of the two indefinite articles and
(ii) a vs. another. Noun was sum coded (a change from
our preregistered treatment-coding scheme) in order to report
the coefficients of our two contrast-coded effects of Article
as main effects across both levels of Noun. Model comparisons revealed that inclusion of Article (χ2 (2) = 167.90, p
< .001) and Noun (χ2 (1) = 67.37, p < .001) each significantly improved model fit, while the interaction term did not
(χ2 (2) = 0.22, p = 0.9). Reflecting the influence of grammatical information, participants were overall more likely to
select the previously mentioned transformed object when the
request included that (β=1.86, z = 12.37, p < .001) than the
indefinites. We also found that a trials elicited greater selection of the transformed object compared to another trials (β
= -0.65, z = -2.13, p = .003), consistent with linguistic evidence that a can refer back to a previously mentioned object,
while another requires choosing a different referent. Most
importantly, on that initial noun trials, participants selected
the transformed object on 61.2% of trials, prioritizing the
grammatical information over the noun descriptor. For example, upon seeing a car transform into a duck, participants
asked for ”that car” chose an object that was now a duck more
often than a car that had never transformed, but had also not

Figure 2: Adults’ choices of transformed object, the noun
distractor, and the other object, broken down by the article
(a, another, that) and noun (left: Initial; right: Final) in the
request in Experiment 1.
Adults’ behavior matched the predictions of GF theories.
Their choice of referent incorporated descriptive information,
but prioritized grammatical information. Importantly, and
compatible only with GF theories, they were willing to entertain reference to an object even when the requested noun
did not describe it in its current state, so long as the grammar
allowed for it. They tended to choose the object that transformed into a duck when asked for that car, but not a car or
another car.
At the same time, they were not at ceiling in choosing
the transformed object with an out-of-date description, even
when that was used. This contrasts with their behavior in
the that final condition, where they chose the transformed object nearly 100% of the time. This suggests that despite the
strong role grammar plays in referent-selection, adults still
have a preference for using matching descriptors, i.e. nouns
that describe the object in its present state.

Experiment 2: Children
In Experiment 1, we found that grammar influences adults’
referent selection so strongly that it can override descriptive
information provided by a kind label. Next, we explore how
the influence of grammar on referent identification develops.
Experiment 2 adapts the same paradigm for children. One
possibility is that children start out prioritizing descriptions
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over grammar, as DF theories within developmental psychology have previously assumed. Alternatively, it is possible
that, like little adults, children will prioritize grammatical information as soon as they understand the referential functions
of words like that, a, and another.

Methods
The
experiment
was
preregistered
at
OSF
(https://osf.io/znye7).
Methodological and analytical
choices were as specified there, unless otherwise noted.
Participants We analyze results from a sample of 32 children (Mean Age = 4.54 years, Range = 3.18 - 5.98 years) recruited from a database of participants at Brown University.
An additional 5 children were excluded from the final sample
due to inattention (4) and experimenter error (1).

was altogether more often selected given the definite prompts
compared to the indefinites (β = 3.51, z = 6.68, p < .001),
but this interacted with experiment (β = 2.78, z = 5.38, p <
.001), showing that adults differentiated based on definiteness
more than children. In the model looking at the initial noun,
we found similar results. Model comparisons revealed significant effects of article (χ2 (2) = 30.22, p < .001) and experiment (χ2 (2) = 4.61, p = .03; in this case children chose the
transformed object more frequently than adults), and again,
a significant interaction (χ2 (2) = 44.71, p < .001). Across
experiments there were more transformed choices in the definite compared to the indefinite frame (β = 3.16, z = 8.71, p <
.001). The interaction between the definite-indefinite contrast
and experiment was again significant (β = 2.2, z = 6.22, p <
.001), driven by adults differentiating by the definiteness of
the article more than children.

Procedure The task and materials were identical to Experiment 1, except for changes aimed at adapting the task for
children. The study was carried out live via Zoom videoconferencing with the experimenter. Rather than clicking on
the target images, children pointed to their selections and
their caregiver clicked on the corresponding image. To familiarize children with the task, each session began with a set
of warm-up trials asking children to point to an object on the
screen. We also shortened the task, reducing the number of
items per trial type from 4 to 3 (yielding 18 total trials) and
introducing a break half-way through.

Results and discussion
The modeling strategy was identical to Experiment 1. Model
comparisons revealed significant fixed effects of article (χ2 (2)
= 11.50, p = .003) and noun (χ2 (1) = 104.81, p < .001), with a
marginal interaction (χ2 (2) = 5.09 , p = 0.078). Across all articles, children were more likely to select the transformed object when the noun description matched its final, transformed
state (β = 2.74, z = -10.30, p < .001). In fact, they rarely
ever selected the transformed object when the initial noun
was used, irrespective of the article (mean 11%). However,
children did show some sensitivity to the article. We found
a main effect differentiating that from both indefinites (β =
0.43, z = -1.93, p = .009), but not the two indefinites from
each other. In exploratory analyses of the simple effects of
article at each level of noun, we found that children distinguished that from the indefinites only with the final noun (β
= 0.9, z = 2.633, p = .008) and not with the initial (β = 0.08, z
= 0.614, p = .539). See Figure 3. We also explored the effect
of children’s age in a separate model, but found no significant
main effects or interactions involving age.
Finally, in order to directly compare adults and children in
their differentiation of definite versus indefinite articles, we fit
two models to the data corresponding to the final and initial
noun conditions. When looking only at the final noun, model
comparisons revealed a significant effect of article (χ2 (2) =
59.23, p < .001), experiment (children selected the target
more often than adults; χ2 (1) = 8.2073, p = .004), and their
interaction (χ2 (2) = 52.67, p < .001). The transformed object

Figure 3: Children’s choices of the transformed object, the
noun distractor, and the other object by the Article (a, another, that) and Noun (left: Initial; right: Final) in the request
in Experiment 2.
Even though we found that children, like adults, were sensitive to both the noun and the article, children’s behavior was
otherwise quite different. They rarely chose the transformed
object given a mismatching description (a kind label that did
not match its current state). This suggests that they prioritized
descriptive over grammatical information, and thus, that their
behavior is better explained by DF than GF theories.
However, two issues limit this interpretation. First, we
only have limited evidence that children encoded and understood the grammatical structures in our task. Rather than
prioritizing descriptions, it is possible that children did not
differentiate definite from indefinite articles reliably enough
for them to guide reference identification. Second, there are
multiple ways to interpret children’s reluctance to select the
transformed object in the that initial noun condition. It could
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be driven by children requiring descriptions to match a referent, as DF theories predict, but it could also be driven by
some other constraint on referential communication. A variety of studies (for a review see Doherty & Perner, 2020) have
found that young children have trouble with “dual naming”,
i.e. applying two distinct noun-descriptors to an object even
when they both match, whether they are basic-level and superordinate terms (e.g. rose/flower) or two basic-level terms
(e.g. bunny/gardener). One possibility, consistent with these
findings, is that children expect objects to be referred to using
only the single best description available. For the transformed
object in the present experiment, the best (least ambiguous)
descriptor would be the noun that describes its final and current state. Experiment 3 tests whether children initially employ a DF approach to reference, or else whether they avoid
dual naming in particular but use grammar first when an object does not receive two distinct labels.

Materials and Procedure All materials and procedures
were identical to Experiment 2, with a crucial difference
in the form of the request, which now involved either
that/[null]/another one or that/a/another toy (since “a one”
would be ungrammatical, no overt article was used in that
condition). To aid interpretation, we change the coding for
the distractor objects, calling the distractor that is of the same
kind as the transformed object’s initial state the initial noun
distractor, and the distractor that is of the same kind as the
transformed object’s final state the final noun distractor.

Results and discussion

Experiment 3
Experiment 3 tested two questions: First, can children distinguish between the referential functions of the articles that,
a, and another under more ordinary circumstances, when the
description does not mismatch? Second, do children assume
that that any matching description can be used in referential
acts, or do they have a further constraint against dual naming?

Methods
To investigate these questions, we changed the final request
made by Tigger, while keeping all other aspects of the task
constant. We leveraged prior findings that, by age 3, children
can identify referents given requests for “this one” or “that
one” in the absence of informative descriptions, based on
pragmatic cues about the communicator’s intent (Matthews
et al., 2007). Instead of hearing a noun describing either the
initial or final state, children were presented with requests
that either (i) had no descriptive content (“one”) or (ii) used
a superordinate descriptor (“toy”) that matched both kinds
of objects. By removing the descriptive information in the
one condition, we can probe children’s grammatical performance without interference from any descriptive content, either matching or mismatching. The toy condition allows us
to test how children treat descriptors that match, but nevertheless fail to meet the “single best descriptor” criteria. If
in Experiment 2, children avoided choosing the transformed
object in the that initial condition because of a failure to understand the grammatical terms, we should continue to see
analogous failures here, in both the one and toy conditions. If
children struggled only with dual naming, they should continue to avoid the transformed object when asked for that toy,
but not when asked for that one.
Participants We analyze results from a new sample of 32
children (Mean Age = 4.39 years, Range = 3.07 - 5.98 years)
recruited from a database of participants at Brown University. An additional 1 child was recruited but excluded due to
inattention.

Figure 4: Children’s choices of transformed object, the final
noun distractor, and the initial noun distractor by article and
noun (left: One, right: Toy) in the request in Experiment 3.
Again, our modeling strategy was identical to Experiment
1, only with toy and one as the two levels of the Noun variable. Model comparisons indicated a significiant effect of Article (χ2 (2) = 30.22, p < .001), but no significant effects of
Noun (χ2 (2) = 1.15, p = 0.28) or their interaction (χ2 (2) =
1.88, p = 0.39). Children chose the transformed object significantly more often when the request contained the article
that relative to the indefinites (β=0.39, z = 5.52, p < .001),
but there was no significant difference between the articles a
and another. As in Experiment 2, exploratory analyses found
no significant main effects or interactions with age.
The contrast between the definite article and the two indefinites provides evidence that children encode the crucial
grammatical distinctions. Together with the effect of Article
from Experiment 2, we can conclude that children understand
and use the grammatical elements, but only as long as the descriptions match the referent. In other words, their behavior
in Experiment 2 indicates that they prioritize descriptive over
grammatical information, even as Experiment 3 confirms they
do not disregard or misunderstand the latter.
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Importantly, children also chose the transformed object at
comparable rates when asked for both nouns, toy and one.
This shows that children have no problem referring to the
transformed object using descriptions that diverge from the
final noun (calling a duck that toy), so long as the descriptive
content currently applies to the entity. This argues against interpreting the results of Experiment 2 as the product of children’s inability to accept multiple labels for a single object
(Perner & Leahy, 2016; Doherty & Perner, 2020).

General Discussion
In three studies, we compared the role of descriptive and
grammatical information—nouns and articles—in referential
disambiguation by adults and children. Experiment 1 revealed that adults prioritize grammatical information. When
the request involved the article that, which picks out a referent
that was already established in the discourse, adults chose the
transformed object – the object that was made salient immediately prior to the request. More strikingly, as long as that
was used, they chose the transformed object when given an
out-of-date descriptor – asked for “that car“, they picked the
object that used to be a car, but had transformed into a duck
– a result that is compatible only with grammar-first (GF)
theories. Adults also distinguished between a and another,
perhaps because they sometimes interpreted a as indicating
indifference on the speaker’s part (i.e. give me anything such
that it matches the description), rather than introducing a new
object. On the other hand, they almost never chose the transformed object when asked for another, confirming that this
article always required that the referent contrast with one that
has been previously established.
In contrast, children behaved very differently from adults.
In Experiment 2, we found that they almost never picked the
transformed object when the noun did not describe that object’s final state. Experiment 3 further tested and confirmed
that children at theses ages do have the requisite grammatical understanding of how the definite and indefinite articles
in our paradigm could be used to refer.
Additionally, Experiment 3 helped to tease apart two different kinds of expectations children could have about how
descriptions refer. It contrasted two types of noun phrases:
one, which provides no descriptive information and thus gives
a clearer test of sensitivity to grammar, and toy, which describes all the objects on the screen truthfully – but not in the
best way – to assess whether children cannot entertain dualnaming. We found that children showed a statistically robust sensitivity to the grammatical contrast given both nouns,
and that they had no trouble resolving reference to the transformed object with a less-than-ideal, but still matching, descriptor (i.e. toy). Together, these results make it unlikely
that the results from Experiment 2 were due either to a lack of
grammatical understanding or confusion about dual-naming.
Is it possible to explain children’s non-adultike behavior
as stemming from a non-adultlike understanding of the task,
rather than a non-adultlike understanding of how language

is used to refer? For instance, could children have understood our task to be a game of matching descriptions, leading
them to only entertain descriptive information? This seems
unlikely, given that children were sensitive to grammatical
information and only disregarded it when the noun did not
match the referent that grammar would otherwise point to.
Another possibility is that children understand the task, but
misconstrue the communicative context. If, for instance, children considered all three target objects as equally discoursefamiliar, irrespective of the fact that the transformed object
was verbally highlighted, the articles would not differentiate
between referents. The simplest form of this explanation is
ruled out by children distinguishing between requests involving definite and indefinite articles. But it is not impossible
that children made that distinction in a non-adultlike manner.
They might assume that definite noun phrases should refer to
objects that are salient from their own first-person perspective rather than in the shared discourse. Notably, this explanation would require two stipulations: a non-adultlike construal of the context and a non-adultlike semantics for that. A
significant body of work argues against the latter possibility
(Aravind, 2018; Maratsos, 1976; Matthews et al., 2006, 2007;
Rozendaal & Baker, 2008; Serratrice, 2005).
Finally, could adults and children differ in their understanding of the critical magical transformation? For instance,
children could believe that the magical transformation actually involves switching one object for another rather than
transforming a single object – this would make referring back
to that object using the initial noun impossible. This, however, seems unlikely given prior studies that have found that
3- and 4-year-old children interpret not only causally plausible (Gelman, Bullock, & Meck, 1980), but also impossible magical transformations (Goddu, Lombrozo, & Gopnik,
2020) as acting on a single object.
More likely, these findings imply that there is more to attaining an adult understanding of referring expressions than
having basic command of the relevant articles. Children must
further figure out how descriptions and grammatical information interact. This raises several options for what exactly
the difference between adults and children is, suggesting new
directions for investigations of the relationship between descriptions and grammar in both populations. One possibility
is that grammatical information and descriptive information
are separate, simultaneous cues to establishing reference. If
so, children would simply need to learn that grammatical information has higher priority than descriptive information, at
least in contexts like ours. Alternatively, grammatical information could be qualitatively different from descriptions. According to some linguistic theories, the grammar is responsible for establishing reference by indicating entities’ relationship to the discourse (new or familiar) while descriptions only
have a function to restrict from the set of familiar ones (Heim,
1982; Kamp, 1981). In this case, children’s non-adultlike behavior might suggest a more substantive difference between
how children and adults connect words to the world.
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Abstract
What is the function of immature vocalizing in early learning environments? Previous work on infants in the US indicates that prelinguistic vocalizations elicit caregiver speech
which is simplified in its linguistic structure. However, there is
substantial cross-cultural variation in the extent to which children’s vocalizations elicit responses from caregivers. In the
current study we ask whether children’s vocalizations elicit
similar changes in their immediate caregivers’ speech structure
across two cultural sites with differing perspectives on how to
interact with infants and young children. Here we compare
Tseltal Mayan and US caregivers’ verbal responses to their
children’s vocalizations. Similar to findings from US dyads,
we found that children from the Tseltal community regulate the
statistical structure of caregivers’ speech simply by vocalizing.
Following the interaction burst hypothesis, where clusters of
child-adult contingent response alternations facilitate learning
from limited input, we reveal a stable source of information
facilitating language learning within ongoing interaction.
Keywords: language input; parent-child interaction; language
statistics; child-directed speech

Introduction
Across several species, adults’ contingent responses to their
offsprings’ immature vocalizations play a key role in communicative development (Carouso-Peck & Goldstein, 2019;
Goldstein & Schwade, 2008; Gultekin & Hage, 2018). When
these responses are rare, how might they facilitate learning? Recent findings demonstrate that child-directed talk in
both US and non-Western communities is organized around
children’s vocalizations and predicted by routine activities
throughout the day, although the style, context, and source of
talk is highly variable between communities (Bergelson, Amatuni, Dailey, Koorathota, & Tor, 2019; Brown, 2011, 2014;
Casillas, Brown, & Levinson, 2020). Per the interaction burst
hypothesis, predictable clusters of interactive language learning opportunities may maximize learning across contexts that
vary widely in their child-directed language style (Casillas et
al., 2020, 2021). Learning may be maximized when adult
speech within vocal turn-taking bouts with children is structurally simplified and thus, easier to learn from.
What role do children play in structuring the learnability
of the ambient language? By 9 months, infants can regulate
the complexity of their caregivers’ speech simply by vocalizing (Elmlinger, Park, Schwade, & Goldstein, 2021; Elmlinger, Schwade, & Goldstein, 2019a, 2019b). The causal
flow from infants’ vocalizations to changes in adult speech is

established. Contingent and non-contingent speech are spoken in the infant-directed speech register, but caregiver linguistic structure is altered immediately after a child vocalizes (Elmlinger et al., 2019b; Fernald, 1989). Infant vocalizations facilitate the production of more simplified talk from
their adult caregivers. The lexical and syntactic structure of
caregiver speech is simplified in response to infants’ vocalizations. Caregivers utter fewer unique word types, fewer words
per utterance and higher proportions of utterances which contained only a single word when talk was contingent on vocalizations. Thus responses to babbling reduce the complexity of
caregivers’ speech in ways that may facilitate infant learning
(Schwab & Lew-Williams, 2016).
The extent to which children across multiple linguistic and
cultural backgrounds experience a reduction in speech complexity as a result of their vocalizing is unknown. Differences in caregivers’ attitudes about child language development and socialization across cultures may predict whether
speech within vocal turn-taking with children is simplified. If
the simplification effect of contingent speech relies upon the
pedagogical attitudes of the speaker, then Tseltal adult caregivers, who are less likely than US adult caregivers to engage
young children in child-centric and pedagogical speech interactions (see below), may not show the simplification effect
found in US adults. Alternatively, the simplification effect
may be independent of pedagogical attitudes and the contingent simplification found in US caregivers may present as
a stable feature of language learnability across multiple languages and cultures. To shed light on these possibilities, we
focus on comparing speech simplification of Tseltal Mayan
and US caregivers.

Ethnographic background
The Tseltal participants live in a rural Mayan community in
the mountains of southern Chiapas, Mexico. Most caregivers
in the sample are horticulturalists and most children are raised
in multi-generational patrilocal family compounds (i.e., near
their nuclear family, paternal grandparents, paternal uncles,
etc). Tseltal is the primary language spoken at home.
Young children are carried for much of the first year, and
are socialized to attend to the social interactions occurring
around them rather than expecting to be the center of adult
attention. Longitudinal ethnographic research suggests that
speech directed to children is often brief, involves three or
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more participants, and focuses on appropriate actions and responses rather than words and word meanings (Brown, 2014).
In a given day, children under age 3;0 hear an average of
3.6 minutes of speech directed at them per hour (Casillas
et al., 2020), which may be comparable to averages from
other (e.g., US) communities but includes a greater preponderance of directed speech from other children (Bunce et al.,
under review). As children become more competent language
users, they begin to more effectively engage other children
and adults as conversational partners (Brown, 2011, 2014).

Infant-directed speech in Tseltal
Tseltal infant-directed speech is not recognizable as such by
naı̈ve Western listeners, who cannot effectively distinguish it
from adult-directed speech by the same speakers, despite high
reported confidence ratings (Soderstrom, Casillas, Gornik, et
al., 2021). Ethnographic report suggests that imperatives,
repetitive social routines, and immediate turn repetition are
the most common types of speech to infants and young children, while questions and pedagogical talk are much less
common (Brown, 2011, 2014). Pye’s (1986) in-depth analysis of infant-directed speech in K’iche’, a related language
community, demonstrates that while there is a distinct register for talking to infants, the ways in which pitch, phonology, lexical forms, and morphosyntactic choices are modified
are language-specific and do not necessarily involve simplification. For example, there were no appreciable differences
in MLU in morphemes between adult- and infant-directed
speech.

Because of the limited comparability across samples included in this study, we treated the Tseltal and US measures
as two individual case studies. Direct statistical comparisons
of contingent speech simplification were not made due to the
differences in participants’ age and recording context across
sites. The central difference of interest is that of cultural context and whether speech structure is altered when organized
around children’s vocalizations. To the extent that we see
similar patterns of speech structure change across cultures,
this suggests strong effects, robust against the study’s current
limitations.

Methods
Participants
10 Tseltal children between 2 and 36 months were recorded
in 2015 during their everyday routines in Chiapas, Mexico.
Families were recruited via snowball sampling in the community and were given a small cash gift for their participation in
the study.
30 US caregiver-infant pairs participated when infants
were 5 and 10 months of age (Table 1). We recruited these
subjects from birth announcements in advertisements and local newspapers. As a gift for participation in the study, families received a t-shirt or a bib.

Recordings & procedure
Tseltal

US

Present study
We first compared the linguistic structure of parental speech
as a function of its contingency on children’s vocalizations.
The length of parents’ utterances to children in everyday
learning environments may decrease until children learn specific target words within the utterances (Roy, Frank, & Roy,
2009). Isolated words spoken to children are predictive of
the words that are most likely to be produced by children
later in development (Brent & Siskind, 2001). By investigating the structure of contingent and non-contingent speech
across Tseltal and US caregivers, we can better understand
the role that children’s vocalizations may play in influencing
their own communicative development.
Parental speech structure was quantified in terms of three
measures. To measure lexical diversity, we counted the number of unique words (types) in parents’ talk to children. The
influence of lexical diversity differs by timescale. Short clusters of partially-repetitive speech positively predict language
learning (Onnis & Edelman, 2019; Schwab & Lew-Williams,
2016). Variability in lexical input over longer timescales promotes language development (Huttenlocher, Waterfall, Vasilyeva, Vevea, & Hedges, 2010). We assessed syntactic complexity of parents’ speech by determining the mean length of
utterances in words (MLUw) (Parker & Brorson, 2005) and
the proportion of utterances which contained only a single
word.

Child digital
recorder

Parent wireless
microphone

Child wireless
microphone

Figure 1: Recording setup across sites.
The Tseltal recordings analyzed here are the same used in
Casillas et al. (2020). The recordings were randomly sampled from a total set of 55 to achieve an overall balance in sex,
maternal education, and age range between 0 and 36 months
(Soderstrom, Casillas, Bergelson, et al., 2021). On the morning of each recording, children donned an elastic vest containing a horizontally stored Olympus WS-832 stereo audio
recorder and a small camera on a vertical shoulder strap (images are not analyzed here). Infants too small to comfortably
wear both pieces of equipment were outfitted with a onesie
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TCDS
+CDS
US

Dyad (n)
10
10
60

Recording duration (avg)
60.00
60.00
14.92

C voc count (avg)
465.80
465.80
38.95

CG utt count (avg)
149.50
213.50
97.33

C age in months (avg)
16.10
16.10
7.53

Table 1: Recording descriptive statistics. avg = average, C = child, CG = caregiver, TCDS = Tseltal caregivers’ target-childdirected speech, +CDS = both Tseltal caregivers’ target-child-directed speech and their child-directed speech more generally,
utt = utterance, voc = vocalization
shirt that had a horizontal pocket to store the recorder (Figure
1).
Tseltal Children wore the recorder continuously throughout the ∼9 hour recording unless they needed to be bathed
or if wearing the equipment during a nap would inhibit their
sleep—in this case caregivers were instructed to place the
recorder nearby the child. That same evening, the experimenters returned to collect the equipment.
All recordings of the US data took place in a naturalistic environment in a twelve foot by eighteen foot playroom
which included a toy box, toys and animal posters. This
environment afforded infants the freedom to play and explore around the room as they wished. Three digital cameras
were stationed in the room and remote-controlled by experimenters capturing the video recordings. Infants wore overalls which concealed a wireless microphone (Telex FLM-22)
paired to a transmitter (Telex USR-100). Before each session, wireless lapel microphones (Telex FLM-22) were affixed to caregivers’ shirts. Caregiver microphones were connected to transmitters hidden in a pouch at their waist (Telex
USR-100) (Figure 1). Distinct audio channels were utilized
in the recording of infants’ vocalization and caregiver speech,
respectively. See Table 1 for more details of the participants
in the study across recording sites.
Each US participant engaged in 15-minute play sessions in
the lab. During these sessions, parents were asked to play like
they would at home, resulting in unstructured free-play.

Speech transcription
Tseltal parents’ speech sample consists of 60 minutes of transcription per recording. 45 of the 60 total minutes were randomly selected 5-minute clips. These speech samples were
annotated and transcribed jointly by the visiting Western researcher and a native of the community who knew all the families personally. Annotations included full transcriptions of
all hearable speech and to whom the speech was addressed
(e.g., to the target child only ‘TCDS’; to any child(ren)
present ‘CDS’; and to adults ‘ADS’). ‘TCDS’ and ‘CDS’ are
examined in the present work. Note that because Tseltal is a
mildly polysynthetic language, words typically contain multiple morphemes. The further 15 of 60 total minutes were
hand-selected from the remaining, unannotated portions of
each recording. Comprehensive review of each audio recording, excluding the original random clips, allowed us to identify the five top one-minute segments of turn-taking between
the target child and their interactants, then the five top one-

minute segments of target child vocalization from the remaining recording times. The most active interaction captured in
those 10 1-minute clips was then expanded a further five minutes, with all additional 15 minutes of clip time per recording
fully annotated using the same standards as the random clips.
This process resulted in one hour of fully transcribed and annotated recording time from each of the 10 daylong recordings, representing both baseline and high-activity speech periods (i.e., 10 hours of audio in total). Speech in these recordings comes from many speakers; we here focus exclusively
on speech from the target child’s mother.
Contingent
speech

Non-contingent
speech

Caregiver speech
Target child vocalizations
time

Figure 2: US and Tseltal caregiver utterances were considered contingent when they occured within 2 seconds of the
target child’s vocalizations. This contingency definition was
used for Tseltal TCDS and +CDS analyses.
The speech that US parents produced was completely transcribed. If parents’ utterances were separated by silence
longer than 2 seconds in duration and/or if their utterance exhibited a terminal pitch contour, they were segmented into
separate utterances (Stockman, 2010; Venker et al., 2015).
All caregiver utterances were directed to their infant. We
excluded caregivers’ vocal sound effects and any responses
to infant vegetative vocalizations such as coughs, cries, and
fusses from the analyses.
When Tseltal and US parents’ utterances occurred within
2 seconds of the offset of the target childs’ vocalizations,
then they were considered contingent utterances (Elmlinger
et al., 2019a). Parent utterances which occurred after a 2
second time frame were considered non-contingent (Figure
2). Two seconds was used following previous studies which
originally reported on the simplification of contingent speech
(Elmlinger et al., 2019b).

Child utterances
The onsets and offsets of all Tseltal infant non-vegetative,
communicative vocalizations (i.e., including laughter, fussing, and crying) were annotated, segmented approximately
according to breath groups, with some exceptions (e.g.,
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Tseltal

US

1.00

1.00

0.75

0.75

0.6

0.4

Proportion contingent and
non−contingent speech

Proportion contingent and
non−contingent speech

Proportion of non−cry vocalizations
which elicited a caregiver response

0.8

0.50

0.25

0.00

0.2

0.50

0.25

0.00

Individual caregivers

Individual caregivers

1.00

TCDS only

+CDS

US

Proportion contingent and
non−contingent speech

0.0

Figure 3: Proportion of child vocalizations which elicited a
contingent response. Black lines indicate ± 1 standard error
around the mean.
longer bouts of crying). When lexical, vocalizations were
transcribed, and were otherwise classified as containing
canonical syllables or not, or containing laughter or crying.
US infant non-cry vocalization bout onsets and offsets
were annotated in full. Vocalization boundaries were segmented according to breath groups (Oller, 2000; Oller &
Lynch, 1992).

Analytic approach
We employed LMMs with the lme4 package in R (Bates,
Mächler, Bolker, & Walker, 2014), to predict linguistic structure from contingency, controlling for target child age, with
participants as a random effect. In comparing proportion of
child non-cry vocalizations which elicited a response across
site and in comparing caregivers’ distribution of contingent to
non-contingent utterances, we used LMs.
We considered two groups of Tseltal caregiver speech–
target-child-directed speech (TCDS), which was caregiver
speech directed to the target child being recorded, and all
child-directed speech in general (+CDS), which included
TCDS and any caregiver speech which was directed at children more generally. Because Tseltal children may treat both
TCDS and +CDS as relevant learning cues, here both are considered for changes when they are contingent and not contingent on the target child’s non-cry vocalizations.

Results
Levels of contingent responsiveness
Tseltal children’s vocalizations elicited their mother’s verbal
response around a a fifth of the time (M=0.207, SD=0.13).
When including all child-directed speech (+CDS) in caregiver responses, vocalizations elicited responses at similar
rates (M=0.23, SD=0.126). US infant vocalizations elicited
caregiver verbal responses around half of the time (M=0.407,
SD=0.156). Non-cry vocalizations of US infants were more

Non−contingent

0.75

Contingent
0.50

Tseltal − TCDS
Tseltal − CDS

0.25

US
0.00

Individual caregivers

Figure 4: Distribution of caregiver utterance type per site.
Each bar along the x-axis represents an individual caregiver.

likely to elicit a caregiver response than Tseltal children’s vocalizations (Estimate=0.177, t=3.41, p=0.0011) (Figure 3).

Caregiver speech: linguistic comparisons
Tseltal caregivers’ target-child-directed contingent and noncontingent utterances were equal in number (MC =73.4,
SDC =61.81, MNC =76.1, SDNC =55.481, Estimate=-2.7, t=0.1, p=0.9193) (Figure 4). In total, Tseltal caregivers produced 734 contingent and 761 non-contingent target-childdirected utterances. When including general child-directed
speech (+CDS) in our measure of Tseltal caregiver speech,
there were roughly equal number of contingent than noncontingent utterances (MC =82.4, SDC =59.144, MNC =131.1,
SDNC =57.855, Estimate=-48.7, t=-1.86, p=0.0791). In total,
Tseltal caregivers produced 824 contingent and 1311 noncontingent child-directed utterances. US caregivers produced
less contingent than non-contingent speech, with significantly
fewer utterances spoken contingently on their infants’ vocalizations (MC =13.65, SDC =10.88, MNC =83.65, SDNC =32.389,
Estimate=-70, t=-15.87, p<.0001) (Figure 4). In total, US
caregivers produced 819 contingent and 5019 non-contingent
target-child-directed utterances.
To compare lexical diversity across contingent and noncontingent speech, the number of unique words caregivers
produced was calculated for contingent and non-contingent
utterances (Figure 5A, Table 2). When only considering
Tseltal target-child-directed speech (TCDS), contingent and
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A

B
TCDS only

+ CDS

US

TCDS only

+ CDS

US

12.5

Tseltal

Tseltal
Mean length of utterance

Number of unique words

300

200

100

0

10.0

7.5

5.0

2.5

0.0
C

NC

C

NC

C

NC

C

NC

C

NC

C

NC

C
TCDS only

+ CDS

US

Proportion single−word utterances

1.00

Tseltal

Contingency on
child vocalization:

0.75

C = Contingent
NC = Non−contingent

0.50

0.25

0.00
C

NC

C

NC

C

NC

Figure 5: Simplification of contingent speech across Tseltal and US caregivers. (A) Number of unique words per contingent
and non-contingent utterances. (B) Mean length of utterance in words per contingent and non-contingent utterances. (C)
Proportion of single word utterances per contingent and non-contingent utterances. Transparent dots and connected lines show
each caregiver’s contingent and non-contingent speech structure. Mean and ± standard error shown in bold.
non-contingent speech contained equal counts of unique
words. When including child-directed speech (+CDS) in
Tseltal unique word counts, there were significantly fewer
unique words spoken contingently. US caregivers produced
significantly fewer unique words in their contingent speech
relative to non-contingent speech.
To compare syntactic complexity across speech types,
caregivers’ MLUw was calculated for contingent and noncontingent utterances (Figure 5B, Table 2). Tseltal TCDS and
+CDS had significantly shorter contingent utterances than
non-contingent utterances. US contingent utterances were
significantly shorter than non-contingent utterances.
To further test syntactic complexity, the proportion of utterances which contained a single word was calculated for contingent and non-contingent utterances (Figure 5C, Table 2).
Tseltal TCDS and +CDS had a significantly higher proportion of contingent than non-contingent utterances that were
a single word (Table 2). US contingent utterances were also
more likely to contain only a single word compared to noncontingent utterances (Table 2).

Discussion
We found that US and Tseltal caregivers simplified the statistical and syntactic structure of their speech in response to
their child’s vocalizations. The simplification pattern generally holds despite cultural differences in the extent to which
child vocalizations elicit caregiver responses. In both groups,
contingent speech largely contained fewer unique words, contained shorter utterances and was more likely to be a singleword utterance. Together, these characteristics of parents’
contingent speech suggest a stable form of influence of children’s immature vocalizing on the ambient linguistic environment. Children’s vocal behavior may create language learning opportunities by eliciting responses from parents that contain more learnable information.
The lexical and syntactic simplification found in contingent speech may benefit children. Reduced contingent lexical diversity is likely beneficial as clusters of successive
word repetitions predict children’s learning of the repeated
words (Schwab & Lew-Williams, 2016). Shorter caregiver
utterances, and single-word utterances in particular, simplify
the task of finding word boundaries and facilitates language
learning (Lew-Williams, Pelucchi, & Saffran, 2011).
As the pattern of contingent simplification appears largely
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TCDS
+CDS
US
TCDS
+CDS
US
TCDS
+CDS
US

Contingent
Unique word count
81.7
101.1
40.93
Mean length of utterance
2.2
2.31
6.18
Prop. single-word utterance
0.52
0.49
0.22

SD
79.39
74.21
26.79
SD
1.82
1.88
6.28
SD
1.82
1.88
6.28

Non-contingent
Unique word count
88.7
185.3
147.77
Mean length of utterance
2.51
2.88
6.47
Prop. single-word utterance
0.44
0.37
0.14

SD
59.25
106
52.79
SD
2.11
2.38
5.78
SD
2.11
2.38
5.78

Estimate
7
84.2
106.83
Estimate
0.4
0.58
0.49
Estimate
-0.11
-0.13
-0.08

p
0.6057
0.0296
<.0001
p
0.0002
<.0001
0.0263
p
<.0001
<.0001
<.0001

95% CI
-22.61, 36.61
10.44, 157.96
92.99, 120.68
95% CI
0.19, 0.61
0.38, 0.78
0.06, 0.92
95% CI
-0.16, -0.06
-0.17, -0.09
-0.11, -0.05

Table 2: Comparison of contingent and non-contingent speech structure across sites. Estimates derived from the following model structure: caregiver speech structure ∼ contingency + infant age + (1|subject). TCDS = Tseltal
caregivers’ target-child-directed speech, +CDS = both Tseltal caregivers’ target-child-directed speech and their child-directed
speech more generally
similar across Tseltal and US caregivers, the simplification effect of contingent speech may be independent of the attitudes
towards language pedagogy in a given community. Reports
demonstrate that adult Tseltal speech to children does not typically include the attention-getting and child-centric features
typical of US English infant-directed speech (Brown, 2011,
2014; Soderstrom, Casillas, Gornik, et al., 2021). Thus, the
source of the simplification effect of immediate responses to
children’s vocalizations may have more to do with the strict
timing demands, or the immaturity of children’s vocalizations, than adults’ goals when interacting with young children
(see Elmlinger et al., 2021 for further discussion). While the
main focus of the present work was to understand the nature
of the simplification effect across Tseltal and US cultures, future research will need to extensively examine the underlying
mechanism of simplification.
Tseltal children’s vocalizations elicited lower rates of caregiver responses than the US infants. This difference may arise
from a number of limitations of the present study. Tseltal and
US recording durations, contexts, and age differences may
have contributed to this difference. Recent research on home
recordings of US infants suggests that infant vocalizations’
may elicit caregiver responses at a rate of 21 percent, a rate
comparable to the Tseltal data presented here (Lopez, Walle,
Pretzer, & Warlaumont, 2020). However, because Lopez et
al. (2020) relied upon automatic coding of caregiver and infant utterances, which may overestimate the amount of turntaking in a recording, future work conducted with manual
annotation is required to fully understand cross-cultural differences in response rates (Ferjan Ramı́rez, Hippe, & Kuhl,
2021).
The relative distribution of contingent and non-contingent
Tseltal and US caregiver child-directed speech differed.
While Tseltal caregivers produced equal amounts of contingent and non-contingent speech, US caregivers produced
much more non-contingent speech. It is possible that this

pattern reflects the cultural norms in the Tseltal community
where talk with children may occur mainly within turn alternations and caregiver talk which extends beyond turn-taking
intervals may be more rare than in US caregivers.
Our results suggest that children, via immature vocalizing,
play an important role in shaping their own language environment in multiple, distinct cultural contexts. Future research is required to address the comparative limitations in
the present work, including the differences in recording duration, interpersonal context, and target child age. Currently,
we are adapting the measures in this research to measure the
morphemes in caregiver speech to reflect the differing morphological systems of the languages. In spite of these limitations, this work represents a useful advance in understanding how children’s real-time interaction with adults facilitates
language learnability.
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Guzmán López, Antun Gusman Osil, Humbertina Gómez
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Abstract
People are often reluctant to reconsider their choices, sticking with their goals even when it is clear that they would be
better off abandoning them. Explanations for this abound, including loss aversion, sunk costs, social and reputational pressures, and resource rational consideration of the costs of replanning. Here we propose another hypothesis: In adopting a
goal, you immediately reap the rewards of gaining information
about what to do and how to act. Insofar as goals are rewarding in themselves, we predict that unless a goal is specifically
devalued or the costs associated with it are very high, the default is not to engage in any reconsideration at all. We test
this hypothesis by creating a stripped down scenario involving
choices between two goals with transparently obvious cost differentials. The task is designed to minimize other factors that
might contribute to goal persistence and indeed, we test both
adults and very young children on virtually the same task to ensure that the cognitive load for adults is negligible. Both adults
(Experiments 1-2) and 4-6-year-old children (Experiments 34) choose the less costly of two goals when shown the costs
and goals together. However, when participants are shown the
goals first, and only then shown that their chosen goal is more
costly than the alternative, participants stick with higher cost
goals, unless the goals are explicitly devalued.
Keywords: Decision making; Goals; Persistence; Rational
Choice

Both adults and young children are sensitive to the costs
and rewards of actions. Cost-benefit analyses guides adults’
choices not just in laboratory settings or economic decisions but also about health, crime (Becker, 1968), and sociopolitical choices about voting and alliances (Whiteley, 1995).
Children also are sensitive to expected utilities: they prefer
small immediate rewards to later larger ones but rationally
modulate this preference according to expectations of environmental reliability (Kidd, Palmeri, & Aslin, 2013); they
balance costs and rewards when exploring for information
(Ruggeri & Lombrozo, 2015; Kidd, Piantadosi, & Aslin,
2012, 2014) and they expect others to maximize utilities as
well (Liu & Spelke, 2017; Jara-Ettinger et al., 2015)
This sensitivity to utilities would suggest that, given a
choice between two goals of equivalent value but different
costs, both adults and children should choose the goal that is
easier to obtain. However, both abundant research and everyday experience suggest that people do not always make the
prima facie rational decision (Kahneman & Tversky, 1982).
A striking instance of people’s failure to maximize utilities
is that after people have chosen a goal, they are often reluctant to reconsider it, even when it is clear that it would be

advantageous to do so (Arkes & Blumer, 1985). Investors
continue pouring money into projects even once it is clear
that they are unprofitable (Garland, 1990); experienced pilots
continue on their flight path even when the signs of danger
are evident (O’Hare & Smitheram, 1995), and doctors perseverate on treatment regimens even when better alternatives
are available (Phillips et al., 2001; Okonofua et al., 2006). Indeed, faced with bad outcomes from an initial choice, people
often paradoxically escalate their commitments (Staw, 1976).
Much of the work in economics and psychology has focused on the reasons why people deviate from the predictions of rational models (including misplaced optimism about
the probability of success; Arkes & Hutzel, 2000); a willingness to take risks to avoid losses (Pope & Schweitzer,
2011); a sense of personal responsibility (McCarthy, Schoorman, & Cooper, 1993); social and reputational pressures and
a failure to recognize alternative possibilities (Harvey & Victoravich, 2009). However, other work has focused instead on
respects in which it may be rational to commit to a goal, even
when seemingly better choices are available. Philosophers
have suggested that tying ourselves to the mast of a thoughtful, committed decision allows us to fulfill our intentions despite temptations that might otherwise undermine our will.
Among the benefits of ”rational resolve” and ”rational nonreconsideration” (Holton, 2004; Bratman, 1987) is avoiding
the cognitive costs associated with weighing alternatives and
changing courses of action. Relatedly, work in psychology
has suggested that apparent deviations from optimal choice
can be explained by resource-rational analyses that take into
account the costs of acquiring and processing information and
limits on time, attention, and memory (Lieder & Griffiths,
2020).
Given the myriad accounts already advanced to explain
people’s tendency to stick with their initial choices in the face
of seemingly preferable alternatives, it might seem unnecessary to propose yet another hypothesis. However, our interest
in this topic stems not from a primary interest in decisionmaking, but from our interest in the value of goals as constraints on planning and hypothesis generation. We suggest
that we may value our goals not only for their particular content or the potential reward associated with achieving them
but because goals are structured representations that support
thought and action. Having a goal gives us information about
which actions are worth taking and which ideas are worth
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thinking about. Whether those ideas and plans actually result
in the achievement of the goal or not, they may be valuable:
plans generated in the service of one goal can be decoupled
from that aim and repurposed to other ends.
If the goals we choose are rewarding as soon as we adopt
them (because as soon as we entertain them, they allow us to
think the next thought and plan the next plan), people might
tend to stick with a chosen goal at cost and might do so even
when the myriad other factors that can contribute to inertia in
decision-making are unlikely to apply. This is not to say that
we believe people will never change their minds: if a goal becomes meaningless (e.g., because the problem it was aiming
to solve no longer exists) or if the cost differential between a
chosen goal and an alternative becomes extreme, we expect
people to seek out and adopt alternative goals. The idea that
goals have an intrinsic value regardless of whether they are
fulfilled is intended to supplement ordinary considerations of
utility, not supplant them.
Here we test this hypothesis by giving participants a
stripped-down task designed to minimize the many other factors that contribute to goal persistence, including loss aversion, uncertainty, misplaced optimism, social pressure, and
the neural and cognitive costs associated with re-planning.
We give participants a choice of two goals, designed to be
equally compelling, so that at baseline, each will be adopted
by roughly half the participants. In the baseline condition (Goals + Costs), participants choose their goal with full
knowledge of both the goals and the associated costs. In the
critical test condition (Goals First), and a second control condition (Goals Devalued), participants first choose their goal in
the absence of any other information, and then see the costs
associated with each goal, manipulated such that their chosen
goal always has a higher cost. In the Goals Devalued condition additionally, participants are told that their chosen goal
is no longer especially valuable (because the problem has disappeared or because others have solved it). In both the Goals
First and Goals Devalued conditions, participants are asked if
they want to stick with their original goal or switch. We predict that participants will opt for the easier goal at both baseline (Goals + Cost) and the Goals Devalued condition but will
stick with their original costly goals in the Goals First condition.
We run experiments in both adults and young children for
two reasons. First, although there has been a lengthy literature on stickiness in adults, we are unaware of literature on
children’s tendency to persist on costly goals. This is interesting to test in its own right because children might both
be more likely to persist because they cannot represent action
costs, or more willing to abandon one plan in favor of another.
By running the same task in 4-6-year-olds and adults, we can
be confident that the relative cognitive costs for switching or
processing are negligible for adults. We focused on 4-6-yearolds because abundant evidence exists that they are sensitive
to costs and rewards during decision-making (Jara-Ettinger et
al., 2015, 2016).

Critically, our experiment is designed to mitigate against
many existing explanations for why participants might stick
with costly goals. It cannot be the case that participants are
committed to their goal because of sunk costs or loss aversion
– at the moment of choice, participants have not engaged in
any work towards the goal at all. Similarly, it cannot be the
case that participants are uncertain about the relevant costs
or unrealistically optimistic about the probability of success
– the costs are transparent and although the costs are relatively higher in one case than the other, both are eminently
surmountable. The participants are not subject to any group
dynamics or reputational threats – the choices of goals are
closely matched and arbitrary so deviating from them is unlikely to trigger threats to identity or self concept. On similar
grounds, philosophical arguments about the virtues of rational resolve and resistance to temptation are unlikely to apply;
both goals are virtuous and neither has any implications for
the participants’ well-being. Finally, although we cannot rule
out the possibility that there are always cognitive and neural
costs associated with changing plans, the task is designed to
be almost trivially easy. Participants have a forced choice of
two options and the difference in the costs of the two options
can be seen literally at a glance (see Figure 1B-C).
In such a context, we suggest that the reason participants
stick with their chosen goal – despite its relatively higher cost
– is that as soon as you’ve chosen the goal, you’ve reaped
some of its rewards: you know what you are going to do and
you know something about how you’re going to do it (indeed
in our simple case, you know almost everything about how to
achieve it). That is, merely having the goal has set up a welldefined space for thinking, planning, and acting. We suggest
that in this kind of context, the default is not to engage in any
reconsideration at all. Unless, as in our control condition,
the goal is specifically devalued or (as in a condition whose
outcome seem sufficiently certain that we need not run it) the
absolute cost of achieving the initial goal makes it actively
aversive, we predict that people will be inclined to ignore the
cost differential and stick with harder goals.

Experiment 1
We began by comparing adults’ choices on the baseline condition (Goals + Cost) and critical test condition (Goals First).
While the same goals and costs were presented in both conditions, if merely choosing a goal makes it more likely that participants will stick to it, then participants in the Goals First
condition would complete costlier actions more often than
participants in the Goals + Cost condition.

Methods
Participants Fifty-six adults were recruited on Amazon
Mechanical Turk and received $1.25 for participating. Participants were randomly assigned to condition (29 Goals+Cost
and 27 Goals First). Fifteen additional adults participated but
were excluded from analysis for failing attention check questions (n=4) or self-reporting that they repeated the study or
have previously seen the stimuli used (n=11).
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Figure 1: Experimental design. On each trial we presented two helping goals, matched for emotional intensity (e.g. sad kittens
who were hungry vs. lost.) Each goal could be resolved by an accompanying action. In the Goals First and Devalued conditions,
participants chose a goal (A) before seeing the actions (B). Their chosen goal was always accompanied by the costlier action.
In the Goals + Cost condition, we counterbalanced across participants which goal had the harder action. Participants chose a
goal only after seeing the target actions (B). In Experiments 1-2, we presented adults with different action types across trials
(C). In Experiments 3-4, we presented children with easier or harder drawings to copy, and excluded children who responded
inaccurately to any difficulty rating question (D).
Materials and Procedures Participants completed an online survey taking approximately 10 minutes. Trials began
with a brief cover story describing two characters who were
equally worthy of receiving help (Fig. 1A): each character faced a different problem resulting in identically intense
emotional states (e.g. sad kittens who were hungry vs. lost,
shivering children who were cold vs wet from rain, scared
monkeys trapped in fire vs. river, puppies stuck in a tree vs.
on the road). Each character could be helped by performing
some repetitive action; the action type was identical within a
story but one task was always more effortful (e.g, clicking 5
vs 20 times, typing a short vs. long paragraph, searching a
small vs. larger scene; see Fig 1C). This allowed us compare
the generality of action cost across different materials. We
randomized the order of stories and characters within stories,
and counterbalanced which character required a harder task.
In the Goals First condition, we first presented both characters without their target actions and asked participants to
choose a helping goal, without any knowledge of action costs:
“This family of kittens are hungry/lost. . . Who you want to
help?” (Fig. 1A). Next, participants saw the required actions
(Fig. 1B). Critically, participants’ initially chosen goal was
always paired with the harder action and the alternative goal
turned out to be easier. We measured participants’ choice to
stick with their original goal or switch to the easier task: “You
wanted to help the lost kittens, so you’ll need to click 20 times
to make cat food. Are you ready to make cat food, or do you
want to switch to the other one?”).
In the Goals + Costs condition, participants made a single
choice of who to help after receiving full information about
both characters and the required actions: “This family of kittens. . . To help them, you need to . . . (x2). Who do you want
to help right now?”

Results
Our primary effect of interest is whether the likelihood of
choosing the harder action differed by condition. To test
this we conducted a mixed-effects regression predicting action choice from condition, with random intercepts for subject and story. We obtained a significant effect of condition (likelihood ratio test χ2 (1)=22.94, p < .001; OR=27.1,
95%CI=[5.51-134]), with participants choosing the harder
task more often in the Goals First condition (M=2.89 trials, SD=1.48) than in the Goals+Cost condition (M=1.14,
SD=1.03).
To assess responses against chance responding, we calculated estimated marginal means per condition (i.e. modelpredicted probability of choosing the harder task on any given
trial). Participants in the Goals First condition chose the
harder task more often than chance (M=.86, 95%CI=[0.600.96], z = 2.53, p = .011), with few adults always choosing the easier drawings (n=three or 11%, not different than
chance of 6.25%). In the Goals+Cost condition however, the
harder drawing was chosen less often than chance (M= 0.18,
95%CI=[.06-0.43], z = -2.38, p = .018), with 10 adults (34%)
always choosing the easier drawing (significantly more often
than chance, binomial p < .001).

Discussion
We found that adults preferentially persist and take on costs to
achieve their initially chosen goals. Given the objective tasks
demands (to help one of the characters), this additional effort
was unnecessary. Indeed participants in the Goals + Costs
condition preferred the easier goal. However, given participants’ personally adopted goals (to help a particular character
in the Goals First condition), the cost differential seemed to
matter much less.
One limitation of Experiment 1 is that we cannot tell if
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participants in the Goals First condition might have persisted
with their original goals despite the higher action cost due
to some pragmatic demand from being prompted to choose
whether to switch or maintain their goals. In Experiment 2 we
control for this possibility by allowing participants to switch
on all trials. Instead, we manipulate the value of participant’s
goals by either resolving the chosen goal (thus devaluing it)
or leaving it unresolved.

harder task more often on Goals First trials (M=1.41 of 2 trials, SD=0.77) than Devalued trials (M=0.85, SD=0.91).
Consistent with Experiment 1, inspection of estimated
marginal means indicated that participants chose the harder
task more often than chance on Goals First trials (M=.78,
95%CI=[.59-.89], z=2.82, p = .005). In the Devalued condition however, participants’ choices did not differ from chance
(M=.39, 95%CI=[.22-.59], z=-1.06p = .29).

Discussion

Experiment 2
Here we test Goals First and Goals Devalued trials within the
same participants. The two trial types are identical except
that in the Goals Devalued condition, participants learn that
their chosen goal is no longer especially valuable (because
the problem has disappeared or because others have solved it)
before they decide whether to switch or stay with the initial
goal. If participants in Experiment 1 persisted on Goals First
trials for reasons other than valuing their chosen goal above
and beyond its’ extrinsic reward, then the same factors should
apply in the Goals Devalued condition and we should find no
condition difference. If however participants were motivated
simply by a a difference in wanting after having chosen a
goal, then devaluing that goal should reduce observed persistence. An a priori power analysis based on pilot data indicated
that a sample of n=41 would provide 80% power to detect a
medium effect size.

Methods
Participants Forty-one adults were recruited via Amazon
Mechanical Turk and paid $1.25 for participating. Thirteen additional adults participated but were excluded from
analysis for failing attention check questions (n=2) or selfreporting that they repeated the study or have previously seen
the stimuli used (n=11).
Materials and Procedures We used the same materials and
procedure as in Experiment 1, Goals First condition. However, two trials were modified (“Goals Devalued” trials) to
include an additional piece of information immediately after
participants chose their goal. Specifically, participants saw an
image and sentence describing their chosen goal already being resolved (e.g., “You wanted to help the lost kittens, so you
need to. . . Oh! The lost kittens already got help”), before being prompted to choose an action to complete (“Are you ready
to help . . . or do you want to switch to the . . . ?”). Thus, all
participants completed two Goals First trials and two Goals
Devalued trials. We randomized story order and which story
was assigned to which trial type.

Results
We conducted a mixed-effects logistic regression predicting
action choice from trial type (Goals First or Devalued), with
random intercepts for subject and story. We obtained a significant effect of trial type (χ2 (1) = 20.3, p < .001; OR=0.18,
95%CI=[.08-.41]), with adults choosing to stick with the

Notably, the additional information provided on Goals Devalued trials did not change either the action cost or the action
outcomes (i.e. copying a large bowl of kibble still helped to
make cat food for the hungry kittens, even if they were no
longer hungry) but it does change the value of the problem
that participants have initially chosen and thus the value of
the plan. This result supports the notion that the preference
to not reconsider alternative goals stems more from concern
with the value of ones’ goals than from concern about the
affiliated action costs.

Experiment 3
There is abundant evidence that even infants and children are
sensitive to the action costs and rewards. Here we test if
the observed propensity to persist with initial goals despite
higher costs might generalize to younger children. We preregistered1 a target sample of n=60 based on an a priori power
analysis for a medium effect of condition (h=0.5; OR=2.5).
Data collection is ongoing; here we report only pre-registered
analyses.

Methods
Participants Forty-two 4-6-year-olds (M = 5.56, range =
4.50-6.42 years) were tested on Zoom with an experimenter
and given a $5USD Amazon gift card for participating. An
additional four children were tested but excluded for inaccurately identifying drawing difficulty during practice.
Participants were randomly assigned to condition:
Goals+Cost (n=21 children, Mage =5.58 years) or Goals First
(n=21 children, Mage =5.54 years).
Materials and procedure Testing sessions were conducted
via the Zoom video calling platform and lasted approximately
25 minutes. The experimenter displayed slides through
screen share and presented children with a series of binary
choices. To minimize experimenter variability, we used prerecorded audio clips for any prompts that children had to
respond to. Otherwise, experimenters followed a standard
script to transition between different trials and experimental
phases.
As in Experiment 1, our main dependent variable was children’s adoption of action cost. Test trials used the same four
cover stories as in Experiments 1 and 2. Instead of asking
children to click or type, we asked children to copy either
more or less complex drawings onto paper (see Fig. 1B),
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Figure 2: Frequency of choosing the harder action by experiment. Error bars show 95% CIs around condition means. When
jointly choosing goals and action costs, participants preferred the lower-cost goal, more often than chance (Experiments 1 & 3,
Goals+Cost condition). In the critical Goals First condition (all experiments), participants preferred to maintain their initial goal
and completed higher-cost actions more often than chance. However, when participants’ initially chosen goals were resolved
(Experiments 2 & 4, Goals Devalued trials), we observed a decrease in goal-commitment behavior.
and told children that only accurate copies would “magically”
transform into our story book to help the characters.
Prior to the test trials, we used an introduction phase to ensure fidelity of this action cost manipulation. First, as a check
of general motor skill, we presented children with two simple
shapes (semicircle / triangle) and asked them to copy one on
paper. All children successfully drew their chosen shape, and
the experimenter took a photo to transform it onto the slide
deck (e.g., a semicircle into a rainbow). A second familiarization trial involved more complex shapes (star / flower). In
order to reinforce children’s expectation that target drawings
must be copied exactly, without embellishments or simplification, we did not transform children’s first attempt and instead told them: “Hmm, the magic didn’t work this time. The
magic only works if you copy exactly what you see”. Inaccurate drawings were given specific suggestions for improvement (e.g. “Make sure to have exactly 5 petals”) and accurate drawings were given general suggestions (e.g. “Make
it a bigger”). Children’s second attempt always transformed
successfully.
Next, children answered two difficulty rating questions
which served as inclusion criteria (Fig. 1D). These involved
the same shapes from familiarization: children first judged
whether the semicircle or flower was harder to draw and then
judged whether a triangle or star was easier to draw.
Finally, children completed four test trials similar to Experiment 1. As with the adult participants, we measured whether
children chose the harder or easier task on each trial, and
whether these choices differed by condition. To help children
verbally indicate their choices, we always introduced the first
character in a green box on the left and the second character in
a purple box on the right. Across participants, we counterbalanced which character was introduced first, which character
required a harder drawing, and presented stories in one of two
possible orders.

Results
We conducted a mixed-effects regression predicting action
choice from condition, with random intercepts for subject2 .
We obtained a significant effect of condition (χ2 (1)=16.3,
p < .001; OR=12.8, 95%CI=[3.25-50.3]). Children chose
the harder drawing more often in the Goals First condition
(M=2.81 trials, SD=1.36) than in the Goals+Cost condition
(M=1.14, SD=1.15). Inspection of estimated marginal means
indicated that in the Goals First condition, the harder drawing
was chosen more often than chance (M=0.78, 95%CI = [.58.90], z = 2.66, p = .007), with only 1 child always switching to
the easier drawing. In the Goals+Cost condition however, the
harder drawing was chosen less often than chance (M=0.21,
95%CI = [.10-.40], z = -2.79, p = .005, with eight children
(38%) always choosing the easier drawing (significantly more
than expected by chance of 6.25%, p < .001).
We also explored possible age effects by including an additional fixed effect of age (in months). This model did
not explain significant additional variance (likelihood ratio
test χ2 (1) = 1.63, p = .20), and including an age by condition interaction did not improve model fit compared to the
condition-only model (p = .37) or condition and age models
(p = .29).

Discussion
Experiment 3 suggests that children, like adults, tend to persist with goals despite less costly alternatives. Children did so
despite recognizing and preferring the lower cost option in the
Goals+Cost condition, reflecting an ability to evaluate costs
and a motivation to reduce costs. However, it is possible that
children might persist for different reasons than adults. For
instance, children might be generally “stickier” or less willing to switch their minds when prompted. In Experiment 4,
we ask: would children also be sensitive to the value of their
goals, and persist less on goals that are already resolved?
2 We excluded a random effect of story due to limited sample size
and model convergence issues.
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Experiment 4
pre-registered3

We
a target sample of n=41 based on an a priori power analysis for a medium within-subjects effect of trial
type (h=0.5; OR=2.5). Data collection is ongoing; here we
report only pre-registered analyses.

Methods
Participants Twenty-one 4-6-year-olds (M = 5.49, SD =
.50, range = 4.67-6.33 years) were tested on Zoom with an
experimenter and given a $5USD Amazon gift card for participating. An additional nine children were tested but excluded
for inaccurately assessing drawing difficulty pictures during
practice (n=8) or not being able to copy the practice pictures
(n=1).

Results
As in Experiment 2, we conducted a mixed-effects regression
predicting action choice from trial type (Goals First or Devalued), with random intercepts for subject. We obtained a significant effect of trial type (χ2 (1)=8.54, p = .003; OR=0.19,
95%CI=[.05-.65]), with children choosing to stick with the
harder task more often on Goals First trials (M=1.5 of 2 trials, SD=0.67) than Devalued trials (M=1.0, SD=0.93).
Consistent with Experiment 2 and 3, children chose the
harder task more often than chance on Goals First trials
(M=.84, 95%CI=[.61-.95], z=2.65, p.= .008). In the Devalued condition however, participants’ choices did not differ
from chance (M=.50, 95%CI=[.26-.74], z=.02, p.= .99). Exploratory analysis found no significant effects of age.

General discussion
Across four experiments, we show that both adults and children persist with costly goals, despite having no sunk costs
in their initial choice, transparently less costly alternatives,
no social pressures to maintain their choice, and negligible
costs associated with comparing goals or re-planning. We
suggest that this behavior is consistent with the idea that goals
have a value independent of their content or the probability of
achieving them: the value of supporting thoughts, plans, and
actions. The default favors sticking with a chosen goal and
mitigates against considering other plans, even at cost, because the goal itself is valuable.
The current study also shows that young children, like
adults, both rationally consider expected utilities in deciding
their goals (i.e., in choosing the less costly of two goals at
baseline) and resist switching to less costly goals once they
have made a choice. Arguably of course, children’s reluctance to switch goals might well be due to the costs associated with evaluating other options. Many studies suggest that
children struggle with cognitive control and switching tasks
(e.g., Traut et al., 2021; Zelazo, 2006). However, we suspect
that task demands are unlikely to account for children’s performance here. Experiment 4 suggests that many children,
3 https://osf.io/5skga

like adults, readily switch goals when their initial goals are
devalued.
In these tasks, we intentionally used goals with moral and
emotional content (e.g., rescuing hungry kittens or monkeys
stuck in trees). We did this to try to elicit something of the authentic attachment people have to real goals in the real world.
Arguably however, participants were especially loyal to these
goals because they involved altruistic acts for other agents.
Insofar as participants felt beholden to the particular agents
they had chosen to help, they might have been particularly
unwilling to consider other options. Future research might
replicate the current design with less affectively laden goals
to see if this makes people more likely to opt for less costly
alternatives. Consistent with this possibility however, some
recent work in domains as neutral as navigation in 2-D grid
worlds suggests that adults are slow to correct costly paths
towards initially chosen goals (Cheng et al., 2021).
The current study is preliminary and our ideas about the
intrinsic value of goals remain speculative. A task with more
fine-grained, quantitative measures and graded manipulations
of costs and rewards would allow us to assess the value of
goals with more precision. For the moment however we will
simply observe the paradox that in constraining our choices,
goals motivate us to act; thus we will side with the philosophers in arguing for the rationality of non-reconsideration.
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Abstract
Source-goal events involve an object moving from the Source
to the Goal. In this work, we focus on the representation of the
object, which has received relatively less attention in the study
of Source-goal events. Specifically, this study aims to
investigate the mapping between language and mental
representations of object locations in transfer-of-possession
events (e.g. throwing, giving). We investigate two different
grammatical factors that may influence the representation of
object location in transfer-of-possession events: (a)
grammatical aspect (e.g. threw vs. was throwing) and (b) verb
semantics (guaranteed transfer, e.g. give vs. no guaranteed
transfer, e.g. throw). We conducted a visual-world eye-tracking
study using a novel webcam-based eye-tracking paradigm
(Webgazer; Papoutsaki et al., 2016) to investigate how
grammatical aspect and verb semantics in the linguistic input
guide the real-time and final representations of object
locations. We show that grammatical cues guide the real-time
and final representations of object locations.
Keywords: transfer-of-possession event; event cognition;
event representation; object location; visual-world eyetracking

Introduction
Source-goal events involve an object (Figure) moving
from its starting point/origin (Source) to an endpoint (Goal)
along a Path (e.g. Jackendoff, 1983; Talmy, 1983, 1985).
Prior literature in the domain of Source-goal events has
largely focused on the fundamental differences between the
Source and the Goal – the goal bias (e.g. Do, Papafragou, &
Trueswell, 2020; Ihara & Fujita, 2000; Kang, Eerland,
Joergensen, Zwaan, & Altmann, 2020; Lakusta & Landau,
2005; Lakusta & Landau, 2012; Papafragou, 2010; Regier,
1996; Regier & Zheng, 2007; Stefanowitsch & Rohde, 2004).
However, in order to fully understand how we represent
Source-goal events, we also need to understand how we
conceptualize and represent the object (figure). In the current
work, we investigate the mental representation of the object
undergoing change-of-location.

The notion of change is central to understanding event
representations. There is a growing body of literature
focusing on the dimension of event representation related to
object state change (e.g. Altmann & Ekves, 2019; Horchak &
Garrido, 2021; Ji & Papafragou, 2020a, 2020b; Lee & Kaiser,
2021; Misersky, Silvac, Hagoort, & Flecken, 2021; Sakarias
& Flecken, 2019). However, objects can undergo changes in
physical location as well as in physical states. In linguistics,
it has been discussed that there are conceptual similarities
between change-of-state and change-of-location (e.g. Gropen
et al., 1991; Gruber, 1965; Pustejovsky, 1991). It has also
been shown that the cognitive system can not only track
multiple representations of the same object as it undergoes
change-of-state (e.g. Altmann & Ekves, 2019; Altmann &
Kamide, 2007; Hindy, Altmann, Kalenik, & ThompsonSchill, 2012; Kang et al., 2020; Solomon, Hindy, Altmann, &
Thompson-Schill, 2015) but also as it undergoes change-oflocation (e.g. Altmann & Kamide, 2009). In Altmann and
Ekves’ (2019) Intersecting Object Histories theory, changes
in location are understood as a type of change relevant for the
representation of object histories.
The current work builds on these insights and aims to
investigate the mapping between language and mental
representations of object locations. We investigate two
grammatical factors that may influence the representation of
object location in transfer-of-possession events: (a)
grammatical aspect (e.g. threw vs. was throwing) and (b) verb
semantics (guaranteed transfer, e.g. give vs. no guaranteed
transfer, e.g. throw). How do these grammatical factors
influence the mapping from language to object location
representations? Another aim is to investigate whether the
representation of object locations can be dynamically
updated during incremental sentence processing. Do
comprehenders update their mental representations of object
location in real-time as the linguistic input unfolds?
To investigate these questions, we conducted a visualworld eye-tracking study using a novel webcam-based eyetracking paradigm (Webgazer; Papoutsaki et al., 2016). This
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allowed us to probe how visual attention reflects the real-time
mapping of linguistic input onto mental representations of
object locations in events where the object undergoes changeof-location from the Source to the Goal. We focus
specifically on transfer-of-possession events, which are
transitive events that involve an object being transferred from
a Source/agent to a Goal/patient (e.g. throwing a ball to
someone, giving a gift to someone). Using transfer-ofpossession events allowed us to investigate effects of
grammatical aspect and verb semantics.
This work aims to shed light on how different grammatical
properties of an utterance interact in real-time to dynamically
update comprehenders’ mental representation of changing
situations and to ultimately lead to a final understanding of
the event. In the following sections, we provide a brief
background on the grammatical factors that are under
investigation in this study.

Grammatical aspect
Grammatical aspect – in particular the distinction between
perfective and imperfective aspect – provides information
about whether the described event is represented as
completed or ongoing (e.g. Comrie, 1976). When an event is
described in perfective aspect, the event is viewed as a
completed whole. In contrast, an event described in
imperfective aspect is viewed as ongoing and incomplete,
with reference being made to the internal temporal phases
that make up the event.
Our study aims to investigate how grammatical aspect
guides the mental representation of the location of the object
being transferred. More specifically, does the completed vs.
ongoing distinction lead to different representations of the
object’s location?

Verb semantics
Transfer-of-possession verbs can be classified into different
classes, based on whether the verb’s lexical semantics entails
(i.e., semantically guarantees) successful transfer or not (e.g.
Rappaport Hovav and Levin, 2008). With verbs that entail
successful transfer (give-type verbs; e.g. give, hand), it is
infelicitous to assert that the transfer was unsuccessful, as
demonstrated by the infelicity of the continuation in “Kim
gave her brother the ball, # but he never received it.” These
verbs differ from verbs that do not guarantee successful
transfer (throw-type verbs; e.g. throw, toss), for which it is
felicitous to deny that the transfer was unsuccessful, as in
“Kim threw her brother the ball, but he never received it.”
In the current study, we investigate whether and how
different verb classes with different entailments (give-type
verbs and throw-type verbs) contribute to the mental
representations of object locations. More specifically, does
the presence vs. absence of the successful transfer entailment
lead to different representations of the object’s location?

Experiment
To investigate how grammatical aspect and verb semantics in
the linguistic input guide the real-time and final
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representations of object locations, we conducted a visualworld eye-tracking study where participants heard
descriptions of transfer-of-possession events and were asked
to click on where they think the object is in the scene.

Participants
Participants were recruited on the internet via Prolific and
received $5 for participating. All participants were native
speakers of American English. 68 participants completed the
study. We excluded 12 participants from the analyses due to:
visual or hearing impairments (2 participants), poor accuracy
on attention check trials (1 participant; 8.33% accuracy;
average accuracy of included participants=99.85%), poor
calibration (4 participants; initial calibration score < 60, mean
pre-trial calibration score < 45), and failure to follow
instructions to click on the fixation cross (5 participants). All
exclusion criteria were determined prior to data analysis. We
included data from 56 participants in the data analysis.

Design and materials
Auditory stimuli All sentences used in the experiment were
in past tense. Target sentences (See (1)-(2)) contained a
transfer-of-possession verb and animate Source and Goal
individuals that differed in gender. The Source and the Goal
characters’ names differed on each trial. The target stimuli
varied on verb type and grammatical aspect. Verb type was
manipulated between-items and grammatical aspect was
manipulated within-items. For completeness, we used
sentences with both dative argument realization patterns
(VERB the ball to GOAL & VERB GOAL the ball).
(a) Verb type: Three different of give-verbs (give, hand,
bring) and throw-type verbs (throw, kick, toss) were used to
develop the target sentences. Each verb was used to create
four different items. Each item varied on grammatical aspect
and argument realization pattern forms. To account for the
two different argument realization patterns used in the study,
we only used verbs that sounded natural with both. None of
the verbs triggered a strong inference about non-canonical
types of balls. These decisions were based on information
provided by native speaker informants.
(b) Grammatical aspect: Each sentence was presented
either in perfective (simple past; e.g. gave, threw) or
imperfective aspect (past progressive; e.g. was giving, was
throwing).
(1) Give-type example stimuli
a. Liam was giving the ball to Paige.
b. Liam gave the ball to Paige.

[imperfective]
[perfective]

(2) Throw-type example stimuli
a. Liam was throwing the ball to Paige. [imperfective]
b. Liam threw the ball to Paige.
[perfective]
In addition to 24 target items, the experiment included 34
filler items. Twelve of the fillers also functioned as attention
check trials (i.e. had clearly expected click locations). Filler

sentences mentioned a ball or a bird whereas targets always
mentioned a ball. In fillers, the ball/bird was in the sentence
subject or object position. Sentences were recorded by a
female native speaker of American English, using Praat.
Display (Visual scenes) Visual scenes were created to
accompany the auditory stimuli (See Figure 1). The scenes
depicted a Source and a Goal character, illustrated with stick
figures, whose positions (right/left) on the screen were
counterbalanced throughout the experiment. The arrow next
to the Source character indicated the direction of the ball’s
movement (i.e., signaled who the Source was); this was
explained to participants. Crucially, the ball was not visible
on the scene. Instead, participants were asked to click on
where they think the ball is on the scene. Detailed wording
provided to participants is given in (3) and discussed more
below.

Figure 1: Sample target visual stimuli
Areas of interest To measure the location of the participants’
clicks and looks, we look at three areas of interest: the Source
area, the Path area, and the Goal area (See Figure 2). The
Source and the Goal areas are identical in width, each
occupying one fifth of the entire screen’s width. The Path
area occupies the rest of the screen.

represented as being located on the Path between the Source
and the Goal, we look at clicks and looks to the Path area.
Procedure The experiment was hosted online on
PennController IBEX (Zehr & Schwarz, 2018), and
participants did it remotely via the internet. Eye gaze data was
collected using the Webgazer.js library (Papoutsaki et al.,
2016), an open-source webcam-based eye-tracking
JavaScript library which uses the participant’s webcam to
compute gaze position.
Each trial started with a central fixation cross. Participants
were asked to look at and click on the fixation cross.
Participants were given 3.5 seconds to click on the cross
before the experiment automatically proceeded to the visual
scene. The visual scene (Figure 1) appeared 1000ms after
clicking the cross. The audio started 1000ms after the visual
scene appeared. Participants were asked to imagine that the
world is in a freeze-frame during the moment described by
the sentence, and to click on where they think the ball is in
the scene. The full wordings for these instructions are
provided in (3). We did not want participants to think about
the location of the ball at the moment the sentence is uttered,
as this kind of interpretation may mislead participants to think
about the possibility of the presence of other intervening
events that may have caused the ball to move after the
throwing event. Therefore, we included the phrase “during
the moment described by the sentence” to encourage
participants to construct event representations relevant to the
temporal interval that is discussed by the sentence.
(3) You will hear a sentence, for example “The ball is near
Mason”. However, the ball is not visible. Now let’s
imagine that we freeze the world during the moment
described by the sentence. Where do you think the ball
is in the scene? Your task is to use your mouse to click
where you think the ball is.
After the audio finished playing, participants were given 5
seconds to provide their click response before the experiment
automatically proceeded to the next trial. Upon clicking, the
trial ended and the next trial started after a 250ms pause. The
experiment began with two practice trials. The experiment
lasted around 20 minutes. Participants’ eye movements were
recorded during the entire trial (from the onset of the fixation
cross until a final click was made), along with their mouse
click region and timing.

Predictions
In this section, we discuss predictions regarding (i) the
final/post-sentential interpretation, which is informed by the
click data and (ii) real-time processing, which is informed by
eye gaze data.

Figure 2: Areas of interest
The Goal area was used to test predictions about whether
the object is represented as having reached the Goal or not.
In order to test predictions about whether the object is

1272

Predictions about post-sentential interpretations One goal
of this study is to investigate how different grammatical
factors contribute to the final interpretations of transfer-ofpossession events, in particular the representation of object

location. We consider two non-mutually-exclusive
hypotheses regarding the grammatical factors we tested
(grammatical aspect, verb semantics).
1. Grammatical Aspect Hypothesis: The Grammatical
Aspect Hypothesis states that the mental representations of
object locations are guided by grammatical aspect
information. This hypothesis predicts that upon hearing
imperfective sentences (e.g. …was throwing…),
comprehenders will construe the event as ongoing, leading to
an event representation where the ball may have not reached
the final goal yet (e.g. The source individual may still have it,
or it may be mid-air.) Perfective sentences (e.g. …threw…),
however, are predicted to be more likely to elicit a completed
event representation where the ball is at its final location.
If the Grammatical Aspect Hypothesis is on the right track,
we expect the proportion of Goal area clicks to be greater in
the perfective than in the imperfective aspect condition.
2. Verb Semantics Hypothesis: According to the Verb
Semantics Hypothesis, verbs’ entailment patterns constrain
the mental representation of events that comprehenders
construct, such that give-type verbs, which entail successful
transfer, give rise to event representations where successful
transfer occurs – i.e. the ball successfully ends up at the Goal.
Conversely, throw-type verbs, which do not entail successful
transfer, may give rise to event representations in which the
ball does not successfully end up at the Goal and ends up on
the Path between the Source and the Goal.
The Verb Semantics Hypothesis predicts that there will be
more clicks to the Path area (and conversely, fewer clicks to
the Goal area) in sentences with throw-type verbs than in
sentences with give-type verbs. We interpret clicks on the
Path area as indicating that the participant constructed an
event representation where the transfer was not successful
(i.e. did not reach the goal.)
Predictions about real-time processing In addition to
assessing end-of-sentence interpretation, this experiment also
investigates whether the mental representation of object
locations are dynamically updated during real-time sentence
processing. Do comprehenders update mental representations
of object location in real-time as the linguistic input unfolds?
Specifically, we are interested in whether the object location
representations are updated during the verb phrase. We
assume that eye movements will provide a measure of where
participants think the object (the ball) is in the scene.
Observing participants’ eye gaze as the sentence unfolds can
shed light on their dynamically changing mental
representations (e.g. Tanenhaus et al., 1995).
The two hypotheses outlined above are also relevant here.
If mental representations of object locations are dynamically
updated in real-time during the unfolding of linguistic input,
we expect to see that the patterns outlined for each hypothesis
above will be reflected in eye movements while participants
are still listening to the verb phrase. If grammatical aspect
cues are considered in real-time to update the mental
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representation of object location, it can be predicted that the
proportion of Goal looks will be greater in the perfective
aspect condition than in the imperfective aspect condition,
during the unfolding of the verb phrase. The same logic goes
for the Verb Semantics Hypothesis. If verb semantics cues
guide the real-time updating of the mental representation of
object location, it can be predicted that the proportion of Path
looks will be greater in the throw-type verb condition than in
the give-type verb condition.

Data processing and analysis
Click data In order to investigate the hypotheses regarding
the effects of grammatical cues on participants’ final
interpretations, as indicated by click locations, we conducted
two different statistical analyses on the click data. First, we
conducted analyses on the proportions of Goal area clicks in
different conditions. Second, we conducted analyses on the
proportions of GOAL region clicks in different conditions.
This analysis allows us to test the Grammatical Aspect
Hypothesis. Second, we conducted analyses on the
proportions of Path area clicks in different conditions. This
analysis informs us of the Verb Semantics Hypothesis.
For statistical analyses, we used Generalized Linear Mixed
Effects models (glmer) with grammatical aspect, verb type,
grammatical aspect x verb type interaction, and argument
realization pattern as fixed effects. We used the maximal
random effect structure justified by model comparison.
Eye gaze data To investigate whether the mental
representation of object location is dynamically updated
during the unfolding of the sentence, we looked at the time
window from the onset of the verb phrase (e.g. was throwing,
threw) to the end of the sentence. The analysis time window
was offset by 300ms, instead of the usual 200ms, given that
it has been reported that there is a systematic delay in
Webgazer recordings (e.g. approximately 300ms additional
delay in Slim & Hartsuiker, 2021). In order to test the
Grammatical Aspect Hypothesis, we conducted analyses on
the proportion of looks to the Goal area. In order to test the
Verb Semantics Hypothesis, we conducted analyses on the
proportion of looks to the Path area.
Statistical analyses were conducted using the lme4 package
(version 1.1.26) (Bates et al., 2015) and lmerTest (version
3.1.3) (Kuznetsova et al., 2017) in the R software
environment (R Development Core Team, 2019). As fixed
effects, we used grammatical aspect, verb type, grammatical
aspect x verb type interaction, and argument realization
pattern. We used the maximal random effect structure
justified by model comparison.

Results
Post-sentential interpretations Figure 3 shows the
proportion of clicks on each of the areas (Source, Path, and
Goal), by verb type and grammatical aspect.
Two different patterns can be seen in Figure 3. First, there
are more Goal area clicks in perfective conditions (gave,
threw) than in imperfective conditions (was giving, was

throwing). Second, we also find more Path area clicks in
throw-conditions than in give-conditions. We additionally
see an overall Source preference, which we attribute to
various reasons, including the visual salience of the source
character due to the presence of the arrow. Because the
overall preference for the Source is not relevant for our
hypotheses or the main claims being made in this chapter, we
do not discuss it further.

imperfective aspect sentences. These results support the
Grammatical Aspect Hypothesis.

threw

was throwing

gave

was giving
0

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
Proportion of clicks

Goal

Path

Figure 4: Proportions of Goal area looks by grammatical
aspect; 0 on the x-axis indicates the onset of the verb phrase;
Data is collapsed by participant for plotting

1

Source

Figure 3: Proportion of clicks on each area of interest
(Error bars show +/- 1 SE)
In terms of the proportion of Goal area clicks, there is a
main effect of grammatical aspect (p < 0.05): Perfective
sentences elicited more Goal area clicks than imperfective
sentences. These results support the Grammatical Aspect
Hypothesis.
In terms of the proportions of Path area clicks, there was
a main effect of verb type (p < 0.05): Sentences with throwtype verbs elicited more Path area clicks than sentences with
give-type verbs, supporting the Verb Semantics Hypothesis.
Real-time processing In order to test the Grammatical
Aspect Hypothesis, we analyzed the proportion of looks to
the Goal area. Figure 4 shows the proportions of looks to the
Goal area in imperfective aspect trials (red) and in perfective
aspect trials (blue), relative to the onset of the verb phrase
(e.g. was throwing, threw). The area within the dashed lines
represent the time window that we are interested in (from the
onset of the verb phrase to the end of the sentence). For the
purposes of plotting Figures 4 and 5, the dashed line that
represents the offset of the sentence was averaged across
trials. However, in the analyses, we used the exact offset of
each sentence. In our analyses, the time window was offset
by 300ms.
Figure 4 shows that after the onset of the verb phrase, the
proportion of Goal area looks is greater in perfective aspect
trials than in imperfective aspect trials.
We conducted statistical analyses on the proportion of
looks to the Goal area and found a main effect of grammatical
aspect (p < 0.05): The proportions of looks to the Goal area
were greater in perfective aspect sentences than in
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In order to test the Verb semantics Hypothesis, we
analyzed the proportion of looks to the Path area. Figure 5
shows the proportion of looks to the Path area in give-type
verb trials (red) and in throw-type verb trials (blue), relative
to the onset of the verb phrase (e.g. was throwing, threw).
Again, the area within the dashed lines represent the time
window of interest.
Figure 5 shows that after the onset of the verb phrase, the
proportion of Path area looks is greater in throw-type
sentences than in give-type sentences.

Figure 5: Proportions of Path area looks by verb type; 0 on
the x-axis indicates the onset of the verb phrase; Data is
collapsed by participant for plotting

We conducted statistical analyses on the proportion of
looks to the Path area and found a main effect of verb type (p
< 0.05): The proportions of looks to the Path area were
greater in throw-type sentences than in give-type sentences.
These results support the Grammatical Aspect Hypothesis.
Taken together, the eye gaze data suggest that the mental
representations of object locations are reflected in the realtime eye movements during the unfolding of the sentence.

Discussion
This study sheds light on the cognitive processes involved
in the representation of the object in Source-Goal events.
How does language guide the mental representations of
object location during real-time language processing of
transfer-of-possession events? We investigated two
grammatical factors that can influence the construction of
object location representations: grammatical aspect and verb
semantics. The study was designed to test how grammatical
cues impact real-time eye movements to the visual scene and
the final interpretation of the event.
The first aim of the study was to assess how different
grammatical cues influence the final object location
representations that comprehenders post-sententially reach
at. Our results support the Grammatical Aspect Hypothesis,
according to which the ongoing vs. completed event
representations lead to different representations of object
locations. The click data suggests that in perfective aspect
sentences, comprehenders are more likely than in
imperfective aspect sentences to construct an event
representation in which the object is located at the Goal,
whereas in imperfective sentences, they are more likely than
in perfective sentences to construct an event representation
where the object is not at the Goal.
The results also support the Verb Semantics Hypothesis,
suggesting that verbs’ entailment patterns contribute to the
event representations that comprehenders construct. When
the sentence describes a throwing event, comprehenders are
more likely to construct an event representation in which the
object is located in the middle ground than when the sentence
describes a giving event. These results suggest that the
semantic differences between the two verb classes (the
presence vs. absence of the successful transfer entailment)
lead to different representations of object locations. In sum,
comprehenders consider verb semantics and grammatical
aspect as cues to guide the final representation of the event.
The second aim of the study was to investigate whether the
mental representation of object locations can be dynamically
updated during incremental sentence processing. Our eyetracking data indicate that object locations are updated in
real-time while the sentence unfolds. The data suggest that
grammatical aspect is indeed a cue that comprehenders
consider in order to dynamically update the object location
representations during the unfolding of the sentence. While
listening to the verb phrase in perfective aspect sentences,
comprehenders are more likely to look at the Goal than when
they are listening to imperfective aspect sentences
(Grammatical Aspect Hypothesis). While listening to the
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verb phrase in sentences with throw-type verbs,
comprehenders are more likely to look at the Path than when
listening to sentences with give-type verbs (Verb Semantics
Hypothesis).
That is, the process of language getting mapped onto
mental event representations is a dynamic, real-time process.
This finding is in line with prior work by Altmann and
Kamide (2009), where they showed that in comprehending
sentences like The woman will put the glass on the table, the
event representations of object locations are dynamically
updated. Our study further shows that a temporal-semantic
grammatical cue such as grammatical aspect is a relevant cue
during this dynamic process.
This study uses a novel webcam-based eye-tracking
paradigm and shows that it can provide a useful way to collect
eye-tracking data. More research is needed to better
understand the exact nature of the time latencies and the
factors that attribute to them, but this study provides some
initial confirmation that the method provides data that can be
informative for psycholinguistic research.
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Abstract

Persistent Disagreement

People have a remarkable ability to remain steadfast in their
beliefs in the face of large-scale disagreement. This has
important consequences (e.g., societal polarization), yet its
psychological underpinnings are poorly understood. In this
paper, we answer foundational questions regarding belief
persistence, from its prevalence to variability. Across two
Experiments (N = 356, N = 354), we find that participants are
aware of societal disagreement about controversial issues, yet
overwhelmingly (~85%) do not question their views if asked to
reflect on this disagreement. Both studies provide evidence that
explanations for persistence vary across domains, with
epistemic and meta-epistemic explanations among the most
prevalent.
Keywords: disagreement; polarization; domain; judgment;
persistence; conciliation; suspension; controversial

Introduction
For most of our important beliefs – from abortion to
vaccination – we know that millions disagree with us, yet we
manage to remain steadfast in our views. Surprisingly, our
understanding of the psychological mechanisms that support
this persistence is quite patchy and siloed (Oktar &
Lombrozo, 2022)—and there is little empirical evidence that
grounds current theory.
In this paper, we present two experiments that are among
the first to investigate whether, when, and how people persist
in their beliefs amid controversy. These experiments lead to
the following novel contributions. First, we find that people
are broadly cognizant of mass disagreement about
controversial issues, yet do not question their own views
when they reflect on this disagreement. Second, we show that
explanations for persistence can be clustered into four main
categories: rejection, epistemic, non-epistemic, and metaepistemic, though these are not equally prevalent. Third, we
find that some explanations for persistence vary in a
systematic and interpretable manner across domains. In the
General Discussion, we consider the implications of this
work for belief revision and polarization.
Note that our work is not about why large-scale
disagreement occurs (see the references in the next section
for cross-disciplinary theory and evidence on this question).
Instead, this paper is about what enables people to persist in
their beliefs amid large-scale controversies—the mechanisms
that allow people to privilege their opinions when the issues
are obviously split from a societal perspective.

Disciplines agree that people disagree. There are vast
literatures in social (e.g., Valdesolo & Graham, 2016),
developmental (e.g., Heiphetz et al., 2013), and cognitive
(e.g., Kruglanski, 2004) psychology, public opinion research
(e.g., Zaller, 1992), epistemology (e.g., Frances, 2014;
Hardwig, 1985), political science (e.g., Huckfeldt et al., 2014;
Iyengar & Westwood, 2015), economics (e.g., Enke &
Zimmerman, 2019; Golman et al., 2016), and computational
social science (e.g., Axelrod, 1997; Flache et al., 2017) that
are broadly pertinent to the question of persistent
disagreement. Though a comprehensive overview of this
work is beyond the scope of the current paper, we can
highlight common themes. For instance, much of this work is
concerned with what ought to be done when others have
beliefs that differ from our own—and the clearest picture of
potential responses to disagreement comes from recent work
in philosophy.

Responses to Disagreement
Focusing on disagreement between peers, epistemologists
have identified three kinds of responses to disagreement: one
can suspend judgment about the issue, move one’s beliefs
towards those of others, or persist in one’s prior views
(Frances & Matheson, 2019). Experimental philosophers
have begun investigating how people respond to such
disagreement. Heinzelmann, Höltgen, and Tran (2021) found
that when participants attended an informational workshop in
which they also participated in small-group discussions on
ethical issues with disagreeing others, the majority persisted
in their views (or became even more confident), echoing the
findings of work on polarization in social psychology
(Valdesolo & Graham, 2016).
Though epistemologists have not converged on what the
rational response to disagreement should be, the large
political (Pew Research, 2014), moral (Gallup, 2007), and
scientific (Pew Research, 2015) divisions within the U.S.
offer preliminary evidence that people often sustain their
views, even when this controversy occurs “at scale” (vs.
between peers). What explains this widespread persistence?

Explaining Persistence
Oktar and Lombrozo (2022) propose a four-factor model for
understanding persistence in the face of controversy. The first
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factor, rejection, captures the possibility that belief
persistence may result from insufficient awareness or
consideration of disagreement (Bendana & Mandelbaum,
2021; Shamir & Shamir, 1997). Yet even in the face of active
disagreement, people often persist in their beliefs (at least in
small-group settings; Heinzelmann et al., 2021).
Recent work in philosophy highlights the importance of the
second factor, the epistemic, when evaluating such active
disagreement (see Frances, 2014). If others have weaker
evidence than oneself, for example, it can be rational to
sustain one’s views (Ross & Ward, 1996; Steele &
Stefansson, 2015).
Beyond epistemic considerations, there are many costs and
benefits associated with one’s beliefs (Golman et al., 2016).
Many of these come from the social functions of beliefs, such
as signaling group membership (Rokeach, 1960). The third
factor, the non-epistemic, captures the idea that such costs
and benefits can independently guide one’s beliefs
(Cusimano & Lombrozo, 2021; Davoodi & Lombrozo, 2021;
Iyengar & Westwood, 2015; Mason & Wronski, 2018).
Finally, there are some issues for which others’ views are
fundamentally irrelevant, perhaps because they are a matter
of opinion (e.g., what the best color is) or because they are
unknowable (e.g., whether there is an afterlife). The fourth
factor, the meta-epistemic, covers such cases (Goodwin &
Darley, 2012; Gollwitzer & Oettingen, 2019).
These four factors (rejection, epistemic, non-epistemic,
and meta-epistemic) offer a potentially exhaustive
classification scheme for persistence amid controversy. Yet
the lack of relevant empirical data makes it impossible to
answer even the most basic questions surrounding
persistence: for instance, are any of these paths utilized more
frequently than others? Do the paths that people pursue when
evaluating disagreement depend on the content of the issue,
as suggested by epistemologists (Lackey, 2010) and work on
cross-domain variation in judgment and decision-making
(Oktar & Lombrozo, 2022; Pachur & Spaar, 2015)? Are some
components of these factors more frequently utilized or
important than others (e.g., subjectivity vs. knowability for
meta-epistemic explanations)?

Overview of Experiments
We present two pre-registered experiments that answer these
questions by testing the four-factor model (pre-registrations,
materials, and data are available in our open-access
repository at https://osf.io/qfz7m/). In Experiment 1, we elicit
open-ended responses to disagreement concerning one of
four highly controversial statements from each of four
domains (science, politics, morality, and religion). We
examine whether participants tend to persist in their views,
and we document the sorts of explanations they generate.
In Experiment 2, we use the same stimuli in a closed-ended
design. Beyond serving as a replication, this allows us to test
whether the prevalence and cross-domain variation in
explanations persists when participants must evaluate
explanations (vs. generate explanations themselves).

Experiment 1
In Experiment 1, we presented participants with controversial
statements from science, religion, politics, and morality.
Each participant received one of four statements from a given
domain and indicated whether they agreed or disagreed with
the statement. Participants then estimated the societal
distribution of opinion regarding that statement, and finally
explained whether the disagreement regarding the issue made
them question their own views.
Our primary aim was to investigate three foundational
questions regarding persistent disagreement: First, do people
in fact overwhelmingly persist in their beliefs in the face of
massive disagreement, or do they express doubt upon
reflection? Second, do the ways in which people sustain their
beliefs accord with Oktar and Lombrozo’s (2022) four-factor
model? Finally, do people rely on different mechanisms to
persist in their beliefs across domains? Given that the
explanandum (i.e., the disagreement) is the same across
domains, one might expect people’s explanations to be
relatively similar. On the other hand, people typically reason
in systematically different ways across domains (Goodwin &
Darley, 2012; Inbar, Cone, & Gilovich, 2010), so they may
make different attributions for disagreement as well.
These three questions are foundational in the sense that
they can ground and organize much subsequent philosophical
and psychological inquiry. Without knowing whether, when,
and how people persist in their beliefs, it is difficult to gain
empirical footing on further questions about disagreement in
particular, and perhaps the nature of controversial belief in
general. To the best of our knowledge, these experiments are
the first to try to establish such a foundation.

Methods
Participants Participants were 356 adults (164 male, 188
female, 4 other, mean age = 33) recruited on Prolific in
exchange for monetary compensation ($0.50 for a 4-minute
study). Participation across all studies was restricted to users
currently residing in the United States with an approval rating
≥ 98% on at least 100 tasks. Repeat participation within and
across studies was restricted using the Prolific platform.
Materials and Procedure Participants were first assigned to
one of 16 statements across four domains (see Table 1).
On the first screen, participants indicated their own
opinions about their assigned statement by responding to the
question “Do you personally agree that X?” with ‘Yes,’ ‘No,’
or ‘I have not made up my mind about this claim.’
Afterwards, they rated how confident they were in their
responses on a five-point scale from ‘Very Confident’ to ‘Not
at all Confident.’ In the interest of space, we do not analyze
data concerning confidence here.
Participants next estimated the distribution of opinions in
the US regarding the statement. They were asked to drag
three sliders, all initialized at zero, to indicate a population
percentage for three groups: the percentage of the US
population that agrees with the claim, disagrees with the
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claim, and has not made up their mind yet. The three
estimates were required to sum to 100.
Participants then encountered our key prompt and measure:
In the previous question, you indicated that [N]% of
people in the US share your view about whether X. This
means that [100-N]% of people in the US do not share your
view.
Does the fact that [100-N]% of people in the US do not
share your view about whether X make you question your
own view? Why or why not? Please carefully explain your
thoughts in a few sentences.
There are no right or wrong answers to this question, we
are simply interested in what you think.
After providing a response in a text box, participants
answered demographic questions (age, sex, educational
background, level of religiosity, political affiliation) and
received debriefing information.

Results
Explanation coding Two independent coders coded all
open-ended justifications for persistence for the presence of
four pre-defined categories (taken from Oktar & Lombrozo,
2022), as well as new categories that were identified from the
responses themselves. The pre-defined categories included:
rejection of premise (denying the presence or significance of
disagreement),
appeal
to
non-epistemic
factors
(intrapersonal, interpersonal), appeal to epistemic factors
(evidence, processing of evidence), and appeal to metaepistemic factors (objectivity, knowability). The coders also
included a fifth category for “other,” which initially included
responses that were blank, simply claimed ignorance (“I
don’t know”), or were irrelevant (e.g., non-sensical, did not
address the prompt, etc.). Anything sensible not covered by
the rubric was initially coded as “not covered.”
Interrater reliability on these initial five codes (collapsing
“other” and “not covered”) suggested substantial agreement
between our raters, κ = .62, 95% CI [.54, .69] (see Landis &
Koch, 1977). To reach our final coding categories, the coders
discussed discrepancies in their coding (fewer than 5% of
judgments), as well as responses marked as “not covered”
(21.3% of responses). These could be resolved by either
changing prior assignments or creating new categories. Two

new categories emerged from this discussion. First, some
responses were coded as "opinion” if they claimed something
to the effect that ‘everyone is entitled to their opinions’ (e.g.,
“No it does not make me question my choice because
everyone has their opinions and feelings.”) – these responses
were plausibly meta-epistemic, but were sufficiently vague
that they were segregated from unambiguously metaepistemic responses. Second, some responses were coded as
“unclear” - participants provided a response to the question,
but not one that unambiguously fell into existing categories
nor suggested a coherent novel category (e.g., “Most people
think the rich just get richer and never pay their share”).
Explanations were coded as “uncodable” if, after this process,
they were not classified as rejections, epistemic, nonepistemic, meta-epistemic, opinion, or unclear.
Perceived Consensus & Persistence Given that our main
hypotheses concern responses to large-scale disagreement,
we first checked whether participants perceived our items as
being controversial. Across all participants, the perceived
population agreement with one’s own position was nearly
half of the population (M = 46.3%, SD = 22.9), which is the
maximal population disagreement for a binary issue. The
extent of perceived agreement was relatively stable across
domains, with a minimum of 40.8% for Politics, and 52.3%
for Science. Further, both overall and domain-level perceived
agreement were normally distributed.
Supporting our first hypothesis, an overwhelming majority
of participants reported not being influenced by mass
disagreement. Overall, 86.0% (95% CI [81.8, 89.3]; test that
the proportion was observed by chance: χ2 (1, N = 356) =
182.7, p < .001) of participants did not report questioning
their views in the face of disagreement (i.e., persisted in their
views). This proportion was consistent across domains and
ranged from 84% for religion to 89% for morality. Our
subsequent analyses of persistence use data from this 86% (N
= 306) who in fact persisted in their views.
Explanations for Persistence By a large margin, the most
common type of explanation was epistemic (57.3% of
codable responses), followed by meta-epistemic (13.2%),
rejection (10.5%), and non-epistemic (5.6%). Table 2 lists all
codes, with examples from actual participant responses, and
explanations for why they exemplify the relevant code.

Table 1: List of Statements Used in Experiments 1 and 2
Science
Human activity is a major
contributor to climate change.
Genetically modified crops are
safe for human consumption.
Power lines do not cause
cancer.

Religion
Holy scripture is the
literal word of God.

Morality
Doctor-assisted suicide is
immoral.

Politics
Upper-income people in the
US pay too much in taxes.
Gun laws in the us are not
Humans have souls.
Eating meat is immoral.
strict enough.
Having a baby outside of
The federal government has
All animals have souls.
marriage is immoral.
too much power.
Testing products on
The US has too much
Vaccines do not cause autism.
There is an afterlife.
animals is immoral.
immigration.
Note. Statements were chosen to be as controversial as possible (i.e., close to an even split in opinions in the US).
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Table 2: Coding Categories and Example Responses from Experiment 1
Main Code

Subcodes
Evidential

Ratio

Example Participant Response
“I honestly think that people believing this
are unintelligent. There's no evidence of
this at all (…)”
“I don't think this is something that can be
proved or disproved by living people. This
is just a personal choice.”
“I also think people are inclined to believe
in it because the thought of no longer
existing is scary. It scares me too.”
“I have never heard anyone claim this
view, not even in joking or conspiracy
theory (…). Thus, I assume it is a very
niche view if it exists at all.”

Explanation of Example
Appeals to asymmetries in both
Epistemic
27.1%
competence and evidence to
Competence
justify persistence.
Subjective
The unknowability of the claim is
MetaUnknowable
7.5%
taken to justify subjectivity and
epistemic
Difficult
persistence.
Intrapersonal
The intrapersonal cost of
Non-epistemic
2.6%
changing one’s view about the
Interpersonal
issue justifies persistence.
The participant does not
Awareness
recognize the presence of largeRejection
4.9%
scale disagreement, and hence
Majority
persists in their view.
Some participants consider
“Everyone is allowed their own opinion
people’s
opinions
to
be
Opinion
16.3% and can do what they want, as long as they
fundamentally isolated from each
don't try to force me (…).”
other.
“I think and believe that every animals It is difficult to interpret these
Unclear
36.9%
have soul. And it should have.”
responses clearly.
“Nah, if anything historically the majority These responses are interpretable
Uncodable
8.4%
have not necessarily always aligned with but difficult to cluster with each
what was objectively ethical (…)”
other or any of the existing items.
Note. Ratio refers to the percentage of responses from participants who persisted that were classified as belonging to that
main code by both coders post discussion. The codes were used mostly exclusively (3.7% of responses fit multiple codes).
Cross-domain Variation Our data also supported the
hypothesis that explanations for persistence differ across
domains. We conducted mixed effects logistic regression
analyses, predicting the classification of our main categories
from domain, with random intercepts for statements. 1 These
analyses revealed that epistemic explanations were
significantly more likely to be used to justify persistence in
science, whereas meta-epistemic explanations were more
likely to be used for religion (see Figure 1).

Discussion
The results of Experiment 1 provide clear evidence in favor
of our initial hypotheses: (i) people report that they persist in
their beliefs in the face of mass disagreement, (ii) selfgenerated explanations for persistence can be captured by
some of the theoretically motivated paths to persistence; and
(iii) the use of these explanation shows systematic variation
across domains, with epistemic explanations most common
overall and especially for science, and meta-epistemic
explanations most common for religion.

Experiment 2
In Experiment 2, we develop a closed-ended analogue of our
first study and investigate whether the patterns observed in
our first study replicate under more controlled circumstances.
Instead of answering an open-ended question about their
reactions to disagreement, participants provided ratings for
eleven Likert-type items that corresponded to the pre-defined
coding categories used in the prior study. Beyond serving as
a replication, this allows us to test whether the prevalence of

Figure 1: Explanations of Persistence Across Domains in
Experiment 1. Error bars show bootstrapped 95%
confidence intervals. Asterisk denotes p < .001 for
deviation-coded domain contrasts.
These were four separate regressions for each explanation (with
binary dependent variables for explanation type, and binary
independent variables for statement domain). We used the most
complex random effects structure that fit for each model. For the
epistemic and meta-epistemic, this included nested random
1

intercepts of prompt. For the other explanations, no random effect
models converged. Note that restricting analyses to participants who
initially did not suspend judgment does not change these results, nor
does including the participants’ perceived distributions of opinion
for the issue (i.e., percent who agree, disagree, suspend).
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explanation types and their variation across domains persists
when participants must explicitly evaluate a set of
explanations, vs. generate explanations themselves. By
having participants rate items corresponding to factors that
were infrequently generated in Study 1 (such as nonepistemic and rejection), we can also gain greater insight into
whether all four factors of the four-factor model capture
relevant variation in judgments.

Methods
Participants Participants were 354 adults (153 male, 196
female, 4 other, 1 unidentified, mean age = 34) recruited as
in Study 1. An additional two participants were excluded for
failing a pre-registered attention check.
Materials and Procedure Participants were assigned to one
of 16 statements from Experiment 1, and shown the same
opinion, confidence, and societal distribution measures. The
content of the studies diverged after this point. Instead of an
open-ended question, participants first gave a binary (yes /
no) response to whether “the fact that (100 - N) % of people
in the US do not share your view about whether X make you
question your own view?” After responding to this question,
participants answered 11 Likert-type agreement items, from
Strongly Disagree (1) to Strongly Agree (7), in random order.
For all items, participants rated how much they agreed with
each statement as an explanation for why the disagreement
did or did not make them question their own views.
Slightly abridged versions of these eleven items are shown
below, with labels that indicate the corresponding coding
categories from Experiment 1.
Epistemic Items
Processing - Competence: People who disagree with me
about Y are not as good as I am at evaluating this issue.
Processing - Bias: People who disagree with me about Y
are more biased than I am on this issue.
Evidential - Quality: People who disagree with me about
Y have evidence (…) that is less good than my own.
Evidential - Quantity: People who disagree with me
about Y have less evidence about this issue than I do.
Meta-Epistemic Items
Subjective: Whether Y is more a matter of opinion than
fact; there are no right or wrong answers about it.
Hard: Knowing what to believe about Y is very difficult.
Unknowable: People will never know whether Y; it is an
issue that is fundamentally unknowable.

Majority: People disagreeing about Y does not matter to
me, given that enough people actually agree with me.
Finally, participants answered the same demographic
questions used in Experiment 1.

Results
Perceived Consensus & Persistence As in Experiment 1, we
first confirmed that issues were perceived to be controversial
(they were: across all participants, the percentage of
perceived agreement with one’s position in the population
was nearly half, at 47.6%). We also verified whether, with
our close-ended measure, most participants reported that they
did not question their views on the basis of large-scale
disagreement (they overwhelmingly did not: 87.0%, 95% CI
= [83.8, 90.8]). As in Experiment 1, these proportions were
fairly consistent across domains, with disagreement ranging
from 52% in science to 45% for politics, and persistence from
~80% for science to 93% for morality.
Explanations for Persistence To reduce the dimensionality
of our 11-item measure of explanations for persistence, and
in line with our pre-registered analysis plan, we conducted
the following factor analysis (in accordance with recent
recommendations; see Jackson, Gillaspy, & PurcStephenson, 2009). The analysis was based on data from the
309 participants who reported persistence.
After verifying that our data were suitable for factor
analysis, we implemented a factor analysis with a minimal
residual factoring method and an oblique rotation (oblimin).
We determined the number of factors to include by
conducting a parallel analysis, which suggested a three- or
four-factor solution. We retained four factors.
The four-factor solution explained 52% of total variance in
ratings, and the four factors respectively accounted for 23%,
13%, 12%, and 4% of variation in the data. Importantly, the
factor loadings were exactly in line with our a priori
expectations (see Figure 2). These findings help validate the
coding categories employed in Experiment 1, and
additionally replicate the relative prevalence of response
types, with higher agreement on the epistemic items (M =
3.84) followed by the meta-epistemic (M = 3.74), rejection
(M = 3.66), and the non-epistemic (M = 2.77).

Non-Epistemic Items
Interpersonal: (…) changing my view about Y could
damage my relationships with important people in my life.
Intrapersonal: (…) changing my view about Y would
threaten who I am as a person.
Rejection of Premise Items
Awareness: I have deeply considered why people
disagree about whether Y.
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Figure 2: Factor analysis on responses from Experiment 2.
Factor loadings greater than .35 are shown in white text.
Blue indicates positive loadings, and red negative.

Cross-domain
Variation
Having
reduced
the
dimensionality of our data, we proceeded to investigate
whether we replicated the domain-dependence observed in
Experiment 1. To do so, we first extracted factor scores from
the four-factor solution (using Thurstone’s method, though
the results presented below also hold for the Bartlett method
among others; see Grice, 2001). We then conducted separate
one-way ANOVAs with domain as the independent variable
for each of our factors. This analysis revealed significant
domain variation for the epistemic, F(3,305) = 4.22, p < .01,
non-epistemic, F(3,305) = 3.34, p < 0.05, and meta-epistemic
factors, F(3,305) = 25.5, p < .001, but not for the rejection
factor, F(3,305) = 1.65, p = 0.18.
As predicted, we found that the epistemic factor was
utilized more frequently for scientific controversies than the
average (M = 0.3; t(73) = 2.33, p < .05), and that the metaepistemic factor was more common for religious
controversies than the average, (M = 0.54; t(74) = 5.28, p <
.001). We also observed a significant effect in the opposite
direction for science (M = -0.58; t(73) = -6.28, p < .001); and
a weaker positive effect for morality (M = 0.18; t(79) = 2.15,
p < .05). For non-epistemic, we did not have predictions; we
found weak effects for morality (M = 0.2; t(79) = 2.12, p <
.05) and religion (M = -0.24; t(74) = -2.71, p < .01).

Discussion
Experiment 2’s findings echo those of Experiment 1. Once
again, we find that participants report sustaining their beliefs
in the face of societal disagreement and doing so in a domaindependent manner. Importantly, the results obtained in this
study were derived using a bottom-up approach on closedended responses (vs. human coding as in Experiment 1). The
fact that this method yielded categories that accord with the
four-factor framework thus offers support for the framework
beyond that found in Experiment 1, and gives us finergrained insight into the mechanisms of persistence. For
instance, the factor loadings we obtained suggest that amount
of evidence and competence may be more characteristic of
epistemic persistence (above perceptions of bias and
evidential quality), whereas knowability may be a more
characteristic component of meta-epistemic persistence
(above subjectivity). The consistent domain variation
observed in Experiments 1 and 2 further indicates that these
mechanisms might be especially important for understanding
persistent disagreement in science and religion.

General Discussion
Modern life is full of controversy, disagreement, and disdain.
Americans, for instance, are increasingly polarized on
political (Pew Research, 2014), moral (Gallup, 2017),
religious, and scientific (Pew Research, 2015) matters. This
polarization carries significant consequences: widening rifts
between liberals and conservatives across the globe are
corroding the social and institutional foundations of
deliberative democracies (Carothers & O’Donohue, 2019;
Svolik, 2019). The ubiquity of such large-scale disagreement

across highly influential domains (e.g., religion or science)
raises important descriptive and prescriptive questions: What
are the factors that determine whether, when, and why people
remain steadfast in their beliefs, and should they?
As reviewed in the introduction, many literatures across the
social sciences bear on these questions. However, there have
been few attempts to integrate these findings into a coherent
theoretical framework for understanding the mechanisms that
enable persistent large-scale disagreement (see Oktar &
Lombrozo, 2022). Perhaps as a consequence, there has been
little empirical work documenting basic facts concerning
persistence, from its prevalence to its variability.
The two experiments in this paper provide preliminary
answers to these foundational issues. Across both studies, we
find strong evidence of persistence: people are
simultaneously aware of societal disagreement about
controversial issues, yet overwhelmingly (~85%) do not
question their views if asked to reflect on this disagreement.
Across both experiments, we additionally find evidence for
four factors explaining persistence, as well as variation in
their application across domains: rejection, epistemic, nonepistemic, and meta-epistemic. This variation is important
because interventions designed to promote open-mindedness
or conciliation are unlikely to be effective if they fail to
address the source of persistence: for instance, changing
meta-epistemic assumptions is unlikely to promote
conciliation about science, and claims of epistemic peerhood
are unlikely to promote open-mindedness about religion.
Several important questions regarding persistence remain
unexplored. For example, it is currently unknown whether the
explanations people provide when faced with disagreement
are causally linked with their tendency to persist. It is possible
(though unlikely) that they are merely post-hoc
rationalizations, and that a different set of drivers underlie
persistence. In ongoing work we are addressing this by
experimentally manipulating explanations of disagreement.
Furthermore, we do not know whether the tendency to rely
on particular explanations is related to other important
behaviors, such as preferential information seeking, mindchanging, or social judgment. Future work would also benefit
from using a broader range of measures (including implicit
and behavioral), as well as attending to cultural and
contextual variation.
Despite these limitations, the results presented in this paper
constitute the first pieces of empirical evidence obtained in
the service of comprehensively understanding the individual
mechanisms
that
support
large-scale,
persistent
disagreement. We hope that these findings will set the stage
for future inquiry that further elucidates why, when, and how
the seeds of societal polarization are sown. Such
understanding can (hopefully) guide the design of
interventions that bridge the ever-widening rifts in our
societies.
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Early in development, children learn to extend novel category
labels to objects with the same shape, a phenomenon known as
the shape bias. Inspired by these findings, Geirhos et al. (2019)
examined whether deep neural networks show a shape or texture bias by constructing images with conflicting shape and
texture cues. They found that convolutional neural networks
strongly preferred to classify familiar objects based on texture
as opposed to shape, suggesting a texture bias. However, there
are a number of differences between how the networks were
tested in this study versus how children are typically tested. In
this work, we re-examine the inductive biases of neural networks by adapting the stimuli and procedure from Geirhos et
al. (2019) to more closely follow the developmental paradigm
and test on a wide range of pre-trained neural networks. Across
three experiments, we find that deep neural networks exhibit
a preference for shape rather than texture when tested under
conditions that more closely replicate the developmental procedure.
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Introduction
When presented with a new object and its label (e.g. “dax”),
how do humans determine how to generalize the label to other
objects? Starting around the age of two, children preferentially generalize novel category labels to solid objects of
the same shape rather than the same size, color, or texture,
a phenomenon known as the shape bias (Landau, Smith, &
Jones, 1988). The standard experimental approach to measuring the shape bias in developmental psychology involves
first presenting the participant with an anchor stimulus consisting of a novel shape and texture (see Figure 1(a) for an
illustration). This is followed by the presentation of additional stimuli that match the anchor stimulus in either shape,
texture, size, or color (but not in any other dimension). Participants are asked which of the additional stimuli are the same
category as the anchor; choosing the stimulus that matches
along the shape dimension at levels above chance indicates a
shape bias. The emergence of the shape bias indicates a crucial developmental shift in which children begin to recognize
that shape information is a reliable indicator of object names,
facilitating the acceleration of noun learning (Smith, Jones,
Landau, Gershkoff-Stowe, & Samuelson, 2002; Diesendruck
& Bloom, 2003; Gershkoff-Stowe & Smith, 2004). The shape
bias strengthens as we grow older and gain more visual and
linguistic experience; in fact, by the time we are adults, shape
appears to serve as the primary predictor of our recognition
of familiar categories (Biederman, 1995).
Due to its importance in understanding generalization and
learning in humans, multiple computational accounts of the
shape bias have been proposed. These include models based

Texture
match

Indian elephant
African elephant

elephant
1000
ImageNet
categories

16
basic
categories

decision

Figure 1: Two different approaches to measuring shape bias.
In the standard developmental procedure (left), an anchor stimulus
(top) is presented and assigned a novel label. The participant is then
asked whether a shape match (bottom left) or texture match (bottom
right) has the same novel label as the anchor stimulus, and shape
bias is calculated as the proportion of participants who prefer the
shape match. In the shape bias procedure from Geirhos et al. (2019)
(right), a cue-conflict stimulus with a cat shape and elephant texture
is presented to a model, and a subset of the 1000 resulting ImageNet
class probabilities (small circles) are averaged to attain scores for
16 basic categories. For example, probabilities for the ImageNet
categories “Indian elephant” and “African elephant” are averaged to
obtain a score for the basic category “elephant”. All other ImageNet
probabilities (dark gray circles) are ignored. The model’s decision
is considered shape biased if it predicts the shape category (cat),
texture biased if it predicts the texture category (elephant), or is discarded if it predicts any other category.

on associative learning (Samuelson, 2002; Colunga & Smith,
2005) or overhypotheses in hierarchical Bayesian models
(Kemp, Perfors, & Tenenbaum, 2007), although one limitation is that these models used simplified feature representations for capturing shape rather than naturalistic images. In
the past decade, following the impressive achievements of
deep neural networks (DNNs) on tasks such as image classification (Krizhevsky, Sutskever, & Hinton, 2012), there has
been a push to better understand how machines encode and
process images and whether they can be used as computational accounts of human vision (Yamins et al., 2014; Geirhos
et al., 2021). In particular, this has led to a renewed interest in
the shape bias, with initial accounts demonstrating that DNNs
did have a preference for shape. Ritter, Barrett, Santoro, and
Botvinick (2017) showed that pre-trained convolutional neural networks (CNNs) preferred to categorize novel objects on
the basis of shape rather than color, and Feinman and Lake
(2018) found that simple neural networks could learn a shape
bias from very few examples.
However, while this earlier work showed that DNNs displayed a shape bias, this may have been the result of limiting
the comparison to shape versus color. More recent work has
argued that deep neural networks actually rely on local texture
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Figure 2: Example triplets from several experimental conditions.
Each row consists of two triplet-based trials, each with an anchor
stimulus, a shape match, and a texture match. The first row demonstrates two triplets created from the original cue-conflict stimuli. For
the second and third rows, the triplets on the left demonstrate the
40% size condition, while the triplets on the right demonstrate the
80% size condition. The textured silhouette stimuli in the second
row also demonstrate the aligned shape condition, while the novel
stimuli in the third row demonstrate the unaligned shape condition.

information rather than global shape information for classification (Baker, Lu, Erlikhman, & Kellman, 2018; Brendel &
Bethge, 2019; Geirhos et al., 2019). In particular, Geirhos
et al. (2019) conducted a deeper examination by measuring
shape versus texture bias in ImageNet pre-trained deep neural networks. They created a set of novel cue-conflict stimuli by overlaying the shape information of one category with
the texture information of another category via style transfer
(Gatys, Ecker, & Bethge, 2016). Shape bias was then calculated as the proportion of trials in which a model classified a
cue-conflict stimulus as its shape category divided by the total number of classifications to either its shape or texture category (and similarly for texture bias; see Figure 1(b) for procedure details). Using this procedure, they found that ImageNet
pre-trained CNNs were actually strongly biased towards texture, while humans tested using the same stimuli showed a
strong preference for shape, highlighting a large discrepancy
between human and machine behavior. In light of this finding, additional research has aimed to find ways of reducing
the degree of texture bias in deep neural networks, such as
work showing that shape bias can be increased via different
kinds of data augmentations (Hermann, Chen, & Kornblith,
2020), or that vision transformers show less of a texture bias
than CNNs (Tuli, Dasgupta, Grant, & Griffiths, 2021).
Despite the significant attention this finding has received,
there are a number of important differences between the procedure used by Geirhos et al. (2019) and the procedure used in
developmental psychology for assessing the shape bias, making it difficult to directly compare these recent findings with
traditional findings. First, as shown in Figure 1, the style

transfer method for creating the cue-conflict stimuli from
Geirhos et al. (2019) produces stimuli where both the texture
information may be inadvertently emphasized and the shape
information de-emphasized, by covering the entire image—
both the shape itself and the background—with the texture
pattern. On the other hand, in developmental studies, the
stimulus texture is always contained within the shape boundary, more closely reflecting how texture applies to objects in
the real world; in fact, physical objects are often used rather
than images of stimuli on a computer screen. Second, the
procedure is limited to evaluating shape bias for 16 highly
familiar categories (due to the use of a model’s output layer
from the set of 1000 ImageNet categories), whereas developmental studies focus on testing shape bias via novel shapes.
Finally, the use of model classification outputs to determine a
shape or texture decision for each individual stimulus differs
from the typical procedure showing an anchor against shape
or texture matches. In fact, the procedure from Geirhos et al.
(2019) requires discarding a large proportion of trials that do
not result in a correct shape or texture classification in their
measure of shape bias.
Motivated by these differences, we re-examine the texture bias claim and outline an alternative procedure for
measuring shape bias in artificial neural networks that is
more closely aligned with the developmental procedure.
In Experiment 1, we adapt the cue-conflict stimuli from
Geirhos et al. (2019) to parametrically reduce the saliency of
the background texture. Our main result shows that across
all models tested, removing the influence of background
texture results in a preference for shape over texture. In
Experiment 2, we conduct additional tests to check the
robustness of this finding by varying the size and positioning of the adapted stimuli, showing that this preference
for shape over texture holds across different presentation
conditions. Finally, in Experiment 3, we test the shape bias
using a set of stimuli with novel shapes and textures, which
most closely replicates the developmental procedure. We
find that the overall degree of shape bias across models
is lower for the novel stimuli compared to the adapted
stimuli from Experiment 2. Furthermore, pre-trained models
exhibit a higher rate of shape-based responses than their untrained counterparts, indicating that training increases shape
bias. The shape bias testing code and datasets are available at:
https://github.com/alexatartaglini/developmental
-shape-bias.

Methods
Measuring Shape Bias. In this section, we describe the procedure used in the following three experiments to measure
shape bias in the models. Following the developmental procedure from Landau et al. (1988), a trial consists of a triplet
of image stimuli: an anchor stimulus with a given shape and
texture, a shape match stimulus that shares only its shape with
the anchor, and a texture match stimulus that shares only its
texture with the anchor. We assembled a large number of
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unique triplets for a given dataset by first considering each
stimulus in the dataset as an anchor, then selected shape and
texture matches for the anchor from other stimuli that have
the same shape or texture class respectively.1
To process a trial, all three images in a triplet were passed
individually to a given pre-trained model up to the penultimate layer to extract three embeddings of visual features.
We then determined whether the model considered the shape
or texture match to be more similar to the anchor by computing the cosine similarity between the anchor and the two
matches.2 If the cosine similarity between the anchor and
shape match is higher, the trial is considered a shape decision.
Otherwise, it is considered a texture decision. The resulting
shape bias of a model is computed as the proportion of the
number of its shape decisions to the total number of trials.
Because no trials are discarded with this method, texture bias
of the models equals the remaining number of texture decisions over the total number of trials.
Models. We measured shape bias for a variety of models
with different architectures, types of supervision, and training data. This included a ResNet-50 convolutional network
(He, Zhang, Ren, & Sun, 2016) and a ViT-B/16 vision transformer (Dosovitskiy et al., 2021). As a baseline, we first ran
all experiments with 10 randomly-initialized ResNet-50s and
ViT-B/16s then computed the average shape bias for each
across all 10 models. These models are referred to as random ResNet-50 and random ViT-B/16 respectively. We also
tested supervised variants of ResNet-50 and ViT-B/16 that
were pre-trained on ImageNet (Deng et al., 2009), as well
as a self-supervised ResNet-50 trained via DINO (Caron et
al., 2021), that did not require labels during pre-training.
We also included CLIP ViT-B/16 (Radford et al., 2021),
which was pre-trained on a dataset of 400 million imagecaption pairs via contrastive learning, and was recently been
shown to be most comparable to human vision on a range
of benchmarks (Geirhos et al., 2021). Finally, we tested
SAYCam-S model (Orhan, Gupta, & Lake, 2020), which
uses a different convolutional neural network (ResNeXt-50,
Xie et al., 2017) and was trained using a self-supervised
objective on a longitudinal egocentric dataset of headcam
footage filmed from the perspective of one child sampled
regularly from the age of 6 months to 32 months. We included this final model because the footage is recorded during the developmental period and in the typical environment
that English-speaking children tend to acquire a shape bias
(although this model does not receive the kind of labeled supervision thought to be important in acquiring the shape bias,
Smith et al., 2002; Gershkoff-Stowe & Smith, 2004).
1 Only shapes and textures from the same source image are considered to be a match; for example, if two stimuli both have the shape
of a cat but use two different pictures of cats, they are not considered
shape matches, and similarly for texture matches.
2 We also ran all experiments using the dot product and Euclidean
distance as alternative measures of perceptual similarity. We found
that the results were very similar across all distance metrics used, so
only results using cosine similarity are reported.

Experiment 1
In this experiment, we examined the possibility that the texture bias observed in convolutional neural networks may be
due to an over-emphasis of texture in the cue-conflict stimuli
used in Geirhos et al. (2019). Specifically, the texture information in these test stimuli is highly salient, covering both
the shape and background and obscuring some of the underlying shape information (see the top row of Figure 2). This is
in contrast to the stimuli used in the developmental setup, in
which the texture is contained within the shape of a stimulus
and presented on a white or neutral background.
Dataset. In order to bridge these visual differences, we
modified the original cue-conflict stimuli created by Geirhos
et al. (2019) by parametrically decreasing the opacity of the
background texture in varying degrees. This was achieved by
making use of the separate “filled silhouette” dataset (Geirhos
et al., 2019), which contained a silhouette of each shape instance used in the original cue-conflict stimuli. The silhouette of each shape instance was used to create a mask of the
background for each matching cue-conflict stimulus. These
masks were then superimposed onto the corresponding cueconflict stimuli, obscuring the texture background with white
pixels and highlighting the shape of the stimulus. We refer
to these modified stimuli as the “textured silhouette” stimuli.
The opacity of the white background mask was controlled by
a variable α ∈ [0, 1], where α = 0 is equivalent to the original cue-conflict stimuli, and α = 1 removes all background
texture and replaces it with a white background. We created
distinct datasets for 6 equally spaced α values, as shown in
Figure 3.
All possible (anchor, shape match, texture match) triplets
of stimuli were generated as described in the Measuring
Shape Bias section for each α-valued textured silhouette
dataset. In the original dataset used by Geirhos et al. (2019),
stimuli with certain shapes and textures appeared more frequently than others, which resulted in a larger number of
possible triplets with these anchor stimuli. To ensure that all
shape and texture classes were equally represented in the final shape bias computation, we randomly selected 28 unique
triplets for each of the 1, 200 anchor stimuli, producing a total
of 33, 600 triplets used for evaluation. We repeated this procedure a total of 3 times, reporting the average measurements
across replications.
Results and Discussion. When α = 0 and the background
texture is fully salient, we predictably find a pattern of results
that mirrors the observations made by Geirhos et al. (2019).
Across the board, the models are highly texture biased, with
the notable exception of the random ResNet-50 and DINO
ResNet-50, which are weakly shape biased (see Figure 3).
Surprisingly, we observed an even stronger texture bias than
Geirhos et al. (2019); for example, they observed about a 20%
shape bias in a pre-trained ResNet-50 compared to the mere
2% shape bias we observed using the triplet-based procedure.
As α increases and background texture salience decreases,
all models displayed a monotonic increase in shape bias, al-
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In particular, this could explain the high degree of shape bias
for the randomly-initialized ResNet-50, which may be especially sensitive to pixel overlap.
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Figure 3: Shape bias vs. α. Under each α value on the x-axis, there
is an example of a stimulus demonstrating the degree of background
transparency. Each line represents a different model (see the legend to the right); CNN architectures are represented with circular
markers, while vision transformers are represented with triangular
markers. Results for randomly-initialized models are plotted with a
dashed line. The horizontal, dotted gray line represents chance levels of shape bias; any model above this line is shape biased, while
any model below is texture biased. All models show an increase in
shape bias as the texture in the background becomes more transparent.

though at varying rates. The vision transformer models including the CLIP model and the SAYCam-S model showed
a substantial increase in shape bias, and were between 7080% shape biased when the background is completely white.
On the other hand, the supervised ResNet-50 remained relatively texture biased throughout, only attaining a slight shape
bias when α = 1. Still, this increase is surprising given the
extremely strong texture bias observed for ResNet-50 when
α = 0. DINO ResNet-50 is the most shape biased for all α
values and attained nearly 100% shape bias when the background texture is completely removed. This may be the result of the data augmentations used when training DINO
such as Gaussian blur and color augmentation, which have
been shown to increase shape bias in CNNs (Hermann et al.,
2020). Finally, random ResNet-50 also displayed a rather
strong shape bias with low variance across seeds throughout,
which is curious given its lack of training.3
These results demonstrate that the degree of shape bias using the cue-conflict stimuli from Geirhos et al. (2019) is variable across architectures and can be modulated by altering
the background of the stimuli. In the developmental test, the
background is irrelevant, so shape bias as measured in artificial neural networks should also reflect this in their set-up.
However, there may be alternative explanations for the pattern of results we observed in this experiment. One possibility is that the higher degree of shape bias is an artifact of the
perfect alignment in position and size of the shape information between the anchor stimulus and shape match stimulus.
3 We also ran Experiment 1 for all supervised models using the
original classification decision procedure from Geirhos et al. (2019)
and found a very similar pattern of results.

In this experiment, we expand upon the results from Experiment 1 and examined whether the high level of shape bias
observed in all models when α = 1 is robust to the size and
position of the shape information in the stimuli. Real world
objects vary in these factors, and thus, it is useful to understand how these properties influence model behavior.
Dataset. Starting with the subset of the textured silhouette stimuli with a white background (α = 1), we created five
different stimulus size conditions ranging from 20% to 100%
of their original size, with each triplet being uniform in size.
We also created two positional alignment conditions. In the
aligned shape condition, all stimuli occupied the center of an
image, resulting in perfect overlap between the anchor and
shape match stimuli. In the unaligned shape condition, all
stimuli were individually placed in random locations of the
image; thus, in a given triplet, the three stimuli occupy different parts of the image. Figure 2 provides examples of both
the size and alignment variations.4
Results and Discussion. When the shapes of the stimuli
are aligned, all models were highly shape biased across all
stimulus sizes, although they were relatively more shape biased for smaller stimuli (Figure 4, top left). When the shapes
were 20% of their original size, all models demonstrated a
shape bias between 90% and 100% percent; for the largest
stimuli, shape bias for the models ranged between 60% and
100%, with the ImageNet-trained ResNet-50 demonstrating
the most significant decrease in shape bias. One possibility
for this decrease is that shape bias decreased for larger shapes
because a greater surface area allowed for a larger, more detailed patch of texture to be visible, thereby increasing the
salience of the texture information. Another possibility is
that the receptive field size or patch size in different models is
smaller relative to the larger size conditions. When the shapes
were randomly positioned in the image and no longer overlap
in the shape unaligned condition, the models displayed more
variation in their degree of shape bias but were still above the
chance level for all stimulus sizes (Figure 4, top right).
These results show that a robust shape bias can be observed
in all models by removing the background texture from the
stimuli used by Geirhos et al. (2019) despite the different
variations in size and positioning we explored in this simulation. This strengthens the findings in Experiment 1 by ruling
out the hypothesis that pixel-overlap between the anchor and
shape match are driving the preference for shape; rather, the
sensitivity to shape is preserved despite the lack of pixel-level
overlap.
4 Note that the 100% size condition in Experiment 2 is technically
always aligned and is equivalent to the α = 1 textured silhouette
stimuli from Experiment 1, so the rightmost data points of Figure 3
are the same as the rightmost data points of the top two plots in
Figure 4.
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Figure 4: Results from Experiments 2 and 3. The rows indicate the experiment, while the columns represent the shape alignment condition
with aligned shape results on the left and unaligned results on the right. Top row: using textured silhouette stimuli in Experiment 2, we
find that all models are shape biased but respond differently to variations in shape size and alignment. Bottom row: using novel stimuli in
Experiment 3, we find that all models are less shape-biased overall than Experiment 2. Unlike most of the models, DINO ResNet-50 increases
in shape bias as shape size increases; also, for the unaligned shape condition, the random ResNet-50 hovers around chance levels of shape
bias for all stimulus sizes with low variance.

Experiment 3
The previous two experiments demonstrated that we could
produce a robust shape bias response in a variety of artificial
neural networks using cue-conflict stimuli based on familiar
categories. In this final experiment, we take one more step
towards matching the developmental paradigm and measure
shape bias using novel shapes and textures, differing from the
categories the networks were trained on. This procedure is
similar to that taken by Ritter et al. (2017) in which they also
measured shape bias in DNNs using triplets of novel stimuli.
However, while their work focused on testing shape versus
color bias, our aim is to test shape versus texture bias.
Dataset. We created 256 unique novel stimuli using 16
high-quality textures (Brodatz, 1966) and 16 simple shapes
(Parks, Griffith, Armstrong, & Stevenson, 2020) by overlaying random patches of each texture with a mask of each shape,
resulting in misaligned textures between texture matches. As
in Experiment 2, we varied the size and alignment of these
novel stimuli, and generated all possible triplets as described
in the Measuring Shape Bias section. Unlike Experiments
1 and 2, all anchor stimulus classes were equally represented
in these datasets, so shape bias is measured once for a given
condition using all 57, 600 possible triplets. See Figure 1(a)
and the bottom row of Figure 2 for examples of these stimuli.
Results and Discussion. When the novel stimuli are
aligned in shape, all models were shape biased for the smallest size (see Figure 4, bottom-left). As shape size increased,

most models showed a decrease in shape bias (whether
aligned or not), leading some models to display a texture bias
in the largest size conditions. To our surprise, DINO ResNet50 was an exception, showing an increase in shape bias as the
shapes become larger. It is not entirely clear why DINO behaves qualitatively differently to the other models we tested,
and we leave this as an open question for future research.
When the stimuli were unaligned in shape, all models made
fewer shape-based decisions when compared to the aligned
stimuli (see Figure 4, bottom-right); the one exception was
ResNet-50, which maintained the same pattern of behavior
regardless of shape alignment. This drop may be due to the
impoverished nature of the silhouettes compared to natural
images, or the fact these stimuli are further out-of-distribution
compared to pre-training. An advantage of this test setting
is the neutral performance of the untrained random ResNet50, which hovers around chance. Notably, ResNet-50, ViTB/16, and CLIP ViT-B/16 all exhibited a shape bias relative
to their untrained counterparts, indicating that they acquired
more sensitivity to shape for novel stimuli during their training. This is consistent with the developmental picture, in
which children acquire a shape bias as they learn more words
(Smith et al., 2002; Gershkoff-Stowe & Smith, 2004).

Discussion
We outlined a more developmentally consistent procedure for
testing shape bias in artificial neural networks. One advan-
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tage of using embedding similarity instead of model output
is that it allows for the measurement of shape bias for both
pre-trained and randomly-initialized models, and for both familiar and novel stimulus categories. We measured shape
bias using this procedure and three different types of cueconflict test stimuli for a range of architectures with varying pre-training data and learning objectives. In Experiment
1, we augmented the cue-conflict stimuli used by Geirhos et
al. (2019) by removing the textured background in varying
degrees. We found that shape bias in all models increased
as background texture salience decreased, demonstrating that
the sensitivity of shape bias measurements could be explained
due to characteristics of the cue-conflict stimuli. In Experiment 2, we tested whether the shape-based responses in Experiment 1 are robust to variations in shape size and position. We found that all models showed more shape-based
than texture-based responses regardless of stimulus size or
alignment. Finally, in Experiment 3, we generated triplets of
stimuli with novel shapes and textures that varied in size and
position over a white background. We found that the ImageNet pre-trained ResNet-50 and ViT-B/16 models exhibited
a marked increase in shape bias over their randomly initialized variants, especially when the stimuli were randomly positioned, suggesting that these models had learned an inductive bias for shape that generalized to novel stimuli. Furthermore, shape bias across models was generally lower for the
novel stimuli compared to the adapted stimuli containing familiar categories in Experiment 2.
Our results suggest that the previously observed texture
bias in DNNs arises, in part, from how texture is emphasized in both the foreground and background (Geirhos et al.,
2019). In fact, our results from Experiments 1 and 2 show
that, despite variability in architecture and training, most
models demonstrate a robust shape bias given stimuli with
clean backgrounds when tested using a procedure that more
closely aligns with developmental tests. However, there are
still discrepancies between human and machine behavior that
deserve more exploration. Geirhos et al. (2019) observed
that humans tested using the original cue-conflict stimuli still
showed a strong shape bias despite the exaggerated texture
present in the stimuli. One possible explanation is that humans’ shape decisions were influenced by the specific testing
procedure used. In their experiments, despite the neutral instructions to not bias judgments towards shape or texture, participants selected their classification decisions by clicking on
one of 16 shape-based icons (Geirhos et al., 2018). It is possible that the participants identified both the shape and texture classes in many stimuli, and since the task was somewhat
ambiguous, the icons could have encouraged them to respond
based on shape. Alternatively, models may be responding differently than people due to difficulties in segmenting the foreground of the images (i.e. the shape) from the background.
Further work is needed to understand precisely why neural
networks struggle with exaggerated background textures and
if there are other ways for DNNs to match human behavior

on the original cue-conflict stimuli.
It is worth noting that both Baker et al. (2018) and Geirhos
et al. (2019) performed other experiments in which they fill a
silhouette (shape) from one class with a texture from another,
similar to our α = 1 condition in Experiment 1. Unlike our
results, they find that texture is emphasized over shape. Their
stimuli, however, are notably different. Filling a silhouette
with a cutout from another image can not only erase internal
features of the first category but can also introduce recognizable features from a different familiar category. These differences further highlight that the degree of shape bias in current
models is highly dependent on task and stimulus details. Of
the evaluations we consider, our Experiment 3 most closely
mirrors the developmental procedure as run with children, although no single test seems to tell the whole story.
The developmental account of the interrelationship between the shape bias and word learning in children seems
to align with our observations that models with pre-training
on labels or linguistic data exhibit a stronger shape bias than
their untrained counterparts. However, the strong shape preference exhibited by the self-supervised models in some conditions is somewhat puzzling from the developmental point
of view given their complete lack of language exposure. It
remains unclear why a robust shape bias is observed in all
models regardless of their pre-training objective. Moreover,
it is unclear why models display substantially more variation
than people with regards to the shape bias.
As deep neural networks have continued to demonstrate
impressive performance on visual tasks and have thus seen
an expanding range of applications, it has become increasingly important to understand the nature of the biases they
employ to classify objects and how these biases compare to
those learned by humans. The recent explorations into the
existence of a shape bias in DNNs have yielded a number of
unexpected and significant results. In this paper, we add to
this line of research by measuring shape versus texture bias
in a range of DNN architectures using a procedure that more
closely matches the developmental setup, highlighting that
close attention needs to be paid to all aspects of the evaluation
in order to conduct a “species-fair comparison” (Firestone,
2020). Ultimately, the shape bias is only one of many inductive biases employed by the human mind to understand and
make sense of the world. Both machine learning and cognitive science stand to gain from further investigation into
models that capture a range of inductive biases as well as
methods for most fruitfully comparing human and machine
intelligence.
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Abstract

explained as the result of an asymmetry in the general referential utility of modifiers: e.g., color may be more useful
than size because it is perceptually easier to verify (RubioFernandez, 2016; Kursat & Degen, 2021); because it is generally less ‘noisy’ in communication (Degen et al., 2020); or
simply as a matter of brute fact (van Gompel, van Deemter,
Gatt, Snoeren, & Krahmer, 2019). In contrast, the Spanish/English asymmetry is commonly interpreted as the result of incremental language processing pressures (RubioFernandez et al., 2021). Here we seek to shed light on the
relative importance of these factors in explaining patterns of
redundant reference by investigating the production of redundant modifiers in a village sign language: Central Taurus Sign
Language (CTSL). CTSL is a young language that arose in
the absence of a conventionalized linguistic framework. Having no established conventions for reference – in particular,
for the order of nouns and modifiers – it allows us to explore
the role of referential utility and incremental processing pressures in guiding signers’ production of redundant modifiers.

Redundant modification in referring expression production
varies both within language (e.g., English speakers produce more redundant color than size modifiers) and crosslinguistically (e.g., English speakers produce more redundant
color modifiers than Spanish speakers). It is an open question whether these asymmetries are the result of asymmetries
in the general referential utility of color and size modifiers or
of incremental language processing pressures. Cross-linguistic
investigations of redundant modification are important to this
debate: similar cross-linguistic rates of redundant modification would suggest a strong role for general referential utility.
In contrast, lower prevalence of redundant modification in languages with post-nominal modification suggests a strong role
for incrementality. Here, we test whether differences in redundant adjective use are systematic for a particularly interesting
language: Central Taurus Sign Language. As a language in its
infancy, CTSL has no established conventions, and therefore
provides us with a unique opportunity to explore how redundancy emerges in the initial stages of language formation. We
evaluate different computational models of referring expression that each make different assumptions regarding the source
of asymmetries in the production of redundant modifiers.
Keywords: experimental pragmatics; redundancy; village
sign language; Rational Speech Act; Bayesian Data Analysis

Accounts of Redundant Modifier Production

Introduction
Speakers produce redundant modifiers when referring to objects, and they do so in systematic ways. One of the beststudied patterns of redundant modification is the color/size
asymmetry: when mentioning the size of an object is sufficient for establishing unique reference, speakers often include
color modifiers in their utterances (e.g., “the small blue button” instead of “the small button” in Fig. 1). In contrast, when
it is sufficient to mention color, speakers rarely mention size
(Pechmann, 1989; Sedivy, 2003; Rubio-Fernandez, 2016).
The tendency to overspecify with color has been attested in
English (Degen, Hawkins, Graf, Kreiss, & Goodman, 2020),
German (Belke, 2006), Dutch (Koolen, Goudbeek, & Krahmer, 2013) and Spanish (Rubio-Fernandez, 2016). Moreover, cross-linguistic investigations of redundancy found that
Spanish speakers are less likely to use color modifiers relative to English speakers (Rubio-Fernandez, Mollica, & JaraEttinger, 2021; Wu & Gibson, 2021).
What is the source of these asymmetries? What linguistic, perceptual and communicative factors determine speakers’ redundant modification patterns? There are different explanations offered in the literature for how speakers choose
referring expressions. The color/size asymmetry has been

According to accounts that ascribe an important role to the
general referential utility of different properties, redundant
use of modifiers is the result of general principles of cognition and perception (Degen et al., 2020; Kursat & Degen,
2021; Rubio-Fernandez, 2016). For example, one reason why
color might have greater referential utility than size is because
it is perceptually easier to assess. This type of explanation is
formally captured by a recent continuous semantics computational model of referring expression production (Degen et al.,
2020) that allows modifiers to be informative about objects to
varying degrees. Referential utility theories tend to be opaque
to cross-linguistic variation in referring expression structure,
and thus predict similar patterns across languages. Under
these accounts, and assuming that the perceptual mechanisms
are shared across people, languages should have similar rates
of redundant modification and display similar patterns. However, recent studies conducted in Spanish found evidence contradicting this prediction (Rubio-Fernandez et al., 2021; Wu
& Gibson, 2021): redundant color modifier production was
more likely in English than in Spanish. This cross-linguistic
asymmetry is important evidence that incrementality, in particular sensitivity to word order, needs to be integrated into
computational accounts of redundant modifier use.
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Incremental accounts explain the asymmetry in redundant
modifier use in Spanish and English with the different modifier head word orders of the two languages (Rubio-Fernandez
et al., 2021; Wu & Gibson, 2021). According to these accounts, it is more useful to produce color modifiers in English than in Spanish because in English, color modification
is expressed pre-nominally. Therefore, in visual search tasks,
the production of the color modifier facilitates earlier identification of the target via an additional cue to its identity
in English, but not in Spanish, where the main cue to the
target’s identity – the head noun – is produced first. Although there is debate as to whether redundant modification is
the result of speaker- or listener-centric behavior, this crosslinguistic asymmetry has been primarily interpreted as prenominal language speakers attempting to facilitate listeners’
visual search (Jara-Ettinger & Rubio-Fernandez, 2021; Arts,
Maes, Noordman, & Jansen, 2011; Rubio-Fernandez et al.,
2021; Wu & Gibson, 2021). Cohn-Gordon, Goodman, and
Potts (2019) show that the different rates of redundant color
modification in English and Spanish can be captured by incremental computational models of pragmatic language use that
allow for utterances to be planned incrementally. This model
predicts different patterns for post-nominal vs. pre-nominal
adjective languages because it allows speakers to pragmatically reason about each word’s referential utility incrementally, one word at a time. In this model, the set of utterance choices at each point is determined by the word order
of the language. The Incremental Communicative Efficiency
model (ICE, Jara-Ettinger & Rubio-Fernandez, 2021) is another computational model of referring expression production
that analyzes utterances incrementally, but adopts a listenercentric view in formalizing the source of the pressure to be
sufficiently informative.
Speaker-centric accounts of redundant modifier production, inspired by availability-based production (Bock, 1987;
Ferreira & Dell, 2000), attribute the asymmetries in the production of redundant modifiers to differences in the availability of the modifiers for the speaker. Under this kind of account, size modifiers might be produced less frequently than
color modifiers because they are more costly for speakers,
perhaps because they are harder to retrieve from memory.
Waldon and Degen (2021) provide a qualitative investigation of computational accounts of referring expression production that formalize the ideas of global referential utility
differences vs. incrementality pressures, both independently
and jointly, and compare their predictions in varying contexts.
They show that the two types of explanations are mutually
compatible and propose a new account that computes word
utility incrementally using modifiers with referential utility
differences. This novel continuous-incremental model predicts both the well-documented color/size asymmetry in English, and different rates of color modification in pre-nominal
and post-nominal adjective languages.
We proceed by first introducing these computational models of pragmatic language use formalized within the Ratio-

nal Speech Act (RSA) framework (Frank & Goodman, 2012;
Goodman & Frank, 2016; Franke & Jäger, 2016), a computational framework that models pragmatic communication as
recursive reasoning between a speaker and a listener. We
then introduce Central Taurus Sign Language (CTSL), the
language that is our testbed for investigating the source of
asymmetries in the production of redundant modifiers. We report two production experiments designed to elicit redundant
color and size modifiers in two different languages: CTSL
and English. Finally, we evaluate each model on the production data via Bayesian data analysis.

Bayesian Models of Referring Expression
Production
Standard RSA
In the standard RSA model, speakers and listeners recursively
reason about each other’s mental states to communicate. A
pragmatic speaker produces utterances reasoning about a literal listener who observes an utterance, and returns a distribution over intended referents (see Table 1 for formalization).
The literal listener computes the probability of an intended
referent based on the semantics of the utterance and prior beliefs regarding which referent is most likely to be the target.
On Standard RSA, the semantic value of an utterance is
a function from intended referents to binary truth values in
{0,1}. These binary truth values are in turn computed from a
lexical interpretation function that outputs binary truth values
given a lexical item (e.g. an adjective) and an intended referent. Assuming uniform prior beliefs about the referents, a
literal listener returns a uniform distribution over all compatible intended referents and assigns zero probability to other
referents. Based on this distribution (informativeness of utterances for the literal listener), and the cost of each utterance,
the pragmatic speaker calculates the utility of each utterance.
As a Bayesian agent, a pragmatic speaker produces an utterance proportional to its utility.
Standard RSA doesn’t produce redundant modifiers at the
high rates observed empirically because for the literal listener,
all utterances that are compatible with the object (e.g. “big”
and “big green”) are equally informative. In this model, the
only way to break symmetry in the empirically-observed direction (i.e. that redundant referring expressions are more frequent than their ’minimal’ counterparts) is assuming that the
more complex utterance, "big green" is less costly than the
simple utterance, “big”, and this doesn’t seem to be a plausible assumption.

Continuous RSA
Degen et al. (2020) extend the standard RSA model to capture the systematic patterns with which redundant modifiers
are produced. By relaxing the deterministic Boolean semantics of utterances to a non-deterministic continuous semantics
that returns real values between 0 and 1, they allow utterances
to be informative with varying degrees. With this new definition of the semantics, modifiers differ in how noisy, and
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Table 1: Summary of models under comparison.
Discrete semantics
(
1 if i is true of r
D
D
D
[[u]] (r) = ∏ L (r, i) L (r, i) =
0 otherwise
i∈u

X D (c, i, r) =

Continuous semantics
(
vi
C
C
C
[[u]] (r) = ∏ L (r, i) L (r, i) =
1 − vi
i∈u

|u:[[u]]D (r)=1∧u is a continuation of c+i|
|u:u is a continuation of c+i|

X C (c, i, r) =

Global production model
PL0 (r|u) ∝ [[u]](r) · P(r)
Cu (u) = ∑ Ci (i)

if i is true of r
otherwise

∑[[u]]C (r):u is a continuation of c+i
|u:u is a continuation of c+i|

Incremental production model
L0INCR (r|c, i) ∝ X (c, i, r) · P(r)
INCR
S1INCR (i|c, r) ∝ elog(L0 (r|c,i)−Ci (i))

i∈u

n

α(ln PL0 (r|u)−C(u))

S1 (u|r) = ∏ S1INCR (i j |c = [i1 ...i j−1 ], r)

S1 (u|r) ∝ e

j=1

Legend: u : an utterance
i : a lexical item
Standard RSA:
Incremental RSA:

r : a referent
c: a partial utterance

[[·]] : utterance interp. function
vi : i’s continuous semantic value

Discrete semantics + Global production model
Discrete + Incremental

L : lexical interp. function
P(r) : prior over r Cu/i : cost function on u/i

Continuous RSA: Continuous + Global
Continuous-Incremental RSA: Continuous + Incremental

therefore how useful they are for the purpose of establishing reference. Assuming that color modifiers are less noisy,
more precise, than size modifiers, the observed asymmetry in
speakers’ propensity to redundantly use color over size adjectives is predicted. Thus, the symmetry problem that Standard
RSA fails to resolve is easily addressed.
The assumption that color is less noisy than size, perhaps
because it is easier to perceive or assess, points towards an
explanation of the asymmetry in the production of redundant
color and size modifiers that assumes a difference in referential utility. This model also accounts for other systematicities,
e.g., that redundant color modification is more likely with increased scene variation (Koolen et al., 2013). However, it
fails to predict cross-linguistic differences in redundant modification because it is insensitive to word order.

Fig. 1). This is a pattern not attested empirically.

Incremental RSA

The conflicting model predictions and empirical results suggest that further cross-linguistic investigations of redundant
modification are much needed. So far, studies addressing redundancy have been conducted on a handful of pre-nominal
languages (English, Dutch and German) and with the exception of the few studies conducted in Spanish, redundant modification patterns have not been tested in post-nominal languages. Moreover, the only Spanish studies conducted thus
far have not investigated cases where the noun is not informative and speakers could in principle mention multiple features
via modification. Thus, for instance, whether the color/size
asymmetry attested in pre-nominal languages generalizes is
unknown. Here we explore this question through a language
that is still in the initial stages of language formation: Central
Taurus Sign Language (CTSL).
CTSL is a village sign language that emerged naturally
within the last half century in a remote village in Southern
Turkey (Ergin, 2017; Ergin, Senghas, Jackendoff, & Gleit-

In Cohn-Gordon et al. (2019)’s extension of the RSA model,
utterances are represented as sequences of words. Agents reason about each word, in the utterance’s sequential order. Listeners are modeled as distributions over intended referents,
given the word in the context. For the incremental pragmatic
speaker, the utility of any partial utterance is a function of the
probability that a full-utterance continuation of the partial utterance would truthfully refer to the intended referent. The
possible continuations of a sequence of words is determined
by language-specific linear constraints on word order.
Waldon and Degen (2021) show that the incremental model
captures the color/size asymmetry in English, but also predicts the opposite asymmetry for the production of redundant
color and size modifiers in post-nominal languages (more redundant mention of size) in contexts in which redundant modification manifests as multi-adjectival DP constructions (as in

Continuous-Incremental RSA
Waldon and Degen (2021) consider a novel extension of RSA
that combines the continuous and incremental models. The
speaker is defined as the incremental decision maker who reasons about a literal listener that computes utterance probabilities based on a continuous semantics for words (see Table 1).
This model both captures the color/size asymmetry observed in English and the lower rates of color modification
produced by Spanish speakers. However, similar to the incremental model, this model also predicts Spanish speakers to
redundantly mention size more frequently than color.

A Case Study: Central Taurus Sign Language
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man, 2020). It is currently used by 30 deaf signers and approximately 100 Turkish speakers, in three neighboring villages. It arose as a result of high incidence of hereditary
deafness and the region’s geographical isolation and in the absence of a linguistic framework. As a young language, CTSL
offers a unique perspective into observing the structure of an
emerging communication system.
Previous research on CTSL has focused on finding evidence of conventionalization. Ergin (2017), the first study on
this language, explored the expression of sentential argument
structure. She found that patterns became more conventionalized across cohorts. Ergin, Kursat, Hartzell, and Jackendoff
(2021) focused on the expression of modification and found
that the head-modifier order was dominant, but not deterministically so. Observing that signers follow the dominant order
even more strictly with increasing semantic complexity, they
argued that in CTSL, linear order is used as a minimal syntactic tool to express modification.
Exp. 1 asks whether the color/size asymmetry previously
observed in pre-nominal adjective languages generalizes to
CTSL. Exp. 2 is a replication of Exp. 1 on an English
speaking group on Mechanical Turk. Finally, we conducted a model comparison of the four redundant modification models (standard RSA, continuous RSA, incremental
RSA, continuous-incremental RSA) on both datasets.

Figure 1: Example display from the director’s display on a
size sufficient trial.

Exp. 1 used an interactive reference game paradigm to assess
CTSL signers’ redundant color and size modification.

There were 30 critical trials. On each critical trial (Fig. 1),
the four images were of the same object type, and either mentioning the color or size of the target object was sufficient for
establishing unique reference. On 15 color sufficient trials,
mentioning size was redundant, because a competitor object
shared the redundant feature (size) with the target. Similarly,
on 15 size sufficient trials, a competitor had the same color
as the target item, making color mention redundant. On each
trial, there were two additional distractors that shared the sufficient property with the competitor. All items were normed
for object and feature nameability.
Both participants were recorded during the task and their
signs were transcribed to English for analysis. Different
strategies used for expressing modifiers (e.g., pointing at colored pencils, pointing at clothes, mouthing) were also coded
for each utterance.

Methods

Results and Discussion

Participants (n=22, all native CTSL signers, 21 deaf, 1 hearing) were paired into 11 director-guesser dyads to play a real
time communication game (Hawkins, 2015).1 They were
asked to sit across from each other and face each other. Each
participant had a monitor in front of them and an experimenter sitting next to them to assist with using the computer.
In CTSL, only very few colors have lexicalized signs, and
color is often expressed by pointing to objects in the immediate environment (clothes, furniture, food etc.). In order to
minimize potential data loss, we made pencils of different
color available to signers.
On each trial, participants saw four objects in the display.
Both participants saw the same images, in different orders.
On the director’s screen, the target item was marked by a
green border. The director’s task was to describe the target
to the guesser, who in turn was asked to guess the described
image from the display by pointing at it. The experimenter
sitting next to the guesser clicked on the image the guesser
pointed at. After the selection, both participants received
feedback about its correctness. Participants were allowed to
freely sign to each other during the task.

We first classified the produced utterances as “color”, “size”
and redundant “color and size” utterances (see yellow bars
in top row of Fig. 2 for empirical utterance proportions). As
is clear from the figure, participants frequently produced redundant modifiers. To assess whether signers produced more
redundant color than size modifiers, we conducted a mixed
effect logistic regression model predicting redundant modifier use from a fixed effect of redundant property. The model
included by-participant and by-item random intercepts and
slopes. We observed a main effect of redundant property (β=
3.24, SE=0.45, p<.0001) such that signers were more likely
to redundantly modify with color than size.
Next, to investigate whether modification is expressed prenominally or post-nominally in CTSL, for each utterance we
coded the order with which the color, size and noun signs
were produced (6 unique orders). We found that modification was overwhelmingly expressed post-nominally (87%).
Within modification strategies, redundant modifiers were produced more frequently (97%) in post-nominal position: all
redundant size modifiers were produced post-nominally and
only 0.3% of redundant color modifiers were produced prenominally.
Together, these results are at odds with explanations of
redundant modification that ascribe a large explanatory role

Experiment 1: Redundant Modifier Production
in CTSL

1 The small n is due to the generally small number of CTSL
signers. Given the large effect sizes previously found in similar
paradigms, Type II error is unlikely.
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Size−sufficient scene

Model Evaluation

Color−sufficient scene

1.00

In order to evaluate to what extent each model captures the
empirically elicited production data, we conducted Bayesian
data analysis with the CTSL and English data. 2 We inferred
likely parameter values for each model, conditioned on the
observed data. We used maximum estimates of the posteriors
to generate model predictions and compared these predictions
with to the observed data to assess the performance of each
model. We performed full model comparison using Bayes
factors to compare our two best performing models.
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to forces of incrementality. Despite modification being expressed post-nominally in CTSL, we did not observe reduced
redundancy compared to pre-nominal languages. Instead, the
results suggest that global referential utility based principles
could be underlying the systematicity with which redundant
modifiers are produced.

Experiment 2: Redundant Modifier Production
in English
Exp. 2 provided a pre-nominal adjective language baseline
against which to interpret the results of Exp. 1. It was identical to Exp. 1, but was conducted on English over the web..

Methods
The task and materials were identical to Exp. 1. 100 participants were recruited through Amazon’s Mechanical Turk and
each participant was randomly assigned to either the director
or the guesser role (50 pairs). Pairs played the online version
of the reference game and used a chat-box to send messages.

Results
Proportions of “color”, “size” and redundant “color and size”
utterances are shown in Fig. 2. A mixed effects logistic regression predicting redundant modifier use from fixed effects
of redundant property revealed a main effect of redundant
property (β= 2.484, SE=0.40, p<.0001), such that participants were more likely to redundantly mention color than
size, replicating the result of Exp. 1. Note that in comparison
to CTSL signers, English speakers never produced redundant
size modifiers, consistent with the previous literature.

10
5
0

0.0

Figure 2: Empirically-observed “color”, “size” and redundant
“color and size” utterance proportions in CTSL (Exp. 1) and
English (Exp. 2), compared against predictions of the four
models under evaluation.
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Figure 3: Posterior model parameter values of the continuous
model on the CTSL data.
In each model, we assumed uniform prior values for the
two separate cost parameters C(ucolor ), C(usize ) ~U (0,2) 3 and
the informativeness parameter α ~U (0,40). The continuous
models included two additional semantic value parameters,
vcolor and vsize ~U (0.5,1). When running the incremental
models on the CTSL data, we constrained the alternative utterance space to only include post-nominal expressions. This
was motivated by the results of Exp. 1 that suggested modification in CTSL is overwhelmingly expressed post-nominally
(87%). Conversely, the incremental models evaluated on the
English dataset only allowed pre-nominal modification.
Table 2 shows maximum likelihood estimates (MLE) of
posterior model parameters and correlations for all four models, inferred separately for the CTSL and English datasets.
The continuous and continuous-incremental models best fit
the data even though predictions from all four models highly
correlated with the empirical data.
Fig. 3 shows the posterior over parameter values for the
continuous model on the CTSL data. In all four models, size
was inferred to have higher cost than color on the CTSL data,
a result not observed in previous evaluations of RSA models.
In the continuous model, both for the CTSL and English data,
the semantic value for size was surprisingly inferred to be
higher than the semantic value for color, with overlapping
distributions. The same semantic value pattern was observed
in the continuous-incremental model on the CTSL data.
The continuous models (unlike the standard and incremental models) correctly predict higher probability of redundant
2 All code,
data, and materials can be accessed at
https://github.com/bwaldon/crossling_reference
3 Constraining this model so that the two modifier costs are equal
results in almost the identical predictive power as with free costs.
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Table 2: Maximum likelihood estimates of model parameters, and correlation with empirical data.

Standard RSA
Continuous RSA
Incremental RSA
Cont. Incr. RSA

α
6.22
18.5
2.60
14.4

C(ucolor )
<0.01
0.06
<0.01
<0.01

CTSL
C(usize )
0.20
0.47
0.60
0.35

vcolor

vsize

0.60

0.78

0.66

0.99

modification in the size sufficient condition in both CTSL and
English. Empirical utterance probabilities are shown with
maximum likelihood estimates of all four models’ posterior
predictives in Fig. 2.
To compare the continuous and continuous-incremental
models quantitatively, we conducted a Bayesian model comparison on these models with both datasets and found a Bayes
factor of >100, indicating decisive evidence in favor of the
continuous over the continuous-incremental model.

General Discussion
We explored how signers of an emerging sign language use
their language to refer. We showed that despite a lack of fullyfledged grammatical conventions, Central Taurus Sign Language exhibits a previously-attested pattern of referring expression production – the color/size asymmetry in redundant
adjectival modification. Moreover, despite an overwhelming preference for expressing adjectival modification postnominally, CTSL signers redundantly modify at rates similar
to those observed in English, in which adjectival modification
occurs pre-nominally.
These results are consistent with theories of referring expression production that link redundant modification to properties of the lexicon. On speaker-oriented variants of this
view, the color/size asymmetry reflects differences in the production cost – broadly construed – of size vs. color adjectives;
on the listener-oriented view, size and color are lexicalized
concepts that differ fundamentally in referential utility.
Conversely, these results are in tension with theories that
center the role of incremental communicative pressures,
which may vary cross-linguistically according to morphemic
linear ordering constraints. Contra previous findings (RubioFernandez et al., 2021; Wu & Gibson, 2021), we did not observe that redundant modification was attenuated in a language that exhibits linear ordering preferences that mirror
those of English. This is unexpected on accounts that posit
that redundant adjectives, all else equal, are of lower communicative utility – and hence less likely to be produced – when
following rather than preceding sufficiently-informative linguistic units in referring expression production.
We supplement this qualitative evaluation with a quantitative comparison of models that differ in their commitments
regarding the role of incremental communicative pressures
as well as regarding the relative production cost and referential utility of items in the lexicon. When evaluated against
our CTSL data, this comparison favors a model – continuous
RSA – whereby speakers compute payoff and cost for entire
utterances rather than at the sub-utterance level. However,

r
0.92
0.99
0.70
0.84

α
10.80
17.70
5.43
12.8

C(ucolor )
<0.01
0.07
<0.01
0.35

English
C(usize )
0.37
0.70
0.06
0.15

vcolor

csize

0.64

0.89

0.78

0.63

r
>0.99
>0.99
>0.99
>0.99

there are important caveats worth mentioning at this point.
First, the continuous RSA model that best fit our data features parameter values that stand in conflict with previous
analyses. In particular, Degen et al. (2020) fit a continuous RSA model to data collected from a similar experimental paradigm and concluded that the semantic noise associated with size adjectives is greater than the noise associated
with color adjectives. Moreover, their best-fit continuous
RSA model features relatively similar production costs associated with color and size adjectives. In contrast, our best-fit
model features the opposite pattern vis a vis semantic noise
as well as a marked asymmetry in the production cost of color
vs. size adjectives. This result highlights the need to collect
production data from language users across a wide array of
theoretically-interesting contexts.
Degen et al. (2020) demonstrate, for example, that RSA
models that attribute the color/size asymmetry solely to
speaker production cost are fundamentally incapable of capturing an equally well-attested pattern in the referring expression production literature, namely that rates of redundant
modification increase in the presence of more competitor objects. The trials of our study do not differ from one another
in this regard. In the future, intend to collect data from CTSL
signers in a wider qualitative array of referring contexts.
Second, we evaluated ‘incremental’ models of referring expression production on a single, specific notion of incrementality, one that assumes that speakers a) plan referring expressions word-by-word; and b) compute the referential utility of
a word by evaluating the utility of full-utterance continuations of that word (and its preceding linguistic context). Even
within the sparse existing literature on ‘incrementalized’ variants of the RSA framework, neither of these assumptions
are universally adopted (Cohn-Gordon, Goodman, & Potts,
2018), nor is there a principled reason to favor them a priori
over alternatives, e.g., that incremental production proceeds
at the sub-morphemic level.
Finally, we acknowledge that the two experiments were
conducted in different modalities (signed vs. written), with
possibly different reference resolution pressures applying.
One avenue of future work is to test control groups in spoken,
signed and written language to explore the extent to which
modality differences affect redundant modification.
In sum, this work demonstrates the utility of investigating
under-studied languages for the purpose of informing theories
of redundant referring expression production. It also highlights the importance of using a wide variety of referential
contexts for informing rigorous model comparison.
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Abstract
Previous studies have shown that representationally complex
referents are encoded slower into working memory (WM)
but are retrieved faster (Hofmeister, 2011; Karimi & Ferreira,
2016). However, the cost of maintaining complex representations is still not well understood. Through two self-paced
reading experiments, we investigated the cost of encoding,
maintaining and retrieving complex representations in WM.
While we replicated the facilitatory effect during retrieval,
the slowdown during encoding was not consistent across our
experiments. More critically, for the first time, our experiments demonstrated that maintaining complex representations
in WM is less costly than maintaining their simple counterparts. Furthermore, we found that WM maintenance cost is
reduced because complex target noun phrases are more distinct from other competing referents in WM than simple ones.
Overall, our results showed that the semantic elaboration of
complex representations can reduce maintenance cost and provided new perspectives into this understudied WM process.
Keywords: representational complexity; working memory;
maintenance; encoding; retrieval

Background
Working memory processes - encoding, maintenance and retrieval - are essential for sentence comprehension, especially
for understanding long-distance dependencies, such as those
present in relative clauses, pronoun resolution and other complex constructions. For example, consider the following sentence which contains an object-extracted relative clause: The
students who Priyanka wholeheartedly praised submitted the
report. There are multiple syntactic dependencies in this sentence, one of which is the long-distance dependency between
the noun phrase (NP) the student in the matrix clause and the
embedded verb praised. In order to understand (1), comprehenders have to encode the matrix NP the students into WM,
maintain it for a period of time until the other end of the dependency, i.e. the verb praised, appears. At the verb praised,
which is looking for an object, the matrix NP the students is
retrieved and integrated into the object position.
There has been a large body of previous work investigating
the memory retrieval mechanism during online sentence processing (Dillon, Mishler, Sloggett, & Phillips, 2013; Jäger,
Engelmann, & Vasishth, 2017; Lewis & Vasishth, 2005;
Van Dyke & McElree, 2006; Wagers, Lau, & Phillips, 2009;
Xiang, Dillon, & Phillips, 2009). Comparatively speaking,
the mechanisms of WM encoding and maintenance in sentence processing are less explored. There is some evidence
that memory encoding contributes to retrieval cost due to

interference (Barker, Nicol, & Garrett, 2001; Gordon, Hendrick, & Johnson, 2001; Hofmeister & Vasishth, 2014; Kush,
Johns, & Van Dyke, 2015; Villata, Tabor, & Franck, 2018),
but few studies have addressed whether there is cost associated with encoding itself (Hofmeister, 2011; Hofmeister &
Vasishth, 2014). Maintenance cost is mainly discussed in the
EEG literature, especially with respect to a component called
the sustained anterior negativity (Fiebach, Schlesewsky, &
Friederici, 2002; J. W. King & Kutas, 1995; Phillips, Kazanina, & Abada, 2005). A recent study by Ristic, Mancini,
Molinaro, and Staub (2021) also reported maintenance cost
using eye tracking. These studies showed that maintaining a
filler in a filler-gap dependency in WM results in an increase
in processing cost, typified by either a sustained ERP signal
or increased go-past reading times. It is worth noting however that the status of sustained anterior negativity is under
debate (Lau, 2018).
In the current work, we seek to provide novel evidence
bearing upon the memory maintenance mechanism during
sentence processing. Our findings also have implications
for memory encoding and retrieval. The particular empirical
ground we investigate is how the representational complexity
can facilitate or hinder different working memory processes.
A linguistic representation is more complex than another if
it has more syntactic structures and/or semantic features. A
number of previous studies have shown that the representational complexity of an NP referent can modulate processing cost (Hofmeister, 2011; Hofmeister & Vasishth, 2014;
Karimi, Diaz, & Ferreira, 2019; Karimi, Diaz, & Wittenberg,
2020; Karimi & Ferreira, 2016; Karimi, Swaab, & Ferreira,
2018; Troyer, Hofmeister, & Kutas, 2016). The following
pair of examples were tested in Hofmeister (2011). The NP
an alleged Venezuelan communist is more representationally
complex than the NP a communist.
(1)

It was a communist who the members of the club
banned from ever entering the premises.

(2)

It was an alleged Venezuelan communist who the
members of the club banned from ever entering the
premises.

For sentences like (1) and (2) with a simple and complex
matrix NP, respectively, Hofmeister (2011) showed that reading time (RT) on communist is slower in (2) than in (1), but
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on the word right after the verb banned, the RTs are faster
in (2) than (1). This was taken as evidence that encoding a
complex NP is more costly than encoding a simple one, but a
more effortful encoding can facilitate memory retrieval later
at the verb when the NP referent needs to be retrieved and
integrated (Hofmeister, 2011; Hofmeister & Vasishth, 2014).
There are a number of possible reasons to explain this effect. While encoding a referent with more features demands
more resources and therefore higher cost, the resulting representation could be made more salient due to its richness in
features, easing retrieval effort. The featural richness of the
more representationally complex referent might also allow it
to be more distinct from other competing referents, thus preventing retrieval interference. Another possibility, discussed
in Karimi et al. (2020), is that because more time could be
spent on encoding complex NPs, this could entail more attentional resources dedicated to complex NP referents, leading
to faster retrieval.
In two experiments, we sought to 1) conceptually replicate
the reported effects of target NP complexity during WM encoding and retrieval and 2) explore the cost of maintaining
representationally complex NPs. We hypothesized that similar to retrieving complex representations, maintaining complex representations is also less costly. We also investigated
what accounted for the difference between the cost of maintaing complex and simple target NPs. To observe WM maintenance of target NPs, Experiments 1 and 2 employed a maintenance window between the encoding and retrieval sites. By
looking at RT differences in the maintenance window, we
would be able to study the cost of maintaining complex representations and understand which mechanisms account for
differences in processing costs during WM maintenance.

Experiment 1
Participants
101 participants, recruited through the data collection website
Prolific, participated in this experiment for payment. Sample size was determined through a power analysis of the data
from a smaller pilot of 20 participants. All participants selfidentified as native, monolingual English speakers who were
raised in monolingual households. In addition, participants
had no language related disorders or literacy difficulties. Data
from 17 out of 101 participants was removed because they
scored below the threshold of 75% for the comprehension
questions (1 standard deviation below the mean accuracy).
The experiment took about 20 minutes and participants were
compensated $3.50.

Methods and Materials
The self-paced reading experiment had a 2 x 2 design. It
consisted of 32 4-condition items which were manipulated in
terms of the complexity of the matrix NP (Simple vs. Complex) and the type of relative clause (RC) involved (subjectextracted (SRC) vs. object-extracted (ORC)). An example
is given in (3)-(6), with the slashes indicating the self-paced

reading regions. In the complex NP condition, the matrix subject NP contains two prenominal modifiers (, whereas in the
simple NP condition, the matrix subject NP does not contain
any prenominal modifier.
All sentences consisted of the matrix subject NP, which
was followed by the RC modifying the subject NP, then an
adverb of time, the matrix verb and the matrix object NP. The
matrix subject NP always started with those and was modified
by either 0 (simple) or 2 (complex) nouns or adjectives. In
both types of RC manipulations, the RC verb was preceded
by an adverb to allow for an extended maintenance window.
Full sets of experimental stimuli for both experiments can be
found at https://osf.io/7heg5/. Example sentences for
Experiment 1 are as follows:
(3)

Complex, SRC: Those / emotional / crash / survivors
/ who / dutifully / assisted / Sophia / last week / joined
/ the meeting.

(4)

Complex, ORC: Those / emotional / crash / survivors / who / Sophia / dutifully / assisted / last week
/ joined / the meeting.

(5)

Simple, SRC: Those / survivors / who / dutifully /
assisted / Sophia / last week / joined / the meeting.

(6)

Simple, ORC: Those / survivors / who / Sophia / dutifully / assisted / last week / joined / the meeting.

Each participant read only one condition per item, totaling
32 experimental sentences. In addition, they also read 32
filler sentences, which were sentences of various types that
contained long distance dependencies. Each sentence, experimental or filler, preceded a yes-no comprehension question
targeting the dependency between the RC verb assisted and
either the matrix subject NP, e.g. those emotional crash survivors/those survivors or the NP introduced in the RC, e.g.
Sophia. An example comprehension question is Was it those
survivors who were assisted by Sophia?. The expected answer for half of the questions was Yes and for the other half
was No. Participants did not receive feedback on the accuracy
of their answers. In this experiment, average accuracy across
all items (including fillers) was 85.9%, and the average accuracy on the experimental sentences was 84.0%.
The experiment was carried out on Ibex Farm (Drummond,
2013), where the experimental and filler items were randomized and presented to participants. Participants did two practice trials before reading the experimental and filler items.
Before a trial started, a dash line appeared in the middle of
the screen where the stimuli would appear. Upon pressing
the space bar, the dash line disappeared and the first word appeared. Participants were instructed to press the space bar to
continue reading the sentence. As the space bar was pressed,
the current word(s) was replaced by the subsequent word(s).
For statistical analysis, after excluding data from participants who did not meet the comprehension accuracy threshold of 75%, raw RT beyond three standard deviations of the
mean raw RT at each sentence position and condition are excluded. We rejected 1.03% of the raw RTs through this pro-
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cedure. Following Hofmeister and Vasishth (2014), we did
not exclude RTs of sentences whose comprehension question
was answered incorrectly. This was done to ensure we did not
discard instances that might have reflected failure to maintain
the correct dependency in WM.
RTs in each region were log-transformed and then residualized on two predictors: the linear position of a region in a
sentence and log RT of the region immediately prior to the
current one. Both predictors are known to impact self-paced
reading RTs for independent reasons. Residualization was
done using linear mixed models through the lmer package
(Bates, Mächler, Bolker, & Walker, 2015). RTs from fillers
were included in the residualization process. Residualized
log RTs served as the dependent variable for our analyses.
For data analysis, we considered three sites of interest encoding, maintenance and retrieval sites. The encoding site
included the matrix subject NP, with the critical word being
the head noun, i.e. survivors. RTs at this region reflected
processing effort to encode the subject NP into information
to be stored in WM. The retrieval site included only the RC
verb assisted, where the matrix subject NP is retrieved from
WM to serve as the subject or object of the RC verb. We also
analyzed the spill-over region after the RC verb, the adverb
of time last week. The maintenance site included the words
between the encoding and retrieval sites, the complementizer
who, the RC subject NP Sophia in ORCs, and the preverbal
adverb dutifully. During this period, the matrix subject NP is
maintained in WM, awaiting retrieval.
For statistical analyses, we employed Bayesian hierarchical modeling, using the R package brms (Bürkner, 2017). For
each self-paced reading region examined, the model used 4
chains, with 2000 samples per chain, the initial 1000 samples being warm-up samples and no thinning. This led to
4000 post-warmup samples for each parameter estimate per
region. Models of regions up to (and including) the complementizer who comprised of the fixed effect of matrix NP
complexity (sum coded, simple -0.5, complex 0.5). Models of
regions after the complementizer who comprised of fixed effects of matrix NP complexity (sum coded, simple -0.5, complex 0.5), RC type (sum coded, SRC -0.5, ORC 0.5) and their
interaction. All fixed effects were sum-coded. All models
also contained by-participant and by-item random intercept
adjustments and random slopes for all fixed effects analyzed
in that region. We used relatively weak, uninformative priors
for all parameters. For the prior for all the fixed effects, including the intercept, we used a normal distribution N(0,10)
with mean 0 and standard deviation of 101 . The final results
1 An example of a brm model:
brm(formula = residualizedlogrt ∼ npcomplexity * rctype
+ (1 + npcomplexity * rctype|participant)
+ (1 + npcomplexity * rctype|item),
data = rt data, family = gaussian(),
prior = c(prior(’normal(0,10)’, class = ’Intercept’),
set prior(’normal(0,10)’, class = ’sigma’),
set prior(’normal(0,10)’, class = ’b’),
set prior(’normal(0,10)’, class = ’sd’),
set prior(’lkj(2)’, class = ’cor’)),

were reported in terms of the mean of the posterior distributions and the 95% credible intervals. We considered a predictor as reliable if the credible interval does not include 0.

Results
The mean comprehension question accuracies by condition
are as follows: SRC Complex: 92.1% (SD = 2.70%); SRC
Simple: 90.2% (SD = 2.98%); ORC Complex: 87.5% (SD =
3.31%); ORC Simple: 85.9% (SD = 3.49%).

Figure 1: Residualized log reading times for Experiment 1
In the encoding site, as shown in Figure 2 and Table 1,
there is no effect of NP complexity on the noun survivors,
contrary to the slowdown for more complex NPs observed by
Hofmeister (2011) and Hofmeister and Vasishth (2014).
In the maintenance site, there is no effect of NP complexity on the complementizer who. On the preverbal adverb dutifully, we observed significant effects of matrix NP complexity and RC type, as well as weak evidence for an interaction.
More specifically, participants read this word faster if the matrix NP is complex. They also read faster if they were reading
an SRC rather than an ORC. The weak evidence for an interaction arose from the fact that the facilitation effect due to NP
complexity is more pronounced in ORCs than SRCs.
Region
survivors
who
dutifully

Effect
Mean Lower CrI Upper CrI
NP
0.015
-0.021
0.048
NP
0.002
-0.023
0.027
NP
-0.062
-0.087
-0.036
RC
0.079
0.043
0.114
NP x RC -0.045
-0.092
0.002
assisted
NP
-0.027
-0.058
0.003
RC
0.087
0.053
0.122
NP x RC 0.024
-0.036
0.085
last week NP
-0.044
-0.070
-0.020
RC
0.030
0.005
0.057
NP x RC -0.002
-0.052
0.047
Table 1: Model estimates for Experiment 1 (NP: matrix NP
complexity, complex vs simple; RC: RC type, ORC vs SRC)
In the retrieval site, on the RC verb assisted, only the fixed
effect of RC type is significant. Similar to the maintenance
region, RTs were faster in an SRC than in an ORC, which is
an expected effect given previous works on the SRC advantage in English (Gibson, 1998; Gibson et al., 2000; J. King
& Just, 1991; Staub, 2010; Traxler, Morris, & Seely, 2002).
The RC type effect continued to be significant on the adverb
last week. More critically, we only observed weak evidence
of a speed up due to matrix NP complexity on the RC verb
warmup = 1000, iter = 2000, chains = 4,
control = list(adapt delta = 0.99, max treedepth = 12))
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To test the hypothesis that featural richness helps maintain
distinctiveness between referents, in Experiment 2, we added
an additional level of embedding before the RC verb to all experimental sentences. This was done so that by the preverbal
adverb dutifully, for both SRCs and ORCs, there are multiple competing referents that need to be maintained in WM in
both SRCs and ORCs. We expect to see a larger facilitation
effect for SRCs during the maintenance period due to matrix
NP complexity, potentially reducing (or even eliminating) its
difference from the facilitation effect observed for ORCs.

Experiment 2
Participants

Figure 2: Credible intervals for Experiment 1
assisted. However, this speed up was reliable on the spillover
region, the adverb last week. There was no evidence of a main
effect on the matrix verb joined and its spillover.

Discussion
We did not replicate the slowdown in the encoding site due
to matrix NP complexity, as previously observed (Hofmeister, 2011; Hofmeister & Vasishth, 2014). However, in the retrieval site, consistent with previous work (Hofmeister, 2011;
Hofmeister & Vasishth, 2014; Karimi et al., 2020; Karimi &
Ferreira, 2016), there was evidence in our results showing that
having a complex matrix NP speeds up RT.
More importantly, a novel finding from the current work
is that having a more complex matrix NP also benefited the
maintenance process, as evident by the facilitation effect observed on the preverbal adverb dutifully. There was also some
evidence that this effect was more pronounced in ORCs than
in SRCs. The difference between the two clause types invited
a hypothesis about the deeper mechanism based on which
representational complexity can facilitate maintenance. In
particular, when there are multiple competing referents that
need to be maintained in WM, having a rich set of features
on one referent helps keeping it apart from other referents. In
SRCs, prior to the RC verb, the matrix NP survivors was the
only available referent in WM. In ORCs, however, there were
two competing referents in WM prior to the RC verb: the matrix NP survivors and the RC subject Sophia. Therefore, in
ORCs, making one NP semantically rich (i.e. the emotional
crash survivors) helps maintaining the distinctions between
the two referent representations. In SRCs, since there are no
competing referents, the facilitation effect thanks to the more
complex NP is less pronounced. But it is important to note
even though it was a smaller effect, having a complex matrix
NP still resulted in faster RT in the maintenance site even for
SRCs (β = -0.039, 95% CrI [-0.043, -0.008]). This implicated that matrix NP complexity also confers additional benefits during maintenance other than enhancing distinctiveness
between referents in WM.

100 participants, recruited through the data collection website
Prolific, participated in this experiment for payment. Participant recruitment procedure was identical as Experiment 1.
Data from 17 out of 100 participants was removed because
they scored below the threshold of 65% (1 standard deviation
below the mean accuracy).

Methods and Materials
The experiment had the same setup and materials as Experiment 1, except for the fact that an additional level of embedding Jennifer thinks was added after the complementizer who
for all four conditions. Thus, Experiment 2 had the same 2
(NP complexity, sum coded, simple -0.5, complex 0.5) x 2
(RC type, sum coded, SRC -0.5, ORC 0.5) design. Example
sentences for Experiment 2 are as follows:
(7)

Complex, SRC: Those / emotional / crash / survivors
/ who / Jennifer / thinks / dutifully / assisted / Sophia
/ last week / joined / the meeting.

(8)

Complex, ORC: Those / emotional / crash / survivors / who / Jennifer / thinks / Sophia / dutifully
/ assisted / last week / joined / the meeting.

(9)

Simple, SRC: Those / survivors / who / Jennifer /
thinks / dutifully / assisted / Sophia / last week /
joined / the meeting.

(10)

Simple, ORC: Those / survivors / who / Jennifer
/ thinks / Sophia / dutifully / assisted / last week /
joined / the meeting.

The additional level of embedding was also added to some
fillers and all comprehension questions. An example comprehension question is Was it those survivors who Jennifer
thinks were assisted by Sophia?. The sentences were presented in a self-paced reading task, like in Experiment 1. In
this experiment, average accuracy from all participants for
the comprehension questions, including those following filler
sentences, was 77.9%, and the average accuracy on the experimental sentences was 73.4%.
All statistical analyses followed the same procedure as Experiment 1. We removed 1.24% of RT data that were 3 standard deviations of the mean raw RT at each sentence position
and condition. The encoding and retrieval sites were the same
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Region
survivors
who
Jennifer
thinks
dutifully

Effect
Mean Lower CrI Upper CrI
NP
0.034
0.008
0.062
NP
0.015
-0.011
0.041
NP
-0.020
-0.045
0.006
NP
-0.065
-0.092
-0.039
NP
-0.047
-0.076
-0.018
RC
0.090
0.057
0.123
NP x RC 0.020
-0.038
0.081
assisted
NP
-0.044
-0.072
-0.017
RC
0.051
0.014
0.088
NP x RC 0.027
-0.031
0.084
last week NP
-0.027
-0.054
0.0003
RC
0.021
-0.016
0.056
NP x RC 0.025
-0.031
0.082
Table 2: Model estimates for Experiment 2

as Experiment 1. The maintenance site was extended to include the new level of embedding Jennifer thinks.

Results
The mean comprehension question accuracies by condition
are as follows: SRC Complex: 82.8% (SD = 3.77%); SRC
Simple: 80.0% (SD = 4.01%); ORC Complex: 73.3% (SD =
4.42%); ORC Simple: 73.2% (SD = 4.43%).

Figure 3: Residualized log reading times for Experiment 2
In the encoding site, as demonstrated by Figure 4 and Table 2, on the head noun survivors, a main effect of NP complexity was observed. More specifically, RTs were slower
when the matrix NP was complex. This result was in line
with the slowdown found by Hofmeister (2011) and Hofmeister and Vasishth (2014) but was different from Experiment 1.
In the maintenance site, there was no main effect of NP
complexity on the words who and Jennifer. However, on the
following verb thinks, there was a main effect of NP complexity, where participants read faster if the head noun was
complex. It is noteworthy because this verb is the first word
where there were two competing referents in WM, survivors
and Jennifer. On the adverb dutifully, we found a main effect
of NP complexity, where RTs were faster in sentences with a
complex matrix NP. We also found a main effect of RC type,
where sentences with an SRC were read faster in this region.
Unlike Experiment 1, no evidence for an interaction between
NP complexity and RC type was found. At this word, there
were still two competing NP referents in SRCs (survivors and
Jennifer) while there were three competing NP referents in
ORCs (survivors, Jennifer and Sophia).
In the retrieval site, on the RC verb assisted, contrary
to Experiment 1, we found a main effect of NP complexity,
where RTs were faster in sentences with a complex matrix
NP. This was consistent with previous results in this region
shown by Hofmeister (2011) and Hofmeister and Vasishth
(2014). There was weak evidence that this facilitation effect extended to the spillover region, the adverb last week.
There was also the expected RC type effect on the RC verb
assisted, where sentences with SRCs were read more quickly.
The main effect of RC type did not persist to the adverb last
week. There was no evidence of a main effect on the matrix
verb joined and its spillover.

Discussion
Contrary to Experiment 1 and consistent with results from
Hofmeister (2011), we found a slowdown due to matrix NP
complexity in the encoding site. It is unclear why there was a
divergence between the two experiments in this site since the
materials up to the word survivors were the same between
the two experiments. This difference suggests that the slowdown during encoding might be less robust and might differ

Figure 4: Credible intervals for Experiment 2
between subject pools. On the other hand, in the retrieval
site, we again replicated the facilitation effect due to matrix
NP complexity on the RC verb assisted and to some extent,
the spillover region last week.
Critically, Experiment 2 confirmed the hypothesis that matrix NP complexity facilitates WM maintenance by allowing representations of competing referents to be distinct from
each other. As noted, the verb thinks followed two competing
referents in all conditions: survivors and Jennifer. For both
SRC and ORC, the condition with a complex matrix NP was
less costly on this word than the condition with a simple NP.
Furthermore, the main effect of NP complexity continued on
the adverb dutifully, and the interaction between matrix NP
complexity and RC type found in Experiment 1 was absent.
These results are compatible with our hypothesis: since for
both SRCs and ORCs there are multiple competing referents
during the maintenance period, the benefit of having distinct
representations could be observed in both types of clauses.

General Discussion
In two self-paced reading experiments, we investigated the
benefit and cost of encoding, maintenance and retrieval of
complex linguistic representations, with a particular focus on
maintenance, which has been under-explored in the sentence
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processing literature. For the encoding effect, we found that
only one of the two experiments replicated the slowdown due
to matrix NP complexity found in Hofmeister (2011), despite
the two experiments having the same material during the encoding period. The inconsistency between our two experiments suggests this effect might not be robust and might be
subjected to inter-participant variation. On the other hand,
the previously reported facilitatory effect during retrieval due
to matrix NP complexity (Hofmeister, 2011; Hofmeister &
Vasishth, 2014; Karimi et al., 2020) was replicated in both
experiments, on the RC verb and the spillover region.
Most importantly, our results showed, for the first time, a
facilitatory effect in the maintenance site when participants
read sentences with a complex matrix subject NP, suggesting
a lower cost of maintaining featurally rich representations.
We hypothesized that at least one possible source of this effect is due to the fact that rich semantic features on a representation helps to keep competing referent representations
distinct from each other. Evidence supporting this hypothesis comes from SRCs and its comparison with ORCs. In
Experiment 1, when only the ORC but not the SRC construction contained competing referents in the maintenance site,
NP complexity had a smaller facilitatory effect in SRCs than
ORCs; but both constructions showed similar facilitatory effects in Experiment 2 when an additional competing referent
was added to the maintenance site.
We also observed that enhancing distinctness among competing referents is likely not the only reason that complex NP
representations can facilitate the maintenance period. As we
noted earlier, in Experiment 1, even though there was a difference between SRCs and ORCs in terms of the facilitation effect brought about by the complex NP, there was nonetheless
a reliable effect in SRCs. This effect goes beyond what our
proposal can account for. One possible explanation for this
is the time-dependent attention account set forth by Karimi
et al. (2020). In this account, there is more time devoted
to encoding complex representations, making these representations more salient due to larger amount of attentional resources dedicated to them. As a result maintaining a salient
complex NP could be less effortful.
In addition to the main hypothesis we proposed for the
maintenance period, we also consider other possible interpretations of our results during the maintenance site. Firstly, the
“maintenance” effect could have resulted from preemptive retrieval of the target NP in anticipation of the upcoming RC
verb. In particular, on the adverb dutifully, people may have
expected that a verb is coming up, and this may have triggered a retrieval of the head noun. A potential challenge for
this account is that the effects observed on the adverb dutifully were not entirely identical as the effects observed on the
actual retrieval verb assisted, especially in Experiment 1.
Another possible interpretation is that our “maintenance”
effect might actually be the result of memory encoding.
Keeping referent representations distinct from each other can
be beneficial for the encoding process. In fact, when similar

items are encoded in WM, encoding interference could arise
(Barker et al., 2001; Gordon et al., 2001; Hofmeister & Vasishth, 2014; Kush et al., 2015; Villata et al., 2018), due to
the fact that similar items compete for the shared features and
result in degraded representations of one or all items, a process known as feature overwriting (Nairne, 1990; Oberauer
& Kliegl, 2006). In the current case, while the rich semantic
features on the matrix subject NP can give rise to higher encoding cost of this referent, subsequent encoding on later referents such as Sophia or Jennifer could be facilitated since the
matrix subject NP is more distinct from them. The challenge
with this account is that it should have predicted predicted the
facilitation effect to arise on the proper name Sophia or Jennifer, at the moment when the encoding of the new referents
took place. But in our results the facilitation effect thanks to
matrix NP complexity appeared after the proper names (e.g.
on dutifully or thinks). The fact that the effect appeared after
the encoding of the new referents lends some support to our
hypothesis that the cost of maintaining referent representations (that have already been encoded) could be reduced when
competing referents have more distinct features.
Yet another different interpretation of our result is that participants might have read faster in the maintenance regions in
sentences with complex matrix NP because they want to get
through the maintenance region quickly to “unload” the heavier WM load. Van Dyke and McElree (2006) found that in a
dual-task setup, participants tend to speed up when reading a
sentence when they also have to maintain words in WM for
a separate recall task. Nicenboim, Vasishth, Gattei, Sigman,
and Kliegl (2015) also showed faster reading time when the
WM demand increases for participants with low WM capacity. In our experiments, it is possible that participants engaged
in a “good-enough” strategy during the maintenance region
when faced with higher WM load of complex NPs (Ferreira
& Patson, 2007). More future work is needed to futher examine this possibility, but we note that a shallower processing
of the complex condition may predict worse comprehension
accuracy on sentences with complex vs. simple NPs, which
was not borne out in the current data.

Conclusion
In two experiments, we examined how the encoding, maintenance and retrieval of representationally complex NPs in WM
differ from those of their simplex counterparts, with a special
focus on the understudied maintenance period. We found that
storing more complex NPs reduces maintenance cost and that
one possible source of this effect can be attributed to the increased distinctiveness between the target NP and competing
NP(s) in WM. Our results also replicated previous work that
showed facilitatory effect of complex representation on memory retrieval. However, we only found mixed evidence that
representational complexity slows down memory encoding.
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Abstract
Studies have found that when innovation involves recombining
cultural traits, partially-connected populations produce higher
levels of cultural complexity than fully-connected populations
by avoiding cultural homogenization. However, population
connectedness is only one of many factors that could promote
cultural diversity and thus cultural complexity. Here, we examine whether people’s preference for copying members of their
own social group could also fill this role. Our simulations reveal that even in fully-connected populations, ingroup-biased
transmission results in greater cultural complexity than unbiased transmission. Moreover, in partially-connected populations, this bias interacts with population structure to produce
even higher levels of cultural complexity than population structure alone. Finally, by incorporating population turnover into
our model, we shed light on the trade-off between promoting
cultural diversity versus limiting cultural loss.
Keywords: cultural diversity; innovation; cumulative cultural
evolution; ingroup copying bias; connectedness

Introduction
Humanity’s unprecedented technological and cultural sophistication has been widely attributed to our capacity for cumulative cultural evolution (Boyd & Richerson, 1985). Over
time, we have accumulated an increasingly diverse and complex set of cultural products and practices, including technologies, scientific theories, and forms of social organization that far exceed what any single generation could devise
on its own (Tomasello, 1999). This accumulation can be
observed across a variety of interrelated measures (Enquist,
Ghirlanda, Jarrick, & Wachtmeister, 2008), such as in the efficiency, amount, and complexity of our cultural traits (behaviors, concepts, material products, etc.). Various factors
are thought to affect this cultural accumulation, including
transmission fidelity (Lewis & Laland, 2012; Montrey &
Shultz, 2020), intelligence (Stout & Hecht, 2017), behavioral
conservatism (Marshall-Pescini & Whiten, 2008), life history (Wakano & Miura, 2014), and prosociality (Tomasello,
1999).
However, one of the most influential lines of inquiry has
been into the role of demography. Theoretical models predict that larger populations should support more complex culture because frequent opportunities for social learning stem
the rate of cultural loss (Henrich, 2004; Powell, Shennan,
& Thomas, 2009). Otherwise, complex cultural traits are
lost with the death of their creators, forcing future generations to rediscover or reinvent rather than build upon existing

knowledge. While this idea has drawn criticism (Andersson
& Read, 2016) and empirical evidence is mixed (Buchanan,
O’Brien, & Collard, 2015; Collard, Buchanan, O’Brien, &
Scholnick, 2013), proponents have argued that cultural complexity is not expected to covary with population size per se.
Rather, it is expected to covary with effective population size,
defined as the number of individuals actively engaged in social learning (Derex & Mesoudi, 2020). At minimum, this
means that the frequency of intergroup contact (i.e., population connectedness) needs to be considered, which varies considerably according to ethnographic studies (Kline & Boyd,
2010; Migliano et al., 2020).
Population structure may affect cultural complexity in
other ways as well. Historical analysis (Basalla, 1988) and
theoretical models alike (Lewis & Laland, 2012) suggest that
innovation (the production of new or better cultural traits) frequently involves recombining existing traits (Enquist et al.,
2008). For example, examination of U.S. patent records from
1790 to 2010 reveals that the majority of inventions patented
during this period combined at least two earlier technologies (Youn, Strumsky, Bettencourt, & Lobo, 2015). Cumulative cultural evolution can thus been characterized as an autocatalytic process (Gabora & Steel, 2020), where each additional trait presents new opportunities for recombination,
eventually sparking a positive feedback loop (Gabora & Steel,
2017). This could help explain why human culture has been
observed to grow exponentially (Enquist et al., 2008) in domains ranging from the technological evolution of Paleolithic
stone tools (Stout, 2011) to the rate of contributions to chemistry, biology, economics, mathematics, and medicine since
the early modern period (Lehman, 1947).
One important consequence of this view is that cultural
diversity (possessing a wide range of cultural traits) drives
cultural complexity (Enquist, Ghirlanda, & Eriksson, 2011).
This is well-illustrated by organizational research, which
shows that ethnically diverse groups tend to produce higher
quality ideas (McLeod, Lobel, & Cox, 1996). However, this
also means that population structure has another avenue for
influencing cultural complexity: by either speeding or delaying cultural homogenization (people’s tendency to converge
on a similar set of cultural traits). Both experimental (Derex
& Boyd, 2016; Fay, De Kleine, Walker, & Caldwell, 2019)
and theoretical findings (Cantor et al., 2021; Derex, Perreault, & Boyd, 2018; Migliano et al., 2020) corroborate this

1306

In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

idea. These reveal that partially-connected populations produce greater cultural complexity than fully-connected populations by giving diverse cultural traditions the opportunity to
flourish.

too frequent, and cultural loss, which accelerates when copying is not frequent enough.

That being said, population connectedness is only one of
many factors that could promote cultural diversity by slowing cultural homogenization. Barriers to the flow of social
information are often not just structural, in that individuals
lack contact, but also behavioral, in that they are unwilling to
share information (Derex & Mesoudi, 2020). For example,
ethnographic studies reveal that certain types of knowledge,
such as medicinal plant use, are shared more freely between
kin than non-kin (Salali et al., 2016), and theoretical models
suggest that such kin-biased transmission can promote cultural diversity (Migliano et al., 2020).

We model a population of n individuals divided into g equally
sized groups. Each individual is described by its group membership and cultural repertoire. This repertoire consists of the
set of cultural traits the individual possesses (e.g., its toolkit).
Each trait is characterized by its type (a unique random string)
and level of complexity (C).

In addition to kin-biased transmission, people employ a
wide variety of other social learning strategies (Kendal et al.,
2018) that could affect cultural diversity. For example, analysis of contemporary hunter-gatherer societies shows that interaction rates tend to be governed more strongly by ritual
relationships than kinship (Hill, Wood, Baggio, Hurtado, &
Boyd, 2014). The apparent importance of non-kin social relationships, such as who participates in particular rituals together (Hill et al., 2014), aligns with recent psychological
findings. These reveal that people use social group membership to determine whom to observe and copy, even when these
groups are arbitrary, novel, and devoid of intergroup competition (Montrey & Shultz, 2022). Surprisingly, this bias has
also been found to produce intergroup differences in behavior
in intermixed groups (Montrey & Shultz, 2022). This raises
the possibility that even in a fully-connected population, the
mere perception of a group identity could bias copying along
group lines and spur the creation of distinct cultural traditions.
Here, we examine whether an ingroup copying bias could
slow cultural homogenization enough to promote cultural
complexity. Because previous models of population connectedness have typically examined highly isolated subpopulations (Derex et al., 2018), it is not readily apparent whether
a probabilistic copying bias could have a similar effect, particularly in intermixed groups. To answer this question, we
develop a model where innovation depends on recombination. We then introduce ingroup-biased transmission into
fully-connected populations and test how this affects cultural
complexity. Next, we examine how this bias interacts with
population structure. In the context of cultural complexity,
the issue of how population structure and transmission biases
interact has only recently begun to be examined (Migliano
et al., 2020). It is therefore unclear whether these factors
will mitigate or reinforce one another. Finally, by implementing population turnover, we address how cultural complexity
varies with the reliability of social learning. Because models
of cultural evolution have traditionally focused on either innovation or social learning, they have often ignored the trade-off
between cultural diversity, which collapses when copying is

Methods

Innovation
During the innovation phase, each individual innovates with
probability pinnovate . If the individual’s cultural repertoire is
empty, it discovers a novel trait of a new type and complexity
level C = 1. If the individual’s repertoire is not empty, it tries
to innovate on the trait it is currently exhibiting, which yields
a new trait of the same type but with complexity level C + 1.
Models of cumulative cultural evolution often capture the
relationship between innovation and cultural diversity in one
of two ways. The explicit approach involves specifying
precise relationships between cultural traits that determine
whether they can be recombined into new traits of higher
complexity (Enquist et al., 2011; Gabora & Steel, 2020;
Migliano et al., 2020). The implicit approach abstracts away
from these details and describes the relationship between innovation and cultural diversity as a mathematical function
instead (Creanza, Kolodny, & Feldman, 2017; Derex et al.,
2018; McElreath, 2010).
Here, we adopt an implicit similar scheme to the one used
by Derex et al. (2018). We assume that for an individual to
successfully innovate on a trait of complexity C, the size of
its cultural repertoire must equal or exceed Cµ (rounded to
the nearest whole number). Parameter µ reflects how strongly
innovation depends on cultural diversity, and thus describes
how often innovation involves recombination rather than refinement (Enquist et al., 2011). If µ = 1, innovation does
not depend on cultural diversity at all because any individual
trying to innovate on a trait of complexity C already has at
least C1 = C traits in its repertoire. This removes any upper
bound on trait complexity and captures scenarios where innovation revolves exclusively around refinement. When µ > 1,
innovating on a trait requires a larger repertoire containing
multiple types of traits. For example, if µ = 1.2, innovating on a trait of complexity C = 3 requires a repertoire of
31.2 ≈ 4 traits. If µ = 1.8, innovating instead requires a repertoire of 31.6 ≈ 7 traits, which reflects a stronger relationship
between cultural diversity and innovation. This reflects scenarios where innovation involves recombining existing traits.

Social Learning
During the social learning phase, with probability pcopy , each
individual learns from a random neighbor by observing the
trait it is currently exhibiting. If the trait is of an unfamiliar type, the individual learns a rudimentary version (C = 1).
If the trait is of a known type, then the individual compares
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Behavior
During the behavior phase, each individual exhibits the most
complex trait in its cultural repertoire. If multiple traits are
equally complex, it selects one at random. We assume that
complex traits are favored over simple ones because complexity is often indicative of improvement. For example, the
development of increasingly elaborate knapping techniques
allowed early hominins to produce ever-more efficient stone
tools (Stout, Semaw, Rogers, & Cauche, 2010). This assumption also helps capture the notion of path dependence, where
early innovations tend to constrain later ones (David, 2007).

Cultural Complexity

the trait’s complexity (C′ ) to that of its own similar trait (C).
Less complex traits (C′ < C) are disregarded, whereas more
complex traits (C′ > C) allow the individual to learn an incrementally more complex trait of the same type (C + 1).
This captures two important features of human social
learning. First, simple traits are learned quickly, whereas
complex traits require a greater investment of time (Wakano
& Miura, 2014). Second, because copying a complex trait
is a multi-step process, individuals can have more than one
cultural parent (Enquist, Strimling, Eriksson, Laland, & Sjostrand, 2010). This aligns with the observation that highly
complex traits, such as stone knapping techniques, tend to
be learned iteratively through repeated exposure to multiple
demonstrators and that relevant aspects of a complex trait are
often imperceptible to naı̈ve individuals (Whiten, 2015).
We model ingroup biases in social learning as an increased
probability of copying ingroup members. With probability
pbias , rather than copying any random neighbor, individuals seek out a neighbor belonging to their own group instead. This reflects the notion that people use social group
membership to decide whom to observe and copy (Montrey
& Shultz, 2022), a tendency that may even extend to infants (Buttelmann, Zmyj, Daum, & Carpenter, 2013). If
pbias = 0, individuals ignore group membership and copy entirely at random. To ensure that copying preferences do not
alter network topology, we restrict pbias < 1.
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20
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Figure 1: Cultural complexity over time. Ingroup-biased
transmission (pbias > 0) results in higher levels of cultural
diversity and complexity than unbiased transmission (pbias =
0). Each population is fully-connected.
in which individuals learn independently, followed by the social learning phase, in which individuals observe one another
in random order. This is followed by the behavior phase, in
which individuals choose which behavior to exhibit. Finally,
individuals are replaced with probability preplace by individuals belonging to the same group but with empty cultural repertoires.

Cultural Complexity
We operationalize cultural complexity as the average complexity level of each individual’s current (i.e., most complex)
cultural trait. This reflects a population’s capacity to produce
and maintain complex cultural products and practices, a hallmark of cumulative cultural evolution (Tomasello, 1999). It
is worth noting, however, that because cultural complexity is
contingent on cultural diversity, this measure also reflects the
average size of individuals’ cultural repertoires.

Population Structure
We consider two types of social structure: complete graphs
and relaxed caveman graphs. In complete graphs, each individual is fully-connected to all other individuals. Groups are
intermixed and there are no structural barriers to the flow of
information. In relaxed caveman graphs, intragroup connections are much more common than intergroup connections,
which causes groups to form insular cliques. Such graphs are
produced by fully connecting group members to one another
and then randomly rewiring each connection with probability
prewire . This rewiring results in a limited number of intergroup connections.

Simulation
At the start of the simulation, the population has no cultural
knowledge. Each time step begins with the innovation phase,

Results
By default, we consider a fully-connected population of n =
400 individuals divided into g = 20 groups, where innovation
is rare (pinnovate = .01), social learning is reliable (pcopy = .8),
population turnover is slow (preplace = .001), and innovation
depends moderately on cultural diversity (µ = 1.5). We run
simulations for 10,000 time steps to allow cultural trends to
stabilize. Results are averaged over 20 simulation. Error envelopes represent bootstrapped 95% confidence intervals.

Ingroup Copying Bias
Even in fully-connected populations, a preference for copying ingroup members (pbias > 0) yields higher levels of cultural complexity (Figure 1). By slowing the rate of intergroup
copying, cultural repertoires homogenize more slowly, giving
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Figure 2: Stabilized cultural complexity as a function of ingroup copying bias strength. If copying is highly unreliable
(pcopy = .05), such biases can result in cultural loss. However,
if copying is even slightly more reliable (pcopy = .1 or .2),
such biases can slow cultural homogenization without overly
restricting the flow of information. Each populations is fullyconnected.

Figure 3: Stabilized cultural complexity as a function of
ingroup copying bias strength. Intermediate levels of connectedness (g = 50) produce greater cultural complexity than
weakly (g = 100) or strongly connected (g = 5) populations.
In all three cases, ingroup-biased transmission promotes cultural complexity. Each population is placed on a relaxed caveman graph.

each group the opportunity to develop a unique set of complex traits before these traits diffuse through the broader population. This increased cultural diversity then spurs further
innovation, resulting in even more complex traits.

population (Derex et al., 2018). Intuitively, the more groups
there are in the population, the less likely these groups are to
be interconnected.
Consistent with previous theoretical (Derex et al., 2018)
and empirical (Derex & Boyd, 2016) results, we find that intermediate levels of connectedness (g = 50) produce greater
cultural complexity than weakly (g = 100) or strongly connected populations (g = 5). Varying the strength of the ingroup copying bias reveals that ingroup-biased transmission
promotes cultural complexity at all three levels of connectedness (Figure 3). Notably, ingroup-biased transmission interacts with intermediate levels of connectedness to produce
even higher levels of cultural complexity than population
structure alone.

Cultural Diversity vs. Cultural Loss
When social learning is highly unreliable (pcopy = .05), ingroup copying biases can have a deleterious effect on cultural
complexity (Figure 2). This occurs because the flow of information is too restricted for complex traits to be reliably
preserved when individuals are replaced, and strong biases in
copying exacerbate this problem. However, as social learning becomes more reliable, the need to stem cultural loss becomes less dire. If social learning is even slightly more reliable (pcopy = .1 or .2), ingroup-biased transmission can slow
cultural homogenization without overly restricting the flow of
information, resulting in higher levels of cultural complexity.

Connectedness
Having established that social learning strategies, much like
population connectedness, can influence cultural complexity,
it is worth asking whether these factors interact. For example,
in a population structure that promotes cultural complexity,
would an ingroup copying bias offer any further advantage?
To answer this question, we first place our population on a relaxed caveman graph (prewire = .2). Next, we find the level
of population connectedness that maximizes cultural complexity in the absence of an ingroup copying bias. Because
groups in this context form insular cliques, with far more
intragroup than intergroup connections, we can manipulate
connectedness by varying the number of groups (g) in the

Other Parameters
In the following section, we examine how various parameters
affect cultural complexity and, where qualitative differences
exist, how they interact with ingroup-biased transmission. In
all cases, we consider fully-connected populations.
Population Size Larger populations (n) are conducive to
cultural complexity because they create additional opportunities to discover new traits or innovate on existing ones (Figure 4a). This is consistent with classic demographic models
of cultural evolution, which predict that larger populations
should support more sophisticated cultural traits (Henrich,
2004).
Number of Groups When social learning is unbiased, the
number of groups (g) has no effect on cultural complexity because group membership has no behavioral signifi-

1309

Cultural Complexity

(a)

(b)

pbias = 0
pbias = . 9

30

30

150

25

100

20

20

15

10

50

10
100 200 300 400
Population Size

(d)
Cultural Complexity

(c)

0

20
40
Groups

(e)

0

1.5

2.0

200

10
0.5
1.0
Social Learning

1.0

300

20

0.0

0.5
Innovation

400

30

10

0.0

(f)

30
20

0

100

0.00
0.05
0.10
Replacement Rate

0

1.0

Dependence

Figure 4: Stabilized cultural complexity as a function of (a) population size, (b) number of groups, (c) innovation rate, (d)
social learning reliability, (e) replacement rate, and (f) innovation’s dependence on cultural diversity. Each population is fullyconnected.
cance. However, when social learning is biased toward ingroup members, dividing the population into smaller groups
further restricts the flow of information, which delays cultural
homogenization and boosts cultural complexity (Figure 4b).
Innovation As predicted by previous models (Kandler &
Laland, 2009), higher rates of innovation (pinnovate ) generally
result in greater cultural complexity (Figure 4c). The more innovations occur before cultural traits diffuse and homogenize,
the more diverse the population’s cultural repertoire, allowing
for more complex innovations. That being said, when social
learning is unbiased, extremely high rates of innovation can
fail to maximize cultural complexity. This occurs because individuals end up with so many cultural traits that they have
difficulty deciding which of these to innovate on.
Social Learning When social learning is unreliable, complex innovations are consistently lost before they can spread
through the population. As a result, increasing social learn-

ing reliability (pcopy ) initially stimulates cultural complexity
(Figure 4d). Much of the cumulative cultural evolution literature has focused on this phenomenon and has frequently emphasized the importance of transmission fidelity to the build
up of complex cultural traits (Andersson, 2013; Lewis & Laland, 2012; McElreath, 2010; Montrey & Shultz, 2020; Tennie, Call, & Tomasello, 2009). However, when cultural loss
has to be balanced against cultural diversity, increasing social
learning reliability past a certain threshold hurts innovation
more than it prevents cultural loss. As culture rapidly homogenizes, cultural complexity drops.
Replacement Rate The more frequently individuals are replaced (preplace ), the more often cultural traits are lost before they can spread through social learning. Longer lifespans thus promote cultural complexity by reducing cultural
loss (Figure 4e). This aligns with the view that increased
longevity played a key role in enhancing human cultural capacities (Kaplan, Hill, Lancaster, & Hurtado, 2000; Montrey
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& Shultz, 2020; Stout & Hecht, 2017).
Innovation’s Dependence on Cultural Diversity When
innovation does not depend on cultural diversity (µ = 1), there
is no downside to cultural homogenization. Cultural complexity is limited only by a population’s rate of cultural loss.
However, as the relationship between innovation and cultural
diversity grows stronger, it becomes exponentially more difficult to innovate on existing traits, which sharply curtails cultural complexity (Figure 4f).

Discussion
In recent years, population structure has been increasingly invoked to explain patterns of human cultural evolution (Creanza et al., 2017; Kline & Boyd, 2010; Powell et al.,
2009). To date, studies have largely focused on how population structure can impact cultural diversity by constraining
the flow of social information (Cantor et al., 2021; Derex et
al., 2018; Kobayashi, Ohtsuki, & Wakano, 2016; Migliano
et al., 2020). However, the question of whether probabilistic
transmission biases can have a similar effect has gone relatively unexplored. We find that a preference for copying ingroup members slows the rate of cultural homogenization and
thus promotes cultural complexity. Although this bias interacts with population structure to produce even higher levels
of cultural complexity, its effects are observed even in fullyconnected populations. Therefore, much like structural barriers, behavioral barriers may play an important role in cultural
complexity (Derex & Mesoudi, 2020).
Models of cumulative cultural evolution have traditionally focused on social learning’s ability to prevent cultural
loss (Andersson, 2011; Enquist et al., 2010; Henrich, 2004;
Lewis & Laland, 2012; Montrey & Shultz, 2020). For this
reason, frequent and accurate copying has often been viewed
as an unalloyed good. While models focusing on how cultural
traits are produced have presented an important counterpoint
to this perspective by stressing the downsides of excessive
social learning (Cantor et al., 2021; Derex & Boyd, 2016;
Migliano et al., 2020), these in turn have generally neglected
the role of cultural loss (Derex & Mesoudi, 2020). By including population turnover, our model allows us to examine how
these competing pressures interact, revealing that ingroupbiased transmission benefits cultural complexity only so long
as social learning is reliable. When social learning is unreliable, strong biases do more harm than good because the cultural diversity they produce cannot be preserved.
This could help explain why humans evolved an ingroup
copying bias in the first place. As frequent and accurate social learners (Montrey & Shultz, 2020), our species may have
been particularly likely to benefit from this bias’ tendency to
produce cultural diversity. These findings also suggest that
transmission biases could have different effects on cultural
complexity across various populations. For example, societies with writing (Kempe, Lycett, & Mesoudi, 2014), institutionalized pedagogy (Boyette & Hewlett, 2018), or techniques for accurately transmitting oral traditions (Filliozat,

2004) could benefit more than societies without similar mechanisms for stabilizing cultural transmission.
In our work, we draw a distinction between network topology, which describes the existence of social connections, and
the probability that an individual will actually be copied.
However, this dichotomy could plausibly be captured using
a weighted graph, where some pairs of individuals are more
likely to interact than others. In this sense, our results reveal
the importance of examining not just the presence or absence
of social connections, but the strength between them as well.
Although recent anthropological models have begun to incorporate such connection weight information, for example
on the basis of frequency of contact (Migliano et al., 2020),
such approaches may nevertheless fail to adequately capture
transmission biases for at least two reasons. First, social
learning strategies could influence copying probabilities in
ways not reflected by frequency of contact alone. For example, the ingroup copying bias has been shown to persist even
after controlling for how much more often ingroup members
are observed (Montrey & Shultz, 2022). This highlights the
benefits of measuring cultural transmission rates through empirical correlations in cultural traits rather than inferring them
from social contact (Salali et al., 2016). Second, because
some social learning strategies are either context-dependent
(e.g., copy if uncertain) or content-dependent (e.g., payoffbiased transmission), it is not apparent how these could be
captured through network topology alone.
Finally, our results add to a growing body of research
showing that transmission biases are an important factor in
cumulative cultural evolution (Kendal et al., 2018). For example, several studies have found that conformity bias can
hinder cultural complexity by impeding the spread of novel
innovations (Eriksson, Enquist, & Ghirlanda, 2007; Kandler & Laland, 2009). Although the apparent contradiction
between conformity bias and cultural complexity has lead
some researchers to speculate that people may not be as conformist as social psychologists once believed (Kandler & Laland, 2009), our findings highlight another possible explanation: the ingroup copying bias could serve an important antimajoritarian function in large populations, which invariably
comprise diverse social groups. People’s tendency to employ
multiple social learning strategies in tandem (Kendal et al.,
2018) could thus counteract conformity bias’ drive toward
cultural homogenization, laying a foundation for the cultural
diversity and complexity that we widely observe.
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Abstract
Three-dimensional objects pose a challenge for our visual
system, since we can only view objects from a single limited
perspective at a given moment. Previous work found that given
a limited perspective, infants represent 3D objects as complete
volumes. Our study replicated this finding in 4- to 7-year-olds
and adults, using an explicit prediction measure rather than
looking times. We also explored whether humans have a bias to
represent visually limited 3D objects as symmetrical rather than
asymmetrical across shape, size, texture, and color. Overall,
there was an above-chance preference for full volumetric and
symmetrical object completion that increased with age. Lowlevel perceptual similarity of choices did not predict
participants’ choices. Moreover, we evaluated ResNet-50
neural networks on the same tasks: they represented objects as
complete volumes, but did not show substantial preference for
symmetrical 3D representations. This raises the possibility that
incorporating human symmetry biases could improve computer
vision.
Keywords: perceptual development; three-dimensional object
perception; symmetry

Introduction
Humans can extract a general representation of a threedimensional object from a single perspective or image. This
ability helps us to recognize objects, reason about object
affordances, interact with objects, and understand scenes.
However, it raises a puzzle. Given the limited information
from a single perspective, how do we infer what the
unrevealed portions of objects will look like?
Humans are remarkably able to conceive general
representations of objects, and can make amodal completions
of objects even when they are partially occluded (Bruno,
Bertamini, & Domini, 1997). Previous work showed that
when presented with occluded two-dimensional surfaces (van
Lier, Leeuwenberg, & Van der Helm, 1995) or self-occluded
three-dimensional objects (van Lier & Wagemans, 1999),
adults prefer global as opposed to local completions.
Furthermore, young infants represent simple 3D objects as
complete and solid volumes instead of incomplete and hollow
volumes even when they see a limited perspective that is
compatible with either interpretation (Soska & Johnson,
2008; 2013). Soska, Adolph, & Johnson (2010) further

suggested that the visuo-manual exploratory skills and selfsitting experience of infants facilitate their ability to complete
3D objects as solid volumes.
All these findings across different paradigms provide
evidence that humans hold certain prior expectations about
objects whose forms are not fully revealed, and those
expectations influence their inferences about the unseen parts
of objects. However, it is unclear what other sorts of
predictions underpin human 3D object completion, beyond
global completions for 2D surfaces and solid volumes for 3D
objects. One potential perceptual bias that has not been
explored is symmetry.
Objects in our visual world, natural or manmade,
commonly exhibit mirror and/or rotational symmetries
(Darvas, 2007; Tyler, 1995). It has been argued that much of
our understanding of objects is guided by the perception and
recognition of repeated or common patterns (Thompson,
1961). In fact, symmetry is a salient cue in human perception
from early development. 4-month-old infants can
discriminate bilaterally symmetrical patterns from
asymmetrical forms (Fisher, Ferdinandsen, & Bornstein,
1981; Pornstein & Krinsky, 1985). Not only can infants
process bilaterally symmetrical patterns more immediately
than asymmetrical patterns (Bornstein, Ferdinandsen, &
Gross, 1981), but they also develop faster and more accurate
recognition memory for the former (Bornstein & StilesDavis, 1984). There have been theories suggesting that this
ability to appreciate symmetry confers cognitive and
evolutionary advantages. American computer scientist Alan
Perlis posits that symmetry is a complexity-reducing concept.
Treating the other half of a bilaterally symmetrical object as
the same thing dramatically reduces information processing
load for recognition (Gross & Bornstein, 1978). Symmetry in
physical ornaments and motor patterns of living organisms
also serves as an indicator of fitness in mate selection
(Enquist & Arak, 1994; Zaidel, Arde, & Baig, 2005). It is thus
interesting to explore the role symmetry plays in human 3D
object completion and representation. When we approach a
novel object from a single viewpoint, do we generally expect
it to be symmetrical rather than asymmetrical? Does this
expectation vary across development? What kinds of
symmetry, such as symmetry in material (color and texture)
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and geometry (shape and size), do humans incorporate in
their object completion? Are they equally favored, or are
some kinds of symmetry more preferred than others?
In the present study, we aim to, first, investigate if the
finding that infants prefer complete volumetric
representations of objects from limited viewpoints (Soska
and Johnson, 2008; 2013) applies to older children and adults
viewing more diverse novel 3D objects; second, examine
preference for symmetrical completions of these novel
objects in children and adults. We further compare
participants’ responses against the predictions made by
ResNet-50, a highly popular state-of-the-art neural network
in computer vision (He et al., 2016). We tested three forms of
the neural network: one that is supervised and trained on
ImageNet – a large dataset consisting of hundreds of object
categories and millions of images (Russakovsky et al., 2015),
one that is self-supervised and trained on ImageNet as well,
and one that is untrained serving as a random feature baseline.
Understanding human priors that underly the 3D object
completion from limited perspectives may also be relevant to
computer vision. In neural networks, the ability to recognize
objects from multiple viewpoints is acquired through an
abundance of 2D images displayed from different viewpoints
for each object category. There is often neither a direct
transfer of 3D competence across categories, nor extracted or
built-in priors about what novel views of objects should look
like. Further, state-of-the-art detection and segmentation
methods are only capable of recognizing and localizing
visible object parts (He et al., 2017; Kirillov et al., 2020).
We hypothesize that older humans, like infants, prefer
complete volumes, and may likewise prefer symmetry to
asymmetry in their object completion. In particular, they may
care more about symmetry in geometry than in material, since
many studies have shown that both children and adults have
a shape bias. The shape bias refers to the inclination to
classify, sort, and name objects on the basis of shape rather
than other object elements such as color or texture (Landau,
Smith, & Jones, 1988; Smith et al., 2002). In contrast, an
ImageNet-trained ResNet-50 may not necessarily show
preferences for complete volumes and geometric symmetry
in 3D object completion, but it may show preference for
material symmetry: like many standard convolutional neural
networks, the training of ResNet-50 may lead it to be more
texture-biased than shape-biased (Geirhos et al., 2018;
Ringer et al., 2019).

Experiment 1
In Experiment 1, we expanded Soska and Johnson (2008;
2013)’s infant study in three ways: one, we evaluated
preferences for 3D solid volumetric completion in older
children and adults; two, we tested more diverse and complex
3D stimuli; three, we tested explicit predictions about the
object’s appearance, rather than the more implicit infant
looking-time measures. In addition to presenting participants
with two possible options as in the original study, we
introduced a physically impossible distractor option that
conflicted with the limited viewpoint to ensure participants
were not merely making random guesses.

Methods
Participants. 38 child participants aged between 4 years
old and 7 years old (Mage = 5.94 years, SD = 1.16, 20 females)
were recruited and tested at children’s museums. More
specifically, the sample comprises 10 4-year-olds (Mage =
4.53 years, SD = .36), 10 5-year-olds (Mage = 5.44 years, SD
= .36), 9 6-year-olds (Mage = 6.48 years, SD = .32) and 9 7year-olds (Mage = 7.49 years, SD = .25). An additional 4-yearold was tested but excluded from the sample analysis due to
selecting impossible distractors in 1/3 of the test trials. In
addition, 40 adult participants (Mage = 28.70, SD = 6.88; 20
females) were recruited on Prolific to complete the same task.
The same experimental stimuli were also tested on selfsupervised, supervised, and untrained ResNet-50.
Stimuli and Procedure. The study was performed on a
computer screen. Participants were introduced to two virtual
characters exploring a toy store, and were told that the toys
were located on a shelf that was too high for them to reach,
and so these objects could only be viewed from a limited
perspective with their back parts being occluded. Participants
were asked by the experimenter to help predict what 14 novel
and abstract 3D toys would look like if they were taken off
the shelf and turned around. The 14 objects were divided
between 2 practice trials and 12 test trials. All objects were
downloaded from Thingi10K, a large dataset of 3D printing
models (Zhou and Jacobson, 2016), and were further edited
in Blender (an open-source 3D computer graphics software)
for adaptation to the experiment.
Practice Trials. The practice trials were designed to
ensure that the participants’ understood the basic object
completion task. In each of the 2 practice trials, participants
saw a novel object on the shelf from a limited viewpoint
followed by two 15° pivoting options representing what the
two characters respectively thought the object would look
like if it was turned around (Figure 1a). Only one of the two
options was physically possible and did not conflict with the
limited viewpoint in terms of shape, size, texture, and color.
Critically, the experimenter asked the participant, “See this
object on the shelf? If you take if off the shelf and turn it
around, will it look like [pointing to the two options] this or
this?” After they selected one view, participants saw a full
360° rotation video of the object and were told whether their
response was correct. All participants went through both
practice trials before proceeding to the test trials.
Test Trials. In each of the 12 test trials, participants were
shown a novel object on the shelf from a limited viewpoint
as in the practice trials. This time, the experimenter asked the
same question, but participants had to decide among three
instead of two different options, “See this object on the shelf?
If you take it off the shelf and turn it around, will it look like
1, 2, or 3?” The choices included a possible complete
volumetric option, a possible incomplete volumetric option,
and an impossible distractor option that conflicted with the
limited viewpoint of the object. They were presented in a
randomized, counterbalanced order (Figure 1b).
Similar to the practice trials, these options in the test trials
pivoted by 15° to facilitate the perception of the depth and
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three-dimensionality of the object, but the full rotation was
not revealed. Once participants made a choice, they were
rewarded with encouragement irrespective of what they
chose. The goal was to motivate younger children to continue
with the task without shaping their responses.
While all children, adults, and ResNet-50 were tested on
the same stimuli, the task was administered in slightly
different formats. Child participants were guided through the
experiment by a human experimenter, whereas adult
participants finished the task in the form of a Qualtrics survey
(the experimenter’s questions and instructions were written
out in words). Since ResNet-50 was trained with static 2D
images, it was fed with the center frame of each 15-degree
pivoting option for evaluation. In each trial, we extracted the
feature representation from each neural network for the
limited viewpoint image and each option image, and
considered the option with the highest cosine similarity with
the limited viewpoint as the model’s choice.
(a)

(b)

Figure 1: A (a) practice trial involving one possible option
and one impossible option) and a (b) test trial involving two
possible options (1 and 3), and one impossible option (2).

Results and Discussion
Object Completion Accuracy. First, we determined
participants’ object completion accuracy to evaluate their
ability to understand our task and to complete the rest of each
object with a form that was not physically impossible. This
was computed as the proportion of test trials in which
participants did not choose the distractor options. In other
words, we tested whether participants preferred the possible
choices to the impossible distractor option. Children scored a
mean of 97.4% (SE = .89%); age effects were not observed
from 4 to 7 years old. Adults scored a mean of 99.2% (SE
= .50%) (Figure 2a). The high accuracy scores in objection
completion confirm that both children and adults could
demonstrate object completion and the task was appropriate
for both age groups. The Welch’s two-sample, two-tailed ttest showed that adults’ scores were marginally higher than
children’s, t(77) = 1.75, p = .084; Cohen’s effect size d = .40
suggested small significance. The self-supervised and
supervised ResNet-50 scored 100%; even the untrained
ResNet-50 (random baseline) scored 91.7% (Figure 2b),
suggesting that even random pixel-level features capture the
information needed to solve the task.

Figure 2: Mean object completion accuracy of (a) humans
and (b) ResNet-50. Error bars show 1 standard error.
Horizontal lines indicate chance-level accuracy (66.7%).
Complete Volumetric Preference. Complete volumetric
preference refers to the proportion of test trials in which the
complete volumetric option was selected out of the total
number of trials in which the distractor option was not
chosen. We dropped one child who selected the distractor
options in 4 out of the 12 trials. All adults passed this critical
requirement and were considered in the analysis.
Both children and adults chose the complete volumetric
option significantly above the chance level of 50%
(symmetrical option vs. asymmetrical option). Children had
a mean complete volumetric preference score of 58.6% (SE
= 4.27%), while adults had a mean score of 82.7% (SE =
3.18%) (Figure 3a). While age effects were not observed
from 4 to 7 years old, the Welch’s two-sample, two-tailed ttest on children and adults revealed significantly stronger
preference in adults, t(77), p < .001. Cohen’s effect size d =
1.03 suggested high practical significance. Thus, our
complete volumetric preference continues to strengthen past
the age of 7, potentially through increasing exposure to the
visual statistics of objects (for instance, noticing there are
more objects with complete volumes in the environment).
Like human participants, all three forms of ResNet-50 also
showed preference for complete volumes over incomplete
volumes: the self-supervised network showed a complete
volumetric preference of 83.3%, the supervised network
91.7%, and the untrained network 81.8%. The incomplete
objects possessed convex surfaces which often had darker
shadings than the surfaces of the reference object in the shelf.
This might have prompted ResNet-50, even in its untrained
form, to eliminate the incomplete option.

Figure 3: Mean complete volumetric preference of (a)
humans and (b) ResNet-50. Error bars show 1 standard
error. Horizontal lines indicate no preference (50%).
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Results and Discussion

Experiment 2
We adopted the same paradigm in Experiment 1 to study
another potential preference in 3D object completion:
bilateral symmetry.

Methods
Participants. 82 child participants aged between 4 years
old and 7 years old (Mage = 5.90 years, SD = 1.13, 40 females)
were recruited and tested at children’s museums. More
specifically, the sample comprised 16 4-year-olds (Mage =
4.29 years, SD = .27), 22 5-year-olds (Mage = 5.25 years, SD
= .29), 22 6-year-olds (Mage = 6.31 years, SD = .22) and 22 7year-olds (Mage = 7.29 years, SD = .28). Sixteen additional
children were tested but excluded from the sample analysis
as they selected the incorrect distractors in at least 1/3 of the
test trials. This could be due to inattention, language
comprehension issues, or simply inability to understand the
task. Again, the same task was also tested on 40 adult
participants (Mage = 23.65, SD = 4.94; 31 females) who were
recruited on Prolific and on ResNet-50.
Stimuli and Procedure. The task design and objects used
in Experiment 2 were identical to those used in Experiment
1, but the available options were different. In Experiment 2,
the choices included a possible symmetrical option, a
possible asymmetrical option, and an impossible distractor
option. The asymmetrical option could be asymmetrical in its
geometry (shape or size) or material (color or texture). To
prevent the inherent differences between objects from
confounding with the type of asymmetry presented, each
object was edited for asymmetry in all four conditions (shape,
size, color, and texture) (Figure 4). These four types of edits
of the same object were then allocated to four separate test
sets. Participants were randomly assigned to one of the test
sets and thus only saw each object once. This enabled
preferences for the different types of asymmetry to be
assessed and compared across the same set of objects. In
other words, the 12 test trials were comprised of 3 trials with
asymmetrical shape options, 3 trials with asymmetrical size
options, 3 trials with asymmetrical color options, and 3 trials
with asymmetrical texture options. The order of options was
randomized.

Figure 4: Four types of asymmetrical edits (circled) for
the same object (from left to right, top to bottom): shape,
size, color, and texture, as presented in the test trials.

Object Completion Accuracy. One-sample, two-tailed ttests on children and adults respectively showed significantly
above-chance accuracy (66.7%) across all conditions (p <
.001). Children had mean accuracy scores 96.4% in shape (SE
= .58%), 96.5% in size (SE = .63%), 96.0% in color (SE =
.71%), and 96.4% in texture (SE = .59%). Adults also scored
highly above chance for shape (M = 99.4%, SE = .35%), size
(M = 100%, SE = 0%), color (M = 100%, SE = 0%), and
texture (M = 98.1%, SE = .56%) as well (Figure 5a). In
contrast, ResNet-50 demonstrated poorer performance than
humans on the task. The self-supervised ResNet-50 scored a
mean accuracy of 83.3% in shape and color, 100% in size,
and 91.7% in texture; the supervised ResNet-50 scored 83.3%
in shape, color, and texture, and 91.7% in size; the untrained
ResNet-50 did not show any capability of completing 3D
objects: it scored 33.% in shape, 58.4% in size, 66.7% in
color, and 58.4% in texture (Figure 5b).

Figure 5: Mean object completion accuracy of (a) (from left
to right) children and adults, and (b) (from left to right) selfsupervised, supervised, untrained ResNet-50 in geometry
and material conditions. Error bars show 1 standard error.
Horizontal lines indicate chance-level accuracy (66.7%).
Symmetry Preference across Conditions. We measured
participants’ symmetry preference by computing the
proportion of test trials in which the symmetrical option was
selected out of the total number of trials in which the
distractor option was not chosen. We dropped sixteen
children who selected the distractor options beyond chance
level in at least 4 out of the 12 trials, retaining only those with
an accuracy score above 66.7% for our analysis of symmetry
preference. Again, all adults passed this critical requirement
and were considered in the analysis.
Both children and adults chose the symmetrical option
significantly above the chance level of 50% (Figure 6a).
Children attained mean symmetry scores of 58.1% in shape
(SE = 3.13%), 66.7% in size (SE = 2.82%), 80.1% in color
(SE = 3.00%), and 68.3% in texture (SE = 3.49%).
Meanwhile, adults had mean symmetry scores of 80.8% in
shape (SE = 3.89%), 95.0% in size (SE = 2.25%), 86.7% in
color (SE = 2.61%), and 92.9% in texture (SE = 3.32%).
Children and adults respectively revealed significantly
above-chance symmetry preference across all conditions (p
< .001), but there was an exception: children as a group did
not show symmetry preference for shape beyond chance
level, p = .12. Unlike human participants, ResNet-50 showed
much weaker symmetry preference: the self-supervised
ResNet-50 scored 50.0% in shape and size, 60.0% in color,
and 54.5% in texture; the supervised ResNet-50 scored 50.0%
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in shape and texture, 54.5% in size and 70.0% in color; the
untrained ResNet-50 scored 50.0% in shape, 71.4% in size,
37.5% in color, and 28.6% in texture (Figure 6b). Overall,
none of the neural networks showed a substantial preference
for completing objects in a symmetrical fashion as our human
participants did. Perhaps understanding symmetry in objects
requires 3D reasoning that cannot be acquired from training
on ImageNet. Unlike in Experiment 1, the symmetric option
cannot be deduced from 2D cues alone.
A within-subjects ANOVA with condition (shape, size,
color, texture) as the independent variable and symmetry
preference as the dependent variable yielded a main effect of
condition in both children, F(3,324) = 8.82, p < .001, and
adults, F(3,117) = 7.36, p < .001. We used Bonferroni
corrections, leading to an adjusted alpha of .0125 in our
multiple comparisons. We found that children had greater
symmetrical completion preference for color than for shape
t(81) = 5.06, p < .001, and size, t(81) = 3.26, p < .01. Adults
on the other hand, exhibited significantly stronger
symmetrical completion preference for size than for shape,
t(39) = 3.15, p < .05. The differences in preferences between
the types of symmetries are more flattened out in adulthood
than in childhood, as adults preferences approach ceiling.

participants (with Bonferroni corrections applied, leading to
an adjusted alpha of .025), we found that adults showed a
higher symmetry preference than children for shape, t(120) =
4.54, p < .001), size, t(120) = 7.86, p < .001, and texture,
t(120) = 5.11, p < .001, but not for color, t(120) = 1.66, p =
.10. This suggests that from childhood to adulthood, there is
further strengthening of symmetry preferences in object
completion with regards to shape, size, and texture. The older
we get, the more biased towards symmetry we are when we
imagine the occluded surfaces of 3D objects.

Figure 7: Symmetry preference for geometry (shape & size)
and material (color & texture) from 4 to 7 years of age. Each
dot represents a child. Data is linearly fitted by solid lines.

General Discussion
Figure 6: Mean symmetry preference of (a) (from left to
right) children and adults, and (b) (from left to right) selfsupervised, supervised, untrained ResNet-50 in geometry
and material conditions. Error bars show 1 standard error.
Horizontal lines indicate no preference (50%).
Symmetry Preference and Age. Overall, the results of the
study suggest a general increase in preference for
symmetrical object completions across age. Mean
symmetrical preference across conditions increased from a
mean of 61.5% (SE = 2.92%) among the 4-year-olds (Mage =
4.29 years, SD = .27) to a mean of 77.3% (SE = 3.07%)
among the 7-year-olds (Mage = 7.29 years, SD = .28). In an
exploratory analysis, given the few number of trials per
condition, we compared symmetry preferences for geometry
(shape and size combined) (M = 61.7%, SE = 2.03%) and
material (color and texture combined) (M = 73.5%, SE =
2.57%). We found that there is a significantly positive
correlation between age and symmetry preference for both
geometry, r(81) = .34, p < .01), and material, r(81) = .35, p <
.01, respectively. As indicated in Figure 7, the developmental
progression of symmetry preferences in both the material and
geometry conditions appear to be similar, with material
symmetry preference being stronger than geometry
symmetry, t(81) = 3.58, p < .001, Cohen’s effect size d = .56
suggested medium significance. When comparing the
symmetry preferences in each of these four symmetry
conditions between all child participants and all adult

The present study provides initial evidence that both
children aged 4-7 years old and adults incorporate a
preference for complete volumes and symmetry into their
completion of novel objects from limited perspectives. Our
task asks participants to select what is most plausible to them
within a given set of possibilities, so it does not probe what
participants might expect outside these options. Nevertheless,
this finding complements the existing work on object
completion and further demonstrates how priors or
expectations concerning the occluded parts of objects may
shift across development. The preference for completing
novel objects as solid, complete volumes is evident in the
looking times of infants (Soska and Johnson, 2008; 2013),
and we showed via an explicit prediction measure that this
preference continues to strengthen with increasing age.
Similarly, completing objects in a symmetrical fashion is
observed in early childhood, but adults show an even stronger
preference for doing so. This implies that complete
volumetric and symmetrical completion preferences are not
rigid, built-in priors. Infants’ self-sitting experience and
visual-manual exploration of objects predicted their looking
longer at a volumetrically incomplete object than a
volumetrically completion object in 3D object completion
(Soska, Adolph, & Johnson, 2010). Preferences may continue
to develop through dynamic interactions with objects and
scenes in the environment over time. More empirical work is
needed to investigate this possibility at a later age.
Some may argue that instead of actually demonstrating
complete volumetric and symmetrical object completion
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preferences, participants were choosing options based on
low-level perceptual similarity (e.g., an option was chosen
because it looked most perceptually similar to the limited
viewpoint); or based on whether or not the 2D limited
viewpoint was symmetrical (e.g., the symmetrical option was
chosen because the 2D limited viewpoint presented was
symmetrical). To test the first possibility, we used “F-score,”
a metric commonly used in computer vision for multi-view
3D reconstruction (Tatarchenko et al., 2019). This metric
evaluates the perceptual similarity of each option relative to
the limited viewpoint and relative to the other options in
terms of 2D and 3D geometry. The F-score evaluates the
distance between object surfaces and counts the percentage
points that lie within a certain distance on another object
under comparison. We also used “SSIM,” the structural
similarity index measure (Wang et al., 2004), to evaluate
perceptual differences in terms of material. We did not find
any statistically significant correlation between the 2D or 3D
F-scores (whether it be relative to the limited viewpoint or
relative to other options), or SSIM, and how often an option
was chosen by children and adults in both experiments. To
test for the second possibility, we evaluated whether the
limited viewpoints were symmetrical or asymmetrical along
the vertical axis (since we evaluated preferences for bilateral
symmetry across the trials). Again, performance was similar
whether the limited viewpoint was symmetrical or not.
Our finding of a robust human expectation for symmetry
in object completion aligns with the vast literature on human
sensitivity to and preference for symmetry (Palmer, Schloss,
& Sammartino, 2013; Scheib, Gangestad, & Thornhill,
1999). The increasing tendency to complete objects in a
symmetrical manner with age also resonates with existing
developmental studies that human symmetry preference
increases with age (Huang et al., 2020; Humphrey, 1997).
However, contrary to our initial hypothesis, and in spite of
children’s well-established shape bias, children exhibited the
strongest preference for symmetrical object completion for
color and the weakest preference for shape. One possible
reason is that bilateral asymmetries in shape (one half of the
object is one shape and the other half is a different shape) may
occur more frequently than bilateral asymmetries in color
(one half of the object is one color and the other half is a
different color) in the artefacts in our everyday environments,
such as kitchen tools or toys. From infancy, humans have a
strong capacity for visual statistical learning (Fiser & Aslin,
2001; Kirkham, Slemmer, & Johnson, 2002), and may have
come to expect fewer color asymmetries than shape
asymmetries. This could explain the relatively lower shape
symmetry preference in both children and adults. Another
possibility stems from the fact that young children between
3.5 and 6 years of age also tend to be faster and more accurate
at naming the color of an object when the object was
presented in an abstract shape (Prevor & Diamond, 2005).
The abstractly shaped objects in our study may therefore have
increased children’s attention to color and driven their
preference for color symmetry.

Like children and adults, pre-trained ResNet-50 networks
completed objects at above-chance accuracy in both
experiments, while the untrained network failed to do so in
Experiment 2, potentially because the distractor options were
harder to visually distinguish in that experiment. Critically,
in their object completion, the ResNet-50 networks preferred
volumetrically complete objects in Experiment 1, but not
symmetrical objects in Experiment 2. Compared to the
reference objects on the shelf and the volumetrically
complete options, the volumetrically incomplete options had
convex surfaces reflected through darker shadings. Darker
shadings might contribute to a lower cosine similarity,
thereby causing ResNet-50 to avoid the incomplete options.
This also lends some support to the hypothesis that neural
networks are texture-biased and attend less to shape (Geirhos
et al., 2018; Geirhos et al., 2020). That said, SSIM, which
includes luminance and contrast masking terms, did not
predict the choices of ResNet-50. By contrast, ResNet-50
cannot use 2D cues such as shading in Experiment 2. Trained
or untrained, it demonstrated little to no preference for
symmetrical completions, suggesting that 3D symmetrical
object completion may not be achieved solely through cosine
similarities following training on 2D images. The ImageNettrained ResNet-50’s did not necessarily develop 3D
understanding of objects the way humans do, and thus may
not further develop preferences for symmetry in 3D objects.
From a broader perspective, the present study may shed
light on understudied aspects of object completion, an
important problem in both human cognition and computer
vision. We examined preferences for solid volumes and
bilateral symmetry, the developmental trend from childhood
to adulthood, as well as the differences between humans and
ResNet-50 neural networks in completing occluded parts of
an object. Given the small number of trials (n = 12) in these
experiments, we hope to scale up the object dataset to
generate more reliable findings. Further studies may also
explore other variables such as the axis of symmetry and the
animacy of objects to further understand this important aspect
of perception. Manmade structures tend to possess more
segments of straight lines, longer linear lines, and
coterminations than animates or natural objects (Iqbal and
Aggarwal, 2002). Hence, it is possible that symmetry
preferences may differ between these categories. On the
computational side, we plan to train neural networks on 3D
(as opposed to 2D) object data and test the preferences of
single-view 3D reconstruction networks.
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Abstract
We present a new cognitive architecture that combines two
neurobiologically-plausible computational elements: (1) a
variant of predictive processing known as neural generative
coding (NGC) and (2) hyperdimensional / vector-symbolic
models of human memory. We draw inspiration from wellknown cognitive architectures such as ACT-R, Soar, Leabra,
and Spaun/Nengo. Our cognitive architecture, the COGnitive Neural GENerative system (CogNGen), is in broad agreement with these architectures, but provides a level of detail
between ACT-R’s high-level, symbolic description of human
cognition and Spaun’s low-level neurobiological description.
CogNGen creates the groundwork for developing agents that
learn continually from diverse tasks and model human performance at larger scales than what is possible with existent
cognitive architectures. We aim to develop a cognitive architecture that has the power of modern machine learning techniques while retaining long-term memory, single-trial learning, transfer-learning, planning, and other capacities associated with high-level cognition. We test CogNGen on a set
of maze-learning tasks, including mazes that test short-term
memory and planning, and find that the synergy between its
predictive processing and vector-symbolic components allow it
to master the maze tasks. Future work includes testing CogNGen on more tasks and exploring methods for efficiently scaling hyperdimensional memory models to lifetime learning.
Keywords: Artificial Intelligence; Cognitive Architectures;
Predictive Processing; Memory; Reinforcement Learning; Active Inference; Neural Generative Coding; VectorSymbolic Architectures; MINERVA

Introduction
Machine learning methods based on artificial neural networks
(ANNs) are implemented through algebraic manipulations of
vectors, matrices, and tensors in high-dimensional spaces.
While ANNs have an impressive ability to process data to find
patterns, they do not typically model high-level cognition and
are usually models of only a single task. Otherwise, when an
ANN is trained to learn a series of tasks, catastrophic interference occurs, with each new task causing the ANN to forget all
previous tasks (French, 1999; Mannering & Jones, 2021; McCloskey & Cohen, 1989). Conversely, symbolic cognitive architectures, such as the widely used ACT-R (Anderson, 2009;
Ritter, Tehranchi, & Oury, 2019), can capture the complexities of high-level cognition but scale poorly to the naturalistic,
non-symbolic data of sensory perception (e.g., images) or to
big datasets necessary for modelling learning over a lifetime
(e.g., corpora with billions of words).
Are symbolic and ANN approaches compatible? Symbolic
and neural models can be understood as theories of cognition

operating at different levels of description (Kersten, West, &
Brook, 2016). Is it possible to provide a theory that bridges
these two levels, a reduction of the symbolic to the neural,
while retaining the strengths and capabilities of each?
We propose a cognitive architecture that is built on two
neurobiologically and cognitively plausible models, namely
a variant of predictive processing known as neural generative coding (NGC) (Ororbia, Mali, Giles, & Kifer, 2020) and
vector-symbolic (a.k.a. hyperdimensional) models of memory (Hintzman, 1986; Jamieson & Mewhort, 2011; Kelly,
Mewhort, & West, 2017). Desirably, the use of these particular building blocks yields naturally scalable, local update
rules, based on variants of Hebbian learning (Hebb, 1949), to
adjust the overall system’s synaptic weight parameters while
facilitating robustness in acquiring, storing, and composing
distributed representations of tasks that the system encounters. Our intent is to advance towards a cognitive architecture capable of modeling human performance at all scales of
learning, from the half-hour lab experiment to skills acquired
gradually over a lifetime. By combining predictive processing with vector-symbolic models, we aim to create a model
of cognition that has the power of modern machine learning techniques while retaining long-term memory, single-trial
and transfer learning, planning, and high-level cognition.
While our ultimate aims are lofty, in this paper we demonstrate proof of concept. We show that our architecture, CogNGen (the COGnitive Neural GENerative system), is able to
learn variants of a maze-learning task, including mazes that
require planning (getting a key to open a locked door) and
short-term memory (picking the correct path based on an earlier cue). In the context of reinforcement learning, our results further demonstrate that the synergy between predictive
processing circuits and vector-symbolic models of short and
long-term memory is competitive with several powerful intrinsic curiosity deep learning approaches, offering promising
performance when the problem-specific reward is sparse.

The Common Model of Cognition
Since Newell (Newell, 1973) first argued that good empirical work and piecemeal theoretical work are insufficient to
understand the mind, researchers in cognitive science have
sought to develop functional, testable theories of cognition as
a whole. Cognitive architectures serve as both unified theories of cognition and as computational frameworks for imple-
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i.e., layer ℓ is represented by the state vector zℓ ∈ R Hℓ ×1 containing Hℓ total units. Given the input–output pair of sensory
vectors xi and xo , the circuit clamps the last layer zL to the
input, i.e, zL = xi , and clamps the first layer z0 to the output,
i.e., z0 = xo . Once clamped, the NGC circuit will undergo
a settling cycle where it processes the input and output vectors for K steps in time, i.e., it process sensory signals over
a stimulus window of K discrete time steps. The activities
of the internal neurons (all neurons in between the clamped
layers, i.e., ℓ = L −1 . . . 1) are updated as follows: 

Declarative / Long Term Memory
hippocampus, temporal lobe
MINERVA 2

Procedural Memory
basal ganglia
Neural Generative Coding

Perception
sensory cortices
Neural Generative Coding

Working Memory
frontoparietal network
MINERVA 2 or
self-recurrent slot buffer
Action
motor cortex
Neural Generative Coding

Figure 1: Common Model of Cognition (Laird et al., 2017),
associated brain areas (Stocco et al., 2021; Steine-Hanson et
al., 2018; Stocco et al., 2018) and our approach to modelling
each module. Solid arrows are data passing. Dashed arrows
are modulation of data passing.
menting models of specific experimental tasks. Forty years of
research has developed hundreds of cognitive architectures,
many with strong similarities to each other (Kotseruba &
Tsotsos, 2018), suggesting an emerging consensus on the basic principles of cognition. The Common Model of Cognition
(Laird et al., 2017) is a high-level theory of the modules of
the mind and how they interact (see Fig. 1), proposed on the
basis of commonalities between three cognitive architectures:
ACT-R (Anderson & Lebiere, 1998), Soar (Laird, 2012), and
SIGMA (Rosenbloom, Demski, & Ustun, 2016).
The Common Model of Cognition consists of perceptual
and motor modules that interact with the agent’s environment,
short-term or working memory buffers which hold the active
data in the agent’s mind, a declarative or long-term memory
module that holds the agent’s world knowledge, and a procedural memory module that controls the flow of information
and evaluates possible actions (Laird et al., 2017). An evaluation of fMRI data from 200 participants across diverse tasks
found correlations in patterns of activity across brain areas
consistent with the Common Model of Cognition’s modules
and their interactions (Stocco et al., 2021).

Neural Building Blocks
We start by first formally describing the fundamental neural
circuits that are used to construct the modules of the CogNGen kernel instantiation of the Common Model of Cognition.
In this work, ← is assignment, ⊙ is a Hadamard product, · is
a matrix/vector multiplication (or dot product if operators are
vectors of the same shape), and vT is the transpose.

Neural Generative Coding (NGC)
Neural generative coding (NGC) is an instantiation of the predictive processing brain theory (Rao & Ballard, 1999; Friston, 2005; Clark, 2015), yielding an efficient, robust form of
predict-then-correct learning and inference. An NGC circuit
in CogNGen receives two sensory vectors, an input xi ∈ R I×1
(I is the input dimensionality) and an output xo ∈ R O×1 (O
is the output or target dimensionality). Compactly, an NGC
circuit is composed of L layers of feedforward neuronal units,

zℓ ← zℓ + β − γzℓ + (Eℓ · eℓ−1 ) ⊗ ∂φℓ (zℓ ) − eℓ

(1)

where Eℓ

is a matrix containing error synapses that pass along
mismatch signals from layer ℓ − 1 to ℓ (this can be learnable
or set to the scaled transpose of the predictive synaptic matrix, i.e., Eℓ = λe (Wℓ )T ). β is the neural state update coefficient and set according to β = 1τ , where τ is the integration time constant in the order of milliseconds. This update
equation indicates that a vector of neural activity changes, at
each step within a settling cycle, according to (from left to
right in Equation 1), a leak term (modulated by the factor
γ), the bottom-up pressure from mismatch signals in lower
level neural regions, and a top-down pressure from the neural region above. eℓ ∈ R Hℓ ×1 are an additional population
of special neurons that are tasked entirely with calculating
mismatch signals at a layer ℓ, i.e., eℓ = zℓ − z̄ℓ , the difference between a layer’s current activity (or clamped value)
and an expectation/prediction produced from another layer.
Specifically, the layer-wise prediction z̄ℓ is computed as:
z̄ℓ = gℓ (Wℓ+1 · φℓ+1 (zℓ+1 )) (Wℓ denotes the matrix of predictive synapses). φℓ+1 is the activation function (and ∂φℓ+1
is its derivative) for state variables and gℓ (set to the identity)
is applied to predictive outputs.
After processing the input–output pair for K steps (repeatedly applying Equation 1 K times), the synaptic weight matrices are adjusted with a Hebbian-like update rule as follows:
∆W = eℓ · (φℓ+1 (zℓ+1 ))T ⊙ MW
(2)
∆E = γe (∆W)T ⊙ ME
(3)
where γe is a factor (less than one) to control the time-scale
of the error synaptic evolution (ensuring they change more
slowly than the predictive ones). MW and ME are modulation
matrices that perform synaptic scaling to ensure additional
stability in the learning process (Ororbia & Mali, 2021). Note
that all NGC circuits in CogNGen are implemented according
to the mechanistic process described above.
Another important functionality of an NGC circuit is its
ability to ancestrally project a vector (akin to a feedforward
pass, since no settling process is required) through the underlying directed generative model – we represent this process
as f pro j (xi ; Θ). Formally, ancestrally projecting a vector xi
through an NGC circuit proceeds as follows:
zℓ = z̄ℓ = gℓ (Wℓ+1 · φℓ+1 (zℓ+1 )), ∀ℓ = (L − 1), ..., 0 (4)
where zL = xi (only the input/top-most layer is clamped to a
specific vector, such as current input xi ).
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Memory
We simulate both declarative (long-term) and working (shortterm) memory using the MINERVA 2 model of human memory (Hintzman, 1984). We choose MINERVA 2 since it captures a wide variety of human memory phenomena across
different settings and, as such, seems a good candidate
for integration into a cognitive architecture. MINERVA 2
has been applied to many experimental paradigms, including judgement of frequency and recognition (Hintzman,
1984), category learning (Hintzman, 1986), implicit learning (Jamieson & Mewhort, 2009, 2011), associative and reinforcement learning phenomena from both the animal and
human learning literature (Collins, Milliken, & Jamieson,
2020; Jamieson, Crump, & Hannah, 2012), heuristics and
biases in decision-making (Dougherty, Gettys, & Ogden,
1999), hypothesis-generation (Thomas, Dougherty, Sprenger,
& Harbison, 2008), learning word meanings (Jamieson, Avery, Johns, & Jones, 2018; Kwantes, 2005), and production
of grammatical sentences (Johns, Jamieson, Crump, Jones, &
Mewhort, 2016a; Kelly, Ghafurian, West, & Reitter, 2020).
Adding to Memory MINERVA 2 stores memory traces:
observations or sequence of observations of the state of the
world. Each memory trace is represented as an array of real
numbers (i.e., a vector). MINERVA 2 stores all memory
traces separately as rows in a continuously growing table.
The continuous growth of the memory table results in a
scaling problem for CogNGen, with significant slow downs
even in the small maze learning tasks under consideration
in this paper. Most MINERVA 2 models store only a small
number of memory traces, though a few MINERVA 2 models used for language processing have stored up to between
20000 (Jamieson et al., 2018) and 500000s traces (Johns,
Jamieson, Crump, Jones, & Mewhort, 2016b; Kelly, Ghafurian, et al., 2020). With a persistent long-term memory store
across learning the maze task, in the worst case, as many as
millions of traces might be stored into CogNGen’s memory.
We use MINERVA 2’s forgetting mechanism (Hintzman,
1986) to randomly delete values from memory each time
memory is updated at a sufficiently high probability to impose
a computationally tractable limit on MINERVA 2’s memory
size. Other possible solutions to the unbounded growth of
memory are to use a compressed, scale-invariant approximation to MINERVA 2 (Kelly et al., 2017) or to adopt a different
memory system that grows only with the number of unique
stimuli, rather than with each new sequence of observations
(Kelly, Arora, West, & Reitter, 2020). However, exploring
these alternatives for improving the CogNGen memory’s ability to scale to larger problems is a matter for future work.
Retrieval from Memory In MINERVA 2, memory retrieval is not a look-up process, it is a reconstruction process.
When a retrieval cue or probe is presented, each vector in the
memory table is activated in proportion to its similarity to the
cue (Hintzman, 1986). Similarity is computed as a normalized dot-product of the cue’s vector with the stored vector.

Each stored vector is activated by its similarity to the probe
raised to a power p ≥ 3. By raising the similarity to some
power, the contribution of the most similar vectors is emphasized. An echo is retrieved from memory as a weighted sum:
m
mp · mi
) p mi
(5)
me = ∑ ( √
√
m
·
p mp mi · mi
i=1
where me is the echo or output from memory, mi is the i-th
trace in memory, mp is the probe or input to memory, and m
is the number of traces in the memory table.
MINERVA 2 is equivalent to a type of Hebbian associative memory with a fixed number of neurons and a limited
storage capacity (Kelly et al., 2017). The Hebbian network is
so large that it is more efficient to simulate the network’s behaviour as a growing table of memory traces. However, MINERVA 2 can be noisily approximated using smaller, more
tractable Hebbian associative memory models (Kelly et al.,
2017), which we will explore in future versions of CogNGen.
Discrepancy Encoding In CogNGen, we combine insights from several versions of MINERVA 2. We make an
architecture-wide commitment to predict-then-correct learning. Predict-then-correct can be implemented in MINERVA 2
as discrepancy encoding (Collins et al., 2020; Jamieson et al.,
2012). Given a sequence of observations, MINERVA 2 can
predict the next observation based on past experience. After the prediction, a new observation is made. We update
memory with the difference between observation mx and prediction me , mx − me , such that if the prediction is correct,
no change is made to memory, whereas if the prediction is
wrong, that prediction is inhibited in similar future contexts.
Short-Term vs. Long-Term Memory For CogNGen, we
adopt (Collins et al., 2020)’s approach and model both working and declarative memory using MINERVA 2. Our working MINERVA 2 is cleared after a task is completed (i.e., a
maze is solved), whereas the contents of the declarative MINERVA 2 (which serves as the episodic memory in this paper’s
instantiation of CogNGen) persist across tasks.

The CogNGen Kernel
Perception
In this study, since the environment that we investigate, GymMinigrid, provides a fixed, problem-specific encoder fe and
decoder fg , we use a fixed encoding and decoding scheme to
simplify our simulations. Future work will investigate learning the perception modules as NGC circuits instead.

Neural Generative Procedural Memory
Neuro-behavioral studies find that reward signals are used (by
the brain) to evaluate whether or not an action (motor activity) is desirable/undesirable (Rangel, Camerer, & Montague,
2008). Action selection is driven by changes in the neural
activity of the basal ganglia which estimate the value of the
expected reward (Hikosaka, Nakamura, & Nakahara, 2006).
Motivated by the finding of expected value estimation in the
brain, the CogNGen’s procedural module implements a neu-
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Figure 2: The CogNGen kernel architecture, depicted in its
information processing mode (see Appendix for depiction of
its learning mode). Black solid arrows indicate passing of
data (which could be one or more vectors of information).
Note that episodic memory is used to instantiate/drive CogNGen’s learning step (not shown) by forcing it to recollect samples of transition sequences, transferring these to a working
buffer that transfers relevant portions of its contents to the
procedural memory and the motor-action modules.
ral circuit that produces intrinsic reward signals. At a high
level, this neural machinery facilitates some of the functionality offered by the basal ganglia and procedural memory, simulating an internal reward-creation process (Schultz, 2016).
We implement an NGC dynamics model (see Appendix1
for details) from which a reward signal is calculated as a function of its own error neurons. We couple the dynamics model
with a short-term memory module, based on MINERVA 2,
which adjusts the reward value produced by the dynamics circuit by determining if an observed state is familiar or not.
In Figure 3 (Left), we graphically depict the design of the
NGC dynamics model used to generate epistemic rewards
(or intrinsic reward values meant to encourage exploration).
This circuit takes in as input the current latent state zt and
the current external action atext 2 to be taken by CogNGen
and predicts the value of the future next step, zt+1 , leveraging Equation 1 to compute its internal state layer values, i.e.,
zt3 , zt2 , zt1 .Upon receiving zt+1 , the MINERVA 2 model coupled to the dynamics circuit stores the state vector, updating
its current knowledge about the episode, and outputs a similarity score srecall . Crucially, the contents of this MINERVA 2
are cleared upon termination of a task/maze.
To generate the value of the epistemic reward (Ororbia &
Mali, 2021), the dynamics model first settles to a prediction
ẑt+1 (as per the process described in Section ) given the value
1 https://www.cs.rit.edu/∼ago/cogngnen
2 aext ∈ {0, 1}Ae xt×1
t
and Ae xt is the number
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is a one-hot encoding of discrete action atext
of possible actions, as defined by the task.

Figure 3: (Left) The CogNGen dynamics model. (Right) The
CogNGen motor-action model. Arrows transform data across
synapses. Gray circles represent stateful neurons and green
diamonds represent error neurons. In the motor model, the
internal control portion produces signals ctint that manipulate
working memory and the external control portion transmits
signals ctext that affect the environment. Note that both internal and external control share the same working memory.
of CogNGen’s next latent state zt+1 . After its settling process
has finished, the activity signals of its (squared) error neurons
are summed to obtain the circuit’s total discrepancy (Ororbia
& Mali, 2021). This signal is next modified by the short-term
MINERVA 2 memory (filter)
module as follows:
(
ep srecall ≤ s
η
r
e
θ
rep =
(6)
−0.1 otherwise
where sθ is an adjustable threshold that srecall is compared
against and 0 ≤ ηe ≤ 1 is meant to weight the epistemic signal. In essence, if srecall ≤ sθ , then zt+1 is deemed unfamiliar/surprising and the agent is positively rewarded with the
epistemic reward for uncovering a new (latent) state representation of its environment. Whereas if the opposite is true
(srecall > sθ ), then the latent state is deemed familiar and the
agent is provided with a negative penalty. Finally, the ultimate reward signal is computed by combining the epistemic
signal with the problem-specific, instrumental (or extrinsic)
ep
reward value rtin , i.e., rt = rtin + rt .

Neural Generative Motor Control
An agent must not only react to its environment but must also
manipulate it. To do so, the agent needs circuits to drive its
actuators. Building upon the notion of planning-as-inference
(Botvinick & Toussaint, 2012), as in (Ororbia & Mali, 2021),
we generalize NGC to the case of action-driven tasks, which
we call active neural generative coding (ANGC).
Specifically, we design a motor-action model fa : zt 7→
(ctint , ctext ) (which offers some of the functionality provided
by the motor cortex) that outputs two control signals at each
time step, i.e., internal control signal ctint ∈ R Ai nt×1 and external control signal ctext ∈ R Ae xt×1 . Note that a discrete internal
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action atint ∈ {1, 2, ..., Aint } is extracted via atint = arg maxi ctint
and external action atext ∈ {1, 2, ..., Aext } is extracted via atext =
arg max j ctext where Aint is the number of discrete internal actions and Aext is the number of discrete external, allowable
actions. Action atext impacts the environment that the CogNGen system is currently interacting with while action atint manipulates the action model’s working memory.
Notably, within the NGC action-motor model is a modifiable working memory that allows the model to store a finite
quantity Mw of projected latent state vectors into a set of selfrecurrent memory vector slots. This particular working memory module, which we call the self-recurrent slot buffer (see
Figures 1 & 2 and Appendix for details) serves as the glue that
joins the modules of CogNGen together. Working memory in
the Common Model of Cognition can be implemented in a
variety of ways (Laird et al., 2017). In ACT-R (Anderson &
Lebiere, 1998; Anderson, 2009), for example, the mind/brain
is understood as consisting of modules connected by buffers,
each storing data in a small, finite number of slots. Collectively, the buffers serve as ACT-R’s working memory. The
recurrent slot buffers in CogNGen serve the same purpose as
ACT-R’s buffers and are inspired by the memory model of
Kruijne, Bohte, Roelfsema, and Olivers (2021).

Explicit Declarative Memory: Episodic Memory
In reinforcement learning, in order to improve the stability
and convergence of ANNs trained over many episodes, each
episode containing many transitions, experience replay is typically used (Mnih et al., 2015). In early studies of rats, neural
replay sequences were detected in the hippocampus (Skaggs
& McNaughton, 1996) during rest, where “place” cells spontaneously and rapidly fired in such a way so as to represent the
previous paths traversed by the animals while awake. These
“replay” sequences would only last nearly a fraction of a second but covered several seconds of real-world experience.
Similar replay effects have been been detected in human subjects (Kurth-Nelson, Economides, Dolan, & Dayan, 2016),
providing further biological justification of the replay buffer
used in modern-day RL neural systems.
CogNGen also implements a replay mechanism in the form
an episodic memory constructed with MINERVA. Information is transferred to this memory through an intermediate working buffer, where pieces of a transition (partial experience) are progressively stored as they are encountered
throughout the agent-environment interaction process.
We do not update the motor-action and dynamics models
online but instead update their parameters only when episodic
memory is sampled. Thus, the CogNGen computational process has two phases at each time step of simulation: the processing step (Figure 2) and the learning step (see Appendix).

Experimental Results
The Mini GridWorld Problem

DQN
RnD
BeBold
CogNGen

Avg. Success Rate
DK
Mem
0.00
40.0
100.0
48.5
100.0
48.0
100.0
98.5

Avg. Episode Length
DK
Mem
100.0
41.14
3.71
2.78
3.93
2.92
5.48
2.96

Table 1: In the top row, examples of the two tasks we experimented with are presented graphically – from left to right, the
door-key task (DK) and the memory task (Mem). In the bottom row, we present results for the: (Left) Average success
rate (%) over the last 100 episodes. (Right) Average episode
length (% of maximum/worst-case episode length - closer to
0 is better/more efficient) over the last 100 episodes.
(Chevalier-Boisvert, Willems, & Pal, 2018). We investigate
two problems/tasks within its collection to evaluate the agents
constructed using CogNGen, namely the Door-Key task and
the Memory task. The format of each task’s observation space
(which is fundamentally an N × M tile grid) is a partially observable view of the agent’s environment, which is created via
a compact, efficient encoding of the original pixel space to a
7×7×3 tensor (a 3-channel object that is created by mapping
each visible grid cell to 3 integer values). Each tile contains
either nothing (represented as zero) or one object (which has
an associated discrete color and a discrete object type). Ultimately, each tile is encoded to an object index (0 = unseen,
1 = empty, 2 = wall, etc.), a color index (0 = red, 1 = green,
etc.), and a state index (0 = open, 1 = closed, 2 = locked).
The agent itself is restricted to picking up one single object, such as a key, and may open a locked door if it carries a
key that matches the door’s color. The discrete action space
for our agent can be summarized as a set of six actions: 1)
turn left, 2) turn right, 3) move forward, 4) pick up an object,
5) drop the object that the agent is currently carrying, and
6) toggle/activate (such as opening a door/interacting with an
object).3 The reward signal provided by all tasks in the MiniGridWorld environment is sparse – the agent is only given a
positive 1 extrinsic reward if it reaches the green goal tile and
0 otherwise, making all problems difficult from a reinforcement learning perspective. Each problem has a specific time
step limit allotted to allow the agent to complete the task.
Problem Tasks For the “door-key” problem, the agent must
find a key (the position of which changes across episodes)
inside a locked room and then pick up the key in order to
unlock the door so that it may leave the first room. Upon
entering the second room, the agent must find the green tile in
order to successfully exit, terminating the episode by reaching

To evaluate CogNGen, we adapt a simulated environment from the OpenAI Gym extension, Mini-GridWorld
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3 Note:

we omitted the optional action of raising a “done” signal.

specific/global information from the Mini GridWorld environments whereas CogNGen and the DQN do not.
For details related to the settings as well as the specific
values chosen for the hyper-parameters of the baselines and
CogNGen’s various modules, please see the Appendix.

Results and Discussion
(a) DK task - ep. reward.

(b) DK task - ep. length.

(c) Mem task - ep. reward. (d) Mem task - ep. length.

Figure 4: (Left) Average reward and (Right) episode length
(values are smoothed with an averaging window of 100) for
(top-to-bottom): the door-key (DK) and memory (Mem) task
(Right). Curves depict the mean (solid colored line) and standard deviation (light colored envelope) over five trials.
the goal state to receive a positive reward. For this study, we
focus on the 6 × 6 room variant of the problem.
The memory task is, in contrast, posed as a memory test.
The agent starts in a small room where it sees an object (a key
or a ball) – note that we slightly modified the problem to ensure the agent starts the episode looking in the direction of the
object. After perceiving the object, the agent must then turn
around, exit the room and go through a narrow hallow that
ends in a split. At the end of this split, the agent can either go
up or go down, and at the end of each of these splits is a different object (either a key or a ball). To successfully complete
the episode (and receive a positive reward), the agent must remember the initial object that it saw and go to the split that
contains the correct matching object. For this study, we focus
on the size 7 problem (7 × 7 room variant).

Baseline Models
We compare the CogNGen to several baseline models: a standard deep Q-network (DQN; Mnih et al., 2015), a DQN that
leverages an intrinsic reward generated through random network distillation (RnD; a powerful intrinsic curiosity model;
Burda, Edwards, Storkey, & Klimov, 2018), and a DQN
that learns through a count-based formulation of the BeBold exploration framework (BeBold DQN-CNT; Zhang et
al., 2020). In order to obtain robust and stable performance,
we had to modify the RnD and BeBold intrinsic bonus calculations in order to learn in the above tasks by imposing
a small negative penalty on discrete states that were visited
more than once within an episode (meaning that a hash table
had to be used to track global state coordinates and visitation
counts of each previously seen state, which was reset at an
episode’s end). RnD and BeBold have access to problem-

In Table 1, we report the average success rate (at solving the
task/reaching the goal state) as well as the average episode
length (average measurements were computed over the last
100 simulated episodes for all models). In Figure 4, we
present the reward curves, computed as the mean and standard deviation across five simulation runs.
Based on the results of our simulations, we find that (1)
CogNGen is able to learn the grid-world tasks, (2) the performance is comparable to / on par with powerful deep intrinsic curiosity RL methods that have access to problemspecific, global information, and (3) that CogNGen can successfully solve and outperform all baselines on the memory task. Given that CogNGen approximates much of the
functionality of modern-day RL tricks and mechanisms with
large auto-associative Hebbian memory modules and predictive processing circuits, the results uncovered are promising.
When comparing the baselines to CogNGen, we notice that
there are some instances where the powerful BeBold DQNCNT and RnD baselines yield shorter episodes or yield higher
episodic rewards earlier (after converging to an optimal policy). We reason that this small gap/difference is likely due to:
1) BeBold DQN/RnD have access to global, problem-specific
information (the agent’s x-y coordinates within the world in
order to calculate state visitation counts) whereas CogNGen
only operates with local information/observations, 2) CogNGen’s mechanism to update synapses relies on an episodic
memory system that is imperfect (which is arguably more
human-like yet introduces error in the recollections as compared to a standard experience replay buffer), and 3) CogNGen’s motor-action model must also learn how to manipulate
its coupled working memory (via internal actions) in addition
to how to interact with its environment (via external actions),
which requires learning a more complex policy.

Conclusions and Future Research
In this work, we presented CogNGen (the COGnitive Neural
GENerative system), a novel cognitive architecture, or rather,
its “kernel” (or core) composed of circuits based on neural generative coding (i.e., predictive processing) and autoassociative Hebbian memory (MINERVA 2). CogNGen lays
down the groundwork for designing intelligent agents, composed of neurobiologically-plausible building blocks, that
learn across diverse tasks as well as potentially model human
performance at larger scales. Our results, on a challenging set
of sparse reward reinforcement learning problems, show that
the synergy between a classic model of human memory and
predictive processing neural circuits can yield viable adaptive
systems that elicit goal-directed behavior.
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Abstract

describing their morally relevant actions and explanations for
those actions. Examples of moral narratives might include
gossip about friends and co-workers, competing accounts of
the same event in court, carefully crafted accounts in the
media, and stories we tell ourselves about ourselves.
While past work has explored various phenomena related
to moral narratives, several questions remain unanswered.
Here, we propose a framework for understanding the function
and construction of moral narratives in terms of the goals and
beliefs of narrators and audiences. We hypothesize that for
moral narratives to be satisfying for narrators and audiences,
they need to answer the QUDs of “what” and “why”. Exactly
how narrators choose to answer those QUDs, however,
depends on their specific goals and their beliefs about what
audiences will infer from the narratives.

To defend or burnish our moral reputation, we often tell moral
narratives. Moral narratives describe morally relevant actions
and explanations of those actions, detailing how people acted
and why they did so. When and why does communication
about moral events include descriptions of peoples’ actions and
explanations? We hypothesize that informational, reputational,
and presentational goals of narrators shape whether their
communication contains clear actions and explanations. We
asked a group of “narrators” to communicate with other people
following a moral decision. Another group of “audience”
members judged them based on their chosen statement. We
find that the informational and reputational goals of narrators
can explain what information they decide to reveal. Narrators
choose what to say based on inferring the audience’s likely
perceptions but underestimate how much audiences in fact
expect answers to “what” and “why”. Audiences, however, do
not always perceive the lack of expected information as
indicative of deceit.

Constructing moral narratives

Keywords: narratives; morality; pragmatics; language; decisionmaking

Introduction
We often rely on other people’s words to learn about whether
they acted morally. We may not have been present at the time
that a moral event occurred, and we have no way of knowing
what was going on inside someone’s mind unless they tell us.
This communication about moral events, people, and their
motives often takes the form of narratives. Scholars from
across many fields, ranging from Plato to Freud to Rumelhart
to many more contemporary philosophers, linguists,
narratologists, economists, historians, and psychologists have
written about narratives (e.g., Rumelhart, 1975; Schank &
Abelson, 1975; Zukier, 1986; Bruner, 1986; Green & Brock,
2000, McAdams, 2001).
The present work focuses on narratives with moral
content. We build on the philosopher Greg Currie’s definition
of narrativity as a continuous characteristic of corpora
(Currie, 2010). Corpora with high narrativity have two key
elements. First, they contain descriptions of actions taken by
particular people, whom we call targets. Second, they contain
coherent explanations of the targets’ actions. In other words,
narratives answer two key questions under discussion
(QUDs): “What did someone do?” and “Why did they do
that?” (Roberts, 2012). Expanding on this framework, we
define moral narratives as corpora that provide information
about the moral character of one or more targets, typically by

We build on the Rational Speech Act (RSA) model
framework and understand narrative construction as choices
in which speakers maximize utility according to particular
goals (e.g., Goodman & Frank, 2016; Yoon & Tessler et al.,
2020). Narrators consider a small number of possible moral
narratives which have different values relative to each goal.
Narrators decide on how to weigh each goal, resulting in a
weighted sum (i.e., a utility) for each narrative. Moral
narrative construction is then a process of selecting the
narrative with the highest utility. In this paper, we aim to
understand what kinds of goals narrators consider when
telling moral narratives, as well as how they are valued
according to each goal.
In our framework, moral narratives emerge in situations
where a morally relevant event has happened and there is
some need for communication by someone (the narrator)
about someone (the target) to someone (the audience). For
example, imagine that your roommate finds out their food has
disappeared from the fridge and mentions it to you, expecting
you to implicate or exculpate yourself in response. Here, we
focus on such first-person narratives in which the “by
someone – about someone – to someone” goal structure arises
because an audience (e.g., your friend) expects a narrator to
provide information about their own moral actions.
Once the expectation for a moral narrative is set up in a
communicative exchange, narrators must consider an
informational goal, or how informative they want to be for
the audience (Grice, 1979). At a minimum, audiences expect
narrators to describe the target’s involvement (i.e., their
actions) in relation to the triggering moral event. Additionally,
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people often want to learn about why someone acted the way
they did (i.e., an explanation) to make a more informed
judgment about what kind of person they are (Malle, 2021).
In other words, to be cooperative and informative, narrators
must accurately infer that the QUDs of the exchange ask for
reports of actions and explanations, as well as then deciding
to prioritize the informational goal. Further, to be truly
informative, narrators must do more than provide the right
kinds of expected information: they must also communicate
what they believe to be true (i.e., their subjective, believed
truth).
However, informational goals alone cannot account for
the range of ways in which people communicate within the
same goal structure. A rich literature on deceptive
communication suggests that people often choose to be
uninformative. For example, people often provide no
information at all, provide factually truthful but irrelevant and
misleading facts (i.e., palter), be vague or ambiguous, or
evade the topic (e.g., Clementson, 2020; Rogers et al., 2019).
These tactics emerge when narrators want to hide the truth
because they have some goal that conflicts with their desire
to tell the truth. For example, narrators may want to make the
narrative’s target seem like a better or worse person than they
actually are, at the expense of the truth.
One way to achieve such a reputational goal is to describe
false actions and explanations that portray the target in the
desired direction (positive or negative). Narrators can also
pursue reputational goals by withholding relevant
information. If the full narrative truth is undesirable, even a
vague or incomplete narrative that is, for example, unclear or
missing details about actions and explanations, may better
serve the narrator’s reputational goal than the truth. These
two strategies reflect different balancing of informational and
reputational goals: while lying throws truth out the window,
it can clearly direct audiences’ beliefs about the target’s
moral character; and while vague narratives maybe be neither
informatively nor reputationally ideal, they do not entirely
sacrifice one goal for the other. Our framework therefore
suggests that the balancing of these informational and
reputational goals predict not only when moral narratives
contain actions and explanations, but when they do not, as
well.
Finally, narrators may also consider audiences’ inferences
about their balancing of informational and reputational goals
(i.e., a second-order presentational value, like in Yoon &
Tessler et al., 2020). Especially in cases where a narrator’s
informational and reputational goals trade-off (e.g., wanting
to seem morally better than they are), the narrator may want
to mask their dishonesty. Missing information might cue
audiences towards reputational goals that are at odds with
informativity. For example, an incomplete narrative lacking
clear and relevant descriptions of actions or explanations may
arouse suspicion of intentional deception. Therefore, we
hypothesize that narrators’ inferences about audience
expectations of information are important for how narrators
compute the presentational value of moral narratives.

In summary, we propose that the core of moral narrative
construction involves the balancing of all of these goals: to
be cooperative and informative (informational goal), to sway
audiences to view the target’s reputation in a certain light
(reputational goal), and to appear like an honest and
cooperative communicator (presentational goal).

Key Questions and Predictions
Across two experiments involving narrators, audiences, and
pre-written statements that narrators could select, we test and
explore some of the key assumptions and predictions of the
theory. The results are presented as four components:
Audience expectations of information: First, we validate
that our experiment sets up the kind of context in which we
would expect canonical moral narratives. Following a moral
event, narrators are expected to communicate about their own
moral actions to an audience. We examine whether given this
set up, audiences indeed expect clear description of actions
and explanations from narrators.
How narrators value different narratives: We then explore
the informational, reputational, and presentational values of
each narrative by asking narrators questions about their own
beliefs as well as about the audiences’ likely perceptions. For
informational value, we ask how much narrators agree with
each statement. For reputational value, we examine
inferences narrators make about audiences’ likely moral
judgments upon reading their narrative. For presentational
value, we look at narrators’ inferences about audience
expectations of actions and explanations.
Whether narrators’ goals explain their narrative choices:
Crucially, we hypothesize that considering how narrators
weigh all these goals can predict narrative choices better than
any one goal alone. We predict that narrators’ balancing of
competing goals can explain when narrators provide
incomplete details about actions and explanations, thereby
compromising informativity.
Audience inferences about missing actions and
explanations: Finally, to understand whether the missing
information is perceived as suspicious, we explore inferences
audiences make about the causes of incompleteness (e.g.,
whether it implies a competing reputational goal).

Overview of Experiments
In the Narrator Experiment, “narrators” made a moral
decision to claim a bonus at the risk of a co-worker losing
their earnings. They were told about an audience who would
be deciding whether to increase or decrease their bonus based
on their statement. Narrators were told that audiences would
not know whether they claimed the bonus and risked their coworker’s earnings. In the Audience Experiment, a different
group of participants (“audience members”) were told about
the narrators, read statements that narrators chose to show
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them, and answered questions about the narrators and their
statements.
Narrators were presented with a small number of narrative
choices which varied in how much information they contain,
in a 2x2 design where an action and explanation were directly
described or not described (vague, unrelated statement)
(Figure 1). A full statement that contained action and
explanation (AE, action + explanation) stated that “I claimed
the raise,” and that “I really didn’t care about what happened
to the co-worker”. For vague action and explanation (VV,
vague action + vague explanation), the choice was “This was
a weird experiment. I would be interested to see the final
results of the study”. The AV narrative contained the clear
action and vague explanation, and VE narrative the vague
action and clear explanation.

participants were asked to make a decision affecting the
earnings of another person. We designed the incentives of the
decision task to prompt most participants to choose the
“selfish” option, and accordingly, 100/141 did so. Only these
participants went on to complete the rest of the experiment.

Figure 1: Narrative choices
In the Audience Experiment, audiences were told about
the choices narrators had to make and given all the
instructions that the narrators saw. Audiences first gave free
response answers about what kinds of information they were
expecting from narrators. Next, audiences read each of the 4
narratives without being told whether each narrator claimed
the raise or not. To test whether narrators’ inferences about
audiences are correct, we asked audiences questions that
parallel those narrators answered about reputational and
presentational values. Audiences were asked to adjust the
narrators’ bonus (reputational value) and judged whether
each narrative contained all the information they were
expecting. (Note that from a narrator’s perspective, how a
narrative presents an image of informativity is important for
its presentational value, but from the audience’s perspective,
whether a narrative contains expected information may be a
cue to the narrator’s informational goal). To ask whether
audiences interpret a low priority on information as
suggestive of a high competing reputational goal, audiences
were further asked about how they thought narrators were
balancing informational and reputational goals (i.e.,
presentational goal), and why the narrators might be
communicating that way (free responses, as well as ratings
about questions about possible guilt, deceit).

Narrator Experiment
Methods
Participants. We recruited 150 participants from Prolific to
be “narrators”. Of these, 9 participants were excluded from
analysis for failing attention checks or writing nonsense
responses in free-response sections. As described below,

Figure 2: Schematic of experimental design
Experimental design and procedure. Figure 2 gives an
overview of the experimental procedure. In the first part of
the study, participants solved a simple word search puzzle.
For completing the puzzle, narrators were told they earned $1.
Narrators then were given a choice of “claiming a raise” to
their puzzle earnings, which would double their $1 to $2.
Narrators were told the choice changed a risk imposed on the
earnings of a co-worker. If they declined to claim the raise,
the co-worker has a 10% chance of losing all of their earnings,
but if the participant claimed the raise, the risk would increase
to 50%. Narrators were told that their choice would remain a
secret to the co-worker.
All narrators included in this analysis decided to claim the
raise. After making the choice, narrators found out that the
co-worker ended up losing their earnings. They were then
informed about the existence of an “audience” and asked to
choose 1 of 4 statements (Fig. 1) to show them. Next,
narrators saw each of the narratives one-by-one and answered
detailed questions on sliders (‘definitely no – not sure –
definitely yes’), including what they thought audiences
would think upon seeing that narrative. To obtain continuous
measures of narrators’ overall preferences for each narrative,
we asked “Are you likely to show this statement to the
audience”? For informational value, we asked, “Do you
agree with this statement?”. For inferences about audience
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perceptions of informativity, we asked “Based on reading this
statement, do you think the audience will be satisfied that you
gave them all the information they wanted?” Finally, for
inferred reputation, we asked, “Based on reading this
statement, how do you think the audience will adjust your
earnings?” which participants could respond on a scale of
‘Give extra $1 - no change - Take away $1’.

Audience Experiment

A mixed effects model confirmed that actions and
explanations were both expected, although actions more so
than explanations (effect of action: β=55.45, SE=3.77,
p<0.001; effect of explanation: β=34.73, SE=3.46, p<0.001).
Further, there was an interaction effect such that once the
action is described, additionally including the explanation
does not increase satisfaction as much as it does to add an
explanation when no action is included (interaction: β=-17.74,
SE=4.51, p<0.001).

Methods
Participants. An additional 100 participants from Prolific
were recruited to be members of an “audience”. Of these, 7
participants were excluded from analysis for failing attention
checks or writing nonsense responses in free-response
sections, resulting in 93 participants in this analysis.
Experimental design and procedures. “Audience members”
in this experiment were told that they would be reading about
what other workers did during another study. They saw many
of the same instructions as the narrators, but from a 3rd person
perspective. Audiences knew that narrators had solved a
puzzle, received a bonus, then given a choice to claim a raise
that affected the earnings of a co-worker. Like the narrators,
audiences found out that the narrator’s co-worker ended up
losing their $1. Audiences, however, were not told whether
the narrator had claimed or not.
Audiences were then told that narrators selected a
statement to show them. Audiences were presented with 4
different narrator’s statements (corresponding to the 4
narratives, AE, AV, VE, and VV). Audiences then answered
questions analogous to those from the previous experiment.
Importantly, audiences were asked to adjust the narrators’
bonus: “Would you like to adjust the Worker’s bonus
(increase or decrease any amount between $0-$1)?”.
Audiences were also asked whether the narrative provided
information they were expecting: “Is this all the information
you wanted to know?”

Results
Audiences expect both actions and explanations
Audiences were asked, “What kind of information do you
want from the [narrator’s] statement in order to decide
whether to adjust their earnings?” Free response answers
revealed 48% of audiences wanted to know “Did you claim?”
and 32% wanted to know, simply “Why?”. 28% of narrators
additionally wanted to know answers to specific “Why”
questions, such as how the narrator felt toward the co-worker
(concern or malice), and whether they deserved or needed the
money.
When asked to judge whether the 4 narratives provided all
the information they expected from narrators, audiences
judged AE to be highest in information satisfaction (Fig. 3
left panel, ratings ranging from 0 to 100, M=88.81), followed
by AV (M=71.82), then VE (M=51.1), then VV (M=16.37).

Figure 3: Audience expectations of information and
judgments about narrators’ reputation (whether to adjust
their bonus). Error bars are 95% CIs.

Actions and explanations impact informational,
reputational, and presentational values of narratives
Informational value. Narrators agreed most with AV
(M=88.31), followed by VV (M=75.17), then AE (M=49.86)
and VE (M=42.85) (Fig. 4; right panel). Narrators agreed
with statements slightly more if the action was included but
agreed a lot less if the explanation was included (effect of
action β=13.14, SE=3.6, p<0.001; effect of explanation β=32.32, SE=3.6, p<0.001). There was a small interaction
where the explanation combined with the action (AE)
lowered agreement beyond the negative effect of explanation
alone (β=-6.13, SE=5.09, p=0.02)
Reputational value. Narrators inferred that audiences might
reward the vague narrative (VV, M=55.08), take a little bit of
money away for admitting the action (AV, M=45.72), but
take away a lot of money for giving the selfish explanation
(VE, M=17.15), and even more away for admitting both the
action and explanation (AE, M=10.72) (Fig. 4; middle panel).
In other words, narrators thought that both actions and
explanations would decrease reputational value, with
explanation having a very strongly negative effect (effect of
action: β=-9.36, SE=2.41, p<0.001; effect of explanation: β=37.93, SE=2.63, p<0.001, no interaction).
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Figure 4: Results from Narrators Experiment. Narrative choices and answers to questions about informational,
reputational, and presentational values. Error bars are 95% CIs.
Presentational value. When asked to guess how satisfied
audiences will be about the information contained in each
narrative, narrators guessed that audiences would be satisfied
as long as the narrative contained actions and that the
inclusion of explanations would not affect satisfaction either
way (Fig. 4; left panel, M=65.31 for AE and M=71.24 for AV,
followed by M=42.48 for VE and M=42.05 for VV; effect of
action: β=29.19, SE=3.31, p<0.001; no effect of explanation
or interaction).

Informational, reputational, and presentational
goals predict narrators’ choices
To index narrative choice, narrators were asked how
likely they were to show each narrative to the audience (Fig.
4, far right). Preference was high for VV (M=75.87) and AV
(M=70.5), followed by AE (M=21.65) and VE (M=21.4).
These choices were most affected by the presence of the
explanation, where the narrators indicated they were less
likely to show the AE or VE (effect of explanation: β=-37.93,
SE=2.63, p<0.001; no effect of action or interaction).
To ask whether balancing multiple goals (i.e.,
informational, reputational, and presentational goals) best
predicts narrative choice, we compared multiple linear
mixed-effects models with informational, reputational, and
presentational values as predictors for whether narrators were
likely to show the narrative.
The full model with informational (“agree”), reputational
(“how will the audience adjust your bonus”), and
presentational (“will the audience be satisfied”) values
included (r2=0.66) revealed that reputational value
contributed most to narrators’ narrative choices (β=0.9,
SE=0.05, p<0.001), followed by informational value (β=0.34,
SE=0.04, p<0.001), then more weakly, presentational value
(β=0.09, SE=0.04, p=0.04). We compared models using
Bayes Factors and found that this model accounts for the
narrative choices better than reputational only (log BF=22.83) and informational only models (log BF=-83.96).
However, the informational and reputational only model

performed slightly better than the three-goal model (log
BF=3.18).
Together, this suggests that narrators show the AV and
VV narratives most frequently because they achieve a
balance of informational and reputational goals, which
narrators in this experiment prioritized. AV has high
informational value and is not too low on reputational value
relative to the other choices, and VV has high informational
and reputational values. Since narrators cared most about
reputational value in this experiment, they avoided the
narratives that contained the selfish, reputationally costly
narratives. Further, while VV was presentationally low in
value, narrators still preferred it given their low prioritization
of presentational goals.

Audience perceptions do not match narrators’
inferences
Audience judgments about narrators’ reputation. While
narrators thought that the vague narrative (VV) may be
looked upon most favorably by the audience (Fig. 4 middle
panel), audiences’ actual decisions about whether to increase
or decrease narrators’ bonuses revealed that narrators who
showed VV were not rewarded above any other narrative
(VV=43.44, VE=29.32, AV=45.22, AE=30.61, Fig. 3 right
panel). Audiences on average decided to take away money
for all narrators, and more so for narrators who gave the
selfish explanation (effect of explanation: β=-14.12, SE=3.41,
p<0.001, no effect of action or interaction).
Audience perception of missing actions and explanations.
As presented in Fig. 3 previously, audience expectations of
information also diverged from narrators’ inferences about
audience informational satisfaction (Fig. 4, left panel). To
investigate whether audiences find missing information
suspicious (i.e., suspect a reputational goal that conflicts with
informational goals), we asked audiences to guess why
narrators were communicating the way they were (“What do
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you think is the reason why the narrator is (or is not)
communicating frankly and clearly?”).
This revealed that on the one hand, audiences do most
frequently suspect deception (e.g., “they’re trying to mislead
me” or “they’re hiding something”) for the VV narrative
(Figure 5). However, audiences also do not always suspect
vagueness as indicative of a nefarious goal. They also cite a
variety of different reasons why narrators may be vague, such
as incompetence (“I think they’re just bad at
communicating”), laziness (“they didn’t care enough”), as
well as feelings of shame or guilt (“they felt bad about what
they did”).

Figure 5: Audience free response reasons why the narrator
is communicating the way they are

Discussion
Here, we introduce a framework for understanding moral
narrative construction as driven by narrators’ communicative
and social goals. Using experiments with narrators and
audiences, we tested the idea that narrators’ informational,
reputational, and presentational goals can predict whether
moral narratives contain details about the moral actions and
explanations of a target. We focused in particular on
understanding when communication about moral events
sometimes does not contain answers to “what” and “why”
questions under discussion.
We find that in deciding what to say, narrators factor in
the truth of a statement (informational value), as well as an
audience’s likely perception of their moral character
(reputational value), and to a lesser degree, whether the
audience will be satisfied by the information (presentational
value). Informational and reputational goals together predict
narrators’ choices better than each of the goals alone. In the
current experiments, these goals predicted whether narrators
included clear descriptions of what they did (claimed a raise
in earnings, imposing a risk to a co-worker) and why (“I
didn’t care about the co-worker”), as opposed to vague,
irrelevant statements.
An important part of our framework is understanding
when and why moral narratives are told. We focused on one
type of goal structure in which the audience expects
information from the narrator. Audience members in this
experiment clearly expected descriptions of actions and
explanations. Interestingly, however, narrators predicted that
audiences would only want to know about their actions and
would not experience increased satisfaction in hearing the

explanation for their action. This inference is particularly
puzzling because explanations strongly affected how
narrators answered questions about the informational and
reputational values of narratives, as well as, ultimately, their
narrative choices. In other words, the inclusion of an
explanation for their action was clearly important for
narrators—so why did they incorrectly infer that audiences
would not similarly find it important?
One possibility is that narrators in this experiment were
simply bad at perspective taking or inferring others’
perceptions. Narrators were, after all, also wrong in thinking
that the vague narrative would be rewarded by the audience.
Another explanation is that narrators’ errors may reflect some
self-serving biases (e.g., Stanley, et al., 2017). For example,
narrators may have chosen to believe that audiences do not
expect explanations because they were worried about
audience judgments. One future direction is to compare
narrators’ inferences about audience perception when there
are no social or material consequences.
An important limitation of this study is that people in real
life do not decide what to say by selecting among a small
number of choices given to them. Further, we chose the full
narrative (AE) to pit informational and reputational goals
against each other, with a trade-off that many narrators did
not find it reflective of their own reasons for deciding. We
expect that when informational and reputational goals can be
aligned within a narrative that contains an action and
explanation, people will choose more complete narratives.
Further, there are ways of providing the right kinds of
information while neither lying nor telling the full truth. For
example, paltering involves “not false” but misleading
statements (Schauer & Zeckhauser, 2007; Rogers et al., 2017).
The choices in this experiment were limited, but we
hypothesize that narrators’ goals as studied here will be able
to account for other variations in moral narratives.
Finally, why did narrators not weight presentational value
more? We hypothesized that audiences suspect reputational
goals conflict with informativity when they detect missing
information (i.e., actions or explanations). One possible
reason narrators in the current experiment were not too
concerned with presentation is that they correctly guessed
audiences would not necessarily suspect deceit. When
narrators presented the vague narrative, audiences were often
understanding, guessing that a narrator may be unable to
clearly describe their actions and explanations due to lack of
communication skills, laziness, or interfering emotions. Put
differently, not everyone can tell perfect narratives, and
neither do people expect them to do so. While we
demonstrate that narrator goals are predictive of narrativity,
learning, experience, and ability are also key factors. This
raises interesting questions about how people become “good”
narrators, as well as what functions are served by statements
with high narrativity. Further, we predict that in other
contexts, such as when the stakes of being found lying or not
being believed is higher, narrators will weight presentational
value as more important.
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Abstract
The way two people choose to share food reveals how close
their relationship is. Very close relationships alleviate the discomfort of exchanging saliva. We measure human inferences
about relationships from observed food sharing actions with
variable risks of saliva exchange; and then use a formal model
of inverse planning to quantitatively capture these inferences.
The model that best fits human judgments construes food sharing as a rational communicative social action, according to
which actions are chosen both to maximize comfort given a
relationship, and to communicate about the relationship itself.
Keywords: Bayesian modeling; Pragmatics; Reasoning; Social cognition; Theory of mind

Introduction
Imagine that you see two people you don’t know (let’s call
them Sarah and Jane), sitting together at a table. They have
a bowl of mac’n’cheese between them, and they are sharing
it by alternately using a single spoon to take bites. What can
you, an observer, learn from watching this interaction?
Cognitive scientists have long studied how humans can observe a person’s actions, and infer their beliefs and desires
(Premack & Woodruff, 1978; Wellman, 2017). Following this
logic, people watching Sarah could infer that she wants some
mac’n’cheese, and expects that sharing a spoon and bowl with
Jane is an efficient way to get some mac’n’cheese. Yet this
description leaves out a key inference that is apparent to most
human observers: namely, Sarah and Jane must be in a very
close relationship. Our goal in the current paper is to provide an initial characterization of how observing interactions
allows observers to infer relationships, using as a case study,
interactions involving sharing food.
Observed actions license inferences about beliefs and desires. Assuming the agents are rational actors, and thus tend
to choose actions that maximize their utilities given their
expectations, observers can use inverse planning to identify
combinations of utilities (desires) and expectations (beliefs)
that make the observed action most likely. Computational
models that implement this intuition provide a close quantitative fit to human observers’ inferences about an agent’s goals,
beliefs and perceptions (C. L. Baker, Tenenbaum, & Saxe,

2007; Jara-Ettinger, Gweon, Schulz, & Tenenbaum, 2016).
For example, if an agent takes a long deviation from the shortest path to their eventual goal, observers and models can infer
that the agent was pursuing a subgoal, or initially expected to
be able to achieve a preferred goal and then had to settle for
a second-best goal (Jara-Ettinger et al., 2016; C. Baker, Saxe,
& Tenenbaum, 2011).
In interpersonal interactions, each agent’s beliefs and desires remain important, but many aspects of the interaction
depend on the specific relationship between the two agents.
Some aspects of the relationship can be described in terms
of recursive utility functions (Powell, 2021; Kleiman-Weiner,
Shaw, & Tenenbaum, 2017). For example, one aspect of a
positive, or cooperative, interaction can be described as one
agent having a positive utility on the second agent’s utility. In
this case, the first agent will choose actions that are likely to
promote or achieve the second agent’s goals. By contrast, in a
conflictual or competitive interaction, the first agent may have
a negative utility on the second agent’s utility, and thus choose
actions that obstruct or reduce the second agent’s chances to
achieve their goals. Computational models of recursive utility
functions can give a close quantitative fit to human judgments
of whether two observed agents are cooperating or competing
(Ullman et al., 2009).
Yet there are key distinctions among human relationships
that cannot be simply reduced to these recursive utility functions. One example is intimacy. Being in an intimate relationship is not simply a matter of highly valuing the other
person’s welfare, though high recursive utility is a common
feature of intimacy. A more defining feature of intimate relationship is an experience of a shared essence, or “consubstantiation”. Across cultures, intimate relationships are reflected in greater comfort with actions that substantively connect their bodies (Fiske & Haslam, 2005): exchanging bodily fluids (e.g., Carsten, 1995), touching body parts like face
and genitals (e.g., Sorokowska et al., 2021), and synchronized
body actions and appearances, like tattoos (e.g., Te Awekotuku, 2003). Sharing of saliva in particular is more common,
expected, and acceptable among kin and intimate partners
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than for less-close relationships (Margalit, 2017; Thomas,
Woo, Nettle, Spelke, & Saxe, 2022; Fischler, 2011). Indeed,
these actions not only reveal intimate relationships, but can
be used to create and reinforce intimate relationships (Fiske
& Haslam, 2005; Gallus, Reiff, Kamenica, & Fiske, 2021).
We hypothesize that, just as observers systematically infer individual mental states like beliefs and desires from observed actions in the environment, observers also systematically infer relationships from observed interactions between
people. Furthermore, because people can anticipate these inferences, people may deliberately choose actions in order to
cause observers to make desired inferences about relationships.
We focus on the example of consensual exchange of saliva,
which occurs in the course of sharing food. For contemporary American adults, exchanging saliva during food sharing
is seen as uncomfortable, or even disgusting (Tybur, Çınar,
Karinen, & Perone, 2018), unless the people sharing the food
are in an intimate relationship. In the current studies, we first
(i) measure the quantitative relationship between saliva sharing risk, relationship closeness, and predicted comfort with
30 specific food sharing actions, and then (ii) test the hypothesis that after observing one person choose between two of
these actions, observers make systematic inferences about the
closeness of their relationship.
Next, we test whether a model of these inferences can
quantitatively capture human inferences in this setting. The
null hypothesis is that people do not infer relationship closeness from observed food sharing choices. Once we reject the
null hypothesis, we consider two models of how observers
could use the chosen action to infer the relationship. First,
we made a Rational Choice model, adapted from the BToM
framework (C. L. Baker et al., 2007). An ‘Actor’ chooses
a way of sharing food that maximizes her comfort, given her
belief about the relationship closeness. A ‘Receiver’ can infer
her belief about the relationship, by inferring the relationship
closeness which renders the chosen action most likely.
Building off of the Rational Choice model, we next modeled the choice of how to share food as a Rational Communicative Social Action (RCSA). Inspired by Rational Speech
Act models of pragmatic speech (Frank & Goodman, 2012;
Goodman & Frank, 2016), the RCSA model assumes that
people choose social actions, in part, in order to cause desired
inferences in an observing audience. Thus, a Communicative
Actor chooses a way of sharing food to maximize her comfort
and also to accurately communicate her belief about the relationship closeness to an observer (modeled as the Rational
Choice Receiver). A Communicative Receiver infers that the
Actor is choosing an action partly in order to communicate
her belief about the closeness of the relationship.

Experiments
All studies were conducted online via Qualtrics and distributed through Prolific. In all experiments, recruited participants were at least 18 years of age, U.S. citizens, and fluent in

English. Studies were pre-registered at https://osf.io/czdpy/
(see studies 1 & 2). Stimuli and code are available at
https://github.com/michellehung7/bids/tree/cogsci2022.

Experiment 1
To infer relationship closeness from food sharing choices, actors and receivers must share common knowledge that comfort with food sharing depends systematically on the interaction of the risk of saliva exchange and relationship closeness.
Specifically, in Experiment 1, we set out to measure this common knowledge. We predicted that close relationships mitigate discomfort with saliva exchange.
Methods To test this hypothesis we collected three datasets.
First, one group of human participants (Pilot Dataset 1,
N=160) judged how likely saliva exchange would be, for each
of thirty ways to share foods or drinks (10 foods, 3 actions
each, sample vignette in Figure 3, left).
Second, an independent group of participants (Experiment
1a, N=148) read scenarios about two people who are sharing food or drink via one action (sample vignette in Figure 3,
middle). The relationship was described as not close, somewhat close, close, or very close. Participants judged how
comfortable the two people are (7-point Likert scale, from
extremely uncomfortable to extremely comfortable). Each
participant read 8 vignettes and 1 attention check.
Third, after confirming our hypothesis that comfort depends on an interaction of saliva sharing risk and relationship closeness in the planned sample, we collected additional
responses to the same task, in order to have more stable estimates of the shared knowledge that grounds relationship inferences (Experiment 1b, N=197). Results reported here are
from the combined dataset (Experiment 1, N=345).
We compared a linear model with relationship closeness
and saliva sharing risk as fixed effects and subject as a random
effect (Model 1), to a model that also included an interaction
between relationship closeness and saliva sharing risk (Model
2). We pre-registered the confirmatory hypotheses that Model
2 would fit better than Model 1, indicated by a lower Akaike
information criterion (AIC), and interaction term in Model 2
would be significant (p < 0.05).
Results and Discussion In the pilot data, the thirty actions
varied substantially and systematically in the risk of saliva
exchange (Figure 1). The lowest risk actions, like splitting
a hot dog in half or dividing a pudding into separate bowls,
have almost no risk of saliva exchange. By contrast, taking
alternating bites from the same side of the hot dog, or alternating spoonfuls of pudding with the same spoon, is almost
guaranteed to result in transfer of saliva.
The results of Experiment 1 (Figure 2) show that human
participants know that food sharing involving more risk of
saliva exchange is less comfortable, unless the people sharing
the food are in a close relationship. The Akaike information
criterion (AIC) of Model 2 was less than the AIC of Model
1 (10388 < 10477, χ2 = 91.147, p < 2.2e − 16), indicating
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Figure 1: Pilot dataset 1. Risk of saliva sharing for each of three actions with each of ten foods.
that the addition of the interaction term in Model 2 improved
model fit enough to compensate for the additional complexity
of the model.
Likewise, the interaction term in Model 2 was significant
(β = 0.18, p < 2e − 16). For two people in a very close relationship, sharing one spoon for the pudding is almost as
comfortable as dividing the pudding into bowls. By contrast,
for two people who are not close, sharing a spoon would be
much less comfortable. Variation in the saliva sharing risk
across foods and actions is systematically related to variation
in comfort, given relationship closeness.

Figure 2: Results of Experiment 1. Comfort with food
sharing actions, as a function of saliva sharing risk and relationship closeness. Each dot is one judgment (total N=2732).

Experiment 2
How comfortable people feel sharing food in particular ways
depends on how close their relationship is. In Experiment
2, we measured how people use this common knowledge to
infer relationship closeness from observed food sharing, and
potentially to communicate about relationship closeness during food sharing.
Methods Human participants (Experiment 2, N=270) read
vignettes about an Actor who chose a food sharing action,
and then judged the relationship closeness that the Receiver
would infer from that choice. Each participant saw one scenario per food (10 total), but the results from one food (sandwich) were lost due to experimenter error. This experiment
was pre-registered, although our eventual analyses deviated
from the pre-registered analysis plan. The analyses presented
here are therefore exploratory, and will be confirmed in future
studies.
Each vignette described two people who were eating together (sample vignette in Figure 3). The Receiver is described as uncertain about the Actor’s belief about their relationship closeness. The Actor then chooses between two
alternative ways to share the food. After each scenario, there
was an attention check. Then participants judged, from the
Receiver’s point view, the Actor’s belief about the relationship closeness.
Inferences about relationship closeness depend on the
observed action, but may also depend on observers’ priors
about how close two people are, just given that they are
eating the same food at the same time and place. To measure
this prior, an independent group of participants (Pilot Dataset
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Figure 3: Sample vignettes. Left: Pilot dataset 1. Middle: Experiment 1. Right: Experiment 2.
2, N=197) estimated closeness from vignettes that simply
describe two people eating at the same time and place,
without specifying that they are sharing food or how they are
eating.
Results and Discussion Without observing any particular
way of sharing food, in Pilot Dataset 2, human participants
considered eating together to be quite likely for all levels of
relationship closeness, although somewhat less likely for people who are not at all close.
By contrast, when participants read about a specific way of
sharing food, they made strong inferences about the relationship (Figure 4, left column). If the Actor chose an action with
the highest saliva sharing risk, participants predicted that the
Receiver would infer that the Actor believed they have a very
close relationship. If the Actor chose an action with a moderate saliva sharing risk, participants predicted that the Receiver would infer that the Actor believed they have a close
or somewhat close relationship. If the Actor chose an action
with low saliva sharing risk, participants predicted that the
Receiver would infer that the Actor believed they have a not
close relationship. In addition to a strong influence of the
chosen action, participants’ judgments were also influenced
by the rejected alternative action. In particular, the rejected
alternative influenced human inferences about the intermediate, moderate saliva sharing action. When the Actor rejected
a low saliva sharing risk, participants inferred that the Actor
represented a closer relationship than when the Actor rejected
a high saliva sharing risk.
Next, we sought to capture these patterns of human judgments in a framework based on inverse inference from an intuitive theory of rational communicative social action (Frank
& Goodman, 2012).

Models
We compared three types of models of observers’ inferences
of relationship closeness in Experiment 2.

Null model
The null hypothesis is that human observers do not infer relationship closeness from observed food sharing interactions.
In this case, the relationship closeness inferred after observing food sharing should not deviate from the inferences made
with no observed food sharing (the relationship priors, P(c)).

Rational Choice Receiver in BToM Model
We adapted the Bayesian Theory of Mind model (C. L. Baker
et al., 2007; Jara-Ettinger et al., 2016) to the current context.
A Rational Choice Actor A0 selects a way of sharing food
that maximizes her comfort, given her belief about the relationship. To estimate the subjective utility of each possible
action, we fit the predicted comfort of the action from the results of Experiment 1, given the saliva sharing risk estimated
in Pilot Dataset 1 and each level of relationship closeness.
Comfort is translated into action probabilities via a soft max
over the relative utilities of the chosen action and the alternative actions. Thus, the action probability distribution of A0 is
given by:
PA0 (a|c) =

eβ·Ucomfort (a|c)
∑i eβ·Ucomfort (ai |c)

(1)

where a represents the chosen action, c, represents the relationship closeness, and β is a rationality parameter which represents the degree of determinism with which the actor does
the utility maximizing action. This captures the intuition that
food-sharing actors generally, but not always, do the more
comfortable action.
In our pre-registered analyses, we planned to model a Rational Choice Actor that only considers the two alternative
actions specified in the vignette. However, we subsequently
added an additional model of a Rational Choice Actor that
considers the utility of all three possible actions for sharing
the food or drink. It is plausible that since each participant
read 10 vignettes, each with two action alternatives, that participants implicitly considered the full range of actions in the
experiment, even though in each vignette only two of those
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Figure 4: Results of Experiment 2. Top row: Inferred emotional closeness as a function of the saliva sharing risk of the chosen
action. Bottom row: Same results, as a function of the difference between the saliva sharing risks of the chosen and rejected
alternative actions. Left column: Human judgments. Right columns: Predictions from four different models: the null model, a
BToM model assuming rational choice between two available actions, a BToM model assuming rational choice between three
possible actions, and an RCSA model.
alternatives were available. Thus, we modeled two variants
of the Rational Choice Actor that differed in whether the Actor chose one action from a set of two available alternative
actions, or from the three possible actions. Both versions of
the Rational Actor use a soft max to noisily maximize utility
with rationality parameter β.
Upon observing the Rational Choice Actor, the Rational
Choice Receiver R0 performs Bayesian inference by inverting the probability distribution of the Rational Choice Actor
and then multiplying by the closeness prior P(c). For each
specific observed action, the Rational Choice Receiver estimates P(c|a), the probability that the relationship closeness
is c, given that the literal actor took action a. By Bayes’ rule:

Critically, the Communicative Actor has an additional utility, from having the Receiver correctly infer the Actor’s belief about their relationship closeness. To estimate this utility, the Communicative Actor recursively models the Rational
Choice Receiver described above (R0 ). Then, as in RSA, the
communicative utility term is log R0 (c|a), because A1 seeks
to minimize the surprisal of closeness c given action a for the
Rational Choice Receiver. The relative weight of this communicative utility, versus the direct utility from the comfort
of the action, is set by parameter α. The Communicative Actor’s utility function is:

PR0 (c|a) ∝ PA0 (a|c) · P(c)

Because the vignettes explicitly described the Actor as
choosing between two explicit alternatives, we modeled an
Actor that chooses to communicate a relationship closeness
by rejecting an available action. Thus, the Communicative
Actor compares the expected utility from the inference the
Rational Choice Receiver would make from each of the two
explicitly available action alternatives. The action probability
distribution of A1 is:

(2)

Two versions of the Rational Choice Receiver were
matched to the corresponding Actor, interpreting the action as
a choice among two, or three, alternative ways of sharing the
food. For each version, we predicted the relationship closeness that the Receiver would infer, for each of the vignettes
in Experiment 2.

UA1 (a|c) = α · log R0 (c|a) +Ucomfort (a|c).

Communicative Receiver in RCSA model
Next we considered a model of an Actor who gains additional
utility from communicating her belief about the relationship
to the Receiver.
The Communicative Actor A1 chooses a food sharing action by balancing two utility functions. First, the Communicative Actor includes the same utility term as the
three-choice Rational Choice actor: the utility of comfort,
Ucomfort (a|c), for each possible action given relationship
closeness.

PA1 (a|c) =

eβ·UA1 (a|c)
e

β·UA1 (a|c)

β·UA1 (a j |c)

+e

+ eβ·Ucomfort (ak |c)

(3)

(4)

where a j is the rejected available option, ak is the unavailable option, and UA1 (a|c) is given by Equation (3).
Upon observing the choice of the Communicative Actor,
the Communicative Receiver R1 computes the probability of
closeness c given some action a by reasoning about the Communicative Actor A1 . Just as the Rational Choice Receiver
does inference by inverting the distribution of action given
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relationship closeness as represented by the Rational Choice
Actor, the Communicative Receiver does inference by inverting the distribution of actions given relationship closeness as
represented by the Communicative Actor. By Bayes’ rule,
the probability of closeness c given action a is proportional to
the probability that the Communicative Actor would choose
action a, times the prior P(c):
R1 (c|a) ∝ PA1 (a|c) · P(c)

(5)

Model Parameter Fitting and Comparison
We pre-registered model comparisons using AIC, KLdivergence and r-squared to identify the single model that best
fit the data (see https://osf.io/czdpy/; studies 1 & 2). However, our final model specifications deviated from the preregistered versions, so the analyses presented below are exploratory and will be confirmed in future independent data.
The BToM model has one free parameter, β, which set the
temperature of the softmax choice. The RCSA model has
two free parameters: β and α, the weight that the Actor gives
to the utilty of communicating to the Receiver. We fit these
parameters in the RCSA model by minimizing Mean Squared
Error (MSE) between the model and the data, using a grid
search with α, β between 0.1 and 5 in increments of 0.1. For
both versions of Rational Choice Actors, MSE of the BToM
model was minimized when β = 1.8. The Rational Choice
Receiver embedded inside the RCSA model thus used β =
1.8. For the Communicative Receiver, MSE of the RCSA
model was minimized when β = 1.2 and α = 0.9.

Model Results
For each model, we considered the overall predicted closeness inferred, for each chosen action, as a function of that
action’s saliva sharing risk (Figure 4, top row); as well as the
difference in the predicted inference, for each chosen action,
as a function of the rejected alternative action (Figure 4, bottom row).
Null Model The null model fit the data very poorly
(MSE=0.3866, KL=0.3539, r2 =0.08). Thus, we reject the
null hypothesis that human observers do not infer relationship closeness from observed food sharing actions.
BToM Model The predictions of the BToM model, based
on inverting an intuitive theory of a Rational Actor who aims
to share food while maximizing comfort, were much closer
to the human judgments. There was a qualitative difference
between the models that considered only the two available alternatives, versus the full implied set of possible actions. The
two-alternative Rational Choice Receiver inferred relationship closeness based on the contrast between the two available alternative, and thus so did not fully capture the human judgments (MSE=0.2012, KL=0.2866, r2 =0.51). On the
other hand, the Rational Choice Receiver that considered all
three possible action inferred increasing relationship closeness, as the risk of saliva sharing in the chosen action increased, and so fit the human judgments better (MSE=0.1544,

KL=0.2640, r2 =0.80). However, this model learned nothing
from the rejected alternative.
In summary, the two versions of the Rational Choice receiver each captured aspects of the inference of the human
observers, but could not fit the full pattern of judgments.
RCSA Model Adding an additional utility of communicating relationship closeness via the rejected action generated
the best fit to human judgments (MSE=0.0979, KL=0.2130,
r2 =0.85). This model, like humans, inferred different relationship closeness for the same chosen action, depending on
which action was rejected. Also, although the least risky actions are comfortable in all relationships, they are only chosen
by rejecting an action with greater saliva sharing. Thus, the
Communicative Receiver infers a less close relationship when
Actors choose the action with lowest saliva-sharing risk.

Discussion
From the way a person shares food, the recipient of the action
can infer how close the sharer thinks their relationship is. Anticipating these inferences, people use actions while sharing
food to communicate about their relationships. Here we provide a close quantitative fit to the pattern of human judgments
by modeling food sharing as Rational Communicative Social
Action (RCSA).
RCSA provides a principled framework for integrating the
value of anticipated observer inferences (communication utility) into inverse planning in an intuitive theory of rational
action. Similar models have been used in previous work to
capture how the desire to appear impartial can influence a person’s choice to distribute unequal financial payouts (KleimanWeiner et al., 2017); how the desire to appear considerate can
influence the choice of negative expressions in polite speech
(Yoon, Tessler, Goodman, & Frank, 2020); or how people
trade off the values of learning new skills versus the desire
to appear competent at familiar skills (Yoon, MacDonald,
Asaba, Gweon, & Frank, 2018; Asaba & Gweon, 2019).
Here we use RCSA to model inferences about intimacy,
based on observed food sharing activities. Even toddlers and
infants recognize that consensually exchanging saliva is a reliable cue of an intimate relationship (Thomas et al., 2022).
One open question concerns how similar these inferences
would be, in different cultural contexts. Kinship and intimacy
are conceived in terms of shared bodily substance across cultures (Fiske & Haslam, 2005). Yet there is also cross-national
variation in specific behaviours that lead to saliva exchange,
like mouth-to-mouth kissing (Suvilehto, Glerean, Dunbar,
Hari, & Nummenmaa, 2015). In some cases, saliva sharing
can occur in quotidian non-intimate interactions, such as via
saliva-fermentation of beverages like chicha (Colehour et al.,
2014). Thus, it is likely that there are culturally-specific constraints on how people use saliva-sharing interactions to infer,
and communicate about, relationship closeness.
Using RCSA to capture inferences about food sharing thus
illustrates the centrality of relationships to intuitive reasoning
about social interactions (Kaufmann & Clément, 2014).
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Abstract
Human collaboration often involves a decision to pursue one
out of multiple comparable goals, in which case it is challenging to remain committed to the same goal collectively. Philosophical theories as well as empirical evidence from developmental psychology suggest that humans, having shared intentionality as an underlying cognitive structure, may be able
to form joint commitment in pursuing a collective goal without communication. By conducting experiments in a real-time
cooperative hunting game that heavily relies on visual perception, we demonstrated that humans established and maintained robust cooperation with high-quality hunting, even with
a large number of potential targets. Additionally, we showed
that a Bayesian imagined “We” (IW) model within a joint commitment framework, could capture humans’ robustness in resisting alternative targets with relatively high quality of hunting. This poses a contrast with a Reward Sharing (RS) model
that, despite performing proficiently in pursuing a single goal,
mostly exhibited low-quality hunting and whose teaming fell
apart as available targets increased. In a hybrid team simulation
experiment, the IW model could better mimic the intentions of
human hunters compared to the RS model. Together, the success of the persevered group commitment in humans suggests
that shared intentionality is a pivotal element in human cooperation. Moreover, the similarity between the performance of
humans and the IW model sheds light on the computational
formulation of shared intentionality and further advances our
understanding of the nature of cooperation.
Keywords: Cooperative hunting; Joint commitment; Shared
intentionality; Imagined “We”; Bayesian model

Introduction
Collective hunting is a complex group activity commonly
seen in ecology, in which hunters pursue prey in a group effort. This behavior is evolutionarily significant in the animal
kingdom as it extends cooperation beyond kinship to genetically unrelated group mates, including friends, nonfriends
(e.g., Seyfarth & Cheney, 2012), and even heterospecifics.
For example, Taı̈ Chimpanzees regularly hunt for red colobus
monkeys in small groups (e.g., Boesch & Boesch, 1989), and
coyotes and badgers were observed to group-hunt ground
squirrels (Minta et al., 1992). Moreover, collective hunting
and foraging has been viewed as a breakthrough in hominidevolution and provides a basis for humans’ unique largegroup cooperation later in phylogenesis (Tomasello, 2014,
2016).
Many differences can be found between human collective
hunting and animal collective hunting at the phenomena level,
including practices involving sharing spoils, reversing roles,
and excluding free riders (Tomasello, 2014). These distinctions are especially salient at the level of commitment. When
participating in group activities, it is observed that chimpanzee behavior is primarily motivated by individual desire.
An important indicator of this is the absence of obligatory effort to ensure the commitment of other participants in experimental settings (Melis et al., 2006). For example, during collaborative tasks, human-reared chimpanzees did not attempt

to re-engage the halfway-quitted experimenters, but instead
continued solving the task on their own (Warneken et al.,
2006); chimpanzees also stopped acting helpfully once they
had received their own shares of reward, in spite of the need
for collaboration from their partners (Greenberg et al., 2010).
These results are vastly different from human collaborative
activities where members are committed to achieving a goal
together. Studies show that toddlers as young as 18 months
actively attempted to re-engage experimenters who refrained
from cooperation, suggesting a desire to regulate group members’ commitment (Warneken et al., 2006; Gräfenhain et al.,
2009); 3-year-old children continued to collaborate until both
partners had received their reward even when the children
had received their shares prematurely (Hamann et al., 2012);
3-year-old children also expressed guilt when they accidentally broke a promise and attempted to mend the damage
they caused with prosocial, reparative behavior (Vaish et al.,
2016).
As shown above, collective hunting and foraging behaviors
in humans are more cooperatively structured than those of
any other species in the animal kingdom. This behavioral difference implicates deep cognitive roots underlying humans’
unique cooperation: They are collaborative interactions in
which participants “share” psychological states with one another (Tomasello, 2016). To date, both philosophical theories
(e.g., Bratman, 2014; Tuomela, 2007; Searle, 1990; Gilbert,
2013) and empirical research in psychology (e.g., Tomasello,
2014) have pointed out that the species-specific structure at
the core of this cognitive representation, is shared intentionality, also known as collective intentionality or joint intentionality.
The notion of collective intentionality—a collective representation of the self and others, or “individuals as a
group” (Schweikard & Schmid, 2013)—has been conceptualized throughout history. The idea traces back to early
philosophers, such as Aristotle’s concept of common striving (koinonı́a) and Rousseau’s collective will (ionvolonté
générale). Sociologists in the last two centuries, such as
Durkheim ([1895] 1994) and Weber ([1922] 2009), both have
developed their own conceptions of shared intentionality under different labels. More recently, following Collingwood’s
(1947) definition of “practical social consciousness,” Sellars
(1974) proposed the concept of “We-intention,” emphasizing
a non-private attitude involving a shared perspective that can
be later used for normative evaluation of contribution. This
view has been commonly acknowledged as the predecessor to
the modern notion of “collective intentionality” (Schweikard
& Schmid, 2013), which was first officially labeled by Searle
(1990).
One consensus regarding shared intentionality is that it is
irreducible to a sheer summation, aggregation, or distributive
pattern of individual intentionality, but rather is a qualitatively
different structure of the mind (Schweikard & Schmid, 2013).
Among many possible ways to interpret the irreducibility
claim, Gilbert focused on what she believed as a definitive
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feature of the shared intentionality structure—joint commitment, proposing that a joint intention is only realized when
two or more individuals are willing to be “jointly committed
to espousing a goal as a body” (Gilbert, 2013). The “goal”
here may include a variety of intentions, beliefs, and acceptance (Schweikard & Schmid, 2013), whereas “as a body”
indicates an indivisible whole. For example, when individuals A and B jointly believe X as a body, they are committed
to forming a single supraindividual agent C that believes X.
A and B, in this case of joint commitment, constitute a plural
subject that possesses the shared intentional state and cannot be broken down into two single subjects. This notion of
plural subject, as we will articulate in detail later, can be understood as a distinct agent with its own actions and mind,
including a full set of belief, desire, and intention. Moreover,
once the joint commitment to the plural subject is established,
any member cannot rescind this commitment unilaterally, and
all members in the commitment are normatively responsible
for each other. That is, each of them is obligated to act in accordance with their joint goal and entitled to demand others’
continuation of the joint action.
Another well-accepted idea, the individual ownership
claim, emphasizes that shared intentionality is fundamentally
“had by individuals”—it is one’s own shared intentionality
(Schweikard & Schmid, 2013). This claim clarifies two things
about shared intentionality. First, there is no dictatorship—
every participant voluntarily forms a joint commitment. Second, shared intention makes sense at the individual level. Instead of blindly executing a subsection of the shared intention
that only manifests at a holistic level, each individual owns
and understands their intention. These two points correspond
to Gilbert’s idea that shared intentionality does not require
a “single centre of consciousness” or a “distinctive form of
‘subjectivity’.” Instead, to establish a joint commitment, each
individual needs to express a “readiness” for the joint activity,
indicating that they are ready and willing to commit, which
appeals to all as common knowledge (Gilbert, 2006).
To date, a rich variety of accounts have been proposed regarding how to interpret the “collectiveness” in shared intentionality, as well as how to realize the two claims. For example, alongside Gilbert’s focus on joint commitment and the
conception of a “body,” Bratman (2014) highlights the coordination of plan states of individual agents as the central
element in shared intention. Instead of being an intention of
a single collective agent, shared intention, on Bratman’s account, is an intricate mesh of individual plan-embedded intentions and their interrelations, aligned with each other and
commonly known to all. It takes the form of “I intend that
we J,” where J stands for a joint activity participated in by all
intended agents.
Theoretical discussions remark that humans will engage
in “whatever behavior” to demonstrate their “readiness” to
jointly commit to a goal, as a body, in a shared activity
(Gilbert, 2006). As shown in empirical findings, this behavior can be as simple as eye contact(e.g., Siposova et al., 2018).
Moreover, based on a rich body of literature on how humans
can perceive intentions from motions alone, (e.g., Gao et al.,
2009), it is highly likely that the readiness for initiating, as
well as maintaining, joint commitment can be expressed simply from coordinated motions. Collectively, these pieces of
evidence suggest that humans may be able to establish a sustained joint commitment in a real-time visual-grounded collective hunting task without explicit communication.
So far, current psychophysics works on the perception of
intention have been primarily conducted in individual settings
and do not concern interactions between multiple agents. For
example, a line of studies shows that humans are able to identify the intentions of prey and predators in an online, real-time
chasing paradigm (e.g., Gao et al., 2009, 2012; Meyerhoff et

al., 2013). These works heavily revolve around the tension
between predators and prey, but rarely involve cooperation
between predators. Additionally, participants mostly took the
role of observers but not actual players, with a few exceptions
where they actually controlled the prey (Gao et al., 2009). Of
the few studies that did use displays of cooperative chasing
(Yin et al., 2016; Duan et al., 2018), their focus was on perception alone, instead of generating cooperative actions based
on perception. Moreover, in these cases, the goal of chasing was fixed to a single target and did not involve the challenge of maintaining joint commitment among many possible
goals. These studies generated fruitful results that provide invaluable evidence for humans’ ability to infer others’ intentions in hunting tasks. However, they cannot be easily generalized to cooperative hunting scenarios in which individuals
are not only observers but also participants that generate cooperative behaviors. In such cases, aside from inferring others’ intentions and generating action plans accordingly, it is
equally important to constantly align one’s own intention with
others’ to converge on a collective goal “as a body” in an enduring fashion. It is thus worth exploring whether humans as
engaging players can achieve good cooperation in a real-time
hunting task by overcoming such challenges.
Building on currently available studies, we first aim to examine whether a group of three humans can exhibit robust
joint commitment while playing a virtual collective hunting
game. Following this, we built a computational model of
shared intention, named imagined “We,” directly inspired by
Gilbert’s theory of commitment. Our goal is to show that this
model can indeed capture important aspects of human cooperative hunting. As a baseline, we also employ a Reward Sharing model without any representation of shared intention. By
revealing human performance and comparing it with model
performance, we aim to better understand whether joint commitment plays an important role in human cooperation.

Collective Hunting Experiment
To test the joint commitment in cooperative hunting, we developed a real-time game in a 2-D environment (Fig. 1) with
3 hunters played by humans and 1, 2, or 4 stags as targets
which are played by a machine. We want to explore whether
human participants consistently converge on the same goal
even without communication during the hunting process. Furthermore, we aim to test whether their cooperation can be
resistant to an increase in the number of available targets, following the logic that once the joint commitment is achieved,
participants should at least be able to secure one target, if
not more. Demos of the cooperative hunting process can
be found at https://www.youtube.com/playlist?list=
PLe7BbCETnjAnCsTkcBEk4k zuMlpJwZ9i

Cooperative Hunting Task
Hunters aim to successfully catch the stags, while the stags
aim to avoid the hunters. The stags move faster than the
hunters, thus requiring hunters to collaborate by persistently
chasing a single stag. In multiple-target scenarios, hunters
have no predetermined target. Nevertheless, simply for the
purpose of improving performance and maximizing accumulated rewards, it is best for them as a group to go after one
target at a time. Agents in the environment can take actions
within a range of magnitude of force from any direction at a
given time step in order to achieve their respective goals. Task
performance is evaluated through achieved rewards in a fixed
period. The hunters receive a joint reward (+1) upon any successful touch of a stag. The accumulated reward at the end
of each trial is used as a dependent measure of the model’s
performance.
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Fig. 1. Cooperative Hunting Task.

Computational Model
To model human performance, we built an imagined “We”
model with a shared intentionality framework to test whether
joint commitment is indeed the pivotal mechanism underlying human cooperation.
The previous modeling work on shared intention traces
back to early logical models in artificial intelligence, including Grosz and Kraus’s “SharedPlans” model (1996) and
Levesque et al’s definition of a “joint persistent goal” (1990).
More recently, some promising modeling works on social
agency combined Bayesian inference and Theory of Mind
(ToM) approaches with a focus on how agents coordinate
their action plans to settle a strategic decision of whether to
cooperate or compete in the social world (Kleiman-Weiner
et al., 2016; Shum et al., 2019). Under this framework, their
formation of cooperation was an abstract planning procedure
that showed consistency with Bratman’s “meshing of plans”
account of shared intentionality. Specifically, the shared intention was implemented as a joint policy that optimizes the
team’s joint reward, which was then turned into an individual
policy by marginalizing the actions of others.
More recently, models of human cooperation integrate the
idea of shared intention with normative power. One recent
study models multi-agent collaboration in a cooking game
using Bayesian Delegation (Wu et al., 2021), in which agents
infer what sub-task of a cooking task other agents are working on, and plan accordingly whether they should help with
the sub-task or not. In this model, each agent samples a fictitious centralized planner that controls the actions taken by all
agents working on the same sub-task. The idea of inferring
the states of a fictitious centralized planner resonates with the
concept of a shared intention, though the focus here is not on
the joint commitment.
Imagined “We” Model Our model builds upon the current
progress in Bayesian modeling of shared intention. In addition, our model draws inspiration from Gilbert’s plurality subject theory. In our case, human cooperation is assumed, and
the focus is on how to model cooperation with a stronger constraint to cohere the team. This is consistent with the perspective that cooperation is qualitatively different from competition (Tomasello, 2009). Preliminary modeling results showing the feasibility of this model with only two collaborators
were reported in (Tang et al., 2020) without comparisons to
human performance and another baseline model.
Here, we especially focus on the tension between the two
well-accepted claims about shared intentionality, being that
the collective attitude beyond an individual is, at least to some
degree, incompatible with the idea that the intention an individual has cannot escape their own mind. Here, we aim to reconcile this discrepancy by using the imaginative capacity of a
causal model (Pearl & Mackenzie, 2018) implemented as the
Bayesian Theory of Mind (Baker et al., 2009; Jara-Ettinger
et al., 2016). While “We” as a supraindividual agent is not
real, each agent can nevertheless imagine the mind of “We”
from a collective, “bird’s-eye” perspective in their own individual mind (Tomasello, 2009). Specifically, “We” reflects
the collective wills of all individuals, but is also a single autonomous agent with its own mind and action just like any

Common Ground
Information

Fig. 2. Imagined “We” Representation. The graphical model
in each of the two dashed boxes represents a supraindividual agent “We”, which has its own mind containing belief,
desire, and intention. Using those mental states, it can rationally control the joint action of the individual agents constituting “We”. Each dashed box represents a unique version of
this unreal, imagined supraindividual agent “We” inferred by
each of the two collaborating individuals here.
ordinary agent, as suggested by Gilbert’s theory (2006). Its
mental states can be further parsed into belief, desire, and intention which together rationally control this agent’s actions.
Thus, we can infer the mental states of “We” from its action
using ToM, where its state space and action space are simply a concatenation of the state spaces and action spaces of
individual agents.
Crucially, this supraindividual agent does not exist in reality—it is ultimately realized by an individual’s own imagination about “We” through reasoning counterfactually about
“how can an agent explain its own and others’ actions if such
actions have indeed been rationally controlled by a supraindividual agent ‘We’?” For this reason, we call our model the
imagined “We” (IW) model (Fig. 2), in part following the
classic term of “imagined community,” that suggests many
communities are first constructed by the imagination (Anderson, 1983). Here we shift the focus from language to perception while perpetuating the same idea: Groups are first imagined before they are formed through practice.
Upon the readiness for joint commitment from all collaborating individuals, each of them, without communication, infers their own version of the imagined “We” by observing
the joint action of themselves and their partners in the shared
environment. Each agent conceptualizes their own version of
“We” and acts by asking “what does ‘We’ expect me and others to do?” Aside from taking its own action following the
intention of “We”, an individual agent also expects others to
take the actions demanded by “We” (Eq. (1)). Newly generated actions from all agents can be observed and used for each
individual agent to update their own inference about “We” for
the next time step. An agent’s inference is conditioned on the
environment in order to capture the intuition that the mind is
influenced by the surrounding environment (Eq. (2)). Eventually, joint commitment will be achieved when all individual
versions of “We’s” are aligned or converged.
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Joint action „ PpJoint action|“We” mind, Environmentq
(1)
Pp“We” mind|Joint action, Environmentq9
PpJoint action|“We” mind, Environmentq
Pp“We” mind|Environmentq

(2)

tion of the assumption that humans generally act rationally
to optimize their joint utility.
PpA joint |GWipt q q “ PpA joint |S“we”, GWit q

Fig. 3. Bootstrapping Imagined “We”. In this case, there are
two agents in total, with each loop representing one agent’s
way to bootstrap an imagined “We”. Within an agent’s loop,
each “IW” node represents a unique distribution of mental
states the agent inferred from its imagined “We” agent; the
solid “a” node represents the agent’s chosen action given its
inferred distribution; the dashed “a” node is its expectation of
the other agent’s action. Actions actually taken by all agents
are then observed and used by each agent to update its imagined “We” for the next time step. Here, two agents are used
for illustration purposes, while the model can be generalized
to multiple agents.
Essentially, this is a process of determining what “We” believes or what “We” wants by observing what “We” has done.
Specific to the context of the cooperative hunting task, the
environment is fully observable without any uncertainty. The
only uncertainty surrounds the intention of “We,” concerning “which prey should ‘We’ pursue persistently?” We model
the inference of “We” intention using a bootstrapping method
following three steps of computation (Fig. 3).
1. Goal Sampling: At each time step (t), each agent (i) maintains a distribution of intention of “We” as the probability
of each target being the joint goal (GWipt q ). To decide how
to act next, it will draw a sample from this distribution and
use it as the estimation for what is the current intention of
“We” (Eq. (3)).
GWipt q „ PpGWipt q q

(3)

2. Planning: Given a goal, each agent forms a plan of
how “We” should pursue that goal rationally. The output of this planning process is a joint action, including
its own action to take, as well as an expectation of the
other agents’ actions. Thus, each agent is simulating a
centralized planner. As an engineering solution, we implemented this rational planning by using a joint policy that was learned through a Multi-Agent Deep Deterministic Policy Gradient (MADDPG, information regarding the MADDPG model will be discussed in detail in the following section) algorithm with only one
goal to pursue (Lowe et al., 2017). MADDPG is one of
the state-of-the-art implementations within the framework
of Multi-Agent Reinforcement Learning (MARL). This
joint policy (Eq. (4)) defines the probability of joint actions (A joint pt q “ action1pt q , ..., actionipt q , ..., actionI pt q )
conditioning on the current states of “We” (S“We”pt q “
State1pt q , ..., Stateipt q , ..., StateI pt q ) and the goal (SGWiptq ).
Each agent then samples a joint action from the policy distribution and takes its own part of the joint action. Empirically, MADDPG is an algorithm that was found to optimize
group reward when only one target was present in a hunting
scenario (Zhao et al., 2021). This rational planning phase
does not necessarily imply that human cognition employs
the exact policy we utilize here. Rather, it is an approxima-

(4)

3. Inference: After taking one’s own action based on the policy determined in the planning phase, each agent observes
the actions actually taken by all agents. This enables a
Bayesian ToM inference process (Eq. (5)): Conditioning
on the observed actions, each hunter computes the posterior probability of a given target being their joint goal. After updating the posterior of the Imagined “We” mind, each
agent goes back to step 1, sampling a new goal and repeating the process.
PpGWipt `1q |A joint pt q q9PpA joint pt q |GWipt q qPpGWipt q q (5)
Baseline Model To explore the necessity of modeling a
shared intention framework, we additionally examine cooperation in a Reward Sharing (RS) model as a baseline. Here
we use the MADDPG, an algorithm within the MARL framework. MARL adopts the perspective that social skills are
learned through trial-and-error (Hayek, 2011). It has been
successfully applied to complex multi-agent coordination
tasks (Berner et al., 2019; Vinyals et al., 2019), in which it
splits group rewards evenly among all agents by assigning
them the same reward function. Since we used the MADDPG
algorithm to train the joint policy in the one-target scenario,
the RS model and the IW model are identical in the case of
a single target. For the multiple target conditions, we further
trained a separate RS model for each set size of targets. Note
that this separate training is not required in the IW model as
the inference of a goal is achieved by Bayesian inference and
the same one-target policy is applied to all conditions for joint
goal inference and planning.
Despite being a reinforcement model, the RS model displays several interesting components that can be considered
precursors of ToM. For example, it acts based on predicting
what other agents will do given their current states. Then it
evaluates the utility of its own action given the current joint
state of all agents plus its prediction of other agents’ actions.
As a type of reinforcement learning model, it has a generic
framework that can be universally applied to any multi-agent
scenario, including both cooperation and competition, which
only differ by whether agents’ rewards are aligned or opposed. At its core, it is the opposite of the IW model that
assumes cooperation is qualitatively different from competition and thus requires a brand new cognitive scaffold. In short,
collaborations in the RS model are encouraged by sharing rewards without any reference to commitment, whereas teaming behaviors in the IW model are enforced by shared intention.
Model Task & Prediction The same task completed by human participants was used to test the IW model and the RS
model and compare their performance to that of humans. We
aim to explore whether human performance in cooperative
hunting can be better captured by the stronger-constrained IW
model or the weaker-constrained MARL model.

Human Experiment
Thirty-three (3 participants in 1 group, 11 groups total) students (14 females, 19 males) participated in this experiment.
All were between the ages of 21 and 28 (Mage = 23, SD = 2.0)
with normal or corrected-to-normal visual acuity. All participants signed the informed consent form and received experimental rewards related to performance after the experiment
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Fig. 5. Results of the percentages of different quality rewards.

Fig. 4. Results of the accumulated rewards.
ended.
Material & Procedure 20 trials were set up for each condition with different set sizes of hunting. The hunting task
was presented on a 38.0° × 38.0° window displayed simultaneously on three monitors, one for each participant. Each
participant was instructed to use an Xbox controller to control the simulated physical forces they could apply to drive
the hunters on the screen. Three hunters were represented by
circular shapes with a diameter of 1.9° and colors red (205, 0,
0), green (0, 139, 0), and blue (0, 0, 205). The stags are circular shapes with a diameter of 1.3° and could be distinguished
by their colors (255, 165, 0), (255, 127, 36), (255, 165, 79),
and (255, 193, 37).
Results Overall Performance. We first analyzed the accumulated reward of the hunting game, which reflected the
overall performance of humans and models (Fig. 4). Oneway ANOVA revealed a significant main effect of set size
(F(2, 30) = 6.58, p ă .01, η2p = 0.31). The post-hoc comparisons showed that when the number of targets increased to
4, the performance was even higher than the 1 and 2 target
conditions (ps ă .01). Overall, when the number of targets
increased, the accumulated reward of human hunters did not
decrease but increased instead. For the IW model, the main
effect of set size was not significant (F(2, 30) = 1.15, p =
.331, η2p = .07). The results revealed that the performance of
the IW model did not decrease as the number of targets increased. For the RS model, a significant main effect of set
size was revealed (F(2, 30) = 87.79, p ă .01, η2p = .86). The
post-hoc comparisons showed that when the number of targets increased, the performance gradually decreased (ps ă
.05 for both set size 1-2 and set size 2-4 comparisons).
Quality of Hunting. Besides the above quantitative analysis of the overall performance, we further explore the quality
of hunting in humans and models (Fig. 5). Here we indicate
the quality of hunting by measuring the “duration of touch,”
defined by the number of consecutive time steps in which at
least one hunter touches the stag. In real life, a short touch duration suggests a hit to the target, but not necessarily a catch,
whereas a long touch duration indicates a greater likelihood
for a real catch or kill, as hunter(s) may have cornered the
stag. Thus, the quality of raw rewards was categorized into 3
classes in terms of touch duration: low (1 time step), median
(2 time steps), or high (3 or more time steps). The percentages of different qualities of rewards in the total rewards were
then measured. Note that this is a post-hoc analysis of hunting
quality based on previous results. The quality of hunting was
not part of the instructions for both humans and models, and
thus neither were optimizing their performance on this metric. The fact that without any instruction, the quality of human
hunting was higher than those of models is further discussed
in the Discussion.
For the set size 2 condition, one-way ANOVA revealed a
significant main effect of player type in both low- and highquality conditions (F(2, 30) = 523.69, p ă .001, η2p = 0.97;
F(2, 30) = 672.49, p ă .001, η2p = 0.98). The post-hoc comparisons showed that humans received low-quality reward

Fig. 6. Results of the entropy of touched target distribution.
less often than the IW model (p ă .001), which received it
less often than the RS model (ps ă .001). On the contrary,
humans received high-quality reward more often than the IW
model (p ă .001) , which received it more often than the RS
model (p ă .001). Similar main effects of player type (F(2,
30) = 576.61, p ă .001, η2p = 0.97; F(2, 30) = 803.57, p ă
.001, η2p = 0.98) were found in set size 4 condition with similar post-hoc comparisons (ps ă .001). These results collectively suggest that human hunters achieved the largest proportion of high-quality hunting, followed by the IW hunters,
while the RS hunters achieved the smallest proportion. Notably, the IW model had a relatively high quality of hunting,
though there was still room for improvement.
Goal Consistency. Beyond task performance, we further
analyzed the goal consistency among hunters in a team
(Fig. 6). Here we measured the entropy of the distribution
of the touched target, of which a lower entropy value indicates a higher convergence or concentration on the same goal
from all hunters. Both set size 2 and 4 conditions showed a
significant main effect of agent type (F(2, 30) = 110.11, p
ă .01, η2p = 0.87; F(2, 30) = 13.38, p ă .001, η2p = 0.44).
For the set size 2 condition, the entropy of the touched target
distribution of humans was higher than that of the IW model
(p ă .001), but was lower than that of the RS model (p ă
.001). For the set size 4 condition, the difference between the
entropy of humans and that of the IW model was not significant (p = .24), but both of them were higher than the entropy
of the RS model (ps ă .01). These results suggested that the
way humans pursued their goals could be better captured by
the IW model than the RS model.

Hybrid Team Simulation
Overview Thus far we have only examined the performance of each type of player within their homogeneous
group. Here, we take one step further to measure how well
they can cooperate with each other to investigate the compatibility between their hunting strategies. We conducted a hybrid
team simulation experiment based on the pre-recorded trajectories of all agents in the human experiment. To see how well
they could cooperate with each other, we replaced a human
hunter with an IW or RS model hunter while leaving the trajectories of all other agents untouched. As the new hunter was
“invisible” to the pre-recorded stags, we expected an overall increase in the performance of the hybrid team compared
to the original all-human team, but we were more interested
to discover whether the models could align their goals with
the rest of the human hunters. We examined the matching
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Fig. 7. Results of the cross entropy of the touched target
distributions between the hybrid teams and the original allhuman team.
of goal consistency by measuring the cross entropy of the
touched target distributions between the hybrid teams and the
original all-human team. If the models can successfully infer the goal of human hunters and cooperate by coordinating
their hunters’ behaviors to commit to the same goal, then the
touched target distribution of the hybrid team would be similar to that of the all-human team with a low cross entropy.
Results For both set size 2 and 4 conditions (Fig. 7), the
cross entropy between the IW-human team and all-human
team was significantly lower than that between the RS-human
team and all-human team. (t(20) = -17.13, p ă .001, d = 7.67;
t(20) = -37.22, p ă .001, d = 16.65). This shows that the
IW model could better “replicate” the intention of the human
player they replaced, than the RS model.

Discussion
The human behavioral results demonstrate a successful expansion of human social perception from individual chasing
tasks to a multi-agent cooperation task involving the integration of perception and planning. We thus show that humans
were indeed capable of, and in fact good at, achieving effective collaboration in a hunting task with multiple temptations. Moreover, this high-level performance in humans was
achieved without any form of explicit communication. In fact,
the only perceptual inputs were the dots moving on the display. This result corroborates the theory that communication
may have only emerged in environments where collaboration
already existed (Tomasello, 2010). Although we did not directly model communication, our results echo the notion that
the more we can achieve without communicating, the more
effective communication will be when we do communicate;
thus supporting that communication can be achieved with
only sparse, highly context-dependent input. This idea is also
highlighted by a recent study showing that a “We” built by
visual common sense takes on much of the heavy-lifting in
communication, thus enabling humans to produce and understand indirect and ambiguous signals in and from few words
(Stacy et al., 2020).
From the overall performance and the entropy analysis, we
saw that cooperation in humans and the IW model were reasonably robust—their teams were consistent in goal pursuit
and their accumulated rewards were well maintained, even
when the number of potential targets escalated. This result
is non-trivial as evidenced by the RS model whose performance plummeted with increased potential targets, despite
the model’s specific training for a large set size. The similarity in performance between humans and the IW model
was further confirmed in the hybrid team simulation, in which
the IW model aligned its goal with human hunters relatively
well. This result is especially noteworthy as the IW model
was purely trained from the MADDPG model combined with
Bayesian inference, but never from human trajectories. The
successful cooperation between humans and the IW model
indicates that both of them are better at coordinating their
actions for achieving a joint goal than the RS model, thus

supporting the claim that shared intentionality is a key mechanism in enabling humans to stay robustly committed in cooperation. Moreover, even though success was defined by the
mere touch of a stag by any hunter, the majority of the human
hunts were of high quality, a characteristic partially reflected
in the IW model hunts. This phenomenon reveals that, to at
least some degree, there is a spontaneous, agreed-upon emphasis on the quality of cooperation in both humans and the
IW model. Cognitively, this may reflect an important strategic
and functional aspect of shared intentionality in the context
of coordination—in real life, cornering a stag is a much more
effective and sophisticated coordination of action to ensure
its capture as compared to a hit. Future behavioral paradigms
could emphasize high-quality kills over low-quality hits, for
calibrating successful cooperation.
In contrast to the IW model, overall the RS model performed less proficiently as the number of targets increased,
showed much lower goal consistency between team members, exhibited a lower level of compatibility when teaming
with humans, and made more frequent touches of lower quality. These results should not be taken lightly, as the MADDPG
algorithm is one of the best models for coordinating multiagent chasing when there is only one target—it is why we employed it as the base model for the IW model. Nevertheless,
this model failed to handle commitment when facing a large
number of targets, which happened to be the most important
aspect of cooperation considered by Gilbert (2006). These results suggest that as collaboration tasks in the real world are
often tempted by many different desires, sharing rewards only
provides a weak constraint on collective behavior. Related to
this challenge, a recent study has demonstrated MADDPG’s
difficulty in handling the free-rider problem—another major
challenge in cooperation (Zhao et al., 2021). The difference
in how the RS model pursued goals as compared to humans is
also consistent with a recent study on human-AI teaming (Siu
et al., 2021). The RL model, based on pure learning, received
lower subjective scores on human-rated performance, teamwork, interpretability, and trust as compared to other models,
though the objective performance of the human-AI team was
identical to other models.
It is nevertheless also true that as compared to the IW
model, humans accumulated more rewards when the set size
increased to 4, achieved high-quality hunts more often, and
showed greater flexibility in goal pursuit in the set size 2 condition, revealing that humans exceeded the IW model in cooperative hunting in both quantity and quality. This reflects
greater flexibility in human cooperative behaviors and may
even reveal other higher-level aspects of shared intentionality
in humans, such as the malleable nature of joint commitment.
For example, human participants, while committed to the collective superordinate intention, might have also believed that
it was not necessary nor efficient to dispatch all three hunters
to one target in cases where two hunters already had control
of the prey. The advantage of having this flexibility is especially conspicuous when there are larger numbers of prey to
hunt, providing more opportunities for humans to efficiently
allocate resources to obtain greater rewards, as evident by humans’ superior performance in the set size 4 condition over
the set size 2 condition. This performance difference between
conditions, however, is not seen in the IW model, likely due to
its rigidity in team structures—its definition of commitment
always assumed the 3 hunters as a group and thus neglected
other potential structurings that allowed for more fruitful reward. We believe that addressing the challenge of how to integrate flexible task assignments while maintaining the constraint of shared intentionality, will be the next step in advancing cooperation modeling in the future.
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Abstract
Children do not learn language from passively analyzing correlations between language and observations, but from interaction with caregivers or peers. The non-nativist approach claims
that the main driver of language learning should be to achieve
communicative goals. Imitation, on the other hand, is another
natural desire that many argue influences language learning.
However, there are still gaps in the research on what roles
communicative goals and imitating linguistic input play in language acquisition, due to the difficulty of performing comprehensive experiments with human learners. In this paper, we
propose a computational framework using simulated experiments that allows us to compare the roles of the two drivers.
Specifically, we simulate a two-way communication game between a speaker, corresponding to a language learner, and a
listener, corresponding to a caregiver or teacher. The speaker’s
communicative goals are modeled as rewards for successful
completion of a referential game, and imitation is performed
by mimicking feedback from the listener. The listener adaptively chooses to give feedback and makes choices based on
the speaker’s utterances.
With empirical results on naturalistic visual and language data,
we find that communicative goals play an important role in
driving language learning, whereas imitation accelerates the
learning process. We also find that (1) models trained with
communicative goals tend to use minimal vocabulary and utterances and overextend them to concepts outside the original
word meanings; (2) the strategy with which the listener provides feedback also influences the learning results and speed.
Code and data for replicating the experiments are available1
to spur future research on models for computational studies of
language learning.
Keywords: Interaction; Language Learning; Referential
Games; Reinforcement Learning; Communicative Goals; Linguistic Input

Square Blue

That's "a blue
square"

That's "an orange
rhombus"

Figure 1: A child and adult playing shared-goal bidirectional
communication games. The child learns from both communicative goals and the parent’s feedback as linguistic input.
On the left, the child uses incorrect word order to describe
the shape in the middle, but the adult understands and gives
corrective input. In contrast, on the right, the child uses “orange square” to describe the shape on the right, but the adult
misinterprets and provides feedback for the shape on the left.

Introduction
Children learn a striking amount of language in their first few
years of life – thousands of sounds, words, grammatical categories, and how to combine them into meaningful utterances.
Unlike most recent machine learning models, which learn
language from static existing text or images (Radford et al.,
2021), very young children do not learn language purely from
observing visual – linguistic co-occurrences, e.g. watching
television (Kuhl, Tsao, & Liu, 2003; Mumme & Fernald,
2003; Anderson & Pempek, 2005; Krcmar, Grela, & Lin,
2007), but rather from interacting with their parents in conversations regarding family members, body parts, animals, foods
and clothing, directed by the interest of the child (Ferguson,
1 https://bit.ly/interactgym

An Orange Square

1977; Ferguson & DeBose, 1977). The challenge is then to
understand how this learning process works and what internal
and external factors influence it.
The most common and straightforward view is that children primarily use language as a tool to communicate (Clark,
2009; Zipf, 1949). Just like learning to use other tools, one
becomes more proficient via trial-and-error. Getting what
they ask for, like asking for “applesauce” and receiving it instead of another object, reinforces the connection between entities and names. Conversely, failing to achieve a goal leads to
a weaker connection or even negative reinforcement. Parents
and adult members of the community also share intentions
with children and respond to children’s requests (Tomasello,
Carpenter, Call, Behne, & Moll, 2005), and thus children
learn language from the use of language (Langacker, 1987).
From this view, language is learned to convey meaning and
reinforced by communicative goals (CG), providing pressure
to learn at least semantics, and perhaps also syntax to allow
for disambiguation of more difficult concepts (Mahowald, Diachek, Gibson, Fedorenko, & Futrell, 2022)
Another way children learn language from their parents is
through imitation, which has been studied for centuries since
Tiedemann (1787). Although parents do not always explic-
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itly point out grammatical mistakes in children’s language,
they offer corrective linguistic input (LI) to children based
on their understanding of the meaning of the children’s utterances (Brown & Bellugi, 1964; Cazden, 1965). As a part
of social learning, children imitate the feedback from their
parents and learn the correlation between feedback and the
meaning they want to express. In this way, the fluency of a
children’s speech improves, but since the parents may not interpret the request correctly, the meaning of the feedback may
align with the children’s intent.
In this paper, we simulate this learning process in the
context of language games, which have been the proving
ground for various linguistics theories since their conception
by Wittgenstein (1953).
Drawing an analogy to the child-parent conversation scenario, we model the child as a speaker agent, which generates
utterances based on the target objects provided by the environment, and the parent as a listener agent, which responses
to the child’s utterances by choosing the objects and/or give
corrective feedbacks. Based on this setup, we study the following research question

Speaker View

Listener View

Speaker says: “dog orange”

Listener hears: “dog orange”
Listener feedback: “an orange dog on a back sofa”

Figure 2: Game View. The speaker and listener have different
knowledge about the game. Because the speaker does not
know the distractor images (the white dog and black cat in
this game), it needs to describe the image so that the listener
could distinguish it from most distractors.

A general goal-oriented language game provides an environment where the participants use language to communicate
with each other to achieve the given goal. We consider the
most basic setting of a collaborative referential game.

Procedure

Can we form a computational speaker model that learns
to speak from a skilled language listener under the communication game setting? What role do communicative
goals and linguistic input play in this process?
Our hypothesis is that communicative goals are the
main driver of language learning in this formulation
(Communication Games section), while linguistic input accelerates the learning process through syntax level supervision. To evaluate this, we use neural networks combined with heuristic rules to model the speakers and listeners (Model section). The learning process is implemented
with a balance of reinforcement learning for CG and maximum likelihood estimation for LI (Learning Process section). We perform empirical experiments on communication
games with MSCOCO (Lin et al., 2014) images and captions
(Experiment section). We find that CG contributes most
to the game accuracy and also helps learning syntax as reflected by a fluency metric. We also find that different listener
strategies also contribute to the success of language learning. Interesting, we also find that overextension in the resulting language of CG-driven models is very common, which
is also common in early children speech (Rescorla, 1980),
while the same phenomenon does not often appear in models
only trained with LI. Our results may provide evidence for
usage-based language acquisition theory, the belief that language is acquired in the service of communicative functions
(MacWhinney & Bates, 1989).

As illustrated in Fig. 2, in a communication game, the target
image of the game x ∼ U (I) is uniformly randomly sampled
from the pool of images I, only visible to the speaker. N distractor images are randomly sampled from a distribution DNx .
The target image and distractors are randomly shuffled before
being shown to the listener to prevent any bias in the order.
We denote the shuffled sequence of images as C̃, and order of
the goal as ig , i.e. C̃ig = x and {C̃i }i̸=ig is a permutation of C.
The speaker (modeling the child) takes the first turn in each
game by describing the image in English. The listener (modeling the parent) then takes one of two actions based on the
utterance u: (1) choose an image î or (2) perform no action
î = noop (e.g. when they do not understand the utterance with
enough confidence). Additionally, at the end of each game,
the listener can choose to provide linguistic supervision to
the speaker. At the end of each game, the speaker receives a
reward based on the listener’s action.

Reward
To model the communicative goals, we give positive rewards
when the game is successful and negative rewards if the listener chooses the wrong image. In addition, we encourage
the speaker to give unambiguous utterances by penalizing the
noop action with a small negative reward −1 < wnoop < 0.2 :


1
R (ig , î) = wnoop


−1

Communication Games
Following previous work on communicative agents learning
to form communication pacts in referential games, we use
asymmetric speaker-listener games (Zhu, Neubig, & Bisk,
2021) with additional feedback channels.

2 We

î = ig
î = noop
otherwise

(1)

use a tighter lower bound of wnoop , so that a random choice
is worse than no action: w > N1 − 1.
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Speaker
As mentioned before, the participants consist of a speaker
and a listener sending and receiving natural language messages. The speaker is a message-producing model defined
by the vocabulary Σ; the space of observations I ; and a
model f : I → Σ∗ . The listener is an instruction-follower
defined by the same vocabulary Σ, observation space I N+1 ,
and space of actions [N + 1] as the speaker; and a model
g : Σ∗ × I N+1 → [N + 1] × σ∗ . Note that the listeners cannot
directly observe the goal, so the speakers need to use instructions to inform the listeners about the goal of each game.

Models
Speaker
The speaker is an image captioning model (Farhadi et al.,
2010; Vinyals, Toshev, Bengio, & Erhan, 2015), which first
encodes the goal image x with a pretrained ResNet (He,
Zhang, Ren, & Sun, 2016), and generates the utterance u =
ui M
i=1 with an LSTM neural network (Hochreiter & Schmidhuber, 1997) in an auto-regressive fashion:
π(ui | u1 , u2 , . . . , ui−1 , x)
∝ exp(wTui LSTM(wu1 , wu2 , . . . , wui−1 , h0 = ResNet(x))),

Algorithm 1 Rule-Based Listener
Require: θ1 , θ2 , Plistener , u, C̃,U ∗
▷ U ∗ is the golden description of images in C
g ← arg maxi Plistener (i | u, C̃)
if Plistener (g | u, C̃) ≥ θ1 then
Make choice flistener (u, C̃) = g
else
flistener (u, C̃) = noop
end if
if Plistener (g | u, C̃) ≤ θ2 then
Give feedback hlistener (u, C̃) = Ug∗
end if ▷ If the confidence is too low, the listener will not
make a choice or give feedback.

(2)

where wui ∈ Rdw is the word embedding of word ui .

Listener
A listener consists of two parts, a neural network-based
ranker and a rule-based controller deciding whether to act and
give language feedback to the speaker.
Given the utterance u, the listener ranks the images C̃ by the
dot product between the LSTM embeddings of u and image
embeddings encoded by the same pretrained ResNet as the
speaker, i.e. for each image C̃i , the score for ranking is
Plistener (i | x,C) ∝ exp(LSTMT (wu )ResNet(C̃i ))

(Hendrycks & Gimpel, 2017), we use the probability of prediction as the indicator of confidence. Alg. 1 has two parameters θ1 and θ2 which control making choices and giving feedback respectively. We will show the dramatic effects brought
by these two parameters on language learning in the experiments. The golden utterances for images U ∗ are drawn from
the captions provided in MSCOCO dataset (Lin et al., 2014).

(3)

where wu is a shorthand for the word embedding of all words
in the sentence. Note that we use the same visual network for
speakers and listeners, ignoring the differences between the
visual perception of individuals, but the parameters language
networks are not the same. We will discuss the method to
acquire these parameters later in this section.
In human conversations, parents use a variety of techniques
when giving feedback, including asking clarification questions and providing exemplar utterances. However, incorporating this open-ended feedback presents a huge challenge
to the computational modeling of speakers. In this paper,
we limit the feedback to full correct utterances for the goal
image, which may be redundant or ineffective in many real
world cases, but is general enough that most other kinds of
feedback can be converted to it. We consider a listener controlled by both neural network rankers (as described above)
and heuristic rules (Alg. 1) which makes a choice when its
confidence is high enough and gives feedback to the speaker
if it thinks the utterance is not articulated well. Following

Listener Pretraining To model learning for a proficient
language user, we need a good enough listener. Apart from θ1
and θ2 as well as the parameters in the ResNet, the parameters
in the language network need pretraining. We use mini-batch
stochastic gradient descent to optimize the following
θlistener = arg max Ex∼U (I),C∼U (I)N log Plistener (ig | x,C) (4)
θ

Learning Process
Objectives
The communicative goals and mimicking linguistic input can
be modeled as two distinct learning objectives for the speaker
network. Similar to children getting rewards from the environment if their request is fulfilled, and penalties otherwise,
we use the expected game rewards as the objective for CG:

OCG = Ex∼U (I),u∼π(u|x),C∼DxN R (ig , flistener (u, C̃)),

(5)

Note that the action space – the space of utterances – is
discrete and non-differentiable, so we employ reinforcement
learning to optimize the speaker policy π. Later in this section we give a brief introduction to PPO (Schulman, Wolski,
Dhariwal, Radford, & Klimov, 2017), the RL method we used
in the experiment.
Children’s language models are reinforced if they recover
the parent’s corrective linguistic input. We thus model this
objective as an maximum likelihood objective which measures parents’ language in children’s models.
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OLI = Ex∼U (I),u∼π(u|x),C∼DxN log π(hlistener (u, C̃) | x).

(6)

This part is optimized with stochastic gradient descent.
To study the joint effect of both objectives, we adopt a multitask learning objective:

Ojoint = λOCG + (1 − λ)OLI

(7)

where λ is the coefficient balancing the two objectives and
correlates with the importance of the CG objective.

Metrics

Optimizing CG objective
Reinforcement learning methods are often employed to optimize non-differentiable objectives. In this subsection, we use
the short hands state s = {ui }t−1
i=1 , action a = ut at time step
t for generating the utterance. The simplest RL method is
policy gradient
LPG (π) = Es,a (π(a | s)R (s, a)).

are trained or pretrained on the training set, and all the results
below are calculated on the test set.
In each game, after sampling the goal image x, the distractors are sampled from either uniform distribution C ∼ U (I )N
(easy and default setting) or from a distribution skewed to the
goal C ∼ DxN , where Dx (y) ∝ e∥xx−yy∥2 and x and y are embeddings from pretrained ResNet (He et al., 2016) (hard setting).

We use two metrics in the following experiments: (1) accuracy: the frequency of the listener choosing the goal among
images; (2) fluency score, which reflects grammar quality of
the sentence without considering semantics relatedness, following (Kann, Rothe, & Filippova, 2018)
fluency =

(8)

As an on-policy method, PG optimizes its policy on the rollout data only once, which is inefficient. We can use importance sampling to reuse the data:
 π

old (π)Aπold + η(π
(9)
LπPG
(π) = Es,a rs,a
old )
s,a
old
π
rs,aold (π)

= π(a|s)/πold (a|s) is the likelihood ratio bewhere
tween the new policy π and the old policy πold used to sample
γ
γ
π
data, As,aold ≜ E[Rt |st = s, at = a; πold ] − E[Rt |st = s; πold ] is
the advantage value function of the old policy πold . However, using this method does not guarantee a policy improvement. Therefore, TRPO (Schulman, Levine, Abbeel, Jordan,
& Moritz, 2015) and PPO (Schulman et al., 2017) are introduced with the basic idea of restricting the policy in a close
distance from the old policy. PPO restricts the policy by a
clipping function (Schulman et al., 2017)3



LCLIP (π) = E min rs,a (π)As,a , F CLIP rs,a (π), ε As,a
(10)
where F CLIP is defined as


rs,a (π) ≤ 1 − ε
1 − ε
CLIP
F
(rs,a (π), ε) = 1 + ε
(11)
rs,a (π) ≥ 1 + ε


rs,a (π) otherwise
(1 − ε, 1 + ε) is called the clipping range, and 0 < ε < 1 is the
parameter. Note that in theory most RL methods can be employed to optimize the CG objective. However, we use PPO
here based on the trade-off of simplicity and relative good
performance. We discuss other RL methods in the related
works section.

Experiment
Game Setup
We use conventional split of MS COCO (Lowe, Gupta, Foerster, Kiela, & Pineau, 2019). All of our neural networks
3 There are two variants of PPO: we refer to the one with clipping function as PPO, and refer to the one with adaptive KL penalty
coefficient as PPO-penalty (Schulman et al., 2017).

1
(ln(pM (u)) − ln(pU (u)))
|u|

(12)

We use GPT-2 large (Radford et al., 2019) as pM and a unigram model as pU , both are fine-tuned/trained on MSCOCO.

What Drives Accuracy?
The first question we want to investigate is which signal is
more important in learning semantically correct descriptions
for the target image. In this paper, we use the listener’s accuracy as a proxy to examine the semantic quality of generated
descriptions. As shown in Fig. 3, the accuracy of the LIonly model tops out at 60%, while models with the CG objective have significantly higher accuracy. However, the CGonly model needs about 400k steps to warm-up before dramatically improving on the similar performance of the combined model. With the help of LI, the CG+LI model (where
λ = 0.01 is the best hyperparameter, used in all CG+LI models) not only has a faster improvement at the start of training,
but also achieves higher accuracy then CG-only model. From
this result, we can see that CG is the main driver for conveying accurate information. The communication goal signal
steers the model to output pragmatical descriptions that help
the listener choose the correct target. In the hard setting, the
CG+LI model and CG-only model both achieve 74% accuracy while the LI-only model only reaches 59%, which is a
similar trend as the easy setting, thus confirming our conclusion still holds even if more detailed descriptions are needed
for the game.

What Factors Help Fluency Learning?
The second question to investigate is which signal helps the
speaker to learn to produce fluent language. Fig. 4 shows that
LI is the main driver for learning to speak more fluently. The
likely reason for the decreasing fluency of the CG-only model
is the vocabulary shrinks and concentrates on a few words instead of all frequent ones in MSCOCO. In contrast, learning
from linguistic inputs helps the model to fit the natural distribution of words. Later in this section, we will talk about
the overextension of CG driven models. The improvement
brought by LI may be the reason why CG+LI model does not
need a warmup in Stage I in Fig. 3.
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Figure 3: Accuracy change along training steps. We divide the training process into three stages. In Stage I (0-400k step),
linguistic input leads to much steeper learning curve. In Stage II (400-1000k step) models with only linguistic input start to
flatten out, but models driven by communicative goals continue to improve. And finally in Stage III (>1000k steps), models
driven by communicative goals converge to a higher average reward than models with only linguistic input.
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Figure 4: Fluency change along training steps. CG-only
model decreases from 0.4 to -0.4, while CG+LI climbs from
-0.5 to 1.25, and LI-only model climbs from -0.5 to 0.75.

Does the Listener’s Strategy Affect to Learning?
In all previous experiments, we present results with θ1 = 0.4
and θ2 = 0.9 as the the thresholds for the listener strategy. In
Fig. 5 we show the influence of these two parameters on the
model’s final accuracy. We find that the performance is very
sensitive to the listener strategy. A small 0.05 change results
in the difference between the best result and failure.

Overextension Phenomenon
Besides the experiments on CG and LI’s influence on language learning, a signifcant difference between CG-driven
models and LI-only model is overextension.
To explore this, we randomly choose several nouns in
the empirical vocabulary (words that exist in utterances) of
CG+LI model. Most words exhibit intuitive cases of overextension. Some are based on color similarity, e.g., court; some

1

Figure 5: The influence of listener parameters to the accuracy
of CG+LI model. Darker indicates better result, and 0.33 is
the trivial accuracy since N = 2 in our experiments. Only
showing the lower triangle, since θ2 ≥ θ1 in Alg. 1. The
best parameters are the triangle region on the center left, and
parameters outside it easily lead to failure.

are based on shape similarity, e.g. horse, giraffe, kite; while

1355

others are based on texture similarity, e.g. couch, pizza. We
hypothesize there are a few possible reason for overextension
in the model: (1) the shared visual perception – similar images to the speaker also look similar to the listener; (2) lack
of linguistic inputs – with limited vocabulary, the RL model
tests the acceptability of similar concepts; (3) the generality
of the listener – the listener can understand the utterances just
as we can interpret these errors. Although the models are
making these errors, it may not necessarily be a bad thing.
This phenomenon accounts for 40% of words used by 1;6 to
2;6 children (Rescorla, 1980). This shows our formulation
may be a good model of child language acquisition.

couch

court

Related Work
giraffe

Emergent Communication
Without natural language annotations, this pressure for the
speaker and listener enables language emergence. (Batali,
1998) first uses the same recurrent neural networks as the
speaker and the listener to conduct emergent communication in referential game. Following their lead, (Lazaridou,
Peysakhovich, & Baroni, 2016) study how emergent languages are grounded to the input images, and (Cao et
al., 2018) studies multi-turn communication via negotiation.
(Chaabouni, Kharitonov, Bouchacourt, Dupoux, & Baroni,
2020; Gupta, Resnick, Foerster, Dai, & Cho, 2020) study
the compositionally and systematicity of emergent languages.
(Lazaridou, Potapenko, & Tieleman, 2020) also explore the
setting of training speaker with both reinforcement learning
and MLE in referential games. To build a model that can communicate with humans, they start with a pretrained language
model and use ground truth data of games in the experiment.
Whereas we start from randomly initialized speakers and do
not allow listeners’ access to the goal to study language learning from scratch in the communication games.

Reinforcement Learning for Language Generation
Different reinforcement learning methods have been applied
to language generation. On-policy methods include REINFORCE (Ranzato, Chopra, Auli, & Zaremba, 2015; Li
et al., 2016), actor-critic(Bahdanau et al., 2016; Rennie,
Marcheret, Mroueh, Ross, & Goel, 2017), policy gradient
(Paulus, Xiong, & Socher, 2017; Wu, Tian, Qin, Lai, & Liu,
2018; Chen & Bansal, 2018), and off-policy methods include
importance weighted policy gradient (Kandasamy, Bachrach,
Tomioka, Tarlow, & Carter, 2017; Zhou, Small, Rokhlenko,
& Elkan, 2017; Pang & He, 2020), Q-learning (Jaques et
al., 2020), and soft Q-learning (Guo, Tan, Liu, Xing, & Hu,
2021). In this paper, we use the most commonly used onpolicy method PPO to optimize the CG objective. Experimenting with other methods is an interesting future direction.

horse

kite

pizza

Figure 6: Overextension phenomenon visualized on part of
the noun vocabulary learned by the CG+LI model. Images
are cropped for visualization.

in terms of conveying meaning and syntax learning. We also
find that listener’s strategy is important for language learning.
This sheds light on child language learning – language usage
may be the main driver, but without linguistic inputs language
may be slow to acquire. Additionally, the adults’ strategy in
responding to the children’s request is also important. Future
work could further confirm this intuition by teaching human
subjects (new) language with the best listener setting.
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Abstract
Human adults can figure out what happened by combining evidence from different sensory modalities, such as vision and
sound. How does the ability to integrate multi-modal information develop in early childhood? Inspired by prior computational work and behavioral studies with adults, we examined
3- to 8-year-old children’s ability to reason about the physical trajectory of a ball that was dropped into an occluded
Plinko box. Children had to infer in which one of three holes
the ball was dropped based on visual information (i.e., where
the ball landed) and auditory information (i.e., the sounds of
the ball colliding with parts of the box). We compare children’s responses to the predictions of four computational models. The results suggest that although even the youngest children make systematic judgments rather than randomly guessing, children’s ability to integrate visual and auditory evidence
continues to develop into late childhood.
Keywords: mental simulation, intuitive physics, vision, audition, cross-modal integration, heuristics

Introduction
Humans are good at figuring out what happened. From some
rocks on the ground, a geologist infers when the Ice Age began, and from a bullet hole in the wall, a forensic scientist
figures out who committed the crime. Remarkably, the ability to reconstruct “what happened” is not limited to those with
expert knowledge. Without degrees in geology or forensic
science, people routinely use sparse evidence to draw rich
inferences about the past. For example, adult participants
can infer what path someone took based on the location of
cookie crumbs on the floor (Lopez-Brau et al., 2020), or infer
whether there is an object or an agent behind a curtain based
on the pattern of sounds that were generated (Schachner &
Kim, 2018; Kim & Schachner, 2021). The scope of such inferences extends beyond the physical world: from the surprised look on a friend’s face, we can infer that something
unexpected must have happened (Wu et al., 2021), and when
one person gets blamed more than another, we get a sense for
what each person must have done (Davis et al., 2021).
Recent computational work has examined how adult participants use their intuitive understanding of the physical world
to infer what happened in the past (Smith & Vul, 2014; Gerstenberg, Siegel, & Tenenbaum, 2021), explain what happened in the present (Gerstenberg, Goodman, et al., 2021),
predict what happens next (Smith & Vul, 2012; Battaglia et
al., 2013), or plan to take actions that bring about desired outcomes (Allen et al., 2020). This work assumes that people’s

mental model of the physical world is similar to the kinds of
physics engines that are used to generate physically realistic
interactions in modern computer games (Ullman et al., 2017;
Gerstenberg & Tenenbaum, 2017, but see Ludwin-Peery et
al., 2021).
Critically, reconstructing the past often involves an integration of different cues that can span multiple modalities.
Consider, for instance, the Plinko box at the top of Figure 1.
Although you could guess in which hole the ball was dropped
just based on where it landed in the sand, you could make a
better guess if you had also heard the sounds it made when
it was dropped. Gerstenberg, Siegel, & Tenenbaum (2021)
tested adult participants’ inferences in this task. In the ‘vision’ condition, participants only got to see the final location
of the ball. In the ‘vision & sound’ condition, the box was
first covered up and participants heard what sounds the ball
made as it was dropped. The cover was then removed so that
participants saw where the ball landed, and they were asked
to figure out from which hole the ball was dropped. Adults
were more accurate at figuring out in which hole the ball was
dropped when they had access to both visual and auditory information rather than visual information only (Figure 1 bottom).
Despite recent advances in understanding the cognitive
processes that support such integration of multiple sensory
cues, little is known so far about how these inferences develop
in early childhood. Recent proposals suggest that adults’
ability to simulate physical events may be rooted in earlyemerging knowledge about the physical world (Lake et al.,
2017). Decades of developmental research have found that
even infants have an intuitive, theory-like understanding of
the physical world that may provide the foundations for these
inferences (Spelke et al., 1992; Ullman & Tenenbaum, 2020).
From this perspective, one might predict that the ability to
integrate different cues to reason about physical events may
also emerge relatively early in life.
However, existing work suggests that young children struggle with integrating multiple sources of information until late
childhood. For instance, one study has examined children’s
ability to integrate visual and haptic information by having
them discriminate the size and orientation of physical blocks
(Gori et al., 2008). While 8- to 10-year-olds readily integrated the evidence in a statistically optimal fashion, weighting each modality appropriately based on its reliability, chil-
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In which hole was the ball dropped?
1

2

nitive processes may be involved in multi-modal inference.
Given that prior work has found early competence in drawing
inferences from sensory information in preschool-aged children (Siegel et al., 2021; Hood, 1995) as well as difficulties in
later childhood in multisensory integration (Gori et al., 2008),
we targeted a relatively wide age range – from age 3 to 8 –
to capture potential developmental change. We expected that
while younger participants might understand the task and respond systematically, children may not yet be capable of running mental simulations that integrate vision and sound until
early school-aged years.
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2

3

vision & sound

Figure 1: Illustration of the simulation model. To infer in
which hole the ball was dropped, the model simulates where
the ball would end up for each hole, and what sounds it would
make along the way. The densities in the middle row summarize the outcomes of many simulation runs; the paths indicate
the ground truth. The plots show adult participants’ inferences (bars) and the model’s posterior belief (points) based
on visual information only (left) versus both visual and auditory information (right). On this trial, the ball was in fact
dropped in the middle hole (hole 2).

dren younger than 8 years of age struggled to do so. Their
responses were dominated either by vision or touch regardless of reliability. Yet, this study focused on online integration of visual and haptic information for making fine-grained
perceptual distinctions (e.g., which object is taller?), rather
than examining children’s ability to reason about unobserved
events.
More recent work provides some insights into young children’s ability to reason about physical states of the world
based on sensory information. For instance, 4- to 8-year-olds
can use sound to discriminate between multiple hypotheses,
and the duration of their exploration (i.e., shaking the box to
figure out how many objects are inside) reflects the difficulty
of teasing apart different hypotheses (Siegel et al., 2021). By
6 years of age, children can readily infer whether the water
was hot or cold from the sound of the water being poured
into a glass (Agrawal et al., 2020). These studies focused on
whether children can use information from a single sensory
modality (e.g., sounds), leaving open the question of how
they might integrate multiple cues from different modalities.
In this paper, we adapt the Plinko task to study how children develop the ability to draw inferences about what happened based on visual and auditory information. This task
offers a simple and intuitive way to assess causal inferences
while allowing researchers to flexibly manipulate what sensory information is available. It also allows us to compare
children’s responses to the predictions of different computational models that can help us better understand what cog-

We consider four different computational models that make
different assumptions about the underlying cognitive processes by which children reach their judgment. We illustrate
the predictions of each model based on the example shown in
Figure 1. The predictions of each model across the nine test
trials in the experiment reported below are shown in Figure 2.
Guessing model The simplest possibility is that children
might randomly choose one of the three holes. The guessing
model implements this prediction by assigning an equal probability to each of the three holes. Such responses may suggest
that children did not understand the setup or the task.
Matching model A second possibility is that children
might use a matching strategy, and be more likely to choose
a hole that is closest in spatial proximity to where the ball
landed (ignoring the obstacles in the box). This model is inspired by prior research on the ‘gravity bias’ which demonstrated children’s tendency to assume that objects fall straight
down. Children show this bias even when an object is
dropped into a curved tube that makes it such that the object ends up in a bucket that’s not underneath where it was
dropped (Hood, 1995).
The matching model assigns a probability to each hole
based on the horizontal distance between the center of the
hole and where the ball ended up. The closer the ball is to
the center of a hole (along the x-axis), the more probability
the model assigns to that hole. The model turns the distance
between hole and ball into a likelihood via a Gaussian loss
function centered at the location of the ball. We fitted the
standard deviation in the loss function to maximize the likelihood of the data. The matching model can be thought of
as a graded version of the gravity bias. A child who makes
responses that are best explained by this model might have
understood the goal of the task, but may have ignored the obstacles in the box as well as the sounds that the ball made. In
Figure 1, the matching model predicts that it was most likely
that the ball was dropped in hole 3.
Simulation model (vision) Another possibility is that children solve the task by running mental simulations that take
into account only the visual information. Gerstenberg, Siegel,
& Tenenbaum (2021) developed a computational model of
the Plinko task that is illustrated in Figure 1. Their model
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Figure 2: Model predictions across the nine test trials. The boxes at the top show the ball’s trajectory for each hole. The red
balls indicate where the ball was actually dropped and where it landed. Bar plots under each box show model predictions. The
‘guessing’ model predicts all holes are equally probable in all trials. The ‘matching’ model assigns probability for each hole
given the horizontal distance between the hole and the ball’s final location. The ‘simulation (vision)’ model infers in which
hole the ball was dropped by running simulations that take into account the final position of the ball. The ‘simulation (vision
& sound)’ model also considers the sounds that the ball made when it was dropped. For example, in trial 2, the ‘simulation
(vision & sound)’ believes that the ball was dropped in hole 1, whereas the other models are less certain about what happened.
runs physical simulations of what would happen if the ball
was dropped into the different holes (Figure 1, middle row)
while accounting for the uncertainty in how exactly the ball
is dropped (“drop noise”) and how it might collide with an
obstacle (“collision noise”). In one of their experiments,
Gerstenberg, Siegel, & Tenenbaum (2021) tested this model
against participants’ predictions of where the ball would land
if it was dropped in the different holes. They found that
participants systematically underestimated how far the ball
would go after it collided with an obstacle, and the model
captured this by assuming a biased collision noise. The density distributions in the middle row of Figure 1 summarize
where the model believes the ball would end up if it was
dropped into the different holes. As the density for hole 1
(in blue) shows, the simulation model underestimates how
far the ball would go (as indicated by the dotted path that
shows the ground truth). In some of the simulated runs, the
ball ends up on the left side of the triangle, while in others
it ends up on the right side. Based on the simulated trajectories, the model then computes the likelihood of the observed
data (i.e. the x-position of where the ball landed in the actual situation) conditioned on each hole by considering how
close the ball in each simulated run ended up to where it actually landed. By combining this likelihood with a uniform
prior over the different holes, the model computes a posterior belief about where the ball was dropped. In Figure 1, the
simulation model with only visual information assigns most
probability to hole 3 (bottom left plot).
Simulation model (vision & sound) Finally, we consider
the possibility that children are integrating both visual and auditory information in their inferences. Gerstenberg, Siegel, &
Tenenbaum’s (2021) model encodes the auditory information
as a vector that contains the time points at which collisions
happened. For example, consider that in the actual situation,
the ball collided with an obstacle at t = 50, and then landed
in the sand at t = 78. The model then compares what this

vector looks like in each simulated run, with what happened
in the actual situation. When the model considers hole 1 in
Figure 1, the simulated drops end up generating three sounds
(a first collision with the pentagon in the top left, another collision with the triangle, and then the sound of the ball landing in the sand). To compute the likelihood of the auditory
data, the model considers how close the sounds of a simulated
run match the sounds that were actually heard (the likelihood
function includes a penalty when the number of sounds in the
simulation doesn’t match the number of sounds that actually
happened). The model then computes a posterior over the different holes based on a likelihood function that is sensitive to
both the visual and auditory evidence. In Figure 1, the simulation model that considers both visual and auditory information infers that the ball must have been dropped in hole 2
(bottom right plot). Even though the ball ended up right underneath hole 3, the fact that there was a collision sound with
an obstacle rules out the possibility that it was dropped from
that hole.

Experiment
In our experiment, we study children’s ability to make inferences from visual and auditory evidence across a number of
different Plinko boxes just like the one in Figure 1. The experiment was pre-registered via the OSF (https://osf.io/
rjwqa). You can access all the materials, data, and analysis
here: https://github.com/cicl-stanford/whats-that
-sound

Methods
Participants We recruited 64 participants between 3 to
8 years of age (Meanage = 5.56; the number of children in each age group ranged from N = 10 to N =
12) via online advertisements on Facebook and https://
childrenhelpingscience.com. The demographics of our
sample were as follows: gender: 32 female, 31 male, 1 preferred not to answer; race: 34 White, 11 Asian, 3 Hispanic or
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Figure 3: The sequence of events on a test trial. a) Participants saw an open Plinko box (location of obstacles were visible) as
Elmo appeared in the middle of the box holding a ball. b) The box was then covered to occlude its contents. c) A curtain was
drawn to cover Elmo, and participants heard the sounds of the ball as Elmo dropped it into one of the holes. A ‘beep’ sound
was played when Elmo released the ball. A collision sound (‘boom’) was played whenever the ball hit an obstacle. A ‘chick’
sound was played when the ball landed in the sand. In this case, Elmo dropped the ball in hole 2. d) The final location of the
ball was revealed and participants were asked: “In which hole did Elmo drop the ball?”
Latino, 2 Black or African American, 6 Asian and White, 4
Hispanic/Latino and White, 1 Hispanic/Latino and Pacific Islander, 1 Asian and Hispanic/Latino, 2 participants preferred
not to answer. Participants received a $5 gift card as compensation. Twelve additional participants were excluded for
failing comprehension check questions (4), environmental interference (1), technical difficulties (4), or opting out (2).
Materials The physical simulations of the Plinko box were
created using PyMunk and rendered in 3D with Unity. The
sounds were pre-recorded collision sounds that were played
at the time at which the collisions happened in the physical simulation. Animations of Elmo interacting with the box
were added using Apple Keynote.
Design Participants viewed 9 test trials that were presented
in three pseudo-random orders (see Figure 2). The trials varied in the positioning of the obstacles in the box, in which
hole Elmo dropped the ball, the number of obstacle collisions
(between 0 and 3), and how far the ball lands from the hole
in which it was dropped. We selected these trials because the
different models make different predictions, thereby allowing
us to make inferences about what model is most consistent
with individual participants’ responses across the trials.
Procedure The experiment was conducted online via Zoom
using https://slides.com/ for stimulus presentation. The
study progressed through a familiarization phase, a comprehension check phase, and then a test phase.
In the familiarization phase, children first saw Elmo dropping the ball once from each of the three holes in an uncovered box. They saw physically realistic animations of the
ball’s movements in the box, and also heard the sounds that
the ball made as it collided with the obstacles and landed in
the sand. This was to ensure that children understood the relevant physical properties of the task. The experimenter then
drew children’s attention to the different holes (by referring to
each hole using the color cues) and the obstacles in the box.
The experimenter said that Elmo had many similar boxes that

have obstacles in different locations, and that are played with
in the same way. Then a second box appeared, with obstacles
in different locations, and the experimenter brought children’s
attention to the sounds. After Elmo dropped the ball in each
hole, the experimenter highlighted the different sounds the
ball made: ‘beep’ (when the ball was released), ‘boom’ (when
the ball hit the obstacles or the walls) and ‘chick’ (when the
ball landed in the sand). Each drop was looped three times to
ensure that children heard the sounds.
In the comprehension check phase, children watched three
more animations of Elmo dropping the ball. In each animation, children were able to see in which hole Elmo dropped
the ball. After dropping the ball, Elmo disappeared behind
the box. In the first animation, the box was uncovered (like in
Figure 3a). In the other two animations, the box was covered
(like in Figure 3b) so that children could not see the obstacles
or the trajectory of the ball as it fell through the box, but could
still hear the sounds it made. The cover was then removed so
that children saw the final position of the ball (like in Figure 3d). After each animation, children were asked the test
question: “In which hole did Elmo drop the ball?”. Children
responded by saying “blue”, “yellow”, or “green”.
The test phase was similar to the comprehension check
phase, with one critical difference: a curtain appeared before Elmo dropped the ball, meaning that participants were
unable to see in which hole Elmo dropped the ball. Figure 3
illustrates the sequence of events on each test trial.

Results
We will first discuss how children’s accuracy in the task develops with age, and then compare children’s responses to the
predictions of our different models.
Accuracy Figure 4 shows participants’ accuracy in the task
as a function of age. Overall accuracy increased with age (β
= 0.22, 95% credible interval [0.11, 0.33]). However, only 8
year old children’s accuracy was reliably above chance (59%
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Figure 5b also shows adults’ inferences across these nine
trials. Adults’ responses in the vision condition – where they
only received visual evidence – were best explained by the
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that the ball made as it was dropped before they saw its final
location, their responses were best explained by the ‘simulation (vision & sound)’ model.

30

80%
60%
40%
20%
0%

3

4

5

6

7

8

9

adult
adult
vision vision & sound

age (in years)

Figure 4: Average accuracy as a function of age. For adults,
the results are shown separately for participants who only had
visual evidence, or who had both visual and auditory evidence. Note: Error bars show 95% bootstrapped confidence
intervals for each age group.

[44%, 73%]). It’s worth noting though that even adult performance in this task was not at ceiling. As Figure 4 shows, the
accuracy of adult participants who only received visual information (i.e. who only saw the final location of the ball
but didn’t hear the sounds it made when it was dropped)
was not above chance. Adult participants who had access
to both the visual and auditory information achieved an accuracy of around 70%. Even if children were integrating the visual and auditory information by using mental simulation, we
would still expect them to get certain trials wrong. Simulating
doesn’t necessarily mean getting it right in this task. This is
because, as mentioned above, even adult participants tended
to underestimate in their simulations, how far the ball would
go after it collided with an obstacle. For example, in Figure 2
trial 8, the ball was actually dropped in hole 3. However, the
‘simulation (vision & sound)’ model assigns the highest probability to hole 1. Because people underestimate how far the
ball goes after the collision, hole 1 is a better explanation than
hole 3 (and the fact that the sound of the ball colliding with
an obstacle happens a little later for hole 1 than for hole 3 is
not sufficient to counteract the visual evidence that strongly
favors hole 1).
Model comparison To gain more insight into what strategies children were using to solve the task, we compared children’s responses to the predictions of our computational models. Figure 5a shows for each participant how well each
model captured their responses. To compute the posterior distribution over models, we assumed a uniform prior over the
different models, and then computed the likelihood of a participant’s responses across the nine trials under each model.
Figure 5b shows the posteriors averaged for each age group.
Qualitatively, the results show that random guessing was not
the predominant response even in the youngest group of children (e.g., only 20% in 3-year-olds); rather, their strategy was
more consistent with matching (60%). Additionally, while
children’s responses were increasingly consistent with the
predictions of the mental simulation models, especially between 6 to 8 years of age, the ability to consider both visual
and auditory evidence was clear only in 8-year-olds (47%).

General Discussion
The current work examined whether children can infer what
happened by integrating visual and auditory evidence, and
how this ability develops in early childhood. We modified
the Plinko task (Gerstenberg, Siegel, & Tenenbaum, 2021)
to compare 3- to 8-year-olds’ behavioral judgments against
the predictions of four computational models. The results revealed a clear developmental trend: between preschool and
early school-age years, children’s accuracy in the task increased with age.
Critically, comparing children’s responses against computational models revealed more than just an increase in accuracy. Even though children were performing roughly “at
chance” until age 7, our analysis shows that almost none of
the children were randomly guessing. Instead, younger children showed a reliable tendency to choose the hole that was
closest to where the ball ended up. This matching strategy
is consistent with prior work on the gravity bias, suggesting
that young children tend to believe that a dropped object ends
up straight underneath where it was dropped (Hood, 1995;
Tecwyn & Buchsbaum, 2018). There were a number of children (including some 3-year-olds) whose responses were consistent with mental simulation based on visual information.
By age 8, the majority of children’s responses were consistent
with having relied on mental simulation, with a large proportion seemingly having considered both visual and auditory
evidence to infer what happened.
In our task, the majority of younger children, before age
6 to 7, relied on a matching strategy, suggesting that they did
not reliably engage in simulation to make accurate inferences,
and even when they did, failed to integrate vision and sound.
This stands in stark contrast to the performance of adult participants who had access to both visual and auditory information, and whose judgments were most consistent with having
relied on mental simulation. Given the early-emerging understanding of the physical world (Spelke et al., 1992; Ullman &
Tenenbaum, 2020), what makes this task so challenging for
children?
First, young children’s knowledge of real-world physics
may not yet be robust or precise enough to run accurate mental simulations. The Plinko task involves a ball that travels downward, making it particularly challenging for children who may be susceptible to gravity bias. This property
of our task may have masked younger children’s capacity to
run mental simulations. Prior work has shown that the gravity bias disappears when children see videos in which objects
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Figure 5: Posterior distribution over the different models for a) individual participants (with participant index on the x-axis),
and b) across age groups (including model fits for adult participants who either only had visual evidence, or both visual and
auditory evidence). Participant 1’s responses, for example, were most consistent with ‘guessing’ (65%), and with ‘matching’
(33%). This child chose the following holes in the nine trials shown in Figure 2: [2, 3, 1, 2, 3, 1, 2, 2, 2]. Participant 31’s
responses were most consistent with ‘simulation (vision & sound)’ (99%). This child chose the following holes: [1, 1, 3, 3, 3,
2, 2, 3, 2]. Across age groups, 3- to 5-year-olds’ responses were most consistent with ‘matching’ (58% on average), whereas
6- to 8-year-olds’ responses were increasingly consistent with relying on simulation (55% on average). 8-year-olds’ responses
were most consistent with having relied on simulation that considers both visual and auditory evidence (47%).
move from the bottom to the top (Hood, 1998), or when children are asked to think about objects moving on a horizontal
plane (Hood et al., 2000). Indeed, recent work suggests that
even younger children (i.e., 6- to 8-year-olds) may engage in
counterfactual simulation to reason about physical events in
scenarios that do not involve gravity (Kominsky et al., 2021).
A simplified version of our task that minimizes the gravity
bias may reveal that even younger children have the ability to
infer what happened through mental simulation.
Second, children’s ability to integrate visual and auditory information might still be developing during this period.
Given prior work showing that 8- to 10-year-olds have difficulty integrating visual and haptic information (Gori et al.,
2008), it is not surprising that children in our study had trouble to integrate visual and auditory information before age 7
or 8. While it is difficult to directly compare children’s performances across these tasks, the results suggest that multimodal integration may be challenging for younger children.
In the Plinko task, visual information is available at the time
of judgment but auditory information is not; children in our
task had to encode and remember the number, type, and timing of the sounds to figure out what happened. Developing
ways to reduce such extraneous demands might be useful for
studying children’s ability to integrate information from multiple sensory modalities.
Children’s responses in our oldest age group (8-year-olds)
were more consistent with having relied on a mental simulation that considers both vision and sound than with any of
the other models we considered. The extent to which people
actually engage in physical reasoning via mental simulation
remains an active topic of research. Some argue against this
account, suggesting that humans not only employ heuristics
to perform complex physical tasks but also exhibit system-

atic biases in their intuitive physical reasoning (Davis & Marcus, 2016; Ludwin-Peery et al., 2020). Although some effort has been made to accommodate these biases into rational
probabilistic Bayesian reasoning models (Zhu et al., 2020),
the concerns still persist (Ludwin-Peery et al., 2021). The
current work contributes to this debate by exploring the development of these abilities, finding suggestive evidence that
children, by 7 to 8 years of age, are capable of engaging in
simulation of physical events in ways that integrate multiple
channels of sensory information. Additional methods, such
as eye-tracking, could shed more light on the role that mental
simulation plays in causal inference.
While our model comparison approach provides deeper insights into how children may be performing the task, this approach also has some limitations. For example, the current
results merely indicate how well different models are doing
relative to one another, leaving open the possibility that some
children solved the task by relying on a strategy that we didn’t
consider here. Furthermore, although the four different models represent different strategies for solving the task, the models themselves do not explain what cognitive capacities might
develop with age to give rise to this developmental change.
In sum, the human ability to engage in mental simulation
has been a longstanding topic of research in cognitive science.
The current work suggests that even young children’s reasoning about past events may show signatures of simulation that
consider not only visual but also auditory information, and
that such tendency increases throughout early childhood. Although children’s responses may often reflect mistakes and
appear to be “at chance”, combining computational and developmental approaches can help us look underneath the veil
of chance-level performance and provide novel insights into
children’s ability to reason about what happened and how.
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Abstract

(Tamis-LeMonda et al., 2012). Therefore, the inherent richness of language input from picture book reading made it a
critical training ground for language learners.

Picture book reading is a common word-learning context from
which parents repeatedly name objects to their child and it has
been found to facilitate early word learning. To learn the correct word-object mappings in a book-reading context, infants
need to be able to link what they see with what they hear. However, given multiple objects on every book page, it is not clear
how infants direct their attention to objects named by parents.
The aim of the current study is to examine how infants mechanistically discover the correct word-object mappings during
book reading in real time. We used head-mounted eye-tracking
during parent–infant picture book reading and measured the
infant’s moment-by-moment visual attention to the named referent. We also examined how gesture cues provided by both
the child and the parent may influence infants’ attention to the
named target. We found that although parents provided many
object labels during book reading, infants were not able to attend to the named objects easily. However, their abilities to
follow and use gestures to direct the other social partner’s attention increase the chance of looking at the named target during parent naming.
Keywords: picture book reading, word learning, visual attention, gesture

Introduction
Shared picture book reading is a naturalistic context in which
parents read an illustrated book to their child (see e.g., Levy et
al., 2006). It is one of the common daily activities for young
children and it has been found to have many long-term benefits including parent-child bonding (Barratt-Pugh and Rohl,
2015), reading and literacy skills (Sulzby and Teale, 1987),
academic achievement (Sénéchal et al., 1998) and learning
to sustain attention (Lawson, 2012). According to a largescale survey study, many parents begin to read to their children shortly after birth and about 95% of parents of children
ages 18 to 23 months report reading books to their infants at
least once or twice a week and 50% of them reported reading
books at least once a day (Young et al., 1998).
Word learning does not happen in a vacuum. Instead,
infants acquire lexicon through learning from their everyday experiences. Shared picture book reading is a context
that provides children a rich source of linguistic information. Texts in individual picture books generally contained
more unique word types than length-matched, child-directed
conversations, suggesting language benefits associated with
diverse linguistic input (Montag et al., 2015). In addition,
the language experience that derives from the text of picture books may be important not only in light of the linguistic properties of printed text but also the social context
in which text appears. Compared with speech in other activities, parent speech during shared book reading is dense,
structurally complex, lexically diverse, and high in questions

The link between successful word learning and shared
picture book reading is well established, but the process in
which children learn new vocabulary from such experiences
has been largely neglected in the literature. Specifically, to
learn the correct word-object mappings in picture book reading context, young children need to be able to link what they
see with what they hear. However, children’s books usually
portray complex scenes with multiple objects on each page.
When parents label an object on a book page, it is not clear
how children direct their attention to the named object given
there are multiple potentially correct referent on a book page.
Evans and Saint-Aubin (2013) investigated how eye movements in shared picture book reading are related to the timelocked spoken language input. They found that 4-year-olds
did look at the target region of the illustration after the critical word was spoken by the reader. However, it took them 4–5
seconds on average to do so. Given that adults read aloud at
a rate of almost 200 words per minute (about three words per
second; Ashby, Yang, Evans, and Rayner, 2012), children’s
eye movements may be too slow to keep up efficiently with
the reader’s spoken language output. Children are facing a
real-time challenge of mapping the heard label with the right
object in view during book-reading interactions.
How do children successfully learn words from this seemingly difficulty task? More specifically, given the fast-paced
nature of book reading interactions, how do children attend
to correct information at the right time of naming? One possibility is that children may need to rely on other cues to integrate the audio-visual input they perceive. There are multiple factors simultaneously influencing what the child is seeing and hearing at the moment of naming. Previous studies
have explored the many possible pathways through the use of
cues from social (Baldwin, 1993; Bloom, 2002; Tomasello,
2000), linguistic (Gleitman, 1990), attentional (Smith, 2000),
and conceptual (Gentner, 1982) constraints. One of such cues
that has been studied extensively and found to support word
learning is hand gesture. Deictic gestures, such as pointing,
can highlight the correct referent ostensively and offer crucial
clues for infants to locate the intended referent when facing
referential uncertainty (Rowe et al., 2008). Because deictic
gestures provide an easier pathway for infants to identify and
integrate the audio-visual information (Cook et al., 2008),
they have been found to facilitate language comprehension
(Morford and Goldin-Meadow, 1992).
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Figure 1: Experimental setup. Child’s (A) and parent’s (B) first-person views with eye images superimposed on the upper-right
corner. Crosshair indicates where each agent looks.

Current study

sistently chose a subset of objects to name.

Although there is a large amount of literature focusing on various aspects of word learning in book reading context, there
have been relatively few experimental studies examining realtime visual attention in parent-infant picture book reading
among very young children (less than two years of age). The
goal of the current study was to quantify word learning input and provide a mechanistic account of how correct wordobject mappings may be established in the context of book
reading. Towards this goal, we recruited 18-to-24 month-old
children and their parents and fitted them with head-mounted
eye trackers to capture both the children’s and the parents’
first-person views while parents read several picture books to
their children for 15 minutes. To quantify the learning input, we analyzed parental linguistic input as well as sensorymotor level behaviors of eyes and hands from both agents.
We tested three specific hypotheses:
• Hypothesis on linguistic input: we coded parents’ speech
utterance during picture book reading and identified a subset of naming utterances in which caregivers labeled an
object on the book. We quantified the linguistic input by
measuring how many labels parents provide, how quickly
they provide those labels and what labels they provide. We
predicted that parents produce many naming instances during book reading in a relatively fast-pace nature, providing
learners a lot of word learning opportunities. Even though
there are many objects on every single book page, they con-

• Hypothesis on child attention during naming: where children look during naming is critical for building the correct word-object mappings. To answer this question, we
analyzed the child’s real-time gaze patterns during naming moments. Given the fast-paced nature of book-reading
interactions, we predicted that infants may not be able to
attend to the named object on a page very easily.
• Hypothesis on role of gestures: we next measured how
likely parent and child gesture and whether gestures increase infant’s attention to named target. We predicted that
both parent and child gesture quite frequently in picture
book reading. Infant’s abilities to follow parent’s gestures
and use gestures to direct parent’s attention could increase
the chance that infants look at the right target during parent
naming.

Method
Participant
Participants were 16 parent-child dyads who resided in Midwest, U.S.A. All children (12 female) were between the ages
of 18 and 24 months (M = 19.03, SD = 1.6, Min = 18, Max
= 24.4). Twelve additional dyads participated but contributed
no or limited eye-tracking data due to children’ unwillingness
to wear the head camera equipment. Procedures in this study
were approved by the Human Subjects and Institutional Review Boards at Indiana University.

1368

Materials
We used 5 commercially available picture books: I Went
Walking (1989), Goodnight, Gorilla (1994), Let’s go visiting
(1997), Sammy the Seal (2005), I am a Little Lion (1994).
The selected books vary in their story contents and illustration styles, but all have clear story-lines centering around
one main character. Because these books are intended for
beginner-level readers, some have very few lines of text and
some have no text. To be consistent, we removed written
texts from all books and asked parents to come up with their
own stories based on the printed images. There are studies
showing that when parents read books to their children, they
not only read the text as written but also engage in more dynamic “dialogic reading” (Whitehurst et al., 1988). Parents
self-generated sentences often yield varied vocabulary that is
not only about printed material on the book but also about experiences that the child has related to the story (Deckner et al.,
2006; Dickinson et al., 2012; Ninio and Bruner, 1978). This
manipulation would elicit more diverse linguistic input that
allows us to examine spontaneous interactions between parent and child and potentially compare individual differences
in the future.

Experimental setup
During the experiment, child and parent sat next to each other
at a table (61cm x 91cm x 64cm). Infants sat in a customized
highchair that supported sitting stability and parents sat on
the floor. A bookstand is used to hold the book at a consistent
60° angle and roughly 10cm away from the edge of the table.
This setup allows parents to freely interact with their children
while avoiding displacement of the eye-tracking devices due
to voluntary head-movements. Both participants wore headmounted eye trackers from Positive Science, LLC (Franchak
et al., 2010; Yu and Smith, 2013). As shown in Figure 1A and
1B, each eye-tracking system includes an infrared eye camera
and a scene camera. The eye camera is mounted on the head
and pointed to the right eye of the participant that records eye
images, and the scene camera captures the first-person view
from the participant’s perspective. The scene camera’s captures a 90° visual field. Although less than the approximately
170° full visual field of natural human vision, it captures area
on the book-page space that is critical to determine gaze location. Each eye tracking system records both the egocentricview video and gaze direction in that view, with a sampling
rate of 30 Hz. Parent speech was recorded from a microphone
built in the parent eye tracker. We also added three additional
high-resolution cameras on two walls and the ceiling to capture the interaction from three third-person views.

Procedure
We first fit parent with the eye-tracking gear. After both the
parent’s and the child’s eye-tracking gears are placed properly, we collect calibration points for eye tracking. We place
a letter-sized sheet with 5 points (4 at corners and 1 at center)
on the bookstand. The experimenter randomly points to one
of the five points using a laser pointer and makes sure both

the parent and the child’s attention is directed to that point.
This procedure is repeated at least 15 times with the calibration points placed in various locations on the sheet. Parents
are then instructed to read books to their children as they naturally would for 15 minutes. They do not need to follow any
order or finish reading all the books. They are told to put the
book on the bookstand when reading it and to keep the original sitting configuration as much as possible. They are not
aware that the study is about word learning nor are they instructed to name the objects. Once the reading session starts,
the experimenters leave the room and monitor the interaction
in the control room. If the child bumps the camera during
the experiment, one experimenter would go in after parent
finishes a book and readjust the camera. These brief interruptions were excluded from analyses.

Corpus
In total, we collected 45 book-reading sessions with good
eye-tracking data from 16 parent-child dyads. This equals
to 157 minutes of usable video data. On average, each book
was read 9 times. Each dyad contributed 2-5 books. Parents spent about 3.49 minutes on each book, with the shortest
single-book interaction lasted 1.19 minutes and the longest
one lasted 9.38 minutes.

Data processing
To process data for analyses, we synchronized and calibrated
first-person view videos from both parent and child. Using
calibrated videos with crosshairs superimposed on the videos
indicating gaze directions, we manually annotated five variables: child and parent gaze, child and parent gestures and
parent speech using the following coding scheme.
Gaze data. We first identified a list of region-of-interest
(ROIs) for each book. All ROIs are whole objects on the
page that can be named using concrete nouns. The number of
objects varies page by page. The average number of objects
on a page is 5.45 (SD = 2.83, Min = 2, Max = 15). This shows
that book reading creates word learning moments that are referentially uncertain as there are always multiple objects on a
page when naming happens.
Coders watched the calibrated first-person view videos and
coded these ROIs frame by frames by using an in-house
program. Together, the whole 2.5 hours interactions yield
572,190 frames extracted from both social partners. Within
these interactions, roughly 31% of frames from the infants
and 30% of frames from the parents were not codable either
due to loss of tracking or participants being off task (not looking at the book at all).
Gesture data. Deictic gestures from both social partners
were coded. Deictic gesture is used for referent identification. In the context of book reading, the most common deictic gestures used is pointing at a referent using one’s hands
or fingers. Using videos from all views, coders identify segments of the video in which parent or child points at objects.
The duration of each gesture covers the time period in which
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Figure 2: Data visualization for 5 coded variables: child eye gaze, parent eye gaze, child gesture, parent gesture, parent naming.
All coded variables are represented as temporal data streams with different colors indicating different ROIs in each moment.
Last row shows objects printed on each page.
the object that parent or child intends to point is clearly identifiable from the any of the videos.
Speech data. Coders transcribed parent’ speech using only
the audio recordings from the interactions. Parental speech
was then divided into utterances, which is defined as strings
of speech separated by two periods of silence of at least
400msec. Among those spoken utterances, ones that contain
at least one labeling of an object printed on the page (e.g.,
“What is the duck doing over there?”) were then coded as
“naming utterances.”
As shown in a data visualization in Figure 2, all coded variables are represented as n categorical (n = number of RegionOf-Interest defined) temporal data streams with different colors indicating different ROIs in each moment. Data analyses
were carried out using these five data variables.

Results
Quantifying linguistic input
Parents produced 2690 speech utterances in total. Among
these speech utterances, about 50% are naming utterances
(1360), which is defined as an utterance containing at least
one object label. Infants on average hear 17.54 utterances per
minute (SD = 3.25) and 8.95 naming utterances per minute
(SD = 2.26). This finding suggests that book reading is a very
fast-paced interaction in which parents provide a lot of labels.
In addition, we observed large individual differences
across different dyads. As shown in Figure 3, some parents
have a high speech rate, but not many speech utterances are
naming utterances, whereas other parents have a relatively
low speech rate, but almost all speech utterances are naming
utterances. On average, parents mentioned about 13 unique
object names (M = 12.73, SD = 5.08), which is about 56%
(SD = 13%) of all unique objects printed on the book.
Because picture books are designed in a way that the
same object appears many times across different pages, we
next measured how often parents name the same object and
whether naming frequency of an object is associated with its

Figure 3: A scatter plot showing linguistic input from different reading sessions. Different dot colors indicate different
books.

occurrences on the book. We found that parents labeled some
objects more than others. More than half (56%) of the naming instances are about the top 3 named objects. In addition,
we found that the set of most named objects tend to be different for different dyads. For example, as shown in Figure 4
(left column), duck was the most named object for one dyad
and was named 17 times, but it was only the fourth named
object for another dyad and was named 5 times. This seems
to suggest that parents create their own linguistic input that is
not entirely tied to the printed pictures.
To quantify this observation, we measured how parent
naming frequency is correlated with object occurrence in the
book. In a hypothetical situation, if parent names every object printed on the book, we would see a perfect correlation
and no individual differences between dyads. However, we
only found a moderate correlation (r= 0.55, p< 0.001) be-
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Figure 4: Histograms showing naming frequency from four
book sessions. Colors indicate different named objects.

tween naming frequency and object occurrence (Figure 5).
This suggests that parents do follow the general story line
to some degree but they are certainly not labeling everything
printed on each book page. Combining both results, we could
argue that parents tend to name a small subset of objects very
frequently. However, the subsets of objects they chose vary
across dyads and are not completely tied to object occurrences printed on the pages.

Child’s visual attention during naming
Given book reading is a linguistically rich environment
in which children have many opportunities to learn object
names, where do infants visually attend when parents provide object names? We analyzed the child’s real-time gaze
patterns during naming moments. We defined a window starting from the onset of each utterance and measured where the
child looked moment by moment within the entire window.
For multi-label utterances, such as “duck, look at the duck!”
(consist of 40% of all naming utterances), we equally split
the utterance into n (n = number of labels) smaller labeling
windows.
We plotted target look distribution in a normalized histogram (Figure 6) where x axis is proportion of time the child
is looking at the named object, y axis is proportion of instances. A hundred percent on x axis means that when a naming event happens (i.e., mom is naming the object gorilla), the
child is looking at gorilla 100% of the time within the naming
window. Zero percent means when a naming event happens,
the child is not looking at the correct target at all. Proportions
between 0% and 100% mean the child at least spent some
time looking at the target. We found that in over 50% of instances, infants completely missed the named object. The rest
of the time, infants spent at least some time looking at the target. Only in about 15% of instances, infants attended to the

Figure 5: Moderate correlation between naming frequency
and object occurrence. Different dot colors indicate different
books.
named target 100% of time (Figure 6).
This pattern reflects different types of learning situations
infants encounter in naturalistic interactions. Some naming moments are highly informative, from which children
are able to find the correct word-object mapping very easily. Other naming moments are highly ambiguous that labeled
object and attended object do not match (Yu et al., 2021). In
these instances, the child may be uncertain which object is
being named, creating a word-object mapping challenge.

The effect of gesture on attention during naming
Both parents and children gesture often during book reading. We found that parents (M = 9.52 times/min, SD = 5.51
times/min) gestured significantly more than children (M=
3.49 times/min, SD = 3.35 times/min, t(44) = 5.63, p< .0001
). However, the duration of parent’s (M =1.02 sec, SD = .52
sec) and child’s gestures (M = 1.24 sec, SD = .77 sec) do not
differ (t(38) = 1.88, ns).
Labeling and gesture are not only highly frequent events
in book-reading context, they also tend to be coupled temporally. To quantify the coupling of these two types of events,
we coded naming event as “naming with gesture” as long as
there is one co-occurring gesture event. We found that 46% of
naming instances are paired with a parent gesture and 18% of
naming instance are paired with a child gestures (5% paired
with both types of gestures), suggesting that gestures and labels are highly coupled. Knowing that the overall visual attention on target during naming is quite low, are infants more
likely to attend to the target when gestures are also present?
We found that in naming instances with parent gestures
(Figure 7), there were fewer instances that the child never
looked at the target. There was also an increase of target look
compare to no gesture cases. We fit linear mixed effect mod-
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Discussion

Figure 6: Target look distribution from infants.

Figure 7: The effect of gesture on infant attention during
naming

els predicting proportion of target looking time from different
types of naming instances with subject as the random factor.
We first compared naming with parent gesture versus naming
with no gesture and found the model to be statistically significant (model: target look ~gesture + (1 | subject), β = 0.04, p =
0.04). We observed very similar patterns in naming instances
with child gestures (Figure 7). We run a similar model as
in the parent data set and found the model statistically significant: (β = 0.12, p < .001) for naming with child gesture
versus naming with no gesture. In sum, we found that both
parent and child gestures are effective in driving children’s
attention to the named target. Although children still may not
solve the referential uncertainty problem at the moment, they
are at least more likely to collect relevant information about
the correct word-object mappings through increased visual attention.

Understanding the learning input available to the child is critical for studying any learning mechanisms. The current study
is concerned with the role of input in early word learning and
we used picture books as an experimental tool to better understand this process. Our results showed that parents provided
rich linguistic input in a short period of time when reading
books to their children. The fast-paced nature of book reading creates a challenge for children who are acquiring new
words through linking what they hear with what they see. By
analyzing gaze data from the infant’s own perspective, we
found that in over 50% of the time, infants were not attending
to the correct referent being labeled at all. However, deictic
gestures from either the parents or children themselves help
resolve the referential ambiguity problem by increasing the
child’s visual attention to target.
The current study focused on examining individual naming
instances, but a lot of picture books are designed in a way that
objects repeatedly appear across pages. To create a coherent
story, parents also tend to repeatedly name the same object on
and across pages, creating multiple opportunities for the child
to learn the same word. The way picture book is structured
is similar to the Cross-Situational Learning (CSL) paradigm
used in many word learning studies. The logic of CSL is that
when learners hear a word, they always see a set of potential
candidate referents. Although learners are unable to identify the correct word-object mapping on a single exposure, if
they can combine information across multiple exposures, they
are able to determine the most probable referent by integrating multiple mapping sets over time. In other words, hearing words in enough various contexts would allow learners
to rule out incorrect associates and learn the most consistent
mappings, which are likely be the correct ones (Zhang et al.,
2021). Similarly, in the book-reading context, it is possible
that learners may not find the correct word-object mappings
from one naming instance at the moment, but the information
they accumulate across pages may still help them discover the
correct word-object mappings down the road.
In addition, deictic gesture is certainly not the only cue provided by parent during the entire book-reading interaction.
Future work could also look at other gesture types, such as
representational gestures. Those gestures are not only directive but also contain more complex information about a referent’s size, shape, function, etc. (McNeill, 1992), which may
offer additional clues to help infants identify the correct referent.
Together, we believe that in order to understand children’s
word-learning process, we need to first understand the learning input available to them during everyday word-learning
moments and this critical learning input is jointly created by
parents and children at the moment of learning (Cartmill et
al., 2013; Hoff and Naigles, 2002; Weisleder and Fernald,
2013). It may be through multiple statistically sensitive processes of the input that learners gradually acquire the critical
skills to solve the mapping problem in word learning.
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Abstract
How do people build up trust with artificial agents? Here, we
study a key component of interpersonal trust: people’s ability
to evaluate the competence of another agent across repeated
interactions. Prior work has largely focused on appraisal of
simple, static skills; in contrast, we probe competence evaluations in a rich setting with agents that learn over time. Participants played a video game involving physical reasoning paired
with one of four artificial agents that suggested moves each
round. We measure participants’ decisions to accept or revise
their partner’s suggestions to understand how people evaluated their partner’s ability. Overall, participants collaborated
successfully with their agent partners; however, when revising their partner’s suggestions, people made sophisticated inferences about the competence of their partner from prior behavior. Results provide a quantitative measure of how people
integrate a partner’s competence into their own decisions and
may help facilitate better coordination between humans and
artificial agents.
Keywords: trust; social inference; artificial agents; competence; learning

Introduction
How do people build up trust across repeated interactions?
This question has motivated research from diverse areas
of cognitive science spanning social psychology (Simpson,
2007; Deutsch, 1973) as well as game theory and economics
(Camerer & Weigelt, 1988; Berg, Dickhaut, & McCabe,
1995). As artificial intelligence agents become increasingly
ubiquitous in our everyday lives, the question of how to build
up trust with them has also gained prominence in humancomputer interaction (HCI) and robotics (Soh, Xie, Chen, &
Hsu, 2020; Chen, Nikolaidis, Soh, Hsu, & Srinivasa, 2020).
For instance, in autonomous driving settings people routinely make decisions about how much to trust an artificial
driving agent. And in many industrial domains, people work
closely with automated agents, sometimes for high stakes
tasks. The emergence of trust in our interactions with artificial agents involves a range of complex social inferences,
such as recognizing that they share our goals or utilities to
begin with (Serrino, Kleiman-Weiner, Parkes, & Tenenbaum,
2019). However, one of the central features of human collaboration with artificial agents is that we trust them to be competent across a range of task settings. Indeed, greater levels
of trust may simply correspond to a belief that the agents are
competent in a wider range of settings; for example, trust in
an autonomous vehicle may in large part reflect a belief that
it can handle a suitably broad array of driving challenges.

How then do people assess another agent’s competence
over repeated interactions? Prior work in developmental psychology suggests that inferences about another person’s competence emerge early in development and draw on a rich
set of abstractions about task difficulty and human behavior
(Gweon, 2021; Leonard, Bennett-Pierre, & Gweon, 2019).
As adults, this ability continues to develop, allowing us to
make complex inferences about other people which draw on
rich internal models (Vélez & Gweon, 2019, 2021), metacognitive skills (Pescetelli & Yeung, 2021), and expectations
(Leong & Zaki, 2018; Chang, Doll, van’t Wout, Frank, &
Sanfey, 2010). Recent work in robotics and HCI suggests that
when determining a robot or artificial agent’s competence,
people may rely on similar cognitive processes, leveraging
abstractions about both the agent—e.g., their risk aversion
(Xie, Bodala, Ong, Hsu, & Soh, 2019)—and the environment, such as how much the agent’s ability will generalize
across tasks (Soh et al., 2020).
Despite this convergence of findings across psychology
and artificial intelligence, there remain significant challenges
in characterizing how people assess the competence of another agent. For one, real-world judgments of competence
are often nebulous. How good is somebody at baking or predicting the stock market or writing academic papers? Second, in many complex settings, people’s judgments of another
agent’s competence rely in large part on that agent’s ability to
learn in the task environment.
The current study builds on prior work by addressing both
of these aspects of people’s competence evaluations. First,
unlike prior work on advice taking that has focused on judgments about abstract variables, e.g., change in stock market
prices (Leong & Zaki, 2018) or the outcome of a card flip
(Vélez & Gweon, 2019), here we explore how people incorporate input from an artificial agent when predicting concrete
physical events. Second, rather than isolating competence
judgments about static agents (Chen et al., 2020), the current
experiment probes people’s ability to detect another agent’s
learning over time. A better understanding of how an agent’s
learning impacts competence judgments in a rich physical domain may lead to more general insights into how people reason about the abilities of others, and how this reasoning impacts their subsequent decisions to trust them in a range of
everyday settings.
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Figure 1: Task and Experimental Design. (A) Participants worked with an artificial agent partner to catch a ball launched from
the edge of a circle. Their partner began by suggesting a paddle location which participants could either accept or modify. (B)
The agents chose suggested paddle locations from a distribution around the ball’s true landing position. The variance of this
distribution determined how reliable the agent’s suggestions were. Participants were assigned to one of four conditions that
varied the reliability of the agent’s paddle suggestions over the course of the experiment.
Here, we investigate people’s ability to collaborate with a
dynamic artificial agent in a challenging physics-based video
game. Participants were tasked with catching a ball launched
from different locations around a circle by placing a paddle
where the ball would land. Each round, they were given a
suggestion from their agent partner about where to place the
paddle to catch the ball. Building on prior work, we use people’s decisions about whether to accept or modify their partner’s suggestions to probe judgments of the partner’s competence (Xie et al., 2019; Chen et al., 2020). Critically, people’s
agent partners varied in their true competence and improvement over time. We first ask how much people’s behavior
in the game draws on their own physical judgments versus
the suggestions of their partner and how this varies based on
their partner’s competence. Next, we ask whether people’s
intervention decisions reflect ongoing assessments of their
partner’s ability rather than trial-specific context. Our experiments revealed several key findings: First, rather than relying
exclusively on their own physical judgments or the advice of
their partner, people integrated both sources of information
in their interventions. Moreover, the degree to which they incorporated their partner’s input was predicted by how reliable
the agent had been in the past, not just the quality of its current advice. Taken together, our results suggest that people’s
physical judgments in collaborative settings involve rich, abstract inferences about others based on their past behavior.

Experiment

analyses due to technical issues encountered during the experiment, resulting in 244 participants with complete data (average age: 33.8 years, SD = 11.3; 127 male, 103 female, 13
non-binary; educational background distributed across high
school, 4-year college, and graduate degrees). The experiment lasted approximately 25 minutes and participants were
paid $14/hr based on this expected completion time. All participants provided informed consent in accordance with the
UC San Diego IRB.

Human-agent collaboration task
In the experiment, participants tried to catch a virtual ball
launched from a point on a circle using a rectangular paddle positioned along the outside of the circle (see Figure 1).1
Participants worked together with an artificial agent “partner”
who was trying to help them on the task. On each round, the
partner suggested a paddle location based on the ball’s launch
position; participants could either accept this suggestion or
adjust the paddle themselves before launching the ball.
Each trial began with participants’ agent partner suggesting a paddle location that would catch the ball; the paddle
was shown moving around the circle and a small animation
on the right showed the agent “thinking.” Once the agent had
moved the paddle to its suggested location, participants were
given the opportunity to either adjust the paddle with the arrow keys or keep their partner’s suggestion. If participants
adjusted the paddle, the agent’s original recommendation re1 All

Participants
256 adults recruited from Prolific completed the task online.
Data from 12 participants were excluded from subsequent

code used to run the experiment, as well as code used in
analyses below, can be found at:
https://github.com/cogtoolslab/trust agents
cogsci2022 public.
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mained visible and marked in gray. When participants settled
on a paddle location, they launched the ball with the spacebar.
The ball’s path was animated and participants were shown a
message indicating whether they had successfully caught it
before proceeding to the next trial.
Every session consisted of 96 trials divided into eight
blocks of 12. These “blocks” were not visible to participants;
in each block, the ball appeared at locations sampled in a random order from each of 12 bins of equal width along the circle’s circumference.

beknownst to participants): Rather than sampling locations
as described above, the suggested paddle location on critical
trials was set to a fixed distance from the ball’s landing location that was close to the true landing location (approximately
16 degrees) yet would result in missing the ball unless the
participant intervened. Including these critical trials enabled
direct comparisons between conditions while controlling for
the magnitude of the error in the agent’s initial suggestion.

Manipulating agent ability

After completing all 96 trials, participants were given a poststudy questionnaire to collect basic demographic information
and two additional variables we did not analyze here: prior
physics courses taken and prior experience with video games.
Next, they were asked how often they thought they had intervened on the previous trials and how often they would expect to intervene if they were to play another 96 rounds with
this same partner (both 1-100% scales). Finally, they were
asked to indicate how much they trusted the agent to catch
the ball (five-point rating scale) and to describe how they decided whether to intervene in the task.

Participants were assigned to one of four conditions that manipulated the quality of their partner’s suggested paddle locations: an unreliable partner, a reliable partner, an improving partner, and a worsening partner. The agent’s suggested
paddle location on each trial was an angle x sampled from
a von Mises distribution (a circular approximation to a normal distribution) with mean µ equal to the ball’s final landing
angle ρ, and variance σ2 determined by the agent’s competence level. The reliable agent had a low σ2 ≈ 10 degrees;
the sampled paddle location was almost always close to the
ball’s true landing location. By contrast, the unreliable agent
sampled its paddle locations from a high-variance distribution with σ2 ≈ 48 degrees. The high and low-competence σ2
values were chosen to give the agents expected success rates
of around 80% and 20%, respectively. Meanwhile, the improving agent began with a σ2 value equal to the unreliable
agent’s but every 12 trials the variance decreased by a fixed
amount so that during the final 12 trials, it had a σ2 equal to
the reliable agent’s. The worsening agent was symmetrical
but in the opposite direction.

Measuring human appraisals of agent ability
A core goal of our study was to investigate the impact of manipulating an agent’s behavior on participants’ impressions of
its competence, thereby impacting how they approached collaborating with it. We measured participants’ appraisals of
their partner’s task ability as the degree to which they intervened before committing to a final paddle location on each
trial. Intuitively, participants who judged their partner to be
more competent would be less likely to revise their partner’s
suggestion, or do so to a lesser extent. On each trial, we measured whether participants intervened to adjust the paddle’s
position away from their partner’s initial suggestion and the
magnitude of this intervention.
If participants were maintaining an ongoing estimate of
their partner’s task competence, their intervention behavior
might be guided by this estimate above and beyond the trialspecific accuracy of their partner’s suggestions. For example,
participants might place more confidence in the suggestions
of the reliable agent relative to the unreliable agent, even
when equating the magnitude of the error in the agent’s current recommendation. To isolate the impact of learned expectations about each agent’s ability on participants’ interventions, we included a critical trial in each 12-trial block (un-

Post-study questionnaire

Results
We began by examining the performance of human-agent
teams on the task overall. They caught the ball on 73.8%
(SD = 14.7%) of trials across all conditions, improving from
55.9% in the first trial block to 82.8% in the final block. The
root mean squared error (RMSE) of the final paddle locations was 14.85 degrees (SD = 7.56 degrees). Together, these
findings suggest that while the task was challenging, participants were nevertheless able to achieve reasonably high performance with their agent partners. However, our primary
interest is in how their behavior differed across conditions as
a result of differences in their partner’s ability.

People combine information sources to make
intervention decisions
To understand how participants coordinated with their partner, we compare three possible accounts: First, it may be that
people trusted their agent partner completely, regardless of
its competence. On this view, participants’ own physical intuitions would have played no role in their decisions. A second account takes the opposite perspective; people may have
ignored their partner’s suggestions, simply choosing the best
paddle position each round (i.e., if the agent’s suggestion was
accurate, people would accept it and if not, they would intervene to correct it). Finally, a third possibility is that people’s
behavior was somewhere in the middle of these two. Rather
than consistently following their partner’s suggestion or unilaterally seeking the optimal paddle position each round, people may have relied on a combination of their own physical intuitions and their partner’s recommendation to decide
where to place the paddle. We consider each of these options below; our results suggest that participants integrated
intuitive physical judgments with their partner’s guidance and
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that how much they incorporated their partner’s suggestions
was calibrated to the their partner’s task performance.
Participants intervened to improve accuracy We start by
considering the first hypothesis above, that people merely
acted in accordance with their partner’s suggestions. If this
were true, we would expect intervention rates to be low and
performance in each condition to closely match the ability of
the agents in that condition. Figure 2 (top) shows average
intervention rates (the percent of trials in which each subject
modified the agent’s original suggestion) in each trial block.
Notably, intervention rates were high in all conditions, even
with the reliable agent, whose suggestions would catch the
ball on approximately 80% of trials.
Figure 2 shows an overall increase in intervention rates
even in the reliable and unreliable conditions where agent
performance did not change. This seems most likely to be a
result of participants’ general task improvement noted above.
A generalized linear mixed effects model fit to participants’
intervention decisions (binary) with a random intercept for
each participant showed a significant main effect of trial block
(χ2 (1) = 226.2, p < 0.001) and a significant interaction between trial block and condition (χ2 (3) = 404.8, p < 0.001).
Thus, far from merely trusting their partner’s suggestions,
participants took an active role in intervening and calibrated
their interventions to their partner’s underlying ability.
Intervention decisions incorporated agent suggestions
In light of the high intervention rates across conditions, one
account of people’s behavior is that they simply relied on their
own intuitive physics to respond. On this view, the quality of
their partner’s recommendations would have been irrelevant.
To test this possibility, we examine the distribution of errors on each trial relative to both the ball’s final landing
location and the agent’s suggestion. Intuitively, if people
completely disregarded their partner’s suggestion, their errors
would be centered on the ball’s true landing location. Alternatively, if people took their partner’s suggestion into account,
we might expect final paddle placements to be systematically
biased towards or away from the partner’s initial suggestion.
Figure 2 (bottom) shows the distributions of participants’
average error in each condition. Critically, these distributions are signed relative to the ball’s landing location and the
agent’s paddle suggestion; error greater than 0 represents participants placing the paddle away from the ideal catching location in the direction of the agent’s suggestion. Meanwhile,
error less than 0 represents participants placing the paddle
away from the ideal location in the opposite direction of the
agent’s suggestion. The dashed lines in Figure 2 (bottom)
show the average signed error in each condition.
Participants’ signed error was significantly greater than 0 in
all four conditions, reflecting a stable bias toward their partner’s recommended paddle locations (reliable: t(56) = 15.70;
improving: t(64) = 12.34; worsening: t(54) = 14.20; unreliable: t(66) = 8.13, all ps < 0.001). This suggests that
people’s decisions about where to place the paddle were not
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1.0
0.9
0.8
0.7
0.6
0.5

12

24

36

48

60

72

84

96

Trial index
Unreliable
Reliable
Improving
Worsening

−5

0

5

10

15

Signed human error (deg.)

Figure 2: Top: Mean paddle intervention rates by block. Bottom: Error distribution in each condition, with positive values
indicating responses whose error was in the same direction as
the agent’s suggestion and negative values indicating the opposite. The black dashed line indicates the true landing location of the ball. Colored vertical lines indicate means in each
condition. Curves are based on kernel density estimation.

merely an effort to find the best location independent of their
partner’s advice; rather, they showed a systematic anchoring
towards the agent’s recommendation.
Taken together, the results in Figure 2 suggest that people’s decisions about where to place the paddle integrated
multiple sources of information. They did not merely trust
their agent partner regardless of its competence, nor did they
simply choose the best move each round without consideration for their partner’s recommendation. However, the agent’s
suggestion on a given trial is not the only source of information that might help participants decide where to ultimately
place the paddle. Across repeated interactions, agents in each
condition offer ongoing evidence of their underlying competence through the accuracy of their paddle suggestions. Participants can use this information to calibrate how much their
final paddle locations should be influenced by their partner.

1378

Critical trial interventions reflected differences in agent
ability If people’s responses combined their own estimate
of the ball’s final location and their partner’s suggestion—
without regard to their partner’s overall reliability—we
should not see any difference in intervention behavior on the
critical trials, since the agent’s paddle suggestion error on
critical trials was the same across conditions. Figure 3 (top)
shows average intervention rates on critical trials. We fit a
generalized linear mixed effects model to participants’ interventions (binary) on critical trials; the fixed effect of condition produces a significantly better fit than random intercepts and correlated slopes to account for individual increases
in intervention rate over the experiment (χ2 (3) = 16.5, p <
0.001). Consistent with the pattern observed in Figure 3
(top), estimated marginal means were significantly different
between unreliable and reliable conditions (p = 0.01), as well
as improving and reliable (p = 0.003). Thus, decisions about
when to intervene on critical trials were sensitive to differences in the agents’ underlying abilities.
Participants’ decisions about how much to intervene on
critical trials (Figure 3, bottom) shows a similar pattern.
While those paired with an unreliable or improving partner adjusted the paddle by an amount close to the optimal
level, participants whose partner was very accurate (reliable)
or started out highly accurate (worsening) made smaller adjustments on critical trials. In a linear mixed effects model
predicting intervention distance—on critical trials where participants intervened—we found a significant effect of condi-

Intervention rate
(critical trials only)

Since agent partners varied across conditions in how helpful
their paddle suggestions were, we hypothesize that participants incorporated this information into their decisions about
how closely to follow their partner’s suggestions.
To test this, we begin by looking at the relationship between the agent’s paddle suggestion error and participants’
paddle intervention magnitude across conditions. If participants were correcting for the agent’s errors in a way that did
not integrate the agent’s underlying ability, this relationship
should be similar across conditions (i.e., they should adjust
for small errors less and larger errors more in a similar fashion). We fit a linear mixed effects model of participant intervention magnitude (on trials in which they intervened) as
a function of agent recommendation error and condition with
a random intercept for participants. Here, we find a significant interaction of condition and agent error (χ2 (3) = 293.8,
p < 0.001), suggesting that the agent’s competence played a
critical role in people’s intervention magnitudes across different suggestion error magnitudes. However, this result could
be driven in part by the fact that the underlying distribution
of agent errors differed substantially across conditions (by
design). Thus, a more apples-to-apples comparison should
examine people’s intervention behavior for similar levels of
agent error across conditions. For this, we turn to the eight
critical trials that each participant completed.

tion relative to a baseline model which included only random effects of subject (χ2 (3) = 28.3, p < 0.001). Estimated
marginal means were significantly different across unreliable
and reliable agents (p < 0.001), unreliable and worsening
(p = 0.005), and improving and reliable (p < 0.001). Thus, a
complete account of reasoning on this task suggests that people maintain an underlying assessment of their partner’s competence over time and calibrate their decisions about whether
to intervene, and how much, based on this assessment.
Notably, both intervention rates and magnitudes in Figure
3 show a similar imbalance between intervention behavior
with the improving and worsening agents, despite the fact that
these two exhibited symmetrical patterns of learning and deteriorating performance. This raises the intriguing possibility
that participants accorded more weight to earlier trials when
evaluating the competence of these dynamic partners. However, further work is needed to confirm this.
1.0
0.9
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Intervention magnitude (deg.)
(critical trials only)

People relied on past performance to guide
interventions
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Figure 3: Intervention behavior on critical trials. Top: average proportion of critical trials on which participants chose to
intervene. The dashed line indicates optimal behavior (critical trials always required intervention to catch the ball). Bottom: average distance participants intervened on critical trials
in which they chose to intervene. The dashed line indicates
the optimal intervention distance on these trials.

Past performance and future expectations
So far, we have found evidence that participants’ decisions
about when to intervene with their partner, and how much,
rely on an ongoing estimate of their partner’s overall competence and that such estimates are sensitive to differences in
ability and learning rate over time. But how predictive were
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Figure 4: Participant estimates of how much they intervened
with each agent compared to how much they would expect to
intervene in future rounds with the same partner.

these estimates? To better understand the granularity of participants’ judgments of their partner’s competence, we examine responses on the post-experiment survey.
Figure 4 shows participants’ subjective estimates of how
often they had intervened in the experiment trials, paired with
their responses indicating how much they would expect to intervene if they played 96 more rounds with the same partner. These results provide an estimate of the accuracy of
participants’ expectations about their partner based on past
performance. Responses suggest that people’s ability to explicitly forecast their partner’s future behavior was limited.
In a 4 (between-subjects condition: reliable, unreliable, improving, worsening) by 2 (within-subjects rating type: reported, expected) repeated measures ANOVA of the intervention rates shown in Figure 4, differences between conditions
were significant (F(3, 240) = 17.16, p < 0.001) and the interaction between condition and rating type was significant
(F(3, 1) = 6.77, p < 0.001). However, in follow-up paired
t-tests, participants in the worsening condition showed a significant difference between past and expected future intervention rates, implying some degree of forecasting (t(54) =
−4.80, p < 0.001), but participants in the improving condition did not (t(64) = 0.38, p = 0.71). Forecasted intervention
rates remained stable for the unreliable and reliable agents,
as we might expect (unreliable: t(66) = −0.10, p = 0.92;
reliable: t(56) = 1.58, p = 0.12).
Critically, forecasted intervention rates reflect participants’
underlying trust in their partner. Predicted intervention rates
(0 − 100%) were significantly negatively correlated with responses on a five-point rating scale question asking how
much participants trusted their partner to catch the ball on a
given trial (Not at all, Slightly, Moderately, Very, Extremely),
r = −0.51, p < 0.001. This highlights the potential role of
expectations about future behavior in our trust in others.

Discussion
In this study, we address the question of how people evaluate an artificial agent’s competence in a collaborative physical prediction task. Specifically, we investigated how differ-

ences in an agent’s competence impacted people’s decisions
to either trust their partner’s recommendation or intervene to
modify it. The current task expands on prior work by probing
people’s sensitivity to changes in their partner’s ability in a
setting that draws on rich human physical intuitions. Our results contain several key findings. First, we show that participants combine their own physical judgments and the recommendations of their partner. Second, we show that how people integrate their partner’s recommendation does not reflect a
simple bias towards their partner’s estimate; people calibrate
how much to defer to their partner based on the prior reliability of their partner’s suggestions. We further show that
this estimate is not static, but rather sensitive to changes in
their partner’s competence over time. In sum, our findings
make headway towards a better understanding of the behavioral underpinnings of trust in artificial agents across repeated
interactions.
The current results raise a number of questions about trust
and evaluations of others’ competence that merit further investigation. First, how does the information provided by
the agent partner impact task performance relative to learning without another agent? A comparison of the current results to people’s behavior in the absence of any form of social
inference will not only provide a baseline for understanding
how people integrate the agent’s behavior while learning, but
could also allow for future work aimed at optimizing the effectiveness of pedagogical agents.
Second, the current results suggest that people integrate
their own judgment with their partner’s suggestions in a way
that is sensitive to their partner’s ability, but leave largely
unanswered how people evaluate their partner or integrate this
evaluation into their own behavior. Future work should compare computational models that embody distinct hypotheses
concerning the learning mechanisms and/or the relative contributions of social and task-specific information (Pärnamets
& Olsson, 2020). In addition, modifications to the task which
allow for more flexible behavior might improve understanding of the tradeoffs people make in their own decisions when
collaborating with others, e.g., how much to merely imitate
their partner or draw on a richer internal model of their partner’s behavior (Charpentier, Iigaya, & O’Doherty, 2020).
Finally, a promising avenue for future work would be to
further explore the inferences that people draw when other
agents display richly structured patterns of errors in more
complex physical task domains. For example, when do people infer that another agent may possess one skill but lack
another when both are needed to successfully perform a physical task (e.g., aiming a basketball vs. applying enough force
when shooting it)? By providing a more thorough account of
how people infer the underlying mechanisms that give rise to
the behavior of other agents and use these inferences to guide
their own actions, such work can advance our understanding
of the basis of trust and lead to algorithms that support improved collaboration between humans and artificial agents.
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Abstract
Demonstratives—simple referential devices like this and
that—are linguistic universals, but their meaning varies crosslinguistically. In languages like English and Italian, demonstratives are thought to encode the referent’s distance from the
producer (e.g., that one means “the one far away from me”),
while in others, like Portuguese and Spanish, they encode relative distance from both producer and receiver (e.g., aquel
means “the one far away from both of us”). Here we propose
that demonstratives are also sensitive to the receiver’s focus
of attention, hence requiring a deeper form of social cognition
than previously thought. We provide initial empirical and computational evidence for this idea, suggesting that producers use
demonstratives to redirect the receiver’s attention towards the
intended referent, rather than only to indicate its physical distance.
Keywords: pragmatics; deictic communication; Theory of
Mind; computational modelling

Introduction
Linguistic communication is a thoroughly social phenomenon: It requires the producer and receiver of a message
to consider each other’s mental states in order to make themselves understood (Brown-Schmidt, Yoon, & Ryskin, 2015;
Grice, 1957; Rubio-Fernández, 2020; Sperber & Wilson,
1986). The question remains, however: how deep do the demands that language places on social cognition run? Is it only
a matter of pragmatics (taking into account context), or does
grammar also hinge on social cognition? Here we address
that question by investigating a unique class of words that is
present in all of the world’s languages, and emerged early on
in the evolution of language: demonstratives (e.g., this and
that; Diessel, 2003). Key to our investigation, demonstratives
serve two related functions: (1) they indicate the location of
a referent relative to the deictic center (e.g., the speaker’s position in English), and (2) they coordinate the interlocutors’
joint focus of attention (Diessel, 2006, 2012a, 2012b).
While demonstratives are a universal tool for joint attention (Diessel, 1999, 2003), they exhibit great cross-linguistic
variability: depending on the language, demonstratives may
indicate not only the distance, but also the altitude, familiarity, position, reachability or visibility of a referent, from the
perspective of the producer, the receiver, or both (Levinson,
2018). Thus, demonstratives can have different meanings
(i.e., different semantics), despite always being used to establish joint attention (i.e., similar pragmatics). Here, we investigate how the meaning of different demonstrative systems

(Study 1) and their pragmatic use (Study 2) hinge on social
cognition.
Linguistic typology distinguishes between distanceoriented and person-oriented demonstrative systems
(Diessel, 2013). In distance-oriented systems, demonstratives indicate the distance of a referent from the producer’s
position. For example, in Italian, the proximal form questo is
used when the referent is close to the speaker, and the distal
form quello when it is far away from the speaker. By contrast, in person-oriented systems, demonstratives indicate the
distance of a referent not only from the producer’s position,
but also from the receiver’s. For example, in Spanish (which
has three demonstratives), the proximal form este is used
when the referent is close to the speaker, the medial form ese
when it is far from the speaker but close to the listener, and
the distal form aquel when it is far away from both.
From the point of view of social cognition, distanceoriented and person-oriented systems make different
perspective-taking demands.
Thus, in languages with
person-oriented systems, producers must monitor the receiver’s spatial location to accurately use demonstratives
(e.g., depending on whether the listener is close or far from
the referent, a Spanish speaker may use ese or aquel). By
contrast, in distance-oriented systems, producers always use
demonstratives from their own, egocentric perspective (e.g.,
an Italian speaker would refer to a far-away object as quello,
regardless of the listener’s position).
Regarding the pragmatics of demonstratives, here we
tested a novel prediction: given their universal function to
establish joint attention, producers of all languages should
be sensitive to their receiver’s focus of attention when using
demonstratives. Thus, if a listener is looking further away
from the referent, an Italian speaker may use the proximal
form ‘questo’ (gloss: Look over here!), even if the object is
not particularly close to her. Reversely, if the listener is looking closer, the speaker may use the distal form ‘quello’ (gloss:
Look over there!).
We investigated the demands that demonstrative use poses
on social cognition in two studies. In Study 1, we develop two
computational models of demonstrative use, one distanceoriented and one person-oriented, which we tested in two languages with distance-oriented systems (English and Italian)
and two languages with person-oriented systems (Portuguese
and Spanish). In Study 2, we developed a variant of the base-
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Figure 1: Sample experimental trials with added visualisations of the distance-oriented and person-oriented models (top) and the attention-correction mechanism (bottom).
Coloured cones indicate the probability that the pragmatic
speaker will produce each demonstrative for a given referent.
The attention-correction arrows indicate for which demonstrative (proximal/distal) the production probability increases
when the listener is looking in the wrong direction.

line models including an attention-correction mechanism (i.e.
demonstratives are used flexibly depending on the receiver’s
attention), which we tested in the same four languages.

Study 1: Monitoring listener spatial location
We tested the typological analysis of English and Italian
demonstratives (as two-way distance-oriented systems) and
Portuguese and Spanish (as three-way person-oriented system) using two novel computational models of demonstrative
use and an online experiment.For the languages in our sample, both languages with a two-way demonstrative contrast
(e.g. questo/ quello) are distance oriented, whereas both languages with a three-way distinction (e.g. este/ ese/ aquel)
are person oriented. However, these features do not necessarily co-occur. For example, Turkish has a three-way system
(buna/ şuna/ ona) but is distance oriented (Ozyurek, 1998).

Computational framework
For clarity, we explain our computational model in the context of our experimental setup (shown in Figure 1). Here, a
speaker and a listener stand on opposite sides of a table with
four objects. The speaker asks the listener for one of the objects using a demonstrative.
Our computational model is a hybrid of the Incremental
Collaborative Efficiency (ICE) framework (Jara-Ettinger &
Rubio-Fernandez, 2020) and the Rational Speech Act (RSA)
framework (Frank & Goodman, 2012; Goodman & Frank,
2016). That is, our model is structured around two key ideas:

First, the ICE framework posits that speakers go beyond producing messages that have sufficient information to recover
the intended referent; instead, speakers also aim to help the
listener identify the referent quickly and efficiently (RubioFernandez, Mollica, & Jara-Ettinger, 2021). In the context
of physical reference, this implies that speakers take into account the listener’s expected visual search for the referent.
That is, among two equally-informative utterances, speakers will prefer whichever helps the listener locate the referent
faster. Second, the RSA framework posits that interlocutors
engage in recursive social reasoning to derive the pragmatic
meaning of words. Our model can therefore be thought of as
having three layers: a simple speaker that produces demonstratives that best support visual search in literal listeners; a
pragmatic listener that adjusts their visual search by considering why the speaker selected the demonstrative they did; and
a pragmatic speaker that produces demonstratives by reasoning about the expected visual search of a pragmatic listener.
At the highest level, our computational framework associates different demonstratives with different patterns of visual search in a context-sensitive manner. We achieve this
by assigning association strengths to referents, which capture the degree to which a demonstrative applies to an object given its location (e.g., “this” is strongly associated with
objects close to the speaker). We assume a visual search
strategy that prioritizes looking at strongly-associated objects
(i.e., look at objects that are most likely to be the intended
referent). This visual search strategy allows the speaker to
estimate the expected time the listener will need to identify
the correct referent (quantified in number of fixations), and
select the demonstrative that minimizes listener search time.
(All code used is available at: https://github.com/mariekewoensdregt/demonstratives model).
Distance-oriented semantics The baseline distanceoriented model captures a system where the semantics of
demonstratives are sensitive only to the position of the
speaker. Below we describe for each demonstrative term
how we define its association strengths under the distanceoriented model. First, for proximal demonstratives (e.g., this
in English or este in Spanish), objects closer to the speaker
have a higher association strength. Put more formally,
the association strength of a referent with the proximal
demonstrative is inversely proportional to the referent’s
distance from the speaker: −|posr − posS | (where posr is
the referent’s position, and posS the speaker’s position).
Conversely, for distal demonstratives (e.g., that in English
or aquel in Spanish), objects farther from the listener have
a higher association strength. Thus, put formally, the association strength of a referent with the distal demonstrative
is directly proportional to the referent’s distance from the
speaker: |posr − posS |.
Finally, medial demonstratives (e.g., ese in Spanish) encode intermediate distances. One possible way to implement
this is with an association strength function that peaks around
the central distribution of objects. Alternatively, however, this
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meaning of medial demonstratives can emerge through pragmatic reasoning: medial demonstratives cover the intermediate region, because speakers would be wiser to use the proximal or distal demonstratives on the edges of the scene. We
therefore set medial demonstratives as a uniform association
strength function, and allow pragmatic reasoning to naturally
constrain its meaning to the central region of the space.

we compute the expected visual search (obtained via Monte
Carlo simulations with n = 1000 samples) associated with
each demonstrative. Finally, the speaker produces utterances
approximately rationally: trying to minimise the simple listener’s search cost for the intended referent:

Person-oriented semantics The baseline person-oriented
model captures a system where the semantics of demonstratives are sensitive to the position of both the speaker and
the listener. First, typological analyses posit that in personoriented systems with three demonstratives, proximal demonstratives signal proximity to the speaker (Diessel, 2013). The
association strength function of the proximal demonstrative
is therefore identical to the one from the baseline distanceoriented model described above. Second, in person-oriented
systems, medial demonstratives (e.g. ese in Spanish) signal
referents that are far from the speaker but close to the listener. Put formally, a referent’s association strength is defined
by adding up its distance from the speaker (i.e. farther from
speaker yields higher association strength) to the inverse of
its distance from the listener (i.e. closer to listener yields
higher association strength): |posr − posS | − |posr − posL |
(where posL stands for the listener’s position). Finally, for
distal demonstratives (e.g., aquel) a referent has high association strength if it is far from both the speaker and the listener. Thus, put formally, a referent’s association strength is
defined by adding up its distance from the speaker (i.e. farther from speaker yields higher association strength) to its
distance from the listener (i.e. farther from listener yields
higher association strength): |posr − posS | + |posr − posL |.

where CLsimple (r|w) is the expected visual search cost given a
demonstrative w to identify referent r, and τS is the speaker’s
rationality. This parameter is analogous to the one from Eq.
1, but now modulates speaker behaviour (rather than listener
visual search). When τS is low, the speaker always selects
the demonstrative associated with the lowest expected search
cost. As τS increases, the speaker’s behaviour becomes more
noisy: more likely to choose suboptimal demonstratives.

Production behaviour Below we describe how the
context-sensitive semantics defined above (in terms of the
referents’ association strengths) get turned into visual search
cost estimates, which are then used by the speaker to determine which demonstrative to produce in a given situation.
Simple speaker Given the context-sensitive semantics
specified above, we normalize the association strengths that
the different referents have for the simple listener (AL (r|w))
to a common scale in the [0,1] range, and transform them into
a probability distribution through softmax. The resulting distribution represents the probability of the listener fixating on
each potential referent upon hearing a given demonstrative:
PLsimple (r f ixation |w) ∝ e

AL (r|w)/τL

(1)

where τL is a rationality parameter that modulates the influence of context-sensitive semantics on visual search. When
τL is low, the listener will always fixate on objects in strict
order of association strength. As τL increases, the listener
performs a more noisy visual search.
Through this process, our simple speaker forms a belief
about how the listener will search for the referent after hearing a demonstrative. Because this belief is probabilistic,

−CLsimple (r|w)/τS

PSsimple (w|r, posS , posL ) ∝ e

(2)

Pragmatic speaker Finally, we added a layer of recursive social reasoning, using the RSA framework (Frank &
Goodman, 2012; Goodman & Frank, 2016). This pragmatic
speaker assumes as their audience a pragmatic listener, who
in turn assumes they receive utterances produced by the simple speaker described above.
The pragmatic listener’s fixation probabilities (Eq. 3) , are
based on the simple speaker’s production probabilities (Eq.
2), in order to infer the probability of referent r given that
the speaker produced word w. The pragmatic listener fixates
on referents approximately rationally: trying to maximise the
probability that the referent they look at is indeed the simple
speaker’s intended referent, given the demonstrative received,
again modulated by the listener’s rationality parameter τL :
PSsimple (w|r,posS ,posL )/τL

PL prag (r f ixation |w, posS , posL ) ∝ e

(3)

Analogously to the simple speaker, the pragmatic speaker assumes that the pragmatic listener’s visual search is expressed
in the probabilities given by Eq. 3. This enables the pragmatic speaker to estimate the listener’s expected visual search
for the referent (implemented via Monte Carlo simulations
with n = 100 samples). The pragmatic speaker then produces
utterances approximately rationally: trying to minimise the
pragmatic listener’s search cost, modulated by rationality parameter τS :
PS prag (w|r, posS , posL ) ∝ e−CL prag (r|w)/τS

(4)

Experiment 1: Manipulating listener position
In Experiment 1, we obtained explicit judgments about
demonstrative use in four languages, which we then compare
to our baseline computational models.
Methods
Participants 200 native speakers of English (from the UK),
Italian (from Italy), Portuguese (Peninsular), and Spanish
(Peninsular) (n = 50 per language) were recruited through
Prolific and performed our task in Qualtrics.
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a) Experiment 1: Distance-based vs. person-based model comparison
Portuguese
Spanish
English

b) Experiment 2: Attention correction vs. baseline model comparison
Portuguese
Spanish
English

Italian

2

.4

Italian

Speaker tau

Speaker tau

2

.4

2 .4
Person > Distance (baselines)

2 .4

Listener tau

2 .4

2

.4

Distance > Person (baselines)

.4

2 .4
Person+attention > Person
Person > Person+attention

2 .4

Listener tau

2 .4

2

Distance+attention > Distance
Distance > Distance+attention

Figure 2: Model comparisons for Experiments 1-2. a) Comparison between person-oriented and distance-oriented models
against data from Experiment 1. The person-oriented model best fit data from Portuguese and Spanish speakers, while the
distance-oriented model best fit data from English and Italian speakers for a wide range of parameters. b) Evaluation of
whether the attention correction mechanism adds additional explanatory value against data from Experiment 2. Our results
reveal clear evidence of attention correction for Portuguese and Spanish, and ambiguous evidence for English and Italian.
Materials and Procedure Stimuli consisted of 16 displays
showing a speaker (figure labelled “You”) and a listener
(“Her”) on opposite sides of a table with four objects (Fig. 1).
The speaker appeared at the top right-end of the table across
trials, while the listener’s position varied parametrically with
each object position. The speaker’s attention indicated the
target object in each trial, illustrated through both body orientation and line of gaze (represented by dashed lines). Target
position was counterbalanced across trials, fully crossed with
the listener’s position in a 4x4 design.
Participants were asked to adopt the role of the speaker and
complete a request for the target object (“Now I need. . . ”),
by choosing a demonstrative out of two or three options, depending on the language (e.g. this/ that in English; este/ ese/
aquel in Spanish). Participants were asked to imagine that
they were in the physical situation depicted in each display
and had to select the expression they would be more likely to
use.

Results of Study 1
Our model enables us to generate quantitative predictions
about distance-oriented and person-oriented systems, for languages with either two or three demonstratives (i.e., with
what probability the pragmatic speaker would produce the
various demonstratives in a given situation). However, these
models require that we set the τL and τS parameters. We
therefore began by computing model predictions for a range
of these parameters ([0.4, 2.0] in steps of 0.05τ), and performing model comparison via Bayes factors (using a uniform prior over models). As Figure 2a shows, our computational models enabled us to extract which demonstrative system is used in each language, in a robust manner, as parameter setting had little effect on our results. This model-based
analysis and our experiment confirmed past typological analyses. The behavioural data of our English and Italian participants is best explained by the distance-oriented model, suggesting that speakers of these languages use demonstratives
to mark the relative distance of referents from their own position. The data for Portuguese and Spanish, by contrast, is best

explained by the person-oriented model, suggesting speakers
of these languages use demonstratives to mark the distance of
referents relative to both the speaker’s and listener’s position.
Table 1 shows mean Bayes factors and their corresponding
evidence strength (Lee & Wagenmakers, 2014).
Lang.:
Port.
Span.
Eng.
It.

Distance-oriented:
#; mean BF; evidence
55; 9.577e + 05; extreme
114; 2.085e + 09; extreme
930; 2.041e + 18; extreme
980; 3.980e + 35; extreme

Person-oriented:
#; mean BF; evidence
1013; 0.012; very strong
954; 0.016; very strong
141; 0.182; moderate
91; 0.107; moderate

Table 1: Number of parameter settings that favour each model
for Experiment 1, with corresponding mean Bayes factors and
evidence strength. For Portuguese and Spanish, the majority
of parameter settings fall in the column where the personoriented model fits best, whereas for English and Italian the
majority falls in the distance-oriented column (cf. Fig. 2a).

Figure 3 shows the proportions with which participants
used the various demonstratives in particular sample trials of
interest, alongside the corresponding model predictions. To
generate these model predictions, we used maximum likelihood estimation (through grid approximation in steps of
0.05τ) to identify the best parameter setting. These trials illustrate that in a distance-oriented language like English (top
panel of Figure 3), demonstrative choice is sensitive to the
referent’s position (relative to the speaker), but not to the listener’s position. That is, when the target is in Position 2 (i.e.
one position away from the speaker), both the behavioural
data and the model predictions show that the proximal and
distal terms are roughly equally likely to be selected. However, when the target is in Position 4 (i.e. furthest away from
the speaker), the distal term is preferred (both in the model
and the behavioural data). Crucially, within these two situations (target in Position 2 and target in Position 4), neither
the behavioural data nor the model predictions distinguish
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Proportion

Medial
Proximal
a) English speakers

of the model works in an identical manner, creating a speaker
that now also uses demonstratives flexibly to direct the listener’s attention, and the listener reacts accordingly.

.8
.6
.4

Experiment 2: Manipulating listener attention

.2

c) Portuguese speakers
Proportion

Distal
b) Distance-oriented model

Experiment 2 consisted of a task similar to Experiment 1,
with the difference that the stimuli now revealed (and parametrically varied) the listener’s attention, enabling us to test
if people use demonstratives as attention-redirection devices.

d) Person-oriented model

.8
.6
.4
.2

Methods

Figure 3: Experiment 1 sample trials. Top row (a-b) shows 4
trials by English speakers and the distance-oriented model.
Bottom row (c-d) shows the same 4 trials by Portuguese
speakers and the person-oriented model. Bottom diagrams
show abstract schematics of the trial: each square represent
an object, with the target in black. The blue and red triangles
represent the speaker and listener location, respectively.
whether the listener is in Position 1 or 2. This shows that
listener position does not affect demonstrative choice in English (and analogously in Italian). If we compare this to a
person-oriented language like Portuguese (bottom of Figure
3), we see that both the behavioural data and the model are
sensitive to listener position. That is, when the target is in
Position 2 and the listener in Position 1, all three demonstrative terms can be used. However, when the listener moves to
Position 2 (i.e. right in front of the target), we see that the
medial term is preferred (suggesting that the medial demonstrative means “far from me but close to you” in Portuguese,
and analogously in Spanish).

Study 2: Monitoring listener visual attention
The goal of Study 2 is to expand our computational model and
experimental setting to investigate whether speakers monitor
the listener’s visual attention and use demonstratives flexibly
in order to redirect the listener towards the intended referent.

Participants 200 native speakers of English (from the UK),
Italian (from Italy), Portuguese (Peninsular), and Spanish
(Peninsular) (n = 50 per language) were recruited through
Prolific and performed our task in Qualtrics.
Materials and Procedure The stimuli consisted of 18 trials, similar to those in Experiment 1. The two key differences
were (i) that the listener was always positioned directly in
front of the target object, and (ii) that the listener’s attention
varied parametrically with object position. Speaker and listener attention were indicated by their body orientation and
line of gaze, and the target was always the object that the
speaker was looking at. In half the trials, the speaker and listener perspectives were misaligned (i.e. looking at different
objects), so the speaker would have to redirect the listener’s
attention. The procedure was the same as in Experiment 1. Of
interest was whether participants selected different demonstratives in aligned- vs. misaligned-perspectives trials.

Results of Study 2
Figure 2b and Table 2 show the comparison between the baseline model we derived for each language in Experiment 1
and the same model with an attention-correction mechanism.
Adding an attention-correction mechanism improved model
fit for Portuguese and Spanish, for virtually any parameter
setting. For English and Italian, however, which model comes
out as most likely varies greatly across different parameter
settings, with no clear pattern.

Integrating attention-correction into our models
We developed an Attention-correction model extension,
which follows the same structure as our baseline models
but modifies the association strength function of the proximal and distal demonstratives. For proximal demonstratives, the attention-correction mechanism boosts the association strength of any referent closer to the speaker relative to
the listener’s focus of attention. Conversely, for distal demonstratives, the attention-correction mechanism boosts the association strength of any referent that is farther from the speaker
relative to the listener’s attention. Formally, we achieve this
by simply adding a constant value of 1 to the association
strength function for those referents that are (i) closer than
the listener’s attention for the proximal term, and (ii) further
away than the listener’s attention for the distal term. The rest

Lang.:
Port.
Span.
Eng.
It.

Baseline: ;
#; mean BF; evidence
65; 0.126; moderate
83; 0.087; strong
583; 0.068; strong
545; 0.053; strong

Attention-correction:
#; mean BF; evidence
999; 1.649e + 144; extreme
982; 9.533e + 139; extreme
489; 1.315e + 54; extreme
532; 4.950e + 32; extreme

Table 2: Number of parameter settings that favour each model
for Experiment 2, with corresponding mean Bayes factors
and evidence strength. For Portuguese and Spanish, the
Attention-correction model fits best for the majority of parameter settings. English and Italian show no clear pattern.
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Proportion

Medial
Proximal
a) Italian speakers
.8
.6
.4
.2

c) Spanish speakers
Proportion

Distal
b) Distance+Attention model

d) Person+Attention model

.8
.6
.4
.2

Figure 4: Experiment 2 sample trials. Top row (a-b) shows
4 trials by Italian speakers and the distance+attention model.
Bottom row (c-d) shows the same 4 trials by Spanish speakers and the person+attention model. Bottom diagrams show
abstract schematics of the trial. Each agent’s attention is depicted through a solid line from the agent to an object, as well
as a coloured outline corresponding to the colour of the agent.
Figure 4 shows sample trials alongside model predictions
from Experiment 2. Here we can compare two cases of misalignment in Italian and Spanish: When the listener’s attention is focused closer to the speaker than the target object (target in Position 2 and listener attention on Position 1, counting from right to left), speakers of both languages are more
likely to use the distal term compared to when speaker and listener attention are aligned (on Position 2). Furthermore, languages with person-oriented systems like Spanish also show
that when the listener’s attention is focused further away than
the target object (target in Position 3 and listener attention
on Position 4), speakers are more likely to select the proximal demonstrative than when speaker and listener perspectives are aligned (target and listener attention on Position 3).

Discussion
We set out to investigate how language use recruits social
cognition by focusing on demonstratives—a unique class of
words that is present in all of the world’s languages and
whose use is pervasive in everyday social interaction (Diessel
& Coventry, 2020). To better understand how deep the demands that demonstratives place on social cognition are, we
started by distinguishing the semantics of different demonstrative systems (i.e. their grammatical meaning) and their
pragmatics (i.e. how they are used to establish joint attention
with the receiver). We predicted that social cognition could
be recruited at both levels, depending on the language.
We developed two novel computational models of demonstrative use, one for distance-oriented systems (which indicate referent distance from the producer’s position) and another for person-oriented systems (which indicate distance
from both producer and receiver). These models are based
on the ICE framework (Jara-Ettinger & Rubio-Fernandez,
2020)—which rests on the assumption that speakers produce

helpful referential expressions by considering the listener’s
visual search, and on the RSA framework (Frank & Goodman, 2012; Goodman & Frank, 2016)—which captures pragmatic inferences through recursive social reasoning. In Study
1, these baseline models and an online demonstrative-choice
experiment were used to test typological analyses of four
different demonstrative systems. The results confirmed that
English and Italian have distance-oriented systems, whereas
Portuguese and Spanish have person-oriented systems.
The use of computational models to test typological analyses of different languages has the potential to make an important contribution to both linguistics and typology since
there is not always a consensus on how to characterise a given
demonstrative system. For example, there is a longstanding
debate on the nature of the Spanish system (Peeters, Krahmer, & Maes, 2021), which our model predictions and human
data seem to resolve in favor of the person-oriented description. Regarding social cognition, our results also confirm that
different demonstrative systems place different perspectivetaking demands on their users. That is, person-oriented systems require that producers monitor the receiver’s spatial
location to accurately use demonstratives, while distanceoriented systems do not require switching perspectives.
In Study 2, an attention-correction mechanism was incorporated into the baseline models to investigate whether producers of all languages use demonstratives flexibly depending on whether their perspective is aligned with the receiver’s
or not. Being sensitive to the receiver’s focus of attention
would be efficient since demonstratives are used to establish
joint attention across languages (Diessel, 2006). Model comparison confirmed that Portuguese- and Spanish-speakers use
demonstratives flexibly to redirect the listener’s attention to
the intended referent. In English and Italian, while evidence
in favour of the attention-correction model is stronger than for
the baseline model, there is no clear model that fits best across
the range of parameter settings. The human data, however,
does suggest that English- and Italian-speakers use demonstratives flexibly depending on the listener’s attention focus.
We consider two possible reasons for the mixed results
of Study 2. First, it is possible that simply by having two
demonstratives at their disposal (instead of three), Englishand Italian-speakers reveal less attention correction than
Portuguese- and Spanish-speakers. Second, post-hoc analyses showed that for the 2-way distance-oriented models, the
differences in model predictions between the baseline and
attention-correction variants are very small for most trials
compared to the 3-way person-oriented models. We are therefore planning to run a third experiment including more critical
trials to try to address these open questions.
In conclusion, the results of our studies confirm that using demonstratives—one of the building blocks of human
language—requires social cognition. Future studies should
explore the implications that cross-linguistic differences and
universals in demonstrative use may have for human social
cognition and its development.
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Abstract
Linguistic alignment—the contingent reuse of our interlocutors’ language at all levels of linguistic structure—pervades
human dialogue. Here, we design unique measures to capture the degree of linguistic alignment between interlocutors’
linguistic representations at three levels of structure: lexical,
syntactic, and semantic. We track these measures in a longitudinal dataset of early conversations between caregivers and
children with and without perinatal brain injury. Specifically,
we test the predictions of the well-known Interactive Alignment Model, taking advantage of the variability within our
sample in terms of the strength of interlocutors’ linguistic representations, whether owed to age or injury. Ultimately, we
find inconsistent support for the (largely untested) predictions
of the Interactive Alignment Model, pointing to a need for new
quantitative accounts of the mechanisms underlying linguistic
alignment. Our results regarding the trajectory of interactive
alignment broadly replicate developmental trends documented
by other researchers, though analyses linking concurrent vocabulary and child alignment, as well as caregiver alignment
and later child vocabulary—defy predictions from previous
work. Our goal with these analyses is to start a conversation regarding the mechanisms underlying linguistic alignment, and
to inform theories of how interactive linguistic experience supports language development.
Keywords: linguistic alignment, language acquisition,
computational linguistics, perinatal brain injury

Verbal interaction is at the heart of linguistic development.
Yet despite the presumed centrality of interactive language
experiences, their contribution to language development is really only close to being understood for instances of referential
learning: cases where the learner’s task is to discover which
entities different language units ‘map onto.’ Extant research
has spotlighted how interactive experiences might, for example, increase the child learner’s attention to language, or increase the likelihood that the language is relevant to them. Yet
we would expect the benefits of interactive linguistic experiences to extend beyond the mere accumulation of clear referential learning instances. What about more enigmatic aspects
of language knowledge—things like negation, complex semantics, and syntactic structure—which are evident in adult
language use? That is, although effects of contingency on
language development pervade the literature (e.g., Goldstein
et al., 2003), we remain a long way from understanding the
full range of mechanisms by which moment-to-moment interactional behaviors support complex language development.
We focus here on priming (e.g., Bock, 1986) as a promising
mechanism that operates across the linguistic system, from
lexical to syntactic to semantic levels of linguistic structure.
Broadly, priming theories suggest there is something automatic and infectious in our processing of incoming linguistic structure, teasing the possibility that linguistic structure

can be activated implicitly among interlocutors. Signatures
of such implicit transmission represent an ideal place to explore how language structure might develop out of real-time,
dynamic interaction (e.g., Savage, Lieven, Theakston, &
Tomasello, 2006; Kidd, 2012). Our focus here is on linguistic alignment—that is, our conversational tendency to reuse
and converge on the same pronunciations, vocabulary, and
sentence structures as our interlocutors. Linguistic alignment
hints at the ways by which adults’ child-directed language
might be effortlessly calibrated to children’s ever-evolving
competence (e.g., Yurovsky, Doyle, & Frank, 2016), as well
as how learner’s productive knowledge of linguistic structure
might be strengthened in the course of verbal engagement.
If the reader knows one account of linguistic alignment in
dialogue, it is almost certainly Pickering & Garrod’s (2004)
Interactive Alignment Model, which sought a single explanatory framework for diverse empirical phenomena in the
psycho- and socio-linguistic literatures, and has continued to
be highly influential for theorizing today. According to this
model, successful communication relies on the alignment of
interlocutors’ situation models (something like their built-up
semantic understanding), which is achieved by: (1) alignment between interlocutors’ representations at each level of
linguistic representation (phonetic, phonological, lexical, and
syntactic), via automatic, resource-free priming mechanisms,
(2) ‘percolation’ between levels of linguistic representation
within interlocutors, and (3) parity between the representations used in production and comprehension.
Experimental research with adults undergirds these claims.
Evidence for (1) comes in part from priming studies: for example, given a depicted event compatible with the description
“A sent B the postcard” or “A sent the postcard to B,” adults
are more likely to use the same construction previously used
by a confederate, even if the event the confederate had described used a different verb and included different participants (e.g., X gave Y the kerchief → “A sent B the postcard”
versus X gave the kerchief to Y → “A sent the postcard to B;”
Bock, 1986). Evidence for (2) comes in part from findings
that syntactic priming is even more robust when the primed
sentence shares one or more words with the prime (conferring
a so-called “lexical boost,” as in X sent Y the kerchief → “A
sent B the postcard”).
In the current work, we leverage a unique longitudinal
dataset of caregiver-child verbal interactions to test some of
the basic predictions of the Interactive Alignment Model, including whether alignment is correlated: (1) between conver-
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sational participants and (2) across levels within a given individual. In company with other researchers (Misiek, Favre, &
Fourtassi, 2020; Fusaroli, Weed, Fein, & Naigles, 2021), we
operationalize linguistic alignment at three levels of linguistic representation (lexical, syntactic, and semantic). In addition, we explore: (3) how caregiver-child alignment relates to
and/or reflects children’s development and language ability,
and (4) the ability of caregiver alignment to predict children’s
linguistic development. Importantly, the corpus contains dialogues between caregivers and typically developing children
in the earliest stages of acquiring language, as well as between caregivers and children whose biological predisposition to language acquisition may be impaired — in this case,
via perinatal brain injury (Goldin-Meadow et al., 2014). If
linguistic alignment depends on overlapping representations
between interlocutors, we expect both developmental age and
barriers to typical language development, like perinatal brain
injury (PBI), to constrain the strength and types of alignment
that are possible.

Methods
Participants
The data for this study come from the Language Development
Project, which follows 110 monolingual English-speaking
children from the Greater Chicagoland Area: 64 typically
developing, and 46 with unilateral brain injury (GoldinMeadow et al., 2014). Children and their primary caregivers
were video-recorded engaging in spontaneous interactions in
their homes for twelve 90-minute visits (M = 11.3, SD = 1.8
sessions, range 4—12 sessions), from when the children were
14 months to 58 months old (due to difficulties enrolling children with unilateral brain injuries, the average age of their
first visit was 23.9 months; SD = 11.0).

representations of contingent utterances, with the goal of better approximating the structured, productive representations
employed by human language users. We use the Berkeley
Neural Parser to transform all utterances into their most probable constituency-parsed trees (Kitaev, Cao, & Klein, 2019;
Kitaev & Klein, 2018). Sentences with multiple possible
parses were analyzed using the most probable parse-tree.
From there, we compute eight descriptive metrics for each
parse tree, including tree depth, reflecting something like the
complexity of the syntactic structure, node type frequency,
reflecting how recursive the structure is, and number of identically and non-identically traversed nodes, reflecting the degree of shared sub-structures between the two trees. We quantify semantic alignment by taking the cosine similarity of the
vectors for parse-trees of contingent utterances, giving a value
between 0 and 1 (which we multiply by 100 for analysis).
By relying on structured tree representations, rather than,
say, sequences of part-of-speech tags, our measure of syntactic alignment is both cognitively valid and critically measuring something different from our metric of lexical alignment.
Semantic Alignment To calculate semantic or conceptual alignment, we represent contingent utterances in a
high-dimensional vector space, using vectors from SpaCy’s
en core web lg library (Honnibal & Montani, 2021), trained
on the Common Crawl Dataset. Our metric of semantic alignment reflects the similarity between utterance vectors. Scores
of zero suggest contingent parent-child utterances are about
unrelated topics, while scores near 100 suggest direct repetitions between speakers, and the range between these two
poles reflects a range in topical coherence or conceptual relatedness between contingent utterances.

Results
Testing the Predictions of Interactive Alignment

Operationalizing Alignment
Data Preprocessing We stripped all utterances of extraneous punctuation and lemmatized lexical tokens (e.g.,
“dogs”→“dog”) using the SpaCy NLP en core web lg library
(Honnibal & Montani, 2021). As a proxy for conversational
turns, we identified speaker shifts where the speaker label in
a transcript changed from parent to child (n = 212, 345 utterances) or child to parent (n = 212, 207). All alignment measures are computed at speaker shifts, and defined directionally in terms of who was responding to whom (we refer to
the utterances on either side of a speaker shift as contingent
utterances; see Figure 1 for illustration).
Lexical Alignment Lexical alignment values reflect the
number of lexical tokens shared between contingent utterances as a proportion of the total number of lexical tokens
summed across both utterances. For interpretive ease, we
multiply this (and the metrics that follow) by 100, producing
a score between 0 and 100 (see also Foushee et al., 2021).
Syntactic Alignment In a departure from previous work,
we measure syntactic alignment by comparing hierarchical

Correlations between Interlocutors We first tested
whether degree of alignment is correlated between conversational partners, as would be predicted if within-dialogue
alignment at each level of linguistic structure occurred via
priming in comprehension and production. To do so, we take
the mean of each speaker’s alignment scores at each session,
and compare the correlation between true parent-child pairs
against a baseline distribution of randomly permuted pairs of
parents and children.
Interestingly, our results differ by level of linguistic representation. Degrees of lexical alignment were modestly correlated between caregiver and child (range = .11, .34, M = .19),
but significantly (α=.05) so on only two sessions (ages 18 and
22 months, r=.34 and r=.29, respectively; both ps< .05 with
Bonferroni correction). For the first four sessions (spanning
ages 14–26 months), degree of syntactic alignment showed
no significant correlation between caregiver and child (range
= −.01, .31), but an increasingly negative correlation on
the remaining eight sessions, ending when children were
58 months (range: −.67, .01, M = −.53; all Bonferronicorrected ps< .05). Finally, caregiver-child semantic align-
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Figure 1: Example Caregiver-Child Conversational Exchange.
Note. Utterances 3–4 in the transcript (left) appear in tree form (right), color-coded to mark aligning linguistic representations.
ment was significantly (and increasingly) positively correlated across all sessions (range = .46, .97, M = .81, all
Bonferroni-corrected ps< .001). Such variable (and unstable) between-speaker correlations is unexpected under the Interactive Alignment Model, though we would need a different
corpus to determine whether the correlations we observe are
typical of casual conversation more generally.
Correlations within Interlocutors Next, we asked whether
degree of alignment is correlated within participants, as
would be predicted if there were ‘percolation’ between levels of linguistic representation, such that alignment at one
level led to alignment at others. Rates of lexical, syntactic,
and semantic alignment were significantly intercorrelated at
10/12 sessions for children (range: .35, .68; M = .48), and at
all 12 sessions for caregivers (range: .56, .89; M = .72, all
ps< .05 with Bonferroni correction). Interestingly, while the
internal correlation in children’s rates of alignment showed
no change across sessions, parents’ slowly decreased, consistent with the patterns discussed in the next section.
Returning to our motivation for these analyses: on the Interactive Alignment Model, the variability in adults’ degree
of alignment across levels of representation is unexpected.

Alignment Across Development
Linguistic alignment relies on shared systems of linguistic
representations, implying that patterns of alignment should
increase overall as the overlap in interlocutors’ linguistic
knowledge increases. In this longitudinal dataset we can examine how these changes take place with the same parentchild pairs over the first few years of productive language use,
during which both the typically developing and brain injured
children displayed rapid growth in linguistic skill, but with
a potential barrier to this growth for the latter group. We fit
linear mixed effects models to the utterance-by-utterance values for each level of linguistic representation in each sample,
with child age, speaker (C HILD or PARENT), and their interaction. In addition, models included utterance length and
position within the transcript (scaled to be a value between
0—the first utterance, and 1—the last utterance), maternal
education, and child reported sex, along with random intercepts for subjects (n = 110) and session (n = 12). To evaluate
the robustness of the trends we identify, we fit our models for

each sample to children’s sessions 1–9 (spanning ages 14 to
46 months), and test them on sessions 10–12 (ages 50 to 58
months).
Table 1: Linear Models Predicting Alignment in Typically
Developing Sample
Alignment Type
Intercept
Age
PARENT
Age:PARENT
R2CV †
† Evaluated

Lexical

Syntactic

Semantic

9.29∗∗∗
(6.96, 11.62)
−0.14∗∗∗
(−0.25, −0.04)
6.69∗∗∗
(6.51, 6.87)
−0.26∗∗∗
(−0.27, −0.24)

45.79∗∗∗
(44.10, 47.49)
−0.04
(−0.11, 0.02)
12.97∗∗∗
(12.81, 13.12)
−0.44∗∗∗
(−0.46, −0.43)

68.38∗∗∗
(66.77, 69.99)
0.10∗∗∗
(0.04, 0.15)
1.33∗∗∗
(1.24, 1.43)
−0.05∗∗∗
(−0.06, −0.04)

0.004

0.043

0.062

on held-out test set

∗∗∗ p<.001

In Typically Developing Children
Lexical Alignment Caregivers do more lexical alignment
than their children do. Lexical alignment in both caregivers
and children decreases with age, consistent with caregivers
and children producing longer, less repetitious utterances
with more varied words over the course of development.
Caregivers’ rates of alignment fell more quickly than children’s (χ2 (1) = 1120, p < .001; see Figure 2 for illustration,
and Table 1 for relevant coefficients).
Syntactic Alignment Caregivers also aligned more than
their children at the syntactic level. While children’s syntactic alignment did not change across development, caregivers’
significantly decreased. Longer utterances were associated
with greater syntactic alignment in both children and caregivers, consistent with longer utterances providing greater opportunities for shared structure. Notably, these trends hold
even when excluding all single-word utterances from the data.
Semantic Alignment Caregivers semantically aligned
more than children did, and both groups showed greater align-
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Figure 2: Developmental Trajectory of Alignment Across Dyads and Populations.
ment in longer utterances. However, in stark contrast to the
preceding two levels, both caregivers and children showed
increasing semantic alignment with child age, with children
showing a steeper slope than their caregivers.
Table 2: Linear Models Predicting Alignment in Sample with
Perinatal Brain Injury
Alignment Type
Intercept
Age
PARENT
Age:PARENT
R2CV †
† Evaluated

Lexical

Syntactic

Semantic

8.05∗∗∗
(6.81, 9.28)
−0.04∗∗∗
(−0.05, −0.03)
11.03∗∗∗
(10.39, 11.66)
−0.16∗∗∗
(−0.17, −0.14)

44.36∗∗∗
(42.59, 46.12)
−0.01
(−0.05, 0.02)
29.06∗∗∗
(28.41, 29.71)
−0.38∗∗∗
(−0.39, −0.36)

46.62∗∗∗
(41.91, 51.34)
0.32∗∗∗
(0.20, 0.44)
6.48∗∗∗
(5.86, 7.10)
−0.09∗∗∗
(−0.10, −0.07)

0.003

0.146

on held-out test set

developmental time, with parents’ rates of lexical alignment
falling more steeply than children’s (Table 2).
Syntactic Alignment As at the lexical level, caregivers
aligned syntactically more than their children, with parents’
rates of syntactic alignment falling more steeply than children’s.
Semantic Alignment As with lexical and syntactic alignment, children aligned less than their caregivers. However,
unlike previous levels, semantic alignment increased over
time, and at a slightly steeper rate for children than for adults.

Child Alignment and Concurrent Language Skill

0.014
∗∗∗ p<.001

In Children with Brain Injury
Lexical Alignment Caregivers aligned more than their
children. Both groups lexically aligned less and less across

If alignment depends on the mutual availability of linguistic representations in speaker and listener, we should expect
to see a correlation between measures of children’s language
ability or linguistic maturity, and rates of alignment. The last
analysis investigated this prediction by tracking alignment
over child age as a proxy for language development. Here,
we take a finer-grained approach, making predictions of linguistic alignment on the basis of actual measures of linguistic
maturity. To do so, we fit linear mixed effects models to children’s utterance-by-utterance alignment scores for each level,
this time including concurrent administrations of the Peabody
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Picture Vocabulary Test (Dunn & Dunn, 2007) as a fixed effect (along with the covariates described above, and random
intercepts for subject and session).
Table 3: Linear Models Predicting Alignment from Child
Vocabulary Size in Typically Developing Sample

.92), syntactic alignment (β = −0.02 [−0.06, 0.02], χ2 (1) =
0.81, p = .37), or semantic alignment (β = −0.01 [−0.04,
0.02], χ2 (1) = .17, p = .68). This observation challenges the
notion that the link between language development and alignment should be stable across populations, pointing the way to
future research.

Caregiver Alignment and Future Child Language
Alignment Level
Lexical
Intercept
PPVT
Age

11.73
(−2.67, 26.13)
0.005
(−0.02, 0.03)
−1.15∗∗∗
(−1.72, −0.59)

Syntactic

Finally, we used these data to test the prediction that caregivers’ alignment to their children might itself promote children’s language development, as investigated and shown in
previous work (Denby & Yurovsky, 2019; Foushee, Byrne,
Casillas, & Goldin-Meadow, 2021; Fusaroli et al., 2021).
To do so, we used linear models to predict children’s 50month PPVT score from caregivers’ mean alignment at the
46-month session.

Semantic

38.99∗∗∗
68.84∗∗∗
(36.57, 41.41)
(67.20, 70.48)
0.04∗∗
0.05∗∗∗
(0.01, 0.06)
(0.04, 0.07)
−0.17∗∗∗
−0.10∗∗∗
(−0.23, −0.10) (−0.14, −0.06)
∗ p<0.05; ∗∗ p<0.01; ∗∗∗ p<0.001

In Typically Developing Children Contrary to our expectations, there was no relation between typically developing
children’s concurrent PPVT scores and their rates of lexical
alignment (β = 0.005 [−0.02, 0.03], χ2 (1) = 0.22, p = .64).
However, both a model fit to children’s syntactic alignment
values and a model fit to their semantic alignment scores
showed a small but reliable positive effect of PPVT score
(on syntactic alignment: β = 0.038 [0.01, 0.06], χ2 (1) =
8.11, p = .004; on semantic alignment: β = 0.05, [0.04,
0.07]; χ2 (1) = 48.6, p < .001). This is consistent with the
positive developmental trends for children in the previous
section, and with a theory of linguistic alignment that relies
on some degree of shared linguistic representations. The null
result regarding lexical alignment might reflect the interacting forces of conversation (constraining the space of relevant
vocabulary) and maturity (where direct repetitions are more
common at smaller vocabulary sizes, but the child’s potential
to re-use greater numbers of the caregivers’ words increases
in line with vocabulary).
Table 4: Linear Models Predicting Alignment from Vocabulary Size in Children with Perinatal Brain Injury
Alignment Level:
Intercept
Age
PPVT

Lexical

Syntactic

6.17∗∗∗

39.64∗∗∗

(3.97, 8.37)
−0.06∗∗∗
(−0.08, −0.04)
0.002
(−0.03, 0.04)

Semantic

51.89∗∗∗
(37.10, 42.19) (49.95, 53.84)
−0.04∗∗∗
0.15∗∗∗
(−0.05, −0.03)
(0.14, 0.16)
−0.02
−0.01
(−0.06, 0.02)
(−0.04, 0.02)
∗ p<0.05; ∗∗ p<0.01; ∗∗∗ p<0.001

In Children with Brain Injury Surprisingly, parallel models fit to the alignment data for the children with perinatal
brain injury showed no relation between children’s scores on
the PPVT (range: 0–120; M = 53.52, SD = 25.87) and lexical alignment (β = 0.002 [−0.03, 0.03], χ2 (1) = 0.01, p =

In Typically Developing Children To our surprise, of
these models, only mean rates of caregiver semantic alignment predicted children’s PPVT scores (β = 198.20 [64.19,
332.20]), rather than lexical (β = 54.24 [−96.16, 204.64]) or
syntactic (β = −7.01 [−161.36, 147.34]).
In Children with Brain Injury For caregivers of
children with perinatal brain injury, neither lexical
(β = 9.90 [−202.08, 221.88]), syntactic (β = −79.79
[−285.04, 125.45]), nor semantic alignment (β = 146.74
[−94.19, 387.68]) predicted children’s later vocabulary
scores.

General Discussion
The current study sought to test a set of interrelated predictions of priming models generally, and of the Interactive Alignment Model in particular, with the potential to inform future mechanistic accounts of language development.
By testing these predictions in two longitudinal samples of
caregiver-child dyads, we explored alignment among language users whose linguistic representations we might expect
to be more or less fragile — whether because of age or an
early insult to the brain.
With respect to the basic premises of the Interactive Alignment Model, we found inconsistent support. The model—
and related priming accounts—predicts that levels of linguistic alignment should be correlated both between interlocutors,
and within individuals. There is no reason to expect these
predictions to differ for children versus for caregivers, and
indeed, we see high intercorrelations among levels of linguistic alignment within individuals in both children and caregivers, albeit at slightly different magnitudes. That correlations among caregivers’ levels of linguistic alignment were
higher than children’s is consistent with the idea that the
strength of an interlocutor’s linguistic representations will affect the degree to which activation at one level ‘percolates’ to
others.
Interestingly, alignment between interlocutors showed distinct patterns of correlation based on level of linguistic
structure and developmental time. Lexical alignment—the
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amount that caregivers and children tended to re-used each
other’s words, relative to other dyads—was inconsistently
(positively) correlated between interlocutors, while semantic alignment was robustly so. Contrary to the model’s and
our own predictions, degree of syntactic alignment was negatively correlated between caregivers and their children. Exploring whether this finding generalizes from caregiver-child
interaction to adult dialogues will be critical to understanding whether it is a consequence of children and adults’ differential representations, or an observation about conversation
generally that merits investigation.
Our ability to explore these questions was made possible
by a new approach to quantifying syntactic alignment, which
compares features of hierarchically structured representations
of utterances, rather than ‘flat’ representations of the words
that comprise them. We view this as an innovation in the cognitive validity of our measurement of linguistic alignment,
and note that it boasts the additional benefit of dissociating
our measures of alignment across different levels of linguistic representation, making comparisons between levels more
meaningful.

Conclusion
Ultimately, despite ourselves finding inconsistent evidence
for the connection between linguistic alignment and formal
metrics of linguistic maturity (i.e., PPVT), our hope with this
work is to pave the way for future research into the mechanisms by which verbal interaction makes the learning of complex linguistic structure possible.
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Inferring the internal structure of social collectives
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Abstract
We investigate how humans leverage sparse observations of social interaction to infer the rich internal structure of
human social collectives. We propose a computational model of this process which integrates a domain-general structure
learning mechanism with domain-specific knowledge about social contexts (i.e.: “intuitive sociologies”). We test our
model in two experiments where participants observe a sequence of animated interactions between agents, and then
assign the agents to groups according to their role or type within the social collective. Crucially, the two experiments
depict different types of social interactions which reflect different types of underlying social structures. The patterns
of correspondence between model predictions and human data support our account, and demonstrate the importance
of both general statistical learning and specific social knowledge when reasoning about social collectives. Keywords:
Social Inference; Intergroup Cognition; Computational Modeling

1395
In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

The value of host-country language: The effect of Dutch language proficiency on
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Abstract
We study the effect of Dutch proficiency on immigrants’ labour market performance, savings and financial wealth in
the Netherlands. Different from past research, we had participants (N=659) take a language proficiency test apart from
self-reported assessments, and measured participants’ IQ, patience, saving intention, risk aversion, self-control, temporal focus, etc. to better control for individual characteristics. Immigrants’ labour market performance and financial
wealth were initially surveyed in 2016, and then again in 2020-2021. We find that Dutch proficiency affects immigrants’
earnings (employment probabilities; income; hourly wages) in 2016 and predicts participants’ earnings in 2021 even after
controlling for the baseline in 2016, individual characteristics and demographic information. Furthermore, the results
for the first time reveal that language proficiency can also predict immigrants’ current and future savings and financial
wealth. Importantly, using an instrumental variables approach we show that language proficiency has a causal effect.
Our findings have important theoretical and policy implications.
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The left hand of time: Roles of cultural and bodily experience in constructing the
mental timeline
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Abstract
Using space to think about time appears to be a human universal, but the specifics of people’s space-time mappings vary
across individuals and groups. What determines how people spatialize time in their minds? Here we hypothesized that
motor experience contributes to individuals’ space-time mappings, independent of linguistic and cultural factors. Many
everyday motor actions require using the hands in a particular sequence (e.g., positioning a nail with the nondominant
hand before swinging the hammer with the dominant hand), establishing a correlation between space (left hand, right
hand) and time (earlier action, later action) that reverses with handedness. These action sequences reinforce Westerners’
typical left-to-right mental timeline for right-handers, but contradict this timeline for left-handers. Accordingly, we find
that right-handers associate leftward space with earlier times and rightward space with later times more strongly than
left-handers, for whom cultural and bodily experiences present contrasting relationships between space and time.
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Grounding meaning in the motor system: A p-curve analysis of the TMS and tDCS
evidence
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Abstract
According to the embodied cognition view, retrieving the meaning of action-related language requires the participation
of sensorimotor processes. In consequence, an increasing number of neurostimulation (TMS and tDCS) studies have
tried to test this idea. In the present study, we aim to evaluate the evidential value of this body of research (N = 43) by
means of p-curve analyses. Our results suggest that the published studies so far do not yet allow to establish if they
explore real effects beyond a reasonable doubt. We also found that these studies are quite underpowered (estimated
power < 30%), which suggests that a large percentage of these findings are, in fact, false-positive results. In sum, our
study suggests that the results derived from brain stimulation studies of embodied semantics are not as reliable as would
be desirable. We give some recommendations that will be important for future research on this topic.
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Contractualist Concerns Shape Moral Decisions and Moral Judgments
Arthur Le Pargneux
University of Warwick, Coventry, United Kingdom

Nick Chater
University of Warwick, Coventry, United Kingdom

Hossam Zeitoun
University of Warwick, Coventry, United Kingdom
Abstract
Understanding human morality is of major interest across the cognitive and behavioral sciences. Empirical approaches
often focus on two theories from moral philosophy — consequentialism and deontology —, explaining moral cognition
by appealing to either calculation of consequences, adherence to rules, or both. By contrast, a third influential philosophical tradition — contractualism — has received little empirical investigation. According to contractualism, ethics is
a matter of forming, adhering to, and enforcing (hypothetical) agreements. Drawing upon virtual bargaining — a recent
psychological proposal that models social interactions in contractualist terms — we investigate moral contractualism in
five preregistered online experiments (n = 3,636). We find that characteristically contractualist concerns (e.g., agreement,
consent, mutual interests) heavily shape incentivized decisions in a new experimental game designed to split apart contractualism from consequentialism and deontology. Moreover, they influence moral judgments in three distinct settings.
Contractualist reasoning may play a central role in human morality.
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Abstract
Accounts of human and machine concept learning face a fundamental challenge. Some approaches, notably deep learning, frequently achieve human-level performance on specific tasks but lack consistently human-like—i.e. generalizable,
composable, and explainable—solutions. Others, including classic symbolic accounts, produce human-like hypotheses
but scale poorly. We present a model of learning which is both human-level and human-like. It represents concepts as
program-like expressions formed by applying a series of higher-order inferences that iteratively revise preexisting concepts into novel target concepts. Learning seeks the best combination of revisions under a Bayesian score. This model
predicts learning behavior in 392 humans over 100 computationally sophisticated concepts more accurately than alternative models (Enumerate, Metagol, RobustFill, Fleet) while using three orders of magnitude less computation. This work
shows how humans plausibly construct sophisticated algorithmic representations, a necessity for compelling human-like
artificial intelligence.
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Abstract
This study investigated the neural substrate of processing gesture-speech semantic variation which arises when the
same entity word is uttered along with an iconic gesture that depicts object knowledge or event knowledge of the entity
concept, or with a beat gesture that enacts a rhythmic movement, or with a grooming gesture. The fMRI results attested
that the observation of gestures with speech, as compared to speech alone, centers on the high-level visual processing
and recognition of complex stimuli in the bilateral fusiform gyrus, and the association of various sensory information
in spatio-motoric and semantic processing of the inputs in the left inferior/superior parietal gyrus, upon which multiple
functional networks are engaged in response to cross-modal semantic variation. The visuo-sensorimotor network of
gesture processing with speech does not resemble the processing of hand actions on real objects in the frontal and
parietal lobes for the recognition of object-directed motor acts.
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Abstract
Prior research suggests that humans rationally integrate semantic expectations and the likelihood of noise corruptions
in robust language comprehension. For such inferences to be maximally useful in normal communication, people should
be sensitive to the fine-grained statistical structure of likely errors that vary across contexts, but this has not yet been
shown. Here we hypothesize that a rational language user should represent fine-grained patterns of potential mistakes.
To test this hypothesis, we employ a novel free-form text editing task, where participants are asked to edit sentences
with subject-verb agreement errors, among stimuli with various type of other errors. We build a Bayesian cognitive
model to infer the parameters of the model of errors, based on the observed frequency of the type of edits and judgments
of plausibility of sentences without agreement errors in an independent norming study. Results suggest that the full
Bayesian model explains the editing choice data better than alternative models that attribute the variance in human
behaviors to either prior or context-insensitive error likelihood. Furthermore, the estimated likelihood parameters show
a pattern in the distribution of errors qualitatively similar to that reported in empirical research of language production,
suggesting that humans’ intuitive theory of errors may be rational as to represent language-wise statistical structure of
errors in the environment. These results provide quantitative evidence that humans closely track prior statistics over
linguistic forms and deploy a context-sensitive model of errors in reasoning about the cause of problem from erroneous
input.
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Abstract
Research in cognitive science indicates that the effects of corrective feedback are powerful, but quite variable. Stemming
from the Feedback Intervention Theory, we tested two features of feedback that may influence the learner’s attention to
the self and ultimately their performance. In this zoom-based experiment, 6 to 8 year old children (N = 102) completed
an online learning activity focused on solving mathematical equivalence problems. During the learning activity, children were assigned to different conditions which varied both feedback source (person vs. computer) and feedback type
(correct-answer vs. correct-answer+verification). Feedback source was found to affect accuracy, where computer-based
feedback resulted in higher accuracy compared to person-based feedback. Additionally, feedback type was found to
affect strategy variability. Low knowledge children were more likely to use a variety of different strategies when they
received correct-answer only feedback, while high knowledge children were less affected by the presence or absence of
verification cues.
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Abstract
What we do depends on what we know. But sometimes we try to decouple our behavior from our knowledge so that
we appear not to know what we really do know. Such pretense behavior requires understanding how we would behave
with different knowledge — and so provides a window into counterfactual self-simulation. However, little research has
characterized and evaluated pretense relative to non-pretense behavior. Here, in a large-scale, pre-registered experiment,
subjects played normal games of Battleships (trying to sink ships hidden in a grid), as well as ‘pretend’ games, where they
were told all the ships’ locations but had to pretend they were playing normally. Relative to normal games, ‘pretend’
games demonstrated similar but exaggerated behavioral patterns. Furthermore, pretenders played rationally, but less
so than non-pretenders. Despite these differences, ‘judge’ participants could not detect ‘pretend’ games. We discuss
implications of these findings for accounts of theory of mind and metacognition.
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Abstract
Recent work has shown that the brain organizes abstract, non-spatial relationships between entities into map-like representations. However, an animal’s objectives often depend on only a subset of the features of the environment. Under
these circumstances, cognitive control – the capacity to flexibly select the features most relevant in the current context – becomes paramount. Here, we explore the relationship between cognitive control and the geometry of map-like
representations by combining fMRI with neural network modeling. We find that brain areas including hippocampus
and entorhinal cortex spontaneously organize pairwise relationships into 2D map-like representations, and that this 2D
structure was controlled by compressing task-irrelevant dimensions in areas of prefrontal and parietal cortex. Our neural
network model reproduced these findings and additionally predicted warping in the geometry along a context-invariant
axis. This prediction was confirmed with fMRI, which showed that the degree of warping was correlated with individual
differences in cognitive control.
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Abstract
The capacity to generate recursive sequences is argued to be a behavioral marker of rich, algorithmic cognition, like that
found perhaps distinctively in humans. However, the precise mechanisms underlying recursive sequence generation remain mysterious. We investigate three potential building blocks of recursive pattern processing: hierarchical reasoning,
ordinal reasoning, and associative chaining. We develop a Bayesian mixture model to quantify the extent to which these
three cognitive mechanisms contribute to a center-embedded sequence generation task. We further test whether recursive rule discovery depends upon relational information (either perceptual or conceptual) present in the task stimuli.
The presence of relational information facilitates hierarchical reasoning that drives the generation of recursive sequences
across various depths of center-embedding. Without relational information, the use of ordinal reasoning predominates.
Our results suggest that hierarchical reasoning is an important building block of recursive pattern processing and can
be deployed across embedding depths and relational domains.
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Abstract
The ability to take action according to a partially defined plan allows humans to resolve a distant future, even when
steps are missing between the present and that future. Adhering to this partial plan requires an intentional commitment
that curbs distracting desires conflicting with the planned course of action, enabling humans to act coherently over long
horizons. This research (N = 50, 23 boys, ages 5-6, Chinese) explored the cognitive development of commitment to partial
plans in a sequential decision-making task, and its correlation to participant capacity for attentional control. Our results
suggest that only 6-year-olds committed to partial plans, and moreover, that in both age groups, intentional commitment
was positively correlated with the use of proactive control. These findings indicate that intentional commitment does
not develop simultaneously with the understanding of intention at infancy, but rather matures gradually in parallel with
the development of attentional control.
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Abstract
High-level cognition relies on the ability to determine what the relevant possibilities are in the face of incomplete information. For example, causal judgments require reasoning about the relevant counterfactual possibilities in the context
in which the actual events occurred. Similarly, to judge that someone is morally responsible for a given action requires
assessing what other actions were available to the agent in the context they acted within. Defining the set of relevant
possibilities in a context—what we call the contextual ’modal space’—is computationally intractable both because such
contexts are not well defined and because there are indefinitely many possibilities that one could consider. Interestingly
though, high-level judgments that require reasoning over such possibilities are often made quickly and effortlessly, suggesting that they may recruit a heuristic or implicit representation of the contextually relevant modal space. In this paper
we (1) introduce a sampling approach for empirically describing contextual modal spaces, (2) find that modal spaces are
shaped by statistical and prescriptive normality, (3) demonstrate that the contextual modal spaces play a domain general
role in high-level cognition in the sense that the same modal space is recruited across different domains of reasoning, and
finally (4) we provide evidence that such judgments are made on the basis of heuristic representations of the contextual
modal space rather than on-line sampling of relevant alternatives.

1408
In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

Estimating demographic bias on tests of children’s early vocabulary
George Kachergis
Stanford University, Stanford, California, United States

Nathan Francis
Stanford University, Stanford, California, United States

Michael Frank
Stanford University, Stanford, California, United States
Abstract
Children’s early language skill has been linked to later educational outcomes, making it important to measure early
language accurately. Parent-reported instruments such as the Communicative Development Inventories (CDIs) have
been shown to provide reliable and valid measures of children’s aggregate early language skill. However, CDIs contain
hundreds of vocabulary items, some of which may not be heard (and thus learned) equally often by children of varying
backgrounds. This study used a database of American English CDIs to identify words demonstrating strong bias for
particular demographic groups of children, on dimensions of sex (male vs. female), race (white vs. non-white), and
maternal education (high vs. low). For each dimension, we identified dozens of strongly biased items, and showed
that eliminating even some of these items can reduce the magnitude of differences between groups. Additionally, we
investigated how well the relative frequency of words spoken to young girls vs. boys predicted sex-based word learning
bias, and discuss possible sources of demographic differences in early word learning.

1409
In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

May the Force be against you: Better sensitivity to speed changes opposite to
gravity
Hong B. Nguyen
The New School, New York, New York, United States

Benjamin van Buren
The New School, New York, New York, United States
Abstract
Beyond seemingly lower-level features such as color and motion, visual perception also recovers properties that are more
commonly associated with higher-level thought — as when an upwardly accelerating object is seen as self-propelled,
and resisting the force of gravity. Past work has explored how speed changes drive the perception of physical forces,
but might the reverse also be true? Does seeing a speed change as resisting the force of gravity make us more likely to
notice it in the first place? In four experiments, observers were more sensitive to objects’ accelerations when they moved
upward (i.e. when those accelerations were opposite to gravity), and they were more sensitive to objects’ decelerations
when they moved downward (i.e. when those decelerations appeared as ‘braking’ against gravity). We conclude that
the perception of physical forces is not merely an outcome of visual processing, but also determines the perception of
other, seemingly lower-level, features of how objects move.
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Declarative and imperative pointing acts by infants can be distinguished by
accompanying preverbal vocalisations
Johanna Schick
University of Zurich, Zurich, Switzerland

Carmen Saldana
University of Zurich, Zurich, Switzerland

klaus zuberbühler
University of Neuchatel, Neuchatel, Switzerland

Sabine Stoll
University of Zurich, Zurich, Switzerland
Abstract
Infant points are often accompanied by preverbal vocalisations but little is known about their acoustic properties. In this
study we explore the role of point-accompanying preverbal infant vocalisations in expressing intention, declarative or
imperative. We test whether the interpretation of these preverbal expressions is independent from the communicative
and cultural context by assessing Swiss adult speakers’ ability to interpret preverbal point-accompanying vocalisations
from Shipibo-Konibo (Peru) children. Results suggest that adults can easily distinguish declarative and imperative preverbal pointing acts by their accompanying vocalisations. We thus show that acoustic properties of these vocalisations
contain a rich amount of information which is understood by members of a different culture. This hints towards a larger
preverbal repertoire of communicative tools than previously assumed.
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Great Apes and Human Children Rationally Monitor their Decisions
Cathal O’Madagain
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Abstract
Central to rationality is the ability to think about our beliefs, and make sure they are based on good reasons. If we
have several conflicting reasons to believe something, we wait for more information before making a decision, perhaps rechecking our original reasons before proceeding. In these studies, we presented great apes and young children
with conflicting evidence about the location of a reward. We found that apes double-checked the evidence for their
original choice before making a final decision, revealing an awareness of their own beliefs and reasoning not hitherto
documented. Young children, in contrast, were more sensitive to peer disagreement than conflicting physical evidence,
illustrating the distinctively social nature of human rationality.
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Word-final orthographic priming as a function of word frequency, prime duration,
and morphological status
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Abstract
One of the key issues in visual word recognition is the role of
orthographic overlap in priming. However, most research
investigating this topic has focused on priming with
orthographic neighbors. In this study, we investigate priming
effects of word-final letter overlap and their interaction with
word frequency, prime duration, and morphology. In
Experiment 1 with briefly presented primes (SOA=34 ms, N
= 123), we obtained similar facilitation from nonmorphological overlap (compel-TRAVEL) and inflectional
suffix overlap (turned-CALLED), regardless of word
frequency. In Experiment 2 when primes were fully
recognizable (SOA=150 ms, N=123), only non-morphological
overlap showed inhibition among lower frequency prime
words. These results are inconsistent with predictions of the
Interactive Activation model (McCelland and Rumelhart,
1981), and suggest (i) different weights of inhibition and
facilitation depending on prime duration and morphological
structure of words as well as (ii) the involvement of a reset
mechanism in long SOA conditions.
Keywords: visual word recognition;
orthographic priming; suffix priming

form

priming;

Introduction
Visual word recognition is impacted by many different
factors, one of which is the context where a word appears.
Priming has been widely used to investigate how context
modulates word processing. It is also a useful tool to reveal
what information plays a role in recognizing a word,
whether it be orthographic form, morphemes, or both.
Previous findings are not yet conclusive as to whether prior
exposure to a few letters of a word is informative enough to
boost word recognition. Nor is it clear how this interacts
with prime awareness and morphology. To probe this
relationship systematically, the present paper investigates
masked and unmasked priming effects of word-final letters
as a function of word frequency, prime duration, and
morphological status by comparing English past tense suffix
overlap (i.e., –ed) and pure orthographic overlap.
Models of visual word recognition such as the Interactive
Activation model (IA; McCelland and Rumelhart, 1981)
predict that orthographic priming involves both facilitation
and inhibition. How these two effects are manifested in
behavioral responses depends on their relative strengths.
Within this model, facilitation and inhibition can come into
play at multiple different levels. Peressotti and Grainger
(1999) argue that shared letters between primes and targets
facilitate feature-letter activation while different letters
inhibit it; the features of prime letters that do not match with
target word letters inhibit their activation. At the word unit
level, facilitation occurs when the shared letters pre-activate

the target word. Inhibition also occurs at this level because
the target’s competitors, including the prime itself, are
activated, resulting in mutual inhibition among these words.
In cases of word primes, in particular, the inhibitory effect is
predicted to be greater than the facilitatory effect because
the activation level of the node is higher for the prime word
than the target word upon target onset (Davis, 2003).
A basic assumption of the IA model is that all priming
effects linearly increase as a function of prime duration, yet
some studies suggest that longer prime durations involve a
different processing mechanism. For example, Grainger and
colleagues propose that a reset mechanism takes place when
sufficient time is given between primes and targets
(Grainger and Jacobs, 1999; Grainger et al., 2012).
According to their explanation, once the prime’s lexical
representation has accumulated a significant amount of
activation before the target is presented, that representation
is reset to its resting level. This prevents lingering
representations of the prime from interfering with target
word processing. This mechanism predicts that form overlap
will modulate word recognition at shorter, but not longer,
prime durations.
Studies to date have yielded mixed results of form
priming. De Moor and Brysbaert (2000) and Davis and
Lupker (2006) report inhibitory effects of word primes in
masked priming in Dutch and English, respectively, as
predicted in the IA model. The results from Forster and
Veres (1998) show a different trend. In masked paradigm,
word primes (e.g., converse-CONVERGE) as well as
nonword primes (e.g., convenge-CONVERGE) showed a
facilitatory effect when nonword distractors were easy to
reject as nonwords. With fully visible primes presented for
500 ms, word primes showed a null effect as opposed to
nonword primes that facilitated target processing.
Some studies have shown that form priming is modulated
by word frequency as well. For instance, Segui and Grainger
(1990) found that high frequency primes delay target
recognition in masked paradigm. Nakayama et al. (2008)
report similar results in masked paradigm when primes and
targets have a small number of neighbors. These results are
interpreted as supporting the lexical competition component
of the IA model; that is, higher frequency primes interfere
with target processing more because they are stronger
competitors of target words than lower frequency primes.
Note that prime words tested in the studies above are
orthographic neighbors of target words, i.e., words that
differ in only one letter. Form priming with a just a few
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overlapping letters is understudied, and the small set of
studies that exist report null results in comparison to
morpheme-based facilitatory priming effects that occur
when the overlapping letters constitute a suffix (e.g.,
Duñabeitia et al., 2008; Crepaldi et al., 2016). In Duñabeitia
et al. (2008), Spanish derivational suffixes (e.g., brevedadIGUALDAD) showed priming effects of 33 ms in a masked
priming experiment whereas purely orthographic overlap
(e.g., volumen-CERTAMEN) did not show any statistically
reliable effect. Similarly, Crepaldi et al. (2016) report
facilitatory priming effects of English derivational suffixes
(e.g., towerful-FAITHFUL) as opposed to null statistical
effect of non-morphological form overlap (e.g., sportelBROTHEL).
These findings support a morphological decomposition
model (Frost et al., 1997; Stockall and Marantz, 2006) and
demonstrate that certain suffixes as well as stems are subject
to priming independently of orthographic overlap. Evidence
that words with the same stem prime each other (e.g.,
walked-WALK) indicates that morphologically complex
words are decomposed into constituent morphemes.
Specifically, masked priming effects between these words
occur because as the word walked is decomposed into its
stem walk and the affix –ed, it shares the same
representation with the target word WALK. Masked
priming effects of derivational suffixes indicate that they are
not only stripped off in early visual word processing but
have mental representations in lexicon in such a way that
they induce identity-based morphological priming as stems
do (Marantz, 2013).
What is missing in the literature is whether inflectional
suffixes show a similar pattern, i.e. whether they yield
priming effects in visual word recognition that are
dissociated with form priming. The current study aims to
explore this question via the English inflectional suffix –ed
while also testing the role of orthographic overlap at long
and short prime durations. To this end, we conducted a
series of priming experiments varying morphological status,
orthographic overlap and word frequency when primes are
masked (Experiment 1) versus fully visible (Experiment 2).

Experiment 1
Experiment 1 examined priming effects of word-final letters
using a masked paradigm with varying morphological status
of overlapping letters and word frequencies.

Participants
123 English speakers (71 females, age: mean = 34.3, SD =
13.5) participated in Experiment 1. Participants were
recruited online via Prolific and spoke English as their first
language. They were residing in the United Kingdom (115
participants) or United States (8 participants) at the time of
participating in the study.

Stimuli
The stimuli were prime-target pairs of 150 word and 150
non-word items. Word targets were English verbs in the

present tense with no overt affixation (-MORPH; e.g.,
TRAVEL) or with the regular past-tense suffix -ed
(+MORPH; e.g., CALLED). Primes could be identical,
share the last two letters (“Test”), or not share any form or
meaning (“Control”; see Table 1). Importantly, form overlap
in the Test condition constitutes an inflectional morpheme
for +MORPH but not for -MORPH.
The characteristics of prime words across conditions are
summarized in Table 2. Log frequency and the number of
orthographic neighbors were obtained from the English
Lexicon Project (Balota et al., 2007) and they were matched
as much as possible across different prime and target types.
–MORPH targets, however, had a higher number of
orthographic neighbors compared to +MORPH targets due
to the nature of the study design where prime and target
words for –MORPH are all monomophemic whereas those
for +MORPH are all polymorphemic. Semantic similarity
between prime words and target words was calculated as the
cosine distance between word vectors using the pre-trained
NLTK word embeddings (Bird et al., 2009). Only primes
with a cosine distance < 0.37 were included as sufficiently
semantically dissimilar, following previous studies
(Grainger and Frenck-Mestre, 1998; Rastle et al., 2010).
Table 1: Example stimuli.
Target/Prime Type
Target: -MORPH
(a) Identity
(b) Test
(c) Control
Target: +MORPH
(d) Identity
(e) Test
(f) Control

Prime

Target

travel
compel
commit

TRAVEL
TRAVEL
TRAVEL

called
turned
turns

CALLED
CALLED
CALLED

Table 2. A summary of characteristics of stimuli.
Target/
Prime
Word
Type
length
Target: -MORPH
(a) Identity 6.52 (0.95)
(b) Test
6.80 (0.94)
(c) Control 5.65 (0.95)
Target: +MORPH
(d) Identity 6.23 (0.78)
(e) Test
6.19 (0.83)
(f) Control 5.97 (0.77)

Log
Number of Similarity
frequency neighbors to target
7.86 (1.72) 3.06 (2.65) 8.38 (1.54) 2.67 (2.21) 0.12 (0.09)
8.11 (1.69) 2.97 (2.40) 0.12 (0.09)
9.14 (1.58) 1.66 (2.38) 8.29 (2.18) 1.61 (2.47) 0.12 (0.09)
7.89 (1.94) 1.55 (2.43) 0.12 (0.08)

Note. SD in parentheses

Nonword targets had the same last two letters as
targets so that half of the nonword targets
monomorphemic (e.g., PRAVEL) and the other half
polymorphemic with the past tense morpheme -ed
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word
were
were
(e.g.,

PELLED). Stimuli were counterbalanced across three lists
to prevent participants from seeing the same stimulus twice.

Procedure
Participants were assigned one of the three lists and
performed a lexical decision task in an online platform
(https://pavlovia.org) using Psychopy (version 2020.1.3).
They used their own laptop to complete the task. The
experiment had two practice sessions prior to the main
session. The first practice session was designed to help
participants get accustomed to keyboard use and the second
practice session was identical to the main session but used
different stimuli. In each trial, a forward mask (#######)
was presented in the center of the monitor for 30 frames
(approx. 480 ms), followed by a prime word presented for
two frames (approx. 34 ms), and a target word (Figure 1).
Participants were asked to judge whether the target word is
a real English verb or not by pressing 'z’ (‘yes’) or 'm’ (‘no’)
on the keyboard. Frame-by-frame analysis of pilot data
collected over this platform confirmed stimulus timing
accuracy.

The model revealed a statistically significant main effect
of Prime type, such that test primes yielded faster RTs than
control primes, regardless of Target type (B = -18.76e-3, p =
0.001). No interactions reached statistical significance (p >
0.168). Additional Bayes factor analysis confirmed that the
priming effect of +MORPH target types is not greater than
-MORPH target type (BF10 = 0.21). Summary of the full
regression model is provided in Table 5 (left panel).
In summary, in Experiment 1, primes with word-final
letter overlap facilitated target word processing to the same
extent for non-suffix and suffix overlap. Neither prime word
frequency nor target word frequency had a statistically
reliable influence on priming. As some studies (Grainger
and Jacobs, 1999; Grainger et al., 2012; Forster and Veres,
1998) suggest, priming mechanisms may be different
depending on prime duration (i.e., awareness). Hence,
Experiment 2 was conducted using an unmasked, longer
duration, protocol.

Experiment 2
Experiment 2 used the same stimuli as Experiment 1, except
that prime words were presented for a longer duration so
that they were fully visible to participants.

Participants
123 English speakers (51 females, age: mean = 30.3, SD =
12.1) participated in Experiment 2. Participants were
recruited online via Prolific and self-reported their first
language to be English. They were residing in the United
Kingdom (86 participants) or United States (27 participants)
at the time of participating in the study.

Figure 1: Experiment procedure.

Stimuli

Results and Discussion
One participant was excluded from data analysis because of
low accuracy (< 70 %). Reaction times less than 200 ms or
greater than 2000 ms were also excluded, which accounted
for 2.4 % of the total data.
Table 3 shows accuracy rates and mean reaction times
(RTs) for word targets across the six conditions.
For statistical analysis, a hierarchical linear regression
analysis was conducted using the lmer function (Kuznetsova
et al., 2017) in R (version 3.4.4). Log-transformed RTs were
included as a dependent variable and Target type
(±MORPH), Prime type (Identical, Test, Control), Target
word frequency, Prime word frequency and their interaction
were included as fixed effects. Target word length, Prime
word length, Target orthographic neighbors, and Prime
orthographic neighbors were also included as fixed
covariates. All continuous variables were centered and
dummy coding was used for Prime type with the Control
condition as the reference. Results from the most complex
model that reached convergence are reported, which
included random intercepts for items and participants.

Stimuli were the same as Experiment 1.

Procedure
Procedure was the same as Experiment 1, with the exception
of the prime duration of nine frames (approx. 150 ms).

Results and Discussion
Ten participants were excluded from data analysis due to
low accuracy rates (< 70 %). Reaction times below 200 ms
and above 2000 ms were also excluded (3.2 % of the total
data).
Table 4 presents accuracy rates and mean latencies for
word targets in Experiment 2.
A hierarchical linear regression model was fitted in the
same manner as in Experiment 1, with log-transformed RTs
as a dependent variable, Target type (±MORPH), Prime
type (Identical, Test, Control), Target word frequency,
Prime word frequency and their interaction as fixed effects,
and Target word length, Prime word length, Target
orthographic neighbors, and Prime orthographic neighbors
as fixed covariates. Random effects included random
intercepts for items and participants.
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Table 3. Accuracy rates and mean latencies for word targets in Experiment 1 (SD in parenthesis).
Target/Prime Type
Target: -MORPH
(a) Identity
(b) Test
(c) Control
Target: +MORPH
(d) Identity
(e) Test
(f) Control

Accuracy rate (%)

Reaction time (ms)

Priming effect (ms)

97.7 (3.44)
96.0 (4.69)
95.4 (5.80)

735.3 (238.38)
761.7 (235.28)
771.0 (240.90)

35.7 (Control-Identity)
9.3 (Control-Test)

96.7 (3.92)
94.8 (5.45)
95.7 (4.91)

743.0 (250.60)
773.8 (253.41)
782.8 (248.57)

39.7 (Control-Identity)
9.0 (Control-Test)

Table 4. Accuracy rates and mean latencies for word targets in Experiment 2 (SD in parenthesis).
Target/Prime Type
Target: -MORPH
(a) Identity
(b) Test
(c) Control
Target: +MORPH
(d) Identity
(e) Test
(f) Control

Accuracy rate (%)

Reaction time (ms)

Priming effect (ms)

96.6 (5.83)
94.4 (6.60)
95.5 (6.23)

741.7 (272.27)
801.5 (280.69)
786.1 (271.95)

44.4 (Control-Identity)
-15.4 (Control-Test)

96.3 (4.34)
93.8 (6.35)
94.0 (5.51)

746.9 (281.08)
797.0 (272.58)
796.7 (269.29)

49.8 (Control-Identity)
-0.3 (Control-Test)

Table 4. Model summary of log-transformed RT in Experiment 1 and Experiment 2.

Target type
Prime type (Test vs Control)
TF (Target frequency)
PF (Prime frequency)
Target orthographic neighbors
Prime orthographic neighbors
Target word length
Prime word length
Target type * Prime type
Target type * TF
Target type * PF
Prime type * TF
Prime type * PF
Target type * TF * PF
Prime type * TF * PF
Target type * Prime type * TF
Target type * Prime type * PF
Prime type * Target type * TF * PF
Marginal R2
Conditional R2

Note. * p < 0.05

Experiment 1
Estimates Std. error
(×10-3)
(×10-3)
6.35
15.41
-18.76
0.58
0.02
4.12
1.17
2.28
3.84
2.43
-1.59
0.09
10.44
7.90
7.74
4.44
-13.41
-6.72
6.87
0.00
-3.24
-0.09
-0.57
0.07
-7.19
0.11
0.01
0.33

10.73
8.30
4.50
2.80
3.07
2.91
1.68
5.53
6.11
3.34
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p
0.680
0.001*
0.953
0.609
0.116
0.087
0.187
0.081
0.211
0.999
0.127
0.800
0.289
0.758
0.736
0.906
0.240
0.974

Experiment 2
Estimates Std. error
(×10-3)
(×10-3)
2.90
14.80
12.37
6.61
4.12
3.94
9.95
2.59
3.66
2.24
-1.68
1.06
22.05
7.52
-6.34
4.97
-21.79
2.03
6.67
-4.45
-8.73
7.49
1.84
0.00
-3.92
-8.88
0.02
0.34

12.26
7.92
5.11
3.20
3.48
3.28
1.91
6.31
6.95
3.76

p
0.845
0.061
0.296
<0.001*
0.105
0.114
0.003*
0.202
0.075
0.798
0.191
0.165
0.012*
0.022*
0.335
0.988
0.572
0.019*

(A)

(B)

Figure 2: (A) Mean RTs (± standard error) across Identity, Test, and Control prime types for -MORPH and +MORPH target
types. (B) Mean RTs (± standard error) for the interaction between Prime Frequency (PF), Target Frequency (PF) and prime
time (Test, Control) for -MORPH target type in Experiment 2.
The main effect of Prime type was statistically marginal
(B = 12.37e-3, p = 0.061) but the four-way interaction of
Target type, Prime type, Target word frequency and Prime
word frequency was statistically reliable (B = -8.88e-3, p =
0.019). The outcome of the full model is summarized in
Table 5 (right panel).
Follow-up analyses revealed that +MORPH target words
show no reliable RT difference between test and control
primes (B = 1.03e-3, p = 0.924). –MORPH target words, on
the other hand, showed a main effect of Prime type (B =
22.41e-3, p = 0.003) such that test primes yielded longer
RTs than control primes. Additionally, -MORPH target type
had a statistically significant interaction between Prime type,
Target word frequency, and Prime word frequency (B =
0.01, p = 0.003). In simple slopes analyses, while both low
frequency primes (below 1 SD) and high frequency primes
(above 1 SD) have a significant interaction between Prime
type and Target word frequency ([low] B = -21.34e-3, p =
0.003 ; [high] B = 17.56e-3, p = 0.016), the inhibitory effect
of test primes is statistically reliable only for low frequency
primes (B = 47.04e-3, p < 0.001) but not for high frequency
primes (B = -2.77e-3, p = 0.835) (Figure 2B).
In short, with fully visible primes, Experiment 2 showed
different trends for suffix priming versus pure form overlap
priming. While suffix primes did not show any priming
effects, non-morphological orthographic primes slowed
target processing and this inhibition interacted with word
frequency such that the effect was only evident for lower
frequency primes.

General Discussion

Consequently, we compared pure letter overlap with the
English past tense morpheme –ed in words of varying
frequency with short (Experiment 1) and long (Experiment
2) prime durations.
Our results in Experiment 1 show that the two letter wordfinal overlap between masked primes and targets facilitates
target word processing. This facilitation did not interact with
morphological status or word frequency. Instead, the
amount of facilitatory priming effect between nonmorphological and morphological form overlap was
comparable across words of all frequency bands. This result
contrasts with previous studies that report significant
priming effects for suffixes but not for pure form overlap.
One possible reason for this discrepancy is different
numbers of participants. Duñabeitia et al. (2008; Experiment
3), who tested priming effects with Spanish derivational
suffixes, analyzed just twenty-eight participants. Crepaldi et
al. (2016), who examined English derivational suffix
priming, analyzed forty-five participants; about a third of
the number of participants in the current study. In fact, the
form overlap in Crepaldi et al. (2016) showed a trend of
facilitatory priming effects of 16 ms although it did not
reach statistical significance. Therefore, it could be that the
relatively small number of participants in these studies
contributed to null findings for form priming. 1
Another factor to consider is that unlike the two abovementioned studies, the suffix in question in this study was
inflectional. Different results between derivational versus
inflectional suffixes may be understood on the basis of the
1

The present study aimed to test priming effects of wordfinal letter overlap and their interaction with word
frequency, prime duration, and morphological status.

Simulation-based power analysis conducted using noise
parameters estimated from our data indicates that a masked
orthographical priming effect of 10 ms could be detected with just
0.18 power in a sample of forty participants, compared to 0.65 with
one hundred and twenty.
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information theory (Shannon, 1948) as stemming from their
different probabilistic distribution in language. Derivational
suffixes are generally less productive than inflectional
suffixes, which means that there is a smaller pool of
possible words during lexical search that contain a specific
derivational suffix. On the other hand, since the range of
word candidates for an inflectional suffix is very broad, it
follows that inflectional suffixes might have less impact in
word recognition, leading to minimal priming effects (see
Sainz et al. 2018 for more discussion on the application of
the information theory to morphology). Another possibility
is that the two types of suffixes are represented in a
fundamentally different way in the mental lexicon.
Anderson (1992), for example, distinguishes word
formation rules that govern inflection versus derivation, in
that the former operates outside the lexicon interacting with
the syntax and the latter operates inside the lexicon. It may
be the case that such divergence in the realm of rule
operation leads to distinct priming effects. Since the current
result is based on one morpheme in English, more research
with other types of inflectional morphemes is desirable to
test its generalizability.
Finally, we did not find any reliable interaction between
priming effects and word frequency when primes were
masked (Exp. 1). This is not consistent with a simple
interpretation of the IA model. One possible hypothesis is
that unlike orthographic neighbors, masked primes with less
form overlap do not directly inhibit target words at the level
of lexical units. Recall that the interaction between priming
effects and word frequency found in Segui and Grainger
(1990) and Nakayama et al (2008) was due to orthographic
neighbor primes of high frequency inhibiting target word
processing. This occurs because orthographic neighbors are
strong competitors of each other during lexical access.
Primes with form overlap only at the word-final position,
however, are not so strong candidates of targets as to inhibit
them upon brief presentation. Under these circumstances,
form-based facilitation outweighs inhibition. That the
priming effects we found in Experiment 1 were facilitatory
rather than inhibitory supports this view.
In contrast, the results from Experiment 2 show that overt
primes with word-final letter overlap delay target processing
as a function of word frequency. Importantly, this effect was
constrained to non-morphological letter overlap. When the
overlapping letters constitute a suffix, they did not impact
target processing either in a facilitative or inhibitive manner.
The interaction between inhibition and word frequency
found in non-morphological overt primes aligns well with
the reset mechanism of Grainger and Jacobs (1999) and
Grainger et al. (2012). Grainger et al. (2012) found that an
increase in the stimulus-onset asynchrony (SOA) between
primes and targets can induce a reset mechanism to occur
especially for high frequency primes. In a series of
experiments that tested masked repetition priming with
event-related potentials, the authors found that the priming
effects on N250 are similar between low frequency words
and high frequency words with a short SOA (Experiment 2,

50 ms) but diminish for high frequency words when the
SOA is longer (Experiment 1, 70 ms). In a similar vein, the
absence of inhibitory effects for high frequency words in
our results suggests that the SOA of 150 ms may have been
enough to reset the activation level of high frequency primes.
Low frequency primes, however, take more time to process
so they remain activated and thus impact target word
processing. Although the current design does not allow us to
assess the exact locus of this inhibition, given that the reset
mechanism in Grainger et al. (2012) impacted the N250
component known to relate to sublexical processing, it is
plausible that inhibition is at the level of features, rather
than word-level units. This implies that the weights of
facilitation and inhibition at the sublexical level may change
depending on SOA, the details of which warrant further
investigation.
Suffix overlap showed a null result for unmasked priming;
this result was unexpected. We speculate that this is a
consequence of form-based inhibitory effects and
morpheme-based facilitatory effects canceling each other (cf.
Allen & Badecker 2002; Stockall & Marantz 2006), but
more research is needed in this direction.
Taken together, our results with masked and unmasked
primes indicate that word-final orthographic overlap yield
priming effects, facilitatory in the short SOA condition and
inhibitory in the long SOA condition. Our results contrast
with earlier less well-powered studies. From the perspective
of the IA model, this indicates that masked orthographic
primes with a varying degree of shared letters differently
affect target processing; less overlap produces more
facilitation than inhibition. When primes are overt, however,
inhibition becomes stronger. Furthermore, its interaction
with word frequency implies the presence of the reset
mechanism in such circumstances.
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Abstract
In order to probe the production of kinematic cues to signal
boundaries in action sequences, adults performed sequences
of three actions on an object, with or without an action boundary following the second action. Movement of the hand was
recorded via motion tracking, and it was found that the boundary was marked by a lengthening of the pre-boundary action
and by a pause. These cues are also found in prosody to signal
phrase boundaries in speech, suggesting a close coupling of the
mechanisms underlying boundary production in both domains.
Keywords: action segmentation; kinematic boundary cues;
motion tracking; domain-generality

Introduction
The structure of speech is fundamentally similar to that of
action. Both information streams are characterized as sequences of hierarchically organized sub-units. In speech, sentences are formed from sequences of words and these words
are in turn formed from sequences of syllables, in the same
way that actions are formed from sequences of sub-units at
different structural levels. For example, the action of opening a door involves sequences of coarser-grained sub-units
(e.g., unlock the door, twist the handle, etc.) which in turn
are formed by sequences of finer-grained units (e.g., insert
the key, turn clockwise, etc.). In order to make sense of these
streams of information, the listener or observer must therefore
be able to determine the structure by segmenting the incoming stream into the relevant sub-units.
In the speech domain, it has been argued that the listener
segments the speech stream into its constituent words and
phrases by integrating knowledge-derived (top-down) and
signal-derived (bottom-up) cues (Mattys, White, & Melhorn,
2005). Segmentation via top-down cues involves determining
the location of boundaries between parts of speech according
to lexical or syntactic knowledge. For example, if a listener
has already learned the words face and covering, then this listener is likely to process these words when heard in sequence
as a two-word phrase instead of an unfamiliar single word.
Bottom-up cues, on the other hand, are characterized as perceptual cues embedded in the speech stream at boundaries between words and phrases. These bottom-up cues can be found
in prosody (Wagner & Watson, 2010), and previous analyses

of intonational phrase boundaries have typically reported on
three such prosodic boundary cues: pre-boundary lengthening, pre-boundary pitch rise, and pause (e.g., Peters, Kohler,
& Wesener, 2005). Pre-boundary lengthening is characterized as an extension of the final word or syllable before the
boundary, pre-boundary pitch rise is characterized by heightened pitch in that segment, and a pause is characterized as
a silent interval following the offset of the final word or syllable before the boundary (see for instance, Huttenlauch, de
Beer, Hanne, & Wartenburger, 2021). While Huttenlauch et
al. found stable prosodic cues, independent of the intended
listener, some studies have reported that speakers make particular use of prosodic cues to signal boundary location when
they know that any top-down cues are less informative or uninterpretable by the listener, for example when speaking to
those with limited experience of the target language, such as
infants (e.g., Ludusan, Cristia, Martin, Mazuka, & Dupoux,
2016) or adult non-native language learners (for a review see
Piazza, Martin, & Kalashnikova, 2021).
Segmentation in the action domain is also understood in
terms of integrating top-down and bottom-up cues (Zacks,
Speer, Swallow, Braver, & Reynolds, 2007). Action segmentation via top-down cues involves applying knowledge of intentions and action outcomes (Baldwin & Baird, 1999). For
example, the observer knows from experience that the action
sequence tie your shoelaces is complete when the laces have
formed a tight bow, and any subsequent action (e.g., buffing
the shoe) will be considered a separate component of the sequence. Alternately, if it is known that the actor intends to
clean the window, the end of the first action will be determined as the point at which all dirt has been removed, separate from any subsequent actions (e.g., squeegeeing). There
is also some evidence that bottom-up perceptual cues can signal the location of boundaries between actions in an action
sequence, and these cues appear to be implemented by modulating properties of the movement that forms the actions. For
example, Zacks, Kumar, Abrams, and Mehta (2009) found
that when viewing videos of a human performing everyday
action sequences (e.g., folding laundry), velocity changes in
movement of the hands and head (rapid acceleration or de-
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celeration) aligned with boundary-points between sub-units
as identified by adult participants. It is thus possible that
these movement-based (kinematic) changes signaled the location of boundaries to the participants. However, in contrast to work on prosodic boundary cues, work examining
the nature and role of kinematic boundary cues in action segmentation is much less advanced. Given the many parallels
between speech and action-processing, the current paper set
out to test the prediction that the boundary cues realized in
prosody bear fundamental similarities to kinematic boundary
cues in action sequences. In principle, pre-boundary lengthening and pause could be realized identically in action as in
speech: pre-boundary lengthening as an extension of the action prior to a boundary, and pause as an absence of movement at the point of the boundary. The third prosodic boundary cue, pre-boundary pitch rise, is a purely acoustic property,
and it is therefore questionable how this cue could be present
in the action domain. The current paper, however, examines
whether velocity-related properties of the pre-boundary action offer a potential parallel to pitch-based boundary cues.

record the movement of the hand as participants performed
the action sequence. This procedure allowed us to compare
kinematic features of the same action, either when this action preceded a boundary, or when it did not. If pre-boundary
lengthening is present as a kinematic boundary cue, we would
expect the duration of the action that precedes a boundary
to be longer than the same action when it does not precede
a boundary. Similarly, we hypothesized that the boundary
cue of pause would be demonstrated as an increased time interval between the offset of the pre-boundary action and the
onset of the post-boundary action, compared to when there
was no boundary between the actions. Finally, we speculated
that peak amplitude of the pre-boundary movement may potentially reflect pitch-rise, and so we also examined whether
peak amplitude of the movement would be greater in an action prior to a boundary, compared to the same action not
preceding a boundary.

In order to probe the presence of kinematic boundary cues
in action sequences, this paper adapts a paradigm that was
designed to evoke and measure prosodic boundary cues in
speech: Petrone et al. (2017) asked adult speakers to read
aloud lists of names, and to communicate to an imagined
naı̈ve listener a specific grouping structure of the names, as
notated by brackets. For example, when reading the list
(Lola or Mona) and Lena aloud, the speakers were required
to communicate that the final name should be considered in
a separate structural group to the first two names. In other
words, participants were required to indicate the presence of
a boundary after the second name. This method successfully elicited prosodic boundary cues: when a word directly
preceded the boundary, the duration of its final syllable was
longer (pre-boundary lengthening) and its pitch rose higher
(pre-boundary pitch rise) than when the same word did not
precede a boundary. Participants also marked the position of
the boundary in the list with a silent pause. This list-withbrackets procedure allowed for a fine-grained examination of
the presence and interaction of prosodic boundary cues in
naturally-produced speech. Another major strength of this
paradigm is that by comparing acoustic properties of identical lists read with or without a boundary, any potential role of
top-down cues is controlled for, allowing for a targeted analysis of bottom-up cues.

Participants were recruited from the student population at the
University of Potsdam. No participant reported history of
neurological disorders. Participants gave informed consent
and were reimbursed for their participation. Data from 9
participants were included in the final data set (7 female/2
male; age range 19 - 36 years). One additional participant
was tested but their data excluded due to technical issues (the
markers would not stick firmly to the participant’s hand).

In order to examine whether actors produce similar bottomup boundary cues in action sequences, we presented participants with written lists of verbs (e.g., lift & shake & roll), and
asked them to perform these lists as a continuous action sequence, either with or without boundaries between individual
actions as marked by brackets (e.g., [ lift & shake & roll ] vs.
[ lift & shake] [& roll ]). To allow for precise measurement of
the movements, we chose verbs describing actions that could
be performed by a single hand on a single object (lift, roll,
shake, slide). We used 3D motion-tracking technology to

Method
Participants

Materials and Procedure
The participant was seated at a large table facing a computer
screen, on which visual prompts were displayed throughout
the experiment. Prior to testing, all participants were trained
on the four actions that would constitute the action sequences.
All actions involved manoeuvering a weighted oval-shaped
plastic ball (approx. size: 9 x 5 x 5 cm). The four actions
were LIFT (raise object up and back down), ROLL (with open
palm, away from the participant and back), SLIDE (to the right
and then back) and SHAKE (object grasped in pincer grip and
rattled; Figure 1). Training was complete when the participant could correctly perform each individual action without
hesitation when prompted. Test trials then began immediately.
On every trial, participants were required to perform an
action sequence formed of three of the trained actions. At
the beginning of each trial, the names of the actions forming the sequence were displayed on the computer screen. On
no-boundary trials, the three actions were to be performed as
one continuous sequence, denoted on the screen by including
all words between a single bracket-pair (e.g., [ lift & roll &
slide ]). On boundary trials, a boundary was added between
the second and third action, denoted by presenting the first
two actions grouped in a bracket-pair and the final action in
separate bracket-pair (e.g., [ lift & roll ] [ & slide ]). Participants were asked to perform the sequences so as to allow an
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Figure 2: Approximate location of the three markers (depicted as gray circles) on the back of the hand. The position
of the markers was recorded by the motion tracking cameras
in 3D space.
of the action sequence began.
Figure 1: Schematic of individual actions. Clockwise from
top-left: LIFT, ROLL, SLIDE, SHAKE. The object used in the
experiment was an oval-shaped plastic ball.

imagined observer to determine whether the sequence contained a boundary or not. This procedure was a replication of
studies that have used this same notation and instructions to
elicit prosodic boundary cues in speech (Petrone et al., 2017;
Huttenlauch et al., 2021). Participants were offered no instructions as to how they should mark the boundary between
the second and third action, although they were asked not to
remove their hand from the object for the duration of the sequence, and to perform each action consecutively, rather than
combining actions in one single movement (i.e., shaking and
lifting the object together). In an effort to avoid any priming
with prosodic boundary cues, the sequences were not read
aloud at any point, either by the participant or the experimenter.
The actions formed 24 possible sequences of three actions. Each sequence was performed 4 times, twice as a noboundary trial, and twice as a boundary trial. The order of sequences was pseudo-randomized: Trial types were presented
in blocks, meaning that participants performed 5 boundary
trials, followed by 5 no-boundary trials, and so on. In order to present each participant with 20 blocks of 5 sequences
each (i.e., 100 trials), 4 additional randomly determined sequences were presented, 2 as a no-boundary sequence, and 2
as a boundary sequence.
The participant’s hand was fitted with three white spherical
markers: one just below the knuckle of the index finger, one
below the knuckle of the little finger, and one just above the
wrist (see Figure 2). The 3D-position of the markers was
continuously recorded by five Vicon motion tracking cameras
mounted in the ceiling. On each trial, the participant saw the
notation of the sequence on the screen (e.g., [ lift & shake &
roll ]) and performed the respective action sequence. To avoid
distraction, the screen was cleared as soon as the performance

Data Processing
The Vicon motion tracking system recorded the 3D position
of each marker in all axes of movement (transverse, frontal,
vertical) at a rate of every 10 ms (100 Hz). These positions
were recorded relative to the approximate center of the tabletop. The oval-shaped ball was returned to the center of the
table at the end of each trial.
The raw data were pre-processed in Matlab (version
2020a). The data were 10 Hz low-pass filtered (e.g., McHugh,
Morton, Akhbari, Molino, & Crisco, 2020), and three-point
differentiation was applied to compute instantaneous movement speed (i.e., norm of the velocity vector). These data
were then exported for further analysis in R (version 3.6.2;
R Core Team, 2021). Trials containing missing data or during which the wrong sequence was performed were excluded
from analyses. Three of the actions moved the object through
a unique axis of movement: LIFT moved through the vertical
axis, ROLL moved through the frontal axis, and SLIDE moved
through the transverse axis. In order to automatically extract
the movement related to each individual action from the data
set, we identified the point at which the index-finger marker
was furthest from the starting point. For example, the action
LIFT was signified by the time of the maximum extension in
the vertical axis (Figure 3A). The action SHAKE did not occur in a unique axis of movement, so this action could not be
automatically identified in the data. Data related to the action SHAKE were not analyzed 1 . All trials were manually
checked to ensure that the mid-point identification of the individual actions was accurate.
The onsets and offsets of individual actions were determined from the movement speed data, which demonstrated a
1 Analyses

of pre-boundary lengthening and pre-boundary peak
amplitude were restricted to trials in which SHAKE was not performed as the second action (587 usable trials). Analysis of the
pause following the second action was restricted to trials in which
SHAKE was not performed as the the second or final action (375 usable trials). Analysis of the duration of the final action was restricted
to the trials in which SHAKE was not performed as the final action
(584 usable trials).
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Figure 3: 3D motion tracking data from two example trials of the sequence “slide, lift and roll”, performed both as a noboundary and boundary trial. A) Raw marker-position data (in mm, relative to center of table) from the index-finger. Lines
represent the movement through one axis of movement. Each axis was associated with a distinct movement (solid green line =
transverse axis/SLIDE, dotted orange line = vertical axis/LIFT, dashed purple line = frontal axis/ROLL). Shaded areas indicate
the second and third action as defined by the movement speed data. B) Movement speed of the markers shown in A. Vertical
dotted lines represent the onset and the offset of the second and third action, as defined by local speed minima.
series of distinct maxima and minima (Figure 3B). The speed
minima corresponded to moments of change of position or
direction of the hand, and the time-points of the minima were
used as indicators of onset and offset of the individual actions
in the sequence. Minima were defined as local minima in
a 100 ms rolling window. Given the change in direction, the
mid-point of an action also corresponded to a minimum in the
movement speed data. The action onset and the action offset
were defined as the time of minimum movement speed prior
to and following the mid-point of the corresponding action.
The following variables were calculated for each trial:
Duration of second action: Time in ms between onset and
offset of second action.
Peak amplitude of second action: Maximum value of the
movement speed in the interval between the mid-point and
the end of the second action.
Duration of interval between second and final action:
Time in ms between offset of second action and onset of
third action.
Duration of final action: Time in ms between onset and offset of final action.
Statistical analyses were carried out for each variable via
Linear Mixed-Effects Models (LMEMs) using the lme4 package in R (Bates, Mächler, Bolker, & Walker, 2015), with
trial type as fixed effect (dummy coded: no-boundary = 0,

boundary = 1), and maximal random effects structures simplified until convergence for each model separately (Barr, Levy,
Scheepers, & Tily, 2013). Inferential statistics were obtained
using sequential likelihood ratio tests.

Results
Pre-boundary Lengthening
Duration of the second action was submitted to an LMEM
with by-participant and by-action (LIFT, ROLL or SLIDE) random intercepts. This model revealed a significant effect of
trial type, β = 88.70, SE = 17.52, t = 5.06, χ2 (1) = 25.09, p <
.001, meaning that the second action was on average 89 ms
longer on boundary trials than on no-boundary trials, an indication that participants signalled the presence of the boundary
by lengthening the pre-boundary action. To examine whether
this extended duration affected the speed with which the second action was performed, the motion-path distance of the
index-finger marker (in mm) was divided by action duration,
and was submitted to an LMEM with by-participant random
intercepts, which revealed a significant effect of trial type,
β = 0.019, SE = 0.0060, t = -3.17, χ2 (1) = 9.99, p < .002,
indicating that, as a result of pre-boundary lengthening, hand
movement during the second action was slower on boundary
trials than no-boundary trials.

Pre-boundary Peak Amplitude
Peak amplitude of the second action was submitted to an
LMEM with by-participant random intercepts, which re-
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vealed no significant main effect of trial type, β = −4.43, SE
= 18.55, t = -0.24, χ2 (1) = 0.057, p = .81. This finding suggests either that there was no analogous kinematic cue to the
prosodic boundary cue pre-boundary pitch rise in our motion
data, or that pre-boundary peak amplitude was not a suitable
analogous measure.

Pause Following the Second Action
Duration of the final action was submitted to an LMEM with
by-participant and by-action (defined by the second action)
random intercepts, which revealed a significant effect of trial
type, β = 786.92, SE = 33.88, t = 23.23, χ2 (1) = 331.23, p
< .001, meaning that the onset of the final action was delayed by an average of 787 ms on boundary trials relative
to no-boundary trials. This finding indicates that a pause in
performance of the action sequence was present between the
second and third action on boundary trials.

Duration of the Final Action
We calculated the duration of the final action and submitted
this to an LMEM with by-participant random slopes and intercepts, and by-action random intercepts. Results revealed
no significant main effect of trial type, β = 44.8, SE = 22.96,
t = 1.95, χ2 (1) = 3.21, p = .073. Thus, the durational cues to
the presence of the boundary appear to be specific to the second action and to the interval between the second and third
action.

Discussion
The current study adapted a method used to examine production of prosodic boundary cues in speech, to examine whether
adults produce analogous kinematic boundary cues to signal
boundaries in action sequences. Participants performed sequences of three actions on an object while the movement of
their hand was recorded via 3D motion-tracking. On half of
the trials, participants were asked to communicate the presence of a boundary between the second and final action, and
on the other half of trials, participants were asked to perform the three actions without any boundaries. Data revealed
that participants communicated the presence of a boundary
between two actions by extending the duration of the preboundary action, and by extending the duration of the interval
between the two actions. As expected, these cues are highly
similar to the prosodic boundary cues pre-boundary lengthening and pause. Previous work has found evidence that boundaries in naturally-produced action sequences are marked by
changes in motion velocity (Zacks et al., 2009) and we argue that these changes could be correlates of pre-boundary
lengthening and pause. It is therefore possible that observers
capitalize on these kinematic boundary cues to determine the
structure of action sequences.
Previous research has already shown that pre-boundary
lengthening and pause as boundary markers are not specific
to speech: Music (i.e., a non-speech auditory stimulus) can
contain pre-boundary lengthening and pause to signal the
location of boundaries between musical phrases, and adult

participants show a similar brain response as measured by
EEG (known as the Closure Positive Shift; Steinhauer, Alter, & Friederici, 1999) to these boundary cues in music
as when they appear in speech (Glushko, Steinhauer, DePriest, & Koelsch, 2016). Critically, recent work has found
a Closure Positive Shift-like response to boundaries in action
sequences in both adults and 12-month-old infants (Hilton,
Räling, Wartenburger, & Elsner, 2019; Hilton, Wartenburger,
& Elsner, 2021). Taken together, this work strongly suggests
that the cognitive processes underlying boundary cue detection are domain-general. The current finding, confirming that
pre-boundary lengthening and pause are produced to mark
boundaries in action sequences, indicates that the domaingeneral cognitive processes supporting segmentation across
domains may in part reflect processing of these bottom-up
boundary cues.
In the speech domain, prosodic boundary cues have been
found to be sufficient to signal boundary position, for example when top-down knowledge-based cues are removed.
Hence, participants are still able to detect boundary location according to prosodic boundary cues when the speech
is nonsensical (e.g., Jabberwocky) or lacks syntactic or lexical information (e.g., hummed speech; Pannekamp, Toepel,
Alter, Hahne, & Friederici, 2005). Importantly, kinematic
boundary cues might similarly be sufficient to signal boundary position in the absence of top-down cues: Hemeren and
Thill (2011) presented participants with videos of everyday
action sequences (e.g., opening a bottle) that had been converted to constellations of moving-light points. These videos
were produced via motion-tracking recording similar to that
of the current study. One group were shown these point-light
movements alongside the object that was relevant in each action (e.g., the bottle) and asked to indicate in the video points
that correspond to boundaries between actions of the action
sequence. This group were reliably able to describe the actions that corresponded to the light-point movements. A second group saw the same videos, but inverted, and without
any knowledge of the object being used. This manipulation served to disrupt top-down conceptual processing of the
movement, as evidenced by the finding that participants in
this group were unable to determine the nature of the actions
being shown. Critically, however, boundaries were identified in similar positions in both groups. Even if inverted, the
movement itself appeared to provide kinematic cues to action
boundary location independent of any top-down knowledgebased information available. Based on the current findings,
we contend that pre-boundary lengthening and pause are two
such kinematic bottom-up cues.
We speculated that the pre-boundary peak velocity amplitude may act as a kinematic boundary cue parallel to the preboundary pitch rise found in speech. However, we found no
evidence that peak velocity amplitude of an action differed
when the action was prior to a boundary or not. It is therefore
unclear whether no parallel exists for pre-boundary pitch rise
in the action domain, or whether pre-boundary peak velocity
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is an inappropriate candidate for this comparison. The current
work also does not allow us to pinpoint how kinematic boundary cues interact. Future work should consider whether preboundary lengthening and pause operate independently, as
has already been studied with regards to these cues in prosody
during infancy (Wellmann, Holzgrefe, Truckenbrodt, Wartenburger, & Höhle, 2012; Holzgrefe-Lang, Wellmann, Höhle, &
Wartenburger, 2018). If pre-boundary lengthening and pause
operate only together as kinematic boundary cues, it would
be possible that one cue is a necessary product of the other.
For example, pre-boundary lengthening may only be present
as an artefact of preparation for the upcoming pause. Clarification of these questions would bolster our understanding of
the complex interplay of action segmentation cues.
Overall, the finding that pre-boundary lengthening and
pause are present as boundary cues in speech and action raises
the prospect that the processes operating on these cues are
similar or shared across domains. Work can now begin to examine how these kinematic boundary cues interact in shaping
the observer’s action segmentation, and to pinpoint the role
of these cues in action processing during infancy and early
childhood.
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boundary cues in German: Evidence from the production
and perception of bracketed lists. Journal of Phonetics, 61,
71–92. doi: 10.1016/j.wocn.2017.01.002
Piazza, G., Martin, C., & Kalashnikova, M. (2021, May).
The acoustic features and didactic function of foreigner directed speech: A literature review. PsyArXiv. Retrieved
from psyarxiv.com/scnke doi: 10.31234/osf.io/scnke
R Core Team. (2021). R: A language and environment for
statistical computing [Computer software manual]. Vienna,
Austria. Retrieved from https://www.R-project.org/
Steinhauer, K., Alter, K., & Friederici, A. D. (1999). Brain
potentials indicate immediate use of prosodic cues in natural speech processing. Nature Neuroscience, 2(2), 191–
196. doi: 10.1038/5757
Wagner, M., & Watson, D. G. (2010). Experimental
and theoretical advances in prosody: A review. Language and Cognitive Processes, 25(7-9), 905–945. doi:

1425

10.1080/01690961003589492
Wellmann, C., Holzgrefe, J., Truckenbrodt, H., Wartenburger,
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Abstract
The study reported here examined the role of expertise in the
composite face effect which constitutes better recognition of the
top half of a face when in composite with a congruent vs. an
incongruent (in terms of response required) bottom half.
Experiment 1a (n=96) used prototype-defined artificial stimuli
(checkerboards) to investigate the composite effect. The
advantage of using these stimuli is that expertise can be fully
controlled. Experiment 1b (n=96) aimed to replicate the
composite effect in face stimuli which served as a control and
provided a direct comparison of the composite effect between
face and checkerboard stimuli. A full experimental design
including congruent/incongruent aligned and misaligned
composites was used in both experiments to measure the
composite effect. Experiment 1a revealed that the composite
effect could not be obtained in checkerboard composites.
Experiment 1b confirmed the robust composite face effect. We
interpret our results as suggesting that expertise/perceptual
learning does not contribute to the composite effect for faces.
Keywords: Composite Face Effect, Congruency Effect,
Perceptual Learning, Face recognition

Introduction
The debate over whether face recognition mechanisms
are “special” or due to “expertise” was amplified by the
discovery of a phenomenon named the face inversion
effect (Yin, 1969; Civile et al., 2011; Civile et al., 2014;
Civile et al., 2016; McCourt et al., 2021). This refers to
impaired performance at recognizing upside-down faces,
as opposed to their usual upright orientation. It was
initially interpreted as a marker of “face-specificity’, as
the effect was found to be larger in faces than objects
(Yovel & Kanwisher, 2005). However, Diamond and
Carey (1986)’s finding of an inversion effect for dog
images by dog breeders/experts, followed by Gauthier
and Tarr's (1997) finding of an inversion effect for monoorientated artificial objects named Greebles after training,
and McLaren's (1997) finding of an inversion effect for

non mono-orientated artificial stimuli after pre-exposure,
showed how “expertise” contributes to the inversion
effect. Importantly, first McLaren and Civile (2011) and
then Civile, Zhao et al., (2014) extended McLaren's
(1997) work, using prototype-defined checkerboards in
the old/new recognition task typically employed to study
the inversion effect. Participants were first engaged in a
categorization task (the pre-exposure phase) where they
sorted a set of checkerboards created from two prototypedefined categories. Participants were then asked to
memorize new checkerboards drawn from one of the two
familiar categories seen, and from a novel category not
seen previously. Half of the checkerboards were
presented in the orientation familiarized during the
categorization task (i.e., upright/inverted by rotating
stimuli 180°). The checkerboards are non-monoorientated (no predefined orientation), so participants had
no sense of an upright or inverted orientation for
checkerboards drawn from the novel category which
served as a baseline. In the final recognition task, “old”
exemplars seen in the study phase were intermixed with
“new” ones split by the same conditions: familiar upright
and inverted, novel upright and inverted. Participants
indicated if they had or had not seen the exemplars
previously in the study phase. The results showed a robust
inversion effect for checkerboards in the familiar
category compared to novel, mostly due to increased
performance in upright, familiar category checkerboards.
Evidence that the inversion effect for checkerboards
and faces share at least some of the same causal
mechanisms is supported by a recent line of research
using a particular transcranial Direct Current Stimulation
(tDCS) procedure. Civile, Verbruggen et al (2016)
showed that anodal tDCS (for 10 mins at 1.5mA)
delivered on the left dorsolateral prefrontal cortex (Fp3)
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during the same old/new recognition task used by Civile,
Zhao et al (2014) abolished the checkerboard inversion
effect. This was due to reduced recognition of upright
familiar checkerboards compared to sham. The same
tDCS procedure applied to faces resulted in a significant
reduction, but not elimination, of the inversion effect
(compared to sham), also due to impaired recognition for
upright faces (Civile, McLaren et al., 2018).This result
has been replicated across multiple studies and it is now
an established finding (Civile, Obhi et al., 2019; Civile,
Cooke et al., 2020; Civile, McLaren et al., 2020; Civile,
Waguri et al., 2020; Civile, Quaglia et al., 2021; Civile,
McLaren et al., 2021)
These findings were explained in terms of the
McLaren, Kaye and Mackintosh (MKM) (McLaren et al.,
1989; McLaren & Mackintosh; McLaren et al., 2012;
McLaren et al., 2016) theory of perceptual learning which
applies only to upright stimuli because we have little or
no experience in seeing inverted stimuli and so
performance on these is not aided by any significant
amount of perceptual learning. On this account, when
tDCS is applied, the reduced inversion effect is due to
impaired recognition for upright stimuli because of the
disruption of perceptual learning. The tDCS affects the
ability to discriminate between and recognise different
upright stimuli, making them look more “similar”.
Civile, Quaglia et al (2021) extended the tDCSinduced effects on the inversion effect using a matching
task paradigm to ensure a comparable level of
performance between checkerboard and face stimuli. The
results confirmed that tDCS stimulation is able to fully
reduce the inversion effect for checkerboard exemplars
compared to sham. Hence, the same procedure
significantly reduced the face inversion effect compared
to sham. Critically, when compared directly, the reduced
face inversion effect was found to be significantly larger
than any residual checkerboard inversion effect. Thus, the
authors proposed an explanation based on which face
recognition mechanisms would be partly based on
expertise manifesting through perceptual learning. The
tDCS procedure would eliminate this perceptual learning
component causing a full reduction of the checkerboard
inversion effect and a partial reduction of the face
inversion effect. However, the remaining face inversion
effect would be due to a specificity component that would
not be affected by the tDCS procedure.
Civile, McLaren et al (2021) made a first step toward
the investigation of the potential specificity component
involved in face recognition. Specifically, by applying the
same tDCS procedure to another robust phenomenon
named the composite face effect, the authors hoped to
reveal to what extent holistic processing may be the
mechanism specific to face stimuli. When using the
complete/full experimental design the composite effect
refers to people having lower accuracy at identifying the
top half of one face presented in composite with the
bottom half of another face that supports the alternative
response when upright and aligned, than when the two
halves are laterally misaligned. Importantly, while the
inversion effect has been used as an index of disrupted
configural processing, the composite effect has been used
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to index holistic processing which is the reliance on the
small spatial differences between the facial components
in the context of the whole face (for a review see Maurer
et al., 2002). Hence, upright composite faces are
perceived as a “new” face because the internal features
are strongly integrated and becomes difficult to isolate
them (Murphy et al., 2017) and this makes it difficult to
ignore the bottom half of the face. Civile, McLaren et al
(2021) showed that the tDCS procedure used to affect the
inversion effect did not influence the composite face
effect despite reducing overall performance (composite
stimuli are still upright faces) compared to sham. Thus,
the authors suggested that the holistic processing indexed
by the composite face effect could be face specific and
not a result of expertise.
In the current study we aimed to investigate directly
whether the composite effect would be found for
prototype-defined artificial stimuli (checkerboards) that
participants had never seen before entering the lab and for
which expertise can be fully controlled. Showing that a
composite effect cannot be obtained for checkerboards
but can be obtained for faces, would provide additional
evidence is support of holistic processing being a face
specific mechanism and perhaps the factor unaffected by
the tDCS procedure which does impact the face inversion
effect (Civile, Quaglia et al., 2021).
The only two studies reporting a composite effect for
lab trained, non-face artificial stimuli were by Gauthier &
Tarr (2002) using Greebles, and Wong et al., (2009) using
Ziggerins. Both studies used a full design. However,
initially Gauthier et al (1998) did not find a composite
effect for Greebles when using a partial/original design.
Studies have highlighted that composite effects calculated
using the complete and partial/original designs would not
seem to always correlate (Richler & Gauthier, 2014). A
key difference between the complete and partial/original
design is that the complete design would include
congruent and incongruent composites presented aligned
and misaligned. In the full design when extracting the
composite effect, a component named the congruency
effect, higher performance for congruent face halves vs
incongruent composites (in terms of the response required
by each face half)) is crucial as the former is calculated
by subtracting the reduced congruency effect in response
to misaligned composites from the robust congruency
effect typically obtained in aligned composites (Civile,
McLaren et al., 2021).
Recently, one study demonstrated a significant
congruency effect for prototype-defined categories of
checkerboards (Waguri et al., 2021). However, the design
adopted did not include misaligned composites but only
aligned ones, and so did not investigate the composite
effect as in the full design used in the literature (Gauthier
& Tarr, 2002; Wong et al., 2009; Civile, McLaren et al.,
2021). The current study aims to extend these findings by
applying the full composite effect design (including
misaligned trials) in Experiment 1a. Experiment 1b
aimed to find a composite effect for faces allowing a
comparison between the two types of stimuli. This is the
first study looking at the composite effect for
checkerboard stimuli.

Method
Participants
Experiment 1a. 96 naïve participants (mean age =
25.39, age range = 18-40) were recruited via Prolific.
They had an approval rating of at least 90% from
participation in other studies and received monetary
compensation adhering to the fair pay policies of Prolific
Academic. The sample size was in part determined by the
counterbalance of the stimuli and previous studies using
a similar experimental paradigm (Civile, Quaglia et al.,
2021; Civile, McLaren et al., 2021; Waguri et al., 2021).
Experiment 1b. 96 naïve participants (mean age =
23.8, age range = 18-38) were recruited via Prolific with
the same inclusion criterion and compensation as in
Experiment 1a.

Materials
Experiment 1a used the same 4 prototype-defined
categories of checkerboards (A, B, C, D) from Civile,
Zhao et al (2014, Experiment 1a). Category prototypes
(16 x 16) were randomly generated with the constraint
that they shared 50% of their squares with each of the
other prototypes (50% black squares and 50% white
types). Exemplars were generated from these prototypes
by randomly changing forty-eight squares thus, on
average, 24 squares would be expected to alter from black
to white/white to black. Composite checkerboards were
presented at the resolution of 256 x 256 pixels on a grey
background. The composites consisted of top and bottom
halves of different checkerboards (each containing 16 x
16 squares) drawn from the same prototype-defined
category (e.g., A65 Top, A73 Bottom). 64 of the
composites were aligned, while the other 64 were
modified into misaligned checkerboards by shifting the
top half to the left (total of 128 composite checkerboards).
Experiment 1b used a total of 256 face images (174 x
225 pixels), all standardized to greyscale on a black
background. The original images were selected from the
Psychological Image Collection at Stirling open database,
(https ://pics.stir.ac.uk). All the images were cropped to a
standardized oval shape, removing distracting features
such as the hairline, and adjusted to standardize image
luminance (Civile, Quaglia et al., 2021). The set of faces
was then used to create the composite faces as in Civile,
McLaren et al (2021). Both experiments were
programmed and run on the online platform Gorilla.

The Behavioral Task
Experiment 1a. Categorization phase commenced
after participants provided consent and were first shown
instructions. Participants were shown exemplar
checkerboards from categories A&C or B&D depending
on the counterbalance group they were assigned to (64
from each category; 128 in total). Each exemplar was
shown one at a time at random order. They were
instructed to sort these exemplars into two categories (AC or B-D) through trial-and-error, by pressing one of the
two indicated keys on the keyboard (counterbalanced).
They were given immediate feedback on whether their
response was correct or incorrect. If they did not respond
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within 4 seconds, they were timed out. A fixation cross
preceded each stimulus in the center of the screen (1 s).
Training phase. The purpose of this task was for the
participants to associate the response keys “x” and “.”
with words SAME and DIFFERENT. They were
instructed to press “x” or “.” as quickly as possible when
classifying them as SAME or DIFFERENT
(counterbalanced). 48 trials (24 SAME, 24 DIFFERENT)
were presented randomly one at a time for <1 s after a
fixation cross (1s). They received feedback on each
response as correct or incorrect.
Composite Checkerboard Matching-task. This
phase involved a matching-task following the full design
procedure to measure the composite effect used in Civile,
McLaren et al (2021) however this time with composite
checkerboards (128 trials) instead of composite faces.
Overall, participants saw 32 trials of “same” aligned, 32
“different” aligned, 32 “same” misaligned and 32
“different” misaligned composites split by the 8 stimulus
conditions (each 16 aligned,16 misaligned trials): familiar
and novel congruent aligned/misaligned, familiar and
novel incongruent aligned/misaligned. Each trial
commenced with a fixation cross (1s), followed by a
TARGET composite checkerboard stimulus (1s), an
interstimulus interval (1.5s), and a TEST composite
checkerboard stimulus (≤2s). Participants were to press
either the ‘x’ key or ‘.’ key (same as previous training
phase) when identifying the top halves of the TARGET
and TEST stimulus as same or different. In-line with
Civile, McLaren et al (2021) and Waguri et al (2021),
congruent and incongruent trials were presented in a
counterbalanced fashion across participants with aligned
and misaligned stimuli randomly intermixed.
In the congruent familiar trials, participants first saw a
TARGET composite checkerboard created by selecting
the top and bottom halves of two different new (not seen
in the categorization task) exemplars selected from
familiar categories (A-C or B-D) as seen in the
categorization phase (e.g., top-half of exemplar A65 and
bottom-half of A73 or top-half of exemplar C65 and
bottom-half of C73). In the TEST trial, they would either
see the “same” or “different” composite, where in the
latter case the top and bottom halves are different
exemplars from the same categories (e.g., top-half of A89
and bottom-half of A81 or top-half of exemplar C89 and
bottom-half of C81). Overall, 32 A or B and 32 C or D
composites were presented (16 same, 16 different)
randomly. An A-TARGET composite would correspond
to an A-TEST composite, and a C-TARGET composite
would correspond to a C-TEST composite. The same
applied to B- and D- TARGET/TEST. The congruent
novel trials TARGET and TEST “same” or “different”
composites were created by selecting the top and bottom
halves of exemplars drawn from the other categories (32
each, 16 same and 16 different) not seen during the
categorization task. The novel composites were also
created from exemplars drawn from the same novel
category, and the TARGET/TEST would correspond to
the same category. For incongruent familiar and novel
trials, the TARGET/TEST would be considered ‘same’ if
the top halves of the composites were the same, but both

would have different bottom halves (e.g., TARGET:
A65/81; TEST: A65/A73). The converse was true for
‘different’, wherein the top halves of the TARGET and
TEST are different, but have the same bottom halves
(e.g., TARGET: A89/A73; TEST: A65/A73).
In congruent and incongruent misaligned trials, the top
and bottom halves of each composite were shifted
horizontally relative to one another so that they
overlapped across half their length (Figure 1a).
Experiment 1b. With the aim of matching Experiment
1a, in Expeirment 1b participants were presented first
with a categorization phase during which they were
asked to sort a set of regular faces presented one at a time
in random order. Hence, they pressed one of the two
indicated keys (counterbalanced) if the image presented
was a male face or the other key if it was a female face.
If they did not respond within 4 seconds, they were timed
out. They were given immediate feedback on whether
their response was correct or incorrect. A fixation cross
preceded each stimulus in the center of the screen (1 s).
In total 128 (64 male and 64 female) faces were presented.
Training phase. The same as for Experiment 1a.
Composite Face Matching-task. This followed the
full design procedure used in Civile, McLaren et al
(2021). Each trial began with a fixation cue presented in
the center of the screen (1s), followed by a TARGET face
stimulus (1s), an interstimulus interval (1.5s), and a TEST
face stimulus (≤2s). Participants pressed either ‘x’ key or
‘.’ key to identify the top half of the test face as “same”
or “different” to the top half of the target face. All the
composite faces were presented upright and were split by
four conditions (Congruent Aligned, Incongruent Aligned,
Congruent Misaligned and Incongruent Misaligned). No
‘novel’ condition was used in this case hence an overall
of 64 trials were presented. Congruent and incongruent
trials were presented in a counterbalanced fashion across
participants with aligned and misaligned stimuli
randomly intermixed. In the congruent aligned trials,
participants first saw a TARGET face composite created
by selecting the top and bottom halves of two different
faces (e.g., A-B, where A is the top half and B the bottom
half). In the TEST face trial, they would either see the
same TARGET face or a new face composite created by
selecting the top and bottom halves of two different faces
(e.g., C-D). The Incongruent aligned trials were
presented either with the same top halves as for the
TARGET faces but with different bottom halves (A-D),
or with different top halves from the TARGET faces but
the same bottom halves (C-B). In the congruent and
incongruent misaligned trials the top and bottom halves
of each composite were shifted horizontally to overlap
across half their length (Figure 1b).

Results
Accuracy from the matching task in both experiments
is the primary measure which has been used to extract a
d-prime (d’) sensitivity measure (Stanislaw & Todorov,
1999) for ‘same’ and ‘different’ trials. To calculate d’, we
used participants’ hit rate (H), the proportion of SAME
trials to which the participant responded SAME, and false
alarm rate (F), the proportion of DIFFERENT trials to
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which the participant responded SAME. However, d’ is
not simply H – F; rather it is the difference between z
transforms of the two rates: d= z(H) – z(F). A d' of 0
indicates chance-level performance. We assessed
performance against chance to show that the stimulus’
conditions were recognized significantly above chance
(for all conditions in both experiments we found p <.001).
Reaction time data was inspected to confirm that no effect
of speed-accuracy trade-off was found.
Experiment 1a. We conducted a 3-way ANOVA using
within-subjects factors Congruency (congruent or
incongruent), Familiarity (familiar or novel), and
Alignment (aligned or misaligned). Analysis of Variance
(ANOVA) showed a significant main effect of
Congruency F(1, 95) = 10.08, p = .002, η2p = .09, but no
significant main effect of Familiarity F(1, 95) = .026, p =
.87, η2p < .01, nor of Alignment F(1, 95) = .06, p = .806,
η2p <.01. Critically, the interaction between Congruency x
Alignment was not significant, F(1,95)= 2.07, p = .153,
η2p = .02, giving no evidence of a composite effect for
checkerboard exemplars though we note that the
numerical effect is in the correct direction for that effect.
None of the other interactions revealed a significant effect
including the overall three-way interaction (Congruency
x Familiarity x Alignment), F(1, 95) = .24, p = .620, η2p
<.01. We conducted two additional paired sample t-tests
to further investigate the congruency effect (i.e., better
performance for congruent vs incongruent trials) for
aligned and misaligned composites. A significant
congruency effect was found in aligned trials with
congruent composites (M = 1.83, SE = .08) being better
identified than incongruent ones (M = 1.46, SE = .12),
t(95) = 3.22, p < .001, η2p =.09. There was also a
significant congruency effect on misaligned trials with
congruent composites (M = 1.77, SE = .08) being better
identified than incongruent ones (M = 1.53, SE = .10),
t(95) = 2.40, p = .018, η2p =.06 (Figure 2a).
Experiment 1b. We conducted a 2 x 2 ANOVA using
the within-subjects factors Congruency (congruent or
incongruent) and Alignment (aligned or misaligned)
which revealed no significant main effect of Congruency
F(1, 95) = .51, p = .475, η2p < .01, nor of Alignment F(1,
95) = .92, p = .338, η2p = .01. Importantly, and in
agreement with previous studies that adopted the same
full design (the same design was adopted by Civile,
McLaren et al 2021) the interaction Congruency x
Alignment was significant, F(1,95)= 14.62, p < .001, η2p
= .13, indicating that there was a robust composite face
effect. We conducted two additional paired sample t-tests
that revealed a significant congruency effect in aligned
trials with congruent composites (M = 2.27, SE = .13)
being better identified than incongruent ones (M = 2.02,
SE = .11), t(95) = 2.84, p = .005, η2p =.08. This
congruency effect was actually reversed for misaligned
trials, with congruent composites (M = 2.03, SE = .12)
being numerically (but not significantly) worse identified
than incongruent ones (M = 2.16, SE = .15), t(95) = 1.44,
p = .152, η2p =.02 (Figure 2b).
Analysis Between the Experiments. We conducted an
additional analysis with the aim of directly testing if the
composite face effect found in Experiment 1b was

significantly larger than the non-significant composite
effect in Experiment 1a. We extracted a composite effect
index for each experiment by subtracting the congruency
effect found in misaligned trials from that found in
aligned trials. Following this, we conducted an
independent t-test, which revealed a significant
difference, t(190) = 2.08, p = .038, η2p =.04 indicating a
larger composite effect in Experiment 1b (M = .40, SE =
.10) vs that found in Experiment 1a (M = .13, SE = .09).

Discussion
The study reported here aimed to investigate whether a
composite effect could be obtained in non monoorientated, artificial stimuli (checkerboards) and to
compare that with the robust composite effect typically
found for faces. According to the perceptual learning
literature there are two main factors that may contribute
to face recognition skills. One is expertise manifesting
through perceptual learning and previous studies
evidenced how a specific tDCS procedure can abolish that
by reducing entirely the checkerboard inversion effect
(Civile, Verbruggen et al., 2016; Civile, Quaglia et al.,
2021). The other factor is based on ‘face-specificity’ and
previous work has provided some evidence that the same
tDCS procedure cannot modulate the composite face
effect which is often indicated as a robust index of holistic
processing of faces (Civile, McLaren et al., 2021).
We conducted two experiments aiming to advance our
understanding of the role that holistic processing may
have specifically in face recognition. We directly tested
this by using the same checkerboard exemplars employed
in the perceptual learning literature to demonstrate the
inversion effect (Civile, Zhao et al., 2014, but using a
composite effect paradigm to index holistic processing.
The main finding from Experiment 1a is that we do not
find a significant composite effect for checkerboard
composites. In line with Waguri et al (2021) we found a
congruency effect for aligned checkerboard composites
but did not find a significant reduction of the congruency
effect in the misaligned composites. In both aligned and
misaligned trials we found a significant congruency effect.
This is the first evidence of this type based on non monoorientated artificial stimuli such as checkerboards.
Importantly, Experiment 1b demonstrated a robust
composite face effect as typically obtained in the
literature (e.g., Civile, McLaren et al., 2021). Here a
significant congruency effect was found for aligned face
composites which was numerically reversed when the
composites were misaligned. Through an additional
analysis between the composite effect index from
Experiment 1a vs Experiment 1b we found that the
composite face effect was significantly larger than that for
checkerboard stimuli.
Overall, these results are in line with Civile, McLaren
et al., (2021) which demonstrated how the same tDCS
procedure able to remove the perceptual learning
component of the face inversion effect is not able to
influence the composite face effect which is based on
holistic processing. We have now provided some
evidence that the composite effect can be obtained for
faces but not for non mono-orientated checkerboards
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even after participants had been trained with them. All
together the results from Civile, McLaren et al (2021) and
ours provide support to the proposition that the composite
effect is specific to faces. Furthermore, if we assume that
the composite effect is a robust index of holistic
processing (for a review see Maurer et al., 2022), we will
then suggest that this is the type of processing that is facespecific and thus not influenced by the tDCS procedure.
Coming back to the findings by Civile, Quaglia et al
(2021) one may say that the remaining inversion effect for
faces would be due to holistic information not being
affected (or at least in part) by the tDCS. Future work
should investigate this directly perhaps by looking at the
tDCS-induced effects on the inversion effect for sets of
face stimuli not containing the usual holistic information
(e.g., a novel face outline).
One could argue that our results contradict the results
of Gauthier and Tarr (2002), and Wong et al., (2009).
Both these studies found a composite effect for artificial
stimuli that participants had never seen before entering
the lab and being trained with them. However, there are
two main differences with our study. The first one regards
the stimuli used and the fact that checkerboards are non
mono-orientated. In this sense, these stimuli have no
featural similarities with faces. Despite Gauthier and Tarr
(2002), and Wong et al., (2009) demonstrating how
familiarity is important in obtaining the composite effect,
both Greebles and at least some categories of Ziggerins
present a configuration of features that could resemble
those of upright faces. Thus, this could elicit the type of
holistic processing typically found for face stimuli and
lead to a composite effect. The second difference regards
the training phase/categorization task. A clear difference
in the training task between our Experiment 1a
(checkerboards) and those of Greebles/Ziggerins
(Gauthier & Tarr, 2002; Wong et al., 2009), is utilizing a
categorization task contrasted with individuation training.
Both train participants to become experts, but this is
nuanced in the sense that individuation particularly
emphasizes subordinate level training as opposed to
basic-level processing by categorization. While there is
much debate as to what exactly it promotes and whether
subordinate level training can indeed increase holistic
processing, Wong et al., (2009) have demonstrated that
individuation training (i.e., learning and identifying
individual Ziggerins) does yield a composite effect in
artificial stimuli as opposed to categorization training
(class level expertise). This would indicate that there is a
top-down effect akin to personification affecting the
manifestation of the composite effect. Therefore, there
may be an additional component other than lower-level
perceptual processes (i.e., holistic) that influences face
processing, which has also been suggested by Civile,
McLaren et al (2021). Our results advance our
understanding of the mechanisms that are the basis of face
recognition skills. We have shown that expertise
manifesting through perceptual learning in the case of
checkerboards does not lead to a composite effect
(Experiment 1a), a robust phenomenon found in the face
recognition literature and confirmed in Experiment 1b.

Figure 2. Panel a and Panel b reports the results from
Experiment 1a and 1b respectively. In both panels, the xaxis shows the stimulus conditions, the y-axis shows d'.
Error bars represent s.e.m.
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Abstract
Picture books are a popular medium through which to promote
language acquisition in young children. However, not much is
known about how the pictorial context in which words are
introduced in such books impacts word learning in toddlers, or
how joint book reading further mediates this relationship. The
present study introduced words to 19-23-month-old toddlers
through books in either contextually rich, semantically relevant
illustrations, or on a white background in isolation. Children
and their parents participated in three lab visits during which a
range of language and environmental measures were taken.
Parents read our intervention materials at home between the
first and second visits. We found that the pictorial context in
which vocabulary words are presented was significantly
related to language measures throughout our study. Further,
this context also influences parents’ reading techniques, with
longer interactions and more target words produced when
reading contextually illustrated books. Our minimal book
intervention shows promise in promoting vocabulary
development in typically talking toddlers.
Keywords: joint reading; word learning; illustration

Background
One of the main tasks in a young child’s life is to learn the
language of their environment. In typical development,
children learn the words they hear and the names of things in
their environment, demonstrating that children do not need
explicit instruction to develop their vocabularies but are
rather greatly influenced by their surroundings (van Veen et
al., 2009; Weizman & Snow, 2001). Being able to
successfully accomplish this task in the first years of life sets
up children for later learning.
In general, vocabulary size at age two is related to reading
and academic achievement in elementary school and beyond
(Fewell and Deutscher, 2004). For this reason, there have
been many efforts to better understand vocabulary
development and how to motivate language acquisition in
preschoolers. Specifically, researchers have investigated
parent-child joint book reading, which has become one of the
essential mediums through which to help children develop
language and literacy skills (Dickinson et al., 2012; Kassow,
2006). However, little research has specifically examined
whether the way vocabulary words are presented in books
impacts the way parents read books with their children, and
whether differences in vocabulary presentation influences a
child’s vocabulary development.

Much of the past research on joint book reading focuses on
parent-child interactions and engagement. After 18 months of
age, most parents attempt to engage children in conversations
about the illustrations and stories in books, more so than
when children are younger (Fletcher et al., 2005; Sénéchal,
Cornell & Broda, 1995). Similarly, children’s own
vocalizations and joint attention impacts the amount of joint
book reading at home (Lyytinen, Laasko & Poikkeus, 1998).
Many studies have investigated not only how parent
reading style impacts child engagement, but how reading
style further impacts language development. Children’s
exposure to books is related to their vocabulary and
comprehension skills, as well as reading ability in grade three
(Sénéchal & LeFevre, 2002). Joint book reading in general
predicts linguistic advancement, over and above other
demographic and parent characteristics (Lyytinen et al.,
1998). In other words, parent-child interactions during joint
book reading matters.
Hindman et al. (2008) found that caregivers focus their
interactions with children mostly on the concepts in the book
rather than on sounding out words. Hindman, Skibbe, and
Foster (2014) also found the same focus on semantics, but
further found that a wider variety of such meaning-related
talk, like relating the story to their child’s own experiences,
was associated with more advanced language skills.
Multiple studies find that tactics engaging children and
encouraging active participation through dialogic reading
have the greatest impact on vocabulary in general (Flack,
Field & Horst, 2018; Trivette, Dunst & Gorman, 2010). In
addition, research shows that different reading styles are
differentially associated with gains in production and
comprehension measures of vocabulary. More specifically,
parents following child comments with elucidating questions
tend to have the greatest impact on expressive (naming)
language (Sénéchal, 1997; Trivette et al., 2010). On the other
hand, other aspects of the interactions, such as pointing and
positive feedback have been noted to have an impact on
receptive (pointing) vocabulary skills.
A few studies have delved into how the book itself can
impact joint reading interactions. For example, Sénéchal et
al. (1995) also found that mothers use more language during
joint reading of books with no text, compared to books with
text. Other studies found that parents engage in more
questioning, labeling and positive feedback when reading
simple word books compared with narrative books (Potter &
Haynes, 2000; de Mendoza, 1995). Further, Fletcher and
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Finch (2015) found that parents use more positive feedback
and questions while reading both word books (isolated
images with a word label) and no-narrative books
(illustrations tell a story with no text) compared to narrative
books (illustrations and text tell a story). The use of more
positive feedback and questions in turn elicited more
responses from the child. The authors posit that these simple
word books may require more active reading strategies on the
part of the caregiver and thus encourage richer parent-child
interactions. Further, young toddlers enjoy books that use
highly predictive language, such as that found in word books
(Dwyer & Neuman, 2008), and in fact child responsiveness
increases with repeated readings of the same word book
(Fletcher & Finch, 2015). These results support the
conclusion that simple word books that show a picture of an
object in isolation accompanied simply by the object’s name
may promote interactions that lead to better word learning.
In another vein of language research, interventions seek to
alter natural development to impact language outcomes. By
explicitly teaching caregivers to use the techniques described
previously (e.g., questions and comments) to engage learners,
many interventions have found some success. In a metaanalysis of vocabulary interventions for preschoolers and
kindergarteners, Marulis and Neuman (2010) found that
instruction through definitions and examples increased
intervention efficacy. Further, combining explicit instruction
with implicit instruction, such as simply using the vocabulary
word more often, was even more effective. Interestingly, the
authors did not find that longer, more intensive, or more
frequent interventions were more effective, lending support
for the use of minimal vocabulary enrichment paradigms.
Though many families already regularly read books
together, more targeted reading techniques may benefit word
learning. In interventions where parents are taught techniques
to aid in joint book reading, such as dialogic reading, children
become more interested in shared reading compared to those
children whose parents did not get such education (Ortiz,
Stowe & Arnold, 2001). Further, a meta-analysis by Mol et
al. (2008) found that dialogic reading interventions can
change home literacy activities (frequency of reading, etc.) in
families of two-to-three-year-old toddlers. We hypothesize
that manipulating book characteristics may result in parents
naturally adopting different reading styles without the need
for extensive parental training, and that this in turn can impact
children’s word learning.
It is useful to note here that the previous discussions have
differentiated between comprehension and production
measures. Children understand many vocabulary words prior
to producing the words themselves, and this asymmetry is
revealed in tasks assessing one skill or the other (Hendriks &
Koster, 2010). Though comprehension tasks typically require
a child to find the correct image representing a word among
a few foils, production tasks require the child to correctly
name the target image out loud. Because production follows
comprehension, production ability may reflect a deeper
understanding of the word. The present work will utilize both

types of measures to understand if our manipulation
differentially impacts these two language skills.
The present study aimed to better understand how different
types of illustrations, while holding text constant, impact 1)
joint book reading interactions and 2) vocabulary growth. We
use two types of illustrations accompanying the same simple
word-book style text: contextually rich, semantically relevant
illustrations, as compared to an isolated object without
background illustration. On the one hand, rich illustrations
could offer parents with more things to talk about during joint
book reading, creating longer interactions and providing
children with a better understanding of the ways in the which
the target words are used in real-life situations. This could
promote generalization to new contexts and perhaps even
encourage children to learn other related words within that
category. On the other hand, for children this young, seeing
objects in isolation, without other distracting elements could
also be beneficial to word learning. The positive impact of
the rich illustrations relies heavily on the mediating factor of
parent scaffolding and talk, while learning the target words in
the isolated condition relies on parent support less. Because
of these factors, we expect that children will learn to identify
the target words better in the isolated condition
(comprehension), but children will produce more target
words and related words in the illustrated condition.

Method
Participants
A total of 39 children (25 female) were recruited into the
study between 19.0 and 23.4 months of age (M=20.50,
SD=1.18), and randomly assigned to one of two conditions.
However, 10 children already recruited into our study were
dropped due to the onset of the COVID-19 pandemic, and
further recruitment stalled. Of the remaining children who
were able to complete our study, 15 were assigned to the rich
illustration group and 14 to an isolated illustration group. The
two conditions did not differ in their age (t(27)=0.47, p=.644)
or language proficiency as defined by the MacArthur-Bates
Communicative Development Inventory (CDI) standardized
percentile score (t(27)=0.81, p=.423) at the first visit.
Ten children fell below the 16th percentile on the CDI and
will be categorized as late talkers in some of our analyses.
This 16th percentile cutoff, or one standard deviation below
the mean, has been traditionally used in studies assessing
late-talking child characteristics (for discussion see Rescorla,
2011). Late talkers are children who fall behind on productive
language development without any other known underlying
factors, such as cognitive or motor deficits. Further, past
research has found little to no differences in parent
characteristics (Fisher, 2017). However, because of low
language skills and possible differences in word-learning
mechanisms (e.g., Colunga & Sims, 2017), late talkers may
obscure patterns seen in typically developing children.
Though we planned to separate the typically developing
children from those late talkers in our sample, due to a small
sample size and lack of past research for late talkers
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specifically, we were reluctant to make strong hypotheses
regarding learning patterns in this group. After removing late
talkers from the sample, there are 11 children in the illustrated
condition and 10 in the isolated.

Design
The study totaled 16 weeks in length. There were three visits
to the lab; a pre-intervention visit at time zero, a postintervention visit after eight weeks of at-home book reading,
and a final follow-up another eight weeks after visit two (16
weeks from the first visit). See Figure 1. During the first part
of the study from weeks one to eight, the intervention phase,
families received four books to read at home with a total of

32 target words across 2 themes, vehicles and foods. Parents
were told to incorporate the books into their typical bookreading routine but were given no further instructions as to
when and how to read the books provided, save for
documenting the dates and number of times each book was
read. Though parents knew they were participating in a wordlearning study, they were not told to explicitly teach the target
words and were not told about the illustration manipulation.
At each visit, parents checked words their child produced,
and children participated in a comprehension task. Parents
also read the books with their child in the lab, replicating
typical reading practices at home. Though this was completed
at all three visits, present analyses will focus on joint reading
interactions from the first visit.

Figure 1: Experiment timeline
the isolated condition. Each item was presented with a
corresponding color or number (1-4) for engagement.
The parent checklists consisted of 1) the CDI and 2) a
list of an additional 100 food and vehicle words. The CDI
was used to characterize the child’s initial language
proficiency according to norms. The food-vehicle checklist
was used to assess the child’s learning of the target words
presented in the books compared to their learning of
control words, that is, similar food and vehicle words that
were not in the books. For both checklists, parents
indicated which words their child produced. To note,
children were also tested in a production task using the
exact images from their respective books, but too few
children were able to complete this task for analysis.

Materials
Books were created in-lab with hand-drawn illustrations.
The target images were identical in both conditions, though
the surrounding illustration differed. In the rich-illustration
condition, for instance, popcorn was presented in a picture
of a popcorn bucket in a movie theater. The isolated book
depicted the same popcorn pieces but on a white
background. See Figure 2. Vocabulary was chosen so less
than 10 percent of typically developing 20-month-olds
would know the word based on prior piloting. The word
books were disguised as either counting or color books
(e.g., “white popcorn”, “2 cupcakes”); all children got two
counting books and two color books.

Figure 3: The test trial for the target word “popsicle”

Analyses
We employed general linear mixed models using the Lmer
package in R version 4.0.0. The LmerTest package was

Figure 2: Example book pages for the target word
“popcorn”. A) a page from the illustrated condition; B)
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further used to estimate degrees of freedom as well as t and
p-values using Satterthwaite’s method.
Transcriptions of parent-child joint book reading
interactions were completed in ELAN 7. From these
transcriptions, average and total speaking time were
calculated for both the parents and children, as well as
average interaction length and number of target words
produced by both parents and children.

our target words (in-book) than control words (out-book)
(in-book: M=22%; out-book: M=15%), t(27)=4.04,
p<.001. However, there was no difference between the
illustrated book and the isolated book conditions (M=23%
and 27% respectively), t(27)=1.21, p=.239. Further, a visit
by target interaction was found, with children learning
more of the target words in our books over time than
control words not in the books, t(27)=5.89, p<.001. The
analyses also found differences between the two domains.
In general, children also produced a larger percentage of
the total foods (M=24%) compared to vehicles (M=14%),
t(27)=5.85, p<.001. This difference between foods and
vehicles is smaller for target words than for control words,
t(19)=2.74, p<.05.
To test if late talkers, or those children with low
percentile scores on the CDI, showed different patterns of
word-learning or if a lack of learning could be obscuring
patterns in the typically developing children, we conducted
the same analyses including this distinction as a factor. We
ran a 2 (condition) by 3 (timepoint) by 2 (theme) by 2
(target) by 2 (talker type: typical, late) mixed effects model.
The same relationships as before were again found, along
with new main effects and interactions involving talker
type. Typical talkers produced a more total words
compared to their late talking peers, t(26)=3.44, p<.01.
Significant two-way interactions were subsumed by a
three-way interaction between visit, talker type and target,
t(26)=3.34, p<.01. See Figure 4. Over time, typical talkers
make greater strides in learning target words found in their
books than late talkers do, though control foods and
vehicles are learned at about the same rate by both typical
and late talkers.

Results
Joint Reading Interactions
The total time parents talked during joint book reading was
significantly different between the two conditions,
t(24)=2.28, p<.05. Parents, in general, talked for almost
twice the amount of time when reading a richly illustrated
book than when reading a book with illustrations showing
objects in isolation. Parents reading rich-illustrated books
also produced roughly double the number of target words
than parents in the isolated illustration condition,
t(25)=2.29, p<.05. Though children did not talk for
different amounts of time between the two conditions
(t(24)=1.40, p=.173), children did produce significantly
more target words in the rich-illustrated than in the isolated
condition, t(25)=2.13, p<.05. See Table 1.
Table 1: General interaction measures. Number of
seconds spent talking and number of target words said.

Parent Speaking Time
Child Speaking Time
Parent Target Words
Child Target Words

Illustration type
Rich
Isolated
M (SD)
M (SD)
92.02 (48.14)
55.90 (30.74)
16.49 (18.77)
8.4 (8.9)
30.79 (16.85)
18.69 (9.19)
2.79 (3.09)
0.77 (1.48)

0.5

Proportion Known

Measure

Similar to past research, no differences were found
between the parents of children considered late talkers and
those falling in the typical range of language development,
both in the amount of time spent speaking (t(24)=0.08,
p=.936), and in the number of target words produced
(t(25)=0.20, p=.846). Further, there were no differences
between the isolated (M=74.73) and illustrated (M=61.17)
conditions (t(23)=0.67, p=.510) or between late talkers
(M=56.79) and their typical counterparts (M=72.67) in the
total number of times the books were read to them at home,
as reported by parents using book-reading logs (t(23)=0.71,
p=.488).

0.4
0.3
0.2
0.1
0
V1
In Book Late
In Book Typical

V2

V3
Out Book Late
Out Book Typical

Figure 4: Difference between late and typical talkers in
target words (in-book) and related words (out-book)
produced based on parent-report checklists.
Due to differences in learning seen between late talkers
and typically developing children, we re-ran the first
analyses excluding the late talkers. In addition to the same
trends as before, we also found a visit by target by
condition interaction, t(19)=2.17, p<.05. Children in the
rich-illustrated book condition make greater strides in
learning to produce target words (in-book) than children in

Vocabulary Checklists (Production)
Food-Vehicle Checklists. We conducted a 2 (condition)
by 3 (timepoint) by 2 (theme: in theme, out theme - foods
vs. vehicles) by 2 (target: in-book, out-book) mixed effects
model. Children produced more words at each subsequent
visit, t(26)=9.09, p<.001. Children also produced more of
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the isolated condition. For related food and vehicles not
pictured in our books (out-book), there is no difference in
learning over the course of the study. See Figure 5.

showed a different learning pattern compared to their
typically developing peers. A book condition by talker type
interaction indicated that the effect of book type was
different for late talkers than for typically developing
children, t(23)=2.69, p<.05. See Figure 6.
We conducted a final analysis excluding late talkers due
to these differing trends, and in addition to the same main
effects found previously, we also found a significant main
effect for condition: Children who received books with
target words presented in isolation learned more words
(M=23.25) than children in the rich-illustrated book
condition (M=21.73), t(18)=2.14, p<.05.

Propotion Known
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Discussion
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The current study presents a longitudinal investigation of
word learning in young children through word books. We
manipulated the illustrations on the page between two
conditions, while holding the language presented in the
books constant, to investigate 1) whether the two types of
illustrations elicited different joint reading behavior and 2)
whether word learning differed when target items were
presented in isolation versus when they were presented
embedded within rich illustrations. Due to the global
pandemic, more children were unable to complete the
present study, though future cohorts or studies with similar
materials may still move forward. Though the overall
sample size was small, this study still reveals how small
manipulations to children’s books could initiate lasting
differences in learning.
Pertaining to the first question, the present analyses
support the idea that different types of illustrations
encourage different degrees of engagement, at least as
measured by time spent speaking and number of target
words used by parents and children during the interaction.
In all of these measures, the books that present objects in
richly illustrated contexts resulted in more talk and more
naming than the books that show the target words with
isolated illustrations of the object on a white background.
On the second question, if illustration type impacts word
learning outcomes, the findings are less clear cut. First, the
patterns emerging are different for late talkers and for
typically developing children. Second, the pattern of
results is different for the production measure (vocabulary
checklist) than for the comprehension measure (pointing
task). We will return to the issue of late talkers later.
For typically developing children, which illustration
type is better for word learning depends on how we
measure word learning. In the vocabulary checklist, which
measures production as reported by parents, children in the
rich-illustrated book condition learn more target words
than children in the isolated book condition; this condition
effect is significant only for the target words, not for the
control words. In contrast, in the pointing task measuring
child comprehension, the pattern is the opposite: Across
visits, typically developing children who were exposed to
our target words in books with isolated illustrations
performed better in the pointing task than children who saw

V2

Inbook Context
Outbook Context

Figure 5: Difference between the illustrated and
isolated book conditions on target words (in-book) and
related words (out-book) produced.

Pointing Task (Comprehension)

Number Correct (Out of 42)

We conducted a 2 (book condition: illustrated, isolated) by
2 (test type: isolated, in context) by 2 (timepoint: Visit 2,
Visit 3) mixed effects model on our full sample (including
late talkers), controlling for each child’s visit 1
comprehension score. A main effect of visit was revealed,
t(26)=3.32, p<.01); children on average knew more words
at the third visit (M=11.29) than the second (M=9.63). That
is, children are both retaining words they learned and
learning new comprehension words in the interim before
the follow-up visit. A further main effect of test type
indicated that children correctly identified more words
when they were tested with images in isolation (M=11.27)
than when the item was tested in a rich context(M=9.63),
t(26)=4.88, p<.001. However, there was no main effect of
condition, t(25)=0.26, p=.795) or any significant
interactions.
14
12
10
8

6
4
2
0
Late Talkers
Context Condition

Typical Talkers
Isolated Condition

Figure 6: Late and typical talker comprehension scores in
the illustrated and isolated book conditions.
As before, we next included talker type as an additional
factor in our analysis and discovered that late talkers
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these target words in richly illustrated books. Why these
two different patterns? There are a few, non-mutually
exclusive possibilities. On the one hand, we know that
richly illustrated books are interacted with longer and result
in more instances of naming the target objects on the part
of both the parent and the child. This extra practice saying
the words in the rich illustration condition could explain
why children in this condition reportedly learn to produce
more target words than children in the isolated condition.
On the other hand, the simple presentation of isolated
objects in the isolated condition might offer the training
necessary to perform well in the comprehension task.
Without extraneous pictorial details while reading the
books, children might form the sort of representations that
are best suited to be compared and contrasted with the array
of pictures in the pointing task. For example, the rich
condition showed the popsicle in the context of a summer
day at the pool. This might bring to mind, and to
conversation, other related foods or activities relating to
summer. In contrast, a child in the isolated condition will
only see a popsicle and focus on physical characteristics of
the object; the parent, without a competing context present,
might point out the defining features of the object, like the
stick. Then, at the time of test, when looking at an array
like the one in Figure 3, a child in the rich condition might
think of strawberries as another summer food, whereas the
child in the isolated condition will attend to the stick and
correctly choose popsicle. Word learning does not happen
in isolation, and children’s’ interactions with the
environment and caregivers shape their present learning as
well as future interactions with the world.
We now return to the issue of late talkers. There were
different patterns of performance for typically developing
children and late talkers. Not surprisingly, typically
developing children learn more words than late talkers
overall. Interestingly, the performance of late talkers
compared to typically developing children also varies
depending how we measure language. For the vocabulary
checklists measuring production, typically developing
children learn more target words at a much greater rate than
control words. In contrast, late talkers did not learn more
target words than control words. This suggests that this
study, as a vocabulary intervention, was successful for
typically developing children, but not for late talkers. Any
growth observed in late talkers could be attributed to
natural growth over the 2-month period.
Typically developing and late talking children also show
different patterns of performance in the pointing task
measuring comprehension. Although overall children
perform well above chance in the pointing task, as
discussed above, typically developing children in the
isolated condition outperform those in the rich-illustration
condition. This is not the case for late talkers. Although the
difference is not significant, late talkers who were in the
rich-illustration condition tend to outperform those who
were assigned to the isolated condition. Late talkers not
showing any gains in the production measure is perhaps to

be expected given research that shows that production is
particularly challenging for this population, and in fact late
talkers’ deficit might be confined to production (Rescorla,
2011). The findings in the comprehension task are harder
to explain and should be taken with a grain of salt given the
small number of late talkers. However, one possibility is
that, as previous work suggests, late talkers learn through a
different mechanism (Weismer, 2017). In addition, these
findings support the idea that late talkers require more
intense interventions (Meyers-Denman & Plante, 2016).
Overall, the pictorial context in which words are
presented does impact word learning, though it may impact
production differently than comprehension, and typically
developing children differently than late talkers. Further,
these different presentations also impact parent-child
interactions, which in turn may have cascading effects on
later language skills. Future studies should continue to look
at both joint book reading and its direct relationship to child
learning, more in-depth investigations of caregiver reading
style. Despite different illustration impacts, minimal book
interventions such as ours show promise in promoting
vocabulary development in typically talking toddlers.

References
Ard, L. M., & Beverly, B. L. (2004). Preschool word
learning during joint book reading. Commun. Disord. Q.,
26(1), 17-28.
Colunga, E., & Sims, C. E. (2017). Not only size matters:
Early‐talker and late‐talker vocabularies support
different word‐learning biases in babies and
networks. Cognitive science, 41, 73-95.
de Mendoza, O. A. P. (1995). Developmental changes and
socioeconomic differences in mother-infant picturebook
reading. Eur. J. Psychol. Educ., 10(3), 261-272.
Dickinson, D. K., Griffith, J. A., Golinkoff, R. M., &
Hirsh-Pasek, K. (2012). How reading books fosters
language development around the world. Child Dev. Res.
Dwyer, J., & Neuman, S. B. (2008). Selecting books for
children birth through four: A developmental approach.
Early Child. Educ. J., 35(6), 489-494.
Fewell, R., & Deutscher, B. (2004). Contributions of early
language and maternal facilitation variables to later
language and reading abilities. J. Early Interv., 26(2),
132-145.
Fisher, E. L. (2017). A systematic review and metaanalysis of predictors of expressive-language outcomes
among late talkers. Journal of Speech, Language, and
Hearing Research, 60(10), 2935-2948.
Flack, Z. M., Field, A. P., & Horst, J. S. (2018). The effects
of shared storybook reading on word learning: A metaanalysis. Dev. Psychology.
Fletcher, K. L., & Finch, W. H. (2015). The role of book
familiarity and book type on mothers’ reading strategies
and toddlers’ responsiveness. J. Early Child. Lit., 15(1).
Fletcher, K. L., Perez, A., Hooper, C., & Claussen, A. H.
(2005). Responsiveness and attention during picture‐

1439

book reading in 18‐month‐old to 24‐month‐old toddlers
at risk. Early Child Dev. Care, 175(1), 63-83.
Hendriks, P., & Koster, C. (2010). Production/
comprehension asymmetries in language acquisition.
Lingua, 120(8), 1887-1897.
Hindman, A. H., Connor, C. M., Jewkes, A. M., &
Morrison, F. J. (2008). Untangling the effects of shared
book reading: Multiple factors and their associations
with preschool literacy outcomes. Early Child. Res. Q.,
23(3), 330-350.
Hindman, A. H., Skibbe, L. E., & Foster, T. D. (2014).
Exploring the variety of parental talk during shared book
reading and its contributions to preschool language and
literacy. Read Writ., 27(2), 287-313.
Lyytinen, P., Laakso, M. L., & Poikkeus, A. M. (1998).
Parental contribution to child’s early language and
interest in books. Eur. J. Psychol. Educ., 13(3), 297.
Marulis, L. M., & Neuman, S. B. (2010). The effects of
vocabulary intervention on young children’s word
learning: A meta-analysis. Review of educational
research, 80(3), 300-335.
Meyers-Denman, C., & Plante, E. (2016). Dose schedule
and enhanced conversational recast treatment for
children with specific language impairment. Lang
Speech Hear Serv Sch, 47(4), 334-346.
Mol, S., Bus, A., De Jong, M., & Smeets, D. (2008). Added
value of dialogic parent–child book readings: A metaanalysis. Early Educ. Dev., 19(1), 7-26.
Ortiz, C., Stowe, R. M., & Arnold, D. H. (2001). Parental
influence on child interest in shared picture book
reading. Early Child. Res. Q., 16(2), 263-281.
Potter, C. A., & Haynes, W. O. (2000). The effects of genre
on mother-toddler interaction during joint book reading.
Infant Toddler Interv., 10(2), 97-105.
Rescorla, L. (2000). Do late-talking toddlers turn out to
have reading difficulties a decade later? Ann. Dyslexia,
50, 87–102.
Rescorla, L. (2011). Late talkers: Do good predictors of
outcome exist?. Dev. Disabil. Res. Rev., 17(2), 141-150.
Sénéchal, M. (1997). The differential effect of storybook
reading on preschoolers' acquisition of expressive and
receptive vocabulary. J. Child Lang., 24(1), 123-138.
Sénéchal, M., & LeFevre, J. A. (2002). Parental
involvement in the development of children’s reading
skill. Child Dev., 73(2), 445-460.
Sénéchal, M., Cornell, E. H. & Broda, L. S. (1995) Agerelated differences in the organization of parent–infant
interactions during picture-book reading, Early Child.
Res. Q., 10, 317–337.
Trivette, C. M., Dunst, C. J., & Gorman, E. (2010). Effects
of parent-mediated joint book reading on the early
language development of toddlers and preschoolers.
CELL Rev., 3(2), 1-15.
Van Veen, R., Evers-Vermeul, J., Sanders, T., & Van den
Bergh, H. (2009). Parental input and connective

acquisition: A growth curve analysis. First Lang., 29(3),
266-288.
Weismer, S. E. (2017). Typical talkers, late talkers, and
children with specific language impairment: A language
endowment spectrum?. In Language disorders from a
developmental perspective (pp. 83-101). Psyc. Press.
Weizman, Z. O., & Snow, C. E. (2001). Lexical output as
related to children's vocabulary acquisition: Effects of
sophisticated exposure and support for meaning. Dev.
Psychol., 37(2), 265

1440

Do speakers and listeners remember the speech errors or the repairs in
communications?
Nikhil V. Lakhani (nlakhani@andrew.cmu.edu)
Department of Psychology, Carnegie Mellon University
5000 Forbes Ave, Pittsburgh, PA 15213

Nazbanou Nozari (bnozari@andrew.cmu.edu)
Department of Psychology, Carnegie Mellon University
5000 Forbes Ave, Pittsburgh, PA 15213

Abstract
Conversations sometimes include speech errors that are
repaired. But what do speakers and listeners remember, the
error, the repair, or both? In three experiments, we investigated
this question by having speakers give instructions for clicking
on pictures (Exp 1) or by having listeners follow those
instructions by clicking on the referenced pictures (Exps 2 and
3), followed by a surprise recognition test for the spoken words.
Results of Exps 1 and 2 showed that both speakers and listeners
have better memory for errors than repairs. Exp 3 managed to
reverse this pattern by preventing listeners from clicking on the
objects that were the referents of speech errors. Collectively,
these results suggest superior memory for errors, not when they
are simply perceived, but when they are tied to an action.
Keywords: language production; speech errors; repairs;
memory

Introduction
The ability to detect and repair speech errors is critical to
maintaining effective communication. But what do speakers
and listeners retain from an errorful communication? Do they
remember the error, the repair or both? The emphasis on the
“communicative goal” in language processing (Clark &
Brennan, 1991) could suggest that interlocutors should
cognitively overwrite speech errors, and any memory thereof,
as they clearly do not contribute to the communicative goal
and even distract from it. On the other hand, errors are
prominent cognitive events. They trigger special mechanisms
that alert us to a possible need for regulation in the form of
applying greater control, and they help optimize performance
through error-based learning (e.g., Maier, Yeung, &
Steinhauser, 2011).
In language production, error-based learning drives
learning new representations and structures (Branigan &
Messenger, 2016; Fazekas, Jessop, Pine, & Rowland, 2020),
but it also has a few dark sides; it can lead to the unlearning
of other information (Oppenheim, Dell, & Schwartz, 2010),
cause lexical perseverations (Hepner & Nozari, 2020), and
even lead to the learning of the error itself (Humphreys,
Menzies, & Lake, 2010). Such effects imply lingering effects
of speech errors in speakers’ cognitive systems. In keeping

with this, Tydgat, Diependaele, Hartsuiker, and Pickering
(2012) had participants name pictures which sometimes
unexpectedly switched to a different picture, forcing the
speakers to apply a repair. The findings showed a modulation
of the repair latencies as a function of the relationship
between the error and the repair, with generally shorter and
longer latencies for semantically and phonologically related
errors and repairs.
In language comprehension, evidence shows that listeners
take repairs to replace the error. In an eye-tracking study,
Corley (2010) presented participants with conjoined verbs
(eat and move), repairs (eat- uh, move), or control utterances
(eat/move) in sentences like “The boy will [verb(s)] the
cake”. Eye fixations patterned closely with plain “eat” for
conjoined verbs, but with plain “move” for the repair
condition, showing that listeners had treated the repair as
overwriting the error. Interestingly, upon hearing the theme,
the repair and plain “eat” conditions showed similar fixation
proportions to “cake”, which was taken by the author to imply
a lingering effect of the error.
In summary, holding on to errors in a conversation is
detrimental for achieving the communicative goal, which is
why speakers apply repairs and listeners process them
effectively and sometimes even engage in anticipating them
based on contextual cues (Lowder & Ferreira, 2019).
Nevertheless, there is also evidence that errors may not be
completely overwritten by repairs. To our knowledge, the
consequences of the possible lingering effects of errors on
memory have not been systematically studied. The literature
on misinformation and refusal to update beliefs even after
correction (e.g., Lewandowsky, Ecker, Seifert, Schwarz, &
Cook, 2012) points to a strong and persistent memory for
errors over repairs, but it differs from the issue at hand in two
ways. First, in the misinformation literature, the error and
repair are often separated by longs gaps in time, and second,
the effect is often colored by various emotional, political, and
social factors that bias belief systems in complex ways,
making it difficult to pinpoint the principled way in which
memories are formed for errors followed by immediate
repairs in conversations.
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Current study
The current study investigated memory for errors and repairs
in a communicative setting, free of the influence of belief
systems, for speakers (Exp 1) and listeners (Exps 2 and 3).
An “error” was defined as a word that, given the
communicative context, was not the final intention of the
speaker. A “repair”, on the other hand, was the word that
replaced the error and reflected the final intention of the
speaker. The task was adapted from Tydgat et al. (2012) with
modifications. Participants believed that they were
completing a referential communication task with an online
partner. They viewed scenes with three pictures (Fig. 1) and
were to either give instructions (speakers) or follow
instructions (listeners) to click on a certain picture. In Exp 1,
a picture was cued, and speakers had to name it. However,
they were told that on some of the trials the cue could
unexpectedly change to a different picture. It was the new
picture that was the intended target for their partner to click
on, and they were instructed to quickly repair their error.
Speakers were encouraged to name the pictures as fast as
possible, leading to the production of two words on these
trials: an error (the first name), and a repair (the second
name). On other trials, no repair was necessary (unchanged).
A surprise recognition test was administered at the end,
comparing memory for errors, repairs, and unchanged words
that they spoke.
The next two experiments tested the same in listeners.
Participants believed that they were taking part in a
referential communication task with another online
participant, i.e., a speaker. The actual recordings from Exp 1
were used for this purpose. Listeners were told that they must
identify and click on the speakers’ intended picture, but that
speakers sometimes make speech errors and repair them, and
that they should quickly click on the new target picture. As in
Exp 1, speed was emphasized in this experiment, leading
participants to often click on both error and repair. Exp 3 was
similar to Exp 2, but instead of emphasizing speed,
encouraged an accurate choice based on the speakers’ final
intentions, leading them to withhold selection based on
speech errors. Listeners in both Exps 2 and 3 received a
surprise recognition memory test at the end of the
experiment, comparing their memories for errors, repairs, and
unchanged words that they heard.
Predictions. If memory is guided by communicative
intentions, speech errors and their intended targets should be
overwritten in memory. This predicts that a qualitatively
similar pattern is expected across all three experiments: both
speakers and listeners should remember the repair (i.e., the
ultimate intended target) better than the error (i.e., the
unintended target), perhaps with larger effects in Exp 3
compared to Exp 2 for limiting action to the intended item.
Alternatively, errors may have a special effect on memory by
being prominent cognitive events that trigger error-based
learning to avoid repeating the error in the future, leading to
superior memory for errors compared to repairs—and
perhaps even unchanged items—in speakers and listeners.

This can manifest in two forms: if error perception is
sufficient to produce the effect, we would expect superior
memory for errors compared to repairs across the three
experiments, with stronger effects in Exps 1 and 2
(participants both perceive an error and act upon it) compared
to Exp 3 (participants perceive an error but do not act upon
it). If, on the other hand, error commission is necessary for
producing the effect, we would expect superior memory for
errors than repairs in Exps 1 and 2, but not for Exp 3. Finally,
it is possible that speakers and listeners retain different
memories from conversations. For example, error-based
learning may be particularly prominent for the speakers,
leading to better memory for the spoken errors in Exp 1,
while listeners’ focus on the communicative goal may predict
better memory for repairs in Exps 2 and 3.

Experiment 1
Exp 1 investigated memory for errors and repairs in speakers.

Participants
Sixty native speakers of American English (Mage = 21.3;
SDage = 2.1; 85% female) were recruited online through
Prolific, an online platform for research study recruitment.

Materials and Methods
Three experimental lists of 20 words were created, matched
for mean syllable length, phoneme length, character length,
and lexical frequency based on the SUBTLEXUS corpus
(Brysbaert & New, 2009). Additionally, the three lists were
matched in semantic similarity between list items calculated
as Resnik scores using WordNet (Resnik, 1995), and in
phonological similarity using the position-independent
phonological overlap metric (Goldrick, Folk, & Rapp, 2010).
A control list comprising 60 words was also created, matched
to the experimental lists in the indices named above. A total
of 120 colored images with white backgrounds from Google
Images or from the Bank of Standardized Stimuli (BOSS)
was chosen corresponding to the 120 unique words, with
name agreement higher than 70% established by a pilot study,
and were resized to 22.5% of the display window on side
lengths (to be adaptable to all screen sizes for the online
study). The three experimental lists were rotated between
error, repair, and unchanged item types, generating six
versions of the task. Control items remained the same across
all versions.
The experiment was coded in jsPsych (De Leeuw, 2015)
and hosted on a server running JATOS (Lange, Kühn, &
Filevich, 2015). Browser and audio checks were
implemented for more uniformity. In each version,
participants were presented with 20 trials in the experimental
and 20 trials in the baseline conditions. Experimental trials
consisted of two critical items—an error and a repair from the
experimental lists—and a lure from the control list (Fig. 1).
Baseline trials consisted of one critical item—an unchanged
item from the experimental list—and two lure items from the
control list. Generation of the trial triplets was
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pseudorandomized with the following constraints across the
six versions: each lure appeared once in the experimental and
twice in baseline trials, and the mean frequency of lures was
matched between the experimental and baseline trials. Two
items were paired in a given combination only once across all
lists, and semantic and phonological similarities were
minimized between items in a given trial (Resnik score of <
5.0; phonological overlap score < 0.5). A participant viewed
a given item only once throughout the experiment.

Figure 1. Example of an experimental trial in Exp 1. A
baseline trial was similar in structure, but only one item
(unchanged) was highlighted.

trials, with breaks in between. After each block, a made-up
score was demonstrated along with a reminder to respond as
fast and accurately as possible. Order of trial presentation and
location of images corresponding to different item types was
randomized for each participant. Verbal responses were
recorded for offline transcription.
The surprise recognition task. After completing the
production task, all 120 words corresponding to the 120
pictures that participants saw in the experiment were
presented to them, one at a time, in randomized order, in
black on a white background in the center of the screen in
54px Open Sans font, and participants were asked to indicate
whether they had spoken the word during the experiment by
pressing one of the two buttons as quickly and accurately as
possible. They received video instruction on how to place the
index and middle fingers of their dominant hand on the ‘g’
and ‘h’ keys of the keyboard, counterbalanced to map on to
‘yes’ and ‘no’ responses across participants, and completed
12 practice trials with feedback to learn the mapping. A trial
ended as soon as a key press was detected or after 3000 ms.
A blank screen with a central fixation cross was demonstrated
for 500 ms before the next trial began. Keypresses and
response times (RTs) were registered for analysis.

Results and Discussion

The production task. Participants were given a cover story
that they were playing an online game with a live partner,
who would click on pictures on their screen based on the
instructions delivered by the participant. A trial began with a
1000 ms preview period (Fig. 1), followed by an audio
prompt with a duration of 1042 ms stating “Click on the…”.
In the baseline condition, immediately upon the end of the
audio prompt, a red square framed one of the three pictures
(the unchanged item) for 1500 ms. Participants were
instructed to name the highlighted picture as quickly and
accurately as possible and were told that speed earned them
additional points in the game. Next, a blank screen with a
central fixation cross appeared for 500 ms before the next
trial began. The experimental trials started similarly, but the
frame disappeared from the first picture (error) and appeared
around a different picture (repair) with a jittered SOA drawn
from a Gaussian distribution (M = 1236 ms; SD = 316 ms;
Min. = 880 ms; Max. = 1944 ms; Fig 1). Participants were
instructed to name the highlighted pictures as quickly and
accurately as possible and to repair their response if they
noticed a change. They were reminded that speed earned
them more points and were discouraged from waiting to
detect a change before they started naming the highlighted
picture. The trial ended after 1500 ms, at which time a blank
screen with a central fixation cross appeared for 500 ms
before the next trial began.
Participants watched a tutorial video followed by two
practice trials before the experiment began. They then
completed four blocks of five experimental and five baseline

In around two-thirds of the produced utterances, a repair
immediately followed the error. The remaining one-third
contained natural disfluencies, including filled pauses (uh,
um) and interjections (I mean), giving speech the natural
variability that is observed in the timing of error detection and
correction (Nooteboom & Quené, 2017). All items from trials
with no responses, incomplete responses, or a different
response than the target word were excluded from the
recognition analyses (10% of the data, distributed equally
among errors, repairs, and unchanged items). The remaining
items (1044 errors, 1045 repairs, and 1121 unchanged
responses) were analyzed.
On the recognition test, average dʹ across all conditions was
2.23 (SD = 0.55), showing good discriminability. The correct
rejection for lures was high (91%; SE = 1%). Figure 2 shows
the accuracy (Fig. 2a) and RT (Fig. 2b) patterns for the errors,
repairs, and unchanged items.
Data were analyzed using multilevel models with mixed
random effects in R v.4.0.2 using LmertTest 3.1-3. A logistic
link was used for the accuracy data. P-values were calculated
using the multcomp package v. 1.4-17, which applies Tukey
correction to three pairwise comparisons. Recognition
accuracy and RTs were the dependent variables (DVs) and
item type (error, repair, unchanged) the independent variable
(IV), with random intercepts of subjects and items as the
random effect structure. Random slopes were initially
included in keeping with recommendations of Barr, Levy,
Scheepers, and Tily (2013), but due to the lack of
convergence in some models, we report uniform model
structures across the three experiments without random
slopes. For the RT analyses, values greater than 3SD from the
3
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participant’s mean RTs were excluded, and the data were log
transformed to approximate a normal distribution.

accurately as they could by clicking on the corresponding
pictures. They were warned that speakers may make mistakes
and change their answers and were told not to wait for the
final answer before they clicked on a picture.
Each participant in Exp 2 was yoked to a participant from
Exp 1. Participants viewed the trials in the same order as the
yoked participant and heard their instructions verbatim.
Arrangement of the pictures on the screen was identical to
Exp 1, except no red frame appeared around pictures in Exp
2. Instead, upon hearing the names, participants clicked on
the corresponding images. All trials, including the baseline
trials, were extended by 2000ms from Exp 1 to ensure that
listeners had time to click on both pictures. Yoking kept the
timing identical to the original speakers’ timing, preserving
the natural timeline of the communicative task.
The surprise recognition task. This task was identical to
Exp 1.

Figure 2. Accuracy (a) and RTs ± SE (b) in Exp 1.
E = Error, R = Repair, U = Unchanged
Model’s results on accuracy with Tukey-corrected p-values
revealed that recognition accuracy was not significantly
different between error and unchanged items (β = 0.15, z =
1.25, p = 0.21), but was significantly lower for repairs
compared to both unchanged items (β = 0.63, z = 5.61, p <
.001) and errors (β = 0.49, z = 4.31, p < .001). Model’s results
on RT data mirrored this pattern. Pairwise comparisons with
Tukey-corrected p-values showed no significant differences
between errors and unchanged items (β = .003, z = 0.34, p =
0.74), but RTs were significantly longer for repairs compared
to both unchanged items (β = .025, z = 2.51, p = .024) and
errors (β = .029, z = 2.79, p = .016).
In summary, speakers were both slower and less accurate
in remembering their repairs compared to both errors and
unchanged items.

Experiment 2
Exp 2 investigated the same effect in listeners by using the
recordings from participants in Exp 1 to mimic a live
referential communication task. Listeners were instructed to
be speedy in identifying the speakers’ intended picture and
clicking on it.

Results and Discussion
One participant was excluded because of failing to follow
instructions. Trials that were excluded from Exp 1 (no
responses and responses different from the intended targets)
were also excluded from Exp 2. Additionally, a trial was
excluded from the recognition task if the participant failed to
click on all the target pictures (corresponding to the
unchanged item in the baseline trials and both error and repair
in the experimental trials; 3% of the data). The remaining
items (964 errors, 965 repairs, and 1082 unchanged
responses) were analyzed. On the recognition test, average dʹ
across all conditions was 1.79 (SD = 0.59). Correct rejection
of lures was 90% (SE = 1%). Figure 3 shows the accuracy
(Fig. 3a) and RTs (Fig. 3b). The same model structure as Exp
1 was used to analyze the data, with Tukey-corrected
pairwise comparisons. Recognition accuracy was marginally
lower for errors than unchanged items (β = 0.17, z = 1.70, p
= .088), and significantly lower for repairs compared to both
unchanged items (β = 0.41, z = 4.15, p < .001) and errors (β
= 0.24, z = 2.39, p = .034). RTs were not significantly
different in any of the comparisons.

Participants
Sixty native speakers of American English (Mage = 20.6;
SDage = 2.2; 63% female) who had not participated in Exp 1
were recruited online through Prolific and similar online
recruitment resources.

Materials and Methods
Materials were identical to Exp 1. Audio recordings of
participants from Exp 1 were used in Exp 2.
The comprehension task. Participants were told that they
were playing an online game with a live participant, who
would deliver instructions to them on which pictures to click
on. They were asked to follow the instructions as quickly and
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Figure 3. Accuracy (a) and RTs ± SE (b) in Exp 2.
E = Error , R = Repair, U = Unchanged
4

In summary, the accuracy findings were similar to Exp 1.
Listeners remembered repairs less accurately than both errors
and unchanged items. Comparable RTs in all conditions ruled
out a possibility of speed-accuracy trade-off, although the
absence of RT differences in addition to accuracy differences
may suggest less robust differences in listeners than speakers.

Experiment 3
The results of Exps 1 and 2 found support for the hypothesis
that errors are remembered better than repairs. But in both of
those experiments, participants were acting upon errors:
speakers in Exp 1 spoke the error words and listeners in Exp
2 clicked on the images corresponding to the errors. Exp 3
tested whether simply perceiving an error was sufficient to
create the memory advantage or whether such an advantage
was driven by action, by removing the action tied to the error
item. A new group of participants heard the same recordings
from Exp 1 but were instructed to identify the speaker’s final
intention before clicking on the corresponding picture, thus
discouraging them from clicking on the picture
corresponding to the error. Therefore, participants in Exps 2
and 3 were identical in perceiving the error, but different in
acting upon the error.

failed to click on the repair or an unchanged item (6% of the
data). The remaining items (936 errors, 939 repairs, and 1057
unchanged responses) were analyzed. On the recognition test,
average dʹ was 1.61 (SD = 0.57). Correct rejection of lures
was 91% (SE = 1%). Figure 4 shows the accuracy (Fig. 4a)
and RTs (Fig. 4b). The same statistical models as the previous
experiments with Tukey-corrected pairwise comparisons
were used. Recognition accuracy was significantly lower for
errors than unchanged items (β = 0.57, z = 5.83, p < .001),
but significantly higher for repairs compared to both
unchanged items (β = -0.35, z = -3.49, p = <.001) and errors
(β = -0.92, z = -8.90, p < .001). Analysis of RTs mirrored a
similar pattern. RTs for responding to errors were marginally
longer than unchanged items (β = 0.03, z = 2.06, p = 0.08),
but significantly shorter for repairs compared to both
unchanged items (β = -0.023, z = -1.88, p = 0.08) and errors
(β = -0.05, z = -3.84, p < .001).

Participants
Sixty native speakers of American English (Mage = 21.4;
SDage = 2.0; 77% female) who had not participated in Exps 1
or 2 were recruited online through Prolific.

Materials and Methods

Figure 4. Accuracy (a) and RTs ± SE (b) in Exp 3.
E = Error, R = Repair, U = Unchanged

The comprehension task. The same materials and audio
recordings as Exps 1 and 2 were used in Exp 3.
The comprehension task. Like Exp 2, participants were told
that they were playing an online game with a live participant
who would deliver instructions to them on which pictures to
click on. But this time, the instructions were changed: instead
of encouraging participants to click on images as quickly as
they could, they were told that they should identify the
speaker’s real intention and click on the corresponding
picture. They were warned that speakers may make mistakes
and change their answers, and to wait for the final answer. To
emphasize accuracy over speed, the deadline was extended
by 1000 ms on all trials, including the baseline trials. Yoking
was done in a similar manner to Exp 2 and timing was
identical to that experiment.
The surprise recognition task. This task was identical to
Exps 1 and 2.

Results and Discussion
One participant was excluded due to not following the task
instructions. Trials excluded from Exp 1 were also excluded
from Exp 3. In addition, a trial was excluded from the
recognition task if the participant clicked on the error or

In summary, preventing action on the perceived errors
caused substantially poorer memory for errors in favor of
repairs. In fact, a post-hoc one-sample Wilcoxon test
demonstrated that the 47% (SE = 3%) accuracy for errors in
this experiment was not significantly different from chance
(p = 0.31), showing no reliable memory trace for errors at the
group level. It is important to point out that this pattern was
not a simple consequence of the longer deadlines in Exp 3.
Participants did take longer to click on the repair in Exp 3
compared to Exp 2 (5487, SE = 36 ms vs. 5131, SE = 29 ms),
but they also took longer to click on the unchanged items
(5149, SE = 40 ms vs. 3860, SE = 26 ms; all RTs calculated
from the beginning of a trial). Yet the longer RTs had
opposite effects on memory for repairs and unchanged items:
memory was better for repairs (66% ± 3% vs. 61% ± 2%) but
worse for unchanged items (59% ± 2% vs. 70% ± 2%) in Exp
3 vs. Exp 2, ruling out the extended deadline of Exp 3 as the
driving force behind the observed differences.

General Discussion
In three experiments, we evaluated whether speakers and
listeners had better memory for errors or repairs in
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communications. Our first finding was that when errors were
tied to actions (speaking the error for the speaker and clicking
on the corresponding picture for the listener) both speakers
and listeners had better memory for errors than for repairs.
These findings do not support the communicative goal
hypothesis, which predicts worse memory for errors as words
that do not contribute to the communicative goal. Instead,
they support an account that considers errors prominent
events for memory. The overall higher accuracy and the
presence of the effects in both accuracy and RT measures in
speakers compared to listeners is aligned with the
“production effect”, the finding that producing a word
substantially strengthens its memory trace (MacLeod &
Bodner, 2017). But interestingly, the pattern was
qualitatively similar in listeners, suggesting that producing
the erroneous word was not necessary for giving it an
advantage over the repair. The memory benefit cannot be
attributed to timing. Listeners actually had more time to
select and encode the repair than the error. It is also difficult
to account for the pattern by appealing to differential
interference. Both proactive and retroactive interference have
robust effects on free recall (Unsworth, Brewer, & Spillers,
2013) and recognition (Bowles & Glanzer, 1983).
Interestingly, neither speakers nor listeners showed a marked
decrease in recognition accuracy for errors compared to the
unchanged items, suggesting that the memory formed for the
item first acted upon was almost as robust and accurate as the
single-item baseline trials. This finding is aligned with
studies that suggest a persistent trace of error in the cognitive
systems of speakers and listeners (e.g., Corley, 2010;
Humphreys et al., 2010; Tydgat et al., 2012), and extends
their findings to explicit recognition of such items in later
memory probes.
The second main finding of this study was the reversal of
this pattern when listeners were prevented from acting upon
errors. From a theoretical perspective, this finding shows that
simply perceiving an error is not enough to produce a strong
memory trace. Rather, it is the action tied to an error that
generates the strong memory trace. Once warned against
acting upon errors, recognition rate for such errors was at
chance. This mimics “directed forgetting” (Basden &
Basden, 2013; MacLeod, 1998), the finding that participants
have poorer later memory for items that they were instructed
to forget. Critically, the current experiment did not include
any mention of memorizing or forgetting. Moreover,
participants closely monitored the utterance for errors and
repairs, and thus must have clearly perceived the errors when
they were spoken. Nevertheless, since they were not related
to the task goal, they left no reliable trace in memory at the
group level. This finding partially supports the
communicative goal hypothesis by demonstrating that
highlighting the communication goal, at least when directly
paired with goal-oriented action, can shift memory towards
repairs and nearly efface memory for errors.
Despite the different timelines, the first finding of the
study, namely the superior memory for errors than repairs,
fits in beautifully with the misinformation literature. The

neutral materials of the current study induce little social bias,
and yet first utterances are remembered more accurately even
after correction, suggesting that the persistence of false
beliefs might be, at least in part, due to the basic cognitive
processes underlying how utterances are remembered. Our
second finding suggests that the problem may be mitigated
by discouraging immediate actions related to the error and
encouraging vigilant monitoring for repairs, although this
may not be easy in practice.

Conclusion
Our results suggest a strong and persistent trace of speech
errors in memory, in the absence of any instructions to
memorize. This effect, however, can be substantially
modulated by the communicative goal, at least for the
listener. Collectively, these results suggest a hybrid model, in
which memory for conversations is not entirely driven by the
conversational goals but can be substantially altered by
highlighting such goals.

Limitations and future directions
In the current study, we defined “repairs” and “errors” as
utterances that did or did not express the final intention of the
speaker, respectively. This is reasonable for testing the
predictions of a communicative perspective. Also, the source
of error in the speaker’s cognitive system is always obscure
to the listener, thus from the listeners’ standpoint these appear
as true semantic errors. But for speakers, the current
manipulation represents a special occasion, in which the
external world forced a change, not only in the lexical item,
but also in the concept of the referent. This is not always—or
often—the case with speech errors. Conversely, speech errors
and repairs are often produced with the same correct concept
in mind (Nozari, Dell, & Schwartz, 2011). Moreover, errors
can arise at different levels of the production system. Some
may entail the choice of the wrong word, others, the choice
of the wrong phonemes (Dell, 1986), and the two are likely
to have different consequences for the memory for words. We
thus acknowledge that the current results for speakers
represent a special situation that may not be extrapolated to
other kinds of speech errors. But these results provide a solid
basis for comparison with future studies testing memory for
errors elicited in other ways.
One might also suggest that the results of Exps 1 and 2
actually demonstrate better memory for the first item than the
second item, as opposed to errors and repairs. This is a
possibility, but not detrimental to our claim. The reason is
that, by definition, errors always precede repairs. Therefore,
if memory is systematically poorer for the second item, it will
inevitably be the repair. Finally, Exp 1 was designed to elicit
full utterances as errors. But sometimes errors are interrupted
before being fully spoken (Nooteboom & Quené, 2017;
Nozari, Martin, & McCloskey, 2019), and this may have
different consequences for memory, e.g., by diminishing the
influence of the “production effect” (MacLeod & Bodner,
2017). Future research can shed light on these issues.
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“He only changed his answer because they shouted at him”: children use affective
cues to distinguish between genuine and forced consensus
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Abstract
Learning frequently forces us to rely on the good judgment and
epistemic vigilance of sources with no more firsthand knowledge
of a topic than ourselves, but who may have more second or thirdhand knowledge. Yet, being forced to rely on their judgment
doesn’t prevent us from evaluating their judgment: one might trust
information because it was passed on to you by someone whose
epistemic vigilance you trust, but reject it from someone whom
you believe lacks good judgment. We present two experiments
suggest that by integrating affective cues like anger and surprise
along with perceptual access and consensus, children infer what
others believe and what the correct answer to a question is. We
discuss implications for consensus-based social learning strategies.
Keywords: social learning; emotion; development; group
processes

Introduction
Across the hall, you can see a group of five policy makers
making a decision; though you can’t hear them, they’re
visible through a window. One has just disagreed with the
rest of the group, who are clearly angry with what the
dissenter says. The four shout the dissenter down, and he
concedes. Did this person change their mind, or simply give
in? By contrast, suppose the four had shown surprise at the
dissenter’s opinion, and the dissenter conceded after
discussing the matter with the group. Did this person
genuinely change their mind? While the use of intimidation
seems to make belief change suspect in the angry group,
there is less reason to doubt that the dissenter was genuinely
convinced in the surprised group. But would your doubt or
belief in the dissenter’s conversion change your own
judgment about which answer is more likely to be accurate?
While the angry group’s intimidation may be concerning,
there was a 4-to-1 consensus even without the dissenter’s
forced concession. You may decide that the affective signals
are not enough to cause you to trust the dissenter instead of
such a strong consensus, at least without more information.
Is the same true of children? Here, we ask how children
weigh affective cues against other criteria for evaluating
collective judgment, and compare their judgments to adult
weightings.
The ability to recognize and evaluate judgments from
multiple sources at once is a crucial skill for agents capable
of learning from others. One common social learning
strategy is majority rule: across cultures (Boehm, 1996; van
Leeuwen et al., 2018), age groups (Haun & Tomasello,
2011; Mannes, 2009), and species (Haun, van Leeuwen &
Edelson, 2013; Claidière & Whiten, 2012), learners are

more likely to trust majority opinion than minority opinion
in a variety of contexts — and stronger majorities elicit
greater conformity (Morgan, Laland, & Harris, 2015;
Morgan, Rendell, Ehn, Hoppitt & Laland, 2012). Trust in
majority rule may often be adaptive: majority rule
outperforms other decision rules in simulation studies
(Hastie & Kameda, 2005), and is provably more reliable
than alternative decision rules under certain conditions
(Condorcet, 1785, List & Goodin, 2001). One of these
conditions is that individuals’ judgments are statistically
independent of each other. When judgments are not
independent, majority rule is less robustly accurate because
it is then regulated by the accuracy of the most influential
individuals — and while an accurate influencer may
improve collective judgment, an inaccurate influencer will
distort it (Hahn, von Sydow, & Merdes, 2018; Becker,
Almaatouq, & Horvat, 2020).
One way to avoid the pernicious effects of social
influence on consensus accuracy is to discount the judgment
of anyone who does not have firsthand, independent
knowledge of the topic. For instance, even 4-year-olds will
discount a majority judgment if every individual member of
the majority is less informed than the dissenter (Einav,
2014; Kim & Spelke, 2020; Hu et al., 2015). However, older
children seem to selectively ignore the independence
criterion in other cases. For instance, only by age 6 do
children trust a single informant relaying the testimony of
three eyewitnesses over three informants relaying the
testimony of a single eyewitness (Aboody et al., 2021).
Similarly, when contrasting two informants who
conspicuously look at a third informant’s answer to a
general trivia question with three informants who
independently give an alternative answer, only by age 8-9
do children favor the independent consensus, with 6-yearolds at chance and 5-year-olds actually preferring the nonindependent consensus (Einav, 2018).
However, the protracted developmental trajectory of
discounting these “false” consensuses does not necessarily
indicate a flaw in humans’ capacity for social learning.
Indeed, a strategy that limits learners strictly to firsthand
judgments would be of little use in the real world. For
instance, a single scientific paper may require expertise
from an entire laboratory; and even a comparatively simple
task like reconstructing a perceptual event may require
testimony from multiple partially-informed eyewitnesses.
By accepting the conclusions of groups in which no single
individual can account for every aspect of their collective
work, we endorse — at least tacitly — the process by which
individual knowledge was aggregated into a single
collective judgment. Moreover, as a population’s reliance on
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Figure 1. Procedure slides from Anger trial in Experiments 1 and 2. The teacher asked the students to look in the boxes to
remember which contained an animals’ favorite food. In each trial, the dissenter changed his answer after the other 4
either shouted at (Anger) or talked with (Surprise) him. Participants were then asked what the dissenter really thought
(Belief), and asked which answer they thought was correct (Accuracy). In Exp. 1, all 5 students had been taught the
correct answer “last month”; in Exp. 2, the 4-person consensus (but not the dissenter) had seen the answer by chance
when they arrived early to class.
social learning increases, the most influential individuals
may be many degrees removed from firsthand knowledge.
Teachers, textbook authors, and journalists have
considerable influence over collective opinion not because
of their independent knowledge of the topic, but because of
their power to amplify information to a large audience. Yet,
while learners need to be selective in their choice of sources,
a teacher’s knowledge of calculus is not less reliable
because they learned it from a textbook instead of
independently deriving it from first principles. In other
words, while reliance on secondhand evaluations of socially
transmitted evidence is ubiquitous in the real world, it is not
necessarily a flaw in our use of consensus. Rather, it may
reflect learners’ assumptions about our informants’
reliability as epistemic “filters” of information: we expect
our informants to vet each others’ judgments rather than
accepting them at face value. However, recognizing when
these filters are likely to fail us may require challenging
theory-of-mind reasoning, and it will certainly require
learners to evaluate social influences in addition to simply
“counting votes”. Learning from consensus will require
learners to consider how robust their informants’ judgments
are to social pressures, and how receptive they are to
reliable information.
To the extent that other agents can be expected to
rationally update their beliefs, their belief changes may be

as informative as the degree of consensus itself. Indeed, in
multi-armed bandit games (i.e., players choose between slot
machines whose payoffs have different expected values) in
which the high-payoff option changes after a certain number
of rounds, adults copy the most rapidly “trending” decisions
of other players to discover the new location of the highpayoff option, independently of their tendency to copy
majority behaviors — consistent with buying patterns in
real-world stock markets (Toelch, Bruce, Meeus, & Reader,
2010; Barber, Odean, & Zhu, 2009). This is a challenging
theory of mind task: in addition to recognizing both
consensus and changing trends, learners may need to
consider whether the other agents’ decisions are rational,
given the evidence available to those agents. Yet, even 4to-7 year-old children predict that agents will update their
beliefs rationally. For instance, if an agent is shown new
evidence about the proportion of prizes in a box, children
expect the agent’s belief-updating to integrate their prior
beliefs, the new (asocial) evidence, and whether the person
taking prizes from the box to present as evidence was doing
so randomly or selectively (Magid, Yan, Siegel, Tenenbaum,
& Schulz, 2017). However, unlike these experiments in
which participants had access to the same asocial evidence
that the agents themselves had seen, real world judgments
often require us to infer whether or not to trust an
informants’ judgment even when we have neither the access
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nor the competence to evaluate the critical evidence
ourselves. Nevertheless, learners may still be able to
recognize when informants’ judgments are unlikely to
reflect a reliable evaluation of the evidence available to
them.
Recent work suggests that affective signals like anger and
surprise could help learners evaluate social influences on
consensus by suggesting whether changes in opinion are
genuine or forced (Richardson & Keil, 2021). An agent who
genuinely changes their belief not only changes the degree
of consensus, but may provide evidence in favor of their
new belief and against their prior belief; an agent who is
forced to conform changes the “consensus”, but their
conversion is uninformative. Thus, the initial consensus may
be more informative than the post-conversion consensus.
Adults reason in precisely this manner (Richardson & Keil,
2021). For instance, while participants trusted a 6-to-4
majority even after the 6 shouted at the 4 to become a 9-to-1
majority, they were no more confident in the final 9-to-1
consensus than they had been in the initial 6-to-4 consensus;
however, they did increase their confidence proportionally if
the consensus grew to 9-vs-1 after the 6 simply expressed
surprise at the 4 and talked with them. In general, when
consensus changed because one faction gained or lost
endorsers after expressing surprising at the opposing view,
participants’ own confidence shifted to reflect the final
degree of consensus, suggesting that participants inferred
that the converts had genuinely changed their belief during
the meeting, and took this belief change to be informative.
However, while participants’ confidence shifted to reflect
the final degree of consensus when the angry faction lost
endorsers, it tracked the initial consensus when the angry
faction gained endorsers by shouting at them, suggesting
that participants inferred that the converts had been forced
to conform but had not genuinely changed their beliefs.
Here, we use a simplified version of the same paradigm to
examine the components of this reasoning in development,
asking children to infer both what a convert “really”
believes, and which answer they themselves think is correct.
Past work suggests that preschoolers have a “benevolence
bias”: between the ages of 3 and 5, children trust a nice
informant over a mean informant even if the mean
informant is described as having greater expertise or past
accuracy (Johnston, Mills, & Landrum, 2015; Landrum,
Mills, & Johnston, 2013). Surprisingly, while these studies
suggest that children do become less likely to reject a mean
expert between the ages of 3 and 5, one study suggests that
benevolence may even override visual access as a cue to
perceptual knowledge; children as old as 5 believe a nice
informant who tells them the contents of a box without
looking inside more than a mean informant who did look
(Lane, Wellman, & Gelman, 2012). Importantly, it’s
unlikely that these children were simply avoiding negative
affect; other work suggests that if two informants give
conflicting names for unfamiliar objects, but two bystanders
smile and nod at one informant’s label and frown and shake
their heads at the other’s, children trust the informant whose
answer the bystanders approved of — treating the negative

affect and gesture as an evaluation of the informants’
accuracy, not as “meanness” (Fusaro & Harris, 2008).
Young children’s benevolence bias suggests an earlydeveloping mechanism for adults’ asymmetric evaluations
of angry and surprised consensuses in Richardson & Keil
(2021), as well as a qualitative shift in those evaluations
across development. Attributing a “benevolence bias” to
other agents could lead both children and adults to infer that
an informant who changes their answer after a group shouts
at them has not genuinely changed their belief. However,
the benevolence bias may lead children and adults to
different conclusions about the accuracy of the group
consensus. Children may reject even a strong majority if it
uses anger to force conformity; yet, while adults may lose
some confidence in an angry group, anger is less
epistemically significant for adults than cues like majority
consensus (Richardson & Keil, 2021). In contrast, if the
group expresses surprise at a dissenter, children and adults
alike may be more likely to infer that the agent’s belief
change was genuine and that the consensus judgment is
correct than if the group expresses anger.
We test these predictions in children ages 6-9 and adults.
Though the benevolence bias is strongest among 3-5 year
olds, children’s ability to weigh consensus against other
relevant cues and their ability to diagnose others’ conformist
tendencies emerges later (Einav, 2018; Aboody et al., 2021;
Cordonier, Nettles, & Rochat, 2018), and reasoning about
social influences on third-party beliefs may involved
advanced theory-of-mind capacities thought to emerge only
in middle childhood.

General Method
Participants were presented with a slideshow-story in
which a protagonist changes their answer about an animal’s
favorite food about the contents of different colored boxes
after talking with four other informants, who express either
Anger or Surprise (within-subjects, order counterbalanced)
at the protagonist’s original answer. After hearing the story,
participants made two forced-choice judgments: which
answer the protagonist thinks is correct (Belief), and which
answer the participant themselves think is correct
(Accuracy). Names, faces, answer colors, and animals were
changed for the Anger and Surprise trials.
Importantly, because the participants themselves could
not see the contents of the colored boxes, they had to rely on
other cues to evaluate the characters’ beliefs. The story itself
was written to enable minimal script changes across
experiments when altering the kind of evidence available to
the characters. In each experiment an initial 4-vs-1
consensus became a 5-vs-0 consensus when the protagonist
changed their answer after the other students [ shouted at /
talked with ] him. However, in Experiment 1, the
protagonist’s informational access was equal to their
classmates (they each looked into the boxes and tried to
remember what they had been taught the month before),
while in Experiment 2, access was unequal (the consensus
informants had seen the answer right before class, while the
protagonist had not seen the answer). Pre-registrations are
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available at the first author’s OSF repository (https://osf.io/
zsgfu/?view_only=b6b5a14e4940404389504db554f818b0).

Experiment 1: Equal Access (Memory)
In Experiment 1, all informants were on an equal footing
in terms of informational access: each person could consult
their own memory of what the zookeeper had taught them,
as well as other people’s memories after meeting together.
Participants. We recruited 40 adults through MTurk, as
well as 80 children on Zoom in two age groups (40 age 6-7,
M=6.96, SD=.53; 40 age 8-9, M=8.98, SD=.56; 54% girls).
An additional 4 children were excluded according to preregistered exclusion criteria (2 repeated parent interference,
2 experimenter error); these were replaced with new
participants.
Procedure. First, participants were introduced to a
zookeeper who kept the animals’ favorite food in different
colored boxes so that he knew which kind to give to each
animal. Next, participants were introduced to a protagonist
and their four classmates. They were told that last month,
the zookeeper had taught the students about how he kept the
animals’ favorite food in different colored boxes, and that
today, the teacher was testing the students to see what they
had learned. In the Anger trial, the teacher said “first look in
each of the boxes, and let’s see what you remember from last
month: which box has the sea lion’s favorite kind of fish?
Think for yourself, and then talk about it with the other
people at your table.” Following this, participants saw that 4
of the students all gave the same answer, but 1 student gave
a different answer. Next, participants were told that the
consensus group either shouted angrily at the dissenter or
were surprised and talked with him, after which he changed
his answer (see Fig. 1): “Jack’s classmates all said that the
fish in the green box was the sea lions’ favorite kind. But
Jack said the blue box had the sea lions’ favorite kind of
fish. But the other students were very [ angry / surprised ]
that Jack answered blue. And after the other people all
[ shouted at / talked with ] Jack, Jack changed his answer
to green too.” Finally, participants were asked which answer
the protagonist really believed, and which answer they
themselves thought was correct: “what if we ask Jack what
he really thinks the answer is? Does he really think the blue
box has the sea lions’ favorite fish, or does he really think
the green box does? Okay! And why do you say so? Okay!
And my other question is, what do you think the right
answer is? Do you think the sea lions’ favorite fish is really
in the blue box, or is it really in green box?”. Names, faces,
animals/answer colors and the description of the emotion
were changed for the Anger and Surprise trials, but the
script was otherwise identical. The order of the Surprise and
Anger trials and the color of the answers was
counterbalanced.
Results. We fit separate binomial logistic regressions for
the Belief questions and Accuracy questions with random
intercepts for each participant and Emotion and age in years
(centered on the mean of the child sample in order to use the
model’s intercept to compare the child sample to chance) as
fixed effects. This model suggested that while children

inferred that the protagonist had not genuinely changed his
belief after being shouted at (βInt = -2.67, SE = 0.38, z =
-7.068, p < .001), with no effect of age (βCt_AgeYears = -0.28,
SE = 0.41, z = 0.487, p =.487), they were also significantly
more likely to infer that he had genuinely changed his
answer when the group expressed surprise and talked with
him than when they shouted at him (βEmotionSurprise = 2.61, SE
= 0.42, z = 6.163, p < .001). However, there was also
significant Emotion*Ct_AgeYears interaction, produced by
an increasing willingness across development to believe that
the protagonist had genuinely changed his belief in the
Surprise trial (βEmotion*Ct_AgeYears = 0.88, SE = 0.45, z = 1.97, p
= .049). Following our preregistered analysis plan, we
computed 95% confidence interval for each AgeGroup and
Emotion to compare to chance. In the Anger trial, only 13%
of the younger children, 3% of the older children, and 5% of
adults (Younger: 5 of 40, 95CI: 4.2–26.8; Older: 1 of 40,
95CI: 0.0–13.2; Adults: 2 of 40, 95CI: 0.0–16.9) inferred
that the protagonist had genuinely changed his belief.
However, while in the Surprise trial 68% of adults inferred
the belief change was genuine (27 of 40, 95CI: 50.9–81.4),
only 33% of the younger children (13 of 40, 95CI: 18.6–
49.1) did so; older children were split, with 45% believing
the change was genuine (18 of 40, 95CI: 29.3–61.5).
Despite this general skepticism among younger children
that the protagonist had genuinely changed his belief for
either emotion, evidence for either a “benevolence bias” or
trust in consensus among children was weaker than
expected. Though the endorsements of the consensus
judgment as accurate increased across development
(βCt_AgeYears = 1.18, SE = 0.29, z = .63, p =.532), and
participants were overall more likely to endorse the
consensus on the Surprise trial than the Anger trial
(βEmotionSurprise = 1.21, SE = 0.42, z = 2.85, p = .004), only
Older children endorsed the protagonist more than the
consensus on Anger trials (12 of 40, 95CI: 16.6–46.5).
While adults did endorse the consensus on both Anger trials
(34 of 40, 95CI: 70.2–94.3) and Surprise trials (39 of 40,
95CI: 86.8–99.9), the youngest children did not reject
consensus on the Anger trial (16 of 40, 95CI: 24.9–56.7),
contrary to prediction. Meanwhile, neither Older nor
Younger children’s endorsements differed from chance for
the Surprise trial (Younger: 19 of 40 endorse consensus,
95CI: 31.5–63.9; Older: 23 of 40 endorse consensus, 95CI:
40.9–73.0).

Experiment 2: Unequal Access (Testimony)
In Experiment 2, we manipulated the informants’
informational access. Rather than telling participants that
the informants had all learned from the zookeeper the month
before and could try to remember what they had learned (as
in Experiment 1), the four-informant consensus was said to
have seen the answer before class (unbeknownst to the
teacher and protagonist, who had not seen the answer),
giving the informants unequal informational access.
Though trust in consensus is highly contingent even in
adults, children trust informants with direct perceptual
access over those without access from early in development.
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Figure 2. Means and 95% CIs for Anger & Surprise trials, binning to compare each age group to chance. Developmental
model treated age as a continuous variable.
Thus, in Experiment 2, we expected participants of all ages
to endorse the consensus judgment over the protagonist,
regardless of affective cues. However, evaluations of thirdparty beliefs may be more subject to affective cues. In our
procedure, participants learned from the experimenter him-/
herself (who they had no reason to mistrust) that the
consensus informants had seen the answer directly and that
the protagonist had not seen the answer. In contrast, the
protagonist of the story could only rely on the testimony of
their group. Thus, while the protagonist would have little
reason to trust a group that mistreated, they would have little
reason not to trust a group who did not mistreat them. We
predicted that even though participants would disregard
affective cues in their own Accuracy endorsements, they
would infer that the protagonist had not genuinely changed
their Belief in the Anger trial. In contrast, we expected
adults to infer that the belief change was genuine in the
Surprise trial, but given children's apparent suspicions in
Experiment 1 that the protagonist was “only” conforming,
we did not expect children to infer that the belief change
was genuine in the Surprise trial at rates greater than chance,
only greater than in the Anger trial.
Participants. We planned to recruit 40 adults through
MTurk, as well as 80 children on Zoom in two age groups.
However, because data collection was slowed by COVID,
our initial submission reports an analysis of only 69 of the
80 children in the child sample (35 ages 6-7 and 34 ages
8-9).
Procedure. The procedure was similar to Experiment 1,
with the following changes: first, the slideshow story was
expanded to show the protagonist’s classmates arriving to
the zoo early and peeking in through the window as the
zookeeper fed the animals: “so Jack’s classmates saw which
color box had the sea lions’ favorite fish, and which color
boxes had the other animals’ favorite fish.” Second, instead
of asking the students to remember what the zookeeper had
taught them last month, the teacher announced that before
the zookeeper explained what each animal’s favorite fish

was, she wanted them to look in the boxes and guess. Third,
when the characters gave their answers, participants were
reminded that the protagonist’s classmates had seen the
zookeeper feeding the animals from the boxes and the
protagonist themselves had not. Thus, in Experiment 2, the
protagonist.
Results. We fit separate binomial logistic regressions for
the Belief questions and Accuracy questions with random
intercepts for each participant and Emotion and age in years
(centered on the mean of the child sample) as fixed effects.
This model suggested that children inferred that the
protagonist had not genuinely changed his belief after being
shouted at (βInt = -1.73, SE = 0.44, z = -3.98, p < .001), with
no effect of age (βCt_AgeYears = -0.20, SE = 0.29, z = -0.69, p =
.491); however, they were significantly more likely (with
data from n=69 children out of the planned n=80) to infer
that he had genuinely changed his answer when the group
expressed surprise and talked with him than when they
shouted at him (βEmotionSurprise = 1.34, SE = 0.47, z = 2.87, p =
.004), with no interaction (βEmotion*Ct_AgeYears = -0.07, SE =
0.36, z = 0.29, p = .85). Following our preregistered analysis
plan, we computed 95% confidence intervals for each
AgeGroup and Emotion to compare to chance. In the Anger
trial, 23% of the younger children and 15% of the older
children inferred that the protagonist had genuinely changed
his belief (Younger: 8 of 35, 95CI: 10.4–40.1; Older: 5 of
34, 95CI: 5.0–31.1). However, 38% of Adults inferred that
the belief change was genuine (Adults: 15 of 40, 95CI:
22.7–54.2). In the Surprise trial, though 80% of adults
inferred the belief change was genuine (32 of 40, 95CI:
64.4–90.9), only 43% of the younger children (Younger: 15
of 35, 95CI: 26.3–60.6) and 41% of the older children
(Older: 14 of 34, 95CI: 24.6–59.3) believed the change was
genuine.
Despite this general skepticism among younger children
that the protagonist had genuinely changed his belief for
either emotion — and in contrast to Experiment 1 —
children overall were equally like to endorse the consensus
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answer regardless of affect (βInt = 1.65, SE = 0.55, z = 3.01,
p =.003, with no change across development or interaction
(all other factors not significant; with data from n=69
children out of the planned n=80). Following our
preregistered analysis plan, we also computed 95%
confidence intervals for each AgeGroup and Emotion to
compare to chance. As predicted, all ages endorsed the
consensus on both the Anger trial (Adults: 88%, 95CI: 73.2–
95.8; Older: 79%, 95CI: 62.1—91.3; Younger: 71% 95CI:
53.7—85.4) and Surprise trial (Adults: 93%, 95CI: 79.6–
98.4; Older: 85%, 95CI: 68.9—95.0; Younger: 80% 95CI:
63.1—91.6).

Discussion
Human societies are built on outsourced knowledge: from
the cutting edge of technological development and policy
decisions to educational curriculums and coordinating
carpool schedules, learners must rely on the good judgment
of groups of individuals who are themselves subject to
influences from first- and secondhand sources, the pressure
of consensus, and social motivations such as in-group status
and prestige. Because these influences can both clarify and
corrupt collective judgments, the process by which
individual judgments are aggregated into a collective
judgment may be as informative as the judgments
themselves.
The influence of affective cues on children’s own
endorsements as well as their inferences about the
protagonists’ beliefs suggest that children do reason about
how individual answers are aggregated into a collective
response. The difference in Accuracy endorsements between
Experiments 1 and 2 suggests that while both children and
adults will disregard negative affect if a consensus has
firsthand knowledge and a dissenter does not, children and
adults weigh affective and consensus cues differently if the
two sides both have firsthand knowledge: while adults give
more weight to consensus, children may give more weight
to affect. Still, both older children and adults were less
likely to endorse an angry consensus than a surprised
consensus in Experiment 1, consistent with past work.
The reasons for children’s uncertainty about whose
answer in Experiment 1 was more accurate are less clear.
Though we predicted that they would reject the angry
consensus in favor of the protagonist’s original answer, their
judgments were at chance on the anger trial as well as the
surprise trial. Given that in past work, children endorse a
single informant relaying the testimony of three
eyewitnesses over three informants relaying the testimony
of a single eyewitness by age 6 (Aboody, Yousif, Sheskin, &
Keil, 2021), it seems unlikely that the 6- and 7-year-olds in
our experiments failed to recognize the consensus.
Moreover, given their strong inferences about the
protagonist’s beliefs in both experiments and their
endorsement of the angry consensus in Experiment 2
(pending complete data), it seems unlikely that they simply
failed to understand the question more generally. Rather,
children’s general skepticism about the genuineness of the
protagonist’s belief change — with the youngest children

doubting the conversion even on the Surprise trial — seems
to suggest that younger children may have attempted to
evaluate the consensus from the protagonist’s point of view.
Indeed, children who inferred that the protagonist had
genuinely converted on the Surprise trial in Experiment 1
were more likely to also endorse the consensus answer
themselves, while those who inferred that the protagonist
had not genuinely converted on the Surprise trial were
equally likely to endorse either the consensus or the
protagonists’ original answer.
If children were relying on the protagonist’s judgment in
the Surprise trial in Experiment 1, then children should be
more likely to trust the consensus if the protagonist converts
after the consensus has the opportunity to demonstrate their
accuracy to the protagonist. For instance, if instead of
having to adjudicate conflicting memories, the students
were told the number of food items in the box and the
number of items each animal would eat, the potential for an
unambiguous demonstration of the correct answer might
lead children to infer that Max would only change his
answer if he was satisfied with the demonstration. Future
work will address this possibility. Indeed, Experiment 2 may
show some evidence of this kind of “vicarious persuasion”
in that adults and children appear to be more willing to
believe that the protagonist genuinely changed his mind
even after being shouted at: adults, for example, may have
inferred that the angry group could have simply told the
protagonist that they had seen the answer. Adults are more
willing to believe statements that a source claims to know
firsthand; inferring similar behavior from a third-party could
produce inferences similar to those observed for the Belief
measures in Experiment 2.
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Abstract
Many of the real world phenomena that cognizers must grapple with are continuous, not only in the values they can take,
but also in how these values change over time. The mind must
somehow abstract from these inputs to extract useful discrete
concepts such as objects, events and causal relationships. We
investigate several factors that affect basic inferences about
causal relationships between continuous variables based on observations in continuous time. In a novel experiment, we explore the ways in which causal judgments are sensitive to factors that relate to causal inductive biases (e.g. causal lags, the
direction of variation) and causal perception (e.g. the range
and rapidity of variation). We argue standard statistical timeseries models have limited utility in accounting for human sensitivity to these factors. We suggest further work is needed to
fully understand the cognitive processes that underlie causal
induction from time-series information.
Keywords: causal learning, continuous time, continuous variables, time-series data, dynamics.

Introduction
From the waxing and waning of daylight in our eyes, to the
ebb and flow of the neighborhood hubbub in our ears, analogue inputs, tied to real world causal dynamics, flow in
through our senses continuously. It remains unclear how people extract information from continuous inputs to make causal
inferences. We here investigate several factors that might influence this foundational aspect of causal model-based reasoning. In particular, we test the idea that reasoning about
causal relationships in dynamic systems depends on two interacting dimensions: (1) An ability to perceive and extract
causal signals from background noise, and (2) Intuitive causal
theories about the nature of causal relata and their functional
relationships.
Following Davis, Bramley, and Rehder (2020a), we adapt
the Ornstein-Uhlenbeck (OU) process (Uhlenbeck & Ornstein, 1930) and use it as a generative causal model that can
simulate a variety of naturalistic continuous dynamics. OU
networks combine a causal graph with functions expressing
the continuous influence of cause variables on effect variables
by way of an augmented OU processes—producing a form of
mean-regressive Brownian motion. Unlike standard causal
graphical models (Pearl, 2000), OU networks model causal
dynamics in continuous time, with effects continually noisily regressing toward a moving target defined as a function
of earlier values of their cause(s). Critically, this behavior
is governed by several parameters that, when manipulated,
change the properties of the resultant causal dynamics. For

example, we can manipulate the lag, i.e. how long influences from cause X take to arrive at Y , but also the strength or
“rigidity” of the influence—how rapidly Y approaches whatever basin of attraction is created by the earlier values of X
(see Figure 1). We use this as a test-bed to explore human
causal judgments.
Studies into causal cognition have long focused on “prepackaged” contingency information, such as covariation of
binary variables across independent trials (Cheng, 1997;
Griffiths & Tenenbaum, 2009). However, recently several
studies have investigated more naturalistic situations that
involve continuous variables and time-series data (Soo &
Rottman, 2018, 2020; Zhang & Rottman, 2021) produced
by continuous dynamic causal systems (Davis et al., 2020a;
Davis, Bramley, & Rehder, 2020b; Bramley, Gerstenberg,
Mayrhofer, & Lagnado, 2019). Some of these studies have
shown that people can leverage moment-by-moment transitions (i.e. changes in the values of variables between successive observations) to identify the presence and direction
of causal relationships (Soo & Rottman, 2018). It has also
been shown that people can often identify the causal structure
of dynamic systems that involves three continuous variables
(Davis et al., 2020a, 2020b) if they can freely intervene on
and control each variable in real time, although they make
systematic errors in identifying chain structures. Participants
in these tasks appeared to follow an intervention strategy of
creating occasional dramatic and rapid changes in variables
and monitoring the behavior of other variables shortly afterward. They were able to learn better when the variables
changed rapidly and affected one another rigidly rather than
slowly or gradually (Figure 1; Davis et al., 2020b).
This paper aims to extend this previous work by considering factors that are particularly interesting for continuoustime causal systems with continuous variables. These novel
empirical results can help inspire new computational models
to describe the underlying cognitive process, as we will discuss towards the end of the paper. We focus on four factors
as listed below.

Causal lag
In reasoning about causal relationships between events, people are clearly sensitive to temporal delays. They generally
make stronger causal attributions when a putative cause is
followed by a putative effect after a short delay than after a
long delay, if no specific mechanistic information is conveyed
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not reflect human expectations. We will investigate whether
laypeople are similarly indifferent, or if their causal judgments decay with lag as they do with discrete cases.
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Figure 1: Examples of an effect variable (colored) following
a change to its cause (gray) under different causal lags (t=2
vs. t=8) and degrees of rigidity. Dashed lines indicate the
asymptotic values of the effect before and after the change in
the value of the cause.

(Buehner & McGregor, 2006; Shanks, Pearson, & Dickinson, 1989; Lagnado & Speekenbrink, 2010). This could be
explained from a cognitive perspective by the idea that, the
longer delay between two events, the harder it is for learners
to sustain memory of the first in working memory or potential
association with the second (Buehner & May, 2003). From
a normative perspective also, the longer the delay, the more
likely it is that alternative candidate events have taken place
during the interval that may then compete to explain the effect (Lagnado & Speekenbrink, 2010). It is unclear whether
people also hold similar intuitions about “lags” when judging
influences between continuous variables. For example, would
people be more likely to make a causal attribution when the
effect Y ’s value at t is influenced by cause X’s value at t − 1
seconds compared to when it follows X at t − 10 seconds.
Previous studies generally fix the causal lag (usually as t − 1)
and have not compared different intervals (Soo & Rottman,
2018; Davis et al., 2020b). Davis et al. (2020b) manipulated
a related but distinct quantity: varying the refresh rate of their
causal systems between 100ms to 300ms in different conditions but scaling the causal dynamics to be otherwise identical
(with causal influences still lagging exactly one refresh).
Granger causality (Granger, 1969) is an established statistical technique designed to identify potential causality in
time-series data, with a mechanism to accommodate causal
lag. To assess if one variable “Granger causes” another, one
searches across a range of fixed lags deemed to be mechanistically plausible, e.g. Xt−1 . . . Xt−m , and tests whether inclusion of any of these terms statistically improve prediction
of Yt over and above its own lagged autocorrelation (modeled by including Yt−1 . . .Yt−m as a covariate). If a statistical relation is found for one or more of these lags, the
causal influence is deemed to be supported. As such, Granger
causality does not inherently privilege longer or shorter lags.
This lag-indifference may be appropriate for minimizing bias
when modeling domains that are poorly understood but may

For a given change in a cause, a rigid causal relationship
would lead to the effect asymptoting to its new value sooner
than a non-rigid relationship (see Figure 1). Davis et al.
(2020b) found that people are more likely to infer a causal
link between two variables if the effect responds rigidly to
the cause’s change, essentially overwhelming the variables’
random motion more dramatically or saliently. However, they
tested this in an active learning setting where participants’ actions complicated interpretation of accuracy patterns. In particular, in the non-rigid condition, participants faced a tradeoff between either not waiting long enough between their actions to observe full influence of genuine causal effects, or
else waiting a long time for outcomes to manifest, so performing fewer interventions. We thus test rigidity in a passive
learning setting to make sure that observed rigid vs. non-rigid
stimuli only differ in their detailed temporal dynamics and not
the final magnitude of the change (Figure 2).

Direction of change
Continuous variables can increase or decrease over time. Previous research provides people with time-series data where
variables both increase and decrease within the same episode
(Soo & Rottman, 2018; Davis et al., 2020a). In this study,
we are simply curious whether people are equally sensitive to
increases and decreases and to matched or inverted changes
of cause relative to effect. People are frequently found to
have a preference for positive over equally informative negative evidence (Newman, Wolff, & Hearst, 1980) and to have
a prior expectation of positive linear relationships (Sanborn,
Griffiths, & Shiffrin, 2010). People tend to test positive examples of a hypothesis (Coenen, Rehder, & Gureckis, 2015),
and focus more on the positive aspects of their observations
(e.g. the “A-cell bias”, Kao & Wasserman, 1993). As an intuitive example, direct associations are far more often described
as if ascending: “Y increases as X increases” than as if descending “Y decreases as X decreases”. We will test whether
people are influenced by the direction of change by including
all four combinations of X’s increase or decrease over time
with Y ’s increase or decrease over time.

Perceived magnitude of change
In situations where people experience real-time continuous
dynamics, we have to also consider the role of low-level information processing, i.e. perception. That is, in order to
discover relationships between variables, learners must first
perceive that the variables have changed meaningfully—e.g.
surprisingly, relative to their baseline behavior of nonsystematic fluctuations or drift.
Sensitivity to continuous change is a domain in which it
seems likely that people will deviate dramatically from naive
idealized observer accounts, which are typically presumed to
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Table 1: Parameter Settings of OU Processes.
Condition Level
Lag
short: k = 2 vs. long: k = 8
Rigidity
rigid: ω = 0.8 vs. non-rigid: ω = 0.2
Slope
positive: β = 1 vs. negative: β = −1
RangeY
boundary vs. middle, controlled by α

have perfect numerical precision and computing resources.
For example, it would likely be easier for us to notice a
change in the quantity of green algae in a fish tank when it
accumulates from 0% (a perfectly clean tank) to 10% than accumulating from a higher baseline (e.g. 50%-60%). It would
also be easier to detect the change from 90% and 100% (as
the observer can focus on the change in the remaining clean
space). This is known as a boundary effect in numerical estimation and relates to proximity of both lower and upper
bounds (Kim & Opfer, 2017; Thompson & Opfer, 2008).
Therefore, we plan to compare four ranges of Y ’s change that
differ in how close they are to the limits of the range of the
variables in question (Figure 2c). We hypothesize that people
are more likely to detect causal relationships correctly when
the effect in question starts or ends nearer to its boundary
(Figure 2c).

OU process
As sketched at the start, we adapt OU processes to generate
the stimuli in our experiment (Davis et al., 2020a; Uhlenbeck
& Ornstein, 1930). A standard OU process models meanregressive Brownian motion of the sort one might recognize
in a coke can bouncing around the seat well of a car in motion. By combining a causal graph (here just X → Y ) with
OU-processes, and replacing the fixed mean of these with a
function of cause X, we can model how an effect Y changes
and fluctuates in continuous time while being causally influenced by its parent X. OU processes provide a mathematically straightforward formula for producing rich continuous
dynamics. Compared to using simple regressions (Zhang &
Rottman, 2021), the OU process can easily capture the “stickiness” feature where Y is “dragged” to the expected value
gradually with noise.
t
P(∆vty |vt , ω, k, β, α, σ) = ω[(β · vt−k
x + α) − vy ] + N(0, σ) (1)

Eq.1 formalizes the extended OU process we use such that
∆vty —the change in Y from t to t + 1—noisily depends on the
difference between the target Y value and current Y value vty .
We further assume the target Y value is determined by a linear
function of its cause X at time t − k, where k captures the time
lag, and the slope β and the intercept α potentially rescale
and offset Y relative to X. ω then controls how “rigidly” the
change in the effect occurs — for example, ω = 0.8 would
mean that Y moves 80%±σ of the way toward its target value
every time interval while ω = 0.2 means moves only 20%±σ
of the way and so adjusts to a change in its target value more

gradually. Critically, the variables additionally fluctuate according to random noise here drawn from Gaussian distribution with a mean of zero and a standard deviation of σ.
We fixed σ = 1 and varied all other parameters systematically to create our set of experimental conditions. As shown
in Table 1, we consider different levels of Lag (k), Rigidity
(ω), Slope (β) and RangeY (i.e. the intercept, α). Additionally, we vary the behavior of the cause X (DirectionX ) such
that it either increases or decreases abruptly shortly after the
beginning of each trial (Figure 2b). X’s behavior is also controlled by an OU process but since it has no parent we introduce it as being manually controlled (i.e. through external
intervention) and have it approach a basin point µ that either
increases or decreases abruptly a few seconds into the trial
with ω = 0.6 and σ = 1 (see Figure 2b). DirectionY (whether
Y ultimately increases or decreases) is thus jointly determined
by DirectionX and the sign of Slope β. Critically, under our
current parametric set, differences in Lag and Rigidity do not
affect the final value that Y arrives at by the end of a trial
(Figure 2c).

Experiment
Methods
Participants 100 participants (47 female, 52 male, 1 nonbinary, aged 42±12) were recruited via Prolific Academic
and were paid £1.20. The task took around 10 minutes.
The anonymized pre-registration (https://osf.io/dqyez), data
and analysis code (https://osf.io/ybp5m/), and the experiment
demo (https://bit.ly/3tDr4uz) are available online.
Design & Procedure Each stimulus contained 32 frames
visualizing X and Y ’s values from t = 1 to 32. In each case,
cause X starts initially following an OU process that reverts to
basin point µ1 , and switches to a new basin point µ2 at t = 7
(Figure 2). The effect Y responds according to Eq.1. Each
frame lasts 750ms.
For the cover story, participants were asked to imagine
playing the role of a “forestry manager” who needs to identify
the causal relationship between different pairs of Plant A and
Plant B following observations in which Plant A’s quantity
is manipulated artificially (i.e. by the forestry commission).
The quantity of each kind of plant varies across the trial. Each
pair of Plant A and B had unique colors to ensure participants
understand that plants from different trials are not related.
Plant A is displayed in a rectangular “forest” in which the
leaves accumulate from the bottom to the top (Figure 2a). We
did this to make this quantity perceptually similar to the vertical sliders used in past research (Soo & Rottman, 2018; Davis
et al., 2020a; Zhang & Rottman, 2021) where the quantity and
range can be perceived by simply considering the height and
boundaries. Plant B (the potential effect) is displayed in a circular birds-eye view of a “forest” in which the leaves appear
in random positions (Figure 2a). The quantity needs to be determined by estimating the number of leaves (or the area they
cover). We used slightly different presentations for Plant A
and B to to aid separability (Soo & Rottman, 2018). Leaves
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Figure 2: The cover story and experimental stimuli. a) Visualization of task interface. b) The actual runs of how X behaved in
the experiment. c) How Y behaved in different conditions. Stimuli (Individual lines) were generated individually for each trial.
are never stacked or overlapping in the presentation meaning
that the circular boundary also implied an upper bound on the
range of variation for Plant B.
Participants answered “What is the relationship between
Plant A and B” by choosing one of the three radio buttons
labeled: “Positive (regular)”, “Negative (inverse)”, and “No
relationship”. The order of presentation of the radio buttons
was randomized between participants. Each stimulus could
be viewed only once and lasted a total of 24 seconds.
Each participant went through 16 trials, facing 16 stimuli
representing all combinations of Lag, Rigidity, RangeY , and
DirectionY . The DirectionX and hence Slope was randomly
selected for each trial. Each trial involved a unique sequence
generated by the OU process (Figure 2b and c). The order of
trials was randomized independently for each participant.
Before starting the task, participants were instructed that a
positive (regular) relationship is one in which an increase in
the quantity of Plant A causes an increase in the quantity of
Plant B, or equally that a decrease in the quantity of Plant A
causes a decrease in the quantity of Plant B. A negative (inverse) relationship was described as one such that an increase
in the quantity of Plant A causes a decrease in the quantity
of Plant B, or equally that a decrease in the quantity of Plant
A causes an increase in the quantity of Plant B. We added
“(regular)” and “(inverse)” after the word positive or negative
in order to emphasize that the question is about the relationship itself not about the input or the the outcome of the causal
influence in the scenario (cf. Davis et al., 2020a). It was also

emphasized in the instructions that figuring out the relationship would require the learner to observe both Plant A and B
and that it would be impossible to work out the relationship
by focusing on just one kind of plant. Participants had to pass
comprehension check questions before starting the task.

Results
Since all stimuli in fact display a causal relationship, we code
answers aligned with the underlying OU processes (β = 1 for
positive and β = −1 for negative) as correct (1), and others
including judgments of no connection, as incorrect (0). This
accuracy serves as the primary index in this paper.
To examine the manipulated factors, we fit mixed-effects
logistic regression models using lmerTest in R, with Subject as a random effect.1 Under simple regressions with one
predictor each, lower Lag (z = 4.45, p < .001), higher Rigidity (z = 3.36, p < .001), increasing DirectionX (z = 3.37,
p < .001), increasing DirectionY (z = 3.87, p < .001) and
higher (closer to the boundaries) RangeY (z = 5.59, p < .001)
all relate to higher accuracy (Figure 3), while there was no
evidence that Slope (positive or negative) made any difference to accuracy (z = 1.01, p = .31). This suggests there
was no general difference between identifying positive and
negative relationships (Figure 3). Since Slope could be seen
as an interaction effect of DirectionX and DirectionY , we
later only focus on the five factors (Lag, Rigidity, DirectionX ,
1 Concretely, we included random intercepts and slopes for each
subject (Brauer & Curtin, 2018; Barr, 2013).
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Figure 3: Accuracy separated by levels of different factors.
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Figure 4: The interaction effect between DirectionX ,
DirectionY , and RangeY
Quantity changes We first focus on the two- and three-way
interactions of three of the factors—DirectionX * DirectionY *
RangeY —that determined the start and end points of X and Y
(Figure 4). There was an interaction between DirectionY and
RangeY (z = 2.19, p = .03), such that the boundary effects
were stronger between Y ’s decreasing from around 24 to 8
vs. from 48 to 32, than between increasing from 48 to 64 vs.
from 24 to 40 (Figure 2). Interestingly, there was an interaction between DirectionX and RangeY such that the boundary
effect was stronger when the cause increased than decreased
(z = 4.85, p < .001). This might indicate that participants’
processing of X and Y happened sequentially rather than in
parallel, where the deficit of reasoning through X would influence the reasoning of Y . There was also a three-way interaction (z = 3.52, p < .001) such that the boundary effect was
largest when X increased and when Y decreased from 24 to 8
vs. from 48 to 32 (Figure 4).
Detailed dynamics We now investigate factors that influenced the trajectory of how Y arrived at its final value:
Lag×Rigidity. There was no interaction between Lag and
Rigidity (z = 1.19, p = .23). As for whether Lag or Rigidity interact with DirectionX , DirectionY , or RangeY , we found
no two- or three-way interactions.
2 All main effects remained significant when we tested interactions so we do not report them again here.

Choice frequency We finally checked the frequency of
three choices (positive, negative, no relationship) under different conditions. Since the relationship cannot be determined by any single factor apart from Slope, we normatively
would not expect any other single factor to predict the frequency of positive vs. negative choice. As shown in Figure 5,
the relative frequency of positive vs. negative did not vary
much depending on Lag (multinomial regression: z = 1.44,
p = .15) or Rigidity (z = 0.35, p = .73). The only difference
is that people chose “no relationship” more often when the
causal lag was long or when Y ’s change was non-rigid. However, the frequency of positive vs. negative did vary depending on DirectionX and DirectionY . Participants were more
inclined to choose positive (regular) relationships when X increased, and choose negative (inverse) relationships when X
decreased (z = 5.45, p < .001). Similarly, they chose more
positive (regular) relationships when Y increased, and more
negative (inverse) relationships when Y decreased (z = 3.11,
p = .002). This shows that judgments were influenced by
the change direction of each variable taken separately in spite
of instruction to focus on the relationship between two variables. Finally, the difference between positive vs. negative
was larger in the boundary than the central range condition
(z = 3.78, p < .001). This is aligned with the finding that
participants performed best with the stimuli in which Y decreased to the lower bound as X increased.

Discussion
Everyday experience is one of endless small changes that occur from moment to moment. Making useful causal discoveries under these continuous dynamics may involve complex
and hierarchical cognitive processes that cognitive science
is just beginning to explain. In this paper we described a
study that systematically investigates how several elemental
aspects of continuous dynamics combine in shaping real-time
dynamic causal inferences.
As has been found with discrete variables (Buehner & McGregor, 2006; Shanks et al., 1989; Lagnado & Speekenbrink,
2010), people more reliably identified a relationship when
its causal lag was short than long. This is already a departure from standard statistical models such as Granger causality that do not inherently favor any particular lag (Granger,
1969). Since the trajectory of Y ’s change was identical for
short and long lags except for the onset time, it is unlikely
that Y ’s changes under the long lag were harder to perceive.
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Figure 5: Choice frequency separated by levels of different factors
This could be more indicative of a memory constraint or prior
expectation that causal lags will be short, making causal attributions less certain under longer lag times. It is also possible that people concluded there was no relationship toward
the end of the observation and so paid little attention to what
happened afterward.
Accuracy was higher when the effect changed rigidly. This
replicated the finding on Davis et al. (2020b) but in a cleaner
passive learning setting where we controlled the total amount
of change. One possibility is that people have an independent representation of rigidity and follow their causal intuitions by expecting effects to respond rigidly, especially when
the cause changed rigidly, as in the current study. Another
possibility is that rigidity works interdependently with other
factors to influence how perceptually salient the change is.
Future work could look closer at both explanations. Although
people were asked to judge the relationship between two variables, their judgments were influenced by the direction of
change of a single variable, with a general increase in accuracy when both were positive. Again, purely statistical models seldom differentiate between increases and decreases of a
single variable in time. Participants were more accurate when
they observed that the cause increased or the effect increased,
in alignment with heightened sensitivity to positive evidence
in general (Kao & Wasserman, 1993; Newman et al., 1980).
We also see hints of use of a heuristic of using the increase or
decrease of one variable as a stand-in for the direction of the
relationship. It could be that people may have prototypes for
how positive or negative relationships typically look in timeseries data. This finding is of practical relevance to issues of
creating effective data visualizations to communicate causal
relationships (Soo & Rottman, 2020). One may want to transform variables so as to visualize them in ways that make use
of inductive biases rather than require overriding them.
Participants’ judgments were also influenced by the perceivability of change. We found they performed better when
Y ’s change was easier to detect, i.e. closer to the lower or upper bound of the range. This is consistent with the idea that
numerical quantities are often represented logarithmically in
cognition (Kim & Opfer, 2017; Thompson & Opfer, 2008).
This reminds us that it is important to consider potential for
non-linearity in how values with different formats are perceived and represented in the human mind when studying
causal learning in continuous settings.
Our results highlight several ways that general-purpose sta-

tistical models like linear regression may fail to account for
basic phenomena in human cognition (Yarkoni, 2022). This
is connected to research outside the narrow field of causality that studies how people interact with realistically complex systems (Adolph & Hoch, 2019; Smith & Thelen, 2003),
and the dynamic, nonlinear generative models they may form
when reasoning in these environments (see Clark, 2013, for
review). In future work, we plan to develop quantitative accounts of effects obtained from the current experiment and
also experiments with varied formats and cover stories. This
includes incorporating priors, exploring a wider range of time
dynamics and contrasting models that represent causality either continuously or discretely. It is possible that people still
use continuous representations (i.e. as something like an OU
process in the head) but make different functional or parameterization assumptions that lead them to deviate from directly
reverse engineering the generative model behind these stimuli. It is also possible that people abstract away to higherlevel and more discrete representations, such as marking substantial changes as events linked by parametric causal delays
(Davis et al., 2020b; Bramley, Gerstenberg, Mayrhofer, &
Lagnado, 2018; Gong & Bramley, 2020). For example, someone might simplify complex dynamics by abstracting events
such as (X increased dramatically at t = 1) triggering another
(Y increased/decreased around t = 5). This would unlock reasoning at the level of events providing a different set of computational opportunities and constraints (Davis et al., 2020b;
Gong & Bramley, 2020). In doing this, we hope these empirical findings can speak to the large topic of how bounded
human learners (Simon, 1982), succeed in identifying useful
causal representations of a continuous dynamic world.
In sum, we systematically tested factors that seemed likely
to influence judgments about the nature of a single causal
relationship. We found that, indeed, judgment patterns reflected plausible inductive biases—preferences for shorter
lags, and positive changes—but also more perceptual factors,
such as sensitivity to range of change relative to each variable’s bounds, and the rigidity with which an effect adjusts to
changes in its cause. The insensitivity of standard time-series
models to these factors suggests they may have limited utility in accounting for human causal induction. We argue that
careful work to reverse engineer how human inductive biases
and perceptual constraints combine in shaping causal representation is necessary for understanding the cognitive process
of causal induction in a continuous world.
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Abstract
Understanding how people generalize and extrapolate from
limited amounts of data remains an outstanding challenge. We
study this question in the domain of scalar function learning,
and propose a simple model based on the Principle of Maximum Entropy (Jaynes, 1957). Through computational modeling, we demonstrate that the theory makes two specific predictions about peoples’ extrapolation judgments, that we validate
through experiments. Moreover, we show that existing Gaussian Process models of function learning cannot account for
these effects.
Keywords: Learning; Pattern recognition; Computational
Modeling

Introduction
One of the most impressive aspects of human intelligence is
the ability to detect and extrapolate a variety of abstract patterns that commonly occur in the world. Here, for tractability, we focus on patterns that can be expressed using onedimensional functions, the class of which is still sufficiently
rich to encompass many real-world tasks, such as deciding
whether to invest in a certain stock, or predicting how hard to
hit a golf ball so that it will travel a certain distance. Work
on function learning (McDaniel & Busemeyer, 2005; Delosh,
Busemeyer, & McDaniel, 1997; Bott & Heit, 2004) has catalogued the form of several inductive biases that people employ in this setting, including a preference for positive linear
forms (Kwantes & Neal, 2006) or compositional construction from a small number of simple forms (“atoms;” Schulz,
Tenenbaum, Duvenaud, Speekenbrink, & Gershman, 2017).
It is an outstanding open question whether this collection of
biases is sufficient to fully characterize peoples’ extrapolation
judgements of scalar functions.
Most current models of function extrapolation cast it as
a Bayesian inference problem (Lucas, Grrifiths, Williams,
& Kalish, 2015; Schulz et al., 2017; Wilson, Dann, Lucas,
& Xing, 2015), the solution to which can be expressed using the mathematical formalism of Gaussian Processes (GPs)
(Rasmussen & Williams, 2006). In contrast, we propose a
novel, basic inductive bias in the context of function extrapolation, the form of which is based on the Principle of Maximum Entropy (“MaxEnt;” Jaynes, 1957). Put simply, we
posit that peoples’ extrapolations arise as samples from the
“maximally indeterminate” distribution that is consistent with
certain observed structural features of the function. This proposal is supported by the key role that the MaxEnt principle
has played in other contexts within cognitive science. For

example, an early such application was the work of Myung
(Myung, 1994; Myung & Shepard, 1996), showing that certain classical categorization models could be seen as special cases of the MaxEnt principle. The principle has also
been used to derive the functional form of psychoeconomic
weighting functions (Bhui & Gershman, 2018), and to provide a normative account of many perceptual capacity limitations (Frankland, Webb, & Cohen, 2021).
Here, we leverage a classic theorem of Burg (1967) to show
that MaxEnt functional extrapolation takes a relatively simple and psychologically plausible form. To test this hypothesis, we derive two specific behavioral predictions from it,
that we term roughness calibration and typicality preference.
In a pair of experiments, we test whether people show these
effects when making extrapolation judgements, and contrast
these with predictions of GP-based models in our experimental setting. We find that the data are consistent with predictions of the MaxEnt model and not existing GP-based models. In light of these results, we discuss how the MaxEnt
model and GP model may potentially complement each other
in a Resource Rational analysis of function learning (Lieder
& Griffiths, 2020).

Maximum Entropy extrapolation
In typical function extrapolation experiments (McDaniel &
Busemeyer, 2005; Delosh et al., 1997; Schulz et al., 2017),
the experimenter chooses some function f : R → R, and the
participant is shown the values of f in a bounded region of
the domain. The participant is then tasked with inferring
the values of the function at points that lie outside of the region. For simplicity, we make the additional assumption that
the points are equally spaced along the x axis; this permits
rescaling the domain, if necessary, so that the points lie on
the positive integers. Thus, the participant is shown the values f (1), f (2), . . . , f (N), and then is tasked with inferring the
values f (N + 1), . . . , f (N + M).
This may be naturally cast as a problem of probabalistic
inference, in which the target of the inference is the distribution of future values of f , conditional on the observed ones.
In general, MaxEnt posits that the preferred solution to such
an inference problem takes the form that requires the least
amount of additional information to satisfy the constraints
imposed by the data, among all those that are consistent with
those constraints (Jaynes, 1957); this can be thought of as
making the smallest representational commitment needed to
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accommodate the data, so that new information can be accommodated with a minimum of disruption to existing representations. More formally, the inference may be cast as a
constrained maximization problem, with the entropy of the
distribution being the objective, and the observed values of
certain statistics (e.g. means or covariances) being the constraints. For the case in which the data correspond to values
of a scalar function, Burg’s theorem implies that the solution
to the optimization takes a remarkably simple form, as shown
below:
Theorem 1 (Burg, 1967) Let (Ŷ1 , . . . , Ŷk ) be an observation
of a time series1 , and let let α j = ∑i ŶiŶi+ j ,1≤ j ≤ L be the
empirical lagged covariances, for some fixed L. The maximal
entropy distribution of (Y1 , . . . ,Yk ), subject to the constraints
∑i YiYi+ j = α j is given by
L

Yi =

∑ w jYi− j + εi

j=1

for some choice of coefficients wi . Here εi are iid Gaussian
variables with mean 0 and variance σ2 .
(For a proof, see Cover & Thomas, 1991, Section 12.6.)
Burg’s Theorem thus suggests a natural way to estimate the
values of f on points outside the domain of definition, in
both generative and evaluative paradigms. In the generative
case, the value at N + 1 is estimated by applying the autoregressive weights to the last L observations, fˆ(N + 1) :=
∑Lj=1 w j f (N − j +1) (optionally with normal additive random
noise). We may then append this value to the vector of observed values and repeat the process iteratively, obtaining estimates of fˆ(N + k) for arbitrarily large k. In the evaluative
case (e.g., multiple choice), the participant must judge the
quality of a proposed completion ( fˆ(N + 1), . . . fˆ(N + M)) of
f . This may be done in a in a manner that uses the same
machinery as the generative case; we describe this process in
greater detail further below.

Gaussian Process models of function learning
The MaxEnt model differs from approaches to modeling
function learning that use Gaussian Processes (Schulz et al.,
2017; Lucas et al., 2015; Wilson et al., 2015). In this section,
we briefly outline the key assumptions of the GP framework.
Formally, a Gaussian process (GP) defines a probability distribution on the space of all possible one-dimensional
functions f : R → R (Rasmussen & Williams, 2006). This
assumes that, for any finite set of observations of values of
the function (x1 , f (x1 )), . . . , (xn , f (xn )), that elements of the
vector ( f (x1 ), . . . , f (xn )) are distributed according to a zeromean multivariate Gaussian, with the covariance structure
satisfying K(x1 , x2 ) = Cov( f (x1 ), f (x2 )), where K is a referred to as a kernel function.
1 Note that a time series is merely a notational variant of the ordered vector of values ( f (1), f (2), . . . , f (N)) of a function as formulated above.

Following the previous convention, we assume that the xi
values are always given on the set of positive integers, xi = i.
In this case, a GP with kernel function K is equivalent to a
mean-zero multivariate normal distribution with covariance
CiKj = K(i, j). Thus, given the first N values of the function f (1), . . . , f (N), and a kernel function K, the posterior
over later values ( f (N + 1), . . . , f (N + M)) is given by conditionalizing the distribution N(0,CK ) on the values of the
first N components. The posterior is also Gaussian, the mean
and variance of which can be explicitly expressed in terms of
CK and the vector ( f (1), . . . , f (N)) (Lucas et al., 2015; Rasmussen & Williams, 2006).
In the context of function learning, kernel functions are
used to encode an agent’s prior beliefs about likely kinds of
functions. Given such priors, the problem of inferring the
values of a function at a new set of points can be recast as a
form of rational probabilistic inference (Lucas et al., 2015).
In order to complete the specification of such a model, it
is necessary to posit a specific kernel or collection thereof.
A common choice is the Radial Basis Function (RBF) ker2
rb f
nel, defined by the formula Kσ (x, y) = e−(x−y) /σ (Lucas et
al., 2015; Schulz et al., 2017). Samples from this distribution do not generally satisfy any global parametric form, but
rather obey a form of local statistical regularity: the curves
are smooth, but tend to “meander” randomly due to the lack
of long-range correlations. This kernel has thus been used
as a model for a basic smoothness prior. Other kinds of kernels, that encode more specific forms of structure, such as
linearity or periodicity, are also possible (Schulz et al., 2017).
A final type of kernel, which is common in machine learning applications but less common in studies of human function learning, is the Matern kernel (Rasmussen & Williams,
2006). This kernel is a generalization of the RBF, which can
generate curves that are locally “rough”. The kernel contains
an additional hyperparameter ν that controls this degree of
roughness (see Figure 1). We use this kernel to generate stimuli for Experiment 1. This kernel has been previously used in
human function learning experiments by Schulz, Tenenbaum,
Reshef, Speekenbrink, and Gershman (2015). In our experiments, all stimuli were generated by sampling from Gaussian
kernels, either RBF or Matern.

Modeling of multiple choice extrapolations
Following (Schulz et al., 2017), the experiments we report below used a multiple-choice (evaluative) extrapolation paradigm. In this paradigm, participants are shown a
static graphical representation of a prompt curve y prompt =
( f (1), . . . , f (N)) as well as of several candidate completions,
and tasked with selecting the most plausible completion. We
denote the ith candidate completion by yi , which is represented as a vector of potential values of f at the unseen points
N + 1, . . . , N + M. In all experiments, we take N = M = 100.

GP model
Following previous accounts of GP inference (Schulz et al.,
2017; Duvenaud, Lloyd, Grosse, Tenenbaum, & Ghahramani,
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2013), we assume that the GP agent makes a multiple choice
decision using the following two-step process:
1. Given y prompt , estimate the kernel most likely to have
generated it: K̂ = argmaxK PK (y prompt )
2. Evaluate the posterior likelihood of each completion
PK̂ (yi |y prompt ), using the kernel inferred in step 1.
Here, PK denotes the probability distribution defined by the
kernel K. We then assume that the choice probabilities are
determined by the conditional likelihood of each candidate.
Thus, given prompt y prompt and candidate completions yi , we
assume that the GP agent selects choice i with probability
γ
pGP
i ∝ PK̂ (yi |y prompt )

where γ > 0 is an inverse temperature parameter. We treat
γ as a participant-specific hyperparameter, and fit it to each
participant using maximum likelihood. Finally, for simplicity
and conceptual clarity, we will assume that the inference in
step 1 is perfectly accurate. That is, if y prompt was generated
from some kernel K, then the GP agent can exactly recover
K after seeing y prompt . Thus the GP agent acts as an Ideal
Observer.

MaxEnt model
For this model, rather than relying on specific prior distributions, the choice probabilities are based on the simple iterative
extrapolation process implied by Burg’s theorem. When presented with a prompt and set of candidate completions, we
assume that the MaxEnt agent first fits the parameters w, σ
of an autoregressive linear model on y prompt . The agent then
uses these parameters to evaluate the plausibility of a given
completion. The form of the MaxEnt solution gives a natural way to make such judgments. Let {ri j } j denote the set
of residuals (i.e., prediction errors) along the candidate completion yi with respect to the fitted regression model. That is,
ri j = yi [ j] − ∑Lk=1 wk yi [ j − k] (where yi [ j] denotes the jth entry
of the vector yi ). Burg’s theorem implies that if the completion was generated by the same process as the prompt, then
the residuals are independent samples from N(0, σ). Conversely, systematic departure of the distribution of residuals from N(0, σ) indicates that the completion is unlikely to
have been generated by the same process as generated the
prompt. Accordingly, a simple way to assess the fit is to compute the
p empirical mean µ̂i = E j ri j and standard deviation
σ̂i = E j (ri j − µ̂i )2 of the residuals, and compare them to
the expected values 0 and σ. The further these values deviate
from 0 and σ, respectively, the less likely it is that the completion yi was generated from the same process as y prompt . Based
on this, we assume that the MaxEnt agent makes its decision
using the following three-step process:
1. Compute the regression parameters w, σ on the prompt
curve
2. For each candidate completion yi , compute the regression residuals {ri j } j along yi , as well as the mean µ̂i and standard deviation σ̂i of these residuals.

3. Select the choice i with probability
pMaxEnt
∝ KL(N(µ̂i , σ̂i )||N(0, σ))−γ
i
where KL denotes the Kullback-Liebler divergence 2 between the two Gaussian distributions, and γ > 0 is an inverse temperature parameter . The exponent is negative
because high values of KL correspond to poor fits, and
thus to low choice probabilities. This model thus contains
two participant-specific hyperparameters: γ and the window
length L. We fit these two parameters independently for each
participant using maximum likelihood. Accordingly, we report model comparison results via BIC in which the MaxEnt
model is considered to have two parameters, and the GP to
have one. 3

Experiment 1: Roughness calibration
The previous function learning literature has focused primarily on smooth curves (McDaniel & Busemeyer, 2005; Delosh
et al., 1997), or ones with piecewise discontinuities (Wilson
et al., 2015). Here we test the hypothesis that people also have
consistent preference patterns for rough curves, and that the
pattern of responses to both smooth and rough curves can be
explained by the MaxEnt model. More specifically, it predicts
that people will be sensitive to the degree of local roughness
along a curve, and will tend to prefer completions that are
calibrated (i.e., matched) to the prompt in this regard.
We used the Matern kernel to generate multiple choice extrapolation problems, in which the roughness of the prompt
curve, as well as the roughness of the individual completions, were independently varied. More specifically, to generate a prompt curve, we first sampled ν0 ∈ {.25, 1, 4}, and
then sampled from the corresponding Matern kernel y prompt ∼
Kνmatern
. We then generated three candidate choice curves
0
yi , defined as samples from the three posterior distributions
yi ∼ PKνmatern (·|y prompt ), where ν1 = .25, ν2 = 1 and ν3 = 4.
i
An example is shown in Figure 1. We generated a total of
15 stimuli for each prompt roughness level, for a total of 45
stimuli. Participants were instructed to choose the completion they judged to be the best completion of the prompt. The
order of prompt curves was randomized for each participant,
and the order in which the three candidate completions were
displayed was randomized within each trial.
52 participants were recruited from Prolific
(www.prolific.co).
After exclusion of participants
who failed attention check trials, N = 43 participants remained (15 female, mean age=27.0 ± 10.3). Participants
were paid $1.59 for their participation. On average, the
experiment took 4.5 minutes to complete.
2 Using KL divergence is not essential, and other metrics could
also be used without changing the model’s qualitative behavior.
3 Strictly speaking, this is an accommodation that disadvantages
the MaxEnt. Since one of the parameters of the MaxEnt model is
discrete, the parameter space of this model is geometrically a finite
set of disjoint one-dimensional intervals. Thus, arguably, the MaxEnt model should be considered as having only one free parameter, since finitely many small intervals can be concatenated into one
large interval.
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Figure 1: Example stimulus in Experiment 1. The prompt
curve (blue) was in this case sampled from a Matern kernel
with ν = 1. The plot labels indicate the ν corresponding to
each respective completion. In this case, the MaxEnt model
would prefer the middle completion (assuming a small L),
while the GP would prefer the right one.

GP

true
1

MaxEnt, L=5 MaxEnt, L=40

Figure 3: Model response patterns. For simplicity, in all models γ = ∞ (corresponding to a deterministic argmax decision
rule). In MaxEnt models, L is window length (see text).

Model results

On average, participants selected the completion that was
matched to the prompt in terms of roughness in 79 percent of
trials, suggesting a strong preference for roughness-calibrated
completions. This preference was strongest when the prompt
curves were maximally smooth (i.e. ν0 = 4).

oversmoothing
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Figure 2: Empirical confusion matrices. The left matrix is
the average response over all participants, while the other two
are averages only over participants classified as calibrated or
oversmoothing, respectively (see text for explanation)
We next examined individual differences in response patterns by performing K-means clustering on the confusion matrix of each participant. The best fit (according to a silhouette
score (Rousseeuw, 1987)) was obtained for K = 2, with the
two groups corresponding to qualitatively different response
patterns. The first group, that we refer to as calibrated participants, chose the completion with the noise level matched to
the prompt on nearly all trials. This group comprised 34/43
subjects. In contrast, the second group, that we refer to as
oversmoothing participants, consistently chose completions
that were smoother than the prompt (or matched it, in the case
of maximally smooth prompts). This group comprised the remaining 9/43 participants. In Figure 2 we show the empirical
confusion matrices averaged across all participants and for
each of the two groups individually.

Before presenting formal model fits, we first consider the
qualitative behavior of the models. In Figure 3 we plot the
confusion matrices for the MaxEnt model for both large and
small L values; the figure also shows the confusion matrix for
the GP model, which has no free parameters after fixing the
value of γ. The results show that the MaxEnt model can exhibit both calibrated response patterns (for low values of L) as
well as oversmoothing response patterns (for higher values of
L), thus offering a potential account of individual variability.
In contrast, the GP model is constrained to consistently oversmooth relative to the prompt (i.e. chooses curves with larger
values of ν), and thus can account only for the less common
of the two observed behavioral patterns.
Figure 4 shows the fits of the MaxEnt model in greater
detail. As expected, calibrated participants exhibit smaller
L values, whereas oversmoothing participants exhibit larger
values. Thus the L parameter can account for this difference
in response patterns.
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Behavioral results
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Figure 4: Fitted window length parameters, and calibration
probabilities (i.e. average diagonal entry of the confusion
matrix) for each participant. Large L values correspond to
low calibration probabilities, with the majority of participants
having high calibration. The colors indicate the cluster assignment of each participant.
These observations are supported by formal model fits.
When fitted to each individual participant,the MaxEnt model
attains a log-likelihood (llh) value of −0.502 ± 0.259 (mean
± std), whereas the GP model attains a fit of −0.729 ± 0.147.
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Experiment 2: Typicality preference
Previous work on function learning has focused on curves
generated from an RBF kernel (e.g., Lucas et al., 2015;
Schulz et al., 2017). The MaxEnt model predicts that, in this
more restricted case, completions that look “representatitve”
of the posterior distribution will be seen as more plausible
completions than will the mode of that distribution. This contrasts with the GP model which predicts the opposite, since
the mode has (by definition) a higher posterior likelihood
value than any other possible completion.
To generate stimuli, we sampled prompt curves from an
RBF, and generated two choices for each curve: the first was
the posterior mode (with respect to the underlying RBF kernel), and the second was an unbiased sample from the posterior distribution. We refer to these as “modal” and “typical” completions, respectively. 64 participants were recruited
from Prolific using the same criteria and payments as Experiment 1. After excluions, N=52 participants remained (24
female, mean age=32.3 ± 10.6). On average the experiment
took 5.2 minutes to complete .

Behavioral results
Overall, the typical completion was chosen on 74.9 percent
of all trials. 43/53 participants chose typical completions on
the majority of trials they performed; and for 47/50 stimuli,
the typical completion was chosen by the majority of participants. Furthermore, as in Experiment 1, there was consider-

Figure 5: Example stimulus from Experiment 2. A typical
completion is on the left, and the modal completion is on the
right. Note the regression to the mean in the latter.
able individual variability in response patterns, with the proportion of trials for which the typical completion was selected
ranging from .38 to 1.0 across participants.

Model results
1.0

prob. of choosing typical

A random guessing model attains log 1/3 = −1.099. Additionally, the MaxEnt model provides a better MLE fit to 41
of 43 participants than the GP model, and attains a lower BIC
value on 35 of 43 participants.
These results may seem surprising: Why couldn’t the GP
model “pick out the right” completion, given that it has access to the ground truth generative distribution of each prompt
curve? This is because, regardless of the value of ν, the posterior mean closely approximates a horizontal line, with the
likelihood of a given completion being inversely related to
the deviations from this mean. Since, in general, smooth candidate curves will tend to deviate less from a line than will
rough candidate curves, it is likely that a given smooth curve
may have a higher posterior probability than a given rough
curve, despite the fact that the set of all rough curves may
have far higher posterior probability than the set of all smooth
curves.
The MaxEnt also exhibits a tendency to oversmooth, but
only for larger values of L, and for a different reason. When
L is very large, the autoregressive model will overfit to the
prompt curve, and the estimated σ value will be too small, relative to the intrinsic volatilty along the curve. Since the decisions are made by comparing the residual variance along each
candidate to the fitted residual variance σ along the prompt,
this model will thus have a bias towards smoother completions when L is large. Psychologically, a large L may correspond to an increased reliance on the “global character” of the
function at the expense of local features such as roughness.
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Figure 6: Individual response patterns in Experiment 2. Fitted
L value of each participant tracks the proportion of trials on
which participants chose the typical completion.
The MaxEnt model exhibits a strong bias for selecting the
typical completions, similar to what is observed in the empirical data. In contrast, the GP model provides a poor qualitative
fit. This is because it cannot assign > 50 percent probability
to the typical completion for any stimulus, regardless of the
value of the inverse temperature parameter γ. Thus, the GP
agent assigns a higher choice probability to the modal completion on all trials. This contrasts with the empirical observation that the typical completion was preferred for the vast
majority (94 percent) of stimuli.
In formal model fits, the MaxEnt model attains a llh
of −0.450 ± .222 on an average participant, compared to
−.692 ± .006 for the GP model which is not appreciably different than a random guessing model (log 1/2 = −.693). The
MaxEnt model also provides a higher MLE for every participant individually, and exhibits a lower BIC for 41 out of
52 participants. Finally, Figure 6 also shows that the fitted L
value for each participant closely tracks the participant’s preference for typical completions, with smaller L values corresponding to greater preference for typical completions.

Related work
Classic studies of function learning (McDaniel & Busemeyer,
2005; Delosh et al., 1997; Bott & Heit, 2004) have focused
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on peoples’ ability to learn curves generated by simple parametric families, such as linear, quadratic or sinusoidal. Little
and Shiffrin (2016) considered a more complex set of functions by using polynomials of varying degrees, and found that
peoples’ preferred completions were biased towards lower dimensional polynomials. In (Lucas et al., 2015), it was shown
that many phenomena could be explained using the Gaussian
Process framework. This work relied on a prespecified set of
kernel functions, raising the general question of what class of
kernels should be considered. Wilson et al. (2015) explored
the question of discovering an appropriate kernel function using unsupersived methods. Schulz et al. (2017) argued that
the class of kernels is constrained by a principle of compositionality, in which more complex kernels are constructed
through combinations of simpler atomic ones.
Although, to our knowledge, no previous studies have
specifically tested the MaxEnt model (or a version thereof),
several recent studies have generated data relevant to its assumptions, and the design of the experiments used here. For
example, Gelpi, Saxena, Lifchits, Buchsbaum, and Lucas
(2021) used an active function learning paradigm, in which
only parts of the entire function were shown, and participants had to choose locations at which to query the value
of the function. They found that people tended to prefer an
even spacing of such points along the x-axis, consistent with
our assumption of evenly-spaced observations. Furthermore,
León-Villagrá, Preda, and Lucas (2018) incorporated explicit
memory constraints into the GP modeling framework. Their
strategy for this was very similar to the autoregressive form
of the MaxEnt model implemented here, in that they considered only the rightmost previously encountered k points at
any given location along the x axis. The autoregressive model
also bears a notable similarity to the nearest-neighbor heuristics used in the context of graph structured spaces by Wu,
Schulz, and Gershman (2021). Additionally, in a machine
learning context, Segert and Cohen (2021) showed how to use
the MaxEnt principle for unsupervised learning of “intuitive
functions” (that is, smooth functions with simple underlying
statistical structure, similar to those considered in our experiments). But, they considered only synthetic data and did not
model peoples’ extrapolation judgements directly.

Discussion
We have presented a model of function extrapolation that is
based on the Principle of Maximum Entropy. The model is
based on a general inductive bias that is not specific to function learning, and provides a simple algorithmic process (viz.,
linear autoregression) by which extrapolation judgments are
made. We derived two behavioral predictions from the model:
roughness calibration and typicality preference, and showed
that both of these effects are robustly present in human judgments. Furthermore, we showed that the L hyperparameter in the MaxEnt model (that determines the autoregressive
window length) can explain participant-level variation in response patterns, with larger values of L corresponding to a

preference for smoother completions.
The MaxEnt model contrasts with existing models of function learning, based on Bayesian inference in the space of
curves with a Gaussian Process prior. The latter has proven to
be a useful and conceptually clarifying framework, providing
one possible normative benchmark against which to evaluate
performance. However, its use has focused on computationallevel accounts of the problem. Furthermore, the resulting posterior computation, despite having a closed-form mathematical solution, is computationally intensive, generally requiring the inversion of a large matrix (Rasmussen & Williams,
2006). It is unclear how people might perform this computation, or what approximation they might use; though it is
possible that identifying such an approximation might also
account for the experimental results we report here.
The MaxEnt approach is also grounded in a potentially normative account of function learning, in which the MaxEnt
principle can be thought of as a form of regularization that
protects against overfitting the data (and thereby maximizing the potential for generalization and/or future flexibility in
learning). Thus, in line with recent work on Resource Rationality (Lieder & Griffiths, 2020; Dasgupta, Schulz, Tenenbaum, & Gershman, 2020), the MaxEnt model may complement the GP perspective by providing a simple and psychologicaly plausible algorithm for performing inference over
the space of functions.
It is possible that a GP model could account for the experimental data, by using some kernel besides the veridical one
(a “human kernel”). But since the true kernel already oversmooths, such a model could only account for calibrated response patterns if the putative kernel placed most of its probability mass on rougher curves-and would thus be very different from previously proposed “human kernel” candidates
(Schulz et al., 2017; Wilson et al., 2015).
At the same time, the MaxEnt model has several limitations, that suggest directions for future work. First, it is primarily a model of extrapolation, and it is not immediately
clear how it can be applied to interpolation tasks. Second,
our implementation assumed observation points to be equally
spaced, which is not always borne out in real functions. Finally, one desirable property of GP models, which we have
not utilized here, is their ability to quantify uncertainty in a
natural way-it remains to be further explored how to best accomplish this within the MaxEnt framework.
In summary, the MaxEnt perspective on function learning,
in addition to its success in fitting empirical data, provides
several theoretical advantages: leveraging Burg’s theorem, it
provides a solution to inference problems using a tractable
algorithm that is simple and parsimonious, relying only on a
domain-general inductive bias. The algorithm provides the
basis for a mechanistic, process-level understanding of human function learning, while the generic nature of the inductive bias suggests that the insights obtained in this domain
may apply more broadly to other domains requiring generalization and/or extrapolation.
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León-Villagrá, P., Preda, I., & Lucas, C. (2018). Data availability and function extrapolation. In Proceedings of the
cognitive science society.
Lieder, F., & Griffiths, T. (2020). Resource-rational analysis: Understanding human cognition as the optimal use
of limited computational resources. Behavioral and Brain
Sciences, 43.
Little, D., & Shiffrin, R. (2016). Simplicity bias in the estimation of causal functions. In Cogsci (p. 1157-1162).

Lucas, C., Grrifiths, T., Williams, M., & Kalish, M. (2015). A
rational model of function learning. Psychonomic Bulletin
and Review, 22, 1193-1215.
McDaniel, M., & Busemeyer, J. (2005). The conceptual basis
of function learning and extrapolation: Comparison of rulebased and associative-based models. Psych Bull Rev., 12,
24-42.
Myung, J. (1994). Maximum entropy interpretation of decision bound and context models of categorization. Journal
of Mathematical Psychology, 38, 335-365.
Myung, J., & Shepard, R. (1996). Maximum entropy inference and stimulus generalization. Journal of Mathematical
Psychology, 40, 342-347.
Rasmussen, C., & Williams, C. (2006). Gaussian processes
for machine learning. MIT Press.
Rousseeuw, P. (1987). Silhouettes: a graphical aid to the
interpretation and validation of cluster analysis. Computational and Applied Mathematics, 20, 53–65.
Schulz, E., Tenenbaum, J., Reshef, D., Speekenbrink, M., &
Gershman, S. (2015). Assessing the perceived predictability of functions. In Cogsci.
Schulz, E., Tenenbaum, J. B., Duvenaud, D., Speekenbrink,
M., & Gershman, S. J. (2017). Compositional inductive
biases in function learning. Cognitive Psychology, 99, 4479.
Segert, S., & Cohen, J. (2021). A self-supervised framework
for function learning and extrapolation. arXiv:2106.07369.
Wilson, A., Dann, C., Lucas, C., & Xing, E. (2015). The human kernel. In Advances in neural information processing
systems (p. 2864-62).
Wu, C. M., Schulz, E., & Gershman, S. J. (2021). Inference and search on graph structured spaces. Computational
Brain Behavior, 4(2), 125-147.

1468

Inferring truth from lies
Lauren A. Oey (loey@ucsd.edu) and Edward Vul (evul@ucsd.edu)
Department of Psychology, University of California, San Diego
9500 Gilman Dr., La Jolla, CA 92093 USA

Abstract
How much information can people gain from being lied to?
We propose that people can infer the truth from false messages
if two preconditions are met: (1) bigger lies are more costly,
and (2) speakers have known, directional deception goals. We
tested this with a marble-flipping task in which a judge tried
to accurately estimate the number of sampled marbles, while
a sender attempted to make the judge over- or underestimate.
The sender could produce larger lies about the number of marbles drawn by physically clicking marbles along a lower or
higher cost function. We found that judges took into consideration both the senders’ goals and costs to correct for bias
introduced by senders’ lies. Our paradigm allows us to show
that a large amount of the variation can be explained by people
correcting others’ lies based on the lies that they themselves
would produce.
Keywords: deception; lie detection; truth; Theory of Mind;
individual differences

Introduction
Transmitting and receiving information is a crucial goal of
cooperative communication. However, people are sometimes non-cooperative communicators and endeavor to transmit false information by lying. For example, we have all experienced the tardy friend who “will be there in 5 minutes”
– in this case, prior experience with the discrepancy between
reality and our friend’s estimate allows us to appropriately
calibrate expectations. In other cases, however, we might not
have any prior experience, but might still be faced with reports from a deceptive speaker. In such cases, can we still
glean something about the truth from the lie that we heard?
At first glance, people may not gain much information. If
the liar is just a random-number generator, or always produces the same utterance, then we learn nothing from what
they have said. Furthermore, prior research suggests that people are faulty lie detectors (Bond & DePaulo, 2006), falling
prey to uninformative cues about the speaker’s nonverbal behavior (Vrij, Hartwig, & Granhag, 2019) or to misguided
feelings of familiarity in memory (Brashier & Marsh, 2020).
Cynically, we would conclude that people not only may,
but should, resist updating their beliefs to messages as they
cannot tease apart lies from truths, or they may believe the
lie, resulting in a misbelief, which is generally maladaptive
(McKay & Dennett, 2009).
Suppose, we show up at the meet up and learn that our
friend does not arrive at the exact stated time. A recipient
that knows a message is (logically) false learns only that our

friend did not arrive in exactly 5 minutes. But this leaves
open all other possibilities about what could be true about the
world. Maybe our friend will arrive at the 6-minute mark.
Or alternatively, perhaps people can gain much more information out of a lie, by inferring the truth. For example, we
may recognize that “5 minutes” should be encoded as actually
arriving in 30.
In this paper, we are concerned with how people use false
statements to learn new information. In contrast, we are not
concerned with how they compare statements to known facts
stored in memory (e.g. Begg, Anas, & Farinacci, 1992; Fazio,
Brashier, Payne, & Marsh, 2015) or how they determine if
a statement is plausibly true or false (e.g. Oey, Schachner,
& Vul, 2019). Additionally, we examine adversarial false
messages that are intended to actively misinform, rather than
cooperative pragmatic utterances, like hyperbole (Kao, Wu,
Bergen, & Goodman, 2014) and polite speech (Yoon, Tessler,
Goodman, & Frank, 2020), that can be literally false but are
designed to be informative to the listener (Grice, 1975; Goodman & Frank, 2016). How might people spontaneously and
accurately infer the truth from a lie? One way to think about
how people might accomplish this is to consider the necessary
preconditions.
First, we assume that lies are motivated by some goal held
by the speaker. The speaker wants to induce the listener into
believing something about the world that is literally false but
is favorable to the speaker. For example, tardy friends may
want people to believe they are more punctual than they are
in reality. Therefore, tardy friends should lie by deflating
their supposed arrival time. If the listener is suspicious of
the speaker’s goal, then estimates of the truth ought to be adjusted from the lie in the opposite direction of the speaker’s
goal. As a result, recipients should correct for the production bias by inferring that the tardy friend’s true arrival time
is inflated relative to what they reported.
Second, lies must depend on the truth. This might arise
in a number of different ways. For instance, a number of
cognitive models have proposed a direct relationship between
speakers initially thinking about the truth and secondarily manipulating the truth to produce a lie (e.g. Walczyk, Harris,
Duck, & Mulay, 2014; Debey, De Houwer, & Verschuere,
2014). On these process models, lies that are further from the
truth require more cognitive effort to construct. A more general formulation is that speakers face “costs” when producing
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lies. These costs might be due to increasing risk of detection (Oey et al., 2019), or loss of plausible deniability about
their intent (Pinker, Nowak, & Lee, 2008), and moral values
(Mazar, Amir, & Ariely, 2008). All these factors prevent liars
from making statements completely divorced from reality. In
essence, this coalesces as a cost function wherein larger lies
are more costly.
Previous research has attempted to manipulate speakers’
costs to lie by pushing around external factors, e.g. the presence of a third-party observer (Gneezy, Kajackaite, & Sobel,
2018; Abeler, Nosenzo, & Raymond, 2019). However, naı̈ve
listeners might not have pre-packaged expectations about
how these factors scale to prevent speakers from producing
larger lies. Therefore, in this study, we introduce a novel
proxy for costs in the more intuitive physical domain, e.g.
manually clicking buttons on a display. Using physical costs,
we can quantitatively and in a controlled manner manipulate
what costs listeners think the speaker faces. Prior studies have
stuck to uniform physical costs that make it equally costly to
produce a small or large lie, such as in typing lies into a text
box or making a forced-choice decision (e.g. Oey et al., 2019;
Gneezy, 2005). Therefore, these prior paradigms could not
use physical costs for measuring how people interpret larger
lies.
The current study aims to empirically test if people can infer the truth from lies, when we experimentally manipulate
their knowledge about the speaker’s goal and physical cost
function. Participants played in a dyadic game, in which a
sender draws red and blue marbles from a jar and sends a (manipulated) representation of their marbles to a judge by clicking marbles on the interface. Seeing the manipulated representation, the judge guesses how many red marbles were truly
drawn. To test our proposed preconditions, we varied across
participants whether the sender’s goal was to make the judge
Overestimate or Underestimate, and whether the sender faced
a lower (Linear) cost or a higher (Quadratic) cost to produce larger lies. We then evaluated how judges’ truth inferences were affected by their beliefs about the sender’s goals
and costs. Overall, our study informs our understanding of
how people may extract information from suspected lies. If
people can infer the truth from the speaker’s goals and costs,
that supports a broader class of theories postulating that Theory of Mind – a capacity to reason about others as rational
agents responding to their own beliefs and desires – plays a
critical role in people’s lying and lie detecting abilities.

Experiment
Marble-Flipping Game
Participants played in a dyadic game against a computer.
They were not explicitly told if their opponent was a computer or a human. Players alternated between roles as the
sender and the judge. In the game, the sender drew 100 marbles1 (appearing as a jittered grid) from a virtual jar of red and
blue marbles (Figure 1). The number of red and blue marbles
the sender originally drew represented the truth. The sender

Figure 1: Game design. (a) The sender sampled marbles, and
could manipulate what they showed their opponent about how
many red marbles they drew by clicking marbles in the display to flip their color. The sender is told in text how many
of each color marble they originally drew (e.g. “You drew
48 red...”) and how many they would currently report based
on their clicks (e.g. “You will tell your opponent you got 51
red...”), and a progress bar shows how many more clicks are
needed to switch the next marble. (b) The judge tried to estimate how many marbles the sender truly drew from what
the sender reported. In this example, the sender wants the
judge to Overestimate, and producing larger lies follows a
Quadratic cost function (requires additional click for each
additional flip). Here, the truth was 48 red marbles, but the
reported lie was 51. The judge inferred the truth to be 50.
then sends the judge a snapshot of how many marbles of each
color they supposedly sampled. Senders had the goal to make
the judge Overestimate or Underestimate; judges wanted to
accurately guess what was the truth. Critically, senders could
misrepresent what happened by laboriously clicking on marbles in the visual display to switch their color, before sending the report to the judge. The exact position of the marbles are randomized before the report is given to the judge, to
reduce concerns about position (non)randomness as a signal
to deception. The judge, seeing the display and a numerical
count of red marbles, estimates the sender’s original number
of drawn red marbles. Participants typed their response in a
text box with a valid number between 0 and 100.
1 Participants were explicitly instructed before the task that the jar
was composed of 50% red and 50% blue marbles. Not explicitly told
to participants was that marbles were sampled from a beta-binomial
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The sender’s marble-clicking served as the manual cost
to generate more extreme lies. Participants played in one
of the two cost conditions. In the Linear condition, participants clicked each marble once to switch its color – in
other words, switching n marbles requires n total clicks. In
the Quadratic condition, participants clicked an additional
time for each marble color switch, so switching the first marble required one click, the second required two clicks, the
third required three clicks, etc. – switching n marbles requires 1 + 2 + 3 + ... + n total clicks. For example, switching
four marbles would require 1 + 2 + 3 + 4 clicks, or ten total
clicks. Thus, participants in the Quadratic condition needed
to exert more effort to produce more extreme lies. Participants were instructed before the task about the cost to switch
marbles (e.g. Quadratic: “The more marbles you switch
color, the more clicks you’ll need to switch each marble.”) In
Quadratic sender trials, a circular progress bar tracked the
number of clicks already completed and the number of additional clicks to switch a given marble color. In the Linear
condition, the circular progress bar was not present.
The computer’s average lying and inference behavior was
held constant across cost function conditions. The computer
sender lied by taking the truth and adding in the direction of
their goal some sampled amount, taken from a Poisson distribution with a mean of 5. The computer receiver sampled from
the same distribution but subtracted from the participant’s
message. Holding the computer sender’s behavior constant
across cost conditions ensured that any potential variation in
participants’ truth inference was caused by their beliefs about
the sender’s cost function and not by the computer sender’s
actual behavior.
The players’ goal was to win against the other player by
the largest possible point differential. Judges lost points corresponding to the absolute error of their estimate, so in Figure
1, a guess of 50 when the truth was 48 resulted in −2 points.
Meanwhile, senders gained points for the judge’s error in the
direction of the sender’s goal, so a sender who wanted the
judge to overestimate got +2 points. If the judge guessed
in the opposite direction (e.g. underestimated instead), the
sender got 0 points, but the judge still got −2 points for their
absolute error.
Participants played for two practice trials: first as the
sender, then as the judge. Then, participants played for 100
test trials, switching between sender and judge roles every
trial (which role was played first during the test trials is randomized). Throughout the task, participants also answered
12 attention check questions related to the trial (two in the
practice trials, and ten randomly distributed in the test trials).
To prevent participants from relying on learned information
about their opponent’s behavior, participants did not get direct feedback about their opponent’s decision or the trial’s
distribution X ∼ BetaBinomial(100, 3, 3) (95% of samples fall between 14 and 86), which allows for more variable samples relative
to a standard binomial distribution (95% fall between 40 and 60). In
doing so, we expected that participants would rely more on their beliefs about cost functions, rather than base-rates, to judge the truth.

outcome. To motivate participants, they received feedback
about the players’ cumulative points every five trials.

Participants
Participants were recruited from the undergraduate population at University of California, San Diego to participate in
an online game for course credit. Data was collected from
164 participants. Of these, 27 participants were excluded for
failing to answer at least 75% of the attention check questions within a ±5 error, five participants produced multiple
responses that were out-of-bounds, and one participant had
corrupted data. Additionally for participants who produce a
single out-of-bounds trial, we excluded individual trials but
retained the participant in our data. The remaining 131 subjects were included in our final data set. Participants were
about equally distributed among the 2 × 2 between-subject
conditions2 .

Validating preconditions in lying behavior
We confirmed the presence of our proposed preconditions in
our task by examining the sender’s behavior. We validated
that the condition manipulations worked and senders chose
lies that were driven by their assigned goals and were systematically constrained by the assigned cost function.

Senders lie consistently with their goals
We expected that senders bias their lies (∆report−truth ) in the
same direction as their goal to either cause the judge to
over- or underestimate. Using linear models with randomeffects for subject and item (the true draw), we found that
(as expected) senders whose goal was to overestimate on average inflated their reports relative to the truth (βˆ = 6.14,
t(117) = 4.65, p < 0.0001), and those whose goal was to underestimate deflated their reports (βˆ = −4.85, t(89) = −4.14,
p < 0.0001). In Figure 2 (top half of panels in white), we see
that when the goal was overestimation (left panels), the majority of senders’ messages deviate in the positive direction
from the truth. Meanwhile, senders with the underestimation goal (right panels) generally reported numbers that were
smaller than the truth (negative deviations).

Senders lie constrained by their costs
Next, we validated that the cost conditions systematically influenced how senders lied. If the amount of effort senders
committed to trials was consistent between the conditions,
then we would expect that senders produce greater bias in
their lies when subjected to lower costs in the Linear condition. Indeed we found that the linear cost senders introduced more bias into their reports relative to the quadratic
cost senders (βˆ = 5.11, t(129) = 3.47, p < 0.001), aggregating over goals. In Figure 2, we see that senders with a Linear
cost (top panels) on average swapped about 7.4 marbles in
the expected direction, while in the Quadratic cost (bottom
2 Data and code for the experiment and analysis are available at
https://github.com/la-oey/WhatIsReality
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Figure 2: Distribution of participant senders’ biasing and judges’ bias-correcting behavior across each condition (panel columns
are goals and rows are cost functions). The top half of each panel (in white) shows how much senders manipulate their report
relative to the truth (∆report−truth ). The bottom half (in gray) shows how much judges adjust their inferred truth relative to the
sender’s report (∆in f erred−report ). The direction and distance of the gray line (mean bias) relative to the black line at bias = 0
indicates if participants generally inflate (positive bias) or deflate (negative bias) their response and how large the difference is.
panels) condition they only swapped about 2.5 marbles on average. Additionally, there is more variance in bias produced
under the Linear cost function.

Do people estimate the truth by considering
their beliefs about others’ goals and costs?
Given that participants produced lies that were guided by their
own goals and costs, did they also infer the truth by applying
their beliefs about the senders’ goals and costs?

As predicted, we found that participants in the Overestimate condition bias-corrected in the negative direction by
guessing smaller numbers (βˆ = −6.96, t(100) = −8.17, p <
0.0001; Figure 2 left panels). Vice versa, participants in the
Underestimate condition bias-corrected in the positive direction by guessing larger numbers (βˆ = 5.75, t(89) = 5.12,
p < 0.0001; Figure 2 right panels). These results show that
the direction of people’s truth inferences are informed by their
beliefs about speakers’ goals.

Judges correct for bias considering cost function
Judges correct for bias considering goals
If judges applied their beliefs about senders’ goals, we would
expect them to make bias corrections (∆in f erred−report ) that
were in the opposite direction of the senders’ goal. If the
sender wanted the judge to overestimate, then the judge
should expect the sender to positively bias their report by
adding more red marbles. A judge who expects positive bias
in the report should correct for the bias in the negative direction by guessing that the true number of marbles drawn was
fewer than what was reported.

Judges that apply their beliefs about senders’ cost functions
should expect senders with lower cost functions to produce
more extreme lies. Therefore, they should make larger magnitude bias corrections. Indeed, judges who believed the
sender had a Linear cost debiased their guess more compared to the Quadratic cost (βˆ = −4.24, t(129) = −3.51,
p < 0.001), aggregating over goals. Figure 2 shows that the
bias corrections’ absolute distance to the intercept is larger
for the Linear cost (top panels), compared to the Quadratic
cost (bottom panels).
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Human judge correction relates to sender bias
What mechanisms might be driving how people decide to interpret lies? There has been a recent push in the literature
toward using recursive pragmatic frameworks to understand
communication when speakers and listeners have misaligned
goals (e.g. Ransom, Voorspoels, Navarro, & Perfors, 2019;
Oey et al., 2019). A speaker reasons about how a listener
might interpret an utterance influenced by the listener’s beliefs and goals, and the listener in turns reasons about how
a speaker ought to produce an utterance under the speaker’s
beliefs and goals. Unfortunately, people are not telepathic, so
they need to conjure a model of how their opponent ought to
think and behave, and decide their own behavior under that
normative model.
A naı̈ve rational heuristic might be to anchor the model
of their opponent to the easily accessible model of oneself.
In the marble-flipping task, a participant might just assume
that the computer sender biases their lies to the same extent that she does when she is the sender, and so as the
judge, she should bias-correct to the same magnitude. In
other words, pragmatic frameworks suggest a systematic relationship of individual differences binding people’s sender and
judgment behavior (for a similar phenomenon in persuasion,
see Barnett, Hawkins, & Griffiths, 2021). Here, we evaluate
the relationship between human sender biasing and human
judge bias-correcting, both in aggregate and in individuals.

In aggregate
If people assume their opponent behaves like themselves, we
would expect a similar (but mirrored) distribution between
how human judges correct for bias and how senders bias their
reports. This is what we find in Figure 2 – the patterns of
the sender’s biasing (top half) and the judge’s bias correcting
(bottom half) appear to be rotationally symmetrical. Visually
this highlights a similar skewed shape and spread in the bias
data.
We can also compare the bias means. Figure 3 plots the
means for each condition (as rhombuses) in a 2D space, with
the x-axis as senders’ bias and the y-axis as judges’ bias correction. If judges flip the sign of their bias, then we would
expect that the Overestimate bias means would be located in
the top left quadrant and Underestimate means would be in
the bottom right quadrant. Additionally, we would expect the
Quadratic means to be shifted toward the origin, relative to
the Linear means. These qualitative patterns are what we
find. Quantitatively, examining the relationship between human senders’ bias and human judges’ bias by focusing on the
condition means, we find a very strong negative correlation
of r = −0.98 (t(2) = −7.77, p < 0.02). Between conditions,
when people produce larger bias in their reports, they correct
more in the opposite direction as a judge.

In individuals
Focusing on individual differences would provide stronger
evidence that people anchor their truth judgments to their

Figure 3: Individual differences in sender and judge behavior. Sender behavior (x-axis) is summarized as the mean introduced bias (Report − Truth), and receiver (y-axis) is the
mean bias correction (In f erred − Report). Scatter points
represent individual participants, with rhombuses showing
the mean for each condition, and ellipses showing spread.
Individuals’ judge behavior negatively correlates with their
sender behavior, so people who produce larger lies assume
their opponent also produces larger lies. The means of the
Underestimate (and Overestimate) goal conditions are in the
top left (and bottom right) quadrant, showing that people both
biased and bias-corrected in the predicted direction. There
is less spread and means are shifted toward the origin in
Quadratic (relative to Linear) cost conditions.
own report behavior as a sender. We examined the relationship between individual senders’ bias and judges’ bias
correction (scatter points in Figure 3). Correcting for aggregated means, we found a significant negative correlation
of r = −0.57 (t(129) = −7.79, p < 0.0001). An individual
sender’s mean bias determined 32% of the variation in their
mean bias correction as a judge. These results suggest that a
large contributor to what people are doing is modeling their
opponent based on themselves.

Discussion
In sum, this paper explored how people may infer the truth
when lied to. At first glance, this seems like such an ability
would require omniscience. However, we proposed, and experimentally showed, that when the necessary preconditions
are fulfilled – namely that (1) lies are directed by speakers’
goals, and (2) lies are constrained by cost function – people
may infer the truth from lies. We validated that participants’
lying behavior reflected their goals and cost functions. Critically, when inferring the truth, judges showed sensitivity to
the senders’ goals and cost functions by tuning their infer-
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ences about the underlying reality accordingly.
In this paper, we focus on one aspect of deception – that a
speaker’s goal is for the receiver to mis-estimate in a certain
direction (e.g. I am putting in maximal effort to be punctual),
while a receiver’s goal is to infer the truth (e.g. my friend will
actually be X minutes late). Built into this study’s task is the
high suspicion that messages are lies. In fact, participants are
explicitly instructed about the speakers’ goal to induce the
receiver to mis-estimate. Additionally, ground truth follows
a high variance distribution so that participants rely more on
beliefs about costs rather than base-rates (e.g. the report is
suspiciously far from 50). Here we ignore another typical
goal in deception: avoiding suspicion to make the receiver
believe that the speaker is telling the truth (Oey et al., 2019).
Future work should explore how both goals combine to form
the kinds of lies people produce in the real world.
Another crucial underlying assumption in this paper is that
some lies are larger than others. What constitutes a large lie
in mental representation? In this study, we measure larger
lies in terms of bias: for the sender, it is the scalar difference
between what they drew versus what they reported. However,
for many naturalistic settings, the magnitude of a lie cannot
be measured on a number line. For example, if one reports
their income as $1, 000, 000 instead of $100, 000, a listener
could plausibly excuse the lie as a surplus “0” rather than a
lie of +$900, 000. How do people generate hypotheses about
why a false statement might deviate from reality?
The design of our study allowed us to evaluated a prediction from pragmatic accounts of adversarial communication
– that people might infer the truth by anchoring their model
of the opponent to their own lie-telling behavior. The account
predicts systematic individual differences between how people tell lies and how they infer the truth, and (teasing out the
variation explained by conditions) we found that it explained
a large portion (32%) of the remaining variation. What else
might explain the remainder of the variation? One asocial
explanation is that people who strongly distrust others may
over rely on their prior beliefs about what could be true and
entirely ignore false messages. Another more Theory of Mind
intensive explanation is that people may expect others to have
systematically deviating behavior from themselves and calibrate their behavior to agents’ unique beliefs (Oey & Vul,
2021). To better pinpoint Theory of Mind as a critical mechanism for inferring the truth, future work should examine how
people vary their inferences when they believe the speakers
has alternative beliefs.
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Abstract
The following studies investigated the perceptual processes that
are the basis of the face inversion effect (FIE). We evaluated
the effects of disrupting holistic information conveyed by the
face contour/outline. In Experiment 1 (n=144) we blurred the
contour of the faces and using an old/new recognition task we
found that a robust inversion effect similar to that for normal
faces remains for these new no-contour faces. However, a
significant reduction in overall performance was found for nocontour vs normal faces. In Experiment 2 (n=74) instead of
blurring we inserted a novel face contour to replace the normal
one and found the same pattern of results as in Experiment 1.
Our results suggest that the holistic information provided by the
face contour does not on its own influence the FIE, however it
plays a role in face recognition more generally.
Keywords: Face inversion effect, Face recognition, Configural
processing, Holistic processing

Introduction
The mechanisms underlying face recognition have
been under debate since the first report of the face
inversion effect (FIE). This refers to the phenomenon by
which recognition performance for face stimuli is
impaired when the stimuli are presented inverted
(upside-down) compared to when they are upright (Yin,
1969; Civile, McLaren & McLaren, 2011; Civile,
McLaren & McLaren, 2014; Civile, McLaren &
McLaren, 2016) and this impairment is greater for faces
than for non-face objects (Yin, 1969). The disparity
between the inversion effect for faces and objects such as
cars, planes, and houses was initially thought to be the
results of a specialised processing mechanism that is
unique to faces and makes them particularly sensitive to
orientation, resulting in a greater disadvantage when they
are inverted (Yin 1969; Valentine & Bruce 1986; Yovel
& Kanwisher, 2005). However, studies using dog stimuli
later demonstrated that an inversion effect equivalent to
that for faces can be found for dog images when the
participants are expert dog breeders, contradicting the
pure specificity account of face processing (Diamond &
Carey, 1986). It was theorised from these findings that
there are three distinct types of information that are

useful for recognition: isolated features such as the nose,
first-order configural relations such as the nose in
relation to the mouth, and second-order configural
relations which is the variation of the first-order in
relation to the prototype for a given stimulus group (e.g.,
Western Caucasian male faces). Isolated features and
first-order relations are those which are fundamentally
consistent across faces and enable us to recognise an
image as a face but second-order configural information
is that which varies from face to face and enables us to
distinguish one face from another (Diamond and Carey,
1986). Based on this, Diamond and Carey posited that
rather than there being a specialised mechanism for
processing faces, it is expertise with a prototype-defined
category that results in the FIE. McLaren (1997),
McLaren and Civile (2011), Civile, Zhao et al (2014),
Civile, Verbruggen et al (2016) strengthened the
argument for the expertise account by showing that a
robust inversion effect can be obtained with prototypedefined categories of checkerboards provided that
participants were pre-exposed to those categories. This
finding supported Diamond and Carey’s claim that
expertise with stimuli that share a prototype is a
contributory factor to the inversion effect. Subsequently,
researchers have explored how manipulation of the
second-order configural information of prototypedefined stimuli would impact this effect.
Supporting the idea that second-order information is
affected by inversion and thus contributes to the FIE by
removing the advantage that expertise usually gives us
for faces are findings from Leder and Bruce (1998). They
used faces which had been rated as average in
distinctiveness and manipulated them to increase their
distinctiveness by altering either the featural or
configural information. They found that featural and
configural manipulations both resulted in higher
perceptions of distinctiveness for the upright faces
compared to the originals, but that the apparent
distinctiveness of faces with the configural manipulation
was reduced significantly more than those with the
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featural manipulation when faces were inverted. This
was taken as evidence that the FIE occurs due to
disruption to face-specific processing as opposed to
general image disruption.
Some accounts of face recognition argue for a holistic
approach and posit that while second-order configural
information contributes to the FIE, it does so in
combination with featural information. Tanaka and Farah
(1993) conducted experiments testing recognition of
individual face parts either in isolation or as part of a
whole face. They found that recognition performance for
an individual feature of the face was disproportionately
better when presented in the context of the whole face
compared to when presented in isolation. They further
found that this advantage for whole object recognition
was not present in scrambled faces, inverted faces, or
houses. They interpret these results as evidence that
disruption to second-order configural information
impacts our ability to recognise individual features in
upright but not inverted faces, thereby reducing the FIE.
This “holistic” account of face processing is supported
by subsequent research from Tanaka and Sengco (1997),
who altered the second-order configural information of
face stimuli by either moving the eyes closer together or
farther apart and trained (study phase) participants with
these stimuli. Participants were tested on recognition of
facial features (e.g., eyes, nose, mouth) in isolation
(presented without the surrounding of the face), new
configuration (presented in a face with different eyes
spacing from the study phase), and old configuration
(presented in a face with same eyes spacing as in the
study phase). It was found that participants recognized
features best when presented in the old configuration.
Importantly, participants were not sensitive to configural
disruption on inversion.
The role of configural information in the FIE was
tested by Civile, McLaren et al (2014) using a set of
scrambled faces. The stimuli were created from four
prototype categories, in all groups one feature (one of the
eyes, ears, nose, or mouth) was moved to the forehead
and then a feature was moved to fill the gap left by that
feature now on the forehead. The four prototypes differed
in which feature was moved to the forehead, and the
order in which subsequent features were moved. Using a
similar old/new recognition task as in Civile, Zhao et al
(2014) they presented participants with both normal and
scrambled faces to memorise, and then tested their
recognition performance by asking them to identify
which stimuli they had seen before from a set that
comprised of 50% old and 50% new faces. They found
that despite disruption to the configural information
through this scrambling, a significant inversion effect
equivalent to that for normal faces still remained and it
was concluded that configural information is not
essential to the FIE. To investigate the specific roles of
featural and configural information Civile, McLaren et al
(2014) generated a set of face stimuli called “50%
Feature-Inverted and Scrambled faces”. These had half
of the facial features inverted and half upright in a
scrambled face, thus no matter the orientation of the
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stimuli, half of the facial features are always upright, and
half are always inverted. This enabled them to also
investigate the role of the individual features in the face
inversion effect, a complete elimination of the inversion
effect for these stimuli would indicate that featural
information plays a causal role in the FIE. Their findings
confirmed this and as result the authors concluded that
featural information does play a significant role in the
FIE and disruption to the configural information does not
on its own reduce the inversion effect, but it is eliminated
when single feature orientation is also disrupted.
Further research using scrambled face stimuli aimed to
investigate whether or not second-order configural
information is at all necessary to obtain the FIE. Civile et
al (2016) generated a new set of face stimuli called new
Thatcherised faces which aimed to control for the effect
of single feature orientation previously shown by Civile,
McLaren et al (2014). This was achieved by inverting
one eye, one ear and either the nose or mouth in an
otherwise normal face, thereby disrupting featural and
second-order configural information but leaving firstorder configural information intact. They again used the
old/new recognition paradigm with these new stimuli and
the scrambled faces from Civile, McLaren et al (2014). It
was found that as before the scrambled faces showed a
robust inversion effect and that the new Thatcherised
face also showed a significant inversion effect. This
indicates that first-order information is sufficient to
obtain the FIE, as it remains present when featural and
second-order information are altered but first-order
configuration is not. One explanation given by Civile et
al for this is that first-order configural information may
elicit the use of holistic processing for upright faces and
therefore when new Thatcherised faces are upright
participants are able to utilise holistic processing to aid
recognition, but this is not possible when they are
inverted, which results in increased salience of the
featural information, thereby impairing performance.
This explanation stands in agreement with the theory
of Hole, George, and Dunsmore (1999) that argues for
the existence of two types of processing that are involved
in face recognition. These are holistic processing and
configural processing. They claim that configural
processing occurs due to the prototypical position of
individual facial features in relation to one another and
they posit that holistic information is elicited by stimuli
that have the outline of a faces and that this outline is
what helps identify as a face rather than anything else.
Civile et al (2016) therefore suggested that because
upright new Thatcherized faces still follow the expected
basic outline of a face, they may elicit holistic processing
which results in greater performance for upright vs
inverted faces. This theory also offers and explanation
for the results of Civile, McLaren et al (2014) as the
scrambled faces also follow the basic outline of a face,
regardless of the alteration to configural information.
To investigate the role of holistic information in the
FIE, McCourt, McLaren, and Civile (2021) built on the
work of Civile, McLaren et al 2014, using those
scrambled face stimuli but disrupting the holistic

information generated by the face contour. Scrambled
faces had their outline blurred to alter their contour while
the scrambling manipulation remained the same. An
old/new recognition task was used in which participants
were presented with both normal-contour scrambled
faces and blurred/no-contour scrambled faces. The
results showed that, as expected, there was a robust
inversion effect for the normal-contour scrambled faces,
but no significant inversion effect was obtained for
scrambled faces with no-contour. This finding indicates
that holistic information as indexed by the face contour
can play a causal role in the FIE for sets of scrambled
faces that had altered configural information.
The current work aims to assess the effect of disrupting
holistic information via face contour manipulation on
normal faces. To do this, two experiments were
conducted, the first using the same contour manipulation
as in McCourt et al (2021) and the second introducing a
new-contour manipulation. The inversion effects for
these manipulated contour faces were then compared to
that for normal faces.

Experiment 1: Method
Subjects
Experiment 1 consisted of 144 naïve participants (98
female, 46 male; Mean age=23.1, age range=18-55,
SD=7.04). Of these 72 were recruited through the
University of Exeter and received course credit for their
participation and 72 were recruited through the online
platform Prolific and were compensated in accordance
with Prolific Academic’s fair pay policies. Analyses
with Recruitment Type as a factor (University or
Prolific) found no significant main effect nor
interactions with any other factors. The sample size was
decided based on previous studies that used the same
stimulus counterbalance, and behavioural paradigm
(Civile et al., 2014; Civile et al., 2016; McCourt et al.,
2021). We also conducted a post-hoc power analysis for
our sample size using G*Power software, based on the
effect size (η2p = .03) recorded from the overall 2 x 2
interaction (Face Type x Orientation). This revealed a
statistical power of 1 (Effect size f = .18, 1 group, 4
measurements [2 face types, 2 orientations]).

Materials
The stimuli used for this study were the same in
Civile et al (2014). They consisted of 128 male faces
(7.95cm x 6.28cm) with a neutral expression in which
the hair and neck had both been cropped and the photos
had been standardised to greyscale on a black
background. The no-contour faces were created by
blurring away the original face outline (Figure 1a). The
faces were manipulated using Gimp 2.10. Stimuli were
counterbalanced across 8 participant groups such that
any given face is seen in a different orientation and with
a different contour by different participants.

The behavioural task
During a study phase, participants were shown 64
faces evenly split between the different stimulus types
(16 upright and inverted normal faces; 16 upright and
inverted no-contour faces). Trials consisted of a fixation
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cue presented in the middle of the screen for 1s and then
a face presented for 3s in the middle of the screen.
Stimuli were presented one at a time in random order,
no response was required participants were simply asked
to remember as many of the faces as possible. Following
this phase participants began the old/new recognition
task in which they were shown 128 faces (64 that had
been shown in the study phase and 64 that were novel
split by the four stimulus’ conditions) presented one at a
time in random order. Participants had 3s to respond
with either the “X” or “.” keys (counterbalanced) to
indicate whether or not they had seen the face before. If
no response was given in this time they were timed out
and the next trial began (Civile, McLaren et al., 2014,
2016; McCourt et al., 2021).

Results
Accuracy data from each condition was used to
calculate a d-prime (d') sensitivity measure (Stanislaw &
Todorov, 1999) for the recognition task (old and new
stimuli for each stimulus type) where a d' = of 0 indicates
chance-level performance. d' was computed using the
difference between the z transforms of hit rate (H) and
false alarm rate (FA): d' = z(H) – z(F). Each p-value
reported is two-tailed, and we report the F or t value
along with measures of effect size (η2p). We assessed
performance against chance (d' of 0) and for each
condition we found a p < .001. We analysed the reaction
time data to check for any speed–accuracy trade-off. We
do not report these analyses here because they do not add
anything to the interpretation of our results.
A 2 x 2 within-subjects ANOVA using as factors
Face Type (normal contour, no-contour) x Orientation
(upright, inverted) revealed a significant main effect of
Face Type, F(1, 143) = 4.57, p = .034, η2p = .03, with
overall performance for normal faces being higher (M =
.49, SD=.46) than that for no-outline ones (M=.39,
SD=.45). A significant main effect of Orientation (i.e.,
the inversion effect), F(1, 143) = 48.65, p < .001, η2p =
.25, was also found. No significant interaction (Face
Type x Orientation) was found, F(1, 143) = .90, p = .34,
η2p <.01. Hence, a significant inversion effect was found
for both normal faces, t(143) = 5.96, p < .001, η2p = .19,
and no-contour faces, t(143)= 4.72, p < .001, η2p = .13.
A further analysis revealed that accuracy for upright
normal faces (M=.67, SD=.64) was significantly better
than that for no-outline faces (M=.54, SD=.60), t(143) =
2.06, p = .041, η2p = .02. Only a numerical difference
was found between inverted normal (M=.30, SD=.54) vs
inverted no-outline (M=.25, SD=.57) faces, t(143) =
1.08, p = .283, η2p < .01 (Figure 1b).

Discussion
These results suggest that the disruption of holistic
information is having an impact on overall face
recognition performance, however it does not influence
the FIE. Importantly, whereas in McCourt et al (2021)
the same blurring manipulation applied to scrambled
faces (first and second-order configural information
disrupted) significantly reduced the inversion effect, we
find that this is not the case when the same manipulation

is applied to normal faces. This would suggest that this
disruption of holistic information through blurring the
face contour is not enough to elicit a reduction in the
inversion effect unlike when holistic information is
disrupted in combination with configural information
(McCourt et al 2021). This may indicate that both types
of information are integral to face recognition process
and thus both need to be disrupted in order to
significantly reduce the FIE. However, there were some
concerns regarding the stimuli that we used. Blurring the
edges of the image degraded the overall quality and this
may have contributed to the reduction in overall
performance for no-contour faces. In addition, the
manipulation removed the sense of objecthood from the
images; not only did they look less like a normal face,
they also looked less like any recognisable object than
the normal stimuli. For this reason, we decided to alter
the manipulation of the outline and conduct a second
experiment using these new stimuli.

retaining a sense of objecthood, and preserving some of
the information from the original outline that could be
used to help differentiate between stimuli. The distance
was measured from the centre of the face to 8 points
along the outline of the face, these distances were then
used to create 8 “spikes” from the outline of the face
outwards, the spikes were the joined to form a star
shaped outline around the face and the colour of the face
was blended to create a seamless image (Figure 2a). This
gave the faces solid outlines which were as distinctive
as the original outlines due to the measurements of the
original outline being used to construct them but did not
have the conventional outline of a face that George et al
(1999) posit should elicit the use of holistic processing.
As in the previous experiment, stimuli were
counterbalanced across 8 participant groups such that a
particular face is seen in a different orientation and with
a different contour by different participants.

The behavioural task
The same old/new recognition task and number of
stimuli as for Experiment 1, however this time instead
of normal and no-contour faces, participants were
presented with normal and new-contour faces.

Results

Figure 1a shows some examples of stimuli used in
Experiment 1. Figure 1b reports the results from the
old/new recognition task. The x-axis refers to the four
different stimulus categories. The y-axis shows the mean
d’ accuracy for each condition. Error bars are s.e.m.

Experiment 2: Method

Accuracy data from each condition was used to
calculate d’. We assessed performance against chance
and for each condition we found a p < .001. A 2 x 2
within-subjects ANOVA using as factors Face Type
(normal contour, new-contour) x Orientation (upright,
inverted) revealed a significant main effect of Face
Type, F(1, 73) = 7.84, p = .007, η2p = .09, with overall
performance for normal faces being larger (M = .56,
SD=.48) than that for new-outline ones (M=.40,
SD=.40). A significant main effect of Orientation, F(1,
73) = 29.48, p < .001, η2p = .28, was found. No
interaction (Face Type x Orientation) was found, F(1,
73) = .46, p = .49, η2p <.01. A significant inversion effect
was found for both normal faces, t(73) = 4.45, p < .001,
η2p = .21, and new-contour faces, t(73)= 3.96, p < .001,
η2p = .17. A further analysis revealed that accuracy for
upright normal faces (M=.79, SD=.71) was significantly
larger than that for new-outline faces (M=.59, SD=.55),
t(73) = 2.43, p = .017, η2p = .07. Only a numerical
difference was found between inverted normal (M=.34,
SD=.57) vs new-outline (M=.22, SD=.57) faces, t(73) =
1.42, p = .157, η2p = .02 (Figure 2b).

Analysis across experiments

Subjects
We recruited 74 naïve participants for this study (36
Female, 38 Male; Mean age=24.9, age range=18-71,
SD=8.30), who were compensated in accordance with
the Prolific Academic’s fair pay policies.

Materials
The stimuli for this experiment were the same 128
normal faces (7.95cm x 6.28cm) used in Experiment 1
and were also standardised to greyscale on a black
background. The new contour manipulation was
designed with the aim of preserving the image quality,
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We conducted an overall analysis using the withinsubjects factors Face Type (normal, manipulated [nocontour, new-contour]), Orientation (upright, inverted),
and the between-subjects factor Experiment
(Experiment 1, Experiment 2). The results from the 2 x
2 x 2 ANOVA (Face Type x Orientation x Experiment)
revealed a significant main effect of Face Type, F(1,
216) = 11.70, p < .001, η2p = .05 with overall
performance for normal faces being larger (M = .51,
SD=.47) than that for manipulated ones (M=.39,
SD=.43). A significant main effect of Orientation, F(1,
216) = 74.83, p < .001, η2p = .25, was found. No main

effect of Experiment was found, F(1, 216) = .616, p =
.433, η2p <.01. The factor Experiment did not interact
significantly with Face Type, F(1, 216) = .752, p = .387,
η2p <.01, nor with Orientation, F(1, 216) = .734, p =
.392, η2p <.01. The overall three-way interaction (Face
Type x Orientation x Experiment) was not significant,
F(1, 216) = .002, p = .962, η2p <.01. No significant
interaction, Face Type x Orientation, was found, F(1,
216) = 1.26, p = .263, η2p <.01. Hence, a robust inversion
effect was found for both normal faces, t(217) = 7.44, p
< .001, η2p = .20, and manipulated faces, t(217)= 6.16, p
< .001, η2p = .15. Accuracy for upright normal faces
(M=.71, SD=.66) was significantly larger than that for
manipulated faces (M=.55, SD=.58), t(217) = 3.05, p =
.002, η2p = .04. A trend towards a significant difference
was found between inverted normal (M=.32, SD=.55) vs
manipulated (M=.24, SD=.57) faces, t(217) = 1.73, p =
.084, η2p = .01.

Figure 2a shows some examples of stimuli used in
Experiment 2. Figure 2b reports the results from the
old/new recognition task. The x-axis refers to the four
different stimulus categories. The y-axis shows the mean
d’ accuracy for each condition. Error bars are s.e.m.

Discussion
Experiment 2 aimed to address the issue of whether
the results obtained in Experiment 1 could have been
explained by degradation of the overall quality of the
images due to the blurring manipulation used to
eliminate the face contour. This time instead of
removing the contour we replaced it. The results are in
line with what previously found in Experiment 1. Hence,
manipulating the face contour did not affect the
inversion effect, even though overall recognition
performance was significantly reduced compared to that
for normal faces. This reduction was due to upright newcontour faces being recognised significantly worse than
normal upright ones and inverted new-contour faces

1480

being numerically recognised worse than normal
inverted ones. The overall analysis across experiments
confirmed this pattern of results and also provides
evidence for a trend towards reduced performance for
inverted ones with a changed contour.

General Discussion
Both experiments presented in this paper investigated
the perceptual processes that underpin the FIE. As a
follow up from previous work that looked at the role of
both configural and holistic information (Civile,
McLaren et al., 2014, 2016; McCourt et al., 2021), here
we focused on the impact of manipulating holistic
information while single feature orientation information
and configural information are maintained. In both
experiments we manipulated the contour of normal face
stimuli aiming to examine the effects on the FIE. The key
finding from the two experiments is that altering the face
contour of a normal face (not scrambled) either by
removing or replacing it, does not influence the size of
the inversion effect. Hence, both normal faces, and
normal faces with a manipulated contour showed a robust
inversion effect. However, overall recognition
performance was significantly reduced. The means of the
upright manipulated contour faces were significantly
lower than normal contour faces. This effect on upright
faces was significant in both experiments. Furthermore,
a trend towards a similar effect is also found for inverted
faces, with manipulated contour faces being recognized
less well than the normal contour ones. However, this
trend towards significance only emerged from the
analysis across experiments. Overall, our results suggest
that manipulating the face contour of a set of normal
faces does not strongly influence the inversion effect,
although it does affect significantly face recognition
performance in general.
Our findings extend McCourt et al (2021)’s findings.
Specifically, the authors found that removing the face
contour by adopting the same blurring manipulation as
the one we used here, affects the size of the inversion
effect for sets of scrambled faces via reduced
performance for upright faces. Taken all together, our
findings and those from McCourt et al (2021) suggest
that disruption of holistic processing indexed by the
manipulated face contour, is only effective on the
inversion effect when in combination with disrupted
configural information by scrambling the main features
within a face. But when the face contour is manipulated
on a set of normal faces no reliable effect is found on
inversion. This suggests that holistic information has a
role in determining the inversion effect only when
combined with disruption of configural information as
for the case of McCourt et al (2021)’s studies, or when
performance is low enough.
One may argue that McCourt et al (2021) and our
findings reported here contradict the results previously
found by Civile, McLaren et al (2014). Specifically, the
authors demonstrated how scrambling the configural
information among the main features within a face by
maintaining the single feature orientation information
unaltered, does not affect the inversion effect which was

found to be as robust as that for normal faces. Hence, the
authors suggested how configural information may not
be necessary in determining the inversion effect.
However, based on McCourt et al (2021) and our
experiments reported here, we are suggesting how it is
the combination of configural, and holistic information
that, in addition to single feature orientation information,
determines the inversion effect. At this point, a more
nuanced analysis is needed to disentangle the overall
effects showed across the key studies mentioned here.
In a further study, Civile et al (2016) first replicated
Civile, McLaren et al (2014)’s findings and then
investigated the specific role that first and second-order
configural relations have in the inversion effect. Using a
set of faces (new Thatcherized faces) that had the single
feature orientation controlled for (i.e., 50% upright and
50% inverted features) and the second-order relations
disrupted by maintaining the first-order relations
unaltered, the authors found a robust inversion effect.
Civile et al (2016) suggested how first-order rather than
second-order relations would seem to have a key role in
determining the inversion effect. Importantly, in addition
to the first-order relations also the contour of the new
Thatcherized faces was for the most part unaltered
(despite one ear was always inverted) in Civile et al
(2016)’s studies. Thus, it could be that the combination
of both first-order configural information, and holistic
information (indexed by the face contour) contributed to
the robust inversion effect for new Thatcherized faces
demonstrated by Civile et al (2016).
We could operationalize the inversion effect obtained
across all the studies here mentioned based on the
presence of single feature orientation information, firstorder configural information and/or holistic information.
This would imply that the robust inversion effect for
scrambled faces (Civile, McLaren et al., 2014, 2016) is
led by holistic information (indexed by the face contour)
and single feature orientation information. The reduced
inversion effect for scrambled faces found in McCourt et
al (2021) would be due to the disruption of holistic
information by removal of the face contour. Importantly,
despite being significantly reduced the inversion effect
for no-contour scrambled faces in McCourt et al (2021)’s
study was not eliminated, and this could be since the
single feature orientation information was unaltered (i.e.,
all the features within the upright scrambled faces were
presented upright). The robust inversion effect found for
the new Thatcherized faces (Civile et al 2016) would be
due to the combination of first-order configural
information and holistic information. Finally, the robust
inversion effect for manipulated contour normal faces
found in the experiments reported here, would be due to
first-order configural and single feature orientation
information being unaltered. Future studies should
investigate the link between first-order configural and
holistic information directly, perhaps by applying the
contour manipulation to the new Thatcherized stimuli
created by Civile et al (2016).
A further consideration regards the effect of
manipulating the face contour on overall face recognition
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performance. Our experiments already demonstrate how
manipulating the contour of normal faces significantly
affects recognition performance of upright faces. After
conducting an across experiments analysis, we found a
trend towards significance for inverted manipulated faces
being recognized worse than those with normal contour.
This would suggest that a decremental effect on
performance is induced in both upright and inverted
manipulated faces, however it may be smaller for
inverted faces because they are closer to chance and there
is less performance to be lost. Future work should
investigate this issue directly by using a behavioural
paradigm that could ensure a high level of performance
also for the inverted faces like a delayed matching task
of the kind used to investigate the inversion effect in
individuals with face blindness (Farah et al., 1995).
A final consideration regards the extension of our
findings to a recent line of research that uses transcranial
Direct Current Stimulation (tDCS) to investigate the
mechanisms of the inversion effect. Civile, Verbruggen
et al (2016) showed that anodal tDCS (for 10 mins at
1.5mA) delivered over the Fp3 during the same old/new
recognition task used by Civile, Zhao et al (2014)
reduced the checkerboard inversion effect. This was
mainly due to reduced performance for upright familiar
checkerboards compared to sham tDCS (control).
Importantly, Civile et al (2018), extended the tDCS
procedure to the inversion effect for normal faces. A
reduction (compared to sham) of the inversion effect was
found after anodal tDCS, in this case also due to an
impaired recognition performance for upright faces.
These results have been replicated in multiple studies and
it is now an established finding (Civile, Obhi et al., 2019;
Civile, Cooke et al., 2020; Civile, McLaren et al., 2020;
Civile, Waguri et al., 2020; Civile, Quaglia et al., 2021;
Civile, McLaren et al., 2021). Interestingly, whereas the
same tDCS procedure eliminated the checkerboard
inversion effect, the FIE despite being significantly
reduced compared to sham, was still significant. The
authors suggested that the remaining FIE could be an
index of face specificity mechanisms. Civile, McLaren et
al (2021) applied the tDCS procedure to the composite
face effect (CFE) which constitutes better recognition of
the top half of an upright face when conjoined with a
congruent rather than incongruent bottom half. This
effect has often been used in the literature as index of
holistic processing (Murphy et al., 2017). Civile,
McLaren et al (2021) found no effect of tDCS on the CFE
suggesting that holistic processing may be the type of
information specific to faces and at the basis of the
remaining FIE after anodal tDCS.
The results from our studies reported here add to this
literature by suggesting that the face contour may not be
the type of holistic information that leads to the
remaining FIE in Civile et al (2018). Future work should
investigate this directly by using our contour
manipulations to the normal faces used in Civile et al
(2018) and examine whether the tDCS procedure would
in that case further reduce the FIE.
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Abstract
A set of fundamental principles governs our reasoning about
objects since infancy. Studies have shown that adults are surprised when they observe apparent violations of these principles, which might prime them to learn from the violations and
update their beliefs. However, little is known about whether
these principles can be revised given counterevidence. In the
present experiments, we demonstrate that although adults have
strong prior beliefs about these principles, they can revise these
beliefs in a specific, virtual world, when they observe multiple
pieces of counterevidence.
Keywords: belief revision; core knowledge; intuitive physics

Introduction
The Core Knowledge view (Spelke, 1988, 2000; Spelke &
Kinzler, 2007) argues that human infants are endowed with
core knowledge systems – a small number of systems of domain-specific knowledge, each accompanied by a set of principles. Later in development, infants and children construct
intuitive theories based on these systems, such as intuitive
physics and intuitive psychology (e.g., Carey, 1985; Gopnik
& Meltzoff, 1997; Wellman & Gelman, 1992).
One of the core knowledge systems guides how we represent and reason about objects. A set of principles in this system emerges by 2.5 to 6 months of age. These principles include solidity – objects cannot occupy the same space as
other objects (Spelke et al., 1992), continuity – objects exist
and move continuously in time and space (Anguiar & Baillargeon, 1999), cohesion – objects move as connected and
bounded wholes (Anguiar & Baillargeon, 1999), and contact
– objects do not interact at a distance (Leslie & Keeble, 1987).
These principles support further learning in the physical domain (see Baillargeon, 2008 for a review). These principles
also persist into adulthood. Adults’ ability to track multiple,
independently moving objects is disrupted when the objects
violate the principle of continuity (Scholl & Pylyshyn, 1999)
or cohesion (Scholl et al., 2001; vanMarle & Scholl, 2003).
Thus, these core principles about objects are early emerging or innately given, they support learning about the physical
domain throughout development, and they continue to guide
reasoning about the physical world in adulthood. Yet one of
the hallmarks of human learning is that beliefs can be revised
given new evidence (Chater & Oaksford, 2008; Gopnik &
Wellman, 2012; Tenenbaum et al., 2011; Xu, 2019; Ullman
& Tenenbaum, 2020). Are these earliest-emerging core principles about objects also subject to revision once we acquire
them? If adults are given enough evidence that violates these
principles, will they rationally update their beliefs? This is the
focus of the current studies.
Previous studies have provided many demonstrations that
adults are sensitive to core knowledge principles about

objects and belief revision is a powerful learning mechanism for humans. For example, adults are surprised by apparent violations of the core physical principles. In one
study (Smith et al., 2020), participants observed events that
violated the continuity principle (e.g., objects disappearing
and appearing; objects moving from behind one screen to
another without traveling through the gap between the two
screens), and the solidity principle (e.g., objects moving
pass other objects). Participants reported that these events
were more surprising compared to control events that did
not violate any physical principles. When they were asked
why these events were surprising, they referred to the violations of the corresponding principles.
Surprise provides opportunities for learning. Studies with
infants and children have shown that surprise following violations of the core physical principles leads to exploration
and learning. Observing an object violate a physical principle prompted infants to explore that object (Stahl & Feigenson, 2015) and search for an explanation of the violation
(Perez & Feigenson, 2022). Infants and children showed enhanced learning for properties and novel words related to
the object that violated physical principles (Stahl & Feigenson, 2015; 2017). These findings suggest that when adults
are surprised by violations of the core physical principles,
they might also learn from the violations, and update their
beliefs about the physical principles.
In more complex domains that go beyond the basic physical principles, adults learn from new evidence and update
their beliefs. For instance, adults’ misconceptions about a
specific domain (i.e., the variables that affect the pendulum
period) can be revised when they were given evidence that
contradicted their initial beliefs (Masnick et al., 2017). A set
of studies has shown that adults’ causal learning rationally
integrates the strength of their prior knowledge about the
probability of different forms of causal relationships and the
strength of the evidence (Lucas & Griffiths, 2010; Griffiths
et al., 2011; Lucas et al., 2014). Lastly, adults can reason
about complex scenes of object interactions using probabilistic mental simulations based on intuitive physics
(Battaglia et al., 2013), and they update their beliefs about
object properties given new observations and simulation
outcomes (Hamrick et al., 2016; Allen et al., 2020).
However, one question still remains. Are our most fundamental beliefs about objects, already present in infancy, revisable given counterevidence? Past studies have shown that
preschoolers can revise their beliefs about the contact, continuity, and solidity principles when given counterevidence
(Liu & Xu, 2021; Kushnir & Gopnik, 2007). Adults might
have stronger prior beliefs about these principles since they
have observed more evidence consistent with these principles. Can adults also revise their beliefs about these
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principles when given counterevidence? In two experiments,
participants observed events that supported or violated these
principles, or they did not receive any new evidence about
these principles. Then, they made predictions about the outcomes of new events. We hypothesized that compared to
those who saw the belief-consistent evidence and those who
did not receive new evidence, participants who saw the belief-violating evidence would be more likely to predict outcomes that are inconsistent with the principles.

Experiment 1
Method
Participants Forty-seven adults (mean age = 30 years; range
= 18 to 55; SD = 9.2; 25 females) participated in the experiment on Prolific. Participants provided written informed consent prior to participating in the experiment. They completed
a 20-minute survey for which they were paid $3.20.
Stimuli and Procedure Participants were instructed to watch
some videos and observe how objects move. Then, they were
asked to make predictions about new events.
Participants were randomly assigned to one of the two conditions, the Belief Consistent (BC) condition (n = 23) and the
Belief Violation (BV) condition (n = 24). They were tested
on 3 principles, Contact, Continuity, and Solidity, in counterbalanced orders. For each principle, there were 4 familiarization trials and 4 test trials (2 easy test trials and 2 hard test
trials; order counterbalanced). The familiarization trials in the
BC condition displayed events that were consistent with the
principle and those in the BV condition displayed events that
violated the principle. In test trials, participants chose between the Belief Consistent (BC) response and the Belief Violation (BV) response. They never received feedback about
whether their choices were correct or incorrect.

Continuity principle. In the familiarization trials, two orange screens appeared side by side, with a gap in between.
An object disappeared behind one of the screens. Then, the
screens were removed. The object was either at the location
of the screen that the object disappeared behind (BC condition) or at the location of the other screen (BV condition)
(Figure 1). The object was different in each trial.
In the easy test trials, a new object disappeared behind one
of the orange screens. A blue triangle and a green triangle
indicated the screen that the object disappeared behind (the
BC response) and the other screen (the BV response) (Figure
1). Participants chose the location they believed they would
find the object. In the hard test trials, a red door and a yellow
door appeared. A new object disappeared behind one of the
doors (Figure 1). Participants chose the location they believed
they would find the object, either the door that the object disappeared behind (the BC response) or the other door (the BV
response).
Solidity principle. In the familiarization trials, a dark grey
wall appeared and rotated 180 degrees to show that there was
no hole in the wall. A green screen was placed in front of the
wall and occluded the lower half of the wall. An object
moved behind the screen. Then, the screen was removed. The
object was either on the side of the wall that it went behind
(BC condition) or on the other side of the wall (BV condition)
(Figure 2). A different object was used in each trial.

Figure 2: Events shown in the familiarization trials and test
trials for the Solidity principle in Experiment 1.

Figure 1: Events shown in the familiarization trials and test
trials for the Continuity principle in Experiment 1.
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In the easy test trials, a new object moved behind the green
screen. A purple heart and an orange heart indicated the side
of the wall that the object went behind (the BC response) and
the other side of the wall (the BV response) (Figure 2). Participants chose the location they believed they would find the
object. In the hard test trials, two doors (side by side, with no
gap in between) were placed in front of the wall and occluded
the lower half of the wall. A new object moved behind the
doors (Figure 2). Participants chose the location they believed

1.00

Proportion of BV response

they would find the object, either the side of the wall that the
object went behind (the BC response) or the other side of the
wall (the BV response).
Contact principle. In the familiarization trials, participants
were shown a blue box that can play music. In each trial, an
object was placed either on the toy (BC condition) or above
the toy (BV condition), and immediately the toy lit up and
played music for 5 seconds (Figure 3). A different object was
used to activate the toy in each trial.

0.75

Condition
0.50

Belief Consistent
Belief Violation

0.25

0.00
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Continuity

Solidity
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Figure 4: The proportion of trials that participants selected
the BV response by condition and principle, in Experiment 1.
The dashed line indicates chance selection (.5), and the error
bars indicate bootstrapped 95% CIs.

Discussion
Figure 3: Events shown in the familiarization trials and test
trials for the Contact principle in Experiment 1.
In the easy test trials, a new object was placed next to the
blue box. Participants were told that the object can activate
the toy. A red star and a yellow star indicated the location on
the toy (the BC response) and the location above the toy (the
BV response) (Figure 3). Participants chose the location
where they would place the object to activate the toy. In the
hard test trials, a new, brown box and a new object appeared
(Figure 3). The participants were told that the brown box is
another music toy, and the object can activate the toy. Again,
participants chose the location where they would place the
object to activate the toy.

Results
The proportion of BV response by condition and principle is
shown in Figure 4. We used logistic regression to predict participants’ binary choice (BV response = 1, BC response = 0)
from condition, principle, and test trial type, with random intercepts for participants. The best-fitting model included condition as the only predictor. Participants were more likely to
choose the BV response in the BV condition than in the BC
condition (β = 14.79, SE = 3.08, p < .001). This model outperformed the null model (AICcondition = 305.09, AICnull =
411.40, p < .001), and more complex models that included
principle and trial type (easy vs. hard test trials).
Next, we looked at participants’ choice for each principle
separately, and found that the main effect of condition was
significant for each principle. Participants were more likely
to select the BV response in the BV condition than in the BC
condition for Contact (β = 18.97, SE = 3.73, p < .001), Continuity (β = 14.50, SE = 3.92, p < .001), and Solidity (β =
15.15, SE = 3.68, p < .001).
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These results suggest that adults can revise their beliefs about
the most fundamental principles that govern object reasoning
in a specific context. After observing evidence consistent
with these principles, adults predicted that the outcomes of
new events would be consistent with the principles. But after
observing evidence violating these principles, they were
more likely to predict outcomes inconsistent with the principles. Moreover, adults’ performance did not differ in the easy
and hard test trials, suggesting that they also generalized their
revised beliefs to new situations.
In the next experiment, we aimed to replicate these findings. In addition, we measured adults’ prior beliefs about
these principles and tested the effect of belief-violating evidence on their prior beliefs; we increased the strength of the
belief-violating evidence and tested its effect on their beliefs. We also assessed participants’ interpretations of the
evidence to see if they accepted the counterevidence.

Experiment 2
Method
Participants Sixty adults (mean age = 33 years; range = 18
to 54; SD = 9.41; 35 females) participated in the experiment
on Prolific. Participants provided written informed consent
prior to participating in the experiment. They completed a 25minute survey for which they were paid $4.
Stimuli and Procedure The procedure of Experiment 2 was
similar to that of Experiment 1, with a few modifications.
First, the events used in the Contact and the Solidity principles were slightly modified (see below for details). Second,
we added a third, Baseline condition, where participants did
not receive any new evidence that supported or violated the
principles. Participants were randomly assigned to the Baseline condition (n = 20), the BC condition (n = 19), and the BV

condition (n = 21). Third, we increased the strength of the
evidence; participants were shown 6 familiarization trials for
each principle. Last, at the end of the study, participants in
the BC and BV conditions were asked to explain one of the
familiarization events for each principle.
Continuity principle. The events used in the familiarization trials in the BC and BV conditions and the test trials in
all 3 conditions were the same as in Experiment 1. In the familiarization trials of the Baseline condition, the screens were
not removed after the object disappeared behind one of the
screens (Figure 5). Thus, participants did not observe the location of the object.
For the explanation question, participants were asked to explain why the object appeared at the respective locations
when the screens were removed.

Figure 6: Events shown in the familiarization trials and test
trials for the Solidity principle in Experiment 2.
Contact principle. Object launching events were used for
the Contact principle, making these more similar to previous
infant studies (e.g., Leslie & Keeble, 1987). In the familiarization trials, participants were told that a yellow car would
launch various objects. In each trial, the yellow car moved
toward an object and launched the object either by contacting
it (BC condition) or at a distance (BV condition). In the Baseline condition, a screen blocked the view between the yellow
car and the object so that participants could not see whether
the yellow car contacted the other object or not (Figure 7).
The yellow car launched a different object in each trial.

Figure 5: Events shown in the familiarization trials and test
trials for the Continuity principle in Experiment 2.
Solidity principle. The events used for the Solidity principle were slightly modified so they were more similar to previous infant studies (e.g., Stahl & Feigenson, 2015). Two
dark grey walls appeared and rotated 180 degrees to show
that there was no hole on the walls. An object went down a
ramp and moved behind a screen. In familiarization trials,
when the screen was removed, the object was either stopped
before the first wall (BC condition) or it went past the first
wall and appeared between the two walls (BV condition)
(Figure 6). In the Baseline condition, the screen was not removed so that participants could not observe the location of
the object. In the test trials, participants chose the location
they believed they would find a new object that went down
the ramp. The location before the first wall was the BC response and the location between the two walls was the BV
response (Figure 6).
For the explanation question, participants were asked to explain why the object appeared at the respective locations
when the screen was removed.
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Figure 7: Events shown in the familiarization trials and test
trials for the Contact principle in Experiment 2.
In the easy test trials, participants were told the yellow car
can launch a new object. A red star and a yellow star indicated
the location right next to the object (the BC response) and the
location at a distance (the BV response) (Figure 7). Participants chose the location where the yellow car should stop to
launch the new object. In the hard test trials, participants were

told a new wheeled toy (e.g., the helicopter) can launch an
object. Again, participants chose the location where the
wheeled toy should stop to launch the object.
For the explanation question, participants were asked to explain why the yellow car launched the other object.

Results
The proportion of BV response by condition and principle is
shown in Figure 8. We used logistic regression to predict participants’ binary choice (BV response = 1, BC response = 0)
from condition, principle, and test trial type, with random intercepts for participants. The best-fitting model included the
interaction between condition and principle as predictors.
Participants were more likely to choose the BV response in
the BV condition than in the Baseline condition (β = 8.79, SE
= 1.38, p < .001) and the BC condition (β = 10.68, SE = 1.75,
p < .001); their choices did not differ between the Baseline
and the BC conditions (β = -0.17, SE = 1.49, p = .91). In the
Baseline condition, compared to the Continuity principle,
participants were more likely to choose the BV response for
the Contact principle (β = 2.47, SE = 0.91, p = .007) and the
Solidity principle (β = 1.93, SE = 0.92, p = .04). In the BV
condition, participants were less likely to choose the BV response for the Contact principle compared to the Continuity
principle (β = -3.58, SE = 0.69, p < .001) and the Solidity
principle (β = -4.00, SE = 0.77, p < .001). This model outperformed the null model (AICcondition×principle = 333.91, AICnull =
462.91, p < .001), the model that did not include the interaction term (AICcondition+principle = 375.46, p < .001), as well as
more complex models that included trial type (easy vs. hard
test trials).

Proportion of BV response

1.00

18.27, SE = 3.48, p < .001), and their choices did not differ
between the Baseline and the BC conditions (Continuity: β =
0.56, SE = 2.49, p = .82; Solidity: β = -0.81, SE = 1.92, p =
.67; Contact: β = -1.18, SE = 3.58, p = .74).
Then, we compared participants’ performance across the
two experiments. We used logistic regression to predict participants’ binary choice (BV response = 1, BC response = 0)
from condition, principle, test trial type, and experiment, with
random intercepts for participants. The best-fitting model included the interaction between condition and principle as predictors. Participants were more likely to choose the BV response in the BV condition than in the Baseline condition (β
= 8.93, SE = 1.27, p < .001) and the BC condition (β = 8.38,
SE = 0.99, p < .001); their choices did not differ between the
Baseline and the BC conditions (β = 0.81, SE = 1.21, p = .50).
In the Baseline condition, compared to the Continuity principle, participants were more likely to choose the BV response
for the Contact principle (β = 2.43, SE = 0.91, p = .007) and
Solidity principle (β = 1.95, SE = 0.92, p = .03). In the BV
condition, participants were less likely to choose the BV response for the Contact principle compared to the Continuity
principle (β = -1.84, SE = 0.35, p < .001) and the Solidity
principle (β = -2.37, SE = 0.39, p < .001). This model outperformed the null model (AICcondition×principle = 701.65, AICnull =
882.65, p < .001), the model that did not include the interaction term (AICcondition+principle = 739.06, p < .001), as well as
more complex models that included experiment or trial type
(easy vs. hard test trials).
Table 1: Coding criteria and examples for explanations
Category
Accept
Evidence

0.75

Explain
Away

Condition
Baseline
Belief Consistent
Belief Violation

0.50

0.25

0.00

Contact Continuity Solidity

Principle

Figure 8: The proportion of trials that participants selected
the BV response by condition and principle, in Experiment 2.
The dashed line indicates chance selection (.5), and the error
bars indicate bootstrapped 95% CIs.
Next, we looked at participants’ choice for each principle
separately. For all 3 principles, participants were more likely
to choose the BV response in the BV condition than in the
Baseline condition (Continuity: β = 15.84, SE = 4.20, p <
.001; Solidity: β = 14.45, SE = 3.45, p < .001; Contact: β =
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Criterion
Accepted the violation
of the target principle in
the counterevidence.
Explained the counterevidence with reasons that would not involve any violations of
the target principle.

E.g., Solidity
“The car can go
through the wall.”
“The first wall was
further away towards
the back.”

Pattern

Noted the pattern in the
evidence.

“Because it will follow
the sequence of events
previously seen.”

Other

Explanations that cannot be categorized into
the first three categories.

“I don’t know.”

Lastly, for the explanation questions, 2 researchers coded
participants’ responses into different categories (the interrater
reliability was excellent, Cohen’s Kappa = .94; disagreements were resolved through discussion). In the BC condition, most responses (98.2%) referred to the principle itself to
explain the evidence (the only response not referring to the
principle was incomprehensible). In the BV condition, we
categorized participants' explanations into four categories.
The criteria for categorization and examples are shown in Table 1.

Table 2 shows the number of responses coded within each
category for each principle. Logistic regression revealed that
participants were more likely to choose the BV response for
the principle if they provided “accept evidence” (β = 1.61, SE
= 0.52, p = .002) or “pattern” (β = 2.06, SE = 0.68, p = .003)
explanations for that principle, compared to if they provided
“other” explanations. There was no difference between participants who provided “explain away” and “other” explanations (β = 0.66, SE = 0.44, p = .14). In addition, participants
who provided “accept evidence” explanations for all 3 principles were more likely to choose the BV response overall
compared to participants who provided “accept evidence” explanation for none of the principles (β = 1.95, SE = 0.80, p =
.015). There was no difference between participants who provided “accept evidence” explanation for zero and one principle (β = 0.64, SE = 0.79, p = .42), or for zero and two principles (β = 0.22, SE = 0.66, p = .73).
Table 2: Number of responses by category and principle

Accept Evidence
Explain Away
Pattern
Other

Contact
6
9
2
4

Continuity
7
5
8
1

Solidity
7
6
3
5

Second, across two experiments, we found that participants were less likely to revise their beliefs about the contact principle compared to the other two principles. One
possible explanation for this result is that negative evidence
(e.g., placing an object on the toy does not activate it) is
necessary to revise the contact principle. Indeed, Kushnir &
Gopnik (2007) found that preschoolers can revise their beliefs about the contact principle when shown contrasting evidence (i.e., placing an object above the toy made it go but
placing an object on the toy did not). Moreover, we might
have observed more violations of the contact principle in
real life (e.g., magnets, remote controls). This leads to 2
possibilities. First, we might have weaker prior beliefs about
the contact principle, making this principle easier to be revised in a specific context. Second, we might believe that
the contact principle is more probabilistic, making this principle harder to revise because the counterevidence could be
seen as exceptions and dismissed. Our results are consistent
with the second possibility. Future studies can probe
whether there are indeed more violations of the contact principle in the real world, and whether the contact principle is
believed to be more probabilistic than others.

General Discussion

Discussion
Experiment 2 showed that adults have strong prior beliefs
about the contact, continuity, and solidity principles, but they
can revise their prior beliefs in a specific context given counterevidence. When adults did not receive any new evidence
about these principles and when they received evidence supporting these principles, they predicted that the outcomes of
new events would be consistent with the principles. But when
they received evidence violating these principles, they were
more likely to predict outcomes inconsistent with the principles. Similar to Experiment 1, adults’ performance did not
differ in the easy and hard test trials, suggesting that they
were willing to generalize their revised beliefs to new situations. Participants’ explanations of the belief-violating evidence suggest that only a small portion of participants had
accepted the counterevidence and revised their beliefs, and
these participants were indeed more likely to predict outcomes that violated the principles. However, other participants simply learned from the statistical pattern of the evidence or explained away the counterevidence.
We also discovered some interesting differences across
principles. First, when given no new evidence, participants
were more likely to predict outcomes inconsistent with the
principles for the contact and solidity principles compared to
the continuity principle. This might suggest that adults have
weaker prior beliefs about the contact and solidity principles.
However, this might also be due to perceptual ambiguities in
the stimuli (e.g., for solidity, some participants thought that
the first wall was further towards the back).
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The present study reports the first systematic investigation of
whether adults can revise their beliefs about the most fundamental principles governing object reasoning. We found that
although adults have strong prior beliefs about these principles, they were able to revise these beliefs in a specific, virtual world with just a few pieces of counterevidence, and generalize their revised beliefs to new contexts in this virtual
world.
Adults and children often immerse themselves in fictional
worlds (e.g., movies, novels, magic shows), where they suspend their beliefs about the core physical principles. Past research showed that our judgments about the fictional worlds
(e.g., adults’ estimation of the efforts required to cast spells
that cause physical violations; McCoy & Ullman, 2019) are
still guided by our intuitive theories about physics. The present study is the first to suggest that adults have the potential
to entertain a system of physical principles that is completely
different from our intuitive theories in the real world.
In the present study, only a small portion of adults had accepted the counterevidence and revised their beliefs in this
virtual world, while others responded based on statistical
learning or explained away the counterevidence. In an ongoing study, we examine whether adults are more likely to revise their beliefs when given more compelling counterevidence (i.e., photorealistic, three-dimensional stimuli made
with Blender). The new stimuli also rule out many perceptual
ambiguities (e.g., for solidity, it is clear that the first wall is
not further towards the back). In the present study, adults generalized their revised beliefs to slightly different contexts. We
further probe the extent to which adults are willing to generalize the revised beliefs in the ongoing study by asking them
to make predictions about events that are more different from
the original events.
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Abstract
This study investigates how neural networks reveal
developmental trajectories of child language, focusing on the
Agent-First strategy in comprehension of an active transitive
construction in Korean. We develop three models (LSTM;
BERT; GPT-2) and measure their classification performance
on the test stimuli used in Shin (2021) involving scrambling
and omission of constructional components at varying degrees.
Results show that, despite some compatibility of these models’
performance with the children’s response patterns, their
performance does not fully approximate the children’s
utilisation of this strategy, demonstrating by-model and bycondition asymmetries. This study’s findings suggest that
neural networks can utilise information about formal cooccurrences to access the intended message to a certain degree,
but the outcome of this process may be substantially different
from how a child (as a developing processor) engages in
comprehension. This implies some limits of neural networks
on revealing the developmental trajectories of child language.
Keywords: Agent-First strategy; Neural network; Active
transitive; Child comprehension

Introduction
One active trend in research on child language development
is to adopt computational modelling techniques to address
developmental trajectories of children’s linguistic knowledge
(e.g., Alishahi & Stevenson, 2008; Ambridge et al., 2020;
Bannard et al., 2009; You et al., 2021). There is growing
interest in the ways neural networks (NNs) address human
language behaviour (e.g., Futrell & Levy, 2019; Hu et al.,
2020; Warstadt & Bowman, 2020). Artificial NNs, analogous
to biological NNs in human brains (Haykin, 2009; Hopfield,
1982; Jordan, 1997), are proposed as a computing system
which comprises weighted and layered interconnections
amongst processing units (loosely modelling neurons in the
brain) responding to input in parallel and producing output
through propagation (see Kriesel, 2007 for in-depth
descriptions of neural networks). NNs are applied to various
disciplines (Abiodun et al., 2018) due to its efficient
performance on data analysis factors (Wang et al., 2017), but
they require exceedingly large training samples and
considerable computing resources for effective operation
(e.g., Edwards, 2015). Moreover, the continuous
development of NN algorithms has made their internal
mechanisms deviate from how biological neurons operate in
reality (e.g., Crick, 1989). Recent studies have shown that
transformers, which are characterised as the attention

mechanism (e.g., Vaswani et al., 2017), yield better
performance on language tasks than previously proposed
architectures (e.g., Hawkins et al., 2020). Nevertheless, we
are not aware of any study that attempts to explain properties
of child language through the lens of NNs, particularly any
that reveals the extent to which NN models address the
findings of behavioural experiments around children.
The present study investigates this inquiry, focusing on the
Agent-First strategy in child comprehension. Children often
map the ﬁrst noun (mostly the subject) of a sentence to an
agent role during comprehension (e.g., Abbot-Smith et al.,
2017; Sinclair & Bronckart, 1972; Slobin & Bever, 1982).
This strategy, whether it be a temporary bias in online
processing (e.g., Abbot-Smith et al., 2017) or a heuristic
persistent over the entire comprehension (e.g., Slobin &
Bever, 1982), is driven from various sources. To illustrate,
repeated exposure to the particular association between the
ﬁrst argument and agenthood provides a prototype for
thematic role ordering (e.g., Bates & MacWhinney, 1989).
The first item in a sequence also holds a privileged status in
human cognition; language users employ the first element in
a sentence as a starting point for language behaviour, which
guides the rest of the sentence (MacWhinney, 1977). When
comprehenders initiate linguistic representations and map
new information onto the developing structure, the firstmentioned item provides a pathway for the sentence-level
integration of incoming information later, rendering that item
advantageous
and
privileged
in
comprehension
(Gernsbacher, 1990). Moreover, this strategy aligns with the
typical composition of an event by placing an entity that
engages most strongly with an action in the early phase of
information ﬂow (Bornkessel-Schlesewsky & Schlesewsky,
2009; Cohn & Paczynski, 2013). Existing literature, mostly
based on the major languages currently under investigation,
reports children’s heavy reliance on this strategy for sentence
comprehension (e.g., Abbot-Smith et al., 2017; Gertner et al.,
2006; Yuan et al., 2012). This favours the early emergence
and universal application of this strategy as an intrinsic
cognitive bias for child comprehension across languages.
We pursue this inquiry through an active transitive
construction in Korean, an agglutinative, SOV language with
overt case-marking. The canonical word order for the active
transitive follows agent-theme ordering as in (1a); this can be
scrambled as in (1b), manifesting the reverse thematic role
ordering (theme-agent). Korean allows the omission of
sentential components if the omitted information can be
inferred from the context (Sohn, 1999). We develop various
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NN models—LSTM (Hochreiter & Schmidhuber, 1997),
BERT (Devlin et al., 2018), and GPT-2 (Radford et al.,
2019)—to explore what these models can(not) demonstrate
about child comprehension with respect to the Agent-First
strategy. We train each model with caregiver input in the
CHILDES database (MacWhinney, 2000), and evaluate its
performance in classifying test items used in Shin (2021).
(1a) Active transitive (canonical)
kyengchal-i
totwuk-ul
cap-ass-ta.
police-NOM thief-ACC
catch-PST-SE1
‘The police caught the thief.’
(1b) Active transitive (scrambled)
totwuk-ul
kyengchal-i
cap-ass-ta.
thief-ACC
police-NOM
catch-PST-SE
‘The police caught the thief.’

Korean-speaking children’s utilisation of the AgentFirst strategy to comprehension of active transitive
Shin (2021) finds that, for Korean-speaking children’s
comprehension of a transitive event, the Agent-First strategy
is activated properly only in conjunction with other types of
grammatical cues. Shin measured typically developing threeto-six-year-old children’s comprehension of the active
transitive construction involving scrambling and omission of
constructional components through a series of pictureselection tasks. To this end, Shin devised an innovative
methodology that systematically obscured parts of test
stimuli with acoustic masking (e.g., coughing, chewing,
yawning) accompanied by child-friendly contexts.
Shin (2021) notes four major findings (Table 2). First,
whereas the children had a good command of case-marking
knowledge (NOM indicating the agent; ACC indicating the
theme), they showed asymmetric performance by canonicity:
they were better in the canonical (NNOMNACCV) than the
scrambled (NACCNNOMV) condition. Second, they did not
manifest the agent-ﬁrst interpretation strongly in NCASEV,
showing around 40 per cent for the 3-4yrs and around 60 per
cent for the 5-6yrs. In this condition, children must determine
the thematic role of the ﬁrst and sole case-less argument,
which can in principle be interpreted as either the agent or the
theme. If the Agent-First strategy strongly guides children’s
comprehension, this argument should be interpreted as the
agent reliably, which was not the case. Third, compared to
NCASEV, the presence of a second noun (NCASENCASEV)
increased responses consistent with the Agent-First strategy,
but its magnitude differed by age: only the 3-4yrs
considerably enhanced the agent-first interpretation from
NCASEV to NCASENCASEV. Fourth, the presence of markers
(NNOMV) substantially increased the agent-ﬁrst response rates
for both age groups.
Based on these findings, Shin (2021) when Koreanspeaking children interpret a transitive event, they do not

employ this strategy automatically and immediately based
solely on an argument’s initial position in the sentence.
Considering the particular experimental setting in which
participants were exposed to pictures prior to stimuli so that
they adjust their interpretation to transitive events with two
animate participants (one as an agent and the other as a
theme) before encountering the stimuli, the children’s
comprehension behaviour would have been guided by two
major forces. One involves properties of caregiver input
regarding transitive events. In CHILDES, the number of ﬁrstnoun-as-agent pattern instances did not exceed that of ﬁrstnoun-as-theme pattern instances, but almost all of the
transitive instances had either a second argument or a marker
(with a strong agent–NOM association). The other force
involves the developing nature of a child processor,
prioritising a local cue over a distributional cue (Wittek &
Tomasello, 2005). Children may attend to the local pairing
that associates the NOM-marked argument onto agenthood
before becoming sensitive to the broad-scope distributional
cue involving a second argument in employing the assumed
Agent-First strategy for complete interpretation of a
transitive sentence. Because the activation of the Agent-First
strategy is tied to other grammatical cues such as casemarking (particularly NOM) and a second nominal, Koreanspeaking children (and even adults) employ this strategy with
conﬁdence only when they are provided with a linguistically
informative environment. This argument challenges the longstanding idea that children have the default mapping of the
agent onto the ﬁrst noun as an intrinsic comprehension bias,
as claimed by previous studies targeting the major languages
(e.g., Abbot-Smith et al., 2017; Gertner et al., 2006).
Table 1. Summary of results: major conditions (α = .05)
Group Mean (%)
3-4yr
84.44
NNOMNACCV 5-6yr
94.20
Adult
100.00
3-4yr
77.78
NACCNNOMV 5-6yr
71.01
Adult
100.00
3-4yr
94.44
NNOMV
5-6yr
97.10
Adult
93.33
3-4yr
92.22
NACCV
5-6yr
97.10
Adult
100.00
3-4yr
66.67
NCASENCASEV 5-6yr
77.27
Adult
90.00
3-4yr
42.59
NCASEV
5-6yr
60.42
Adult
66.67

1
Abbreviation: ACC = accusative case marker; CASE = case
marker (unspecified); NOM = nominative case marker; PST = past
tense marker; SE = sentence ender; V = verb.
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Condition

SD
0.36
0.24
0.00
0.42
0.46
0.00
0.23
0.17
0.25
0.27
0.17
0.00
0.48
0.42
0.04
0.50
0.49
0.06

Note
Scoring:
accuracy (1:
correct; 0:
incorrect)

Scoring: high
likelihood of
agent-first
interpretation (1:
agent-first; 0:
theme-first)

With these in mind, we ask whether/how NNs, as a proxy
for children’s cognitive space wherein learning occurs, reveal
their developmental trajectories as a function of the interplay
between properties of input (child-directed speech) and
domain-general learning capacities (statistical learning). We
pursue this inquiry by developing three NN models with
caregiver input and measuring their classification
performance on the same stimuli used in Shin (2021),
specifically focusing on the major conditions relating to the
Agent-First strategy listed in Table 1. For model training, we
employ the caregiver input data extracted from CHILDES
pertaining to transitive events to reflect the experimental
setting of Shin (2021), where children’s interpretation was
contextualised through pictures before presenting aural
stimuli. It is known that caregiver input—which notably
differ from adult language usage in terms of clausal
composition (e.g., non-human agents, partial utterances) and
mode of delivery (e.g., simple, short, repetitive) (e.g.,
Cameron-Faulkner et al., 2003)—effectively supports
children’s development of linguistic knowledge (e.g.,
Behrens, 2006; Choi, 1999). If NNs faithfully respect this
characteristic, the models in this study should approximate
child comprehension patterns measured by Shin (2021), with
reasonable accuracy, like their successful performance in
some adult language features (e.g., Futrell & Levy, 2019;
Hawkins et al., 2020; Warstadt & Bowman, 2020).

Methods
With the Python packages and pre-trained models, we trained
three models (Table 2) with all the caregiver input data in
CHLDES, along with parameter setting advised by previous
studies (e.g., Vázquez et al., 2020; Wu et al., 2019). The
caregiver input data were pre-processed in two ways: typos
and spacing errors were corrected, and any sentence whose
length was less than five characters or those consisting only
of onomatopoeia and mimetic words were excluded. These
treatments resulted in 69,498 sentences (285,350 words).
Table 2. Summary: Model specification
LSTM
BERT
GPT-2
Package PyTorch
Transformers
PreKoCharElectra KoBERT
KoGPT2-base-v2
trained -Base (Park, (Jeon, Lee et (Jeon, Kim et al.,
model 2020); 11,568 al., 2019); 54- 2019); 51,200syllable types million-word word tokens
tokens
Tokeni- Syllable-based Syllable-based Syllable-based
sation
WordPiece
Byte Pair Encoding
Model- Hidden layers: Batch: 32, Sequence length: 256,
specific 256, Epoch: 10, Epsilon: .00000001, Seed: 42,
Learning rate: Epoch: 30, Learning rate: .0001
.00002
We note that we used the respective pre-trained models in
developing each NN model. While NNs typically require
large training data for their optimal operation, there is no pre-

trained model exclusively constructed with caregiver input,
nor a sufficient amount of Korean caregiver input data to
create a pre-trained model. In addition, children are not
surrounded only with caregiver input in real life; there are
many types of exposure to language use that children
experience. Adopting a pre-trained model in conjunction with
the caregiver input data can be one way to approximate this
nature, possibly ensuring better ecological validity for the
simulation. Notably, no research has ever touched upon this
issue, thus worthy of further attention.
Table 3. Constructional patterns for transitive events in
the caregiver input (adapted from Shin, 2020)
Frequency
#
%
1,757 25.46
Canonical No omission
active
no ACC
Agt-1st
268 3.88
transitive no NOM
19 0.28
51 0.74
Scrambled No omission
active
no NOM
Thm-1st
0 0.00
transitive no ACC
6 0.09
agent–theme, no CM
Agt-1st
3 0.04
theme–agent, no CM
Thm-1st
0 0.00
undetermined, no CM
0 0.00
Active
Agt-1st
935 13.55
Transitive agent–NOM only
with
theme–ACC only
Thm-1st 1,938 28.08
omission agent only, no CM
Agt-1st
53 0.77
theme only, no CM
Thm-1st 1,155 16.73
undetermined, no CM1) Agt-1st
40 0.58
2 0.03
Canonical No omission
suffixal
no DAT
Thm-1st
0 0.00
passive
no NOM
0 0.00
1 0.01
Scrambled No omission
suffixal
no NOM
Agt-1st
0 0.00
passive
no DAT
0 0.00
theme–agent, no CM
Thm-1st
0 0.00
agent–theme, no CM
Agt-1st
0 0.00
undetermined, no CM
0 0.00
Suffixal
Thm-1st
theme–NOM
only
407
5.90
passive
with
agent–DAT only
Agt-1st
13 0.19
omission theme only, no CM
Thm-1st
20 0.29
agent only, no CM
Agt-1st
0 0.00
undetermined, no CM2) Thm-1st
0 0.00
Ditransitive recipient–DAT only1)
Agt-1st
234 3.39
Sum
6,902100.00
Note. CM = case-marking. Ciwu and Mia are human names.
The labels of 1) and 2) were determined by the typical
thematic role ordering in each construction type. We included
a ditransitive construction with only a recipient–dative
pairing. Although it does not relate to a transitive event per
se and does not count as a relevant pattern, we considered this
constructional pattern here because the dative marker is often
used to indicate a recipient in the active and thus a potential
competitor of the agent–dative pairing in the passive.
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Construction

Label

For the binary classification of test items (Agent-First;
Theme-First) in consideration of the experimental setting of
Shin (2021), these models were further trained with instances
of all the constructional patterns expressing a transitive
event—active transitive and suffixal passive, with
scrambling and varying degrees of omission manifested—
with labels indicating whether the thematic-role ordering of
these instances followed agent-first or theme-first (Table 3).
The instances were extracted from the pre-processed
caregiver input data through an automatic search process (cf.
Shin, 2020); every sentence for each extraction was checked
manually to ensure its accuracy. Although the focus
concerning the Agent-First strategy in this study was the
active transitive, we included the suffixal passive, another
major clause-level device expressing a transitive event and
the representative type of passive that children are likely to
encounter in caregiver input (Shin, 2020). Furthermore,
considering the zero occurrence of some patterns in the input,
we adapted the Laplace smoothing technique (Agresti &
Coull, 1998) by adding one fake instance (following the
pattern-wise characteristics) to all the patterns. Nonetheless,
most of the input comprised the active transitive, occupying
more than 90 per cent of the entire input.
For test items, we employed the same stimuli used in Shin
(2021). Each condition consisted of six instances, with
animals as agents and themes and actional verbs at the end
(Table 4). Each trained model classified every test stimulus,
evaluating if the stimulus fell into Agent-First or ThemeFirst. We note that, while the stimuli of NCASENCASEV and
NCASEV in Shin (2021) involved acoustic masking, the same
stimuli types in the simulation did not have such auditory
effects. This was unavoidable considering this study’s
simulation setting where the models worked exclusively with
the text data. We acknowledge that this difference might
serve as one confounding factor for interpreting the results.

information sequentially (by generating respective hidden
layers), and it compared the outcomes (as a value of one for
Agent-First or zero for Theme-First) to the actual labels of
these stimuli. We repeated the same learning process 30 times
and averaged the by-condition outcomes to assess the
models’ classification performance, controlling for potential
unexpected variations from any training phase.
For the BERT model, every input sentence began and
ended with [CLS] (marking the start of a sentence) and [SEP]
(marking the end of a sentence) to indicate sentence
boundaries. A ‘Label’ column was added to indicate whether
the sentence was Agent-first or Theme-first. We tokenised
the sentences by syllable (mirroring the pre-trained model)
and converted them into numeric values which served as
designated indices of the tokens in the pre-trained model. All
the information obtained by this process was transformed into
a tensor (i.e., a data format reducing the size to make
processing faster). The initial values of epsilon, learning rate,
and seed were automatically updated with the outcomes of
each epoch. The training occurred 960 times (32 batches * 30
epochs) from the initial model with the zero value of
gradients to an optimal model with updated values through
feedforward and backpropagation (cf. Xu et al., 2020). The
trained model classified the test stimuli; like the LSTM
model, we averaged the by-condition classification outcomes
from 30 times of learning.
The GPT-2 model’s training process was almost the same
as above, except that the GPT-2 model used no symbol to
mark the start/end of each input sentence. While BERT
(WordPiece) utilises a word as a basis for tokenisation, GPT2 (Byte Pair Encoding) utilises a character (in the case of
English) for this purpose. Notably, however, both KoBERT
and KoGPT-2 employed a syllable as a basic unit of
tokenisation (likely in consideration of the properties of
Korean), so there was no essential difference between the two
methods regarding tokenisation.

Table 4. Composition of test stimuli
Condition
NNOMNACCV
†
NACCNNOMV
NNOMV
NACCV
NCASENCASEV
NCASEV

Example
dog-NOM cat-ACC poke
cat-ACC dog-NOM poke
dog-NOM poke
cat-ACC poke
dog cat poke
dog poke

Results and Discussions

Expected
classification
Agent-first
Theme-first
Agent-first
Theme-first
Agent-first
Agent-first

Case-marked conditions

There is no syllable-based Korean pre-trained model
exclusively for LSTM, so we adapted a pre-trained model for
ELECTRA to extract relevant vocabulary information to
train our LSTM model. We separated sentences from labels
in the caregiver input data and tokenised the sentences by
syllable, imitating the structure of the pre-trained model. All
the syllables obtained from the pre-trained model and the
caregiver input data were submitted to the model’s input
layer, and the number of sentence labels were utilised as its
output layer. Once the training was completed, the model
processed the test stimuli, accumulating by-syllable

Figure 1 illustrates the classification performance of the three
models, together with the children’s and adults’ performance
measured in Shin (2021), on the four case-marked conditions.
For the two-argument conditions, each model demonstrated
asymmetric rates of accuracy. The LSTM model was
constantly at-ceiling for both conditions (M = 90.28, SD =
0.30 for NNOMNACCV; M = 91.67, SD = 0.28 for NACCNNOMV),
approximating the adults’ accuracy rates. In contrast, the
other two models’ performance was affected by canonicity:
they showed a drop in accuracy for the scrambled condition
relative to the canonical counterpart (BERT: M = 100.00, SD
= 0.00 for NNOMNACCV; M = 51.61, SD = 0.50 for
NACCNNOMV; GPT-2: M = 100.00, SD = 0.00 for
NNOMNACCV; M = 16.67, SD = 0.37 for NACCNNOMV). This
trend was somewhat similar to the children’s performance,
but the gap between the two conditions was much larger for
the models than for the children. For the one-argument
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conditions, all the models achieved above-chance
performance (LSTM: M = 72.22, SD = 0.45 for NNOMV; M =
100.00, SD = 0.00 for NACCV; BERT: M = 85.00, SD = 0.36
for NNOMV; M = 97.22, SD = 0.16 for NACCV; GPT-2: M =
83.33, SD = 0.37 for NNOMV; M = 83.33, SD = 0.37 for
NACCV), which resembled the children’s accuracy rates.

when handling child language. The LSTM model’s good
classification performance further aligns with previous
reports on this model’s success in learning and generalising
clause-level linguistic knowledge (Futrell & Levy, 2019;
Wilcox et al., 2018). In particular, when the characteristics of
a test stimulus does not match those of typically appearing
sentences in use (like scrambled word order), the attention
mechanism may not have discriminated that stimulus
effectively due to the larger volume of information—both
sequential and positional information—that it retains
compared to the recurrent architecture, which has only
sequential information. This implies that a sophisticated,
cutting-edge model may not always bring the best outcome.

Case-less conditions

Figure 1. Child comprehension and model performance.
X-axis: group (for experiment) or model (for simulation). Yaxis: accuracy. Error bars indicate 95% CI.
These results suggest two major aspects in the models’
classification performance on the case-marked conditions.
First, it seems that BERT and GPT-2 followed characteristics
of the caregiver input selectively. Recall that (i) the number
of ﬁrst-noun-as-agent patterns (3,049 instances) did not
exceed that of ﬁrst-noun-as-theme patterns (3,579 instances)
and (ii) the number of nominative-first patterns (overtly
marked with the nominative case marker; 3,369 instances)
outnumbered that of accusative-first patterns (overtly marked
with the accusative case marker; 1,989 instances) despite the
generally higher omission rate of the accusative case marker
than that of the nominative case marker in caregiver input
(Shin, 2020). Given these properties, the three models may
have attended primarily to the form of a specific case marker
(overtly attested in a test stimulus) rather than to the
meaning/function (i.e., thematic roles) of the initial noun.
This may have led to both success in one-argument
conditions, where consideration of thematic role ordering
was not required, but partial success in the two-argument
conditions, where thematic role ordering between the two
arguments should be considered. This model performance
may have been further enhanced by the respective pre-trained
models, created by general/adult language use involving the
dominance of canonical word order and the frequent
omission of the accusative case marker (Sohn, 1999).
Moreover, the LSTM model’s outperformance over the
other two transformer-architecture models in NACCNNOMV—
against our prediction—indicates the algorithm-exclusive
memory cell’s contribution to information processing. In
other words, the existence of a memory cell may have
assisted the classification accuracy as effectively as the
attention mechanism in the transformer-architecture models
in the given simulation environment. Considering that
transformer architecture excels in utilising information from
long input sequences, it is reasonable to think that BERT and
GPT-2 may not have fully exerted their algorithmic strength

Figure 2 illustrates the classification performance of the three
models, together with the children’s and adults’ performance
measured in Shin (2021), on the two case-less conditions. The
performance indicates the high likelihood of agent-first
interpretation (1: agent-first; 0: theme-first) because these
conditions can in principle be interpreted in more than one
way. For NCASENCASEV, the LSTM model was above-chance
(M = 63.89, SD = 0.48), and the BERT and GPT-2 models
were below-chance (BERT: M = 34.44, SD = 0.48; GPT-2:
M = 33.33, SD = 0.47). For NCASEV, all the models were
below-chance (LSTM: M = 25.00, SD = 0.43; BERT: M =
18.89, SD = 0.39; GPT-2: M = 0.00, SD = 0.00).

Figure 2. Child comprehension and model performance.
X-axis: group (for experiment) or model (for simulation). Yaxis: proportion of agent-first interpretation. Error bars
indicate 95% CI.
These results indicate that the models failed to capture the
trend manifested by the children. The BERT and GPT-2
models malfunctioned in these conditions, performing with
high deviation from the children’s interpretation for the same
conditions. The performance of the LSTM model was close
to the children’s interpretation in NCASENCASEV, but differed
considerably from it in NCASEV. One possible cause of this
global anomaly originates from the interaction between the
nature of the two conditions and the models’ informationprocessing mechanism, which looks exclusively to formal
sequences. The under-informativeness in determining the
thematic role of the first noun involving the two conditions
would have affected both the children’s comprehension and
these models’ performance. However, the three models may
have been more influenced than the children by the lack of
reference point for the classification decision (i.e., casemarking) in the stimuli, rendering their performance
substantially deviant from the children’s response rates.
Notably, compared to NCASEV, the LSTM model improved its
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performance towards Agent-First when additional
information (a second nominal) appeared in NCASENCASEV.
This improvement is ascribable to the same reason suggested
for its performance on the case-marked conditions: a memory
cell may have helped this model better utilise this additional
information than the attention mechanism in their search for
the intended label of this condition.

General Discussion
This study’s results can be attributed to various factors. For
instance, the simulation environment in this study may not
have perfectly conformed to the experimental setting of Shin
(2021) to the extent that the models utilised relevant
information from the stimuli in the exact same way as the
children did in the experiment. We trained each model with
all the transitive-event instances in CHILDES, reflecting how
the children in Shin (2021) attuned their interpretation to
transitive events before they were exposed to the stimuli.
Despite this treatment, our models might not have had a
testing environment fully compatible with the one that the
children experienced. Moreover, while the experimental
stimuli in Shin (2021) employed acoustic masking to obscure
the case markers so the children would notice that there was
something but hidden, the same stimuli in the simulation
involved no such acoustic signals. This absence of auditory
information about the marker(s), which was inevitable given
the simulation setting in which the models operated
exclusively with the textual data, may have affected the
model performance in an unexpected way. Together,
although we conducted the simulation work as consistently
with the experimental setting in Shin (2021) as possible, this
simulation inherently stood on a slightly different ground
than the experiment (as most modelling research does),
possibly generating the observed model–children asymmetry.
However, we highlight that, because these issues have not
been fully explored yet in this field, we cannot say for certain
that these are the all-and-only reason of this asymmetry.
Another possible factor for these models’ odd performance
is around language-specific properties. While Korean
caregiver input joins the general characteristics of childdirected speech (e.g., Cameron‐Faulkner et al., 2003), it also
manifests language-specific properties such as scrambling
and omission of sentential components at varying levels. In
addition to the general nature of caregiver input, the NN
models may have thus been affected by the specific word
order and/or the presence of case markers in conducting the
classification, as shown with the two-argument case-marked
scrambled condition (NACCNNOMV) and the two case-less
conditions (NCASENCASEV; NCASEV). This aligns with
previous reports on language-specific challenges for
automatic processing of Korean (e.g., Shin & Jung, 2021;
Kim et al., 2007). Since we are unaware of any study on the
contribution of language-specific properties to NNs’
performance on child language, this claim awaits further
examination.
In addition to these factors, we argue that the
characteristics of these models’ internal algorithms may be a
core source of this asymmetry. NNs often exploit contextual

information through window-based computation (Haykin,
2009; Kriesel, 2007) when given a sampling of data points.
One common practice regarding this computation is to induce
contextual information from a particular formal sequence
involving words/characters; that is, they rely heavily on form.
This yields a context in a computational sense, but
importantly, it is qualitatively different from a linguistic
context, which involves semantic–pragmatic considerations.
Hence, whenever the models access the meaning/function of
a linguistic unit, they exploit the formal co-occurrence in the
incoming input, rather than directly drawing upon the
meaning/function of the linguistic unit of interest during their
processing. Moreover, NNs are designed to generalise what
they already have (through pre-trained models and
information from the training), but are not designed to make
reasonable predictions outside of a trained range (Ye, 2020).
This algorithmic nature—which exclusively utilises
sequence-based formal information existent within a
model—may have rendered the models in this study deviant
from the children’s performance on some test stimuli
possibly out of range. The key evidence comes from the
models’ performance on NCASEV (the condition in which a
simulated learner must determine the thematic role of the first
and sole case-less noun only with its presence) compared to
their performance on NNOMV and NACCV (the conditions in
which the same learner has more, and core, information about
the first noun’s thematic role indicated by specific case
markers next to the noun).
This manner of algorithmic operation differs from how a
human processor deals with linguistic knowledge, which is
characterised as simultaneous activation of multiple (non)linguistic routes in parallel and immediate mapping of form
onto function (and vice versa) to reduce the burden of work
at hand (e.g., Karimi & Ferreira, 2016; McRae & Matsuki,
2009; O’Grady, 2015; Traxler, 2014), despite the same
pursuit of efficiency in information processing like a
computation model. In particular, considering the developing
nature of a child processor (e.g., Choi & Trueswell, 2010;
Omaki & Lidz, 2015; Özge et al., 2019; Snedeker &
Trueswell, 2004), the children in Shin (2021) may have made
the best (albeit imperfect) use of the information available at
the time, based on their learning trajectories. That is, when
they computed the relative agenthood between the two
arguments with no animacy hierarchy involved, their
interpretation may have been swayed away by multiple
sources, including verb semantics, event/world knowledge,
and cognitive bias such as the Agent-First strategy.
To conclude, while NNs tested in this study (and perhaps
any currently developed computational algorithms) can
utilise information about formal co-occurrences to access the
intended message to a certain degree, the outcome of this
process may be substantially different from how a child (as a
developing processor) engages in comprehension. Despite
this study’s simulation-wise limitations, the implications of
the current study provide evidence of some limitation in the
NNs’ capacity for revealing developmental trajectories of
child language.
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Abstract
While an apparent tendency for negative markers to appear
before the verb has been observed in typology, language
acquisition, and language emergence, it remains uncertain
what factors may motivate such a preference. The present
study uses an artificial language learning paradigm to test the
existence of learning asymmetries consistent with Neg-First
preferences in English speakers. The study further incorporates
a dyadic interaction task to investigate proposals that the NegFirst tendency is driven by communicative factors. Results
show that learners overall produced more preverbal negation
than was found in the input language, consistent with a NegFirst bias. However, interaction only induced greater preverbal
negation use when preverbal negation was the majority word
order in the input language. This does not support the proposal
that communication generally promotes a Neg-First bias, but is
suggestive of greater regularization when a production bias is
aligned with a bias to eliminate variability during
communication.
Keywords: artificial language learning; negation; interaction;
typology

Introduction
In response to the apparent prevalence of preverbal standard
negation across the world's languages, Horn (1989: 452)
stipulated the Neg-First principle, which is the "strong
tendency for negative markers to gravitate leftward so as to
precede the finite verb or other possible loci of negation".
Indeed, several typological surveys seem to support the
idea that the standard negator is usually adjacent to the finite
verb and tends to precede the lexical verb across the world's
languages. Dryer (1988) reports data from a more
geographically and genetically balanced sample of 345
languages, showing a preverbal tendency for sentential
negation marking which is relatively independent of main
constituent order, although it appears that the tendency is
strongest for verb-initial languages and weakest for verb final
languages. Dryer (1988) proposed that this could be largely
explained by a combination of three sometimes-competing
principles: the Branching Direction Principle (which states
that languages have a tendency to order heads and phrases
consistently, e.g., verb-final languages tend to also use
postpositions), the Negative-Plus-VO Principle (which states
that the negator should not interrupt the VO unit), and the
Negative-Before-Verb (i.e., Neg-First) Principle. Dryer
(1988) argued that in VO languages, the Neg-First Principle
was not in conflict with the Branching Direction Principle,

but in OV languages these principles are in conflict and
cannot both be satisfied, which leads to the more balanced
distribution between pre- and post-verbal negation we see in
OV languages.
Dahl (2010) further considers that OV languages tend to
have more bound negators than free negation particles,
compared to VO languages, and furthermore, among affixal
negation, suffixal negation appears to be far more common
than prefixal negation. These patterns also contribute to the
differences in negation ordering that we observe between VO
and OV languages. Dahl (2010) also notes that morphological
negation is more often prefixal than comparable inflectional
categories like tense and aspect, a fact in favor of positing an
independent Neg-First tendency.
An apparent preference for preverbal negation has also
been noted in the domain of first and second language
acquisition. There is evidence that learners often go through
stages in which they systematically produce negative
sentences such that the negative marker appears earlier in the
sentence than it would in adult-like or target-like speech,
particularly when the positioning of negation is variable or
opaque in the target language (e.g., Swedish: Hyltenstam,
1977; German and English: Dimroth, 2010), even when both
the source and target languages would have postverbal
negation.
For example, there is evidence for a preverbal negation
preference in both first and second language acquisition of
Korean, which has both a postverbal and preverbal method
for expressing standard negation which are generally
considered to be synonymous, though they do have some
distributional differences. In child acquisition of Korean,
children use the preverbal negation construction at age 1;7,
but do not use the postverbal negation construction until
around age 3;5 (Kim, 1997). And in their study of adult L2
acquisition of Korean, Kim & Yun (2013) found that both L1
English and L1 Japanese beginner learners produced more
preverbal negation compared to Korean adults. However, it
is not necessarily clear that apparent developmental
trajectories which favor preverbal negation are actually
related to negation order, or if they are caused by the presence
of other difficult patterns that co-occur with certain negation
patterns, or differences in input frequencies that learners are
exposed to as a result of, for example, properties of childdirected speech.
Preverbal negation has been noted as a characteristic
feature of (especially, Caribbean) pidgins and creoles
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(Bickerton, 1975: 43; Holm, 1988: 171, Schneider, 2000).
Speaking just of English-related pidgins and creoles,
Schneider (2000: 211) declares that the "uninflected negator
no, placed preverbally, [...] is a feature which is practically
universal". Schneider (2000) suggests that the prevalence of
preverbal no in English-lexified creoles is a result of it being
favored for selection among competing forms, due to
substrate similarity and as a reflection a "natural universal
tendency", pointing towards the aforementioned tendencies
shown in typology and acquisition as evidence.
However, we run into the same methodological issue of
non-independence that concerns all language typology: is
preverbal negation common in pidgin and creole languages
because of a universal tendency, or because of factors of
language inheritance? While a preverbal negation pattern
involves some deviation from English and French lexifiers, it
is consistent with Spanish and Portuguese word order. The
preverbal negation pattern has also been attributed to
substrate transfer, from, for example, West African languages
like Yoruba and Gbe (Holm 1988: 172).
While some scholars have put forward proposals to
motivate the Neg-First tendency, these have not yet been
deeply investigated.

Audience-Design Proposal for Neg-First
The three principles proposed by Dryer's (1988) were not
meant to represent inviolable constraints on languages, but
general preferences motivated, perhaps, by advantages in
processing. For example, correlations in ordering for
different types of phrases (e.g., the tendency for OV
languages to have postpositions), which Dryer (1988) groups
under the Branching Direction Principle, have been argued to
allow for efficient online processing (e.g., Hawkins, 2004).
Dryer (1988) also speculated about a potential functional
motivation for a Neg-First principle in that "delaying
[negative
morphemes]
increases
the
risk
of
misunderstanding, [...] since the apparent meaning of a
sentence up to but not including the negative will be the
opposite of the intended meaning" (102). Horn (1989:449450) took up a similar focus on audience-design in the role of
the Neg-First principle, arguing that Neg-First was likely to
be even more pertinent in prohibitive sentences than
declaratives, as an impatient addressee may do the opposite
of what the speaker wants if negation is delayed.
Potentially corroborating this line of thinking,
psycholinguistic research has demonstrated that positive
counterparts to negative sentences are often represented in
the early stage of processing, particularly when contextual
support is absent (see Tian & Breheny, 2019 for a review of
the negation processing literature). However, when the
context is felicitous and pragmatically proper expectancies
for the use of negation are provided, there is less of a
tendency to first consider the positive argument. Therefore, if
audience design is a factor motivating the Neg-First principle,
then it would be to avoid a 'worst case scenario' in negation
processing, when contextual cues to negation are lacking or
not well-perceived.

Though there has been extensive research concerned with
the processing costs of negative sentences in comparison with
affirmative sentences, the specific effect on processing of
delaying cues to negation until after the verb has not been
widely investigated. However, Lipski (2018) did report that
among Spanish-Palenquero bilinguals, languages which
crucially differ in the placement of the sentential negator
(preverbal in Spanish, clause-final in Palenquero), processing
of Palenquero clause-final negation was more vulnerable to
the effects of cognitive distractions. This provides evidence
that delayed negation may make online processing more
precarious in less-than-ideal conditions (e.g., noise,
distraction, cognitive load).

The Present Study
In summary, evidence for a preference for preverbal or early
negation marking has been observed in typology, acquisition,
and language contact and emergence. While there have been
some proposals as to what might explain the preverbal
tendency for negation, these have yet to be corroborated with
behavioral evidence. Evidence of naturalistic acquisition is
suggestive of a bias towards early negation, though there are
many confounds which may contribute to the difficulty,
complexity, or frequency of different negation constructions
in natural languages.
The present study utilizes an artificial language learning
paradigm developed in Culbertson, Smolensky, & Legendre
(2012) and Hudson Kam & Newport (2005) to test the
presence of a preference for earlier negation in a language
that allows for free variation between preverbal and
postverbal negation. The degree to which learners shift the
probabilistic, unconditioned variation in the input language
may indicate underlying preferences for a certain variant.
Participants were also paired to take part in a directormatcher paradigm to investigate whether a preference for
early negation could be plausibly driven by the specific
pressures of communication, as opposed to learning and
production in isolation. If delaying negation creates slower or
more difficult comprehension, then participants may prefer to
place negation as early as possible, especially when new
information is being transmitted to a communicative partner.
A bias in favor of preverbal negation predicts that
participants in the majority preverbal negation condition will
boost the proportion of preverbal negation in their
productions relative to the input to a greater degree than
participants in the postverbal negation condition. We also
might expect that if there is a strong bias towards preverbal
negation, any frequency in the equiprobable condition would
be in the direction of preverbal negation. If the goals of
communication incur a special preference for early negation,
we would expect participants to produce a greater proportion
of Neg-V word order in the interactive condition than in the
first production stage.
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Experiment
Participants
54 adults completed the experiment, 18 participants in each
of three randomly assigned input conditions forming 9 dyads
per condition. 8 more participants were recruited but failed to
finish due to technical difficulties (n=4) or failing to match
with a partner within the time limit (n=4). All participants
grew up speaking English at home and/or in school, lived in
the US at the time of taking part in the study, and completed
the study remotely on a computer. Participants were recruited
through a combination of social media forums, flyers, and
snowball sampling. Participants were paid $15/hour for their
participation.

Materials
The artificial language included six nouns, four verbs, and a
negation particle (see Table 1) which are combined to create
simple transitive sentences. The language used VSO word
order and the negative particle could appear either
immediately before or after the verb. Whether a sentence
appeared with pre- or postverbal negation ordering was not
conditioned on any aspect of the sentence itself, but the
proportion of each negation order in the input language varied
depending on the input condition the participant was assigned
to.

Procedure

Table 1. Artificial language lexicon
Nouns
boxer
chef
burglar
cowboy
doctor
artist

daki
falit
ludin
mook
pepo
sido

preverbal negation ordering, participants in the Majority
VNeg Condition were exposed to majority (75%) postverbal
negation ordering, and participants in the Equiprobable
Condition were exposed to 50% of each ordering. During the
testing phase of the experiment, each participant was paired
with another participant in the same condition, creating 9
dyads in each condition.
The dependent measure of interest is the proportion of use
of the majority pattern in productions of participants across
the different experimental conditions. The bias to regularize
unconditioned variability in the input (Hudson Kam &
Newport, 2005, 2009; Culbertson et al. 2012) may push
learners to use the majority pattern more frequently than it is
found in the input. A bias in favor of preverbal negation
predicts that participants in the Majority NegV Condition will
regularize towards NegV word order to a greater extent than
participants in the Majority VNeg Condition will regularize
towards VNeg word order. We also might expect that if there
is a strong bias towards preverbal negation, regularization in
the Equiprobable Condition would be in the direction of
preverbal negation.
The amount of regularization that occurs in the isolated
production tasks and in the interactive task will also be
compared. If the communicative context introduces a special
preference for early negation, we predict participants to
produce a greater proportion of NegV word order in the
interactive condition than in the first production stage.

Verbs
shoot
patu
kick
sal
point
toma
punch
umi
Negation Particle
not
pik

VSO word order was chosen in order to mitigate transfer
effects from experience with English, though the prospect of
language transfer effects will be elaborated in the Discussion
section below. The word order was also chosen to avoid the
negator being placed adjacent to the object noun, so as to
prevent participants from interpreting the variation in
negation placement as a difference in the scope of negation
(i.e., sentential negation vs. constituent negation).
Audio of these sentences were synthetically generated
using Amazon Polly's 'Salli' voice and each sentence was
paired with a cartoon image depiction, adapted from
materials provided by Dr. Kenny Smith and drawn by Sara
Ronaldo.

Design & Predictions
Participants were randomly assigned to one of three language
input conditions in which the proportion of preverbal and
postverbal negation was manipulated: participants in the
Majority NegV Condition were exposed to majority (75%)

Each participant was trained and tested on the artificial
language in a single session no more than 90 minutes long.
The study was conducted remotely with a custom program
developed for the LIONESS experiment platform (Giamettei,
Yehosseini, Gächter, & Molleman, 2020). Participants were
run in even-numbered groups and given instructions over
Zoom before being sent the LIONESS study link in Zoom.
Participants were told that they would be learning a new
language, that this language may not always form sentences
the way that English does, and it was their task to learn how
to form sentences in this language. They were also told that
they would later be asked to use this language to play a game
with another participant. Participants worked through series
of three training stages in which participants were exposed to
the artificial language. This was followed by three critical
production stages (recall 1, interaction, and recall 2), in which
participants were asked to describe novel images withheld
during the training phase in the artificial language.
Stage 1, Noun Training Participants were introduced to the
six nouns of the artificial language over 18 exposure trials.
Then, participants were tested on their comprehension and
production of these nouns with 12 trials of a two-alternative
forced choice task (2AFC) followed by 12 production trials.
During this phase, and all training blocks to follow, the
trials were presented as follows. On each exposure trial,
participants were presented with an image and a
corresponding description in the language, visually printed
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beneath the image and aurally presented. On each 2AFC trial,
two images were presented on the screen above a description,
and participants were directed to use the left and right arrow
keys to choose the image that corresponded to the
description. The correct answer was on the left side half of
the time. Participants received feedback on their responses.
For production trials, an image was presented in the center of
the screen and participants were asked to type the text that
described the image into a text box. After participants
submitted their answer, the correct answer appeared on the
screen for 3s regardless of participant accuracy.
Stage 2, Sentence Training Participants were introduced to
the language's four verbs in the context of complete transitive
affirmative sentence over 48 exposure trials. Sentences were
balanced so that each noun was presented equally often with
each verb in both subject and object position. This was
followed by 12 2AFC trials and 12 production trials not yet
encountered by participants during the exposure stage. The
distractor images in the 2AFC trials differed from the correct
image by a single element (agent, action, or patient).
Stage 3, Negative Sentence Training Next, participants
were exposed to 48 negative sentences in the language. The
images used in this phase resembles those images used for
affirmative sentences, with a slightly transparent red circle
with a diagonal line superimposed over the center of the
image. As mentioned above, the proportion of preverbal vs.
postverbal negation varied between experimental conditions.
However, in each condition, sentences were controlled such
that each negation order appeared with all verbs and all nouns
in both subject and object positions, so that there were no
unintended regularities that might appear to condition the
order of negation in the sentence.
Participants completed 12 2AFC to test comprehension of
negative sentences. For these trials, one of the images
depicted the negated event, making this the incorrect choice,
and the other image differed in the depiction of the patient (as
in the image on the right side of Figure 1). Participants
received feedback on this task as in previous tasks. If they

chose the incorrect image, they received a reminder that
"negative sentences tell you what did not happen". By having
participants choose between 'affirmative' event drawings to
test negative sentence comprehension, we can check that
participants understood the function of the negation marker
without relying on the 'negation symbol' cue in the drawing.
Stage 4, Recall 1 The production phase following negative
sentence exposure and comprehension trials comprised 36
totals trials using images withheld from previous stages of the
experiment (24 negative sentences and 12 affirmative
sentences). Feedback was not provided to participants during
this stage.
Stage 5, Interaction Production Participants were placed in
a virtual waiting room and paired sequentially into dyads as
they finished training in order to complete a director-matcher
task. If a participant was not paired with a partner after 15
minutes, they were removed from the waiting room queue
and paid for their time. In this task, participants alternated
describing images for their partner, and selecting images
based on their partner's description. One participant (the
director) was presented with an image depicting a negated
event and prompted to describe this image for their partner.
In order to prevent communication in English or confusion
caused by typos, the legal sentence (i.e., the sentence with the
correct vocabulary items) that was the closest Levenshtein
distance to the participant's input was transmitted to the
matcher. The matcher had to choose the image that matched
the description from a display with two images. As in Stage
3, when the sentence was negative, one picture depicted the
negated event while the other picture depicted a different
patient than that in the negated sentence (see Figure 1 for an
example of a director-matcher trial). After each trial both
participants receive feedback (success or failure) and an
updated score (‘‘Score so far: X out of Y”). Participants each
described a pre-selected subset of 24 images (16 negative, 8
affirmative) chosen from the 36 images in the pre-interaction
production stage, for a total of 48 trials in this stage.

Figure 1. An example of a director input screen (left) and matching (2AFC) screen (right). For the sentence corresponding to,
"cowboy not punch boxer," the correct match is the image in which the cowboy is punching the artist
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Figure 2. Plot showing the proportion of majority word order use for all conditions and critical production stages. The dashed
lines indicate the proportion of majority input order in the input. For the Equiprobable Condition, NegV order was arbitrarily
chosen as the majority order. Points represent participant means and error bars represent standard error.
Stage 6, Recall 2 Finally, participants viewed the same 24
images from Stage 5 (order randomized) and were asked to
enter the appropriate sentence. No feedback was provided on
the participants' responses.

Results
Each participant produced 56 negative sentences across the
three critical production phases of the experiment. Prior to
production response analysis, typos which were only one
Levenshtein distance from the artificial language vocabulary
items were corrected. Of the 54 participants that completed
the experiment, two had less than 75% accuracy across
production phases after adjusting for minor typos, one each
from the Majority NegV and Majority VNeg Condition. The
low accuracy for these participants was largely the result of
swapping noun labels. These participants were excluded from
further analysis. Recall that during the interaction stage, any
typos or errors given by the matcher were automatically
corrected to the closest possible legal response when
displayed to the matcher, so incorrect labels were never
transmitted to the partner. The mean proportion of negation
trials excluded from analysis per participant was 0.06 (SD =
0.07). All analyses were conducted in R.

NegFirst Bias
Recall that a NegFirst bias predicts that the strength of
regularization would vary between the Majority NegV and
Majority VNeg Conditions, with participants in the Majority
NegV Condition regularizing the majority word order more.
In order to test this, we assessed whether participants'
productions at each trial matched the majority negation order
they saw in training. Figure 2 shows the proportion of
majority word order that participants produced in each
Condition and critical production stage. For the Equiprobable
Condition, NegV was arbitrarily chosen to represent the
majority order. Visual inspection of the data shows that
across conditions, participants produced more preverbal

negation on average compared to the proportion of preverbal
negation in their training input.
The data were analyzed using mixed effects logistic
regression, implemented with the stats and lme4 packages in
R (R Core Team, 2021; Bates, Mächler, Bolker & Walker,
2015). The maximal feasible model included fixed effects for
Condition and Production Stage and their interaction, and
random intercepts for players nested within groups.
Condition was forward difference coded such that the
Equiprobable Condition was directly compared to the
Majority VNeg Condition, and the Majority VNeg Condition
was directly compared to the Majority NegV Condition.
Production Stage as also forward difference coded such that
Recall 1 was directly compared to Interaction, and Interaction
directly compared to Recall 2. Results revealed that the use
of the majority order was significantly greater in the Majority
NegV Condition than the Majority VNeg Condition (β =
1.94, SE = 0.71, p = 0.006), and that majority order was
boosted less in the Recall 1 Stage than the Interaction Stage
(β = –0.46, SE = 0.14, p = 0.001). The model also revealed
significant interaction terms indicating that boosting of the
majority order in the Interaction Stage compared to Recall 1
was greater in the Majority NegV Condition than the
Equiprobable (β = 0.81, SE = 0.37, p = 0.03) and Majority
VNeg Conditions (β = –1.46, SE = 0.36, p < 0.001).
The by-participant differences in proportion NegV use at
each production stage were compared to the training
proportion, and then used the Wilcoxon signed rank test for
non-parametric data to evaluate whether the median
difference score for each Condition was significantly
different from 0. These tests showed that the change in
proportion NegV use from training to Recall 1 reached
statistical significance in the Equiprobable Condition (V =
21.5, p = 0.017) but not in the Majority NegV or Majority
VNeg conditions (V = 39, p = 0.079; V = 75, p = 0.96),
showing that even prior to interaction, those in the
Equiprobable Condition were significantly boosting NegV
order above the 50% proportion in training. The change in
proportion NegV use from training to Interaction and Post-
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Interaction was significant in both the Equiprobable (V = 25,
p = 0.01; V = 33, p = 0.02) and Majority NegV Conditions
(V = 8, p = 0.001l; V = 6, p = 0.001), but not in the Majority
VNeg Condition (V = 55, 0.32; V = 48, p = 0.33).

Effect of Interactive Task
We tested whether participants produced a greater proportion
of NegV word order in Interaction compared to Recall 1.
Pairwise comparisons were conducted on the previously
described model with Tukey method p-value adjustment
using the emmeans package for R (Lenth, 2020). These
comparisons revealed that within each condition, the only
significant differences in use of the NegV order between
Production Stages were within the Majority NegV Condition;
within this condition, there was significantly more NegV use
in the Interaction Stage than the Recall 1 stage (β = –1.22, SE
= 0.29 p = 0.001), and NegV use was also significantly
greater in Recall 2 compared to Recall 1(β = –1.10, SE = 0.28
p = 0.003) indicating a lasting effect of interaction.

Discussion
This study verified the existence of a behavioral bias
consistent with Neg-First preferences in adult English
speakers learning and producing a language which contained
probabilistic variation of both preverbal and postverbal
negation. Participants in the Equiprobable and Majority
NegV produced significantly more NegV word order in their
productions than they were exposed to in training, and those
in the Majority VNeg condition did not regularize towards
using more VNeg order, but instead produced numerically
greater NegV order. This finding is consistent with
observations of Neg-First preferences in naturalistic language
learning settings, such as the tendency for beginning and
intermediate L1 English learners of Korean to produce the
Korean preverbal negation construction in greater
proportions than L1 Korean-speaking adults, compared to the
roughly synonymous postverbal negation construction. The
contribution of the current study is a confirmation that this
Neg-First preference is still present even when variant
frequency and grammatical complexity are controlled for.
At present, it is not possible to determine whether this is a
universal preference or a result of perceived similarity from
English (i.e., language transfer). The exact predictions of
English-language transfer are unclear, because English
negation always follows a finite auxiliary verb, but precedes
a lexical verb. Though the artificial language in this study did
not contain any auxiliary verb equivalent, it is possible that
English speakers are biased to mark negation prior to the
main verb simply on the basis of their language experience,
rather than a general preference. Given this, we hope to
expand this research with Japanese speakers in the future, as
Japanese is an SOV language in which negative marking
follows the lexical verb but precedes tense marking. While
observations of naturalistic second language learning have
shown that adult second language learners may show some
preference for producing preverbal negation regardless of the
negation patterns in the learners' L1 (Kim & Yun, 2013;

Hyltenstam, 1977), artificial language learning studies can be
used to test whether such patterns are maintained when input
frequencies and other linguistic features which may affect
difficulty and generate learning asymmetries are controlled
for.
The study also investigated whether communication played
a role in encouraging a preference for earlier negation
marking, finding that only participants within the Majority
NegV Condition used significantly more preverbal negation
order during (and after) interaction compared to production
in isolation prior to interaction. This result is not consistent
with the idea that a communicative context induces a greater
preference for earlier negation in general, but the presence of
an effect in the NegV Condition, in which the majority order
and Neg-First bias were aligned, is perhaps more consistent
with previous research indicating that communicative
interaction gives rise to greater regularization via
mechanisms of reciprocal priming and/or alignment (Fehér,
Ritt, & Smith, 2019; Fehér, Wonnacott, & Smith, 2016; see
also Saldana, Smith, Kirby, & Culbertson, 2021 for n.s. effect
of interaction).
While the communicative task is not completely
naturalistic, because interaction failed to reliably boost NegV
use above the boosting that occurred in Recall 1 across
conditions, it is worth considering other potential motivations
for a Neg-First tendency in learning and typology. As
mentioned above, the findings of present study may be a
result of strictly L1 transfer effects. In this case, the observed
typological preference for earlier negation may be an
incidental result of the languages which happened to
frequently be in contact and those which happened to survive
as a result of, for example, colonization. However, if the
tendency is found to be more universal, as some L2
acquisition evidence may suggest, an alternative explanation
may center production difficulty à la the ProductionDistribution-Comprehension (PDC) approach (MacDonald,
2013). A negator may be more easily retrieved from memory
and thus more likely to be produced earlier because its form
is similar across items and/or because of the unique
conceptual or contextual salience of negation. Future
investigations could compare negation with another verbal
marker with similarly fixed form frequency to see how the
preverbal tendency compares. Of possible interest, the pidgin
and creole languages included in the Atlas and Pidgin and
Creole Structures database have also been noted for complex
tense, mood, and aspect marking systems made up of
preverbal particles, with the negative marker often preceding
these elements if they can co-occur (Maurer & the APiCS
Consortium, 2013; Haspelmath & the APiCS Consortium,
2013).
Future research is required to determine whether it is
necessary to postulate or motivate a Neg-First preference
which is specific to the unique semantic and grammatical
status of negation, or whether the observed tendencies can
broadly be explained by other cognitive and linguistic biases
known to play a role in language processing and change.
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Abstract
When Arabic speakers write in their dialect, they have the
choice of using either the standard Arabic script or the nonstandard Roman script. Arabizi writing is a new emerging
writing system that Arabic speakers use to type their dialects
utilizing Roman characters. Although Arabizi is not standardized, people have developed an efficient way to communicate
through it. One phenomenon that emerged with this new
system is vowel dropping. In this paper, we approach this phenomenon from the perspective of communicative efficiency.
We study the informativity of short and long spellings of words
and investigate whether the predictability of the word in certain contexts impacts whether the vowel is dropped in that
word.

Introduction
Over the past decade, a lot of research has investigated the role
of efficiency in human communication (Gibson et al., 2019;
Jaeger & Tily, 2011; Pimentel et al., 2020; Piantadosi et al.,
2012), among many others. While many have argued that human language is not efficient because of the types of ambiguity
that any language holds, recent research has empirically tested
the role of efficiency in human languages, proving it to play an
important role in successful communication. We investigate
the role of efficiency in a new and emerging writing system:
Arabizi.
The rise of technological tools in the early 90s had a huge
impact on language and communication. Not only did these
tools facilitate and spread the English language across the
globe, but they also didn’t support languages that aren’t written
in Roman script. Arabic is one example of these languages.
The lack of support for non-Roman scripts forced Arabic
speakers who want to use such tools to create a new script
for communication: Arabizi. Arabizi originates from the
name “Arabic” and “Englizi” (the Arabic word for English),
and it represents writing the Arabic language, mainly the
various Arabic dialects, in Roman script. In addition to using
Roman letters, Arabic speakers replace some phonemes that
do not exist in English with numbers that are close in their
orthography to the original Arabic letters. For example, the
letter ¨ in Arabic is replaced with the number 3 and the letter

h is replaced with the number 7.
This new emerging system for writing Arabic is mainly used

on social media platforms and SMS messaging and is far from
standardization. The lack of standardization of such a system
is due to a combination of factors. One huge factor is that
Arabizi is the written form of the spoken dialect, and dialects
differ widely across the Arab world. While many dialects are
mutually intelligible, the varieties of pronunciation between
them and within the same dialect affect the way people would
write what they speak. Another factor that influences how people write their dialect is what other language they know that
uses the Roman script. For example, an individual who knows
French as a second language will write phonemes differently
from another individual who knows English as a second language. For example, the sound /S/ would be written in English
as 〈sh〉 while in French as 〈ch〉. All of these factors lead to
one interesting problem: there is not a one-to-one mapping
between Arabic and Roman letters. This, however, provides
us with unique grounds to study how efficiency affects the
writing system at play.
In this paper, we investigate the efficiency of a particular
property of the Arabizi writing system: vowel length. Following Mahowald et al. (2013), we test the hypothesis that
the length of words is influenced by their predictability given
the context it occurs in. We examine a set of 13 word pairs
with long and short spellings, and we study whether the short
spelling would occur in a more predictable context.

Background
According to Zipf (1936), the length of a certain word in
language is determined by its frequency. Seventy-five years
later, Piantadosi et al. (2011) challenged this idea by proposing
that the average information content is a better predictor of
word length than its frequency. The authors calculate word
information in correlation to its linguistic context calculated
through an n-gram model. They find that linguistic context is a
better predictor of a word’s length than its frequency. Building
on the Piantadosi et al. (2011) results, Mahowald et al. (2013)
considered pairs of long and short forms of English words
and tested whether more predictable contexts affect the use
of either form. They find that in more predictable contexts,
shorter forms are more likely to be used. The authors support
their corpus results by further conducting a behavioral study
and obtaining the same effect. Their proposal is that the higher
the information content of a word, the higher the surprisal rate
of that word, and the less predictable that word is in a given
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context. In the current paper, we follow the Mahowald et al.
(2013) methodology in calculating the surprisal of short and
long spellings of words as a measure of predictability, and we
test whether it impacts the length of the words chosen.
In Arabic, there exist three vowels, /a/, /i/, and /u/, which
may be long or short; the difference between the two forms
of vowels is phonemic (Gordon, 2011). When writing these
vowels in Arabizi, there is a lot of variation in how speakers
represent the vowels. For example, the letter ‘Yaa’ in Arabic
( ø), which is the long /ii/ vowel, could be written as 〈ee〉, 〈ii〉,
〈ea〉, 〈y〉 or shortened to 〈i〉, or 〈e〉, among other representations. Also, the short /i/ vowel, al-kasra, can be written as
〈e〉, 〈i〉, or dropped all together. This applies to all the pairs of
short and long vowels in Arabic. The phenomenon of vowel
dropping in Arabizi leads to high variability in writing words.
One example is the word kataba ‘to write’ in Standard Arabic, which has three short /a/ vowels. Kataba can be written
in dialectal Arabizi as 〈katab〉, 〈ktb〉, 〈katb〉, or 〈ktab〉. On
the other hand, the word kitaab ‘a book’, which has a long
/aa/ vowel in the second syllable, can be written in Arabizi
as 〈ktab〉 or 〈kteb〉 depending on the dialect. In this paper,
we are particularly interested in investigating the roots of this
phenomenon, and whether efficiency plays a role in dropping
vowels in Arabizi.
Many have studied the Arabizi writing system in an attempt
to build Machine Learning models to recognize it (Tobaili,
2016; Shazal et al., 2020; Baert et al., 2020), or to create
automatic translation systems between Arabizi and standard
Arabic (Darwish, 2013; Bies et al., 2014) or between Arabizi and English (May et al., 2014). These studies mainly
focused on building models that optimize the performance of
machine learning systems since Arabizi remains under-studied
in the field of Natural Language Processing. Approaching
Arabizi from a socio-linguistic perspective, some have studied
the linguistic features carried with this new emerging system.
Some of these studies investigated vowel dropping in Arabizi writing, which is the topic of our current paper. Gordon
(2011), for example, explores the orthography of Arabizi in
the written Levantine dialect, and reports that short vowels
might be dropped. Akbar (2019) investigates vowel and consonant deletion in Kuwaiti Arabizi using data collected from
group e-conversations as well as private WhatsApp messages
of 35 students, and finds that consonants are rarely deleted
while short vowels are deleted more often. The authors also
report that long vowels are slightly shortened. An example
from Kuwaiti Arabic is illustrated in the paper that the spelling
〈7aalIch〉, which means ‘your situation’, has two vowels: a
long /aa/ in the first syllable, and a short /i/ in the second
syllable. Speakers showed to delete the short vowel in the
second syllable and shorten the long vowel in the first syllable
resulting in the word being written as 〈7alch〉. Sullivan (2017)
explores orthographic variation in Lebanese Arabizi on Twitter, and reports the different writings of each of the Arabic
alphabets in the data. In addition, the author reports that the
most variable writing was that of the short vowels. Many of the

mentioned papers provide explanations for the phenomenon
of dropping vowels. One explanation is that Arabic speakers
are sticking to the Arabic orthography when writing in Roman
script. That is, when writing standard Arabic, speakers tend
to drop the short vowels (which are represented as diacritics)
when unnecessary. However, this doesn’t explain the instances
when speakers write the short vowels.
None of the papers aforementioned study the phenomenon
of vowel dropping from an information theoretic perspective,
nor explain this phenomenon from the lens of communicative
efficiency. In this paper, we primarily focus on explaining this
phenomenon using an information theoretic approach, following the Mahowald et al. (2013) study. We explore the role of
context in determining word length, and consequently leading to vowel dropping when the vowels are not essential for
successful communication. The variability in Arabizi writing
could lead to lexical ambiguity. However, lexical ambiguity is
easy to resolve given context, while writing the necessary vowels is more costly on the speaker’s behalf because it takes more
time to type. Consequently, it could be more efficient for the
speaker to drop the vowels in writing because they know the
listener will disambiguate. Moreover, if the context prepares
the listener to perceive certain words (hence that word is more
predictable in that context), then it is easier and more efficient
to drop the vowels than not. In other words, if the vowel can
be easily disambiguated by context, dropping the vowel will
reduce cost on the speaker’s behalf, and hence facilitate faster
communication. However, speakers can only do this if the
reduced form of the word is predictable enough, and can be
disambiguated given the context.

Research questions and hypothesis
In this paper we investigate whether predictability given context affects the length of certain words by calculating the
surprisal of short and long spellings of words as a measure
of words’ informativity. The surprisal of the words in given
contexts can also be viewed as a measure of predictability:
the higher the surprisal, the less predictable the word is. We
expect to see that speakers use the shorter spellings of the
words when the word is more predictable (and hence has low
surprisal rate). We also test the impact of frequency on the
length of the words. That is, if a word is more frequent, are
Arabic speakers more likely to drop the vowels when writing
Arabizi?

Methodology
Choosing short and long forms of the words
We follow the Mahowald et al. (2013) methodology in comparing the use of short and long pairs of Arabizi words with
respect to predictability of the word. We used the Egyptian
Arabic text chat conversations from the Arabic Treebank of
the BOLT (Broad Operational Language Translation) project
through the Linguistic Data Consortium (LDC) to extract the
most frequent words used by Egyptian speakers in the data
set. The data set consists of 157,569 lines and 694,910 tokens,
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short variant

long variant

translation

ana
msh
bs
kda
mn
tyb
3shan
y3ni
knt
m3
hwa
tmam
kman

anaa
mesh
bas
keda
min
tayeb
3ashan
ya3ni
kont
ma3
howa
tamam
kaman

I, me
not, will not
just, only, stop
like this
from
okay
because
meaning that, that means
I was
with
he
perfect
also

Table 1: This table shows the Arabizi pairs used in training the model. As mentioned above, many of these pairs were function
words such as pronouns and prepositions.
of which 120,129 are unique. The data is Egyptian Arabic
written in both Arabic script and Arabizi, and is not annotated. This Arabic data set was collected from SMS and chat
messages. We first pre-process the data to get it to a usable
format. We then classify the data into Arabic script and Arabizi, and we only consider the Arabizi text for our analysis.
Our classification technique is simple, where we only consider the text written in Roman characters as Arabizi using a
Unicode function in Python (encode().isalnum() function).
We were able to do that since we already know, based on the
LDC website, that Arabizi is the only Romanised script in the
data. The new Arabizi data set consists of 103,141 lines and
460,079 tokens, of which 81,857 are unique. We then generate
a list of the most frequent words in the Arabizi data set. Based
on the most frequent words, we manually choose 13 pairs of
words with short and long spellings. For example, the word
/ana:/ which is the equivalent to pronoun ‘I’ or ‘me’ in English,
is written as [anaa] or might be alternatively written as [ana]
in its reduced form after the long vowel is dropped. The list
of chosen pairs of words are shown in table 1. Because of the
nature of the data set, some of the pairs of words are function
words (ex. pronouns and prepositions).1 We are aware that
there might be multiple ways to write some of these words
(For example, anaa could also be written as 〈ane〉, 〈ani〉, etc.)
depending on the dialect. However, for the current paper, we
only consider two spellings of each word for simplicity. For
choosing the longer spelling of some of these words, we took
advantage of the MADAR lexicon (Bouamor et al., 2018). The
MADAR lexicon provides different variants of the words as
they are pronounced in different Arabic-speaking cities. That
is, the words in the lexicon are the most informative based
on the pronunciation of each dialect. We used the pronunciations of words from Cairo city (to match the LDC Egyptian
Arabic data set) to determine the longer spellings of words in
1 The list of pairs will be revisited in future extensions of this work

the Egyptian dialect. For the words of which spellings from
the MADAR lexicon didn’t exist in the BOLT data set, we
modified the spelling to the closest one possible that existed
in the data set.

Figure 1: This plot shows the cutoff we used to determine
how many epochs to keep training the model. On the x-axis
is the number of epochs and on the y-axis is the negative log
likelihood loss divided by the size of the data set (i.e., the
number of bi-grams). Notice that around 11 epochs, the loss
on the dev (development) set starts increasing, which is an
indication of over fitting. The y-axis is the average loss, so
even though the dev set is significantly smaller than the train
set (10% and 90% of the data respectively), they are on the
same scale.

Training an n-gram model
After choosing the appropriate list of pairs, we trained a neural
n-gram model on the BOLT data set. We first split the data
into train and development sets which are respectively 90%
and 10% of the data. We trained the n-gram model using
Pytorch. After many trials with different models, learning
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rates, parameters, and optimizers, the best model that achieved
the smallest loss on the development (dev) set was a bi-gram
model trained on 11 epochs and optimized with Adam (an
algorithm for gradient-based optimization; Kingma & Ba,
2015) and an initial learning rate of 1e-5. During each epoch,
the model trains on the entire train data set, and attempts to
minimize the loss. We evaluate the improvements of the model
by calculating the loss on the dev set. The loss function we
used to measure the performance of the model is negative log
likelihood. Optimally, we want the dev set loss to be as close
to zero as possible in order to achieve the highest performance
of the model. One common issue with training models is
that the model achieves a small loss on the train data set, but
doesn’t do the same on the dev set. When this happens, it is
an indication that the model doesn’t generalize well to unseen
data and this issue is commonly known as over fitting. To
prevent our model from over fitting, we monitor the dev set
loss at the end of each epoch. In our experimentation, we
found that the model started over fitting after the 11th epoch,
in which case we decided that 11 is the optimal number of
epochs (see Figure 1). Training a tri-gram model took more
time to learn (16 epochs), but didn’t reach as low of a loss
as the bi-gram model. Our model had a total of 18,758,181
trainable parameters (see Figure 2). We trained the model on
a GPU for faster running time. Each epoch took an average of
38 seconds. We didn’t use any smoothing techniques for our
model because the model is implicitly smoothed. That is, the
neural network model is unlikely to produce zero probabilities,
but instead will produce extremely small probabilities.

Figure 2: A table showing the different parameters used in the
model. Amongst the parameters, 18,758,181 were trainable.
Some of the important hyper-parameters we fed to the model
which determined the number of trainable parameters are embedding dimension which we chose to be 100, and the linear
dimension which we decided to be 128.

Obtaining informativity measures
Using the bi-gram model, we calculated the average surprisal
of each word given the context. Assuming that surprisal is a
measure of informativity, the higher the surprisal rate of a certain word written in either spelling, the more information that
word carries. Consequently, words with higher information

measures are less predictable in the given context. Our hypothesis is that speakers are more likely to use shorter spelling
variants of words in more predictable contexts. To test this
hypothesis, we measure the surprisal (hence predictability)
of the meaning of the word by combining the probability of
that word occurring in either spelling in a given context. We
calculate the surprisal using the following equation:
N

− 1/N ∑ log P(W = w|C = ci )

(1)

i=1

where N is the total frequency of some word w, and ci are all
possible context words. Since the bi-gram model we trained
proved to be the most reliable, the context ci is considered to be
the one word preceding the target word w. The bi-gram model
provides probabilities for all the possible utterances after every
word. We add the probabilities of the independent spellings
of each word, and take their log. We sum the log probabilities
of the words to bring the probabilities to a more manageable
scale, since computing just the probabilities will return very
small numbers. We then average the log probabilities over the
contexts in which the words actually occurred in the data set.
We labeled the context as long if the long spelling occurred
in that context, and we labeled it as short if the short spelling
occurred in that context. We then took the average surprisal,
represented by the log-probabilities, over the long and the short
spellings of the words. We subtracted the average surprisal
of the short spellings from the average surprisal of the long
spellings for every pair of words. We plotted the results against
the combined frequency of the short and long spellings of the
words after taking their log (Figure 3). The results show that
most of the average surprisal differences of the words lie above
the y=0 line, which means that most of the time when writing
Arabizi, speakers tend to use the shorter spellings more than
the longer ones. If significant, these result could show that
the average predictability of a meaning across certain contexts
impact which spelling of the word was used.
We ran a mixed-effects logistic regression predicting word
form (short vs. long) by surprisal of the word meaning with
random intercepts for word meaning. The average surprisal for
the long spellings of the words was 4.92, which is higher than
that of the short spellings (4.51; β = −0.111, z = −2.76, p <
0.01). A t-test aggregating all the short spellings and long
spellings of all of the words and comparing their average
surprisal rates was also significant. (t = 21.262, p < 0.001).
This suggests that the longer spellings of the words have higher
information content than their shorter counterparts. We also
performed a series of t-tests, one for each word spelling, to
see if the mean surprisal difference of the short spellings and
the long spellings is significant at the level of individual word
forms. None of these differences were significant, likely owing
to the fact that we had substantially less data for the individual
word form analyses. Figure 3 also shows that there isn’t a
role for frequency in the choice of which word spellings to
type (r2 = 0.29, Spearman’s ρ = −0.483, p= 0.097). In other
words, the results from the figure suggest that the frequency of
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Figure 3: Difference in average surprisal between the long and short spellings of the words plotted against the log frequency of
the word pairs combined.
the word might have a role in determining whether the vowel
gets dropped or shortened, but information content (measured
in surprisal) plays a larger role in determining word length.

Running the model on Twitter data
After obtaining our informativity measure, we ran the model
on another set of data from Twitter that was unseen to the
model. We extracted the Twitter data using API search. We
pulled tweets that contained the 13 pairs of words we obtained
the informativity scores for. To be consistent with the LDC
data set, the tweets we pulled were based on the geographic
location from Cairo city in Egypt. The data was originally
∼ 6400 tweets. We filtered out the bi-grams where the first
word was new and didn’t exist in the training data set, because
the model has not trained on these tokens and doesn’t have
the probabilities of the next words occurring after them. The
remaining bi-grams were 4719. We then computed the difference in surprisal rates between the long and the short forms the
same way we did above. The results we obtained are shown
in Figure 4. We didn’t plot the surprisal against frequency
because we already assume the frequency of these pairs of
words is similar according to the query we built to pull the
tweets. By conducting a t-test for whether the word form (short
vs. long) is affected by the surprisal of the meaning given
context, aggregating over words, we find the expected effect
(t = 11.801, p < 0.001). However, the effect is not significant
in a mixed-effects logistic regression with random intercepts
for word meaning(β = −0.03628, z = −0.586, p = 0.558).

Discussion and future work
Our results from the first set of data show that word predictability is correlated with word length: The more the word is anticipated in a given context, the more likely the short spelling of
a certain word is used (and hence the more likely speakers are
to drop the vowels when typing Arabizi). Our study considers one type of context: linguistic context represented by one
word immediately preceding the target word using our trained
bi-gram model. These results suggest that context plays an important role in language production. Longer spellings are more
costly, so speakers are more likely to use the shorter spellings
whenever they can, unless the longer utterances carry necessary information. Hence, if the context provides enough
information to disambiguate shorter utterances, speakers will
give away less informative vowels for the sake of efficiency.
What makes these results even more interesting is that neither the short spellings nor the long spellings in Arabizi are
standard, and writing words may vary significantly from one
person to another and from one dialect to another.
One distinction between the two data sets we used to train
and test our model is that the training data and part of the test
data comes from chat conversations and SMS messages while
another part of the test data comes from public tweets. This
distinction, while subtle, is very important; speakers privately
chatting with each other might tend to drop vowels more
because they have more background knowledge about their
listener. On the other hand, people posting tweets publicly will
tend to be more accurate in their language (and thus drop their
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Figure 4: This plot shows the difference in surprisal between the long and short forms of words in Twitter data. The surprisal
of the words is plotted against the word pairs rather than against frequency since we assume the word pairs to have similar
frequencies in this data. With the Twitter data, we notice that the word pairs are used differently than in the private SMS chats in
the training data. For example, the word 〈ana/anaa〉which was dominantly used in its short form in the private chat data is used
more in its longer form in the Twitter data.
vowels less) because their intended audience is wider. This
could also be the reason why we see more use of the longer
forms of some words in the Twitter data. This might be one
explanation why we find the mixed effects logistic regression
analysis significant for the test data from the LDC but not from
Twitter.
Choosing to drop the vowels when they seem essential to
lexical disambiguation poses a question: How informative
are the phonemes in Arabizi? Future work can potentially
calculate phoneme informativity by training an n-gram model
at the character level and obtaining the surprisal rates of every phoneme in the language given the previous phonemes.
This might tell us that vowels are less predictable after some
phonemes, which makes speakers more likely to spell them
rather than dropping them. On the other hand, speakers might
tend to drop vowels when they are more predictable given the
phonemes they follow (Bell et al. (2009); Seyfarth (2014)).
One caveat in the current paper is that the most frequent
words in the data set were mostly function words that include
prepositions and pronouns, for instance the pronoun 〈ana/anaa〉

‘I’ or the word 〈tmam/tamam〉 ‘perfect’. This limited our
choice of determining the short/long word pairs since many
of these function words do not appear with preceding context
in the data. For example pronouns like 〈ana/anaa〉 can occur
as the first word in a sentence, or the word 〈tmam/tamam〉
would be sufficient on its own in a chat message. This could
be overcome by considering a different set of short/long pairs
of words from a larger data set of naturalistic speech. Overall,
we are working with text data that are incentivised to be short
(i.e., SMS messages and tweets), so we want to construct a
list of content words that could provide more intuition into
how vowel dropping is influenced by efficiency. Moreover, we
constructed a list of word pairs for simplicity, although this list
can be extended to include more possible spellings for each of
the words chosen.
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Abstract
The “myside bias” in evaluating arguments is an empirically
well-confirmed phenomenon that consists of overweighting arguments that endorse one’s beliefs or attack alternative beliefs
while underweighting arguments that attack one’s beliefs or
defend alternative beliefs. This paper makes two contributions:
First, it proposes a probabilistic model that adequately captures
three salient features of myside bias in argument evaluation.
Second, it provides a Bayesian justification of this model, thus
showing that myside bias has a rational Bayesian explanation
under certain conditions.

Keywords: Myside bias; Bayesianism; Argumentation

Introduction
Argumentation is central to our complex world. It often plays
a critical role in political, social, and scientific communities
and can play a key role in decision making and scientific research. Therefore, the understanding of argumentation has
been the subject of numerous scientific investigations in different research areas (Hornikx & Hahn, 2012; Oaksford &
Chater, 2020).
These investigations have shown that argumentative contexts are very complex and that it can be more difficult than
expected to convince with one’s arguments. This is especially true when the participants in a discussion have different prior assumptions about the topic under discussion. And
indeed, research has shown that participants in a discussion
are so influenced by their prior beliefs that they favor them
over alternatives both in finding arguments and in evaluating
other people’s arguments (Perkins, 1985; Kuhn, 1991; Edwards & Smith, 1996; Nickerson, 1998; McKenzie, 2004;
Taber & Lodge, 2006; Wolfe & Britt, 2008; Čavojová, Šrol,
& Adamus, 2018; Stanovich, 2021).
In the literature, the influence of one’s own prior beliefs in
producing and evaluating arguments is commonly referred to
as myside bias (Nickerson, 1998; Stanovich, West, & Toplak,
2013; Stanovich, 2021). Sometimes the same phenomenon is
also referred to as confirmation bias (Stanovich, 2021). Here
we adopt the terminology of Stanovich (2008b; 2013; 2021),
and use the term myside bias exclusively to refer to the influence of one’s prior beliefs in argumentation, while restricting
confirmation bias to its original meaning of a bias in hypothesis testing. See Stanovich (2021) for a detailed discussion.
Myside bias has been studied in the context of a variety of
other research topics in psychology, such as individual and

group reasoning (Mercier, 2017, 2018), scientific thinking
(Evans, 2002; Mercier & Heintz, 2014), intelligence and cognitive abilities (Stanovich & West, 2007, 2008b; Stanovich et
al., 2013), human evolution (Mercier & Sperber, 2011, 2017;
Peters, 2020) and political thinking (Taber & Lodge, 2006;
Mercier & Landemore, 2012; Stanovich, 2021).
In the specific case of argument evaluation bias, research
has shown the following two effects. On the one hand, discussants overestimate the strength of arguments that support
their own prior beliefs or that attack opposing beliefs to their
own; on the other hand, discussants underestimate arguments
that either attack their own prior beliefs or that support opposing views to their own (Edwards & Smith, 1996; Nickerson, 1998; Toplak & Stanovich, 2003; Taber & Lodge,
2006; Stanovich & West, 2007, 2008b; Stanovich et al., 2013;
Mercier, 2017; Stanovich, 2021).
For these reasons, it has been argued that myside-biased
individuals risk to become overconfident in their beliefs and
are less easily willing to revise them, regardless of their truth
(Mercier, 2017; Mercier & Sperber, 2017; Stanovich, 2021).
In addition, it has also been argued that myside bias contributes to undesirable social phenomena such as political polarization (Stanovich, 2021).
The purpose of this paper is twofold. First, it proposes
a probabilistic model that adequately captures three important features of myside bias in argument evaluation. Second, it provides a Bayesian justification of this model, thus
showing that myside bias has a rational Bayesian explanation under certain conditions. In doing so, this paper fills a
gap in the literature, as despite the ever-growing literature on
Bayesian approaches to reasoning and argumentation (for an
overview, see Chater and Oaksford (2008), Zenker (2013),
and Oaksford and Chater (2020)), there is still no systematic
Bayesian model of myside bias in argument evaluation.

The Myside Bias
The myside bias in argument evaluation has been studied both
in the context of formal argumentation, in which participants
are asked to evaluate the conclusions of inferences that have
a clear logical structure, and in the context of informal argumentation, in which subjects are asked to evaluate informal
arguments that resemble real-world discussions (Čavojová et
al., 2018). Overall, both lines of research show that the correspondence between arguers’ prior beliefs and the content of
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a conclusion or proposition influences how arguers judge the
validity of the conclusion or the strength of the argument.
As for the study of formal arguments, early research on
belief bias showed that the prior credibility of the conclusions of a deductive inference influences the arguer’s judgment about the validity of the inference (Evans, Newstead,
& Byrne, 1993; Evans, 1989, 2002, 2007). Further research
has shown that the credibility of an argument’s conclusion
in light of one’s prior beliefs is a predictor of whether an
actor judges a conclusion to be valid or invalid. For example, Čavojová et al. (2018) found that participants had difficulty accepting the conclusions of logically valid conclusions
about abortion whose content conflicted with their prior beliefs about abortion. At the same time, participants had difficulty rejecting invalid conclusions whose conclusions they
agreed with (Čavojová et al., 2018).
Much of the experimental research on myside bias is conducted in an informal argumentation framework (Čavojová
et al., 2018), and myside bias in argument evaluation has
been documented in a substantial number of experiments
(Nickerson, 1998; Edwards & Smith, 1996; Taber & Lodge,
2006; Stanovich & West, 2007, 2008a, 2008b; Stanovich et
al., 2013). For example, in a commonly used experimental
paradigm, participants are first asked to express their opinion on a particular topic, such as abortion or public policy;
participants are then asked to rate the strength of arguments
from a set of arguments that include arguments both for and
against the participants’ positions on an issue (Edwards &
Smith, 1996; Taber & Lodge, 2006; Stanovich & West, 2007,
2008b; Stanovich et al., 2013).
Overall, three salient features of myside bias in the evaluation of arguments stand out:
1. Reasoners overweight arguments that favour their own
prior beliefs and disfavour views opposite to their own
(McKenzie, 2004; Stanovich & West, 2007, 2008b;
Stanovich et al., 2013; Stanovich, 2021). Simultaneously,
an argument that attacks the reasoner’s prior opinion or
confirm opposite views is generally rated as a weak argument (Nickerson, 1998).
2. Reasoners that are neutral to the topic that is being discussed tend not to show a myside bias in evaluation tasks
(Taber & Lodge, 2006).
3. The myside bias occurs in various gradations: Proponents
who believe more firmly in their point of view tend to exhibit a stronger bias than proponents who hold a milder
opinion (Stanovich & West, 2008a). In other words, two
arguers who are on the same side of an issue may differ
in the extent to which they believe the side of the issue
and thus show stronger or weaker bias depending on how
strong their prior beliefs are.
In summary, myside bias can be interpreted as a difference
of opinion about the extent to which an argument confirms
(or refutes) a belief (or its opposite) between an agent who is

neutral toward the belief versus the case in which the agent
endorses either the truth or falsity of the belief.

A Bayesian Model
To provide a Bayesian justification of myside bias, we introduce binary propositional variables A and B (in italic script)
which have the values A and ¬A, and B and ¬B (in roman
script), respectively, with a prior probability distribution P defined over them. In the present context, B is the target proposition and A is an argument in support of B. A and B are contingent propositions and we assume that P(A), P(B) ∈ (0, 1).
P represents the subjective probability function of an agent
and P(A) measures how strongly they believe in A. See
Sprenger and Hartmann (2019) for a philosophical justification of the Bayesian framework.
Next, we are interested in the posterior probability of B
after learning A. According to Bayes theorem, it is given by
P∗ (B) = P(B|A) which can also be written as
P∗ (B) =

P(B)
.
P(B) + x · P(¬B)

(1)

Here the likelihood ratio x is given by
x :=

P(A|¬B)
,
P(A|B)

(2)

where we follow the convention used in Bovens and Hartmann (2003). Then the following proposition holds:
Proposition 1. Let A and B be two binary propositional variables with a prior probability distribution P and a posterior
distribution P∗ defined over them. Then eq. (1) implies that
(i) P∗ (B) > P(B) iff 0 ≤ x < 1, (ii) P∗ (B) = P(B) iff x = 1,
and (iii) P∗ (B) < P(B) iff x > 1.
This proposition directly relates confirmation and disconfirmation of one’s own beliefs to the likelihood ratio x: if
x < 1, then the agent’s degree of beliefs in B increases, and
therefore the argument A confirms the target belief B; if x > 1,
then the agent’s degree of belief in B decreases, and therefore
the argument A disconfirms the target belief B (“A attacks
B”); if x = 1, then learning A does not make any difference
for the agent’s degree of belief in B, which means that the
argument A is not relevant for the truth or falsity of B.
The likelihood ratio x is also referred to as the diagnosticity
of an argument A relative to a belief B. Here the term “diagnosticity” refers to the fact that the likelihood ratio measures
how much A specifically supports the truth of B against its
falsity. For instance, consider a case in which an argument
A is more likely to be true if B is true than if ¬B is true, i.e.
when P(A|B) > P(A|¬B): then x < 1 and, by Proposition 1,
the argument A will increase the degree of belief in the target proposition B. The more likely it is that an argument A is
true if B is true, compared to the case where ¬B is true, the
smaller x is and the higher the confirmation of B is.
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Similarly, x′ < x if b < 1/2. We summarize our findings in two
propositions:
Proposition 2. The perceived likelihood ratio x′ (x, b) has the
following features: (i) If b > 1/2, then x′ < x, (ii) if b = 1/2,
then x′ = x, and (iii) if b < 1/2, then x′ > x.
Proposition 3. The perceived likelihood ratio x′ (x, b) is
strictly monotonically decreasing in b.

(a) x′ as a function of b for (b) x′ as a function of x for γ = 1
x = 1/2 and different values of γ. and different values of b.

Figure 1: The perceived likelihood ratio x′ .

The Perceived Likelihood Ratio
The central idea of the proposed model is that the myside
bias affects the way an agent judges the diagnosticity of an
argument A relative to B. This, in turn, affects the way the
agent updates the strength of their belief in B based on the
argument A. See also Nickerson (1998).
Therefore, we model the myside bias as a distortion of the
(pure) likelihood ratio x of A relative to B, via a perceived
likelihood ratio function x′ . If an agent assigns a high degree
of belief to B, then using x′ yields more confirmation than
using the (pure) likelihood ratio x, provided that x is confirmatory (i.e., x < 1); on the other hand, if x is disconfirmatory
(i.e., x > 1), then x′ yields less confirmation than x. More
specifically, we propose the following functional form:
Definition 1. An agent considers the propositions A (= the
argument) and B (= the target belief) with a probability distribution P defined over the corresponding propositional variables. x is the (pure) likelihood ratio defined in eq. (2) and
b := P(B) is the agent’s prior degree of belief in B. Then the
agent’s perceived likelihood ratio x′ is given by
x′ (x, b) = 2 x ·

b̄γ
bγ + b̄γ

,

(3)

Propositions 2 and 3 demonstrate that the perceived likelihood ratio x′ (x, b) is adequate to represent the myside bias,
as it incorporates the three salient features of myside biased
identified above. In particular, Proposition 2 shows that if
the agent is more convinced of B than of ¬B, any argument
will be perceived as more confirmatory or less disconfirmatory compared to the evaluation of a neutral observer (who
uses the pure likelihood ratio x). On the other hand, if the
agent is prone to believe that the target proposition is false,
they will tend to perceive arguments as less confirmatory or
more disconfirmatory than a neutral observer. Furthermore,
an agent who is indifferent between B and ¬B will not be biased towards either of the two sides. This is consistent with
the first two salient features of myside bias.
In addition, Proposition 3 shows that, all things being
equal, the perceived likelihood ratio decreases as the strength
of belief in B increases, and increases as the strength of belief
in B decreases. Intuitively, this means that myside bias gets
more pronounced as the degree of belief in the target proposition increases, in accordance with the third salient feature of
myside bias.

Predictions of the Model
An agent who commits the myside bias does not update with
the (pure) likelihood ratio x, but with the perceived likelihood
ratio x′ (x, b) provided in Definition 1. Using Bayes theorem
with x′ instead of x, the posterior degree of belief in the target
proposition B, after updating on the argument A, is then given
by
b
.
(4)
P∗∗ (B) =
b + x′ (x, b) · b̄

with b̄ := 1 − b and 0 < γ < 1.

From eqs. (1) and (4) and Proposition 2 we then obtain:

Note that the perceived likelihood ratio x′ is a function of
the prior probability of the target proposition, as opposed to
the pure likelihood ratio x, which is considered independent
of the prior probability. Fig. 1 (a) shows the perceived likelihood ratio x′ as a function of the agent’s prior degree of belief
b. We see that x′ < x if b > 1/2 and x′ > x if b < 1/2. Furthermore, the parameter γ, which determines the convexity of
the function, characterizes different ways in which the agent’s
prior belief b can distort the (pure) likelihood ratio. We will
see below that γ has to be in the open interval (0, 1). Then
the distortion is much stronger for values of b close to the
extremes (i.e., 0 and 1), than for middling values of b.
Fig. 1 (b) plots the perceived likelihood ratio x′ as a function of the (pure) likelihood ratio x for fixed values of b and γ.
In this case, x′ is a linear function of x, where x′ > x if b > 1/2.

Proposition 4. The following claims hold: (i) If b > 1/2, then
P∗∗ (B) > P∗ (B); (ii) if b = 1/2, then P∗∗ (B) = P∗ (B), and
(iii) if b < 1/2, then P∗∗ (B) < P∗ (B).
Therefore, our model predicts that agents’ posterior degrees of belief will be more extreme than those of an agent
who uses eq. (1) to calculate his posterior degree of belief
(unless they are indifferent to the target statement). More
specifically, agents who rate ¬B as more likely than B will
have a lower posterior degree of belief than that obtained using eq. (1). Conversely, agents who believe B more strongly
than ¬B will have a higher posterior degree of belief than an
agent who uses eq. (1). This prediction is consistent with recent findings presented in Bains and Petkowski (2021).
Another interesting consequence of the proposed model is
that the new updating rule (i.e., eq. 4) is non-commutative, i.e.
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Figure 2: The result of the update on two arguments, A1
(with likelihood ratio x1 ) and A2 (with likelihood ratio x2 )
for b = 1/2 and γ = 1/2. Line 1: first update on A1 , then on
A2 . Line 2: first update on A2 , then on A1 .
the result of an update on two or more arguments depends on
the order in which the update takes place.
Fig. 2 illustrates this point. Here we consider an agent who
is initially indifferent between B and ¬B (and therefore sets
b = 1/2). Then the agent is presented with two arguments, A1
(with the pure likelihood ratio x1 ) and A2 (with the pure likelihood ratio x2 ), such that x1 < 1 < x2 , i.e. the first argument
(A1 ) is confirmatory and the second argument (A2 ) is disconfirmatory. If the agent first updates on A1 , then their degree
of belief in B will increase; in turn, this will determine an
underweighting of the disconfirmatory strength of A2 , since
P∗∗ (B) > 1/2, by Proposition 2. However, if the agent first updates on A2 , then P∗∗ (B) < 1/2 and her second update (on A1 )
uses the perceived likelihood ratio x1′ > x1 , again by Proposition 2. Thus, the agent assigns a higher posterior degree of
belief to B if they first update on the stronger argument A1 ,
followed by a second update on the weaker argument A2 .
Mathematically, the reason for the non-commutability of
the new updating rule is the fact that the perceived likelihood
ratio is a function of the prior probability. (While updating by
Bayes theorem is commutative, it is well known that updating by Jeffrey conditionalization is non-commutative, however for a different reason.) It is worth noting that likelihood
ratios that depend on the prior probability of the hypothesis
being tested, while unusual, are not uncommon in the literature. See, e.g., chapter 5 of Bovens and Hartmann (2003) for
a discussion.
We summarize our findings on the non-commutativity of
my-side biased updating in the following proposition.
Proposition 5. An agent considers the propositions A1 , A2
and B with a prior probability distribution P defined over
them. The corresponding likelihoods are x1 and x2 , respectively. Let P† (B) be the posterior probability of B after updating first on A1 and then on A2 , and let P‡ (B) be the posterior probability of B after updating first on A2 and then on
A1 . Then P‡ (B) > P† (B) iff x1 > x2 .
Hence, it is epistemically advantageous for a mysidebiased agent to first update on the stronger argument, i.e. on
the argument with the smaller (pure) likelihood ratio.

Our model also predicts that reasoners are easily persuaded
of their own position and harder to change. For instance,
the stronger an agent’s prior degree of belief becomes, the
stronger contrasting arguments needed to be in order to sway
the reasoner. In contrast with this view, Mercier (2017, 2020)
and Mercier and Sperber (2017) argue that myside bias does
not directly affect an agent’s evaluation of external arguments, and that reasoners are able to accept good arguments
even when they challenge their own view. Within this framework, one would not expect to observe differences in argument evaluation between reasoners differing in prior degrees
of beliefs. This contrasts with our prediction that argument
evaluation changes as a function of an arguers’ prior degree
of belief.
While the correctness of one or the other of these predictions remains an open question, our model has the advantage
of more intuitively explain harmful group-level phenomena,
such as polarization in peer groups and communication difficulties between polarized groups as an effect of one-sided
exchanges and evaluations of arguments (Stanovich, 2021).

Discussion
So far, we have presented a model that is consistent with the
three salient features of myside bias. The model is Bayesian
because it models the bias in a Bayesian way: The agent assigns a prior probability to B, is then presented with an argument A, and updates B accordingly. This requires specifying a likelihood ratio, and our model identifies an appropriate choice, viz. x′ (x, b). However, this choice must be
justified. Otherwise, the model would be a purely ad hoc solution. So how can the choice and the proposed functional
form of x′ (x, b) be justified?
To address this question, we introduce a new propositional
variable E and argue that the agent does not only learn A,
but also E. In the present context, the appropriate posterior
probability of B is therefore P∗∗∗ (B) = P(B|A, E). We will
then see that, under certain conditions, P∗∗∗ (B) = P∗∗ (B).
The new propositional variable E has the values E: “The
target belief coheres with the background beliefs” and ¬E:
“The target belief does not cohere with the background beliefs” We take E to be supporting evidence for B. That is, it
is rational to assign a higher degree of belief to a proposition
that fits well to one’s background beliefs than to a proposition
that does not. Hence, it is rational that P(B|E) > P(B|¬E).
It has already been suggested that the link between an
agent’s beliefs and their background beliefs justifies their putative bias in evaluating arguments (Evans & Over, 1996;
Evans, 2002). For example, Evans (2002) argues that a
broadly coherent system of beliefs is necessary to make sense
of the world, and that this justifies an individual’s biased attitude toward her or his own view and toward alternatives. Our
proposal is in line with this research.
Before proceeding, it is important to note that the agent
considers proposition E on the basis of the argument A put
forward. Considerations of coherence with background be-
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Figure 3: The Bayesian network for the myside bias.
liefs also play a role, of course, in an agent’s determination
of the prior probability of B. Here, however, the focus is on
the following question: does B cohere with the agent’s background beliefs in light of A?
Next, we note that A ⊥
⊥ E|B. That is, once we know that
B, learning E will not change the degree of belief an agent assigns to A: The truth (or falsity) of the argument only depends
on the target belief. This plausible assumption then suggests
the Bayesian network represented in Fig. 3. Note that there
are arcs from B to A and from B to E, indicating that the corresponding propositional variables are directly probabilistically
dependent on each other. For an introduction to the theory of
Bayesian networks, see Neapolitan (2003).
To complete the Bayesian network, we have to specify the
prior probability of the root node B, i.e.
P(B) = b,

(5)

and the conditional probabilities of the child nodes (i.e. A and
E) given the values of their parent (i.e. B). These likelihoods
are given by
P(A|B) := p1

,

P(A|¬B) := q1

P(E|B) := p2

,

P(E|¬B) := q2 .

(6)

With this we can calculate the posterior probability of B
after learning A and E.
Proposition 6. An agent considers the propositions A, B and
E with a prior probability distribution P defined in eqs. (5)
and (6). The corresponding propositional variables satisfy
the conditional independencies encoded in the Bayesian network in Fig. 3. Then
P(B|A, E) =

b
.
b + x′′ · b̄

with x′′ = x · xE and x := q1 /p1 and xE := q2 /p2 .
To establish that P∗∗∗ (B) = P(B|A, E) = P∗∗ (B), we need
to show that
2 b̄γ
xE := q2 /p2 = γ
.
(7)
b + b̄γ
This obtains if one sets


γ
p2 := 1/2 · b + bγ
q2

γ

:= b .

(8)

We will now argue that this is a good choice. And indeed,
eqs. (8) are plausible. First, we mentioned already that a prior

dependence of the likelihoods has already been used in other
contexts. Second, an agent who believes B more strongly
than ¬B (i.e. who assigns b > 1/2) expects the target belief to
cohere more with their background beliefs under the assumption that B is true than if it is false. Likewise, an agent who
believes ¬B more strongly than B (i.e. who assigns b < 1/2)
expects the target belief to cohere less with their background
beliefs under the assumption that B is true than if it is false.
It is easy to see that eqs. (8) account for this. See also Fig. 4.
Third, q2 is a decreasing function of b. That is, the probability that the target belief coheres with the background beliefs
decreases with the prior probability of the target belief, under the assumption that it is false. Fourth, p2 has a maximum
at b = 1/2 if γ < 1. See also Fig. 4. This is plausible as a
proposition with a middling prior probability is most “flexible” and one would expect it to easily fit into a system of
background beliefs. This is not to be expected with a proposition of whose truth or falsity one is much more convinced.
In this case (i.e. for b ≈ 0 or b ≈ 1), the chance should be 1/2
that the target belief coheres with the background beliefs. For
γ > 1, p2 has a minimum at b = 1/2. As this is not plausible
(given the above considerations), we restrict the range of γ to
the open interval (0, 1) (see Definition 1).
The crucial idea of the present proposal is that an agent,
who holds a belief B and who is confronted with an argument A for or against B does not only update their strength of
belief on A but also investigates, prompted by the argument
A, whether B fits to the agent’s background beliefs. This will
lead to an increase or decrease of the agent’s strength of belief
in B–the myside bias–which then, under these assumptions,
turns out to be a rational response.
In closing this section, let us shortly comment on the notion
of coherence that is used here. “Coherence” is a notoriously
vague term that plays a key role in the coherence theory of
justification in epistemology (see, e.g., BonJour (1985)). It
refers to the property of an information set to “hang together
well” which is often taken to be a sign of its truth. Witness
reports in murder cases are good illustrations of this. But
while we have a good intuitive sense of which information
sets are coherent and which not (and which of two information sets is more coherent), it is notoriously hard to make
precise what coherence means and to substantiate the claim
that coherence is, under certain conditions, truth conducive
(or at least probability conducive) in the sense that a more
coherent set is, given certain conditions, more likely to be
true (or has a higher posterior probability). These questions
have been addressed in the literature in formal epistemology.
See, e.g., Bovens and Hartmann (2003); Douven and Meijs
(2007); Olsson (2005) and it will be interesting to relate the
qualitative proposal made in this paper to that literature. This
will allow for a more fundamental derivation of the perceived
likelihood ratio proposed in this paper. We leave this task for
another occasion.
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Proposition 4
It is easy to see from eqs. (1) and (4) that (i) P∗∗ (B) > P∗ (B)
iff x′ < x, (ii) P∗∗ (B) = P∗ (B) iff x′ = x, and (iii) P∗∗ (B) <
P∗ (B) iff x′ < x. Using Proposition 2 then completes the
proof.

Proposition 5

Figure 4: The likelihoods p2 and q2 as a function of b for
γ = 1/2.

We begin with some notation. We denote the probability of B
after first updating on A1 by b′ and the probability of B after
first updating on A2 by c′ . Likewise, we denote the probability that results after first updating on A1 and then on A2 by b′′
and the probability that results after first updating on A2 and
then on A1 by c′′ . These are given by

Conclusion
In this paper, we proposed a novel probabilistic model of myside bias in argument evaluation, in which myside bias is represented as a bias in the diagnosticity of an argument relative to a belief. Moreover, we have shown that our model
can be derived from Bayesian assumptions if we assume that
an agent takes into account the coherence of the belief under
consideration with her background beliefs.
The proposed model is specific enough to be empirically
tested. This should be done, first, to evaluate whether the
proposed model is quantitatively adequate to describe myside
bias in argument evaluation. Second, it is important to empirically investigate the relationships between the influence of
coherence and other epistemic motives on myside bias and,
more generally, on argument evaluation. Finally, it will be interesting to compare the proposed Bayesian explanation with
other explanations for the myside bias and develop criteria for
evaluating them.

Proofs
Proposition 2

=

b′′

=

c′

=

c′′

=

b
b
=:
N1
b + b x′ (x1 , b)
b′
b′
=:
N2
b′ + b′ x′ (x2 , b′ )
b
b
=:
N3
b + b x′ (x2 , b)
c′
c′
=:
N4
c′ + c′ x′ (x1 , c′ )

Next, we calculate ∆ := c′′ − b′′ :
∆

=
=
=


1
· c′ (b′ + b′ x′ (x2 , b′ )) − b′ (c′ + c′ x′ (x1 , c′ )).
N2 N4

1
· c′ b′ x′ (x2 , b′ )) − b′ c′ x′ (x1 , c′ ))
N2 N4

bb
· x′ (x1 , b) x′ (x2 , b′ ) − x′ (x2 , b) x′ (x1 , c′ )
N1 N2 N3 N4

Plugging in the expressions for the various x′ , one obtains
after some algebra that
!
 ′ ′ γ
bc
∆=K·
−1 ,
(10)
b′ c′
where K is a positive constant. Hence, ∆ > 0 iff b′ c′ > b′ c′ .
This holds iff c′ > b′ which in turn holds iff x1 > x2 . This
completes the proof.

Definition 1 implies that
2
x′
=
.
x
1 + (b̄/b)γ

b′

(9)

Next, we note that (b/b)γ < 1 for b > 1/2, (b/b)γ = 1 for
b = 1/2 and (b/b)γ > 1 for b < 1/2. Hence, from eq. (9),
x′/x < 1 if b > 1/2, x′/x = 1 if b = 1/2 and x′/x > 1 if b < 1/2.
From this, the proposition follows.

Proposition 6
We first note that
P(B|A, E) =

Next we apply the product rule from the theory of Bayesian
networks (see, e.g., Hartmann (2021)) and obtain:

Proposition 3
P(B|A, E) =

We differentiate x′ (x, b) with respect to b and obtain:

=

∂x′
(b b̄)γ−1
= −2 γ x · γ
<0
∂b
(b + b̄γ )2

=
Hence, x′ (x, b) is a strictly monotonically decreasing function
of b.

P(A, B, E)
.
P(A, E)

P(B) P(A|B) P(E|B)
∑B P(B) P(A|B) P(E|B)
b p1 p2
b p1 p2 + b q1 q2
b
b + b (q1/p1 ) (q2/p2 )

From this, the proposition follows.
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Abstract
Syntactic harmony occurs when heads and dependents align
within and across different types of phrases in a language.
Harmony is a well-known (statistical) typological universal: in
most languages, many if not all heads and dependents are consistently ordered (i.e., either head-dependent, or dependenthead). Despite decades of work, from every conceivable theoretical perspective, the origins of syntactic harmony remain
opaque. However, recent work using artificial language learning has suggested that harmonic patterns are easier to learn
than their non-harmonic counter-parts. Thus at least part of
the explanation for this tendency may be linked to learning.
Here, we explore whether the mechanism behind the learning
bias for syntactic harmony is fundamentally domain-general
by instantiating harmony in non-linguistic stimuli. Our findings support the claim that the origins of syntactic harmony lie
in a domain-general bias for simplicity acting on linearized,
language-specific categories.
Keywords: language universals; syntax; cognition; learning
biases; artificial grammar learning

Introduction
Background
Word order harmony occurs when the order of syntactic heads
and their dependents follows a consistent pattern within a
given language. For example, SOV languages are head-final
in the verb phrase. In other words, the syntactic head, the
verb, follows its dependent, the object. These languages also
tend to have postpositions, where the head, the adposition,
follows its dependent, the noun phrase. Similarly, languages
with pre-nominal adjectives, tend to have all other nominal
modifiers occurring before the noun as well (e.g., numeral
words, demonstratives). Harmony is one of the oldest, and
most well-studied so-called ‘typological universals’, and was
first documented at length by Greenberg (1963). Since then,
many explanations for harmony have been proposed. Indeed,
it has played a central role in one of the most important debates in linguistics, namely whether language is shaped in
meaningful ways by features of the human cognitive and/or
linguistic system.
While most researchers would likely concede the importance of general cognition in language, the existence of
linguistic-specific factors that constrain language is much
more contentious (e.g., see Evans & Levinson, 2009). In a
recent paper, Culbertson and Kirby (2016) argue that there
are (at least) two relevant ways in which linguistic-specific
factors can influence some feature of language typology–like

word order harmony. The most obvious way is if that feature
evolves by natural selection under a pressure for the linguistic
function it serves. The second, and perhaps less obvious, way
is if that feature is cognition-general but interacts with the linguistic system in a unique way. Importantly, the implications
for evolution are radically different for these two paths. Computational models of language evolution suggest that the first
situation is high unlikely (e.g., see Chater, Reali, & Christiansen, 2009; Smith & Kirby, 2008). However, the second
situation is much more plausible, and indeed Culbertson and
Kirby (2016) argue that harmony represents such a case.
Specifically, Culbertson and Kirby (2016) argue that harmony is one particular instantiation of a cognition-general
bias for simplicity in learning (Chater & Vitányi, 2003).
A simplicity bias can be expressed as a preference for
inferring explanations (e.g., grammars) that are simpler,
or put another way, can be described more concisely (in
information-theoretic terms). A simplicity bias interacting
with a linguistic-specific categorization of grammatical elements into heads and dependents, can explain a preference
for harmony. A language with a single, general rule governing the order of these categories across phrases is simpler
than one with multiple, specific ordering rules applied to different types of phrases. This kind of explanation for harmony
is related to early proposals like the Head-Direction Parameter (i.e., a high-level rule, set to head-initial or head-final in a
given language Travis, 1984; Chomsky, 1988; Baker, 2001).
However, these proposals posited innate linguistic-specific
constraints, generating universally possible languages and
ruling out impossible ones. By contrast, the simplicity bias
is critically not specific to the linguistic system, and does not
itself make predictions about possible grammars, but instead
likely grammars.
While this view might be intuitively plausible, there are a
number of well-known alternative explanations for harmony.
The first is an alternative explanation that appeals to sentence
processing. In particular, a number of researchers have argued that at least some harmonic orders minimize the dependency lengths of utterances consisting of multiple heads
and dependents (e.g., Hawkins, 2004; Temperley & Gildea,
2018; Futrell, Mahowald, & Gibson, 2015; Hahn, Jurafsky,
& Futrell, 2020). For example, a sentence like ‘Ally sent
the report to the cabinet secretary’ involves harmonic VP
and PP order, but also a shorter distance between the verb
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‘sent’ and the preposition ‘to’ indicating a PP dependent compared to a hypothetical non-harmonic alternative like ‘Ally
sent the report the cabinet secretary to’. Like simplicity,
dependency-length minimization is likely a domain-general
cognitive pressure that applies to language (e.g., see Temperley & Gildea, 2018). The second alternative explanation
originates with Givón (1975, 1979), who observed that harmonic heads were in some cases diachronically related. For
example, he argued that the historical source for many adpositions is verbs1 , thus we expect adposition order to correlate with verb order. If harmony among particular heads
were widely amenable to this sort of explanation, then the
typological trend for harmony could thus reflect largely noncognitive processes. In other words it could result not from
individual-level cognitive biases, but purely from common
historical processes of grammaticalization (see also Heine
& Kuteva, 2007; Aristar, 1991; Whitman, 2008; Kaufman,
2009; Collins, 2019). A final alternative explanation is that
harmony is a historical accident, with the typological trend
for harmony resulting from the fact that a number of large
language families happen to be harmony. For example, Dunn,
Greenhill, Levinson, and Gray (2011) use Bayesian phylogenetic methods to evaluate whether historical changes to headdependent order in one phrase correlate with changes in another phrase. If this happens consistently across language
families then this implies a general pressure for harmony.
Although they find evidence of correlated pairs of phrases
within some of the language families, the results differ across
families. Even correlations which appear to be very strong
on the basis of Dryer (1992) are thus interpreted as ‘lineagespecific’: for example, the correlation between verb-object
and adposition-noun order was found to be strong in the IndoEuropean and Austronesian families, but not in Bantu or UtoAztecan.

Harmony in behavioral experiments
In summary, there are a number of potential explanations
for harmony that differ in the degree to which they posit
linguistic-specific rules and representations (as in the HeadDirection Parameter and related proposals Baker, 2001),
cognition-general mechanisms acting on linguistic representations (as in Culbertson & Kirby, 2016; Temperley & Gildea,
2018), or neither (as in Givón, 1975; Dunn et al., 2011).
These explanations have generated robust debate for decades,
without a clear answer, suggesting the need for additional
sources of evidence beyond typological data.
Recent work has used artificial language learning experiments to more directly test the hypothesized link between
cognition and harmony (see Culbertson, to appear, for a review). For example, Culbertson, Smolensky, and Legendre
(2012) taught adult English-speaking learners a miniature artificial language featuring noun phrases consisting of either a
noun and an adjective or a noun and a numeral. They found
1 Specifically,

serial verb constructions, where two verbs are essentially concatenated, and one is eventually re-interpreted as an adposition.

that learners were more successful at learning the language
if it generally placed both modifiers on the same side of the
noun. In other words, harmonic patterns were easier to learn
(see also Culbertson & Newport, 2015, 2017; Culbertson,
Franck, Braquet, Barrera Navarro, & Arnon, 2020, for evidence from children and speakers of other languages). Critically, this is in line with a simplicity account of harmony, or
with something like a Head-Direction Parameter, but not with
a non-cognitive accounts of harmony, nor with a dependencylength minimization account: in these experiments only a single phrase is processed (or produced) at a time, and therefore
all input and output languages have the same (minimal) dependency lengths (for evidence in favor of dependency-length
minimization in artificial language learning see Fedzechkina,
Chu, & Florian Jaeger, 2018) These results suggest that a cognitive bias may play a causal role in explaining word order
harmony. However, it remains unclear whether the bias is
linguistic in nature, or reflects a cognition-general bias for
simplicity.

Exploring the domain-general nature of harmony
Culbertson and Kirby (2016) propose that linguistic harmony
reflects a domain-general bias for simplicity in combination
with a linguistic-specific notion of similarity among elements.
This notion of similarity is what determines which elements
in the system should align with which others. In the case
of language, this notion in question is the distinction between
grammatical categories of words, i.e., different types of heads
and dependents. While exactly how grammatical categories
are defined and what determines whether a given category is a
head or a dependent is necessarily straightforward, a specific
theory of these categories will make clear predictions about
which elements should align with which. In other words, the
bias for simplicity will favour consistent ordering of those elements which are defined as similar in the relevant way. In
this sense, harmony is the result of both cognition-general
and linguistic-specific factors. Here we test this proposal by
generating non-linguistic stimuli which also feature similarities among elements that are specific to the domain in question. As we discuss further below, the asymmetry between
heads and dependents is less important for our purposes than
the notion of similarities between distinct categories. Therefore, while will call these heads and dependents, to illustrate
the parallel with syntactic harmony, these are essentially a
linguistic notions. Below, we explore whether systems with
consistent harmonic alignment of similar elements are easier
to learn. If learners find such systems easier to learn, this supports the view of harmony driven by a general bias for simplicity, rather than a view which posits harmony as the result
of a constraint (e.g., parameters) evolved by natural selection
under a pressure for linguistic harmony.

Experiment 1
In Experiment 1 we take one step away from syntactic harmony in natural language by using sequences of meaningless
letter strings rather than combinations of meaningful words.

1520

The design is an ease-of-learning experiment, where participants are taught either a harmonic or non-harmonic ordering and tested on how well they learn to identify correct sequences.

Table 1: Experiment 1 head and dependent stimuli.
Heads
H1

Methods
Stimuli Stimuli consisted of two categories: ‘head’ elements and ‘dependent’ elements. In natural language the elements that fall into these categories–i.e., grammatical categories like noun or adposition—are presumably learned based
on similarities in structure and/or meaning. As mentioned
above, what exactly determines what is a head and what is
a dependent is determined by linguistic-theory-internal notions. Since we are not interested here in how the categories
themselves are learned, our stimuli are designed to provide
salient evidence of distinct categories, and cues to which go
together. In particular, there are similarities among the elements in each category (akin to similarities that nouns sharing with other nouns, or verbs share with other verbs), and
among the heads and dependents that go together (akin to
something like feature-based agreement). The stimuli are
shown in Table 1. Head categories were longer than dependent categories, and heads were presented in isolation at the
beginning of the experiment and described to participants as
having shorter sequences which attach to them (see Procedure below). In all other respects, what we are calling heads
and dependents were mutually dependent on each other. Both
head and dependent categories are made up of two types, with
4 tokens per type.2 Heads types are distinguished by a contrast in voicing and manner of articulation of the relevant letters in the string. One type of head is comprised of CVCVC
strings where C’s are {n,g,ng} and V’s are {a,e}; the other
type of head has C’s {sh,k,th} and V’s are {u,o}. Tokens of
each head type are distinguished by a different arrangement
of the relevant set of consonants and vowels. Dependents are
all comprised of CVC strings. Each head type can occur with
two dependent types. Dependents paired with each type of
head have C’s that match it in terms of voicing, and V’s chosen from the same set in order to help learner identify the relevant head-dependent combinations (akin to different phrase
types in natural language): {b,v} with {a} or {e} for one
type; {p,f} with {o} or {u} for the other.3 Strings were constructed by appending dependents before or afters heads with
a dash connecting them (see Table 2).
Participants were randomly assigned to one of three conditions which differed in the ordering of heads and dependents:
harmonic, non-harmonic across heads, and non-harmonic
within heads, all illustrated in Table 2. In the harmonic condition all string were consistently ordered. Participants in
2 In natural languages there may be asymmetries between the
number of types and tokens for various categories of heads and dependents, but we have no particular reason to expect that this plays
a role in harmony.
3 There is nothing special about these choices of how to differentiate the categories, or how to indicate the heads and dependents
that go together; these were just features that we thought would be
highly salient for learners.

H2

{nageng, negang,
genang, ganeng}
{shukoth,shokuth,
koshuth, kushoth}

Dependents
Dep1a: {bav, baz, dav, daz}
Dep1b: {veb, ved, zeb, zed}
Dep2a: {puf, pus, tuf, tus}
Dep2b: {fop, fot, sop, sot}

the harmonic condition were randomly assigned to H(ead)Dep(endent) or Dep-Head order. In the non-harmonic across
heads condition, all dependents of a particular head type were
consistently ordered, but that order differed across head types.
For example, in natural language, verbs might always precede
their dependents, but adpositions might always follow their
dependents. Participants in the non-harmonic across heads
condition were randomly assigned to H1-Dep1, Dep2-H2 or
the reverse. In the non-harmonic within heads condition, the
two dependent types of a given head were inconsistently ordered. For example, Dep1a-H1, H1-Dep1b, Dep2a-H2, H2Dep2b. For example, in natural language, adjectives might
come before the head noun, but numerals after, and for some
other head type, there might be dependents that proceed and
others that follow. There are four possible combinations of orders in this condition, and participants are randomly assigned
to one of them. Our prediction is that participants in the harmonic condition will learn more accurately than participants
in either non-harmonic condition. We further predict that the
non-harmonic across heads pattern will be easier to learn than
non-harmonic within heads pattern.
Table 2: Experiment 1 conditions with example sequences
from the first listed subcondition.
Condition
Harmonic

Sub-conditions
Head-Dep or
Dep-Head

Non-harmonic
across heads

Dep-H1, H2-Dep or
H1-Dep, Dep-H2

Non-harmonic
within heads

e.g.,
Dep1a-H1, H1-Dep1b
Dep2a-H2, H2-Dep2b

Example seq.
nageng-bav
ganeng-veb
shokuth-tuf
koshuth-fop
bav-nageng
veb-ganeng
shokuth-tuf
koshuth-fop
bav-nageng
ganeng-veb
tuf-shokuth
koshuth-fop

Procedure The experiment was presented in a web browser
using jspysch (De Leeuw, 2015). Participants were informed
that they would be learning to recognize two new types of
letter sequences. Each new type of sequences has a shorter
sequence associated with it, and their task was to learn to
recognize how the short sequences attach to the long ones.
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Figure 1: Example training and testing trials in Experiment 1.

They were then shown examples of the two types of heads
in isolation on the screen, with a border around the examples of each type. After this, they were trained on letter
sequences one at a time. The sequence appeared, and after
1500ms a button labelled with ‘Next’ appeared and participants clicked to advance to the next trial. Training consisted
of 64 trials (one repetition of each possible combination of
head with dependent in the language). After training, participants were tested on what they had learned. In each testing trial, two sequences appeared on the screen. Participants
were instructed to choose which was a possible configuration
of the sequences they had learned about. Testing consisted of
64 trials (one repetition of each correct combination of head
with dependent in the language, paired with a sequence which
reversed the order). Example training and testing trials are
shown in Figure 1.
Participants Participants were 74 English-speakers who
self-identified as monolinguals on the Prolific Academic platform (24 harmonic, 26 non-harmonic across heads, 24 nonharmonic within heads).

Results
Recall that based on Culbertson and Kirby (2016) we predicted that a harmony bias should still be present when instantiated in sequences of meaningless letter strings. More
specifically, we predicted that participants would have the
highest accuracy in the harmonic condition, and the lowest
accuracy in the non-harmonic within heads condition. Figure 2 suggests that this prediction was borne out. The data
were analysed using mixed-effect logistic regression in order to assess the effect of condition on accuracy. We compared two models, one including condition as a predictor and
the other include only an intercept term. Both models including a by-participant random intercept. A likelihood ratio
test indicated that including condition significantly improved
the model (chi2 = 51.07, p < 0.001). We conducted a further model comparing performance in the harmonic to the two
non-harmonic conditions. In both cases, accuracy was higher
in the harmonic condition (vs. non-harmonic across heads
β = −3.18 ± 0.81, p < 0.001; vs. non-harmonic within heads
β = −5.70 ± 0.83, p < 0.001). Finally, we compared the

Figure 2: Proportion correct choice for each condition in Experiment 1 (Strings) and Experiment 2 (Shapes). In both
cases, accuracy is highest in the harmonic condition and lowest in the non-harmonic within heads condition.
two non-harmonic conditions, confirming that accuracy was
higher in the non-harmonic across heads condition than the
non-harmonic within heads condition (β = −2.38 ± 0.55, p <
0.001).

Discussion
In Experiment 1, we tested the hypothesis that linguistic harmony is driven by a cognition-general simplicity bias combined with a linguistic-specific notion of heads and dependents which determines the elements-to-be-aligned. This hypothesis predicts that a preference for harmony should be
found in a tasks that do not involve syntactic phrases, heads
or dependents; in particular where the stimuli and and the relevant categories are not syntactic in nature. Here, the stimuli
were meaningless letter strings, with the ‘head’ and ‘dependent’ categories distinguished based on letters and sounds.
We found that, as predicted, participants were better at learning the system when trained on sequences in which those
heads and dependents were harmonic. They were less successful when sequences involves inconsistent ordering across
different types of heads, and they were even less successful when there was inconsistent order of the different dependents of a single type of head. In Experiment 2 we move
further away from language, instantiating harmonic and nonharmonic patterns in shape stimuli.

Experiment 2
Experiment 2 was identical to Experiment 1 in terms of the
structure of the training, and the experimental conditions participants were assigned to. The only difference was in how
head and dependent elements were constructed to instantiate
harmonic and non-harmonic patterns.

Methods
Stimuli Stimuli consisted of two categories of shapes:
‘head’ elements and ‘dependent’ shapes. The categories are
distinguished based on visual characteristics including size
and structure as shown in Table 3. Heads were larger than
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Results

Table 3: Head and dependent stimuli for Experiment 2.
Heads

Dependents

H1

Dep1a:
Dep1b:

H2

Dep2a:
Dep2b:

dependents, and (as for Experiment 1) were first presented in
isolation and were described to participants as having smaller
shapes attached to them. As in Experiment 1, both head
and dependent categories were made up of two types, with
4 tokens per type. Heads types were distinguished by their
shape. One type of head consisted of circular shapes with
rounded interior structure, the other type consisted on octagonal shapes with angular interior structure. Tokens of each
head type were distinguished by their distinct interior structure. Dependents were all comprised of two small shapes
put together. Each head type could occur with two dependent types. Dependents paired with each type of head had
round/angular shapes which matched the head in order to help
learners identify the relevant head-dependent combinations:
oval with skinny rounded flower and rounded rectangle with
fat flower for one type; diamond with skinny star and rectangle with fat star for the other. Sequences were constructed by
appending dependents before or afters heads with a smooth or
jagged line connecting them (see Figure 3). Conditions were
the same as in Experiment 1.
Procedure The procedure was identical to Experiment, except that participants were instructed that they would be
learning about two new types of shapes which had smaller
shapes attached to them. Example training and testing trials
are shown in Figure 3.

Recall that based on Culbertson and Kirby (2016) we predicted that a harmony bias should still be present when instantiated in non-linguistic stimuli, here sequences (or visual arrangements) of shapes. More specifically, we predicted that participants would have the highest accuracy in
the harmonic condition, and the lowest accuracy in the nonharmonic within heads condition. As for Experiment 1, Figure 2 suggests that this prediction was borne out for these
stimuli as well. The data were analysed using mixed-effect
logistic regression in order to assess the effect of condition
on accuracy. We compared two models, one including condition as a predictor and the other include only an intercept
term. Both models including a by-participant random intercept. A likelihood ratio test indicated that including condition
significantly improved the model (chi2 = 33.50, p < 0.001).
We conducted a further model comparing performance in the
harmonic to the two non-harmonic conditions. In both cases,
accuracy was higher in the harmonic condition (vs. nonharmonic across heads β = −1.88 ± 0.72, p < 0.001; vs. nonharmonic within heads β = −4.02 ± 0.71, p < 0.001). Finally, we compared the two non-harmonic conditions, confirming that accuracy was higher in the non-harmonic across
heads condition than the non-harmonic within heads condition (β = −1.92 ± 0.51, p < 0.001).

Discussion
In Experiment 2, we tested the hypothesis that linguistic harmony is driven by a cognition-general simplicity bias combined with a linguistic-specific notion of heads and dependents which determines the elements-to-be-aligned. This hypothesis predicts that a preference for harmony should be
found in a tasks that involve completely non-linguistic categories as stand-ins for heads and dependents. Here, the stimuli were shapes, with the ‘head’ and ‘dependent’ categories
distinguished based on size, shape, and structure. We found
that, as predicted, participants were better at learning the system when trained on sequences in which those heads and dependents were harmonic. They were less successful when sequences involves inconsistent ordering across different types
of heads, and they were even less successful when there was
inconsistent order of the different dependents of a single type
of head.

General Discussion

Figure 3: Example training and testing trials in Experiment 2.
Participants Participants were 76 English-speakers who
self-identified as monolinguals on the Prolific Academic platform (24 harmonic, 25 non-harmonic across heads, 27 nonharmonic within heads).

Word order harmony involves consistent alignment of heads
and dependents within and across different phrases—for example, alignment of adpositionals and their noun dependents
with verbs and their objects. Since the original observations of (Greenberg, 1963), linguists have sought to understand why languages tend to use harmonic orders. Traditionally, there have been several prominent competing hypotheses
in the literature including a constraint, specific to syntactic
system, which determines head order and includes a mechanism by which harmonic orders are preferred (as in Travis,
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1984; Baker, 2001), a sentence processing mechanism along
the lines of dependency-length minimization (as in Hawkins,
2004), and a cognition-external explanation based on patterns
of language change (as in Givón, 1975; Aristar, 1991). A
further possibility is set out in Culbertson and Kirby (2016),
where harmony is hypothesized to result from a cognitiongeneral bias for simplicity acting on linearized, languagespecific categories. These alternative explanations have very
different implications for language evolution. At least one
implies a strong, domain-specific constraint, others imply no
role for human cognition at all. A number of strands of
research suggest that the idea of strong constraints which
are specific to the linguistic system, and have evolved for
a particular linguistic purpose–e.g., to enforce harmony–are
very unlikely (Thompson, Kirby, & Smith, 2016). However,
weak (i.e., defeasible) cognition-general biases like simplicity have been argued to be much more likely. Moreover, these
bias can interact with unique features of our linguistic system, like syntactic categories, phrases, heads and dependents.
However, direct behavioral evidence for such constraints is
needed.
Here we have presented two experiments, inspired by previous research using artificial language learning methods
showing that harmony among linguistic categories is preferred by learners. These findings suggest that there is indeed a link between individual-level biases of learners and a
population-level tendency for harmony. We tested the prediction of Culbertson and Kirby (2016), that when the elements
to be linearized are meaningless (sequences of letter strings)
and/or non-linguistic (sequences of shapes), a simplicity bias
should nevertheless lead to a preference for harmonic orders.
This prediction was clearly borne out in both experiments.
It is worth noting again here that our design was based on
the idea that the key aspect of harmony which links to simplicity is the linearization of similar categories of elements
across sequences. In syntax, these are heads and dependents
(defined in some way by a particular linguistic theory). Here
we borrowed this terminology, and created distinct categories
of elements (identifiable based on orthographic/phonological,
or visual features) which could occur together. Learners were
tasked with acquiring how these elements were linearized. In
the harmonic condition, learners could in principle learn the
correct linearization of elements without learning anything
other than the distinction between the head and dependent
categories–i.e., they could simply learn that dependents come
first or last. This is part of what makes this type of pattern
simple. In the non-harmonic across heads condition, by contrast, participants must make use of information about classes
of dependents, or classes of heads, or both in order to take
advantage of within-head consistency. In the non-harmonic
within heads condition, yet more information about the heads
and dependents must be learned in order to learn the linearization pattern. Future work could explore more deeply what
exactly participants have learned about the dependencies in
these very simplified systems, and the connection between

harmony and category/dependency learning. However, we
believe these experiments provide the first step toward showing that a weak cognition-general bias for simpler representations, active in individual learners, and amplified over time
via cultural transmission, can explain syntactic harmony.
Of course, cognition-external factors like genetic relationship among languages, common grammaticalization pathways, etc. have also undoubtedly shaped language. The role
of simplicity in driving harmony does not preclude the role of
likely types of lexical changes (i.e., verbs being re-interpreted
as adpositions). However, it does beg the question of whether
the commonality of certain types of lexical changes on the
one hand, and the strength of harmony between a given pair
of categories on the other, are driven by the same underlying
cause. For example, verbs and adpositions tend to be related
by a common diachronic root and the tendency for harmony
between them may be particular strong across languages (e.g.
see, Dryer, 1992). One possibility is that syntactic harmony
results not just from the linguistic-specific notions of head
and dependent, but from more fine-grained representations of
similarity among different types of grammatical categories.
Categories of heads that are more similar to one another might
be more likely to change into each other, and to harmonize.
Whether this is the case remains to be determined through
additional typological, theoretical, and experimental work.
Similarly, there is good evidence that languages are shaped
by a preference for minimizing dependency-lengths during
sentence processing (e.g, Temperley & Gildea, 2018; Futrell
et al., 2015). However, the findings reported here, along
with results from previous artificial language learning studies (e.g., Culbertson et al., 2012; Culbertson & Newport,
2015; Culbertson et al., 2020) suggest that harmony may be
driven by a higher-level preference for representational simplicity which holds even when alignment only holds across
utterances. How and whether these two forced interact–e.g.,
to strengthen the preference for harmony between types of
phrases that frequently co-occur in a single utterance–is also
an area for further inquiry.
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Abstract

2020). Here, we briefly review work from different domains
that may bear on how people navigate political discourse.

In polarized political climates, debate is ubiquitous but minds
rarely change. This raises a question: what causes people to
update their views? Recent work has shown that people are
persuaded more by experienced-based explanations rather than
factual ones. Yet, facts surely play (or ought to play) an
important role in political discourse. Is it possible to leverage
the persuasive power of personal experiences without
sacrificing factual information? In Experiments 1 and 2, we
replicate and build on previous findings showing that people
who offer experienced-based (vs. fact-based) explanations are
perceived as more rational and worthy of respect. In
Experiment 3, we show that more complex explanations
combining factual information with personal examples reveal
more nuanced results. Collectively, this work sheds new light
on how experienced-based and fact-based evidence can be used
to persuade.
Keywords: political disagreement; perspective taking;

The top 1% of Americans have 16 times the wealth of the
bottom 50%. The sea level in 2020 was 3.6 inches higher than
it was in 1993. The national debt of the United States is $28.9
trillion. People tend to think that facts like these should
ground political discussions. Indeed, when asked to choose
between facts and personal experiences, laypeople indicate
that they would prefer to hear facts, rating opponents who
provide factual evidence more respectable and rational
(Kubin, Puryear, Schein & Gray, 2021). Yet despite their
overtly-stated preferences, laypeople’s actual reactions to
evidence-based arguments are less favorable. People view
political opponents as more rational and worthy of respect
when they use experienced-based rather than fact-based
explanations (Kubin et al., 2021). This raises a question: Why
do people say they value facts but actually prefer experiencebased explanations in practice? How might understanding
this discrepancy help us to navigate political discourse?

Prior Work
In an era of increasing misinformation (Del Vicario, Bessi,
Zollo, Petroni, Scala, Caldarelli, Stanley, & Quattrociocchi,
2016) and political polarization (Layman, Carsey, &
Horowitz, 2006), a growing body of work has explored the
causes and consequences of political polarization (Vargo,
Guo, & Amazeen, 2018; Stewart et al, 2019). For example,
in the 2016 election, partisan media outlets were more likely
to spread fake news (Vargo et al., 2018). How can we reduce
such misinformation and its downstream effects such as
polarization? To date, only a few studies have examined ways
to reduce political polarization (e.g., Kubin et al., 2021;
Pennycook, Collins, & Rand., 2020; Yousif, Aboody, & Keil,

Political Polarization Research on political polarization has
explored how engagement with traditional news media and
social media influences falsehoods and debate. Recent
research on the social network of information communication
revealed that restricted information flow between competing
media groups could result in polarized deadlock among
different groups (Stewart, Mosleh, Diakonova, Arechar,
Rand, & Plotkin, 2019). On an individual level, people across
the political spectrum also become more susceptible to fake
news if they are not actively engaged in analytical thinking
(Pennycook, & Rand, 2019). Moreover, adults are more
likely to engage in counterfactual reasoning to excuse rather
than correct falsehoods that correspond with their shared
political opinions (Effron, 2018).
Evaluating Other Social Actors How we interpret debate
depends in part on how we evaluate the parties involved. For
example, we may be more likely to believe people who look
or sound like us (DeBruine, 2002), and who are members of
shared coalitions (Burnham, McCabe, & Smith, 2000). Even
personality traits may predict trustworthiness, with guiltproneness as the best predictor (Burnham et al., 2000). How
we perceive agents in debate may also depend on whether
they appear to be ‘reasonable’ versus ‘rational’ and what we
perceive their goals are. Grossmann, Eibach, Koyama, and
Sahi (2020) showed that ‘reasonable’ actors were expected to
be understanding of social contexts and flexible while
‘rational’ actors were thought of as preference maximizing
— making decisions based on inferences about expected
costs and rewards. Reasonable actors were also thought to
care more about other’s preferences than rational ones due to
the ‘dominance’ of a rational strategy compared to a
reasonable one (Grossmann et al, 2020; see also Rawls, 2005;
Tobia, 2018).
Individuals vs. Masses Paradoxically, people are more
persuaded by evidence of individual experiences rather than
collective experiences. For example, we tend to prioritize ‘an
individual life’ over ‘statistical lives’ in the context of giving
to charity (Small, Loewenstein, & Slovic, 2007). When
people are given a brochure that includes stories about a little
girl in South Africa who is experiencing starvation and
poverty, they are way more likely to donate to the charity,
compared to a brochure with statistics. The strength of this
prioritization is so strong that, in cases of mass murders and
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genocide, people quickly move into action by a single story,
or a photo depicting just one victim, when statistics have been
readily available all along (Slovic, 2010). This tendency to be
moved by stories of individuals rather than masses is known
as the ‘Identifiable Victim Effect.’ Level of certainty and the
proportion of the reference group seems crucial to giving the
individual persuasive power over the statistics (Jenni &
Lowenstein, 1997).
This prioritization of the individual’s experience even
extends beyond charitable giving to the space of political
debates. People find political opponents to be more rational,
more respectable if these opponents base their positions on
first person experiences rather than researched facts (Kubin
et al., 2021). In the era of ‘fake news’ and political
polarization, personal experiences might be seen as unlikely
to be falsified and could be perceived as truer than facts. If
this is the case, then how might incorporating details of
individual experiences with facts affect the political debate?

opponents are perceived as more rational and are more
respected when their beliefs are based on personal
experiences rather than facts. If beliefs grounded in personal
experiences are seen as more rational and more respected
than beliefs supported by facts, participants would give
higher ratings on both measures for opponents with a
personal narrative. Furthermore, participants would also be
more willing to interact with an opponent who has a personal
experience rather than one who knows facts about a given
topic (note that there was no direct effect of evidence type on
people’s willingness to interact with their opponents in the
original study). On the other hand, if there is no relation
between the type of evidence and people’s judgments of
respect, rationality, and willingness to interact with political
opponents, we would expect to see no systematic preference
for personal experiences over facts across all measures. This
experiment is pre-registered (link).

Methods

Current Studies
Here we explore how facts can be employed in contrast to
and in tandem with personal experiences during political
disagreements. We presented participants with vignettes on
three different topics (tax, coal and gun policy) that had
dissenting opinions based on either people’s experiences (e.g.
“Samantha supports reduced taxes for businesses because she
had first-hand experience with business taxes and is facing
bankruptcy due to recent tax increases to her business”) or
based on facts (e.g. “Samantha has not had any experience
with business taxes, but supports reducing taxes for
businesses based on facts learned by reading extensively
about taxes”; see Kubin et al., 2021).
In Experiment 1, we directly replicated the core study in
Kubin et al. (2021). We used the three topics in Kubin et al.
(2021) – coal regulation, gun control, and tax increase – and
ask participants to read claims from their political opponents
on these issues and evaluate them across three dimensions:
their respect for the opponents, the perceived rationality of
the opponents, and how willingness they are to interact with
their opponents. In Experiment 2, we explored the possibility
that fact-based vignettes were at a slight disadvantage in Exp.
1 due to framing differences (e.g., explicit mention of
“Samantha has not had any experience” in the fact vignette
but no mention of “Samantha has not read any facts” in the
experience vignette). We examined how stable people’s
preferences for personal experiences were with a new set of
vignettes with matched structures. In Experiment 3, we asked
whether these preferences for personal experiences over facts
would persist in arguments with more complex evidence
types. Specifically, we contrasted cases where political
opponents supply facts that included a detailed personal
example versus personal experiences that were accompanied
by facts.

Experiment 1
Experiment 1 aimed to replicate the psychological model
proposed by Kubin and colleagues (2021): political

Participants We recruited 214 U.S. participants from
Prolific. 14 participants were excluded from further data
analysis based on pre-registered inclusion criteria (final n =
200). Participants were asked ‘Which of the following topics
did you read about in this survey?’ and were included if they
correctly selected the three topics in the experiment from six
choices.
Stimuli A total of 12 vignettes for three topics, coal
regulation, gun control, business tax increases, were taken
directly from Kubin et al. (2021) and used (see Table 1). For
each topic, there are two facts vignettes, one for each political
position, and two personal experience vignettes, and,
similarly, one for each political position.
Procedure Participants were randomly assigned to either
read three facts vignettes or three personal experiences
vignettes. First, participants were asked about their own
opinions about tax, coal and gun policy. They were then
assigned to read vignettes that represented the opposing
viewpoint to their own. After reading each vignette,
participants first answered comprehension check questions.
In the facts condition, the comprehension check questions
include: “This person assessed data before coming to their
viewpoint,” “This person read extensively about the topic
before coming to this stance” and “A knowledge of relevant
statistics helped this person come to this conclusion”. In the
personal experience condition, participants were asked to rate
“This person has personal involvement with the topic,” “This
person has first-hand knowledge of this issue” and “This
person has an authentic experience with this issue”.
Participants were then asked to rate their political
opponents based on statements that measured three
dimensions: rationality, respect, and willingness to interact.
To measure rationality, participants evaluated the following
statements: “This individual is rational for holding their
stance,” “This individual has a stance that makes sense,”
“This individual is logical for having their stance”. To meas
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Personal
experience
(Exp. 1 & 2)

Bill supports [less /more] restrictions on coal mining because he has first-hand experience with
[mining and lost his job to new coal regulations /the mining industry after it left his water supply
unsafe to drink].

Fact (Exp. 1)

Bill has not had any experience with coal mining, but he supports [less restrictions on coal mining
/more restrictions on the coal industry] based on facts he learned while reading extensively about
the topic.

Fact (Exp. 2)

Bill supports [less /more] restrictions on coal mining /the coal industry] based on facts he learned
while reading about people who [lost their jobs to new coal regulations /had the mining industry
leave their water supply unsafe to drink].

Personal
experience
+ Fact
(Exp. 3)

Bill supports [less /more] restrictions on coal mining based on first-hand experience with [losing
his job to new coal regulations /the mining industry leaving his water supply unsafe to drink] and
facts he learned while reading about parents who [have worked as miners for over two decades and
whose families lost their only source of income to new coal regulations /had to take their children
to the emergency room after they had some contaminated water due to mining].

Fact
+ Third-person
personal details
(Exp. 3)

Bill supports [less /more] restrictions on [coal mining /the coal industry] based on facts he learned
while reading about people who [lost their jobs to new coal regulations /had the mining industry
leave their water supply unsafe to drink], including a father who [has worked as a miner for over
two decades and whose family lost their only source of income /had to take his son to the
emergency room after he had some contaminated water].

Table 1: Example vignettes used in Exp. 1, 2, & 3.
-ure respect, they were provided with “How willing would
you be to respect this person’s viewpoint?”, “How willing
would you be to be considerate of this person’s stances?”,
“How willing would you be to take this person's point of
view?”. To gauge participants’ willingness to interact with
their political opponents, they were asked “How willing
would you be to have a general discussion with this person?”,
“How willing would you be to interact with this person?”,
“How willing would you be to exchange ideas with this
person?”. Participants recorded their answers on a 7-point
scale from ‘strongly disagree’ to ‘strongly agree’ (for
comprehension check and rationality) and from ‘very
unwilling’ to ‘very willing’ (for respect and willingness to
interact).

Results & Discussion
People perceived political opponents as more respected and
more rational when their policy positions are grounded in
personal experiences than in facts. Participants’ responses on
three dimensions – respect, rationality, and willingness to
interact –were separately examined below. First, a three-way
ANOVA probing the effects of evidence type, policy topic,
and specific questions asked on people’s respect responses
revealed three main effects but no significant interactions.
There was a significant effect of evidence type, F(1, 1782) =
37.39, p < .001. People had more respect for opponents who
provided personal experiences (M = 4.89, SD = 1.63)
compared to facts (M = 4.43, SD = 1.77), t(1750.2) = 5.73, p
<.001, Cohen’s d = 0.27. We also found a significant effect
of topic on respect responses, F(2,1782) = 16.37, p < .001.
Post hoc paired t-tests with Bonferroni correction revealed
that participants are more likely to respect their opponents

when the topic was tax increase (M = 4.97, SD = 1.53)
compared to gun control (M = 4.47, SD = 1.86; t(599) = 6.75,
p < .001, Cohen’s d = .29) or coal regulation (M = 4.58, SD
= 1.69; t(599) = 5.92, p < .001, Cohen’s d = .24). Furthermore,
there was a main effect of the specific questions asked on the
respect responses, F(2,1782) = 104.84, p < .001. Post hoc
paired t-test found that people are much less willing to take
someone’s view (M = 3.91, SD = 1.81) than to be considerate
of their stances (M = 5.16, SD = 1.49; t(599) = - 20.18, p
<.001, Cohen’s d = -.74) or to respect their view (M = 4.95,
SD = 1.56; t(599) = -18.58, p <.001, Cohen’s d = -.61). People
are also more willing to be considerate of opponents’ stances
than to respect their view (t(599) = 5.73, p < .001, Cohen’s d
= .13).
The second dimension is people’s responses of political
opponents’ rationality. A three-way ANOVA revealed a
main effect of evidence type on people’s ratings, F(1,1782) =
39.22, p < .001, and a main effect of topic, F(2,1782) = 6.17,
p < .005, on rationality responses. Similar to the finding for
the respect dimension, post hoc independent-sample t-test
showed that people perceived opponents as more rational
when their position was supported by personal experiences
(M = 4.77, SD = 1.52) compared to facts (M = 4.32, SD =
1.54), t(1782.5) = 6.24, p <.001, Cohen’s d = .29.
Furthermore, people were slightly more willing to perceive
an opponent as rational for tax increase (M = 4.73, SD = 1.42)
than for gun control (M = 4.46, SD = 1.57; t(599) = 3.95,
Bonferroni-corrected p <.001, Cohen’s d = .18) or coal
regulation (M = 4.47, SD = 1.62; t(599) = 3.98, Bonferronicorrected p <.001, Cohen’s d = .17). We also found a
significant interaction between evidence type and topic,
F(2,1782) = 6.23, p < .005. Post hoc t-test with Bonferroni
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Figure 1: (a) Mean ratings by question for the respect and the rationality dimensions in Exp. 2 & 3. (b) Mean ratings by
question for the willingness to interact dimension in Exp. 2 & 3. The error bars indicate 1 standard errors.
correction showed that, when people evaluate opponents who
rely on facts, they perceived opponents as more rational for
the topic of tax increase (M = 4.67, SD = 1.36) than for gun
control (M = 4.18, SD = 1.61; t(287) = 4.89, p <.001, Cohen’s
d = .33) or coal regulation (M = 4.10, SD = 1.57; t(287) =
6.21, p <.001, Cohen’s d = .39).
However, we found no significant effect of the type of
evidence, whether it is personal experience (M = 5.37, SD =
1.42) or facts (M = 5.32, SD = 1.40), on people’s willingness
to interact with their opponents, F(1,1782) = .49, p = .49.
There was only a main effect of topic, F(2,1782) = 23.39, p
< .001. People perceived an opponent as more rational for tax
increase (M = 5.63, SD = 1.23) than for gun control (M = 5.08,
SD = 1.59; t(599) = 10.31, Bonferroni-corrected p <.001,
Cohen’s d = .38) or coal regulation (M = 5.32, SD = 1.34;
t(599) = 7.18, Bonferroni-corrected p <.001, Cohen’s d = .24).
People are also rated opponents as less rational for gun
control compared to coal regulation (t(599) = -5.16,
Bonferroni-corrected p <.001, Cohen’s d = -.16).
Collectively, these results revealed a main effect of
evidence type on the respect and rationality dimensions but
not willingness to interact. Thus, we replicate Kubin et al.
(2021)’s finding that personal experiences lead people to
have more respect and perceived rationality for political
opponents but do not have a direct effect on people’s
willingness to interact with their opponents.

Experiment 2

Exp. 1, based on the original prompts from Kubin et al.
(2021), revealed that people preferred personal experiences
over facts when evaluating their political opponents. Yet, one
possibility is that the vignette in the facts condition also
highlighted opponents’ lack of experience (e.g., “Bill has not
had any experience”) whereas the vignettes in the personal
experiences condition did not emphasize opponents’ lack of
factual knowledge. This difference in the vignettes could
potentially enlarge the differences in people’s evidence type
preferences. Experiment 2 thus sought to replicate the
findings of Exp. 1 with maximally matched vignettes for both
evidence types. This experiment is pre-registered (link).

Methods
Participants We recruited 210 U.S. participants from
Prolific. 10 participants were excluded from further data
analysis based on the same pre-registered inclusion criteria as
Exp. 1 (final n = 200).
Stimuli A total of 12 vignettes for three topics, coal
regulation, gun control, business tax increases, were taken
from Kubin et al. (2021) and edited (see Table 1). The
personal experience vignettes were kept to be identical to
Exp. 1. However, for the facts vignettes, the phrase “has not
had any experience with” was removed. As a result, the two
vignettes were maximally identical and the wording
minimally varied based on the specific evidence type. The
stimuli were otherwise remained the same as Exp. 1.
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Procedure The method in Exp. 2 is identical to Exp. 1 except
topic order is randomized.

Results & Discussion
Consistent with results from Exp. 1, people had a higher
regard toward political opponents – having more respect and
perceiving them as more rational – when their opponents’
views were supported by personal experiences rather than
facts. Focusing on the effects of evidence type, we reported
the primary findings on the three dimensions, respect,
rationality, and willingness to interact, below. There was a
main effect of evidence type on respect responses, where
people had more respect for opponents with personal
experiences (M = 4.92, SD = 1.61) compared to those with
facts (M = 4.31, SD = 1.71), t(1791.2) = 7.75, p < .001,
Cohen’s d = .37. People also perceived opponents as being
more rational (M = 4.92, SD = 1.39) when they had personal
experiences than when they had facts (M = 3.93, SD = 1.49;
t(1789) = 14.55), p < .001, Cohen’s d = .69. Surprisingly, a
main effect of evidence types on people’s willingness to
interact responses was also revealed. People were more
willing to interact with their political opponents if their views
were supported by personal experiences (M = 5.51, SD = 1.32)
than by facts (M = 5.12, SD = 1.39), t(1793.7) = 6.04, p < .001,
Cohen’s d = .28.
These findings showed that people had more respect for
their political opponents, perceived them as more rational,
and were more willing to interact with them when the
opponents’ views were based on personal experience rather
than facts. Surprisingly, the change in stimuli in Exp. 2 did
not reveal a preference for facts over personal experiences or
mediate the gap between people’s preferences. Instead, we
saw that people’s preferences for personal experiences over
facts when evaluating political opponents persisted across
both experiments. The matched stimuli used in Exp. 2 further
revealed a significant effect of evidence type on the
dimension of willingness to interact, which was not observed
in Exp. 1. The results here provide strengthened evidence for
Kubin et al. (2021)’s theoretical framework, which proposed
that differences in political opponents’ choice of evidence
have downstream consequences for people’s respect for them,
perceived rationality of their opponents, and their willingness
to interact with others who hold different opinions than them.

Experiment 3
In Experiment 3, we asked how personal details combined
with facts could affect people’s evaluations of political
opponents. So far, Exp. 1 and 2 have put personal
experiences and facts directly against each other when
probing people’s preferences. People revealed a preference
for opponents with first-person personal experiences than
those with facts. A natural extension to the current findings
was to ask how this gap might be bridged. In reality, it could
be challenging to expect people to possess first-person
personal experiences for each policy position they hold.
Based on prior work showing that people are more sensitive
to details and stories from individuals compared to the
statistics from the mass (Small et al., 2007), here we aimed to

test the effectiveness of personal details on people’s
evaluations of opponents, even when these details are
described from a third-person perspective. To examine this
question, we provided participants with two new types of
political opponents: an opponent who had personal
experiences with a policy position but also knew facts
supporting this position. In contrast, we created another
opponent who knew facts supporting their policy position but
also knew of someone else’s specific personal experiences.
This experiment is pre-registered (link).

Methods
Participants We recruited 207 U.S. participants from
Prolific. 7 participants were excluded from further data
analysis based on the same pre-registered inclusion criteria as
Exp. 1 and Exp. 2 (final n = 200).
Stimuli A total of 12 vignettes for three topics, coal
regulation, gun control, business tax increases, were taken
and edited based on Exp. 1 and 2 (see Table 1). Our stimuli
combined facts and personal experiences to create two new,
hybrid evidence types. In one evidence type, the fact vignette
served as the base with an additional third-person personal
detail. In another, the personal experience vignette acted as
the base with additional facts.
Procedure The method in Exp. 3 is identical to Exp. 2 except
participants are asked both sets of comprehension checks.

Results & Discussion
People evaluated their political opponents higher on the
dimensions of respect and rationality when these opponents
had personal experiences and knew facts compared to when
the opponents had facts and third-person personal details, yet
they were more willing to interact with the latter. We found
that participants respected political opponents more when
their views were supported by personal experiences with
facts (M = 4.96, SD = 1.54) compared to by facts with thirdperson personal details (M = 4.42, SD = 1.65), t(1789.7) =
7.05, p < .001, Cohen’s d = .33. Furthermore, people were
much more likely to perceive their opponents as more rational
when they had personal experience with facts (M = 4.96, SD
= 1.42) than facts with third-person personal details (M =
4.03, SD = 1.46), t(1797) = 13.63, p < .001, Cohen’s d = .64.
However, people were less willing to interact with opponents
with personal experiences and facts (M = 5.54, SD = 1.25)
than those with facts and third-person personal details (M =
5.25, SD = 1.39), t(1776.9) = -4.59, p < .001, Cohen’s d =
-.22.
When comparing the new evidence types in Exp. 3
against the original evidence types in Exp. 2, further analyses
did not reveal any significant differences between people’s
ratings on respect and rationality dimensions for opponents
who knew only facts and opponents who knew facts with
third-person personal detail. For respect, t(1795.7) = 1.44, p
= .15, and for rationality, t(1797.1) = 1.51, p = .13. Similarly,
we found no effects of whether opponents have personal
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experiences (from Exp. 2) or personal experiences with facts
on people’s respect and rationality ratings: for respect,
t(1794.8) = .52, p = .60, and for rationality, t(1796.8) = .64,
p = .52. However, there was a main effect of evidence type
on people’s willingness to interact, where people were more
willing to engage with opponents if their views were
supported by facts with third-person personal details
compared to only facts, t(1776.7) = 6.77, p < .001, Cohen’s d
= .32. We also found that people were slightly less willing to
engage with opponents who had personal experiences with
facts than opponents who only had personal experiences,
t(1793.8) = -3.93, p < .001, Cohen’s d = -.19.
Compared to results in Exp. 2, we found that the two
hybrid evidence types did not alter people’s preferences for
personal experiences over facts when evaluating how much
they respected their political opponents or the perceived
rationality of these opponents. Yet, unlike the previous
findings where people’s ratings for respect, rationality, and
willingness to interact were across the board higher for
personal experiences over facts, results from Exp. 3 revealed
an intriguing dissociation between people’s respect and
rationality ratings for political opponents and their
willingness to interact with them. People were more willing
to interact with political opponents whose views were
supported by facts with third-person personal details than
opponents with other evidence types.

General Discussion
We found that personal experiences are preferred over factual
evidence as a justification for dissenting political opinions.
Furthermore, combining personal experiences and factual
evidence revealed a dissociation between people’s respect
and perceived rationality for political opponents and their
willingness to interact with them.
Exp. 1 replicated the prior finding that political views that
were based on personal experience increased people’s respect
and perceptions of rationality toward political opponents but
not their willingness to interact with their opponents (Kubin
et al., 2021). However, we were unsure if the preference for
personal experiences over facts could be partially enlarged by
the specific features in the vignettes. In our first extension to
this work, we asked whether people’s preferences would
persist after the vignettes for opponents with personal
experiences and opponents with facts were maximally
identical. We replicated results from Exp. 1, showing that
people respected their political opponents more and
perceived them as more rational when their views were
supported by personal experiences than by facts. Moreover,
Exp. 2 revealed a new result that personal experience
increased willingness to interact with opponents compared to
facts. Collectively, these findings provided support for Kubin
and colleagues (2021)’s theoretical model that personal
experiences could lead to increases in people’s respect for
their political opponents, perceived rationality for these
opponents, and willingness to interact with them.
Our second and final extension explored the interaction
between personal experience and fact-based evidence. We

find that combining evidence types does not result in shifts in
people’s respect or perceived rationality for their opponents.
However, we found a surprising dissociation between
people’s evaluations of respect and rationality for their
political opponents and their willingness to interact with
them. While people still held more respect and perceived
their opponents as more rational when their views were
supported by personal experience with facts, people were
more willing to interact with opponents whose views were
supported by facts and a third-person personal detail.
As shown in our results, when it comes to considering
people who hold different political opinions than oneself, it
is possible for people to separate evaluations of respect and
rationality from judgments of their willingness to interact
with their opponents. While people might still hold
opponents with personal experiences as more respectable and
more rational, we found that integrating detailed personal
information (even when it is from a third-person perspective)
into factual evidence started to mitigate the differences
between people’s preferences. One possibility is that people’s
judgments on willingness to interact with their opponents
could allow them to build common ground with their political
opponents and later increase their respect for these opponents
and the perceived rationality for them (e.g., after more
exchanges or conversations).
Our work proposes a potential method for systematically
investigating the effects of different evidence types on their
persuasiveness. Future research should explore how the
effect of evidence type vary when we change the specificity
and quality of different evidence. Perhaps people do not
necessarily find opponents with facts less respectable, less
rational, or want to interact with them less, but that people
have different criteria for evaluating what counts as a fact.
Our finding in Exp. 3 suggests that more specific facts, such
as one that includes personal details of an individual, could
be evaluated more highly than one that included vague,
general facts.
Political disagreement is a key part of democratic
societies. Disagreement in general is an unavoidable part of
human life. Our work reveals how people in situations of
disagreements might evaluate each other based on what
supporting evidence their opponent uses. We replicated and
strengthened prior findings (Kubin et al., 2021) that people
tend to respect their political opponents more, perceive them
as more rational, and are more willing to interact with them,
when these opponents’ views were supported by personal
experiences rather than facts. Importantly, we found that
people’s evaluations of their opponents could still be flexible
beyond the simple divide of personal experience versus
factual evidence. When people are provided with factual
evidence with more specific details about individual’s
experiences, their evaluations of their opponents started to be
shifted. Thus, this work opens up new possibilities as to how
factual evidence can be used during political debates and
disagreements when first person experiences are not
available.
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The Influence of Mean Product Ratings on Review Judgments and Search
Daniel Katz and Daniel Bartels
Abstract

A second class of confirmation biases includes backwardlooking biases that impact how information is interpreted
(Klayman, 1995). People may restrict their attention and/or
give greater weight to evidence that confirms a hypothesis,
independent of the information they seek out (Nickerson,
1998). We find evidence for both classes of confirmation bias
in participants’ judgments of review helpfulness.

We investigate the way people judge how helpful a review is
in informing their decision as to whether to make a purchase.
In particular, we are interested in how the summary statistics
an individual sees influences judgments of a review’s
helpfulness. We find perceived helpfulness of a given review
decreases as the star rating of that review gets further from the
mean rating. Additionally, participants were more likely to
search for reviews close to the mean. Both of these findings are
consistent with confirmation bias. We explore, but do not find
support for, alternative possible explanations.

Belief Updating and Information Search

Keywords: confirmation bias, search behavior, belief
updating, categorization, budgeting, mental accounting.

Introduction
As the use of online shopping continues to grow, people
increasingly need to form expectations of product quality by
searching through product information. One factor that can
significantly influence these expectations is online reviews.
On many major websites people are exposed to summary
statistics for all the ratings the product has received. We
explore how this summary information influences the
judgments they make about the reviews they then read.
Specifically, we find perceived helpfulness of a given review
decreases as the star rating of that review gets further from
the mean rating. We also investigate why this relationship
occurs and how it can influence search behavior. First, we
discuss existing theory that would predict these results, as
well as other patterns of theoretical importance, which we do
not find support for.

Relative to a Bayesian benchmark, people tend to be overly
conservative in their updating of beliefs. In the classic
Hogarth and Einhorn (1992) model of belief updating with
sequential information, new evidence is often encoded
relative to a reference point and beliefs are updated in an
anchor-and-adjust manner. In relation to the present research,
if people adopt the mean rating as their initial reference point
and encode subsequent information relative to that mean,
one’s beliefs about a product will tend to be biased toward
the mean rating. Coupled with the aforementioned findings
that people prefer information consistent with their beliefs,
this would predict greater perceived helpfulness for reviews
at or close to the mean.
In problems of information search, a common finding is
people tend to search too little relative to normative search
models (e.g., Zwick et. al., 2003). Conditional on knowing
the mean rating, reviews that deviate far from the mean could
be largely informative while reviews close to the mean
provide only a small, but positive, amount of new
information. Thus, these models would predict helpfulness
would increase as reviews strayed further from the mean.

Confirmation Biases

Reasoning by Representativeness

Confirmation bias is an overarching term that encompasses
several psychological tendencies (Klayman, 1995). There is
a large body of work on various confirmation biases, and a
complete review of this literature is beyond the scope of this
project. However, there are several findings from this
literature that are relevant the current research.
There are two broad classes of confirmation biases. The
first of these is forward-looking biases that impact how
people acquire information (Klayman, 1995). This line of
research finds people tend to test cases that are expected to
have a property of interest more than cases not expected to
have a property of interest, otherwise known as a positivetest strategy. One canonical example is the Wason selection
task, in which people disproportionately look for evidence to
confirm a rule as opposed to evidence that could falsify the
rule (Wason, 1968). This relates to the current research
because people typically observe summary information
before reading reviews. If people encode that information, in
our case the mean rating, as a relevant property of the
product, they may disproportionately seek out reviews that
share that property.

A canonical finding from the heuristics and biases
literature is individuals often form judgments based on
representativeness (Tversky and Kahneman, 1974). The most
well-known case of this is the “Linda problem,” where
participants commit a conjunction fallacy. Participants read
about a hypothetical person named Linda who is described as
a feminist. People then tend to say it is more likely that Linda
is a feminist bank teller than a bank teller, which is
impossible. Similarly, people reading product reviews may
look for reviews they believe come from a representative
person. This would predict people would find modal reviews
to be the most helpful.

Current Research
In this work, we explore this relationship between a
review’s deviation from the mean rating and its helpfulness.
Four studies provide support for the fact that a review’s
helpfulness declines as the absolute difference between the
review’s rating and the mean increases. We also investigated
the impact of other pieces of summary information, which we
believed could impact judgments of review helpfulness.
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Further, we attempted to understand why deviation from the
mean rating impacts review helpfulness by probing
potentially mediating factors. Finally, we observe how the
mean rating influences search for reviews.
In Study 1, we factorially manipulated several types of
summary information, including the mean, to study the
impact of summary information on helpfulness. In Study 2,
we added a thought listing procedure to explore potential
mediating processes that may give rise to the negative
relationship between deviation from the mean and review
helpfulness. In Study 3, we further investigated the mediating
processes suggested by Study 2. In Study 4, we explore
search for reviews as a behavioral consequence of the impact
of deviation on helpfulness.

Study 1: The Impact of Summary Information
on Review Helpfulness
The mean rating of a product is typically just one of several
pieces of summary information people have when shopping
online. Most websites also display the distribution of star
ratings a product has received as well as the total number of
ratings. Past research has found one’s product preferences are
significantly influenced by the number of total reviews a
product has, a phenomenon dubbed “popularity bias” (Heck,
Seiling, and Bröder, 2020; Powell et. al., 2017).

Figure 1: Distributions with 4.0 mean (top: mode is 4, bottom:
mode is 5)

Participants
Three thousand six hundred and eleven participants
completed the survey on Prolific (M age = 35, 52% female).
Eight were excluded due to a memory check failure. This left
3,603 valid completions.
Results

Experimental Design and Procedure

We ran the following ordinary least squares regression:

Study 1 used a 3(overall rating: 2, 3, or 4) x 2(distribution:
mean is mode, mean is not mode) x 2(product: blender, book)
x 2(total number of reviews: 84, 984) x 5(star rating of
review: 1, 2, 3, 4, 5) between-subjects design. The products
and total number of reviews were selected based on a prior
norming study. Participants saw only one review and
answered the following question: “How helpful would this
review be when deciding whether to buy this
[book/blender]?” (1 = Not helpful at all, 7 = Very helpful).
The distribution of reviews carries a lot of information
about how people feel about a product. We chose to
manipulate the mode as a potential alternative to the
hypothesis involving the mean. If people reading the reviews
are trying to gauge the experience they are most likely to have
if they purchase the product, the mode seems like a sensible
reference point they could adopt. This would be consistent
with reasoning by representativeness. The distributions we
used were constructed specifically to hold constant, within a
mean rating, the percentage of reviews that were four or five
stars and the percentage of reviews that were one or two stars.
The reason for this was to control for binary bias (Fisher,
Newman, and Dhar, 2018). This phenomenon finds people
tend to group 4- and 5-star reviews together as “good” and
group 1- and 2-star reviews together as “bad.” Figure 1
shows this manipulation for an average rating of four stars.

Rated Helpfulnessi = β0 + β1*Absolute
Deviationi + β2*Star Ratingi +
β3*Booki + β4*Total Reviewsi +
β5*Mean is Modei + εi

(1)

In Equation 1, Book is a dummy variable that takes a value
of 1 for book and 0 for blender. Mean is Mode is a dummy
variable that takes a value of 1 when the mean and mode of
the distribution are equal and 0 when they are not. There was
a significant negative relationship between a review’s
absolute deviation from the mean and its helpfulness rating
̂1 = -0.41, S.E. = 0.03, t = -14.51, p < .001).
(β
There was a significant negative relationship between
̂2 =
perceived helpfulness and the star rating of the review (β
-0.17, S.E. = 0.02, t = -9.14, p < .001), which is consistent
with prior literature on negativity bias in reviews (Yin, Mitra,
and Zhang, 2016). Neither the total number of reviews nor
the distribution significantly impacted helpfulness judgments
̂4 and β
̂5 were not significant). This is true in all
(i.e., β
studies, so, for brevity, we will not discuss it again. There
were slight differences across the two products but the
coefficient of interest, which is the effect of deviation, was
similar across both. This is also true in all studies.
Discussion
The results from this study support the notion that greater
deviation from the mean rating causes people to perceive
reviews as less helpful. The evidence from Study 1 does not
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support the hypotheses that most helpful reviews are those
that contain the most new information (i.e., reviews far from
the mean) or those that are most representative (i.e., the
modal reviews). We continue to manipulate the mode in
future studies but never observe an effect on helpfulness.

Study 2: Exploratory Thought Listing
Study 2 had two main goals. The first goal was to replicate
the finding from Study 1 that greater deviation from the mean
led to lower helpfulness ratings in a within-subjects design.
Study 1 only presented participants with one review each
because of the rich literature on assimilation and contrast
effects, where the judgement or valuation of a stimulus is
influenced by the judgement or valuation of a prior stimulus
(see Rudolph, 1994 for a review). However, an advantage of
presenting participants with several reviews is to control for
individual differences in perceptions of review helpfulness.
The second goal of the study was to explore the cognitive
processes that give rise to this effect.
Experimental Design and Procedure
This study used a 3(overall rating: 2, 3, or 4; between) x
2(distribution: mean is mode, mean is not mode; between) x
2(product: blender, book; between) x 5(star rating of review:
1, 2, 3, 4, 5; within) mixed design. Participants read five
reviews, one from each possible star rating. The order of the
reviews participants saw was randomized.
After giving helpfulness judgements for all five reviews,
participants engaged in a thought listing exercise. For each
review, we displayed the helpfulness judgement participants
previously gave and asked them to list thoughts that came to
mind when forming that judgement. Participants were
required to list at least four thoughts. Following the thought
listing, we asked participants to code their thoughts on
several dimensions in an attempt to uncover the information
participants used when making helpfulness judgements and
whether the information they used differed depending on a
review’s deviation from the mean. Thus, we asked
participants to indicate, for each thought, if it was about the
star rating of the review, the text of the review, the mean
rating, or the distribution of ratings. Lastly, for each thought,
participants indicated whether the thought was positive,
negative, or neutral.

.001). Again, we see evidence of negativity bias, as low-rated
̂2 = -0.13, S.E. = 0.02, t = -5.97,
reviews were more helpful (β
p < .001). These are all consistent with Study 1.
We next examined whether absolute deviation from the
mean influenced the thoughts that came to mind when
participants formed their helpfulness judgements. For the
valence of the thoughts and most of the thought coding
dimensions, no such relationship emerged. However, there
was an effect of absolute deviation and the total thoughts
about the text of the review. We ran equation 1 with a
participant-level random intercept and total thoughts about
the text of a review as the dependent variable. Like perceived
helpfulness, there was a significant negative relationship
between a review’s absolute deviation from the mean and the
̂1 = -0.045, S.E. =
total number of thoughts about the text (β
0.017, t = -2.52, p = .012). No negativity bias emerged for
these thoughts.
Discussion
Study 2 replicated the finding that the deviation of a review
from the mean rating is negatively related to its perceived
helpfulness. It also provided preliminary process evidence for
why this relationship exists. In the thought listing exercise,
participants generally listed more thoughts about the text of
the review when the star rating was close to the mean. This
finding suggests absolute deviation from the mean influenced
the amount of attention participants gave to the reviews, but
additional process evidence is needed to support that claim.

Study 3: Cue Weights in Helpfulness
Judgments
The goal of Study 3 was to probe the process suggested
from Study 2 in a more targeted manner. Specifically,
because Study 2 suggested deviation from the mean can
affect engagement with a review’s text, we wanted to
measure this by directly asking participants. When forming
the helpfulness judgments for a given review participants
have two cues, the star rating and the text. Thus, we test for
the relative weight participants give to each cue in their
helpfulness judgments.
Experimental Design and Procedure

Three hundred and eighty-nine participants completed the
survey on Prolific (Mage = 32, 57% female). One participant
was excluded due to a memory check failure. This left 388
valid completions.

This study used the same design as Study 2, with one
modification. After the helpfulness judgements, instead of
going through the thought listing exercise, participants
answered the following question: “What was the most helpful
part of the review?” (1 = definitely star rating, 7 = definitely
text; counterbalanced). These questions were presented after
the helpfulness ratings were collected.

Results

Participants

First, we attempted to replicate the results from Study 1 by
running equation 1, adding a participant-level random
intercept. There was a significant negative relationship
between a review’s absolute deviation from the mean and its
̂1 = -0.30, S.E. = 0.03, t = -8.73, p <
helpfulness rating (β

Six hundred and thirty-two completed the survey on
Prolific (Mage = 32, 51% female). Two participants were
excluded due to a memory check failure. This left 630 valid
completions.

Participants

Results
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We ran equation 1 with a participant-level random
intercept for two dependent variables: perceived helpfulness
and the importance of text relative to star rating. There was
again a significant negative relationship between a review’s
absolute deviation from the mean and its helpfulness rating
̂1 = -0.31, S.E. = 0.03, t = -12.33, p < .001). Again, lower(β
̂2 = -0.14, S.E. = 0.02, t =
rated reviews were more helpful (β
-8.17, p < .001). We also found the importance of the text
relative to the star rating was negatively related to absolute
̂1 = -0.16, S.E. = 0.03, t = -5.81, p
deviation from the mean (β
< .001).
Discussion
The results of Study 3 replicated the findings of Studies 1
and 2 and gave further insight into the processes underlying
participants’ judgments of review helpfulness. We saw the
text of the review received greater weight in helpfulness
judgments for reviews close to the mean. This is consistent
with backward-looking confirmation bias, whereby the mean
rating influences the way the information in the reviews are
interpreted.

Study 4: Search for Reviews
One behavioral consequence of these results may
involve the way people search for reviews. Confirmation
bias can significantly impact search because people tend to
look for evidence that supports a hypothesis rather than
evidence that refutes it (Klayman, 1995). This study looks
into the effect of deviation from the mean on search and
helpfulness.

̂2 =
< .001). There was again evidence of negativity bias (β
-0.22, S.E. = 0.03, t = -8.47, p < .001).
To examine search behavior, we calculated the mean of
all the ratings a participant searched and tested whether that
differed as a function of the mean product rating. Thus, we
ran equation 2:
Mean Rating of Searched Reviewsi = β0
+ β1*Mean Product Ratingi + β2*Booki
+ β3*Mean is Modei + εi + εi

We find a significant positive relationship between the
mean product rating and the mean rating of the reviews a
̂1 = 0.26, S.E. = 0.03, t = 7.44, p <
participant searched (β
.001).
Discussion
Results from this study again replicate our finding that
helpfulness is negatively related to deviation from the mean.
Additionally, we find this has significant consequences for
the reviews participants choose to search. The mean rating of
the reviews participants searched in this study was
significantly, positively related to the mean product rating
participants were assigned to. In other words, participants
chose to read reviews that were close to the mean rating. This
is one way in which the effect of deviation from the mean on
perceived review helpfulness can have a significant impact
on behavior. This is consistent with forward-looking
confirmation biases, as participants generally searched for
confirmatory evidence.

General Discussion

Experimental Design and Procedure
This study used a 3(overall rating: 2, 3, or 4; between) x
2(distribution: mean is mode, mean is not mode; between)
x 6(product: book, painting, wine, blender, trash can,
hangers; between) x 5(star rating of reviews that could be
searched: 1, 2, 3, 4, 5; within) mixed design. The main
difference between this design and those in prior studies is
that participants chose which reviews to read (as opposed
to being randomly assigned). Participants were required to
search at least one review, and after that they could
terminate search at any time. The maximum number of
reviews they could search is five (one from each star
rating). After the search part of the study, participants saw
and gave helpfulness ratings to all five reviews.
Participants
Six hundred and four participants completed the survey
on Prolific (Mage = 33, 52% female). Ten participants were
excluded due to a memory check failure. This left 600 valid
completions.
Results
First, we ran equation 1 with a participant-level random
intercept and replicated our previous finding that
helpfulness decreases with increasing absolute deviation
̂1 = -0.47, S.E. = 0.03, t = -12.12, p
from the mean rating (β

(2)

Four studies provided converging evidence for a negative
relationship between the perceived helpfulness of a review
and its deviation from the mean product rating. This is
consistent with research on confirmation biases. In addition
to documenting this relationship, Studies 2 and 3 provided
evidence for cognitive processes responsible. The text of a
review was more important to helpfulness judgments the
closer its rating was to the mean rating. Lastly, Study 4
showed evidence of participants using a positive-test strategy
when searching for reviews. These findings contribute to the
existing literatures on consumer reviews and confirmation
biases.
Our results did not support the two other hypotheses we
initially mentioned. Contrary to predictions of many
normative models of search, participants did not find reviews
far from the mean to be most helpful, nor did they seek out
those reviews. Contrary to the prediction of reasoning by
representativeness, the mode (i.e., the most representative
person) was not a significant predictor of review helpfulness
or search.
The total number of reviews also did not significantly
influence helpfulness judgments. This was surprising given
prior work on the high weight people often give to this total
when choosing products (Heck, Seiling, and Bröder, 2020;
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Powell et. al., 2017). However, it is certainly possible the
total number of reviews influences perceptions about product
quality without influencing perceptions of review
helpfulness.
Theoretical Contributions
The literature on judgments of review helpfulness is
growing quickly, but it is still relatively small when
considering the large role reviews play in ever-expanding
online shopping. There has been very limited research into
the effect of summary information on review helpfulness. We
add to this literature in several ways. First, we corroborate the
results from a few papers that use observational data to show
that deviation from the mean is negatively correlated with
helpfulness. We also add to these findings by exploring the
cognitive processes that underlie this relationship as well as
behavioral consequences that arise.

In addition to the results presented in this research, we
believe the impact of summary review information on the
way reviews impact one’s beliefs and preferences is a topic
that could yield further exciting research. Only the mean
rating had a significant effect in our studies, but there could
be different tasks or contexts where other pieces of summary
information are important.
Conclusion
Confirmation bias appears to play a large role in how
people use product reviews. People tend to find reviews more
helpful when they are close to the mean. Additionally, people
tend to search for reviews close to the mean. These findings
highlight the importance of summary information in
judgments and decisions regarding product reviews.
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400 3-star individual ratings while Product B’s 3-star rating
is averaged across 200 1-star individual ratings and 200 5star ratings. With this new information, do you have a
preference towards one of the products? This new preference
you may feel illustrates a key tenet of this research -- there is
more than meets the eye when it comes to online reviews.
Meanwhile, it also highlights the informational role of the
third “v”, in addition to valence and volume, in online
reviews – variance.

Abstract
It may seem pointless to compare two products with the
exact same average rating and total number of reviews
without other review information. Now imagine a scenario
in which the distribution of star ratings is also available to
decision makers in addition to these two attributes. Will the
decision still be uncertain as it is before or the distributions
of stars will engender a preference towards one of the
products? To answer this question, the current study used
variability of star ratings as an approximation of a product’s
distribution. The behavioral studies showed that
participants exhibited distinctive choice patterns when the
distribution of ratings was provided even when the average
rating and total number of reviews were the same between
two products involved in a comparison. A utility-based
cognitive model was therefore developed to identify the
underlying mechanism as to why people chose the way they
did.

Variance as Social Cue: Opinion Dispersion

Keywords: rating distributions, average rating, total
number of reviews, variability, modeling

Introduction
The proliferation of user-generated content (UGC), and
electronic word-of-mouth, has reshaped the way in which
people communicate with information and with each other.
One way in which UGC has greatly influenced people’s lives
is by providing consumers with online reviews on which they
can rely in order to make product choices. As such, product
ratings have increasingly become a major factor in how
people buy products. While we know much about how
consumers incorporate average ratings (valence) and number
of reviews (volume) -- two of the most frequently examined
and arguably used dimensions -- into their choice processes
(Powell et al., 2017; Rosario et al., 2016; Floyd et al., 2014;
Chevalier & Mayzlin, 2006), we do not know nearly as much
about how they evaluate riskiness of ratings for individual
products. In everyday consumer contexts, it is not uncommon
for consumers to encounter situations in which they have to
choose between one product that receives ratings that are
consistently moderately good and another related product,
whose ratings are usually excellent but occasionally terrible.
To illustrate this idea, imagine the following scenario: you
are presented with Product A and Product B, both with an
average rating of 3 stars (out of 5 stars) based on 400 reviews.
Asking you to pick one product out of these two may perplex
you as they have identical average ratings and number of
reviews. You have every right to be indifferent in this case.
However, what if now more information about the two
products to you: Product A’s 3-star rating is averaged across

While the notion of variance may sound more statistical than
social, this dimension of information has been investigated
under the guise of opinion dispersion. Before online reviews
became ubiquitous, many researchers have examined how
traditional word-of-mouth (WOM) influences choice
behavior and how this process is affected by other
distributional characteristics. WOM seems to be one of those
buzzwords that is all around us in this Web 2.0 era. In
marketing and communication literature specifically, WOM
is defined as “oral, person-to-person communication between
a receiver and communicator whom the receiver perceives as
non-commercial, concerning a brand, a product or a service”
(Arndt, 1967). Through the lens of WOM, rating variance
reflects the degree of social consensus, or lack thereof, in
experiences of the product. Consensus is then captured by the
level of agreement, or homogeneity, among opinions: People
agree that the product is good, or bad, or mediocre.
In a perfect world, each product receives homogeneous
reviews from fellow consumers and the true quality can thus
be easily recovered. Yet, in reality, oftentimes products end
up with highly divergent ratings such that average ratings can
be misleading. Mulan (Caro, 2020) falls under the latter
category as the 33122 reviews (at the time of writing) it has
received on Google so far are clearly distributed in a bimodal
fashion with spikes at 1-star and 5-star ratings, resulting in an
average rating of 2.7 stars (see Figure 1).

Figure 1. Rating distribution of Mulan (2020) at the time of writing.

Apparently, some audiences love the movie while others do
not. At first glance, 2.7 is a mediocre, if not poor, rating. If
one interprets this score as representative of product
performance, s/he is likely to be misled: ratings of 3 are
actually the least common. This phenomenon is not unique to
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Mulan (2020). As pointed out by Amendola et al. (2015),
movies are becoming increasingly controversial, and thus
bimodal. Maybe there is also the question of whether social
consensus exists among products with bimodal distributions
(e.g., J- or U-shaped), which in fact are encountered rather
frequently “in the wild” (Hu et al., 2006; 2009).
When people consider the experiences of others regarding
a product they may purchase online, what they are really
doing is setting an expectation for themselves -- what would
constitute a satisfactory versus an unsatisfactory outcome and
what will the product be like for me? West and Broniarczyk
(1998) examined how consumers integrated critic opinions
(differed in levels of consensus) into their product
evaluations They reported that consumer response to critic
consensus depends on product quality relative to individual
expectations. Specifically, when the average critic rating was
below consumers’ expectation disagreement (i.e., high
variance among critic ratings) was preferred. They reason
that this is because disagreement indicates that there is still a
possibility (albeit small) of exceeding the expectation. When
critics agreed with each other and their consensus was below
the consumers’ aspiration level, however, the chance of
achieving a desired level of satisfaction is asymptotically
zero. To sum up, when the average critic rating is below
consumers’ expectation, preference for disagreement is
driven by the desire of potentially getting a really pleasant
experience. On the other hand, when the average critic rating
was above consumers’ expectation, consensus (i.e., low
variance among critic ratings) was preferred. They reason
that this preference is primarily driven by consumers’ desire
to not fall below their expectation, even if it means they
would probably miss the alternative that delivers the best
experience. This is just one of the many examples reflecting
the idea that the influence of opinion dispersion can be
affected by summary statistics such as valence and volume
(Khare et al., 2011; He & Bond, 2015). To use the language
of the prospect theory (Kahneman & Tversky, 1979), the rest
of the paper also refers to choosing a low-variance alternative
as being risk-averse and choosing a high-variance alternative
as being risk-seeking.

Overview of Studies
This research takes a different tack by framing online
decision-making with consumer ratings as risky choices and
studying it with a combination of modeling and behavioral
experimentation. Risky choice behavior is by no means a new
topic. A large body of literature has documented how
decision makers behave when facing risks and/or
uncertainties (see Fischhoff & Broomell, 2020 for a review).
However, comparatively, we know much less about risky
choice behavior in terms of online consumer choice. While a
small number of previous studies has examined the role of
rating variance in consumer decisions, very few studies have
employed a modeling perspective with individual
experimental data. Anecdotal evidence has also highlighted
the possibility that consumers may not use ratings in a similar
fashion. Hence, instead of answering the question of whether

rating variance impacts product evaluation, this research
seeks to identify whether and in what ways consumers differ
in how they use the standard five-star rating scale. Through
exploring the utility of individual star ratings, this research
provides a more fine-grained picture of how people evaluate
rating variance by showing that different uses and
interpretations of the rating scale could lead to different risky
choice behavior in online consumer decision-making. The
variance of star ratings is used as a proxy measure of
riskiness; the more variable ratings are for an individual
product, the riskier that option is. As such, preferring morevariable products is interpreted as demonstrating risk-seeking
behavior and preferring less-variable products as risk-averse
behavior. More broadly, this research contributes to the
literature on decision-making by incorporating risky choice
behavior in online consumer contexts with an emphasis on
how decision makers evaluate the riskiness of a product.
When we think of how people use and interpret the rating
scale, one intuitive way is that people would focus on extreme
ratings; that is, they would pay more attention to the number
of 1-star and 5-star ratings. This intuition has been supported
by anecdotal evidence that people are apt to focus more on
these two rating categories than the 2-, 3-, and 4-star ratings.
Therefore, one plausible interpretation of the rating scale is
that people would assign a large psychological distance
between 1- and 2-star ratings as well as 4- and 5-star ratings.
This would yield the pattern of 1---2,3,4---5. For people
whose interpretation largely follows this pattern, they are
expected to show risky choice behavior, depending on
average ratings. Specifically, when the average rating is low,
they are expected to be more risk-averse, hoping to minimize
the number of 1-star ratings. When the average rating is high,
however, they are expected to be more risk-seeking, hoping
to maximize the number of 5-star ratings. The opposite
pattern is also highly possible, due to reasons such as the
proliferation of fake reviews. Because 1-star and 5-star
ratings are often the source of fake reviews (Luca & Zervas,
2016), it is possible that people decide to just discount them.
In this case, they would compress the utility differences
between 1- and 2-star ratings, as well as 4- and 5-star ratings.
For these people, their purchase decisions are not solely
driven by one type of star-rating category. Instead, they are
expected to prefer a product that has a smaller number of 1and 2-star ratings altogether or a greater number of 4- and 5star ratings altogether.
The above two possibilities related to situations when
people perceive the 1- and 5-star ratings to be symmetric in
the sense that they either expand or compress the utility
differences between these extreme ratings and 2-, 3-, and 4star ratings (aka., middle ratings). There is also the possibility
that people pay attention to only one of the extreme starrating categories. For example, people could perceive 1-star
ratings to be uniquely bad, whereas 4-star ratings are just as
desirable as 5-star ratings. When the average rating is low,
the purchase decisions of these people are expected to be
primarily driven by the total number of 4- and 5-star ratings;
when the average rating is low, their decisions are expected
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to be primarily affected by the number of 1-star ratings. In
contrast, people could also perceive 5-star ratings to be
uniquely good, whereas 2-star ratings are just as undesirable
as 1-star ratings. For people who categorize star ratings in this
way, they would primarily base their decisions on the total
number of 1- and 2-star ratings when the average rating is
low, and the number of 5-star ratings when the average rating
is high. In addition to people’s perception regarding the
relationships between extreme and middle ratings, another
common difference that might distinguish people is how they
categorize 3-star ratings. While some people may perceive it
to be more negative than positive (thus more similar to 2-star
ratings), others may perceive it to be more positive than
negative (thus more similar to 4-star ratings).
Facing these various possibilities of rating scale
interpretations, this research employs a combination of
computational cognitive modeling and behavioral
experiments to identify some of the common ways people
ascribe meanings to the standard five-star rating scale. A
principal component analysis (PCA) was applied to obtain a
synthetic picture of potential criteria people apply to
categorize star ratings. Model performance was reported
from both a quantitative (likelihood ratio testing) and
qualitative (explanation of observed human data) lens.

Figure 2. A sample trial with a valence of 2.7 and a volume of 45. The
left product’s bimodal ratings are more variable than the right product’s
unimodal ratings.

Procedure. The experiment consisted of 81 randomized and
counterbalanced trials. Participants were tasked to indicate
their purchase preference on a 6-point Likert scale, ranging
from 1 = definitely buy the left product to 6 = definitely buy
the right product (see Figure 2 for a sample trial).

Results
Behavioral results. We refer to a product with a higher
(lower) rating variance as a more (less) - variable product.
Responses were first recoded as binary decisions between the
less-variable (1) and more-variable (0) products. This
treatment allowed us to measure the probability of picking a
less-variable product. For simplicity, this paper uses this
probability as the reference probability, therefore denoting it
as P. At an aggregated level, choice of rating variance seemed
to be by chance, P = .05, 𝜒𝜒 2 (1) = 1.45, p = .23. Now we ask
if this aggregated analysis masked any stable individual
differences. Figure 3 shows that the distribution of
experimental responses is wider than that of a binomial
distribution with a probability equal to the average
probability of choosing a less-variable product observed in
the experiment (P = .50).

Experiment
The present experiment used the standard five-star rating
system (description format) to examine the influence of
average ratings, number of reviews, and rating variance on
consumers’ product preference.
Participants. We recruited 211 undergraduates at Indiana
University Bloomington in exchange for course credit.
Materials. The experiment was a within-subject experiment
manipulating three vs of online reviews: valence, volume,
and variance. Valence featured four levels: extremely low
(1.X), low (2.X), medium (3.X), and high (4.X). Both volume
and variance featured three levels – low, medium, high – with
each having its own unique rating profile. Each product pair
shared the same valence and volume and differed only in their
variance. This rule led to 36 comparisons. Ratios between
counts of rating categories were maintained with increased
volume (e.g., 20 out of 45 were scaled up to 60 out of 135).
Three sets of comparisons of these kinds were created in such
a way that each level of every attribute took three possible
values (e.g., a low valence: 2.6, 2.7, 2.8), amounting to 108
trials. A product’s rating profile resembled that of
Amazon.com, displaying the three vs. The lengths of
horizontal bars were created proportionally to reflect relative
frequencies of rating categories.

Figure 3. The comparison of the experimental and a binomial
distribution (P = .50,).

A chi-square goodness-of-fit test confirmed that this
binomial distribution is indeed not a good fit for the
experimental data (p < .001). Therefore, there were stable
individual differences in preferences, rather than just
randomness around an overall group preference, namely
choosing options with smaller variance as a result of risk
aversion. This suggests the importance of examining mental
models of rating systems that give rise to individual
differences in preference as opposed to concluding a general
preference for products with lower rating variance.

Cognitive Model
The behavioral results were only informative to the extent
that we know participants indeed differed in their preferences
when rating distributions were available. However, it is
unclear as to why they differed. The goal of this section,
therefore, was to introduce a utility-based cognitive model to
reveal underlying mechanisms of this observed difference.
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Model Development For the purpose of this exploration, the
relative difference between any two adjacent star ratings was
more important than their absolute values (the smaller the
difference, the more similar two star-ratings were perceived
by an individual user). Consequently, the current model’s
free parameters represented utility differences between any
two adjacent star ratings. The model was constrained on both
the lower and upper ends where the utilities of a 1-star and a
5-star rating were fixed to 1 and 21, respectively. Hence, the
present model featured three free parameters, with each
corresponding to the utility difference between any two
adjacent star ratings. Although 𝛥𝛥45 was also fit, it was not
counted as a free parameter because it could be calculated
with 20 - ( 𝛥𝛥12 + 𝛥𝛥23 + 𝛥𝛥34 ). As the present model used
utility theory and prospect theory as its theoretical backdrop,
it is referred to as a utility-based model for simplicity.
(Prospect-theory-style probability rescaling was attempted
but did not improve model fit.) The model is mathematically
presented below:

where

In the following sections, we illustrate how our cognitive
model is capable of explaining and predicting risky choice
behavior. In the present paper, choosing a less-variable
product is considered as exhibiting risk-averse behavior and
choosing a more-variable product is considered as exhibiting
risk-seeking behavior. Principal component analysis (PCA)
identified three principal dimensions based on estimated
parameters: Dim. 1: ∆12 , ∆34 vs. ∆23 , ∆45 (middle clumps:
whether 3s were grouped with 2s or 4s); Dim. 2: ∆12 , ∆45 vs.
∆23 , ∆34 (edge expanders vs. middle expanders); Dim. 3:
∆12 , ∆23 vs. ∆34 , ∆45 (edge expanders: differences in which
half of the rating scale was expanded). Each dimension
separated the five star-categories into three groups. The
results are first summarized in Table 2 and then three
representative cases (one from each dimension) were
presented to graphically explain model prediction.
Table 2
Relative positioning of the five star-categories.

5

Recurring
Dimension

One End

The Other End

𝑖𝑖=1

Middle clump
Edge expanders vs.
middle expanders

1,2 ––– 3,4 ––– 5
1,2 ––– 3 ––– 4,5

1–-–2,3––- 4,5
1–-–2,3,4–-– 5

Half expanders

1,2,3 ––– 4 ––– 5

1–-–2–-– 3,4,5

𝑈𝑈 = � 𝑝𝑝𝑖𝑖 × 𝑢𝑢𝑖𝑖

1
𝑖𝑖 = 1
21
𝑖𝑖 = 5
𝑢𝑢𝑖𝑖 = �
𝑢𝑢𝑖𝑖−1 + ∆(𝑖𝑖−1)𝑖𝑖 𝑖𝑖 = 2,3,4
𝛥𝛥12 , 𝛥𝛥23 , 𝛥𝛥34 , 𝛥𝛥45 ≥ 0
The rule choice rule: 𝑃𝑃𝑖𝑖 =

𝑈𝑈𝑖𝑖 𝛾𝛾

𝛾𝛾
∑2
𝑗𝑗=1 𝑈𝑈𝑗𝑗

and

𝑝𝑝𝑖𝑖 =

𝑐𝑐𝑖𝑖

∑5
𝑗𝑗 𝑐𝑐𝑗𝑗

,

𝛾𝛾 = 40 (uncertainty parameter)
∆(𝑖𝑖−1)𝑖𝑖: Subjective utility difference between star-rating
(𝑖𝑖 − 1) and 𝑖𝑖
𝑢𝑢: Subjective utility of a star-rating
𝑈𝑈: Subjective utility of a product
𝑐𝑐: The count of a star-rating
𝑝𝑝: The probability of a star-rating
𝑃𝑃𝑖𝑖 : The probability of selecting product I when given the
two choices
Principal Component Analysis (PCA). To identify
dimensions along which subjects differed in terms of how
they interpreted the five-star rating scale, a Principal
Component Analysis (PCA) was conducted. Table1 presents
the loading of the four PCs. Overall, judging from the results
of PCA, our initial intuition was confirmed such that people
tended to differ in how they view the utility differences
between extreme and middle ratings, as well as how they
position 3-star rating relative to 2- and 4-star ratings.
Table 1
Loadings of Four PCs
PC1
PC2
PC3
PC4
-0.23
0.74
0.63
<.001
Δ12
0.59
-0.62
0.51
<.001
Δ23
-0.96
-0.20
-0.19
<.001
Δ34
0.79
0.43
-0.43
<.001
Δ45

Notes. Numbers that are connected by commas indicate star categories
that are perceived relatively similar in terms of their utilities. An em
dash (–––) indicates greater utility differences. For example, 1,2 ––– 3,4
––– 5 represents the usage in which people compress the utility
differences between 1- and 2-stars and 3- and 4-stars but expand the
differences between 2- and 3-stars as well as 4- and 5-stars.

Table 2 summarizes the overall patterns in relative
positioning of the five star-categories. As described above,
these diverse usages of the standard five-star rating scale
would make different predictions. When the average rating is
extremely low (1.X), 1- and 2-stars are the main constituents.
When 1-stars are singled out (Column 3), decision makers
would generally show risk-averse behavior because they
want to avoid 1-stars as much as possible due to their
significantly low utilities, even compared to 2-stars. This
inclination leads them to choose a product with more stars in
the middle over a product with more stars on the two ends.
On the contrary, for decision makers who perceive 1- and 2stars to be approximately equally bad (e.g., Column 2), they
are more likely to prefer products with fewer 1- and 2-stars
all together. In our experiment, more-variable products bore
this characteristic when average ratings were extremely low,
and therefore choosing them led to risk-seeking behavior.
When the average rating is high (4.X), 4- and 5- stars are the
main constituents, making their relative positioning more
prominent. For decision makers who perceive 5-stars
significantly more valuable than 4-stars, that is, singled out
5-stars (e.g., Row 3, Column 3), they would be more likely to
prefer a product with more 5-stars, despite having more 1stars. This tendency produces risk-seeking behavior. In
contrast, for those who perceive 4- and 5-stars to have
roughly equal values, they are more likely to prefer products
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with more 4- and 5- stars all together. In our study, because
less-variable products bore this characteristic when average
ratings were high, choosing them led to risk-averse behavior.
These trends are illustrated in Figure 4.

Figure 4. Values along the y-axis represent each individual’s selection
probability for less-variable products. Each point at every panel represents
one individual subject. The x-axis aims to capture where a subject was
located along each principal dimension. For Dim. 1, the x value was
calculated with ( 𝛥𝛥12 + 𝛥𝛥34 )- (𝛥𝛥23 + 𝛥𝛥45 ); (for Dim. 2, the x value was
calculated by ( 𝛥𝛥12 + 𝛥𝛥45 ) - ( 𝛥𝛥23 + 𝛥𝛥34 ); for Dim. 3, the x value was
calculated by ( 𝛥𝛥12 + 𝛥𝛥23 )- (𝛥𝛥34 + 𝛥𝛥45 ). The closer a y-value is closer to 1,
the more risk-averse one’s choice appears to be, the closer a x-value is to 0,
the more risk-seeking one’s choice appears to be. The horizontal facet labels
(1.X, 2.X, 3.X, 4.X) represent different valence levels, or average ratings.
The vertical facet labels (Dim1, Dim2, and Dim3) represent three PCs.

Dim 1. (Middle clump) Explanation: This dimension
determined which end-star-category, namely 1-stars and 5stars, was on its own. Individuals on one end of this
dimension ( ∆12 + ∆34 < ∆23 + ∆45 ) assigned relatively
lower values to ∆12 and ∆34 , and relatively higher values to
∆23 and ∆45 , exhibiting a 1,2 –– 3,4 –– 5 pattern (Figure 4).
This notation represents rating compression with utility
distances where numbers that are connected by commas
indicate star categories that are perceived relatively similar in
terms of their utilities. An em dash (–––) indicates greater
utility differences. Hence, people with a 1,2 –– 3,4 –– 5
tended to compress the differences between 1- and 2- stars as
well as 3- and 4-stars but expand the differences between 2and 3-stars and 4- and 5-stars. To their mind, 1- and 2-stars
were bad, 3- and 4-stars mediocre, and 5-stars good. For these
people, two motivations were at play. First, singling out 5stars as the truly good category means that they wanted to
maximize 5-stars. Second, putting 1- and 2-stars in one group
suggests that they aimed to minimize the total counts of 1and 2-stars as opposed to just minimizing1-stars on its own.
Taken together, decision makers whose utility functions of
the five-star rating scale followed a 1,2 –– 3,4 ––5 pattern
would prefer options with more 5 stars, but not necessarily
with fewer 1-stars. In our study, this was the feature of a
more-variable product, and a tendency to choose a morevariable product made decision makers appear risk-seeking.
On the other end of this dimension, people assigned
relatively higher values to ∆12 and ∆34 , and relatively lower
values to ∆23 and ∆45 (∆12 + ∆34 > ∆23 + ∆45 ). Unlike their
1,2 –– 3,4 –– 5 counterparts, these people expanded the
differences between 1- and 2- stars as well as 3- and 4-stars
while compressed the differences between 2- and 3-stars as
well as 4- and 5-stars, yielding a 1 –– 2,3 –– 4,5 pattern. They
perceived 1-stars to be bad, 2- and 3-stars mediocre, and 4-

and 5-stars good. For these people, two motivations were at
play. First, perceiving 1-stars as the truly bad category means
that they would want to minimize 1-stars. Second, grouping
4- and 5-stars together suggests that they would want to
maximize their total counts as opposed to just maximizing 5stars alone. Taken together, decision makers whose utility
functions of the 5-star rating scale followed a 1 –– 2,3 –– 4,5
pattern would prefer options with fewer 1-stars, but not
necessarily more 5-stars. In our study, this was the feature of
a less-variable product, and a tendency to choose a lessvariable product made decision makers appear risk-averse.
Dim 2. (Edge vs. Middle expanders) Explanation: This
dimension contrasted stars on the two ends with those in the
middle. Individuals on one end of this dimension (∆12 +
∆45 < ∆23 + ∆34 ) were middle expanders, distinguishing
more between middle stars (2-4 stars). Meanwhile, they
compressed the differences between edge stars; that is, they
considered the utility of a 1-star to be similar to that of a 2star, and the utility of a 4-star to be similar to that of a 5-star.
Overall, this created the pattern of 1,2 –– 3 –– 4,5. This
positioning means that middle expanders based their
decisions not so much on the counts of 1-stars or 5-stars per
se but on the total counts of 1- and 2-stars or 4-stars and 5stars. In our experiment, when the average rating was
extremely low (1.X), a more-variable product had a smaller
total count of 1- and 2-stars and a greater total count of 4- and
5-stars than a less-variable product; when the average rating
was high (4.X), however, a less-variable product had a
smaller total count of 1- and 2-stars and a greater total count
of 4- and 5-stars than a more-variable product. Hence, a goal
of either minimizing the number of negative stars or
maximizing the number of positive stars would lead middle
expanders to be relatively risk-seeking when the average
rating was extremely low by choosing a more-variable
product and risk-averse when the average rating was high by
choosing a less-variable product.
Conversely, decision makers on the other end of the
spectrum were edge expanders who perceived 1-stars to be
much worse than 2 stars and 5 stars to be much better than 4
stars (∆12 + ∆45 > ∆23 + ∆34 ). This created the pattern of 1
–– 2,3,4 –– 5. Since those who adopted this usage both
disliked 1-stars and liked 5-stars to a great extent, they had to
decide between minimizing 1-stars (which also means
minimizing 5-stars) and maximizing 5-stars (which also
means maximizing 1-stars). As such, their focus shifted as the
average rating increased. When the average rating was
extremely low (1.X), because there were considerably more
negative stars than positive stars, edge expanders’ decisions
were primarily driven by their dislike of 1-stars. This led to
risk-averse behavior, preferring a less-variable product with
fewer 1-stars (and 5-stars) to a more-variable product with
more 1-stars (and 5-stars). When the average rating was high
(4.X), however, because there were considerably more
positive stars than negative stars, edge expanders’ decisions
were primarily driven by their like of 5 stars. This 5-starcentered motivation reversed their risk choice behavior from
risk-averse to risk-seeking, by which they preferred a more-
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variable product with more 5 stars (and 1 stars) to a lessvariable product with less 5-stars (and 1-stars).
Dim 3. (Half amplifiers) Explanation: this dimension
contrasted stars on the lower half of the five-star scale with
those on the upper half. Individuals on one end of this
dimension ( ∆12 + ∆23 < ∆34 + ∆45 ) assigned relatively
lower values to ∆12 and ∆23 and higher values to ∆34 and
∆45 , perceiving the lower half of the five-star scale (1-, 2-,
and 3-stars) to be similar utility-wise and expanded the
differences between the upper half of the scale (4- and 5stars). Decision makers on this end followed a 1,2,3 –– 4 ––
5 pattern, suggesting that while these people did not
differentiate the lower ones that much, they especially
cherished 5-stars. As such, this positioning made a morevariable product more desirable than a less-variable one,
leading to risk-seeking behavior. This was because the former
yielded a greater chance of getting a truly pleasant 5-star
experience with its J-shaped distribution. On the other end of
the dimension (∆12 + ∆23 > ∆34 + ∆45 ) , individuals
assigned relatively higher values to ∆34 and ∆45 and lower
values to ∆12 and ∆23 , perceiving the upper half of the fivestar scale (3-, 4-, and 5-stars) to be similar utility wise and
expanded the differences between the lower half of the scale
(1- and 2-stars). Decision makers on this end followed a 1––
2 –– 3,4,5 pattern, suggesting that while these people loathed
1-stars, they did not differentiate the higher ones that much.
As such, this positioning made a less-variable product more
desirable than a more-variable one, leading to risk-averse
behavior. This was because the former yielded a lower
chance of getting an awful 1-star experience with its
relatively shorter 1-star-bar.

General Discussion
The rise of user-generated content has opened up many new
opportunities for sellers and buyers to engage in economic
exchanges. While online shopping has already become
increasingly popular, the COVID-19 pandemic, in many
ways, turned online shopping into a must activity. Since
consumers had restricted access to many products during the
pandemic, they had to rely increasingly on the experiences of
others. While previous research has primarily focused on the
influence of average rating and number of reviews on product
choices, this research empirically explores the informational
role of entire rating distributions. The impact of rating
distributions on consumer behavior has only recently gained
momentum, and no research has systematically examined
whether and in what ways rating distributions influence
consumer choice and, more importantly, what are the
psychological causes of such preferences.
A combination of experimentation and cognitive modeling
identifies three dimensions that separate how consumers
interpret the five-star rating scale: 1) whether to compress or
amplify the utility difference between middle (2-, 3-, and 4stars) and extreme stars (1- and 5-stars), 2) whether 1-stars or
5-stars were singled out and whether 3-star ratings were
deemed more positive or negative, and 3) which half of the
rating scale (lower half: 1-, 2-, and 3-stars or upper half: 3-,

4-, and 5-stars) to differentiate more. While compressing the
utility difference between middle and extreme stars (1,2---3--4,5) is similar to binary thinking reported by Fisher et al.
(2018), there are other distinct, yet stable patterns across
items in a single setting among decision makers, including
edge expanders and lower-half expanders. While it is not
surprising that people ascribe different meanings to the fivestar rating scale typically implemented by reputation and
feedback systems, this work contributes to the current
understanding of scale usage and online consumer decisionmaking by experimentally showing the different patterns
people exhibit. Different variations in these patterns can lead
to both risk-seeking and risk-averse behavior, at different
points in the value spectrum. This work used phone cases as
the target, and while it is not certain whether these observed
patterns transcend products, this serves as a possible starting
point for future analysis of these trends. Because of these
systematic differences, this work may also help to reconcile
the mixed findings on the influence of rating variance.
An important extension of this research to the previous
literature on the informational role of rating variance is that
this research takes individual differences into consideration.
In the current study, we observed groups of people, such as
middle expanders, who preferred high variance when the
valence was on the lower end and low variance when the
valence was on the higher end. This, however, was not the
full story. In addition to people who behaved similarly to
what previous studies (e.g., Sun, 2012) have suggested, we
also observed people who behaved exactly opposite: They
appeared to prefer less-variable products when the valence
level was on the lower end and more-variable products when
the valence was on the higher end. There were also groups of
people whose patterns of risky choice behavior were more
consistent across different levels of valence. These individual
differences were strong enough that simply focusing on the
aggregate pattern would be misleading.
It should be noted that this paper has illustrated the impact
of rating variance in people’s decision making by considering
only the cases when there are no differences between average
ratings and number of reviews. Future research can look into
how people trade off between rating valence and rating
variance. It might be intuitive to say that people would prefer
the option with higher rating valence. However, when
decision makers have strong needs for uniqueness or selfexpression, polarization in opinions has been consistently
preferred over uniformity (Rozenkrants et al., 2017). High
dispersion in ratings also makes a product more desirable
when high heterogeneity in tastes is expected (e.g., painting)
(He & Bond, 2015). Thus, the answer to whether people will
still pay attention to rating variance when differences in
average ratings are obvious may be more complicated than
one would have expected.
In an era where personalization is highly emphasized,
realizing how people’s different interpretations of the rating
scale can lead to drastically different preferences for products
is key to enhancing consumption experiences as well as
product sales.
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Abstract
Listeners struggle to identify talkers with a different accent
than their own, a phenomenon known as the Other Accent
Effect (OAE). But for reasons that are not well understood, the
OAE is not consistently observed in all studies.
Comprehension-related processing demands offer one
explanation, such that other-accented talkers who are more
easily understood are also easier to recognize. Here, we test this
hypothesis using a forensic-style voice line-up. We examine
native English-speaking adults’ ability to recognize talkers
from four accent groups, manipulating comprehension-related
processing demands by presenting listeners with predictable
sentences and subtitles (low-demand condition), or variable
sentences without subtitles (high-demand condition). As
predicted, the OAE was only observed for talkers with nonnative accents. But crucially, our comprehension manipulation
had no impact on talker recognition accuracy of any accent
type. We conclude that comprehension ease is likely not a key
factor driving the OAE. Other possible explanations are
discussed.
Keywords: talker recognition; Other Accent Effect; accented
speech processing; speech perception; forensic ear witness

Introduction
Research shows that listeners sometimes find it very difficult
to correctly identify talkers who speak in a different accent
(e.g., Stevenage et al., 2012, Johnson et al., 2018; Yu et al.,
2021). This Other Accent Effect (OAE) however, is neither
consistent across studies nor well-understood. Why is it that
the OAE is not always observed?
One possible explanation is that the more challenging it is
to understand an accent, the more difficult it is to identify the
talkers of that accent. For instance, under the assumption that
humans have a finite capacity for processing information, the
simultaneous engagement of multiple tasks (i.e., attempting
to comprehend speech while also attempting to remember the
talker’s voice) can put stress on the system (Kahneman,
1973). It is possible then that the more challenging it is to
comprehend the speech a talker, the more processing
resources are exhausted, leaving listeners with fewer
resources to process other information available in the
environment at the same time, such as voice information

(Brown et al., 2020; Dragojevic & Giles, 2016). Indeed,
evidence indicates that when greater attention is allocated to
the lexical/semantic component of speech, this interferes with
a listener’s ability to detect a change in talkers (e.g.,
Mullennix & Pisoni, 1990; Neuhoff et al., 2014). It has been
argued that the processing of indexical and linguistic
information may be asymmetrical, with a tendency for
attention to be automatically directed to lexical/semantic
speech information (Connolly et al., 1990; Parmentier, 2009).
This could provide an explanation for the results of Yu et al.
(2021), where Canadian English-speaking adults were the
least accurate at transcribing Mandarin-accented speech,
indicating that they had greater difficulty understanding the
lexical/semantic content of this type of speech. In order to
contend with this challenge, listeners may have directed more
attentional resources towards processing the linguistic
information in this condition, resulting in worse recognition
of Mandarin-accented talkers compared to Canadian and
Australian talkers.
However, accents differ in many ways other than in relative
comprehensibility, so the fact that ease of transcription aligns
with more accurate talker identification does not provide
solid evidence that comprehension-based processing
demands is the primary driver of the OAE. For example,
while some accents are a result of producing speech in a
native language differently from others based on where one
lives, or the social groups one belongs to (e.g., regional
accents), other accents are a result of porting elements of
one’s native language into one’s second language (e.g., nonnative accents). As such, different accents contain a
significant amount of information relating to a talker’s
identity (e.g., nationality, social status, regional membership)
which greatly influences how individuals are perceived
(Kinzler et al., 2009). For instance, non-native accented
talkers tend to be perceived as less competent and less
socially attractive than native-accented talkers (Adank et al.,
2013). Indeed, utterances that are perceived as more pleasant,
truthful, familiar, and positive tend to also be more easily
processed (e.g., Boduch-Grabka & Lev-Ari, 2021; Lev-Ari &
Keysar, 2010; Oppenheimer, 2008). In addition to differences
in social information, regional and non-native accents may

1546

In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

also differ in phonological structure. As non-native accents
port elements of a separate language’s sound structure into
another, these accents likely share fewer phonological
characteristics with the native accent than regional accents do
(e.g., see Bent et al., 2021; Cristia et al., 2012, for discussion).
In fact, some evidence supports the idea that children’s
accumulating knowledge of their native language’s sound
structure may improve talker recognition (Fecher & Johnson,
2021). Thus, it remains unclear how much the
comprehensibility of accented talkers directly influences
listeners’ ability to identify them.
The current study is the first to directly investigate the role
of comprehension within the OAE by manipulating
comprehension-related processing demands. We used a
forensic-style voice line-up paradigm typically used in the
talker recognition literature (see, e.g., Johnson et al., 2011;
2018; Yu et al., 2021) in which listeners are first familiarized
with a talker’s voice at the beginning of each trial, and then
following a brief delay, are asked to identify the same talker
from a voice line-up that contains the target voice as well as
two other distractor voices. As in Yu et al. (2021), we
included line-ups for a variety of accents to directly compare
talker recognition between different accent types: our
participants’ native accent (Canadian English), a regional
accent (Australian English or Southern U.S. English), and a
non-native accent (Mandarin-accented English). We also
took a measure of listeners’ confidence in their selections. As
comprehension is closely related to intelligibility, or the
amount of speech that is actually understood by the listener
(e.g., Munro & Derwing, 1995; 2009), a separate group of
listeners transcribed the speech stimuli to provide a baseline
measure of intelligibility for each accent. We predicted that
compared to native and regional accented speech, non-native
accented speech would be most difficult to understand.
In the main task, we manipulated comprehension demands
by implementing two conditions that differed in
predictability. In the high-demand condition, there was
extensive variability in the speech stimuli and listeners were
not provided with any prior knowledge regarding the
linguistic content of the speech stimuli. In comparison, the
low-demand condition featured reduced variability in speech
stimuli so that linguistic content was largely identical
between talkers (i.e., speech comprehensibility was increased
by making speech content more predictable). Listeners were
also presented with a transcription of the speech content in
advance to prime lexical expectations of speech stimuli
during talker familiarization. This was done to further ease
processing of the non-native accent (see Baese-Berk et al.,
2021; Bradlow & Alexander, 2007; Davis et al., 2005, for
similar manipulations of comprehension load).
As such, we predicted that if comprehension-related
processing demands are a major factor behind the OAE, then
reducing demands by providing listeners with explicit
knowledge of speech content prior to talker familiarization,
and by reducing sentence variability in general, should
improve talker recognition performance, perhaps most
noticeably with non-native accented talkers. However, if

other factors besides comprehensibility of speech are more
important in facilitating the presence of the OAE, then talker
recognition performance might not differ between
comprehension demand manipulations.

Method
Participants
A total of 120 native English-speaking adults were tested
(target N = 144; Mage = 19.6 years; 86 female; 28 male; 6 nonbinary). Thus far, 62 participants (target N = 72) have
completed the high-demand condition while 58 participants
(target N = 72) have completed the low-demand condition.
Participants in both conditions were asked to identify talkers
from each of the three accent types: native (Canadian
English), regional (half heard Australian English and half
heard Southern U.S. English), and non-native (Mandarinaccented English). All participants learned English before the
age of five in Canada, or in another country where English
was the dominant language spoken. All participants reported
using English at least 80% of the time and did not have
routine exposure (in media or from a particular individual) to
either Australian English, Southern U.S. English, or
Mandarin-accented English. No hearing or vision
impairments were reported at the time of testing.
Participants received course credit for participating. An
additional 27 participants were excluded prior to the final
analysis because they did not pass the pre-test practice trial
(16), did not follow instructions (6), or experienced technical
issues (5). This drop-out rate is typical for online experiments
of this type. All participants used a computer and took about
30 minutes to complete the task.

Materials
Auditory stimuli consisted of recordings by four female adult
talkers for each of the four accent varieties in the study (Mage
= 21.7 years) and the script for sentence recordings was
drawn from Johnson et al. (2011). Including two different
regional accents (each presented to half of the participants)
allowed us to explore the OAE with a wider variety of accents
and to test whether prior observations of the effect generalize
to other regional accents (i.e., the OAE has been found to
occur with non-native accents, but not with regional accents;
Yu et al., 2021). We did not expect any differences between
the two regional accents. Indeed, a direct comparison showed
accuracy and confidence ratings did not differ between the
two regional accents. Therefore, we collapsed them here for
the purposes of our analyses.
The Canadian English talkers were from the Greater
Toronto Area; the Australian English talkers were from
Sydney, New South Wales; the Southern U.S. English talkers
were from Knoxville, Tennessee. The Mandarin-accented
English talkers all learned English after the age of 5, and
while not from a single metropolitan area, were confirmed by
two native speakers of Mandarin to be native speakers of
standard Mandarin. Mandarin-accented talkers were closely
matched in perceived accent strength, and all had a highly
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perceptible Mandarin accent when speaking English (see Yu
et al., 2019).
Sentence length was controlled across accented speech
(range of 15-21 syllables). There were no obvious
impressionistic differences in voice quality across talkers in
each set and talker sets did not differ in relative variability of
f0 (mean and standard deviation) and duration (see Table 1;
following prior work of Johnson et al., 2011; 2018; Yu et al.,
2021, F-values were calculated as the ratio of the two
variances, and all comparisons were below the critical Fvalue of 9.1).
Table 1: Relative Acoustic Variability of Talker Sets in FValues
Accent Pair

Duration

Mean F0

SD F0

Can-Aus

1.22

0.54

2.08

Aus-MandAcc

1.17

1.73

1.22

Can-MandAcc

1.04

1.07

2.54

Can-South

1.01

0.48

3.77

South-MandAcc

1.02

1.94

0.67

To confirm our expectations regarding how our accent
speech samples would differ in their relative intelligibility to
listeners in the main task, we collected speech-in-noise
transcriptions by an additional 16 native English-speaking
adults (Mage = 19.1 years; 14 female) who learned English
before the age of five and who did not have routine exposure
to any of the accents in the study. The listeners for this
transcription study were drawn from the same population as
the listeners for the main task. Each transcriber was presented
with recordings of eight different sentences from each accent
embedded in noise (0 SNR) for a total of 32 unique sentences
in randomized order. Two sentences within each of the four
accents were produced by the same talker, so that all 16
talkers were heard by each transcriber. Across all
transcribers, recordings were presented in each accent an
even number of times. As expected, mean transcription
accuracy was lowest for Mandarin-accented English
compared to the other English variants (MSouthern = 0.761, SD
= 0.27; MAustralian = 0.768, SD = 0.26; MCanadian = 0.688, SD =
0.29; MMandarin = 0.430, SD = 0.30). Moreover, paired t-tests
revealed that transcription accuracy was significantly worse
for Mandarin-accented speech than for Southern U.S., t(15)
= 9.15, p < .001, Australian, t(15) = 9.53, p < .001, and
Canadian, t(15) = 7.48, p < .001, speech. Surprisingly,
transcription accuracy was slightly higher for Australian and
Southern U.S. speech than Canadian speech (Australian vs.
Canadian: t(15) = 3.30, p < .01; Southern U.S. vs. Canadian:
t(15) = 2.84, p < .05), but transcription accuracy did not differ
between Southern U.S. and Australian speech, t(15) = -0.46,
p = .65. Overall, the significant differences in performance
observed between Mandarin-accented speech and all other
types of speech support our presumption that non-native-

accented speech is less intelligible than native- or regionalaccented speech.

Procedure
The task was created and hosted via the Gorilla Experiment
Builder (www.gorilla.sc; Anwyl-Irvine et al., 2020). Prior to
testing, participants were instructed to complete the task in a
quiet room free of distractions and to use headphones. A
headphone screening test based on an antiphase
discrimination task (Woods et al., 2017) was administered to
ensure that participants were wearing headphones before they
were allowed to progress to the main task.
Following the design of Yu et al. (2021), participants were
asked to identify talkers from a forensic-style voice
identification task. All participants heard four talkers from
each of the three accent types: native, regional, and nonnative. All participants heard Canadian English talkers for the
native condition and Mandarin-accented English talkers for
the non-native condition. For the regional accent condition,
half of all the participants heard Australian English talkers
while the other half heard Southern U.S. English talkers.
At the start of each of 12 trials, participants were
familiarized with a talker who produced a pair of sentences
(interstimulus interval [ISI] between sentences = 300ms)
upon a participant-initiated mouse click. Following 500ms of
silence, a one-minute distractor video clip which featured
instrumental music and sound effects, but no speech (Fecher
& Johnson, 2018; Yu et al., 2021) was displayed. Next,
participants were presented with a three-voice line-up that
contained the target talker and two distractor talkers in
pseudo-randomized order. The distractor talkers always
spoke the same accent as the target and produced a single
sentence each. Following a participant-initiated mouse click
and 500ms of silence, the sentence recording by the left-most
talker played and automatically advanced to the recording by
the next talker to the right following a 1000ms ISI. After the
presentation of all three talkers, participants were asked to
judge which of the three talkers was the target. They were
able to replay the voices in the line-up as many times as they
desired and were told to guess if unsure. Upon making a
talker selection, they were also given the option to change
their selection before making their final confirmation. After
each selection, participants reported their confidence with
their decision using a continuous sliding scale between 0 (low
confidence) and 100 (high confidence). A single practice
trial, featuring acoustically distinct voices exclusive from the
rest of the task, preceded the test trials and ensured that
participants understood the task. No feedback on correctness
was provided to participants on any of the trials. A fourminute break occurred halfway through the task.
In the high-demand version of the task, participants heard
36 different sentences throughout the entirety of the task;
sentences were never repeated within an accent and
familiarization sentences were unique across all conditions.
Each line-up featured a different sentence by each talker. In
contrast, in the low-demand version of the task, each
participant heard just three different sentences throughout the
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entirety of the task; all talkers in all accent conditions
produced the same two familiarization sentences, and lineups featured a third sentence that was produced by all talkers
in all accent conditions. Prior to the start of the main task,
participants in the low-demand version of the task were also
presented with the transcription of the two familiarization
sentences. For all participants, the position of the target talker
was fully counterbalanced such that it was equally likely for
the target to appear in any of the three positions. Trial order
was also pseudo-randomized so that no accent condition
occurred more than twice-in-a-row. The order of accent
conditions was fully counterbalanced across all participants.

Since there were condition-based differences, we performed
follow-up tests, comparing the set of by-participant means in
each accent condition to chance (.33) via one-sample t-tests,
to determine whether there was above-chance performance
for all groups. Results showed that listeners in all groups did
perform above chance (all ps < .001).

Figure 1: An example trial, in order of presentation

Figure 2: Mean proportion of correct talker recognition by
accent type and comprehension demand. Error bars indicate
SE of by-participant means, and the dashed line indicates
chance level performance. Native accents include Canadian
talkers, regional accents include Australian and Southern
US talkers, and non-native accents include Mandarinaccented talkers.

Results
Accuracy
Listeners’ average talker recognition by comprehension
demand, collapsed across accent type is shown in Figure 2.
To compare the effect of accent type and comprehension
demand on talker recognition accuracy we fit a generalized
logistic mixed-effects regression model to the data using the
glmer function in the lme4 package Version 1.1-21 (Bates et
al., 2015) in R. The model included the binary response
variable, talker recognition accuracy (1 = correct response).
Accent type, comprehension demand, and their interaction
were included as the independent variables. Accent type was
forward difference-coded to allow for adjacent comparisons:
(1) native vs. regional, and (2) regional vs. non-native.
Comprehension demand was simple-coded (with the lowdemand condition as the reference level). The maximal
random effects structure that would converge was
implemented and included a random intercept for talker and
a random by-participant intercept and slope for accent
condition.
A significant positive intercept indicated that listeners’
performance, averaged across all accent and comprehension
demand conditions, was above chance, β = 0.87, SE = 0.12,
z = 7.04, p < .001. There was no significant difference in
talker recognition between native and regional accents
(Maccuracy = 0.765 vs. 0.766), β = -0.02, SE = 0.28, z = -0.08,
p = 0.93, but there was a significant difference between
regional and non-native accents (Maccuracy = 0.766 vs. 0.506),
β = 1.28, SE = 0.27, z = 4.72, p < .001. There was no effect
of comprehension demand nor any interactional effects
between comprehension demand and accent type (ps > .05).

Confidence
Listeners’ confidence in talker recognition by comprehension
demand, collapsed across accent type is shown in Figure 3.
To compare the effect of accent type and comprehension
demand on confidence, we fit a linear mixed-effects
regression model to the data using the lmer function in the
lmerTest package Version 3.1-1 (Kuznetsova et al., 2017) in
R. The model included confidence rating as the continuous
response variable and accent condition, comprehension
demand, and their interaction as the independent variables,
with the same coding scheme as the previous model. The
maximal random effects structure that would converge was
implemented and included random intercepts for talker,
accent condition, and participant.
Parallel to talker recognition performance, there was no
significant difference in confidence for talker recognition in
native and regional accents (Mconfidence = 76.6 vs. 76.6), β =
0.001, SE = 0.03, t = 0.04, p = 0.97, but there was a significant
difference between regional and non-native accents,
(Mconfidence = 76.6 vs. 63.0), β = 0.14, SE = 0.03, t = 4.99, p <
.001. There was no effect of comprehension demand on
confidence, nor any interactional effects between
comprehension demand and accent type (ps > .05).
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Figure 3: Mean confidence in talker recognition by accent
type and comprehension demand. Error bars indicate SE of
by-participant means.

Discussion
Past work indicates that the OAE may not apply to all ‘other’
accents equally. Why is it that talkers of certain accents are
better recognized than others? We investigated whether the
difference is based in relative comprehension-related
demands required to process a talker’s accented speech. We
tested this hypothesis by comparing listener performance
with a forensic-style voice identification task when the
comprehension demand for speech was low or high. Listeners
in both conditions recognized regional-accented (Australian
or Southern U.S.) talkers equally as well as native-accented
(Canadian) talkers, and better than non-native-accented
(Mandarin-accented) talkers. These results replicate prior
work with the OAE (Johnson et al., 2018; Yu et al., 2021) and
extend it with the inclusion of another regional accent,
Southern U.S. English. By doing so, this work strengthens
existing evidence that the OAE does not apply to regional
accents (and perhaps just to non-native accents). Contrary to
our predictions however, reducing comprehension-related
processing demands by manipulating speech content
predictability did not affect listeners’ performance. Listener
confidence in talker selections, which also paralleled
performance, was not modulated by easier comprehension of
speech either. This suggests that at least in forensic-style
voice identification tasks like the one used in the current
study, speech comprehensibility is not a major factor in
facilitating accented talker recognition.
Given this finding, how do we explain the observance that
the accented talkers whose speech is more accurately
transcribed tend to also be the ones that are more accurately
identified? As previously mentioned, accents differ in many
ways beyond relative comprehensibility. For instance,
listeners may hold social biases against certain accents than
others. Other-accented talkers tend to be perceived as less
socially attractive than native-accented talkers (Adank et al.,

2013) and this appears to be especially true when talkers have
a non-native accent (e.g., Baquiran & Nicoladis, 2020;
DeJesus et al., 2017). These negative social evaluations of
non-native accents persist even when comprehension-related
processing demands are eased (Vaughn & Whitty, 2020).
Indeed, negative social evaluations have been shown to
impede recognition memory (Philippon et al., 2008; Yarmey,
1993). Thus, negative social biases could provide an
alternative explanation for why the OAE exists for some but
not all regional and non-native accents (e.g., Yu et al., 2021).
But other explanations for why the OAE is only seen with
some accent types remain. For example, accents differ in the
extent that they share similar phonological structure to the
listeners’ native language (e.g., Bent et al., 2021; Cristia et
al., 2012). Compared to the other accent varieties included in
the current study, Mandarin-accented English is likely the
most phonologically distinct from the listeners’ native accent,
Canadian English, given talkers’ cross-language transfer
from Mandarin. In line with this, some research supports this
explanation as a key mechanism underlying native-language
talker recognition (Fleming et al., 2014; Johnson et al., 2018;
McLaughlin et al., 2019; Orena et al., 2015). Thus, future
work is necessary to disentangle these two competing
possibilities.
We also found that listeners’ confidence in their talker
selections reflected their overall performance and was
similarly unaffected when comprehension-related processing
demands were reduced. This observation is particularly
important as current forensic voice line-up procedures
typically ask earwitnesses to identify the perpetrator of a
crime from a set of talkers who produce the same speech
sample for comparison.
As our present observations are constrained to the accents
included in the task, additional investigation should
necessarily involve a greater variety of accents to build upon
current understanding of the mechanisms behind the OAE.
Indeed, it is not the case that non-native accents are always
more distinct than regional accents. Indian English, for
instance, features distinctive phonological differences from
other English varieties, despite its status as a regional accent
(e.g., see Wagner et al., 2014; Van Engen et al., 2010, for
discussion). The current set of accents may also be potentially
confounded with race biases, such that different accents may
have associations with different ethnicities and by extension,
different stereotypes. Such stereotypes may have in turn,
elicited more positive or negative social evaluations of the
talkers. Note, however, that accent-related social biases may
outweigh race-related social biases in some cases (Kinzler et
al., 2009). Thus, examining the presence of the OAE with a
much wider variety of accents might help reveal the specific
features of accented speech that generate the OAE.
In sum, this work makes two key contributions that further
our understanding of the mechanisms underlying the OAE.
First, we’ve provided the clearest support to date that the
effect is likely to be observed with non-native (but not
regional) accents. Second, we’ve shown that increasing the
predictability of the stimuli that listeners encounter from
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talkers (thereby reducing comprehension-related processing
demands), does not improve listeners’ ability to process and
recognize talker identity information. Moving forward, future
work is needed to determine what other factors — perhaps
differences in listeners’ social biases and/or abstract
phonological knowledge — are more instrumental in driving
the OAE in talker recognition.
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between these instances. How do we distinguish between
transparent and non-transparent language use? Consider the
utterance “The bus driver is female”. This can be interpreted
transparently as telling you a fact about the world; that the
bus driver in the current context is female (Leslie, 2012;
Gelman, 2004). However, the speaker’s choice to produce the
utterance may also convey that the situation being described
is unusual and that bus drivers are not usually female (Moty
& Rhodes, 2021). In order to learn about the world through
language, addressees need to be able to recognise transparent
and non-transparent language use. In the present study, we
investigate two factors that may influence how readily
participants interpret utterances as cases of non-transparent
language use: speaker knowledgeability and utterance form.

Abstract
Language use can be characterised as transparent, stating facts
about the world, or non-transparent, requiring additional
meaning to be inferred. The challenge faced by addressees is
recognizing when language use is transparent or not. The
current study investigates two factors that may influence how
readily participants interpret utterances as instances of
transparent or non-transparent language use; speaker
knowledgeability and utterance form. When utterances
involved negation participants were more likely to recognize
this as non-transparent language use and infer that the situation
is usually different. Whereas speaker knowledge did not
influence how utterances were understood.
Keywords: pragmatics; inferences; negation

Expectations of conversations

Transparent language
The main form of information transmission we have as
humans is language. Much of what we learn throughout our
life comes through language. We can characterise language
use as transparent when the intention behind an utterance
clearly maps onto the form used and the speaker’s goal in
producing the utterance is clear. Generics can be considered
an example of transparent language since they tend to express
broad generalisations about essential qualities of kinds that
tend to be consistent across time; how the world usually is
(Leslie, 2012). For example, “bananas are yellow” can be
interpreted as conveying a fact about the kind bananas, that
they are typically yellow (Gelman, 2004; Gelman, Star, &
Flukes, 2002). Much of what we learn about the world is
conveyed through generic utterances (Chambers, Graham, &
Turner, 2008; Khemlani, Leslie, & Glucksberg, 2012; Moty
& Rhodes, 2021). However, generics can also represent
instances of non-transparent language and prompt addressees
to draw inferences beyond the explicit content of the
utterance. Moty and Rhodes (2021) demonstrated that
children and adults can make inferences about unmentioned
categories from generic utterances such as “boys like
football”. Rather than extending the property likes football to
another group, participants inferred the negation was true of
another group; girls do not like football.
Indeed, language is not only used to state facts about the
world. Often language use is non-transparent and addressees
are required to go beyond the explicit content of an utterance
to infer additional meaning (Grice, 1975; Sperber & Wilson,
1995). One of the challenges we face is distinguishing

How utterances are interpreted is shaped by our
expectations about speakers’ conversational contributions .
As competent language users, we have expectations about
how communicative interactions should proceed (Grice,
1975; Levinson, 2000). For example, we expect our
interlocutors to provide sufficiently informative and relevant
conversational contributions. When these contributions are
lacking in informativity or relevance, addressees often
compute additional meaning, inferences, in order to reconcile
their expectations with the contribution. A well-studied
example of inferencing is a scalar implicature. Consider the
examples, “I ate some of the cookies” which can imply that I
did not eat all of the cookies and “my soup is warm” which
can imply that my soup is not hot. In these examples, the
speaker has used expressions, which form scales of
informativity <some, all> and <warm, hot>. By failing to use
the maximally informative term addressees infer that the
stronger instance is not the case, thereby permitting an
inference that relies on addressees’ expectations about how
informative they would expect a speaker to be.
Similarly, addressees expect conversational contributions
to add something to the discourse (e.g. Bohn, et al., 2019;
Frank & Goodman, 2012; Grice, 1975; Rohde, Futrell, &
Lucas, 2021; Sperber & Wilson, 2001). When speakers
choose to include mundane or easily inferable content,
addressees make inferences as to why the speaker made such
a choice. For example, if in conversation I offer you a “yellow
banana” you may find this peculiar since, typically, bananas
are yellow and thus their colour is not usually specified
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(Levinson, 2000; Westerbeek et al, 2015). By including
“yellow” the utterance becomes overspecified and in order to
understand the utterance as cooperative (e.g. being as
informative as necessary but no more), additional reasoning
is required. One inference that may arise is of there being
another non-yellow banana in the current situation that would
have made uttering “banana” alone insufficient (Kravtchenko
& Demberg, 2015; Sedivy, 2003).
We also expect conversational contributions to be
packaged in conventional forms and when utterances fail to
conform addressees are prompted to infer (e.g. Levinson,
2000; I-principle, what is not said is the obvious and Mprinciple, what is said in an abnormal way is not normal).
For example, saying “Bill stopped the car” implies (via Iprinciple) that the car was stopped in the stereotypical way
whereas saying “Bill caused the car to stop” implies (via Mprinciple) that the car was not stopped in the stereotypical
way. By using non-conventional utterance forms speakers are
able to add additional meaning to a discourse via implicature.
Speakers have a general bias to be interesting or newsworthy
in their contributions. For example, speakers often omit
typical or inferable content, choosing rather to mention the
atypical. For example, participants are more likely to include
optional modifiers or instruments if the situation to be
described involves an atypical property: stabbed with an
icepick rather than a knife (Brown & Dell, 1987; Lockeridge
& Brennan, 2002); or pink banana rather than yellow banana
(Westerbeek et al., 2015). When such specifications are not
made, addressees can and do draw inferences that the reason
content was left unsaid was that the content represents
typical, unremarkable information about the situation. The
omission is unproblematic because the content is recoverable
from world knowledge about typical situations of this type.
These inferences rely on sophisticated reasoning on the
part of the addressee. Conversational partners engage in a
wide range of reasoning about each other which influences
not only the choices speakers make about how to formulate
their utterances (e.g. Brown-Schmidt & Konopka, 2011;
Horton & Gerrig, 2002; Lockeridge & Brennan, 2002; JaraEttinger & Rubio-Fernandez, 2021) but also the
interpretations and inferences drawn by addresses. For
example, inferences are less likely to be drawn from
unreliable speakers (Grodner & Sedivy, 2011), from hesitant
or disfluent speakers (Loy, Rohde & Corley, 2019; Yoon, Jin,
Brown-Schmidt, & Fisher, 2021) or when the situation is
face-threatening (Bonnefon & Villejoubert, 2009).
Furthermore, speaker knowledgeability affects how readily
inferences are derived. In line with expectations of
appropriate conversational contributions, the rate at which
inferences are derived varies systematically with a speaker’s
perceived knowledgeability; violations of informativity
trigger greater inferencing when produced by knowledgeable
(Bergen & Grodner, 2012; Moty & Rhodes, 2021; Rees,
Reksnes, & Rohde, under review).
When knowledgeable speakers produce utterances that
violate addressees’ expectations for cooperativity and
informativity addressees are licensed to derive what we call

informativity inferences (Rees et al. under review). When
presented with utterances that are considered so mundane as
to be better left unsaid, such as the library walls are blue one
way of reconciling a perceived informativity violation is to
infer that the situation has changed; the library walls used to
be different. Mundane utterances such as this do not require
an inference; it is acceptable to consider the utterance as an
example of transparent language stating a fact about the
library walls. However, Rees, et al. demonstrated that when
produced by a knowledgeable speaker (i.e. a speaker who is
familiar with the library) participants derived informativity
inferences more often than when produced by an
unknowledgeable speaker. Furthermore, the rate of
informativity inferences derived was also influenced by
manipulating properties of the speaker (how chatty or reticent
they were) which influenced addressees’ expectations of
what constitutes and appropriate contribution. An open
question is how do addressees determine if an utterance is
transparent? Is there a bias for interpreting utterances
transparently or are we predisposed to derive inferences, and
what factors influence how readily informativity inferences
are drawn? The present study aims to replicate the effects of
speaker knowledgeability observed by Rees et al. and further
consider how the form of an utterance may prompt addressees
to compute inferences. Specifically, how does the presence
of overt negation influence inferencing?

Inferencing from negation
Along with using language to talk about how the world is,
we can also use language to talk about how the world is not.
Although talking about the affirmative can be considered the
default in language, talking about the negative is also
common. For example we can say, “Bears do not fly” or
“There is no petrol in the car”. It is suggested that the use of
negation emphasises information that is contrary to
expectations or deviates from the norm. By uttering, “bears
do not fly” this conveys that the speaker believed that the
addressees thought that bears can fly (Givón, 1979; Horn,
1989; Wason, 1965). This is thought to occur because it
would be infelicitous to talk about the absence of something
unless that was relevant to the situation (Bonnefon &
Villejoubert, 2007; Nordmeyer & Frank, 2014).
Experimental studies tend to focus on the processing of
negation rather than any additional meanings that may arise
when negation is present. It has been demonstrated that in the
absence of appropriate contextual support, negated utterances
are more effortful to process than their positive counterparts
and that the processing cost of negation is related to the
degree to which it violates expectations (Dale & Duran, 2011;
Kaup, Ludtke, & Zwaan, 2007; Nieuwland & Kuperberg,
2008; Xiang, Kramer, & Nordmeyer, 2020). Such findings
sidestep the issue of what inferences are associated with the
use of negation.
The present study asks two questions (1) how do how
addressees interpret negation and (2) how does negation
interact with speaker knowledgeability. If negation is
interpreted as a signal that expectations have been violated,
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such a violation should prompt addressees to interpret
utterances containing negation as conveying more than
transparent facts about the world. Instead, addressees may
infer that things are usually not in keeping with the uttered
fact. Furthermore, the strength with which these
interpretations arise should be affected by a speaker’s
knowledgeability about a topic. When a knowledgeable
speaker uses negation, the interpretation that the uttered fact
is not usually the case should be stronger than when uttered
by an unknowledgeable speaker. For example, consider
“There’s no snow in Lausbern”. This utterance can be
interpreted as transparently conveying a fact about how the
world is at that moment; however, the presence of negation
may do more than that by indicating that the speaker expected
there to be snow and that the violation of those expectations
renders it newsworthy to talk about the absence of snow. This
interpretation is licensed if the speaker knows about how
things usually are in Lausbern. Conversely, the positive
version of the utterance “There’s snow in Lausbern” when
uttered by a knowledgeable speaker may convey that usually
there is not snow or that the situation has recently changed,
as per the results of Rees et al. (under review).

Experiment overview
Participants saw screenshots of text-message conversations
about a fictional location (see Fig.1). Each conversation
included a statement about the location, the weather, and the
food. An utterance established the speaker’s familiarity with
the location by stating whether or not it was the destination
(“we’ve finally arrived” vs. “we’ve got an overnight
layover”). The expectation was that speakers would be
perceived as knowledgeable about the location if it is their
destination but less so if, the location is a layover/ passing
location. If a speaker is not knowledgeable about a location,
then they should have few expectations about what that
location is usually like. Consequently, any utterance made
about that location is likely to be considered as transparently
conveying a fact about that location. For example, stating
“There is snow” in a location you are unfamiliar with would
not license any additional inference that depends on your
knowledge of how things usually are at that location. In
contrast, if a speaker is talking about a familiar location and
is assumed to be cooperative and informative, then an
addressee is in a position to infer additional information, such
as it does not usually snow. Evidence of this kind of locationdependent and knowledgeability-dependent interpretation
would be in keeping with a model of communication in which
addressees are on the lookout for cues that indicate the
availability and strength of potential inferences. On the other
hand, if addressees treat language primarily as a transparent
medium by which speakers convey their perceptions of
everyday situations (utterances simply convey facts about
how the world is), then familiarity or knowledgeability need

not influence inferencing. That latter account of addressee
behaviour may be unlikely, given the pervasiveness of
pragmatic reasoning.
Utterance form was also manipulated through the presence
or absence of negation. If negation conveys a deviation from
expectations then we expect negated utterances to increase
inferencing. For example, “There is no snow” should prompt
addressees to infer that the opposite is usually the case to a
greater extent than the positive version “There is snow”. To
assess participants’ interpretation of the utterances, they were
asked what they think is usually the case (Does it usually
snow in Lausbern?). For a negated utterance (“There’s no
snow”), the participants’ responses can be interpreted as
follows: a positive response (yes, it usually snows) indicates
that the utterance has been interpreted as conveying
additional information; i.e., participants have reasoned that
usually the situation is different; conversely, a negative
response (no, it does not usually snow) indicates that the
utterance has been interpreted transparently. For a positive
utterance (“There’s snow”), the opposite pattern holds for
how participants’ responses can be interpreted: Affirmative
responses (yes it usually snows) indicate transparent
interpretations and negative responses indicated inferences.
If the rate at which addressees draw inferences is sensitive
to speaker knowledgeability, then the familiar location is
predicted to yield greater rates of non-transparent (inference)
interpretations. Furthermore, if the presence of negation is
another cue that can support addressee inferencing, then it is
predicted that negated utterances will yield greater rates of
non-transparent (inference) interpretations

Figure 1. Example text message conversations

Method
In line with open science principles all materials, data, and
analysis scripts are available on the Open Science
Framework.1

1 Anonymous osf link:
https://osf.io/q8t9a/?view_only=d7a65e3e33e14ea188291947468a
4679
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Participants
A total of 408 fluent English speakers (Age 18-74 years,
M=35.78 years) were recruited from prolific and received
payment at a rate of £8 p/hour.

was coded -0.5. Figure 2 shows the proportion of inference
responses by location and utterance form.

Design & Materials
Participants saw screenshots of text message conversations
between two interlocutors that were constructed using two
online text message simulators2. There were two different
Locations (see table 1 for scenario breakdowns) and
participants saw one text message per location (2 in total).
Each conversation included four consecutive utterances
from the speaker (grey). The first utterance established the
speaker’s location and their familiarity with that location. The
second utterance referred to the weather in that location. The
third utterance mentioned an activity the speaker had done
and the fourth utterance mentioned a food. To avoid any
influence of participants’ real-world knowledge, the
locations and food used were fictional.
Speaker knowledgeability was manipulated in the first
utterance by establishing if the location was their destination
(e.g. “We’ve finally arrived”) or not (e.g. “We’ve got an
overnight layover”). Utterance form was manipulated in the
second and fourth utterances through the presence or absence
of negation (e.g. “There’s [no] snow”, “Pankels are served
with[out] cream”). Thus there was a 2 x 2 design
(knowledgeability x Utterance form) counterbalanced across
four random orders.
Table 1. Stimuli scenarios
Location
Weather
Activity
Food
Lausbern
Snow
Restaurant
Pankels
Floetham
Rain
Cafe
Scuntles

Procedure
The study was hosted and administered online through
Qualtrics surveys (Qualtrics.com). Item presentation was
blocked and counterbalanced to ensure that an equal number
of participants saw each location first and only saw a single
conversation per location. For each conversation participants
were asked what they thought was usually the case for the
weather in that location and the food item (e.g. “Does it
usually snow in Lausbern?”, “Are pankels usually served
with cream?”) and could respond either “yes” or “no”.

Figure 2. Proportion of inference responses by location (left
panel shows familiar and right shows unfamiliar).
The model showed a main effect of utterance form ( β =
2.421, SE = .152, z = 15.962, p < .001) with participants
drawing more inferences for negated utterances than positive
utterances. There was no effect of familiarity on responses;
rates of inferring were equivalent regardless of whether the
location was the destination or not (β = .103, SE = .132, z =
.779, p = .436) and there was no interaction between location
and utterance form (β = -.028, SE = .254, z = -.110, p = .913).
Compared to positive utterances, utterances that contained
negation appear to have encouraged participants to draw
more inferences that there was deviation from what was
typical. Surprisingly, speaker knowledge had no effect on
interpretations; we return to this in the discussion.

General Discussion

We analysed the binary responses (inference/transparent)
with a logistic regression in R (Version 4.0.3, R core team,
2020) using lme4 (Version 1.1-23; Bates, Mächler, Bolker, &
Walker, 2015). We used the maximal model that allowed for
convergence.3
Variables were centred such that, for Speaker
Knowledgeability, the familiar location (destination) was
coded as 0.5 and the unfamiliar location (passing_through) 0.5. For utterance form, negation was coded 0.5 and positive

How do addressees distinguish between transparent and
non-transparent language use? In the present study, we
suggested that speaker knowledgeability and utterance form
may be factors involved in distinguishing between
transparent and non-transparent language. Transparent
language can be characterised as language that does not
require additional inferences to understand, that conveys
facts about how the world typically is (such as generics,
Gelman, 2004; Leslie, 2012), whereas non-transparent
language prompts addressees to compute additional meaning.
Non-transparent language triggers inferencing by failing to
meet an addressee’s expectations of conversation, for
example by being less informative than expected (Grice,
1975; Levinson, 2000; Sperber & Wilson, 1995).
Considering utterance form, negation was hypothesised to
affect inferencing by conveying a deviation from
expectations. Our findings support this. When utterances
contained negation, participants were more likely to infer that

2(https://ifaketextmessage.com/;https://fakedetail.com/fakeandroid-text-messenger-generator).

3Response ~ Location * Utterance_form + (1|participant) +
(1|question)

Results
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the situation is usually different from how it was stated:
“there is no snow” was interpreted as conveying that typically
there is snow. Conversely, stating “there is snow” was less
likely to be interpreted as conveying that typically there is no
snow. The affirmative utterance was interpreted as
transparently conveying a fact about how the world usually
is. This finding suggests that, unless there are explicit cues,
addressees are biased to interpret utterances transparently.
That is, inferences are only derived when required, which is
in line with a large body of literature indicating that
pragmatic inferences are costly to derive and are dependent
on the context (Bott & Noveck, 2004; Breheny, Katsos, &
Williams, 2006; Huang & Snedeker, 2009; Noveck &
Posada, 2003). Furthermore, this is consistent with work
showing that negation is costly to process and this may be
due to pragmatic factors (Dale & Duran, 2011; Kaup, Ludtke,
& Zwaan, 2007; Nieuwland & Kuperberg, 2008). Of course,
the present study provides no measure of processing and so
cannot make any claims to that effect.
Unlike previous work, there was no effect of speaker
knowledgeability on rates of inferencing. Rather than
concluding that speaker knowledgeability does not have an
effect, it is possible that this result reflects a failed
manipulation. Typically, there is a clear distinction in
knowledge level with one speaker being highly
knowledgeable and another speaker being unknowledgeable
about a topic (e.g. Bergen & Grodner, 2012). In the present
study, we manipulated knowledgeability through location.
We posited that when speaking about a location that was the
destination, speakers would be thought to be more
knowledgeable about that location since you typically plan to
go on holiday to a location whose features you know about.
In contrast, for a non-destination, i.e. somewhere that you are
passing through or have a layover in, you are likely to be less
knowledgeable. This distinction between the two types of
locations and its predicted effect on the rate of inferencing
was not born out in the present study and it may be because
the manipulation was too subtle. In similar work by Rees,
Reksnes, & Rohde, their familiarity manipulation related to a
child talking about school or a field trip to the prime
minister’s office where it is generally agreed that children are
much more familiar with their school than a field trip
location. In terms of a holiday destination versus a layover,
the difference in familiarity may have been less pronounced.
Future work could try to determine what level of sensitivity
addressees have to speaker knowledgeability and what are the
limits of this.
The present study begins to tap into the types of reasoning
that is undertaken by addressees during communication and
broader questions about how and when inferences are
computed. Often, context is cited as affecting inferences but
context is a broad concept and encompasses a wide range of
factors including privileged and common ground, both
physically and informationally, models of our interlocutor,
and current motivations and goals for communication. Our
ongoing line of investigation asks which factors are involved
in distinguishing between transparent and non-transparent

language. Furthermore, the work presented here extends on
the traditional scope of pragmatic inferences. Much work
focuses on a narrow set of linguistic phenomena that gives
rise to inferences such as quantifiers, scalar adjectives, and
disjunction (Van Tiel, Van Miltenburg, Zevakhina, & Geurts,
2016). However, inferences in communication are not
restricted to particular classes of words; the same utterance
with differing intonation can give rise to different
interpretations (Gotzner, 2017; Keysar, 2007; Tomlinson,
Gotzner, & Bott, 2017).

Conclusion
One challenge faced by language users is recognizing
whether an utterance is transparently conveying a fact about
the world or if it is indicating a deviation from what is usually
the case. The results demonstrate that one cue addressee’s use
is negation. Negated utterances prompt addressees to infer
that what is stated is not usually the case. Although there was
no effect of speaker knowledgeability in this instance future
work is needed to assess how sensitive addressees are to
different levels of speaker knowledgeability.
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Abstract
Knowledge diversity is widely acknowledged to be beneficial
for collaborative groups engaged in problem solving. An
experiment was conducted to determine whether knowledge
diversity and assigned task roles for members in an online
virtual collaborative group affect group task performance and
individual learning and transfer, and to explore the role of
explanations as a mediating variable in these effects. Two
control conditions were included that involved individual
work, with and without self-explanations. Results showed that
the frequency of explanations in dyadic discourse were
correlated with individual learning, and that groups with
knowledge diversity tend to use more explanations. These
findings suggest that discussing explanations is a key feature
of successful group work that contributes to determining how
much individual learning occurs and how well it transfers from
collaborative activities to similar, novel tasks.
Keywords: collaborative problem-solving, cooperative
learning, explanation, elaboration, self-explanation, group
diversity, network design.

Introduction
Peer collaboration has been identified as an effective
educational approach to promote learning and discovery
(e.g., Johnson & Johnson, 1999; Barron, 2003), exchange of
original insights and critical thinking (Bos, 1937), resolution
of differing perspectives through argumentation (Amigues,
1988), observations of alternative strategies (Azmitia, 1988),
attention to explanations (Webb, 1985), greater transfer of
learning (Brandon & Hollingshead, 1999), and social skills
such as communication, presentation, problem-solving,
leadership, delegation and organization (Cheng & Warren
2000). Recently, collaboration has been identified as a critical
21st-century skill for workplace success (Rios et al., 2020).
For these reasons, collaborative group work has become an
increasingly common instructional practice in K-12
classrooms, particularly those implementing STEM
curricula, e.g., the Next Generation Science Standards
(NGSS), and Project Based Learning (PBL). School districts,
state departments of education, national research
organizations, and curriculum specialists in the U.S.
recommend (or even mandate) the use of peer-based learning
(California State Department of Education, 1985, 1992;
National Council of Teachers of Mathematics, 1989, 1991;
National Research Council, 1989, 1995).

What makes collaboration such an effective learning
method? Prior evidence amply documents that groups tend
to perform and innovate better than individuals. One
possibility is that groups with knowledge diversity – a
difference in perspectives or heuristics among group
members that promotes different strategies and innovations
during collaborative group work – may have some
advantages over less diverse groups and certainly over
individuals (Moore & Corter, 2020).
However, some established techniques for promoting
diversity of knowledge and perspectives in cooperative group
work (e.g., the Jigsaw) also involve assigning different group
members to different social or task-related roles, for example
asking one student to act as Recorder for the group or asking
different students to become “experts” in different aspects of
the collaborative task. To clarify the resulting confound, the
current study attempts to separate the effects of the cognitive
manipulation (i.e., a training task that uses different subtasks
to distribute experience of different solutions or insights
among group members) from the social manipulation
(explicit assignment of nominal roles to distribute social
responsibilities among group members).
A second research goal is to test for mediating effects of
cognitive elaboration, a mental sense-making activity that is
presumed to occur automatically due to the cognitive
demands of dialogue, especially as one explains one’s
memories, actions or thinking aloud to another person. In an
attempt to isolate the effects of this factor from other social
and cognitive effects of group work, the study design adds a
similar elaboration component (i.e., self-dialogue, also called
“self-explanation”) in one individual-work condition. In this
condition, participants are prompted to explain their thinking
aloud while working solo.

Method
This research study is designed to distinguish between the
effects of two aspects of collaborative activities on group
process, group performance, and on individual learning and
transfer. These two aspects are knowledge diversity (induced
by varying experiences with a pre-task as a training task) and
assigned task roles (induced through the task during of the
dyadic tasks). Group process is assessed by coding and
analysis of the group discourse, in terms of a number of
speech acts relevant to collaboration. In particular, we are
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interested in the effects of explanations on learning and
transfer, both in the group discourse and self-explanations by
individuals in one of the control conditions.

Study Design
The research questions are addressed using a two-by-two
factorial design with two added control conditions. The four
main conditions are Diverse Knowledge with and without
Roles, Shared Knowledge with and without Roles, and the
control conditions are Individual work with Self-Explanation
and Individual work without Self-Explanation. As in the pilot
study, the experimental procedure involves three stages: a
pre-task, a main task, and a post-task questionnaire.
Diversity conditions are introduced using the pre-task as a
short training task in which the two members of a dyad in the
Diverse Knowledge conditions (with or without assigned task
roles) receive task directions that introduce them to different
sub-tasks or components of the main problem-solving task.
Because performance on each sub-task benefits from a
strategy that is also beneficial in the main task, the different
training tasks introduce dyad members to equally valuable,
but different perspectives on how to solve the problem in the
main task. In the Shared Knowledge conditions (with or
without roles), the two members of the dyad receive the same
task directions in both the pre- and the main problem-solving
tasks. Thus, they have the same training experience when
they arrive to collaboratively solve the main task.
The assigned task role manipulation was introduced in the
directions of the main problem-solving task. Dyads in the
assigned-task-roles condition were informed that they and
their partner had experienced different problem-solving tasks
during the pre-task, and instructed that one person should act
as the “road builder” consistent with their prior experience
and the other should act as the “route planner” (see The
Collaborative Task, below for details on these roles). Dyads
in the condition without assigned task roles were informed
that they and their partner had experienced the same problemsolving task during the pre-task, and thus have similar
experiences.
The study design uses two control conditions in which
participants complete the pre- and main problem-solving
tasks without a partner; thus, controlling for the social effects
of communication between the two members of the dyad on
any performance or learning outcomes. Participants in these
two control conditions, first work alone on the pre-task. Then,
they are given a new different map as the main task, in which
they (again) work alone.
Afterwards, participants work individually to complete a
post-task questionnaire designed to assess transfer learning.
All work on the main task was video recorded, transcribed,
and coded to identify nine speech acts associated with
collaborative learning activity, including explanations.

points and (b) a minimal-length route or tour using this same
road network. Simultaneously trying to optimize (minimize)
the length of the road network and the length of the tour route
is challenging and can present interesting (or frustrating)
trade-offs. These tradeoffs arise because of a basic conflict
regarding the network design: 1) short road networks make
the tour routes less efficient because they require the truck
traveling the route to re-trace each edge of the network and
2) short route networks often require lengthening the road
networks underneath them in order to complete a loop, often
a key feature of efficient tours. This potential conflict may
motivate negotiation, explanation, and argumentation. This
affords the current study the opportunity to examine the
effects of these communication behaviors on performance
and learning.
Here, the problem solver is asked to imagine that relief aid
supplies must be delivered to a set of remote villages and
confronted with a map with the location of ten villages
plotted. The participant is asked to minimize costs by
designing the shortest possible road network to connect the
points (in general this would be a minimal tree graph), while
simultaneously designing a minimal length tour on all the
points (described as the route a supply truck will have to drive
using the road network). The route must follow a path that
visits all points exactly once, returning to the starting point.
The mountains (see Figure 1a and 1b) introduce a nonEuclidean constraint: that the route must travel around (not
through) this feature. The river – in combination with an
explicit rule limiting river crossing to a single bridge –
introduces another constraint, creating a bottleneck through
which the network must pass.
Participants attempted two examples of this design
problem. Working on Map 1 was the training task; this was
always done individually. Working on Map 2 was the main
or criterion task; this was done either in a dyadic condition or
in an individual-work condition. During the main task (Map
2), dyads collaborated to design the road and the route
networks, while individuals worked alone.
In this optimization task, with its inherent tradeoff or
conflict between the road and the route subtasks, two design
features can be helpful: the Steiner point and the loop.
Briefly, a Steiner point is an added node in a graph, which
shortens one or more paths. A loop is a path that connects a
set of points on the map and returns to the start. When used
together, these design insights significantly shorten the length
of the total network.
Because the study is designed to examine whether (and
how) insights gleaned during collaborative group work are
transferred, participants are not explicitly instructed about
these insights. If a participant had the insight to use a Steiner
point or a loop, it emerged through discovery learning.

The Collaborative Task
The design optimization problem faced by participants in the
present study involved two distinct subtasks: attempting to
design (a) a minimal-length road network connecting a set of
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Figure 1: The first map (Map 1) given to participants as a
training task (LEFT). The second map (Map 2) given to
participants as a collaborative task or as another individual
task, depending on assigned condition

Criterion Variables
The research questions and study design focus on three
outcome variables: task performance, transfer learning, and
communication or speech acts (with specific interest in
explanations). This section operationalizes each variable.
Task Performance Criterion task performance was
measured using the Map 2 dual-network solution, Road
network length + Route network length = Total network
length. The objective performance criterion (to be
minimized) is the total summed length of both the road and
the route networks.

roads could radiate or connect. Depending on its placement,
this innovation enables shorter road or route networks.
A loop is a path that circles through a set of points on the
map, connecting all the points and returning to the start; in
graph-theoretic terms, it is a cycle. The benefit of the loop
innovation in this task is that it minimizes backtracking,
shortening the route length, thus the total distance of the
network. Loops often enable shorter routes or tours, although
a loop cannot occur in a minimal road network, which must
be a tree, i.e., a connected graph without cycles.
The criterion for successful learning and transfer of these
design insights was the frequency with which participants
applied these design features to the novel network design
problems in their post-task activities. Transfer learning is the
adoption of learning in one context followed by the
application of that learning in another context (Woodworth &
Thorndike, 1901; Ellis, 1965). Each of the five post-task
activities are considered near transfer activities because (a)
participants completed them immediately after the first and
second network design activities and (b) the post-task
activities benefit from network design knowledge and skills
that are identical to those from the main task.
Communication Communication was measured using
automatically generated transcripts of the study sessions.
Zoom automatically time stamps and transcribes the audio
file. This process automatically parses transcripts into
utterances by speaker turn taking. Each turn is a segment of
speaker-continuous speech. Transcripts were then human
coded to identify specific types of utterances or meaningful
phrases, referred to here as “speech acts.” A summary of the
coding scheme for speech acts is described in Table 1.

Transfer Learning Learning was measured as the frequency
of transfer of two network design features to a set of
individual post-task activities. This sub-section includes
operationalizations of the terms (a) frequency of transfer, (b)
design features, and (c) the post-task activities, beginning
with the later and ending with the former.
The post-task activities, used to measure the transfer of
network design features, were completed after the first two
network design tasks (Map 1 the pre-task or training task and
Map 2 the main task which was collaborative for dyads).
Each post-task required a network design solution similar to
those experienced in Map 1 and Map 2. Tasks were designed
to benefit from (be minimized by) either one or both of the
design features: Steiner points and loops. This allowed for the
identification of incorrect transfer or transfer error. The
design features are briefly described below.
Design Insights A Steiner point, identified and discussed by
Jakob Steiner in 1826, is an added node in a graph, which
shortens one or more paths. Using a Steiner point on the
“Relief Aid” task requires creating a new “intersection” node,
not located at one of the villages on the map, from which

Table 1: Summary description of speech acts.
Speech Act
Explanation (E)

Propose (P)
Question for
Consideration (Qc)
Question for
Information (Qr)
Response Agree (Ra)

Response Modify
(Rm)
Coordination of Joint
Attention (J)
Social Facilitation (S)
Interruption (I)
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Description
Expresses consideration of an
idea, response to describe an
action, a thought, state the
rules, or prior knowledge
Suggest a task-related action
Request consideration or
feedback on an idea
A question to solicit
information or clarification
A response to any type of
previous statement that
expresses agreement
A response to any type of
previous statement that
suggests modifications
Any utterance meant to direct a
partner's attention.
An attempt to address, manage,
or grow a social relationship
Any utterance that interrupts
the previous speaker

Participants
Participants were recruited from an all-women’s college in
Northeastern United States, and received course credit for
participation. Participants (N=273) were 19.39 years of age
on average (range, 18-45 years), and were majority English
speaking (69.2%) females (89.9%) who had not yet earned
their undergraduate degree (98.9%).

Procedure
Participants arrived at each study session by way of a Zoom
link. In the meeting, each participant received a private
message through the Zoom chat with a link to a second twominute video in which the task directions were displayed and
read aloud. Private messages allowed participants to receive
different, condition specific task directions, which facilitated
the distributed knowledge experimental manipulations using
differing training experiences.
Once finished viewing the directions video, participants
used another link (again sent privately through the Zoom
chat) to the collaborative Miro board for the first task, Task 1
/ Map 1. During this task each participant had their own Miro
boards, and kept their computer cameras off, and their
computer microphones muted. This prevented any participant
interaction during the first task. Participants had fifteenminutes to complete the first task. If one participant finished
before the other, they were asked to wait until the other
participant had finished.
When both participants were finished (or when fifteenminutes had passed), their access to their Miro boards was
terminated. The directions video for the second task was then
played on the researchers shared screen for the participants to
watch together. Afterwards, participants were then sent a link
to a second collaborative Miro board, which hosted Map 2.
Here, participants in the dyadic conditions met the other
member of the dyad for the first time. Participants in the
individual condition with self-explanation found a second
map and began narrating their thoughts and activities.
Participants in individual condition without explanation
found a second map and began working without experiencing
social interaction. Participants had fifteen-minutes to
complete the second task.
Once Task 2 was complete, participants were then sent a
third, private, individual link to Task 3, the post-task and
assessment of transfer learning. Task 3 consisted of five
smaller network design puzzles, each with their own small
paragraph of directions. Once participants completed Task 3,
they clicked on a link on their Miro board that took them to
the post-task questionnaire hosted on Qualtrics.

Results
Regarding task performance for dyads (N=98) and
individuals (N=77), results suggest that dyads do not
outperform individuals on the network design problemsolving task. There is no significant difference in length of
the total network submitted for Map 2 between dyads and
individuals, t(173) = .838, p = .403, d = 9.923. Findings from

the two-by-two factorial ANOVA show no interaction
between distributed experience (knowledge diversity) and
assigned task roles in regards to performance, F(1, 97) = .388,
p = .535; nor was there a main effect of distributed experience
from a training task (also referred to as knowledge diversity)
on performance, F(1, 97) = 1.864, p = .450; nor was there a
main effect of assigned task roles on performance, F(1, 97) =
.576, p = .175.
Regarding learning outcomes for individuals from all
conditions (N=273), results suggest that individuals who
worked in a dyad do not show a greater frequency of transfer
learning than individuals who did not work in dyads. This is
evidenced by the fact that there is no significant difference in
total transfer success between dyads and individuals, t(271)
= -.459, p = .647, d = 1.299. There is also no significant
difference in total transfer error between dyads and
individuals, t(5) = -.441, p = .677, d = .742. Findings from
the ANOVAs of learning show no interaction between
distributed experience (knowledge diversity) and assigned
task roles in regards to learning outcomes, F(1, 195) = 1.135,
p = .288; nor are their main effects of distributed experience
from a training task on learning outcomes, F(1, 195) = .223,
p = .637; nor are there main effects of assigned task roles on
learning outcomes, F(1, 195) = .453, p = .502.

Discourse Characteristics
At the group level, dyads spent an average of 9.5 minutes (SD
= 4.162) on the collaborative task (range, 2.36 - 19.41
minutes), but the distribution was bimodal, with a cluster of
conversations centered at about 5 minutes length and another
more dispersed cluster at about 12 minutes. Table 2 displays
the discourse characteristics total time (minutes) spent
speaking during the main task and total number of speaking
turns taken by study conditions in which participants spoke.
Table 2: Discourse characteristics by condition.
Study Conditions

Indiv. Self-Explanation
Joint without Roles
Joint with Roles
Distributed w/out Roles
Distributed with Roles

Time
Speaking
M
SD
7.19
3.70
9.19
4.16
9.84
3.87
11.43 3.45
10.78 3.65

Number of
turns taken
M
SD
40
27.07
95
39.43
95
39.78
120 37.34
111 40.78

There is no overall significant difference in these discourse
characteristics among conditions, perhaps because of the
bimodal distribution of discourse durations. But on average,
participants in the knowledge distributed conditions (DW and
DR) spent more time speaking and used a greater number of
turns than participants in the joint or shared knowledge
conditions (JW and JR) or participants in the individual work
self-explanation condition (IE).
The frequency of explanations, the speech act of primary
interest in the current study, correlates with the frequency of
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each of the other speech acts. In fact, almost all speech acts
in this study correlate with each other. There are a couple
possible explanations for these relationships. First, high
correlations may have arisen from covariation in the length
of many of the dialogues. Another possible explanation for
these high correlations may be the presence of one or more
latent variables. Principal component analysis (PCA)
revealed two components. The first component is dominated
by explanation and coordinating joint attention. Prior
research associates both with cognitive elaboration (Chi et
al., 1989; Roschelle & Teasley, 1995; Webb, 1989), and work
by Roschelle & Teasley (1995) suggests that these two terms
should be linked. The second component is dominated by
response modify, social facilitation, and response agree.
Each of these speech acts have a social effect of continuing
the conversation, either by engaging in discussion of
modifications, expressing socially positive behaviors, or by
agreeable responses. Interestingly, Component 1 correlates
with transfer learning, r = .173, p = .015, while Component
II does not, r = -.092, p = .200.
Regarding differences among the study conditions in
dyadic communication, specifically the frequency of
explanations, findings from the two-by-two factorial
ANOVA of explanations show a significant effect of
distributed experience induced via the training task
(knowledge diversity) on the frequency of explanations, F(1,
98) = 8.142, p = .005 (see Figure 2). There was no effect of
assigned task roles on explanations, F(1, 98) = .160, p = .690;
nor was there an interaction between distributed experience
(knowledge diversity) and assigned task roles, F(1, 98) =
.544, p = .462.

Figure 2: Box plots of the frequency of explanations used in
each dyadic condition.
Explanations that occur during dyadic group work have a
weak association with task performance that is approaching
significance, r = -.157, p = .066 (N=98). Recall that in the
current study, a negative correlation with network length is
an indicator of a positive relationship with task performance,
because the aim of the problem-solving task is to minimize
the total length of the network.
Explanations that occur during dyadic group work have a
positive correlation with transfer learning, r = .258, p < .001.

Because the measure of transfer learning is a post-task
questionnaire taken by individuals, this analysis is conducted
at the level of individual members of the dyads (N=273).

Discussion
The current study addresses the question of whether two
strategies of effective cooperative learning activities –
ensuring group knowledge diversity and assigning task roles
– positively affect group task performance or individual
learning outcomes from an online virtual collaborative
problem-solving task. The current analyses offer three main
findings, which together establish an indirect pathway from
group knowledge diversity to learning and transfer. First,
group knowledge diversity – introduced through a training
task – tends to positively affect the frequency of explanations
during dyadic discourse regardless of the assignment of task
roles. Second, explanations uttered during dyadic discourse
are positively associated with learning outcomes and, to a
lesser degree, with group task performance. Third, frequency
of self-explanation is not associated with performance or
learning outcomes. Each of these findings is briefly discussed
below.

Knowledge Diversity
The current study enhanced knowledge diversity in a dyad by
way of a training task. Participants who experienced a
different training task than their partner were more likely to
use explanations during their collaborative discourse than
participants who instead experienced the same training task.
This relationship between group knowledge diversity and
explanations persisted regardless of whether the group’s
knowledge diversity was made explicit through the
assignment of task roles.
Why did this happen? Why might the cognitive
manipulation of knowledge diversity have motivated
explanations to a greater degree than the social manipulation
of assigned task roles? One reason may be that, in the context
of the collaborative network design task, the implementation
of the social manipulation may not have had the anticipated
effect. Instead of making the dyad’s knowledge diversity
explicit, it may have simply distributed task responsibilities
among group members. In other words, role assignments may
have been interpreted as action-based roles (i.e., the road
builder’s task was to build roads), rather than roles designed
to spark explanations (i.e., the road builder may not have seen
a need to explain how to build a road).
A second reason may be that the cognitive manipulation of
group knowledge diversity created an authentic need for
explanation and information exchange. The need may have
arisen as participants realized they had different experiences
during the pre-task. The work to coordinate a shared
understanding would have required explanations. The need
for explanations may also have arisen as participants
attempted to agree upon a single solution, and realized they
disagreed. The work to reconcile their disagreement would
have required information exchange.
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This second reason is consistent with the literature on
group diversity (c.f. Hong & Page, 2004; Jeppesen &
Lakhani, 2010; Page, 2014; Surowiecki, 2005), which
demonstrates (both theoretically and empirically) that group
diversity increases the frequency of proposed novel solutions,
which can increase the frequency of innovation and thus
group performance. Diverse groups tend to out-innovate and
thus out-perform homogeneous groups, even expert
homogenous groups (Surowiecki, 2005). Importantly, this
enhanced success for diverse groups hinges on their ability to
communicate and exchange information. Thus, positive
effects of group diversity on performance are mediated by
information exchange (Homan et al., 2007).
Interestingly, results from the current study were achieved
with a knowledge diversity manipulation and did not stem
from a diversity of prior knowledge or expertise of group
members. This is a contribution to the literature, because it
shows that the benefits of group diversity (and the “wisdom
of crowds”) is not inherent to a group’s composition but can
be catalyzed by an intervention or experience (i.e., a training
task). This result may be key to understanding why some
cooperative learning intervention techniques are more
effective than others. Further research is needed to generalize
this finding beyond a network design problem-solving task.

tutoring (Devin-Sheehan et al., 1976; Fantuzzo et al., 1992;
Ortiz et al., 1996).
Discourse during collaboration can also result in the coconstruction of new knowledge. Co-construction happens
when individuals collaboratively build knowledge and
develop strategies that no group member had in advance of
the problem-solving task (Webb, 2009). It is a process of
sharing, seeking clarity, offering corrections, drawing
connections, and building on each other’s ideas and
perspectives (Hogan et al., 2000; Schwartz, 1995).
Interestingly, in the current study, PCA of dyadic discourse
revealed two components; a knowledge coordination
component (dominated by explanation and coordinating joint
attention), which correlated with transfer learning, and a
social discourse component (dominated by response modify,
social facilitation, and response agree), which had no
relationship with transfer learning. Together these discourse
components may form a “cognitive ecology,” described in
distributed cognition theory (Perry, 2003) as the
environmental, social, cultural, and historical elements of the
context of the group that motivate and influence group
interactions. The work to organize these cognitive and social
aspects of group work may play an important role in the
learning outcomes of individuals within a group.

Explanations

Conclusions

The current study finds that explanations are positively
associated with learning outcomes, and to a lesser degree
with group task performance. This finding suggests that
explanations observed in the current study may be associated
with cognitive elaboration. Cognitive elaboration is a mental
sense-making activity presumed to occur because of
cognitive demands of dialogue as one explains one’s
memories, actions, or thoughts to another person.
However, the current study found a relationship between
explanations and learning only in dyadic conditions. In other
words, explanations were associated with transfer learning
when they were uttered in a group setting, but not for the
individual conditions. This is inconsistent with the literature
on cognitive elaboration, which extensively documents
learning effects from self-explanation (Lombrozo, 2006).
The effect of group discourse on individual learning may
be the result of a cognitive mechanism that occurs in social
settings, described by Roschelle and Teasley (1995), as
coordination of knowledge or “knowledge coordination” - an
exchange of meaning through language to introduce,
monitor, and repair a shared understanding (also Kuhn, 2015;
Schober & Clark, 1989; Voiklis & Corter, 2012; WilkesGibbs & Clark, 1992). Knowledge coordination is also
described as a probing of another’s mind, increasing exposure
to new ideas and thus positively affecting learning outcomes
(cf. Azmitia, 1988; Bos, 1937; Brandon & Hollingshead,
1999; Johnson & Johnson, 1999). Attention to the mind of
another has long been understood to play an important role in
consolidating knowledge (Webb, 1985). And the
effectiveness of this coordination process as an educational
tool has been well documented in the literature on peer

Effective cooperative learning methods like the Jigsaw
(Aronson et al., 1978) tend to apply two strategies in tandem
to encourage learning: enhanced group knowledge diversity
and assigned task roles. The current study finds that group
knowledge diversity, and not assigned task roles, is key to
fostering more explanations during collaborative dyadic
problem-solving work in virtual settings. The knowledge
diversity examined in this study was induced using a training
task that predisposed members of a dyad to different
perspectives and solutions to the same problem, thus
distributing the necessary problem-solving strategies among
both members of the dyad. This distributed knowledge
fostered a quality of explanations associated with learning
outcomes. The findings show that the frequency of
explanations mediates an indirect relationship between group
knowledge diversity and individual learning outcomes.
These results suggest that knowledge diversity can be
manipulated with a training task to positively affect learning
outcomes, if explanations and social discourse can freely
occur to coordinate knowledge; however, generalizations
from these findings are limited due to the relatively
homogeneous sample population and the specific network
design task used to stimulate collaborative problem-solving.
Future research should seek to replicate these findings in
authentic classroom settings (both virtual and physical) and
use multivariate analysis coupled with natural language
processing techniques to more thoroughly examine the
speech patterns that comprise explanations used during
collaborative group work and self-explanations.
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Abstract
Collectible items, such as stamps, coins, paintings, and trading cards, are often valued for their rarity. A side effect of
rarer items being more highly valued is that they are also more
often traded, discussed, and displayed. A new collector’s experience of the category defined by a set collectible items is
thus heavily biased towards the rare items. Theories of category learning predict that these conditions make for a uniquely
challenging environment in which to learn a category because
rarity-based sampling can invert the distribution of associated
attribute frequencies. Here, we show that under these conditions, the demand for rarity is self-defeating: when newcomers
do not correct for the sampling bias present in their experience,
they will have a distorted sense of the category and misunderstand which items are in fact rare, causing rarity to become
devalued over time. We find evidence for this dynamic in the
context of The Bored Ape Yacht Club (BAYC), a collection
of 10,000 non-fungible tokens (NFTs), each with a set of attributes that vary in rarity. We demonstrate that, in line with
our theory, over time the influx of newcomers learning about
BAYC has been associated with a decrease in the demand for
tokens with rare attributes.
Keywords: category learning; collectible items; rarity; nonfungible tokens; cryptocurrency

Introduction
The market for collectible items, such as stamps, coins, paintings, books, and trading cards, has grown considerably in recent years and is projected to reach 628 billion USD within
a decade, partly because of the popularity of digital marketplaces for these items (Thwaites, 2021). While many traders
of collectibles do so as a hobby, some investors consider collectibles to be an integral part of their investment portfolio
(Carey, 2008; Kleine et al., 2020).
Collectible items are often valued for their rarity. Scarcity
increases anticipated price appreciation (Lynn & Bogert,
1996) and there is a causal relationship between rarity and
sales price, with rare items trading at a higher price (Hughes,
2020; Y. Lee, 2021). In the context of collecting butterflies in
Papau New Guinea and collecting rare species as luxury food
items, Courchamp et al. (2006) found that because rare items
often require more time, effort, or resources to acquire, they
become even rarer, such that their value continually increases
until the underlying resource is extinguished.
Rarer items are not only more highly valued; they are also
more often traded, discussed, and displayed. Auction houses,
museums, antique shops, rare bookstores, collectible stores,
online forums, trade shows & conventions, and swap meets

are all venues that draw people’s time and attention to rare
goods, offering spaces for their appreciation and trading. A
new collector’s experience of the category defined by a set of
collectible items is thus heavily biased towards rarer items.
Most theories of category learning predict that these conditions make for a uniquely challenging environment in which
to learn. This is because rarity-based sampling (i.e., a sampling process with a large but unknown-in-magnitude bias
towards rare items) can invert the distribution of associated
attribute frequencies. Consider, for example, a bag containing three marbles: two red, one blue. Random sampling of
a marble would produce a red rather than blue marble with
probability 2/3. If instead the sampling process were not a
random draw, but one that drew items in proportion to their
rarity, then each red marble would be selected half as often
as the blue marble because the red marbles are twice as abundant. Having twice the abundance, but being selected half
as often, a red marble would be drawn with probability 1/2.
Sampling in proportion to rarity renders attribute frequencies
uniform.
In practice, the dependency of sampling frequency on rarity may not be exactly proportional. In that case, a soft-max
generalization can be used where the probability of sampling
an item i is given by p(i) ∝ 1/A(i)L , where A(i) is the abundance of item i and L determines the sampling process’s sensitivity to the rarity signal (Sutton et al., 1998). Setting L = 1
gives proportional sampling and uniform attribute frequencies, as discussed. When L > 1, sampling is superproportional in rarity and rare attributes are sampled more often.
And when 0 < L < 1, sampling is subproportional in rarity,
providing an interpolation between a preference for rarity and
uniform sampling, where L = 0. Thus the relevant value of L,
which derives from both the collector’s own sensitivity to the
rarity signal and the environmental context in which the collector learns, will determine whether observed attribute frequencies remain untouched, are rendered uniform, or are inverted wholesale.
When making the inductive leap from examples to a more
general category, learners must duly consider the sampling
process; making the wrong assumption (e.g., strong vs. weak
sampling) can lead to incorrect generalization (Navarro et al.,
2012). In the case of rarity, when the inferential process that
newcomers use to learn about a category does not take into
account the sampling bias that the demand for rarity creates
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Rare collectibles

Table 1: Bowers’ Universal Rarity Scale.
URS

Estimated Number in Present Existence

URS-0
URS-1
URS-2
URS-3
URS-4
URS-5
URS-6
URS-7
URS-8
URS-9
URS-10
URS-11
URS-12
URS-13
URS-14
URS-15
URS-16
URS-17
URS-18
URS-19
URS-20
URS-21
URS-22
URS-23

None
1, unique
2
3 to 4
5 to 8
9 to 16
17 to 32
33 to 64
65 to 125
126 to 250
251 to 500
501 to 1,000
1,001 to 2,000
2,001 to 4,000
4,001 to 8,000
8,001 to 16,000
16,001 to 32,000
32,001 to 64,000
64,001 to 125,000
125,001 to 250,000
250,001 to 500,000
500,001 to 1,000,000
1,000,001 to 2,000,000
2,000,001 to 4,000,000

(i.e., the precise value of L that governs sampling of their experience), they will develop a distorted sense of the category
and misunderstand which items are in fact rare. The only
guaranteed way to get the inference right is to know the value
of L exactly, to correct for it, and to pray that it never changes.
The demand for rarity is therefore self-defeating, producing a dynamic of balancing selection (Hedrick, 2007; Nowak,
2006) that devalues rare items over time. The devaluing occurs not because the individual consumer’s demand for rarity changes, but because making the inductive sampling error
described above causes the consumer’s persistent demand for
rarity to be misdirected to items that are not in actuality rare,
only rare in their experience. When the demand for rarity is
misdirected, it distorts the experience of others in the market
and leads to a de facto decrease in demand for items that are
rare.
We find evidence for this dynamic in the context of The
Bored Ape Yacht Club (BAYC), a collection of 10,000 nonfungible tokens (NFTs), digital art collectibles that are each
associated with a set of visually defined attributes that vary in
rarity. We demonstrate that, over time, the influx of newcomers learning about BAYC has been associated with a decrease
in the demand for tokens with rare attributes.
The plan of the paper is as follows. In the next two sections, we review measures of rarity used by collectors and
the emergent trend of collecting NFTs. Next, we introduce
an agent-based model of category learning under demand for
rarity. We then present a series of analyses of BAYC sales
data, demonstrating that our model correctly predicts the declining correlation between sales price and rarity of attributes.

People often desire to own or experience rare goods and services. The global collectibles market includes trade of scarce
physical assets such as paintings, trading cards, art, games,
sports memorabilia, toys, coins, and postage stamps. The
market demand for rarity underlies the luxury goods industry and people’s motivation to collect unique items (Phau &
Prendergast, 2000; Kapferer, 2012; Chailan, 2018).
But what does it mean for an object such as a coin to be
rare? For surely there is only one of each object, forming
a vast terrain of uniform rarity. Here we confront a classic
illustration of polysemy and the type–token distinction. In
particular, collectors use the term “coin” to mean both an individual token (e.g., the steel 1943 U.S. cent resting comfortably in one of the authors’ pockets) and a type, an equivalence
class of objects belonging to the same category (e.g., all the
1943 U.S. cents minted in steel). Objects are rare when they
belong to small categories.
Indeed, the most common measures of rarity used by collectors equate rarity to the inverse of the size of the category.
For example, the Sheldon Scale and Bowers Universal Rarity
Scale, the two most frequently used measures of rarity in the
context of coin trading, both define levels of rarity in terms
of the abundance of the particular coin. In 1950, William H.
Sheldon designed a scale for rarity for U.S. Large Cents as
follows: R-1 (common), R-2 (not so common), R-3 (scarce),
R-4 (very scarce, population estimated at 76–200), R-5 (rare,
31–75), R-6 (very rare, 13–30), R-7 (extremely rare, 4–12),
and R-8 (unique or nearly unique: 1, 2, or 3) (Sheldon &
Paschal, 1976). Later, in 1992, the numismatist Q. David
Bowers proposed the Universal Rarity Scale (URS) to measure the rarity of not only coins but any collectible item. This
method, as shown in the Table 1, employs a geometric progression that determines a coin’s rarity based on how many
of said coin are in known existence (Halperin, 1986).
To measure the market value of rarity, Koford and Tschoegl
(1998) examined identical rare coins with different mint
sizes and found that rarity positively impacts the sales price,
with no additional premium for the rarest coins (Koford &
Tschoegl, 1998). Another study found that creating scarcity
for a product by the firm can act as an alternative to dynamic
pricing and maximizes the profit of the firm (Papanastasiou
et al., 2014). Hughes, in his study on tradable game cards,
distinguishes two rarity creation strategies — rarity in quantity and rarity in design — then empirically demonstrates that
adopting either of these two strategies can positively affect
the sales price (Hughes, 2020).
Though most research finds a negative correlation between
rarity and the sales price, differences in bidding costs over
time or across different marketplaces may affect participant
preferences for rarity (Kireyev, 2022). And finally, rarity is
not the only property valued by collectors, who also look to
an object’s provenance, history, and physical condition when
determining its value. Here, we study the effect of rarity in
isolation from the other factors.
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Figure 1: Composite portraits of the Bored Ape Yacht Club. The ape on the left, not present in the original collection, is a
composite portrait created from the most common value of each attribute. In contrast, the ape on the right, also not present in
the original collection, is a composite portrait created from the least common value of each attribute.

NFTs and The Bored Ape Yacht Club
Recent innovations in blockchain technology have made it
possible to create rare digital assets such as images, videos,
text, and sound files, turning them into digital collectibles.
Non-fungible tokens (NFTs) are a particular type of digital
collectible that is verified and secured by a blockchain providing proof of originality, ownership, rarity, and permanence for
any particular item. Technically, an (Ethereum-based) NFT is
a smart contract based on the ERC-721 standard (Wilson et
al., 2021; Arora et al., 2022).
Creators of NFTs often employ an “abundant rarity” strategy that has long been used by luxury brands. Indeed, most
luxury brands, except a few such as Rolls Royce, have replaced product and attribute rarity as the precondition of
luxury with qualitative rarity to target a broader user base
(Kapferer, 2012). These companies try to create a sense of
exclusivity rather than actual exclusivity by deploying artificial rarity tactics such as offering limited editions and emphasizing designers by providing capsule collections (Kapferer,
2012; Kapferer & Valette-Florence, 2016). Similarly, creators
of NFTs, with the help of blockchain technology, attempt to
create a sense of scarcity around digital assets to attract their
target market (Chohan & Paschen, 2021). Before minting a
token, the creator announces its circulation. Therefore token
rarity at the circulation level is publicly known and does not
change over time. This can establishes a causal relationship
between rarity and price, where low circulation indicates rarer
items.

The Bored Ape Yacht Club (BAYC) is a collection of
10,000 NFTs presented as unique digital collectibles minted
on the Ethereum network and launched in April 2019 by a
team of four pseudonymous developers. The tokens can be
used as a virtual “Yacht Club” membership card that grants
access to members-only benefits; these benefits are currently
limited to accessing a collaborative graffiti board named “The
Bathroom”.
Each token is associated with an algorithmically generated
illustration of a bored-looking ape (see Fig. 1 for illustrations
in this style). Notably, each illustration is unique. Though all
the apes share broad structural features, they vary along seven
attributes: background, fur, eyes, mouth, clothes, earring, and
hat. The distribution over attributes is such that some attribute
values are common (Fig. 1, left panel), whereas others are
rare (Fig. 1, right panel). The apes are thus unique in the
sense that each ape has a different combination of attribute
values, but no ape has an attribute value that is unique to that
ape, and even the rarest attributes are still shared across tens
of apes. The BAYC uses a decentralized collaboration business model, allowing its buyers unlimited commercial use of
the token art and the right to create their own works based on
underlying the Bored Ape characters (E. Lee, 2021).
BAYC tokens are one of the most popular NFT s. According to OpenSea, 357.4K ether (worth nearly 1 billion USD)
of these NFTs were traded by the end of 2021. At the start of
2022, the average price of one Bored Ape Yacht Club NFT
was $238.5k and there were 6.2K Bored Ape Yacht Club
owners owning the total supply of 10,000 tokens.
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A model of learning under demand for rarity

Analysis

Here, we develop an agent-based model of a population that
learns a category under a shared preference for rarity.
We assume that each learner has prior knowledge of the
set of categorical attributes associated with the category to be
learned and the possible values that each attribute can take,
but does not know their distribution (i.e., the rarity of each
attribute value). We define success in learning the category
to be knowledge of the true distribution of values that each
attribute can take. Specifically, each agent begins with the assumption that objects are i.i.d. draws from an unknown distribution over known attribute values and is thus endowed with
an uninformative prior over the set of categorical attributes
along which the category members vary. The agent’s prior
over the category B is therefore given by

Historical sales data for The Bored Ape Yacht Club collection was retrieved from OpenSea, a marketplace for
NFT s. The data include the 23,711 sales of BAYC tokens
recorded between 2021-05-01T00:16:17.700252Z and 202201-08T20:16:20.770910Z (inclusive). Prices are reported in
ether (currency code ETH), the native cryptocurrency of the
Ethereum blockchain. When an attribute is missing from a
BAYC token (e.g., an ape with no earring), the attribute was
recorded as having a null value and was included in calculations of attribute rarity; in practice these missing attributes
are always the most common variant.
The model described in the previous section was implemented in Pyro, a framework for probabilistic programming
(Bingham et al., 2019). The model’s free parameters include
psocial and pconsider , which were each sampled from a uniform distribution over the interval [0, 1], and rbuy , which
was sampled from a uniform distribution over the interval
[−25, 0]. We assumed a fixed population of 8, 927 learners,
matching the number of unique owners in the data set.

B f ∼ Dirichlet(α1 , α2 , ..., α fk ),
where αi is the hyperprior pseudocount associated with the
ith attribute value and fk is the number of attribute values
associated with attribute k. We set all αs to 1 for all attribute.
The observation model is as follows. On each round, the
agent flips a coin with weight psocial that determines whether
the agent samples tokens to observe via an asocial learning
mechanism that does not depend on which items have been
traded by others (e.g., a list of tokens sorted by ID) or a social learning mechanism that does depend on which items
have been traded by others (e.g., a list of recently sold tokens). When the agent learns asocially, a token is sampled
uniformly from all tokens. When the agent learns socially, a
token is sampled uniformly from the set of trades, such that
a token that has been sold twice as often will be sampled by
the learner twice as often.
Observers update their model of the category by incrementing the pseudocounts associated with the attribute values observed in the sampled token. Note that when psocial = 0,
the agent learns only via asocial mechanisms and, on account
of this, as the number of observation increases, the learner’s
posterior distribution approaches the true distribution over attribute values. In contrast, when psocial > 0, the agent incorporates at least some social learning and the result can be
determined only by specifying a model for which items the
other agents will trade.
We assume that learners prefer to purchase items with rare
attributes. We formalize this demand for rarity through a
two-step process. In the first step, the learner flips a coin
with weight pconsider to determine if they will proceed to
the next step and consider placing a bid on the next token
they observe; this first step serves as a thinning process that
determines the base rate of bidding. In the second step, the
learner observes the next token and places a bid with probability proportional to the token’s inferred attribute rarity (i.e.,
the likelihood under the learner’s current model of the category). If the token is sufficiently rare, below a threshold rbuy ,
the learner will place a bid. Bids are then placed on the ledger
that future social learners observe.

An influx of newcomers
The proposed model of learning under demand for rarity presupposes that there are newcomers who learn. Indeed, the
dramatic growth of interest in NFTs, and cryptocurrency more
generally, has provided a steady stream of newcomers eager
to learn about the hobby. In the context of BAYC for example,
we find that 8,927 of the 23,711 observed sales (37.6%) have
been made by first-time purchases of BAYC, with the proportion of buyers who are newcomers increasing moderately over
time (Fig. 2), suggesting a steady influx of newcomers learning about BAYC.

Model fit
The mean and standard deviation of the posterior estimates
of the parameters can be found in Table 2. Critically, the
mean of the correlation between attribute rarity and price in
the model was −0.29, with the magnitude declining as the
correlation changed from −0.65 ± 0.07 to −0.17 ± 0.11 over
the full period of sale.
Table 2: Mean and standard deviation of posterior estimates
of model parameters.
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Parameter

Mean

Standard deviation

psocial
pconsider
rbuy

0.40
0.05
−18

0.18
0.03
4.1

Figure 2: Proportion of sales to newcomers as a function of the date of the sale. Plotted is the moving-average proportion over
a window of 250 sales.

The demand for attribute rarity has declined
Over the 23,711 sales of the BAYC token considered here,
rarer tokens were traded at higher prices: there was a small
negative correlation (r = −0.0713, p < 0.0001) between the
log sale price and the log attribute rarity of a token (Fig. 3).
The correlation exists both at the token level and when each
attribute is considered separately (r = −0.0197, p < 0.0001,
Fig. 4).

Figure 4: Across all historical sales, there is also a small positive correlation between attribute rarity and price. Again,
note that negative rarity is more rare and the correlation is
strongest for the most rare attributes.

at the time of writing, there is a much smaller correlation between the two (r = −0.082).
Figure 3: Across all historical sales, there is a small positive
correlation between item rarity and price. Note that negative
rarity is more rare and the correlation is strongest for the most
rare items.
The magnitude of that correlation has changed over time.
In the first few weeks after BAYC token collection was introduced, there was a moderate correlation (r = −0.34) between
the sale price and attribute rarity of a token (Fig. 5, left). The
magnitude of the correlation between sale price and attribute
rarity has declined over time (Fig. 5, left) to the point that,

The decline in the importance of attribute rarity has not
been uniform across attributes (Fig. 5, right). The magnitude of the correlation diminished for the attributes of fur
(−0.19 to −0.055), earring (−0.093 to 0.023), mouth (−0.11
to −0.047) and hat (−0.082 to 0.021). In contrast, the magnitude of the correlation for the eyes and background attributes
have remained relatively constant, changing from r = −0.12
to r = −0.10 and from r = 0.0037 to r = 0.11, respectively.
None of the attributes have seen a strengthening of their correlation with price over time.
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Figure 5: (Left) The correlation between item rarity and price has diminished in magnitude over time. (Right) The correlation
between attribute rarity and price had diminished in magnitude over time for some attributes [fur (−0.19 to −0.055), earring
(−0.093 to 0.023), mouth (−0.11 to −0.047) and hat (−0.082 to 0.021)], but not others [eyes (−0.12 to −0.10) and background
(0.0037 to 0.11)].

Conclusion
In a series of analyses of trades of collectible art items, we
demonstrate a learning dynamic where the demand for rarity
is self-defeating. A newcomer’s experience of a collection
of collectible items is biased towards the rare items because
they are more often traded, discussed, and displayed. When
the experience of newcomers is biased towards rare items, if
newcomers do not correct for said bias their understanding of
the category will be likewise warped. The misfocus of demand for rarity on items that are not in actuality rare would
lead to an apparent decrease in the observed demand for rarity, as we observe here.
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Abstract

indistinguishable from a broad definition of intelligence. To
overcome this limitation, cognitive scientists have striven to
describe the specific cognitive processes underlying the
flexible expression of our behavior and thoughts in terms of
cognitive processes.
In a canonical sense, cognitive flexibility (also called set
shifting, see Diamond, 2016) is described in the literature as
an executive function consisting in the ability to shift
attention from one stimulus, rule, or task to another (e.g.,
Diamond, 2013; Lehto et al., 2003; Miyake et al., 2000;
Meiran, Chorev, & Sapir, 2000; Monsell, 2003). However, it
appears that in complex activities such as problem solving,
cognitive flexibility also entails the ability to flexibly
consider the same problem from different perspectives, to
flexibly categorize it at different levels of abstraction. In the
following sections, we present the empirical studies that
investigate these two fundamental processes (i.e., attentional
shifting and flexible categorization).

Because of its importance in academic achievement, especially
in mathematics, training cognitive flexibility at school is a
major issue. The present research investigates the effectiveness
of a school-based intervention to improve proportion
arithmetic problem solving. The study was conducted with 5th
graders of 10 classes from 5 high-priority education schools in
the Paris region. Students of the control and experimental
groups took part in 8 learning sessions about proportion
problem solving. The experimental group’s training focused on
comparing and flexibly categorizing the problems in the hopes
to help students achieve a deeper understanding of proportion
problems. Results show that training flexible categorization
allowed the experimental group to progress more than the
control group, in both categorization and solving tasks. The
educational implications of our results are discussed.
Keywords: cognitive flexibility; school-based intervention;
categorization; evidence-based education; arithmetic word
problems

Introduction
Can a school intervention based on flexible categorization
successfully target the expression of cognitive flexibility in
arithmetic problem solving? By making it possible to adapt
to a constantly changing environment, to discover creative
solutions, to transfer knowledge from one situation to
another, to infer the meanings of new words, or more
generally to switch from one behavior to another depending
on the environmental constraints, cognitive flexibility is
considered a hallmark of human cognition (e.g., Deák, 2003;
Ionescu, 2012, 2017). While there is no unified definition in
the literature, it is widely accepted that flexibility plays a key
role in the development of thinking, language, reasoning, and
knowledge acquisition (e.g., Blaye & Bonthoux, 2001;
Clément, 2009, 2022; Deák, 2003; Sloutsky & Fisher, 2008).
Cognitive flexibility is often conceived of as the ability to
cleverly change behavior in an appropriate manner
depending on what a situation requires. However, upon closer
scrutiny, this general definition of flexibility appears almost

Attentional shifting
Since the pioneer work of Miyake et al. (2000), cognitive
flexibility, inhibition, and working memory are considered as
the three core functions of executive control. In this approach,
flexibility is often described as a set shifting (for a
developmental approach, see for example Davidson et al.,
2006). In that sense, the cognitive processes underlying set
shifting are mainly related to attentional flexibility (Ionescu,
2017). In the following, we will refer to this process as
attentional flexibility.
In a large body of research, attentional flexibility has been
operationalized within the well-known task-switching
paradigm (see Monsell, 2003). A series of tasks have been
designed according to this paradigm, among which the
widely used rule-based switching tasks. These consist in
presenting multidimensional stimuli that first need to be
categorized according to a specific dimension (e.g., size)
before changing the rule and switching to another dimension
(e.g., number of items). The Wisconsin test (Heaton et al.,
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1993) for adolescents and adults, or the Dimensional Change
Card Sort (DCCS) for preschoolers (Frye, Zelazo, & Palfai,
1995; Zelazo, 2006) are some of the most typical examples
of rule-based switching tasks. For instance, in the standard
DCCS, children have to sort bi-dimensional cards (fish and
boats that are either red or blue) according to a first rule (e.g.,
color) and then, according to a second rule (e.g., shape).
Developmental research reports two robust results
regarding attentional shifting. First, factor analyses with
children show that attentional shifting emerges later than
inhibition and working memory (e.g., Carroll, Blakey, &
FitzGibbon, 2016). Second, before 3 years old, children
present a perseverative behavior when asked to perform rulebased switching tasks: after sorting the stimulus according to
one dimension (e.g., shape), they experience considerable
difficulty sorting it according to another dimension (e.g.,
color) (e.g., Deák & Wiseheart, 2015; Holt & Deák, 2015;
Legare et al., 2018; Zelazo, 2006).
Although the task switching paradigm is well suited to
assess attentional flexibility, its ability to assess other
components of flexibility is limited for at least two reasons.
First, in several situations involving flexibility, such as, for
instance, problem solving, there is no imposed rule change
and one needs to spontaneously adopt a new perspective
without any outside prompt. Second, most of the time,
achieving the goal requires to flexibly re-interpret (rerepresent) the situation, which goes beyond a mere switch of
attention. Thus, representational flexibility relies both on the
attentional processes required to take into account
environmental cues (for instance, noticing when the strategy
used is not optimal), and on the ability to flexibly categorize
the problem by re-interpreting the situation it depicts.

Flexible categorization in problem solving
The idea that a solver’s ability to adequately categorize a
problem is related to their ability to find its solution is
perfectly exemplified by the seminal work of Chi, Feltovich,
and Glaser (1981) on the nature of expertise. In their study,
they asked both novices and experts to sort a set of physics
problems into as many categories as they liked. Their results
showed that while novices tend to categorize problems based
on their surface features (e.g., sorting together all the
problems mentioning a spring), experts base their categories
on deeper abstract principles (e.g., putting together problems
that can be solved by applying the Law of Conservation of
Energy). The process by which one may ignore the surface
features of a problem and flexibly adopt a new point of view
to find its solution is a notoriously difficult endeavor.
In fact, an increasing amount of literature has shown that
disregarding the initial interpretation of a problem and
flexibly categorizing it according to a more abstract
perspective is a key step in solving counter-intuitive
problems (Brissiaud & Sander, 2010; Ragni, Kola, &
Johnson-Laird, 2018). Notably, interferences between one’s
experience and knowledge about the world and one’s
reasoning have been shown to greatly impact solving
performance (e.g., Bassok, Wu, & Olseth, 1995; Bassok,

Chase, & Martin, 1998; Cosmides & Tooby, 1992; Gros,
Thibaut, & Sander, 2021). For instance, it has been
demonstrated that differences of difficulty between
isomorphic problems (problems sharing the same solution)
may be explained by the influence of prior knowledge on the
way the situation is interpreted. When prior knowledge leads
participants to initially think that an action is not possible,
they will take a longer time to get around this self-imposed
limit and they will make more mistakes while doing so
(Clément & Richard, 1997). In a similar fashion, getting rid
of the common misconception that a subtraction necessarily
describes the removal of a part from the whole is an arduous
task (Brissiaud & Sander, 2010). Adopting the more accurate
conception according to which a subtraction describes the
distance between two numerical values requires a form of
conceptual flexibility relying on flexible categorization of the
very concept of subtraction (Hofstadter & Sander, 2013).
In sum, in problem solving, it has been demonstrated that
semantic recoding and re-categorization of the situation are
the core cognitive processes underlying flexible responses
(e.g., Clément, 2009, 2022; Clerc & Clément, 2016; Gamo,
Sander, & Richard, 2010; Gros & Gvozdic, 2022; Gros,
Thibaut, & Sander, 2020; Scheibling-Sève, Pasquinelli, &
Sander, 2020; Scheibling-Sève, Sander, & Pasquinelli,
2017). In fact, finding the solution to a problem usually
means looking at the problem from different perspectives. By
adopting a new, usually more abstract point of view on the
situation, one may be able to identify the deep structure of the
problem and, in doing so, find a previously hidden path to the
solution (Clément, 2009; Gros et al., 2020).

Flexibility and academic achievement
Whether it be scientific research in education, psychology,
or didactics, a growing body of evidence points towards
executive functions (i.e., inhibition, working memory, and set
shifting) as crucial contributors to school achievements (e.g.,
Agostino, Johnson, & Pascual-Leone, 2010; Monette, Bigras,
& Guay, 2011; St Clair-Thompson & Gathercole, 2006; Stad
et al., 2018; Yeniad et al., 2013). For instance, after
controlling for inhibition, working memory, planning, and
fluid intelligence, Magalhães et al. (2020) found that
cognitive flexibility accounts for a significant amount of
variance in literacy and mathematics outcomes across Grades
2, 4, and 6.
More specifically, regarding math-achievement, in a recent
study Hästö et al. (2019) demonstrated that cognitive
flexibility predicts students’ performance on finals, notably
in mathematics. Cognitive flexibility has been argued to be a
major contributor to math-performance, since, when one way
of solving a mathematical problem isn’t working, students
need to switch between different strategies, and re-interpret
the situation (Gros, Sander, & Thibaut, 2019; Gros, et al.,
2020; Sander & Richard, 2005; Vicente, Orrantia, &
Verschaffel, 2007).
Considered as determinant factors in school achievement, a
body of research focused on interventions for improving
executive functions (e.g., Blakey & Carroll, 2015; Diamond
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& Ling, 2016; Mennetrey & Angeard, 2018). Surprisingly,
very few studies have been conducted on cognitive flexibility
as the ability to consider the problems from different
perspectives. In fact, most studies are often devoted to
training working memory, inhibitory control, or attentional
shifting, and to evaluate the effectiveness of such training in
different areas of daily life (e.g., Diamond, 2013; Diamond
& Ling, 2016). To date, only a limited number of studies have
targeted the stimulation of flexibility as it manifests itself in
complex cognitive activities, such as problem solving.
Therefore, the present study focuses on the representational
flexibility involved in proportional math problem solving.

The present study
Because of the crucial role of flexibility in school
achievement, fostering it in the classroom is a major
educational question. The aim of the present study is to
promote flexible categorization in mathematics with 5th
graders, and more particularly in arithmetic proportion word
problems. In order to encourage students to identify, beyond
their superficial similarities or dissimilarities, the abstract and
deep structure of problems, we conceived an educational
intervention based on comparison between proportion
arithmetic word problems. In fact, in the analogical transfer
literature, it is well established that comparing two analogous
problems (sharing the same solution path) leads to a more
abstract representation of which category the problems
belong to (Catrambone & Holyoak, 1989; George & Wiley,
2018; Holyoak, 2005; Loewenstein, Thompson, & Gentner,
1999). In the same way, fostering students to compare two
strategies to find the solution to the same problem allows
them to flexibly re-interpret the problem in such a way that
they encode the problem in a higher degree of abstraction
(Brissiaud, 1994; Gamo et al., 2010; Scheibling-Sève,
Sander, & Pasquinelli, 2017).
In accordance with these works, we postulate that
encouraging children to compare problems and to identify
their superficial and deep similarities will encourage them to
perceive the abstract mathematical structure underlying
proportion arithmetic word problems. This should help
promote flexibility in the way students perceive, categorize,
and solve the problems.

Hypotheses
We therefore hypothesized that the trained group
(experimental group) would present a higher progression
than the control group, both on categorization and resolution
tasks. More precisely, at the post-test, the trained group
should more frequently spontaneously categorize the
problems according to their structural similarities rather than
to their superficial resemblance, compared to the control
group (Hypothesis 1). Second, the experimental group should
display better post-test solving performance than the control
group (Hypothesis 2).

Method
Participants
The experiment was conducted with 10 classes of 5th
graders belonging to five elementary schools located in highpriority education networks in the Paris region. A total of 147
5th graders took part in the study (mean age = 11.4 years; SD
= 0.45). The experimental group included 77 students (40
girls). The control group included 70 students (39 girls). The
5 classes of each group were drawn from the same highpriority education network, thus indicating comparable
socioeconomic status and overall diversity. Written consent
to take part in the experiment was obtained from all the
participants' parents. The experiment was conducted during
regular school hours for both groups.

Design
To assess the effectiveness of our educational intervention,
the experiment was designed in three phases; a pretest,
followed by 8 learning sessions on multiplicative problems
(the content of which differed between the experimental and
control groups), and a post-test. The learning sessions were
of identical duration and frequency between the two groups.
The pre- and post-test were identical, the only difference
consisting in a supplementary task at the end of the post-test,
in which students were asked to create word problems
corresponding to the four problem structures that had been
taught (see Table 1).
In an effort to maximize the ecological validity of the
study, the training sessions in both groups were conducted by
the classes’ regular teachers. Prior to the study, the teachers
had been taught how to use the experiment’s educational
materials to teach their classes. The first author was in charge
of training the teachers, due to his background as an
educational advisor specialized in teacher training. The
teachers from the experimental group were introduced to the
online platform that they would have to use to conduct the
learning sessions. They were also given instructions to
mainly focus training on a better understanding of the
quaternary problems as defined by Vergnaud (1983). It
should be noted that the teachers were completely blind to the
hypotheses of our study, they did not know whether they were
in the control or in the experimental group, and they had to
follow the set timeline for each session.

Materials
Pre- and post-tests
A series of 16 problems was constructed according to the
four multiplicative structures defined by Vergnaud (1983) :
multiplication (e.g., In 1 box there are 107 sweets. I have 253
identical boxes. How many sweets do I have in total ?), firsttype division (e.g., I have 1 box of sweets to share between
24 people. It contains 72 pieces. How many sweets will each
person get?), second-type division (e.g., In 1 box I have 107
identical sweets. I have 749 sweets in total. How many boxes
can I fill?), and direct proportion (e.g., I fill 2 boxes with 30
sweets. I have 48 boxes. How many sweets do I need to fill
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them?). Each of these four multiplicative structures was
presented in four different contexts describing either sweets,
flowers, notebooks, or photo albums (see Table 1). The
length of the problems was controlled, each problem
statement shared the same number of sentences and presented
the three numerical values in the same order. In the
categorization task, each problem was printed on a card,

following Chi et al.’s (1981) experimental design. The
participants were instructed to classify the problems as they
saw fit, creating as many categories as they wished. Then, in
the problem-solving task, students were presented with an 8page booklet displaying 8 of these problems (one per page).
Students were instructed to try to solve the problems.
Problem order was randomized between participants.

Table 1: Sample problem statements belonging to the 4 relevant structures and presented in 4 different contexts
Multiplication

First type division

Second type division

Direct proportion

In 1 box there are 107
sweets.
I have 253 identical boxes.
How many sweets do I have
in total ?

I have 1 box of sweets to
share between 24 people.
It contains 72 pieces.
How many sweets will each
person get?

In 1 box I have 107 identical
sweets.
I have 749 sweets in total.
How many boxes can I fill?

I fill 2 boxes with 30 sweets.
I have 48 boxes.
How many sweets do I need
to fill them?

I buy 1 bouquet of roses for
each of my 3 children.
The bouquet costs 17 euros.
How much should I pay?

I buy 1 bouquet of 120
roses.
I pay €276.
How much does each rose
cost?

1 bouquet contains roses that
cost €3 each.
I pay €69.
How many roses are there?

I buy 3 roses in a shop.
It costs me €12.
How much do I have to pay
if I want 98 roses?

I have 1 photo album with
13 pages.
I can store 18 photos per
page.
How many photos can I
store?

I have 1 photo album.
Across 21 identical pages, I
have a total of 126 photos.
How many photos are there
on each page?

In 1 album, I put 14 photos
per page.
I have 392 photos.
How many pages are
required to store them?

I organize my photos in 3
albums.
They can fit 147 photos in
total.
How many albums are
required for 343 photos?

In my school, 1 pupil
receives 11 notebooks.
I have 228 pupils.
How many notebooks will I
hand out?

In my class 1 pupil receives
4 notebooks.
I hand out a total of 96
notebooks.
How many pupils do I
have?

For 1 row of tables, I hand
out 13 notebooks.
I have 91 notebooks.
How many rows can I
complete?

For every 3 pupils, I hand
out 24 notebooks.
There are 336 pupils in the
school.
How many notebooks do I
need in total?

Learning sessions
Learning sessions took place in 8 sessions over 4 weeks
(two 55 minutes sessions each week). Teachers of the
experimental group were given direct online access to each
lesson so they could display the educational materials onto
the interactive whiteboard. This made it possible to ensure
that the teachers could each teach the exact same lesson in
their own way. Furthermore, we had printed out a sheet for
each teacher reminding them of how to conduct the session.
This was done so that the experiment was as close as possible
to real-life conditions; the type of training and instructions
that teachers received was similar to the guidelines they
regularly receive following educational reforms. In the
control group, the learning sessions followed the regular
curriculum, using the teachers’ usual Math textbook (e.g.,
Charnay et al., 2017). These sessions were built around the
proportionality table and the “rule of three”. In the

experimental group, learning sessions were based on a
general principle of comparison between analogous problems
instead.
The first 6 sessions were focused on the comparison of
problems belonging to two multiplicative structures (i.e.,
first-type division/second-type division; multiplication/
direct proportion; multiplication/ first-type division; secondtype division/direct proportion; multiplication/second-type
division; first-type division/ direct proportion). In the last two
lessons, problems belonging to the four multiplicative
structures were compared. An equivalent number of
problems sharing or not the same surface similarities was
shown in each lesson. The aim of the experimental
intervention was to get the children to ignore the surface
similarities between the problems and identify their deep
structure.
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students who followed the textbook-based training focusing
on proportionality tables and “rule of three”.

Results
Categorization task
As in Gros et al. (2021), we used similarity analysis to
investigate the categories created by the participants. We
coded the categories created by each participant at pre-test
and post-test with a co-occurrence matrix describing how
many times two problem statements were grouped together
within the same category. We used these co-occurrence
matrices to compute 2 proximity matrices for each group,
describing the mean perceived similarity between each
problem at pre-test and post-test. These matrices provide, for
each pair of problem statements, a numerical estimation of
the frequency at which the problems were sorted together.
We calculated the mean proximity score of the 24 pairs of
problems sharing the same structure (e.g., multiplication
problem mentioning sweets with multiplication problem
mentioning notebooks) for each group and each test. At pretest, the mean proximity score for problems sharing the same
structure in the control group (m = 0.554, SD = 0.013) was
not significantly different from that of the experimental group
(m = 0.555, SD = 0.017): t(23) = 0.25, p = .805, paired t-test.
On the other hand, at post-test, the mean proximity score for
structural pairings was significantly higher in the
experimental group (m = 0.601, SD = 0.018) than in the
control group (m = 0.536, SD = 0.012)), as hypothesized
(t(23) = 17.19, p < .0001, paired t-test). Thus, the data
collected from students’ spontaneous categories supports
Hypothesis 1: the experimental group was keener to create
categories based on the problems’ structure than the control
group, which relied more heavily on surface similarities in
this task.

Solving task
To evaluate the progress of the control and experimental
groups, we looked at the increase in performance (number of
correctly solved problems) between the pre-test and the posttest (see Fig. 1). We removed from the progress analysis the
participants who were unable to participate either to the pretest or to the post-test. The analysis was performed on the
remaining 110 students. Results showed that participants in
the experimental group went from an average performance
score of 33.73% at the pre-test to an average score of 58.13%
at the post-test (t(62) =, p < .0001, paired t-test). The
participants in the control group also progressed
significantly, going from an average performance of 33.24%
at pre-test to an average of 44.41% at post-test (t(46) =, p <
.01, paired t-test). Crucially, the mean progress between pre
and post-test was significantly higher in the experimental
group (m = 24.40%) than in the control group (m = 11.17%),
t(108) =, p < .01, independent t-test.
These results support Hypothesis 2: while both groups
achieved similar performance at pre-test, the experimental
group benefited more from the 4-week training. In other
words, students who followed the learning sessions based
on comparison between analogous problems were more
likely to find the solution to the proportion problems than

Fig 1. Students’ performance in the solving task, before
and after the intervention, depending on the training group.

Discussion
This study evaluated the effectiveness of an educational
intervention targeting the understanding and solving of
proportion problems. The intervention based on comparisons
between analogous proportion problems sharing or not
surface similarities, proved successful in improving
performance both in problem categorization (Hypothesis 1)
and in problem solving (Hypothesis 2). As predicted, there
was no significant difference between the two groups’
performance at pre-test, while students from the experimental
group improved significantly more at post-test, both in their
ability to categorize the problems based on their deep
structure, and in their solving performance. In other words,
participants in the experimental group developed a higher
proficiency in proportion problem solving and they were able
to flexibly categorize the problems using a representation
with a higher degree of abstraction, moving away from the
problems’ superficial features.
These findings have important implications for pedagogical
design. Indeed, while most French math textbooks teach
about proportion problem solving by resorting to procedures
(e.g., how to use a proportionality table) and rules (e.g., “the
rule of three”), here the training focusing on problem
comparison helped students achieve higher performances.
Making comparisons helped them to see the structural
commonalities between problems sharing the same solution
principle and showed them which aspects of the problems
were relevant and which could be disregarded. We believe
that such an approach could be beneficial in other aspects of
mathematical reasoning, as well as in other fields of
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knowledge. This comparison process makes it possible for
students to learn to adopt a different point of view on the
problems they encounter, flexibly categorizing the situation
to identify the optimal way to broach and solve it. In this
perspective, a sequence of comparisons between increasingly
dissimilar problems sharing the same solution could result in
a deeper understanding of the notions at hand, similarly to
how concreteness fading (Fyfe, McNeil, Son, & Goldstone,
2014) uses examples of increasing abstraction to promote
transfer.
Another promising direction for future research may lay in
the study of the phenomenological components of the process
by which students suddenly manage to flexibly recategorize
a given problem. Indeed, recent developments in the insight
literature have brought forth new venues to coin the
subjective experience of learners going through “Aha!”
moments (e.g., Creswell et al., 2016; Laukkonen & Tangen,
2018; Webb, Little, & Cropper, 2016). “Aha!” experiences
are thought to play a crucial role in helping students
overcome their difficulties in learning mathematics
(Liljedahl, 2007), and they are said to improve learning and
memorization in general (Kizilirmak, Galvao Gomes da
Silva, Imamoglu, & Richardson-Klavehn, 2016). Thus,
identifying which training conditions lead to these feelings of
insight may bring converging evidence regarding the
relevance of similar school interventions based on flexible
categorization.
Finally, this study highlights the importance of cognitive
flexibility as a central lever of school learning, even outside
of task-switching situations. As such, characterizing the
different components of cognitive flexibility may be a key
step in designing more effective school interventions. Indeed,
while it may be argued that attentional flexibility has but a
limited influence in class, the oft-forgotten representational
flexibility appears to play a major part in the identification of
problems’ deep structure. This component of cognitive
flexibility relying on flexible categorization seems to be a
strong contender for school interventions aiming at
improving near and far transfer.
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Abstract
Although expectancy effects induced by placebo treatment are
reported to attenuate depressive symptoms in the long run,
mechanisms underlying situational dynamics are not well
understood. Improved reward learning has been discussed as a
candidate mediator for effects of positive expectancies on more
positive mood. Here, we fitted a series of Q-learning models to
measure the effect of sham antidepressant treatment vs. openlabel placebo in a probabilistic reinforcement learning task.
Treatment effects were observed mainly in those Q-learning
models justified by the task structure. Additionally,
interindividual variability remained the largest origin of
unexplained variance in predictive match across models. These
findings provide further support for the role of expectancies in
reward learning. They also highlight the need for unraveling
individual differences in cognitive mechanisms that account
for differences in reward learning, and obtaining reliable
estimates for them.
Keywords: placebo; expectation; reinforcement learning; Qlearning; computational modeling

Introduction
Reinforcement learning (RL), the process in which humans
or animals learn to make decisions in order to gain rewards,
is thought to be of significance in the development of
depression (Huys, Daw & Dayan, 2015) and particularly
anhedonia as a core symptom of depression (Pizzagalli,
2014). RL is closely linked to dopamine (DA) activities
(Dabney et al., 2020). Moreover, blunted DA signaling
within reward-associated pathways has been recently shown
to characterize depressive disorder (Belujon & Grace, 2017).
Placebo effects in the treatment of depression have been
well documented (Petrie & Rief, 2019). Antidepressant
placebo responses may accordingly be driven by positive
expectations towards a successful treatment outcome, which
contribute greatly to reducing depressive symptoms in
clinical interventions. Further, based on the notion that
placebo effects are triggered by the expectation of clinical

benefit, i.e. expectation of reward, a tight link between the
placebo effect and reward mechanisms has been highlighted
in the context of other disorders such as Parkinson’s disease
(de la Fuente-Fernández, 2009).
RL is commonly assessed by means of behavioral or
computational parameters, such as the count of collected
rewards (Schmidt et al., 2014), or algorithms incorporating
learning from prediction errors (Turi et al., 2017). The latter
is often implemented by Q-learning as a model-free
algorithm that slowly integrates trial-wise reward feedback in
order to map a reward value on a number of states. It
incorporates learning from prediction errors via learning
rates, which reflect how strong a learner adjusts its reward
expectations depending on new feedback. Q-learning has
been postulated to serve as an efficient ground for capturing
ganglio-basal reinforcement learning processes by means of
latent parameters (Frank et al., 2007). A task that has widely
been used to assess reinforcement learning this way is the
Frank task (Frank, Seeberger & O'Reilly, 2004), in which
participants have to learn from probabilistic feedback to
identify the most rewarding stimulus within different stimuli
pairs. With respect to Q-learning, this task conventionally
involves the generation and updating of one reward value per
stimulus. However, participants might only learn to
distinguish between “good” and “bad” stimuli irrespective of
individual reward probabilities, or misleadingly assume
multiple reward values per stimulus depending on prior trial
features. Differences in such strategies would result in a
varying number of learned representations leading to more
nuanced RL parameter estimates and thus, we were interested
in how different assumptions regarding reward value
generation could contribute to model participants’ RL
behavior more accurately.
Taken together, previous findings indicate that positive
expectations may enhance reward-based decision making,
and the Frank task constitutes an approved task for
elucidating this relationship. The goal of our study was
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therefore to examine if differences in induced expectations
covary with participants’ ability to learn from reward in the
Frank task. More specifically, we expected that RL learning
rates would be enhanced in the experimental group which
received antidepressant expectation, and explored to what
extent differences in the learning rate for gain (𝛼!"#$ ) and
state representations could contribute to a better explanation
of participants’ decision behavior.

Methods
Sample and Design
For this study, we re-analyzed data of 55 (7 male) healthy,
non-depressed university students, who participated for
course credits. The mean age was 21.1 years (SD = 2.4). Of
the original 56 participants, one participant was excluded
from analysis due to missing task data. The study was
approved by the Local Ethics Committee. Data and analysis
scripts were made publicly available1.
In a psychophysiological experiment, participants were
told that they took part in an open-label treatment study, in
which they would receive either an antidepressant drug
(50mg sulpiride; positive expectation), or an inactive
substance (placebo; neutral expectation). In fact, all
participants received a placebo, but the expectancy group
allocation was randomized. As an incentive, the three best
performing participants received monetary rewards. The
participants finished a Frank task, and subsequently
underwent a mood induction procedure, which is not part of
the current study.

Paradigm
We analyzed the training phase of a Frank task (cf. Frank,
Woroch & Curran, 2005) which we had adapted to
electrocardiography by extending the inter trial interval.
Three letter pairs (Japanese hiragana characters) with
different reward probabilities (0.8:0.2, 0.7:0.3, and 0.6:0.4)
were used as stimulus material. In each trial, participants had
to select either of the letters from a pair by pressing one of
two buttons. Stimuli pairs were presented until button press
(but max. 2000ms), subsequently followed by a black screen
and win or loss feedback screen (green circle or red cross) for
1000ms each. Afterwards, a resting screen with a fixation
cross appeared for 4000-5000ms. Depending on individual
task performance, which was determined by reaching a
criterion of correct decisions made per stimulus pair (at least
65%, 60% and 50% for the pairs with the highest to the lowest
difference of reward probabilities, respectively), the task
comprised two to four reinforcement learning blocks with 20
location-balanced repetitions of all stimuli pairs resulting in
60 trials per block and at least 120 trials per participant as in
the study conducted by Frank et al. (2005). After reaching
this performance criterion, participants continued with the
test phase, which required a sufficient knowledge of reward
probabilities and was not analyzed in the present study.
1

Within the first six trials, each pair was presented two times
and the reward probabilities were rounded to one and zero.
Task instructions were presented on a screen. Participants
were informed that they would be presented stimuli pairs and
that they would have to identify the more rewarding stimulus
of each pair by trial-and-error in order to maximize their
reward (points). The instructions stated that the participant
should keep choosing the more rewarding stimulus, although
it could be punished at times by losing points in case of
negative feedback. At this time, the participants were not
aware of the different proportions of reward contingencies
between different stimuli pairs.

Q-learning
We explored a series of Q-learning models differing with
regard to the number of Q-states. The aim was to investigate
if modeling an inappropriate task-structure would explain
individual differences in predictive Q-learning model fits. In
order to assess the relationship between the number of Qstates, model performance and estimated RL parameters, we
tested simplified models against a task-appropriate standard
model in the first place. These simpler models allowed for
an aggregate representation of reward within both more and
less rewarding stimuli. After observing poor average fits for
the simplified compared to the standard model, the aim was
to assess if participants might, on the contrary, have
erroneously learned a task structure that was overly complex
by taking prior extrinsic/intrinsic trial outcomes into account.
As such, preceding reward and trial accuracy 𝑎, which is
equal to one if the more probably rewarded stimulus of a pair
was chosen in a particular trial (and equal to zero otherwise),
were used to index Q-values differently resulting in two up to
four reward representations per stimulus. Lastly, the models
also varied with regard to the involvement of a group effect
on the RL parameters as well as concerning the number of Qvalues used during RL.
E6 and N6 Our standard Q-learning models E6 and N6
included six Q-states and differed with regard to the inclusion
of a group effect. Here, “E” (for “effect”) refers to the model
with a group effect and “N” to no group effect. Models were
fitted by sampling. For standard Q-value updating, we used a
dual learning rate model (see eqn. 1) with 𝑄# ∈ [0,1], 𝑖 ∈
{1,2, … ,6}, 𝑟 ∈ {0,1} and 𝛼 ∈ [0,1].Here, the learning rate
parameter 𝛼 was computed separately for reward (gain, 𝛼% )
and loss (𝛼& ) based on the reward prediction error 𝑟(𝑡) –
𝑄# (𝑡), which is the difference between received and expected
reward. Decision probability for selecting stimulus A over
stimulus B was computed using a softmax function (see eqn.
2), where 𝑃' (𝑡) ∈ [0,1] and 𝛽 ≥ 0. QA and QB denote the Qvalues of either stimulus in trial 𝑡. Decision noise is reflected
in 𝛽, i.e. large (necessarily positive) values for 𝛽 imply strong
decision noise.

http://dx.doi.org/10.17192/fdr/89
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𝑄# (𝑡 + 1) = 𝑄# (𝑡) + 𝛼% [𝑟(𝑡) − 𝑄# (𝑡)](
+ 𝛼& [𝑟(𝑡) − 𝑄# (𝑡)])
𝑃' (𝑡) =

𝑒

*! (,)
.

*! (,)
𝑒 .

+

*" (,)
𝑒 .

(1)

(2)

RL parameters 𝜃, i.e. 𝛼 (gain and loss) and 𝛽, of participant
𝑗 were computed with the constraint of a normal distributed
group-level parameter 𝜇/ and group-independent parameter
variance 𝜎/ . If a group-effect (“E”) model was fitted, 𝜇/ was
the group-level parameter of the placebo condition, and a
group effect term 𝛿/ ∗ 𝑆𝑢𝑙𝑝𝑖𝑟𝑖𝑑𝑒# was added with
𝑆𝑢𝑙𝑝𝑖𝑟𝑖𝑑𝑒# ∈ {0,1}:
𝑙𝑜𝑔𝑖𝑡I𝛼0 J ∼ 𝑁𝑜𝑟𝑚𝑎𝑙I𝜇1 + 𝛿1 ∗ 𝑆𝑢𝑙𝑝𝑖𝑟𝑖𝑑𝑒0 , 𝜎1 J

𝑄# (𝑡): 𝑖 = 𝑖(𝑝, , 𝑎,)3 ) ⇒ 𝑖 ∈ {1,2, … ,12}
𝑄# (𝑡): 𝑖 = 𝑖(𝑝, , 𝑎,)3 ) ⇒ 𝑖 ∈ {1,2, … ,12}
In the E24 model, accuracy and reward gated the trial-wise
Q-value updating simultaneously resulting in 24 Q-states:

𝑙𝑜𝑔I𝛽0 J ∼ 𝑁𝑜𝑟𝑚𝑎𝑙I𝜇. + 𝛿. ∗ 𝑆𝑢𝑙𝑝𝑖𝑟𝑖𝑑𝑒0 , 𝜎. J

𝑄# (𝑡): 𝑖 = 𝑖(𝑝, , 𝑎,)3 , 𝑟,)3 ) ⇒ 𝑖 ∈ {1,2, … ,24}

𝜇/ ∼ 𝑁𝑜𝑟𝑚𝑎𝑙(0,100)

Since the decision likelihood of trial t depended on a valid
trial t-1, initial trials without preceding trials were skipped
for parameter estimation and simulation of models with
more than six Q-states.

𝜎/ ∼ 𝑈𝑛𝑖𝑓𝑜𝑟𝑚(0,100)
𝛿/ ∼ 𝑁𝑜𝑟𝑚𝑎𝑙(0,1)
Initially, models E6 and N6 were computed. In a second step,
we tried to reduce model complexity by reducing the number
of Q-states allowed for parameter estimation with the goal to
analyze if a simpler model would perform equally in this task.
E2 and N2 We defined a simplified model, which consisted
of only two Q-states for more (reward probability 0.8 to 0.6)
and less frequently (reward probability 0.4 to 0.2) rewarded
stimuli, respectively. In other words, this model assumes that
the learner assigns the same Q-value to all stimuli that are
expected to yield more (or less) reward than the alternative
stimulus in a given trial. Since we do not have direct access
to the learner’s beliefs, we use trial accuracy as a proxy in the
model. Thus, trial accuracy a indexed the Q-state 𝑖:
𝑄# (𝑡): 𝑖 = 𝑖(𝑎), 𝑎 ∈ {0,1} ⇒ 𝑖 ∈ {1,2}
E6B and E6B1 At the level of six concomitant Q-states, we
also asked if participants might stick to their initial selections
by introducing a moderate (E6B) to strong (E6B1) initial bias
rewarding the first selection of each pair 𝑝:
𝑄# I𝑡2 = 1J: 𝑄# = 0.5, 𝑝 ∈ {1,2,3}
𝑄# I𝑡2 = 1J: 𝑄# = 1, 𝑝 ∈ {1,2,3}
Thus, when the three stimuli pairs were presented for the first
time, the first Q-value of the selected stimuli was fixed to
𝑄# = 0.5 in the E6B model, and to 𝑄# = 1 in the E6B1 model.
2

E12S, E12R and E24 Furthermore, we wanted to investigate
whether participants had adopted an overly complex
representation of the task structure by indexing Q-values by
the outcome of the previous trial in addition to the stimulus
identity. Such a model would ultimately result in a poor
predictive match of the E6/N6 model, since the latter could
not capture reward history information in the Q-states.
Hence, we designed models with two (E12) or four (E24)
possible Q-states per stimulus as a consequence of accuracy
and reward of the previous trial. In the E12 models, accuracy
𝑎 (E12S) or reward 𝑟 (E12R) indexed the Q-state 𝑖:

Parameter Estimation and Predictive Match
As a measure for model performance, we used the predictive
match of stimulus choices on the data set used for fitting, i.e.
the match between participants’ and models’ selection in all
individual trials. We define the predictive match as a measure
of agreement between model and participant regarding trial
accuracy, i.e. the percentage of trials per participant, in which
model and participant selected the same stimulus, and
therefore achieved the same accuracy within a trial. We fitted
all models in parallel using the RStan (Stan Development
Team, 2021) package in R (version 4.1.2; R Core Team,
2021) on an AMD Threadripper 2990WX. As a likelihood
function for model fitting, we used the model decision
probability (see eqn. 2) evaluated at participants’ actual
choices. Markov chain Monte Carlo sampling was performed
using four chains with 6000 warm-up iterations and
additional 6000 iterations of sampling. The target average
acceptance probability was set to .99 and the maximum tree
depth was restricted to 15 units. Analysis scripts were
provided by Turi et al. (2017)2 and adapted to the purpose of
our study.
Single-trial decisions were predicted through re-running
Q-learning with the individual posterior means of the
sampled RL parameters θX4 on individual trial-by-trial data
used for model fitting. Since the model decisions rely on
random uniform sampling (0 or 1) in case of equal decision
likelihoods between two stimuli of the same pair, we iterated
the predictive match computation 25-times and took the mean
as a predictive estimate.

https://github.com/ihrke/2016-placebo-tdcs-study
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Figure 1: The learning curves illustrate the likelihood (top row) of selecting a stimulus (colored lines) as well as the expected
value of reward (Q-value; bottom row) of each stimulus over the course of the training phase of the Frank task (x-axis). The
higher the value (y-axis), the more likely a stimulus is chosen and the higher is the subjective reward probability. Stimulus
means the indexed (discrete) Q-state. Note that in case of models with two Q-states, each graph represents the subjective
reward probability of either “good” or “bad” stimulus category, whereas in the models with more than six Q-states, each
stimulus consists of multiple subjective reward probabilities depending on previous intrinsic and/or extrinsic trial outcomes.

Statistical Analysis and Results
For statistical analysis, R (version 4.1.0; R Core Team, 2021)
was used. All reported confidence intervals (CI) represent the
95%-CI.

Predictive Match
A hierarchical linear mixed-effect regression was performed
to capture the variance of predictive match explained by
model differences while accounting for individual
differences. The predictive match was regressed onto model
type as fixed effect and participants as random effect. The
mixed-effect model was compared against an intercept-only
random effects model using the Likelihood Ratio Test (LRT).
For this purpose, the mixed models were estimated using
maximum likelihood. Model E6 served as reference. The
LRT revealed a significant contribution of model type to the
model fit (𝜒 5 (8) = 66.24, p < .001). On average, all models
comprising more or less than six Q-states performed worse
than the E6 model. Notably, 94.5% of the variance was
accounted for by individual differences, whereas the model
type explained 0.7% of the variance in predictive match.
Learning curves and predictive matches for all models are
depicted in Fig.1 and Fig.2 (top row), respectively. In our

sample, average predictive matches of the top three models
E6 (β6 = 75.6, CI = [71.86, 79.30]), N6 (β = -0.05, CI = [1.19, 1.08]) and E6B (β = -0.07, CI = [-1.21, 1.07]) were
nearly identical. E6B1 (β = -0.95, CI = [-2.09, 0.18]) and
E12S (β = -1.65, CI = [-2.78, -0.51]) achieved a match of
74.6% and 73.9%, respectively. N2 (β = -1.91, CI = [-3.04, 0.77]) and E2 (β = -1.91, CI = [-3.05, -0.78]) performed equal
(73.7%). The worst match was obtained for E24 (72.7%) and
E12R (72.4%). Given that the predictive matches exhibit
large variability, we took a closer look at the best performing
model for each participant. Although deviations from the
standard model resulted in lower mean predictive matches,
both biased models (E6B and E6B1), the more complex E12S
model as well as the simplified N2 model showed a higher or
least same number of cases in which each model performed
the best compared to all other models (Fig.2; middle row).
The E2 model showed the highest mean predictive match in
the cases where it outperformed all other models for a
participant (Fig.2; bottom row). Furthermore, these cases
were relatively frequent, see middle row of Fig.2.
We further asked to what extent the individuals’ best
explaining models could contribute to an overall
improvement in predictive accuracy. When averaging over
the highest predictive matches per participant, the E6 model
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Figure 2: Predictive model performance. Mean predictive
matches per participant (horizontally jittered dots) and
model (bold dots) are illustrated in the top row. The middle
row shows the number of cases (i.e. the count) in which a
particular model outperformed all other models. The bottom
row depicts the mean predictive match per model in these
cases.
could be outperformed by 1.9% with a mean predictive match
of 77.5%. Notably, when contrasting the decision outcomes
of models and participants in terms of collected reward, the
models consistently outperformed participants irrespective of
the adjustments that were made to the Q-learning formula.
Descriptively, participants were rewarded in 58.5% of their
performed trials, whereas on average, model predictions on
the same data achieved reward in 64% (E24) up to 69% (N2)
of the trials, therefore signaling overestimation of the
predicted reward.

Figure 3: Distributions of sampled group effects per model
on logit-scale for 𝛼!"#$ in the top figure. The bottom figure
shows the regression-predicted 𝛼!"#$ transformed to
original scale per model type and expectancy group.
on 𝛼!"#$ in these model types, whereas the other model types
are predicted to show the same strength in group effect
according to the regression results depicted in Tab.2.
Regarding the size of 𝛼!"#$ , the coefficients involving both
models with initial bias (E6B and E6B1) translate to a
numerically higher overall 𝛼!"#$ , whereas, in contrast, the
simplified model (E2) features a numerically lower overall
𝛼!"#$ as depicted in Fig.3 (bottom).
Remarkably, the three most rewarded participants were
best described by models with only two Q-states. The
individual reward count relative to the trial count was the
highest in participants performing best under the E2 model
(63.3%), followed by E6 (60.2%), E6B (60.0%), E6B1
(58.0%), E24 (55.8%), E12S (55.8%), E12R (47.3%).

Discussion

Learning Rate
A linear mixed-effect regression with model type and
expectancy group as interacting fixed effects and participants
as random effect was performed to assess how the size of the
expectancy effect regarding 𝛼!"#$ differs across model types.
Group and model type were referenced to the placebo
condition and E6 model, respectively. Residual maximum
likelihood estimation was applied to the mixed model.
The results are illustrated in Tab.1. Density curves for modeldependent expectancy effects on 𝛼!"#$ are shown in Fig.3
(top). A total of 10.1% of the overall variance in 𝛼!"#$ can be
explained by individual differences, whereas 67.8% is
explained by the fixed effects. Overlap of the 95% confidence
intervals of the marginal means for the model types with
significant group interaction terms (E2: [-3.58, -2.93] and [3.48, -2.76]; E12S: [-1.66, -1.01] and [-1.18, -0.46]; E24: [1.20, -0.55] and [-0.79, -0.08]) indicate no expectancy effects

Our aim was to test for antidepressant expectancy effects on
a computationally obtained estimate for reward learning and
to explore different Q-learning model structures in order to
improve predictive model performance. For this purpose,
participants were allocated to two groups that differed
regarding verbal instructions on treatment efficacy (openlabel placebo vs. sham antidepressant). We observed a robust
expectancy effect on the 𝛼!"#$ mainly across models
involving six Q-states, and a rather small account of the
conducted model adjustments in explaining variance of the
predictive match. Given that E6 is the model with the highest
predictive match on average, and given that this model is the
best match to the task structure, the average participant
behaved like an ideal learner, and the presence of a positive
antidepressant treatment expectation was observed. Even
though the average participant was ideal in terms of learning
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Table 1: Results of linear mixed-effect regression for logitspace 𝛼!"#$ . Kenward-Roger approximation was used for pvalue computation.
𝛼!"#$ (𝑙𝑜𝑔𝑖𝑡)
Predictors

Estimates

CI

p

(Intercept)

-1.41

-1.74 – -1.08

<0.001

E2

-1.84

-2.23 – -1.46

<0.001

E6B

1.40

1.02 – 1.78

<0.001

E6B1

2.07

1.69 – 2.45

<0.001

E12S

0.08

-0.30 – 0.46

0.692

E12R

0.22

-0.16 – 0.60

0.263

E24

0.53

0.15 – 0.91

0.006

Sulpiride

1.13

0.64 – 1.61

<0.001

E2 * Sulpiride

-0.99

-1.56 – -0.43

0.001

E6B * Sulpiride

-0.44

-1.00 – 0.13

0.129

E6B1 * Sulpiride

0.05

-0.52 – 0.62

0.860

E12S * Sulpiride

-0.61

-1.18 – -0.05

0.034

E12R * Sulpiride

-0.32

-0.89 – 0.25

0.268

E24 * Sulpiride

-0.69

-1.25 – -0.12

0.018

Random Effects
σ2

0.57

τ00 subj

0.26

ICC

0.31

N subj

55

Observations
Marginal
R
Conditional R2

385
2

/

0.678 / 0.779

the task structure, there was a notable fraction of participants
that gained more reward, and were better described by a
model that was much simpler than the correct model for this
task. We observed the lowest marginal means for 𝛼!"#$ in the
simplified model (E2) and the highest in the biased models
(E6B/E6B1). Expectancy effects were only observed in
models with a sufficient amount of 𝛼!"#$ , indicating that
expectancy manipulation only worked in those participants
showing at least some RL capabilities. To our surprise,
participants performing under the E2 model received the
most rewards relative to their counts of performed trials. This
indicates a low 𝛼!"#$ that is constant throughout the task to
be highly adaptive to the Frank task. Contrary to the simple

learners, high learning rates in participants with biased initial
decisions may point at the necessity of quickly relearning
reward values after realizing that the initial reward
expectations were inappropriate. Models with time-based RL
parameters considering contextual changes and exploring
further unintended task learning structures would advance the
understanding (cf. Eckstein, Wilbrecht & Collins, 2021).
In the same regard, as the predictive match varied strongly
between participants, the appropriateness of plain vanilla Qlearning as a description of observable behavior clearly
differed between individuals. This raises the need for
integrating different sources of reward value generation into
reinforcement learning approaches for cognitive modeling.
Some of the performed model adjustments could map such
relationships as for example the biased models. Decisions
within a probabilistic RL task may be biased by taskindependent weights, as for instance task instructions (Doll et
al., 2009). In our study, participants were advised to stay with
the more rewarding stimulus, although it may have not been
rewarded at times. Therefore, in a reasonable number of
participants, such an instruction could have been represented
as initial Q-value bias. Future approaches could aim at
parametrizing the initial bias probabilistically such that
instead of working with fixed values as in our study, the bias
would be estimated using sampling methods.
The treatment effect observed in the current study is in line
with previous findings of enhanced 𝛼!"#$ via expectancydriven placebo intervention (Turi et al., 2017). Analogous to
this, we used verbal instructions to modulate expectations,
but without controlling for baseline performance. More
positive expectations are also thought to enhance DAmediated RL (de la Fuente-Fernández, 2009). Taken together
with the proposed blunted RL in anhedonia, treatments with
the aim of facilitating anhedonia may want to consider
enhancing striatal DA activity by the use of contextual factors
similar to expectancy enhancement in order to trigger striatal
DA activity and thereby improving RL as the potential origin
of symptom development. This could comprise instructions,
whereas the direct neural target of such instructions remains
unclear. A possible mechanism might rely on the induction
of uncertainty (Tobler, Fiorillo & Schultz, 2005), which is
thought to evoke tonic DA activation and was proposed to
facilitate learning (Monosov, 2020).
Taken together, the present results shed light on
converging evidence for the strength of expectation effects
on reward learning, and suggest that the role of DA in RL
mechanisms via induction of antidepressant expectation
holds additional potential for improving a part of depressive
conditions. The link between expectancy effect and reward
processing could especially be of importance for a better
understanding and development of clinical interventions.
Furthermore, we conclude that a large proportion of
interindividual variability in model-free reward learning
could not be accounted for by restricting or extending the
number of reward representations allowed per stimulus,
which shifts the focus to other promising sources of reward
value generation.

1586

Acknowledgements
This work was supported by the DFG SFB-TRR 289
„Treatment Expectation“, project A07 (project number
422744262), and “The Adaptive Mind”, funded by the
Excellence Program of the Hessian Ministry for Science and
the Arts.

References
Belujon, P., & Grace, A. A. (2017). Dopamine System
Dysregulation in Major Depressive Disorders.
International Journal of Neuropsychopharmacology,
20(12), 1036–1046. https://doi.org/10.1093/ijnp/pyx056
Cooper, J. A., Arulpragasam, A. R., & Treadway, M. T.
(2018). Anhedonia in depression: biological mechanisms
and computational models. Current Opinion in Behavioral
Sciences,
22,
128–135.
https://doi.org/10.1016/j.cobeha.2018.01.024
Dabney, W., Kurth-Nelson, Z., Uchida, N., Starkweather, C.
K., Hassabis, D., Munos, R., & Botvinick, M. (2020). A
distributional code for value in dopamine-based
reinforcement learning. Nature, 577(7792), 671–675.
https://doi.org/10.1038/s41586-019-1924-6
de la Fuente-Fernández, R. (2009). The placebo-reward
hypothesis: dopamine and the placebo effect.
Parkinsonism & Related Disorders, 15, S72–S74.
https://doi.org/10.1016/S1353-8020(09)70785-0
Doll, B. B., Jacobs, W. J., Sanfey, A. G., & Frank, M. J.
(2009). Instructional control of reinforcement learning: A
behavioral and neurocomputational investigation. Brain
Research,
1299,
74–94.
https://doi.org/10.1016/j.brainres.2009.07.007
Eckstein, M. K., Wilbrecht, L., & Collins, A. G. (2021). What
do reinforcement learning models measure? Interpreting
model parameters in cognition and neuroscience. Current
Opinion in Behavioral Sciences, 41, 128–137.
https://doi.org/10.1016/j.cobeha.2021.06.004
Frank, M. J., Moustafa, A. A., Haughey, H. M., Curran, T.,
& Hutchison, K. E. (2007). Genetic triple dissociation
reveals multiple roles for dopamine in reinforcement
learning. Proceedings of the National Academy of Sciences
of the United States of America, 104(41), 16311–16316.
https://doi.org/10.1073/pnas.0706111104
Frank, M. J., Seeberger, L. C., & O’Reilly, R. C. (2004). By
carrot or by stick: Cognitive reinforcement learning in
Parkinsonism.
Science,
306(5703),
1940–1943.
https://doi.org/10.1126/science.1102941
Frank, M. J., Woroch, B. S., & Curran, T. (2005). Errorrelated negativity predicts reinforcement learning and
conflict
biases.
Neuron,
47(4),
495–501.
https://doi.org/10.1016/j.neuron.2005.06.020
Huys, Q. J. M., Daw, N. D., & Dayan, P. (2015). Depression:
A Decision-Theoretic Analysis. Annual Review of
Neuroscience,
38(1),
1–23.
https://doi.org/10.1146/annurev-neuro-071714-033928
Monosov, I. E. (2020). How Outcome Uncertainty Mediates
Attention, Learning, and Decision-Making. Trends in
Neurosciences,
43(10),
795–809.

https://doi.org/10.1016/j.tins.2020.06.009
Petrie, K. J., & Rief, W. (2019). Psychobiological
Mechanisms of Placebo and Nocebo Effects: Pathways to
Improve Treatments and Reduce Side Effects. Annual
Review
of
Psychology,
70(1),
599–625.
https://doi.org/10.1146/annurev-psych-010418-102907
Pizzagalli, D. A. (2014). Depression, Stress, and Anhedonia:
Toward a Synthesis and Integrated Model. Annual Review
of
Clinical
Psychology,
10(1),
393–423.
https://doi.org/10.1146/annurev-clinpsy-050212-185606
R Core Team. (2021). R: A language and environment for
statistical computing (4.1.0). R Foundation for Statistical
Computing. https://www.r-project.org/
Schmidt, L., Braun, E. K., Wager, T. D., & Shohamy, D.
(2014). Mind matters: placebo enhances reward learning in
Parkinson’s disease. Nature Neuroscience, 17(12), 1793–
1797. https://doi.org/10.1038/nn.3842
Stan Development Team. (2021). RStan: the R interface to
Stan (R package version 2.21.3).
Tobler, P. N., Fiorillo, C. D., & Schultz, W. (2005). Adaptive
Coding of Reward Value by Dopamine Neurons. Science,
307(5715),
1642–1645.
https://doi.org/10.1126/science.1105370
Turi, Z., Mittner, M., Paulus, W., & Antal, A. (2017). Placebo
Intervention Enhances Reward Learning in Healthy
Individuals.
Scientific
Reports,
7(1),
41028.
https://doi.org/10.1038/srep41028

1587

Evidence for Dynamic Consideration Set Construction in Open-Ended Problems
Jonas Nelle (jonasnelle@college.harvard.edu)
Department of Psychology, 33 Kirkland St.
Cambridge, MA 02138 USA

Fiery Cushman (cushman@fas.harvard.edu)
Department of Psychology, 33 Kirkland St.
Cambridge, MA 02138 USA

Abstract

be especially high in value, as compared to prior actions that
were considered but rejected. This signature is quite intuitive,
since the algorithm generates options just until a sufficiently
good one is identified. Next, we show empirically that people exhibit this signature during decision-making. We conclude by considering the further steps necessary to develop a
unified model decision making: one that fully integrates the
processes of option generation and evaluation.

Many decision problems can be divided into three parts: Generating a set of options to consider, evaluating them, and
choosing the best. Prior models often assume that the “consideration set” is established in a single step prior to evaluation.
Alternatively, people may dynamically and continually assess
whether to expand the consideration set based on the quality of
the actions considered so far. We use modeling to derive a signature property of dynamic consideration set construction and
then demonstrate it in two experiments on human participants.
Keywords: consideration; decision making; option generation

Model

Introduction
In “open ended” decisions, such as what to eat for dinner, we
cannot feasibly consider every possible action (Smaldino &
Richerson, 2012). Rather, we evaluate a subset of the available actions. How is this “consideration set” constructed?
Much prior work models consideration set construction as
a single, pre-deliberative event (Gettys et al., 1987; Morris et
al., 2020; Hauser, 2014; Hauser & Wernerfelt, 1990; Kaiser
et al., 2013). First a set of options is defined, next each is
evaluated, and finally the best is chosen. It is a common experience, however, to have evaluated some options, found none
satisfying, and thus generated some more for evaluation. The
advantages of this “dynamic” strategy are clear: It makes full
use of all available information prior to each expansion of the
consideration set, rather than pre-committing to the set that
seems most advantageous ex ante.
A recent study by Callaway et al. (2022) provides suggestive evidence of dynamic consideration set construction. Participants explored a graphical representation of a decision tree
by using their mouse to reveal the payoffs at various nodes
before settling on a final sequence of actions to execute. The
process of node exploration was best described by an optimal
model of information search. This model includes both dynamic evaluation of which nodes to search, and also dynamic
evaluation of when to terminate search. Our work is similar
in spirit, focusing specifically on termination. It extends prior
work by investigating spontaneous and fully internalized cognitive search, rather than an externalized analog.
First, following prior work (Sezener et al., 2019; Morris et
al., 2020; Callaway et al., 2022), we build a model of dynamic
consideration set construction. Next, we use this model to
demonstrate a key empirical signature of dynamic consideration set construction: The final action considered tends to

We take as our starting point a recent model of value-based
consideration set construction (Morris et al., 2020). An agent
must choose between a large but finite set of actions. She has
available a noisy representation of each action’s value. For
each, she can derive a precise representation of its value, but
this takes time. The more she deliberates the better able she
is to choose the best option. But, deliberation carries an opportunity cost: Time spent deliberating delays the next choice
and its reward. The key question is how she can balance these
factors in order to maximize expected reward.
Prior work assumed a “static” model of consideration set
construction: An agent defines her full consideration set prior
to deliberation, next evaluates all actions in that set, and finally chooses the best (Kaiser et al., 2013; Smaldino & Richerson, 2012; Morris et al., 2020). We contrast this with a
“dynamic” model in which she can deliberate over each item
introduced into the consideration before deciding whether to
make an immediate choice, or whether instead to expand the
consideration set. Our simulation has two goals. First, we explore when, and to what extent, the dynamic model achieves
its greatest advantage over the static model. Second, we identify unique behavioral signatures of each model that guide our
subsequent experiments.
The code for these simulations is available at https://
github .com/jonasalexander/thesis. The agent must
choose one of N different possible actions {A1 , . . . , AN }. Each
is associated with an approximate representation of its true
value V̂i = Vi + ε, where Vi is the true value and ε is Gaussian
noise. (One might interpret this as a model-free or contextfree value representation, which is often thought to be an easily retrieved but imprecise estimate). σ2 is the variance of
the noise, ε ∼ N(0, σ2 ). τ2 is the variance across actions, i.e.
V̂ ∼ N(µ, τ2 ).
The agent can enter actions into her consideration set CS
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stochastically, in order of decreasing V̂i . This process is instantaneous. But, every action entered into the consideration
set must be evaluated, which has some cost c ≥ 0 (opportunity
cost, metabolic cost, etc.). Upon evaluation, the agent learns
the precise value of the action Vi . At any time the agent may
choose to perform an action in her consideration set, in which
case she earns value Vi associated with the chosen action Ai .
Unlike other models, in which Vi is estimated by accumulating noisy unbiased samples (e.g. Callaway & Griffiths
(2019)), in our case the agent learns the exact value of the
action Vi in one step. Following Morris et al. (2020), we do
this for simplicity, but the key insights of our model are easily extended to an accumulator architecture where repeated
evaluation of each option is possible.
Static Agent Static agents first generate and then evaluate a
fixed number of options. Specifically, they construct a set of
the K actions with the highest V̂ , evaluate all of them at cost
K × c, and choose the best. This class of agents is identical to
those described in Morris et al. (2020) and also includes takethe-first heuristic agents (Johnson & Raab, 2003) as a special
case for K = 1.
Dynamic Agent Alternatively, the dynamic agents adjust
the size of their consideration set based on the options already
evaluated. Following prior work (Callaway et al., 2022), we
construe information search as a Markov Decision Problem
(MDP) and approximate its solution by Monte Carlo methods. We do not, however, consider this a psychologically
plausible model of human decision-making. Rather, we use it
to derive empirical signatures of static versus dynamic mechanisms under idealized assumptions.
Because the dynamic agent cannot make a choice without constructing a consideration set of at least one item, the
general problem she faces is whether to choose the current
best item in her consideration Vib = argmaxiV (Ai ∈ CS), or
whether instead to consider more options.
To start in the simplest case, an agent who has evaluated
all options except for the last one (N − 1 options evaluated)
faces the following choice:
(
b
VN−1
(1)
b ,V ) − c
max(VN−1
N
b
In words, the agent can either choose VN−1
(thereby terminating search), or can evaluate the next option and potentially
find a higher-value one (but will never choose a worse option,
b ,V )). Thus, if the agent has evaluated N − 1
hence max(VN−1
N
options, she will evaluate the last option iff
b
b
E[max(VN−1
,VN )|V̂N ] > VN−1
+c
b ,V ) is conditioned on V̂
The expected value of max(VN−1
N
N
because in our model this value is known to the agent. The
expectation term can be partitioned into the case where the
agent falls back on a previous better action and the case where
the last action ends up having the highest utility:
b
E[max(VN−1
,VN )|V̂N ]

Z ∞

=
x=−∞

b
max(VN−1
, x) Pr[VN = x|V̂N ] dx

b
b
= Pr[VN ≤ VN−1
|V̂N ]·VN−1
+

Z ∞
b
x=VN−1

Pr[VN = x|V̂N ]·x dx (2)

If we recurse back the the ith decision, we have the following choice:

V b
i
(3)
max(Vib − c, max V j − ( j − i) · c)
i< j≤N

where the second term is V e :

Vie = max Vib − c, max V j − ( j − i) · c
i< j≤N

V e,

Calculating
the expected value of continuing to evaluate more actions, is difficult. There is no simple analytical solution for V e because each of the actions have different values
of V̂ . In fact, this is the most mathematically significant difference between our approach and sequential search/optimal
stopping (“secretary”) problems with recall, which assume a
constant mean for all options (Ferguson, n.d.; MacQueen &
Miller, 1960). Similar to these formalizations, we model this
as an MDP where the actions correspond to cognitive operations the agent can perform and the states are defined by the
value of the best action so far (V b ) and of the next option
(V̂i+1 ) (Callaway et al., 2022). Unlike similar models that
myopically compare termination to evaluating just one more
option (Gabaix & Laibson, 2005), our model looks ahead to
arbitrary depth.

Results
Results are averaged across different parameter settings in order to ensure robust conclusions, as in Morris et al. (2020).
Parameters were chosen to be ecologically plausible, to illustrate the key characteristics of the static and dynamic agents,
and to be comparable to existing literature. We let N vary
from 10 to 100 actions N = [10, 20, 50, 100]. The cost of evaluation c ranged from from 0.1 to 10 c = [0.1, 0.2, 0.5, 1, 5, 10],
which leads to consideration set sizes in line with empirical
estimates of 1-20 (Hauser & Wernerfelt, 1990; Johnson &
Raab, 2003). The standard deviation between actions τ varies
from 0.5 to 3 (τ = [0.5, 1, 3]), and the level of noise σ applied
to V̂ varies from 0.5 to 100 (σ = [0.5, 1, 3, 5, 7, 10, 50, 100]).
We repeated this setup for 100 trials per parameter combination, and the agent took 1000 samples to approximate the
empirical distribution of max(V b ,V ) for not yet evaluated V
and current best value, V b .
Dynamic Dominance The first key result of our simulations is that the dynamic agent achieves meaningfully better
outcomes than the static agent. The size of this advantage depends on the parameter settings. We focus on two especially
important factors: σ (the noise applied to V̂ ) and c (the cost
of evaluation).
The dynamic agent’s advantage is greatest in situations
where cognitive search is inefficient (figure 1), i.e. σ is large
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(relative to τ). Intuitively, when an agent can reliably retrieve
the best action in a single step (i.e. σ ≪ τ and in the extreme
case σ = 0), the optimal consideration set has size K = 1 for
both the dynamic and static model. In this case, the dynamic
agent cannot achieve better performance than the static agent.
As the process of value-guided consideration becomes noisier, there is increasing advantage in terminating search flexibly based on the quality of the options considered so far.
However the dynamic advantage starts to decrease again at
the other extreme: When σ grows too large relative to τ, consideration becomes random. There is no more information in
V̂ about V , which degrades the ability of the dynamic agent
to accurately predict values of as-yet unconsidered options.
Though the advantage decreases, the dynamic agent still performs better because it is able to flexibly terminate search
based on the values of actions already evaluated.

Figure 1: The dynamic advantage as a function of σ. To facilitate comparison, values are normalized so that expected
value of static evaluation is always 0 (for all σ), and the maximum expected value across settings of σ is set to 1. At σ = 0,
the static agent and the dynamic agent achieve equivalent performance (both evaluate 1 option, which is guaranteed to be
the best). The dynamic advantage grows with σ until, at extremely large values of σ, the relative advantage decreases
again.
The dynamic model also shows the greatest relative advantage for intermediate action costs (figure 2). At the extreme
of c = 0, the optimal agent evaluates all options exhaustively,
i.e. K = N. On the other hand, when the cost is very high,
very small consideration sets are strongly favored because the
cost of evaluation outweighs the potential benefits of potentially finding a better option. At the extreme as c → ∞, the
optimal agent has K = 1. In between, for intermediate action
costs, consideration sets of intermediate size are advantaged
and the dynamic agent’s strengths are most rewarded.
Signatures of Dynamic and Static Processes In order to
empirically distinguish static from dynamic consideration set
construction, we need distinctive signatures of each process.
We demonstrate that a robust signature is the relative value of
considered options as a function of their serial position in the

Figure 2: The dynamic advantage as a function of c. To facilitate comparison, values are normalized so that expected value
of static evaluation is always 0 (for all σ), and the maximum
expected value across settings of σ is set to 1. As c → 0,
the static and dynamic agent achieve optimal performance by
exhaustively evaluating all options. As c grows larger, both
agents evaluate less options and the returns to being able to
dynamically construct consideration sets grows. At extremely
large values of c, the relative advantage decreases again because it is rarely favorable to evaluate more than one option.
consideration process.
Both classes of agents evaluate options in the descending order of V̂ , prioritizing early consideration of the most
promising candidates. One might expect that the average
value of considered options would monotonically decrease
with serial order. This is indeed the case for the static agent.
Thus, for the static agent, the K th option (the last one evaluated) will tend to have lower value than preceding options.
This is not, however, the case for dynamic agents. Rather,
the last option the dynamic agent evaluates tends to be higher
in value than the previous options, because the dynamic agent
is more likely to halt the decision process after having considered a particularly good option. Intuitively, this captures
the essential property of the dynamic agent: if it considers a
particularly good option, it can terminate the search process.
Conversely, if the options evaluated so far are disappointing,
the dynamic agent can keep searching.
The dynamic model thus yields unique predictions when
comparing it to the static model (figure 3). We exploit this in
our experiments on human participants.

Experiments
We conducted two experiments in order to determine whether
people dynamically construct consideration sets sensitive to
the value of the candidate actions they have considered so
far. The first of these experiments involved a reanalysis of
data collected for and published in a prior study (Morris et
al., 2020). The second provided a conceptual replication
and extension of these results. Unlike previous experiments
(Sezener et al., 2019; Callaway et al., 2022), our experiments
did not externalize the cognitive search process but rather
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Figure 3: When simulating the considerations sets generated
by the dynamic model over a range of parameter settings, we
find that, on average, the probability of terminating evaluation
at a given an option increases with its value. For a fixed k =
5 agent the probability of terminating evaluation at a given
option decreases with its value. This is because the agent
tends to consider better items first. Here we adopt the exact
parameter settings from Morris et al. (2020), performing 10
simulations per setting.

statistically significant, even if we retain them.
We performed two complementary statistical tests on the
data. First, we conducted a logistic regression predicting
whether or not, following the recall and evaluation of a given
word, participants continued cognitive search or instead terminated it (presumably by choosing the best word yet evaluated). The model’s predictor was the value of the most recently recalled word. We also included order as a fixed effect in the logistic model in order to rule out its effects as
separate from the value itself. A limitation of this approach,
however, is that it treats a successive series of decisions by a
participant as independent events. Contrary to this assumption, of course, there can be only one termination decision
for any given sequence of considered options. To account
for this feature of the data we also fit a Cox Proportional
Hazards model. For both tests, we found statistically significant results that confirmed our hypothesis (Logistic regression: β = 0.08 ± 0.01, p < 0.001; Cox proportional hazards:
HR = 1.07[1.05, 1.08], p < 0.001 ).

sought to measure the natural, internal consideration set construction processes.

Experiment 1
In the relevant part of Morris et al. (2020), N = 811 participants were recruited on Amazon Mechanical Turk and given
25 seconds to name the month of the year the third letter
of which, when spelled in English, is closest to “z”. After
providing their answer, participants were asked to list every
month that came to mind—i.e., to report their consideration
set. They were asked to list these months in the order that
they evaluated them.
While not truly open-ended, limiting the set of total options to the 12 months allowed us to conduct much more rigorous analyses of participants’ decision processes. Moreover,
we know that few participants evaluated all options (1.7% for
Experiment 1 and 10.7% for Experiment 2), so the problem
of consideration set construction does in fact arise. Finally,
we explicitly set up the task so that no answer was perfect, so
participants would always plausibly believe that they could
improve their expected point total by investing in further cognitive search.
14 percent of participants in this experiment considered
months in a strictly chronological order (“January”, “February”, “March”, etc.), presumably due to familiarity and ease
of retrieval. We excluded these participants from the analysis
presented here (and we also adopted all the original exclusions of Morris et al. (2020) for other comprehension reasons), but the qualitative results are unchanged, and remain

Figure 4: Probability of terminating evaluation at a given option, as a function of that option’s value, for Experiment 1.
Although our analysis suggests that participants used a dynamic process to construct and update their consideration set,
this experiment has some notable limitations. First, the tendency to consider months in chronological order is an idiosyncratic feature of the experiment orthogonal to the prediction of the static and dynamic models. Even though we
removed all participants that considered options in a strictly
chronological order, many more considered words in a partly
chronological order. For instance, 31 percent of participants
considered January first, more than the 8 percent one would
expect at random. Second, the distribution of value (i.e., distances of third letters from z) is quite irregular. Our second
experiment was designed to avoid these concerns.

Experiment 2
Experiment 2 was modeled on Experiment 1. Participants had
to memorize a list of words (this time, a set of semantically
unrelated words, in contrast to the 12 months used in Experiment 1). Then, they were asked to name the word (from the
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Figure 5: For Experiment 1, the average value of considered
items, grouped by the total number of options evaluated, as
a function of evaluation order. Blue lines link non-terminal
evaluations, while a red line precedes the terminal evaluation.
Sequences of evaluation tend to terminate when especially
high options are discovered.

memorized list) whose third letter came closest to z (or, in
a counterbalanced condition, closest to a). As we intended,
participants were not be able to bias retrieval towards highervalue words—i.e., σ ≫ 0.
Methods We presented participants with 13 nouns between
6 and 7 characters long. To encourage memory of the list,
we asked them to write a series of sentences incorporating
all 13 words. Pretesting of this procedure in a pilot study
suggested high ( 80%) and approximately evenly distributed
recall across the 13 words.
Next, we asked participants to name a single word from
the list and told them they would receive a monetary bonus
depending on how close the third letter of that word was to
either “a” or “z”, counterbalanced between participants. We
constructed the list with the intention of producing a uniform
distribution of third letter positions (i.e., one word’s third letter was “a”, another’s was “c”, then, “e”, “g”, etc. through
“y”). Due to experimenter error, however, one list had two
words with the letter “m” and none with the letter “o”.
Finally, we asked participants for the words they had considered in answering the previous question, in the order they
had considered them.
We determined our sample size by generating synthetic
datasets from the generative models described above: the dynamic model, and a version of the static model in which the
consideration set size was determined randomly. To generate these synthetic data, the dynamic model was fit with the
following parameters: µ and τ, the mean and variance on V̂
were set to be as close as possible to uniform U(1, 26) which
is what participants would encounter in the experiment. This
meant setting µ = 13 for symmetry and τ = 8 for maximizing
the KS-Test metric. We set σ = 10 for large variance between

context-free and context-specific value. Finally, by setting the
cost of evaluation to 1, we achieved an average consideration
set size of 3-4, in line with empirical estimates (Morris et al.,
2020; Hauser & Wernerfelt, 1990). We then performed our
intended statistical analyses on these datasets, computing the
sensitivity and specificity of those tests when used to infer
the underlying data-generating model. When running these
simulations with a sample size of 100 at the conventional significance threshold α = .05, we had a sensitivity of 100% and
a specificity of 98%. To be conservative, we selected a sample size of 200 in our experiment.
Just as in the analysis of Experiment 1, we conducted both
a logistic regression and a Cox Proportional Hazards model.
In both cases, our independent variable was the value of the
most recent word considered and the dependent variable was
whether the participant would terminate their cognitive search
process.
We excluded participants who failed a simple comprehension question checking their understanding of the reward
structure of the task (excluding 30 out of 225, 13%), those
whose final answer was not in the consideration set (25 out of
195, 13%), and those who are able to recall fewer than 50% of
the words (3 out of 170, 2%). We also excluded from analysis any words present in the consideration set that were not on
the memorized list (19 out of 1246, 2%). We corrected participants’ spelling errors when and only when they used the
correct spelling in the memory check (25 out of 1219 words,
2%); otherwise, these words were also excluded (113 out of
1359, 8%).
All of the above was preregistered on aspredicted.org, with
number 78848.
Results As intended, the value of words did not predict whether they were considered; the correlation between
value and the probability of consideration was 0.33 (t(11) =
0.78, p = 0.45).
Both logistic regression and the Cox Proportional Hazards test indicated that participants were significantly more
likely to terminate search following the evaluation of high
value words (logistic regression: β = 0.06 ± 0.02, p < 0.001;
Cox proportional hazards: HR = 1.06[1.04, 1.09], p < 0.001).
This result held when adding order as fixed effect in the logistic regression β = 0.07 ± 0.02, p < 0.001. (Order is already inherently incorporated in the Cox Proportional Hazards model).

Discussion
Our results suggest a dynamic process of consideration set
construction in open-ended problems: People generate a candidate solution, evaluate it, and then decide whether or not
to generate another. Thus, in our experiments, the higher in
value a considered option was, the more likely participants
were to terminate cognitive search.
Although we present a model of this process, it is computationally demanding and thus a poor candidate as an
algorithmic-level description of human psychology. Instead,
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Figure 6: Probability of terminating evaluation at a given option, as a function of that option’s value, for Experiment 2.

Figure 7: For Experiment 2, the average value of considered
items, grouped by the total number of options evaluated, as
a function of evaluation order. Blue lines link non-terminal
evaluations, while a red line precedes the terminal evaluation.
Sequences of evaluation tend to terminate when especially
high options are discovered.

we use it to identify an empirical signature of dynamic versus static consideration set construction that we exploit in our
experiments.
A key direction for future research, then, is to characterize the computationally efficient algorithms that people use to
decide whether to continue or cut off further evaluation (Callaway et al., 2022). We have shown that deriving the optimal
stopping point involves a computationally expensive search
over a deep decision tree. One family of heuristic approaches
would be to approximate the value of continued search via a
shallow search—for instance, estimating the expected value
of considering just one more item before deciding (Russell &
Wefald, 1991; Gabaix & Laibson, 2005). Such a strategy is in
keeping with prior research showing that one can often make
good decisions about whether to take an action by sampling

as few as one possible outcome from a generative model (Vul
et al., 2014).
Another direction for future research is to consider different forms of option generation. Here, we focused principally on a value-based approach: i.e., preferentially retrieving
those options which have been most valuable in previous contexts (Morris et al., 2020). Another key contributor to the option generation process is semantic knowledge (Zhang et al.,
2021). For instance, when attempting to think of what to eat
for dinner, one might search semantic associates of “restaurant”, “groceries” etc.
Indeed, prior research shows that cognitive search for good
actions has a hierarchical structure (Kalis et al., 2013; Klein
& Wolf, 1998). For instance, in choosing where to have dinner, one might begin by considering a variety of Chinese
restaurants, then a variety of Italian restaurants, etc. We
know that hierarchy and abstraction is often important for
making decision-making computationally efficient (Russell
& Norvig, 2010, p. 406), so this may be an important way
in which efficient dynamic consideration set construction can
be accomplished. An interesting question, analogous to the
one we pursue here, is how people know when to stop “foraging” for options in one semantic space, or at one level of
abstraction (Kalis et al., 2013; Klein & Wolf, 1998), and instead switch to another.
Our results also offer an interesting counterpoint to some
previous studies of heuristic decision-making. For instance,
it has been claimed that a good heuristic approach to decision
making is to “take-the-first” option that comes to mind. Simulations performed by Morris et al. (2020) show that this holds
under some circumstances, but not under most. As evidence
favoring a take-the-first model, Johnson & Raab (2003) and
Musculus et al. (2019) show that, when people are given a decision problem, the quality of options generated by those who
consider just one option tends to exceed the average quality of
options generated by those who consider several. We show,
however, that precisely this pattern is predicted by the dynamic model: Those who happen to think of a very good first
option cease generating new options, while those who do not
continue searching. In other words, deciding to generate only
one option does not cause it to have high value; rather, having
high value causes a first option to be the only one considered.
The more we learn, the more impressive our decisionmaking abilities seem. We find that humans dynamically adjust the process of option generation in order to balance the
benefits of finding better candidate options against the opportunity cost of delaying action. This illustrates another way
in which the study of decision-making must account for the
process by which options are generated.

Acknowledgments
We thank Adam Morris for helpful discussion and for generously making available the data used in Experiment 1. We
thank Adam Bear and members of the Moral Psychology Research Lab for feedback. We thank three anonymous review-

1593

ers for helpful feedback as well. This work was supported
by grant N00014-19-1-2025 to FC by the Office of Naval Research.

References
Callaway, F., & Griffiths, T. L. (2019). Attention in valuebased choice as optimal sequential sampling. Preprint. doi:
https://doi.org/10.31234/osf.io/57v6k
Callaway, F., van Opheusden, B., Gul, S., Das, P., Krueger,
P. M., Lieder, F., & Griffiths, T. L. (2022). Rational use
of cognitive resources in human planning. Nature Human
Behavior. doi: https://doi.org/10.1038/s41562-022-01332
-8
Ferguson, T. S. (n.d.). Optimal stopping and applications.
Gabaix, X., & Laibson, D.
(2005).
Bounded rationality and directed cognition.
Working Paper.
Retrieved from https :// scholar .harvard .edu /
xgabaix / publications / bounded -rationality -and
-directed-cognition-working-paper
Gettys, C. F., Pliske, R. M., Manning, C., & Casey, J. T.
(1987). An evaluation of human act generation performance. Organizational Behavior and Human Decision
Processes, 39(1), 23-51. doi: 10 .1016/0749 -5978(87)
90044-6
Hauser, J. R. (2014). Consideration-set heuristics. Journal
of Business Research, 67(8), 1688-1699. doi: 10.1016/
j.jbusres.2014.02
Hauser, J. R., & Wernerfelt, B. (1990). An evaluation
cost model of consideration sets. Journal of Consumer
Research, 16(4), 393–408. Retrieved from http://www
.jstor.org/stable/2489451
Johnson, J. G., & Raab, M. (2003). Take the first: Optiongeneration and resulting choices. Organizational Behavior and Human Decision Processes, 91(2), 215-229. doi:
https://doi.org/10.1016/S0749-5978(03)00027-X
Kaiser, S., Simon, J. J., Kalis, A., Schweizer, S., Tobler, P. N.,
& Mojzisch, A. (2013). The cognitive and neural basis of
option generation and subsequent choice. Cognitive, affective & behavioral neuroscience, 13(4), 814–829. doi:
10.3758/s13415-013-0175-5
Kalis, A., Kaiser, S., & Mojzisch, A. (2013). Why we should
talk about option generation in decision-making research.
Frontiers in Psychology, 4, 555. doi: 10.3389/fpsyg.2013
.00555
Klein, G., & Wolf, S. (1998). The role of leverage points in
option generation. IEEE Transactions on Systems, Man,
and Cybernetics, 28(1), 157-160. doi: 10 .1109/5326
.661098
MacQueen, J., & Miller, R. G. (1960). Optimal persistence
policies. Operations Research, 8(3), 362-380.
Morris, A., Phillips, J., Huang, K., & Cushman, F. (2020).
Habits of thought generate candidate actions for choice.
Manuscript.

Musculus, L., Ruggeri, A., Raab, M., & Lobinger, B. (2019).
A developmental perspective on option generation and selection. Developmental Psychology, 55(4), 745-753. doi:
10.1037/dev0000665
Russell, S., & Norvig, P. (2010). Artificial intelligence: A
modern approach (3rd ed.). Prentice Hall.
Russell, S., & Wefald, E. (1991). Principles of metareasoning. Artificial intelligence, 49(1-3), 361–395.
Sezener, C. E., Dezfouli, A., & Keramati, M. (2019). Optimizing the depth and the direction of prospective planning using information values. PLoS computational biology, 15(3), e1006827.
Smaldino, P. E., & Richerson, P. J. (2012). The origins of
options. Frontiers in neuroscience, 6(50). doi: 10.3389/
fnins.2012.00050
Vul, E., Goodman, N., Griffiths, T. L., & Tenenbaum, J. B.
(2014). One and done? optimal decisions from very few
samples. Cognitive science, 38(4), 599–637.
Zhang, Z., Wang, S., Good, M., Hristova, S., Kayser, A. S.,
& Hsu, M. (2021). Retrieval-constrained valuation: Toward prediction of open-ended decisions. Proceedings of
the National Academy of Sciences, 118(20).

1594

Do people use social information to improve predictions about everyday events?
Stephen Payne (paynesc@rose-hulman.edu)
Department of Computer Science and Software Engineering
Rose-Hulman Institute of Technology

Alan Jern (jern@rose-hulman.edu)
Department of Humanities, Social Sciences, and the Arts
Rose-Hulman Institute of Technology

Abstract
Following Griffiths and Tenenbaum (2006), we explore
whether people use relevant social information to improve
their already nearly optimal predictions about quantities in everyday events. We tested this question in two experiments involving quantities in three domains: cake baking times, movie
runtimes, and podcast lengths. In Experiment 1, we found that
participants were sensitive to the difference between relevant
and irrelevant social information. In Experiment 2, we found
that people consistently used relevant social information to adjust their predictions in the expected directions. We introduce
an optimal social prediction model but find that it does not consistently perform better at accounting for our participants’ social predictions than an optimal non-social prediction model.
We conclude by discussing whether people use social information for prediction in an optimal way.
Keywords: prediction; social inference; Bayesian inference

Sometimes, the quickest way to learn something is to ask
someone who knows the answer. But we don’t always need to
directly ask others to benefit from their knowledge. Simply
observing how other people act can provide us with information about what they know, due to our ability to draw inferences using our understanding of the relationship between
other people’s knowledge and their behavior (e.g. Baker &
Tenenbaum, 2014; Baker, Jara-Ettinger, Saxe, & Tenenbaum,
2017; D. T. Gilbert, 1998; Malle & Knobe, 1997; Malle,
2006).
We can also use this ability for prediction. For example,
suppose that a cake has been baking in the oven for 20 minutes. What would you predict is the total baking time of the
cake? This example comes from a study by Griffiths and
Tenenbaum (2006) in which they found that people’s predictions across multiple domains were remarkably close to optimal Bayesian predictions, given the actual distributions of
quantities like baking times from cake recipes.
Now suppose that the person who made the cake is in the
kitchen leaning against the oven at the 20-minute mark. What
would you now predict is the total baking time? Intuitively,
it seems odd for someone to be doing this unless they expect the cake to be ready soon. As a result, in this case,
you might lower your predicted baking time. If so, the additional information about the person caused you to change
your prediction due to your understanding of the relationship
between people’s knowledge and and their behavior. More
importantly, the information potentially allowed you to make
a more accurate prediction. When the person is not in the

kitchen, you have nothing but your general knowledge of cake
baking times to go on. But when the person is in the kitchen,
you have a valuable piece of indirect information to incorporate into your prediction.
Broadly speaking, this is an example of what social psychologists call informational social influence: being influenced by others because you believe they know something
you do not (Detusch & Gerard, 1955; Cialdini & Goldstein, 2004). More specifically, there is evidence that people
take social information into account when making inferences
about things like whether an action was causally responsible for an outcome (E. A. Gilbert, Tenney, Holland, & Spellman, 2015; Goodman, Baker, & Tenenbaum, 2009; Lagnado
& Channon, 2008; Kirfel & Lagnado, 2021).
In this paper, we explore whether people also take social
information into account when making everyday predictions
about quantities like cake baking times. We tested this question in two experiments. In the next section, we briefly review
the modeling approach introduced by Griffiths and Tenenbaum (2006) for generating optimal predictions. We then describe our experiments designed to test whether people are
sensitive to relevant social information and if the predictions
they make by incorporating that information deviate from the
model’s predictions.

Predicting quantities
Griffiths and Tenenbaum (2006) introduced a Bayesian model
of optimal (non-social) prediction, which we briefly review
here, using the cake-baking example to illustrate. The model
computes a posterior probability distribution over the total
baking time ttotal as follows:
p(ttotal |t) =

p(t|ttotal ) · p(ttotal )
,
p(t)

(1)

where t is the initial observed time—20 minutes in our example. The likelihood term, p(t|ttotal ), specifies the probability
that you notice the cake at time t of the cake’s total baking
time. For simplicity, the model assumes that it is equally
likely that you observe an event at any point in its duration.
Thus, in this example, the model assumes it is equally likely
that you would see the cake in the oven right after it was put
in as just before it was done. In other words, the likelihood
1
term is uniform: p(t|ttotal ) = ttotal
.
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p(ttotal ) specifies a prior probability distribution over the
quantity being estimated. In our example, p(ttotal ) is a distribution of cake baking times. This distribution will vary
depending on the scenario—cake baking times will have a
different distribution than movie runtimes—so we estimated
this distribution using empirical data separately for each scenario in our experiments, described later.
Following Griffiths and Tenenbaum (2006), we define the
final prediction of the model t ∗ to be the median of the posterior probability distribution. Intuitively, t ∗ represents a “best
guess” estimate of the duration of the event. Formally, t ∗ is
defined such that1 :
t∗

∑ p(ttotal |k) = 0.5
k=t

Incorporating social information
Now suppose that o represents an observation—like the fact
that someone is leaning up against an oven with a cake in it.
We can modify Equation 1 to incorporate o as follows:
p(ttotal |t, o) =

p(ttotal ) · p(t, o|ttotal )
.
p(t, o)

(2)

If we again assume that t is uniformly distributed between 0
and ttotal , and additionally assume that o is a function of both
t and and ttotal , the likelihood term can be expressed as:
p(t, o|ttotal ) = p(t|ttotal ) · p(o|t,ttotal )
1
=
· p(o|t,ttotal )
ttotal

(3)

Experiment 1
Method
All methods and statistical analyses were preregistered:
https://osf.io/zsmda. All data, code, and materials from
Experiments 1 and 2 are available at https://github.com/
jernlab/social-prediction.
Participants Participants completed the experiment online
through Prolific and were paid for participation. We collected data in batches and replaced participants who were excluded (one for failing an attention check described below)
until achieving a pre-planned sample size of at least 60 (final
N = 61).
Design and Procedure On each page of the experiment,
participants saw a scenario such as “A cake has been baking in an oven for 10 minutes”. Subjects were then asked to
rate the likelihood (on a 1–7 scale from “not at all likely” to
“very likely”) of both a relevant social observation and an irrelevant social observation. Participants repeated this for the
same scenario for four additional values of t (e.g., the amount
of time the cake was baking in the oven). They then repeated
this entire procedure for two more scenarios.
Participants saw three scenarios in a random order: a cake
baking in an oven, a movie playing in a theater, and someone
listening to a podcast. The first two scenarios were inspired
by those used in Griffiths and Tenenbaum (2006). The full
text of each scenario and the relevant and irrelevant observations used are below. In each case, X was replaced with the t
value.

Thus, the key difference between a non-social and social prediction model is in the term p(o|t,ttotal ). Later, we introduce
one way of defining this term.
Our primary research question was whether people use relevant social information to optimally adjust their predictions
of total quantities. But first we asked a more basic question:
whether people are sensitive to the difference between relevant and irrelevant social information for the purposes of
prediction. For example, seeing the person who made the
cake leaning up against the oven seems relevant for predicting how much more time will pass before the cake is done.
But seeing someone who had nothing to do with making the
cake do the same provides much less useful information.
The term p(o|t,ttotal ) captures the probability of an observation like seeing someone leaning against the oven. In Experiment 1, we asked participants to make judgements about
probabilities like these. Specifically, they rated the likelihood
of seeing several events involving people at different times.
We hypothesized that they would rate irrelevant events—like
a random person leaning against the oven—as about equally
likely to occur at any time. By contrast, we hypothesized that
participants would rate relevant social events—like the baker
of a cake leaning against the oven—as more likely to occur at
later times.
1 For details about computing p(t
total |t), see Griffiths and Tenenbaum (2006).

• Cake: A cake has been baking in an oven for X minutes.
On the following scale, how likely do you think it would
be to now see ...
– Relevant: the person who made the cake is leaning
against the oven.
– Irrelevant: someone who didn’t make the cake is leaning
against the oven.
• Movie: A movie has been playing for X minutes. On the
following scale, how likely do you think it would be to now
see 10 people ...
– Relevant: exit the movie’s showroom.
– Irrelevant: exit the showroom of a movie next door.
• Podcast: Someone has been listening to a podcast for X
minutes. On the following scale, how likely do you think
it would be to now hear ...
– Relevant: the podcast host say “Welp, that’s all we
planned to discuss this week!”
– Irrelevant: someone nearby says “Hey, I like that podcast too. Cool.”
Each participant rated the likelihoods of these events for
multiple values of t, which we refer to as levels. The levels

1596

Method

Level
Scenario

1

2

3

4

5

Cake
Movie
Podcast

10
30
15

20
45
30

35
60
55

50
85
75

70
100
105

All methods and statistical analyses were pre-registered:
https://osf.io/qczes.

Participants
300 participants (150 in each condition) completed the experiment online through Prolific and were paid for participation.

Table 1: Values of t (in minutes) for each level of each scenario in Experiments 1 and 2.
of each scenario are shown in Table 1. Participants provided
ratings for all levels of one scenario in increasing order before
moving to another scenario.
Experiment 1 therefore employed a 3 (scenario) × 5 (level)
× 2 (observation: relevant vs. irrelevant) within-subjects design.
After answering all questions, participants completed an
attention check: a multiple choice question asking what topic
(i.e., scenario) was not mentioned in the survey.

Results
Figure 1 shows participants’ ratings for each scenario. To test
our hypotheses, we fit a linear mixed effects model (Brown,
2021) to the full data set using observation type and level (and
their interaction) as fixed effects and fitting by-scenario random intercepts, and by-subject random slopes and intercepts.
As predicted, there was a significant effect of level, such
that each increase in level resulted in an estimated increase in
likelihood rating of about 0.5 (βˆ = 0.52, SE = 0.06, t = 9.33,
p = 1.71 × 10−15 ). However, this effect was qualified by a
predicted interaction with observation type (relevant or irrelevant), also significant. Specifically, the increase in likelihood ratings as level increased was smaller for irrelevant observations than for relevant observations, resulting in a difference in estimated slope of about 0.4 (βˆ = −0.40, SE = 0.06,
t = −7.31, p = 4.11 × 10−13 ). This interaction is evident in
Figure 1 by comparing the ratings for the relevant and irrelevant conditions.

Discussion
Experiment 1 suggests that people are sensitive to the difference between relevant and irrelevant social information. Our
participants did not see a relationship between t and the irrelevant observations, but did see a relationship between t and the
relevant observations. This suggests that people will incorporate relevant social information into their predictions about
quantities like a cake’s total baking time. We tested this question in our second experiment.

Design and Procedure Experiment 2 largely resembled
Experiment 1 in design and procedure. Participants saw the
same three scenarios in random order, each with five different
t values in Table 1 in increasing order. There were two important differences. First, participants were asked to predict total
times (like the total baking time of the cake). Second, rather
than answering questions about relevant and irrelevant social
observations, participants were randomly assigned to one of
two between-subject conditions: a non-social condition or a
social condition.
Participants in the non-social condition were only provided
with the basic scenario. Participants in the social condition
were also given the relevant social information from Experiment 1. Subjects were then asked to predict the total time for
each scenario. For example, in the cake scenario, they were
asked, “What would you predict is the total baking time of
the cake? (in minutes)”. The italicized part of the question
varied by scenario. Complete descriptions of the scenarios
are below. The text in brackets appeared only in the social
condition. X was replaced with the t values from Table 1.
• Cake: A cake has been baking in an oven for X minutes.
[Social condition: At that time, the person who made the
cake is leaning against the oven.]
• Movie: A movie has been playing for X minutes. [Social
condition: At that time, 10 people exit the movie’s showroom.]
• Podcast: Someone has been listening to a podcast for X
minutes. [Social condition: At that time, the podcast’s host
says, “Welp, that’s all we planned to discuss this week!”]
Experiment 2 therefore employed a 3 (scenario) × 5 (level)
× 2 (context: non-social vs. social) mixed design.
After answering all questions, participants completed the
same attention check as in Experiment 1.
Non-social model predictions Recall that the distribution
of p(ttotal ) in Equation 1 is likely to vary by quantity. We
therefore generated empirical estimates of p(ttotal ) separately
for each scenario:

Experiment 2
In Experiment 2, participants predicted durations of events,
with or without relevant social information. We predicted
that if participants incorporated the social information we
presented them with into their predictions, they would give
consistently lower predictions than participants who did not
have this information.
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• Cake: We collected data from the BBC Food website. We
searched all recipes of traditional dessert cakes (excluding
things like crab cakes) and recorded the recommended total
baking times for each.
• Movie: We used The Movie Database (TMDb) 5000
dataset published in 2018. The dataset includes the durations, along with titles, popularity ratings, and other vari-
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Figure 1: Experiment 1 data. The x-axes show the t values and the y-axes show the ratings on a 1–7 scale. The large points
represent mean ratings with 95% confidence intervals (in most cases barely visible). Each smaller point represents a single
subject’s rating.
As predicted, there was a significant effect of context, such
that social predictions were estimated to be about 17 minutes
lower than non-social predictions (βˆ = −16.5, SE = 1.48,
t = −11.14, p < 2 × 10−16 ). Also as predicted, there was a
significant effect of level, such that each increase in level resulted in an estimated increase in total predicted time of about
14 minutes (βˆ = 13.69, SE = 0.32, t = 43.31, p < 2 × 10−16 ).
Figure 2: p(ttotal ) distribution for each scenario.
ables for nearly 5000 movies catalogued on the TMDb
website.
• Podcast: We used a public iTunes podcast dataset published in 2017. The data was obtained from iTunes and
includes the durations, names, descriptions, and other variables for over 10,000 podcasts.
For each scenario, we calculated relative probabilities of the
raw data from each dataset as the distribution p(ttotal ). The
resulting distributions are shown in Figure 2.

Results
Individual participant predictions were excluded as outliers if
they were more than three standard deviations from the mean
for a given context (social or non-social) and level (t value).
Out of 4500 total data points, 83 (1.8%) were excluded.
Figure 3 shows the experiment results. In all scenarios,
mean predictions were consistently lower in the social condition compared to the non-social condition.
We fit a linear mixed effects model to the full data set. Because the model in our pregistration plan resulted in a singular
fit, we simplified the model by removing the random slopes
from the model and re-fit it. The resulting model included
context (social vs. non-social) and level (and their interaction) as fixed effects and by-scenario and by-subject random
intercepts.

However, there was also a significant interaction between
context and level. Specifically, the increase in predictions
as level increased was slightly greater for the social condition than for the non-social condition (βˆ = 2.04, SE = 0.45,
t = 4.56, p = 4.91×10−6 ). We had no specific predictions regarding an interaction, but we considered the possibility that
we might find an interaction in the results, given that we were
using three very different scenarios with different empirical
distributions.
The results in Figure 3 suggested that this interaction might
be limited to only certain scenarios, so we ran a follow-up exploratory analysis that we did not preregister. Specifically, we
fit separate linear mixed effects models to subsets of the data
for each of the three scenarios. We used the same statistical
model as before, but with the actual t values as a fixed effect instead of level. This decision allowed us to get more
interpretable estimates of the fixed effects.
The effects of context and t value were significant for all
scenarios (all ps < 1 × 10−9 ). For the movie scenario, participants’ predictions were estimated to be about 21 minutes
lower than the non-social predictions (βˆ = −21.30, SE =
3.68, t = −5.79, p = 8.63 × 10−9 ) and there was a significant interaction between context and t level (βˆ = 0.21,
SE = 0.05, t = 3.94, p = 8.58 × 10−5 ). For the podcast scenario, participants’ predictions were estimated to be about 23
minutes lower than the non-social predictions (βˆ = −22.78,
SE = 1.25, t = 18.20, p < 2 × 10−16 ) and there was a significant interaction between context and t level (βˆ = 0.11,
SE = 0.02, t = 5.44, p = 6.46 × 10−8 ). For the cake scenario,
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Figure 3: Experiment 2 results. The x-axes show the t values and the y-axes show the predicted ttotal values. The large points
represent mean ratings with 95% confidence intervals (in most cases, barely visible). Each smaller point represents a single
subject’s prediction. The orange and blue lines show the non-social and social model predictions respectively.
participants’ predictions were estimated to be about 6 minutes
lower in the social condition compared to the non-social condition (βˆ = −5.98, SE = 0.95, t = −6.30, p = 4.03 × 10−10 ),
and the interaction between context and t level was not significant (βˆ = −0.02, SE = 0.02, t = −0.84, p = 0.40). In sum, it
appears that the interaction between context and t value was
small and driven by the movie and podcast conditions.

surprising and you’d probably assume they know something
you don’t. But if you see people leaving 100 minutes in, it’s
less surprising as you likely expected the movie to be ending
soon anyway.

Discussion

While our results strongly support the conclusion that people
take relevant social information into account when making
predictions about quantities, an important question remains:
are they doing so in an optimal way? This was the original question posed by Griffiths and Tenenbaum (2006). We
now return to our specification of an optimal social prediction
model in Equations 2 and 3.

When given different relevant social information, our participants consistently made lower predictions than when they
did not have the social information. Additionally, we generated model predictions for the non-social conditions using the
optimal Bayesian model developed by Griffiths and Tenenbaum (2006). The model’s predictions matched our participants’ predictions quite well (and the social predictions less
so), even for distributions with different empirical distributions. Experiment 2 therefore largely replicated their results.
But the results from our social condition suggest that their
model needs to be modified to incorporate social information
if it is to account for how people use social information for
prediction. We describe one way this can be done in the next
section.
One result we did not predict was the interaction between
context and t, reflected in Figure 1 by the convergence of participants’ mean predictions between the social and non-social
conditions at higher values of t, perhaps most evident in the
movie scenario. One possible explanation for this result is
that the relative information value provided by the social observations in our scenarios diminished as t increased because
participants already had considerable existing knowledge of
the empirical distributions. For example, if you see people
leaving a theater 60 minutes into a movie, that is somewhat

An optimal social prediction model

Recall that fully specifying a social prediction model requires defining the term p(o|t,ttotal ). Here, we adopt a utilitybased approach that assumes agents choose actions that increase rewards and minimize costs (Jara-Ettinger, Gweon,
Schulz, & Tenenbaum, 2016; Jara-Ettinger, Schulz, & Tenenbaum, 2020). We make a simple assumption that, for example, a baker derives greater rewards from being near the oven
as a cake nears closer to being done baking. Specifically, we
define reward r as:
r=

1
.
ttotal − t

(4)

In many situations, the probability of someone taking action will not increase linearly with r. For example, you are not
likely to see the baker of a cake waiting near the oven until
the cake is nearly done. Therefore, we defined the likelihood
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Model
Scenario

Social

Non-social

Cake
Movie
Podcast

5206.0
2650.9
5016.6

3179.0
5589.1
4802.5

Table 2: BIC results for each model by scenario for Experiment 2 social context data. The best-scoring model for each
scenario is marked in bold.
term, p(o|t,ttotal ), to be a logistic function of r2 :
p(o|t,ttotal ) =

1
.
1 + exp−β0 +β1 r

(5)

Because the probability of observing someone take an action
might depend on the situation (leaving a movie theater before
a movie has ended may be less likely than standing in front of
the oven several minutes before a cake has finished baking),
we fit parameters β0 and β1 to the data for each scenario of
Experiment 2.

Model predictions
We fit the model to data in each scenario by performing a
grid search of parameters (b0 from -20 to 20 in increments
of 0.5, and b1 from 0 to 400 in increments of 5) minimizing
mean-squared error (MSE) with participants’ predictions in
Experiment 2. Figure 3 shows the resulting predictions.
In an exploratory analysis that was not preregistered, we
tested whether the additional assumptions of the social model
provided a better fit to the data from our social condition
than the original Griffiths and Tenenbaum (2006) non-social
model by calculating the Bayesian Information Criterion
(BIC)—which penalizes models with extra parameters—for
each model in each scenario. We used the posterior distribution (p(ttotal |t, o) or p(ttotal |t)) as the likelihood of each
model3 . The results are shown in Table 2.
Despite the social model’s close fit to mean predictions in
Figure 3, it did not compare favorably with the non-social
model, resulting in a higher BIC in two of the three scenarios.
Our analysis indicates that, except for in the movie scenario,
the additional assumptions of our social model do not provide
much additional explanatory power.

Do people use social information to make optimal
predictions?
Does the relatively poor performance of our social model
mean that people’s social predictions were not optimal? Our
2 We

thank an anonymous reviewer for this suggestion.
that we used empirical prior distributions for each scenario. Because the datasets that these distributions were based on
did not include some values of t, the resulting posterior probabilities for the models were technically 0 for those values. We chose
to omit data points for which the posteriors would be 0 in our BIC
calculations (i.e., where people predicted values of t that were not in
our data sets). The total number of omitted data points, at most, was
15.5% in one scenario.
3 Recall

results make it difficult to judge for several reasons.
First, our social model, which incorporated some simple
assumptions about how people’s behavior in multifaceted situations, is a function only of how much time is remaining
before an event. This is certainly an over-simplification; our
participants may have had more complex models of human
behavior in mind.
An alternative to directly specifying the likelihood term
p(o|t,ttotal ) would be to use people’s own judgments as empirical likelihood estimates. For example, in our Experiment
1, we asked people how likely it was to see someone in the
kitchen leaning against the oven with a cake that had already
been baking in it for 20 minutes. Ratings like these could
be used as inputs to a model that generates predictions of the
most likely total baking times for cakes, given that someone
is leaning against the oven.
We were unable to use our own data for this purpose because we did not provide participants with one key piece of
information: ttotal . As a result, they likely inferred this information and incorporated it into their ratings. To get true empirical likelihood judgments from people, they would need
to be provided with the observation (e.g., the person leaning against the stove), the time t (e.g., the elapsed baking
time), and the total duration of the event (e.g., the total baking
time). Future work may wish to collect these judgments as a
means of generating social model predictions to test if people’s predictions are at least consistent with their own likelihood judgments (and with the empirical distributions of the
events themselves).
Another difficulty with judging whether people use social
information information to make optimal predictions using
our data is that people may have been suboptimal in both the
non-social and social conditions. For example, if our participants provided over-estimates in both conditions, it might
explain why the non-social model provides a good fit to the
social data.

Conclusion
When we have relevant knowledge, we generally use it. And
when we don’t know things, it’s natural to look to others
around us who are more knowledgeable. Our work suggests
that people sometimes do both at the same time: combine
their existing knowledge of a domain with relevant social
cues from others who likely have specific additional knowledge. Our work provides additional support for the idea that,
without the social cues, people are capable of making close
to optimal predictions about real-world quantities. But additional research will be needed to determine if the way people
incorporate social information into those predictions is also
close to optimal.
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Abstract
Understanding biodiversity has become critical since findings
regarding the consequences of climate change. However, it is
a complex concept entailing both scientific and political
aspects. The usage of analogies, especially metaphors, that
have positive influences on the understanding of complex
concepts, attitudes and behaviors, seems an interesting strategy
to achieve this goal. Two studies were designed to investigate
the biodiversity concept and metaphorical framing effects.
Based on analogies elaborated by 259 participants, the first
study aims to identify to which extent two important protective
approaches are present among students in the biodiversity
concept: preservationism which encourages humankind to
limit their intervention on nature and conservationism which
allows humankind to exploit nature with parsimony (BarrocaPaccard et al., 2018). The participants were asked to write an
analogy to illustrate biodiversity. We analyzed their analogies
using a lexicography analysis. Results highlight three major
groups of analogies: a scientific dimension, a conservationist
dimension, and a preservationist dimension. The second study
investigates the effects of metaphorical framing on
environmental attitudes and behaviors. 277 University students
read a short text framing biodiversity with a preservationist or
conservationist metaphor or without metaphor framing. A
decision-making task and an environmental concern scale were
then completed. Statistically significant results were found,
showing an effect of the conservationist metaphor on the
decision-making task. Limits and applications, particularly in
education, are discussed.
Keywords: conceptual development; metaphorical framing;
environmental attitudes; decision making; biodiversity

Introduction
Understanding biodiversity has become critical since the
findings about the consequences of climate change.
Moreover, human activity being responsible for the
biodiversity crisis, a convinced society is necessary to
efficiently implement preservation actions (Hanski, 2005;
Trombulak et al., 2004).
However, the concept of biodiversity is relatively
unknown: a Gallup Organization study (2010, as cited in
Filho et al., 2016) showed that two-thirds of European
citizens said being familiar with the word “biodiversity” but
only 38% claimed to know its meaning and 34% had never

heard the word. These results can be explained in part by the
difficulty to apprehend the complex concept of biodiversity.
Indeed, the word biodiversity was first used to communicate
about living diversity at different levels (ecosystems, species,
and genes) (e.g., Wilson, 2000) but, following the growing
research on that topic in many fields (biology, ecology,
economy, civic education, etc.) the word has acquired
numerous definitions (Barroca-Paccard et al., 2018; Le
Guyader, 2008).
Barroca-Paccard et al. (2018) identify two main
dimensions that can be approached very differently: a
scientific and political. The scientific dimension consists in
listing the large diversity of species and studying the
dynamics and evolution of ecosystems (Barroca-Paccard et
al., 2018). The political dimension focuses on two different
biodiversity protection perspectives: conservationism and
preservationism (Barroca-Paccard et al., 2018). Derived from
utilitarianism, conservationism suggests that environmental
action can be based on a cost-benefit ratio. Therefore,
biodiversity is perceived as a natural resource that humanity
can exploit but sparingly to enjoy the natural resources as
long as possible. In contrast, preservationism, a kind of
deontology, sees biodiversity as a priceless value that
humanity must preserve by moral obligation. In this
perspective, humanity is a disruptor that unbalances nature
and must limit its impact (Barroca-Paccard et al., 2018).
Therefore, understanding biodiversity involves developing a
complex concept that encompasses scientific perspectives as
well as political considerations (Barroca-Paccard et al.,
2018), as well as learning adequate behavioral responses to
preserve biodiversity (Chawla et al., 2007).
Metaphors, a kind of analogy, (Gentner & Clement, 1988),
are tools that can help the understanding of complex concepts
and ideas through the mobilization of known concepts
(Lakoff & Johnson, 2008). When a notion can’t be
experienced, it is comprehended through another concrete
experience (Hofstadter & Sander, 2013; Lakoff & Johnson,
2008). In other words, a target, the unknown or partly known
situation explained, is understood through the terms of the
source, a well-known situation (Holyoak & Thagard, 1997).
For example, global warming, which is difficult to
understand as well as difficult to experience, is often
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compared to a greenhouse effect, more easily experienced
and perceived. As the conceptual system constrains our
functioning, the influence of metaphors can be found in our
language, thoughts, and behaviors (Lakoff & Johnson, 2008).
Therefore, conceptions can be grasped by the metaphors used
by a person. For example, based on metaphors used by
students,
Niebert
& Gropengiesser (2013) identified
misunderstandings about global warming mechanisms and
used metaphors to overcome them.
Besides their explanatory and communicative power,
metaphors can also guide attitudes and behaviors (Thibodeau
& Boroditsky, 2011; Thibodeau et al., 2016). Thibodeau and
Boroditsky (2011) framed metaphorically the description of
the criminality taking place in a fictive city. In one condition,
the participants read a short text comparing criminality to a
wild beast while another condition compared criminality to a
virus. Participants had then to take fictive decisions. When
criminality was explained through the virus metaphor, the
participants’ choices focused on prevention, which is a
common way to face a virus issue. In contrast, when
explaining criminality through the wild beast metaphor,
participants preferred a repressive approach as would be the
case during a wild beast attack.
Metaphorical framing not only can influence decisionmaking but also attitudes. Thibodeau et al. (2016) showed
that participants showed different attitudes toward law
enforcement depending on the metaphor used to describe law
enforcement. Human behaviors being central in the
biodiversity issue, attitudes that can have an important
influence on behaviors (Ajzen & Fishbein, 1997; Vaidis,
2006), are of great interest.
Attitudes are evaluations associated with positive or
negative feelings (Eagly & Chaiken, 2007). “Environmental
attitudes” or “environmental concerns” are attitudes specific
to the environmental context (Kaiser et al., 2013). Schultz
(2001) defines three environmental concerns: Egoistic
concerns – negative attitudes towards environmental issues
that can impact oneself; such concern may lead to
environmental behaviors if it is benefic for oneself; Altruistic
concerns – negative attitudes to environmental issues that can
impact other (family, neighborhood, or other social groups);
such concern can drive environmental behaviors if it allows
helping the social group. While egoistic and altruistic
concerns reveal utilitarian reasoning, they are associated with
environmental apathy and fewer preservation behaviors;
Finally, Biospheric concerns – negative attitudes to
environmental issues that can impact any life form. In
contrast with egoistic and altruistic concerns, biospheric
concerns see nature as priceless having to be protected for
herself (Gagnon Thompson & Barton, 1994). While egoistic
concerns barely result in ecological behaviors (Kaiser et al.,
2013), biospheric concerns can lead to environmental
actions. Therefore, it is encouraged to promote biospheric
concerns by, for example, valuing nature for its own sake to
facilitate significant environmental behaviors (e.g., Gagnon
Thompson & Barton, 1994; Kaiser et al., 2013).

As highlighted earlier, metaphors can be an effective way
to support the understanding of the complex and abstract
notion of biodiversity. Moreover, as metaphorical framing
can have an impact on attitude and behaviors, it appears to be
an appropriate strategy to promote behaviors designated to
preserve biodiversity.
In this research, analogies will be used first as an indicator
of the concepts underlying biodiversity and then as a tool to
transform biodiversity conception and study how this may
impact attitudes and decision-making.

Study 1
The first study aims to investigate the conception of
biodiversity among students. More precisely, we seek to
identify the presence of preservationist and conservationist
approaches in the analogies developed by the participants.

Methodology
Two open-ended questions were addressed in an online
survey to 259 university students from the University of
Geneva (81.9% female, age: M = 22.1, SD = 5.14).
Participants were first asked to define biodiversity in their
own words and then to illustrate it with an analogy. Because
the biodiversity concept can be enlightened the analogies, in
this work, we focus on the second question.
A lexicographical analysis was conducted to identify the
relations between words based on their occurrences and cooccurrences (Guérin-Pace, 1997). A R interface, IRaMuTeq,
was used to automatically perform the lexicography analysis
(Arnoult, 2015). Then, a hierarchical descendent
classification (HDC) was performed on the analogical
responses, based on Chi2, grouping words that are related
(co-occurrent) and separating words that aren’t linked (not
co-occurrent) (Reinert, 1983; Anoult 2015). Subsequently, a
Factorial Correspondence Analysis (FCA) represented
factors by their proximity in a dimensional space (Bart, 2011)
and a similarity analysis within the clusters was performed to
facilitate the interpretation. In the following, we first report
the analyses on the two questions, and then, we focus on the
factors highlighted by the FCA.

Results
The HDC analysis on the analogies identified five clusters
that were distinguished by two axes in the CFA. The first axis
differentiated: a first cluster assembling 11.44% of the total
words and illustrated by words such as “take” (13
occurrences within the cluster), “care” (12 occurrences),
often following the verb “have to” and the verb “protect” (11
occurrences); in this cluster, nature was compared to a
precious (16 occurrences) treasure (6 occurrences) as well as
to family member (baby, child, grandmother); A second
cluster grouping 33.14% of the words as “different” (30
occurrences), “species” (27 occurrences) and “colors” (31
occurrences).
The second axis distinguished between the first cluster and
3 other close clusters partially overlapping in the dimensional
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space. These 3 clusters included words such as “role” (14
occurrences), “animal” (17 occurrences), “vegetal” or “plant”
(9 occurrences), “human” or “individual” (26 occurrences”),
“to live” (17 occurrences) often followed by “with” or
“together”; “to ameliorate” or “to change” (13 occurrences)
and “to preserve” (10 occurrences). In this clusters, we also
fund “heart “(5 occurrences) and “body” (8 occurrences).

Discussion
The analysis of the analogy answer revealed that the first
cluster represents preservationism where nature is a precious
treasure that must be taken care of and protected. This cluster
is opposed, on the first axis, to a second cluster reflecting the
numerical diversity aspect. Several analogies highlight the
idea that biodiversity characterizes the importance and
existence of an important number of different species. In this
cluster, the word “colors” appeared several times as the
importance and abundance of colors was a frequent metaphor
used to illustrate this aspect. Then, the second axis
differentiates between the preservationist cluster and the 3
close clusters. Given the closeness of the clusters, we
considered them as one cluster evoking the idea that
humankind must improve to coexist with nature. It was
illustrated, for example, by comparing biodiversity with a
heart that needs to be taken care of to have a well-functioning
body. This suggests that the second axis represents the
opposition between preservationism and conservationism.
Therefore, participants seem conscious of the diversity of
species, but the FCA didn’t highlight any evolution and
dynamics dimension. This suggests that the students barely
mention this dimension underlying the scientific notion of
biodiversity. The protection approach is also present in the
analogies. It can take the form of conservationism and, to a
lesser extent, also preservationism (this cluster represented
only 11.4% of the occurrences as mentioned in the Results
section).
These findings are relevant because metaphors and
analogies can underly different attitudes and behaviors and
promote some decisions over others (Thibodeau &
Boroditsky, 2011). An interesting perspective would be to
study if the metaphors collected in this study could be used
to explain the different aspects of biodiversity notion and
promote environmental behaviors.

Study 2
This second study investigates the effects of metaphorical
framing on environmental attitudes and environmental
decision-making. The metaphors were selected from study 1
to explore the influence of spontaneous metaphors on
attitudes and behaviors. They were chosen based on the
frequency of appearance and their relevance to this current
study. The analogy comparing biodiversity to an organ (e.g.,
“heart”) was chosen to illustrate conservationism while the
analogy comparing biodiversity to a child was chosen to
illustrate preservationism.

Methodology
277 University students (84.5% female, age: M = 23.57, SD
= 5.64) were asked several questions in an online survey set
on the Limesurvey platform.
After some demographic questions, participants were
asked to read a short text explaining biodiversity. At this
point, participants were randomly assigned to three
conditions: the first one represented preservationism and
compared biodiversity to a “fragile child” as a fragile child is
priceless and associated with protection duty. The second
one, the conservationist condition, compared biodiversity to
a “fragile organ” based on the idea that one takes care of
organs because they are needed to live. Finally, the third
condition did not use any metaphor and served as the control
group (see https://cutt.ly/hHiBySS for more details on the
short text). Each participant was randomly assigned to one of
the conditions. Participants read 3 times the same short text
at different times of the survey. After the first and third
reading, a check question to verify the attention was asked
(different each time). Between each reading, some openended questions regarding emotions, political opinion and a
summary task were presented. However, for the purpose of
this study, we will focus on the questions regarding behaviors
and attitudes. Since our interest is in the behaviors and
attitudes, in this section, we will only focus on the questions
regarding a decision-making task and the attitudes.
After the third short text presentation, participants had to
perform a decision-making task: Three different plant species
(an inedible plant, a highly consumed plant and a stinging for
human plant) were said to be endangered. The participants
were asked to imagine receiving 10’000.- to invest in the
plant and had to decide how much they wanted to give for the
protection of each species. This scenario that constrains
participants with limited resources was used to mirror reallife conditions and to give a reference value to participants.
Finally, participants had to give an evaluation of their
environmental concerns based on a scale developed by
Schultz (2001). The scale consists in asking the participant to
rate how much concern they feel toward environmental issues
based on the consequences for 12 items (me, my health, my
future, all people, children, my children, people in my
country, plants, marine life, animals, birds). The items can be
gathered in 3 subscales: the egoistic concerns, altruistic
concerns and the biospheric concerns subscale. Each item is
evaluated on a Likert scale of 7 points (1 = not important, 7 =
extremely important).
We hypothesize that the preservationist metaphor and the
conservationist metaphor will facilitate decision-making and
environmental concerns consistent with the approach.
framed. In other words, we hypothesize that when reading the
child metaphor, participants would allocate as much money
for each species following the preservationist statement that
they all are valuable for their own sake. Moreover, as
preservationism can lead to biospheric concerns, we expect a
high rate of this subscale.
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Table 1: Descriptive statistics of the inedible and stinging plant for each condition.
Comestible plant
Condition

Stinging Plant

Inedible plant

M

SD

M

SD

M

SD

1-Preservationism

4372.34

1407.68

2714.87

1004.43

2912.79

1152.99

2-Conservationsm

4524.93

1353.63

2686.71

900.71

2788.36

761.23

3-No metaphor

4062.51

1256.73

3089.40

1309.49

2848.09

872.75

Table 2: Pairwise comparison results.
Comestible plant
Stinging Plant
Condition
comparison
1-2

df

t ratio

p-value

df

t ratio

p-value

274

-0.74

0.74

274

0.17

0.99

1-3

274

1.59

0.25

274

-2.31

0.06

2-3

274

2.41

0.04*

274

-2.53

0.03*

Note. 1 refers to the preservationist condition, 2 refers to the conservationist condition, and 3 refers to the no metaphor
condition. Significant results (p <.05) are highlighted by *.
Table 3: Descriptive statistics of the Schultz’s subscales for each condition.
Egoistic concerns
Condition

Altruistic concerns

Biospheric concerns

M

SD

M

SD

M

SD

1-Preservationism

5.00

1.37

5.84

1.12

5.95

1.20

2-Conservationsm

5.34

1.28

6.05

0.93

6.15

0.99

3-No metaphor

5.35

1.39

5.78

1.19

6.02

1.03

For the conservationist condition, we expect to see more
utilitarian decisions: the comestible plant being more useful
to humans than the inedible plant or the stinging plant, the
participant would allocate more money to its protection. As
suggested by the literature, we suppose that the
conservationist metaphors will lead to less biospheric
concerns.

Results
The first check question was answered correctly by 45.1%
of the sample while for the second one 80.9% of the answers
were correct. For each check questions, a one-way analysis
of variance (ANOVA) showed no significant difference
between the three conditions (check question 1: F(2, 274)=
1.26, p>0.1; check question 2: F(2, 274)= 0.32, p>0.1).
A one-way ANOVA was performed to compare the effect
of the metaphors on the budget allowed for each plant. The
one-way ANOVA revealed a statistically significant
difference in the highly consumed plant (F (2, 274) = 3.07, p
< .05) and the stinging plant (F (2, 274) = 4.09, p < .05)

between at least two conditions. Therefore, pairwise
comparisons with a multiplicity adjustment were conducted
on the statistically significant results to identify more
precisely the significant differences between the conditions.
The results are presented in Tables 1 and 2. For the inedible
plant, no difference was found between the three conditions.
Finally, for Schulz’s scale, a one-way ANOVA of each
subscale was conducted on the three conditions. The analysis
shows no statistically significant difference between the
conditions (See Table 3 for means and standard deviations).

Discussion
Results on the checking questions suggest that participants
didn’t pay much attention to the first reading of the text but
were more precise after the second reading. With the
environmental concerns and the decision-making task
following the third reading, we can assume that at this point
participants were well informed about the text content.
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The analysis of the decision-making task revealed a
significant effect of the conservationist condition.
Participants gave significantly more money to save the
comestible plant and less money to preserve the stinging
plant. This result suggests that the metaphorical framing
induces a preference for the useful plant species over the
harmful one and thus that utilitarian reasoning took place
when reading the conservationist text. This result implies that
the “fragile organ” metaphor leads to a more utilitarian
conception of biodiversity.
Therefore, it seems that
metaphorical framing can significantly influence an
environmental decision-making
No significant effect of the preservationist metaphor nor
of the no metaphorical framing condition was found on the
decision-making task. The lack of evidence for a
preservationist metaphor effect might be explained by a lack
of relevance of our metaphor. Indeed, although several
students used a metaphor comparing biodiversity to a family
member (e.g., child, baby, uncle, grandmother) in the first
study, the child metaphor may not lead others to the same
inferences and thus, not vehicle the preservationist idea we
expected to. Further study should identify a metaphor leading
to greater preservationist inferences. Another explanation
might come from the methodology used to induce the
metaphors and their inferences. Reading a short text may not
be enough to elaborate on the metaphor and to be able to
make inferences. In addition, nowadays, preservationism is a
less familiar approach than conservationism that
encompasses sustainable development. Therefore, more
reflection on the consequences of preservationist thinking
may have been necessary. Thus, allowing the participant to
elaborate more deeply on the metaphor could be a way to
trigger changes in attitudes.
The analysis of the environmental concerns subscale in
relation to the three conditions showed no effect. This result
is surprising as we could expect that a behavior change would
be accompanied with a change in attitudes (Liu et al., 2020).
However, it should be noted that the items were quite highly
rated. The survey was introduced explicitly as a study on
biodiversity learning. The Schultz’s scale being quite
explicit, participants could try to satisfy the researcher’s
expectations by rating very high on each item. In another
hand, literature has already reported an attitude-behavioral
gap, especially in sustainable behaviors (Park and Lin, 2020).
Other factors could influence the behaviors. For example,
Carrigan and Attala (2001) highlighted that concerns about
utilitarian benefits were important factors when purchasing
ethical goods. Thus, the effect of the conservationist
condition on the decision-making task and the absence of the
preservationist condition could be better explained by this
kind of utilitarian concern. Investigations on these factors
should be addressed in future research.

General Discussion
This current research aims to explore and improve
biodiversity conception to facilitate environmental attitudes

and behaviors. More specifically, we first studied if scientific
and protective approaches were present in the conception of
biodiversity of students through analogies. Then, metaphors
elaborated in the first study were used to investigate if they
could influence environmental attitudes and behaviors.
The first study showed that analogies were useful to
investigate biodiversity conception. Our analysis on the
reported analogies revealed that some scientific, as well as
preservationist and conservationist concepts, underlie
biodiversity conception among students. In contrast, our
results suggest that these conceptions show no evolution or
dynamical representation. Development of the representation
of biodiversity, especially on this aspect, seems necessary to
build a more complete biodiversity understanding.
The second study supports the hypothesis that, under
specific conditions, metaphorical framing is influent in the
context of biodiversity. Indeed, when reading a short text
framed metaphorically with a conservationist approach,
participants made decisions in a congruent way: They
decided to allocate more money to save a plant species that
was useful for humankind and less money to preserve a plant
species that was harmful to human. This is an important result
with societal entailments since biodiversity issues are also a
political matter. Nowadays, important environmental
decisions are often submitted to the population. Thus, the
metaphorical framing can facilitate the understanding of this
complex subject and help decide adequately to cope with this
problematic. However, the analysis revealed no effect on
environmental attitudes. As mentioned above, a more
implicit scale like the New Environmental Paradigm scale
(Dunlap & Van Liere, 2008) and including another kind of
concerns could be a good option to investigate how
metaphorical framing influences environmental attitudes.
To sum up, an effect on decision-making was observed.
Nevertheless, a step forward should be taken. Human activity
being responsible for the biodiversity issue, further research
should investigate how metaphors could also facilitate
environmental behaviors that are needed to protect
biodiversity.
This research could then lead to promising applications,
notably in educational science. Indeed, since 1992, the
Convention on Biological Diversity proposes concrete action
to protect biodiversity using diverse means including
education (Dreyfus et al., 1999; Navarro-Perez & Tidball,
2012). While biodiversity is already present in curricula of
several countries (Barroca-Paccard, 2015), a major issue is to
support a better understanding of this complex concept
(Barroca-Paccard et al., 2018) and to teach concrete behavior
to preserve biodiversity (Chawla et al., 2007). The usage of
metaphors seems to be a promising strategy to achieve these
goals. Indeed, metaphors have been already successfully used
to support the learning of various disciplines and especially
scientific domains (Aubusson et al., 2006). Combining
metaphors framing to other devices such as outdoor
education may increase connection with nature (Gagnon
Thompson & Barton, 1994), which seems an interesting
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perspective as this might help promote biospheric concerns
as well as environmental behaviors.
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Abstract
Apperly and Butterfill (2009) argue that adult theory of mind
(ToM) requires two parallel systems. One system, efficient
but inflexible, enables rapid judgements by operating without
explicit modeling of beliefs, while a separate, effortful system, enables richer predictions over more complex belief encodings. Here, we agree with their qualitative distinction but
propose a different model: a single process, but with effortful
re-representation leading to two phases of ToM reasoning. Efficient reasoning, in our view, occurs over representations that
include actions, but not necessarily explicit belief states. Effortful reasoning, then, involves re-representation of these initial encodings in order to handle errors, resolve real-world conflicts, and fully account for others’ belief states. We present an
implemented computational model, based in memory retrieval
and structural alignment, that illustrates our approach.
Keywords: Analogy; Theory of Mind; Computational Modeling

Introduction
While the precise trajectory of human theory of mind (ToM)
development continues to be debated (Onishi & Baillargeon,
2005; Wellman & Liu, 2004; de Villiers, 2021; Kovács,
Téglás, & Csibra, 2021) it has been well established that
young children often fail to take into account the mental states
of others when predicting their actions. However, typically
developing adults (and older children) are generally considered to be proficient ToM reasoners.
Yet, there is substantial evidence that adults do not always
effectively utilize ToM, either—at least not automatically.
Keysar, Barr, Balin, and Brauner (2000) demonstrated that
adult participants in a diadic communication game often considered visual referents that their partner could not be aware
of. These failures were further explored by Keysar, Lin, and
Barr (2003), who required participants to give a ”director” an
object from a table. The names of the objects on the table
were polysemous (e.g., a roll of tape and a cassette tape), but,
prior to the direction, the participant themselves hid one of
the possible referents in a bag, leaving only one visible to the
director. Even so, the participants sometimes gave the director the occluded object. This was the case even when they
were told the director had a false belief about the contents of
the bag that excluded the actual contents as a referent.
There is also evidence that ToM reasoning requires cognitive effort. Apperly, Riggs, Simpson, Chiavarino, and Samson (2006) found that adults were slower to answer questions
about another person’s false beliefs than about reality, but that

this processing difference disappeared when the participants
were instructed to track beliefs explicitly. Lin, Keysar, and
Epley (2010) further found that working memory impairment
degraded ToM reasoning, suggesting that humans are ”reflexively mind blind”, only explaining behavior with regard to
mental states when cognitive resources allow.
These and other findings led Apperly and Butterfill (2009)
to argue that adult humans have two systems for theory of
mind. Per Apperly and Butterfill (2009), the first ToM system—efficient but inflexible—enables real time goal recognition but does not explicitly encode mental states. The second system does encode mental states and enables full ToM
reasoning, but requires cognitive effort. They suggest that
the first system is shared by young children and potentially
non-human animals as well, while the latter develops with
maturation, thus explaining ToM’s developmental trajectory.
However, there is strong evidence that said trajectory is not
strictly maturational. It has been found that even very young
children can succeed at complex ToM tasks, given the right
scaffolding(e.g. Hale & Tager-Flusberg, 2003; Hoyos, Horton, Simms, & Gentner, 2020). Taken together, these findings
suggests that, instead of two separate ToM systems, ToM is
better thought of as a continuum, with effort, experience, and
cognitive control driving development.
We propose that both effortful and efficient ToM can be
explained by building on the Rabkina, McFate, Forbus, and
Hoyos (2017) Analogical Theory of Mind (AToM) framework. AToM conceptualizes ToM reasoning as retrieval and
application of a person’s prior experiences via analogical inference (Rabkina et al., 2017). We suggest that efficient ToM
arises from a single retrieval and inference via AToM, while
effortful ToM requires iterative re-representation of the situation being evaluated and re-retrieval of relevant analogical
comparisons. The distinction between efficient and effortful
ToM, then, is at the level of effort applied, rather than a qualitative difference in process.
As a child matures, they gain executive control, a richer
representational vocabulary, and a larger library of memories
to draw from, all of which contribute to improved ToM reasoning. The quick and efficient reasoning based on a single
retrieval, however, does not disappear. Thus, our account explains both developmental phenomena as well as the persistence of efficient, but incomplete, ToM into adulthood.
In the following sections, we begin by discussing compet-
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ing developmental accounts of theory of mind with regard
to the phenomena described above. We then introduce our
framework, the Analogical Theory of Mind, and demonstrate
how we extend it to account for adult ToM failures and the efficiency trade-off proposed by Apperly and Butterfill (2009).
We conclude with a motivating example of efficient vs effortful ToM reasoning and a corresponding simulation using the
extended implemented AToM computational model.

Developmental Accounts of Theory of Mind
Developmental accounts of theory of mind reasoning, broadly
speaking, fall under the umbrellas of ”Theory Theories”,
”Simulation Theories”, and ”Hybrid Theories”. Theory theories propose that ToM reasoning occurs with respect to a set
of rules that can be applied to predict the beliefs, desires, and
mental states of others (Gopnik & Wellman, 1994). Many
Theory theories have been conceptualized as ”child scientist”
theories. According to such a theory, a child might start with
a simple rule (e.g., everyone knows what I know). As interactions with other individuals invalidate that hypothesis, the
child generates alternatives and eventually settles on a mature
rule-based model. Consistent with this account, Wellman and
Liu (2004) found that ToM development proceeds with consistent phases across children which could correspond to discrete updated hypotheses.
However, such accounts struggle to explain findings like
those of Keysar et al. (2000, 2003) which illustrate that even
adults sometimes rely on a more primitive egocentric ToM
model. If adults do develop abstract rules, they do not seem
to apply them consistently.
Conversely, Simulation theories do not rely on rule-like
models and instead argue that ToM requires simulation of another person’s actions from a first person perspective, colloquially, ”putting yourself in someone’s shoes” (Goldman et
al., 2006). The first-person simulation account is consistent
with findings of an egocentric bias in ToM reasoning failures
(Goldman & Sebanz, 2005). Furthermore, simulation as a
cognitive process flexibly incorporates efficiency trade-offs.
On the other hand, simulation accounts struggle to explain
broad developmental shifts like those found by Wellman and
Liu (2004) and are inconsistent with findings that adults seem
to apply mental models of the intentions of others that they
would not apply to themselves (Saxe, 2005).
Hybrid theories (see Bach, 2011) combine elements from
both Theory theories and Simulation theories to explain both
developmental phenomena and adult ToM errors. In the following section we present one such model, the Analogical
Theory of Mind (AToM) model, and discuss how it can resolve the issues discussed above.

Analogical Theory of Mind
Analogical Theory of Mind (AToM; Rabkina et al., 2017) is a
computational cognitive model of human ToM reasoning and
development based on a theoretical model initially proposed
by Bach (2011, 2014). According to the AToM model, theory

of mind reasoning is the result of analogical inference from a
retrieved structurally similar memory.
As a motivating example, consider a situation where a person sees a colleague, Sam, walk towards the office kitchen
without a coffee cup. AToM claims that, in order to predict
Sam’s beliefs, the person retrieves structural similar memories via analogical retrieval (Forbus, Gentner, & Law, 1995).
For example, they may recall that they themselves had been
surprised earlier to find no coffee cups in the kitchen, or a
time when another teammate, Alex, had walked through with
no identifiable purpose. These memories are then compared
to the current situation using structural alignment, with the
most similar memory being used to generate candidate analogical inferences (e.g., perhaps Sam, like the person, expects
coffee cups in the kitchen).
Consistent with Simulation theories, a retrieved memory
could be encoded from a first-person perspective (e.g., what
would I do in a situation). However, memories may also be
encoded in a third-person perspective (e.g., what did someone
else do in a situation). Furthermore, they may not include explicit representations of internal beliefs at all if they weren’t
relevant at the time of encoding. For example, Rabkina et al.
(2017) trained AToM with stories using explicit representations of belief states to model how children learn ToM from
hearing stories about others’ true and false beliefs. On the
other hand, Rabkina, McFate, and Forbus (2018) modeled
how children gain ToM from learning a complex grammatical structure; while the nested structure of representations
played an important role in that model, belief states were not
encoded at all.
AToM assumes that memories are retrieved, applied, and
generalized within long term memory, allowing for the formation of rule-like schemas via analogical generalization
(McLure, Friedman, & Forbus, 2015). Over time, frequently
occurring ToM scenarios (e.g., object occlusion) become abstracted from individual objects or agents and function more
like a rule (Gentner & Medina, 1998). Thus, AToM is capable
of generating both simulation-like and rule-like judgements
depending on retrieval.

Analogical Retrieval and Inference
Retrieval and alignment follow the principles of Structure
Mapping Theory (SMT; Gentner, 1983). At a high level,
SMT proposes that analogy, and comparison more broadly,
involves a process of analogical alignment over structured
representations, called a base and target. This alignment is
governed by three hard constraints. The 1-1 constraint says
that each item in the base can align to at most one item in the
target. The parallel connectivity constraint requires that for
any aligned relationship, its arguments are also aligned. Finally, the identicality constraint aligns only identical relationships unless their alignment is supported by participation in a
larger structure. SMT also argues for a preference for aligned
higher-order (e.g., causal) structure over shared lower-level
features (e.g., size or shape). Given an alignment, parallel
structure that is present in one case but absent in the other to
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Figure 1: Analogical Alignment and Inference
be projected as an analogical inference.
As an example, we return to our colleague, Sam, walking
to the kitchen (depicted in Figure 1). In the base case (top),
Sam goes to the kitchen, and the retrieved memories (Self vs
Alex) act as the targets. Formally, we could represent the self
memory with the nested belief proposition (believes self
(locationOf cup kitchen))1 and their state of surprise,
(surprised self). The other contains the fact of Alex’s
walking to the kitchen (walks Alex kitchen), but no representation of a belief or goal.
If the representation of Sam going to the kitchen contains
both the walking and the assumption that there are cups, the
first memory will align better based on the shared nested belief structure and should be retrieved. On the basis of the
alignment, it can be inferred that Sam will also be surprised.
On the other hand, if no belief representation is included, the
second memory will be retrieved and no ToM expectations
will be justified.
Different permutations of these facts in memories and scenario representations will lead to different retrievals, and
therefore different reasoning outcomes. Note, too, that, while
in this toy example, representations of the scenario and retrieved memories are exactly the same, such exact matching
is not required.

Efficient and Effortful Reasoning in AToM
As discussed above, there is evidence that full ToM reasoning is not automatic and in fact requires substantial cognitive
1 We use CycL-style representations (Lenat & Guha, 1991) with
the NextKB knowledge base (Forbus & Hinrich, 2017) in this work.

effort (Keysar et al., 2003; Lin et al., 2010; Apperly & Butterfill, 2009). AToM provides a mechanism by which ToM
inference occurs, namely analogical retrieval of and mapping
from episodic memories. Here we propose that this process
underlies both efficient and effortful ToM reasoning, the latter being the result of an iterative sequence of retrieval and
re-representation.
When observing a potential ToM reasoning scenario (e.g.,
Sam going to the kitchen), a person initially encodes their
observation using sparse representations that do not include
belief and knowledge states. They then retrieve an analogical experience from memory and infer a potential goal. As
in Rabkina et al. (2017), this inference may be incompatible
with the real world which triggers a search for explanation
via further analogical retrieval.
In our proposed model, the incompatible inference leads
to re-representation of the scenario given the false expectations generated by the alignment. This process of inference
evaluation, re-representation, and retrieval requires additional
cognitive effort and is subject to executive control.
Returning to our example, in Figure 2 the person observes
Sam going to the kitchen. This prompts a search for explanation using the person’s initial encoding of the situation.
The person recalls that teammates often go to the kitchen and
drink coffee. By aligning Sam to prior teammates, they can
infer that Sam is likewise getting coffee.
However, in the retrieved memory, the teammate needed to
bring a cup in order to drink coffee. Sam does not have a cup,
triggering what, in analogy literature, is called an alignable
difference (Markman & Gentner, 1996). This difference is
re-represented into the scenario and the person again searches
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Figure 2: ToM through successive analogical retrieval and re-representation
for explanation. The person now retrieves the memory of
themselves being surprised to find the kitchen did not have
extra cups. So perhaps, by analogy, Sam is also expecting
there to be cups in the kitchen.
Now primed with Sam’s inferred beliefs, the person can
continue to elaborate. Maybe this belief is inconsistent with
reality (i.e., Sam knows there are no cups) or maybe the person remembers that Sam does not like coffee. They can continue to re-represent and re-retrieve explanations until satisfied or decide that further effort isn’t worthwhile.
In Rabkina et al. (2017) the retrieved memories were encoded from a first person perspective (e.g., ”I once got coffee”; see Meltzoff, 2007 for role of such ”like me” encoding
in reasoning). In the automatic representations in Rabkina et
al. (2020), on the other hand, representations were allocentric
(e.g., ”My teammate once got coffee”). We note here that,
due to analogical alignment, ToM reasoning can arise from
both egocentric and allocentric memories. The ToM target
could align to oneself or one’s mental model of another. Interestingly, this suggests that individual encoding biases as
well as alignability between the self and the target may play
a significant role in ToM prediction. If the target is easily
aligned to the self, a person may be more likely to ascribe
their own motivations and beliefs to the target. However if
viewed as different, they may be more likely to apply the perceived mental model of a more similar analog or even fail to
model ToM entirely.

Simulation
Here we provide a computational proof of concept for how
the AToM model incorporates iterative re-representation to
overcome initial shallow ToM judgements and describe the
algorithmic changes made to the AToM model. Our simulation is implemented as hierarchical task network (HTN; Erol,
1995) plans executable in the Companion cognitive architecture (Forbus & Hinrich, 2017)2 . For this simulation, we use
the running example from above: I observe my colleague,
Sam, walking to the kitchen.
Recall that the AToM model uses analogical retrieval and
inference for reasoning. In the previous implementation
(i.e., Rabkina et al., 2017, 2018), this was a single-shot process. That is, a single a memory was retrieved and used for
reasoning. While re-retrieval was possible during learning,
there was no re-representation or re-retrieval during reasoning. Here, we have extended the reasoning stage to allow
for both re-representation and re-retrieval when indicated by
an executive. For the purposes of this proof of concept, rerepresentation and re-retrieval occurred when a contradiction was observed between an inference and the real world,
so long as a retrieval depth limit (corresponding to working
memory limitations and intended effort level) had not been
reached. This depth limit was set to allow up to 5 re-retrievals
in our simulation.
Cases corresponding to Figure 2 were encoded in predicate
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2 Please

contact the authors for original plans

calculus using using the NextKB knowledge base (Forbus &
Hinrich, 2017). This included the initial observation of Sam
walking to the kitchen, the allocentric memory of teammates
often going to the kitchen to get coffee, and the egocentric
memory of expecting to find coffee cups in the kitchen and
not finding them there. We assumed that such appropriate
memories would be available and did not include distractor
memories. Note that distant distractors would not be retrieved
by analogical retrieval, while close distractors may lead to
different ToM conclusions (e.g., if a memory of wanting tea
was retrieved, the model would infer that Sam wants tea,
rather than coffee).
The initial retrieval returned the memory of teammates getting coffee in the kitchen. By analogical inference, AToM
predicted that Sam had the goal of getting coffee and that
they should be carrying a cup as a pre-requisite for this goal.
AToM then compared that prediction to the real world (in this
case, another predicate calculus representation that included
the fact that Sam is not carrying a cup), and found a contradiction. Given this contradiction, AToM re-represented the
observation of Sam to include the fact that they are not carrying a cup. Using the updated observation, it retrieved the
memory of expecting to find cups in the kitchen. This generated three analogical inferences:
1. Sam is walking to the kitchen to get coffee.
2. Sam is not carrying a cup because they believe there are
cups in the kitchen.

albeit incomplete inferences —consistent with the phenomena found in Apperly and Butterfill (2009).
In our model, the level of effort used corresponds to
AToM’s depth limit which would be controlled externally as
a part of a broader cognitive architecture based on attention
and available resources. Here we have demonstrated performance at the shallowest level (depth 1) and with significant
effort (depth 5), but appropriate settings are likely situationspecific and the upper limit remains an empirical question.
Aside from allowing efficient and effortful reasoning in a
common framework, our model makes testable predictions
about the development of theory of mind. In AToM, ToM
performance is dependent on available memories. As such,
we predict that childhood (and adult) ToM failures will not
be uniform and, in fact, that young children may be able to
demonstrate higher-order theory of mind reasoning given a
situation that closely aligns to their experience. Similarly,
both children and adults should make slower and less accurate predictions when the situation or model of the person
under consideration have structural differences from their experience. That is, when reasoning about the mental state of
a person in a situation that is structurally very different from
anything we have experienced or observed, several rounds of
re-retrieval and re-representations will be necessary in order
to make accurate predictions. For example, we predict that
it is harder for a high school student to predict what their
teacher is thinking when handing back a paper (because they
have never taught) than what an employee is thinking when
receiving their annual review.

3. Sam will be surprised that there are no cups.
Because the depth limit was not yet reached, AToM
checked these inferences against the real world for contradictions and, because no contradictions were found, accepted the
inferences. Thus, the ToM model inferred Sam’s goal, knowledge, and future emotional state, allowing for the executive to
act upon these inferences.
When the depth limit was lowered to 1, allowing only
a single retrieval and indicating disinterest in Sam’s activities or limited working memory capacity (e.g., due to concentrating on another task), only the memory of teammates
drinking coffee was retrieved. In this case, AToM also inferred Sam’s goal (drinking coffee), but did not recognize that
Sam had a mistaken belief about the location of cups. Thus,
the executive did not receive this information and would not
have been able to act upon it. However, efficient ToM reasoning—known to be error-prone (e.g., Keysar et al., 2000,
2003)—was achieved.

Discussion
In our proof of concept model, we extended the AToM computational model to iteratively retrieve memories, generate
ToM inferences, and refine its representation in order to resolve inconsistencies. In our proof of concept example,
AToM successfully generated the expected ToM inferences,
and when constrained to be less effortful produced shallow

Related Work
To the best of our knowledge, no other computational cognitive models of ToM reasoning have attempted to model the
two-systems (Apperly & Butterfill, 2009) account of ToM.
However, it is possible that some could be extended to account for this phenomenon.
For example, Hiatt and Trafton (2010) model ToM as a
two-step process that first generates several hypotheses and
then uses inhibition to select the appropriate choice. A possible extension that would allow them to model the distinction
between efficient and effortful ToM might be a change to the
inhibition function: perhaps initial efficient judgements are
less inhibited than later effortful ones. Much like our model,
this would suggest that a single process can account for both
types of ToM reasoning. Unlike our model, however, this
would imply that the effort falls on inhibition of possible inferences, rather than on their generation.
Similarly, the Bayesian Theory of Mind (Baker, Saxe,
& Tenenbaum, 2011), which models ToM reasoning as
Bayesian inference over a joint distribution of possible beliefs/desires integrated with a prior distribution of mental
states, could be adapted to model the two-systems account
by modifying the prior or abstracting the system’s representations. The distinction, then, would come from the types of
assumptions made about people’s mental states (i.e., via the
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prior) or from the generality of the hypothesis space, and not
from the process itself. It is important to note, however, that
as a computational level model (cf. algorithmic level; Marr,
1982), the Bayesian Theory of Mind is intended to model behavior; differences in the model’s processes may not be indicative of differences in the processes of human reasoning.
Others have modeled aspects of the two-systems theory.
Nakos, Rabkina, Hill, and Forbus (2020) model a study
by Epley, Keysar, Van Boven, and Gilovich (2004), which
showed that children have an initial egocentric bias in a perspective taking task. Nakos et al. modeled the perspective taking as reference resolution (the process of identifying which
entities a speaker is referring to) via analogy, and assumed
that a ToM rule would be available to drive corrections in
representations. That is, their model initially retrieved a referent without taking the interlocuter’s knowledge into account,
then corrected its representation upon identifying an error.
This is similar to our approach, both in the use of analogy
and in correction upon finding an error (in our case, a contradiction between an inference and the real world). However,
whereas Nakos et al. used representations of verbal referents
(e.g., ”the big truck”) to determine which object was being
referenced, we use observations of a person’s actions to determine their goals, desires, and beliefs. Furthermore, we
retrieve against a library of memories and make inferences
based on those retrievals. Nakos et al., on other hand, retrieve against a library representing real-world objects and do
not make additional references. Despite the differences in the
two models, the corrective behavior that they are modeling is
similar. Both also must account for another individual’s mental states, if at different levels. As suggested by Nakos et al.’s
use of ToM rules, it is likely that the processes modeled by
the two models are related.
Another computational approach similar to the model proposed here is the Refinement via Analogy for Goal Recognition (RAGeR; Rabkina, Kantharaju, Wilson, Roberts, & Hiatt, 2022) algorithm. RAGeR is not a cognitive model, but
it is also based on the Analogical Theory of Mind (Rabkina
et al., 2017) and also uses re-retrieval to update an observation in order to make predictions about an observed agent’s
goals. Re-representations in RAGeR, however, are effectively
walking up a hierarchical task network (Erol, 1995). It iteratively recognizes tasks in the initial observation and replaces
their components (subtasks and actions) with the recognized
task. On the other hand, the model presented in this work
re-represents to improve its representation of the current observation and re-retrieves to improve its inferences about a
compatriot’s mental states. It is a computational cognitive
model that makes predictions about the processes involved in
people’s ToM reasoning.

Conclusion
While typical adults are capable of impressive theory of mind
reasoning, they fail to reliably apply said reasoning in everyday situations. These and other findings led Apperly and

Butterfill (2009) to propose a two-system model of theory
of mind. One system, efficient but inflexible, arises in early
childhood and does not require explicitly represented beliefs.
The other, which emerges with maturation, allows deep theory of mind reasoning but requires considerable cognitive effort.
In this paper, we have instead argued that efficient and effortful theory of mind could be the result of a single iterative
process, with effort corresponding to re-representation of the
situation under consideration and re-retrieval of relevant analogical comparisons to generate ToM inferences. We present
an extension to the computational implementation of the Analogical Theory of Mind model, and demonstrate how AToM
is capable of producing the intended behavior (Rabkina et al.,
2017).
In future work, we plan to simulate additional behavioral
experiments and investigate how autonomous agents can use
such reasoning to interact in real-time environments (e.g.,
Rabkina et al., 2020). Finally, to date, AToM has relied on
manually constructed episodic memories or domain-specific
training data. We are also interested in examining how other
models of long term memory, including large generative neural models, may be used to simulate episodic memory. As
an example, Mostafazadeh et al. (2020) collected a large corpus of semi-structured natural language causal explanations
which they used to train neural models for causal prediction.
Such models may be able to generate plausible beliefs and
causal chains as a stand-in for real-life experiences.
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Abstract
In the field of cognitive archaeology, the origin of art has
been recurrently explained as a result of the transition to a
fully symbolic mind in our species, H. sapiens. Recent data
is challenging that view as increasing evidence shows that
the cognitive differences between ‘premodern’ and modern
human populations are smaller than previously thought. Yet,
possible cases of Neanderthal and other hominin art are few
and far between, rendering artistic practices mainly a H.
sapiens phenomenon. To explain this, it is necessary to
redefine art and understand it not only as the product of
cognitive operations, but as a behavior embedded in modern
human social interactions.
Keywords: hominin cognition, human evolution, signaling,
material culture, origins of art

Introduction
Anthropological data from across the globe show that
some sort of visual art is present in every human culture
(Anderson, 1992). Due to its wide-ranging presence, art is
often defined as a universal human behavior (Davidson,
2012; Dissanayake, 2009). Similarly, every list of traits
aimed at identifying the behavioral signature of Homo
sapiens in the archaeological record invariably features art
as a key, if not the key component that indicates modern
human activity (Wadley, 2001).1 For these reasons, originsof-art theories have been an important element in human
evolution research for over a century, particularly as a
means to suggest and test hypotheses about human cognitive
and cultural evolution (d’Errico et al., 2003).
Traditionally, the emergence of visual art had been
coupled to the ‘creative explosion’ of the European Upper
Paleolithic, some 40,00 years ago. Until the 1990s most of
the examples of early art, specifically of representational
imagery, came from that period, so it was assumed that it
was then that modern humans acquired the capacity to
‘think in symbols’ and consequently to make art. This
symbolic capacity, in turn, was usually associated with the
1

See, for example: Bar-Yosef (2002); Gilman (1984);
Henshilwood & Marean (2003); McBrearty & Brooks (2000);
Mellars (1996); Roebroeks (2008).

emergence of syntax language, which purportedly marked
the arrival of a new, ‘modern’ mode of cognition (Mithen,
1996). An outcome of ‘creative explosion’ models was the
assumption that extinct hominins and even the earliest
members of our own species lacked symbolic thought,
language, and art-making abilities.
An increasing amount of recent archaeological finds,
especially related to Neanderthals, now indicates that there
is greater cognitive and behavioral continuity between
‘premodern’ and modern human populations than assumed
by those models (Villa & Roebroeks, 2014). Besides having
big brains, complex technologies, and intricate social lives
(Roebroeks & Soressi, 2016), there is evidence that
Neanderthals also had an array of behaviors that until
recently were thought to be unique to modern humans.
Among others, controlling fire (Henry, 2017), producing
composite tools (Niekus et al., 2019), rope-making (Hardy
et al., 2020), creating and visiting ritual spaces (Jaubert et
al., 2016; Pitarch et al, 2021), exploiting ochre minerals
(Roebroeks et al. 2012), and producing visual symbolism
(Hoffmann et al., 2018; Leder et al., 2021; Rodriguez et al.,
2014). In addition, a strong case is slowly building for the
potential linguistic ability of extinct hominins, perhaps
going back to the assumed last common ancestor of
Neanderthals and H. sapiens, H. erectus, some half a million
years ago (Barham & Everett, 2020; Conde et al., 2021;
Dediu and Levinson, 2018). These finds have generated
important questions about the pace and form of modern
cognitive evolution, for example related to what cognitive
traits are unique to H. sapiens, and which were shared with
extinct hominins (Langbroek, 2012; Peeters & Zwart, 2020).

The Earliest Visual Art
Over the past twenty years, early H. sapiens occupations
in Africa and the Levant have yielded the most significant
evidence for art’s origins since the discovery of European
Paleolithic cave art. Finds of red ochre processing for
pigment extraction and of personal ornament production
dated to the African Middle Stone Age have pushed back
the origins of art practices to at least 120,000 years BP
(McDermott, 2021). Similarly, during the past decade
several well-documented claims of Neanderthal art have
come to light. Namely, involving personal ornaments (made
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of shell, eagle talon, or feathers) and painted and engraved
rock art (Hoffmann et al., 2018). But regardless of their
interest, these finds have remained controversial, and if
anything they still are few and far between. Admittedly, the
same could be said for many of the symbolic artefacts
associated with the early modern human populations of the
MSA. So, what is needed are some criteria to determine
whether those early finds should be interpreted as part of a
systematic, culturally-transmitted visual art production.
A starting point could be that art, more than the result of a
cognitive operation, is a cultural system. In addition to
being socially shared, cultural traits are typically persistent,
and variable within a population (van Schaik & Pradhan,
2003). So, if the artefacts in questions were part of a cultural
system of art, they should appear as a recurrent practice in
the archaeological record, and not only as an accumulation
of isolated or ‘one-off’ cases. Therefore, continuity and/or
recurrence in a constrained chrono-geographical span
should work as inclusion criteria for early artworks. This
would encompass, for example, forms occurring at more
than one site within a limited time range (of at least 10,000
years for Pleistocene sites) and within a particular
geographic region (suggesting widespread cultural
practices); forms that occur at more than one archaeological
level in one site (suggesting local transmission of cultural
behavior over time); and, forms that are quantitatively
significant at any given site or period (suggesting that they
were used and/or produced by several individuals, i.e. a
culturally shared behavior). When we apply these criteria to
the earliest purported examples of visual art, most
Neanderthal examples fall through. Prior to 40,000 BP most
artistic output attributed to Neanderthal groups (up to now)
are either more than 10,000 years apart or separated
geographically by large distances (Zilhão et al., 2012).
Whereas, there is slightly more temporal and spatial
continuity in the early evidence associated to H. sapiens
from 120,000 BP onwards.
This may indicate that even if extinct hominins, like the
Neanderthals, were perfectly capable of creating visual art,
it was Homo sapiens that consistently and systematically
engaged in art-making. Of course it is possible that
Neanderthals made art out of organic materials, painted their
bodies, or created sand drawings, all of which would not
have left any trace in the archaeological record. But based
on the material evidence available to us, it seems that artistic
traditions (as a culturally shared set of conventions and
materials) remain to this point largely a H. sapiens
phenomenon. Nevertheless, the traces of these practices
among early modern humans are also somewhat
discontinuous and even disappear from the record for
extended periods of time (Straffon, 2019).
The paucity and slow spread of the earliest artworks
within our own species presents a challenge for cognitive
explanations which suggest that once the capacity for artmaking evolves, it should become manifest quickly and
abundantly throughout the record (Mithen, 1996). But this
need not be the case. As Olga Soffer and Margaret Conkey

pointed out, we must take into account the fundamental
difference between the ‘capacity for’ and the actual
‘performance of’ a behavior (1997). What we need to find
out is the contexts that make a behavior relevant. To achieve
that, in this case, we should consider the possible function
of art among Pleistocene human populations.

Art as Signaling
There are many different proposals about what the
‘original’ function of art might have been, e.g. pattern
recognition (Zeki, 1999); mental problem-solving
(Ramachandran & Hirstein, 1999); adaptive decisionmaking (Thornhill, 1998); increasing mating opportunities
(Miller, 2000); supporting religious behavior (Irons, 2001);
providing scenarios for action-planning (Tooby &
Cosmides, 2001); social manipulation (Aiken 1998); social
cohesion (Coe, 2003; Dissanakaye, 1992); and cognitive
enhancement (Mithen, 2001), just to mention a few.
The only common element throughout all these different
suggestions, as well as more ‘traditional’ views of art, is the
idea that art is able to ‘transmit’, ‘encode’, ‘store’ or ‘evoke’
information, in other words, that art can serve for
communication. The notion of art as communication has
been a recurrent topic in anthropology, particularly within
semiotic approaches which aim at decoding, measuring, or
interpreting the ‘messages’ contained in art, which is seen as
a medium of information or expression (Nowell, 2010).
Often, the communicative function of art is presented either
as self-evident (Lewis-Williams, 2002), or as a side-ffect of
art media (Davidson, 2012). But why and how art
communicates is something that should be explained,
especially if it is championed as a uniquely-human behavior.
In order to understand what art does and how, rather than
what it means, we can apply a biological communication
approach. From the perspective of the ecology of
communication, the focus is not on information and its
exchange, but on how signals allow coordinating behavior
between agents (Bunge, 1998). Communication is thus
defined as a process that ultimately influences and guides
the behavior of the organisms involved in it (Endler, 1993).
In previous work I have argued that, more than a
cognitive operation, art in fact is a communication signal
(Straffon, 2016). More specifically, a signaling system
displayed in material culture or, signaling in artefact mode
(Wobst 1977).
The effectiveness of communication systems is usually
dictated by the fit between signal and response (Endler,
1993). To be effective, signals must be detectable, they must
be in tune with the sensory and cognitive systems of emitter
and receiver, and they must stand out in the signaling
environment. Signals, therefore, are usually under selection
to increase their detectability, discriminability, and
memorability (Gilford & Dawkins, 1991), for which they
often make use of the organism’s pre-established perceptual
capacities and biases (Krebs & Dawkins, 1984). Typical
signal properties include redundancy, conspicuousness,
stereotypy, contrast, pattern, novelty and exaggeration,
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which incidentally are often listed among the core
characteristics of artworks (Dissnayake, 2007; Dutton,
2009).
Art certainly is compatible with the definition of a
communication signal. It is a stimulus intentionally emitted
to convey information to others (about the sender or the
environment) and influence their behavior. Furthermore, art
is clearly coupled to human visual perceptive and affective
systems (Verpooten & Nelissen, 2010). Furthermore, art
manipulates the material properties of objects to stimulate
bio-cultural biases that in turn make the objects increasingly
detectable, discernible, and memorable, and thus effective
as signals (Eibl-Eibesfeldt, 1988). Very possibly, visual art
emerged out of the convergence of pre-existing behaviors in
the hominin lineage like playful exploration, symbol use,
and artefact production, innovatively exploiting aesthetic
and affective resources for communication purposes.
Now I turn to the question of the context in which
signaling through material culture would have been relevant
for Pleistocene humans. Some clues may be found in
ethnography. So far, the earliest forms of visual artistic
behavior found in the archaeological record are the
production of red pigment and the use personal ornaments,
such as beads made of out of small shells. These beads have
been found across the African continent and the Levant and
their use may go back as far as 140,000 years ago
(Sehasseh, 2021). Similar types of practices and ornaments
are found among many present-day hunter-gatherers and
small-scale societies, where they play an important role in
mediating social interactions.
On this basis, various scholars have suggested that visual
art originated as a means of expressing identity (Kuhn &
Stiner, 2007; White, 1993), for instance membership to a
certain group or class (e.g. age group, gender, position,
status, occupation, etc.). But we still need to explain why
signaling identity would have mattered at all, and how
material culture became a medium for it. Many primates
rely only on facial and vocal recognition to manage their
complex social lives. Humans, in addition, can identify
themselves through language, and have the ability to
remember the faces and names of hundreds of other people
(Haxby et al., 2002) so, why use artefacts to communicate
identity? Moreover, if these were effective signals, why is
their presence intermittent in the early record?
As a possible answer, I revisit the idea that signals of
social identity help mediate cooperative interactions
(Straffon, 2016; Wiessner, 1983).

The Context and Function of Early Art
Many aspects of modern human subsistence, resource
exploitation, and reproduction, among others, depend on the
successful collaboration between several (related and
unrelated) individuals. Therefore it has been suggested that
human survival, particularly over evolution, largely hinges
on choosing the right cooperation partners and being chosen
as a worthy partner (Tomasello & Vaish, 2013). This
promotes the necessity to encode information about ‘who

did what’ and to remember such knowledge over long
periods of time (Aureli et al., 2008). Individual recognition
is a key mechanism in cooperative interactions, as it allows
to monitor and recall the behavior of various partners
simultaneously (Crowley et al., 1996). However, this
capacity is constrained by memory, so the number of
cooperative relations one is able to keep track of is
cognitively limited (Dunbar 1992; Gärdenfors et al., 2012;
Rossano, 2010).
Even in contemporary industrialized societies, day-to-day
exchanges still revolve around a small personal network
(Emler, 1990). At the same time, people frequently interact
and cooperate at a much larger scale (e.g. trade and
exchange networks, information sharing networks,
institutions, corporations, etc.). In the latter, contacts are
often indirect, rather than face-to-face, which imposes
pressure on memory, as in large groups it becomes hard to
oversee the behaviour of every individual (Suzuki &
Akiyama, 2005). The fact that, despite the constraints of
memory and space, people are able to cooperate at such
large scales, suggests that modern humans have developed
strategies to economize cognitive processing and overcome
its limitations. Some strategies may have been cognitive,
such as thinking in ‘categories’ (Coward & Gamble, 2008),
whereas others may have been cultural, like using social
markers or emblems to denote group membership
(McElreath et al., 2003).
Given that personal ornaments are known to convey
identity in modern humans, it is likely that the earliest
examples of visual art, such as the ancient shell beads, arose
not as a product of increasing mental ability, but in fact as a
cultural strategy to relieve human cognitive constraints
when dealing with social networks beyond a certain
threshold. Social markers such as dialects (Nettle &
Dunbar, 1997) and material culture styles (Wobst, 1977)
convey information about the identity of a person or a
group, helping to recall social relations without having to
keep track of each actor individually.
Social markers, however, have a minimum efficiency
value. At the level of the intimate network they are
unnecessary because in these small groups, identity is a
constant (Dugatkin, 2002). In contrast, when network size
grows and brief interactions with strangers increase, the
group becomes too large for individuals to manage by direct
personal interactions. It is in this context that social markers
may become useful and necessary. As Wobst suggested
(1977), social markers work best among strangers at a
‘middle distance’ of social relations, that is, individuals who
share the same cultural ‘codes’, but do not know each other
personally (Gärdenfors et al., 2012; Kuhn & Stiner, 2007).
At this ‘middle distance’, social information becomes
clearly important for deciding whether or not to interact and
cooperate.
In this way, early visual art in the form of personal
ornaments culturally extended human memory capacity,
allowing Pleistocene groups to expand their cooperative
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networks, and helping manage emerging social relations
beyond the immediate familiar group.

A Material Culture Perspective
In her work with San hunter-gatherers, Polly Wiessner
noticed that the items of material culture that effectively
portrayed individual identity were visible personal utensils
and body ornaments (Wiessner, 1983). In addition, she
observed that the labor invested in ‘artifying’ an object not
only added aesthetic appeal but also signaled the positive
personal qualities of the maker, such as initiative and skill,
which are traits that are sought-after in a cooperative
partner. Therefore, displaying visually attractive items on
the body, such as shell beads, would be highly suitable for
the function of signaling one’s identity while
simultaneously advertising one’s positive qualities to
potential collaborators. Another advantage of signaling
identity through visible social markers like body ornaments
is that it reduces the risk of aggression from strangers, who
are able to tell at a glance whether the unfamiliar individual
is an ally or a foe, helping foresee and avoid potential
conflict (Eibl-Eibesfeldt, 1988; Kuhn & Stiner, 2007).
The proposal that early personal ornaments arose as a
cultural strategy to mediate relations in emerging
cooperative networks beyond the intimate group seems to fit
the observation that the appearance of beads correlates with
increases in group sizes and the intensification of
interactions throughout the Pleistocene. For most of human
evolution, people interacted only in small networks, for
example in a (extended) family unit, within which every
member knew each other well, so there was no strong
pressure for signaling identity. Consequently, we would not
expect to find evidence for social markers. However,
whenever these small groups started interacting more
frequently and with more distant groups, the subtle
signaling of individual identities through personal
ornamentation became relevant, leaving a tangible trace in
the archaeological record.
The evidence from the African Middle Stone Age
indicates that personal ornaments were the earliest type of
visual art to develop among Pleistocene modern humans and
that, in turn, this development correlated with the
establishment of extended cooperative relations beyond the
small, local family group (Straffon, 2016).
As human populations turned larger and more expanded
across the globe, more intensive interactions between social
networks likely favored the emergence of collective
identities and art forms. Eventually, these larger populations
could support the specialization of art making practices,
allowing for the development of complex artistic traditions
like standardized image-making of the sort that we see in
the rock art of the European Upper Paleolithic.
This renders a two-stage model for the development of
visual art practices. The first arose when it became
important to signal individual identity in order to establish
and manage relations in a cooperative network larger than
the (extended) family group. In the second stage,

cooperative networks expanded in number and across space,
creating a niche for collective identities displayed in
regional material culture styles. This two-stage model for
the evolution of art is consistent with the late Pleistocene
record, where personal ornaments are the earliest
predominant form, and more labor-intensive, collective
forms such as representational art traditions appear only at a
later moment (Straffon, 2019). Indeed, the emergence of
collective forms of art such as regional styles of material
culture and imagery do not appear until the Late Stone Age
in Africa and the late Aurignacian in Europe, respectively,
alongside growing population densities and traces of
increased contact between distantly related groups.
Situating the emergence and development of art in the
social interactions of modern humans can potentially
explain the relative rarity of visual art behavior among the
earliest members of Homo sapiens and also among our
closest extinct relatives, the Neanderthals, without having to
invoke substantial cognitive differences between them.
It is likely that both extinct hominins and the earliest H.
sapiens lived in small communities where everyone knew
each other and interacted on a regular basis. Even if signals
of identity were present, these probably consisted of
practices that did not require investing in durable materials
and laborious techniques. Small group sizes would have
acted as a behavioral (not cognitive) constraint on the
development of a cultural system of art. Without regular
interactions beyond the small network, there is little chance
that signaling through aesthetic material culture would have
been significant among either Neanderthal or early Homo
sapiens populations. This may well explain why the
systematic production of visual art is largely associated to
our species, and only relatively late in our evolution.

Conclusion
In this paper I have attempted to clarify why, despite all
the evidence pointing to the high cognitive and behavioral
complexity of extinct hominins, visual art remains a
behavior closely related to H. sapiens. The explanation, I
suggest, need not invoke differences in cognitive ability but
may in fact be found in the types of social interactions that
characterize these populations and the role that visual
artworks could have played in such relations. Up to now, the
evidence indicates that during the late Pleistocene, modern
humans started cooperating at scales that required the
development of cultural strategies to identify and remember
individuals beyond the familiar group. This likely created a
new niche for artefacts as social markers, resulting in the
emergence of personal ornaments, first, and of regional
traditions of style and representational art, later. This is
consistent with the idea that visual art can be understood as
a human signaling system that exploits species-specific
perceptual biases alongside our propensity to produce
material culture to support communication.
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Abstract
Adaptive scheduling systems aim to estimate the ability of an
individual in order to prescribe a personalized training schedule.
These adaptive systems are often founded on regularities of human
memory such as a learning, forgetting, and the spacing effect. One
such model which has been developed to both account for
regularities of memory and be used in applied contexts is the
Predictive Performance Equation (PPE). One limitation of the PPE
is that it is only able to account for and incorporate information
about a participant’s accuracy on a task and cannot take into account
additional performance measures such as reaction time. To expand
the PPE, we propose a simple extension to the model, allowing it to
account for both accuracy and reaction time measures. Our paper
reports the extension to the PPE as well as a formal model
comparison to another model of learning and retention (Pavlik and
Anderson, 2005). The results of our model comparison reveal that
the extended PPE can both better account and predict an individual’s
performance than Pavlik and Anderson (2005) model.
Keywords: memory, learning, decay, spacing effect,
mathematical modeling, model comparison, model identifiability,
reaction time, adaptive scheduling

Introduction
Adaptive scheduling systems aim to develop technologies
that track the performance and estimate the ability of an
individual over time in order to prescribe when an individual
should be trained on a skill(s) again to maintain or achieve a
predetermined level of competency. These adaptive
scheduling systems can take many forms, including
educational tutoring systems, medical skills training, or fact
based learning systems. The benefit of these adaptive systems
is that they hold potential for reducing the overall amount of
training time required for an individual to reach and maintain

some objective performance criteria by tailoring the time of
training to the individual and their current estimated ability.
To interpret the historical performance of learners and
make prescriptive judgments about their future performance,
cognitive models of learning and retention have been
developed based on three stable findings of human memory.
The first is the power law of learning, where performance is
observed to improve over repeated instances of practice
(Newell & Rosenbloom, 1981). The second is the power law
of forgetting, where performance is observed to decrease as
the time between instances of practice increases (Rubin &
Wenzel, 1996). The third is the spacing effect, where the
retention of information is improved by distributing practice
over time compared to the equivalent amount of practice
conducted within a shorter period of time (i.e.,massed
schedule) (Bahrick, Bahrick, Bahrick, & Bahrick, 1993). To
date, multiple models of memory have been developed which
account for these empirical phenomena across a wide range
of situations (Pavlik & Anderson, 2005; Walsh et al., 2018;
Raaijmakers, 2003). In this paper, we focus on two specific
models of learning and retention, the Predictive Performance
Equation (PPE) (Walsh et al., 2018) and Pavlik and
Anderson’s (2005) (P&A) spacing model.

Accuracy and Response Time Measures
The main focus of the research with PPE and other models
of learning and retention has been to account for an
individual’s objective performance, be it correct or incorrect
response on an item or overall accuracy on a task(s). The
primary attention to accuracy is understandable since ability
to recall has been the primary focus of the memory literature
and is often the focus of improvement in a training scenario.
However, other dependent measures of performance can be
informative from a training and education perspective, such
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as response time (RT). RT has been shown to follow the same
qualitative patterns as accuracy (Tenison & Anderson, 2016),
is often closely associated with the ability to recall from
memory (i.e., memory strength)(Sense, Jastrzembski,
Krusmark, Martinez, & Van Rijn, 2019), and can be used as
a measure of cognitive processing (Tenison & Anderson,
2016). For these reasons, RT can be an informative metric to
assess an individual’s ability under situations where a
participant’s accuracy has plateaued, which is common in
situations of skill acquisition or within a long training
scenario.
As of now, PPE lacks a formal way of simultaneously
accounting for both an individual’s RT and accuracy
measures. Previous attempts to handle RT with the PPE either
have tried to create a new performance metric which
combines RT and accuracy into a single metric (Sense, et al.
2019) or normalize RT data (Collins, Tenison, Gluck, &
Anderson, 2020). In contrast to the PPE, another model of
learning and retention, which can take into account all three
of the memory characteristics previously discussed and
simultaneously account for accuracy and RT data is Pavlik
and Anderson’s (2005) spacing model. Here we examine both
the PPE and P&A model and then propose an amendment to
the PPE based on the formulation of the P&A model that
allows the PPE to take into account accuracy and RT
measures.

Predictive Performance Equation
The standard PPE is composed of six individual equations,
containing 5 free parameters. At the center of the PPE is the
Activation term Mi (Eq. 1), which is a product of a learning
term (a + Nc) and a forgetting term (T-d). The learning term
is a function of the number of exposures to a task ( N ), free
parameter a used to represent prior knowledge on a task,
raised to a constant learning term (c).

Finally, to generate a prediction of performance, PPE’s
activation term (Mi) is nested within a logistic function (Eq.
6), which is controlled by two additional free parameters, τ
and s, controlling the intercept and slope of predicted
performance.
𝑃𝑟𝑜𝑏" =

Pavlik and Anderson’s (2005) spacing model is composed of
two main components: an activation term, Ai, (Eq. 7) and
decay rate, di, (Eq. 8) and contains two transformation
functions to estimate the probability of recall (Eq. 9) and
response time RT (Eq. 10). The activation term (Eq. 7), is a
log sum of the time between the current time (t) and each
previous presentation of an item (tj) offset by an estimated
base level constant (Basei).
𝐴" = 𝑙𝑜𝑔 (∑0621

1

To generate predictions of accuracy, P&A model uses the
same function as PPE (Eq., 6), the Activation term (Ai) is
nested with a logistic function, augmented by two free
parameters τ and s (Eq. 9).
𝑃𝑟𝑜𝑏" =

1
0-1

∗ ∑0-1
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C (Eq. 4)

𝑑" = 𝑏 + 𝑚 ∗ 𝑆𝑡" (𝐸𝑞. 5)
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(Eq. 9)

To generate predictions of response time (RT) the Activation
term is nested in an exponential function, which is
manipulated by an intercept parameter F (Eq.10).
𝑅𝑇" = 𝐹𝑒 -_` (Eq. 10)

(Eq. 3)

<0 =<>?8 @AB

1
1@A d

The decay rate (d) of the forgetting term (Eq. 5) is a function
of the Stability term (Sti., Eq. 4), which is a cumulative
average of time between task exposures. In addition to the
stability term, two free parameters augment the intercept (b)
and slope (m) of the decay parameter.
𝑆𝑡" = ;

(𝑡" − 𝑡6 )-.8 ) + 𝐵𝑎𝑠𝑒" (Eq . 7)

The strength of each previous presentation is proposed to
decay according to the current decay rate (d, Eq. 8). The
amount of decay applied to each instance depends on an
item’s previous activation (Ai-1), which is offset by two free
parameters controlling the intercept (𝛼) and slope (c) of the
decay parameter.

𝑤" ∗ 𝑡" (Eq .2)
789 5

(Eq. 6)

𝑑" = 𝛼 + 𝑐𝑒 _`9a(7) (Eq. 8)

The forgetting term is a function of model time (T, Eq. 2),
which is a weighted (Eq. 3) average of the elapsed time (ti)
between exposures to a task.

𝑤" = 𝑡"-5 ∑0-1
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Pavlik and Anderson (2005)

𝑀" = (𝑎 + 𝑁)* ∗ 𝑇" -. (Eq .1)
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Modification to the PPE The formulation of both the PPE
and P&A share a great deal of similarity. Each model has an
underlying activation term (Eq. 1 & 7), which is then nested
within a logistic transformation function to estimate the
performance of an individual. The largest differences
between the two models lies in their assumptions about how
each model summarizes the passage of time and the
construction of their decay term. See Walsh et al. (2018) for
a detailed comparison and discussion of the theoretical
differences between the two models. Besides the differences
between each model’s underlying formulations, another
difference is in the dependent measures each model can
account for: P&A’s model is able to account for both
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Figure 1. A graphical representation of the Bayesian implementation of Pavlick and Anderson (2005) spacing model (left
plot) predictive performance equation (right plot).
accuracy and reaction time measures; while PPE can only
account for accuracy.
However, due to the similarity between the two models,
we explore generalizing P&A’s model to account for RT data
(Eq. 10) to the PPE (Eq. 12). To allow the PPE to take into
account RT time data, we nest PPE’s activation term within
an exponential function, augmented by an intercept
parameter (F) and an additional slope parameter (f) (Eq. 12).
The slope parameter (f) was added because it was found that
PPE without a slope parameter had difficulty accounting for
response time data. We believe that this is necessary because
PPE’s activation term is not on an unbounded scale as Pavlik
and Anderson’s (2005) activation term which can range
from−∞ to ∞.

schedules, with 3 digit/droodle pairs used per schedule. First
were the long schedules (Long two, four and ten), where
items were presented over the course of both days and the
number of droodle pairs presented during each session were
manipulated. The second type of schedule was the Massed
schedule, where items were presented during one session,
early or late in the day having either a 36 or 12 hour retention
period. The third type of schedule was Level, where items
were presented evenly across all sessions during Day 1 or
Day 2. The fourth and fifth type of schedule was Ramp and
Taper, where the number of item presentations either
increased (Ramp) or decreased (Tamper) over the 4 sessions.
The final type of learning schedule was Short which
presented items 10 times over 2 sessions (Short 2) or 5, 10,
and 5 times over three sessions (Short 3).

𝑅𝑇" = 𝐹𝑒 -h ∗ i` (Eq. 12)
In order to validate the new extension of the PPE we conduct
a formal model comparison between the PPE and P&A’s
model using data from a spacing study (Walsh, Krusmark,
Jastrembski, Hansen, Honn, & Gunzelmann, 2022).

Method
Participants Participants (N = 38) who were part of the
control condition in a larger fatigue study were recruited for
this study (Walsh, Krusmark, Jastrzembski, Hansen, Honn, &
Gunzelmann, G, 2022).
Task Stimuli During the study participants completed a
standard memory recognition task. Participants learned the
matching pair of a two digit numbers and random line
drawings, called droodles (Nishimoto, Ueda, Miyawaki,
Une, & Takahashi, 2010).
Experimental Design The experiment was conducted over a
period of three days where participants learned number and
droodle pairs over 17 individual learning schedules (Table 1).
Days 1 and 2 were the learning phase of the experiment where
each digit/droodle pair was presented 20 times. Day 3 was
testing phase where pairs were each presented 2 times. Of the
17 learning schedules there were 5 different types of
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Table 1. A visual representation of the the17 individual
schedules, showing the time, number of presentations
per session, that Participants learned digit droodle pairs
over the course three days

Figure 2 The average performance (response time – left plot, accuracy – right plot) of participants (solid black line) and
model fit (trials 1-19) and predictions after a 12 and 36 hr delay (trials 20-23) of the PPE( blue line & ribbon) +/0 95%
HDI and P&A +/- 95%HDI model (red line and ribbon).
Procedure To complete the experiment participants sat down
in front of a computer screen, where the droodle was
displayed. Participants were given up to 6 seconds to type
with their dominant hand the droodle’s associated two digit
number. Once the participant entered their response, they
received feedback on whether their answer was correct or
incorrect, in which case they had two seconds to examine the
correct answer. After receiving feedback participants were
shown the next stimuli.

performance over the course of the experiment, each model
was calibrated to the performance of each individual number
- droodle pair over the first two days of the experiment and
then predicted the participants' performance on the 3rd day
after a 12 or 36 hr lag (Table 1). Each model was run with 3
independent chains for 9000 iterations with a 2000 iteration
burn in period. All chains were visually inspected for
convergence.

Bayesian Models In this paper both PPE and P&A were
implemented as Bayesian models in JAGS. Each model is
represented in a graphical format (Figure 1. P&A – left plot,
PPE- right plot;), showing each variable type (circles continuous variables, squares - discrete variables) each
model's free parameters (unshaded circles) and fixed
variables (shaded circles and square), along with variable
type (stochastic elements - double circles and deterministic
elements single circles). A comparison between the two
models again reveals a great deal of similarity between each
model’s underlying formulation. Each model’s activation
term (PPE - Mi, P&A - Ai) is the deterministic product of
fixed inputs (PPE - Ni, Ti, STi, ; P&A - t, tj,) and free
parameters (PPE - b, m, a, P&A - 𝛼 , c, Base). The activation
term of both models is nested within a logistic function to
estimate the probability of a correct response augmented by
the 𝜏 and s parameters. The probability of a correct response
served as a parameter for a Bernoulli distribution to account
for the participant’s accuracy on each trial. To account for the
participant’s response time, each model’s respective
activation term is nested within an exponential function,
augmented by an intercept parameter (F) with an addition of
a slope parameter (f) for PPE only. The mean response time
is then combined with a free parameter K controlling the
variance of the distribution to determine the shape and rate
parameter of a gamma distribution to account for the
participant’s observed RT measure on each trial. To compare
each models' ability to both fit and predict the participants’

Here we evaluate how well the PPE and P&A model were
able to calibrate and predict the participants’ accuracy and
response times (RT) of performance across the 17 individual
schedules. To assess each models’ performance, we
compared each model’s aggregate performance (Figure 2)
and individual fit statistics across the 17 learning schedules
for both dependent measures (i.e., accuracy and RT) (Figure
3). Finally, we computed Bayes Factors for both accuracy,
RT, and for both dependent measures of the model’s
predictions of the participants recall session.
Accuracy: From a visual inspection of each model’s fit
and predictions of the participant's accuracy measure (Figure
2 – right panel), little difference is observed. During the
acquisition period (trials 1-19), both PPE and P&A are seen
to qualitatively fit the average accuracy of each of the training
schedules. However, one consistency seen across the model
fits is that PPE inferred higher average levels of initial
performance early in the acquisition phase compared to the
P&A model, but then later on P&A model is seen to under fit
the participants’ performance compared to the PPE. Though
little difference is observed between the acquisition period,
larger differences are seen between the models’ predictions
after the 12hr (trial 20 & 21) and 36hrs (trial 22 & 23) lag .
Over a majority of the schedules, the P&A model consistently
under predicts participants’ performance relative to the PPE,
with the exception of the Massed Early and Late schedule.
Additionally, the 95% Highest Density Intervals (HDI) of the

Results
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Model fits and predictions: Response times

Model fits and predictions: Accuracy
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Figure 3. The correlation (r) (upper panel) and RMSD (lower panel) between the PPE (blue dot) and Pavlick &
Anderson’s (2005) (red dots) and the participants’ individual performance during the models’ fits (acquisition) predictions
of the 12 and 36 hour delay for the participants accuracy measures (left panel) and response time measures (right panel).
P&A model is consistently larger than the PPE’s. One
reaction time). Our results found that the majority of the
participants' data (81%) were much more likely under the
interpretation of the model’s HDI is that
P&A is more
PPE model (BF > 3), while 7 of the participants' data (19%)
uncertain about the participants’ expected performance
were more likely under the P&A model (BF < 1/10).
compared to the PPE.
Turning to the model assessment
Comparing the two models based on each participant’s
at the individual level (Figure 3) it can be seen that across all
reaction time data and their overall performance all
schedules when both fitting and predicting participant's
participants were found to be more likely to come from the
accuracy measures, PPE was found to have a higher
PPE model than the P&A model (BF > 10 ).
correlation (r) and lower RMSD compared to P&A model
across all 17 schedules.
Reaction Time An examination of each model’s fit and
predictions of the participants RT measures warrants similar
conclusions when compared to each models’ performance
when accounting for participants’ accuracy (Figure - 2 left
panel). Both models fit the qualitative pattern seen in the
participants' average response time measures. One clear
visual difference that is observed between the two models are
that the P&A model generates faster response times
consistently across all schedules, while PPE better captures
the average RT across all 17 schedules. Looking at each
model’s out of sample predictions (12 - 36 hour lag), it is
consistently seen that the P&A model over predicts
participants' response times across each of the schedules,
with the exception of the Taper schedule, and under predicts
response times in the Ramp and Semi-three schedule. Again,
in contrast, PPE’s out of sample predictions does a better job
at predicting average RT across each of the schedules. These
findings are again supported when looking at the descriptive
statistics evaluating each model at the individual participant
level, for each of the learning phases (acquisition, 12 hrs and
36 hrs recall) (Figure 3), PPE was found to better fit and
predict participants RT measures compared to the P&A
model.
Bayes Factor Finally, in order to quantify the differences
between the predictions of both models, a Bayes factor for
each individual participant across the 17 schedules was
computed. For a holistic comparison, three different BF were
compared comparing the models’ predictions for accuracy,
reaction time, and overall performance (accuracy and

Discussion
In this paper we compared two models of learning and
retention and their ability to account for and predict
participants’ accuracy and response time data. Both the PPE
and Pavlik and Anderson’s (2005) model have been shown to
account for the same psychological phenomena (i.e., power
law of learning, power law of forgetting, and spacing effect)
and have been used in real world applications (Pavlik &
Anderson, 2008; Sense, Van der Velde & van Rijn, 2021
Gluck, Collins, Krusmark, Sense, Maaß, & van Rijn, 2019).
One difference between the two models is that PPE lacks a
formal way to account for an individual’s RT data. This
limitation makes PPE a one dimensional model of memory
that bases its prescriptions only on an individual’s historical
accuracy. To rectify this limitation, an additional
transformation function, generalized from Pavlik and
Anderson’s (2005) spacing effect model and the ACT-R
architecture (Anderson, 2007), was added to the PPE,
allowing the PPE’s activation term (Mi) (Eq.,1) to account for
RT accuracy. To evaluate the PPE’s new formulation, PPE
was compared to Pavlik and Anderson’s (2005) model by
assessing each model’s ability to both fit and predict a
participants’ performance (RT and accuracy) across a variety
of learning schedules.
The results of our model comparison were clear: when
accounting for both of the participants’ dependent measures
(accuracy and RT), PPE both better fit and predicted (Figure
3) a majority of performance metrics across each of the 17
schedules in the experiment. The results of this comparison
were further supported by the evaluation of the Bayes factor
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for each participant. When looking at each model’s accuracy
predictions, PPE was favored over P&A model for 31 out of
38 participants. While the Bayes factor for both predictions
of reaction time and overall metric, unanimously favored
PPE. These results highlight that despite the complexity of
the PPE, its ability to better predict the participant’s
performance suggests the additional complexity of PPE
warranted.
The results reported here in this paper between the PPE
and P&A model are consistent with a previous model
comparison by Walsh et al. (2018). However, the previous
comparison only compared the two models based on their
ability to account for accuracy. The differences in the
performance between these two models likely stems from the
construction of each model’s decay term. Pavlik and
Anderson’s (2005) model formulates the most recent
activation values within the decay term (Eq. 8, 9, 10) and
each of the transformation functions, making the activation
term entirely responsible for accounting for both the observed
performance (Eq., 9,10) and for memory decay (Eq.. 8). In
contrast, PPE casts the decay term as a function of an item’s
previous presentation history (Eq., 4), giving for PPE two
separate mechanisms one for recall (Eq. 5) and decay (Eq. 6)
(Walsh et al., 2018). This formulation of the PPE is in line
with Bjork and Bjork’s (1992) theory of use and disuse.
Finally, the results reported in this paper have several
implications for using PPE within an adaptive learning
system. First, being able to take into account both dependent
measures of performance (accuracy and RT ) could improve
PPE’s ability to make finer grained assessment of an
individual’s ability on a skill or piece of factual knowledge.
For example, PPE could use the estimated performance of
both response time and accuracy across a range of learned
material to better determine what material would benefit the
most from study. Such information can be extremely useful
when an individual has to learn a large amount of information
(e.g., foreign language learning) and the adaptive system has
to attempt to prescribe material which would benefit the most
from practice. Second, accounting for both accuracy and
response time using PPE could better allow an adaptive
system to determine when an individual has reached an
appropriate level of ability or reached mastery on some
material. Determining performance mastery using several
different performance values could improve an adaptive
systems ability to insure that an individual is trained to a level
of ability that is required when the individual must apply the
knowledge in a real world situation.
Limitations and Future Research
Though the results from the model comparison presented
here are promising, several limitations should be noted. One
limitation is how the model accounted for response time. We
used a gamma distribution for our likelihood function which
has been used to account for response time data in other
studies (Tenison & Anderson, 2016). Though one criticism
has been that the parameters of a Gamma distribution are
difficult to interpret. Future research should explore using

other candidate distributions, such as log normal or Weibull
distribution to account for response time data. Second, Pavlik
& Anderson (2005) have suggested offsetting the decay
intercept between sessions arguing that decay between
sessions is slower then within sessions. We choose not to
implement this between session offset of the model to allow
more direct comparison between the models as been in
previous model comparisons (Walsh, et al. 2018).
Finally, the work presented in this paper have implications
for two direct lines of future research. First, in this paper we
fit each model to the individual items learned over the course
of the experiment for each participant. However, these
models could naturally be extended to a hierarchical format.
A hierarchical model implementation would allow for more
constrained implementation of PPE and allow for parameters
to be estimated at multiple levels of aggregation. Second, the
extended multivariate version of the PPE has the potential to
expand the capability of PPE to account for more complex
skill acquisition tasks, where accuracy often plateaus and
reaction time is the primary informative dependent measure
(Tenison & Anderson, 2016).
Conclusion
In the area of adaptive scheduling, accounting for a
participant’s accuracy and response time to learned items has
been highlighted as being important to prescribe schedules of
practice for an item. In our previous research, the PPE has
primarily focused on accounting for measures of accuracy.
The evaluation of this extension shows that PPE can be
extended to both account for and predict accuracy and
response time measures. Furthermore the PPE’s extension
evaluated here, generalized from Pavlik and Anderson,
(2008), was originally taken from the ACT-R architecture.
This provides further theoretical grounding for the PPE and
links PPE to a broader theory of memory. In conclusion, our
results add further empirical evidence that PPE can be used
as a prescriptive adaptive scheduling tool, which can account
for multiple dependent measures.
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Abstract
Contrary to the classic idea of arbitrariness in mappings
between words and meanings, many languages have words that
mimic the sounds of their referents (onomatopoeia) and other
subtler sound symbolic associations. However, our knowledge
concerning the characteristics of sound-meaning links is still
limited. Previous research mostly focused on languages with a
large (e.g., Japanese) or limited (e.g., English) inventory of
sound symbolic words. We conducted a word-production study
with native speakers of Turkish, a language with a moderate
amount of sound symbolic words, and examined links between
sound properties (e.g., voiced vs. voiceless) and semantic
dimensions (e.g., size, speed) in describing motions. Some of
the sound-meaning links identified were the links found in
Japanese and English samples in previous studies (Saji et al.,
2019), whereas many seem to be specific to Turkish. This study
provides initial evidence for language-specific sound
symbolism in Turkish and links that are consistent across
languages.
Keywords: sound symbolism; iconicity; Turkish; locomotion;
sound-meaning association

Introduction
In traditional linguistics, the relationship between sound and
meaning has been considered arbitrary (e.g., de Saussure,
1983). In line with this arbitrariness assumption, there exist
countless examples where different sounds correspond to the
same meaning across different languages (e.g., the referent is
the same for dog, köpek, inu, hund, perro). Challenging this
complete arbitrariness view, however, a large body of
research provides additional evidence for consistent and
systematic sound-to-meaning mappings (Blasi et al., 2016;
Köhler, 1947; Ramachandran & Hubbard, 2001; Imai et al.,
2008; also see Dingemanse et al., 2015; Perniss et al., 2010).
Sound symbolism refers to non-arbitrary mappings between
sound and meaning and is found in many languages. Japanese
is known to have a large inventory of grammaticalized sound

symbolic words (Hamano, 1998). For example, describing
the manner of locomotion, yotayota refers to a clumsy walk
while hyoihyoi may indicate effortless hopping (Kanero et al.,
2014). English, on the other hand, does not have many
conventional sound symbolic words; but even in English,
there are some onomatopoeic words such as splash, buzz,
knock, and boom that mimic real sounds. Previous research
has mostly focused on languages with a large number of
conventional sound symbolic words (e.g., Japanese) and
languages with a very limited number of sound symbolic
words (e.g., English). Here, we argue that all languages can
be placed within a continuum based on how sound symbolism
is reflected in their lexicons, and “in-between'' languages
should also be examined. As the first of its kind, the current
study examined how sound symbolism was reflected in the
Turkish language.
Turkish has a considerable number of sound symbolic
expressions (Akyıldız-Ay, 2017; Demircan 1996; 1997; Ido,
1999; Jendraschek, 2001; Zülfikar, 1995). These expressions
share some similarities with Japanese mimetics such as a
reduplicative structure (e.g., harıl harıl, which is used to
indicate working hard or non-stop) and consonant-vowelconsonant-vowel (CVCV) form (e.g., piti piti is used when
describing walking away slowly with small steps). The range
of both conventional and unconventional sound symbolic
words in the Turkish language and their similarities to sound
symbolic words in Japanese makes Turkish a unique and
ideal example for the study of sound-meaning associations.
Critically, although anecdotal evidence suggests that Turkish
is considerably rich in sound symbolic words, no
experimental research has explored how sound symbolism is
reflected in the vocabulary used by Turkish speakers.
Research investigating sound symbolic associations
beyond conventional sound symbolism and imitative words
across languages typically uses forced-choice designs (e.g.,
Ćwiek et al., 2022; Sidhu et al., 2021) or ratings on different
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semantic categories for a given list of (non)words (e.g.,
Kambara & Umemura, 2021; Knoeferle et al., 2017). Less is
known about how people intuitively produce words with
systematic sound-meaning correspondences when describing
non-acoustic stimuli (Saji et al., 2019; Shinohara et al., 2016).
A previous study by Saji et al. (2019) investigated sound
symbolic associations in English and Japanese speakers and
identified shared as well as language-specific properties.
Participants were shown videos displaying an individual
walking in different manners and asked to 1) rate the motion
on five semantic dimensions (i.e., size, speed, weight,
energeticity, and jerkiness), and 2) produce a word that they
think describes the motion in the specified CVCV format.
Using a data-driven approach, they found that across both
samples, voicing of the consonants had an association with
semantic dimensions. They also reported language-specific
sound symbolic links. In particular, voiced consonants were
associated with larger and heavier motions in the Japanesespeaking sample, and with slower motions in the Englishspeaking sample. In addition, the nasal manner of articulation
of consonants was associated with slowness and lower vowel
was linked to fastness in the Japanese group. Palatal and velar
consonants were linked to lighter and jerky motions in the
English group. These findings were informative for gaining
insight into the cross-linguistic and language-specific soundmeaning mappings. However, the extent to which similar
sound symbolic associations would be observed in other
languages that differ in their inventory of sound symbolic
words remains to be investigated.
Turkish, despite containing many sound symbolic words
and expressions, has not been studied extensively to uncover
the characteristics of sound-meaning associations in different
domains. Turkish is rich in sound symbolic words imitating
motions (Akyıldız-Ay, 2017; Ido, 1999; Jendraschek, 2001).
For example, patlamak (to explode) imitates the sound of an
explosion, or zıp (to jump) corresponds to the up and down
movement of an object. The sound -rt is related to rapid and
sudden motion and is used in words like fırt referring to liquid
suddenly moving out of its container (Akyıldız-Ay, 2017).
However, it is not clear whether these sound-symbolic
correspondences are specific to Turkish or whether they
reflect a sound inventory of Turkish.
In the current study, we present the data from a motionrelated word-production study in a sample of native Turkish
speakers. Given the results of previous research reporting
both shared and exclusive sound symbolic patterns for
English and Japanese (Saji et al., 2019), we further explored
the similarities with previously reported sound symbolic
associations in a large set of words produced by Turkish
speakers.

consisted of 59 participants (Mage = 22.48, SD = 1.21).
Participation in the study was voluntary and the participants
did not receive any monetary compensation except for course
credits. No personal information was collected other than the
date of birth, sex, languages the participant speaks besides
Turkish and their proficiency in those languages. This study
was approved by the Ethics Committee of the local
Institutional Review Board of the same university where the
data were gathered.

Materials
The stimuli consisted of 70 video clips (Saji et al., 2019).
Each video was 4-15 seconds long and showed a person
moving from the left side to the right side of the screen in
different manners (e.g., running, stomping). The actions in
the videos were expected to differ in perceived size, speed,
weight, energeticity, and jerkiness.

Procedure
We collected the data using the online questionnaire software
Qualtrics (Qualtrics, Provo, UT). Participants were provided
with a survey link and instructed to start the experiment in a
quiet environment with no distraction. After providing
consent to participate in the study, they completed the two
tasks: rating task and word production task. All participants
completed the tasks in the same order.
Rating Task Participants watched each of the 70 videos
showing different manners of locomotion and rated them in
terms of five dimensions: “size”, “speed”, “weight”,
“energeticity”, and “jerkiness” (Saji et al., 2019). They were
instructed to follow their intuition without thinking too much
when indicating their ratings. The videos were presented to
the participants in randomized order. All dimensions were
rated on an 11-point scale ranging from -5 to +5 with 0
indicating that the dimension was not associated with the
motion.
Production Task Participants were then asked to watch the
same 70 videos presented in the rating task again and come
up with (non)words that, according to them, matched each
action presented in the videos. They were instructed to
produce a novel word by using the template of CVCV (e.g.,
fofo, yalo), and type the word in a text box. We included the
same words that Saji et al. (2019) used as an example (e.g.,
tepu, bobo, şoki) in the instructions to clarify the task. There
was no time constraint for the participants to complete the
experiment, and they were asked to complete each task at
their own pace.

Data Coding

Methods
Participants
Sixty native Turkish-speaking undergraduate students were
recruited for the study. We excluded one participant who did
not provide answers in the CVCV format. Our final sample

A total of 4024 CVCV-formed words were included in the
analyses. The words that were clearly based on conventional,
already existing words were excluded from the analyses (e.g.,
robo, zıpı [similar to the verb stem zıpla- that means to jump
or hop in Turkish], hızı [similar to hızlı—fast or quick in
Turkish], yava [similar to yavaş—slow in Turkish]). The first
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syllable of each novel word (C1V1) was coded
phonologically to be used in further analyses. The coding
scheme for the consonants included place of articulation,
manner of articulation, voicing; and height, backness and
roundness for the vowels (Bailey & Hahn, 2005; Saji et al.,
2019).

Statistical Analyses
We analyzed the semantic ratings for each dimension and the
words generated by the participants using multilevel
regression models (lmer function in the lme4 package in R;
Bates et al., 2015; R Core Team, 2019). In addition, anova
function in the lmerTest package was used to calculate and
report the p-values (Kuznetsova et al., 2017). Post-hoc
analyses were conducted using the emmeans package (Lenth
et al., 2018).

Results
Table 1 shows the frequencies of the phonological features in
a data set of novel motion-words produced by native Turkish
speakers. The numbers in parentheses represent the
percentages of observed phonetic values within the phonetic
feature categories. The order of frequencies in place and
manner of articulation was identical with those in English and
Japanese from Saji et al (2019); alveolar and labial (place of
articulation), stop and fricatives (manner of articulation)

appear more frequently than the other phonetic features. This
suggests that participants produced sounds in a non-random
fashion, recruiting the inventory of sounds typical of Turkish.
We specified separate models for each dimension where
the variance in participant ratings were explained by different
phonological characteristics of the words produced. We
included fixed effects for all categories. Both the subject and
video effects were specified as random intercepts in the
models. All significant effects are reported in Table 2.
Results of the multilevel regression analysis for the size
dimension show that the manner of articulation of consonants
explained the variance in the perceived size significantly
(F(6, 3899) = 3.37, p = .003). Post-hoc pairwise comparisons
of the manners of articulation showed that using nasal
consonants was associated with motions perceived as smaller
particularly when compared with the use of affricate,
fricative, and stop consonants.
Manner of articulation of consonants also explained the
variance in the speed dimension significantly (F(6, 3902) =

Table 1: Frequency table of phonological features
Consonant
Feature
Place of
articulation

Manner of
articulation

Voicing
Vowel
Feature
Height

Backness
Roundness

Category
Alveolar
Labial
Velar
Glottal
Palatal
Stop
Fricatives
Nasal
Lateral
Glide
Flap
Affricates
Voiced
Voiceless

Frequency
1753 (43%)
1120 (28%)
460 (11%)
368 (9%)
368 (9%)
1733 (43%)
1162 (29%)
365 (9%)
246 (6%)
229 (6%)
187 (5%)
147 (4%)
2013 (49%)
2056 (51%)

Example
tata
piti
kati
hahi
yula
dire
siya
munu
lalı
yuta
ripi
çiçi
mimi
fiti

Category
High
Mid
Low
Back
Front
Round
not Round

Frequency
1585 (39%)
1272 (31%)
1212 (30%)
2653 (65%)
1416 (35%)
1297(32%)
2772(68%)

kıpı
moro
tara
sama
melo
zuzu
piti

Table 2: Type-III ANOVA table for model fixed effects
Size
Voicing
Place
Manner
Height
Backness
Roundness
Speed
Voicing
Place
Manner
Height
Backness
Roundness
Weight
Voicing
Place
Manner
Height
Backness
Roundness
Energeticity

numDF
1
4
6
2
1
1

denDF
3904.8
3900.2
3898.0
3906.2
3909.3
3906.7

F
1.351
1.283
3.354**
0.526
0.378
0.910

numDF
1
4
6
2
1
1

denDF
3908.7
3904.5
3900.7
3908.7
3914.1
3911.3

F
2.097
2.021
3.734**
1.066
0.126
2.056

numDF
1
4
6
2
1
1

denDF
3934.5
3926.8
3921.9
3931.9
3940.8
3937.7

F
6.082*
2.090
1.888
2.683*
0.214
0.048*

numDF
denDF
F
Voicing
1
3919.7
0
Place
4
3914.4
3.520**
Manner
6
3909.3
2.193*
Height
2
3918.4
1.213
Backness
1
3926.1
0.032
Roundness
1
3922.8
1.110
Note: p < 0.001 '***' p < 0.01 '**' p < 0.05 '*'
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3.78, p = .001). Post-hoc analyses further showed that this
effect was due to nasal consonants being associated with
slowness of the motion particularly relative to fricative (β = 0.58, SE = 0.13, p < .001) and stop consonants (β = -0.47, SE
= 0.12, p = .002).
Results of the analyses for the weight dimension revealed
a different pattern such that both the voicing of the
consonants (F(1, 3936) = 6.74, p = .009) and the backness of
the vowels (F(1, 3947) = 4.79, p = .029) explained the
variance in perceived weight significantly. Voiced
consonants were associated with heavier-perceived motions
compared with voiceless consonants (β = -0.24, SE = 0.09, p
=.009). High vowels were associated with lighter motions
relative to the low vowels (β = -0.335, SE = 0.13, p = .04).
Unrounded vowels were associated with lighter motions than
rounded vowels (β = -0.23, SE = 0.12, p = .04).
Multilevel regression analyses with energeticity as the
outcome variable showed that both the place (F(4, 3916) =
3.57, p = .007) and manner of articulation (F(6, 3911) = 2.21,
p = .039) of consonants explained the variance in the
energeticity ratings significantly. Further analyses revealed
that the use of the glottal consonant was linked to higher
perceived energeticity especially when compared with using
alveolar (β = 0.45, SE = 0.14, p = .012) and labial consonants
(β = 0.43, SE = 0.14, p = .024). Additionally, nasal
consonants were associated with higher perceived
energeticity, particularly relative to fricatives (β = 0.44, SE =
0.14, p = .030).
No phonological category explained the variance in the
jerkiness dimension significantly in the novel motion words
produced by native Turkish speakers (ps > .05).

Discussion
In this study we investigated sound symbolism in motionrelated (non)words produced by native Turkish speakers. We
focused on the links between phonological features of the
words that correspond to different motions and ratings on
different semantic dimensions (i.e., size, speed, weight,
energeticity, jerkiness; Saji et al., 2019).
We found that the nasality of the produced word was
important for three of these semantic dimensions.
Specifically, native Turkish speakers produced words that
started with nasal consonants such as /m/ or /n/ corresponding
to motions they rated as smaller in size, slower, and slightly
more energetic. In addition, we observed the following links:
voiced consonants – heavier motions, front vowels – lighter
motions, and the glottal consonant (i.e., /h/) – more energetic
motions. These results partially corroborate previously
reported sound symbolic associations in the motion domain.
For example, the mapping between nasal consonants and
slower movements is in line with the previous findings in a
Japanese-speaking sample (Saji et al., 2019). Similarly,
native Turkish speakers came up with words that started with
voiced consonants for motions they perceived to be heavier
as in Japanese (Hamano, 1998; Imai et al., 2008; Saji et al.,
2019). Another frequently reported sound symbolic link in
the literature concerns the mappings between voiced

consonants and larger objects or movements (Newman, 1933;
Saji et al., 2019; Thompson & Estes, 2011). However, we did
not observe a similar voicing–size association in the current
study. Although voiced consonants were not associated with
larger-perceived motions significantly, voiced consonants
showed an overall trend of association with larger motion
ratings.
Our finding that both high vowels and unrounded vowels
were associated with lighter motions has not been reported
previously, though some studies have reported vowel
backness are associated with heavy objects; back and open
vowels have been found to symbolize the perceived
heaviness of the objects relative to front and close vowels
(Walker & Parameswaran, 2019). Compared to the more
frequently cited association between vowel height and object
size (e.g., mil/mal effect where the word with a high vowel is
associated with smallness; Sapir, 1929), the one between
height– weight has not been studied widely. The similar
situation is seen in the case of vowel roundness. D'Onofrio
(2014) noted that rounded vowels are sound-symbolically
connected to larger size, as the shape of the lips form a larger
opening in rounded vowels. It is possible that there are some
correspondences between semantic dimensions (e.g., smalllight, large-heavy; Walker & Parameswaran, 2019), although
we did not observe a relationship between vowel backness
and size of the motion in the current study.
Lastly, Turkish speakers produced words starting with the
glottal (/h/) and nasal consonants for the motions they rated
as more energetic. This glottal-energetic association has not
been previously reported in other languages and might be
more specific to Turkish. It is thus important for future
studies to investigate this link further in Turkish alone and in
comparison to other languages. The link we found between
nasal consonants and energeticity seems counterintuitive
given that nasality was also associated with slower-rated
motions in the current sample. When we asked participants to
indicate their ratings on different semantic dimensions, we
did not define what constitutes an energetic motion to keep
the procedure comparable to the previous study (Saji et al.,
2019). Some participants might have rated motions that
seemed to require more energy in execution as more
energetic. If this is the case, then these motions might also be
the ones perceived to be slower. This possibility should be
investigated more directly in future studies.
One of the limitations of the study is the sample
characteristics. All participants were university students with
a good knowledge of English, and their English skills could
have affected the ways they came up with words in our task.
However, none of the participants spoke Japanese. The
similarities in sound symbolic links to those in the Japanesespeaking sample and dissimilarities to the English-speaking
sample suggests that these native Turkish speakers were not
influenced by their knowledge of English to a large degree.
Another potential limitation is that we asked participants to
write the words instead of recording their speech. One might
argue that transcribing and coding words based on recordings
is better suited for capturing the phonetic properties of the
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words. That was indeed why Saji et al. (2019) asked their
English-speaking participants to additionally pronounce the
words. However, it should be noted, like Japanese, Turkish
has a very high grapheme-to-phoneme correspondence
allowing us to make inferences based on written words.
To our knowledge, this is the first study to investigate
motion-related sound symbolic associations in a sample of
native Turkish speakers. Our method allowed Turkish
speakers to produce words that intuitively correspond to
motions with different attributes. Overall, the findings
demonstrate the Turkish-specific sound-to-meaning
mappings in the motion domain and to what extent sound
symbolic associations are shared with previously studied
languages.
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Abstract
We examined how rhythmic activities affect children’s
perspective-taking in a referential communication task with 69
Chinese 5- to 6-year-old children. The child first played an
instrument with a virtual partner in one of three coordination
conditions: synchrony, asynchrony, and antiphase synchrony.
Eye movements were then monitored with the partner giving
instructions to identify a shape referent which included a prenominal scalar adjective (e.g., big cubic block). Participants
with awareness of their partner’s perspective could, in
principle, identify the intended referent before the shape was
named when the target contrast (a small cubic block) was in
shared ground whereas a competitor contrast was occluded for
the partner. Children in the asynchrony and antiphase
synchrony conditions, but not the synchrony condition, showed
anticipatory looks to the target, suggesting that playing
instruments asynchronously or in alternation facilitates
perspective-taking, likely by training self-other discrimination
and inhibitory control.
Keywords: rhythmic coordination; perspective-taking;
referential communication; social development; social
cognition

Introduction
Perspective-taking—the distinguishing of one’s own
knowledge from that of others—plays a crucial role in
children’s social cognitive development, including enabling
effective communication and other forms of social
interactions. Most existing work measures children’s
perspective-taking, or “Theory of Mind”, by asking children
to explicitly provide answers regarding other people’s
knowledge or desires (e.g., false-belief tasks, Li et al., 2019;
Wimmer & Perner, 1983). However, many real-life social
interactions require automatic and continuous perspectivetaking (Flavell et al., 1981; Surtees & Apperly, 2012; Surtees
et al., 2016). One common measure of implicit perspective-

taking manipulates physical co-presence (Clark, 1996) in a
referential communication task (Keysar et al., 2000).
Interlocutors’ views of some potential referents differ,
allowing researchers to infer whether listeners can exploit
perspective differences, to either disambiguate a target
referent which is in the common/shared ground from a
competitor that is occluded from the interlocutor (Keysar et
al., 2000; Savitsky et al., 2011) or anticipate an otherwise
temporarily ambiguous referent. The logic of the
manipulation is to manipulate physical co-presence while
using instructions with prenominal scalar adjectives, which
typically refers to a referent whose contrast should also be in
the common ground.
Children are sensitive to perspective differences at a young
age. Evidence supports a fundamental change in “Theory of
Mind” around four when children are first reported to pass
standard false-belief tasks (Flavell et al., 1990; Wellman &
Bartsch, 1988). However, children’s anticipatory looking
behaviors in revised false-belief tasks show some awareness
of false beliefs among 2- and 3-year-old children (Clements
& Perner, 1994; Garnham & Perner, 2001; Garnham &
Ruffman, 2001; Southgate et al., 2007) and even 15-monthold infants (Onishi & Baillargeon, 2005).
Implicit perspective-taking in communication, however,
has only been observed after four. In a referential
communication task that requires ground information for
disambiguation, 5- to 6-year-olds could produce and
understand instructions with awareness of others’
perspectives (Nadig & Sedivy, 2002). With a similar design,
Nilsen and Graham (2009; cf. Fan et al., 2015) found that 4to 5-year-olds and 5- to 6-year-olds were sensitive to their
partner’s perspective in communication. When prompted to
choose a referent that is ambiguous linguistically, they were
able to use information that one of two otherwise ambiguous
referents was not visible to the speaker, and hence not the
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intended target. However, for referential communication
tasks that do not require ground information for
disambiguation (i.e., the instruction is locally but not globally
ambiguous (Heller et al., 2008), it is not yet known whether
children still use ground information.
Children’s perspective-taking skills are argued to be
cultivated through joint actions with shared goals (Moll &
Tomasello, 2007). Joint rhythmic activities are an example.
In children and adults, joint singing, dancing, and moving in
time promote prosocial behaviors (Cirelli et al., 2014;
Kirschner & Tomasello, 2010; Rabinowitch & Melzoff,
2017). Many argue that synchrony is the mechanism
underlying these positive social effects (e.g., Hove & Risen,
2009; Reddish et al., 2014). Participants making synchronous
movements develop a stronger sense of unity and feeling of
interdependence, thus becoming more inclined to cooperate,
help and share in subsequent social interactions (Kirschner &
Tomasello, 2010). Subsequent research found that antiphase
synchrony (moving in alternation as opposed to mirroring
each other) increased prosociality to the same extent (Cirelli
et al., 2014; Wan & Zhu, 2021). Synchronous rhythmic
coordination also increases adults’ self-reported mentalizing
tendencies and skills toward their synchronizing partners,
although accuracy of mental state recognition was unaffected
(Baimel et al., 2018). Recent developmental research finds
that cooperative interaction in problem-solving tasks
improves preschoolers’ performance on tasks that require
representing others’ wishes (Jin et al., 2018) and visual
perceptions (Li et al., 2019). However, effects of rhythmic
activities on spontaneous perspective-taking remain unclear.
Here, we examine how joint rhythmic activities affect
children’s spontaneous perspective-taking during online
language comprehension. The link between synchronous
coordination and communication is well-documented. As
people converse, syntactic structures and accents become
more similar (Branigan et al., 2000; Giles et al., 1992), body
movements more synchronized (Shockley et al., 2003;
Chartrand & Bargh, 1999), and eye movements more
coordinated (Richardson et al., 2007).
Given the positive social effect of synchronous rhythmic
activities and the link between coordination and language
comprehension, synchronous music-making could facilitate
perspective-taking during communication. Alternatively,
synchronous behavioral matching could inhibit perspectivetaking. Perspective-taking often involves overcoming the
“curse of knowledge”, that is, inhibiting the interference of
one’s own conflicting view (Friedman & Leslie, 2005).
Children below the age of 4.5 to 5 have difficulty passing
false-belief tasks (Ghrear et al., 2021; Wellman et al., 2001).
One likely contributing factor is their still-developing
inhibitory control (Bernstein et al., 2007; Coolin et al., 2015;
Lagattuta et al., 2014; Nilsen & Graham, 2009). While
interlocutors generally use perspective information in
language comprehension and production (Brown-Schmidt et
al., 2008; Hanna & Tanenhaus, 2004; Hanna et al., 2003;
Heller et al., 2008; Nadig & Sedivy, 2002), they at times
make egocentric errors (Keysar et al., 2000). One explanation

is that those with poor inhibitory control have difficulty
inhibiting perspective-inappropriate interpretations (BrownSchmidt, 2009). Further research demonstrated that
inhibition training could improve spontaneous perspectivetaking in language comprehension in adults (Santiesteban et
al., 2012) and children (Kampis et al., 2021). Participants in
the inhibition-of-imitation training group were asked to do
the opposite of what a person on the screen did, and they
outperformed a group trained to imitate in a subsequent
referential communication task. The result is attributed to an
increase in self-other control during the inhibition-ofimitation training, leading to better inhibition of the selfperspective in later communication. Synchronous behavioral
matching, on the other hand, may increase self-other overlap
and thus lead to difficulty differentiating one’s own and
others’ views. Therefore, rhythmic activities involving
inhibiting imitation (i.e., making sounds asynchronously or
oppositely) might facilitate perspective-taking in language
comprehension more than synchronous performance.
To test the above hypotheses, we first manipulated the type
of rhythmic coordination a child had with a computer partner,
and then examined the child’s spontaneous perspectivetaking in a referential communication task. In the music task,
the child played the drum synchronously, asynchronously, or
antiphase-synchronously with the partner.
For the referential communication task, we used a modified
screen-based version of Heller et al.’s (2008) design and
monitored children’s eye movements as they heard referring
expressions with pre-nominal scalar adjectives (e.g.,
big/small). A pre-nominal scalar adjective assumes a
contrast. Thus, pick up the big cube would be uttered only
when there is also a small cube. When there are only two
cubes, the listener can identify the referent after hearing big.
However, if there were also a big and a small blue triangle,
then the listener would need to hear the shape name. Now
consider what would happen if the small triangle was visible
to the listener but not the speaker. A listener who was using
perspective information could identify the intended referent
upon hearing big, whereas a listener who was not aware that
the speaker couldn’t see the small triangle would not be able
to identify the referent until the shape was named. Thus, the
timing of referent identification, as indexed by eyemovements, indicates whether or not the child was
spontaneously using differences in perspective to rapidly
disambiguate a temporarily ambiguous referring expression
— that is an expression which would soon be unambiguous
(unlike Nadig & Sedivy, 2002) even without using
perspective differences (see detailed design in the Method).
An important difference between this current experiment
and the previous ones is the use of a more complex display
setting: six objects were presented on a nine-grid shelf, in
contrast to four objects in four grids used in Heller et al.’s and
Nadig and Sedivy’s experiments. According to Apperly et al.
(2010), complex displays with more objects may give rise to
more egocentric behaviors. The complex display in this
current study provides an opportunity to explore the upper
limit of children’s perspective-taking skills.
2
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We first tested whether 5- to 6-year-old children use
ground information spontaneously in communication. If the
speaker uses a scalar adjective big to refer to the target, it is
assumed that the speaker knows that there is a small
counterpart that forms the contrast. If the children can
spontaneously use ground information, at the time of hearing
a scalar adjective, they should show more anticipatory looks
to the target, which has a size contrast object visible to both
sides, in comparison to a competitor, which also fits the
description of big but has its size contrast excluded from the
view of the interlocutor (see example in Figure 3), give that
it would be infelicitous for the interlocutor to describe an
object with a scalar adjective if its contrast is not visible.
Our second goal was to examine how different types of
coordination in rhythmic coordination influence spontaneous
perspective-taking. Asynchronous coordination could
exercise inhibitory control and enhance self-other distinction.
Antiphase synchronous coordination has prosocial effects
that are equivalent to synchrony, and it also involves
inhibiting the tendency to mimic the partner. Thus, if
inhibition is important, then asynchronous and antiphase
synchrony should pattern together.
Pilot work established that 5- to 6-year-olds, but not
younger children were capable of completing both tasks with
minimal guidance, so we chose this age group.

Procedures
Manipulation Phase – Percussion game. Children played a
two-player percussion game with a computer partner (whom
participants believed to be another child). Children were
presented with an interface including two avatars: the avatar
in yellow on the left side represented the participant, while
the avatar in pink on the right side was the partner. Figures of
musical instruments fell off from the top of the screen, hit a
horizontal line at about two-thirds of the vertical line that
separated the screen, and fell into the bag at the bottom of the
screen (see Figure 1). When the figures fell onto and crossed
the horizontal line, the half of the line on the participant’s side
turned red and the other half on the partner’s side turned
green. The instrument that the participant played in the
experiment was a snare drum that required pressing a key to
make a drum sound, while the computer partner’s instrument
was a cymbal that played a sound automatically when hitting
the line. The participants were instructed to press the button
every time the drum figure hits the line.
Prior to the main experiment, children were provided with
a practice section of (1) familiarizing themselves with the
instruments and button-pressing; (2) practicing percussion on
the drum at a speed of 30 beats per minute (henceforth bpm),
40 bpm, and 50 bpm without the presence of the partner; (3)
watching the intended duet performance in their experimental
condition, with the presence of the partner on the screen; and
(4) practicing the drum part in a two-player setting (the
partner’s avatar is present but does not play, indicating that
the partner has not entered the game yet). Children were then
presented with a “waiting for the other player to join”
interface designed to make the game more realistic. Once the
partner “entered”, the main experiment began.

Method
Study Design
We used a 3 × 2 mixed design. The between-participant
variable was coordination condition (synchrony vs. antiphase
synchrony vs. asynchrony); the within-participant variable
was ground (shared vs. privileged). Participants worked with
the same computer partner to complete the manipulation and
test tasks, but they were told before the experiments that the
partner was another child from a different kindergarten.

Participants
The participants included 69 children from a kindergarten in
Nanjing, China. Data from 14 children were excluded due to
calibration failure (n = 8) or poor quality of eye movement
data (n = 6). The final sample consisted of 55 children (mean
age = 6.2, range: 5.7-6.6, 27 females). Kindergarten and
parents provided consent. Ethical approval was obtained
from the first author’s host institution. Children were
randomly assigned to one of the three coordination groups.
Each participant was compensated with a cartoon eraser.

Figure 1: Example display of percussion game (the twoplayer setting for female participants).
We manipulated the rhythmic patterns between the two
musical instruments by adjusting the cymbal’s time or speed
of falling. In the synchrony condition, the cymbal and the
drum fell off at the same starting time and speed; in the
antiphase synchrony condition, the cymbal fell at the same
speed as the drum, but the start-time is half a beat later, so the
dyad played in alternation; in the asynchrony condition, the
cymbals fell at a speed 30% faster than the drum.
In the main experiment, participants were required to
complete four sessions at a speed of 45 bpm, 50 bpm, 55 bpm,
and 60 bpm sequentially in each experimental condition
(rhythmic pattern). The duration of each session was one
minute. The participants’ eye movements and buttonpressing time were recorded for analysis.

Apparatus
We used an EyeLink Portable Duo (SR Research), sampling
at 1000 Hz. Tasks were controlled and recorded by
Experiment Builder (version 2.3.38, SR Research). We also
provided participants with a chin rest for better head
positioning.

3
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Test phase: Online referential communication task. This
perspective-taking task consisted of 16 experimental trials
and 16 filler trials. The first two trials were always filler trials,
while the rest of the trials were randomized. Each trial paired
(a) an auditory instruction (see Figure 2) with (b) a visual
scene including two cartoon avatars and a nine-grid shelf (see
Figure 3). Before the main task, participants learned about the
perspective difference, the shapes of blocks, and the use of a
mouse in a warm-up session.

other objects were randomized, but the number of times they
appeared in the same position was not controlled. The size,
color, and shape of all objects are balanced across trials.

Results
Percussion game. Performance in the percussion game was
rated on how accurately they played to the designed rhythm
in the four main sessions. A button press was counted as
accurate if it took place when the drum figure was passing
through the horizontal line (a 550s time interval). While
accuracy in synchrony and anti-phase synchrony conditions
is higher than that of the asynchrony condition, children in all
conditions performed reasonably well. (synchrony: 95.31%;
asynchrony: 90.07%; antiphase synchrony: 95.92%).
Referential communication task. Children on average
answered 99% of the experimental trials correctly. Figure 4
exhibits the change of proportion of looks to the target (the
big blue cubic block in Figure 3), competitor (the big yellow
triangle block), and target contrast (the small blue cubic
block) under the two ground conditions (privileged vs.
shared) over time. Under the privileged condition, the
proportion of looks to the target (the red concrete line)
diverges from that to the competitor (the blue concrete line)
much earlier compared to the shared condition (the red dotdash line vs. the blue dot-dash line), indicating an effect of
ground.

Figure 2: Example auditory instruction (dashed lines
indicate the sound onset of speech segments).

Shared-ground condition

Privileged-ground condition

Figure 3: Example displays of two ground conditions in
the online perspective-taking task (for girls) paired with the
instruction n Figure 2. Four areas of interest were coded:
target (the big blue cubic block), competitor (the big yellow
triangle block), target-contrast (the small blue cubic block),
and competitor-contrast (the small yellow triangle block).
After a 5-second preview, participants heard pre-recorded
instructions. The audio source was from an adult female
speaker of Mandarin Chinese, and the pitches were adjusted
to simulate a child’s voice using Audacity (version 3.0.0). To
prevent the co-articulation effect on auditory language
processing (Magnuson et al., 2003), each part of the auditory
instructions was recorded independently and then assembled
to make a complete sentence. The auditory sentences were
double-checked with native speakers on naturalness.
In a visual scene, the avatar of the participant faces the
shelf, whereas the partner stands on the other side of the shelf.
Grids with light brown shadows blocked the partner’s view.
There were six blocks in each visual scene, four of which
were visible to both avatars in the privileged condition and
five in the shared condition. In the privileged condition, the
competitor-contrast was only visible to the participants;
while in the shared condition, the competitor-contrast was
visible to both sides. We randomized the grid positions of the
target objects and ensured that the target object appeared in
the same position no more than three times; the positions of

Figure 4: Proportion of looks to three interest areas under
two ground conditions (privileged vs. shared). Four vertical
dotted lines represent the onset (200ms added) of the scalar
adjective, determiner, classifier, and shape adjective.
The critical time window for analysis (Figure 5) is from
1.8s (the onset of scalar adjective plus 200ms) to 4.2s (the
onset of the shape adjective plus 200ms). The ground effect
and the influence of coordination on the ground effect are
evaluated in terms of target ratio1 and target-set ratio2. The
reason to include a measure of target-set ratio is twofold.
First, when processing a scalar adjective (e.g., ‘big’), children
tended to continuously look at both the target (e.g., a big
cubic) and the contrast of the target item (e.g., a small cubic),

1
Target ratio = proportion of looks to the target / (proportion of
looks to the target + proportion of looks to the competitor).
2
Target-set ratio = proportion of looks to the target-set / (proportion
of looks to the target-set + proportion of looks to the competitor-

set). The target-set includes the target and the target-contrast; the
competitor-set includes the competitor and the competitor-contrast.
4
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the total trials, whereas cases in which participants did not
look at the target-set or the competitor-set only took up 7.3%
of the trials. Adding target-set ratio as a measure could
include more observations, and thus, increase the statistical
power of the analysis. Figure 5 shows the target ratios and
target-set ratios under different conditions.
We analyzed the target ratio and target-set ratio as a
function of ground and coordination using a linear mixedeffect model with lme4 (Bates et al., 2015) in R (R Core
Team, 2021). The two analytical models include respectively
target ratio and target-set ratio as dependent variables,
ground, coordination, ground*coordination as fixed effects,
and random intercepts of subject and item as random effects.
Children’s age in months and accuracy of performance in the
music task are added to the models as covariates. Table 1 and
Table 2 present the regression coefficients of the two models
(reference levels: shared ground and antiphase synchrony
coordination). There was no difference in accuracy or
reaction time across conditions.

Figure 5: Mean target ratios (left) and target-set ratios
(right) for the critical time window in privileged and shared
conditions across coordination groups.
unlike adults who tend to focus on the target and only briefly
attend to the contrast. Second, as children’s fixations on the
screen were much more sparsely distributed than adults, the
trials where they were looking at neither the target nor the
competitor during the critical time window took up 20.7% of

Table 1: Summary of the analysis on target ratio
Variable
Covariates
Month
Accuracy
Fixed effects
Ground (privileged vs shared)
Coordination (sync vs anti-sync)
Coordination (async vs anti-sync)
Ground (privileged vs shared)
*Coordination (sync vs anti-sync)
Ground (privileged vs shared)
*Coordination (async vs anti-sync)
Random effects
Subject
Item
Fit of goodness
* p < .05, ** p < .001

β

SE

t

p

β 95%CI

.001
-.04

.004
.32

0.30
-0.12

.77
.90

[-.01, .01]
[-.66, .59]

.10
.06
.03
-.12

.04
.04
.05
.06

2.47
1.42
0.63
-1.95

.01*
.16
.53
.05

[.02, .19]
[-.02,.14]
[-.06, .12]
[-.23, .00]

-.03

.06

-0.45

.66

[-.15, .09]

Variance
.00
.02

Std. Dev.
.00
.14
R2 (conditional)= .17

Table 2: Summary of the analysis on target-set ratio
Variable
Covariates
Month
Accuracy
Fixed effects
Ground (privileged vs shared)
Coordination (sync vs anti-sync)
Coordination (async vs anti-sync)
Ground (privileged vs shared)
*Coordination (sync vs anti-sync)
Ground (privileged vs shared)
*Coordination (async vs anti-sync)
Random effects
Subject
Item
Fit of goodness
* p < .05, ** p < .001

β

SE

t

p

β 95%CI

-.002
.15

.003
.26

-0.82
0.56

.42
.58

[-.01, .00]
[-.36, .65]

.13
.07
.03
-.14

.03
.03
.04
.05

3.60
1.98
0.74
-2.90

<.001**
.05
.46
.004*

[.06, .19]
[.00, .14]
[-.05, .10]
[-.23, -.05]

-.003

.05

-0.06

.95

[-.10, .09]

Variance
.00
.02
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Std. Dev.
.01
.15
R2 (conditional) = .23

The effect of ground is significant in both target ratio and
target-set ratio measures given the current reference level
(antiphase synchrony coordination). Higher target ratio and
target-set ratio are found for the privileged ground condition,
in contrast to the shared ground condition (target ratio: β =
.10, SE = .04, t(724) = 2.47, p = .01, 95%CI [.02, .19]; targetset ratio: β = .13, SE = .03, t(725) = 3.60, p < .001, 95%CI
[.06, .19]). The asynchrony condition does not differ from the
antiphase synchrony condition in terms of the ground effect
(target ratio: β = -.03, SE = .06, t(724) = -.45, p = .66, 95%CI
[-.15, .09]; target-set ratio: β = -.003, SE = .05, t(746) = -.06,
p = .95, 95%CI [-.10, .09]), suggesting a similar ground effect
in these two coordination groups.
However, the difference in target-set ratio between the
privileged and shared condition is smaller in the synchrony
compared to the antiphase synchrony condition, as evidenced
by an interaction of coordination and ground (β = -.14, SE =
.05, t(743) = -2.90, p = .004, 95%CI [-.23, -.05]). The
interaction effect in target ratio is in the same direction and
marginally significant (β = -.12, SE = .06, t(724) = -1.95, p =
.05, 95%CI [-.23, .00]). When the synchrony coordination is
set as the reference level of the model, ground effects also
differ from the asynchrony condition: There is a significant
interaction between ground and coordination in target-set
ratio (β = .14, SE = .05, t(744) = 2.81, p = .005, 95%CI [.04,
.23]). Re-setting the reference level to the synchrony
coordination demonstrates that ground effect is insignificant
(target ratio: β = -.01, SE = .04, t(724) = -.26, p = .797, 95%CI
[-.09, .07]; target-set ratio: β = -.01, SE = .03, t(741) = -.43,
p = .668, 95%CI [-.08, .05]) in the synchrony condition.
In sum, the ground effect measured by the target ratio and
target-set ratio is significant for both the antiphase synchrony
group and the asynchrony group, with no significant
difference between these two groups. The synchrony
condition, however, does not show a ground effect.

improves perspective-taking (Santiesteban et al., 2012).
Synchrony, like mimicry, is a default mode of coordination
requiring limited inhibition, whereas moving out of
synchrony requires self-control (Finkel et al., 2006;
Rauchbauer et al., 2020). Indeed, in the manipulation phase,
children’s initial tendency was to play synchronously.
Children in the asynchrony and the antiphase synchrony
conditions initially struggled to play their parts as instructed.
In Santiesteban et al. (2012), anti-mimicry enhanced
performance in the referential communication task but not
another mentalizing task that does not require spontaneously
representing conflicting views. This suggests that exercise of
inhibitory control in joint activities could mediate its social
effect. Future research should examine how rhythmic
activities affect children’s perspective-taking in tasks with
varying degrees of requirement for inhibitory control.
As hypothesized, children in the antiphase synchrony
condition used perspective-taking in reference resolution,
outperforming the synchrony group and performing as well
as the asynchrony group. Thus, antiphase synchrony appears
to have both synchrony’s effect of promoting prosociality
(Cirelli et al., 2014) and asynchrony’s effect of facilitating
perspective-taking, which could enhance team performance
while maintaining self-other boundaries.
The coordination findings contribute to a growing body of
research challenging the “similar is better” view by providing
evidence that interpersonal coordination with degrees of
freedom may be more beneficial to interpersonal interaction
(Fusaroli et al., 2012; Abney et al., 2015; Wallot et al., 2016).
According to the interpersonal synergies perspective,
coordination should be regarded as a dynamic soft-ensemble
that maintains unity in task-relevant aspects but allows
variability in task-irrelevant areas (Riley et al., 2011). Take
joint music activities as an example. Participants could follow
the same tempo but play different instruments with different
notes and rhythmic patterns, with the goal of complementing
each other’s performance rather than playing in perfect
unison. Future research could further explore how rhythmic
activities with more variability and dynamics affect social
cognitive processes in adults and children.
In conclusion, this study contributes to the growing
literature on children’s social cognitive development and the
factors that contribute to this process. Children aged 5- to 6year-olds spontaneously use perspective information in
language comprehension even when it is not necessary for
completing the task, suggesting that perspective-taking
influences moment-by-moment processing. This study is the
first to show that coordination in rhythmic activities can
influence children’s performance in subsequent linguistic
tasks. Moreover, perspective-taking was facilitated by prior
asynchronous and antiphase synchronous rhythmic
interactions, but not by synchronous coordination. This is
likely because moving out of synchrony highlights self-other
distinction and trains inhibitory control. The finding
challenges the common “similar is better” view, suggesting
that maintaining self-other boundary and individuality may
be beneficial for some aspects of social interactions.

Discussion
We demonstrated perspective-taking for 5- to 6-year-old
children in a referential communication task where the use of
ground information allows for earlier identification of a
referent as indexed by anticipatory looks to the target.
Importantly, the ground effect was influenced by the type of
rhythmic coordination prior to the referential communication
task. Children in asynchrony and antiphase synchrony
conditions showed more anticipatory looks when the
competitor’s size contrast was occluded from the partner’s
view, whereas children in the synchrony condition did not use
perspective information to anticipate the target.
The advantage of asynchrony over synchrony in
facilitating perspective-taking in real-time language
processing contrasts with the positive social effects of
synchrony reviewed earlier. One possibility is that
synchronous experience emphasizes unity and blurs selfother distinction, leading people to overestimate similarity
and overlook perspective differences in their views.
The asynchrony vs. synchrony comparison is consistent
with previous studies in which anti-mimicry but not mimicry
6
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students also show limited understanding of how
algorithms curate social media (Brodsky et al., 2020).
K–12 and college students are often taught to use
checklist-based strategies for fact-checking, which involve
closely examining online content for cues about its veracity
(so-called “vertical reading”; Wineburg & McGrew, 2019).
However, these strategies are time-consuming and poorly
suited to today’s online environment (Wineburg et al.,
2020). Instead, professional fact-checkers “read laterally,”
meaning they leave the original content (i.e., by opening up
new tabs) to research its source (i.e., organizations and
people) and verify claims (Wineburg & McGrew, 2019).
Recent efforts to teach lateral reading indicate that
students start with minimal use of such strategies, but make
gains after direct instruction (e.g., Breakstone et al., 2021;
Brodsky, Brooks, Scimeca, Galati et al., 2021; Brodsky,
Brooks, Scimeca, Todorova et al., 2021, McGrew et al.,
2019). Using a pre/posttest control-group design, Brodsky,
Brooks, Scimeca, Todorova et al. (2021) found that college
students who received a classroom-based fact-checking
curriculum were more likely to read laterally and
accurately assess the trustworthiness of online content at
posttest than controls. However, on average, students who
received the curriculum still only read laterally and
accurately assessed one out of four posttest examples of
online content. Similarly modest gains were found by
Brodsky, Brooks, Scimeca, Galati et al. (2021) in their
evaluation of an online, asynchronous curriculum teaching
lateral reading strategies. In that study, lateral reading was
taught using the SIFT acronym: Stop, Investigate the
source, Find better coverage, and Trace content to the
original context (Caulfield, 2019). Completion of
instructional assignments and reading comprehension
predicted use of lateral reading.
While gains in lateral reading seem modest, students
may also have made gains in their attitudes towards lateral
reading, i.e., their preference for using lateral reading
strategies to fact-check online content. Behavioral change
interventions suggest that increasing individuals’ skill in
performing a desired behavior is associated with changes
in their attitudes towards that behavior (Steinmetz et al.,
2016). Therefore, direct instruction and practice with

Abstract
In today’s politically polarized environment, college
students need strategies to discern trustworthy information.
Educational interventions have had modest success in
teaching students to fact-check online information using
lateral reading, i.e., leaving the original content to
investigate information sources and claims. College students
(N = 157, M = 20.2 years (SD = 4.0), 61.8% F) completed a
semester-long online curriculum teaching fact-checking via
lateral reading. Students made gains in their lateral reading
attitudes (i.e., preference for fact-checking using lateral
reading strategies) and use of lateral reading. Preference
predicted use at posttest, but not at pretest. At posttest,
preference also partially mediated the effect of reading
comprehension on use. The majority of students mentioned
cognitive and/or contextual factors when explaining how the
Internet contributes to political polarization, though their
awareness of such factors did not increase post-intervention.
Keywords: lateral reading; fact-checking; strategy use;
educational intervention; Internet; polarization; algorithm

Introduction
United States’ politics is heavily partisan and polarized
(Deane & Gramlich, 2020). Ahead of the 2020 presidential
election, 77% of Trump supporters surveyed by the Pew
Research Center reported differing from Biden voters in
their political priorities and core values (Pew Research
Center, 2020b). Most Biden supporters (80%) felt similarly
about Trump voters. van Baar and FeldmanHall (2021)
proposed that processing of political information is
influenced by interactions between contextual and
cognitive factors, leading to polarized attitudes. Contextual
factors pertain to individuals’ information and social
environments, including social media and dynamics in
offline and online social groups. Cognitive factors include
individuals’ traits, needs, and beliefs.
This study sought to help college students think critically
about some of the factors that contribute to polarized
information processing. We focused on students’ factchecking of online information, especially on social media.
We chose this approach because younger adults are more
likely to use social media for their political news, compared
to all adults (Pew Research Center, 2020a). College
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lateral reading may increase students’ preference for factchecking by reading laterally.
Fostering students’ positive attitudes towards lateral
reading strategies is important as these attitudes may in
turn influence strategy use (Verplanken & Orbell, 2022).
For example, according to the Theory of Planned Behavior,
attitudes, as well as subjective norms and perceived
behavioral control, influence intentions to engage in a
behavior. This intention, along with actual control, in turn
affects whether the behavior is performed (Ajzen, 2020).
However, the extent to which individuals’ attitudes and
intentions predict their behaviors may vary based on their
direct experience (e.g., practice) with the desired behavior
(Glasman & Albaraccin, 2006; Sheeran et al., 2017).
Students' reading comprehension may also influence
their ability to learn and implement lateral reading
strategies (Brodsky, Brooks, Scimeca, Galati et al., 2021).
Many students come to college with inadequate reading
skills (NAEP, 2019). In keeping with the MultipleDocument Task-based Relevance Assessment and Content
Extraction model (MD-TRACE), students with poor
comprehension may struggle to form a “task model” for
lateral reading, i.e., a mental representation of the task
based on written instructions and feedback (Rouet & Britt,
2011). Even if struggling readers recognize that they
should read laterally, they may then find it difficult to
assemble and synthesize information from their lateral
searches. However, the MD-TRACE model was developed
to describe the process of reading multiple analog
documents. Hence, it is unclear if this model appropriately
characterizes the demands of processing information when
reading online (Bråten et al., 2020; Wineburg et al., 2022).

Method
Participants
Learning outcomes assessment data were collected from
students (N = 157, M = 20.2 years (SD = 4.0, Range = 16–
43), 61.8% female) enrolled in eight online sections of a
general education civics course taught at an openadmission public university (IRB classification: Exempt).
Only students who completed both the pretest and posttest
were included. About half (46.5%) were first-generation
students (i.e., neither parent attended college); 41.4% were
non-native English speakers. Students self-reported
race/ethnicity using non-mutually exclusive categories:
35.0% White, 22.9% Hispanic/Latinx, 15.3% Asian/Asian
American, 14.0% Black/African American, 9.6% Middle
Eastern/North African, 5.7% Other, 1.9% Unknown; 2.6%
did not disclose. Students’ self-reported political identities
(30.6% Democrat, 28.0% Unsure, 14.7% Independent,
4.5% Republican, and 7.0% Other; 15.3% did not disclose)
suggested a slight liberal bias in the sample.

Online SIFT Curriculum
Students completed five online assignments over a 15week semester: pretest (Week 1), three instructional
assignments (Weeks 3, 7, 11) and posttest (Week 13).
Instructional assignments used videos to teach students
SIFT lateral reading strategies (Stop, Investigate the
source, Find better coverage, and Trace content to the
original context; Caulfield, 2019). Students then applied
these strategies to fact-check content related to polarizing
topics: how social media companies navigate issues related
to free speech (including responses to the storming of the
U.S. Capitol Building on January 6, 2021); citizenship
status questions on the 2020 U.S. Census and immigration
policy; and economic impact of the COVID-19 pandemic
and vaccines. Students learned how to use Wikipedia to
investigate sources, search Google News to find better
coverage, and Google reverse image search to trace
photographs and images back to their original context.
After each instructional activity, students received
feedback showing how to use SIFT strategies to fact-check
the content; see Fig. 1 [left panel]. On average, students
completed two to three assignments (M = 2.48, SD = 0.84).

Research Objectives
The current study examined the effects of direct
instruction on students’ attitudes toward lateral reading as
a preferred strategy for evaluating online information. We
also examined whether preference predicted lateral reading
use and whether it mediated the effect of reading
comprehension on use. We chose to use a pre/posttest
design because, in our prior work using a control-group
design, we had already established that changes in lateral
reading were attributable to direct instruction via a factchecking curriculum (Brodsky, Brooks, Scimeca,
Todorova et al., 2021). Therefore, in the current study, it
seemed unnecessary and unethical to withhold the
curriculum from students enrolled for credit in a course.
Since 2018, our institution has participated in the Digital
Polarization Initiative to teach college students strategies
for fact-checking information in today’s polarized online
information environment (AASCU, 2018). The current
study was conducted in a Spring 2021 general education
civics course. At the start of the semester, national attention
was focused on the controversial storming of the U.S.
Capitol Building on January 6, 2021. Therefore, we also
examined students’ explanations of how features of the
Internet contribute to political polarization.

Online Pretest and Posttest
Pre/posttest probed students’ attitudes toward / preference
for lateral reading strategies (multiple-choice problems),
their use of lateral reading strategies (open-response
problems), and their grasp of how the Internet contributes
to political polarization.
Open-response lateral reading problems. Two sets of
open-response problems assessed use of lateral reading
strategies. Each comprised five examples of online content:
an image, a social media post, a medical information
website, and two news articles, including one related to the
COVID-19 pandemic; see Fig. 1 [right panel].
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Sample activity with feedback (in red) in which students
practiced investigating sources using Wikipedia

Open-response lateral reading problem from set A

Figure 1: Screenshots of sample instructional activity [left panel] and open-response lateral reading problem [right panel].
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Table 1: Keywords and sample responses for coding of responses about the Internet’s contribution to political polarization.
Factors
Keywords
Reinforcing
want to see, want to hear, want to believe, mind,
cognitive biases extrem, block, confirm, justify, own side, ignore
Spreading false exaggerat, fabricat, twist, misinform, fals, fake,
information
spread, shar, viral, propagand, lies, mislead
Filtering
search, collect, history, track, filter, target,
information
bubble, recommend, personality, preference,
feeds, contradict, algo
Occurring via
media, facebook, twitter, insta, tik, snap,
media
youtube, news, cnn, fox, platform, forum,
influencer, post, comment, meme, screen
Problem sets (A and B) were counterbalanced at the
instructor level for use in the pretest vs. posttest. Aside
from the COVID-19 news problems, other problems were
taken from previous studies (Brodsky, Brooks, Scimeca,
Galati et al., 2021; Brodsky, Brooks, Scimeca, Todorova et
al., 2021). On each problem, students rated the content’s
provocativeness (1 = not at all provoked to 5 = very
provoked) and their level of trust in content (1 = very low
to 5 = very high or –9 = unsure). They were then prompted
to answer the question “How did you decide your level of
trust?” using an open-response textbox.
Students’ responses to each problem were first scored
based on if they did (1) or did not (0) indicate use a SIFT
lateral reading strategy to determine their trust rating. The
scores were determined automatically by searching each
spell-checked text response for keywords associated with
lateral reading. In our previous studies, we found the
accuracy of automated scoring to be comparable to manual
scoring (Brodsky, Brooks, Scimeca, Galati et al., 2021;
Brodsky, Brooks, Scimeca, Todorova et al., 2021).
Students’ lateral reading use score was the total number of
problems read laterally (Range = 0–5).

Sample Responses
“articles people read are just what they want to hear”
“fake news posted from both parties might trigger
arguments between people”
“social medias filter out the stuff that an individual
would not be interested in”
“news stories, articles and social media are constantly
pushing 2 different ideas”
Open-response question about political polarization.
Students responded to the following open-response
prompt: “Republicans and Democrats can’t seem to agree
on anything. How might the features of the Internet
contribute to the problem? Your response should be about
50 words.” After identifying responses mentioning
cognitive or contextual factors, remaining responses were
coded for failure to mention the Internet, only mentioning
the Internet’s benefits, only mentioning Internet-based
antagonism, or Other. Responses mentioning cognitive or
contextual factors (n = 200 across pre/posttest) were then
coded for mentions of the following factors: reinforcing
cognitive biases, spreading false information, filtering
information, and/or occurring via media. Each spellchecked text response was first searched for keywords
associated with each factor (see Table 1 for keywords and
sample responses). Coding was verified manually (M
Scott’s pi = .72, SD = .02, Range = .70–.74), with
disagreements resolved in favor of the manual coding.

Results
Our main analyses examined predictors of students’
preference for and use of lateral reading strategies at pretest
and posttest. In studies where participants complete
multiple trials (e.g., problems), it is common to use a
logistic regression with a binomial distribution and logistic
link function to model the proportion of successful trials
out of the total trials completed (Dixon, 2008). Therefore,
we used the glm function in the lme4 package in R to
predict the proportion of lateral reading strategies selected
and the proportion of problems read laterally. Weights
were set as total strategies selected and total problems
attempted, respectively. All continuous predictors were
standardized prior to being included in the models. Effect
sizes are reported as odds ratios.
We checked models for multicollinearity and linearity of
the association between continuous predictors and logodds of the outcome (Field et al., 2012). We also examined
standardized residuals for evidence of outliers and leverage
for influential observations. To determine the effects of
outliers and influential observations, we reran each model
with those observations removed.

Multiple-choice lateral reading problems. Two sets of
two multiple-choice problems (counterbalanced at the
instructor level) assessed students’ preference for factchecking information using SIFT strategies. Students were
asked to select their first- and second-choice strategies (out
of four options) for determining if an article was a
trustworthy source of information and for deciding the
authenticity of a photo (see Results section for prompts and
response options). The options for each problem consisted
of two lateral reading and two vertical reading strategies.
Students’ lateral reading preference score was the total
number of lateral reading strategies selected across
problems (Range = 0–4).
Reading comprehension assessment. Students read a
passage from the New York State Regents High School
Examination in English Language Arts (NYSED, 2018)
and answered 6 multiple-choice questions, M = 3.4 correct
(SD = 1.7) (Cronbach’s α = .63, scalability H = .35; see
Sijtsma & van der Ark, 2017).
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Table 2: Percentage of students who selected each strategy as their first or second choice on each multiple-choice problem at
pretest and posttest (N pretest = 157, N posttest = 154).
Trustworthiness of a Source
Scrutinize the article (e.g., typos, URL, advertisements, references) closely
Look around the [Sputnik International / NewsPunch] website to learn about this
news organization
Look up [Sputnik International / NewsPunch] on Wikipedia to learn more
about it
Check the information with another source like a fact-checking site
Authenticity of a Photo
Look carefully at the photo to see if it has been altered
Look up photos of [a border fence between Mexico and Guatemala / Ku Klux Klan
members on a ferris wheel]
Reverse search for the image using Google
Check a news aggregator (e.g., Google News) to see if there are other reports of
[a border fence between Mexico and Guatemala / Ku Klux Klan members on a
ferris wheel]

Pretest Choices Posttest Choices
1st 2nd (N=156) 1st 2nd (N=151)
21.0%
28.2% 10.4% 17.9%
15.9%
23.1% 3.2% 14.6%
7.0%

18.6%

45.5%

21.2%

56.1%
1st
6.4%
24.2%

30.1%
2nd
12.7%
28.7%

40.9% 46.4%
1st 2nd (N=153)
4.5%
9.2%
11.7% 23.5%

27.4%
42.0%

29.3%
29.3%

74.7%
9.1%

12.4%
54.9%

Note: Bolded strategies are SIFT lateral reading strategies.

Gains in Lateral Reading Preference

Gains in Lateral Reading Use

At pretest, students selected an average of 2.39 (SD = 0.84)
out of four SIFT lateral reading strategies across the two
multiple-choice problems assessing preferred strategies for
evaluating online content. At posttest, this increased to 3.03
lateral reading strategies (SD = 0.79), with 55.2% of students
selecting at least one more lateral reading strategy at posttest
than at pretest; see Table 2 for student preferences (%) for
selecting each strategy at pre/posttest. At pretest, most
students indicated at least some preference for lateral reading
by selecting the strategy of checking information with
another source, like a fact-checking site or a news aggregator.
At posttest, gains in preference were evident for use of
Wikipedia to learn more about a source and for use of Google
to conduct a reverse image search.
Prior to instruction, reading comprehension approached
significance in predicting students’ selections of lateral
reading strategies on the multiple-choice lateral reading
problems: OR [95% CI] = 1.17 [0.99, 1.38], p = .065.
Completion of SIFT assignments and problem set were not
significant predictors. With outliers and influential
observations removed (3.2%), reading comprehension was a
barely significant predictor: OR [95% CI] = 1.19 [1.00, 1.41],
p = .045. All observations were retained in the model.
After receiving the fact-checking curriculum, reading
comprehension significantly predicted preference, such that
stronger readers had higher odds of selecting a lateral reading
strategy as their preferred method of determining
trustworthiness and authenticity of online content: OR [95%
CI] = 1.37 [1.13, 1.68], p = .002. Students who completed
more homework assignments also had higher odds of
selecting lateral reading strategies: OR [95% CI] = 1.28
[1.06, 1.54], p = .009. Problem set was again not a significant
predictor. Removing outliers and influential observations
(2.6%) did not change the overall findings. All observations
were retained in the model.

At pretest, students read laterally on 0.31 (SD = 0.63) out of
five open-response lateral reading problems on average. At
posttest, this increased to 1.34 (SD = 1.74) problems, with
43.3% of students reading laterally on at least one more
problem at posttest than at pretest. Table 3 shows percentages
of students reading laterally on each problem at pre/posttest.
Table 3: Percentage of students who read laterally on each
problem at pretest and posttest (N = 157).
Problem
News article
COVID-19 news
Medical news
Image
Tweet

Pretest
4.5%
6.4%
3.8%
8.9%
7.0%

Posttest
28.8% (N = 156)
21.8% (N = 156)
28.7%
26.8%
28.7%

Note: Since administration of problem sets was counterbalanced,
percentages are reported across sets.

At pretest, reading comprehension predicted use of lateral
reading, i.e., whether students indicated reading laterally on
an open-response lateral reading problem: OR [95% CI] =
1.80 [1.30, 2.55], p = .001. Preference for lateral reading,
completion of SIFT assignments, and problem set were not
significant predictors. Removing outliers and influential
observations (3.8%) did not change the overall findings. All
observations were retained in the model.
At posttest, reading comprehension continued to be a
significant predictor of lateral reading use: OR [95% CI] =
1.36 [1.12, 1.66], p = .002. In addition, students with greater
preference for lateral reading had higher odds of reading
laterally: OR [95% CI] = 1.72 [1.38, 2.15], p < .001.
Completion of assignments was also associated with greater
lateral reading use (OR [95% CI] = 2.09 [1.59, 2.84], p <
.001), as was problem set (OR [95% CI] = 1.55 [1.07, 2.25],
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p = .020). However, pretest performance was not a significant
predictor of posttest performance. Removing outliers and
influential observations (13.6%) did not change the overall
findings. All observations were retained in the model.

Table 4: Pre/posttest percentages for coding of responses
about the Internet’s contribution to political polarization.
Content coding
(Mutually exclusive)
No mention of the Internet
Only mention benefits of the Internet
Only mention fostering antagonism
Mention cognitive/contextual factors
Other
Cognitive/contextual factors
(Not mutually exclusive)
Reinforcing cognitive biases
Spreading false information
Filtering information
Occurring via media

Mediational Analyses
We next examined if the relation between reading
comprehension and use of lateral reading was mediated by
preference for lateral reading at pretest and/or posttest. For
simplicity, the number of lateral reading strategies selected
(i.e., preference) and the number of problems read laterally
were both treated as continuous variables. See Figure 2 for
the mediation model and path coefficients at pretest/posttest.

A

Preference for
Lateral Reading

Reading
Comprehension
(meaning

Path
A
B
C

C

Pretest (N = 157)
B (SE)
[95% CI]
0.17**
[0.05, 0.29]
(0.06)
0.04
[–0.08, 0.16]
(0.06)
0.14**
[0.05, 0.24]
(0.05)

B

Pretest Posttest

(N = 157) (N = 152)

19.1% 13.2%
3.2%
3.3%
14.0% 11.8%
61.8% 67.8%
1.9%
3.9%
Pretest Posttest

(N = 97) (N = 103)

14.4%
56.7%
5.2%
71.1%

16.5%
39.8%
10.7%
67.0%

Discussion

Use of
Lateral Reading

Posttest (N = 154)
B (SE)
[95% CI]
0.28*** [0.18, 0.39]
(0.05)
0.73*** [0.44, 1.03]
(.15)
0.34** [0.09, 0.59]
(0.13)

*

p < .05, **p< .01, ***p<.001
Note: Reading comprehension was standardized.

Figure 2: Mediation model and pre/posttest coefficients.
Direct effects of reading comprehension (Paths A and C)
were significant at both time points. At pretest, the effect of
reading comprehension on use of lateral reading was not
mediated by preference for lateral reading strategies, B = 0.01
(bootstrap SE 0.01), percentile bootstrap 95% CI [–0.01,
0.03]. However, at posttest, preference partially mediated the
effect of reading comprehension on use of lateral reading, B
= 0.21 (bootstrap SE 0.06), percentile bootstrap 95% CI
[0.09, 0.33].

Political Polarization
At pretest and posttest, most students mentioned cognitive
and/or contextual factors when explaining how features of the
Internet contribute to political polarization; Table 4 [top
panel]. More students mentioned these factors at posttest than
at pretest, but the change was not significant, McNemar’s
χ2(1) = 0.77, p = .382. When mentioning cognitive and/or
contextual factors, students most often described polarization
as occurring via media, e.g., social media and news coverage;
Table 4 [bottom panel]. No pre/posttest differences were
statistically significant.

This study examined effects of an online, asynchronous
curriculum on preference for fact-checking using lateral
reading strategies. Students showed greater preference for
lateral reading at posttest than at pretest, which is
encouraging given that performing a behavior is influenced
at least in part by one’s attitudes towards that behavior
(Verplanken & Orbell, 2022). Students who completed more
assignments were more likely to prefer lateral reading
strategies at posttest, which is in keeping with prior research
on attitude change (Steinmetz et al., 2016). Reading
comprehension also predicted preference, which may reflect
students’ ability to understand instructions and feedback
provided in the curriculum (Rouet & Britt, 2011).
We also found that preference predicted use of lateral
reading at posttest, but not at pretest. This suggests that direct
instruction and practice with using SIFT strategies may have
helped align students’ attitudes and intentions with their
behaviors (Glasman & Albaraccin, 2006; Sheeran et al.,
2017). While reading comprehension predicted use of lateral
reading strategies at pretest and posttest, preference partially
mediated this effect at posttest. As mentioned above, poor
reading ability may have made it harder for students to form
a more positive attitude towards lateral reading, which in turn
made them less likely to read laterally (Rouet & Britt, 2011).
Additionally, the direct effect of reading comprehension on
use underscores the need for sufficient reading skill to
understand and interpret results of lateral searches.
Most students mentioned cognitive and/or contextual
factors when explaining how the Internet contributes to
political polarization, but the curriculum did not affect
awareness. Additional direct instruction is needed to help
students understand how cognitive and contextual factors
interact to foster polarization, including the role of algorithms
in promoting polarized online content. Such instruction may
help students recognize the need to fact-check online
information and thus decrease their susceptibility to
misinformation (van Baar & Feldmann, 2021).
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Abstract
It was recently found that letter-shapes have a non-arbitrary
relation with their canonical pronunciations, in multiple
orthographies and quantified across the whole of each
orthography: letters that look similar tend to have similar
pronunciations.
Similarly,
there
is
phonosemantic
systematicity at the word level: words that sound similar tend
to have similar meanings. We investigated for the first time
whether a similar systematicity exists in Chinese characters.
We measured all the pairwise phonological distances and all
the pairwise orthographic distances of the 58 Chinese
pictographic characters that are taught to year 1 and 2 in
Chinese primary schools. The correlation was tested between
the two lists of distances and verified by a Mantel test. We
found a significant negative correlation between characters and
their segmental pronunciations: characters that look similar
tend to have dissimilar segmental pronunciations. This
contrasts with the positive correlations found in previous
similar research with alphabetic writing. We conclude, first,
that questions of systematicity in the Chinese writing system
are tractable in the same terms and by the same methodology
as that applied to alphabetic writing systems. Second, segmentbased processing requires to be augmented by tones for there
to be systematicity that is comparable to that found in
alphabetic writing systems. Any non-arbitrary relation between
letter shapes and sounds may help bootstrap the acquisition of
literacy.
Keywords: Chinese pictographs, orthography, phonology,
grapho-phonemic systematicity

Background
A recent study found that letter shapes are non-arbitrarily
related to their canonical pronunciations across the whole of
the relevant alphabet (Jee, Tamariz, & Shillcock 2020; Jee,
Tamariz, & Shillcock, 2021). Multiple writing systems,
regardless of whether they were naturally developed (e.g.
English) or consciously designed (e.g. Korean), showed

significant grapho-phonemic systematicity: similar letters
tend to have similar pronunciations.
Chinese characters are known to have three separate
dimensions: Wenzi (characters), Yinyun (historical
phonology) and Xungu (semantics). These three aspects are
related to each other in a way that from every aspect one can
infer some information concerning the other two (Wang,
1980). Recent studies have begun to discover that Chinese
written forms can trigger a sense of how the character sounds
(Chan, Minett, & Li, 2016; Reich, Chou, & Patterson, 2003).
As in other research, Chinese characters may be uniquely
valuable in informing us about the envelope of possible
relationships between the spoken and written forms of human
language. Any potential systematicity in the relationship
between characters and their sounds will help in processing
the language. Investigating such a systematicity may answer
questions regarding understanding the ‘logosyllabic system’
(Shen & Guo, 2014), acquiring linguistic signs, and
approaching lexical meanings.
This study examines the relationship between the
phonological system and the orthographic system in Chinese
pictographs. Pictographs are not only culturally important but
they also have experienced a long process of orthographical
evolution as the earliest type of Chinese characters (Qiu,
1988). In all the pictographs we selected for this study, there
is no difference between their traditional forms and their
simplified forms. We chose to study characters that are
acquired early by children. We assumed that if cultural
evolution has instilled any systematicity it would be most
likely to exist in culturally central, basic parts of the
orthography where it can help to bootstrap learning (cf.
Monaghan, et al., 2014). Note that our selected subset of
pictographic characters can serve as the component radicals
of a larger set of semantic-phonetic compound characters.
The typical semantic-phonetic compound character is made
up of two radicals, with a semantic radical on the left and a
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phonetic radical on the right. The pictographic characters we
studied and any attendant systematicity are therefore of
considerable applied interest in Education.

Method
Applying the experimental paradigm developed to calculate
meaning-form systematicity (Jee, Tamariz, & Shillcock,
2022; Monaghan, et al., 2014; Tamariz, 2008), we measured
all the pairwise distances between phonological forms of
syllables and the corresponding pairwise visual distances
between the pictographic characters. The correlation between
these two lists of distances is defined as the grapho-syllabic
systematicity. Arbitrariness will be represented as a nonsignificant correlation coefficient. The whole process was
conducted in Python 3.7.

Sample

Figure 1: Examples of the characters in 12 fonts

We collected 58 characters from Chinese textbooks designed
for primary school students in Grade 1 (28 characters) and
Grade 2 (30 characters). We measured the phonological and
orthographic distances within the 28 Year 1 characters and
within the 58 Year 1+Year 2 characters).

Table 1: The Chinese fonts.

Measuring Phonological and Orthographical
Distances

Type of script

Example

Font name

Seal script

好久不见

Xiaozhuan

好久不见

Lishu

好久不见

HuawenLishu

好久不见

Kaiti

好久不见

HuawenKaiti

好久不见

HuawenXingkai

好久不见

HuawenXinwei

好久不见

MicrosoftYahei

好久不见

FangzhengYaoti

好久不见

Songti

好久不见

HuawenZhongsong

好久不见

Fangsong

Clerical script

Each phoneme of a syllable was encoded into a vector based
on its articulatory features. We employed two separate sets of
phonological features: Modern Standard Mandarin and
Middle Chinese. Then the distances between the vectors were
calculated as Euclidean distances (cf. Monaghan et al., 2010).
For contemporary Mandarin, we referred to Zhao and Li
(2009a). Their phonology template includes six slots:
CVVVCT (C: consonant; V: vowel; T: tone). We collected
all the required phonological representations from the
Phonological Representation Database for Chinese
Characters, PRDCC (Li & MacWhinney, 2002; Zhao & Li,
2009b).
As a representative phonological system of Middle
Chinese, we chose the 切韵 Qieyun system, approximately
from the Northern and Southern dynasties (420~589 A.D) to
the Tang dynasty (618~907 A.D; Wang, 1980), which was
recorded in Qieyun, a Chinese rime dictionary. With
reference to the binary-value representation in Zhao and Li
(2009a), we used a different 6-slot template to represent
Middle Chinese phonology: CDHVCT (C: consonant; D:
deng; H: hu; V: vowel; T: tone). We omitted tones, in this
initial study.
In line with Jee, et al. (2020; 2021), we measured
orthographical distances using Hausdorff distance
(Huttenlocher, Klanderman & Rucklidge, 1993). It
determines the directional resemblance between two images
in terms of superimposition. Given that different fonts might
lead to different results, we examined 12 representative fonts
(Fig 1). They are historically classified in Table 1.

Regular script

Modern font

Results
We applied Spearman’s rho (rs) due to the possibility of nonnormal distributions in the data. We verified the significance
tests by conducting Mantel tests.
Table 2 and 3 shows the grapho-phonemic systematicity of
Chinese pictographs when the phonological features were
based on Modern Standard Mandarin. When Year 1 and Year
2 are combined (58 characters), we found an overall negative
correlation between the phonological distances and the
orthographical distances (Table 2). The characters with
similar syllabic sounds tend to have distinct visual forms.
We observed the same pattern with just the Year 1 data
(Table 3), although the coefficients and significance levels
were slightly reduced. There was a decline in the absolute
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correlations from Year 1 to Year (1+2), which means that the
negative systematicity has declined after entering Year 2.

Mantel tests confirmed the correlations (Fig 2).

Table 2: Grapho-phonemic systematicity (Year 1+2).
Font

Example

rs

p

Xingkai

好久不见

-0.12

< .001

***

Xinwei

好久不见

-0.10

< .001

***

HWkaiti

好久不见

-0.10

< .001

***

HWlishu

好久不见

-0.07

0.003

**

Lishu

好久不见

-0.07

0.004

**

MS Yahei

好久不见

-0.07

0.005

**

Kaiti

好久不见

-0.05

0.04

*

Songti

好久不见

-0.03

0.22

Zhongsong

好久不见

-0.03

0.24

Yaoti

好久不见

-0.01

0.76

Fangsong

好久不见

0.02

0.44

Xiaozhuan

好久不见

0.03

0.17

Note: * p < 0.05, ** p < 0.01, *** p < 0.001. The results illustrated
in tables are sorted by rs values. The modern fonts are shaded.

Table 3: Grapho-phonemic systematicity (Year 1 only).
Font

Example

rs

p

Lishu

好久不见

-0.17

0.001

***

HWkaiti

好久不见

-0.14

0.008

**

Xingkai

好久不见

-0.13

0.013

*

HWlishu

好久不见

-0.11

0.04

*

Xinwei

好久不见

-0.10

0.06

.

MS Yahei

好久不见

-0.06

0.21

Kaiti

好久不见

-0.02

0.71

Songti

好久不见

-0.001

0.99

Zhongsong

好久不见

0.003

0.96

Fangsong

好久不见

0.05

0.39

Yaoti

好久不见

0.07

0.2

Xiaozhuan

好久不见

0.15

0.004

**

Note: * p < 0.05, ** p < 0.01, *** p < 0.001. The results illustrated
in tables are sorted by rs values. The modern fonts are shaded.
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Figure 2: Mantel tests results. The veridical correlation
coefficients are represented as red dots in the distributions
of correlation coefficients obtained by chance. Year 1 and 2
(upper two), Year 1 only (below two).

Table 4 shows the results when the phonological features
followed Middle Chinese phonological representations.
Several fonts returned significant and marginally significant
negative correlations between spoken and written forms.
Table 4: Grapho-phonemic systematicity of Middle Chinese.
Font

Example

rs

p

Zhongsong

好久不见

-0.145

0.005

**

Songti

好久不见

-0.114

0.027

**

Yahei

好久不见

-0.104

0.043

.

Yaoti

好久不见

-0.100

0.053

.

Xiaozhuan

好久不见

-0.089

0.083

.

HWlishu

好久不见

-0.088

0.087

.

Fangsong

好久不见

-0.085

0.098

Lishu

好久不见

-0.051

0.321

Kaiti

好久不见

-0.042

0.411

Xingkai

好久不见

-0.041

0.424

Xinwei

好久不见

0.023

0.659

HWkaiti

好久不见

-0.004

0.942

Note: * p < 0.05, ** p < 0.01, *** p < 0.001. The results illustrated
in tables are sorted by rs values. The modern fonts are shaded.

Discussion
The written forms of Chinese are cognitively intriguing. Not
only are they one of very few logographic orthographies, they
have also been through multiple—at times institutionalised—
adjustments. Their phonological systematicity has been
overlooked by researchers, mainly due to an excessive focus
on the relation between meaning and visual form.
We present what we believe is the first report of the
systematic negative correlation between a key, motivated
sample of Chinese characters and their pronunciations. This
resembles the analysis reported by Jee, et al. (2020; 2021)
only with an opposite, negative direction. Negative
systematicity is not arbitrariness. It shows a tendency to
maximize the distinctiveness between characters. In other
words, the early developers of Chinese orthography tended to
choose distinctively different syllabic units to refer to similar
sounds. In a few studies of meaning-form systematicity
(Monaghan, et al., 2014; Jee, et al., 2022), some categories of
the subdivided sample did in fact return the opposite
systematicity to the whole systematicity due to the unique
characteristic of the category.)
We chose to focus on the simple pictographic characters
taught in the first two years of school. We hypothesised that
any systematicity may be strongest in these characters, which
educators had intuited should be acquired first. Pictographs

make up less than 7% of the 2906 most commonly used
characters involved in Outline of Chinese Words and Chinese
Characters Level (Li, 2003). However, these simple
pictographs turn out to exhibit a level of distinctiveness.
Children learn their first characters from scratch. Although
they do not indicate shared semantic/phonetic information as
compounds words do, pictographs exploit visual iconicity by
symbolizing objects or relations (Xiao & Treiman, 2012).
Indeed, Chinese grade 1 textbooks teach many pictographs
together with the original objects they depict; systematicity
from iconicity may suit children’s cognition better than
regularity based on semantic/phonetic categorization.
Such iconicity goes from a real-world object to a simplified
stroke-based caricature of that object. Our findings are
concerned with the next step—from the character to its
designated syllable. We have discovered a small but
significant level of grapho-syllabic systematicity in some
fonts, as a result of our study. We suggest that children may
benefit from this systematicity between written Chinese
characters and their designated syllables. For instance, it is
now possible to decide algorithmically the best order in
which to expose grade 1 learners to pictograms, such that
distinctiveness is maximised at every point.
The next level of structure beyond pictographs and their
corresponding syllables is compound characters in which
such pictographs feature as semantic-phonetic compounds.
These semantic-phonetic compound characters account for
the largest proportion of characters (Li, 2003; Hsiao &
Shillcock, 2006). Some 90% of them have the phonetic
radical on the right of a left-right structure. For example, the
pictograph 马 (HORSE) is the radical of a series of semanticphonetic compound words, such as 妈 mā (mǎ MOTHER)
and 码 mǎ (CODE); they sound the same without tones.
Overall, the phonetic radical’s pronunciation can sound the
same (apart from the tone) as the semantic compound, as in
妈 mā (mǎ MOTHER), or the phonetic radical can be a
partial match—or even no match—with the pronunciation of
the semantic compound. At this level we are seeing a graphosemantic systematicity that is compositional and can be
understood from its parts, as opposed to the distributed and
comprehensive (i.e. calculated over the whole sample of
characters) systematicity we have investigated here.
The non-modern fonts tend to have higher negative
correlations than the modern fonts. Specifically, all the
variants of regular script showed significant negative
correlations in the year (1+2) data, which means they are
more distinctive than modern fonts. Considering these fonts
resemble brush strokes (Table 1) this finding resembles the
conclusions of Jee, et al., (2021) where the highest graphophonemic systematicity was found in the 궁서 font (e.g.
다람쥐 헌 쳇바퀴에 타고파). Further research is required
regarding the relation between the ink area of characters and
the exact method of calculating the visual distance between
characters.
Can we understand the systematicity we have discovered
for our sample of pictograms in certain fonts by comparing
Chinese with an alphabetic language like English? The
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processing of both languages can be thought of in terms of
the constraint satisfaction triangle: semantics-phonologygraphics.
In English, the graphics-phonology relation is a positive
correlation: there is positive grapho-phonemic systematicity,
in that similar letters tend to have similar canonical
pronunciations. In Chinese, we have reported a negative
grapho-syllabic systematicity, in that similar pictograms tend
to have dissimilar syllabic pronunciations.
In English, the grapho-semantic relation exists, although it
is commonly overlooked in theorising. An example is the
“psy” in “psychology”, where the /s/ sound might otherwise
be written as “s”. This is the graphics relating directly to the
semantics. In Chinese, the grapho-semantic relation is
explicit in the pictograms.
In English, the phono-semantic relation exists as a positive
correlation between phonological distances and semantic1
distances between words. In Chinese, there are no studies, as
far as we are aware, quantifying semantic distances between
Chinese words and using the distances to estimate
systematicity.
The process of constraint satisfaction—whereby consistent
semantic, phonological and graphical dimensions align—is
therefore different in English and Chinese. The three arms of
the triangle have different strengths in each language.
Our study is an initial attempt to make the issue of
systematicity tractable in Chinese. We conclude that
systematicity can be detected in the limited sample of
pictographs that we studied. The approach used in previous
studies can be successfully transferred to Chinese.
We further conclude that syllabic phonological form
expressed purely in terms of segmental phonology produces
systematicity that is potentially beneficial to learners, but that
it involves a negative correlation between syllabic
phonological distances and graphical distinctions. We predict
that bringing tone into the calculations will increase
phonological distances and reduce the negative correlation
between syllabic form distances and graphical distances. We
hypothesise that this addition will bring the picture of
Chinese processing more into line with the existing theorising
that it is cognitive effort that mediates the observed
systematicity in other languages and other writing systems
(Jee, et al., 2022).

Conclusion
We report the grapho-syllabic systematicity for the first time
in Chinese, confirming that systematicity is not unique to
alphabetic orthographies (cf. Jee, et al., 2020; Jee et al.,
2021). It appears to be a universal feature across many
orthographies of different types, but the surface nature of the
systematicity may vary between languages, orthographies,
fonts, and sub-samples of the lexicon.
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Abstract

continuously decide whether (and for how long) to continue
waiting for delayed and temporally uncertain rewards. The
alternative to waiting is to disengage from the current reward
opportunity and move on to a new one. Akin to foraging
paradigms (McNamara, 1982; Constantino & Daw, 2015),
participants’ goal in the task is to maximize the rate of reward accrual over the course of a fixed time period by choosing between exploiting and abandoning individually encountered reward prospects. The probability distributions governing delay durations are manipulated across environments so
that either higher or lower levels of persistence lead to more
advantageous outcomes. In high persistence (HP) environments, the passage of time supports an inference that the reward’s expected arrival time is drawing nearer, whereas in
limited-persistence (LP) environments, time passage beyond
a certain point signals that the expected remaining delay is
growing longer. Using this paradigm, researchers have consistently observed an overall trend toward adaptive calibration
(greater willingness to wait in HP environments than in LP
environments) accompanied by an appreciable level of variation across individuals.

Decision makers face a nontrivial problem when evaluating
how much time to invest in an uncertain future prospect. Unconditional persistence is not always advantageous; rather, different levels of persistence are favored in environments with
different temporal statistics. Previous studies using foraginglike decision-making tasks have found that people can rapidly
recalibrate their persistence behavior—becoming either more
or less willing to tolerate delay—after a short period of direct
experience with the temporal statistics of a new environment.
Furthermore, substantial individual variation is apparent both
in baseline levels of persistence and in the flexibility of recalibration across environments. However, it is unknown to
what degree such variation reflects trait-like individual differences in contrast to session-specific measurement noise. Here
we investigated the test-retest reliability of individual variation
in behavioral persistence in a computerized decision-making
task. We conducted an online experiment in which participants (n=141 after exclusions) performed the task on two occasions separated by a three-week interval. We evaluated the testretest reliability of several behavior-derived indices, including:
a descriptive estimate of overall willingness to wait, a contrast
measure reflecting flexibility of recalibration across environments, and individual-level parameter estimates derived from
a reinforcement learning model of adaptive persistence. The
results showed strong evidence for stable, trait-like individual
variation in multiple aspects of persistence-related decisionmaking behavior. Our findings establish a foundation for future investigations of associations between task-derived parameters of decision behavior and other cognitive and motivational traits.
Keywords: decision making; intertemporal choice; foraging;
test-retest reliability; computational modeling; reinforcement
learning

Introduction
Although the ability to delay gratification is essential for attaining beneficial long-run outcomes, not all outcomes in the
real world are worth waiting for indefinitely. A general problem faced by both humans and foraging animals in delay-ofgratification scenarios is to regulate persistence in a contextappropriate manner (McNamara, 1982; McGuire & Kable,
2013; Fawcett, McNamara, & Houston, 2012). The cognitive
processes that govern the contextually adaptive regulation of
persistence—and the ways in which such cognitive processes
might differ across individuals—are not yet fully understood.
One behavioral paradigm for studying the experiencedriven calibration of persistence is the willingness-to-wait
task (McGuire & Kable, 2015, 2012; Lempert, McGuire,
Hazeltine, Phelps, & Kable, 2018). In this task, participants

Laboratory measures of intertemporal decision making
can, in principle, offer insight about sources of variation in
motivational traits such as impulsivity that are relevant to
mental health and well being. For example, estimates of temporal discount rates show strong test-retest reliability (Kirby
& Kirby, 2009) and are correlated with college GPA (Kirby,
Winston, Santiesteban, & Kirby, 2005), the incidence of substance use disorder (Kirby, Petry, & Bickel, 1999), and problematic drinking behavior (Vuchinich & Simpson, 1998). A
laboratory measure of delay of gratification in children (the
“marshmallow test”) has been found to correlate with intelligence, social skills, cognitive control, academic achievement and other competencies years later (Mischel, Shoda,
& Rodriguez, 1989; Casey et al., 2011; Mischel, Shoda, &
Peake, 1988). However, task-derived measures generally exhibit lower reliability compared to self-report measures, raising doubts about their general utility for investigating individual differences (Hedge, Powell, & Sumner, 2017; Enkavi
et al., 2019).
The present work assessed the test-retest reliability of individual differences in behavior in the willingness-to-wait task.
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Such differences can be operationalized in terms of several
different behavior-derived indices. One possibility is to calculate a descriptive statistic for the average amount of time
an individual was willing to wait, conditional on the reward
not having been delivered. A second possibility is to calculate the difference between waiting times in HP and LP
environments, with a larger difference presumably indicating greater adaptive flexibility. This type of contrast measure can more specifically isolate a putative cognitive factor
(e.g., flexibility); however, contrast measures are believed to
be less reliable than raw task measures because subtraction
of random variables mathematically increases their variance
(Caruso, 2004).
A third possibility is to fit a behavior-generating computational model to the task data and capture individual differences in model parameter estimates. Individually fit model
parameters are believed to provide deeper insights into cognitive and biological processes than conventional task measures (Maia & Frank, 2011; Patzelt, Hartley, & Gershman,
2018; Gläscher, Adolphs, & Tranel, 2019; Frank, Moustafa,
Haughey, Curran, & Hutchison, 2007). However, previous results on the reliability of such estimates are mixed. One study
reported certain parameters of diffusion models were as stable as raw task measures (e.g., drift rate, threshold and nondecision time). However, another study found that parameters
of reinforcement learning (RL) models showed either weak
or no correlations over repeated administration (Weidinger,
Gradassi, Molleman, & van den Bos, 2019).
We conducted a large-sample test-retest study online to
assess the reliability of three types of measures in the
willingness-to-wait task: raw task measures, contrast measures, and model-derived parameters.

Methods
Participants
The test-retest study was conducted on Amazon Mechanical
Turk. Participants completed a 20-minute willingness-to-wait
task in two sessions spaced approximately three weeks apart.
197 participants participated in the first session. 171 participants whose data met quality criteria were invited to participate in the second session (see Data exclusion). 141 participants (37.5% female, age: mean = 42.2, median = 40.0, range
= 23–74) satisfactorily completed both sessions.

Task
For this online study, we used an active version of the
willingness-to-wait task to reduce the risk of attentional
lapses. Unlike earlier versions of the task (McGuire & Kable,
2015, 2012), participants had to make repeated key-presses
throughout the delay interval in order to continue waiting.
Figure 1a shows a schematic of the sequence of task events.
At the onset of a trial, a token worth 0¢ appeared in the center
of the screen, with the white text ‘start pressing now’ above.
Once the participant started to make key presses, the white
text disappeared and the token would mature to a value of 2¢

after a random delay. Participants could either make continuous key presses (≥ 2 strokes per second) to keep waiting for
the token or stop pressing anytime to sell the token. Once the
token was sold, the word ‘SOLD’ appeared in red over the
token for 1 s. After a 0.5-s blank screen, a new trial started.
The interface also displayed the accumulated earnings and
the time remaining in the current block at the bottom of the
screen.
In each session, the participant experienced a 10-min block
in the LP environment followed by a 10-min block in the
HP environment. As shown in Figure 1b, in the HP environment delays were sampled equally from eight possible values
evenly spaced from 1.5 to 12 s, whereas in the LP environment delays were equally sampled from eight values logarithmically spaced up to 24 s. In the HP environment the optimal
strategy was always to wait, whereas in the LP environment
the optimal strategy was to wait up to 2.3 s (see Normative
analysis for details).
A fixed ordering of the two timing condition conditions
(LP followed by HP in each session) was used to avoid introducing extraneous variance across participants and sessions.
This design feature reflects that the study’s main goals focused on individual differences rather than on main effects
of condition (which have been demonstrated previously using between-subject designs or counterbalanced condition orders).
Different environments were represented by different token colors. The color mapping differed across sessions and
was counterbalanced across participants. For example, if the
LP environment was represented by purple tokens in the first
session, it would be presented by pink tokens in the second
session, making the environment visually novel. This design
feature was intended to mitigate practice effects.
In each session, participants completed four practice trials
before the actual task. In the first two trials, they were required to wait until the token matured. In the next two trials,
they were required to sell the token before it matured. No
environment-specific information was provided in the practice.

Data exclusion
Participants were excluded if they failed to complete the entire session, if they sold matured tokens too slowly (median
RT ≥ 1.2 s), or if they achieved ≤ 450 s of active on-task time
in a block (because of cumulative delay in starting new trials
or selling matured tokens).
Since participants showed a tendency to transiently decrease their persistence level under time pressure near the end
of a block, we excluded responses in the last 24 s of each
block in all of our analyses except for generating the entire
learning course in Figure 2a.

Behavioral analysis
To characterize behavior over time, we calculated a local estimate of each participant’s willingness to wait (WTW) every 2
s throughout the experiment. During quit trials, this estimate
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a
Decision
to quit

The numerator is a trial’s expected gain in cents and the denominator is a trial’s expected duration in seconds (including
the 1.5-s ITI). The optimal giving-up time is simply the value
of T that maximizes ρT , denoted as T∗ . The corresponding
expected rate of return is denoted as ρ∗T .
In our task, the optimal giving-up time was 12 s in the HP
environment (ρ∗T = 0.242 ¢/s), and 2.312 s in the LP environment (ρ∗T = 0.313 ¢/s)
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Figure 1: Sequence of events in the willingness-to-wait task
(a) and delay durations that defined the high-persistence and
limited-persistence environments (b).
was set equal to the observed waiting time. During other trials, the estimate was set equal to the longest time waited since
the last quit trial. The estimate was capped at 12 s to make
the two environments comparable.
To summarize each individual’s overall level of behavioral
persistence, we constructed a Kaplan-Meier survival curve
for each participant in each block. The analysis was restricted
to the 0 to 12 s range for which we had observations in both
environments. Rewarded trials were treated as censored observations of the participant’s waiting time. The area under
the survival curve (AUC) captured the average amount of time
a participant was willing to wait within the first 12 s, conditional on the reward not having been delivered. The same
analysis was also performed on the first and second half of
each block separately to summarize behavior at a finer scale.
To assess the flexibility with which participants recalibrated persistence across environments, we calculated ∆AUC
by subtracting AUC in the LP environment from that in the
HP environment. A larger value of ∆AUC was interpreted as
reflecting greater flexibility.

Normative analysis
We determined the reward-maximizing behavioral strategy in
each environment by calculating the average rate of return
for various waiting policies. Define the length of delay for
a token to mature as a random variable, λ. For a policy of
quitting at time T, define the average rate of return as ρT , and
the probability that the token matures before T as PT = P(λ ≤
T). Define WT as the expected delay if the reward is received
before T, WT = E[λ | λ ≤ T]. The expected rate of return, in
¢/s, is
ρT =

2 · PT
PT WT + (1 − PT )T + 1.5

Details of the RL model for the willingness-to-wait task can
be found elsewhere (work in preparation). Briefly, the model
conceptualizes behavior in the task as emerging from a series of wait-or-quit choices over the course of the delay. Each
time step in a trial is a distinct temporal state. Decision makers assess the value of continuing to wait in comparison to
quitting for each specific temporal state and make a choice
accordingly.
The RL model has five parameters, each of which reflects
a specific computational factor. The parameters can take
individual-specific values to capture variation in behavior:
learning rate α, valence-dependent bias ν, inverse temperature of the decision function τ, temporal discounting γ, and
prior beliefs about the value of waiting η.
Model parameters were estimated using Bayesian methods
implemented in Stan (Carpenter et al., 2017), with uniform
priors: α ∼ unif(0, 0.3), ν ∼ unif(0, 5), τ ∼ unif(0.1, 22),
γ ∼ unif(0.7, 1), η ∼ unif(0, 6.5). We fit each model for each
participant and each session with 4 chains, 4000 samples per
chain. The first 2000 samples in each chain were discarded
as burn-in. The mean of the posterior distribution for each
parameter was used as a point estimate.
We compared the full version of the model (described
above) with a reduced version that lacked the valencedependent bias parameter ν and therefore had equal sensitivity to rewarding and nonrewarding outcomes. We chose
widely applicable information criterion (WAIC) as our model
fit criterion, a quantity that rewards goodness of fit while penalizing model complexity. To determine which model provided the better fit at the group level, we tabulated the number
of participants best fit by each form of the model.

Reliability analysis
We used Spearman’s ρ as our measure of test-retest reliability.
95% confidence intervals for Spearman’s ρ were constructed
using bootstrap methods (1000 samples). The magnitudes of
two Spearman’s ρ coefficients were compared using permutation tests (1000 permutations, Omelka & Pauly, 2012).

Results
Behavioral results
Participants were able to calibrate their persistence level in a
context-dependent manner. Figure 2a shows the local WTW
estimate as a function of task time. In both sessions, participants reduced their persistence level in the LP environ-
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Survival rate

ment and increased their persistence level in the HP environment. We then used survival analysis to estimate each participant’s overall probability of ‘surviving’ various lengths
of time without quitting. Figure 2b shows averaged perparticipant empirical survival curves in the two environments.
The area under the curve (AUC) estimates how much of the
first 12 s a participant was willing to wait on average. In
both sessions, AUC values were higher in the HP environment than in the LP environment (Session 1: HP, median =
7.52 s, IQR = 5.41-9.21 s; LP, median = 5.88 s, IQR = 4.737.73 s, signed-rank p < 0.001. Session 2: HP, median = 6.86
s, IQR = 5.36-9.08 s; LP, median = 5.26, IQR = 4.04-6.53 s,
signed-rank p < 0.001).
There was a concern that behavior might systematically
differ across sessions due to experience with the task, which
might have unpredictable effects on estimates of test-retest
reliability. To access the severity of this issue, we first compared participants’ local behavior across sessions (Figure 2a).
We found the local WTW estimate at the beginning of the task
was significantly lower in Session 2 compared to Session 1.
This could have occurred because participants updated their
prior belief about the general times scale of rewards in the
task. However, no systematic divergence was observed within
other time windows, either in terms of persistence level or
the calibration trajectory. We then calculated AUC values for
the first and second halves of each block and compared them
across sessions. Consistent with the local comparison results,
significant differences in AUC were only detected in the first
half of the LP block (Session 1: median = 6.66 s, IQR =
5.29-8.00 s; Session 2: median = 5.31 s, IQR = 4.24-7.07;
signed-rank p < 0.001).

Elapsed time (s)

Figure 2: Behavioral results. (a) Mean local WTW estimate
averaged across participants (with standard error of the mean;
s.e.m.), sampled at intervals of 2 s. Red dots at the top indicate time points at which the local WTW estimate was significantly different between Sessions 1 and 2 (signed-rank
p < 0.05 after false discovery rate correction). (b) Mean survival curves averaged across participants, with s.e.m., sampled at intervals of 0.1 s.
SESS 1

SESS 2

Modeling results
Participants were excluded in modeling analyses if the
MCMC chains fit to their data did not converge. For the full
model, seven participants in Session 1 and three participants
in Session 2 were excluded. For the reduced model, seven
participants in Session 1 and eight participants in Session 2
were excluded.
Consistent with previous findings (work in preparation),
the full model with two separate learning rates for rewarding and nonrewarding outcomes fit the data better than the
reduced model. It had lower WAIC and better fit the majority
of participants in both sessions (Table 1). Table 2 summarizes
the individually fit parameters for the full model.
To validate the parameter estimates of the full model, we
simulated 10 data sets with each participant’s estimated parameter values and compared the AUC value calculated from
the model-generated data (averaged across 10 data sets) with
the observed AUC for that participant. As shown in Figure 3,
with individually fit parameters, the full RL model was highly
accurate in reproducing the data.

Figure 3: Observed AUC compared with AUC generated by
the full RL model. Each data point is the AUC value of one
participant in one environment. The diagonal line is plotted
for reference.

Reliability of descriptive task measures
AUC was the main descriptive task measure in the
willingness-to-wait task. We first assessed the reliability of
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Table 1: Model comparison results

WAIC
(mean ± s.e.m.)
Best explained

Session 1
Session 2
Session 1
Session 2

Reduced model
393.24 ± 11.60
374.07 ± 10.95
36
48

Full model
382.93 ± 10.82
367.89 ± 10.68
112
83

Table 2: Parameter estimates of the full RL model. Data are
reported as median (IQR).
Session 1

Session 2

Learning rate α
Valence-dependent bias ν
Inverse temperature τ
Temporal discounting γ
Prior belief parameter η

0.010 (0.004-0.023)
0.490 (0.160-1.020)
5.903 (4.051-8.069)
0.858 (0.827-0.897)
0.896 (0.660-1.249)

0.005 (0.002-0.017)
0.712 (0.345-1.524)
7.508 (5.179-11.083)
0.831 (0.797-0.866)
0.639 (0.448-0.910)

the AUC calculated based on data from each block (HP and
LP). As shown in Figure 4, the reliability of AUC was 0.570
(95% CI [0.423, 0.696]) in the LP environment and 0.737
(95% CI [0.659, 0.806]) in HP environment.
We then assessed the reliability of the AUC calculated
based on data from each half block (LP-1st, LP-2nd, HP-1st,
and HP-2nd). The goal was to examine whether the reliability of AUC was time-dependent. AUC in the first half of
the LP block was the least reliable (LP-1st = 0.420, 95% CI
[0.251, 0.546], LP-2nd = 0.619, 95% CI [0.481, 0.732], HP1st = 0.683, 95% CI [0.578, 0.766], HP-2nd = 0.683, 95% CI
[0.573, 0.769]). This was probably because this time period
was most affected by practice effects as discussed above.

Figure 4: Across-session correlations of AUC estimates.
Spearman’s correlation statistics are annotated.

ΔAUC SESS 2

Free parameter

r = 0.492

Reliability of contrast measures
∆AUC was calculated by subtracting AUC in the LP environment from that in the HP environment. The resulting score
can be interpreted as reflecting an individual’s flexibility in
calibrating persistence across environments. Compared to
AUC, ∆AUC had lower reliability (Spearman’s ρ = 0.492,
95% CI [0.351, 0.604], Figure 5).

ΔAUC SESS 1

Figure 5: Across-session correlation of ∆AUC. For illustrative purposes, outlier data points (> 1.5 IQR, n = 3) are
not shown in the scatterplot. Spearman’s correlation statistics
were calculated using all data points.

Reliability of RL model parameters

Conclusion
Maladaptive persistence behavior is closely associated with
impulsivity, a transdiagnostic feature of multiple mental
health conditions. Persistence calibration is potentially a

SESS 2
r = 0.344

SESS 2

log( )

log( )
SESS 2

r = 0.353

r = 0.275

SESS 1

SESS 1

SESS 1

SESS 2

log( )
SESS 2

Figure 6 compares the parameter estimates of the full RL
model across sessions. All model parameters were significantly correlated across sessions. However, their reliability
was relatively low compared to AUC and ∆AUC (Spearman’s
ρ: α = 0.344, 95% CI [0.192, 0.481]; ν = 0.275, 95% CI
[0.12, 0.422]; τ = 0.353, 95% CI [0.196, 0.487]; γ = 0.191,
95% CI [0.03, 0.346]; η = 0.316, 95% CI [0.145, 0.464]).
Comparing the full model and the reduced model (Figure
7), we observed a nonsignificant tendency for the full model
to yield a more reliable estimate of the learning rate α (Spearman’s ρ: full model = 0.344, 95% CI [0.192, 0.481]; reduced
model = 0.196, 95% CI [0.006, 0.351]). Such an effect could
potentially have occurred because the full model was able
to account for learning asymmetry for rewarding and nonrewarding outcomes with the additional parameter, valencedependent bias ν. The reliability of other model parameters
was roughly the same.

r = 0.191

SESS 1

r = 0.361

SESS 1

Figure 6: Across-session correlations of individually estimated parameters for the full RL model. For illustrative purposes, three parameters with heavy-tailed distributions were
log transformed and outlier data points (> 1.5 IQR) are not
shown in scatterplots. Spearman’s correlation statistics were
calculated using all data points.
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Full model

environment. In comparison, the contrast measure, ∆AUC,
was less reliable (Spearman’s ρ = 0.492). The RL model
parameters were significantly correlated across sessions but
were the least reliable (average Spearman’s ρ = 0.296).
Test-retest reliability was also influenced by other methodological factors. For example, we found the better-fit variant
of the RL model showed a tendency toward yielding more
reliable learning rate estimates. This underscores the point
that good alignment of the model and the paradigm is crucial
for obtaining reliable parameter estimates. To improve the
reliability of model parameters, it will be important to examine the effects of methodological factors (e.g., choice of computational models, fitting procedures, and data prepossessing
methods) more comprehensively in future work.

Reduced model
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Abstract
The purpose of this paper is to present a novel conceptualisation of an intuitive, primitive form of trust termed prototrust. This concept is proposed in order to account for the
many different senses, types and domains in which trust has
traditionally been defined and theorised. A brief review of the
literature on affective and intuitive trust is presented, informing the definition and formalisation of proto-trust. Following
this, a preliminary empirical investigation of proto-trust is described, where intuitive trust assessments are compared to analytical trust decisions, under various attribution prompts. Results showed effects of attribution prompts on changes to trust
assessments from intuitive to deliberative decisions. In addition, qualitative data are presented for the various reasons participants gave for their trust decisions. One of these reasons
(emotional reaction) was found to affect the degree of difference between intuitive and deliberative trust assessments.
Keywords: Trust, Intuition, Affect, Dual Process.

Introduction
Trust is a concept that has been infamously difficult to define (McKnight & Chervany, 2001; Shapiro, 1987; PytlikZillig & Kimbrough, 2016), with definitions ranging from trust
as belief (Hardin, 2002), disposition (Ben-Ner & Halldorsson, 2010), behaviour (Castelfranchi & Falcone, 2010), and
even as a cognitive bias (Yamagishi & Yamagishi, 1994).
Adding to this difficulty is the tendency for definitions to be
developed independently in vastly different contexts. For instance, trust has been researched in the context of interactions
with friends (Falcone & Castelfranchi, 2001), colleagues
(Tan & Lim, 2009), romantic partners (Rempel, Holmes, &
Zanna, 1985; Campbell & Stanton, 2019), governments (Levi
& Stoker, 2000), institutions (La Porta, Lopez-de Silanes,
Shleifer, & Vishny, 1997; Wesson, Lucey, & Cooper, 2019),
organisations (Amaral, Sales, Guizzardi, & Porello, 2019),
information (Sbaffi & Rowley, 2017), media (Kiousis, 2001;
Turcotte, York, Irving, Scholl, & Pingree, 2015), and technology (Mcknight, Carter, Thatcher, & Clay, 2011; De Visser,
Pak, & Shaw, 2018), to name a few. Additional subtleties
in the conceptual differences between different types of trust
(e.g., reliability vs. benevolence) and even forms of trust
(e.g., lack of trust vs. mistrust vs. distrust) have further confounded the process of defining the concept more broadly.
Whilst the conscious deliberation of these (sometimes conflicting) types of trust may involve different processes and
information, the implicit feeling of trust experienced is intuitively the same. In other words, in all forms of trust, an in-

dividual becomes aware of signals in the environment which
lead them to the conclusion that a person or entity may, or
may not, be trusted, e.g., to perform a certain task well (competence), or is not entirely truthful (honesty), or does not have
good intentions (benevolence). The same intuition or feeling
can be felt in situations where trust is applied to non-human
aspects of an experience, such as in information contained
within a news article (credibility), or the number or errors
produced by an automated system (reliability). In the following, we argue that this pre-conscious “alert mechanism” underpins all senses or types of trust, but where the separation of
these senses arise out of a secondary attribution process. This
underlying, pre-conscious mechanism will be termed prototrust, where ‘proto’ alludes to the ‘first’ or ‘earliest form’
senses of this term. Proto-trust is theorised to be based on
connections between trust and affective/intuitive thinking.
This paper will be organised as follows. First, extant theories of intuitive and emotional trust will be introduced, along
with an explanation of how these forms of trust may provide
a more common platform from which divergent types of conscious, deliberative trust can arise. Following this, an initial
attempt at developing and testing the new theory of prototrust will be presented.

Background
Trust as Intuition
Trust as a rational process of expectation and judgement
of subjective probabilities has been well researched. However, non-rational, intuitive forms of trust are often neglected
(Stoltz & Lizardo, 2018). This is, perhaps, surprising given
the relatively primitive nature of trust as an evolutionarily
adaptive function compared to later developed higher-order
rational thinking. A clear illustration of this is in the relative speed with which humans can make judgements about
the trustworthiness of other humans based on facial information - as fast as just 33ms after exposure to a face (Todorov,
Pakrashi, & Oosterhof, 2009).
Automatic trust appraisals of faces Social judgements
based on facial features have a long history in psychological literature. Trustworthiness has been identified as a key
dimension upon which many other social impressions can be
based. Oosterhof and Todorov (2008) conducted a comprehensive analysis of a range of trait judgements about facial
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features (e.g., confidence, intelligence, attractiveness, etc.),
finding that two dimensions were sufficient to explain the
variance across all of these traits. These two dimensions were
those represented by judgements of valance and dominance.
The first factor was later changed from valence to trustworthiness based on high correlations between the trustworthiness
trait and the “valence” dimension 1 . Judgements of trustworthiness have been shown to be made implicitly outside conscious control (Engell, Haxby, & Todorov, 2007; Swe et al.,
2020). Judgements of trustworthiness from faces are an important adaptation for survival (Hou & Liu, 2019), and inform
important behaviours such as decisions to approach or avoid a
person who may represent a potential threat (Slepian, Young,
& Harmon-Jones, 2017).
In studies of perceived trustworthiness of faces, contrary to
most survey-based trust measures (e.g., Rempel et al. (1985)),
trustworthiness is generally assessed using a single question
about the degree to which someone trusts a photographed
person or computer-generated face. Simple binary yes/no
questions are often used (e.g., “Is this person trustworthy?”)
(Todorov et al., 2009; Castle et al., 2012; Günaydin, Zayas,
Selcuk, & Hazan, 2012), as well as Likert scales with ratings associated with high trustworthiness to low trustworthiness (Sutherland, Young, & Rhodes, 2017; Todorov, Baron,
& Oosterhof, 2008). The question “How trustworthy [is this
person/does this person look]?” has also been used by Little,
Roberts, Jones, and DeBruine (2012), Tingley (2014), Alrajih
and Ward (2014), Oh, Dotsch, Porter, and Todorov (2019),
and Lambert, Declerck, and Boone (2014).
By asking a general question of trust, rather than a series
of questions specific to various types, senses and scenarios
where trust might be assessed, the experimenters are allowing participants to interpret trust in a way that is most natural
to them. In fact, these studies generally ask participants to
answer based on their “gut feeling”. A general decision of
trust based on intuitive first impressions can be seen as representing a holistic culmination of all possible senses of trust.
For instance, a general trust decision may arise from a holistic
inference of how a person might behave in a range of future
circumstances, thus adaptively priming a decision maker to
respond with according caution. This general, holistic trust
accords with the concept of proto-trust proposed later in this
paper.
Intuitive trust as a disposition Another compelling reason
to include intuition in theories of trust is related to the fact
that trust often occurs without rational cause. For instance,
what rational thought process could reasonably lead a young
child to trust their mother? Or an oft betrayed friend to continue to trust the person responsible for their betrayal? Or
indeed a person to keep believing that a piece of technology
will reliably meet expectations despite many signs that it will
not? This “faith” style concept of trust has appeared in various places in the literature, and has been given various terms
1 This highlights the strong links between intuitive thinking, valence (emotion) and trust

such as faith in humanity (McKnight & Chervany, 2000), default trust (A. M. Evans, Dillon, Goldin, & Krueger, 2011), or
generalised trust (Uslaner, 2002). These theories tend to describe it as a dispositional trust toward strangers which is said
to facilitate societal interaction. Although these types of trust
are often contrasted with deliberative, rational forms of trust
(Freitag & Traunmüller, 2009), they still lack a clear explanation of true intuition-driven trust, particularly as it presents
in situations outside interpersonal interactions.
Broader views of intuitive trust Perhaps the closest to providing a broader picture of the type of fast, intuitive trust
exemplified in face literature are theories of trust that draw
from dual process models of cognition. Dual process models arose in a trend in behavioural economics and (to a lesser
extent) psychology, which has seen cognition split into two
distinct processing styles: one fast and intuitive (System 1)
and one slow and deliberate (System 2) (J. Evans, 2010; Kahneman, 2003). One example is Hermes, Behne, and Rakoczy
(2018)’s use of a dual process perspective to explain early
learning behaviours that require irrational trust in young children. Another is Stoltz and Lizardo (2018)’s dual process theory of trust, where a distinction is drawn between two types
of trust appraisals which lead to reliance of a trustor on a
trustee: intuitive and deliberative. These follow the general
dual process accounts of reasoning, describing deliberative
trust as involving conscious, rational decision-making based
on expectations of risk and management of informational uncertainty (covered by the majority of extant trust literature),
and intuitive trust as embodied, unconscious and reflexive,
involving associative learning and proprioception of internal
physiological and affective states. Stoltz and Lizardo (2018)
refer to intuitive trust as being ever-present, even when deliberative trust is not. As they put it, “Even when certain entities
in a situation invite our effortful scrutiny, our decision to deliberately trust will always incorporate and rest upon further
entities, a diffuse social penumbra, which we will take on
faith” (Stoltz & Lizardo, 2018, p. 244).
In everyday language, intuitions tend to share common
language with affect (emotion). We tend to describe intuitions as something we “feel”, for example, when describing
that something “feels right” or when we might have a “funny
feeling” about something. Castelfranchi (1999) describes the
emotional aspect of intuitive trust as “a spontaneous, non reasonable or reasoned upon (non-rational) reliance, and a feeling of confidence in a given environment or in a person” (p.
86). This type of “feeling” or sensing of intuitive trust will
help inform the basis for the theory presented in this paper.

Trust and Affect
Literature dealing with affect and trust tend to deal with the
connection in one of two ways: a) affective trust as a type
of trust distinct from “cognitive” trust, and b) the correlation
between internal and external affective states and trust. The
former tends to define affective trust in terms of a relational
trust between people, rather than specifically drawing on the
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more general emotional content of trust appraisals. The latter represents evidence that internal emotional states impact
propensity to trust (e.g., the effect of emotional valance on
trust (J. R. Dunn & Schweitzer, 2005)), and that external
emotional states (e.g., emotions displayed by others via facial expressions) often overlap with impressions of others’
trustworthiness (Todorov, 2008).
Theories of affective trust Despite early attempts by influential trust researchers to integrate a more general emotional
component into theories of trust (e.g., Lewis and Weigert
(1985)), subsequent research has tended to focus on emotional features of interpersonal relationships when defining
and investigating affect-based trust. This type of trust is often seen as involving mutual care and concern (McAllister,
1995), involving antecedents of shared values, long-term contact and open sharing of personal information (Chowdhury,
2005). This conceptualisation of affective trust has been
used in studies in managerial trust (Chua, Ingram, & Morris, 2008), knowledge sharing (Chowdhury, 2005), team dynamics (Webber, 2008), e-commerce (Punyatoya, 2019), and
human-robot interaction (Gompei & Umemuro, 2018).
A somewhat broader conceptualisation of affective trust is
offered by Castelfranchi and Falcone (2010), who describe
the role of emotion in trust as being an “activator” of trustrelated goals. They view the affective form of trust as a “feeling, an affective response arousing from a given more or less
explicit perception and appraisal of the world” (Castelfranchi
& Falcone, 2010, p.141), which then serves to activate the
goals relevant to trust behaviours. In a similar way to Stoltz
and Lizardo (2018)’s theory of intuitive trust, this view adopts
a dual process perspective. However, the nature of the interaction between affective and intuitive trust and deliberative
trust has not yet been adequately addressed. The primary
source of interaction between these forms of trust proposed
in this paper is via an attribution process.
Attribution Conscious attributions are an important aspect
of the experience of emotion. In appraisal-based theories of
emotion, cognitive processing of the source and meaning of
an emotionally arousing event is vital to the experience of
emotion (Ellsworth & Scherer, 2003). This necessarily requires some attribution of a state to a particular stimulus. In
another prominent theory of emotion, the Two-Factor Theory, attribution is explicitly outlined as necessary for physiological arousal to become an emotional state (Schachter &
Singer, 1962; Shaked & Clore, 2017). Attribution and similar concepts of causal appraisals are integral to many theories
of emotion. When an emotion is felt, it is almost always attributed to some event or entity in one’s environment which
is presumed to have lead to such a state.
In addition, the attribution process provides another link
between emotion and intuition. B. D. Dunn et al. (2010)
found that interoception ability (the extent to which people
can perceive internal bodily functions such as heart rate) affects the capacity for intuitive reasoning, and that this effect

is mediated by the emotion-based attributions made regarding what is perceived interoceptively. Considering affective
and intuitive trust, it is easy to imagine situations in which
one “feels” a sense of distrust, and subsequently attributes
this feeling to a person or element in their immediate environment (even if this person or element was not the cause
of their intuitive sense of distrust). An example of trustbased attributions in the literature is in the effect that attributing blame/distrust in AI-mediated conversations has on trust
(Hohenstein & Jung, 2020).

Proto-trust
The benefit of further developing intuitive trust as a theory is
in providing a common framework from which trust as a general concept can be described. A recent theory has made first
attempts to do this by describing trust in terms of a fundamental predictive mechanism (Fell, Gibson, Bruza, & Hoyte,
2020). This theory, termed the Cognitive Predicting Theory
of Trust (CPTT), posits that individuals have certain expectations about the world based on values and standards. These
might be general, such as ethical or moral standards, or specific, such as the expectation that a person will perform a certain action or that a chair will not collapse upon being sat on.
Based on these expectations, as well as expectations about the
surrounding context, CPTT proposes that humans make implicit and continuous predictions about the environment with
which they interact. The process of prediction is increasingly
recognised as a vital part of cognition, with some theories
proposing that prediction is one of the central functions governing cognition (Hohwy, 2013; Huang & Rao, 2011; Clark,
2015; Friston & Kiebel, 2009).
The reliability of predictions made via interactions with an
environment can be seen as what an individual experiences
as trust. When predictions produce error, trust is affected
and has an increased chance of being brought to conscious
awareness. If a person recognises (or attributes) these errors
as stemming from the actions of a particular element of their
environment, for example, a person or entity, their explicit
trust in that person or entity is changed. Explicit, or deliberative trust, which is mostly assumed to be a conscious, rational process (McAllister, 1995; Falcone & Castelfranchi,
2001), can be described as a process of reducing prediction
errors towards the goal of maximising utility (although, a
prediction-based view of trust also allows for situations where
outcomes other than the maximisation of utility are pursued
by a trustor). Thus, active search for evidence to inform a
rational agent’s decision whether or not to trust (i.e., engaging in a causal attribution process) is captured in the aim to
reduce errors in prediction.
Importantly, CPTT also accounts for affective and intuitive
trust. In fact, predictive coding (one of the theories upon
which CPTT was built) has been applied to affective states
by considering the perception of emotion as arising through
a process of interoception (internal sensing of body states)
(Critchley & Garfinkel, 2017). Thus, assessing one’s own
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implicit affect-driven trust can be considered as a perception
driven by the same predictive mechanisms as are involved in
deliberative trust.
Whilst Fell et al. (2020) provide a general view of trust
in terms of prediction, they do not focus on the elements of
intuitive or deliberative trust. Proto-trust is proposed as an
extension of CPTT specifically dealing with the initial intuitive perception of predictive errors and the attribution process that brings trust into the realm of conscious, deliberative
cognition.

Definition of Proto-trust
Proto-trust is thus defined as an intuitive, predictive appraisal
of the degree to which one’s immediate environment accords
with implicit standards of safety and security, actioned via a
predictive mechanism and perceived via emotional affect.
Proto-trust can project to deliberative trust decisions, attitudes and behaviours via an attribution process, whereby the
affective experience of proto-trust is consciously attributed to
particular elements within one’s environment, e.g., a person
or entity with whom one perceives the need to trust/not trust.

Examining Proto-trust
Proto-trust, like many experiential and intuitive concepts, is
by its very nature difficult to study directly. In order to empirically evaluate proto-trust, therefore, one must turn to its
signals. One such signature, included as part of the theory, is
the effect of attribution. Just as raw emotion can be studied
through various appraisal and attribution processes, it would
follow that so too can proto-trust.
A fundamental feature of proto-trust is its holistic nature.
This primitive modality of trust is proposed to draw more
on associations than rule-based reasoning (Stoltz & Lizardo,
2018). It makes sense, then, for the first investigation into
this type of trust to be focused on trust in faces. Faces are
known to be processed holistically, and intuitive trust judgements of faces have been found to occur extremely rapidly,
making face stimuli good candidates for studying this primitive form of trust.
Imagine that, whilst viewing a face, an individual’s general sense of trust, conveyed via a feeling, is closer to trust
than distrust. Suppose, then, that this person was prompted
by some situational need to decide on the trustworthiness of
the face in their visual field. The theory of proto-trust would
predict that the person’s general intuitive trust (based on the
whole of their surroundings) influences their decision about
the trustworthiness of a particular element of their environment (the face) by means of attribution. They attribute their
general feeling of trust to the object about which they must
make a trust decision. Likewise, if further need arises to attribute that trust to any part or feature of the face (e.g., kind
eyes, smiling mouth, etc.), their initial assessment would also
inform this.
One consequence of this process may be that misattribution occurs, where, for example, a particularly untrustworthy face is mis-attributed to be trustworthy due to a per-

son’s general high trust state. However, mis-attribution will
not be the focus of this study. Instead, this study will focus on a possible amplification effect, whereby the act of
reasoning and attributing one’s feeling of trust/distrust may
strengthen one’s confidence in that feeling and thus result in
an amplification of an intuitive trust assessment when converted to an attributed decision. This type of effect has been
found in studies investigating the effect of certain emotional
appraisals on moral judgements (Horberg, Oveis, & Keltner,
2011), as well as general emotional states reinforced by attention and appraisal mechanisms (Lowe, Herrera, Morse, &
Ziemke, 2007).
In light of the preceding, two research questions will be
addressed in this paper: 1) What is the nature of attributions
of trust in faces, and 2) how do attributions alter trust in faces.
Whilst the first question is largely exploratory, the hypothesis
for the second question is as follows: proto-trust assessments
of faces will be amplified when individuals are prompted to
attribute reasons for their trust assessments.

Methodology
Participants Participants consisted of 270 members of the
crowdsourcing platform Prolific, 148 of which identified as
female, 120 male, and 2 who identified as non-binary/third
gender. Participants were over 18 years, with a mean age of
27, and participated from a variety of countries. Remuneration was in the form of a small payment (£0.5), as per Prolific
convention, and an informed consent page was presented to
participants prior to commencement.
Materials Stimuli consisted of three computer generated
faces adapted from Oosterhof and Todorov (2008). These
faces were modified by Oosterhof and Todorov (2008) to vary
on perceived trustworthiness, and the three faces used depicted high trustworthiness, low trustworthiness and neutral
trustworthiness (see Fig. 1). Participants were asked a set
of questions pertaining to their intuitive and deliberative trust
judgements of the face shown to them (one per condition),
their reasons for their trust decision, as well as demographic
data.
The intuitive trust question asked “Whilst viewing the face,
indicate on the below scale the level of trust you felt.”, and
provided a scale from 0 (lowest trust) to 100 (highest trust).
This question was similar to standard questions used in previous face literature, however, was adapted to provide a more
general picture of participants’ overall sense of trust, as proposed by the proto-trust theory. The deliberative trust question asked “Thinking carefully, rate again the level of trust
you feel when viewing the face.”, again with a scale from 0
(lowest trust) to 100 (highest trust). This was again adapted
from standard trust questions in face literature, but this time
was adjusted to prompt participants to consider their answer
more carefully. Finally, the reason-attribution question consisted of three versions: trustworthy prompt, untrustworthy
prompt and neutral prompt. The question asked for the neutral prompt condition was “For the next 45 seconds, please
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Figure 1: Three face conditions displayed to participants

write reasons why you believe this face appears trustworthy/untrustworthy (whichever you decided in your previous
answer). Write as many reasons as you can.”. For the trustworthy prompt and untrustworthy prompt conditions, the italicised text was replaced by trustworthy and untrustworthy,
respectively.
Procedure The mixed design involved two within subjects conditions across nine between subjects conditions.
Within subjects conditions consisted of the two trust measures (proto- and deliberative). The between subjects conditions were represented by a 3 x 3 design, with 3 image conditions (high trustworthy face, neutral trustworthy face and
low trustworthy face) across the three attribution conditions
(trustworthy, neutral, untrustworthy).
Participants begun by reading the informed consent sheet,
agreeing to participate and reading instructions. Following
this, one face (i.e., either the high trustworthiness, low trustworthiness or neutral trustworthiness face) was presented for
a total of one second. The proto-trust question was then presented, followed by the reason-attribution question (i.e., either trust prompt, untrust prompt or neutral prompt, depending on the condition). Participants were prevented from moving on from this question until 45 seconds had passed, in order to encourage an adequate reflection on the reasons for
their initial trust assessment and prompt attributions. The analytic trust question followed, along with the face being again
presented without time limit, and the survey ended with the
collection of demographic information.

Results
Paired samples t-tests revealed that trust significantly decreased from the proto- (intuitive) trust assessment to the
subsequent deliberative trust assessment for the low trustworthy face in the untrustworthy-prompted attribution condition,
t(29) = 2.39, p = .012. Additionally, a difference approaching
statistical significance between proto- and deliberative trust
for the high trustworthy face in the trust-prompted attribution
condition, t(29) = -1.57, p = .064) was found. In this condition, the trust scores increased in the post-attribution deliberative trust decision. No significant differences were found
between proto- and intuitive trust scores for the remaining 7
conditions.
A difference score for proto- and deliberative trust was calculated by subtracting deliberative trust scores from prototrust scores. Independent samples t-tests conducted on

Figure 2: Changes per participant shown against initial prototrust scores

trustworthy-prompted and untrustworthy-prompted attribution conditions within each of the face conditions showed a
significant difference between the two types of prompted attributions for the difference score in the low trustworthy face
condition, t(58) = -2.22, p = .015, and a difference approaching significance in the high trustworthy face condition, t(58)
= -1.48, p = .072. A Pearson correlation was conducted to
determine if initial proto-trust scores predicted the amount
of change to trust scores after the attribution process was
prompted. Negative correlations were found for the low trustworthy face in the untrust-prompted and neutrally prompted
attribution conditions, r(28) = -0.60, p = <.001, r(28) = -0.42,
p = .02), and for the neutral face in the untrust prompted attribution condition, r(28) = -0.48, p = .007. No other conditions
showed significant correlations. Graphs for these effects are
shown in Fig. 2.
Thematic analysis was conducted on qualitative data using an open coding method. Keywords were categorised into
themes and coded for each participant response to the reason
attributions question. Based on key words and themes identified by this manual inductive coding process, 7 categories
emerged for the reasons reported by participants to explain
their initial trust assessments. Many participants’ answers
fell into more than one category, so each category was coded
separately. The categories for attributed reasoning were: an
emotional reaction to the face (n = 46, 17%), feature(/s) of
the face (n = 130, 48.1%), the fact that the face was artificial
(n = 62, 23%), the perceived expression on the face (n = 142,
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52%), similarity of the face to a stereotype (n = 28, 10.4%),
the familiarity of the face (n = 14, 5.2%), and a general (unexplainable) sense of the face (n = 48, 17.8%).
Reasoning categories were tested against computed difference scores to test the effect of reported attributed reasons
for initial proto-trust assessment on subsequent changes from
proto-trust to deliberative trust assessments.
For the high trustworthy face in the trustworthy-prompted
attribution condition, the mean trust score decreased significantly from proto- to deliberative trust scores when participants reported their emotional reaction as a reason for their
initial proto-trust assessment, compared with those who did
not, t(28) = 1.78, p = .043). The opposite occurred for
emotion-based reasoning in the low trustworthy face with
untrustworthy-prompted attribution condition, t(27) = -2.34,
p = .013, for feature-based reasoning in the neutral face with
neutral-prompt attribution condition, t(28) = -1.87, p = .036)
and reasoning based on facial expression in the high trustworthy face with trustworthy-prompted attribution, t(28) = -2.93,
p = .003.

Discussion
As expected, the way attribution was prompted influenced
the difference between the two trust assessments. The amplification hypothesis was supported for one of the conditions, marginally for another but not for the remaining conditions. The fact that a significant difference between prototrust and deliberative trust scores did not occur for the majority of cases is not surprising given the theory presented.
In the absence of any salient reasons to the contrary that
might arise through careful consideration, most participants
may have simply been able to form consistent attributions for
their initial intuitive assessment. It may be that differences are
only seen when there are disruptions to this coherency. For
the low trustworthy face when untrustworthy-centric attributions were prompted, and (although only marginally significant) for the high trustworthy face when trustworthy-centric
attributions were prompted, there was likely more to draw
from in these faces (e.g., trustworthy/untrustworthy facial
features, positive/negative valanced perceived emotional expressions, etc.) that aligned with the suggested attribution
prompts. This may be particularly true if an individual’s initial intuitive assessment went against the conventional assessment of the face (i.e., by the way the face was originally developed to be high/low on trustworthiness). Indeed, in light
of the significant correlation between this difference and the
initial proto-trust score for the former condition, it is clear
that it was generally only the higher proto-trust scores that
were subsequently lowered by untrustworthy-centric attribution prompts.
A curious effect that emerged from the qualitative data was
that amplification appeared to be dampened or even reversed
in these conditions when participants attributed their initial
trust assessment to emotion. Consistent with the affect-driven
component of proto-trust, this result may point to this sub-

set of participants’ lack of true attribution of their feeling of
trust to a concrete feature, thus simply recognising their intuitive feeling of trust rather than rationalising it. Their own
emotional reaction to the face would therefore be internally
focused, rather than externally attributed.
The results of qualitative analysis provide preliminary insight into the reasoning and attribution process individuals
may undergo when explaining their intuitive trust assessments of strangers under conditions involving limited information. For example, the fact that many participants attributed their initial trust assessments to the similarity of a
face to an abstract stereotype or a familiar person may suggest that, where similarities are available, people tend to refer
to these associations in the appearance of faces to form opinions (or, at least, explain their opinions). In addition, the fact
that many participants referred to features of the faces and
the perceived expression on the faces as reasons for their decisions of trustworthiness is unsurprising given that the features of the faces themselves were modified in order to vary
on trustworthiness (Oosterhof & Todorov, 2008), as well as
the documented overlap between impressions of trustworthiness and perceived expressions (Oosterhof & Todorov, 2009).

Conclusion and future work
This study represents an initial investigation into the new
concept of proto-trust. Although intuitive trust is not necessarily a new concept, its nature beyond relational or affect
based trust had not yet been defined in the literature. In addition, there has traditionally been little attempt to describe or
demonstrate the interaction between intuitive, primitive forms
of trust and more reason-based decisions of trust. This first attempt to access the trust termed in this paper as proto-trust, as
well as investigate its relationship with more deliberative trust
decisions via an attribution process provides some promising
avenues for future research.
By acknowledging a more primitive form of trust in terms
of emotional and intuitive elements, the proposed theory of
proto-trust, and its interaction with deliberative trust via an
attribution process, stands to provide a much richer understanding of the variety of trust types attached to conscious
deliberations of risk, vulnerability, and expectation. Affect
and intuition based theories of trust have been drawn upon to
inform an initial conceptualisation of proto-trust in this paper. The intent of exploring a theory of proto-trust is to provide common ground upon which trust is understood and to
help explain why such a variety of attitudes, decisions and
behaviours all fall under the common umbrella of trust.
Future directions for this research will be to further investigate the effect of proto-trust assessments on deliberative trust
decisions by manipulating proto-trust itself (e.g., by altering
the perceived trustworthiness of a number of elements in an
individual’s experience) to determine the effect on the attribution of trust to a specific object (e.g., a face).
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User-Generated Star Ratings Are Not Inherently Comparable
Matt Meister & Nicholas S. Reinholtz

Abstract
User-generated ratings — often elicited and presented as “star
ratings” — have become a ubiquitous feature of the online
consumer experience. While most research agrees that these
user-generated ratings influence individual consumer
decisions and overall consumer demand, there is less
consensus as to whether user- generated ratings help
consumers make better, welfare-enhancing decisions. In this
manuscript, we expound on an intrinsic problem with the use
of user-generated ratings in product choice decisions.
Specifically, product ratings are typically given in an isolated
(non-comparative) context, but are typically used in a
comparative context, where relative differences in ratings may
not reflect relative differences in quality. We provide a simple
empirical demonstration of how this structural misalignment
can lead consumers to choose suboptimal products and,
ultimately, yield reduced consumer welfare.
Keywords: user-generated ratings, online ratings, evaluability

Introduction
User-generated ratings (e.g. star ratings on Amazon.com)
have become a ubiquitous feature of the online consumer
experience. A recent survey suggests that over 90% of
prospective buyers consider user- generated star ratings
before making purchase decisions (Qualtrics 2021).
Consumers unsurprisingly tend to purchase options with
higher star ratings (Chen, Wang & Xie 2011; Chintagunta,
Gopinath & Venkataraman 2010; Dellarocas, Zhang & Awad
2007; Hennig-Thurau, Wiertz & Feldhaus 2014). Despite
their omnipresence and influence, the degree to which usergenerated ratings help consumers make better choices
remains an unsettled question. Some argue that ratings are a
boon for consumer welfare, and that they allow consumers to
enhance their experienced utility (Simonson & Rosen 2014).
Meanwhile, others question the diagnostic value of star
ratings and suggest they might lead consumers to choose
lower quality options (de Langhe, Fernbach & Lichtenstein
2016).
In this manuscript, we describe what we see as an inherent
issue with star ratings due to a structural misalignment
between their procurement and use. Past purchasers rate
products in a non-comparative (isolated) context, but
prospective purchasers often use ratings to discern between
multiple products. In isolation, raters are likely to focus on
aspects which are inherently evaluable (Hsee 1996) or use

internal reference points (Birnbaum 1999), such as the
alignment of the consumer experience with expectations
(Luca & Reshef 2021; Oliver 1980). Thus, ratings provided
in an isolated context may be ordinally inconsistent –
objectively inferior alternatives can easily be rated higher
than objectively superior ones. Because websites present
ratings comparatively, they may influence prospective
consumers to choose inferior options.
We assess these claims in a series of studies. To create an
incentive-compatible paradigm, our “products” are two tasks
that differ only in bonus payments — similar to two products
that differ only in quality. One task is objectively better than
the other (weakly dominant) but receives a significantly
lower average rating than the inferior task. When shown these
ratings, prospective consumers (future workers) are
influenced toward the worse option — in this case, selecting
the task with a lower expected bonus payment — even when
we provide objective pay information. We provide additional
data to cast doubt on alternative accounts of our findings.
Especially troubling is that it is not clear how platforms can
mitigate the issue we highlight. Though past work has
identified obstacles hindering the curation of beneficial usergenerated ratings, they seem surmountable. The prevalence
of “fake” reviews creates a concerning degree of uncertainty
(Anderson & Simester 2014; Luca & Zervas 2016; Mayzlin,
Dover & Chevalier 2014; Stern 2018), but more rigorous
standards for posting limit their impact. Issues like small
sample size (de Langhe et al. 2016; Powell, Yu, DeWolf &
Holyoak 2017), self-selection (Bondi 2019; Li & Hitt 2008),
and ulterior motives of raters (Hu, Zhang & Pavlou 2009;
Schoenmueller, Netzer & Stahl 2020) can be overcome by
encouraging a larger and more representative population to
rate. The issue we raise is structural. Platforms can work to
deemphasize ratings — or highlight additional information
— but, ultimately, our work suggests that consumers must
exert greater caution when using star ratings comparatively.

Literature Review
User-Generated Star Ratings
The promise of user-generated ratings is simple and vast.
Ratings allow prospective consumers to learn from
experiences of prior consumers. As a result, average ratings
should represent a simple-to-process summary of normal
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people’s normal consumption experiences. Due to their
perceived simplicity and the fact that websites collect ratings
on consistent scales (e.g. Amazon’s 1-5 star system), star
ratings are often used as a point of comparison between
products. However, ratings are not inherently comparative.
Ratings are typically produced in isolation after a product
is consumed in isolation: The consumer is not prompted to
consider or experience alternatives before submitting their
rating. Some believe this non- comparative evaluation is a
chief benefit of user-generated ratings (Simonson 2016).
Presumably, user- generated ratings communicate
experienced utility (Simonson & Rosen 2014), indicating
what it is like to own product A vs B. If consumers enjoy
owning A more than B, they should rate A higher on average.
However, this assumes that a star rating conveys experienced
utility alone and is not impacted by other aspects of products.
In reality, ratings are impacted by things other than
experienced utility (e.g. expectations; Luca & Reshef 2021;
Oliver 1980), leading star ratings unfit for comparative
choice.

Joint-Separate Evaluations
Any rating depends on the rater’s mental context at the time
of evaluation (Lynch, Chakravarti & Mitra 1991; Parducci
1982), which provides a frame of reference. For example,
“How’s the weather?” depends on contextual reference
points — 40 degrees Fahrenheit is warm for Toronto in
January, but unthinkably cold for Santa Fe in July.
In a simple study, Birnbaum (1999) showed that betweensubjects judgments (where participants judge one stimulus in
isolation) could lead to rating patterns that were both illogical
and opposite to what is observed from within-subjects
judgments (where participants judge stimuli jointly).
Birnbaum asked participants to rate how large either the
number 9 or 221 was on a 10-point scale. Despite 9 being
objectively smaller than 221, between-subjects ratings
suggested the opposite (M9 = 5.13, M221 = 3.10).
Birnbaum’s explanation is as simple as his experiment. When
asked to rate how large a number was, participants had to
construct their own frame of reference. For 9, they likely
considered a context of single-digit numbers (e.g., 0–9),
compared to which 9 seems large. For 221, participants likely
considered the context of triple- digit numbers (e.g., 100–
999), where 221 is relatively small. Within their respective,
isolated frames, 221 is smaller than 9, despite its objective
superiority. Though simple, we argue Birnbaum’s
experiment is less divorced from the reality of star ratings
than one might hope. Just because every product on Amazon
is rated on a 1–5 scale does not mean that ratings are
inherently comparable. Products engender different
expectations, which affects how experienced quality is
translated on to rating scales (Oliver 1980; Parasuraman,
Zeithaml & Berry 1985; 1988).
Consumers are likely aware of this incomparability in some
cases (e.g., for products with substantial price differences).
Still, we argue that contextual differences arise even for

incredibly similar products, as even they can evoke different
frames of reference in isolated evaluations. We predict that in
isolated evaluation contexts, inferior alternatives may receive
higher ratings than their superiors (Hypothesis 1).
Specifically, this should happen when the better product
engenders a less favorable frame of reference than the worse
product. For example, if the better product markets itself in
such a way that it significantly raises consumers’
expectations.
This prediction is problematic because ratings are solicited
in isolation, but often used comparatively. Prospective
consumers are interested in the comparison raters do not
make — how options match up within their choice set. To
make this comparison, prospective consumers use
information that seems comparable across alternatives
(Kivetz & Simonson 2000; Slovic & MacPhillamy 1974).
Such is the trouble with star ratings. They seem comparable.
They seem as though differences between them reflect
meaningful differences between alternatives. The result is
that the mere presence of ratings can lead consumers to make
objectively poor decisions. Specifically, the presence of usergenerated ratings will lead to inferior options being chosen
more frequently when they have a higher average star rating
than superior options (Hypothesis 2).

Empirical Overview
Empirical Stimuli
To test our hypotheses in incentive-compatible
experiments, we created two tasks, which we offer to workers
on Amazon’s Mechanical Turk (AMT) platform. These tasks
serve as ''products'' in our studies. While it may seem strange
to call AMT tasks ''products'', our tasks contain the important
features of any consumer choice. They have cost — in our
case effort — and provide a benefit — in our case a bonus
payment. The tasks also give us tight experimental control:
We hold every aspect besides quality constant and avoid
issues like fake ratings and self-selection in ratings. Relative
differences in objective quality are clearly established as our
tasks only differ in bonus payment. We also mitigate
concerns about differences in preferences by using
professional participants, who consistently value pay rate
over other task attributes (Kees, Berry, Burton & Sheehan
2017; Buhrmester, Kwang & Gosling 2016; Paolacci &
Chandler 2014). Thus, while our paradigm may lack
superficial “mundane realism,” it sufficiently captures the
important features of the context to provide external validity
(Aronson & Carlsmith 1962; Lynch 1982).
In each task, participants are presented a screen of 36 ones
and zeros in a 6 × 6 grid, and asked to report the number of
zeros in that grid (see Figure 1 for example stimuli; adapted
from Abeler, Falk, Goette & Huffman 2011). They repeat this
10 times, with their particular 10 grids drawn randomly from
a pregenerated set of 57. By construction, our two tasks
require the same amount of effort: the price of each product
is the same.
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Figure 1: Example stimuli for the experimental task.
In both tasks, participants are able to earn a bonus payment
determined in part by the number of grids solved correctly.
But, within each task, the amount earned per correctly solved
grid was determined by chance. Importantly — the possible
bonuses participants could earn varied across the two tasks.
In both tasks, participants were aware of the possible bonus
amounts — and their likelihoods — before undertaking the
zero-counting grids, but the actual bonus payment was not
determined until after all grids had been completed (see Table
1 for tasks’ structures).
Table 1: Structure of Each Task

In both tasks, there was a 90% chance the participant would
earn 5¢ per correct answer. In the “better” task, there was a
10% chance one would instead earn 25¢ per correct answer.
In the “worse” task, there was a 10% chance one would earn
only 4¢ per correct answer. Thus, the “better” task was
weakly dominant — its minimum bonus payment was
equivalent to the maximum bonus payment in the “worse”
task — and was associated with a 43% increase in the
expected value of bonus payment (EVworse = 4.9¢/answer,
EVbetter = 7¢/answer). However, the tasks are unlikely to
evoke the same frame of reference. In the objectively “better”
task, participants’ likely payment was the minimum — at the
bottom of raters’ likely frames of reference (getting
5¢/answer instead of 25¢). In the objectively “worse”, one’s
likely payment was the maximum — the top of these raters’
likely frames (getting 5¢/answer instead of 4¢).
The tasks were designed such that people who complete the
better task should typically be disappointed in their bonus (5¢
vs. 25¢), whereas people who complete the worse task should
typically be relatively pleased (5¢ vs. 4¢). As the bonus
payment of our tasks is analogous to the benefits received

from a product, we consider this disappointment in pay
analogous to a consumer who is disappointed in the quality
of a purchase they have made. We note this could occur
whenever two products create systematically different
expectations (e.g., through advertising, word-of-mouth,
pricing, etc.), which is often a marketer’s goal.
Our paradigm was designed to maximize internal validity,
allowing us to demonstrate the basic problem we highlight.
Though constructed to be a strong demonstration, the basic
structure is analogous to online marketplaces. In reality,
products create systematically different expectations (e.g.
through targeting, advertising, etc.). Our tasks do so through
their unlikely bonus rates. In reality, ratings are affected by
expectations. Our ratings are strongly affected by strong
differences in expectations. In reality, prospective consumers
think ratings are comparable and informative. Our
prospective participants think the same.

Summary of Findings
We began by randomly assigning participants to perform and
rate either the better or worse task. As predicted, participants
rated the objectively better task significantly lower than the
objectively worse task (H1). In phase two of Study 1, (new)
participants chose to undertake one of the two tasks. Those
who saw objective descriptions of the tasks alone (without
star ratings) overwhelmingly selected the better task.
However, the mere presence of star ratings led other
participants to make worse decisions — choosing the
objectively worse task — which we attribute to ratings’
illusory comparability (H2).
We then address a potential critique: Maybe participants
actually generated higher utility from the task we call
“objectively worse”. In Study 2, participants undertook both
tasks and then chose to repeat one.
We also find that the issues we observe are not easily
resolved. In Study 1 and 1A, participants who were shown
objective information when selecting a task gave similar star
ratings to those who were randomly assigned. This suggests
that the effects we observe would not be mitigated by
temporal dynamics of the consumption-rating cycle. In Study
3, we find no evidence that presenting text reviews in
conjunction with ratings solves the issue we highlight.
Every study was pre-registered and, with the exception of
Study 3, incentive-compatible. Data, code, and materials —
including pre-registration documents — can be found at
https://osf.io/s5fn9/?view_only=044cbda36c3043d39dd947
2dd5362ef2).

Studies
Study 1
Phase One — Participants & Procedure. We recruited 231
participants from AMT to complete phase one for 50¢ plus
whatever bonus payment they earned from completing our
task.
We randomly assigned participants to one of our two
tasks, which again, only varied in the possible bonuses one
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could receive. Condition specific bonus information was
transparently presented to participants prior to their
beginning the task. For example, instructions in the better
task stated: “When you finish counting zeros, you will be
randomly selected to either receive 25¢ or 5¢ per correct
answer. You will specifically have a 10% chance to receive
25¢ per correct answer, and a 90% chance to receive 5¢ per
correct answer.” Participants then answered an attention
check question, and — as pre-registered — were removed
from the study if they failed, leaving 201 participants.3 Next,
participants completed 10 trials of the zero-counting task
before being shown their score and the possible bonuses they
could earn. On the next page they were informed of their
actual randomly determined bonus rate and total bonus.
Finally, participants were asked to rate the task on a discrete
1–5 star scale, much as they would a product on
Amazon.com, and were provided the option to write a review.
Phase One — Results. We predicted that participants in the
better task — despite earning more money on average than
those in the worse task (total pay including bonus: Mbetter =
$1.14 vs. Mworse = $0.93) — would be disappointed by being
paid at the low end of their frame of reference and thus give
lower star ratings for the task (H1). Our results support this
prediction (Mbetter = 3.73 vs. Mworse = 4.44, F(1, 199) = 22.91,
p < 0.001, d = .68), and do not meaningfully differ if we
include the number of correct responses and its interaction
with condition in the analysis.
Phase Two — Participants & Procedure. In phase two, we
assessed whether showing new participants the (real) average
star ratings from phase one would affect their choice between
tasks. We predicted that showing the star ratings in a
comparative context would bias people toward choosing the
worse task.
We randomly assigned 533 participants to one of three
between subject conditions. In each condition, participants
were able to select which of two tasks they would complete.
The tasks were the same as those used in phase one. We told
participants the tasks were “extremely similar and take the
same amount of time and effort to complete.” We varied the
additional information we gave participants about the two
tasks depending on condition. In the Pay condition,
participants were shown the minimum, maximum, and
average pay per correct answer received. Below that
information, we explicitly stated the payment structure in
sentence form. In the Stars condition, we only showed
participants the average star rating for each task. In the Stars
& Pay condition, we combined the information, with the stars
presented below the minimum, maximum, and average pay
(Figure 2). The Pay and Stars information were designed to
be analogous to the type of information a consumer would
see about a product online: product specifications (Pay) and
user- generated reviews (Stars).

Figure 2: Stimuli for the “Stars & Pay” information
condition, where the objectively better task was A. Stimuli
for the Pay condition were identical, with stars removed.
We counterbalanced whether the better task was presented
as “Task A” or “Task B”. This did not affect task choice in
this or future studies, so we do not discuss it further. After
participants selected their task, they followed the same
procedure as those in phase one: attention check, 10 grids of
ones and zeros, bonus payment draw, and star rating. In
accordance with our pre-registration, we removed those who
failed the attention check (which did not differ by condition),
and those who answered less than five grids correctly. This
left us with 497 participants. Our results did not change if we
retain those who answered less than five grids correctly.
Phase Two — Results. Because phase one ratings for the
objectively worse task were higher than those for the
objectively better, our prediction was that those in the Stars
condition would select the worse task more frequently than
those in the Pay condition. Further, we predicted that those in
the Stars & Pay condition would also select the worse task
more frequently than those in the Pay, as the mere presence
of star ratings would mislead.
We found support for both predictions. Participants in the
Stars information condition selected the worse task more
frequently than those in the Pay condition (Pay = 4.3%, Stars
= 92.3%, z = 11.58, p < .001). Similarly, albeit less
dramatically, those who saw Stars & Pay selected the worse
task more frequently than those who saw pay alone (Pay =
4.3%, Stars & Pay = 15.1%, z = 3.10, p = .002), indicating
that mere exposure to star ratings was detrimental, even in the
presence of clearly diagnostic information. Adding star
ratings to pay information was associated with a ~350%
increase in choosing the objectively worse task, and choosing
the worse task was associated with a 17% reduction in total
compensation (total pay including bonus: Mbetter = $1.15 vs.
Mworse = $0.96).
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Discussion. Study 1 illustrates our simple point: Because star
ratings are elicited in isolation they can mislead when used to
compare alternatives. Participants in the Stars & Pay
condition who chose the worse task presumably did so
because they thought ratings conveyed information that was
otherwise absent (or ignored payment information). This is
the result of ratings’ illusory comparability.
A potential concern with Study 1 is that phase one’s rating
procedure may not match real rating procedures. Phase one
participants were randomly assigned to their task and did not
know of the other task or it’s objectively better/worse pay
structure. Real consumers often select a product through
comparison, considering multiple options before purchase. If
they carry this joint evaluation mode into rating, it is possible
that real raters do not rate in isolation.
An exploratory analysis suggests this is not the case, but that
ratings are a stubbornly isolated evaluation. Considering only
the 329 participants in the Pay and Stars & Pay conditions
(who knew both payment structures), those who selected the
objectively worse task rated it higher than those who selected
the better task (Mbetter = 3.91, Mworse = 4.78, F(1, 327) = 18.16,
p < .001, d = .79). Study 1A (Web Appendix A) replicates
this finding with a pre-registered analysis (Mbetter = 4.16,
Mworse = 4.77, F(1, 332) = 15.41, p < .001, d = .64). This
suggests that the results we observe could emerge and persist
in a dynamic context more consistent with real online
marketplaces.

Study 2
A possible critique of our interpretation of Study 1 is that
participants may actually prefer the objectively worse task.
Maybe the disappointment that comes from not getting the
25¢ bonus outweighs the fact that the better task always pays
at least as well as the worse. If so, the ratings would indeed
reflect the experienced utility participants obtained and
choosing the higher-rated, but lower paying, task is not
actually a mistake. This is unlikely, as AMT respondents
strongly value financial compensation (Kees, Berry, Burton
& Sheehan 2017; Buhrmester, Kwang & Gosling 2016;
Paolacci & Chandler 2014). Nevertheless, we address this
concern in Study 2.
Participants & Procedures We recruited 112 participants
from AMT to complete both tasks (order and labels
counterbalanced). Consistent with our pre-registration, 12
were removed for failing our attention check. The remaining
100 completed the first task, observed their bonus payment,
and completed the other task in the same manner. After
participants completed both tasks, we gave them the choice
to repeat either task. Consistent with our interpretation of
Study 1, we predicted that most would select the objectively
better task.
Results Results support our prediction. Of the 100, 82 chose
to repeat the objectively better task — significantly more than
50% (χ2 = 21.41, p < .001). Participants’ choices seem to

reflect a belief that the better task yields more experienced
utility, despite being rated lower.

Study 3
Star ratings impact demand on their own (Luca 2016; Floyd
et al. 2014; Rosario, Valck & Sotgiu 2020), but text reviews
contain information that stars do not (Tirunillai & Tellis
2014). Potentially, this information could indicate a rater’s
frame of reference. For example, written reviews for our
better task could explain that someone rated the task poorly
because they “only” got paid 5¢, while reviews for our worse
task could explain someone was happy to earn 5¢. If text
reviews contained such information, consumers could
discover the reason that our objectively superior task was
rated lower.
The inclusion of text reviews is unlikely to solve ratings’
problem. Because reviews are also written in isolation —
alongside ratings — it is unclear why reviewers would
explicitly provide contextual information they don’t consider
when rating. Such information must be provided incidentally,
which is possible but unlikely. We tested this in Study 3,
predicting that adding text reviews would not solve ratings’
penchant to mislead.
Participants & Procedure 928 participants were recruited
from AMT. This study followed a similar design and
procedure to phase two of Study 1. However, this study
included five conditions — three replicate Study 1, while the
two new conditions present text reviews (collected in phase
one of Study 1) below either star ratings alone (Stars &
Reviews condition) or star ratings & pay information (Stars,
Pay & Reviews condition).
Another important difference in Study 3 is that choice in
this study was hypothetical. We did not have participants
complete the 10 trials or earn a bonus, as we already had
incentive compatible evidence from two previous studies.
Lastly, we presented additional irrelevant information in each
of the “Pay” conditions (Pay, Stars & Pay, and Stars, Pay &
Reviews) that did not differ between tasks to each condition
(see Web Appendix B for stimuli). This was done to decrease
the salience of pay information, which we felt made prior
Stars & Pay conditions unrealistically easy. In a sense, those
studies present a “lower bound” of the mere influence of
stars, while this study approaches possible “upper bounds”.
Table 2: Results of Study 3

Results Table 2 contains our replications of H2. Comparing
each condition’s likelihood to select the worse task to that of
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the Pay condition suggests in each case that star ratings
misled.
To test whether text reviews helped participants make
better choices, we analyze the four conditions who see star
ratings as a 2 (pay info: yes vs. no) × 2 (text reviews: yes vs.
no) between-subjects. This analysis finds that seeing text was
marginally detrimental, leading to more frequent selection of
the worse task (MTextReviews = 73.0%, MNoReviews = 68.9%, z =
-1.84, p = .066). Adding reviews to the Stars & Pay condition
harmed choice quality (z = -3.46, p < .001). Although the
Stars & Reviews condition did make better choices than the
Stars condition (z = -3.29, p = .001), their choices remained
significantly worse than chance (χ2 = 61.09, p < .001).

General Discussion
Across three studies we found: 1) An objectively worse task
can receive higher average ratings than an objectively better
task, and 2) when given the choice between tasks, participants
who see those ratings select the objectively worse task more
frequently. One may question the degree to which our
paradigm maps reality. It lacks superficial, or “mundane”
realism (Aronson & Carlsmith 1962), but we believe the
important features (price/effort, quality/bonus payment) are
present to justify external validity, particularly given the
internal validity benefits conferred by our experimental
approach (e.g., no selection effects, no fake reviews, etc.).
Our results suggest that at any given price point, online
marketplaces may be plagued with higher-rated, but lower
quality products. We hope future work will examine the
degree to which our findings will generalize to the real world.
Despite the potential concerns, our evidence demonstrates
a basic point: star ratings are used to make comparisons they
do not speak to. They are not a measure of relative quality nor
satisfaction and are not inherently comparable. Consumers
are implicitly aware of this — we think it unlikely anyone
would purchase a pair of $10 headphones instead of a $500
pair solely because the $10 pair was rated higher. But
differences in expectations aren’t always obvious. One might
expect ratings for alternatives at the fringes of different price
tiers (i.e. the most expensive budget hotel, cheapest luxury
car, etc.) to be most misleading. Our results should be most
relevant in categories where consumers’ expectations vary
widely for alternatives. However, such contexts would
exacerbate, not create, the flaw we identify. For example,
Luca & Reshef (2021) find that relatively small (3%–9%)
increases in restaurants’ prices lead to decreased ratings on
Yelp.com for those same restaurants, indicating that
expectations affect ratings in ways consumers might
overlook, naively assuming that differences in ratings reflect
meaningful differences between alternatives, not simply
differences in expectations.
Our Stars & Pay conditions should have made differences
in expectations relatively obvious. Stimuli made it clear that
one task contained the possibility of a very high payout, but
that that payout was unlikely. Some participants understood
this and weren’t influenced by star ratings. However, a
significant number still selected the worse task. This suggests

that users of ratings’ default belief is that differences convey
differences in alternatives themselves, not in expectations
they engender.
There are also some ways for platforms to mitigate
ratings’ detrimental effects. The simplicity and similarity of
our tasks allowed people to understand objective information,
which they used to make significantly better decisions when
it was presented. Because people strongly weigh information
that is comparable across alternatives (Kivetz & Simonson
2000; Slovic & MacPhillamy 1974), we suggest platforms
make objective information more easily understandable,
comparable, and accessible for between- product
comparisons. However, even this suggestion is not simple. In
Study 3, the addition of more objective information appeared
to harm choice quality, indicating that platforms have to be
careful not to overwhelm with irrelevant information.
In proclaiming the benefits of star ratings, Simonson
writes about their ability to communicate the “absolute
value” of alternatives (Simonson & Rosen 2014; Simonson
2016). Simonson uses one definition of absolute: Total value
— not diminished or qualified in any way. But absolute has
a second definition: Viewed independently — not relative or
comparative. Our data suggest that the second definition fits
perfectly. User-generated ratings likely are a valid way to
learn about individual alternatives — especially how
alternatives met expectations. This use fits their structure.
Unfortunately, ratings are not designed to be comparable
across alternatives and, as we demonstrate, can easily mislead
consumers who use them comparatively.
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Abstract
As widely acknowledged in the bilingualism literature, language experience is multifaceted, complex, and dynamic;
it cannot be simply reduced to single dimensions or categories. However, cognitive science research outside of
bi/multilingualism does not always take into account this fact.
Within a population of Hindi-Urdu speakers, we show that
proxy categories based on ‘native speaker’ identification or
residential history do not neatly map onto patterns of language
experience, despite the common assumption that these bring
about sufficient homogeneity. Moreover, compared to variables derived from gradient measures of language experience,
these proxies do not robustly predict linguistic behavior in the
form of acceptability judgments in Hindi-Urdu. In demonstrating alternative approaches to operationalizing language experience, we argue for all language researchers to move past relying on underspecified and ideologically-linked concepts, in
favor of more intentional, nuanced, and rigorous testing of experiential factors underlying language processing.
Keywords: language experience; native speaker; clustering
analysis; acceptability judgment experiments; multilingualism

Motivation
The role of language experience is central to many research
questions in cognitive science. However, LANGUAGE EX PERIENCE is a multifaceted construct that is challenging to
measure (Marian & Hayakawa, 2021; Gullifer et al., 2021).
Though known to be dynamic across the lifespan and heterogeneous within communities, the way that it is operationalized often does not reflect this, as discussed by bilingualism researchers (Luk & Bialystok, 2013; Tsehaye, Pashkova,
Tracy, & Allen, 2021). To demonstrate to a broader audience
both why and how ideologically laden categorical proxies for
language experience should be avoided, we compare the use
of ‘native speaker’ identification and residential history with
more direct operationalizations of language experience.
The native speaker construct can be used unreflectively in
the cognitive sciences—particularly in research focusing on
‘monolingual’ language processing or knowledge—with the
assumption that (a) everyone has a similar understanding of
what it means, and (b) it can be used to construct participant
groups which are sufficiently homogeneous for experimental
work. In opposition, Cheng et al. (2021) detail a variety of
methodological and ethical reasons that psycholinguists may
wish to avoid using this construct (see also Rampton, 1990;
Dewaele, 2018; Dewaele, Bak, & Ortega, 2021), including
how ‘native speaker’ is interpreted differently across contexts
by researchers and participants (Faez, 2011). These works

and others (e.g. Debenport, 2011) show that ‘native speaker’
represents a language ideology and is often understood by
participants as an identity label. Although related, identity
is not directly derived from amount or type of linguistic experience (cf. language allegiance vs. expertise; Rampton,
1990). As such, we do not expect categories based on ‘native speaker’ to correspond straightforwardly or uniformly to
measures of language exposure and use.
Another proxy for language experience is residential history, particularly when researchers study language use in diaspora communities. Recent research continues to compare
the behavior of in situ (“homeland”) populations with that of
ex situ (“heritage”) individuals (e.g. y Cabo, 2020; Uygun,
Schwarz, & Clahsen, 2021; Kim, 2020; Fernández-Dobao &
Herschensohn, 2021; see Ortega, 2020 for critiques). Such an
approach assumes that individuals growing up in different environments will have consistently different profiles of experience. While community-level factors such as language policy
can indeed have consistent effects on individuals’ patterns of
language exposure and use, these assumptions may not hold
up to scrutiny where individual situations vary widely (e.g.
Unsworth, 2019). Like ‘native speaker’ categorization, we
may expect there to be an association between residential patterns and overall language experience, but not necessarily a
strong or direct one.
Besides holding only indirect links to language experience, an additional issue with ‘native speaker’ and residential history are that they are categories. As language experience is a multi-factorial construct, recruiting participants and
constructing analyses based on a simple categorical proxy
can seem an attractive way to handle this inherent multidimensionality. In bilingualism research, however, scholars
have shown that continuous measures capture participants’
language experience better than categorical labels such as
“monolingual” or “bilingual” (Luk & Bialystok, 2013; Incera & McLennan, 2018; Sulpizio, Del Maschio, Del Mauro,
Fedeli, & Abutalebi, 2020). Moreover, there are general statistical reasons for why categorical variables are less useful analytical tools than gradient ones (Cohen, 1983; Young,
2016). While continuous measures of specific factors generally better represent language experience, categorical and/or
holistic measures may nevertheless be useful for certain research goals. Here, we present various alternative approaches
to operationalizing language experience that are grounded in
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direct and gradient measures, and give examples of how to
implement these analyses to predict linguistic behavior.

The current study
Our sample comprises seventy-three Hindi-Urdu speakers
living in South Asia and North America, recruited online via
the authors’ personal and professional networks. The goal
was to recruit a large sample of participants who knew both
Hindi-Urdu and English; as such, recruitment materials were
in English, and participants were told they would qualify for
the experiment if they were over the age of 18 and able to understand Hindi-Urdu. Each participant completed an acceptability judgment task in Hindi-Urdu and filled out a language
background questionnaire1 . Note that while all participants
were multilingual, we examined only Hindi-Urdu language
experiences and behavior.
We first examine the extent to which (i) identifying as a
Hindi-Urdu or English ‘native speaker’ and (ii) history of living in South Asia or North America align with more direct
measures of language use and comfort. Then, we compare
how well various operationalizations of language experience
predict acceptability judgment behavior in two empirical domains which have the potential to be differentially affected by
language experience: ratings of grammatical versus ungrammatical sentences and canonical versus non-canonical word
orders. These analyses demonstrate that, compared to ‘nativeness’ and geography-based proxies, more direct characterizations of language experience are both more appropriate
for representing language experience and more effective in
linking experience to behavior.

Exploring language experience via clustering
This section considers how categorization of participants
based on ‘nativeness’ and place of residence may create
overly heterogeneous groups, despite being frequently-used
proxies for certain (presumably homogeneous) profiles of
language experience. Using exploratory clustering, we assess the degree to which NATIVE IDENTIFICATION and RES IDENTIAL HISTORY categories align with emergent language
experience groups in a sample of Hindi-Urdu speakers.

Methods
Data The data for clustering comes from the language
background questionnaire. Participants with incomplete responses were excluded, as was one outlier (identified during
initial clustering specification) who provided a divergent pattern of ratings. Final analyses included 65 participants.
Categorical Variables Each participant was assigned to a
NATIVE I DENTIFICATION (NI) and R ESIDENTIAL H ISTORY
(RH) group. NI groups were derived from answers to two
yes-or-no questions: (1) “Do you consider yourself a native
speaker of Hindi-Urdu?” and (2) “Do you consider yourself a
native speaker of English?”. Participants were placed into one
of four self-identified groups: native speaker of Hindi-Urdu
1 Full

questionnaire at https://tinyurl.com/HUCogci2022.

(HU; n=31), native speaker of English (Eng; n=12), native
speaker of both (n=15), and native speaker of neither2 (n=8).
Similarly, RH groups were created on the basis of a pair of
questions: (1) “Where did you spend the majority of your
childhood?” and (2) “Where do you live now?”. Locations in the U.S. or Canada were coded as “North America”
while locations in India and Pakistan were coded as “South
Asia”. Combining answers to the two questions resulted in
three main RH groups: South Asians (SouthAs; n=28), North
Americans (NorthAm; n=17), and South Asia to North America migrants (SAtoNA; n=16). The small number of participants (n=5) who reported living in other locations (e.g. UAE,
UK) were labeled as “uncategorized”3 .
Continuous Variables Language experience data consisted
of answers to ten questions about degree of (a) childhood
usage of Hindi-Urdu (hearing, speaking), (b) current usage
of Hindi-Urdu (hearing, speaking, reading, writing), and (c)
comfort with Hindi-Urdu (hearing, speaking, reading, writing). For each question, participants provided percentages or
ratings on a sliding scale; values ranged from 0 to 100, where
higher values represent more experience with Hindi-Urdu. To
account for collinearity prior to clustering, highly correlated
(r ≥ 0.9) variables were averaged, resulting in a combined
“Comfort with Reading and Writing” variable. All others remained independent, resulting in nine clustering variables.
Statistical Analysis To identify emergent groups with similar language experience characteristics from a bottom-up perspective, we conducted an agglomerative hierarchical clustering analysis in R (R Core Team, 2020), following recommended clustering protocols (Hair, Black, Babin, & Anderson, 2019). First, the nine language experience variables were
z-scored and converted to Euclidean distances. Participants’
scores were then clustered using the average linkage method,
to find clusters of any size or shape. To identify a range of
potential cluster solutions, the NbClust (Charrad, Ghazzali,
Boiteau, & Niknafs, 2014) package was used to assess 30 indices which indicated 3 clusters as the majority result. Based
on this, clusters of the 2-, 3- and 4-cluster solutions were profiled by inspecting distinctiveness and means; the 4-cluster
solution was selected as most informative4 and reported here.

Results
Figure 1 shows the cluster dendrogram, plotted with colored
bars indicating each individual’s NI and RH category. To in2 A review of their questionnaires showed no other relevant language; these participants were in effect saying they did not consider
themselves a native speaker of any language (cf. Rosa, 2016).
3 Though all “uncategorized” participants currently live in a different country than where they grew up (i.e. were “migrants” like
the SAtoNA group), each profile was unique; as such, we do not
treat these individuals as a group. However, we retained these participants in the exploratory analysis to see how they would pattern.
4 According to Hair et al. (2019), researcher judgment is required
to determine the cluster solution that “best meets the research objectives” (p. 243), and a larger number of clusters allows for “more varied profiles”, beneficial when exploring emergent patterns (p. 245).
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Figure 1: Dendrogram of the 4-cluster agglomerative hierarchical clustering solution, each cluster highlighted with a box
(clusters A-D from left to right). Each node represents an individual, while the colored bars represent NATIVE IDENTIFICATION
(top) and RESIDENTIAL HISTORY (bottom) category membership.
Table 1: Mean rating scores (0-100) for each language experience variable per cluster.
Childhood Use
Cluster
A
B
C
D

n
8
17
31
9

hear
30.62
92.59
81.19
78.44

speak
19.50
94.94
72.55
31.78

Current Use
hear
21.25
89.24
52.16
67.44

speak
10.88
87.53
49.06
27.56

terpret the clusters, Table 1 and Figure 2 display mean ratings.
To start with the most homogeneous, all 17 individuals in
Cluster B reported South Asian-only residence and identified
as a native speaker of Hindi-Urdu (16 HU, 1 both). This cluster consistently provided high ratings for all aspects of language experience. In contrast, Cluster A contains a majority
of North American-only individuals (6 NorthAm, 1 SAtoNA,
1 SouthAs) and most identified as a native speaker of English
(4 Eng, 3 both, 1 neither); notably, none identified as only a
Hindi-Urdu native speaker. This cluster has scores generally
in the low range, as well as the lowest relative comfort. These
two clusters appear to represent the higher and lower ends of
Hindi-Urdu language experience, which broadly align with
prototypical NI and RH expectations.
On the other hand, Clusters C and D have middling scores
and present mixed bags in terms of RH and NI. While Cluster
C contains nearly all of the migrants (15 SAtoNA, 4 uncategorized), it also includes participants of the other two categories (8 SouthAs, 3 NorthAm). Native identification is similarly mixed, with all four labels represented. This cluster is
characterized by moderately high childhood use paired with
lower current use but high comfort. Finally, Cluster D involves a combination of North American- and South Asian-

read
3.12
76.41
15.84
11.33

Comfort
write
9.00
71.94
4.77
7.78

understand
75.00
96.06
97.00
86.11

speak
50.75
97.71
92.32
54.89

read-write
26.38
95.18
75.50
27.00

only residents (6 NorthAm, 2 SouthAs, 1 uncategorized) with
non-Hindi-Urdu only native identification (4 Eng, 3 neither,
2 both). This cluster shows a distinctive pattern of moderately high listening experience with lower speaking and reading/writing experience.
Overall, while we do find some consistent patterning between NI, RH, and language experience measures (namely
in Clusters A and B), these different variables do not fully
or neatly align. The corrected Rand Index (in which values
closer to 1 represent a better match of clusters to external categories) confirms that RH is better matched to these clusters
(Rand=0.249) than NI (Rand=0.178).

Summary
Hierarchical clustering identified four emergent clusters of
Hindi-Urdu speakers with distinct language experience profiles based on CHILDHOOD USE, CURRENT USE, and COM FORT . RH provides a better approximation than NI for these
Hindi-Urdu language profiles, but, as expected, neither category type explains cluster composition on the whole.
For instance, although a subset of South Asians who identify as Hindi-Urdu native speakers did form a homogeneous
language experience cluster, roughly one-third of South
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are. We compare acceptability ratings of Hindi-Urdu sentences in the canonical Subject-Object-Verb (SOV) order to
sentences in Subject-Verb-Object (SVO) order.5 While SVO
order is grammatical in Hindi-Urdu, it is neither discourseneutral nor as frequent as SOV (Manetta, 2012; Patil et al.,
2008); however, SVO order is predominant in English, which
is the other relevant language for these participants. Previous
work found that language experience shapes ratings of such
sentences (Namboodiripad, Kim, & Kim, 2019; Anderssen,
Lundquist, & Westergaard, 2018), but these studies used categorical proxies such as residential history to divide participants. Here, we ask whether gradient measures would indeed
better capture language experience-based variation.
Figure 2: Mean rating scores (0-100) for each language experience variable. Each line represents one cluster.
Asians and half of Hindi-Urdu native-identifying speakers
did not show similar patterns of language experience ratings.
Based on this sample, this result suggests that if either categorical proxy were used as a grouping variable, a substantial
number of individuals’ language experiences would not be
well-represented—either by the group average or by the researchers’ assumptions of their language experience.

Exploring the predictivity of different
experience measures via Bayesian analysis
Although we did not find a direct connection between NI or
RH categories and the gradient language experience measures
we collected, it could be that these proxies are useful for explaining variability in linguistic behavior. For example, these
proxies may tap into important aspects of language experience that we did not measure directly, but which do in fact
affect language use, such as the sense of allegiance to a language that might come from identifying as a ‘native speaker’.
This section asks how different operationalizations of language experience perform in predicting one kind of language
behavior: acceptability judgments.
We first investigate how these measures map onto ratings
of grammatical and ungrammatical sentences. Previous work
has shown that ex situ speakers (as well as language learners) are more likely to rate ungrammatical sentences as being relatively acceptable; that is, they are less likely to reject
sentences that would be rejected by in situ participants. This
has been explained via various mechanisms; notably, the metalinguistic nature of the task has caused researchers to connect this pattern to discomfort or lower confidence (GonzálezVilbazo et al., 2013; Orfitelli & Polinsky, 2017). As such,
an ideological measure such as self-identification as ‘native’
could potentially predict differences in acceptability, insofar
as it could be a proxy for comfort. So, in addition to asking
about the role of RH and NI, we also ask how well COMFORT,
measured gradiently, might predict acceptability ratings.
We then investigate how well language experience measures and their proxies predict ratings of grammatical sentences which differ in how frequent and tied to discourse they

Methods
We use a Bayesian approach to determine which predictors
provide the best fit to the data. There are two main reasons
to prefer Bayesian models to traditional linear regressions in
this case. First, in order to (easily) compare linear regressions, they must use the same parameters or a subset thereof;
here, we need to compare models with different sets of predictors. Second, continuous predictors will generally account
for more variance than categorical predictors. We must thus
determine whether any improvement is more than we would
expect simply from replacing a categorical variable with a
continuous one. Bayesian models that use different sets and
types of predictors can be directly compared using leave-oneout (LOO) cross-validation, which provides a measure of fit
that corrects for potential issues such as over-fitting (Vehtari,
Gelman, & Gabry, 2017).
Data The same 65 participants from the clustering analysis were included in this analysis. Participants heard and
rated 93 sentences on a 1–7 Likert scale. Items were
recorded by a speaker of Hindi-Urdu and are available at
https://tinyurl.com/HUCogci2022. Participants were
asked to rate each sentence based on how it sounded to them
as a user of Hindi-Urdu. As motivated above, two subsets
of the stimuli were analyzed: (1) 19 ungrammatical and 20
grammatical sentences and (2) 5 SOV and 5 SVO sentences.
Predictor Variables For each subset of rating data, we
compared five main statistical models that varied in the nature and categoricity of their predictors: Two based on the
a priori categorical proxies (NI and RH), one based on the
clusters inferred from the previous analysis, and two based
on composite continuous variables—a simple additive score
on the one hand, and component scores inferred through Principal Component Analysis (PCA) on the other hand.
The additive score was calculated as an unweighted linear
combination of the ten continuous language experience variables from the language background questionnaire. To obtain component scores, a PCA was conducted on these same
variables. Parallel analysis indicated that the optimal num5 Items consisted of animate subjects, inanimate objects, and
transitive verbs.
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Table 2: LOO results: Grammaticality
Model
Comfort
Clustering
PCA
Additive score
Childhood use
Native identification
Residential history
Current use

elpd diff

SE diff

0.0
−0.2
−4.9
−17.0
−20.2
−29.5
−36.7
−46.0

0.0
7.5
6.1
7.3
9.5
10.8
10.3
11.3

Table 3: LOO results: Word order
Model
Additive score
Current use
PCA
Childhood use
Clustering
Native identification
Residential history
Comfort

ber of factors was two. However, for consistency with the
other models, only the first principal component (PC1) was
included in the PCA-based model. This dimension involved
high loadings on all variables except current reading and writing, with particular weight placed on childhood use and current comfort. Though it is not transparent, this weighted composite variable can be seen as a measure capturing these various aspects of language experience holistically.
We fit an additional three models exploring the degree to
which the specific predictors COMFORT, CHILDHOOD USE,
and CURRENT USE of the language contributed to model fit.
In contrast to the “holistic” nature of the predictors used in
the first set of models, these predictors can be thought of as
“specific” (i.e. targeting specific aspects of language experience rather than experience as a whole).
Statistical Analysis Models were constructed with the following general form, where MEASURE stands in for each of
the eight predictors we tested, and CONDITION stands in for
either the grammaticality (grammatical vs. ungrammatical)
or word order (SOV vs. SVO) conditions:
rating ∼ MEASURE ∗ CONDITION + (1|PARTICIPANT) + (1|ITEM)

Models were fit using Stan via the brms package in R
(Bürkner, 2021). We chose weakly informative priors, using normal(0, 1) for intercepts and slopes, and cauchy(0, 1)
for standard deviations. For each model, two independent
MCMC chains were run for 5,000 iterations, with a warm-up
phase of 1000 iterations.

Results
Interpretation The difference in ELPD (elpd diff ) is the
difference in the expected log pointwise predictive densities
(ELPD) of a pair of models. The standard error (SE) represents the uncertainty around elpd diff. In interpretation, it is
customary to consider how much larger elpd diff is than the
corresponding SE, as these SEs do not provide confidence intervals around elpd diff. Here, we treat two times the SE as
a lower bound such that if an elpd diff value is greater than
double the corresponding SE, we consider that model to be reliably different from the baseline model (i.e., the model with
zero elpd diff and SE). In addition, SE is poorly estimated for

elpd diff

SE diff

0.0
−0.5
−0.6
−1.1
−1.6
−2.5
−3.2
−3.4

0.0
1.5
1.5
1.9
2.3
4.3
3.6
2.1

small datasets (N < 100). We thus interpret the ordering of
the models with the caveat that replication, ideally on a larger
dataset, should be used to confirm these patterns.
Grammaticality The results of model comparison via
LOO cross-validation are given in Table 2. The model based
on COMFORT alone was the most predictive of judgments
of (un)grammatical sentences. In addition, the models using CLUSTERING and PCA—both of which take into account
comfort but also reflect other aspects of language use—did
not strongly differ from the COMFORT model, indicating that
they were similarly predictive. Conversely, the proxy models (NI and RH) were near the bottom, along with CURRENT
USE , which provided the least-good fit to the data relative to
baseline. Overall, the holistic continuous measures and the
inferential measures outperformed a priori categorical ones.
Notably, while COMFORT was the best predictor of how participants rated these sentences, neither NI or RH, which are
reasonable candidates for being indirect proxies of linguistic
comfort, performed similarly.
Word Order The results of LOO cross-validation are given
in Table 3. Here, no model resulted in an elpd diff greater
than 4, which is the standard lower bound for a meaningful
difference in ELPD between models. This is likely due to the
fact that all orders were grammatical; as a result, there was
a smaller difference in ratings between orders. We therefore
treat these results as inconclusive, though we provide a description and tentative interpretation of their ordering, pending replication with more data. The ADDITIVE SCORE and
CURRENT USE models appeared to be the top performers,
while COMFORT and the NI and RH proxies provided a relatively poorer fit. That the ADDITIVE SCORE and CURRENT
USE models potentially perform best suggests that language
experience as a whole, potentially driven by language use,
may be most relevant to word order judgments (as opposed
to, for example, language comfort).

Summary
LOO cross-validation of a set of Bayesian models found
that the a priori, categorical, and holistic variables NA TIVE IDENTIFICATION and RESIDENCE HISTORY were not
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strong predictors of acceptability judgment behavior. They
were outperformed by (a) inferential holistic variables (PCA,
CLUSTERING ), (b) continuous holistic variables ( ADDITIVE
SCORE) and (c) certain a priori but continuous and specific
variables (COMFORT, CURRENT USE). These proxies do not
approximate language experience well, nor do they obviously
contribute additional insight; use of almost any other factor
would result in finding a stronger relationship between language experience and behavior in this data.
This result highlights the potential issues with in using native identification or residential history as selection criteria
for participants. In addition, we see that different kinds of
language experience best predict different kinds of linguistic behavior. In this sample, we found that comfort best
predicts judgments of grammatical and ungrammatical sentences, while an additive measure of lifetime language experience best predicts judgments of different (grammatical)
word orders in Hindi-Urdu. Thus, we demonstrate the importance of identifying and testing specific experience factors
that might contribute to linguistic behavior rather than relying
on a priori, holistic, and categorical proxies.

Discussion & Conclusion
This paper presented two analyses demonstrating that, in a
population of Hindi-Urdu speakers, common proxies for language experience (NATIVE IDENTIFICATION, RESIDENTIAL
HISTORY ) neither accurately nor adequately represented our
chosen facets of language experience (CHILDHOOD USE,
CURRENT USE , COMFORT). First, they did not accurately
map onto contextually-relevant language experience profiles
identified via clustering analysis. Second, they did not adequately approximate the relationship between language experience and behavior (here, acceptability judgments), evidenced by their poor predictive performance relative to other
measures in a model comparison.
Certainly, this study only investigated a few facets of language experience; many others could have plausibly been included (e.g. age of acquisition). Further, the particular degree
of mapping between proxies and more direct measures are
expected to vary depending on the research population and
context. The point remains: Researchers cannot assume that
these proxies will align well with language experience without confirming directly for their particular sample. Despite
their continued prevalence in psycholinguistic research, our
results thus explicitly challenge the utility of ‘nativeness’ and
residence as proxies for language experience, both conceptually and methodologically. We also show that effectively
operationalizing language experience requires direct and gradient assessments of particular facets of language experience
(e.g. Luk & Bialystok, 2013), even when only considering
one language. For researchers considering this approach, we
suggest three ways one could handle such multi-dimensional
data, depending on the research questions and goals.
Some researchers may be using categorical groups because
of a specific interest in profiles of language experience. We

show that top-down groups based on assumed profiles do not
map to emergent profiles, at least in our sample. If particular
combinations of experience factors are relevant, we recommend clustering on gradient measures of language experience
to find the profiles actually represented in the data, then use
those in analyses of language behavior; the clusters which
emerged in our study did well compared to the alternatives at
predicting how (un)grammatical sentences were rated.
However, we expect that many cognitive scientists are instead interested in the mechanisms underlying language behavior. For questions which are general or exploratory in
nature (e.g. does overall language experience play a role?),
researchers can use multiple gradient measures assessing various aspects of experience to create a variable that encompasses language experience holistically. One option is using a
data-driven approach, such as PCA, to find the most informative dimensions to represent the variability in the data. In this
case, PC1 represented many factors, notably both usage and
comfort, and was able to reveal a role of language experience
in predicting ratings of (un)grammatical sentences (and possibly SOV versus SVO sentences). Another way we did this
was an additive score (cf. Gertken, Amengual, & Birdsong,
2014), which in our data may represent sheer exposure/usage;
the interpretation of such a variable will be dependent on
the measures collected by the researcher. Nevertheless, we
show that this holistic gradient measure performed relatively
well in predicting acceptability judgments for grammaticality
(as well as potentially very well for word orders, which may
be subject to language contact effects). Using either type of
composite variable is a viable strategy.
Alternatively, if there is reason to narrow down the research question to particular facets of language experience,
one can default to a researcher-driven approach to identify
conceptually-relevant variables. For example, comfort was
hypothesized to be particularly relevant for rejecting ungrammatical sentences (González-Vilbazo et al., 2013). Our combined COMFORT score ended up being the most predictive of
how participants judged the acceptability of grammatical versus ungrammatical sentences, confirming our hypothesis.
To conclude, we do not argue that language researchers
should never use variables like ‘nativeness’ and residential
history. Rather, we propose that researchers carefully consider (i) which aspects of language experience are relevant
factors in their studies and (ii) how neatly these factors may
or may not map onto the simplifications that they are using.
For example, questions about ‘nativeness’ are in fact always
questions about ideologies of nativeness; thus, if the factors
of interest are not the ideologies themselves, the use of other
variables would be more appropriate. Given the complexities,
the simpler option—conceptually and methodologically—
will often be to directly measure what we want to measure.
By arguing for such an approach and providing a demonstration of how to implement it, we hope to contribute to a shift
away from vague proxies and towards more explicit models
of how language experience shapes cognitive processes.
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Abstract
In the debate between single-route and dual-route models of
verb inflection, the dissociation between regular and irregular
verbs in the non-fluent variety of aphasia has been a key sticking
point for the proponents of the single-route model. This paper
adopts a state-of-the-art neural model which has previously
been used to learn inflectional morphology, and shows that it
can also be used to model data from non-fluent aphasia. This
challenges the assumption that a dual-route model is necessary
to capture apparent dissociations in aphasia data and encourages
a reanalysis of the deficits involved in non-fluent aphasia.
Keywords: non-fluent aphasia; Encoder-Decoder network;
past-tense debate; inflection

There has been heated debate over the past 40 years about
how people represent regular and irregular inflectional morphology (Clahsen et al., 1992; Goebel & Indefrey, 2000; Hahn
& Nakisa, 2000; Hare et al., 1995; Laaha et al., 2006; Lachter
& Bever, 1988; MacWhinney & Leinbach, 1991; Marcus et
al., 1995; McClelland & Patterson, 2002; Plunkett & Marchman, 1991; Plunkett & Juola, 1999; Pinker & Prince, 1988;
Pinker, 1998; Pinker & Ullman, 2002; Rumelhart & McClelland, 1986). Proponents of the single-route model have argued
that the phonological relationship between inflected and uninflected forms can be captured within a single pattern associator.
In contrast, proponents of the dual-route model have argued
that separate mechanisms are responsible for the regular and
irregular inflections: regular inflection is performed by the
grammar, while irregular inflection is stored in the lexicon.
Recently, state-of-the-art single-route neural models have
been able to achieve high degrees of accuracy when learning
the English past-tense (Kirov & Cotterell, 2018), addressing
many of the initial issues that previous single-route models
faced (with some limitations; see McCurdy et al., 2020). However, a key sticking point for the single-route approach has
been the dissociation between regular and irregular inflections
in people with different types of aphasia, an acquired language
disorder that arises after a brain injury such as stroke (Ullman
et al., 1997). In non-fluent aphasia, there seems to be a selective deficit for regular inflections, while in fluent aphasia,
there seems to be a selective deficit for irregular inflections.
In this paper, we reassess the strength of that evidence.
We apply a state-of-the-art single-route network which has
previously been used to learn the past-tense inflection, and
show that it can also model data from non-fluent aphasia in
English. This model indicates that the dissociation does not

require multiple mechanisms to capture this particular pattern
of deficits. These findings contribute to the ongoing past-tense
debate in cognitive science, providing an alternate single-route
interpretation for one of the key pieces of evidence in support
of the dual-route model.
Whereas previous work on the single-route model has cast
it in opposition to the traditional idea of grammatical rules in
linguistics, we pursue a different interpretation in our discussion of these results, based on recent advances in linguistic
theory. We situate the single-route model as performing a particular function that any traditional model of grammar would
need to carry out: converting the underlying hierarchical syntactic structure into a linear order and making calculations
over phonological space to determine its form. We argue that
non-fluent aphasia should be approached as a deficit not in
syntactic operations, but in phonological operations.
We begin by reviewing the evidence from aphasia, discussing empirical data as well as previous models. We then
give an overview of the model from Kirov & Cotterell (2018),
which we adopt in our simulations. The next section describes
simulation results showing that under certain training conditions, this model can simulate the dissociation in non-fluent
aphasia. We conclude by discussing the relationship between
the past tense debate and linguistic theory in light of substantial recent advances in both fields.

Morphological Deficits in Aphasia
As an extension of contemporary models of memory circuits,
Ullman (2004) developed the declarative/procedural model to
connect language to more domain-general cognitive processes.
This theory suggests that the grammar is a subdivision of procedural memory, like other motor and cognitive skills, while
the lexicon is a subdivision of declarative memory, which
stores arbitrary relations, facts, and events. Consequently,
their model predicts that regular and irregular forms should be
served by different neural substrates associated with the different types of memory - procedural memory corresponding to
the basal ganglia and the frontal cortex, and declarative memory corresponding to the hippocampus and temporo-parietal
regions. Data from language disorders such as aphasia can provide exactly the kind of evidence needed to test this hypothesis.
Aphasia is an acquired language disorder that occurs as result
of a brain injury - such as a stroke, tumor, or head injury - that
impacts areas of the brain associated with language. There are
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many varieties of aphasia, but two key varieties are fluent and
non-fluent aphasia. The non-fluent variety of aphasia is characterized by “telegraphic speech”, which tends to include few
function words and morphology, so it has often been analyzed
as a ‘grammatical’ or syntactic deficit. Meanwhile, the fluent
variety of aphasia often involves “empty speech”, syntactically
well-formed sentences that lack meaning or message, so it
has often been analyzed as a ‘lexical’ deficit. Though a brain
injury is not guaranteed to be isolated to one area of the brain,
analysis of lesion patterns and behavioral deficits can provide
convincing evidence for functional dissociations.
Ullman et al. (1997) identified two patients, FCL and JLU,
with opposite lesion patterns, and tested their ability to produce the past tense form of regular and irregular verbs. Their
results are shown in Figure 1. FCL, who had non-fluent aphasia, produced the regular past-tense with only 20% accuracy,
while producing the irregular past-tense with 69% accuracy.
In contrast, JLU, who had fluent aphasia after injury to the
left temporo-parietal area, produced regular verbs with 90%
accuracy, and produced irregular verbs with 63% accuracy.
The two patients, FCL and JLU, are the key evidence for the
proposed double dissociation between regular and irregular
inflections. They show opposite patterns of accuracy rates
for regulars and irregulars, as would be expected under the
dual-route model. Previous models have shown that dissociations can arise through a single learning mechanism (Penke &
Westermann, 2006; Plaut, 1995), but even in those cases, the
models developed functional specialization that was different
for regulars and irregulars. Based on these data points alone,
there does not seem to be an obvious explanation that would
support the single-route account.
There are several reasons why we think these data should
be reexamined. First, whereas the rhetoric surrounding the
original past tense debate characterized dual-route models as
more consistent with linguistic theory, this has changed due
to advances in linguistics. The Pinker & Prince (1988) model
was built in a ‘lexicalist’ framework, which assumes that syntactic operations do not extend below the word level, making
morphological operations distinct from syntactic ones. This
assumption has been challenged in the past 40 years, especially with the development of theoretical frameworks such as
Distributed Morphology (Halle et al., 1993) and non-semiotic
approaches (Preminger, 2021). These kinds of theories argue that words and phrases are built using the same syntactic
processes, and functional morphemes such as the English pasttense do not have a ‘built-in’ phonological form (Embick,
2015). In Distributed Morphology, their form is instead supplied in the post-syntactic operation of Vocabulary Insertion;
in Preminger’s theory, the form is provided by a mapping from
sets of syntactic units to sets of phonological units. According to these views, from a syntactic perspective, the verbs
“ran” and “walked” do not differ in terms of their hierarchical
structure—both involve a verb and the past-tense morpheme
combined in a particular way. The only difference is how that
past-tense morpheme conditions the form of the output, and

Figure 1: Patients FCL and JLU are used to demonstrate a neural dissociation; FCL, in red, exhibits left anterior perisylvian
lesions and a greater deficit for regular inflections, while JLU,
in blue, exhibits left temporo-parietal lesions and a greater
deficit for irregular inflections (Ullman et al., 1997)
how complex and frequent those transformations may be.
Second, studies of non-fluent aphasia cross-linguistically
suggest that the pattern of deficits even in one variety of aphasia seems to be more nuanced, and not entirely consistent with
the predictions of the dual-route model. Faroqi-Shah (2007)’s
meta-analysis of non-fluent aphasia across seven different languages compared participants’ performance on the regular and
irregular past-tense inflection. The analysis included 25 studies published between 1980 and 2006. The resulting dataset
contains 66 different participants, and includes speakers of
Catalan, Dutch, English, German, Greek, Italian, and Spanish.
Figure 2 summarizes the participants’ performance.
According to the dual-route model, non-fluent aphasia
should be an impairment in the grammar, and thus a selective
deficit for regular verbs. If this were the case, Figure 2 would
show many more participants - from all language groups - performing at or near ceiling for the irregular verbs, with lower
accuracy on regular verbs. This would mean more points near
the top of the plot or above the solid line, and few below the
line. Instead, this shows a large number of German- and Dutchspeaking participants that have high accuracy on regular verbs
but varying accuracy on irregular verbs, as well as a number of
English-speaking participants with better accuracy on regular
verbs than irregular verbs. The ‘dissociation’, consequently, is
less straightforward than Pinker & Ullman (2002) suggested,
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Figure 2: Plot summarizing the inflection accuracy of participants in the studies cited in the Faroqi-Shah (2007) metaanalysis of non-fluent aphasia (n=66). The solid line corresponds to equal accuracy on regular and irregular inflections. The dotted line corresponds to the line of best fit
(y = 0.53x + 20, R2 = 0.429).
especially cross-linguistically.
These data create a puzzle. It is not only challenging for the
dual-route model, because it does not present an obvious selective deficit for regular inflections, but also for the associated
analyses of non-fluent aphasia. Other theories of the functional
organization of language, such as Matchin & Hickok (2020),
suggest that the brain area implicated in non-fluent aphasia,
the inferior frontal gyrus (IFG), is involved in linearization and
phonological transformations rather than rule-based syntactic
operations. This model suggests that non-fluent aphasia is not
a syntactic deficit, but a phonological one.
If the deficit is phonological, rather than a strict dissociation, patterns of deficits in aphasia could be the result of an
interaction between irregularity, the complexity of the phonological transformation, and frequency, or a number of other
factors. For example, whereas regular verb inflection in English can make word-final consonant clusters more complex
(as in walk ∼ walked) or add a syllable (load ∼ loaded), as
discussed by Bird et al. (2003), irregular verbs can vary in the
complexity of the transformation: “sing” only changes one
vowel sound, whereas “be” and “go” undergo suppletion. Irregular verbs also tend to have higher frequencies than regular
verbs, partly due to factors involved in language change (Bybee, 1995; Lieberman et al., 2007). Because every language
involves different kinds of phonological transformations with
varying complexity, and with varying frequency distributions,
non-fluent aphasia may result in different patterns of deficits
cross-linguistically based on these properties, even if the lesion pattern is similar across patients. This kind of explanation
could account for the differences between language groups in
Faroqi-Shah (2007), where the dual-route model cannot.

Recent work that has revisited the original past-tense debate using state-of-the-art neural models, such as the EncoderDecoder (ED) network used by Kirov & Cotterell (2018), has
addressed many of the initial critiques that were directed at
the Rumelhart & McClelland (1986) model. Specifically, they
showed that a model trained on English inflections exhibits
high accuracy rates, produces human-like novel forms, and
mirrors some child-like learning patterns. It can also achieve
high accuracy rates when trained on multiple inflection classes
such as the gerund, past participle, and third-person singular forms. The success of this neural model suggests that a
single-route model is sufficient for both regular and irregular inflections, but it does not explain how the aphasia data
discussed above might arise. Non-fluent aphasia has been
modeled before by Penke & Westermann (2006), which simulated the pattern of deficits for German-speakers. However,
their model was not fully homogeneous, and it is not clear if
their model would see the same success for English data.
Given this background, if non-fluent aphasia is not a deficit
in rule-based syntactic operations, but in the phonological
transformations involved in inflection, then it should be possible to simulate the effects of non-fluent aphasia in a singleroute neural model that performs that kind of phonological
transformation. In this paper, we demonstrate that a stateof-the-art single-route model can be used to account for the
pattern of deficits in non-fluent aphasia. In Simulation 1, as
a proof of concept, we show that training an ED network on
datasets with different frequency distributions leads to greater
effects of lesioning in one set of verbs. In Simulation 2, we
show that a model trained on an English-like dataset using
perplexity-based sampling can lead to an English-like pattern
of deficits. As predicted by the single-route approach, the
dissociation can be captured without appealing to separate
lexical and grammatical mechanisms.

Model
The model we use in the present study is a homogeneous,
single-route, single-mechanism model that - when lesioned
- can simulate the pattern of deficits observed in non-fluent
aphasia in English-speaking populations. In doing so, this
model indicates that the dissociation that has been a key piece
of evidence for the Dual-Route model does not, in principle,
require multiple mechanisms to capture this particular pattern of deficits. The effect of fluent aphasia requires further
research and will be investigated in future work.
Simulation 1 tests datasets with different proportions of
regulars and irregulars. Simulation 2 looks at the effect of
using perplexity—essentially, the model’s degree of surprise
at a particular data point—to constrain learning.
Architecture. Our models use the Encoder-Decoder network
architecture specified by Kirov & Cotterell (2018), which
includes the architecture described by Bahdanau et al. (2014)
and hyperparameters set by Kann & Schütze (2016). This
network operates over strings of characters which represent
phonemes. The encoder includes a bidirectional LSTM with
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Figure 3: Results from Simulation 1. Left: Plot summarizing the performance of the model trained on the Regular-Bias dataset,
where less than 5% of the dataset is made up of irregular verbs. Center: Plot summarizing the performance of the model trained
on the Proportional dataset, where 26% of the dataset is made up of irregular verbs. Right: Plot summarizing the performance of
the Irregular-Bias model, where 95% of the dataset is made up of irregular verbs.
two layers. Each character has an embedding size of 300 units.
The dropout value between layers is 0.3. The encoder and
decoder have 100 hidden units each. The Adadelta training
procedure (Zeiler, 2012) was used, with a learning rate of 1.0
and a minibatch size of 20. The model was trained for 100
epochs. The decoder uses a beam search (k=12). The model
was implemented using OpenNMT-py 2.0 (Klein et al., 2020).

weights that were reset ranged from 5% to 100% by increments of 5%. After lesioning, the models’ accuracy on the
test dataset was measured. This was repeated 5 times for each
model in order to observe the effect with different random
seeds.

Training data. The base dataset is also the same one used by
Kirov & Cotterell (2018), which includes 4,039 English verbs
from the CELEX database (Baayen et al., 1996). Of these
verbs, 168 have irregular inflections, and the remaining 3,871
have regular inflections. 20% of this dataset was held out for
validation, so the training dataset included only 3,232 verbs,
141 of which were irregular. The testing dataset included 80
regular verbs and 80 irregular verbs which were all seen in
training, since we are more interested in the model’s performance after lesioning than how accurately it can generalize to
new forms.
From this base dataset, three datasets were developed. The
Regular-Bias dataset has each verb in the corpus appear exactly once, so that only 4.6% of the verbs in that training
dataset are irregular, with a total of 3,232 items. The Proportional dataset had each verb appear proportional to its
COBUILD frequency, so the dataset was composed of 26%
irregular verbs, with a total of 15,424 items. In the IrregularBias dataset, a subset of high-frequency regular verbs were
selected from the base dataset, and these appear only once;
the remaining 141 irregular verbs are repeated proportional to
the inflected forms’ COBUILD frequency per 1 million words.
The resulting dataset is composed of 5% regular verbs and
95% irregular verbs, with a total of 15,645 items.
The models were trained for the same number of train steps,
so that each one was exposed to the same amount of training
data despite the differences in the sizes of each dataset.

In Simulation 1, one model was trained for each of the three
datasets, and its accuracy was measured before and after lesioning. We make several predictions. Firstly, if any of the
single-route models we test can simulate a dissociation similar to what was observed for FCL (Ullman et al., 1997), this
would provide a proof in principle that the dissociation can
be captured without requiring multiple distinct mechanisms.
Secondly, if models that observe different proportions of regulars and irregulars in their training data exhibit different behavior after lesioning, this would suggest that the frequency
distribution of regulars and irregulars impacts how those transformations are encoded. This would also suggest that the
cross-linguistic differences observed by Faroqi-Shah (2007)
might depend on such factors.
Figure 3 shows the performance of each of the models.
These plots compare accuracy on regular and irregular inflections. Each point represents a different instance of the model,
with different proportions of connections lesioned, and with
different random seeds. The black diagonal line represents
equal performance on both sets of verbs, so points above the
line represent models performing better on irregular verbs,
while points below the line represent models performing better
on regular verbs.
For the model that was trained on the Regular-Bias dataset,
the performance was consistently better on regular inflections
than irregular inflections. The model trained on the Proportional dataset shows better performance on irregular inflections
than the Regular-Bias model, but most points still fall below

Lesioning. After training, each model was ‘lesioned’ by randomly resetting connection weights to 0.1 The proportion of
1 During a stroke or brain injury, lesions are not randomly distributed across a brain area, but instead localized to a set of adjacent

Simulation 1

neurons. In the neural network, there is no sense of ’adjacency’; all
of the neurons in one layer are connected to all of the neurons in the
neighboring layers. Randomly lesioning the neural network provides
a reasonable approximation of the effect of a brain injury, given the
differences between neural architectures and neural networks.
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the line of equivalence. For the model that was trained on the
Irregular-Bias dataset, the model performs better at irregular
verbs than regular verbs at nearly every point. Though the
pattern in Figure 3 does not perfectly resemble the pattern
found in Faroqi-Shah (2007), shown in Figure 2, this demonstrates that it is possible to achieve a range of outcomes with a
model trained on regular and irregular verb inflections without
appealing to a grammatical or lexical distinction. Because the
effect was only achieved for the model that was trained on
a dataset composed predominantly of irregular verbs, these
frequency statistics must play a key role in how the two sets
of verbs are encoded in the model.
This simulation shows that the frequency distribution of
the training dataset does play a role in the pattern of deficits
observed after lesioning the model, suggesting that this factor
could be partially responsible for the cross-linguistic differences observed by Faroqi-Shah (2007). Although the lesioning
did not quantitatively replicate the proportions of regular and
irregular verbs produced correctly by FCL, it did show that a
single-route model can produce qualitative asymmetries. The
fact that the asymmetries in the model do not quantitatively
resemble FCL may be because that the models do not generate
much variety within the groups of lesioned models in terms of
accuracy; the points on the plot are relatively closely grouped
together. We return to this point in the Discussion.
While this provides a proof in principle that the relevant
patterns can be captured in a single-route model, the model
trained on the Proportional dataset, the one with the most
realistic proportions of English verb inflections, was not able
to capture the pattern of deficits observed for the patient FCL.
This difference motivates Simulation 2.

Simulation 2
In Simulation 2, a second set of models were created that used
perplexity-based sampling (Fernandez & Downey, 2018). One
model was trained on each of the three datasets.
Perplexity-based sampling involves calculating a ’perplexity score’ for each item in the training dataset, which measures
how well the model was able to predict the output form given
its current state. The model then selects the items with the
highest score for the next training step. This simulates the attention, surprisal, and reanalysis that a learner may experience
when presented with a form that was not predicted (Clark,
2013). If models trained using perplexity-based sampling
better capture the empirical data than models trained with random sampling, this would suggest that surprisal, attention, and
reanalysis play a role in shaping neural representations.
The results for Simulation 2 are shown in Figure 4. The
model trained on the Regular-Bias dataset with perplexitybased sampling exhibited similar performance to the RegularBias model in Simulation 1, where most of the points fell
below the solid line. The model trained on the English-like
dataset with perplexity-based sampling falls close to the equivalence line. The difference between this model and the equivalent one in Simulation 1 is slight, but closer inspection shows

that the model trained with perplexity-based sampling has
higher accuracy on irregular inflections than the model trained
with random sampling when matched on the proportion of
lesions. Though this would not be able to capture patient
FCL, in Faroqi-Shah (2007), the English speaking group was
broadly centered around the equivalence line, especially at
higher rates of lesioning. Lastly, the model trained on the
Irregular-Bias dataset with perplexity-based sampling was
once again almost completely above the equivalence line, performing better at irregulars than regulars at every point. The
pattern observed for the Proportional model in Simulation 2
suggests that perplexity-based sampling does shift it closer to
the pattern observed for the Irregular-Bias model, to a degree.
In addition, the difference in performance between these three
models in Simulation 2 indicates that the frequency distribution of regulars and irregulars has an impact for these models
even in the context of perplexity-based sampling.
Overall, both simulations show that a single-route model
can capture dissociations between regulars and irregulars, and
that this relationship depends on specific characteristics of
the training data. Based on the complexity and the frequency
of the transformation, a network may encode the two classes
differently, and this encoding can then affect performance. For
example, a more complex transformation may lead to lower
accuracy rates in an non-lesioned network, but if it has a more
distributed representation it may be more resilient to lesions.
The model trained on a dataset biased toward irregulars illustrates this effect using a dataset based on English. If the model
were trained on inflections in another language, with different
frequency distributions and different degrees of complexity,
we might observe a different pattern of results. Furthermore,
the degree of ‘perplexity’ that the learner experiences as they
encounter new forms may vary across languages, depending
on the patterns of sub-regularity. In this way, patterns that vary
across language groups can arise not because of representational differences, but because of differences in the complexity
and frequency of the transformations.

Discussion
This paper demonstrates that lesioning a fully homogeneous
state-of-the-art neural model can simulate the effects of nonfluent aphasia. This result provides an alternate account for
the apparent dissociation between regular and irregular inflections observed by Ullman et al. (1997), which was previously
a sticking point for the single-route model in the past tense
debate. A critical component of this finding is the difference
in frequency distributions between regular and irregular inflections in English. Simulation 1 demonstrates that when the
model is trained on a dataset that has a greater frequency of
irregular verbs, it is able to simulate the pattern of deficits in
aphasic populations. All languages should have a frequency
distribution somewhere between these two extremes, and so
their pattern of deficits may be predicted based on that. In
Dutch, for example, the frequency distributions of regular
verbs and irregular verbs overlap more than they do in En-
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Figure 4: Results from Simulation 2, with perplexity-based sampling. Left: Plot summarizing the performance of the model
trained on the Regular-Bias dataset, where less than 5% of the dataset is made up of irregular verbs. Center: Plot summarizing
the performance of the model trained on the Proportional dataset, where 26% of the dataset is made up of irregular verbs. Right:
Plot summarizing the performance of the model trained on the Irregular-Bias dataset, where 95% of the dataset is made up of
irregular verbs.
glish (Tabak et al., 2005), so a model trained on Dutch verbs
may exhibit a greater deficit for irregular verbs when lesioned,
closer to the Regular-Bias model in Simulation 1. This would
align with the clinical data discussed by Faroqi-Shah (2007).
After training on an English-like dataset, the model is able
to mimic the patterns that Faroqi-Shah (2007) found in English speakers, particularly when the network is trained using
perplexity-based sampling. Thus, rather than assuming that
the pattern of deficits in non-fluent aphasia arises because of
syntactic or lexical features of the verbs, we can argue instead
that the process involved in the IFG is a phonological transformation, conditioned by frequency and form predictability.
By placing Ullman et al. (1997)’s findings into a broader
context of non-fluent aphasia across different languages, we
demonstrate that FCL’s performance may be an outlier when
compared to other individuals with non-fluent aphasia, consistent with the argument in Plaut (1995). The data described
by Faroqi-Shah (2007) do not clearly support the dual-route
model as proposed by Pinker & Ullman (2002).
Faroqi-Shah’s meta-analysis demonstrated that there is a significant amount of variation between individuals with aphasia,
even when the injury impacts very similar brain areas. This
could emerge due to individual differences in how each form
is encoded neurally, or due to differences in which groups of
neurons are impacted and whether they are able to be reorganized through neural and synaptic regeneration processes or
by leveraging alternate pathways through the brain (Campbell
et al., 2019). Other forms of variation could be introduced
to these models by using a different lesioning method, such
as adding Gaussian noise to all weights between layers, unit
ablation—severing all outgoing connections from some units—
or adding Gaussian noise to the activations of units. Each
strategy can have a different effect on the performance of the
model, as discussed in Guest et al. (2020).
Once again, these findings should not be interpreted as a
challenge to the view that words and sentences have hierarchical structure that is relevant during on-line language comprehension and production. Rather, we interpret this model as performing a calculation over phonological space. It represents

a post-syntactic operation such as ’Vocabulary Insertion’, as
characterized by Distributed Morphology, or ’mapping from
sets of syntactic units to sets of phonological units’, as described by Preminger (2021).
There are many differences between our model and the actual IFG. This means that it is not a perfect model of what
might be happening at the neural level after a brain injury such
as a stroke. Designing a model to more closely reflect the
architecture of the IFG might yield different results or further
insights in future work. However, even neural networks that
are designed to have similar functions or mechanisms as the
human brain can sometimes behave very differently (Rajalingham et al., 2018). Our approach is simpler, but is nevertheless
sufficiently similar to the hypothesized the function of the IFG
to allow us to test predictions of what should happen when the
mechanism is damaged in a controlled way.
Future work should simulate the effects of fluent aphasia,
or the accuracy data for the patient JLU from Ullman et al.
(1997). Fluent aphasia is not as well-understood as non-fluent
aphasia, and there are many other competing theories that
may not be as easy to test with this kind of neural network.
For example, because fluent aphasia often involves “empty
speech” (syntactically well-formed sentences that lack meaning or message), it has sometimes been concluded that fluent
aphasia involves difficulties with discourse coherence (Linnik, 2016), or a failure to properly inhibit incorrect lexical
items that are retrieved (Prather et al., 1997). These may be
difficult to implement as a neural model, though additional
investigation in this area could be fruitful.
In the future, it will also be important to identify where
different languages fall along the continuum between the
Irregular-Bias dataset and the Regular-Bias dataset, as discussed above for Dutch. If different languages discussed in
Faroqi-Shah (2007) fall at different points along this continuum, then networks trained on different languages may exhibit
different effects of lesioning. This would allow us to observe
the impact of different language inputs and frequency distributions, and to simulate the variation in non-fluent aphasia
cross-linguistically.
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Abstract
English is the dominant language in computer science. In addition to English-based academic papers, English is frequently
the only language provided in introduction sections and manuals of command and software libraries, which are essential aspects of computer programming. Hence, English-as-a-secondlanguage (ESL) learners may have difficulty studying computer science because they must learn this field while also
learning English. Despite this problem, few studies have assessed the difficulty level of computer science texts for ESL
learners. Ideally, the difficulty levels of texts are assessed by
having groups of ESL learners read them. However, owing to
the excessive time and financial costs involved, such practices
can be impractical. Hence, using two highly accurate automatic readability assessors based on natural language processing (NLP) techniques, we assessed the readability of various
computer-science-related texts for ESL learners. The first assessor is based on state-of-the-art deep transfer learning, and
the second is based on classical machine learning and applied
linguistics. For training the assessors, we used a standard corpus employed in NLP, which was annotated by professional
English teachers to evaluate the readability of the texts for ESL
learners. To conduct the experiments, we built a collection of
computer science texts ranging from academic papers to software manuals (READMEs) crawled from a source-code hosting website, namely GitHub. The experimental results showed
that intermediate ESL learners were able to read most of the
computer science related texts.
Keywords: Readability, Neural Language Model, Assessment

Introduction
English is the language used by most computer science (CS)
publications, and is a second language for many scientists and
those learning about science. Hence, the readability of scientific publications for English-as-a-second-language (ESL)
learners is essential for determining and developing the support needed by such learners in terms of their science, technology, engineering, and mathematics (STEM) skills.
The language gap between native speakers and ESL learners may cause certain misunderstandings in the learners’ interpretation of CS papers, significantly hindering the development of this field. However, only a few studies have investigated this issue.
To this end, in this paper, we assess the readability of CS
publications for ESL learners. The readability (as an English
text) of the main body of a paper can be excessively technical, making a proper evaluation difficult, even for human
readers. Instead, we targeted the readability of the title and
abstract, which are typically used to determine whether the
main body of the paper should be read. To avoid biasing our

analysis toward one particular field, we obtained texts from
the databases of two different fields, and using natural language processing, we obtained the text in documents from
the top-10 projects posted on GitHub and the 27,686 abstracts
taken from the ACL Anthology and used them for our analyses. Because a large-scale manual readability assessment is
impractical owing to financial and time constraints, we constructed two contrastive automatic readability assessors: one
near state-of-the-art assessor with low interpretability and one
vocabulary-based assessor with high interpretability.
To this end, we first sought to understand the difficulty that
CS poses to non-native speakers of English. This problem
was approached in two ways. The first is based on the field
of educational NLP (Vajjala & Lučić, 2018). Using a standard corpus, we constructed a machine learning classifier for
determining the difficulty of a text with high accuracy using
deep learning methods, including bidirectional encoder representations from transformers (BERT) (Devlin, Chang, Lee,
& Toutanova, 2019).
The second approach was conducting readability assessments based on information regarding the vocabulary of English learners. Such methods have been thoroughly studied in the field of applied linguistics, and numerous studies
have shown that English learners need to know more than
95% of the words in a document to properly read and understand the text (Nation, 2006; Laufer & Ravenhorst-Kalovski,
2010). Assessing the readability of a text using the vocabulary level of the individual learner is beneficial for interpreting the results of a readability assessment. We therefore also
constructed a classifier that ascertains the number of words in
a text known by an English learner using a dataset of vocabulary tests for such learners (Ehara, 2018).
In experiments on evaluating the readability (Vajjala &
Lučić, 2018) in educational NLP, which were carried out on a
standard dataset, the two approaches used to assess the results
of the readability were in close agreement.
The contributions of this study are as follows.
1. To determine the extent to which the language gap affects
learning in computer science, we proposed an investigation
method using automatic readability assessors.
2. Two methods were proposed for the readability assessors:
a BERT-based assessor and a classical-machine-learning-
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based assessor that leverages findings from applied linguistics on vocabulary tests of ESL learners.
3. The BERT-based assessor confirmed that most of the
README.md is readable by intermediate English learners.
4. The results of both methods show that CS academic texts
are more difficult than software manuals.

Formalizing Readability Assessment Tasks
In this section, we formalize an automatic readability assessment based on (Ehara, 2021). The set of texts is denoted by
{Ti |i ∈ {1, . . . , N}}, where N indicates the number of texts to
be considered. Under a supervised machine learning setting,
the automatic assessor uses the annotated readability labels
for each text during the training phase. Typically, such annotation labels take discrete values such as the Likert scales
rather than continuous one. The set of labels used for readability is denoted as Y . For example, in the OneStopEnglish
dataset (Vajjala & Lučić, 2018), 0 is considered elementary,
1 is intermediate, and 2 is advanced. Hence, in summary,
Y = {0, 1, 2}. In his way, the labels are usually ordered, and
larger labels indicate that a text is more difficult to read. The
number of levels depends on the evaluation corpus. Let yi be
the readability of text Ti . Using Y , we can express yi ∈ Y .
Given each text Ti , we consider the problem of predicting the readability score si . The properties of si differ under
supervised and unsupervised settings. Under a supervised
setting, from the labels in the supervised data, the assessor
knows the number of levels in which yi can take. In other
words, the assessor knows |Y |. Therefore, the value of si output by the assessor is within the range of Y , and thus si ∈ Y .
The prediction can then be simply measured based on the accuracy, which is the ratio occurring when si = yi .
By contrast, under an unsupervised setting, the assessor
does not even know the number of labels |Y | because no supervised data are available. Therefore, even if Y is a finite
set, si is outputted as a simple real number representing the
readability of the text. Of course, even if the readability represented by si is relatively reasonable compared to the other
texts, yi = si usually does not hold. Therefore, rank correlation coefficients are preferable to be used to evaluate the
performance.
Under both supervised and unsupervised settings, regardless of whether the ranges of si s and yi s are identical, the
goal can be defined in a uniform manner. Given N texts
[Ti |i ∈ {1, . . . , N}], the goal is to build an assessor that can
output an array of readability scores [si |i ∈ {1, . . . , N}] that
correlate well with the array of labels [yi |i ∈ {1, . . . , N}]. To
denote the arrays, we use [ and ] throughout this study.
Here, although there are several types of correlation coefficients between the array of scores and the array of labels,
according to (Ehara, 2021), a rank correlation coefficient,
such as Spearman’s ρ, is suitable because our main focus
is on whether the order of readability of the evaluation corpus is correct. By contrast, the typical correlation coefficient,

1699

15. deficit:
The company <had a large deficit>.
a: spent a lot more money than it earned
b: went down a lot in value
c: had a plan for its spending
that used a lot of money
d: had a lot of money stored in the bank

Figure 1: Examples of the Vocabulary Size Test. They are
asked to choose the option that paraphrases the part between
“<” and “>” from a, b, c, and d.
namely Pearson’s ρ, depends heavily on the actual score of
si , which is particularly problematic under an unsupervised
setting.

Vocabulary Testing and Readability
A text is a sequence of words, and our goal was to measure
the difficulty of text Ti . If we can objectively measure the
difficulty of the words in a text for ESL learners, such as the
average difficulty, it would be possible to construct a readability measure using word difficulty values, such as using
the average difficulty of words used in the text.
We therefore considered an approach to objectively evaluate and obtain the difficulty of words for ESL learners from
a test for them. For this purpose, we use questions from the
vocabulary size test, a widely used vocabulary test in applied
linguistics (Beglar & Nation, 2007), as illustrated in Figure 1.
Each question is multiple-choice, in which the test taker selects the option that most closely matches the meaning of the
word in the sentence. The test has 100 questions, such as the
one in Figure 1, ordered from easiest to hardest, and usually
takes 30 to 40 minutes to complete.
To ensure the reproducibility, a publicly available dataset
was preferred. Hence, in this study, we used the dataset by
(Ehara, 2018). To develop this dataset, 100 ESL learners were
tested using the vocabulary size test, and their responses were
collected. This dataset was used to construct the assessor.
How can the results of a vocabulary test be analyzed to obtain word difficulty values that represent the language knowledge of the learners? For this purpose, we employed the
item response theory, which is a statistical model that allows
us to estimate the ability of a learner and the difficulty of a
test question based on the learner’s responses to questions, as
summarized in (Baker, 2004).
We denote V to indicate a set of vocabulary words and
L to indicate a set of learners. We write zv,l as a variable
denoting whether the learner answered the question correctly.
If learner l answered correctly to word v, zl,v = 1; otherwise,
zl,v = 0. If the answer is correct, l is assumed to know word
v.
We then trained the following model using {zv,l } as the
training data:
p(z = 1|v, l) = sigmoid(al − dv ),

(1)

where al is the ability parameter of learner l, and dv is the
difficulty of word w. In addition, sigmoid denotes the sigmoid
1
.
function, which is defined as sigmoid(x) = 1+exp(−x)
The sigmoid function is a simplification of the softmax
function, which is commonly used in neural classifiers. This
is a monotonically increasing function within the range (0, 1).
When the ability al of the learner is greater than the word
difficulty dv , the following property holds for the probability p(z = 1|v, l): learner l knows the word v if and only if
p(z = 1|v, l) > 12 . In this manner, Equation 1 compares the
ability of the learner and the word difficulty in the same dimension.
To estimate the learner ability and word difficulty parameters, zv,l is given as z in Equation 1 during training. Thus, the
item response theory estimates these parameters from the test
result data such that the learner ability and word difficulty can
be compared.
In Equation 1, dv represents the word difficulty estimated
from the vocabulary test. In addition to the difficulty of words
in the vocabulary test, we wanted to obtain the difficulty of all
words that may appear in the target language. To do so, we
computed dv from the word frequencies in a large balanced
corpus as follows:
K

dv = − ∑ wk log(freqk (v) + 1),

(2)

k=1

where K is the number of corpora used. Here, freqk (v) is the
frequency of word v in the k-th corpus, and wk is the weight
parameter of the k-th corpus. In summary, given the lexical
test result {zv,l } and corpus frequency feature freqk (v), we can
estimate the weight wk of the k-th corpus, as well as the parameter al of learner l’s ability. To implement this model, we
followed (Ehara, 2018) and used a logistic regression. Note
that this model is unsupervised because it does not use valuable readability labels yi during the training phase.
The process described thus far describes how the parameter
estimation is conducted. After the parameter estimation, it is
necessary to convert this to the text readability of Ti using the
obtained word difficulty parameter dv . Here, Equation 1 calculates the probability that learner j understands word i. By
contrast, the learner is unspecified in the readability formula.
We bridge this gap by computing the probability values for
a learner with average ability; that is, j is set to the learner
whose al is closest to the mean of all {al }s. We call this
learner, lavg . Finally, we simply used the sum of all words in
the given text Ti as the readability score si .
!
si = score(Ti ) = − log

∏ p(z = 1|v, lavg )

(3)

v∈Ti

Experimental Settings
Readability Dataset and Experiments
The basis of this study was the construction of highly accurate
readability assessors. Therefore, we conducted an experiment
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to confirm whether the created assessors were highly accurate
based on (Ehara, 2021).
The OneStopEnglish dataset (Vajjala & Lučić, 2018) was
used as the source of readability for ESL learners. This
dataset is publicly available, and thus the results of the following studies can be reproduced. Because it was designed to
address the issues from previous studies, according to (Vajjala
& Rama, 2018), another rationale for choosing this dataset is
its reliability. For example, if texts with an easy label are
shorter than texts with a difficult label, the labels can be predicted without using the content of the texts and merely using
the length.
The Guardian newspaper was the source of the original articles. In this dataset, texts were annotated with three labels
by professional English teachers teaching ESL learners, i.e.,
elementary, intermediate, and advanced. The dataset was designed as a parallel corpus such that the readability labels cannot be inferred from the topics discussed, rather than the difficulty of the text. Being a parallel corpus means that language
teachers manually rewrote the original articles into the three
aforementioned readability levels, rather than simply annotating the labels.
All three levels had 189 texts, with 567 texts in total. We
split these texts into a training set consisting of 339 texts, a
validation set consisting of 114 texts, and a test set consisting
of 114 texts. The training and validation sets were used to
train the supervised methods for comparison. Unsupervised
methods do not use the training and validation sets and use
only the test set.

Compared Methods
Because BERT-based sequence classification has been reported to achieve excellent results (Devlin et al., 2019), we
applied the standard BERT-based sequence classification approach involving pretraining and fine-tuning. For the pretrained model, we used several models taken from the HuggingFace models 1 . Each HuggingFace pre-trained model
is named bert-large-cased-whole-word-masking. These
names include basic information regarding the model size
(base/large), whether the model is case-sensitive or not
(cased/uncased), and whether a strategy called “whole-wordmasking” was applied during training. We named our
supervised models based on the pre-training models they
utilized. The model using bert-large-cased-whole-wordmasking was named BERTlcw.
The same fine-tuning was conducted for all models using
339 training texts. For fine tuning, we used the Adam optimizer (Kingma & Ba, 2015) with a setting of 10 epochs and
a 0.00001 training rate.
To implement conventional readability formulae, we used
the readability PyPI package 2 . We used almost all readability formulae implemented in this package for our experiments, namely, Flesch-Kincaid (Flesch-Kincaid Grade
1 https://huggingface.co/models
2 https://pypi.org/project/readability/

Table 1: Predictive Performance of Readability. Only
BERTlcw is supervised, and the others are unsupervised.
Method
Flesch-Kincaid
ARI
Coleman-Liau
FleschReadingEase
GunningFogIndex
LIX
SMOGIndex
RIX
DaleChallIndex
TCN RSRS-simple
Vocabulary-based
BERTlcw

Spearman’s ρ
0.324
0.317
0.373
-0.387
0.331
0.348
0.456
0.437
0.495
0.730
0.866

Pearson’s ρ
0.359
0.351
0.372
-0.426
0.362
0.383
0.479
0.462
0.506
0.615(*)
0.715
0.864

(Martinc et al., 2021) were unavailable, we used (*) to show
that a direct comparison is difficult to achieve. In addition,
while the authors provided the value of the Pearson’s correlation coefficients for TCN RSRS-simple, they did not present
the rank correlation coefficient values that we used; therefore, we denote this by “-” for the other fields of TCN RSRSsimple. Interestingly, although BERTlcw and Vocabularybased use quite different approaches, both achieve a high accuracy.

Experiments with CS Texts
Datasets for Academic Texts

Level, FKGL) (Kincaid, Fishburne Jr, Rogers, & Chissom,
1975), ARI (Automated Readability Index) (Senter & Smith,
1967), the Coleman-Liau Index (Coleman & Liau, 1975),
Flesch Reading Ease (Flesch, 1948), Gunning Fog Index
(Gunning, 1952), LIX (Björnsson, 1968), SMOG Index
(Mc Laughlin, 1969), the RIX index (Anderson, 1983), and
Dale-Chall Index (Dale & Chall, 1948). Further details of
these formulae and their implementations are described on
the project page. All of these readability formulae are unsupervised in the sense that they do not require any training
data.
To build Vocabulary-based, we trained the model using
(Ehara, 2018), which is a publicly available dataset. The
training of Vocaublary-based requires corpus word frequencies to roughly capture the difficulty of the words. To this end,
we used a combination of the two corpora. The first is the
British National Corpus (BNC Consortium, 2007), which is a
balanced corpus of British English. The second is the Corpus
of Contemporary American English (COCA) (Davies, 2008),
a balanced corpus of American English. The use of this combination was also hinted at by the findings from applied linguistics, which used a combination of these corpora to make
wordlists suitable for beginner ESL learners and other educational resources important for English learning (Nation,
2006). Although the stemming of British and American English may differ, we employed stemming similar to the word
family stemming used in applied linguistics. This simply ignores the word forms, e.g., “playing” is counted as “play.”

Experimental Results
The experimental results are presented in Table Table 1. Importantly, it can be seen that both our supervised learning
method and the vocabulary-based methods show higher rank
correlation coefficients than the existing approaches. Thus,
the proposed method is sufficiently accurate. In Table 1, TCN
RSRS-simple is reported to be the best (Martinc, Pollak, &
Robnik-Šikonja, 2021). Because the test set data applied in
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To analyze the CS texts, we retrieved freely available
CS texts from two fields: GitHub and ACL Anthology.
ACL Anthology hosts many natural language processing
papers, including abstracts. Unlike typical paper-hosting
websites, such as the ACM Digital Library, with ACL
Anthology, most PDFs of the main body of papers are freely
downloadable. Therefore, we chose ACL Anthology as
our source of academic papers. 1,000 randomly selected
abstracts out of the all obtained abstracts were used for
the experiment. For another source of academic texts, we
also obtained 55,410 abstracts from the PubMed website
(https://pubmed.ncbi.nlm.nih.gov/download/) and
used 1, 000 randomly selected abstracts out of the all
abstracts.

Datasets for Software Manuals
When collecting software manuals, which are the focus of
this paper, we made the following considerations. First, we
excluded the software manuals of commercial software from
our analysis. Such manuals are usually proofread by a professional proofreading company and are therefore outside the
scope of this study, which focuses on the text difficulty of
software manuals for ESL learners. Analyzing commercial
software manuals would simply reveal the proofreading standards used by the proofreading company.
Instead, we are interested in the readability of software
manuals for ESL learners for the following reasons. In the
case of open-source software, both ESL learners and native
English speakers are closely involved in software development, and there is usually no standard for the readability of
software manuals developed in the open-source community.
This is in contrast to the structure of a software manual, in
which there are many rules for the documentation structure,
even for open-source software.
For the above reasons, we selected GitHub, an open-source
software hosting site, for this study’s analysis. Although there
are many projects on GitHub, there are also many software
repositories that have not been maintained for years or have
been developed by a single developer. Obviously, such software repositories are outside the scope of this study on the
readability of software manuals for ESL learners. Therefore,
we excluded such software repositories from the analysis.

Selection of Repositories
We need to find software repositories that are used by many
software developers, including ESL learners. To this end, we
analyzed the repositories on GitHub, one of the most popular
code-hosting websites 3 .
GitHub has a feature to find active projects: “GitHub
Trending Repositories.” This feature ranks the software that
is active under the specified conditions. We can indicate the
spoken language used in the projects, the (programming) language used in the projects, and the timespan of trending.
The trending timespan can be months, weeks, or days.
“weeks” and “days” may be influenced by the week’s or the
day’s programming contests or other competitions that happen to be held during a certain week. To eliminate such noise,
we chose “months” and analyzed the monthly ranking. As the
ranking of repositories changed significantly each month, we
analyzed the top 10 README.md files by looking at monthly
trends from November 2021 to January 2022.
The programming language is set to “Any” because there
is no need to limit it this time.
If the spoken language is set to English, the target group of
English learners may not be included in the survey. However,
projects whose main language is not English are not relevant
to ESL learners, so we want to exclude them. Therefore,
we did the following. We set the spoken language to “Any,”
the (programming) language to “any,” and the date range to
“monthly” and displayed the Trending Repositories. A list
of 25 repositories and README.md files are then shown.
Here, we excluded repositories that did not use English in
their README.md from our target analysis group. The top
10 repositories were then included in the survey.
While several of the top projects were maintained entirely
in Chinese, we omitted these projects from our analysis since
our focus is ESL learners.

Extracting README.md
Almost all manuals in GitHub’s software repository are
README.md files written in Markdown format. We analyzed the README.md of each of the repositories targeted
using the above procedure; the README.md files may contain programming code. If the programming code portions
are also part of the text, the readability will be inaccurate.
Therefore, the commonmark library was used to analyze the
Markdown format, and only the portions where text was used
were included in the analysis.
After extracting the texts from both data sources, we applied two automatic readability assessors to each source.
Texts were inputted into the assessors without sentence splitting because the assessors were not designed to accept inputs
that were split sentence wise.

Results
Despite these differences, our experimental results demonstrated that the assessments of the two assessor types were
3 https://github.com/trending?since=monthly
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Table 2: Readability Assessment Results of CS Texts for ESL
learners
Elem.
Int.
Adv.
GitHub Texts (Raw)
0.056 0.778 0.167
GitHub Texts (Code removed) 0.083 0.861 0.056
ACL Anthology
0.030 0.413 0.557
PubMed
0.005 0.189 0.806

generally similar. First, for both databases, as the assessment
of the former assessor, the majority of abstracts were readable to intermediate English learners. The definition of the
term “intermediate” follows that in (Vajjala & Lučić, 2018).
The results are presented in Table 2. We trained the
BERTlcw classifier as described in Section using the OneStopEnglish dataset and applied the classifier to assess the
readability of each corpus. In Table 2, each element shows
the ratio of each readability level. The sum of each row is 1.
From the table, we first see that GitHub Texts (Raw) and
GitHub Texts (Code removed) have lower percentages of
“Adv.,” which is difficult to read for most English learners,
is lower than that of the ACL Anthology. This indicates that
GitHub is clearly more readable for ESL learners compared
with ACL Anthology. Furthermore, the appropriate exclusion
of program code from GitHub (Raw) texts decreases the ratio
of advanced texts, indicating an increase in readability. Since
GitHub Texts (Code removed) are mostly at the intermediate
level, an intermediate English learner is likely to understand
most of the GitHub texts.
In Table 2, the difference between ACL Anthology and
GitHub Texts (Code Removed) and that between ACL Anthology and GitHub Texts (Raw) was statistically significant
(Mann-Whitney U test, p < 0.01). This result clearly indicates that ACL Anthology was more difficult than GitHub
Texts (Raw), and GitHub Texts (Code removed). In contrast,
no statistical significance was found between GitHub Texts
(Code removed) and GitHub Texts (Raw). This implies that
the effect of removing code can be limited.
We also analyzed the text using the Vocabulary-based assessor. This assessor also assessed that GitHub is easier than
ACL Anthology: The average readability score for GitHub
(Code removed) was 0.117, and that for ACL Anthology was
0.140. A higher score indicates that the text is more difficult to read. The results of both assessors showed that the
GitHub texts were easier to read than the ACL Anthology abstracts at a statistically significant level (Mann-Whitney tests,
p < 0.01). This is presumably because academic writing in
CS papers is particularly difficult for ESL learners, whereas
such academic terminology is rarely used in software manuals. The qualitative results of the Vocabulary-based assessor confirmed this tendency. For example, the words that
were were assessed as particularly difficult for ESL learners in the GitHub texts include blockchain and automerge,
whereas those in the in ACL Anthology were lexicosemantic

Sato, & Nakagawa, 2014; Ehara, Baba, Utiyama, & Sumita,
2016; Lee & Yeung, 2018; Yeung & Lee, 2018).

and colingual.

Discussions
There are, of course, various limitations to the methodologies
in this paper. First, the subdomain of computer science is
not discussed in this paper, and tackling this will be a part
of our future work. It is quite likely that some subdomains
of CS are more difficult than others. Instead of discussing
the subdomain of CS, we showed the results for the abstracts
taken from PubMed in Table 2. The results confirm that there
are more difficult words in PubMed than in ACL as in Table 2.
The code removal from the GitHub (Raw) texts is not perfect. We can remove apparent code blocks marked by the
Markdown language, however, in GitHub texts, proper nouns
such as software, function, and variable names may appear
within English sentences. In such cases, proper nouns should
not be removed because they are part of natural language
sentences. This might cause the relatively small difference
in readability between GitHub (Code removed) and GitHub
(Raw) in Table 2.
Also, while we chose GitHub in this paper as an open
source community where many ESL learners may be involved, obviously, GitHub is not the only open source community. The percentage of ESL learners within GitHub does
not seem to have been investigated. It may be possible to estimate the extent to which ESL learners are involved in the
open source community by identifying the languages used in
open source projects using techniques such as language identification.
The time factor was not included in this study, and we assumed that the time a text was written did not affect its readability. One reason for this is that one of the goals of this
study is to help ESL learners become active in the computer
science community. As computer science technology rapidly
evolves, ESL learners are unlikely to read older software texts
to learn computer science.
Another reason is that the OneStopEnglish dataset (Vajjala
& Lučić, 2018), which we used as the reliable readability
source, was created using recent English news articles because the paper was published in 2018. It is questionable
whether the readability of older English works can be accurately measured due to changes in the English language.
Since the majority of texts in the ACL Anthology are from
the 1970s onward, the impact of the changes in the English
language on calculating readability may be limited.
We may need a manual evaluation of readability, especially for the distinction between intermediate and advanced
texts. While the overall order of text readability is stable,
whether texts are classified into intermediate or advanced
sometimes depends on the initialization of deep-learning classifiers. (Ehara, 2021) also noted that the classification of intermediate and advanced is difficult. This can cause a discrepancy in actual ratios of elementary, intermediate, and
advanced. Vocabulary-based text readability papers include
(Ehara, Sato, Oiwa, & Nakagawa, 2012; Ehara, Miyao, Oiwa,
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Conclusions
We showed that many CS paper abstracts are unreadable by
intermediate ESL learners, whereas CS software manuals are
mostly readable to ESL learners. This implies that such learners need assistance in reading CS papers, whereas they need
little assistance in reading software manuals. In this study,
we identified the major tendencies in CS texts. Future work
should confirm whether our findings hold true for a wider
range of CS texts.
Future work should include a wider range of CS texts in the
analysis. Further experimental results and follow-up studies
of this work will be introduced in http://yoehara.com/ or
in http://readability.jp/.
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Abstract
Opponent Colors Theory advances that four colors have special
status and are yoked in opponent fashion (yellow-versus-blue, and
red-versus-green). Classic hue cancelation studies provide
evidence for this theory: people readily pick out colors that are
neither red nor green, usually yellow. Here we conducted a version
of a hue-cancelation experiment with the Tsimane’ people, a nonindustrialized culture in the Amazon. Tsimane’ speakers readily
identified reddish and greenish color chips, but they showed
idiosyncratic choices when asked to identify a color that is neither
reddish nor greenish, unlike English speakers who consistently
select focal yellow. The Tsimane’ participants who also spoke
Spanish and had a consistent label for English “yellow”
(“amarillo”), performed similarly to the Tsimane’ monolinguals,
suggesting that simply having a label for “yellow” is not sufficient
to explain the consistency of English speakers. The results add to a
growing body of evidence that does not support Opponent Colors
Theory.
Keywords: color perception; cross-cultural differences;
Opponent Colors Theory

Introduction
How does the brain compute color appearance? The first
stage of color depends on the activation of three classes of
cone cells (termed L, M, and S, for the location of the peaks
in their spectral sensitivity functions to long, middle, and
short wavelengths of the visible spectrum) (Conway, 2009).
But how the photoreceptor signals are combined to give rise
to color appearance remains unknown. The most prominent
theory, which was formalized by Ewald Hering in 1905
(Hering, 1964) but can be traced in Western culture to ideas
held by DaVinci (DaVinci, 1877), maintains that color
appearance depends on four elementary colors (red, green,
blue, yellow). Hering argued that these colors are yoked as
two opponent mechanisms (red-versus-green; blue-versusyellow) that are hard-wired in the physiology of the visual
system (Lindsey et al, 2020). Hering had advanced opponentcolors theory to account for a troubling failure of
trichromacy: if color were constructed from the activation of
combinations of retinal primaries, we should be able to
perceive continuous mixtures of the primaries, which we
cannot (e.g., we do not see reddish greens). The set of four
elementary colors have been called the “Unique Hues”
because, according to Hering, they are the complete,
elementary set of irreducible colors. Dogma is that these hues
are sufficient to describe all colors (so “orange” is reddish-

1705

yellow); and they themselves cannot be described by any
more elemental terms. The theory remains a pillar of
contemporary accounts of color appearance in psychology
textbooks (Goldstein, 2017) and underpins the influential
ideas regarding the evolution of color terms by Berlin and
Kay (1991).
Despite its intuitive appeal, Opponent Colors Theory has
failed to gain convincing empirical support (Mollon and
Jordan, 1997; Valberg, 2001; Broackes, 2011). The primary
evidence mustered by supporters of the theory is the
influential hue-cancellation experiments of Hurvich and
Jameson, which were conducted in English speakers
(Hurvich and Jameson, 1957). One set of tests in these
experiments involved asking participants to add red or green
light of enough intensity to render a spectral test light neither
reddish nor greenish. For example, an observer might be
shown a monochromatic light that appears orange. They
would then add enough green light to it, to cancel the reddish
quality. The resulting light that appears neither reddish nor
greenish appears uniquely yellow. Moreover, the amount of
green required to yield unique yellow is remarkably similar
among people, and the task is easy and intuitive (Dimmick
and Hubbard, 1939; Jameson and Hurvich, 1955; Werner and
Wooten, 1979). These two observations—the ease of the task
and the fact that people end up with the same color that
appears neither reddish nor greenish—have been considered
evidence that the Unique hues correspond to hard-wired
color-encoding mechanisms that are not dependent on
cultural factors.
Setting aside the hue-cancelation experiments, the special
status of the Unique Hues has been called into question by
other behavioral data, beginning with the observation of
substantial individual differences in unique hue settings,
especially for blue and green (Webster et al., 2000). In
addition, Unique Hues are not selected with lower variability
than intermediate hues (Bosten and Lawrance-Owen, 2014;
Wool et al., 2015), color categories assessed in infants do not
align with the Unique Hues and include a non-unique
category (purple) (Skelton et al., 2017; Mylonas and Griffin,
2020), and perceptual discrimination thresholds of colors
defined by cone-opponent mechanisms do not consistently
align with unique hue categories (Hansen and Gegenfurtner,
2006; Witzel and Gegenfurtner, 2018).
Furthermore, despite intensive search, there is no decisive
neuroscientific evidence that color is encoded by the retina
and the brain with mechanisms matching the Unique Hues

In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
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(Bohon et al., 2016; Bosten and Boehm, 2014; Mylonas and
Griffin, 2020; Webster et al., 2000; Witzel and Gegenfurtner,
2018; Wool et al., 2015). The best neural evidence for the
privileged status of the Unique Hues is from event related
potentials: the P2 peak is slightly earlier for Unique Hues
(Forder et al., 2017). As Forder et al recognize, conventions
about color naming could be sufficient to account for this
result.
The lack of clear neurophysiological data for the primacy
of the Unique Hues, together with the behavioral studies
described above have not substantially undermined the status
of the Unique Hues as the foundation for psychological
theories of color appearance, in part because the original huecancelation experiments seem so compelling. Yet as Mollon
and Jordan point out, the hue cancelation experiments are
“only an extension of the basic determination of the unique
hues.” In other words, hue cancelation simply provides a
method for determining which colors are Unique. The special
status of the Unique Hues rests entirely on the assertion that,
as Mollon and Jordan put it, “there exist four colors, the
Urfarben of Hering, that appear phenomenologically
unmixed.” But an alternative reason that these colors might
be considered special could be that the query is made of
people from industrialized countries where we are taught
from an early age that red, yellow, green, and blue are
primary colors. Perhaps there is something about the
behavioral demands placed on the color system that makes
these colors especially useful.
Here we set out to test the claim that the Unique Hues are
universal. A critical test would be provided by data collected
in cultures where people are not taught from an early age to
identify red, green, blue, and yellow as elementary colors
(Lindsey et al., 2020). We take up such a test in the Tsimane’
people of the Bolivian Amazon. Tsimane’ culture differs
from Western culture in many ways, for example, the
Tsimane’ have relatively richer ethnobotanical knowledge
(Reyes-Garcia et al., 2003) and are not indoctrinated with
primary colors as is typical of Western education (Conway et
al., 2020; Gibson et al., 2017). The Tsimane’, like other nonindustrialized cultures (Abbott et al., 2016; Lindsey et al.,
2015; MacDonald et al., 2018; Zaslavsky et al., 2018), can
see all colors and, distributed across the population, they have
rich color knowledge (Conway et al., 2020; Gibson et al.,
2017). But like many other non-industrialized cultures, the
Tsimane’ have fewer words for colors than industrialized
cultures. Whereas they have a color word that corresponds
closely to English “red” (“jaines”), the English colors “green”
and “blue” are represented together in one Tsimane’ color
term (“shandyes” in some speakers, “yushnyes” in others,
sometimes called a “grue” term).
Useful for present purposes, the Tsimane’ have no
consistent term for English “yellow”, although some speakers
use the word “chames” in a broad color category around
English “yellow”. Superficially, one might think that not
having words for the four unique hues would be evidence
against the Unique Hues theory. But Opponent Colors
Theory should not depend on language, since it ostensibly
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pertains to how color is encoded by the visual system. The
words we have for colors probably reflect the things we want
to label, not how we see (e.g., Lindsey et al., 2015; Gibson et
al., 2017; Zaslavsky et al., 2018; Conway et al., 2020);
fundamental color-encoding mechanisms are likely the same
in all people with normal color-vision genetics (Heider and
Oliver, 1972) and in trichromatic non-human primates
(Stoughton et al, 2012; Gagin et al, 2014). Consequently, the
lack of a consistent “yellow” or “blue” in many cultures is
not evidence against the Unique Hues color vision theory.
These cultures thus provide a potential opportunity to test
Opponent Colors Theory: if the theory is correct, people
should show evidence of the privileged status of all Unique
Hues, including those for which they lack a consensus color
term. To obtain this evidence, we deployed a version of the
hue cancelation experiment.
Our experiment focused on yellow, since selections for
spectral unique yellow span a narrow range providing the
strongest support for the Unique Hues theory (Dimmick and
Hubbard, 1939) and because the Tsimane’ lack a consensus
term for this purportedly Unique Hue. First, we had
participants identify the best exemplars of the Tsimane’ term
for red, and the Tsimane’ term for green, and determined that
their answers are broadly similar to those provided by English
speakers. Next, we presented each participant with the
portion of the standard Munsell array of color chips that span
the reds, oranges, yellows, and greens, and asked them to
identify the color chip that was neither reddish nor greenish:
least red and least green. We refer to this task as the “neithernor” task (corresponding to neither red nor green). This task
is similar to the classic hue-cancelation paradigm (Mollon
and Jordan, 1997), but is more amenable for use with remote
populations, who are not familiar with monitors. If Hering’s
opponent colors theory reflects the universal privileged status
of the Unique Hues, the participants should readily and
reliably select the focal unique hue situated between red and
green (yellow or brown), and the selections across the
population should be as consistent as they are for other
populations, in our case, English speakers. Contrary to this
prediction, the participants showed tremendous variability in
the chips they selected. These results represent a failure of
Hering’s opponent colors theory and support the alternative
hypothesis: that the privileged status of the Unique Hues
reflects something about the use of color in Western culture,
not the brain mechanisms for encoding color.

Material and Methods
Participants
For the hue-cancellation task, 27 Tsimane’ monolingual
speakers and 31 additional native Tsimane’ speakers who
also spoke Spanish as a second language performed the
experiment. A language questionnaire administered to 22 of
the Tsimane’-Spanish speakers indicated that they were
dominant in Tsimane’ relative to Spanish, having acquired
Spanish late in life (mean=12.4 years, SD=3.32) and using
Spanish only occasionally (mean use of Tsimane’ =74.2%;

mean use of Spanish=25.8% of total time). As a control
group, 21 native English speakers also performed the
experiment. For the color-selection task, data from an
additional 43 Tsimane’ monolingual participants were
obtained; while for the focal task, data from an additional 40
Tsimane’ monolingual speakers were obtained. The sample
consisted of the maximum number of the key population of
participants (Tsimane’) that we could test within the time
constraints of the field work, and was equal to or greater than
sample sizes in comparable studies. The sample population
(Tsimane’) was selected because of their properties as a
culture with limited exposure to Western culture and
industrialization, as needed to use hue cancelation to test
Hering’s opponent colors theory without the confound of
industrialization and Western education. All participants
were screened for color-blindness (Neitz and Neitz, 2001)
prior to the study, received compensation for their time, gave
an informed consent as required by the MIT’s Committee on
the Use of Humans as Experimental Subjects (COUHES) and
were paid for their participation.

Tasks
Color selection task. Participants first performed a task in
which they were presented with a test grid of 84 colored
chips. This test grid was created by subsampling the standard
Munsell array of 320 colors (Kay et al., 2011). The
subsampled Munsell array consisted of 80 colored chips
evenly sampling the complete Munsell array. Each chip was
about ~0.5” square, and the set of chips were arranged in an
8 x 20 grid (Figure S1). We also showed participants 4
achromatic chips (white, black, dark grey, light grey).
Participants were then asked to identify basic color terms in
the grid in their native language. Tsimane’ monolingual and
bilingual speakers were asked to identify 8 terms: tsincus
(glossed as black), jaibes (white), jaines (red), yushnyes
(blue), shandyes (green), itsijesi (purple), chocolateyesi
(brown), chames (yellow). English speakers were asked to
identify 11 color terms (black, white, red, green, blue, yellow,
grey, orange, pink, brown, purple). Participants were allowed
to pick as many chips as they wanted for each of the color
terms and were asked to inform the researcher when they had
come to a stop.
Focal color task. Next, participants performed a task in
which they were asked to identify for each color term the
single color chip that served as the best example for the term.
Hue cancellation task: the “neither-nor” task. Last,
participants completed a task in which they were asked to
identify colors in a portion of the test grid that encompassed
30 chips (6 rows by 10 columns of the grid, in which half of
the squares are blank; see Figure S1) spanning the reds,
oranges, yellows, and greens. We refer to this task as a huecancellation task, drawing an explicit reference to the classic
cancelation experiments of Jameson and Hurvich (1955) and
Werner and Wooten (1979). As Mollon and Jordan (1997)
state in reference to the hue-cancelation experiments “in
these experiments the strength of, say, the green chromatic
response was established by finding at each wavelength the
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amount of a fixed, reddish, wavelength that needed to be
added to yield a light that looked neither reddish nor
greenish…it is completely equivalent to ask the subject to
identify directly the sets of non-spectral chromaticities that
are neither reddish nor greenish” (Mollon and Jordan, 1997).
The portion of the test grid was revealed through an aperture
in an opaque cardboard mask put on top of the 8 by 20 grid.
Participants were asked to pick the chip that was the least red
and least green. The Tsimane’ instructions were derived from
English instructions that elicit behavior which recover the
classic observation of the colors least red or least green in the
set (see Figure 1). These instructions were in Tsimane’ as
follows:
Yacchutidye': Quin' ra' tupuj cave' mi yiris shevtacsi' paper
därsi’. Chime' ra' tupuj cave' mi paper shevacsi' miqui'ves
shandyes judyeya' jäijnäs. ¿Tupuj buty choco'je' mi chirijriya'
yiris shevtacsi' paper miqui'ves shandyes? ¿Judyeya' quin' na,
me' buty tupuj choco'je' mi yiris shevtacsi' paper miqui'ves
jäijnäs? Yoshopay
Codacdyes jemonacsi’: ¿Judyeya' quin' na, me' buty tupuj
choco'je' mi yiris shevtacsi' paper miqui'ves mo' jam anic
shandyes judyeya' mi jam anic jäijnäs?_Jam juijya' ji'jäcva'
yocsi'can peyacdye': ¿yiris shevtacsi' paper miqui'ves mi jam
shandyes judyeya' mi jam jäijnäs?. Yejcoisi’ codacdyes
peyacdye’: ¿Oij na shivacsi’ paper miqui’ves shandyes buty?
¿Oij na shevacsi’ paper miqui’ves jäijnäs buty?
The instructions for the task in English are reproduced
below:
Set up: “You are now seeing a reduced version of the grid.
As you may notice, it contains some chips you have
previously identified as green, and some chips you previously
identified as red. Could you point towards a green chip?
[Researcher verified that a green chip is picked] And now,
could you point towards a red chip? [Researcher verified that
a red chip is picked]. Thank you.”
Critical question: “And now, could you pick the chip that
is the least green and the least red? Or, in other words, that is
neither green nor red?” [Researcher notes down the chip]
Follow-up questions regarding the color chip that the
participant picked: “Is this chip red? Is this chip green?” If
the participant gave a positive response to either question,
they were asked again the critical question as well as the
follow-up questions.
For the initial 10 Tsimane’ speakers, the follow up
questions were not asked; of those, one subject was
eliminated given that they chose the same chip for both the
best example of green in the focal task as well as for the hue
cancellation task, making it likely that they did not
understand the task.
All three tasks were performed indoors and under
controlled lighting conditions with the use of a light box (nine
phosphor broadband D50 color-viewing system, model PDVe, GTI Graphic Technology, Inc.).Data were analyzed with R
package ‘munsellinterpol v.2.6-1’ (Gama et al., 2018).
Statistical analyses on the hue values obtained from the
munsellinterpol package were performed using bootstrapping
with R package ‘boot’ (Canty and Ripley, 2021). The

Figure 1: Proportion of responses to the hue cancellation task. Percentages have been rounded up to the nearest integer. The
thickness of the border around the chip is proportional to the amount of subject who selected it in the hue cancellation task.
distribution of the chips within the grid were performed using
Chi-Square tests.

Results
When asked to identify the colored chip that is neither
reddish nor greenish from an array that encompasses reds,
oranges, yellows, browns, and greens, English speakers will
consistently select from a limited number of chips that most
speakers would describe as yellow (Figure 1, right panel).
The array we used, developed initially by Albert Munsell, is
the standard that has been used in most studies of color
naming. This pattern of results in our neither-nor experiment
is consistent with those from classic hue-cancelation
experiments. Faced with the identical task, Tsimane’
speakers identify chips that span a much greater range of the
color array (Figure 1, left panel; Figure S2 shows the results
for Tsimane’ participants broken down between monolingual
and bilingual groups). The pattern of results in the English
and Tsimane’ speakers is different (Pearson's Chi-squared
test, X-squared = 46.29, df = 22, p = 0.002). Moreover,
choices made by English speakers were more consistent
across the population than choices made by Tsimane’
speakers (Figure S3, p<0.0001 after 100,000 bootstraps of
variance).
The interpretation of our experiments as relevant to the
Hering opponent color theory requires that the participants
understand the concepts of red and green used in the task. To
assess comprehension of these concepts we analyzed data
from the color selection and focal color tasks, using data from
all participants in each language group for which we obtained
data in these tasks (Figure 2; see Figure S4 for the same graph
with Tsimane’ participants broken down between
monolingual and bilingual groups). We performed three
different checks to ensure that both populations had a clear
conception of “red” and “green”, as follows.
First, we asked whether in the color selection task both
Tsimane’ and English speakers attribute different hues to
green (Tsimane’ shandyes) and red (Tsimane’ jaines).
Consequently, (Freeman and Dale, 2013; Maechler, 2013) we
tested whether the mean of the hue values of chips chosen for
green and red by each group fell between the range for green
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and red established by the ISCC-NBS System (Gama et al.,
2018). According to this notation system, the hue for green
ranges from 35 (green-yellow) to 55 (blue-green), and the hue
for red in this section of the grid ranges between 0 (red) and
15 (yellow-red) (note that purples were not included; see
Figure S1). In the Tsimane’ group, the mean hue value was
40.7 (SD=8.2) for chips chosen as green and 9.28 (SD=5.07)
for chips chosen as red, both of which fell in the established
ranges for the respective colors. In the English group, the
mean hue value was 40.5 (SD=6.63) for chips chosen as
green and 7.82 (SD=2.50) for chips chosen as red during the
color selection task, both of which also fall within the ranges
established above. These results support the idea that both
populations’ conception of “red” and “green” fall within
parameters established by the ISCC-NBS System.
Second, we compared the choices for green (Tsimane’
“shandyes”) and red (Tsimane’ “jaines”) in the color
selection and comprehension tasks between Tsimane’ and
English speakers. The range of chips selected as
green/shandyes by Tsimane’ and English speakers were
comparable (X-squared = 20.825, df = 27, p-value = 0.7944);
and the chip selected most often as the best exemplar for
green/shandyes was the same in the two groups (E8 was
chosen as the best shandyes 42% of the time by Tsimane’
speakers and 90% of the time by English speakers for green).
But the ranges of chips selected as red/jaines by the two
language groups differed (X-squared = 79.5, df = 16, p <
.001). Despite this difference, the chip chosen most
frequently for red/jaines was identical in in the two groups:
F1 was chosen as the best jaines 96% of the time by Tsimane’
and 71% of the time by English speakers for red. The
distribution of the chips chosen to be the best example of a
color word were different for red/jaines (X-squared = 9.992,
df = 3, p-value = 0.02) and marginally different for
green/shandyes (X-squared = 19.3, df = 11, p-value = 0.06).
And for both pairs of color terms, the range of chips identified
as the focal chip was larger for Tsimane’ than for English (for
red/jaines, p=0.02; for green/shandyes, p<0.001; tested by
bootstrapping 100,000 samples with replacement).
Taken together, these results support the idea that the two
populations have similar conceptions of “red” and “green,”,

Figure 2: Color selection data across English and Tsimane’ speakers. Any chip that is colored in the graph is a chip that
was chosen during the color selection task, contours enclose 5%, 25%, 50% and 100% of the data. Text is the percentage
of times the chip was chosen to be the best example of red and green (percentages were rounded to closest integer and only
those equal or above 5 are represented in the grid). The most chosen (modal) chip is indicated by the diamond shape.
with a wider range of what counts as “jaines” (red) and
“shandyes” (green) in Tsimane’.
Given the greater range in chips accepted as focal jaines
(red) and focal shandyes (green) among the Tsimane’
speakers compared to the English speakers, we performed a
more conservative analysis of the results of the neither-nor
task. Specifically, we asked whether participants selected a
chip that they had previously not labeled as either
green/shandyes or red/jaines in the color-selection task, as
would be predicted if the participants clearly understood the
neither-nor task instructions. For each participant for whom
we had data in both the neither-nor task and the colorselection task (n=43 Tsimane’, n=21 English), we asked
whether the chips they identified as green/shandyes and
red/jaines in the color-selection task corresponded to the chip
they selected in the neither-nor task. Most participants across
both language groups chose a color that they had not
previously labeled as green/shandyes or red/jaines (see Table
1 and Figure S5). Note that no participant (for which we had
focal data) chose a chip that they had labeled as the best
representation of ‘green’ or ‘red (Figure S5).

remained significantly different between Tsimane’ and
English speakers (X-squared = 29.612, df = 15, p-value =
0.0134). These results show that Tsimane’ participants, in
contrast to English participants, don’t generally select unique
yellow in the neither-nor task, which violates the universality
of the unique hues.
Finally, our data set allows us to assess whether having a
clear label for English yellow might be partially responsible
for choosing focal yellow as least red and green. In particular,
Tsimane’ monolinguals do not have a clear label for English
yellow, but Tsimane’ bilingual speakers do, because they
speak Spanish (“amarillo” = English yellow; see Figure S6).
But these populations behave the same on the neither-nor task
(X-squared = 20.37, df = 21, p-value = 0.49; see Figure S2).
This suggests that color use, not lexical knowledge, may be
driving the effects in industrialized cultures, such that people
may need to have early education in the primary colors to
behave as English speakers do.
Supplementary information with further analyses and the
original data can be accessed here https://osf.io/fu6eh/

Table 1: Distribution of the chip picked in the hue
cancellation task as either ‘green’, ‘red’, or ‘other’ based on
each individual’s answers in the color selection task.

This study provides a test of Hering’s theory of Unique
Hues, which is a central pillar of many contemporary theories
of color appearance. The test involved a behavioral
experiment in which participants were asked to identify
colors that are neither reddish nor greenish, which recovers
the key result of the classic hue-cancelation experiments in
English speakers. Tsimane’ speakers readily identified
reddish and greenish color chips, but they showed
idiosyncratic color choices when asked to identify a color that
is neither reddish nor greenish, unlike English participants
who consistently identified the same yellow (or brown) chip.
These results are at odds with Hering’s theory, which predicts
that all people with normal color vision, regardless of culture
or language, should show behavior that privileges the Unique
Hues (Lindsey and Brown, 2006; Regier et al., 2005). The
results provide evidence against the notion that the Hering
Unique Hues reflect how color is encoded by the eye and
brain, as well as evidence against the idea that a clear label

Language

Green

Red

Other

Total Subjects

English

0

0

21

21

Tsimane’

6

3

31

40

Despite the support at the population-level that both
Tsimane’ and English speakers understood the neither-nor
task, nine Tsimane’ participants identified a chip as neither
jaines (red) nor shandyes (green) that they had previously
labeled as jaines or shandyes (Table 1). We therefore
compared the data from the remaining participants: the
distribution of the chips chosen in the neither-nor task
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Discussion

for the color ‘yellow’ drives the results in hue cancellation
tasks. Instead, our data promote alternative accounts of the
Unique Hues, for example, that they reflect adaptive behavior
to environmental selective pressures.
Hue cancelation experiments pioneered by Hurvich and
Jameson are the bedrock of current formulations of Hering’s
theory (Wandell, 1995). The experiments confirm that colorencoding mechanisms are opponent. But despite the initial
interpretation, the experiments do not prove Hering’s theory
because the task design begs the question: red, green, blue,
and yellow are defined as the colors into which all colors
should be decomposed. The experiments do not rule out the
possibility that the color-opponent mechanisms are
characterized by other sets of complementary colors, and
perhaps by more than two axes. Indeed, Bosten and Boehm
(Bosten and Boehm, 2014) showed that participants can rate
proportions of teal, purple, orange, and lime in test colors
with the same reliability that they can rate proportions of the
Unique Hues, using an experimental approach developed by
Boynton and Gordon (Boynton and Gordon, 1965) and
popularized by Gordon and Abramov (Abramov and Gordon,
1994).
Almost all behavioral work testing the relative importance
of the Unique Hues has been conducted with participants
from industrialized cultures. Color-naming books for infants
and toddlers, and play with coloring crayons, is ubiquitous in
industrialized cultures. These activities teach us that red,
green, blue, and yellow are fundamental building blocks of
color (“primary colors”), which raises the possibility of a
confound, that the social environment brings about the
privileged status of Unique Hues and not the other way
around (that the brain makes the Unique Hues, which
prompts us to write books about them). When identifying
colors that were neither red nor green, English speakers were
strongly biased to select yellow over brown, even though
both yellow and brown satisfy the instructions according to
Hering’s theory, and brown is encountered much more
frequently in the natural world. A bias for yellow over brown
is predicted if task performance is influenced by the way
English-speaking children are typically taught about colors,
where yellow is considered a primary color but brown is not.
These considerations underscore the importance of tests in
participants who are nonindustrialized cultures (Lindsey et
al., 2020).
In an earlier project related to the one reported here,
Lindsey et al. asked English speakers and Somali speakers to
identify color samples constrained by Hering’s opponent
colors in various ways. Of particular relevance to our study,
the participants were asked to identify yellow samples that
contain no red or green, similar to our neither-nor task.
Unlike the Tsimane’ participants, the Somali participants in
Lindsey et al.’s study behaved similarly to English speakers,
consistent with the predictions of Hering’s theory. But
Lindsey et al.’s task is critically different from our task, in

that they asked participants to choose color samples that were
“yellow” (“jaale” in Somali), in addition to being neither red
nor green. Asking participants to find “yellow” (“jaale”)
color chips begs the critical question that our neither-nor task
is designed to ask. So we can’t infer anything about Hering’s
theory from the Somali data in Lindsey et al.’s neither-nor
task.1
Historically, when presented with behavioral evidence that
Hering’s theory is wrong, appeals are sometimes made to
neurophysiological data, and the idea that the importance of
the Unique Hues is evident in how the brain encodes and
responds to color. Yet close analysis of the
neurophysiological data fails to buttress Hering’s theory. The
first post-receptoral stage of color processing, carried out by
bipolar cells and evident in the responses of midget retinal
ganglion cells, shows cone opponency, but the color tuning
of the opponent responses does not correspond to the Unique
Hues (Webster et al., 2000; Wuerger et al., 2005). There is
also no evidence that neurons in primary (striate) visual
cortex encode the Unique Hues; instead, these cells show
hallmarks of the cone-opponent mechanisms used by the
retina to extract chromatic information from the retinal image
(Conway, 2001; Horwitz, 2020; Tailby et al., 2008). Color
signals are further processed by extrastriate visual cortex,
including subcompartments of the V4 Complex (Conway et
al., 2007). The population of neurons in these
subcompartments transforms the color representation of the
post-receptoral stage of color encoding (Stoughton and
Conway, 2008), but despite the initial interpretation of the
data, the population does not reflect the Unique Hues (Bohon
et al., 2016). Instead, the cells show nonlinear color tuning,
and as a population, they show relatively uniform
representation of color space with a slight biased for warm
colors. Regions of cerebral cortex even further along the
putative visual-processing hierarchy, within inferior temporal
cortex, similarly provide no evidence of a privileged status of
Unique Hues, but instead appear to reflect the color statistics
of the parts of scenes that hold behavioral relevance as
reflected by object naming (Rosenthal et al., 2018). As far as
we are aware, the only neural evidence for the privileged
status of the Unique Hues is from event related potentials: the
P2 peak of event related potentials (ERPs) is slightly earlier
for Unique Hues (Forder et al., 2017). The effect, obtained in
English speakers, is subtle and there are plausible
explanations besides requiring that the Unique Hues are hard
wired features of how color is encoded. For example, the
results could reflect activity in frontal cortex related to how
color representations are decoded, which would reflect
cultural factors.
Taken together, the weight of behavioral and
neurophysiological evidence shows consistent violations of
Hering’s theory, which suggests that Hering’s Unique Hues
do not reflect fundamental processes of color encoding.

1
Lindsey et al also asked participants to name the Unique Hue
elements for random colors across the array. Somali and English
participants performed differently, which could reflect differences

in meanings associated with the corresponding labels: the Somali
“jaale” is likely different from English “yellow”. So this task is not
directly relevant to testing the Opponent Colors theory.
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Abstract
Developing accurate models of word meaning requires good
empirical evidence about what words mean. I investigate how
English verbs encode relationships between event
participants, focusing on how verbs encode instruments (e.g.,
does slice specify that a tool must be used for slicing?). I
compared two commonly used indices of verb meaning:
linguistic judgments and sentence completions. Although
these two indices were moderately correlated for a small
sample of verbs, they were only weakly correlated when a
larger sample of verbs was tested. These results indicate that
the particular context of a task can strongly influence how
meaning affects behavior. Dominant models of verb meaning
fail to fully account for the results (either a logical entailment
model or a cue-based model).
Keywords: semantics; verbs; thematic roles; language
production; argument structure; instruments

Introduction
Words perform interpersonal magic: they allow
communication between language users through shared
understanding of what words mean. Determining the content
of the meaning representations that are shared is a fiendishly
difficult problem in cognitive science. In some theories of
lexical semantics, words are stable bundles of entailments:
properties that are true of all sentences regardless of the
context that a word appears in (Levin & Rappaport-Hovav,
2013). In alternate theories, words do not themselves have
meaning but meaning results through an interaction between
a word and the entire context of its use (Elman, 2009).
In this paper, I investigate how word meaning is
represented by asking how verbs specify relations between
event participants (a level of meaning often referred to as
argument structure). For example, the verb eat can be
analyzed as encoding a relation between two arguments: the
individual who eats and the entity that is eaten. In linguistic
theory, one proposition entails another iff the second
proposition is true in all the contexts where the first
proposition is true. The relationship between a verb and its
arguments constitutes strong evidence that verb meaning
can be modeled in terms of entailments. For example, it is
hard to imagine how an event of eating could fail to involve
someone who eats: if eating happened is true, it follows that
someone ate is also true.
In the literature on argument structure, arguments are
often contrasted with adjuncts: constituents that modify an
event but are not arguments of the verb (see Koenig,

Mauner, & Bienvenue, 2003; Vater, 1978). For example, in
Remi ate the broccoli for his little brother, the brother is an
adjunct, because eating itself does not require that an
additional person benefit from the eating. In other words,
adjuncts are event participants that are not entailed by the
verb. In this paper, the phrase event participant refers
broadly to any component of an event: in Remi ate the
broccoli for his little brother in the kitchen, for example,
Remi, the broccoli, the brother, and the kitchen are all event
participants.
The argument/adjunct distinction has long been noted to
be problematic because for many verbs, it is unclear what
the arguments are (see Rissman, Rawlins, & Landau, 2015
for review). Consider the verb sweep, for example—do
sentences with sweep entail that an instrument (such as a
broom) is used, or is an instrument merely a typical part of a
sweeping event? The difficulty in determining which event
participants are arguments of a verb undermines the
proposal that a verb’s meaning is a stable bundle of
entailments that constrains every context of use.
One reason why this question is difficult to resolve is that
a range of linguistic diagnostics and psycholinguistic tasks
have been used to identify a verb’s meaning, and different
types of data often provide different glimpses into a verb’s
representation (Willits, Amato, & MacDonald, 2015). Put
another way, different diagnostics of argumenthood do not
always align (Vater, 1978). Here I compare two common
methods for assessing which event participants are entailed
by a verb: linguistic judgments and sentence completion
data. In the former, participants reflect on verb meaning,
whereas in the latter, participants provide a continuation
given a prompt such as Tyrell ate the banana___. I ask
whether previous analyses of how verbs represent
instruments—analyses which are based on judgment data—
are also supported by sentence completion data, a more
implicit measure of verb semantics. I then ask whether the
results from these two tasks support or cast doubt on
theories in which argument structure is modeled in terms of
entailment.

Verb Semantics and Instruments
For many verbs, including eat, determining argument
structure is seemingly straightforward—eating requires
someone who eats (an agent) and something that is eaten (a
patient). These inherent participants are expressed in the
privileged syntactic positions of Subject and Object in

1713
In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

English, supporting their status as arguments of eat
(Rappaport-Hovav & Levin, 1998). 1
For instrumental participants such as the fork in Remi ate
the broccoli with a fork, argument status is less clear.
Psycholinguistic tasks show that some verbs activate
information about instruments: for example, in a self-paced
reading task, adults were faster at interpreting a phrase as
instrumental when it was accompanied by a verb such as
stab, stir, or poke than by a verb such as eat, kill, or serve
(Koenig et al., 2003). Given such data, Koenig and
colleagues argue that instruments are arguments for the
former set of verbs. Whether these verbs in fact entail the
presence of an instrument is uncertain, however, in part
because of the possibility of body part instruments (see
Koenig, Mauner, Bienvenue, & Conklin, 2008). For
example, if I poke someone with my finger, my finger is
part of me (the agent). This could be interpreted as an event
with only an agent and a patient, but if my finger is
interpreted as serving an instrumental role, it would be an
event with an agent, a patient, and an instrument. The
argument status of instruments is also unclear because as far
as syntactic diagnostics, instrumental with-phrases pattern as
adjuncts regardless of verbal meaning (Rissman et al.,
2015).
In view of this difficulty, Rissman et al. (2015) assessed
verbal encoding of instruments through a semantic
generalization task. English-speaking adults were instructed
that verbs have “arguments,” for example that steal has
three arguments, someone who steals, something that is
stolen, and someone who is stolen from. After this training,
participants were asked to generalize this notion of
“argument” to verbs not previously encountered. In one
experiment, participants read sentences such as Martha
POKED something [with a fork] [yesterday] and had to
judge either that one of the bracketed phrases was an
“argument” of the verb or that neither bracketed phrase was
an “argument.” In a second experiment, participants were
shown a verb in isolation and were asked to list the
“arguments” of the verb. Judgments were collected for 24
verbs. This study produced three main findings: 1)
participants were more likely to judge that the instrument
was a “argument” for verbs such as stab, stir, or poke than
for verbs such as eat, kill, or serve, 2) there was a gradient
cline of judgments from the most instrumental verb (slice)
to the least instrumental verb (eat), and 3) instrumental
judgments were semantically organized, with incision verbs
(slice, cut, chop, stab) being judged as the most instrumental
I describe here a "projectionist" approach to argument
structure, where a verb's arguments project onto syntactic structure
(Rappaport-Hovav & Levin, 1998). In "non-projectionist" theories,
argument structure is determined syntactically through functional
projections (Borer, 2005). For either type of theory, it is a live
question how verbs specify relations between event participants
(i.e., through entailment or some other representational format). As
I am not using syntactic argument realization evidence to make
inferences about verb meaning, the current work does not
presuppose that projectionist theories are correct.
1

(see Koenig et al., 2008 for further discussion of incision
verbs). Barbu and Toivonen (2016) conducted a similar
judgment study and found comparable results: instruments
were judged to be more conceptually prominent for some
verbs than for others.
Given these findings, Rissman et al. (2015) propose that
for verbs such as slice, cut, chop, and stab, which encode
the physical property of incision, instrumentality is a stable,
inherent component of these verbs’ meanings. At the same
time, Rissman and colleagues argue that instrumentality is a
gradient feature of verbal semantics, a representation which
is difficult to model in terms of lexical entailments.

Approach
In the judgment studies reported by Rissman et al. (2015),
participants were implicitly asked to compute similarity
over different meanings (i.e., “from what I know about
steal, what does that tell me about slice?”). This type of
behavior suggests a particular perspective on how verbs
encode instruments—namely, that abstract event features,
such as incision, lead to activation of instrument knowledge.
In this paper, I ask whether language production behavior
suggests the same perspective on verb meaning. Sentence
completion tasks are frequently used to assess how a verb
biases people to reason about causes vs. consequences (e.g.,
fragments such as John hugged Mary___ often elicit causal
completions such as because she was sad) (Majid, Sanford,
& Pickering, 2007). Sentence completion data are also taken
to reflect a verb’s inherent meaning and its argument
structure (Koenig et al., 2003). For example, Koenig,
Mauner, and Bienvenue (2002) found that when adults were
given sentence fragments such as the farmer split the logs
and told to provide a continuation, they more often provided
instrumental completions (e.g., with an axe) for verbs like
stab, stir, or poke than for verbs such as eat, kill, or serve.
As described by Koenig et al. (2003), “participant
information that is lexically encoded is retrieved upon
recognition of a word. Because this information is activated,
it is more likely to be used to continue a sentence” (82). Not
all studies, however, have found a positive relationship
between judgments and language production: Barbu and
Toivonen (2016) found that verbs such as write, scrub, and
cut, which frequently elicited the judgment that an
instrument was conceptually prominent, almost never
elicited instruments in a sentence completion task. These
conflicting results call for a comparison of judgment and
production data across a wider range of verbs than
previously studied.
In three studies, I ask whether verbs that are judged to
have instrumental meanings are also more likely to elicit
instrumental completions given prompts such as Mike sliced
the bread_____. I ask whether two previously-observed
properties of instrumental judgments also characterize
sentence completions: verbs being organized in terms of
abstract semantic properties such as incision, and verbs
falling on a gradient cline from most to least instrumental.
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Study 1
Method
Participants I tested 48 adult native English-speaking
participants on Amazon Mechanical Turk (F = 34; age range
= 21-72; mean age = 42). Participants received $0.50. In all
studies, participants self-reported being native speakers of
English but were not necessarily monolingual.
Design and Materials In each trial, participants viewed a
sentence fragment with the form [Subject V+PAST the
Object] (e.g., Lucy stirred the potion __). Participants were
instructed to type in a possible completion of this sentence.
60 verbs were tested, including the 24 verbs tested by
Rissman et al. (2015): touch, hit, beat, poke, stab, cut, chop,
slice, write, draw, dig, stir, eat, drink, break, open, kill,
attack, paint, grow, move, lift, clean, and wash. Data for the
remaining 36 verbs are not included in this analysis.
Across the entire stimuli set, each verb appeared with one
of six direct objects (e.g., the potion). These direct objects
were selected to be semantically compatible with the verb
but to constitute a range of common and uncommon
exemplars. For stir, for example, the six direct objects were
potion, soup, cocktail, mud, melted chocolate, and
scrambled eggs. Participants viewed each verb once, that is,
with a single direct object. Participants thus completed 60
trials, and each participant received a unique random order
of the stimuli.
Procedure Participants were asked to provide the first
sentence completion that came to mind. They were given
the example fragment Sean wants an iPad ___ and were
told that possible completions might include for his
birthday, to watch movies, because he likes Apple products,
and more than he wants an iPhone. Participants were
instructed to make their responses varied, that is, to not just
type “yesterday” for every sentence.
Coding Responses were coded as instrumental if they were
introduced by with or using and conveyed the means by
which an action was completed (e.g., Rebecca sliced the
baguette___ with the only knife that she had, Jay painted the
picture___ using watercolors).

Results
Across the 24 verbs, the mean rate of producing
instrumental completions ranged from 0% (grow) to 50%
(hit). To assess whether judgment and production tasks
reflect instrumentality in similar ways, I computed
Pearson’s correlations between the instrument completion
rate for each verb and the instrument judgment rates from
the two tasks reported by Rissman et al. (2015)—I label
these tasks “Sentence” and “Verb Alone.” Figure 1 shows r
and p-values for each of these correlations. The two
judgment tasks were strongly correlated (r = .80). Crucially,
rates of producing instrument completions were moderately

and significantly correlated with instrument judgments for
both tasks (Sentence r = .60; Verb Alone, r = .62).
I modeled the probability of producing an instrument
completion used mixed effects logistic regression and the
lme4 package for R (Bates, Maechler, Bolker, & Walker,
2014). Models included random intercepts for participants
and direct objects and judgment predictors were scaled.
Judgments in the Sentence task predicted instrument
completions as both a linear and a quadratic predictor
(linear: b = .98, CI95 = [.67, 1.29], z = 6.11, p < .001;
quadratic: b = -.45, CI95 = [-.76, -.14], z = -2.99, p < .01).
Judgments in the Verb Alone task predicted instrument
completions as a linear predictor and marginally as a
quadratic predictor (linear: b = .77, CI95 = [.52, 1.02], z =
6.05, p < .001; quadratic: b = -.21, CI95 = [-.43, .006], z = 1.90, p = .058).

Discussion
The positive correlations and model results observed for
Study 1 suggest that verb meanings have similar effects on a
linguistic judgment task and a language production task.
The significant quadratic predictors indicate that instrument
completions are least likely for verbs on the high and low
ends of the judgment continuum, a point I will return to in
the General Discussion.
So far, I have considered a relatively small sample of
verbs (N = 24). In Studies 2 and 3, I test whether the
positive relationships observed between instrument
judgments and instrument completions in Study 1 is present
across a larger sample of verbs.

Study 2
I adapted the judgment tasks from Rissman et al. (2015),
creating a method appropriate for a larger number of verbs.
Rather than train participants to report judgments about
“arguments,” I instructed participants about strongly and
weakly instrumental verbs and asked participants to
generalize this instruction to new verbs.

Method
Participants I tested 33 adult native English speakers on
Amazon Mechanical Turk (F = 10). 2 An additional nine
speakers were tested but were excluded due to failure on
control trials. Participants received $4.
Design Speakers reported judgments about 136 English
verbs. The verbs were selected by asking 16 English
speakers to describe 67 pictures of common instrumental
events (e.g., raking leaves, eating ice cream with a spoon).
The most common verbs from this sample were selected.
These 136 verbs included the 24 instrumental verbs from
Study 1, as well as 32 denominal verbs such as hammer.
Due to experimenter error, age information for Study 2
participants was not collected.
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2

Materials and Procedure Participants were instructed to
report judgments on how verbs highlight entities. They were
told that the verb chase highlights two entities, someone
who chases and someone/thing that gets chased. They were
then told that some verbs highlight tools, e.g. that shred
"highlights a tool that is used for shredding (like a cheese
grater)." Participants were also told that some verbs, like
smudge, are compatible with tools but don't highlight them.
In this initial instruction, participants were given four verbs
that I judged to be strongly instrumental (shred, prod, whip,
whack) and four verbs that I judged to be weakly
instrumental (smudge, revive, rotate, defrost).
Participants then completed ten practice trials with five
strong verbs (sever, whisk, dice, scribble, plow) and five
weak verbs (harvest, purify, inspect, lecture, shatter).
Participants were asked whether each of these 10 verbs
highlights an instrument, with feedback given on each trial.
All strong verbs in the instruction phase were classified as
such by Koenig et al. (2008). The weak verbs were selected
to match the frequency of the strong verbs in the Corpus of
Contemporary American English (Davies, 2008-). In total,
participants encountered 18 instructional or “seed” verbs.
Following this instruction, participants viewed each of the
136 test verbs in the context of a sentence such as John SAW
something with binoculars. Participants were asked whether
the verb in capital letters highlights a tool or not. Example
tools were given to help clarify the intended sense of the

verb (e.g., seeing with eyes rather than sawing with a saw).
Three example sentences were presented per trial and all
three example tools were typical for the verb.
The 18 seed verbs were also tested during the
experimental phase as an attention check. Participants
needed to answer correctly on 13 out of 18 seed verbs for
their data to be included (p = .03 on a binomial test).
Including seed verbs, participants judged 154 verbs in total.
Each participant judged each verb once, and verbs were
viewed in a random order.

Results
Some verbs were always judged to highlight a tool (chop,
drill, nail, shovel, stab, whisk). Other verbs were never
judged to highlight a tool (check, collect, grow, look,
perform, test). The remaining verbs spanned the full range
between these two extremes. For burn, drum, juice, pump
and take notes, for example, 52% of participants judged that
these verbs highlight a tool. Not surprisingly, denominal
verbs such as hammer were highly likely to be judged as
highlighting a tool (82%). Incision verbs such as slice, chop,
and mince were also often judged to highlight a tool (89%).
The judgments from Study 2 and the judgment tasks from
Rissman et al. (2015) were strongly correlated for the 24
verbs tested in common (Sentence r = .80; Verb Alone, r =
.86; see Figure 1). The Study 2 judgments and Study 1
completions were moderately correlated (r = .43).

Figure 1. Relationships between each meaning measure. Points indicate individual verbs. Distributions of each
measure are shown on the diagonal. Red lines are loess smoothed lines of best fit. Greater SentenceJudgment,
VerbAloneJudgment and Study2Judgment values indicate stronger instrumental judgments. Greater
Study1Completion and Study3Completion values indicate higher frequency of an instrument completion being
produced. SentenceJudgment and VerbAloneJudgment data were originally reported in Rissman et al. (2015). *
= p < .05; ** = p < .01; *** = p < .001.
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Discussion
The three judgment tasks were strongly aligned with each
other, supporting the validity of these tasks for assessing
verbs’ instrumental meaning. This is a notable finding, as
there are several design and procedural differences between
the tasks from Rissman et al. (2015) and the task in Study 2.
As the Study 1 completions aligned with the judgment
data in Rissman et al. (2015), so did the Study 2 judgments
align with the Study 1 completions (albeit more weakly).
This suggests that verb meaning influences semantic
categorization and language production in similar ways. The
crucial test of this interpretation follows in Study 3, where I
analyze sentence completion data for the larger set of verbs
from Study 2.

Study 3
Method
Participants I tested 136 adult native English speakers on
Amazon Mechanical Turk (F = 60, age range = 20-69; mean
age = 39). An additional eight speakers were tested but were
excluded for producing repetitive responses (N = 6; e.g.,
writing only today or again for each trial), for producing
incoherent responses (N = 1), or for self-reporting as not
being a native English speaker (N = 1). Participants received
$2.50.
Design and Materials. As in Study 1, participants viewed
sentence fragments with the form [Subject V+PAST the

Object]. Completions were collected for 172 verbs. These
included 132 of the 136 verbs tested in Study 2. The four
excluded verbs (e.g., use) were not compatible with the
syntactic frame of the sentence fragments. Data for the 40
additional verbs are not analyzed in this paper. Each
participant provided sentence completions for 94 verbs: 66
instrument verbs and 28 other verbs. Strong and weak verbs
were balanced across each participant’s sample of 66
instrument verbs. Each participant viewed each verb once
and saw a unique, randomly generated sample of the stimuli.
As in Study 1, each verb appeared with six different direct
objects (e.g., Lucy stirred the potion____). In Study 3, I
used a different procedure to generate these direct objects
than in Study 1: 83 native English speakers provided
sentence completions for fragments with only a subject,
verb, and definite determiner (e.g., Lucy stirred the _____).
Among the object completions that the speakers produced in
this separate study, I chose the most frequent direct objects
for the sentence fragments for Study 3. For stir, for
example, the six direct objects were batter, chili, pot, rice,
stew, and soup.
Procedure & Coding The procedure and scheme for coding
completions were the same as in Study 1.

Results
Across all 132 verbs, the mean rate of producing
instrumental completions ranged from 0% (18 verbs
including eat, move, grow, and hold) to 46% (strike). For
the 24 verbs common to both Studies 1 and 3, rates of

Figure 2. Rate of judging that a verb highlights a tool (Study 2) vs. rate of producing an instrument completion
(Study 3). Each point indicates an individual verb. To avoid overplotting, not all points are labeled.
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producing instrumental completions were highly correlated
(r = .85; see Figure 1). Surprisingly, however, the
judgments from Study 2 and the completions from Study 3
were only weakly (but significantly) correlated (r = .17).
Figure 2 shows a comparison of the judgments and
completion rates for each verb. The six verbs that most often
elicited instrumental completions were strike, pierce, wipe,
hit, puncture, and stab. While denominal and incision verbs
had high instrument judgments, they elicited instrument
completions relatively infrequently (9%; 19% of trials,
respectively).
To assess whether judgments predict completions, I
modeled the probability of producing an instrument
completion used mixed effects logistic regression as in
Study 1. Judgments from Study 2 predicted instrument
completions as both a linear and a quadratic predictor
(linear: b = .25, CI95 = [.14, .34], z = 4.80, p < .001;
quadratic: b = -.23, CI95 = [-.32, -.14], z = -4.90, p < .001).

Discussion
The findings from Study 3 replicate the findings from
Studies 1 and 2 insofar as instrument judgments and
completions were significantly correlated. Nonetheless, the
strength of this relationship was much weaker when a larger
and more semantically diverse set of verbs was tested.

General Discussion
In this study I investigated how English verbs encode
instrumental participants, towards the broader project of
understanding whether verbs’ instrumental meaning can be
modeled in terms of entailment. As different
psycholinguistic tasks are known to reflect meaning in
different ways, I asked whether the particular semantic
organization that is reflected in judgments is also reflected
through a language production task, namely sentence
completions. All the judgment/completion pairings in
Figure 1 resulted in statistically significant correlations,
indicating that these two tasks reflect verbal meaning in
shared ways. At the same time, the positive relationship
between judgments and completions was found to be much
weaker when a larger sample of verbs was tested.
A notable finding from Studies 1 and 3 was the
significance of the quadratic predictors: that instrument
completions were least likely for verbs at the high and low
end of the judgment continuum. This likely indicates an
interaction between the type of meaning reflected in the
judgments and the pragmatics of the production task. Verbs
with low instrument judgment ratings tended not to elicit
instrument completions, consistent with the linking
hypothesis that completions indicate degree of activation
(Koenig et al., 2003). Nonetheless, verbs with high
instrument ratings also frequently failed to elicit instrument
completions, presumably because instrumental meaning was
easy to infer and therefore did not need to be produced. This
negative correlation emerged not only for denominal verbs
such as rake—incision verbs were also infrequently
followed by instrument completions. These findings

indicate a dissociation between comprehension and
production: when an instrument can be strongly inferred
during sentence comprehension, producers can use the
opportunity to provide alternate information that is not
strongly inferred.
Turning to the argument status of instruments, Studies 1-3
replicate the gradient cline across verbs observed by
Rissman et al. (2015). That is, I observed no clustering of
verbs into strongly-instrumental and weakly-instrumental
categories (see Figure 2). In addition, instrumentality as
measured through judgments was only weakly aligned with
instrumentality as measured through sentence completions.
Both of these results present a challenge to a formal model
where a verb either does or does not entail the presence of
an instrument (i.e., where an instrument either is or is not an
argument).
Although I observed a gradient pattern across verbs, the
pattern was not a chaotic one — both Studies 2 and 3
demonstrated semantic organization concerning which verbs
were most likely to elicit instrumental judgments/
completions (even if the semantic organizations were not
the same). In Study 2, denominal and incision verbs were
most instrumental. In Study 3, verbs of forceful contact such
as strike, pierce, and hit were among the most likely to elicit
instrument completions. Koenig et al. (2008) analyze this
category of verbs as semantically requiring instrument. One
interpretation of Study 3 is that these verbs semantically
activate instrumental meaning, but not so strongly or
specifically that the instrument can be omitted altogether.
The observation that verbs patterned together in
semantically well-defined subgroups is important because
this suggests components of verb meaning which are stable
and abstract. There is ample evidence that some types of
word meanings are not well-modeled in terms of
entailments — the English preposition over, for example,
seems to span a chain of meanings rather than lexicalize a
core set of entailments (Taylor, 2003). Drawing on such
data, a prominent theoretical alternative to an entailmentbased approach is a cue-based approach, where words do
not “have” meaning in and of themselves but rather act as
cues to meaning, in conjunction with a specific context
(Elman, 2009). The finding in Studies 2-3 that both
judgment and production measures were sensitive to
abstract properties of verb meaning, such as incision and
forceful contact, is difficult to reconcile with a cue-based
approach in which words do not have stable meanings.
Ultimately, the question of whether instruments are
arguments is best set aside in favor of more nuanced
questions about how words are represented in the mind —
how do we represent certain properties, such as
instrumentality, in terms of relative degrees of prominence,
while also capturing the fact that word meanings are not
wholly untethered? And how does word meaning interact
with the different pragmatic needs of particular contexts and
tasks? This paper points to the need for cognitive scientists
to develop alternative models of meaning that can account
for the full range of data presented here.

1718

Acknowledgments
This research was supported by NSF-PAC #1734260,
NIDCD RO1 DC000491, and a Radboud Excellence
Initiative postdoctoral fellowship awarded to Lilia Rissman.
Thank you to SarahClaire Ingebritsen for her hard work and
diligence in coding this dataset. The suggestions of the
anonymous CogSci members who reviewed this paper are
much appreciated. Thank you to all study participants.

Taylor, J. R. (2003). Linguistic categorization: prototypes in
linguistic theory: Oxford University Press.
Vater, H. (1978). On the possibility of distinguishing
between complements and adjuncts. In Valence, semantic
case, and grammatical relations. Amsterdam: John
Benjamins.
Willits, J. A., Amato, M. S., & MacDonald, M. C. (2015).
Language knowledge and event knowledge in language
use. Cognitive psychology, 78, 1-27.

References
Barbu, R.-M., & Toivonen, I. (2016). Event participants and
linguistic arguments. In Proceedings of the 38th Annual
Meeting of the Cognitive Science Society (pp. 1961-1966).
Bates, D., Maechler, M., Bolker, B., & Walker, S. (2014).
lme4: Linear mixed-effects models using S4 classes. R
package version 1.1-7. URL http://CRAN. R-project.
org/package= lme4.
Borer, H. (2005). Structuring sense: Volume 2. The normal
course of events. Oxford; New York: Oxford University
Press.
Davies, M. (2008-). The Corpus of Contemporary American
English: 450 million words, 1990-present. from Available
online at http://corpus.byu.edu/coca/.
Elman, J. L. (2009). On the Meaning of Words and
Dinosaur Bones: Lexical Knowledge Without a Lexicon.
Cognitive Science, 33(4), 547-582. doi:10.1111/j.15516709.2009.01023.x
Koenig, J.-P., Mauner, G., & Bienvenue, B. (2002). Class
Specificity and the Lexical Encoding of Participant
Information. Brain and Language, 81(1-3), 224-235.
doi:http://dx.doi.org/10.1006/brln.2001.2519
Koenig, J.-P., Mauner, G., & Bienvenue, B. (2003).
Arguments for adjuncts. Cognition, 89(2), 67-103.
doi:https://doi.org/10.1016/S0010-0277(03)00082-9
Koenig, J.-P., Mauner, G., Bienvenue, B., & Conklin, K.
(2008). What with? The Anatomy of a (Proto)-Role.
Journal of Semantics, 25(2), 175-220.
Levin, B., & Rappaport-Hovav, M. (2013). Lexicalized
meaning and manner/result complementarity. In Studies
in the Composition and Decomposition of Event
Predicates (pp. 49-70): Springer.
Majid, A., Sanford, A. J., & Pickering, M. J. (2007). The
linguistic description of minimal social scenarios affects
the extent of causal inference making. Journal of
Experimental Social Psychology, 43(6), 918-932.
doi:https://doi.org/10.1016/j.jesp.2006.10.016
Rappaport-Hovav, M., & Levin, B. (1998). Building verb
meanings. In M. Butt & W. Geuder (Eds.), The projection
of arguments: Lexical and compositional factors (pp. 97134). Stanford, CA: CSLI publications.
Rissman, L., Rawlins, K., & Landau, B. (2015). Using
instruments to understand argument structure: Evidence
for gradient representation. Cognition, 142(0), 266-290.
doi:http://dx.doi.org/10.1016/j.cognition.2015.05.015

1719

Homophily and Incentive Effects in Use of Algorithms
Riccardo Fogliato (rfogliat@andrew.cmu.edu)
Department of Statistics and Data Science, Carnegie Mellon University

Sina Fazelpour (s.fazel-pour@northeastern.edu)
Department of Philosophy and Religion & Khoury College of Computer Sciences, Northeastern University

Shantanu Gupta (shantang@andrew.cmu.edu), Zachary Lipton (zlipton@cmu.edu)
Machine Learning Department, Carnegie Mellon University

David Danks (ddanks@ucsd.edu)
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Abstract
As algorithmic tools increasingly aid experts in making consequential decisions, the need to understand the precise factors
that mediate their influence has grown commensurately. In
this paper, we present a crowdsourcing vignette study designed
to assess the impacts of two plausible factors on AI-informed
decision-making. First, we examine homophily—do people
defer more to models that tend to agree with them?—by manipulating the agreement during training between participants and
the algorithmic tool. Second, we considered incentives—how
do people incorporate a (known) cost structure in the hybrid
decision-making setting?—by varying rewards associated with
true positives vs. true negatives. Surprisingly, we found limited influence of either homophily and no evidence of incentive effects, despite participants performing similarly to previous studies. Higher levels of agreement between the participant and the AI tool yielded more confident predictions, but
only when outcome feedback was absent. These results highlight the complexity of characterizing human-algorithm interactions, and suggest that findings from social psychology may
require re-examination when humans interact with algorithms.
Keywords: human-AI interaction; social learning; homophily;
decision support; machine learning

Introduction
In a variety of sensitive domains, predictive models and algorithms have been adopted to aid expert decision makers.
This trend has motivated an extensive body of work aimed at
characterizing the performance of these models with respect
to their accuracy, fairness, and a variety of other desiderata.
However, the majority of this work has focused on the models in isolation. More recently, researchers have recognized
that the quality of AI-assisted decisions critically depends
on human cognition: How do the relevant humans interpret,
process, and integrate these predictions into their decisionmaking processes?
Prior work on human use of algorithmic recommendations has largely focused on the decision context (Kleinberg,
Lakkaraju, Leskovec, Ludwig, & Mullainathan, 2018; Dietvorst, Simmons, & Massey, 2015; De-Arteaga, Fogliato, &
Chouldechova, 2020), or features of decision subjects (Green
& Chen, 2019b). In this paper, we instead focus on the “social” interactions between humans and algorithms: Do people
regard algorithms similarly to other people?
Social psychological research (e.g., Hoppitt and Laland
(2013); Turner (1991)) has revealed two factors that frequently shape social learning and interactions. First, people

use a variety of heuristic strategies to estimate the reliability
of an information source, and hence the value of the information it provides (Hoppitt & Laland, 2013; Kendal et al., 2018).
One common heuristic is based on homophily: People use the
perceived similarity of an information source to themselves as
an indicator of the source’s reliability. In social interactions,
these perceptions of similarity are moderated by factors such
as agreements in prior interactions (O’Connor & Weatherall,
2019; Zollman, 2015) as well as deeper identity-based considerations, e.g., shared disciplinary backgrounds (Phillips &
Loyd, 2006) and sociocultural identities (Turner, 1991).
Second, people’s decision uncertainty (Toelch & Dolan,
2015; Kendal et al., 2018) and costs (Hoppitt & Laland, 2013;
Boyd & Richerson, 1988) are thought to moderate reliance
on social (as opposed to individual) learning. Information
from social sources can be particularly critical when navigating novel, ambiguous, risky, or high-consequence environments. More generally, there is evidence that incentive structures may shape people’s predictive and decision-making behavior (Evans, Over, et al., 2004).
While people’s use of information from other humans is
shaped by homophily and perceived costs, it is unknown
whether people conceptualize algorithms in ways that would
produce similar influences (though see Lu and Yin (2021)).
Both of these factors can be characterized in informationtheoretic terms, so they plausibly might extend to algorithms
as well. We thus conducted an experiment that explicitly manipulated these factors in the human-AI interaction context,
including measures of decisions and perceptions.

Related Work
Our experiment engages with several bodies of prior research.
First, many researchers have aimed to characterize the various sources and types of biases that arise throughout the machine learning pipeline (Fazelpour & Danks, 2021; Mitchell,
Potash, Barocas, D’Amour, & Lum, 2021), and in the uptake
of algorithmic information by users in particular (Logg, Minson, & Moore, 2019; Dietvorst et al., 2015; Mosier et al.,
1998). Previous research has identified factors that can result in biases of overreliance (automation bias; e.g., Skitka,
Mosier, and Burdick (2000)) or instead underreliance (algorithm aversion; e.g., Dietvorst et al. (2015)) on algorithmic
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recommendations. For example, the perceived difficulty of
understanding the algorithm (Yeomans, Shah, Mullainathan,
& Kleinberg, 2019) or use of sensitive information about decision subjects, such as race (Green & Chen, 2019a) or socioeconomic status (Skeem, Scurich, & Monahan, 2020), can
influence use of algorithmic predictions.
Second, we connect with research on the proper design of
algorithmic tools. For example, Duan, Ho, and Yin (2020) are
inspired by work that highlights the benefits of team diversity
to find ways to counteract biases in crowdwork. The advantages of complementarity in teams has also motivated work
on the design of decision support tools that best complement
human capabilities (Wilder, Horvitz, & Kamar, 2020; Kamar,
2016; Bansal, Nushi, Kamar, Horvitz, & Weld, 2021). Similarly, research on determinants of trust in organizational settings play an increasingly key role in understanding factors
that shape human trust in algorithmic tools (Glikson & Woolley, 2020). Prior work by Lu and Yin (2021) is the closest in
approach to our study. Lu and Yin (2021) also examine and
find evidence for the use of agreement as a proxy for algorithmic reliability by human users, though they focus on humanAI disagreement on cases where humans are confident in their
predictions. In addition, they provide only binary algorithmic
outputs. We instead focus on low-confidence cases and provide the model’s likelihood estimates, which help human trust
calibration (Zhang, Liao, & Bellamy, 2020).
Third, our study belongs to a line of work that aims to extrapolate general human behavioral patterns in the presence of
algorithmic tools via crowdsourcing experiments (Fogliato,
Chouldechova, & Lipton, 2021). Much of this work has
focused on understanding how human trust and reliance
can vary with the underlying properties of these tools, and
also with the type of algorithmic recommendations that are
communicated (Yin, Wortman Vaughan, & Wallach, 2019;
Zhang et al., 2020), such as the presence of explanations
(Bansal, Wu, et al., 2021; Dodge, Liao, Zhang, Bellamy, &
Dugan, 2019; Poursabzi-Sangdeh, Goldstein, Hofman, Wortman Vaughan, & Wallach, 2021; Lai & Tan, 2019; Wang &
Yin, 2021). Other common themes include the impact of the
tools on the predictive and fairness properties of human predictions (Green & Chen, 2019b, 2019a). Our two-step elicitation process is inspired by the findings of Buçinca, Malaya,
and Gajos (2021), who concluded that eliciting predictions
from participants before revealing the model’s recommendation decreased their overreliance on the tool. Similarly, Green
and Chen (2019b) noted that participants achieved higher
predictive performance when they were asked to pre-register
their predictions made without the model. We draw on these
lessons in the design of our experiment.

Experiment
The experiment was designed to test three key hypotheses:
• [H1] Influence of agreement on trust and reliance. Higher
agreement between algorithmic recommendations and the
participant, particularly on cases with high predictive un-

certainty, will increase the participant’s subsequent trust in,
and reliance on, the model.
• [H2] Influence of incentives. The incentive structure will
have influences on both: (a) participants’ predictions,
which will be skewed towards outcomes with higher monetary incentives; and (b) participant’s reliance on the algorithm, which will increase as overall costs of error increase.
• [H3] Influence of feedback on agreement-driven reliance.
Receiving outcome feedback will reduce the impact of
agreement as a reliability approximation heuristic, and so
will reduce participant’s reliance on the model.
We make a further prediction that is not central to the
study design (so is investigated through exploratory analyses): Higher level of agreement may lead participants to be
more confident about their predictions, especially when outcome feedback is absent. We tested these hypotheses through
a vignette study in which participants interacted with recommendations generated by two different algorithmic tools.

Method
Algorithm and vignette construction The vignettes for
the experiment all involved descriptions of criminal defendants. Participants and algorithms aimed to predict their future re-arrest outcomes. The vignettes were populated using
a dataset of defendants sentenced in Pennsylvania’s federal
criminal courts between 2004 and 2006 (𝑁 = 117, 464), including whether they were rearrested in the three years following release from prison or imposition of community supervision (Fogliato, Chouldechova, & Lipton, 2021).1 We
focused on a subset of 𝑁 = 3, 523 defendants for possible inclusion in a vignette, stratified for race, sex, age, and re-arrest
(and assuming reasonable numbers in each group).
In experimentally manipulating the levels of human-AI
agreement, we needed to ensure that disagreements are not
perceived as an indicator of inaccuracy (e.g., if an algorithm disagrees with a user over trivial cases). We were
thus particularly interested in using cases of human-AI agreement (disagreement) that typically produced high (low) confidence judgments from humans. We identified the cases in the
dataset of Fogliato, Chouldechova, and Lipton (2021) where
more than 80% (less than 60%) of the participants made the
same prediction (high (low) confidence).
Moreover, to ensure that we used realistic algorithmic predictions, we developed two different predictive models that
had comparable overall performance while occasionally disagreeing on a subset of cases (that could be used to manipulate agreement). We used stratified 70/30 train/test sets of the
1 Criminal justice data in the U.S. are highly biased, and heavily
affected by measurement issues (Bao et al., 2021; Fogliato, Xiang,
Lipton, Nagin, & Chouldechova, 2021; Pierson et al., 2020; Goel,
Rao, & Shroff, 2016). In particular, re-arrest and re-offense are only
imperfectly correlated, and those biases are (unavoidably) reflected
in the AI tools trained and tested on such data (Fogliato, G’Sell, &
Chouldechova, 2020). In an effort to minimize these issues, we had
both participants and algorithms predict only the directly observable
(though highly biased) outcome of re-arrest.
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(5-point Likert scale “Not at all” – “Extremely”) and, finally,
they were also asked to predict whether the defendant would
be rearrested or not (“no” vs. “yes”).

Figure 1: Sample vignette in the study. The panel on the right,
which contained the AI’s recommendation, became visible
only once participants had made an initial prediction.

full dataset (minus our presentation subsample), and trained a
model using XGBoost (Chen & Guestrin, 2016), and another
using logistic Lasso (Tibshirani, 1996). Both models take defendant’s demographics, the current charge type, and criminal
history information as input. The probability values outputted
by the models were converted into binary predictions using a
threshold of 0.5. On the test set, the two models were wellcalibrated and had virtually identical predictive performance
(AUC of 0.71 and accuracy of 66%). This performance is comparable, if not superior, to the performance of many models
deployed in real-world criminal justice settings (Desmarais,
Zottola, Duhart Clarke, & Lowder, 2020).
Given these two algorithms, we selected the instances of
model-agreement as cases where the models both predicted
the likelihood of re-arrest to be either above 70% or below
30% (48 cases), and the instances of model-disagreement as
those where their binary predictions differed (34 cases). This
sample of “easy” (high confidence, model agreement) and
“hard” (low confidence, model disagreement) cases was then
used to construct the vignettes.
Each vignette (see Figure 1) contained a description of the
defendant with exactly the same set of variables that were
used for model training. Vignettes also possibly (see Experimental design below) included the output from one of the two
algorithms—the estimated probability of re-arrest (e.g., 78%)
and binary prediction (re-arrest vs. no re-arrest).
Given a vignette, participants were asked to estimate the
likelihood that the defendant would be rearrested in the three
years following release. Participants responded using a 7point Likert scale (“Remote“ – “Nearly certain”), and also a
[0, 100] slider of probabilities (in increments of 5%). They
had to provide their confidence in the likelihood judgment

Experimental design and procedures Tests of our three
hypotheses require independent manipulation of the level of
agreement between the participant and algorithm (to test for
homophily effects); incentive structure (to test for cost effects); and availability of feedback (to control for learning
effects). In order to avoid cross-condition learning, we used a
fully between-participants design with 18 = 3 {Homophily} ×
3 {Incentive} × 2 {Feedback} conditions.
After consenting, all participants were provided with instructions that described the task, showed an example case,
and explained that the algorithm’s recommendations had been
generated by a model that was well-calibrated, including an
explanation of what “calibration” meant.
The first phase consisted of 15 cases, randomly drawn from
the previously-described subset, with 10 hard cases and 5 easy
cases. The re-arrest rate for these cases was matched to the rearrest rate in the dataset (around 40%). For each case, participants were first asked to answer the four rating and prediction
questions. After answering, the algorithm’s recommendation
was shown and participants were allowed to revise their answers. Two attention checks were randomly inserted in this
sequence. At the end of the first phase, participants were
asked to provide their confidence in their predictive ability
(5-point Likert scale from “Very low” – “Very high”), and
whether they agreed that the model would help them make
predictions (7-point Likert scale from “Strongly disagree” –
“‘Strongly agree”).
The Homophily manipulation modified the share of firstphase cases in which the algorithm’s binary predictions
matched the participant’s binary predictions. This manipulation focused on the hard cases, as the participant should be
most uncertain and the models also generated different predictions. For those 10 cases, we ensured that the algorithm
matched the participant’s binary prediction on 9 (High homophily), 5 (Medium), or only 1 (Low) cases. Since these
cases were ones where the models disagreed, we simply
switched between models depending on which made a different binary prediction from the participant (see also Lu and
Yin (2021, Experiment 3)).2 This manipulation ensured that
the model’s accuracy, as inferred by the participant, was orthogonal to the level of agreement.
We also manipulated whether outcome feedback was available during the first phase. In particular, after receiving the
algorithm’s recommendation and potentially revising their
predictions, participants in the Feedback condition were informed of whether the defendant was actually rearrested,
while those in the No feedback condition were not told anything about the eventual outcome. No participant received
any feedback in the second phase of the survey.
For the second phase of the experiment, we drew another
2 This design enabled us to truthfully tell participants that all algorithm predictions came from a well-calibrated model.
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random sample without replacement of 15 cases (with 40%
re-arrest rate), this time with 8 hard and 7 easy cases. Only
the predictions of the Lasso model were shown in this phase.
The Incentive manipulation determined participant compensation based on their performance in this phase. We used
three different structures, all of which provided no reward for
an incorrect (binary) prediction:

No feedback

Feedback

Agreement fraction

0.9

Incentives

0.8

High TN
0.7

TP=TN
High TP

0.6

Disagreement

Neutral

Agreement

Disagreement

Switch fraction

No feedback

• High true positive (High TP): $0.36 for a true positive prediction (i.e., re-arrest) and $0.18 for true negatives.

Neutral

Agreement

Feedback

0.6

Incentives
High TN

0.4

TP=TN
High TP

0.2
Disagreement

Neutral

Agreement

Disagreement

No feedback

• Neutral: $0.27 for each correct prediction.

Neutral

Agreement

Feedback

0.6

Influence

Incentives

• High true negative (high TN): $0.36 for true negative predictions (i.e., no re-arrest) and $0.18 for true positives.

0.4

High TN
TP=TN
High TP

0.2

Disagreement

Note that this incentive manipulation should only impact binary predictions, as those determine the payoffs. Participants
were presented with a detailed description of the incentives,
including comprehension questions before and after the second phase. The incentive structure was also listed in each
vignette as a reminder.
At the end of the second phase, participants again rated
confidence in their predictive ability, and whether they agreed
that the model helped them make their predictions. A subset
of participants3 were also asked whether they thought that
their predictions had been influenced by the incentives.
For data analysis purposes, we used participants’ judgments and ratings, and also three additional measures adopted
from prior work (Yin et al., 2019; Green & Chen, 2019b):
• Agreement fraction: the fraction of cases in which the participant’s binary prediction matched the algorithm’s.
• Switch fraction: out of the cases for which participant and
algorithm initially disagreed, the fraction of cases where
the participant changed binary prediction.
• Influence: the median (per participant) difference between
the revised and initial numerical likelihood estimates made
by the participant, divided by the difference between the
model and the participant’s initial likelihood estimate.
Our statistical analysis employs the average of each metric
computed at the participant level.
Participants A sample of 862 participants was recruited on
MTurk, all with HIT approval rating >90%, >500 completed
HITs, and physically present in the US. Participants were paid
variable amounts depending on performance; mean compensation was $4.40 (sd=$0.60), translating to average payment
of slightly more than $10 per hour. 369 participants failed the
attention checks,4 resulting in a final sample of 𝑁 = 493.
3 A bug in the survey meant that only a (random) subset of participants were asked this question.
4 Because of the complexity of the task, we wanted to ensure that
participants were actually paying attention. We thus used more severe attention checks (i.e., not simply “click here to continue”). As
a result, we had higher-than-normal failure rates.

Neutral

Agreement

Disagreement

Neutral

Agreement

Similarity

Figure 2: Second-phase agreement fraction (top), switch fraction (middle), and mean influence (bottom) for agreement
(horizontal axis), incentives (color), and feedback (panels)
manipulations (means and 90% confidence intervals computed via nonparametric bootstrap and percentile method).

Results
The two measures of likelihood judgments—Likert scale
and probability slider—were highly correlated (𝜌 = 0.77, 𝑝 <
0.001), so we analyze only the probability judgments. We first
consider the targeting effectiveness of our homophily manipulation. In particular, we assess the impact of this manipulation on participants’ judgements in the first phase of the
survey. We should expect to observe higher agreement between the participants and the model’s predictions on easy
cases. Consistently, the average agreement fractions for participants’ initial and revised binary predictions on these easy
cases were both above 80%. 319 participants (64%) agreed
with the algorithm on all 5 easy cases, and 53 (11%) agreed
for 4-of-5 cases. Participants’ predictions were more accurate for easy cases than difficult ones (classification accuracies were 73% vs. 45% respectively). Participants also reported being more certain about their predictions on the easy
cases (3.9 (out of 5) vs. 3.5; p-value of paired t-test<0.01).
Lastly, participants spent longer on difficult cases (mean =
45s) than on easy cases (mean = 40s) for initial predictions
(paired t-test, 𝑝 < 0.01).
The cleanest tests of our hypotheses are based on responses
in the second phase of the experiment, as the initial manipulations should have had an impact, and there should not be further learning since participants receive no feedback. Figure 2
shows the agreement fraction, switch fraction, and influence
for participants’ predictions across treatments in the second
phase. We fitted two separate linear regressions—one to predict agreement fraction and one to predict switch fraction—
with homophily and incentives as independent factors (the
latter dichotomized into symmetric vs. asymmetric incentives
to reflect H2b), interacted with the two feedback interven-
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tions. We use robust standard errors of the coefficients estimates for hypothesis testing.
For the agreement fraction regression, the coefficients relative to homophily and incentives were all virtually zero and
not statistically significant. However, the regression results
indicate that, controlling for incentives effects, the presence
of outcome feedback drastically reduced the agreement fraction across all conditions, e.g., by 0.1 (0.76 vs. 0.66) in
the low-homophily manipulation (Wald test of difference:
𝑝 < 0.04). This pattern is also visible in Figure 2. In the switch
fraction regression, we find that the medium-homophily manipulation led to higher reliance on the model compared to
the low-homophily one, but only when outcome feedback was
absent (increase of 0.09 with one-sided 𝑝 < 0.07). While the
presence of feedback substantially decreased reliance also according to this metric, the homophily interventions did not
appear to impact reliance, e.g., the effect of medium homophily (vs. low) was even negative. We also find that the
coefficients for the incentives effects were close to zero and
not statistically significant. A parallel analysis for influence
yields similar results: Neither higher levels of homophily nor
asymmetric incentives increased reliance. However, these regression results again indicate that the presence of outcome
feedback decreased reliance.
Small effects combined with the limited sample size of
our study may explain the null results discussed in the previous paragraph. As a confirmatory analysis, we investigated
whether any sizable effects could be detected on difficult
cases, i.e., those where predictive uncertainty was high and
participants were not confident about their predictions. Any
effects should be most salient on these subsets of cases, so we
performed the same regression analyses for the three metrics.
The conclusions from these analyses are analogous to those
we have discussed above: Reliance increased from low to
medium homophily only when outcome feedback was absent
(here effects were statistically significant across all three metrics), and providing feedback decreased reliance. No other
effects were statistically significant.
Participants were also asked about perceived utility and
trust of the AI model in two questionnaires, at the end of the
first phase and of the experiment respectively. Results from
these ratings somewhat mirror the findings on the objective
measures of reliance. We could only detect one significant effect for the medium-homophily intervention which increased
perceived utility of the model over the low-homophily one in
the first questionnaire in absence of outcome feedback (onesided 𝑝 < 0.04). However, this effect (or any other) could not
be detected in the questionnaire at the end of the survey.
Prior studies have found that differential payment for types
of performance can influence people’s behaviors (Evans et al.,
2004). No such effects were found in our experiment. In particular, participants who received larger rewards for true negatives did not make more negative predictions. We regressed
proportions of of positive predictions (i.e., of re-arrest) made
by each participant before seeing the algorithmic recommen-

dations on incentives manipulations. These shares were virtually identical across the interventions (all between 57% and
59%) and the differences based on Wald tests were not statistically significant. Additional analyses focused solely on lowconfidence and high-uncertainty cases had similar results. In
the final questions, 90% of participants reported the correct
rewards for the two types of successes. Moreover, the conclusions of this analysis do not change even if we exclude the
10% of participants who misreported the rewards structure.
60% of the participants that encountered asymmetric rewards
reported that their predictions were either slightly or not impacted at all by the incentives, and another 20% reported that
impact had been moderate.
Finally, we analyze participants’ confidence in the predictions using the regression analysis described earlier. In the
first questionnaire, the medium-homophily intervention positively impacted participants’ confidence ratings compared
to the low-homophily one when feedback was absent (effect is 0.38 on a 1–5 Likert scale rating; Wald test 𝑝 < 0.01).
The high-homophily manipulation also increased confidence
compared to the medium-homophily one, but the effect was
smaller (0.17, one-sided 𝑝 < 0.08). In presence of outcome
feedback, no effect was detected. Similar results were found
for the same question inserted in the final questionnaire, although the effects relative to the homophily interventions
were slightly smaller. A regression analysis of the confidence ratings reported by participants for each of the predictions (here the average rating by participant) in the second
phase delivered similar results: Higher levels of homophily
increased confidence in absence of feedback (both one-sided
𝑝 < 0.07), but this was the only effect that could be detected.

Remarks
Almost none of our initial hypotheses were confirmed by this
experiment. H1 and H3 imply that participants who experience greater homophily (H1) and no feedback (H3) should
have the highest levels of reliance. At the same time, participants should rely more on the recommendations when the
cost of prediction errors is asymmetric (H2b). Although some
of the results suggest the presence of these effects, there is
no clear impact of the sort predicted by the hypotheses. The
non-monotonicity of the impact of homophily is particularly
surprising, as in multiple instances the largest effects were
found for medium levels. One possibility is that the high and
low levels led participants to largely disregard the AI recommendations, though for different reasons: The former found
the AI to be redundant, while the latter found the AI to be
error-prone.

General Discussion
Our results have provided little or no support for the key hypotheses driving our research study: Although homophily
and incentives impact human reliance on other people, they
do not (in this setting) seem to strongly influence human reliance on AI tools. Participants who were shown AI recommendations that matched their predictions more often did not
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appear to rely or trust the tool substantially more than their
counterparts (H1). Agreement between the AI tool and participants did translate into higher subjective confidence for
the participants, but not higher usage of the AI information.
Incentives for different types of predictions did not affect participants’ judgments or their reliance on the recommendations
(H2). However, the presence of outcome feedback did decrease participants’ reliance on the tool (H3).
Homophilic effects are prevalent in social life, influencing
individual associations (Golub & Jackson, 2012) and trust
relations (Tang, Gao, Hu, & Liu, 2013) in social networks.
The absence here of effects of homophily—operationalized
as similar decisions over prior cases—could be explained in
at least two interrelated ways. One possible explanation is
that some factors that impact inter-human trust relations simply do not transfer to the human-AI case (Glikson & Woolley,
2020). From this perspective, homophily is relevant to understanding how agents are influenced by other humans, but not
relevant to the algorithmic decision support case. Mahmoodi,
Bahrami, and Mehring (2018), for example, have highlighted
the significance of reciprocity for understanding social informational influences, finding agents to be more open to influence from partners who are expected to reciprocate this influence later on. Importantly, Mahmoodi et al. (2018) also find
that this dynamic process of reciprocity was “abolished when
people believed that they interacted with a computer,” potentially because people expected that algorithms would not (or
cannot) reciprocate.
A second, not exclusive, explanation derives from the
many dimensions of “similarity” among individuals, including demographics such as race and gender, underlying values,
political affiliations, shared attitudes and beliefs, and more.
Most of these factors can potentially drive the emergence of
homophilic effects (Monge et al., 2003), but not all of them
will be relevant in a specific context (Ahmad, Ahmed, Srivastava, & Poole, 2011). This second, narrower explanation allows for the possibility that people could experience
homophilic effects with an algorithm, but only if there were
appropriate perceived similarities with the algorithm. For example, this explanation would leave it open that people could
experience consistent homophilic effects if they knew that the
algorithm had been developed by someone who shared their
values. Both of these potential explanations provide avenues
for future research. In either case, though, our findings provide reasons to be cautious when transporting findings about
interpersonal relations from psychological and organizations
sciences to the case of human-AI interaction.
One might also worry about the pool of participants. Researchers have long cautioned against the potentially low
quality of data that are collected through crowdsourcing
experiments such as ours, particularly those on MTurk
(Paolacci, Chandler, & Ipeirotis, 2010; Kennedy et al., 2020).
The platform itself incentivizes requesters (i.e., people conducting experiments) to offer low payments and workers (i.e.,
participants) to exert minimal effort. Thus, workers often

adopt a variety of strategies to maximize profit (McInnis,
Cosley, Nam, & Leshed, 2016; Chandler, Mueller, & Paolacci, 2014), such as doing multiple HITs simultaneously.
This worker strategy would not necessarily be an issue if we
were conducting, for example, a quick five-question survey.
The present experiment is complicated, however, and requires
people to draw relatively fine distinctions. We attempted to
minimize these risks by requiring a higher worker approval
rating than for many other studies that are similar to ours
(Green & Chen, 2019b, 2020). We also employed rigorous
attention checks (and had correspondingly higher failures of
those checks). We thus expect that we likely filtered out a
large share of low-quality responses, and so that possibility is
less likely to explain our null results.
Another alternative hypothesis is that our study participants could have performed numerous tasks similar to ours
in the past, or have strong prior expectations about the possibility that an AI could be helpful for these kinds of decisions.
Their (already mature) beliefs about AI tools may have not
been influenced by the short interaction that they had with
our tool. However, the positive results around the impact of
homophily on confidence do not appear to be compatible with
these two possibilities. Similarly, the lack of an effect of incentives on predictions could be due to the fact that the offered rewards were too small to nudge participants to change
their predictions. Indeed, previous studies have reported that
payments do not significantly increase the quality of the data
that are collected (Buhrmester, Kwang, & Gosling, 2016). In
our experiment, despite information about the base rate and
feedback (for some participants), participants may not have
realized that their rewards would have been likely higher had
they given the same answers in all assessments. Interestingly,
however, we could not detect any effect of this manipulation,
even on the the cases on which participants were less confident about their predictions.
Future research should carefully take into account and address the key limitations of our study. In particular, our experimental results have shown that small monetary bonuses tied
to accuracy do not promote changes in crowdworkers’ behavior. We actually found the same result in a pilot study on predictions of loan repayment, and so increased the incentives in
this experiment to see whether any effect would be revealed.
If our null finding were replicated in other experimental setups, then we would have further evidence that incentives
may not represent valid proxies for context-dependent costs
in real-world decision-making. Consistent with the findings
of Lu and Yin (2021), our experiment has also highlighted
that crowdworkers’ trust and reliance on AI tools may be insensitive to interventions on their level of agreement with the
recommendations generated. Alternative study designs may
achieve more promising results, for instance by increasing the
duration of the interaction of AI and participant while keeping them fully engaged in the task. Lastly, the connection
between confidence and homophily uncovered in our experiment represents another interesting research direction.
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Abstract
According to the Language Familiarity Effect (LFE), people
are better at discriminating between speakers of their native
language. Although this cognitive effect was largely studied in
the literature, experiments have only been conducted on a limited number of language pairs and their results only show the
presence of the effect without yielding a gradual measure that
may vary across language pairs. In this work, we show that the
computational model of LFE introduced by Thorburn, Feldman, and Schatz (2019) can address these two limitations. In
a first experiment, we attest to this model’s capacity to obtain
a gradual measure of the LFE by replicating behavioural findings on native and accented speech. In a second experiment,
we evaluate LFE on a large number of language pairs, including many which have never been tested on humans. We show
that the effect is replicated across a wide array of languages,
providing further evidence of its universality. Building on the
gradual measure of LFE, we also show that languages belonging to the same family yield smaller scores, supporting the idea
of an effect of language distance on LFE.
Keywords: language familiarity effect ; computational modelling ; i-vectors

Introduction
The Language Familiarity Effect (LFE) is a cognitive effect
observed in language processing, according to which people
are better at discriminating speakers who speak in their native
language, compared to speakers of another unfamiliar language (Goggin, Thompson, Strube, & Simental, 1991; Johnson, Bruggeman, & Cutler, 2018). Two views are commonly
proposed to explain the LFE (T. K. Perrachione, 2018). According to the Phonetic Familiarity hypothesis, the lack of familiarity with the foreign language’s lower levels of linguistic characteristics (rhythm, phonetics, acoustics) is enough to
explain the effect. For proponents of the Linguistic Processing hypothesis, on the other hand, the effect is in great part
explained by the lack of understanding (due to knowledge
of lexicon and syntax). However, even in this second view,
the role of low-level linguistic features is accepted (Bregman
& Creel, 2014; T. Perrachione, Dougherty, McLaughlin, &
Lember, 2015).
Methodological issues Although numerous experimental
studies run in humans (henceforth behavioural studies) found
evidence of the effect, the lack of systematicity makes it hard
to compare the results directly (Levi, 2019). First, the evaluation tasks used to assess the presence of LFE differ from
one study to the next, ranging from identification tasks (voice
line-up) to discrimination tasks (AX task). Critically, a same

language pair evaluated on different tasks can yield opposite
results regarding the presence of LFE (Levi, 2019). Another
source of variability comes from the initial testing conditions.
Two setups are principally used, the “1 Group 2 Languages”
(or 1G2L) and the “2 Groups 1 Language” (or 2G1L). In
the first, most common condition, participants are all native
speakers of the same language and are evaluated on their ability to discriminate between speakers in both their native language and a second unfamiliar language. In the 2G1L condition, two groups of participants, native speakers of languages
A and B, are tested on only the same language A.
One more issue raised from behavioural studies is the restricted number of language pairs tested. Although this effect has been found over multiple language pairs, leading to
qualifying the effect of universal (see Levi (2019); T. K. Perrachione (2018) for reviews), it turns out that only a small
number of languages was tested. For instance, only a handful
of studies test a language pair that does not contain English
(Köster, Schiller, et al., 1997; Johnson, Westrek, Nazzi, &
Cutler, 2011; Perea et al., 2014). In order to get more robust evidence of the universality of the effect, a wider array
of languages must be tested.
LFE as a gradual effect Because of how the LFE has been
evaluated behaviourally, it has mainly been presented as either present or absent. Very few attempts have been made
at looking at the effect gradually: T. K. Perrachione (2018)
computed effect sizes in LFE experiments, but they are hardly
comparable due to differences in setup. Having a systematic
gradual measure would allow deeper analyses of specific conditions. Hence, we could directly compare different language
pairs or different atypical populations on the LFE. Some studies looked into the role of language distance in LFE. For example, (Levi, 2019) showed, in an extensive literature review,
that language pairs both from the same and different rhythmic classes could yield an LFE. However, this does not allow
a gradual ranking of language pairs. A few studies directly
tested multiple languages with the same population, permitting ranked comparisons, assuming that phonologically similar languages yield better performance in speaker identification. However, these studies never tested more than three languages at a time, and conflicting results were found. Köster
et al. (1997) and Zarate, Tian, Woods, and Poeppel (2015) results confirmed this assumption (testing Chinese, English and
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Spanish on German adult listeners and English, German and
Mandarin on English adult listeners, respectively). However,
no difference between phonologically similar (English and
Dutch) and dissimilar (English and Mandarin) were found in
infants by (Johnson et al., 2011), thus a need for further studies on the question. Hence, there is a need for a way to test
and rank in a systematic manner a large number of language
pairs, varying in language similarity.
Additionally, having a gradual measure of the LFE can help
analyse finer granularity than that of language differences.
An existing example is the case of accented speech. Indeed,
some studies found that, for a language pair A-B, if the test
stimuli in language A are spoken by native speakers of language B, and therefore accented in B, the LFE can be reduced
(Goggin et al., 1991), and even totally cancelled (Goldstein,
Knight, Bailis, & Conover, 1981). This suggests that the LFE
can be modulated by how heavily accented the speech is and,
to a further extent, that acoustically similar dialects should
give rise to smaller LFE, corroborating the idea that language
distance plays a role in this cognitive effect. These results
also show that the effect is gradual, emphasising the need for
a gradual measure.
I-vectors as a model of LFE Recently, Thorburn et al.
(2019) were able to computationally model the LFE using
i-vectors (Dehak et al., 2010), an unsupervised algorithm that
allows to compute a representation of whole speech utterances. Computational modelling of LFE can help circumvent some of the methodological problems presented earlier,
and we believe it can help compute a systematic, gradual and
comparable measure of the effect.
I-vectors models, typically used for speaker-identification
applications in speech processing, consist in training a Gaussian Mixture Model on speech features of the train sets utterances to define a new representation of the acoustic space.
Then, projecting the components of highest variability onto a
lower-dimensional space, we can create a new representation
of speech (the i-vector) for all utterances from the train set.
By extension, we can predict representations for novel utterances based on this operation. Furthermore, because computed at the utterance level rather than at a finer frame level,
we capture the acoustic information that is representative of
the utterance as a whole, such as speaker or language information. The lack of time-dependencies in the representation means that only low-level features of linguistics (rhythm,
some phonology) are captured. Because of that, and the fact
that training such models only necessitates a small amount of
input data, the approach has mainly been proposed in models
of infants’ speech perception. Still, we believe i-vectors can
equally model some aspects of adult speech perception that
do not require access to higher levels of linguistics.
I-vectors were first proposed in the context of speech perception by Carbajal, Dawud, Thiollière, and Dupoux (2016)
as a model of language discrimination. Still modelling
language discrimination processes, de Seyssel and Dupoux
(2020) showed that they also capture speaker information,

even without relying on any supervised components usually
present in speech processing applications of i-vectors. Because the LFE depends on both language and speaker information, the i-vector model has the necessary attributes to
model it, and this is indeed what showed Thorburn et al.
(2019). In their paper, the authors focused on the EnglishJapanese pair. They showed that the scores from a speaker
discrimination task carried out on i-vector representations extracted on both languages were significantly better when the ivectors were extracted using a model trained on the same language than on another unfamiliar language, effectively replicating the effect found in humans.

Contributions
One underlying contribution of this paper is a replication of
the computational approach of Thorburn et al. (2019) on new
speech stimuli and language pairs. This reinforces the validity of the i-vector approach to model the LFE. Most importantly, and as the main contribution, we inquire about the
capacity of the approach to yield a gradual, comparable measure.
In a first experiment, we look into reproducing the human
findings according to which accented speech minimises the
LFE compared to native speech. Precisely, we replicated an
experiment from (Wester, 2012) testing LFE on two language
pairs that are always accented in one of the languages. This
first experiment also allows us to directly compare a close
language pair to a distant one. We expect three primary outcomes : a replication of the LFE on the native condition; an
LFE is smaller or non-existent in the accented condition compared to the native condition; an LFE is smaller in the close
language distance pair than in the distant one. Such results
would corroborate with the idea of a gradual effect of the
LFE, which we could measure using the i-vector approach,
allowing for systematic comparisons.
Findings from the first experiment then lead us to generalise the method to additional language pairs. In the second
experiment, we evaluate the LFE on 36 language pairs, with
many that have never been tested in humans. We can then
systematically (1) test and (2) compare the LFE on a large
number of languages pairs in a way that would be impossible behaviourally. We expect the LFE to replicate on most of
these pairs and to find an effect of language distance.

General methods
The methods presented here are common to both experiments. We use as an example a setup in which we want to
evaluate the LFE on a language pair A, B. For each language,
we have a set of speech utterances, split between a train and a
test set. The former is used to train the models, and the latter
is the evaluation stimuli used to test the presence of LFE.

Training pipeline
We first extract Mel Frequency Cepstral Coefficients
(MFCCs) (Mermelstein, 1976) for all utterances (train and
test), with 13 coefficients including energy, along with double
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delta coefficients. We also include pitch information through
computation of the fundamental frequency, as it is thought to
be relevant in language discrimination (Lin & Wang, 2005).
We then train two i-vector models using the MFCCs from
the train sets, one on language A (model A) and one on
language B (model B), following the approach first proposed in Dehak et al. (2010). The only difference with
the original i-vector approach is that we do not carry out
a Linear Discriminant Analysis (LDA), originally aiming
at maximising the distance between speakers and/or language (Kanagasundaram, Vogt, Dean, Sridharan, & Mason, 2011; Dehak, Torres-Carrasquillo, Reynolds, & Dehak,
2011). Indeed, as in previous studies using i-vectors as models of speech perception (Carbajal et al., 2016; de Seyssel
& Dupoux, 2020; Thorburn et al., 2019), we ensure that the
pipeline is unsupervised and therefore better suited to cognitive models. Finally, we extract i-vector representations
from the two test sets on both models. That is, we extract
i-vectors using model A on tests sets A and B, and similarly
for model B. This leaves us with four sets of i-vectors: language A trained on A, language A trained on B, language B
trained on A and language B trained on B.
The models are trained with 128 (2,048) Gaussians and ivectors of dimension 150 (400) in Experiment 1 (Experiment
2). The difference in parameters between the two experiments
is explained by the larger number of speakers in the training
sets of Experiment 2. Feature extraction, models training and
i-vectors extraction were conducted using the Kaldi toolkit
(Povey et al., 2011).

Evaluation
Following Thorburn et al. (2019), we first use a machine ABX
task (Schatz et al., 2013) to evaluate the capacity of a model
to discriminate speakers. In this setup, we create triplets of
three utterances from the same language: a, b and x, with
a and x being pronounced by the same speaker and b by a
different speaker. If the Euclidean distance between the representations (i.e. i-vectors) of utterances a and x is larger than
the distance between the representation of b and x, we consider that the model did not manage to discriminate between
the speakers, and we count an error for this specific triplet.
The ABX error score is the error rate estimated over all possible triplets in the test set.
This framework can be extended to evaluate the LFE by
comparing the capacity of a model to discriminate between
speakers in a ‘familiar’ condition, in which the representation
is learnt and tested on the same language, to its capacity to
discriminate between speakers in an ‘unfamiliar’ condition,
in which test utterances are in a different language than the
ones used to train the model. More precisely, we define the
LFE score as follows: for a language pair (A, B), we compute the ABX error rates for all four conditions (T s stands for
test and Tr for training): Ts(A)Tr(A) , Ts(A)Tr(B) , Ts(B)Tr(B)
and T s(B)Tr(A) , where T s(A)Tr(B) corresponds to the evaluation of the ABX error rate on the language A when the
representation has been trained on language B. We then av-

erage the scores in the ‘familiar’ condition (Ts(A)Tr(A) and
Ts(B)Tr(B) , the test and train sets being matched in language),
and the scores in the ‘unfamiliar’ condition (Ts(A)Tr(B) and
Ts(B)Tr(A) in which train and test languages are different).
The LFE score is defined as the relative percentage increase
from the ‘familiar’ to the ‘unfamiliar’ condition:
LFE =

Sdiff − Ssame
Ssame

(1)

where:
Ts(A)Tr(A) + Ts(B)Tr(B)
2
Ts(A)Tr(B) + Ts(B)Tr(A)
Sdiff =
2

Ssame =

(2)
(3)

We use a Two-Sample Fisher-Pitman Permutation Test
with Monte-Carlo sampling to test whether this effect is significant. The score is significant if discrimination scores in
the Ssame and Ssame groups are significantly different. A positive significant LFE score reflects an effect of language familiarity, with a higher ABX error rate in the non-familiar
condition than in the familiar condition.
Because we are looking at the LFE on the language pair
symmetrically, that is analogous to a ‘2 groups 2 languages’
(or ‘2G2L’) approach, (two groups of participants, native
in two different languages, are tested on both languages).
Hence, we are controlling for any biases due to a specific
training set yielding better speaker discrimination performance, and thus singling out the actual LFE process. This is
a more robust evaluation setup than what is commonly done
in behavioural work, where LFE is looked into from the perspective of a single language only.

Experiment 1: LFE and accented speech
First, we focus on two language pairs, English-Finnish and
English-German. For each of these pairs, we compare a “native” setup, where all tested speakers are native in the languages, and an “accented” setup, with English utterances being spoken by non-native speakers, hence Finnish accented or
German-accented.

Materials
We retrieved audiobooks in English, German and Finnish
from the LibriVox project1 using the Libri-Light tools
(Kahn et al., 2020), and used a Voice Activity Detection
model (Lavechin, Bousbib, Bredin, Dupoux, & Cristia, 2020)
to segment speech. We then created for each language a 10
hours training set, balanced equally between 10 speakers.
The test sets were built from the EMIME bilingual corpus
(Wester, 2010), which contains English, German and Finnish
read speech uttered by native speakers, as well as English
spoken by German and Finnish speakers, and is therefore accented. We built five different test sets: native Finnish, native German, native English, Finnish-accented English and
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Experiment 2: Testing LFE on many language
pairs

Table 1: Summary of test sets in Experiment 1.
Language

Accent type

N speakers
(N male)

Mean (SD)
utt dur (in s)

English

native
Finnish
German
native
native

12 (6)
12 (6)
12 (6)
12 (6)
12 (6)

3.21 (1.04)
4.37 (1.48)
4.56 (1.52)
4.6 (1.29)
4.6 (1.32)

Finnish
German

Results from the first experiment not only validate further the
i-vector approach as a good model of the LFE, but they also
suggest that the resulting measure is gradual and thus comparable. Furthermore, they suggest that there might be an effect
of language distance on LFE.
In this second experiment, we generalise the experiment to
many language pairs, including pairs that have not been tested
on humans. This allows us to 1) verify the universality of the
effect, 2) make use of the gradual measure to compare pairs
with varying language distances.

German-accented English. Each test set is balanced equally
between 12 speakers and has an average duration of 25 min
(348 utterances). See Table 1 for more information.

Results
We calculated the LFE score on four language pairs following the procedure presented in the General Methods: native English and native German; native English and native Finnish; German-accented English and native German;
Finnish-accented English and native Finnish. We refer to the
two first pairs as native and the two last as accented.

Table 2: LFE scores on the native and accented conditions for
both language pairs in Experiment 1. Significance was estimated using a Two tailed Paired Fisher-Pitman Permutation
Test with Monte-Carlo sampling (*: p<.05)
Language Pair

LFE (%)
native
accented

English - Finnish
English - German

+19.21*
+10.77 *

Materials
We used stimuli from the CommonVoice 6.1 (CV) corpus
(Ardila et al., 2019), which gathers read speech from a large
number of languages. We selected nine languages (those for
which we had enough data) and generated, for each of them,
training sets of 15 hours split between 60 speakers and test
sets of 30 minutes split between 20 speakers (see Table 3 for
the complete list). The high number of speakers is closer to
the setup proposed by Thorburn et al. (2019) than in the first
experiment and ensures more variability in the training set,
leading to a more robust model.
Table 3: Summary of languages in Experiment 2. Train sets
have an average duration of 15 hours (60 speakers) and test
sets have an average total duration of 30mn (20 speakers).

-8.62
-1.1

The first thing to notice from Table 2 is that both language
pairs yield a significant LFE score in the native condition
(the familiar models yield better discrimination scores than
the unfamiliar ones, p<.05 in both pairs), giving further support to the i-vector approach as a good model of LFE. Moreover, the LFE score is higher in the English-Finnish pair than
in the English-German pair, suggesting that the distance between languages could modulate the LFE.
In the accented condition, there is no longer a significant
difference between the familiar and unfamiliar models’ scores
on language discrimination, and this on both language pairs.
Hence, whilst the LFE scores indicate the effect was present
in the native conditions, it is no longer the case in the accented
condition, that is, when one of the two languages is uttered
with an accent from the other language. These results, which
replicate the behavioural findings from Wester (2012) as well
as previous studies on accents, suggest that we can use the
i-vector models to obtain a gradual measure of the LFE.

Language

ISO

Avg utt dur (s)

Family

Catalan
Welsh
German
English
Farsi
French
Italian
Kabyle
Kinyarwanda

cat
cy
deu
eng
fas
fra
ita
kab
kin

5.10 (SD=1.82)
4.52 (SD=1.67)
4.42 (SD=1.50)
4.81 (SD=1.74)
3.80 (SD=1.42)
4.78 (SD=1.51)
5.35 (SD=1.73)
3.38 (SD=1.23)
5.14(SD=1.80)

indo-european
indo-european
indo-european
indo-european
indo-european
indo-european
indo-european
afro-asiatic
niger-congo

Results
Models were trained on the nine languages, and evaluation
was run on all possible language pairs, yielding 36 LFE
scores.
Speaker ABX scores averaged across all pairs are presented in Figure 1, and detailed LFE scores are available in
Table 4. Speaker discrimination scores are overall significantly higher in the ‘familiar’ condition than in the ‘unfamiliar’ one, with a mean LFE of 13.78 (significance was calculated using a 95% confidence interval with bootstrapping
on languages, with 10,000 permutations, CI = [2.71–18.55]).
These results corroborate the idea of a universal LFE that can
be expected on language pairs that were not tested on humans.
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**

However, the difference is not systematically significant in
every pair, with one language pair (German-Welsh) yielding
a significant inverse LFE.
LFE score (in %)

*

9
ABX error score (in %)

40

6

20

0

3

−20

familiar

unfamiliar

same
different
language family

Figure 2: LFE scores averaged across the ‘same family’ and
‘different family’ conditions. The asterisks on top illustrate
the significance level (**, 99% CI).

condition

Figure 1: Speaker ABX error scores averaged across the 36
language pairs in the CV dataset. LFE score = 13.78. The
asterisks on top illustrate the significance level (*, 95% CI).
We then divided the language pairs into two groups: the
‘same family’ and the ‘different family’, based on whether the
languages in the pair belong or not to the same language family (as defined by the WALS typology (Dryer & Haspelmath,
2013), see Table 3). As shown in Figure 2, the LFE scores
from ‘same family’ pairs (M=21.46, SD=9.62), N=15 are significantly lower than the ‘different family’ pairs (M=6.13,
SD=9.47, N=21) (significance was tested using a 99% confidence interval with bootstrapping on language within family
with 10,000 permutations, CI = [7.28,29.07]).

Discussion
In the first experiment, we successfully replicated results
from Thorburn et al. (2019) by showing that the i-vector approach yields a significantly positive LFE score on two new
language pairs (native condition). Moreover, we further validated this model by replicating another behaviour observed
in humans, that is, the fact that the LFE can be diminished
or cancelled with accented speech (Goldstein et al., 1981;
Thompson, 1987). Specifically, the stimuli we use in our ‘accented’ conditions come from the same dataset as in (Wester,
2012), in which they also found no significant effect of LFE
in humans, neither in the English-German nor in the EnglishFinnish pair.
Differences in the LFE between accented and native speech
support the idea of the LFE as a gradual effect that can be
modulated by languages variations. Current psycholinguistic
setups make such changes hard to capture in humans, but our
results suggest that with the i-vector approach, we can capture and grade such changes. Being able to capture this granularity allows one to investigate the role of different variables

on the LFE, with the most obvious one being that of language
distance. As discussed earlier, the role of language distance is
hard to analyse in behavioural experiments. However, results
from Experiment 1 do suggest an effect, with the close distance language pair (English-German) yielding a lower LFE
than the distant language pair (English-Finnish).
In the second experiment, we tested the model on a larger
number of language pairs, of which many have never been
tested on humans. We could compute comparable LFE scores
for each of the 36 language pairs. We note that the LFE was
present overall (across all pairs together), validating the approach again. However, not all language pairs yielded a significant effect. Multiple things could cause this: these specific pairs might not actually yield an LFE in humans, or the
LFE might be too small in humans, and the model is not sensitive enough to capture it. Regardless, we should replicate
the experiment behaviourally, especially if the pair had not
been tested on humans before. Finally, there might also be
specific biases in the stimuli resulting in an absence of LFE.
For example, two pairs, Welsh-English and Welsh-German,
actually yielded a negative LFE score: the unfamiliar condition yielded better discrimination scores than the familiar
one. However, it is likely that a large part of the Welsh utterances in the CV corpus was pronounced by English native
speakers, which, in light of the previous results on accented
speech and LFE, could partially explain the lack of LFE.
Interesting results arose when the language pairs were divided into two groups: those in which both languages of the
pair belong to the same family and those in which they do
not. There was a significant difference in LFE scores between
the two groups, with the same family language pairs yielding
much lower LFE scores than the different family pairs. This
corroborates with results from Experiment 1, suggesting that
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Table 4: LFE scores for all possible CommonVoice language pairs. Two tailed Paired Fisher-Pitman Permutation Test with
Monte-Carlo sampling with Bonferroni correction (*: p<.05; **: p<.005)
cy
de
en
fa
fr
it
kab
rw

ca

cy

de

en

fa

fr

it

kab

8.39
12.49
5.80
16.53*
23.72**
3.11
20.42**
24.69**

-17.10**
-8.81
1.51
12.95
3.21
12.42
22.32**

0.45
4.27
13.36**
-1.91
16.88**
43.32**

-2.55
16.97*
15.27**
7.48
30.68**

12.63**
5.71
11.92**
15.26**

2.68
16.21**
28.71**

12.55**
27.97**

31.04**

closer languages lead to a smaller LFE. The possibility for
the LFE to be affected by language distance raises many interesting points regarding the cognitive processes behind this
phenomenon. Commonalities and differences between languages can occur at various linguistic levels, but the i-vector
approach only focuses on low-level cues (mainly phonology,
prosody and phonotactics). Yet, it suggests an effect of language distance, supporting further the idea that the LFE is
largely due to the familiarity with the phonetics and phonology of the foreign language, as proposed by the phonetic familiarity hypothesis (Fleming, Giordano, Caldara, & Belin,
2014; Orena, Theodore, & Polka, 2015). Still, the distance
between two languages at higher linguistic levels may also
enhance the phenomenon.
To conclude, although it is not guaranteed that the language
distance effect suggested by the model is equally present in
humans, our results give us strong incentives to investigate
this. This should be done in a systematic setup allowing for
direct comparison of language pairs, potentially by designing a wide-scale online speaker discrimination study in many
languages. Still, it is yet unclear whether we can obtain a fine
enough gradual measure in humans.

the model’s prototype to be biased. In the second experiment,
we purposely used a high number of speakers and diversity in
the recording setup, and we recommend any further work to
follow this lead.
Finally, we would like to address the fact that the i-vector
model was initially proposed as a model of infant perception
(Carbajal et al., 2016; de Seyssel & Dupoux, 2020), and used
as such in the scope of the LFE to support the evidence that
the effect only requires low-level linguistic knowledge and
is present in infants (Thorburn et al., 2019). Here, we focused on the LFE in general, without restriction to a specific
age group. Indeed, although the present model only requires
knowledge of the acoustics of the language, it still reproduces behavioural results found in adults, and we can only
assume that adding higher up knowledge that makes use of
language’s understanding will only reinforce the effect found
here. Therefore, even if the model could be completed by
adding such features, the present approach can still be seen
as a model of LFE in both infants and adults and has the advantage of only requiring very little data.

LFE score stability One of the central issues in computational modelling is the impact of data on the models. Here,
we consider that the i-vector-based LFE score is stable in
that it is not affected by changes in train or test sets. This is
why we can confidently compare two conditions (languages,
setup, number of speakers, recording condition) as long as all
other factors are controlled for. However, we have not tested
whether the results are prone to variations based on the train
and evaluation stimuli, for example by running the same experiments on a new train or test sampled from the same original dataset. Only if the results are stable can we fully validate
the approach. This stability aspect also raises the question
of how representative of a language the training sets are. Indeed, while humans have had years of being exposed to their
native language, which allows them to build an internal language prototype, we only train the models on a few hours of
data in the current approach. Despite being a considerable advantage in data collection, it also increases the probability for

To conclude, our results further validate the i-vector approach
as a good model of the LFE by replicating Thorburn et al.
(2019) on novel languages and replicating human experiments on accented speech. These results on accents also suggest that the effect can be modulated, hence gradual. The
i-vector model allows computation of gradual LFE scores,
meaning that we can then directly compare different conditions. We showed further evidence of the universality of the
effect by evaluating it on a large number of pairs systematically, in a way that can only be done computationally. We
also found an effect of language distance, with larger LFE
yielded when the two languages are dissimilar. These results
should be replicated with humans in a setup allowing systematic evaluation, and attention should be given to the design of
such an experiment. Finally, a more thorough analysis of the
stability of the model depending on the training set could be
done to ensure that the scores are fully stable and that different data would not give different scores, skewing the comparisons.

Conclusion
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Abstract
Computational cognitive theories of Autism Spectrum Disorder have received renewed attention in recent years. Consistent with the predictive processing framework, ASD has
been re-conceptualized as a disorder of aberrant prediction and
learning-rate estimation involving multiple levels of a putative cognitive computational hierarchy. Specifically, behavioral symptoms of individuals with ASD might manifest due
to an aberrant overestimation of the volatility of environmental
contingencies (i.e. tendency of change in cue-outcome probabilities) which in turn might induce a dysfunctional setting
of learning rates. In this work, we attempted to conceptually replicate computational modeling analyses of an impactful
study of the recent ASD modeling literature in an independent
sample of subjects. We were not able to replicate some prior
reported effects likely due to differences in model architecture
and cognitive task setup. We found statistical trends in similar
directions.
Keywords: autism spectrum disorder; predictive processing;
cognitive modeling; Wisconsin card sorting test; volatility

Introduction
Autism-Spectrum-Disorder (ASD) is currently classified as
a Pervasive Neurodevelopmental Disorder with a pointprevalence of 1% in the general population (Happé & Frith,
2020; Lord & Bishop, 2015) with significant genetic associations (de La Torre-Ubieta, Won, Stein, & Geschwind, 2016;
Waye & Cheng, 2018). The diagnosis of ASD requires the
presence of symptoms from two main symptom clusters. (A)
persistent and context-invariant deficits in social communication and interaction including socio-emotional reciprocity,
nonverbal behavior, and relationship formation. (B) repetitive
patterns of behavior, interests, or activities including motor
movements, speech or use of objects, a strong insistence on
routines and sameness, fixated and singular interests, and peculiar differences in sensory processing (Diagnostic and statistical manual of mental disorders: DSM-5, 2013).
Until recently, pathomechanistic and etiological theories of
ASD were focused on domain-specific theories attempting to
explain the symptom clusters separately like e.g. the weakcentral coherence theory (Happé, 2005) and the enhanced
perceptual functioning theory (Mottron, Dawson, Soulières,
Hubert, & Burack, 2006) for perceptual peculiarities or e.g.
the extreme male brain theories (Baron-Cohen, 2002; Greenberg, Warrier, Allison, & Baron-Cohen, 2018) for behavioral
atypicalities. A coherent framework linking the symptoms
clusters was largely missing (Haker, Schneebeli, & Stephan,
2016).

More recently, attempts have been made to unify all behavioral and perceptual atypicalities of ASD using the Bayesian
Brain hypothesis (BB) (Lawson, Rees, & Friston, 2014; Pellicano & Burr, 2012; van de Cruys et al., 2014). In essence,
the BB postulates that the human brain performs Bayesian
inference through a generative model of the world and represents information via probability density functions or approximations thereof (Knill & Pouget, 2004). More specifically,
Pellicano and Burr (2012) hypothesized on a computational
level that people with ASD rely in their inferences about the
world less on their learned prior information (‘hypo-prior’)
than normally developing individuals. Formally, they proposed that the construction or updating of Bayesian priors
(i.e. the contextually sensitive expectations of sensory inputs)
might be aberrant in ASD leading to attenuated and overly
imprecise prior expectations. This in turn manifests in a maladaptive perceptual style largely unbiased by the priors and
closely oriented toward the sensory input. As the prior generally serves an important function in reducing uncertainty
in Bayesian formulations of perception, Pellicano and Burr
(2012) hypothesized that this aberrant construction of priors
in ASD might lead to context-invariant and broad expectations necessarily leading to generally increased differences
between prior expected and observed sensory input. Many
ASD-associated perceptual and behavioral phenomena may
be explained by this aberrant computational process (Haker).
Lawson et al. (2014) adapted this computational hypothesis
of Pellicano and Burr (2012) into the neurobiologically constrained predictive coding framework (also Predictive Processing, from here on PP) and extended it to the temporal and
hierarchical dimensions. PP is a process theory that describes
how computational Bayesian inference might be realized in
the human brain (Clark, 2013). A central role falls to toptown predictions that attempts to explain away neuronal activity at lower levels of the neurocomputational hierarchy. A
mismatch between top-down predictions and bottom-up activity leads to the generation of a weighted prediction error
(PE) that is passed up the hierarchy to improve predictions.
Importantly, PP departs from the representational framework
of cortical computation by proposing that only PEs are passed
upwards the cortical hierarchy (Keller & Mrsic-Flogel, 2018).
Moreover, the (contextual) weighting of PEs is important in
this scheme and, if estimated correctly, functions by discerning between irreducible noise in the environment and relevant contingencies. Finally, more shallow/bottom-up layers
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of the proposed neurocomputational hierarchy are assumed
to encode domain-specific PEs regarding temporally and spatially ’smaller’ environmental aspects whereas higher levels
encode domain-general PEs over temporally and spatially abstract environmental aspects (Clark, 2013; Perrykkad & Hohwy, 2020).
Specifically for ASD, Lawson et al. (2014) hypothesized that
the aberrant Bayesian inference as described by Pellicano and
Burr (2012) manifests in a relatively increased subjective precision (inverse variance) of sensory evidence relative to topdown prior beliefs, especially in moments of high ambiguity
or uncertainty. This prevents the adequate weighting of PEs
along the cortical hierarchy rendering them generally less informative in updating the generative model. This effect might
be more pronounced the more domain-general the PEs become. This failure to accurately inform the generative model
with only relevant prediction errors, especially on higher levels, might additionally prevent the formation of adequately
abstract (or ’deep’) generative models over time. As the accurate PE-weight (and precision) estimation requires contextual
knowledge of the environment, ASD has consequently been
described as a meta-cognitive disorder (Friston, Lawson, &
Frith, 2013). In summary, many characteristic ASD symptoms might be compensatory behavioral mechanisms to reduce the aberrant PE weighting. For examples see e.g. (Haker
et al., 2016).
After this introduction, we will summarize the methods employed in this study. Then, the main findings of Lawson,
Mathys, and Rees (2017) will be summarized and our hypotheses based on those original results will be presented.
Then, findings from our study will be reported and replication success will be critically evaluated. Finally, we will give
an outlook for further research.

Methods
Subjects and demographic data
Subjects in our sample were screened for Autism between
the years 2001 and 2009 as part of a research project on highfunctioning autism and Asperger syndrome at the University
Hospital Marburg. All subjects were classified as ASD or
non-ASD cases based on best-estimate clinical (BEC) diagnosis according to ICD-10, comprising a comprehensive clinical investigation with physical examination, medical historytaking, assessment of intellectual ability with the HAWIK-3
(Tewes, Rossmann, & Schallberger, 1999), ADOS, ADI-R
and differential diagnostic examination. Additionally, subjects completed several neuropsychological tests including
the Wisconsin Card Sorting test. Informed consent was obtained either from the subjects or a legal guardian. Ethics
approval for this study was given by the Ethics committee of
the medical department of the University Marburg.
The sample consists of a total of N=33 adolescent and adult
subjects (Female=2) of which N=22 received an ASD diagnosis after BEC. Additional demographic details can be seen in
Table 1. The mean age of the entire sample was 18.99(SD =
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Table 1: Demographic data of both groups with mean (M) and
standard deviation (SD). Correct responses are displayed relative to all possible cards (either 96/128). Perservative errors
as a subset of the overall false responses are given in proportion of the individual played cards.

IQ score
Correct responses
(%)
Persev. Err.
(%)
False responses
(%)

ASD (N=22)
M
SD
95.45 17.99

non-ASD (N=11)
M
SD
114.54
15.84

81.20

10.35

81.39

7.51

4.26

5.98

5.29

4.83

18.79

8.22

18.79

10.35

3.06). A series of Brunner-Munzel test (BMT from here on)
(Brunner & Munzel, 2000) revealed no significant group differences for the relevant variables in Table 1 (p > .337) with
exception of the IQ score. The IQ-score in the ASD-group
(Mdn = 95.45) was significantly lower than in the N-ASD
group (Mdn = 114.54) with B = −3.60, p = .0012.

Wisconsin card-sorting task
As part of a larger diagnostic program, subjects performed a
modified and computerized version of the Wisconsin CardSorting test (WCST) (Grant & Berg, 1948). The WCST
is considered the neuropsychological gold standard in measuring executive functions like cognitive flexibility and setshifting (Kopp, Maldonado, Scheffels, Hendel, & Lange,
2019; Lange, Seer, & Kopp, 2017) with adequate psychometric properties (Kopp, Lange, & Steinke, 2021).
In this WCST version, there were four target cards displayed
on a monitor each card showing colored groups of geometric symbols. The subjects were tasked to discover a ‘hidden’
sorting rule by iteratively allocating one of the sorting cards
per trial to one of the four target cards. After card allocation,
subjects received binary feedback if the allocation followed
the current sorting rule (‘correct’) or not (‘incorrect’). There
are three possible ‘hidden’ sorting rules i.e. sorting cards either by color, by number, or by a geometric symbol. The hidden rule changed after 10 successful allocations (completing
a ’cognitive set’) without explicit instructions and subjects
were required to infer the new sorting rule. Note, that two
versions of this computerized task were used in our data collection which had a different total numbers of sorting cards
i.e. 96 and 128. However, both versions employed the same
criteria for completing the task: either 6 cognitive sets of 10
successful card allocations following a current sorting rule or
after all sorting cards were used.
Additional to the number of correctly allocated cards (cards
with ’correct’ feedback from experimenter), the WCST implementation used in this work considers four main error variables: (1) the total number of non-perseverative errors, (2)

a subset of the non-perseverative errors called the set-loss
errors, (3) ’normal’ non-perseverative errors and (4) perseverative errors. The total number of errors is a composite
of all four error variables. Perseverative errors are defined
as the continued application of the immediate prior sorting
rule despite receiving at least one prior negative feedback on
that sorting rule indicating a rule-change. Complementary
to the perseverative errors are the non-perseverative errors
and the sum over both error-types describes the total errors
made with its inverse the total cards correctly allocated. Nonperseverative errors are comprised of two subsets: ’normal’
errors and set-loss errors. A set-loss error describes the loss
of a cognitive set i.e. applying a wrong sorting rule after initial correct identification of the change in sorting rule. A ’normal’ error describes all other non-perseverative errors.
Note, that N=21 performed the 96-card version and N=12
the 128-card version. Importantly, of those performing the
128-card version only N=3 subjects required > 96 sorting
cards to reach the end-criterion. To reduce the possibility
of bias these subjects might contribute, all WCST error variables (Table 1) were normalized by the individual total number of played cards. A recent meta-analysis hints towards a
large increase in perseverative errors with a mean cohen’s D
of d = 1.47(SE = .02) in people with ASD when compared
to mental-age matched controls (Landry & Chouinard, 2016).
For brevity, only those errors are reported and discussed.

The Hierarchical Gaussian Filter
The HGF is a hierarchical probabilistic time-series model
that can be understood as a hierarchical generalization of the
Kalman-Filter with dynamic learning rates. The HGF was derived by C. Mathys, Daunizeau, Friston, and Stephan (2011);
C. D. Mathys et al. (2014) as a generic neurocomputational
model of learning under uncertainty and has been utilized
multiple times in the context of ASD (Lawson et al., 2017;
Sevgi, Diaconescu, Henco, Tittgemeyer, & Schilbach, 2020).
Specifically, the HGF was derived within the metaBayesian ‘Observing-the-observer’-framework (Daunizeau,
Den Ouden, Pessiglione, Kiebel, Stephan, & Friston, 2010;
Daunizeau, Den Ouden, Pessiglione, Kiebel, Friston, &
Stephan, 2010) i.e. this model aims to enable experimenters
to infer information about (approximate) Bayesian inferences
performed by a subject presented with a specific cognitive
task. Specifically, the HGF-framework consists of a generative model and a variationally inverted inference model. For
full mathematical derivation and assumptions see (C. Mathys
et al., 2011) and (C. D. Mathys et al., 2014).
The generative model of the HGF is a set of formal assumption over how hidden or latent quantities (x) of a dynamic environment (e.g. cognitive task) are assumed to
evolve over time. In the HGF, the environmental generative
model is described as a hierarchically interconnected set of
Gaussian random walks of which the lowest level produces
the observed outcomes. A full treatment can be found in
C. Mathys et al. (2011).
The inference model of the HGF consists of a perceptual
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model and a decision model (or response model). It describes the inverted (via Gaussian Mean-Field variational approximation) HGF generative model which can be fitted to
an agent. Mean-field variational Gaussian expectations over
trial-by-trial hidden environmental quantities x entertained by
the agent are denoted by the q(x) in Figure 1. As highlighted
by C. Mathys et al. (2011); C. D. Mathys et al. (2014), this
variational Bayesian inversion leads to closed-form update
equations of trial-by-trial Gaussian expectations over new observations q(x̂) akin to generic delta-learning rules. These
prior expectations about sensory input are encoded by a mean
µ̂ and precision π̂ (inverse variance) for each level of the HGF
and are updated via prediction errors (PE) passed up the hierarchy weighted by a dynamic learning-rate α. Once updated,
prior expectations become posterior expectations (µ,π) which
are then used to predict input at the next time-step t + 1. At
the lowest level, the HGF decision model converts prior esˆ over latent quantities into probabilistic expectatimates q(x)
tions of observations. The HGF inference model allows binary, categorical, and continuous outcomes to be predicted.
In the case of the 3-level HGF perceptual model as employed
by Lawson et al. (2017) and here, the first level encodes
trial-by-trial outcome probabilities of observations q(x1 ). As
Lawson et al. (2017) also predicted the reaction times, their
decision model was continuous. As we predicted the categories (color, geometric form, or form count), our decision
model was categorical with three outcomes corresponding to
the WCST sorting rules. The trial-by-trial probabilistic expectations over obseravtions are converted from the second
level of the HGF via a softmax function (s(.) in Figure 1).
The second level keeps track of the unbounded outcome expectations over WCST categories q(x2 ) at time t. Prior expectations are parameterized by a mean µˆ2 and a precision
πˆ2 . Importantly, the precision of this expectation is a function of the trial-by-trial estimate of the next upper (third) level
(q(x3 )) and a subject-specific model parameter ω2 encoding
the time-invariant (tonic) expected tendency of change in outcomes (volatility). Again, predictions at this level are updated
via a closed-form update equation yielding posterior expectations µ2 and π2 used to predict the upcoming observations.
Updates are calculated using the weighted prediction error
(PEt1 ∗ αt2 ) from the lower level defined by the difference of
the prediction q(xt1 ) and observation Ot at the current trial.
As the precision πˆ2 of the trial-by-trial expectation µˆ2 over
q(x2 ) is partly determined by the third level, this third
level encodes expectations regarding the trial-by-trial (phasic) volatility of outcomes q(x3 ) i.e. the phasic tendency of
change in the outcome expectations q(x2 ). Similarly, this
volatility expectation is represented by a mean πˆ3 and precision µˆ3 . Note, that the trial-by-trial precision of this expectation µˆ3 is partially a function of the tonic and individually
estimated model parameter called the meta-volatility estimate
(ω3 ). This parameter reflects the time-invariant belief of the
subject in the instability of the instability in environmental
contingencies. Only µˆ3 is updated by a closed-form equation

Figure 1: Schematic depiction of the three-level categorical HGF. q(x) are the variational Gaussian approximations of the
inverted HGF inference model over hidden states xas represented by the generative model of the subject. O represents input
observed by the subject (and the HGF). q(x) denotes trial by trial hierarchical prediction errors and α the respective weights.
ω2 and ω3 denote individual tonic volatility estimates.
to the posterior volatility expectation µ3 .
The priors over the HGF parameters of our model were
adapted from the publication of Lawson et al. (2017) when
applicable. The Gaussian prior on ω2 (µ = −5 and σ2 =
16) was adapted directly as they were estimated in an untransformed space. Note, that ω2 was transformed after
model fitting into the positive domain via exponentiation to
aid in interpretation. As ω3 was estimated in log-space in the
HGF model used by Lawson et al. (2017) but in logit space
here, due to differences in model derivation for the categorical HGF, the prior µ was transformed via the exponential
function. The Gaussian prior for ω3 was (µ = .002478 and
σ2 = 4). We utilized the BFGS implementation for maximum
likelihood estimation of the individual model parameters and
starting points for the BFGS implementation were drawn
from the prior distributions.The categorical HGF-model is
implemented in the proprietary language used by MATLAB
and was published as part of the TAPAS toolbox (Frässle et
al., 2021). The model-implementation is available under an
open-source license as part of the TAPAS toolbox (Frässle et
al., 2021) on Github 1 . For model fitting in this study, the
TAPAS toolbox was installed on a Windows 10 machine running MATLAB r2020. Model fitting of the HGF was done
within a MATLAB environment accessed from a Python environment (3.7) via the MATLAB Engine API for Python.
All subsequent analyses and plots were performed in Python.
Supplementary material to this study (incl. code and data)
1 https://github.com/translationalneuromodeling/
tapas/tree/master/HGF
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can be accessed at the data UMR Repo2 .

Original results and hypotheses
To follow up on this novel theoretical view provided by
Lawson et al. (2014) on ASD, Lawson et al. (2017) tested
several tenets and corollaries of the their theory in a sample
of people with an ASD diagnosis (N=24) and normally developing individuals (N=25, IQ and age-matched) using a cued
probabilistic learning task and a combination of computational modeling and pupillometry. More specifically, through
this model-based inference Lawson et al. (2017), reported
four central computational modeling results. These results
may be understood as ASD-specifc computational marker of
aberrant predictive processing.
Firstly, the individual model parameter ω3 encoding metavolatility showed a marked group difference between people
with and without ASD. Specifically, this parameter showed
a significant increase in people with ASD. In line with their
theoretical work, the authors concluded that people with ASD
have difficulties in adaptively responding to uncertainty in
perception which may be manifested in this tendency to generally (over-) expect the unexpected. In other words, a maladaptive over-expectation of meta-volatility of environmental
contingencies might be the manifestation of a compensatory
meta-cognitive inference that one is unable to construct informative predictions regarding sensory input.
Secondly, the individual meta-volatility model parameters
2 http://dx.doi.org/10.17192/fdr/87

made significant contributions in predicting the diagnostic
status (ASD, non-ASD) of an individual.
Thirdly, Lawson et al. (2017) reported that people with and
without ASD differ in their adaptations of learning rates when
transitioning from stable task-phases to more volatile taskphases. Optimally when transitioning from a stable to a
volatile phase, learning rates should generally increase to allow learning of recent contingencies. However, the authors
reported that people with ASD adapted their weights (i.e.
precision or learning-rate) on the hierarchical PE (∆α) differently to the subjects without ASD. Importantly, people with
ASD adapted their learning-rate less on the relevant level
of outcome expectancies q(x2 ) in response to volatile taskphases and adapted learning rates more strongly on the level
of the volatility over outcome expectancies q(x3 ).
Fourthly, ∆α to task-phases with increased volatility of environmental contingencies were significantly predicted by individual model parameters ω2 and ω3 . This further corroborates the first finding. Consequently, we examined the following hypotheses in this work:

Hypothesis 1: Group differences in tonic volatility
estimates

1. Increased individual tonic volatility estimates ω3 in the
ASD group.

Hypothesis 3: Group differences in updating the
learning rates in response to volatile task phases

2. Prediction of the diagnostic status from individual tonic
meta-volatility estimates (ω3 ).

First, we tested if ∆α2 was indeed decreased for the ASD
group after a rule change. Between the immediate first
and second trial (∆αt+1
2 ) after a rule change, we found
no significantly decreased ∆αt+1
for the ASD (Mdn =
2
.2053) versus the NT (Mdn = .2061) group with B =
.076,CLES = .508, p = .530. Similarly, we found no significantly decreased learning rate updating (∆αt+2
2 ) for the
ASD (Mdn = .377) versus the NT (Mdn = .224) group with
B = −.178,CLES = .479, p = .430 between the second and
third trial after a rule change .
Secondly, we tested if ∆α3 was significantly increased for the
ASD group after a rule change. Between the first and second trials after a rule change (∆αt+1
3 ), we found no significant increase in updating of learning rates between the ASD
group (Mdn = .0152) and the NT group (Mdn = .0129) with
B = .035,CLES = .504, p = .486. Also, between the second and third trials after a rule change (∆αt+2
3 ), we found no
significantly increased updating of learning rates between the
ASD group (Mdn = .0302) and the NT group (Mdn = .0213)
with B = .588,CLES = .566, p = .281.

3. Decreased learning-rate modulation (∆α2 , ∆α3 ) in response to increased volatility (i.e. rule changes of the
WCST). Specifically, a decreased ∆α2 updating and a increased ∆α3 updating in the ASD group relative to the nonASD group.
4. Prediction of ∆α2 and ∆α3 by individual model parameters
ω2 and ω3 . Specifically, ∆α2 should positively predicted
by ω2 and negatively predicted by ω3 . In turn, the ∆α3
learning-rate modulation should be positively predicted by
ω2 and positively predicted by ω3

Results
We will briefly summarize the results of our analyses. We
used the non-parametric Median-based Brunner-Munzel test
(BMT from here on) (Brunner & Munzel, 2000) for all subsequent analyses of group differences as it still allows reasonably robust inferences with heteroscedasticity, violated normality assumptions and unequal sample sizes without too
much loss of statistical power (Karch, 2021; Fagerland &
Sandvik, 2009). Median will be abbreviated by Mdn from
here on. For all comparisons the common language effectsize (CLES/ Vargha and Delaney ’A’-measure) will be reported (Vargha & Delaney, 2000). The CLES is interpreted
as the probability that a value from the relevant group will be
greater than a value from the other group. A CLES=.5 denotes therefore stochastic equality between groups. Conventions for interpretation are provided by (Vargha & Delaney,
2000) with a small effect from 0.56 to < 0.64, a medium effect from 0.64 to < 0.71 and a large effect of 0.71.
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In a first analysis, we tested for group differences of (ω3 ).
Our data are not in line with an increased ω3 estimates in
the ASD group (Mdn = .0481) compared to the NT group
(Mdn = .0538) with B = −.93.0,CLES = .392, p = .8444.

Hypothesis 2: Significant prediction of diagnostic
status from tonic volatility estimates
We fitted a logistic regression model using the mean-centered
both ω2 and ω3 parameters as and the diagnostic status
(ASD=1, ND=0) a the dependent variable. We utilized an
l2-penalty on the coefficients and performed a Leave-oneout cross-validation procedure (LOOCV) over the prediction success. No HGF model-parameter made a statistically
significant contribution in predicting diagnostic status with
z <= .025, p => .980 for both ω2 and ω3 . We estimated a
LOOCV-corrected prediction accuracy of 66.66% using both
ω2 and ω3 estimates as predictors.

Hypothesis 4: Significant prediction of learning rate
adaptations by individual tonic volatility
parameters
Here we assessed volatility estimate predicted ∆α2 and ∆α3
after a rule change. Again, we included ω2 (and ω3 ) as predictors in two separate multiple linear regression models predicting ∆α2 and ∆α3 for each of the two timepoints after a
rule-change. The HC1 heteroscedasticity-robust covariance
estimator was used (Hayes & Cai, 2007).
Using both ω2 and ω3 to predict (∆αt+1
2 ) returned a significant model (F(2, 30) = 19.37, P < .0001, R2 = .316) with ω2

(t = 6.19, p < .001) being the only significant predictor. Subsequently, when using ω2 and ω3 to predict ∆αt+2
2 of the same
level, the model was significant again (F(2, 30) = 3.72, P =
.035, R2 = .266) and ω2 was the only significant predictor
(t = 2.72, p = .011). Note, that there was a large deviation
from normality in this model with (JB = 173, p < .001) for
the Jarque-Bera test (Jarque & Bera, 1980).
Including ω2 and ω3 to predict ∆αt+1
3 returned a significant
model (F(2, 30) = 13.54, P < .001, R2 = .403) with ω2 again
being the only driving predictor (t = 5.19, p < .001). Similarly, the model predicting ∆αt+2
3 was significant (F(2, 30) =
15.66, P < .001, R2 = .507) with ω2 again being the only driving predictor (t = 5.46, p < .001).

Discussion
Following hypothesis 1, we were not able to obtain similar
results for ω3 as reported by Lawson et al. (2017). Contrary to their study, our data do not support the hypothesis
of an increase in meta-volatility estimate for the ASD group.
Several explanations are plausible. First, the WCST task
employed here did not require the subject to perform multimodal cue-learning and had a deterministic reward schedule
which might have decreased the difficulty considerably. Contrary to this, the probabilistic learning task in Lawson et al.
(2017) employed an additional auditory cue with varying reliability and social stimuli. Secondly, the WCST has multiple
volatile phases (i.e. rule changes) throughout the trials compared to only one volatile phase in the probabilistic learning
task employed by Lawson et al. (2017). This might allow
even subjects with impaired learning enough time to anticipate volatile phases. This fact likely decreased group differences in tonic meta-volatility estimates in our study. Importantly, when testing for group differences in the parameter
coding the tonic volatility of changes in outcome contingencies (ω2 ), we found a non-significant trend for a small effect
towards an increased ω2 for the ASD-group (Mdn = 0.276)
compared to the non-ASD group (Mdn = 0.251) with B =
1.40,CLES = .644, p.085. In summary, the task environment
presented to the subjects in this sample might simply be too
predictable for aberrations in precision estimation to influence task-behavior.
In hypothesis 2, we found little influence of individual volatility estimates (ω2 and ω3 ) when predicting diagnostic status
as overall group differences in those parameters were already
small.
Following hypothesis 3, we were also not able to find similar
effects for aberrations in PE weights as observed by Lawson
et al. (2017). The original authors highlighted that individuals with ASD likely differed in their adaptive updating of
learning rates in response to phasic volatility in the task environment i.e. transition from stable to volatile task-phase.
Again, multiple explanations are possible for an unsuccessful replication. First, due to the continuous outcome of the
3-level HGF version used by Lawson et al. (2017)), they only
had to test a single trial-by-trial learning rate per HGF-level

1741

between groups. The categorical HGF used here employs
a parallel three-level hierarchy for each WCST sorting category which gives three learning rates per level. To still capture this effect meaningfully, we only examined the learning
rates of the two WCST sorting categories that the sorting rule
could change to. If e.g. the correct sorting rule was ‘geometric form’ in the preceding cognitive set, we only examined
the learning rates for the two remaining outcomes ‘count of
forms’ and ‘color of forms’ as adaptations of learning-rates
should manifest here most prominently. We then calculated
the trial-by-trial average of the per-level learning rates over
both ’learnable’ WCST outcome categories giving a single
average learning rate for these outcomes. This procedure in
itself might have biased the inferences.
Secondly, for brevity, we opted to examine updates in learning rates up to three trials after each WCST rule-change. Note
that this choice is necessarily arbitrary. Following the procedure described beforehand, this examination yielded two ∆α
values for each level and each WCST rule-change. Therefore,
∆α for each level coded the absolute changes in learning rates
for that specific level following a rule-change.
Thirdly, due to the multiple volatile phases of the WCST, we
calculated the average of those per-level ∆α values throughout all trials following a rule change for each subject. This
yielded two average ∆α values per level (t+1 and t+2) and
subject. Still, there was only a marginal statistical trend of
differences in individual tonic volatility parameters for ω2 .
Without a meaningful group-difference in ω3 (or ω2 ) in the
ASD group, there is likely also little difference in prior precision leading to little group differences in how strongly prediction errors are weighted.
Finally, regardless of time after the rule change, ω2 appears
to be the main driving parameter behind learning rate updates
∆α2 and ∆α3 regardless of time after rule-change. This corroborates the findings from Lawson et al. (2017) in general.
In other words subjects with an increased belief in uncertainty
of outcome expectations (ω2 ), of which there was a marginal
trend in our ASD-group, tended to update their learning rates
more strongly in response to volatile task phases (WCST rulechange). Contrary to their results, we weren’t able to find
the negative predictive effect of ω3 on either ∆αt+1
or ∆αt+2
2
2
i.e. that an increased belief in volatile volatility (i.e. metavolatility) decreased learning rate updates on the second level
of outcome expectations. Additionally, we were not able to
find the positive predictive effect of ω3 on either ∆αt+1
or
3
t+2
∆α3 .
In summary, we were only able to find a subset of the effects reported by Lawson et al. (2017) likely due to a different task setup, different instances of a similar computational
behavioral model and a small sample size. We are unable to
clearly highlight which factors produced the observed data.
Future research needs to examine what stimuli, structure or
dynamics of a task environment are driving factors behind an
overestimation of volatility in individuals with ASD.
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Abstract
The application of artificial intelligence (AI) for text generation
in creative domains raises questions regarding the credibility of
AI-generated content. In two studies, we explored if readers
can differentiate between AI-based and human-written texts
(generated based on the first line of texts and poems of classic
authors) and how the stylistic qualities of these texts are rated.
Participants read 9 AI-based continuations and either 9 humanwritten continuations (Study 1, N=120) or 9 original
continuations (Study 2, N=302). Participants' task was to
decide whether a continuation was written with an AI-tool or
not, to indicate their confidence in each decision, and to assess
the stylistic text quality. Results showed that participants
generally had low accuracy for differentiating between text
types but were overconfident in their decisions. Regarding the
assessment of stylistic quality, AI-continuations were
perceived as less well-written, inspiring, fascinating,
interesting, and aesthetic than both human-written and original
continuations.
Keywords: Cognition, Artificial Intelligence, Literature, NLP,
GPT-2

Introduction
Artificial intelligence is increasingly used to provide support
in creative domains such as the composition of emotional
film trailers (Smith et al., 2017) or the ideation in fashion
design (Jeon et al., 2021). As part of this trend, advanced
tools for human-AI co-creative processes have been
developed in recent years. For instance, in a visual arts
context, an empathic AI-tool has been developed that
provides help in portrait drawing by means of embodied
conversational interaction (Yalçın, Abukhodair & DiPaola,
2020). Another example from the field of music composition
is an AI-tool enabling computational melodic harmonization
(CHAMELEON) that has been developed by Zacharakis et
al. (2021). When evaluating this tool with experienced and
inexperienced music composers engaging in human-AI cocreative processes it turned out that this tool was particularly
helpful for less experienced students to better express their
ideas.
In this paper we will focus on using AI-tools in an even
more complex creative domain, namely the production of
literary texts such as short stories or poems. This domain can
be seen as providing harder challenges than music
composition or drawing due to the complexity of its

underlying semantic structure and the embodied grounding of
the symbols used to express it. Creativity tools in fields such
as music or visual arts of course also need to pick up relevant
patterns in their respective domains but they would not have
to “understand” the symbolic meaning of these patterns in
order to be able to play with them in a creative way and to
produce novel patterns that would make sense to human
recipients. Literary fiction, on the contrary, is based on
playing with semantic and formal structures that are
generated and understood based on their embodied
groundings in the perceptions, feelings and actions of human
authors and human readers. These groundings of language
meanings in perceptions, feelings and actions are obviously
not available to AI-tools so that they would need to navigate
a semantic space during text production without really
“knowing” what they are writing about. Therefore, it is an
important question to investigate how believable or credible
literary texts written with the help of AI-tools can be and how
they would be perceived aesthetically.
When it comes to AI-based text generation in general, the
situation is probably easier for expository texts than for
literary texts as they usually describe facts in the external
world that can be collected in fact databases for grounding
purposes (which is not the case for literary texts describing
“inner” facts emanating from the mental life of an author).
Accordingly, for expository text generation there are already
some successful examples providing evidence that AI-tools
can use big databases of facts to automatically produce
credible expository texts. Accordingly, based on recent
advances in natural language processing (NLP), more and
more AI-generated text sources have become available online
and more and more applications for creating such texts
continue to be developed and refined. For instance, in a study
by Graefe et al. (2018) 986 participants read computerwritten news articles about sports and financial topics and
rated these texts even as more credible and higher in
journalistic expertise (but more difficult with regard to
readability) than comparable human-written articles from
popular German websites for sports (i.e., sport1.de) and
financial topics. For the computer-written news articles in
this study, an application for natural language generation was
used that allowed for the automatic creation of ready-topublish expository texts based on large databases for different
topics such as soccer games, stock exchange market reports,
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or weather forecasts (Haarmann & Sikorski, 2015). Beyond
descriptive expository texts, AI-models have also been
developed for writing tasks in conversational contexts such
as writing emails (Buschek, Zürn & Eiband, 2021), using bots
to communicate via text chat with customers (McKee &
Porter, 2020) or providing health consultation (Wang et al.
2021).
In all of the use-cases mentioned above it is of course not
only important from a cognitive science perspective to
understand how and how well human readers are (still) able
to distinguish AI-generated from human-generated texts but
also to analyze how AI-based texts are perceived and
evaluated. However, these questions might be most
interesting in the use-case of writing literary texts due to the
important role of an embodied grounding of these texts in the
perceptions, feelings and actions of human authors and
human readers. Accordingly, one might doubt whether AItools will be able to write about these types of experiences experiences that they are themselves not capable of having in a way that is perceived as credible and aesthetically
appealing to human readers. Empirically, findings about the
perception and evaluation of AI-based non-expository texts
are quite mixed, depending on the concrete scenario and
technology used. For instance, Bringsjord and Ferrucci
(1999) reported about BRUTUS, a story telling machine, that
it was not yet capable of producing full stories to compete
with human writers on creativity ratings. Clark et al., (2018)
on the other hand reported that participants found it helpful
and fun to use an AI-system to give them suggestions and
ideas for writing short stories and slogans.
Moreover, for the automatic generation of natural language
to write poetry based on images, even a Turing Test was
passed (Liu et al., 2018). This Test (Turing, 1950) is a
standard procedure commonly used to examine whether a
computer-generated content or behavior can be identified as
such by humans when compared to a human-generated
content or behavior. In the study of Liu et al. the Turing Test
was conducted by asking literature experts and literature
novices to choose the human-written poems from a set of
mixed human-written and AI-generated poems based on
images. All participants ended up with high confusion rates
(40-57 %) with the expert group being slightly superior to the
novice group at identifying the AI-generated poems.
Similar results were obtained recently by Köbis and
Mossink (2021) who used GPT-2 (Generative Pretrained
Transformer 2 Model) in their Turing-Test study, which
demonstrated that literature novices could not differentiate
AI-generated poetry from purely human-written poetry
(written by untrained writers in their first study). The correct
origin of poems was identified by participants with an
average accuracy of 50.21%, indicating no significant
deviation from chance level. In this study they additionally
asked participants, before reading all poems, how confident
they were that they could distinguish between the AIgenerated and human-written poems.
Results indicated that participants were rather
overconfident (69.33%) compared to their actual

performance (50.21%). Thus, participants were quite
convinced that they could distinguish between AI-generated
and human-written texts, but they were actually not able to
do so. Moreover, participants’ performance beliefs were not
significantly correlated with their actual performance in
detecting the correct origin of the texts in a regression
analysis. Despite their random performance, participants
nevertheless showed a preference for human-written poetry.
In a second study, Köbis and Mossink used professional
poems of Maya Angelou and Hermann Hesse and compared
them to AI-generated poems. Participants had to identify the
correct origin of poems in two different conditions: In the
human-in-the-loop (HITL) condition the best GPT-2 poems
were preselected for presentation by human raters whereas in
the human-out-of-the-loop (HOTL) condition randomly
sampled GPT-2 generated poems were presented. The results
showed, in sum, that overall, participants were able to detect
the correct origin of the poems better than chance levels. In
the HOTL condition accuracy levels of the participants were
higher than in the HITL condition. The accuracy rates in the
HOTL condition differed significantly from chance level
whereas the accuracy rates in the HITL condition did not
differ significantly from chance level. Again participants had
to indicate their confidence after reading each text. In this
study 38.91% of the participants showed
hints for
overconfidence. A linear regression revealed for this second
study that participants' performance beliefs and their
accuracy levels in detecting AI texts correlated significantly
(positive). Again, participants preferred overall the original
human-written poems of Maya Angelou and Hermann Hesse
to AI-generated poems. In sum, people preferred humanwritten texts generated by both untrained writers as well as
classic authors. For human-written texts from untrained
writers Köbis and Mossink found a confusion rate of 50%,
whereas for original texts from professional authors the
confusion rates were a little bit lower. With regard to their
abilities to distinguish between human-written and AIgenerated poems, participants were overconfident in the first,
but not in the second study.
It has to be noted that Köbis and Mossink did not
investigate the perception and evaluation of AI-generated
poems in greater detail, for instance with regard to the
evaluation of their stylistic quality as an indicator of the
aesthetic perception of poems. Moreover, they confined their
studies to poems from only two classic authors, both from the
20th century. In our own studies we addressed these issues by
first investigating not only the identification of AI poetry but
also its aesthetic perception in terms of how participants
evaluated the stylistic quality of all texts. Moreover, to
generalize the findings of Koebis and Mossink we extended
the set of classic authors investigated from two to four
authors from different historical epochs. For each author,
several unfamiliar texts (narrative texts or poems) were
selected as stimulus materials. The final text set used in our
studies comprised 18 poems and narrative texts written by
different classic authors (i.e., Franz Kafka, Friedrich
Hölderlin, Robert Gernhardt, and Paul Celan) as materials.

1745

Furthermore, we did not only compare the original texts from
the classic authors (for which one cannot ensure that they are
completely unfamiliar to participants) with AI-based texts,
but additionally let authors with a literature-specific
professional background (instead of untrained writers) create
purely human-written plausible text continuations for the first
few lines of each text as comparison materials.
The main research questions addressed in our two preregistered studies are: Do people recognize and aesthetically
prefer narrative texts and poems written by (a) participants
with a literature-specific professional background (Study 1)
or (b) original narrative tests and poems written by classic
authors (Study 2) as compared to texts generated by a GPT2based AI-writing-tool? Therefore, we investigate how
readers evaluate the different types of texts regarding their
stylistic qualities.
We also investigated how accurate readers can distinguish
between AI-based text and texts written purely by humans
and how confident the readers were in their classification
decisions. Besides low levels of accuracy, high levels of
confidence in wrong decisions might be a good indicator for
the credibility of AI-generated texts.

Study 1
Methods
Participants Study 1 A sample of N = 120 participants who
were fluent in German was recruited via the online platform
Prolific. The sample consisted of 64 females, 53 males and
3 non-binary persons. Participants' age ranged from 18 to 61
years (M = 26.76, SD = 7.20).
Materials and Procedure The texts used in this study were
generated in an exploratory pilot study (Gunser et al., 2021).
In a writing phase of the pilot study, the first few lines of
poems were presented to the participants with literaturerelated professional background (18 unfamiliar poems; two
different poems for each participant). The original texts were
authored by the writers Franz Kafka, Friedrich Hölderlin,
Robert Gernhardt, or Paul Celan. Participants were asked to
write their own continuation for the presented lines and then
attempt to develop a second continuation to the same lines
using an AI (artificial intelligence)-writing-tool based on
GPT-2. As a result, in addition to the original continuation of
the poem or text two alternative continuations were created:
One continuation written by a human (participant with
literature background) and another continuation written with
the help of the AI(artificial intelligence)-tool (HITL). In the
AI-based continuation, human editing was severely limited to
25% of the words.
In the present Study 1, the 18 human-written continuations
and the 18 AI-based continuations were presented in an
evaluation phase to the participants. A within-subject design
was used: Each participant evaluated nine human-written and
nine AI-based continuations. The continuations were
presented together with the first lines (i.e., the beginning) of

the original texts and participants were informed (via colorcoding) where the original beginning ended and the
continuations started. Which of the 18 texts was presented in
the human-written or AI-based version was counterbalanced
across participants. The proportion of AI-based and humanwritten texts was undisclosed to ensure that decisions could
not be derived based on previous trials.
For the first evaluation phase, participants were asked to
answer the statement “This text was written with the help of
an artificial intelligence (AI)” with “yes” or “no” and then
“How confident are you in your decision?” with an indication
on a six-point-scale from “50% - I guessed” to “100% - very
sure”. After the first evaluation phase all continuations were
presented again and participants were asked to rate on a scale
from “1 - I strongly disagree” to “5 - I strongly agree” if each
individual continuation was well-written, inspiring,
fascinating, interesting, and aesthetic based on their
perception.

Results
Classification accuracy (AI-based vs. human-written)
Participants identified 59.72% of the human-written
continuations correctly as human-written and 57.96% of the
AI-based continuations correctly as AI-based. This means,
they misclassified 40.28% of human-written continuations
falsely as AI-based and 42.04% of the AI-based continuations
falsely as human-based (see Table 1). This indicates that
participants were not able to perfectly distinguish between
texts (poems) produced by humans and texts produced by an
AI-tool in Study 1. The one sample t-test was significant (mu
= 1), t(119) = -33.83, p < .001, Cohen’s d = –3.09.
Nonetheless, participants were able to distinguish between AI
and human continuations above chance level (mu = 0.5),
t(119) = 7.27, p < .001, Cohen’s d = 0.66. On a descriptive
level, AI-texts were assumed to be human-texts (42.04%)
more often than human-texts were assumed to be AI-texts
(40.28%). However, a paired t-test, t(119) = 0.82, p = .412,
was not significant.
Table 1: Classification table for participants differentiation
between AI-based and human-written text continuations.
Participants‘
classification

Actual continuation type
Human-written
AI-based
Human-written
59.72%
42.04%
AI-based
40.28%
57.96%
Confidence Measure In Study 1 participants showed no
significant difference in their confidence while classifying
AI-based (M = 0.76, SD = 0.15) compared to human-written
continuations (M = 0.77, SD = 0.16), t(119) = 0.66, p = .509.
An exploratory simple regression with normalized
classification accuracy (averaged across all texts for each
person) as the predictor and average confidence as the
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outcome, showed no significant prediction of confidence via
accuracy, β = 0.013, p = .088, R2 = .016 (see Figure 1).

bars indicate standard errors.

Study 2
Methods
Participants Study 2 A sample of N = 302 participants who
were fluent in German was recruited via the online platform
Prolific. Participants of Study 1 were excluded from
participation in Study 2. The sample consisted of 166
females, 129 males and 7 non-binary persons. Their age
ranged from 18 to 66 years (M = 27.01, SD = 6.30).
Materials and Procedure The AI-based text continuations
were the same as in Study 1. In Study 2 the 18 texts with the
AI-based continuation and the 18 original poems of the
classic authors were presented to the participants. Apart from
this change the materials and procedure were identical to
Study 1.

Figure 1: Scatterplot (with regression line) for the association
between accuracy and confidence (both averaged across
texts) for the classification task in Study 1. The dashed line
indicates a perfect match of accuracy and confidence. Points
above the line indicate overconfidence while points below the
line indicate underconfidence.
Stylistic Quality For the analysis regarding stylistic quality,
participants ratings were averaged across all continuations of
the same type (AI-based vs. human-written) for each
participant to compare the resulting scores in paired t-Tests.
Human-written continuations were perceived as more wellwritten, t(119) = 7.40, p < .001, Cohen’s d = 0.68, more
inspiring, t(119) = 4.25, p < .001, Cohen’s d = 0.39, more
fascinating, t(119) = 5.19, p < .001, Cohen’s d = 0.47, more
interesting, t(119) = 3.93, p < .001, Cohen’s d = 0.36, and
more aesthetic, t(119) = 8.01, p < .001, Cohen’s d = 0.73, than
AI-based continuations (see Figure 2).

Figure 2: Participants' subjective stylistic quality evaluation
of AI-based (AI) and original (OG) texts in Study 1. Error

Results
Classification accuracy (AI-based vs. original) Participants
identified 66,48% of the original continuations correctly as
original and 59,78% of the AI-based continuations correctly
as AI-based. This means, they misclassified 33.52% of
original continuations falsely as AI-based and 40.22% of the
AI-based continuations falsely as original (see Table 2).
Table 2: Classification table for participants differentiation
between AI-based and original text continuations.
Participants‘
classification
Original
AI-based

Actual continuation type
Original
AI-based
66.48%
40.22%
33.52%
59.78%

Participants, again, were not able to perfectly distinguish
between original (produced by humans) and AI-based
continuations (mu = 1), t(301) = -44.67, p < .001, Cohen’s d
= –2.57. Nonetheless, participants' classification between AIbased and original continuation was still significantly above
chance (mu = 0.5), t(301) = 15.92, p < .001, Cohen’s d = 0.92.
Moreover, in Study 2 not only numerically, but also
statistically AI-based continuations were assumed to be
original continuations more often than original continuations
were assumed to be AI-continuations, t(301) = 4.89, p < .001,
Cohen’s d = 0.28.
Confidence Measure In Study 2 the average confidence
level of participants for the classification was lower for AIbased continuations (M = 0.74, SD = 0.15) than for the
original continuations (M = 0.75, SD = 0.16), t(301) = -2.92,
p = .004, Cohen’s d = -0.17. An exploratory simple regression
with normalized classification accuracy (averaged across all
texts for each person) as the predictor and average confidence
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as the outcome, showed a significant prediction of confidence
via accuracy, β = 0.022, p < .001. However, only a small
amount of variance in the confidence measure was explained
by the actual accuracy, R2 = .061 (see Figure 3).

Figure 3: Scatterplot (with regression line) for the association
between accuracy and confidence (both averaged across
texts) in the classification task in Study 2. The dashed line
indicates a perfect match of accuracy and confidence. Points
above the line indicate overconfidence while points below the
line indicate underconfidence.
Stylistic Quality For the stylistic quality evaluation of AIbased and original (human-written) continuations, we found
the same result pattern as in Study 1. Original continuations
were perceived as more well-written, t(301) = 9.65, p < .001,
Cohen’s d = 0.56, more inspiring, t(301) = 4.21, p < .001,
Cohen’s d = 0.24, more fascinating, t(301) = 4.64, p < .001,
Cohen’s d = 0.27, more interesting, t(301) = 5.53, Cohen’ d
= 0.32, p < .001, and more aesthetic, t(301) = 9.19, p < .001,
Cohen’s d = 0.53, than AI-based continuations (see Figure 4).

Figure 4: Participants' subjective stylistic quality evaluation
of AI-based (AI) and original (OG) texts in Study 2. Error
bars indicate standard errors.

Discussion
The first goal of the presented studies was to further
investigate to what extent readers are capable of
distinguishing between AI-generated texts and poems and
texts and poems written by (a) participants with a literaturespecific professional background or (b) original narrative
texts and poems written by classic authors.
Our results showed that participants felt rather confident in
their classification between human-written (both texts written
by literature professionals as well as originals written by
classic authors) and AI-based texts, but in fact the
misclassification rate for both types of texts (human-written
and AI-based) was rather high. This indicates that
participants were overconfident even though they were not
able (actually far away from being able) to perfectly
distinguish between the two text types. These findings are
partly in line with the findings of Köbis and Mossink (2021)
who showed hints of overconfidence in combination with
high misclassification rates in their first study but no sign of
systematic overconfidence in their second study. Moreover,
we also found similar results as Köbis and Mossink regarding
the prediction of participants’ confidence by the accuracy of
participants’ decision: Study 1 (AI-based vs. written by
literature professionals) accuracy did not predict confidence,
whereas in Study 2 (AI-based vs. originals), we found a
significant prediction of confidence by accuracy over all the
texts. This prediction, however, only explained a small
amount of the variance (6%). Further analyses based on the
signal detection paradigm used in our study are currently
under consideration to gather additional insights on
metacognitive levels of participants’ confidence.
Compared to already existing research in the field of
literature, we examined highly structured and also historical
texts of different classic authors. This could provide some
explanations on why the classification accuracy in our studies
was somewhat higher as in comparable literature: Hölderlin’s
poems, for example, are written in a sublime style and based
on the German language of the 18th-century, like other
poems in our corpus. These features could be an indication
used by readers to identify human-generated texts.
Furthermore, Gernhardt’s poems profit from a punchline that
presupposes situational knowledge. The AI-based
continuations lack such punchlines compared to Robert
Gernhardt’s original continuations, which makes it even
easier for readers to recognize the AI-based texts. Köbis and
Mossink (2021), on the other hand, used poems by 20thcentury authors Maya Angelou and Herman Hesse that are in
contrast for example to Hölderlin, both written in less
sublime forms and in contrast for example to Gernhardt do
not use punchlines. The lack of these three text features
(historical language, sublime style, punchlines) could explain
the higher misclassification rate of 50% in Köbis and
Mossink’s study in comparison to the misclassification rates
of around 40% in our studies. Further, Köbis and Mossink
used for their studies a GPT-2 model that was specifically
trained beforehand on the authors Jane Campion, Roald Dahl,
Robert Frost, and William Blake, whereas we decided to use
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the basic GPT-2 model in our studies which was not
specifically trained beforehand to investigate its possibilities
in a co-creation writing scenario to get more generalizable
results than deciding to train it with material of specific
authors. The pretraining of Köbis and Mossink might have
led to higher quality poems written by GPT-2 in their studies,
thereby also increasing the possibility of higher
misclassification rates.
The second goal of our studies was to gather additional
insights in readers’ evaluation of stylistic qualities of AIbased compared to texts and poems written by humans (either
literature professionals or classic authors). In this regard,
previous research (Graefe et al., 2018; Clerwall, 2014; Köbis
and Mossink, 2021) showed that AI-generated texts were
perceived as boring and were less preferred when compared
to human-written texts. Our results corroborate and extend
these findings: participants in both of our studies rated texts
written by humans (both literature professionals as well as
classic authors) as better written, more inspiring, more
fascinating, more interesting and more aesthetic than AIbased texts. The fact that medium to strong effects were
observed in terms of lower stylistic quality of AI-based texts
compared to texts written by humans, further raises the
question why readers show relatively low accuracy when
differentiating between these text types since one could have
assumed that perceived stylistic quality could be used as a
potential indicator for correct classification. However, our
results speak in the other direction: Despite the fact that
participants evaluated the AI-based texts consistently worse
than texts written by humans in all five measured dimensions
of stylistic quality and across both studies, this did not seem
to help participants to achieve better classification rates.
Taken together these results lead us to a conclusion beyond
the previous literature: the textual input matters because
participants may be primed by specific text features.
Based on our findings, we argue that it is even with expert
knowledge not easy to write elaborate literature with an AIwriting-tool. Nevertheless, such an AI-writing-tool could be
used more in terms of an inspiration for creativity, for
example by giving new and potentially unexpected writing
prompts. In recent years, such tools that could help people
become more creative in writing have increasingly appeared,
such as Wordcraft, a human-AI collaborative editor for story
writing (Coenen et al., 2021) or CoAuthor as another example
presented by Lee, Liang & Yang (2022), a tool for assisting
in creative and argumentative writing. In the HumanComputer-Interaction
community
particularly
the
opportunities of such tools and large language models are of
increasing interest. In our pilot study literature professionals
explored the opportunities of the algorithm-based AI-tool to
create poems and narrative texts generated in a human-AI cocreative process (e.g., collaborative writing scenario).
However, when considering the AI-tools as collaborative
writing partners it is important that the use of the AI-tool
should constitute an enhancement in creativity rather than a
replacement of the humans in the writing process (cf. humancentered AI; Shneiderman, 2020). It is important to also keep

in mind that there are still no legal guidelines who can call
themselves the author of such AI-generated literary works.
In addition, our research is important to rank readers’
perceptions of the output of AI-tools. This might be helpful
to identify and apply optimization possibilities of the
respective AI-tools. Certainly, many studies like the one by
Köbis and Mossink (2021) or the one presented in this paper
are necessary to make a general statement about artificial
intelligences that are involved in the process of generating
literature.
In the context of the generalizability of AI Oscar Schwartz
gives some philosophical thoughts on classic authors in his
TED talk: He assumes that computers can write poems, after
comparing human-written poems of famous authors and
computer-generated poems. Maya Angelou possibly writes
more in the style of a computer, perhaps would pass a reverse
Turing Test as well. Therefore, we should think about how
we define human creativity and whether computers simply
reflect our ideas (Schwartz, 2015). Computers are reflecting
those ideas without grounding language meanings in
perceptions, feelings and actions compared to humans.
If the amount of AI-generated text on the internet
increases, the question arises whether future generations will
still try to recognize AI-generated content, especially if they
have difficulties in doing so (Gunser et al., 2021).
Investigating peoples’ evaluation of AI-generated content in
terms of the stylistic quality of literary short texts is a first
promising step that is particularly interesting for future
research endeavoring in creative areas such as poetry.
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Abstract
Integrating visual representations in an interactive learning
activity effectively scaffolds performance and learning.
However, it is unclear whether and how sustaining or
interleaving visual scaffolding helps learners solve problems
efficiently and learn from problem solving. We conducted a
classroom study with 63 middle-school students in which we
tested whether sustaining or interleaving a particular form of
visual scaffolding, called anticipatory diagrammatic selfexplanation in an Intelligent Tutoring System, helps students’
learning and performance in the domain of early algebra.
Sustaining visual scaffolding during problem solving helped
students solve problems efficiently with no negative effects on
learning. However, in-depth log data analyses suggest that
interleaving visual scaffolding allowed students to practice
important skills that may help them in later phases of algebra
learning. This paper extends scientific understanding that
sustaining visual scaffold does not over-scaffold student
learning in the early phase of skill acquisition in algebra.
Keywords: Visual Representations; Intelligent Tutoring
System; Problem Solving; Algebra

Introduction
Studies show that visual representations can benefit learners
in interactive learning environments, such as in Intelligent
Tutoring Systems (ITSs) (Rau et al., 2015; Yung & Paas,
2015). Visual representations make complex concepts, which
are difficult to understand with only verbal information, more
accessible and comprehensible (Larkin & Simon, 1987).

Therefore, visual representations are often considered a type
of instructional scaffolding (Nagashima et al., 2021; RittleJohnson & Koedinger, 2005). When designed well, visual
representations support learners in performing and learning
from tasks that they would otherwise be unable to solve (Pea,
2004).
Despite the reported effectiveness of visual
representations, a persistent instructional challenge involves
how to fade visual scaffolding in interactive learning
environments (i.e., how and when to reduce the amount and
level of scaffolding given to learners, Koedinger & Aleven,
2007; Sharma & Hannafin, 2007). Researchers have argued
that scaffolds should serve as temporary support that is
provided with an intention to help learners independently
solve problems and eventually succeed without the support
(Puntambekar & Hubscher, 2005). However, while some
studies have investigated questions around the fading of
visual scaffolding (Rau et al., 2013, 2010), we do not yet fully
understand the effects of sustaining vs. fading visual
scaffolding in interactive learning environments. From a
cognitive science perspective, an investigation on students’
cognitive processes involving learning with and without
visual scaffolding would help elucidate how visual
scaffolding benefits learners and informs how to design
instruction with visual representations.
One domain in which visual representations are commonly
used as instructional scaffolding is early algebra (Ayabe et
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al., 2021; Murata, 2008). A specific type of visual
representation called “tape diagrams” has been used widely
in practice and empirically evaluated (Booth & Koedinger,
2012; Chu et al., 2017; Nagashima et al., 2020). Tape
diagrams use bar-like representations to visualize
quantitative relationships (Figure 1). Prior research has
shown that integrating tape diagrams in an algebra problemsolving activity enhances students’ problem-solving
performance, both with interactive technologies (Nagashima
et al., 2021) and without (Booth & Koedinger, 2012; Chu et
al., 2017).

Figure 1: Example tape diagram (for 3x + 2 = 8).
In the context of early algebra, sustaining or fading visual
scaffolding presents an important question both from a
scientific and a practical perspective. To date, research
investigating learning with visual representations for algebra
has either provided visual support all the time or has not
provided it at all (Booth & Koedinger, 2012; Nagashima et
al., 2020). Practically, this all-or-nothing contrast does not
reflect how classroom teaching is conducted; many
mathematics textbooks mix problems with visuals and
without visuals (Fukuda et al., 2021). Research on sustaining
or fading visual scaffolding in algebra will extend current
scientific knowledge with new insight into whether providing
visual support all the time might or might not over-scaffold
learning. For instance, always providing diagrams may
effectively foster conceptual understanding of problemsolving procedures because students can connect the visual
information depicted in a diagram with symbolic
representations (Nagashima et al., 2020). On the other hand,
always using such scaffolding in solving equation problems
runs the risk that students become overly reliant on tape
diagrams when solving symbolic equations. That is, students’
learning might get focused on rather superficial diagram-tosymbols translation knowledge that might not help to acquire
deeper knowledge related to the use of visual representations.
Students might not learn how to strategically solve symbolic
equations without the aid of visual representations, which
may be detrimental when equations become more complex
(for which tape diagrams are no longer useful).
In the current study, we test whether sustaining visual
scaffolding to support problem solving (i.e., providing visual
scaffolding on all problem-solving opportunities), previously
shown beneficial, might over-scaffold student learning in
algebra. We compare sustained scaffolding against partial
visual scaffolding, which we implemented by interleaving
scaffolded problems and non-scaffolded problems (i.e.,
providing visual scaffolding on every other problem).
In what follows, we report findings of the study, which
took place in a middle-school in the U.S. To investigate
students’ learning processes, we conducted analyses of log
data from the tutoring system. Specifically, we explored how

students’ performance (e.g., problem-solving accuracy, time
spent) differed when they solved problems with and without
visual support. Further, we conducted Knowledge
Component modeling (Nguyen et al., 2019) to better
understand how the presence (and absence) of visual
scaffolding affected the types of fine-grained problemsolving skills that students practice. The current research
extends theoretical understanding of whether and how visual
representations scaffold learning and performance in an
interactive learning environment.

Anticipatory Diagrammatic Self-Explanation
In the current study, we test the effects of a visual scaffolding
strategy called anticipatory diagrammatic self-explanation,
embedded in an ITS (Nagashima et al., 2021). Anticipatory
diagrammatic self-explanation is a form of self-explanation
(Chi et al., 1989) with visual representations that aims to
support students’ learning of problem-solving procedures
(Figure 2). In anticipatory diagrammatic self-explanation,
students explain what to do next in the form of (auxiliary)
diagrams (i.e., students would think, “what would be a correct
and strategic step to take next?” during problem solving) to
support problem solving with the target representation (i.e.,
symbolic representation). There is evidence that anticipatory
diagrammatic self-explanation can lead to more efficient
learning (i.e., better performance in the ITS) with comparable
posttest performance (Nagashima et al., 2021). However,
prior studies provided anticipatory diagrammatic selfexplanation for all practice problems, leaving open the
important question of whether and how partially providing
the visual scaffolding may affect students’ performance
during problem-solving practice and learning.
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Figure 2: In anticipatory diagrammatic self-explanation,
students first (a) select a correct diagram representation for
the given equation. Then, students (b) explain (by selecting
a diagram) a correct next problem-solving step. After
selecting the correct representation, students (c) solve the
step using symbols (on the right-hand side of the screen).
The ITS gives feedback on students’ input. Hints are also
available for both diagrammatic and symbolic steps.

In the current study, we investigate the following research
questions:
RQ1: Does interleaving problems with and without visual
scaffolding during algebra problem solving (interleaved
condition) lead to better learning (by reducing overscaffolding), compared to sustaining the visual scaffolding
(sustained condition)? Literature on interleaved practice
argues that interleaving different problem types may support
learning because it requires extra cognitive effort conducive
to learning (Rohrer et al., 2015). In the context of anticipatory
diagrammatic explanation, interleaving visual scaffolding
might help foster deeper thinking about problem-solving
procedures because, on problems without visual scaffolding,
students would have to plan problem steps on their own
without visual support. Such deeper thinking and engagement
might result in enhanced conceptual and procedural
knowledge (Crooks & Alibali, 2014; Rittle-Johnson &
Siegler, 1998). As well, when students receive only problems
in which visual scaffolding is provided, they might engage in
shallow processing of the content (i.e., translating what is
shown in the tape diagrams to algebra notation without
deeply engaging with their conceptual and procedural
meanings). Therefore, we hypothesize: H1. Students who
receive interleaved visual scaffolding will make greater gains
in conceptual and procedural knowledge, compared to
students who receive the visual scaffolding all the time.
RQ2: Does providing visual scaffolding at every problemsolving opportunity during algebra problem solving support
efficient problem-solving performance in the ITS? RQ2
pertains to students’ performance during practice with the
ITS. For the current study, we expect that receiving visual
scaffolding will improve problem-solving performance in the
ITS and that interleaving the visual scaffolding would
negatively impact problem-solving performance due to the
lack of scaffolding on the half of the problems. Therefore, we
hypothesize: H2. Students who receive sustained visual
scaffolding will solve problems in the ITS more efficiently
compared to students who receive interleaved visual
scaffolding.
RQ3: How does the visual support influence students’
performance in the ITS? We examine RQ3 to uncover how
students interact with the visual scaffolding during problem
solving. We specifically examine students’ performance
across the two conditions 1) on problems on which all
students, regardless of the visual support frequency, received
visual support and 2) on problems in which students with
interleaved practice received no visual support whereas
students who were given the visual scaffolding all the time
did. We investigate where any observed differences between
the conditions (if any) come from. We hypothesize: H3.1.
Students in the interleaved condition will not perform
differently from those in the sustained condition on problems
with visual support and H3.2. Students in the interleaved
condition will perform worse on problem-solving items in the
ITS on problems on which only students in the sustained
condition receive the scaffolding.

Lastly, to gain further insights into what types of skills
students practice with and without visual scaffolding, we
conducted “Knowledge Component modeling” (a standard
technique used in the field of educational data mining, Long
et al., 2018; Nguyen et al., 2019). Specifically, we investigate
to what extent students might be using overlapping vs.
separate knowledge on symbolic steps with diagrams and
without diagrams, respectively. By labeling Knowledge
Components, or fine-grained problem-solving skills in an
intelligent tutor (Koedinger et al., 2012) differently for
solving problems with and without the visual scaffolding, we
can examine if students’ actual performance can be modeled
better with such a separation of knowledge. Such an
understanding will help uncover possible mechanisms that
may influence any learning and performance differences. We
hypothesize: H3.3. A Knowledge Component model that
considers problem solving with and without visual
scaffolding separately will show a better fit.

Method
Participants
We conducted an “in-vivo” classroom experiment
(Koedinger et al., 2009) at a public middle school in the
Eastern United States. Participants were 77 7th-grade
students who were taught in five class sections by one
teacher. The school is the only middle school in the school
district where over 65% of students came from low-income
families, and 44.7% of students were considered “below
basic” in terms of their academic performance in 2019. We
conducted the experiment in May 2021 when the school was
operating under a hybrid teaching mode due to the COVID19 pandemic. Thirty students participated remotely from their
own home environment and the remaining 47 joined from
their classroom with their teacher. The teacher noted that
students’ prior exposure to tape diagrams was minimal. Of
the 77 students, 16 students had Individualized Education
Plans (IEP). Students in each class were randomly assigned
to either the sustained condition or the interleaved condition.
Students with IEPs were separately and randomly assigned to
the conditions. Based on teacher-reported information
regarding students’ regular class participation mode (i.e.,
remote or in-person), we randomly assigned students to
conditions separately for those joining remotely and those
joining from the classroom so that the conditions were
balanced with respect to these variables.

Materials
Pretest and Posttest A web-based pretest and posttest were
developed for the study. The tests were designed to measure
students’ conceptual understanding and procedural skills
(Crooks & Alibali, 2014; Rittle-Johnson & Siegler, 1998).
Test items included six conceptual knowledge items (CK)
and seven procedural knowledge items, developed partly
based on items used in the literature (e.g., Rittle-Johnson et
al., 2011). Conceptual knowledge items assessed multiple
concepts of conceptual understanding of algebra, such as
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math equivalence. The procedural knowledge items consisted
of four items with no tape diagrams (PK-NoDiagram) and
three problems that show a corresponding tape diagram (PKDiagram) (Figure 3). Two isomorphic versions were created
and assigned to students in a counter-balanced way.

system. In the first class session, students worked on the
pretest for 20 minutes. Then the experimenter showed
students in both conditions a five-minute video describing
how to use the ITS and what tape diagrams represent. Starting
in the second class period, students spent 15-20 minutes using
the assigned ITS version to practice algebra problem solving
in each class period (the total ITS learning time in both
conditions was approximately 60 minutes). On the final day,
students took the web-based posttest for 20 minutes. Students
were given access to both ITS versions about a week after the
study.

Results

Figure 3: An example procedural item with tape diagrams.
Intelligent Tutoring System with Anticipatory
Diagrammatic Self-Explanation An ITS with anticipatory
diagrammatic self-explanation (Figure 2) was used in the
study. Students in the sustained condition used a version of
the ITS that provided anticipatory diagrammatic selfexplanation support for all problems whereas those in the
interleaved condition used a version that provided such
support only for odd-numbered problems (Figure 4). For
even-numbered problems, students in the interleaved
condition received problems with no diagrammatic steps
available. These two ITS versions differed only in whether
the ITS provided diagrams or not on even-numbered
problems. Regardless of their assigned condition, students
received the same set of algebra problems in a fixed order.
The following problem types were included in both versions:
x + a = b, ax + b = c, ax = bx + c, and ax + b = cx + d.

Of the 77 participants who completed the pretest (40 in the
interleaved, 37 in the sustained condition), we excluded 14
who did not complete tutor learning, the posttest, or both. The
high attrition may be due to the hybrid mode of instruction
(e.g., the teacher had to pay attention to both in-person and
remote students). The following analyses focus on the
remaining 63 students (32 in the interleaved, 31 in the
sustained condition). The attrition rate did not significantly
differ between the conditions, X2 (1, N = 77) = .18, p = .67.

Learning
Table 1 presents students’ pretest and posttest scores. To test
H1, we conducted three separate linear regressions, with
posttest scores on conceptual knowledge (CK), procedural
knowledge items with tape diagrams (PK-Diagram), and
procedural knowledge items without tape diagrams (PKNoDiagram) as dependent variables, respectively. In all of
the models, condition (as a binary variable, coded as
sustained = 0, interleaved = 1) and prior knowledge (i.e.,
pretest scores) served as predictors. There was no significant
main effect of condition for CK (β = -0.42, t(62) = -1.22, p =
.23), PK-Diagram (β = -0.17, t(62) = -0.77, p = .44), or PKNoDiagram (β = -0.29, t(62) = -1.12, p = .27). Therefore, H1
was not supported. The evidence did not support the notion
that interleaving visual scaffolding leads to greater
knowledge gains, nor did it support the notion that sustained
visual scaffolding over-scaffolds learning.
Table 1: Students’ test scores (standard deviations in
parentheses) by condition. PK-D and PK-NoD denote PKDiagram and PK-NoDiagram, respectively.
Pretest

Posttest
PKCK PK-D
CK PK-D
NoD
2.82 1.27 2.18 3.30 1.45
Sustained
(1.53) (1.15) (1.42) (1.55) (1.25)
2.78 1.03 1.84 2.75 1.12
Interleaved
(1.39) (1.06) (1.22) (1.50) (1.13)
Condition

Figure 4: Sustaining and interleaving visual scaffolding in
the ITS. In the interleaved condition, students received the
visual scaffolding only on odd-numbered problems.

Procedure
The study took place during five regular class periods, in
which approximately half of the students and the teacher were
present live in the actual classroom, and remote learners and
the experimenters joined through a video conferencing

PKNoD
2.21
(1.45)
1.72
(1.45)

Performance in the ITS
To address H2, we ran three separate linear regressions with
three problem-solving performance measures that are
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typically investigated in the ITS literature (average number
of hints requested per symbolic step, average number of
incorrect/error attempts per symbolic step, average time spent
per symbolic step) as dependent variables (Long & Aleven,
2013). To compare the performance measures across the
conditions, we only compared students’ performance on
symbolic steps, and we excluded interactions with the
diagram steps. In all models, condition (as a binary variable,
coded as sustained = 0, interleaved = 1) and pretest score
were included as independent variables. Table 2 shows
descriptive data on the performance measures.
There was a significant main effect of condition on the
average number of hint requests per step (𝛽 = 0.28, t(60) =
2.83, p < .01) and average time spent per step (𝛽 = 3.32, t(60)
= 2.21, p = .03), but not on the number of incorrect attempts
made per step (𝛽 = 0.31, t(60) = 1.67, p = .10). Overall ,
students in the sustained condition solved problems with
fewer hint requests and less time on symbolic steps,
suggesting that students in the sustained condition solved
symbolic steps more efficiently than those in the interleaved
condition, partially supporting H2.
Table 2: Average performance measures per symbolic
step (standard deviations) by condition.
Ave. number Ave. number of Ave. time
of hints used incorrect attempts
spent
Sustained 0.16 (0.23)
0.45 (0.63)
6.85 (2.70)
Interleaved 0.53 (0.64)
0.86 (0.92)
12.0 (6.92)
Condition

Visual Scaffolding Effects
Performance with and without Visual Scaffold For H3.1
and H3.2, we conducted further analyses to unpack how the
visual scaffolding might have helped students perform in the
learning environment. Specifically, to understand where the
performance difference between the conditions came from,
we looked at students’ performance on odd-numbered
problems, where students in both conditions received the
visual scaffolding, and even-numbered problems where only
students in the sustained condition received scaffolding
(Table 3). Investigating students’ performance on oddnumbered and even-numbered problems will allow us to find
out if the diagrams’ scaffolding effect is only observed for the
problems in which the scaffolding is present and how
students in the interleaved condition performed differently on
problems with no visual scaffolding.
For H3.1, we compared students’ performance on oddnumbered problems (i.e., problems with visual scaffolding in
both conditions; see Figure 4). We ran three separate linear
regressions with the number of hints used per symbolic step,
the number of incorrect attempts per symbolic step, and time
spent per symbolic step as dependent variables, and condition
and pretest scores as predictors. Students in the sustained
condition used significantly fewer hints (𝛽 = 0.29, t(60) =
2.48, p = .02) and trended towards spending less time (𝛽 =
5.87, t(60) =1.89, p = .06). No significant difference was
found for the number of incorrect attempts per symbolic step,

𝛽 = 0.19, t(60) = 0.78, p = .44. Therefore, H3.1 was not
supported; students in the sustained condition performed
better on problems in which students in both conditions
received the same scaffolding.
Table 3: Performance measures per symbolic step
(standard deviations) by condition for problems with and
without visual scaffolding.
Odd-numbered
Even-numbered
problems
problems
Condition
Hints
Time Hints
Time
Errors
Errors
used
spent used
spent
0.23 0.70 15.1 0.08 0.17 7.51
Sustained
(0.31) (1.02) (9.15) (0.19) (0.29) (5.14)
0.62 0.99 21.4 0.37 0.49 14.6
Interleaved
(0.75) (1.01) (16.0) (0.55) (0.50) (10.4)
Then, for H3.2, we compared students’ performance on
even-numbered problems to test whether students in the
interleaved condition performed less well on problems with
no visual scaffolding (see Figure 4). Students in the sustained
condition requested significantly fewer hints (𝛽 = 0.24, t(60)
= 2.67, p = .01), made significantly fewer incorrect attempts
(𝛽 = 0.30, t(60) = 2.85, p = .01), and spent significantly less
time (𝛽 = 6.64, t(60) = 3.31, p = .01) on symbolic steps. Thus,
students in the sustained condition did better on problems in
which only those students in the sustained condition received
the scaffolding, supporting H3.2.
Knowledge Component Modeling Finally, for H3.3, we
conducted Knowledge Component modeling to investigate
potential mechanisms that may have influenced the observed
differences between the conditions. A Knowledge
Component (KC) is defined as “an acquired unit of cognitive
function or structure that can be inferred from performance
on a set of related tasks” (Koedinger et al., 2012). Studies on
ITSs have used Knowledge Component modeling (i.e.,
modeling student’s knowledge state and growth based on
student’s performance on a set of KCs) to design and improve
instruction in the software (Huang et al., 2021). KC models
use a specialized form of logistic regression known as
Additive Factors Models (Rivers et al., 2016). Improving KC
models is critical for better understanding student learning
and performance, and for better designing instructional
support in intelligent software. Model fit can be evaluated by
three metrics, namely, Akaike Information Criterion (AIC),
Bayesian Information Criterion (BIC), and 3-fold cross
validation metrics reported as root mean squared error
(RMSE), where lower values suggest better model fit
(Nguyen et al., 2019). We applied the KC modeling approach
to our dataset to investigate whether the scaffolding effect of
having diagrams can be manifested in the model fit. To
conduct the KC modeling analysis, we used LearnSphere’s
DataShop (https://pslcdatashop.web.cmu.edu/).
In our ITS log data, the original KC model had nine general
algebra problem-solving KCs (e.g., the skill of subtracting a
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constant term). To see if the visual scaffolding effect would
be manifested in KCs, we created an additional set of KCs
that treats the various skills involved in “solving equations
with diagrams” as separate skills, depending on whether the
problems had visual scaffolding or not. For example, for the
skill of subtracting a constant term, we included the skills of
subtracting a constant term when diagrams are absent and
subtracting a constant term when diagrams are present. This
process doubled the total number of KCs, resulting in 18
KCs. We compared the original KC model with an updated
model that considers “solving equations in symbols without
diagrams” and “solving equations with diagrams,” only for
the interleaved condition (because the sustained condition
had diagrams for all problem-solving opportunities). We
found that the updated model improved the model fit on AIC
and all the RMSE values (but not for BIC, see Table 4), which
suggests that treating problem-solving skills with and without
diagrams as distinct better represents the actual student
behavior (Stamper et al., 2013). This suggests that students
were solving equations using different skills between
problems with anticipatory diagrammatic self-explanation
and problems without visual support (H3.3 supported).
Table 4: Model metrics values for the original and
updated KC models. Three types of RMSE values differ
slightly in how the grouping was done in the data.
RMSE
(student
blocked)
Original 4,431.81 4,894.95 0.3682
Updated 4,347.60 4,933.32 0.3675
KC
model

AIC

BIC

RMSE RMSE
(item
(unblocked) blocked)
0.3088 0.3075
0.3048 0.3047

Discussion
Providing the right amount of timely visual scaffolding is a
challenging, important instructional design problem. While
scaffolding can support performance when the scaffold is
present, giving too much scaffolding could result in a
detrimental, over-scaffolding effect. We investigated the
effect of visual scaffolding on students’ learning and
performance using an ITS for early algebra. Our work
focused on anticipatory diagrammatic self-explanation, a
form of interactive visual scaffolding that has been shown
effective in supporting student performance in an ITS. In the
following, we discuss the results from this experiment.
First, providing visual scaffolding for every problem in the
ITS did not over-scaffold learning. We did not find any
difference in posttest performance between students who
received sustained scaffolding and students who received
interleaved visual scaffolding. Yet, sustained visual
scaffolding led to markedly better problem-solving
performance in the ITS. In fact, the students in the interleaved
condition did not have a very smooth learning experience in
the ITS; for them, problem solving was harder and slower,
and did not lead to enhanced learning. The difference in
performance between the conditions existed not only on
even-numbered problems, in which only students in the

sustained condition received the scaffolding, but also on oddnumbered problems, in which students in both conditions
received visual scaffolding. These results indicate that the
overall performance differences in the tutor did not come
only from problems with no visual scaffolding, but rather
came from the entire learning experience, including students’
interaction with the scaffolded problems.
Why did sustaining visual scaffolding benefit students? The
Knowledge Component modeling analysis provides evidence
that students in the interleaved condition exercised different
types of skills (i.e., Knowledge Components) for problems
with visual scaffolding and those without visual scaffolding.
Students in the sustained condition, on the other hand, were
consistently practicing the skills of “solving problems with
diagrams.” It may be that students who received the
scaffolding for every problem-solving opportunity benefited
because their learning experience was focused and consistent.
However, the findings from the Knowledge Component
modeling also indicate that students in the interleaved
condition were engaged in learning that students in the
sustained condition did not practice (i.e., solving equations
without visual scaffolding). Given that students eventually
need to be able to solve equation problems without visual
scaffolding (e.g., more advanced equation problems), it could
be that students’ practice with interleaved visual scaffolding
may lead to better learning outcomes in later phases of
equation solving that involve more complicated problem
types. The current study did not capture this potential benefit
because these later stages were not reached. Future research
could explore this possibility.
We acknowledge several limitations of the study. Most
important, we are uncertain whether and how far the results
will generalize. The current study used a specific form of
visual scaffolding in a specific domain in an ITS. Other types
of interactive visual scaffolding in other domains might yield
different results as they may involve different kinds of
cognitive processes in using visual scaffolding. Also, because
the study was conducted with a small sample of students at
one school which was operating under a hybrid instruction
mode, future studies are needed to understand how sustained
vs. interleaved visual scaffolding influences learning and
performance with more students and with schools using
different teaching modes (e.g., in-person teaching).
The current paper extends scientific understanding of how
visual scaffolding during problem-solving activities
influences student performance and learning. The study
yielded evidence that over-scaffolding due to visual
scaffolding may not occur very early in skill acquisition, and
that fading (specifically, in the form of interleaving) may
need to be introduced later in skill acquisition. Practically, the
study highlights the benefits of sustaining visual scaffolding
to help students have efficient problem-solving experiences.
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Abstract

This study sought to replicate the effect of observing pitch
gesture and clarify the effect of observing representational
gesture on L2 lexical tone learning and to explore the
influences of individual differences in lexical and non-lexical
tone perception on these effects. The results revealed that
observing representational gestures facilitates lexical tone
discrimination, albeit to a lesser extent than observing pitch
gestures, suggesting that task difficulty may influence its
effect. Moreover, they revealed that individual differences in
non-speech tone perception predict discrimination of lexical
tones learned by observing pitch gesture and no gesture, but not
representational gesture. Together, these findings suggest that
task difficulty as well as individual differences in sensitivity to
non-speech sounds influence the effects of observing gesture
on novel L2 speech sound learning.
Keywords: gesture; speech sound learning; L2 acquisition

Introduction
Acquisition of novel speech sounds is a challenging aspect of
learning a second language (L2), particularly for adults. Thus,
lexical tone, a speech sound present in many world languages
that consists of pitches differentiating between word
meanings and grammatical inflections (Gussenhoven, 2004;
Maddieson, 2013; Yip, 2002), is challenging for native
speakers of atonal languages, such as English, to acquire in
an L2 (Pelzl, 2019). Mandarin, the most prevalent tonal
language, has four lexical tones with distinct pitch contours:
Tone 1 (high-flat); Tone 2 (rising); Tone 3 (low or lowdipping); and Tone 4 (falling; Chao, 1965; Ho, 1976; Howie,
1974). Therefore, successful acquisition of Mandarin lexical
tones entails recognizing their pitch contours, which is
essential to differentiating between words differing
minimally in lexical tone (Wong & Perrachione, 2007).
Despite the challenges associated with L2 Mandarin lexical
tone acquisition for native English speakers, brief, focused
auditory training can facilitate it (Wang et al., 1999, 2003;
Wong & Perrachione, 2007). Moreover, the addition of visual
depictions of pitch contours can further facilitate L2
Mandarin lexical tone acquisition by native English speakers
(Bluhme & Burr, 1971; Godfroid et al., 2017; Liu et al.,
2011), suggesting that they may result in multimodal
representations of lexical tone, as hypothesized by dual
coding theory (Paivio, 1990). Furthermore, observing pitch
gestures, which convey pitch contours haptically as well as
visually, also facilitates L2 Mandarin lexical tone acquisition
by native English speakers (Baills et al., 2019; Hannah et al.,
2017; Morett et al., 2022; Morett & Chang, 2015; Zhen et al.,
2019). Notably, the effects of observing pitch gestures on L2
lexical tone acquisition are more robust than the effects of

observing gestures conveying other phonological contrasts
on their acquisition in other L2s (Hirata et al., 2014; Hoetjes
& Van Maastricht, 2020; Kelly et al., 2014; Xi et al., 2020).
This difference may be due to pitch gesture’s basis in the
vertical conceptual metaphor of pitch, according to which
high pitch is associated with the upward direction and low
pitch is associated with the downward direction (Casasanto
& Boroditsky, 2003; Connell et al., 2013; Morett et al., 2022).
Thus, observing pitch gesture may elicit implicit mental
simulation of lexical tone, as hypothesized by theories of
embodied cognition (Shapiro, 2019).
Further evidence that pitch gesture’s effect on L2 lexical
tone learning is based on the vertical conceptual metaphor of
pitch comes from work demonstrating that pitch gestures
congruent with the lexical tones of Mandarin words facilitate
L2 lexical tone acquisition, whereas pitch gestures
incongruent with their lexical tones hinder it (Morett et al.,
2022). These findings parallel findings demonstrating that
representational gestures congruent with the meanings of L2
words enhance memory for these words, whereas
representational gestures incongruent with their meanings
decrease memory for them (Garcia-Gamez & Macizo, 2019;
Kelly et al., 2009). In both cases, the effect of congruency on
learning is due to iconicity, which conveys meaning via
visual resemblance to referents, whether they are lexical
tones or word meanings (Perniss et al., 2010).
In contrast to the effects of observing pitch gestures, the
effects of observing representational gestures on novel L2
speech sound acquisition are less clear. Some evidence
indicates that observing representational gestures conveying
the meanings of Mandarin words differing minimally in
lexical tone at learning hinders subsequent lexical tone
identification in these words (Morett & Chang, 2015). Other
evidence indicates that observing representational gestures
conveying the meanings of Japanese words differing
minimally in vowel length at learning neither hinders nor
facilitates subsequent vowel length identification in these
words (Kelly & Lee, 2012). Moreover, some evidence
indicates that observing representational gestures conveying
the meanings of Mandarin words differing minimally in
lexical tone facilitates association of these words with their
meanings (Baills et al., 2019; Morett & Chang, 2015),
whereas other evidence indicates that it hinders association
of Japanese words differing minimally in vowel length with
their meanings (Kelly & Lee, 2012). These mixed findings
concerning the effects of representational gestures conveying
word meanings on differentiation between L2 words
differing in an unfamiliar speech sound contrast with
overwhelming evidence that these representational gestures
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enhance memory for phonologically dissimilar L2 words
(Allen, 1995; Garcia-Gamez & Macizo, 2019; Kelly et al.,
2009; Macedonia et al., 2011; Porter, 2016; Tellier, 2008),
leading some to propose that they facilitate the learning of L2
words that are phonologically dissimilar, but not
phonologically similar, to one another (Kelly & Lee, 2012).
One factor providing a possible explanation for the mixed
results concerning the effects of observing representational
gesture on differentiation between unfamiliar L2 speech
sounds in words is task difficulty. In Morett and Chang
(2015), four lexical tones were learned, whereas in Kelly and
Lee (2012), only two vowel lengths were learned, suggesting
that observing representational gesture may not hinder
differentiation between unfamiliar L2 speech sounds when it
is less challenging, whereas it may hinder it when it is more
challenging. If this is true, the difficulty of the task used to
assess learning may also affect the impact of observing
representational gesture on unfamiliar L2 speech sound
differentiation. To date, all studies examining the effects of
gesture observation on unfamiliar L2 speech sound
differentiation have used classification tasks to assess
learning, which tend to be quite challenging. A less
challenging alternative that could be used for the same
purpose is a same-different task, in which a target word
containing a learned L2 speech sound is compared with a
prime word containing either the same or a different sound.
Examining the effects of observing representational and pitch
gesture on unfamiliar L2 speech sound learning using a samedifferent task and comparing it to prior results of
classification tasks would provide further insight into the
extent to which task difficulty modulates these effects.
Another factor that may affect the impact of gesture on L2
lexical tone learning is individual differences in lexical and
non-speech tone perception prior to learning. Such
differences can be taken into account by assessing nonspeech tone perception via a standardized measure
administered before the main experimental task (Morett et al.,
2022) and lexical tone perception via a pre-test administered
prior to training (Morett et al., 2022; Morett & Chang, 2015;
Zhen et al., 2019). In previous work using a pre-test, lexical
tone perception has been assessed in the same way, typically
using the same stimuli, as in the post-test. This may have
resulted in practice effects, which may also be influenced by
individual differences in tone perception or more general
cognitive abilities such as working memory. In addition, pretests used in previous work have assessed lexical tone
perception solely in the auditory modality, which may not
account for individual differences in accuracy of association
of visual depictions of tone contours with lexical tones.
The goals of the current study were twofold: (1) To
replicate the effect of observing pitch gesture and further
probe the effect of observing representational gesture on
acquisition of L2 lexical tone by atonal language speakers;
(2) To explore the effects of individual differences in lexical
and non-speech tone perception prior to learning on these

effects of gesture on L2 lexical tone acquisition. Based on the
findings discussed above, we predicted that observing both
pitch and representational gesture would facilitate subsequent
discrimination of lexical tones and that individual differences
in lexical and non-speech tone perception prior to lexical tone
learning would contribute significantly to these effects.

Methods
Participants
42 adult native English speakers without knowledge of any
tonal languages (age range: 18-32 years; 29 females, 13
males) participated on a volunteer basis or in return for partial
course credit. All participants had normal hearing and normal
or corrected-to-normal vision. Additionally, participants had
no documented speech, language, or learning disorders.

Materials
Six pairs of monosyllabic Mandarin words differing
minimally in lexical tone from Morett and Chang (2015) were
used in this experiment (see Table 1). Each possible
combination of lexical tones was represented in pairs, and
words comprising each pair had meanings that could be
conveyed transparently via representational gesture.
Videos for use during learning were created by recording a
female native Mandarin speaker fluent in English in a
headshot configuration saying each Mandarin word and its
English translation twice. While saying each Mandarin word,
the speaker either produced a pitch gesture conveying the
pitch contour of the word’s lexical tone, produced a
representational gesture conveying the word’s meaning, or
kept her hands still (see Figure 1).
Videos for use during the pre-test were created by
recording another female native Mandarin speaker producing
pitch gestures. In these videos, a torso configuration was used
to ensure that performance was not influenced by facial
movements, and audio tracks were removed.
Audio recordings used in pre- and post-tests were created
by recording a male native Mandarin speaker saying each
word. A speaker of a different sex than the speakers featured
in videos was featured in audio recordings to ensure that
participants could generalize lexical tone across speakers.
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Table 1: Pairs of Mandarin words differing minimally in
lexical tone with English translations.
Word 1
Pinyin
hui1
bao1
chou1
xiang2
tiao2
duo3

English
to wave
to pack
to pump
to surrender
to shift
to hide

Word 2
Pinyin
hui2
bao3
chou4
xiang3
tiao4
duo4

English
to return
full
to stink
to think
to jump
to chop

Figure 1: Screenshots of videos from each of the three
learning conditions (arrows represent hand motion).

Procedures
Before completing the experimental task, participants
provided informed consent and completed a demographic
questionnaire and a brief non-speech tone perception test
(Mehr et al., 2017). This test, which consists of pairs of pure
tones differing in pitch for which the direction of the pitch
change is identified (up vs. down), has been validated against
the Montreal Battery of Amusia, a more extensive test of nonspeech tone perception (Peretz et al., 2008).
The experimental task consisted of three phases: pre-test,
learning, and post-test. In the pre-test, primes consisted of
silent pitch gesture videos, and targets consisted of audio
recordings of Mandarin words. Participants responded by
pressing one of two buttons (counterbalanced across
participants) to indicate whether the lexical tones of
Mandarin word targets matched (k = 72) or mismatched (k =
72) pitch gesture primes. In the learning phase, participants
learned Mandarin words by watching videos in which they
were presented in pairs (order counterbalanced across
participants) and were accompanied by either pitch gesture (n
= 10), representational gesture (n = 15), or no gesture (n =
17). Participants were instructed to learn the meanings of
words as they would be subsequently tested on them, and no
mention of the tonal properties of words was made. All 12
words were presented randomized in order in 3 blocks, such
that each word was presented 3 times and a total of 36 trials
were presented in the learning phase. In the post-test, a prime
and a different target word were selected from among the set
of learned Mandarin words. Prime and target words had
either the same (k = 72) or different (k = 72) lexical tones, and
participants pressed one of two buttons (counterbalanced
across participants) to indicate whether their lexical tones
were the same or different.

criterial level at which participants judged lexical tones to be
different, regardless of whether they actually differed.
To determine whether lexical tone discrimination accuracy
differed by test and learning condition, response data were
analyzed using mixed effects probability unit (probit)
models, which operate on trial-level data and account for
participant- and item-level variability within the same model.
Probit mixed effect models allow responses (1 = same; 0 =
different) rather than d’ values to be used as the dependent
variable (DV), with measures of sensitivity expressed as d’
values. In these models, congruency of lexical tone between
prime and target words (same vs. different), test (pre-test vs.
post-test), and learning condition (no gesture vs. pitch gesture
vs. representational gesture) were included as fixed effects
using weighted mean centered (Helmert) contrast coding.
The intercept represents overall response bias (c), and the
main effect of congruency represents overall discrimination
performance (d’), with an alpha level < .05 indicating that
overall response bias and/or discrimination performance
exceeds chance. The main effect of learning condition
represents its effect on response bias (c), and the interaction
of learning condition with congruency represents the effect
of learning condition on discrimination accuracy (d’), with an
alpha level < .05 indicating that the effect of learning
condition on response bias and discrimination performance
exceeded chance. Random slopes were included with the
maximal random effect structure permitted to achieve model
convergence (Barr et al., 2013).
The main model (k = 10,790) revealed that response bias
did not differ significantly by test (B=0.06, SE=0.06, z=0.95,
p=.34), learning condition (B=-0.12, SE=0.08, z=-1.48,
p=.14), or the interaction between them (B=-0.11, SE=0.12,
z=-0.89, p=.37). By contrast, it revealed that discrimination
accuracy differed significantly by the interaction between test
and learning condition (B=0.83, SE=0.13, z=6.16, p<.001;
see Figure 2). One sample t-tests revealed that accuracy was
significantly below chance in groups assigned to all three
learning conditions at pre-test (tP=-7.55, pP<.001; tR=-4.15,
pR<.001; tN=-7.28, pN<.001), whereas it significantly
exceeded chance in groups assigned to all three learning
conditions at post-test (tP=5.15, pP<.001; tR=3.82, pR=.002;
tN=3.66, pN=.002). Simple effect analyses by learning
condition (k = 3,109 – 4,225) revealed that discrimination

Results
Effects of gesture observation on lexical tone
discrimination accuracy
Signal detection theory (Green & Swets, 1966; Macmillan &
Creelman, 2004) was used to decompose responses on lexical
tone discrimination tasks into two conceptually and
statistically distinct parameters: Discrimination or sensitivity
(d’), which captures how well participants successfully
discriminated prime-target pairs differing in lexical tone from
prime-target pairs with the same lexical tone (d’), and
response criterion (c) or response bias, which captures the
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Figure 2: Violin plot of lexical tone discrimination
accuracy by learning condition and test (dots and values
represent cell means; dashed lines represent chance).

accuracy increased significantly from pre-test than to posttest across learning conditions (BP=1.87, SEP=0.10, zP=19.12,
pP<.001; BR=1.34, SER=0.09, zR=14.68, pR<.001; BN=1.05,
SEN=0.08, zN=13.16, pN<.001). Simple effect analyses by test
(k = 4,806 – 5,984) revealed that, at pre-test, discrimination
accuracy was significantly lower in the groups assigned to the
pitch and representational gesture conditions than the group
assigned to the no gesture condition (B=-0.25, SE=0.09, z=2.77, p=.006) and marginally lower in the group assigned to
the pitch gesture condition than the groups assigned to the no
gesture and representational gesture conditions (B=-0.15,
SE=0.08, z=- 1.87, p=.06). At post-test, by contrast,
discrimination accuracy was significantly higher in the
groups assigned to the pitch and representational gesture
conditions than the group assigned to the no gesture condition
(B=0.31, SE=0.09, z=3.61, p<.001) and significantly higher
in the group assigned to the pitch gesture condition than the
groups assigned to the no gesture and representational gesture
conditions (B=0.58, SE=0.09, z=6.53, p<.001). The pre-test
to post-test increase in discrimination accuracy was greatest
in the pitch gesture condition (1.29), followed by the
representational gesture condition (1.18), followed by the no
gesture condition (0.92).

Figure 3: Scatter plot of non-speech tone perception test
score by post-test discrimination accuracy (dashed line
represents chance) by learning condition.
the pitch gesture learning condition (r(8) = .64; t = 2.34; p =
.047) and the no gesture learning condition (r(14) = .50; t =
2.16; p = .048), but not the representational gesture learning
condition (r(13) = .33; t = 1.28; p = .22; see Figure 3).

Discussion

Effects of individual differences in speech and nonspeech tone perception on gesture’s impact on
lexical tone discrimination accuracy
To examine the relationship between audiovisual lexical tone
discrimination (pre-test) and auditory lexical tone
discrimination (post-test) and determine whether it differed
between groups assigned to each learning condition, a probit
mixed effect model with prime-target congruency (same vs.
different), pre-test response (same vs. different), and learning
condition (no gesture vs. pitch gesture vs. representational
gesture) as fixed effects using weighted mean centered
(Helmert) contrast coding was implemented using post-test
response as the dependent variable. This model (k = 10,790)
revealed that neither response bias nor discrimination
accuracy differed significantly by pre-test response or its
interaction with learning condition.
To examine the relationships between non-speech tone
perception and audiovisual lexical tone discrimination (pretest) as well as auditory lexical tone discrimination (post-test)
in individual participants, d’ for the pre-test and post-test was
computed on a per-participant basis. Pearson productmoment correlations were then computed between scores on
the non-speech tone perception test and d’ for both the pretest and post-test. These correlations revealed that, prior to
lexical tone learning, non-speech tone perception was not
significantly correlated with audiovisual lexical tone
discrimination (r(39) = -.03; t = -0.20; p = .84). By contrast,
non-speech tone perception prior to lexical tone learning was
significantly positively correlated with auditory lexical tone
discrimination following lexical tone learning (r(39) = .46; t
= 3.22; p = .003). Further examination revealed that nonspeech tone perception and auditory tone discrimination were
significantly positively correlated in participants assigned to

The primary goal of the current study was to examine the
extent to which the effects of observing pitch and
representational gesture on lexical tone acquisition by atonal
language speakers generalize to a lexical tone discrimination
paradigm. The results indicate that observing pitch gestures
enhanced lexical tone learning to a greater extent than no
gesture, consistent with previous work using a lexical tone
identification paradigm (Baills et al., 2019; Hannah et al.,
2017; Morett et al., 2022; Morett & Chang, 2015; Zhen et al.,
2019). However, the results also indicate that observing
representational gestures conveying word referents
enhanced, rather than hindered, lexical tone discrimination.
Although this finding is inconsistent with previous evidence
that observing these gestures hinders lexical tone
identification (Morett & Chang, 2015), it is consistent with
previous evidence that it did not hinder Japanese vowel
length differentiation, although it did not facilitate it, either
(Kelly & Lee, 2012). Thus, taken together, these results
suggest that the effect of observing representational gestures
conveying word meanings on the learning of novel L2 speech
sounds such as lexical tones may vary based on task
difficulty, such that it is detrimental or neutral in more
challenging tasks such as identification paradigms and
facilitatory in easier tasks such as discrimination paradigms.
By contrast, observing pitch gestures conveying lexical tones
may facilitate their learning regardless of task difficulty.
Given that it wasn’t possible to manipulate task difficulty in
the current study, it will be important to manipulate it in
future research to confirm this explanation.
A secondary goal of the current study was to examine the
extent to which individual differences in lexical and nonspeech tone perception affect the impact of observing
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gestures on L2 lexical tone learning. The results suggest that
individual differences in non-speech tone perception prior to
lexical tone learning contributed to post-test discrimination
of lexical tones learned by observing pitch gesture and no
gesture, but not representational gesture. This finding differs
from previous work (Morett et al., 2022), which found no
such effect of these individual differences on identification of
lexical tones learned by observing pitch gesture or no gesture.
One possible reason for this discrepancy may be the
similarity in the difficulty of the tone discrimination task used
in the post-test of the current study, which entailed samedifferent tone judgments for different words, and the nonspeech tone perception test, which entailed identification of
the difference between two pure tones as either upwards or
downwards. In both the post-test and non-speech tone
perception test, the stimuli were auditory, which could
explain why individual differences in non-speech tone
perception prior to lexical tone learning failed to contribute
to pre-test lexical tone discrimination, which was tested using
audiovisual stimuli. This difference in modality between the
pre-test and post-test stimuli also provides a possible
explanation for why pre-test responses failed to predict posttest discrimination accuracy. The significant effects of
observing pitch and representational gestures on post-test
lexical tone discrimination in this and other studies suggest
that audiovisual depictions of lexical tone can affect how it is
processed in the auditory modality, however. With that said,
the results of this analysis should be interpreted with caution
due to the limited sample size of the current study, and
replication will be necessary for confidence in this finding.
In conclusion, the results of the current study indicate that
observing pitch gestures enhances lexical tone learning
regardless of how it is assessed, whereas the effect of
observing representational gestures on lexical tone learning
may depend on task difficulty, including the difficulty of the
way in which it is assessed. More specifically, observing
representational gestures may facilitate perception of lexical
tones—and novel L2 speech sounds more generally—when
learning and assessment tasks are easier, whereas they may
hinder perception of these sounds when learning and
assessment tasks are more difficult. Furthermore, the results
suggest that individual differences in non-speech tone
perception prior to learning may predict how well lexical
tones can be learned by observing pitch and no gesture, but
not how well they can be learned by observing
representational gesture. Together, these findings suggest
that task difficulty as well as individual differences in
sensitivity to non-speech sounds influence the effects of
observing gesture on novel L2 speech sound learning.
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Abstract
Reasoning and reflective thought are critical to the study and
practice of philosophy. However, findings from social
cognition have challenged the extent to which many decisions
are driven by explicit reasoning. We report an experiment that
examines how reflective thinking impacts subjects’
judgements on various philosophical topics. Subjects were
presented various scenarios on common philosophical topics
(e.g., mind-body dualism); each scenario stated a given
position. Some subjects were asked to indicate the extent to
which they endorsed these positions (control), whereas others
were asked to engage in a reflective thinking task before
making this choice. Our results revealed that the reflective
thinking group was more skeptical of the scenarios’ stated
positions than the control group, but this effect depended on
the topic of the scenarios. Thus, reflective thinking and
reasoning do indeed seem to impact philosophical judgments,
but this effect seems to depend on the topic under
consideration.
Keywords: Thinking and Reasoning; Reflective Thought;
Judgement and Decision Making; Experimental Philosophy.

Introduction
How does reasoning affect our judgments and beliefs? Many
people believe that their decisions and views are driven and
founded upon explicit, objective reasoning (Haidt, 2001;
Hauser et al., 2007; Dworkin, 1986; Spellman & Schauer,
2012). Under this view, people use logic and reasoning to
identify and assess each of the relevant factors for a given
scenario. After careful consideration, the reasoner comes to
an objective conclusion. In contrast, others hold that
judgements are largely biased and are predominated by
emotions. According to this perspective, judgements are
typically based on emotional intuitions (Haidt, 2001, 2007).
In such cases, people engage in motivated reasoning, as they
search for ways to justify their initial intuitions and ignore
contradictory evidence. Thus, the explicit reasoning process
occurs after the judgement has been reached and is post hoc
to the actual choice. Under this view, reasoning is not central
to the judgment and only serves to justify our intuitions.
These ideas have deep roots in philosophical investigations
that date back thousands of years. Indeed, prominent
philosophers have argued for (e.g., Socrates, Plato,
Descartes, Kant) and against (e.g., Hume) the idea that logic
and reasoning play important roles in judgment and decision
making (Haidt, 2001). This debate has also been informed by
extensive work in the cognitive sciences. One conceptually

useful idea that has emerged from this work is dual-systems
theory, which holds that controlled, explicit processes, such
as logic and reasoning, are driven by System 2, whereas more
automatic processes, such as emotional intuitions, are driven
by System 1 (Evans, 2003, 2008; Greene et al., 2001; Sloman,
1996; Smith & DeCoster, 2000).
Related work in social cognition suggests that many
everyday judgments are driven by automatic intuitions
(Bargh & Chartrand, 1999) and that we are mostly unaware
of the factors that influence these choices (Nisbett & Wilson,
1977; Zajonc, 1980). Critically, in many of these cases,
explicit reasoning seems to mostly be used to justify the
reasoners’ initial intuitions (e.g., Kuhn, 1989, 1991; Kunda,
1990; Lord et al., 1979) and thus seems to occur after an
implicit choice has been made (Wheatley & Haidt, 2005).
Indeed, reasoners often express strong conviction in the
correctness of these choices and are confident that they
follow from reason, but are nevertheless unable to explicitly
explain the reasons behind their positions (see moral
dumbfounding literature; Haidt & Hersh, 2001; Haidt, et al.,
2000).
Given these findings, one question to consider is whether
reasoning can typically be used to override our intuitions or
to change our prototypical choices and views. This question
is particularly important for fields that assume the answer to
this question is yes and thus rely on teaching their students
how to engage in objective reasoning, such as philosophy and
law. In line with this latter point, it has been posited that
philosophy training can make people more objective (Egler
& Ross, 2020; Ludwig, 2007); similar arguments have also
been made for legal training (Spellman & Schauer, 2012).
Although this idea is intuitive, extant work does not show
particularly strong support for it. Specifically, philosophers
have been found to be just as susceptible to the same biases
as non-philosophers (Horvath & Wiegmannm, 2021;
Schwitzgebel & Cushman, 2012, 2015; Wiegmann et al.,
2020). One possibility is that rather than philosophy
instruction providing students training in how to reason more
objectively, it instead trains them to reason more effectively
to support their intuitions. Indeed, recent work suggests that
encouraging reasoners to reflect and explain their judgments
does not seem to impact their choices (Kneer et al., 2022).
On the other hand, there are cases in which asking
reasoners to reflect on their intuitions can lead to less
prototypical judgements (Wilson et al., 1984; Wilson &
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Schooler, 1991). Thus, there are instances in which explicit
reasoning can be used to override or change the judgments
that reasoners ordinarily make.
A.
Mind-body dualism: For many years, philosophers,
psychologists, and neuroscientists have argued over whether
the mind exists separately from the brain. Some believe that
the brain is made of physical substance, but the mind is nonphysical. Under this view, the mind can be thought of
similarly to the concept of a soul that some believe exists
independent of the body.

B.
Mind-body dualism: For many years, philosophers,
psychologists, and neuroscientists have argued over whether
the mind exists separately from the brain. Some believe that
the brain is made of physical substance, but the mind is nonphysical. Under this view, the mind can be thought of
similarly to the concept of a soul that some believe exists
independent of the body. Take some time to carefully think
about this issue and consider what some of the arguments in
favor of the mind existing independently of the body might be
and what some of the arguments against this idea might be.

Experiment

When you are ready, briefly write out and discuss some of the
arguments you were able to think of in favor of the mind
existing independently of the body (e.g., 1-3 arguments) and
some of the arguments you were able to think of that go
against the mind existing independently of the body (e.g., 1-3
arguments).

We tested these predictions in an experiment, wherein
subjects were presented seven scenarios about common
philosophical topics. Each scenario pertained to one of the
following topics: (a) a god who created the universe, (b) free
will, (c) a beginning of the universe, (d) mind-body dualism,
(e) Ship of Theseus, (f) micro versus macro causality, and (g)
consciousness of other humans. Half of the subjects only read
each scenario and were asked to indicate the extent to which
they endorsed its stated position. The other half of the
subjects engaged in a reflective thinking task for each
scenario prior to making this judgement. Figure 1 shows an
example scenario from each condition.

C.
From the options below, indicate your view on the position of
whether the mind exists independently of the body:
o
o
o
o
o
o
o

least one extant study that has examined how reflective
thinking affects judgements about philosophical scenarios,
this work was restricted to moral decision-making
(Schwitzgebel & Cushman, 2015). To our knowledge, the
relationship between reflective thinking and other types of
philosophical judgements has not been investigated.
We examine this relationship in the present paper and
report an experiment in which subjects were presented
scenarios about common topics that arise in the study of
philosophy. Some subjects (control) only read and made a
judgement about each scenario, whereas others engaged in
reflective thinking prior to making each judgment.
If reflective thinking has no impact on reasoners’
judgements, both groups should make similar judgements.
On the other hand, it is possible that reasoners’ judgements
are primarily based on their intuitions and reasoning serves
to further entrench subjects into their initial positions (Lord
et al., 1979). Hence, reflective thinking should lead to more
polarized judgements than the control condition.
Alternatively, it is possible that reflective thinking helps
reasoners discover aspects of the scenario that they had not
previously considered. As a result, subjects who engage in
reflective thinking might make less prototypical judgements
than control subjects.

Strongly agree
Disagree
Somewhat disagree
Neither agree nor disagree
Somewhat agree
Agree
Strongly agree

Method

Figure 1. Examples of the mind-body dualism scenario that
subjects in the control (Panel A) and reflective thinking
conditions were shown (Panel B), along with the question
stating the position about the scenario, which all subjects
were presented (Panel C).
Given the central role of reflective thinking in philosophy
(see Egler & Ross, 2020; Haidt, 2001), one critical question
is whether reflective thinking affects our judgements and
views on matters that pertain to philosophy. That is, does
engaging in reflective thought change our prototypical
judgements about philosophical questions? Unfortunately,
there is a dearth of research on this topic. Although there is at

One hundred twenty-nine undergraduate students from
Syracuse University participated in this experiment for
course credit in an introductory psychology course.
Subjects were randomly assigned to two conditions:
reflective thinking (n = 58) and control (n = 71).
This experiment was conducted online. All stimuli were
presented on either a computer monitor or tablet; all
responses were entered using the corresponding device’s
keyboard and either a computer mouse, touchpad, or
touchscreen.
The topics of the scenarios used in this experiment were
selected to cover questions that arise in a wide range of
subfields of philosophy (e.g., philosophy of mind,
metaphysics, philosophy of cosmology).
All subjects were asked to read each scenario carefully and
to click on the “continue” button when they were ready to
continue. For subjects in the control conditions, they were
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then presented the scenario again along with a given position
about the scenario and were asked to indicate the extent to
which they endorsed this position from a list of seven
multiple-choice options, which ranged from “strongly
disagree” to “strongly agree” (see Figure 1C).
For reflective thinking condition, they were presented the
same scenarios as control subjects, but were also asked to
carefully think about and type 1-3 reasons that some may
support a given position about the scenario and 1-3 reasons
that others may oppose it; these subjects were instructed to
click on the “continue” button when they were ready to move
on. Next, subjects in the reflective thinking condition were
asked to indicate the extent to which they endorsed the
position that was stated in the scenario.
After entering a response, subjects moved to the next
scenario by clicking on the “next” button. The order in which
the scenarios were presented was randomized for all subjects.
Lastly, to examine how thinking dispositions and prior
philosophical training might be related to subjects’ choices,
all subjects were asked to complete the need for cognition
assessment (Cacioppo & Petty, 1982) and were then asked to
report the number of philosophy courses they had completed.
The need for cognition is intended to assess the extent to
which people enjoy or are motivated to engage in thought and
thus it is possible that subjects who enjoy the process of
thinking might spend more time reflecting on the
philosophical scenarios than others. It is therefore possible
that subjects who score higher on the need for cognition
assessment will respond differently to the philosophical
scenarios than subjects who score lower on this assessment.
How subjects respond to the philosophical scenarios might
also be impacted by the number of philosophy courses they
have previously taken, as the topics of the scenarios are
commonly discussed in undergraduate philosophy courses.
One reason this outcome might occur is that students who
have taken a greater number of philosophy courses might be
familiar with different arguments and perspectives about the
scenarios, which may influence their judgements. Philosophy
courses tend to focus on training students to think through
problems carefully through reasoning and reflection, which
might further contribute to differences in how subjects who
have taken more philosophy courses respond to the scenarios
compared to those who have taken fewer philosophy courses.
Lastly, we note that the experiment was designed to last a
maximum of 30 min.

Results
Because this experiment occurred online, we did not have
control over whether subjects completed the experiment in a
single sitting or whether they took breaks during the study.
To account for this issue, we excluded subjects from all
analyses who took over 45 min to complete the experiment.
1

The pattern for all reported results is the same when all subjects
are included in the analyses. For the primary reported analysis,
including all subjects still led to main effects of type of scenario and
condition (both ps < .001), and a marginal interaction (p = .07).

This decision was made to reduce the noise in our dataset, as
taking breaks during the experiment might weaken our
manipulation and introduce extraneous factors.1 This
exclusion criteria led to 23 subjects being removed.
Subjects’ responses were recoded on a scale of 1-7, with
“strongly disagree scored as a 1 and “strongly agree” scored
as a 7; a value of 4 indicates neither agree nor disagree.
Reflective Thinking Versus Control
To ensure that subjects in the reflective thinking and control
conditions did not differ on their need for cognition or on the
number of completed philosophy courses, we conducted a
MANOVA, with condition as a between-subjects factor and
the need for cognition and the number of completed
philosophy courses as dependent measures. We found no
statistically reliable differences between the conditions on
these measures, Wilks’ Lambda = .966, F(2, 103) = 1.813, p
= .168, ηp2 = .034. However, a follow-up ANOVA revealed a
marginal difference in the number of philosophy courses that
subjects in the two conditions had taken, t(104) = 1.900, p =
.060, d = .373. Specifically, subjects in the control condition
(M = .881, SE = .160) had taken marginally more philosophy
courses than subjects in the reflective thinking condition (M
= .462, SE = .089). For this reason, we included number of
completed philosophy courses as a covariate in the primary
analysis.
Figure 2 shows subjects’ adjusted mean endorsement of the
stated position in each scenario, partitioned by condition. To
examine whether differences emerged in subjects’ choices
based on the condition they were assigned to, we conducted
a mixed ANCOVA, with condition as a between-subjects
factor (reflective thinking vs. control), each scenario as a
within-subjects factor (Scenario 1, Scenario 2, etc.), and the
number of completed philosophy courses as a covariate.2
First, we note that the results revealed a main effect of
scenario type, such that subjects showed greater endorsement
of the position that was stated in some scenarios than they did
for the position that was stated in other scenarios, F(6, 618)
= 15.81, p < .001, ηp2 = .133. An interaction was also
observed between the number of philosophy courses that
subjects had completed and scenario type, F(6, 618) = 2.657,
p = .015, ηp2 = .025. The number of completed philosophy
courses was only related to subjects’ responses on the
scenario about a god who created the universe and was not
reliably related to how subjects responded to the other
scenarios (see the results in the Philosophy Training
subsection for a more detailed explanation).
More importantly, we found a main effect of condition,
F(1, 103) = 9.415, p = .003, ηp2 = .084, as subjects who
engaged in reflective thinking (Madj = 4.213, SE = .100)
endorsed the positions that were stated in the scenarios less
than subjects in the control condition (Madj = 4.601, SE =
2

The results are the same when this covariate is not included in the
analyses, as main effects of type of scenario and condition still
occur (both ps < .006), as does a significant interaction (p = .011).
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.076). Critically, however, an interaction was observed
between the scenario type and the condition, F(6, 618) =
2.628, p = .016, ηp2 = .025, such that the main effect of
condition depended on the type of scenario that subjects were
presented.
GU = God who Created Universe
BU = Beginning of Universe
CH = Consciousness of Humans
ST = Ship of Theseus
MMC = Micro vs. Macro Causality
FW = Free Will
MBD = Mind-Body Dualism
7

Control Condition
Reflective Thinking

6

Endorsement

5

4

3

2

1

GU

BU

CH

ST

MMC

FW

MBD

Figure 2. Subjects’ adjusted mean endorsement of the stated
position in each scenario and the standard error of the mean,
partitioned by condition. Subjects’ recoded responses on the
y-axis range from “strongly disagree” (1) to “strongly agree”
(7).
To examine this interaction further, we conducted Least
Significant Difference post-hoc comparisons. These analyses
revealed that subjects in the reflective thinking condition
endorsed the positions that were stated in the scenarios about
mind-body dualism (p = .001, ηp2 = .109), free will (p = .021,
ηp2 = .051), and micro versus macro causality (p = .028, ηp2 =
.046) less than subjects in the control condition. However, no
differences between the conditions in subjects’ endorsement
of the positions that were stated in any of the other scenarios
were observed (all ps > .112, all ηp2s < .025).
Need for Cognition
As a supplementary analysis, we examined the relationship
between the need for cognition and subjects’ endorsement of
the positions that were stated in the scenarios. To investigate
this question, we conducted a multivariate regression, with
subjects’ scores on the need for cognition as a predictor and
each of the scenarios as dependent measures. The results
revealed no relationship between subjects’ scores on the need
for cognition and their choices on the scenarios, F(6, 99) =
1.723, p = .124, MSE = .203, r2 = .307.
As an exploratory analysis, seven separate linear
regressions were conducted (one for each scenario) with need
for cognition as a predictor; because these analyses were
exploratory, Bonferroni corrections were used. The results
revealed a statistically reliable, negative relationship between
the need for cognition and the extent to which subjects
endorsed the idea that the restored ship of Theseus was the

same ship as the original one, β = −.281, t(104) = −2.988, p
= .004. Specifically, subjects with a higher the need for
cognition were less likely to endorse the idea that the restored
ship of Theseus was the same ship as the original one than
subjects with a lower need for cognition. None of the other
linear regressions were statistically reliable (all ps > .244).
Philosophy Training
Lastly, we examined the relationship between philosophy
training and subjects’ endorsement of the positions that were
stated in each scenario. We conducted a multivariate
regression, with number of completed philosophy courses as
a predictor and each of the scenarios as dependent measures.
The results revealed a statistically reliable relationship
between the number of completed philosophy courses and
subjects choices on the scenarios, F(6, 99) = 2.776, p = .039,
MSE = 1.116, r2 = .379.
To examine this finding further, we conducted seven linear
regressions (one for each type of scenario) with number of
philosophy courses completed as a predictor. These results
revealed a statistically reliable, negative relationship between
the number of completed philosophy courses and the extent
to which subjects endorsed the idea that there is a god who
created the universe, β = −.258, t(104) = −2.658, p = .009.
Specifically, subjects who had completed more philosophy
courses were less likely to endorse the idea that there is a god
who created the universe than subjects who had completed
fewer philosophy courses. No other linear regressions were
statistically reliable (all ps > .077).

Discussion
Traditionally, logic and reasoning have been thought to
play critical roles in judgment and decision making (Haidt,
2001, 2007; Hauser et al., 2007; Dworkin, 1986; Spellman &
Schauer, 2012). This view is perhaps most prominent in the
field of philosophy (Haidt, 2001, 2007), wherein reasoning
and reflective thought are critical (Egler & Ross, 2020).
Indeed, philosophy students are provided many years of
training in how to carefully reason and reflect through
problems, just as philosophers devote decades if not lifetimes
to such pursuits. This practice seems to be based on the
assumption that people can objectively approach problems
and through careful thought and reasoning and override their
biases or preconceived notions to discover new insights that
would not otherwise be possible, which can thus lead the
reasoner to change their position on an issue.
However, research shows that (a) people often struggle to
reason objectively (Lord et al., 1979), (b) are unaware of the
factors that influence many of their choices (Bargh &
Chartrand, 1999; Nisbett & Wilson, 1977; Zajonc, 1980), and
(c) at times are unable to explicitly justify their views, which
they are nevertheless highly confident are objectively and
logically correct (Haidt & Hersh, 2001; Haidt, et al., 2000).
Critically, in many of these cases reasoning seems to occur
after an implicit decision has already been made and is thus
post hoc to the actual judgment (Haidt, 2001, 2007).
Moreover, philosophers who receive extensive training in
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reasoning, seem just as susceptible to many of these biases
(Horvath & Wiegmannm, 2021; Schwitzgebel & Cushman,
2012, 2015; Wiegmann et al., 2020). Altogether, these
findings call into question whether people are capable of
changing their minds through reasoning and reflection or
whether these processes simply serve to validate our
intuitions and thus have no effect on our judgments or
whether reasoning and reflection simply embolden and
further convince reasoners that their intuitions are objectively
correct.
The present paper reports much needed basic research into
these important questions. We conducted a single experiment
that examined the effects of reflective thinking on subjects’
judgements about various common philosophical topics.
Specifically, subjects in a control group were asked to read a
set of philosophical scenarios and indicate the extent to which
they agreed with the position that was stated in each scenario.
In contrast, a reflective thinking group was asked to read
these scenarios and then engage in a reflective thinking task
about the scenario’s stated position before making a decision
about it.
It is important to note that because subjects in the control
group were not asked to engage in reflective thinking, their
responses provide a baseline measure of their views about the
position that was stated in each scenario. Thus, any
differences in subjects’ choices between the reflective
thinking and control conditions indicates the extent to which
reflective thinking changed subjects’ minds about the
positions that were stated in the scenarios.
This type of assessment is particularly diagnostic when
subjects’ mean endorsements are above or below a 4 (see
Figure 2), as a 4 indicates that subjects neither agree nor
disagree with the scenario’s stated position (see Figure 1C).
Scenarios with mean endorsements above a 4 indicate that
subjects generally agree with the stated position for that
scenario, whereas mean endorsements below a four indicate
that subjects generally disagree with its stated position.
Our results revealed that reflective thinking can indeed lead
to changes in peoples’ judgements and views about various
philosophical topics. Specifically, engaging in reflective
thought seemed to make subjects more skeptical of the
positions (i.e., less likely to endorse them) that were stated in
the scenarios, which led to these subjects making less
prototypical judgements (compared to the control group).
This latter finding is important, as it suggests that subjects
were attempting to approach the scenarios objectively, as
opposed to simply finding ways to further support their initial
positions.
Critically, however, an interaction was observed between
the reasoning condition and the types of scenarios, such that
the aforementioned effects were only observed for some
scenarios. Specifically, reflective reasoning only impacted
and decreased subjects’ endorsement of the scenarios’ stated
positions on three of the seven scenarios (the micro vs. macro
causality, free will, and mind-body dualism scenarios). For
the other four scenarios, reflective thinking had no observable
impact on subjects’ endorsement of their stated positions.

A similar pattern of results was observed for the
relationship between the need for cognition, as well as the
number of completed philosophy courses, and subjects’
choices about the stated positions in the scenarios.
Specifically, the need for cognition was only related to how
subjects responded to the Ship of Theseus scenario. For the
number of completed philosophy courses, this predictor was
only related to how subjects responded to the scenario about
a god who created the universe. Taken together, the findings
reported in this paper highlight the importance of the topic of
the philosophical scenario that is being considered and
suggest that the extent to which peoples’ judgements about
these scenarios are impacted by a given factor depends on the
scenario’s topic.
Thus, although there is reason to be optimistic that
reflective thinking and reasoning can be used as a tool to help
people reason and think through philosophical questions
objectively, which can lead them to change their minds about
a given issue, this effect seems to depend on the topic that is
under consideration. This takeaway is consistent with recent
findings, which have shown that introducing reasoners to
positions that run counter to their prototypical judgements on
moral dilemmas can lead them to change those judgements,
but primarily for judgements about scenarios that are not
driven by emotional or moral intuitions (Corral & Rutchick,
2022).
One possibility is that reflective thinking and reasoning
play important roles for the judgements people make about
philosophical scenarios for cases in which people do not have
a strong motivation or a priori views about the topic, which
leads them to support one position over the other. Indeed, it
is possible that one reason that engaging in reflective thinking
had no impact on some of the philosophical scenarios (e.g., a
god who created the universe scenario, the beginning of the
universe scenario) was because subjects had strong a priori
beliefs about those corresponding topics. It is therefore
plausible that for philosophical topics that people have strong
a priori views about, reflective thinking and reasoning does
not impact corresponding judgements, as people may be less
open to thoroughly interrogate these issues and might be
reluctant to consider alternative perspectives.
Ongoing work is examining this possibility, wherein the
present design is being used, but after subjects respond to all
of the scenarios, they are asked to indicate how important the
topic of each scenario is to their personal views. If it is the
case that reflective thinking primarily impacts judgements on
philosophical scenarios that reasoners do not have strong a
priori beliefs about, we should find that subjects report that
these scenarios are less important to them than the other
scenarios.
Lastly, it is important to note the experiment reported here
occurred over a relatively short period and subjects might not
have been particularly motivated to think very deeply about
the material. It is thus certainly plausible that over longer
durations or with more motivated subjects (e.g., philosophy
students or professors), reflective thinking might be far more
effective than what was observed in the present experiment.

1769

Nevertheless, our results highlight that judgements about
some philosophical topics might be less impacted by
reflective thinking and reasoning than others. For this reason,
it is important for philosophy instructors to identify which
topics students might be reluctant to critically think and
reason about, as doing so can help instructors to better
prepare their instruction. Identifying these types of
philosophical topics is an important endeavor for future
research, as is as finding which factors facilitate objective
reasoning and reflection about these topics.
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Abstract
Measuring the emotion in words is valuable in that it analyzes emotions through language. However, it is difficult to
find such measurements in low-resource languages. In this paper, we proposed a method to expand the affective lexicon by
utilizing the context of words. The proposed model predicted
the Valence and Arousal values of words using their dictionary
definitions. In Study 1, we reviewed previous studies about the
Korean affective lexicon and integrated data from these studies. The model was trained to minimize the MSE error between
the Valence and Arousal values of the words and their predictions. We then checked the distribution of Valence and Arousal
values of Korean vocabulary by applying our model to the Korean dictionary. In Study 2, a new affective lexicon was built
to empirically validate our model. We found a negatively biased error pattern on model predictions and discussed why it
happened.
Keywords: Affective Lexicon; Emotion word; Valence;
Arousal

Introduction
Psychologists have attempted to measure and classify human
emotions for a long time ago. In particular, psycholinguists
have considered that the use of language may reflect various psychological processes, including emotions. From this
point of view, research has been conducted to evaluate the
emotions of words to find the structure of emotions in words
used in daily life. (Clore, Ortony, & Foss, 1987; Bradley &
Lang, 1999). However, the research on emotions using languages had clear limitations. One limitation was that emotions have been evaluated only for a limited number of words
because humans cannot evaluate all the emotions of countless words. Another limitation was that words were evaluated without incorporating their meaning in the rating process. Therefore, the interpretation of the contextual meaning
of the words might not be consistent among the people.
Unlike in the case of English, where tens of thousands of
emotion word data are accumulated, it is difficult to find a
study on the emotion measurement of Korean words. In addition, unlike studies on English words using consistent metrics, studies on Korean words are very difficult to integrate
results because of their own metrics. Moreover, since most of
the research on Korean words have been conducted by referring to the research on English words, the limitations mentioned above still exist in the evaluation process.
In this study, we proposed a method that automatically
evaluated the emotions of Korean words by leveraging the re* Equal

contribution.

sults of previous studies. In Study 1, we built and optimized
a neural network model that inferred emotion values from the
meaning of words based on the latest natural language processing techniques and definitions of words in the dictionary.
In this way, we evaluated the emotion values of all words that
existed in the Korean dictionary. In Study 2, while limiting
the contextual meaning of words, we discussed the differences between the human ratings and model predictions.
There are three contributions of the present study. The first
is to overcome the limitations of research on the Korean affective lexicon by integrating the data of three previous studies.
The second is to resolve the ambiguity of previous studies
in rating the emotion of words by presenting the context of
words as a dictionary definition. The third is that we built a
model to evaluate the emotion of words with state-of-the-art
techniques, and empirically validated the model by comparing its results with the human ratings, eventually figured out
the reason behind the prediction error of the model.

Background
Measurement of emotion
There are two main perspectives on how to measure human
emotions. One is the discrete emotion model that explains
human emotions can be classified into several basic emotions (Ekman, 1992; Plutchik, 2001). The other perspective
is the dimensional emotion model that claims human emotions are continuous values in several dimensions. Russell
and Mehrabian’s three-factor theory of emotions is a representative study of this perspective (Russell & Mehrabian,
1977). Russell and Mehrabian (1977) defined those human
emotions exist in three dimensions: Valence, Arousal, and
Dominance (VAD). Each dimension is defined as a bipolar
axis of pleasant-unpleasant (V), activation-deactivation (A),
and dominance-submissive (D). A lot of research has been
conducted especially on the V and A dimensions (the dimension of V and the dimension of A) regarding the measurement of emotion. For example, it has been widely used to
measure the emotional intensity of facial expressions, pictures, and words (Adolph & Alpers, 2010; Cuthbert, Schupp,
Bradley, Birbaumer, & Lang, 2000; Bradley & Lang, 1999),
and was also confirmed to be a significant measurement
criterion in behavioral, physiological, and neurological levels (Reuderink, Mühl, & Poel, 2013; Anders, Lotze, Erb,
Grodd, & Birbaumer, 2004; Dolcos, LaBar, & Cabeza, 2004).
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Affective Lexicons and Prediction Modeling
What the word means in the VAD dimension has been investigated for a long time. These emotion word lists have been
called various terms such as Affective Lexicon (Ortony, Clore,
& Foss, 1987), Affective Norms (Bradley & Lang, 1999),
and Affective Word List (Võ, Jacobs, & Conrad, 2006). Research has also been conducted in various languages, such
as French (Monnier & Syssau, 2014), Greek (Palogiannidi,
Koutsakis, Losif, & Potamianos, 2016), Chinese (Yu et al.,
2016)) as well as English.
However, all of these studies have a common limitation
that human ratings cannot be performed on numerous already
existing words and infinitely emerging new words. Accordingly, recent studies have attempted to overcome this limitation by incorporating methodology in the field of Natural
Language Processing. These studies used statistical analysis of words (Recchia & Louwerse, 2015; Vankrunkelsven,
Verheyen, De Deyne, & Storms, 2015) or word embedding
method (Wang, Yu, Lai, & Zhang, 2016; Sedoc, PreoţiucPietro, & Ungar, 2017) to expand the existing affective lexicon. These studies, however, also have limitations in that the
latest deep-learning techniques have not been applied such
as Transformer (Vaswani et al., 2017). In addition, they have
evaluated the performance of the model within the data they
already had on their hand, without collecting new data. Even
if cross-validation or bootstrapping has been applied to their
model, these methods often cannot prevent overfitting.

Figure 1: The distribution of each word in three research on
Korean Affective Lexicon in Valence-Arousal dimension
Table 1: Summary of research on korean affective lexicon
Dataset

Research on Korean Affective Lexicon
Among the many studies that measured the emotions of Korean words, there were three studies that applied the concept of dimensional theory of emotion by Russell and Mehrabian (1977): Park and Min (2005), Rhee and Ko (2013), and
Hong, Nam, and Lee (2016). While Russell proposed Valence, Arousal, and Dominance (VAD) as three dimensions
of measuring emotions (Russell & Mehrabian, 1977; Russell,
1978), results of research on D dimension were not consistently observed compared to V and A in subsequent studies (Russell, 1983; Watson & Tellegen, 1985). Therefore, the
above three studies borrowed only the V and A dimensions
showing consistent result and then selected their own new dimensions to complement the D dimension (Table 1).
Park and Min (2005) selected a list of emotion words based
on a lexicon about the frequency of Korean words in daily
life. As a result, a list of emotion words that were frequently
used and can represent various emotions was completed (Affective Lexicon 1, hereinafter AL1 ). The V dimension can be
interpreted as a continuous meaning (+3 ∼ −3) from positive
(pleasant, +3) to negative (unpleasant, -3) as shown in Figure 1. It confirmed that more than half of the words of AL1
are distributed in the negative area. This is in line with the
evolutionary view that emotions have developed to help survival, and negative emotions were beneficial in survival by
evading dangerous situations (Vaish, Grossmann, & Woodward, 2008; Lazarus, 2021). Thus, there are more negative

Research

AL1

Park and Min
(2005)

AL2

Rhee and Ko
(2013)

AL3

Hong et al.
(2016)

Measurements
Prototypicality,
Familiarity,
Valence,
Activation(Arousal)
Valence,
Activation(Arousal)
Frequency,
Concreteness,
Valence,
Activation(Arousal)

# of
words
434

267

450

emotional expressions from negative emotions than positive
emotions. Therefore, AL1 can be regarded as data that well
reflects our emotional structure.
Rhee and Ko (2013) collected the words on Facebook and
excluded words that overlapped with AL1 , then measured
their V and A values (hereinafter AL2 ). The authors remarked
that the distribution of V and A values of this study was not
significantly different from that of Park and Min (2005), but
in the V dimension, the word distribution of AL2 was biased
in the positive direction compared to the distribution of AL1 .
It seems to be due to the origin of words in AL2 . In general,
on social media, people write more positive posts than negative ones. Thus, the words in AL2 were somewhat positively
biased compared to the words in AL1 .
Hong et al. (2016) selected some words from the word list
from Park and Min (2005) and B. Kim et al. (2010) and con-
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structed a Korean affective lexicon by adding neutral words
(i.e., objects) unrelated to emotions (hereinafter referred to
as AL3 ). As a result of the experiment, unlike the previous
two studies, specific word clusters appeared in the V-A dimension at 0 and -1, respectively. All words around this point
were neutral words that have been newly added such as 건
물building, 건전지battery, 비누soap, 볼펜pen. Therefore, it
confirmed that neutral words showed a measure of 0 in the V
dimension, referring to pleasant-unpleasant emotions, while 1 in the A dimension, which indicates activation-deactivation
of emotion.
Finally, each of the three studies did not show a U-shaped
curve in the V-A dimension, unlike studies conducted in other
languages. This is presumably because three studies used a
very limited number of affective words (unlike large-scale affective lexicon that could cover a wide variety of meanings,
such as 1,061 terms in Bradley and Lang (1999) or 20,000
terms in Mohammad (2018) (Table 1). However, after combining the data from the three studies, the distribution of V-A
values of words showed a U-shaped curve as the number of
words increased including words from various contexts and
emotions (Figure 1). Therefore, by synthesizing the data of
these three studies, present study expanded the study of Korean emotion words beyond the limitations of individual studies. Accordingly, data incorporating the results of the three
studies (hereinafter referred to as ALt ) were used to build the
proposed model.

tionary(National Institute of Korean Language, 2008, 2016;
Research Institute of Korean Studies, 2009). In the process of
describing the meaning of the word, definitions from all three
dictionaries were considered so that the meaning of the word
can be described as abundantly as possible, and the model can
learn various tokens during the training process. When there
were multiple meanings in a word, the most common meaning was chosen. Homonyms were estimated by considering
V and A values because it was not possible to confirm which
meaning of the word was presented to the participants during
the experiment in the previous studies.

Optimization and Test

Figure 2: The procedure of model optimization.

Study 1
In Study 1, we built a model to evaluate the emotion of words
with V-A scores. We integrated and prepossessed data, and
optimized the model. We then evaluated the V-A values of numerous headwords in the Korean dictionary with the model,
and discussed the distribution of emotions of the Korean vocabulary set.

Preprocessing
We set and preprocess the dataset for training the model. The
ALt dataset was built by integrating AL1 , AL2 , and AL3 . Each
V and A values were normalized to have the range of -3 to 3.
AL2 included buzzwords (meme), onomatopoeia, and emoticons that were widely used on social media at the time of
the study. Among these data, words no longer used or whose
meaning cannot be found in the dictionary were excluded
from the analysis (n = 31). Since AL3 was built after two other
studies, some words in AL3 were overlapped with the previous two studies (AL1 -AL3 : 32, AL2 -AL3 : 1). The V and A values of the overlapped words were averaged for each word,
and the source of the words was set to AL3 . After preprocessing, the definitions of each word were found in the dictionary.
Naver dictionary1 was used to find the definition of words.
It provided three definitions from three different sources for
each word: Standard Korean Language Dictionary, Urimalsaem(Korean open dictionary), Korea University Korean Dic1 https://dict.naver.com/

Figure 3: The structure of proposed model
To build a model that predicted V-A values using words and
dictionary definitions as inputs, a model with a structure of
Figure 3 was proposed. The preprocessed data were used as
an input to the model in the form of word: definition. The language models were BERT (Devlin, Chang, Lee, & Toutanova,
2018) and ELERTRA (Clark, Luong, Le, & Manning, 2020),
which were Korean versions with 40,000 tokens (K. Kim,
2020). To fine-tune the pre-trained language model as much
as possible, the word itself was also used as an input. The input text was passed to the language model and transformed
into the embedding vectors. The vector of [CLS] token of the
language model passed through N regression layers, and it
became two-dimensional a vector, (V, A). The model was
trained to minimize the mean squared error (MSE) between
the output values and the original V-A values of the input
word. To make up for the lack of training data, the optimization process of the hyperparameters and the model structures
was conducted with 10-fold cross-validation, and the training/validation set was split into maintaining the proportion of
the source of words. The options to search for the best hyperparameter and model structure are shown in Table 2.
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Table 2: The tested options to find optimal model. RL means
Regression Layer of the model
Hyperparameter
Language model
Batch size
Learning rate
Dropout rate
Activation
Function
Optimizer
# of RL
Dimension
of RL

Search Space
BERT,
ELECTRA
16, 32
5e-6, 1e-6, 2e-6,
3e-6, 5e-5, 1e-5,
2e-5, 3e-5
0.2, 0.5
ReLU, GELU,
LeakyReLU
Adam, AdamW
1, 3, 5
192, 384, 768,
1536, 3072

was the never seen word to the model, but the V-A values of
this word were predicted almost accurately.

Optimal Value
ELECTRA
32
2e-5
0.5
LeakyReLU
AdamW
3
768

An additional model which consisted of a combination of
Word2Vec and LightGBM (Word2Vec+LGBM) was prepared
to compare the performance of the optimal model. The corpus
for training the Word2Vec model consisted of 1.14 million
words with definitions in the Urimalsaem. The hyperparameters of the Word2Vec model were {window size = 10, vector
dimension = 500, epochs = 30}, and the hyperparameters of
LightGBM used the default value of LightGBM Scikit-learn
API2 .
Finally, to visualize the performance of the models, 12
words were sampled as a test set from ALt . The training set
consisted of the remaining words except for these words.

Emotion Evaluation on Dictionary
The V-A values of headwords in the Korean dictionary were
evaluated. About 440,000 words were selected, excluding
words that have no meaning on their own (prepositional particles, prefix, etc.), or groups of names of people, places, or
books, from about 1.14 million headwords from Urimsaim.
The V-A values of each word were evaluated with the model.
The model used during this process was trained using the
whole data in ALt without excluding any words for the test
set.

Result and Discussion
The test results are shown in Figure 4. The MSE of
Word2Vec+LGBM was significantly higher than the MSE of
the other two models, particularly in the V dimension. The result of BERT-optimal showed improvement in all MSE compared to those of Word2Vec+LGBM, and MSEv was less than
MSEa . The result of ELECTRA-optimal showed improvement in all indicators, MSEt , MSEv , MSEa , compared those
of BERT-optimal. In the case of 게시판Bulletin Board, this
2 https://lightgbm.readthedocs.io/en/latest/pythonapi/lightgbm.

LGBMModel.html#lightgbm.LGBMModel

Figure 5: The prediction of V and A values of words in Korean dictionary.
The result of the V-A evaluation for the dictionary is shown
in Figure 5. Since all 440,000 words could not be visualized,
10% of all words were sampled and visualized. In visualization, most Korean words appeared to be neutral in terms of
the V-A dimension. The neutrally centered distribution reflects that most of the headwords in the dictionary have no
emotional meaning. These neutral words appeared around 0
in the V dimension, but -1 in the A dimension. It seems to
be because most neutral words in the ALt were from Hong et
al. (2016), and the A values of these words were distributed
around -1. In the case of the V dimension, there were more
negative words (V<0) than positive words (V>0). It implies
that there were aforementioned negative bias also in the Korean vocabulary set.

Study 2
In Study 2, we built a new affective lexicon that excluded
ambiguity in previous studies in the evaluation process. We
used it to validate the model proposed in Study 1, and then
discussed the similarities and differences between human ratings and model predictions by comparing those evaluations.

Building the list of words
To build a new affective lexicon, we filtered the words from
440,000 words selected in Study 1. Filtering criteria was the
frequency of the word used in news articles, the meaning
of the word, and the predicted V-A value of the word. During this process, words with multiple meanings or homonyms
were considered different words. After reviewing by two researchers in this study, 252 words were finally selected.
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Figure 4: The test results of models. (a) Word2Vec+LGBM, (b) BERT-optimal, (c) ELECTRA-optimal. A dashed line is a
distance between true and predicted values. The color of the dashed line is the visualization of the line length. MSE{t,v,a} means
the mean squared error of {V -A, V , and A} dimension.

Evaluating V-A Values of Words With Contextual
Meaning
The total word list was split into two lists, and each list
have 126 words. The evaluation procedure was conducted via
Google Forms using the method in Hong et al. (2016). The
informed consent form and explanation on how to evaluate
were presented with five pilot examples. After practice, 126
words were presented with a dictionary definition in the form
of {Word: Definition}, and evaluated. Since words with multiple meanings were previously considered as different words,
only one definition was presented with a word. There was
a total of 30 participants in the experiment, and each of 15
participants was assigned to two groups of half-divided word
list. The participant’s gender was 13 males and 17 females,
and the ages range from 19 to 36.

Result and Discussion
As a result of evaluating emotion of the words containing
contextual meanings, there was no data that had to be excluded in both 252 words and 30 participants. Thus, all words
and ratings were used for analysis. The V and A values of
a word were determined as the average values of 15 people
who evaluated the word. The {min, max, mean(std)} of the
evaluated words were {-2.87, 2.67, 0.09 (1.44)} in the V dimension, and {-1.87, 2.20, 0.36 (0.88)} in the A dimension.
The mean(std) of gender difference was 0.52 (0.42) in the
V dimension, and 0.89 (0.73) in the A dimension. The gender
difference was larger in the A dimension than in the V dimension. After sorting words by gender differences in descending
order, 29 of the 30 words were shown in the A dimension. In
the V dimension, there was only one word in which gender
difference was significantly large; 페미니스트feminist.
The human ratings and model predictions of the words
are as shown in Figure 6. The error between two group was
MSE{t,v,a} = {0.71, 0.83, 0.60}. The distribution of human
ratings and model predictions seemed similar in the A dimension, but the difference between the two distributions was
large in the V dimension. The distribution of model predic-

Figure 6: The visualization of human ratings and model predictions
tions has more negative words than positive words, like the
distribution of AL1 in Figure 1, while the distribution of human ratings was more positively biased than that of the model
predictions.
The distribution of V-A values of the words in human ratings was similar to that of previous studies. There were differences in evaluation between genders, and most words with
a large difference between genders in the A dimension. Females tended to give higher scores in the A dimension than
males in most words. These facts were consistent with the
study of Hong et al. (2016). In the V dimension, 페미니스
트feminist was evaluated as a highly negative word to males
(V = -2.57) but it was evaluated as a neutral word to females
(V = -0.25). On the other hand, 인종주의racism was evaluated as a negative word to both male (V = -2.00) and female
(V = -2.75). These results could be interpreted as a reflec-
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Table 3: Examples of words and definitions in which the
model showed negative bias in the Valence dimension.
Word: Definition

Human
rating

Model
prediction

비흡연: 담배를 피우지 아니함.
Non-smoking: No smoking.

2.00

-1.11

미혼자: 아직 결혼하지 않은 사람.
Single: Someone who is not
married yet.

0.33

-1.71

빈자리: 사람이 앉지 아니하여
비어 있는 자리.
Empty seat: An empty seat
because no one sits.

0.27

-1.35

tion of the severe gender conflicts in Korea and the cultural
characteristics of Korea consisting of a single ethnic group.
This phenomenon corresponds to the claim “emotional experiences by emotion words vary according to culture” mentioned at the Hong et al. (2016).
Meanwhile, there was a large difference between the human ratings and model predictions. The MSE{t,v,a} was significantly larger than that found in the model optimization
procedure or test result of the models. In particular, MSEv
was larger than our expectation. After reviewing the words
with large MSEv , we figured out the cause of this error. The
model negatively predicted the V values of some words containing specific expressions (Table 3).
The result seems to be due to the lack of words in various
contexts in the ALt used to train the model. In many cases,
for most negative words, expressions such as 않-, 아니- (Notor Un- in English) are included in the definition of words.
Also, most of the words in ALt were words with strong emotional meaning. Therefore, since the variation of the context
of data was not enough to train the model and the contextual
meanings of the words were (negatively) biased, it was estimated that the model has learned these kinds of (negative)
expressions as important features to predict negative words,
resulting in this error.

General Discussion
The present study was conducted to expand the Korean affective lexicon with a neural network model using the dictionary
definition of words as an input. In Study 1, various structures
and hyperparameters were tested to optimize the model. The
optimal model was built through 10-fold cross-validation to
make up for the small data size. After optimization, we explored the distribution of the emotional meaning of words
in the Korean dictionary. Most of the words were emotionally neutral. Values were evenly distributed in the Arousal dimension, but in the Valence dimension, negative words were
found more than positive words. It means that the negative
bias was also observed in the words we were using. In Study

2, we compared the human ratings with the model predictions
to validate the proposed model. In this process, the predicted
values on the Valence-Arousal dimension were used to select
the words to be evaluated. In order to avoid the limitations of
previous studies, the evaluation was conducted in a way that
limits the contextual meaning by presenting words as a single
dictionary definition. As a result, we found most of the findings regarding human ratings followed the results of previous
studies. However, there was a larger-than-expected error between the human ratings and model predictions especially on
the Valence dimension. After a deep review of this case, it
was assumed that this error was caused by a lack of diversity
in the data used to train the model.
The current study has the following significance. First of
all, we proposed a method to expand the affective lexicon.
Unlike English-speaking countries, where tens of thousands
of affective words exist, there are no such large-scale studies
in Korean. Thus, the significance of this study is that it has integrated the results of existing research on the Korean affective lexicon and utilized them to expand the affective lexicon
without human ratings. Second, we applied the state-of-theart method to our model. Previous studies used the statistical
analysis or word embedding based methods. However, since
our model was based on the deep-learning techniques, the
emotions of words could be inferred from the dictionary definitions. Lastly, the Valence and Arousal values of all words in
the dictionary could be evaluated by simply entering it in the
form of Word: Definition, even if the words currently not be
included in the dictionary. Therefore, our study is meaningful
in that the accuracy of emotion predictions and the possibility
of expansion of affective lexicon has increased compared to
previous studies.
Nevertheless, there are limitations to this study. Although
the model was optimized while preventing overfitting, the
model made biased predictions in some words including specific expressions due to the size of training data. As a result,
there was a larger error than we have expected on the Valence
dimension. To overcome this problem, more words in various contexts are needed to train the model. Meanwhile, when
testing various structures and hyperparameters combinations
during the model optimization procedure, the model was optimized by grid search and trial-and-error. This process took
a considerable amount of time and we could have missed a
better combination. Therefore, using better optimization techniques, such as Bayesian optimization or AutoML, is needed
to optimize the model in future studies.
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Abstract
Learning to identify a person’s voice is a key component of
speech perception. In this study, we use a categorization
framework to provide insights about the mechanisms
supporting talker identification. Native Mandarin Chinese
listeners learned to categorize sentences in three tasks with
different language contexts – native Mandarin talkers speaking
Mandarin, native English talkers speaking English, and native
Mandarin talkers speaking English. We compared learning
when listeners received fully informative or minimal feedback.
Using decision bound models, we examined the strategies
participants used in each of the three tasks. Regardless of
language context, full feedback was initially better for learning
than minimal feedback but was no different after the second
block. Across tasks, participants often used strategies based on
mean fundamental frequency to separate the talkers. These
results demonstrate that talker identification is a categorization
problem, which enables leveraging existing category learning
frameworks to understand the mechanisms of this important
ability.
Keywords: categorization;
identification

category

learning;

talker

Introduction
Learning who is talking is an important ability that guides
spoken communication. Especially in the absence of
concurrent visual cues, it can be difficult to identify a speaker
based on their voice. This complex ability requires that we
identify variable spoken utterances as coming from a single
talker. This many-to-one process can be conceptualized as a
categorization problem. In this study, we leverage
approaches from the category learning literature to provide a
better understanding of how people learn to identify talkers.
Prior research has identified language experience as an
important factor that influences talker identification.
Listeners find it easier to recognize talkers in their native
language than a foreign language (Goggin et al., 1991;
McLaughlin et al., 2019; Perrachione, 2018; Perrachione, Del
Tufo, & Gabrieli, 2011; Perrachione & Wong, 2007), a
phenomenon labeled the Language Familiarity Effect
(Thompson, 1987). When listening to talkers in one’s native
language, more cues are available to the listener to help tell
different talkers apart. Listeners have both acoustic (i.e.,

familiar sound patterns) and linguistic cues to guide their
decision making (Levi, 2019; Xie & Myers, 2015; Zarate et
al., 2015).
Acoustic cues alone can be particularly useful in
differentiating talkers. Easily identifiable cues like mean
fundamental frequency (F0, e.g., pitch height) of a talker’s
voice can be a useful marker of talker identity (LaRiviere,
1975; Lavner, Rosenhouse, & Gath, 2001; Perrachione,
Furbeck, & Thurston, 2019; Sambur, 1975; van Dommelen,
1990). Other cues like F0 variability and speech rate can also
contribute to talker identity (Perrachione et al., 2019; Skoog
Waller, Eriksson, & Sörqvist, 2015; Winkler, 2007).
However, cues that signal talker identity may also depend
on the talker’s native language. Listeners perform just as
poorly identifying talkers with accented speech in their native
language as identifying talkers speaking a foreign language
(McLaughlin et al., 2019; Stevenage, Clarke, & McNeill,
2012; Yu, Schertz, & Johnson, 2012). An effect termed the
Other Accent Effect suggests that talkers with the same
accent as the listener are easier to recognize than otheraccented talkers (Stevenage et al., 2012). This effect may
depend on the nature of the other accent. In a recent study,
native listeners of Canadian-accented English performed
equally well on Canadian-accented and Australian-accented
English but showed similarly poor performance on
Mandarin-accented English as on foreign Mandarin speech
(Yu et al., 2021). These results suggest that identifying
talkers with some foreign-accented speech can be just as
difficult as identifying talkers in a foreign language.
Less is understood about how listeners identify talkers who
speak in a foreign language with the same accent as the
listener (e.g., a native Mandarin listener identifying talkers in
Mandarin-accented English). However, there is evidence to
suggest that same-accented listeners of a foreign language
may have some benefits in speech perception (Bent &
Bradlow, 2003). For example, studies have shown that native
Mandarin listeners have comprehension advantages in
Chinese-accented English relative to native English listeners
(Bent & Bradlow, 2003; Yuan, Jiang, & Song, 2010). This
suggests that some cues that signal talker identity might be
similar in one’s native language and same-accented foreign
speech. For example, it is possible that cues that are available
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to signal talker identity in native Mandarin speech may also
be available in Mandarin-accented English speech.
Not much is understood the strategies individuals use to
learn talker identities across different language contexts. In
this study, we leverage a category learning perspective to
understand how people learn who is talking in three language
contexts: one’s own native language spoken by native talkers,
a foreign language spoken by talkers with the same accent as
the listener, and a foreign language spoken by native talkers.
We take two approaches from the category learning literature
to better understand how people learn talker identities and the
information they use to make their decisions over the course
of learning: feedback manipulations and decision strategies.

rule-based strategies may be less reliable or effective when
learning who is talking in a foreign language. If this is the
case, then full feedback may be no different than minimal
feedback for foreign-language talker categorization.
Finally, listening to talkers in a native-accented foreign
language may align with either of these perspectives or fall
somewhere in between. If more native-like cues and rules are
available when listening to same-accented foreign speech,
then full feedback may be superior to minimal feedback.
Instead, if listening to same-accented foreign speech is more
like listening to native-accented foreign speech, then minimal
feedback may be no different from full feedback.

Feedback Manipulations

Regardless of the type of feedback that participants receive
during learning, not much is understood about the cues that
learners use to decide who is talking and, critically, how their
use of those cues might change over the course of learning.
We leverage a commonly used tool for understanding
decision strategies in perceptual categorization contexts –
decision bound models (Ashby, 1992; Maddox & Ashby,
1993). These models enable understanding of how
participants separate categories in multidimensional space.
Specifically, these models enable us to go beyond accuracy
to understand more about how participants learn. This is
important because two individuals (or the same individual in
two different problems) may have similar accuracies but use
different strategies.
At present, decision bound models are restricted twodimension problems, so we focus on two dimensions that
provide reliable information about talker identity (Lavner et
al., 2001; Perrachione et al., 2019; Skoog Waller et al., 2015;
Winkler, 2007) – mean F0 (e.g., average pitch height across
an entire sentence) and speech rate (e.g., number of syllables
normalized by duration). While naturalistic speech stimuli
are highly complex and multidimensional, we have chosen a
set of dimensions that are likely to be informative for talker
identity in these three language contexts. Using these models
will allow us to assess the types of strategies that participants
use to solve these three talker identification problems.

The type of feedback that individuals receive affects category
learning. With full feedback, participants are told whether
their response was correct or incorrect as well as the correct
category (e.g., “Correct, that was category 1”). With minimal
feedback, participants are only told whether their response
was correct or incorrect (e.g., “Correct”).
Full feedback is superior to minimal feedback for learning
categories that can be differentiated by verbalizable rules
(Maddox, et al., 2008; Yi & Chandrasekaran, 2016). Full
feedback may be beneficial in these cases because it helps test
explicit rules about category identity. In contrast, minimal
feedback is helpful for learning categories that require
integration across dimensions and are difficult for learners to
describe with simple verbalizable rules (Maddox et al., 2008).
When learning non-rule described categories, including
foreign language speech categories, minimal feedback may
be just as effective as full feedback (Chandrasekaran, Yi, &
Maddox, 2014; Yi & Chandrasekaran, 2016). Other
researchers have shown that the presence of a full or minimal
feedback benefit in the visual modality may depend on the
nature of the type of stimulus mask that is used during
learning (Dunn, Newell, & Kalish, 2012).
In the current study, we predict that if a particular talker
identification problem can be solved with verbalizable rulebased strategies, then learning should be better for full
feedback than minimal feedback. However, if the problem is
difficult to solve with simple verbalizable rules, then we may
see no difference between the two types of feedback.
Critically, it is possible that the effect of feedback would
depend on the specific problem being learned (i.e., one’s
native language, same-accented foreign language, and nativeaccented foreign language). Since people are more proficient
in identifying talkers in their native language, it is possible
that identifying talkers in one’s native language can be solved
with verbalizable rules, with clearer possible rules about what
identifies a specific talker based on their long-term language
experience. If this is the case, then full feedback may be
superior to minimal feedback for native-language talker
categorization.
In contrast, since people are less proficient at identifying
talkers in a foreign language, it may be more difficult to find
reliable acoustic cues to signal talker identity. As a result,

Decision strategies

Methods
We examine how native Mandarin Chinese listeners learn to
distinguish different talkers in three different language
contexts – native Mandarin Chinese talkers speaking
Mandarin Chinese, native Mandarin Chinese talkers speaking
English, and native English talkers speaking English. We
compare learning across the three tasks when participants
were given full feedback (e.g., “Correct, that was 1”) or
minimal feedback (e.g., “Correct”).

Participants
Participants were 79 students (Full: N = 39; Minimal: N =
40) recruited from the South China Normal University
community, ages 18-26 (Full: M = 20.7, SD = 2.18, 17M/22F;
Minimal: M = 20.3, SD = 2.32, 17M/23F). Participants were
native listeners of Mandarin Chinese. Participants received
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monetary compensation for their participation. Experimental
procedures were approved by the South China Normal
University Institutional Review Board and the Joint Chinese
University of Hong Kong – New Territories East Cluster
Clinical Research Ethics Committee. An additional
participant in the Full Feedback condition did not complete
all tasks and was excluded from analyses. Participants
completed the task in the Gorilla Experiment Builder
(gorilla.sc; Anwyl-Irvine et al., 2019).
Participants reported their familiarity and experience with
other languages. Among all participants, around half reported
knowing English (Full: 20/39; Minimal: 24/40), with an
average self-reported proficiency of 4/10 (Full: M = 4.10, SD
= 1.74; Minimal: M = 3.88, SD = 1.48).

Stimuli
Stimuli were short (1-2.6 sec) Hearing in Noise Test
sentences (Soli & Wong, 2008) from the SpeechBox corpus
(Bradlow, n.d.-b) and ALLSSTAR corpus (Bradlow, n.d.-a).
Sentences were spoken by 12 male talkers and the talkers
were unique in each task (4 talkers/task). In the Native
Mandarin and Native English tasks, talkers were native
speakers of either Mandarin Chinese or American English
and spoke sentences in their native languages. In the
Mandarin-Accented English task, talkers were native
speakers of Mandarin Chinese and spoke sentences in
English. As in natural speech, there were some variations in
acoustic features like mean F0 and speech rate across talker
(Figure 1). In each task, there were 10 training sentences and
10 test sentences. Each sentence was spoken by each of the
four talkers in a task for a total of 40 training sentences and
40 test sentences.

highly recognizable (M = 94%, correct words identified in
-4 dB SNR in white noise).

Procedure
Participants first completed a headphone screening to ensure
they were using headphones and could hear the sounds
(Milne et al., 2020). All participants completed each of the
three tasks, with order counterbalanced across participants.
The only difference between conditions was the nature of the
feedback. In the full feedback condition, participants
received fully informative feedback (e.g., “Correct, that was
1”; “Incorrect, that was 2”) and in the minimal feedback
condition, participants received minimally informative
feedback (e.g., “Correct”; “Incorrect”). Feedback was
presented immediately for 750 ms and all were told to use the
feedback to improve their performance.
The tasks were identical for each set of stimuli (Native
English, Native Mandarin, Mandarin-Accented English). The
only difference was in the nature of the sentences.
Participants were told at the beginning of each task the
language of the sentences (e.g., “In this task, you will hear
sentences in English”). In each task, participants completed
five training blocks, where they heard each of the 40
sentences (10/talker) once. In the generalization test block,
participants heard 40 novel sentences spoken by the same
four talkers (10/talker) and categorized the sentences without
any feedback. Understanding talker identification as a
categorization problem relies on the ability of participants to
generalize their knowledge to these novel situations. All trials
were followed by a 1 sec inter-trial interval.
Finally, at the end of each task, participants were given
open prompt questions about each talker and were asked to
describe how they decided it was this talker who was
speaking. Due to the complex nature of this response dataset,
analyses of these responses are ongoing.
Table 1: Maximum possible accuracy of different strategies.
Task
Native
Mandarin
Accented
English
Native
English

Figure 1: Distributions of all spoken sentences based on
mean fundamental frequency (F0) and speech rate (number
of syllables divided by total duration in seconds). Each
talker is shown in a different color and shape.
Intelligibility measures for Mandarin talkers were available
from a previous study that used these stimuli (Bradlow,
Blasingame, & Lee, 2018). The Native Mandarin sentences
were highly recognizable by native Mandarin listeners (M =
88% correct words identified in -4 dB signal-to-noise ratio
[SNR] in white noise). The Mandarin-Accented English
sentences were recognizable by native English listeners (M =
70% correct words identified in 0 dB SNR white noise). We
separately tested Native English sentence intelligibility in
two naïve native English listeners and the sentences were

Mean
F0

Speech
Rate

2D
Rule

2D
Integration

85%

25%

75%

91%

78%

25%

71%

78%

59%

24%

56%

45%

To understand the decision strategies that participants used
to categorize the sentences by talker, we applied decision
bound models (Ashby, 1992; Maddox & Ashby, 1993).
These models allow for assessment of how participants use
the acoustic dimensions to identify who is talking. We fit a
series of models that make different assumptions about the
information participants use in their responses (i.e., mean F0,
speech rate, both dimensions, neither dimension) and
compared how well each of these fit the participant’s
response data. The participant’s strategy was selected as the
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model that best captured the participant’s response pattern.
Due to variability across talkers, there are some differences
in the maximum accuracy that one could achieve if they used
mean F0, speech rate, or both dimensions (2 Dimension/2D)
to separate the stimuli by talker (Table 1).
Rule-based models Rule-based models assume that
participants use verbalizable rules to separate the sentences
into talker categories. We fit models that assumed that
participants used single-dimension (1D) rules on mean F0 or
speech rate or two-dimension (2D) rule models that assume
that they use rules along both dimensions. The 1D models
have four free parameters: three for boundaries along the key
dimension (either mean F0 or speech rate) and one noise
parameter. We fit two versions of the 2D rule models – one
that assumes that participants use one rule along the mean F0
dimension and another along the speech rate dimension (e.g.,
categories fall into four quadrants such as top-left [low mean
F0 and high speech rate]) and another that assumes that
participants use two rules along one of the dimensions and
another along the remaining dimension (e.g., highest mean
F0 is category 1, lowest mean F0 is category 2, mid-level
mean F0 and high speech rate is category 3, mid-level mean
F0 and low speech rate is category 4). The two-rule models
have three free parameters: two for the boundaries along the
mean F0 and speech rate dimensions and one noise
parameter. The three-rule models have four free parameters:
three for the placement of the boundaries along the two
dimensions and one noise parameter.
Integration model The integration model assumes that
participants used both mean F0 and speech rate to decide
which speaker was talking. Different from the 2D rule
models, the integration model reflects a strategy that is
difficult for participants to verbalize. The model is
implemented as the Striatal Pattern Classifier (SPC; Ashby et
al., 1998) and assumes that participants use feedback to learn
stimulus-response associations based on the neurobiology of
the striatum (Ashby & Waldron, 1999). The SPC model can
be thought of as a complex version of an exemplar model
(Ashby & Rosedahl, 2017). The SPC model has nine free
parameters: eight that determine the location of hypothetical
striatal units in perceptual space and one that represents the
noise associated with the placement of the units.

block and each participant. The models accurately captured
participants’ responses with a prediction accuracy of 58%,
substantially better than chance (25% +/- 10% across 40
trials, .25 prob. of success, 95% cumulative prob.). Accuracy
is expected to be less than 100% due to noise in participant
responding stemming from factors such as attention lapses or
inconsistent strategy application.

Results
Full versus Minimal Feedback
We examined performance across the three tasks (Native
Mandarin, Mandarin-Accented English, Native English)
when participants were given full or minimal feedback. We
examined performance separately during training blocks and
in the generalization test.
Training With full or minimal feedback, participants
successfully learned who was talking in all three language
contexts (Figure 2). We ran a mixed model ANOVA with
block (1-5) and task as within-subjects factors and feedback
type as a between-subjects factor. The nature of the feedback
did not differently affect performance in the three tasks – the
interactions between feedback type, block, and task (F(5.82,
447.94) = 0.18, p = .97, hg2= .00051) and feedback type and
task (F(1.74, 134.06) = 0.46, p = .60, hg2= .0010) were not
significant. Linear mixed effects models with participant as a
random effect were run and give identical results, so we
report ANOVAs here for parsimony.
However, we found that the pattern of performance across
blocks was different for the full and minimal feedback
conditions (F(2.87, 220.7) = 8.83, p < .001, hg2= .013).
Bonferroni-corrected post-hoc test indicated that full
feedback had higher performance than minimal feedback in
the first block (p = .0027) with no significant differences in
any other block (ps = 1.0). For all three tasks, full feedback
gives participants the ability to learn the categories quickly,
but the advantages over minimal feedback do not last long.

Random guessing model The random guessing model
assumed that participants randomly guessed the category
identity on each trial.
Model fitting and selection We fit each of the models to
each block of each participant’s learning data and the
generalization test. The model parameters were estimated
using maximum likelihood procedures (Wickens, 1982) and
model selection used the Bayesian Information Criterion
(BIC, Schwarz, 1978), which penalizes models with more
free parameters. The model with the lowest BIC value was
selected as the best fitting model for that block of that
participant’s data. This procedure was repeated for each
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Figure 2: Performance across blocks (1-5) and the
generalization test (T) for all tasks. Error bars reflect SEM.
Dashed line reflects chance-level performance.

The performance in the three tasks was also different
across blocks (F(5.82, 447.9) = 5.79, p < .001, hg2= .016).
According to Bonferroni-corrected post-hoc comparisons,
the Native Mandarin task always had significantly higher
accuracy than both the Native English (ps < .001) and the
Mandarin-Accented English tasks (ps < .004). There were no
significant differences between the Mandarin-Accented
English task and the Native English tasks in blocks 1 (p = .87)
or 2 (p = .26), but Mandarin-Accented English performance
was higher than Native English in all other blocks (ps < .003).
These results are consistent with the Language Familiarity
Effect (Native Mandarin > Native English) and also suggest
that differentiating talkers in a foreign language in the
listener’s own accent might be easier than differentiating
talkers who are native speakers of the foreign language
(Mandarin-Accented English > Native English), especially in
later stages of learning.
Generalization Test A key component of categorization is
the ability to generalize to novel exemplars. Importantly,
participants no longer received any feedback in the
generalization test block. Participants were able to seamlessly
transfer their learning from feedback training to novel
sentences without feedback (Figure 2-T).
Using a mixed-model ANOVA, we compared the
difference between block 5 and test performance across the
three tasks in the two feedback conditions. Overall, we found
that participants maintained their final-block performance
levels in the generalization test. There was no significant
differences between full and minimal feedback (F(1, 77) =
0.061, p = .80, hg2= .00027) and no significant interaction
between feedback type and task (F(1.85, 142.7) = 2.23, p =
.12, hg2= .019). However, we found that the difference
between the final training block and the test block was
significantly different across tasks F(1.85, 142.7) = 5.09, p =
.009, hg2= .042).
In the Native Mandarin task, participants had 1.33% (95%
CI [-0.60, 3.25]) higher accuracy in the generalization test
than block 5. In contrast, performance decreased by 3.77%
(95% CI [-6.16, -1.37]) in the Native English task and 1.46%
(95% CI [-3.86, 0.95]) in the Mandarin-Accented English
task. According to Bonferroni-corrected post hoc tests, the
Native Mandarin improvement was significantly different
from the Native English decrement (p = .0049). There were
no significant differences between Native Mandarin and
Mandarin-accented English (p = .25) or between Native
English and Mandarin-accented English (p = .45). Together,
these results suggest that participants generally maintained
their performance levels from training to test and this
maintenance was better for talkers in one’s native language
than native speakers of a foreign language.

Decision Strategies
We examined the proportion of participants using different
strategies across tasks and blocks (Figure 3). As a reminder,
participants could use single-dimension strategies (mean F0,
speech rate), two-dimension strategies (2D rule, integration),

or a guessing strategy. To understand whether there were
differences in strategies across the tasks and feedback
conditions, we compared the proportion of participants using
different strategies across blocks using Fisher’s exact tests.
The most common strategy across blocks was using only
the mean F0 dimension, though many participants also used
2D rule strategies. Across all training blocks, there were no
significant differences in the strategies participants used in
the three tasks with either minimal (ps > .054) or full
feedback (ps > .29), with one exception. In block 1 of tasks
with full feedback, there was a significant difference in
strategies (p = .038), though none of the individual
comparisons survived FDR correction in post-hoc tests (ps >
.075). There were also no significant differences in strategies
used in the full and minimal feedback conditions in any block
– including the generalization test – in the Native Mandarin
(ps > .068), Mandarin-Accented English (ps > .11), or Native
English tasks (ps > .31).

Figure 3: Decision strategies across blocks (1-5) and the
generalization test (T) for all tasks.
In contrast, in the generalization test, there were significant
differences in the strategies participants used in the three
tasks for both minimal (p < .001) and full feedback (p < .001).
Specifically, according to FDR-corrected post-hoc
comparisons, there were differences in the strategies
participants used in all three tasks for both minimal (ps <
.003) and full feedback conditions (ps < .0078).
Across feedback conditions, more participants used a 2D
rule strategy in the Mandarin-Accented English task (58%)
relative to the Native Mandarin (3%) and Native English
tasks (23%). More participants used mean F0 strategies in the
Native Mandarin task (77%) and Native English tasks (76%)
compared to the Mandarin-Accented English task (39%). No
participants used a speech rate or guessing strategy in the test
block of any task.
Finally, while most participants used mean F0 strategies or
2D rule strategies, some participants used integration
strategies in the Native Mandarin task (20%). In contrast,
relatively few participants used integration strategies in the
Native English (1%) and Mandarin-Accented English tasks
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(3%). According to a dual systems perspective of learning
(Ashby et al., 1998), an integration strategy indicates these
participants used non-verbalizable, procedural strategies in
the generalization test. This could indicate that listening to
talkers in one’s native language encourages using procedural
strategies more than foreign speech with any accent.
In sum, native Mandarin listeners primarily rely on the
mean F0 cue to differentiate the talkers in their native
language and native speakers of a foreign language but use
rules on both mean F0 and speech rate when listening to
same-accented speakers of a foreign language.

Discussion
Overall, our results indicate that full feedback has a brief
benefit over minimal feedback for initial learning of talker
categories across language contexts but does not substantially
impact overall learning outcomes. As a novel approach in this
domain, we used computational models to assess learners’
strategies to understand how they use different information to
make decisions about who is talking. Using approaches from
the category learning field provides critical insights about
how listeners use acoustic cues to decide who is talking.
Initial learning was superior for full feedback than minimal
feedback. Critically, the observed effects of feedback did not
differ based on the language context. This suggests that full
feedback helps in each of these language contexts by enabling
participants to learn somewhat accurate rules quickly but that
none of these problems can be completely solved with
verbalizable rules.
However, the similarity of full and minimal feedback
conditions throughout the rest of training suggests that these
tasks may require complex, multidimensional strategies that
are difficult to verbalize. This interpretation is consistent with
findings that categories that cannot be separated by simple,
verbalizable rules demonstrate no differences between full
and minimal feedback (Chandrasekaran et al., 2014; Maddox
et al., 2008; Yi & Chandrasekaran, 2016), but categories
separated by verbalizable rules show clear benefits for full
over minimal feedback (Maddox et al., 2008, but see Dunn et
al., 2012). Our results indicate that full feedback may
highlight verbalizable rules that are somewhat useful for
learning (e.g., mean F0) and boost initial performance.
Instead of encouraging different strategies during learning,
full feedback may encourage more accurate initial strategies
than minimal feedback.
Our results are also consistent with prior demonstrations of
the Language Familiarity Effect (e.g., Perrachione, 2018;
Thompson, 1987) – performance was better for the Native
Mandarin task than the Native English task. Our results add
to prior literature on the Other Accent Effect (Stevenage et
al., 2012) that show that talkers are harder to identify when
they have a foreign accent than one’s own native accent in
their native language. Specifically, our results extend
previous findings by demonstrating that listeners are better at
identifying talkers when listening to same-accented foreign
speech than native-accented foreign speech. This suggests

that the Other Accent Effect may also exist when hearing
speech in a foreign language.
While initial learning of Mandarin-Accented and Native
English talkers was not significantly different, with more
training, performance was better for Mandarin-Accented
English than Native English. This pattern of results may
indicate that when listening to own-accented foreign speech,
listeners may be able to access native language cues that
enable better talker identification relative to native-accented
foreign speech. This finding is aligned with prior work that
demonstrates that talker identification is enhanced when
listeners hear talkers produce pseudo-words that have similar
sound patterns of their native language than when listening to
foreign speech (Perrachione et al., 2015; Xie & Myers, 2015;
Zarate et al., 2015). Similar talker sound patterns, regardless
of language context, may aid talker identification.
Our results also provide insights about how listeners decide
who is talking and, specifically, how they use acoustic cues
in different language contexts. We found that, regardless of
task, native Mandarin listeners primarily use singledimension rules on mean F0 or two-dimension rules on mean
F0 and speech rate to separate the talkers. In each of these
tasks, mean F0 is a reliable, but not perfect, cue for signaling
talker identity, as has been demonstrated in prior work
(Lavner et al., 2001; Perrachione et al., 2019). This suggests
that listeners may use similar strategies across language
contexts.
Because mean F0 and speech rate together cannot fully
separate these talkers in any language context (Table 1), it is
also likely that other dimensions contribute to talker
identification. Indeed, the complex and naturalistic problem
of talker identification is likely a high dimensional problem.
We selected mean F0 and speech rate as target dimensions as
they appeared to be likely candidates to aid in talker
identification based on prior literature (Lavner et al., 2001;
Perrachione et al., 2019; Skoog Waller et al., 2015; Winkler,
2007). We selected specifically two dimensions because of
the application of the decision bound models is currently
limited to two-dimensional problems. A multitude of other
dimensions have been examined and future work should
focus on how a combination of these dimensions relates to
how participants categorize these stimuli by talker.
It is important to note that our participants had a variety of
experience and proficiency with English. Second language
experience is very likely going to influence performance in
these tasks. While we did not examine this directly here,
future research should investigate how the extent of
experience in English influences native English and sameaccented English talker identification.
Overall, our results apply a categorization perspective to
understanding talker identification by providing information
about how listeners use dimensions to make decisions during
learning and by contrasting full and minimal feedback
conditions. This work has implications for understanding
talker recognition in humans and artificial machine listening
contexts.
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Abstract
Systematic generalization is the ability to combine known parts
into novel meaning; an important aspect of efficient human
learning, but a weakness of neural network learning. In this
work, we investigate how two well-known modeling principles—
modularity and data augmentation—affect systematic generalization of neural networks in grounded language learning. We
analyze how large the vocabulary needs to be to achieve systematic generalization and how similar the augmented data needs
to be to the problem at hand. Our findings show that even
in the controlled setting of a synthetic benchmark, achieving
systematic generalization remains very difficult. After training
on an augmented dataset with almost forty times more adverbs
than the original problem, a non-modular baseline is not able
to systematically generalize to a novel combination of a known
verb and adverb. When separating the task into cognitive processes like perception and navigation, a modular neural network
is able to utilize the augmented data and generalize more systematically, achieving 70% and 40% exact match increase over
state-of-the-art on two gSCAN tests that have not previously
been improved. We hope that this work gives insight into the
drivers of systematic generalization, and what we still need to
improve for neural networks to learn more like humans do.
Keywords: Modularity; Systematic Generalization; Data Augmentation

Introduction
Humans are efficient learners. Once someone has seen a single
example of a wampimuk, they know how to recognize a small
wampimuk. Once someone learns how to walk cautiously,
they know how to cycle cautiously, even though cycling requires a novel sequence of low-level actions. Our aptitude for
this type of generalization is a consequence of the fact that
word meanings like “small” and “cautiously” compose systematically (Chomsky, 1957; Montague, 1970) — a property
of language called systematic compositionality.
A discrepancy between humans’ ability to interpret novel
compositions and that of neural network models has long been
discussed (Fodor & Pylyshyn, 1988; Marcus, 1998; Fodor &
Lepore, 2002; Marcus, 2003; Calvo & Symons, 2014) and this
issue has been revitalized in recent years (Gershman & Tenenbaum, 2015; Lake & Baroni, 2018; Bastings, Baroni, Weston,
Cho, & Kiela, 2018; Loula, Baroni, & Lake, 2018; Bahdanau
et al., 2019). While conventional models assign low likelihood
to unseen combinations of familiar tokens, there has been a
recent surge of interest in developing models that generalize
more systematically (Russin, Jo, O’Reilly, & Bengio, 2019;
Lake, 2019; Andreas, 2020; Nye, Solar-Lezama, Tenenbaum,
& Lake, 2020; Gordon, Lopez-Paz, Baroni, & Bouchacourt,

2020; Bogin, Subramanian, Gardner, & Berant, 2021). Despite progress, we are still very far from neurally-grounded
models that provide a fully satisfying account of systematic
compositionality, and certain types of complex composition
remain especially elusive.
The methods that systematically handle prototypical examples of compositionality like verb-object binding do not
address other less studied cases like adverb-verb composition.
Similarly to the “cycle cautiously”-example above, this type
of generalization requires making non-local changes to the
action sequence, transforming it entirely. The example reflects
a more general property of adverbs; combining a verb with
an adverb in a sentence can substantially change the actions
required to perform said verb. We study this phenomenon
using the recently proposed gSCAN benchmark for evaluating
models for systematic reasoning in a controlled environment
(L. Ruis, Andreas, Baroni, Bouchacourt, & Lake, 2020). The
grounded nature of this benchmark allows it to evaluate new
dimensions of systematicity that have not been captured by
previous work, like the additional complexity of adverb-verb
compositionality. Grounding meaning in a world state requires models to do something that is more like real language
understanding; the correct action sequence for a language command changes based on the world state.1 Several recent works
have proposed methods to improve performance on the tests
(Heinze-Deml & Bouchacourt, 2020; Gao, Huang, & Mooney,
2020; Kuo, Katz, & Barbu, 2021; Nye, Tessler, Tenenbaum,
& Lake, 2021; Qiu, Hu, Zhang, Shaw, & Sha, 2021; Jiang &
Bansal, 2021), yet there has been little progress on the types
of unseen adverb combinations discussed above.
Here, we study two key modeling principles, modularity and
structured data augmentation, and their effect on systematic
generalization in grounded language learning. The notion
that modular architectures generalize better is a longstanding
principle in cognitive science (Fodor, 1983) and AI (Poole &
Mackworth, 2017), just as programmers know that modular
systems are more reusable and robust (Meyer, 1997). Denselyconnected neural networks may be especially prone to the
pitfalls of non-modular systems, as spurious correlations in the
input can affect the whole system in unpredictable ways. There
1 Of

course, the meaning of a word is not equivalent to the ability
to perform it – you can know the meaning of “ski jumping” without
actually being able to do it. In this domain, we assume that actions
are simple and executing them is a noiseless process.
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is ample evidence that modularity can improve systematic
generalization in neural network models, (Andreas, Rohrbach,
Darrell, & Klein, 2016; Bahdanau et al., 2019; Purushwalkam,
Nickel, Gupta, & Ranzato, 2019; D’Amario, Sasaki, & Boix,
2021) and here we apply modularity to the gSCAN challenge,
decoupling navigation, perception, and reasoning.
Data augmentation is a widely used technique in machine
learning to increase the diversity of training examples without
explicitly collecting new data (for surveys in computer vision
and natural language processing, see Shorten and Khoshgoftaar (2019) and Feng et al. (2021), respectively). However,
applying data augmentation techniques to get examples for
adverb-verb composition is difficult. The transformative effect
an adverb has on the output sequence and the grounded nature
of the benchmark makes the class of augmentation techniques
called interpolation-based, like those proposed by Andreas
(2020) and Kagitha (2020), inapplicable. Instead we take a
structured augmentation approach and infer a set of rules that
characterize how adverbs operate in our domain, subsequently
using these rules to generate new data. We evaluate how much
and what kind of experience is needed to generalize to examples exhibiting the type of compositionality illustrated by the
“cycle cautiously”-example.
We propose a modular approach to systematic generalization and design a structured data augmentation technique to
generate experience for the modules. From extensive experiments with the proposed setup we deduce three main findings.
Firstly, simply providing a neural network with more data
might not be sufficient to achieve systematic generalization;
even after adding as much as 150 extra adverbs to the four
original adverbs in the gSCAN dataset (arguably enough given
the simple, controlled environment of the tests) the model is
not able to generalize systematically. Secondly, implementing modularity by separating the problem into higher-level
cognitive processes enables the model to use the additional
experience and generalize systematically on tests related to
the additional experience. Finally, naively adding experience
does not enable systematic generalization. For the model to
learn how to generalize systematically, the experience it sees
needs to be sufficiently similar to the type of systematicity it
is tested on.
The three key contributions of this paper are (1) We investigate a type of adverb-verb compositionality that has seen little
progress in the past, (2) We propose a neural architecture for
systematic generalization that is modular at the task-level, (3)
We analyse the amount and type of data this network needs to
achieve improved systematic generalization.

Related Work
In recent years systematic generalization has seen a revived
interest from the machine learning community, in computer
vision (Johnson et al., 2017; Misra, Gupta, & Hebert, 2017;
Atzmon, Kreuk, Shalit, & Chechik, 2020; F. Ruis, Burghouts,
& Bucur, 2021), natural language processing (Lake & Baroni,
2018; Baroni, 2020; Keysers et al., 2020; Kim & Linzen,

2020), and more generally (Nam & McClelland, 2021). Two
fundamentally different approaches are taken by the literature;
one utilizes additional data while making few changes to the
conventional setup and architecture (Furrer, van Zee, Scales,
& Schärli, 2020), while the other utilizes additional inductive
biases that aim to support systematic generalization (Russin
et al., 2019; Lake, 2019; Andreas, 2020; Nye et al., 2020;
Gordon et al., 2020; Bogin et al., 2021; Chaabouni, Dessı̀, &
Kharitonov, 2021). In this work we apply both approaches,
the former through data augmentation, and the latter through
modularity.
Using modularity to improve systematic generalization is
a common strategy in the literature. Some approaches introduce modules that directly map to different parts of the input
command (Andreas et al., 2016; Corona, Fried, Devin, Klein,
& Darrell, 2021), and others map to different attributes of an
input image (Purushwalkam et al., 2019). In this work we
design modules that tackle different parts of the task, like navigation and perception. Additionally, we use data augmentation
to provide the modules with separate experience. Data augmentation for systematic generalization is also a well-studied
area (Lake, 2019; Andreas, 2020; Kagitha, 2020). Here we
take a structured augmentation approach that works even in
the grounded setting of the benchmark, designing a set of rules
that can generate novel examples. This allows us to generate
separate data for each module as well as additional data with
novel concepts that are not part of the original dataset.

Evaluating Systematic Compositionality
To evaluate the systematicity of the model’s predictions, we
will use the grounded SCAN benchmark (gSCAN). The benchmark tests a broad set of phenomena in situated language understanding where humans should easily generalize, but where
computational models struggle due to systematic differences
between the training data and the test data. In gSCAN, agents
are asked through language commands to execute instructions
in a 2D gridworld. The benchmark has seven different tests
that require combining known concepts into novel meaning.
For example, one test requires recognizing a novel object with
a familiar color and shape that have never been observed together. Another test evaluates whether a model is able to
interpret a command containing an unseen composition of a
familiar verb and adverb. This latter test is of the kind that is
unsolved by prior work, hence the subject of our focus.
Figure 1 depicts examples of gSCAN tasks with adverbs2 .
The use of an adverb in the input command indicates a changed
manner of navigation across the grid, requiring a complete
transformation of the output. For example, transforming a
sequence that simply navigates from the bottom right to the
top left to one that does this while spinning works as follows:
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“turn left walk walk turn left walk walk”

↓ fwhile spinning
“spin* turn left walk spin* walk spin* turn left walk spin* walk”
2 Note

that some of the adverbs mentioned are adverbial phrases.

(a)
(b)
Figure 1: This figure depicts the two tests of adverb compositionality in gSCAN. Figure (a) denotes a few-shot learning test; a model has access
to few (k) examples of how the adverb “cautiously” translates to an output sequence and needs to generalize to all other examples. Figure (b)
denotes the “pull while spinning”-test; reminiscent of the “cycle cautiously”-example, a model learns all examples of pushing while spinning
or walking while spinning, and is tested on its ability to interpret “pull while spinning”.

where spin* is not a primitive but an action sequence of four
times “turn left”. The underlying rule is to add a spin before
turning to a direction and moving (e.g., “turn left walk” or
“turn right push”). When the manner is “cautiously”, the transformed sequence would look as follows: “turn left cautious*
walk cautious* walk turn left cautious* walk cautious* walk”,
where cautious* is an action sequence of “turn left turn right
turn right turn left” (looking to the left and right). Here the
rule is slightly different, as the agent first needs to turn to the
direction it will continue in, then be cautious, and then take
the movement action. This difference will prove important in
the experiment section where we analyze what kind of data
augmentation results in systematicity.
Figure 1 exemplifies the two types of systematic generalization within our focus here and that have not been solved by
prior work. One of the tests focuses on learning something
new from few examples, and the other on composing familiar
things. Figure 1a shows a test of few-shot generalization to
“cautiously.” At training time, the model only sees a few (k)
examples of commands with “cautiously”; at test time, the
model needs interpret all unseen commands with that manner.
Figure 1b shows a test of adverb-to-verb generalization. At
training time, the model sees all commands that contain “push
... while spinning” and “walk ... while spinning”, and at test
time it needs to interpret “pull ... while spinning”.
The object properties and their denotations are combined
to form a training set of 367,933 different examples. Each
command in the output sequence can be one of five actions
(e.g., walk, turn left, etc.). For a full description of the dataset
statistics refer to the appendix of L. Ruis et al., (2020).

Method
The problem posed by gSCAN naturally divides into modules
reminiscent of high-level cognitive processes. Below we describe what each module does, how we generate data for these
modules, and how the resulting model is trained.
The modular architecture. To facilitate modularity, we
aim to separate the task at hand into different cognitive modules; perception, navigation, interaction, and manner of navigation (or, transformation). Each module has its own input

and output, all modules additionally have access to the language command, and some have access to the world state. For
an overview of the modules and their input-output flow, see
Figure 2.

Figure 2: The input command (“Push a circle cautiously.”) and world
state are processed by different modules, each dealing with a different
question about the input task. The final output is produced by the
transformation module. *: cautious is in reality not a primitive action
but a sequence of “turn left turn right turn right turn left”

The perception module takes the input command and world
state and outputs where the agent is (a tuple with a row and
column number), what direction it is facing (east, north, south,
or west), and where the target is (a tuple with a row and column number). The navigation module uses that information
and outputs a plan to get from the agent location to the target
location. This module needs access to the input command
because there are adverbs like “while zigzagging” that require
the module to output a different plan (instead of “turn left
walk walk turn left walk” like the plan in the figure, it would
output “turn left walk turn left walk turn right walk”). Ad-
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ditionally, some adverbs require an egocentric plan like the
one in Figure 2, but others require an allocentric plan. The
allocentric equivalent to the plan in Figure 2 is “North North
West”. The navigation module decides what mode of output,
allo- or egocentric, to use based on the input command. In the
next paragraph the reason for this distinction is detailed. The
interaction module gets the output from the perception module
and the world state, and can use the target location to decide
how to interact with the object. In this case, it needs to be
pushed once. This module uses the input command to decide
whether to push or pull. Finally, the transformation module
gets the plan and the interaction commands, and transforms
the whole sequence to adhere to the manner of navigation. In
this case, it needs to navigate cautiously (“turn left turn right
turn right turn left”, i.e., looking to the left and right, shortened in Figure 2 for clarity) before each movement command
(“walk”, “push”, and “pull”). This module uses the input command to decide which transformation is necessary and always
outputs egocentric commands, even if the input is allocentric.
Inputs like “North” are transformed to “spin* turn left walk”
if the adverb is “while spinning” (where spin* is “turn left
turn left turn left turn left”). Sometimes an example requires
no interactions and/or no transformation (e.g., “walk to the circle”). In that case, the interaction and transformation modules
output a special end-of-sequence token.
Structured data augmentation. Each module needs experience to learn, and in order to analyze how much experience
they need, we construct a domain-specific language (DSL)
under which the original gSCAN benchmark is grammatical.
The DSL contains everything to generate the already existing
manners of navigation found in gSCAN and can be used to
sample new manners of navigation. We can use it to generate
as much data as needed. The DSL is constructed as a functional L-system (Lindenmayer, 1968). L-systems are parallel
rewriting systems of rules. An L-system has a set of symbols
that can form sequences, and production rules to rewrite those
sequences. By applying rules from the L-system to sequences
(which can be empty), a sequence can be grown. L-systems
are executed in parallel, meaning that a rule gets applied to all
symbols in the sequence at once. Each adverb gets assigned
a set of rewrite rules, called a program. Applying this set of
rules to a sequence will transform it into a sequence with the
manner that the program corresponds to.
To show how the DSL works, we will walk through an
example. The DSL uses allocentric and egocentric symbols,
which are indicated by capitalized and lowercase symbols
respectively (e.g., “North” or “turn left” and “walk”). This
distinction more naturally fits the already existing adverbs in
gSCAN and results in less rewriting rules for their programs.
For the adverb “while spinning” the transformation can be
applied to allocentric commands, and for the adverb “cautiously” to egocentric commands. For example, to construct
the sequence in Figure 2, we apply the following rewrite-rule
to the egocentric plan “turn left walk walk turn left walk”:
walk → turn left turn right turn right turn left walk

Which puts the “cautious”-sequence at the right location, before the movement symbol. Because L-systems are parallel
rewriting systems, the above rule needs to be applied once to
transform the sequence. For “while spinning”, and an allocentric plan “North North West”, the rewrite rules will be:
North → turn left turn left turn left turn left North
West → turn left turn left turn left turn left West
If then, based on the agent’s starting direction, North gets
rewritten to “turn left walk” the spin is already at the right
location in the sequence (namely before turning into the direction that the agent will be walking in). Rules can be applied
recursively, which is why the DSL can theoretically generate
infinite data. If the above rules are applied ad infinitum the
agent will never stop spinning.
Constructing the rules for each adverb leads to a set that
we call the meta grammar. We extend the meta grammar
with additional rules to be able to sample new programs that
correspond to different manners and adverbs. For example,
one rule that can generate manners of navigation that aren’t a
part of the original gSCAN is the following:
East → North East South
Applying this type of rule will make the agent take a small
detour instead of going east immediately. To get a dataset with
X extra adverbs, we sample as many programs from the meta
grammar. If a program gets generated that has the same set of
rules as one of the original gSCAN adverbs, it is rejected3 .
The subtle differences among the original gSCAN manners
induce a categorization of adverb types; “while spinning”type adverbs can be described by transformations that are
naturally applied to allocentric commands and do not result
in changed movement across grid-cells (they only result in
changed movement within grid-cells), “cautiously”-type adverbs are described by transformations that are applied to
egocentric commands and also do not result in changed movement, and “while zigzagging”-type adverbs are applied to
allocentric sequences and do result in a changed path across
the grid. Finally, the manners resulting from rules that make
the agent take a detour are not part of the original gSCAN
dataset and are different in that they cause the agent to walk
more than needed. We use this taxonomy to evaluate the type
of experience a model needs to generalize systematically.
Network architecture & training details. The neural network we use as a non-modular baseline is exactly the same as
the one described by L. Ruis et al. (2020), as well as the hyperparameters used. For each module in the modular network we
re-use the parts of the baseline architecture that apply. Based
on the input-type and output-type a module requires, different
neural networks are combined into a module. For example,
the perception module’s encoder is exactly the same as the
baseline, since it also needs to process the input command
and the world state. The decoder does not need to output a
sequence but three integer predictions (initial agent direction
and position, and target position), therefore the decoder is an
multi-layer perceptron (MLP) with three output heads. The
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3 Find

the full DSL: https://github.com/LauraRuis/msa.

transformation module processes the concatenation of the sequences that the navigation and interaction modules output
and outputs a sequence, hence both the encoder and the decoder are recurrent neural networks. The full architecture and
code for the experiments can be found in the same repository
as the DSL. The modules get trained independently and in
parallel with ground-truth inputs and targets generated by the
DSL. At test time, the forward-pass through the modules happens sequentially and the modules that take the output from
the previous module take their predicted output. We train
everything with Adam optimizer (Kingma & Ba, 2015). For
both the baseline and the transformation module we found that
when adding additional augmented data, the neural network
size needs to be increased to prevent underfitting. Whenever
we add augmented data to a model, we increase the recurrent
hidden sizes from 100 to 400, the embedding dimension from
25 to 50, and decrease dropout from 0.3 to 0.2.4

Experiments
To analyze the effect of modularity and data augmentation on
systematic generalization we evaluate the models on gSCAN.
Besides the two tests of our focus that require the type of
adverb compositionality that prior work struggles with, we
report the performance on the five remaining tests to ensure
that a performance increase doesn’t present a trade-off between
tests, as well as on a “random” test set that is sampled from
the same distribution as the training set. This is a sanity check
that all models are able to solve the gSCAN task when the
test set has no systematic differences with the training set. We
compare the proposed models to the end-to-end neural network
used in the original gSCAN paper. Upon establishing the best
performing model, we run several experiments to understand
the performance increase. Specifically, we look at the effect of
the number of adverbs in the training set, the type of adverbs
in the training set, and the number of “cautiously”-examples
in the training set (i.e., the k in k-shot).
The effect of modularity and augmentation. We train
the baseline and the modular model outlined above on the
original gSCAN training set containing four adverbs and on
a training set containing 150 additional adverbs generated by
the DSL. In Table 1 the results on a random test set with no
systematic differences with the training set and on the seven
systematic generalization tests is shown. When looking at the
tests of our focus, row “Cautiously k=5-shot” and “Pull while
spinning”, we see that the modular network (column “Modular
only”) gives a clear improvement over the non-modular baseline (column “Baseline”) for the few-shot learning test. For the
adverb-to-verb generalization there is no clear improvement
from modularity alone. However, once we add the augmented
dataset with 150 extra adverbs the performance jumps significantly (column “Modular & Augmentation”). This provides
an improvement of +/- 80% exact match over the baseline for
the few-shot split, and 55% for the “pull while spinning”-split.
The question is whether modularity is necessary; what if we
4 Full

hyperparameter details: https://github.com/LauraRuis/msa

simply train the baseline with the augmented data? This experiment is depicted in the column labeled “Augmentation only”
of Table 1. We observe two things in this result. Firstly, the
modular method with augmentation outperforms the baseline
with augmentation for the “pull while spinning”-split. Secondly and more importantly, training the non-modular baseline
with the augmented dataset results in worse performance than
the baseline for four of the five other tests in gSCAN. One
interesting possible explanation for this is the fact that the
augmented data has the same systematic differences with the
test sets as the original training set and more exposure to
this data increases confidence in the biases extracted from
the original training set. For example, in the augmented data
generated yellow squares are still never mentioned in the input
command. This means that the performance increase for the
adverb-splits becomes a trade-off, whereas in the modular case
we can simply only provide the transformation module with
the augmented data to circumvent this issue.
The best method from literature for the 5-shot split achieves
10.31% exact match (Kuo et al., 2021), and for the pull while
spinning split the best method achieves 33.6% exact match
(Gao et al., 2020), making this work is the first to improve on
these tests. Even though our method is advantaged through the
augmented adverb set, an important result is evident: to make
progress on systematic generalization simply adding extra data
is not always enough. In this case, we use high-level modularity to make full use of the structured data augmentation.
The effect of vocabulary size and varied k. Figure 3a
contains the results of runs on training sets with different vocabulary sizes. For the 5-shot “cautiously” split, we observe
a slow increase of performance when going from 0 to 100
adverbs in the training set, and a big jump when adding the
final 50 adverbs. For the “pull while spinning” split adding
extra adverbs is not always strictly better5 . This result shows
that simply adding more adverbs does not guarantee performance increase. If the model could transfer experience with
any adverb to the two that are the subject of the adverb tests
we should see a steady increase in performance when adding
additional adverbs. What we can infer from these results is
that the vocabulary size is not the full picture, and we need to
break the dataset down per adverb type to get a clearer idea,
which we do in the next section.
Figure 3b shows the performance as a function of the number of training examples with “cautiously”. The result is
unsurprising; more is better, and after 10 examples the effect
of adding more diminishes. The difference in performance for
the “pull while spinning” split can be explained by the high
variance of these results.
The effect of manner-similarity. It turns out simply adding
more adverbs to the training set does not suffice for strong
5 In the training sets containing 0, 10, 50, or 150 adverbs the
dominant adverb type is the “while spinning”-type. In the training set
with 100 extra adverbs however, it’s the “cautiously”-type (3% more
“cautiously”-type examples). This might explain the performance dip
for the “pull while spinning” test when training on 100 adverbs. To
test this hypothesis more experiments are needed.
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Table 1: Results obtained by the models for each split, showing exact match accuracy (average of 5 runs ± std. dev.). The rightmost three
columns show current state-of-the-art (SOTA) models.
Split
Random
Cautiously k=5-shot
Pull while spinning
Yellow squares
Red squares
Novel direction
Relativity
Class inference

Baseline
97.15 ± 0.46
1.12 ± 0.46
19.04 ± 4.08
30.05 ± 26.76
29.79 ± 17.70
0.0 ± 0.0
37.25 ± 2.85
94.97 ± 1.12

Modular & Augmentation
96.34 ± 0.28
80.04 ± 6.06
76.84 ± 26.94
59.66 ± 23.76
32.09 ± 9.79
0.0 ± 0.0
49.34 ± 11.60
94.16 ± 1.25

Exact Match (%)
Modular only
Augmentation only
96.35 ± 0.29
96.13 ± 0.28
11.40 ± 5.59
76.26 ± 17.18
25.87 ± 32.09
25.27 ± 4.89
59.66 ± 23.76
22.89 ± 22.40
32.09 ± 9.79
10.27 ± 4.09
0.0 ± 0.0
0.0 ± 0.0
49.34 ± 11.60
31.42 ± 3.91
94.06 ± 1.21
93.65 ± 2.49

Qiu et al.
99.95 ± 0.02
22.16 ± 0.01
99.90 ± 0.06
99.25 ± 0.91
0.0 ± 0.0
99.02 ± 1.16
99.98 ± 0.01

Kuo et al.
97.32
10.31
21.95
95.35
80.16
5.73
75.19
98.63

Gao et al.
98.6 ± 0.95
33.6 ± 20.81
99.08 ± 0.69
80.31 ± 24.51
0.16 ± 0.12
87.32 ± 27.38
99.33 ± 0.46

(a)
(b)
(c)
Figure 3: The average exact match of five runs on the adverb splits varying (a) the number of additional adverbs (0, 10, 50, 100, 150), (b) the k
in k-shot learning (1, 5, 10, 50), or (c) the distribution of adverb types in the training set. The error bars show the std. dev. over 5 training runs.

systematic generalization. As detailed in the method section,
the different gSCAN adverbs can be divided in three different
groups. Adverbs in the same group require a similar manner of navigation. In this experiment (depicted in Figure 3c),
we train a model on different subsets of the dataset containing 150 augmented adverbs in addition to the original four
gSCAN adverbs (“All adverb types” in Figure 3c). Sorted
from most number of adverbs to least number of adverbs we
have; a subset containing the “while spinning” and “while
zigzagging”-type adverbs but not the “cautiously”-type (“No
cautiously-type”), a disjoint subset with only the “cautiously”type adverbs, a subset containing just one adverb (picked to be
highly similar to “cautiously”, requiring an action sequence
of “turn right turn left turn left turn right” before movement
actions instead of “turn left turn right turn right turn left”),
and a subset without extra adverbs containing only the original
four gSCAN adverbs (“No extra adverbs” in Figure 3c). The
results of this experiment give a clearer picture than vocabulary size alone. It shows that the type of adverb is crucial
for the performance. The model trained on the dataset without “cautiously”-type adverbs does only slightly better on the
few-shot “cautiously” split than when trained without extra
adverbs, but very well on the “pull while spinning” split. In
fact we see that taking out the adverbs that are similar to “cautiously” boosts performance significantly over using all 150
adverbs on the “pull while spinning” split. This shows that
the adverb similarity is important for knowledge transfer between adverbs and adding adverbs of another type can even
hurt performance. When taking this experiment to the extreme
by adding a single adverb that is similar to “cautiously” to
the original adverbs (“one cautiously-type” in Figure 3c), we
observe that this almost explains all performance increase for
the few-shot “cautiously”-split. This experiment suggests that
it is not the quantity, but the quality of data that we add that
is important, and that the models may be relying on nearest-

neighbor-style reasoning when generalizing to new adverbs.

Conclusion
In this work we investigate adverb-verb compositionality that
has a transformative effect on action sequences required to
perform a verb. This type of compositionality has seen little
progress in the past. By applying two influential modeling
principles, modularity and data augmentation, we set a new
state-of-the-art on two grounded language understanding tests
that evaluate this. Even though the method has an advantage
over previous methods due to the augmented data, the results
give insight into what can bring about progress on the set of
tests that thus far have proven difficult. We find that naively
adding substantial experience with different adverbs to the
training set of a neural network is not sufficient for strong
generalization, but when separating the architecture into different modules reminiscent of high-level cognitive processes
the model is able to generalize more systematically. Moreover,
we find it is not the quantity of experience that matters, but the
quality; adding additional adverbs to the training set that correspond to a different manner of navigation than the one that is
tested barely results in transfer of the learned knowledge and
can even hurt generalization, whereas adding a single adverb
that is very similar to the tested adverb almost explains the
entire performance increase. These lessons may translate more
broadly; to move towards truly systematic neural networks
we may need to take into account the quality of experience
a model sees, and the inductive biases it needs to be able to
utilize this experience systematically.
One weakness of the proposed architecture is that some
aspects are specialized for the task at hand. For future work,
it would be an interesting challenge to eliminate the need for
designing a structured augmentation method by hand, as well
as learning the module layout from data in order to readily
apply it to other domains.
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Abstract
Speakers’ referential expressions often depart from communicative ideals in ways that help illuminate the nature of pragmatic language use. Patterns of overmodification, in which a
speaker uses a modifier that is redundant given their communicative goal, have proven especially informative in this regard.
It seems likely that these patterns are shaped by the environment a speaker is exposed to in complex ways. Unfortunately,
systematically manipulating these factors during human language acquisition is impossible. In this paper, we propose to
address this limitation by adopting neural networks (NN) as
learning agents. By systematically varying the environments
in which these agents are trained, while keeping the NN architecture constant, we show that overmodification is more likely
with environmental features that are infrequent or salient. We
show that these findings emerge naturally in the context of a
probabilistic model of pragmatic communication.
Keywords: overmodification; reference; pragmatics; learning
semantics; rational speech acts

Introduction
Overmodification describes the well-attested tendency of
speakers to supply more information than apparently needed
for a listener to identify the intended referent. Consider the
example in Figure 1 (top). The speaker’s goal is to communicate the target image (here highlighted with a yellow box)
to a listener. While the utterance “circle” would suffice for
the listener to pick out the target from the context, speakers
often use “red circle” instead, whereas the unmodified noun
“circle” is more likely when circles are typically red (middle)
or when color in general is not as salient (bottom). In this
paper, we show that such patterns arise naturally in neural
network speaker agents that are (1) trained in these different
environments and (2) reason pragmatically about a listener.
The rate of overmodification with color terms has been
shown to vary in structured ways (Pechmann, 1989; Engelhardt et al., 2006; Koolen et al., 2011). Non-color-diagnostic
objects, which occur in a variety of colors equally frequently
(e.g., cups), are readily overmodified (Sedivy, 2003; RubioFernández, 2016). For objects that are associated with one
particular color (e.g., bananas), the overmodification rate
drops when the color is typical (“banana” for a yellow banana), and increases when it is atypical (“blue banana” for
a blue banana) (Westerbeek et al., 2015; Degen et al., 2020;
Sedivy, 2003; Kreiss & Degen, 2020).
In addition to color diagnosticity, the visual salience of
color has also been argued to play an important role in why

Figure 1: Neural speakers are exposed to different environments during learning and tested on their choice of color overmodification. Varying the underlying data distribution shapes
neural speakers’ overinformative usage of color, explaining
previous findings from human production and suggesting additional factors that may give rise to overmodification.

speakers tend to frequently overmodify with color but not
with other modifiers such as size (Sedivy, 2003; van Gompel
et al., 2019; Davies & Katsos, 2013; Rubio-Fernandez et al.,
2019; Rubio-Fernández, 2016; Brown-Schmidt & Konopka,
2011). This intuition predicts that overmodification rates decrease with reduced visual salience.
A variety of computational models have been proposed to
account for overmodification patterns. The Incremental algorithm (Dale & Reiter, 1995) predicts color overmodification whenever it serves to disambiguate from at least one distractor. The probabilistic referential overspecification model
(PRO; van Gompel et al., 2019) predicts that speaker preferences and visual salience explain the overmodification patterns by arguing that atypically colored objects are more
salient. Recently, several models of overmodification have
been proposed within the Rational Speech Acts (RSA) framework (Frank & Goodman, 2012; Goodman & Frank, 2016),
in which overmodification arises from abstract speaker agents
reasoning about internal listeners (Cohn-Gordon et al., 2019;
Waldon & Degen, 2021). Degen et al. (2020) propose an
RSA-based model that predicts overmodification patterns by
defining pragmatic reasoning over non-deterministic seman-
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tics. In this way, the typicality effect, for instance, arises from
the perception that the utterance “banana” applies less well to
blue bananas than yellow ones.
What could lead a language learner to adopt the sort of semantics that produces such overmodification patterns? All
previously proposed models assume that the speaker is already equipped with a complete semantics, abstracting away
the process through which an agent extracts attributes of an
object from raw visual input. These models therefore cannot
provide a perspective on how learning to use language in the
world might give rise to such a semantics in the first place.
We overcome this limitation by introducing a neural network
that learns the semantics from data consisting of raw visual
and linguistic input. This allows us to show how overmodification arises directly from the underlying data distribution.
Our neural network-based approach also allows us to explore the role of pragmatic reasoning in overmodification. To
do this, we evaluate a neural pragmatic speaker model (RSA
speaker) and a neural literal speaker model (literal speaker)
while varying the underlying data distributions they learn
from. Both the literal speaker and the RSA speaker receive
the context in the form of images as visual input, and do not
observe any systematic overmodification during training. In a
series of experiments, we manipulate the data that the models
learn from by inducing color typicality (Exp. 2) as well as decreasing the salience of color (Exp. 3), and we compare these
results to a baseline distribution (Exp. 1). We conclude that
both pragmatic reasoning about a listener and properties of
the underlying data distribution play a central role in achieving human-like rates of color overmodification. This provides
a candidate explanation for the underlying processes giving
rise to color overmodification in human language.

Background
Empirical Evidence for Overmodification
Overmodification by speakers is a robustly reported phenomenon on referring expression production (Pechmann,
1989; Nadig & Sedivy, 2002; Sedivy, 2003; Engelhardt et al.,
2006; Koolen et al., 2011; Rubio-Fernández, 2016; Degen et
al., 2020; Heller, 2020). Color adjectives stand out since their
rate of overmodification is generally higher than for other
modifiers such as size and material (Pechmann, 1989; Sedivy, 2005; Mitchell et al., 2013; Gatt et al., 2011). Two main
sources have been proposed to explain this. First, in contrast to the relative nature of size adjectives, color adjectives
are considered absolute since their attribution to an object
is (relatively) context-independent (Kennedy, 2007; Syrett et
al., 2009). Second, color is inherently visually salient and
therefore prioritized in production (Sedivy, 2003; van Gompel et al., 2019; Davies & Katsos, 2013; Rubio-Fernandez
et al., 2019; Rubio-Fernández, 2016; Brown-Schmidt &
Konopka, 2011; Long et al., 2021; Rubio-Fernandez, 2021)
due to speaker-internal or listener-oriented processes (Arnold,
2008).
Even within the domain of color adjectives, overmodifica-

tion rates vary based on how closely associated the object is
with the presented color, i.e., the object’s color-diagnosticity.
Based on object recognition experiments, Tanaka and Presnell (1999) motivate a distinction of objects with high and
low color-diagnosticity. Low- or non-color-diagnostic objects can plausibly occur in many colors (e.g., cups), whereas
highly color-diagnostic objects only have a few highly associated colors (e.g., bananas). While speakers often overmodify with color when referring to non-color-diagnostic objects,
they rarely do so with color-diagnostic ones that are presented
in their typical color (Sedivy, 2003). Moreover, the rate of
overmodification has been shown to increase linearly with decreasing typicality of the color for the object (Westerbeek et
al., 2015; Degen et al., 2020). For instance, a yellow banana
would receive the least, a blue banana the most, and a brown
banana an intermediate rate of overmodification.
While this literature rigorously explores color overmodification, the question of how changes in the visual environment
of a learning agent causally drive overmodification remains
elusive to empirical methods. In Exp. 1 and 2, we explore
how the general phenomenon of overmodification arises naturally from learning from distinct data distributions. Since
these data distributions can be arbitrarily adjusted, they also
offer the opportunity to simulate speakers in worlds distinct
from ours and study their overmodification patterns (Exp. 3).

Rational Speech Acts (RSA) framework
The Rational Speech Acts (RSA) framework is a family of
computational models of communication (Frank & Goodman, 2012) where two rational agents, a speaker and a listener, are modeled as recursively reasoning about each other
when producing and interpreting utterances. This work follows important precedents from game theory (Lewis, 1969;
Jager, 2007; Franke, 2009; Golland et al., 2010), and has been
shown to capture a wide range of linguistic phenomena (e.g.,
Goodman and Stuhlmüller, 2013; Kao et al., 2014; Hawkins
and Goodman, 2017; van Tiel et al., 2021).
The probabilistic nature of the RSA framework lends itself naturally to integration with neural network systems. Recent work has shown that RSA reasoning helps in a variety
of areas, including continual language adaptation (Hawkins
& Goodman, 2017), color reference in context (Monroe et
al., 2017, 2018), following navigational instructions (Fried
et al., 2018), and context-aware image-based text generation (Andreas & Klein, 2016; Vedantam et al., 2017; CohnGordon et al., 2018; Nie et al., 2020).
While previous work has compared the overall performance of neural RSA speakers versus non-RSA speakers
(White et al., 2020; Andreas & Klein, 2016; Monroe et al.,
2017), we specifically focus on the extent to which such
agents rely on overmodification (specifically with color) to
communicate. We further extend previous work by investigating how changes in the underlying data distribution that
the models learn from affects pragmatic language use. This
leads to an account in which overmodification emerges naturally from the visual and distributional properties of the world
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that encodes LEval ’s belief about which is the intended target.
More specifically, given utterance u and referents r1 , r2 , r3 ,
LEval will select referent rk with probability
LEval (rk | u, r1 , r2 , r3 ) ∝ exp(L (u, rk )),

Figure 2: Context conditions, varying in the type of information that a referring expression must provide to distinguish
the target. Color overmodification occurs when color is mentioned in the shape needed condition.
that a pragmatic speaker is exposed to during learning.

Task
We explore the production of referring expressions in simple reference games in which a speaker and listener are presented with the same set of three images, varying in order.
The speaker’s goal is to communicate the identity of the target image to the listener, whose goal is to pick out the target.
The games are generated synthetically using the ShapeWorld dataset creation framework (Kuhnle & Copestake,
2017). In this setup, six colors are randomly paired with four
potential shapes, resulting in 24 unique color–shape compositions. Each generated image displays one colored object
that is sized and positioned randomly against a black background. Each generated game consists of three distinct images and varies in the minimal amount of information the
listener would need to single out the target, resulting in the
four context conditions exemplified in Figure 2. Each game is
paired with the most concise utterance that establishes unique
reference, using a vocabulary of 11 words: those corresponding to the six colors and four shapes, plus the word shape.
The dataset’s synthetic nature allows for highly controlled
interventions on inherent properties of the world (e.g., color
salience, Exp. 3), which can be difficult if not impossible to
simulate with human learners in the real world.

where L is a neural-based semantic function mapping utterances to referents that is learned from data.
Given an utterance u and a referent r, L outputs a probabilistic semantic value p ∈ [0, 1] that represents the listener’s
judgment about how well u applies to r. The probabilistic
semantic value is computed as follows: given an utterance u
and a referent r,

L (u, r) = σ( fL (r)T g(u)),

We experiment with two different types of speakers, an RSA
speaker and a literal speaker with context. The RSA speaker
reasons explicitly about the listener to generate utterances that
optimize for successful communication. The literal speaker
with context learns to directly map contexts to referring expressions. Based on the utterance produced by a speaker, the
evaluation listener chooses one of the referents based on literal semantics learned from non-contextual data.
Evaluation listener The listener’s goal is to pick out the
speaker’s intended target referent among three potential referents based on the speaker’s utterance. To do so, the listener
LEval constructs a probability distribution over the referents

(2)

where fL is an image encoder that maps an image to a ddimensional vector, g is an utterance encoder that maps an
utterance to a d-dimensional vector, and σ : R → (0, 1) is the
sigmoid function. d is a hyperparameter of our choosing; we
choose d = 1024. fL is a convolutional neural network (CNN;
LeCun and Bengio, 1995); g is a unidirectional Gated Recurrent Unit (GRU; Cho et al., 2014).
When training L , three training examples are extracted
from each reference game. The ground-truth referring expression is paired up with each of the three referents: the expression paired with the target forms a positive example, and
the other two pairs form negative examples.
Both the literal speaker and the RSA speaker are evaluated
on the performance of this trained evaluation listener.
RSA speaker The RSA speaker SRSA chooses a referring
expression by recursively reasoning about a simulated listener’s interpretation. The speaker does so by considering
how each utterance would be interpreted by an internal listener model LRSA , which shares the same formulation as
LEval (Eq. 1). After considering each possible utterance, the
speaker chooses the most effective and efficient utterance,
i.e., the one with the highest utility. An utterance’s utility U
is defined as a trade-off between maximizing the likelihood
of the listener identifying the correct target rt and minimizing
the cost C(u) of producing utterance u:
U(u|t, r1 , r2 , r3 ) = log LRSA (rt | u, r1 , r2 , r3 ) −C(u).

Models

(1)

(3)

We define C(u) := λ|u| to be a linear penalty on the length of
an utterance, where |u| denotes the number of words u contains. We choose λ = 0.01.
Once SRSA has computed the utility for each possible utterance, it produces the utterance that maximizes the utility:
SRSA (t, r1 , r2 , r3 ) = arg maxu∈U U(u|t, r1 , r2 , r3 ).

(4)

LRSA also learns semantics from data, encapsulated in its
own semantic function L . The learned nature of the semantic
function introduces the potential for variation. To improve
the robustness of LRSA , we follow Wang et al. (2021) and
model L as the mean of an ensemble of n semantic functions
{L (1) , · · · , L (n) }. All models in the ensemble are identical in
architecture to LEval . We choose n = 9.
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Literal speaker with context The literal speaker with context SLit is an image-to-text model with an encoder–decoder
architecture. The image encoder fS produces a vector representation of the context, i.e., the three referents. The decoder
` takes as input the output of fS along with the target index to
generate an utterance. More specifically, for a given reference
game with referents r1 , r2 , r3 , and a target index t ∈ {1, 2, 3},
SLit obtains an embedding of the reference game, ~h, by first
encoding the three referents individually with fS and concatenating the encodings with the target index t:
~h(t, r1 , r2 , r3 ) = [ fS (r1 ); fS (r2 ); fS (r3 );t]

(6)

Here, fS is an image encoder with the same architecture as
fL , and ` is a GRU trained using the autoregressive language
modeling objective with teacher forcing, which uses crossentropy loss to penalize deviations from the ground-truth.
Training and implementation We adapted the neural
module implementations of White et al. (2020). Each model
was trained for 100 epochs with a batch size of 32, and optimized using Adam (Kingma & Ba, 2015) with a learning rate
of 0.001 for the literal speaker and 0.01 for the semantic functions. For the literal speaker, we used validation accuracy as
the model selection criterion. For the semantic functions, we
used validation loss as the model selection criterion.1

Experiment 1
We first investigate the degree to which the literal and RSA
speakers choose overinformative referring expressions when
all colors are equally likely to occur with all objects. This
imitates the distribution of non-color-diagnostic objects, for
which color overmodification is common (Sedivy, 2003).
Setup We created a dataset of 75, 000 reference games, in
which all color–shape combinations appear at a uniform frequency. 55, 000 (≈ 73%) of these were used to train the neural
agents, and the remaining were reserved for evaluation.
The reference games used for training were split into 11
subsets of equal size: one for training the literal speaker SLit ,
one for training the semantic function L in LEval , and nine for
training the ensemble of semantic functions in SRSA ’s internal listener LRSA . The games were generated from the same
distribution, but no two models were trained on identical data.
Results We start by noting that both speaker models have
successfully learned to communicate the target to the evaluation listener with high accuracy (SLit : 93%, SRSA : 94%). With
this, we can turn to inspect the overmodification strategies the
speaker models employ to achieve this accuracy.
1 All code and analyses for this paper can be found at
github.com/feifang24/overmod-from-pragmatic-learning.

0.045
0.03

40

0.015

30

0

20

0.3

gray

white yellow blue

red

green

0.2

10
0

0.1
0

ellipse

circle

rectangle

square

Visual feature 𝑓

(5)

Then, ` receives ~h as input and generates an utterance:
SLit (t, r1 , r2 , r3 ) = `(~h(t, r1 , r2 , r3 ))

50

Figure 3: Results of Exp. 1 showing speakers’ rates of color
overmodification (left), and the uncertainty associated with
all visual features in the internal listener model LRSA (right).
Error bars correspond to 95% confidence intervals across 5
random initializations during training.
To investigate speakers’ color overmodification behavior,
we focus on the rate of color in addition to shape mention
(e.g., “blue square”) when color is neither sufficient nor necessary to identify the target (i.e., shape-needed condition in
Figure 2). While strictly unnecessary, both speakers use color
to overmodify, but the RSA speaker does so at a much higher
rate (see Figure 3, left). The results are borne out as a significant main effect of the speaker on the rate of overmodification
in a linear regression model (β = .37, SE = .01, p < .001).
This suggests that overmodification with color is specifically
encouraged in speakers that explicitly reason about listeners.2
While the literal speaker remains a black box, we can inspect the RSA speaker’s internal listeners to investigate what
gives rise to the rate of color overmodification. More specifically, we can look at which visual features of the target are
most or least likely to prompt the speaker to overmodify, and
relate these patterns to the listener’s understanding of these
features. We define uncertainty in the listener’s interpretation as the extent to which the outputs of the listener’s probabilistic semantic function L deviate from the outputs from a
truth-conditional semantics, which are 1 when the utterance
applies to a referent and 0 otherwise.3 Figure 3 (right) shows
substantial variation in feature uncertainty, despite balanced
training data—a finding we return to in Exp. 3.
In alignment with prior work, we find that overmodification rates are highest where there is high uncertainty for shape
and low uncertainty for color (Degen et al., 2020). SRSA overmodifies with color most frequently when the target is an ellipse, which is associated with the highest uncertainty among
all shapes (Figure 3 bottom right). SRSA overmodifies with
color least frequently when the target is gray, which is asso2 Future work should explore how the rate of overmodification in
these models is further affected by increased scene variation (e.g.,
Koolen et al., 2011).
3 Treating deviation from end points as uncertainty is consistent with the probabilistic interpretation of real-valued semantics in
(Degen et al., 2020), as well as with the classifier training objective
for the literal listeners.
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Figure 4: Rates of color overmodification when referring to
red and non-red circles, after learning from uniformly colored
circles (Exp. 1) and circles that are typically red (Exp. 2).
ciated with the highest uncertainty among all colors (Figure
3 top right). This observation is supported by a significant
interaction of color and shape uncertainty on the rate of overmodification using a linear regression model (β = −24.47,
SE = 10.26, p < .05)
Finally, we observe that when both color and shape are
necessary for unique identification of the target (both needed
condition, Figure 2), SRSA and SLit achieve comparable
listener accuracy (90.43 ± 0.20% and 90.31 ± 0.56%, respectively). However, when color is strictly not necessary
(shape needed) but SRSA overmodifies to a high degree, SRSA
achieves a higher listener accuracy than SLit (87.56 ± 0.34%
and 85.32 ± 0.97%, respectively), borne out by a significant
interaction between speaker and context condition (β = .02,
SE = .01, p < .01). This suggests that overmodification
might be an effective strategy that the RSA speaker leverages
to improve communicative accuracy.

Experiment 2
Exp. 1 establishes that both the RSA speaker and the literal
speaker generate referring expressions that overmodify with
color, although at different rates. The speaker models were
trained on underlying data where each color was uniformly
paired with each shape, which is a commonly used feature
distribution for models trained on synthetic data (e.g., ShapeWorld (Kuhnle & Copestake, 2017) or CLEVR (Johnson et
al., 2017)). Conceptually, the uniform distribution of features makes color non-diagnostic for all object types (Tanaka
& Presnell, 1999). In our second experiment, we investigate how the speaker models’ overmodification changes
when certain objects are more likely to occur in some colors
than in others. This setup imitates the distribution of colordiagnosticity in the real world; humans refer to such objects
overinformatively when they are atypically-colored but less
so when typically colored (Westerbeek et al., 2015; Sedivy,
2003; Degen et al., 2020; Kreiss & Degen, 2020).
Setup We repeat the experimental protocol from Exp. 1
with a new dataset, TYPICALITY, in which the frequency
of certain color–shape combinations deviates from uniform.
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not red

Referent color 𝑐

Figure 5: The internal listener model LRSA ’s judgment about
how well the utterance “circle” applies to circles of different
colors, after learning from UNIFORM and TYPICALITY.

Specifically, 90% of all target circles are red, making circles in any other color atypical. We then examine how the
overmodification behavior of a speaker trained on TYPICAL ITY differs from that of a speaker trained on the dataset from
Exp. 1, which will constitute the UNIFORM condition.
Results Figure 4 shows how the data distribution impacts
each speaker’s frequency of color overmodification when referring to a circle. Qualitatively, both speakers’ rates of overmodification decrease as the color becomes more typical (red
in this case) and vice versa, resembling the empirical findings
from prior literature (e.g., Westerbeek et al., 2015). However,
as in Exp. 1, SRSA overmodifies significantly more frequently
than SLit , regardless of object typicality. These observations
are borne out in a linear regression analysis as main effects
of speaker (SRSA vs. SLit ; β = .63, SE = .02, p < .001) and
color of the circle (red vs. non-red; β = −.11, SE = .02,
p < .001), as well as a significant interaction (β = −.39,
SE = .02, p < .001).
Considering the range of color overmodification rates in
the empirical typicality literature (e.g., typical: ≈ 20%; atypical: ≈ 75% in Westerbeek et al. (2015), and typical: ≈ 25%;
atypical: ≈ 55% in Degen et al. (2020)), the color production
rates of SRSA are also quantitatively expected, whereas SLit
underpredicts those rates.
We now again turn to investigate what gives rise to the
overmodification behavior in SRSA by examining its internal
listeners’ semantic functions, which represent the listeners’
judgment about how well an utterance applies to a referent.
When a listener is trained on TYPICALITY, the listener believes that “circle” applies well to a circle when it is of a
typical color (i.e., red) and poorly otherwise (Figure 5). In
contrast, when the listener is trained on the UNIFORM data,
the listener perceives circles of all colors similarly. In other
words, the listener’s semantic function significantly changes
with the color–shape distribution it is exposed to during learning. This is borne out in a linear model as a significant interaction between dataset and red vs. non-red circles (β = −.76,
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Figure 6:

Example reference games from the HIGH (Exp. 1) and LOW- SALIENCE conditions, respectively, both with the ground-truth utterance “red circle.”
SALIENCE

SE = .03, p < .001). The results suggest that the overmodification asymmetry observed as a typicality effect can be captured simply by exposing a learning pragmatic agent with a
non-uniform color distribution.
The results of the listener investigation are in line with the
assumed semantics in prior work where the unmodified utterance (e.g., “banana”) is mapped with higher certainty to
typically colored objects (yellow bananas) than to atypically
colored ones (blue bananas) (Degen et al., 2020).
In summary, Exp. 2 shows that properties of the underlying
data distribution play an important role in a speaker’s patterns
of overmodification. While the overall rate in SRSA is more
compatible with previously observed human data, both speakers exhibit the same qualitative pattern of overmodification.

Experiment 3
The previous experiments explored whether color overmodification patterns from prior literature naturally emerge from
neural speakers learning in certain environments where feature frequencies vary. The structured manipulation of the
learning data led to changes in the learned uncertainties over
features, which gave rise to the expected overmodification
patterns. However, variation in uncertainty cannot simply be
reduced to differences in frequency (e.g., see the uncertainty
variation between gray and red in Figure 3). We now explore
how overmodification changes when we leave the overall data
frequency constant but make color more difficult to identify,
rendering it less salient4 . We thus generated a novel hypothetical world where an object’s color is determined by only
a single colored pixel (right context in Figure 6). Following
prior work, we expect that the reduced salience should reduce
overinformative color use (Davies & Katsos, 2013; Sedivy,
2003; Rubio-Fernández, 2016; van Gompel et al., 2019).

Setup We use the dataset from Exp. 1 as the HIGH SALIENCE condition and construct a novel variant of it, the
LOW- SALIENCE condition (see Figure 6). While a shape’s
color in the high-salience condition can be determined by
randomly sampling any pixel within the shape, color in the
low-salience condition needs to be extracted from one specific single pixel that is randomly placed within the shape.

50
40
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0

Figure 7: Frequency of color overmodification in the two
speakers, trained on HIGH - SALIENCE (Exp. 1) and LOWSALIENCE (Exp. 3), respectively.
Results As seen across experiments, SRSA overmodifies
with color more frequently than SLit regardless of the salience
of color in the data distribution they learn from (Figure 7).
However, in this experiment, SRSA and SLit even come apart
qualitatively. As color becomes less salient, SRSA ’s frequency
of color overmodification drops, while SLit ’s increases. These
observations are borne out in a linear regression analysis
with main effects of speaker (β = .37, SE = .01, p < .001),
salience (β = .04, SE = .01, p < .001), as well as their interaction (β = −.20, SE = .01, p < .001).
The behavior of SRSA is consistent with prior work suggesting that speakers might especially overmodify with color
because of its salient nature (van Gompel et al., 2019; RubioFernández, 2016; Davies & Katsos, 2013; Sedivy, 2003).
While SRSA ’s overmodification patterns are aligned with prior
work, SLit ’s are at odds with it.
Upon inspecting the SRSA ’s internal listener interpretations,
we see that color modifiers are associated with about 10 times
more uncertainty when the listener learns from an environment with low color salience (0.094 ± 0.063) than from one
with high color salience (0.008 ± 0.002). This difference
is borne out as a main effect in a linear model (β = .09,
SE = .01, p < .001). The results are consistent with the findings from Exp. 1, which show that the RSA speaker overmodifies infrequently when the redundant information is associated with high uncertainty (Degen et al., 2020).

Conclusion
When referring to objects in the world, speakers often choose
to mention an object’s color even when it is not necessary for
uniquely picking it out among competitors (e.g., Pechmann,
1989). We have shown that a range of these attested overmodification patterns emerge naturally in neural speaker agents
that learn semantics from data and reason pragmatically about
internal listeners. Our findings align with color overmodification patterns reported for human speakers, and help to deepen
existing modeling results concerning these patterns. More
generally, we hope to have shown that neural networks are
powerful tools for exploring how learning in different environments can shape pragmatic language use.

4 Salience is generally underspecified. Here, we take a simplistic
approach and operationalize salience as ease of feature extraction.
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items can be decoded from the activity of the early visual
cortex (LaRocque et al., 2013; Lewis-Peacock et al., 2012).
The second state is the “passive encoding” state (Stokes,
2015). Items in this state are likely outside conscious
awareness (Trübutschek et al., 2017; Trübutschek et al.,
2019), and cannot be decoded from the early visual cortex,
although they can later be retrieved and become decodable
(LaRocque et al., 2013; Lewis-Peacock et al., 2012).
Visual mental imagery, meanwhile, refers to visual
representations generated internally, in the absence of
perception (Bartolomeo, 2008). Visual imagery ability can be
measured by the Vividness of Visual Imagery Questionnaire
(VVIQ; Marks, 1973), which asks respondents to rate the
quality of their mental pictures. Studies using the VVIQ (e.g.
Zeman et al., 2020) have found that visual imagery vividness
varies across the population with some reporting lifelike
imagery while others report severely deficient visualization.
According to these studies roughly two to three percent of the
population reports having little-to-no visual imagery (Faw,
2009; Zeman et al., 2020), a condition dubbed “aphantasia”
(Zeman, Dewar, & Della Sala, 2015).

Abstract
Visual working memory and visual mental imagery both
involve the use of internal visual representations, and they
likely have overlapping neural substrates. However, research
on people with “aphantasia,” or a lack of visual imagery, has
not found any evidence that aphantasics are impaired on visual
working memory tasks, possibly because they can use nonvisual strategies. We designed a task intended to prevent
compensatory strategies, and also to explore what happens
when aphantasics are required to shift the focus of attention
between items in working memory. We found that aphantasics
were not significantly different from controls, either when
maintaining or shifting the focus of attention. Explanations
include non-visual memory strategies, but also the possibility
that aphantasics can store information in visual working
memory without conscious awareness. Future research should
combine behavioral methods with neuroimaging to investigate
how aphantasics encode working memory representations.
Keywords: aphantasia; visual working memory; visual mental
imagery; attention

Introduction
Working memory is a temporary store for the maintenance
and manipulation of information that is relevant to a present
task (Baddeley, 2003; Ma, Husain, & Bays, 2014). According
to the sensory recruitment theory, working memory arises out
of a network of brain areas, and requires several cognitive
functions, including memory and attention (D’Esposito &
Postle, 2015). In the case of visual working memory, domain
general attention controlled by the prefrontal and parietal
cortices modulates representations encoded in the early visual
cortex (Cowan, 2016; D’Esposito & Postle, 2015). It has been
proposed that through this modulation of attention,
information in visual working memory can exist in one of two
representational states (Postle, 2015; Stokes, 2015). The first
is the focus of attention, where items are prioritized and
directly relevant to the task at hand (Oberauer, 2002;
Trübutschek et al., 2017), and are likely maintained within
conscious awareness (Trübutschek et al., 2019). Using
multivoxel/multivariate pattern analysis (MVPA), these

Visual Working Memory and Visual Imagery
Although generally treated as separate functions (Tong,
2013), visual working memory and visual imagery seem
closely related. After all, both involve the creation, use, and
manipulation of internal visual representations. Some (e.g.
Tong, 2013) have even argued that visual imagery and visual
working memory are merely two names for one cognitive
function. As a result, if visual working memory recruits the
early visual cortex, we should expect that visual imagery does
also. Indeed, the same areas of the brain associated with
visual working memory, particularly the prefrontal, parietal,
and visual cortices, are also active during the use of visual
imagery (Pearson, 2019). Variations in reported visual
imagery vividness are positively correlated with variations in
the activity of these areas (Dijkstra, Bosch, & van Gerven,
2017), and the contents of visual imagery can be decoded
from activity in the early visual cortex (Naselaris et al., 2015).
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Aphantasia has also been found to affect performance on
some perceptual and cognitive tasks. Using a binocular
rivalry paradigm where participants were shown red and
green Gabor patches, Keogh and Pearson (2018) observed
that when participants were first instructed to visualize a
particular patch (such as the red one), this significantly
increased the probability that normal imagers, but not
aphantasics, would perceive that same patch during the
subsequent binocular rivalry trial, which supports an overlap
between visual imagery and visual perception mechanisms.
More recently, Bainbridge et al. (2021) found that
aphantasics had significantly lower object memory scores
than normal imagers when shown a visual scene and then
asked to draw it from memory, although there was no
difference in spatial memory.
Given then that visual imagery and visual working memory
seem to overlap on both conceptual and neural levels, and that
aphantasia can influence memory and perception, one might
expect that individuals with aphantasia would be impaired on
visual working memory tasks. Evidence is currently
extremely limited; however, what evidence there is does not
support a straightforward relationship between visual
working memory ability and aphantasia. One case study, by
Jacobs, Schwarzkopf, and Silvanto (2017), found that an
aphantasic individual was not significantly different from a
group of controls in terms of overall performance on a visual
working memory task, although she was significantly worse
on the hardest trials. Another case study, Zeman et al. (2010),
found that an aphantasic individual had normal accuracy on
a mental rotation task albeit with unusual response times,
lacking the linear increase in times as rotation increased.
Finally, Keogh, Wicken, and Pearson (2021) compared a
group of aphantasics to a group of controls. They found that
aphantasics and controls were not significantly different on a
task measuring visual working memory capacity, and that
aphantasics were actually significantly better than controls on
visual working memory accuracy. In short, what little
evidence we have seems to indicate that aphantasics are not
impaired on visual working memory.
One possible explanation for these findings is that
individuals with aphantasia are using visual working memory
without conscious awareness. This explanation is relatively
unlikely, however—studies of visual imagery show that
subjective experiences of imagery vividness are related to
observable differences in the activity of the visual cortex (e.g.
Dijkstra et al., 2017). Similarly, behavioral evidence such as
Keogh and Pearson (2018) shows that differences in selfreported imagery are linked to measurable differences in
perceptual priming, while the response time findings from
Zeman et al. (2010) indicated that the aphantasic individual
was taking an unusual approach to the task. This brings us to
a second possible explanation: that people with different
imagery abilities use different memory strategies. Individuals
with normal-to-vivid visual imagery might encode a visual
image of the stimulus, while individuals with no visual
imagery might use non-visual, propositional strategies such
as remembering a verbal description. In other words, perhaps

aphantasics seem normal on visual working memory tasks
because these tasks are not adequately designed to prevent
the use of non-visual compensation.

Limitations of Previous Research
One aspect of design that might allow aphantasics to
substitute other forms of working memory is stimulus display
times. In Jacobs et al. (2017), items to be remembered in the
visual working memory task were displayed for 1500 ms,
followed by a visual mask, while in Keogh et al. (2021), items
in the memory tasks were displayed for 1000 - 1500 ms
depending on the task, with no subsequent visual masks.
Finally, in Zeman et al. (2010), stimuli remained on screen
until participants responded, with no time limit for responses.
This means that participants had at least a second of stimulus
presentation time, plus the length of iconic memory on tasks
without visual masks, to encode the stimulus using some nonvisual, propositional mnemonic strategy. It is possible that a
non-visual approach, which presumably requires perceiving
a stimulus, identifying a key to-be-remembered feature (such
as the orientation of a line), and then transforming and
encoding that feature into some sort of non-visual memory,
will be slower than a visual strategy that simply requires
maintaining the stimulus in the same form as it was initially
perceived, using the same neural mechanisms. As a result,
viewing times of 1000 ms or longer may be too long to
prevent the use of non-visual working memory, but shorter
viewing times could potentially impact aphantasics’
performance.
In addition to these long viewing times, all three studies of
aphantasia and visual working memory (Jacobs et al., 2017;
Keogh et al., 2021; Zeman et al., 2010) used two-alternative
forced choice response scales. This raises the possibility that
previous studies are simply not sensitive enough to capture
differences in performance. An alternate approach such as
method-of-adjustment probes, where participants manipulate
a probe to match some item in memory, can yield continuous
data and might detect subtler differences in recall accuracy.

Aphantasia and the Representational States of
Working Memory
Beyond these limitations in methods, previous studies on
visual working memory and visual imagery have not
investigated the two representational states of working
memory. As a result it is unclear whether aphantasics can
redirect attention between representational states. This
question of attentional modulation is of interest because if
aphantasics have impaired visual working memory it might
be possible to pinpoint a specific subcomponent of visual
working memory that is impaired. Aside from findings that
prosopagnosics are more likely to have unusually low quality
visual imagery (Grüter et al., 2009), there is currently no
evidence that aphantasics have any difficulties with
perception. They certainly do not have any sort of broad
visual agnosia. Instead, they are capable of perceiving and
identifying stimuli, such as people and places (Milton et al.,
2021). As a result, aphantasics appear able to encode and

1805

maintain visual representations. This raises the possibility
that aphantasia is related to a specific problem with the topdown modulation of attention, which prevents aphantasics
from retrieving visual representations in the absence of
bottom-up perceptual activity. It would therefore be
interesting to examine what happens when aphantasics are
forced to retrieve information from the passive encoding
state, and how that compares to information consistently
maintained in the focus of attention.
One established method for measuring performance in both
working memory states is the retro-cue (Souza & Oberauer,
2016). In a retro-cue task, participants are shown two items
and then one of the items is cued (Griffin & Nobre, 2003). On
the majority of trials, participants are then asked to recall the
item that was cued. On a minority of trials, however,
participants are asked to recall the uncued item. This leads to
the “retro-cue effect,” where items maintained consistently in
the focus of attention are recalled with greater accuracy than
uncued items (e.g. Zokaei et al., 2014). However, this method
relies on participants complying with the cue and voluntarily
shifting the focus of attention between items. As a result, it
might not be suitable for comparing two groups, one of which
is expected to have greater difficulty on the task, as
participants who find the task harder might be more likely to
miss or ignore the cue, thereby changing the nature of the
task. Instead, it might be necessary to use some sort of
“interrupting” task, presenting another task in the middle of
some trials, to force participants to direct the focus of
attention away from, then back towards, an item in memory.

The Present Study
The present study, then, was conducted with two goals in
mind. The first was to test whether task design could prevent
the use of non-visual compensation strategies, thereby
allowing us to directly observe visual working memory
impairments in aphantasics. The second goal was to
investigate how shifting attention between working memory
states affects the performance of aphantasics. We conducted
an online study that combined changes to make the task
harder for aphantasics (shorter stimulus viewing times, visual
masks after the stimuli, and method of adjustment probes), as
well as an interrupting task on half the trials to force
participants to modulate attention.
We expected that aphantasics would have greater error than
normal imagers when maintaining information consistently
in the focus of attention. We also tentatively predicted that
aphantasics would have more pronounced difficulty
retrieving items once they have left the focus of attention,
consistent with the hypothesis that aphantasics have greater
difficulty with the top-down modulation of attention to visual
stimuli (see Figure 1 for an illustration).

Method
Participants
Twenty aphantasic participants (12 female, 8 male) were
recruited from a database of individuals with aphantasia. All

Figure 1: The expected pattern of results for the visual
working memory task.
20 had a VVIQ score of 16, the lowest possible score,
representing a total lack of reported visual imagery.
Aphantasic participants’ ages ranged from 19 to 36 (M =
26.35, SD = 4.75). Control participants, meanwhile, were
recruited from a database of individuals who had previously
completed the VVIQ. We recruited 22 control participants
(14 female, 7 male, and 1 who preferred not to say) with ages
ranging from 19 to 36 (M = 25.7, SD = 4.1). VVIQ scores for
the control group ranged from 50 to 65 (M = 59.2, SD = 3.5),
indicating that they had average visual imagery vividness
(Zeman et al., 2020). Consent was obtained, and the
procedure was approved by the Psychology Ethics
Committee at the University of Exeter. All participants were
paid for their time with Amazon vouchers.

Materials
The study took place entirely online. Consent and
demographic information were collected and task
instructions were given via Qualtrics (www.qualtrics.com).
The visual working memory task was created using PsychoPy
(2021.1.4) and hosted on Pavlovia (www.pavlovia.org).

Working Memory Task
To measure the effect of visual imagery on items in the focus
of attention and the passive encoding state, we conducted a
visual working memory task measuring participants’ ability
to remember the orientations of Gabor patches (Figure 2). On
half the trials, participants were asked to recall these
orientations after a long delay, while on the other half of the
trials the long delay was replaced by a dot matrix task
(adapted from Alloway, 2007) which was intended to force
participants to move the focus of attention away from the
Gabor patch and towards different information in visual
memory, before then moving the focus of attention back to
the Gabor patch so they could recall its orientation at the end
of the trial.
Stimuli Stimuli for the experiment were displayed on a grey
background. The memory array consisted of a single Gabor
patch, 6.5° of visual angle in diameter when viewed from a
distance of 50 cm, which was displayed in the center of the
screen. The visual mask was 6.5° width by 6.5° height and
made up of random noise, and the fixation crosses were black
and 1.5° tall by 1.5° wide. The probe was a red (255, 0, 0)
circle subtending 1.5° and displayed in the center of the

1806

screen, while the response wheel was made up of a circle
6.5° in diameter, with two “handles” or smaller circles each
subtending 1° shown at diametrically opposite points on the
larger circle to illustrate the wheel’s orientation. Feedback
consisted of two additional red handles showing the correct
orientation of the patch. For interrupted trials, participants
were shown a four by four matrix of cells (16 cells in total,
12° by 12° overall). The memory array consisted of red dots
1.5° diameter. For the probe, a red circle 1.5° diameter was
shown in one of the cells with a number 1° tall inside it.
Procedure After receiving task instructions, but before the
practice trials, participants were asked to complete a
standardization procedure designed to measure the size of
their computer screens and adjust the size of the stimuli so
that all participants saw stimuli of the same size. Based on a
procedure from Morys-Carter (2021), each participant placed
a bank card against their computer screen and then used the
arrow keys to adjust an image of a bank card so that it was
the same size as their real card. They then pressed the
spacebar to record the size of the card and move on to the
main experiment.
For the trials in the uninterrupted condition, a randomlyoriented Gabor patch was displayed for 250 ms. Immediately
following the Gabor patch, a random noise mask appeared for
1000 ms. This mask was intended to disrupt the use of iconic
memory so that aphantasic participants could not use this
time as part of any compensatory strategies. Following the
mask there was a delay where a black fixation was displayed
in the center of the screen for 9000 ms. The length of this
delay was chosen following pilot testing, to ensure that
uninterrupted and interrupted trials took the same length of
time. After the delay, a red circle was displayed in
the center of the screen. This circle acted as the probe,
and signaled that it was time to report orientation of the
Gabor patch. Participants were instructed to recall the
orientation of the patch and then press the spacebar on their
keyboard when they were ready to respond. Once they
pressed the spacebar, participants were shown the response
wheel. The response wheel was used instead of a second
Gabor patch to reduce distraction or the distortion of the patch
in memory as much as possible, particularly for the control
group given our assumption that normal imagers likely
maintain visual memoranda in the early visual cortex while
aphantasics likely do not.
To report the orientation of the patch, participants rotated
the wheel using the keyboard. Pressing the J key rotated the
wheel to the right, and pressing the F key rotated the wheel
to the left. Once the orientation of the response wheel
matched the remembered orientation of the patch,
participants pressed the spacebar to record their answer and
receive feedback in the form of the correct answer overlaid in
red on the response wheel. This feedback was displayed for
500 ms, followed by a 300 ms intertrial interval where only a
fixation cross was shown.
Trials in the interrupted condition began the same way,
however the long delay was replaced by a dot matrix task

A
250 ms
1000 ms
9000 ms
Until participant
presses space
J and F to rotate,
space to record
500 ms
300 ms

B
2000 ms

…

500 ms then 500
ms pause, x 4

Until D or K press
2000 ms

Figure 2. The visual working memory task. On half the trials
there was a 9000 ms delay between the visual mask and the
probe (A). On the other half of the trials, the 9000 ms delay
was replaced by the dot matrix task (B).
intended to force participants to redirect the focus of
attention. This task began with a 2000 ms delay where only a
fixation cross was visible. Following this delay, the matrix
appeared. Four red dots were displayed one at a time in
random cells within the matrix. Each dot was displayed for
500 ms, with a 500 ms pause after each dot. Following all
four dots, a circular outline with a number inside appeared in
one of the matrix cells. This outline and number constituted
the probe for the dot matrix task. The number referred to a
particular dot in the sequence of four, based on the order in
which the dots had appeared (1 referred to the first dot 2 to
the second dot, and so on). When participants saw the probe,
they were asked to think about that particular dot and decide
whether the probe was in the cell where the dot had been
shown. If the dot and the probe were in the same location,
participants pressed the K key, and if they were in different
locations, participants pressed the D key. After participants
responded, the matrix disappeared and there was another
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2000 ms delay where a fixation cross was shown. Following
this delay, the trial continued on in the same way as trials in
the uninterrupted condition: participants were shown a probe
and asked to report the orientation of the Gabor patch,
followed by feedback and then a 300 ms ITI.
Altogether participants completed one practice block and
three test blocks. The practice block consisted of 16 trials, 8
interrupted and 8 uninterrupted, in random order, while the
test blocks each contained 48 trials, 24 uninterrupted trials
and 24 interrupted trials, again shown in random order.
Across the three test blocks, this added up to a total of 72
trials in the uninterrupted condition and 72 trials in the
interrupted condition. Within the interrupted condition, the
dot and the probe were in the same location for 36 of the
trials, and different locations for the other 36. Each position
in the sequence (first dot, second dot, etc.) was probed an
equal number of times.

Analysis and Results
Data were processed in MATLAB 2018a using the CircStat
toolbox (Berens, 2009), and analyzed in SPSS 28.0.1. In the
case of null results, we conducted follow-up Bayesian
analyses to assess the strength of evidence in support of the
null hypothesis. These analyses were conducted in JASP
(www.jasp-stats.org), and models were compared to the null
model. Given the lack of previous studies showing visual
working memory deficits in aphantasics, JASP’s default
priors were used. In line with the JASP interpretation
guidelines (van Doorn et al., 2021), a Bayes factor (BF01) of
less than .33 is considered at least moderate evidence for the
alternate hypothesis, while a BF01 between .33 and 1 is
considered weak evidence for the alternate hypothesis. A
BF01 between 1 and 3 is weak evidence for the null
hypothesis, while a BF01 between 3 and 10 is moderate
evidence for the null.
The key outcome variable was the average error for each
participant, error being the absolute value of the angular
deviation between the orientation of the target patch and the
participant’s response, in radians. Once mean error was
calculated for all participants, we observed that five of the
control participants had unusually high average error
(ranging from 0.59 to 0.78 in the uninterrupted condition,
compared to a range of 0.16 to 0.38 for the rest of the
controls). Further inspection of the data showed signs that
these participants were likely responding at random or with
minimal effort: four of the five participants recorded a
response without rotating the response wheel on at least 33%
percent of the trials (compared 4.5% on average for the rest
of the controls), and three of the five had numerically below
chance performance on the dot matrix task. All five
participants with unusually high error showed at least one of
the other two signs of responding at random. As a result, these
participants’ data were dropped from analysis.

Working Memory Task
With the remaining 20 aphantasics and 17 controls, we
analyzed the results from the working memory task using a 2

x 2 mixed ANOVA with imagery ability (aphantasic or
control) as the between-subjects factor and condition
(uninterrupted or interrupted) as the within-subjects factor
(Figure 3A). This ANOVA revealed a main effect of
condition, F(1, 35) = 56.52, p < .001, ηp2 = .62. Participants’
mean error was greater when trials were interrupted by the
dot matrix task (M = 0.33, SD = 0.10), compared to when
trials were uninterrupted (M = 0.23, SD = 0.06). However,
there was no main effect of group, F(1, 35) = 0.75, p =.392,
ηp2 = .02, BF01 = 2.53, and no significant interaction, F(1, 35)
= 1.63, p = .210, ηp2 = .04. The Bayes factor for the interaction
was quite small, BF01 = 1.99 x 10-6, however, this was because
the interaction model included the main effect of condition.
Consequently, the Bayes factor increased when the main
effects were removed, matched models exclusion BF = 1.68.

Dot Matrix Task
We also compared the accuracy of the two imagery groups
on the dot matrix task. There was no significant difference
between the groups, t(35) = 0.62, p = .543, d = 0.20, BF01 =
2.70 (Figure 3B).

Figure 3: Mean error in radians for both imagery groups and
task conditions for the main working memory task (A) and
score on the interrupting dot matrix task for both imagery
groups (B), with 95% confidence intervals.

Discussion
This study was conducted with two goals. The first was to test
whether a visual working memory task could be designed to
prevent aphantasics from using compensatory strategies. The
second was to test whether aphantasics have difficulties
redirecting attention between items in visual working
memory. We expected first, that aphantasics would have
greater error than normal imagers when consistently
maintaining an item in the focus of attention, and second that
aphantasics would have even more pronounced difficulty
retrieving items from the passive encoding state. In reality,
aphantasics did not have significantly greater error than
controls, even though they only had 250 ms to view the
stimuli and their performance was measured using a much
more sensitive continuous scale, and we observed no
differences between imagery groups on either the items
consistently maintained in the focus of attention (the
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uninterrupted trials) or items retrieved from the passive
encoding state (the interrupted trials).
Regarding our first hypothesis, the fact that we observed
no significant differences between imagery groups has two
possible explanations. The first is that contrary to previous
research on visual working memory (Trübutschek et al.,
2019), some people can maintain information in the focus of
attention without conscious awareness of that information. It
is also possible that there are as-yet-unidentified subtypes of
aphantasia. Because we conducted this study online, we were
unable to incorporate neuroimaging or replicate Keogh and
Pearson’s (2018) binocular rivalry findings, and so the
present study does not directly provide evidence against this
possibility. However it seems less likely in light of previous
evidence. As discussed in the introduction, variations in
visual imagery vividness are associated with variations in the
activity of the early visual cortex (Dijkstra et al., 2017;
Naselaris et al., 2015; Pearson, 2019), while Keogh and
Pearson (2018) found that visual imagery influences
perception in normal imagers but not aphantasics.
This brings us to the second possible explanation, that even
with several modifications to the task design, aphantasics
were still able to use non-visual compensatory strategies,
perhaps some sort of verbal description such as a number
representing the angle, or a time on a clock face. If this is the
case, it has implications for the whole field of visual working
memory research. It suggests that visual working memory
tasks do not necessarily measure visual working memory: it
is difficult to prevent participants from using whatever
strategies they prefer, even when tasks are specifically
designed to disrupt non-visual strategies. Because this was an
online study, we were not able to examine the effects of
articulatory suppression, but future lab-based research on
visual imagery and visual working memory could use this
method to disrupt verbal labelling strategies. Even if this is
effective, however, it is probably not a practical long-term
solution to ensure the validity of visual working memory
tasks, and so tasks intended to measure visual working
memory specifically may run the risk of being confounded by
non-visual forms of memory. Although once again, our study
does not directly support this possibility, as we cannot be sure
that aphantasics used a non-visual strategy.
As it is unclear how aphantasics achieved normal
performance on the working memory task, it is difficult to
draw conclusions about our second hypothesis. Our results
show that aphantasics can shift attention between different
representational states within working memory. These results
are interesting because they indicate that if aphantasics have
impairments in visual working memory, other forms of
working memory can nevertheless function normally,
however they do not tell us anything specific about the ability
to shift attention between visual representations.
In conclusion, the present study demonstrates that it is
difficult to observe visual working memory impairments in
people with aphantasia even with a task specifically designed
to prevent compensation. Most likely, aphantasics are using
non-visual strategies during these tasks, allowing them to

appear normal in terms of behavior. However the possibility
that aphantasics can store information in visual working
memory without conscious awareness cannot be ruled out.
One direction for future research is to combine behavioral
methods with neuroimaging data to evaluate whether
aphantasics are using visual working memory. Using MVPA,
future studies could investigate whether visual working
memory representations can or cannot be decoded from the
early visual cortices of people with aphantasia during tasks
where behavioral accuracy is equal to that of normal imagers.
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Abstract

multiple reasoners about an argument’s persuasiveness. A
judgment indicating a lower average persuasiveness with high
inter-rater reliability would suggest an objectively poorer argument. However, a judgment indicating a lower average persuasiveness with low inter-rater reliability may suggest polarizing impacts of bias. Therefore, in this paper, we aim to determine what factors affect the persuasiveness and inter-rater
reliability of written interpretive arguments. Specifically, we
set about to answer:

Racial and gender bias, from advertisement to political
rhetoric, is ubiquitous in persuasion. However, the impact
of bias on persuasive discourse is often muddied by intent
and framing. Reasoners practicing anti-racism may be more
likely to scrutinize racially-specific arguments, while arguments made by women may only be diminished when they are
emotionally charged. We sought to study how humans evaluate interpretive arguments, what makes certain arguments persuasive, and the impact of bias and emotionality on persuasiveness. We found that shallow heuristics such as argument length
and readability are poor indicators for persuasive impact, but
reasoners are more likely to be persuaded by arguments made
by White people, particularly White women. Further, no difference was observed based on a reasoner’s ability to see the arguer’s face, implying that judgments are made solely by name
recognition. Our focus on written arguments has broad implications for information literacy and racial justice.
Keywords: interpretive arguments, persuasion, racial bias,
gender bias, emotionality

RQ1 Do any shallow linguistic features influence interpretive argument persuasiveness?
RQ2 Is there a significant difference in persuasiveness or
inter-rater reliability based on an arguer’s race or gender?

Introduction
As decision-making autonomy is increasingly delegated to artificially intelligent systems, we also require reliable means
of ensuring such systems reason and act appropriately. In humans, we encourage moral rectitude by assigning laws and
rules that use open-textured language, thereby allowing their
exact interpretations to be delegated to the rational discretion
of collective human reasoners. However, this relies on such
discretion being free of bias and on the general agreement of
the collective as to what is a rational interpretation. For example, a rule instructing a driver to keep to the right side of the
road “as far as safely possible” may invite disagreement. Disagreements about the proper interpretation of open-textured
terms in rules are often settled through interpretive arguments
(Sartor, Walton, Macagno, & Rotolo, 2014). Unstructured argumentation, however, often invites the deleterious effects of
cognitive bias (Kahneman, 2011; Stanovich & West, 2007).
The impact of such biases on argument persuasiveness can
be particularly difficult to disentangle and may vary from one
reasoner to another. Thus, the exact role that bias plays on
interpretive arguments and their persuasiveness is not fully
understood.
As such, to fully determine the quality of an interpretive
argument as a means of persuasion, we must consider two
variables: (1) the judgment of the argument’s persuasive impact relative to an alternative argument; and (2) the interrater reliability of said judgment, i.e., the agreement between

RQ3 Is there a significant difference in persuasiveness or
inter-rater reliability based on the ability to see an arguer’s
face?
RQ4 Is there a significant difference in inter-rater reliability
based on the incidence of emotional reactions to an argument?
Before we discuss each of these research questions indepth, we will present the dialogue environment we use
throughout our experiments.

Aporia: A Platform to Study Interpretive Reasoning
Aporia (Marji & Licato, 2021) is an argumentation dialogue
environment designed to create structured datasets of opposing interpretive arguments. Players compete by arguing for
or against certain interpretations of open-textured rules. The
game is designed to be fun in order to incentivize willing
participation and obtain useful datasets. Aporia is played in
rounds by any group of three or more people. At the beginning of each round, two players are randomly chosen to argue against each other, and a third player is designated as a
judge. The players are provided with an ethical rule for a
given professional association and a scenario. For example,
the rule “teachers need to act professionally with students”
could be paired with the scenario “some teacher exchanges
some light-hearted jokes with a student during recess.” Would
the teacher’s action be considered “professional” in the sense
meant by the rule?
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Figure 1: Screenshot of Aporia during the judge’s turn.
After the players read the rule and the scenario, Player 1
decides if they wish to argue for or against the scenario complying with the rule, and they submit an argument for their
interpretation. Player 2 then presents a counterargument by
casting doubt on the validity of the first argument. Player
2 does not necessarily need to argue for the opposing view,
only that Player 1’s argument is invalid or incomplete. This
caveat is designed to counter-balance Player 1’s advantage in
choosing which side they wish to argue, as it can be assumed
that they will take the most easily defensible position. Finally, the judge decides if Player 1 has convincingly made
their argument or if Player 2 has successfully invalidated it
and announces the winner. The judge must also provide a
brief justification for their judgment. Once a winner is announced, the round ends, and a new round begins. All actions, including reading the scenario and announcing the winner, are time-constrained to ensure the game proceeds in an
orderly fashion. Figure 1 shows a partial screenshot of the
Aporia interface.
The scenarios presented to the players were collected from
a previous experiment (Licato, Marji, & Abraham, 2019)
where participants were asked to write scenarios which were
ambiguous with respect to specified open-textured terms
within a given rule. While the use of interpretive arguments
was not enforced for this experiment, the scenarios were chosen to encourage interpretive argumentation, as studying interpretive arguments is the primary motivation behind Aporia’s design.

Can linguistic features predict persuasion?
Several studies have attempted to quantify the impact of linguistic features in isolation or in combination with other factors, and simple features have been shown to have measurable predictive power for persuasion (El Baff, Wachsmuth,
Al Khatib, & Stein, 2020; Longpre, Durmus, & Cardie, 2019;
Durmus & Cardie, 2018). Linguistic features may impact
trustworthiness and competence, the main components of arguer credibility (McGinnies & Ward, 1980; McCroskey &
Young, 1981), which in turn affects persuasion (Pennebaker,
Boyd, Jordan, & Blackburn, 2015). For example, word count
has been shown to be a reliable measure of trustworthiness
(Larrimore, Jiang, Larrimore, Markowitz, & Gorski, 2011;
Lucas, Stratou, Lieblich, & Gratch, 2016). Sophisticated
language, as measured by average number of letters and argument readability, impacts engagement in conjunction with
other features (Xu, Ellis, & Umphrey, 2019). The use of uncommon words might suggest technical competency but may
also decrease readability.
Thus, we first set out to understand whether these surfacelevel linguistic and textual features have an effect on interpretive argument persuasiveness. If so, this might suggest that
the factors that make certain arguments more persuasive than
others can be reduced to simple patterns, shallow heuristics,
or surface-level features in the arguments themselves. Furthermore, as this was the first time that Aporia was used in an
experimental setting, it is worthwhile to establish its value as
a platform for studying interpretive reasoning.
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Method
Participants A total of 19 participants were recruited from
Amazon Mechanical Turk (mTurk) to play Aporia using a
web interface we developed. Each participant received $30
for full participation. Participants were asked to provide their
gender, race, occupation, and annual income. All demographic questions were optional.
Procedure All game sessions were announced 3 hours in
advance on mTurk, and players were provided the scheduled
session time. After signing up for the announced game session, players watched a 15-minute training video. They then
answered qualification questions that we reviewed to ensure
they understood the instructions clearly and were willing to
make the expected effort. Players were informed once their
qualifications were accepted and were reminded of the scheduled session time. Players were instructed to allocate 3 hours
to play 12 rounds in a game session. In practice, most game
sessions lasted less than 2 hours.
The game consisted of four phases. The first phase was the
reading phase, where players were given 90 seconds to read
the rule and the scenario for that round. In the second phase,
Player 1 was given 120 seconds to announce the side they
wished to argue for and provide their argument. In the third
phase, Player 2 was given 30 seconds to read Player 1’s argument, and 120 seconds to deliver their counterargument. Finally, the fourth phase was the judging phase where the judge
had 180 seconds to decide the winner and provide an explanation for their decision. If the time ran out in a player’s turn,
whatever they had written was automatically submitted.

Results
We collected 48 complete game rounds. Each record includes the profession, rule, scenario, side chosen by Player
1, the first and second arguments, the winner, and the explanation provided by the judge. Table 1 shows some statistics
of the collected dataset. For more statistics, including average
words per sentence and average word length of the arguments,
refer to (Marji & Licato, 2021).
Table 1: Some statistics of the collected dataset
Argues For
Argues For and Wins
Argues Against and Wins
Total

Player 1
30
22
9
31

Player 2
18
9
8
17

Total
48
31
17
48

readability scores), Term Frequency - Inverse Document Frequency (TF-IDF) (K. S. Jones, 1972), and similar features.
The results indicate no simple heuristics or obvious biases
that may predict the winning argument aside from a preference for the first argument over the counterargument.

Can arguer’s race / gender impact persuasion?
Interpersonal biases may also influence persuasive discourse
by impacting an arguer’s perceived credibility. However, such
bias may not be readily apparent or inherently negative. Reasoners have been found to rate arguments as less persuasive when made by Black arguers, but only when the argument was also deemed to be extremely emotional or racial
(Apfelbaum, Sommers, & Norton, 2008; Schultz & Maddox,
2013). Moreover, the persuasiveness of Black arguers is routinely diminished by poor argument quality (Schultz & Maddox, 2013) and improved when the arguments are counterindicative of Black self-interests (Petty, Fleming, Priester, &
Feinstein, 2001). However, some studies also suggest that
non-biased reasoners are more likely to scrutinize arguments
made by Black arguers than biased reasoners in an effort to reduce prejudice (Devine, Monteith, Zuwerink, & Elliot, 1991;
Petty, Fleming, & White, 1999).
The effect of gender bias on persuasion is equally nuanced. Little gender gap is reported in persuasiveness or
perceived competence of expert recommendations (GrevePoulsen, Larsen, Pedersen, & Albæk, 2021). However, reasoners have been found to rate gender-based arguments as
less persuasive when women make them than when men
make them (Gervais & Hillard, 2014) and politically-charged
arguments have a high variance in persuasiveness based on
the arguer’s gender and the reasoner’s political ideology
(Anderson-Nilsson & Clayton, 2021). These results indicate
an unclear understanding of the actual impact of interpersonal
bias on persuasion.
Therefore, we designed a study to determine whether an
argument would be judged as less persuasive and whether the
inter-rater reliability of the judgments would be lower if the
argument were made by a woman or a Black person. We
anticipate that minority arguers will be perceived as less persuasive overall but that the exact effects of interpersonal bias
will be polarizing, as noted in the literature, leading to lower
inter-rater reliability. Such a result would ordinarily be unexpected when presenting reasoners with the same argument.
However, we hypothesize that both positive and negative implicit biases will skew the results.

Method
We analyzed the data for statistical features which may predict the winning argument. We used simple algorithms that
do not require much data, such as support-vector machines,
Naive Bayes, and decision trees. We calculated features such
as the number of words, the average number of letters in each
word, the Flesch reading score (Flesch, 1948) (among other

Participants A total of 158 participants were recruited
from mTurk and asked to take one of four different surveys
in Qualtrics. Each participant received either $6 or $12 for
participation, depending on the length of the survey and the
estimated time commitment. No demographic data on participants was collected.
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Procedure Each participant was directed to complete a survey depicting ethical scenarios. Each scenario included a profession, an ethical rule, and an action performed by such a
professional. The scenario then presented an initial argument,
taken from the results of RQ1, either for or against the action
following the ethical rule. The argument order was reversed
from the player order in RQ1 where the argument structure
allowed, i.e. where Player 2’s argument did not directly reference Player 1’s argument. Of 19 unique scenarios, 12 were
presented in the original player order from RQ1 and 7 had
the player order reversed. Participants were asked to judge
the persuasiveness of the initial argument on a Likert-style
scale (Likert, 1932) from 1 (very unconvincing) to 5 (very
convincing). They were then presented with a counterargument and asked which argument they found more convincing
overall. All four surveys were identical save for the inclusion
of a fake name and profile icon to represent each arguer. This
allowed us to compare participants’ judgments across racial
and gender perceptions while keeping all else equal.
30 racially-specific names were selected by localizing the
100 most popular names for Black babies born between 2011
and 2016 in New York and Texas and eliminating names that
were also in the 40 most popular names for White, Hispanic,
or Asian babies. We also removed alternate spellings of the
removed names (e.g., Chloe and Khloe), names that were in
the top 100 for both boys and girls (e.g., Skylar and Taylor),
and names that are diminutives of other names (e.g., Sam and
Abby). The top eight boy names and eight girl names were
then used. A converse method was used to select the top 14
White names.
Participants were not initially informed that the experiment
considered racial and gender bias. Instead, the informed consent procedures stated that the experiment was considering
how people judge the persuasiveness of arguments. This was
intended to ensure participants’ honest responses despite the
experiment’s sensitive nature. All participants were debriefed
of the deception following the survey and given the option to
withdraw their data without penalty. No participants withdrew from the experiment following the debrief.

Results
Across the 158 participants, we captured 4,112 persuasion
ratings. We found two significant outliers in the persuasion
ratings. The first was excluded for rating every argument as
”very convincing.” The other participant’s ratings were significantly lower overall, but the variance and relative polarity
of ratings was consistent with other participants. Therefore,
we determined that this participant likely had a lower than
average level of credulousness and their data was retained.
There were no significant differences in persuasion across the
remaining participants, indicating that individual variance in
mood, confidence, or credulousness did not significantly impact the results.
Individuals’ average persuasion ratings ranged from 2.5 to
4.6 out of 5. As in RQ1, we found no significant indication
towards the winning argument based on linguistic features.

However, we did note a significant preference for the first argument over the counterargument. We found this to be a direct result of the preference for Player 1’s argument reported
in RQ1, although the result was weakened due to reversing
some argument orders.
Figure 2 displays the average persuasiveness of each of the
studied groups over all scenarios. The higher than average
inter-rater reliability for White women could indicate that, in
general, arguments made by White women were considered
to be of higher quality than those made by other arguers. We
will attempt to confirm this statistically.

Figure 2: Persuasiveness of Studied Groups.
Statistical comparisons were performed in several ways.
To determine whether the same argument would be more
or less persuasive when made by a different arguer, we performed a paired Welch’s t-test for unequal variances (Welch,
1947). Next, we performed an unpaired Welch’s t-test to determine significant differences in the arguers’ general persuasiveness. For both paired and unpaired scenarios we calculated the coefficient of variation (CV) as a measure of interrater reliability and performed a z-test to determine whether
the reliability was significantly different for different arguers.
Finally, we performed a single-factor ANOVA (Fisher, 1925)
on each scenario to determine whether certain scenarios had
significant differences in persuasiveness when the arguers’
race or gender was changed. These results are given in Tables 2 and 3.
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Table 2: Test Statistics for Paired Scenarios.
Test
White Men : White Women
White Men : Black Men
White Men : Black Women
White Women : Black Men
White Women : Black Women
Black Men : Black Women
White : Black
Men : Women
∗ P < .05
∗∗ P < .01

Persuasion
1.123
-0.3576
-0.3481
0.4542
1.5954
-3.5123∗∗
0.698
-1.5442

CV
-1.3357
0.0523
-0.0493
-0.944
-1.2275
2.9062∗∗
-0.9812
1.0794

set of the selected names and icons used. As the experiment
in RQ2 utilized racially- and gender-specific names, we do
not anticipate that seeing an arguer’s face will have a strong
impact on persuasion but, rather, that reasoners will apply any
presuppositions based on name-recognition.

Table 3: Test Statistics for Unpaired Scenarios.
Test
White Men : White Women
White Men : Black Men
White Men : Black Women
White Women : Black Men
White Women : Black Women
Black Men : Black Women
White : Black
Men : Women

Persuasion
-2.2306∗
0.6415
0.5385
3.007∗∗
1.6339
-1.1921
1.7509∗
-2.4651∗∗

CV
1.7499
-0.7606
-1.2858
-2.6144∗∗
-3.1156∗∗
-0.5767
-2.752∗∗
0.7903

Table 4: Subset of names and icons used for RQ3.
Men

∗ P < .05
∗∗ P < .01

Amir

The average persuasion ratings for arguments made by
Black men were significantly lower than for the same arguments made by Black women. Further, there was a significant difference in inter-rater reliability, implying an argument
made by a Black man was considered systematically poorer
than the same argument made by a Black woman. Additionally, an argument made by a White woman was considered
slightly more persuasive than the same argument made by
a Black woman, and an argument made by a woman was
considered slightly more persuasive than the same argument
made by a man. The latter may have been skewed by the preference for arguments made by Black women over Black men,
but the preference for arguments made by women also increased significantly when considered in general, as opposed
to across paired scenarios.
When considering unpaired scenarios, we also found participants considered arguments made by White people significantly more persuasive than those made by Black people, with a significantly lower CV. These findings hold when
considering individual scenarios, as the most significant differences in persuasiveness and inter-rater reliability were in
those scenarios comparing Black men with other arguers.

Can seeing an arguer’s face impact persuasion?
Although we can observe some impact of race and gender
on persuasion, it is not immediately clear how reasoners classify arguers into demographic categories. Do they identify arguers based on visual cues, recognition of racially- or genderspecific names, or some combination therein? Previous research has indicated that reasoners seeing the arguer could
increase the persuasive impact of poor arguments (Heim, Asting, & Schliemann, 2002). However, this was attributed to
the social obligation of an arguer and a reasoner perceiving
one another in a verbal exchange, as opposed to a reasoner
independently judging a written argument. Further, no consideration was made for codependent biases.
Therefore, to establish the impact of simply seeing an arguer’s face on the persuasiveness of an argument, we utilized
fake profile icons. Some icons depicted a face matching the
race and gender implied by the arguer’s name, while others
contained images of cats or artwork. Table 4 displays a sub-

Isaiah

Women

Ethan

London

Nevaeh

Amelia

Procedure
Fake profile icons of faces, art, and cats were sourced from
the StyleGAN2 open-source generator (Karras et al., 2020).
No images of real people were used.

Results
We again performed a Welch’s t-test and calculated the CV
for paired and unpaired scenarios. We found no significant
differences in persuasion or inter-rater reliability for faces
versus other profile icons. This result holds across race and
gender variables.

Can emotionality impact inter-rater reliability?
Finally, emotionality in the reasoner may impact persuasion,
both individually (Nabi, 2007; Petty & Briñol, 2015) and
through the amplification of cognitive bias in argumentative
environments. However, emotional discourse has also been
found to increase engagement (Ksiazek, 2016; Villata, Benlamine, Cabrio, Frasson, & Gandon, 2018) and reduce the
impact of peripheral biases on persuasive outcome (Petty, Cacioppo, & Goldman, 1981). As such, we also sought to determine how the interaction between bias and emotion affects
persuasiveness. Although previous literature indicates that
peripheral features are not relevant to emotional arguments
(Petty et al., 1981), we actually anticipate that features such
as race will exacerbate emotionality in reasoners.

Procedure
Of the 158 participants in RQ2, 58 were assigned to a pilot
group and asked to review 10 randomly selected scenarios.
The other 100 participants were asked to review 15 scenarios specifically selected as being either minimally or highly
emotional. There was some overlap between scenarios and,
as such, six scenarios were presented to all participants, and
19 unique scenarios were tested overall. The participants in
the pilot group were split into a further two groups of 29; one
group was asked to provide a 1-2 sentence justification for
their judgments, and the other group was not. All participants
in the main group were asked to provide justifications. There
was no significant difference in persuasion ratings based on
the presence of justifications.
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Results
Across the 158 participants, we captured 3,532 written justifications. The participant whose data was removed for being
an outlier was not in the group providing justifications and,
therefore, was not relevant to this experiment. We first categorized scenarios as having high or low expected emotionality based on the level of controversy or conflict in the scenario. We then calculated the sample standard deviations and
CV values for each scenario. Finally, we used a single-factor
ANOVA to determine if there were significant differences in
the CV values based on the emotionality categorizations. We
found no significant differences in reliability based on emotionality, namely because our initial assumptions on which arguments participants would find emotional were mistaken. Of
the eight scenarios put in place to evoke emotional responses,
only five showed high levels of emotionality in the experiment. Additionally, two other scenarios meant to produce
low levels of emotionality and two random scenarios from
the pilot group evoked highly emotional responses.
As such, we re-categorized the scenarios based on the participants’ justifications. Previous research indicates six main
emotion categories: anger, disgust, fear, happiness, sadness,
and surprise (Ekman, 1993). The nature of the arguments
used largely offset the presentation of happiness and surprise
in the justifications. Therefore, we attempted to identify syntactic features which may indicate the remaining emotional
features. The final categorization for “emotional” responses
was: (1) Ad hominem attacks on the professional, the arguers,
or us, as the experimenters; (2) Use of capital letters, exclamation points, or profanity to emphasize a personal opinion;
(3) Direct appeals to fear, pity, empathy, or harmful consequences. Further, as participants were given an argument and
a counterargument for each scenario, if either justification
met these requirements, the entire scenario was categorized
as having yielded an emotional response.
We averaged the number of emotional responses across
each scenario and labeled the result as the emotionality index (E). Scenarios that had an overall emotionality index over
0.35, that is at least 35% of participants responded emotionally, were deemed as being highly emotional. This threshold
was chosen as the approximate mean and median of the collected emotionality indices. Upon the recategorization, we
found that scenarios that were considered highly emotional
had significantly lower inter-rater agreement (P<.001) and,
in fact, were significantly polarized in persuasiveness. Additionally, the converse holds and there is a high correlation
(P<.001) between emotionality and inter-rater reliability. We
found no significant differences in racial and gender biases
based on a scenario’s emotionality.

General Discussion and Future Work
This paper described an initial attempt to empirically study
the evaluation of interpretive arguments and the impact of
race and gender bias, as well as reasoner emotionality,
on such arguments’ persuasiveness. Although the Aporia

dataset is relatively small and cannot be used to reliably train
transformer-based neural networks, we were able to analyze
its statistical properties. We found no surface-level linguistic
or textual features that may predict winning arguments from
the text alone. However, our results suggest that a significant preference is given to arguments when perceived to have
been made by White people or by women. The latter effect
is interesting but not wholly unexpected given the ambiguous
results of previous studies concerning gender and perceived
competence.
Although we collected participant demographics in our initial experiment using Aporia, we elected not to for the subsequent studies to encourage participants to give their free
and honest opinions. This removed our ability to consider
in-group bias. However, we likely would not have had a statistically relevant sample size to control for the reasoner’s
race as the majority of players in Aporia self-identified as
White or Asian. Further, we did not control for perceived
trustworthiness or competence, the ratio of which is a significant determining factor in the presentation of in-group bias
(E. Jones, Moore, Stanaland, & Wyatt, 1998; Khatib, 1989;
Spence, Lachlan, Westerman, & Spates, 2013).
We found that initial arguments were highly more likely to
be considered persuasive than their subsequent counterarguments. This is likely an artifact of Aporia’s design, in that
Player 1 was able to choose which side of the argument they
wished to defend and was feasibly inclined to select the most
easily defensible argument. This is clear in RQ2, where the
preference for the initial argument is weakened by reversing
the player order. However, in RQ2, there remained a strong
preference for arguments made by Player 1 (P<.001), irrespective of argument order.
We also found that emotional reactions significantly impacted how arguments were received. Emotion-inducing scenarios had significantly lower and more polarized inter-rater
agreements. However, we found no significant differences
in racial and gender biases based on a scenario’s emotionality. This is contrary to previous understanding that peripheral
features only become relevant to arguments of low personal
relevance (Petty et al., 1981), which would imply that less
emotional scenarios would see higher presentations of bias.
However, it is also contrary to our prediction that racial and
gender features would exacerbate emotionality, leading to a
positive interaction. This discrepancy may be worthy of further study.
Understanding the impact of racial and gender bias on interpretive arguments, particularly those that are written, has
future implications for reducing misinformation in the media, minimizing unequal treatment of minority populations
in the legal system, and mitigating bias in the acceptance
of academic literature. Further, identifying the possibly unconscious cognitive biases that affect persuasiveness may improve our understanding of how the human mind processes
external stimuli to influence decision-making.
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Abstract
Human learning and generalization benefit from bootstrapping:
we arrive at complex concepts by starting small and building
upon past successes. In this paper, we examine a computational
account of causal conceptual bootstrapping, and describe a
novel experiment in which the sequence of training data results
in a dramatic order effect: participants succeed in identifying
a compound concept only after experiencing training data in
a “helpful” order. Our computational model represents causal
relations as reusable, modular programs, which can themselves
be “chunked” and flexibly reused to tackle more complex tasks.
Our specific approach is based in combinatory logic and adaptor
grammars, building on previous theories that posit a “language
of thought” for concept representation, but making the learning
process more sensitive to a learner’s experiences than any particular choice of conceptual primitives. Crucially, we demonstrate
that a caching mechanism like that used in adaptor grammars
is key to explain human-like bootstrapping patterns in causal
generalization.
Keywords: Causal reasoning; generalization; bootstrapping;
adaptor grammar; approximate Bayesian inference

Figure 1: Bootstrapping forms complex concepts by extending existing concepts to account for novel observations.
Without the process of bootstrapping, the world may be too
complex to conceptualize. Dots represent data points.

Introduction
Human babies do not stop at recognizing “one”, “two” or “lots”
of something. Soon enough, most “bootstrap” their way to a
conceptual understanding of a number system (Carey, 2004;
Piantadosi et al., 2012). This unlocks more complex mathematical concepts, paves the way to novel mathematical discoveries,
and ultimately technological feats like sending rockets into
space. Previous computational approaches to generalization
suggested that people are equipped with rich learned representations in novel situations (e.g. Kemp et al., 2012; Wu et al.,
2018), but it is less clear how such representations are actually learned. Here, we take a constructive and compositional
view, and suggest that we acquire those rich representations by
building on existing knowledge structures and enriching them
with insights from new observations, which eventually leads
to the generation of new concepts (Figure 1). When the world
is too complex to make sense of wholesale, bootstrapping
provides a way to start small and build incrementally on past
successes in order to ultimately arrive at richer representations
that can unlock useful new options (Carey, 2004; Khan et al.,
2011; Krueger & Dayan, 2009; Piantadosi et al., 2012). Such
a process may also help explain the nested structure of our
concepts, reflected in the high degree of compositionality and
transferability exhibited in human learning (Lake et al., 2017).
This dynamic and adaptive view of generalization calls for
a systematic mental mechanism for concept formation from

re-combination of existing concepts. Under this view, we
expect learning and generalization to be influenced by the
order in which learners see evidence: An order from simpler
problems to ones that rely on more complex or numerous concepts should support faster and better learning. In the machine
learning literature, this idea has inspired fruitful researched labelled “curriculum learning” (e.g. Bengio et al., 2009; Graves
et al., 2017; Mao et al., 2019). For human concept learning,
recent work has been exploring compositional and symbolic
frameworks for abductive generalization drawing upon a range
of methods including Probabilistic Context-Free Grammars
(PCFGs, Bramley et al., 2018; Goodman et al., 2008; Zhao et
al., 2022), lambda calculus (Ellis et al., 2021; Piantadosi et
al., 2016) and fragment grammars (O’Donnell et al., 2009).
Inspired by Liang et al. (2010) and Dechter et al. (2013), in
this paper we extend on these previous work and propose a
computational account of human-like causal concept bootstrapping based on combinatory logic (CL, Schönfinkel, 1924)
and adaptor grammars (AGs, Johnson et al., 2007).
As a Bayesian-symbolic model, our formalization shares all
of the virtues of the PCFG framework, but crucially, supports
abstraction and reuse in ways that a PCFG framework does
not. We describe a causal learning experiment, showing our
model predicts bootstrapping order effects—benefiting from
a “facilitatory” curriculum order while suffering under a misleading “learning trap” curriculum (cf. Gelpi et al., 2020). We
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show that approaches based on exhaustive inference over a
concept grammar (without bootstrapping), fail to capture these
patterns.

Table 1: Base terms.

Modeling Conceptual Bootstrapping
We adapted our task interface from Zhao et al. (2022): In each
learning trial, participants see an agent object collide with
a stationary recipient object, which consequently transforms
in some way. Participants are instructed to reason about the
causal relationship between features of the agent and recipient
objects, and the resulting changes in the recipient.

Causal relationships as functional programs
We treat causal representations as fundamental cognitive models (cf. Chater & Oaksford, 2013) for predicting, explaining
and controlling the world (Gopnik et al., 2007; Griffiths et al.,
2010; Sloman, 2005). In particular, we use CL to formalize
causal concepts as programs that take the agent and recipient
objects as input, and output the result object. These programs
are essentially functions operating over object features that are
available and salient to participants, making our account compatible with a structural equation model perspective (Duncan,
1975; Pearl, 2000).
Functional terms CL programs are composed of terms
and input variables. Terms are interpreted as functions by
definition, and can be composed iteratively to generate new
terms. Starting with our assumption that relevant features
are salient to the learner, we let function getFeature(o) = v
take an object o as input and return its feature value v; function setFeature(o, v) = o′ sets object o’s feature value to v,
returning an updated object o′ . For our task, as illustrated in
Figure 2a, we consider a minimal set of base terms: getSpot(),
getStripe(), getSegment(), and setSegment(). Since numbers
of spots, stripes or segments are all numerical, we include
some operations over these feature values as additional base
terms (or chunks that are salient from past experience): addition add(v, u) = v + u, subtraction sub(v, u) = v − u, and
multiplication mult(v, u) = v × u,
Types Since terms are functions, they are naturally constrained by their input domains and output co-domains, known
as being “typed”. Taking object (obj) and numeric value (num)
as base types, a type t for a term is written as tI → tO , where tI
and tO are types for the input and output respectively. Table 1
lists the type signatures for the primitive terms we introduced
earlier. Conventionally, type signatures are written as subscripts, like getSpotob j→num . Type signatures are critical for
ensuring valid compositions. For instance, we can plug in
any subprogram that returns a number as one argument for
add. However, we cannot use setSegment as an argument for
add, because setSegment returns an object while add requires
numbers as inputs.
Routing variables When evaluating nested functions, it is
essential to make sure input variables are sent to the right
place. In lambda calculus, for example, this is done by ensur-

Terms

Type signature

getSpot, getStripe, getSegment
add, sub, mult
setSegment

obj → num
num → num → num
obj → num → obj

ing the unique and uniform use of symbols representing the
same variable throughout the nested layers. As a result, when
composing subprograms, additional machinery is necessary
to determine what symbols are re-used and where. To solve
this variable binding problem, CL introduces some terms that
serve as “routers” (Figure 2b): For a tree-like structure [router,
x, y], router B routes an incoming variable z to the right of the
tree—z is first fed to the right-hand y, and the result of this is
then sent to x. Similarly, router C routes z to the left, router
S sends z to both sides, and router I is an identity function
that returns an input as it is. For N input variables, we can
concatenate N routers in corresponding order.
Causal programs With variables, terms, types and routers
all at hand, we are now all set to consider an example program
as unpacked in Figure 2c:
[CS [BB setSegment [BC [B sub getSegment] getSpot]] I]
Evaluating this example program with the agent and recipient objects in Figure 2a as input, the first router CS routes
the agent object to the left (solid arrows), and routes recipient
object to both sides (dotted arrows), so on and so forth. After
instantiating all the variables, this program reads as: “take
the recipient and make its number of segments to be its original number of segments minus agent’s number of spots”, and
outputs a result object with two segments.
Program evaluation Let observational data D = ⟨X,Y ⟩
where X are input data and Y the output. The likelihood
function of program mt producing observational data D is
given by:
(
1 if mt (X) = Y
P(mt |D) =
(1)
0 otherwise.
Taking the agent and recipient objects in Figure 2a as input,
the example program in Figure 2c returns the result object that
is a stick of two segment, hence its likelihood for producing
the example task is 1.

Bootstrapping with adaptor grammars
The core difference between AGs and PCFGs is that AGs allow
caching: a generated program can be added to the library of
“primitives” for later reuse; program generation can result
from either composing a new program, or sampling directly
from the cache. We may think about these cached programs
as “concepts”: They possess some internal complexity, serve
certain functional aims, and more importantly, can be reused
directly without having to be “rediscovered” by regenerating
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Figure 2: a. A task example: (i) A magic egg (agent) with one stripe and one spot (ii) moves rightward and hits a stick (recipient)
of three segments, resulting in (iii) the stick becomes one-segment shorter (result). Translucent icons mark the starting position of
the magic egg, but in the experiment movement was animated. b. Visualization for CL routers, adapted from Liang et al. (2010).
c. Example program. Black arrows denote routing of the agent (magic egg), and dotted arrows for routing of the recipient (stick).
d. Example frame (dotted box) and example programs. Shaded area in the bottom program reuses the program on top-right.
all the internal parts again. The caching mechanism of AGs
thus facilitates bootstrapping via chunking useful subprograms
and reusing them as building blocks anywhere that their type
constraints allow (Liang et al., 2010).
Generative process As in PCFGs, AGs implicitly define a
distribution over programs via a generative process. Let L
be a program library consisting of base terms and/or some
programs, with probability λ1 grammar G constructs new
programs of type t, and otherwise it returns a cached program
of type t with probability λ2 . We employ a tail recursion for
the construction step as in Dechter et al. (2013) in order to
efficiently satisfy type constraints in Table 1. That is, we start
by sampling a left-hand side term LHS whose output type is
the same as the output type of t. Based on how many variables
are fed to this stage, grammar G then samples a router RT of
corresponding length that sends these variables to either/both
branches. Since both LHS and router RT are given, now
the type signature for the right-hand side of the tree is fully
specified, because it has all the input types (routed by RT )
and a required output type (to feed into LHS). Therefore, we
apply the same procedure iteratively to get this right-hand side
subprogram RHS, returning the final program [RT LHS RHS].

The constructed program [RT LHS RHS] is then added to the
program library L (caching).
Each step in this generative process comes with a probability
distribution. For the starting program library L , we assume
a uniform distribution over terms that share the same type
signature. We also assume a uniform distribution over routers
sharing the same number of variables to route. Following the
notation in Liang et al. (2010), for a collection of terms Ct of
type signature t, let Nt be the number of distinct elements in
Ct , and Mz the number of times z occurs in Czt :
λ1 =

α0 + Nt d
Mz − d
, λ2 =
.
α0 + |Ct |
|Ct | − Nt d

(2)

Hyper-parameters α0 > 0 and 0 < d < 1 control the amount
of sharing and reuse. Since λ1 is proportional to α0 + Nt d, the
smaller α0 and d are, the less construction and more sharing
we have. Similarly, λ2 is proportional to Mz , hence the more
frequently a program is cached, the higher weight it gets,
regardless of its internal complexity.
Approximate Bayesian inference Given this probabilistic
model, we are faced with the challenge of efficiently approximating a posterior distribution over latent programs given
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Figure 3: Experiment stimuli: The construct and combine conditions first present evidence indicative that Stripes(A) ×
Segments(R) in Batch I, and then introduce evidence indicative that one must also subtract Spots(A) in Batch II. The deconstruct condition reverses Batch I and II from the construct condition.
learning data, according to the prior distribution (Equations 2)
and likelihood function (Equation 1). Following previous work
suggesting that human learners make inferences by sampling
from an approximate posterior instead of tracking the entire
posterior space of possibilities (Bramley et al., 2017), we use
known methods for sampling from Pitman-Yor processes (Pitman & Yor, 1997), such that conditional on a program library
at any given moment, learners can make appropriate inferences about the probabilities of different explanations for new
or salient events. Concretely, we use a Gibbs sampler for program library L: for the i-th iteration, conditional on the library
from previous iteration Li−1 , sample an updated library Li and
add it to the collection of samples. For the sampling step,
let library Li−1 generate programs with probabilities defined
above and calculate their likelihoods with respect to learning
data D. The caching mechanism of AG will add consistent
programs into library Li−1 , or increase the counter for those
already present in Li−1 , resulting in an updated library Li .
In practice, our learning data is very sparse, hence we adopt
both breadth-first search and beam search to facilitate search
for programs that can produce learning data. For the outer
loop, we use “frames” for intermediate programs built with
typed placeholders (Figure 2d). Fixing a generation depth, we
first enumerate a set of frames F . Next, sample a frame from
F according to generation probabilities. The sampled frame
can then be unfolded, replacing its placeholders with programs
of required types, yielding a set of fully-articulated programs
M (Figure 2d). If some programs M ∗ ⊆ M produce learning
data with likelihood 1, we stop the search; otherwise, we
sample another frame from F and repeat. If no programs are
consistent with data after depleting frame set F , we increase
depth by 1 and repeat until a maximal cap is met. Because
of this comprehensive search-check-sample procedure, we
expect our Gibbs sampler to approximate the true posterior
quickly and without the need for extensive burn-in.
Generalization predictions We can run the generative procedure of grammar G using the sampled libraries 10,000 times
to approximates a distribution DistM over latent causal pro-

grams, and make generalization predictions about new partially observed data D∗ = ⟨X ∗ , ?⟩, producing a predicted distribution DistP over generalizations.

Experiment
We evaluated our model in a two-phase causal learning task.
The experiment was preregistered in OSF registry.

Methods
Participants 165 participants (Mage = 31.8 ± 9.9) were recruited from Prolific Academic. Participants received a base
payment of £1.25 and performance-based bonuses (highest
paid £1.93). The task took 14.2 ± 6.1 minutes. No participant
was excluded from analysis.
Design We used a task animation as illustrated in Figure 2a.
The agent object A was visualized as a circle that moved in
from the left of screen and collided with the recipient R. The
agent object A varied in its number of stripes and (randomly
positioned) spots. The recipient object R took the form of a
stick made up of a number of cube shaped segments. During learning, all feature values were between 0 and 3. For
generalization tasks, an arbitrary segment number (up to 16)
could be selected. The true rule determining the recipient’s
number of segments was Segments(R′ ) ← Stripes(A) ×
Segments(R) − Spots(A).
We examined three between-subject learning conditions we
call construct, de-construct, and combine (Figure 3). Each
condition contains six learning trials—pairs of agent and recipient objects. These six pairs are divided into two batches, I
and II. For the construct condition, in Batch I learners only see
examples that vary in terms of the stripe feature (with zero dots
in each case). Then, in Batch II, they see examples with varied
spot features on top of the stripe features. The de-construct
condition contains the same six trials but swaps batch I and
batch II such that the first three trials have both spots and
stripes varying across them, and the second batch only varies
stripes. For the combine condition, batch I is identical to batch
I in the construct condition. However, in combine batch II, the
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Figure 4: Experiment results per condition and per task phase. a. Generalization prediction accuracy. Bars are participants data,
colored shapes mark accuracy per model based on fitted model predictions. b. Labeled self-reports. Coding scheme and full
dataset is available at OSF. c. Generalization predictions per task (rows) by participants (bars) and the best fitting AG model
(densities). For each panel, x-axis is result object’s number of segments, ranging from 0 to 16.
spots are varied while the number of stripes is held constant at
1. In sum, conditions construct and de-construct present the
identical learning evidence but in a different order. Condition
combine presents evidence of comparable diagnosticity to the
other two conditions but leaves the combination of roles of the
stripes and the spots ambiguous to the learner.
According to our computational model, participants in the
combine and construct conditions should be able to learn a
multiplication relationship with information in batch I, and
then build upon this knowledge to conclude the compound
ground truth relationship with information in batch II. Participants in the de-construct condition, however, should fail
to do so for the lack of facilitatory learning curriculum. We
measured generalization performance using both free-text selfreports and eight forced-choice tasks on novel pairs of objects,
selected by maximally differentiating between salient alternative rules (according to our grammar) and covering edge cases
like a zero-spot & zero-stripe agent.
Procedure Each participant was randomly assigned to one
of the three learning conditions. After reading instructions and
passing a comprehension quiz, they went through experiment
phase I and then phase II. In each phase, a participant tested
three learning examples from the corresponding batch 1 by
clicking a “Test” button and observing the animated outcome,
and then were asked to write down their guesses about the
underlying causal relationships, and made generalization predictions for eight pairs of novel objects. Once tested, a visual
summary of the learning example including the initial and final
state of the recipient was added to the screen and remained
1 We

use “batch” for stimuli and “phase” for experimental stages.

visible until the end of the experiment. Generalization trials
appeared sequentially. Once a prediction was made the trial
was replaced by the next one. The pairs of generalization
objects in both phase I and phase II are the same, but their
presentation orders were randomized.

Results
Bootstrapping effects We found evidence for causal concept bootstrapping from both participants’ generalization
accuracy (Figure 4a) and their self-reports on causal relationships (Figure 4b). For Phase II generalization predictions, participants in the combine and construct conditions
achieved average accuracies of 49.1% and 46.9%, while
participants in the de-construct condition of only 33.0%
(chance is 5.9%). A repeated measures ANOVA predicting each participant’s taskwise generalization accuracy (165
participants × 8 generalization trials) with condition as
between-subject factor and phase as within-subject repeated
measure confirmed main effects of condition (F(2, 1317) =
15.26, p < .001) and phase (F(1, 1317) = 239.91, p < .001),
and an interaction between condition and phase (F(2, 1317) =
4.06, p = .018). Pairwise comparison of conditions revealed a significant difference between construct and deconstruct, t(1317) = −4.98, p < .001, 95%CI[−0.35, −0.12],
between combine and de-construct, t(1317) = −4.56, p <
.001, 95%CI[−0.33, −0.10], but not between combine and
construct, t(1317) = −0.37, p = 1. Recall that at the end
of Phase II, participants in the construct and de-construct conditions have observed identical learning information, only in
different orders. These results demonstrate the bootstrapping
effect—composing the right subprogram contributes to suc-
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cessful generalization in subsequent, more complex scenarios.
From self-reports, we found that while 39.3% of participants in the construct condition and 29.6% in the combine
condition reported causal relationships as the intended ground
truth rule, no one in the de-construct condition did so (Figure 4b), F(2, ) = 10.79, p < 0.001. A deeper dive into those
self-reports revealed that, for those participants who guessed
the Stripes(A) × Segments(R) subprogram in Phase I,
75.9% of them in the construct condition and 55.6% in the
combine condition landed on the correct ground truth rule
in Phase II. This directly supports our concept reuse model.
For participants in the de-construct condition, 81.8% came up
with complex rules in Phase I, that may draw upon position of
spots, relationships between the number of spots and stripes,
etc. In Phase II, only 41.8% of participants in the de-construct
condition reported the Stripes(A) × Segments(R) subprogram, fewer than the 51.8% of construct and 50% of combine
condition in Phase I, indicating a garden-path effect (cf. Gelpi
et al., 2020) that people might get lost when wandering into a
forest of complicated ideas.
Model fits We compare four models: a random selection
model as baseline, the adaptor grammar model as introduced
above, and two grammar-based models that, like “rational
rules” models (Goodman et al., 2008; Piantadosi et al., 2016),
omit the concept caching and re-use that distinguishes ours
and leads to the distinctive order effects we predict. We call
these grammar-based models search-only: they use standard
Bayesian updating and a prior distribution over an enumerated
set of causal programs generated with fixed depth d = 1 and
d = 2 using the same causal functional program setup laid out
in the modeling section, and the same likelihood function as
in Equation 1. Generalization predictions are computed via
marginalization over posterior distribution of causal programs
given each task. To account for noise in predictions, we fit
a softmax function with a temperature parameter τ on the
three computational models (Luce, 1959). Let P(r′ |d) be
the posterior predictive distribution over candidate length of
segments in generalization tasks:
′

P(choice) =

eP(r |d)·(1/τ)
.
∑x∈r′ eP(x|d)·(1/τ)

(3)

Table 2 summarizes model fitting results. All three computational models perform much better than random baseline,
demonstrating the power of causal programs in capturing human intuitive causal reasoning. Moreover, adaptor grammar
model outperforms the other two search-only models and fits
best overall.
Figure 4a illustrates generalization accuracy of each (fitted)
computational model. The adaptor grammar model is the only
one that can capture the increase in generalization accuracy for
the construct and combine conditions, along with low accuracy
in the de-construct condition. The search-only (d = 1) model
cannot bootstrap in Phase II in the construct and combine
conditions because it has no mechanism of reuse. The searchonly (d = 2) model shows a weak bootstrapping effect in the

Table 2: Model Fitting Results.
Model

τ

Log likelihood

BIC

Baseline
Search-only (d = 1)
Search-only (d = 2)
Adaptor Grammar

2.79
2.84
2.52

-7319.63
-6738.77
-6285.46
-6168.96

14639
13485
12579
12348

combine condition because it assigns equal preference for
alternative compatible causal programs and does not favor
reuse. It also achieves an overly high accuracy in Phase II in
the de-construct condition due to its deeper search depth that
allows it to generate the ground truth rule directly. We spotted
that participants achieved higher accuracy in the de-construct
condition than the AG model, potentially due to people having
access to all six learning trials in Phase II and so being able to
process them back-and-forth.
Figure 4c plots participants’ generalizations with model
AG’s predictions, revealing the close alignment between the
two in addition to BIC and accuracy measures.

General Discussion
We proposed a computational model based on combinatory
logic and adaptor grammars as an account for human conceptual bootstrapping, and grounded it in an object-based causal
generalization task. Our formalization synthesizes aspects of
human intelligence that have long eluded fixed-form symbolic
and subsymbolic accounts (Valentin et al., 2021). In particular,
our use of adaptor grammars rather than PCFGs—common to
other recent treatments of constructivist inference (Bramley et
al., 2021; Goodman et al., 2008; Zhao et al., 2022)—allowed
us to capture flexible type-constrained reuse, and so reproduce
learning order effects exhibited by participants. That is, our
framework explains both how participants succeed in our construct and combine conditions but also why they failed in the
de-construct condition.
These results also demonstrate the importance of curriculum design. It was striking that a simple manipulation of the
order in which six examples were shown made the difference
between 39.3% of people identifying how a causal system
works and 0% doing so. Going beyond neural-network based
work on curriculum learning (Bengio et al., 2009; Khan et
al., 2011), our account sheds lights on how to design effective curricula to build up to complex concepts. We show it
is critical to teach concepts early that can later be reused to
aid in grasping more complex concepts (Dechter et al., 2013;
Krueger & Dayan, 2009).
In sum, our model provides a mechanistic account of chunking and reuse in higher level cognition (Carey, 2004; Gobet
et al., 2001; Klein, 2017), and highlights how these processes
produce the patterns of flexibility, efficiency, and compositionality that are hallmarks of human cognition.
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Abstract
Generalizations are a fundamental linguistic tool for efficiently
passing along information. To interpret the intended strength
of a generalization, listeners rely on prior knowledge. Experienced and inexperienced listeners may interpret the same
generalization differently, potentially leading to miscommunication. Speakers could mitigate such miscommunication by
avoiding generalizations that inexperienced listeners are likely
to misinterpret. However, experienced speakers may struggle
to understand the perspective of an inexperienced listener. The
present study examined whether experienced speakers adjust
their use of generalizations based on the expertise of their intended audience. Results showed that any such adjustments
are minimal and insufficient to avoid miscommunication as operationally defined. Future research may clarify the practical
impact of such miscommunication by examining how generalizations are used in relation to speakers’ and listeners’ goals.
Keywords: Generalizations; Expertise; Curse of Knowledge;
Pragmatics; Prior Knowledge; Esports; Bayesian Modeling

Introduction
One nice part of being human is that we do not have to figure
everything out for ourselves. We have access to a trove of
knowledge, assembled as experts pass on their knowledge to
less experienced people. A particularly efficient way to pass
on knowledge is via generalizations. Rather than referring to
specific instances, generalizations refer to a whole category,
licensing learners to make inferences about novel category
members (Gelman, Star, & Flukes, 2002). For example, to
explain ducks to someone who had never encountered them,
we might use simple generalizations like “ducks are birds,”
“ducks lay eggs,” or “ducks carry avian flu.” These statements reference ducks in general and thus encourage inferences about previously unencountered ducks.
These examples also demonstrate how flexible generalizations are. “Ducks are birds” applies to every duck, but “ducks
lay eggs” only applies to mature female ducks, and “ducks
carry avian flu” only applies to a tiny minority of ducks. Upon
hearing such statements, the challenge for a listener is in figuring out how many members of the category are described
by each statement.
Past research indicates that listeners who are familiar with
the subject under discussion can interpret generalizations
flexibly, adjusting their application as appropriate (Tessler &
Goodman, 2019b; Coon, Etz, Scontras, & Sarnecka, 2021).
Someone who already knows about avian flu and how it relates to ducks is unlikely to think “ducks carry avian flu”

applies to every duck. Yet listeners who lack directly relevant experience consistently interpret generalizations as applying broadly throughout the category (Cimpian, Brandone,
& Gelman, 2010; Coon et al., 2021). Thus, when experienced speakers use generalizations to teach inexperienced listeners, there can be miscommunication. Experienced speakers sometimes use generalizations that they interpret narrowly
but which their inexperienced audience interprets broadly.
If experienced speakers know they are speaking to an inexperienced audience, they might only use broadly applicable
generalizations, dismissing more narrowly applicable generalizations as too nuanced for inexperienced listeners to worry
about. And if experienced speakers do make such an adjustment, inexperienced listeners would be fully justified in interpreting generalizations as broadly applicable. However, it
can be challenging for people to put themselves in the shoes
of someone with less experience, a difficulty referred to as
the “curse of knowledge” (Camerer, Loewenstein, & Weber,
1989). As a result of this phenomenon, experienced speakers
might neglect a listener’s lack of experience when evaluating
whether a generalization is worth making.
In the present study, we examined two questions: (1) do
experienced speakers adjust their use of generalizations in response to the expertise of their audience and (2) if so, is it
sufficient to preclude miscommunication?
We operationally defined miscommunication as a speaker
and listener failing to align their understanding of how
broadly a generalization applies, and we discuss the implications of alternative definitions. The applicability of a generalization is often an important part of its message. For
example, underestimating the applicability of “ducks carry
avian flu” could lead people to ignore a relevant danger. On
the other hand, overestimating its applicability could cause
a needlessly exaggerated fear of ducks. Speakers might prevent such miscommunication by avoiding generalizations that
their audience would interpret differently. However, speakers
might not realize that their audience will interpret some generalizations differently than they would, as predicted by the
curse of knowledge.

Experimental Setting
We used the esport League of Legends as a naturalistic setting
in which to observe how people use and interpret generalizations. League of Legends players are often highly motivated
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their designated positions, competing against the player from
the opposing team who is directly opposite them. Players can
choose characters who tend to excel in this early part of the
game or characters who tend to excel later on. Importantly
for the present study, there are also exceptions to these general trends.

Methods

Figure 1: Matchup example. Note that in this condition,
the participant’s intended audience is a new player. “Laning
phase” refers to the early part of a game.

to learn about this environment and develop varying degrees
of authentic expertise.
The structure of the game is also well suited to this type
of study. Each game is a competition between two teams
composed of five players each. Prior to a game, there is a
drafting phase during which each player selects the character
they will use. The primary objective for each team is to destroy the other team’s base. Since League of Legends is a team
game, teammates need to align their expectations about how a
game will progress. Discussions of strategy thus often involve
generalizations that describe how a game will likely play out
while crucially allowing for exceptions. We can measure how
broadly a generalization applies in terms of how frequent the
exceptions are across a set of games; League of Legends is iterative in that the environment resets to the same initial state
before each game.
While the generalizations examined in many of the past
studies discussed above are generic statements (Cimpian et
al., 2010; Tessler & Goodman, 2019b), the generalizations
examined in this study are more specifically habituals. The
distinction is in the entity about which the statement is generalizing. Generic statements apply a trait to a category, generalizing the trait over instances of that category (e.g., “ducks
carry avian flu”; Carlson, 1977; Carlson & Pelletier, 1995).
Habituals apply a trait to an individual, generalizing that trait
over time. For example, “Toby climbs mountains” generalizes about the behavior of an individual. In terms of the semantic challenge they present, habituals can be thought of
as a subset of generic statements (Carlson, 2006; Tessler &
Goodman, 2019a). In both cases, it is unclear how broadly
the statement should be applied. How many ducks need to
carry avian flu for the category to be described as carrying
avian flu? How often does Toby need to climb mountains to
be described as someone who climbs mountains?
In the present study, we asked participants to reason about
how various character matchups would play out in the first
part of a game. For approximately the first 15 minutes, commonly known as the “laning phase,” players generally stay in

Participants We recruited experienced participants (n=75)
from online League of Legends forums. To ensure that experienced participants were well acquainted with the domain, we
only included those ranked in the 27th percentile (Silver tier)
of players or higher. This sample was mostly men (84.1%).
We also recruited inexperienced participants (n=25) from
the undergraduate pool of a research university. We excluded
10 additional participants because they indicated some experience with League of Legends. It is worth noting that this
sample was mostly women (80%), but we have no theoretical
reason to expect gender to impact results.
Materials Participants were first given a basic overview of
League of Legends, including definitions of key terms related
to the game (e.g., phases of the game, resources such as gold).
Experienced participants then completed an online survey in
which they were shown a series of matchups between two opposing characters (Figure 1). They were asked about which
of the two gets more gold in the laning (i.e., early) phase of
the game. Because collecting more resources confers an advantage, and gold is a fundamental resource, collecting more
gold was our operational definition of gaining an early advantage.
First, experienced participants were asked whether they
would endorse a generalization saying that a given character “gets more gold” in the early game. Participants could
answer “yes,” “no,” or “I don’t know.” We coded “I don’t
know” responses as participants not making the generalization. Between subjects, we varied the expertise of the audience to which the generalizations would be directed. One
group of participants was asked whether they would make the
generalizations in explaining the matchup to a “new player.”
The other group was asked about generalizations made to an
“experienced player.” To emphasize this manipulation, the
audience’s experience was highlighted and italicized.
Next, experienced participants were asked to estimate how
often they would expect the referenced character to get more
gold in the early game if the matchup was played 100 times.
Finally, experienced participants were told that an expert
speaker had made the generalization based on having seen
the matchup play out 100 times. Experienced participants
were asked to interpret the generalization in terms of how often they thought the speaker had seen the referenced character
get more gold in the early game.
Inexperienced participants were only asked to interpret
generalizations. All participants were asked to describe their
playing experience. Participants who indicated that they had
prior experience were asked to provide more detail in terms
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of their ELO ranking (Elo, 2008), time played, knowledge of
the characters included in the experiment, and how frequently
they play in the types of matchups under discussion.
We removed experienced participants who said they would
make a generalization that they think applies to fewer than
10% of examples, and those who said that they would not
make a generalization that they think applies to more than
90% of examples. Our logic in doing so was that such outliers
would have an outsized impact on our model. These criteria
excluded 7 additional experienced participants.
Design Participants viewed 12 matchups in total. In some
of the matchups, one character had a distinct advantage, while
others were more evenly matched. In even matchups, it made
no difference which character was referenced in the generalizations, so participants only saw 4 such matchups. For
the imbalanced matchups, the generalizations referenced the
character with a clear advantage on half of trials, and referenced the character with a clear disadvantage on the other
half. Participants saw 8 such matchups. The left panel of
Figure 2 demonstrates that experienced participants understand the matchups as we had intended. As the matchup under discussion becomes more disadvantageous for the referenced character, experienced participants become less likely
to make a generalization about that character excelling in the
matchup.
This experiment can be summarized as a 3 (character advantage: +, 0, or −) x 2 (listener type: experienced or inexperienced) design. Character advantage was varied within
subjects; listener type was varied between subjects. However,
the character advantage conditions are not our unit of analysis
because experienced participants might reasonably disagree
with each other as to the extent to which a specific character
has an advantage. Instead, our modeling approach focuses
on describing the process by which expert speakers decide
when to endorse a generalization given their prior knowledge.
We manipulate character advantage to ensure that the prior
knowledge (i.e., the model inputs) experienced participants
consider when deciding whether to make a generalization is
sufficiently varied for us to capture the bounds of that process.

Results
Comparing Interpretations We first replicated the findings of Coon et al. (2021),1 which showed that inexperienced
listeners interpret generalizations as broadly applicable regardless of the context, whereas experienced listeners can use
their prior knowledge to distinguish between broadly- and
narrowly-applicable generalizations, as shown in the right
frame of Figure 2. These results suggest that there could
indeed be miscommunication because there are generalizations that experienced and inexperienced listeners would interpret differently, specifically those that are narrowly appli1 Adopting

the same model comparison methodology as Coon et
al., we found that the best performing model assumed that experienced participants varied their interpretations by condition and that
inexperienced participants did not.

Figure 2: Left: Proportion of experienced participants who
would endorse the generalization that the referenced character would excel in the given matchup. “Experienced” and
“Inexperienced” refers to intended audience. Symbols +, 0,
and − designate referenced character’s advantage (or lack
thereof) in the given matchup. Right: Experienced and inexperienced participants’ interpretations of generalizations by
matchup type. “Experienced” and “Inexperienced” refers to
participants’ own expertise. All error bars are 95% bootstrapped confidence intervals.

cable. However, there is still the possibility that experienced
speakers would not use narrowly-applicable generalizations
when speaking to inexperienced audiences, avoiding the generalizations in which their own interpretations would differ
markedly from that of their audience.
Modeling Approach To examine whether experienced
speakers alter their process for deciding when to use generalizations, we first need a working model of that process. Unlike past efforts to model this process (e.g., Tessler & Goodman, 2019a), our model is more descriptive than cognitive
because we are looking to summarize people’s behavior such
that we can look for patterns. To our knowledge, the only
previous effort to descriptively quantify the process by which
people decide to make a generalization did so by taking the
mean of participants’ prior estimates for generalizations they
endorsed (Cimpian et al., 2010). While this approach was adequate in the context of the specific purpose for which it was
used, it neglects information provided by generalizations that
a participant rejected.
We instead used a hierarchical model in which a speaker’s
decision to make a generalization is a binary choice, made
with some probability θ. This probability is in turn determined by a function which takes as its input the speaker’s
estimate of how broadly applicable the generalization is. Our
primary interest is in characterizing how this functional relationship differs when the audience is an experienced player
versus a new player.
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In selecting a specific functional form, we want to capture

assigned.2 We assume that each βi is independently drawn
from N(0, σ2βexp ) or N(0, σ2βnew ), again depending on audience condition. We split these σ parameters by condition to
account for the possibility that one audience condition leads
to more participant-level variation than the other. If participant i was assigned to the new-player audience condition,
their functional relationship would be
θi =

Figure 3: Illustrative example of logistic model varying in
terms of shift, α = log-odds(0.4, 0.6), and scale, β = (1, 45).
the important aspects of the relationship without making unnecessary assumptions. First, we assume that the probability
of a generalization being endorsed will increase monotonically from 0 to 1 as a function of the speaker’s belief of how
broadly applicable it is. We also assume the function modeling this process can vary along two dimensions: shift and
scale. The shift parameter determines the threshold at which
a speaker’s beliefs make them more likely than not to endorse
the generalization. The scale parameter determines the steepness of the function around the threshold. In other words, it
controls how strict that threshold is.
These assumptions together suggest a two-parameter sigmoidal function. We chose a logistic model, which can be
specified as
1
θ=
,
(1)
1 + e−β(x−α)
where θ is the probability of endorsing a generalization, and
x is the log-odds of the speaker’s belief as to how broadly applicable the generalization is. With this parameterization, α
controls the location of the threshold (i.e., shift) and β controls the steepness of the curve (i.e., scale). As demonstrated
in Figure 3, the β scale parameter can create a step function,
corresponding to a strict threshold. At the other extreme, it
can create a consistent and gradual slope.
We allow the functional relationship to differ depending on
the audience, with separate group-level parameters αnew and
βnew for the new-player (inexperienced) audience versus αexp
and βexp for the experienced audience. We test this assumption in investigating the first question below, by comparing
the group-level parameters of each condition.
To account for individual differences, we also allow the
functional relationship to vary across participants. In the
model, the ith participant’s function is specified by offsets
from the group-level parameters described above. We denote
these offsets as αi and βi . We assume that each αi is independently drawn from either N(0, σ2αexp ) or N(0, σ2αnew ) depending on the audience condition to which the participant was

1
1 + e−(βnew +βi )(x−αnew −αi )

.

(2)

We implemented the model in JAGS (Plummer, 2003). We
chose prior distributions that respect the context of this experiment while still being relatively uninformative. We assigned the shift parameters (αexp and αnew ) prior distributions
of N(0, 22 ), which are agnostic about whether α is positive or
negative. We assigned the scale parameters (βexp and βnew )
prior distributions of N + (5, 202 ).3 Most of the mass of this
prior is between 1 and 45. A β value of less than 1 alters the
functional form in a way that is possible but unlikely for this
context. A value of 45 is a soft upper bound for β, creating
what is essentially a step function. Finally, we had 4 parameters governing the distributions of the participant-level αi s
and βi s. For σαexp and σαnew we assign priors of N + (0, 12 ).
For σβexp and σαnew we assign priors of N + (0, 102 ).
Table 1: Model inferences for key parameters.
Parameter

Posterior Mean

95% Credible Interval

αexp
αnew
βexp
βnew
σαexp
σαnew
σβexp
σβnew

0.08
0.18
3.43
6.99
0.18
0.16
1.60
3.49

(-0.01, 0.17)
(0.10, 0.25)
(2.57, 4.50)
(4.67, 10.21)
(0.03, 0.36)
(0.05, 0.26)
(0.70, 2.65)
(1.57, 6.26)

Figure 4 shows the inferred group-level functional relationships alongside summaries of the empirical data. Responses
were binary (experienced participants either would or would
not make the generalization), but for a more useful comparison to the linking function, we have binned them based on
participants’ estimates as to how broadly the given generalization would apply. Each point represents the rate at which
experienced participants would make a generalization if they
believed its applicability fell within that range (0 to .1, .1 to
.2, etc.). For example, no participants endorsed generalizations they believed would only apply 10-20% of the time. It
is important to remember that we excluded participants who
endorsed a generalization which they only expected to apply
0-10% of the time and those who did not endorse a general-
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2 We
3N+

specify the mean and variance of normal distributions.
indicates a positively truncated normal distribution.

Figure 4: Proportion of experienced participants who would endorse the generalization that the referenced character excels in
the given matchup. Split by audience expertise. Red and blue sigmoid lines represent a random sample from each respective
condition’s posterior distribution. Error bars are 95% bootstrapped confidence intervals.
ization which they expected to apply 90-100% of the time;
we interpreted such responses as contaminant behavior.
We present estimates for parameters of interest in Table 1.
Question 1 Our goal in creating this model is to examine
whether experienced participants adjust their use of generalizations based on the expertise of their audience. The basic model uses two parameters, shift and scale, to characterize the use of generalizations, so experienced participants
can potentially adjust their use of generalizations along two
dimensions. There are thus four possibilities for how the
curves might compare between audience conditions: the shift
changes, the scale changes, both change, or neither change.
Table 2 lists the evidence in favor of each model using
Jeffreys weights – an extension of the Bayes factor for situations involving more than two models (Vandekerckhove,
Matzke, & Wagenmakers, 2015).4 If experienced participants
use similar thresholds for both audiences, the data would support more parsimonious models which only have a single α
shift parameter that applies to both conditions. If experienced
participants are similarly strict in following the threshold for
both audiences, the data would support models with a single
β scale parameter that applies to both conditions.
Our data provide the most support for Model 3, which
specifies separate scale parameters for each audience but only
a single shift parameter. We also find considerable evidence
in favor of Model 1, which specifies a single shift and single scale parameter. The evidence for Model 3 over Model
1 is minor, BF31 = J3 /J1 = 1.5.5 There appears to be a dif4 We derived the Jeffreys weight J for models i = {1, 2, 3, 4} from
i
the series of Savage-Dickey Bayes Factors for nested comparisons
against model 4 (the full model), such that Ji = BFi4 / ∑ j BFj4 .
5 More informed priors on the β parameters, such as N + (5, 5),

Table 2: Model summaries and evidence.
Model #

# of αs

# of βs

Jeffreys Weight

1
2
3
4

1
2
1
2

1
1
2
2

0.39
0.01
0.57
0.03

ference in scale when considering Figure 4, but there also
remains much uncertainty in the estimates of βnew and βexp .
We find scant evidence in favor of either of the models which
specify separate shift parameters. Overall, our data indicate
that experienced participants may make a slight adjustment to
their use of generalizations based on their audience, but only
in terms of the slope of the threshold at which they become
more likely than not to make a generalization, not the location
of that threshold.
Question 2 Our second question is whether any adjustments participants did make based on the expertise of their
audience would be sufficient to prevent miscommunication.
For this experiment, we operationally define miscommunication as a speaker and listener failing to align their understanding of how broadly a generalization applies.
In terms of our model, reducing such miscommunication
would manifest primarily as αnew > αexp . In other words,
speakers are less willing to use narrowly-applicable generalizations when speaking to an inexperienced audience, since
would lead to somewhat stronger evidence for Model 3. However, our choice of diffuse priors reflected our limited knowledge of
this novel experimental context, and using more informative priors
would not have changed our qualitative inferences.
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an inexperienced audience would misinterpret those generalizations. It could also be helpful for the slope to get steeper
(βnew > βexp ) as such an adjustment indicates that speakers
are more rigid in their determinations of which generalizations are and are not worth making. However, α is the main
parameter of interest because adjusting the scale would only
help reduce miscommunication if the shift were also adjusted.
Based on our analysis for Question 1, we have strong evidence that the value of α does not change in response to the
audience condition. If, for the sake of argument, we assume
that there is a difference in the α values and simply test how
likely that difference is to be greater for the new-player audience condition, we get a Bayes Factor of approximately 10
in favor of αnew > αexp . Such a shift is indeed in the direction that would help reduce miscommunication, but the shift
is evidently slight, if it exists at all.
Our analysis for Question 1 indicated minor evidence that
the value of β changes in response to audience condition. Another directional hypothesis test, this time for β, produces a
Bayes Factor of approximately 183 in favor of βnew > βexp ,
which would indicate that experienced speakers are more
strict in deciding whether a generalization is worth making
if they are speaking to an inexperienced audience. However,
since there is hardly any change in α, such an adjustment to
β would do little to close the gap between the expectations of
the speaker and the listener.

Discussion
In this study, we examined whether speakers adjust their use
of generalizations based on the expertise of their audience and
whether such adjustments are sufficient to avoid miscommunication. We found that, if experienced speakers made any
adjustment, it was so slight that there would still be miscommunication, as we have operationally defined it. For example, Figure 4 shows that if an experienced participant thought
a generalization would apply to about 60% of examples, they
would be far more likely than not to make such a generalization when speaking to an inexperienced listener. Yet the
inexperienced listener would interpret that generalization as
applying to approximately 70% of examples.
Interpreting null results is difficult. Perhaps participants
did not demonstrate impactful adjustments because our manipulation was ineffective, even though we emphasized the
experience (or lack thereof) of the intended audience. In particular, our participants did not have a conversational partner
to actively provide cues as to how the generalizations were
being interpreted. Past research on how speakers design utterances to fit the expertise of their audience (e.g., Sulik &
Lupyan, 2018) indicates that speakers use such cues to adapt
over the course of a conversation. Nevertheless, our findings
indicate that speakers do not consciously adjust their use of
generalizations when explicitly told that the statements will
be directed towards a naive listener.
In reaching this conclusion, we are defining miscommunication as the speaker and listener failing to align their un-

derstanding of how broadly applicable a given generalization
is.The applicability of a generalization is particularly important if that generalization informs multifaceted decisions. For
example, someone who is deciding whether they need to wear
gloves when handling a duck must weigh the risk of disease (i.e., how broadly applicable is “ducks carry avian flu”)
against the inconvenience of wearing gloves. In this particular experiment, the generalizations communicate information about an important strategic consideration, but this consideration is only one of many. A player may need to decide between assisting one of two teammates, both of whom
have characters who could be expected to “excel in the laning phase.” To weigh a generalization’s importance relative to
other considerations, listeners need a sense of how broadly it
applies. We have identified situations in which that aspect of
the message would be consistently distorted, leading to what
could be termed a miscommunication.
Yet there are other ways of defining miscommunication,
stemming from different views about what generalizations
are meant to communicate. In particular, a speaker may use
a generalization to alter the listener’s behavior regarding a
category. For example, if the speaker’s goal in saying that
“ducks carry avian flu” is to make the listener avoid ducks,
then having the listener overestimate the applicability of the
generalization would be more effective than having the listener understand the generalization in the nuanced way that
the speaker does. In the context of our experiment, the most
pronounced alteration to speakers’ use of generalizations is
that their criteria for when to make a generalization may become stricter (i.e., exhibit a steeper boundary between generalizations they would and would not make) when speaking
to inexperienced listeners. Such an adjustment could indicate
that speakers are focused on inexperienced listeners’ behavior and are therefore reducing the world into information that
the inexperienced listener should or should not act on. In doing so, speakers may ignore statistical nuances, assuming that
inexperienced listeners are not yet capable of the complex
decision-making that would make such nuances valuable.
It may even be adaptive for inexperienced listeners to overestimate the applicability of generalizations from experienced
speakers. If an experienced speaker decides that a generalization is worth making, an inexperienced listener can safely assume that the information it contains is worth factoring into
their decision-making process. From an error management
perspective, erring on the side of over-applying the experienced speaker’s advice is likely less costly than erring on the
side of discounting it. Also, if the generalization speaks to
the only consideration for a decision (e.g., given the risk of
avian flu, do I avoid this duck or not?), overestimating the
applicability may help a listener avoid sub-optimal strategies.
To summarize, we hope to have demonstrated that generalizations can lead to a mismatch in how experienced speakers and inexperienced listeners conceptualize associated statistical information. Future research can examine how such a
mismatch relates to speakers’ and listeners’ goals.

1832

References
Camerer, C., Loewenstein, G., & Weber, M. (1989). The
Curse of Knowledge in economic settings: An experimental analysis. Journal of Political Economy, 97(5), 1232–
1254. doi: 10.1086/261651
Carlson, G. N. (1977). References to kinds in English. Ph.D
dissertation, University of Massachusetts, Amherst.
Carlson, G. N. (2006). Generics, habituals and iteratives. In
K. Brown (Ed.), The Encyclopedia of Language and Linguistics (2nd edition ed., pp. 18–21). Oxford: Elsevier.
Carlson, G. N., & Pelletier, F. J. (1995). The Generic Book.
Chicago: University of Chicago Press.
Cimpian, A., Brandone, A. C., & Gelman, S. A. (2010).
Generic statements require little evidence for acceptance
but have powerful implications. Cognitive Science, 34(8),
1452–1482. doi: 10.1111/j.1551-6709.2010.01126.x
Coon, J., Etz, A., Scontras, G., & Sarnecka, B. W. (2021).
Experts interpret generalizations differently than novices.
Proceedings of the Annual Meeting of the Cognitive Science Society, 43(43).
Elo, A. E. (2008). The rating of chess players, past and
present. Ishi Press International.
Gelman, S. A., Star, J. R., & Flukes, J. (2002). Children’s Use of Generics in Inductive Inferences. Journal of Cognition and Development, 3(2), 179–199. doi:
10.1207/S15327647JCD0302 3
Plummer, M. (2003). JAGS: A program for analysis of
Bayesian graphical models using Gibbs sampling. 3rd International Workshop on Distributed Statistical Computing
(DSC 2003); Vienna, Austria, 124.
Sulik, J., & Lupyan, G. (2018). Perspective taking in a novel
signaling task: Effects of world knowledge and contextual
constraint. Journal of Experimental Psychology: General,
147(11), 1619–1640. doi: 10.1037/xge0000475
Tessler, M. H., & Goodman, N. D. (2019a). The language
of generalization. Psychological Review, 126(3). doi:
http://dx.doi.org/10.1037/rev0000142
Tessler, M. H., & Goodman, N. D. (2019b). Learning from generic language (preprint). PsyArXiv. Retrieved 2019-06-13, from https://osf.io/hnm8p doi:
10.31234/osf.io/hnm8p
Vandekerckhove, J., Matzke, D., & Wagenmakers, E.-J.
(2015). Model comparison and the principle of parsimony
(Vol. 1; J. R. Busemeyer, Z. Wang, J. T. Townsend, & A. Eidels, Eds.). Oxford University Press. doi: 10.1093/oxfordhb/9780199957996.013.14

1833

Familial Guilt: A Cross-Society Comparison of Judgments
of Collective Family Responsibility
Junho Lee (leejunho@ucla.edu)
Keith J. Holyoak (holyoak@psych.ucla.edu)
Department of Psychology, University of California, Los Angeles
Los Angeles, CA 90095 USA

Abstract
When a group member commits wrongdoing, people
sometimes assign responsibility and blame not only to the
wrongdoer but also to other members of the same group. We
examined such assignment of collective responsibility in the
context of exploitation of one family by another. Participants
were recruited from the United States and South Korea, which
are known to vary in cultural norms and endorsement of
collectivistic values. Participants in both countries rated the
degree to which an agent (grandson) should be held responsible
for his grandfather’s exploitation of a victimized family, while
varying the closeness of familial connection. Participants’
responsibility judgments showed sensitivity to whether the
grandson received financial benefit from the wrongdoer and to
the perceived closeness between the grandson and the
wrongdoer. Korean participants imposed greater responsibility
on the agent than did American participants. Implications for
understanding the influence of social norms on moral
judgments are discussed.
Keywords: collective responsibility, moral judgment, crosscultural comparison, family relationships

Introduction
Over several generations, some White Americans have
expressed guilt for the enslavement and mistreatment of
African Americans and indigenous peoples by early White
Americans (e.g., Chudy, Piston, & Shipper, 2019; Iyer,
Leach, & Crosby, 2003). Postwar generations in Germany
have been apologetic to Jews for the atrocities committed
under the rule of the Nazi party (Wohl, Branscombe, & Klar,
2006). Some Koreans expressed grief and guilt for Americans
when the killer from the Virginia Tech shooting in 2007 was
revealed to be a recent immigrant from South Korea (Choe &
Onishi, 2007).
These examples are cases in which people experience
vicarious, collective responsibility and guilt because they
share group identity with a wrongdoer (Ferguson &
Branscombe, 2014). In an ethnographic study that analyzed
the electronic Human Relations Area Files (eHRAF; Curtin
et al., 2020), indications of collective guilt were found in 45
out of 71 societies around the world. Here we focus
specifically on guilt related to actions by other people in (or
closely connected to) one’s own family, which we term
familial guilt.
Familial guilt can be considered a special case of the
distribution of collective responsibility to individual
members of a group (Smiley, 2017; Radzik, 2001). The very
idea of collective responsibility runs counter to traditional
accounts of how responsibility ought to be imposed as

formulated in Western philosophy (Smiley, 2017).
Philosophers have postulated that, in a typical setting, to hold
an individual responsible or blameworthy for a wrongdoing
requires assuming that the individual has acted as a moral
agent. That is, the individual must have acted freely rather
than under coercion to cause harm, intended the action, and
believed that their action was wrong (for a philosophical
review see Talbert, 2019). Recent studies in moral
psychology have confirmed that the mental states of the agent
inferred by the reasoner—especially those pertaining to
whether the agent had control over their action and harm—
are indeed critical determinants of moral judgments of
responsibility, wrongness, and blame (e.g., Malle,
Guglielmo, & Monroe, 2014; Cushman, 2008; Lagnado &
Channon, 2008; Gerstenberg et al., 2018; Waldmann &
Dieterich, 2007; for review see Bartels et al., 2015).
However, recent cross-cultural studies in anthropology
(Barrett et al., 2016) have challenged the universality of these
fastidious conditions for assignment of responsibility and
blame. Barrett and colleagues argued that the emphasis on
mental states as determinants of moral violations may be
significantly
weaker
in
non-Western,
Educated,
Industrialized, Rich, and Democratic (WEIRD) societies.
They found that when making moral judgments, participants
from eight small-scale traditional societies were less sensitive
to the intention of the agent and more focused on the outcome
of the action than were participants from Western societies.
The case of familial guilt takes a step further: moral
responsibility is assigned not only to people who lack
awareness or intent of the wrongdoing, but to people who
made no causal contribution to it at all. On the other hand, in
the legal domain, blaming people based on their personal ties
to a wrongdoer is typically dismissed as the fallacy of guilt
by association. It remains controversial whether assigning
responsibility and guilt based on group membership can
sometimes be normative or justifiable (Radzik, 2001; Smiley,
2017; Silver, 2006).
We performed a study to assess the propensity to provide
financial restitution to descendants of victims harmed by
one’s own ancestor (a grandfather). Importantly, we tested
the hypothesis that different societies may assign collective
responsibility to others differently. The United States and
South Korea were chosen as useful examples of societies with
distinct cultural norms. Many studies have investigated the
‘East-West’ distinction (Bedford & Hwang, 2003; Triandis &
Gelfand, 1998; Oyserman, Coon, & Kemmelmeier, 2002;
Henrich, Heine, & Norenzayan, 2010; Graham, Meindl,
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Beall, Johnson, & Zhang, 2016) and characterized Western
societies influenced by the Judeo-Christian tradition as
emphasizing individual rights over collective goals and
duties. In comparison, East Asian societies influenced by
Confucian tradition have been viewed as assigning greater
importance to maintaining social order and harmony and
fulfilling the duty to serve the common good of one’s group
or society. More recent work on tight versus loose cultures
(Gelfand et al., 2011) also identified the U.S. and Korea as
typical examples of societies with tight and loose cultures,
respectively. These general differences in norms suggest that
Koreans may have a greater propensity to offer recompense
for bad acts committed by an ancestor, thereby settling the
historical ‘moral debt’ and restoring intergroup harmony.
The present study adapted a paradigm introduced by
Uhlmann et al. (2012), who gave participants scenarios that
varied the nature of the link between an agent (tasked to make
financial restitution to descendants of the victims) and their
grandfather (the wrongdoer). This link was either biological
or not (in the latter case, the agent’s grandmother had
divorced and remarried before he was born, and her second
husband was the wrongdoer). Their results supported
Uhlmann et al.’s hypothesis that (possibly due to people’s
intuitive belief in common-sense essentialism) the guilt of the
older wrongdoer would be transferred to his descendant more
strongly when they are connected through blood ties. To
examine the impact of a wider range of relations, the present
study included additional conditions involving family
connection via adoption, and a baseline in which the
wrongdoer and the agent were unrelated. We hypothesized
that perceived “oneness” of the wrongdoer and the agent as
members of a common group (entitativity; Campbell, 1958)
would be highest for the biological condition, followed by the
adoptive, remarriage, and no-relation conditions. Acceptance
of collective responsibility was expected to increase with
entitativity.
Orthogonally to the relationship conditions, we varied the
presence and absence of a financial benefit the agent had
received from the wrongdoer. Historical exploitation often
results in advantages for the exploiter group and
disadvantages for the victim group. Radzik (2001; Iyer et al.,
2003) argued that the collective responsibility of members of
the exploiter group to make reparations can derive from the
advantages they inadvertently received. By using a factorial
design, our study can distinguish the effects of financial
benefit and relationship on collective responsibility
judgment. In addition, we tested the hypothesis that members
of a collectivistic society (Koreans) as compared to members
of an individualistic society (United States) may be more
sensitive to the types of relations between the agent and the
wrongdoer, or perhaps more generally accepting of collective
responsibility to remedy a past injustice.

Experiment
Method
Participants and Design Uhlmann et al. (2012, Study 1)
reported that the effect size based on biological relatedness
between grandfather and grandson on recommended
restitution was Cohen’s d of 0.48. For a minimum power of
.80 and α of .05 in a two-tailed independent samples t-test, 70
participants were required in each group. Because we were
interested in examining more fine-grained variations in
relatedness, we aimed for 80 in each of 16 groups. University
of California, Los Angeles Institutional Review Board
approved the procedures of the experiments in both the U.S.
and Korea. Informed consent was obtained from all
participants.
Amazon Mechanical Turk was used to recruit 649
American participants (283 females, 1 non-binary gender;
Mage = 37.8, SDage = 11.8; 18 to 29 years = 27.6%, 30 to 39
years = 37.4%, 40 to 49 years = 17.6%, 50 years or older =
17.4%). Around 80 participants were assigned to each of
eight between-subject conditions for the American portion of
the study. Self-identified ethnicity was collected
(European/European
American:
71%,
African
American/Black: 12%, Asian/Asian American: 9%, Hispanic
or Spanish origin: 6%, other: 2%). American participants
were paid $0.80 for completing the experiment, which took
around 4 minutes on average. An additional 358 participants
were recruited but excluded from analyses because they
failed to correctly answer either of two comprehension
checks (see Materials and Procedure).
After collecting data from American participants, we
recruited 641 Korean participants (347 females; Mage = 36.7,
SDage = 11.9; 18 to 29 years = 35.1%, 30 to 39 years = 34.9%,
40 to 49 years = 15.0%, 50 years or older = 15.0%) from
Hankook research’s (https://www.hrc.co.kr/eng/) online
survey panel. Quotas were used to roughly match the
distribution of age between the American and Korean
samples. Korean participants who failed the comprehension
checks were automatically dropped during the experiment.
Korean participants were compensated with points in
Hankook research’s online system, which were worth around
$0.80 and could be converted to currency. They took about 5
minutes on average to complete the experiment.
Materials and Procedure We used a 2 (culture: U.S./South
Korea) × 4 (wrongdoer’s relation to agent: biological
grandfather/grandfather in adoptive family/grandfather based
on remarriage of agent’s grandmother/no-relation) × 2
(financial benefit: present/absent) between-subjects factorial
design, with each participant reading just one scenario. For
brevity, we will refer to the four levels of the relationship
variable as biological, adoptive, remarriage, and no-relation.
The basic structure of the scenarios was adapted from
Study 1 of Uhlmann et al. (2012). In the English version, all
scenarios started by stating the relationship between Sam
(wrongdoer), an owner of a small factory in New York, and
Brian Johnson, the agent in the scenario. The Korean version
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was first translated from the English version by the first
author and then back translated by another bilingual speaker
to check for tone and content. In the Korean version of the
experiment, the characters were given Korean names and the
city was changed from New York to Seoul (see online
repository https://osf.io/ubj9h/ for all materials used).
To assess whether our English and Korean materials were
equivalent in meaning and content, we conducted additional
validation by recruiting four validators. Two of them
(bilinguals who were native Korean speakers) independently
translated our English materials to Korean and Korean
materials to English, respectively, and jointly compared the
English and Korean materials we used in our experiment to
find any discrepancy in meaning. The third validator (native
English speaker) compared the newly translated English
materials with the English materials we used in the
experiment, and the fourth validator (native Korean speaker)
did the same with the Korean materials. The four validators
did not report a notable discrepancy in meaning and content
between the English and Korean materials, except for a
difference in interpretation of the second item in the covariate
measurement scale (identity fusion with family; see online
repository). This item was excluded from all analyses.
In the no-relation conditions, the scenarios stated that
young Brian had been told stories about Sam Miller, a factory
owner around his grandfather’s age. In the other conditions,
how Brian was related to his grandfather Sam was described:
either biologically, through adoption, or based on remarriage
of Brian’s grandmother. The scenarios then described Sam’s
wrongdoing in the past, which involved exploiting some of
the poorest residents of New York as employees. The O’Neal
family was the largest group of employees who were
especially exploited. Sam threatened them with termination
if they complained about their working conditions, even after
the two youngest members of the family died while working
at the factory.
Next, in the scenario for the no-relation condition with
financial benefit present, it was stated that Brian received a
scholarship award that was founded by Sam, which made it
possible for him to attend college. In the other relationship
conditions with financial benefit present, the scenarios stated
that Brian inherited some of his grandfather Sam’s fortune
when he was 20 years old, which made it possible for Brian
to attend college. When the no-relation condition was
coupled with financial benefit absent, there was no mention
of a scholarship. In the other relationship conditions with
financial benefit absent, the scenarios stated that Sam’s
fortune ran out before Brian was born, and Brian received no
inheritance from him.
Then, all scenarios described Brian as currently a middleaged lawyer who recently won the lottery. He decides to
donate a portion of his winnings, $10,000 (converted to South
Korean wons of roughly equivalent value: 1,000 man-won)
to charity, and considers two causes: the International Hungry
Children’s Fund, and the education of descendants of the
O’Neal family who remain needy today. Participants were
asked: “How should he distribute the money between the

O’Neal children’s education and the International Hungry
Children’s Fund?” In the American version of the
experiment, participants used two scroll bars to indicate the
amount of money to be allocated to each cause. In the Korean
version, two blank slots were provided for participants to type
in the amount of money to be donated to each cause. (Due to
technical limitations in the survey agency’s system, scroll
bars could not be implemented in the Korean version. A
partial replication of the study with American participants
showed that response format did not have any significant
effect on the pattern of results.) In both versions, participants
could proceed to the next question only when the two
responses summed to $10,000. The amount of money
allocated to the O’Neal children’s education was the first
dependent measurement.
On the next page, participants were asked: “How
responsible do you think Brian should feel for what happened
to the O’Neal family?” (5-point scale, 1: not at all
responsible, 2: slightly responsible, 3: somewhat responsible,
4: very responsible, 5: fully responsible) This score was used
as the second dependent measurement. In the American
version of the experiment, this responsibility question was
added to the survey in the middle of data collection. As a
result, only 285 out of 649 American participants answered
the responsibility question, whereas all Korean participants
answered this question.
On the following page, two questions were asked as
comprehension checks: “What is Sam’s relation to Brian?”
and “Did Brian financially benefit from Sam’s fortune?”
Next, we administered the verbal version of a measure of
participants’ identity fusion with their own family (Swann Jr.,
et al., 2012). The identity fusion measure included seven
items (one of which was excluded because of an issue in
translation), each rated on a 7-point scale (1: strongly
disagree; 7: strongly agree). The scale assesses how much
people align themselves with an affiliated group and
experience “oneness”. In the present study, we replaced the
word “country” in Swann Jr. et al.’s questionnaire with
“family”. Finally, basic demographic information was
collected.

Results
A 3-way full-factorial ANOVA was conducted to assess the
influence of culture, relationship, and financial benefit on the
amount of donation to the O’Neal children’s education (see
Figure 1). Donation amounts reported by Korean samples
were analyzed after conversion to U.S. dollars based on the
rate of 1 man-won = $10.
The main effects of all three categorical variables were
significant. The main effect of culture (F(1, 1274) = 84.5, p
< .001, 𝜂𝑝2 = .063) reflected greater overall mean donations
for Korean (M = $6,996, 95% CI = [$6,784, $7208]) as
compared to American (M = $5,647, 95% CI = [$5,436,
$5,858]) participants. The main effect of financial benefit
(F(1, 1274) = 16.9, p < .001, 𝜂𝑝2 = .013) reflected greater
overall mean donations when financial benefit was present
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Figure 1. Amount of money donated to O’Neal children’s education in each of the sixteen conditions. Diamonds indicate
group means. The dots show the distributions of responses across the range from $0 to $10,000. Error bars indicate 95%
confidence interval (assuming normal distribution).
(M = $6,629 , 95% CI = [$6,415, $6,843]) rather than absent
(M = $5,998 , 95% CI = [$5,780, $6,217]). The main effect
of relationship (F(3, 1274) = 9.2, p < 001, 𝜂𝑝2 = .020) was
investigated further using t-tests between pairs of relationship
conditions for the four levels of this factor, with HolmBonferroni correction (adjusted p-values are reported).
Participants judged that the amount of donation to the O’Neal
children’s education should be greater in the biological
condition (M = $6,875, 95% CI = [$6,596, $7,155]) than in
the remarriage condition (M = $6,069, 95% CI = [$5,745,
$6,393]; t(661) = 3.70, padj = .001, d = 0.29) and no-relation
condition (M = $5,859, 95% CI = [$5,548, $6,170]; t(629) =
4.78, padj < .001, d = 0.38), but not the adoptive condition (M
= $6,412, 95% CI = [$6,106, $6,718]; t(662) = 2.19, padj
= .086). The average recommended donation was higher in
the adoptive condition than in the no-relation condition,
although this difference was not significant after correction
(t(625) = 2.48, padj = .053). The other two comparisons were
not significant (padjs > .26).
None of the second- or third-order interaction effects were
significant (Fs < 2.06, ps > .103). We had anticipated that
Korean participants might be more sensitive than Americans
to variations in the family relationship between the agent and
the grandfather. However, the 2-way interaction between
culture and relationship was not significant (F(3, 1274) =

0.87, p = .46). Regression models with dummy coding were
used to test more specifically whether the effect of
relationship significantly varied across cultures. Six 2-way
interaction terms between relationship manipulation and
culture were tested, but none of them were significant (ps
> .22). Hence, the relative differences between relationship
conditions did not vary across cultures.
Next, an analogous 3-way ANOVA was used to analyze
predictors of the level of collective responsibility assigned to
Brian (see Figure 2). As a reminder, 285 out of 649 American
participants answered the collective responsibility rating
question. As in the analysis of monetary donations,
significant main effects of culture (F(1, 910) = 142.8, p < 001,
𝜂𝑝2 = .140), relationship (F(3, 910) = 11.2, p < .001, 𝜂𝑝2
= .041), and financial benefit (F(1, 910) = 58.1, p < .001, 𝜂𝑝2
= .062) were found. As predicted, Koreans (M = 2.90, 95%
CI = [2,82, 2.98]) assigned generally higher responsibility to
the agent than did Americans (M = 2.03, 95% CI = [1.89,
2.17]). Across both cultures, collective responsibility score
was higher when financial benefit was present (M = 2.90, 95%
CI = [2.80, 3.01]) than absent (M = 2.36, 95% CI = [2.25,
2.47]). In addition, the interaction between culture and
relationship was significant (F(3, 910) = 4.8, p = .003, 𝜂𝑝2
= .015). No other interaction effects were significant (Fs <
2.58, ps > .052).

1837

Figure 2. Participants’ ratings that Brian should feel collective responsibility for what happened to the O’Neal family, in
each of the sixteen conditions. Diamonds indicate group means. Distributions of data points across the range from 1 (not at
all responsible) to 5 (fully responsible) are shown by the dots. Error bars indicate 95% confidence intervals (assuming
normal distribution).
The significant interaction between culture and relationship
was due to an unexpectedly high rating of responsibility in
the remarriage condition among American participants but
not among Korean participants (see Figure 2). This deviation
from the pattern likely reflects the less reliable estimation of
group means in the U.S. dataset due to smaller sample size.
In any case, the pattern did not support our hypothesis that
Koreans are more sensitive to relationship information than
Americans. The difference in identity fusion with family
(average of six ratings; α = .93) between American (M = 4.95,
95% CI = [4.84, 5.05]) and Korean (M = 5.21, 95% CI = [5.12,
5.31]) participants was significant (t(1288) = 3.61, p < .001,
d = 0.20). The identity fusion score was added to the two 3way ANOVAs reported above as an additional first-order
predictor. Results showed that over and above the significant
effects of the three predictors already tested, the identity
fusion score had a small effect on collective responsibility
ratings (b = 0.10 , t(696) = 3.23, p = .001), but not on the
amount of donation (b = –$12.52, t(980) = –0.19, p = .85).
We conducted mediation analyses using PROCESS macro
version 3.0 for SPSS (Hayes, 2018). Pre-defined model 4 in
PROCESS was used. Three dummy variables coding the
levels of independent variables (indicating adoptive,
remarriage, and benefit-present conditions, respectively)

were entered as covariates for predicting the mediator
(identity fusion score) and the dependent measurements.
Indirect effects were estimated through bootstrapping (n =
20,000). The direct effect of culture on the suggested amount
of donations was significant (b = $1,517, t(987) = 8.84, p
< .001, 95% CI = [$1,180, $1,854]), while the indirect effect
through identity fusion score was not (b = –$3.5, 95% CI =
[–$43.3, $33.2]). Similarly, when predicting the collective
responsibility rating, the direct effect of culture (b = 0.89,
t(703) = 10.43, p < .001, 95% CI = [0.72, 1.06]) was
significant but the indirect effect through identity fusion
score (b = 0.01, 95% CI = [–0.003, 0.041]) was not. Thus, our
data did not support the hypothesis that participants’
identification with their family mediates the influence of
culture on collective moral judgments.

Discussion
Assignment of collective responsibility based on group
membership deviates from the traditional moral norms
supported as philosophical principles within the
individualistic Western societies (Smiley, 2017; Talbert,
2019). Nevertheless, laypeople across societies seem to take
group membership into account when making moral
judgments. We found that for both American and South
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Korean participants, normative judgments of collective
responsibility were greater when the agent had received a
financial benefit traceable to the wrongdoer. Participants also
demonstrated sensitivity to the type of relation between the
wrongdoer and the agent.
Americans and Koreans were similar with respect to the
impact of both familial relationship and financial benefit, but
Korean participants showed a greater imposition of collective
responsibility across all conditions, even when the agent was
unrelated to the wrongdoer and had not received a financial
benefit traceable to the wrongdoing.
Our results demonstrate an intriguing exception to the
connection between causality and judgment of responsibility.
Psychological theories of morality have postulated that a
causal relation between an agent’s behavior and harm is
critical for an observer to assign blame and moral
responsibility to the agent (e.g., Cushman, 2008; Waldmann
& Dieterich, 2007). The influence of non-causal factors
(group identity, moral obligation, social norms; Malle,
Guglielmo, & Monroe, 2014; Ditto, Pizarro, & Tannenbaum,
2009; Holyoak & Powell, 2016) remains to be incorporated
into rational computational models of moral judgments.
Although South Koreans scored higher than Americans on
a measure of identity fusion with family (Swann Jr. et al.,
2012), this variable had a weak relationship to collective
responsibility judgments. Future studies should explore the
underlying mechanisms that lead to within- and betweenculture differences in group-based moral judgments. It is
possible that people use different heuristics for making moral
judgments in first-person versus third-person perspectives.
Our scenarios instantiated the latter case, which may have led
participants to rely more on the appraisal of the situation (e.g.,
perceived entitativity between the wrongdoer and the agent)
and social schemas that determine the extent to which
individuals’ behaviors should be regulated by imposed duties
and responsibilities (cf. tight versus loose cultures, Gelfand
et al., 2011). That is, collectivistic thinking and tight culture
may have led Koreans to perceive greater collective duty to
remedy harms done to (and/or by) group members in a
relatively unconditional manner.
However, we refrain from making strong claims about
broad cultural differences between individualistic and
collectivistic societies based on the current results. Our study
only included samples from two countries, which may not be
representative of individualistic versus collectivistic cultures.
Moreover, we did not include a direct measure of
collectivism because our preliminary study (n = 361) could
not find a significant relation between vertical collectivism
scale (Singelis et al., 1995) and collective responsibility
judgments across the two countries, and we opted to measure
identity fusion with family as an alternative. More generally,
the impact of culture is likely to interact with particular types
of social situations (e.g., people interact differently with
coworkers, friends, and strangers; Chen & West, 2008;
Oyserman et al., 2002). Therefore, our findings should be
viewed as evidence that social and cultural norms can shape
people’s moral judgments in significantly different ways.

Another unanswered question is whether there is a
distinction between imposition of responsibility to the agent
and responsibility that people think ought to be voluntarily
taken by the agent. Our second dependent variable related to
the latter, which asked how responsible participants think
Brian should feel. We phrased the responsibility question this
way to capture the normative expectations in each culture.
However, it is possible that Korean participants were not
inclined to explicitly impose responsibility to the agent but
still preferred that he feel morally responsible for the harm
done, which could lead to reparation.
A particularly potent social influence impacting people’s
everyday moral reasoning may be historical group dynamics,
which has received less attention in moral psychology (but
see Brown et al., 2008). Historically, intergroup conflicts
have produced cruelty and exploitation of one group by
another. Such events then shape one group’s collective
emotions (e.g., guilt, indignation) and attitudes toward the
other. With the rapid increase in ethnic and cultural diversity
in modern societies, conflicts between groups based on
historically derived beliefs, values, and norms may become
more frequent. Future work in moral psychology should
examine how people apply concepts such as responsibility,
guilt, and reparation to realistic situations involving
intergroup relations.
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Teleological essentialism across development
David Rose, Sara Jaramillo, Shaun Nichols, Zachary Horne
Abstract

are unchanged (Rose & Nichols, 2019). These observations cohere with findings documenting the relationship between casual reasoning and categorization (Rehder & Kim, 2006) and expand on developmental research on teleological explanation, which
indicates that children explain a wide range of phenomena in terms of the perceived purpose of entities (Kelemen, 1999). For instance, children think
that, “Clouds are for raining”, “Birds are for flying”,
and Tigers are “for eating and being looked at in the
zoo”; things exist to satisfy their purpose (Kelemen,
1999). Together, this research raises the possibility
that even for children a category’s teleology may be
constitutive of its essence.

Do young children have a teleological conception of
the essence of natural kinds? We tested this by examining how the preservation or alteration of an animal’s purpose affected children’s persistence judgments (N = 40, ages 4 - 12, MAge = 7.04, 61% female). We found that even when surface-level features of an animal (e.g., a bee) were preserved, if the
entity’s purpose changed (e.g., the bee now spins
webs), children were more likely to categorize the
entity as a member of a different natural kind (e.g.,
a spider) and these effects were similar in magnitude
to altering the surface-features of a natural kind.
Our results suggest that we might view teleological
properties as partially constitutive of the essence of
natural kinds.
Keywords: teleology; essentialism; development;
concepts

Introduction
Many categories cannot be characterized in terms of
observable features alone (Gelman, 2003). Everyday categories—bumble bees, gold, Americans—
are instead represented as having an essence which
makes them what they are (Gelman, 2004, Hussak & Cimpian, 2019). Essentialized categories
are those that people think of as having a “true
nature,” which people presume to be both constant across category members and responsible for
the similarities of those members. How are these
essences represented? A leading account is they
are “placeholders”: People believe “that there is
some causal essence that holds a category together”
even if they do not know what that essence is (Gelman, 2004). Placeholders might be elaborated with
content that is, for example, scientific or social in
nature, but some recent research suggests it is at
least sometimes teleological – people may have an
Aristotelian view of natural kinds where a category’s essence is constituted by its teleology (Rose
& Nichols, 2020; Haward et al., 2018). For example, people think an individual is no longer a member of a natural kind (e.g., a bee) when its purpose
(e.g., making honey) is changed, even when its parts

Keil (1989) examined how kindergarteners (MAge
= 5.8), second (MAge = 7.6), and fourth graders
(MAge = 9.9) categorized a raccoon that underwent
a surgery that made it look like a skunk, finding kindergarteners thought that the animal was
now a skunk, but fourth graders thought the animal was still a raccoon. Similar observations initially led researchers to hypothesize that young children’s persistence judgments are primarily, if not
entirely, determined by observable features of a category (Flavell, 1986). Contrary to this early work,
several researchers have since argued that essentialism (Gelman, 2004) or essentialist-like thinking
(Cimpian & Salomon, 2014; Cimpian & Steinberg,
2014) emerges earlier in development than initially
hypothesized. Still, it’s an open question whether
young children attend to the teleology of a natural kind in transformation tasks. Do children behave as if a category’s teleology is a key feature of
its essence? We propose children operate with an
Aristotelian view of category essences – the content of an essence is teleological. Thus, we expect that changing an entity’s purpose will have
an impact on children’s beliefs about the persistence of natural kinds. While we expect changes
in surface-level features to exert a strong influence
on persistence judgments as well (Baldwin, 1992),
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we predict judgments about teleological essences
will nonetheless impact persistence judgments even
when surface-level feature changes (or preservation) were inconsistent with the preservation or
change of a kind’s teleological essence. We tested
this in a repeated-measure design with 40 children
between the ages of 4 and 12.

Experiment
We tested our hypothesis by examining children’s
persistence judgments in a transformation task involving biological kinds (Keil, 1989), examining
how changing (or preserving) purpose, surface features, or both impacted children’s persistence judgments about transformation cases. The experimenter explained to children that they would hear
some stories about two doctors who like to “work
on” (Keil, 1989) animals to make them look different. For example, children were shown a black-andwhite drawing of a bumble bee and told that the doctors were going to perform a special operation on it
where its “wings and antennae were removed” and
“legs lengthened,” after which they were shown a
picture of a spider. Children were asked to categorize the insect as a spider or bee before and after the
operation, and were also asked about the purpose of
bees and spiders (e.g., whether they are for making
honey or for spinning webs and catching insects).
Although transformation tasks are more artificial
compared to real instances of transformation, such
as cases of metamorphosis (Menendez et al., 2022),
using a transformation task allowed us to control
and independently manipulate two key factors (surface features and perceived purpose) we expected
to influence children’s judgments about persistence.
In contrast, real-life cases of metamorphosis always
involve a surface change, making it difficult to resolve how each factor affects participants’ persistence judgments. Transformation tasks explicitly
pit the preservation or alteration of surface features
against a removal of the purpose of an entity, providing a strong test of our hypothesis. If by using a classic, central test of essentialist thinking—
transformation tasks—we find evidence that teleological considerations play a role in categorization
judgments then that would suggest that children es-

sentialize categories in terms of teleology.

Method
Participants We recruited 40 children between
the ages of 4 and 12 (61% girls, MAge = 7.04 years
old) from the Children’s Museum of Phoenix to participate in a short study. The museum requires that
anyone under 18 years old be allowed to participate;
three additional subjects older than our target age
range of 4 – 12 years old participated, but their data
were not analyzed. 17 additional children started
the study but did not complete it.
Intended Sample Size and Analytical Robustness
We intended to collect data from 60 participants after excluding participants who were either outside
of the target age range or who could not complete
the study. However, the Covid-19 pandemic prevented further in-person data collection starting in
March, 2020. In light of this unforeseen problem
with data collection, we took several measures to
assess the robustness of our findings.
First, we report analyses of all participants who
finished the study (N = 40), but additional analyses from only those participants who responded to
every question (N = 35), or participants who completed at least one trial within our target age range
(N = 54) are also reported. We focus our analyses
on the sample of participants who completed at least
one trial (N = 40), but supplementary analyses from
only those participants who completed the entire
study (N = 35) can be found on the Open Science
Framework (OSF) (https://osf.io/dqjry/view only =
87a f d7377b174565ab38776 f a6d69966).
Second, throughout, we fit Bayesian rather than
frequentist regression models, allowing us to assess
the sensitivity of our analyses to more skeptical priors. This allows us to examine how strongly skeptical priors (those biased against evidence for our
hypothesis) impact our inferences. We explain this
procedure in the analytic strategy section below.
Materials and Procedure We created transformation cases using four vertebrae pairs and four
invertebrate pairs that are familiar to children (see
Wordbank database), and commonly appear in
books for children. These pairs had distinct traits
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so there were no co-occurring physical features or
purposes. For example, an invertebrate with wings
would not be paired with another winged invertebrate. Likewise, a vertebrae whose purpose is to
eat bananas and swing from trees (i.e., a monkey)
would not be paired with another vertebrae that fulfills the same or similar function. Each pair was
presented with a stylized black-and-white image.
These materials can be found on the OSF.
Our experimental design guaranteed vertebrae
and invertebrate pairs appeared in every condition.
For each pair, there were four possible versions, corresponding to each of the four conditions. Once that
pair was presented, it would not appear again in another condition. Trials and conditions were counterbalanced and randomized.
Children completed eight trials (four conditions
× two trials per condition) in a fully within-subjects
design. Examples of each condition and the stimuli are located on OSF. The experimenter explained
to children that they would hear some stories about
two doctors who like to work on animals to make
them look different. In each trial, children were
shown a picture of an vertebrae or invertebrate and
the experimenter described the transformation that
occurred. Children were then asked to identify what
the animal was before and after the special operation, as well as the animal’s purpose after the special
operation.
It’s possible that children do not think animals
have purposes in the first place (but see Kelemen,
1999), so we asked a series of comprehension questions to confirm children endorsed these beliefs. We
describe these questions below.
Comprehension We included comprehension
questions for each kind member to verify: First,
children were familiar with the animals in each
trial. Second, children correctly identified what the
animal does. Third, and most importantly, children
agreed what the animal is “for”. Children answered
88% of comprehension questions correctly, and
when selecting between two possible purposes
for an animal, children selected the prototypical
purpose 96% of the time.
While it’s unlikely children universally think that,
for instance, “the purpose is of a monkey is to

eat bananas”, performance on these comprehension
questions provides prima facie evidence that children view the purposes we chose as central to their
conceptions of the animals used in the study. Furthermore, our results are directly predicted by and
consistent with prior work demonstrating how pervasive teleological thinking is in children and adults
(Kelemen, 1999; Kelemen et al., 2013).
Analytic Strategy To examine the effects of purpose, surface features, and their interaction on
children’s persistence judgments, we performed
Bayesian logistic mixed-effects modeling using the
R package brms (Buerkner, 2017). Bayesian statistics provide a principled way to regularize parameter estimates (namely, by changing the prior distribution). Throughout, we set regularizing priors on
the parameters in our models. For all exploratory
modeling, we performed an approximation of leaveone-out cross-validation and then assessed the outof-sample performance of a set of models based on
the change in their expected log predictive density,
∆elpd (Vehtari et al., 2017).
To formally examine the magnitude of the effect
of purpose, we performed Bayesian model stacking (Yao et al., 2018) by fitting a series of Bayesian
models varying the prior distributions over the Purpose parameter – that is, the primary coefficient of
interest. To aid the reader in interpreting our data
and the statistical power of our design, we also conducted a frequentist sensitivity analysis, which indicated that with our sample size we can detect a
Cohen’s d as small as d =.45 with 80% power for
a paired t-test (for example, to test the difference
between the reference group and the condition in
which only the purpose of an entity is changed).
This effect size is approximately a log odds radπ
tio of .82 using the equation log odds ratio = √
3
(Sanchez, 2003).

Results
We predicted that when holding surface features
constant, but changing an animal’s purpose, we
would find children’s judgments about the persistence of the animal would be impacted. Likewise,
we predicted that when holding an animal’s pur-
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pose fixed but radically changing the surface features, children’s judgments about the persistence
of the animal would be impacted. We did not
know whether these factors would interact. We fit
a Bayesian mixed-effects logistic model regressing
persistence judgments on two factors Surface (Reference group = Surface features preserved); and
Purpose (Reference group = Purpose preserved) and
their interaction, and included random slopes of
these predictors, and cross-classified random intercepts for Subject and Animal Pair. Raw data, code,
and model outputs are available on the OSF.
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when the surface features of the animal were entirely preserved or radically altered in the operation, Odds-Ratio = .22, 95% Credible Interval
(.10, .48) (Fig. 1). Furthermore, the magnitude
of the effect of removing the purpose of an animal was similar to that of removing its surface
features Odds-Ratio = .15 , 95% CI (.06, .34),
and these effects were not credibly different from
each other, bDifference = −0.40, 95% CI (−1.60,
0.78). Across several model specifications and
participant-inclusion criteria, we found children’s
judgments were credibly affected by the Purpose
factor: bPurpose (Main model) = −1.49, 95% CI (−2.31,
−0.75); bPurpose (Completed all trials) = −1.58, 95% CI
(−2.43, −0.80); bPurpose (All participants) = −1.43, 95%
CI (−2.20, −0.72); bPurpose (Model stacking) = −1.23,
95% CI (−2.14, −0.46)
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Figure 1: Conditional effects plot of children’s responses across conditions. Error bars are ±1 standard error of the mean, and raw data is jittered
for readability. A Bayesian logistic mixed-effects
model (Reference group = Purpose Preserved, Surface Preserved) revealed that manipulating the purpose of an animal strongly predicted children’s
persistence judgments, bPurpose = −1.49, 95% CI
(−2.31, −0.75), and the magnitude of this effect
was similar to manipulating the surface features of
the entity, bSurface = −1.90, 95% CI (−2.74, −1.09).
These factors did not interact bPurpose × Surface =
−0.07, 95% CI (−0.53, 0.39).

Figure 2: The frequency of children’s responses
across conditions for each vertebrae or invertebrate
pair. In each trial, children decided whether an animal was the same animal (e.g., still a bee) or different animal (e.g., now a spider) across conditions.
Note: the plot labels for each trial only list one animal for simplicity. The matching animal for each
pair are in Tables S10-S17 of the Supplement.

We found that changing (or preserving) an animal’s purpose affected children’s judgments even

Although we expected to see developmental
shifts in the effect of purpose on children’s re-
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Figure 3: Conditional effects plot of children’s responses by age, purpose, surface, and their interactions. Shaded regions represent ±1 standard error of the mean. Raw data on axes are jittered for
readability. Regardless of age, children’s judgments
were affected by manipulating the purpose and surface features of an animal. Age only predicted persistence judgments when both purpose and surface
features of the entity were preserved across the operation (i.e., the reference group), bAge = 0.33, 95%
CI (0.12, 0.55).

sponses, we did not have specific hypotheses about
the shape of these changes. Thus, we performed
exploratory modeling to determine how different
models including Age predicted observations our
statistical model was not trained on. We found
that interacting Age with Purpose trivially improved
model fit relative to an model including Age, ∆el pd
(Change in expected log predictive density) = 1.7,
SE = 1.1, or without including Age at all, ∆el pd
= 1.8, SE = 1.6 (Fig. 2). Thus, the magnitude of
these differences suggests that a simpler, model including only Purpose and Surface best accounts for
children’s responses whilst minimizing unnecessary
model complexity. Altogether, our results suggest
purpose and surface features credibly impact children’s judgments and the effects of these factors are
similar across development.

The idea that teleology partly constitutes categories
can be traced back to Aristotle. For Aristotle, the
essence is what defines the category. And, for at
least many categories, the essence is given by the
“telos” or its purpose. Adults appear to operate
with an Aristotelian view of some category essences
(Rose & Nichols, 2019; Rose & Nichols, 2020).
Our findings here suggest that children might as
well.
Using the same kinds of tests that are typically
used to provide evidence of essentialist thinking—
radical transformation tasks—we found that teleological considerations played an important role in
persistence judgments. While some people have
challenged the probative value of transformations
tasks, among other things, with respect to teleological essentialism (see e.g., Neufield, 2021), the
transformation test has been one of the main lines
of evidence in favor of essentialism. To abandon
that test is to undercut the case for essentialism
more broadly. We take a more conservative approach here in affirming the value of transformation tasks as evidence for essentialism. But we do
not mount an argument for that here and instead
emphasize that using a standard test of essentialist thinking, we find that teleological considerations
play a prominent role in children’s categorization
judgments. In particular, children thought the original animal changed category membership when its
purpose was altered. Perhaps even more surprising
is that even though changes in surface features are
known to exert a dramatic impact on children’s categorization judgements (e.g., Baldwin, 1992; Sloutsky, 2010), as we also observed, the purpose of an
animal nonetheless exerted an influence of similar
magnitude. Teleological considerations appear to
play an important role in children’s judgments of
persistence across radical transformation. And they
do so not just in the domain of artifacts (Kemler
et al., 2000). Instead, teleological considerations
seem to play a prominent role in categorization even
when children consider the kinds of entities that
have played a central role in probing essentialist
thinking: natural kinds.
The Aristotelian tendency to essentialize cate-
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gories in terms of their teleology emerged even
for young children, with clear evidence that the
judgments of children 5 years and older were impacted by manipulating the purpose factor. It seems,
then, that the seeds of teleological essentialism are
in place at a very early age. There are some
signs that essentialist tendencies are in place by
around roughly four years of age (see Sutherland
& Cimpian, 2019; Rhodes & Mandalaywala, 2017;
Gelman, 2003. But in earlier studies using radical transformation tasks, children under seven years
old made categorization judgments based on appearances (Keil, 1989). By manipulating teleology, however, we found that substantially younger
children exhibited essentialist tendencies on transformation tasks.
Our findings suggest that when children begin
showing signs of essentializing in the context of
radical transformation tasks, they already represent
aspects of the content of essences in terms of teleology. However, this does not mean that essences
are never represented in terms of placeholders. Indeed, any view on the content of essences is consistent with there being placeholders. But our findings suggest that when placeholders are elaborated,
their content may be frequently elaborated in terms
of their teleology. Although our findings suggest
that children may indeed be operating with an Aristotelian conception of category essences, there are a
range of further tests of essentialist thinking which
could be used to examine our hypothesis. Our primary aim was to examine the teleology hypothesis
by using a conservative task. But other tasks commonly used in research on essentialism could be
used to examine our hypothesis in future research.
For instance, switched-at-birth tasks (e.g., where an
animal is raised in a community of different animals) provide an important test of essentialist thinking. Although our findings indicate that teleological considerations impact persistence judgments in
radical transformation tasks, future research could
investigate whether teleological considerations impact persistence judgments across a range of tests of
essentialist thinking.
Most work on essentialism has not focused on
the content of essences (but see Prasada, 2017), but

understanding what and how category essences are
given content is important for understanding essentialist representation. And doing so has important
practical consequences. To consider just one example, if we do indeed represent categories in terms
of teleology, then that suggests that we may have
underestimated how difficult it is to get people to
abandon that teleological way of thinking about the
world (Kelemen et al., 2013). This is relevant for
the prospect of reducing or eliminating essentialist thinking and also relevant to science education.
One of the single advances of the scientific revolution was to move away from the teleological picture
promoted by Aristotle and his followers. But that
Aristotelian approach seems to be a deep-seated aspect of our worldview, not just about evolution, but
about the categories themselves. Science education
that exploits and builds on these tendencies might
prove more effective than efforts aimed suppressing
or bypassing them (Kelemen et al., 2013; Barnes et
al., 2017).
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Abstract
Humans use both linear and hierarchical representations in language processing, and the exact role of each has been debated.
One domain where hierarchical processing is important is noun
phrases. English noun phrases have a fixed order of prenominal modifiers: demonstratives – numerals – adjectives (these
two green vases). However, when English speakers learn an
artificial language with postnominal modifiers, instead of reproducing this linear order they preserve the distance between
each modifier and the noun (vases green two these). This has
been explained by a hierarchical homomorphism bias. Here,
we investigate whether RNNs exhibit this bias. We pre-train
one linear and two hierarchical models on English and expose
them to a small artificial language. We then test them on noun
phrases from a study with humans and find that only the hierarchical models can exhibit the bias, supporting the idea that
homomorphic word order preferences arise from hierarchical,
and not linear relations.
Keywords: hierarchical processing, noun phrase, artificial language learning, neural networks, homomorphism

Introduction
Do humans represent language primarily in terms of linear
or hierarchical structure? Usage-based theories of language
(Christiansen & Chater, 2016; Bybee, 2006; Tomasello, 2003)
tend to emphasize the local nature of acquisition and processing. This locality principle naturally promotes the linear structure of a language as the defining factor influencing emergent
linguistic representations. By contrast, alternative theories
of language are based on the fundamental hierarchical nature
of linguistic representations (Chomsky, 1957; Adger, 2003).
While both local/linear and hierarchical representations may
play a role in language, debates about the exact role of each
are ongoing (e.g., Brennan et al., 2016; Widmer et al., 2017).
One particularly fruitful testbed in this domain has been the
order of elements in a noun phrase—on its face a relatively
simple structure, but one where significant hierarchical organization has nevertheless been hypothesized (Adger, 2003;
Cinque, 2005). In English, modifiers including adjectives
(green), demonstrative pronouns (this), and numerals (one),
are all placed in the prenominal position (green vases). What
happens when speakers of a language like English need to
learn a language with postnominal modifiers (vases green)?
If they have never encountered a string of multiple modifiers
in this language, one possible strategy would be to reproduce
them in their English linear order, but in postnominal position: vases these two green. However, a number of studies

(Culbertson & Adger, 2014; Martin et al., 2019, 2020; Culbertson et al., 2020) show that learners instead tend to reverse
the order of modifiers: vases green two these. This result
has been interpreted as evidence that speakers are making
inferences based on hierarchical structure. More specifically,
speakers have been argued to demonstrate a cognitive bias
for homomorphism—a transparency of mapping between the
underlying hierarchical structure of the noun phrase, and the
linear order of elements (Martin et al., 2020). In the case of a
noun phrase, the underlying structure is associated with semantic scope (Adger, 2003; Culbertson & Adger, 2014; Martin et
al., 2020): adjectives form a semantically coherent unit with
the noun, thus forming a constituent, numerals then define
the quantity of this constituent to create a countable unit, and
demonstratives map this unit to the pragmatics of the context
(e.g., location in relation to the speaker). Therefore, regardless of whether modifiers are in prenominal or postnominal
position, their order relative to the noun reflects this hierarchy of meanings. Indeed, the vast majority of the world’s
languages feature a linear order of nominal modifiers that is
homomorphic in this way (Cinque, 2005; Dryer, 2018).
If this homomorphism bias is a property of the human cognitive system, it must be possible to design a learning model
from which this bias emerges. In this study, we take the first
step in this direction and test three computational models on
their ability to exhibit this bias and replicate human-like preferences for noun phrase word order. Specifically, we pre-train
three recurrent neural network (RNN) language models—one
linear (LSTM) and two hierarchical (Ordered Neurons and
RNNG)—on English corpora. Then, following Culbertson
& Adger (2014), we expose the models to a small artificial
language consisting of noun phrases with a single postnominal modifier and test the models on noun phrases with two
postnominal modifiers, using the language models’ ability to
predict the next word in a sequence. This setup allows us to
test whether the models can generalize to unseen grammatical
structures, rather than merely reproduce structures from the
input. In other words, a model not only has to induce the
structure of the English noun phrase during pre-training, but
also mirror that structure in the artificial noun phrases with
multiple modifiers, without ever seeing such phrases in the
input. Our goal is to determine whether the models are indeed
able to show the preference for the homomorphic word order
consistently observed in human speakers.
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Table 1: Three conditions in the experiment of Culbertson &
Adger (2014).
Condition

Parts of speech

Example

DEM - ADJ - N

demonstrative–
adjective–noun
demonstrative–
numeral–noun
numeral–adjective–
noun

this green vase

DEM - NUM - N
NUM - ADJ - N

these three keys
two big boxes

To preview, we find that the linear LSTM model does not
show human-like preferences, supporting the idea that these
preferences do not arise purely from linear information about
word order. By contrast, the hierarchical models fare better:
the Ordered Neurons model correctly predicts a homomorphism preference in two out of the three conditions tested,
while the RNNG predicts this in the third condition only.

Background
The homomorphism bias in artificial languages
Culbertson & Adger (2014) trained and tested English native
speakers on an artificial language which consisted of noun
phrases with modifiers in the postnominal position (e.g., vase
green). For simplicity, English words were used in this experiment. During the training, participants only saw phrases with
a single modifier: an adjective (green), a demonstrative pronoun (this), or a numeral (two), accompanied by their English
‘translations’ (i.e., the same noun phrases with the prenominal
order of modifiers). In the testing phase participants had to
choose translations for English phrases with two modifiers in
three conditions (see Table 1), even though they did not see
such phrases in the artificial language during training. If in
this task English-speaking participants rely primarily on the
linear structure of their native language, they would produce
noun phrases such as vase this green (N - DEM - ADJ), simply
moving the two prenominal modifiers to the postnominal position in their original order. Instead, participants showed
preferences for the opposite, homomorphic word order (e.g.,
N - ADJ - DEM , vase green this) in all the three conditions. In a
follow-up experiment with novel (non-English) words (Martin
et al., 2020), similar results were obtained, although the preference for the homomorphic order was generally less reliable
in the NUM - ADJ - N condition than in the other two. These
findings received further support from follow-up studies with
Thai speakers learning an artificial language and with English speakers producing spontaneous sequences of gestures
(Culbertson et al., 2020). To summarize, there is a robust
preference for homomorphic word order in noun phrases.

Hierarchical biases in neural networks
A number of recent studies have explored the inductive biases
of neural architectures. For example, Ravfogel et al. (2019)
proposed a paradigm in which neural networks are trained on

corpora consisting of artificial versions of English, which differ from natural English only in some typological properties.
The models are then evaluated on their ability to predict the
same linguistic feature (e.g., subject–verb number agreement)
across the artificial languages. Using this method, Ravfogel et
al. (2019) show that a bidirectional LSTM has a recency bias,
i.e., favoring dependencies with recent elements. This characterizes an LSTM as a first and foremost linear model, even
though it is able to capture some hierarchical long-distance
dependencies (e.g., Gulordava et al., 2018).
White & Cotterell (2021) use a similar methodology of generating multiple constructed artificial languages to investigate
how successfully on average neural models (LSTM and Transformer) learn each language. They find that LSTMs do not
have a preference for a particular word order. Transformers
have more difficulties with some word orders than others, but
their preferences do not correspond to hypothesized human
preferences—i.e., based on the distribution of word orders in
the world languages.
McCoy et al. (2020) study inductive biases in linear (LSTM,
GRU) and tree-based (ON-LSTM, RNNG) models using syntactic tasks that probe the models’ capacity to learn hierarchical generalization, namely question formation and tense
reinflection. They find that only the tree-based models are
capable of making the correct generalizations.
Based on these findings, in our experiments below we use
two hierarchical models: the ON-LSTM (Shen et al., 2018),
which implicitly encodes hierarchical structure in its architecture, and the RNNG (Dyer et al., 2016), which is trained on
parse trees and thus explicitly learns the hierarchical structure
of a language. We also use a ‘vanilla’ LSTM as a baseline
model. We expect to see human-like homomorphic preferences in noun-phrase word order in the two hierarchical models, but not in an LSTM.

Methods
Our general approach for all models is to pre-train them on
an English corpus (either Wikipedia or Penn Treebank, as
described below) and then train them for a small number
of epochs on artificial language noun phrases. During the
artificial language training, we use the next-word prediction
setup to test each model at certain intervals on the test stimuli
consisting of noun phrases with two postnominal modifiers.
Given a pair of stimuli with homomorphic vs. linear order,
we identify each model’s preference by measuring which of
the two sequences that model considers to be more probable.
All models are word-level language models, and no subword
tokenization is used.

Models
LSTM. LSTM is a RNN model that has been commonly used
for studying human sentence processing (e.g., Gulordava et
al., 2018; Marvin & Linzen, 2018; Futrell et al., 2019). It is
trained on the task of predicting the next word in a sentence.
As explained in the previous section, it primarily relies on
local dependencies and has no hierarchical biases encoded in
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its architecture. We use a pre-trained model of Gulordava et
al. (2018)1 , with 2 stacked hidden layers, 650 units per layer,
batch size 128, learning rate 20.0 and dropout rate 0.2. We
further use Van Schijndel & Linzen’s (2018) implementation
to train and test this model on our artificial languages. We
use the LSTM as a baseline, to ensure that the preference for
the target word order does not arise in a linear model due to
unknown properties of English that have nothing to do with
homomorphism.
ON-LSTM. The Ordered Neurons LSTM (ON-LSTM) model
(Shen et al., 2018) adds a hierarchical bias to the ‘vanilla’
LSTM model. While in the LSTM model all neurons in the
hidden layer function in the same way, the ON-LSTM model
promotes the differentiation of neurons: higher-order neurons
only get updated once the lower-order neurons have been
updated. Therefore, the higher a neuron’s ranking, the longer
it stores information, which results in tree-like hierarchical
processing. Thanks to this feature, the model has been used
in other studies looking at the hierarchical processing and
syntactic generalization in RNNs (McCoy et al., 2020; Hu et
al., 2020). We use the original implementation by Shen et al.
(2018)2 and their default hyperparameters: 1150 units in the
hidden layer, embedding size 400, batch size 20, dropout and
weight dropout 0.45 (0.3 for the recurrent layer, 0.5 for the
input layer), and 1000 epochs for pre-training.
RNNG. While the two previous models are trained on text
data, the Recurrent Neural Network Grammars (RNNG) model
(Dyer et al., 2016) is trained on constituency trees to perform a
parsing task. Therefore, it explicitly encodes hierarchical relationships in the training data. We use a recent implementation
(Noji & Oseki, 2021)3 based on its efficiency, with the default
parameters (Adam optimizer, learning rate 0.001, dropout 0.3,
18 pre-training epochs), but smaller batch size of 128 due to
technical limitations.

English pre-training
We use a publicly available LSTM model pre-trained on a
Wikipedia corpus (approximately 80M tokens, Gulordava et
al., 2018). For consistency, we use the same corpus for training
the ON-LSTM model. The RNNG, however, requires a parsed
corpus, and we cannot train it on the Wikipedia data. Instead,
we use the Penn Treebank data set (Marcus et al., 1993), as in
the original study (Dyer et al., 2016).
The Wikipedia corpus could be directly used for pre-training
the LSTM and ON-LSTM, while for pre-training the RNNG
we had to introduce additional annotations in the Penn Treebank. Specifically, all noun phrases in the corpus were represented as shallow linear structures, without any hierarchy. If
we trained the RNNG on this data, it would not be able to use
its capacity as a hierarchical model in the noun phrase. Therefore, we augmented the Penn Treebank data with additional
1 https://github.com/facebookresearch/colorlessgreenRNNs
2 https://github.com/yikangshen/Ordered-Neurons
3 https://github.com/aistairc/rnng-pytorch

noun phrase annotations (cf. examples 1 vs. 2), to introduce
the hierarchical structure in the English noun phrases.
(1)

(NP (DT a) (JJ possible) (NN acquirer))

(2)

(NP (DT a) (NP (JJ possible) (NP (NN acquirer))))

An alternative would be to use a corpus with hierarchical noun
structures, but to our knowledge such corpora are not readily
available. We use the standard train–development–test split of
the Penn Treebank to pre-train the RNNG.

Artificial language training
We try to keep our computational simulations as close as possible to the original experiment of Culbertson & Adger (2014).
Following their setup, we consider the same 30 nouns, 10
adjectives, 10 numerals, and 4 demonstratives. Using this
vocabulary, we generate 10 different training sets, where each
training set consists of 30 noun phrases with a single postnominal modifier, 10 of each kind: N - ADJ (scarf blue), N - DEM
(car that), and N - NUM (shirts six).
While all words from Culbertson & Adger’s artificial language data appeared in the Wikipedia training corpus, some
of them were missing from the Penn Treebank, a situation
that could not arise in the original experiment where all the
native English speakers were familiar with the words in the
artificial language. Therefore, we extended the vocabulary
using words from the Penn Treebank corpus. Only 13 nouns
appeared in the Penn Treebank, and one option would be to
choose 17 extra nouns to have 30 in total, as in the original experiment. Instead, we used additional 13 high-frequency and
13 low-frequency nouns to keep the size of the noun classes
(original, low- and high-frequency) balanced, so that the artificial language training data for the RNNG was somewhat
larger, with each training set including 39 instead of 30 items.
We also used 4 frequent adjectives from the Penn Treebank, in
addition to the 6 adjectives from the original set.
Importantly, because all models are pre-trained on full English sentences, training them on isolated noun phrases from
an artificial language could potentially introduce an additional
confound, the form of the training stimuli. Instead, we converted all the training data sets described above into full sentences that consist of a subject and a transitive verb, followed
by the target noun phrase. To form these sentences, we randomly choose one of the four personal pronouns (I, they, she,
he) and one of the two verbs (see, want) in the correct grammatical form, as shown in (3). This construction was chosen
thanks to its high degree of abstraction: more specific (and
less frequent) constructions could bias the model towards reproducing patterns seen in the training data.
(3)

She wants shirts six.

Note that for training the RNNG on the artificial language,
we converted these sentences into parsed sequences, using
the standard Penn Treebank annotation augmented with the
hierarchical noun structure as described above.
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Figure 1: Percentage of sentence pairs for which the LSTM
model shows preference for the homomorphic word order.
Results are averaged over training/test sets and test items,
error bands show the standard error of the mean over different
test items.
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Figure 2: Percentage of sentence pairs for which the ONLSTM model shows preference for the homomorphic word
order. Results are averaged over training/test sets and test
items, error bands show the standard error of the mean over
different test items.

Artificial language testing
Analogously, we generated 10 different test sets, each of them
including only nouns that do not appear in the corresponding
training set. Each test set included 30 pairs of noun phrases
with two postnominal modifiers, 10 for each of the three conditions: DEM - ADJ - N, DEM - NUM - N, and NUM - ADJ - N). (For
the RNNG, there were 13 pairs in each condition, 39 in total.) Each pair consisted of two alternatives: homomorphic
(e.g., pears purple those) and non-homomorphic (pears those
purple). We tested how probable the model finds each alternative, using the commonly adopted approach of measuring
average sentence surprisal (Goodkind & Bicknell, 2018): the
alternative with a lower surprisal value indicated the model’s
preference. We report all the results averaged over the 10
training–test set combinations.

Results
LSTM
We first look at the LSTM, our baseline model. Recall that it
has no hierarchical bias of any kind, and therefore it would be
surprising to see a preference for homomorphic word order in
this model. The results in Figure 1 support this intuition. Before any exposure to the artificial language, the model shows
a clear preference for the linear word order in all three conditions. This pattern suggests that the model readily transfers its
knowledge about the English linear order of modifiers (DEM NUM - ADJ - N ) from the pre-training data. Because the LSTM
mostly relies on local transitional probabilities, patterns such
as DEM - ADJ, DEM - NUM, and NUM - ADJ are more likely than
their inverse counterparts.
Interestingly, the preference for the linear order gets noticeably smaller with more training in the DEM - ADJ - N and
NUM - ADJ - N conditions (the red and the green lines approach
the 50% chance level, although the red DEM - ADJ - N line is still
somewhat lower, indicating a small preference for the linear
order). This is not the case for the DEM - NUM - N condition.

Our simple analysis of bigram frequencies in the English pretraining data suggests that this result can be explained by the
much higher frequencies of DEM - NUM bigrams (e.g., that one,
those six; average frequency 161.1), compared to DEM - ADJ
(e.g., that blue; average frequency 2.5) and NUM - ADJ bigrams
(e.g., three wooden; average frequency 0.9) in the training data.
The model is more likely to ‘memorize’ the high-frequency
patterns, so that even after relatively large amounts of exposure to the artificial language, the DEM - NUM order is still
transferred to the artificial language data to a larger extent,
followed by DEM - ADJ and NUM - ADJ.
To ensure the reported results are statistically significant, we
fit a series of mixed-effects logistic regression models (one per
condition) to the data, with fixed effect of epoch, and random
intercepts over stimulus, train–test subset, and subject–verb
combination. Because there is a clear change in the model’s
preferences for all conditions between epochs 5 and 10, we
fit separate regressions for epochs 0–5 and 10-25. The results
suggest that early on during the artificial language learning
the model’s preferences for the non-homomorphic order are
significantly different from chance in all three conditions:
the intercepts are −4.3, −18.8, and −3.1 in the DEM - ADJ N , DEM - NUM - N , and NUM - ADJ - N conditions, respectively,
with all p < .001. Later, this preference is only significant in
the DEM - ADJ - N and DEM - NUM - N (intercepts are −13.3 and
−25.8, respectively, both p < .001), but not in the NUM - ADJ N condition (intercept −3.9, p = 0.248), which supports our
earlier observations.
To summarize, the LSTM model shows a preference for
non-homomorphic word order, as expected. This suggests
that the homomorphism preference observed by Culbertson
& Adger (2014) does not simply arise in any learning model
from unknown properties of training data. We now proceed
with the results for the two hierarchical models.
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ON-LSTM
Figure 2 shows the results for the ON-LSTM model. After pretraining (epoch 0) the model’s preferences are approximately
at chance level in all three conditions. Later in training the
preferences diverge: in the NUM - ADJ - N condition (see the
green line), the preference stays close to chance level, while
in the other two conditions (the red and blue lines) we observe
a preference for the homomorphic word order (up to 74.9%).
As in the previous section, we fit a series of mixed-effects
logistic regressions to the data, this time separately for epoch 0
and epochs 7–10. This analysis supports the observed patterns:
initially the model’s preferences are not significantly different
from chance (DEM - ADJ - N: intercept is 0.03, p = .815; DEM NUM - N : intercept is 0.03, p = .863; NUM - ADJ - N : intercept
is −0.01, p = .935), but later during training the preference
for the homomorphic word order is significantly higher than
chance in the DEM - ADJ - N and DEM - NUM - N (intercepts are
8.74 and 11.9, respectively; both p < .001), but not the NUM ADJ - N condition (intercept 1.1, p = .227). This mirrors the
findings of Martin et al. (2020): as we mentioned in the Background section, in their experiments the preference for the
homomorphic word order was less reliable in the NUM - ADJ - N
condition, compared to the other two. At the same time, it is
unclear exactly what causes the differences across conditions
in our model.
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Figure 3a shows the results for the RNNG model. As with
the previous models, we again observe differences across the
three conditions, but the pattern of preferences is not the same
as either in the LSTM or the ON-LSTM. In the NUM - ADJ - N
condition (green line), we initially observe no preference, but
later in learning the RNNG develops a preference for the homomorphic word order. In contrast, in the DEM - ADJ - N and
DEM - NUM - N conditions (red and blue lines, respectively) we
see preferences for the non-homomorphic word order throughout the learning. As in the previous sections, mixed-effects
logistic regressions with the same predictors fitted to the data
from the later epochs (after epoch 12) show that the model’s
preferences at the later stages of learning differ from chance,
and these differences are statistically significant (the intercepts
are: −2.6 for DEM - ADJ - N, −2.3 for DEM - NUM - N, and 1.9 for
NUM - ADJ - N , note the different sign in the last condition).
Recall that this computational model is trained to parse the
data, and it may be the case that our result is merely an artifact
of the model being unable to correctly parse the test sentences.
To ensure this is not the case, we ran an additional analysis in
which we only considered the RNNG’s responses with noun
phrases parsed correctly in both sentences. Figure 3b shows
the results for this subset of the data: note that many data
points are missing from the early epochs, suggesting that the
RNNG has not learned to correctly parse the postnominal noun
phrases yet. Later in learning, we see that the main qualitative
patterns of results for each condition stay the same as for all
test sentences, although the preferences are more extreme.
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Figure 3: Percentage of sentence pairs for which the RNNG
model shows preference for the homomorphic word order.
Results are averaged over training/test sets and test items,
error bands show the standard error of the mean over different
test items.

Finally, recall that we had three types of nouns in our test
stimuli for this model: the original nouns from Culbertson
& Adger (2014), high-frequency, and low-frequency nouns.
Figure 3c shows the results per noun type. Again, we see no
substantial differences across the noun types, except small
differences in the middle of the learning for the DEM - NUM - N
condition (compare the blue lines across the three panels).
These additional analyses suggest that the emergent word
order preferences in the RNNG model do not arise from the
lack of parsing ability and are stable across the nouns of different frequency. Surprisingly, this pattern of homomorphism
preference only in the NUM - ADJ - N condition is different from
that observed in our ON-LSTM model in the previous section
and reported in Martin et al. (2020).
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Discussion
In this study we have asked whether computational language
models show a homomorphism bias when inferring the order
of nominal modifiers in noun phrases. This bias is consistently
observed in human speakers and has been argued to explain
why homomorphic orders are more common in the world’s
languages. We focused on the artificial language learning
experiments of Culbertson & Adger (2014) in which this bias
was first observed. We first tested an LSTM model without
any hierarchical biases in the input or in its architecture. As
expected, we found either no preference, or a preference for
the non-homomorphic order, depending on the condition. This
supports the claim made in Culbertson & Adger (2014) that
the word order preferences of human learners do not arise from
information about the linear word order of noun modifiers.
We then tested two hierarchical models. The ON-LSTM
model was trained on text input and only showed a homomorphism bias in two out of the three conditions we tested (phrases
with demonstratives and adjectives, and phrases with demonstratives and numerals). Interestingly, the RNNG model,
which was explicitly trained to parse tree structures in the
input, showed the target bias in the other condition (phrases
with numerals and adjectives).
To answer our main question, these results suggest that hierarchical computational models can exhibit a homomorphism
bias. At the same time, it is unclear yet what causes the differences between the two models, ON-LSTM and RNNG. Our
additional analyses of the RNNG’s word order preferences
in correctly parsed sentences and for different types of nouns
did not shed light on the issue. Note that the two models are
very different: in the ON-LSTM, hierarchical relations emerge
implicitly thanks to the model’s architecture; in the RNNG
model, explicit information is provided about the tree structure
of every input sequence. Further investigation of the models’
biases is needed to interpret the reported differences. One
option would be to train and test these two models on multiple
versions of artificial languages that differ in their word order
outside of the noun phrase (as in White & Cotterell, 2021;
Ravfogel et al., 2019). Future research could also examine
the nature of the homomorphism bias in our models. Recall
that this bias reflects the proposed hierarchy of meanings of
various noun modifiers, and this hierarchy has been argued to
reflect conceptual structure, grounded in statistical properties
of the real world (Culbertson et al., 2020). At the same time,
semantic representations in language models are not grounded
in the real world, but emerge from the distributional properties
of language. Therefore, one can study the models’ representations in search of the hierarchy of meanings. A presence
of such a hierarchy in a model’s representation space would
indicate a true bias for homomorphism in that model. If the
hierarchy is not found, the model’s preferences for hierarchical
generalizations must be explained by other factors.
Regarding the differences across conditions in each model,
we can speculate that these are due to differences in the distributional information of the relevant elements: depending on

the condition, test words and their collocations (bigrams and
trigrams) can occur more or less frequently in the pre-training
input data, and the interplay of such distributional information
with architecture-specific properties of each model may lead to
meaningful differences in preferred order. Our analysis of the
English input corpus showed that bigram frequencies could
explain differences across conditions for the LSTM model, but
the preference patterns found in the two hierarchical models
need to be examined further in future work.
It is also worth noting that because our language model has
no metalinguistic knowledge, it processes artificial language
sentences as if they come from English. One the one hand,
this helps us to ensure that the models have encoded some
aspects of the meaning of the target words before learning the
artificial language. On the other hand, this sometimes yields
unrealistic results in our simulations, as the models start forgetting English word order and instead show a preference for
one of the two word orders with postnominal noun modifiers,
a pattern known as catastrophic forgetting.
Finally, our results suggest that out of the three models, the
ON-LSTM shows the pattern of word order preferences most
similar to human speakers: first, it shows the target bias in
two out of the three conditions, and second, the condition in
which it does not show the bias (noun phrases with numerals
and adjectives) is the one for which the preference in human
speakers was found to be the least reliable (Martin et al., 2020).
This result suggests that the ON-LSTM may be better than the
RNNG in predicting some human-like biases, which contrasts
with the findings of McCoy et al. (2020), who found the presence of explicit tree structures in the input (as in the RNNG
model) to be an important condition for the model to show
human-like hierarchical biases. This warrants a more rigorous
evaluation of the two models in future research.
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Abstract
The comprehension of counterfactual statements (‘If there had been
zebras, there would have been lions’) has been subject to much
research, but two key questions remain: Can comprehenders
interpret counterfactuals without relying on causal inferences? And
can comprehenders reach the actual state interpretation relying only
on grammatical cues, or is this interpretation triggered by
communicative goals? We answer these questions by relying on
non-causal counterfactuals, and by manipulating the Question under
Discussion between experiments: In Exp. 1, we replicate Orenes et
al. (2019), using a web-based eye-tracking paradigm. In Exp. 2, we
make the QuD explicit by asking about the actual state of affairs.
The results reveal that making a contextually relevant alternative
explicit via the QuD shifts counterfactual interpretation, but in
general, the suppositional state interpretation is preferred in noncausal counterfactuals. These results imply that the driving forces
behind counterfactual processing are pragmatic, not syntactic.

Keywords: counterfactual interpretation; visual-world eye
tracking; consideration of alternatives; QuD

Introduction
One often-cited uniquely human ability is the capacity to
think and talk about things that we know are not real:
fantastical creatures, events in the future, or counterfactual
states. In this paper, we reverse-engineer the driving forces
behind the interpretation of counterfactuals: How do we
know that an utterance is not pointing to the real world, but
to the one we know to be false? And how much of this
interpretation is triggered by the grammatical structure itself,
as opposed to causal inference?
It has been argued that language itself, and specifically the
logical properties of its compositional syntax, is the driving
force behind the capacity: When a speaker assembles a
sentence such as ‘If cats were vegetarians, families could feed
them with a bowl of carrots’ (Ferguson & Sanford, 2008), the
combined powers of the subjunctive (‘were’), the conjunction
(‘if’), and the clause structure (antecedent and consequent)
trigger a composition process in the hearer that leads to an
interpretation that, in fact, cats are not vegetarians and do not
eat carrots.
Under this view, the process of comprehending
counterfactuals resulting in an implied actual state
interpretation (non-vegetarian cats) is driven by the
aforementioned bundle of grammatical means (subjunctive,
conjunction, clause structure). This account has been
formalized as Mental Model Theory: The meaning of a

counterfactual conditional ‘if p then q’ is selected from its
logically possible alternatives, which are the suppositional
state p & q (cats are vegetarians and eat carrots), the logically
possible not-p & q (cats are not vegetarians and eat carrots),
and the implied actual state not-p & not-q (cats are not
vegetarians and don’t eat carrots; Johnson-Laird & Byrne,
2002; Byrne, 2005). The Mental Model theory predicts that
listeners simultaneously draw upon both the suppositional
state and implied actual state while having to resolve the
conflict for successful communication and that they arrive
swiftly and reliably at the implied actual state interpretation.
An alternative account of the interpretation of
counterfactual statements is Suppositional Theory (Evans &
Over, 2004; Evans, 2007), which ascribes more importance
to pragmatic factors. This account argues that listeners only
arrive at the implied actual state interpretation when it is
pragmatically preferred. That is, people consider one single
interpretation at a time, based on the most relevant (or
possible) interpretation in a given context. Then, this
interpretation is evaluated with respect to communicative
goals of the context and accepted or modified as a result
(Evans, 2006). In counterfactual conditionals, just like in
indicatives, a single interpretation is evoked (e.g., vegetarian
cats), and using the pragmatic cues available, people decide
whether the consequent would follow (e.g., cats eating
carrots), based on the probability of p given q. However, if
the link between the two is not strong enough (i.e., not
sufficiently supposed by the context), another possibility
(e.g., cats are not vegetarians and don’t eat carrots) is
generated. In short, the Suppositional Theory argues that the
sentential pragmatics of a counterfactual can sway the
consideration of the implied actual state over the
suppositional state.
Here, we study whether the comprehension of
counterfactuals is also guided by broader pragmatic factors,
that is, the communicative context itself. A listener could
make one of two assumptions about counterfactual, and the
intentions behind its utterance: On the one hand, she may
think the suppositional world is relevant, otherwise, it would
not have been mentioned; on the other hand, the
communicative goal of the speaker could be to establish the
implied actual state as “Question Under Discussion” (QuD;
Roberts, 1996; 2004). Understanding what other people
‘mean’ relies on the ability to make inferences about people’s
intentions (Sperber & Wilson, 2002). These inferences are
based on cooperative principles of communication (Grice,
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1975) and generated automatically and effortlessly to avoid
delays in comprehension. For instance, although the
counterfactual ‘If cats were vegetarians, families could feed
them with a bowl of carrots’ implies that cats are not
vegetarians and don’t eat carrots (Ferguson & Sanford,
2008), the sentence itself need not always give rise to this
inference. Instead, this inference is dependent on the question
that is being discussed, which may be explicit or implicit
(e.g., Skordos & Barner, 2019). If the QuD is about a cat’s
hypothetical eating habits, then the suppositional alternative
may be preferred (vegetarian cats eating carrots). If, on the
other hand, the QuD is about the real-world/actual state of
affairs, then the implied factual alternative (non-vegetarian
cats) may be preferred. This leads to different predictions for
the two theories under consideration: For the Mental Model
Theory, the communicative context is not relevant as
consideration of implied actual state is automatic; only the
Suppositional Theory would predict that with the QuD
explicitly referring to the actual world (along with some other
factors), consideration of the actual implied state would
increase. One difficulty, however, is that counterfactual
comprehension is tightly linked to causal coherence. Below,
we will argue why in our studies, we rely on non-causal
counterfactuals.

Present studies: Non-causal counterfactuals
One crucial property of counterfactual statements is that they
allow inferences about reasoning processes. In fact, the most
prominent way to study causal reasoning is to use
counterfactual scenarios (Gerstenberg et al., 2017, 2020;
Kominsky et al., 2021), precisely because the causal
relationship between antecedent and consequent is a core
component of most counterfactuals we encounter.
People automatically try to draw (causal) inferences
between propositions (Kehler, 2002):
(1) Joe bites his nails. Mary left him.
(2) Joe bites his nails. He has a brother.
In (1) one cannot help but infer that Mary’s leaving was
caused by Joe’s nailbiting (or vice versa), whereas (2) does
not result in causal inference; not coincidentally, while the
counterfactual (1’) is coherent, the counterfactual (2’) is hard
to make sense of:
(1’) If Joe didn’t bite his nails, Mary wouldn’t have left him.
(2’) If Joe didn’t bite his nails, he wouldn’t have a brother.
Thus, the presence of causal coherence plays a role in
comprehending counterfactuals, but how instrumental this
role is for comprehension remains unclear; in fact, one open
question is how well people understand counterfactual
statements in the absence of causal coherence between
clauses – in fact, the existing literature has studied
counterfactual comprehension only in causal scenarios, from
nonrealistic, real-world inconsistent scenarios (e.g., ‘If dogs
had gills, Dobermans would breathe underwater’;
Nieuwland, 2013) to everyday events (e.g., ‘If David had
been wearing his glasses, he would have read the poster
easily’; Ferguson and Cane, 2015; see also Romoli et al.,
2019; 2022).

Even within the empirical literature on causally structured
counterfactuals, the evidence is mixed. While some results
indicate that listeners only ever interpret counterfactuals
referring to the suppositional state p & q (vegetarian cats
eating carrots) (Ferguson, Scheepers & Sanford, 2009;
Nieuwland & Martin, 2012), others highlight individual
differences, showing that some people interpret the sentence
referring to the implied actual state not-p & not-q (cats are
not vegetarians and don’t eat carrots; de Vega, Urrutia, &
Riffo, 2007; de Vega & Urrutia, 2012; Ferguson, 2012;
Stewart, Haigh, & Kidd; 2009), or consider both alternative
interpretations simultaneously (Quelhas, Rasga, & JohnsonLaird, 2018; Santamaria, Espino, & Byrne, 2005; Thompson
& Byrne, 2002).
The mixed empirical picture could be due to multiple
factors, from task demands to the semantic content of the
stimuli: Between studies, one finds a varying degree of
plausibility in the scenarios, from causal sequences of
connected events, which, in turn, might lead participants to
follow the implied actual state very closely (e.g., de Vega &
Urrutia, 2007; Ferguson & Cane, 2015), to scenarios
inconsistent with real-world knowledge, which might have
led participants to consider the supposed alternatives on the
basis of the relevance assumption: The mentioned facts must
be relevant, otherwise they would not be mentioned in the
first place (e.g., Nieuwland & Martin, 2012). It has also been
argued that in nonrealistic scenarios, the factualcounterfactual distinction is more grounded and can be more
easily retrieved (Black, Williams, & Ferguson, 2018; Dai,
Kaan, & Xu, 2021).
In short, the nature, strength, and plausibility of the causal
relationships within counterfactual scenarios introduce noise
that can obscure the mechanisms behind counterfactual
comprehension itself. To really test the predictions of the
Mental Model Theory, one needs counterfactuals that are
built without the reliance on pragmatic context; likewise, to
test whether QuD affects counterfactual comprehension,
causal inferences should be avoided as to not interfere with
the communicative context. One study in which
counterfactuality is established only by linguistic means is by
Orenes et al. (2019). They examined the online processing of
counterfactual and indicative conditionals (3-4) in a visual
world eye-tracking study (Fig. 1). Crucially, the relationship
between antecedent and consequent was not based on causal
linkage; instead, besides being drawn from semantically
close neighborhoods, the propositions in antecedent and
consequent had no obvious connection:
(3) If there had been zebras, there would have been lions.
(4) If there are zebras, then there are lions.
In three experiments, Orenes et al. (2019) asked at what
point in time in comprehension of counterfactuals people
consider the suppositional state [+ZEBRA, +LION], the implied
actual state [-ZEBRA, -LION], or both, by analyzing
participants’ gaze pattern to each alternative state from the
onset of the antecedent NP ‘zebras’ until the end of the
utterance (Fig. 1).The results showed that participants fell
into one of three groups: one group only considered the
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suppositional state [+ZEBRA, +LION], the second group only
considered the implied actual state [-ZEBRA, -LION], and the
third group considered both alternatives simultaneously.
Orenes et al. (2019) attributed the behavior of the first group
to the differences in their working memory capacity
(Ferguson & Cane, 2015), shallow processing (Ferreira,
Bailey & Ferraro, 2002), or they simply might not have
understood the task demands. Although only half of the
participants represented the implied actual state (or both),
Orenes et al. (2019) concluded that the data overall reject the
hypothesis that people only ever represent the suppositional
alternative (cf., Evans & Over, 2004).
However, in this set of experiments, it is unclear how
participants actually interpreted the sentences, and
specifically, whether they commit to the actual state: the
interpretation was not measured. The ‘explicit’ instruction
provided in Exp 1 was ‘to look at the image that corresponds
to the meaning of the sentence’. However, the ‘meaning’ of a
counterfactual could be mapped either to the suppositional
state (e.g., Nieuwland & Martin, 2012) or to the implied
factual state (e.g., Ferguson & Cane, 2015), possibly to both.
Furthermore, the task at the end of each trial was to answer a
yes/no comprehension question about the initial context of
the story, not about the critical utterance.
Here, we aim to understand the role of explicitly shifting
the QuD to the implied actual state, by first replicating Orenes
et al. (2019) repeating their ambiguous instruction to look at
the image corresponding to the ‘meaning’ of the sentence,
that is, setting no QuD. Second, we will shift the QuD
explicitly to the implied actual state, by asking participants
what the real world would look like. Our key prediction is
that if people map incoming utterances to what they consider
pragmatically relevant (i.e., Suppositional Theory), then
explicit QuD is expected to evoke more looks to the implied
actual state. If, on the other hand, the implied actual state
alternative is always strongly evoked as part of the logical
meaning of counterfactuals (e.g., mental model theory), then
the presence of an explicit QuD will not yield a different
pattern.

Exp. 1: No explicit QuD
Participants: We recruited 82 self-declared native
speakers of English via Amazon Mechanical Turk. We used
CloudResearch (Litman, Robinson, & Abberbock, 2017)
services, restricting the participant pool to users with an IP
address in the United States, with a completed task
acceptance rate of 80% or higher, and with at least 100 tasks
completed. Following Morgan et al. (2020), we calculated
track loss for the eye-tracking duration (around 8000ms) and
excluded those participants (N=28) who failed to provide at
least one trial’s worth of data (with 25% of track loss as
threshold) in each of the 4 cells of the experiment.
Materials and Procedure: Participants were presented
with simultaneous auditory and visual input. We replicated
the design by Orenes et al. (2019) as truthfully as possible,
translating stimuli from Spanish to English. The experiment

Figure 1: Example display from Orenes et al. (2019): The
suppositional alternative [top left, +ZEBRA, +LION]; implied
actual state for counterfactuals [top right; -ZEBRA, -LION];
bottom images are distractors.
used a 2x2 within-subject design: Conditional (counterfactual
and indicative) and Conjunction (affirmative and negative).
Table 1: Example stimuli
Condition Example utterance
Opening
Jack went to the zoo to visit the animals with
utterance
his parents. While there, they heard some
people say
Critical
If there are/had been zebras, then there
utterance
are/would have been lions.
Follow-up Jack realized that there were (no) zebras
utterance
and there were (no) lions.
Closing
Finally, Jack and his family went to a
utterance
restaurant to eat.
In each trial, participants listened to a pre-recorded opening
scenario (Table 1). Each critical sentence was paired with a
visual scene containing four images (Fig.1): two target
images (e.g., a zebra and a lion, and the same image crossed
out) as well as two distractor images (e.g., another pair of
wild animals such as an elephant and a giraffe, and the same
image crossed out).
Participants were randomly assigned to one of 8
counterbalanced, Latin-squared lists containing 36 critical
trials each (9 per each Conditional x Conjunction). The order
of each item and the position each image appeared on the
screen were randomized per participant. There was also a
practice block of 4 trials before the experimental trials.
The experiment was hosted online on PennController
IBEX (Zehr & Schwarz, 2018), which uses the JavaScript
library Webgazer.js (Papautsaki, Laskey, & Huang, 2017),
and participants completed the study remotely via their own
webcam. Each trial began with a central fixation cross while
participants listened to the opening scene. Then, the visual
display appeared for 200ms followed by the critical utterance
and remained on the screen until the end of the story. Each
trial was followed by a simple yes/no comprehension check
question (e.g., ‘Did Jack and his family go to the zoo?’) and
participants answered by clicking either a ‘yes’ or ‘no’
button. The experiment took 25-30 minutes to complete.
Analyses and Results: We followed Orenes et al. (2019)
and ran t-tests against baseline; additionally, we conducted
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Figure 2: Probabilities of fixations for indicatives (top)
and counterfactuals (bottom) in Exp 1. Standard errors
are represented by transparent ribbons.
growth curve analyses to capture non-linear changes in
fixation proportions over the time course (hereafter GCA,
Mirman, Dixson & Magnuson, 2008; Mirman, 2017). We
only report GCA results here due to space constraints, but the
t-tests comparisons revealed similar statistical results, which
can be found on OSF.1
For growth curve analyses, we aggregated looks to the
images corresponding to the suppositional state and the actual
state across participants and items and calculated empirical
logit transformation of fixation probabilities to the images for
correction (Barr, 2007). The empirical logit transformed
proportions to the critical images served as our dependent
variable. Like in the original study, the critical time window
lasted from 300ms (i.e., earliest word-driven fixations) to
2050ms (i.e., the onset of the second NP in the conditional,
‘lions’). We conducted separate growth curve analyses for
each critical image (i.e., zebras & lions or crossed-out zebras
& lions) with the deviation-coded fixed effects of Conditional
(indicative, -0.5; counterfactual, 0.5) and its interaction with
each of the time terms (linear, quadratic, and cubic). The
model included random intercepts by participant and item, as
well as random slopes of conditional by participant and by
item. We report the intercept (total fixations), the linear term
(how fast the curve increases), the quadratic term (U-shaped
pattern of fixation ratios), and the cubic term (the sharpness
of rise and fall).
Figure 2 shows participants’ eye-gaze patterns during the
course of each condition (top: indicative, bottom:
counterfactual), revealing how the proportions of fixations to
each image on the visual scene changed through the course
of the utterances. In both types of conditionals, participants
increased their fixation on the suppositional state [+ZEBRA,
+LION] and the affirmative distractor [+ELEPHANT, +GIRAFFE]
from very early on, and as soon as the referent ambiguity is
resolved, i.e., after 200ms of the mention of ‘zebras’, their
looks on the affirmative distractor rapidly decreased.
Fixations on the suppositional state remained stable through

1

Data and analysis
https://osf.io/3zy6v/.

code

are

publicly

available

the time measured both for indicative and counterfactual
conditionals.
For looks to the suppositional state (Fig. 3A), we found a
significant interaction between Conditional and the linear
term (β=-1.65, SE=0.43, t=-3.82, p<.001) and between
Conditional and cubic term (β=1.67, SE=0.43, t=3.88,
p<.001), reflecting the faster and steeper fixations on the
suppositional state in indicative conditionals than in
counterfactual conditionals. In looks to the actual state (Fig.
3B), there was a significant interaction between Conditional
and the linear term (β=-0.82, SE=0.35, t=-2.31, p<.05) and
between Conditional and the quadratic term (β=1.1, SE=0.35,
t=3.09, p<.01), reflecting the linear decrease in looks to the
actual state in indicative conditionals, and a U-shape trend
(i.e., a decrease followed by an increase) in counterfactual
conditionals. Numerically, the coefficient on the main effect
of Conditional was negative, indicating more looks to the
actual state in indicative conditionals than in counterfactuals,
but this pattern did not reach significance (Fig. 3).
Discussion: Our results did not replicate Orenes et al.
(2019). In Orenes et al. (2019), for the overall group data,
fixations to the suppositional state were more and quicker in
indicatives than in counterfactuals, and the fixations to the
implied actual state were more and quicker in counterfactuals
than in indicatives. However, in our study, participants’
overall looks to the images did not differ across conditions:
they increasingly directed their gaze towards the image
corresponding to the suppositional state [+ZEBRA, +LION] in
both indicative and counterfactual conditionals (Fig. 2).
. With these data as a baseline, we can trace the effect of
making the QuD explicit on the consideration of alternatives
in counterfactual comprehension.

Exp. 2: Shifting the QuD to the implied actual state
Participants: 56 self-declared native speakers of English
participated in this experiment, recruited as before. The
exclusion criteria were the same as Exp 1.; in consequence,
two participants were excluded from the analysis.
Materials and Procedure: The aim of Exp 2 was to
measure the effect of explicit QuD to counterfactual
interpretation. We added a task that aimed to shift the
attention of the participants to the actual state of the world.
We asked the participants what the fictional listener in the
story should expect. The question first appeared in the
instructions and repeated after each trial. The experiment
used Conditional (counterfactual and indicative) as a withinsubject factor. We excluded the follow-up sentences (since
we were interested only in the conditional utterance) and so
we modified the opening and closing utterance accordingly
In each trial, participants listened to an opening scenario
(e.g., ‘While Jack was at the zoo visiting the animals, he said
to his friend’) followed by the critical utterance, either an
indicative conditional (e.g., ‘If there are zebras, then there are
lions’) or a counterfactual conditional (e.g., ‘If there had been
zebras, then there would have been lions’).

at
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Figure 3: Fixation probabilities on the suppositional state
(A)/(C) and the implied actual state (B)/(D) in Exp. 1 (top)
and Exp. 2 (bottom) by Conditional from 300ms until the
onset of NP in the consequent.
Each trial was followed by the question ‘What should the
friend expect?’, and participants clicked on the corresponding
picture. The question was formulated in such a way that in
the indicative conditional, any of the pictures could be a
potential answer; but crucially, in counterfactual conditional,
only the implied actual state [-ZEBRA, -LION] would be. Each
list included 36 critical trials (18 per each Conditional).
Participants were randomly assigned to one of the 4 lists. The
order of each item and the position each image appeared on
the screen in were randomized per participant.
Results: Following our analysis in Exp 1, we fitted
separate linear models for each critical image to predict logodds from fixed effects of Conditional and its interaction with
all the time terms. For looks to the suppositional state (Fig.
3C), there was a main effect of Conditional (β=-0.11,
SE=0.04, t=-2.56 p<.05), revealing more fixations in
indicative conditionals than in counterfactuals. A significant
interaction between the linear term and Conditional (β=-3.45
SE=0.45, t=-7.64, p<.001) also supported this effect,
indicating a sharper/faster increase in the looks in indicative
conditionals. There was also a significant interaction between
the Conditional and the cubic term (β=1.92, SE=0.45, t=4.26,
p<.001), which reflected the fluctuations in counterfactual
conditionals (i.e., an increase followed by a decrease and then
flatness). In looks to the implied actual state (Fig. 3D), there
was a significant interaction between the Conditional and the
linear term (β=1.84, SE=0.35, t=5.25, p<.001) and the
Conditional and the quadratic term (β=1.16, SE=0.34, t=3.33,
p<.001). In counterfactual conditionals, looks to the implied
actual state followed a U-shaped pattern: A decrease in the
fixations was followed by a steeper/faster linear increase in
counterfactuals whereas the fixations continuously decreased
and became flat in indicative conditionals.
Analysis by clicks: We split the data by clicks: There were
two groups of people: those who clicked on the suppositional
state (N=34) and those who clicked on the implied actual
state (N=20) after seeing the question of ‘What should the
friend expect?’. We filtered out the selections of distractors
as they could be an indication of loss of attention or such,

Figure 4: Probabilities of fixations for counterfactuals by
subgroups selecting the suppositional state as answer (top),
or the implied actual state (bottom). Indicative results not
shown.
which resulted in 1.49% of data exclusion for indicative
conditionals and 1.13% of data exclusion for counterfactual
conditionals. Figure 4 shows the proportion of fixations to
each image on the visual scene by selection for counterfactual
conditionals only. One group of participants behaved similar
to Exp.1 and only considered the suppositional state, and the
other group considered all pictures equally and then clicked
on the implied actual state picture only after hearing the first
NP.
To compare the effect of explicit QuD on the consideration
of alternatives, we calculated the target preference score and
used as our dependent variable: ln(P(implied actual state)/P
(suppositional state), where ln refers to the natural algorithm.
We fitted a model with fixed effects of Selection (deviationcoded, suppositional state: -0.5; implied actual state: 0.5)
Time terms and their interaction. The model also included
random intercepts for Participant and Item and random slope
of Selection by Participant and Item. We found a main effect
of Selection (β=0.25, SE=0.06, t=3.75, p<.001) and an
interaction between Selection and linear term (β=7.14,
SE=0.51, t=13.88, p<.001), which revealed that there were
more looks to the target and the looks to the target gradually
increased for those who clicked on the implied actual state.
while there was no change in the looks to the target for those
who clicked on the suppositional state.

Comparison of Exp 1 vs Exp 2
The pattern for the indicative conditionals in both
experiments was as predicted, and similar to the pattern in
Orenes et al. (2019): Participants consistently looked at the
suppositional state alternative [+ZEBRA, +LION]. However, for
the counterfactual conditionals, Exp 2 revealed a different
pattern from Exp 1: There were fewer looks to the
suppositional state than in indicative conditionals, and the
looks to the implied actual state alternative [-ZEBRA, -LION]
increased significantly faster in counterfactuals than in
indicatives. To predict target preference score, we fitted a
model with fixed effects of Time terms, deviation-coded
Experiment (Exp 1: -0.5, Exp 2: 0.5), and their interaction.
The model also included random intercepts for Participant
and Item and random slope of Experiment by Participant and
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Figure 5: Probabilities of fixations on the implied actual state
in Exp 1 (green) vs Exp 2 (orange), showing that an explicit
QuD triggered a shift to the implied-state interpretation of
counterfactuals.
Item. The critical time window lasted from the onset of the
first NP (i.e., ‘zebras’) to 2000ms after the end of the
conditional to capture the time until the selection. The model
revealed a significant interaction between Experiment and
the linear term (β=5.19, SE=0.35, t=14.48, p<.001),
Experiment and the quadratic term (β=-1.43, SE=0.35, t=4.01, p<.001), and Experiment and the cubic term (β=-0.82,
SE=0.35, t=-2.31, p<.05). Although not significant, the
coefficient of the main effect of Experiment was positive,
indicating more looks to the implied actual state in Exp 2 than
in Exp 1. The interaction between Experiment and the time
terms means the following: (i) The increase in looks to the
implied actual state was faster/steeper in Exp 2 than in Exp
1, and (ii) there were more fluctuations in the looks to the
actual state in Exp 1 than in Exp 2, as shown in Figure 5.

General Discussion
Our objective was to reverse-engineer the components of
counterfactual comprehension, starting with the role of
explicit QuD. We replicated and extended a paradigm that, in
contrast to most literature, did not rely on causal links
between the antecedent and consequent to minimize the
influences of causal reasoning.
Our study yielded two main findings. First, unlike Orenes
et al. (2019), we found that people did not ever consider the
implied actual state (Exp 1), and second, almost half of the
participants shifted their interpretation to the implied actual
state when they were explicitly asked about it (Exp 2). In
other words, making implied actual state interpretation a
contextually relevant alternative shifted counterfactual
interpretation in even non-causal counterfactuals.
Comprehenders, in general, considered suppositional state
alternatives when they did not rely on causal inferences, but
with the explicit QuD referring to the actual world,
consideration of the implied actual state increased. These
results are hard to explain for Mental Model Theory
(Johnson-Laird & Byrne, 2002): The implied actual state
interpretation did not seem to be automatically evoked in the
absence of causal link as well as an explicit QuD. However,
the results provide support the Suppositional Theory
indirectly (Evans & Over, 2004): People suppose a situation
where antecedent p is true and mentally simulate the situation
in which the consequent q follows – unless the

communicative context requires otherwise. However, it is
worth noting that we do not suggest that people do not access
ever the implied actual state in interpreting counterfactuals.
Instead, we suggest that people make use of linguistic devices
(e.g., subjunctive mood) as well as the QuD to determine the
specific interpretation of a counterfactual utterance.
The facilitative effect of the availability of the QuD has
also been shown in children’s ability to compute scalar
implicatures. Kids failed in making adult-like inferences at
classical truth-value judgment tasks where the relevant
alternatives, i.e., QuD were not made clear (e.g., Katsos &
Bishop, 2011): Given ‘I ate some of the cookies’, one might
intend to convey ‘some, but not all the cookies’, ‘cookies, but
not cake’, or ‘I ate the cookies, but not Jane’. However, when
relevant alternatives and the QuD are controlled to be
contextually salient, children were able to use it to make
inferences in an adult-like manner (e.g., Skordos &
Papafragou, 2016). Arguably, we might draw parallels
between scalar items and counterfactual conditionals since
consideration of alternatives is facilitated by the QuD in both
cases.
Two open questions remain. First, in Orenes et al. (2019),
almost half of the participants considered the suppositional
alternative whereas the other half considered the implied
actual state, or both regardless of the absence of an explicit
QuD. Since there was no task at the end of the trials related
to the critical utterance, it might be the case that participants
settled on an alternative without any particular reason. Such
groups did not emerge in our replication study. We do not
have a clear idea as to why it happened, but it might be
attributed to the experimenter effect (Wijenayake, Berkel &
Goncalves, 2020). Note that our experiment used a webcambased eye-tracking due to the pandemic and there was no
experimenter to answer potential questions, clarify
instructions, or unintentionally motivate participants to
behave in line with the experimenters’ preferred study
outcome (e.g., Rosenthal, Freidman & Kurland, 1966;
Strickland & Suben, 2012). Second, although Exp 2 led to
more looks to the implied actual state overall, and almost half
of the participants considered only the implied actual state in
counterfactual condition, the other half behaved similarly to
the group in Exp 1. One reason behind this could be the visual
world itself. If we take a closer look at the pattern in Exp 2
by Clicks (Fig. 4), we see that those who clicked on the
suppositional state did not ever consider the crossed-out
alternatives from very early on. Even before the first NP in
the antecedent is heard, they fixated their gaze to noncrossed-out images only (e.g., zebra and lion & elephant and
giraffe). However, those who clicked on the implied actual
state considered all four alternatives equally first, then settled
on the implied actual state, unlike those who disregarded
crossed-out alternatives from the beginning. This difference
in looks might raise some question marks as to how
participants interpreted the crossed-out images, which are
unnatural (the negation of [+ZEBRA,+LION] would be a blank
page or set of other related wild animals). We aim to address
these issues in future experiments.
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Abstract
According to the diversity-beats-ability theorem, groups of diverse problem solvers can outperform groups of high-ability
problem solvers (Hong and Page 2004). This striking claim
about the power of cognitive diversity is highly influential
within and outside academia, from democratic theory to management of teams in professional organizations. Our replication and analysis of the models used by Hong and Page
suggests, however, that both the binary string model and its onedimensional variant are inadequate for exploring the trade-off
between cognitive diversity and ability. Diversity may sometimes beat ability, but the models fail to provide reliable evidence of if and when it does so. We suggest ways in which
these important model templates can be improved.
Keywords: cognitive diversity; binary string model; distributed
cognition; diversity-beats-ability theorem; simulation modeling

Introduction

The counterfactual scenarios created by modeling can yield
theoretical insight and assist the interpretation of observational
data. Computational modeling, in particular, allows us to view
group problem solving as the functioning of a distributed cognitive system in a task environment (cf. Hutchins, 1995; Sun,
2008), and the properties of both can be parameterized in the
model.
We argue that despite their appeal, the models used by Hong
and Page to derive their diversity theorem are fundamentally
ill-suited to the task. To be clear, our findings in this paper do
not call into question the importance of diversity, nor do they
imply that diversity cannot beat individual ability. Generally
we find it likely that cognitive diversity is beneficial for group
problem solving, in various ways. Our findings show, however,
that the models employed by Page and coauthors, despite their
prominence, do not provide reliable support for the diversity
theorem.
In the following section, we introduce the general modeling
approach. Then we discuss the analytical results put forward
by Hong and Page to support the diversity theorem. We then
report findings from two simulation studies where we examined the model-based support for the diversity theorem. Our
findings point to serious shortcomings in the original models
employed by Hong and Page, but we show how an improved
version of one of the models can be used to meaningfully study
the trade-off between diversity and ability.

Group problem solving benefits from cognitive diversity
within the group. Differences in how members of the group
see the problem, what kind of cognitive resources they have
at their disposal, and what kind of heuristics they use, can
all make it more probable that all the necessary ingredients
for solving a complex problem are available to the group as
a cognitive unit. According to a striking claim made by Lu
Hong and Scott Page (2004), this benefit is so strong that
cognitively diverse groups may outperform groups consisting
of more able individuals, who are, due to shared expertise,
inevitably cognitively less diverse. This claim has momentous
practical implications: managers creating problem solving
teams should favour group diversity even at the cost of individual expertise. No wonder the diversity-beats-ability theorem
has had a large impact in a broad range of academic and practical fields (Reagans & Zuckerman, 2001; Mannix & Neale,
2005; Jeppesen & Lakhani, 2010; Steel, Fazelpour, Crewe, &
Gillette, 2019; Aminpour et al., 2021).
The most important source of evidence for the diversitybeats-ability theorem is not to be found in data from controlled
experiments, but from a set of mathematical and computational
models (Hong & Page, 2001, 2004). In the absence of controlled experiments on the phenomenon, the use of formal
modeling is an appropriate method of inquiry: The effects
of the counteracting mechanisms of diversity and individual
ability are hard to disentangle from purely observational data.1

The models used by Hong and Page join the tradition of modeling problem solving as heuristic search in a multi-dimensional
solution space (Newell & Simon, 1972). Most of the conceptual work by Hong and Page is carried out with the help of a
model introduced in Hong and Page (2001), where the problem task is represented as a binary string of finite length. Each
bit in the string can be seen as portraying a yes/no decision
regarding the solution to a particular sub-problem (Kauffman
& Levin, 1987). The problem comprises of a sequence of components S = {s1 , s2 , . . . , sN }, where si ∈ {0, 1}. The number
of bits, N, represents the size of the problem and contributes
to its difficulty. A configuration, or a possible solution to the
problem, is a string xi = s1 , s2 , . . . , sN . We denote the set of

1 We do not suggest that insights from theoretical modeling could
replace empirical evidence from observation and experiment. Instead,

we see modeling as a tool for examining the validity of theoretical
reasoning (Reijula & Kuorikoski, 2019).

Group problem solving as heuristic search
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possible configurations by X = {x1 , . . . , x2N }. The configurations can be ordered according to their epistemic (or practical)
value, captured by the value function V : X → R. We write
xi ⪰ x j whenever xi is (weakly) preferred to x j . Given this
notation, a problem is defined by the pair (X, ⪰) (Marengo &
Dosi, 2005).2
The agents portrayed in the model search for solutions of
maximally high epistemic value by relying on hill-climbing
search: If the epistemic value of a novel solution candidate is
strictly higher than that of the current solution, V (x j ) > V (xi ),
it is adopted as the new solution. Otherwise the candidate is
discarded.
The model in Hong and Page (2001) implements diversity
in problem-solving heuristics as (group) agents possessing
different flipset heuristics. A flipset can be thought of as a
bit mask, where the bits set to ‘1’ flip the state of the corresponding bit in the target string. For example, the flipset ‘001’
applied to the target string ‘101’ flips the rightmost bit, and
results in the string ‘100’. Each distinct set of flipset heuristics
results in a characteristic set of possible paths that an agent
can follow in the search space.
In Hong and Page’s model, each agent has a small set of
such heuristics. A set of heuristics φ gives rise to a set of
positions {x j , . . . , xk } which can be reached from xi by a single application of the agent’s heuristics. We call this set the
neighborhood of xi .3 Consequently, each distinct set of flipset
heuristics results in a characteristic set of possible paths that
the agent can follow through the search space. The motivating intuition underlying the diversity-beats-ability theorem
is that, under appropriate conditions, the diversity supplied
by the larger set of heuristics in a random group of problemsolvers is epistemically more beneficial than a less diverse set
of individually high-performing expert heuristics.
The binary string model nicely captures many key intuitions
about the benefits of cognitive diversity. Moreover, it can be
used to model another, distinct aspect of the epistemic benefit
of diversity in problem solving: the possibility of division
of cognitive labor. Cognitive diversity is useful when the
problem to be solved can be broken down into partially independent sub-problems and distributed to agents with differing
competences. Organizational economists (Marengo & Dosi,
2005) have used this model to investigate the efficiency of
decompositional heuristics, and our implementation of such
a model can be found in Reijula et al. (n.d.). However, this
division-of-labor mechanism is not the one grounding the
diversity-beats-ability theorem. Moreover, although most of
the intuitions about diversity in, for example Page (2008), are
pumped using the binary string model described in this section,
the analytic derivation and simulation results for the diversity
theorem are, in fact, drawn from a different model template,
2 For a comprehensive formal specification of the model, see
Reijula, Kuorikoski, and MacLeod (n.d.), available at https://osf
.io/hw7zj/?view only=b6081af9b43e459c9d47c491c451f380
3 To be precise, this is the 1-neighborhood created by φ around
xi . 2-neighborhood is the set of positions that can be reached by two
applications of heuristics from φ, and so on.

to which we turn next.

The mathematical result
The analytical result proven in Hong and Page (2004) to support the diversity theorem is almost completely independent
of specific assumptions concerning the solution space, i.e. the
nature of the problem task. The result assumes a population of
agents that satisfy the following – in this context, fairly weak
– assumptions: (i) Agents are intelligent: given any starting
point, an agent finds a weakly better solution, and the set of
local optima can be enumerated. (ii) The problem is difficult
in the sense that no agent can always find the optimal solution.
(iii) Agents are diverse: for any potential solution that is not
the optimum, there exists at least one agent who can find an
improvement. (iv) The best agent is unique.
The derivation establishes that for such a population, with
probability one, there exist positive integers N and N1 , N >
N1 , such that the joint performance of the N1 independently
drawn problem solvers exceeds the joint performance of the
N1 individually best problem solvers among the group of N
agents independently drawn from the population (according
to any probability distribution with full support). The proof
is based on two immediate consequences of the assumptions.
First, as independently drawn agents are very unlikely to have
common local optima, the probability of their having common
local optima converges to zero as the number of agents in the
group grows. Second, as the number of agents becomes large,
the best problem solvers become more and more similar and
therefore do not do better than the single best problem solver.
We do not question the validity of the proof nor the claim
that the result really depends on the diversity assumption (cf.
Thompson, 2014; Singer, 2019). What is problematic is that
the conclusion is, in the end, a relatively weak existence claim
based on asymptotic reasoning concerning a large number of
agents. The choice of such an approach is not surprising, as
the assumptions used are very general. There is, however, no
responsible way to infer from such a conceptual possibility,
proven at the limit, to any finite real-life case in which expertise and diversity trade-off against each other, and choices
about optimal group composition have to be made. What is
needed for such inferences is a model template which allows
quantitative modeling of the diversity-ability trade-off, and the
factors on which it depends. What is arguably more persuasive
is Hong and Page’s agent-based ”computational experiment”
which is supposed to demonstrate that diversity can actually
beat ability.

Simulation study 1: Ringworld model
The simulation model in Hong and Page (2004) can be seen
as a simplified version of the binary string model summarized
above. We call the simplified model the ringworld model. It
differs from the original mainly in its problem structure. In
the ringworld model, agents conduct the search for optimal solutions in a one-dimensional landscape consisting of positions
1 . . . n on the number line, wrapped as a circle, with a value
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Figure 1: Above, an illustration of the original search space
in the ringworld model, wrapped as a circle, and below a
section of a similar landscape with the superimposed stairway
sequence (=stairway landscape, step set [5,12]).
function V assigning a value drawn from the uniform distribution [0, 100] to each of the 2000 positions (see upper part of
figure 1). Each agent employs a heuristic φ, now defined as
consisting of k different jumps of length 1 . . . l along the circle.
(For example, [1,5,11] and [3,4,12] are heuristics with parameters k = 3, l = 12.) An agent applies these jumps sequentially
along the landscape and moves to a new position if the payoff
associated with the new position is strictly larger than the current one. Group problem solving is implemented as a sequence
of individual searches by the agents in the group, in which
the next agent begins where the previous stopped. Group performance is defined as the expected value of the position at
which the group search stops (group’s local maximum). The
diversity-beats-ability result is demonstrated by comparing the
performance of a high-ability group, produced by selecting
the g individually best-performing agents in a tournament,
to a randomly drawn group of size g. With some parameter
values for k, l and g, a modest difference in favor of the random group emerges. For (n = 2000, l = 12, k = 3, g = 10), the
high-ability group scored 92.56 and the random group 94.53.
In our replication of the ringworld model we aimed at a
better understanding of the process driving the observed outcomes (Reijula & Kuorikoski, 2021). Our analysis indicates
that with the parameter values studied by Hong and Page
(above), in nearly half of the cases, the random group ends up
with a combined heuristic consisting of all the possible jumps,
and only 13% of the cases the random group was missing
more than two of the twelve possible heuristics. Consequently,
even if the set of heuristics employed by the high-ability group
was highly adaptive for the task at hand, the exhaustive search
conducted by the random group would still outperform it.
Furthermore, as Grim et al. (2019) also pointed out, the
purely random problem spaces studied by Hong and Page
are not hospitable to anything that could be meaningfully interpreted as “ability” or “expertise”. Heuristic search makes
sense only if the task has some structure or redundancy that
the heuristic can exploit (Kauffman & Levin, 1987; Kahneman & Klein, 2009). Hence, aggregated over several random
landscapes and starting positions, no significant performance

Figure 2: High-ability vs. random groups on a stairway landscape, step size 3. (k = 3, l = 12, n = 2000; 100 repetitions
over 100 landscapes)
differences are to be expected between different heuristics,
expert or not. Hence, the ”ability mechanism” simply does not
get any traction on the landscapes studied by Hong and Page,
and we conclude that the model cannot adequately capture the
trade-off between diversity and ability.
In Reijula & Kuorikoski, 2021, we modified the problem
structure in the ringworld model by superimposing an increasing payoff sequence on the random value function V
employed by Hong and Page (see lower part of figure 1).4
Depending on its complexity this stairway sequence can be
climbed by different combinations of heuristics available to
agents, and hence the difficulty of the problem can be parametrically manipulated. Figure 2 summarizes our findings. The
left panel presents the difference between the performance of
high-ability and random groups (positive values standing for
high-ability group advantage, and negative values for random
group advantage). The results indicate that with these parameter values, stairway landscapes generally favor the high-ability
groups.
The right panel provides a possible explanation for why the
performance difference shrinks as group size increases. By
the overlap between heuristics, or heuristic redundancy, we
refer to the number of duplicate jumps in an (group) agent’s
heuristic (e.g., [2,2,7] has redundancy 1). The figure presents
the difference between the redundancy in the high-ability and
the random group (value 0 meaning that the overlap of heuristics in both groups is the same). As group size grows from
1, the redundancy in the high-ability group increases more
than in the random group. This suggests that when the group
size is larger, random groups again begin to approach the full
heuristic, and can resort to exhaustive search. For this reason,
at group sizes larger than 10, random groups catch up, and
no significant performance difference is observed between
high-ability and random groups (left panel).
We argue that this tension between the ”ability mechanism” and the ”diversity mechanism” captures the trade-off
4 In the stairway model, we utilize V , value function scaled to the
n
unit interval [0,1].
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marginal added value (increase in epistemic payoff) of an
additional problem solver is not necessarily diminishing.6

Figure 3: High-ability-vs-random group performance differential on stairway landscapes (50 repetitions, each over 50
landscapes).
addressed by the diversity theorem. What happens, however,
when the level of ability or expertise required by the task
changes? Figure 3 illustrates what happens in tasks of different problem complexity, where complexity is measured
by step set size, the number of heuristic jumps needed for
climbing the stairway sequence. In the figure, group size is
represented on the horizontal axis, and step set size on the
vertical axis. The color represents the performance differential
between the high-ability group and the random group; lighter
shades standing for high-ability group advantage. A genuine
trade-off between diversity and ability can be seen. Observe
the contrast between the upper-left quadrant, where ability
dominates, and the lower-right, where random groups have
a slight advantage over the high-ability groups; ability dominates when group size and step set size (i.e. complexity) are
small, whereas diversity leads to better performance when the
group size and step set size are larger.

Simulation study 2: Binary string model
Despite Hong and Page’s model-switching, we also engaged
in an attempt to computationally replicate and expand their
findings by using the original binary string model (see section
Group problem solving as heuristic search above). Hong and
Page (2001) do not provide a computational implementation
of the binary string model, and in model construction, we utilized, mutantis mudandis, the assumptions made in Hong and
Page (2004): The payoff values of configurations are drawn
from U(0, 100), the coordination of group problem solving is
implemented as in the ringworld model, and the number of
heuristics possessed by each agent, k ∈ {3, 4} (results appear
robust across parameter values).5
The replicability of two results were of particular interest.
The first one, originally proved analytically in Hong and Page
(2001), reads as follows:
Arbitrary marginal product thesis. For a randomly selected
group of problem solvers, for group sizes larger than two, the
5 The source code used to generate the findings in this section can be viewed at https://osf.io/eypcq/?view only=
84bd3febfeca4010a6055e372197618b

This is an intuitive result which states that the order in
which diverse heuristics are applied matters to their contribution to the overall performance of search, and that increasing
diversity can be more beneficial than simply adding agents
with high individual ability. From an economists’ perspective,
this is a highly relevant result, as it distinguishes knowledge
intensive work from standard economic assumptions about
labor in general; it suggests that cognitive labor should not
be conceptualized as an ordinary factor of production. However, as Hong and Page acknowledge, such a possibility proof
fails to tell us anything about the conditions or the probability
of occurrence of an increasing marginal product of an added
problem solver.
Table 1: The probability of increasing marginal returns to an
added problem solver
2
0.16

3
0.23

4
0.19

5
0.17

6
0.15

7
0.13

8
0.12

We studied whether this result can be observed in our computational implementation of the binary string model. Table 1
presents the probability of the marginal product of an added
problem solver (k = 1) being larger than the marginal product of previous problem solver in the group, i.e. increasing
marginal returns occurring. Across group sizes 2-8, the probabilities are not trivially small. This suggests that the increasing
marginal returns phenomenon could be more than just a distant
conceptual possibility. However, as group size increases, the
probability of increasing marginal returns decreases. The arbitrary marginal product thesis is clearly important for the practical implications of the diversity-beats-ability claim, because
the counter-intuitive power of the diversity thesis rests on the
idea that it can be a good idea in team building to increase
diversity even at the cost of individual ability when no further
information about the relative value and mutual interaction
between individual sets of cognitive abilities is available: If
the manager already knew which additional heuristics would
be beneficial (and which not) in solving the problem at hand,
then increasing diversity per se would clearly be a sub-optimal
strategy. Yet our aggregate results suggest that such a general
recommendation cannot be directly drawn from the model,
as the marginal return of diversity does diminish on average
and that an investment on individual ability may thus always
remain a better option.
Our second target is the famous diversity-beats-ability result
already discussed in sections above. Applied to the binary
string model, we formulate the thesis as follows:
Diversity theorem (binary string model). For a given problem, randomly generated groups of agents outperform more
6 A detailed and rigorous presentation of this highly interesting
proof is omitted here for reasons of space. See Hong & Page, 2001.
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Figure 5: Single agent performance in the binary string model.
Score mean: 85.9 (N = 12, k = 4)

Figure 4: Random and high-ability groups in the binary string
model (N = 20, k = 3, 50 repetitions over 50 different value
functions.)
homogeneous groups of agents characterized by the individually best performing flipset heuristics.
Figure 4 summarizes our findings from a setting analogous
to the one in the ringworld model. The lower panel shows the
performance of high-ability and random groups of different
group sizes under the assumption that each trial begins from a
random point in the problem space, and the flipset heuristics
are not always applied in the same order. Under such conditions, no systematic difference emerges between high-ability
and randomly recruited groups. For comparison, the upper
panel indicates what happens when group search begins from
the same position in the landscape as individual search, and
heuristics are always applied in the same order. Under these
conditions, highly effective individual heuristics retain their
effectiveness in the high-ability group, and hence the effects of
a strong ”ability mechanism” are observed. The fact that the
pattern disappears when initial position and order of heuristics
are randomized reflects the fact that on random landscapes
with no redundant patterns, expertise fails to generalize to new
situations.
In sum, our simulations of the original binary string model
provide no evidence for the diversity theorem. The reasons for
this failure turn out be interesting. As in the ringworld, the
randomly generated multi-dimensional solution space of the binary string model fails to provide any signal which the heuristic search could detect; the problem task does not have any
structure or redundancy that expertise could exploit. Therefore, the expertise embodied in particular heuristics fails go

generalize. This is an issue that Hong and Page (2001, pp.149–
151) acknowledge, but it leads to two further questions: What
kinds of problem spaces (e.g., analogous to stairway landscapes in the ringworld model) would be more amenable to
heuristic search? And if the ”ability mechanism” in fact does
not function in the binary string model, why do we not see the
diverse groups outperforming the more homogeneous expert
groups in the lower panel of figure 4?
An answer to both these questions is suggested by an important disanalogy between the ringworld and the binary string
model. The portrayal of the core model features common to
both (see section Group problem solving as heuristic search)
gives rise to an intuition of a small set of heuristics resulting in meandering search paths in the solution space. In the
ringworld model, this can in fact happen. Yet a moment’s
reflection reveals that it does not occur at all in the binary
string model. Due to the binary nature of the problem space
and the implementation of heuristics as (xor) masks, the components of heuristic φ do not in fact mutually interact in a way
which could create true novelty in the search, i.e., open up
genuinely new areas of the solution space. For example, the
iterative application of heuristic jumps A, B, and A results in
the agent ending up in the point reached by a single application B alone (as the second application of A simply cancels its
original effect). It is thus easy to show that the total size of
the neighbourhood reachable from a point xi with k distinct
heuristics is simply the number of all possible subsets of a
set with k elements, namely 2k . Likewise, the maximum path
length (for paths not ending up in the starting position) in the
solution space is 2k − 1.
For example, independently from the dimensionality of the
problem and cardinality of the set of solutions in the space, an
agent A with 4 heuristics can reach 16 distinct positions, and
the length of its longest search path is 7 steps. Flipset-based
search thus limits a (group) agent to a very small portion of
the total solution space of size 2N .
This perhaps unexpected short reach of flipset-based search
can be observed in figure 5. The vertical axis on the right side
of the figure indicates the number of successful applications of
a flipset heuristic in the course of one iteration of search: the
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maximum number of jumps is 4. The blue bars represent the
final payoff from search, and with these parameter values, the
mean score is roughly 86 points. In other words, on average,
modest search distance (≤ 4 jumps) already leads to relatively
good payoffs. This is to be expected. Bearing in mind that
the epistemic values of positions in the solution space are
drawn from Z ∼ U(0, 100), a useful baseline for search performance can be obtained by calculating the expected value
of the maximum value from k independent draws from such a
distribution.
100
k+1
According this baseline, an exhaustive search of the 16 positions reachable from agent A’s position gives an expected
epistemic value of 94.4. The fact that the average performance
of the agent in figure 5 falls somewhat short of this baseline is
due to it occasionally getting stuck in a local maxima within its
own 16-solution search space. This explains why the diversity
effect does not lead to a noticeable performance increase in
the binary string model: Increasing diversity by having an
additional non-duplicate flipset heuristic available does not
unlock whole new sections of the search space. Instead, it
has only a marginal effect on the number of solutions reachable from a given location. This suggests that while it may
still be possible to model cognitive diversity using the binary
string approach, the flipset-heuristics implementation must be
replaced by a less problematic alternative (see, for example,
Marengo & Dosi, 2005).
E[max(Z1 , . . . , Zk )] = 100 −

Discussion
The pioneering research done by Hong and Page has given rise
to both theoretically and practically important discussions on
the role of cognitive diversity in group problem solving. The
phenomenon of group problem solving has proved notoriously
difficulty to model, and the binary string model satisfies many
of the desiderata of such a modeling approach. That said, our
exploration of the two model templates employed by Hong
and Page revealed significant representational shortcomings
and interesting differences between the two models.
Although intuitively less appealing as a model of cognitive
diversity, the one-dimensional ringworld model does capture
the power of diversity in that the search paths of groups with
multiple different heuristics are longer and reach a broader
neighborhood than more homogeneous expert groups. The
main problem with the ringworld model is that the random
landscape does not provide any signal for the experts to exploit,
and thus does not adequately represent the ability side of the
trade-off. This problem and a solution we described in Reijula
and Kuorikoski (2021).
The binary string model, which appeared to nicely capture
many salient features of cognitive diversity and group problem
solving, in fact fails to adequately represent both diversity as
well as ability: as in the one-dimensional case, the random
landscape fails to provide any structure that heuristic search
could utilize. Furthermore, the implementation of heuristic

search through flipset heuristics leads to subtle but, in our view,
insurmountable challenges to the whole model in its current
form.
It should be noted, however, that the challenges faced by
Hong and Page’s approach do not call into question all models
employing the multidimensional binary search space approach.
For example, the problem of stunted path lengths does not arise
in models combining NK-landscapes with local ’one-bit-mask’
search (e.g., Lazer & Friedman, 2007; Yahosseini & Moussaı̈d,
2020).
Our main result concerns the diversity-beats-ability theorem. This striking claim about the power of cognitive diversity
is highly influential within and outside academia, from democratic theory to management of teams in professional organizations. Our results show that the model-based arguments by
Hong and Page for this claim are unsound. The analytical theorems establish only highly abstract proofs of possibility, from
which nothing about the probability or conditions for diversity
actually beating ability in the real world can be responsibly
inferred. The computational experiment in Hong and Page
(2004) showing a minute advantage in favor of diversity is
demonstrated by using a model template which cannot adequately represent individual expertise. Moreover, the template
is different from the original multi-dimensional model which
is used to tie the relatively abstract models to salient intuitions
about distributed and heuristic problem solving. When the
question of diversity-vs-ability is computationally formulated
in the original model, no systematic effect is observed. Diversity may well beat ability in many contexts of collaborative
problem solving, but establishing this requires better models
and preferably empirical experiments.
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Abstract
Research in event cognition has focused on how people perceive
and remember events under experimental conditions. This
research study aims to explore the temporal duration of
self-reported events from daily life (Sreekumar, et al., 2018;
Zhuang, et al., 2012). The small amount of prior work that
exists suggests that daily event durations have a Gaussian
distribution and that people have prior beliefs that reflect this
reality (Griffiths & Tenenbaum, 2006). Forty-eight participants
provided activity duration data as they went about their
everyday lives for 14 days. Descriptive analyses and activity
duration modeling (mixture models of gaussian, gamma, normal
and exponential distributions) were used to characterize event
durations within activity types. Results show that most of the
events present an exponential pattern of durations, while others
show a bimodal pattern. Although some preplanned events have
a characteristic time, many daily events have a substantial
exponential component.
Keywords: Event duration; Smartphone data; Sampling
methods; Cognition.

Introduction
Events occur all around us in a constant swirl of activity and
yet we think and talk about them as discrete units. These event
segmentations are the building blocks of our understanding of
what is happening, our memories of what happened, and our
plans for the future (Zacks & Tversky, 2001). While the
formation of these conceptual event units is influenced by
external reality, it is a cognitive process and depends on how
people segment the stream of experience. Or in the words of
Schwartz (2008:54), "Events are not simply out there and
ready-made, waiting to be seen, recognized, or described; they
are what we make of them".

In this paper, we investigate the duration of conceptual
event units. Events can span wide temporal scales from the
formation of star systems through to the hit of a tennis ball
against a glass window. However, almost all event
segmentation research has been carried out at the scale of
seconds to minutes. This restriction is largely due to the
methodological constraints of lab-based experimental
research. How long are the events which people create as they
go about their daily lives and how are these durations
distributed?
There has been very little research on event durations.
Griffiths & Tenenbaum (2006) asked individuals to make
predictions about numeric quantities of everyday phenomena,
of which two were of daily routines: baking a cake and
watching a movie. They inferred participants' prior beliefs
about the distribution of the numeric quantities using a
Bayesian model. Participants were given a reference time
point, and asked to estimate how long it would continue. They
found that people’s beliefs about these event durations were
Gaussian.
A second study on daily events by Lewandowsky, Griffiths
& Kalish (2009) also asked people to predict outcomes of two
everyday events: cake baking and movie watching. They used
a within-subject version of the prediction task and iterated
learning. Also, they analyzed the individual level and not the
aggregate level. Their responses were consistent with Griffiths
& Tenenbaum (2006); the two events, cake baking and movie
watching, presented Gaussian distributions. However, these
studies considered only two types of events, both of which are
likely to have clearly defined expectations of duration and
end-point.
Zhuang et al. (2012) used a lifelogging device and sensors
to measure daily activities, not only for seconds or minutes but
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also for hours and days. They asked participants to wear an
Android phone to capture GPS location, audio, and capture
images while participants performed their daily activities.
Participants collected daily events through their smartphones
for four weeks. They were also asked to segment their images
into different events and then tag each episode with a set of
tags. Using data from Zhuang et al. (2012), we plotted the
distribution of event durations. The results showed that
duration did not have a Gaussian distribution; indeed, it seems
they have a skewed distribution (see Figure 1 and Figure 2).

Method
Participants
A group of 48 participants over the age of 18 were recruited
from
the
Unforgettable
Research
Services
pool
(www.unforgettable.me) and Facebook student groups.
Unforgettable.me is an experience-sampling platform that
allows users to collect and analyze private data from
participants’ daily lives without viewing it (Dennis, Yim,
Garrett, Sreekumar, & Stone, 2019).
Participants were compensated between $60.75 and $97.50
AUD depending on how many surveys were completed. Due
to a lack of Wi-Fi, five of the participants were excluded; three
of them withdrew, and one participant was excluded because
their phone was not compatible with the study requirements.
The final sample included forty participants (28 females, 12
males, mean age = 30.4). All participants gave written
informed consent.

Materials
Figure 1: Daily activity distribution from Zhuang et al. (2012)
study.

Figure 2: Event distribution histogram on a log scale from
Zhuang et al. (2012) study.
None of these studies were primarily aimed to investigate
event duration and they all have clear limitations when
reexamined for this purpose. Griffiths & Tenenbaum (2006)
and Lewandowsky, Griffiths & Kalish (2009) found a
consistent Gaussian distribution, but this was only with two
specific types of events. Zhuang et al. (2012) included a broad
range of everyday events and found a skewed distribution.
However, as there was no breakdown by event types, it is
possible that the skewed pattern is a consequence of
combining events of many types, each of which has its own
distribution. In this paper, we aim to explore the temporal
duration of self-reported daily events using contemporary
sampling methods and differentiating event type categories.

Participants received microsurveys as they went about their
normal lives. Each survey asked four questions about the
immediately preceding event: When did the event start?; What
sort of event was it?; Where was the event located?; Who did
you do the event with? Participants were instructed to fill out
the survey when they had finished what they were doing and
to answer the survey in relation to the immediately preceding
event. The time of the survey was thus taken to be the end
time of the event and the event duration was calculated as the
difference between this survey time and the participant
provided start time.
The Activity type, Location, and People questions required
multiple choice responses with options based on Sreekumar et
al. (2018). There were 15 subcategories of Activity type, 17
for Location, and 10 for People, listed in Table 1. Each
question included an “other” response option which allowed
participants to enter a free text description. Order of options
was randomized in each survey. Participants could select
more than one option for the Activity and People categories.
However, for the Location category, they could only select one
option. For this study, we only considered and analyzed the
activity category.
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Table 1: Events segmentation survey categories.
Categories
Events
(15)

People
(10)

Places
(17)

second model that we explored was an exponential
distribution, which we chose to capture the skewed pattern
found in the Sreekumar et. al (2018) data. One conceptual
peculiarity of choosing an exponential model is that it assumes
that the most probable event duration is 0. To allow for a non
zero mode, we also included the gamma distribution. Finally,
we also included mixture models of the exponential and
normal and exponential and gamma distribution as some
categories (e.g. sleep) had distributions that seemed to have
both a standard time as well as a skewed component.

Tags
- Watching movies/TV/listening to a
concert/other performance
- Exercising/playing sport/
dancing/walking/running
- Reading/writing
- Eating/drinking
- Work (studying, working at a desk)
- Other non-desk work (e.g. bar-tending,
paramedic, carpenter, vendor)
- Meeting/talking/chatting/discussing
- Chores (cooking, cleaning, laundry)
- Transiting (drive/fly/bus/taxi, other
vehicles)
- Shopping
- Using social media
- Praying/meditating
- Sleeping/napping
- Personal grooming/hygiene (e.g.
brushing teeth, showering, doing hair)
- Other activity

For each type, we fit five models as follows:
Normal:
𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛[𝑖] ~ 𝑁𝑜𝑟𝑚( µ, σ)
µ ~𝑁𝑜𝑟𝑚(400)
σ ~𝑁𝑜𝑟𝑚(100)
Exponential:
𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛[𝑖] ~ 𝐸𝑥𝑝(λ)
λ ~ 𝐸𝑥𝑝(1)
Gamma:
𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛[𝑖] ~ 𝐺𝑎𝑚𝑚𝑎(α, β)
α ~ 𝐸𝑥𝑝(2)
β ~ 𝐺𝑎𝑚𝑚𝑎(1, 0)

Alone, Family, Friends, Colleagues,
Classmates, Pet(s), Strangers, Crowd,
Partner, Other

Exponential Normal Mixture:
𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛[𝑖] ~ 𝐸𝑥𝑝𝑁𝑜𝑟𝑚𝑎𝑙(λ, µ, σ, 𝑚𝑖𝑥)
λ ~ 𝐸𝑥𝑝(1)
µ ~𝐸𝑥𝑝(400)
σ ~𝐸𝑥𝑝(100)
𝑚𝑖𝑥 ~ 𝑈𝑛𝑖𝑓𝑜𝑟𝑚(0, 5)

Home, Work, Store, Library, Park,
Restaurant/café, Office, Gymnasium,
Garden, Church, Beach, School, Farm,
Sports field, Street, In transport
(car/airplane/ship/truck and rail), Other
places.

Procedure
Participants were prompted to fill out the survey using an
ecological momentary assessment (EMA) application called
SEMA3 (Koval, Hinton, Dozo, Gleeson, Alvarez, Harrison, &
Sinnott,
2019).
Seven survey notifications were
semi-randomly distributed between 8:00am and 8:00pm each
day for 14 consecutive days. On average, survey notifications
were separated from each other by 2 hours. Following the
notification, participants had around 80 minutes to complete
each survey. Compliance was high: overall, participants
responded to 91.45% of the surveys (M=8,963 surveys, SD =
13).

Gamma Normal Mixture:
𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛[𝑖] ~ 𝐺𝑎𝑚𝑚𝑎𝑁𝑜𝑟𝑚𝑎𝑙(α, β, µ, σ, 𝑚𝑖𝑥)
α ~ 𝐸𝑥𝑝(2)
β ~ 𝐺𝑎𝑚𝑚𝑎(1, 0)
µ ~𝐸𝑥𝑝(400)
σ ~𝐸𝑥𝑝(100)
𝑚𝑖𝑥 ~ 𝑈𝑛𝑖𝑓𝑜𝑟𝑚(0, 5)
The estimation was conducted in nimble R version 0.12.1
(Nimble, 2021). For each model, 11000 MCMC samples were
taken. The first 1000 were discarded. The widely applicable
information criterion (WAIC) was used to select the best
model (Watanabe, 2013).

Results

Data analysis
Activity duration modeling was used to identify the
distribution of event durations within activity types. The
present study considered five different models; the first one is
the Gaussian model which was included based on the in which
there is evidence that people believe that daily events have a
normal distribution (Griffiths & Tenenbaum, 2006). The

Table 2 shows the WAICs for each model for each activity.
Bolded results indicate the best fitting model. When the
differences between models were less than five we have
bolded all results as the data does not clearly distinguish them
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Table 2: WAIC score for four distribution models.
WAIC
Normal Model

Exponential Model

Gamma Model

Exponential
Normal Mixture
Model
22577
2191

Gamma Normal
Mixture Model

All Data
25810
22797
22775
22564
Watching movies/TV /
2546
2223
2222
2210
listening to a concert
Using social media
2646
2314
2317
2299
2304
Sleeping/napping
1864
1672
1666
1631
1639
Eating/drinking
5073
3983
3986
3973
3974
Work (studying,
7078
5271
5273
5253
5252
working)
Meeting/talking/ chatting
4463
3372
3375
3358
3360
Chores
1742
1428
1433
1389
1391
Personal
1280
1161
1167
1163
1169
grooming/hygiene
Exercising/play sport
1129
1024
1029
1026
1031
Reading/writing
731
690
695
692
704
Transiting
1726
1642
1644
1645
1648
Shopping
877
770
774
769
778
Other non-desk work
767
690
691
693
693
Note: We decided to exclude two events in the analysis process: 'Praying/meditating' due to lack of data and 'Other activity'
because it included qualitative data.
Table 3: Parameters of mixed models
Exponential Normal Mixture Model
SD

σ

SD

mix

SD

σ

SD

mix

0.017 <.001 449.4

27.7

174.6

16.7

0.953 0.006 1.106 0.033 0.019 0.001 436.9

25.9

176.1

15.2

0.949 0.007

0.018 0.002 436.8

61.9

163.5

45.8

0.926 0.023 0.740 0.154 0.008 0.004 145.5 182.7

53.1

62.0

0.732 0.139

Using social media 0.019 0.002 409.6 102.6 175.8

87.3

0.965 0.017 0.975 0.091 0.016 0.002 420.6 129.3 189.5 157.3 0.970 0.020

Sleeping/napping

0.016 0.002 420.6

18.0

0.739 0.041 0.837 0.109 0.009 0.002 434.4

Eating/drinking

0.020 0.001 447.5 231.4 429.2 362.0 0.990 0.006 1.031 0.065 0.020 0.002 453.6 227.5 438.6 364.3 0.991 0.006

Work (studying,
working at a desk)

0.013 0.001 516.0

Meeting/talking

0.016 0.001 500.7 194.5 344.3 303.7 0.980 0.012 1.015 0.076 0.016 0.002 509.7 206.3 341.5 245.8 0.982 0.011

Chores

0.025 0.002 539.3 222.2 388.3 297.6 0.970 0.015 1.045 0.106 0.022 0.003 568.1 214.0 353.8 256.0 0.971 0.015

Personal
grooming/hygiene

0.019 0.002 266.5 258.0 523.0 862.5 0.963 0.043 0.862 0.101 0.013 0.002 314.2 349.9 782.1

λ
All Data
Watching
movies/TV/
listening to a
concert

Exercising/play
sport
Reading/Writing
Transiting
Shopping
Other non-desk
work

SD

Gamma Normal Mixture Model

µ

22.7

79.6

106.1

175.5

58.8

SD

α

SD

β

SD

µ

0.966 0.013 1.074 0.071 0.013 0.001 514.3

22.7

81.0

91.9

175.3

21.1

66.0

1133

SD

0.791 0.050

0.965 0.013

0.979 0.031

0.017 0.002 311.4 313.0 639.7 826.5 0.973 0.033 0.818 0.105 0.012 0.002 319.7 363.3 716.1 900.1 0.967 0.054
0.017 0.002 276.9 316.2 639.3 814.0 0.943 0.087 0.598 0.180 0.006 0.003 59.3 11.4 33.8 11.4 0.454 0.211
0.018 0.002 215.5 282.5 412.1 617.3 0.930 0.096 0.970 0.139 0.016 0.003 173.0 252.5 282.5 467.2 0.886 0.129
49.4 5.6
0.018 0.002 373.2 291.0 595.8 655.2 0.964 0.043 0.579 0.235 0.003 0.002
31.5 5.373 0.193 0.137
0.007 0.002 476.5 303.6

611.0 737.5 0.921 0.064 0.739 0.121 0.004 0.001 378.7 366.7 653.6 801.6 0.945 0.063

1873

The best fit for the data aggregated across all event types
was provided by the gamma normal mixture model.
However, this was not a clearly dominant pattern for any of
the individual event type categories.
The exponential normal mixture model was either the
preferred model (three event types) or one of the preferred
models (12 event types) for all event type categories. An
example of this pattern can be seen with the sleeping and
napping events. Figure 3 shows the histogram of duration
values with the line showing the fit of the exponential
normal mixture model. There are two clear components: an
exponential in the left part of the graph and a normal around
a duration of approximately 7 hours towards the right. These
two components likely correspond to naps and overnight
sleeps respectively, two subtypes which are likely to have
distinct temporal structures.

Figure 4: Histogram of the durations of working and
studying events measured in minutes. The black line is the
fit of the gamma normal mixture model with the mean
parameter.
In reality, it is highly unlikely for events to actually have
zero durations, so the gamma model is theoretically more
motivated. However, the difference between an exponential
model and a gamma model with an alpha value near 1 are
difficult to discriminate and this seems to have led to
widespread indiscriminability between the exponential and
gamma models across many of our event types, see Table 3
for model parameters.
A simple skewed model was among the preferred models
for eight of the event type categories: grooming, exercising,
reading/writing, transiting, shopping, praying/meditating,
other non-desk work, and other. While it was not possible to
discriminate between the simple skewed model and the
exponential normal mixed model in these cases, the normal
component was relatively flat. This can be seen in figure 5
showing the exponential normal mixture model for
exercising (figure 5A) and grooming (figure 5B). See also
the model parameters in Table 3.

Figure 3: Histogram of the durations of sleeping and
napping events measured in minutes. The black line is the fit
of the exponential normal mixture model with the mean
parameter.
In five cases, the mixture models were preferred over the
exponential, normal or gamma models, but there was no
clear discrimination between the mixture models. An
example of the fit of a gamma normal mixture model can be
seen for the working and studying event category in figure
4.
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Figure 5: These density histograms for duration measured in
minutes illustrate the exponential normal mixture model.
The black line is the fit of the model with the mean
parameter. Figure 5A shows the event distribution of
exercising/playing a sport, and 5B represents grooming.

categories are still too coarse, containing many subtypes
each consisting of different distributions. It could also be
due to a real difference in event properties: where planned
events with well-defined durations independent of the
observer show a normal distribution and unplanned,
sporadic events show a more exponential distribution. The
truth likely lies in a combination of these factors. This is
well-illustrated with our sleeping and napping category.
Here we do indeed see two distinct subtypes, and one of
them (sleeping) is well-fit by a normal distribution.
However, the napping events have a skewed distribution and
do not seem likely to resolve into distinct subtypes of
normally distributed event durations. Instead, it seems that
the duration of a nap can vary but is skewed towards shorter
durations.
Additionally, to assume that the duration of events can
only fit in Gaussian or exponential distribution models is to
assume a dichotomic posture. Our study found that events
are dynamic, so event durations not only have an
exponential distribution; some of them fit the mixture of
exponential plus normal model and the mixture gamma plus
normal model. These findings are significant because when
events are divided into different types, we see that some
events have a normal distribution, which could be because
they are part of planned events such as baking a cake.
Alternatively, many events are very brief and their durations
have a skewed distribution, for instance chatting. This
variation likely occurs within the real-life tokens of many
event categories, even ones with well-defined expected
durations.
What is clear is that when one examines real life events at
the scale of minutes and hours, there is substantial
heterogeneity. Existing models of event segmentation (e.g.
Franklin, Norman, Ranganath, Zacks, & Gershman, 2019)
will require extension to capture the range of events that
people commonly perceive.
To conclude, we have found that people regularly segment
their daily lives into events ranging from seconds through to
hours. All of the event type categories we examined showed
a substantial exponential component suggesting that many
daily events do not have a particular characteristic duration.

Conclusion
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various forms of popular media (Ladle, Jepson, &
Whittaker, 2005).
Beyond blogs and opinion columns, one form of
communication relevant to beliefs about climate
change involves the digital artifacts known as memes
that now pervade the internet (Davidson, 2012).
Memes can communicate social and political beliefs
(Hakoköngäs, Halmesvaara, & Sakki, 2020), thereby
playing a role in formation of collective identity and in
promoting cultural cohesion (Gal, Shifman, & Kampf,
2016; Leach & Allen, 2017), and influencing political
movements (Milner, 2013; Ross & Rivers, 2017).
Huntington (2020) demonstrated that motivated
reasoning impacts the appraisal of political memes,
such that greater agreement with the message is
associated with less scrutiny and greater perceived
message effectiveness. Wong and Holyoak (2021)
found that the political congruity of a meme impacts
people’s judgments of the meme’s aptness, ultimately
affecting their willingness to share it with their social
network.
Though there is general agreement that memes serve
social functions, it is unclear whether they can
influence beliefs for those who have strong preexisting
positions, as is likely to be the case for climate change. .
The possibility of such influence is consistent with the
view that memes constitute a form of visual metaphor
(Milner, 2016; Piata, 2016; Shifman, 2013). Verbal
metaphors have been shown to be effective in
promoting conceptual change and development,
perhaps because they elicit emotional responses
(Pollio, Smith, & Pollio, 1990). Lakoff and his
colleagues (1995, 1996, 2002; Lakoff & Johnson,
1980) have argued that metaphor is a useful tool that
people use to understand abstract topics, including
political issues, by relating them to more concrete and
familiar experiences.
Empirical research has provided some support for
the persuasive power of metaphors. For example,
framing a hypothetical crime scenario in terms of
either a virus or beast metaphor differentially impacts
people’s proposed solutions to the crime problem
(Thibodeau & Boroditsky, 2011, 2013). Verbal
metaphors have also been shown to impact people’s

Abstract
Public opinion polls have shown that beliefs
about climate change have become increasingly
polarized in the United States. A popular
contemporary form of communication relevant to
beliefs about climate change involves digital
artifacts known as memes. The present study
investigated whether memes can influence the
assessment of scientific data about climate change,
and whether their impact differs between political
liberals and conservatives in the United States. In
Study 1, we considered three hypotheses about
the potential impact of memes on strongly-held
politicized beliefs: 1) memes fundamentally serve
social functions, and do not actually impact
cognitive assessments of objective information; 2)
politically incongruent memes will have a
“backfire” effect; and 3) memes can indeed
change assessments of scientific data about
climate change, even for people with strong
entering beliefs. We found evidence in support of
the hypothesis that memes have the potential to
change assessments of scientific information
about climate change. Study 2 explored whether
different partisan pages that post climate change
memes elicit different emotions from their
audiences, as well as how climate change is
discussed in different ways by those at opposite
ends of the political spectrum.
Keywords: climate change, memes, metaphor,
politics, beliefs, topic models

Introduction
Public opinion polls have shown that beliefs about
climate change have become increasingly polarized in
the United States. Websites discrediting the relevant
science convey misinformation to an audience
predisposed to believe the attacks and electronically
spread them further (Hamilton, 2011), resulting in an
ongoing struggle between climate scientists and
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beliefs about climate change (Flushberg, Matlock, &
Thibodeau, 2017; Thibodeau, Frantz, & Berretta,
2017). Recent work has shown that memes, which
perhaps act as visual metaphors, are effective in
changing beliefs about the morality of eating meat
(Horne, Rottman, & Lawrence, 2021).
In this paper, we explore two approaches to
investigating how memes achieve their functions.
Study 1 investigated whether memes can influence the
assessment of scientific data about climate change,
and whether their impact differs between political
liberals in the United States (who generally believe in
anthropogenic climate change) and political
conservatives (who are generally very skeptical that
the phenomenon exists). We considered three
plausible hypotheses about the potential impact of
memes on strongly-held politicized beliefs. One
hypothesis is that memes fundamentally serve social
functions such as enhancing group identity, and do not
actually impact cognitive assessments of objective
information. A second is that incongruent memes (e.g.,
a liberal meme viewed by a political conservative) will
have a “backfire” effect, reinforcing (rather than
countering) the person’s preexisting beliefs and
attitudes (Nyhan & Reifler, 2010). There is some
evidence that efforts to correct misconceptions about
climate change can result in backfiring (Lewandowsky,
Ecker, Seifert, Schwarz, & Cook, 2012; Sanna,
Schwarz, & Stocker, 2002). The third hypothesis is
that memes can indeed change assessments of
scientific data about climate change, even for people
with strong entering beliefs. This possibility is
consistent with findings regarding the persuasive
power of metaphors (Thibodeau & Boroditsky, 2011,
2013) and memes (Horne et al., 2021) for other
politically-charged issues.
Study 2 focused specifically on the emotional
component of memes that circulate on the internet.
Memes surveyed in the second study were not
necessarily metaphorical, but served to elicit different
emotions as measured by Facebook reactions. It has
been suggested that attitudes based in emotions are
more stable over time (Rocklage & Luttrell, 2021),
which seems particularly relevant to climate change
beliefs. Attitudes based on emotions may be more
stable because emotions make attitudes more
accessible (Rocklage & Fazio, 2018). Study 2
investigated the naturalistic functions of memes, by
taking advantage of the large amounts of data on
climate change memes, and modeling the different

emotional reactions elicited by memes posted to
political liberal and conservative Facebook pages, as
well as how climate change is discussed across
divergent political positions.

1

were actually run. Two information-evaluation
questions were added in the executed study. All else
remained the same as in the preregistered description.

Study 1
Method
Study 1 was preregistered on the Open Science
Framework
on
September
8,
2020
https://osf.io/w8qau/). The design was a 2 (political
orientation: conservative, liberal) x 3 (meme:
conservative, liberal, and neutral) between-subjects
design.1
Participants Participants were 493 Amazon
Mechanical Turk (MTurk) workers located in the
United States (55% male) who were between 19 and
74 years of age (M = 36.14, SD = 11.11). American
conservatives (N = 229) and liberals (N = 264) were
recruited using the MTurk filters for political
orientation. Political orientation was determined by
self-report in our survey; if a self-report was not
provided, MTurk’s classification was used instead.
Libertarians and independents were not recruited for
the study. The sample size was determined by an a
priori power analysis. To detect an effect size of 0.2
between the two experimental conditions of interest
(politically congruent vs. incongruent memes) for
conservatives and liberals separately, at 80% power,
and with a 5% false alarm rate, we required a
minimum of 63 participants of each political
orientation in each of the three conditions (with the
third condition being the neutral-meme control).
A total of 240 liberals and 280 conservatives were
recruited from MTurk; more conservatives were
recruited because the MTurk filter tends to be less
accurate for that political grouping. A total of 547
responses were recorded on Qualtrics, 10 of which
were bots, and 44 of which were missing data for the
main dependent measure. The 10 bots and 44 missing
responses were excluded, leaving 493 usable
responses. Participants received a $3 compensation for
participation in the study, which took about 20 minutes
to complete. The study was approved by the
Institutional Review Board for the University of
California, Los Angeles.
Materials and Procedure Five conservative-leaning
memes were collected from the Imgflip page

The executed study did not include an additional
variable (presence versus absence of climate-related
data) that had been part of the preregistered design.
Only conditions that included presentation of data
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@politics (on August 18, 2020), five liberal-leaning
memes were collected from the Instagram page
@climemechange (on August 19, 2020), and five
neutral memes were collected from the Instagram page
@memes (on August 19, 2020).2 Memes were chosen
based on popularity (number of likes for Instagram,
and number of views for Imgflip). We selected memes
that had an image with corresponding text; the top five
most recent memes that met these criteria were
selected. Figure 1 depicts an example meme from each
of the three sets.
Each participant was randomly assigned to view one
of the three sets of five memes (either the conservative,
liberal, or neutral set), and provided Likert-scale
ratings for each meme in response to eight questions
used previously by Wong and Holyoak (2021, Study
2). These questions assessed perceived humor,
familiarity with the meme, relatability of the meme,
aptness, comprehension, surprisingness of the
captions, agreement with the message, and willingness
to share. Exact questions are registered on OSF
https://osf.io/jpwhx/)

trust the information above?” Response options
ranged from 1 (Do not trust at all) to 4 (Entirely trust).
(3) In order to gauge a participant’s belief in the
information, they were asked, “How much do you
believe the information above?” Response options
ranged from 1 (Do not believe at all) to 4 (Entirely
believe).
(4) In order to gauge a participant’s trust in the
source of the information above (i.e., NASA), they
were asked, “How much do you trust the source
(NASA) of the information above?” Response options
ranged from 1 (Do not trust at all) to 4 (Entirely trust).
Finally, participants were asked to complete the 12item Social and Economics Conservatism Scale
(SECS) (Everett, 2013). Participants were also asked
to provide their self-described political orientation,
with the following response options: Extremely
Conservative, Moderately Conservative, Moderately
Liberal, and Extremely Liberal.

Results
Political conservatives scored higher (M = 65.96) on
the SECS than political liberals (M = 49.88), t(490) =
10.28, d = 0.93, p < .001. Table 1 provides the
correlations among ratings for the four questions.
Because the results were qualitatively the same for
each of the four information-evaluation items, the
primary dependent measure was the average of the
ratings from the four information-evaluation questions.
Figure 2 depicts participants’ average informationevaluation scores across political orientations and
meme conditions. A two-way ANOVA revealed an
overall main effect of political orientation, F(1, 487) =
96.86, 𝜂!" = 0.17, p < .001, with mean ratings lower for
conservative than for liberal participants (2.94 vs.
3.46). The differences among meme conditions were
also reliable, F(2, 487) = 5.15, 𝜂!" = 0.02, p = .006,
and the two variables did not interact, F(2, 547) = 0.57,
𝜂!" = 0.002, p = .57. Planned contrasts showed that for
conservatives, viewing a set of conservative memes
led to lower overall ratings on the informationevaluation questions than did viewing a set of liberal
memes, b = -0.319, t(487) = 3.21, d = 0.53, p = .001.
For liberals as well, viewing conservative memes
led to lower overall ratings than did viewing liberal
memes, b = -0.18, t(487) = 2.01, d = 0.30, p = 0.045.
The size of the difference between information ratings
after viewing conservative versus liberal memes did
not differ reliably between conservative and liberal
participants, F(2, 487) = 0.57, 𝜂!" = 0.002, p = .57.
Thus regardless of political orientation, viewing

Figure 1: Examples of conservative (left), liberal
(middle), and neutral (right) memes used in Study 1.
After viewing and rating the set of memes,
participants were presented with an excerpt from
NASA’s climate change website. This excerpt
described the impact of excess levels of carbon
dioxide on Earth’s climate, accompanied by a graph of
the increasing levels of carbon dioxide from 800,000
years ago to 1950 (materials pre-registered on OSF:
(https://osf.io/w8qau/). Participants were then asked
four questions with respect to the presented climatechange materials. To avoid potential demand
characteristics, ratings were only obtained after the
intervention. The questions were:
(1) In order to gauge a participant’s judgment of
how objective the information was, they were asked,
“How objective is the information above?” Response
options ranged from 1 (Not at all objective) to 4
(Entirely objective).
(2) In order to gauge a participant’s trust in the
information, they were asked, “How much do you
2

Conservative memes were taken from Imgflip
because no politically conservative pages were found
on Instagram.
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conservative memes, relative to liberal memes,
negatively impacted information-evaluation ratings.
Collapsing across conservative and liberal memes,
information ratings did not differ between political and
neutral memes either for conservatives, b = -0.03,
t(489) = 0.34 , d = 0.05, p = .73, or for liberals, b = 0.04, t(489) = 0.528, d = 0.07, p = .60.

congruity on core evaluations of the memes. For these
analyses, conservative memes viewed by conservative
participants, and liberal memes viewed by liberal
participants, were coded as congruent; cases where
memes conflicted with participants’ political views
were coded as incongruent. A multivariate analysis of
variance (MANOVA) was conducted, in which the
outcome variable was the sum of participants’ average
ratings on scales for aptness, agreement, relatability,
humor and comprehensibility across the five memes.
Figure 3 displays the average ratings across different
levels of congruity. For each scale, ratings were higher
for congruent than incongruent memes. Political
congruence significantly predicted this composite
outcome, F(5, 323) = 12.42, 𝜂!" = 0.16, p < .001. In
addition, individual ANOVAs showed that political
congruence predicted average rated aptness, F(1, 327)
= 16.73, 𝜂!" = 0.05, p < .001, average rated agreement
with the message, F(1, 327) = 44.38, 𝜂!" = 0.12, p
< .001, average rated relatability, F(1, 327) = 15.98,
𝜂!" = 0.05, p < .001, and average rated humor, F(1, 327)
= 4.42, 𝜂!" = 0.01, p = .036. The effect on average rated
comprehension fell short of statistical reliability, 𝜂!" =
0.01, p = .067.

Table 1: Pearson’s Correlations Among Ratings of the
Four Information-evaluation Items. All correlations
were significant, p's < .001.

Mean Information-Evaluation Rating

Trust Info.
Believe
Trust Source
3.5

Conservative

Objective
.467
.545
.394
Liberal

Trust Info.

Believe

.682
.661

.612

Neutral

3.3

3.1

2.9

2.7

Study 2

2.5

Method

Conservative
Liberal
Participants' Political Orientations

Study 2 was a naturalistic study of the impact of
political position on the use of memes, based on
analyzes of data concerning Facebook memes. Study
2 included memes that did not appear metaphorical
(unlike those used in Study 1), but simply consisted of
an image with text (see Figure 4 for an example). The
primary aim was to explore the different emotions
elicited by memes from liberal and conservative
webpages, and to compare the nature of discussions of
a shared topic (climate change) in liberal and
conservative pages.

Figure 2: Mean information-evaluation ratings across
political orientations (conservative and liberal) and
meme type (conservative, liberal, and neutral) in Study
1. Error bars indicate +/- 1 standard error.

Figure 3: Average ratings of aptness, agreement,
relatability, humor, and comprehension across five
memes, between politically congruent and
incongruent conditions in Study 1. Error bars represent
+/- 1 standard error.
Figure 4: An example of a post that constitutes a meme
for the purposes of Study 2.

Relationships Among Ratings of Memes For the
political memes, we assessed the impact of political
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Data The data were obtained through the Facebook
API CrowdTangle, which includes information on
over 20,000 memes on the topic of climate change
posted to Facebook. From that large data set, we
utilized the following variables in our models: the
name of the page that posted the meme, number of
likes, number of comments, number of shares,
number of other reactions from a menu of choices
(love, wow, laugh, sad, angry and care), text within
the meme, and the total number of interactions (sum
of the number of reactions, comments, and shares). For
the political-leaning variable, an undergraduate
research assistant hand-coded the political leaning of
the posting page. Study 2 study analyzed data from the
top 1,000 memes with the greatest number of total
interactions. Because we were interested in partisan
differences, only pages that strictly fell under the
conservative or liberal label for the political-leaning
variable were included in the analyses (i.e., memes
from political ambiguous sources were excluded). In
total, 955 memes were included.

Structural Topic Models
A structural topic model (prevalence) was fit to the
same data using the “stm” package in R. The model
was fit with political leaning as the covariate.
Prevalence Model To explore the prevalence of
different topics discussed in memes posted from
conservative and liberal pages, a structural topic
model was run with political leaning of the posting
page as a covariate. From preliminary results based on
two separate Latent Dirichlet Allocation (LDA)
models for liberals and conservatives, we determined
that there were likely at least 20 distinct topics. The
final prevalence model that converged was one that
contained K = 40 topics.

Elicited Emotions
Linear mixed effect models were fit for every
emotional reaction: love, wow, laugh, sad, angry, and
care. All models were fit in R using the “lme4”
package, and evaluated using the “lmerTest” package.
Degrees of freedom were estimated using the
Satterthwaite approximation for all models.
Figure 5 displays the distribution of emotional
reactions between memes coming from conservative
and liberal pages. Memes from conservative pages
elicited more angry and laughing reactions relative to
memes from liberal pages, p’s < .001. Memes form
liberal pages elicited more care and love reactions than
memes from conservative pages, p’s < .001. There
were no significant differences between the two
political camps for the sad and wow reactions.

Figure 6: Prevalence of different topics discussed in
memes posted in liberal versus conservative groups
(Study 2). Values to the left of the dashed line indicate
higher prevalence in liberal posts; values to the right
indicate higher prevalence in the conservative posts.
Table 2: Statistically significant differences in
prevalence of topic between liberals and conservatives.
(L) and (C) respectively indicate a topic with greater
prevalence in liberal vs. conservative memes.
Topic
1
2
8
12
34
4
5
16
19
20
37

Figure 5: Distribution of emotional reactions across
conservative and liberal pages analyzed in Study 2.
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Label
Believe science (L)
Believe women (L)
Bernie-Trump (L)
Political corrupt. -pollution (L)
Climate change denial (L)
Economic crisis (C)
Fear on political left (C)
Ill kid (C)
Science education-vaccines (C)
Social media (C)
Liberal hypocrisy (C)

p
.024
.022
.020
< .001
< .001
.003
.011
< .001
< .001
< .001
< .001

from conservative pages more frequently belittled
climate activists and denied the urgency of climate
issues, while liberals were more likely to discuss the
seriousness of the problem and the need for immediate
action.
Future research should assess whether the impact of
memes on the evaluation of scientific data is transient,
or whether memes can have more long-lasting effects
on the acceptance of data and the conclusions they
support. In addition, individual differences may
influence the impact of memes. For example,
individual differences in crystallized and fluid
intelligence affect the ability to comprehend
metaphors (Stamenković, Ichien, & Holyoak, 2019,
2020), and comprehension influences willingness to
share a meme (Wong & Holyoak, 2021).
Finally, future research should further explore the
different ways in which memes may influence beliefs.
For example, it may be insightful to compare the word
embeddings from a structural topic model between
conservative and liberal pages, and to compute their
similarity to emotion words such as “angry” and
“love”. More generally, understanding the impact of
memes on acceptance of scientific data will be
important in addressing social problems that require
cooperation among citizens.

Figure 6 summarizes the prevalence of major topics
discussed by liberals and conservatives, and Table 2
gives the general nature of each topic. Results from the
prevalence model suggest that memes from
conservative pages discussed more frequently the
hypocrisy of climate activists, poked fun at prominent
activists (e.g., Greta Thunberg, Alexandria OcasoCortez), and likened the urgency of climate change to
fear-mongering. In contrast, liberals were more likely
to discuss racial and economic disparities related to
climate crisis, and the need for America to lead
mitigation efforts.

General Discussion
The present studies demonstrate that viewing
politically-oriented internet memes can influence
evaluation of scientific data related to climate change,
and that the content of how political pages discuss the
issue of climate change align with the emotional
responses they elicit from their viewers. Study 1
provided evidence that memes can operate much like
metaphorical frames (Thibodeau & Boroditsky, 2011,
2013), affecting participants' judgments of the
objectivity of the data, its trustworthiness, trust in its
source (NASA), and belief in the information. Relative
to viewing liberal memes, brief exposure to a set of
conservative memes related to climate change led not
only conservatives but also liberals to provide less
favorable evaluations of the NASA information.
We also replicated previous findings (Wong &
Holyoak, 2021) demonstrating that political congruity
impacted participants’ appraisals of aptness,
agreement, relatability, and humor. The present
findings provide evidence that memes do not solely
serve social functions, nor do they generate backfire
effects. Rather, they can serve to influence evaluations
of scientific data, even when the memes run counter to
the viewer’s entering beliefs. These findings have
potential ethical implications for how current socialmedia algorithms are designed to show users
attitudinally-consistent content (Bozdag, 2013; Gates,
2017, Pariser, 2011), even when that content may be
misleading or misinformed.
Study 2 broadened the analyses of how memes may
function to influence people’s beliefs. More
specifically, the second study explored how the way in
which climate change is discussed may differ between
political ideologies. We analyzed a naturalistic set of
memes that were posted on Facebook. This analysis
revealed that memes posted on pages from different
political positions elicited different emotions. In
particular, memes from conservative pages elicited
more angry and laughing reactions, while memes from
liberal pages elicited more care and love reactions.
Results from the prevalence model suggest that memes
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Abstract
Variation in second language acquisition is evident from
earliest stages. This study examined effects of learning tasks
(retrieval practice, comprehension, verbal repetition) on
comprehension of Turkish as a new language. Undergraduates
(N = 156) engaged with Turkish spoken dialogues in a
computer-assisted language learning session via Zoom, with
learning tasks manipulated between-subjects. Participants
completed pre/posttests assessing comprehension of Turkish
number and case marking, a vocabulary test, and openresponse questions gauging explicit awareness. The retrievalpractice group showed highest performance overall, after
controlling for significant effects of nonverbal ability and
pretest. For comprehension of number/case marking, the
comprehension group performed comparably to the retrievalpractice group. For vocabulary comprehension, the verbalrepetition group performed comparably to the retrievalpractice group. Differential performance associated with
learning tasks indicates benefits of testing and production and
aligns with transfer-appropriate processing. As predicted by
the noticing hypothesis, explicit awareness of number and case
marking correlated with comprehension accuracy.
Keywords: second language acquisition; Turkish; miniature
language; testing effect; retrieval practice; noticing hypothesis

Introduction
Learning a new language is difficult for many individuals, yet
manageable for others. Variation in second language (L2)
learning outcomes is associated with input conditions and
aptitude (Dörnyei, 2005; Granena et al., 2016). Miniature
language learning paradigms provide a feasible method for
studying individual differences in learners’ grasp of linguistic
patterns (e.g., gender agreement, case marking) at the earliest
stages of learning (Kempe & Brooks, 2016), and may be
implemented online via a computer-assisted language
learning (CALL) protocol. The current study used a miniature
version of Turkish, an agglutinative language featuring vowel
harmony and allomorphic variation, to explore effects of
testing and speech production on the acquisition of nominal
morphology (number and case marking), vocabulary, and
metalinguistic awareness.

Role of Testing and Production in L2 Acquisition
Research indicates that repeated testing in the form of
recognition or recall-based tests enhances learning to a

greater extent than simply restudying the information
(Karpicke & Aue, 2015; Marsh et al., 2007). Even if learners
struggle to retrieve the appropriate information from
memory, testing can serve to consolidate memory (Karpicke
& Roediger, 2008; Rowland, 2014). Using a miniature
artificial language, Hopman and MacDonald (2018) observed
that adults who practiced retrieving phrases from memory
outperformed those who practiced matching pictures with
corresponding phrases on a subsequent grammar
comprehension test. Similar benefits of retrieval practice
were observed in a German L2 classroom setting (Keppenne
et al., 2021). In these L2 studies, the researchers did not
include a condition where participants were asked to repeat
phrases, as opposed to retrieve them from memory. Hence,
the studies did not clearly distinguish benefits of testing via
retrieval practice from benefits of overt production (i.e.,
verbal repetition). In the context of learning L2 vocabulary,
researchers have started to disentangle effects of testing and
production, with findings suggesting that retrieval practice
promotes vocabulary learning more than verbal repetition
practice (e.g., Akifumi, 2016; Kang et al., 2013). The current
study extends this line of research to L2 grammar learning.
Retrieval practice may promote L2 acquisition by
providing opportunities for learners to register discrepancies
between what they have heard and what they can produce on
their own. According to Schmidt’s (1990) noticing
hypothesis, attention is a necessary prerequisite for encoding
L2 input. As the learner processes L2 input, they become
explicitly aware of features of the language, leading them to
engage in deeper processing. This, in turn, promotes retention
and use of those features in the learner’s own L2 productions
(Leow, 2018). Swain and Lapkin (1995) proposed the output
hypothesis, arguing that the act of producing L2 utterances
may lead the learner to recognize problems, which may
trigger further linguistic processing and noticing of L2
features. Both of these theories predict that metalinguistic
awareness and L2 grammatical knowledge will develop in
tandem. What is less clear is whether L2 production in the
context of verbal repetition (as opposed to retrieval practice)
is sufficient to trigger noticing.

Individual Differences in Aptitude
In a miniature language study, Brooks and Kempe (2013),
found that language-learning aptitude correlated with explicit
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awareness and accuracy in producing Russian gender
agreement and case marking. Regression models indicated
that the effect of aptitude on production accuracy was indirect
and mediated by awareness. That is, learners with higher
aptitude were more likely to notice patterns, which in turn
predicted their accuracy in applying the patterns to their own
productions. The current study sought to replicate this finding
in relation to L2 comprehension after a single CALL session.
Language learning aptitude is a broad construct that
accounts for individual differences in L2 outcomes in
specified learning contexts (e.g., college classrooms; CALL
studies). Aptitude has been assessed using measures of
nonverbal ability (Brooks et al., 2017) and various indices of
memory, including phonological short-term memory (Ellis,
1996), verbal working memory (Miyake & Friedman, 1998),
and declarative and procedural memory (Hamrick, 2015). In
a psychometric investigation of a foreign language aptitude
test, Grigorenko et al. (2000) found that scores on the Culture
Fair intelligence test (an indicator of nonverbal ability)
loaded onto an intelligence-related factor, while the scores on
the verbal declarative component of the Modern Language
Aptitude Test (Carroll & Sapon, 1959) loaded onto a separate
language-specific factor. Due to time constraints, the current
study used only the Culture Fair test as a measure of aptitude.

Research Objectives and Hypotheses
Using a miniature version of Turkish embedded in a CALL
protocol, we manipulated learning tasks in a betweensubjects design to elucidate effects of testing and production
at the outset of L2 learning. Drawing on research on retrieval
practice and the testing effect, it was hypothesized that
learners asked to retrieve the Turkish inflected nouns from
memory would exhibit higher accuracy on comprehension
tests as compared to learners instructed to verbally repeat the
nouns. We also manipulated the modality of testing by
including a group that engaged in comprehension practice,
i.e., multiple-choice testing with no production component.
In accordance with the noticing hypothesis, we expected to
find a strong correlation between metalinguistic awareness
and Turkish comprehension accuracy, with nonverbal ability
(Culture Fair scores) associated with individual differences
in learning outcomes. Given established relations between
language background and L2 learning (Foucart & FrenckMestre, 2011), we included number of prior languages as a
covariate in analyses.

The sample comprised 156 students (93 females, 61 males, 1
non-binary, 1 did not disclose), aged 18 to 28 years (M = 19.5,
SD = 2.0). Race/ethnicity was self-reported as follows: 35.9%
White,
24.4%
Black/African
American,
23.1%
Hispanic/Latinx, 12.2% Middle Eastern, 10.3% Asian
(categories were not mutually exclusive). Students were
randomly assigned to CALL conditions: comprehension (n =
52), verbal repetition (n = 52), and retrieval-practice (n =
52).

Turkish Miniature Language Materials
Noun Vocabulary and Dialogues. The Turkish vocabulary
consisted of 36 nouns ending in –ek, –ak, or –a in the
nominative case. Each noun appeared in four dialogues
referencing a goat coming towards or going away from one
or two objects. In each dialogue, a question was asked by a
male speaker and answered by a female speaker. Table 1
presents the Turkish questions and representative answers,
consisting of Turkish nouns inflected for case (dative [to] or
ablative [from]) and number (singular or plural). Across
dialogues, the subject (keçi [goat]) was held constant. Of the
144 question-answer dialogues (36 nouns x 2 case x 2
number): 36 were used in the pretest, training, and posttest;
72 were used for training only; and 36 items were used for
posttest only. Each noun, case, and number occurred roughly
equal numbers of times across pretest, training, and posttest
trials. Dialogues were presented auditorily with pictures of
the goat and corresponding object(s); see Table 2 for example
trials for each CALL condition. Turkish orthography and
English translations were not available at any point.
Table 1: Examples of Turkish question-answer dialogues
with singular and plural nouns in ablative and dative case.
Ablative Question:
Keçi nereden geliyor? [Goat where-from coming?]
Ablative Answers:
Singular Object
gömlek1-ten [shirt-ABL]
bardak-tan [cup-ABL]
araba-dan [car-ABL]
Plural Object
gömlek-ler-den [shirt-PL-ABL]
bardak-lar-dan [cup-PL-ABL]
araba-lar-dan [car-PL-ABL]
Dative Question:
Keçi nereye gidiyor? [Goat where-to going?]
Dative Answers:
Singular Object
gömle-ğe [shirt-DAT]
barda-ğa [cup-DAT]
araba-ya [car-DAT]
gömlek-ler-e [shirt-PL-DAT]
Plural Object
bardak-lar-a [cup-PL-DAT]
araba-lar-a [car-PL-DAT]

Method
Participants
College students between the ages of 18 and 30 years were
recruited from a psychology department subject pool at an
open-admission Hispanic-serving public university. The
students received research participation credit for completing
the 2-hour session on Zoom. Students with prior knowledge
of Turkish or Turkic languages (e.g., Uzbek) were excluded.

Note: ABL = ablative [from], DAT = dative [to], PL = plural; 1nouns
end in –ek, –ak, or –a and exhibit allomorphic variation when
inflected for case and number.
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Table 2: Example trials for each CALL training condition.
Comprehension
Instructions: Listen to the dialog and use the
right or left arrow key to select the picture
matching what the woman says.

Verbal Repetition
Instructions: Listen to the dialog
and repeat the woman’s answer to
the question.

Retrieval-Practice
Instructions: Listen to the question
and answer it in Turkish aloud.

Introduction:
Female voice: gömlek [shirt]

Introduction:
Female voice: gömlek [shirt]

Introduction:
Female voice: gömlek [shirt]

Case trial:
Male voice: Keçi nereden geliyor?
[Where is the goat coming from?]
Female voice: gömlekten [from the shirt]

Male Voice: Keçi nereden geliyor?
[Where is the goat coming from?]

Male Voice: Keçi nereden geliyor?
[Where is the goat coming from?]

Female voice: gömlekten
[from the shirt]

Number trial:
Male voice: Keçi nereden geliyor?
[Where is the goat coming from?]
Female voice: gömlekten [from the shirt]

Feedback (case trial): Answer is replayed as
correct picture is shown:
Female voice: gömlekten [from the shirt]

Feedback: Answer is replayed and
participant repeats the Turkish
inflected word a second time to
advance to the next trial:
Female voice: gömlekten [from the
shirt]
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Feedback: Answer is played and
participant repeats the correct
Turkish inflected word to advance
to the next trial:
Female voice: gömlekten [from the
shirt]

CALL Procedure
CALL tasks were programmed in PsychoPy and run online
on the Pavlovia platform. Participants completed tasks in the
following order: pretest, training, posttest, vocabulary test.
Pretest. The pretest consisted of one block of
comprehension trials (18 case, 18 number trials); see Table 2.
Training. Training consisted of three blocks of 36 trials
(evenly distributed over the four case/number combinations).
Participants were presented with instructions at the start of
each block; trials followed procedures shown in Table 2.
Participants in the comprehension condition completed three
blocks of comprehension trials. Participants in the verbal
repetition condition completed three blocks of verbal
repetition trials. Participants in retrieval-practice completed
one block of verbal repetition trials and two blocks of
retrieval-practice trials. Note that on comprehension and
verbal repetition trials, participants heard the Turkish noun
three times, while on retrieval-practice trials, they heard the
noun twice and attempted to generate it once on their own.
Posttest. The posttest consisted of one block of
comprehension trials (36 case, 36 number trials). Half of the
trials were identical to the pretest (“old” items); the other half
were reserved for the posttest (“new” items).
Vocabulary Test. Participants were asked to choose from
sets of four pictures the one matching each Turkish noun (36
trials, no feedback) using designated keys. Nouns were
presented auditorily in the nominative case; see Table 3.
Table 3: Example trial for CALL vocabulary test.
Instructions
Choose the
picture that
matches the
Turkish word:
Q (top left)
P (top right)
A (bottom left)
L (bottom right)

Pictures Presented

Female voice:
gömlek
[shirt]

Metalinguistic Awareness. Following the vocabulary test,
participants completed a questionnaire (adapted from Brooks
& Kempe, 2013) asking them to describe what they noticed
about the Turkish words and how they indicated the direction
of the goat and the number of objects. Responses were scored
for awareness of case and number marking. For case, 0
indicated no awareness, 1 indicated mention of word endings

(e.g., “The word for away sounded like tan and the word for
moving towards sounded like ya.”), and 2 indicated mention
of allomorphic variation in the endings (e.g., “I noticed that
an English sounding a was for moving toward, and an English
sounding tan or dan was for moving away.”). For number, 0
indicated no awareness, 1 indicated mention of the plural
marker (e.g., “When there were two objects, a lar sound was
included in the word”), and 2 indicated mention of
allomorphic variation (e.g., “Larra or lerre meant it was
plural”). Two trained assistants independently scored 60% of
responses. Percent agreement was 91.2% for number (kappa
= .82) and 85.3% for case (kappa = .78) After establishing
reliability, the assistants coded remaining responses together.

Language Learning Aptitude Assessments
Language Background Questionnaire. Using a Qualtrics
form, participants listed languages studied in school, spoken
at home, or learned abroad. For each language, they reported
proficiency in domains of reading, writing, listening, and
speaking (6-point Likert scale; 1 = very poor, 6 = excellent);
proficiency was calculated as the average of the four
domains. Participants reported an average proficiency of 3.31
(SD = 1.47, Range = 0–6) in their best language other than
English. Participants reported knowing an average of 2.7
languages (including English; SD = 0.8, Range = 1–5). Total
languages varied across CALL conditions, F(2, 153) = 3.60,
p = .030, ηp2 = .04. Participants in the comprehension
condition knew more languages than the verbal repetition
condition (M = 2.92 vs. 2.52), p = .024. The retrieval-practice
condition (M = 2.77) did not differ from other conditions, p’s
> .23. Due to the group difference, we included total
languages as a control variable in all analyses.
Nonverbal Ability. A computerized version of Test 1
(Series) and Test 2 (Classification) of the Culture Fair
Intelligence Test, Scale 3, Form A (Cattell & Cattell, 1973)
was administered via Qualtrics. Series problems involved
selecting an abstract geometric pattern from six alternatives
to complete the series. Classification problems asked
participants to identify which two of five patterns were alike.
Problem difficulty increased as each test progressed.
Participants were told to complete as many problems as
possible in the allotted time (3 minutes for 13 problems in
Test 1; 4 minutes for 14 problems in Test 2). Before each test,
participants completed several example problems with
feedback. Scores were calculated as the number of problems
answered correctly across Tests 1 and 2 (M = 11.6, SD = 2.8,
Range = 4–18). Scores did not differ across CALL
conditions, F(2, 153) = 0.85, p = .43, ηp2 = .01).

Zoom Recordings
At the start of the Zoom session, the participant shared their
screen. The research assistant (RA) confirmed that no other
programs were running and started recording the session. The
RA remained present to ensure that participants completed
tasks as instructed.
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Table 4: Mean scores (percentage correct) for each language learning outcome for the full sample and CALL conditions.
Full Sample
(N = 156)
M (SD)
Range
56.7% (12.2)
27.8–94.4%
58.0% (16.2)
27.8-100%
55.4% (14.1)
16.7-94.4%

Pretest
Total score
Case trials
Number trials
Posttest
Total score
Case trials (old)
Case trials (new)
Number trials (old)
Number trials (new)
Vocabulary Test
Metalinguistic Awareness

Comprehension Verbal Repetition Retrieval-Practice
(n = 52)
(n = 52)
(n = 52)
M (SD)
M (SD)
M (SD)
57.3% (14.0)
57.2% (12.6)
55.7% (9.6)
60.3% (17.4)
58.5% (17.2)
55.1% (13.8)
54.3% (15.3)
55.8% (12.8)
56.2% (14.2)

80.7% (17.9)
82.8% (20.0)
82.2% (20.4)
78.4% (19.8)
79.6% (21.2)
66.0% (19.8)

40.3-100%
27.8-100%
27.8-100%
22.2-100%
33.3-100%
11.1-100%

83.5% (17.2)
86.9% (18.9)
85.9% (18.9)
80.8% (18.8)
80.4% (22.2)
54.6% (19.3)

74.4% (18.7)
75.5% (22.0)
77.4% (20.4)
70.9% (21.5)
73.7% (21.6)
71.1% (18.3)

84.3% (16.2)
86.0% (17.2)
83.2% (21.2)
83.4% (17.0)
84.7% (18.7)
72.2% (16.7)

1.60 (1.17)

0–4

1.65 (1.12)

1.37 (1.17)

1.79 (1.21)

Results
Descriptive statistics for the language learning outcomes are
shown in Table 4. All outcomes were correlated suggesting
stable individual differences; see Table 5. Performance on
case/number and old/new trials was similar. Consequently,
for brevity, we report analyses conducted on total scores at
pretest and posttest.

repetition conditions than in the comprehension condition;
see Table 4 for mean scores for each condition. Individual
differences in vocabulary test scores were associated with
two of the covariates: nonverbal ability (Culture Fair scores)
and pretest total scores.
Table 6: ANCOVA predicting vocabulary scores.
Variable

Table 5: Correlations across outcome measures (N = 156).

CALL condition
Pretest total score
Culture Fair score
Total languages
Overall model
***p < .001, **p < .01

Pretest Posttest Vocabulary
Pretest
Posttest
.42*
Vocabulary
.23*
.32*
Metalinguistic awareness
.29*
.57*
.25*
*Bonferroni corrected α = .00833

Analysis of Covariance Analyses
We used ANCOVAs to examine effects of CALL conditions
and covariates on each outcome measure; note that
assumptions of normality were met. All proportions were
arcsine transformed; analyses of raw scores yielded nearly
identical results. We first examined performance on the
pretest assessing comprehension of Turkish case and number
marking prior to the CALL training blocks. Note that each
pretest comprehension trial included feedback, allowing
participants to learn as trials progressed. At pretest, CALL
conditions did not differ, F(2, 151) = 0.62, p = .538; ηp2 = .01.
Individual differences at pretest were associated with
nonverbal ability (Culture Fair scores), F(1, 151) = 7.97, p =
.005, ηp2 = .05.
Next, we examined performance on the vocabulary test;
see Table 6 for ANCOVA results. Performance varied
significantly by CALL condition. Post-hoc tests indicated
higher accuracy in the retrieval-practice and verbal

df
(2, 150)
(1, 150)
(1, 150)
(1, 150)
(5, 150)

F (ηp2)
15.24*** (.17)
8.14** (.05)
6.56** (.04)
0.24 (.00)
10.42*** (.26)

We then examined performance on the posttest assessing
comprehension of Turkish case and number marking after
CALL training; see Table 7 for ANCOVA results. Posttest
accuracy varied by CALL condition. Post-hoc tests indicated
higher scores in the retrieval-practice and comprehension
conditions than in the verbal repetition condition; see Table
4 for mean scores for each condition. Individual differences
in posttest accuracy were associated with three of the
covariates: nonverbal ability (Culture Fair scores), pretest
total scores, and vocabulary test scores, but not with language
background (total number of languages).
The last ANCOVA model examined metalinguistic
awareness (i.e., total scores for case and number awareness,
Range = 0 to 4); see Table 7 for results. The pattern of results
matched what was observed for the posttest assessing
comprehension of Turkish case and number marking, though
the effect of CALL condition became significant only after
controlling for covariates. Variation in metalinguistic
awareness was associated with nonverbal ability, pretest
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scores (Culture Fair), and vocabulary test scores, but not with
language background (total languages).
Table 7: ANCOVA predicting posttest scores (case and
number trials combined) and metalinguistic awareness.
Posttest
Case/Number
F (ηp2)
CALL condition 2, 149
9.26***
(.11)
Pretest total
1, 149
23.46***
score
(.14)
Vocabulary
1, 149
10.74**
score
(.07)
Culture Fair
1, 149
10.05**
score
(.06)
Total languages 1, 149
3.33
(.02)
Overall model
6, 149
15.56***
(.39)
***p < .001, **p < .01, *p < .05
Variable

df

Metalinguistic
Awareness
F (ηp2)
3.46*
(.04)
14.06***
(.09)
9.07**
(.06)
14.80***
(.09)
1.40
(.01)
11.81***
(.32)

Mediation Analysis
Following Brooks and Kempe (2013), we used the
PROCESS macro (Hayes, 2017) to find out whether the
effect of nonverbal ability (Culture Fair) on posttest accuracy
was indirect, i.e., mediated by metalinguistic awareness.
CALL condition was entered as a moderator and pretest total
scores and total languages were entered as covariates in the
analysis. Nonverbal ability predicted metalinguistic
awareness, t(148) = 2.67, p = .008, and metalinguistic
awareness predicted posttest accuracy, t(151) = 9.88, p <
.001. The direct effect of nonverbal ability on posttest
accuracy was not significant, t(151) = 1.03, p = .307. Instead,
there was a significant indirect effect of nonverbal ability on
posttest accuracy that was mediated by metalinguistic
awareness, B = 0.04 (bootstrap SE .01), p < .001, percentile
bootstrap 95% CI [0.02, 0.05]. CALL condition did not
moderate these effects. Figure 1 depicts the mediation model
with coefficients for each path.

Figure 1: Mediation model illustrating relationship between
nonverbal ability (Culture Fair), metalinguistic awareness,
and posttest score; *p < .001.

Discussion
This study examined the impact of CALL learning tasks on
comprehension of Turkish as a new language. Findings
revealed differential effects of testing and production.
Overall, participants who engaged in retrieval practice
exhibited better comprehension than their counterparts in the
other CALL conditions, despite having heard the Turkish
nouns fewer times during training (i.e., when attempting to
retrieve the words from memory). Notably, the retrievalpractice condition was superior to the verbal repetition
condition on the posttest assessing comprehension of number
and case marking, indicating that simply repeating the
Turkish inflected words was not as effective as retrieval
practice in triggering noticing of the grammatical markers.
On the other hand, the comprehension condition performed
similarly to the retrieval-practice condition on the posttest.
This contrasts with Hopman and MacDonald (2018) and
Keppenne et al. (2021) who found better performance with
production-based tests and suggests that either recall- or
recognition-based tests may promote L2 grammar learning.
The strong performance of the comprehension condition in
the current study might also be attributed to transfer
appropriate processing (Morris et al., 1977), as the posttest
was identical in format to the comprehension training.
On the vocabulary test, the retrieval-practice and verbal
repetition conditions performed comparably (and superior to
the comprehension condition). This suggests that overt
production rather than testing served to strengthen lexical
representations, adding to other research demonstrating
benefits of production for L2 learning (Dahlen & CaldwellHarris, 2013; Forrin et al., 2012). Together, the results
suggest separable roles for testing and production in
strengthening linguistic representations. Future multi-session
studies should examine whether benefits of testing and
production on L2 learning persist over time.
Metalinguistic awareness correlated moderately (r = .57)
with posttest accuracy––in line with the noticing hypothesis
that adult L2 learning depends on awareness (Schmidt, 1990).
Yet awareness was rather limited (M score = 1.6 out of 4):
Participants almost never used linguistic terms to describe
Turkish grammatical patterns (e.g., suffix, case marker), but
rather listed “words” they had noticed (e.g., lar for two
objects). Indeed, some participants exhibited high posttest
scores without expressing any awareness, suggesting that it
was possible to learn aspects of Turkish grammar implicitly
(see also Reber, 1967; Rogers, 2017). In tests of mediation,
aptitude (nonverbal ability) had an indirect effect on posttest
accuracy but a direct effect on metalinguistic awareness,
suggesting that variation in L2 outcomes related to aptitude
might stem from differences in awareness (Brooks & Kempe,
2013). Under this view, aptitude assists in the development
of explicit awareness, which in turn enhances accuracy in L2
comprehension. Future work should include declarative
memory measures, which load onto the language-related
component of aptitude (Grigorenko et al., 2000), to explore
further how individual differences in aptitude contribute to
L2 comprehension and metalinguistic awareness.
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Abstract
Efforts have always been deployed to surpass limitations in
human cognitive abilities to enhance aspects such as task
accuracy, work effectiveness and error management. Cognitive
enhancement is a field aiming at improving human cognition
in order to overcome those limitations. It bears important
interest from the human factors community given its potential
for reducing errors in complex operational environments. Yet,
cognitive enhancement strategies are rarely used outside the
lab and practical applications are scarce. The current paper
presents a brief summary of the literature on human cognitive
enhancement and discusses key operational applications of the
main methods reported in this field. Using a human factors
perspective, the paper also outlines how such techniques could
be integrated into decision-support tools to support operators
facing cognitive challenges in complex operational domains,
including those experiencing functional limitations preventing
them to contribute to the workforce.
Keywords: cognitive enhancement; neuroscience; applied
cognitive psychology; human factors; decision-support
systems

Introduction
Humans have always been captivated by the idea of
surpassing their inherent limitations. In that regard, efforts
have been deployed by the scientific community to augment
humans using techniques such as performance-enhancing
drugs, prosthetics, medical implants, human-machine
teaming and several other strategies (Moore, 2008). Such
interest not only concerns physical limitations, but also those
pertaining to cognitive abilities, especially because of their
importance for avoiding human errors. According to Cinel et
al. (2019), human cognitive enhancement represents “the
improvement of the processes of acquiring/generating
knowledge and understanding the world around us” (p. 2).
The goal of cognitive enhancement is to augment human
capacities to facilitate task performance, instead of reducing
the resources necessary to carry out the task. In short, this
means that human cognitive enhancement aims at increasing
brain function rather than making the task easier.
Particularly driven by neuroergonomics (Parasuraman,
2003) and brain-computer interface research (BCI;
Birbaumer et al., 2006), cognitive enhancement can optimize
information processing capabilities of the brain. The
interventions developed accordingly are expected to facilitate
task performance and help face difficulties incurring from

cognitive challenges related, e.g., to workload, distraction,
multitasking, sustained attention or complex decision making
and problem solving. These cognitive challenges are often
experienced in multiple work domains and during everyday
life (e.g., Jett & George, 2003; Loukopoulos et al., 2009).
In that regard, cognitive enhancement not only received
attention from the scientific community, but also from
military organizations who see potential applications for
national defense and security (e.g., UK Ministry of Defence,
2021). Despite its relevance for practical applications mainly
related to neuroergonomics and BCI, cognitive enhancement
methods are rarely used outside the lab, and practical
applications as well as representations in published roadmaps
are scarce (Cinel et al., 2019; see also Brunner et al., 2015;
Future Brain/Neural Computer Interaction [BNCI]
Consortium, 2012; Wiseman, 2016). Although this can be in
part explained by the relatively young development status of
some neuroscience technologies, the lack of field
applications of human cognitive augmentation methods
might also be driven by the limited knowledge of these
methods in the human factors, cognitive systems engineering
and cognitive ergonomics communities.
Hence, the goal of the current paper is to provide a brief
state-of-the-art of the existing cognitive enhancement
techniques and to outline possible applications for
operational contexts. To reach this goal, we first describe the
main techniques found in the literature to augment cognition
that could be used as interventions in the field. Then, we
discuss the possible applications of such methods for
operational contexts and describe the implications of using
those techniques to improve human performance.

Review of Cognitive Enhancement
Research has identified many abilities that human operators
must hone to optimally perform their daily tasks. Although
all cognitive abilities can be beneficial to the work of human
operators (e.g., the capacity to multitask for military-related
jobs; Chérif et al., 2018), the most important ones may vary
across work domains (e.g., prospective memory, automatic
processing and control of attention switching for pilots, see
Loukopoulos et al., 2009; memory, vigilance and decision
making for infantry soldiers, see Nibbeling et al., 2014).
Different methods can be used to determine the key
cognitive processes involved in a given task and, ultimately,
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the best cognitive abilities to augment. Cognitive task
analyses represent a good technique to characterize a full task
procedure or a workflow to disentangle all the subtasks and
their underlying processes (see, e.g., Shachak & Reis, 2009).
Another way is by defining specifically what brain areas are
activated while a given task is performed. Such a
neuroergonomic approach has been widely used to
understand the underpinnings of different cognitive tasks. For
instance, Rocha et al. (2020) were interested in developing an
intervention to enhance performance during a shooting task
and they discovered through electroencephalographic
measures significant implication of the right dorsolateral
prefrontal cortex (DLPFC). Hence, they developed an
intervention to specifically augment the neurological activity
in the right DLPFC. Once a specific cognitive function or
process ascribed as critical for a given task or work is defined,
different methods can be used to augment its capacity.
Cognitive enhancement literature raises many strategies,
which can be split into three main families: neurostimulation
methods, biochemical methods, and behavioral methods.

stimulation of the DLFPC by TMS could significantly
improve both accuracy and reaction time on the n-back tasks.
Other functions such as attention (Chan et al., 2021; Gladwin
et al., 2012; Nelson et al., 2016) and higher cognitive
functions, such as creativity and inhibitory control (Cerruti &
Schlaug, 2009; Fecteau et al., 2017; Friehs & Frings, 2018),
can also benefit from stimulation of the DLPFC.
Table 1: Description of neurostimulation techniques.
Technique
tES

TMS

Neurostimulation Methods

FUS

Neurostimulation is a technique relying on electrical current
to alter neuronal activity (polarization and de-polarization),
either its resting potential or firing rate. This method
specifically aims a neuron, a group of neurons or a brain area.
To aim at a specific brain area, the person conducting the
intervention must apply the current on the appropriate zone,
which can be found either from literature (theoretical
approach) or using neuroimaging techniques (empirical
approach). Depending on how the current is applied, the
electrical activity in the brain on the chosen area can be
augmented or diminished. Neurostimulation techniques
comprise the following (see Table 1): Transcranial electrical
stimulation (tES), transcranial magnetic stimulation (TMS),
focused ultrasound (FUS), and deep brain stimulation (DBS).
These techniques vary on their functional mechanisms, but
also on their invasiveness (whether it requires direct brain
access or if it can be placed above the scalp), portability
(whether they represent portable or bulky equipment), spatial
resolution (the precision regarding the specific area that is
targeted), and temporal resolution (the delay between the
actual intervention and the outcomes measured; see Cinel et
al., 2019).
An important bulk of the literature on neurostimulation
concerns stimulation of the DLPFC, a cortical region
typically related to mechanisms of working memory,
attention, and to preparation and inhibition of motor
responses (e.g., Szurhaj et al., 2003). Evidence of cognitive
augmentation with DLPFC stimulation is large, especially for
working memory improvement (e.g., Au et al., 2016; Fregni
et al., 2005; Hammer et al., 2011; Ke et al., 2019; Murphy et
al., 2020). In a systematic review, Feltman et al. (2020)
reported 11 articles focusing on this goal, including seven
that found significant evidence of working memory
improvement. A meta-analysis published by Russowsky
Brunoni and Vanderhasselt (2014) also supported that

DBS

Description
Mild current injection over the scalp that
modulates cortical excitability in either a
hyperpolarizing (via anodal stimulation)
or depolarizing (via cathodal stimulation)
direction. Can be of direct (tDCS),
alternating (tACS), pulsed (tPCS) or of
random (tRNS) frequency.
Magnetic field application with coils to
alter neural firing of neurons in
underlying cortical tissue over the scalp.
Novel technique relying on low-intensity
focused ultrasound pulsations, allows to
reach deep-brain areas non-invasively.
Invasive technique relying on implanted
neurostimulators and single electrodes
inserted directly into the brain or directly
over the cortex. Can only be done
following a craniotomy.

Benefits of neurostimulation over other neocortex areas
can also be found. Clark et al. (2012) developed a tDCS
intervention over the right inferior frontal and right parietal
cortex to enhance visual search and object recognition
abilities. They showed that participants receiving 2-mA
current over these regions were significantly better at finding
concealed objects within a background scene compared with
a sham (i.e. 0.1 mA) condition. In fact, stimulating modalityspecific areas of the brain—rather than higher-order zones—
shows promising outcomes. Such has been supported by
studies involving stimulation over the Wernicke’s area (Flöel
et al., 2008), visual areas (Herpich et al., 2019; Hilgetag et
al., 2001), and motor areas (Galea & Celnik, 2009) to support
language, visual and motor tasks, respectively.
Yet, the positive effects of neurostimulation are sometimes
debated (e.g., Andrews et al., 2011; Mottaghy et al., 2000;
Mull & Seyal, 2001). Horvath et al. (2015) conducted a metaanalysis on the effects of anodal and cathodal tDCS among
normal populations for online (i.e. during tDCS delivery) and
offline (i.e. after tDCS had been administered) applications
on several aspects including working memory, executive
control, and language. Of the 59 analyses they ran, no
significant support was found. It must however be noted that
the authors analyzed the effects of tDCS in several separate
analyses, largely reducing their statistical power. Moreover,
the brain areas included varied largely. Hill et al. (2016)
conducted a meta-analysis on the impact of anodal tDCS over
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the DLPFC for online and offline stimulation of working
memory. They also compared healthy populations with
clinical populations. Results found significant evidence of
memory enhancement among healthy subjects, but
specifically for offline applications on reaction time. On the
opposite, clinical populations benefited from anodal tDCS
only for online applications and on their accuracy on the
working memory tasks. According to the authors, the online
effects of anodal tDCS depend on membrane potential
changes while offline effects may be driven by changes in
synaptic strength through the modulation of Gammaaminobutyric acid (GABA) and glutamatergic activity. In
clinical populations, membrane potential changes might alter
the cortical environment enough to lead to subsequent
changes in behaviour. For healthy populations with typically
optimal homeostatic cortical activity, online changes may not
be sufficient to incur observable changes, but long-term
alteration may produce improvements in reaction time.
Overall, cognitive enhancements of low to moderate effect
sizes can be observed following neurostimulation, but these
effects can be influenced by many factors such as the
technique used (e.g., tDCS vs. TMS), the cortical area
stimulated, the intensity of the simulation and the type of
stimulation (i.e. anodal vs. cathodal). Moreover, individual
differences in the susceptibility to cognitive enhancement via
neurostimulation exist and some people may respond in a
lesser way than others (e.g., clinical vs. healthy populations,
see Hill et al., 2016; high dopaminergic activity in Met allele
homozygous individuals, see Wiegand et al., 2016).

Biochemical Methods
A vast part of the literature on cognitive enhancement is
devoted to biochemical interventions (e.g., Harvey & Keefe,
2015). Such strategy is mainly used among clinical
populations to mitigate cognitive symptoms related to mental
health issues such as dementia, mood and psychotic mental
issues, improving attention, executive functions, memory,
and social cognition. The potential of these interventions
among healthy subjects has also been evaluated for cognitive
enhancement. Drugs used for this purpose are called
nootropics (Ricci, 2020). Typically, nootropics either inhibit
or increase secretion of specific neurotransmitters.
Many studies first concern drugs affecting the secretion of
acetylcholine (ACh). ACh mediates a high range of cognitive
functions including perception (Erskine et al., 2004),
attention (Robbins et al., 1989), memory and learning
(Kopelman, 1986), emotion (Kamboj & Curran, 2006), and
sleep (Kim & Jeong, 1999). ACh levels increase with
nicotine, cholinesterase inhibitors, varenicline and glucose,
and drop with scopolamine and mecamyalamine. ACh exerts
sensory neuromodulation for the top-down processing of
relevant stimuli (Ghatan et al., 1998; Jacobsen et al., 2004).
Both physostigmine (Bentley et al., 2008) and nicotine (Rose
et al., 2010) can reduce parietal activity during selective
attention paradigms. Finally, ACh activity in medial temporal
structures is positively correlated to benefits on memory
encoding (e.g., Antonova et al., 2011; Kukolja et al., 2009).

Research has also been conducted on dopamine (DA) and
norepinephrine (NE) nootropics. DA and NE, sometimes
called catecholamines, are crucial for several cognitive
activities including vigilance, action, reward association,
learning and memory, and their action is considered highly
intertwined, even redundant (Ranjbar-Slamloo & Fazlali,
2020). Methylphenidate, modafinil, and caffeine can impact
catecholamine levels (Caviola & Faber, 2015).
Methylphenidate increases DA and NE secretion and shows
effects on memory performance (Ilieva et al., 2015; Repantis
et al., 2010; Roberts et al., 2020) and inhibitory control
(Roberts et al., 2020). Yet, effects on attention are globally
absent (Repantis et al., 2010), sometimes even negative
(Rogers et al., 1999; but see Linssen et al., 2014; Roberts et
al., 2020). Modafinil is a prescription drug for narcolepsy
(Ballon & Feifel, 2006; Volkow et al., 2009). It can improve
attention in healthy subjects, regardless of their sleep
deprivation level (Battleday & Brem, 2015; Franke et al.,
2014; Repantis et al., 2010). Positive effects on sustained and
selective attention (Baranski et al., 2004; Dean et al., 2011;
Schmaal et al., 2013), and on memory updating (Roberts et
al., 2020) were also raised. Finally, caffeine intake improves
sustained attention and alertness in simple tasks (Einöther &
Giesbrecht, 2013) and sometimes in complex tasks
(Heatherley et al., 2005; Rogers & Denoncourt, 1998). It has
also been related to memory improvements and shorter
response speed to new stimuli (Borota et al., 2014; Riedel et
al., 1995; Warbuton et al., 2001). Still, some catecholamine
nootropics depend on the user’s baseline capacity and effects
seem higher for low-performing individuals (Finke et al.,
2010). It can impair performance among high-performing
persons (Farah et al., 2009; Mattay et al., 2000) and disrupt
attention control (Rogers et al., 1999) and creative thinking,
flexible thinking and judgement (Baranski et al., 2004;
Mohamed, 2014; Müller et al., 2013). The impact of caffeine
also depends upon habitual intake, age and personality
(Attwood et al., 2007; Nehlig, 2010; Smith, 2002).
A third set of studies concern glutamate (Glu). Glu is one
of the most important neurotransmitters for the central
nervous system and electric synaptic activity. It is a key
substrate for learning and memory (Dauvermann et al., 2017).
One of the well-known nootropics associated with Glu is
ampakines. It represents a class of drugs increasing Glu by
coupling with AMPA receptors to enhance long-term
potentiation (Arai & Kessler, 2007). Ampakine is considered
a good candidate for cognitive enhancement by the scientific
community (Urban & Gao, 2014). For instance, Ingvar et al.
(1997) showed that improvements in visual recognition,
motor performance and general intellectual functioning could
be improved by ampakines intake, as opposed to a placebo,
which was ascribed by the authors to selective effects on
memory (see also Lynch et al., 1997; Wezenberg et al., 2007).
Generally, cognitive enhancement can be achieved using
the types of nootropics presented here (see Table 2 for a
summary). Interestingly, efforts are deployed by military
organizations to evaluate the potential of these drugs to
support soldiers in different contexts (Saletan, 2008; Taylor
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& Keys, 2003). Though this strategy seems interesting, it also
possesses important limitations. Urban and Gao (2014)
provided a review of the negative side effects of nootropics,
raising adverse effects (e.g., tachycardia, insomnia, dizziness
and anxiety) and issues ensuing from the time of consumption
and dosage. As put by Greely et al. (2008), an appropriate
risks-benefits balance must be reached, long-term effects
among healthy individuals need to be better understood, and
risks, benefits and alternatives must be properly understood
before relying on this strategy (see also Cakic, 2009).
Table 2: Summary of effects of biochemical cognitive
enhancement according to neurotransmitter type.
Neurotransmitter
ACh

DA and NE

Glu

Nootropic
- Nicotine
- Cholinesterase
inhibitor
- Scopolamine
- Mecamyalamine
- Varenicline
- Glucose
- Methylphenidate
- Modafinil
- Caffeine
- Ampakine

Impact
Sensory
processing,
memory,
attention

Memory,
inhibitory
control,
attention
Memory,
intelligence

Behavioral Methods
The third method for cognitive enhancement concerns
behavioral interventions. According to Caviola and Faber
(2015), these are considered as effective as biochemical
cognitive enhancement methods (see also Sachdeva et al.,
2015, for a review). Methods of behavioral cognitive
enhancement include, without being limited to: domaingeneral cognitive training, exposure to restorative material,
and mind-body practices. Table 3 summarizes these methods.
Table 3: Behavioral methods of cognitive enhancement.
Method
Cognitive
training

Attention
restoration

Mind-body
practices

Description
Training on
general
ability to
augment
specific
abilities
Viewing and
engaging
with nature
stimuli
Sleep;
physical
exercise;
yoga and
meditation

Impact
Near transfer
(improvement on task
similar to training) and far
transfer (improvement on
task involving different
cognitive functions)
Restores depleted
executive attention, in turn
improving performance on
cognitive tasks
Facilitate memory
consolidation; increases
cerebral efficiency;
improvements in
attentional capacities

Cognitive Training Domain-general cognitive training can
be construed as any form of training focused on a general
ability rather than an action or a specific aspect of a task (e.g.,
Ballesteros et al., 2018). The idea behind cognitive training
is to go beyond the mere acquisition of skills, and reach
general improvement of abilities (Schmiedek et al., 2010).
The ultimate goal is to train a person on a given (cognitive)
task to help them become better on tasks involving the same
set, but also different sets of cognitive abilities (near and far
transfer, respectively). For example, Maraver et al. (2018)
asked participants to either train on an inhibitory control task
or a working memory task. They showed that participants
training on an inhibitory control task could improve their
performance on a reasoning task (i.e. Raven matrices).
However, those training on working memory did not improve
on the Raven task, and both groups also failed to show far
transfer on a cognitive flexibility task (i.e. the AX-CPT). This
study showed possibility for reasoning to benefit from
inhibitory control training. Au et al. (2015) conducted a metaanalysis of the studies aiming at improving fluid intelligence
with training on working memory capacity. They showed
evidence of small but significant positive effects of n-back
training in improving measures of fluid intelligence. Other
meta-analyses also reached the same conclusion regarding
the potential of working memory and executive function
training to conduce to near and (small) far transfer in several
age groups (Karbach & Verhaeghen, 2014; Scionti et al.,
2020; Teixeira-Santos et al., 2019). Training sessions on
computer programs or even videogames have also been
shown to induce generic cognitive benefits (e.g., Dresler et
al., 2013; Kozhevnikov et al., 2018; Olfers & Band, 2018).
Yet, some authors argue against the possibility for far
transfer. Sala et al. (2019) ran a meta-analysis on working
memory training including second-order investigations to
control for a majority of confounding variables. They showed
that near transfer can be observed, especially for toddlers and
young children and to a lower level among adults and elders.
Regarding far transfer, however, effect sizes and true
variance levels equaled zero when controlling for placebo
effects and publication bias (see also Sala & Gobet, 2019),
suggesting that far-transfer effects may be circumstantial.
Still, one must remain prudent when criticizing near and far
transfer effects given the difficulty of comprehensively
assessing all the potential (unmeasured) transfers (e.g., on
executive attention, complex problem solving, or even
emotional control and social abilities). Moreover, individual
differences play a modulatory role on the possibility for
transfer in training (e.g. Bednarek et al., 2021; Jaeggi et al.,
2013), and these effects might be difficult to isolate over a
meta-analysis.
Exposure to Restorative Material According to attention
restoration theory (ART; see Kaplan, 1995), attention is a
resource that can become depleted with overuse. From
Kaplan and Berman’s (2010) perspective, the directed and
voluntary form of attention is a resource that is common for
all executive functioning and self-regulation activities.
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According to ART, stimuli that do not draw on this resource
thus have the potential to allow restoration of attention.
Nature would be particularly efficient at augmenting
attention capacities given its high preference over other
environments, promoting automatic and effortless attention.
A large body of evidence about attention restoration
properties of nature can be found. A key study published by
Atchley et al. (2012) exposed the benefits of being immersed
in nature for creative complex problem solving following a
four-day trip into nature. Other studies also found positive
impacts of nature exposure on other attention-related
cognitive tasks such as proof reading (Hartig et al., 1991),
control of Necker Cube patterns (Tennessen & Cimprich,
1995), and backward digit span task (Berman et al., 2008,
Exp. 1). Such findings could also be observed with exposure
to virtual nature or with mere images of nature (e.g., Berman
et al., 2008; Berto, 2005). Stevenson et al. (2018) reviewed
49 individual outcome measures from 8 generic cognitive
domains. They outlined that working memory, cognitive
flexibility and attentional control could be specifically
improved after exposure to natural environments with low to
moderate effect sizes, moderated by the type of exposure
(real vs. virtual). Due to the benefits triggered by nature,
interaction with and exposure to such restorative
environments/stimuli can represent an interesting avenue to
restore depleted attentional resources and consequently
enhance cognition. In this regard, elements of nature and
interactions with nature have been integrated in and around
schools and workplaces to help enhancing depleted mental
resources of students and workers (see Marois, 2020, for a
review). Optimal engagement toward the nature stimuli
would however help in increasing the cognitive benefits (e.g.,
Duvall, 2011; Pasanen et al., 2018; Szolosi et al., 2014).
Mind-Body Practices In their daily lives, humans typically
turn toward sleep, physical exercise, and meditation to restore
their fatigue. Sleep can be used as a cognitive enhancement
intervention. As a pre-task intervention, short sleep periods
(or naps) vary in efficiency and effect size depending on their
duration and on the memory system that needs boosting.
Mander et al. (2011) observed improvements in episodicmemory learning for subjects who took a 100-min nap before
a learning phase compared with a no-nap condition. Studies
also showed that performance on subsequent retrieval can be
improved by post-task sleep (e.g., Diekelmann & Born, 2010;
Lewis & Durrant, 2011; Stickgold & Walker, 2013). Two
hypotheses are proposed for these effects (see Diekelmann,
2014, for a review): one contending that memories are
reactivated during sleep (active system consolidation theory)
and the other stating that brain connections become
depotentiated during sleep, except for the connections related
to recent memory representations (homeostasis hypothesis).
Physical exercise also shows potential to enhance
cognition (e.g., Dietz, 2013; Moreau & Conway, 2013;
Vazou et al., 2019). Improvements in cognitive functioning
following physical activity would be driven by several causes
including better cerebral circulation, alteration of

neurotransmitters synthesis/degradation, and optimized
cerebral plasticity (see Antunes et al., 2006, for a review).
Literature however indicates that it is not the mere physical
exercise that impacts cognitive performance (e.g., Etnier et
al., 1997), but rather how it is performed. For example,
Eckardt et al. (2020) showed that instability resistance
trainings led to benefits on working memory, processing
speed and response inhibition compared with two other more
“stable” training conditions. According to the authors, the
benefits of the exercise were augmented by the “cognitive
challenge” associated with remaining stable during the
exercise. The nature of the activity performed thus plays an
important role. Other moderators of the benefits of physical
activity on cognition include aspects such as the intensity of
activity, the type of cognitive ability assessed, and the
duration of physical activity (see Brisswalter et al., 2002;
Moreau & Chou, 2019; Tomporowski & Pesce, 2019).
Yoga, mindfulness training and meditation are related to
sleep and napping given their ability to restore one’s energy.
Yet, they also produce unique effects because of the nature of
the cognitive activity they promote. Two main types of
meditation are typically considered, each raising different
effects on cognition and brain activity (see, e.g., Fox et al.,
2016; Fujino et al., 2018). Focused attention meditation
implies narrowing one’s selective focus on a specific external
object or internal experience. In this situation, top-down
control of attention is used, promoting persistence
metacontrol policies and serial thinking, as well of
suppression of irrelevant material (Immink et al., 2017),
leading to enhanced sustained attention as well as response
inhibition (e.g., Zanesco et al., 2018; Zeidan et al., 2010).
Open monitoring meditation rather encourages attention to
widen to let the person be more receptive to any stimulus or
sensorial, metacognitive and affective experiences. It
promotes awareness, flexible policies and parallel thinking,
reducing competition between relevant and irrelevant
information, giving rise to positive effects for sequence
learning performance (Immink et al., 2017). Nevertheless, a
recent meta-analysis on meditation effects conducted by
Sedlmeier et al. (2012) found only a 0.28 effect size. While
the authors present some methodological issues that might
explain this weak effect size, one must still remain prudent in
anticipating observable cognitive benefits of meditation.
Similarly, despite evidence of cognitive improvements
among yoga practitioners (Brunner et al., 2017; Rocha et al.,
2012; Subramanya & Telles, 2009), effect sizes of yoga
benefits would be moderate for attention, processing speed,
and executive functioning (cf. Gothe & McAuley, 2015).

Applications and Implications of Operational
Cognitive Enhancement
Three families of cognitive enhancement methods were
discussed: neurostimulation, biochemical and behavioral.
The neurostimulation method aims at directly intervening on
brain synaptic activity depending on the cerebral region upon
which stimulation is provided. Biochemical methods rely on
nootropics, which represent either agonists or antagonists of
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specific neurotransmitters to impact different cognitive
processes. Finally, behavioral interventions such as cognitive
training, exposure to restorative stimuli, and mind-body
practices can also contribute to augment cognitive capacities.
While these interventions may improve cognition, some
may be more or less suited for workers in operational
contexts. Biochemical interventions may be difficult to
implement for medical reasons. Neurostimulation techniques
can also meet some resistance. Though literature contains
comprehensive guidelines on how to securely apply
neurostimulation (Lefaucheur et al., 2017; Thair et al., 2017),
ethical aspects must be considered (Hildt, 2019; Lapenta et
al., 2014; Voarino et al., 2016). Therefore, a comprehensive
risk assessment and precise study protocol must be carefully
elaborated for neurostimulation methods. Behavioral
interventions might be easier to implement given their
reduced risk and complexity. Regardless of the technique,
aspects such as the targeted cognitive function, personal
factors, the time scale, side effects, availability and social
acceptance must be considered before implementing an
intervention in a workflow (Dresler et al., 2019).
Once the technique (or combination of techniques)
identified, it is necessary to define how it can be implemented
into the operators’ workflow. Two ways can be considered:
as a pre-task intervention or as a countermeasure-type
intervention, during a task. In the first situation, one would
benefit from the intervention as a “shield” against further
cognitive challenges or a way to mitigate chances of
observing phenomena such as cognitive overload, auditory
distraction or vigilance loss. For example, security
surveillance operator’s performance has been shown to be
positively correlated with cognitive flexibility (Marois et al.,
2021); hence, given the benefits of nature exposure for this
type of cognitive process (Stevenson et al., 2018), an operator
could start their work shift by exposing themselves to virtual
landscapes. Countermeasure-type interventions would rather
be used as a tool to recover one’s state to try to reach back
their baseline/optimal state. A soldier facing vigilance loss
during a mission could e.g. benefit from modafinil intake due
to its effect on sustained attention (Dean et al., 2011). Note
that some interventions may be more appropriate for pre-task
support (e.g., cognitive training), countermeasures (e.g.,
biochemical), or sometimes both (e.g., neurostimulation).
While these interventions could be used in a circumscribed
manner, depending on the subjective feeling of the user or on
predefined work practices, a more optimal way would be to
integrate them into a closed-loop decision-support system
relying on bidirectional BCI methods. Such system can be
developed to trigger a cognitive enhancement strategy either
up until a state of enhancement is reached (e.g., as a pre-task
intervention), or until a nominal baseline state is re-attained
(i.e. as a countermeasure intervention). In one direction, the
functional state of the user and information on their cognitive
resources/state would be provided to a system via BCI
methods and, in the other direction, an intervention would be
conducted until the loop is closed and the state has returned
to a certain level. For example, Karthikeyan and Mehta

(2020) developed a system triggering a tDCS intervention
with pre-set stimulation parameters to augment vigilance in
near-real time by relying on a biobehavioral model (for other
examples of closed-loop systems, see Basu et al., 2021; Li et
al., 2020; Zelmann et al., 2020). An interesting avenue would
be to automatically adjust the intervention, not only to find
the proper moment, but also to intelligently tailor it according
to the user’s individual factors and context. In that regard,
optimization algorithms could be used, as is already the case
for certain medical interventions (e.g., Ballesta &
Clairambault, 2014; Beumer et al., 2021).
Overall, the integration of cognitive enhancement
strategies into operational domains could have important
benefits. Because it can be used to help a person reaching
their optimal baseline following a period of depletion or
rather to augment their normative level—incurring
sometimes potential for long-term benefits—this integration
could benefit several high-stakes, error-prone domains
characterized by important cognitive challenges. Human
cognitive limitations can indeed lead to errors in many highrisk domains including but not limited to command and
control domains (Grier, 2015; Hodgetts et al., 2015, 2017),
piloting (Loukopoulos et al., 2009), and multiple military
professions (Chérif et al., 2018). An integration of such
techniques into a closed-loop system would allow users to
receive timely and adapted support which might contribute to
augment efficiency and reduce mistakes. Such application
could also support the integration of people facing cognitive
limitations and intellectual disabilities into the paid
workforce. Indeed, adults with intellectual disabilities face
extremely high rates of unemployment and poverty across the
world (Emerson, 2007). Given the importance of job training
and performance for employee well-being and job retention
(Ellenkamp et al., 2016), such application of cognitive
enhancement could support some difficulties faced by this
population and, in turn, contribute to increasing their
inclusion into the workplace, as well as workforce diversity.

Conclusion
Cognitive enhancement represents an innovative and
burgeoning field aimed at improving cognitive abilities in
periods of suboptimal resources. Here, we reviewed the main
techniques reported in the literature related to
neurostimulation, biochemical intervention and behaviorbased methods. While each of those strategies may vary in
acceptability and applicability, all of them have potential for
operators to reach an enhanced state or to recover specific
cognitive abilities. Future work toward their integration into
operational contexts should aim at examining their impact
over observable key performance indicators across different
domains. Then, efforts should be carried out to discover
different biobehavioral proxies that could be integrated into
bidirectional BCIs to develop tailored, closed-loop cognitive
enhancement systems that could be used for the online
support of operators. In pursuing this objective, workers
might ultimately perform better, hence improving efficiency,
security, but also diversity and inclusion.
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Abstract
Second-language (L2) learning is characterized by both positive and negative transfer from the first language (L1). However, prior psycholinguistic studies tend to focus on a few syntactic phenomena and L1-L2 pairs at a time, resulting in an incomplete picture. We apply machine learning to seven learner
corpora in English and Spanish with 39 language pairs, showing that statistical models combined with simple n-grams of
part-of-speech tags and syntactic dependency relations achieve
good performance in recovering the L1, indicating structural
transfer from L1 to L2. Further machine learning using a rich
hand-curated linguistic feature set allows us to identify aspects
of L2 linguistic structure particularly influenced by L1 (verbal
morphology, average dependency tree parse depth, and headedness of clausal structures) as well as those with minimal influence (distributions of dependency relations, basic word orders, or non-projective dependencies).
Keywords: data-driven; crosslinguistic syntactic transfer; native language identification

Motivation
The lexical and structural properties shared (or not thereof)
between one’s native language (L1) and their second language (L2) can have notable effects on the progress of (L2)
learning (Hayashi & Murphy, 2013; Ionin & Montrul, 2010;
Lado, 1957; Westergaard, 2003). When L1 and L2 are typologically similar in the aspects of interest (e.g., phonological
inventory, morphological structure, syntactic ordering), this
potentially leads to positive transfer of linguistic knowledge
from L1 to L2. For instance, children that are native speakers of Bosnian, an Indo-European (IE) language with a basic subject-verb-object word order, would have an easier time
learning English, also an IE language with the same basic
word order as that of Bosnian, in contrast to children whose
L1 is Turkish, a Turkic language with a dominant word order
of subject-object-verb (Akbarov & Ðapo, 2016). Given that
Spanish and English have the same inflectional morpheme to
mark plurality, Spanish speakers will tend to add -s to nouns
when learning English plurals (see also Ramirez, Chen, Geva,
and Kiefer (2010)).
By contrast, linguistic knowledge of L1 can also have an
inhibiting role in L2 learning, resulting in negative transfer instead. For example, Mandarin Chinese speakers, when
learning English, have difficulty in using the relative clause
construction (RC) correctly, since while RC is head-initial in
English, it is mostly head-final in Mandarin Chinese (Chan,
2004). Learners who grow up speaking Japanese or Korean

tend to pronounce the alveolar lateral approximant /l/ and
the alveolar approximant /ô/ similarly when learning English,
due to that /l/ and /ô/ are not phonemic in their L1.
If we take a holistic view of the literature, prior studies
on linguistic transfer in second language learning broadly
fall into three directions. The first one focuses on studying
what individual linguistic aspects or features are transferred
from L1 to L2, such as the usage of psych verbs (White
et al., 1999), definite articles (Ionescu, Popescu, & Cahill,
2016) and inflectional morphology (Ramirez et al., 2010;
Ramirez, Chen, Geva, & Luo, 2011). This direction mainly
consists of psycholingusitic experiments, most of which usually looked at only a few linguistic features and one or two
L1-L2 pairs (J. L. McDonald, 2000; O’Grady, Lee, & Kwak,
2009; Schwartz & Rovner, 2015).What’s more, the linguistic aspects of interest tend to be specific to the language pairs
examined; whether these features would generalize when it
comes to additional L1-L2 pairs remains an open question.
The second direction attends to extensive work on Native
Language Identification (NLI) in the field of natural language
processing (NLP) (Berzak, Reichart, & Katz, 2014; Ionescu
et al., 2016; Koppel, Schler, & Zigdon, 2005; Malmasi &
Dras, 2018; Tetreault, Blanchard, & Cahill, 2013). The goal
of NLI is to predict a speaker’s L1 based only on the usage of
their L2. In practice, NLI is commonly cast as a multi-class
classification problem, where there are usually more than or
around a dozen native languages to choose from. The main
conjecture for NLI is that if knowledge of L1 is transferred to
or has interference effects on L2, one should be able to distinguish writing, speech, or signs in L2 produced by speakers
with different L1 backgrounds. In other words, L1s should be
able to be predicted from characteristics of L2(s), at least to
a reasonable extent. Compared to work in the first direction
described above, studies along this line focused on achieving
state-of-the-art accuracy rather than using NLI as a way to
uncover what structural features with linguistic interpretability are transferred from L1 to L2. Therefore they tended to
rely on rich feature set instead, such as character/word ngrams, constituent tree structures and syntactic dependency
parses. In addition, most experiments studied cases where
the L2 is English, with just a few notable exceptions (Portuguese (del Rı́o Gayo, Zampieri, & Malmasi, 2018), Norwegian (Malmasi & Dras, 2018)).
The third direction makes an effort to explore what fea-
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tures are transferred from L1 to L2 in multiple language pairs,
though experiments within this direction are relatively rare
(Schepens, van Hout, & Jaeger, 2020). For example, with one
learner corpus in English, Malmasi and Dras (2014) used NLI
as lens to reveal what linguistic features have strong effects in
predicting one’s L1. This study found lexical n-grams to be
among the most predictive features. Kulmizev et al. (2017)
showed that character n-grams also have prominent roles in
L1 predictions. These “bag-of-word” features, however, are
quite difficult to interpret in a linguistic context. In addition,
these features “give away” strong lexical cues, which are possibly specific to the language pairs, rather than being generalizable in a broader crosslinguistic context. Markov, Nastase,
and Strapparava (2020) identified other useful characteristics
such as punctuation, spelling errors, misuse of false cognates
(e.g., using embarrassed as a translation for embarazada); yet
these features are only peripherally related to linguistic structures, and they are (currently) not straightforward to characterize. In comparison, Lavrentovich (2018) examined the
role of grammatical morphemes in predicting L1s for learners with different proficiency levels, but only learner corpora
of English were investigated.
This study contributes to the aforementioned research gaps
on linguistic transfer in second language learning. In particular, we focus on adult second language writing and ask two
questions here.
(1) First, is there morphosyntactic transfer across L1-L2
pairs with different degrees of typological similarity?
(2) Second, what interpretable structural features are predictive of L1 across different language pairs?
We phrase both questions as the task of NLI. In comparison
to prior work which has mainly investigated cases of which
the L2 is English, we also include instances where the L2 is
Spanish. Leveraging computational techniques, we explore
the transfer of morphosyntactic (rather than lexical) characteristics across 7 learner corpora with 39 language pairs.

Native Language Identification
The task of NLI is hardly new in the field of NLP, with the earliest study traced back to perhaps Koppel et al. (2005). Previous work noted that being able to predict a language user’s native language has practical applications in several other tasks
in NLP and computational linguistics, such as authorship attribution (Wong & Dras, 2011) and grammatical error correction (Rozovskaya & Roth, 2011). Most prior studies investigating NLI have adopted the approach of combining rich
feature sets with statistical classifiers such as support vector machines. Popular features include but are not limited to
character/word n-grams (Kulmizev et al., 2017), constituent
tree structures, syntactic dependency parses, and string kernels (Ionescu & Popescu, 2017; Ionescu et al., 2016).
Recent approaches have started to shift away from statistical classifiers to deep learning models (Devlin, Chang, Lee,
& Toutanova, 2019). For instance, (Chen, 2016) performed

a thorough comparisons of different neural models, including convolutional neural networks and long short-term memory networks, though these models did not appear to perform
as well as statistical models. Others replaced hand-curated
linguistic features with word or sentence embeddings; for
example, in Steinbakken and Gambäck (2020), BERT-based
models were able to achieve excellent performance for both
learner corpora of English and user-generated content from
Reddit (Goldin, Rabinovich, & Wintner, 2018). The current
state-of-the-art system involves fine-tuning a transformer language model (GPT-2) (Lotfi, Markov, & Daelemans, 2020).
These studies, again, prioritize obtaining high accuracy, with
little devotion to exploring what linguistically-oriented features are prominent during NLI.

Learner corpora
In total, we used seven publicly available learner corpora,
shown in Table 2. We selected data produced by language
users with only one indicated L1. Data of heritage speakers
was also excluded.

English learner corpora
TOEFL The ETS Corpus of Non-Native Written English
(Blanchard, Tetreault, Higgins, Cahill, & Chodorow, 2014)
was developed by Educational Testing Service. It consists of
English essays written for the writing section of the TOEFL
(Test of English as a Foreign Language) exam, produced by
speakers of eleven non-English L1s; each one of them has
an indicated score level (low/medium/high). After removing
empty files, we acquired 12,099 essays, almost all evenly distributed across the L1s.
PELIC The University of Pittsburgh English Language Institute Corpus is a longitudinal learner corpus containing written
texts as well as transcribed spoken data, all collected from
different types of language classes such as grammar, listening, and reading. Based on the public repository of the corpus1 , after pre-processing, we obtained 28,314 essays produced by 1,314 students with 27 non-English L1s. The number of essays for each L1 is heavily unbalanced, ranging from
4 for Swahili to 8770 for Arabic. The students’ overall language skills are divided into four proficiency levels from preintermediate to advanced.
WriCLE The Written Corpus of Learner English (Rollinson
& Mendikoetxea, 2010) contains 711 essays in English produced by university students whose L1 is Spanish; these students have varying degrees of English proficiency.
WriCLEinf The non-academic or the informal variety of
WriCLE was developed along similar efforts. The corpus includes 781 written texts also by L1 Spanish-L2 English learners; these texts fall into several different registers and genres,
such as blogs, narratives, and poems.

Spanish learner corpora
CAES The Corpus de Aprendices de Espanol (Sánchez &
Martı́nez, 2016) is comprised of 3,773 essays in Spanish writ-
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ten by speakers of six non-English L1s. The number of essays
for each L1 spans from 175 for Russian to 996 for Portuguese.
CEDEL2 The Corpus Escrito del Español L2 (Lozano, 2021)
includes Spanish learner data written by students of eleven
non-Spanish L1s at varying L2 proficiency levels. Preprocessing led to a total of 3034 essays; the number of essays
for each L1 ranges from 58 for French to 1,921 for English.
COWS-L2H The Corpus of Written Spanish of L2 and Heritage Speakers (Davidson et al., 2020) contains written essays produced by university students who were taking lowerdivision Spanish classes. After pre-processing we acquired
2,129 essays from 824 students whose L1 is only English.

Experiment 1
Our first experiment seeks to address whether structural transfer from L1 to L2 exists during second language learning. In
order to answer this question, we need to have morphosyntactic representations of the learner data. To that end, we relied
on n-grams of part-of-speech (POS) tags as well as syntactic
dependency relations situated within the framework of dependency grammar (Tesnière, 1959). A similar approach was applied to reconstructing linguistic phylogeny in (Berzak et al.,
2014)), which showed that these features were sufficient for
above-chance identification of L1; our goal for Experiment 1
is to confirm this with a much larger dataset and determine
whether the effect of L1 is consistent across different L2s.
The reasons for choosing the dependency representations
are twofold. First, compared to phrase-structure rules, dependency grammar is more adaptable to languages with relatively
flexible word orders, which makes it easier for dependency
syntax to be extended under typologically diverse contexts
(see de Marneffe, Manning, Nivre, and Zeman (2021) for a
recent thorough review). This is evident from the extensive
efforts devoted to the development of the Universal Dependencies project (version 2.9 (Zeman et al., 2021); hereafter
UD). In our cases here, we were able to find dependency treebanks for the L2 languages of interest, English, and Spanish;
and these treebanks have comparable annotations. Second,
the increasing availability of crosslinguistic dependency treebanks motivates the advancement of automatic dependency
parsing using native monolingual data, and accordingly facilitates derivations of a variety of morphosyntactic features.
Although data of this sort would not be directly comparable
to L2 written essays, the parsers developed with reasonable or
excellent performance for the former can be applicable to L2
writing at least within reasonable expectations (Dell’Orletta,
Venturi, & Montemagni, 2011).
POS tags To obtain POS tags as well as other morphological
properties such as gender and number, for each essay from
the English and the Spanish learner corpora, we performed
sentence segmentation, tokenization and automatic morphological annotations using Stanza (Qi, Zhang, Zhang, Bolton,
& Manning, 2020), a publicly open NLP library.
Dependency parser training In order to obtain dependency
parses of the essays, we trained dependency parsers for the

two L2 languages, taking treebanks from UD2 . For English,
we used the UD English-EWT treebank; for Spanish, we
used UD Spanish-AnCora. Both of these treebanks have a
predefined training/development/test set.
The parser model that we adopted is Diaparser (Attardi,
Sartiano, & Yu, 2021), a graph-based biaffine parser
model (Dozat & Manning, 2017) which utilizes contextual
embeddings and attention from transformers (Devlin et al.,
2019). This model is able to directly predict dependency
structures of raw texts without resorting to additional linguistic information such as POS tags or lemmas. In our experimental settings, the parser architecture was the same for the
treebank of each language (Table 1): it contained three BiLSTM layers which are followed by 500 dimensional multilayer perceptron (MLP) for arc predictions and 100 dimensional MLP layer for label predictions, both with a dropout
rate of 0.33. Each parser was trained using BERT embeddings (Devlin et al., 2019) with the Adam optimizer (Kingma
& Ba, 2017), a batch size of 5000 and a learning rate of 2e3. To evaluate parsing performance, we used unlabeled attachment score (UAS) and labeled attachment score (LAS)
(Kübler, McDonald, & Nivre, 2009). Early stopping of training was applied based on results on the development set
within the treebank. Table 1 presents parsing evaluations
based on the test set; it appears that the same model architecture is able to obtain good performance for the data of the
two languages. We then applied the parser of each language
to its corresponding learner corpora.
Table 1: Dependency parser evaluation results on the test set
of each treebank.
Language
English
Spanish

Treebank
UD English-EWT
UD Spanish-AnCora

UAS
93.02%
92.73%

LAS
90.41%
89.55%

Morphoyntactic features After automatically annotating the
POS tags, morphological properties and syntactic dependencies for each essay, we experimented with three different morphosyntactic representations for each essay when trying to
predict their native language. The first one used POS tag ngrams. Given an essay, we first concatenated the POS tags of
all words into a sequence of POS tags. From this sequence we
derived a sequence of POS tag n-grams (n ≤ 3). We repeated
the procedures above for all essays within a corpus, yielding a
data set of POS tag n-gram sequences. These sequences were
then transformed into numerical vectors in order, where each
number is the term frequency-inverse document frequency of
one n-gram. The second representation was similar to the first
one except that it uses dependency relations instead of POS
tags. The third representation simply combined the two representations above together.
Models In preliminary experiments, we explored several statistical classifiers, such as support vector machine, random
2 Code
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Table 2: Descriptive statistics of learner corpora in our experiments.
Corpus
TOEFL

Language
English

PELIC

English

WriCLE
WriCLEinf
CAES
COWS-L2H
CEDEL2

English
English
Spanish
Spanish
Spanish

L1
Arabic, Mandarin Chinese, French, German, Hindi, Italian,
Japanese, Korean, Spanish, Telugu, Turkish
Abrabic, Azerbaijani, Mandrain Chinese, Farsi, French,
German, Hebrew, Hindi, Indonesian, Italian, Japanese, Korean,
Mongol, Montenegrin, Polish, Portuguese, Romanian, Russian,
Spanish, Suundi, Swahili, Swedish, Taiwanese, Thai, Turkish,
Vietnamese, Zulu
Spanish
Spanish
Arabic, Mandarin Chinese, English, French, Portuguese, Russian
English
Arabic, Mandarin Chinese, Dutch, English, French, German, Greek,
Italian, Japanese, Portuguese, Russian

N of documents
12,099

N of tokens
8,455,564

28,314

5,997,970

711
781
3,773
2,129
3,022

1,489,386
1,140,304
1,016,774
1,233,116
1,717,672

Table 3: Classification results using different morphosyntactic representations (Experiment 1) as well as hand-curated linguistic
feature sets (Experiment 2).
(b) PELIC (L2 English)

(a) TOEFL (L2 English)
Representation
-

Model
Precision
Majority
Random
0.09
Stratified 0.09
POS
Ridge
0.48
dependencies
Ridge
0.51
POS+dependencies Ridge
0.54
feature set
Ridge
0.41
(c) CAES (L2 Spanish)

Recall
0.09
0.09
0.48
0.51
0.54
0.41

F1
0.09
0.09
0.48
0.50
0.54
0.41

Representation
-

Model
Precision
Majority
0.09
Random
0.16
Stratified 0.16
POS
Ridge
0.28
dependencies
Ridge
0.33
POS+dependencies Ridge
0.36
feature set
Ridge
0.34
(d) CEDEL (L2 Spanish)

Recall
0.31
0.04
0.16
0.34
0.36
0.38
0.49

F1
0.15
0.06
0.16
0.26
0.29
0.32
0.34

Model
Precision Recall
Majority
0.11
0.33
Random
0.21
0.15
Stratified 0.22
0.23
POS
Ridge
0.56
0.59
dependencies
Ridge
0.57
0.60
POS+dependencies Ridge
0.62
0.62
feature set
Ridge
0.41
0.47
(e) Corpora with multiple
common L1 (L2 English or Spanish)

F1
0.16
0.16
0.22
0.55
0.56
0.58
0.41

Representation
-

Model
Precision
Majority
0.40
Random
0.44
Stratified 0.43
POS
Ridge
0.61
dependencies
Ridge
0.66
POS+dependencies Ridge
0.66
feature set
Ridge
0.72
(f) All seven corpora
(L2 English or Spanish; all L1)

Recall
0.64
0.10
0.43
0.70
0.72
0.72
0.81

F1
0.49
0.14
0.43
0.62
0.65
0.65
0.75

Representation
-

F1
0.08
0.04
0.11
0.38
0.43
0.45
0.34

Representation
-

Recall
0.22
0.03
0.10
0.39
0.43
0.48
0.44

F1
0.08
0.04
0.10
0.34
0.38
0.48
0.34

Representation
-

POS
dependencies
POS+dependencies
feature set

Model
Majority
Random
Stratified
Ridge
Ridge
Ridge
Ridge

Precision
0.05
0.10
0.11
0.41
0.46
0.49
0.36

Recall
0.22
0.03
0.10
0.43
0.46
0.48
0.44

POS
dependencies
POS+dependencies
feature set

forest, decision trees, and the ridge classifier. Models along
this line have been found to be more effective than deep learning approaches (Markov et al., 2020). We opted for the ridge
classifier eventually given that it was able to achieve the best
results and was more computationally efficient. We compared
this classifier to three different baseline models (Table 3). For
each essay, the majority baseline predicted the most frequent
L1; the random baseline predicted a random L1; the stratified baseline also made random predictions but the distribution of the predictions stayed true to the actual distribution of
the L1s. Note that the baseline models did not use the morphosyntactic representations described above for predictions.
Training scheme Given that we have multiple corpora for
each L2, we explored three training schemes. We started with

Model
Majority
Random
Stratified
Ridge
Ridge
Ridge
Ridge

Precision
0.05
0.10
0.10
0.38
0.43
0.48
0.36

training models using data derived from each individual corpus. This obviously excluded corpora such as WriCLE and
COWS, which only provide essays written by speakers with
the same L1. The motivation for this scheme is that different corpora have different data collection procedures and research purposes. This potentially leads to domain and topic
differences between corpora (Malmasi & Dras, 2018). Our
goal is to see whether similar observations would hold in each
corpus, meanwhile being less constrained by what data are included in the experiments.
The second training scheme combined data with a common L1 from TOEFL, PELIC, CAES and CEDEL. For the
third scheme, we used all data from the seven learner corpora. All models were evaluated via 5-fold cross-validation.
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Since within certain corpora the number of essays given each
native language is not balanced, to be consistent across corpora, we used weighted precision, recall, and F1 as the model
evaluation metrics.
Results As shown in Table 3, in spite of the specific morphosyntactic representations, overall the ridge classifiers
were able to achieve good performance across every individual corpus as well as different corpus combinations. Critically, models utilizing POS tags and dependency n-grams
together generally yielded the best performance, confirming prior findings that machine learning can detect structural
transfer from L1 to L2 at scale. Of particular importance, it
can do this for different L2s simultaneously, indicating that
what transfers from a given L1 generalizes to different L2s.
Taking a closer look at the results, we note two patterns,
both of which are within expectations from both machine
learning classification perspectives and the linguistic points
of view. First, not surprisingly, the model over-predicted L1s
that are common within the corpus. For instance, the L1 of
around 21% of L1 Chinese-L2 Spanish essays from the CAES
corpus was classified as Arabic, which is the most frequent
L1; looking across the Spanish L2 corpora, English was often the incorrectly predicted L1. Second – and consistent with
prior work (Berzak et al., 2014) – L1s with strong typological similarities are likely to be confused; for example, when
looking at all corpora, the model had difficulty distinguishing
Hindi and Telugu, two predominantly head-final languages,
or Spanish and Italian, two Romance languages. This further
suggests that our models were picking up non-trivial linguistic manifestations of structural transfer.

Experiment 2
Experiment 1 resembles the prior work we reviewed above
in that it does not tell us much about what exactly is transferred, beyond the fact that it is reflected somehow in n-grams
of POS and dependency relations. Our second experiment
aims to investigate what morphosyntactic features are potentially transferred during second language learning, using a
linguistically-interpretable model. Thus in this case we opted
for hand-curated features rather than just n-gram sequences.
Since it is not currently clear what structural features would
be transferred during language learning, we experimented
with a wide and rich feature set, covering the characteristics
of each essay at three different levels: raw texts, morphological properties, and dependency parse trees. If certain structural characteristics of the L2 writing have prominent roles
in identifying the L1s, this will not only suggest transfer of
knowledge for the specific characteristics, but also that this
transfer holds for different language pairs (though possibly to
different degrees).
Linguistic structural features Our feature set is similar to
that of Brunato, Cimino, Dell’Orletta, Venturi, and Montemagni (2020) with some deviations. Given that we focused
on structural characteristics, we did not include lexical features such as word n-grams or lexical density. For features

at the raw text level, we calculated simple heuristics such as
the number of sentences and words. For features at the morphological level, we relied on the morphological properties
of verbs and auxiliaries used in an essay. Following the UD
guidelines, we included eleven morphological features such
as person, aspect, number and mood, then measured the distribution of each feature. Specifically, given each property
and an individual sentence, we computed the probability of
verbs with that morphological property. After repeating this
step for all sentences within an essay, we derived a probabilistic distribution of this morphological feature. We then
calculated the entropy (equation below) and standard deviation for the occurrences of the feature.
H(X) = − ∑ni=1 P(xi )logP(xi )
With the help of POS tags, we were able to distinguish
function words and content words, then calculated their respective ratios. Accordingly we measured the distributions of
function and content words separately, following the procedure described above. The same was performed for auxiliary
verbs as well as for lexical verbs. We then moved on to extracting syntactic features from local and global dependency
trees. We included features such as the average depth of the
parse tree, the degree of head-finality (i.e., the proportion of
head-final dependencies within an essay) (Futrell, Levy, &
Gibson, 2020), the proportion of non-projective dependencies (crossing dependencies (R. McDonald, Pereira, Ribarov,
& Hajic, 2005)), and distributions of overall as well as particular dependency relations. Given the dependency annotations, we were also able to identify additional syntactic characteristics such as the main constituent order of each sentence
(e.g., subject-object-verb) and the valency of the verbs, then
computed the distributions of these properties.
Models Using the features described above, we trained ridge
classifiers for each individual corpus as well as for when all
the corpora were combined together (both using common L1s
or not). Weighted precision, recall and F1 scores were again
used as the evaluation metrics for a model’s overall performance. The contribution or IMPORTANCE of each feature
was computed as the difference in the model’s weighted F1
(cross-validated) between when the full feature set is used
versus when the feature was excluded. All features were then
ranked based on their importance value.
Results As demonstrated in Table 3, when combined with
hand-curated structural features, the results of ridge classifiers are mostly inferior to those from models using n-grams
of POS tags and dependency relations. This is not exactly surprising based on previous findings that character or lexical ngrams were among the most predictive characteristics. On the
other hand, the models based on the feature set still achieved
much better performance compared to the three baselines.
This suggests that at least some of the structural features are
effective at NLI.
Looking across different corpora and training scheme, our
feature ranking analysis revealed four categories of structural
characteristics that are most predictive of L1s across language
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pairs: auxiliary verb morphology, lexical verb morphology,
average dependency parse tree depth, and headedness of subordinate clauses (Table 4). For instance, when combining
all corpora together, predictors with high FEATURE IMPOR TANCE included the usage of past (0.02 ± 0.001) and present
(0.04 ± 0.002) tense for auxiliary verbs, as well as the usage of finite (0.03 ± 0.002) and indicative (0.02 ± 0.002)
verbs, suggesting that there is knowledge transfer of auxiliary verb tense and lexical verb modality from L1(s) to L2.
This speaks to prior studies which have found transfer of
tense-aspect morphology in English L2 learners (Ayoun &
Salaberry, 2008; Muroya, 2019) as well as Spanish L2 learners (Salaberry, 2011).
Table 4: Examples of predictive and non-predictive features
from hand-curated feature sets.
Predictive
distribution of past tense auxiliary verbs
distribution of present tense auxiliary verbs
distribution of finite verbs
distribution of indicative verbs

Across the seven corpora, in most cases the entropy value for
measuring the distribution of basic word orders is comparable
and approximates 0, which in turn suggests the lack of effect
for this feature.
With regards to the proportion of non-projective dependencies, given that crossing dependencies tend to lead to longer
dependency lengths, which has been argued to result in processing difficulty (Gibson et al., 2019). If that were empirically true crosslinguistically, even though that some L1 in
the learner corpora that we investigated, such as German and
Hindi, have more non-projective dependency trees than English and Spanish, it would not be unreasonable to speculate
that L2 learners possibly tend to avoid writing sentences that
are too complex and cognitive-demanding, a pattern that is
potentially modulated by the L2 proficiency level (see also
Ouyang, Jiang, and Liu (2022) and Yan and Li (2019)).

Discussion and Conclusion

Non-predictive
distribution of specific dependency relations
distribution of basic word orders
proportion of non-projective dependency trees

In cases of dependency parse features, it appears that the
average parse tree depth as well as that of subordinate clauses
have notable effects in identifying L1. This finding corresponds to recent work comparing typological patterns of dependency lengths across large-scale native monolingual corpora (Futrell et al., 2020; Liu, 2020), that for instance, syntactic dependencies tend to be longer in head-final contexts.
Along this line, the relative proportions of head-initial vs.
head-final subordinate clauses also seem to be predictive factors. For example, given that Portuguese is more head-initial,
a mixed-type language such as Mandarin Chinese (Hawkins,
1990) overall has more head-final structures. Therefore one
might expect that when learning a L2, the proportion of headfinal subordinate clauses is much higher in writings produced
by L1 Chinese speakers (11.76%) than in texts written by L1
Portuguese speakers (7.21%), even when the L2 is predominantly head-initial; indeed, that was what we found with our
experiments here.
By contrast, our results demonstrated that distributions of
specific dependency relations, as well as the distribution of
basic word orders and the proportion of non-projective dependencies are among the least predictive features, in the sense
that including these characteristics did not lead to higher F1
score for the models. In term of the distribution of basic
word orders, one plausible explanation is that the subjectverb-object order is porportionally much higher than other
variants in both English and Spanish, with the former having
more rigid word orders than the latter. Therefore it is possible
that during L2 writing, the learners simply follows the basic
word order, leading to a more uniform ordering distribution.

Taking data of thirty-nine language pairs from 7 learner corpora of English and Spanish, we investigated crosslingusitic
syntactic transfer in adult second language writing. Using
an unusually large and diverse dataset, we confirmed that the
syntactic signature of L1 can be detected in L2. More critically, we demonstrate quantitatively-meaningful consistency
in this structure across two L2s. Finally, we take an important first step towards measuring L1-L2 transfer on specific
aspects of syntax, showing particularly large effects on verbal morphology, average dependency tree depths, and headedness of clausal structures and no evidence of effects on the
distributions of particular dependency relations. Critically,
unlike prior psycholinguistic studies of individual phenomena, we are able to detect these effects on a whole-language
scale, addressing concerns about generalization.
These findings provide a solid foundation for theoreticallyrich investigation. While our findings presented a few linguistic aspects that are potentially transferred, it remains unclear
whether the transfer is positive or negative. This could be addressed by contrasting patterns in learner corpora produced
by different L1 speakers to the corresponding native monolingual corpora of these L1s, in order to shed light on the
nature of the structural transfer. Relatedly, we hope to add
additional L2s, giving us more precision in identifying both
what is consistently transferred from a particular L1 but also
how the structures of the specific L1-L2 pair interact in impacting L2 learning.
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Abstract
Gestures facilitate speech production by helping speakers
reduce cognitive load. Studies on gesture-speech interaction
mostly examined the effect of representational gestures on
spatial contexts. However, abstract deictics (e.g., pointing at
objects that are not visually present) might also have a role in
facilitating cognitive processes. The present study
investigated the effect of gestures on disfluency rates by
presenting a narrative task in three conditions: spontaneous,
restricted, and encouraged gesture use. We found that
disfluency rates across three conditions did not significantly
differ. The use of abstract deictics in the spontaneous gesture
use condition was a significant predictor of disfluency rates
in the gesture restricted condition. Results indicate that
gestures’ facilitative roles might be manifested differently
depending on the context. Abstract deictics might also benefit
speakers, especially in a narrative context. Studying abstract
deictics can provide new insights on gesture and speech
production interaction.
Keywords: gesture, speech disfluency, gesture restriction,
narrative context

Introduction
Language is multimodal. People produce gestures along with
their speech to convey information (McNeill, 1992), which
improves communication between speaker and listener.
However, studies show that gestures do not only benefit
listeners; speakers themselves also benefit from producing
gestures (Göksun et al., 2013, Kita & Davies, 2009; Melinger
& Kita, 2007). In other words, gestures might have selforiented functions for speakers (Kita et al., 2017; for a
review, see Özer & Göksun, 2020). As Kita and colleagues
(2017) argued, gestures decrease cognitive load and allow
speakers to better conceptualize information through
activation, manipulation, packaging, and exploration of
information units. Gestures’ self-oriented functions might
facilitate cognitive processes, including speech production,
as gesture and speech are closely associated mechanisms
(Kita & Özyürek, 2003). Then, one can argue that gestures
might facilitate speech production, particularly when
planning load is high and when people reveal temporary
errors in speech production, called disfluency.
Disfluency can be described as temporary errors, revisions,
and pauses observed in speech (Maclay & Osgood, 1959).
The speech production process requires cognitive resources

to be executed properly (Khawaja et al., 2008). Studies have
shown that disfluencies might be frequently observed in
situations where speakers are dealing with cognitively
demanding tasks (e.g., Bortfeld et al., 2001; Morsella &
Krauss, 2004; Shriberg, 1996). Correspondingly, when
participants’ gesture use is restricted, they are more likely to
be disfluent (Morsella & Krauss, 2004; Özer et al., 2019;
Rauscher et al., 1996). Thus, disfluency rates in one’s speech
might be linked with task demands, which can be
experimentally manipulated to understand the facilitative
roles of gestures (Arslan & Göksun, 2022; Bortfeld et al.,
2001; Goldin-Meadow et al., 2001). These findings highlight
the importance of gestures on reducing cognitive load, which,
in turn, influence disfluency rates in speech (Finlayson et al.,
2003; Krauss et al., 2000). Thus, studying disfluency in
relation to gestures is crucial to grasp the nature of disfluent
speech. In this study, we ask whether (1) restricting or
encouraging hand use influences disfluency rates in one’s
speech in telling narratives, and (2) one’s tendency to gesture
in spontaneous speech is associated with the likelihood of
being disfluent when hand use is restricted.
Co-speech gestures are hand movements that accompany
speech production (McNeill, 1992). People produce gestures
along with their speech to convey information (Hostetter &
Alibali, 2011). According to the classical classification of
gestures by McNeill (1992), representational gestures (e.g.,
iconic and metaphoric) have meaning units that mostly
accompany verbal output. For instance, a person can produce
a gesture by referring to a concrete object (e.g., making a
circular shape with hands while describing an apple), which
makes that gesture an iconic gesture. Similarly, if a person
refers to an abstract concept rather than a concrete one (e.g.,
drawing a circle while talking about the notion of an idea),
then it is called a metaphoric gesture. Deictic gestures can be
described as simply pointing at something. Beat gestures do
not carry such semantic units; instead, they follow speech
input with a rhythmical flow in accordance with the speech.
Even though gestures have an important role in improving
communication by affecting the listener (e.g., Beattie &
Shovelton, 2000), gestures, particularly representational
ones, have a facilitative function for the speaker as well (e.g.,
for a review, see Özer & Göksun, 2020).
The Gesture-for-Conceptualization hypothesis (Kita et al.,
2017) argues that gestures can facilitate speech production by
reducing cognitive load and helping speakers conceptualize
information. People produce speech by controlling and
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packaging information units into verbal units. According to
the Gesture-for-Conceptualization hypothesis, gestures have
a similar function in terms of affecting individuals’ thinking
process by helping the conceptualization process in four
ways: activation, manipulation, packaging, and exploration
of the information (Kita et al., 2017). First, gesture enables
the use of spatio-motoric representation rather than abstract
representations. Second, gestures are produced as
manipulation of such spatio-motoric information like actions.
Third, people use gestures for packaging information in
certain units, such as chunking that facilitates information
storage and usage. As a last function, gestures serve as an
exploration tool for rich spatio-motoric information (Chu &
Kita, 2011; Kita et al., 2017). Since we do not manipulate real
objects while using gestures, we rely on abstract
representations that schematize information units and alter
those units in various forms depending on the desired
function.
Iconic gestures are at the core of the current theoretical
frameworks that focus on gestures’ self-oriented functions,
particularly the gesture-for-conceptualization hypothesis
(Kita et al., 2017). However, other gestures, particularly
deictic gestures, might be informative as well in
understanding gestures’ link with cognitive processes. For
instance, older adults, whose language production skills
decrease with age (Burke et al., 1991), are more likely to use
deictic gestures than younger adults (Arslan & Göksun,
2021). Such studies are conducted with narrative tasks in
which participants use deictics in an abstract manner as what
they point at is not physically present. For that reason, such
deictics are named abstract deictics, observed frequently in
bilinguals’ speech (Nicoladis, 2007). Using narrative tasks,
therefore, might be insightful to observe the use of abstract
deictics.
Studies with bilinguals show that they also benefit from
abstract deictics to reduce their cognitive load on narrative
tasks (Azar et al., 2020; Gullberg, 2013). For instance, Azar
et al. (2020) examined the difference between monolinguals'
and bilinguals' gesture rates in narratives. Results indicated
that bilinguals used more abstract deictics compared to
monolinguals. Considering that bilinguals have more
cognitive load than their monolingual peers due to
monitoring and using two languages (Bialystok & Craik,
2010), using abstract deictics as a tool for helping the
conceptualization process might be a strategy for reducing
the cognitive load (Azar et al., 2020; Nicoladis, 2007). In
light of the studies targeting older people and bilinguals,
focusing on abstract deictics besides representational
gestures might lead to a better understanding of the link
between gesture and speech production.

Disfluency
Individuals produce speech to communicate and convey
information to other people. However, speech production can
have temporary errors in speech that are called disfluencies
(Maclay & Osgood, 1959). As Maclay and Osgood (1959)
suggests, there are four types of disfluencies. There are

repairs in which the speakers revise what was previously said
(e.g., I went to school – market). Repetitions occur when a
speaker repeats some part of a sentence (I like apple apple).
As the third type, filled pauses are sounds that are produced
between words (e.g., um). Last, silent pauses are temporary
breaks in a sentence that do not contain any sound, unlike
filled pauses. Although Maclay and Osgood’s (1959)
classification does not include fillers (e.g., filler words such
as you know, I mean), previous studies have highlighted the
importance of fillers for both processing and communicative
functions (Bortfeld et al., 2001; Corley & Stewart, 2008).
Disfluencies might result from cognitive and communicative
processes (Fraundorf & Watson, 2014). It is crucial to
understand disfluencies with their relation to cognitive
resources.
Speech production requires cognitive resources to correctly
form meaningful and grammatical words, phrases, or
sentences (Acheson & Macdonald, 2009; Lindström et al.,
2008). Thus, high demand on cognitive resources would be
reflected in speech as disfluencies (Oviatt, 1995; Shriberg,
1996). Previous research mostly manipulated cognitive load
through task difficulty (e.g., Bock, 1995; Bortfeld et al.,
2001; Morsella & Krauss, 2004). Considering gestures’
facilitative roles in speech planning and production, one
might suggest that gestures can have an extenuative role in
speech disfluencies. In other words, gestures, with their
function of benefiting the speaker in managing cognitive
demands by helping the conceptualization process (e.g., Kita
et al., 2017), can affect disfluency rates in speech. Previous
research has shown that when gesture use is restricted,
participants’ disfluency rates have significantly increased
(Morsella & Krauss, 2005; Rauscher et al., 1996). Therefore,
restricting individuals’ hand use and then observing their
disfluency rates in speech might be required to obtain direct
evidence. Conducting experiments with narrative tasks might
also allow researchers to investigate the role of abstract
deictics on speech production (Azar et al., 2020; Nicoladis,
2007).

The Present Study
In this study, we investigate the role of gestures in speech
production, particularly in disfluency. We examined
individuals’ disfluency rates and patterns when they
spontaneously gestured, their hand use was restricted, and
they were encouraged to gesture. To investigate gesturespeech interaction, we used a cartoon retelling task to obtain
gesture and speech samples.
Considering the existing literature on gesture-disfluency
interaction (Arslan & Göksun, 2022; Morsella & Krauss,
2004; Rauscher et al., 1996), we expect participants to be
more disfluent in the restricted condition than the
spontaneous and encouraged conditions. Moreover, we
predict that participants’ representational gesture use in the
spontaneous gesture condition would predict the disfluency
rates in the gesture restricted condition. Last, as abstract
deictics are suggested to decrease cognitive load (Azar et al.,
2020; Nicoladis, 2007), we hypothesize that abstract deictic
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use in the spontaneous gesture condition might be associated
with the disfluency rates observed in the gesture restricted
condition.

Methods
Participants
We recruited 34 young adults (17 females). The age range
was 18-28 (Mage = 23, SD = 2.72). The sample size (28 plus
an additional 10% risk of attrition) was determined through
G*power analysis (Faul et al., 2009) by setting alpha level as
0.05, effect size as (ηp2) 0.25, and the power as 0.80. All
participants were native Turkish speakers and were using
their right hands predominantly. The participants had no
neurological, hearing, or vision problems. The study was
approved by the Institutional Review Board committee of
Koç University. Five participants were recruited through the
Koç University Subject Pool and rewarded with 1 course
credits for their participation. The remaining twenty-nine
participants have participated voluntarily. We collected
informed consents before the experiment.

Materials
We used three slightly varied versions of Tom and Jerry
cartoon movie clips to elicit speech and gesture production.
All cartoons had a similar content in which there was a chase
happening between the cartoon characters. The duration of
each videoclip was around one minute. We have used Zoom
software to conduct the study (Zoom Video Communications
Inc., 2016).

retelling process. In the encouraged condition, participants
were explicitly instructed to use their hands while retelling
the cartoon (i.e., the experimenter said, “Can you please tell
what you watched in the video by using your hands?”). A
single session took approximately 20 minutes. All sessions
were video recorded for transcription and coding.

Coding
Speech and Disfluency To transcribe speech and code
speech disfluency, we used ELAN software (Lausberg &
Sloetjes, 2009). Silent pauses, filled pauses, repairs,
repetitions, and fillers were identified and coded. A research
assistant coded speech disfluencies of all participants while
another assistant coded 30% of the participants’ disfluencies.
The two coders revealed a high interrater agreement in
identifying (r = .87, p < .001) and categorizing disfluencies
(κ = .89, p < .001). Both coders were blind to the
experimental hypotheses. All disfluency rates were
calculated per 100 words.
Gesture ELAN software was used to code gestures
(Lausberg & Sloetjes, 2009). The first author and a research
assistant coded all participants’ gestures to ensure coding
reliability. We coded iconic, metaphoric, deictic, and beat
(McNeill, 1992). A research assistant coded speech
disfluencies of all participants while another trained assistant
coded 30% of the participants’ disfluencies. The two coders
revealed a high interrater agreement in identifying (r = .83, p
< .001) and categorizing gestures (κ = .82, p < .001). Both
coders were blind to the experimental hypotheses. All gesture
frequencies were calculated per 100 words.

Results

Procedure
The study was conducted in an online environment through a
Zoom meeting. Informed consents were taken from the
participants before the experiment. Then, demographic
information was collected. As a language production task,
three different versions of Tom and Jerry cartoon movie clips
were shown through screen sharing to participants in three
gesture conditions: spontaneous, restricted, and encouraged.
The order of video clips was counterbalanced across the
conditions. Participants were instructed to watch the video
carefully before each video started without any prior
instructions. After watching the video, the experimenter
closed the screen sharing, and participants were asked to
explain what they have watched in the movie clip without
seeing the content. In each gesture condition, we asked
participants to describe what they watched. All participants
had the same gesture condition order as spontaneous,
restricted, and encouraged, respectively. In the spontaneous
condition, participants watched cartoons and spontaneously
told what they watched without any instructions from the
experimenter regarding hand use. In the gesture restricted
condition, participants were instructed to hold their hands
stable on their lap or table while retelling the cartoon. The
experimenter would kindly have warned them not to move
their hands if any movement had happened during the

We conducted a paired samples t-test, taking gesture
frequency as the dependent variable, to understand whether
we were able to manipulate gesture rate of participants in the
encouraged conditions compared to spontaneous conditions.
We found that individuals gestured significantly more in the
encouraged gesture condition (M = .32, SD = .09) than the
spontaneous gesture condition (M = .19, SD = .14), t(33) = 5.26, p < .001.
We then carried out a repeated measures analysis of
variance (ANOVA) to see whether total disfluency rates
differed across three gesture conditions (i.e., spontaneous,
restricted, and encouraged). We found that the main effect of
condition was not significant, F(2,66) = 1.65, p = .200, ηp2 =
.048. In other words, total disfluency rates across three
conditions were comparable (Table 1). The frequency of
using specific disfluency types was also comparable across
the three conditions, Fs(2,66) > 1.63, ps > .204, ηp2s < .047.
We also conducted a linear regression analysis to predict
disfluency rates in the gesture restricted condition. The
predictor variable was representational gesture use in the
spontaneous gesture condition. The regression equation was
not significant, F(1,33) = 2.24, p = .144, with an R2 of .065.
That is, representational gesture frequency in the spontaneous
gesture condition did not significantly predict the disfluency
rate in the gesture restricted condition (β = .256, p = .144).
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Table 1: Mean (M) and Standard Deviation (SD) values of the
total disfluency rate across gesture conditions.
Condition
M
Spontaneous gesture
.32
Restricted gesture
.32
Encouraged gesture
.29
Note. For each condition, N = 34.

SD
.10
.10
.07

We carried out a linear regression analysis to understand
whether beat gesture frequency predicted disfluency rates in
the gesture restricted condition. The regression equation was
not significant, either, F(1,33) = 1.25, p = .272, with an R2 of
.038. Beat gesture frequency in the spontaneous gesture
condition did not significantly predict the disfluency rate in
the gesture restricted condition (β = -.194, p = .272).
Last, when we carried out the same regression analysis
with the deictic gesture use in the spontaneous gesture
condition as the predictor variable, we found that the
regression equation was significant, F(1,33) = 4.93, p = .034
with and R2 of .133. In other words, deictic gesture use in the
spontaneous gesture condition significantly predicted
disfluency rates in the gesture restricted condition (β = .365,
p = .034).

Discussion
In this study, we examined whether gesture production was
associated with disfluency rates in speech. Participants told
narratives from a cartoon in spontaneous, restricted, and
encouraged gesture conditions. We asked whether restricting
or encouraging gestures would lead to differences in speech
disfluency rates. Results indicated that we successfully
manipulated the gesture rate in the encouraged gesture
condition, as individuals produced more gestures in the
gesture encouraged than in the spontaneous gesture
condition. However, disfluency rates across three conditions
were comparable, suggesting that there were no significant
differences in participants’ speech disfluencies when they
used gestures or not. We also investigated whether
representational gesture use in the spontaneous gesture
condition could predict disfluency rates in the restricted
condition. Similarly, we found that disfluency rates in the
absence of gestures were not associated with people’s
spontaneous gesture use. However, the use of abstract
deictics in the spontaneous gesture condition was a
significant predictor of the disfluency rates in the gesture
restricted condition.
Our results do not provide evidence of representational
gestures’ facilitative roles in speech production, particularly
in speech fluency. When people were restricted from using
gestures, their disfluency rates in speech did not significantly
increase. Although this finding contradicts the literature,
considering earlier research by Rauscher et al. (1996) and
Krauss et al. (2000), there is a fundamental difference in our
study design. Rauscher et al.’s (1996) study mainly focused
on gesture-disfluency interaction in a spatial context and tried

to understand gestures’ impact on disfluency rates by using
spatial tasks. Even though our cartoon task has some spatial
units, such as motion events (e.g., a chase happening between
cartoon characters), it is not a purely spatial task. The
narrative context presented to participants can be considered
less spatial compared to tasks used in previous studies, which
suggested an effect of gesture restriction on disfluency (e.g.,
Krauss et al., 2000; Rauscher et al., 1996). If there was a task
with high spatial content (e.g., address description),
representational gestures’ impact on disfluency rates might
be more prominent. However, narrative context may affect
gesture and disfluency interaction differently than spatial
tasks.
Recent findings also highlight a similar implication
regarding the role of task type when it comes to understand
gesture-speech interaction (Cravotta et al., 2021; Finlayson et
al., 2003; Kısa et al., 2021). In line with our findings, when
researchers use narrative tasks to examine how gesture
restriction would affect speech disfluency, restricting
gestures did not result in a significant increase in disfluency
rates (e.g., Cravotta et al., 2021). Representational gestures
might have a specific impact on spatial vocabulary that can
be elicited effectively through spatial tasks (Özer et al., 2017;
Rauscher et al., 1996). In our study, people might have lighter
need for using gestures since the material they were asked to
explain did not elicit spatial words as much as other spatial
tasks (but see Kısa et al., 2021). Thus, restricting gestures in
narrative telling might lead to a comparatively less cognitive
load that can result in decreased rates of speech disfluency.
Therefore, it is possible that the interplay between
representational gesture use and speech disfluency might be
affected by different tasks and contexts.
In contrast, unlike representational gestures, we found that
the use of deictic gestures significantly predicted disfluency
rates in the gesture restricted condition. It is important to note
that in our study, while people were telling what they watched
in the movie clips, the target material (i.e., cartoon scenes)
was not present. They first watched the cartoons and then
retold the stories presented in those cartoons. Therefore, the
deictic gestures produced in the spontaneous gesture
condition could be described as abstract deictics since they
were not pointed at physically present materials. Previous
research shows that abstract deictics are used in narrative
contexts by groups that need to manage high cognitive load,
such as bilinguals (Azar et al., 2020; Nicoladis, 2007) and
older adults (Arslan & Göksun, 2021). Similarly, people in
our study might use abstract deictics rather than
representational gestures to deal with a cognitive load since
they were tested in a narrative context. As reported in the
previous studies (Finlayson et al., 2003; Rauscher et al.,
1996), examining gesture and disfluency interaction through
gesture restriction in a fully spatial context can result in the
use of representational gestures being more prominent.
However, telling a narrative might enhance the facilitative
roles of abstract deictics’ on managing cognitive load since
people cannot benefit from representational gestures due to
less amount of spatial input (e.g., Azar et al., 2020; Nicoladis,
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2007). In other words, individuals who are likely to get help
from abstract deictics to decrease cognitive load might be
more negatively affected in terms of fluency when their hand
use is restricted.
In conclusion, these findings indicate that there seems to
be no effects of gesture restriction and encouraging gesture
use on speech disfluency rates. On the contrary, abstract
deictics used in spontaneous gesture condition might be a
predictor of disfluency rates in the gesture restricted
condition. These results suggest that the impact of different
gesture types on speech disfluency might change depending
on the task and context. People might benefit from abstract
deictics rather than iconic gestures in terms of facilitating
speech production in a narrative context, unlike talking about
spatial concepts. Further research is needed to understand the
role of abstract deictics in cognitive processes, particularly in
speech production.
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Abstract

4. informationally redundante utterance (discourse marker)
e.g., “John went shopping. Oh yeah, and he paid the
cashier.”

Empirical studies have demonstrated that when comprehenders
are faced with informationally redundant utterances, they may
make pragmatic inferences (Kravtchenko & Demberg, 2015).
Previous work has also shown that the strength of these inferences depends on prominence of the redundant utterance – if it
is stressed prosodically, marked with an exclamation mark, or
introduced with a discourse marker such as “Oh yeah”, atypicality inferences are stronger (Kravtchenko & Demberg, 2015,
2022; Ryzhova & Demberg, 2020). The goal of the present
paper is to demonstrate how both the atypicality inference and
the effect of prominence can be modelled using the rational
speech act (RSA) framework. We show that atypicality inferences can be captured by introducing joint reasoning about the
habituality of events, following Degen, Tessler, and Goodman
(2015); Goodman and Frank (2016). However, we find that
joint reasoning models principally cannot account for the effect of differences in utterance prominence. This is because
prominence markers do not contribute to the truth-conditional
meaning. We then proceed to demonstrate that leveraging a
noisy channel model, which has previously been used to model
low-level acoustic perception (Bergen & Goodman, 2015), can
successfully account for the empirically observed patterns of
utterance prominence.
Keywords: world knowledge; experimental pragmatics;
Bayesian modeling; noisy channel

When comprehenders encounter utterances that are pragmatically unexpected in the light of world knowledge, they
may accommodate them by revising their beliefs about the
common ground. Research on pragmatic inferences has to
date paid relatively little attention to such common ground
inferences, and formal models of pragmatic reasoning, with
the notable exception of Degen et al. (2015), similarly do not
typically account for the effects unexpected utterances may
have on background beliefs about the world. As Degen et al.
show, these inferences may substantially alter utterance interpretation. Examples of the types of utterances we concern
ourselves with are taken from the experiment by Kravtchenko
and Demberg (2015) and include the following conditions
(actual materials contain longer stories and are abbreviated
here to highlight the critical manipulation):
1. baseline (no informationally redundant utterance)
e.g., “John went shopping.”
2. informationally redundant utterance (no marking)
e.g., “John went shopping. He paid the cashier.”
3. informationally redundante utterance (exclamation mark)
e.g., “John went shopping. He paid the cashier!”

In each case, the speaker first establishes that a stereotypical series of actions, such as the shopping event, occurred.
In the case of utterance (1), the speaker then stops. However, given world knowledge about the structure and typical
activity components of such events, most listeners conclude
that habitual events associated with that activity such as paying the cashier must have taken place, even if not mentioned
explicitly (Bower, Black, & Turner, 1979). According to the
cooperative principles (Grice, 1975), listeners expect for rational speakers to not be unnecessarily verbose and to hence
omit information that does not need to be explicitly stated to
be inferred accurately.
Kravtchenko and Demberg (2015); Ryzhova, Mayn, and
Demberg (2022) have established that informationally redundant utterances of the form (2-4) above lead to pragmatic inferences, involving a revision of the beliefs about the habituality of the mentioned activity. In the case of our example,
this means that the listener infers that John must be a less habitual payer than initially assumed (for instance, he might be
a shop lifter), as this is a way to justify the activity’s explicit
mention. Ryzhova et al. (2022) have recently demonstrated
that such inferences are indeed drawn by comprehenders and
that they are expressed in lower ratings regarding the question
whether John typically pays the cashier.
Figure 1 is based on data from a large-scale replication
of the original study (reported in Kravtchenko & Demberg,
2022). It shows listener distribution of habituality estimates
after reading utterances of the type (1-4). These estimates
were obtained by asking participants to provide ratings of
how habitual a given activity was, in the context of a particular activity sequence, see the section on the habituality prior
for more details.
In Figure 1, it can be observed that habituality estimates
– i.e., how often John is expected to pay the cashier – are
overall rather high in the null utterance condition. This is
expected for a predictable activity. However, they noticeably
(and significantly) decrease when encountering a redundant
utterance. This decrease in habituality ratings is what we refer
to as the atypicality inference.
The ratings of the two marked conditions ((3) exclama-
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"(...)"

"John paid the
cashier."

"John paid the
cashier!"

"Oh yeah, and John
paid the cashier."

meaning to the literal listener, and an utterance cost C which
reflects speaker effort, where α and λ are parameters that determine the rationality of the speaker, and the extent to which
the speaker weighs the utterance cost:

6
4

density

2

PS1 (u|s; α, λ,C) ∝ P(u; λ,C) exp(α log PL0 (s|u))

0

Finally, the pragmatic listener interprets the perceived utterance while reasoning about the speaker’s choice of utterance:

6
4
2

PL1 (s|u) ∝ PS1 (u|s; α, λ,C) · P(s)

0
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1.000.00

0.25

0.50

0.75

1.00

habituality

Figure 1: Smoothed distributions (kernel density estimates)
showing the comprehender’s estimate of how likely they think
the mentioned character (here: John) is to habitually pay the
cashier. The estimates are based on 24 items and responses
from a total of 2100 participants, reported in Kravtchenko
and Demberg (2022). The atypicality inference is visible in
the shift of estimates away from the right end in the null utterance baseline “(...)” condition to lower estimates in the other
conditions.
tion mark and (4) discourse marker) are furthermore significantly lower than the ratings for the full stop condition
(2). Kravtchenko and Demberg (2015) suggest that longer or
more prominent utterances like (3) and (4) can be thought of
as being perceived and attended to better than less prominent
but meaning-equivalent utterances like (2). More prominent
or attention-drawing utterances are both empirically (see Figure 1) and theoretically (cf. Wilson & Sperber, 2004) predicted to strengthen pragmatic inferences, as they can signal
greater speaker intent.
In this paper, we thus aim to
• Goal A: model the atypicality inference (difference between conditions (1) and (2-4))
• Goal B: model the interpretation of truth-conditionally
equivalent utterances that differ in their perceptual prominence (difference between (2) and (3, 4))
We propose to do this using the rational speech act (RSA)
(Frank & Goodman, 2012) framework. The rational speech
act model combines ideas from Gricean iterative reasoning
with probabilistic approaches – probabilistic speakers and listeners recursively reason about each others mental states. The
basic “literal listener” simply infers the current world state s
based on whether it is compatible with the utterance u and the
world state’s prior probability:
PL0 (s|u) ∝ JuK(s) · P(s)
The speaker chooses their utterance based on the utility of
the utterance for successfully communicating their intended

We will demonstrate that two previously proposed model
extensions can be used in order to account for the overall effects: to achieve goal (A), a joint reasoning model (Degen
et al., 2015) can be adapted to account for the atypicality inference. It turns out, however, that the resulting RSA model
principally cannot predict inferences of different strengths for
the utterance prominence conditions, as required for goal B.
We therefore propose to re-interpret the noisy channel RSA
model proposed by Bergen and Goodman (2015) in terms of
attentional processes. While Bergen and Goodman (2015)
used the noisy channel to model mishearing at the acoustic
level, we here propose to use the same noisy channel construct to account for effects of attentional prominence.

Modeling a shift in background beliefs
The literal meaning of paid the cashier communicates nothing about activity habituality directly. Standard RSA models,
where the listener only infers a world state given an utterance, can therefore accurately predict only that the cashier
was definitely paid in the case of utterances (2-4), and that
they may or may not have been paid, modulated by prior beliefs about the habituality of paying, in the case of utterance
(1). Activity habituality by itself cannot be modeled within
this framework, since all utterances are at face value equally
consistent with all possible habitualities.
To model the atypicality inference, it is necessary to minimally incorporate joint reasoning about background knowledge, following the proposal of Degen et al. (2015). Here, the
listener reasons jointly about the current world state (s) (i.e.,
did the activity in question occur, or not), as well as the true
habituality of the activity (h), given the speaker’s utterance
(u).

Habituality RSA (hRSA) model
A RSA model which incorporates joint reasoning (e.g., Degen et al., 2015; Goodman & Frank, 2016) can model both
changes in beliefs about the world, and changes in beliefs
about the current activity state. Here, we feed empirical priors about event habituality (see next section) directly into the
model, where the likelihood of the activity occurring is conditional on the activity habituality. Whether a given activity occurred, or not (s), then, is simply a Bernoulli trial with p = h.
In the habituality RSA (hRSA) model, the literal listener arrives at the most likely current world state (s) (whether the
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activity took place, or not), given the utterance (u), and prior
beliefs about activity habituality (h):
PL0 (s|u, h) ∝ JuK(s) · P(s|h)
L0 does not reason about habituality, as this is not a part of
the literal interpretation.
The pragmatic speaker, S1 , considers the likelihood that a
given utterance will communicate the current activity state to
the listener, given common-ground beliefs about habituality,
while balancing the cost C1 of uttering the potential utterances relative to one another:

to use a beta distribution for this, and estimate its parameters empirically from the data. Kravtchenko and Demberg
(2022) collected ratings for the habituality of various activities, from 2100 participants. These participants were asked to
indicate, on a sliding scale from never to always, how often
they thought someone engaged in a particular activity (such
as paying the cashier) as part of a certain event sequence (such
as going shopping), see Figure 2 for an example. The slider
was discretized into numbers 0 to 100 for analysis of the data.
Q: How often do you think John usually pays the cashier, when
grocery shopping?

PS1 (u|s, h; α, λ,C) ∝ P(u; λ,C) exp(α log PL0 (s|u, h))
In our model, we set the costs for null utterances to 0, the
cost for a plain utterance to 3, the cost for the exclamation
mark utterance to 4 and the cost for the oh yeah utterance
to 4.5. These cost settings were not estimated empirically;
they are quite robust to changes in the numerical values. As
we will see below, the utterance costs have little effect on
the pragmatic listener posterior for which we can compare to
empirical data; they mostly affect the speaker choice, which
still needs empirical testing.
The relative weights that speakers give to the cost and utility functions are represented by the parameters λ and α. λ expresses the speaker’s prioritization of reducing utterance cost;
in our model, we set it to 1. α expresses the speaker’s rationality, i.e., the degree to which the speaker maximizes utterance
utility. In our model, α is set at 7. Only one level of recursion is used, as is standard, given limited empirical evidence
for deeper levels of recursion in online pragmatic reasoning
(Goodman & Stuhlmüller, 2013; Goodman & Frank, 2016).
The pragmatic listener, L1 , considers the likelihood that a
given utterance would be chosen by the speaker, given the
probabilities of particular world states and activity habitualities, and arrives at the most likely interpretation of the utterance on this basis:
PL1 (s, h|u) ∝ PS1 (u|s, h; α, λ,C) · P(s|h) · P(h)
Note that in the present hRSA model, the habituality is a
type of belief about the world, like in other joint reasoning
models. However, it is not a belief about the habituality of
the activity in general. Instead, the atypicality inference describes whether the general habituality of an activity generalizes to the agent of the story (Generally, people pay when
going shopping, hence John pays when going shopping), or
whether the habituality of the activity does not extend to John,
i.e., John doesn’t usually pay.

Estimating the habituality prior
In order to calculate the model predictions, we need to estimate a prior for the habituality of the activities. We decided
1 See
https://michael-franke.github.io/probLang/chapters/app03-costs.html, for a discussion of how utterance costs C should be
formalized within the RSA framework.

Figure 2: Slider used for collecting habituality estimates from
participants.
Importantly, the question was asked in the context of a
story which introduced the overall activity (e.g., shopping),
but did not contain the redundant target utterance (like condition (1) in the example in the introduction). These ratings are
used in our study to estimate the habituality prior. Figure 1,
top left panel, shows the distribution of habituality estimates
collected from participants. We can see that most participants
believe that the event is highly likely to happen, as visible
from the high number of ratings above 0.9.
Note that the distributions in Figure 1 are bimodal: there
is also a small peak around the 0.5 mark. We believe that
this peak around 0.5 is an artifact related to the method of
data collection, reflecting the well-known midpoint bias. The
midpoint bias says that people tend to select the mid point on
a scale, to express uncertainty; even if their “real” estimate
might be 0.45 or 0.55, they are more likely to put the slider
in the middle, instead of at these values close to the middle
of the scale. This midpoint bias affects all of the conditions.
However, for our RSA models, we do not aim to replicate
this midpoint bias, as the RSA model is a model of human
inference, and not a model of how an inference gets mapped
onto a slider. Rather, we aim to model the overall pattern of
the distribution, i.e. the proportion of responses qualifying the
event as highly likely vs. the heavier tail.
In order to set the habituality prior for the computational
model, we fit a beta distribution to the empirical response
data, using the fitdistrplus R package (Delignette-Muller
& Dutang, 2015; R Core Team, 2018). The resulting estimate
for the prior was fed directly into the model.

Results
The hRSA model correctly captures the predicted effect of
goal (A), as seen in Figure 3a: if an activity is described explicitly, the habituality is likely to be low. What it does not,
however, capture is the effect of utterance prominence (goal
(B)): there is virtually no effect of utterance prominence on
interpretation by the pragmatic listener.
The crucial point for understanding this failure to show the
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Figure 3: Posterior (pragmatic listener) probabilities for the noisy channel hRSA model.
desired effects is as follows: There are three possible ways
of articulating the redundant utterance: with a full stop at the
end (2); with an exclamation mark (3); or with an attentiondrawing and relevance-establishing discourse marker (4), in
order of increasing utterance cost. The more attentionally
prominent utterances (3-4) will never be of any advantage
to the literal listener, in terms of whether they effectively
communicate the current world state. They are likewise of
no advantage to the speaker, either in terms of likelihood of
accurate message transmission to the literal listener, or the
speaker’s presumed goal to conserve articulatory effort. As
a consequence, the pragmatic listener will not infer that the
more effortful utterance is more likely to communicate an
atypical meaning.
We note that the model also makes predictions about
speaker behaviour, for which we have currently no empirical evidence, but which could be tested in the future. Figure 4a illustrates the model predictions for the speaker: An
example of an activity with 95% habituality could be paying the cashier; as we can see, the speaker would be predicted not to mention this explicitly. An activity with 50%
habituality could for instance be buying apples. Here, we
can see that the speaker would be predicted to prefer a plain
utterance, with some probability also distributed among the
other choices. For a surprising event with just 5% habituality,
which could for instance correspond to accidentally dropping
something, the speaker’s utterance choices are almost identical to the ones for 50% habituality. The only difference is that
the empty utterance is not predicted. In particular, the model
predicts that speakers are very reluctant to use exclamation
marks or other markers even in this condition.
The failure of standard RSA models to derive pragmatic inferences of different strengths, given semantically meaningequivalent utterances, is directly analogous to their failure to
derive M-implicatures or inferences due to prosodic stress,
as detailed and mathematically proven in Bergen, Levy, and
Goodman (2016). As a result, this model fails to capture any

Table 1: Confusion matrix showing the likelihood of any
given utterance being perceived as any other.

(. . . )
He paid.
He paid!
Oh yeah. . .

(. . . )
0.99
0.01
0.0001
0.0001

He paid.
0.01
0.95
0.02
0.02

He paid!
0.0001
0.02
0.97
0.01

Oh yeah. . .
0.0001
0.02
0.01
0.97

of the empirically demonstrated effects that increased utterance salience has on utterance choice or comprehension, also
predicted by psycholinguistic theories of language comprehension (e.g., Levy, 2008).

Attentional prominence and inference strength
In order to achieve goal (B), it is necessary to assign some
attentional benefit to the more costly redundant utterance, to
be already active at the L0 level. Empirically, there is evidence that readers often cannot recall whether elements in a
stereotyped activity sequence were explicitly mentioned, or
not (Bower et al., 1979), and that informational redundancy,
even at the multi-word level, in part serves the purpose of ensuring that listeners attend to and accurately recall relevant information (Walker, 1993; Baker, Gill, & Cassell, 2008). The
noisy-channel RSA model proposed by Bergen and Goodman (2015) successfully captures this intuition, although in
our case we consider the probability that an utterance is attended to and stored in memory, rather than simply misheard,
as represented in Table 1.
The exact values in the table are set somewhat arbitrarily,
as we do not have the empirical data for fitting them more
exactly. In our experiments, we found that modelling results
are quite robust to modifications of these exact values. The
most important aspect to capture the empirical effects is that
the utterances that are prominent and attract more attention
should have a very small confusion probability with the null
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Figure 4: Speaker’s utterance preferences in the hRSA and noisy channel hRSA model for events with different habitualities
(e.g., paying the cashier vs. buying apples vs. dropping the eggs in a grocery shopping scenario).
utterance, in particular much smaller than the probability of
the full stop condition.
We chose the values shown in the table as we found them
to be intuitively plausible. On the diagonal, that each utterance is most likely to be recalled and remembered as itself.
Each utterance also has a small likelihood of being misperceived as a perceptually ‘neighboring’ utterance: “he paid!”
and “oh yeah...” both have a small likelihood of being mistakenly recalled as the other, and a higher likelihood of being
recalled as the plain utterance: “he paid.”. The plain utterance (“he paid.”), which does not draw any particular attention, has a small likelihood of not being remembered (“(...)”),
and the ‘null’ utterance (“(...)”) may mistakenly be recalled
as the plain utterance. Although this last confusion may appear counterintuitive, Bower et al. (1979) shows that in script
contexts, participants frequently recall reading about habitual activities that were not, in fact, mentioned explicitly. To
sum up the general intuition, the listener is more likely to notice and accurately recall more perceptually prominent utterances, and is correspondingly more likely to wonder why the
speaker went to the extra effort in producing these utterances.

Noisy hRSA model
In the noisy channel hRSA model, it’s assumed that every
utterance has a non-trivial likelihood of not being actively attended to, and being mistaken for or mis-recalled as a ‘neighboring’ utterance. Here, ui represents the utterance intended
by the speaker, and ur represents the utterance actually recalled by the listener. At every level, the listener or speaker

reason about the likelihood that the utterance they actually
perceived is not the utterance that was uttered, or, conversely,
that the utterance they intend may not be the utterance that is
in fact perceived. Again, only one level of recursion is used,
and only one is necessary to capture these results. To note,
given the mathematical properties of RSA models (Bergen
et al., 2016), deeper levels of recursion would not in themselves alter the ability of the model to capture the utterancedependent variations in inference strength.
The literal listener reasons about the likely world state
given the utterance they in fact recall, and the habituality of
the activity in question. However, they weigh this by the likelihood that the utterance recalled is not in fact the utterance
that was intended.
PL0 (s|ur , h) ∝ Jur K(s) · P(s|h) ·

∑

P(ur |ui )P(ui )

ui :Jui K(s)=1

The pragmatic speaker chooses an utterance ui given a
world state and activity habituality, taking into consideration the likelihood that the listener may misremember or misrecall the utterance they intend. Intuitively, the confusability
is more likely to play a role when the meaning that the speaker
intends to transmit is unexpected by the listener, compared to
when it is a highly expected meaning.
PS1 (ui |s, h; α, λ,C) ∝ P(ui ; λ,C) exp(α ∑ P(ur |ui ) log PL0 (s|ur , h))
ur

The pragmatic listener, as in the hRSA model, infers the
current world state and activity habituality, taking into ac-
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count the conditions under which the speaker made their utterance choice, their habituality prior, and the likelihood of
the state given the habituality. The pragmatic listener again
takes into account the possibility that they may mis-recall the
speaker’s intended utterance.

– the asymmetry between the conditions would disappear if
costs were assigned equal values (as we set the confusability
values to be equivalent for the two conditions). In summary,
the model predicts that speakers are likely to use more effortful utterances to communicate less likely meanings.

Conclusion
PL1 (s, h|ur ) ∝ P(s|h)·P(h)· ∑ PS1 (ui |s, h; α, λ,C)P(ur |ui )P(ui )
ui

In sum, a redundant event description that does not somehow draw the listener’s attention is less likely to be attended
to, and more likely to be misperceived or misremembered by
the literal listener as a ‘null’ utterance. The pragmatic speaker
must take into account that their utterance may not be attended to or remembered by the listener, and the pragmatic
listener likewise considers the possibility that they may fail
to attend to or remember what the speaker uttered.

Results
This model qualitatively captures both goals A and B. As can
be seen in Figure 3b, pragmatic listeners adjust the common
ground such that a typical activity which is uttered overtly is
inferred to be less habitual: the peak at the high ratings is
greatly reduced in favour of a heavier tail. This is thus reflective of goal (A). The figure also shows that more effortful
utterances (3) and (4) lead to stronger atypicality inferences
(for high-habituality activities): the tails for the exclamation
mark condition and the “oh yeah” condition are substantially
heavier than for the full stop condition. This is in line with the
empirical data in Figure 1 and hence with goal (B) above. The
heaviness of the tail depends on the settings of the alpha parameter: heavier tails without bimodality can be achieved by
choosing lower values for alpha, thinner tails with a second
peak between 0.6 and 0.7 can be achieved by choosing higher
values for alpha. Comparing the empirical posterior habituality estimates from Figure 1 to the habitualities inferred by the
pragmatic listener from Figure 3b, we can see that the overall
pattern is qualitatively similar.
The noisy channel RSA model also makes specific predictions for the speaker, see Figure 4b. For high-habituality
activities, speakers are very unlikely to describe the activity
explicitly, just like in the plain hRSA model. And if they
do, they tend to choose less effortful utterances, as shown
in Figure 4b. Moderately habitual activities will always be
mentioned, according to the model, and speakers may even
choose the marked utterances. The strength of this effect can
be modulated by changing alpha and/or by changing the confusion matrix. Non-habitual activities are virtually always described explicitly, and as can be seen, speakers strongly prefer
a higher-effort utterance that is more likely to be attended to,
and less likely to be mis-recalled as a “null” utterance. We
also note a difference in speaker preferences between the two
marked utterances, with exclamation mark utterances being
preferred over the oh yeah utterances. This can be attributed
to the higher production cost that we postulated in the model
for the oh yeah utterance compared to the exclamation mark

In this paper we set out to demonstrate that atypicality inferences can be qualitatively modeled using the RSA framework. We firstly showed that the incorporation of joint reasoning about the utterance and world knowledge can successfully account for common ground atypicality inferences.
However, this model can not account for effects of utterance
prominence between meaning-equivalent utterances. We addressed this by demonstrating that the noisy channel RSA
model by Bergen and Goodman (2015) can be re-interpreted
for this case, such that the noisy channel model describes
confusability between messages due to higher-level attentional processes, instead of low-level perceptual ones. The
noisy hRSA model demonstrates that the empirically observed atypicality inference effects can be captured well qualitatively, and that this can be accomplished using existing and
independently motivated mechanisms, and does not require
the postulation of any new mechanisms.
Limitations of our work include the fact that we did not
empirically estimate the confusion matrix for utterances for
the confusion matrix of the noise model, or the cost of the
alternative utterances, and consequently did not attempt an
quantitative model fit for the noisy hRSA listener model. A
further area of future work consists of empirically estimating
to what extent speakers choose more prominent utterances as
a function of how non-predictable/surprising the target utterance is, to test the model predictions about speaker behaviour.
Finally, we note that our interpretation of the effect of
the exclamation mark and the discourse marker as drawing
more attention to the utterance, which then causes stronger
pragmatic inferences is a stipulation, which should be further tested in future work. The noisy channel mechanism as
such is insensitive to our hypotheses regarding what type of
process the noise may stem from (acoustic noise, encoding
difficulties or noise through memory recall), but trying to experimentally pin down the reason for the effect and modelling
it in terms of a process model represent interesting areas of
future research.
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Abstract
One of the ways to make reinforcement learning (RL) more efficient is by utilizing human advice. Because human advice is
expensive, the central question in advice-based reinforcement
learning is, how to decide in which states the agent should ask
for advice. To approach this challenge, various advice strategies have been proposed. Although all of these strategies distribute advice more efficiently than naive strategies (such as
choosing random states), they rely solely on the agent’s internal representation of the task (the action-value function, the
policy, etc.) and therefore, are rather inefficient when this representation is not accurate, in particular, in the early stages of
the learning process. To address this weakness, we propose an
approach to advice-based RL, in which the human’s role is not
limited to giving advice in chosen states, but also includes hinting apriori (before the learning procedure) which sub-domains
of the state space require more advice. Specifically, we suggest different ways to improve any given advice strategy by
utilizing the concept of critical states: states in which it is very
important to choose the correct action. Finally, we present experiments in 2 environments that validate the efficiency of our
approach. Keywords: interactive machine learning; reinforcement learning

Introduction
The learning process of Reinforcement Learning (RL) agents
in complex environments is often very slow. One of the ways
to speed up this process is by providing advice to the learning
agent. There exist two categories of advice strategies: General advice and contextual advice. Strategies that fall into the
first category (general advice), usually utilize expert demonstrations, which should be available before the start of the
learning process. In contrast, strategies that fall into the second category (contextual advice), ask a human expert for action advice in individual states during the learning process.
This paper proposes an improvement for advice strategies that
fall into the second category.
Human advice requires time and effort from the human expert and thus is considered expensive. Therefore, the central
challenge can be formulated as follows: Given an RL agent
that is learning according to a given RL algorithm and a limited advice budget (amount of available advice), distribute the
advice budget such that the agent learns the given task as fast
as possible. To tackle this challenge, the learning agent needs
a criterion for deciding in which states it should ask for advice. The literature on advice-based RL proposes a variety of
such criteria (see the “Related Work” section).
In most advice strategies found in the literature, the criteria
used for selecting advice states (states in which the agent asks

for advice) are based solely on the agent’s model of the policy or the Q-function. In uncertainty-based advice (Da Silva,
Hernandez-Leal, Kartal, & Taylor, 2020), for example, the
selection criterion is the variance of the head outputs of the
multi-headed Q-function model. Although advice strategies
that use this type of criteria are usually more efficient than
primitive advice strategies, such as distributing advice randomly or asking for advice in every state until the advice
budget is finished, all of these strategies suffer from a major
problem: they are based only on the current understanding of
the task by the agent. This is a crucial fact because the agent’s
understanding of the task can be rather poor—especially during the early stage of the learning process. Consequentially, it
is likely that in the early stages of the learning process, when
advice is most needed, the agent will not be very good at selecting those states in which advice would be most helpful.
The approach proposed in this paper addresses the weakness of most advice strategies mentioned above by including the human expert into the advice framework more extensively. Whereas, in most advice strategies the expert is utilized solely for giving action advice in individual states, in
the suggested approach the expert has the additional role to
mark sub-domains of the state space in which there might be
a strong need for advice. That is, the learning agent utilizes
the human expert in two ways: Firstly, to receive advice in
individual states; Secondly, to help selecting states in which
to ask for advice.
In order to determine states in which advice might be very
helpful, we use the concept of state criticality that was introduced in (Spielberg & Azaria, 2019). State criticality is a
measure of variability in the expected return of the available
actions. States that have a high variability in the expected returns should receive a high criticality value while states with
low variability in the expected returns should receive a low
criticality value. State criticality is a subjective measure, that
is assigned by a human designer of the criticality function
(the function that assigns a criticality value to each state from
the state space) and thus does not require any estimate of the
Q-function.
In summary, the major contributions of this paper are the
following:
1. We introduce criticality-based advice: An approach to
advice-based RL in which the human expert not only pro-
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vides action advice at individual states but also helps the
learning agent to select advice states using state criticality.
2. We present experiments in 2 environments (Gridworld and
Atari Pong) that prove the efficiency of criticality-based
advice.

Related Work
The current piece of research is closely related to multiple
sub-domains of the RL domain: advice-based RL, advice
strategies that are based on uncertainty metrics of the learning agent, and RL algorithms that use the notion of critical
states. This section reviews literature that is related to these
three sub-domains.
In the context of human-aided RL, one of the most popular techniques for speeding up the learning process is advicebased RL (Thomaz & Breazeal, 2007; Tenorio-Gonzalez,
Morales, & Villaseñor-Pineda, 2010; Cruz, Twiefel, Magg,
Weber, & Wermter, 2015). We discuss only several selected
algorithms out of the vast amount that appears in the literature (see for example (Knox & Stone, 2009; Griffith, Subramanian, Scholz, Isbell, & Thomaz, 2013) ).
Importance-based advice strategies utilize the notion of
state importance to select states that require advice (Torrey
& Taylor, 2013). Unfortunately, the efficiency of this strategy
is compromised by the downside that the Q-function needs
to be initiated with strongly negative values. Zimmer et al.
succeeded in fixing this downside via an approach in which
the advisor is modeled as an RL agent (Zimmer, Viappiani, &
Weng, 2014).
Another remarkable approach in advice-based RL combines contextual advice with learning from demonstrations
(LfD). In (Nicolescu & Mataric, 2003) and (Rybski, Yoon,
Stolarz, & Veloso, 2007) a LfD system is augmented with
verbal instructions, in order to make the learning agent perform certain actions during the demonstrations.
Another metric used for the selection of states that require
advice is agent uncertainty (Da Silva et al., 2020). Given the
many applications of agent uncertainty, several works studied how to define epistemic uncertainty measures. In some
of these works, agent uncertainty is calculated via dropout
schemes (Chen, Zhou, Chang, Yang, & Yu, 2017) or ensemble of networks (Clements, Robaglia, Delft, Slaoui, & Toth,
2019). In Ad-hoc advising, the uncertainty estimate is based
on the number of visits in each state (Silva & Costa, 2019).
Ilhan et al. propose a Deep RL version of Ad-hoc advising,
estimating visit counts through a deep neural network (Ilhan,
Gow, & Perez Liebana, 2019). Alternatively, it is possible to
use Bayesian neural networks to estimate the epistemic uncertainty of the agent and to ask for demonstrations based on
it (Thakur, Hoof, Higuera, Precup, & Meger, 2019).
While there exists a rich literature on the first two
sub-domains mentioned above (Najar & Chetouani, 2020)
(advice-based RL and uncertainty-based advice strategies),
the notion of critical states is not yet an established notion
in the RL domain. To the best of our knowledge, there exist

only two papers that discuss the usage of critical states in RL.
Spielberg and Azaria introduce the notion of a critical state as
a state in which the choice of action has a significant influence
on the agent’s total reward (Spielberg & Azaria, 2019). This
notion is then applied to tackle the challenge of choosing the
proper step number in n-step algorithms. In another paper,
critical states are utilized for a different purpose: to evaluate
the safety of an AI agent or robot (Huang, Bhatia, Abbeel,
& Dragan, 2018). Huang et al. advocate that safety can be
achieved more efficiently by observing the robot’s behaviour
in critical situations.

State Criticality
In the context of reinforcement learning, the criticality of a
state indicates how much the choice of action in that particular state influences the expected return (Spielberg & Azaria,
2019). State criticality can be defined as a measure of the
variability of the expected return with respect to the available
actions. The criticality of a state can range from 0 to 1 such
that 0 represents no variability between the expected return
of the actions (for example, if there is only a single action,
or if all actions result in the same expected return), and 1
represents high variability between the expected return of the
actions (for example when some actions result in a very high
expected return, while other actions result in a very low expected return). The criticality of a state can be linked to the
variance of the Q-function with respect to the action values
in that state - albeit loosely. Although there the criticality of
a state is not uniquely defined by any objective measure, because state criticality is subjective, it should satisfy the minimal requirement that a variance of 0 should result in a state
criticality of 0, while a variance greater than 0 should result
in a state criticality of greater than 0.
The notion of state criticality is particularly useful in learning situations that include a teacher and a student. An example of such a learning situation is a driving lesson. If a student driver approaches an obstacle on the road, her teacher
may state to her that she must watch out, without suggesting
exactly which action to take (e.g. slowing down, turning the
wheel right or left, etc.). This warning will motivate the student driver to pay more attention to the situation and thereby
decrease the risk of a collision. Even in the case that the car
will hit that obstacle later, the student will understand that
she probably took a wrong action back when the teacher has
warned her and therefore, will learn more easily how to behave properly in such a situation. Clearly, the situation of a
driving lesson possesses the characteristics of a human-aided
reinforcement learning scenario in which the learning agent
finds itself in a certain state and needs to choose one action
from an array of possible actions. After having been informed
about the criticality level of the current state by the human
teacher, the learning agent utilizes the criticality information
to adjust its learning strategy.
According to the definition above, state criticality is as a
human centered concept, in the sense that it is a human esti-
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mate of the spread of consequences with respect to the available actions. Therefore, the definition implies that the criticality function (that is, the function that assigns a criticality
level to each state of the environment) of a given environment
is not unique, but can be any element from a whole class of
functions that are loosely defined by the variance of the expected return (as described above).
Above, state criticality was introduced as a subjective estimate of the variability of the Q-function it was not specified
to which policy this Q-function should belong. Considering
that the intuitive mind does not operate with explicit policies
but rather with high-level intuitive representations of policies
this vagueness was introduced on purpose, to ensure that state
criticality will be a human-friendly concept. Yet, the optimal
policy should appear in the definition of criticality at least
in an implicit manner, since ultimately it is that policy, that
the agent is supposed to learn. This might be achieved by
instructing the criticality provider that the criticality levels
should relate to a policy that is close to optimal. Such an
instruction is likely to be friendly to the criticality function
provider, since it is rather natural to think about an almost
optimal policy when estimating criticality levels of states.

Criticality-Based Advice
While expert advice helps RL agents to learn more efficiently,
it is also rather expensive. Hence, there is a need for strategies that select states in which advice is most useful. There
exists a variety of techniques that are used to execute this selection task. However, most of them only utilize the agent’s
knowledge and are therefore not very efficient in the early
stages of the learning process. The approach that we propose,
in contrast, also uses state criticality, which is an aspect of
a human’s knowledge about the learning environment. This
section describes how to use state criticality to make advicebased RL more efficient.
The novel advice strategy that will be introduced in this paper, criticality-based advice (CBA), utilizes a criticality function which is a function that assigns a criticality level to every
state in the environment, that has been generated by a human
expert apriori—before the beginning of the RL agent’s learning process. This paper introduces two versions of criticalitybased advice: The plain version (p-CBA) and the meta version (m-CBA). p-CBA is based on criticality alone, which
means that the learning agent will receive advice in a given
state if and only if the criticality of that state is sufficiently
high. The more complex version, m-CBA, operates on top of
an underlying advice strategy. In m-CBA the criterion that
is being used to select advice states is a combination of the
criterion used by the underlying advice strategy and the state
criticality.
For m-CBA, there are various ways to combine state criticality with the metric of the underlying advice strategy, such
as agent uncertainty in the case of (Da Silva et al., 2020).
The most straightforward way to do this is to use the logical and operator (we will call thislogicand approach). In

this approach a state will be selected for advice if and only
if it is considered an advice state by the underlying advice
strategy and it’s criticality is sufficiently high. The benefit
of this approach is, that the agent will not waste its advice
budget on states in which the choice of action does has only
a small impact on the total reward. An efficient alternative
way to accomplish such a combination, could be multiplication: to multiply the metric of the underlying advice strategy with state criticality. For this type of combination, the
selection thresholds for agent uncertainty and state criticality should be fused into one threshold by multiplication too.
Both approaches—the logicand approach and the multiplicative approach—are tested in this paper.
To determine whether the criticality of a state is sufficiently
high it is necessary to use a threshold with a value between
0 and 1. This threshold can be either stochastic or fixed.
The stochastic threshold is a threshold that is being sampled
in each state that the agent visits. In the simplest case, this
threshold could be sampled from a uniform distribution over
the [0, 1] interval. When CBA is used with a fixed threshold
we face the challenge of choosing an appropriate threshold.
Clearly, in the case of a binary criticality function, which
produces only 2 possible values - 0 or 1 - the choice of the
threshold is irrelevant. However, in the case when the criticality function is continuous, it is not obvious how to choose
a proper criticality threshold. In this case, one principle
that might be used to determine an appropriate threshold
could state that the portion of the state space that is below
the threshold should be sufficiently large. Although this
principle does not guarantee the efficiency of CBA, it prevents inefficient criticality thresholds: those thresholds that
would rule out only a small portion of potential advice states.
The CBA algorithm (p-CBA)
trh: stochastic or deterministic criticality treshold
n=0:
budg: advice budget
RLalg: underlying RL algorithm (e.g. Q-Learning)
while S 6= Terminal
if (crit(S) > trh) and (n < budg)
ask for advice
a=advice
n+=1
else
select a according to RLalg
perform a
update all stuff (Qfunc, policy etc.) according to RLalg

Experiments
This section describes experiments that prove the efficiency
of criticality-based advice. Two environments serve as test
beds for the experiments: a gridworld environment and the
Atari Pong environment. All experiments presented in this
section were performed on a Nvidia Titan xp GPU.
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Gridworld
The first set of experiments was performed in a gridworld environment (fig. 1), in which the agent starts at the bottom left
corner and needs to reach the goal state located at the top left
corner. The agent receives a reward of 4 when it reaches the
final goal. The red circles represent radioactive states which
are associated with a small negative reward of −0.01 and the
black blocks represent walls. There is no negative reward for
each step but the agent will strive to reduce the number of
steps, because the discount factor is γ = 0.9 In order to obtain
the maximal total reward (∼ 1.15), the agent needs to walk
through the radioactive states. The total reward of the trajectory that circumvents the wall is much smaller (∼ 0.4).
In the gridworld experiments, we tested p-CBA and used
a stochastic criticality threshold sampled from a uniform distribution over the [0, 1] interval. The criticality function assigned a criticality of 1 to all radioactive states and their
neighbours and a criticality of 0 to all other states. The underlying learning algorithm used for the gridworld experiments was plain Q-learning. Moreover, we used importancebased advice ((Torrey & Taylor, 2013)) as the alternative advice strategy that competed against criticality based-advice.
Importance-based advice was chosen as the alternative advice
strategy because it is one of the more modern advice strategies and also because this strategy performs particularly well
with Q-learning. We perform two sets of experiments each
one with a different advice budget (200 and 500).
To compare the different learning methods, each method
was simulated 100 times such that each simulation was based
on a different random seed. The plots in fig. 2 shows the
average learning curves of the four learning methods: plain
Q-learning, the two versions of importance based advice with
different importance thresholds (0.02 and 0.05) and p-CBA.
The shaded buffers surrounding the curves represent the 95%
confidence intervals. Several findings can be derived from
the plots. Firstly, the plots show that all three advice-based
methods outperform the plain Q-learning method. Secondly,
p-CBA outperforms both versions of importance-based advice – which is the most important observation in our context. While for the smaller advice budget p-CBA dominated
importance-based advice by a small margin, this margin was
more significant for the larger advice budget.

Pong
The second test bed for our novel advice strategy was the
Atari Pong environment 1 . In contrast to the gridworld experiments, where we tested p-CBA, here we experimented with
m-CBA. The underlying advice strategy was uncertaintybased advice (Da Silva et al., 2020) which is one of the most
modern and efficient advice strategies for DQN type learners
(such as DDQN, Rainbow, BDQN etc.). The most important
parameter in this advice strategy is the uncertainty threshold,
which is used to select advice states. Only those states whose

Figure 1: In this gridworld the agent starts at the bottom left
corner and the goal is located at the top left corner. Red circles are radioactive states and black tiles are walls.
agent uncertainty is above the threshold are selected as advice
states.
Before starting the main series of simulations, we first ran
a separate series of experiments to determine the uncertainty
threshold for BDQN in the Pong environment. The results of
these experiments suggested that the agent performed particularly well with an uncertainty threshold of trhuncert = 0.04,
so we decided to use this value for the experiments. Furthermore, the advice budget was set to 150K, which is approximately 50% of the total advice consumption of an unlimited
advice agent until it reaches almost optimal performance.
Aside from the choice of the underlying advice strategy
and the advice budget, another important choice is the criticality function. We use a continuous criticality function that
reflects an intuitive understanding of the game dynamics. The
principle that directs the design of the criticality function is
that the criticality of a state should be a monotonically decreasing function of the minimal distance that the ball needs
to cover to reach the learning agent. Hence, a state in which
the ball was just hit by the agent has a criticality close to 0, a
state in which the ball is close to the opponent’s baseline has
a criticality of about 0.5 and a state in which the ball is moving towards the agent and is very close to the agent’s baseline
has a criticality close to 1. When the ball moves towards the
agent, this criticality function can be expressed by the formula:
crit(s) = 1 −

1 https://gym.openai.com/envs/Pong-v0/
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dist(ball to agent 0 s baseline) − 1
2 ∗ ( f ield length − 1)

(1)

Figure 2: Learning curves for the gridworld environment for
2 advice budgets (top: 200, bottom: 500). For both budgets,
the p-CBA agent (crit) outperforms the 2 importance-based
agents and the plain Q-Learning agent (no adv)
and when the ball moves away from the agent - by the formula:
crit(s) =

dist(ball to agent 0 s baseline) − 1
.
2 ∗ ( f ield length − 1)

(2)

We use two versions of m-CBA corresponding to two different ways of integrating state criticality with the metric of
the underlying advice strategy: the logicand version (BDQNcrit1) and the multiplicative version (BDQN-crit2).
In the logicand version, a state is selected for advice if both
the agent uncertainty and the criticality are sufficiently high
(crit > criticality threshold (trhcrit ) and uncert > uncertainty
threshold (trhuncrt )), with a criticality threshold of 0.5. In the
multiplicative version, a state was selected for advice if the
product crit(s) ∗ uncertainty(s) was greater than the product
between the criticality threshold and the uncertainty threshold

trhcrit ∗ trhuncert . This choice of the threshold accomplishes
the original motivation behind the multiplicative combination: a state with sufficiently high criticality can be selected
for advice, even if the uncertainty is relatively small.
To evaluate the efficiency of m-CBA, two baseline strategies are used. The first strategy is BDQN without advice
(BDQN-plain), and the second is BDQN with uncertaintybased advice (BDQN-adv). Both strategies are tested experimentally.
To compare the learning curves of the different advice
strategies, every strategy is executed 5 times—each time with
a different random seed. The postprocessing procedure consists of two steps. First, the learning curves are smoothened,
using a moving average with a window size of 5. Then, they
are synthesized into a single learning curve via averaging.
The resulting learning curves of the algorithms that participate in the comparison are shown in fig. 3.
There are several notable observations that can be made
upon a closer look at the plot. Firstly, the plot shows that
BDQN-adv outperforms BDQN-plain. This anticipated result confirms the usefulness of advice in the Atari Pong environment. The second observation is related to BDQN-adv
and BDQN-crit1. It can be seen from the plot, that BDQNcrit1 outperforms BQQN-adv in the early stages of the learning process but does not retain this advantage throughout the
entire learning process. The third remarkable observation
is that BDQN-crit2 strongly outperformed both BDQN-adv
and BDQN-crit1. This can be seen clearly, upon observing
how many episodes the algorithms requires to reach machinelevel performance (a score of 0). While BDQN-adv requires
about 700 episodes for achieving machine-level performance,
BQQN-crit1 requires about 600 episodes, and BDQN-crit2
requires only about 450 episodes.
Aside from the learning curves, it might be also interesting
to take observe advice consumption of the various algorithms.
The advice consumption curves on fig. 4 correspond to the
three advice strategies that were discussed previously. There
are several remarkable phenomena that can be observed in the
plot. Firstly, the plot shows that BDQN-adv has a very high
advice consumption, such that the advice budget is depleted
at a relatively early stage of the learning process. In contrast,
BDQN-crit1 has the lowest advice consumption of the three
algorithms. The corresponding consumption curve is relatively steep at the beginning, flattens out later, and then gains
momentum again in the more advanced stage of the learning
process. The consumption curve of BDQN-crit2 is located
between the two other consumption curves and from the curve
it can be implied that BDQN-crit2 runs out of advice at an intermediate stage of the learning process.

Discussion & Conclusion
The current paper introduced the criticality-based advice
strategy (CBA) for advice-based RL agents. The central idea
of CBA is to use state criticality in order to select advice states
more efficiently. In addition, the paper mentioned several
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in the Pong environment we tested the meta version. In every
experiment performed, the novel method was able to beat alternative advice strategies. Therefore, the main conclusion
that can be drawn from the conducted experiments is that
CBA can be considered as a promising method in the domain
of advice-based RL.

Figure 3: Learning curves of different advice strategies in the
Pong environment. BDQN-adv and BDQN-crit1 outperform
BDQN-plain.

It might be important to mention one remarkable observation which is related to the m-CBA advice: the fact that the
multiplicative variant (BDQN-crit2) outperformed the logicand variant (BDQN-crit1) by a significant margin (in Pong).
A possible explanation for this phenomenon could be that especially in the beginning of the learning process, states in
which advice is very useful might have low uncertainty and
thus would not be considered as potential advice states by the
underlying advice strategy. However, if the criticality values
of these states are sufficiently high, there is a good chance that
multiplying the criticality values with the uncertainty values
would produce numbers that are sufficiently high to be above
the CBA selection threshold used by (the underlying advice
strategy augmented with state criticality). Thus BDQN-crit2
might be more successful in selecting proper states for advice in the beginning of the learning process than BDQNcrit1 and this might explain why BDQN-crit2 learns faster
than BDQN-crit1.
In this paper, CBA was tested in only two learning environments. Although the experiments indicate that CBA might be
an efficient way to improve advice-based RL methods, more
research is needed to confirm that the novel strategy is efficient in other environments as well. It might be interesting
to test the novel method in more complex environments than
Pong, in which the criticality function has strong variations.
Specifically, CBA should be tested in environments where
the critical states constitute only a small portion of the state
space, such as Pacman or Montezuma’s Revenge. In these environments, it would be interesting to see whether agent uncertainty will reflect critical states properly by assigning high
uncertainty to these states and whether agent uncertainty will
be low in uncritical states.

Figure 4: Advice consumption of the various advice strategies in the Pong environment. BDQN-adv runs out of advice
quickly. The two other strategies use the advice budget more
economically.

ways to combine state criticality with the selection criteria
of the underlying advice strategy and described experiments
in two environments, which were conducted to test the efficiency of the proposed approach. In this section, we will
elaborate on the main conclusions that can be derived from
the experiments and on a few interesting observations. We
will also consider possible directions for future research.
CBA was tested in two environments. In the gridworld environment we tested the plain version of the method whereas

In this paper, CBA operated with a static criticality function which is only a function of the state but not of the current
skill level of the learning agent. Although both variants of
criticality-based advice with a static criticality function were
rather efficient, there might be many environments where a
static criticality function might lead to redundant advice. In pCBA, for example, a state with high criticality will keep on receiving advice even if the advice is no longer necessary. With
a policy-dependent criticality function (Spielberg & Azaria,
2019), however, this negative effect could be avoided, because the criticality of the state would decrease as the agent
becomes more confident in his actions. Furthermore, it might
be particularly interesting to compare the policy-dependent
criticality to agent uncertainty since both measures are dynamic (they evolve in the course of the learning process)
and agent uncertainty can be regarded as a form of policydependent criticality.
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Groups of individuals need to coordinate in many real world
domains. However, coordination failure is common and not
well understood. There are few coordination measurements,
analyses focus on averaged data, and models lack coordination
strategies and clear correspondence to cognitive mechanisms.
Here, we present a thorough analysis of human data from a
difficult coordination scenario and a cognitive model implemented within the ACT-R cognitive architecture to fit and explain the data. Data were explored to better understand coordination strategies and group dynamics. The cognitive model included pre-game preferences, coordination strategies like signaling, and other player choice predictions. This work highlights the need for deeper data explorations and presents challenges for modeling related to coordination dynamics, strategies, and how players form beliefs about others.
Keywords: Coordination; Group dynamics; Signaling; Coordination strategies; ACT-R; Cognitive model

Introduction
Humans often fail to coordinate in situations with competing individual and group incentives (Cooper, DeJong,
Forsythe, & Ross, 1990, 1994; Camerer, 2003; Riechmann &
Weimann, 2008; Van Huyck, Battalio, & Beil, 1990, 1991),
which is often attributed to the lack of focal points or equally
salient choices leading to optimal outcomes for all players
(Blume, DeJong, Kim, & Sprinkle, 1998; Mehta, Starmer,
& Sugden, 1994). This failure can result from miscoordination and/or inefficient coordination (Riechmann & Weimann,
2008). Coordination is the degree players settle or converge
on a single choice and can be expressed numerically by calculating variance of choices within groups (Hough, 2021;
Hough, O’Neill, & Juvina, 2021). Coordination efficiency involves where the outcome falls on a hypothetical continuum
between worst and best possible outcomes.
Coordination often occurs over time, however, reaching
and increasing coordination efficiency over time is more difficult (Brandts & Cooper, 2006; Brandts, Cooper, & Weber, 2015; Brandts, Cooper, Fatas, & Qi, 2016; Chaudhuri,
Schotter, & Sopher, 2009; Van Huyck et al., 1991). Several techniques were applied to this issue, but involve changing the game structure (Chaudhuri et al., 2009; Van Huyck,
Gillette, & Battalio, 1992; Van Huyck, Battalio, & Beil, 1993;
Brandts et al., 2016, 2015). There are less invasive methods that are more generalizable. For instance, counterfactual
thinking can increase coordination efficiency when it highlights outcomes that could have happened if choices were

more efficient (Hough et al., 2021). In addition, players can
nudge each other to make more efficient choices by signaling or making choices that would result in better outcomes
for everyone if the counterparts also made that choice. Signaling is more effective when it incurs a cost that others are
aware of (Spence, 1978) and when it’s persistent (Brandts
et al., 2015, 2016). However, signaling is risky (Cachon &
Camerer, 1996) and players often give up if it is not effective (Charness, Gneezy, & Henderson, 2018). Players also
form and update beliefs about others to predict future behavior (Camerer, 2003), which can increase coordination.
To better understand coordination, coordination efficiency,
strategies, and group dynamics, experimental data were analyzed and a cognitive model was developed to fit and explain the data. The experiment used a minimum effort game
(MEG) (Van Huyck et al., 1990) to simulate a coordination
scenario with: 1) simultaneous choices, 2) no communication, and 3) 20 rounds. Coordination is very challenging in
this ”weak link” game without an initial explicit focal point
(Blume et al., 1998; Mehta et al., 1994) and other players choices, particularly the minimum, can become the focal point and influence players to coordinate on an inefficient
choice (Brandts et al., 2015, 2016; Van Huyck et al., 1990).

The MEG
In the MEG, players make an effort choice between one and
seven, and each player’s payoff is determined by their choice
and the group minimum (Table 1).
Table 1: MEG payoff matrix.
1
Player Effort Choice

Abstract

1
2
3
4
5
6
7

70
60
50
40
30
20
10

Minimum Effort Choice in Group
2
3
4
5
6
7
80
70
60
50
40
30

90
80
70
60
50

100
90
80
70

110
100
90

120
110

130

There are seven coordination points or Nash equilibria
(Nash, 1951), which specify what a rational player should
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select to maximize their own payoff regardless of counterpart
choices (Camerer, 2003). They are represented diagonally
from the payoff of 70 to 130. Nash equilibria are “Pareto
ranked” according to payoff. A Pareto equilibrium maximizes the sum of payoffs for all players (Camerer, 2003). In
terms of efficiency, Nash equlibria is efficient for the individual and Pareto for the group. In the literature and this paper,
efficiency refers to group efficiency.
van Huyck et al. (1990, 1991) suggested players start by
using risk or payoff dominant strategies, but deviate over time
due to learning. Payoff dominance is a high risk, high reward
strategy. The highest choice of seven can result in either the
highest or the lowest payoff. Risk dominance is a low risk,
low reward strategy. Choosing effort level one always results
in the same payoff regardless of other player’s choices. These
strategies serve as focal points, and in subsequent rounds, the
minimum may become a salient focal point or anchor (Leng,
Friesen, Kalayci, & Man, 2018; Van Huyck et al., 1990). This
is a simple explanation for the frequently observed negative
trend in effort over time across various manipulations like
outcome information and group size (Camerer, 2003; Leng
et al., 2018; Van Huyck et al., 1990, 1991).
MEG experiments (Bortolotti, Devetag, & Ortmann, 2016;
Leng et al., 2018; Van Huyck et al., 1990, 1991) typically
focus on effort and the minimum to analyze efficiency and
signaling behavior. Leng et al. (2018) went a step further
and identified signaling as alternating between the minimum
and higher effort and found small increases in efficiency or
the minimum. Bortolotti et al. (2016) identified weak links
and found they were the source of coordination failure, but
only early in the game. Despite these contributions, there is
a lack of effective measurements, little is understood about
coordination strategies and group dynamics, and no existing
model is capable of capturing complex coordination behavior
in the MEG. Specifically, player preferences, strategies like
signaling, and beliefs about other players. In the following
sections, a thorough data analysis and novel cognitive model
are presented to better understand behavior in the MEG.

Figure 1: Average effort and variance (a), and Average payoff
(b). Error bars are 95% CIs.

and average payoff around 80. According to the payoff matrix
(Table 1), this means the minimum was around 3. The minimum being one lower than the average suggests the presence
of signaling. Calculating the distance from the minimum for
individuals can indicate the presence and strength of signaling, identify group weak links, and categorize players as signalers if they choose higher than the minimum for 5 consecutive rounds (Hough, 2021; Hough et al., 2021). This signaler
categorization is based on literature suggesting that persistent
signaling is more effective (Brandts et al., 2015, 2016).

The MEG Experiment
A MEG experiment was conducted at a Midwestern University with 18 four-person groups (Hough, 2021; Hough et al.,
2021). After all players made choices, they were shown all
player choices and counterfactuals for both lower and higher
choices and minimums. Players were not informed about the
20 round game length to reduce potential end effects.
Average effort and intra-group variance are plotted in Figure 1a. Averages were calculated per round for each group,
then averaged across groups. Average effort is typically used
to measure coordination efficiency and here, we use average
intra-group variance to measure coordination (Hough, 2021;
Hough et al., 2021). Notice variance is rather high and stable
across 20 rounds, suggesting players did not coordinate well.
Average payoff (Figure 1b) carries information about average effort and the minimum. Average effort is stable around 4

Figure 2: Average effort (a) and payoffs (b) for groups with
-2, 2, and 2+ signalers. Error bars are 95% CIs.
Effective signaling should result in increases in effort and
payoffs over time. This notion was explored by categorizing players as signalers (46% were signalers), then categorizing groups with less than 2 (-2), 2, or more than 2 sig-
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nalers (2+). Here, a mixed effects model with random effects
for players nested within groups and groups (Hough, 2021;
Hough et al., 2021) was used to compare effort and payoff for
group categories (Figure 2). For effort, there was an interaction effect with round for 2 (β = −.07, t(1434) = −4.16, p <
.001) and 2+ (β = −.06, t(1434) = −2.58, p = .01) signaler
groups, meaning -2 signaler groups had a more positive trend
across rounds. For payoff, there was an effect for round
(β = .51, t(1434) = 2.53, p = .01) and interaction effects with
round for 2 (β = −.56, t(1434) = −2.31, p = .02) and 2+
(β = −1.33, t(1434) = −4.06, p < .001) signaler groups. This
means there was a positive trend across rounds, which was
more positive for -2 signaler groups.
The literature suggests persistent signaling should be effective. Here, we see groups with the fewest signalers have
higher effort and payoffs. To better understand this, two
groups are shown in Figure 3, a group without signalers (a)
and a group with three signalers (b). The no signaler group (a)
has better coordination, fewer signals, lower signaling magnitude, and increases in efficiency. The group with 3 signalers
(b) is the opposite. Players appear to take turns signaling,
setting the minimum, and even choosing lower than the previous minimum. Players differ in signaling frequency, magnitude, persistence, and response to other’s signaling, suggesting they have different strategies. To better understand this
complex behavior, a cognitive model was developed.

Figure 3: Average effort for players within a group with 0 (a)
and 3 signalers (b) and all signalers marked (*).

A Cognitive Model of the MEG
The cognitive model includes: player types, player choice
predictions, strategies, and counterfactual thinking, and
agents that simulate humans playing the MEG. The model,
referred to as the prediction, strategy, and simulation model
(i.e., PSS), was developed in ACT-R. ACT-R is a hybrid
cognitive architecture with both symbolic and sub-symbolic
structures (Anderson & Lebiere, 1998; Anderson, 2007).

There are perceptual-motor modules (e.g., goal and imaginal) and two types of memory modules that represent systems of the mind. The PSS model uses the goal, imaginal,
declarative, and procedural modules. The goal module determines the model’s current focus and the imaginal module
is used to temporarily store visual information. The declarative memory module represents facts in long term memory
stored as chunks and a sub-symbolic component determines
the availability of the chunks. The procedural module represents knowledge about how to do things, represented as
condition-action rules. The pattern matcher of the procedural module determines which, if any, rules match the current
state. If the condition of the rule matches the current state,
then it “fires” and the action changes the state of the model.
The behavior of a model is represented as a series of rule firings and corresponding changes to the state of the model.

The PSS Model
The main components of the PSS model include: predictions
about other players, strategies, and learning. The instancebased learning approach (Gonzalez, Lerch, & Lebiere, 2003)
is used as a framework for player choice predictions. However, the PSS model uses a slightly different approach
(Juvina, Lebiere, & Gonzalez, 2015). Instances are used
to make predictions about other players, decisions remain a
function of procedural memory, and there is no pre-decision
stopping rule for consideration of all possible decisions. A
strategy is chosen, which uses player choice predictions to
make a decision, then the unchosen strategies are simulated
to represent counterfactual thinking.
Player Choice Predictions In the MEG, players make
choices simultaneously and often have delayed reactions to
previous round choices. Therefore, instances (i.e., chunks)
contain player choices for two rounds: the previous (t − 1)
and reaction choice sets (t). Last round choices are retrieval
cues, previous choices (t − 1) are the target in the instance,
and reaction choices (t) in the instance are the values of
interest. Instances accumulate over time and the blending
mechanism (Lebiere, 1999) was used to aggregate information to serve as player choice predictions. Every instance has
an associated activation, that determines its likelihood of retrieval. Activation is determined by the activation equation:
Ai = Bi + Si + Pi + εi . The activation of a chunk, Ai , is a function of the: 1) base level term, Bi , that represents recency
and frequency of chunk use, 2) spreading term, Si , that represents context effects, 3) partial matching term, Pi , that represents how well the chunk matches the retrieval cues, and 4)
noise term, εi , that represents variability in memory. The PSS
model uses blending instead of retrieval, so it only includes
the partial matching, Pi , and noise, εi , terms. The blending
mechanism retrieves a compromise value for all possible values of interest weighted by their probability of retrieval. The
equation, V = minΣi Pi ∗ (1 − sim(V,Vi ))2 , produces a value
that minimizes the sum of all squared dissimilarities for values, (1 − sim(V,Vi ))2 , of each chunk, i, and weights it by its
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probability of retrieval, Pi = (eMi /t )/(Σ j eM j /t ). The probability of retrieval is a function of the match score for a chunk,
eMi /t , that represents the degree of match between the retrieval
cues and the target information in the chunk. The match score
is normalized by the total match score of all retrieved chunks,
Σ j eM j /t . As player choices are integers, the compromise value
is the sum of all chunk values of interest weighted by their
probability of retrieval. Just like retrieval requests, blending
can fail if the activation for the blended chunk is below the activation threshold (default of 0). If blending fails, the model
uses previous round choices as player choice predictions.
Player Choice Strategies In order to make a choice, players use some kind of strategy or rule based on preferences
or previous experience. The PSS model includes four strategies that use player choice predictions to determine choices:
1) the min-strategy selects the minimum, 2) the ave-strategy
selects the average, 3) the max-strategy selects the highest,
and 4) the signal-strategy selects one higher than the average.
Note predictions included all players, so players included predictions of themselves. The model receives feedback and updates the utility of the chosen strategy based on the actual outcome. Strategy utility updates using the ACT-R utility learning equation: Ui (n) = Ui (n − 1) + α[Ri (n) −Ui (n − 1)]. In the
equation, utility for round n, Ui (n), is a function of the: 1)
previous utility, Ui (n − 1), 2) utility learning rate, α, and 3)
current reward value, Ri (n). There is an optional noise component, ε, that can be added to utilities, to add some stochasticity (Anderson, 2007). Starting utilities and the learning
rate are important as they influence which strategies are initially selected and how quickly utilities change over time. The
PSS model includes two patterns of starting utilities to represent risk and payoff dominant player types (Van Huyck et al.,
1990, 1991). A risk dominant player (i.e., RD) is motivated
to reduce risk or costs and would prefer choosing lower effort
or stick to the minimum. A payoff dominant (i.e., PD) player
is more willing to take risk and seek higher rewards. The
RD player type was approximated by organizing strategies by
risk (i.e., min, ave, max, and signal), setting the min-strategy
at the highest payoff (i.e., 130), and linearly decreasing utilities along this continuum. The PD player type is defined as
the opposite of risk dominant. In the PSS model, rewards are
the payoffs accrued by strategies. After the chosen strategy
receives a reward, the model engages in counterfactual thinking and simulates outcomes for the unchosen strategies in the
same manner. However, they receive a fraction of the forgone
payoff to better correspond to counterfactual thinking (Byrne,
2016; Kahneman & Miller, 1986) and the idea that it uses fictitious rather than actual outcomes (Camerer & Ho, 1999).
Model Overview There were two architectural parameters for declarative memory: partial matching and activation
noise. Partial matching was a free parameter determined to be
1 through model fitting. There are no starting instances and
there are only 20 rounds, so setting partial matching at 1 minimized mismatch penalties so that all chunks influence player

choice predictions. Activation noise is required for blending
and was left at its default value of 1. For procedural memory, there were two fixed architectural parameters (i.e., learning rate and noise) and two parameters based on theoretically
justified assumptions (i.e., starting utilities and counterfactual
weight). The utility learning rate is set at the default value of
.2 and utility noise was scaled up to 7.5 (i.e., default is 1) during model fitting to better correspond to payoff values (i.e., up
to 130). The counterfactual weight (i.e., cfw) parameter was
added to differentially weight payoffs for simulated strategies
during counterfactual thinking. The cfw parameter was set to
.75 so that counterfactual payoffs have 75% of the value as
actual payoffs. There are two player types that correspond to
a pattern of starting strategy utilities. In the final model run,
there were more PD player types (57%), suggesting that there
might be more PD than RD player types in the sample.

Figure 4: Simplified diagram of the PSS model processes.
During the first round, the model randomly selects a player
type, predicts choices for the three other players, and makes
a choice. Player choice predictions and the model’s choice
are randomly sampled from the first round choice distribution of the human data. The model skips situation recognition and instance blending (i.e., declarative memory), and
strategy productions (i.e., procedural memory) in order to
move directly to the results. For all subsequent rounds, the
model goes through the same general process (Figure 4). The
model attempts to recognize the situation by making a blending request using last round choices in the goal buffer as retrieval cues. The best matching chunks carry more weight in
the blended choices and activation noise is added to the activation equation, which determines activation of the blended
chunk. If blending is successful, the blended choices replace
the last round choices in the goal buffer and represent player
choice predictions. If blending is not successful, then last
round choices serve as the player choice predictions. In both
cases a chunk is created in the imaginal buffer to store last
round choices in a new instance. Next, the model selects the
strategy that has the highest utility and uses player choice
predictions to make a choice. After all counterparts have
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made a choice, the model moves to the results and is “shown”
all player choices, its own payoff, and a reward is triggered
equal to that payoff. The utility of the chosen strategy is updated using the utility equation: previous utility, the reward,
the learning rate (i.e., .2), and the utility learning noise (i.e.,
7.5). Player choices are also added to complete an instance
chunk in the imaginal buffer. However, the predicted player
choices remain in the goal buffer and the instance chunk remains in the imaginal buffer so that counterfactual thinking
can take place. Next, the unchosen strategies are simulated
one at time using the player choice predictions. The forgone
payoffs are weighted by the cfw parameter (i.e., .75) and are
used as the reward to update the utility of the strategy productions. Once all the unchosen strategies are simulated, the
model stops counterfactual thinking. The model replaces the
player choice predictions in the goal buffer with the actual
choices from the current round for the next round. The instance chunk is then cleared from the imaginal buffer and is
added to declarative memory. At this point, the round ends,
and the model repeats the whole process for the next round.

additional model comparisons in Hough (2021); Hough and
Juvina (2022)). Figure 5 shows the model fit to average effort,
variance, and payoff. The PSS model had a better fit to average effort, r(38) = .4, RMSE = .27, compared to the EWA
model, r(38) = .52, RMSE = .96. However, EWA had a better fit to variance, r(38) = −.10, RMSE = .53, than the PSS
model, r(38) = −.14, RMSE = 1.62. The PSS had a slighly
better fit to payoff, r(38) = .34, RMSE = 10.4, than EWA,
r(38) = .64, RMSE = 11.26. Further inspection revealed 35%
of EWA players stuck to first round choices that were sampled from the first round choice distribution of the human data
(like the PSS model). For comparison, only 1.4% of humans
displayed this behavior and 2% of PSS players. This choice
stickiness helps explain why EWA was better able to fit variance. Although the PSS model could not fit variance as well,
its amount of choice stickiness was more similar to humans
and it provided a better fit to effort and payoff. Note that the
PSS model was implemented in ACT-R making it inherently
more complex and it was not penalized for that here.

Model Fit and Findings The PSS model was used to simulate 100 groups with four separate agents playing the MEG.
It was fit to effort and variance of the human data. For comparison, we included a competing model from the game theory literature also fit to effort and variance, the Experienceweighted Attraction model (EWA) (Camerer & Ho, 1999).

Figure 6: Average effort (a) and payoffs (b) for PSS model
groups with -2, 2, and 2+ signalers. Error bars are 95% CIs.

Figure 5: PSS and EWA model fit to average effort and variance (a), and average payoff (b). Error bars are 95% CIs.
EWA is based on forming and updating attractions towards choices and features four parameters: 1) forgone payoff weight (δ) for all unmade choices in the same situation, 2)
past attraction decay (φ) and 3) experience decay (ρ) that control the growth rate of choice attractions and recency effects,
and 4) a discrimination sensitivity parameter (λ). EWA was
previously fit to the human data and compared to the PSS
model after the best fitting parameters were estimated (See

Next, we look at group dynamics and relate them to strategy use. Model players were classified as signalers using the same technique as the human data. About 44%
of model players were classified as signalers (compared to
46% of humans) and most of them were payoff dominant
player types (64% compared to 17% for risk dominant).
Next, we ran the same linear mixed effects models for effort and payoff for comparison (Figure 6). Similar to the human data, we found interaction effects for round and both 2,
β = −.02, t(7994) = −4.98, p < .001, and 2+ signaler groups,
β = −.04, t(7994) = −7.33, p < .001, meaning both 2 and 2+
signaler groups had a greater negative trend than -2 groups.
For payoff, there were interaction effects for round and both
2, β = .22, t(7994) = 4.98, p < .001, and 2+ signaler groups,
β = .38, t(7994) = 7.33, p < .001, meaning 2 and 2+ signaler
groups had a more positive trend than -2 signaler groups. The
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PSS model payoff results contrast with the human data where
2 and 2+ groups had a more negative trend than -2 groups.
This suggests signaling was more effective for PSS model
groups. Next, we explore PSS model group dynamics for one
example group with 3 signalers (Figure 7).

Figure 8: Strategy utilities for player 1 (a) and player 3 (b)
from Figure 7.

Figure 7: Average effort and variance (a), and average payoff
(b) for a PSS model group with 3 signalers marked (*).
Player 1 was a payoff dominant signaler and consistently
choose higher effort up to round 9, then started choosing
lower and ended the game choosing the minimum. Player 3
was a risk dominant non-signaler and set the minimum for the
first 12 rounds, then gradually increased effort choices. Payoffs in Figure 7a show the benefits of these strategy shifts.
Player 3 increased payoffs by setting a higher minimum,
which increased payoffs for all other players. To better understand strategy shifts, Figure 8 shows strategy utility for
players 1 (a) and 3 (b). Here, we can see the influence of
counterfactual thinking and learning on strategy utilities over
time. Player 1 had the highest starting utility for signaling,
then the min- and ave-strategies started to compete, until the
min-strategy eventually dominated. On the other hand, player
3 started out with higher utility for the min-strategy, then
the min- and ave-strategy competed for the rest of the game.
Model players demonstrated dynamic behavior by shifting
from starting strategies based on group dynamics, counterfactual thinking, and learning. Furthermore, we can peer into the
model to quantitatively understand and explain this behavior.

Discussion
We analyzed human MEG data under the assumptions that:
1) intra-group variance indicates coordination, 2) payoffs indicate coordination efficiency, and 3) distance from the minimum indicates signaling frequency and magnitude. We found
suggestive evidence that participants classified as signalers
used sophisticated strategies, beyond payoff and risk dominance, which presents a potentially valuable addition to the
literature regarding signaling. However, it is still not clear

how to appropriately measure and classify signaling behavior. The PSS model, implemented in ACT-R, was developed
to better understand and track behavior. The PSS model included: player types, strategies, player choice predictions,
and counterfactual thinking. The model better fit average effort and payoff compared to a competing model, but could
not appropriately fit variance. PSS model players displayed
dynamic and interdependent behavior by switching strategies
over time based on group behavior and learning. The nature
of the model allowed for explanation of each players behavior based on player choice predictions and changes in strategy
utility. However, there are several limitations. 1) Choice variation was approximated with four arbitrary strategies. One
strategy represented choosing the minimum predicted choice
and three strategies represented different types of signaling
behavior based on magnitude. There was no strategy for making the same choice as last round (e.g., setting the minimum
again), which was handled by having players predict their
own choices. Future work could improve signaling behavior, perhaps with a cost/reward function to control signaling
and its magnitude, and players being able to make repeated
choices. 2) The PSS model players were on average, more
sensitive to signaling and better able to coordinate. It’s not
clear why coordination was so poor in the human data. More
data would be helpful to better inform how to modify the
model. 3) The player choice predictions were based on reaction choices from one round to the next. The literature
often refers to players forming beliefs about other’s player
types based on patterns of behavior, which could be added.
4) Further PSS model work is necessary to determine which
features are useful, how well it explains human behavior, and
re-assess its fit relative to its additional complexity over EWA.
Overall, this model served as a first step towards explaining
data in the MEG beyond average statistics and its strengths
and weaknesses can inform future modeling work.
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Abstract
Mental imagery is theorized to play a key role in mood and
mood disorders due to the emotional impact of visualizations
and biases in the processing of negative versus positive
imagery. Although differences in emotional imagery have been
linked to mental health outcomes, it is unclear if individuals
experiencing emotional distress differ in their baseline ability
to generate mental images (i.e., ‘imagery ability’). Recent
research has highlighted linkages between imagery ability and
facets of trait mindfulness, such as the tendency to observe and
describe inner thoughts. Thus, we suspected that individual
differences in trait mindfulness may help explain inconsistent
findings regarding the relationship between imagery ability and
emotional distress. A path analysis revealed that trait
mindfulness significantly and fully mediated the relationship
between imagery vividness and depression, indicating that
mindfulness is a critical aspect of imagery phenomenology, as
well as emphasizing the importance of mindfulness to mental
health.
Keywords: mental imagery; vividness;
depression; anxiety; mediation analysis; mood

mindfulness;

Introduction
Mental imagery is described as a type of perceptual
simulation (Ji et al., 2016; Kosslyn et al., 2001) that allows
individuals to re-experience memories or imagine
hypothetical scenarios such as those occurring in the future
(Ji et al., 2016). Imagery is purported to play a role in a
multitude of cognitive processes, ranging from perception
and action (McAvinue & Robertson, 2008; Munzert & Lorey,
2013; Vogt, 1996) to mood regulation (Holmes & Mathews,
2005; O’Donnell et al., 2018). Although it is a ubiquitous
inner experience, a substantial body of research highlights
individual differences in the baseline ability to generate
mental images, including some individuals who report a
complete absence of imagery ability (i.e., ‘aphantasia;’
Zeman et al., 2015). Note that we use the term ‘imagery
ability’ here to describe individual differences in general
propensity to generate and manipulate imagery.
Mental imagery is particularly relevant to mental health
because of the emotional impact of images compared to
language-based representations (Holmes & Mathews, 2005).
Thus, maladapted imagery could contribute to the

maintenance of mood disorders like anxiety and depression
(Holmes & Mathews, 2010; Ji et al., 2016) by ‘amplifying’
negative affect in response to negative thoughts. Aligning
with these theories, individuals diagnosed with depression
and anxiety appear to have a propensity towards negative
versus positive imagery during experimentally induced
imagined scenarios (Holmes et al., 2016; Ji et al., 2016;
Morina et al., 2011; Pearson et al., 2015).
Previous research has focused primarily on the effect of
induced emotional imagery; therefore, it is unclear if
individuals with anxiety and depression differ in their
imagery ability, or baseline ability to generate mental images.
It is assumed that imagery ability can amplify emotional
distress, but there are inconsistent results regarding this effect
(Fulford et al., 2018; Guarnera et al., 2019; Jelinek et al.,
2015; Lambert et al., 2001; Moriya, 2018; Sindhu & Pande,
2019). One explanation for these inconsistent findings is that
the current literature does not sufficiently model the complex
relationship between imagery ability, mood, and relevant
aspects of information processing.
A pathway by which imagery may influence mood is
through mindfulness. The practice of mindfulness is believed
to contribute to mental wellbeing (Siegling & Petrides, 2014),
and emerging research indicates strong positive linkages
between mindfulness and imagery ability (Frewen et al.,
2010; Kharlas & Frewen, 2016). It is reasonable to assume
that increased mindfulness of one’s inner experience may
help explain why some participants experience heightened
vividness of imagery, because imagery itself is an inner
experience. However, the connection between imagery and
mindfulness has received little attention.
The current paper attempts to address this gap by
untangling the overlap between mental imagery ability, trait
mindfulness, and emotional distress. Specifically, we
investigate whether trait mindfulness mediates the
relationship between the ability to generate vivid mental
images and emotional distress. Unlike previous research
focusing on biases toward emotionally positive or negative
imagery, we examine individual differences in the baseline
ability to generate neutral, non-emotional imagery. That is,
we assess the baseline ability to generate imagery versus
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assessing cognitive biases regarding negative thoughts.
Additionally, we extend the literature by investigating how
mindfulness intersects with the phenomenological
experience of visual imagery, which may help to provide a
more holistic view of how imagery is experienced.

Background
Mental Imagery
Mental imagery is the occurrence of perceptual experiences
that are driven by memories and thoughts instead of physical
sensory input (Ji et al., 2016; Kosslyn et al., 2001). The exact
qualities of these visualizations have been the subject of longstanding debate. Mainly, it is debated whether mental
imagery is represented pictorially in the brain (Pearson &
Kosslyn, 2015) or if imagery is the result of a more symbolic
process (Pylyshyn, 2003). The conceptualization of mental
imagery as a type of ‘weak perception’ follows from research
showing that mental imagery elicits physiological responses
and brain activity patterns similar to bottom-up perception
(Dijkstra et al., 2017, 2019; Holmes & Mathews, 2005, 2010;
Pearson & Kosslyn, 2015; Wicken et al., 2019). Thus, mental
imagery is construed as an internal representation of the
world allowing people to re-experience memories and
simulate hypothetical scenarios (Ji et al., 2016).
Research on imagery, particularly experiments evoking
imagined scenarios, often fail to account for differences in
participants’ baseline ability to consciously experience
mental images. While some participants report only vague
representations, others report experiencing imagery as vivid
as real-life (Andrade et al., 2014; Mckelvie, 1995).
Consistent with the idea that imagery is a depictive
experience, individuals who can generate more vivid mental
images have stronger physiological reactions to imagined
stimuli (Wicken et al., 2019) and are more prone to certain
types of perceptual biases (Pearson et al., 2011). The strong
emotional response to visual representations is believed to be
a mechanism by which negative imagery contributes to mood
in several psychological disorders.
Furthermore, the observation that mental imagery elicits
physiological reactions (Kosslyn et al., 2001; Milton et al.,
2020; Wicken et al., 2019)—and that imagery may be more
emotionally impactful than language-based processing
(Holmes & Mathews, 2005)—has relevance for mood
disorders like anxiety and depression. In fact, imagery
appears inherent in several common symptoms reported by
individuals diagnosed with mental health disorders. For
example, flashbacks (i.e., vivid memories of traumatic
events) are a core symptom of posttraumatic stress disorder
(PTSD; e.g., Jelinek et al., 2015), generalized and social
anxiety are associated with anticipation of negative future
events, and intrusive memories are associated with
depression (Eysenck et al., 2006).
Common among these symptoms is a bias towards imagery
with negative emotional valence. During experimentally

induced imagined scenarios, individuals with depression
appear to more easily generate negative past imagery, while
individuals with anxiety more readily generate negative
prospective imagery (for review, see Holmes et al., 2016; Ji
et al., 2016; Morina et al., 2011; Pearson et al., 2015).
Although these findings suggest a connection between
negatively valenced imagery and mental health disorders,
there is inconsistent evidence for a connection between mood
and neutral valenced imagery (i.e., imagery of faces or
buildings; Fulford et al., 2018; Guarnera et al., 2019; Jelinek
et al., 2015; Lambert et al., 2001; Moriya, 2018; Sindhu &
Pande, 2019). Therefore, it is unclear if differences in the
processing of negative imagery are due to differences in
specific imagery ability or if they are simply the result of
attentional bias to negative thoughts.

Mindfulness
Recent evidence indicates that individuals who are more
mindful tend to report experiencing more vivid imagery
(Frewen et al., 2010; Kharlas & Frewen, 2016); however,
only limited work has explored this relationship. Mindfulness
describes the ability to observe and attend to current inner
thoughts and bodily sensations in a non-judgmental and nonreactive manner (Sauer et al., 2013; Siegling & Petrides,
2014). Therefore, it is logical to assume that the vividness of
imagery is partially explained by an individual’s awareness
of their inner experience in addition to their ability to
generate those representations. These findings also suggest
that imagery vividness can be influenced using mindfulness
techniques, such as mindful meditation—an assumption that
has some support in the literature (Keesman et al., 2020).
The association between mental imagery and mindfulness
appears highly relevant to mental health. Mindfulness—and
mindfulness meditation—has long been linked to stress
reduction and improved mood (for review, see Hofmann et
al., 2010; Hofmann & Gómez, 2017). In fact, mindfulnessbased interventions (MBIs) are commonly integrated into
cognitive therapies with notable effectiveness for the
treatment of anxiety (Hofmann et al., 2010). It is believed that
mindfulness and MBIs contribute to well-being by shifting
attention away from negative rumination and towards the
present moment (Gu et al., 2015). Additionally, MBIs may
help individuals notice their thoughts and memories less
judgmentally and reactively (Gu et al., 2015). However, more
work is needed to examine the underlying mechanisms of
stress reduction observed in response to MBIs.

Study Overview
Expanding on prior connections drawn between mental
imagery and mental health outcomes, we examined whether
individual differences in the ability to generate vivid mental
imagery were tied to feelings of anxiety and depression. In
addition, we investigated whether such relationships were
mediated by trait mindfulness. First, we used a correlation
analysis to examine how the vividness of visual mental
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imagery related to five facets of trait mindfulness, depression,
and anxiety symptoms. Based on previous research, we
predicted that mental imagery ability would positively
correlate with the sensory components of trait mindfulness
(i.e., observing and describing sub-dimensions; Kharlas &
Frewen, 2016). We also predicted that both imagery ability
and trait mindfulness would negatively correlate with
emotional distress (Carpenter et al., 2019). Thus far, only
limited research has examined the relationship between trait
mindfulness and imagery ability; therefore, we attempted to
replicate previous findings and examined which of the five
mindfulness facets most strongly associated with imagery.
Next, using a path analysis, we investigated if the
relationship between neutral imagery vividness and
emotional distress was mediated by trait mindfulness. Several
studies have reported diminished imagery vividness during
experimentally induced imagery tasks among individuals
with depressive and anxiety symptoms (Guarnera et al., 2019;
Lambert et al., 2001; Sindhu & Pande, 2019). It was assumed
that the ability to observe and describe one’s inner thoughts
would help explain these differences. Considering emerging
evidence that mindful individuals report more vivid imagery
(Kharlas & Frewen, 2016), we predicted that trait
mindfulness would mediate the relationship between imagery
ability and emotional distress. In other words, we suspected
that individuals experiencing depression and anxiety would
be less mindful of their inner experiences, and this lower
attentiveness would correlate with a reduction in selfreported imagery vividness.

Method
Participants
A total of 207 undergraduate students enrolled in psychology
courses were recruited using a university-based research
recruitment system and were compensated course credit for
successfully completing the survey. To be included in the
study, participants had to be over the age of 18, live in the
United States, and have normal or corrected-to-normal
vision. Participants who provided overly uniform responses
or completed the survey unreasonably fast were excluded
from the survey.

Materials
The ability to generate vivid mental images was measured
using the 16-item Vividness of Visual Imagery Questionnaire
(VVIQ; Marks, 1973). The VVIQ presented the participant
with several imagined stimuli and asked them to rate the
visual vividness of the details that came to their mind on a
scale of 1 (“No image at all, you only know that you are
thinking of the object”) to 5 (“Perfectly clear and vivid as real
life”). For example, after being instructed to visualize a

sunrise, participants were asked to rate the vividness of a “sun
rising above the horizon into a hazy sky” as it appeared in
their mind. Scores on the VVIQ were obtained by summing
ratings on individual items for a minimum score of 16 and a
maximum score of 80, with higher scores indicative of
greater vividness.
Trait mindfulness was assessed using the 15-item version
of the Five Facet Mindfulness Questionnaire (FFMQ; Baer et
al., 2012). The FFMQ evaluated trait mindfulness along five
sub-dimensions, including mindful “observing” (ability to
observe thoughts and bodily sensations), “describing”
(ability to describe inner experiences), “awareness” (ability
to act with awareness), “non-judgement” (tendency not to
judge inner experiences) and “non-reactivity” (tendency not
to be disrupted by inner experiences). Participants were
presented with hypotheticals, such as “I’m good at finding
words to describe my feelings” and rated each item on a scale
of 1 (“Never or very rarely true”) to 5 (“Very often or always
true”). Responses were then totaled to calculate scores for
overall mindfulness and each of the five facets.
Finally, the severity of depression and anxiety symptoms
was measured using the thirteen-item Beck Depression
Inventory (BDI; Beck et al., 1996) and the State Trait Anxiety
Inventory – trait form (STAI; Spielberger, Gorsuch, Lushene,
Vagg, & Jacobs, 1983) respectively. Both the BDI and STAI
are widely distributed and standard methods for assessing
anxiety and depression. The BDI short form contained
thirteen statements related to negative mood and participants
rated their level of agreement from 0 to 3, with higher scores
representative of severity of depressed mood. Likewise, the
STAI contained twenty-one statements related to trait anxiety
(e.g., “I feel content”) and participants were asked to rate how
they feel on a scale from 1 (“Almost never”) to 4 (“Almost
always”). Higher scores indicated greater anxiety.

Procedure
The results presented here are preliminary findings from a
larger study which collected information about imagery
ability, mindfulness, mental health, and performance on
several cognitive tasks. All procedures were approved by the
university’s Institutional Review Board located in the
southeast United States. After reviewing the eligibility
requirements, participants were redirected to Qualtrics where
they provided informed consent and verified their eligibility
using a brief screening form. Participants then completed
several online survey questionnaires, including the VVIQ,
FFMQ, BDI, and STAI in randomized order. Finally,
participants provided demographics including age, SES,
employment, and gender identity.
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Table 1: Descriptive statistics and correlation analysis
Variable
1. VVIQ
2. STAI - Trait
3. BDI
4. FFMQ Observe
5. FFMQ Describe
6. FFMQ Aware
7. FFMQ Non-Judgement
8. FFMQ Non-Reactivity
9. FFMQ Total Score

M
58.15
47.22
22.84
10.43
9.12
8.44
9.46
9.36
46.82

SD
12.11
11.82
7.62
2.22
2.44
2.29
2.60
2.04
6.44

1

2

3

-.30**
-.27**
.38**
.21**
.04
.17*
.13
.33**

.80**
-.17*
-.37**
-.21**
-.59**
-.23**
-.58**

-.12
-.30**
-.23**
-.58**
-.16*
-.52**

4

5

6

7

8

.19**
-.05
.22**
.02
.26**
.31**
.24**
.11
-.02
.03
.48**
.66**
.54**
.62**
.44**
**. Correlation is significant at .01 level.
*. Correlation is significant at .05 level.

(β = -.30, SE = .06, p < .001). However, after introducing
trait mindfulness scores to the model, the direct effect of
imagery on depression was no longer significant (p = .08),
and the direct effect on anxiety was greatly diminished (β
= -.11, SE = .05, p = .04). Furthermore, there was a
significant indirect effect on both depression (β = -.16, SE
= .02, p < .001) and anxiety (β = -.18, SE = .04, p < .001).
Consistent with our initial predictions, this model indicated
that mindfulness completely mediated the relationship
between imagery ability and depression severity, and
partially mediated the effect on anxiety.

Imagery Vividness Correlates to Multiple Facets
of Trait Mindfulness
A Pearson correlation analysis was performed to explore
the relationships between VVIQ, BDI, STAI Trait scores,
and the five facets of trait mindfulness (Table 1). As
expected, the vividness of visual imagery was positively
correlated with FFMQ total scores, r(205) = .33, p < .001,
as well as the “describe,” r(205) = .21, p < .001, “observe,”
r(205) = .38, p < .001, and “non-judgement,” r(205) = .17,
p = .01, mindfulness facets. Heightened imagery vividness
was also associated with lower self-reported trait anxiety,
r(205) = -.30, p < .001, as well as reduced severity of
depressed mood, r(205) = -.27, p < .001.
In addition, consistent with previous research,
participants scoring higher on trait mindfulness reported
lower trait anxiety, r(205) = -.58, p < .001, and depression,
r(205) = -.52, p < .001. Although the mindfulness facet
associated with non-judging of inner experience was most
closely related to BDI and STAI scores, these results
suggest that lower emotional distress is associated with
higher scores across all five facets of mindfulness.

Trait Mindfulness Mediates the Relationship
Between Imagery Vividness and Emotional
Distress
Next, we conducted a path analysis to investigate the role
of mindfulness as a mediating variable (see Figure 1). Path
analysis is related to structural equation modeling (SEM)
and can model more complex relationships than possible
with simple or multiple regression (Duncan, 1966).
Importantly, this approach allowed us to incorporate both
anxiety and depression scores simultaneously into our
analysis. The model was fit using Lavaan, a package
developed in R for SEM (Rosseel, 2012), and we utilized
bootstrapping (n = 5000) to generate confidence intervals
and test for indirect effects.
Before accounting for the effect of trait mindfulness,
VVIQ scores were significantly and negatively related to
both depression (β = -.27, SE = .04, p < .001) and anxiety

Figure 1: Mediation analysis depicting relationship
between imagery ability, mindfulness, and emotional
distress. Regression coefficients are standardized. Note:
**. p < .01; *. p <.05.
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Discussion

Finally, the current project extends the literature by
validating the link between imagery ability and trait
mindfulness. Although it was previously unclear which of
the five facets of mindfulness most closely related to
imagery ability (Kharlas & Frewen, 2016), we found that
imagery was primarily associated with the describe and
observe facets. It should not be surpising that the tendency
to observe and describe inner thoughts would be more
closely related to imagery vividness than acting with
awareness. However, we also found that participants with
more vivid imagery were less judgemental of their inner
experiences, suggesting that imagery is related to trait
mindfulness more broadly. Taken together, we provide
strong evidence that inner awareness is an important aspect
of mindfulness contributing to the experience of imagery.
Several areas remain for future research. First, the
observation that imagery vividness correlates with trait
mindfulness has implications for training paradigms that
aim to modulate imagery vividness. That is, it is possible
that exercises invoking mindfulness, such as mindfulness
meditation, may work to enhance the phenomenological
experience of imagery and increase state mindfulness.
Next, recent reports indicate a portion of the population
lacks the ability to generate imagery altogether (i.e.,
Aphantasia; Zeman et al., 2015). These individuals
experience substantial differences in their cognition,
including a possible impairment in autobiographical
memories (Brons, 2019). If these individuals do not
experience imagery, research on Aphantasia could shed
further light on the relationship between imagery,
attention, and mindfulness. Finally, more research is
needed to explore the connection between mindfulness and
imagery specifically. For example, it is unknown how
mindfulness may be related to aspects of imagery like
valence, frequency, or intrusiveness.

Mental imagery and mindfulness have long been
implicated in the experience of depression and anxiety
(e.g., Carpenter et al., 2019; Holmes et al., 2016), but their
influences on mood are typically investigated as
independent processes. Recent work has highlighted
significant overlap between trait mindfulness and imagery
ability (Frewen et al., 2010; Kharlas & Frewen, 2016), such
that people who are more mindful of their inner
experiences tend to report experiencing more vivid mental
imagery. However, this connection has not yet been
explored in the context of mental health. For example, it is
reasonable to assume that the reduced mindfulness
reported by individuals experiencing emotional distress
(e.g., Carpenter et al., 2019) would correspond to reduced
self-reported imagery vividness. We begin to address this
gap in the literature by investigating whether five facet trait
mindfulness mediates the relationship between imagery
ability and emotional distress.
The results of our path analysis revealed that trait
mindfulness fully mediated the relationship between
vividness and depression and partially mediated the
relationship between vividness and anxiety. In other words,
we found evidence that individuals experiencing emotional
distress did not necessarily differ in their baseline ability to
generate neutral imagery, but instead were less disposed to
‘observe’ or attend to those thoughts. This supports the idea
that trait mindfulness plays a role in both the
phenomenology of imagery and the experience of
emotional distress.
These findings have several implications. First, studies
examining how emotional distress is related to imagery
ability (i.e., the generation of neutral imagery) have
reported inconsistent findings ranging from weak positive
to negative relationships (Fulford et al., 2018; Guarnera et
al., 2019; Jelinek et al., 2015; Lambert et al., 2001; Moriya,
2018; Sindhu & Pande, 2019). These conflicting results
may be explained by the fact that these previous studies did
not consider individual differences in trait mindfulness or
attention to imagery.
Furthermore, most of the research examining the role of
imagery in mood disorders has focused on the generation
of positive versus negative imagery during imagined
scenarios (for review, see Holmes et al., 2016; Ji et al.,
2016; Pearson et al., 2015). For example, it is commonly
observed that patients with depression have difficulty
generating vivid positive imagery (Holmes et al., 2016).
Our results indicate that these differences in
phenomenology are driven by attentional biases in
information processing, as opposed to reductions in the
ability to generate specific types of mental images—as
previously suggested. Thus, it may be important to target
maladapted imagery during interventions, like cognitive
restructuring, which attempt to restructure negative
thinking patterns.

Limitations
As previously mentioned, the results presented here are
preliminary findings that have been collected as part of a
larger project. Future analyses on these data will involve
several additional metrics which may help to explain some
of the residual error in the path model presented.
Additionally, the current project focused on the ability to
generate vivid visual mental imagery. However, imagery is
often conceptualized as having multiple different
dimensions (e.g., motor, perceptual, emotional; Andrade et
al., 2014). Given that we found significant relationships
between visual imagery vividness and sensory facets of
trait mindfulness (i.e., the tendency to observe bodily
sensations), it is possible that other dimensions of imagery,
such as emotional imagery, may be uniquely associated
with mindfulness. For instance, it seems plausible that
emotional imagery may be more associated with nonreactivity and non-judgement of inner thoughts than with
acting with awareness or observation of bodily sensations.
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Finally, we focus specifically on the vividness of neutral
imagery as a way of assessing general imagery ability, but
we did not collect data on other components of imagery
ability such as the ability to manipulate mental images.

Conclusions
The current paper examines how mindfulness and imagery
ability intersect to influence mental wellbeing. In addition
to confirming the link between imagery ability and the
describe and observe facets of mindfulness, we provide
evidence that trait mindfulness mediates the relationship
between imagery ability and emotional distress.
Individuals who were more mindful of their inner
experiences tended to have greater imagery ability as well
as lower depression and anxiety scores. Our results
emphasize the importance of mindfulness for mental
wellbeing and highlight a need for research investigating
the relationship between imagery and mindfulness.
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Abstract
We present a neural-network computational model of a recent
experiment revealing that chimpanzees show some ability to
reason probabilistically. Specifically, we show that the neural
probability learner and sampler (NPLS) system can account
for both success by chimpanzees and better performance by
human controls. NPLS effectively combines learning
probability distributions with sampling from those learned
distributions to guide action choices. Because NPLS also
simulates learning and use of probability distributions by
human infants, this brings us closer to a unifying model of
probabilistic reasoning, across various age groups and species.
Keywords: probabilistic reasoning; neural networks; neural
probability learning and sampling; chimpanzees; Weber’s law

Introduction
There has been intense recent interest in the learning and use
of probability distributions, due in large part to the
recognition that much of cognition involves making
decisions in uncertain situations. A series of experiments has
shown than even pre-linguistic infants show some amazing
abilities in this domain: they learn simple binary probability
distributions, use that knowledge to guide their intentional
actions, and show differential surprise at seeing their
probabilistic expectations violated (Denison, Reed, & Xu,
2013; Denison & Xu, 2010, 2014, 2019; Xu & Garcia, 2008).
Computational modeling of how these infant phenomena
has attempted to solve the mystery of how such young infants
could deal with probabilities long before they were able to
explicitly count and divide (Shultz & Nobandegani, 2021).
These infant experiments have also attracted the interest of
researchers of animal cognition to see if other species could
learn and use probability distributions (Eckert, Call, Hermes,
Herrmann, & Rakoczy, 2018; Eckert, Rakoczy, & Call, 2017;
Rakoczy et al., 2014). Initial experiments with monkeys and
apes, using similar research designs from the infant studies,
revealed some degree of success but also some divergence in
results and interpretations. Here we focus on simulating the
most recent of these non-human primate experiments, as it
corrects some shortcomings of the earlier experiments and
includes samples of both chimpanzees and adult humans
(Eckert et al., 2018).

Experiment with Chimpanzees and Humans
Eckert and colleagues (2018) tested 24 chimpanzees in their
home sanctuary using a paradigm inspired by the infant
experiments and initial primate experiments. This paradigm

required a chimp to choose between random binary samples
drawn from populations of food items with different ratios of
preferred (peanuts) and non-preferred items (carrot pieces).
In a series of experimental conditions, the ratio of the two
ratios to be discriminated (RoR) was varied from 1 to 16 in
order to assess the Weber effect that the two ratios would be
easier to distinguish with increasing RoR. Human adults (n =
144) were tested in a computerized version of an analogous
task in which they were asked to blindly select a marble of a
particular color from one of two containers, each containing
two colors of marbles, where the ratios and RoRs were the
same as those used with the chimpanzees (Eckert et al.,
2018).
For the chimpanzees, the experimenter’s hands were
crossed on a random half of trials to control for proximity
effects between food population and sample. As in some of
the infant experiments (Denison & Xu, 2014), a positive
correlation between frequencies of preferred items and
probabilities was eliminated by ensuring that the more
favorable population had fewer preferred items than the
unfavorable population (see Table 1). Correct choices (of the
preferred sample) increased with log RoR, taken as evidence
for operation of Weber’s law (Eckert et al., 2018).
Table 1: Favorable and unfavorable populations, groundtruth probabilities, and ratios used in the empirical
experiments and simulations. Favorable is represented here
as fav, unfavorable as unf, population as pop, preferred item
as pre, not-preferred as not, and ratio-of-ratios as ror.
fav pop
unf pop probability
ratios
pre not pre not fav unf fav
unf ror
28 20 56
80 .58 .41 1.40 .70
2
28 14 56 112 .67 .33 2.00 .50
4
28 11 56 132 .72 .30 2.55 .42
6
28 10 56 160 .74 .26 2.80 .35
8
28
8 56 192 .78 .23 3.50 .29 12
28
7 56 224 .80 .20 4.00 .25 16

Methods
The same neural probability learner and sampler (NPLS)
system (Shultz & Nobandegani, 2021) used to simulate the
human infant experiments (Denison et al., 2013; Denison &
Xu, 2010, 2014, 2019; Xu & Garcia, 2008) is used here.
NPLS includes a modified version of the sibling-descendant
cascade-correlation (SDCC) algorithm that has been used to
simulate many deterministic phenomena in cognitive and
language development (Nobandegani & Shultz, 2022; Shultz,
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2003, 2017), and the widely used Markov chain Monte Carlo
(MCMC) sampling algorithm that has been used to simulate
a broad range of empirical findings in human probabilistic
reasoning and decision making (Dasgupta, Schulz, &
Gershman, 2017; Nobandegani & Shultz, 2020).
SDCC uses deterministic, feed-forward networks that learn
from labelled examples by reducing overall prediction error
(Baluja & Fahlman, 1994). The unit activations are passed
forward from inputs that describe examples to hidden units
that transform the inputs into more abstract representations,
and finally to output units representing responses to that
particular input. Network outputs can be regarded as
predictions about what will happen, while target output
represents what actually happens. There are two phases in
SDCC processing: input phase and output phase. During
output-phase learning, connection weights are adjusted to
reduce sum-of-squared network error E:
𝐸 = # #$𝐴!" − 𝑇!" (
!

#

(1)

"

where A is the actual output activation for unit o and pattern
p, and T is the target output activation for this unit and
pattern.
SDCC learning begins with only the input and the output
layers of units, and then recruits hidden units one at a time,
as needed, to solve the problem being learned. SDCC thus
constructs its own network topology, as opposed to being
designed by a programmer. In the input phase, weights
entering randomly-generated candidate hidden units are
trained to increase covariation of candidate hidden-unit
output activation with network error. The highest correlating
unit is then installed either on the highest layer of hidden units
or on its own higher layer, whichever shows the better
absolute covariation with network error. Input weights to
each recruited hidden unit are frozen as soon as the recruited
unit is installed. At this point, control is passed back to output
phase, in which connection weights entering output units are
adjusted one layer at a time, thus never requiring (unrealistic)
propagation of error signals back through the network. The
function to maximize in input phases is the covariance C
between candidate-hidden-unit activation and overall
network error:
𝐶=

∑! | ∑"(ℎ" − ⟨ℎ⟩)(𝑒!" − ⟨𝑒! ⟩) |
#

∑! ∑"$𝑒!" − ⟨𝑒! ⟩(

(2)

where ℎ" is activation of the candidate hidden unit for pattern
𝑝, ⟨ℎ⟩ is the mean activation of the candidate hidden unit for
all patterns, 𝑒!" is the residual error at output 𝑜 for pattern 𝑝,
and ⟨𝑒! ⟩ is the mean residual error at output 𝑜 for all the
training patterns.
For probability learning, the networks use an asymmetric
sigmoid activation function:

𝑦$ =

1
1 + 𝑒 %&!

(3)

In order to prevent the algorithm from recruiting new
hidden units ad infinitum, NPLS monitors its progress in error
reduction over learning cycles. SDCC already possessed the
capacity to monitor its progress during both input and output
phases, using parameters for threshold and patience (Baluja
& Fahlman, 1994). During output phases, SDCC adjusts its
connection weights to reduce error. But when error reduction
stagnates, there is a shift to input phase to recruit a new
hidden unit, adjusting the input weights to candidate units in
order to increase covariation between candidate-unit
activations and network error. In each of these two phases,
stagnation is detected when progress no longer exceeds a
threshold parameter for some number of training epochs,
specified by a patience parameter.
This idea was extended by adding an outer loop having its
own threshold and patience parameters to monitor progress
over learning cycles, where each cycle is an input phase and
the next output phase (Shultz & Doty, 2014). This allows
NPLS to stop when learning stagnates, which happens to
coincide with accurate estimates of the probability
distribution being learned. Thus, NPLS can learn an
unnormalized multivariate probability distribution from
examples specifying whether or not an output occurs in the
presence of a particular input (Kharratzadeh & Shultz, 2016).
We run 20 NPLS networks in each of the six conditions
representing the six RoR values for the chimpanzee and
human populations studied by Eckert et al. (2018). Networks
are trained on event sequences with an input unit arbitrarily
coding for the identity of the source container (1 or 2) and an
output unit coding 1 for presence and 0 for absence of an
object type (food item for chimpanzees, or marble color for
humans).
With this deterministic binary coding, corresponding
directly to the visual stimuli experienced by the empirical
experimental participants, networks learn to output the
probability of drawing a preferred item from a favorable or
an unfavorable population. Importantly, ground-truth
probabilities are not used as learning targets. Probability
estimates are instead an emergent property of NPLS learning,
represented by learned network output activations (Shultz &
Nobandegani, 2021).
Table 2 shows an example of the coding scheme for a much
simpler binary distribution with frequency ratios of 4:1 vs.
1:4. This example requires five training patterns for each
ratio. In 4 of 5 examples for container 1, a focal object
appears. For container 2, a focal object appears in only 1 of 5
examples. Our simulations use the exact ratios from the
empirical experiments, realistically representing what a
participant sees in the containers. An asymmetric sigmoid
activation function on the output unit constrains outputs to
the 0-1 range of probabilities.

1948

4:1
Output
1
1
1
1
0

Input
2
2
2
2
2

1:4
Output
1
0
0
0
0

A parameter called score-threshold is used to distinguish
deeper learning in humans from the apparently shallower
learning of chimpanzees. Formally, score-threshold
represents the allowable distance between actual and
expected outputs that are considered as correct. The default
score-threshold in SDCC is .4, allowing for an uncertain,
buffer zone from outputs of .4 to .6. We set score-threshold
to .5 for human simulations and .6 for chimpanzee
simulations, reflecting hypothesized imperfect learning for
humans and slightly less perfect learning for chimpanzees.
Following recent advances in how to probabilistically
generate examples from learned categories (Nobandegani &
Shultz, 2017), NPLS then uses an MCMC algorithm to
simulate how participants select a container, essentially
converting a deterministic neural network into a probabilistic
generative network. NPLS learns categories from examples
and then generates examples from those categories using the
learned weights (Nobandegani & Shultz, 2018). Such
backward inferences can be mathematically characterized as
a form of sampling from the underlying, learned probability
distribution. A participant could mentally draw a sample,
cued by the higher probability of a preferred object, and thus
identifying the more favorable sample for obtaining that
object.
Formally, NPLS induces a probability distribution 𝑝(𝐗|𝐘)
on the deterministic input-output mapping 𝑓(𝐗; 𝑊 ∗ ) learned
by an NPLS network, and uses MCMC to sample from that
induced distribution. The induced distribution is given by:
𝑝(𝐗|𝐘 = 𝑌) ∝ 𝑒𝑥𝑝(−β||𝑌 −

𝑓(𝐗; 𝑊 ∗ )||## )

0.9
0.8

GT Favorable

GT Unfavorable

NPLS Favorable

NPLS Unfavorable

0.7
0.6

Probability

Input
1
1
1
1
1

and the chimpanzee simulations (Figure 2). Comparing these
network probability estimates to the ground-truth
probabilities calculated in Table 1 reveals better accuracy and
less variation for the human than for the chimpanzee
simulated agents. Mean network output activations correlate
highly with ground-truth probabilities across the twelve
conditions of the six experiments, in both chimpanzees
(𝑟(10) = .9709, 95% CI = [.8966, .9920], 𝑝 < 10%( ) and
humans (𝑟(10) = .9999, 95% CI = [.9997, .9999], 𝑝 <
10%)* ). Human simulated agents recruit more hidden units
(M = 3.54) than do chimpanzee simulated agents (M = 1.54),
independent t(139.53) = 11.986, p = 3.36E-23, Cohen's D =
1.55. This reflects deeper learning in human simulated agents
than in chimpanzee simulated agents.

0.5
0.4
0.3
0.2
0.1
0.0
2

4

6

8

12

16

Ra+o of ra+os

Figure 1: Comparison of mean network probability
estimates (output activations), along with SDs, to groundtruth probabilities for 20 NPLS networks in human
simulations.

0.9

GT Favorable

GT Unfavorable

NPLS Favorable

NPLS Unfavorable

0.8
0.7

Probability

Table 2: Schematic coding of a binary probability
distribution

(4)

0.6
0.5
0.4
0.3
0.2
0.1

∗

where || ⋅ ||# is the l2-norm, 𝑊 the set of weights for a
network after training, and β a damping factor. For an input
instance 𝑿 = 𝑋 belonging to the desired class 𝑌, the network
output 𝑓(𝑋; 𝑊 ∗ ) is expected to be close to 𝑌 in the 𝑙# -norm
sense. Equation 4 adjusts the probability of input instance 𝑋
to be inversely proportional to the base-e exponentiation of
the 𝑙# distance. The NPLS system can handle any MCMC
method, including Metropolis-Adjusted Langevin, a
gradient-based MCMC method, which could be implemented
in a biologically-plausible way (Moreno-Bote, Knill, &
Pouget, 2011; Savin & Denève, 2014).

Results
Mean output activations are plotted across RoRs, with SDs,
for 20 NPLS networks in the human simulations (Figure 1)

0.0
2

4

6

8

12

16

Ra+o of ra+os

Figure 2: Comparison of mean network probability
estimates (output activations), along with SDs, to groundtruth probabilities for 20 NPLS networks in chimpanzee
simulations.
Mean sampling probabilities (with SDs) are shown in
Figure 3. They correspond well with the empirical
experiments (Eckert et al., 2018) in that simulated agents
select correctly with probability close to .5 with a lower RoR
of 2, and approach .7 for the chimpanzees and .8 for humans
at a higher RoR of 16. Mean sampling probabilities correlate
highly with empirically observed choice behavior across the
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twelve conditions of the six experiments, in both
chimpanzees (𝑟(10) = .9532, 95% CI = [.8374, .9871], 𝑝 <
10%* ) and humans (𝑟(10) = .998, 95% CI = [.993, .999],
𝑝 < 10%)# ).

Figure 3. Mean sampling probabilities and SDs for the
human and chimpanzee simulated agents.
Simple linear regressions reveal that mean favorable
selection probabilities increase linearly as a function of
log(RoR) for both simulated species (Table 3), consistent
with Eckert et al.’s (2018) empirical results. Equivalently,
these probabilities increase logarithmically as a function of
raw RoR.
Table 3: Linear regression results for sampling.
#
Species
95% CI
F(1,4) p <
𝛽
𝑅+,Human
Chimp

.087
.077

[.079,.096]
[.053,.101]

806
81

.001
.001

.994
.941

Discussion
Our simulation results show that NPLS provides accurate
coverage of the empirical results presented by Eckert et al.
(2018), including some success by chimpanzees and even
better performance by human controls. Although Eckert et al.
(2018) dealt only with selection and not with learning, it is
likely that individuals would have to somehow register the
probability distributions before being able to use them to
guide their selections. To our knowledge, this is the first
successful computer simulation consisting of a precise and
plausible set of causal mechanisms for both learning and
acting on probability distributions that matches empirical
data across various age groups and species.
In the NPLS model, the superior performance of humans is
due to more accurate learning (due to a smaller scorethreshold setting).
Our familiarity with SDCC allowed us to estimate the
score-threshold values that could simulate the difference
success levels of humans and chimpanzees, illustrated by
asymptotic performance of humans (.8 correct) and

chimpanzees (.7 correct). Our initial estimate of effective
score-threshold values proved to be correct, requiring no data
fitting by comprehensive parameter variation.
Depth of learning could involve any of several different
underlying factors including, e.g., attention, motivation, and
ability. Such factors are effectively summarized by
manipulation of the score-threshold parameter, which
controls depth of learning. Future empirical and modeling
work could perhaps sort out the essential causal factors in
more detail.
Alternatively, it is possible that humans are better able to
leverage their knowledge to select an advantageous action.
Future empirical and computational work could further
clarify the precise causal mechanisms for the human
advantage on this task.
Like some other researchers contemplating successful
performance in probability experiments (Denison & Xu,
2014; McCrink & Birdsall, 2015), Eckert et al. (2018)
attributed the success of their participants to use of the
Approximate Number System (ANS). The ANS (sometimes
called the Analog Magnitude System) is described as a
nonverbal system that allows approximate numerical
estimation of collections of items at a glance, yielding
magnitude values (Carey, Shusterman, Haward, & Distefano,
2017; Dehaene, 2009; Feigenson, Dehaene, & Spelke, 2004;
Gallistel & Gelman, 1992).
However, there are several problems with the ANS
hypothesis for explaining probabilistic reasoning. First, raw
frequencies suffice for probability judgments only when the
two are positively correlated. When that positive correlation
is disentangled, participants focus on probabilities and ignore
raw frequencies (Denison & Xu, 2014; Eckert et al., 2018).
Accurate conversion of raw frequencies into probabilities is
arguably too difficult for chimpanzees and human infants,
both of whom lack explicit division skills. Also, the ANS is
known to be relatively imprecise, particularly with large
numbers, small Weber fractions, and infants (Carey et al.,
2017; Feigenson et al., 2004; Xu & Spelke, 2000). In contrast,
recent empirical experiments have revealed that infants are
surprisingly precise in probability matching, even in tasks
involving large numbers of items (Denison & Xu, 2014).
Finally, the ANS has not yet, to our knowledge, been fully
implemented as a precise computational mechanism, making
it difficult to determine how much power it actually has in
explaining probabilistic reasoning, but see Dehaene and
Changeux (1993) for a preliminary ANS model.
Eckert et al. (2018) show that both humans’ and
chimpanzees’ choice behavior depends logarithmically on
RoR, taking that as evidence for use of Weber’s law.
However, in Eckert et al.’s experiments, ground-truth
probabilities also depend logarithmically on RoR (see
Figures 1-2). Because the ground-truth probabilities used
here almost exactly add up to 1, the normalized ground-truth
probabilities are almost identical to the ground-truth
probabilities. Therefore, as an alternative explanation, the
observed logarithmic trend in humans’ and chimpanzees’
choice behavior could be instead attributed to probability-
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matching, an empirically well-supported behavioral pattern
found in a wide variety of animal species, e.g., bees
(Greggers & Menzel, 1993), fish (Behrend & Bitterman,
1961), turtles (Kirk & Bitterman, 1965), humans (Denison &
Xu, 2014), and apes and monkeys (De Petrillo & Rosati,
2019; Eckert et al., 2018; Tecwyn, Denison, Messer, &
Buchsbaum, 2017). Future experimental work should
adjudicate between these two competing explanations of
observed choice behavior (i.e., Weber’s effect and
probability matching), by using a set of normalized groundtruth probabilities that do not depend logarithmically on RoR.
In the meantime, NPLS modeling suggests a relatively
simple set of neural mechanisms that explain how a wide
variety of learners could internalize and employ probability
distributions to guide their action choices, without explicit
counting and dividing of large numbers. So far, NPLS
predicts and explains probabilistic learning and reasoning in
adult chimpanzees, adult humans, and human infants (Shultz
& Nobandegani, 2021), all of which approaches a unifying
model of probabilistic learning and reasoning across various
ages and species.
However, several additional challenges remain to be
explored in the study of probabilistic reasoning in non-human
animals. One is the extensive, classic literature on the
matching law in individual operant conditioning. Individual
animals (often a pigeon or a rat) allocated choices in direct
proportion to the rewards that the choices provided
(Herrnstein, 1970). Coherent interpretation of this literature
is currently difficult because these animals sometimes
optimized probabilistic choices rather than matching
probabilities. This is often referred to as the explore vs.
exploit issue, and is subject to active research efforts in
several disciplines, including psychology (Gaissmaier &
Schooler, 2008; Koehler & James, 2009), computer science
(Agrawal & Goyal, 2012), and behavioral economics (Uotila,
Maula, Keil, & Zahra, 2009).
Interestingly, NPLS allows for simulating both probabilitymatching and probability-maximization by modulation of its
𝛽 parameter (see Eq. 4). Concretely, a gradual increase of the
𝛽 parameter results in a smooth transition from probabilitymatching, at one end of a spectrum, to probabilitymaximization, on the other end. As such, variation in 𝛽
allows for reconciling two ostensibly distinct behaviors,
probability-maximization and probability-matching, with the
former being normatively justified while the latter is often
interpreted as a sign of irrationality. Future research should
investigate whether and how variation in the NPLS 𝛽
parameter could account for observed discrepancies in
probabilistic reasoning.
Another promising comparative literature deals with
foraging strategies in animal groups. In ecology, Ideal Free
Distribution theory (IFD) describes how the individuals in a
group distribute themselves across multiple patches of
resources in their environment. Presumably, they would do
this in order to minimize resource competition and maximize
reproductive fitness. The IFD theory predicts that the number
of individual animals that aggregate in various patches is

proportional to the richness of resources available in each
patch. For this to work, presumably individual animals would
have to estimate the probabilities of finding food in each of
the patches to decide where to spend their foraging time. As
with the operant conditioning literature, there is evidence
both for (Dreisig, 1995) and against (Godin & Keenleyside,
1984) this prediction.
Additionally, there are other probabilistic reasoning studies
of apes and monkeys that have not yet been modeled (Eckert
et al., 2017; Rakoczy et al., 2014; Tecwyn et al., 2017).
Careful and extensive interpretations of these three empirical
literatures would be required in order to prepare for the quest
of achieving a fully unified model and theory of probabilistic
reasoning across species. Because decision making is often
complicated by context and individual differences, NPLS
provides a starting point, and perhaps a solid foundation, for
understanding such behavior. For now, it is encouraging to
see that a unified model can already predict and explain the
learning and use of probability distributions across several
infant experiments (Shultz & Nobandegani, 2021) and, as we
show here, experiments with human adults and chimpanzees.
Although NPLS is not the only algorithm capable of
learning probability distributions, it possesses several
features that make it particularly suitable for simulating and
thus explaining learning and use of such distributions across
ages and species: network construction, learning cessation,
and sampling. Network construction allows a clear
distinction between learning (via weight adjustment) and
development (via hidden-unit recruitment). Learning
cessation prevents fruitless attempts to reduce error that
cannot be further reduced while allowing efficient and
accurate probability matching. And sampling allows reverse
inferencing of example generation and action selection from
learned probability distributions, with the potential ability to
maximally exploit knowledge of probability distributions.

Acknowledgements
This research was supported in part by an operating grant to
TRS from the Natural Sciences and Engineering Research
Council of Canada. Thanks to Marcel Montrey for
acquainting us with the literature on the IFD theory.

References
Agrawal, S., & Goyal, N. (2012). Analysis of thompson
sampling for the multi-armed bandit problem. Journal
of Machine Learning Research, 23, 1–26.
Baluja, S., & Fahlman, S. (1994). Reducing network depth in
the cascade-correlation learning architecture.
Carnegie Mellon University. Pittsburgh, PA. Retrieved
from dtic.mil
Behrend, E., & Bitterman, M. (1961). Probability-Matching
in the Fish. The American Journal of Psychology,
74(4), 542–551.
Carey, S., Shusterman, A., Haward, P., & Distefano, R.
(2017). Do analog number representations underlie the
meanings of young children’s verbal numerals?
Cognition, 168, 243–255.

1951

Dasgupta, I., Schulz, E., & Gershman, S. (2017). Where do
hypotheses come from? Cognitive Psychology, 96, 1–
25.
De Petrillo, F., & Rosati, A. (2019). Rhesus macaques use
probabilities to predict future events. Evolution and
Human Behavior, 40(5), 436–446.
Dehaene, S. (2009). Origins of mathematical intuitions: The
case of arithmetic. Annals of the New York Academy of
Sciences, 1156, 232–259.
Dehaene, S., & Changeux, J. (1993). Development of
elementary numerical abilities: A neuronal model.
Journal of Cognitive Neuroscience, 5(4), 390–407.
Denison, S., Reed, C., & Xu, F. (2013). The emergence of
probabilistic reasoning in very young infants: evidence
from 4.5- and 6-month-olds. Developmental
Psychology, 49(2), 243–249.
Denison, S., & Xu, F. (2010). Twelve- to 14-month-old
infants can predict single-event probability with large
set sizes. Developmental Science, 13(5), 798–803.
Denison, S., & Xu, F. (2014). The origins of probabilistic
inference in human infants. Cognition, 130(3), 335–
347.
Denison, S., & Xu, F. (2019). Infant Statisticians: The
Origins of Reasoning Under Uncertainty. Perspectives
on Psychological Science, 14(4), 499–509.
Dreisig, H. (1995). Ideal Free Distributions of Nectar
Foraging Bumblebees. Oikos, 72(2), 161–172.
Eckert, J., Call, J., Hermes, J., Herrmann, E., & Rakoczy, H.
(2018). Intuitive statistical inferences in chimpanzees
and humans follow Weber’s law. Cognition, 180, 99–
107.
Eckert, J., Rakoczy, H., & Call, J. (2017). Are great apes able
to reason from multi-item samples to populations of
food items? American Journal of Primatology, 79(10),
1–14.
Feigenson, L., Dehaene, S., & Spelke, E. (2004). Core
systems of number. Trends in Cognitive Sciences, 8(7),
307–314.
Gaissmaier, W., & Schooler, L. (2008). The smart potential
behind probability matching. Cognition, 109(3), 416–
422.
Gallistel, C. R., & Gelman, R. (1992). Preverbal counting and
computation. Cognition, 44, 43–74.
Godin, J., & Keenleyside, M. (1984). Foraging on patchily
distributed prey by a cichlid fish (Teleostei, Cichlidae):
A test of the ideal free distribution theory. Animal
Behaviour, 32(1), 120–131.
Greggers, U., & Menzel, R. (1993). Memory dynamics and
foraging strategies of honeybees. Behavioral Ecology
and Sociobiology, 32(1), 17–29.
Herrnstein, R. (1970). On the law of effect. J Exp Anal Behav,
13(243–266).
Kharratzadeh, M., & Shultz, T. (2016). Neural
implementation of probabilistic models of cognition.
Cognitive Systems Research, 40, 99–113.
Kirk, K., & Bitterman, M. (1965). Probability-learning by the
turtle. Science, 148(3676), 1484–1485.

Koehler, D., & James, G. (2009). Probability matching in
choice under uncertainty: Intuition versus deliberation.
Cognition, 113(1), 123–127.
McCrink, K., & Birdsall, W. (2015). Numerical abilities and
arithmetic in infancy. In R. Cohen Kadosh & A.
Dowker (Eds.), The Oxford Handbook of Numerical
Cognition (pp. 258–274). Oxford, England: Oxford
University Press.
Moreno-Bote, R., Knill, D., & Pouget, A. (2011). Bayesian
sampling in visual perception. Proceedings of the
National Academy of Sciences of the United States of
America, 108(30), 12491–12496.
Nobandegani, A., & Shultz, T. (2017). Converting cascadecorrelation neural nets into probabilistic generative
models. In G. Gunzelmann, A. Howes, T. Tenbrink, &
E. J. Davelaar (Eds.), Proceedings of the 39th Annual
Conference of the Cognitive Science Society (pp. 1029–
1034). Austin, TX: Cognitive Science Society.
Nobandegani, A., & Shultz, T. (2018). Example generation
under constraints using cascade correlation neural nets.
Proceedings of the 40th Annual Meeting of the
Cognitive Science Society, 2385–2390. Retrieved from
http://mindmodeling.org/cogsci2018/papers/0456/045
6.pdf
Nobandegani, A., & Shultz, T. (2020). A Resource‐Rational,
Process‐Level Account of the St. Petersburg Paradox.
Topics in Cognitive Science, 12, 417–432.
Nobandegani, A., & Shultz, T. (2022). Computational
approaches to cognitive development: Bayesian and
artificial-neural-network models. In O. Houdé & G.
Borst (Eds.), The Cambridge Handbook of Cognitive
Development (pp. 318–338). Cambridge, UK:
Cambridge University Press.
Rakoczy, H., Clüver, A., Saucke, L., Stoffregen, N.,
Gräbener, A., Migura, J., & Call, J. (2014). Apes are
intuitive statisticians. Cognition, 131(1), 60–68.
Savin, C., & Denève, S. (2014). Spatio-temporal
representations of uncertainty in spiking neural
networks. In Z. Ghahramani, M. Welling, C. Cortes, N.
D. Lawrence, & K. Q. Weinberger (Eds.), Advances in
Neural Information Processing Systems 27 (pp. 2024–
2032). Curran Associates, Inc. Retrieved from
http://papers.nips.cc/paper/5343-spatio-temporalrepresentations-of-uncertainty-in-spiking-neuralnetworks.pdf
Shultz, T. (2003). Computational developmental psychology.
Cambridge, MA: MIT Press.
Shultz, T. (2017). Constructive artificial neural-network
models for cognitive development. In N. Budwig, E.
Turiel, & P. D. Zelazo (Eds.), New Perspectives on
Human Development (pp. 13–26). Cambridge:
Cambridge University Press.
Shultz, T., & Doty, E. (2014). Knowing when to quit on
unlearnable problems: another step towards
autonomous learning. In J. Mayor & P. Gomez (Ed.),
Computational Models of Cognitive Processes (pp.
211–221). London: World Scientific.

1952

Shultz, T., & Nobandegani, A. (2021). A computational
model of infant learning and reasoning with
probabilities.
Psychological
Review.
https://doi.org/http://dx.doi.org/10.1037/rev0000322
Tecwyn, E., Denison, S., Messer, E., & Buchsbaum, D.
(2017). Intuitive probabilistic inference in capuchin
monkeys. Animal Cognition, 20(2), 243–256.
Uotila, J., Maula, M., Keil, T., & Zahra, S. (2009).
Exploration, exploitation, and financial performance:
Analysis of S&P 500 corporations. Strategic
Management Journal, 30(2), 221–231.
Xu, F., & Garcia, V. (2008). Intuitive statistics by 8-monthold infants. Proceedings of the National Academy of
Sciences, 105(13), 5012–5015.
Xu, F., & Spelke, E. (2000). Large number discrimination in
human infants. Cognition, 74, B1–B11.

1953

IPOWER: Incremental, Probabilistic, Open-World Reference Resolution
Will Culpepper (wculpepper@mines.edu)
Thomas Bennett (tbennett@mines.edu)
Lixiao Zhu (lixiao.zhu@outlook.com)
Rafael Sousa Silva (rsousasilva@mines.edu)
Ryan Blake Jackson (rbjackso@mines.edu)
Tom Williams (twilliams@mines.edu)
Department of Computer Science, Colorado School of Mines
Golden, CO 80401 USA

Abstract

an entire sentence has been heard to start processing it. Accordingly, some researchers have begun to research incremental reference resolution (i.e., processing referring expressions
word by word in real-time as they are spoken) (Kennington
& Schlangen, 2015). Second, in situated dialogue, people
regularly introduce new entities into the dialogue, and it cannot be assumed that a robot will know a priori of all entities
that could be described. Accordingly, some researchers have
begun to research open-world reference resolution (i.e., resolving references both to known and previously unknown
entities) (Williams & Scheutz, 2015b).

Referring expression understanding and generation are critical for robots to communicate about the world around them.
Recently there have been significant advances on the problem of referring expression understanding, also known as reference resolution, with researchers presenting approaches to
both incremental reference resolution (i.e., processing referring expressions word by word in real-time as they are spoken) and open-world reference resolution (i.e., resolving references both to known and previously unknown entities). In this
work, we combine insights from these approaches to present
IPOWER: the first algorithm for performing reference resolution incrementally in open-world environments.

Introduction
A robot designed to help bullied children asks a child about
their relationship with their classmate. A robot at a public
bus terminal helps a new immigrant to find their way across
the city that is their new home. A robot assisting a person
with Parkinson’s issues a gentle reminder of which medications still need to be allocated to their pillboxes. Like all of
these cases, the robotics applications of the future will rely on
situated natural language understanding and generation capabilities in which robots must be able to talk about the people,
places, and things that are found in the environments they
share with their human teammates.
One of the key capabilities of situated language understanding is reference resolution: the process of determining which entities are being referred to in an utterance one
has heard (Van Deemter, 2016). Within the AI community,
especially within the field of Robotics, significant attention
has been paid to the problem of reference. While much
of this work has been focused on general language grounding, the problem of associating words with concepts or stimuli (Tellex, Gopalan, Kress-Gazit, & Matuszek, 2020), substantial recent work has specifically focused on the reference
resolution problem of associating complete referring expressions with mental representations of specific entities. In particular, a variety of recent work has sought to enable the resolution of referring expressions in a way that is uniquely tailored to the nuances of situated interaction. Situated communication presents unique challenges for language understanding due to its temporal and mnemonic characteristics.
First, situated language understanding unfolds over time.
This means that robots, for example, must be able to understand language as it is coming in and cannot simply wait until

In this work, we present the first approach that combines
these two capabilities. Our approach, IPOWER, is capable
of Incremental, Probabilistic, Open-World Reference Resolution of referring expressions to representations stored in
a set of distributed, heterogeneous knowledge base (DHKB,
cf. (Williams & Scheutz, 2016)), and is implemented within
the Distributed, Integrated, Affect, Reflection, Cognition (DIARC (Scheutz et al., 2019)), a component-based cognitive architecture with rich language understanding and generation
capabilities and a goal-driven approach to action selection
and execution. DIARC components work asynchronously
and are able to exchange information with other components
in operation. The central claim of this paper is that by developing reference resolution algorithms that are both incremental and open-world compatible, we should achieve
the best of both worlds, being able to handle open worlds
while increasing performance relative to non-incremental
algorithms like POWER (Williams & Scheutz, 2015b).
In the rest of the paper, we will: (1) summarize the related
work that IPOWER builds upon, (2) define and justify our
algorithmic approach, (3) provide a proof-of-concept demonstration of IPOWER’s operation in a natural language instruction scenario, (4) evaluate the time performance of IPOWER
compared to its non-incremental predecessors, and (5) conclude with directions for future work.

Related Work
In this section we describe the space of recent work performed on reference resolution, with especial attention paid
towards work performed in situated domains.
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Reference Resolution
A crucial aspect of natural language communication is the
ability to refer (Green, 1996). Humans commonly use expressions that “pick out” some entity about which we want to
make some claim, request some information, or issue some
command. These so-called referring expressions come in
a variety of forms (Strawson, 1950), including demonstrative pronouns (e.g., ‘this’ and ‘that’), personal and impersonal pronouns (e.g., ‘I’, ‘you’, ‘he’, ‘it’), proper names (e.g.,
‘Mount Evans’, ‘Angela Davis’), and definite and indefinite
noun phrases (e.g., “I have eaten the plums that were in the
icebox”, “There is a house in New Orleans”).
Perhaps the most popular approach toward understanding
referring expressions is co-reference resolution (Ng, 2010;
Soon, Ng, & Lim, 2001), in which new referring expressions
are “linked” with previously heard referring expressions. For
example, for the sentence pair “The commander needs the
medical kit. He says that he left the medkit in the atrium”, a
co-reference resolution system should identify that [The commander], [He], and [he] all co-refer, as do [the medical kit]
and [the medkit].
While co-reference resolution has been popular in textual
domains, it is typically insufficient in situated contexts like
robotics, where referring expressions must be understood by
robots to refer to entities in “the real world”. The robotics
community has thus emphasized the problem of identifying
what real-world entities are the referents of referring expressions, formulating this problem in different ways, such as
“language grounding” (Steels & Hild, 2012), “reference resolution” (Popescu-Belis, Robba, & Sabah, 1998), and “entity
resolution” (Meyer, 2013).
Moreover, in realistic robotics contexts, this problem is
made more difficult due to the tenuous connection between
language and physical reality. While referring is something
assumed to happen between linguistic expressions and real
world entities, people commonly refer not only to things that
exist in the real world but which their interlocutors have no
knowledge of, but also to things that are explicitly understood
not to exist (e.g., hypothetical or imaginary entities). Accordingly, the problem of reference resolution may be best viewed
as the identification of the mental representations that may
or may not actually be associated with real world entities; a
process that may require creation of new mental representations as part of the reference resolution process. This broader,
representation-focused view of reference resolution, is what
is known as Open-World Reference Resolution (Williams &
Scheutz, 2015a).

Open-World Reference Resolution
Classic computational models of reference resolution operate
under a closed world assumption, i.e., such approaches are
only able to resolve references with respect to a set of entities whose identities and properties are known a priori. A
situated agent cannot, however, be expected to know of every object, location, and person in its environment, especially

while exploring new environments (e.g., in search-and-rescue
scenarios). Open-world reference resolution algorithms address this limitation by determining which parts of referring
expressions refer to known versus unknown entities, and by
updating the listener’s world model when unknown entities
are presented or when new knowledge is received. This allows the listener to re-identify the new entity when it is referred to again in the future or to ground the entity when it is
observed in the world.
Approaches towards open-world reference resolution have
been presented by Williams and Scheutz (2015b, 2016), Duvallet et al. (2016), and Tucker, Aksaray, Paul, Stein, and
Roy (2020). Williams and Scheutz (2016), for example,
show how new object representations can be hypothesized
and asserted into memory during reference resolution, allowing agents to communicate about entities in their environment
without needing to have previously observed those entities,
and allowing agents to thus operate in incompletely known
environments. The DIST-POWER algorithm (Williams &
Scheutz, 2015b) is also notable as it is the first distributed
reference resolution algorithm, operating on knowledge distributed across multiple architectural components on multiple
machines, while staying agnostic to knowledge representation details.

Incremental Reference Resolution
Traditional reference resolution algorithms, including these
open-world variants, operate by first listening to an entire
sentence, parsing that sentence into a set of semantic constraints, and then identifying the objects described in the sentence from a knowledge base of potential candidates in the
current environment and the semantic constraints that apply
to them (Chai, Hong, & Zhou, 2004). Critically, this approach
is inconsistent with psycholinguistic accounts of reference
resolution, which suggest that humans incrementally resolve
references as an utterance unfolds word by word, rather than
waiting to hear an entire sentence (Poesio & Rieser, 2011).
Substantial evidence for this has come from eye tracking experiments conducted through the visual world paradigm (Allopenna, Magnuson, & Tanenhaus, 1998; Eberhard, SpiveyKnowlton, Sedivy, & Tanenhaus, 1995). The resolution speed
and backchanneling are critical for robot designers seeking to
achieve smooth and natural human-robot interactions (Stivers
et al., 2009; Thomaz & Chao, 2011).
While there has also been previous work on incremental reference resolution (Brick & Scheutz, 2007; Kennington
& Schlangen, 2015, 2017; Schlangen, Baumann, & Atterer,
2009), those works have operated under closed-world conditions. As such, no computational model of reference resolution has yet been presented which is both open world and
incremental.
In this paper, we thus present a model that combines the
benefits of these previously presented approaches in order to
enable incremental understanding of referring expressions in
uncertain and open worlds. This model assumes that the final
intended meanings and inferences intrinsic to each word can
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be derived as soon as that word has been completely uttered.
In this way, there is no risk of starting the incremental parsing and creating incorrect assumptions before the sentence is
completed. We refer to this algorithm as IPOWER: Incremental, Probabilistic, Open-World Reference Resolution.

Technical Approach
Due to the intended incremental nature of IPOWER, our algorithm is designed to be called repeatedly as a series of
semantic constraints are sequentially provided by an incremental parser. When each of these semantic constraints is
provided, IPOWER (Alg. 1) is called with six parameters
⟨S, M, H, P,U, E⟩ as described below:
1. S: A set of semantic constraints imposed by the most
recently heard portion of a referring expression, such as
cup(X), on(X,Y ), or table(Y ).
2. P: An initially empty set of variables used to keep track of
the semantic history of the utterance.
3. H: An initially empty set of hypotheses for bindings between variables V appearing in S and entities known of by
the robot. These hypotheses are made up of three components: (1) a set of bindings mapping a variable to a candidate referent; (2) a list of constraints imposed on those
referents by the referring expression; and (3) the incrementally computed likelihood of the hypothesis, calculated
as the joint probability of each constraint imposed thus
far holding for the hypothesis’ candidate referents under
a naive independence assumption.
4. M: A consultant1 able to provide information about the
entities within the environment, their properties, and their
relationships to each other in the form of semantic constraints.
5. U: An initially empty set of set of semantic constraints that
is used to store variables that need to be hypothesized at the
end of the utterance.
6. E: An end-of-clause flag indicating that no further constraints are expected.
When IPOWER is called with these parameters, incremental, probabilistic, open-world reference resolution is achieved
as follows (as described in Alg. 1):
If there are no working hypotheses for resolution (Line 1),
an initial set of hypotheses are created by taking the first variable appearing in the first semantic constraint in S (Line 2),
and creating hypotheses in which this variable is bound to
each entity known of by consultant M (Lines 3-7).
Next, this new or pre-existing set of working hypotheses is
pruned using the Distributed Closed-World Reference Resolution (DIST-CoWER) algorithm (Williams, 2017b), which
uses the set of semantic constraints S to guide a search
through the space of possible variable-entity assignments,
pruning branches whose incrementally computed probability
1 Cp.

Algorithm 1 IPOW ER(S, P, H, M,U, E)
1:
2:
3:
4:
5:
6:
7:
8:
9:
10:
11:
12:
13:
14:
15:
16:
17:
18:

if H = 0/ then
V
v = S00
for all m ∈ M do
b = (v → m)
H = H ∪ {{b}, P, 1.0}
end for
end if
H ′ = DIST −CoW ER(SV , S, H, M)
if H ′ = 0/ then
V
S′ = {s ∈ (P ∪ S)|sV = s00 }
/ 0,
/ M, (U ∪ S′ ), E)
return IPOW ER((P ∪ S \ S′ ), 0,
else
if E = true then
/ E)
return (P ∪ S, H ′ , M.update(U), 0,
else
return (P ∪ S, H ′ , M,U, E)
end if
end if

falls below a given threshold. The set of remaining hypotheses are then stored in H ′ (Line 8).
If no hypotheses remain after this call to DIST-CoWER
(Line 9), then it is presumed that at least one of the entities
described in the utterance heard thus far must be a new entity
not yet known of to the robot. In this case, IPOWER identifies
all semantic constraints heard thus far S′ that contain the first
unbound variable in the first constraint in S (Line 10), associates that variable with a placeholder value (“?”) and makes
a recursive call to IPOWER to re-attempt reference resolution
under the assumption that: (1) those constraints S′ no longer
need to be handled, (2) the set of working hypotheses and
pre-considered semantic constraints should be re-set, and (3)
the set of semantic constraints S′ should be held aside as new
information to later be asserted (Line 11).
Finally, if there is no evidence that the referring expression has been heard in its entirety, new intermediate values
for parameters P, H, M,U, E are returned (Line 16). If there
is evidence that the referring expression has concluded, then
before these values are returned, new representations for any
entities associated with placeholder values are created, and
any properties relating to those variables, held aside in U, are
asserted into the robot’s world model (Line 14).

Demonstration
To demonstrate the behavior of IPOWER in detail, we will
step through how IPOWER incrementally handles a practical example. The example below represents the actual output of IPOWER after implementation as a Component of the
DIARC Architecture (Scheutz et al., 2019)2 in a context in
which the attached POWER Consultant’s Knowledge Base
(implemented as a DIARC component) contains the Uncertain Persons Knowledge Base, which consists of knowledge
2 Source

the consultant framework presented by Williams (2017a).
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code for this Component is available upon request.

of seventeen distinct people (Williams & Scheutz, 2015a)
(with associated information about those persons and handcoded uncertainty levels). Within the context of this Knowledge Base, we will examine how IPOWER processes the following utterance, which is a novel modification of one of the
16 predefined Uncertain Persons test cases:
The chemist Nicolas, Billie’s father.
We assume that as this utterance is heard, it is recognized and parsed incrementally by the DIARC, producing the following constraints: ⟨pro f ession(X, chemist),
named(X, nicolas),
named(Y, billie),
parent(X,Y ),
gender(X, male)⟩. The following represents a trace of
IPOWER as it is incrementally provided with each of these
five constraints over the course of five algorithm calls.
The first constraint received is pro f ession(Y, chemist).
Because H is initially empty, IPOW ER creates an initial set of hypotheses containing three hypotheses:
{(X → people 9, 0.99), (X → people 10, 0.99), (X →
people 8, 0.99)}.
The second constraint received is named(X, nicolas).
Through DIST-CoWER, IPOWER applies this constraint to
each hypothesis in IPOWER’s list of current hypotheses. In
doing so, IPOWER considers whether each of the previously
identified chemists is known to be named “Nicolas”. This results in a refined hypothesis set {(X → people 9, 0.9801)} as
only people 9 is known to be named “Nicolas”.
The third constraint received is named(Y, billie). IPOWER
attempts to find a person in the knowledge base named Billie,
and upon failure associates Y with a placeholder entity (“?”)
to signify the need for future creation of new mental representations, updates the (sole remaining) hypothesis to include
a binding to this placeholder (i.e., {(X → people 9,Y →
?, 0.9801)}), and records the fact that it will need to later assert property named(Y, billie) when a new mental representation is ultimately created and bound to X. Because this property involves a previously unknown entity, there is no reason
to believe that this constraint does not hold for that entity,
and as such, the probability associated with its maintained
hypothesis is not changed.
The fourth constraint received is parent(X,Y ). Again, one
of the variables here is associated with a placeholder value in
the hypothesis IPOWER is maintaining, so IPOWER merely
sets the constraint aside to be asserted later on, and does not
modify the probability associated with its sole maintained hypothesis.
Finally, the fifth constraint received is gender(X, male),
with the end-of-sentence flag set. Through DIST-CoWER,
IPOWER applies this constraint to the sole remaining hypothesis. In doing so, IPOWER considers whether the sole remaining chemist is known to be male. This results in a refined
hypothesis set {(Y → people 9, 0.9703)}. Because the end
of sentence flag is set, IPOWER finally creates a new mental
representation to be associated with Y (people 18), and
requests the people consultant to assert the held properties
({named(people 18, billie), parent(people 9, people 18)})

as part of that new representation. Finally, the complete grounded hypothesis, (X → people 9,Y →
people 18, 0.9703), is returned.

Evaluation
In this section we present the results of two experimental
evaluations. In the first experimental evaluation, we performed a coverage analysis, where we examined the output
of IPOWER on a key set of benchmark test cases identified
by researchers in previous work to identify degree of consistency with previous work. In the second experimental evaluation, we compare the speed-based performance of IPOWER
compared to POWER on those benchmark test cases.

Coverage Analysis
Experimental Design To assess the consistency of
IPOWER with previous work, we examined its output on the
Uncertain Persons benchmark test cases originally presented
by Williams and Scheutz (2015a). In that work, Williams
and Scheutz (2015a) presented sixteen test cases that systematically examined sixteen key types of uncertainty and ignorance, in which the referent and the anchors with respect
to which they are described are each either resolvable to 0
referents, 1 referent, 1 referent (but tenuously) or multiple
referents. These test cases were previously used to evaluate
POWER (Williams & Scheutz, 2015b), using a knowledge
base of seventeen previously known persons.
Previously, Williams and Scheutz (2015b) claimed perfect
accuracy of POWER on these sixteen test cases. By also evaluating IPOWER using these test cases, we are able to assess
the consistency of IPOWER with previous results. To do so,
we provided IPOWER with the same knowledge base previously provided by Williams and Scheutz (2015b) to POWER,
and ran the same sixteen test cases, providing the same sixteen sets of predicates to I-POWER one predicate at a time.
While other tasks related to natural language processing
(NLP) often benefit from evaluation under significant linguistic variation, the relatively small set of test cases used here is
a suitable means of evaluation due to the nature of reference
resolution. Reference resolution takes logical sentence representations from a semantic parser. As such, it is the job of the
parser to deal with linguistic variation; introducing linguistic variation would only be suitable for evaluating the parser,
which is not the focus of this work. In short, it would be inappropriate to vary linguistic phrasing when trying to evaluate
reference resolution, and thus inappropriate to do a “corpusbased” evaluation of this work.
Results IPOWER produced identical outcomes to POWER
in all test cases save one, “The chemist, Billie’s father” which
probes a situation in which the target has multiple possible
referents when viewed on its own, but its anchors have no
possible referents. While POWER interpreted this as evidence that all parties described were previously unknown,
IPOWER instead interprets this as evidence that the target is
unknown, but that one of the possible anchors is likely to be a
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Referring Expression
The sister of the doctor’s friend
Jim’s friend
Jim’s daughter
Tabitha’s mother
The chemist’s neighbor
Craig’s coworker’s neighbor’s son
Craig’s coworker’s neighbor’s daughter
Marion’s daughter Kristy
Troy’s girlfriend
The baker’s brother
The chemist, Billie’s father
Michelle’s daughter, Willie
Sally’s wife
The Wells boy’s girlfriend
Troy Wells, the podiatrist’s friend
The podiatrist’s friend
Mean (SD)

POWER (ms)
1848.6
1583
1253.4
1349.2
1407.2
1980
2082.2
1346
1062.6
999.4
1597
1390.8
863.8
1551
2200.2
1468.8
1498.95 (380.83)

IPOWER (ms)
1759.2
908.2
853.2
977
1101.4
1908.6
2010
1313.6
1060.6
999.4
1191.6
1372.2
858.8
1553.8
2171
1179.8
1326.15 (429.60)

Table 1: From left to right: (1) Referring expression test case, (2) mean runtime for POWER, (3) mean runtime for IPOWER.
true anchor. This difference reveals an interesting philosophical difference between the two algorithms. While POWER is
able to rely on a pre-provided variable ordering method that
establish a sequence of referent-anchor pairs, IPOWER is not
able to rely on any such variable ordering, and must instead
operate under an assumption that early-referenced entities are
assumed to be more well-known than late-referenced entities.
This means that while IPOWER does not produce results consistent with POWER in this case, this is not necessarily an
error, but rather a philosophical position that stems from a relaxed assumption. This means that IPOWER would be more
likely to correctly resolve expressions such as “My dentist’s
neighbor, Barack Obama”, correctly resolving Barack Obama
even if “My dentist’s neighbor” would on its own be resolved
to no previously known referent.

Runtime Analysis
Experimental Design After assessing algorithmic consistency, we experimentally evaluated the speed performance of
IPOWER as compared to POWER. To do so, we began by
measuring the amount of time necessary for a speaker to utter
each of the sixteen Uncertain Persons test case utterances, and
then identified the amount of time needed to utter each constituent part of that sentence. For example, Test Case 1, “The
sister of the doctor’s friend” was measured to take 1748ms to
utter; 793ms for “The sister of”, 563ms for “the doctor’s” and
392ms for “friend”. We then calculated average resolution
time (over five runs) for each test case, under the assumption that processing begins as soon as information becomes
available, and under an assumption of instantaneous speech
recognition and parsing.
For POWER, runtime was calculated as “time to speak utterance” + “time to process entire set of predicates immedi-

ately after hearing the utterance”. As an example, for Test
Case 1, the mean time needed for POWER to process the test
case was 100.6ms, producing a total necessary time from start
of utterance to end of processing of 1748+100.6=1848.6ms.
For IPOWER, runtime was calculated differently due to
its incremental nature. Specifically, runtime was calculated
as the time to hear the first referring expression constituent,
and then the time to process each predicate, with an appropriate delay inserted if the next referring expression constituent were not yet available for processing. As an example, for Test Case 1, the first 793ms of runtime are consumed
by hearing “The sister of” as described above. Processing
the associated predicate takes 795.4 ms. By the end of this
time, at 793+795.4=1588.4ms, the next predicate is available
for processing as its associated constituent (”the doctor’s”)
completed after 793+563=1356ms. Processing this predicate
takes 72.4, bringing us to 1588.4+72.4=1660.8ms. The final
constituent (”friend”) would be ready at 1356+392=1748ms,
meaning that IPOWER would need to wait until the utterance completed to process the final predicate, which
it would accomplish in 11.2ms, for a total runtime of
1748+11.2=1759.2ms, nearly 100ms faster than POWER despite POWER’s otherwise much faster processing speed in
this particular case. These calculations were performed for
all 16 test cases. Analysis was performed on a laptop running
Ubuntu 18.04, with a 2.20 Ghz CPU and 8 GB of RAM.
Results As shown in Tab. 1, IPOWER performed, on average, 172ms faster than POWER, with IPOWER running
674ms faster in the best case (Test Case 2) and 2.8ms slower
in the worst case (Test Case 14). To provide a measure of
certainty for the performance of IPOWER over POWER, we
performed a paired-samples t-test between the two sets of
test case runtime means. Clearly the sixteen test cases were

1958

not randomly sampled from a distribution, as they were intentionally selected by previous authors to represent distinct
categories of uncertainty and ignorance. However, if these
cases had resulted from random sampling, a paired samples
t-test would have suggested a significant difference between
the two algorithms’ results (p=.004). As such, even though
the sampling assumptions of this t-test are violated, we believe this allows us to straightforwardly claim with some confidence that the incrementality provided by IPOWER does
indeed result in a net benefit over POWER, confirming our
central research hypothesis.

Conclusion
In this paper, we have presented IPOWER, an algorithm for
incremental open-world reference resolution. We discussed
how this algorithm is able to combine the strengths of previous approaches to open world reference resolution and incremental reference resolution to achieve results that are more
computationally efficient than previous approaches to the former, and more readily deployable in realistic open-world contexts than previous approaches to the latter. These advances
are important because the success of language-capable robots
depends both on (1) the ability for robots to perform as close
to real-time as possible in order to mimic the incredibly short
turn lengths observed in much human dialogue, and (2) the
ability for robots to operate in realistic environments in which
they must acknowledge their uncertainty and ignorance and
leverage opportunities to learn about the environment they
share with their human teammates.
IPOWER does, however, have a number of limitations that
present opportunities for future work. First, as we discussed
in the Coverage Analysis, there is a slight difference between
the behavior of IPOWER and POWER when presented with
particular types of uncertainty and ignorance. This difference
highlights the context-sensitive nature of many reference resolution tasks; IPOWER and POWER perform differently because they are operating under slightly different philosophical
assumptions, each of which may be more or less appropriate
in different contexts, based on nuanced aspects of common
sense knowledge. This means that future systems may need
to be sensitive to these contextual differences and intelligently
decide whether or not to make the types of assumptions held
by POWER but relaxed by IPOWER.
Second, while IPOWER is faster than POWER, it is not
yet clear whether this timing difference is large enough to be
noticed, either on its own, or when combined with the time
savings of using incremental algorithms for other language
processing tasks as well. It is unclear how large of a delay
humans are willing to tolerate or indeed are able to notice
before their perceptions of an interlocutor begin to degrade.
Human subject experimentation with real interactive robots
and live human participants will be needed to provide an answer to this question.
Third, in order to perform this sort of experiment,
IPOWER will need to be more deeply integrated into the DI-

ARC architecture, and will need to be able to handle knowledge provided by multiple distributed consultants at the same
time, much like DIST-POWER (Williams & Scheutz, 2016).
IPOWER is currently not able to handle multiple consultants
as it is not currently integrated into an architectural component capable of managing these different architectural connections the way that DIST-POWER is. Similarly, the benefits of IPOWER’s incrementality will only be truly realized
when DIARC’s downstream language understanding components such as pragmatic reasoning (Williams, Briggs, Oosterveld, & Scheutz, 2015) are also made to operate incrementally, and when the larger Givenness Hierarchy Theoretic reference resolution system into which IPOWER is integrated (Williams, 2019) is similarly made to be incremental.
Fourth, there are intriguing questions as to how the knowledge representation and reasoning systems that IPOWER interacts with should behave should it turn out that IPOWER
resolved an utterance incorrectly, e.g., due to incorrect world
knowledge. In particular, it is unclear how these sorts of
architectural components should handle previously created
knowledge representations that correspond with entities that
do not turn out to exist.
Fifth, human-like reference resolution is subject to error.
When listening to a sentence, humans can create hypotheses
that do not correctly link references to referents. As we have
mentioned, IPOWER assumes the semantics of each word
can be accurately derived as soon as it has been uttered. Alternative accounts, in contrast, could adopt a more aggressive early-resolution strategy, paired with increased reliance
on late-repair. Future work should investigate how IPOWER
performs in situations where our assumptions are violated,
and compare to these types of models.
Sixth, because IPOWER works by multiplicative combining sources of evidence, it necessarily becomes less certain
as more information about the target is provided. Future
work could consider alternative methods of evidence combination, such as Dempster-Shafer Theoretic approaches Shafer
(1976), many of which naturally avoid this problem. We
have leveraged this approach in other areas of our prior
work Williams et al. (2015); Williams, Yazdani, Suresh,
Scheutz, and Beetz (2019).
Finally, it is unclear how IPOWER should practically be
performing if upon utterance completion it still has multiple hypotheses viewed as plausible, each of which involve
a placeholder value. It is unclear in this situation whether
IPOWER should create a new mental representation associated with each such hypothesis, whether it should create a
single mental representation associated with simply the most
probable of those hypotheses, whether it should wait until
some clarification dialogue has completed before making this
sort decision, or something else. Again, these types of questions are computationally important and philosophically intriguing problems that indicate the breadth of what is still unknown when it comes to open-world cognition.
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Abstract
To enable natural and fluid human-robot interactions, robots
need to not only be able to communicate with humans through
natural language, but also do so in a way that complies with
the norms of human interaction, such as politeness norms. Doing so is particularly challenging, however, in part due to the
sensitivity of such norms to a host of different contextual and
intentional factors. In this work, we explore computational
models of context-sensitive human politeness norms, using explainable machine learning models to demonstrate the value of
both speaker intention and task context in predicting adherence
with indirect speech norms. We argue that this type of model,
if integrated into a robot cognitive architecture, could be highly
successful at enabling robots to predict when they themselves
should similarly adhere to these norms.
Keywords: Politeness; Linguistic Norms; Human-Robot Interaction

Introduction
Social robots stand to advance human capabilities and wellbeing across a wide span of domains like education (Mubin,
Stevens, Shahid, Al Mahmud, & Dong, 2013; Belpaeme,
Kennedy, Ramachandran, Scassellati, & Tanaka, 2018) and
healthcare (Broekens, Heerink, Rosendal, et al., 2009;
Breazeal, 2011; Cifuentes, Pinto, Céspedes, & Múnera,
2020). For social robots to be successfully integrated into
the society (especially those designed as sociable partners (Breazeal, 2004)), they are expected to behave in accordance with human social norms (Bartneck & Forlizzi, 2004);
failure to do so can risk interaction breakdowns (Porfirio,
Sauppé, Albarghouthi, & Mutlu, 2018; Mutlu & Forlizzi,
2008). Social norms not only govern how people behave, but
also how people communicate. To engage in natural and fluid
human-robot interactions, robots must thus not only communicate with humans through language (cf. (Tellex, Gopalan,
Kress-Gazit, & Matuszek, 2020)), but do so in a way that
complies with social norms. One of the key categories of social norms that require such adherence by social robots are
politeness norms (Lee, Kim, Kim, & Kwon, 2017).
According to Brown and Levinson’s Politeness Theory (Brown, Levinson, & Levinson, 1987), human interactants regularly negotiate the level of threat to one another’s
Face: the public image that the other person wants to maintain and enhance (Brown et al., 1987). Face consist of two
1 Authors Smith and Gorgemans contributed equally to this work.

aspects: Positive Face (i.e., one’s want for a desirable selfimage) and Negative Face (i.e., one’s desire to be free from
imposition and to have freedom of action) (Brown et al.,
1987). To comply with politeness norms and mitigate the face
threat behind potentially face threatening acts, people employ
a variety of politeness strategies (Goffman, 1955). For example, when ordering food in a restaurant, instead of saying “Get
me some coffee”, people typically phrase their requests in a
more indirect manner, such as “I would like some coffee”.
While this utterance is literally a statement of fact, listeners
in this context can easily understand the true intention behind
the utterance, which is a request for some coffee. This type
of utterance, in which the utterance’s literal meaning does not
match its intended meaning, is called an Indirect Speech Act
(ISA) (Searle, 1975). Indirect language can be particularly
effective for reducing face threat by obscuring threats to autonomy. Accordingly, ISAs are one of the most effective and
commonly used linguistic politeness strategies.
Robots capable of applying linguistic politeness strategies are perceived as more likeable, considerate and engaging (Castro-González et al., 2016; Torrey, Fussell, & Kiesler,
2013). Yet ISA use is highly context-sensitive. Williams,
Thames, Novakoff, and Scheutz (2018a) showed that Americans tend to use more ISAs in contexts with strong social conventions (which come along with strong sociocultural norms
and contracts) such as restaurants (cf. (Seok, Hwang, Choi, &
Lim, 2022)). Moreover, ISA use depends on nuanced dimensions of the context in which an interaction occurs, which
may determine whether it is appropriate to use indirect language. While indirect language can effectively decrease face
threat through mechanisms such as hedging, it also has other
effects that may potentially increase the threat to one’s autonomy, (e.g. longer utterances with many hedges necessarily
impose on the listener’s time, and thus, on their autonomy).
For example, in the case of search and rescue, using ISAs
could be ineffective as a politeness strategy given the time
pressure and potential for harm in those domains. Similarly,
researchers have shown that politeness strategies, including
ISAs, lead to less compliance with robots in healthcare domains, perhaps for the same reasons (Lee et al., 2017).
Adherence to linguistic politeness norms is also important
due to their connection with Grice’s conversational maxims.
Grice stipulates that humans assume that cooperative interactants will generally strive to “Make [their] conversational
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contribution such as is required, at the stage at which it occurs, by the accepted purpose or direction of the talk exchange in which you are engaged.”(Grice, 1975). However,
the way in which interactants do so is again highly contextdependent. Indirect speech acts avoid violating sociocultural politeness norms, but in doing so simultaneously violate Grice’s Maxim of Manner (“Be perspicuous”). Accordingly, speakers need to be sensitive to the contextually sensitive tradeoffs between these conversational requirements. As
above, individuals may differentially weight these considerations when solving time-sensitive issues than when they are
engaging in routine tasks. Humans demonstrate exactly this
type of context sensitivity when arbitrating between these
tradeoffs, both in human-human interaction (Agha, 2006)
and human-robot interaction (Williams, Thames, Novakoff,
& Scheutz, 2018b). Moreover, robots that are sensitive to
changing social and conversational contexts are viewed more
favorably (Ritschel, Baur, & André, 2017; Jackson, Wen, &
Williams, 2019). Thus, it is crucial for robots to not only
be able to use ISAs, but moreover to be able to intelligently
decide whether to use ISAs based on interaction context.
Lockshin and Williams (2020) previously examined the
impact of three key contextual factors (potential for harm,
interlocutor authority and time pressure) on people’s use of
ISAs in human-human interaction, and found that ISA use
varies based on these more nuanced contextual dimensions.
However, task context alone is not sufficient to capture everything behind why people use ISAs. In fact, we argue that
these are unlikely to be even the primary dimensions that dictate ISA use. Instead, the decision to use an ISA is more
likely grounded primarily in the the information that a person is trying to convey. Different types of utterances and different intentions fundamentally have different levels of face
threat, and thus the appropriateness of ISA use should significantly vary based on these intentional factors. For instance,
in cases where a person wants to acknowledge that they have
received information (“I understand”), using direct language
may be more appropriate because self-directed acknowledgements are often likely to have low levels of face threats; while
in cases where a speaker shares information about another
person (“You are going to do this”), using indirect language
may be more appropriate because statements about what a
listener will do inherently constricts the listener’s autonomy
(imposing constraints on the listener’s time and future actions). As such, these intentional dimensions of interactions
need to be analyzed alongside the contextual domains previously investigated by Lockshin and Williams (2020).
In this work, we thus investigate whether contextual and intentional factors enable more effective prediction of ISA use
than does the use of contextual factors alone. To perform this
investigation, we use the same public dataset previously used
and provided by Lockshin and Williams (2020). In the following section we will explain our conceptualizations of contextual and intentional factors. We will then describe how we
augmented Lockshin and Williams (2020)’s dataset to newly

account for intentional factors. Next, we will describe how
we trained an explainable machine learning model on this
dataset to better predict linguistic norm adherence. Finally,
we will evaluate the performance of that model and investigate the claims made by that trained model.

Contextual and Intentional Factors
In this section we define the contextual and intentional factors
we use in this work to predict linguistic norm adherence.

Contextual Factors
Lockshin and Williams (2020) examined the ability of three
key contextual factors to predict linguistic norm adherence:
potential for harm, interlocutor authority, and time pressure.
These contextual factors were chosen by considering contexts
where these norms might or might not be followed (especially
context in which a robot might reasonably be involved as human teammates), and hypothesizing that those factors represented key dimensions of variance between those contexts.
As defined in Lockshin and Williams (2020), potential for
harm is present when there is a high likelihood for negative
outcomes to occur if actors within a situation do not respond
correctly. Interlocutor authority is present when a speaker
possesses authority over the hearer. Time pressure is present
when there is a limited amount of time to complete a task.

Intentions
As described above, the key aim of this work is to expand on
these types of contextual factors to additionally consider the
speaker’s intentionality, under the hypothesis that there is a
strong correlation between the intended purpose of an utterance and whether it is phrased directly or indirectly. Because
of the nuanced and complex nature of intent, we decided to
use a multidimensional model of intent, thus enabling us to
determine not only whether intent is helpful for predicting
ISA use, but moreover, what aspects of intent are most informative for making such predictions.
We conceptualized speaker intent in a way that broke intent
into three key dimensions: direction, target, and force.
Direction: We first considered whether an utterance requests
or provides information. For example, “Where is the salt?”
requests information, whereas “The salt is in the cabinet”
provides information. Critically, an utterance like “Can you
pass the salt?” is framed as a request, but is not typically a
true request for information, and more likely provides information about (a desired) future action of the listener.
Target: We next considered whether an utterance is requesting or providing information about an action of the speaker
or the hearer. For example, “I’m going to get the salt” could
be viewed as providing information about the speaker’s own
future actions, whereas “You should pass me the salt” is providing information about the future actions the speaker desires the hearer to perform.
Force: Finally, we considered the action the utterance is focusing on, from a dialogic or illocutionary perspective. For
example, “You should get the salt” is directly concerned with

1963

the action being conveyed by the utterance. In contrast, “Why
are you getting the salt?” asks for explanation about a previously communicated course of action; “Which salt are you
going to get?” asks for clarification about the action; and
“Alright?” (after “I’m going to get the salt” asks for acknowledgement about a previously communicated course of
action. We thus delineate between four types of forces we are
concerned with: action-centered, explanation-centered, clarification-centered, or acknowledgement-centered.

Data Context
We will now describe the dataset used in this work. We used
the public dataset collected by Lockshin and Williams (2020);
a corpus of transcripts of participants playing the board
game Pandemic. Lockshin and Williams (2020) used this
board game to collect their dataset because it allowed for the
systematic control of the three contextual factors described
above, and because Pandemic is a highly cooperative game
which promotes teamwork and team communication. Using
this game, Lockshin and Williams (2020) collected six game
transcripts, each from a game with a new trio of three players,
ranging from 526 to 1200 dialogue moves each.
After collecting this dataset, Lockshin and Williams (2020)
annotated each utterance in their dataset with binary feature
values indicating whether the game state at the time of that
utterance was one in which there was potential for harm, interlocutor authority, and/or time pressure.
Potential for harm was considered to be present if players
were close to losing the game. Lockshin and Williams introduce an equation for measuring this within the specific context of Pandemic. Interlocutor authority was considered to
be present if it was currently the speaker’s turn. In Pandemic,
speakers take turns, but on each player’s turn, the whole group
debates and suggests to that player what they should choose
to do. That is, the player whose turn it is has the final decision on how they use their turn but can receive advice from
other players. Turns rotate between players, so interlocutor
authority shifts to a different player each turn. Time pressure
was considered to be present if players had a limited amount
of time to make decisions about how to use their turn. While
Pandemic does not traditionally include this type of time pressure, Lockshin and Williams ran 50% of their games using a
variant ruleset in which time limits on turns were introduced.
Out of the six games of Pandemic played, three were randomly assigned to this variant ruleset condition. In the games
with time pressure, players had 90 seconds to decide their
moves each turn, whereas players had unlimited time to decide their moves in the games without time pressure.

Data Annotation
We will now describe how we augmented Lockshin and
Williams (2020)’s dataset to include intentional factors. After
revising Lockshin and Williams (2020)’s original labels for
improved dataset quality and splitting utterances into distinct
dialogue moves, four coders coded the dataset for each intentional factor described above. Two coders annotated each

datapoint, and if their codes disagreed, all coders discussed
the datapoint to collectively select an appropriate code. These
disagreements occurred for 5.17% of all annotations: 3.75%
for utterance target, 2.31% for utterance direction, and 9.46%
for illocutionary force. In (extremely rare) cases where agreement could not be reached with four coders, two supervisors
provided further comment, and a final vote was taken.
Before moving on, we will provide examples of utterances
from Lockshin and Williams (2020)’s dataset that were coded
in each of the categories delineated above.
Direction: Examples of utterances coded as providing information include “It’s a choice” and “I need one more red to
cure it”. Examples of utterances coded as requesting information include “I could go to LA and get one of those, right?”
and “How do you go there?”
Target: Examples of utterances coded as speaker-targeted
include “I didn’t think about that” and “And now I have to
do this other infection thing, right?”. Examples of utterances
coded as other-targeted include “Now you draw two cards”
and “You have to get rid of a card”.
Force: Examples of utterances coded as action-centered include “Where is the thing about research stations?” and
“The yellows are more in danger of outbreaks”. Examples of
utterances coded as explanation-centered include “But you
have to discard a card if you want to move like far” and
Because then you go from there to there and you are adjacent. Examples of utterances coded as clarification-centered
include “And since we are in the same city right now maybe
I should give you like a yellow and a red or just a yellow?”
and “Either way, yeah”. Examples of utterances coded as
acknowledgement-centered include “Okay” and “Alright”.

Technical Approach
Now that we have described our dataset selection and augmentation, we can now describe our technical approach to
modeling linguistic norm adherence, in which we trained a
decision tree (Breiman, Friedman, Stone, & Olshen, 1984)
on the annotated dataset described in the Data Context Section. We trained this model to predict whether direct or indirect language would be used in a given context based on the
contextual and intentional factors described above.
We used decision trees due to their ease of interpretation.
This was especially important since we were not only interested in developing a highly effective predictive model, but
also in developing an understanding of the underlying rationale that humans may follow when deciding whether or
not to speak directly. Decision trees have been highly successful in past research similarly interested in transparency
and explainability due to the readily interpretable nature of
the flowcharts used to represent their models (Delen, Kuzey,
& Uyar, 2013; Namazkhan, Albers, & Steg, 2020). Decision trees have even been used as surrogate models to explain
more complex black-box models (Shi, Zhang, & Fan, 2019;
Kuttichira, Gupta, Li, Rana, & Venkatesh, 2019).
A decision tree can be represented as a flowchart, where
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each node represents an intermediate binary decision on the
way towards classification, centered on a single variable of
interest. The test at each node checks whether the value of
a feature meets some condition; either less than or greater
than a particular threshold, in the case of numerical values or,
more relevant to our use case, whether the feature’s value is a
particular choice from the set of possible values, in the case
of nominal or categorical variables. Following a path through
a decision tree based on a particular sample’s feature values
leads to a leaf node designating a final outcome (in our case,
a classification of the utterance as direct or indirect). Such a
diagram for our best performing model is shown in Fig. 1.
When training decision trees, the training algorithm identifies binary decisions’ splitting criteria that minimizes the impurity of the sets that result from splitting samples. The impurity of a set of points at a given node, N can be measured
using Gini impurity (G(N) = ∑k pk,N (1 − pk,N )), where pk,N
is the proportion of samples labeled as class k found in node
N. As an example, a pure set in which all samples belong to
a single class would have a Gini impurity of 0 since only a
single class would have a proportion of 1 and the remaining
classes would have a proportion of 0, resulting in a sum of 0.
To determine the resulting tree that minimizes the impurity
of its nodes, we used the optimized variation of the CART
algorithm (Breiman et al., 1984) provided by the scikit-learn
Python library (Pedregosa et al., 2011).
Training a decision tree can depend on several hyperparameters; impurity metric, maximum tree depth, minimum leaf
samples, minimum sample split, minimum impurity decrease,
and class weighting. While we described the Gini impurity
metric as the impurity metric to optimize, node impurity can
also be measured using metrics like set entropy. Maximum
tree depth is a stopping criterion for the tree; a maximum
number of consecutive decision points before reaching a final decision. Minimum leaf samples is the minimum number
of samples within a leaf node to warrant a decision be made.
Minimum sample split is the minimum number of samples
needed to warrant a decision point or ”split”. Minimum impurity decrease is the the amount the impurity of a node must
decrease for a new split to occur in which a decision must
be made. Maximum tree depth, minimum leaf samples, minimum sample split, and minimum impurity decrease are all hyperparameters that are used to limit overfitting. Class weighting is the relative error weighting of particular classes and is
useful for imbalanced datasets.
To train the model, we used an 80/20 stratified train-test
split of our 2208 utterances, in which a randomly selected
80% of the data was used for training, with the remaining
20% of the data used for testing. Because there was also
(coincidentally) an approximately 80/20 split in our dataset
between direct and indirect utterances, this approach led to
training and testing sets that each contained approximately
81% direct utterances, and 19% indirect utterances. We performed 5-fold cross validation to tune the model’s various hyperparameters and determine the best performing model, by
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Figure 1: Flow chart visualization of the best DT model.
splitting our training set into 5 equal subsets of samples, then
training a new model using each combination of 4 subsets for
training and the remaining hold-out set for validation.
To determine the best performing model, we tuned all hyperparameters described above. We performed a hyperparameter search over a range of possible hyperparameter values, and identified the values that maximized mean macroaveraged F1-score across our 5-fold cross validation sets.

Analysis and Results
To evaluate our approach and compare to Lockshin and
Williams, we trained and compared three models: one trained
using both the contextual features used by Lockshin and
Williams and the intentional features introduced in this work,
one trained using only contextual features, and one trained
using only intentional features. In this section, we will step
through these models and their comparison, the results of
which are summarized in Tab. 1 and visualized in Fig. 2.
Our best performing decision tree model achieved an accuracy of 67% and a macro F1 score of 0.60. Our best performing model used Gini impurity as the impurity metric, had a
maximum tree depth of 5, a minimum impurity decrease of
0.002, minimum leaf samples of 1, minimum sample split
of 2, and a class weighting of 3:1 (indirect:direct). The best
performing model’s class weighting matches our expectations
due to our dataset’s class imbalance. Our best performing
model, shown in Fig. 1, has seven leaf nodes, of which five
are classified as direct and two of which would be classified
as indirect. This model can be simplified by combining the
two deepest subtrees, which are only rendered distinctly due
to the optimal choice of maximum tree depth. This would
produce a tree with five leaf nodes (four direct, one indirect).
To assess the benefits of including intentional factors, we
also evaluated a decision tree trained with only contextual factors, to assess what results Lockshin and Williams would have
seen if they had used a similar Decision Tree theoretic modeling paradigm2 , if they had performed parameter tuning, considered class weighting to handle minority class imbalance, or
2 We also informally evaluated a Naive Bayes approach (including parameter tuning), which produced notably worse results than
the Decision Tree approach.
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Figure 2: Evaluation Results: The top row of figures show (Top) Precision-Recall curves and (Bottom) ROC curves for (Left)
All factors, (Center) Intentional factors alone, and (Right) Contextual factors alone.
Features
Intentional Contextual

Macro F1
0.60
0.50
0.57

Accuracy
0.67
0.65
0.63

Evaluation Metrics
Prec. (Ind.) Prec. (Dir.) Rec. (Ind.)
0.32
0.88
0.62
0.19
0.80
0.24
0.30
0.89
0.67

Rec. (Dir.)
0.69
0.75
0.62

F1
0.77
0.78
0.73

Table 1: Evaluation and model comparison of decision trees with various features.

used the directness/indirectness labels produced in this work.
The best performing decision tree model with only contextual factors achieved an accuracy of 65% and a macro F1
score of 0.50. This model used Gini as the impurity metric,
had a maximum tree depth of 3, a minimum impurity decrease
of 0, minimum leaf samples of 1, minimum sample split of 2,
and a class weighting of 4:1 for indirect to direct. This decision tree model had six leaf nodes (four direct, two indirect).
To compare model performance, we used a McNemar’s
test. This test did not reveal statistically significant differences in predictions (p=0.61) between the best-performing
full model and the model with only contextual features used.
We also evaluated a decision tree trained with only intentional factors to determine the importance of using the contextual factors from Lockshin and Williams (2020). The best
performing decision tree model with only intentional factors
achieved an accuracy of 63% and a macro F1 score of 0.57.
This model used Gini as the impurity metric, had a maximum
tree depth of 4, a minimum impurity decrease of 0.0015, minimum leaf samples of 1, minimum sample split of 2, and a
class weighting of 3:1 for indirect to direct. This model had

six leaf nodes (four direct, two indirect).

Discussion
To begin, we can first consider the general success of our
modeling approach relative to that used by Lockshin and
Williams (2020). Lockshin and Williams fit their collected
data using simple logistic regression models, and used frequentist hypothesis testing to assess the influence of each contextual factor on linguistic norm adherence. As such, they
were operating according to a very different methodological
philosophy than we do in this work, with no cross-validation,
hyperparameter tuning, class reweighting, accuracy calculation, and so forth. Nevertheless, there are some ways in
which our approaches can be directly compared. The most
straightforward demonstration of the utility of our approach is
through examination of the qualitative differences in predictions made by our approaches. While Lockshin and Williams
did show statistically significant differences evidencing the
importance of potential for harm and time pressure for modeling ISA use, their models uniformly recommended ISA use
regardless of context. That is, their models demonstrated that
ISA use differs between contexts, but nevertheless maintained
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ISAs as the most likely prediction across all contexts, and
would thus never actually recommend not using an ISA. In
contrast, as described above, the decision tree produced by
our model includes leaves recommending ISA use and leaves
not recommending ISA use, and in fact the majority of leaves
within this tree do not recommend ISA use. As such, our approach novelly produces a model that could actually be used
to intelligently decide whether to use ISAs in a given context.
Another benefit of our approach is the explainability and
transparency of Decision Trees, which encode models in a
form that can be readily interpreted by humans to make psychological claims, and that can be easily encoded into autonomous agents to control their behavior, without needing
model code or needing to know how the model was trained.
Specifically, the decision tree produced by our approach suggests that speakers tend to phrase their utterances directly if
any of the following are true (and phrase their utterances indirectly in all other cases), in decreasing order of importance.
1. the utterance is an acknowledgment;
2. there is potential for harm;
3. the utterance is directed at oneself (vs another person);
4. the utterance requests (rather than provides) information.
These findings validate our approach from a purely qualitative perspective. Our original motivation was the realization
that utterances like acknowledgements (or requests for acknowledgement) would almost certainly be phrased directly,
and should be a clear case where a model would not recommend indirectness. This intuition is borne out as the single
most salient feature in the trained decision tree. We also
posited that we would need a nuanced representation of intentionality, that included things beyond utterance force; a
hypothesis borne out in the third and fourth criteria of the decision tree. Moreover, our approach demonstrates the importance of considering both contextual factors and intentional
factors. As shown in Tab. 1, using both intentional and contextual factors facilitates the best Accuracy and Macro F1
score, whereas using only contextual or intentional factors
produced similar but ultimately poorer results due to substantially poorer precision and/or recall. However, as we have
mentioned, there were no statistically significant differences
found between these approaches.
Our approach also demonstrates the limits of our claims in
other ways. The only category of utterance force represented
in the tree is the most obvious one (other than the consideration of whether or not the utterance is phrased as an explanation, which does appear in the tree, but not in a way that
makes any classification difference given the optimal maximum tree depth selected during hyperparameter tuning). This
approach also shows that once intentionality is accounted for,
some of the contextual factors previously argued to be important no longer need be considered, with potential for harm the
only contextual factor actually used in the decision tree.
Moreover, many of the discussed benefits of our approach
are largely arguments in favor of our general machine learn-

ing approach rather intentionality. When comparing the
features used in this work to those used by Lockshin and
Williams – within the context of this machine learning approach – the performance differences between feature sets
is relatively minor. As we have described, the best decision
tree model did indeed make significant use of intentional factors. Yet the benefit of including intentional factors was quite
small, and there was no significant difference between models that did or did not use these features. While we are setting
a high standard for ourselves here (as little machine learning
research does this type of hypothesis comparison), it nevertheless suggests that we should not make overly strong claims
about the importance of intentionality.
Finally, while this work is focused on understanding how
people adhere to different politeness norms in intention- and
context-sensitive ways, if our goal is to use these insights
to design robots, we must also acknowledge that we may
not always wish robots to adhere to politeness norms in the
ways that humans do. It may be necessary for robots to intentionally violate social norms (Yasuda, Doheny, Salomons,
Sebo, & Scassellati, 2020), including sociocultural politeness
norms (Briggs, Williams, Jackson, & Scheutz, 2022), either
to issue blame-laden moral rebukes (Zhu, Williams, Jackson, & Wen, 2020) and/or to avoid reinforcing sexist attitudes (Jackson, Williams, & Smith, 2020; Winkle, Melsión,
McMillan, & Leite, 2021; Winkle et al., 2022). Understanding when and how norms should be intentionally violated in
non-humanlike ways is a key open research area.

Conclusion
We investigated whether contextual and intentional factors
enable more effective prediction of Indirect Speech Act use
than does the use of contextual factors alone, with the goal of
enhancing the social intelligence of interactive agents like social robots. To do so, we developed a framework for analyzing speaker intent, augmented an existing public dataset, and
deployed a highly interpretable machine learning approach.
Our results demonstrate the benefits of our machine learning
approach and the utility of using both intentional and contextual factors when predicting linguistic norm adherence, yet
also suggest the performance gain obtained by using both
types of features may be negligible.
This work motivates a number of possible future research
directions. First, the produced models could be deployed into
robot cognitive architectures to determine the extent to which
their use encourages positive human perceptions or facilitates
more effective human-robot interactions. Second, researchers
should explore the incorporation of additional types of contextual factors, which might both increase performance and
further demonstrate the utility of the features already used in
this work. Finally, researchers should explore the role that individual differences and variation play, which might account
for a large proportion of the observed variance in ISA use.
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Abstract
Knowing more than one language provides a speaker with an
increased pool of linguistic experiences and concepts. This
expanded language knowledge is thought to benefit bilingual
speakers on standardized tests of creative ability. However,
relatively little research has explored bilingual performance on
tests of linguistic creativity. In this study we compare the
production of creative, attenuated descriptions produced by
English L1 and English L2 speakers. Using computational
measures of text similarity, we find that English L2 answers
were significantly less similar than L1 answers, suggesting a
greater number of concepts and topics were used by the L2
participants. Additionally, unsupervised cluster analysis found
no strong differences in the number of cluster topics between
the L1 and L2 data. As such, the L2 answers contained more
breadth, whereas the L1 answers contained more depth. The
results may reflect fundamental differences in the storage and
use of L1/L2 language knowledge.
Keywords: bilingualism; linguistic creativity; attenuated
descriptions; semantic similarity

Introduction
Linguistic creativity is rooted in a speaker’s knowledge of
what is possible in a language. Native or first language (L1)
speakers possess rich knowledge of their L1, spanning across
vocabulary, syntax, pronunciation, word meaning, and
pragmatics. These different components of language all offer
fertile grounds for linguistic creativity and play (Cook, 2000).
An L1 speaker can emphasize similar sounding words and
phrases to create puns, draw connections among disparate
concepts through metaphor, subvert a listener’s expectations
through verbal irony, and more (Colston, 2015; Gibbs &
Colston, 2012). Using these forms of linguistic creativity is
not a special ability only held by gifted individuals, but rather
represents the gamut of options available for speakers to
accomplish specific communicative goals (Carter, 2016;
Colston, 2015).
L1 knowledge influences second language (L2) production
through lexical and conceptual mediation at higher levels of

L2 proficiency (Jarvis, 2011). This is because language
knowledge is integrated into a shared mental lexicon and coactivated during language use (Kroll & Ma, 2017). Evidence
for this integrated lexicon comes in part from
psycholinguistic experiments which have catalogued crosslinguistic priming for a variety of lexical features, including
word meanings, word forms, and word associations such as
polysemy (Tokowicz, 2014). Moreover, bilinguals
experience a greater range of cultural customs and values
through language. This increased amount of lexical
knowledge and lived experiences is thought to positively
contribute towards general creative ability (van Dijk et al.,
2019), as evidenced by studies which have found bilinguals
tend to outperform monolinguals on standardized tests of
creativity (Hommel et al., 2011; Kharkhurin, 2007; Leikin,
2013).
At more advanced L2 proficiencies, the increased storage
of lexical items, concepts, and experiences should provide an
even greater linguistic toolbox from which a bilingual
language user can draw. This is certainly the case when it
comes to bilingual language play involving more than one
language, often seen in multicultural cities such as Hong
Kong (Luk, 2013) and Montréal (Lamarre, 2014).
However, relatively few studies have directly investigated
bilinguals’ production of linguistic creativity. Of the studies
that do exist in this area, most report a positive relation
between L2 development and linguistic creativity production
(Bell et al., 2014; Wang & Cheng, 2016). Nonetheless, it is
rare for a study to directly compare the linguistic creativity of
L1 and L2 speakers. One such study found no differences in
perceptions of creativity towards L1 and advanced L2
speakers’ elicited production of metaphors and sarcasm
(Skalicky, 2020). More research in this area is needed
because it is still unclear whether the lexical and conceptual
differences attributed to L2 speakers influence the production
of linguistic creativity when compared to L1 speakers.
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The increased storage of lexical items, concepts, and
experiences which influence L2 production should provide a
larger and deeper linguistic toolbox from which a language
user can draw. Whether this translates into differences in the
production of linguistic creativity is still an open question,
although some evidence exists to suggest increased
multilingual experiences facilitate the comprehension of
creative language, such as novel metaphors (Werkmann
Horvat et al., 2021). As such, the purpose of this study is to
compare L1 and L2 linguistic creativity produced under
controlled conditions. Specifically, we asked participants to
invent attenuated descriptions for common objects and then
compared the diversity of answers provided by L1 and L2
speakers using a computational measure of text similarity.

L2 speakers. Attenuation places these common things in a
new light, prompting a reconsideration of typical concept and
category memberships. As such, attenuated descriptions may
be one form of linguistic creativity where L1 influence on L2
production provides a boost in creativity. If this is the case,
the range of answers provided by L2 participants should be
more diverse when compared to L1 participants. The
following research question guides our study:

Attenuated Descriptions

Creativity Production Task: Glossalia

In this study we examine attenuated descriptions of everyday
objects. Attenuation is a linguistic strategy wherein a speaker
purposefully underspecifies an entity or event through
omission of a direct referent and instead uses an
unnecessarily lengthy and roundabout description, known as
underlexicalization (Fowler, 1986; Simpson, 2003). An
attenuated description typically highlights general and/or
specific characteristics of the entity or event being described.
Potential strategies include referring to superordinate
categories a noun belongs to (e.g., calling a human an animal)
or describing a set of shared, indistinguishable features for a
specific referent (e.g., a 2002 reference to Prince Harry as a
“16-year old boy” to highlight accurate yet less salient
characteristics of a member of the British Royal Family;
Simpson, 2003, p. 133). Attenuation thus purposefully
misdirects the inferences made for any one referent, serving
as a strategy to shift focus away from the specific and towards
the general features of an entity or event (Simpson, 2003).
Attenuated descriptions feature prominently in at least two
contemporary forms of creative media. In his webcomic xkcd,
Randall Munroe published an entry entitled Up Goer Five1,
which presented a blueprint of the Saturn V rocket used by
NASA in the late 1960s and early 1970s. The blueprint is
annotated with descriptions of various components and
functions of the rocket using only the first 1000 most frequent
words in English. Thus, the command module is a people box,
the rocket fuel is stuff to burn to make people go fast, and the
rocket itself is named the up goer. The second example also
comes from a webcomic, Nathan Pyle’s Strange Planet2
which provides attenuated observations of everyday human
behavior from the perspective of aliens. For example, the
aliens refer to the process of sleeping as being unconscious,
to an umbrella as a sky shield, and to a stuffed toy bear as a
fabric predator creature. The humor and creativity in both
the xkcd and Strange Planet examples are rooted in the
refocusing of the entities, objects, and processes through
attenuation.
The goal of the current study is to compare attenuated
descriptions of objects produced by English L1 and English
1

RQ1. What differences, if any, exist in the diversity and range
of attenuated descriptions provided by English L1 and L2
speakers?

Method
We designed an original creativity task for participants to
generate new names for a series of everyday objects. The task
asked participants to pretend they were hired to work for a
fictional television show named Glossalia, a show designed
to help teach English words to young L2 English learners.
One of the methods for helping teach English words on the
show involves a character who mistakenly refers to objects
using unique and silly words and phrases. The task provided
two examples of these mistakes (which were actually
attenuated descriptions): referring to bread as raw toast and
referring to an iron as a wrinkle remover. We then explained
to the participants their goal: to generate similar names for a
new set of objects to be used by the character on the show.
The instructions encouraged the participants to be as creative
as possible. Three rules were stipulated to promote the
production of attenuated descriptions. First, the new name
must describe the object in a meaningful way. Second, the
new name must use English words which can be found in the
dictionary. And third, the new name could not reuse the
actual name of the object.
We used a random list generator from the website
www.randomlists.com/things to locate copyright free
pictures of common objects. We chose nine objects in total
with accompanying color photos of actual objects (i.e., not
drawings). These objects were: (1) an inflated green balloon,
(2) a brown cardboard box with the lid flaps open, (3) several
bunches of orange carrots, (4) a purple sofa, (5) a black
plastic fork, (6) a pair of yellow-tinted sunglasses, (7) a metal
shovel, (8) a white toilet, and (9) a brown leather wallet. We
chose these objects because we felt they were diverse in their
form and function, but also easily recognizable.

Participants
We gathered data from L1 and L2 English speakers. The L1
participants (n = 99) were recruited from the crowdsourcing
platform Amazon Mechanical Turk (Mage = 39.7, SDage =
12.3, 64.6% female). The Mechanical Turk participants
spoke English as their first language and resided in the United
States. The L2 participants (n = 78) were recruited from
2

https://xkcd.com/1133/
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undergraduate and graduate programming courses at the
University Politehnica of Bucharest in Romania (Mage = 19.8,
SDage = .46, 30.8% female). The English L2 participants
spoke Romanian as their L1 and had been learning English
for an average of 11.2 years (SD = 2.71). When asked about
their average daily English use, 20(25.6%) English L2
participants reported using English for less than one hour per
day, 30(38.5%) used English for 1-3 hours per day, 17(21.8%) for
3-5 hours per day, and 11(14.1%) for more than 5 hours per day.

Procedure
We uploaded our Glossalia task to the survey platform
Qualtrics. Participants first read the instructions (described
above) and then provided new names for the nine objects by
typing their answer into a text box below each picture. The
pictures for the nine objects were presented one at a time and
were accompanied by the prompt what unique and silly name
can you provide for this object? The objects were presented
in the same order as described above for every participant.
The English L1 participants were forwarded to the survey
through the Amazon Mechanical Turk website and were
provided $0.30 USD for the task. The English L2 participants
were recruited through their lecturer and were provided with
extra credit in their course for their participation. There were
no time limits imposed on any parts of the task.

Data Analysis
We gathered a total of 1,295 valid responses from our
participants. We then removed any valid responses which
violated any of the three rules for new names stipulated in the
task instructions. This removed 53 responses (4.1%), leaving
a final data set of 1,242 responses. Any spelling mistakes or
punctuation errors in the responses were manually corrected.
Measuring Answer Creativity. Standardized measures of
creativity assess both the total number of ideas produced
(fluency), as well as how similar one answer is to a specific
prompt when taking into consideration all other answers
(originality; Kaufman et al., 2008). Because our participants
only provided one name per object, we focused on measuring
the originality of answers. One method to assess originality
which has gained increased use is through the comparison of
semantic distance between answers provided on tests of
creativity (Kenett, 2019). These comparisons are done using
computational measures of word distributions, such as Latent
Semantic Analysis (Dumas & Dunbar, 2014), which allows
for an objective, scalable, and automatic assessment of
originality (Beketayev & Runco, 2016; Kenett, 2019).
Answers with greater semantic distance (i.e., lower
similarity) are more original for two reasons. First, answers
which are completely or partially repeated have higher
similarity values, and thus higher similarity becomes a
marker of lower originality. Second, answers with lower
3
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similarity use concepts with more remote associations to the
other answers, marking themselves as more distinctive in
terms of the ideas and content in the answer (Acar & Runco,
2014).
In addition to originality, it is also important to consider the
effectiveness of creative products (Runco & Jaeger, 2012).
When compared to originality, effectiveness is more difficult
to define and less amenable to automatic assessment
methods. In the case of our task, an effective attenuated
description could be defined as one which follows our prompt
criteria and is also evocative of the item being described.
While we controlled for the first aspect by removing any
answers which violated any of our instructions, we did not
obtain any measures of how evocative the descriptions were.
We plan to address this additional aspect of creativity in
future research.
Calculating Similarity Scores. We analyzed our data using
the Natural Language Processing library spaCy (v3.0)3. For
any one answer, we calculated the semantic similarity of that
answer to all other answers provided for the same object.
Instead of using the default spaCy word vectors and methods
for calculating similarity (i.e., taking the vector similarity of
each word in a sentence and then averaging this similarity),
we applied the Google Universal Sentence Encoder (USE)
for spaCy (v0.4.3)4. The Google USE for spaCy is a custom
pipeline in spaCy which incorporates the Google Universal
Sentence Encoder sentence embeddings (Cer et al., 2018) that
provide contextualized representations for the entire input.
Thus, rather than calculating similarity as an averaged value
across all the words in a sentence, we measured similarity
between sentences as single units using the large USE model
with Transformer architecture. Also, when considering other
and newer sentence embedding models like Sent-BERT
(Reimers & Gurevych, 2019), we selected USE given its
pretraining on several different tasks (QA/Forums, SNLI,
wiki/news) which are more suitable to reflect sentence
similarity5. The cosine similarity values range from 0 (not
similar) to 1 (identical); all values below 0 were truncated to
0.
Similarity values of 1 occurred when the answer was
identical to another answer, which allowed for us to
simultaneously model the level of direct repetition for any
one answer, as well as gradients in similarity to other
answers. After obtaining pairwise similarities between an
answer and all others, we then averaged these values to obtain
a single average similarity score per answer. We calculated
these scores separately for the English L1 and L2 data. Table
1 provides an example of how answer similarity was affected
by repetition. Specifically, in response to the picture of the
fork, ten participants provided the answer “food stabber” (7
English L1, 3 English L2). The overall average semantic
similarity for “food stabber” is higher for the L1 data, in part
due to the higher repetition (Table 1).
5
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Table 1. Sample answer similarities (sim) in ascending order
for the “food stabber” answer. Averages are from the entire
set of answers.
A fork is a “food stabber”
English L1
sim
English L2
sim
masochist's
the little
.07
.09
shoe horn
mermaid's comb
metal teeth
.16
a smaller trident
.14
noodle catcher
.25
little hay mover
.23
eating tool
.44
food forklift
.48
food jabber
.60
food enemy
.69
L1 average
.44
L2 average
.39

carrot, with the greatest visual differences observed in
similarity values for names created for the box and toilet
objects. This suggests that, in general, the English L2
participants provided a greater diversity of answers for
almost all objects. In terms of differences among objects,
names created for the wallet had the overall highest average
answer similarity, with a right skew towards greater
similarity observed in both the L1 and L2 data.

Mixed Effects Regression. We then constructed a mixed
effects regression model in R (v4.0.2; R Core Team, 2020)
using the lme4 package (v1.1.27.1; Bates et al., 2015) to
model the average similarity scores as a function of different
object pictures and language group. Both object type and
language group were entered as dummy-coded categorical
variables, with balloon and English L1 representing the
baselines. These variables were fit as an interaction, and
intercepts were allowed to vary per participant. Post-hoc
comparisons between the two language groups for all nine
objects were calculated using the emmeans package (v1.6.3;
Lenth, 2020).
Cluster Analysis. Our aim was also to model the spread of
answer types for each object. To do so, we conducted an
unsupervised k-medoid cluster analysis using the cluster
package (v2.1.0; Maechler et al., 2019) to locate groupings of
similar answers for each object and language group
combination, based on the averaged similarity values. This
enabled us to automatically locate exemplars representing
different sets of answers. For each set of clusters, we let k
range from 2-20 and chose the number of clusters with the
largest average silhouette size (Levshina, 2015). This method
has also been effectively employed to model the number of
exemplars for linguistic constructions, such as denominal
verb constructions (Watson et al., 2021). We have provided
our code and data on the OSF Repository6.

Results
Similarity Scores
The total distribution of answer similarity values for each
object are displayed in Figure 1. As can be seen, the
distributions of answer similarity values differed as a
function of both the object being named and the L1/L2
language groups. In terms of language group, the average
similarity among answers was generally lower for the English
L2 participants when compared to the English L1 answers.
This was true for all objects aside from names created for the

Figure 1. Distribution of similarity scores.
Results: Mixed Effects Regression. The interaction
between language group and object type was significant
(F8, 1081.90 = 14.511, p < .001). The conditional R2 of the model
(variance from predictors and random intercepts) was .457,
and the marginal R2 (variance from predictors alone) was
.334, suggesting this interaction accounted for a good portion
of the variance in similarity values. Pairwise comparisons
using adjusted p-values indicated the similarity values were
significantly different between the two language groups for
all nine objects. Specifically, names provided for all objects
aside from the carrot were significantly less similar when
provided by English L2 participants when compared to
English L1, confirming the visual differences noted in Figure
1 to also be statistically significant. Table 2 reports the
descriptive statistics, estimates, confidence intervals, and t
and p values for each comparison.
Results: Cluster Analysis. The total number of clusters and
average cluster size are reported in Table 3. The L2 data
contained a higher number of clusters for five of the nine
objects, with the largest differences observed for the toilet
and wallet clusters. In contrast, the L1 data contained an
equally greater number of clusters for the couch object. The
mean number of answers per cluster was relatively stable
between both the L1 and L2 data, with approximately 5 items
per cluster.
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Table 2. Results from regression contrasts. Average similarity values were significantly lower for L2 answers compared to
English L1 for all objects aside from the carrot, where a significant contrast in the reverse direction was observed.
English L1
English L2
Pairwise Contrasts
item
n
M (SD)
5%CI
95%CI
n
M (SD)
5%CI
95%CI
estimate
t
p
balloon
63
.41 (.07)
.39
.43
75
.36 (.08)
.34
.38
.049
3.55
< .001
box
63
.38 (.09)
.36
.40
74
.28 (.06)
.26
.30
.100
7.18
< .001
carrot
65
.34 (.08)
.32
.36
74
.37 (.10)
.35
.39
-.032
-2.30
.022
couch
64
.37 (.08)
.35
.39
74
.31 (.08)
.29
.33
.058
4.21
< .001
fork
65
.40 (.08)
.38
.42
74
.33 (.06)
.31
.35
.069
4.97
< .001
glasses
67
.39 (.10)
.37
.41
75
.35 (.08)
.33
.37
.042
3.04
.002
shovel
64
.47 (.08)
.44
.48
74
.37 (.08)
.35
.39
.090
6.51
< .001
toilet
63
.43 (.09)
.41
.45
69
.28 (.08)
.26
.30
.149
10.57
< .001
wallet
64
.51 (.09)
.48
.52
76
.45 (.09)
.43
.47
.054
3.90
< .001

Figure 2. Cluster medoid exemplars plotted against their averaged semantic similarity values.
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Exemplars identified in each cluster are plotted in Figure 2
as points over violin plots which reflect their distributions. As
expected, based on the raw distributions plotted in Figure 1,
the distribution of cluster exemplars was skewed more
strongly towards higher similarity scores for the L1 data,
when compared to the L2 data.
The largest difference was observed for names provided for
the picture of the toilet. In the L1 data, many of the exemplars
referred to the toilet’s primary function as a method to
dispose of bodily waste. The L2 exemplars contained similar
answers, but also ranged into answers comparing toilets to
thrones and made more personifications of the toilets (e.g.,
always unsatisfied customer). This suggests the L1
participants created answers restricted to fewer categories
when compared to the L2 data.

item
balloon
box
carrot
couch
fork
glasses
shovel
toilet
wallet
overall

Table 3. Cluster information.
Mean Cluster Size
Total Clusters
L1
L2
L1
L2
4.2
4.17
15
18
3.5
4.63
18
16
3.82
5.29
17
14
4.57
9.25
14
8
5.33
5.69
12
13
22.33
37.50
3
2
3.56
3.89
18
19
5.25
3.45
12
20
9.14
5.85
7
13
4.97
5.41
116
123

Discussion
The purpose of this study was to explore the originality of
attenuated descriptions provided by English L1 and L2
speakers. We operationalized originality as a function of
semantic distance between attenuated descriptions provided
for the same item. Results from our analysis indicate the
average similarity among attenuated description was
significantly lower for the English L2 data for eight of the
nine objects, suggesting the L2 attenuated descriptions were
more original, when compared to the L1 descriptions.
Additionally, a cluster analysis identified no real trends in the
number of clusters between our L1/L2 data.
We draw two main conclusions from these results. First,
the semantic similarity analysis provides evidence to suggest
that attenuated descriptions from L2 participants were more
diverse than the L1 data. This could be a function of the
combined influence of L1 experiences on L2 production,
resulting in more disparate answers across a wider range of
topics. With more options come more choices, and with more
choices comes more originality. However, these options may
be constrained by the nature of each object – L2 answers for
the carrot object were narrower in topic, when compared to
the L1 data, which may reflect cultural experiences
associated with this object.
Second, although the L1 data was more homogenous in
terms of semantic similarity, the cluster analysis suggests that
the L1 participants still demonstrated a diversity of answer

types. This likely reflects the different linguistic knowledge
afforded to an L1 speaker. Knowledge of conventionalized
and formulaic expressions is stronger for L1 speakers,
resulting in more homogenous answers through convergence
of similar collocational choices. L2 speech lacks the same
level of conventionality, which in turn would affect the
semantic similarity and ultimately our interpretation of
originality and creativity. Combined with a greater range of
options to choose from, one could expect the L2 data would
seem more creative, because the L2 data cannot help but be
more original. If this is the case, our data suggests the L1 and
L2 speakers drew from different strengths when completing
this task, manifesting not in different degrees of linguistic
creativity, but rather in different strategies. This insight could
only be gleaned through a combined approach using semantic
scores and the cluster analysis.
As a between-subjects design, we acknowledge that our
findings may also be related to other individual differences
among our participants. Our data indicates the English L1
participants were older than the English L2 group, which may
have further strengthened knowledge of conventionalized
formulae among the English L1 speakers based on more years
of exposure to English. Moreover, the English L2 participants
were likely more homogenous in terms of socioeconomic
factors such as level of education, but we did not collect
similar information from the English L1 participants. One
suggestion to address these limitations in future research is to
conduct a within-participants design, where bilinguals
perform a similar task in their L1 and L2.
In conclusion, we hesitate to make any claims that the L2
data was any more creative than the L1 data. Rather, we argue
that our results reflect fundamental differences in the storage
and use of L1/L2 language knowledge. The integration of
lexical items from more than one language means that the
bilingual participants had access to a greater range of word
associations, which includes knowledge of polysemy,
category membership, and other lexical relations (Tokowicz,
2014). These participants thus had a wider search field when
thinking of their attenuated descriptions, which in turn would
result in answers which are more original. A logical next step
in this research is to incorporate additional aspects of
creativity, such as effectiveness of the answers.
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Abstract
To what extent can experience from language contribute to our
conceptual knowledge? Computational explorations of this
question have shed light on the ability of powerful neural language models (LMs)—informed solely through text input—
to encode and elicit information about concepts and properties. To extend this line of research, we present a framework
that uses neural-network language models (LMs) to perform
property induction—a task in which humans generalize novel
property knowledge (has sesamoid bones) from one or more
concepts (robins) to others (sparrows, canaries). Patterns of
property induction observed in humans have shed considerable light on the nature and organization of human conceptual
knowledge. Inspired by this insight, we use our framework
to explore the property inductions of LMs, and find that they
show an inductive preference to generalize novel properties on
the basis of category membership, suggesting the presence of
a taxonomic bias in their representations.
Keywords: property induction; language models; semantic
cognition; generalization; conceptual knowledge

Introduction
There has recently been a growing interest in exploring the
limits and potential of language as an environment for learning conceptual knowledge (Elman, 2004; Lupyan & Lewis,
2019)—knowledge that encompasses mental representations
of everyday objects/events, and their properties and relations,
that together inform our intuitive understanding of the world
(Murphy, 2002; Machery, 2009). Computational explorations
of this claim often study the extent to which models that learn
semantic representations through text alone can capture conceptual knowledge (Lucy & Gauthier, 2017; Forbes et al.,
2019; Da & Kasai, 2019; Bhatia & Richie, 2021).
A hallmark feature of the conceptual knowledge acquired
by humans is its capacity to facilitate inductive generalizations: inferences that go beyond available data to project
novel information about concepts and properties (Osherson et
al., 1990; Chater et al., 2011; Hayes & Heit, 2018). For example, our knowledge of taxonomic specificity is reflected when
we generalize a novel property of a concept (e.g., robins have
T9 hormones) more strongly to taxonomically close concepts
(sparrows have T9 hormones) than to more taxonomically
distant concepts (tigers have T9 hormones). Inductive generalizations about novel properties (also called property induction) therefore provide a context within which we can explore
the nature of agents’ understanding of conceptual knowledge.
In this paper, we develop an analysis framework that uses
neural network-based language models (LMs, henceforth) to
perform property induction and use this framework to study

concept representation in these models. Our framework consists of two stages. In the first stage, we train LMs to evaluate
the truth of sentences expressing property knowledge (e.g., a
cat has fur → True, a table has fur → False). In the second
stage, we use these property-judgment models to test how the
representations from the underlying LMs drive inductive generalization of novel properties—e.g., has feps, can dax, etc.
Each stage of our framework sheds light on different aspects of the conceptual knowledge captured by LMs. Using
the first stage, we test the extent to which LMs support judgement of whether a property applies to a concept, even when
that property has not been seen in task-specific fine-tuning.
We find that LMs perform substantially above chance, consistent with the conclusion that they are able to rely on generalizable property knowledge to assess truth of concept-property
associations. In the second stage, we use this property judgment framework to study how knowledge representation in
the base LMs drives inductive generalization with respect to
entirely novel properties. We focus specifically on whether
models’ inductive preferences indicate reliance on taxonomic
information, by testing whether models prefer to generalize
within rather than outside of taxonomic categories. To do this,
we teach our property-judgment models novel property information such as robins can dax via standard backpropagation
methods and then test the extent to which they prefer generalizing this novel property to other birds (e.g. sparrows can
dax) more strongly than to non-birds (e.g. zebras can dax).
We find that models indeed show a preference for projecting
new property knowledge on the basis of taxonomic category
membership, suggesting that the models have acquired and
represented taxonomic features on which they rely to project
novel information.
Our LM-based account of property induction contributes
to the field in four primary ways. On the basis of the goals of
the task, our framework focuses on reasoning where conclusions do not deductively follow from the premise, unlike the
goals of the more commonly-used task of natural language
inference (Bowman et al., 2015), and it therefore allows for
testing of human-like inferences that are seldom studied in
LMs (cf. Bhagavatula et al., 2020). Next, as we show below, our framework opens a new window into exploring how
large neural network models of language generalize beyond
their training experience, complementing inquiries of models’ inductive bias with respect to syntactic structure (McCoy, Frank, & Linzen, 2020) and “universal linguistic con-
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straints” (McCoy, Grant, et al., 2020). Additionally, this work
advances research aiming to diagnose the nature and extent of
conceptual knowledge in LMs (Da & Kasai, 2019; Forbes et
al., 2019; Weir et al., 2020; Bhatia & Richie, 2021) by additionally focusing on how knowledge present in LM representations drives the generalizations they make. Finally, at a
high level, our framework contributes to a range of works that
have applied connectionist models to the problem of property
induction (see Sloman, 1993; Rogers & McClelland, 2004;
Saxe et al., 2019).

Testing Property Induction with Arguments
Property induction is often studied in humans through the
use of arguments, represented in the following premiseconclusion format, as popularized by Osherson et al. (1990):
Robins have sesamoid bones.
All birds have sesamoid bones.

(i)

Argument (i) is read as “Robins have sesamoid bones. Therefore, all birds have sesamoid bones.” The subject of the
premise sentence (robin) is referred to as the premise concept (similarly, if there are multiple premises, we have a set
of premise concepts), while that of the conclusion is called
the conclusion concept. Representing induction stimuli as arguments allows one to use the notion of “argument strength,”
which quantifies the degree to which a human subject’s belief
in the premise statements strengthens their belief in the conclusion (Osherson et al., 1990). In many cases, researchers
control the type of novel properties provided to participants
by using blank properties—properties that are synthetically
created and are therefore unknown to participants, maximizing the chances that they will use their knowledge of the relations between the premise and conclusion concepts to make
generalizations (Rips, 1975; Osherson et al., 1990; Murphy,
2002). In our property induction experiments, we simulate
blank properties by using nonce words to synthetically construct novel properties—e.g., can dax, is vorpal, etc and use
them to explore knowledge of conceptual relations in LMs.

The Framework
Computationally, property induction can be viewed as making conditional probability estimates about the conclusion (c),
given some premise (π): p(c | π). We interpret this measure in our framework as a probability that a novel property
is applied to a conclusion concept, by a model whose representations reflect the premise information. This interpretation
leads to two desiderata that our framework aims to satisfy: (1)
the ability to make judgments about the association of properties to concepts, and (2) the ability to accept new property
knowledge and then be queried to assess generalization of this
new property knowledge to additional concepts. To satisfy
(1), we fine-tune existing pre-trained LMs to classify as true
or false sentences that associate properties to concepts—i.e.,
make property judgments. Doing so enables the LMs to estimate the probability that a property applies to a concept, as

p(True | “concept has property”, ϕ), where ϕ stands for the
parameters of a given LM. We use this approach rather than
estimating sequence probabilities—which are relatively more
straightforward to compute using LMs—in order to avoid
surface-level confounds as observed in similar work by Misra
et al. (2021). Next, to satisfy (2), we operationalize induction as the behavior of these LMs (now fine-tuned to make
property-judgments) after further adaptation to new properties using standard backpropagation (Rumelhart et al., 1986).
The motivation to use backpropagation to perform property
induction is simple—it allows the integration of new information in the model by directly updating its representations,
which encode knowledge used to inform how the model generalizes. Under this operationalization, we first adapt our LM
to reflect the premise information (e.g. π = a robin can dax)
and then use the updated parameters of the model (ϕ′ ) to estimate the probability of a conclusion (c = a sparrow can dax)
as: p(True | c, ϕ′ ). A similar operationalization of induction was used by Rogers & McClelland (2004), who reported
inductive inferences made by their PDP model of semantic
cognition by updating its weights to reflect novel information, which was provided after several steps of training on
general conceptual knowledge derived from a toy dataset of
concepts and properties. Similar methods have also been used
by van Schijndel & Linzen (2018) and Kim & Smolensky
(2021) to characterize the adaptation of grammatical knowledge in LMs. We now explain the two stages of our property
induction framework in greater detail:

Stage 1: Eliciting Property Judgments using LMs
In the first stage, we constrain LMs to explicitly rely on property knowledge by distinguishing correct (cat has whiskers)
and incorrect associations (sparrow has whiskers) between
properties and concepts. We do this by fine-tuning LMs to
classify sentences that express concept-property associations
to be true or false. Importantly, we fine-tune models in a way
that keeps the evaluation sets disjoint in terms of properties—
i.e., the model is trained to assess the properties has feathers, has a tail and then tested on a distinct set of properties: can fly, has a beak. Therefore, in order to succeed on
this task (i.e., minimize loss on a disjoint evaluation set), a
model must rely on property knowledge encoded in its representations, to enable judgments about properties never seen
during fine-tuning. In experiments that follow, we verify the
extent to which the models are indeed able to draw on generalized property knowledge in order to succeed in this task.
Importantly, this stage assumes the presence of a repository
of concepts (C) and associated properties (P) as data for training and testing the model. We create sentences that express
property knowledge by pairing properties from P to concepts
from C. We then fine-tune the LM to classify these sentences
as true or false. At the end of this stage, we have a trained
model (with parameters ϕ) that takes as input a sentence s and
produces a probability score p(True | s, ϕ) corresponding to
the degree of truth of s as internalized by the LM. Figure 1A
illustrates the property judgment stage.
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(A)

(B)
Train Set

(a cat has fur, True)
(a dog has feathers, False)
(a tiger is a predator, True)
.....

Adaptation Set

Test Set
(disjoint in properties)

Premise

Backpropagation

(a robin can dax, True)

(a cat can fly, False)
(a robin is a canine, False)
(a dog is a canine, True)
.....

Freeze
an albatross can dax.
....
an ostrich can dax.

Generalization Set

Conclusion
Concepts

Properties

Figure 1: (A) Property Judgment Stage describing the training of the property judgment model (with parameters ϕ) to make
judgments of truth on sentences expressing concept-property assertions. Sentences created using the concept (C) and property
(P) data collected by Devereux et al. (2014); (B) Depiction of the Induction Stage, in this case, for testing the generalization of
the novel property can dax from robin to all birds. Here, A = {ROBIN}, G = {ALBATROSS, ..., OSTRICH}.

Stage 2: Induction as Adaptation to New Knowledge
In this stage (see Figure 1B), we use the fine-tuned model
from the previous stage to perform property induction, which
we operationalize as the behavior of the model after adaptation to new property knowledge via backpropagation.
A property induction trial involves (1) a set of premise concepts (which we denote as the adaptation set A ⊂ C); (2) a
set of conclusion concepts (denoted as the generalization set
G ⊂ C); and (3) a novel property being generalized from the
premise to the conclusion. We construct sentences that associate the novel property to the concepts in A and G, yielding the premise and conclusion stimuli, respectively (see Figure 1B). To perform property induction, we first adapt the
model’s parameters ϕ to the premise sentences by using standard backpropagation, yielding an updated state of the model,
ϕ′ , that correctly attributes the concepts in A with the novel
property. We then freeze ϕ′ and query the model with the
conclusion sentences to obtain the (log) probability of generalizing (or “projecting”) the novel property to the concepts
in G. We refer to this measure as the “generalization score”
(G)—i.e., the strength of projecting the novel property to a
set of one or more concepts in the generalization set:
1 X
G=
log p(True | “ci has property X”, ϕ′ )
(1)
n
ci ∈G

The model parameters are reset to their original state (ϕ) after
this step in order to perform subsequent trials.
We now use components of this framework in two
experiments—one for each stage in the framework.

Investigating LMs on Property Judgments
Our first experiment focuses on the first stage of the proposed induction framework. Here, we fine-tune pre-trained
LMs to evaluate the truth of sentences attributing properties
to concepts—i.e., we want our models to map the sentence a
cat has fur to True and a cat can fly to False. We use an existing semantic property norm dataset to construct our sentences

and split them into disjoint evaluation sets, where the properties we test the model on are strictly different from those
the model sees during fine-tuning. Therefore, a model must
learn to rely on its ‘prior’ (pre-trained) property knowledge in
combination with task specific information it picks up during
fine-tuning in order to succeed on this task.
Ground-truth Property Knowledge Data To construct
sentences that express property knowledge, we rely on a
property-norm dataset collected by the Cambridge Centre for
Speech, Language, and the Brain (CSLB; Devereux et al.,
2014). The CSLB dataset was collected by asking 123 human participants to elicit properties for a set of 638 concepts,
and this dataset has been used in several studies focused on
investigating conceptual knowledge in word representations
learned by computational models of text (e.g., Lucy & Gauthier, 2017; Da & Kasai, 2019; Bhatia & Richie, 2021). Importantly, property-norm datasets such as CSLB only consist
of properties that are applicable for a given concept and do
not contain negative property-concept associations. As a result, the works that have used these datasets sample concepts
for which a particular property was not elicited and take them
as negative instances for that property (e.g., TABLE , CHAIR ,
SHIRT are negative instances for the property can breathe),
which can then be used in a standard machine-learning setting to evaluate a given representation-learning model.
Upon careful inspection of the CSLB dataset, we found
that the above practice may unintentionally introduce incorrect or inconsistent data. Datasets such as CSLB are collected through human elicitation of properties for a given
concept, so it is possible for inconsistencies to arise. One
way that this may happen is if some participants choose
not to include properties that are obvious for the presented
concept (e.g., breathing in case of living organisms), while
other participants do, resulting in an imbalance that can be
left unaccounted for. We found that this was indeed the
case: e.g., the property has a mouth was only elicited for
6 animal concepts (out of 152), so all other animals in the
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dataset would have been added to the negative search space
for this property during sampling, thereby propagating incorrect and incomplete data. This indicates a potential pitfall of
directly using property-norm datasets to investigate semantic representations—and suggests that prior evaluations and
analyses (Lucy & Gauthier, 2017; Da & Kasai, 2019; Bhatia & Richie, 2021) may have falsely rewarded or penalized
models in such cases. Owing to space constraints, we provide our detailed method and protocol to mitigate this problem in the supplemental materials. The revised dataset that
we produce consists of a set of 521 concepts, corresponding
to 23 different taxonomic categories (as annotated by the original authors of the CSLB dataset) and 3,735 properties, with
23,107 ground-truth property-concept pairs which we used in
our experiment.
For each of our 3,735 properties—associated with k different concepts—we sample k additional concepts that are maximally similar to the k concepts associated with that property,
and take these to be negative samples. For instance, for the
concept ZEBRA, we want to use HORSE for a negative sample
rather than a more distant concept such as TABLE. By doing this, we make the property judgment tasks more difficult,
increasing the chances that the models we obtain from this
stage focus on finer-grained conceptual/property knowledge
as opposed to coarser-grained lexical similarity. For selecting similar concepts we take the Wu-Palmer similarity as our
similarity function (Wu & Palmer, 1994), which we compute
over the subset of the WordNet taxonomy (Miller, 1995) that
contains the senses of the 521 concepts considered in our experiments. We then follow the method outlined by Bhatia &
Richie (2021) to convert our 46,214 property-concept pairs
(23,107 × 2) into natural language sentences, which we then
use as inputs to our models. We split these sentences (paired
with their respective labels) into training, validation, and testing sets (80/10/10 split), such that the testing and validation
sets are only composed of properties that have never been encountered during training (note that properties between training and validation sets are also disjoint). We do this to avoid
data leaks, and to ensure that we evaluate models on their
capacity to learn property judgment as opposed to memorization of the particular words and properties in the training set.
We make our negative sample generation algorithm and the
resulting dataset of property-knowledge sentences available
in our supplementary materials.
Tested LMs While our framework can be applied to any
neural language model, we present results from fine-tuning
three pre-trained LM families, based on the precedent of
using these models in standard sentence classification tasks
(Wang et al., 2018): BERT (Devlin et al., 2019), RoBERTa
(Liu et al., 2019), and ALBERT (Lan et al., 2020). All
three models use the transformer architecture (Vaswani et al.,
2017), and are trained to perform masked language modeling:
the task of predicting masked words in context in a clozetask setup, where models have access to context words to the
left and right of the masked word. We report results using

Table 1: Performance (F1 score) of the fine-tuned LMs on the
test set of the property judgment task. Chance F1 is 0.66.
Model
ALBERT-xxl
BERT-large
RoBERTa-large

Params
206M
345M
355M

Test F1
0.79
0.78
0.79

the largest models in each of the three families—BERT-large,
RoBERTa-large, and ALBERT-xxl—since these variants had
the best performance in our preliminary experiments (on a
separate validation set). We fine-tune each of the three models on the property knowledge data by minimizing their binary cross-entropy loss on the training set using the AdamW
optimizer (Loshchilov & Hutter, 2018). We tune the hyperparameters of the LMs on the validation set, and evaluate the
three adapted models on the test set using F1 scores.
Results Table 1 shows the performance of the three models
in our property judgment experiments. We find that all three
models show similarly high performance on the test set (0.780.79), suggesting strong capacities of all three models to assess the application of properties to concepts. Notably, the
ALBERT-xxl model shows the same performance as BERTlarge and RoBERTa-large despite having ≈130M fewer parameters, suggesting that this property knowledge can be encoded in smaller models with more efficient use of parameters. Furthermore, all three models perform significantly
above chance (p < .001, FDR corrected).

Investigating Taxonomic Generalizations in
LMs using Property Induction
Taxonomic relations between concepts have an important role
in studies of human inductive reasoning. Early evidence from
Gelman & Markman (1986) indicated a strong preference of
children and adults, when making generalizations about new
and unfamiliar properties, to do so based on the structure of
biological taxonomies and category membership. Building
on this, Osherson et al. (1990) documented 13 separate taxonomic phenomena that influenced inductions made by humans. Inspired by these works, we demonstrate how our
property induction framework can be used to test whether a
similar taxonomic bias is reflected in the LMs used to train the
above property judgment models. For instance, if a model is
provided with a new property—e.g., can fep—that is associated with the concept CAT, to what extent do its representational biases cause it to prefer generalizing or projecting this
property to other mammals rather than to fish?
Data We restrict our analysis to the animal-kingdom subset of the concepts in our modified property-norm data, corresponding to a total of 152 animal concepts. We first select the top six categories within this subset: MAMMAL (52),
BIRD (36), INSECT (18), FISH (14), MOLLUSK (8), and REP TILE (7). Each instance in this experiment involves one of
the six aforementioned categories (of size m) from which we
sample n concepts to create the adaptation set, and use the
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Method In each trial, we pass the adaptation set to the models and let them minimize their loss (starting from the same
optimizer state obtained at the end of the property judgment
training phase) until they reach perfect accuracy. Then we
compute G for each of our three generalization sets as shown
in eq. (1), for each model. Figure 2 shows the average G (over
all properties) as a function of the size of the adaptation set.
Results and Analysis We expect models with a preference
for category-based generalization to have greater average G
value for the “Within” set than for either of the “Outside”
sets. From Figure 2, we see that all three models consistently
show this pattern—for all models, the average G was significantly greater for “Within” generalization as compared to
both “Outside” generalization sets (p < .001, according to a
Games-Howell test conducted following a Welch’s ANOVA).
This suggests that these models show a preference for generalizing newly-learned properties of a concept to other members of that concept’s superordinate category. We also observe that the average generalization score in both categories
increases with an increase in the number of adaptation concepts. Notably, this is also robustly observed in humans (characterized as the premise monotonicity effect by Osherson et
al.)—however, we do not focus on this effect, as it is relatively expected that machine learning models will be more
confident in their predictions as the number of samples provided to them increases.
Although the properties provided to the models in our induction experiment are ones that they have never seen during property-judgment training, one may wonder to what extent the models’ inductive behavior can be explained based
on taxonomically similar concepts simply being more likely
to share properties within the property-judgment training

Within
ALBERT-xxl

Outsidesimilar

Outsiderandom

BERT-large

RoBERTa-large

-0.2

Generalization

remaining m − n to create the “Within-category” generalization set. We then create two separate “Outside-category”
generalization sets. First, we sample the top m − n animal concepts, on the basis of their average cosine similarity with the concepts in the adaptation set (using the representations of the embedding layer of the given model), and
take this to be the “Outsidesimilar ” generalization set. We use
this similarity-based sampling technique in order to increase
our confidence that observed differences can be attributed to
category differences and not to general co-occurrence properties as learned by the models. This choice makes the
Outsidesimilar set model-dependent. We then complement this
with an equal sized “Outsiderandom ” generalization set which
is model-independent and is composed of concepts randomly
selected from the set of animal concepts (excluding those that
belong to the main category used for adaptation). We repeat
this sampling process 10 times for each of n = 1, . . . , 5 adaptation concepts, and 8 novel properties: verb phrases created
using nonce words (can dax, can fep, has blickets, has feps,
is a tove, is a wug, is mimsy, is vorpal). In total, we have
2,400 adaptation trials per model, each involving 3 generalization sets: Within, Outsidesimilar , and Outsiderandom to test
the property induction behavior of our models.
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Figure 2: Results from the taxonomic generalization experiment showing generalization scores (G) of the three propertyjudgment models for ‘Within’ and both the ‘Outside’ generalization sets across different number of adaptation concepts.
stage—this could call into question how much these generalization patterns tell us about the underlying concept knowledge in the LMs. Under the connectionist perspective of
property induction (Sloman, 1993; Rogers & McClelland,
2004), the strength of generalization (of a novel property) to
a concept is proportional to the overlap in properties between
the premise (adaptation set) and the conclusion (generalization set). We can reasonably expect this to translate to the
models that we use here, especially since they are trained to
predict the presence and absence of properties. To test the
connection between LMs’ generalization behavior and the
overlap in training data properties, we first calculate property overlaps between each adaptation/generalization set pair
as the ratio of the intersection and union of the ground-truth
properties associated with the concepts within the sets (i.e.,
the jaccard similarity). We then fit a linear mixed-effects
model to predict G using the lme4 (Bates et al., 2015) and
lmerTest (Kuznetsova et al., 2017) packages in R, for each
LM. Our final model included the number of adaptation concepts (n), as well as the property overlap (overlap) and
cosine similarity (sim) between the adaptation and generalization sets along with their interaction as fixed effects; and
also included random intercepts for the novel property and the
trial. Model Specification: G ∼ n + overlap * sim
+ (1|property) + (1|trial). For all three LMs,
we find a positive main effect of the property overlap,1 suggesting that G was significantly greater for generalization sets
whose concepts had greater training data property overlap
with those in the adaptation set.
While we have established that the models make generalizations that are consistent with the training set statistics,
there exist cases where property overlap is in direct conflict
with taxonomic category membership. For instance, dolphins
share many salient properties with fish and yet are classified
as mammals. Motivated by this observation, we ran another
1
along with that of number of concepts (n) as well as the model’s
cosine similarity (sim), p < .001 in all cases, approximated using
Satterthwaite’s method; see Suppl. Materials for full results.
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Figure 3: Generalization scores of the models in cases where
the Outside category had greater property overlap than the
Within category. N = 48 trials for each model.
experiment involving only the cases where generalizations
based on category membership conflicted with those based
on property-overlap. We identified 6 concepts that had greater
property overlap with concepts belonging to a different category relative to their own superordinate category: (DOLPHIN ,
WHALE , TURTLE , SLUG , SNAIL , HIPPO ). For each of these 6
concepts, we compare generalization of our previously used 8
novel properties to concepts in the same taxonomic category
(Within) vs. concepts in the category with which the concept
had greater property overlap (Outside), thereby teasing apart
the effect of property-overlap from that of true taxonomic
membership. Figure 3 shows results of this experiment. We
observe for each model that the inductive preference for the
“Within” generalization set was significantly greater than that
for the “Outside” generalization set (p < .001 in all cases using a paired t-test, FDR corrected). This indicates that while
the overall generalization behavior of the models is predicted
by training data statistics, the models are robust in showing a
taxonomic bias even when this relationship does not hold.

General Discussion and Conclusion
The empirical success of neural network-powered language
models (LMs)—especially on high-level semantic tasks—has
lent further support to the study of language as a source of
semantic knowledge (Elman, 2004; Lupyan & Lewis, 2019).
The goal of this paper was to contribute to this line of inquiry
by understanding the ways in which LMs generalize novel
information about concepts and properties (a lion can fep)
beyond their training experience. To this end, we developed
a framework that used LMs to perform property induction—
a paradigm through which cognitive scientists have studied
how humans use their conceptual repertoire to project novel
information about concepts and properties in systematic ways
(Rips, 1975; Osherson et al., 1990; Hayes & Heit, 2018). By
simulating a similar process in LMs, our framework can yield
insights about the inductive preferences that are guided by
the LMs’ representations and shed light on the nature of the
models’ conceptual knowledge.
As a motivating case study, we used our property induction
framework to study the extent to which LM representations
show a preference to project novel properties on the basis of
category membership. To this end, we adapted three LMs—

fine-tuned to predict the truth of sentences expressing property knowledge—to inputs associating a novel property with
one or more concepts. We then compared the models’ projection of the novel property between (1) a set of concepts with
the same superordinate category as the concept(s) associated
with the property, and (2) a pair of concept-sets that were
outside of that superordinate category. In a majority of cases,
the LMs preferred to project the new property to concepts
of the same category, suggesting the influence of taxonomic
bias. We hypothesized that some of models’ taxonomic category preference could be due to high property overlap between concepts of the same category in property-judgment
training—but while these property overlaps were statistically
predictive of how models projected novel properties, the preference to generalize to concepts within the taxonomic category persisted even when effects of property-overlap and
category-membership were teased apart.
Our results indicate that when LMs—fine-tuned to assess
property knowledge—deploy knowledge about novel properties, they are guided in part by representational taxonomic
biases beyond simple property-overlap relevant during finetuning. While we cannot say precisely what the source of
this taxonomic bias is within these models, a simple explanation would be that this bias reflects the nature of the conceptual knowledge that these LMs learn and encode during
pre-training. That is, in learning semantic representations
of words by predicting them in context, models may have
picked up on latent taxonomic knowledge, to which they then
show sensitivity when projecting novel property information.
This is consistent with existing works that diagnose conceptual knowledge in LMs, finding them to display strong performance in predicting taxonomic category membership (Da
& Kasai, 2019; Bhatia & Richie, 2021). Through our results,
we learn that this knowledge can additionally be implicitly
activated, and in fact guides how new property information is
generalized by LMs.
What other phenomena guide the inductive generalizations
that LMs make about concepts and properties? Our framework provides a flexible mechanism to simulate and test a
broad range of phenomena observed in the human propertyinduction literature (see Kemp & Jern, 2014; Hayes & Heit,
2018), and to shed light on the extent to which LMs’ inductive
preferences are consistent with those observed in humans. A
potential direction includes testing for a more general class
of inductive phenomena that are guided by “intuitive theories” (Murphy, 1993) that provide the context on the basis of
which different types of novel properties are projected differently (Carey, 1985; Kemp & Tenenbaum, 2009). For instance, biological information may be projected across a taxonomy (ROBIN and SWAN), whereas behavioral information
may be projected on the basis of specific shared properties
(HAWK and TIGER). Applying our framework on these phenomena can provide insight into the context-specific flexibility of LM representations, and at a high-level, the kinds of domain knowledge that can be acquired through text-exposure.
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Abstract
The study examined the role of reading test strategies in
reading comprehension performance of children by analyzing
their eye-movements during a reading comprehension test. The
Eye Movement analysis with Hidden Markov Model
(EMHMM) with co-clustering discovered two representative
eye movement pattern groups, with one more flexibly attending
to either the passage beginning or the question in the beginning
of the test displayed and attending to more contextual
information in answering inferential questions. Participants
adopted the more strategic pattern outperformed the other
group in cognitive-linguistic skills and reading comprehension.
Also, by quantifying participants’ eye movement behaviors
along the contrast between the two pattern groups, their eye
movement behavior explained unique variance on reading
comprehension performance beyond general cognitive abilities
and reading-related cognitive-linguistic skills. Thus, reading
test strategy plays an important role in accounting for reading
comprehension performance. These findings have important
educational implications on teaching reading test strategies to
help children improve comprehension performance.
Keywords: Reading comprehension; Reading test strategy;
Eye-movement; Children; Computational modeling

Introduction
The influence of reading-related cognitive-linguistic skills on
children’s reading comprehension have been widely explored
(e.g., Cain et al., 2004; Spencer et al., 2019). Factors beyond
cognitive and language abilities have also been recently
examined (Chiu & McBride-Chang, 2006; Joshi & Aaron,
2012). In particular, reading test strategies – the techniques
used for successful completion of a reading comprehension
test – are of great interest since they may potentially
compensate for the inadequacy of reading-related cognitivelinguistic skills (Bornholt, 2002; Tremblay et al., 2021).
Reading comprehension is generally defined as a process
of extracting and constructing meaning from text (e.g., Snow,
2002; Spencer & Wagner, 2018). It involved interactions
among different cognitive and linguistic processes, ranging
from more foundational and lower-level processes including
working memory, decoding or word recognition skills,
reading fluency, vocabulary knowledge and syntactic skills,
to more complex and higher-level processes including
inferencing and comprehension monitoring (e.g., Kim, 2020;
Zhao et al., 2021). Good comprehenders were generally

found to perform better in reading-related cognitivelinguistic skills than poor comprehenders.
The completion of a reading comprehension task does not
only require reading-related cognitive-linguistic skills, but
also involves the employment of different reading test
strategies to match with the task demand (e.g., Kaakinen &
Hyona, 2005; Kaakinen et al., 2015). Previous research
showed that children’s reading comprehension performance
was closely associated with the flexibility and efficiency in
utilizing different reading test strategies. More specifically,
poor comprehenders were prone to use superficial word cues
to solve reading comprehension questions, whereas good
comprehenders were more able to revisit relevant text for
answers more efficiently and precisely (e.g., Giulia et al.,
2000; Tremblay et al. 2021). As these strategies focus on the
word and linguistic links between text and question, they are
classified as content-based reading test strategy.
Another type of reading test strategy is format-based. It
concerns the use of tactics related to the test format and the
arrangement of text and questions, such as whether the reader
starts with reading the question or the text, or the subsequent
transitions between text and questions (Cohen, 2006).
Bornholt (2002) found that when children took a reading
assessment, good comprehenders were more aware of where
to begin the test with a standard sequence in looking between
text and question, suggesting that format-based strategies
might play an important role in reading comprehension.
Although previous studies reported that children who
performed better in reading comprehension displayed
different reading test strategies from poor comprehenders, it
remains unclear how reading test strategy may relate to
reading-related cognitive-linguistic skills and whether it has
a unique contribution to comprehension. In particular,
previous studies typically grouped children according to their
reading performance but there could be variations in strategy
within each group, obscuring the relationship between
strategy and performance.
Different question types may induce different reading test
strategies. In children, poor comprehenders were found to be
especially weak in answering inferential questions, which
required readers to infer ideas not explicitly stated by drawing
connections within text (e.g., Cain et al., 2001). However,
they were able to make inferences when explicitly prompted
to reread relevant text (Cain & Oakhill, 1999), suggesting
possible reading test strategy instructions that might facilitate
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comprehension. Indeed, poor comprehenders tended to rely
on superficial word cues instead of using deeper semantic
information (Cerdán et al., 2011; Hannon & Daneman, 2004).
As inferential questions usually contain less word overlap
with text than literal questions, word matching strategies
become less useful. Thus, inferential questions may induce a
larger individual difference in reading test strategy that could
differentiate good and poor comprehenders.
Here we aimed to examine these research questions
through eye tracking. Previous research on reading test
strategy typically relied on self-reports, observational reports,
or summary statistics of eye movement measures such as
fixation counts or number of regressive fixations. These
measures were either indirect and vulnerable to subjectivity,
or only captured partial information of eye movement
behavior. Here we examined children’s reading test strategies
by analyzing their eye movements during the completion of
a norm-referenced reading comprehension test using EyeMovement Hidden Markov Model (EMHMM) with coclustering (Chuk et al., 2014; Hsiao et al., 2021a). It is a
machine-learning-based approach that considers both spatial
(where participants look) and temporal dynamics (the order
of where participants look) of eye movements.
Representative eye movement strategies among participants
can be discovered through clustering. Similarities among
individual strategies can be quantified using their data loglikelihoods given the representative models. Consistency of
an individual eye movement pattern can be assessed using the
entropy of the hidden Markov model (HMM) (Cover &
Thomas, 2006; Hsiao et al., 2021a). Thus, in contrast to
previous research, here we first grouped children based on
their eye movement patterns, and then explored the
relationship between eye movement patterns and reading
performance. As good readers might not necessarily be
strategic readers, this data-driven approach without
considering comprehension performance in grouping
participants could offer purer comparisons of strategies and
associated reading performance by reducing the variability of
strategies within groups. The research questions were:
1. What are the common reading test strategies in children
as reflected in eye movements? What are their differences?
2. Do the discovered reading test strategies associate with
reading comprehension performance and reading
comprehension-related cognitive and linguistic skills?
3. Do inferential questions induce larger difference in
reading test strategy than literal questions?
4. Does reading test strategy explain the variance in reading
comprehension performance beyond general cognitive and
reading-related cognitive-linguistic skills?

Method
Participants
Sixty-two Cantonese-speaking Grade 3 students in Hong
Kong were recruited (34 males and 28 females; mean age
109.5 months, SD = 4.9 months). All participants had normal
or corrected-to-normal vision. Children who were previously

diagnosed with autism spectrum disorder, specific language
impairment and diagnosed with IQ below 80 were excluded.

Measures
Hong Kong Chinese Language Tiered Intervention Model
for Junior Primary Students: Literacy Assessment (CTIM(A)) reading comprehension subtest (Hong Kong
Specific Learning Difficulties Research Team, 2016) The test
consisted of 4 passages, with each containing 5 multiple
choice questions. Questions included: (1) literal questions,
which answers could be directly found from the passage; (2)
inferential questions, which required inferring overarching
ideas or connecting local pieces of information; and (3)
summarizing questions, which required selecting the best
option that summarized a target paragraph. Children clicked
on the best option out of 4 alternatives using a mouse.
Passage reading comprehension (open-ended questions)
Children read two passages silently and answered five
comprehension questions verbally for each passage. Two
raters rated their responses from 1 to 3 according to the
number of key points for each question.
Chinese word reading Children read aloud 100 twocharacter words with increasing difficulty (Hsu, 2017). One
mark was given to each correctly pronounced word.
Word reading fluency Children read aloud 110 high
frequency Chinese two-character words as quickly and
accurately as possible within one minute (Hsu, 2017). One
mark was awarded to each correctly pronounced word.
Vocabulary knowledge Children orally explained the
meaning of 16 verbally presented words (Hsu, 2017). Two
marks were given for each answer that matched the dictionary
meaning and one mark for a partially expressed meaning.
Morphosyntax Children corrected 12 Chinese sentences
with morphosyntactic violations (Yeung et al., 2013). For
each item, one point was awarded for correctly locating the
violation and another two points for providing a syntactically
and semantically correct word replacement. Partial credit was
given to the syntactically proper but semantically
inappropriate word replacement.
Discourse skills Children arranged three to five sentences in
an order that made up a coherent discourse (Chik et al., 2012).
One to three points were given for correctly ordered three- to
five-sentence items respectively. Partial scores were given to
some items according to the scoring key.
Inference-making Children listened to three short stories
and verbally answer three to five inferential questions for
each story (Fong & Ho, 2019). Two points were given to a
correct answer and one point to a partial answer.
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Comprehension monitoring Children were presented both
orally and in a written format eight short stories, with each
consisting of five to six sentences (Oakhill et al., 2005). Each
story had one to two sentence(s) inconsistent with the content.
Children verbally indicated the inconsistent sentence(s) with
explanations. Two marks were given by two independent
raters to a correct answer and one mark for a partial answer.
Working memory Backward digit span test was used.
Children repeated a string of single digit numbers presented
orally in a reverse order. There were 8 items of 2 trials each.
The items started from 2 digits, with an additional digit for
each subsequent item. One point was given for a correct trial.
Non-verbal intelligence (NVIQ) The Raven’s Standard
Progressive Matrices was administered.

Procedures
Children’s eye-movement was recorded through an EyeLink
1000 eye-tracker, with a chinrest to reduce head movements,
during the completion of C-TIM(A) reading comprehension
subtest. The viewing distance was 55cm with a display
resolution of 1024 x 768; each character spanned about 1.5o
of visual angle. The stimulus size, presentation and
procedures resembled the original test with minor
modifications. The passage was located at the top half of the
screen and the question and answer options were at the
bottom half. Only one question was presented in each trial.
Each trial began with a fixation dot at the center of the screen.
The experimenter initiated the presentation of the item when
a stable fixation was observed at the fixation dot and the
stimulus stayed until a response was made.

Data analysis
Children’s eye-movements was analyzed using EMHMM
with co-clustering (Hsiao et al., 2021b). A participant’s eye
movement in each trial was summarized using an HMM in
terms of person-specific regions of interests (ROIs) and
transition probabilities among the ROIs. The hidden states of
the HMM corresponded to the ROIs, and fixations in an ROI
were assumed to follow two-dimensional Gaussian
distributions. Parameters of an HMM was estimated using the
variational Bayesian EM algorithm, which determined the
optimal number of ROIs from a present range 1 to 10. More
specifically, each HMM with a different number of ROI was
trained for 300 times and the model with the largest data loglikelihood was selected. The variational hierarchical EM
algorithm with co-clustering was then used to cluster
participants into two groups, Group 1 and Group 2, such that
participants in the same group had a similar eye movement
pattern to one another across all stimuli. For each stimulus,
the algorithm returned a representative HMM for Group 1
and Group 2 respectively. Following previous studies, the
number of clusters was preset to two so that individual eye
movement patterns could be quantified along the dimension
contrasting the patterns of the two participant groups (e.g. An
& Hsiao, 2021; Chan et al., 2018; Chan et al., 2020; Chan et

al., in press; Chuk et al., 2020; Hsiao et al., 2021b; Hsiao et
al., 2021c; Hsiao et al., 2022; Lee et al., 2021; Zhang et al.,
2019; Zheng et al., 2022). This was calculated by the Group
1-2 scale, which was defined as (L1-L2)/(|L1|+|L2|), where L1
and L2 represented the log-likelihoods of the eye-movement
data being generated by Group 1 and Group 2 representative
HMM respectively. A larger Group 1-2 scale indicated higher
similarity to Group 1 pattern as opposed to Group 2 pattern.
Following Hsiao et al. (2021a), we also examined which
stimuli induced larger eye movement pattern difference
between Group 1 and Group 2 participants by examining the
symmetric KL divergence (SKLD) between the Group 1 and
Group 2 representative HMMs for each stimulus. The SKLD
was calculated by (KL12+KL21)/2 where KL12 and KL21 were
the difference of the data log-likelihoods given Group 1 and
Group 2 HMMs for the eye movement data from Group 1 and
Group 2 respectively. Larger SKLD indicated a larger
difference between the two participant groups.

Results
Eye-Movement patterns in C-TIM(A)
Figure 1 shows the two participant groups resulting from coclustering. Group by stimulus ANOVA on KL divergence
estimates showed that the representative HMMs in the two
participant groups differ significantly, F(1, 2440) = 58.51, p
< .001, and this did not interact with stimulus, F(19, 2440)
= .42, p = .99, suggesting the difference in eye-movement
pattern between Group 1 and Group 2 was consistent across
stimuli. When we examined individual stimuli (Figure 2), 6
out of 9 inferential questions induced significantly different
eye movement pattern between Group 1 and 2; a smaller
percentage was found in literal and in summarizing questions.
For inferential questions (Figure 1.a), three distinctive eyemovement features were noted. First, Group 2 HMMs
showed a distinctive focus on either the question (ROI 1, 45%)
or the passage beginning (ROI 4, 41%) in the trial beginning
(prior), whereas Group 1 had a disperse beginning at the
stimulus center (ROI 1, 71%). This broad, dispersed ROI in
Group 1 suggested that Group 1 participants did not have a
specific focus at the trial beginning. Second, Group 2 had a
higher transition probability from the passage (ROI 4) to the
question (ROI 1) or answer (ROI 2; total probability = .36)
than Group 1 (total probability = .11). Third, Group 1 had a
more focused ROI on the text area relevant to the question
(ROI 4) whereas Group 2 showed a larger ROI covering more
contextual information (ROI 3). More specifically, when
being asked to infer the tone or emotion of the character,
Group 1 focused mainly on what the character said whereas
Group 2 explored more contextual information around it. For
first-literal questions (Figure 1.b), most ROIs were located in
the passage area, suggesting that participants attempted to
read the text when they first encountered it. Thus, their eye
movements focused on passage reading. However, Group 1
still typically started with a broad, dispersed ROI (ROI 1) at
the center of the display whereas Group 2 typically started
with either the question (ROI 1) or the passage (ROI 5).
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Group 1 (N = 40)

Group 2 (N = 22)

a. Inferential question
Prior

From 1
From 2
From 3
From 4

ROI 1 ROI 2 ROI 3 ROI 4

Prior

ROI 1 ROI 2 ROI 3 ROI 4

.71

.08

.15

.06

.45

.05

.09

.41

To 1

To 2

To 3

To 4

To 1

To 2

To 3

To 4

.71
.06
.07
.03

.15
.81
.11
.08

.08
.10
.80
.03

.05
.03
.03
.86

.72
.15
.09
.19

.17
.79
.07
.17

.05
.03
.78
.04

.06
.03
.06
.59

From 1
From 2
From 3
From 4

b. First-literal question
Prior

From 1
From 2
From 3
From 4
From 5
From 6

ROI 1 ROI 2 ROI 3 ROI 4 ROI 5 ROI 6

Prior

ROI 1 ROI 2 ROI 3 ROI 4 ROI 5 ROI 6

.61

.08

.11

.09

.06

.05

.45

.17

.02

.06

.30

.01

To 1

To 2

To 3

To 4

To 5

To 6

To 1

To 2

To 3

To 4

To 5

To 6

.67
.06
.03
.02
.03
.03

.12
.77
.05
.06
.04
.05

.08
.06
.84
.16
.03
.06

.03
.02
.05
.71
.01
.01

.05
.02
.01
.03
.86
.04

.06
.06
.02
.01
.02
.80

.70
.02
.02
.10
.04
.04

.12
.44
.34
.05
.04
.06

.01
.48
.58
.01
.01
.02

.12
.04
.04
.81
.05
.06

.03
.02
.02
.03
.84
.16

.02
.01
.01
.00
.03
.67

From 1
From 2
From 3
From 4
From 5
From 6

c. Question without significant group difference
Prior

From 1
From 2
From 3
From 4

ROI 1 ROI 2 ROI 3 ROI 4

Prior

ROI 1 ROI 2 ROI 3 ROI 4

.43

.14

.09

.33

.41

.05

.41

.13

To 1

To 2

To 3

To 4

To 1

To 2

To 3

To 4

.55
.03
.02
.04

.22
.75
.05
.08

.13
.14
.89
.11

.11
.08
.04
.76

.71
.07
.08
.08

.13
.80
.17
.19

.12
.12
.74
.16

.04
.01
.02
.58

From 1
From 2
From 3
From 4

Note. Words of the C-TIM(A) reading comprehension test were blurred to protect test content.
Figure 1: Example representative HMMs of Group 1 and Group 2. Ellipses show ROIs with dots indicating raw fixation
data. Priors indicate the probability of the first fixation of a trial landing in different ROIs. Transition matrix indicates the
probabilities of gaze transitions among the ROIs.

Figure 2: Symmetric KL Divergence (SKLD) separated by question type. Bars in grey indicated SKLD significantly
different from zero (p < .05). PiQj referred to the question number where i indicated the passage number and j indicated the
question number of the corresponding passage. “Inferential” referred to inferential questions, “First-literal” referred to first
questions of the passages that were also literal questions, “Subsequent literal” referred to literal questions that were not a first
question, “Summarize” referred to summarizing questions.
The above results suggested that participants in Group 2
showed more flexible, less consistent eye movement patterns
in the trial beginning. To examine this possibility, following

previous studies (e.g., Hsiao et al., 2021a), we examined the
consistency of the first three fixations as measured in the
marginal entropy of the first fixation (marginal entropy, first
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fixation), conditional entropy of the second fixation given the
first fixation (conditional entropy, second fixation) and the
conditional entropy of the third fixation given the second
fixation (conditional entropy, third fixation). A larger entropy
indicated a less consistent fixation across stimuli. Consistent
with our speculation, participants in Group 2 had a
significantly higher marginal entropy, first fixation, t(60) = 2.28, p = .03, higher conditional entropy, second fixation,
t(60) = -2.1, p = .04, and higher conditional entropy, third
fixation, t(60) = -2.09, p = .04, than Group 1. Thus,
participants in Group 2 might have planned a first fixation
that deviated from the central tendency, and their first few
fixations were more flexible and hence less predictable than
Group 1. Accordingly, Group 1 and Group 2 were considered
as less strategic and more strategic respectively.
For stimuli without a significant group difference (Figure
2), 6 out of 8 questions contained either: (1) a position cue
that indicated the relevant part of the passage (e.g., “at last”,
“from the second paragraph…”) or (2) a match in wording in
the passage. As shown in Figure 1.c, the two participant
groups had a similar probability to start from the relevant area
(ROI 4 in Group 1 and ROI 1 in Group 2). This result
suggested that questions with a position cue or match in
wording might induce more similar eye-movement patterns
across individuals.

Performance in reading comprehension and
reading-related cognitive-linguistic skills
Independent sample t-test revealed that participants in the
two eye movement pattern groups were not significantly
differed in age, t(59.99) = -.02, p = .99, non-verbal IQ, t(60)
= -1.56, p = .12, or working memory t(33.68) = -1.21, p = .23.
It suggested that the two distinct eye movement pattern
groups discovered by EMHMM with co-clustering were
unlikely to be confounded by the general cognitive abilities.
However, participants with more strategic eye movement
patterns (Group 2) had a significantly higher percentile in CTIM(A) (M = 69.68, SD = 16.56) than those who were less
strategic (Group 1) (M = 38.15, SD = 24.39), t(57.18) = -6.03,
p < .001. For reading-related skills, the more strategic group
(Group 2) scored significantly higher than the less strategic
group (Group 1) in all reading-related measures: word
reading, t(60) = -4.51, p < .001, word reading fluency, t(57.5)
= -2.95, p = .01, expressive vocabulary, t(60) = -3.93, p < .001,
morphosyntax, t(60) = -3.66, p < .001, discourse skills, t(54.1)
= -2.37, p = .02, inference making t(60) = -2.95, p = .01, and
comprehension monitoring, t(60) = -3.24, p = .002.

Could eye-movement pattern explain variance in
reading comprehension performance?
Hierarchical regression with step 1 controlling for age, nonverbal IQ, working memory, C-Tim(A) completion time and
all reading-related cognitive-linguistic skills (Model 1) and
Group 1-2 scale added in step 2 (Model 2) was performed to
examine whether eye-movement pattern as measured in
Group 1-2 scale could explain additional variance on reading
comprehension performance. Model 1 was significant, F(11,

50) = 5.41, p < .001. When Group 1-2 scale was added as an
additional predictor, it could significantly predict C-Tim(A)
performance, above and beyond all general cognitive and
reading-related cognitive-linguistic skills, ΔR2 = .04, F(1,49)
= 4.65, p = .04.
Another hierarchical regression was done to examine
whether the contribution of eye movement pattern on reading
comprehension performance could be generalized to another
reading comprehension task. Group 1-2 scale could, again,
significantly explain unique variance on reading
comprehension performance with open-ended questions,
controlling for age, non-verbal IQ, working memory and
reading-related cognitive-linguistic skills, ΔR2 = .05, F(1,50)
= 4.94, p = .03.

Discussion
Here we aimed to examine what were the common reading
test strategies used by children through analyzing their eyemovement data when taking a norm-referenced reading
comprehension test using a machine-learning-based, datadriven approach, EMHMM with co-clustering (Hsiao et al.,
2021b). We also examined how reading test strategies were
associated with reading-related cognitive-linguistic skills and
reading comprehension performance.
By analyzing children’s eye movement data during the
completion of a reading comprehension test (i.e., C-TIM(A)),
two representative eye-movement pattern groups were
discovered. The two groups were found to differ in the prior
probabilities of ROIs, the location of the first ROI, the
transition probability from the text to the question and answer,
and the predictability of the first few fixations that might
reveal differences in format-based reading test strategy. More
specifically, children in one group showed a high probability
to locate their first fixation around the center of the display in
the beginning of each trial whilst those in the other group
tended to flexibly direct their attention to different parts of
the text. The former, less strategic group of comprehenders
were also found to show a lower eye movement transition
probability from the text to the question-and-answer part than
the latter, more strategic group of comprehenders. They were
more likely than more strategic comprehenders to remain
their focus within the text. Indeed, central fixation bias – the
initial eye movement tendency towards the center of the
display – was often reported in eye movement experiments,
which was naturally optimal for visual exploration or early
processing of information without prior knowledge of image
features during passive viewing (Land & Tatler, 2009; Tatler,
2007). The deviation of the initial eye movement from this
central fixation bias observed in the more strategic group may
suggest that these more strategic young comprehenders
tended to plan their initial eye movements to better allocate
their attention on either the text or the question, which
differed from the default central fixation location. According
to Kendeou, van den Broek, Helder, and Karlsson (2014), the
ability to allocate attentional resources to process information
central to the task demand efficiently is crucial to reading
comprehension. As the purpose of the test was to complete
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comprehension questions according to the text, a formatbased strategy of selectively attend to the text beginning and
the question could efficiently provide individuals information
about the text and the goal for reading the text respectively,
which may consequently facilitate the comprehension (Rupp
et al., 2006). The higher eye-movement transition probability
from the text to the question displayed by more strategic
comprehenders also suggested a more goal-directed or
question-directed reading during the task.
In addition, more strategic comprehenders’ first few
fixations in a trial were significantly less predictable (higher
entropy) than less strategic comprehenders. This result
suggests that more strategic comprehenders might be more
flexible in allocating their initial attention according to the
currently displayed text and question than less strategic
comprehenders. Also, their subsequent eye movement after
the first fixation might be conditioned on the content
presented, making them less predictable. This finding partly
supported Rupp et al. (2006)’s observations that some
comprehenders changed their reading test strategy according
to the perceived difficulty of the text and question.
Our results also showed that significant individual
differences in eye movement pattern were mostly induced by
inferential questions. By comparing the representative
HMMs of the inferential questions, we found that more
strategic comprehenders explored more contextual
information in addition to the region indicated by the question,
as reflected by a relatively larger ROI covering the key region
in the text, whilst less strategic comprehenders focused
mainly on the area indicated by the question. This result
demonstrated variations in content-based reading test
strategy between the two groups and suggested that more
strategic comprehenders considered more contextual
information to form a mental representation of the text in
order to make correct inferences (Cerdán et al., 2011; Hannon
& Daneman, 2004). We also found that questions containing
either a position cue that indicated the relevant part of the text
or an exact match in wording to the text induced smaller eyemovement pattern between the less and more strategic groups.
It was possible that these position and wording cues assisted
less strategic comprehenders to locate their attention on
relevant text regions more efficiently. This was consistent
with previous findings that less strategic comprehenders were
likely to rely more on superficial word cues (Cerdán et al.,
2011; Hannon & Daneman, 2004).
With the discovery of the less and more strategic groups of
comprehenders, it was found that the two groups did not
significantly differ in their general cognitive abilities.
However, they demonstrated significant differences in
reading comprehension performance, as well as readingrelated cognitive-linguistic skills. Children who were more
strategic performed significantly better than those who were
less strategic in C-TIM(A). Additionally, children who
showed more strategic eye movement patterns also
significantly outperformed those who were less strategic in
all of the reading-related cognitive-linguistic skills measured.
The results were not only in line with previous research

suggesting that reading test strategies were associated with
comprehension performance (e.g. Tremblay et al., 2021) but
further showed that eye movements during reading tests
could revealed differences in the underlying reading-related
cognitive-linguistic skills of young children.
By quantifying each participant’s eye movement behavior
along the dimension contrasting the two eye movement
pattern groups using Group 1-2 scale, it was found that
reading test strategy could still account for unique variance
on C-TIM(A) reading comprehension subtest performance
after controlling for general cognitive skills and readingrelated cognitive-linguistic skills. Interestingly, the reading
test strategy measured during the completion of C-TIM(A)
could further predict performance in another reading
comprehension test using open-ended questions above and
beyond general cognitive skills and reading-related
cognitive-linguistic skills. These findings suggested that
reading test strategy was an important factor contributing to
reading comprehension performance in addition to readingrelated cognitive-linguistic skills. In addition, the individual
difference in reading test strategy discovered using the
machine learning method based on the eye-movement data
might not be task-specific; rather, it might represent a general
individual difference in reading test strategy that could
explain reading comprehension performance beyond
reading-related cognitive-linguistic skills.
Limitations of the study included: First, the observed
relationship between reading test strategy and comprehension
performance was correlational rather than causal. It remained
unclear whether the more strategic reading patterns facilitate
reading comprehension or good comprehenders tend to be
more strategic. Future research could further explore the
causal relationship. Second, although a norm-referenced task
could better capture children’s performance respective to the
local norm, it was inevitable that there was an unequal
number of questions of different types without changing the
content of the test. Future research may consider including an
equal number of questions of different types to better
compare the strategy difference between literal and
inferential questions.
In conclusion, using a data-driven machine-learning based
approach, EMHMM with co-clustering, we discovered two
groups of reading test strategies based on children’s eyemovement data. Children who adopted the strategy group
with better planned and more flexible initial fixations
performed better in comprehension and reading-related
cognitive-linguistic skills. Furthermore, EMHMM with coclustering allowed us to quantify each participant’s reading
test strategy along the dimension contrasting the two strategy
groups, and this reading test strategy measure could explain
reading comprehension performance beyond general
cognitive abilities and reading-related cognitive-linguistic
skills. Our findings demonstrated the importance of reading
test strategy in reading comprehension and could inform
possible directions for educators to teach reading test
strategies that might facilitate reading comprehension
performance.
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Abstract

preserve cucumber

A critical part of language comprehension is inferring omitted
but plausible information from linguistic descriptions of events.
For instance, the verb phrase ‘preserve vegetable’ implies the
instrument vinegar whereas ‘preserve fruit’ implies dehydrator. We studied the ability of distributional semantic models
to perform this kind of semantic inference after being trained
on an artificial corpus with strictly controlled constraints on
which verb phrases occur with which instruments. Importantly,
the ability to infer omitted but plausible instruments in our task
requires compositional generalization. We found that contemporary neural network models fall short generalizing learned
selectional constraints, and that a graph-based distributional semantic model trained on constituency-parsed data and equipped
with a spreading-activation procedure for calculating semantic relatedness, achieves perfect performance. Our findings
shed light on the mechanisms that give rise to compositional
generalization, and using graphs to model semantic memory.
Keywords: distributional semantics; semantic inference

vinegar

preserve cucumber

vinegar

cucumber
preserve

similar

similar

pepper
preserve pepper
(a)

Introduction
In language, the meaning of the whole is often determined by
some function of its parts. For example, the set of plausible
continuations of a ‘John preserves the pepper with ’ is constrained by the selectional preferences (Katz & Fodor, 1963)
of the verb (e.g. preserve), and the theme (e.g. pepper in the
sentence). While behavioral evidence for sensitivity to multiple constraints during language processing abound (Rayner,
Warren, Juhasz, & Liversedge, 2004), there is a long-standing
debate concerning how such constraints are represented and
integrated during learning and generalization (McRae, Hare,
Elman, & Ferretti, 2005). In the connectionist approach, semantic constraints on processing are typically considered to
emerge from open-ended interactions among linguistic units
without limits on the level at which such units are represented
(e.g. word, phrase, sentence). In contrast, the compositional
approach emphasizes principled decomposition of such constraints (e.g. independent constraints due to the verb, and due
to the theme). The primary difference (see Figure 1) is that
the connectionist approach permits relations among complex
expressions (e.g. ‘preserve pepper’ ↔ ‘preserve cucumber’),
whereas, in the compositional approach, such relations are
decomposed into smaller relations (e.g. cucumber ↔ pepper),
and encoded separately.
This difference has potential consequences for how models
generalize to novel stimuli. When a model has learned that
pepper is semantically similar to cucumber or another theme

preserve pepper
(b)

Figure 1: The connectionist (a) and compositional (b) perspective on semantic inference. The task is inferring the plausible
but omitted instrument vinegar given the verb phrase ‘preserve
pepper’ which was never observed with vinegar. Solid and
dashed lines indicate familiar, and inferred relations, respectively. Similarity relations are labeled ’similar’. The compositional approach emphasizes relations between constituents
(e.g. themes, shown in blue) while the connectionist approach
also considers relations between larger chunks of language.
previously associated with vinegar, the model may perform
so-called compositional generalization, to infer that vinegar
is a plausible continuation of ‘preserve pepper’ despite never
having observed the two during training. If, instead, a model
has only learned the similarity between the verb phrases ‘preserve pepper’ and ‘preserve cucumber’, the model must rely
on phrasal similarity instead of compositional generalization
to make the same inference. While both the connectionist and
compositional approaches may be, in principle, able to account
for compositional generalization, connectionist models often
do not converge on the needed lexical similarity structure that
would allow them to perform this kind of generalization. To
better understand why some models succeed and others fail,
we compared models in both traditions in a task that explicitly
requires compositional generalization. By comparing a novel
graph-based distributional semantic model to existing connectionist models, our work sheds light on what data structures
and processes are better suited for generalizing knowledge of
individual words to novel word combinations.
While connectionist language models have proven successful at predicting upcoming words in prediction tasks, they
often fall short when generalizing under conditions too dissimilar from those during training (Lake & Baroni, 2018; Kim &
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network formation
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(c) Word-chains
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berry
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(d) LON

Figure 2: Formation of the network structure in the Constituent Tree Network (CTN) and the Linear Order Network (LON)
given the mini corpus ‘preserve pepper’, ’preserve cucumber with vinegar’, ’preserve berry with dehydrator’. (a) The input
to the CTN consists of constituency-parsed trees for sequences in the mini corpus. (b) The network structure of the CTN is
formed by joining the constituent trees at shared nodes. (c) The input to the LON consists of word-chains, formed by connecting
adjacent words in the mini corpus (d). The network structure of the LON is formed by joining word-chains at shared nodes.
Linzen, 2020; but see Russin, Jo, O’Reilly, & Bengio, 2020).
One explanation is that such models often memorize larger
chunks of language without learning how they relate to similar
chunks (Arnon & Snider, 2010; Elman, 2014). For instance,
it is possible that when a neural network has encoded the
sequential dependency between ‘preserve cucumber’ and vinegar, it does so in a way that does not readily extend the same
knowledge to similar phrases such as ‘preserve pepper’. The
success of inferring that vinegar is a plausible continuation for
‘preserve pepper’ likely depends on whether or not a model
has learned similar representations for these two phrases. The
likelihood of this, in turn, rests on the statistical properties of
the training data, which is not always suitable for the induction
of compositional representations.
In contrast, compositional approaches typically eschew relationships among unanalyzed wholes in favor of relations
among smaller components. Consider again the sentence
‘John preserves the pepper with ’. To infer the omitted instrument, compositional approaches prescribe a principled
computational procedure whereby selectional preferences due
to (i) the verb and (ii) theme are applied in a step-wise fashion.
For instance, to correctly infer the target instrument vinegar,
despite never having observed that instrument in that context,
a compositional system would first use the verb preserve —
independently of the theme — to access verb phrases which
were previously associated with an instrument (e.g. ‘preserve
cucumber’ occurred with vinegar; ‘preserve berry’ occurred
with dehydrator). The second step involves the theme. To
correctly choose the instrument, the system would exploit the

semantic similarity between the given theme and the two candidate themes. Because the similarity between pepper and
cucumber is greater than that between pepper and berry, the
system could infer that vinegar is a more plausible instrument
for ‘preserve pepper’. In such a system, the selectional preferences of the parts (the verb, and theme) separately contribute
to the selectional preference of the whole. This idea follows
from the principle of compositionality (Fodor & Lepore, 2002;
Carnap, 1947), and has previously been investigated for modeling meaning combination (Mitchell & Lapata, 2010).
Models that approach semantic inference from the perspective of compositionality have varied in how their representations are formed. Traditionally, such models have included
hand-crafted rules (Fodor & Lepore, 2002). More recent
models derive their knowledge from corpus data via domaingeneral learning algorithms (Mitchell & Lapata, 2010), similar
to the connectionism approach. To control for variation along
this dimension, we compared the compositional and connectionist approach within the same framework — distributional
semantic modeling — in which models encode the meaning
of linguistic units in terms of their relation to other units in
linguistic data. Specifically, we examined two popular connectionist distributional semantic models, the simple recurrent
neural network and the Transformer. We contrasted them with
a novel graphical distributional model, which we refer to as the
Constituent Tree Network. The graphical model is both compositional and distributional as it explicitly encodes constituent
structure of distributional linguistic data in a network (Figure
2b). While connectionist systems are in principle capable of
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Table 1: Two of 16 theme categories and their members. Experimental themes are in bold-face.
Theme Category

T

T

(a)

(b)

VEGETABLE
FRUIT

Figure 3: Spreading-activation based measure of semantic
relatedness between nodes in a hypothetical network. S and
T indicate source and target nodes, respectively. (a) Because
activation diffuses along all edges (dashed lines), longer paths
lead to less activation arriving at T. (b) Multiple paths from
S to T may exist; only first and second shortest paths (thick
lines) are considered when calculating relatedness.
solving challenging semantic inference tasks, we hypothesized
that the Constituent Tree Network may surpass connectionist
models on some tasks requiring out-of-distribution generalization.

The Constituent Tree Network
We propose a novel distributional semantic model, which we
call the Constituent Tree Network (CTN). The Constituent
Tree Network is a semantic network that encodes distributional language data in a graphical format we hypothesized is
useful for semantic tasks that require compositional generalization. Given a corpus of constituency-parsed sentences (Figure 2a), where nodes in the parse-trees represent constituents
(e.g. words, phrases and sentences), and edges represent constituency relations, the network is constructed by joining the
constituent parse-trees at shared nodes (Figure 2b). As a result,
constituent structure is explicitly encoded in the network topology; constituents that belong to the same phrase are connected
via higher-order phrasal nodes. These phrasal nodes are helpful for encoding the selectional preference of a whole phrase.
For instance, the verb phrase preserve cucumber is closer to
vinegar than to dehydrator by 2 steps in the network. However, without the phrasal node preserve cucumber, graphical
distance cannot be used to discriminate vinegar among other
instruments which are less related, but nonetheless associated
with the verb or theme (Figure 2d). By joining parse-trees
into a single network, the Constituent Tree Network is able to
leverage phrasal nodes to infer the relation between structures
that did not occur in the corpus. For instance, preserve pepper,
which did not co-occur with any instrument in the corpus,
becomes indirectly connected to instruments that did occur.
While graphical distance is typically adopted as a proxy for
the relatedness between linguistic units in networks, we implemented a spreading-activation algorithm (De Deyne, Navarro,
Perfors, & Storms, 2016) to compute semantic relatedness.
Relatedness between a source node (S) and a target node
(T) is defined as the activation that reaches T and originates
at S. By so doing, relatedness in the network is graded and
sensitive to (i) the length of the path connecting node S and

Members
potato
apple

cucumber
berry

pepper
orange

T, (ii) the number of paths between S and T (see Figure 3).
Activation-spreading based measures on semantic networks
have been shown to be a better fit to empirical data, and are
better grounded in cognitive theory (De Deyne et al., 2016).

Methods and Materials
All models were trained on an artificial corpus, in which occurrences of instruments were precisely controlled. This enabled us to draw strong conclusions about model differences,
which would not have been possible if using a naturalistic
corpus. Each sentence in the artificial corpus is of the form
agent-verb-theme-instrument, where agent and theme refer to
the semantic roles of the subject, and direct-object, respectively. For each trained model, all pairwise semantic relatedness scores between verb-theme (VP) pairs and instruments
were computed, as a proxy for the selectional preferences
of VPs on instruments. Evaluation is based on how well a
model’s rank-ordering of relatedness scores matches the expected rank-ordering implicit in the training data. Relatedness
measures for graphical and connectionist models are obtained
using activation-spreading, and next-word prediction error,
respectively.

Corpus
The artificial corpus is based on a set of 48 verbs and sets
of nouns that define possible arguments for each verb. Each
verb is associated with three nouns in the agent position, three
nouns in the theme position, and zero, one, or two nouns
in instrument position (depending on verb-type, defined below). The set of agent nouns is not verb-specific, and includes
John, Mary, and Fatima. In contrast, nouns that can occur in
the theme and instrument positions are verb-specific. In total,
there are three possible nouns in the agent position, 48 nouns in
the theme position, and 24 nouns in the instrument position. In
total, the vocabulary consists of 123 word types, not counting
the preposition with (which optionally preceded instruments)
and the period symbol, which marks sentence boundaries. We
varied whether with is inserted prior to each instrument, and
only report results that provide better performance. Words
are bound to specific positions; for instance, words that occur in the agent position never occur in the theme position
and vice versa. Sentences used for training were derived by
iteratively sampling from all possible (576) agent-verb-themeinstrument combinations over 400 blocks. In each block, one
of 48 verbs was selected without replacement, and arguments
were filled by choosing among legal candidates randomly. For
the purpose of statistical comparison, multiple instances of
each model were trained, each on a unique corpus generated
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with a different random seed. This introduced variation in
learning outcomes for the graphical models, which would
otherwise produce the same results given identical input.
Themes Each theme (e.g. cucumber, berry) belongs to one
of 16 semantic categories, such as FRUIT and VEGETABLE.
Each category consists of 3 themes, and defines the verbs
with which a theme could co-occur. For each theme category,
two category members were designated as ‘control’ themes,
and one member was designated as the ‘experimental’ theme
(Table 1). The difference is that an experimental theme never
occurs with an instrument, while control themes always occur
with an instrument in the training corpus. Thus, while the
sentence ‘Mary preserve cucumber with vinegar’ was seen
during training, the sentence ‘Mary preserve pepper with vinegar’ was not; instead the corpus was limited to sentences like
‘Mary preserve pepper’ where the instrument had been omitted.
In this way, the selectional preferences of the VP on instruments are expressed in the pairing between control VPs and
instruments. The critical test was whether models generalized
their knowledge of these preferences to the experimental VPs
that had not been seen with these instruments.
Verbs There are four verb types in the corpus. Type-0 verbs
only occur with themes that belong to the same theme category; their purpose is to provide distributional evidence for
similarity among themes that belong to the same category.
Similarly, type-1 verbs can occur with two related theme categories (e.g. FRUIT and VEGETABLE), and their purpose is
to induce a distributional semantic hierarchy for theme nouns.
Neither type-0 not type-1 verbs occur with instruments, as
these verbs were created for the sole purpose of forming the
semantic structure in our corpus. Type-2 and type-3 verbs occur with instruments and are therefore used during evaluation
of selectional preferences on instruments. The difference is
that type-2 verbs can only occur with one instrument, whereas
type-3 verbs can occur with two. The instrument that can
occur with type-3 verbs is contingent on the choice of theme;
for instance, while ‘preserve cucumber’ can only occur with
‘vinegar’, ‘preserve berry’ can only occur with dehydrator.
Example sentences for each verb-type are shown in Table 2.

Model Training and Evaluation
Four classes of models were investigated. We included two
connectionist language models, the simple RNN (Elman,
1991) and the Transformer (Vaswani et al., 2017), and two
novel graph-based models, the Constituent Tree Network
(CTN), and a reduced variant of the CTN, the Linear Order
Network (LON). We trained 10 instances of each model, varying the random seed used to generate the corpus each time.
After training completed, for each model, we computed all
pairwise semantic relatedness scores between type-2 VPs and
instruments, and type-3 VPs and instruments. All subsequent
analyses are based on these scores.
RNN and Transformer We examined two connectionist
language models, the simple RNN (Elman, 1991) and the

more recent Transformer (Vaswani et al., 2017). For the latter,
we adopted a miniature version of the GPT-2 Transformer
architecture (Radford et al., 2019). We identified one highestperforming hyper-parameter configuration for each model after extensive tuning on the selectional preference task. We
found that 64 hidden units, and 32 hidden units performed best
for the RNN and Transformer, respectively. Hyper-parameter
search was restricted to 1-layer architectures. In particular, the
Transformer required a significant amount of hyper-parameter
tuning to reduce variance over different seeds. After best
hyper-parameters were identified, we re-trained all models on
corpora generated using different random seeds compared to
the one used for tuning. While we observed strong performance of the Transformer during tuning (near 100% accuracy
in all conditions), we observed a considerable drop in performance in the generalization condition of Experiment 2 (see
Results and Analysis) after re-training on 10 novel random
seeds. In keeping with the format of the training task, we operationalized selectional preferences of the VP on instruments in
terms of prediction error: Given as input ‘John preserve pepper with ’, we computed the prediction error at the last time
step, substituting ‘ ’ with an instrument. This is in accordance
with previous proposals where constraints on predictive processing are considered to reflect knowledge of typical events
(McRae et al., 2005).
CTN and LON Knowledge in the graphical models is encoded in a network consisting of nodes connected by edges.
Nodes correspond to lexical or phrasal units in the training
corpus, and edges correspond to co-occurrence (LON) or constituency (CTN) relations between units. Training in both
models involves converting sentences into graphical form and
joining the resulting sub-graphs at shared nodes (Figure 2ad). The LON is a degenerate version of the CTN in which
word chains (words adjacent in the training data) instead of
constituency-parse trees are joined during training (Figure 2cd). In contrast to CTN that encodes phrasal (i.e. higher-order)
dependencies explicitly, the absence of phrasal nodes in LON
makes it difficult to represent the dependency between a VP
and associated instruments (see Figure 2b and 2d for a comparison). Thus, the LON was included to diagnose the effect
of ablating constituent structure.
In contrast to vector-based models, where relatedness corresponds to distance in vector-space, relatedness in the CTN and
LON is based on a spreading-activation algorithm that closely
resembles the procedure described by Mao and Willits (2020).
In this work, we extend their measure of lexical relatedness —
defined for two words — to relatedness between a phrase and
a word, and refer to this extension as ‘phrasal relatedness’. To
compute phrasal relatedness between a VP and an instrument,
the lexical relatedness scores of verb-instrument pairs and
theme-instrument pairs were computed separately, and then
combined via multiplication. In this way, both constituents of
the VP contribute independently to the composite relatedness
— in accordance with compositional generalization.
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Table 2: Example sentences from the artificial corpus, for 2 theme categories only. Each category is associated with 4 verb types.
Type-2 and 3 verbs always occur with instruments except when theme is experimental (indicated by bold-face).
Theme Category
VEGETABLE

FRUIT

type-0
type-1
type-2
J dice cucumber J ferment cucumber J grow cucumber with fertilizer
J dice potato
J ferment potato
J grow potato
with fertilizer
J dice pepper
J ferment pepper
J grow pepper
J dice berry
J dice apple
J dice orange

J pick berry
J pick apple
J pick orange

J spray berry
J spray apple
J spray orange

Experiments
We conducted two experiments to investigate the ability of
models to learn the structural relationship between VPs and instruments. In Experiment 1, we evaluated the ability of models
to predict the structurally-licensed instrument when the verb
alone provides sufficient information. In Experiment 2, the
verb alone is not sufficient, and to succeed, a model must use
the combined VP — the verb and the theme — to correctly predict the structurally-licensed instrument. In each experiment,
we separate performance by control and experimental themes;
high performance in the former condition indicates successful
encoding of the training data, while high performance in the
latter condition indicates successful generalization to out-ofdistribution data (unobserved VP-instrument pairs).
Experiment 1: Verb-based Learning and Generalization
In Experiment 1, we investigated the ability of models to learn
and infer the selectional preferences of VPs with type-2 verbs.
Given that type-2 verbs can only occur with one instrument,
their selectional preferences on instruments is reducible to a
simple lexical dependency — the theme provides no additional
information to succeed in this task. In the control condition,
we assessed learning by evaluating the ability of models to
assign greater relatedness scores to observed VP-instrument
pairs compared to unobserved pairs. In the experimental condition, we assessed generalization by evaluating only themes that
never occur with instruments in the training data. In both conditions, accuracy indicates how often the structurally-licensed
instrument is ranked higher than all other instruments.
Experiment 2: VP-based Learning and Generalization In
Experiment 2, we investigated the ability of models to learn
and infer the correct selectional preferences of VPs with type3 verbs. This task is more difficult because each type-3 verb
can occur with two instruments in the corpus. This means the
correct instrument is a function of both the verb and the theme.
For instance, both vinegar and dehydrator are plausible (i.e
structurally licensed) instruments for the verb preserve, but
themes in the VEGETABLE category exclusively license the
former and themes in the FRUIT category exclusively license
the latter. On the flipside, the theme alone is not sufficient
either, given that themes occur with more than one instrument
in the training data. In the control condition, performance reflects learning; accuracy is calculated based on the proportion
of times a model assigns the highest semantic relatedness to

type-3
J preserve cucumber with vinegar
J preserve potato
with vinegar
J preserve pepper

with insecticide J preserve berry
with insecticide J preserve apple
J preserve orange

with dehydrator
with dehydrator

VP-instrument pairs that were observed in the training data
(given all possible VP-instrument pairs made of type-3 verbs
and control themes). To perform well in the control condition,
a model need only learn the dependency between VPs and
instruments directly accessible in the training data.
In the experimental condition, performance reflects generalization; not only must a model encode the dependency between
VPs and instruments, but do so in a manner that preserves the
similarity between same-category themes (e.g. cucumber and
pepper). Specifically, for each unobserved VP-instrument pair,
a model must infer a target rank-ordering of instruments that
aligns with the structure of the artificial corpus. For instance,
given ‘preserve pepper’, the correct rank-ordering is vinegar
> dehydrator > all other instruments, because vinegar cooccurs with VEGETABLE themes, and dehydrator co-occurs
with semantically related FRUIT themes. High accuracy in
this condition requires compositional generalization because a
model must substitute the experimental theme pepper — never
paired with instruments in the corpus — with a control theme
from the same theme category without compromising the categorical verb-theme relation. The structure of the corpus was
created so that lexical semantic models fail the generalization portion of Experiment 2. We confirmed this by training
Word2Vec (Mikolov, Chen, Corrado, & Dean, 2013) on our
data, and computing phrasal relatedness using element-wise
multiplication as in Mitchell and Lapata (2010)1 .

Results and Analysis
All results are summarized in Table 3. We observed that the
CTN reached ceiling performance in all four conditions. As
expected, constituent structure is essential for compositional
generalization, as evidenced by the lower accuracy of the LON
in both conditions of Experiment 2. The Transformer scored
second-best, but performed considerably worse in the experimental portion of Experiment 2. The RNN, excelled in the
control conditions, but fell short in the experimental conditions which requires generalization. These findings shed light
on the capabilities of different classes of DSMs, and in particular, which factors are useful for compositional generalization.
1 The corpus does not contain any first-order cue (i.e. dependency
between two words) useful for generalization in Experiment 2. Successful generalization requires breaking the symmetry between the
two candidate instruments (e.g. vinegar and dehydrator), but neither
the verb or the theme alone is sufficient to do so. For instance, the
type-3 verb preserve is equally compatible with both instruments,
and the experimental theme pepper is never observed with either.
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Interestingly, while we observed strong performance of the
Transformer during tuning (near 100% accuracy in all conditions), we observed a considerable drop in performance in the
generalization condition of Experiment 2 after re-training on
10 novel random seeds. This suggests that more sophisticated
hyper-tuning strategies are needed to make the Transformer
more robust against such performance discrepancy. Note that
the CTN, in contrast, requires no tuning.
Table 3: Accuracy of inferring the structurally-licensed rankordering of instruments in the control (ctl) and experimental
(exp) condition. Accuracies are averages across 10 seeds.
Experiment 1

CTN
Transformer
RNN
LON

Ctl

Exp

1.00
1.00
1.00
0.50

1.00
1.00
0.40
0.51

that same-category themes are semantically related is marked
only by the set of words that occur before each theme in the
order in which words are presented to the model. Because the
Transformer uses self-attention — the ability to consider word
pairs without interference due to intervening items — instead
of recurrence, it can leverage markers of semantic similarity
that occur both after and before a target word.
In contrast, the CTN is guaranteed access to the similarity
between pepper and cucumber via the indirect paths that link
the two nodes via VEGETABLE-specific verbs. Consequently,
the CTN is able to exploit the relatedness between the parts
(pepper ↔ cucumber) to infer the relatedness between the
wholes (‘preserve pepper’ ↔ ‘preserve cucumber’).

Experiment 2
Ctl

Exp

1.00
1.00
1.00
0.50

1.00
0.43
0.06
0.00

Discussion

Limited Generalization in Neural Language Models
Limited compositional generalization has long been a major
weak point for neural networks (Symons & Calvo, 2014; Lake
& Baroni, 2018), and this work proved no exception. Both
the RNN and Transformer learned the selectional preferences
governing observed VP-instrument pairs, but failed to generalize to novel pairs. To succeed in the generalization task in
Experiment 2 (i.e. where the instrument vinegar should be
ranked higher than dehydrator and fertilizer), a model must
utilize the distributional similarity between cucumber and pepper to transfer selectional preferences of preserve cucumber to
preserve pepper. However, because the RNN and Transformer
need not encode the similarity between cucumber and pepper
to succeed in the language modeling task used during training,
generalization based on the similarity between same-category
themes is not guaranteed after training.
Interestingly, the RNN performed much worse than the
Transformer in the generalization portion of both experiments.
Preliminary follow-up analyses of internal states showed that,
whereas the Transformer was able to consistently group experimental themes with control themes of the same category, the
RNN was not able to do so. We think this difference is due
to the forward-looking bias of the RNN2 which limits the information the network can use to discover semantic similarity
to words that occur after — but not before — a target word.
Importantly, in our corpora, the information needed to infer
2 This follows from the fact that next-word prediction is inherently
forward-looking: Next-word predictions forms similar representations of words that predict similar upcoming words. For example,
when trained on our corpus, the RNN learns to cluster control themes
because they share outcomes (i.e. predict the same set of instruments),
but not experimental themes. In contrast, words that share predictors
(i.e. all themes occur after the same set of verbs) do not form similar
representations. The forward-looking bias first noted by Cleeremans
and McClelland (1991) and briefly discussed by Davis and Altmann
(2021).

This work examined the ability of distributional semantic models (DSMs) to perform compositional generalization, the transfer of knowledge about semantic properties of simple expressions to situations not encountered in previous experience with
language. We observed that two popular connectionist models
achieve lower performance relative to the Constituent Tree
Network (CTN), a novel graph-based DSM, and conclude that
compositional generalization does not readily emerge in these
connectionist models.
There are many potential reasons why the connectionist
models did not succeed in the most difficult generalization
portion of our task. First, more sophisticated architectures
may be needed to more strongly promote the emergence of
similarity relations between themes (e.g., see Russin et al.,
2020; Gordon, Lopez-Paz, Baroni, & Bouchacourt, 2020).
Second, it is possible that training on more naturalistic data
would better promote generalization compared to our carefully
balanced artificial dataset. Third, a more exhaustive search
through hyper-parameter space and random seeds may further
improve performance. On the other hand, these concerns
do not apply to the CTN, which does not require any hyperparameter tuning. Compositional generalization is built into
the architecture of the CTN even prior to the start of training.
The CTN succeeded in the experimental condition due to
its representational substrate: its edges represent constituency
relations, which explicitly constrain the spreading of activation
in accordance with constituent structure. More generally, the
CTN cleanly separates structure and function. The formation
of the network structure — joining parse-trees — is completely
independent of the spreading-activation algorithm used to
compute relatedness. This sharp distinction between training
and inference is absent in many contemporary neural networks,
where the task used during training (e.g. next-word prediction)
constrains the kinds of tasks that can be used during inference.
To strengthen our conclusions, future work is needed that
(i) includes a larger range of DSMs, (ii) provides a more
rigorous examination of the spreading-activation algorithm
under more diverse conditions, and (iii) compares the CTN to
recent proposals that promise compositional generalization in
vector-based and connectionist models.

1998

References
Arnon, I., & Snider, N. (2010). More than words: Frequency
effects for multi-word phrases. Journal of memory and
language, 62(1), 67–82.
Carnap, R. (1947). Meaning and necessity: A study in semantics and modal logic. University of Chicago Press.
Cleeremans, A., & McClelland, J. L. (1991). Learning the
structure of event sequences. Journal of Experimental Psychology: General, 120(3), 235.
Davis, F., & Altmann, G. T. (2021). Finding event structure
in time: What recurrent neural networks can tell us about
event structure in mind. Cognition, 213, 104651.
De Deyne, S., Navarro, D. J., Perfors, A., & Storms, G. (2016).
Structure at every scale: A semantic network account of
the similarities between unrelated concepts. Journal of
Experimental Psychology: General, 145(9), 1228.
Elman, J. L. (1991). Distributed representations, recurrent
nets, and grammatical structure. Mach. Learn., 7, 195–225.
Elman, J. L. (2014). Systematicity in the lexicon: On having
your cake and eating it too. The architecture of cognition:
Rethinking Fodor and Pylyshyn’s systematicity challenge,
115–146.
Fodor, J. A., & Lepore, E. (2002). The compositionality
papers. Oxford University Press.
Gordon, J., Lopez-Paz, D., Baroni, M., & Bouchacourt, D.
(2020). Permutation equivariant models for compositional
generalization in language. In International conference on
learning representations.
Katz, J. J., & Fodor, J. A. (1963). The structure of a semantic
theory. language, 39(2), 170–210.
Kim, N., & Linzen, T. (2020, November). COGS: A compositional generalization challenge based on semantic interpretation. In Proceedings of the 2020 conference on empirical
methods in natural language processing (emnlp) (pp. 9087–
9105). Online: Association for Computational Linguistics.
doi: 10.18653/v1/2020.emnlp-main.731
Lake, B., & Baroni, M. (2018). Generalization without systematicity: On the compositional skills of seq2seq recurrent
networks. In Int. conf. on mach. learn. (pp. 2873–2882).
Mao, S., & Willits, J. (2020). Graphical vs. spatial models of
distributional semantics. PsyArXiv.
McRae, K., Hare, M., Elman, J. L., & Ferretti, T. R. (2005).
A basis for generating expectancies for verbs from nouns.
Memory & Cognition, 33, 1174–1184.
Mikolov, T., Chen, K., Corrado, G., & Dean, J. (2013). Efficient estimation of word representations in vector space. In
1st international conference on learning representations.
Mitchell, J., & Lapata, M. (2010). Composition in distributional models. Cognitive science, 34(8), 1388–1429.
Radford, A., Wu, J., Child, R., Luan, D., Amodei, D.,
Sutskever, I., et al. (2019). Language models are unsupervised multitask learners. OpenAI blog, 1(8), 9.
Rayner, K., Warren, T., Juhasz, B. J., & Liversedge, S. P. (2004,
November). The effect of plausibility on eye movements. J.
Exp. Psychol. Learn. Mem. Cogn., 30(6), 1290–1301.

Russin, J. L., Jo, J., O’Reilly, R. C., & Bengio, Y. (2020).
Systematicity in a recurrent neural network by factorizing
syntax and semantics. In Cogsci.
Symons, J., & Calvo, P. (2014). Systematicity. In The architecture of cognition (p. 3–30). The MIT Press.
Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L.,
Gomez, A. N., . . . Polosukhin, I. (2017). Attention is all
you need. In Advances in neural information processing
systems (pp. 5998–6008).

1999

Eliciting Human Beliefs using Random Generation
Pablo León-Villagrá1
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Abstract
Elicitation methods, such as asking people to produce the
deciles of a distribution, are standard practices in policy or applied statistics. However, these approaches often only capture
a rough outline of what people know. We investigated whether
tasks in which participants generate random sequences of
items can be used to elicit people’s implicit beliefs about the
distribution of these items. Because it remains unclear if, and
at what level of detail, people represent distributions, we applied both decile elicitation and random generation tasks to
uncover the kinds of environmental statistics investigated by
Griffiths and Tenenbaum (2006). We found that random generation is competitive with decile elicitation in predicting participants’ expectations. Both random generation and decile
elicitation revealed that people know the rough shapes of environmental distributions. Random generation, however, goes
beyond decile elicitation in establishing the novel finding that
people are aware of fine details of environmental distributions.
Keywords: belief elicitation; sampling for inference

Introduction
“How long does this cake have to go in the oven?”
“I don’t know... Maybe 45 minutes?”
People routinely make inferences about everyday events
or the magnitude of common quantities and often give reasonable guesses even without explicitly knowing the answer.
Furthermore, when these beliefs are not simply gut instinct,
but the result of acquired expertise, opinions and suggestions
play an essential role in guiding all areas of society, from political consultants to sports pundits or weather forecasters.
What is the basis of this ability? Theoretical accounts
range from proposals suggesting that people only acquire
knowledge of a small set of representative instances (Mozer,
Pashler, & Homaei, 2008), to peoples’ beliefs being based on
rough summaries (Tran, Vul, & Pashler, 2017), or complex
probability distributions (Griffiths & Tenenbaum, 2006).
The extent of theoretical dispute is partly due to the difficulty of directly accessing peoples’ beliefs. While experts
with statistical training might be able to express their beliefs
in statistical or computational formalisms, these ways of sharing knowledge might be biased and coarse. Also, the beliefs
of statistical non-experts might not be readily communicated
or accessible.

Belief Elicitation Methods
Given the importance of accessing peoples’ beliefs and the
challenges faced in eliciting them, fields ranging from ap-

plied statistics to psychology have devised methods to maximize efficiency and standardize the results of belief elicitation methods. Most prominent elicitation methods, such as
SHELF (Gosling, 2018), query experts for statistics of the
distributions. For example, an expert might be asked to give
the limits, mean, quartiles, or a combination of these measures (O’Hagan et al., 2006). These procedures can sometimes also be administered visually, for example, by asking
participants to assign chips proportionally to the frequency of
histogram bins or by displaying the best-fitting distribution
corresponding to an elicited statistic to the participant (Jones
& Johnson, 2014; for a recent review of elicitation methods,
see Mikkola et al., 2021).
While these techniques have been studied extensively in
applied statistics, it is less clear how useful they are when
used with non-experts. In addition, these methods can usually only produce rough, low-dimensional outlines, and the
elicitation can be biased to particular distributions. Furthermore, in setting up prior elicitation tasks, experimenters face
many degrees of freedom, with potentially very different results (Stefan, Evans, & Wagenmakers, 2020), and there is
no satisfactory theoretical framework for assessing how these
degrees of freedom influence the task (Mikkola et al., 2021).
From a psychological perspective, there is strong evidence
that people’s estimates can be biased. Most relevant to belief elicitation, participant judgments can be biased towards
previous values (the anchoring bias, Tversky & Kahneman, 1974). Furthermore, even experts are prone to exhibit
an overconfidence bias, producing overly narrow estimates
(McKenzie, Liersch, & Yaniv, 2008). Finally, it is unclear
if people can accurately learn distributions at all. In experiments by Tran et al. (2017), participants were not able to reproduce the bimodal distribution over previously encountered
objects (but also consider Griffiths & Tenenbaum, 2006; Sanborn & Beierholm, 2016, arguing that people can reproduce
distributional knowledge).

Random Generation as a Belief Elicitation Method?
Here we suggest a novel method to capture people’s beliefs
— asking participants to produce a sequence of random instances of the domain. This approach is deceptively simple:
instead of carefully constructing choice situations to debias
participants, our method asks people to quickly come up with
random instances. This simplicity makes random generation
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an attractive experimental method. Furthermore, people can
produce many random values in a short amount of time, allowing the uncovering of distributional properties of people’s
beliefs. Finally, since no numerical information is given to
participants, the task may be less susceptible to anchoring and
other biases.
People’s systematic deviations from randomness when explicitly instructed to produce random sequences have been
studied since pioneering work by Baddeley (1966). While
the focus of this line of research has been on characterizing
deviations from pure randomness, mostly studying random
sequences of integers or letters (for a review, see Nickerson, 2002), some early results suggested that the random sequences people produce reflect features of the domain. For
example, when studying how people produce random sequences for a small set of alternatives, people tend to produce uniform distributions (Teraoka, 1963), but not when
the alternative set is large (Rath, 1966; Bakan, 1960). Interestingly, these results also showed that people produced
the number one disproportionately often, which matches environmental frequencies of small digits (Benford’s law, Rath,
1966). The idea that people use distributional knowledge of
the domain to access random samples when tasked to produce random sequences was only recently more directly studied. Motivated by the theoretical idea of human inference as
sample-based (for a recent review, see Chater et al., 2020), results by Castillo, León-Villagrá, Chater, and Sanborn (2021)
showed that manipulating distributional features of the domain in which participants were tasked to generate sequences
resulted in manipulation-dependent signatures in their sequences. Furthermore, recent work suggests that random generation can be performed in varied domains, and sequences
obtained in these experiments exhibit domain-specific signatures (Castillo, León-Villagrá, Chater, & Sanborn, 2022).
Here, we evaluated if random generation tasks could predict participants’ beliefs about environmental statistics, and
how these predictions compared to predictions based on
decile elicitation. We hypothesized that random generation
would generally be on-par with decile elicitation, but be
preferable when the target domain is not a simple parametric
distribution. We also evaluated potential carry-over between
the tasks. For example, it is plausible that performing the random generation task would highlight outliers, subsequently
resulting in broader decile distributions.

Experiment
Participants
The study was certified following departmental ethics guidelines. We recruited 60 participants, (Mage = 41.08, SDage =
12.39, 28 female, 30 male, 2 non-binary) on Amazon Mechanical Turk, following pre-registered criteria1 . Participants
had to have an MTurk Masters qualification, be located in
the United States, and have more than 100 approved HITs
1 For the full preregistration, including exclusion criteria and
planned analysis, see https://osf.io/a6g3r

with an approval rate of 95% or higher. Twenty-four additional participants were excluded following one or several
pre-registered criteria2 . We also excluded an additional participant who only provided one unique value in the conditional estimation task and predicted all baking times to be
90 minutes long. Given that this prediction pattern represented an extreme outlier (the median number of unique values was 5, M = 4.27, SD = 0.94) and the normalized root
mean squared deviation is not defined for zero-variance responses, we decided to exclude this participant. Participants
were paid a flat fee of $3. The experiment took about 10 minutes to complete (M = 9.31, SD = 2.80).

Materials
As more than 15 years have passed since the publication of
Griffiths and Tenenbaum (2006), we collected up-to-date data
from similar sources, see Table 1.
Table 1: Data sources used to establish environmental statistics. For cake baking times, we parsed all cake recipes in the
dessert category. For movie lengths, we excluded series and
other non-movies and excluded movies with runtimes longer
than 10 hours. All sources were accessed in October 2021.
Data set
Source
Points
Lifespans
2018 Life Tables (Arias & Xu, 2020)
Movie Gross www.worldwideboxoffice.com
5460
Movie Length www.imdb.com
372655
NFL
www.pro-football-reference.com 33836
Pharaohs
www.metmuseum.org
182
Cakes
www.allrecipes.com
3849

Procedure
To ensure that participants had a functioning audio setup and
were comfortable saying numbers aloud at the pace of the
metronome (30 ticks per minute), immediately after the first
set of instructions, participants completed a 15-second practice trial. The practice trial followed the same structure as
the random generation block, but participants were prompted
to produce numbers between 0 and 10 for 15 seconds. Once
participants completed the practice, they could listen to their
recording, and if they judged the audio quality to be insufficient, re-record the block. Then, participants were shown
the experiment instructions and had to pass a comprehension check. Finally, participants proceeded to either the random generation (RG) or decile elicitation (DE) task. For an
overview of the procedure, see Figure 1.
Random Generation Block (RG): Participants first received brief instructions about the domain for which they
2 11 did not produce any numbers in the RG block, 4 produced
invalid CE values (≥ 2 initial submissions lower than the observed
value), 7 produced invalid DE submissions (the submitted value was
not greater than or equal to the previous decile), and 9 did not record
the familiarization task.
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Random Generation

Decile Elicitation

Conditional Exp.

Figure 1: The experiment consisted of three main blocks. In the random generation block, participants had to say values aloud
at random. In the decile elicitation block, participants had to judge the value corresponding to a proportion of the domain. In
the conditional expectation task, participants were tasked to predict the total final value given an observation.
had to sample values, e.g., “Your task is to produce the total amount of box office revenues (in millions) at random at
each tick of the metronome”. Next, they were instructed to
imagine that they had written all items on sheets of paper, put
them in a hat, shuffled, and retrieved them at random, one
at a time. Then they proceeded to the two-minute random
generation task, where audio was recorded, and the domain
instructions were shown again. A metronome played a ticking sound at 30 ticks per minute to ensure that participants
kept pace throughout the task.
Decile Elicitation Block (DE): Participants had to provide
values for the deciles at 11 points (0, 10%, . . . , 100%), following a prompt, e.g., “Imagine that we have sorted the total amount of box office intake for all movies from least to
most intake. The red line indicates the box office intake of
a movie (in millions). {p}% of all box office intakes were
lower than the movie intake in red. {100 − p}% were higher
than the movie intake in red.”, similar to Achtypi, Ashby,
Brown, Walasek, and Yechiam (2021).
The range of sorted values was presented as a horizontal
bar, with marks at the 11 points and the current query highlighted. Participants typed their responses into a textbox, and
once they submitted their choice, the value appeared above
the corresponding mark. Since the two extreme points (0,
100%) could influence subsequent submissions, we presented
these first (starting with 0). The remaining 9 points were presented in random order. Participants could correct previous
submissions at any point of the task by clicking on them and
entering a new number.
Conditional Expectation (CE): After the RG and DE
blocks, participants proceeded to the conditional expectation
(CE) task. They were presented with 15 questions in which
they had to predict a value, given an observation. These questions corresponded to three domains with five observed values
each (shown in random order). For domains used by Griffiths
and Tenenbaum (2006), we used the same questions.
Following Tauber, Navarro, Perfors, and Steyvers (2017),
we did not allow participants to submit values smaller than
the observed value and instead prompted participants to resubmit a valid value. Participants received the same domain

as in the RG and DE tasks and two additional domains. Domains were shown interlaced, with the RG and DE domain
always being shown third in the sequence.
Survey: Finally, participants completed a short survey
about their expertise for the domains in the CE block (on a
scale from 0 [no knowledge] to 6 [expert]), as well as their
age and gender, which they could decline to answer.

Results
Decile Elicitation
Participants only rarely corrected their estimates (M = 11.63,
SD = 1.58 submissions for 10 deciles). To allow us to derive conditional expectations corresponding to the DE task,
we first fitted three target distributions (Normal, Gamma, and
Pareto) to participants’ data by minimizing mean-squared error (MSE) on the deciles, similar to the fitting procedure in
Gosling (2018).
Participants were best fit by the Normal distribution (73%)
or the Gamma distribution (27%), and no participant was
best-fit by the Pareto distribution. This split across Normal and Gamma distributions was fairly consistent across
domains, with NFL (100%), lifespans (90%), movie gross
(70%), and baking times (70%) all strongly favoring Normality. Only for movie lengths (60% Normal) and pharaohs (50%
Normal), participants were more frequently fit by a Gamma
distribution. For individual DE data and the corresponding
environmental data, see Figure 2.

Random Generation
Overall, participants produced numbers close to the targeted
60 numbers (M = 59.08, SD = 1.15). We again fitted the
three candidate distributions for direct comparison to the DE
task. In contrast to the DE data, we now fitted distributions
directly to the samples via maximum-likelihood estimation.
In contrast to the DE task, we find most responses were fit
better by the more flexible Gamma distribution (82%) over
the Normal distribution (18%).
This preference was consistent across conditions, with baking times, movie gross, pharaohs (100%), and movie lengths
(80%) being better fit by Gamma distributions, and NFL
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Figure 2: Per-participant cumulative density functions (colored lines) corresponding to the DE task along with environmental data (dashed line). Lifespans and Pharaoh reigns are
in years, cake baking times and movie lengths in minutes,
movie gross earnings in millions of USD.
(60% Normal) and lifespans (50% Normal). For the empirical cumulative distribution function (ECDF) corresponding
to participants’ RG data, see Figure 3.
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Figure 3: Per-participant cumulative density functions (colored lines) corresponding to the RG task along with environmental data (dashed line).

Matching Environmental Statistics
Next, we assessed how closely both tasks could reproduce the
environmental data. One deviation from environmental statistics was immediately apparent – participants’ DE and RG
data for lifespans. These results were surprising since we had
expected participants to have well-established beliefs about
lifespans. One possible explanation for this consistent mismatch could be that participants misinterpreted the prompt,
producing random sequences and deciles matching the age
distribution of living people instead.
We calculated the maximum absolute difference between
the environmental data and either the DE task or the ECDF
of the RG task (Kolmogorov–Smirnov or KS distances). To

Figure 4: KS distance between environmental distributions
and elicitation data.

ensure that all cumulative density functions (CDF) were defined on the same domains, we used a linear interpolation of
the ground-truth ECDF and limited the evaluation points for
RG to the 11 deciles, as presented in the DE task. While KS
distances were slightly lower for the RG task compared to
DE (MDE = 0.40, SDDE = 0.18; MRG = 0.36, SDRG = 0.19),
KS distances varied considerably across domains, see Figure
4. We did not find a significant effect of task on KS distances when fitting a linear mixed-effects model, KS ∼ task,
with varying intercepts for domain and participants (β = 0.02,
SE = 0.01, t(59) = 1.75, p = .085).
As an exploratory analysis, we compared the variance of
the environmental data to that of participants’ RG and DE
data. If the RG or DE variance is smaller than the environmental variance, this suggests that people recall a small
set of environmental values to perform the tasks, similar to
the model suggested by Mozer et al. (2008). If participants
instead reproduce environmental statistics, as suggested by
Griffiths and Tenenbaum (2006), we would expect RG and
DE variance to match the environmental variance. Finally, if
RG or DE variance is larger than the environmental variance,
this suggests that participants use a more complex and potentially adaptive (Feldman, 2013) statistical inference. To reproduce variances from DE data, we sampled a large (10000)
random sample via inverse sampling. We then subtracted
the task variance (RG or DE) from the environmental variance. Since domains considerably differed in their variance,
we standardized the variances by dividing by the domainspecific SD. A linear mixed-effects model with sum-contrast
codes for task type (RG or DE) and random intercepts per
participant and domain found a small negative effect of task
type (β = −0.21, SE = 0.07, t(5) = −3.00, p = .039), with
marginal means for DE suggesting a larger difference between task and environmental variance (M = −0.85, SE =
0.28) than for RG (M = −0.42, SE = 0.28). Overall, there
was a negative, albeit insignificant, intercept, suggesting that
task variance was at least not smaller than empirical variance
(β = −0.63, SE = 0.27, t(5) = −2.35, p = .066).
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Testing Signatures of NFL Knowledge in RG: One advantage of RG over alternative prior elicitation methods is
that RG can potentially investigate idiosyncratic distributions.
This is especially important when distributions exhibit “gaps”
of low density or even impossible values. Alternative elicitation methods would require the experimenter to focus on
these regions a-priori and ensure that methods exhibit appropriate resolution in the low-density areas. In practice, this
can be problematic since prior elicitation is usually adopted
when detailed knowledge of the distribution is not available.
In contrast, eliciting knowledge via RG can, in principle, reveal these characteristic gaps, as knowledgeable participants
would likely deem them salient and memorable features of
their acquired knowledge. To test this hypothesis, we evaluated if participants in the NFL condition reproduced characteristics of the distribution over NFL scores and how their
self-reported expertise affected this relationship. Due to the
scoring rules in the NFL, some scores are improbable, or have
not occurred in professional practice at all, see Figure 5.

tise ratings (β = −2.08, SE = 0.90, t(8) = −2.325, p = .049).

Conditional Expectation
On average, participants’ CE data matched ground-truth distributions well, see Figure 6, though we are mainly interested
in how well RG and DE predict these judgments as a measure
of their internal validity.
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Figure 5: Points scored by one team in the history of the NFL.
Due to its complex scoring rules, some final scores are extremely infrequent, or have not occurred at all.
First, we tested how strongly participants’ RG distributions
correlated with the environmental distribution. We correlated
individual participants’ frequencies with environmental frequencies for low team scores (0-10 points scored), and found
that on average, participant frequencies correlated significantly with environmental frequencies (M = 0.43, SD = 0.29,
t(9) = 4.7, p < .001). In addition to establishing that participants’ frequencies were positively related to environmental statistics, we were also interested in the relationship between participants’ self-reported expertise and how closely
the shape of their RG distribution over low NFL scores resembled the true distribution. We calculated the Wasserstein, or
earth mover’s distance, for frequencies of scores in the range
of 0-10 for each participant. The subset of participants in
our study who performed the RG and DE tasks for the NFL
domain did not consider themselves knowledgeable for NFL
scores (M = 1.7, SD = 1.57, min = 0, max = 4, out of a maximum score of 6). Nevertheless, we found a small negative
relationship between self-reported expertise and similarity of
the RG distributions to the low-range environmental scores
when regressing Wasserstein distances with centered exper-

To assess how well the distributions elicited in RG and
DE tasks matched participants’ CE judgments, we followed
previous work by sampling from the conditional distribution
elicited in the DE or RG task and predicting the median of the
obtained distribution (Griffiths & Tenenbaum, 2006; Mozer et
al., 2008; Tauber et al., 2017). We then used the normalized
root mean-squared deviation (NRMSE; Mozer et al., 2008) to
assess how well this prediction fit the CE task.
To obtain samples from the RG task, we sampled with replacement from the empirical distribution and dropped values
smaller than the observed value in the CE task. To sample
from the DE task, we used two approximations of the distribution implied by participants’ DE data. First, we used
the best-fitting distributions and sampled from the conditional
distribution. Alternatively, we sampled using inverse transform sampling, which allowed us to map uniform samples to
the max entropy distribution implied by DE via the CDF.
Overall, both RG and DE data were similar in predicting
participants’ CE behavior. Thirty-two participants were best
fit by RG (52%), whereas 28 were best fit by DE (15 via bestfit distributions, 13 via max entropy, 25%, and 22%, respectively).
We then assessed which of the two tasks produced lower errors by fitting a linear mixed-effects model with a main effect
of task and random intercepts for participants and domains.
We found a significant effect of task on NRMSE (β = 0.18,
t(59) = 2.06, SE = 0.09, p = .044), with marginal means
for RG (M = 1.17, SE = 0.2) lower than DE (M = 1.53,
SE = 0.2), see Figure 7. Finally, we also assessed how the
aggregation of RG data performed in predicting participants’
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Figure 7: Predicting participants’ CE from their RG data, the distribution corresponding to DE (or max-entropy interpolation,
DEMEnt ). Both DE and RG were competitive with predictions based on the full set of environmental data (dashed line). Overall,
RG produced lower NRMSE than DE and this fit could be further improved by aggregating across participants (RGagg ).
CEs. A linear mixed-effects model contrasting RG and aggregations of RG on NRMSE, with random intercepts for domain and participant, found a significant effect (β = 0.14,
t(59) = 3.01, p = .004), with marginal means for aggregation significantly lower (M = 0.89, SE = 0.14) than nonaggregated RG (M = 1.17, SE = 0.14). These results show
that pooling small groups of RG data can produce consistent
elicitation of participants’ implicit knowledge and suggests
that longer generation tasks may produce even better results.

Order Effects and Distribution Spread
To assess if the order of tasks affected the standardized range
of the DE distributions, we fitted a linear mixed-effects model
with a random intercept per domain. In contrast to our hypothesis that there would be carryover effects, we found
no significant effect of task order on DE ranges (β = 0.67,
t(53) = 0.03, SE = 24.76, p = .98) and ranges for orders in
which DE was performed first (M = 154, SD = 63.1) were
almost identical to RG first (M = 153, SD = 63.1).

Discussion
Our work investigated whether random generation tasks can
be used to elicit people’s implicit beliefs about the distribution of everyday quantities. When we assessed the internal validity of random generation by predicting participants’
judgments in a conditional expectation task, we found that
overall, random generation could capture participants’ judgments as well as decile elicitation. Furthermore, these predictions could be significantly improved by aggregating small
groups of participants. Next, we found that random generation could reproduce environmental data as accurately as
decile elicitation. We then explored the ability of random
generation tasks to reproduce fine details of the environmental distributions — information that is challenging to uncover
with alternative elicitation methods. Our results suggest that

people are generally aware of the shapes of environmental
distributions, even those fine details embodied in the distribution of NFL final scores, and people’s ability to reproduce
these details increased with expertise. In addition, we found
that the elicited variances were as large or larger than those
of the environmental distributions, suggesting that people infer distributions of values, rather than perfectly remembering
a small set of experienced values (Spicer, Sanborn, & Beierholm, 2020).
While these results suggest that random generation is onpar with decile elicitation in assessing peoples’ beliefs, our
results also highlight the complementary strengths of the approaches. For example, our results suggest that decile elicitation can bias participants towards linear interpolation of
deciles which could explain the better fit of Gaussian distributions across domains. In contrast, the random generation task
exhibited more skewed distributions, suggesting that participants produced more flexible, or possibly noisy, distributions.
In addition to the advantages highlighted here, random generation has an additional advantage as an elicitation method
— it is not limited to numerical domains. Thus, it could be
used more widely to elicit people’s beliefs for domains that
can be easily verbalized, and we are currently exploring this
possibility.
However, we do not believe that a method will be universally preferable or that random generation does not exhibit
potential task-specific biases. Instead, we take these results to
suggest that prior elicitation should ideally use several complementary methodologies, and random generation offers attractive features such as producing data at a high pace and
not requiring assumptions about the underlying distribution
(Mikkola et al., 2021). Future work should establish the performance of combinations of elicitation methods and assess
random generation tasks in the context of modern alternatives
(Sanborn, Griffiths, & Shiffrin, 2010).
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Abstract

MT, or Time-RP perspectives. We investigated whether our
participants would adopt the perspectives of temporal
scenarios in their temporal gestures and in their speech paired
with temporal gestures.

Temporal perspectives have been studied as a part of spatial
thinking of time. They allow us to place ourselves and temporal
events on a timeline, making it easier to spatialize time. This
study investigates how we adopt temporal perspectives in
temporal gestures. We asked participants to retell temporal
scenarios written in the Moving-Ego (ME), Moving-Time
(MT), and Time-Reference-Point (Time-RP) perspectives in
spontaneous and elicited gesture conditions. Participants
adopted temporal perspectives similarly regardless of the
gesture condition, with few differences. Our results showed
that participants’ temporal gestures resonated better with the
Ego-Reference-Point
versus
Time-Reference-Point
distinction. Participants produced more ME and Time-RP
gestures for the corresponding scenarios and speech, however
the MT perspective was not adopted more than the others in
any condition. Our findings show that we incorporate temporal
perspectives into our temporal gestures to a considerable
extent, however, the classical ME and MT classification may
not hold for temporal gestures.

Temporal Perspectives

Keywords: temporal perspective; moving-ego; moving-time;
time-reference-point

Introduction
When we talk about time, we use many spatial
words. These uses are called the spatial metaphors of time,
and they reflect how we think about time (Lakoff & Johnson,
1980). One way of thinking about time involves putting
ourselves and temporal events in perspectives with respect to
each other. Moving-Ego (ME), Moving-Time (MT), and
Time-Reference-Point (Time-RP) perspectives are the three
perspectives we take as we think and talk about time (Clark,
1973; Nuñez, Motz, & Teuscher, 2006). Research has shown
that we incorporate these perspectives into our thinking of
time while processing temporal statements (Gentner, Imai, &
Boroditsky, 2002), resolving temporally ambiguous
situations (Boroditsky, 2000), and even after daily
experiences of bodily movements (Boroditsky & Ramscar,
2002). Our hand gestures also reflect our temporal thinking
by depicting different spatial metaphors of time (Cooperrider
& Nuñez, 2009, among others). In this study, we asked our
participants to retell temporal scenarios written in the ME,

Spatial metaphors of time come into play about
many aspects of time, ranging from metaphorically locating
temporal events (e.g., “Leave it behind.”) to describing
duration in spatial terms (e.g., “It was a long concert.”)
However, perhaps the most studied aspect of space-time
metaphors is the temporal perspective (Duffy & Feist, 2014).
Temporal perspectives allow us to set reference points for
temporal events and/or observers to view temporal situations
in particular ways.
The ME and MT perspectives are the first defined
temporal perspectives (Clark, 1973). In the ME perspective,
there is a stationary temporal event, and an observer (ego)
moves with respect to it. For example, “She was approaching
the vacation.” demonstrates the ME perspective. In the MT
perspective, the ego is stationary and temporal events move
with respect to the ego. “The concert was approaching.”
takes this perspective with a stationary ego and a moving
temporal event. These perspectives are not just ways of
speech and writing, we incorporate them into our
conceptualizations of time. McGlone and Harding (1998)
asked their participants to answer some temporal questions
written in either the ME or MT perspective. The participants
then received the famous prompt, “The meeting originally
scheduled for next Wednesday has been moved forward two
days.” and asked to indicate the new date of the meeting.
Those who had answered the ME questions mostly thought
that the meeting would be on Friday. Contrarily, those
answered the MT questions thought that the meeting would
be on Monday. This shows that the participants did not
superficially interpret and answered the questions, but rather,
they incorporated the perspectives of these questions into
their temporal thinking. Specifically, ME participants
thought that the forward would be a later date because that is
what forward would correspond to in the ME perspective. In
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the MT perspective, however, the forward would be the
forward of the temporal event’s location, which corresponds
to an earlier date, as it moves toward the observer. Gentner
and colleagues (2002) further supported these findings by
showing that participants needed longer time to process timerelated statements if they had to switch from the perspective
established by the previous statements. Moreover, these
perspectives are also effective when we do not overtly think
about time. Boroditsky and Ramscar (2002) showed that even
everyday bodily experiences make us adopt certain
perspectives. In a series of studies, they showed that those
who move through space (e.g., on a queue for lunch or a train)
were more likely to adopt the ME perspective while
answering the “next Wednesday” question. Those who spent
less time moving through space or had waited for a relative
to arrive, however, took the MT perspective. To sum up,
temporal perspectives have psychological reality, and we
take those perspectives to think about time.
The ME and MT perspectives, although they have been
around for quite a while, are not the only perspectives we
employ in our conceptualizations of time. Nuñez and
colleagues (2006) outlined a third perspective called the
Time-Reference-Point (Time-RP) perspective. They argued
that the ME and MT perspectives require that “Now” be fixed
to the ego’s location, however, that would not cover the entire
spatialization of time in our minds. Some expressions do not
require “Now”. For example, “August follows June.” does
not require a fixed ego, nor a “Now.” Furthermore, the
locations of temporal events become reference points for one
another in this perspective. To specify, we know that August
follows June because it comes after June, regardless of and
without the need for an ego, which also resonates the
distinction between deictic and sequential time as described
in Nuñez and Cooperrider (2013). As a result, they proposed
a new classification of temporal perspectives. They divided
the perspectives into two groups according to their reference
points: Ego-Reference-Point (which involves the ME and
MT, as Ego represent the present in both) and TimeReference-Point perspectives (which does not require a fixed
present and ego.) In a series of studies, they showed that the
“Monday” answer to the “next Wednesday” question did not
need a fixed ego to be given. This answer was formerly
thought to be a result of assuming the MT perspective, but
Nuñez and colleagues (2006) showed that the same answer
could be achieved with assuming the Time-RP perspective
free of a fixed ego or present. In summary, the Time-RP
perspective is the third perspective we take while thinking
about time, along with the ME and MT metaphors, which we
incorporate into our temporal thinking in various situations.

Time, Gesture, and Temporal Perspectives
Our thinking of time is not only reflected in our
answers to temporally ambiguous questions or the
perspectives we use in verbal language. The co-speech
gestures we produce also reveal how we think about time.
Nuñez and Sweetser (2006) showed that the Aymara people
of the Andes place the past in front and future behind them

with their hand gestures, conforming to their verbal
expressions. Cooperrider and Nuñez (2009) showed that we
depict many metaphors of time ranging from placing
temporal events within our gestural space, to thinking of time
as an entity possessing motion. Moreover, Casasanto and
Jasmin (2012) showed that language and whether one is
encouraged to gesture are linked to how we gesture about
time. They conducted two experiments in which they either
encouraged their participants to gesture or not. They found
that when they explicitly asked the participants to gesture,
they often produced gestures on the sagittal axis -the axis that
language mostly spatializes time on. While gesturing
spontaneously, the link between language and gestures were
weaker, as they moved on the lateral axis, which is not
explicitly used in language. Walker and Cooperrider (2016)
also replicated this finding and suggested that when explicitly
asked to gesture, people consider how they (would) talk about
time, and gesture accordingly. To sum up, we consider how
we talk about time when we are explicitly asked to gesture.
Our gestures link more closely to the mappings in language
when we are encouraged to gesture, compared to when we do
it spontaneously.
Gestures and temporal perspectives have been
studied together in comprehension studies before. Winter and
Duffy (2020) primed their participants with speech and
gesture instances and asked them the “next Wednesday”
question. They showed that speech was more powerful in
priming participants to a certain temporal perspective than
gesture. However, we know of no study that investigated cospeech temporal gesture production while talking about
temporal scenarios with different perspectives. This study
intends to fill this gap in literature by observing temporal
gestures while talking in and about different temporal
perspectives.

The Current Study
This study investigated how temporal perspectives
were reflected in co-speech temporal gestures in both
spontaneous and elicited gesture conditions. We asked our
participants to retell four-sentence temporal scenarios written
in ME, MT, and Time-RP perspectives in spontaneous and
elicited gesture conditions. We expected that our participants
would take the temporal perspectives in the scenarios and
gesture accordingly in both conditions. Specifically, we
expected to see more ME gestures than other gestures in ME
scenarios, more MT gestures in MT scenarios and more
Time-RP gestures in Time-RP scenarios. We also expect the
scenarios to elicit the corresponding gesture perspective more
than other scenarios. To specify, there would be more ME
gestures for ME scenarios than other scenarios, more MT
gestures for MT scenarios, and more Time-RP gestures for
Time-RP scenarios than the others. Last, we expected the
speech and gesture instances to go along, meaning that ME
speech would accompany ME gestures, MT speech MT
gestures, and Time-RP speech would be paired with TimeRP gestures. The current state of the literature prevents us
from formulating specific hypotheses about spontaneous and
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elicited gesture conditions paired with temporal perspectives.
There are good reasons to expect that the participants would
take the perspectives of the scenarios similarly in both
conditions. However, there might be more gestures consistent
with the perspective of scenarios and accompanying speech
in the elicited gesture condition, as the participants would
think more about how they talk about scenarios. Any
scenario-specific differences by conditions would provide us
with valuable insights into the coupling of temporal gestures
and temporal perspectives for further research in the field.

Method
Participants
Thirty six (24 females) university students (Mage =
21.9, SD = 3.2) participated in the study. We calculated the
sample size using G*power 3 (Faul et al., 2007) for repeatedmeasures ANOVA with an effect size of 0.25. All
participants had normal or corrected vision and no
neurological history. We recruited the participants via the
university’s subject pool and daily bulletin for 30 Turkish
Liras or course credit. This study was approved by the
Institutional Review Board of the university (2021.
393.IRB3.180).

Materials
We used three baseline questions and six short
paragraphs in our study. Our three baseline questions were
about the participants’ leisure time habits, the route to the
closest market, and their work schedule in a week from the
experiment day. The experimental stimuli were six Turkish
short paragraphs written in four sentences with a specific
temporal perspective -ME, MT, or Time-RP. We constructed
two four-sentence paragraphs in each temporal perspective.
The two ME paragraphs were about a person (Deniz or Ege,
common Turkish names) with the four sentences describing
the person approaching a temporal event, thinking that s/he is
approaching that event, remembering that s/he is also
approaching to another event that would happen after the
initial event, and reflecting on the situation when s/he reached
or passed the second event. All four sentences in the ME
paragraphs conveyed the ME perspective. The two MT
paragraphs were also about a certain person. Similarly, the
four sentences in the MT paragraphs described an event
approaching to him/her, a necessity brought about by the
approaching event, the situation/feelings caused by the
approaching event, and another event approaching with the
initial event. Like the ME paragraphs, all four sentences
explicitly conveyed the MT perspective. Last, we had two
Time-RP paragraphs. The Time-RP paragraphs did not have
an overt subject to ensure that the temporal events, not the
metaphorical temporal location of ego, were the reference
points. The four sentences in the Time-RP paragraphs
described two temporal events following each other, a
sidenote about these two events, the reason for or the contents

of the events, and a reflection on these two events. Again, all
sentences conveyed the Time-RP perspective by stating that
these events follow each other. We also had a demographic
form asking about the participants’ age, gender, neurological
history, problems in their vision, and the languages they
spoke. Our baseline questions and experimental stimuli are
available through this link with their English translations:
https://osf.io/ecyq8/.

Procedure
Participants provided informed consents to
participate in the study. We conducted the experiment faceto-face with the experimenter and the participants wearing
masks due to the COVID-19 protocols of the university. We
conducted the experiment in Turkish. The experimenter sat
about 5 feet across the participant and told the participant that
they would be asked three questions about their daily lives,
then they would be shown six paragraphs printed on separate
papers. The participants read each paragraph aloud first and
retold them to the experimenter, which was the spontaneous
gesture condition part. After the third paragraph, the
experimenter said that everything had been okay up to that
point, but from then on, the participant had to use their hands
actively as they retold the remaining paragraphs, which was
the elicited gesture condition. The order of the sentences and
their distribution to the conditions were counterbalanced.
However, all participants saw one ME, one MT, and one
Time-RP paragraphs per condition. We recorded the
experiment with a camera placed to the right of the
experimenter for later coding of the gestures. After the
paragraph explanation task, the participants filled out a
demographic form and the session was terminated.

Coding
We coded our data using ELAN Linguistic
Annotation Software (Version 6.2, Max Planck Institute for
Psycholinguistics, 2021). We transcribed our participants’
speech verbatim as they retold the paragraphs. We coded
each gesture from various aspects. We coded gestures for
McNeill’s classifications scheme (McNeill, 1992) as iconic,
pointing, beat, and metaphoric. We coded the perspective of
the accompanying speech instance for each gesture as ME,
MT, or Time-RP. We, then coded each gesture for these
perspectives. An ME gesture would be one showing an ego’s
movement through space, whereas an MT gesture would
show the movement of a temporal event toward the ego. A
Time-RP gesture would be any gesture showing the location
of a temporal event with respect to another event. We also
coded the gestures for the hand preference as left, right or
both. Finally, we categorized the gestures based on whether
they were temporal gestures to be included in the analyses.
This categorization was based on the content of the
accompanying speech. The first and second authors coded
10% of the data (4 participants) again to ensure reliability.
There was a 90% agreement in detecting gestures and 87%
agreement in assigning types to the gestures.
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Results
Our participants produced 1798 gestures in total.
For the purposes of this study, we discarded all nontemporal
gestures. This left us with 699 temporal gestures to run the
analyses. A paired-samples t-test showed that our participants
produced more temporal gestures in the elicited gesture
condition (M = 13.08, SD = 6.28) than in the spontaneous
gesture condition (M = 6.56, SD = 5.08), t(35) = -6.81, p <
.001. We conducted all analyses on the number of gestures
produced in certain conditions or as a response to certain
scenarios. The elicited and spontaneous conditions were
analyzed separately to investigate how our participants
gestured within each condition. We first analyzed whether
participants produced temporal gestures in the corresponding
perspective within scenario types. This analysis provided us
with an idea of how each scenario type elicited temporal
gestures in different perspectives. We then compared
temporal gesture perspectives across different scenario types
to see whether our participants took certain gestural
perspectives only in the corresponding scenarios. This
analysis showed us the distribution of gestural perspectives
across scenarios. Last, we analyzed speech-gesture pairs to
see whether our participants adopted the perspectives in their
speech while producing temporal gestures. We tested our
hypotheses using within-subjects ANOVAs separately in the
spontaneous and elicited gesture conditions. We used the
Greenhouse-Geisser corrections when necessary.

Spontaneous Gesture Condition
Before our specific analyses on the gesture
perspectives within and across scenario types, and speechgesture pairs, we investigated whether any scenario type
elicited more gestures than the others. Since all our analyses
were tied to the number of gestures, this analysis would
provide a solid starting point to view the other results. Our
results showed that the scenarios elicited similar numbers of
gestures F(2, 70) = .96, p= .39.
We then investigated whether our participants took
the perspectives in the temporal scenarios in their co-speech
gestures. For the ME scenarios, our participants differed in
their gesture perspectives F(2, 70) = 6.52, p = .003. ME
gestures (M = 1.06, SD = 1.22) were more frequent than both
MT (M = .33, SD = .86) and Time-RP (M = .44, SD = .97)
gestures, (ps = .003 and .035). For the MT scenarios, our
results did not show any difference among ME (M = .5, SD =
.78), MT (M = .22, SD = .43) and Time – RP (M = .64, SD =
1.37) gesture perspectives F(1.43, 49.97) = 1.72, p=.19. Last,
we found a difference in gesture perspectives for the TimeRP scenarios, F(1.01, 35.39) = 15.94, p<.001. Time-RP
perspective was more prevalent (M = 1.31, SD = 1.92) than
both ME (M = .03, SD = .17) and MT (M = 0, SD = 0)
perspectives in our participants’ gestures, (ps =.001 and
<.001).
Next, we analyzed whether participants took a
temporal perspective more frequently in their gestures while
retelling the corresponding scenario than the others. For the
ME gestures, our participants differed across scenarios

F(1.62, 56.67) = 16.84, p<.001. ME gestures were more
prevalent for ME scenarios (M = 1.06, SD = 1.22) than both
MT (M = .5, SD = .78) and Time-RP (M = .03, SD = .17)
scenarios, (ps = .017 and <.001). For the MT gestures, the
perspective prevalence differed across scenarios again,
F(1.26, 44.17) = 3.21, p = .046. Our participants produced
more MT gestures for MT scenarios (M = .22, SD = .42) than
Time-RP scenarios (M = 0, SD = 0), (p = 010), but not for
ME scenarios (M = .33, SD = .86). Our participants differed
in their Time-RP gesture production across scenarios as well,
F(1.59, 55.6) = 3.41, p = .05. Time-RP gestures were more
prevalent for Time-RP (M = 1.31, SD = 1.94) scenarios than
ME scenarios (M = .44, SD = .97), (p=.047), but not MT
scenarios (M = .64, SD = 1.38), (p=.36).
Last, we checked whether our participants took the
perspective of their speech as they gesture. Table 1 shows the
means and standard deviations for speech-gesture pairs. For
the ME speech parts accompanied by a gesture, our
participants differed in their gesture perspectives F(1.08,
36.66) = 11.8, p<.001. When they adopted the ME
perspective in their speech, participants produced more ME
(M = .56, SD = .93) gestures than MT (M = .03, SD = .17) and
Time-RP (M = 0, SD = 0) gestures, (ps = .006 and .003). For
MT speech, our participants differed in their gesture
perspectives as well, F(2, 70) = 12.2, p<.001. They produced
more ME (M = 1.06, SD = 1.17) and MT (M = .53, SD = .91)
gestures than Time-RP (M = .08, SD = .28) gestures, (ps
<.001 and .028). For Time-RP speech, participants produced
only Time-RP gestures (M = 2.25, SD = 2.53) and nothing
else.
Table 1: Means (SD) of speech-gesture interaction in the
spontaneous gesture condition.
Speech

Gesture
Moving-Ego

MovingTime

Time-RP

MovingEgo

.56(.93)

.03(.17)

-

MovingTime

1.06(1.17)

.53(.91)

.08(.28)

Time-RP

-

-

2.25(2.53)

Elicited Gesture Condition
We started with the number of gestures across
scenarios again. Our results showed that the scenarios did not
elicit different numbers of gestures than each other F(2,70) =
1.11, p=.34.
We then checked participants’ perspectives in cospeech gestures while retelling the scenarios. For the ME
scenarios, our participants differed in their gesture
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perspectives F(1.58, 55.22) = 4.48, p = .023. Our participants
produced more ME (M = 1.39, SD = 1.38) and Time-RP (M
= 1.47, SD = 1.95) gestures compared to MT (M = .53, SD =
.77) gestures, (ps .012 and .018). There was no difference
between the ME and Time-RP gestures. For the MT
scenarios, our results did not show any difference between
ME (M = .97, SD = 1.25), MT (M = .53, SD = .81) and Time
– RP (M = 1.11, SD = 1.82) gesture perspectives F(1.49,
52.06) = 1.76, p=.18. Last, our participants differed in their
gesture perspectives for the Time-RP scenarios, F(1.01,
35.49) = 38.99, p<.001. Time-RP perspective was more
prevalent (M = 2.97, SD = 2.77) than both ME (M = .0, SD =
0) and MT (M = .08, SD = .28) perspectives in our
participants’ gestures, (ps <.001).
Next, we analyzed whether our participants gestured
more in a certain perspective while retelling the
corresponding scenario. For the ME gestures, our participants
differed across scenarios F(2, 70) = 19.37, p<.001. ME
gestures were more prevalent for the ME (M = 1.39, SD =
1.38) and MT (M = .97, SD = 1.25) scenarios compared to the
Time-RP (M = 0, SD = 0) scenarios, (ps <.001). There was
no difference between the ME and MT scenarios, p=.3. For
the MT gestures, the perspective prevalence differed across
scenarios again, F(2, 70) = 7.34, p = .001. Our participants
produced more MT gestures for the ME (M = .53, SD = .77)
and MT scenarios (M = .53, SD = .81) than Time-RP
scenarios (M = 08, SD = .28), (ps = .003). There was no
difference between ME and MT scenarios. Last, participants
differed in their Time-RP gesture production across
scenarios, F(2, 70) = 7.47, p = .001. Time-RP gestures were
more prevalent for Time-RP (M = 2.97, SD = 2.77) scenarios
than both ME (M = 1.47, SD = 1.95) and MT scenarios (M =
1.11, SD = 1.82), (ps = .021 and .009).
Last, we analyzed the gesture perspectives of our
participants when they took certain perspectives in their
speech. Table 2 shows the means and standard deviations for
speech gesture pairs. For the ME speech instances, our
participants differed in their gesture perspectives F(1.1,
38.47) = 18.41, p<.001. When they adopted the ME
perspective in their speech, participants produced more ME
(M = .83, SD = 1.08) gestures than MT (M = .08, SD = .28)
and Time-RP (M = 0, SD = 0) gestures, (ps = .001). For MT
speech, our participants differed in their gesture perspectives
as well, F(1.37, 47.99) = 13.41, p<.001. They produced more
ME (M = 1.69, SD = 1.88) and MT (M = 1.06, SD = 1.26)
gestures than Time-RP (M = .06, SD = .23) gestures, (ps =
<.001). There was no difference between the ME and MT
gestures, p=.37. Last, our participants differed in their gesture
perspectives for Time-RP speech, F(1.01, 35.20) = 76.95,
p<.001. Participants produced more Time-RP gestures (M =
5.64, SD = 3.84) than both ME (M = .03, SD = .17) and MT
(M = .03, SD = .17) gestures, (ps <.001).
Table 2: Means (SD) of speech-gesture interaction in the
elicited gesture condition.
Speech

Gesture

MovingEgo
MovingTime
Time-RP

MovingEgo
.83(1.08)

MovingTime
.08(.28)

Time-RP

1.69(1.88)

1.06(1.26)

.06(.23)

.03(.17)

.03(.17)

5.64(3.84)

-

Discussion
This study investigated the link between temporal
perspectives and co-speech temporal gestures by studying
them in spontaneous and elicited gesture conditions.
Temporal perspectives constitute an important and oftenstudied part of our spatial conceptualization of time. Our
spatial thinking of time reflects in our hand gestures via the
axis we produce the gestures on, or the different spatial
metaphors we depict. Thus, we asked (1) whether participants
would take the perspective of the temporal scenarios in their
temporal gestures, (2) whether they would produce gestures
with certain perspectives more frequently for the scenarios
with the corresponding perspective than the others, and (3)
whether they would gesture in the perspective that they
adopted in their accompanying speech in spontaneous and
elicited gesture conditions. We found that participants took
the ME and Time-RP perspectives in their gestures within
and across the corresponding temporal scenarios. The overall
picture was similar for their speech instances in different
temporal perspectives as well. Different from the gestural
axis findings in the literature (Casasanto & Jasmin, 2012;
Walker & Cooperrider, 2016), our findings show that
temporal perspectives work in the same way independent of
whether we gesture spontaneously or not, with only few
differences. We should also note that the ideal experiment
would be the one in which the order of the spontaneous and
elicited conditions was counterbalanced. However, having
the elicited condition first would reveal that the participants’
gestures were of interest, which in turn would have
contaminated the following spontaneous condition.
In the spontaneous gesture condition, participants
used ME and Time-RP gestures more than the other types
while retelling ME and Time-RP scenarios. However, MT
scenarios elicited all three types similarly. This shows that
participants indeed took an ego-based perspective for the ME
scenarios and a time-referenced perspective for the Time-RP
scenarios, with no clear direction for the MT scenarios.
Nuñez and colleagues (2006) pointed out this problematic
nature of the MT perspective, suggesting that it is not clear
where this perspective takes its polarity from. Specifically,
the forward of the timeline may be determined both with
respect to the ego- as the closer temporal event, and to the
temporal events on the line itself- the frontmost or earlier
event on the timeline without necessitating an ego.
Supporting this argument, our participants’ gesture
perspectives distributed equally to the three perspectives. Our
across-scenarios gesture analyses showed an interesting
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pattern as well. MT gestures were more frequent for ME and
MT scenarios than Time-RP scenarios. This reflects the EgoReference-Point (ME and MT metaphors) versus TimeReference-Point (Time-RP metaphors) distinction of Nuñez
and colleagues (2005), further showing that the MT metaphor
may be a somewhat problematic conceptualization because
of its links with and volatile polarity concerning the timeline
and ego. Last, our speech-gesture analyses painted a similar
picture with ME and Time-RP gestures were produced
overwhelmingly more with the corresponding speech
perspective, and MT speech failing to elicit more MT
gestures than other types in any condition. Moreover,
gestures produced with MT speech look more like those
produced with ME speech than Time-RP speech (Figure 1).
This finding may resonate well with the embodied
conceptualization of metaphors by Lakoff and Johnson
(1980) if we combine it with the classification of Nuñez and
colleagues (2006). Specifically, if metaphors in language and
gesture (Lakoff, 2008) are reflections of our embodied
thinking about time, and if ME and MT metaphors can be
classified as subclasses of an umbrella Ego-Reference
perspective with little differences from each other, it is not
odd that the MT perspective elicited gestures somewhat
similar to the ME perspective.
Our elicited gesture condition shared most findings
with the spontaneous gesture condition with some disparities.
First, ME scenarios elicited similar number of ME and TimeRP gestures (which was not the case for the spontaneous
condition.) We think that the participants paid a closer
attention to the ME scenarios and reflected the two events in
the scenarios along with its ego-referenced nature in the
elicited gesture condition. The scenarios worked qualitatively
similarly to the spontaneous condition in eliciting gestures
beyond this difference. Across-scenario analyses showed an
interesting pattern. ME gestures were produced more
frequently for ME and MT scenarios than the Time-RP ones.
This, again, reflects the Ego- versus Time-Reference Point
distinction by Nuñez and colleagues (2006). ME and MT
scenarios elicited a similar number of ME gestures, almost
underlying the common ego-based conceptualization of these
two. This finding is also in line with the embodiment
argument again (Lakoff & Johnson, 1980). When instructed
to gesture, our participants took the reference point to
themselves whenever possible and produced ME gestures for
both ME and MT scenarios.
A comparison between the spontaneous and elicited
gesture condition results presents an interesting picture. The
scenarios worked mostly the same with some extra
involvement of the Time-RP gestures for ME scenarios and
ME gestures for MT scenarios in the elicited gesture
condition. Both of these findings can be explained by the
participants’ paying closer attention to the stimuli and
assuming the reference point for themselves in an embodied
conceptualization of time, respectively. However, the
speech-gesture analyses showed that the temporal
perspectives were adopted qualitatively similarly regardless
of the gesture condition. Although the elicited gesture

condition made the participants produce more gestures, the
distribution of these gestures was very similar across
conditions. This picture of data is at odds with temporal
gesture axis studies. Past research showed that we show a
closer coupling of verbal language and gestures when we are
instructed to gesture, which was explained by people
attending to the verbal language and thinking about how we
would speak about the concepts (Casasanto & Jasmin, 2012;
Walker & Cooperrider, 2016). This may be true for temporal
gestures’ axes, which mostly vary between the sagittal
timeline and the lateral timeline that does not have a place in
verbal metaphors, but it is not supported by our data in the
context of temporal perspectives. Our findings, however,
further support the body of research on temporal
perspectives. We incorporate temporal perspectives into our
temporal thinking when we read statements written in these
perspectives (McGlone & Harding, 1998), when someone
asks a question framed in a certain perspective (Gentner et
al., 2002), or even when we experience a corresponding
bodily motion in our daily lives (Boroditsky & Ramscar,
2002). Combined with these findings, our study shows that
we took temporal perspectives qualitatively similarly when
we gesture spontaneously or deliberately. However, our
thinking of time in terms of temporal gestures do not follow
the classical ME-MT distinction. It rather reflects the EgoReference-Point vs. Time-Reference-Point distinction of
Nuñez and colleagues (2006), with the ME and Time-RP
perspectives forming the two extremes, and the MT
perspective falling on the middle, somewhat closer to ME
gestures.
In conclusion, this study investigated the links
between temporal perspectives and temporal gestures by
studying temporal gestures produced within and across
different perspectives, and speech-gesture pairs. Our
participants showed a similar distribution in their gesture
perspectives in the spontaneous and elicited gesture
conditions, with some minor differences across conditions.
Our results showed that temporal perspectives are adopted
similarly in the context of temporal gestures whether we
deliberately gesture or not. The distribution of temporal
gestures resembled the Ego- versus Time-Reference-Point
dichotomy with MT gestures standing closer to the ME
gestures. That is, our data fits the deictic versus sequence
time conceptualization better than the ME versus MT
distinction. Further research with more metaphors and
different conditions may shed more light on how we gesture
in different perspectives with respect to spatial metaphors of
time.
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Abstract
Written Chinese sentences consist of a series of characters
without word boundary information. Here we examined
whether word boundary information facilitated Chinese
sentence reading comprehension in children as beginning
readers. Primary grade 2-3 children read age-appropriate
sentences with either spacing or shading contrast to mark word
boundaries and answered related comprehension questions.
Compared with regular sentences without word boundary
information, spacing significantly impaired comprehension
accuracy and reduced eye movement consistency during
reading as measured in entropy, and the decrease in accuracy
was associated with decrease in consistency of eye gaze
transitions during reading. This result suggested that the
performance impairment may be related to disturbances to their
immature visual routine for reading that may be inconsistent
with the provided word boundary information. In contrast,
using shading contrast did not change children’s reading
performance or eye movement consistency. These findings
have important implications for ways to facilitate reading
development in children.
Keywords: Chinese sentence reading, word boundary, eye
movement, EMHMM

Introduction
Words are the basic units for understanding sentences, and
word processing skills are associated with sentence
comprehension performance (Perfetti, 1985; 2007). For
alphabetic languages such as English, spaces are used to help
readers identify words in a sentence. In contrast, in some
other languages, word boundary information in a sentence is
either absent or less clear. For example, in Chinese, there is
no word boundary indicator in written sentences, whereas in
Arabic, word boundary information is sometimes less salient.
It remains unclear whether providing clearer word boundary
information in written sentences of these languages will
facilitate reading comprehension. Some previous studies
have attempted to examine this issue in adult readers. For
instance, Leung et al. (2021) showed that in Arabic, adult
readers had shorter fixation duration and longer saccade
amplitude in reading Arabic sentences with double spacing

between words than regular sentences; however their
sentence reading time did not differ between the two
conditions. Consistent with this finding, in Chinese reading,
Bai et al. (2008) used spacing to mark word boundaries and
found that participants had shorter fixation duration, longer
saccade length, more progressive saccades, a larger number
of fixations, and more regressive saccades than reading
regular sentences with no spacing; however their reading
time did not differ between the two conditions. In another
experiment, they used background color contrast (grey and
white) to highlight word boundaries instead of using spacing.
They found no difference in either reading time or eye
movement measures when reading in this condition as
compared with regular sentences. These findings suggested
that adult readers with abundant reading experience may have
developed expertise in identifying word boundaries, and thus
adding word boundary information during reading does not
change their performance in reading time, although adding
spacing did change their eye movement behavior.
In contrast, children learning to read may have poorer
ability to identify word boundaries than adults, and thus word
boundary information may be helpful. Lin and Lin (2017)
examined spacing effect in 5th grade Chinese children, who
were intermediate readers. They found that for typically
developing children without reading difficulties, reading
texts with spacing increased reading time per word as
compared with reading regular texts with no spacing. This
result suggested that spacing may impair intermediate readers’
reading performance. However, in contrast to typically
developing children, children with reading difficulties had
shorter reading time per word when reading texts with
spacing than regular texts after receiving some training in
reading spaced texts. This result suggested that using space
to mark word boundaries in Chinese reading may help
intermediate readers with reading difficulties.
For beginning readers in Chinese, Zang et al. (2013)
compared 3rd grade children and adults in reading regular and
spaced texts in Chinese. They showed that both 3rd grade
children and adults had shorter fixation duration and shorter
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reading time per word when reading spaced texts than regular
texts; however, the difference in reading time per word was
greater in 3rd grade children than in adults. This result
suggested that using spacing to mark word boundaries may
make young children’s reading more efficient. Note however
that Zang et al. (2013) did not examine comprehension
accuracy. Thus, it remains unclear whether word boundary
information facilitates young beginning readers’ reading
comprehension. Also, previous eye movement studies
focused on summary statistics of local eye movement
behavior, such as fixation duration and frequency of
regressive saccades. These measures could not adequately
capture changes in overall eye movement planning behavior
due to word boundary information. We speculated that
providing word boundary information during sentence
reading, especially when using spacing, might interfere with
their eye movement planning and visual routines for reading,
resulting in decrease in eye movement consistency. This may
affect their reading performance including comprehension
accuracy.
To test this hypothesis, we conducted an eye tracking study
of Chinese sentence reading with primary grade 2 and 3
beginning readers. We examined how using spacing (i.e.,
spacing condition) or shading contrast (black and grey;
highlighting condition) to mark word boundaries influenced
children’s reading performance in both reading time and
comprehension accuracy, and eye movement behavior
including summary statistics and eye movement consistency.
To quantify participants’ eye movement consistency during
reading, we used a machine-learning model-based approach,
Eye Movement analysis with Hidden Markov Models
(EMHMM; Chuk et al., 2014). In this approach, an
individual’s eye movement pattern was summarized using an
hidden Markov model (HMM) in terms of regions of interest
(ROI) and eye gaze transition probabilities among the ROIs.
Thus, it takes both where the participant looks and the order
of where the participant looks into account. We then use
entropy of the HMM to quantify the participant’s eye
movement consistency during reading (e.g., Hsiao, Chan et
al., 2021; Hsiao, An et al., 2020). Entropy is a measure of
predictability; higher entropy indicates lower consistency
(Cover & Thomas, 2006). According to previous studies, we
speculated that in addition to reduced fixation duration,
spacing may disturb these young beginning readers’ eye
movement planning as reflected in decreased eye movement
consistency/increased entropy, and this may affect their
comprehension accuracy. To examine whether the effect of
word boundary information on reading performance, if any,
was related to children’s language proficiency and cognitive
abilities relevant to reading, we also measured children’s
word reading and dictation ability, non-verbal IQ, and the
ability to efficiently name highly familiar symbols (i.e., rapid
automatized naming, or RAN; Ding et al., 2010; Shum & Au,
2017). We speculated spacing effect in reading performance
may be particularly related to eye movement consistency
change instead of children’s Chinese proficiency or cognitive
abilities.

Methods
Participants
Thirty-four grade 2-3 primary school students in Hong Kong
were recruited (27 males; 10 grade-two students). According
to a power analysis (G*Power, Faul et al., 2007), a sample
size of 34 was needed to acquire a medium effect size (d =
.5), with .05 alpha and 80% power in a paired sample t-test
for examining highlighting or spacing effect.

Materials
Participants performed a Chinese sentence reading task,
followed by a list of Chinese proficiency and cognitive ability
tests that were found to be related to reading performance
(e.g., Catts et al., 2008; Hage & Stroud, 1959; Logan et al.,
2011; Arnell et al., 2009).
Chinese sentence reading A total of 60 age-appropriate
sentences for primary three students were designed, based on
the Lexical Items with English Explanations for Fundamental
Chinese Learning in Hong Kong Schools (Education Bureau,
2008) and Territory-wide System Assessment (TSA)
question papers. The length of each sentence was between 4
to 19 characters and between 3 to 11 words. Each stimulus
was followed by a yes-no comprehension question. Their
sentence reading time, and accuracy and reaction time (RT)
of the comprehension questions were recorded. Each
sentence was presented in one of three presentation
conditions: normal, spacing, and highlighting (Figure 1), with
20 sentences in each condition. In the normal condition,
normal unspaced sentences were presented. In the spacing
condition, sentences were presented with space between
words. In the highlighting condition, words in a sentence
were presented in alternating black and grey so that word
boundaries were marked by shading contrast. Word
segmentation was performed according to the CKIP Chinese
Word Segmentation System of Taiwan Academia Sinica (Lin
& Lin, 2017). Sentences presented in the three conditions
were matched in sentence length and structure and were
counterbalanced across participants. Participants performed
three blocks of reading task with one for each presentation
condition. The block order was counterbalanced across
participants. Stimuli in each block were presented in a
random order.
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Figure 1: An example sentence presented in three
conditions.

Chinese proficiency A Chinese word reading task and a
Chinese dictation task were administered. In Chinese word
reading, 80 two-character words were chosen from Grade 1
to 4 Chinese textbooks used in the local curriculum (Chen et
al., 2011), with 20 words from per grade. Participants were
required to read them out accurately as fast as they could.
Their accuracy and RT were recorded. In Chinese dictation,
32 two-character words were presented verbally from a
recording. After hearing each word, participants wrote down
the word on the answer sheet. If the participant could not
write the characters correctly for consecutively 16 times (8
words), the experimenter ended the task. Participants’
accuracy was measured. Stimuli in both tasks were validated
by three qualified primary Chinese teachers as appropriate to
primary 2 and 3 students.
Nonverbal IQ The Raven’s Standard Progressive Matrices
(RSPM; Raven, 1958) Set A to C were used to measure
participants’ nonverbal IQ (Education Bureau, 1986).
Rapid Automatized Naming (RAN) Following the Digit
Rapid Naming subtest from the Hong Kong Test of Specific
Learning Difficulties in Reading and Writing for Primary
School Students (HKT-P(II); Ho et al., 2007), a total of 40
digits (randomly drawn from five digits 2, 4, 6, 7, and 9) were
printed on a white A4 paper in a 5 x 8 matrix. Participants
were asked to name the digits as fast as they could, and a
stopwatch was used to record the total naming time. They
repeated this procedure once. The average time (the nearest
1/100 second) was calculated.

movement consistency as measured in entropy using
EMHMM (please see the EMHMM section below).
Correlation was used to examine whether any observed
spacing/highlighting effect in reading performance was
associated with Chinese proficiency, cognitive ability, or eye
movement measures.

Procedure
In the sentence reading task, participants started with a
practice block with 6 trials, followed by three experimental
blocks. The experimenter ensured that participants
understood the task and answered all practice trials correctly
before they proceeded. Each experimental block had 22 trials,
with the first two trials being practice trials. At the beginning
of each block, a nine-point calibration procedure was
performed. Each trial started with a solid dot at the screen
center for drift correction, followed by a cross on the left side
of the screen. Participants were instructed to look at the cross
when it appeared. After a fixation was detected at the cross,
the cross disappeared, and the target sentence was presented
1° of visual angle to the right of the cross. Participants
pressed the space bar to indicate finishing reading the
sentence. The corresponding yes-no question then appeared,
and participants pressed the button “F” and “J” for correct
and incorrect answers respectively (Figure 2).
After the sentence reading task, participants completed the
Chinese word reading and dictation, non-verbal IQ, and RAN
tasks.

Design
All Chinese stimuli were displayed in Microsoft Standard Kai
font, which was a commonly used font at local primary
schools. The presented size of a character was determined
according to the size adopted in TSA question papers, 5 mm
x 5 mm. Under a normal reading distance of 30 cm, each
character subtended 1° of visual angle. During the
experiment, the viewing distance was 55 cm. Thus the
presented size of each character was 1 cm x 1 cm so that each
character spanned about 1° of visual angle. In the spacing
condition, the space between words was the half width of a
character (i.e., 5 mm). Stimuli were presented in black with a
white background on a 17’ CRT monitor with a resolution of
1280 x 960. Participants’ eye movements were recorded
using an EyeLink 1000 Plus eye tracker. A chinrest was used
to reduce participants’ head movement.
The design consisted of an independent variable,
presentation condition (normal vs. spacing vs. highlighting).
Repeated-measures ANOVA was used. In addition, we
conducted planned comparisons using paired t-test to
examine spacing (spacing vs. normal) and highlighting effect
(highlighting vs. normal). The dependent variables were
reading performance including reading time, comprehension
accuracy and RT, and eye movement measures including
number of fixations, average fixation duration, average
saccade length, regression rate, skipping rate, and eye

Figure 2: Procedure of sentence reading task.

EMHMM
EMHMM (Chuk et al., 2014) was used to summarize a
participant’s eye movement behavior during reading using a
hidden Markov model (HMM, a type of time-series statistical
model in machine learning). The hidden states of the HMM
corresponded to the participant’s regions of interest (ROIs).
Eye gaze transitions among the ROIs were summarized into
a transition matrix with the prior indicating the probability of
the first fixation landing in each of the ROIs. We then
quantified the participant’s eye movement consistency using
entropy of the HMM (e.g., Hsiao, Chan et al., 2021; Hsiao,
An et al., 2020). To examine the contributions from
participants’ initial fixation preference (i.e., the prior) and the
gaze transition patterns among the ROIs separately, in
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addition to overall entropy of the HMM, we measured
marginal entropy of the first fixation and steady-state
conditional entropy (where the transitions were not affected
by the prior).
Here we used two different EMHMM modeling
approaches to quantify participants’ eye movement
consistency. In the first approach, we used the original
EMHMM where ROIs were discovered in a data-driven
fashion (e.g., Chuk, Crookes et al., 2017; Chuk, Chan et al.,
2017; Chan et al., 2018; Zhang et al., 2019; Chan, Barry et
al., 2020; Chan, Suen et al., 2020; An & Hsiao, 2021; Hsiao,
An, et al., 2021; Lee et al., 2021). More specifically, we
summarized a participant’s eye movement pattern in a
presentation condition using an HMM including personspecific ROIs and transition probabilities among the ROIs
estimated from the participant’s data. The Variational
Bayesian Expectation Maximization algorithm (Bishop,
2006) was used to determine the optimal number of ROIs for
each HMM from a preset range 1 to 11 (since the maximum
number of words in a sentence was 11). This measure of
entropy reflected both individual differences in fixation
location/ROI choice and gaze transition among the ROIs.
In the second approach, following previous eye movement
studies on reading where ROIs are typically pre-defined to be
on individual words with the assumption that words are the
basic functional units of sentence processing (e.g., Perfetti,
1985), we predefined an ROI on each word in a sentence and
summarized the participant’s gaze transition probabilities
among words using an HMM for each sentence (cf. Chuk et
al., 2020; Cho et al., 2022a; 2022b; 2022c). We then summed
over the entropies of the HMMs in each condition. This
measure of entropy reflected only gaze transitions among
words but not fixation location/ROI choices.
During training, each model was trained for 300 times, and
the model with the highest data log-likelihood was used.

Eye Movement Measures
In fixation duration, a significant condition effect was
observed, F(2, 66) = 7.48, p = .001, 𝜂𝑝2 = .185 (Figure 4a); in
planned comparisons, participants had shorter fixation
duration in spacing than normal condition, t(33) = -3.683, p
= .002, d = -.632, whereas no highlighting effect was
observed. In average saccade length, a significant condition
effect was observed, F(2, 66) = 28.9, p < .001, 𝜂𝑝2 = .467
(Figure 4b); in planned comparisons, participants had longer
average saccade length in spacing than normal condition,
t(33) = 6.514, p < .001, d = 1.117, whereas no highlighting
effect was observed. In regression rate, a significant
condition effect was observed, F(2, 66) = 3.46, p = .037, 𝜂𝑝2
= .095 (Figure 4c); in planned comparisons, no spacing effect
was observed; however, a highlighting effect was observed,
where participants had higher regression rate in normal than
highlighting condition, t(33) = 2.392, p = .023, d = .410. No
condition effect was observed in fixation number or skipping
rate.

Figure 3: Behavioral results: (a) Sentence reading time. (b)
Comprehension accuracy. (c) Comprehension RT.

Results
Behavioral results
Participants’ Chinese sentence reading performance was
shown in Figure 3. The repeated-measure ANOVA revealed
no presentation condition effect in sentence reading time,
F(2, 66) = .392, p = .677, or in comprehension RT, F(2, 66)
= .210, p = .811. In comprehension accuracy, a significant
condition effect was observed, F(2, 66) = 3.93, p = .024, 𝜂𝑝2
= .106: participants had higher accuracy in normal than
spacing condition, t(33) = 2.69, p = .029, d = .461. The
planned comparison for spacing effect showed that
participants had higher comprehension accuracy in normal
than spacing condition, t(33) = 2.693, p = .611, d = .462; this
effect was not observed in sentence reading time, t(33) = .470, p = .641, or comprehension RT, t(33) = -.421, p = .676.
The planned comparison for highlighting effect showed no
effect in sentence reading time, t(33) = -.842, p = .406,
comprehension accuracy, t(33) = 1.462, p = .153, or
comprehension RT, t(33) = -.546, p = .589.
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Figure 4: Traditional eye movement behaviors: (a) Fixation
duration. (b) Average saccade length. (c) Regression rate.

fixation, F(2, 66) = .578, p = .564, overall entropy, F(2, 66)
= .834, p = .439, or steady-state conditional entropy, F(2, 66)
= .811, p = .449. The planned comparisons also did not show
any significant spacing or highlighting effect.

Figure 5: (a) Example model using the original EMHMM
approach. (b) Example model of one sentence using the
approach with predefined ROIs on individual words.

Figure 7: (a) Correlation between spacing effect in
comprehension accuracy and spacing effect in steady-state
conditional entropy, and (b) correlation between spacing
effect in comprehension accuracy and spacing effect in
marginal entropy of the first fixation calculated using the
pre-defined ROI approach.

Figure 6: Entropies results: (a) Overall entropy, (b)
Marginal entropy of the first fixation, and (c) steady-state
conditional entropy using the original EMHMM modeling
approach.

Entropies
Figure 5 shows example models resulting from the two
modeling approaches. When using the original EMHMM
approach, in overall entropy, no significant condition effect
was observed, F(2, 66) = 2.39, p = .099. However, planned
comparisons showed a significant spacing effect: participants
had lower overall entropy in the normal than spacing
condition, t(33) = -2.560, p = .015, d = -.439 (Figure 6a). In
marginal entropy of the first fixation, no significant condition
effect was observed, F(2, 66) = .418, p = .660, and no spacing
or highlight effect was observed in the planned comparisons
(Figure 6b). In steady-state conditional entropy, a significant
condition effect was observed, F(2, 66) = 3.23, p = .046, 𝜂𝑝2
= .089 (Figure 6c). Planned comparisons showed that
participants had lower steady-state conditional entropy in the
normal than spacing condition, t(33) = -2.42, p = .021, d =
-.416. No highlighting effect was observed in any of the
entropy measures. Together these results suggested that
spacing decreased children’s gaze transition consistency in
sentence reading.
When using the pre-defined ROI EMHMM, no condition
effect was observed in either marginal entropy of the first

Our analysis above suggested that spacing impaired
children’s comprehension accuracy, shortened fixation
duration, and decreased eye movement consistency during
reading. To examine whether their performance impairment
was associated with decrease in fixation duration or eye
movement consistency, we defined spacing effect as the
normalized difference in accuracy/duration/entropy between
spacing and normal condition as (S – N)/(S + N), where S
referred to spacing condition accuracy/duration/entropy and
N referred to normal condition accuracy/duration/entropy.
First, we found that none of the Chinese proficiency and
cognitive ability (IQ and RAN) measures, or spacing effect
in fixation duration, was associated with spacing effect in
accuracy. Using the entropy measures from the original
EMHMM method, after we partialed out the cognitive ability
and Chinese proficiency factors, spacing effect in accuracy
was marginally correlated with spacing effect in overall
entropy, r(27) = -.353, p = .061, but not with marginal
entropy of the first fixation, r(27) = -.308, p = .104, or change
in steady-state conditional entropy, r(27) = -.219, p = .253.
When we used entropy measures from the pre-defined ROI
approach, spacing effect in accuracy was correlated with
spacing effect in steady-state conditional entropy, r(27) =
-.389, p = .037 (Figure 7a), and spacing effect in marginal
entropy of the first fixation (Figure 7b), r(27) = -.411, p
= .027: larger performance impairment due to word spacing
was correlated with larger increase in both steady-state
conditional entropy and marginal entropy of the first fixation.
This effect was not observed in overall entropy, r(27) = .016,
p = .934. Together these results suggested that children’s
impaired comprehension performance in reading sentences
with space between words was particularly related to
decrease in eye movement consistency due to the added space
between words.
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Discussion
Here we examined how word boundary information affected
Chinese sentence reading performance in children as
beginning readers. We tested the hypotheses that using
spacing to mark word boundaries could interfere with eye
movement planning for visual routines, and this may impair
reading performance. Consistent with our hypotheses, we
found that children had shorter fixation duration, lower
comprehension accuracy, and lower eye movement
consistency in the spacing than normal condition, and the
spacing effect in eye movement consistency was correlated
with spacing effect in comprehension accuracy. In particular,
this comprehension accuracy impairment was associated with
consistency in eye gaze transitions among words, as
measured in entropy based on the fixed ROI approach where
each ROI corresponded to a word. It is possible that young
children have not developed a mature visual routine to extract
meanings according to word boundaries when attempting to
understand a sentence. The spacing forced them to follow
clearly defined word boundaries, which may be inconsistent
with their existing visual routines or knowledge of sentence
structure and vocabulary. Indeed, recent studies on
perceptual expertise have suggested that experts of a visual
task typically demonstrated a more consistent eye movement
pattern than beginners, and beginners will gradually develop
a more consistent visual strategy during learning. For
example, adult English readers are found to have more
consistent refixation behavior when reading long words than
children (Joseph et al., 2009). In problem solving, experts
show higher eye movement consistency than novices
(Chanijani et al., 2016). In face recognition, children’s eye
movement consistency increased with age and predicted
recognition performance (Hsiao et al., 2020). Thus, these
young beginning readers were unlikely to have developed a
consistent visual routine that followed well with word
boundary information. Disturbances in sentence parsing or
syntactical analysis may have confused them, resulting in
poorer comprehension.
In contrast, we found that using shading contrast to mark
word boundaries did not influence children’s comprehension
accuracy, reading time, or eye movement consistency,
although it reduced their regression rate. Using shading
contrast to mark word boundaries did not change the sentence
configuration, or relative distances between words in a
sentence. Thus, it may have led to less disturbances in eye
movement planning and syntactic analysis. However,
although it reduced regression rate, it did not enhance
children’s reading performance.
The finding that children had shorter fixation duration in
the spacing than normal condition was consistent with
previous studies (e.g., Zang et al., 2013). Nevertheless, no
difference in sentence reading time was observed between the
two conditions; this result was consistent with previous
studies with adults (e.g., Bai et al., 2008). Oralova and
Kuperman (2021) examined the effect of amount of spacing
in Chinese texts on adult readers’ reading performance. They
showed that when spaces were inserted between every two

words, participants’ sentence reading time did not differ from
the normal condition without spacing. In contrast, when
spaces were placed only at locations that at least 90% of the
raters agreed to place a word boundary, they had shorter
sentence reading time than the normal condition. In Chinese,
word boundaries in a sentence are not as clearly defined those
in alphabetic languages due its logographic nature. These
results suggest that placing space only at locations that create
meaningful character clusters to the reader may better
facilitate Chinese sentence reading speed than placing space
between every two words. Thus, it is possible that children’s
reading speed can be facilitated by placing space only at
locations that are consistent with their existing knowledge of
sentence structure and vocabulary. Future work will examine
this possibility.
Note that here we did not manipulate sentence difficulty,
as all sentences were appropriate for our participants’ age
according to standardized teaching materials. Thus, it
remains possible that spacing may facilitate children’s
comprehension for easier or more difficult sentences, and the
modulation effects may also depend on children’s age and
reading level. For instance, Wang (2015) found that 4th grade
children (intermediate readers) had higher comprehension
scores in the spacing condition than normal condition when
reading difficult texts but not easy texts. Thus, children with
a higher reading level may have better syntactic knowledge
and visual routines that better match word boundaries, and
thus spacing may help them analyze sentences with more
complicated structures, leading to better comprehension for
more difficult sentences.
In conclusion, here we showed that using spacing to mark
word boundaries in Chinese sentences impaired young
beginning readers’ reading comprehension accuracy but did
not affect their reading time. The impairment in
comprehension accuracy was associated with decrease in
consistency of eye gaze transition behavior among words
during reading. This result suggested that the performance
impairment may be related to their immature visual routines
for reading that may be inconsistent with the word boundary
information, which may consequently interfere with their
syntactic analysis. In contrast, using shading contrast
between words to mark word boundaries did not influence
either reading time or comprehension accuracy, although it
decreased regression rate. Thus, using spacing to mark word
boundaries may not facilitate young beginning readers’
reading performance. Rather, it may impair their
performance due to disturbances to their immature visual
routines for reading. This finding has important educational
implications for developing learning instructions to facilitate
children’s reading development.
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Abstract
In this paper, we have studied the impact of clickbait headlines
on the distribution of visual attention on hyperlinked news articles. Visual attention is a driving factor in ad-based revenue models that support online journalism. Importantly, it
is also an indicator of cognitive processes involved in reading
and comprehension. We hypothesize that articles with clickbait headlines receive lesser visual attention when controlled
for articles’ content. This is based on the premise that a significant proportion of clicks on clickbait headlines are driven
by readers’ specific epistemic curiosity rather than knowledge
acquisition. An eye-tracker setup was used to infer visual
attention from the gaze-fixation analysis conducted on data
from 60 participants. Our results suggest that clickbait headlines significantly reduce the visual attention on news articles.
Though, article content comprehension measured by a recall
test was comparable for clickbait and non-clickbait headlines.
Our findings add to the discussions on the cognitive attention
and the implications of using clickbait headlines for news publishers, newsreaders, and advertising agencies alike.
Keywords: eye-tracking, attention, visual-attention, clickbait

Introduction
Background
The modern journalistic landscape is evolving rapidly, as we
witness an accelerating shift from traditional media to digital media [Franklin, 2014]. The driving factor here is a
growing percentage of people that rely primarily on the internet for news consumption [Shearer, 2021]. As per the
Reuters Institute’s India Digital News Report, 2019, 56%
of the sampled population under 35 years consume online news sources (including social media handles of news
sources) [Zeenab Aneez and Nielsen, 2019]. This has dramatically eroded the financial barriers of entry and distribution in news media and has allowed for a democratization
of journalism [Purcell et al., 2020] – today, small independent news sources can compete with traditional media houses
for consumers on digital channels. On the other hand, this
democratization has also led to a proliferation of questionable journalistic practices in a bid to attract eyeballs online
and capture the elusive ’click’ from readers, which is monetized by media houses through advertisements and subscriptions [Blom and Hansen, 2015, Molek-Kozakowska, 2013].
A common approach used by media outlets for this purpose
is clickbait.

Understanding Clickbait
Clickbait is defined as catchy headlines that lure readers into
clicking on them and are hyperlinked to accompanying arti-

cles [Chakraborty et al., 2016]. Facebook defines clickbait as
”when a publisher posts a link with a headline that encourages
people to click to see more, without telling them much information about what they will see” [O’Donovan, 2014]. That
is, clickbait headlines rely on readers’ specific epistemic curiosity, tapping into the observations made by Loewenstein in
his Information Gap Theory[Loewenstein, 1994]. The text of
a clickbait headline is framed in a manner that creates an ’information gap’ for readers, who in turn proceed to click on the
headline to fill this created information gap and satisfy their
specific epistemic curiosity. Although the general perception
is that clickbait headlines are limited to the fringes of news
media, work published by Rony, Hassan, and Yousuf in 2017
has shown that mainstream news media also contains clickbait content. The percentage of social media posts having a
clickbait headline being as high as 33.54% for mainstream
news publishers [Rony et al., 2017].
The language and syntax of clickbait headlines are cleverly constructed to grab readers’ attention. Headlines often pose a question, include spoilers or falsified/fake spoilers to arouse curiosity and get readers to click on the article. Additionally, clickbait headlines also use forwardreferencing, where information present in the article is referenced in the headline, without providing any additional details [Blom and Hansen, 2015]. For example, Lockdown extended in Odisha: This is what you’re required to do. In this
actual real-world headline, the word ’this’ refers to information that is supposedly present in the article, but no additional
details on what the actual information has been provided in
the headline.
While seeking readers’ attention on social media and
news websites in a digital environment with prevalent
information overload, publishers’ aspirations often extend beyond the benign intention of information sharing
and knowledge transfer. A 2015 report by the Columbia
Journalism Review discussed the case of an online news
magazine which paid writers $100 per month, along with
an additional $5 for every 500 clicks on their news stories
[Murtha, 2015]. This trend of giving incentives to journalists
to churn out clickbait headlines has led to a shift of writer
focus, away from trustworthy value-added journalism,
and towards the creation of digital serfs [Filloux, 2016].
Clickbait headlines have been shown to lower readers’ trust in news items [Kaushal and Vemuri, 2021,
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Molyneux and Coddington, 2020]. Clickbait has also been
shown to be a form of attention distraction for readers in cognitive studies; there is evidence that clickbait leads to higher
stress, a bad mood, and lower productivity [Mark, 2014].

Attention and News Media
In the nascent years of experimental psychology, William
James famously wrote, ”Everyone knows what attention is.
It is the taking possession by the mind, in clear, and vivid
form, of one out of what seems several simultaneously possible objects or trains of thought.”. In the decades since, attention has been widely studied with different experimental
designs and approaches, yet an exact definition is debated
in the research community [Lindsay, 2020]. McMains and
Castner have defined visual attention as a set of cognitive operations that mediate the selection of relevant and the filtering out of irrelevant information from cluttered visual scenes
[McMains and Kastner, 2009]. Hommel et al. put forward a
compelling argument against the definition and usefulness of
attention as a unitary construct [Hommel et al., 2019]. Nevertheless, despite the competing views and diverse definitions, the crux remains that attention is the flexible control
of limited computational resources, which is of demonstrably high importance to information processing in the brain
[Lindsay, 2020].
With the emerging prominence of digital news media, there
has been active research on understanding readers’ attention
in online news consumption. Lagun and Lalmas explored
readers’ engagement with online news media through viewport time (position of the web page visible to the user at any
point) data collected from 267,210 views on 1,971 pages of
a major online publisher [Lagun and Lalmas, 2016]. They
showed a strong positional bias in news reading.

Clickbait and Visual Attention
Digital news media results in an information overload for
news consumers, given the number of sources – primary
and secondary – and hence presents a cognitive challenge
for readers to process the available information. This
makes the maximization of visual attention on a news website or article the goal for media houses, considering the
advertisement-dependent revenue model of most news publishers [Mings and White, 2000]. Besides impacting publishers’ financial well-being, visual attention to news articles also
has a direct role in the comprehension of news items. Partial consumption may lead to the propagation of half-truths,
where readers contextualize consumed information with their
bias and end up propagating misleading or outright false
news.
There have been eye-tracking studies for understanding readers’ visual attention on online news media
sites, and print media [Leckner, 2012, Mosconi et al., 2008,
Holsanova et al., 2006, Zambarbieri et al., 2008]. A 2017
study by Kruikemeier, Lechler and Boyer compared learning from news across different platforms and showed that
visual attention on digital news media is more selective

and not as diverse as visual attention on print media
[Kruikemeier et al., 2017]. Gibbs and Bernas compared visual attention across newspaper, and TV-news oriented digital news media sites and reported variability in areas that attracted readers’ attention [Gibbs and Bernas, 2009]. An eyetracking study on print and digital news media showed that
the form of news, as specified by design, layout, and visual
cues, affects the patterns of interactive attention more than
the medium itself [Bucher and Schumacher, 2006]. Our specific interest lies in understanding how clickbait headlines affect visual attention, keeping the cognitive heuristics of digital news credibility in mind. Such analysis will help understand whether clickbait negatively impact the financial sustainability of the advertisement-supported revenue model of
journalism. To the best of our knowledge, empirical evidence
for clickbait news headlines’ impact on the distribution of attention to news articles and its correlation to motivation has
not been presented to date. Hence, our work aims to investigate a) whether visual attention measures show a difference
for articles with clickbait headlines, as compared to the same
articles with non-clickbait headlines; b) whether the distribution of visual attention on articles varies when presented with
a clickbait headline; and c) if the usage of clickbait headlines
affects the cognitive recall of the articles’ content.

Hypothesis
A noteworthy point in the context of visual attention on articles is Facebook’s implementation of a filter on its platform in
2013, which identified and removed clickbait content by measuring the amount of time users spent on a page after clicking on a link [El Arini and Tang, 2014, Munger et al., 2020].
The underlying assumption here is that when users click on
a clickbait link, they do not have a strong incentive to spend
much time on the hyperlinked page besides satiating the curiosity which fueled their click. Hence, they will return to
the platform quicker, resulting in reduced visual attention to
the article. Through our work here, we wish to understand
whether this behavior would hold in the event of news headlines that are clickbait in nature. We proposed the following
hypothesis in this regard:
HA : News articles with clickbait headlines receive lesser
visual attention than news articles with non-clickbait headlines when the articles’ content is controlled.
H0 : The clickbait nature of headlines does not impact the
visual attention that hyperlinked news articles receive.
Our study has quantified readers’ attention through an eyetracking setup, which records readers’ gaze fixation. Gaze
fixation has been used as a measure of readers’ attention in
eye-tracking studies on readings tasks [Ishimaru et al., 2016,
Hernandez et al., 2017, Rayner, 2009, Frischen et al., 2007].
The importance a reader accords to a display area can be
gauged from the fixation count or number of fixations, while
fixation duration is a measure of the actual reading process.
To support the data from eye movement, retention of articles’
content is tested by a questionnaire.
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We hope to understand the differences in the readers’ attention distribution on articles with clickbait and non-clickbait
headlines. The premise is that clickbait headlines selectively
cue readers to focus on specific portions of a hyperlinked article – the segments that fill the information gap created by the
respective clickbait headline. We have also collected credibility questionnaire responses for news articles from participants.

Methodology
Selection of Articles
Four Indian news articles were selected from the WebisClickbait-17 dataset of annotated news headlines and articles
– a publicly available dataset used to train clickbait detection
models. The articles selected dealt with news of the Indian
context, since contextual familiarity is a pivotal component of
the information gap that fuels the curiosity driving clicks on
baiting headlines [Loewenstein, 1994]. Five independent human annotators annotated the articles as a part of the WebisClickbait-17 dataset preparation [Potthast et al., 2018]. Two
of these selected articles had a clickbait headline, and the
other two had a non-clickbait headline. Alternate headlines
were generated for each article (a clickbait headline for an
article with a non-clickbait headline and vice versa), and
the headlines were pre-tested for ‘clickbait-iness’ using responses from 50 Indian participants recruited on Amazon’s
Mechanical Turk. It was also ensured that the word count of
all the articles was less than 450 words to cap the average
reading time at two minutes [Brysbaert, 2019].
Additionally, each article was divided into two areas of interest – the ‘info’ segment and the ‘other’ segment. This division was not visible to the participants but was used in our
analysis to understand readers’ visual attention distribution.
The demarcation between the two segments was done based
on the content referenced in the clickbait headline. The ‘info’
segment of an article contained text referenced in the respective article’s clickbait headline, while the rest of the article
constituted the ‘other’ segment.

Participants
60 English-speaking graduates (age - in years, µ = 24.05, σ =
3.85) residing in India and familiar with Indian news who
consumed news primarily in the English language were recruited to participate in the study with their consent for noninvasive eye-movement detection. Out of the 60 participants,
56 identified as male, and four identified as female. Participants were randomly divided into two groups – the control
group and the test group. Participants in the control group
were shown the chosen news articles with non-clickbait headlines, while participants in the test group were shown the
same set of articles with clickbait headlines instead. A participation fee of Rs. 100/- each was provided to the participant.

Eye-Tracking Setup
Our study used the Tobii Pro X2-30 eye-tracking system to
collect gaze fixation data at a frequency of 30 frames per sec-

ond. The eye-tracker was set up in an isolated room with a
display screen of 35.56 cm diagonal width. The participant
was seated at a suitable distance from the screen (based on
eye-tracker calibration feedback) and at a comfortable height
to ensure a pleasant reading experience with optimum eyetracking. Careful calibration was done to ensure that gaze fixations were being accurately recorded. Calibration was done
with 5 points spread across the four corners of the screen and
one at the center. The screen background for reading tasks
was gray (RGB: 128, 128, 128) to avoid excessive strain on
the eyes. A 10-second gap was provided between consecutive
articles for the participants to relax their eyes. Tobii Studio
internally uses the I-VT fixation filter algorithm to identify
eye fixations [Komogortsev et al., 2010, Olsen, 2012]. As detected by the sensors, a cutoff of 80% eye data capture was
applied to filter participants prior to the final analysis.

Experiment Flow
Two parallel tracks were created, one each for the control and
test groups. While the articles were the same across both the
tracks, clickbait headlines were used for the test group, while
the corresponding non-clickbait headlines were used for the
control group. These articles were presented in a random order for each participant to eliminate confound effects. Participants were informed that they were free to read the articles as
they usually do with no specific instructions to focus on any
part. This was to closely emulate the free-scrolling reading
behavior prevalent in the consumption of digital news media.
After reading through the four articles along with the eyetracker setup, participants were provided with three questionnaires.

Surveys and Questionnaires
At the end of the eye-tracking study, participants of both
groups were presented with the following three questionnaires:
Recall Test Two questions each from the four articles were
presented to participants with four multiple-choice options,
along with a ‘Do not recall’ option. These eight questions
were used to assess participants’ ability to recall details from
articles read.
Trust in News Media Questionnaire The “Trust in News
Media” multidimensional scale for the assessment of trust in
news media was administered [Kohring and Matthes, 2007].
The measure is a standard scale identified using a factor analytical approach on four sub-components. Each represents an
essential contribution to trust in news media – selectivity of
topics, selectivity of facts, and accuracy of facts depictions,
and journalistic assessment.
Demographic Survey The participants provided a selfreport on demographic parameters like age and primary language of news consumption. This survey was anonymous and
non-identifying in nature.
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Data Analysis

representation plots are shown in figure 1.

Levene’s Test Levene’s test was used to assess the equality of variance for collected data as a critical assumption for
parametric tests. When the equality of variance was violated,
non-parametric tests were used instead.

Gaze Fixation Count

D’Agostino-Pearson Test The D’Agostino-Pearson Test
was conducted on all data collected to check for normality
of the distribution. Normality of the distribution is a crucial
assumption for parametric tests. Hence, when the assumption
was violated, non-parametric tests were conducted instead.
One-way ANOVA Test The one-way ANOVA test was administered to study the significance and impact of independent variables on dependent variables for the effect of clickbait headlines on participants’ recall scores, normalized gazefixation duration on ’info’ segments, ’other’ segments, and
the entirety of the news articles. The pre-conditions of normalcy and equality of variance were verified before conducting this parametric test.
Kruskal-Wallis H Test The Kruskal Wallis H test was
used as a weaker non-parametric alternative to the one-way
ANOVA test when the assumptions of normalcy or equality
of variance were violated for the data being analyzed. Notably, the Kruskal-Wallis H test was used to analyze the impact of clickbait headlines on the reported credibility of news
articles, as the distribution was not found to be normal – violating the required pre-condition for parametric tests.
Correlation Test Pearson’s correlation coefficient (r) was
calculated for normalized gaze-fixation duration and participants’ recall, as both the distributions met the required precondition of the normalcy of distribution.

Results
Gaze Fixation Duration
The observed distribution of normalized gaze fixation duration across all articles for both the control and test groups
met the required criteria for parametric tests. Hence a oneway ANOVA test was conducted to evaluate the significance
of differences. The normalized gaze fixation duration across
all articles was found to be significantly higher (F1,238 =
11.68, p < 0.001) for the control group (µ = 0.37, σ = 0.23)
as compared to the test group (µ = 0.27, σ = 0.21). This implies that the usage of a clickbait headline significantly reduced the visual attention received by articles.
Similarly, the normalized gaze fixation duration for ‘other’
segments across all articles was found to be significantly
higher (F1,238 = 9.81, p < 0.005) for the control group (µ =
0.35, σ = 0.23) as compared to the test group (µ = 0.26, σ =
0.22). The normalized gaze fixation duration for ‘info’ segments of all articles was found to be higher for the control
group (µ = 0.38, σ = 0.23) as compared to the test group
(µ = 0.33, σ = 0.22), although in this case, the difference was
only found to approach significance (F1,238 = 2.83, p < 0.10)
(Table 1). The results are plotted in figure 2 and the heatmap

The observed distribution of normalized gaze fixation count
across all articles for both the control and test groups met
the required criteria for parametric tests. Hence a one-way
ANOVA test was conducted to evaluate the significance of
differences. The normalized gaze fixation count across all articles was marginally higher for the test group (µ = 0.48, σ =
0.25), as compared to the control group (µ = 0.53, σ = 0.27)
but the difference was not found to be significant (F1,238 =
2.15, p = 0.14).
No difference was observed between the normalized gaze
fixation count for ‘info’ segments across all articles for the
test group (µ = 0.54, σ = 0.25) as compared to the control
group (µ = 0.56, σ = 0.27). While the normalized gaze fixation count for ‘other’ segments across all articles was found to
be significantly higher (F1,238 = 3.99, p < 0.05) for the control group (µ = 0.48, σ = 0.26) as compared to the test group
(µ = 0.42, σ = 0.25).

Recall Test
The recall of articles, tested through a multiple-choice questionnaire with two questions per article was slightly higher
for the control group (µ = 4.40, σ = 1.99) as compared to the
test group (µ = 4.23, σ = 1.87), although the difference was
not significant (F1,58 = 0.11, p = 0.74). A significant positive
correlation was observed between recall and gaze fixation duration (r = 0.21, p < 0.001).

Other Results
The credibility of news articles, as measured through the
Kohring and Matthes ‘Trust in News Media’ questionnaire,
was found to be marginally higher for the test group (µ =
34.85, σ = 3.72) as compared to the control group (µ =
32.85, σ = 4.65), but the difference was not found to cross
the threshold for significance (H1 = 3.30, p < 0.10). 41
participants reported Social Media as one of their primary
sources of news. Thirty-six reported News Websites, 30
reported Mobile-based News Apps, 15 reported TV News
Channels, while only 9 reported Newspapers among their primary sources of news. The distribution of news sources is
highlighted in figure 3. 59 out of the 60 participants reported
a digital source of news – mobile news apps, news websites,
or social media, amongst their primary news sources.

Discussion
The observed higher normalized gaze fixation duration for the
control group as compared to the test group indicates that articles with non-clickbait headlines receive greater visual attention than articles with clickbait headlines when controlled for
the articles’ content. This observation is in agreement with
our hypothesis. Noticeably, this result cascades to ’other’ segments of the article but is not significant for ’info’ segments
of articles, implying that the parts of articles for which readers’ have been cued by a clickbait headline receive compara-
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Figure 1: Heat-map of the fixation of all participants of the test group (left) and control group (right) on the same article,
when presented with a clickbait headline compared to when presented with a non-clickbait headline respectively. A higher
concentration of fixation counts is evident on the right, especially towards the bottom-most paragraph of the page, which was a
part of the ’other’ segment of the article.
Article Segment
Info
Other
Total

Control Group
µ = 0.38, σ = 0.23
µ = 0.35, σ = 0.23
µ = 0.37, σ = 0.23

Test Group
µ = 0.33, σ = 0.22
µ = 0.26, σ = 0.22
µ = 0.27, σ = 0.21

Significance
F1,238 = 2.83, p < 0.10
F1,238 = 9.81, p < 0.005
F1,238 = 11.68, p < 0.001

Table 1: Normalized gaze fixation duration across all articles for control and test groups. One-way ANOVA test was conducted
to evaluate the significance of observations. Differences between the control and test group were found to be significant for
’other’ segment across all the articles and the full text of all articles, while it was only found to approach significance for the
’info’ segment of all articles.

Figure 2: Normalized gaze fixation duration across all articles for the test and control groups. The reduction in gaze
fixation duration when the same set of articles are presented
with a clickbait headline instead of a non-clickbait headline
are evident.
ble visual attention, unlike the rest of the article. A driving
factor behind readers’ click on clickbait headlines is the satisfaction of their roused specific epistemic curiosity. The info
segment of articles contains this information, which fills the
information gap created by clickbait headlines. This aroused
curiosity is not sustained for other segments of articles, and
hence, overall, the visual attention received by an article is
negatively impacted by a clickbait headline. The importance
readers give to a particular section of an article, as inferred
from fixation count data, also shows that the control group
has higher fixation counts for ‘other’ segments of articles than

Figure 3: An overwhelming majority of the participants
reported digital news media amongst their primary news
sources. Additionally, 41 out of the 60 participants included
Social Media in their reported primary news sources. Note
that the number of participants presented here aren’t mutually
exclusive, participants were allowed to select multiple news
sources.
the test group. This supports the observations for fixation duration, and together these findings validate our hypothesis.
A significant positive correlation was observed between
visual attention and the recall questionnaire measuring article comprehension. This observation has also been seen in
the existing body of research on attention and comprehension [Solan et al., 2007]. Though, no significant difference
was observed in the recall of articles for the test and control
groups. Despite articles with a non-clickbait headline attract-
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ing greater visual attention, it only resulted in a marginally
higher recall for the control group, which failed to meet the
threshold for significance. This could imply that articles with
non-clickbait headlines do not achieve higher comprehension
despite attracting greater visual attention. This needs to be
explored with a more extensive set of clickbait articles, more
elaborate recall testing, and higher-order comprehension.
Existing
research
shows
that
clickbait
headlines
hurt
the
credibility
of
news
articles
[Molyneux and Coddington, 2020,
Kaushal and Vemuri, 2021].
Although in the observations presented in this paper, we did not find a significant
difference between the credibility of articles when presented
with clickbait and non-clickbait headlines. A point to be
noted is that due to the eye-tracking setup and the nature of
the experiment, it was not feasible to include the ’Trust in
News Media’ credibility survey for each article separately
immediately after the article was read. Hence, a single credibility questionnaire for all four articles read was presented
after the recall study at the end of the experiment. This could
have limited the number and the quality of responses to the
credibility survey. Additionally, the small participant size
and a perception of being observed in a lab experiment might
also have impacted our measurements on credibility.
In agreement with many previous media and research reports, in our demographic survey we observed that 41 out of
the 60 participants reported social media as a primary source
of news. The proportion was an overwhelming 59 out of 60
participants for the tally on digital news source amongst their
primary news sources. These observations are in agreement
with existing research that points to an accelerating shift in
news consumption from traditional sources of media to online news and digital media [Bergström and Belfrage, 2018,
Purcell et al., 2010, Franklin, 2014]. While online news and
the sharing of information on social media democratizes media and supports the right to free speech and expression, in
light of the research on clickbait and fake news, there is a
strong need to study readers’ news consumption and comprehension of online information in depth. This also includes the
impact of practices like clickbait and fake news on visual attention, especially with the dependence of digital journalism
on advertisement-driven revenue.
With an overwhelming dependence of online news
media on advertisement-based revenue [Kirchhoff, 2009,
Holcomb and Mitchell, 2014], our observations raise concerns around the proliferation of clickbait headlines and its
impact on the sustainability of ad revenue-based journalism.
Additionally, the lower visual attention on articles due to
clickbait headlines may also concern news publishers seeking meaningful reader engagement. A concerning observation here is the dilution of the news consumption experience
for readers through lowered visual attention on segments of
the article which are not referenced in the respective clickbait
headline (’other’ segment), which usually contains the context.

Conclusion
This paper looked at visual attention on news articles as
measured using eye-tracking and gaze-data analysis and how
clickbait headlines impact this visual attention. Additionally, articles’ comprehension was studied through recall questionnaires. We observed that clickbait headlines significantly
reduced the visual attention received by news articles when
controlling for articles’ content. This reduction was most evident in the segments of an article with information not tagged
or referenced by its clickbait headline. A strong positive correlation was observed between visual attention and recall of
articles, albeit the negative impact of clickbait headlines on
articles’ comprehension was marginal and failed to cross the
threshold for significance. In the information overload of
virtual spaces and diminishing readers’ attention spans, the
balance between ‘clickbait,’ article authenticity, and comprehensive knowledge sharing or reporting is essential for social
and political stability. Clickbait can also morph into a tool
for the rapid propagation of falsehoods and fake news. Given
the seriousness and age of new media platforms, a consensus should be reached on how information is shared, and new
metrics should be devised for credibility, trust, and authenticity.

Limitations
Due to restrictions on travel and interactions imposed by
COVID-19, all of our data was collected from students with
arguably homogeneous education backgrounds, medium of
news consumption, exposure to clickbait, and age. Further
experimentation is needed to draw conclusions on visual attention for broader sections of the population. Additionally,
the design limitation on articles’ length and recall questionnaire considered participants’ motivation and sustained interest, limiting the set of articles administered.
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Abstract
Fundamental concepts in biology are often challenging to
understand. More strikingly, studies also report incorrect or
incomplete understanding of such concepts for undergraduate
natural science students even after instruction. Recent research
suggests that embedding conceptual information in a narrative
could support students’ learning process and facilitate
conceptual change. Therefore, we designed learning materials
covering complex concepts in biology either in the form of a
narrative presenting the to-be-learned concepts in a historical
context or as an expository text as control. We then assessed
conceptual understanding and potential learning mechanisms.
Results indicate that students learned from narrative texts and
expository texts to a similar extent. However, if the prior
knowledge was higher, the effect on learning was bigger in the
narrative group than in the expository group. Moreover, the
narrative led to better enjoyment and a higher germane
cognitive load than the expository text material.
Keywords: Narrative; Conceptual Understanding; Biology;
Higher Education; University; Prior Knowledge

Introduction
Concepts in biology are often taught focusing on facts and
absolute knowledge, while the actual complexity of the
underlying concepts is neglected (Brumby, 1984; Fiedler,
Tröbst, & Harms, 2017). Consistently, empirical studies
conducted at universities report that undergraduate students
in natural sciences frequently do not fully understand
fundamental concepts in biology and, more strikingly, that
these students also often even fail to grasp these concepts
after instruction (Champagne Queloz, Klymkowsky, Stern,
Hafen, & Köhler, 2016; Fiedler et al., 2017).

Studies showed that the two major concepts of random
processes in biological systems and enzyme energetics
repeatedly challenge students’ understanding (Champagne
Queloz et al., 2016; Fiedler et al., 2017). One potential reason
for these difficulties includes students’ teleological mindset
(Coley & Tanner, 2015). A teleological mindset describes the
approach of explaining natural phenomena by ascribing a
causal reason to a random process. For example, bacteria do
not evolve because they are treated with antibiotics, but those
resistant to this antibiotic prior to the treatment survive.
In the light of a conceptual change framework (Vosniadou,
Vamvakoussi, & Skopeliti, 2008), students arrive in lectures
with their naïve ideas of how nature works (i.e., a teleological
mindset) and strive to integrate newly presented knowledge
fragments into their pre-existing knowledge network. For
example, when teaching the random movement of molecules,
students will try to combine the new information with their
already existing conception. Thereby, there is no guarantee
that students will reach the conceptual understanding that is
consistent with the scientifically accepted theory. Therefore,
it is crucial to investigate how biological knowledge can be
conveyed to students to overcome their teleological selfexplanations and ultimately aid them in fully grasping the
concepts.
Imparting theoretical information through a narrative has
been proposed as one potential solution to make students
aware of their incorrect beliefs and lead them to an improved
understanding of the taught concepts (Dahlstrom, 2014).
Furthermore, neuroscientific studies that compare brain
activation upon narrative or non-narrative description report
a greater activation of brain regions, including the
temporoparietal junction, the posterior superior temporal
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sulcus, or the posterior cingulate cortex, that are associated
with memory functions (Yuan, Major-Girardin, & Brown,
2018). These results indicate greater activation of prior
knowledge and thus provide a more extensive knowledge
framework to integrate new information.
Quantitative studies in educational settings provide support
for these conjectures and findings. Several studies report
increased conceptual understanding upon reading a narrative,
compared to a non-narrative instruction (see Dai, Williams,
Witucki, & Rudge (2021) or Emmons, Smith, and Kelemen
(2016) for recent examples). Additionally, these and other
studies reported several potential learning mechanisms (yet
prevalently only qualitatively assessed), contributing to the
positive effects of narratives on understanding. These
mechanisms comprise effects on the cognitive load (Cooper,
Corley, & Underwood, 2013; Fisch, 2000) and motivation
and interest (Arya & Maul, 2012).
Nonetheless, the impact on the understanding after having
read the concepts in a narrative text, compared to an
expository text (i.e., a standard textbook version about this
concept), is not as well investigated at the university level
compared to a lower level of education. In fact, Wolfe and
Mienko (2007) even report a lower performance for students
who read a narrative text compared to an expository one with
the same contents. Additionally, they showed that the amount
of prior knowledge affected the effectiveness of the
intervention. Similarly, other scholars report a positive
influence of less prior knowledge as, for example, assessed
in tests prior to the intervention on the impact of the narrative
on understanding (see Emmons et al. (2016), Hopkins and
Weisberg (2021), or Reuer (2012) for examples).
In this study, we investigate the effects on undergraduate
natural science students’ conceptual understanding when
embedding the concepts in a historical narrative compared to
presenting the same concepts in an expository text. We
targeted concepts based on previously reported difficulty
understanding them (Champagne Queloz et al., 2016) and
then investigated the effects on understanding in an
immediate and a delayed post-test. Furthermore, we assessed
the putative learning mechanisms. Accordingly, we posed the
following research questions:
1. What is the impact of narratives on the understanding
of biological concepts compared to expository texts in
higher education?
2. What is the impact of prior knowledge on the effects
of learning with narrative texts?
3. How do narratives affect the retention of the concepts
over time compared to expository texts?
4. Which learning mechanisms are differently affected,
comparing narrative with expository text materials?
Thereby, we hypothesize that learning materials designed
as a narrative will lead to a greater conceptual understanding
than expository text materials (H1). Taking the educational
major in high school as an indicator of prior knowledge, we
hypothesize that prior knowledge impacts the effect of the
intervention in the narrative condition (H2a). Furthermore,
we conjecture that relative to expository texts, students with

less former biology education and consequently lower prior
knowledge will profit more from the narrative text materials
(H2b). Also, students who read narratives would better retain
the learned concepts over time (H3). Finally, we hypothesize
that students who have worked with the narrative materials
will report higher enjoyment (H4a), motivation, and interest
towards the topic (H4b) and a higher germane cognitive load
(H4c). In contrast, we expect the extraneous cognitive load
between the conditions to remain similar as the narrative
should not distract students from learning the contents (H4d).

Methods
Participants
The participants of this study consisted of 74 first-year
undergraduate medicine (13.5%) and health science and
technology (86.5%) students from a highly ranked Swiss
university. The participants were 19.7 ± 1.6 years old (mean
± SD), whereby 71.6% of the students were female. 62.2% of
the participants majored in STEM-related subjects in high
school. Of this initial set of participants, 27 students also
participated in the delayed part of the study (81.5% female).
The ethics committee of the university approved the study
prior to its conductance. Participants were recruited from an
introductory biology course by the lecturer. Participation in
the study was voluntary and there was no compensation.
A priori power analysis for a balanced ANOVA suggested
a sample size of at least 33 participants per condition
necessary for detecting an effect size of Cohen’s d = 0.5
(estimation based on Tobler, Sinha, Köhler, Hafen, & Kapur,
2022) with a power level of 80% and a significance level of
.05 using the pwr package (v. 1.3-0; Champely, 2020) in the
R software environment (v. 1.4.1717; R Core Team, 2021).

Text materials used in the intervention
The selected concepts of enzyme energetics and randomness
(Champagne Queloz et al., 2016) were historically framed in
a narrative text or presented in an expository text, similar to
a biology textbook.
The narrative text materials were designed following the
embedded narrative theory (Norris, Guilbert, Smith,
Hakimelahi, & Phillips, 2005). Thereby, the to-be-learned
concepts were integrated into the historical context of their
discovery. An exemplary text passage reads as follows:
Narrative: While looking through a microscope, Robert
observed tiny particles floating in the water and moving
irregularly. Brown believed he found the presumed life
force in plants. Today, we know that what he observed is
equivalent to the random heat motion of molecules.
Expository: This is made possible by the so-called
Brownian motion. The irregular motion of molecules in
water is caused by the heat energy and results in the random
movement of molecules in the solution.
The text materials were assessed for content correctness and
comparability with biology and literature sciences experts.
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Table 1: Descriptive statistics of the subscales of the questionnaire. n: number of items per subscale.
Subscale
Germane cognitive load
Extraneous cognitive load
Enjoyment
Interest and motivation

n
3
5
7
6

Exemplary item
Reading the text material was challenging.
I found it easy to distinguish important from unimportant information.
I would like to read more scientific texts written like this.
My interest in the topic has increased because of the text in this study.

Text analysis indicated overall similar text characteristics
comparing lexical complexity (i.e., type-token ratio (TTR))
following Richards (1987) (narrative: TTR = 0.39 ± 0.12;
expository: TTR = 0.39 ± 0.16) and readability following
Flesch (1948) (narrative: 37.02, predicate difficult;
expository: 41.56, predicate difficult).
The narrative text was longer than the expository one
(narrative: 108 sentences; expository: 73 sentences). In
conclusion, different potential effects on learning with either
of the two texts are likely to result from content-intrinsic
characteristics of the instruction materials.

Test Materials and Questionnaires
Participants’ conceptual understanding of the topics
enzyme energetics and randomness was tested through 16
multiple-choice questions (9 for randomness, 7 questions for
enzyme energetics) in both, the immediate post-test (ɑ =
0.65) and the delayed post-test (ɑ = 0.69). 4 of these questions
were adapted from previously published concept inventories
(Fisher, Williams, & Lineback, 2011; Klymkowsky, GarvinDoxas, & Zeilik, 2003). The remaining questions were selfdeveloped and analyzed with biology experts. A sample
question from the test was:
Question: In plant cells, sucrose molecules are
continuously synthesized from one fructose and one
glucose monomer. Which statement about sucrose
synthesis is true?
a. Since the synthesis reaction occurs at an enzyme, it
can occur even if the reaction itself is unfavorable.
b. The energy needed to drive the unfavorable reaction
and thus synthesize sucrose is produced during
photosynthesis.
c. Sucrose can only be synthesized if an energetically
favorable reaction is coupled to it. (correct answer)
d. The synthesis of sucrose is an energetically favorable
reaction because the order in the system increases.
The learning mechanisms were assessed in self-developed
questionnaires using a five-point Likert scale (from 1 to 5,
whereby the value 1 indicates strong disagreement and 5
strong agreement). Examples of the various subscales and
descriptive statistics are shown in Table 1. Additionally,
students’ educational background (i.e., major in high school)
and language fluency were assessed in single self-report
questions.

Cronbach’s ɑ
ɑ = 0.91
ɑ = 0.73
ɑ = 0.88
ɑ = 0.91

Procedure
The participants were randomly assigned to one of two
experimental groups: they either read the narrative or the
expository text, followed by the immediate post-test and the
learning mechanism questionnaires. Three months later,
participants took a delayed post-test. One participant was
excluded due to early submission, one participant was
excluded due to a lack of effort, and 6 participants were
excluded due to self-reported disfluency in the intervention
language. A meta-analysis by Melby-Lervåg and Lervåg
(2014) supports the latter, showing that reading
comprehension in second-language learners is lower than in
first-language learners. This resulted in the final sample size
of 67 participants (narrative: n = 32; expository: n = 35) who
took the immediate post-test and 24 participants (narrative: n
= 10; expository: n = 14) who took the delayed post-test.
The post-test results for each topic were analyzed
separately using ANOVA analyses, followed by simple main
effect calculations, or using a repeated-measures ANOVA to
investigate performance over time. Additionally, effect sizes
were determined. For the subscales of the questionnaire, the
average answer per participant was calculated, and KruskalWallis tests were performed for significance testing on the
ordinal scale. For the extraneous cognitive load, an
independent group Welch’s equivalence test was performed.
Bayes factors (BF) were calculated for the different
comparisons if applicable to provide evidence favoring the
null or alternative hypotheses.

Results
Immediate Post-Test
The ANOVA analyses of the post-test performance with the
educational background and intervention group as fixed
factors did not reveal a significant main effect of the
intervention group on the performance in the immediate posttest (randomness: F(1,63) = 0.009, p = .925; enzyme
energetics: F(1,63) = 1.505, p = .224). In contrast, a
significant main effect was found for the participants’
educational background in high school (i.e. STEM-major) in
the enzyme energetics test (F(1,63) = 10.517, p = .002). No
effect was found for the background in the randomness test
(F(1,63) = 1.784, p = .187). The interaction effects of
educational background and intervention group were not
significant (randomness: F(1,63) = 0.038, p = .846; enzyme
energetics: F(1,63) = 0.339, p = .563). Descriptive statistics
of the immediate post-test are shown in Table 2.
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Table 2: Descriptive statistics of the immediate post-test performance.
Max: maximal number of achievable points; SE: standard error; n: sample size.
Immediate post-test
Together
Randomness
Enzyme energetics
STEM major
Randomness
Enzyme energetics
Non-STEM major
Randomness
Enzyme energetics

Narrative
Mean

SE

n

9
7

4.03
2.53

0.07
0.03

32
32

9
7

4.37
2.95

0.12
0.04

9
7

3.54
1.92

0.18
0.09

Max

The effects of the different educational backgrounds in the
two intervention conditions were separately investigated by
analyzing simple main effects. With the intervention group as
moderator factor, the comparisons for the randomness test
revealed a small effect size for the background in both groups
(expository group: d = 0.20, F(1,63) = 0.687, p = .41;
narrative group: d = 0.27, F(1,63) = 1.14, p = .29) favoring
students with STEM majors.
Similar, but more pronounced results were found for the
enzyme energetics test: in the expository group, a medium
effect size and a non-significant difference were found (d =
0.48, F(1,63) = 3.76, p = .06). In the narrative group, there
were significant performance differences of a large effect size
between the participants with and without STEM-major in
high school (d = 0.66, F(1,63) = 7.10, p = .01). In conclusion,
we found no evidence for hypothesis H1 that students who
have read the narrative materials understand the materials
better than students of the other group. However, there is
strong evidence in favor of the hypothesis H2a that prior
knowledge (i.e., amount of prior STEM education) influences
the effects of the intervention on performance. This effect on
learning is only significant in the narrative group.
We further analyzed STEM and non-STEM majors
separately. For that, we compared simple main effects of the
intervention condition with educational background as
moderator factor. For students with a STEM-background, no
significant differences and a null effect were found by
contrasting the performance in the randomness test in the two
experimental conditions (d = 0.01, F(1,63) = 0.003, p = .96).

Expository
Mean

SE

n

4.09
2.86

0.06
0.03

35
35

19
19

4.33
3.14

0.15
0.08

14
14

13
13

3.71
2.32

0.10
0.06

21
21

Likewise, no differences were found for non-STEM students
when comparing the performance of the two experimental
groups (d = -0.05, F(1,63) = 0.044, p = .83). Similarly, for
the enzyme energetics test, the performance comparison of
the two experimental groups when only considering STEMbackground students did not reveal significant differences,
but a small effect size disfavoring students in the narrative
intervention group was found (d = -0.14, F(1,63) = 0.334, p =
.57). A comparable result was obtained for the intervention
group comparison for only those students without a STEM
background (d = -0.31, F(1,63) = 1.51, p = .22).
In conclusion, no evidence was found favoring hypothesis
H2b that students with no STEM background and thus lower
prior knowledge in the covered topics profit more from the
narrative text than from the expository text.

Delayed Post-Test
The descriptive statistics of the delayed post-test are shown
in Table 3. No significant group differences were detectable
for both concepts (randomness: d = 0.09, 95% CI [-0.76,
0.94], t(21.5) = -0.22, p = .41; enzyme energetics: d = -0.18,
95% CI [-1.04, 0.67], t(20.04) = 0.45, p = .67). However, as
only a subset of participants volunteered in both parts of the
study (n = 24), comparing only their performance at the two
timepoints revealed more insightful results than looking at
the results from the delayed post-test in isolation.
To do so, a repeated-measures ANOVA was conducted for
both concepts individually to investigate between-subject
effects of the intervention condition. Thereby, no significant

Table 3: Descriptive statistics of the post-test performance of those participants who participated in the immediate
and the delayed post-test. Max: maximal number of achievable points; SE: standard error; n: sample size.

Subgroup analysis
Immediate post-test
Randomness
Enzyme energetics
Delayed post-test
Randomness
Enzyme energetics

Narrative
Mean

SE

n

Mean

Expository
SE

n

9
7

5.55
3.64

0.22
0.14

11
11

4.92
4.31

0.16
0.12

13
13

9
7

4.27
4.00

0.16
0.12

11
11

4.08
4.23

0.19
0.09

13
13

Max
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effects were found for both, the randomness concept (F(1,1)
= 0.159, p = .695) and the enzyme energetics concept (F(1,1)
= 1.870, p = .187). Therefore, there is no evidence in favor of
the hypothesis H3 that participants who have read the
narrative text better retained the conceptual understanding of
the covered topics over time than those from the expository
group.

Table 4: Descriptive statistics of learning mechanisms.
∆Mean (Nar-Exp): Mean rating difference between
narrative and expository group; SE: propagated
standard error; CL: cognitive load; n = 67.
Questionnaire
Subscale
Enjoyment
Germane CL
Extraneous CL
Interest & Motivation

Learning Mechanisms
In comparison to the participants of the expository text
condition, there was strong evidence for a higher enjoyment
when reading the materials in the narrative group (t(64.3) = 1.57, p = .06, BF10= 15.26). Furthermore, there was strong
evidence for a higher germane cognitive load in the narrative
group (t(64.88) = -1.54, p = .06, BF10= 14.11). Correlating
the average self-reported scores for germane cognitive load
with the total score in the immediate post-test revealed a
significant and positive correlation for the expository group
(R = 0.34, p = .044) but negligible non-significant correlation
for the narrative group (R = -0.08, p = .65) (Figure 1).

Figure 1: Group-wise correlation of the total score of the
immediate post-test and the average germane cognitive
load. Each point indicates one participant. Lines indicate
the regression line of the correlation; transparent areas
correspond to a 95% confidence interval.
There was no evidence in favor of the hypothesis H4b
regarding higher interest and motivation in the narrative
group compared to expository group (t(64.95) = -0.64, p =
.26, BF10= 2.69). Lastly, the equivalence test results for the
extraneous cognitive load demonstrate that the observed
effect is statistically not different from zero, and thus the
groups are equivalent (t(178.32) = 1.459, p = .146).
In summary, we found evidence supporting the hypotheses
regarding the enjoyment (H4a), the germane cognitive load
(H4c), and the extraneous cognitive load (H4d). However,
there was no evidence in favor of the hypothesis regarding
interest and motivation (H4b). Descriptive statistics of the
learning mechanisms are shown in Table 4.

∆Mean
(Nar-Exp)
0.32
0.38
0.11
0.18

SE
(Nar-Exp)
0.02
0.02
0.03
0.03

Discussion
The present study showed that a more differentiated view on
learning from narratives is needed since they do not promote
conceptual understanding more than learning from
expository texts in all circumstances.
Testing the understanding upon reading either a narrative
or an expository text addressing theoretical aspects of the
concepts randomness and enzyme energetics revealed that
first-year university students did not perform better when
having read these concepts embedded in a narrative. These
findings are consistent with earlier results by Wolfe and
Woodwyk (2010). In agreement with their findings, our
empirical results also showed that prior knowledge is an
essential predictor of performance (i.e., students with higher
prior knowledge performed better in the immediate post-test).
Additionally, we showed the effects of prior knowledge on
learning are more pronounced in the narrative group.
As we conducted the intervention during the participants'
second week at university, they had not yet learned much at
university despite being undergraduate students. Therefore, a
significant part of their prior knowledge comes from their
previous education and thus is strongly dependent on whether
the students chose a STEM major in high school. Comparing
then the two high school biology curriculums (STEM vs.
non-STEM) of one of Switzerland’s biggest high schools
revealed that a) the concept of enzyme energetics may only
be briefly mentioned in high school chemistry classes in
STEM majors and not in non-STEM majors, and that b) the
concept of randomness could have been already partially and
indirectly covered.
Therefore, it would be expectable that the participants have
higher prior knowledge of the randomness concept and none
or low prior knowledge of the enzyme energetics concept.
Reconsidering the results of the immediate post-test, the
findings indicate that with higher prior knowledge, the
negative effect of the narrative on understanding becomes
smaller when compared to expository text materials. Taking
into account other studies that report the benefits of narratives
on students’ understanding compared to expository texts
(e.g., Dai et al., 2021), these results suggest that students
could benefit more from a narrative than from an expository
text in those cases in which the prior knowledge is sufficient
to learn the new contents.
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In contrast, when the prior knowledge is insufficient,
students could struggle to extract the essential conceptual
elements from the narrative. A reason for why learning with
narratives could hinder conceptual understanding could be
that reading a narrative text forces the reader to continuously
switch between concentrating on the conceptual or the story
elements (Fisch, 2000; Jetton, 1994). Still, the questionnaire
results concerning the extraneous cognitive load demonstrate
that the two groups are equivalent and thus that participants
of the narrative group were not more distracted by textintrinsic elements than those in the expository group.
However, descriptively, it appears that those students who
performed below average in the immediate post-test reported
a higher germane cognitive load if they were reading the
narrative compared to the expository text (Figure 1). While
there was no significant correlation between performance and
germane cognitive load in the narrative group, a worse
performance significantly correlated with a lower germane
cognitive load in the expository group. Thus, narratives could
help keep the germane cognitive load higher, especially for
students who struggle in class. The absence of a correlation
between high germane cognitive load and better performance
in the narrative group could be explained by the Likert scale
intrinsic limitations as the choice of a mid-point answer in
case of response uncertainty (Nadler, Weston, & Voyles,
2015). Regression to the mid-point of the germane cognitive
load scale is also detectable for the expository group with
higher performance.
Concomitant, the results of this study also indicate that the
enjoyment when reading the narrative text was higher than
when reading the expository text, thus revealing a potential
reason why students had a higher germane cognitive load in
the narrative group as they could focus better on the task.
Nevertheless, the present findings do not show significant
differences in motivation or interest towards the topic upon
reading the narrative text compared to the expository one,
indicating that these factors might play a minor role in
explaining the performance.

Limitations and Future Work
Even though the students were made aware of the delayed
post-test component of the study, the recruitment remained
one of the biggest challenges, resulting in a relatively low
sample size for the delayed post-test. Moreover, higher
participation in the first part of the study would have allowed
a better quantification of the group differences.
Furthermore, it would be interesting to measure not only
the students’ understanding of the concept but also assess
their ability to recall the contents. This could be achieved, for
example, in a first part in which both groups would be tested
using recall questions on the concepts, and in a second part in
which only the narrative group would be asked to recall
elements of the historical parts. Like that, the content recall
in the two groups could be compared. Moreover, correlation
analyses could be performed to study interactions between
off-concept content recall and understanding or domainspecific concept recall.

Ultimately, in an ensuing study, students with higher prior
knowledge should be targeted to see whether the narrative
group outperforms the expository group in this case, as prior
knowledge seems to be an essential factor concerning the
effectiveness of narratives in education.

Conclusion
This study yielded valuable insights on the effects of prior
knowledge on learning with narratives to reach conceptual
understanding in biology. Using narratives to design learning
materials may only be favorable when students have enough
prior knowledge to follow the contents. Nevertheless, even in
cases in which narratives are as effective as expository texts
for learning, narratives increase the germane cognitive load
and lead to better enjoyment of the topic.
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Abstract

to aid decisions, it raises new questions about the difference
between the information people desire and the information
that will help them. Namely, if we give people the simplified
information that will help them make better choices, will they
use it?

People prefer complex explanations for complex phenomena,
but make better choices when given only the information required. Thus there is a tension between the information people want, and the information they are able to use effectively.
However, little is known about how the specific types of information included in causal models influences how people perceive them. We examine how omitting information influences
how people reason about causal models, varying whether commonly known or unexpected information is removed (Experiment 1) or which parts of a causal path are omitted (Experiment 2). We find that omitting causal information participants
expect to see lowers ratings of trust and other factors, while
omitting less commonly known information improves ratings.
However, causal paths can be simplified without harming perceptions of diagrams.
Keywords: causal models; complexity; simplicity

Introduction
Causal models, which depict causal relationships among a set
of variables, can be powerful cognitive aids. Often these diagrams are represented as a set of nodes with edges connecting
causes to effects. They can succinctly capture highly complex social and biological systems, such as the causes of depression or why people change jobs. Yet the types of comprehensive models created by domain experts or computational methods are often too complex for individual decisionmakers to reason about and use successfully (Chan, 2001).
We hear that “knowledge is power,” and are instructed to become informed decision makers to take control of our health,
finances, or civic government. But do we really need to know
every detail of how a bill becomes a law to make informed
decisions on how to vote?
Recently, we showed that when making decisions about
everyday scenarios, there is such a thing as too much information (Kleinberg & Marsh, 2021). When participants were
given complex causal models they made the same choices as
when they received no information at all, while simple causal
models that include only the causal paths relevant to the answer led to significantly better choices. This work suggests
that not including all causal relationships in the diagram presented, what we will call omitting information, can improve
decisions by making it clearer what parts of a causal model to
focus on. While this suggests a path for using causal models

In everyday domains such as making decisions about jobs,
health, or whether to bring an umbrella, we have existing
knowledge and interpret new information in light of this
knowledge. Zheng, Marsh, Nickerson, and Kleinberg (2020)
found in fact that familiarity with a domain can impede use
of causal models, even when individuals are able to use them
successfully in novel scenarios. When a problem is about
novel entities like blickets or numbered nodes in a Bayesian
network, information mainly comes from the problem set-up
rather than our prior experience, knowledge, or preferences.
However, in real-world domains when we are given a simplified model or simplified guidance by an expert or government
agency (e.g., get 150 minutes a week of exercise), information we expect to see may be missing. We may ask why the
guidelines do not mention the type of exercise, recall that running far makes us tired for the rest of the day, or wonder if
dietary changes are more impactful than physical activity.
It is an open question as to how the omission of expected
information may influence trust in a model or a user’s willingness to use it. For example, an individual who has diabetes
may be skeptical of a model of blood glucose management
that does not include insulin. In general, information may be
omitted due to the information not being relevant to the decision or choices made by the model’s creator. Further, a reasoner may think information is missing because of their own
incorrect beliefs about what should be included in a model.
Prior work has mainly examined preferences regarding simplicity and complexity of causal explanations, as opposed to
causal models. Individuals often show a preference for simple
explanations (Lombrozo, 2007; Liquin & Lombrozo, 2022),
with simplicity being closely linked to the number of root
nodes (Pacer & Lombrozo, 2017). In this view, a model with
many root nodes is considered to have more “unexplained”
causes, and is thus more complex. Recently, work on realworld domains has shown a preference for explanations that
match the perceived complexity of the system (Lim & Oppen-
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heimer, 2020), which may explain findings showing a preference for complex explanations in some tasks (Zemla, Sloman, Bechlivanidis, & Lagnado, 2017; Johnson, Valenti, &
Keil, 2017). Other work showed that drawing causal models
themselves led people to prefer simpler legal explanations,
while people still preferred complex explanations when not
required to model the evidence (Liefgreen & Lagnado, 2021).
Taken together, these works suggest that in complex scenarios people may find a complex model more satisfying, but this
does not yet address the question of whether people will trust
or be willing to use a simplified model.
Evidence from studies of trust in automated systems suggest that expectations and existing knowledge do influence
trust (Hoff & Bashir, 2015). Further, more detailed explanations of clinical decision support systems led to increased
trust in the systems compared to less detailed explanations
(Bussone, Stumpf, & O’Sullivan, 2015). This may provide
further support for the complexity matching hypothesis of
Lim and Oppenheimer (2020), and suggests that people may
trust the simple models that improved decisions in (Kleinberg
& Marsh, 2021) less than they trust complex models. However, there are many ways a model can be simplified and we
do not yet know how the specific information content that is
included or omitted may influence trust in and use of models.
This problem is also related to belief revision, in that in everyday situations we are updating our mental causal models
in light of new evidence (Fernbach & Sloman, 2009). Recent work on how people update their causal models found
that later learning about intermediate links in causal chains
reduced people’s estimates of the strength of a causal relationship (Stephan, Tentori, Pighin, & Waldmann, 2021). This
suggests that omitting information in a chain may have an
impact on how people perceive the causal relationships presented, though this work focused on fictitious diseases and
genes. It is an open question of how in real world cases where
participants may have previously known about the omitted
link such omissions will be viewed.
In this study we test how omitted information influences
perceptions of causal models. Experiment 1 tests whether
participant expectations influence how they perceive omissions, by leaving out information that is either commonly reported or not commonly reported as a cause. We test models
across natural, biological, and social domains. In Experiment
2 we test whether the role of a node in a causal model influences how participants perceive its omission. Specifically, we
manipulate whether the omitted factor is a root node or a direct cause at the end of the same causal chain. Across both experiments participants rated how much they believe the models, how compatible they are with their existing knowledge,
whether the models are understandable, whether they would
be useful for making a decision, and finally whether they are
trustworthy. Finally, we examine participant intuitions behind
why information is omitted. Together, these experiments provide new insight into how participants reason about simplified
models and how to create simple models that people believe.

Experiment 1
Prior work has shown that causal information can aid decisions when it is pared down to solely the information needed
to make a decision (Kleinberg & Marsh, 2021). However,
omitting information that participants expect to see may reduce their trust in the model, and thus make them less likely
to use it. While Lim and Oppenheimer (2020) showed that
people do prefer complex explanations of topics they perceive
to be complex, the specific content of causal models has not
yet been examined. We now test whether the absence of information participants expect to see influences their perceptions
of a model, and if these perceptions differ from when unexpected information is omitted.

Method
Participants We recruited 150 U.S. residents aged 18-64
(73 female, 72 male, 5 identifying in other ways) from Prolific. Participants were compensated $4.50 based on an expected study duration of 30 minutes. All participants were
included in analysis.
Materials In this experiment we aim to manipulate how expected the omitted information is. Thus, we selected a variety
of topics on which we can expect participants to have causal
beliefs. We pilot tested 22 topics spanning natural, biological,
and social phenomena with 72 subjects. Subjects answered an
open ended question on causality for each topic (e.g. “Why
do volcanoes erupt?” and “Why do people develop food allergies?”). After coding responses, we selected 8 domains that
varied in complexity (average number of causes mentioned)
and consensus (i.e., whether most participants mentioned one
particular cause, or the number of mentions was uniformly
distributed among a number of causes).
For each topic we developed a causal diagram based on the
scientific literature in the domain. Diagrams were kept to a
similar size, and varied from 4 to 6 nodes, and 3 to 5 edges
(causal relationships). An example diagram depicting causes
of developing gray hair is shown in Figure 1. For each diagram we created two variations: one where the cause that
was most frequently mentioned in pilot testing was omitted,
and one where we omitted the cause that was mentioned least
frequently. In the example shown these were aging (most frequent) and illness (least frequent).
Procedure After consenting to the study, participants were
instructed in the meaning of causal diagrams and what nodes
and edges indicate. Participants saw one of three versions
that varied what topics they would see in what format. Given
that we have 8 diagrams, each group saw 3 in each of two
formats (e.g., complete, most frequent missing) and 2 in the
other format (e.g., least frequent missing). In this way, the
format manipulation was within-subjects, with the exact topic
presented in each format varying across participants. The order of topics was randomized for each participant. During the
first stage of the study participants saw a single diagram per
page with a series of statements capturing different facets of
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(a) Complete model

(b) Most freq. missing

(c) Least freq. missing

Figure 1: Diagrams used in Experiment 1. Diagram (a) is complete, while in (b) the most frequently mentioned cause (aging)
is missing and in (c) the least frequently mentioned cause (illness) is omitted.
how a diagram may be perceived. The statements (and our
labels for them, indicated in parentheses) were:
• How much do you believe the relationships shown in this
diagram? (believability)
• How well does the information in this diagram fit with what
you already know about the topic? (compatibility)
• How well could you explain the information in this diagram to a friend? (understandability)
• To what extent would this diagram help you make decisions about the topic? (utility)
• To what extent do you trust the information in this diagram? (trust)
Participants rated their agreement with each statement on a
scale from 0 (not at all) to 6 (completely). After completing ratings for all 8 topics, we then elicited intuitions for the
reasons behind missing information. We showed participants
each incomplete diagram they had previously seen, now with
the previously missing node and edge included and indicated
in orange. Along with this diagram we asked “Some people
also think [X] causes [Y]. Why do you think X was missing
from the diagram you saw before? Please select the primary
reason below.” The options provided were: the person creating the diagram didn’t know about it (missing knowledge),
it’s a complex system and hard to know everything (too complex), experts disagree on causes (no consensus), it’s not important (unimportant), and other (with space for a free-text
explanation). Finally, participants completed a brief demographic questionnaire.

Results
Influence of missing information expectations on perception We first analyzed the data to determine how different omissions influenced perceptions of diagrams. We created mean omission ratings by averaging across the topics
presented as complete, missing most frequent, or missing
least frequent for each participant. We did this separately
for each of our 5 measures of interest (believability, compatibility. understandability, utility, and trust) We conducted a
one-way ANOVA with omission type (complete, most, least)
as a within-subjects variable for each of our 5 measures.
We used Sidak-corrected follow-up tests to compare between
the three groups. Across measures, we find that ratings are
higher when diagrams omit the least frequent cause, followed
by complete diagrams, with the diagrams missing the most
frequent cause rated the least appealing for all variables, as
shown in Figure 2. We now present analyses for each variable separately.
For believability, we found a main effect of omission type,
F(2, 298) = 15.8, p < .001, η2p = .096. While diagrams missing the least common cause were rated as more believable
(M = 4.72, SE = .084) than complete diagrams (M = 4.55,
SE = .086), this difference was not significant, p = .130.
Least frequent diagrams were rated as more believable than
diagrams missing the most frequent cause (M = 4.23, SE =
.096; p < .001). Complete diagrams were also more believable than most frequent diagrams, p = .003.
We also found a significant main effect for compatibility, F(2, 298) = 20.7, p < .001, η2p = .122. For these ratings, the diagram missing the least frequent cause (M = 4.62,
SE = .083) was rated as more compatible than the complete
(M = 4.29, SE = .088) or the most frequent cause diagram
(M = 4.01, SE = .100; ps < .001). Complete diagrams were
considered more compatible with people’s existing beliefs
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Table 1: Reasons for missing information in Experiment 1.
Numbers represent mean percentage of responses for each
category.
Reason
Too complex
No consensus
Missing knowledge
Unimportant
Other

Figure 2: Experiment 1 mean perception ratings of diagrams
by condition. Nonsignificant comparisons are marked. All
other comparisons are significant at the p = .05 level

than most frequent diagrams, p = .016.
Findings for understandability were similar to compatibility. We found a significant main effect, F(2, 298) = 14.2,
p < .001, η2p = .087. The least frequent diagram (M = 4.53,
SE = .096) was rated as more understandable than the complete (M = 4.30, SE = .099; p = .038) and the most frequent
(M = 4.03, SE = .113; p < .001). Complete diagrams were
more understandable than most frequent diagrams, p = .015.
Utility ratings showed a pattern similar to believability.
We found a main effect of omission type, F(2, 298) = 9.13,
p < .001, η2p = .058. While diagrams missing the least common cause (M = 4.01, SE = .116) were rated as more useful
than complete diagrams (M = 3.90, SE = .116), this difference was not significant, p = .491. Diagrams missing the
most frequent cause (M = 3.63, SE = .117) were rated as
having less utility than complete (p = .016) or least frequent
diagrams, p < .001.
Finally, trust ratings again showed a preference for diagrams missing the least frequent cause. We found a significant main effect, F(2, 298) = 18.4, p < .001, η2p = .110. The
least frequent cause diagram (M = 4.50, SE = .092) was rated
as more trusted than the complete (M = 4.27, SE = .095;
p = .021) and the most frequent cause diagrams (M = 3.95,
SE = .101; p < .001). Complete diagrams were trusted more
than most frequent diagrams, p = .004.
Beliefs about reasons for omission We next explored the
reasons people provided for why a cause was missing from a
diagram. As a reminder, participants rated 2 to 3 diagrams for
the most and for the least frequent missing cause diagrams.
Participants could select the same or different answers for
why a cause was omitted for each diagram. For each participant, we calculated the mean percentage of times they chose
each of the five options within each of the omission types.
As shown in Table 1, on average the most common response
for both least and most frequent omission was that the system

Least freq
29.8%
29.6%
18.3%
11.0%
11.3%

Most freq
29.3%
19.3%
28.7%
7.8%
15.8%

was too complex (least = 29.8%; most = 29.3%). In other
words, people thought these were topics that were hard to
know all possible causes for because of their complexity. For
least frequent diagrams, a close second favorite response was
that there was no expert consensus (29.6%). For most frequent diagrams, where a commonly reported cause was missing, the second most popular option was the designer missing
knowledge (28.7%).

Discussion
Our results show that omissions can influence perception of
diagrams in different ways depending on what information is
omitted. When diagrams omit information participants likely
expect to see (i.e., most frequently mentioned cause), the diagrams are rated lower in every category than complete diagrams. Yet when information that is unexpected is omitted,
the resulting models are rated higher than both complete diagrams and most frequently missing ones. This suggests that
participants are not only judging whether the complexity of
a model matches the complexity of a topic (Lim & Oppenheimer, 2020), but also evaluating the information content.
In particular, participants thought the omission of expected
information reflected more on the knowledge of the person
creating the diagram, whereas the omission of less expected
information was thought to suggest less consensus about the
item’s role. This has important implications for how choices
about what to include in a diagram may influence the diagram’s interpretation in ways their designers do not intend
(e.g., leading to inferences about the designer’s knowledge,
or knowledge of the field). Critically, we find that omissions
can both build trust and weaken it depending on the content
that is omitted. Given prior work on how simplified models
improve accuracy (Kleinberg & Marsh, 2021), this suggests a
tradeoff between models people are willing to use and those
they are able to use. Thus there is a need to find approaches
to simplify models that do not diminish people’s perceptions
of their quality.

Experiment 2
Experiment 1 demonstrated that the content of omitted information influences how individuals perceive causal models. Models where a cause participants would expect to see
was omitted were judged lower along all dimensions than
complete models. On the other hand, removing information
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Table 2: Reasons for missing information in Experiment 2.
Numbers represent mean percentage of responses for each
category.
Reason
Missing knowledge
Too complex
No consensus
Unimportant
Implied presence
Other

(a) Distal missing

(b) Proximal missing

Figure 3: Diagrams used in Experiment 2. Both depict the
highlighted diagrams shown to participants in the second half
of the experiment, where we elicited their beliefs about reasons information is missing.

participants did not expect to see actually increased ratings.
Importantly, in the previous experiment removing causes always removed an entire causal pathway from the overall diagram (for example the aging or illness pathway in Figure 1).
Another way to simplify causal diagrams is to simplify the
presented causal pathways, leaving out intermediate steps or
capturing a multi-stage process with a single node. In Experiment 2 we now test whether leaving out nodes within the
same causal pathway that are either closer or further away
from the effect node changes people’s beliefs about the overall goodness of these diagrams. Prior work has shown that
people often prefer to intervene on root nodes (Hagmayer &
Sloman, 2009), which suggests that they may be more sensitive to the omission of such information. We now test this
experimentally, varying the centrality of information omitted.

Method
Participants We recruited 150 U.S. residents aged 18-64
(39 female, 103 male, 5 identifying in other ways) from Prolific, with 149 completing. Participants were compensated
$3, as we found study actual duration to be around 20 minutes. All participants remain in analysis.
Materials In this experiment we aimed to manipulate the
centrality of the cause omitted, leaving out a proximal or distal cause to determine whether centrality influences perceptions in the same way as salience. In Experiment 1 the diagrams used varied in structure, with two comprised solely of
direct causes (therefore not possessing proximal versus distal
causes). Thus to ensure all diagrams could be manipulated as
intended we created a new set of diagrams for the same set of
topics that all included longer chains of causes. Complete di-

Proximal
11.1%
21.1%
12.1%
4.8%
45.5%
5.4%

Distal
12.7%
19.9%
9.3%
9.7%
42.6%
5.8%

agrams had 5 nodes, and 4 or 5 edges (causal relationships).
For each topic we created two additional diagrams wherein
we omitted either a distal cause (root node) or proximal cause
(direct cause of the effect). For diagrams with two root nodes,
we selected the more distal one (i.e., if one root has a chain
with 3 links connecting it to the effect, and another root is
connected to the effect by a 2 link chain, we omit the root
beginning the 3 link chain). Figure 3 shows examples of the
causes that were omitted for the diagram about earthquakes.
Procedure The procedure was the same as that of Experiment 1, with the only differences being in the diagrams used.
All questions on diagram perception remained the same and
we again randomly assigned participants to one of three conditions that varied which topic was paired with what type of
diagram. When asking participants about reasons why information was missing we added one option based on a popular
“other” response in Experiment 1: “it’s implied by/included
in other parts of the diagram.” (implied presence).

Results and Discussion
We first examined how omitting a proximal versus distal
cause influenced beliefs about the diagrams. As in Experiment 1, we created mean omission ratings for each of
our 5 measures by averaging ratings across the topics that
presented complete diagrams (complete), missing proximal
causes (proximal), or missing distal causes (distal) for each
participant. We conducted a one-way ANOVA with omission
type (complete, proximal, distal) as a within-subjects variable
for each of our five variables. Overall, participants’ ratings
did not differ by condition. We found no significant main
effect for believability (p = .865; complete M = 4.25, SE =
.092; proximal M = 4.29, SE = .097; and distal M = 4.24, SE
= .086), compatibility (p = .577; complete M = 4.01, SE =
.092; proximal M = 4.11, SE = .100; and distal M = 4.02,
SE = .090), understandability (p = .212; complete M = 4.11,
SE = .113; proximal M = 4.28, SE = .108; and distal M =
4.23, SE = .106), utility (p = .170; complete M = 3.57, SE =
.109; proximal M = 3.74, SE = .113; and distal M = 3.59, SE
= .105), or trust (p = .846; complete M = 3.95, SE = .096;
proximal M = 3.94, SE = .105; and distal M = 3.90, SE =
.093).
We next turned to what reasons were selected for omis-
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sions to understand why participants did not differentiate between missing diagram types. As in Experiment 1, we calculated the mean percentage of choices of each option for each
omission type by participant, see Table 2. By a large margin, participants selected implied presence as the most popular reason for why a cause was missing for both proximal
(45.5%) and distal (42.6%) causes. The popularity of this
reason could help explain why participants did not differentiate their ratings based on the type of cause being omitted.
Specifically, participants may have been assuming the presence of our missing causes even when they were not in the
diagram. Taking the example in Figure 3, removing either
a proximal or distal cause from the causal model of how an
earthquake forms may not matter if people infer these parts
of the causal mechanism regardless of whether they are directly presented. That is, even if a component is missing,
people still feel the pathway is represented, and it appears
not to make a significant difference which aspects of a specific path are included. Prior work found that mechanistic
detail can be desirable for consumers choosing products with
novel attributes (Fernbach, Sloman, Louis, & Shube, 2013),
so it may be that familiarity is what allows such detail to be
omitted without negative effects. Thus, in these familiar domains simplifying a causal model by removing components
of a path, or potentially condensing the path (e.g., collapsing
a process in one node summarizing it) may enable the creation of usable models that people also find trustworthy.

General Discussion
Across two experiments we found that omitting information
from causal diagrams can both change and not change people’s impression of those diagrams. When we removed root
causes that were either commonly reported or uncommonly
reported causes of an outcome, people were sensitive to this
omission (Experiment 1). Specifically, people more favorably viewed simplified models that excluded an unexpected
cause than complete models or simplified models that omitted
an expected cause. However in that experiment the omitted
information removed entire paths to an outcome. Omitting
steps along a single causal pathway did not influence ratings
(Experiment 2). Participants reported thinking that the omitted information was implied by what was shown, which may
explain why the omissions did not change their perceptions
of the diagrams.
Our work contributes new insights into the ongoing exploration of simplicity and complexity preferences. While there
is evidence people prefer correspondingly complex explanations of complex phenomena (Lim & Oppenheimer, 2020)
and that complex explanations of decision-support systems
improved trust in the systems (Bussone et al., 2015), this
work has primarily focused on comparing complex to simple causal models and has not pitted different simplifications
against one another. To this end, we find that it is not simply
the amount of information included that matters, but rather
the type, and that people are more sensitive to the informa-

tion presented.
Our findings also have important implications for how we
can provide better guidance in the form of causal models.
Prior work has identified that simplified models lead to better
choices (Kleinberg & Marsh, 2021), and we now shed light
on how models can be simplified in ways that increase trust
and belief in their evidence. First, we must realize that people do not always take a missing causal relationship to mean
that said relationship is false. Officials creating guidance, like
public health materials that explain how to slow the spread of
a disease, may be tempted to include only the most accurate,
relevant causes. While intuitively this seems like the correct
approach, this may result in officials omitting causes that the
lay public expects to be present. For example, if public health
guidance on how you catch the common cold did not include
“being out in cold air” people may not trust the information
because that lay expected node is not present. This is not to
say that public health guidance should support folk or incorrect information; rather, a better strategy may be to include
the nodes but explicitly represent that they are not causally related. Just omitting such expected nodes may result in laypeople ignoring such guidance entirely. Second, models can be
simplified so that they are not overwhelming by simplifying
long causal chains. Korman and Khemlani (2020) found that
people preferred a single complete model to multiple models, and we now find that removing nodes along a single path
can reduce complexity without harming trust or other perceptions. As noted in philosophical theories of model completeness (Craver & Kaplan, 2020), the most complete model is
not necessarily the one with the most detail, and adding more
information does not always make a model better.
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Abstract

cognitive science, however, a fundamental question that remains unclear is whether declining expectations are a general
feature of expectations during a waiting period, or whether
they occur only under specific conditions (as suggested by,
e.g., construal-level theory; Trope & Liberman, 2003).

People waiting to receive information about a personally relevant future event often become increasingly pessimistic as the
event draws near. These temporal declines in expectations have
been demonstrated robustly across both naturalistic and laboratory settings. However, the low-level cognitive processes that
give rise to temporal declines in expectations remain unclear.
Here, we investigated the temporal boundary conditions of this
effect. In a controlled cognitive task involving repeated probabilistic gambles, we assessed the dynamics of participants’
reward expectations over a 12-second waiting period prior to
revelation of the gamble outcome. Across two experiments
(total N = 120), we found no evidence for temporal declines in
expectations over this short waiting period, no matter whether
expectations were measured via direct probability report (Experiment 1) or via an incentive-compatible ‘cash-out’ decision
(Experiment 2). These results demonstrate that temporal declines in expectations are not an invariant characteristic of human expectations regarding personally relevant future events.

In this light, a crucial question is whether expectations decline even across very short wait durations (on the order of
seconds). One meta-analysis suggested that longer delays (on
the order of days/weeks) tend to produce larger expectation
declines overall (Sweeny & Krizan, 2013); however, declines
in expectations have also been reported over delays as short
as 20 to 30 minutes (Terry & Shepperd, 2004; Van Dijk et
al., 2003). To our knowledge, however, no previous study has
assessed the boundary conditions of the effect by measuring
the dynamics of expectations over very short timescales.

Keywords: expectations; waiting; uncertainty; optimism; pessimism; decision making

Introduction
In everyday life, we frequently encounter situations in which
we must wait in uncertainty before learning the outcome of
a personally relevant event. Individuals in these situations—
such as a patient waiting to find out the result of a medical
test, or a student waiting to learn whether they have passed
an exam—are confronted with a dilemma: what expectations
should they hold while they are waiting? On the one hand,
optimistic expectations are thought to produce greater psychological wellbeing during the waiting period (S. E. Taylor
& Brown, 1988); on the other hand, increased optimism also
increases one’s risk of disappointment when the event occurs
(Van Dijk, Zeelenberg, & Van der Pligt, 2003; Sweeny &
Shepperd, 2010). In fact, previous research suggests that individuals adopt a trade-off between these factors in the form
of temporal declines in expectations (Shepperd, Ouellette, &
Fernandez, 1996; Carroll, Sweeny, & Shepperd, 2006). That
is, expectations regarding the outcome of an uncertain future
event tend to decline as the event approaches in time, from
initial optimism when the event is distant in time to ‘defensive
pessimism’ (Norem & Cantor, 1986) as the event approaches
(see Sweeny & Krizan, 2013 for review).
A number of theories have been posited to explain temporal
declines in expectations, including affect management, shifts
in construal level, and shifting accountability pressures (see
Sweeny & Krizan, 2013 for review). From the perspective of

Why might we expect expectations to decline even over
short wait durations? One possibility is that temporal declines
in expectations can be understood as a form of intrinsically
motivated belief updating (cf. Kappes & Sharot, 2019). If
so, it is conceivable that expectations might decline even over
short timescales, since it has been shown that belief updating
in response to external prompts can occur rapidly (i.e., over
several seconds; Vossel, Mathys, Stephan, & Friston, 2015;
Bennett, Murawski, & Bode, 2015).
More broadly, if temporal declines are a property of expectations in general—even over short timescales—this would
have important implications for understanding behavior in
any task involving a pre-outcome waiting period. For instance, short-timescale declines in expectations might help
to understand individuals’ preferences for stimuli that allow
them to avoid waiting in uncertainty (Bennett, Bode, Brydevall, Warren, & Murawski, 2016; Tanovic, Hajcak, & Joormann, 2018; Embrey, Liew, Navarro, & Newell, 2020), as
well as neuroimaging studies of brain activation in anticipation of future reward/punishment (e.g., Oldham et al., 2018).
In the present study, we investigated whether participants’
expectations regarding a valenced future outcome would decline during a 12-second waiting period prior to the receipt of
outcome information. Specifically, across two experiments
we used a novel cognitive task to assess participants’ subjective beliefs regarding the likelihood of receiving a reward
outcome in an upcoming probabilistic gamble, while manipulating both the risk and the ambiguity of the gamble.
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Figure 1: Overview of cognitive task. A: Each gamble was presented as an array of ten face-up and face-down cards. Participants clicked on the circular green timer to initiate a 12-second waiting period; at the end of this period, one card was selected
at random (selection indicated by a white triangle; the selection was made randomly by a fictitious ‘dealer’, according to the
experiment cover story) and participants were awarded the associated point amount. In this example, blue cards are worth 10
points are red cards are worth 0 points. B: Once per waiting period, we elicited participants’ beliefs regarding the probability
of winning the gamble. In Experiment 1, beliefs were directly reported via probability slider. C: In Experiment 2, beliefs were
elicited via an incentive-compatible ‘cash-out’ choice option.

Experiment 1
Method
Participants 60 participants (27 female, 29 male, 4 who
did not endorse a binary gender) were recruited via the website Prolific to complete an online cognitive task. Participants were aged between 18 and 61 years (mean age 27,
SD = 11.16) and resided in Australia, Canada, Ireland, New
Zealand, the UK, or the USA. Participants were paid $4 for
participation, plus a bonus up to $2 depending on task outcomes (mean bonus = $0.90, SD = 0.13). All participants
provided informed consent, and this study received ethical
approval from the Human Research Ethics Committee of
Monash University (project ID: 29596).
Cognitive task In each trial of the cognitive task, participants were presented with an ambiguous probabilistic gamble
in the form of an array of ten red and blue cards (see Figure
1A). Participants clicked on a ‘countdown timer’ to begin a
12-second waiting period, after which one card was selected
at random, and the participant won a number of points that
depended on the color of the selected card. Outcomes were
either a ‘win’ (gain of 10 points) or a ‘loss’ (0 points), with
mapping between card color and win/loss outcome randomized across participants. After the task, trial outcomes were
translated into a monetary bonus at a rate of $1 per 300 points.
Once per trial, participants were asked during the waiting
period to report using a probability slider how likely they felt
it was that they would win 10 points at the end of the waiting
period (Figure 1B). To estimate the temporal profile of participants’ expectations, the belief-report time was varied across
trials, such that probability reports could occur at 12, 9, 6, 4,
2, 1, or 0 seconds prior to outcome revelation.

Each gamble array comprised a mix of face-up and facedown cards. The face color of face-down cards was not visible to participants unless that card was selected at the end of
the waiting period, at which point the card was turned over to
reveal its face color. This manipulation was designed to add
ambiguity to the probability estimation procedure, since we
reasoned that probabilities with a degree of ambiguity might
be more subject to temporal declines in expectations than unambiguous probabilities (e.g., an array of only face-up cards,
in which participants might easily calculate the true win probability). Participants were informed that face-down cards
were drawn from a deck in which there was an equal number
of red and blue cards. This was designed to ensure that participants understood that face-down cards could be either red
or blue, independent of the color composition of the face-up
cards (cf. Bennett et al., 2017). To test the effect of ambiguity on temporal declines in expectations, trials belonged to
either a low-ambiguity condition (1 of 10 cards face-down)
or a high-ambiguity condition (5 of 10 face-down).
Within each ambiguity condition, there were four prior
win probabilities, (each corresponding to a different array of
red/blue cards): 25%, 45%, 55%, or 75%. Each participant
completed a total of 56 trials (4 probabilities × 2 ambiguity
conditions × 7 belief-report times). Trial order and visual
configuration of cards for each gamble type were randomized. Following instructions, participants were required to
answer several comprehension check questions correctly before proceeding to the task. Task duration was approximately
25 minutes, and the task was presented in participants’ web
browsers using a combination of JavaScript (jsPsych library;
De Leeuw, 2015) and custom-written Python server code.
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Data exclusions To identify inattentive participants, eight
attention checks were randomly interspersed throughout the
task. These checks appeared during the inter-trial interval,
and asked participants to report how many points they had
won on the most recent trial. 9 participants (15% of sample) responded incorrectly to one or more attention check,
and were excluded from all further analysis. Data from one
additional participant failed to save due to server error.
To ensure that participants maintained attention to the gamble throughout the entire waiting period, we also monitored
browser interactions and excluded any trial in which a participant clicked away from the browser during the waiting period
(174 trials excluded, 6.2% of total).
Data analysis Data were analyzed using a Bayesian mixedeffects regression analysis as implemented in the brms package for R (version 2.16.3; Bürkner, 2017). This model used
a maximal random-effects structure, with random intercepts
for participants and random slopes for all within-participants
main effects and interactions (Barr, Levy, Scheepers, & Tily,
2013). Continuous predictors were grand-mean-centered
prior to analysis, and ambiguity was analyzed using treatment
coding, with low ambiguity as the reference condition. All
probabilities were expressed as percentages.
Models were fit with four independent chains of 4000 iterations each, with the first 1000 samples from each chain discarded to prevent dependence on random initial values. We
retained the default prior specifications suggested by brms.
Population coefficient estimates were treated as credibly different from zero if the 95% Bayesian Highest Density Interval [HDI] excluded zero. All data for this study are openly
available at https://osf.io/4r5p9/.

Results
Manipulation check We first examined the correspondence between participants’ reported win probabilities and
the true win probability for each gamble. We found a close
correspondence between reported and true win probabilities
(Figure 2A), giving us confidence that participants accurately
understood the task and the probability-reporting instructions.
Regression analysis In line with the correspondence between true and reported probabilities presented in Figure
2A, the Bayesian mixed-effects regression analysis revealed
a credible effect of true win probability on participants’ reported win probability (β = 1.03, 95% HDI [0.90, 1.16]).
True win probability also interacted with ambiguity (β =
−0.23, 95% HDI [−0.35, −0.10]), such that participants adjusted their probability reports more conservatively under
high ambiguity than under low ambiguity condition (Figure 2A). There was no evidence for a main effect of ambiguity on reported win probabilities (β = −0.73, 95% HDI
[−2.00, 0.54]).
Contrary to the temporal-decline hypothesis, we did not
find any evidence that reported win probability declined as
the moment of outcome revelation approached (β = −0.09,

95% HDI [−0.29, 0.11]). This indicates that, on average, reported win probabilities remained relatively flat over the delay period prior to revelation of the gamble outcome (see Figure 2B). This flat profile of reported expectations also did not
interact significantly with the true win probability of the gamble (β = −0.01, 95% HDI [−0.02, 0.0002]; see Figure 2C), or
with ambiguity level (β = 0.05, 95% HDI [−0.21, 0.35]), and
there was also no credible evidence for a three-way interaction (β = 0.01, 95% HDI [−0.003, 0.03]).
Quantifying support for a null model The regression
analysis reported above found no credible effect of time until outcome on reported win probabilities. However, an apparent null effect of time until outcome does not necessarily support the null hypothesis; this result might also arise
if the statistical power of Experiment 1 was not sufficient
to distinguish between the null hypothesis and the alternative hypothesis (Aczel et al., 2018). For this reason, we next
conducted an auxiliary analysis to directly compare support
for a full mixed-effects regression model including main effects and interactions of time until outcome, relative to a reduced mixed-effects regression model in which these effects
and interactions were not included. We compared models using the framework of Bayesian Model Averaging (BMA; see,
e.g., Hinne, Gronau, van den Bergh, & Wagenmakers, 2020),
which quantifies the posterior probability of different models
conditional on the observed data. This provides a measure
of the strength of evidence in favour of each model normalized between 0 and 1. We estimated posterior model probabilties using pseudo-BMA with 10,000 Bayesian bootstrap
samples (Yao, Vehtari, Simpson, & Gelman, 2018). Results
indicated that the posterior probability of the null model was
far higher than that of the full model including effects of time
until outcome (estimated posterior probability of 0.94 for the
null model, versus 0.06 for the full model).

Interim Discussion
Experiment 1 used a novel cognitive task to test the prediction that participants’ expectations regarding the outcome of
a gamble would decline over the course of a short waiting period. Contrary to this hypothesis, we found no evidence for
any change in participants’ expectations over the course of
the waiting period: the temporal profile of expectations was
flat, with no evident increases or declines. We also found no
evidence that the temporal profile of expectations differed as
a function of either prior probability of a win or the ambiguity of the gamble, though we did find that participants’ selfreported beliefs tracked true win probabilities more closely
under low ambiguity than under high ambiguity.
One notable feature of Experiment 1 is that beliefs were
elicited by means of direct probability report. Direct belief
elicitation is common in the literature on temporal declines
in expectations (Sweeny & Krizan, 2013); however, there are
two potential disadvantages of this approach that may have
affected our capacity to detect temporal declines in expectations in Experiment 1. First, although gamble outcomes were
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Figure 2: Behavioral results for Experiment 1. A: Mean reported win probability as a function of true win probability and
ambiguity level (gray: low ambiguity; black: high ambiguity), marginalizing across different prompt times. Reported win
probabilities were modulated less strongly by the true win probability in the high-ambiguity condition than in the low-ambiguity
condition. The diagonal dashed line represents the line of equality. Points are horizontally jittered to avoid overplotting. B:
Mean reported win probability as a function of time remaining until outcome reveal, marginalizing across different true win
probabilities and ambiguity levels. There was no evidence that reported win probability was modulated by time until outcome.
C: Mean reported win probability as a function of time remaining until outcome reveal (horizontal axis) and true win probability
(plot facets), marginalizing across different ambiguity levels. Participants’ reported win probability increased in line with
changes in the true win probability, but there was no evidence that reported win probability varied according to the interaction
of true win probability and time until outcome. Error bars/ribbons represent the 95% confidence interval of the mean. In panels
B and C, the horizontal dashed lines represent the true win probability in each case.

related to participants’ bonus payments, the belief elicitation
process itself was not incentive-compatible; that is, there was
no financial gain to be derived for participants from reporting
their actual subjective beliefs about the likelihood of winning.
Although non-incentive-compatible subjective probability reports such as these are routinely collected in cognitive science
(e.g., Boddez et al., 2013), this differs from standard practice in behavioral economics, where incentive-compatibility
is considered vital to ensuring the interpretability of subjective probability reports (e.g., Schlag, Tremewan, & Van der
Weele, 2015).
Second, in our task there was a calculable ‘correct’ answer
for the win probability of each gamble (i.e., an answer that
was Bayes-optimal given the information provided). Given
the close average correspondence between participants’ reported beliefs and this ‘correct’ probability, we cannot rule
out a form of socially desirable responding whereby participants reported estimates of the correct probability rather than
their actual subjective beliefs. Notably, this issue would be
expected to persist even with an incentive-compatible direct
belief elicitation method as long as participants held the belief
that they could maximize winnings by responding ‘correctly’.
Given these potential confounds, we next conducted a second experiment using the same basic waiting paradigm, but
in which participants’ subjective beliefs were elicited using
an incentive-compatible method based on choice behavior.

Experiment 2
Method
Participants 60 new participants (37 female, 23 male) were
recruited via the website Prolific to complete an online cognitive task. Participants were aged between 18 and 57 years
(mean age 30.78, SD = 10.71). Participants were paid $4 for
participation, plus a bonus up to $2 depending on task outcomes (mean bonus = $1.17, SD = 0.12). Details of inclusion
criteria and consent were otherwise as per Experiment 1.
Cognitive task The task in Experiment 2 was very similar
to the task in Experiment 1, with one key change: rather than
reporting beliefs via a probability slider, Experiment 2 employed choice-based incentive-compatible belief elicitation.
Once per waiting period on each trial, participants were offered the choice either to continue waiting and accept the resulting outcome, or to ‘cash out’ of the gamble in exchange
for an immediate payout of a reduced number of points (see
Figure 1C). We reasoned that cash-out behavior would provide an incentive-compatible indication of participants’ subjective beliefs, since higher expectations of a win should be
accompanied by lower willingness to accept a cash-out offer.
To increase the precision of measurement in each cell of
our design, we offered a smaller range of prior win probabilities in Experiment 2 (35%, 55%, or 75%), and all trials
were presented with the same ambiguity level (3 of 10 cards
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face-down). Cash-out offers were calibrated relative to the
expected value (EV) of each gamble: participants could be
offered a cash-out amount of either 2.5, 1.5, or 0.5 points less
than the true expected value of the gamble (e.g., for a win
probability of 75% [EV = 7.5 points], cash-out offers could
be either 5, 6, or 7 points). As in Experiment 1, we measured
cash-out behavior at a number of distinct points during the
waiting period (12, 10, 8, 6, 4, 2, or 0 seconds prior to reveal).
Participants completed a total of 63 trials (3 win probabilitiies
× 3 cash-out offer amounts × 7 offer times). All other details
of the task implementation were as in Experiment 1.
Data exclusions To identify inattentive participants, five
additional attention-check trials were randomly interspersed
throughout the task. In these trials, there was an objectively
correct choice for the cash-out decision (e.g., cash-out offer
of 2 points when win probability was 100%). 8 participants
(13.3% of sample) responded incorrectly to one or more attention check, and were excluded from all further analysis.
As in Experiment 1, we also excluded trials in which participants clicked away from the browser window during the
waiting period (202 trials excluded, 5.7% of total).
Data analysis Data were analyzed using a Bayesian mixedeffects logistic regression analysis as implemented in the
brms package for R. Cash-out offer amount was coded relative to the Bayesian expected value of each gamble (i.e., EV
minus 2.5, 1.5, or 0.5 points). All predictors were then grandmean-centered prior to analysis. Analysis parameters were
otherwise as specified in Experiment 1.

Results
Manipulation check As a manipulation check, we first examined the overall proportion of trials in which participants
accepted a cash-out offer. On average, participants accepted
the cash-out offer on 33.7% of trials (SD = 47.3). The probability of accepting a cash-out offer was modulated substantially by the value of that offer (mean proportion of cash-out
choices for offers 2.5 points less than the gamble EV: 16.4%;
for offers of EV minus 1.5 points: 29.1%; for offers of EV minus 0.5 points: 54.3%). Moreover, despite substantial heterogeneity in cash-out preferences, no participants displayed either floor or ceiling effects (cash-out probability range across
participants: 1.6% to 85.7%). Taken together, these results
give us confidence both that participants understood the task
and that the range of cash-out offer values was reasonably
calibrated for assessing their subjective beliefs.
Regression analysis Results of a Bayesian mixed-effects
logistic regression analysis indicated that the probability of
accepting a cash-out offer did not change as a function
of the time remaining until the outcome (β = 0.001, 95%
HDI [−0.03, 0.03]; Figure 3A). This flat temporal profile of
choice behavior was invariant across different levels of gamble win probability (β = 0.001, 95% HDI [−0.001, 0.002];
Figure 3B) and different cash-out offer amounts (β = −0.01,
95% HDI [−0.04, 0.03]; Figure 3C). There was also no ev-

idence for a three-way interaction (β = −0.0002, 95% HDI
[−0.002, 0.002]).
Separately, and consistent with the descriptive statistics
reported above, the regression analysis revealed that participants were more likely to accept a cash-out offer as the
amount offered increased (β = 1.41, 95% HDI [1.15, 1.68]).
We also found that participants were less likely to accept a
cash-out offer as the underlying win probability of the gamble increased (β = −0.02, 95% HDI [−0.04, −0.003]).
Quantifying support for a null model As in Experiment
1, we next conducted an auxiliary analysis to directly quantify the support for the null hypothesis (i.e., that no aspect
of participants’ cash-out behavior changed as a function of
time until outcome reveal). Once again, we used Bayesian
Model Averaging to estimate the relative support for a full
mixed-effects logistic regression model that included main
effects and interactions of time until outcome, relative to a
reduced model in which these effects and interactions were
not included. As in Experiment 1, the results of this analysis
indicated that the posterior probability of the null model was
far higher than that of the full model including effects of time
until outcome (estimated posterior probability of 0.99 for the
null model, versus 0.01 for the full model).

General Discussion
Previous studies have shown that expectations regarding the
outcome of a future event tend to decline over time as the
event approaches (Gilovich, Kerr, & Medvec, 1993; Shepperd
et al., 1996; Sweeny & Krizan, 2013). In the present study,
we investigated whether this pattern of temporal declines in
expectations could also be elicited within a controlled cognitive task involving a short wait period and low-stakes monetary gambles. Taken together, our results showed little evidence for temporal declines in expectations in this task: both
participants’ self-reported beliefs regarding gamble outcomes
(Experiment 1) and their willingness to ‘cash out’ of gambles
(Experiment 2) were constant across the delay prior to the
outcome reveal. Comparison of competing regression models
indicated that data statistically supported the null hypothesis,
rather than being a product of insufficient statistical power.
Our results should not be interpreted as undermining the
status of temporal declines in expectations as a psychological
phenomenon. This effect has been demonstrated repeatedly
in a number of real-world and laboratory settings (Sweeny &
Krizan, 2013), and the cognitive task that we developed here
is different in several important respects from those contexts.
As such, our study does not constitute a direct (or even conceptual) replication attempt for the phenomenon as a whole.
Instead, our results can be thought of as helping to specify the
boundary conditions under which temporal declines in expectations occur. Viewed in this light, our findings demonstrate
that temporal declines in expectations are not an invariant
property of human expectations during a waiting period in
general, but are rather a context-dependent phenomenon.
A natural follow-up question is: what features of a waiting
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Figure 3: Behavioral results for Experiment 2. A: Mean probability of accepting the ‘cash-out’ offer as a function of time
remaining until outcome reveal (in seconds), marginalizing across different underlying true win probabilities and offer amounts.
There was no evidence that participants’ cash-out probability differed as a function of time until outcome. B: Mean cash-out
probability as a function of time remaining (horizontal axis) and true win probability (plot facets), marginalizing across offer
amounts. Participants were less likely to cash out as the true win probability increased, but there was no evidence for an
interaction between true win probability and time until outcome. C: Mean cash-out probability as a function of time remaining
(horizontal axis) and cash-out offer amount (plot facets), marginalizing across true win probability. Cash-out offer amounts
are relative to the expected value (EV) of each gamble. Participants were more likely to cash out as the value of the cash-out
offer increased, but there was no evidence that cash-out probability varied as a function of the interaction between cash-out
offer amount and time until outcome. Error ribbons represent the 95% confidence interval of the mean. Horizontal dashed lines
indicate the indifference point between cashing out and waiting.

situation produce temporal declines in expectations? In situations where temporal declines in expectations are observed,
such as in students awaiting a grade or patients awaiting a
medical test result, the waiting period is typically prolonged
(on the order of multiple days or weeks), and the outcome
stakes are relatively high. In our task, by context, the waiting
period was short (12 seconds) and the outcome stakes were
low. At a first pass, therefore, one might speculate that both
factors contributed to participants’ stable expectations in the
present study. However, the literature includes conflicting
findings regarding the importance of high-stakes outcomes:
although greater declines in expectations have been reported
for high-stakes outcomes in some instances (e.g., K. M. Taylor & Shepperd, 1998), overall a meta-analysis found that
temporal declines in expectations were more pronounced for
low-stakes outcomes than for high-stakes outcomes (Sweeny
& Krizan, 2013).
This suggests that the null results of the present study
might be primarily attributable to the short waiting period employed in our task. If so, then we would predict that temporal
declines in expectations should emerge at longer waiting periods even with the low-stakes gambles employed in our task.
The shortest duration over which temporal declines in expectations have been observed is 20 minutes (Terry & Shepperd,
2004); an important topic for future research is, therefore, at
what duration expectation declines begin to emerge.
An alternative possibility is that the nature of the informa-

tion that is presented after the delay might be important in
driving temporal declines in expectations. Many of the settings in which temporal declines in expectations have been
elicited involve subjective reviews of one’s own performance
or expectations regarding the self. In the present study, although payoffs were personally relevant in the sense of affecting participants’ winnings, they may have been perceived
as less personally relevant than outcomes in previous studies of temporal declines in expectations. Future research
should therefore also examine whether declining expectations
are specific to the evaluation of one’s prior actions over time
(rather than probabilities of external events).
More broadly, further research is required to determine
the cognitive determinants of temporal declines in expectations. One influential theory is that temporal declines in
expectations stem from individuals’ attempts at affect management (Shepperd & McNulty, 2002; Sweeny & Shepperd,
2010). Under this hypothesis, declining expectations stem
from efforts to balance the psychological rewards of optimism against the anticipated psychological shock of future
disappointment. A promising avenue for future cognitive theories of expectation declines might therefore be to extend
affect-management theories using recent computational models that more precisely specify the cognitive appraisal processes underlying shifts in affect (Rutledge, Skandali, Dayan,
& Dolan, 2014; Eldar, Rutledge, Dolan, & Niv, 2016; Bennett, Davidson, & Niv, 2021).
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Abstract
Theories suggest that representational gestures depicting
properties of referents in accompanying speech could facilitate
language production and comprehension. In order to shed light
on how gesture and speech are coordinated during production,
we investigate whether representational gestures are timelocked to the onset of utterances (hence planned when full
events are encoded) or Lexical Affiliates (LAs; words most
closely aligned with the gesture meaning; hence planned when
individual concepts are encoded) in a large corpus of
naturalistic conversation (n = 1803 gestures from n = 24
speakers). Our data shows that representational gestures are
more tightly tied to LA onsets than utterance onsets, which is
consistent with theories of multimodal communication in
which gestures aid conceptual packaging or retrieval of
individual concepts rather than events. We also demonstrate
that in naturalistic speech, representational gestures tend to
precede their LAs by around 370ms, which means that they
could plausibly allow for an addressee to predict upcoming
words (ter Bekke, Drijvers & Holler, 2021; Ferré, 2010; Habets
et al., 2011).
Keywords:
multimodal
communication;
gesture;
representational gestures; iconicity; lexical affiliates

Introduction
In face-to-face conversation, speakers produce a range of cospeech gestures, e.g., pointing to, or producing
representational gestures that imagistically depict properties
of referents. We focus here on representational gestures that
depict properties that are also expressed in co-occurring
speech. It is argued that these gestures may support both
language comprehension and production processes. Some
theories focus on the role of these gestures in aiding
comprehension as interlocutors can predict upcoming lexical

items from seeing a representational gesture (Yap et al., 2011;
ter Bekke, Drijvers & Holler, 2021). Other theories focus on
the role of representational gestures in aiding production,
e.g., the Gesture-for-Conceptualization Hypothesis (Kita,
Alibaba & Chu, 2017; in particular the Information
Packaging Hypothesis, Kita, 2000; Mol & Kita, 2012) and
the Lexical Retrieval Hypothesis (Krauss, 1998; Rauscher,
Krauss & Chen, 1996). These theories suggest that producing
representational gestures can support the packaging of
conceptual information for production, or can enhance lexical
activation, facilitating word retrieval.
Previous work has tentatively established that
representational gestures tend to precede Lexical Affiliates
(LAs), e.g., words in speech which are closely aligned with
the gesture meaning (Schegloff, 1984). In particular studies
have demonstrated that this is true for the onset of key phases
of a gesture, i.e., gesture preparation (where a speaker’s
hands raise from a resting position to perform the gesture),
and the gesture stroke (the part of the gesture that conveys its
meaning, e.g., movements that are clearly depictive of
something, see Kendon, 1980; McNeill, 1992). Studies using
elicitation paradigms have demonstrated this timing
relationship in speech produced by people who are told to
describe something to an experimenter, confederate or to
camera in narrative fashion (Bergmann, Aksu & Kopp, 2011;
Church, Kelly & Holcombe, 2014; Graziano, Nicoladis &
Marentette, 2020; Morell-Samuels & Krauss, 1992).
Moreover, there have been rare attempts to determine if this
effect is present in ‘the wild’, in naturalistic conversations.
Early qualitative research provided descriptive accounts of
naturalistic interactions in which representational gestures
preceded their LA(s) (Schegloff, 1984). More recently there
has been data from conversations between familiar
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individuals demonstrating that a majority of representational
gestures precede their LAs in close temporal proximity when
produced in naturalistic conversation (ter Bekke et al., 2021;
Ferré, 2010, though see Chui, 2005; Urbanik & Svennevig
2021).
However, these studies use either a small sample of
speakers (Chiu, 2005; Ferré, 2010, Urbanik & Svennevig
2021) or restrict the context in which representational
gestures are used, e.g., focusing on only gestures
accompanying questions (ter Bekke et al., 2021). Therefore,
we still require large-sample verification using
representational gestures produced in naturalistic
conversation across multiple speech contexts.
More fundamentally however, previous work has been
limited to assessing the timing relationship between gestures
and LAs. Here we argue that this is only one part of the
picture, and that it is important to further assess whether there
are also dependency relationships in the timing of gestures
and larger linguistic units such as utterances.

Are Representational Gestures Time-Locked to
Utterances or Words during Production?
Answering this yet unexplored question can shed light on
how these two modalities are coordinated during production
processes. In turn, this can therefore constrain our
interpretations of how gestures can be used for prediction in
language comprehension (ter Bekke et al., 2021; Zhang et al.,
2021).
There are at least three different types of timing
relationships between gestures and speech that are of
theoretical relevance. Firstly, as proposed by McNeill (1992;
2014) gestures and speech could be planned together at a
conceptual (message) level and then each modality could be
encoded separately. More specifically, this theory suggests
that there is a hypothetical point (e.g., the growth point) at
which a speaker formulates the idea of what is to be
communicated, which is then put into action by vocal and
gestural systems. Assuming that growth points occur at event
boundaries, this proposal would predict that the beginning of
an utterance (defined as a speech unit describing an event,
Berman & Slobin, 1994) and the beginning of a gesture
(preparation phase) are tightly linked. The timing of LAs
would be independent of this relationship. This would also
suggest that the fact that gestures tend to precede the LA is
simply an artefact of the fact that the hands may arrive at the
depiction of the LA before the LA can be produced. As
McNeill (1985, p. 361) put it, “There exist anticipations
where the concept revealed in the gesture becomes available
before the sentence can grammatically make use of the
linguistic item that signifies the concept.”
However, gesture and speech could be linked in a more
fine-grained way. Assuming incrementality in production
1 If an LA comes early in an utterance (or indeed LA and utterance
onset are the same, i.e., if the LA is the first word of an utterance),
then gesture preparation and stroke may also be in close proximity
to both utterance onset and LA onset. But in naturalistic speech, LA

processes (e.g., Ferreira & Dell, 2000; Zhao & Wang, 2016),
the units of joint planning across the two modalities could be
smaller than an event, corresponding to specific concepts
encoded into words or phrases. Thus, we should find that
gestures are more tightly linked to LA onset. This would
mean that gesture preparation and stroke are better predicted
by LA onset than by utterance onset.
There is a third possibility, namely that while speech and
gesture are planned at the conceptual level on events, as
proposed by McNeill (1992), gesture deployment is delayed
until the corresponding lexical item is upcoming in speech
(de Ruiter, 2010). If this is the case, gesture preparation
would be more tightly linked to utterance onset, whereas
gesture strokes would be tied to LA onset. 1 This suggests that
gesture and speech may be co-constructed in a shared
computational stage, but that the link between LA onset and
stroke onset is not an artefact of other constraints.

Timing Relationships and Language
Comprehension
Crucially, the type of timing dependencies present in
production will constrain whether and how an addressee can
use gestures during comprehension. For an addressee,
gestures can be used to predict upcoming words in an
utterance if the gesture stroke comes before the onset of the
LA. Moreover, gestures should remain within tight temporal
proximity. In naturalistic speech streams, it is not sufficient
simply to show the gesture comes first: the gesture also needs
to precede the LA by a specific time. It is unclear what the
optimal time is, however, in a priming study investigating the
N400 effect, Habets et al., (2011) found that 360ms was
enough time for someone to generate an expectation of an
upcoming word from seeing the stroke of a representational
gesture. Their data suggested that no expectation of a lexical
item had been generated from the representational gesture for
a latency of less than 360ms (e.g., 160ms or simultaneous
presentation of the stroke and LA). Given the possible
relationships between units in speech and phases of gestures
described above, this timing appears to be compatible with
the second and third scenarios in which gesture stroke and
LA are tightly linked together.

The Current Study
In the current study, we use data from naturalistic
conversations between familiar individuals to evaluate the
plausibility of different theoretical proposals about gesture
and speech production processes. We do so by considering
the timing relationship between relevant units in the speech
(e.g., utterance and LA onset) and relevant phases of the
gesture (e.g., preparation and stroke).

onset can come significantly after utterance onset, not only in cases
where there are other constraints, but also in cases of word finding
difficulties. It is this variance that allows us to determine the
relationship more precisely.
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Method
Participants
The sample consisted of N = 24 adults from the ECOLANG
corpus (F = 14, M = 10, Age [years] M = 24.46, SD = 5.55).

ECOLANG Corpus
The ECOLANG corpus (Vigliocco et al., unpublished) is a
new multimodal corpus of semi-naturalistic dyadic
interactions between familiar adults (one designated the
speaker, and the other the addressee for the whole
interaction)2. Dyads were sat at a table in a lab at 90 degrees
from each other. Speakers were asked to talk about 6 objects
from 4 sets of topics (animals, tools, foods and musical
instruments) in a natural manner to their addressee for 4-5
minutes per topic. For each set, speakers were asked to talk
about three generally known objects (e.g., elephant, compass,
mango, accordion) and three generally unknown objects
(e.g., axolotl, strigil, cherimoya, xun). Speakers were taught
about the unknown objects prior to the experiment to
facilitate their conversation with the addressee. Replicas of
the objects (e.g., models of the animals or food, or the tools
and musical instruments) were both present or absent during
the interaction (counterbalanced). 3 In total, the recording
session took around 40 minutes. The interaction was videoand audio-recorded.
The speakers’ speech has been transcribed at the utterance
(Berman & Slobin, 1994) and word level and marked in
ELAN (Sloetjes & Wittenburg, 2008). Utterances were
defined as a unit that expresses a single situation (an activity,
event or state). Additionally, representational gestures (where
the speaker produced meaningful hand actions depicting an
object or event, e.g., moving their hands in a circular motion
to depict a wheel turning) have also been coded. Note that our
definition of representational gestures includes iconic
gestures (see McNeill 1985; 1992) and emblems (but not
points).

Coding
Further coding for our project was conducted in ELAN,
adding to the coded elements of the corpus.

of the preparation phase was coded as the point that the hand
shape of the previous gesture relaxed, and the hand(s) moved
to make the representational gesture. Note this was only the
case if the hands moved towards the representational gesture
in one movement, i.e., in cases where the hand(s) retracted
from the previous gesture to a resting position before
preparing for the representational gesture, then the onset was
marked at the point where the hands left the resting position.
The onset of the stroke phase marked the point where the
hand(s) begin to display the meaning of the gesture, with the
hands showing a well-defined configuration (shape) and
well-articulated movement that clearly depicted some
property. For gestures with multiple strokes (depicting the
same meaning), we simply marked the onset time of the first
stroke (note that if two strokes appeared to convey different
meanings, then these were treated as separate gestures).
Lexical Affiliates. We considered words in close proximity
to the gesture (i.e., in the second before it started and ended)
as potential LAs for that gesture. For each gesture, the
word(s) that corresponded most closely to a gesture in
meaning were marked as LAs for that gesture, and the onset
time taken. We constrained the LAs to the minimum amount
of word(s) to convey the meaning (i.e., omitting definite
articles). If there were multiple affiliates, we took the onset
time from the earliest LA associated with a gesture.
Utterance onset. We also recorded the onset time of the
utterance in which the LA was produced (as marked in the
corpus).

Reliability
Ten percent of each speaker’s representational gestures were
double coded (resulting in n = 300 gestures for reliability
calculations). Both coders coded the preparation and stroke
phase of the gesture and identified LAs.
LAs. Each coder established if each potential LA (words
occurring within 1000ms of the gesture begin and end), was
or was not a LA of the gesture (resulting in n = 3878 potential
LAs). Coders agreed on 95.00% of these words (Cohen’s κ =
.70 [95% CI = .65 to .74], indicating substantial agreement).

Gesture Phases. For each representational gesture, we
marked the onset of two phases: the preparation and the
stroke (Seyfeddinipur, 2006; Kita, van Gijn & van der Hulst,
1998).
The onset of the preparation phase was marked when the
hand(s) began moving to form the shape of the gesture. This
could be marked at the point where the hand(s)/arm(s) began
raising from a resting position (which could be in the lap, on
the table, or mid-air). Alternatively, if the speaker was
gesturing just prior to the representational gesture, the onset

First LA. There was agreement for 72% of gestures on the
first affiliate/that there was no LA (for 57% of gestures
coders agreed on first LA, for 15% they agreed that there was
no LA associated with the gesture). For half of disagreements
between coders (accounting for 28% of gestures considered),
one coder selected an LA when the other coded none. For the
other half, coders did not agree on the first LA (having both
selected a LA for the gesture). However, it is worth noting
that in the majority (32/42) of these cases, the first LA

2 Note that the ECOLANG corpus also includes adult-child
dyads, not considered in the current study. Note also that the full
sample of ECOLANG adult dyads is N=33. Our project is currently
ongoing.

3 For the current study, we do not distinguish between
communication about known/unknown or present/absent entities for
the purpose of analysis.
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Figure 1: Latency between gesture preparation onset (top: 0ms indicated by the
dashed red line) or stroke onset (bottom: 0ms indicated by the dashed red line),
utterance onset (black solid lines) and LA onset (blue dashed lines). Normal
distributions plotted for each speaker using M and SD across all gestures produced
by that speaker (QQ plots indicated all normal distributions). Left: entire
distribution; right: zoomed-in plot.
selected by one coder was included as a LA by the other (just
not as the first LA).
Latencies. For gestures where coders agreed on the first LA,
and that the gesture had a stroke and preparation phase (n =
171), reliabilities on the latencies considered in our analysis
indicated high levels of agreement: (1) gesture preparation to
LA onset, r = .95, (2) gesture stroke to LA onset, r = .94, (3)
gesture preparation to utterance onset, r = .99, (4) gesture
stroke to utterance onset, r = .99. Even when including cases
where there was not agreement on the first LA (for n=213
gestures), correlations were high between coders for all
latencies: (1) r = .77, (2) r = .77, (3) r = .94, (4) r = .93.

Analysis
For analysis, we only included representational gestures for
which we could identify both the preparation phase and
stroke phase, and that had at least one LA (n = 1803
representational gestures). All analyses were done in R 3.6.2
(R Core Team, 2019), with mixed effects models run using
lme4 (Bates et al., 2015), and model summaries generated
using lmerTest (Kuznetsova, Brockhoff, & Christensen,
2017).
Links to LA and Utterance Onsets. To analyze whether
gesture preparation and stroke onset are more related to LA
or utterance onset we constructed mixed effects models with
gesture preparation onset or stroke onset time predicted by
either utterance or LA onset. Speaker ID was included as a
random effect on the slopes, and all variables were meancentered and scaled (M = 0, SD = 1) to allow for meaningful

comparisons. Model comparison using Akaike’s Information
Criterion (AIC), specifically AIC difference (Δi: where for a
modeli, Δi, = AICi - AICmin over candidate models) allowed
us to determine whether utterance or LA onset was a better
predictor for either preparation or stroke onset. Δi = 0
indicates the best fitting model, larger values of Δi indicate
worse fit, with Δi > 2 indicating that a model is substantially
less plausible compared to the best fitting model (Burnham
& Anderson, 2002). Finally, models with both LA and
utterance onset predicting stroke or preparation onset were
constructed to allow for comparison of their relative
contributions.
Timing between Gesture Phase (Stroke/Preparation) and
LA. To determine exact latencies between gesture phase
onsets and LAs (e.g., the latency between gesture stroke and
LA), we constructed mixed effects models with gesture phase
(stroke or preparation) onset predicted by LA onset. Speaker
ID was included as a random effect on the slope, and gesture
ID included as a random intercept. Note, variables were not
mean-centered and scaled, so as to obtain an estimate of the
exact latencies (in order to establish their plausibility as
primes).

Results
Links to LA and Utterance Onset
Figure 1 shows the relationship between gesture preparation
and stroke onset and LA and utterance onset. As LA onsets
are more densely distributed in proximity to both preparation
and stroke onset than utterances, this shows that gesture
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preparation and stroke onset is more tightly linked to LA
onset. Model comparison confirmed that LA onset was a
stronger predictor than utterance onset of both gesture
preparation onset (ΔUtterance onset = 2562.588) and stroke onset
(ΔUtterance onset = 2749.114). Tables 1 and 2 show that the
relative contribution of LA onset to preparation and stroke
onsets is higher than for utterance onset.
Table 1: Gesture preparation onset predicted by LA and
utterance (Utt) onset

(Int)
LA
Utt

β
0.000
0.920
0.080

SE
0.000
0.019
0.019

df
24.153
1718.171
1632.928

t
-0.020
48.526
4.241

p
.984
< .001
< .001

Constraints on Theories of Multimodal Production

Table 2: Gesture stroke onset predicted by LA and
utterance (Utt) onset

(Int)
LA
Utt

β
0.000
0.931
0.069

SE
0.000
0.014
0.014

df
23.054
1437.968
1483.578

t
0.025
67.364
4.978

onset of the corresponding LA than to the beginning of the
corresponding utterance. These findings do not support
hypotheses that the shared planning unit of speech and
gesture is as large as a whole event (operationalized here in
terms of utterance), as the growth point theory by McNeill
(1992; 2014) suggests. They also do not support hypotheses
that speakers routinely prepare their gesture at the beginning
of the utterance and delay the stroke phase until the LA onset
(as suggested by de Ruiter, 2010). This indicates that the fact
that representational gestures tend to precede their LA is not
simply an artefact of formal constraints affecting speech
(McNeill, 1985).

p
.980
< .001
< .001

Timing Between Gesture and LA
Gesture stroke onsets tended to precede LA onset for all
speakers (see Figure 1 for distributions for each speaker). The
model revealed that the estimated latency between stroke and
LA is around 370ms (Β = -370.87, SE = 30.57, t(23.11) = 12.13, p < .001) when accounting for random slopes across
speakers. By comparison, gesture preparation phases
preceded the LAs by around 814ms (Β = -814.32, SE = 37.41,
t(24.08) = -21.77, p < .001).

Discussion
We have found that in naturalistic production gesture
preparation and stroke phases are more closely linked to the

The timing relationships we observed are consistent with
theories of multimodal production that assume that the unit
of shared planning of the speech and the gesture at the
conceptual level is not as large as a whole event, but smaller
corresponding to sub-units (e.g., words or phrases), in line
with incrementality in language production. This proposal
aligns with theoretical views according to which crucially,
the gestural system is not recruited to the service of encoding
operations by the language production system, but at a more
general conceptual level (see the Information Packaging
Hypothesis, e.g., Mol & Kita (2012), as part of the Gesturefor-Conceptualization Hypothesis (Kita et al., 2017)).
Our results are also compatible with alternate views
according to which the gestural system is engaged only after
conceptual encoding, during lexical retrieval (e.g.,
Butterworth & Hadar 1987; Hadar & Krauss, 1999; Krauss,
1998; Rauscher, Krauss & Chen, 1996). A speaker formulates
an idea of what is to be communicated in speech, with
gestural systems recruited after. Under this theory, gestures
are tightly linked to their LAs, because they are deployed
within an utterance as pre-planned lexical items are reached
to aid in their retrieval. Such theories assume that recruitment
of the gestural system would be driven by the speech
production system.

Figure 2: Latency between gesture stroke onset and LA onset (0ms indicated by the dotted red
line). Normal distributions plotted for each speaker using M and SD across all gestures produced by
that speaker (QQ plots indicated all normal distributions). Dashed red line indicates the coefficient
estimate extracted from the mixed-effects model (370.87ms). Left: entire distribution; right:
zoomed-in plot.
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While we cannot decide between these two alternative
views solely on the basis of the current results, there is
evidence that argues against this second view (that gestural
systems are driven by speech production systems, i.e., by the
need for lexical retrieval). Recent evidence suggests this is
unlikely, as restricting speaker’s ability to gesture does not
impair fluent speech production (Kısa, Goldin-Meadow &
Casasanto 2021).

Gestures Can be Used to Predict Upcoming Words
in Comprehension
Here we have demonstrated that in naturalistic conversation,
the two necessary criteria for representational gestures to be
able to predict an upcoming word in comprehension are met.
Firstly, the stroke phase of representational gestures
(representing their meaning) tends to be deployed just prior
to LAs. Secondly, they remain within tight temporal
proximity, tending to be produced around 370ms before. This
is similar to previously reported latencies (e.g., ter Bekke et
al., 2021; Ferré, 2010), and is strikingly close to the 360ms
thought to be required for a representational gesture to act as
a prime for a lexical item (Habets et al., 2011). This makes
theories that listeners can use speakers’ representational
gestures to predict upcoming speech ecologically plausible.

Future Directions
While the general picture we have presented is valid, it is
clear that there are some individual differences in the timing
relationship between representational gestures and LAs, and
variation whereby a small percentage of gestures (preparation
and stroke) start well in advance or indeed after their LA. To
some extent this could be due to properties of the LAs.
Previous work (using n = 60 gestures) demonstrated that
word familiarity predicted variation in the latency between
LA and gesture preparation (Morrell-Samuels & Krauss,
1992). Further investigation (currently ongoing) should seek
to determine what lexical properties of LAs can affect the
timing relationship with gesture preparation and stroke
phases, e.g., word frequency or lexical surprisal.
Additionally, the corpus includes both fluent and disfluent
speech (as the speech is naturalistic), and it is possible that
this accounts for variation in timing (see Arslan & Goksun,
2022).
Future work should also seek to determine if the timing
relationships observed here are similar in gestures produced
to children. It is thought that children younger than 3 years
old struggle to interpret the meaning of representational
gestures, developing the means to interpret them through
preschool (Tolar, Lederberg, Gokhale & Tomasello, 2008). If
the timing of co-speech gestures is under a speaker’s
intentional control (i.e., are designed for audience
comprehension), then we may see accommodations made in
the timing of representational gestures for young children.
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Abstract
Memory is limited in capacity, which means that we must
choose what information to prioritize for storage. Part of
knowing what to prioritize is predicting future needs. For example, if you view a 3D object, later on you may wish to recall
exactly how it was oriented. Alternatively, you might need to
remember its shape, independent of viewpoint. Given this kind
of uncertainty, a good strategy would be to store multiple kinds
of information about the objects we observe, and then decode
in a task-dependent manner. We tested whether people apply
these strategies in the specific domain of short-term memory
for novel faces. To test whether people store various kinds of
information about a face, and then decode in a task-dependent
manner, we modeled their responses in a memory task using
features (extracted from deep neural networks) that varied in
how much 3D information they carried. We found strong evidence for a mixed-storage strategy, which did not vary in response to task demands. Our results suggest that in order to
fully understand resource allocation and retrieval strategies in
human memory, it may be critical to consider not just the distribution over tasks in people’s natural environments, but also
task uncertainty at the time of encoding.
Keywords: Visual working memory; rate-distortion theory;
deep neural networks; face perception

Introduction
Normative frameworks in cognitive science seek to understand aspects of behavior by comparison to the ideal strategy
in the task of interest. For systems with limited informational
capacity, such as memory, the optimal strategy is given by
a branch of information theory called rate-distortion theory
(Berger, 1971; Sims, 2016), which defines a constrained optimization problem that balances capacity constraints against
performance objectives. Given the limited capacity of human
memory, the brain must select what information to store.
The rate-distortion framework conceptualizes memory encoding and retrieval processes using a communication channel. A channel consists of an encoder and a decoder, where
the encoder is a function that maps from the source (or stimulus) to an abstract “code” vector, z, and the decoder is a
function that reverses that process. If there were no capacity
constraint, there would be no advantage to this remapping.
However, when the channel has limited capacity, the encoder
can be carefully designed so that z carries only the most crucial information, and thus requires fewer bits to transmit. In
this work, we will consider z to be the memory trace corresponding to a stimulus. We will also refer to the process of
retrieving information from z as “decoding” from memory.

While studies have applied the rate-distortion framework
to predict how people adapt their visual encoding strategies
in response to changing demands in their environment (Sims,
Jacobs, & Knill, 2012; Bates, Lerch, Sims, & Jacobs, 2019;
Bates & Jacobs, 2020, 2021), they have not yet addressed one
critical component of the problem facing people outside the
lab: There are many tasks we might need to perform in the
future, and most tasks only require a subset of stimulus features. If we knew which tasks were going to be performed,
we could save the critical subset of features with high fidelity
and forget the rest. For example, if you view a 3D object, later
on you may wish to recall exactly how it was oriented. Alternatively, you might need to remember aspects of its shape,
independent of viewpoint. If there is uncertainty about future
needs, then a smart strategy would be to store a set of features that could subserve either task, as needed (note that this
strategy also requires context-dependent retrieval).
Critically, this strategy may need to be learned over extended periods of time. In lab settings, there has been intense
interest in understanding people’s ability to flexibly reallocate
on the fly between different objects or feature dimensions in
response to task demands or cues (Ye, Hu, Ristaniemi, Gendron, & Liu, 2016; Maxcey-Richard & Hollingworth, 2013).
Outside of the lab, however, contextual cues are not usually as
explicit, which means it makes sense to learn a default strategy over time that minimizes errors in expectation.
Do people implement such a strategy? To our knowledge, this question has not been studied before, but a related
problem has been studied within Anderson’s rational analysis of memory, which uses “need probabilities” to predict the
availability of information in memory (Anderson & Milson,
1989). Anderson considers the problem of efficient information retrieval, where the goal is to minimize the amount of
search required to retrieve a piece of information. For example, the probability of needing to retrieve an item tends to
decrease with the amount of time it has been stored. Thus,
search costs will generally decrease if more recent items are
prioritized over older items. By contrast, our work is not concerned with search costs but rather with storage costs.
In this work, we conduct an investigation into encoding
and decoding strategies in the face of future task uncertainty.
First, we test the hypothesis that people i) store multiple, distinct feature sets that are useful in distinct tasks that they are
likely to encounter, and ii) decode these features from mem-
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ory in a context- or task-dependent manner. Second, we test
the inflexibility of people’s encoding policies. To do this, we
employ a simple manipulation within the standard changedetection paradigm, aimed at distinguishing between 2D versus 3D features. Our reasoning was that these two categories
are likely to be useful in various natural tasks, and therefore
are likely candidates to be stored together. In one type of
trial, participants are tasked with detecting a change to the
study object when there is a change in viewpoint between
study and test. In the other trial type, the viewpoint does not
change. The key intuition is that if people store both 2D and
3D features, they should be able to combine those two sources
of information in our change-detection task when viewpoint
does not change very much between study and test. However,
3D features are likely easier to use than 2D features when
viewpoint changes a lot (e.g. a linear readout may be sufficient for 3D but not 2D features). Therefore, the goal of our
modeling will be to measure to what extent participants are
relying on 2D versus 3D features in each type of trial.
Our experimental design makes the critical (and arguably
reasonable) assumption that some mixture of 2D and 3D features is optimal to store in the context of people’s natural environments. In reality, we cannot know precisely what is optimal without careful additional study. Thus, if we do not find
evidence that people store a mixture of features, it could be
that this assumption is wrong.
For our stimuli, we use computer generated faces. Since
our stimuli are complex and naturalistic, it is difficult to take
the common approach of hand-crafting features. Instead, we
take layers from deep neural networks trained to interpret
faces as the set of candidate features. Based on previous
work (Yildirim, Belledonne, Freiwald, & Tenenbaum, 2020;
Schrimpf et al., 2020), we presupposed that layers would run
the gamut between more 2D and more 3D in nature. We also
compare these features to a separate set, derived from subjective ratings of high-level facial attributes.

Experimental methods
We conducted two memory experiments, plus a third experiment in which we collected additional subjective ratings
about the stimuli used in the memory experiments. The
first and second experiment differed only in whether two trials types (viewpoint-change and no-viewpoint-change) were
mixed within participant. In the first experiment, each participant saw only one trial type, while in the second experiment,
they saw both. We conducted the second experiment in order to test the flexibility of encoding strategies in response to
task demands. Specifically, while our hypothesis is that people have a relatively fixed allocation strategy on each trial,
learned over many hours of experience outside the lab, another possibility is that people decide on each trial how to
allocate resources across feature sets. If each participant only
sees one kind of trial, they may quickly learn a fixed strategy
that is tailored to that trial type. In order to distinguish between these strategies, we train participants on one trial type

and test how they generalize to the other. If encoding strategies are relatively fixed across conditions, then the generalization trials should be statistically similar to their counterparts
in Exp. 1. By contrast, if encoding strategies are tailored to
whichever trial type is most prevalent, then the generalization
trials should statistically resemble trials of the other type in
Exp. 1. Finally, our third experiment reexamined the data
from Exp. 1 using new models that included subjective ratings from a separate pool of participants.
Stimuli and Procedure. Stimuli in the memory experiments
were cropped face images (512 × 512 pixels) generated using
the Basel Face Model (BFM) (Gerig et al., 2018), placed on a
white background. The BFM we used (2019 version) consists
of 199 shape and 199 color dimensions. These dimensions are
the result of applying principal component analysis to highly
detailed, physical scans of 200 real faces. Faces (“identities”)
are sampled from the model by sampling values for these dimensions. The model also includes dimensions for facial expression, but we fixed all of these values to zero, resulting in
neutral expressions.
To produce a target-probe pair, we first sampled a random
target identity using the BFM. Then we sampled a nearby
identity such that they were separated by a cosine distance
equal to δ. Each identity that is sampled can be rendered
from any viewpoint. In no-viewpoint-change trials, the viewpoint was always frontal (yaw, pitch, and roll all set to zero).
In viewpoint-change trials, the target stimulus was frontal,
but the probe stimulus differed in that it was always rotated
+15 degrees in yaw (whether or not the identity changed).
For viewpoint-change trials, we used δ = 0.75, while for noviewpoint-change trials, we used δ = 0.35. These values were
chosen based on pilot data in order to target an 80% average
correct response rate.
Participants in the memory experiments performed a
change-detection task (Figure 1). On each trial, the target
stimulus was presented for 2 s, the retention interval was 1.5
s, and the probe stimulus stayed on screen until response.
The inter-stimulus screen did not include masking (i.e., it was
blank). Each participant in Exp. 1 and 2 completed 200 trials.
Probe stimuli were randomly sampled per participant such
that half of the trials were “change” trials (the probe identity was different than the target identity) and the other half
were “same” trials (the identities were the same). They completed 4 practice trials prior to the testing phase, and received
feedback (correct or incorrect) on every trial (both practice
and test). Data was collected using Cloud Research, which
is a service built on top of Amazon’s Mechanical Turk, and
includes filters to improve data quality.
In Exp. 1, each participant was randomly assigned to
either see only viewpoint-change trials (N=15) or only noviewpoint-change trials (N=15). All participants saw the
same 200 target stimuli, but in a different random order.
Exp. 2 was identical in methodology, except that each participant (N=36) saw 80% viewpoint-change trials and 20%
no-viewpoint-change trials. (Note that Exp. 2 had more par-
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Figure 1: Change-detection procedure. On each trial, the probe
either did or did not change in viewpoint relative to the target, and
the target was always in the frontal view.
ticipants in order to get enough samples for the generalization
trials.) Trials for each type were sampled randomly without replacement from the larger pool of 200 trials from Exp.
1, per participant, and the order was random. Thus, participants no longer saw all the same target stimuli. Of course, the
strongest test of whether people are adapting their decoding
strategies would be to only show one no-viewpoint-change
trial to each participant, on the very last trial. However, we
chose the 80/20 split to strike a balance between hypothesis
testing needs and the amount of data that would need to be
collected.

Modeling
The aim of our modeling was to compare human responses
to a variety of visual features which varied in their 3D
face-shape specificities. Toward this end, we extracted features from two different deep convolutional neural networks
(DCNN), trained on faces according to different objectives.
Previous work (Yildirim et al., 2020) showed that these networks acquire a hierarchy of features ranging from viewspecific (more 2D) in early layers to more view-invariant
(more 3D) in later layers, thus meeting our requirement.
One of the pre-trained networks we used was the Efficient
Inverse Graphics engine (EIG) (Yildirim et al., 2020). This
network is trained to invert a generative face model, under
the assumption that the faces we encounter in the world are
generated according to the BFM. Specifically, the EIG was
trained to map face images (generated based on the BFM) to
identities in the BFM (the ∼400 shape and color dimensions
used to produce a face). The network demonstrated good generalization to real photographs.
The other pre-trained network we used was the VGG face
network, as presented in (Parkhi, Vedaldi, & Zisserman,
2015). We used the “VGG-raw” pretrained version as in
Yildirim et al. (2020). This network was trained to map a
face image to one of several thousand celebrity identities.
The training set was created from images freely available
on the internet, and the architecture was based on VGG-16
(Simonyan & Zisserman, 2014).

Subjective Ratings. While the DCNN layers we use here
may capture some important abstractions about faces, it is
possible that they do not adequately capture certain highlevel, behaviorally-relevant features that are salient to people.
For example, people might be sensitive to changes in the masculinity or femininity of a face (Freeman, Rule, Adams Jr, &
Ambady, 2010), in a way that the DCNNs are not. It is possible that including or omitting these kinds of features may
alter our conclusions.
To investigate this possibility, we collected subjective ratings (N=19 per stimulus) of our face stimuli from participants along several high-level dimensions. Participants gave
ratings on a one-to-five scale along masculinity/femininity,
strangeness (some generated faces looked particularly unusual or striking), age, weight, and emotional valence (some
faces deviated slightly from neutral, despite setting expression to neutral in the BFM). We collected 19 ratings per stimulus image, which we z-scored per question within each participant and then averaged. The result was a single score for
each question for each target or probe image. This vector was
then treated as another feature, just like a DCNN layer.
Logistic regression models.
In order to predict
same/different responses, we trained logistic regression
models based on the (flattened) DCNN features. Specifically,
we first produced a “psychological” distance for a particular
layer by computing the cosine distance between target and
probe in feature-space. That is, we compute the activations
from layer i for the target, and then for the probe, and
compute the cosine distance between these two vectors.
The result is a number between 0 and 2, where 0 means
the images are highly similar according to layer i. This
procedure gives one number for each of the 200 trials, for
each layer. Then we fit a standard logistic regression to
map from the distance predicted by layer i on each trial and
whether the participant responded “different”. If layer i is a
good model of the data, then its distance should be larger in
trials where people reported a change more frequently. We
restricted our analysis to the half of trials in which there was
actually a change between target and probe, since in the other
half the model distance was always zero.
Finally, we note that the procedure was slightly different
for the survey data compared to DCNN layers. We assumed
that the magnitude of the feature vectors in this case mattered,
so instead of cosine distance, we used absolute difference.
That is, for each target-probe pair, for each question k, we
took the absolute difference between the average rating for
target and probe. Then, we summed across questions to produce a single distance value for each target-probe pair, just
like the DCNN layers.
Feature invariances. While we hypothesize that layer depth
may be used as a proxy for face-shape invariance, we can
also measure this property more directly. We created an invariance index by measuring how much similarity drops off
as viewpoint changes. Intuitively, if a layer is perfectly invariant, there should be no drop-off with viewpoint change.
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Experiment 1. In this experiment, we tested the hypothesis
that people i) store multiple, distinct feature sets that are useful in distinct tasks, and ii) decode these features from memory in a context or task-dependent manner. In particular, we
tested whether people store face features that are relatively
3D-shape-invariant in addition to features that are less shapeinvariant. To do so, we fit a standard logistic regression model
to aggregated participant data for each layer in each of the two
DCNNs. For each layer, we then calculated the model’s log
likelihood.
The result for each DCNN and each condition is shown
in Figure 2. In the viewpoint-change condition, the clear
trend is that the later layers of each network produce higher
likelihoods. In the no-viewpoint-change condition, later layers do not provide the best fits. The function of likelihood versus layer depth appears more smooth and monotonic
in the no-viewpoint-change condition in the VGG face network, compared to EIG. We suspect this is a result of having
more layers, since it has been found that deeper networks acquire higher representational similarity between adjacent layers (Kornblith, Norouzi, Lee, & Hinton, 2019).
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Figure 3: Summary of bootstrap analysis for Exp. 1. Each bar
shows the proportion of resamples of the data for which the layer
“preferred” the viewpoint-change data.
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Figure 2: Negative log likelihoods of the logistic regression model
based on each DCNN layer (Experiment 1).

We conducted a bootstrap analysis to estimate confidence
intervals by resampling responses with replacement. However, we found that this analysis was not meaningful, because
errors were correlated between layers. That is, all layers
tended to go up or down in likelihood together, depending on
which trials were sampled. Thus, we instead measured how
well the rank ordering of likelihoods was preserved across
resamplings. For each resample, we recorded the rank index of layer i after sorting from lowest to highest likelihood.
Then we counted how often layer i “preferred” the viewpointchange versus no-viewpoint-change condition. For example,
we say that layer i prefers the viewpoint-change condition
for a particular resample of the data if it gets ranked higher
for that condition than for the no-viewpoint-change condition.
We conducted this procedure separately for each DCNN. Figure 3 shows the results of this analysis. The deeper layers
strongly prefer the viewpoint-change condition, and preference for the no-viewpoint-change condition tends to increase
toward earlier layers, in a manner consistent with Figure 2.
The pattern of results above suggests that layer depth may
be a reasonable proxy for face-shape invariance. However, it
is also important to test this more directly. Thus, we measured
the face-shape invariance for each layer, as described in the
Experimental Methods, and plot the result in Figure 4. Interestingly, our invariance measure provides even stronger support for the hypothesis that participants relied on more viewinvariant features in the viewpoint-change condition, and less
view-invariant features in the no-viewpoint-change condition.
In particular, our measure tracks the log likelihoods in the
no-viewpoint-change condition rather precisely (compare to
orange bars in Figure 2). Thus, layer depth is not a perfect
proxy for invariance, according to our measure, but the ways
in which it differs directly support the primary hypothesis.
We used Spearman correlation to quantify the degree of
agreement between DCNN features and responses. In the
viewpoint-change condition, we found a correlation of ρ =
0.37 (p < 0.0001) between stimulus-averaged responses and
target-probe distances derived from the highest-likelihood
layer of the EIG. For VGG, the correlation was ρ = 0.34
(p < 0.0001). For the no-viewpoint-change condition, the
corresponding correlations were ρ = 0.38 (p < 0.0001) and
ρ = 0.37 (p < 0.0001).
Experiment 2. For this experiment, we conducted the same
analyses as the first experiment (grouping by trial type). As
discussed above, if we find a similar result to Experiment 1,
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it suggests that people were storing a mixture of features, as
hypothesized, rather than setting their allocation strategy on
a trial-by-trial basis. Our results confirmed this prediction,
as can be seen in Figure 5. We also conducted the bootstrap
analysis, which looked very similar to Exp. 1.
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Next, we repeated this analysis for a composite model
that combined the best-fitting DCNN layers in each condition
(based on results from Exp. 1) with the ratings-based model.
We defined this composite model as dcomp = α dratings + (1 −
α) dDCNN , where d is cosine distance (for some target-probe
pair) and 0 ≤ α ≤ 1 is a free parameter. We conducted a
grid search over α values, training a logistic model for each
one. In the viewpoint-change condition, we found maximum
log likelihoods of -708.8 (α = 0.34) and -707.2 (α = 0.39)
for EIG and VGG, respectively, as compared to -721.6 and
-719.2 for the DCNN layers alone. In the no-viewpointchange condition, we found a maximum log likelihood of 729.9 (α = 0.24) and -727.9 (α = 0.27) for EIG and VGG, respectively, as compared to -734.1 and -732.6 for each DCNN
layer alone. Thus, with both networks, we found the composite model was an improvement over DCNN layers alone,
though the improvement was greater in the viewpoint-change
condition. In both networks and both conditions, the DCNN
layers were weighted more heavily, suggesting that DCNN
features were at least as important in explaining responses.
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We found that on its own, the ratings-based model performed as well in the viewpoint-change condition but poorly
in the no-viewpoint-change, compared to the DCNN layers.
Applying the same logistic regression analysis as above to
Exp. 1 data, we found that the ratings-based model had
a log-likelihood of -718.4 in the viewpoint-change condition (Spearman ρ = 0.33, p < 0.0001) and -740.8 (Spearman
ρ = 0.20, p < 0.01) in the no-viewpoint-change condition,
compared to -719.2 and -732.6 for the best DCNN layers,
respectively. Thus, in the viewpoint-change condition, participants relied relatively more on features like those in our survey questions. One possible explanation for the discrepancy
between conditions comes from the fact that the target-probe
delta in the viewpoint-change condition needed to be larger
because trials were more challenging. As a result, one might
be more likely to find noticeable differences between the target and probe along high-level dimensions like masculinity.
This could be true, for example, if some dimensions are coded
in a more categorical manner (e.g., male vs. female) (Beale &
Keil, 1995; Goldstone & Hendrickson, 2010). If so, a change
would be hard to notice unless it passes a certain threshold.

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19
Layer index

Figure 5: Negative log likelihoods of the logistic regression model
based on each DCNN layer (Exp. 2). Note that the magnitudes of
the likelihood values depend on the number of trials, which were
uneven (80% viewpoint-change, 20% no-viewpoint-change).

Experiment 3. This experiment explored additional features
that participants encode which are not captured by the DCNN
features. As described above, we collected subjective ratings
along several behaviorally relevant dimensions. We then estimated target-probe distances along these dimensions, in a

It is possible that the increase in likelihood after adding
in the ratings-based model could simply reflect the greater
diversity of features, rather than the particular high-level attributes we measured. For example, perhaps similar gains
would be found if we repeated the same analysis but instead
combined the best-fitting DCNN layer with other layers from
the same network or a different network. To test this, we repeated the composite model analysis but replaced the ratingsbased model with every DCNN layer in turn. We found the
resulting improvements were more modest, even when mix-
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ing and matching between EIG and VGG (see Figure 6).
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ments do not directly assess the optimality of behavior. While
it seems intuitively reasonable that people should store some
mixture of 2D and 3D face features, addressing this question
requires rigorous study of the set of memory-related tasks in
people’s natural environments, as well as uncertainty over future needs. For example, if people do not usually need to
recall viewpoint information, then devoting too much of their
storage to 2D features would be suboptimal.
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Best EIG + survey
Best VGG + survey
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720
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viewpoint-change
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Figure 6: Comparison of models that do and do not include subjective ratings. “Best” refers to the layer that produced the highest
likelihood on its own in Exp. 1, and “X + Y” denotes a linear combination of two models, X and Y (with the optimal weighting between
them, see text). To produce “Best X + other X” we paired the best
layer in X with each remaining layer in turn, and reported the pairing with the best result. To produce “Best X + other Y”, we did
the same, except we searched over layers in Y, not X. All values
computed using data from Exp. 1.

Importantly, the composite model did not overturn the conclusions from our earlier analysis. We repeated the analysis
from Experiment 1, except that we fit the composite model
for every layer. We found that the relative differences in likelihood between layers were almost identically preserved, except that all the likelihood values were shifted higher as a
result of adding the ratings-based model.
Taken together, these results support the conclusion that
participants in our experiments relied on additional features
that were not adequately captured in the similarity structures of the DCNN models. Moreover, they add support
for our hypothesis that people store multiple distinct feature
sets. Specifically, they suggest that participants were always
storing these additional, high-level features alongside more
purely perceptual features. The neurobiological evidence also
supports this conclusion, at least in the case of sex: separate
brain regions have been found to subserve categorical versus
continuous representations of gender (Freeman et al., 2010).

Discussion
In this work, we considered the problem of task uncertainty
in visual memory. There are many kinds of features that we
could store after looking at the objects in our natural environment, and different features may be more useful in some
memory tasks than others. For example, here we specifically
considered a dichotomy between 2D and 3D features: 2D features are needed for recalling viewpoint-related information,
while 3D features are needed for recalling shape-related information. If either kind of task is possible in the future, a
good strategy would be to store both 2D and 3D features.
Data from our change-detection task suggest that people
adopt some version of this strategy. However, our experi-

Our work raises important questions regarding the design
of encoding and decoding operations in memory systems and
how these are coordinated. For instance, in the viewpointchange condition from our experiment, participants needed
to decode selectively from the 3D features stored in memory,
largely ignoring the 2D features. While previous research has
raised the point that memory should store invariant features
in order to recognize the same object under new viewing conditions (Riesenhuber & Poggio, 2000), to our knowledge the
problem of storing and decoding mixtures of features has not
been considered. For instance, is it better to store 2D and
3D features as separate memory traces, or as part of a single,
integrated trace?
Finally, while our work applies most clearly to memory for
complex objects and scenes, it may also have implications for
understanding performance limitations in the kinds of simplified displays more commonly used in the literature. For
example, it is possible that people store features at multiple
levels of abstraction, similar to our finding with faces, even in
simple displays like colored squares on a blank background.
If so, configural features may have a predictable impact on
memory performance. In fact, there is robust evidence that
the specific configuration of items in a display matters substantially (Brady, Konkle, & Alvarez, 2011; Brady & Tenenbaum, 2013; Martin & Becker, 2021; Brady & Alvarez, 2015;
Orhan & Jacobs, 2013), and thus memory for one item in a
display cannot be considered fully independent of memory
for the other items. The framework we present here suggests
a principled modeling approach for predicting the role of item
configuration in memory and how that relates to capacity limits. In particular, our work suggests that people allocate storage for “extra” features that may not end up being used in
a particular task, as a rational response to task uncertainty.
Thus, to estimate capacity and predict performance, we need
to consider the full set of features being stored. We should
try to understand the features that people store when studying
natural images, because they may be similar to the ones they
store when studying more simplified displays.
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Abstract
Previous studies have claimed that language structures tend to
minimize the linear distance between syntactic heads and their
dependents, a principle known as Dependency Length Minimization (DLM). These studies, however, have largely focused
on written modality. In this study we examine the role of dependency length in acceptability ratings of English and Hindi,
two typologically distinct languages, using audio stimuli. With
double PP constructions as a test case, our results demonstrate
no effect of DLM, suggesting the preference for shorter dependencies is different in acceptability and written texts. These
findings are further supported with corpus analysis of a total
of 10 treebanks for the two languages, which shows additional
language-specific differences in the extent of DLM. We discuss
the implications of our work and call for more careful consideration of linguistic and modality-specific diversity when it
comes to processing-based claims about language typology.
Keywords: dependency length minimization; acceptability
judgment; syntactic typology

Motivation
Initially inspired by studies on language comprehension
(Gibson, 1998), the principle of Dependency Length Minimization (DLM; Ferrer-i Cancho, 2004) predicts that words
or phrases that are syntactically dependent on each other will
tend to occur closer together, therefore minimizing the overall
dependency length of the sentence. This tendency has been
said to be motivated by communicative efficiency (Hawkins,
1994, 2004), such that constituent orders of shorter dependencies are preferred in order to reduce structural complexity
and lessen processing difficulty (Temperley & Gildea, 2018).
As an illustration of how DLM applies to ordering preferences, consider the following examples of verb-particle constructions in English, a predominantly SVO language.
3

1

(1)

a. She [V P looked up [NP the numbers ]]
3
2

b. She [V P looked [NP the numbers ] up ]]

Here the verb phrase (VP) in each sentence has the same
two dependents, the particle up and the noun phrase (NP) the

numbers. Switching the order of these two dependents leads
to two grammatical alternatives, the meanings of which are
still largely comparable (Bresnan, Cueni, Nikitina, & Baayen,
2007). However, by placing the shorter constituent, up, closer
to the head verb looked, the overall dependency length of (1a)
is shortened compared to (1b). DLM would therefore predict
that the structure of (1a) is preferable to that of (1b).
Numerous studies have explored the role of dependency
length in syntactic ordering preferences (Gildea & Temperley, 2010; H. Liu, 2008; Temperley, 2007; Wasow, 1997; Wasow & Arnold, 2003; Yamashita & Chang, 2001). Corpus
work looking at crosslinguistic patterns of DLM has claimed
that the preference for shorter dependencies is languageuniversal. Using data from 37 languages, Futrell, Mahowald,
and Gibson (2015) demonstrated that the observed dependency length of a given sentence tends to be shorter than
when the dependency structures of the sentence are randomized. Rather than making comparisons with randomized dependency trees, Z. Liu (2020) took data from 34 languages
and examined specific syntactic constructions that allow for
grammatical alternatives. Through an examination of adpositional phrase (PP) constructions, which permit flexible constituent orderings (e.g., she walked [PP1 with friends ] [PP2 for
an hour] vs. she walked [PP1 for an hour] [PP2 with friends
]), her results demonstrated a typological tendency for DLM
in syntactic alternations.
As fruitful as prior experiments have been, they have
mainly focused on written texts. Recent work, however, has
shown that the extent of DLM may vary when it comes to
different modalities. Comparing conversational speech from
the Switchboard corpus (Godfrey, Holliman, & McDaniel,
1992) to written texts from the Penn Treebank (Marcus,
Marcinkiewicz, & Santorini, 1993) in English, Z. Liu (2019)
found the preference for shorter dependencies is weaker in
the spoken domain. On the other hand, Kramer (2021) contrasted naturalistic speech in seven languages collected from
YouTube channels to written data from the Universal Dependencies project (version 2.6; Zeman et al., 2020). His results demonstrated a higher degree of DLM in speech than in
writing in the head-final languages, yet the opposite patterns
hold in head-initial languages. These observations indicate
that even within the same modality, there could be languagespecific differences in the preference for DLM.
The mixed evidence discussed above calls for more explo-
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ration of how dependency length affects word orders across
registers of typologically distinct languages. That being
said, there has been very little work devoted to this topic.
Aside from examinations of crosslinguistic data from spoken
corpora (Kramer, 2021) or comprehension studies (Gibson,
1998), a few studies have conducted online production experiments in languages other than English. For instance,
Yamashita and Chang (2001) showed that there is a “longbefore-short” preference in preverbal contexts of Japanese,
where shorter constituents tend to be placed closer to the head
verb, thus adhering to DLM. Also looking at online production, Faghiri and Samvelian (2020) found strong preferences
for shorter dependencies in Persian. Both studies have investigated transitive and/or ditransitive structures.
This paper contributes to the aforementioned gaps in previous work. Rather than concentrating solely on written data or
online comprehension/production, we examine the modality
of acceptability judgments across two typologically distinct
languages, English and Hindi (a predominantly head-final Indic language). With the double PP construction as the test
case, our preregistered study1 asks whether DLM influences
sentence acceptability ratings.
Though most acceptability experiments used written stimuli, we used audio stimuli (Ferreira & Swets, 2005; Namboodiripad, 2017) to address our question. While audio stimuli have long been used to investigate certain topics, such
as disfluency (Ferreira & Bailey, 2004) or prosody (Fodor,
2002), combining auditory stimuli with acceptability judgment experiments is relatively recent and has received comparatively less attention (Scontras, Polinsky, Tsai, & Mai,
2017). Compared to written stimuli, audio stimuli allow
one to “increase the naturalness” of acceptability studies
(Beltrama & Xiang, 2016; Polinsky, 2016). This is particularly relevant when investigating understudied languages, in
contrast to Written, Institutionally supported, Standardized,
and Prestigious (WISPy) languages (Sedarous & Namboodiripad, 2020) (e.g., written English), which are overrepresented in psycholinguistic research (Anand, Chung, & Wagers, 2011). Participants who speak understudied languages
or varieties may be more likely to understand the language in
spoken or conversational contexts very well or be able to produce the language fluently, but they might not (yet) have proficiency in writing the language. Further, as most languages
and varieties do not have (standardized) written forms at all, a
focus on only judgments of written sentences captures a small
portion of the world’s linguistic diversity. Audio stimuli are
one way of addressing these considerations, allowing us to be
more inclusive in our experimental design.

& Phillips, 2012),with most studies focusing on cases of island constraints (Ross, 1967). The general prediction is that
structures with long or non-local dependencies will result in
degradation of acceptability ratings (see Goodall (2021) for a
summary).
In addition to using audio stimuli, our work differs from
previous studies on the relationship between dependency
length and acceptability ratings in four key respects. First,
previous experiments have mainly compared sentences which
differ significantly in their grammaticality (e.g., ungrammatical sentences that violate certain island constraints vs. those
that do not) (Sprouse et al., 2012) .2
Second, the majority of related studies in the literature
have used fundamentally different sentence types or syntactic
constructions for comparisons, for instance, contrasting sentences with wh-dependencies to those without (Cowart, 1997;
Lu et al., 2020), or comparing stimuli with different subject
clausal structures (Hofmeister, Casasanto, & Sag, 2014).
Third, as a result of potential differences in grammaticality and syntactic structures, one might end up comparing
sentences where the critical regions have different syntactic
heads. Consider the following examples from Cowart (1997),
denotes the canonical position of the fronted elewhere
ment, who. In (2a), the syntactic head of who is the noun
portrait, whereas in (2b), who is the dependent of the head
verb sell. (Note that even if treating who as the dependent of
the preposition in both sentences, the two prepositions have
still different syntactic heads).
(2) a. Who did the Duchess sell [a portrait [of
b. Who did the Duchess sell [a portrait [to

]]?
]]?

Fourth, despite the gaps in the literature, there are some
studies which have attempted to address the three issues listed
above (Francis, 2010; Futrell & Levy, 2019). These studies examined the effect of dependency length on acceptability
judgments for grammatical alternatives of the same syntactic
constructions, such as relative clause extraposition (Francis,
2010), and verb-particle structures (Futrell & Levy, 2019). In
these cases, the constituents whose orders were switched still
had the same syntactic head. Though the aforementioned experiments on syntactic alternations bear direct resemblance
to our study, each investigated only English. Meanwhile,
crosslinguistic comparisons, especially to languages that are
typologically distinct from English, are lacking in general
(Chacón, 2021).

Experiments

The role of dependency length in sentence acceptability has
been noted extensively in prior work (Francis, 2010; Goodall,
2017; Lu, Thompson, & Yoshida, 2020; Sprouse, Wagers,

Using audio stimuli, we ask whether and to what extent dependency length predicts sentence acceptability ratings in English and Hindi.
Stimuli The experimental items consisted of double PP
(prepositional phrase) constructions, which consist of verb

1 The preregistration, code and data for our experiments are in
quarantine at thegoodplace.com.

2 Though cf. Brown, Fanselow, Hall, and Kliegl (2021) and
Goodall (2015).

DLM in Acceptability Judgments
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Table 1: Sample stimuli in English and Hindi. RCs in English and APs in Hindi are italicized and underlined; the Hindi example
in the LONG - LONG condition means: Aunt clapped [PP1 under the very old tree ] [PP2 for the cute girl ].
Language
English

Hindi

Condition
SHORT- SHORT
LONG - SHORT
SHORT- LONG
LONG - LONG
SHORT- SHORT
LONG - SHORT
SHORT- LONG
LONG - LONG

Example
The tourist slept [PP1 on the bed ] [PP2 throughout the evening ]
The tourist slept [PP1 on the bed that was small ] [PP2 throughout the evening ]
The tourist slept [PP1 on the bed ] [PP2 throughout the evening that was hot ]
The tourist slept [PP1 on the bed that was small ] [PP2 throughout the evening that was hot ]
mamiji [PP1 ped ke neeche ] [PP2 bacchi ke liye ] taali baja rahi thi
mamiji [PP1 bahut puraane ped ke neeche ] [PP2 bacchi ke liye ] taali baja rahi thi
mamiji [PP1 ped ke neeche ] [PP2 ek pyaari-si bacchi ke liye ] taali baja rahi thi
mamiji [PP1 bahut puraane ped ke neeche ] [PP2 ek pyaari-si bacchi ke liye ] taali baja rahi thi
Aunt clapped [PP1 under the very old tree ] [PP2 for the cute girl ]

phrases (VPs) with exactly two PP dependents (obliques) occurring on the same side. While English is a prepositional
language, Hindi is postpositional. Based on patterns from
corpus data (Z. Liu, 2020), double PP constructions in English tend to be mostly head-initial, in the sense that the two
PPs occur postverbally. Hindi is the mirror-image of this,
where the two PPs appear before the head verb (Table 1).
Stimuli in each language followed their canonical PP ordering patterns. Each item had an animate subject and an
intransitive head verb; the head verbs were immediately adjacent to the two PP dependents. We further manipulated the
overall dependency length of each item by adding modifiers
to one or both PPs. Specifically, we attached relative clauses
(RCs) to the nominal head of the PP for the English stimuli,
and for Hindi we used adjectival phrases (APs), which are
analogous. This manipulation resulted in four conditions for
each item: SHORT- SHORT, LONG - SHORT, SHORT- LONG, and
LONG - LONG . We created 20 lexicalization sets for English
and 24 for Hindi. Each item was recorded separately, and its
pitch contour was checked in Praat (Boersma & Weenink,
2010) to ensure that prosody was consistent within each condition. For each item, the two PPs in the SHORT- SHORT
condition were always of equal length; however, the lengths
of the two PPs in the SHORT- SHORT conditions could differ
across items3 . The same holds for the respective modifiers of
the two PPs from the LONG - LONG conditions.
Procedure We recruited 128 participants who grew up hearing and/or speaking English in the United States. Participants
were asked to listen to audio stimuli in English and rate how
natural each sentence sounded on a 1-7 Likert scale. Each
participant heard 5 items from each of the four conditions,
along with 60 fillers of varying acceptability. The same process was carried out with 73 participants who grew up hearing
and/or speaking Hindi, except that they listened to and rated
audio stimuli in Hindi. Each participant heard 6 items from
each condition, plus 69 fillers of varying acceptability4 .
3 In Hindi, the nominal head of certain PPs contains a clitic dependent. This clitic may be treated as either an individual token or
as an affix, depending on different writing preferences or annotation
standards. To account for this discrepancy, we ran all regression
models twice; one counted the clitic as a separate token, while the
other did not. There were no observable differences in the results.
4 Because our study was a sub-experiment for another preregistered study, the numbers of participants, sets of stimuli, and fillers in

The acceptability ratings from each participant were first
transformed into by-subject z-scores and subjected to mixedeffect models. In the models, the dependent variable was the
by-subject z-score, and the independent variables were CON DITION (treating the LONG - LONG condition as the reference
level), the length of the sentence, and the lengths of the two
PPs. Interaction terms were included between CONDITION
and each of the other length factors; ITEM and PARTICIPANT
were included as separate random intercepts. All models
were implemented in the lme4 package in the programming
language R (Bates, Mächler, Bolker, & Walker, 2015).
Acceptability ∼ CONDITION * (SENT LEN + PP1
+ (1|PARTICIPANT) + (1|ITEM)

LEN

+ PP2

LEN

Predictions As stated in the previous section, while there
have been studies relevant to ours (Francis, 2010; Futrell &
Levy, 2019), the differences in items and experimental design
are significant enough that we did not feel comfortable making precise predictions based entirely on prior work. Instead,
we made (tentative) predictions based on existing findings of
crosslinguistic DLM and acceptability judgments.
For English, given that the SHORT- SHORT condition has
the shortest sentence length and also the shortest overall dependency length, it is likely to be the most acceptable and,
correspondingly, to have the largest coefficient value in our
mixed-effects model. Conversely, the LONG - LONG condition
should have the lowest acceptability ratings and coefficient
value (Häussler, Grant, Fanselow, & Frazier, 2015).
Between the other two conditions, the LONG - SHORT condition is expected to have the second-lowest ratings for two
reasons: (1) It has a shorter overall sentence length than the
LONG - LONG condition and thus is likely to be rated as more
acceptable than these sentences; (2) By placing the PP of
shorter length farther away from the head verb, the LONG SHORT condition in English does not abide by the principle of
DLM. The SHORT- LONG condition, which is consistent with
DLM, is thus expected to have higher ratings.
With Hindi, for the same reasoning, the SHORT- SHORT
condition is expected to have the highest acceptability ratings
and, accordingly, the highest coefficient value in the regression model, while the LONG - LONG condition should be the
the two languages were not set to be exactly the same. In the regression analysis, we included participant and individual item as random
effects to address concerns of the mismatching numbers.
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least acceptable. The other two conditions, as above, are expected to have higher ratings than the LONG - LONG condition
due to their shorter overall length.
Nevertheless, it is not clear whether items in the LONG SHORT condition would be more acceptable than those in
the SHORT- LONG conditions, even though the former demonstrates DLM by placing the shorter PP adjacent to the head
verb. Given results from Z. Liu (2020), there did not appear to
be a tendency for shorter dependency lengths in at least written texts in Hindi. Across the languages examined, it seems
that the preference for DLM is generally weaker in head-final
contexts, where the two PPs occur preverbally. Hence it is
possible that in Hindi, the acceptability ratings of sentences
from the LONG - SHORT condition and those from the SHORTLONG condition are comparable, and (much) lower than those
of the SHORT- SHORT condition.

Results
As shown in Figure 1, in English, the SHORT- SHORT condition had the highest acceptability rating, while the LONG LONG condition had the lowest. In contrast to our initial expectations, however, sentences from the SHORT- LONG condition were much less acceptable on average than the SHORTSHORT ones; their average acceptability rating was comparable to that of sentences from the LONG - SHORT condition.
This means that even when sentences abide by DLM, it does
not seem to give them any “advantage” in their acceptability, at least in the context that we are investigating. Overall,
the average acceptability of the four conditions was roughly
correlated with their sentence lengths.
These results are further corroborated by the coefficient
values of all the conditions derived from the mixed-effects
models, presented in Figure 3a. Again, the SHORT- SHORT
condition had the largest coefficient while the LONG - LONG
condition had the lowest. The coefficients of LONG - SHORT
sentences and of SHORT- LONG ones laid in between, yet there
was no significant difference between the two conditions.
For Hindi, on the other hand, the SHORT- LONG condition
turned out to be the most acceptable, with the highest average
acceptability rating. The LONG - SHORT condition, which follows the preference for DLM, was the least acceptable. That
being said, there do not seem to be strong differences in acceptability ratings between the four conditions; the largest zscore difference was 0.09, between SHORT- LONG and LONG SHORT conditions. This observation is also reflected in Figure 3b, which does not show any significant differences in the
coefficient values for the four conditions.
To further investigate whether there are systematic differences between the results for the two languages, we performed an additional regression analysis. The mixed-effect
model used in this analysis was similar to the ones applied
before, except that it included LANGUAGE as a fixed effect, as
well as an interaction between LANGUAGE and CONDITION.
Acceptability ∼ CONDITION * (LANGUAGE + SENT LEN +
PP1 LEN + PP2 LEN + (1|PARTICIPANT) + (1|ITEM)

As demonstrated in Figure 4a, when combining the acceptability ratings of the two languages together, there do not
appear to be significant differences between the coefficient
values of the conditions. In other words, the acceptability
of sentences from different conditions is comparable regardless of whether they have shorter dependencies and/or shorter
overall lengths. The acceptability of sentences in each condition does not seem to differ significantly between the two
languages either (Figure 4b).

Corpus Analysis
Why is the preference for shorter dependencies not reflected
in our experiments? Before drawing the conclusion that dependency length does not predict PP ordering in acceptability
ratings of English and Hindi, at least not with audio stimuli,
we considered three other potential explanations.
First, prior work has found structural or lexical frequency
to have an effect on acceptability (though to different degrees), with the least and the most frequent variants being
more or the most acceptable (Bermel & Knittl, 2012; Divjak,
2008, 2017; Kempen & Harbusch, 2004). In our case, if double PP structures that adhere to DLM are not more frequent
than those without, this would provide an alternative explanation for the results of our acceptability study.
Nevertheless, it is not realistic to estimate frequency information with the experimental settings presented here. As a
coarse proxy, we turned to corpus data. For English, we took
treebanks from the latest version of the Universal Dependencies project (UD) (Zeman et al., 2021); data from the learner
corpus was not included. Additionally, we used the Penn
Treebank (PTB) (Marcus et al., 1993) and extracted double
PP structures from each of the Wall Street Journal (WSJ)
(Marcus et al., 1993), the Brown corpus (Kučera & Francis, 1967), and transcriptions of spontaneous spoken conversations from the Switchboard corpus (Godfrey et al., 1992).
For Hindi, we also used data from UD.
Note that although Z. Liu (2020) also analyzed PP orders
from UD, the number of double PP constructions that we initially extracted is 1.14 times larger for English, and 2.54 times
larger for Hindi. In addition, rather than combining the cases
extracted from the treebanks of the same language together,
as was done in prior work, in order to account for differences in annotation standards and data sources, we kept each
treebank separate. (For the UD English-GUM treebank, we
only took data from the written domain, since only 12 double
PP instances were from the spoken domain). Treebanks with
fewer than 100 analyzable cases in total were excluded.
Given the double PP constructions from each treebank, we
first calculated the total number of instances where the two
PPs had different lengths, N. Treebanks where N < 100 were
excluded. For each of the remaining treebanks, we calculated
their DLM ratio, DLMr . This ratio was computed as follows:
First, we counted the number of cases that adhered to DLM,
Nshort , and those that did not, Nlong . We then estimated DLMr
as NNshort
. Finally, we performed bootstrapping with 10,000
long
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(a) mean(z) = 0.78

(b) mean(z) = 0.25

(c) mean(z) = 0.22

(d) mean(z) = -0.09

Figure 1: Density plot for by-subject z-scores of acceptability ratings for English stimuli; x-axis represents z-scores, and y-axis
denotes density values.

(a) mean(z) = 0.22

(b) mean(z) = 0.19

(c) mean(z) = 0.28

(d) mean(z) = 0.25

Figure 2: Density plot for by-subject z-scores of acceptability ratings for Hindi stimuli; x-axis represents z-scores, and y-axis
denotes density values.

(a) English

(b) Hindi

Figure 3: Coefficient values for each condition in the individual mixed-effect model for each language.

(a) Coefficient values for each condition.

(b) Interaction effects between language and condition.

Figure 4: Results for regression analysis when combining data of the two languages together.
iterations for significance testing of DLMr .
As shown in Table 2, while the preference for DLM holds
in all analyzable treebanks of English in both spoken and
written modalities, we found no tendency towards shorter dependencies in written Hindi. If these numbers are represen-

tative of the structural properties of the language, we would
expect to see DLM reflected in acceptability judgments of
the double PP structures in English, which is in opposition to
what we found in our acceptability study.
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Second, construction frequency could play a role in accept-

Table 2: Results for corpus analysis of double PP constructions in English and Hindi; cases where the ratio of DLM is significant
is marked in bold. While both representing spoken data, UD English-Atis contains human speech directed towards machines,
while Switchboard contains naturalistic conversations.
Language
English

Hindi

Treebank
UD English-EWT
UD English-GUM
UD English-Lines
UD English-ParTut
WSJ
Brown

Domain
written

N
650
388
291
186
2,755
2,420

DLMr
2.26 (1.63, 3.25)
2.57 (2.56, 3.88)
3.20 (1.83, 5.93)
2.13 (1.16, 3.77)
2.65 (2.25, 3.21)
3.47 (2.96, 4.20)

Overall construction (%)
4.82
6.44
7.02
10.19
7.31
5.83

Nselected
94
28
34
12
225
376

DLMr selected
2.45 (1.45, 4.63)
2.32 (1.52, 3.70)

UD English-Atis
Switchboard
Hindi-HDTB
Hindi-PUD

spoken

284
883
3188
172

3.03 (1.86, 5.92)
1.83 (1.44, 2.41)
1.06 (0.91, 1.22)
1.14 (0.69, 2.07)

10.70
5.80
23.26
20.30

186
290
792
31

3.20 (1.69, 7.08)
1.63 (1.07, 2.77)
1.10 (0.85, 1.44)
-

written

ability. In particular, it could be the case that the overall frequency of double PP constructions in both languages is quite
high in general, leading to sentences with different dependency length conditions being comparably acceptable. To investigate this possibility further, we calculated the proportion
of double PP constructions (including ones where the two PPs
have equal lengths) in each treebank by dividing construction
frequency by the total number of sentences in the treebank.
The results are presented as “Overall construction %” in
Table 2. Double PP constructions appear to be fairly frequent
in both English and Hindi; this could offer a plausible explanation for the patterns from the acceptability ratings, but
would still need additional experimental support from future
work. On another note, notice that the construction frequency
is much higher in Hindi than that in English; it would not
be unreasonable to think that these differences would be reflected in acceptability judgments, i.e., that there would be
significant differences between the two languages and/or each
condition, as well. This conjecture, however, is not supported
by the results presented in Figure 4b.
The third potential reason pertains to the fact that our stimuli are relatively short. In English, the longest sentences have
15 words, while in Hindi the maximum length is 18. Previous work has demonstrated a positive correlation between
the extent of DLM and sentence length (Futrell, Levy, &
Gibson, 2020), meaning that the longer the sentence is in
terms of written words, the stronger the preference for shorter
dependencies. In addition, while some studies have found
that DLM also holds for shorter constituents (e.g., adjectival phrases (Gulordava & Merlo, 2015)), others have argued
for the opposite effect (Ferrer-i Cancho & Gómez-Rodrı́guez,
2021). Here the length differences between the two PPs in
the LONG - SHORT and SHORT- LONG conditions were small
(3 words maximum in English; 4 in Hindi). However, in his
examination of PP orders in written English, Hawkins (1999)
found that a bigger difference in length between the two PPs
resulted in a stronger tendency towards DLM.
To examine the aforementioned issues, we selected from
each treebank of English all instances in which the sentence
length and the length difference between the two PPs equaled
or were smaller than those of our English stimuli. The same

process was carried out for Hindi. Treebanks where the number of the selected instances Nr selected was smaller than 100
were not included. As shown in Table 2, DLM holds in English for the selected double PP structure, but does not appear
to hold in Hindi. These observations suggest that the lengths
of the stimuli and PPs used in our experiments cannot explain
the lack of an effect of DLM in the acceptability ratings.

Conclusion
Taking double PP constructions as a test case, our study has
probed the role of dependency length in acceptability judgments of English and Hindi using audio stimuli. The results have demonstrated no effect of DLM, and no significant differences between these two typologically distinct languages. On a larger scale, leveraging corpora, we concluded
that there are modality-specific differences in the preference
for shorter dependencies. In addition, while in English there
were discrepancies in the effect of DLM between acceptability judgments and corpora, no such discrepancies were found
in Hindi, indicating language-specific differences in the extent to which shorter dependencies are preferred.
Overall, our results suggest that “one size does not fit all”
in crosslinguistic DLM when it comes to both languages and
modalities. We hope our findings have implications for current progress in language typology, and call for researchers
to be more mindful about language- or modality-specific differences when drawing conclusions from corpus-based analysis. While there have been notable exceptions examining
structural variations using data beyond just the written forms
(see Schnell and Schiborr (2022) for a summary), this is yet
to be the common practice. In the case of DLM, we believe
that one cannot fully understand its predictive role in ordering
preferences until we have examined its effect in much wider
contexts. While this paper examines only English and Hindi,
in future work, we plan to carry out similar analyses using audio stimuli in other languages. In addition, we hope to extend
this approach beyond double PP constructions in order to investigate whether there may be construction-specific effects
in the apparent preference for shorter dependencies.
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Abstract
The present study investigates young children’s reasoning
about who owns the information users share with apps. 87
children ages 5-years to 10-years were asked to judge who
owned two types of information after it had been willingly
shared by users: general and personal information. Based on
an informational autonomy account, we predicted that young
children would judge that the user owns their personal
information but not their general information. We found that
by 8-years-old children were indeed more likely to judge that
users own the personal information they share with apps than
they were to judge that users own the general information
they share with them. However, younger children judged that
the general information was owned by the user at similar rates
to the personal information. Further exploration of our data
suggests these changes are likely driven by beliefs about the
ownership of general information.
Keywords: ownership; autonomy; information; digital culture;
cognitive development

Introduction
Children are spending increasing amounts of time on the
internet. While online, they often use games and apps that
access information about them, including their images,
names, and GPS coordinates (Liu et al., 2016; UNICEF,
2018). The present study examines the mental models
children use to reason about the information that apps
access. Namely, it investigates young children’s intuitions
about who owns the information users willingly share with
apps, a common everyday behavior.
Beyond its practical importance for children’s digital
behaviors, investigating children’s intuitions of who owns
personal information has implications for our understanding
of the conceptual representations on which children’s
understanding of ownership rests —a topic long debated by
philosophers and psychologists alike. In this way, the
present work is also theoretically relevant, as it will offer
insight to how children reason more about ownership and
related abstract concepts. Indeed, prior work has established
that young children reason in sophisticated ways about
physical property. Young children are adept at identifying
the owner of physical possessions (e.g., Blake et al., 2012;

Friedman et al., 2013; Kanngiesser et al., 2010; Malcolm et
al., 2014; Pesowski & Friedman, 2016). For example, 4- and
5-year-olds will consider stereotypes, emotional reactions,
and testimony when determining who owns a possession
(e.g., judge a girl likely owns a doll; Blake et al., 2012;
Friedman, Van de Vondervoort et al., 2015; Kanngiesser et
al., 2010; Malcolm et al., 2012; Pesowski & Friedman,
2016). We also know that children recognize the complex
rights owners’ have over their possessions that non-owners
do not (e.g., Davoodi et. al., 2020; Kanngiesser & Hood,
2014). For example, by 2-years-old children defend their
rights to their property by protesting against transgressors,
and consider owners’ rights when deciding how to distribute
resources (i.e., when deciding who should get to keep what;
Rossano et al., 2011; Pesowski et al., 2019). By 3-years-old
children directly reference ownership in their protests, and
by 4- or 5-years-old children will spontaneously use
ownership to explain the acceptability of actions directed
towards property (Rossano et al., 2011; Kanngiesser &
Hood, 2014; Nancekivell, & Friedman, 2017).
This early emerging sophisticated appreciation of physical
ownership is thought to be driven by an understanding of
the self and their bodily autonomy (e.g., Belk, 1988, Fasig,
2000, Van de Vondervoort et al., 2017; also labor mixing
accounts Locke, 1690/1978; Kanngiesser & Hood, 2014).
For example, children’s appreciation that their property is
under their unilateral control is thought to be the
manifestation of a broader appreciation that their body and
“selves” are also under their control (e.g., Van de
Vondervoort et al., 2017).
The present study builds on this autonomy account by
proposing that the principle of informational autonomy
might likewise guide children’s beliefs about who owns
different kinds of information. EU law defines informational
autonomy as “control over one’s personal information...or
the individuals’ right to determine which information about
themselves will be disclosed, to whom and for which
purpose” (de Terwangne, 2014; also see Tzanou, 2013;
Kamleitner & Mitchell, 2019; Hornung & Schnabel, 2009).
Under this informational autonomy account, children should
judge that users own their personal information, as a user
has the right to autonomously determine how information
about themselves is used and accessed. We compare
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children’s judgments about personal information to those
about general facts. We predict that, unlike personal
information, children will view general information shared
with an app as unowned because such information typically
falls outside the purview of any one individual’s control. We
focus on children aged 5-years to 10-years because this is
the age at which children have shown proficiency in
reasoning about the ownership of other less tangible
property types (e.g., ownership of ideas; Shaw et al., 2012).
We also chose this age range for two additional reasons.
First, we based it upon prior work examining how young
children reason about digital rights. This work has
established that young children at this age (i.e., 4-years to
10-years) recognize technology “knows things about them”
(Sun et al., 2021). It has also shown that children also have a
basic understanding of their digital rights —at least in the
context of digital tracking (Gelman et al., 2018; Gelman et
al., in press). For example, by about 6-years-old children
think it is less acceptable to track the location of someone
else than one’s self (Gelman, et al., 2018).
The present work is also in part motivated by prior work
looking at children’s (under 10-years) understanding of the
distinctions among different types of knowledge. This work
has revealed that young children are sensitive to the
differences among private (i.e., secrets), cultural, and
common knowledge (e.g., Soley & Köseler, 2021; Liberman
et al., 2020). Similar work also shows that children
understand the difference between generic and specific facts
(e.g., Cimpian & Scott, 2012). Altogether these works
suggest that children have the ability to reflect on the
features of knowledge and information in sophisticated
ways. Here, we are the first to test children’s appreciation
that some types of information can also be owned.

children and the flow of one test trial. We used a computer
game in the story because we believed that most children
would be familiar with the concept of a computer game
asking for information.

Method

Results

Participants
87 children ages 5-years to 10-years were tested in
children's museums in Greensboro, and Winston-Salem,
North Carolina as well as the NC Zoo (Mean = 91 months,
range = 61 to 131 months, 41.3% girls, 54% monoracial
White). We are partway through data collection. The target
sample size is 108 children.

Materials and Procedure
An experimenter told a story accompanied by pictures
using a physical flipbook. The story was about a girl named
Sally who was playing a game on her computer. Sally shares
some pieces of information with the game one by one. After
each piece of information is shared with the game, the
experimenter told and then asked the child, “The game has
that information now. Who does it belong to: Sally, the
game, or no-one?”. If the child did not answer the question
on the first try, the question was repeated once. Children
were permitted to answer both (i.e., both game and Sally).
Figure 1 shows how the game was introduced to the

Figure 1: Introduction text and sample test trial
There were three pieces of information in the personal
information condition and the general information condition
and so six pieces of information total. The order of the
information within each condition was presented in a fixed
order, but the presentation order of each set of information
(general vs. personal) was counterbalanced.
The exact pieces of information used were as follows:
• General information: 1) Sally told the game houses have
kitchens. 2) Sally told the game kids go to school. 3) Sally
told the game some girls like rainbows.
• Personal information: 1) Sally told the game she lives in a
house on Kirk Street. 2) Sally told the game she goes to
Smithson School. 3) Sally told the game she is a girl.

First, we scored children’s responses by giving them a 1 for
selecting Sally and a 0 otherwise (e.g., no-one, both, the
game). As a reminder, children could respond in many ways
(i.e., at least four) and so, although we do not know the
precise nature of chance responding, it is far below 50% and
likely closer to 25%. We entered children’s binary scores
into a binary logistic generalized linear mixed model
(GLMM) to assess how responses changed with children’s
age in months (centered) and condition (personal, general;
see Figure 1). Random effects were modeled as id nested in
condition (e.g., 1+condition|ID). We found a main effect of
age (b = -.063, SE =.014 , z =-4.70 , p < .001), a main effect
of condition (b = 1.07, SE =.31 , z =3.40 , p < .001), and an
interaction (b = .037, SE =.018 , z =2.12 , p =.034). Figure 1
displays Sally responses by children’s age.
To further examine our interaction, we next split our
sample at the midpoint of 8-years-old. Figure 2 also
suggests children’s judgments likely became sensitive to
condition at around this point (Please also see item-level
Figures 3 and 4 for similar trends). Indeed, the judgments of
children under 8-years (N=54) were not sensitive to
condition, b = .49, SE = .32, z = 1.51, p = .13. However, in
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contrast, children over 8-years (N=33) judgments were
sensitive to the condition information as they were more
likely to select Sally as the owner in the personal
information condition than in the general information
condition, b = 1.88, SE = .76, z = 2.48, p = .013.

in the general case there was a fact about girls and in the
personal case the fact shared was that Sally was a girl. Two
figures display children’s responses by condition and item.
Figure 3 displays younger children’s responses whereas
Figure 4 displays older children’s responses.

Figure 3: Younger children’s selections of Sally graphed by
item and condition.

Figure 2: Children’s selections of Sally graphed by their age
in years. Points are jittered for clarity.
As a reminder, the scoring collapsed all other judgments
that were “not Sally” into one category. To help
contextualize the age-related changes we detected, Table 1
displays the proportions of all selections (e.g., no-one owns
judgments) divided by age-group and condition. This table
suggests that compatible with the findings above children’s
no-one's judgments also increased with age in the general
information condition.
Table 1: Children’s non-Sally selections displayed by age
group and condition.
Game
Younger (< 8-years)
Personal
General
Older (> 8-years)
Personal
General

No-one

Both

.22
.28

.17
.17

.02
.01

.34
.39

.09
.33

.04
.07

Figure 4: Older children’s selections of Sally graphed by
item and condition.

In response to reviewer comments, we next explored our
data by information type or topic (i.e., item). As a reminder,
our data was organized such that the topics of the general
and personal information items were similar. For example,

The exploratory figures above suggest that the nature of
the items may have been influencing older children’s, but
not younger children’s, responses. This issue is further
addressed in the discussion.
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General Discussion
We examined how young children reason about who owns
the information users share with apps. We found that by
8-years-old children were more likely to judge that users
own the personal information they share with apps than
children were to judge that users own the general
information they share with them. In contrast, younger
children judged that the general information was owned by
the user at similar rates to the personal information.
Age-related changes appear to be mainly driven by
differences in children’s reasoning about who owns general
information. Specifically, older children appear to be more
likely to think that no one owns general information than
younger children.
We also discovered potential item effects in older
children’s responses wherein older children appeared to treat
the personal gender information item differently than the
other items. One possibility is that this occurred because in
physical spaces gender information is often (thought to be)
easily accessible via one’s appearance (e.g., Blakemore,
2003). Indeed, its accessibility might make gender
information feel less ownable as one cannot easily control
others’ access to it. This possibility offers opportunities to
dive deeper into how children think about the ownership of
different kinds of “personal” information. Specifically, one
might explore if and how beliefs about the accessibility of
information in physical spaces might be influencing
thinking about its nature in digital ones.
By age 8-years, children’s behavior was compatible with
the informational autonomy account (de Terwangne, 2014;
also see Tzanou, 2013; Kamleitner & Mitchell, 2019;
Hornung & Schnabel, 2009). Specifically, we argue that
children’s judgments that personal information is owned and
general information is not owned is likely based on an
appreciation that users have the right to autonomously
determine how information about themselves is used and
accessed, but not general information as it falls outside the
purview of any one individual’s control. In this way, the
present findings may support the central role that control or
autonomy likely plays in children’s early conceptualizations
of ownership (e.g., Espinosa & Starmans, 2020, Van de
Vondervoort et al., 2017). Ongoing work in the lab is
currently being done to explore the links between children’s
understanding of information ownership and their ability to
identify violations of owners’ rights in the digital sphere.
There are a few explanations for the age-related changes
we detected. The first, that we support, is that they reflect
age-related increases in the appreciation that no one owns
general information. This change might reflect growth in
children’s appreciation of the breadth of tokens in the world
that are unowned. For example, other work examining the
effects of one’s ability to control an animal on children’s
judgments of its ownership status has found that older
children’s (7- and 8-years) ownership judgments are more
sensitive (show greater effects) to control-related
manipulations (Espinosa & Starmans, 2020).

Another possibility is that young children simply did not
understand the task at hand. Namely, they may have been
associating Sally with both kinds of information because she
was associated with them during the story. This lower-level
explanation would suggest that children’s understanding of
who owns both personal and general information is evolving
with age. However, we suspect that the notion that
information is owned may be more salient to children in
cases of ownership violations and therefore such tasks may
rule out this possibility.
The current findings also extend what is known about
how young children reason about non-physical property like
information, ideas, and virtual goods. Extant work suggests
that during early/middle childhood children come to
appreciate that ideas can be owned (Shaw et al., 2012). For
example, children as young as 6-years-old understand that
the person who first thinks of an idea (i.e., establishes first
possession) owns it (Shaw et al., 2012). Here, we build on
this work by finding that at around 8-years-old children also
appreciate that non-physical personal information can be
owned. As we learn more about how children reason about
non-physical property, it will be interesting for future work
to examine the ways in which children’s reasoning is similar
or different across property types. For example, it could be
that more concrete virtual goods like in-game items are
easier for children to represent than more abstract forms of
non-physical property like information or ideals, and thus
their appreciation that these items can be owned may
develop sooner.
We currently only have 33 children over the age of
8-years and so the present study is limited in the conclusions
it can make because of its small sample size. It is also
limited in that we only asked children about a computer
game and a small number of facts. Children may have
differing beliefs about the information entered into a
computer game and other mediums (e.g., educational apps).
In sum, as children age, they appear to reason in more
sophisticated ways about who owns the information shared
with apps, including when it is owned at all. These findings
suggest the importance of understanding how ownership is
instantiated in the new digital age.
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Abstract
We tackle the problem of an agent interacting with humans
in a general-sum environment, i.e., a non-zero sum, non-fully
cooperative setting, where the agent’s goal is to increase its
own utility. We show that when data is limited, building
an accurate human model is very challenging, and that a
reinforcement learning agent, which is based on this data,
does not perform well in practice. Therefore, we propose
that the agent should try maximizing a linear combination
of the human’s utility and its own utility rather than simply
trying to maximize only its own utility. We provide a formula
to compute what we believe to be the optimal trade-off for
the ratio between the human’s and the agent’s utility when
attempting to maximize the agent’s utility. We show the
performance of our proposed method in two different domains.
That is, our proposed agent not only maximizes the social
welfare of both the human and the autonomous agent, but
performs significantly better than agents not accounting for the
human’s utility function in terms of the agent’s own utility.
Keywords: Human modeling, Human-agent, interaction,
Reinforcement Learning.

Introduction
Autonomous agents interacting with humans are becoming
ubiquitous. They are present in smart home environments,
such as Alexa, Cortana, and Google Assistant, on the
internet, as a form of chatbots or assisting bots, and in
the physical world, such as robotic vacuum cleaners and
mopers. Clearly, the presence of such agents will grow
significantly in the years to come, including new areas,
in which autonomous agents are only beginning to enter,
such as autonomous vehicles, drones and other autonomous
robots. Autonomous agents also interact with humans in
competitive game environments, such as Chess, Go, Dota,
and Starcraft (Skinner & Walmsley, 2019; Silver et al., 2016;
Hsu, Campbell, & Hoane Jr, 1995).
For autonomous agents to proficiently interact with
humans they must model human behavior. Such agents
cannot rely on game theory or platforms assuming that
humans are perfectly rational for composing a human model,
as research into humans’ behavior has found that people
often deviate from what is thought to be rational behavior.
People are affected by a variety of (sometimes conflicting)
factors: a lack of knowledge of one’s own preferences,
the effects of the task complexity, framing effects, the
interplay between emotion and cognition, the problem of
self-control, the value of anticipation, future discounting,

anchoring and many other effects (Tversky & Kahneman,
1981; Loewenstein, 2000; Ariely, Loewenstein, & Prelec,
2003; Camerer, 2003). Therefore, algorithmic approaches
that use a pure theoretically analytic objective often perform
poorly with real humans (Peled, Gal, & Kraus, 2011; Nay &
Vorobeychik, 2016; Azaria, Aumann, & Kraus, 2012).
Unfortunately, rather than accounting for human utility,
a widely common assumption, made by many works
developing agents interacting with humans, is that an
environment is either fully cooperative, and the agent’s goal
is identical to that of the human’s or fully competitive, i.e., a
zero-sum game. This assumption allows agent developers to
ignore the utility function of the human, and concentrate only
on maximizing the agent’s utility function. While zero-sum
and fully cooperative games are simpler to analyze, it is
nearly impossible to find any real-life interaction between a
group of humans that adheres to one of these assumptions.
For example, even when two human players play a zero-sum
board, card or sport game, their goal is usually to enjoy
the interaction. Albeit, the winner might enjoy the overall
experience better. If two human players were to play a true
zero-sum game, one would need to kill the other in order
to gain maximal utility. Furthermore, even a life-or-death
gunfight pistol duel cannot be seen as a zero-sum game, as
each of the players may attempt to not show, escape, give-up
or only injure the opponent—all actions leading to outcomes
that are not directly opposite. Similarly, fully cooperative
games are not present in real-life either. Consider a married
couple; they surely have some shared goals, such as raising
their children and living in a place they are happy to be in.
However, each individual has goals she cares more about
than others, such as success at her own career or social life.
If it were a fully cooperative game, couples would never
argue and fight, and, clearly, there would be no divorcements.
Researchers collaborating have a shared goal, but also have
their own direction they would like the research to flow. They
have the tasks they would like to contribute more and those
they would like to contribute less to. Even when considering
a limited task given to a group of people, some might want to
be more dominant and instruct the others, which may, in turn,
want to come up with a solution themselves.
Currently a common approach for developing an agent
able to interact with humans in a general game (which is
neither zero-sum nor fully cooperative) is by encapsulating

2079

In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

human behavior into a fixed model and ignoring the user’s
utility. This is usually performed by using machine learning
techniques on a dataset, and possibly by also building upon
psychological factors and human decision-making theory.
The human behaviour model is then used by a planner to
interact with humans (Gal & Pfeffer, 2007; Hindriks &
Tykhonov, 2008; Subrahmanian, 2000; Rosenfeld & Kraus,
2011; Rosenfeld, Azaria, Kraus, Goldman, & Tsimhoni,
2015; Bitan, Gal, Kraus, Dokow, & Azaria, 2013). Other
approaches, such as model free reinforcement learning, treat
the human as a part of the environment and merely learn
which actions the agent should take at which situations, in
order to maximize its own reward (Carroll et al., 2019).
However, an agent observing a sequence of actions performed
by a human must ask why these actions were performed.
Predicting future actions without accounting for the human’s
utility, is like predicting future words of an answer without
accounting for the question being asked.
Furthermore, composing a human behavior model based
on a relatively small data-set may be inaccurate, as people
are many times unpredictable and different humans tend to
behave differently from one another, despite a game being
relatively simple (Shvartzon et al., 2016; Azaria, Richardson,
& Rosenfeld, 2016). Therefore, we introduce a novel general
method for solving the non-perfect human behavior model
problem. We propose to maximize a linear combination of the
agent’s outcome and the human’s outcome. We expect that
optimizing toward a linear combination will be beneficial for
the agent, since the humans are likely to try and optimize their
own utility function, so they are likely to deviate from the
human model in a way that will indeed maximize their utility
function. By optimizing toward a linear combination, the
agent acts as if it already accounts for these deviations and is
therefore more likely to adapt to them. Moreover, we believe
that referring to the human’s reward will lead to cooperation
that may be beneficial to the agent. That is, the human may
act be more collaborative if the agent also tries to maximize
the human’s utility. Conversely, if the agent act completely
selfishly, it is likely that the human will cooperate less and
might take revenge on the agent, even if the human will lose
from such actions. We provide a formula for determining
the proposed linear combination, which is based on the
similarity of the agents’ utility functions and the accuracy
of the human model. Namely, we introduce our Socially
Aware Reinforcement Learning agent (SARL), an agent that
attempts to maximize the linear combination of the two utility
functions, using our proposed formula. We evaluate SARL
in the following two domains: the single track road game
introduced by (Shapira & Azaria, 2021), in which two agents
are placed at different sides of a grid and must exchange
places without colliding with each-other (see Figure 1). The
second domain is a cleaning game, in which two agents are
required to clean dirt, but each agent encounters a larger cost
for moving than for remaining in its location (see Figure
2). We show that SARL significantly outperforms all other

Figure 1: The initial state of the single road game board. The
red circle is controlled by the human player and the blue circle
is controlled by the autonomous agent. Both players must
reach the opposite side of the board without colliding. The
players may travel freely on the upper row, but they cannot
advance when located on the lower row.

Figure 2: A screen-shot from the cleaning game board. The
red square is controlled by the human player and the blue
square is controlled by the autonomous agent.
baselines in both domains when interacting with humans, in
terms of the agent’s final outcome.
To summarize, the main contribution of this paper is to
present SARL, a socially aware reinforcement learner, that
uses a linear combination of the rewards of both agents. We
provide a formula for finding the parameter to be used in this
linear combination. Finally, we show that SARL significantly
outperforms all other baselines in two different domains.

Related Work
The first domain in which we test SARL is the single track
road game. This game is somewhat similar to the repeated
chicken-game, as introduced by Elhenawy et al. (2015).
They introduce a real time game theory-based algorithm for
controlling autonomous vehicle movements at uncontrolled
intersections. They assume that all vehicles communicate to
a central management center in the intersection to report their
speed, location and direction. The intersection management
center uses the information from all vehicles approaching the
intersection and decides which action each vehicle will take.
They further assume that vehicles obey the Nash-equilibrium
solution of the game and will take the action received from
the management center. Unfortunately, these assumptions are
very strong and cannot be applied to our setting.
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Camara et al. (2018) suggest a more realistic game-theory
model based on the sequential chicken-game. The model
assumes both agents share the same parameters Ucrash and
Utime , both know this is the case, and both play optimally from
their state. It assumes that no lateral motion is permitted, and
that there is no communication between the agents other than
seeing each other’s positions. The sequential chicken-game
can be viewed as a sequence of one-shot (sub-)games, which
can be solved similarly. The sub-game at time t can be
written as a standard game theory matrix, which can be solved
using recursion, and equilibrium selection to give values and
optimal strategies at every state. While they handle the case
of a junction by finding a Nash equilibrium and assuming that
humans obey it, we provide a novel solution that does not
require assumptions about humans and Nash equilibria.
There have been several previous works attempting to
model human behavior in normal form games (Wright &
Leyton-Brown, 2010, 2014). Wright and Leyton-Brown
(2010) collected the results of multiple experiments from
normal form games studied in the literature, and showed
how the human action distribution can be modeled with high
accuracy. However, our problem is clearly more complex and
cannot be modeled as a simple normal form game.
Azaria el al. (2012; 2016) introduce SAP, a social
agent for advice provision. They show that humans tend
to ignore advice provided by a selfish agent. Therefore,
they suggest using some linear combination of the user’s
and the agent’s preferences. The exact ratio is determined
by simulating human behavior and selecting the ratio that
achieves the highest performance for the agent in simulation.
Therefore, both SAP and our work attempt to maximize agent
performance and consider a linear combination of both the
user and the agent, however, the environment and settings are
completely different, as SAP is an agent for advice provision,
and we use a grid environment. In addition, the purpose of
the linear combination used by SAP is to address the issue
of human trust, while in our work, it is used to mitigate the
uncertainty we have in our human model. Furthermore, we
propose a formula for obtaining our proposed ratio, rather
than running a simulation for obtaining that value.
There is a body of work on a group of complex games,
which are non-zero sum nor fully cooperative, named social
dilemmas. These games are a form of generalization of the
iterated prisoner’s dilemma, in which each agent may either
decide to cooperate or defect (Sandholm & Crites, 1996;
Wang, Zhou, Lien, Zheng, & Xu, 2016). Since this is an
iterative process, the agents learn to cooperate (Vassiliades
& Christodoulou, 2010). Most work in this field considers
autonomous agents only, and does not consider humans
(Jaques et al., 2019). One notable exception, though in
the context of negotiation, is the colored trails game, which
was developed to allow humans and agents to interact with
each-other (Grosz, Kraus, Talman, Stossel, & Havlin, 2004).
Jaqus at el. (2018), propose a unified method for achieving
both coordination and communication in MARL by giving

agents an intrinsic reward for having a causal influence on
other agents’ actions. At each timestamp, the agent simulates
alternate actions that it could have taken and runs a model
of the other agents to see how influential each of its actions
can be. Actions that lead to bigger changes in other agents’
behavior are considered influential and are rewarded.
Gal et al. (2004) present an approach to modeling human
behavior in one-shot games. The model predicts how a
human player is likely to react to different actions of another
player, and these predictions are used to determine the best
possible strategy for that player. The authors found six
possible influence features that they claim to reflect the
human decisions in the game discussed.
Cooper et al.
(2019), examine the idea of using
a strategy that adaptively discourages antisocial behavior.
Their proposed strategy has the overall structure of the folk
theorem” of repeated games-stabilize but with punishment
strategy that only restricts the opponent’s utility to some safe
target level while maximizing the utility of the agent. Clearly
their proposed strategy cannot be used in our game since our
game is not a repeated game.
Joseph et al.
(2016) investigate the behavior of
single-agent Q-learning in multi-agent environments. Their
goal is to learn how the agent can be more cooperative
without sacrificing their own individual rewards. This is
quite different from our assumption that the agent attempts
to maximize its own outcome.

Socially Aware Reinforcement Learning
(SARL)
We introduce the Socially Aware Reinforcement Learning
agent (SARL). SARL is a reinforcement learning agent that,
similarly to common practice, treats the human as a part of
the environment. It relies on a human model that is trained
on data gathered from a human interacting with other agents.
However, since the human model is likely to be inaccurate,
instead of trying to maximize the agent’s outcome directly,
SARL uses a linear combination of its own outcome and the
human’s outcome. It is important to note that SARL is still
selfish; it considers the human’s outcome only because this
is its way to maximize its own outcome. It is interesting
to note that it has been shown in the field of psychology
that people who consider other people’s goals and show
empathy, feel better with themselves and are more likely
to reach their own goals (Carey, Tai, & Griffiths, 2021).
Furthermore, reciprocation and cooperation may result in the
human returning a favor. To that end, we define the parameter
β, a value between 0 and 1, that quantifies the degree to
which the agent considers its own outcome and the human’s
outcome. Namely, the agent, A, instead of optimizing towards
u(A), optimizes towards βu(A) + (1 − β)u(B). We note that
when β = 1 the agent optimizes towards its own outcome.
A β value of 0.5 entails that the agent tries to optimize the
social outcome (i.e., 0.5u(A) + 0.5u(B), which is identical to
optimizing simply towards u(A) + u(B)), and when β = 0 the
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agent only considers the human’s utility function.

β formula for SARL
Next, we make several assumptions and derive the optimal
β value for SARL under these assumptions. Let µ be the
accuracy of the human model (for a single step). Let H be
the maximum expected accumulated return under the optimal
policy (accounting for human’s actions), and L a low expected
accumulated return.
We further assume that, if optimizing toward the human’s
utility function, the optimization will work well (perfectly),
as the human will adapt to all changes and assist in pursuing
her own utility function. That is, if we optimize toward
the human’s utility, it is likely that the human will deviate
in ways that will improve her own utility, so we are at
least as likely to obtain the value that the agent expects in
terms of human utility. Let ρ be the correlation between the
accumulated rewards obtained by agents and humans playing
the game (as we have previously defined). The following
is our first attempt for formulating the true expected reward
for the agent, v. For formula 1 we use the assumptions
above and further assume that for the portion of which the
agent optimizes toward its own utility, it will receive a value
proportionate to the accuracy of the human model, and for
the portion of which the agent optimizes toward the human’s
utility it will receive a value according to the human’s utility
and its correlation to the agent’s utility.
v = β(µ · H + (1 − µ)L) + (1 − β)(L + ρ · (H − L))

(1)

The derivative with respect to β is a constant; therefore,
depending on µ, ρ, L,and H, one should either set β to its
maximal value, 1.0, or its minimum value, 0. However, one
cannot assume that the accuracy of the human model, µ, will
persist also when the human model is used for optimization.
We therefore assume that the further away from the human’s
utility the agent optimizes toward, the more inaccurate the
model becomes. Therefore, our next attempt for formulating
the true expected reward for the agent is:
v = β((1−β)µ·H +(1−(1−β)µ)L)+(1−β)(L+ρ·(H −L))
(2)
Formula 2 entails that when using a selfish agent (with β = 1),
the accuracy of the human model drops to 0 and the agent will
obtain a value of L. A more realistic approach may assume
that the human model accuracy halves rather than dropping
down to 0. This yields our final formula:
β
β
v = β((1− )µ·H +(1−(1− )µ)L)+(1−β)(L+ρ·(H −L))
2
2
(3)
If we differentiate Equation 3 with respect to β and set to 0
we obtain that the optimal β is given by:
ρ
βopt = 1 −
(4)
µ
Indeed, we use the β obtained in Equation 4 as our β
value for SARL, and demonstrate its performance in the two
domains tested in this paper.

We evaluate SARL’s performance in the following two
domains. In the single track road problem there are two
vehicles in opposite directions must cross a narrow road,
which is not wide enough to allow both vehicles to pass at
the same time. Therefore, one vehicle must deter from to the
other and let the other vehicle cross. We model the single
track road problem as a sequential two player game on a two
row grid (see Figure 1). The upper row represents a road
that allows both players to advance. However, the lower row
can only be used for allowing the other player to pass, as the
players cannot advance when placed in the lower row. The
reward function is defined as follows: a collusion ends the
game and each agent encounters a loss of 100 points. An
agent that arrives at its destination entails a reward of 30
points. Any agent that did not arrive at its destination and did
not collide, obtains a penalty of 1 for continuing the game.
In the cleaning game, the two players are placed on a 10 ×
10 grid board with 5 pieces of dirt that need to be cleaned
(see figure 2). Both players can move only on the green area.
The actions available for each player are: stay, left, up, down
and right. Both agents begin with 50 points. Cleaning a piece
of dirt does not cost or provide any points (until all dirt is
clean). A move costs 5 points and remaining in place costs 1
point. Once all dirt is cleaned both players receive 100 points
(regardless of how many dirt pieces each player has cleaned).
We recruited participants from Mechanical Turk (Paolacci,
Chandler, & Ipeirotis, 2010) to play the two domains, 470
participants for playing the single road game and 412 for
playing 3 variations of the cleaning game.
The participants first read the game instructions and
were then required to answer three short and simple
questions, to ensure that they had read and understood
the instructions. The participants then played the game
only once. Upon completion, the participants provided
demographic information. In addition, following (Shapira
& Azaria, 2021), each participant was asked to state how
much they agreed with the following statements: 1. The agent
played aggressively. 2. The agent played generously. 3. The
agent played wisely. 4. The agent was predictable. 5. I
felt the agent was a computer. Similarly, the participants in
the cleaning game were also asked to state how much they
agreed with five statements; however, the first two statements
were slightly modified to match the cleaning game and were
replaced by: 1. The agent played selfishly. 2. The agent was
collaborative. We used a seven point Likert-like scale (Joshi,
Kale, Chandel, & Pal, 2015) ranging from strongly disagree
(1) to strongly agree (7).
For the single track road problem We reflect the results
presented in (Shapira & Azaria, 2021) for the five baseline
agents. In addition we run the following agents: 1. Equal
Social VI: uses value iteration and the velocity human model
to maximize the sum of the agent’s and the human’s utilities
(i.e., β = 0.5). 2. SARL: uses value iteration and the velocity
human model to maximize the linear combination of the
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agent’s and the human’s utility computing β by Equation 4.
For the cleaning game we run the following agents: 1.
Selfish: an agent that stays in place the entire game (and does
not assist with cleaning the dirt). 2. Closest: an agent that
always moves to the closest dirt. 3. Farthest: an agent that
moves to the farthest dirt that will still come before the other
player, in case there is no dirt like that, it stays in place.
4. TSP: an agent that moves by the solution of the TSP
problem (Laporte, 1992). 5. Random: an agent that moves
randomly. 6. DDQN: a DDQN agent that is trained on a
custom openAI gym environment that we have created. A
state of the environment is composed of an RGB image of the
board, the dirt positions and the position of the two players.
In order to incorporate movement, each move, the previous
position of each of the players is added to the current state, but
with an exponential discount rate of 0.9. The human model
is trained based on the human behavior when playing against
the baseline agents (items 1 to 5 in this list). The human
model is perceived as a part of the environment. The human
model is composed of a neural network with the input being
a state and the output being a distribution over the human
actions. The neural network consists of three convolutional
layers with 8 kernels of size 4×4, 16 kernels of size 4×4, and
16 kernels of size 3×3. Followed by a max pooling layer with
a size of 2 × 2, and a final convolutional layer with 8 kernels
of size 3 × 3. Every convolutional layer uses a padding of
‘same’ and a ReLU activation function. Finally, there are two
feed forward layers with sizes of 200 and 32 neurons, with
ReLU activation. We use 80% of the data for training and
20% for validation. The accuracy of the human model was
between 0.81 and 0.867 on the validation set. 7. SARL: based
on the DDQN agent and uses the human model, but considers
the other player’s outcome by a linear combination of the two
outcomes computed using Equation 4.

Results
In this section we present a comparison of all agents
mentioned above and show that SARL significantly
outperforms all other agents. We note that the baselines
agents are used not only for comparison but also as our
method of gathering data for composing the human model.
The main competitor for SARL is DQN, which also uses the
human model and thus, our analyses are focused mostly on
comparing the two.

Result for the single track road game
The agent’s score is calculated by averaging all its scores
in each game it plays. Table 1 presents the performance
of each of the agents along with the performance of the
humans playing against them. As depicted by table 1,
SARL significantly outperforms all other agents (p < 0.01)
in terms of the agent’s performance, and is the only agent
that achieved a positive average reward. In addition, SARL
also significantly outperforms all other agents (p < 0.01) in
terms of social welfare. Surprisingly, the humans interacting
with SARL performed better than the humans interacting

Table 1: A comparison between the performance of each of
the agents along with the human player who played against
each of them.
Avg.
Avg.
Avg.
agent’s
human’s social
score
score
welfare
Careful
-2.29
-0.86
-3.15
Aggressive
-16.27
-18.40
-34.67
-62.11
-123.08
Semi-aggressive -60.97
Random
-59.40
-57.62
-117.02
Velocity VI
-5.33
-6.03
-11.36
Eq. Social VI
-2.35
-4.09
-6.44
SARL
15.87
17.12
32.99
with all other baselines; however, as will be shown, this
result does not carry out to the second domain. Indeed, the
β value for SARL in this game was 0.13, i.e., due to the high
correlation between the performance of both players, and the
relatively low accuracy of the human model, SARL mostly
tried to maximize the human’s performance, and was 87%
altruistic and only 13% selfish. As we later show, in the
second domain the correlation between the performance of
both players is much lower, and the human model’s accuracy
is higher, resulting in much higher values for β.
In addition, we tested the performance of a velocity value
iteration agent with β = 0. That is, an agent that only
considers the human reward. Interestingly, such an agent
simply moves down and remains there forever, so that it does
not disturb the human player. Unfortunately, such an agent
1
achieves a final outcome of −∞ (or − 1−γ
) because it can
never reach its destination, since when the human’s reaches
her goal, the agent is directly beneath her.
We now turn to analyze the survey results for each agent
(see Table 2). Each value in the table is the average of
all scores of the measured values: Aggressively, Computer,
Generously, Wisely and Predictable. Note that the lower
Table 2: Survey results of all agents for the single track road
game.
aggress. comp. gen. wise pred.
Careful
3.94
5.70
4.23 4.92 4.28
Aggressive
5.04
5.83
3.28 4.59 4.97
Semi-agg.
4.57
5.73
3.21 4.33 4.52
Random
3.51
5.64
4.01 3.72 3.57
Velocity VI
4.82
6.01
4.20 4.72 4.76
Social VI
4.78
5.60
3.69 4.92 4.98
SARL
3.30
5.58
5.14 5.01 4.00
the ‘Aggressively’ and ‘Computer’ parameters, the better
the performance.
On the other hand, the higher the
‘Generously’, ‘Wisely’ and ‘Predictable’ parameters, the
better the performance. By Table 2, SARL obtained the best
results compared to the other agents among all parameters
except to ‘Predictable’. These results entail that SARL
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demonstrates a clear improvement over all other agents.

Results for the cleaning game
As for the cleaning game, we ran all agents on three different
board maps. The results reported in this section are averaged
over the three board maps. We begin by comparing the
average performance of each of the agents.
Table 3: A comparison between the performance of each of
the agents along with the human player who played against
each of them.
Avg.
Avg.
Avg.
agent’s
human’s social
score
score
welfare
TSP
0.83
0.86
1.69
Closest
0.69
0.78
1.47
0.53
1.03
Farthest 0.5
Selfish
1.11
0.11
1.22
Random 0.24
0.26
0.6
DDQN
1.1
0.11
1.21
SARL
1.19
0.64
1.83
As shown in Table 3, SARL significantly outperforms all
other agents (p < 0.01) in terms of its own utility. In addition,
and similarly to the single road problem, SARL significantly
outperforms all other agents (p < 0.01) in terms of social
welfare. However, humans interacting with TSP resulted in
the highest performance. This is not surprising, as SARL
considers the human’s utility in order to maximize its own
utility, and increasing the human’s utility is only a side-effect.
We now turn to analyze the survey results in the cleaning
game as they appear in Table 4. Each value in the table
is the average of all the scores of the measured values:
Selfishly, Computer, Collaborator, Wisely and Predictable.
Note that the lower the ‘selfishly’ and ‘computer’ parameters,
Table 4: Survey results of all agents for the cleaning game.
selfish comp. coll. wise pred.
TSP
3.07
5.54
5.26 5.42 5.12
Closest
3.52
6
4.81 4.83 5.01
Farthest
4.59
5.32
3.41 3.66 4.37
Selfish
6.02
5.72
2.42 3.74 5.06
Random
5.7
5.83
3.08 3.6
4.69
DDQN
6.13
5.37
2.95 3.78 5.27
SARL
5.37
5.62
3.76 4.68 4.93
the better the performance. On the other hand, the higher
the ‘collaborator’, ‘wisely’ and ‘predictable’ parameters, the
better the performance. As can be seen in Table 4, SARL
compared to the DDQN agent, obtained better results even in
terms of courteous and generous. These results entail that
SARL demonstrates a clear improvement compared to the
DDQN agent. The β values for SARL in the three games
are: 0.419, 0.74, and 0.615 respectively. We noticed that the
participants in the first cleaning game were the most satisfied

with SARL’s behavior (compared to the second and third
game), i.e., SARL was rated as collaborative and wise. As
expected, in the second game they were the least satisfied
with the SARL’s, since the β value was the highest.
Next, we evaluate the average number of times the human
players decided to remain in place and not help the agent
(encountering a lower cost). Remaining in place may be
either as an act of revenge against the other agent, who
the human player believes to not assist enough, or as an
attempt to work less and have the other agent work harder.
We noticed that the participants were the most vindictive
toward the selfish agent, with an average of 9.1 stays per
game. Similarly, the participants performed 8.8 stays per
game when playing with the DDQN agent. The participants
also performed ‘stay’ actions when playing against the closest
agent (3.1), the TSP agent (2.6), and the farthest agent (2.3),
as they probably noticed that even if the participants do not
help, the agents will continue working and completing the
task. We note that the participants performed many ‘stay’
actions when playing against the random agent (4.9); this
might be because they did not really understand what the
agent was doing. Interestingly, the participants performed the
least ‘stay’ actions when playing with SARL (1.21). This
indicates that SARL achieved a high level of collaboration
with the participants. All differences in the behavior
and performance between different genders and level of
education, were found to be non-statistically significant.

Conclusions and Future Work
In this paper we present SARL. We showed that when
data is limited, building an accurate human model is very
challenging, and that a reinforcement learning agent, which
was based on this data, did not perform well in practice.
However, we showed that a social agent, i.e., an agent that
tried to maximize a linear combination of the human’s utility
and its own utility, achieved a high score, and significantly
outperformed other agents, including an agent that simply
tried to maximize only its own utility. We provided a
formula to compute what we believe to be a good choice
for the β parameter, i.e., the ratio between the human’s and
the agent’s utility when attempting to maximize the agent’s
utility. In addition, we showed that the social welfare of
both of the agents was highest when interacting with SARL.
In future work we intend to show that SARL performs well
also when considering other, possibly very different, settings.
One option for such a setting is a setting with a continuous
state space as well as a continuous action space. Another
direction for future work is to focus on situations in which
the human reward function is not available apriori. Such a
situation would challenge the use of SARL, as it uses the
human reward function for computing its objective function.
One appealing option may be to use inverse reinforcement
learning (Ng, Russell, et al., 2000) to first learn the human’s
reward function, and then, to use this function to compute the
optimal policy for SARL.
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Abstract
Simple perceptual decision-making tasks such as the Stroop
and flanker tasks are popular as a method of measuring individual variation in the processing of conflicting visual stimuli–
for instance, the difference in accuracy on stimuli with and
without conflict. A major challenge in applying these tasks,
for instance, to compare two different populations of subjects,
is the low reliability of the nonparametric measures of performance in the tasks. Here, we model dynamic adjustments in
decision policies often seen in human behavior, thereby capturing trial-by-trial variation in decision policies, in addition to
the classically used average statistics. We propose a recurrent
network model to capture behavioral strategies in the task in a
model-agnostic manner, and to overcome small-sample learning challenges by pooling across subjects. We show that by
splitting the learning into a complex, shared meta-model and
simple subject-specific parameters, we learn significantly better predictive models, and also identify latent dimensions indexing the decision policy that may serve as a better measure
of individual differences in the task.

Figure 1: Sequential updating in inhibitory control tasks. (a)
Eriksen Flanker task: participants respond to the direction of
the central arrow while ignoring flanking stimuli. Response
times (RT) and accuracy deltas between congruent & incongruent trials are considered indices of cognitive control. (b)
Relation between RT decile and accuracies, pooled across
subjects (deciling within subject), showing that RT variance
is influenced by trial-by-trial adjustments to decision policy.

Keywords: Artificial Intelligence; Cognitive Neuroscience;
Decision Making; Machine Learning; Neural Networks

Introduction
Decades of research in cognitive neuroscience have focused
on simple behavioral tasks thought to measure aspects of
decision-making and related cognitive processes. For instance, the Eriksen flanker task (Figure 1, Eriksen and Eriksen (1974)) purportedly measures an individual’s ability to
suppress or ‘inhibit’ irrelevant visual information1 . Such
tasks are widely used as a battery of behavioral experiments
in large-scale studies–for instance, in longitudinal studies of
adolescent development (Garavan et al., 2018), or psychiatric
conditions & clinical outcomes (Victor et al., 2018). Yet, recent research raises significant concerns about these tasks:
that they do not correlate well with life outcomes (Eisenberg
et al., 2019), and that indices of performance in these tasks
show unacceptably high within-subject variation in repeat
measurements (Enkavi et al., 2019; Hedge, Powell, & Sumner, 2018). This is true both for empirical measures such as
error rates and average response times (RT) on different types
of trials, and also for latent variables/parameters estimated
∗ Equal

contribution

1 We describe only one task for illustration; there are a wide range

of very well-studied tasks probing various aspects of the notion of
“inhibitory control”, e.g., the go-nogo task (Donders, 1969; Logan
& Cowan, 1984a), the Stroop task (Stroop, 1935), the stop-signal
task (Lappin & Eriksen, 1966), etc.

from model fits to RT/accuracy distributions using classical
approaches like the race model (Ratcliff & Rouder, 1998; Logan & Cowan, 1984b).
We argue that classical empirical measures and computational models focus on average performance, and fail to capture the full range of behavior. In particular, well-known
stimulus-history-based changes in response times and accuracy (Laming, 1968) contain valuable information about trialby-trial adjustments to subjects’ decision policies, and explain significant behavioral variability. Driven by this insight,
we propose and address the novel challenge of extracting
subject-specific parameters of dynamic policy adjustments as
a more informative individual index of task performance.2
Our contributions are as follows: (a) We propose a deep recurrent model (R EC N ET) to predict sequential adjustments to
speed-accuracy tradeoffs, (b) We pool data across subjects in
a meta-learning framework to effectively learn the recurrent
model of behavior, and (c) We learn a compact parametrization of each subject in the meta-model to customize it to each
subjects’ individual behavior. Our proposed meta-learning
model is significantly more accurate at predicting behavior
2 Although much studied in recent research, from Bayes nets (Yu
& Cohen, 2009) to hypernetworks (Dezfouli, Ashtiani, et al., 2019),
sequential effects models have not directly addressed issues of testretest reliability; indeed, recent proposals (Dezfouli, Ashtiani, et al.,
2019; Yu & Cohen, 2009) fare poorly in our experiments on measures of reliability. See Related Work & Results sections for details.
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compared to simple pooled models, and the predictive power
transfers easily to new sessions of data. In particular, we
demonstrate that given a prelearned meta-model, our subject parameters can be recovered with very little data, and
show significantly better test-retest reliability (Intraclass correlations (Shrout & Fleiss, 1979)) compared to classical behavioral and model-based measures.
Our focus in this work is primarily on reliable estimation
of subject-specific performance indices as a machine learning challenge; making connections to cognitive processes
or proposing new theories is beyond the scope of this paper. Nevertheless, we believe that our work (a) addresses
a key challenge for the broader field of cognitive neuroscience (Eisenberg et al., 2019; Enkavi et al., 2019), and
(b) can lay the foundation for future work in interpretable
models, and cognitive theories (see e.g., Peterson, Bourgin,
Agrawal, Reichman, and Griffiths (2021); Miller, Botvinick,
and Brody (2021) for recent successes of the transition from
predictive to explanatory models).

Related Work
Inhibitory control & test-retest reliability: Behavioral
tasks are routinely used to characterize individual differences
in putative cognitive processes such as inhibitory control,
self-regulation, working memory, and so on. To accurately
characterize individual differences in these tasks, we need
reliable measures – here, reliability describes our ability to
rank individuals in a consistent manner across sessions. This
is all the more important for longitudinal studies (Garavan
et al., 2018). However, multiple systematic studies question
the reliability of classically used tasks and their associated
indices of individual performance. For instance, Eisenberg et
al. (2019) and Enkavi et al. (2019) found that survey measures
of self-regulation had higher reliability, and better predicted
real-world outcomes, compared to cognitive tasks. Similarly,
Hedge et al. (2018) found low test-retest reliability ranging from 0 to 0.82 across seven commonly used inhibition
tasks. We believe that the average statistics classically measured in these tasks may not capture the whole of individuals’
decision-making policies in the tasks, and instead build predictive models that can also explain some portion of the trial
by trial behavioral variation.
Sequential effects in decision-making: Influences of recently experienced stimuli on reaction times have long been
known (see e.g., Laming (1968)), and arise even when there
is no apparent relevance of stimulus history to behavior on the
current trial. Some authors (see e.g., Yu and Cohen (2009))
suggest a model of stimulus statistics estimation under a nonstationary distributional assumption, leading to rational adjustments to the changes in prior expectation. There are competing theories about which particular stimulus history patterns influence behavior, and through what cognitive mechanism (see e.g., Davelaar (2013)). Other work examines the
influence of prior stimulus expectation on a within-trial policy
tradeoff between various objectives in the task (Leotti & Wa-

ger, 2009); however, attempts at defining those within-trial
policies vary widely, from descriptive (Ratcliff & Rouder,
1998; Logan & Cowan, 1984b) to prescriptive (Shenoy &
Yu, 2011). Some researchers investigate brain regions involved in integrating stimulus-outcome history for policy adjustments (Hwang, Dahlen, Mukundan, & Komiyama, 2017),
or suggest entirely alternate causal mechanisms underlying sequential patterns, such as stochasticity in brain processes (Samaha, Iemi, Haegens, & Busch, 2020), or instantaneous coupling between brain areas (Polanı́a, Moisa, Opitz,
Grueschow, & Ruff, 2015).
Computational models of behavior:3 The drift-diffusion
model (DDM (Ratcliff & Rouder, 1998)) is a highly popular mechanistic model of 2-alternative forced choice tasks
as well as other similarly structured tasks, and model fits of
DDM (e.g., using packages such as HDDM (Wiecki, Sofer,
& Frank, 2013)) are often used to extract covariates from behavioral data for correlational analysis with brain signals or
clinical outcomes. DDM only models distributional data (RT
and error distributions), and cannot capture sequential adjustments in behavior; in our experiments, their test-retest reliability is in the ballpark of classical empirical measures.
Closer to our proposal, Dezfouli, Griffiths, Ramos, Dayan,
and Balleine (2019) proposed a simple LSTM model for capturing human policy learning in a bandit task, with the goal of
classifying subjects into 3 clinically defined groups. In subsequent work (Dezfouli, Ashtiani, et al., 2019), they mapped
individual behavioral sequences into a low-dimensional latent space, where, again, the goal was qualitative acrossgroup comparisons of (disentangled) factors underlying decision policies. The embeddings only captured coarse aspects
of across-group variation in the task, not sufficient to serve as
accurate predictive models of individual behavior.
Chatterjee and Shenoy (2021) proposed learning a feedforward architecture, with subject embeddings, on pooled data
from a large number of subjects performing an information
seeking task. In their task, while the subject embeddings capture a substantial amount of inter-subject variation in performance, they do not build recurrent models and also do not
address the reliability of parameter estimates across sessions.
Our approach: We take a model-agnostic approach to capturing inter-trial variability, using black-box LSTM architectures. Our finding that recurrent architectures capture trialby-trial responses is evidence that part of the variability is
history-driven; further, empirical analyses show that RT and
accuracy do in fact tightly covary, again supporting the notion
that this captured variability is related to policy adjustments
that influence such tradeoffs (Leotti & Wager, 2009). We focus solely on the predictive task of capturing RT/choice variation, on a per-subject grain, without limiting learned models to any specific function class. Other models with strong
inductive biases (Yu & Cohen, 2009), or aimed at captur3 We only sketch a few approaches relevant to our context: simple
cognitive/behavioral tasks, sequential updates to decision policies,
and subject-specific parameter estimation.
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We describe the Eriksen flanker task used in our experiments
(Figure 1). Each trial presents an arrow (left, right) in the
middle of the screen, with subjects required to press a button
linked with the direction of the arrow, as fast and accurately
as possible. Additional, task-irrelevant stimuli are present on
either side of the central arrow, in one of 3 trial types – (a)
congruent: arrows matching the central stimulus, (b) incongruent: arrows in opposition to central stimulus, (c) neutral:
non-arrow stimuli. The expectation is that on congruent trials, the flanking stimuli reinforce the perception of the central
stimulus, and on incongruent trials they interfere.
In the task, each subject performs multiple trials per session. For each trial t, with trial type xt and arrow direction pt ,
the subjects’ reaction time τt and correctness ct is recorded.
We use the notation xt = (xt , pt ) to denote the stimulus, and
rt = (ct , τt ) to denote the user response for trial t.

Note that we use the subject’s actual responses rt−1 as input to the LSTM, rather than the model’s predictions on the
previous time step. This is because we are specifically interested in capturing the policy adjustment as a function of
sequentially integrated history; using the model’s own predictions may result in accumulative noise over the sequence
of predictions for the subject, and hinder learning.
Figure 2b shows a simplification of the model by eliminating the recurrent component (LSTM)–we use this purely
feedforward model, FFN ET, as a baseline for comparison.
FFN ET is also trained using the loss function described
above. Note that since the model has no contextual information distinguishing any given trial from any other trial with the
same stimuli xt , it can only learn the average error rates and
response times broken down by trial types. The primary role
of FFN ET as a baseline is to account for all variance in choice
explained by trial type alone, i.e., without the use of sequential adjustments. Figure 2c considers an intermediate model;
one that uses a flat prediction structure like FFN ET but also
takes as input the immediately preceding time point’s stimuli
and responses. This model is named FFP REV and is used to
re-examine previous findings that simple linear models (e.g.,
logistic regression) show sequential influence of the immediately preceding time point, but typically not further back in
the past (Hwang et al., 2017).

Recurrent Networks for Behavior Prediction

Meta-Learning via Parametrization

Given a sequence of trials X = {x1 . . . xt } experienced by a
subject s, we wish to model behavioral responses by training
models that mimic behavior, i.e., the model’s goal is to predict an individual subject’s response sequence R = {r1 . . . rt },
rather than maximize the accuracy at the task itself.
As discussed earlier, our goal is to capture sequential
adjustments in behavior; we therefore model the response
at time t as a function of all previous stimuli and feedback. To model this temporal dependency, we use an LSTM
(Hochreiter & Schmidhuber, 1997) to integrate stimulus and
response history over the past trials.
Our proposed model R EC N ET, consisting of an LSTM accumulator and a feedforward response prediction network, is
shown in Figure 2a. The LSTM has as its inputs, the previous
stimulus xt−1 and the previous responses rt−1 . We combine
the LSTM’s hidden state ht and the current trial’s stimulus
information xt using a feedforward network, and predict the
user’s choice (b
ct ) and RT (bτt ) on the current trial.
The model parameters Θ are learned by minimizing the following objective:

We propose a simple meta-learning approach (e.g., Figure 2d), wherein the network parameters are shared across
subjects, and each subject s is parametrized using a subject(s)
specific embedding θSE passed as additional input to the
model. These learned embeddings allow for the meta-model
to be customized, to some degree, to individual subjects. We
refer to the model in Figure 2d as R EC N ET (SE) and train it
using data pooled across all subjects, i.e.,


LSE = ∑ L Rb(s) ; X (s) , Θ, ΘSE
(2)

ing group-level variation (Dezfouli, Ashtiani, et al., 2019)
showed poor test-retest reliability in our experiments. Finally, we exploit simple meta-learning architectures to pool
data across subjects for training – indeed, learning recurrent
models from small amounts of single-subject data is difficult
in general, and unsuccessful in our setting.

Methods
Eriksen Flanker Task



t
b X, Θ = ∑ lCE (b
L R;
ct , ct ) + lHuber (bτt , τt )

(1)

i=1

Here, lCE is the cross-entropy loss and lHuber is the Huber
loss. Rb is defined in the same way as R but for the model
predictions. The true user responses R, also an input to the
loss function, are elided here and in the following sections
for notational simplicity.

s

where X (s) , Rb(s) refer to the trial inputs and responses from
subject s, respectively, and ΘSE is the set of subject-specific
(s)
embeddings θSE for all subjects.
We note that the other baseline models FFN ET and FFP REV can also be similarly enhanced via pooled training and
subject parameters, creating the models FFN ET (SE) and FFP REV (SE) respectively.

Experiments
Dataset: We reanalyze data collected by Hedge et al.
(2018)4 , which includes two sessions about 3 weeks apart.
Each subject completed 720 trials (240 in each condition congruent, incongruent, neutral) per session. The study included two different batches, of 50 and 62 subjects each. We
pool data from both giving 107 subjects5 . For each subject
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4 released
5 The

under CC BY 4.0, https://osf.io/cwzds/
remaining 5 did not return for the second session.
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xt−1 , rt−1
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LSTM
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FF
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(a) R EC N ET

ct−1

ct
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FF
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(b) FFN ET

ht
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xt−1 , rt−1
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LSTM

(c) FFP REV
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FF

τt

(d) R EC N ET (SE)

Figure 2: Recurrent models of decision policy adjustment. (a) A recurrent model R EC N ET, with an LSTM to integrate trial
& response history (previous trial stimuli xt−1 and response rt−1 ), and a feedforward network (FF) to combine with current
trial stimuli xt and predict current choice (ct ) & RT (τt ). (ct and ht denote the cell state and the hidden state of the LSTM.)
(b) Non-recurrent baseline for comparison–FFN ET–a purely feedforward network with current trial inputs. (c) Non-recurrent
baseline with bounded history–FFP REV, similar to FFN ET, except that it takes directly as input the previous trial’s information
(xt−1 , rt−1 ). (d) The meta-model R EC N ET (SE) which can be trained over pooled data from multiple subjects, and includes a
learned subject embedding (SE) for customization to individual subject data. Other models can be similarly customized.
rameters across the two sessions. ICCs are used as a measure
of consistency or reproducibility of measurements made by
different raters for the same subject. It roughly compares the
variation of ratings of the same subject to the total variation
across all ratings and all subjects.
Comparing model predictive power
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& session, the first 80% of the trials are used for training and
the remaining for validation i.e., two sets of 576 & 144 trials,
which we label S1Train, S1Val, S2Train, and S2Val.
Training & validation: All models are first trained using
S1Train and evaluated on S1Val, allowing us to compare
their predictive power. For models that have subject parameters, we evaluate transfer using the following process: the
shared parameters (network weights) are kept frozen from
the first session’s training, and only subject parameters are
re-estimated using S2Train data. The frozen meta-models,
plus the re-estimated subject parameters, are then evaluated
on S2Val. Finally, the two sets of subject parameters are
compared for estimating across-session reliability.
Architecture and Training Details: A single layer LSTM
with an input size of 6 and hidden dimension 15 is used.
The feedforward network consists of two parallel sets of layers, one each for predicting the choice and RT. These are
two-layer fully connected networks having 15 hidden units
and ReLU activation. Training is done using Adam optimizer (Kingma & Ba, 2015) using a learning rate of 0.003
for session 1 and 0.001 for session 2, for a maximum of 2000
epochs, with early stopping. A weight decay (L2 regularization) of 0.001 is used for the subject embeddings (ΘSE ). A
batch size of 2 is used. We use log(RT) instead of RT since
the log distribution is easier to learn.
Metrics and evaluation: We calculate within-subject correlations between predicted and actual RT, and predicted choice
(likelihood) and actual choice. These correlations are averaged across subjects; we also keep track of the number of
subjects for which the correlation was statistically significant
(setting p < 0.05). We compare two models using paired ttests on the subject-grain correlation coefficients, and assess
statistical significance. All reported metrics are on the validation splits alone. We also compared models on MSE (RT
predictions) and cross-entropy (choice); the findings were
broadly similar and we do not report those metrics here. For
simplicity, we evaluate models without subject parameters
only on session 1 data; results are similar on session 2 data.
Test-retest reliability: We compute the intra-class correlations (ICC (Shrout & Fleiss, 1979)) of estimated subject pa-
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FFPrev(SE)

FF(SE)

78
63
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48
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RT

Choice

Behavior metric

RT

Choice

Behavioral metric

Figure 3: Model predictive power on session 1 data (left
panel), and transfer performance on session 2 data (right
panel, see text for details). R EC N ET (SE) significantly outperforms (p <1e-10, pairwise comparisons), and each model
class is improved by adding subject parameters. For metamodels, simply re-estimating embeddings on session 2’s data
provides performance equivalent to that of session 1.

Results
Sequential policy updates: Figure 1b relates response times
with accuracy on congruent & incongruent trials in the task.
We divided each subject’s trials into decile buckets by RT,
and pooled data across subjects to calculate accuracy by
decile bucket. The data shows a clear tradeoff between response speed and accuracy, showing that RT variations are
not merely perceptual or motor noise, but reflect adjustments
to the decision policy.
Model fits to behavior: Figure 3(a) shows the averaged
per-subject correlation between model predictions and actual data, for RT (left group) and choice (right group). Also
shown are error bars (SEM across subjects) and the number of
subjects with statistically significant correlations (p < 0.05)
(numbers on top of the bars). The models listed include
baselines (FFN ET, FFP REV, R EC N ET) trained on pooled
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Figure 4: Recoverability of subject parameters for R EC N ET (SE). Each point represents the corresponding parameter estimate
for one subject, compared across sessions. The meta-model and subject parameters were learned on session 1, and subject
parameters alone re-estimated using data from session 2. The first 5 panels show the 5 dimensions of the embedding. Panel 6
shows the correlation between sessions for dimension 0 alone, as a function of #trials of session 2 used for estimation.
data across subjects, and their corresponding meta-models
(FFN ET (SE), FFP REV (SE), R EC N ET (SE), which include
subject parameters for personalized predictions). The following trends are clearly demonstrated: (1) No-history models
perform poorly; FFN ET and FFN ET (SE) both show low average correlations, and are similar to each other, (2) Even
a single previous timestep provides substantial information
(FFP REV, FFP REV (SE))–this is consistent with previous
findings (Hwang et al., 2017), (3) Recurrent models clearly
outperform the other models (R EC N ET and R EC N ET (SE)).
Finally, each model family’s performance is consistently improved by the addition of subject parameters.
We compared the meta-models in pairwise fashion using
paired t-tests: R EC N ET (SE), FFP REV (SE), FFN ET (SE);
each model was statistically significantly better than the next
with high confidence (p < 1e − 10 for all comparisons).
Generalization: To test generalization to a second session,
we kept the meta-models fixed, and only re-estimated subject parameters on a portion of the new session’s data, starting with random initialization. Figure 3(b) shows that each
model’s performance on the new session’s data is nearly identical to performance on the original session’s validation data;
this shows excellent transference of predictive power across
sessions. This is a significant result: given a pre-learned
meta-model, say R EC N ET (SE), we only need to estimate a
small number of subject parameters per subject to be able to
predict behavior on an entirely different session of behavioral
data. This also means that parameters for entirely new subjects can be easily estimated using a prelearned meta-model.
Repeatability: Figure 4 compares the estimated subject parameters (here, of dimension 5) for R EC N ET (SE) across sessions; each plot compares one dimension in isolation across
subjects. Parameter estimates are strongly correlated, particularly dimensions {0,1}. The rightmost panel of Figure 4
shows the correlation across sessions for dimension 0, as a
function of # trials from session 2 used for estimating subject parameters. A small amount of data (around 200 trials)
is already sufficient to obtain a stable re-estimate.
Intraclass Correlations: Table 1 presents, for each subjectspecific index of behavior, its ICC (a measure of acrosssession reliability–see Methods), the associated confidence
interval, and the Pearson correlation coefficient (closely re-

lated to ICC). For model parameters, we only present the two
dimensions that had the highest ICC scores; these are also
typically (but not necessarily) the first 2 dimensions. We also
evaluated classical measures in the task, based on RT and accuracy by trial type. RT cost and Accuracy cost refer to the
difference in averages (RT, accuracy respectively) between
congruent and incongruent trials.
As seen in Table 1, ICC scores are ordered similar to model
predictive power; in particular, R EC N ET (SE) has clearly superior test-retest reliability, driven by its capturing of sequential policy adjustments as a subject-specific trait. This also
indirectly supports our primary motivation–that strongly predictive models correspond to more reliable subject indices.
FFP REV (SE) shows intermediate ICC scores, since it has
bounded access to history. Interestingly, FFN ET (SE) closely
matches ICCs of empirical/behavioral measures in the task,
since it is only able to capture average performance by trial
type, similar to the empirical measures.
Finally, referring back to Figure 4 (last panel), we see that
ICC for dimension 0 already exceeds all behavioral measures
using as few as 200 trials; this is especially important given
the claim that estimation noise may be a major factor underlying poor retest reliability of classical measures, requiring
large numbers of trials (Rouder, Kumar, & Haaf, 2019).
Other computational models: Due to paucity of space, we
only summarize key findings from the study of other computational models. We evaluated the fitted parameters of the
Drift-Diffusion Model (DDM, a popular mechanistic model
for simple decision-making tasks), using the HDDM package (Wiecki et al., 2013) and found them to be on par with
behavioral measures (∼0.59). This is unsurprising, as DDMs
only model the overall distribution (i.e., average statistics)
and cannot capture across-trial variance.
We similarly evaluated the hypernetwork proposed
by Dezfouli, Ashtiani, et al. (2019) and found the latent representations to have very low ICCs (∼0.23). This approach, although conceptually similar in the use of a recurrent network,
pooled learning, and latent parameters, was designed primarily for qualitative separation (disentangled representations)
and across-group comparisons, rather than accurate subjectspecific predictive modeling. Finally, we evaluated a popular
proposal for modeling sequential RT variations–the Dynamic
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Bayes Model (Yu & Cohen, 2009)–and found its estimated
parameters to also have low reliability. Here, too, there is
a mismatch of modelers’ intent and application, since they
primarily addressed the nonstationary estimation of stimulus frequencies using a specific inductive bias, whereas we
use models with sufficient representational capacity and no
inductive constraints (LSTMs) with the primary objective of
predictive accuracy.
Examining learned model parameters: We display the
cross-correlation matrix between all empirical measures and
all embedding dimensions for R EC N ET (SE) in Figure 5,.
The dimensions SE0 and SE1 for R EC N ET (SE) have the
highest ICC; they appear to show moderate-to-high positive
(resp. negative) correlation across all behavioral measures.
Notably, they show similar correlation patterns as the incongruent accuracy, which is the most reliable of the empirical
measures; this is despite the fact that R EC N ET (SE) models
sequential adjustments, a source of information not (directly)
available to the average empirical metrics. This suggests that
average metrics contain some coarse representation or correlates of the decision policies implicit in R EC N ET (SE); further analysis is needed to explicate these relationships.
Table 1: Intraclass-correlations, confidence intervals, and
across-session correlations for classical task measures and
learned subject embeddings. Primary classical metrics
(RT/Accuracy Cost) have low ICCs; incongruent accuracy is
better with ICC 0.70. RecNet(SE) embeddings show clearly
higher ICCs, and are thus more reliable as markers of individual behavior. All correlations except RT cost are p <1e-10.)
ICC

CI 95%

Corr

R EC N ET (SE)

SE:top1
SE:top2

0.77
0.75

[0.68, 0.84]
[0.65, 0.83]

0.78
0.77

FFP REV (SE)

SE:top1
SE:top2

0.71
0.62

[0.59, 0.80 ]
[0.48, 0.72]

0.73
0.62

FFN ET (SE)

SE:top1
SE:top2

0.62
0.62

[0.48, 0.72]
[0.46, 0.73]

0.65
0.66

Classical RT

congruent RT
neutral RT
incongruent RT
RT Cost

0.62
0.58
0.57
0.23

[0.46, 0.73]
[0.41, 0.71]
[0.38, 0.70]
[0.05, 0.40]

0.66
0.64
0.63
0.27

Classical Acc

congruent Acc
neutral Acc
incongruent Acc
Accuracy Cost

0.53
0.52
0.70
0.57

[0.37, 0.66]
[0.34, 0.65]
[0.57, 0.80]
[0.42, 0.68]

0.59
0.58
0.74
0.56

Figure 5: Cross-correlations between classical task metrics
and learned subject parametrizations.
els for capturing sequential choice and response time behavior, and showed that these models were significantly more
predictive than per-subject models, or non-recurrent models
with bounded history. Our approach provides, along with a
meta-model for predicting behavior in the task, subject parameters that serve as compact, individual parametrizations
of the meta-model to subject-specific data. The learned subject parameters have high test-retest reliability and can be parsimoniously estimated with only a few trials of data for a new
subject. This is especially important given findings in the literature that behavioral estimates are noisy and may need significant amounts of data for estimation (Rouder et al., 2019).
Our subject parameters show promise as a richer window into
individual differences in inhibitory control, and may better
capture across-group differences for diagnosing disruptions
in decision-making faculties.
From the perspective of developing theories of cognition
and decision-making, there are two straightforward next steps
for our work. On one hand, the meta-models must be capturing a parametrized family of behavioral policies, using
some functional form relevant to ecological and statistical
concerns. In general, interpreting and understanding the functions learned by black-box models such as ours is a very
promising direction of study given their strong predictive
power. On the other hand, many recent papers have attempted
nonparametric analyses to identify potential latent dimensions or factors that describe unitary constructs of inhibitory
control that generalize across many such diagnostic tasks; see
for example (Eisenberg et al., 2019; Gärtner & Strobel, 2021).

Discussion
We outlined the problem of reliable session-to-session measurement of individual behavior in inhibitory control tasks.
We showed the promise of modeling sequential policy adjustments in the task, a direction not explored in classical analyses of task behavior for identifying subject-specific indices of
performance. We proposed meta-learning of recurrent mod-

We can easily extend our models to a multi-task setting,
and study the induced subject parameters that span these tasks
for clues about the structure of inhibitory control. We believe
that by using predictive accuracy as a strong supervisory signal, we may uncover much more informative latent spaces,
and consequently, a better understanding of the conceptual
construct of “inhibitory control” in general.
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Symptoms associated with PTSD have been found to alter
Abstract
internal
processes that affect SA. These include
Military deployments often expose personnel to highly
hypervigilance, an increased arousal, a pattern of behavior
threatening and stressful circumstances that put them at greater
involving constantly scanning the environment, and a high
risk for developing Posttraumatic Stress Disorder (PTSD).
responsiveness to stimuli, all of which are often studied with
PTSD may alter internal processes that affect one’s ability to
maintain situational awareness (SA). Military personnel
modified dot probe (Fani at al., 2012; Armstrong et al., 2013)
conducting patrols must maintain SA to search for threats, with
or Stroop tasks (Constans et al., 2004). PTSD symptomology
potentially life-threatening consequences if SA drops. Here an
is associated with significant memory deficits (DeLaRosa et
exploratory analyses was conducted to determine whether there
al.,
2020; Nejati et al., 2018) and attentional biases towards
were differences in performance and eye gaze behavior
negative or threatening cues across a variety of cognitive
between those with and without PTSD during a free-viewing
tasks (Fani et al., 2012; Armstrong et al., 2013; Constans et
visual search task conducted in a virtual desktop environment.
Cognitive workload was increased through an additional
al., 2004). When presented with ambiguous stimuli, those
auditory Math Task. While performance did not differ
with PTSD are more likely to interpret it as threatening
significantly between the two Groups, key differences in gaze
(Bomyea et al., 2017). In the context of visual search, such
behavior were found. Results showed that those with PTSD
negativity bias is characterized by an interference or
viewed significantly more trail markers, had increased duration
difficulty disengaging from a threat rather than facilitating or
of individual fixations overall, and decreased fixation and
enhancing threat detection (Pineles et al., 2007).
saccade rates during the Math Task. These results appear
Free-viewing paradigms are increasingly being used to
consistent with previous findings suggesting those with PTSD
may have difficulty disengaging from stimuli.
explore how viewing patterns inform one’s perception of the
environment (Helbing et al., 2020). Eye tracking provides a
Keywords: Posttraumatic Stress Disorder; Visual Search;
powerful and opportunistic way to unobtrusively measure
Cognitive Workload; Eye Tracking
eye activity and explore the perceptual, attentional, and
cognitive
processes involved in scene processing and thus SA
Introduction
(Williams & Castelhano, 2019). In accordance with studies
While deployed, military personnel must maintain situational
that utilize more traditional research paradigms related to
awareness (SA) of the area and dynamic context of the
PTSD (e.g., Stroop tasks), a majority of PTSD studies that
environment unfolding around them. This is especially
integrate eye tracking have found increased attention towards
important when patrolling dangerous areas where there may
negative stimuli (Armstrong et al., 2013; Kimble et al., 2010)
be improvised explosive devices or other threats for which
for those with PTSD. Specifically, those with PTSD have
personnel must maintain vigilance in visual search.
been found to have increased pupil size (Kimble et al., 2010)
Deployments can expose individuals to greater risk of
and fixations (Felmingham et al., 2011) when viewing
experiencing trauma and developing Posttraumatic Stress
negative or threatening stimuli. Stewart et al. (2013) found
Disorder (PTSD). Unfortunately, PTSD does not just present
even with non-threatening stimuli, those with PTSD rated
itself when the personnel is safely home and under care, but
scenes as more threatening and those with increased
it is also possible for those serving on active duty to be
hypervigilance engaged in more saccades and shorter
suffering from PTSD and not realize it (Wadsworth, 2022).
fixations. Hypervigilance search conditions of neutral images
Given the inherently stressful environment of serving in a
have been associated with significantly more fixations,
deployment and the risk for developing stress disorders such
spread out over a greater percentage of the scene, and larger
as PTSD, it is important to understand how behavior and task
pupil size, suggesting that there is increased visual scanning
performance may be affected by PTSD symptoms. This could
and arousal even to neutral stimuli (Kimble et al., 2014).
be especially informative towards understanding individual
These findings highlight how we may leverage eye tracking
differences to build models of cognitive state and inform
to capture physiological responses and differences between
adaptive autonomous agents that could act as team members
those with and without PTSD to gain insight into how these
or provide support to help an individual or team compensate
Groups build SA and may process information and visual
for cognitive or performance detriments.
scenes differently.
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The overall goals of this study were to isolate and quantify
neuro-physiological markers of SA in a complex visual
search task and to understand how these markers are
modulated by cognitive state. This paper presents analyses
conducted to examine differences in eye tracking behavior
during the visual search task, with and without additional
cognitive load, between those with and without PTSD.
Although this is exploratory, we expect differences in how
each Group visually explored and navigated their
environment. Specifically, we will examine differences in
gaze patterns for targets and distractors to provide
information on SA, and for trail markers to examine reliance
on navigational cues.

Methods
Participants
Data from 76 participants was collected in two phases for this
study. During phase one, 48 participants, consisting of 18
females, with mean (M) and ± standard deviation (SD) of
ages in years (M = 37.44, SD = 12.29) and 30 males (M =
40.73, SD = 14.60), were recruited from the general
population from the Los Angeles (LA) area. In phase two, 28
participants, consisting of 5 females (M = 39.80, SD = 8.64)
and 23 males (M = 34.30, SD = 8.20), with military
experience were recruited from Joint Base San Antonio
(JBSA). All participants were 18 years of age or older, fluent
in English, without colorblindness, and with normal hearing
and vision or corrected-to-normal with contacts. Eligible
participants received a $50.00 Amazon gift card for their
participation. This study was conducted in accordance with
the accredited Institutional Review Board at the U.S. Army
Research Laboratory (ARL) and conducted in compliance
with the U.S. ARL Human Research Protection Program
(ARL 19-122). All participants reviewed and signed an IRB
approved consent form prior to participation.
A subset of the data was extracted to conduct the
exploratory analyses which are the focus of this paper. To
create this subset, 13 individuals categorized with PTSD (M
= 35.5, SD =13.2) were age and gender matched to 13 NonPTSD individuals (M = 35.5, SD =11.5). Of those 26
individuals, 18 were recruited from LA and 8 from JBSA.
Groups did not significantly differ in mean age (Independent
t-test, p = 0.89). Non-PTSD individuals were matched based
on reported gender and were ± 10 years compared to their
PTSD counterparts. If more than one participant match was
available for a PTSD participant, then the Non-PTSD match
whose assigned target allowed for balanced number of target
types across the Groups was chosen (see below). There were
seven females and six males included in both Groups.
Note, while this paper focuses on a subset of the data, it
also focuses on the primary visual and auditory tasks
(described below). A more comprehensive description of the
full study and primary results may be reviewed here: Enders
et al., 2021.

Procedure
Visual Search and Navigation Task This study followed a
between-subjects design, where subjects were randomly
assigned one of four target types (motorcycle, Humvee,
aircraft, and furniture) to search for in a free-viewing virtual
environment resembling an outdoor canyon scene (Figure 1a)
designed in a Unity 3D environment (Unity Technologies).
Targets were pseudo-randomly distributed throughout the
virtual environment amongst distractor items. The inclusion
of distractor items is important for better mimicking of a realworld environment where targets are not present in isolation.
Any object besides those assigned as targets to the participant
or trail markers (e.g., truck, barrel, etc.) were labeled as
distractor items. Regarding targets, the same model was used
for all motorcycle targets and Humvee targets, whereas
different models that varied in size were used for the aircraft
and furniture targets (the original intent of the larger study
was to look at how target variation impacted eye tracking
metrics). For more information on the design of the virtual
environment, please see Enders et al. (2021). The two Groups
(PTSD and Non-PTSD) were the same in distribution of
target assignment. Each Group contained three participants
searching for motorcycles, seven searching for Humvees, two
searching for aircrafts, and one searching for furniture
targets. Participants were tasked with searching for,
identifying, and mentally counting the total number of their
assigned target type while navigating the virtual environment
presented on a desktop computer (Figure 1a).
Each participant, regardless of target assignment,
navigated the same virtual environment. Throughout the task,
participants were able to freely move at their own pace and
explore the virtual environment using the keyboard and
mouse to move and adjust camera angle. Participants were
instructed that they would be guided by the trail markers
(Figure 1b) placed along the virtual environment to help
orient them towards the end of the path. At the end of the task,
participants verbally reported the total number of observed
targets.

(a)
(b)
Figure 1: Examples of the virtual environment (a) and
trail marker (b).
Auditory Math Task To increase cognitive workload while
counting targets during the visual search task, an additional
numeric based task (the auditory Math Task) was
simultaneously presented at approximately the eight-minute
mark. Participants were presented over headphones with an
auditory recording of a set of three to four whole numbers
with values ranging from 0 to 9. Participants were required to
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mentally sum the numbers and verbally report the answer to
the researchers. During the Math Task, participants were
instructed to continue with their primary task, navigating and
identifying targets within the virtual environment. All
participants included in this paper’s analyses completed three
sets of the auditory Math Task, with an 8-30 second break
between each set presentation.
PTSD Assessment The presence of PTSD symptoms was
assessed using Weathers et al.’s (1994) civilian version of the
PTSD Checklist (PCL-C). While the gold standard for PTSD
diagnoses is a structured clinical interview, the PCL can be
scored to provide a provisional PTSD diagnoses (U.S.
Department of Veteran Affairs, 2021) and has been used in
previous research to assess PTSD (Pineles et al., 2007;
Pineles et al., 2009). The PCL-C is a standardized self-report
measure comprised of 17 items corresponding to key
symptoms of PTSD aligned with the fourth edition of the
Diagnostic and Statistical Manual of Mental Disorders
(DSM-IV). Responses are provided along a five-point Likert
scale ranging from “not at all” (1) to “extremely” (5). In this
study, participants with PTSD were defined as those who
scored greater than 29 on the PCL-C (PCL-C score, M =
40.23 SD = 12.49). Those who score at least 30 have
moderate to moderately high severity of PTSD symptoms of
PTSD. Of those with PTSD included in this sample, eight
were recruited from LA (M = 45, SD = 14.02) and five from
JBSA (M = 32.6, SD = 2.41).
Physiological Assessment: Eye Tracking The Tobii Pro
Spectrum monitor (EIZO FlexScan EV2451) and eye
tracking system (300 Hz) was utilized in this study to capture
eye movement behavior. This is a commercially available and
screen-based eye tracker comprised of infrared emitters and
high-frame-rate image sensors that allow the measurement of
three degrees-of-freedom eye positions and two degrees-offreedom gaze tracking, as well as eye blink detection and
pupil diameter monitoring. Blinks were defined as gaps
ranging from 50-500ms in the fixation data (Holmquivist et
al., 2011) and saccades were detected utilizing standard
velocity-based algorithms (Engbert and Kliegl 2003).
Fixations of less than 100ms were discarded post saccade
detection and not utilized in the analysis (Andersen et al.,
2012). Eye Tracking Dropouts were defined as those gaps in
fixation data greater than 500ms. These dropouts indicate
fixations offscreen or the participant moving outside the
bounds of the eye tracker, and thus may indicate task
disengagement.

Results
Statistical Analyses
Distribution of the data was assessed using the KolmogorovSmirnov and Shapiro-Wilk tests for normality. Parametric
tests were conducted for interval data that were normally
distributed and non-parametric tests were conducted for basic
analysis using non-normally distributed data or non-interval

data. Non-parametric tests were utilized to compare the
PTSD and Non-PTSD Groups for the following variables:
Math Score, Self-Reported Assigned Target Count (total
number of observed targets verbally reported), GazeValidated Target Counts (validated meaning having at least
one qualifying fixation) and the Total Distance Traveled
(total path distance of the avatar in meters). The GazeValidated Target Count confirmed that an object was seen by
the participants and could be used as a validation check for
the self-reported target count. For more information on how
eye tracking data was used to identify fixations and on the
calculation of variables and their definitions, please see
Enders et al. (2021).
For variables that were non-normally distributed and were
utilized in the more complex analyses (PTSD vs Non-PTSD
Groups, during and outside the Math Task), data was
transformed prior to analysis. Non-transformed data is
provided in the Figure 6 for visualization of the raw data. A
log transformation was applied to the Eye Tracking Dropout
Rate and a reciprocal transformation was applied to the Eye
Tracking Dropout Mean Duration data. Outliers (± 3 SDs)
were removed prior to statistical analysis. For this reason, one
PTSD individual was removed from analysis of Mean Dwell
Time on Objects (Math Task) and the Eye Tracking Dropout
Duration variables, and one Non-PTSD individual was
removed from the analysis of Mean Dwell Time on Objects,
Duration of Individual Fixations, Blink Rate, and the Position
Velocity (avatar speed through the virtual environment)
variables. In addition, two Non-PTSD individuals did not
have Eye Tracking Dropout Rate or Eye Tracking Mean
Duration data. IBM SPSS Statistics for Windows (Version
22, Armonk, NY: IBM Corp, Released 2013) software was
utilized to carry out all statistical analysis and the significance
threshold was set to 0.05.

Results
Three separate Independent-Samples Mann-Whitney U Tests
determined the effect of Group (PTSD, Non-PTSD) on SelfReported Assigned Target Counts, Gaze-Validated Target
Counts, and Gaze-Validated Distractor Counts. There was no
significant effect of Group on either Self-Reported Assigned
Target Counts (Z = -0.30, p = 0.799), Gaze-Validated Target
Counts (Z = -0.730, p = 0.511), or Gaze-Validated Distractor
Counts (Z = -0.693, p = 0.511). Two separate RelatedSamples Wilcoxon Signed Rank test determined that there
was no difference between the Self-Reported Assigned
Target Count and the Gaze-Validated Target Count for either
the PTSD Group (Z = -0.40, p = 0.688) or the Non-PTSD
Group (Z = -1.83, p = 0.068). The median ± interquartile
range (IQT) for Self-Reported Assigned Target Counts was
15.0 ± 1.25 for the PTSD Group and 15.5 ± 2.75 for the NonPTSD Group. The median ± interquartile range (IQT) for
Gaze-Validated Target Counts was 14 ± 1 for the PTSD
Group and 15 ± 1 for the Non-PTSD Group. The median ±
interquartile range (IQT) for Gaze-Validated Distractor
Counts was 135 ± 27 for the PTSD Group and 147 ± 29 for
the Non-PTSD Group.
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An Independent Samples T-test determined the effect of
Group on the Number of Trail Markers viewed (gazevalidated) during navigation (Figure 2a). The PTSD Group
(14 ± 3.3) viewed a significantly greater Number of Trail
Markers compared to the Non-PTSD Group (11 ± 4.3) (t(22)
= -2.25, p = 0.035). An Independent Samples Mann-Whitney
U Test determined that there was no significant difference on
Total Distance Traveled (Figure 2b) in the virtual
environment between the PTSD (2,693 ± 145.1 m) and NonPTSD Group (2,685 ± 285.4 m) (Z = -0.897, p = 0.390).

be a target) was applied for the comparison of target versus
distractor and also analyzed. The same findings were found
with normalized Mean Number of Fixations, Mean Dwell
Time, and Mean Distance (Figure 3d - f) as were found with
the non-normalized data.

Figure 3. Number of Fixations (a, d), Dwell Time (b, e),
and Distance by Group (c,f).

Figure 2. Number of Trail Markers viewed by Group (a)
and the Total Distance Traveled by Group (b).
Two separate two-way multivariate analysis of variance
(MANOVAs) assessed how Group impacted non-normalized
and normalized Mean Number of Fixations and Mean Dwell
Time on Fixation Object (targets or distractors) during
navigation (Figure 3a – b, d - e). Overall, non-normalized
Mean Number of Fixations and Mean Dwell Time were
significantly dependent on Fixation Object (F (2, 23) = 13.69,
p = 0.000), but were not significantly impacted by Group (F
(2, 23) = 0.15, p = 0.859) or the interaction of Fixation Object
and Group (F (2, 23) = 0.14, p = 0.867). Follow-up with
univariate ANOVAs showed that both PTSD and Non-PTSD
Groups significantly increased Mean Number of Fixations (F
(1, 24) = 16.67, p = 0.000) and Mean Dwell Time (F (1, 24)
= 27.72, p = 0.602) on targets over distractors (Figure 3a –
b). Two additional mixed-model ANOVAs determined the
effect of Fixation Object, Group, and the interaction of
Fixation Object and Group on normalized and nonnormalized Mean Distance (Figure 3c, f). Mean Distance (the
distance between the participant and the object in the virtual
environment during that fixation) was significantly
dependent upon Fixation Object (F (1, 24) = 4.55, p = 0.043)
but not Group (F (1, 24) = 2.19, p = 0.152) or the interaction
of Group and Fixation Object (F (1, 24) = 0.39, p = 0.539).
Both Groups significantly decreased distance when focusing
on targets compared to distractors (Figure 3c). Because the
Mean Number of Fixations, Dwell Time, and Distance
outcomes were significantly impacted by object size and
those assigned to larger targets would naturally have an
unbalanced advantage to find targets in the environment, a
normalization technique (subtraction from the mean across
all participants for each individual object not considered to

Workload Related Outcomes
Performance on the Math Task, Math Task Score (1 point
awarded for each set of Math Task correctly summed), was
compared across Groups with a Mann-Whitney U Test. The
PTSD Group (2.0 ± 2) and the Non-PTSD Group (2.5 ± 1)
did not significantly differ on Math Task Score (Z = -0.683,
p = 0.551). Two separated MANOVAs showed that the Mean
Number of Fixations and Mean Dwell Time on all objects
(not separated out to targets or distractors) was significantly
dependent upon the Math Task (F (2, 21) = 13.84, p = 0.000)
but not Group (F (2, 21) = 1.42, p = 0.264) or the interaction
of Group and Math Task (F (2, 21) = 0.36, p = 0.704).
Follow-up using Univariate ANOVAs showed that both
Groups significantly decreased the Number of Fixations (F
(1, 22) = 25.23, p = 0.000) and the Dwell Time (F (1, 22) =
9.43, p = 0.006) on objects in the environment during the
Math Task.
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Figure 4. Number of Fixations (a) and Dwell Time (b)
outside/during the Auditory Math Task by Group.

As these analyses were exploratory, we were interested in
any possible effects that may warrant further investigation in
a follow-up study. Therefore, 12 separate Two-Way Mixed
ANOVAs examined the effect of Math Task and Group and
the interaction of Math Task and Group on the Duration of
Individual Fixations, Fixation Rate, Object Rate (the
scanning of unique, new objects), Saccade Rate, Saccade
Magnitude (the angular distance of scanning behavior),
Saccade Angle (with 0˚ set as the horizon), Blink Rate, Eye
Tracking Dropout Rate, Eye Tracking Dropout Mean
Duration, the Proportion of Fixations on Objects (as opposed
to on terrain or the sky) in the Environment, Pupil Diameter,
and Position Velocity. The Duration of Individual Fixations
was significantly dependent upon Group where the PTSD
Group overall had increased Duration of Individual Fixations
compared to the Non-PTSD Group (F(1, 23) = 5.49, p =
0.028, Figure 5). Math Task was a significant main effect for
Fixation Rate (F(1,24) = 16.16, p = 0.001), Object Rate
(F(1,24) = 8.58, p = 0.007), Saccade Rate (F(1,24) = 18.34,
p = 0.000), Saccade Magnitude (F(1,24) = 8.16, p = 0.009),
Blink Rate (F(1,23) = 11.66, p = 0.002), Pupil Size (F(1,24)
= 35.61, p = 0.000), and Position Velocity (F(1,23) = 37.36,
p = 0.000). Both Groups showed significantly increased
Object Rate, increased Saccade Magnitude, increased Blink
Rate, increased Pupil Size, and decreased Position Velocity
during the Math Task compared to outside the Math Task
(Figures 5 and 6). There was a significant Group and Math
Task interaction for Fixation Rate (F(1,24) = 29.80, p =
0.000) and Saccade Rate (F(1,24) = 12.40, p = 0.002). Only
the PTSD Group significantly decreased Fixation Rate and
Saccade Rate during the Math Task, whereas the Non-PTSD
Group maintained their Fixation Rate and Saccade Rate
independent of increased cognitive load. All other
comparisons were not statistically significant.

Figure 5. Eye tracking metrics 1 outside/during the
Auditory Math Task by Group (a-f).

Figure 6. Eye tracking metrics 2 outside/during the
Auditory Math Task by Group (a-f).

Discussion
Overall, the PTSD and Non-PTSD individuals performed the
visual search task and the auditory Math Task similarly.
However, the PTSD Group had an increased duration of
individual fixations compared to the Non-PTSD Group. The
PTSD Group also visually fixated on more trail markers as
they navigated the environment compared to the Non-PTSD
Group. This did not translate to a significant difference in
Total Distance Traveled between the two groups.
When cognitive workload was increased with the Math
Task, both Groups tended to perform the task similarly with
a few notable differences. Individuals in both Groups
significantly increased their scanning of unique or new
objects (Object Rate) by reducing the Number of Fixations
and Dwell Time on each object during the Math Task and
decreasing their speed of movement through the environment
(Position Velocity). However, only the PTSD Group
appeared to adapt to the increased cognitive workload by
decreasing Fixation Rate and Saccade Rate during the Math
Task whereas there was no significant change for the NonPTSD Group. Regardless of this decrease in Fixation Rate
and Saccade Rate for the PTSD Group, both Groups showed
an increase in their Blink Rate and pupil dilation. Although
not significant, there was a tendency for the PTSD Group to
keep saccades moving along or near the horizon (where a
positive Saccade Angle is above the horizon and a negative
Saccade Angle would be below the horizon) compared to the
Non-PTSD Group (p = .06 for Group main effect).
Findings indicated that the PTSD Group had overall (not
dependent on cognitive load task) longer individual fixation
durations than the Non-PTSD Group. We speculate that this
may indicate an increased difficulty disengaging from one
stimuli before switching to the next. This appears to be
consistent with Pineles et al. (2007) assertion that the
attention bias associated with PTSD is characterized by
difficulty disengaging from threatening stimuli. Rather than
facilitating the detection of threats this leads to increased
attentional interference and difficulty redirecting attention to
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task-related performance (Pineles et al. 2007; Pineles et al.
2009). Although our stimuli were not designed to be
threatening in this study per se, some targets included (such
as military Humvees) could be perceived as such. We see
further evidence of this in the Math Task with increased
cognitive load, where those with PTSD significantly
decreased fixation and saccade rate. Together, the decrease in
fixation and saccade rate along with the overall decrease in
individual fixation duration indicates a difference in
compensatory strategies between the two Groups. This also
suggests this Group may have experienced increased
difficulty disengaging from stimuli while meeting the two
external task demands. The PTSD Group also viewed a
significantly greater number of trail markers which may also
indicate a difficulty disengaging from one stimulus
(navigation-related) to focus on targets and objects (visual
search-related).
Alternatively, as noted in our previous report (Enders et al.,
2021), it is possible that our task design (self-paced visual
search) allowed participants to give precedence to the
auditory stimuli of the Math Task over the visual task
(Duniforn et al., 2016; Robinson & Sloutsky, 2010).
Research suggests that visual dominance effects, when
simultaneously presenting auditory and visual stimuli, may
be restricted to visual tasks requiring an explicit response.
Therefore, as our visual search task did not require an active
response during the navigation (response stating count of
targets was reported at the end), this may have allowed
participants to preferentially attend to the auditory task
(Robinson et al., 2010). In situations of auditory dominance,
auditory stimuli may automatically engage attention and
delay visual processing (Dunifon et al., 2016). We speculate
that this effect may be more pronounced in the PTSD Group
over the Non-PTSD Group, causing the PTSD Group to
assign more cognitive processes to focus on the Math Task
and thus have less resources to extend to simultaneously
processing the visual search task. It is also possible that the
Math Task itself would have been perceived as the more
threatening task, thus attracting more of the cognitive
resources and attention allotted by the PTSD Group.

Limitations
A significant limitation of this study was that it was not
explicitly designed with studying PTSD as one of its main
aims and therefore participants were not explicitly recruited
for having PTSD. We were therefore limited to using a
smaller subset of the data which left us with a small sample
size to include in our analyses. Notably, our sample was
further restricted due to the Coronavirus pandemic halting
data collection entirely at our LA site. While we are primarily
motivated to understand these differences in a military
context, and because this was an exploratory analyses and not
the primary hypotheses guiding this research, our sample
contained both persons with and without military experience.
It is possible that there could be differences between these
two populations and effects of different origins of trauma
(e.g., childhood onset, domestic violence, military, etc.).

Critically, because we wanted to compare PTSD across our
study participants, we used the PCL-C across all participants
regardless of whether they were general population or had
military experience. There is however a military specific
version of the PCL, the PCL-Military (PCL-M), which may
have been more appropriate to use with that population.

Future Directions
We are currently building off of this study to design a followon study that will explicitly investigate the behavioral and
physiological markers of SA and their dependence on
cognitive state (modulating stress) across visual search and
related tasks, comparing those with and without PTSD. This
study will also more explicitly examine the threat-bias
associated with PTSD, investigating how behavioral and
physiological responses differ between neutral and
threatening contexts. We will specifically recruit those with
military experience and assess PTSD using the PCL-M. This
study will also include additional metrics closely related to
PTSD (e.g., comorbid diagnoses) and military experience
(e.g., combat exposure). This will allow us to get a more
refined and accurate picture of the differences between these
two Groups within a population with military experience.
Although we do not plan to include an auditory task such as
the Math Task, our virtual environment does introduce
contextually relevant sounds. In order to maintain the
precedence of the visual task, participants will click to
provide a response when they see a target in addition to
reporting the total number of targets they counted throughout
each condition.

Conclusion
This was an exploratory analysis to determine whether
significant differences existed in eye gaze behavior between
those with and without PTSD during a visual search task
within a naturalistic environment with modulated cognitive
workload. Results revealed Groups did not differ
significantly on their performance for target count or the
Math Task. The two Groups also similarly significantly
increased their mean number for fixations and mean dwell
times on targets over distractors during the visual search task
and significantly decreased their physical distance (were
closer) when fixating on targets compared to distractors.
However, key differences in gaze behavior were found
between the two Groups such that those with PTSD viewed
significantly more trail markers, had increased duration of
individual fixations overall, and decreased fixation and
saccade rates during the Math Task. Results appear consistent
with previous findings suggesting those with PTSD may have
difficulty disengaging from stimuli. These results may have
important implications for considering how stress disorders
such as PTSD may impact performance during high vigilance
tasks (e.g., searching for targets) where differences in
behavior may have significant consequences (e.g., military
patrol) and may be compensated for in the future through the
advances in supportive autonomous teammates.
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Abstract

previously-executed one. Whereas the automatic retrieval of
S-R associations can be beneficial (e.g., when hitting the
brakes upon a red light; see e.g., Moors & De Houwer, 2006,
for theories of automaticity), there are numerous situations in
which people try to overcome such existing mental shortcuts
(e.g., to break the old habit of snacking while watching TV).
The goal of the present research is to investigate whether
people can intentionally forget learned S-R associations.

Humans are able to intentionally forget declarative memory
content as demonstrated in directed-forgetting (DF)
experiments. Yet, only few studies assessed whether DF
affects associations in procedural memory. We tested how the
intention to remember/forget a stimulus affected the formation
and/or retrieval of stimulus-response (S-R) associations. To do
so, we combined an item-specific priming paradigm with listmethod DF. We did not find an impact of the intention to
remember/forget on either the retrieval of existing or the
formation of new S-R associations: Although participants
formed S-R associations (evident in decreasing RTs over
stimulis’ prime instances), their persisting activation did not
impact on RTs in a subsequent item-recognition-test.
Potentially, processes contributing to item recognition
impeded S-R retrieval. This finding is informative for future
studies aiming to assess how intention differentially affects
procedural and declarative memory. We formulate
experimental design recommendations for future studies
assessing the impact of DF on item-specific S-R associations.
Keywords: directed forgetting; habits; stimulus-response
associations; procedural memory

Introduction
Many of our everyday actions follow internalized routines.
When driving, for instance, we do not put much thought into
hitting the brakes when encountering a red light. We appear
to be able to exert such (more or less) automatic behavior
without controlled processing and deliberate intention.
Evidence for the automatic retrieval of actions upon a certain
event comes from studies investigating stimulus–response
(S-R) associations (e.g., Henson et al., 2014, for a review).
S-R associations are formed when stimuli (e.g., red light) and
responses (e.g., hitting the brake) repeatedly co-occur and
thus bind together – a notion supported by (item-specific)
repetition priming effects (see e.g., Henson et al., 2014;
Logan, 1988, 1990). In corresponding studies, participants’
responses are faster for stimuli that consistently require the
same response as opposed to a response different from the

Intentional Forgetting Humans are able to intentionally
forget previously-learned information as evident in directedforgetting (DF) experiments (e.g., E. L. Bjork et al., 1998; R.
A. Bjork, 1970; MacLeod, 1998). In the list-method of DF
(for an overview see MacLeod, 1998; Sahakyan et al., 2013),
participants sequentially learn two lists of items. After
learning the first list (referred to as L1), participants are either
instructed to forget it or to continue remembering L1 before
learning a second list (L2). In a subsequent memory test for
both lists (conducted on all items irrespective of the
forget/remember instruction), two effects are commonly
observed: As illustrated in Figure 1, participants in the forget
condition recall fewer L1 items (referred to as L1 forgetting)
and more L2 items (L2 enhancement) as compared to the
remember condition.

Figure 1: Typical result pattern (see e.g,, Pastötter et al.,
2017) for the list-method of directed-forgetting.
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Intentional Forgetting of S-R Associations
Whereas many studies have investigated DF of explicitlylearned, declarative information such as lists of words (see
MacLeod, 1998, for an overview), few studies demonstrated
that DF affects motor representations (Tempel & Frings,
2016) or incidentally-learned information (e.g., Hockley et
al., 2016; Jou, 2010). Yet, such types of information form the
very basis of habits – which, in everyday life, we often try to
intentionally overcome.
So far only a single study has provided initial evidence that
incidentally-learned habits (in terms of S-R associations)
may be reduced by means of DF (Dreisbach & Bäuml, 2014).
The authors found significant S-R repetition priming effects
in a testing phase after several S-R pairings in the remember
condition. S-R repetition priming effects were, however,
absent (Experiment 1) or reduced (Experiment 2) in the forget
condition. They argued that participants are generally able to
reduce the accessibility or prevent the retrieval of
inappropriate habits via a form of retroactive control.
Importantly, in Dreisbach and Bäuml’s (2014) study, there
are several methodological aspects to consider when further
investigating the intentional forgetting of S-R associations.
First, participants in the remember group were told to
remember what they just did (i.e., performing the same
classification task for a small set of items ten times). Hence,
their instructions likely led participants to form the intention
to recall the respective S-R mappings, rather than just the
corresponding items, later on. No such intention was formed
for the forget group which was not given any memory
instruction or prompt for a later memory test. Thus, the
design of remember/forget instructions potentially explains
the performance differences between the two groups. Second,
at test, when participants again responded to items after the
initial S-R learning phase, they responded ten times to each
item which resulted in substantial additional S-R learning
across test instances (Dreisbach & Bäuml, 2014; see
supplementary material). It is unclear whether an effect of
memory instruction can be observed already for the first test
trial per item (see their supplementary analyses as a function
of binned test instances). Third, S-R mappings remained
fixed per block and did not switch on a trial-by-trial basis.
That is, participants might have formed category-response
associations (e.g., Longman et al., 2018) in addition to S-R
associations which confounds the assessment of what was
potentially forgotten. Finally, in their Experiment 1, reaction
times (RTs) in the remember group were substantially larger
than in the forget group – even when considering items for
which responses repeated between learning and test. This is
surprising, because if participants truly encoded S-R
associations that were later not sufficiently accessible in the
forget group, one would expect the opposite pattern of
results: RTs should be faster for repetition trials in the
remember (because the learned S-R associations facilitate
performance at test) than in the forget group. These aspects
suggest that further assessments are essential to determine
whether S-R associations can intentionally be forgotten.

Here, we aimed to replicate the effect of intention on the
encoding and/or retrieval of S-R associations while
considering the described methodological challenges. In sum,
the aim of the present study was to replicate and extend
findings regarding the intentional forgetting of S-R
associations (1) using a larger stimulus set, (2) using a single
probe instance to avoid additional implicit learning during the
test phase, and (3) ensuring that participants encoded solely
item-specific S-R associations and not also categoryresponse associations (i.e., switching/repeating S-R
mappings on a trial-by-trial basis). At the same time, we
equated the intention to memorize items between the forget
and the remember group and selectively instructed the
memorization of items (as compared to entire S-R episodes).
Thereby, we aimed to gain a deeper understanding of the
mechanisms underlying the DF effect on S-R associations.

The Present Study
The goal of the present study was to test whether S-R
associations can be intentionally forgotten. To do so, we used
a new experimental DF design to investigate the effect of DF
on S-R retrieval.
The present experiment had three major phases: A learning
phase, a distraction phase, and a test phase. During the
learning phase, participants’ task was to categorize images of
objects in two lists (L1 and L2) as containing a mechanism
or not (item-specific priming task adapted from Hsu &
Waszak, 2012; Moutsopoulou et al., 2015; Pfeuffer et al.,
2017) by pressing a left/right key. A cue preceding each item
indicated whether a left or right response was required for a
mechanic versus non-mechanic classification, respectively.
As a secondary task, we instructed participants to remember
the images for a later memory test. Like in prior list-method
DF studies, between L1 and L2, half of the participants were
instructed to either continue remembering the images of L1
(remember condition) or to forget them (forget condition).
Following a subsequent distractor task, in the test phase,
participants were presented with all images from the learning
phase (L1 and L2 regardless of the memory instruction) as
well as new images. Participants were instructed to recognize
the images they previously categorized/learned (L1 and L2)
and to classify them as old (i.e., previously-seen) as
compared to newly-presented images. They did so by
pressing a left/right key as indicated by a task-cue presented
prior to the images. Importantly, for half of the old images
(previously-presented in the learning phase), the S-R
mappings at test were the same as they had been in the
learning phase (item-specific response repetitions; i.e., the
same response was required). For the other half of the old
images, the S-R mappings at test were reversed (item-specific
response switches, e.g., a stimulus mapped to a left response
in the learning phase now required a right response). We used
the difference in RTs and error rates in the test phase between
trials that required an item-specific response switch versus an
item-specific response repetition (S-R effects) to assess S-R
associations.
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Hypotheses In a typical item memory test for L1 and L2 in
the list-method of DF, participants in the forget condition
recall fewer L1 items (L1 forgetting) and more L2 items (L2
enhancement) as compared to the remember condition.
Because L1 forgetting costs and L2 enhancement can be
observed independent from one another (Pastötter & Bäuml,
2010; Sahakyan & Delaney, 2003), both retrieval and
encoding processes are assumed to contribute to list-method
DF effects (for an overview see Pastötter et al., 2017).
Applying these observations to the context of S-R
associations we expected the following observations.
List 1 forgetting for S-R associations. The context change
hypothesis (one of the most prominent theories on listmethod DF introduced by Sahakyan & Kelley, 2002)
postulates that between the study of L1 and L2, upon the
forget instruction, participants deliberately change their
mental context to intentionally forget L1 items. Thereby, new
context cues are associated with the subsequent L2
information resulting in a larger than normal context change
between L1 and L2 (Sahakyan & Kelley, 2002). At test, the
current context mismatches the L1 context impeding the
recall of L1 items in the forget group. If DF influences the
retrieval of S-R associations similarly, L1 S-R associations
may be harder to retrieve in the forget as compared to the
remember group. As a result, item-specific S-R effects for L1
items at test should be smaller for the forget as compared to
the remember group.
List 2 enhancement for S-R association. The reset of
encoding hypothesis (see Pastötter et al., 2017) assumes that
encoding of early L2 items is enhanced via the reset of
encoding processes (e.g., due to reduced working memory
load and reduced inattention). This is evident in a stronger L2
primacy effect in the forget as compared to the remember
group when testing participants‘ memory for L2 words
(Pastötter & Bäuml, 2010). Under the assumption that the
encoding of items and S-R associations (at least partly)
depend on similar processes and resources, the reset of
encoding processes for items (i.e., corresponding to reduced
working memory load) may not only enhance the encoding
of subsequent items but also of subsequently associated
information, here, S-R associations. If DF enhances the
subsequent learning of novel S-R associations, then, the S-R
effects for L2 items at test should be greater in the forget as
compared to the remember condition (L2 enhancement).

interaction between instruction and compatibility (parallel of
item-specific repetition vs. switch) in their RT analyses.
Power analyses using G*Power (Faul et al., 2007) on the
mean ηp2 = .10 suggested a sample size of N = 76 to detect a
significant effect (with α = .05 and 1-β = .8). From the initial
sample, we excluded five participants that committed errors
or response omissions in more than 30% of the trials in the
learning or test phase. These participants were replaced by
new ones. Only one participant was suspicious about the
purpose of the restart of the experiment and was excluded,
resulting in a sample size of n = 75 participants.

Trial Structure and Procedure
Experimental set-up The experiment took place in a soundattenuated laboratory room. Participants sat approximately
60 cm from a 24” (1920x1080) LCD monitor. Participants’
index fingers rested on two external keys placed in front of
them to the left and right (key distance 13.5 cm).

Method
The experimental set-up, hypotheses, and data analysis plan
were pre-registered under (https://osf.io/wuzvx).

Participants
In total, 76 participants took part in the experiment for course
credit or monetary compensation (6 EUR). Half of the
participants were randomly assigned to the remember
condition and the other half to the forget condition. All
participants gave written informed consent prior to the start
of the experiment. Dreisbach and Bäuml (2014) observed a
partial eta squared of ηp2 = .14 and ηp2 = .06 for the critical
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Figure 2: Trial Structure and Procedure.

Material The experiment was conducted in German. Images
of everyday objects served as stimuli and were taken from
previous studies conducted by Pfeuffer et al. (2017; stimulus
set originally from Brady et al., 2008; Moutsopoulou et al.,
2015). Participants classified images according to whether
they contained a mechanism or not (e.g., wheels, levers,
electronic parts; “mechanisch”, Engl. mechanic vs. “nichtmechanisch”, Engl. non-mechanic) using a left or right
external response key. From the original set of 512 images
used by Pfeuffer et al., we selected a subset of 128 images
(64 mechanic / non-mechanic objects; 256 x 256 pixels, about
8° visual angle). Item selection was based on the data of two
previous studies conducted by Pfeuffer et al. (see Pfeuffer et
al., 2017, 2020): The easiest to categorize images in these
studies (least amount of categorization errors across
participants) were selected. Furthermore, two items were
excluded as they were easy to categorize but similar to one
another. Three item lists were randomly created for each
participant: L1 and L2 (learning phase), contained 32
different images with 16 mechanic and 16 non-mechanic
images each. The test list contained all 64 images of the
learning phase and 64 new images.
Procedure The experiment consisted of three phases (see
Figure 2): a learning, a distractor, and a test phase.
Instructions were given on the screen and summarized by an
experimenter. In an initial practice block (eight new images),
participants were familiarized with the classification task.
Learning phase. The learning phase consisted of two lists
(L1+L2). Participants were instructed to categorize items
according to their mechanism category (mechanic vs. nonmechanic) by pressing a left or right key. At the same time,
they were told to remember the images of the objects for a
later memory test. The trial started with the presentation of
the task-cue (700ms) indicating whether a left or right
response was required for a mechanic/non-mechanic
classification for the subsequent image. For example, the task
cue “M + N” indicated that participants needed to press the
left key for the classification “mechanic” and the right key
for the classification “non-mechanic”. Next, the object image
was presented. Participants had to classify the object as fast
and accurately as possible (response limit 2000 ms) by
pressing the key (left vs. right) that spatially corresponded to
the correct object classification. A feedback screen followed,
informing participants about their response ́s correctness
(500ms; “richtig!”/ Eng: “correct!” for correct responses;
“Fehler!”/ Eng.: “error!” for incorrect responses; “zu
langsam!”/ Eng: “too slow!” for response omissions).
Each object of a list was presented four times (four prime
instances) in its corresponding list (in four separate blocks of
the 32 images) to build strong S-R associations. Here, one
prime instance refers to one pairing of a stimulus with a
specific response. Importantly, the S-R mapping for an object
was the same for all learning instances (e.g., a right key press
was required for all learning instances).
Forget condition. After the items of L1 were classified and
learned like this, participants in the forget condition were

instructed to forget the so-far-presented items following the
typical list-method DF procedure (e.g., see Sahakyan et al.,
2013). Specifically, after L1, a computer screen gave an
arbitrary overview of participants’ performance and the
presumed current condition of the experiment. The
participants were asked to go to the experimenter in order to
continue the experiment with the next condition. The
experimenter then stepped in, read over the summary, and
apologized for having accidentally started the experiment
with the incorrect condition. Thereupon, the experimenter
left the room pretending to ask the leading researcher what to
do next. The experimenter re-entered the room after roughly
60s and informed the participants that they could restart the
experiment in the correct condition. Participants were kindly
asked to start over again with the correct condition. They
were casually told to try to forget what they had just done
(i.e., to forget the images they had memorized, but no
instruction was given regarding the S-R mappings). The
experiment was restarted, and the participants were again
instructed to forget everything they have previously learned.
The instruction emphasized the importance of trying to forget
the previously-presented images and only to concentrate on
the subsequently to-be-categorized images.
Remember condition. After the objects of L1 were
classified and learned, a screen was presented providing
participants with the same arbitrary experimental overview as
in the forget condition. Again, the experimenter entered the
room to continue the experiment. In contrast to the forget
condition, however, participants were simply told that they
had finished the first part of the learning phase and were
going to continue with the second part. Participants were
casually told to continue remembering the L1 images.
Distractor phase. Following L2, to purge working
memory, a 3-min distractor task (a computerized version of
the Corsi block-tapping Task; CORSI; forward span; Corsi,
1973) was conducted.
Test phase. Next, in the test phase (128 trials over four
blocks) participants were instructed to recognize the images
they previously categorized/studied (L1 and L2). Participants
in the forget condition were explicitly informed that the
simulated experiment restart was part of the experiment and
that they should now try to remember the images from both
before and after the simulated experiment restart. Instead of
categorizing the objects as mechanic and non-mechanic,
participants now identified whether an image had been
presented in the learning phase (category: “old” - O) or not
(category: “new” - N). They did so by a pressing left/right
key as indicated by a task-cue presented prior to the images
that could switch on a trial-by-trial basis. Importantly, half of
the old items from the learning phase had the same (itemspecific S-R repetition; e.g., left response was required to
classify an object as “mechanic” in the learning phase and to
classify it as “old” in the test phase) and the other half the
opposite S-R mappings as in the learning phase (item-specific
S-R switch).
Using post-experimental questions, we checked whether
participants had any suspicion about the restart of the
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experiment. Participants were properly debriefed about the
simulated experiment restart and its reason. Last, they were
asked not to tell friends and colleagues about the simulated
experiment restart.

Data Analysis
We used a mixed models approach (for an overview see
Baayen et al., 2008; Judd et al., 2012). Log-transformed RTs
of the test phase were analyzed using linear mixed models
(LMMs) and we analyzed the correctness of responses using
generalized mixed models (GLMMs) with a binomial link
function. The LMM on participants’ RTs were fitted using
maximum likelihood estimation for model selection and
restricted maximum likelihood (REML) estimation for slope
estimates. p-values for effects were obtained using the
Kenward-Roger (Kenward & Roger, 1997) approximation
for denominator degrees of freedom. The models consisted of
the fixed factors response (repetition vs. switch, within) and
instruction (remember vs. forget, between) as well as the
corresponding interaction. We implemented the maximal
random-effects structure justified by the design as suggested
by Barr et al. (2013). Because this model did not converge,
we reduced the random effects structure step-by-step
(beginning with by-image random slopes) until the model
converged (pre-registered procedure). The final models that
converged had random intercepts for participants and images
(model for L1 + L2) as well as a by-participant random slope
for response (model for L2 only).

Figure 3: Mean test-trials RTs for List 1 (L1), List 2 (L2).
Error bars: within-subject 95% confidence intervals.
Table 2: Model Results for Test-Trial Errors (L1+L2).
Predictors
List 1
(Intercept)
Response
Instruction
Response x Instruction
List 2
(Intercept)
Response
Instruction
Response x Instruction

Results
We discarded trials with response omissions in the learning
or test phase (ntrials = 46, 0.2% of the data) from all analyses.
For the trials in the test phase, only the trials with correct
responses in all four corresponding learning instances of the
learning phase were used (excluded n = 6545, 22.9%). For
the analyses of RTs, we excluded trials with incorrect
responses and RTs above/below 3SD of the individual cell
means (n = 236, 1.1%). None of the reported results changed
when including incorrect responses in the RT analyses. Mean
RTs are plotted in Figure 3. Table 1 and Table 2 show the
results and model statistics of the RT and the error model,
respectively. In short, for the trials of the test phase, none of
the fixed effects reached statistical significance.

Est.

SE

z

p

-1.80
0.07
-0.04
0.05

0.10
0.08
0.09
0.07

-17.4
0.9
-0.4
0.7

<.001
.370
.672
.491

-2.21
-0.03
-0.03
0.03

0.12
0.08
0.10
0.08

-18.0
-0.4
-0.3
0.3

<.001
.704
.791
.754

To test whether participants encoded S-R associations at all
during the learning phase, we analyzed participants’ RTs
across the four prime instances in L1 and L2. As illustrated
in Figure 4, participants RTs substantially dropped over the
four learning instances in both L1 (LMM, t = -16.2, p <.001)
and L2 (t = -21.1, p <.001) indicating S-R learning. Although
L2 responses descriptively revealed a pattern of faster
responses in the forget as compared to remember group for
the first L2 prime instances, we lack statistical evidence for
this difference in our LMM (t = 1.5, p =.135).

Table 1: Model Results for the Test-Trials RTs (L1+L2).
Predictors
List 1
(Intercept)
Response
Instruction
Resp. x Instr.
List 2
(Intercept)
Response
Instruction
Resp. x Instr.

Est.

SE

df

t

p

6.60
-0.00
-0.02
0.00

0.23
0.01
0.02
0.01

73.8
1330
73.0
1332

270.1
-0.2
-0.6
0.0

<.001
.818
.541
.971

6.57
-0.01
-0.02
0.00

0.23
0.01
0.02
0.01

77.3
73.3
73.0
73.0

287.0
-0.9
-1.0
-0.1

<.001
.390
.316
.948

Figure 4: Mean reaction times (RTs) in L1 and L2. Error
bars represent the within-subject 95% confidence intervals.
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Discussion
The present study tested whether S-R associations can be
intentionally forgotten by designing a novel item-specific
priming version of list-method DF. Whereas prior studies
found evidence for intentional forgetting of item information
(e.g., E. L. Bjork et al., 1998; MacLeod, 1998), the present
study found no evidence for the intentional forgetting of S-R
associations. Surprisingly, although participants evidently
encoded S-R associations during the learning phase, these SR associations did not impact performance in a subsequent
item recognition test in general.
Initially, we expected that DF would impact both the
retrieval of already existing L1 S-R associations as well as
the encoding of novel L2 S-R associations. For instance, for
L2 items, the reset of encoding hypothesis (for an overview
see Pastötter et al., 2017) assumes that, upon encountering the
forget instruction, the encoding process is reset and encoding
of early L2 items is enhanced (e.g., Pastötter & Bäuml, 2010).
We assumed that the forget instruction would reset encoding
processes not only for L2 items, but also for S-R associations.
Hence, we expected to find stronger item-specific S-R effects
for L2 items in the forget as compared to remember
condition. This was not the case. Moreover, for L1 items, the
context change hypothesis (Sahakyan & Kelley, 2002)
assumes that participants in the forget group deliberately
change their mental context to intentionally forget L1. This
leads to reduced accessibility of (and hence worse memory
for) L1 items in the forget group (L1 forgetting). Contrary to
this well-established result for item memory, we found no
impact of DF on item-specific S-R effects of L1 items at test.
That is, we found no indication that forget instructions
affected the retrieval of S-R associations formed in L1.
At first glance, our finding – that DF did not impact the
retrieval of L1 S-R associations – seems to contradict
Dreisbach and Bäuml’s (2014) study that also investigated
DF of S-R associations but found reduced or no S-R effects
for L1 items in the forget as compared to remember group (in
line with the context change account). However, there are
multiple experimental design factors explaining the
contrasting results – as detailed in the Introduction. Most
essentially, we generally did not observe S-R effects for the
RTs and error rates in the recognition test. Therefore, of
course, we could not find a modulation of S-R effects in the
presents study. It is, however, surprising that, although
participants clearly encoded S-R associations during the
learning phase (see Figure 4), these associations did not affect
RTs in the recognition test. We consider two possible
explanations for this finding.
First, we additionally asked participants to remember the
list images in the learning phase while categorizing the
objects. Contrary to prior item-specific priming studies (e.g.,
Henson et al., 2014, for a review), we did not observe
significant item-specific S-R repetition priming effects even
in the remember group. This suggests that, potentially, the
instruction to also remember the object images for a later
memory test may have interfered with the encoding of S-R
associations in the learning phase (e.g., due to dual-task load).

On the one hand, the absence of any item-specific S-R
effects at test even in the remember group seems to support
this conclusion. Likewise, processes contributing to item
recognition in the memory test could have overshadowed any
potential S-R effects. For instance, according to signal
detection theory, item recognition decisions are based on a
familiarity signal produced from the presented item in
relation to an internal decision criterion (Wickens, 2001).
Such recognition-related processes may have interfered with
the retrieval of S-R associations or may have generally led to
higher RTs obstructing the commonly small item-specific SR repetition priming effects.
On the other hand, participants’ RTs became significantly
faster across the four prime instances of both L1 and L2 (see
Figure 4). This observation clearly indicates S-R learning
during the learning phase (if not only perceptual learning
contributes to this finding). Hence, we consider it unlikely
that the additional memory instruction prevented participants
from encoding S-R associations completely.
Our results allow us to formulate experimental design
recommendations for future studies assessing the impact of
list-method DF on item-specific S-R associations: First, our
findings show that participants can encode S-R associations
while simultaneously memorizing the items they process
(because participants evidently encoded S-R associations in
the learning phase). Hence, future work can indeed combine
a memory task with a repetition priming paradigm to assess
the interplay of declarative and procedural memory. Second,
if it is not the encoding of S-R associations that is prevented
by the additional memory instruction (and item recognition
processes do not overshadow retrieval of S-R associations at
test), our results demonstrate that processes contributing to
item recognition must have interfered with the retrieval of SR associations. Future research should therefore take special
care not to intermix both types of measures. That is, measures
intending to assess item-specific S-R repetition priming
effects need to be separate from measures intending to assess
item memory.
Conclusion. The current study shows that although
participants can encode S-R associations while
simultaneously intending to memorize the items they process,
the resulting item-specific S-R repetition priming effects
cannot be measured when the retrieval of S-R associations
and item memory compete. Therefore, future researchers
need to separate measures intended to assess S-R effects from
measures intended to assess item memory.
Importantly, this new item-specific priming design for DF
experiments lays the groundwork for future studies that aim
to investigate how intention differentially affects procedural
(S-R associations) and declarative (e.g., items) memory. This
is important because only few studies have at all assessed DF
for procedural representations (Dreisbach & Bäuml, 2014,
Tempel & Frings, 2016). Future research is needed to further
elucidate the mechanisms underlying DF regarding
information represented in declarative versus procedural
format.
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Abstract

People can nevertheless express commonsense knowledge
about the features of birds using statements such as (1a-c):

When people think about the features of common objects, like
scissors, they often spontaneously recall a central feature:
scissors cut things. They tend not to recall other features of
scissors, e.g., that they have handles. The present paper posits
a novel explanation for the behavior: the features people recall
first and most often reflect semantic generalizations of kinds.
A recent taxonomy of such generalizations suggests that
people represent privileged links between kinds and their
features known as principled connections (Prasada et al.,
2013). Several tests diagnose principled connections: for
instance, principled connections reflect norms, so one way to
diagnose the presence of a principled connection is to test the
acceptability of sentences of the form all normal Xs have
feature Y, as in all normal cars have four wheels. We tested
whether participants accept generalizations about the
normality of features produced in a semantic feature
production task (Experiments 1 and 2) as well as selfreferential generalizations (Experiment 3). The experiments
provided participants with generalizations about features listed
first and most often as well as features that people list less
frequently. They found that people readily accepted
generalizations that diagnose the presence of principled
connections. The results corroborate the view that principled
connections help people recall the features of conceptual
categories.
Keywords: concepts,
connections, norms

categories,

recall,

1a. Birds have beaks.
b. Birds lay eggs.
c. Birds fly.
These statements are known as bare-plural generics: they
express generalizations without the use of quantifiers such as
all and most (Carlson, 2009; Chambers, Graham, & Turner,
2008; Cimpian & Markman, 2009; Gelman, 2003, 2004;
Gelman & Bloom, 2007; Hampton, 2009; Leslie, 2007, 2008,
2012; Noyes & Keil, 2019; Pelletier, 2009; Prasada, 1999,
2000, 2010, 2012, 2017; Prasada & Dillingham, 2006, 2009).
Generics, unlike universal quantifiers, tolerate exceptions:
the statement birds fly is true regardless of the existence of
flightless birds. As Prasada and Dillingham (2006, 2009)
argue, generics serve as a window into people’s
commonsense conceptual representations of kinds and their
features. According to Leslie (2007, 2008), generics reflect
people’s foundational, default mode of generalization, and
they do not consistently correspond to a specific
quantificational force. For instance, consider the following
generics:

principled

2a. Tigers are striped.
b. Ducks lay eggs.
c. Mosquitoes carry malaria.
d. *People are right-handed.

Introduction
Consider all of the facts you know about birds. Before
reading further, it may be worthwhile to enumerate the first
three things about them that come to mind. Perhaps you
remembered specific birds, such as a pet or a group of
pigeons close to where you work. Or perhaps you thought of
what birds are made of – they have beaks, feathers, and
hollow bones. Perhaps you imagined some of their
characteristic behaviors, such as the fact that they make nests,
lay eggs, and fly. If you thought of one or more specific birds,
you were relying on episodic memories. Instead, if you
thought of birds in general, then you accessed your semantic
memories of the features of prototypical birds. Features are
central to theories of categorization and conceptual
representation (Medin & Schaffer, 1978; Minda & Smith,
2002; Smith & Medin, 1981; Smith, Shoben, & Rips, 1974),
but as Murphy (2003, p. 26) observes, features seldom serve
as defining concepts of a kind. For example, squids possess
the necessary features of being fish – having gills – but people
don’t consider them to be members of that kind (Hampton,
1979; Hampton, 2017).

In some cases, generics are true when a majority of the
population possesses the feature in question, as in (2a). But
the other examples appear to flout any consideration of
prevalence (cf. Tessler & Goodman, 2019): less than half the
population of ducks lays eggs (only the fertile females; see
Leslie, Khemlani, & Glucksberg, 2011), and a very small
percentage of mosquitoes carry malaria. Nevertheless, (2b)
and (2c) are acceptable. In contrast, even though most people
are right-handed, (2d) is unacceptable. Leslie argues that
these patterns reflect the fact that generics don’t express
quantificational information. Further evidence comes from
developmental work that shows that children begin to use and
understand generics such as birds fly earlier than when they
acquire quantifiers such as all in all birds are animals
(Gelman, Star, & Flukes, 2002; Hollander, Gelman, & Star,
2002). As Gelman and Bloom (2007) argue, many generics
express features, e.g., flying, that are central, essential, and
enduring to a kind, e.g., birds.
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This paper focuses on how a recent theory of the
conceptual distinctions between generics (Prasada et al.,
2013) can serve as a foundation for a broader account of the
organization of conceptual features in semantic memory. We
first provide a brief overview of the theory, and then describe
its central tenet – the idea that people maintain privileged
links between certain kinds and certain features known as
principled connections. We show how to distinguish between
principled and non-principled connections, and we describe
how the theory can be tested by analyzing the information
people can recall about kinds and their features. We start by
introducing Prasada et al.’s (2013) theory of concepts.

virtue of being Xs, are Y (Prasada & Dillingham, 2006),
e.g., people accept the statement cars, by virtue of being
cars, have four wheels but reject the statement cars, by
virtue of being cars, have radios.
iii. Aspect. Principled features should be considered an
aspect of the kind (Prasada & Dillingham, 2009), and
so people should agree with the statement having four
wheels is one aspect of being a car but reject the
statement having a radio is one aspect of being a car.
iv. Formal explanations. principled connections should
license “formal” explanations, i.e., shallow
explanations that appeal to the kind itself (Prasada,
2017). Hence, people should agree with the explanation
cars have four wheels because they’re cars but reject
the explanation cars have radios because they’re cars.

Semantic memory for principled features
Prasada and colleagues argue that generics can reveal the
conceptual representations of kinds and their features for
statements like (2a-c) above (Prasada, 2017; Prasada &
Dillingham, 2006, 2009; Prasada et al., 2013). As they
showed, people tend to distinguish between the following
two generics:
3a. Cars have four wheels.
b. Cars have radios.
Both (3a) and (3b) are acceptable, and the percentages of cars
with four wheels and cars with radios are both high.
Nevertheless, (3a) seems to describe a feature of cars that is
more fundamental and central to carhood – a car without four
wheels would be considered abnormal or defective in some
fashion, or not a car in the first place. In contrast, a car
without a radio wouldn’t be considered abnormal. As Prasada
and Dillingham (2006; 2009) argued, (3a) reflects a
principled connection, i.e., a privileged link between a kind
and a characteristic feature of that kind, whereas (3b) reflects
a statistical connection, i.e., an incidental feature that holds
for many instances of the kind but does not contribute to its
meaning or essence. Kinds can have multiple principled
connections (Prasada, 2017) – some may describe the
material and parts the car is made of, as in (3a), and some
may describe the primary function of cars, as in cars are for
driving (see Korman & Khemlani, 2020).
As Korman and Khemlani (2020) observe, principled
connections can be distinguished from non-principled
connections in four different ways:
i. Norms. Principled features – e.g., those features linked
to a kind via a principled connection – are considered
normal and normative (Prasada & Dillingham, 2006).
Hence, people should consider it normal for a car to
have four wheels; and they should accept the normative
statement cars are supposed to have four wheels. In
contrast, cars that don’t have radios shouldn’t be
considered abnormal, and no expectation should exist
that cars are supposed to have radios.
ii. Self-referentiality. Principled connections license “selfreferential” generalizations of the feature, e.g., Xs, by

Several studies corroborate the predictions outlined above
(Korman & Khemlani, 2020; Prasada et al., 2013). They
show that when the four tests embodied by (i-iv) are satisfied
between a kind (e.g., cars) and a feature (e.g., having four
wheels), people consider the corresponding generic true (e.g.,
cars have four wheels).
If the theory of principled connections and its broader
conceptual framework are true, then principled connections
should serve as a representational structure fundamental to
the organization of the semantic network that links kinds and
their features. That is, people’s conceptual representations
are independent from the way they articulate those
representations: hence, for a given kind, such as cars, its
conceptual structure must be established before people can
start to describe their general knowledge about cars using
generic expressions. Indeed, because principled connections
serve as privileged links between kinds and features, they
may help direct people’s recollection when individuals have
to consider the commonsense knowledge they have encoded
about a particular kind. Returning to our original example,
when you think of everything you know about the kind birds,
you may be more apt to recall information about principled
features – e.g., that they fly and lay eggs – than incidental
features of birdhood, e.g., that they build nests and have eyes.
We summarize the hypothesis as follows:
Principled connection hypothesis: Those features that
people produce for a given kind first and most often should
be principled features, i.e., they should be linked to a kind
via a principled connection.
In the remainder of the paper, we describe experiments that
test the prediction. Experiments 1 and 2 tested whether the
most frequent features that people generate are also those that
reflect norms. Experiment 3 tested whether the most frequent
responses generated permit self-referential generalizations
between the kind and the property. All three studies support
the theory of principled connections.
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Experiment 1
Experiment 1 sought to examine whether the most frequent
features listed by participants were also those features that
reflected a norm, in line with the first test of principled
connections described in the Introduction. When participants
are presented with an experimental feature and a control
feature for a particular kind, they should consider the
experimental feature to have normative force more often than
the control feature, because the experimental feature is
hypothesized to bear a principled connection to the kind.
To test the idea, we collected data from a preliminary
norming study in which participants were provided a cue,
e.g., airplane, and were asked to list three features of that
kind. The norming study collected such semantic feature
production data for a total of 40 cues. Prospective principled
connections (i.e., experimental features) concerned those
features that participants generated first and most frequently;
control features were those that multiple participants had
listed second or third. The norming study yielded pairs of
experimental and control features for 26 separate kinds.
Experiment 1 used these normed experimental and control
features to generate sentences designed to test whether people
consider a given feature to be a normal property of the kind.
Those sentences were of the form all normal X are for Y (see
Korman & Khemlani, 2020; Prasada et al., 2013 for data
validating the use of this formulation in testing for principled
connections). The experiment presented participants with
two statements on each trial as follows:

a control option. Participants could not move onto the next
trial without making a selection. The order of the stimuli was
randomized for each participant.

Results and discussion
Figure 1 presents the distributions of responses on which
participants selected the experimental option for each of the
26 items. Participants selected the experimental option 70%
of the time, at a level significantly higher than chance
(Wilcoxon test, z = 5.89, p < .001, Cliff’s δ = .86). As the
figure shows, 20 of the 26 items yielded responses for which
participants selected the experimental option the majority of
the time (binomial test, p = .009).
Two factors may have explained participants’ tendency to
select the experimental option: one was the proportion of
times people generated a particular experimental feature in
the semantic feature production task, i.e., the number of times
an experimental feature was produced divided by the total
number of features produced. Another was an analogous
measure for control features, i.e., the proportion of times
people generated a particular control feature. Those data are
provided in the Appendix. To test how much those factors
airplanes
bags
barns
bees
birds
books
chickens
combs
cows
diapers
dinosaurs
dolls
forks
gloves
hospitals
lamps
legs
noses
pencils
pianos
scissors
seeds
shoes
strawberries
toothbrushes
trees

Which sentence do you think provides the best description
of airplanes?
All normal airplanes fly.
All normal airplanes are loud.

(experimental)
(control)

Participants responded by selecting one of the two options.
On any given trial, a bias towards the experimental features
would validate the prediction that the features people
generate most frequently in a semantic production tasks bear
principled connections to a kind.

Method
Participants. We conducted a power analysis using the pwr
package (Champely et al., 2018) in R. The goal of
Experiment 1 was to obtain .85 power to detect a large effect
(d = 0.7) at .01 α error probability, and so 46 participants were
required for the study. 50 participants (mean age = 36.5 years;
35 males and 15 females) volunteered through Amazon
Mechanical Turk. All participants reported being native
English speakers.
Design, procedure, and materials. The experiment presented
participants with 26 trials based on materials generated from
the norming study described above (see https://osf.io/394fc/).
On each trial, participants were asked to select “the best
description” of a particular kind, e.g., airplanes. They
selected from two separate options, e.g., an experimental and

0.0

.5

1.0

Proportion of selections
of the experimental option

Figure 1. Violin plots of the proportions of selections of the
experimental options in Experiment 1, i.e., the options that were
predicted to bear principled connections to the kind, as a function of
the 26 different items in the experiment. Black plots reflect items for
which participants selected the experimental option more than the
control option on average, and grey plots denote the opposite trend.
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could explain the bias to select experimental options in
Experiment 1, the data from Experiment 1 as well as the
norming study were subjected to a generalized linear mixedmodel (GLMM) regression that treated the proportions of
experimental features and the proportion of control features
as fixed effects and the items and participants as random
effects. The analysis revealed that the proportion of
experimental features in the norming study had little effect on
participants’ tendency to choose the experimental option (β =
.21, t = .38, p = .70). In contrast, the proportion of control
features in the norming study was a reliable predictor of their
tendency to choose the experimental option (β = 2.63, t =
2.36, p = .03). In other words, the frequency with which
participants described a control feature in the norming study
affected which of the sentences participants selected in
Experiment 1. One way to interpret this finding is that
connections between kinds and their features can be along a
gradient of strength for non-principled features, while the
same connection is at ceiling for principled features.
A post-hoc analysis examined the difference between the
artifacts and the natural kinds in the study. It found a
significant difference in the tendency for participants to select
the experimental option: they did so on 76% of the trials for
artifacts but only 60% of the trials for natural kinds
(Wilcoxon test, z = 4.82, p < .0001, Cliff’s δ = .60). The
prediction above did not readily predict such a difference – it
may be a function of the small number of items produced in
the norming study.
Experiment 1 demonstrated that participants chose an
experimental option over a control option when they had to
directly compare the two. One limitation of the study is that
the forced-choice nature of the task make have biased
participants towards the experimental option – the option
hypothesized to reflect a principled connection – over the
control option. Experiment 2 accordingly presented
participants the two options on separate trials.

Experiment 2
Experiment 2 provided participants with the same
experimental and control options as in Experiment 1.
However, instead of asking which of two separate options
was the best description of a kind, it presented each option in
isolation, asking participants to rate its truth. For instance,
participants received the following experimental statement:
All normal seeds grow.

(experimental)

and they rated the extent to which they considered the
statement to be true or false on a 7-point Likert scale (-3 =
definitely false; 0 = I cannot be certain; 3 = definitely true).

Design, procedure, and materials. Experiment 2 presented
participants with 52 trials, derived from the materials created
from the norming study (see Appendix). The materials were
used to create sentences of the form All normal Xs Y where X
describes a kind and Y denotes a feature. Participants rated
each sentence one at a time as true or false along a 7-point
Likert scale. The order of the sentences was randomized.

Results and discussion
As in Experiment 1, participants rated experimental
options as more true than control items (Mexperimental = 1.29 vs.
Mcontrol = 0.44; Wilcoxon test, z = 6.09, p < .001, Cliff’s δ =
.42). The overall results corroborated the prediction above:
experimental options were rated as more true than control
options. Hence, participants appeared to endorse
generalizations about the normality of features more often for
experimental features, i.e., those features that participants
produced first and most often in a semantic feature
production task. The results corroborate the prediction that
frequently produced features reflect norms.
A second test of the principled connection hypothesis
concerns aspectival treatments of features. According to the
hypothesis, if the most commonly and initially produced
features of a kind reflect principled connections, they should
license self-referential generalizations between the kind and
the feature, as in airplanes, by virtue of being airplanes, fly.
Experiment 3 tested that consequence, and it also addressed
a major limitation of the preceding studies.

Experiment 3
One limitation of Experiments 1 and 2 is that the materials
provided to participants came from a single norming study
(details of the study are available at https://osf.io/394fc/) that
collected feature production data for only 40 separate kinds
(see Experiment 1). The results could therefore be driven by
idiosyncrasies of those 40 kinds, we so sought to derive
materials from a larger dataset, namely the semantic feature
production database constructed by Buchanan, Valentine,
and Maxwell (2019), which presents semantic feature
production data for over 4000 kinds (and which incorporates
data from earlier studies, e.g., McRae et al., 2005).
Experiment 3 drew materials from a small subset of those
4000 kinds in a manner similar to that described in
Experiment 1.
Experiment 3 otherwise mimicked Experiment 1 in its
design, except for the formulation that participants evaluated,
i.e., participants evaluated self-referential generalizations
between kinds and features for experimental and control
items. The experiment presented participants with two
statements on each trial as follows:

Method
Participants. 50 native English speakers (mean age = 39.0
years; 27 male, 23 female) participated via Amazon’s
Mechanical Turk.
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Which sentence do you think provides the best description
of trains?
Trains, by virtue of being trains, run on tracks.
(experimental)
Trains, by virtue of being trains, carry passengers.
(control)

Participants responded by selecting one of the two options.
On any given trial, a bias towards the experimental option
validates the prediction that the features people generate most
frequently in a semantic feature production task bear
principled connections to a kind.

zebras
trains
shoes
shirts
scissors

Method

pens
knives

Participants. 51 participants (mean age = 38.82 years; 27
males and 24 females) volunteered through Amazon
Mechanical Turk. All participants reported being native
English speakers.

gloves
elephants
ducks
dresses

Design, procedure, and materials. The experiment presented
participants with 22 trials. The materials were constructed on
norming data provided by Buchanan et al. (2019), and the
methods for their construction are available online:
https://osf.io/394fc/. On each trial, participants were asked to
select “the best description” of a given kind. They selected
from two separate options, e.g., a sentence with a most
frequent feature and one with an infrequent feature. As in the
preceding studies, participants had to make a selection before
moving to the next trial, and the order of the stimuli was
randomized for each participant.

daggers
coats
chairs
cats
cars
carrots
bicycles
belts
axes
apples
airplanes

Results and discussion
Figure 2 presents the distribution of participants’ selection
of sentences with frequent features, for each of the 22 items.
Overall, participants selected the experimental sentences
78% of the time, at a level significantly higher than chance
(Wilcoxon test, z = 5.87, p < .001, Cliff’s δ = .78). As the
figure shows, participants selected the experimental
sentences the majority of the time for 19 of the 22 kinds
(binomial test, p < .001 assuming a prior probability of ½).
The use of normed data from Buchanan et al. (2019) allowed
us to examine additional factors that may have explained
participants’ tendency to select the experimental option,
namely the relative frequencies of production for
experimental and control features. To test how much those
factors could explain the bias to select experimental
sentences in Experiment 3, the data from Experiment 3 and
the data from the corpora were subjected to a generalized
linear mixed-model (GLMM) regression that treated the
frequencies of experimental and control features as fixed
effects and the items and participants as random effects. The
analysis revealed that the relative frequency of experimental
features had little effect on participants’ tendency to choose
the high frequency feature sentence (-.01 < β < .01, t = -.14,
p = .89), and likewise for the relative frequency for control
features (-.01 < β < .01, t =.51, p = .62). The intercept,
however, was reliably greater than zero (β = .76, t = 5.08, p <
.001), as predicted by the principled connection hypothesis.
In sum, Experiments 1-3 corroborated the predictions of
the principled connection hypothesis, namely that the
features people produce first and most often for kinds are
those that bear a principled connection to the kind.

0.0
.5
1.0
Proportion of selections
of the experimental option

Figure 2. Violin plots of the proportions of selections of the
experimental options in Experiment 3, i.e., the options that were
predicted to bear principled connections to the kind, as a function of
the 22 different items in the experiment. Black plots reflect items
where participants selected the most frequent feature option more
than the infrequent feature option on average, and grey plots denote
the opposite trend.

General discussion
People’s semantic knowledge of kinds such as birds and
airplanes is complex. You know, for instance, that all
airplanes have seats, radios, and doors. And yet, when asked
to list the features of an airplane, people rarely mention such
features, if ever. McRae et al. (2005) compiled a dataset of
participants’ natural responses in a semantic feature
production task, i.e., a task designed to gather participants’
spontaneous recall of the features of a kind. Their dataset
shows the ten most common features of airplanes that people
recall:
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They fly.
They have wings.
They’re used for passengers.
They’re fast.
They require pilots.
They’re used for transportation.
They’re found in airports.
They’re large.
They’re made of metal.

(25)
(20)
(15)
(11)
(11)
(10)
(8)
(8)
(8)

Next to each feature, we provide the number of participants
(out a possible 30 in their norming sample) that
spontaneously produced the response. We highlight the top
responses to suggest that there is something unique about it.
When people spontaneously recall features of various
kinds, they do so in a way that is guided by the structure of
their semantic network of concepts. Researchers have
proposed various ways in which such a network of concepts
is organized (Collins & Quillian, 1969; Collins & Loftus,
1975; Griffiths, Steyvers, & Tenenbaum, 2007; Jones,
Willits, & Dennis, 2015; McClelland & Rogers, 2003;
McRae & Jones, 2003; Smith, Shoben, & Rips, 1974; Siew,
Wulff, Beckage, & Kenett, 2019; Szymański & Duch, 2012).
But few theories explain why people produce certain features
systematically more often than others.
We posit a novel solution to the problem: the features
recalled first and most often reflect semantic generalizations
of kinds. Hence, when people remember that flying is a
feature of an airplane, they do so because airplanes fly is a
true generalization about the behavior of airplanes. And it is
expressed using a bare-plural generic, i.e., a generalization
that makes no use of a quantifier such as all or most. A recent
theory provides a conceptual taxonomy for generic assertions
(Prasada, 2017; Prasada & Dillingham, 2006, 2009; Prasada
et al., 2013). It posits that generics often reflect principled
connections – privileged conceptual links -- between kinds
and those features that are most central and characteristic to
their meaning. For instance, the generic cars have four wheels
reflects a principled connection, whereas the generic cars
have radios, does not, because there’s nothing strange about
a car without a radio, whereas a car without four wheels may
be an abnormal or broken car. Principled connections can
therefore reflect norms and normative thinking – as
evidenced by the fact that people agree with the statement all
normal cars have four wheels, but they reject the statement
all normal cars have radios (Prasada et al., 2013).
If principled connections are privileged links between
kinds and their central features, then the features people recall
first and most often may reflect principled connections. We
find evidence for such behavior in two experiments. One
experiment provided participants with statements of the form
all normal airplanes fly – the most frequent response in a
semantic feature production task – and all normal airplanes
are loud – a less frequent response, and found that
participants preferred the first to the second. A second
experiment provided the statements separately, and found
that overall, participants preferred the first to the second. And
a third study generalized the results to self-referential
descriptions. Together, these results corroborate the view that
principled connections guide the recall of semantic features.
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Abstract

robots, machines, or computer-based systems (Dietvorst et
al., 2015; Jauernig et al., 2022; Longoni et al., 2019; Önkal et
al., 2009; Prahl & van Swol, 2021; Promberger & Baron,
2006; Shaffer et al., 2013). In particular, perceived task
characteristics play an important role – trust and comfort with
AI increase for automatable or mechanical tasks compared to
tasks that require human decisions (Bigman & Gray, 2018;
Castelo et al., 2019; Lee, 2018; Schepman & Rodway 2020).
Additionally, people are not yet ready to approve AI as
capable and accountable moral agents, as shown by the
inconsistent evidence on people’s attributions of moral
norms, permissibility, blame, and accountability to AI versus
humans (Banks, 2020; Bonnefon et al., 2016; Hong, 2020;
Kahn et al., 2012; Malle et al., 2015; 2019; Shank et al., 2019,
2021; Shank & DeSanti, 2018; Shariff et al., 2017). However,
people’s acceptance of and trust in AI may be improved by
increasing the perceived objectivity of the task performance
(Castelo et al., 2019), and limiting AI to an advisory role or
emphasising its expertise (Bigman & Gray, 2018), suggesting
a potential in future human-AI partnership.

Despite substantial progress in artificial intelligence (AI), little
is known about people’s moral intuitions towards AI systems.
Given that politico-moral intuitions often influence judgements
in non-rational ways, we investigated participants’ willingness
to act on verdicts provided by an expert AI system, trust in AI,
and perceived fairness of AI as a function of the AI system’s
(dis)agreement with their pre-existing politico-moral beliefs
across various morally contentious issues. Results show belief
alignment triggered a willingness to act on AI verdicts but did
not increase trust or fairness perception of the AI. This result
was unaffected by general AI attitudes. Our findings suggest a
disassociation between acceptance of AI recommendations and
judgements of trust/fairness of the AI, and that such acceptance
is partly driven by alignment with pre-existing intuitions.
Keywords: artificial intelligence; human-AI interaction;
moral intuitions; belief alignment; political partisanship

Introduction
In the United States, statistical algorithms have been used to
gerrymander district boundaries to reinforce minority control
over governments, even when large majorities vote otherwise
(Daley, 2016). Although other programmes could detect the
use of such manipulation tools and their purposes (Cho & Cain,
2020), would voters or courts trust, accept, and act on such
verdicts when their own party stands to lose?

Moral Intuitions and Political Ideologies

Research and development in artificial intelligence (AI) has
attracted significant global attention from industry,
academics, and governments (Zhang et al., 2021). In
particular, narrow or task-specific AI driven by machine
learning algorithms are capable of increasingly sophisticated
tasks (e.g., Fagnant & Kockelman, 2015; Gorwa et al., 2020;
Wall et al., 2012), which inevitably raises ethical implications
(Wallach & Allen, 2009), e.g. amplifying racial and gender
biases (Cirillo et al., 2020; Gebru, 2020; Mehrabi et al., 2021;
Scheuerman et al., 2020), or misusing algorithms for political
gain (Daley, 2016). Given the prevalence of such
applications, it is problematic that we lack a coherent account
of humans’ moral intuitions towards these AI systems and
what factors might shape people’s willingness to accept or
reject assistance from them.

Perception of Artificial Intelligence
While some research into human-AI/machine/algorithm
relationships shows an algorithm appreciation effect (Logg et
al., 2019; Robinette et al., 2016), people often prefer, trust,
and rely more on advice given by human agents than they do

The current literature on social perception of AI raises an
interesting question: do people hold strong moral intuitions
about AI generally, or do their moral judgements about the
acceptability of AI vary systematically with their underlying
intuitions regarding the domain where the AI is deployed?
That is, will people see AI suggestions as a kind of neutral
external viewpoint that could potentially cut through divisive
issues, or will their intuitions/beliefs about a given topic drive
their acceptance/rejection of AI advice?
Whilst there remains debate regarding whether political
ideologies or moral intuitions are psychologically more
primary (Smith et al., 2017), political ideology can serve as a
valuable proxy for predicting a wide range of moral intuitions
on various politically charged issues (Hatemi & McDermott,
2016; Hatemi et al., 2019). Recent work in social and political
psychology on identity politics and in-out group partisanship
shows a kind of information selection that creates highly
polarised, self-perpetuating belief systems that interpret
identical incoming information to update beliefs in distinctly
different ways (Cook & Lewandowsky, 2016; Gaines et al.,
2007; Geschke et al., 2019; Jern et al., 2014; Lauderdale,
2016; van Baar & FeldmanHall, 2021). Indeed, people tend
to accept or reject incoming information as a function of
compatibility between new information and existing
ideology/worldview, regardless of, or even at the expense of
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its factual nature (Brewer, 2012; Flynn et al., 2017; Glinitzer
et al., 2021; Hameleers & van der Meer, 2020; Taber &
Lodge, 2006). Importantly, this can be better explained by
motivated reasoning accounts (Jost et al., 2003, 2017; Jost &
Amodio, 2012; Jost & Krochik, 2014; Kahan, 2016a, 2016b;
Krochik & Jost, 2011; Moore et al., 2021) than by accounts
of effortful rejection of misinformation (Pennycook & Rand,
2019; Roozenbeek & van der Linden, 2019).
These polarising political belief systems are deeply linked
to the moral domain, where moral judgements are often the
product of, or at least strongly influenced by, seemingly nonrational intuitions, heuristics, or naïve theories, and post hoc
effortful reasoning serves an argumentative function to
justify one’s own views (Baron, 1992, 1995; Haidt, 2001,
2012; Mercier, 2016; Mercier & Landemore, 2012; Mercier
& Sperber, 2011; Sunstein, 2005). For example, the fivefactor categorisation of moral intuitions, Moral Foundations
Theory (Graham et al., 2009, 2011; Haidt & Graham, 2007;
Haidt & Hersh, 2001; Haidt & Joseph, 2004; see also Haidt,
2012; Iyer et al., 2012) has often been applied in political
contexts: liberals consistently show greater endorsement for
care and fairness than conservatives who endorse both
individual-centred (care and fairness) and group-binding
(loyalty, authority, and purity) foundations more evenly.
Thus, we may explore how people react to the deployment of
AI in contexts where they have strong, pre-existing moral
intuitions based on their political orientation.

to delegating moral decisions that require human judgments
to machines. Hence, we include general attitudes towards AI
as a covariate to address this point.
The logic is that people may or may not have general moral
intuitions about AI itself. If they do, then such intuitions
should predict their judgements about AI across contexts.
Otherwise, people may instead spontaneously construct
moral intuitions about AI as a function of intuition/belief
compatibility within a given context. Thus, we predict: (1)
increased willingness to accept default actions recommended
by AI systems if they align with participants' pre-existing
moral/political intuitions, vs. when they do not align; (2)
increased trust in the AI when their recommendations align,
vs. when they do not align; (3) increased perception of
fairness of the AI when their recommendations align, vs.
when they do not align; (4) an interaction between the belief
alignment effects and political position, with conservatives
showing stronger effects than liberals; and (5) the belief
alignment effects will remain after the inclusion of both
positive and negative general attitudes towards AI. We
conducted two experiments (OSF: osf.io/7qjt3): E1 (withinsubjects) and E2 (between-subjects), i.e., two samples of
subjects received either multiple scenarios across topical foci
in E1, or only one scenario in E2. Finding consistent effects
across E1 and E2 should increase confidence in the results.

The Current Research

Participants

By selecting politically polarised topics, we can reliably elicit
moral intuitions independent of AI use. In this context, we
investigate whether verdicts of potential bias detected by a
task-specific AI/algorithm are sufficient evidence to trigger
willingness to pre-commit to an investigation. The key
manipulation is the intuition or belief (in)compatibility of the
AI verdict—does the AI-detected misconduct conform to
people’s pre-existing intuitions/beliefs? Viewing the AI as a
neutral arbiter should increase acceptance of the verdict even
when it contradicts pre-existing intuitions. Alternatively, if
AI input is subject to context-based motivated reasoning, then
its verdicts will be more acceptable when aligned with preexisting beliefs, and less acceptable when they conflict.
Furthermore, trust and fairness perception are common moral
judgements about various forms of authorities/experts (de
Cremer & Tyler, 2007; Promberger & Baron, 2006), and are
both linked to the acceptance of, and reaction to, outcomes
(Bianchi et al., 2015; Skitka & Mullen, 2002; Tyler &
Degoey, 1996; Tyler & Smith, 1999). Hence, we also
examine trust in the AI and perceived fairness of the AI,
which have been widely investigated in the field of humanmachine interaction (e.g., Castelo et al., 2019; Lee, 2018).
A related question remains: do people have strong, inherent
general moral intuitions about AI independent of the context
of its usage? Evidence reviewed above indicates largely
inconsistent and contradictory judgements about AI use in the
society: while some people are inclined to taking advantage
of the immense computational power of AI, more are averse

Methods
Two hundred and two (67 males and 132 females; Mage = 36.7
years, SDage = 13.36 years) and 302 native English-speaking
adult participants (109 males and 191 females; Mage = 37.66
years, SDage = 14.09 years) took part in E1 and E2,
respectively (see Procedures below). Testing was conducted
online via Qualtrics integrated into the crowdsourcing
platform Prolific Academic to recruit diverse, representative,
attentive, and naïve subjects (Palan & Schitter, 2018; Peer et
al., 2017, 2021). Participants were compensated £0.84 for E1
and £0.59 for E2, and repeat participation was prevented via
Prolific internal filtering.

Study Design and Materials
We collected data on 1) basic demographics, 2) general
attitudes towards AI, and 3) intuitive responses to
hypothetical scenarios of judgements made by AI systems,
which were presented in a random order. The same study
design and materials were used for both E1 & E2, except for
different numbers of scenarios participants received.
Demographic Information We collected participants’ age,
gender, and aspects of political orientations. To account for
different underlying political attitudes associated with facets
of conservatism (Crowson, 2009; Harnish et al., 2018; Pratto
et al., 1994), we measured political positions via one question
each on economic, social, and foreign policy views (1 = very
left-wing/liberal to 7 = very right-wing/conservative).
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General Attitudes Towards AI The General Attitudes
towards Artificial Intelligence Scale (GAAIS; Schepman &
Rodway, 2020) consists of twelve positive attitude items
capturing the potential societal and personal benefits of AI
utilities (e.g., “I am interested in using artificially intelligent
systems in my daily life”; 1 = strongly disagree and 5 =
strongly agree), and eight negative attitude items capturing
dystopian concerns towards the presumed danger of AI (e.g.,
“I think artificial intelligence is dangerous”; 1 = strongly
agree and 5 = strongly disagree). The negative items were
reverse-coded at data collection so that higher ratings on both
subscales would indicate more positive general attitudes
towards AI. We calculated subscale means separately as
instructed, due to the lack of unidimensionality of the twenty
items as one construct.

For each scenario, participants responded to three separate
probe questions measuring different aspects of intuitions
towards AI on a continuous slider (1 = strongly disagree to 5
= strongly agree) with a midpoint default. Willingness to Act
on AI recommendations refers to participants’ support for
default interventions (e.g., investigative actions) based solely
on the AI’s detection of possible prejudice (“Based on the
AI’s recommendation, I think that this person in the scenario
should be investigated”). Trust in the AI refers to the extent
to which participants perceive the AI judgement to be
trustworthy (“I trust the AI’s judgement in this case”).
Perceived Fairness refers to the extent to which they
perceived the AI as fair and appropriate (“I believe that the
AI is being fair in this case”).

Hypothetical Scenarios We created hypothetical scenarios
with organisations employing reliable expert AI systems to
assess statistical anomalies in their everyday operations, and
the systems detect a potentially biased human agent (e.g.,
Table 1). Eight items represent a fully factorial 2 (Context:
Left-wing/Liberal or Right-wing/Conservative moral
intuitive direction) x 2 (Approve or Reject action taken by the
human agent) x 2 (Financial or Judicial domain of the
scenario) design. Context indicates an AI verdict presumably
compatible with either liberal or conservative moral
intuitions (e.g., an AI flagging a judge for prejudice against
same-sex couples aligns with left-wing/liberal intuitions that
such discrimination is wrong and should be stopped).
Approve/reject action indicates the human agent favouring or
discriminating against a target. Domain indicates the
superficial content of the scenarios (financial or judicial),
which are nested in a person-centred (LGBTQ+ rights) and a
cause-centred (Environmental concerns) focus. All elements
(context, action, domain, and focus) are counterbalanced.

Eligible participants completed demographics, GAAIS, and
scenario(s) in random order, each section on separate pages.
Procedures differed in E1 and E2 only for scenarios. In E1,
participants read two pseudo-randomly selected scenarios,
such that they were from opposite factorial cells in each
topical focus (e.g., Table 1). In E2, participants were shown
one random scenario with relevant minimal alterations to the
instruction. After each scenario, participants responded to
three probes on Willingness to Act, Trust, and Perceived
Fairness, one at a time on separate pages, while the given
scenario remained visible above each statement. For both
experiments, all scenarios were approximately evenly
presented across participants. Participants were directed back
to Prolific upon successful completion of the study.

Table 1: Two examples of hypothetical scenarios.
Left-wing/liberal context: “A banking oversight committee
has been using an efficient and reliable artificial intelligence
system called Analytic Intellect to analyse loan application
outcome patterns. The AI detected that a particular loan
manager has been anomalously more likely to reject
mortgage loan requests submitted by same-sex couples.”
Right-wing/conservative context: “A leading technology
company has partnered with the Ministry of Justice to
develop and train an artificial intelligence named LEA
(Legal Expert Assistant) to serve judicial needs. The main
objective of this AI is to identify any statistical anomalies
in civil judicial decisions, which would potentially be
flagged for re-evaluation. When reviewing the results of
environmental claims cases in the past year, LEA detected
that a particular judge has been ruling in favour of claims
against corporations in pollution or environmental damage
cases at a significantly higher rate than average.”
Note. Italics indicate domains, actions, and foci for clarity;
no text was italicised for the participants.

Procedures

Statistical Analysis Plan
All R code and results can be found on OSF. We opted for
Bayesian analysis to quantify support for our hypotheses of
interest, rather than the (in)compatibility of the evidence with
the null hypothesis (McElreath, 2015). Under the Bayesian
framework, we computed zero-order correlations and
multilevel multivariate multiple regression models.
Fixed effects of context, participant political orientation,
and the interaction of the two were entered into the models as
main predictors of interest. Means of positive and negative
subscales of GAAIS were entered as covariates of interest to
account for participants’ pre-existing views of AI unrelated
to our scenario design. Age was also included as a nuisance
covariate to represent basic familiarity with AI. Unique
idiosyncrasies within each item, topic, and individual subject
were modelled with random intercepts. All the above
parameters were used to simultaneously predict Willingness
to Act, Trust in AI, and Perceived Fairness of AI, thus
controlling for correlations between these variables and
generating unique predictive effects for each outcome.
We standardised political views, general AI attitudes, and
scenario responses. We then averaged the three aspects of
political views to obtain the final measure of participant
political position, where higher scores indicate increasing
right-wing conservatism. Using the brms package (v. 2.15.0;
Bürkner, 2017, 2018) in RStudio (v. 4.0.4; R Core Team,
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2021), we estimated Bayesian multilevel models to predict all
three DVs, with the main pre-registered model containing the
predictors of interest, covariates and the nuisance variable
specified above. Several reduced versions of the full model
were explored. We computed the expected log pointwise
predictive density using Bayesian leave-one-out cross
validation method (ELPDLOO; Vehtari et al., 2017) and the
leave-one-out information criterion (LOO-IC). Furthermore,
we used Bayes factors (BFs) to quantify the weight of
evidence for one model compared to another (Jeffreys, 1948;
Kass & Raftery, 1995; Stefan et al., 2019), adopting a slightly
more conservative BF interpretation (Kass & Raftery, 1995),
where a 2logBF > 10 would suggest “very strong” evidence
for a given model against a comparison. The presented results
are from the pre-registered (and statistically superior) model.
Further results for exploratory models are available on OSF.
Posterior distributions of regression parameters were
derived by simulation using Markov chain Monte Carlo
(MCMC) estimation (Betancourt, 2018; Bürkner, 2017,
2018; Gelman & Rubin, 1992). For all models, we sampled
from four independent MCMC chains with 1000 burn-in
samples and 15,000 sampling iterations per chain. All models
converged (all 𝑅"s = 1.0; Brooks & Gelman, 1998; Gelman et
al., 2013; Gelman & Rubin, 1992). Effect size uncertainty is
computed as 95% highest density intervals (HDIs) around the
posterior mean (Kruschke, 2014; McElreath, 2015), where 𝜃
∈ 95% HDI would indicate a 95% credibility that the true
parameter value lies within this range.

Results
Descriptive Statistics and Correlations
Table 2 displays descriptive statistics, showing consistent
distributions across E1 and E2. All average political views
were slightly left-leaning, with ratings on social issues being
the most liberal, compared to ratings on economic or foreign

policy issues. Participants generally held positive attitudes
towards utilities and benefits of AI (αE1PosAtt = αE2PosAtt =
0.88), while positivity towards the negative affective items
were slightly weaker (αE1NegAtt = 0.83, αE2NegAtt = 0.84),
replicating Schepman and Rodway’s (2020) results. Scenario
responses revealed that participants showed a willingness to
accept and act on the statistical AI verdicts of potential
prejudice, placed trust in the AI system to detect such
anomalies, and perceived the AI judgements as fair.
Table 3 shows Bayesian Pearson’s zero-order correlations.
Positive and (reverse-coded) negative attitudes towards AI
were correlated, as higher scores on both subscales indicated
more positive attitude towards AI. In addition, positive
attitudes weakly correlated only with Trust in the AI (r =
0.20, [0.13, 0.28]) and Fairness Perception of the AI (r = 0.21,
[0.13, 0.28]) in E1 (Table 3, lower triangle), and only with
Willingness to Act (r = 0.11, [0.02, 0.20]) in E2 (Table 3,
upper triangle). Negative attitudes were unrelated to any
outcome variables. Notably, Trust and Perceived Fairness
were more strongly correlated to each other than either was
to Willingness to Act in both experiments.

Planned and Exploratory Analyses
Our pre-registered model simultaneously predicted ratings on
all three outcome variables (Table 4). In E1, but not E2,
positive general AI attitudes predicted more Trust in AI (β =
0.16, [0.04, 0.28], SE = 0.06) and greater Perceived Fairness
of AI (β = 0.21, [0.09, 0.34], SE = 0.06), suggesting those
with more positive attitudes towards the utility of AI were
more likely to trust and judge the AI as being fair. Ratings on
Willingness to Act were negatively predicted by increasing
participant political conservatism in E1 (β = -0.15, [-0.29, 0.01], SE = 0.07), and by the conservative moral intuitive
context in both E1 (β = -0.58, [-0.93, -0.20], SE = 0.18) and
E2 (β = -0.45, [-0.72, -0.17], SE = 0.14), suggesting that
conservatism of both participants and the context were
related to less willingness to act on AI verdicts of potential

Table 2: Descriptive summaries of measured variables in Experiments 1 and 2.
Experiment 1 (within-subjects)
Experiment 2 (between-subjects)
Mean (SD)
Median
Range
Mean (SD)
Median
Range
Political Positions (1 = Very Left/Liberal, 7 = Very Right/Conservative)
Economic Issues
3.39 (1.33)
3.00
6.00
3.47 (1.34)
4.00
6.00
Social Issues
3.15 (1.38)
3.00
6.00
3.16 (1.32)
3.00
6.00
Foreign Policy Issues
3.37 (1.34)
4.00
6.00
3.39 (1.40)
4.00
6.00
Mean Political Position
3.30 (1.25)
3.33
5.67
3.34 (1.25)
3.33
6.00
General Attitudes Towards AI (1 = Negative Attitudes, 5 = Positive Attitudes)
Positive Subscale
3.33 (0.60)
3.33
2.75
3.30 (0.60)
3.33
3.50
Negative Subscale
2.97 (0.65)
3.00
3.25
3.04 (0.69)
3.12
3.75
Responses to Scenarios (1 = Strongly Disagree, 5 = Strongly Agree)
Willingness To Act
3.93 (0.92)
4.07
4.00
3.89 (0.93)
4.06
4.00
Trust
3.56 (0.86)
3.62
4.00
3.44 (0.92)
3.69
4.00
Perceived Fairness
3.67 (0.93)
3.94
4.00
3.56 (0.94)
3.78
4.00
Note. For meaningful interpretations, descriptive statistics are presented in original scales of measurement.
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Table 3: Bayesian Pearson’s zero-order correlations and their 95% HDIs between main variables
in Experiment 1 (E1; the lower diagonal) and Experiment 2 (E2; the upper diagonal).
E2
E1
Political
Positions
Positive
Attitudes
Negative
Attitudes
Willingness
to Act

Political
Positions
1

Positive
Attitudes
-0.13**
[-0.22, -0.04]

Negative
Attitudes
-0.13*
[-0.23, -0.05]
0.50***
[0.44, 0.58]

Willingness to
Act
-0.02
[-0.11, 0.07]
0.11*
[0.02, 0.20]
0.03
[-0.07, 0.11]

Trust
-0.04
[-0.14, 0.04]
0.05
[-0.04, 0.14]
-0.01
[-0.10, 0.08]
0.35***
[0.27, 0.43]

Perceived
Fairness
-0.07
[-0.16, 0.02]
0.07
[-0.02, 0.16]
-0.00
[-0.10, 0.08]
0.36***
[0.28, 0.43]
0.63***
[0.57, 0.68]

-0.06
1
[-0.15, 0.01]
0.05
0.51***
1
[-0.03, 0.13]
[0.45, 0.56]
0.01
0.07
0.06
1
[-0.07, 0.08]
[0.00, 0.16]
[-0.03, 0.13]
-0.02
0.20***
0.14**
0.31***
Trust
1
[-0.10, 0.06]
[0.13, 0.28]
[0.07, 0.22]
[0.24, 0.38]
Perceived
-0.06
0.21***
0.10*
0.36***
0.62***
1
Fairness
[-0.14, 0.02]
[0.13, 0.28]
[0.02, 0.18]
[0.29, 0.43]
[0.56, 0.66]
Note. Probability of direction (pd) represents the portion of the posterior distribution in the same direction of effect as the
median (Makowski et al., 2019); *** pd > 99.95%, ** pd > 99.5%, * pd > 97.5%. Negative attitudes are reverse-coded.
transgression. These two variables interacted, but only for
Willingness to Act (Figure 1) in both E1 (β = 0.30, [0.11,
0.49], SE = 0.10) and E2 (β = 0.28, [0.04, 0.51], SE = 0.12).
Willingness to act on AI judgements increased as a function
of belief alignment, but in the opposite direction as
predicted—left-wing/liberals showed a much stronger effect
than right-wing/conservatives (see Discussion). Nonetheless,
the similarity between results of E1 and E2 provides robust
support for the predictive power of context and belief
alignment on willingness to act.
We compared various reduced versions of the full model
(see OSF). In the best models for both experiments, context
and its interaction with political position remained predictive
of ratings on Willingness to Act regardless of other effects.

belief-alignment effect on participants’ willingness to act on
AI verdicts trumped general attitudes towards AI, suggesting
that people likely have weak to no moral intuitions about AI
itself. Rather, judgements about willingness to act on AI
advice were instead predominantly driven by whether the
AI’s recommendation aligned with pre-existing politicomoral intuitions cued by the scenario context, consistent with
motivated social cognition needs (Jost, 2017; Jost et al., 2003,
2017; Jost & Amodio, 2012; Jost & Krochik, 2014; Kahan,
2016a, 2016b; Krochik & Jost, 2011). Third, willingness to
act on AI advice was not meaningfully related to judgements
of trustworthiness or fairness of the AI system itself. This
resembles the disjunction between acceptability of outcome
(distributive fairness; Ambrose & Arnaud, 2013) vs. fairness
perception of the procedure (procedural justice; Cropanzano
& Ambrose, 2001) in social justice research, i.e., even if
people accept the process as trustworthy and/or fair, they may
react unfavourably towards dis-preferred outcomes.

Implication and Future Directions

Figure 1: Belief alignment effect for Willingness to Act
based on AI verdicts in E1 & E2. Higher standardised scores
on political position correspond to increasing conservatism.

Discussion
Both experiments converged on three findings. First, people
were generally less willing to act on verdicts of wrongdoing
in contexts that matched conservative moral intuitions vs.
liberal ones, which might have been skewed by the sample of
left-leaning participants, whose politico-moral beliefs were
likely violated by the conservative contexts. Second, the

Several implications of these results come to light. First, we
provide empirical evidence that people do not hold strong
general moral intuitions towards AI itself. Rather, intuitions
towards AI systems seem to be spontaneously constructed,
partly driven by a belief alignment effect depending on the
intersection of pre-existing intuitions and decision context.
Hence, public perception of the acceptability of AI use is
likely highly malleable and may be manipulated by framing
effects targeting the underlying intuitions associated with
different contexts. This clarifies an important distinction
between suggestions for advancing human-AI partnership
that focus on perceived objectivity of the task (Castelo et al.,
2019), versus on presentations of AI itself (e.g., advisory role,
expertise or experience; Bigman & Gray, 2018) or humans’
control over algorithms (Dietvorst et al., 2018). Framing the
setting may thus dominate other means of attempting to shape
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Table 4: Full summaries of Bayesian regression fixed effects coefficients for Experiments 1 and 2.

Experiment 1
Intercept
Political Position
Context
Positive Attitudes
Negative Attitudes
Age
Political Position *
Context Interaction

Willingness to Act
Mean [95% HDI]
SD
0.07 [-1.01, 1.13]
0.50
-0.15 [-0.29, -0.01] 0.07
-0.58 [-0.93, -0.20] 0.18
0.07 [-0.04, 0.19]
0.06
0.03 [-0.08, 0.14]
0.06
0.01 [0.00, 0.01]
0.00
0.30 [0.11, 0.49]

0.10

Trust
Mean [95% HDI]
0.17 [-0.74, 1.08]
-0.04 [-0.19, 0.11]
-0.25 [-0.52, 0.03]
0.16 [0.04, 0.28]
0.07 [-0.05, 0.19]
0.00 [-0.01, 0.01]

SD
0.42
0.08
0.14
0.06
0.06
0.00

Fairness Perception
Mean [95% HDI]
SD
0.16 [-0.80, 1.09]
0.43
-0.09 [-0.24, 0.06]
0.07
-0.26 [-0.53, 0.02]
0.14
0.21 [0.09, 0.33]
0.06
0.01 [-0.11, 0.13]
0.06
0.01[-0.01, 0.01]
0.00

0.06 [-0.13, 0.26]

0.10

0.08 [-0.10, 0.27]

0.09

Willingness to Act
Trust
Fairness Perception
Experiment 2
Mean [95% HDI]
SD
Mean [95% HDI]
SD
Mean [95% HDI]
SD
Intercept
0.35 [-0.80, 1.48]
0.54
0.04 [-0.92, 1.00]
0.44
-0.05 [-0.99, 0.91]
0.44
Political Position
-0.12 [-0.29, 0.06] 0.09
-0.11 [-0.29, 0.07]
0.09
-0.08 [-0.26, 0.10]
0.09
Context
-0.45 [-0.72, -0.17] 0.14
-0.14 [-0.43, 0.16]
0.15
-0.10 [-0.46, 0.25]
0.18
Positive Attitudes
0.11 [-0.02, 0.24]
0.07
0.09 [-0.05, 0.23]
0.07
0.13 [-0.01, 0.26]
0.07
Negative Attitudes
-0.04 [-0.17, 0.08] 0.06
-0.05 [-0.18, 0.08]
0.07
-0.06 [-0.19, 0.07]
0.07
Age
0.00 [-0.01, 0.00]
0.00
0.00 [-0.01, 0.01]
0.00
0.00 [-0.01, 0.01]
0.00
Political Position *
0.28 [0.04, 0.51]
0.12
0.14 [-0.11, 0.38]
0.13
0.02 [-0.23, 0.26]
0.12
Context Interaction
Note. Model converged successfully with split R-hat = 1 for all estimated parameters. Context is a binary variable with
liberal/left-wing direction as the reference level. Negative attitudes are reverse-coded. Bold emphasises 0 ∉ 95% HDI.
general AI perception, which will require further normative
discussions regarding the ethical design of AI in the future.
Our results also suggest not everyone is equally likely to
accept AI recommendations in the face of ideological clashes.
Indeed, more extreme ideological beliefs may be associated
with stronger biases (cf. van Linden et al., 2021). Further
studies should explore satisfaction of AI-produced outcomes
(distinct from fairness; van den Bos et al., 1998), confidence
in AI decisions (distinct from trust; Earle & Siegrist, 2006),
and prompting a view of AI as helpful in provocative settings.
Nonetheless, limitations in our study call for improvement.
First, more politically diverse sampling is needed, as our
sample of participants may lack “genuine” conservatives,
potentially rendering the observed belief alignment effect
unreliable for the right end of the continuum. In addition,
issue-specific intuitions are not monolithic on either end of
the political spectrum, as most people lack ideological
coherence (Kalmoe, 2020) and hold moral/political beliefs on
some issues that diverge from their self-identified partisan
stances (Smith, 2019). While people do tend to have a general
political identity that drives affective intuitions (Baldassarri
& Page, 2021; Iyengar et al., 2019), the three-item scale we
used for overall political orientation may be inadequate for
capturing issue-specific beliefs probed by our scenarios of AI
use. Future research should use a more expansive instrument
to measure specific beliefs (e.g. Everett, 2013), or directly
target moral intuitions (Graham et al., 2011), and should
explore a broader range of vignettes using topics that have
less consensus across the political spectrum, e.g., positive
discrimination or affirmative action, or punitive vs.
rehabilitative incarceration (Smith, 2019). Moreover, the

complexity of our materials may have contributed to a degree
of confusion. General AI attitudes’ impact may also increase
when the AI’s role is more salient/causally central to concrete
outcomes. To demonstrate the lack of impact of general AI
attitudes more rigorously, future studies could compare
relatively simple scenarios with and without AI involvement
to demonstrate homogeneity of belief-alignment effects.

Conclusion
We studied people’s judgements about the willingness to act
on an expert AI’s detection of potential wrongdoing, trust in
the AI, and perceived fairness of the AI across contentious
issues. We found politico-moral belief alignment between
people and the contexts impacted willingness to follow the
course of AI-suggested action, over and above general
attitudes towards AI, which is congruent with motivated
reasoning. This effect did not promote trust or fairness
perception of the AI, indicating a disassociation with
willingness to act on the AI’s decisions. Further research may
investigate the influencing factors in the construction of
moral intuitions towards AI generally, and the contexts in
which it is to be employed.
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Abstract

First Steps

Rule-based learning is an important aspect of language acquisition. Yang (2005, 2016) proposed the Tolerance Principle
(TP) to predict when a rule will be formed by the language
learner. We present the derivation of the TP as originally proposed and test it on both hypothetical data and corpus data
from 8 children. Results for the hypothetical data contradict
the TP’s predictions, as do the data from 7 of the 8 children.
We conclude that the original form of the TP does not explain
rule-learning.
Keywords: Tolerance Principle; Corpus Analysis; Past
Tense Overregularization

Introduction
Rule-based learning, such as past-tense acquisition, is an important feature of language acquisition. For example, children form the regular past tense for a novel verb in an experimental setting, e.g. wug - wugged (Berko, 1958) and
make overregularization errors on irregular verbs, e.g. hold *holded (Marcus et al., 1992; Pinker & Ullman, 2002). Such
evidence indicates that the rule is productive since the rule
produces word forms that children have not previously encountered in their input. But what leads to development of
rules in the first place?
Yang (2005, 2016) has proposed the Tolerance Principle
(TP) to predict when a productive rule will be deployed
by the language learner. The cognitive motivation for rulegeneration is a reduction in lexical access time. According to
Yang’s derivation, lexical access time depends on the number
of exceptions (e) in the data. When the number of exceptions
(e) is smaller than the total number of items (N) divided by the
N
, the rule will be deployed. Experinatural log of N, e ≤ lnN
mental studies of rule-learning with both children and adults
have supported the predictions of the TP (Schuler, Yang, &
Newport, 2021; Emond & Shi, 2021).
Our studies do not address the cognitive motivation of the
TP, but test the predictions of the original formulation. We
first present the derivation of the TP. We then use the formula to test hypothetical data and children’s corpus data. We
conclude that the original formulation yields unexpected inconsistencies and does not fully account for children’s first
(detected) over-regularization errors.

A productive rule will be deployed when it delivers a more
efficient result than not using a rule. Yang (2016) used lexical access time to measure efficiency and hypothesized that
a productive rule will reduce the average time required to retrieve the target form, e.g., the past tense form. He proposed
two different models, one for rule-based processing and one
for no-rule processing. A rule will be used when the time
complexity of rule-based processing is smaller than that of
no-rule processing.
In the no-rule model, all the lexical forms (e.g., the past
tense forms) are retrieved from memory using a serial search
process (Forster, 1976, 1992). The lexical items are stored in
a ranked list based on their frequency, with the most frequent
items at the top. In order to retrieve an item at position i, the
model sequentially searches all the i-1 items ranked higher
than i until it reaches position i. The average time complexity
(T ) for the whole list is calculated as the sum of the each
word’s lexical access time (ti ) multiplied by its probability
N

(pi ), T = ∑ (pi · ti ).
i=1

The ti is approximated as its rank, ti = ri (Murray & Forster,
2004).1 The pi is approximated based on the assumption that
the frequencies of the items in the ranked list follow a Zipfian
distribution (Zipf, 1949). In a Zipfian distribution, the product of a word’s frequency ( fi ) and its rank (ri ) is a constant C,
C
i.e. fi · ri = C. By replacing fi with , pi can be expressed
ri
C
1
fi
r
r
= N i = N i
.
as: pi = N
C
1
f
∑ k ∑ rk ∑ rk
k=1
k=1
k=1
Therefore, by substituting for pi and ti , the average time
complexity for the no-rule model (TNoRule ) for the list can be
N
1
expressed as: TNoRule = ∑ ( N 1 ). This value, ∑Nk=1 r1k , is
i=1 ∑k=1 rk
the Harmonic number HN , so TNoRule = HNN .
1 Yang (2018) simplified Murray and Forster (2004)’s rank hypothesis as ‘the i-th ranked item takes i units of time to be retrieved’.

2126

In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

The rule-based model adds an implementation of the Elsewhere Condition (Anderson, 1969; Halle & Marantz, 1993)
to the no-rule model. When a productive rule is deployed, all
the items are divided into rule-based items and exceptions.
The exceptions are retrieved from memory and stored in a
frequency-ranked list, as in the no-rule model.
The rule-based items are generated by a rule-applying process and concatenated into an unordered set at the end of the
exceptions list. To access the target form of an item wi , the
model first sequentially searches the list of exceptions for a
match for wi . If wi is found, meaning that wi is an exception
(e.g. go), the target form (went) is retrieved. If, however, wi is
not found through an exhaustive search of the exceptions list,
because wi is a rule-based item (e.g. want), the rule is applied
to wi (wanted). In sum, the rule is applied after an exhaustive search of the exceptions. As the number of exceptions
increases, the time to apply the rule will increase.
Calculation of the average time complexity of the rulebased model consists of two parts, the TE for the exceptions
list, which is the same as the no-rule model, and TR for the
rule-based set. Yang assumed that the exceptions also follow
a Zipfian distribution, like all the items in a list. Therefore,
TE is calculated by substituting the number of exceptions e
e
. Since the rule-based items are reached after
for N, TE =
He
a complete search of the e exceptions, the time complexity for
all the rule-based items is TR = e. The overall time complexity of the rule-based model is the weighted sum of TE and TR ,
e e
e
TRule = ·
+ (1 − ) · e.
N He
N
A productive rule will be deployed when TRule ≤ TNoRule .
The maximum value of e is derived by solving this inequation:
e
N
e e
·
+ (1 − ) · e ≤
N He
N
HN

Let R be a rule application to N items, of which e
are exceptions. R is productive if and only if e ≤
N
(Yang, 2016).
θN , where θ =
lnN
We examine the effects of the approximation and simplification of the inequation on the model output. As noted by
Yang (2016), the approximation only works for large N. For
small Ns, the differences might be substantial. For example, when N = 20, e ≤ 20/ln20 (6.8), e ≤ 20/H20 (5.6), and
x = 0.43 for f (x) in equation (3), which yields e ≤ 8.6. In
addition, the approximated results e ≤ N/lnN actually simplified the inequation (1) from a quadratic function to a linear
function2 , which might be inappropriate in numerical calculations.
Our first experiment tests the effects of the approximation
and simplification across three sample sizes: N = 10, 100 and
1,000. We solve inequation (1) to calculate the numerical θ
and we compare its predictions with the approximated θ using
N/lnN. As summarized in Table 1, as N increases, the numerical difference between the approximated θ = N/ln(N) and
the numerical θ remains. We thus question whether N/lnN
is a proper approximation of the maximum number of exceptions, since even a large sample shows a difference in the
number of allowed exceptions.
Figures 1a - 1c plot the TRule and TNoRule for different numbers of exceptions. As Fig. 1 shows, the function of TRule is
quadratic with two solutions, e ≤ θ or e ≥ N. When e = N,
Rule and NoRule are identical processes, and e > N is not
possible.
Table 1: Approximated θ and Numerical θ for different Ns
N

(1)

10
100
1,000

Approximation and Simplification
To solve the inequation above, Yang first approximated the
Harmonic number with the natural log ln, i.e. HN ≈ lnN,
He ≈ lne. Inequation (1) thus becomes (2):
e e
e
N
·
+ (1 − ) · e ≤
N lne
N
lnN
Further, Yang solved inequation (2) by substituting
and treating inequation (2) as a function of x:
e
N
+ (1 − x) · e −
lne
lnN
1
1
= x2 (
) + (1 − x) · x −
lnN + lnx
lnN

f (x) = x ·

(2)
e
N

with x

(3)
(4)

1
It is observed that when x = lnN
, f (x) ≈ 0 for large N. There1
e
fore, by substituting x = lnN = N , the results of the inequation
N
(2) is simplified as e ≤ lnN
.
After approximation and simplification, the Tolerance
Principle is stated as:

Approximated θ
N
θ = lnN
4.34
21.71
144.76

Numerical θ
by solving

θ
N

·

θ
Hθ

+ (1 −

θ
N )·θ

=

N
HN

4.53
23.24
152.77

The Effects of Rank Permutation
In the derivation of the TP, time complexity was first calculated based on each item’s probability and rank. The probability itself is approximated with frequency and rank ( fi ·ri = C),
on the assumption that the items (including exceptions) follow a Zipfian distribution. This approximation eliminates
rank as a variable in the formula. Although all the items in
a no-rule list would be expected to follow a Zipfian distribution, the same may not hold for the exceptions, especially
for a data set with a small N. However, the time complexity
of the exceptions TE ≈ Hee in the model is derived under the
assumption that the exceptions also follow a Zipfian distribution.
In order to test if rank affects the calculation of time complexity, we calculated TRule and TNoRule using the probability
2 In Yang(2016) page 63, he noted and plotted the quadratic function for inequation (1).
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Table 3: 7 exceptions, 3 regulars ranked 2nd, 5th and 6th
Item
Excep.
Regular
Excep.
Excep.
Regular
Regular
Excep.
Excep.
Excep.
Excep.
Total
Excep.

(a) N = 10

Excep
Excep
Excep
Excep
Excep
Excep
Excep
Total
Regular
Regular
Regular
Regular
Total
TRule

(c) N = 1,000

(b) N = 100

Figure 1: The plot of the time complexity for different values
of N and e with lnN and HN
and rank to determine when TRule < TNoRule . We created a hypothetical list of 10 items whose frequencies follow a Zipfian
distribution, with the highest frequency as 100 and the lowest
as 10. In the baseline scenario all the items are exceptions;
thus, no rule can be derived. The total average time complexity is TNoRule = 3.42, as calculated in Table 2.

three regulars are ranked 8th, 9th and 10th and TRule = 3.77 >
3.42, as calculated in Table 4, the results confirm the TP’s
prediction. Depending on the frequency rank of the regulars,
the TP’s prediction will be confirmed or disconfirmed in a
dataset with the same number of exceptions.

Table 2: Baseline Scenario: 10 exceptions, 0 regulars
Item

Frequency

rank

Excep.
Excep.
Excep.
Excep.
Excep.
Excep.
Excep.
Excep.
Excep.
Excep.
Total

100
50
33
25
20
17
14
13
11
10
293

1
2
3
4
5
6
7
8
9
10

No Rule
Frequency rank
Time Complexity
100
1
0.34
50
2
0.34
33
3
0.34
25
4
0.34
20
5
0.34
17
6
0.35
14
7
0.33
13
8
0.35
11
9
0.34
10
10
0.34
293
TNoRule 3.42
With a Rule
Time Complexity
Freq. rank
e
TE = ∑N
i=1 (pi · ti ) · N
100
1
0.24 = 100/293 x 1 x 0.7
33
2
0.16 = 33/293 x 2 x 0.7
25
3
0.18 = 25/293 x 3 x 0.7
14
4
0.13 = 14/293 x 4 x 0.7
13
5
0.16 = 13/293 x 5 x 0.7
11
6
0.16 = 11/293 x 6 x 0.7
10
7
0.17 = 10/293 x 7 x 0.7
1.19
Time Complexity
50
TR = e · (1 − Ne )
20
17
2.1 = 7 x 0.3
3.29 = 1.19 + 2.1 < 3.42

Table 4: 7 exceptions 3 regulars ranked 8nd, 9th and 10th

Time Complexity
T = ∑N
i=1 (pi · ti )
0.34 = 100/293 x 1
0.34 = 50/293 x 2
0.34 = 33/293 x 3
0.34 = 25/293 x 4
0.34 = 20/293 x 5
0.35 = 17/293 x 6
0.33 = 14/293 x 7
0.35 = 13/293 x 8
0.34 = 11/293 x 9
0.34 = 10/293 x 10
3.42

Verb
Excep.
Excep.
Excep.
Excep.
Excep.
Excep.
Excep.
Regular
Regular
Regular
Total

Based on the TP’s prediction, the approximated θ = 4.34,
and the numerical θ = 4.53, meaning that the rule should be
derived only if there are 4 or fewer exceptions. In the first
experimental scenario, we randomly placed 7 exceptions and
3 regulars (ranked 2nd, 5th and 6th) in the list. Since 7 > 4,
no rule should be derived: TRule > TNoRule . The TNoRule = 3.42
is the same as the baseline scenario. However, TRule = 3.29 <
3.42, as calculated in Table 3, which is inconsistent with TP’s
prediction, whether we use approximated θ or numerical θ.
The frequency rank of the regulars substantially affects the
value of TRule . In the second experimental scenario, if the
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Excep.
Excep.
Excep.
Excep.
Excep.
Excep.
Excep.
Excep.
Total
Regular
Regular
Regular
Regular
Total
TRule

No Rule
Frequency rank
Time Complexity
100
1
0.34
50
2
0.34
33
3
0.34
25
4
0.34
20
5
0.34
17
6
0.35
14
7
0.33
13
8
0.35
11
9
0.34
10
10
0.34
293
TNoRule 3.42
With a Rule
Freq. rank Time Complexity
100
1
0.24 = 100/293 x 1 x 0.7
50
2
0.24 = 50/293 x 2 x 0.7
33
3
0.24 = 33/293 x 3 x 0.7
25
4
0.24 = 25/293 x 4 x 0.7
20
5
0.24 = 20/293 x 5 x 0.7
17
6
0.24 = 17/293 x 6 x 0.7
14
7
0.23 = 14/293 x 7 x 0.7
1.67
Time
13
11
10
2.1 = 7 x 0.3
3.77 = 1.67 + 2.1 > 3.42

Figure 2: Time complexity of all rank permutations with 1-9
exceptions

In order to comprehensively compare TRule and TNoRule
with different rank permutations, we created data sets with
10 items having 1 to 9 exceptions. For each data set, we exhaustively tested all the rank permutations for the exceptions
and regulars by calculating TRule for each permutation. As
shown in Figure 2, time complexity varies depending on the
rank permutation, rather than being constant. When the regulars are in the highest ranks, time complexity is smallest.
When the regulars are in the lowest ranks, time complexity is
largest.
Further, given some permutations, the minimum TRule for
all numbers of exceptions is smaller than TNoRule , yielding a
rule no matter how many exceptions there are. The number
of permutations where TRule < TNoRule are labeled in Figure
2. Even in an extreme scenario with nine exceptions and one
regular item, where it is impossible to derive a rule, following
the TP will provide a rule in four of the possible permutations
where TRule < TNoRule .
We tested two larger N conditions (100, 1000) to determine
whether rank would continue to play a role. The item frequencies in both data sets follow a Zipfian distribution, with
the lowest frequency set at 10. Given the large N, it is impossible to exhaustively calculate the TRule for all permutations3 .
Instead, we calculated the minimum TRule where the regulars
are all the top ranked items and the maximum TRule where
the regulars are all the bottom ranked items4 . Figure 3 shows
the TRule(MIN) and TRule(MAX) for N = 100, 1000 with different
numbers of exceptions.
The time complexity shows a quadratic pattern and intersects with TNoRule at two points: at the rising part of the
function in purple (e = θmin ) and at the end of the function
in yellow (e = θmax ), suggesting that a rule will be derived
(TRule ≤ TNoRule ) when e ≤ θmin or e ≥ θmax . The summary of
θmin and θmax is listed in Table 5.
For TRule(MAX) , θmax > N, therefore only θmin is valid.
3 When there are 100 items with 20 regulars, there are 5.36×1020

rank permutations.
4 When there are 100 items and 20 regulars, T
Rule(MIN) is derived
when 20 regulars are ranked from 1-20; TRule(MAX) is derived when
the regulars are ranked from 81-100.

(a) N = 100

(b) N = 1000

Figure 3: The maximum and minimum TRule plot for N = 100,
1000 with different number of exceptions
Table 5: The θmax and θmax for TRule(MIN) and TRule(MAX)
N = 100
N = 1000
TNoRule
19.28
133.59
θ = N/ln(N) 21.71
144.76
TRule(MAX) (with integer θ)
θmin
23
154
θmax
NA(> 100) NA(> 1000)
TRule(MIN) (with integer θ)
θmin
25
158
θmax
97
997
A rule is derived when e ≤ θmin or e ≥ θmax

However, for TRule(MIN) , θmax < N: θmax = 97 when N = 100;
θmax = 997 when N = 1000. This result suggests that when
there are only 1, 2, or 3 regulars in 100 and 1000 items, a
rule can still be derived since TRule < TNoRule , which is implausible. In addition, the θmin is different for TRule(MAX) and
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Table 6: Summary of the corpus data for each child.

Adam
Eve5
Sarah
Peter
Naomi
Allison
April
Fraser

Age range

files

2;3 - 2;11
1;6 - 1;8
2;3 - 2;10
1;3 - 2;6
1;3 - 1;11
1;5 - 2;11
1;10 - 2;1
2;0 - 2;5

18
5
33
14
20
6
2
90

Total Verb
Types (N)
306
93
189
424
128
88
50
371

Irregular
Types (e)
62
36
48
67
43
36
19
78

Total Verb
tokens
6,747
564
1,759
7,532
1,240
612
128
13,924

TRule(MIN) . When N = 100, if the regulars are ranked at the
top of the frequency list, a rule could be derived when there
are fewer than 25 exceptions; if the regulars are ranked at the
bottom, there can be fewer than 23 items. When there are 24
and 25 exceptions, a rule might be derived given the proper
permutation.
Similarly, when N = 1000, if the regulars are all the most
frequent items, a rule can be derived when there are fewer
than 158 exceptions; if the regulars are all the least frequent
items, a rule can be derived when there are fewer than 154
exceptions. When there are 155-158 exceptions, some permutations allow a rule to be derived while others do not.

Summary
In summary, we have shown that the frequency rank of the
regulars substantially affects the time complexity, thus influencing the TP’s prediction. Data sets with the same number
of exceptions but different rank permutations lead to inconsistent results. We conclude that using fi · ri = C in a Zipfian
distribution to eliminate rank as a variable in the TP’s derivation for TRule is not appropriate.
Because the TRule is quadratic, two sets of data will fit the
rule-deriving criterion TRule < TNoRule : e ≤ θmin or e ≥ θmax .
That result casts doubt on whether the cognitive motivation
for the TP can be maintained. The cognitive motivation is
that a rule reduces lexical access time by minimizing the access time of the regulars. The more the regulars (or the fewer
the exceptions), the less lexical access time. That assumes
that lexical access time is linearly related to the number of
exceptions, but in our simulations, the relationship between
lexical access time and the number of exceptions is quadratic.
This leads to some unlikely predictions, such as derivation of
a rule when there are 97 exceptions in 100 items and 997 exceptions in 1000.

Testing the TP on Corpus Data
Our hypothetical data have demonstrated inconsistencies in
the TP and unlikely predictions. Here we test corpus data,
5 Eve’s

data are different from Yang’s count because Yang made
an error. Yang counted Eve’s data from 1;6 to 1;10. However, Eve made the first overregularization error at the age of 1;8
(Brown/Eve/010800.cha), when she said ‘I *seed it’.

Irregular
tokens
3,632
337
1,035
3,647
757
335
62
9,903

Corpus
Brown (1973)
Brown (1973)
Brown (1973)
Bloom (1973)
Sachs (1983)
Bloom, Hood, and Lightbown (1974)
Higginson (1985)
Lieven, Salomo, and Tomasello (2009)

since many of our hypothetical scenarios may never exist.

Yang (2016)’s Tests
Yang (2016) applied the TP to Adam’s and Eve’s data from
the Brown corpus (Brown, 1973). The first instance of an
over-regularization in a child’s longitudinal corpus can be
seen as an unambiguous marker for the presence of a productive ‘-ed’ rule for the past tense. The child may have
formulated the rule earlier, but has definitely formulated it
by the time of the first over-regularization. For both Adam
and Eve, there were more exceptions than predicted before
the first over-regularization error, discrepancies that Yang attributed to sampling error.

New Tests
We replicated Yang’s method on eight children’s longitudinal data, including Adam and Eve, from CHILDES
(MacWhinney, 2000). We tabulated the number of irregular verbs (e). We computed several values: the approximated
θ = N/lnN, the numerical θ (by solving inequation (1)), TRule
and TNoRule via the verbs’ probability and rank. The eight
children’s past tense acquisition has been extensively studied
in the previous literature6 , and their data are shown in Table
6.
Adopting Yang’s method, we included all the files from
the first recording to the file where the child made her/his
first over-regularization error and counted all verb forms. The
sample age and density vary across the children. The average
age range is about 8 months, with a minimum of 2 months
(Eve) and maximum of 18 months (Allison). The average file
number is 23.5, with a minimum of 2 files (April) and maximum of 90 files (Fraser). All the verbs were first automatically extracted from the annotated corpora in CHILDES using
the NLTK python package (Bird, Klein, & Loper, 2009), and
were hand-checked by a human annotator.
We compare the number of irregulars (e) with the approximated θT P = N/lnN and the numerical θn , as shown in Table
7. θT P and θn are confirmed only for Peter, whose irregular
verbs (e = 67) are fewer than the TP’s approximated θa = 70.1
6 Adam. Eve, Sarah, Peter, Naomi, Allison and April were studied in Marcus et al. (1992). Fraser was studied in Lieven et al.
(2009).
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Table 7: Results of comparing e vs θ and TRule vs TNoRule

Adam
Eve
Sarah
Peter
Naomi
Allison
April
Fraser

N
306
93
189
424
128
88
50
371

e
62
36
48
67
43
36
19
78

θT P
53.5
20.5
36.1
70.1
26.4
19.7
12.8
62.7

e < θn
✕
✕
✕
✓
✕
✕
✕
✕

θn
57.0
22.9
38.1
74.8
28.2
21.0
13.7
66.5

e < θn
✕
✕
✕
✓
✕
✕
✕
✕

TNoRule
33.80
17.51
25.65
43.82
19.63
18.24
14.64
26.34

TRule
51.33
25.11
37.81
57.74
31.23
34.72
14.29
60.03

TRule < TNoRule
✕
✕
✕
✕
✕
✕
✓
✕

θT P = N/lnN is the approximated θ. θn is the numerical θ calculated by solving θn /N(θn /Hθn − θn ) + θn = N/HN

and the Harmonic N-based θn = 74.8. The other seven children’s data do not confirm the TP’s prediction that e ≤ θ.
We also use each child’s data to compare TNoRule and TRule
with each verb’s probability and rank. That is, we rank all
the verbs according to their frequencies and calculate the time
complexity based on their probabilities and ranks. The results
are summarized in Table 7. The TP predicts that, for all the
children, TRule < TNoRule , since they have already applied the
rule. That holds only for April. For the other seven children,
TRule is larger than TNoRule , suggesting that no rule should be
derived for these children.
In summary, most children’s data do not conform to the
TP’s prediction. For the eight children we tested, only Peter’s actual number of exceptions is smaller than the threshold and only for April is TRule < TNoRule . The data are not
definitive, for at least three reasons. The children may have
already acquired the rule before making over-regularization
errors. Children’s first errors may have occurred outside of
taping sessions. The sample of children’s speech might be a
small fraction of children’s vocabulary.

Discussion
Our tests of the TP on hypothetical data and corpus data suggest that the original the TP makes inconsistent predictions
on hypothesized data and is not confirmed by empirical corpus data. We have shown that the approximated θ = N/ln(N)
yields a smaller number of permissible exceptions than the
numerical θ ranging from 10 to 1000. We have also shown
that the approximated and simplified result of inequation (1)
(e ≤ N/lnN) changes a quadratic function of e to a linear
function; the quadratic function for criterion TRule < TNoRule
leads to two different θ thresholds instead of a single threshold.
Our main theoretical contribution is to show much rank
permutation affects the TRule . For example, with ten items,
depending on the rank permutation, TRule < TNoRule even if
there are nine exceptions. Our main empirical contribution is
to show that only one child (Peter) of the eight we examined
has fewer exceptions than those predicted by both forms of
the model, and for only one child (April) is TRule < TNoRule .
These discrepancies could stem from the inconsistency between the TP’s cognitive motivation (a rule is derived to save

time by compressing the lexical access time of the regulars)
and its calculation of time complexity in inequation (2). The
cognitive motivation presumes that the time complexity with
a rule has a linear relationship with the number of exceptions,
that TRule increases as e increases. However, the formula of
the TRule has a quadratic relationship with e. To retain more
of the original model and resolve the inconsistencies we have
described, one can either modify the time complexity calculation or the cognitive motivation underpinning its use. If we
want to keep the idea that a rule is derived to save time, and
use the number of exceptions to predict when a rule is deployed, time complexity should be at least a monotonically
increasing function of the number of exceptions. The current
time complexity is calculated based on the Zipfian distribution and serial search hypothesis, which yields a quadratic
relationship with the number of exceptions and is affected by
the rank permutation. Alternately, the time complexity can be
calculated based on a uniform distribution, which would get
rid of the rank influence; or based on another retrieval model,
instead of serial search, that could produce a linear relationship between time complexity and the number of exceptions.
On the other hand, the cognitive motivation could be modified
to incorporate other motivations for a rule to be derived, such
as optimizing both time complexity and memory space. Although the current version of the TP is not adequate enough
to explain the rule-deriving process, it provides some insight
into how we can approach the rule-deriving process computationally. With some theoretical and mathematical modifications, the TP can still be a plausible hypothesis to explain
when a rule is used.
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Abstract
People talk about time using the language of space. The future is ”ahead.” Endless events are ”long.” Cross-linguistically,
these conventions exhibit both universality and striking diversity. These mappings in language, therefore, might originate
from a combination of shared cognitive biases and sociocultural processes. To investigate the mechanisms involved in the
emergence of space-time mappings—and linguistic metaphor
more broadly—we conducted an experiment in which participants had to communicate about abstract temporal concepts
using entirely spatial signals. The spatial signals developed
by one pair of participants were then transmitted to the next
pair, creating chains of multiple generations. Together, these
processes of interaction and transmission sometimes generated
fully systematic, compositional systems—although sometimes
also generated systems that lacked structure entirely. The deciding factor may have been how people responded to errors —
with incremental adjustments or radical reconfiguration. Systematic metaphors, therefore, may emerge from a heterogeneous mix of mechanisms.
Keywords: cultural evolution; language emergence; spacetime cognition; cognitive biases; social coordination

Introduction
Where is the future? For speakers of English, it’s “ahead.”
If you’ve spent time in the US Military, you might say it’s
“to the right” (Hendricks, Bergen, & Marghetis, 2018). And
if you’re Aymara, the future and past are reversed, with the
future construed as behind the speaker (Núñez & Sweetser,
2006). Around the world, people communicate about time
using space—but with considerable variation in the details
(Núñez & Cooperrider, 2013).
These observations raise questions about the emergence
of idiosyncratic conventions for communicating about time
within larger cross-linguistic regularities. Here, we conduct
an experiment combining dyadic communication and iterated
transmission to address this question.

Space and time in language
In cultures around the world, the language of space is used
to describe temporal duration, temporal sequence, and temporal deixis (i.e., past, present, future). Within a language,
the description of time using spatial words is both systematic
(e.g., past and future are described using contrastive spatial
terms) and productive (i.e., speakers can create new expressions). Scholars have thus argued that speakers possess an
1 These

authors contributed equally.

underlying conceptual metaphor that reflects the conventions
of their language or culture (Lakoff & Johnson, 1980; Núñez
& Cooperrider, 2013; Boroditsky, 2001; Pitt & Casasanto,
2020). We refer here to the linguistic conventions as “spacetime mappings.”
Across languages, temporal duration is reliably described
using some dimension of magnitude. In English and Indonesian, duration is described as length. Days are ”short” in the
winter, ”long” in the summer. In Greek and Spanish, duration is described as quantity or amount (e.g., Greek ”poli ora”
[much time]). While the spatial dimension varies, the orientation of the mapping from space to time appears to be stable
cross-linguistically, with no attested examples in which more
duration is described as less spatial magnitude.
Spatial descriptions of temporal sequence and deixis, on
the other hand, exhibit more cross-linguistic variation. In English we describe temporal sequences using words like ”before” and ”after” that are now primarily temporal but which,
historically, had primarily spatial meanings. The mapping
is more explicit for temporal deixis (i.e., past, present, future), where we might say, “looking forward to the future,”
or “thinking back to the past.” But the spatial axis and its
orientation vary cross-linguistically: east to west (Boroditsky
& Gaby, 2010), uphill (Núñez, Cooperrider, Doan, & Wassmann, 2012), rightward (Hendricks et al., 2018), or downward (Boroditsky, 2001). This variation is extensive (Núñez
& Cooperrider, 2013).
Cross-linguistic space-time mappings thus exhibit both diversity and near-universality. This suggests that space-time
mappings in language might originate from processes operating at both individual and sociocultural levels (Núñez &
Cooperrider, 2013; Verhoef, Walker, & Marghetis, 2016).
Which processes might be at work?

Mechanisms of cultural evolution of language
Lab-based experiments have helped isolate some of the relevant mechanisms that play a role in the emergence of novel
linguistic systems (Scott-Phillips & Kirby, 2010). Communication systems can emerge rapidly from repeated interactions between pairs of participants engaged in a communication task (Garrod, Fay, Lee, Oberlander, & MacLeod, 2007;
Fay, Garrod, & Roberts, 2008; Fusaroli & Tylén, 2012). In
these experiments, conventions emerge from social coordina-
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tion and shared communication history.
In Verhoef et al. (2016), we demonstrated that these mechanisms can lead to the emergence of space-time mappings.
Pairs of participants communicated repeatedly about time
concepts using a spatial signaling device (Fig. 1a). Conventions emerged in which space was used systematically to represent time. For instance, participants reliably used greater
spatial length to indicate greater temporal duration, and nobody systematically used the opposite strategy (Fig. 1b), in
line with the patterns found cross-culturally in natural languages. We attributed this to the presence of a strongly shared
cognitive bias to associate length and duration. A more variable convention involved the use of spatial location to indicate
temporal deixis or sequence. While all pairs tended to settle
on a consistent mapping (e.g., future-up, past-down; Fig. 1c),
there was variation in its orientation (i.e., some pairs settled
on future-down, past-up; Fig. 1d). This pattern therefore resembled the cross-linguistic variation in the spatialization of
temporal deixis and sequence. We argued that these conventions depended on social coordination and shared history
within the task.
Another potential mechanism is transmission to new language learners (Kirby, Cornish, & Smith, 2008; Verhoef,
2012; Kirby, Griffiths, & Smith, 2014). Transmission of a
language causes signals to be filtered through the cognitive
constraints of learners; signals that are easily learned are more
likely to be reproduced and passed on. Repeated transmission can thus make signals more systematic. Indeed, while
all interacting pairs in Verhoef et al. (2016) developed some
space-time mappings, these were never sufficiently elaborated or systematic to achieve perfect communication. Moreover, widespread compositionality, in which subparts of the
signals clearly referred to specific parts of the meaning space,
did not emerge.
It has been suggested that both transmission and interaction are needed to develop more robust systematicity, resembling patterns in human language (Kirby, Tamariz, Cornish,

& Smith, 2015). Past work has investigated the relative contributions of transmission and interaction by manipulating the
presence of each process. Results have been mixed. Kirby et
al. (2015), for instance, found that compositional structure
did not emerge in a novel language when dyads interacted repeatedly and transmission was absent, but it did appear when
both interaction and transmission were present. Other studies have found that interaction on its own can produce systems with some structure, but that the most structured systems emerged when interaction was combined with transmission (Theisen-White, Kirby, & Oberlander, 2011; Saldana,
Kirby, Truswell, & Smith, 2019). Others have found that
structure can emerge successfully without any transmission
at all (Winters, Kirby, & Smith, 2018; Raviv, Meyer, & LevAri, 2019; Nölle, Staib, Fusaroli, & Tylén, 2018). Finally, in
some contexts, transmission can actually result in less structure than interaction (Garrod, Fay, Rogers, Walker, & Swoboda, 2010). The role of transmission, therefore, may vary.
In natural languages, both interaction and transmission
are present. The cultural evolution of space-time mappings,
therefore, has occurred in the context of both mechanisms.
Here, we thus add transmission to the set-up of Verhoef et
al. (2016) to test whether these two mechanisms in combination can produce fully compositional systems and error-free
communication. To investigate the mechanisms’ relative contributions, we look within each chain at how interaction and
transmission shape the structure of space-time mappings.

The current study
In this study, pairs of participants had to communicate about
abstract temporal concepts (e.g., next year, year before, yesterday). Their only signals, however, were vertical spatial
movements. The spatial signals developed by a pair of participants were then transmitted to the next pair, who could use
these signals as the basis for their own attempts at communication. This process thus allows for influences of individual biases (e.g., initial interpretations, shared expectations),
social coordination (i.e., negotiation between pairs over the
course of an interaction session), and iterated transmission
(i.e., when the signals from one pair are shared with the next).

Methods
Following the design of Verhoef et al. (2016), pairs of participants (“dyads”) had to communicate about temporal concepts
using only spatial movement. Here we add a process of iterated transmission in which signals developed by one dyad
are used as initial training for the next. This generated six
transmission chains of eight interacting pairs. Undergraduate
students (N = 96) at the University of California, San Diego
(UCSD) participated in return for partial course credit.

Signals and meanings
Figure 1: (a) Signaling device, (b) Consistent use of spatial
length to communicate relative duration, (c) and (d) Contrasting mappings for past/future. From Verhoef et al. (2016)

Participants produced communicative signals using a touch
screen (see Fig. 1a), which recorded and replayed sequences
of vertical movement lasting exactly 5 seconds. In replay,
a bubble moved continuously, reproducing the movement of
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the participant’s index finger. The set of meanings were the
same 18 meanings used in Verhoef et al. (2016):
• Duration: ’second’, ’day’, ’year’
• Sequence: ’day before’, ’day after’, ’year before’, ’year
after’, ’before’, ’after’
• Deictic: ’now’, ’yesterday’, ’today’, ’tomorrow’, ’last
year’, ’this year’, ’next year’, ’past, ’future’
Note that these items can be distinguished broadly along three
dimensions: temporal length (e.g. ’day’ vs. ’year’), temporal
direction (e.g. ’future’ vs. ’past’, ’before’ vs. ’after’), and
category (duration, sequence, deictic).

Procedure
Participants received instructions together and were then
placed in separate rooms. They could only communicate
through the touch screen interface. An initial training was
followed by four rounds of interaction.
Training Each participant first completed a training phase.
They were told, correctly, that their partner was being trained
on the same system. In the training, a signal was played (i.e.,
movement on the vertical bar) while its intended meaning was
displayed alongside. The meaning then disappeared and the
participant was asked to reproduce the signal on the touch
screen. After their attempted reproduction was recorded, they
were asked to select the signal’s intended meaning from the
full list of 18 options. Each meaning was shown twice in
training, for a total of 36 training items.
The first dyad in each chain was trained on one of three
“seed” systems produced by interacting dyads in Verhoef et
al. (2016). These systems were not fully systematic or unambiguous, but all exhibited some form of space-time mapping.
For instance, each seed system used greater length to indicate
greater duration (Fig. 1b). Seeds varied in their use of vertical location to differentiate past from future (two used up =
future; one used up = past; Fig. 1c and d). Each of the three
initial languages seeded two transmission chains. Training
systems in subsequent generations were taken from the final
interaction round of the previous dyad, meaning that 50% of
the signals came from each participant.
Interaction After training, participants alternated attempts
to communicate a target meaning to their partner. Trials began with a target meaning displayed on the signaller’s screen.
The signaller recorded a signal for this meaning using the vertical bar. This signal was then replayed on the recipient’s
screen, who then guessed the intended meaning out of a list
of all 18 options. Both players received feedback after each
trial (i.e., target meaning and guessed meaning). Each dyad
completed four rounds of eighteen trials.

Results
During training, participants successfully reproduced the
training signals and recalled their meanings. To calculate distance between spatial signals, we used Dynamic Time Warp-

Figure 2: Some transmission chains generated fully compositional systems.

ing (DTW) (Sakoe & Chiba, 1978), a score based on the effort required to align two temporal sequences. Participants
produced signals that were very close to the training signals
(DTW distance, M = 0.03, SD = 0.01). They also accurately
recalled each signal’s meaning (M = 0.96, SD = 0.04), although this was tested immediately after they had been shown
the correct meaning, so this was mostly an attention check.
Participants thus paid attention during the training and had
no difficulty reproducing the signals.

Emergence of compositional structure
In the communication task in Verhoef et al. (2016), participants produced signals with stable space-time mappings,
and these signals’ compositional structure increased over
rounds of interaction. However, these systems never became fully systematic and unambiguous. In the current experiment, by contrast, repeated interaction and transmission
produced near-perfect communicative success in some transmission chains. This perfect communicative accuracy reflected the gradual appearance of fully systematized, compositional space-time mappings. Fig. 2 illustrates one system
that emerged at the end of one transmission chain. Note the
signals’ systematic space-time mappings and compositionality. For instance, temporal deixis (past/future) is expressed
through location, with future mapped to higher locations.
Temporal duration, on the other hand, is expressed by spatial
extent, with day-meanings using smaller spaces than yearmeanings. These basic conventions, moreover, were combined to create more complex signals, with duration indicated
at the start of the signal and sequence or deixis indicated at
the end. Communicative accuracy among participants using
this system was perfect (100%).

Structured systems were associated with
communicative success
We analyzed communicative success across rounds and generations using a linear mixed effects model of trial-by-trial
accuracy, with fixed effects of round and generation and a
random effect of chain. Accuracy increased significantly
over the four rounds within each generation (b = 0.067 ±
0.016 SE, p < .001), but not over generations of iterated
transmission (b = 0.012 ± 0.008, p = .16).
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Figure 3: More structured languages are associated with semantically less distant guessed words in interaction.

To quantify a system’s compositional structure, we calculated the correlation between pairwise meaning distance
and pairwise signal distance, following Kirby et al. (2008).
The intuition is that compositional systems, since they express more complex meanings by combining simpler signals,
will use more similar signals to express more similar meanings. Distances between signals were calculated with Dynamic Time Warping. Distances between meanings (”Semantic Distance”) was calculated by summing differences in
temporal order (past/before < now < future/after), temporal
extent (e.g. now < today < year after), and semantic class
(duration, sequence, or deictic). Structure was calculated as
Pearson correlation between pairwise signal distance between
all possible pairs of signals and pairwise semantic distance
between associated meanings. This was calculated for each
round of each dyad in each chain.
Communication was easier with more structured systems
(Fig. 3). Among dyads using more structured systems,
guesses were closer to the target meaning. This was confirmed by a linear mixed effects model of semantic error in the
guessed meaning as a function of structure and generation;
variance across chains was modeled with a random intercept
and a random slope for generation. Semantic error decreased
significantly as structure increased (b = −1.064 ± 0.359 SE,
p < .01), but there was no change over generations (b =
0.059 ± 0.038 SE, p = 0.14). There was a significant interaction between structure and generation, with a stronger association between structure and decreased error in later generations (b = −0.171 ± 0.074 SE, p < .01), driven by the few
chains in which later generations developed near-perfect accuracy and fully systematized space-time mappings.

Changes in duration vs. direction mappings
In Verhoef et al. (2016), repeated interaction produced
reliably similar length-duration mappings, while dyads’
location-direction mappings (e.g., up-future) were more variable. We thus analyzed whether these two types of convention
were differentially affected by transmission. To quantify the
length-duration convention, meanings with a duration were

grouped: Moment (1), Day (2) or Year (3). For each signal, we calculated the Vertical Space Used (VSU) as the standard deviation of the vertical locations throughout the signal
(Fig. 4, left). Across chains and generations, ’year’ items
(blue) had the largest VSU, ’day’ items (green) fell in the
middle, and ’moment’ items (red) had the the smallest VSU.
We ran a linear mixed effects model to predict VSU, with
fixed effects of temporal duration and generation, and a random effect of chain. As predicted, greater temporal duration
was associated significantly with greater VSU (b = .136 ±
.005 SE, p < 0.001). VSU also increased over generations
(b = .013 ± .002 SE, p < 0.001), indicating that signals in
general became slightly larger with repeated transmission. In
addition, we found a significant interaction between temporal
duration and generation (b = −.004 ± .001 SE, p < 0.001),
driven by a decreased difference in VSU between duration
categories in later generations. In other words, minimal differences distinguishing durations became more minimal.
We quantified location-direction mappings by determining
the focal location of the signal (point of maximal density), between -1 (bottom) and +1 (top). While these mappings were
typically stable within a generation, they were more variable
across generations than the length-duration mappings, with
the location-direction mapping sometimes switching between
generations (Fig. 4, right). This switch happened predominantly after transmission, during the initial negotiation of
round. Complete reversals of the convention, however, happen only 4 times throughout the experiment, while most pairs
retained the previous generation’s convention.

Effects of interaction and transmission on structure
Structure increased systematically within each generation
over the course of the four interaction rounds. By the final
round, every dyad managed to settle on a system with more
structure than expected by chance. This is shown in Fig. 5
(left), where structure is plotted as the z score for the measured correlation based on 1,000 random pairings of signals
and meaning. The dotted line is the upper limit of the 95%
confidence interval for random data; values above this have
significantly more structure than expected by chance.
Structure changed with iterated transmission, although not
in any systematic direction (Fig. 5, middle). It increased over
generations for some chains, but clearly not for all. In some
chains (e.g., 3 and 4), structure increased over the course of
the transmission chain and always remained above chance.
Other chains experienced steep drops in structure, sometimes
followed by a recovery over the remaining generations.
These patterns were confirmed by a linear mixed effects
model of system structure, with fixed effects of round and
generation, random intercepts for chains and random slopes
for generation. Structure increased significantly over the multiple interaction rounds within each generation (b = 0.043 ±
0.021 SE, p = .042). Structure did not increase significantly
over generations within each chain (b = −0.01 ± 0.017 SE,
p = 0.58). There was no significant interaction between
round and generation. Therefore, structure increased system-
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Figure 4: Conventions for temporal direction (left) and duration (right) over generations (columns) and across chains (rows).
Each dot represents a single item. (LEFT) Longer durations were reliably represented by more vertical space used (y-axis).
(moment = red, day = green, year = blue). (RIGHT) Future/after (red) was typically represented by either higher or lower
locations, with past/after (blue) represented by the opposite location (y-axis = location of signal’s maximum density).
atically with repeated interaction among dyads but did not
reliably increase with transmission between dyads.
This pattern of results was clarified by looking at how signals changed between rounds and across generations (Fig. 5,
right). We calculated the change in structure due to interaction as the difference in structure between successive rounds
within a generation (i.e., round 1 vs. 2, etc.; lower panel). The
change in structure due to transmission was defined as the difference in structure between the final round of one generation
and the first round of the next (upper panel). Round-to-round
change in structure was distributed unimodally, with a peak
slightly above 0, indicating that interaction produced systems
that were increasingly structured. Change in structure due to
transmission, on the other hand, was distributed bimodally,
with a large peak centered at 0, and a smaller peak below 0,
indicating that structure was mostly maintained in transmission from one generation to the next, but infrequently there
was a precipitous drop in structure.

Repair after miscommunication
The analyses above show that signals became increasingly
structured and discriminable within generations, as dyads
interacted repeatedly, but they did not always maintain
this structure as they were transmitted between generations.
Why? Recall that the training signals and their meanings
were reproduced with high fidelity during each dyad’s initial
training phase, so this loss of structure did not seem to occur
during initial exposure to the previous generation’s system.

Instead, loss of structure may have been precipitated by renegotiations after incorrect guesses. Participants made larger
changes in their signals if their partner’s guess was more
semantically distant from the target meaning (Fig. 6). In
other words, highly incorrect guesses could prompt very large
changes in the communicative system. This was confirmed
by a linear mixed effects model of how much a participant
changed their signal for a meaning within a generation, with
a fixed effect of the semantic distance between their partner’s
guess and the intended meaning. We included random intercepts for participants. Signals were indeed changed more after incorrect guesses that were further from the correct meaning (b = 0.023 ± 0.002 SE, p < .001).

Discussion
We investigated the emergence of space-time mappings in an
experiment that combined repeated interaction and iterated
transmission. This combination of interaction and transmission produced, in some cases, communicative systems that
were fully compositional and used with 100% communicative
success. Our previous work found that this did not happen
with repeated interaction alone (Verhoef et al., 2016). Similar
to what was found in Verhoef et al. (2016), however, we saw
that duration mappings were stable across generations and
similar between independent chains, suggesting there may be
a strong shared bias to associate greater duration with greater
length. We also confirmed a more flexible bias to map temporal deixis to spatial direction. In Verhoef et al. (2016), differ-
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Figure 5: Structure increased reliably with interaction but not transmission. (LEFT and MIDDLE) Across all six chains (colors),
mean structure (± standard errors) increased over rounds within a generation (left) but not across generations (middle). Dotted
lines indicate the upper limit of the 95% confidence interval for random data. (RIGHT) Interaction over rounds was associated
with slight increases in structure (bottom), while transmission across generations was associated with drops in structure (top).
ent dyads settled on opposing strategies, and here the strategy would sometimes switch radically within transmission
chains. Notably, while some prior work suggested that structure should gradually increase within transmission (Kirby et
al., 2008; Verhoef, 2012; Kirby et al., 2014), here we found
that signals became increasingly structured with interaction
but often became less structured with transmission. This happened predominantly due to re-negotiations after incorrect
guesses. Participants changed their signals more if their partner’s guess was further from the intended meaning.
While previous studies have proposed that both transmission and interaction are necessary to drive languages to become structured and usable, there is active debate over the
precise role of each of these mechanisms. Here, we zoomed
in on the precise role of each of these mechanisms within
chains that combined transmission and interaction. We saw,
overall, that a combination of interaction and transmission
could in some cases lead to fully compositional, unambiguous systems. A fine-grained analysis of changes in structure, however, found that structure increased with interaction (i.e, over rounds) but either stayed stable or sharply decreased with transmission (i.e., over generations). This sug-

gests that the gradual increase of structure happens most robustly through interaction, but when it is sufficiently maintained during transmission, more widespread structure and
perfect communication can emerge.
Not all chains led to fully systematized languages. Signals
were often ambiguous. Natural languages are similar, with
considerable ambiguity in the way they refer to time. Consider: “Wednesday’s meeting has been moved forward two
days.” Interpretations are typically split, with some thinking
the meeting is now on Monday, others on Friday (Boroditsky,
2000). But at least one language has found a solution: the
variety of English spoken in the US military (Hendricks et
al., 2018). In this variety, rescheduling an event earlier is described as moving it “to the left,” while rescheduling an event
later is described as moving it “to the right.” The ambiguity
has been removed. So, while it’s possible to establish a fully
unambiguous spatial language for time, it is difficult — the
exception rather than the rule.
Producing a fully structured, compositional, unambiguous
system may thus require a perfect storm of pressures and processes. We speculate that repeated interaction may encourage the careful elaboration or exploitation of the current set
of conventions. Transmission across generations, by contrast,
may encourage a more radical reconfiguration or exploration
of alternative conventions. Trading off between interaction
and transmission may thus produce a kind of simulated annealing, with repeated cycles of exploration and exploitation.
The right balance of these two may be necessary to discover
a set of fully unambiguous space-time mappings.

Conclusion

Figure 6: Worse guesses (x-axis) were followed by larger
changes in the associated signal (y-axis).

We conducted an experiment to help increase our understanding of how space-time mappings in language can evolve
from multiple mechanisms: individual biases, social coordination and iterated transmission. The interplay between these
mechanisms may explain the cross-linguistic commonalities
as well as the variety found in space-time language.
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Abstract

the limitation of the basic model in capturing the adaptive
nature of repairs. Finally, Simulation IV proposes the
conflict-based repair model augmented with a monitoringcontrol loop.

Fast and efficient correction of speech errors is essential to
effective communication. Yet, despite several accounts of error
detection, no computational account exists to explain how
humans repair their speech errors. This paper proposes the first
such model. We demonstrate that a simple automatic
mechanism can form the basis of most repairs. We then
demonstrate that augmenting the model with a conflict-based
monitoring-control loop allows it to capture more nuanced
findings in human speech error repair data.

Model description

Keywords: speech error; repair; computational model;
language production

Introduction
The ability to detect and repair errors in one’s own speech is
a key aspect of successful communication. Several
computational models exist to explain the detection process
(Hartsuiker & Kolk, 2001; Hickok, 2012; Nozari et al., 2011;
Tourville & Guenther, 2011; see Nozari, 2020, for a review),
but, to date, no computational model has been implemented
to explain the repair process. Empirical data on speech error
repairs are relatively sparse, but they point to important
characteristics that must be considered in a model of repair:
(a) repairs can be performed extremely quickly. The gap
between stopping an error and initiating a repair (e.g., “vhorizontal”; Levelt, 1983) can be as short as zero ms. (b)
Repairs are not always accompanied by full consciousness
over the error, an explicit intention to repair, or a clear
knowledge of the target. This is most obvious in young
children and individuals with aphasia (Clark, 1978; Nozari et
al., 2011). These characteristics are incompatible with
proposals that view the repair process as a deliberate, stop
and restart-from-scratch process, and instead point to a fast
and largely automatic process that quickly replaces the error
with an available repair without a full restart (Nooteboom &
Quené, 2019; Nozari et al., 2019).
This paper proposes the first computational account of such
a process. The main idea is that the system leverages the coactivation of multiple responses, a natural property of the
production system, to quickly replace an error with an
available repair, by monitoring the activation dynamics for a
brief period after response selection. Simulation I extends the
two-step model of word production to a time-based model
that has the right temporal properties for modeling such a
process. Simulation II introduces the basic model of repair
and tests its fundamental assumptions. Simulation III shows

The model is based on the two-step interactive activation
model (Foygel & Dell, 2000). It is a neural network with three
layers of representation (semantic features, lexical items, and
phonemes), and it maps semantics onto phonology to produce
a word (e.g., /kæt/; Fig. 1). Naming in the model has two
steps. In the first step (semantic-lexical mapping), an input
vector activates the semantic features of a concept (10 units
per concept, each receiving 10 units of activation). Activation
spreads in a bidirectional way in the network, and each node’s
activation is updated in parallel according to Eq. 1
𝐴(𝑗, 𝑡 + 1) = (1 − 𝑑)𝐴(𝑗, 𝑡) + ∑ 𝑤𝑖𝑗 ∙ 𝐴(𝑖, 𝑡)
𝑖

+ 𝐴(𝑗, 𝑡)𝑁(0, 𝑎) + 𝑁(0, 𝑖)

Eq. 1

where A( j, t + 1), the activation of node j at time t+1, is a
sum of the activation of node j at time t after decaying at rate
d, the input that node j receives from each node i multiplied
by the respective connection weight 𝑤𝑖𝑗 , and two sources of
noise (intrinsic noise and activation-based noise, drawn from
normal distributions with means 0 and standard deviations i
and a, respectively). After eight time steps, the most highly
activated node in the lexical layer is selected. The second step
(lexical-phonological mapping) starts by giving a jolt of 100
units to the selected lexical node. Activation spreads for eight
more time steps in the manner described above. The process
concludes by selecting the most highly activated nodes in the
phoneme layer for each syllabic position (i.e., onset, vowel,
and coda, for a CVC like “/kæt/”). Two key parameters are s
and p, the strengths of the connections between semantic
features and lexical items, and lexical items and phonemes,
respectively. The model has been highly successful in
capturing the various patterns of speech errors in neurotypical
adults, children, and individuals with brain damage (Budd et
al., 2011; Dell et al., 1997, 2013; Nozari et al., 2010).
The conflict-based model of error detection. An extension
of the two-step model, the conflict-based model of error
detection, has successfully shown that the information
available during production can be used as a signal for
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detecting speech errors (Nozari et al., 2011). This model is
based on a key component of the two-step model: throughout
the process, the spread of activation activates not only the
target, but also related representations through their shared
connections (e.g., “dog” and “cat”; Fig. 1). The conflictbased model posits that higher levels of conflict are
associated with higher probabilities of an error, a signal that
the monitoring system uses to detect errors, sometimes before
they become overt. Predictions of the conflict-based account
have found support in children, individuals with brain
damage, and L2 speakers (Hanley et al., 2016; Nozari et al.,
2011, 2019). The current paper will extend the conflict-based
model to explain not only error detection but also the
mechanism underlying error repairs.

present) and f is the input feature strength. Twenty batches of
10,000 trials were simulated using the original and timebased models.
Results of simulation Ia. As shown in Figure 2b, activation
starts at zero and grows over time in the time-based model,
with the activation of the target gaining over competitors with
more time. The mean values and SDs for correct, semantic,
and other errors were 96.93 ±0.13%, 2.76% ±0.15, and 0.31%
±0.03% for the original model, and 97.81% ±0.16%, 2.04%
±0.14%, and 0.15% ±0.06% for the time-based model,
showing largely comparable response profiles across the two
models, despite the changed temporal dynamics. Since this
project targets lexical repairs and our proposed mechanism is
focused on the lexical layer, all models past this point will
only include the first step of mapping (semantic-lexical).
“correct” and “error” will correspondingly refer to the target
and semantic errors in the lexical layer (almost all of the
errors at this stage in a normal production system).
Table 1: Original and time-based model parameters. See text
for parameter descriptions.
Parameter
s weight
p weight
d
f
i
a
t

Figure 1. Schematic of the two-step interactive model of
word production. “cat” is the target of the current trial.

Simulation I (a, b): the time-based model
The goal of Simulation I is to create a time-based version of
the two-step model (Ia), and to determine that conflict
generated during its processing can reliably distinguish
between correct and error trials at the lexical layer (Ib).
Simulation Ia. Despite its success in explaining error
patterns, the two-step model does not address the temporal
dynamics of the production process. This is clear in Figure
2a. Activation starts at very high levels and quickly drops
over time. In reality, neural activation starts at low levels and
gradually builds up as input processing converges on a given
representation (a process modeled as evidence accumulation
in drift diffusion or similar models). Since the repair process
unfolds over time, it is critical that the underlying model is
more realistic in capturing the temporal dynamics of word
production. This can be achieved by a re-tuning of the model
parameters. In our simulations, we also clamped the
activation of the input, as the data simulated under
Simulations III and IV came from tasks in which visual
stimuli for naming are visible to the participants during the
entire production time. Table 1 demonstrates the parameters
in the original and time-based versions of the model.
Equation 2 shows the new activation rule,
𝐴(𝑗, 𝑡 + 1) = (1 − 𝑑)𝐴(𝑗, 𝑡) + ∑ 𝑤𝑖𝑗 ∙ 𝐴(𝑖, 𝑡)

(a) riginal model

Original
0.04
0.04
0.6
10
0.01
0.16
8

Time-based
0.0005
0.0005
0.05
0.1
0.003
0.16
20
(b) Time based model

Figure 2. Trajectories of mean lexical activation (±SD) over
time for correct, semantic, and other error types in the
original (a) and time-based model (b).
Simulation Ib. Next, we tested whether conflict in the timebased model could reasonably distinguish between error and
correct trials. Two measures of conflict were tested. (1) Point
conflict compares the activations of the two most activated
nodes at the end of the semantic-lexical mapping process, i.e.,
the lexical selection point (Eq. 3).
1
Point conflict = 𝑙𝑛 (|𝐴(cat,𝑇)−𝐴(dog,𝑇)|)
Eq. 3

𝑖

+ ∑ 𝑤𝑖𝑗 ∙ 𝑓𝑋𝑖 + 𝐴(𝑗, 𝑡)𝑁(0, 𝑎) + 𝑁(0, 𝑖) Eq. 2
𝑖

where clamping is implemented as ∑𝑖 𝑤𝑖𝑗 ∙ 𝑓𝑋𝑖 , where 𝑋 is
the binary input feature vector (𝑋𝑖 = 1 signifies feature 𝑖 is

(2) The second conflict measure, Integral conflict, measures
the activation difference between the target and semantic
competitor nodes throughout the entire process (Eq. 4).
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Integral conflict = 𝑙𝑛 (

1
∫|𝐴(cat,𝑡)−𝐴(dog,𝑡)|𝑑𝑡

)

Eq. 4

These two measures were calculated for each of 50,000
trials simulated with the time-based model with parameters
in Table 1. For each measure, values were divided into two
distributions (correct, error) based on the lexical response at
time t20 (Fig. 3). The sensitivity of the two measures of
conflict in distinguishing between error and correct trials was
compared using Cohen’s d, calculated as the difference
between average conflict in error (𝑚𝑒 ) and correct trials (𝑚𝑐 )
scaled by the pooled standard deviation (𝑠𝑝 ) of the two
distributions
(Eq.
5).

𝑑=

𝑚𝑒 −𝑚𝑐
𝑠𝑝

(𝑛𝑐 −1)𝑠𝑐2 +(𝑛𝑒 −1)𝑠𝑒2

, 𝑠𝑝 = √

𝑛𝑐 +𝑛𝑒

Eq. 5

where 𝑛𝑐 and 𝑛𝑒 respectively denote the number of error
and correct trials and 𝑠𝑐 and 𝑠𝑒 respectively denote the
standard deviation of conflict in correct and error trials.
Results of simulation Ib. Figure 3 shows the results of
Simulation Ib. Cohen’s d for Point conflict (Fig. 3a) and
Integral conflict (Fig. 3b) was 2.6 and 1.5, respectively,
suggesting the former to be a more sensitive measure for
distinguishing errors from correct responses. For this reason,
we used the point conflict measure for gauging conflict in the
later sections of this study.
a

oint conflict

t25), at which time the model “checks” the response by reexamining which node has the highest activation. If it is the
same as the produced response, no action is taken. If, on the
other hand, a different node has a higher activation at this
point, the model automatically replaces the old response with
the new response, i.e., it generates a repair.
The rationale for the proposed mechanism is based both on
the action monitoring literature and the dynamics of the timebased model. The former points to evidence for continued
processing after response generation as one of the key
monitoring mechanisms for action regulation (e.g., Yeung et
al., 2004). The latter is based upon the differential dynamics
of activation in correct and error trials. This is illustrated in
Figure 4, as two examples. In the majority of the correct trials
(e.g., Fig. 4a), the correct representation gains a clear
advantage over the error representation early on and
maintains that advantage. This leads to the generally low
conflict demonstrated in Simulation I. Thus, there is a high
probability that the selected response at t20 and the check at
t25 are the same, i.e., no repair. Error trials, on the other
hand, often entail noisy activation of both responses up to the
response point (high conflict), which may lead to the
selection of the error representation as response at t20 (Fig.
4b). Over time, however, continued processing increases the
signal-to-noise ratio, leading to the correct representation
gaining advantage over the error representation. We propose
the detection of this new response triggers the repair process.

b nte ral conflict

Figure 4. Example of activation dynamics in correct and
error trials. Response is the most active node at t20. Check
happens at t25. A repair is made if the response at t20 ≠ t25.

Figure 3: Density histograms of conflict measures for
correct vs. error trials in the time-based model (scaled so
area under each curve is 1). Point conflict (a) and Integral
conflict (b). The vertical line shows a possible placement of
the criterion or c, as a cutoff point above which a trial is
determined to be an error.
Discussion. Simulation I showed that the time-based version
of the two-step model preserves its original qualities,
including conflict as a strong signal discriminating between
correct and error trials, while better capturing activation
dynamics. It thus provides a suitable basic model for
implementing the repair process in Simulation II.

Simulation II: the basic model of repair
Simulation II implements the basic conflict-based model of
repairs. The proposed mechanism is a “respond and check”
process: at a given time step (t20) the model produces a
response by selecting the most highly activated node (this is
similar to a deadline for response generation). Processing,
however, is allowed to continue for a little while longer (until

The simple and automatic nature of this process makes for
an elegant model, but it also assumes that anytime the
response and the check are different, a repair is undertaken.
The efficiency of this claim must be verified, because if the
mechanism also turns many correct responses into errors,
then it is fairly useless as a repair mechanism. Simulation II
addresses this issue within a signal detection framework.
Using 50,000 simulations with the time-based model, we
implemented the “respond and check” mechanism. The most
activated nodes at t20 (response) and t25 (potential repair)
were determined on each trial. Four trial types ensued from
(t20, t25) response pairing: a hit (error, correct), a miss (error,
error), a correct rejection (correct, correct), and a false alarm
or FA (correct, error). A good repair model is expected to
have a high hit rate, together with a low FA rate.
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Results. The simulation returned a hit rate of 76% and a FA
rate of 1.8%. While this FA does not look that high, recall
that there are many more correct trials than error trials, and
thus a FA > 1% implies many correct responses turned into
errors, which is neither efficient, nor common. A reasonable
FA rate must, however, be determined in light of what is
reasonable as a hit rate. Corpus analyses of repairs report that
hit rates often hover between 50-65% (Nooteboom, 2005).
We must thus inspect what the model’s FA rate is at hit rates
corresponding to these values. But how to set different hit
rates for the model? The conflict theory provides an answer:
we set a criterion, a value of conflict above which the monitor
determines that a trial is likely to be an error and therefore
implements a repair if response at t20 ≠ t25 (Fig. 2a). Figure
5 shows the relationship between the values of criterion and
hit rate/FA rates for criteria between 2.75 and 6.5 in
increments of 0.75. The smaller the criterion, the higher the
hit rate, but also the higher the FA rate. A criterion of 4.25
generates 62% hit rate (the upper bound in the corpus
analyses), with a 0.7% FA rate, showing that for usual hit
rates (< 65%), the model’s FA rate is reasonably low.

Figure 5. ROC of conflict-based repairs generated in
Simulation II. The values on the curve show the conflictbased criteria for implementing a repair.

becoming more vigilant) to repair more of those errors, and
thus keep communication informative.
Empirical data are taken from Nozari et al. (2019).
Participants watched short cartoon clips in a “haunted hotel”
scenario, in which objects in a hotel room performed different
actions on a second object, and described the event in
sentences like “The yellow curtain jumped over the brown
window” in real time. The second noun phrase, NP2 (e.g., the
brown window), elicited significantly more errors than the
first noun phrase, NP1, which was semantically related to it
(e.g., the yellow curtain; Fig. 6a). Critically, participants also
repaired a significantly greater proportion of their errors on
NP2 than on NP1 (Fig. 6b).
The greater error rate on NP2 stems from the semantic
blocking effect (e.g., Schnur et al., 2009), a finding that
producing a target word makes it more difficult to produce a
semantically related word later. A common explanation for
this is an error-based learning account, according to which,
upon producing NP1, the connections between the subset of
semantic features shared between NP1 and the related NP2
become stronger for NP1 and weaker for NP2 (Oppenheim et
al., 2010; Oppenheim & Nozari, 2021). This differential
adjustment of weights leads to a greater likelihood of
producing NP1 as an error when NP2 next becomes the
target. Our goal was not to implement the full learning model
in the repair model. Rather, it was to simulate the end-point
of learning, as implemented in Oppenheim and Nozari
(2021), to capture the mechanism underlying the higher error
rates on NP2. Simulation III was thus run with the default
values in Table 1 for simulating NP1, and adjusted postlearning weights for simulating NP2 (i.e., positive and
negative changes to the selective weights targeted by errorbased learning, with δ = 4.25E-5). A criterion of 4.25 from
Simulation II was used to adjust the hit rate/FA ratio. We ran
20 batches of 10,000 simulations for each NP.

Discussion. Using a simple “respond and check” mechanism
with conflict thresholding, the basic conflict-based repair
model successfully captures the repair pattern in human data.

mpirical data
rror proportions

(a)

roportion of corrected errors

(b)

Simulation III: handling adaptive repairs
The basic repair model in Simulation II captures the fast and
automatic nature of repairs well, but it is unlikely that this is
all there is to repairs. Detecting the need for repairs is a strong
signal that additional control resources are needed to
maintain optimal performance. In humans, this is achieved by
a monitoring-control loop, which constantly assesses the
need, and deploys control accordingly (e.g., Botvinick et al.,
2001; Yeung et al., 2004). The basic repair model has no such
mechanism and is thus expected to fail in capturing the
adaptive nature of repairs. Simulation III was designed to test
this shortcoming using a well-replicated empirical finding in
human speech error repair data, namely that an increase in the
probability of errors is often accompanied by a greater
proportion of repairs on such errors (Levelt, 1983, 1989;
Nooteboom & Quené, 2015; Nozari et al., 2019). In other
words, upon detecting the higher probability of committing a
speech error, speakers adapt their behavior (e.g., by
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(c)

(d)

Figure 6. Results of Simulation III. Mean error proportions
±SE (a) and proportion of corrected error ±SE (b) in
empirical data from Nozari et al. (2019). Corresponding
data on error proportions (c) and proportion of corrected
error (d) from Simulation III.

Results. Figure 6 shows the results of Simulation III. With
simulated error rates (Fig. 6c) matched to the empirical data
(Fig. 6a), and the criterion of 4.25, the model correctly
estimates the proportion of corrected errors on NP1 to be
around 60% (Fig. 6d), as observed in the empirical data (Fig.
6b). However, it fails to capture the increase in the proportion
of corrected errors in the more error-prone (NP2) situation. If
anything, the model estimates a slightly lower repair rate on
NP2 (59%; SE = 0.75%) than NP1 (62%, SE = 0.62%; Fig.
6d), a pattern opposite of that observed in the empirical data.
Discussion. While the basic conflict-based model captures
the repair pattern in the baseline (NP1) condition well, it fails
to show the enhanced repair rates in the more difficult (NP2)
condition observed in the empirical data. Simulation IV
proposes an augmented model to address this problem.

Simulation IV: the augmented model of repair
Results of Simulation III showed the limitation of the basic
model in simulating the adaptive nature of repairs. This is not
surprising, since the model has no regulatory mechanism.
Simulation IV augments the model with a feedback loop.
This loop consists of a monitor that keeps track of the amount
of conflict and scales the input proportional to that amount.
One way to construct such a loop is to use the value of
conflict in each trial to scale the input accordingly. This
model would represent a system with no memory. More
reasonable, however, is a loop that retains some information
about the relative difficulty and likelihood of error in certain
situations. For the data set used in Simulation III, for
example, the speakers often experience greater difficulty on
the production of NP2 than NP1, learning that this position is
an error-prone situation over the course of the experiment.
We model this process by maintaining a running average of
conflict on NP1 and NP2 separately, updated each time a new
NP is produced. This constitutes the monitoring part of the
loop. Control is implemented by scaling the input
proportional to the running average of conflict in each
condition (NP1 vs. NP2). Cognitively, this translates into
focusing attention on the concept of the to-be-produced word,
in order to produce the correct label, a process likely to
increase accuracy in language production.
The simplest way to implement a monitoring-control loop
is to have a linear function to model the input gain based on
average conflict. The linear function has two problems
though: (a) theoretically, it implies that every trial will get
some boost, i.e., at least some level of additional control is
constantly recruited. It also means that there is no upper
bound to how much control should be recruited. This would
be extremely energy-consuming. (b) Empirically, a linear
function fails to improve the pattern observed in Fig. 6d,
because it cannot overcome the differential weight changes
that caused the disadvantage for the correct response on NP2
to begin with. More reasonable is a function that scales input
within a certain range, i.e., with lower and upper bounds on a
linear function. This is best captured by a sigmoidal function.
We thus modeled the input gain as a logistic function (Eq. 6).

𝑎

Eq. 6
1+
where 𝑥̅ is the running average of conflict within a condition,
a determines the activation bounds, b determines how graded
control implementation should be, and c determines a “set
point” against which fluctuations of conflict are measured
(Fig. 8a). It is reasonable to assume that such a set point is
derived from speakers’ vast experience with language
production, i.e., is the current situation easier or more
difficult than what I am used to? Thus to determine this set
point in the model, we ran the model for 200,000 trials over
each NP1 and NP2, and averaged conflict over all trials to
simulate a range of experience. The obtained value, 3.42, was
used for parameter c in Simulation IV. No a priori
information is available to determine the values of a and b.
Therefore, we ran a parameter space search to determine how
different values of these two parameters change the behavior
of the augmented conflict-based model of repair.
𝑖𝑛𝑝𝑢𝑡𝐺𝑎𝑖𝑛 =

𝑒 −𝑏(𝑥̅ −𝑐)

The final model

Figure 7. A schematic of the augmented conflict-based
model of repair. The example shows a trial in which the
error “dog” has been repaired to the target “cat”.
Figure 7 presents the augmented model of repairs. The
model has three stages: response production, monitoringcontrol loop, and repair, with the steps outlined below.
1. Response production
a) Input for “cat” is activated at the semantic level.
b) Lexical nodes of “cat” and “dog” are activated.
c) The most active lexical node is produced (response).
2. Monitoring-control loop
a) Conflict (𝑋) is measured at the time of response (t20).
b) Input at t21 receives a boost, which is scaled as a
̅ )).
function of the running average of conflict (𝑓(X
The gain is near-zero for conditions with conflict
levels lower than the set-point, thus control is
effectively only recruited on demanding trials.
3. Repair (or not)
a) Processing continues for a short period after response
generation with the scaled input.
b) The most active node in the lexical layer at t25 is
selected as a potential repair.
c) If original response = potential repair → no repair. If
original response ≠ potential repair → change
response to potential repair, i.e., the model repairs the
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original response. A criterion can be imposed at this
stage to adjust the hit rate. This model was used in
Simulation IV.
Results. Figure 8b shows the results of the parameter search,
and Figure 8c illustrates the simulation results using (a, b) =
(40, 70), which provide a good match to the empirical data.
Two points are noteworthy about Fig. 8b. First, a large part
of the parameter space (values above 0) produces the effect
of interest, i.e., the increase in the proportion of repairs in the
more error-prone condition. Second, only values of b above
70 produce effect sizes comparable to the empirical data.
These values correspond to a steep logistic function, in which
small values of conflict lead to near-zero gains on the input,
while conflict values above the set-point deploy full control.
This, in turn, means that control is rarely recruited in
situations where the difficulty (indexed by conflict) is
estimated to be around or lower than that generally
experienced by the speakers, but the detection of a difficult
situation can quickly engage high levels of attention.
(a)

(b)

(c)

Figure 8. The gain function (a), and the results of the
parameter search for its parameters a and b. The dependent
variable in the heat map is the increase in proportion of
repairs from NP1 to NP2 using the augmented repair model
(b). Results of simulation IV with a = 40 and b = 70 (c).

become overt. The addition of the monitoring-control loop
further enables the model to capture the nuances in speech
error data that reflect the adaptable nature of human behavior.
Aside from capturing the data directly tested in the above
simulations, the model provides a theoretical explanation for
additional data not directly tested here. The basic
subconscious process explains reports of subconscious
repairs in children in speech (Clark, 1978) and adults in other
modalities of language production and their rapid timing
(Pinet & Nozari, 2021). The model also explains a behavior
commonly observed in aphasia; patients “grope” for the
correct response, by producing a quick string of related
repairs. In segmental repairs, this is called conduite
d’approche (Kohn, 1984), but it is also seen in lexical repairs,
for example, “orange, peach, no, apple”, produced in
response to the picture of a “watermelon” (Nozari, 2019).
This behavior reflects the basic premise of the conflict-based
repair model: change the current response if another one
overtakes it quickly in activation. In healthy mature systems,
the change is often from an error to a correct response, but in
damaged systems, where the signal-to-noise ratio is low, it is
possible to choose another error as repair, and repeatedly so,
because spreading activation does not cleanly converge on
the correct response.
One alternative to the conflict-based model is forward
models, e.g., DIVA (Guenther, 1994; Tourville & Guenther,
2011). In DIVA, predicted perceptual outcomes of a speech
motor command are compared to the actual perceptual
outcomes of speech, and discrepancies lead to the generation
of an error signal, which can later be used for correction.
DIVA is a powerful model for explaining articulatoryphonetic adjustments to speech over time (i.e., on the next
trial), but its dependence on overt perceptual outcomes makes
it difficult for the model to explain fast lexical repairs
initiated pre-verbally. A similar model, the Hierarchical State
Feedback Control (HSFC; Hickok, 2012) detects errors
through a discrepancy in the activation of motor and
corresponding perceptual representations, but does not
propose a mechanism for repairs.

Limitations and future directions

Discussion. Augmenting the basic conflict-based model of
repair with a monitoring-control loop enables it to simulate
more nuanced patterns observed in human speech error repair
data, including the adaptive nature of repairs.

General Discussion
The main idea expressed in this paper was that many speech
errors can be repaired by quickly replacing a response with
an already-activated alternative, instead of restarting the
production process. In four simulations, we gradually built
upon the basic structure of the two-step model of word
production to arrive at an augmented conflict-based model,
which, to our knowledge, is the first computational model of
speech error repairs in humans. The simple and automatic
basic mechanism of this model allows for fast and
subconscious detection of lexical errors, even before they

(1) This model only implemented lexical repairs, but the
basic process is applicable to phonological repairs as well,
which should be explored in future work. (2) The finding of
an increased proportion of repairs as a function of increased
error rates has been reported under different circumstances,
only one of which was tested in Simulation III. Future
explorations should include other manipulations of error rates
(e.g., by changing planning time constraints) and examining
how the model’s repair behavior changes as a function of
changes to the error rate. (3) Related to the second limitation,
more appropriate gain functions may exist, which must be
explored based on simulations of a wider range of data.
In conclusion, this work has taken the first step to propose
a computational model that successfully captures speech
error repair behavior in humans, which can be used as a
framework for future testing and improvement.
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Abstract
Computational models of verbal analogy and relational
similarity judgments can employ different types of vector representations of word meanings (embeddings) generated by machine-learning algorithms. An important
question is whether human-like relational processing depends on explicit representations of relations (i.e., representations separable from those of the concepts being related), or whether implicit relation representations suffice. Earlier machine-learning models produced static
embeddings for individual words, identical across all
contexts. However, more recent Large Language Models (LLMs), which use transformer architectures applied
to much larger training corpora, are able to produce
contextualized embeddings that have the potential to
capture implicit knowledge of semantic relations. Here
we compare multiple models based on different types of
embeddings to human data concerning judgments of relational similarity and solutions of verbal analogy problems. For two datasets, a model that learns explicit
representations of relations, Bayesian Analogy with Relational Transformations (BART), captured human performance more successfully than either a model using
static embeddings (Word2vec) or models using contextualized embeddings created by LLMs (BERT, RoBERTa,
and GPT-2). These findings support the proposal that
human thinking depends on representations that separate relations from the concepts they relate.
Keywords: analogy; transformers; embeddings; relation
learning

Introduction
A core property of human thinking is that the mental
representation of a relation is separable from the representations of the concepts it relates (Hummel & Holyoak,
1997). That is, for humans a relation representation is at
some cognitive level explicit, so that it can itself serve as
an input to mental processes. In particular, judgments of
similarity show dissociations between the contributions
of entity-based and relational similarity. Relational similarity tends to be more potent when overall relational
similarity across analogs is relatively high (Goldstone,
Medin, & Gentner, 1991), when the objects in visual
analogs are sparse rather than rich (Markman & Gentner, 1993), and for older as compared to younger children (Gentner & Rattermann, 1991). When reasoning
by analogy, human adults can sometimes identify correspondences between situations based primarily on similar relations, even when the entities involved are very dissimilar (Gick & Holyoak, 1980). Explicit relation repre-

sentations provide the basis for flexible generalization to
novel instantiations of relational patterns (e.g., Doumas,
Puebla, Martin, & Hummel, 2022).
An important goal for cognitive science is to characterize the representation of relations, and in particular to show how explicit relation representations could
be acquired from non-relational inputs, while avoiding hand-coding of the inputs (Lu, Chen, & Holyoak,
2012). In recent years, advances in machine learning
have enabled the generation of high-dimensional vectors
of continuous-valued features, termed embeddings, which
can be interpreted as representations of word meanings
(for a general overview see Günther, Rinaldi, & Marelli,
2019). Embeddings correspond to activation states in
the hidden layer of a neural network that has been
trained to predict patterns of words that co-occur in
large text corpora. Notable early embedding models include Word2vec (Mikolov, Sutskever, Chen, Corrado, &
Dean, 2013) and GloVe (Pennington, Socher, & Manning, 2014), both of which have been used to model human judgments based on similarity between words (Bhatia, Richie, & Zou, 2019). Embedding models such as
Word2vec have also been used to solve four-term verbal analogies by computing the cosine distance between
difference vectors for A:B and C:D pairs (Zhila, Yih,
Meek, Zweig, & Mikolov, 2013). A difference vector
provides an implicit representation of the specific relation between two particular concepts. But although
Word2vec achieved some success for analogies based on
semantically-close concepts, it fails to reliably solve problems based on more dissimilar concepts (Linzen, 2016;
Peterson, Chen, & Griffiths, 2020).
An alternative approach, developed in a model
termed Bayesian Analogy with Relational Transformations (BART) (Lu et al., 2012; Lu, Wu, & Holyoak,
2019), is to use embeddings of individual words as inputs to a learning mechanism that yields explicit representations of relations. BART operates on word embeddings, taking Word2vec embeddings for pairs of individual words as inputs. From Word2vec embeddings,
BART learns dimensions of disentangled relation vectors
in a transformed space. As illustrated in Figure 1, BART
effectively re-represents the relation between two specific
concepts as a vector in a new semantic space (for a re-
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Figure 1: Learning Explicit Relation Vectors from Embeddings
Left: Schematic illustration of BART model architecture for relation representation. The bottom layer of the BART
model is a concatenated input vector based on the two words in a pair; the top layer indicates the set of learned
relations (ellipses indicate additional relations beyond the three illustrated here). After learning, the semantic relation
between any two words is represented as a vector of the posterior probabilities of each learned relation; the relation
vector (Rel) linking love and hate is shown on the top as an illustration. Right: A schematic illustration of semantic
relations formed by BART to generate a transformed (and disentangled) space in which pairs instantiating similar
sets of relations tend to show similar patterns in relation vectors, and hence are located close to one another in the
relation space.
lated approach see Roads & Love, 2020). The dimensions
in BART’s relation vectors are meaningful semantic relations that have been identified in classic psychometric
and psycholinguistic research (Bejar, Chaffin, & Embretson, 1991; Chaffin, 1989), including major classes such
as class inclusion (tree : oak ), part-whole (hand : finger ), similar (road : highway), contrast (hot : cold ),
case relation (read : book ), and cause-purpose (joke :
laughter ). Each element in BART’s relation vector corresponds to the posterior probability that a particular
meaningful relation holds between the concepts. These
distributed (but disentangled) representations enable the
model to generalize to new word pairs that may be linked
by relations on which the model had not been specifically trained. By comparing the similarity between relation vectors (assessed by cosine distance), semantic relation representations derived by BART have been used to
solve verbal analogies in A:B :: C:D format (Lu et al.,
2019), to predict human judgments of relation typicality
and similarity (Ichien, Lu, & Holyoak, 2021), and to predict patterns of similarity in neural responses to relations
during analogical reasoning (Chiang, Peng, Lu, Holyoak,
& Monti, 2021). In each case BART’s performance exceeds that of the baseline Word2vec model, supporting
the importance of incorporating explicit relation representations into models of human reasoning.

However, machine-learning models developed in the
field of Natural Language Processing (NLP) provide new
potential alternatives as predictors of human judgments

of relational similarity. Large Language Models 1 (LLMs)
equipped with self-attention mechanisms (Vaswani et
al., 2017) have driven large increases in performance in
many natural language processing tasks (for a review see
Kalyan, Rajasekharan, & Sangeetha, 2021). The innovation behind the success of LLMs in natural language
processing is known as the transformer block, which employs a multi-head attention mechanism (for a visual introduction to transformers see Alammar, 2018, and for
visualization of the self-attention mechanism see Vig &
Belinkov, 2019). For each token in an input sequence,
a transformer block creates a representation for that token through multiple weighted combinations of the representations of all the tokens in the sequence. The multihead attention mechanism determines the weights given
to each representation in the sequence. These reweighted
representations are then fed through a fully connected
neural network layer. The full LLM is a deep stack
(typically 12 or more) of these transformer blocks with
one or more task-specific final output layers. LLMs are
typically trained using either masked language modeling
(where some input tokens are corrupted and the model
attempts to predict the masked words) or autoregressively on next-word prediction tasks. This training is
done over multi-billion word corpora of text.
In addition to improving performance on applications
to natural language processing, LLMs have been shown
1 We use the term LLM rather than transformer because
the transformer block itself is a deep neural network module
that is not specific to text input.
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to better predict brain activity and behavior during language processing than static word embeddings, including during naturalistic story comprehension (Schrimpf et
al., 2020). Accuracy of an LLM on next word prediction
is related to measures of processing difficulty of words
during reading (Wilcox, Gauthier, Hu, Qian, & Levy,
2020). Probing tasks have found that LLMs learn structural representations of sentences similar to those posited
by theoretical linguists (Manning, Clark, Hewitt, Khandelwal, & Levy, 2020). Although devised as an “engineering” solution for pretrained representations for NLP,
there is potential for these models to inform the study
of brain and behavior.
An LLM uses transformer blocks to yield a contextspecific representation for each token in the input sequence that is conditioned on itself and the other tokens in the sequence. As little as 5% of the variance in
higher, contextualized layers of LLMs can be accounted
for by the initial embedding layer, the LLM’s analogue
to static word embeddings (Ethayarajh, 2019). These
context-specific representations distinguish LLMs from
static word embedding techniques such as Word2vec and
GloVe. Static word embeddings are insensitive to local
word contexts and ordering, and instead (either in an
explicit or implicit fashion) perform factorization of the
global co-occurrence matrix of all words in the training
corpus (Levy, Goldberg, & Dagan, 2015). The success of
LLMs can be attributed in part to their ability to learn
from complex interactions between words. For example,
an ambiguous word such as bank can be disambiguated
by local context (e.g. I swam by the river bank versus I
dropped my deposit in the bank). An LLM will yield a
separate representation for bank in each sentential context, whereas static word embeddings will yield only a
single representation for bank, encoding ambiguity only
implicitly by clustering semantic neighbours of its senses
in semantic space (Günther et al., 2019).
Despite these important differences, representations
derived from LLMs, like static word embeddings, contain no explicit relational component. The adequacy of
LLMs for capturing human abstract generalization remains open to question (Balasubramanian, Jain, Jindal,
Awasthi, & Sarawagi, 2020; Ettinger, 2020). With regards to analogy, the performance of LLMs is often worse
than that of static word embeddings (Ushio, EspinosaAnke, Schockaert, & Camacho-Collados, 2021). For a
review of work on unpacking the success of LLMs and
the nature of their internal representations, see Rogers,
Kovaleva, and Rumshisky (2020).
In the present paper we compare contextual word embeddings derived from LLMs, static word embeddings,
and BART, as predictors of human judgments in two
studies of relational similarity. The first study we consider (Peterson et al., 2020) derived crowd-sourced human judgments of relational similarity on a subset of

relation pairs taken from a set of norms created by Jurgens, Mohammad, Turney, and Holyoak (2012). The
second study we consider (Lu et al., 2019) measured human ability to solve a set of verbal analogy problems in
A:B :: C:D format.

Methods
Materials
Crowdsourced Relational Similarity Judgments Peterson et al. (2020) collected crowdsourced human similarity
judgments for 6191 relation pairs. Each pair was drawn
from one of the ten major relation types in the taxonomy proposed by Bejar et al. (1991), which provided the
basis for the normative data collected by Jurgens et al.
(2012). On each trial, participants were presented with
two pairs of words, and were instructed to rate on a 1-7
scale the degree to which the two word pairs instantiate
the same semantic relation. We compare computational
models as predictors of mean human judgments of relational similarity for individual pair combinations.
Static Word Embeddings To obtain static word embeddings, we used pretrained Word2vec word embeddings 2 .
To directly predict human judgments of relational similarity, the relation between any given pair is represented
by the difference vector between its constituent words.
The degree of (dis)similarity between pairs is predicted
by the cosine distance between the two difference vectors
(a measure termed Word2vec-diff).The alternative models (see below) all also derive their predictions based on
cosine distance.
BART Model of Relational Similarity BART represents the relation between a given word pair as a vector, in which each dimension corresponds to a different learned relation. The value along each dimension
is based on posterior probability that the word pair instantiates a particular relation. For instance, finger :
hand is a good example of the relation X is a part of Y
but a poor example of the relation X causes Y, so its
vector would have a high value for the dimension corresponding to the former relation but a low value for the
dimension corresponding to the latter. BART is trained
using Word2vec embeddings of pairs of individual words.
We used a version of BART that generates vectors based
on 79 dimensions, where each dimension represents one
of 79 relations learned from word pairs provided by Jurgens et al. (2012). In predicting human similarity judgments, previous work has shown that fits are improved
by raising the value on each dimension to the power of 5,
thereby increasing the relative weight of the most probable relations (Ichien et al., 2021). This transformation
also proved helpful for BART in the simulations reported
here.
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Figure 2: Model Comparisons for Human Judgments of Relational Similarity
Predictions of each model (and each layer of LLMs) for human relational similarity judgments obtained by Peterson
et al. (2020). BART (red line, all plots) outperforms Word2vec (purple line, all plots), which is based on static
embeddings, as well as all layers of all three LLMs, which are based on contextual embeddings. Among the LLMs,
the highest layers of gpt2-large yield the predictions with the greatest correlation with human judgments. Solid lines
of the LLMs indicate goodness of fit from a linear effect of distance and dashed lines from a spline fit to distance.
LLM Relation Representations To examine performance on relational similarity judgments for transformer
models that yield contextual embeddings of words, we selected three of the most used LLMs3 : BERT (bert-baseuncased) Devlin, Chang, Lee, and Toutanova (2018),
RoBERTa (roberta-base) (Liu et al., 2019), and GPT-2
(gpt2-large) (Radford et al., 2019). We extracted representations using the transformers library (Wolf et al.,
2020). We use capitalized names to refer to specific LLM
architectures, and lowercase names with hyphens to indicate a specific set of pretrained weights available in
the transformers library using that architecture. BERT
uses bidirectional attention and is trained on a masked
language-modeling task. RoBERTa shares its architecture with BERT, but receives longer training with larger
batch sizes and with corrupted words randomized during each epoch of training, leading to improved empirical
performance over BERT on many NLP tasks. GPT-2 is
trained with a next-word prediction task and differs in
the attention mechanism in its transformer blocks: the
representation for a token at each point can only attend to its own representation and the representation
of the tokens that precede it. This constraint differs
from BERT and RoBERTa, in which attention mechanisms allow tokens to attend to all other tokens in the
sequence at all points. As well, gpt2-large is a much
larger model than bert-base-uncased and roberta-base,
containing some 750 million parameters and 36 layers,
compared to 110 million and 12 layers for bert-base and
125 million and 12 layers for roberta-base.
For each of the LLMs, we extracted semantic distances
between relation pairs. In doing so, an important con3 According

to the most-used online API for these models, https://huggingface.co/models, bert-base-uncased
has been downloaded 12.6 million times, roberta-base 5.89
million times, and gpt-2 14.9 million times.

cern is that previous work has shown that raw hidden
states from LLMs tend to have a small number of hidden
units with large “outlier” activations, leading to poor performance on tasks involving the calculation of distances
between states of the network (Sajjad, Alam, Dalvi, &
Durrani, 2021; Timkey & van Schijndel, 2021). To avoid
this problem, we normalized activations obtained from
each network by inputting 10,000 random sentences from
the Blog section of COCA (Davies, 2008), recording the
mean and standard deviation of activations for each hidden unit, and then applying a z-score transformation to
activations prior to any further transformation.
To obtain embeddings for comparison to human similarity judgments, we placed the two words in each pair
into a sentence in the form “A is related to B”. This sentence form matches the input to human similarity judgments in the study conducted by Peterson et al. (2020),
where no explicit semantic relation was given to participants, and word pairs were only described as “related.”
From each layer we extracted representations for only the
word tokens A and B (averaged across the token dimension if the model’s tokenizer splits the word into subword
units). These values became a 768-1280 dimensional vector representation for words A and B. As for Word2vec,
distance between relation pairs was predicted using the
cosine distance between difference vectors. Thus each
LLM generated a set of predictions using each of its layers, allowing us to assess which layer(s) provided the best
match to human judgments of relational similarity.

Results of Model Comparisons: Relational
Similarity
Figure 2 presents the results of regressing relation pair
distances derived from BART, Word2vec (static embeddings), and three LLMs (contextual embeddings) on
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human judgments of relational similarity obtained by
Peterson et al. (2020). Among all the models tested,
BART distances between relation pairs yielded the most
accurate predictions of human relation similarity judgments (r = 0.46). The highest performing LLM layers
were gpt2-large layer 28 (r = 0.34), roberta-base layer
6 (r = 0.22), and bert-base-uncased layer 7 (r = 0.27).
Among the three LLMs, higher layers of gpt2-large outperformed Word2vec. Some middle layers of bert-baseuncased also exceeded the performance of Word2vec,
while roberta-base was the worst performing LLM, exceeding the accuracy of Word2vec only for a few middle
layers. It is noteworthy that none of the LLMs exceed
Word2vec performance using their first layer (which like
Word2vec is based on static embeddings).
BART distances underwent a power transformation;
accordingly, to ensure that BART’s superior performance was not purely the result of this transformation,
we tested non-linear transformations of the LLM distances. For distances from each layer and model, we fit
a thin plate regression spline with a maximum of 10 degrees of freedom with R package mgcv (Wood, 2017).
Effective degrees of freedom exceeded 3 for all models,
indicating the effect of distance on relation similarity is
nonlinear. However, while nonlinear models improved
goodness of fit across the board, the improvements never
increased LLM performance to the level of BART (see
dashed lines, Figure 2).

Model Comparisons for Verbal Analogies
Judgments of relational similarity are closely related to
the solution of verbal analogies. In a second set of model
comparisons, we assessed the performance of the same alternative computational models on a set of verbal analogy problems for which data on human performance is
available.

Materials
UCLA Verbal Analogy Test The UCLA Verbal Analogy Test (VAT) (Lu et al., 2019) consists of 80 analogy
problems in the form A:B :: C:D versus C:D’, with 20
items representing each of four general relations: category member, function, antonym, and synonym. The
task requires selection of one of two forced-choice alternatives (D) as the better analogical completion, where
the incorrect option (D’) is also closely related to the C
term; e.g., artificial : natural :: friend : enemy (correct)
versus friend : relative (incorrect).
Deriving Model Predictions For all models, representations were derived in the same manner as in the simulations of relational similarity judgments reported above
(except that the power transformation was omitted for
the BART simulation to be consistent with Lu et al.,
2019). A model was considered to select the correct answer to a problem if it yields a cosine distance between

A:B and C:D less than that between A:B and C:D’.

Results of Model Comparisons: Verbal
Analogies
Figure 3 presents performance of each type of model for
each of the four relation types in the UCLA VAT. BART
has the highest overall performance at .84 correct, which
matches the human mean of .84 correct reported by Lu
et al. (2019). The next highest accuracy is achieved
by gpt2-large (across layers: min=0.575, max=.80,
mean=0.70), followed by Word2vec (0.69 correct), followed by BERT (across layers: min=0.6, max=.725,
mean=0.66), and roberta-base (across layers: min=0.59,
max=.74, mean=0.66). The only LLM variants that numerically exceed BART’s accuracy are a single layer of
BERT on the antonym relation and a few layers of gpt2large on the antonym and synonym relations. However,
for the LLMs the best performing layers are not consistent across relations, and the best performing single
layer does not exceed BART’s overall accuracy.

Discussion
We compared multiple models of relational comparisons,
each based on a different source of vector representations of meanings, to human data concerning judgments
of relational similarity and solution of verbal analogy
problems. The basic decision criterion for determining
relation similarity (cosine distance between vector representations) was identical across all models. For both
human judgments of relational similarity between word
pairs (Peterson et al., 2020) and human solution of verbal analogy problems (Lu et al., 2019), the best match to
human performance was obtained using BART, a model
that learns explicit representations of relations, coded as
vectors in a transformed similarity space. BART captured human performance more successfully than either
a model using static embeddings (Word2vec) or models using contextualized embeddings created by LLMs
(BERT, RoBERTa, and GPT-2).
However, considerably more work will be required to
assess the potential of LLMs to support human-like relational reasoning. LLMs have great flexibility in how
they can be applied to solve verbal analogies and similar
tasks. Not only can embeddings be taken from different
layers in the network (as explored here), but the contextualized embeddings can be produced by indefinitely
many different text contexts. Here we used a very simple context, a sentence in the form “A is related to B”,
which is arguably a natural expression for a similarity
statement. Other choices for formatting the inputs to
LLMs (e.g., sentences with linking phrases more specific
than “is related”) can be explored in future work.
In the present study we derived predictions using contextualized embeddings directly produced by pretrained
LLMs. Another avenue is to use forms of “fine tuning”:
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Figure 3: Model Comparisons with Human Accuracy in Solving Verbal Analogy Problems
Accuracy of each model (and each layer of LLMs) for problems in the UCLA VAT based on each of four relation
types. Mean human accuracy from Lu et al. (2019) is indicated at right side in each panel.
copying weights from an LLM trained on masked or autoregressive language modeling and retraining the model
on a new task, such as document classification. An LLM
can be fine-tuned on specific cognitive tasks (Bhatia &
Richie, in press), potentially including verbal analogy
tasks. However, the cognitive interpretation of transfer learning via a fine-tuning step is not clear. Insofar
as the aim is to model human cognition, it is necessary
to explain how people accomplish analogical reasoning
without direct training on analogy as a task.
Our approach to using LLMs in the present study was
to directly extract hidden states of a network and then
use difference vectors for these extracted states to predict
human judgments. Language models can also function
in a generative fashion: a verbal prompt can be fed to
the network, based on which the network generates a
completion. Indeed, it has been shown that providing
LLMs with a few examples of the desired output can
improve performance (Brown et al., 2020). An important
direction for future research will be to evaluate the use of
LLMs to solve analogy problems in the generative mode.
A further limitation of the present study is that we
were unable to test recent state-of-the-art LLMs such as
GPT-3 (Brown et al., 2020). These models, with hundreds of billions of parameters, exceed the capabilities of
consumer hardware and/or are not publicly available for
use in extracting representations. There is a concern as
to whether the sheer scale of the data used to train the

latest LLMs so far exceeds human capacity as to render these models implausible as the basis for cognitive
models. Moreover, the representativeness and balance of
LLM training corpora compared to the natural language
use to which an average speaker is exposed is questionable.
Finally, an important future direction is to explore
whether contextualized word embeddings can be used
as inputs to a model such as BART, which aims to
learn explicit representations of relations in a transformed space. BART has been trained on a variety
of vector representations of word meanings (Lu et al.,
2012). BART in the present paper was trained using
static Word2vec embeddings. There is some evidence
that explicit training on relations can yield LLMs representations that in some cases outperform static word embeddings (Bouraoui, Camacho-Collados, & Schockaert,
2020). By taking contextualized embeddings as inputs
to learn vector representations of relations, it may be
possible to better capture the human ability to solve
complex analogies. More complex analogies that require
mapping of more than two concepts in each analog can
be performed using vector representations organized into
attributed graphs (Lu, Ichien, & Holyoak, 2022) and using higher-order relations such as causal relations (Yuille
& Lu, 2007). More generally, advances in machine learning can continue to create opportunities for synergistic
advances in cognitive modeling.
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Abstract
Events are considered as temporal segments with a beginning
and an endpoint. Philosophical and linguistic literature on
events distinguishes between bounded events that include
distinct temporal stages leading to culmination (e.g., fix a car)
and unbounded events that include largely undifferentiated
stages and lack an inherent endpoint (e.g., drive a car). The
present study shows that event viewers spontaneously compute
this distinction through an interruption detection task. People
watched videos of bounded or unbounded events with a visual
interruption lasting .03s at the midpoint or close to the endpoint
of the event stimulus. People indicated whether they saw an
interruption after each video (Experiments 1) or responded as
soon as possible during each video (Experiment 2). In both
cases, the endpoint-midpoint difference depended on whether
participants were watching a bounded or an unbounded event.
As people perceive dynamic events, they spontaneously track
boundedness, or the internal temporal structure of events.
Keywords: boundedness; aspect; event structure; event
perception

Introduction
The world is a continuous flow of activity, but we segment
our continuous experience in terms of concrete units with
beginnings and ends, i.e., events. According to a prominent
account (Event Segmentation Theory, or EST; Zacks et al.,
2007), the process of segmenting events is guided by stable
working memory representations, known as event models.
Event models contain some structured information about
events (including event participants, their intentions and
goals, as well as temporal, spatial, and causal relations among
event participants; see Radvansky & Zacks, 2014). Event
models help observers make predictions about upcoming
happenings. The perception of event boundaries depends on
these predictions: when important situation features change,
people cannot accurately predict what is coming next and
have to update their event models. The moment when
maximal prediction errors occur is thus experienced as an
event boundary.
A key finding from the literature on event segmentation is
that event boundaries are influential for event processing. For
instance, visual stimuli that include only event boundaries are
understood and recalled better than stimuli that include only
event middles (Newston & Engquist, 1976; Schwan &
Garsofsky, 2004). Similarly, objects relevant to an event
boundary are recognized more easily than objects relevant to
non-boundary moments (Swallow et al., 2009), and objects

external to the event stimulus are detected more accurately
when inserted outside of event boundaries (Huff et al., 2012).
A plausible explanation for the advantage of event
boundaries is offered by EST: once an event comes to an end,
a range of possible new events may follow; the transition is
less predictable and thus requires more processing resources
(Zacks et al., 2007). In support of this idea, people spend
more time at event boundaries when reading event
descriptions or watching slideshows of events at their own
pace (Hard et al., 2011; Pettijohn & Radvansky, 2016). In this
line of reasoning, attention is organized in line with event
segmental structure, with more attention being allocated to
the less predictable event boundaries. This attentional bias
may lead to the privileged status of event boundaries in
comprehension and memory.
Despite the emphasis on how people identify event
boundaries within the above literature, a topic that has
received much less discussion is how people process the
representational unit within event boundaries (see Huff &
Papenmeier, 2017). Typically, the research on event
segmentation identifies an event as “a segment of time at a
given location that is conceived by an observer to have a
beginning and an end” (Zacks & Tversky, 2001) but does not
address how people represent the content of specific events.
Here we propose that, to better understand how the human
mind represents events, we need to consider the temporal
texture within individual events and event classes.
According to a long linguistic and philosophical study of
events (see Filip, 2012; van Hout, 2016), language describes
a situation as either a bounded or an unbounded event. The
two types of events have different internal structures and
different ways in which they come to an end. For instance,
the sentence “A girl fixed a car” encodes an experience as a
bounded event: this event has a non-homogenous structure
consisting of distinct, articulated stages (e.g., opening the car
hood, checking the engine, etc.) that lead to a “built-in
terminal point” (Comrie, 1976), “climax” (Vendler, 1957) or
“culmination” (Parsons, 1990) - the moment when the car
starts to work again. The endpoint of bounded events is
projected “from the outset” and is naturally achieved unless
there is an interruption (Mittwoch, 2013). By contrast, the
sentence “A girl drove a car” encodes an experience as an
unbounded event: this event has a homogenous structure that
lacks distinct stages since “any part of the process is of the
same nature as the whole” (Vendler, 1957) - each moment of
the girl’s action can still be described as an event of driving
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a car. Unbounded events have no specified endpoint and may
end at an arbitrary moment (in the example above, the
endpoint could be any moment when the girl stops driving).
Recent experimental work reports that viewers extract
boundedness information when processing naturalistic visual
events, even when they are not engaged in the process of
producing or comprehending event descriptions. In a direct
demonstration (Ji & Papafragou, 2020), participants watched
videos of a character perform everyday actions; some videos
were marked by a red frame in a way that corresponded to
either the bounded or the unbounded event category. The
participants succeeded in identifying whether the red frame
applied to a new set of events. Other studies have offered
evidence that boundedness cross-cuts linguistic and visual
stimuli (e.g., Malaia et al., 2012; Strickland et al., 2015;
Wehry et al., 2019; Wellwood et al., 2018).
How exactly does boundedness contribute to conceptual
event representations? A first possibility is that boundedness
is computed as part of the continually evolving event
representation that viewers generate spontaneously as they
process dynamic visual input. 1 On this hypothesis,
boundedness could be captured by extending the mechanisms
outlined in Event Segmentation Theory (Swallow et al.,
2009; Zacks et al., 2007). On this theory, viewers predict
what is going to happen next in the perceptual stream, and
update their working model of an event continuously.
Boundedness can be viewed as an outcome of viewers’
sensitivity to accumulating change within the boundaries of
an event, even when the change does not warrant inserting an
event breakpoint. During unbounded (homogeneous) events,
observers can easily predict what comes next based on what
is happening in the moment, and treat temporal slices of the
event similarly since they are equally predictable. By
contrast, during bounded (non-homogeneous) events,
different temporal slices represent different stages of
development, with the moment of the event endpoint or
culmination being the least predictable.
According to an alternative hypothesis, however,
awareness of bounded/unbounded event classes might arise
through explicit and deliberate observation of commonalities
among event exemplars but does not drive event
apprehension itself. In other words, boundedness can be
computed by viewers as an abstraction over events but does
not emerge during ordinary event processing. Notice that the
tasks used to probe non-linguistic boundedness have
typically been explicit and involved intentionally inspecting
specific event tokens for the purposes of forming an event
class (e.g., Ji & Papafragou, 2020). To settle this issue in
favor of the spontaneity hypothesis, one would need evidence
that observers compute event boundedness as they process
naturalistic events even when they are engaged in some
orthogonal task.
In the present study, we hypothesized that event viewers
spontaneously track the temporal texture of bounded and

unbounded events. To test this hypothesis, we introduced
very brief disruptions at different time points within videos
of bounded vs. unbounded events during which the visual
stimulus became blurry. The observers’ task was to detect
these disruptions. Observers had to respond either after
watching a video (Experiments 1) or as soon as they detected
the interruption while they watched the video (Experiment 2).
The disruptions were inserted as an attentional probe and thus
detection accuracy should be lower and response times
should be longer when more processing resources were
drawn by the event stimuli (see also Huff et al., 2012). If
boundedness is computed as part of event apprehension, we
should observe differential sensitivity to the placement of
visual interruptions depending on the boundedness of the
stimulus. Specifically, for bounded events whose internal
texture has distinct sub-stages and leads to the highly
informative moment of culmination, disruptions should be
harder to detect when they appear close to the event endpoint
compared to the midpoint. By contrast, for unbounded events
whose temporal texture is largely undifferentiated, there
should be little or no difference in detection of disruptions
placed at midpoints vs. endpoints of event stimuli.

1 Spontaneous cognitive processes are unconscious and
involuntary, even though their operation is determined by attention
or some other form of calibration (Carruthers, 2017; O’Grady, et al.,

2020). As such, they differ from automatic processes that are
reflexive and cannot be inhibited (ibid.).

Experiment 1
Method
Participants Sixty-four adults (age range: 18-23)
participated in the experiment. Our sample size was decided
based on the sample size in similar studies on event
perception and memory (e.g., Huff et al., 2012; Papenmeier,
et al., 2019). All participants were undergraduates at a major
university on the East Coast of the US. Data from 3 additional
adults were collected but excluded because they kept giving
Yes responses throughout the experiment.
Stimuli We used the same 20 pairs of videos as Ji and
Papafragou (2020). Paired videos showed a bounded and an
unbounded event, and had the same duration (4-12s, M =
6.7s; see Table 1). All of the events involved the same girl
who did a familiar everyday action in a sparse room. The
action began with the girl picking up an object or tool from a
tabletop surface and came to an end with her putting down
the object or tool and removing her hands from the table. As
in the linguistic literature, the contrast between bounded and
unbounded events was due to either the nature of the action
or the nature of the affected object (see Tenny, 1987). For
half of the videos, paired bounded and unbounded events
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Table 1: Stimulus events in Experiment 1
Phase

Boundedness Source
Nature of Action

Practice
Nature of Affected Object

Nature of Action

Testing

Nature of Affected Object

No.
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20

Bounded Events
close a fan
crack an egg
cut a ribbon in half
stick a sticker
fold up a handkerchief
put up one’s hair
stack a deck of cards
group pawns based on color
dress a teddy bear
roll up a towel
fill a glass with milk
scoop up yogurt
draw a balloon
tie a knot
eat a pretzel
flip a postcard
peel a banana
blow a balloon
tear a paper towel
paint a star

involved the same object but differed in terms of the nature
of the action performed on the object: the bounded
event displayed an action that caused a clear and temporally
demarcated change of state in the object (e.g., stack a deck of
cards) while its unbounded counterpart did not involve such
a change (e.g., shuffle a deck of cards). For the other half of
the videos, the bounded and unbounded events involved the
same action but differed in terms of the nature of the affected
object: the bounded event involved a single object (e.g., blow
a balloon) but its unbounded counterpart involved either an
unspecified plurality of objects or a mass quantity (e.g., blow
bubbles).
Two norming studies were conducted to ensure that
viewers talked about and considered our stimuli as either a
bounded or an unbounded event as expected. First, 18 native
English speakers participated in an event description task.
Their descriptions show that the videos successfully aligned
with the linguistic boundedness distinction in English:
stimuli of bounded events elicited bounded descriptions that
included change-of-state predicates (e.g., stack a deck of
cards) or quantified count noun phrases (e.g., blow a balloon)
98.2% of the time. Stimuli of unbounded events elicited
unbounded verb phrases that included verbs of activity (e.g.,
shuffle a deck of cards) or unquantified noun phrases (bare
plurals or mass nouns: e.g., blow bubbles) 92.8% of the time.
Second, 40 participants completed a task that elicited
judgment about the temporal structure of the stimuli. Videos
of bounded events were considered as “something with a

Unbounded Events
use a fan for oneself
beat an egg
cut ribbon from a roll
stick stickers
wave a handkerchief
scratch one’s hair
shuffle a deck of cards
mix pawns of two colors
pat a teddy bear
twist a towel
shake a bottle of milk
stir yogurt
draw circles
tie knots
eat cheerios
flip pages
crack peanuts
blow bubbles
tear paper towels
paint stuff

beginning, midpoint and specific endpoint” 87.2% of the time
while videos of unbounded events were considered as such
only 20.3% of the time.
The videos were then edited in Corel VideoStudio X9 to
introduce a “break” of 0.03s (i.e., 1 editing frame, with a
video display rate of 30 frames per second; see also Hard et
al., 2011; Strickland & Keil, 2011). The break consisted of a
blurry picture created by applying an Iris Blur Effect in
Adobe Photoshop CS 6 to portions of the original video (see
the examples in Figure 1 and Figure 2). Each video was
edited twice. In the mid-break version, the break replaced the
frame that showed the temporal midpoint of the event (e.g.,
in the video of blowing a balloon with 300 frames, the midbreak replaced the 151st frame). In the late-break version, the
break began at the point that corresponded to 80% of the
event (e.g., in the same video of blowing a balloon, the latebreak replaced the 241st frame). Edited videos were used as
test items, and their original versions were used as fillers.

Figure 1: Examples of two versions of a bounded event (blow
a balloon) in Experiment 1: (a) mid-break (b) late-break.
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The video stimuli of bounded events were arranged into 4
lists. Each list began with a practice phase composed of 4
videos. For this phase, the first and third videos always had a
mid-break and a late-break respectively and the other two
videos did not include a break. The same 4 events were used
as practice items for all 4 lists but each event appeared in the
mid-break version in one list, in the late-break version in a
second list, and as a filler without any break in the remaining
two lists. Within each list, the testing phase was composed of
8 test videos (4 with a mid-break, 4 with a late-break) and 8
fillers. Whether an event appeared as a test item or a filler
was rotated across the lists. Unlike the practice phase, the
events were presented in the same order across the 4 lists.
Therefore, the order between test items and fillers differed
among the lists. In each list, test items and fillers were
intermixed such that items of the same type could not appear
successively more than 3 times. The position of the break
(mid vs. late) and the source of boundedness (action vs.
affected object) in test videos were counterbalanced. The
stimuli of unbounded events were also arranged into 4 lists in
the same way.
Procedure Participants were randomly assigned to one of
two conditions depending on the event type (Bounded or
Unbounded) that they were exposed to throughout the
experiment. Within each condition, they were randomly
assigned to one of the 4 lists. Participants were told to watch
each video carefully and decide whether they saw a break in
the video. Responses were given by circling either “Break”,
or “No break” on an answer sheet. Participants were then
given a practice phase meant to illustrate what a break was.
After each practice trial, participants noted their answer, and
then the experimenter gave the correct answer. If participants
were wrong, the video was played a second time. In the
testing phase, no feedback was given.

Results
“Break” responses to test items and “No break” responses to
fillers were coded as correct. Overall, the accuracy of
responses to fillers did not differ significantly between the
Bounded (M = 93.8%) and Unbounded condition (M = 92.2%)
(t(62) = -.611, p = .543). Turning to test items (see Figure 3),

Proportion of correct responses

Figure 2: Examples of two versions of an unbounded event
(blow bubbles) in Experiment 1: (a) mid-break (b) late-break.

we submitted the binary accuracy data to a mixed logit model
with fixed effects of Event Type (Bounded vs. Unbounded),
Break Placement (Mid vs. Late) and their interaction. All of
the factors were coded using centered contrast (-0.5, 0.5).
Random intercepts were provided for each Subject and each
Item (Baayen, et al., 2008; Barr, 2008). 2 The analysis
showed that the difference between Bounded (M = 87.5%)
and Unbounded event types (M = 94.5%) was not significant
(β =0.69, z = 1.80, p =.072). Similarly, there was a trend
towards better break detection at midpoints (M = 94.5%)
compared to late points (M = 87.5%) (β = -0.69, z = -1.87, p
= .061). Crucially, there was a significant interaction between
Event Type and Break Placement (β = 1.99, z = 2.70, p =.007).
Participants watching videos of bounded events were better
at detecting mid-breaks (M = 95.3%) than late-breaks (M =
79.7%) (β = -1.74, z = -3.53, p < .001). By contrast,
participants watching videos of unbounded events did not
differ in their detection of mid-breaks (M = 93.8%) and latebreaks (M = 95.3%, β = 0.31, z = 0.55, p = .581).
100%
90%
80%
70%
60%
50%
40%
30%
20%
10%
0%
Bounded Events Unbounded Events
Mid-break
Late-break

Figure 3: Proportion of correct responses in Experiment 1.
Error bars represent ±SEM.

Discussion
In this experiment, viewers were more likely to miss a visual
disruption of an event stimulus when the disruption occurred
close to the event ending compared to the event midpoint, but
only when perceiving a bounded event; there was no effect of
the placement of the disruption when viewers perceived an
unbounded event. This effect of event type on the detection
of mid- and late-disruptions emerged even though neither the
placement of the disruption nor the content of the disrupted
event were relevant to the viewers’ task. Therefore, the
results support our hypothesis that viewers track the temporal
structure of events as part of their event understanding.

2 Adding Boundedness Source (Action vs. Affected Object) and
List to the model did not reliably improve model fit so we excluded
these factors from further analysis.
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In Experiments 1, participants gave a response after watching
each video, and it remains possible that their detection of
breaks was influenced by their construal of the whole event.
To exclude this possibility, in Experiment 2, participants
were asked to indicate detection of a break as soon as possible
as they watched each video. If the effect of break placement
in bounded but not unbounded events persists, it would
strongly support the hypothesis that observers spontaneously
track event boundedness during event perception.

Method
Participants Sixty-four adults (age range: 18-23) recruited
from the undergraduate population of a major university on
the East Coast of the US participated in the experiment for
course credit. Data from 6 additional adults were collected
but excluded: two participants did not understand the task;
two participants always responded Yes throughout the
experiment; one participant tended to respond multiple times
in each trial during the experiment; one participant in the
Bounded condition had an average response time more than
2 standard deviations above the average of participants in the
same condition.

responses) and any No responses that occurred before the end
of filler videos (N = 4, 0.4% of total responses).
Performance on filler items did not differ between event
types (M = 80.5% for Bounded vs. 78.9% for the Unbounded
events, t(62) =.350, p > .250). For test items, the same coding
and analytic strategy was used as in Experiments 1. As shown
in Figure 4, there was a significant effect of Break Placement,
such that participants were better at detecting breaks at
midpoints (M = 89.5%) than breaks close to event endpoints
(M = 81.3%) (β = -.65, z = -2.36, p = .018). The difference
between Bounded (M = 82.8%) and Unbounded (M = 87.9%)
event types was not significant (p = .27), nor was there a
significant interaction between Event Type and Break
Placement (p = .38). 3

Proportion of Correct Responses

Experiment 2

Stimuli Video stimuli were identical to those used in
Experiment 1.
Procedure Experiment 2 was an online study conducted on
the PennController platform for Internet Based Experiments
(PCIbex, Zehr & Schwarz, 2018). Participants logged in to
the experiment from their computer. Initial instructions
informed them that they would watch some videos and that
some of these videos contained a break. Their task was to
detect the break as soon as they could while watching a video.
They were told to press the spacebar immediately if they
detected a break in the video, or press N at the end of the
video if they did not see any break. In each trial, both
response type and response time were recorded. If a
participant did not respond within 5 seconds after the end of
the video, the program automatically moved on to the next
trial. As in Experiments 1, participants had a practice session
to understand what a break was. During practice, participants
received feedback on their response in each trial. At test, no
feedback was given.

100%
90%
80%
70%
60%
50%
40%
30%
20%
10%
0%
Bounded Events Unbounded Events
Mid-break Late-break

Figure 4: Proportion of correct responses in Experiment 2.
Error bars represent ±SEM.

We coded Yes responses (i.e., pressing the spacebar) to test
items and No responses (i.e., pressing N) to fillers as correct.
Errors included failure to detect the break in test items, false
alarms and timeouts (N = 9, 0.9% of total responses). We
further checked the response times in correct responses and
recoded as errors any Yes responses that occurred before the
time of the break in test videos (N = 40, 3.9% of total

We further examined the response times for trials in which
participants correctly identified the breaks in test items. The
response times were analyzed using generalized linear
mixed-effects models (GLMMs) with Event Type (Bounded
vs. Unbounded) and Break Placement (Mid vs. Late) as fixed
factors and crossed random intercepts for Subjects and Items.
The models were fitted using the glmer function in R, and
Gamma distribution was selected to provide a close
approximation to the positively skewed distribution of
response times (Lo & Andrews, 2015; R Core Team, 2013).
As shown in Figure 5, participants spent more time on
detecting a break in bounded events (M = 821 ms) compared
to unbounded ones (M = 689 ms) (β = -139.7, t = -3.23, p =
.001). Additionally, participants needed more time to detect
breaks close to event endings (M = 796 ms) than at event
midpoints (M = 714 ms) (β = 62.05, t = 5.99, p < .001).
Importantly, a significant interaction between Event Type
and Break Placement was found (β = -36.78, t = -1.97, p
=.049). The interaction revealed no significant boundedunbounded difference for breaks placed at event midpoints (β
= -89.83, t = -1.89, p = .059), but a significant bounded-

3 The accuracy of responses to both test items and fillers in
Experiment 2 was significantly lower compared to Experiment 1

(Test items: β = -0.62, z = -2.47, p = .013; Fillers: β = -1.23, z = 4.82, p < .001).

Results
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Response time (in ms)

unbounded difference for breaks placed close to event
endpoints (β = -165.35, t = -2.84, p = .006).
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Late-break

Figure 5: Response time (in ms) for participants to correctly
identify a break in Experiment 2. Error bars represent ±SEM.

Discussion
Unlike Experiment 1, participants’ accuracy was only
affected by whether the break appeared in the middle or
towards the end of the video, and the detection performance
was overall lower. We hypothesize that these differences
could have resulted from the change in the task: participants
performed a more demanding dual task as they had to make
a response during event perception (see also Papenmeier et
al., 2019). Nevertheless, the patterns found in response times
were reminiscent of the results from the previous experiments:
participants took longer to detect disruptions close to event
endings than at event middles, and this difference was greater
in bounded than unbounded events. These results confirmed
our hypothesis that boundedness affects online, spontaneous
event perception.

General Discussion
Most studies on event cognition have typically used event
segmentation measures but have paid less attention to the
representational content of each event unit, or of classes of
event units. Here we have used an innovative measure to
probe sensitivity to event-general properties of events that
was inspired by linguistic and philosophical treatments (e.g.,
Bach, 1986; Krifka, 1989, 1998; Vendler, 1957).
We hypothesized that, when people observe real-world
events, they spontaneously construct coherent interpretations
that incorporate the internal temporal contour of the events
(i.e., boundedness) and use this information to process
continuous visual input. In Experiments 1, we placed
disruptions at different time points during bounded and
unbounded naturalistic events and measured the accuracy of
detecting these disruptions. The results showed that the
placement of disruptions affected detection performance only
for bounded events. In Experiment 2, we further measured
the time it took to detect the disruptions as the event was

unfolding. The results indicated that the disruption placement
influenced response times to a greater extent in bounded
events compared to the unbounded ones. These patterns
confirmed our hypothesis: viewers spontaneously track the
temporal texture of events as they make sense of dynamically
unfolding event information.
Our results break new ground in studies of event cognition.
First, they show that boundedness computations seem to be
part and parcel of event comprehension rather than arising
through the explicit, intentional extraction of commonalities
among specific events. Second, the present findings reframe
and contextualize a robust finding from prior studies on event
segmentation, namely that event boundaries – especially
event endpoints – are salient within the representation of an
event (Hard et al., 2011; Huff et al., 2012; Newtson &
Engquist, 1976; Pettijohn & Radvansky, 2016; Schwan &
Garsofsky, 2004; Swallow et al., 2009; Zacks et al., 2007).
Here we report that the relative salience of endpoints in event
cognition is tied to the internal temporal texture of events and
does not uniformly characterize event tokens. Last, the
present data strongly suggest that boundedness should be
integrated into existing models of event cognition. One
possible path would be to recruit and enhance the
mechanisms outlined in EST (Swallow et al., 2009; Zacks et
al., 2007). Our results indicate that viewers are sensitive to
accumulating change within the boundaries of an event, even
when no event breakpoint is detected. Furthermore,
depending on how predictable this change is, viewers
construct different event types. During unbounded events,
observers can easily predict what comes next based on what
is happening in the moment, and treat temporal slices of the
event similarly. By contrast, during bounded events, different
temporal slices represent different stages of development.
Our present work leaves several questions open for future
research. First, in all of our experiments, boundedness was
determined by two factors, the nature of the action and the
affected object. We did not aim to compare between the two
components in the current study, and we did not find an effect
of boundedness source (Action vs. Affected Object) on
participants’ performance. However, in the next phases of
this research, it is important to take on these dimensions of
boundedness and look at subclasses of (un)bounded events.
Second, though the present stimuli were created to be
unambiguously bounded or unbounded, in both language and
cognition the same experience can often be construed from
both a bounded and an unbounded perspective (compare
playing music and playing a musical piece; Wagner & Carey,
2003). Furthermore, considerations of boundedness may
interact with the agent’s preferences, goals and other aspects
of the context (Depraetere, 2007; Filip, 2001; Kennedy &
Levin, 2008; Mathis & Papafragou, 2020; Zacks & Swallow,
2007). Further research needs to address how the viewer’s
mind extracts boundedness categories from streams of
sensory information, and how this process affects
information-processing at distinct temporal points along the
development of the event.
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Abstract
Logico-semantic theories have long noted parallels between
the linguistic representation of temporal entities (events) and
spatial entities (objects): bounded (or telic) predicates such as
fix a car resemble count nouns such as sandcastle because they
are “atoms” with well-defined boundaries. By contrast,
unbounded (or atelic) phrases such as drive a car resemble
mass nouns such as sand in that they are unspecified for atomic
features. Here, we show for the first time that there are
similarities in the perceptual-cognitive representation of events
and objects in non-linguistic tasks. Specifically, after viewers
form a bounded or an unbounded event category, they can
extend the category to objects or substances respectively
(Experiment 1). Furthermore, viewers can intuitively make
event-to-object mappings that respect atomicity (Experiment
2). These striking similarities between the mental
representation of events and objects have implications for
current theories of event cognition, as well as the relationship
between language and thought.
Keywords: boundedness; event cognition; telicity; aspect;
atomicity; object

Introduction
Humans encode their dynamic experience as concrete units,
i.e., events. According to an influential account (Zacks, et al.,
2007), segmenting events from continuous streams of actions
depends on stable working memory representations, known
as event models. Event models contain abstract information
about events such as the number of event participants, their
roles and intentions, their temporal and spatial relations
(Radvansky & Zacks, 2014). Rich evidence from event
segmentation studies shows that event boundaries (especially
the event endpoints) are important for event perception and
comprehension (e.g., they are recalled and described more
accurately than non-boundaries; Huff et al., 2012; Newston
& Engquist, 1976; Swallow et al., 2009; cf. also Lakusta &
Landau, 2005, 2012; Levine et al., 2017; Papafragou, 2010;
Regier & Zheng, 2007).
Although vast research has demonstrated how event
observers form event units and has accounted for the
importance of event boundaries, much less attention has been
paid to the representational content of an event unit (i.e.,
“what happens” between two event boundaries). Event
models (Radvansky & Zacks, 2014) and related frameworks
(Cooper, 2021; Elman & McRae, 2019) have only addressed
broad parameters of complex event knowledge. Other work
has revealed how infants, children and adults conceptually

represent dynamic events but has targeted specific event
types and ingredients (e.g., motion – Lakusta & Landau,
2005, 2012; Papafragou, et al., 2008; Pulverman et al., 2013;
spatial mechanics – Baillargeon & Wang, 2002; McDonough
et al., 2003; Strickland & Scholl, 2015; causation –
Buchsbaum et al., 2015; Muentener & Carey, 2010; Scholl &
Nakayama, 2002; Wolfe, 2007; and intentionality –
Tomasello & Carpenter, 2007; Woodward & Cannon, 2013;
among many others). In sum, general models of event
representation still need to specify how the process of
mentally assembling event units and their boundaries yields
an understanding of the conceptual content and organization
of events.
A separate linguistic and philosophical tradition on events
that goes back to Aristotle may offer insights on this research
gap. Language describes a dynamic situation as either a
bounded or an unbounded event through the telic-atelic
distinction (see Filip, 2012; van Hout, 2016). For instance,
the telic sentence Sam entered the house encodes an
experience as a bounded event: this event has internal
structure consisting of distinct stages (e.g., opening the door,
taking a step in, etc.) that lead to a definite endpoint
(Jackendoff, 1991; Mourelatos, 1978; Parsons, 1990;
Vendler, 1957) - the moment when Sam is in the house. By
contrast, the atelic sentence Sam approached the house
encodes an experience as an unbounded event: in this event,
“any part of the process is of the same nature as the whole”
(Vendler, 1957) – each moment of the action can still be
described as an event of approaching the house. As a result,
unbounded events have no specified endpoint and may
terminate at an arbitrary moment. Several studies have
confirmed that telic vs. atelic language triggers different
cognitive perspectives on the temporal structure of events
(Barner et al., 2008; Malaia et al., 2012; Strickland et al.,
2015; Wagner & Carey, 2003).
A cornerstone of analyses of linguistic telicity extends
beyond the event domain to connect to the linguistic
semantics of nominals (e.g., Bach, 1986; Taylor, 1977). On
this view, bounded (or telic) predicates such as enter (a
house) resemble count nouns such as sandcastle because they
are “atoms” that can be individuated and compared to each
other; these entities have a non-homogeneous structure (i.e.,
they have discrete minimal parts and cannot be divided
arbitrarily). By contrast, unbounded (or atelic) phrases such
as approach (a house) resemble mass nouns such as sand in
that they are unspecified for atomic features; these entities are
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homogeneous (i.e., they lack minimal parts and can be
divided arbitrarily). Atomic (individuated) entities (bounded
events and objects) can be distributively quantified, counted,
and compared by their number (e.g., to answer a question
about bounded events such as “Who gave more kisses?”,
people directly count how many kisses were given; similarly,
a question about objects such as “Who owns more books?” is
solved by simply counting the books; Barner et al., 2008;
Wittenberg & Levy, 2017). Non-atomic (unindividuated)
entities (unbounded events and substances) cannot easily be
distributively quantified, are better measured than counted,
and are not preferentially compared by number (e.g., to
answer “Who did more running?”, people need
measurements such as the distance or time duration of
running but number becomes irrelevant; similarly, to answer
“Who has more milk?”, one may check the volume or weight
of milk rather than consider number).
Evidence for the parallel between the cognitive
representations of events and objects has so far mostly come
from studies of how linguistic form connects to
conceptualization (Barner et al., 2008; Prasada, et al., 2002;
Wellwood et al., 2018). In the present study, we for the first
time directly tested the hypothesis that the cognitive unit of
event representation is similar to the unit of object
representation. Specifically, we asked whether abstract
considerations of atomicity underlie the domains of both
temporally extended entities (bounded/unbounded events)
and spatially extended entities (objects/substances) in nonlinguistic cognition. In Experiment 1, we built on the
boundedness studies by Ji and Papafragou (2020) to test
whether people can extend the category of event
(un)boundedness to a corresponding quantificational
distinction in the object domain. In Experiment 2, we
examined whether people can match events to objects based
on the (non-)atomicity property through a more direct task.

Experiment 1
In this experiment, we conducted a category identification
task (adapted from Ji & Papafragou, 2020), where
participants watched pairs of bounded and unbounded events
and had to form a generalization about one member of these
pairs. Later participants were invited to extend their eventbased generalizations to novel objects and substances. Of
interest was whether participants would use the logic of
individuation to generalize from bounded events to objects
and from unbounded events to substances.

Method
Participants Forty-eight adults (34 female, 14 male; Mage =
19.5, age range: 18.0 – 23.2) participated in the experiment.
All were undergraduates at a major research university on the
East Coast of the United States and received course credit for
participation.
Stimuli We used 10 pairs of videos from Ji and Papafragou
(2020). All videos involved the same girl doing a familiar
everyday action in a lab room. Paired videos had the same
duration (4.4-12s, M = 7.3s), and showed a bounded and an
unbounded event (see Table 1). The bounded-unbounded
contrast was due to the nature of the action. Specifically, in
each pair, the bounded member involved an action that
caused a clear and temporally demarcated change of state in
the object (e.g., dress a teddy bear) while its unbounded
counterpart did not have such a change (e.g., pat a teddy bear;
see Figure 1). Paired events included the same affected
object(s) (e.g., a teddy bear). Among the 10 pairs of videos,
5 pairs involved a single canonical object (e.g., dress vs. pat
a teddy bear) and 5 pairs involved a mass quantity (e.g., put
up vs. scratch one’s hair).

Table 1: Stimulus events in Experiment 1
Phase

No.
1
2
3
4
5
6
7
8
9
10

Bounded Events

Unbounded Events

fold up a handkerchief
wave a handkerchief
put up one’s hair
scratch one’s hair
Training
stack a deck of cards
shuffle a deck of cards
group pawns based on color
mix pawns of two colors
dress a teddy bear/
pat a teddy bear
roll up a towel/
twist a towel
fill a glass with milk/
shake a bottle of milk
Testing
scoop up yogurt/
stir yogurt
close a fan/
use a fan for oneself
crack an egg/
beat an egg
Note: Each row depicts a pair of events. In the training phase, participants saw both events within a
pair. In the testing phase, participants saw only one event from each pair (as indicated by dashes). We
rotated the videos used in the training (No. 1-4) and the first four pairs in testing phase (No. 5-8).

2164

a

Novel
Objects

b

Novel
Substances

Starting point

Midpoint

Figure 2: Picture stimuli in Experiment 1.

Endpoint

Figure 1: Examples of paired videos in Experiment 1: (a) a
bounded event (dress a teddy bear), (b) an unbounded event
(pat a teddy bear).
Two types of norming studies were used to confirm the
placement of the stimuli within the bounded vs. the
unbounded class. First, videos of bounded events were
considered as “something with a beginning, midpoint and
specific endpoint” 90.0% of the time while videos of
unbounded events were considered as such only 17.5% of the
time (t(18) = 17.99, p < .001). Second, in an event description
task, videos of bounded events elicited telic descriptions
97.8% of the time, and stimuli of unbounded events elicited
atelic verb phrases 95.6% of the time (t(18) = 1.09, p > .250);
the former included change-of-state predicates (e.g., dress a
teddy bear) and the latter verbs of activity (e.g., pat a teddy
bear). An additional rating study invited participants to judge
how intentional the action in each video looked on a scale
from 1 (totally unintentional) to 7 (intentional). The results
indicated that events within the bounded and unbounded class
were considered equally (and highly) intentional (Bounded
events, M = 5.81; Unbounded events, M = 5.71; t (18) = 0.56,
p > .250). Thus any differences in the categorization of
bounded or unbounded events could not be due to differences
in intentionality.
We adopted three pictures of novel, simple objects and
three pictures of novel substances from Li et al. (2009; see
Figure 2). We chose these stimuli because in Li et al. (2009),
speakers of English (but also other languages such as
Japanese and Mandarin) rated the three pictures in the upper
row of Figure 2 as “good objects” (with an average rating
score above 6 on a 1-7 scale, where 1 was a good substance
and 7 a good object) and the three pictures in the lower row
as “good substances” (with an average rating score below 3
on the same scale).1

1 The last picture of a novel substance was an edited version. In
the original version (Li et al., 2009), the sand-like substance had a

Procedure Participants were tested in small groups during an
in-lab testing session. They were given a category
identification task (adapted from Ji & Papafragou, 2020). In
the training phase, participants were asked to watch a few
videos and attend to those appearing within a red frame. Their
task was to figure out what kind of videos could get a red
frame. Participants were presented with 4 pairs of bounded
and unbounded events. Each time, a single video was played
in the center of the screen and was followed immediately by
the other video within the pair (the order of boundedunbounded events within pairs was counterbalanced).
Participants were randomly assigned to one of two
conditions. In the Bounded condition, the videos of bounded
events in the training phase were surrounded by a red frame
while their unbounded counterparts were surrounded by a
black frame. In the Unbounded condition, the assignment of
frame colors was reversed.
The testing phase consisted of two sessions. In the first,
Video Session, participants saw 6 videos showing new events
and for each one they were asked: “Could the video have a
red frame or not?” Videos were displayed individually at the
center of the screen. We arranged 6 pairs of boundedunbounded events into 2 lists (see the testing block of Table
1). Each list contained one event from each pair, with equal
numbers of bounded and unbounded events (n = 3). Whether
the event was bounded or unbounded were counterbalanced
across the two lists. Participants were randomly assigned to
one of the two lists. In the second, Picture Session,
participants were told: “What you found in the videos also
works for pictures. Now you’ll see a few pictures and decide
whether a picture can have a red frame or not.” They next saw
6 pictures of novel entities and, for each picture, they were
asked: “Could the picture have a red frame or not?” Pictures
were displayed individually at the center of the screen. We
arranged the 6 pictures into 2 lists, each containing 3 object
and 3 substance examples (see Figure 2). In both lists, the
novel objects and substances were intermixed. One list began
with a picture of a novel object, the other with a picture of a
novel substance. Participants were randomly assigned to one
of the two lists.
At the end of the experiment, participants were asked to
write down their answers to two open questions: (1) What
kind of videos can have a red frame? (2) What kind of
very regular bow-tie shape. We split the “bow-tie” shape in halves
and rearranged the two halves using Adobe Photoshop.
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pictures can have a red frame? The two questions were used
as an additional source of information about the category that
participants had just formed.

Results
We first examined responses in the Video Session. We
coded a response as correct if participants could assign the
red frame to a video of the target category, or reject the red
frame for a video of the non-target category. For instance,
participants in the Bounded condition were expected to give
a Yes response to a test video of a bounded event, and a No
response to a video of an unbounded event. The binary
accuracy data were analyzed using multi-level mixed
modeling with crossed intercepts for Subjects and Items
(Baayen, et al., 2008; Barr, 2008). We coded Condition
(Bounded vs. Unbounded) using centered contrast (-0.5, 0.5)
and included it as the fixed factor. As shown in Figure 3,
participants were better at identifying the Bounded (M =
78.5%) than the Unbounded (M = 66.0%) category (β = 0.67, SE = 0.33, z = -2.03, p = .042).
We then examined the responses in the Picture Session.
Similar to the Video Session, we coded a response as correct
if participants could extend the boundedness feature to static
images and assign the red frame to a picture of the target
category, or reject the red frame for a picture of the non-target
category. For instance, participants in the Bounded condition
were expected to give a Yes response to a picture of a novel
object, and a No response to a picture of a novel substance.
The binary data were submitted to a logit model examining
the fixed effects of Condition (Bounded vs. Unbounded). As
shown in Figure 3, unlike the Video Session, no significant
difference was found between the Bounded (M = 66.7%) and
the Unbounded (M = 74.3%) condition (β = -0.45, SE = 0.49,
z = -0.91, p > .250).
In general, the average proportion of correct responses in
both sessions in both conditions was significantly above
chance level (ps < .02), suggesting that participants were able
to identify the target event category in the first session and
extend the (un)boundedness feature to the object domain in
the following session.

Proportion of correct responses

100%
90%
80%

Bounded
Condition

70%
60%
50%

Unbounded
Condition

40%
30%
20%
10%
0%

Video Session

Picture Session

Figure 3: Proportion of correct responses in the two sessions
of the testing phase in Experiment 1. Error bars represent
±SEM.

We further considered the relationship between the two
sessions. We analyzed the accuracy data from both sessions
using mixed-effects modeling to examine the fixed effects of
Condition (Bounded vs. Unbounded), Session (Video vs.
Picture) and their interaction. Only the Condition by Session
interaction was found to be significant (β = 1.13, SE = 0.40,
z = 2.86, p = .004): in the Bounded condition, performance
got worse from the Video Session (M = 78.5%) to the Picture
Session (M = 66.7%) (β = -0.67, SE = 0.28, z = -2.37, p =
.018), but in the Unbounded condition, performance was not
different between the two sessions (M = 66% in Video
Session, M = 74.3% in Picture Session, β = 0.46, SE = 0.28,
z = 1.66, p = .096).
There were 48 answers to the first question (“What kind of
videos can get a red frame?”). 16 answers (33%) focused on
the organization or structure of the stimuli, 6 answers (13%)
referred to neatness of the actions, and 3 answers (6%) made
reference to goal or purpose. Additionally, 13 responses
(27%) mainly listed a few examples of the events in the
experiment, 6 responses (13%) referred to hand movements
(e.g., “clear movements” for bounded events) and 4 responses
(8%) did not include any relevant information. These results
suggest that participants could extract abstract features from
the video stimuli to paraphrase the bounded or unbounded
category as we expected. Of the 48 answers to the second
question (“What kind of pictures can get a red frame?”), 4
answers (8%) directly addressed the object/substance
distinction (e.g., “The pictures with a red frame show whole
objects, not liquids”), 11 answers (24%) referred to structure
or organization and 5 answers (10%) commented on neatness
of the images. Half of the answers (N = 24, 50%) focused on
the shapes and lines in the pictures and 4 answers (8%) were
vague (e.g., “I have no idea”). These comments were in line
with previous findings suggesting that observers understood
entities based on their shapes and tended to consider entities
with a non-arbitrary shape as objects (Li et al., 2009; Prasada
et al., 2002).

Discussion
Experiment 1 first replicated two major findings from Ji and
Papafragou (2020): participants could form categories of
bounded vs. unbounded events when exposed to multiple
different exemplars of each category. Furthermore, they were
better at forming the category of bounded events compared
to that of unbounded events, presumably because these events
were “atoms” and, as such, could be individuated, compared
and categorized more easily. This asymmetry between the
bounded and unbounded event category is reminiscent of
previous findings from cognitive tasks in the object domain
that target types of individuals. For instance, 8-month-old
infants can detect when two rigid, cohesive objects made of
sand are replaced with one, but they fail to detect a change
when two poured piles of sand are replaced with one pile
(Huntley-Fenner, et al., 2002). Across development, entities
that are considered individuated or ‘atomic’ behave
differently from entities that are unspecified for these
features: they are more easily quantified over and tracked

2166

(e.g., Pylyshyn, 2001; Pylyshyn & Storm, 1988; vanMarle &
Scholl, 2003).
Going beyond previous findings, Experiment 1 also found
that (un)boundedness in the event domain had a counterpart
in the object domain: when viewers were invited to generalize
event classes to non-event stimuli, they extended event
boundedness to the property of being an object and event
unboundedness to the property of being a substance. This
finding supports the hypothesis that the contrast between
bounded and unbounded events has similarities to the
contrast between objects and substances, such that both
contrasts are guided by a single notion of atomicity (see Bach,
1986; Jackendoff, 1991, among others).
Our last finding is worth highlighting: there was a cost of
switching from categorizing events into boundedness classes
(Video Session) to categorizing objects along similar lines
(Picture Session) – but only in the Bounded condition. This
might seem surprising: the connection of boundedness to
objecthood might be expected to be more trackable and stable
(since both involve atomicity) compared to the connection of
unboundedness to substancehood (since both are unspecified
for atomicity). We will account for this finding along with the
pattern found in Experiment 2 in General Discussion.

list was further arranged into two presentation orders. In one
order, the 5 bounded events appeared before the 5 unbounded
events; in the other order, unbounded events appeared before
bounded ones.
The 6 pictures (see Figure 2) formed 9 object-substance
pairs. Throughout the experiment, all of the pairs were used
and one pair was used twice. The picture pairs were arranged
in a pseudorandomized order such that the same picture
would not appear in a row for more than twice.
We displayed the picture pairs and the videos as Figure 4
shows. In each trial, a video appeared on the left of the screen
and a pair of pictures appeared on the right. Whether a novel
object or a novel substance appeared on the top was
counterbalanced across the trials.

Experiment 2
Experiments 1 invited participants to extend their reasoning
about events to reason about objects, and found that
participants did so in accordance to the (non)atomic
properties of the entities involved. A further question
concerned how easily people could access the parallel
between the event and the object domain. Could viewers
notice the bounded-unbounded contrast and generalize from
one domain to another without any prior training or explicit
instructions? In Experiment 2, we directly asked participants
to match bounded vs. unbounded events with pictures of
objects vs. substances. We predicted that, even when viewers
freely inspect a single event, we should see evidence of their
principled, atomicity-driven ability to link events and objects.

Method
Participants Forty-eight adults (30 female, 18 male; Mage =
19.2, age range: 18.0 – 22.5) participated in the experiment.
All were undergraduates at a major research university on the
East Coast of the United States and received course credit for
participation.
Stimuli The video and picture stimuli were identical to
Experiment 1. The 10 pairs of videos showing bounded and
unbounded events were separated into 2 lists. Each list
contained one video from each pair. We counterbalanced
whether the event was bounded or unbounded across lists,
resulting in 5 bounded and 5 unbounded events per list. Each
2 No effect of order was detected (p > .250): the proportion of
correct responses was 67.5% when bounded event trials appeared
first and 69.5% when unbounded event trials appeared first. There

Figure 4: Display of the stimuli in Experiment 2.
Procedure At the beginning of the experiment, participants
were told that they were going to organize some videos and
put them into different folders. Each time a video was played
and there were two folders available. The task was to decide
which folder the video should go into.

Results
A response was coded as correct if a picture of a novel
object was chosen for a bounded event, or a picture of a novel
substance was chosen for an unbounded event. The binary
accuracy data were submitted to a logit mixed-effects model
examining the fixed effects of Event Boundedness (Bounded
vs. Unbounded). As shown in Figure 5, participants were
unexpectedly more accurate in choosing a picture of a
substance for an unbounded event (M = 72.5%), compared to
choosing a picture of an object for a bounded event (M =
62.9%) (β = 0.44, SE = 0.20, z = 2.24, p = .025). 2
Performance was significantly different from chance level
across both types of events (ps < .025).

was no significant interaction between event type and order as well
(p = .204).
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Figure 5: Proportion of correct responses in Experiment 2.
Error bars represent ±SEM.

Discussion
Results from Experiment 2 showed that viewers could
draw a link between bounded events and objects, and
between unbounded events and substances from the
beginning. Different from Experiment 1 where participants
were exposed to 4 minimal pairs of bounded-unbounded
events in a training phase, in this experiment people had to
derive the contrast in atomicity from just two pictures.
Therefore, the results demonstrated a strong and easily
accessible parallel between the event and object domain, and
offered further evidence for the conclusion that the
representational units recruited by event and object cognition
are similar. Similar to Experiment 1, an unexpected pattern
was detected: it was easier to connect unboundedness to
substancehood than boundedness to objecthood. We return to
the significance of this last finding below.

General Discussion
In the present study, we took as our point of departure the
well-established idea that boundedness is an organizing
property of linguistic event representations and instantiates a
notion of atomicity that also characterizes the linguistic
semantics of objects (Bach, 1986; Jackendoff, 1991; see also
Truswell, 2019; Wagner & Carey, 2003; Wellwood et al.,
2018). On this proposal, in language, bounded (or telic)
predicates resemble count nouns because they both are
atomic with well-defined boundaries. By contrast,
unbounded (or atelic) phrases resemble mass nouns in that
they are unspecified for atomic features. We sought to test the
idea that there should be a strong homology between the
cognitive mechanisms underlying bounded/unbounded event
construals on the one hand and object/substance entity
construals on the other. If true, this idea could link the unit of
both event and object representation to a single, foundational
notion of atomicity.
Our experiments offered direct evidence in support of this
idea. In Experiments 1, we found that, after forming
categories of bounded or unbounded events, viewers could

successfully extend those categories to instances of objects or
substances respectively. In Experiment 2, viewers were able
to spontaneously draw connections between events and
objects in the absence of prior training or explicit
instructions. Thus the cognitive representations of
bounded/unbounded events and objects/substances align in
ways that could be plausibly underscored by a common
atomicity property.
A somewhat unexpected aspect of our results was that the
advantage of the bounded event category over the unbounded
one did not transfer to categorization of entities (Experiment
1). Meanwhile, the connection between bounded events and
objects was not stronger, (and tended to be weaker) than that
between unbounded events and substances (Experiment 2).
We do not believe that these results showed that the nonatomic property was more discoverable or stable than the
atomic property. There could be several reasons that result in
these seemingly contradictory patterns. Participants could
have come up with more specific conjectures about bounded
events (e.g., regular motions) while the novel objects may not
have all these features. Furthermore, the novel objects
seemed to have their own function, which was unfamiliar,
and unrelated to the videos. By contrast, participants’
hypotheses about the class of unbounded events might be
easier to connect to a new class of stimuli: as long as a picture
lacked structure, neatness, etc., for instance, people would be
able to relate it to an unbounded event.
The present data leave open several directions for future
work. One important question is to ascertain how conceptual
representations of boundedness arise in the mind. One
possibility is that – in accordance with our hypothesis –
atomicity could be a cognitive primitive and conceptual
boundedness precedes and structures the linguistic encoding
of boundedness. Alternatively, the direction of causation
might be the reverse: the conceptual signature of
boundedness might arise because of familiarity with the way
boundedness is encoded in the viewer’s language. Only the
first hypothesis predicts that non-linguistic event
boundedness would be conceptualized in similar ways crosslinguistically. We plan to test this prediction in future crosslinguistic work.
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Abstract
Humans read text in a sequence of fixations connected by saccades spanning 7–9 characters. While most words are fixated,
some are skipped, and sometimes there are reverse saccades.
Previous work has explained this behavior in terms of a tradeoff between the accuracy of text comprehension and the efficiency of reading, and modeled this using attention-based neural networks. We extend this line of work by modeling the locations of individual fixations down to the character level. We
evaluate our model on an eye-tracking corpus and demonstrate
that it reproduces human reading patterns, both quantitatively
and qualitatively. It achieves good performance in predicting
fixation positions and also captures lexical effects on fixation
rate and landing position effects.
Keywords: Computational linguistics; eye-tracking and reading; Cognitive modeling

Introduction
Human readers normally fixate some words and skip others
while reading a text, rather than simply reading it word by
word. The eyes remain fairly static for 200–250 ms in a fixation, before making a saccade to the next fixation position
(Rayner, 1998). A range of models account for many properties of fixation behavior, based on a sophisticated analysis of
saccade generation and word recognition (e.g., Reichle et al.,
1998; Engbert et al., 2002; Snell and Theeuwes, 2020). Here,
we ask whether key properties of fixation behavior can be
recovered using a simple rational modeling approach, which
derives predictions from an objective function balancing efficiency of attention allocation and accuracy of information
extraction. One reason to be interested in such an approach
is that it naturally lends itself to accounting for task variation,
which is known to substantially modulate reading behavior
(e.g., Kaakinen and Hyönä, 2010; Schotter et al., 2014b).
Such a modeling approach has been instantiated in the Neural
Attention Tradeoff (NEAT) model (Hahn and Keller, 2016,
2018), which accounts for task effects by optimizing reading
behavior for task-specific objective functions. This contrasts
with most prior models of reading behavior, which focus on
the process of word identification. However, the NEAT model
so far only accounts for word-level summary statistics (fixations and reading times), but does not model saccades at the
level of characters. Here, we propose an extension of NEAT
that models character-level fixation decisions.
Our aim is to build a first-principles rational model based
on the general assumption that human readers optimize a

tradeoff between efficiency and accuracy while reading, maximizing the identifiability of the full input from the observed
characters, while minimizing the number of fixations (e.g.
Legge et al., 1997; Hahn and Keller, 2016, 2018). We train
the model using a large corpus of unannotated English text,
and test it on the Dundee eye-tracking corpus (Kennedy,
2003). We evaluate the model on quantitative fit of fixation
positions, and reproducing well-documented effects of word
length, word frequency, and part-of-speech. Throughout, we
compare with the predictions of a widely used prior model of
saccade generation with an openly available implementation,
E-Z Reader (Reichle et al., 2003).
Our model will make a set of simplifying assumptions.
First, we will make the simplifying assumption that the aim of
reading is to recognize the words read, even though the modeling framework is compatible with more high-level reading
tasks. Second, we will focus on fixation locations, and leave
modeling of fixation durations within this framework to future work. Third, we only model forward saccades, whereas a
substantial minority of human saccades goes backwards. We
discuss prospects for relaxing these assumptions in the Conclusions.

Related Work
A range of computational cognitive models have been developed to simulate various aspects of human reading (Rayner,
2009). E-Z Reader (Reichle et al., 1998, 2003, 2009) and
SWIFT (Engbert et al., 2002, 2005) are two representative
computational reading models accounting for saccade generation.
E-Z Reader assumes two visual processing stages to determine when and where the eyes move during reading. The
first one is called “familiarity check”. It takes place during
lexical access up to the point when the word can be reliably
identified. When the point is reached, the model initiates a
saccade to the next word. The second stage of lexical access
begins, called “saccade programming”. It is divided into two
stages: the initial labile stage and the non-labile stage, which
depends on whether a saccade can still be canceled or it has
become obligatory. Another key assumption of the model is
that human readers tend to fixate at the center of the word,
but they are also subject to random overshoot and undershoot
errors.
SWIFT is a parallel eye-movement reading model in which
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activation is conceptualized as a gradient. The model spreads
activation across several words and computes lexical access
for these words at the same time. Furthermore, the time when
people move to the next view point in reading is regarded as
a random decision, determined by a SWIFT’s random timer.
For saccade programming, the assumptions are similar to the
ones made by E-Z Reader.
Bicknell and Levy (2010) model reading as Bayesian inference on the identity of a sequence. The model generates
saccades using a control policy that aims to decrease uncertainty about the identity of the sequence. Our approach makes
similar assumptions about the tradeoff between economy of
attention and the accuracy of text comprehension. However,
our approach differs in a number of ways. First, by using reinforcement learning, our model provides a learning algorithm
and is applicable to a range of different reading tasks. Second, our approach draws on modern neural network methods,
making it scalable to arbitrary input, whereas Bicknell and
Levy (2010) only ran their model on sentences covered by a
fixed vocabulary and had to assume a very simple model of
language statistics.
Lewis et al. (2013) propose a model of saccade control
that combines Bayesian optimization and bounded optimal
control. Their model also assumes a speed-accuracy tradeoff which enables eye-movements to adapt to task conditions,
and is able to capture eye-movements behavior in a list lexical decision task. Presumably, the Lewis et al. model could
be extended to other tasks, including normal reading.

Model
Our model is based on the NEAT model (Hahn and Keller,
2016, 2018), which derives human reading behavior from
the Tradeoff Hypothesis: the assumption that human readers rationally optimize a tradeoff between successfully extracting information and the economy of attention while reading. NEAT as implemented models the allocation of attention
across the words in a text, but does not account for the detailed behavior of skipping and fixation at the level of individual characters. We extend the tradeoff hypothesis to the level
of individual fixations at the character level, proposing that
readers optimize a tradeoff between successfully reading the
text (e.g., recognizing and memorizing the words) and making as few fixations as possible. We follow much prior work
on reading (e.g. Legge et al., 1997; Bicknell and Levy, 2010;
Hahn and Keller, 2016) in assuming that the aim of reading
is simply to recognize the words read, though the modeling
framework can be flexibly adapted to other reading tasks (see
Conclusions for more discussion).

Model Architecture
We illustrate our model in Figure 1. It is based on a standard neural sequence-to-sequence architecture and consists of
three modules, Reader, Decoder, and Attention. Reader and
Decoder are realized as a one-layer Long Short-term Memory
neural network with 1,024 memory units. At each time step,
the reader model takes a fixed-window character sequence as

input and encodes it into a series of hidden vectors. At the
end of a text, the activations produced by the reader model
are provided to the decoder model, which attempts to reconstruct the whole sequence.
For each fixation, the Attention component decides how far
to jump in the next saccade based on the information available
from a fixed-size window around the current fixation point.
Saccade length is assumed to be bounded by the length of the
window. Human visual acuity is highest in a small window
around the fixation point (the fovea), while further away (in
the parafovea), readers only receive partial visual input. In
order to account for this fact, only the closest four characters
to the right of the fixation point are made fully available to
the Attention module making the decision; for the other characters to the right of the fixation point and up to the end of the
window, the module only receives an encoding distinguishing
characters from whitespace. This design is clearly a simplification: visual acuity actually decays more continuously (as
accounted for by Bicknell and Levy 2010). On a technical
level, the input character sequence is encoded into a series
of embedding vectors v1 , . . . , vK , which are passed through a
linear transformation into a softmax function, which outputs
a probability distribution over the number n of characters to
skip over in the next saccade:
P(ωi = n|ω1...i−1 , s) = softmax(µ + wT [v1 , . . . , vK ])

(1)

where v̂i ∈ R300 is the character embedding of the i-th character and the bias vector µ and matrix w are the parameters
of the Attention component. Here, we make the simplifying
assumption that all saccades go forward (i.e., n > 0, see also
Conclusions).

Model Objective Function
As in the original NEAT model, we postulate that reading
rationally optimizes a tradeoff between comprehension accuracy and economy of reading. In line with much prior work
modeling reading (e.g. Legge et al., 1997; Bicknell and Levy,
2010), we assume the comprehension task of recognizing the
input. The overall model objective is to minimize the expected loss:


∥ω∥
(2)
Q(θ) := Ew,ω Loss(ω|s, θ) + α ·
N
Here w is the input, ω denotes saccades, Loss(ω|s, θ) is the
cross-entropy loss for correctly identifying the words in the
input, ∥ω∥ is the distance jumped (this models the economy
of reading – longer saccades are more efficient), N is the sequence length, α is a parameter trading off the two factors,
and θ denotes all parameters of the reader, decoder, and attention networks.

Model Training
We train the Reader and Decoder components using stochastic gradient descent (Equation 3), while the Attention component is trained using reinforcement learning (Williams, 2004)
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Figure 1: The architecture of our model. The model reads a sequence s1 , s2 , s3 of words. The Attention module (A) decides
which parts of different words to skip or fixate on. Fixated parts are fed into the Reader module. At the end, the Decoder
module attempts to reconstruct the input based on the parts of the input that were made available to the Reader.
(Equation 4). We calculate the gradients of our network using the backpropagation algorithm and the parameters θ are
updated as follows:
∆1 := ∂θ Loss(ω|s, θ)
∆2 := (∂θ logPA (ω|s1...N ; θ)) · [Loss(ω|s, θ) + α · ∥ω∥]
θ ← θ − λ · (∆1 + ∆2 )

(3)
(4)

steps of 0.01. We chose two sets of parameter values resulting in overall fixation rates on the development set that best
matched either the human fixation rate in the Dundee corpus
(52.8%), or the fixation rate of E-Z Reader on the same data
(77.7%), respectively. Learning rate λ was set at 0.5. The
same hyperparameters were used in all experiments, as described in Table 1.

(5)
Fixation Rate
52.8%

where λ stands for the learning rate. We trained our model
using the Daily Mail corpus (Hermann et al., 2015), which is
composed of 195,462 articles and approximately 200 million
tokens from the Daily Mail newspaper. The recurrent neural networks and attention network were each trained for one
epoch.

77.7%

Parameter
Window size
α
Window size
α

Value
11
0.12
6
-0.79

Table 1: Parameter values of our model.

Experiments
We test the effectiveness of our models in simulating human
fixations against the Dundee eye-tracking corpus. As a point
of comparison, we also report results from E-Z Reader (Reichle et al., 2003), and a simple baseline that randomly selects
a fraction of words to fixate and places a fixation at their center (“Random Word + Center Fixation”). We first evaluate the
model on fixating location prediction.

Setup
We used the Dundee eye-tracking corpus developed by
Kennedy (2003). The corpus was collected using a Dr. Bouis
Oculometer eye-tracker (Barrett et al., 2015) in an experiment
where 10 native English-speaking participants read newspaper articles from The Independent newspaper. The corpus
contains 20 texts with 51,502 tokens across 2,368 sentences
in total. We split the corpus into a development partition
and test partition, using the former (texts 1–3) for setting
model parameters and the latter (texts 4–20) for evaluating
the model. For evaluation, we removed the words at the beginning or the end of sequences to avoid incomplete words
(and remove return sweeps, which our model is not able to
capture).
We first determined the window size and the tradeoff parameter α using random search (Bergstra and Bengio, 2012),
varying window size from 5 to 11, and α from −1.0 to 1.0 in

Accuracy of Fixation Location Prediction
Figure 2 shows a visualization of the fixation points of one
reader on a sample text, as well as the fixation decisions predicted by our model.
Previous studies quantitatively evaluating models for predicting fixations mostly operated at the word level (Nilsson
and Nivre, 2009; Matthies and Søgaard, 2013; Hahn and
Keller, 2016). They evaluated by measuring the overlap between the fixated words predicted by the models and those
in the human eye-tracking data. The design of our model is
different, as we assume that human readers operate over sequences of characters while reading.
We therefore use a simple evaluation metric that computes,
for each word, the Euclidean distance between each predicted
fixation point and the closest human fixation point, normalized by the word length. We calculate this separately for each
participant in the Dundee corpus, and average over those.
We compared our character-based version of NEAT to two
other models. The first one is a baseline that randomly selects a fraction of words to fixate and places a fixation at the
center of each fixated word (“Random Word + Center Fixation”, abbreviated “RW+CF”). Second, we compared with
E-Z Reader (Reichle et al., 2003), a well-established model
of saccade generation with an openly available implementa-
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Figure 2: Visualization of fixation decisions from human readers and our model. We select as example one participant (A) in
the Dundee Corpus.
model is instead derived from general assumptions about a
rational tradeoff underlying reading, plus training on largescale unlabeled text.
Corr

Human
0.966

Model
0.880

E-Z Reader
0.886

RW+CF
0.268

Table 2: Correlation between word length and fixation rate.

Figure 3: Euclidean distance (in characters) of the predicted fixation point at the character level against human data.
Smaller Euclidean distance means a better fit to the correct
human fixation point from. The dotted line bar represents E-Z
Reader, whose fixation rate is static and cannot be adjusted to
match the human fixation rate. RW+CF refers to the baseline
“Random Word + Center Fixation”, abbreviated “RW+CF”.
Model means the current model.
tion.1 We provided E-Z Reader with word frequency and predictability metrics estimated from the same corpus we used
for training our model; predictability metrics were estimated
using an LSTM language model trained on the same corpus.
In order to ensure meaningful comparison, we include a version of our model whose fixation rate matched that of E-Z
Reader (77.7% of words).
Figure 3 illustrates that our model shows lower Euclidean
distance compared to the baseline Random Word + Center
Fixation, and also compared to E-Z Reader. The latter results holds even when matching our model’s fixation rate with
that of E-Z Reader. This is remarkable, as our model is derived in a way quite different from E-Z Reader: Whereas
E-Z Reader is a sophisticated eye-movement model specifically designed for modeling saccade generation, our proposed
1 We used E-Z Reader 10.2 (Reichle et al., 2012), retrieved from http://www.erikdreichle.com/downloads.html,
December 20, 2021.

Figure 4: Fixation rate by word length.

Corr

Human
-0.677

Model
-0.729

E-Z Reader
-0.178

RW+CF
0.431

Table 3: Correlation between log word frequency and fixation
rate.

Effect of Word Length, Frequency, and Part of
Speech
We furthermore analyzed if our model exhibits general features of reading, specifically the effects of lexical properties
on fixation rate. The previous literature observed that lexical properties such as word length, word frequency, and part
of speech (PoS) are good predictors of fixation probabilities
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that content words are more likely to get fixated than function words (Carpenter and Just, 1983). Figure 6 demonstrates
that compared to the baseline, our model exhibits the effect of
part of speech on the fixation probability of a word, so that a
content word receives more fixations than a function word. In
conclusion, our model reproduces the lexical effects of word
length, word frequency, and part of speech on fixation rates
when evaluated against the Dundee corpus.

Figure 5: Fixation rate by log word frequency. We binned
words into five bins according to their log word frequency.

Landing Position in a Word A range of prior work has
studied the typical landing position in words during reading. It found that the landing position can be influenced by
word length and by the spaces between words (Blanchard
et al., 1984; O’Regan, 1979; Osaka, 1993; Rayner and Morris, 1992). According to Legge et al. (1997), readers tend to
locate their first fixation at the center of the word or a bit to
the left of the center. In our experiment, we replicate this result for words of length five or more on Dundee eye-tracking
corpus, illustrated in Figure 7.

Conclusions

Figure 6: Fixation rate by part of speech.

(Carpenter and Just, 1983; Rayner, 1998; Hahn and Keller,
2016). For instance, human readers will not easily skip a long
word because of the limitation of their visual range, and are
more likely to fixate on uncommon words to aid word identification.
Fixation Rate by Word Length Figure 4 shows that E-Z
Reader and our model both approximately simulate the effect of word length on fixation rate that is observed in human
reading behavior (longer words have a higher fixation rate, as
shown in Table 2), in contrast to the baseline (Random Word
+ Center Fixation).
Fixation Rate by Word Frequency We then compared fixation rate to word frequency in the corpus used for training
our model; these word frequencies were the ones provided to
E-Z Reader. Figure 5 and Table 3 shows that both E-Z Reader
and our model reproduce patterns of fixation rate by log word
frequency that similar to the ones found in human readers,
unlike the baseline. Interestingly, our proposed model shows
a stronger correlation between word frequency and fixation
rate than E-Z Reader, more in line with the human data.
Fixation Rate by Part of Speech We also calculated fixation rate by part of speech. It has long been documented

We have described a model of human fixation locations building on the Tradeoff Hypothesis, i.e., the assumption that human reading rationally trades off accuracy of information extraction with economy of reading. Our model is implemented
using modern neural network-based machine learning techniques and trained using reinforcement learning with a mathematical formalization of the Tradeoff Hypothesis as the objective function.
Experimental results showed that our model reproduces basic features of human reading patterns both quantitatively and
qualitatively, consistently outperforming over a random baseline. Throughout, we compared our model to E-Z Reader, a
sophisticated model of saccade generation that includes substantial machinery. Even though our model is based on relatively general architectural assumptions and trained only on
unannotated text, it provided a better fit to human fixation
positions than E-Z Reader, as measured by the mean Euclidean distance between human fixation position and model
predicted fixation positions. Our model also reproduced the
relationship between word frequency and fixation rate more
convincingly than E-Z Reader.
The proposed model differs from existing models of
character-level fixation decisions in two main ways. First,
following the NEAT model (Hahn and Keller, 2016, 2018), it
aims to derive reading behavior from a general rational objective function. In this respect, it also bears resemblance to the
model of Bicknell and Levy (2010), which optimizes reading
behavior for word identification, but does not provide a general mechanism that could accommodate other reading tasks,
such as proof-reading (Schotter et al., 2014a). Second, unlike prior models of fixations at the character level, our model
draws on contemporary neural network modeling and thus
scales to broad-coverage applicability on text and can utilize
rich knowledge of language statistics. More broadly, our results suggest that neural networks, combined with cognitively
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Figure 7: Landing positions for words with five or more character. The x-axis shows the character within the word that is
fixated, the y-axis shows the probability of fixating on a given character.
plausible training algorithms such as reinforcement learning,
can be a promising way of building scalable rational models
of language processing.
In evaluating the model, we collapsed across the 10 readers in the Dundee corpus. Given that human reading exhibits
substantial individual differences, accounting for those within
a rational modeling framework is an interesting question for
future research.
In this work, we focused on predicting fixation locations,
and left modeling of the durations of those fixations to future work. Adaptations of surprisal (Hale, 2001; Levy, 2008)
computed using character-level language models (e.g. Kim
et al., 2016; Hahn et al., 2019) might be useful component for
predicting durations for individual character-level fixations.
As described in the Introduction, our model makes a set of
simplifying assumptions. First, following much prior work
modeling reading, we assumed that the goal of reading was
simply to recognize the words read, whereas human readers arguably aim for more high-level text comprehension
(Kintsch, 1988). As the Tradeoff Hypothesis as implemented
using neural networks can be equally applied to higher-level
comprehension tasks (Hahn and Keller, 2018), extending the
character-level modeling described here to other tasks, and to
accounting for the impact of the reading task on fixations by

changing the objective function, will be an interesting task
for future research. Second, our model makes the simplifying
assumption that saccades in reading always go forward. However, approximately 10% to 25% of saccades jump backwards
(regressions, Rayner et al. 2012). A more complete reading
model should capture this behavior. An important direction
for future research is therefore to extend our model to also
incorporate regressive saccades.
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Abstract
Learning to read is a critical skill; yet only a small portion of
children in the United States are reading at or above grade
level. Attention is one crucial process that affects the
acquisition of reading skills. The process involves selectively
choosing task relevant information and requires monitoring
competing demands. Many books for beginning readers
include illustrations, but this design choice may require
learners to split their attention between multiple sources of
information. This study employed eye tracking to examine
whether embedding text within illustrations in children’s
e-books inadvertently induces attentional competition. The
results showed that spatially separating illustrations from the
text in beginning reader books reduces attentional competition
and improves children’s reading comprehension. This study
shows that changes to the design of books for beginning
readers can help promote literacy development in children.
Keywords: attention; reading; reading comprehension; book
design; illustrations; eye tracking

Introduction
Learning to read is important in its own right, but this
critical skill also supports later learning: challenges in
‘learning to read’ when children begin formal schooling are
often followed by challenges in ‘reading to learn’ in higher
grades (National Association for the Education of Young
Children, 1998). There are a number of reasons many
children struggle when learning to read, including
neurodevelopmental disorders (such as Dyslexia and
ADHD), low pre-reading skills (e.g., phonological
awareness), and vulnerabilities in general cognitive
functioning (e.g., working memory, processing speed) (e.g.,
Armbruster, Lehr, & Osborn, 2009; Biederman et al., 2004;
Dykman, & Ackerman, 1991; Jacobson et al., 2011). In this
study, we examine how the design of materials for
beginning readers may inadvertently contribute to the
challenge of learning to read.
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There is a large body of theoretical and empirical work
suggesting that the design of educational materials has an
impact on learning in adults. The Cognitive Load Theory
(Sweller, 1988) and the Multimedia Learning Theory
(Mayer et al., 2001) posit that educational materials can be
optimized for learning by considering cognitive demands of
the learning setting. For example, when diagrams in science
textbooks separate pictorial information from text, this may
induce a split-attention effect whereby learners have to
search the display and maintain relevant information in
working memory. This design choice is argued to decrease
learning by increasing extraneous cognitive load (according
to the Cognitive Load Theory; Mayer & Moreno, 2003)
and by impeding effective integration of presentation
elements into a coherent mental representation (according
to the Multimedia Learning Theory; Mayer, Heiser, &
Lonn, 2001). Prior studies with adults have confirmed that
spatial separation between images and text in educational
materials affect learning gains (Jarodzka et al., 2015). For
example, Beege and colleagues (2019) found a medium
amount of spatial separation was optimal for balancing the
costs of visual search of a display (when spatial separation
between visuals and text is high) and the costs of visual
crowding (when spatial separation is low between visuals
and text).
However, findings of prior work with adult learners
who are fluent readers and are reading to learn may have
limited utility for the design of reading materials for young
children who are not yet fluent readers and are learning
how to read. A handful of studies explored the possibility
that the ubiquitous practice of including illustrations in
reading materials for beginning readers may interfere with
the acquisition of reading skills. In these studies,
researchers presented children with reading practice
materials in which text was either accompanied by
illustrations or presented in isolation (Braun, 1969;
Samuels, 1967; Samuels, 1970; Torcasio and Sweller

In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

(2010). The results of these studies suggested that including
illustrations and text in materials for beginning readers
interfered with the acquisition of sight vocabulary and
increased reading errors.
However, it is possible that the negative impact of
illustrations on vocabulary learning and word decoding may
be offset by the potential benefits of illustrations to reading
comprehension. It has been suggested that including
illustrations in books for beginning readers can help define
the story setting and characters, thus contributing to text
coherence and increasing motivation (Carney & Levin,
2002). Indeed, a recent study by Eng et al. (2021) showed
that children vastly prefer reading a story with illustrations
to the same story presented without illustrations.
Furthermore, the design of illustrations in that study had an
impact on children’s attention to the text and reading
comprehension. Researchers asked first and second grade
students to read a beginning reader book. The commercially
produced version of the book combined visuals that were
relevant to the story with engaging but extraneous visuals
that were not essential to understanding the story narrative.
Researchers hypothesized that the presence of extraneous
visuals may disrupt children’s attention to text as children
explore a visually appealing image and encode into
memory details that are irrelevant to the story, thus
reducing text coherence. Children’s performance in this
condition was compared with children’s performance in a
condition with all illustrations removed (which would help
maintain attention to the text without competition from
engaging visuals, but would not have illustrations
contribute to defining the story setting) and a condition with
extraneous visuals removed but relevant visuals retained
(which could balance the costs of attentional competition
between images and text, and the benefits of illustrations
helping define the story setting). In line with the
pre-registered hypothesis, gaze shifts away from text were
highest in the commercially available version of the book
and lowest in the condition in which all illustrations were
removed. However, reading comprehension was highest in
the condition in which only the illustrations relevant to the
story were maintained. In other words, well-designed
illustrations in a beginning reader book reduced gaze shifts
away from the text compared to the commercially available
version of the book (suggesting reduced attentional
competition between text and illustrations) and increased
reading comprehension compared to the condition in which
the story was presented with no illustrations (suggesting
that relevant illustrations can indeed contribute to text
coherence).
The present study examines another common aspect of
children’s electronic book ‘e-book’ designs that combines
engaging images and text in close proximity (see Figure
1-a). It is possible that this design choice amplifies
attentional competition between illustrations and text, thus
negatively impacting reading comprehension. When text

and images compete for children’s attention, frequent gaze
shifts away from text could pose a challenge for
maintaining the representation of information from text in
working memory. To examine this possibility, the present
study compares children’s attention to the text and reading
comprehension in a commercially available version of an
e-book for beginning readers (with illustrations and text in
close proximity) and a modified version of the e-book
(which introduced spatial separation between illustrations
and text). In line with the previous studies by Eng et al.
(2020, 2021), this study utilized e-books as stimuli because
children’s earliest experiences with beginning reader books
are now accessible in the form of e-books, especially with
remote learning rising (Furenes, Kucirkova, & Bus, 2021).

Method
Participants
Data were collected from a sample of 49 first and and
second grade children; however, only children who
exhibited a minimum level of decoding proficiency on an
independent measure of reading fluency (i.e., passed Level 1
on the Word Recognition in Isolation measure described
below) continued with the study. Children who did not show
the minimum level of reading proficiency read a simpler
book with the experimenter as an alternative activity. The
final sample consisted of 46 children (Mage = 7.51 years,
SD = .55; 21 females, 23 males, and 2 children whose sex
was not reported). Participants were recruited from schools
around a mid-Atlantic city. The race and ethnicity
information for the sample reported by the parents was as
follows: 61% White, 20% Multiracial, 5% East Asian or
Asian American, 4% African American or Black, 4% Other,
8% Unreported. Signed consent was obtained from the
parents of each student. Participants were tested individually
by research assistants naive to the hypothesis. The
experimental protocol was approved by the University
Institutional Review Board. Children were given a small
prize for their participation.

Design and Procedure
The stimuli and study procedures utilized in the present
study followed those of Eng et al. (2020, 2021).
Reading Material Stimuli The present study used a
commercially available book titled Good Job, Dennis by
Amy Kraft. This book is part of the Hooked on Phonics
Learn to Read program, which helped ensure the ecological
validity of study materials. Book design was manipulated
within participants. Children read half of the book in the
commercially available “Standard” Condition in which text
is embedded within illustrations (high spatial proximity
between text and illustrations) and the other half in the
Partially separated “Partial” Condition (low spatial
proximity between text and illustrations) where the text was
moved to the right of the illustrations (see Figure 1 a-b). The
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book had a total of 12 pages; children read 6 pages in each
condition. Condition order (Standard first versus Partial
first) was randomized and counterbalanced across
participants to control for order effects. The size of
illustrations and text remained the same across conditions.
Minor modifications were made to the book to equate both
halves of the book as closely as possible on the number of
pages and the average number of words per page (1st half =
43.0 words, 2nd half = 42.3 words). The book was presented
on a laptop computer with children reading aloud in a
self-paced manner, using a button on the keyboard to
advance to the next page. When children finished reading
the story, the researcher assessed their reading
comprehension (see the details below). Each testing session
was videotaped with a Logitech C920 HD Pro Webcam.

Figure 1-a: Sample page of the Standard Condition with text
close in proximity to illustrations.

Figure 1-b: Sample page of the Partial Condition with text
spatially separated from illustrations.

Measure of Attention
Gaze Shifts Eye gaze is a common measure of attention and
is particularly well-suited in the context of reading (Rayner,
Ardoin, & Binder, 2013). This study used an SMI RED250
mobile eye tracker (SensoMotoric Instruments, Inc.) to
measure children’s eye movements while reading. We
created three Areas Of Interest (AOI’s) for text, illustrations,
and white space; and then used SMI BeGaze Eyetracking
Analysis Software to calculate gaze shifts away from text.

We used the average number of gaze shifts per page as the
outcome variable to quantify attentional competition.

Reading Comprehension Measure
Story Questions We used six open-ended comprehension
questions adapted from the book publisher as the measure of
reading comprehension. Asking open-ended recall questions
about the characters, settings, story plot conflict and
resolution from the narrative is one of the most common
approaches to reading comprehension assessments with
young children (Cain & Oakhill, 2006; Kendeou et al.,
2009; Paris & Paris, 2003). There were three questions for
each half of the book (two 2-point questions, and one
3-point question) for a total of 14 points. Questions were
linked to content presented on specific pages, making it
possible to clearly distinguish events from the first or
second half of the book. For example, in the first half of the
book the job of the main character, Dennis, is described;
these story details are not part of the content in the second
half of the book. Children were asked, “What is Dennis’
job?” Children received full credit (2 points) if they
identified that Dennis directs traffic and helps children cross
the street, 1 point for a partial answer (e.g., he helps
children), and 0 points if they failed to recall Dennis’ job or
provided an incorrect response. In the second half of the
book, various animals escape from a pet shop including cats,
dogs, birds, rabbits, and frogs; these story details are not
part of the content in the first half of the book. Children
were asked, “What animals get out of the pet shop?”
Children received full credit (3 points) if they correctly
identified all of the animals that escaped, 2 points if they
identified at least 3 animals, 1 point if they identified only 2
animals, and 0 points if they failed to recall the animals that
escaped or provided an incorrect response. Story
comprehension was measured as the percentage of correct
responses (out of 7 possible points per condition).
Participants’ responses to the story questions were scored
twice by research assistants who were naive to the
participants’ condition assignment. Inter-rater reliability
using Cohen's kappa (Cohen, 1960) was .85, indicating
substantial coder consistency.
Reading Fluency Measure The Word Recognition in
Isolation Test (WRI; Morris, 2013) was administered to
children prior to reading the story and is an independent
measure of reading fluency. The WRI measures the ability
to recognize and decode words on lists that are graded in
difficulty. While children read the book aloud, the
experimenter also manually recorded the child’s decoding
accuracy for each word in the story using a running record
(Clay, 1972) and the percentage of correct words read aloud
was then calculated for each condition and in total.
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Eye Tracking Results

Results
Reading Level
Children were beginning readers as evidenced by their
performance on the WRI, the independent measure of
children’s reading proficiency (M = 67.37, SD = 20.78). The
selected book was an appropriate difficulty level for
independent reading based on children’s mean performance
on the Running Record (M = 96.08%; SD = 3.28%). The
manipulation to the book condition did not influence
children’s decoding accuracy (Standard Condition Running
Record: M = 94.95%; SD = 3.28%; Partial Condition
Running Record: M = 95.96%; SD = 3.30%), t(45) = 1.09, p
= .28; Cohen’s d = 0.16.

Reading Comprehension
Children’s comprehension scores were significantly higher
in the Partial Condition (M = 83.54%, SD = 19.28%) than in
the Standard Condition (M = 62.11%, SD= 20.91%),
paired-sample t(45) = 4.69, 95% CI [12.23, 30.63] p =
.000025; Cohen’s d = .69. To assess possible order effects,
we conducted a mixed analysis of variance (ANOVA) on
reading comprehension, factoring order as the
between-subject variable and book condition as the
within-subject variable. There were no order effects (F =
1.82, p = .169). The results indicate that reading from the
Partial Condition resulted in higher comprehension
compared to reading from the Standard Condition,
regardless of the quantity of words a child accurately read
aloud and the order in which the storybook layout was
presented (see Figure 2).

Data from 1 child was not included in the analyses due to a
tracking ratio <50%. There were no significant differences
in average total reading time per page in the Standard
Condition (M = 78,625.25 ms; SD = 12,7045.15 ms)
compared to the Partial Condition (M = 91,548.76; SD =
13,6053.73 ms), paired-sample t(44) = 1.04, p = .30;
Cohen’s d = .16. Children who read from the Partial
Condition on average shifted their gaze away from the text
significantly less (M = 12.32, SD = 10.33) than children
who read from the Standard Condition (M = 18.65, SD =
14.87), paired-sample t(44) = 4.48, p = .000053; Cohen’s d
= .67 (see Figure 3). To assess possible order effects, we
conducted a mixed ANOVA on gaze shifts away from the
text, factoring order as the between-subject variable and
book condition as the within-subject variable. There were no
order effects (F = .14, p = .71), indicating that reading from
the Partial Condition resulted in lower gaze shifts away
from the text compared to reading from the Standard
Condition, regardless of the total reading time per page and
the order in which the storybook layout was presented (see
Figure 3 below).

Figure 3: Average gaze shifts away from the text per page as
a function of book layout; ****p < .00006.

Figure 2: Percentage of correct answers on the story
questions as a function of book layout; ****p < .000025.

The results validate the split-attention principle in children’s
storybooks: children’s attention, indexed by their gaze shifts
away from the text while reading, was negatively associated
with reading comprehension in the Standard layout
condition where text and illustrations were in close
proximity. As shown in Figure 4, the more children’s
attention was split between the text and illustrations, the
lower their reading comprehension scores were (r = -.37, p
= .011). The Partial Condition may allow for more focused
attention on the text by reducing attentional competition
between text and illustrations.
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Discussion

Figure 4: Scatterplot of negative association between gaze
shifts away from the text and reading comprehension.

The Role of Individual Differences
Next, we examined
whether the Partially separated
condition might be especially beneficial for children who
often shift their attention away from the text while reading.
Comprehension Gains, or the difference score variable, was
calculated by subtracting the Standard comprehension score
from the Partial comprehension score for each child.
Difference scores ranged from -42.86% to 71.43%, with a
mean of 21.43% (SD = 28.57%). A score of 0 indicates a
participant had the same score on the comprehension
assessment in each condition. Children’s gaze shifts were
positively associated with their Comprehension Gains (r =
.41, p = .005). Children who frequently shifted their gaze
away from the text while reading had higher
Comprehension Gains than children who looked away less
(see Figure 5). Thus, the Partial condition was especially
beneficial for children who look away from the text while
reading and their comprehension scores improved the most
from modifying the book layout.

Figure 5: Scatterplot of positive association between gaze
shifts and comprehension gains.

This study analyzed the effects of manipulating the spatial
proximity between illustrations and text in books for
beginning readers. Eng and colleagues (2020) provided the
first systematic analysis of whether excluding extraneous
details from illustrations for beginning readers could
improve reading comprehension. Our study found similar
benefits with a related manipulation to the book layout. It
was found that children reading from the Partial Condition
with increased spatial separation between text and
illustrations achieved higher reading comprehension scores
and looked away from the text significantly less compared
to when children read from the book presented in the
commercially-available Standard Condition with high
spatial proximity between text and illustrations. These
findings align with those of Eng et al. 2020, and the findings
of current research on the design of educational materials
for adults in which students learn best when their attention
is not split between multiple sources of information (Ayres
& Sweller, 2005; Beege et al., 2019).
We hypothesized that children who frequently shift their
gaze while reading (i.e., less developed attentional control)
would have greater gains in comprehension in the Partial
Condition compared to children who do not frequently look
away from the text while reading (i.e., children with more
developed attentional control). Our findings supported this
hypothesis: the Partial Condition was especially useful for
children who were more easily distracted and who
frequently shifted their gaze away from the text.
Frequent switching between two different tasks—reading
the text to understand the story on one hand and exploring
the engaging illustrations on the other hand—might place
too much extraneous load on young children’s working
memory resulting in decreased story comprehension (Mayer
& Moreno, 2003). Because text was not embedded within
illustrations in the Partial Condition, this design may help
children focus on the text and illustrations separately, as
opposed to attempting to process both visuals and text
simultaneously. Thus, increasing the spatial separation
between illustrations and text for beginning readers may
result in lower cognitive load than layouts with high
proximity between illustrations and text which may increase
the mental effort expended and decrease learning (Jarodzka,
Janssen, Kirschner, & Erkens, 2015).
Segmenting the text and visuals may be beneficial to
children who frequently look away from the text because
these children’s ability to selectively attend to text while
suppressing surrounding illustrations in close proximity is
less efficient. Researchers have found that children’s
attentional control and ability to focus are significant
predictors of reading achievement when they enter formal
education and continue to predict reading achievement until
several years later in development (Guo, Connor, Tompkins,
& Morrison, 2011; Markant, & Amso, 2021). Attentional
control—a foundational component linked to school
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readiness and reading achievement—should be taken into
account when designing educational materials not only for
fluent readers who are reading to learn, but also for
beginning readers who are learning to read.
A limitation to this study is that future research is needed
to determine the optimal text and illustration placement, and
whether increasing the spatial proximity between text and
illustrations too much may hinder learning by causing
students to switch between text and illustrations more
frequently as the distance between layout elements
increases. Additionally, this study used a modest sample
size; a larger number of participants in the future would
allow us to further investigate developmental differences
(e.g. differences across grade levels). If the findings of this
study are replicated with other reading materials and across
a broad range of students, this research can point to a
cost-effective and easy to scale general principle for more
optimal design of reading materials for beginning readers.
While other eye tracking outcome measures of pupil
dilation that are commonly assessed in studies related to
cognitive load–because children were tested in several
schools–the lighting could not be controlled which is crucial
for pupil dilation research. A direction we are currently
pursuing is a more fine-grained analysis of the eye tracking
data in whether the gaze shifts towards the illustrations are
related to the text or not.
Subtle changes to the design of beginning reader books
can improve both the experience as well as reading
outcomes. The layout of text and illustrations are important
to the educational potential for children learning-to-read, not
just adults reading-to-learn. These findings highlight the
importance of establishing a new industry standard,
especially with the increasing use of e-books for learning in
childhood (Furenes, Kucirkova, & Bus, 2021; Troseth &
Strouse, 2017). In summary, this work highlights the
importance of considering attentional control when
designing books for beginning readers. This work in
combination with the prior literature can help optimize the
design of beginning reader books in which the layouts are
created specifically to support–rather than hinder–learning.
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Abstract
Causal explanations are important guides to understanding the
world. While research suggests people prefer simple
explanations, a seeming notable exception exists in the
widespread endorsement of conspiracy theories. Researchers
have described conspiracy theories as causally complex
explanations of world events. We examined whether the lay
public agrees with this assessment and sees conspiracy theories
as complex explanations, as well as how perceptions of
complexity relate to believability of these explanations. We
tested publicly available (Experiment 1) and experimentergenerated (Experiment 2) conspiracy theories, alongside factbased explanations for the same events. We asked participants
to rate the complexity of each explanation, along with how
believable they find the explanation. Participants across studies
rated the conspiracy theory explanations as more complex.
Interestingly, complexity was positively correlated with
believability of the conspiracy theory, but not fact-based,
explanations. We discuss what these findings suggest for the
causal explanation field and our understanding of conspiracy
theories.
Keywords: explanation; causality; conspiracy theories

Introduction
Causal explanations answer the question of why things
happen. Such explanations let people predict future events
(Ahn et al., 1995; Johnson & Ahn, 2017), aid in making
decisions (Pennington & Hastie, 1988), shape memory
(Marsh & Kulkofsky, 2015; Pacer & Lombrozo, 2017), and
help people learn new concepts (Edwards et al., 2019;
Lombrozo & Carey, 2006; Williams & Lombrozo, 2010). In
short, causal explanations are powerful for what they help
people understand and how they aid people’s reasoning.
Despite their importance, the causal explanations people
believe are not always accurate depictions of the world
(Rozenblit & Keil, 2002). In this paper, we focus on one
specifically worrisome form of incorrect causal explanation
beliefs; namely, conspiracy theories.
Conspiracy theories describe the concealed causal actions
of a group of people to bring about a significant event
(Keeley, 1999; Sunstein & Vermeule, 2009) and provide an
alternative to the commonly taught historical, scientific, or
political narrative (Keeley, 1999), i.e., the fact-based

alternative explanation. Despite conspiracy theories being
characterized as complex and inherently nonscientific causal
explanations (Douglas et al., 2017), they are widely held
(Oliver & Wood, 2014a). For example, 61% of Americans
believe a conspiracy exists around the assassination of
President Kennedy (Swift, 2013) and in pre-COVID surveys,
almost half of participants endorsed at least one health-based
conspiracy theory (Oliver & Wood, 2014b). Widely-held
conspiracy theories have emerged concerning COVID-19
(Constantinou et al., 2021; Uscinski et al., 2020). Conspiracy
theories are found worldwide (Swami & Coles, 2010), and
throughout history (van Prooijen & Douglas, 2017). In short,
conspiracy theories are everywhere.
The widespread endorsement of conspiracy theories is
concerning in light of their consequences. Conspiracy theory
exposure makes people less likely to engage in democratic
processes like voting (Albertson & Guiler, 2020; Jolley &
Douglas, 2014a). Endorsing health conspiracy theories
correlates with avoiding use of traditional medicine (Oliver
& Wood, 2014b). The act of just reading health conspiracy
theories decreases general (Natoli & Marques, 2021) and
specific (Jolley & Douglas, 2014b) intentions to engage in
health behaviors. Previous work has also found that people
who endorsed conspiratorial explanations for COVID-19
were less likely to believe official information about the
pandemic (e.g., how the disease is transmitted; Vitriol &
Marsh, 2021), as well as less likely to engage in critical
pandemic mitigation behaviors such as social distancing
(Constantinou et al., 2021; Romer & Jamieson, 2020;
Teovanović et al., 2021; Vitriol & Marsh, 2021). From
stoking public health crises to undermining democracy,
conspiracy theory endorsement has dire consequences.
What remains a puzzle is why conspiracy theories are so
appealing, as they violate some of the key properties of good
explanations. Conspiracy theories have been widely
discussed as inherently complex explanations (Douglas et al.,
2017). However, the causal explanation literature has
suggested that when given a choice, people prefer simple
explanations of the world (Lombrozo, 2007; Read & MarcusNewhall, 1993). In this literature, simplicity is
operationalized as either the number of causes used to explain
an effect (e.g., an explanation that uses one cause to explain

2185

In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

an effect is preferable to an explanation that uses two) or the
number of unexplained causes present (e.g., an explanation
with a root cause that explains all other causes is simpler than
an explanation without that root cause; Pacer & Lombrozo,
2017).
However, there are cases where simplicity is not always
ideal in an explanation. People strongly prefer simple
explanations when the events in the story are deterministic,
but when some probability in whether the events happen is
introduced, the preference for simplicity decreases (Johnson
et al., 2019). More complex explanations can be preferred if
they make the explained effect more likely to occur (Zemla
et al., 2017). Likewise, people prefer a probable explanation
over a simple explanation when the simple explanation is
extremely unlikely (Lombrozo, 2007). Additionally, the
simplicity preference is weaker for events in the social
domain than for events in the physical domain (Johnson et
al., 2019). Overall, simplicity is preferred in explanations
except in cases where complexity adds to the probability of
the explained outcome.
Given these findings on simplicity, why might conspiracy
theories be seen as believable causal explanations of the
world? One possibility is that conspiracy theories are not seen
by laypeople as complex, and instead are perceived as
simplifying explanations (Mirabile & Horne, 2019).
Attributing the reason for a complex set of events to a
shadowy, all-powerful group could provide a simple, single
root cause that explains a multitude of subsequent events.
Likewise, the presence of a bad actor behaving maliciously
could make events seem more probable than a series of
unfortunate events that must all happen independently to
produce an event (e.g., the multiple surrounding factors that
led to Princess Diana’s death). In these ways, laypeople may
disagree with scholars and see conspiracy theories as simpler
explanations of events.
Alternatively, it is possible that conspiracy theories as a
whole are not seen as simpler explanations of events. Rather,
people who believe a conspiracy may perceive that specific
theory as simpler than its alternative. For example, in trying
to explain strange events around a crash in Roswell, NM a
person could believe aliens crashed and the government
covered it up to hide their existence or they could believe the
official government stance of a crashed weather balloon. If a
person believes the news stories and personal accounts
surrounding the event are more simply explained by a
government alien coverup, then that person may come to
believe that version of events. In this way, a perception that a
given conspiracy theory is a simpler explanation of events
could drive belief in that theory. Likewise, it may be that
there is nothing in the nature of conspiracy theories in of
themselves that is more or less complex (e.g., having a single
root node, or fewer components). Rather, seeing a conspiracy
theory explanation as simple could promote endorsement.
Finally, it is possible that what makes a conspiracy theory
explanation appealing is different than what makes other
types of explanations appealing. That is, the complexity of
conspiracy theories as they describe many moving parts to

produce an outcome may make for a good story that feels
compelling. Unlike the previous causal explanation literature
findings, something about this complex narrative may be
compelling and stoke their endorsement.
Across two experiments, we explore people’s perceptions
of the complexity of conspiracy theory explanations and how
this influences their believability. To assess the complexity
of conspiracy theories, we compare them to fact-based
alternative explanations for the same events. Importantly, we
also test how perceived complexity relates to belief in the
conspiracy theory explanation as a true explanation of events.
If simplicity drives beliefs, then conspiracy theories which
are commonly believed may be perceived as simple.
However, if conspiracy theories function differently than
other types of explanations, then we may see different
perceptions of complexity for these important world
explanations. In Experiment 1 we use real-world conspiracy
theories taken from public websites, and in Experiment 2 we
use novel conspiracy theories to test these possibilities. Our
studies provide new insights into what in the structure of a
conspiracy theory makes it believable.

Experiment 1
Conspiracy theories are often described as complex, while
prior work suggests people prefer simple explanations for
events. However, it is not known whether people truly
perceive conspiracies as complex, and if they do, whether this
influences whether they are believed. We now test whether
conspiracy theories are seen as more complex explanations
of events than fact-based explanations. We further test how
complexity relates to believing these explanations.

Method
Participants We recruited 200 participants through the
Prolific online survey platform. Eight participants were
excluded for entering nonsense answers in attention check
questions at the end of the study, leaving a total of 192
participants for analysis. The demographics of the
participants used for analysis were as follows. Our
participants (mean age = 32.5; age range 18 – 67) reported as
majority male (60.4%; female = 36.5%; nonbinary = 3.1%),
non-Hispanic (83.3%; Hispanic = 9.9%; prefer not to respond
= 6.8%), and white (75%; American Indian or Alaskan Native
= 2.1%; Asian = 4.7%; Black = 11%; prefer not to respond =
7.3%). Our participants varied in their highest degree
attained: high-school or equivalent = 25.5%, bachelor’s
degree = 30.7%; master’s degree = 21.4%; M.D. = 12.5%;
Ph.D. = 5%; Other = 4.7%.
Materials To select conspiracy theories for our materials, we
conducted a pilot study where participants (N = 50) rated 20
conspiracy theories and their paired fact-based alternative
explanations taken from publicly available websites. For each
of the explanations, participants rated how good of an
example of a conspiracy theory the explanation was on a 0
(not at all a good example of a conspiracy theory) to 100 (an
extremely good example of a conspiracy theory) scale. We
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Table 1: Sample explanations of the death of Princess Diana used in Experiment 1.
Conspiracy Theory Explanation
The British state murdered Princess Diana because she was
pregnant with her boyfriend, Mohamed “Dodi” Fayed’s
child and the couple were about to be engaged. The dislike
of the idea of a non-Christian within the British Royal
Family meant such a relationship between the mother of
the future king and a prominent Egyptian Muslim would
not be tolerated. The British state, including Prince Philip
and Diana’s sister, were involved in a plot to kill the
Princess so as to prevent such a scandal.
had participants make two additional ratings to ensure that
our fact-based alternatives were seen as fact-based: how good
of an example the explanation was of a scientific explanation
and how good of an example the explanation was for the type
of explanation available in the public record. Participants
made these ratings on a 0 (not at all good example) to 100
(extremely good example) scale.
From this pilot data, we found that many of the
explanations rated as good examples of conspiracy theories
involved a paranormal element, such as aliens. To provide
diversity in the types of causal agents and outcomes being
explained, we selected 5 explanation pairs that included a
traditional conspiracy theory (the death of Princess Diana, the
9/11 attacks, NASA moon landing, vaccination safety, the
Sandy Hook Massacre) and 5 that included a conspiracy
theory that involved paranormal actors (Roswell alien event,
existence of Bigfoot, the Bermuda Triangle, existence of
extraterrestrial life, sleep paralysis). For all of our selected
pairs, the conspiracy theory (M = 84.5; SE = 1.78) was rated
as a significantly better example of a conspiracy theory than
its fact-based alternative explanation of the same event (M =
12.6; SE = 1.85). We also ensured that the fact-based
explanations for the pairs we selected were rated as better
examples of scientific explanations (M = 57.9; SE = 2.66)
and were better examples of explanations found in the public
record (M = 65.4; SE = 2.40) than their conspiracy theory
pairs (scientific rating: M = 7.69; SE = 1.48; public record
rating: M = 10.2; SE = 1.49). See Table 1 for an example
conspiracy theory and fact-based explanation pair.
Procedure Participants rated either the conspiracy theory or
the fact-based alternative form of each of the 10 explanation
pairs. This manipulation was done to prevent participants
directly comparing the two forms of the same explanation.
We assigned participants to one of two versions that varied
which of the 10 explanations were presented as a conspiracy
theory versus a fact-based explanation. In doing this, we
could assure that participants saw a roughly equal number of
paranormal and nonparanormal items (either 2 or 3) in each
1 We looked at these answers to see if there were any common
responses for defining complexity and believability. There was not
strong consensus among answers. The most common responses for
complexity referenced either the possession or absence of many

Fact-based Alternative Explanation
Princess Diana died in a hospital after being injured in a
car crash. The car crash was caused by the erratic behavior
of the paparazzi following the car and by Henri Paul, the
driver, being intoxicated and under the effects of
prescription drugs. Anti-depressants in combination with
traces of an anti-psychotic medication in Paul’s blood
worsened his inebriation, causing him to lose control of the
car while driving at a high speed and ultimately causing
the lethal car crash.
explanation type. Overall, participants made ratings for 10
explanations, half of which were presented as conspiracy
theories and half of which were presented as fact-based
alternative explanations.
Participants made three ratings for all explanations: how
complex the explanation was on a 0 (not at all complex) to
100 (extremely complex) scale; how believable the
explanation was on a 0 (not believable at all) to 100
(extremely believable) scale; and how good of an example of
a conspiracy theory the explanation was on the same scale as
used in the pilot. We blocked ratings so that participants made
all of the complexity ratings, then all of the believability
ratings, then all of the conspiratorial ratings, with the
explanation being presented again for each rating. The order
of explanations was randomized within each block.
Participants then completed demographics questions as listed
in the participant section and an attention check question that
asked them what they did in the study. Participants also
answered an open-ended question that asked participants to
explain what they thought made an explanation complex and
what made an explanation believable.1

Results
To confirm that our materials were interpreted as expected,
we first analyzed whether our participants viewed the
conspiratorial versions of our explanations as more
conspiratorial than the fact-based alternatives. We calculated
average conspiracy ratings for each participant across the five
conspiracy theory and the five fact-based alternative
explanations they rated. We submitted these ratings to a oneway ANOVA with explanation type (conspiracy theory vs.
fact-based) as a within-subjects variable. We found a main
effect of explanation type, F(1, 191) = 230.8, p < .001, 𝜂𝑝2 =
.547. This confirms that conspiracy theory explanations (M =
72.2; SE = 1.38) were viewed as more conspiratorial than
fact-based alternative (M = 34.9; SE = 1.67) explanations. As
a second check, we analyzed whether mean believability
ratings differed between the explanation types. Using mean
ratings as calculated above and the same ANOVA, we found
components, being hard to understand, containing or missing a
logical argument, or using complex language. For believability, the
most common answers were it was supported by facts, it was logical,
or it was probable.
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a main effect of believability, F(1, 191) = 271.7, p < .001, 𝜂𝑝2
= .587. That is, fact-based alternative explanations (M = 70.3;
SE = 1.10) were rated as more believable than their
conspiracy theory pairs (M = 36.0; SE = 1.61) for the same
events.
We now turn to our first research question, examining
whether conspiracy theory explanations were rated as more
complex than their fact-based alternative explanations. We
calculated mean complexity ratings for each participant for
the two types of explanations (Figure 1). We submitted the
mean complexity ratings to a one-way repeated-measures
ANOVA with explanation type (conspiracy theory vs. factbased) as the within-subjects variable. We found a main
effect of explanation type, F(1, 191) = 12.3, p < .001, 𝜂𝑝2 =
.061. Conspiracy theory explanations (M = 45.7; SE = 1.74)
were viewed as more complex than their fact-based
alternative (M = 41.1; SE = 1.58) explanations.

Our findings suggest that what makes a conspiracy theory
explanation believable is different from what makes factual
explanations believable. Simpler explanations may be
preferred in many domains (Lombrozo, 2007), but people
who believe in a conspiracy theory may be seeking something
different (e.g., Zemla et al., 2017). It is an open question
whether people seek out conspiracy theories because they
believe that official accounts of an event do not match the
degree of needed complexity to explain the event (Lim &
Oppenheimer, 2020), or whether the complexity of a
conspiracy is appealing for other reasons.
One explanation for why people may have found
conspiracy theories more complex is that the conspiracy
theory explanations could have involved more explanatory
components than their fact-based alternatives. For example,
a conspiracy theory account may rely on multiple different
nefarious causal agents coming together to produce an event.
We used actual conspiracy theories for actual events, as this
allowed us to examine believability and perceived
complexity of theories that people may endorse in everyday
life. However, as we aimed to capture how conspiracy
theories are presented in publicly available sources like
websites, we did not match the total number of important
parts across explanation types. It is possible that if the factual
explanations were presented with the same number of
components as the conspiracy theories they would be
perceived as similarly complex. We test this possibility in
Experiment 2.

Experiment 2
Figure 1: Mean complexity ratings for Experiment 1.
Finally, we examine our second research question, testing
whether there is a relationship between complexity of an
explanation and how believable it is. We calculated Pearson’s
correlations between complexity and believability ratings
separately for conspiracy theory and fact-based alternative
explanations. We found a significant positive correlation
between complexity and believability for conspiracy theory
explanations, r(190) = .454, p < .001. We found a negative
correlation between complexity and believability for factbased explanations, though this did not reach significance,
r(190) = -.131, p = .069.

Discussion
We find that conspiracy theories are seen as more complex
explanations of the world than their fact-based alternatives.
Interestingly, this complexity was related to believability in
different ways for conspiracy theory versus factual
explanations. For conspiracy theories, more complex theories
were viewed as more believable. The same relationship was
not significant and in fact was in the opposite direction for
fact-based alternative explanations; more complex fact-based
explanations tended to be less believed.

In our first experiment we examined the relationship between
complexity and believability of conspiracy theories, using
theories taken from public sources. We now aim to address a
limitation of that experiment, the inability to match the
number of components present in the conspiracy theory and
fact-based explanations. In this experiment we take the same
approach to testing the complexity of conspiracy theory
explanations as in Experiment 1, but now with novel
conspiracy theories.

Method
Participants We recruited 200 participants through the
Prolific online survey platform. No participants entered
nonsense answers in attention check questions at the end of
the study, so all remain in analysis. The demographics of the
participants were as follows. Our participants (mean age =
30.6; age range 18 – 64) reported as majority male (49.0%;
female = 48.5%; nonbinary = 1.5%), non-Hispanic (86.0%;
Hispanic = 10.0%; prefer not to respond = 4.0%), and white
(65%; American Indian or Alaskan Native = 1.0%; Asian =
17.5%; Black = 11%; prefer not to respond = 5.5%). Our
participants varied in their highest degree attained: highschool or equivalent = 51.0%, bachelor’s degree = 36.0%;
master’s degree = 5.5%; M.D. = 0%; Ph.D. = 1%; Other =
6.5%.
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Table 2: Sample explanations of the creation of The Jetsons used in Experiment 2.
Conspiracy Theory Explanation
The Cold War between the Soviet Union and the USA was
a point of high tension that peaked in 1962 after the Cuban
Missile Crisis. The television show The Jetsons aired in
1962 through 1963 as a string of pro-Soviet propagandic
messages from the Soviet Union. The Soviet government
paid high-powered Hollywood producers to air the show
to gain support from US citizens.
Materials We created a set of explanations that explained 12
different events (e.g., the creation of The Jetsons, the origins
of the restaurant chain the Olive Garden). We created a
conspiracy theory explanation of the event by describing a
nefarious group or secretive plot that was behind the event.
We then created a fact-based alternative explanation based on
information from public websites that used the same number
of components in the explanation but did not call to any type
of hidden or nefarious entities (see Table 2 for an example).
To make the explanations more realistic and believable, we
included multiple details and causal connections, as opposed
to one simple causal link. We kept the total number of
elements and the causal structure of the events (e.g., a 3-event
chain) the same across the conspiracy theory and fact-based
versions. Half of the conspiracy theory explanations involved
a paranormal entity in the explanations (e.g., the coverup of
alien intervention in the stock market) to match the
paranormal explanations of Experiment 1, and half did not
have a paranormal entity involved to match the
nonparanormal explanations of Experiment 1.

Fact-based Alternative Explanation
The Cold War between the Soviet Union and the USA was
a point of high tension that peaked in 1962 after the Cuban
Missile Crisis. The television show The Jetsons aired in
1962 through 1963 as a look into the future to provide hope
to the USA. The US government paid high-powered
Hollywood producers to air the show to lift the dismal
spirits of US citizens.
main effect of believability, F(1, 199) = 1872.0, p < .001, 𝜂𝑝2
= .904. That is, fact-based alternative explanations (M = 77.9;
SE = 0.90) were rated as more believable than their
conspiracy theory pairs (M = 14.7; SE = 1.02). These analyses
provide evidence that we have created artificial materials that
mimic real conspiracy theories but are matched in
explanatory components.
We next analyzed whether complexity ratings differed
across our conspiracy theory and fact-based alternatives
(Figure 2). While these explanations were designed to be
equated in explanatory components, we find that participants
still differentiated them in complexity. Mean complexity
ratings submitted to a one-way ANOVA with explanation
type (conspiracy theory vs. fact-based) as a within-subjects
variable found a main effect of explanation type, F(1, 199) =
16.8, p < .001, 𝜂𝑝2 = .078. Conspiracy theory explanations (M
= 40.5; SE = 1.58) were viewed as more complex than factbased alternative (M = 33.3; SE = 1.25) explanations.

Procedure We used the same procedure as Experiment 1.
Participants rated all 12 explanations, half in their conspiracy
theory form and half in their fact-based form. Of the six
conspiracy theories a given participant rated, half were from
a paranormal pair and half were not. Participants completed
the same ratings as in Experiment 1 in the same blocked
manner. Participants completed the demographics and openended questions of Experiment 1.

Results
As in Experiment 1, we first checked whether our conspiracy
theory explanations were seen as more conspiratorial than
their fact-based alternatives. We calculated average
conspiracy ratings for each participant across the six
conspiracy theory and the six fact-based alternative
explanations they rated. We submitted these ratings to a oneway ANOVA with explanation type (conspiracy theory vs.
fact-based) as a within-subjects variable. We found a main
effect of explanation type, F(1, 199) = 393.8, p < .001, 𝜂𝑝2 =
.664. This confirms that our novel conspiracy theory
explanations (M = 71.2; SE = 1.61) were viewed as more
conspiratorial than the fact-based alternatives we created (M
= 23.9; SE = 1.33). We also analyzed whether mean
believability ratings differed between the explanation types.
The same ANOVA conducted over mean ratings found a

Figure 2: Mean complexity ratings for Experiment 2.
Finally, we again tested whether there is a relationship
between complexity and believability. We conducted
Pearson’s correlations between complexity and believability
ratings separately for conspiracy theory and fact-based
alternative explanations. As in Experiment 1, we found a
significant positive correlation between complexity and
believability for conspiracy theory explanations, r(198) =
.352, p < .001. Again, we found a negative correlation for
fact-based explanations that did not reach significance,
r(198) = -.134, p = .059.
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Discussion
Overall, our findings from Experiment 2 replicate our
findings from Experient 1. First, we again find that
conspiracy theories are seen as more complex than their factbased alternatives, and that there is a significant correlation
between believability and complexity for conspiracy
theories. However, whereas in Experiment 1 the conspiracy
theories could have been naturally more complex in some
respects, in this experiment we matched the number of causal
components described in each explanation. This suggests that
our results are not driven by conspiracy theories being
presented differently than factual explanations or having
more detail, but rather that people perceive them differently
than they do factual explanations and that there may be
factors beyond the causal structure that drive perceptions of
complexity.

General Discussion
Across a set of two experiments, we tested people’s
perceptions of the complexity of conspiracy theory
explanations and how this relates to their believability. We
found that conspiracy theories taken from publicly available
sources, as well as experimenter-generated conspiracy
theories, were seen as more complex than their fact-based
alternatives. Furthermore, complexity was positively
correlated with believing the conspiracy theory. For factbased explanations, complexity was not significantly related
to believability, and trended in the opposite negative
direction.
Our findings add to the greater literature on causal
explanations. While a preference for simplicity has been
demonstrated, boundary conditions for those preferences
have also been established related to the probability of the
explanations or their mechanisms (Johnson et al., 2019;
Lombrozo, 2007; Zemla et al., 2017). In our studies we did
not provide any explicit probability information about how
likely the explanations were. Furthermore, a conspiracy
theory and fact-based alternative pair explained the same
event, meaning they did not differ in domain which has also
been linked to differing complexity beliefs (Johnson et al.,
2019). Instead, more complex explanations were seen as
more believable for conspiracy theories without any
additional information beyond the existence of an underlying
conspiratorial element. These findings help further delineate
the boundaries of when simplicity is preferred in
explanations.
An open question from our findings is what elements of
conspiracy theories make them seem complex. In Experiment
1 we used explanations as they are found in public sources.
We did this to determine if the form of conspiracy theories
people normally encounter are naturally more complex than
their fact-based alternatives. This also means we did not
control for the number of causal factors or causal links
described in the explanation. In Experiment 2, when we
equated the number of explanatory components across the
conspiracy theories and their fact-based alternatives, we still
found higher complexity ratings for our artificial conspiracy

theories. What differentiated our explanation types was that
the conspiracy theories called to secretive actions or a
secretive group being behind public events. It is possible that
this secrecy element suggests complexity. Keeping a
clandestine group hidden or keeping the reasons for events
secretive may suggest to people a causal web of events
outside of the provided explanation. In this way, people may
infer that there are more explanatory components in the case
of conspiracy theories. Attempting to equate explanatory
components may be difficult if the secrecy of conspiracy
theories implies additional components. This is a limitation
of this work and related research that equates complexity on
number of causes alone. Previous work has not explored this
issue of how the nature of some causal components may
imply the presence of a larger causal explanatory web. It is
an interesting question for future research to explore how
conspiracy theories may allow for more inferences than other
types of explanations.
Another interesting finding from these experiments is that
complexity did not relate to the believability of fact-based
alternatives. If anything, there were suggestions of a negative
relationship where more complex fact-based alternatives
were seen as less believable. We plan on testing this finding
in a larger sample of fact-based explanations to see if we find
effects that align with the demonstrated preference for
simplicity found in the causal explanation literature
(Lombrozo, 2007; Pacer & Lombrozo, 2017). As our findings
stand, fact-based explanations did not have their believability
linked to complexity in either direction. It is an interesting
question for future research to future explore what may drive
complexity ratings for these fact-based explanations and why
that may or may not be linked to believability.
Our findings have implications for efforts to promote the
uptake of science and fact-based explanations. Including
more details for fact-based explanations could increase their
complexity but may not necessarily make them seem more
believable. On the other hand, it may be possible to reduce
the believability of conspiracy theories by simplifying their
explanations. Educators could potentially use these principles
to help fight anti-science narratives. We are designing followup experiments to investigate these possibilities.
Overall, conspiracy theories provide a complex way to
explain events. Illuminating what drives the complexity of
these theories as causal explanations can help us better
understand why they remain compelling, yet damaging ways
of understanding the world.
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Abstract

Utilizing Second-Order Inferences in Reasoning

The ability to infer general characteristics of populations from
specific instances is critical for reasoning. While there is
evidence of this capacity in infancy, prior work has not
examined children’s ability to use these second-order
inferences to make predictions about future outcomes. In the
current study, 3-year-olds observed balls drawn at random
from two containers. In one sample each ball was a different
color. The other sample consisted of balls of only one
(Experiment 1) or two (Experiment 2) colors. Children were
asked which of the containers was more likely to contain a
novel colored ball. A significant majority of children chose
the more variable sample’s container. This suggests that 3year-olds are not only able to make inferences about hidden
populations from the variability of observed samples, but also
use those inferences to reason beyond their direct experience.
Keywords: cognitive development;
hypotheses; inductive inference

variability;

over-

Introduction
A critical feature of human cognition is our ability to
reason beyond the limits of our direct experience. From a
small number of specific instances, we can make general
inferences about the characteristics of populations, which in
turn guide our future predictions and actions.
To illustrate, imagine you are looking into the window
displays of several shops on a main street. In one, you see
hats, shoes, and gloves. In another, cakes, breads, and jams.
In a third, clocks, shovels, and paintbrushes. From these
observations, you could readily infer that the first shop
carries clothes, the next carries food, and the third carries
tools – and that shops, in general, carry items that are
similar in kind. This kind of inference, which draws
conclusions at multiple levels of abstraction from the same
information, is what Goodman (1955) terms an
overhypothesis. In contrast with first-order inferences about
the concrete properties of objects (e.g., recognizing the
individual items in a window as ‘hat,’ ‘shoe,’ ‘glove,’ and
so on), overhypotheses are based on second-order
properties, which capture the abstract relations between
objects (e.g., recognizing that all the items belong to the
same higher-order category, ‘clothing’).

This ability to form abstract knowledge from limited data
is critical for human learning and reasoning.
Overhypotheses impose constraints on subsequent
inferences, allowing learners to make robust generalizations
from relatively few observations (for examples from word
learning, see Smith et al., 2002; Xu et al., 2012). Such
inferences also facilitate reasonable predictions about events
that the learner has never directly observed (Kemp et al.,
2007). For instance, imagine that you’ve come to the shops
in our example because you hope to purchase an umbrella.
Only considering first order information about the items in
each shop window (e.g., ‘shoes,’ ‘cakes,’ clocks’) offers no
guidance, since there are no umbrellas on display. However,
if you are able to recognize the second-order relations
among the objects that are on display (e.g., ‘clothing,’
‘food,’ ‘tools’) and make inferences about the concealed
populations from which they were drawn (the actual
selection of merchandise offered), this supports the
prediction that the ‘clothing’ and ‘tools’ shops are far more
likely to sell umbrellas than the ‘food’ shop.
The current study asks whether this ability to use
inferences about unobserved populations to form predictions
about the likelihood of unobserved events is present in early
childhood. There is some evidence of the capactiy to form
overhypotheses in infancy. For example, Dewar and Xu
(2010) showed 9-month-olds events in which four objects
were drawn, apparently at random, from four identical
boxes. The objects drawn from each of the first three boxes
were all identical in shape (e.g., triangles drawn from the
first box, squares from the second box, and circles from the
third box). The experimenter then drew a single object (e.g.,
a star) from the fourth box, after which, one of two things
happened: Either the next object drawn was the same shape
(e.g., another star) or a different shape (e.g., a rectangle).
Infants who saw the non-matching shape looked longer than
those who saw the matching shape. This suggests that they
had formed an overhypothesis—namely, that boxes contain
objects of the same shape—and were therefore surprised
when a non-matching shape was drawn, violating this
expectation.
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However, because this prior work employed reactive
rather than predictive measures, it remains unknown
whether young learners are able to actively use these
second-order inferences to guide their subsequent reasoning.
Returning to our shopping example: Simply forming general
expectations about the shops from specific observations is
not enough to determine where to search for an umbrella.
That conclusion can only be reached by reasoning
prospectively from those second-order inferences;
employing them as the basis for a further inference about
which shop is most likely to contain the unobserved item.
The current study asks whether 3-year-olds are capable of
appropriately applying second-order inferences to inform
their subsequent judgments. To do so, we showed children
four balls, sampled at random, from each of two identical
opaque containers. From one container, the experimenter
drew a four-color sample, which consisted of four
differently colored balls. From the other container, the
experimenter drew either a one-color (all four balls were the
same color, Experiment 1) or two-color sample (all but one
of the four balls were the same color, Experiment 2).
Children were then asked to make a prediction about the
unobserved populations from which these samples were
drawn. Specifically, children were asked which of the two
containers they believed had a novel colored ball inside.
This is a critical departure from the previous looking-time
research, which inferred children’s expectations from their
reactions to incongruous observations (e.g., Dewar & Xu,
2010; Xu & Garcia, 2008). The current task not only
assesses children’s inferences, but also tests whether they
can actively use them to generate explicit predictions about
previously unobserved events.

Second-Order Inferences about Variability
Whether children make the appropriate prediction in our
task will depend on their ability to infer the variability of
the unobserved populations. The capacity to reason about
properties like ‘variability’ is important for forming more
abstract generalizations. That is, unlike overhypotheses that
draw on higher-order conceptual knowledge (e.g., inferring
that all of the items in the first shop window are ‘clothing’),
second-order properties like ‘variable’ and ‘uniform’ are
entirely abstract, domain-independent features of events.
Representing our observations in this way imposes powerful
and potentially critical constraints on learning. Specifically,
identifying the abstract characteristics of a problem allows
learners to narrow their search to the subset of hypotheses in
line with those features (see, Chu & Schulz, 2020; Schulz,
2012). For example, by preschool, children are able to
evaluate candidate causes by matching their distributional
(e.g.,
relative
proportion)
or
dynamic
(e.g.,
discrete/continuous, monotonicity/periodicity) properties to
those of the outcome they observe (Magid et al., 2015;
Tsividis et al., 2015). When do young learners begin to
utilize these abstract features to guide their inferences,
predictions, and actions?

There is some evidence that children recognize variability
in both samples and populations. For instance, Denison and
colleagues (2006) found that 4-year-olds are able to identify
which of two populations is more likely to produce a
random sample from their observation of the relative
proportions of different objects in each. In a study of much
younger children, Sim and Xu (2013) showed 8-month-olds
four balls sampled (with replacement) from a box that was
previously observed to contain six different colored balls.
Infants looked longer and were more likely to explore the
box when the sample drawn was uniform (i.e., four yellow
balls), than when it was varied (i.e., a red, a green, a blue,
and a yellow ball). In both studies, learners’ behavior
suggests they are sensitive to the variability of the
populations and (correctly) expected this characteristic to be
preserved in random samples. However, since participants
always had an opportunity to observe the populations
directly, these studies do not indicate whether young
learners would be able to infer the variability of a
population from samples alone.
In the current task, children never see the objects inside
the containers, and they must therefore infer the variability
of those unseen populations to inform their subsequent
inference. If children only consider their observations in
terms of first-order properties, then we would not expect
them to show a preference for one container over the other.
Neither sample includes a ball like the one that they are
asked to make a prediction about, so neither population is
more or less likely to contain it based on this information
alone. On the other hand, considering the second-order
properties of the samples readily leads to an inference about
the unseen populations involved. Just as inferring the
higher-order categories of the items displayed enables the
window-shopper to make a prediction about where to buy an
unseen item, inferring the relative variability, or
heterogeneity, of the two samples should enable the learner
to make a prediction that the four-color sample container is
more likely to hold a novel-colored ball. If children
preferentially select the four-color sample container, this
would demonstrate that they have not only formed this
second-order inference, but are also able to use it to guide
their predictions and actions beyond the limits of their direct
experience.

Experiment 1
The experimental design and analysis for this study was
preregistered prior to beginning data collection (see:
https://aspredicted.org/blind.php?x=rb4jn6).

Method
Participants A total of 40 children (M = 40.12 months, SD
= 5.12 months, range = 25.35 – 47.8 months) were included.
Participants were recruited and tested individually at local
museums in a primarily urban area.
A priori power analysis was performed to calculate the
target sample size. Our effect size (h = 0.72) was based on
results from Erb, Buchanan, and Sobel (2013), which
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Figure 1: The task stimuli presented to participants in Experiment 1 (top row) and Experiment 2 (bottom row).
conducted a similar type of investigation (i.e., binomial
analysis of a forced-choice question in which children were
asked to match more or less complex mechanical insides to
more or less variable machine functions) with a similar age
group. This analysis indicated a minimum sample size of 38
to achieve a power of 0.8 at a significance level of 0.05. We
rounded this minimum sample to 40 to accommodate
counterbalancing.
Thirteen additional children were excluded and replaced
due to experimental error (n = 2), sibling or caretaker
interference (n = 6), or refusal to respond to the test question
(n = 5).
Stimuli Two identical opaque containers were constructed
from cardboard and painted black. Each container was 17” x
6” x 6” with a cardboard egg tray glued inside. This tray
allowed the experimenter to arrange the balls inside each
box in a specific order. The experimenter could then
identify and select the correct order of balls without looking
inside the box to give the illusion of random sampling. A
felt-covered opening at the top of each box allowed the
experimenter to reach inside and draw out the balls one at a
time.
A total of ten plastic golf balls of different colors were
used. These balls were placed inside of each of the two
containers prior to the start of the task. One container held
the four-color sample: four differently colored balls, one
each of green, red, blue, and yellow. The other container
held the one-color sample of four yellow balls. In addition,
both containers also held one novel ball, which was purple.
The task also employed two 3” x 3” x 8” transparent
plastic trays, which were used to hold the balls after they
were drawn, and a photo of a single purple ball.
Procedure Each child participated one time. In person
testing sessions began with the two opaque containers and
clear trays on either side of the table. The experimenter told
children they were going to play a game with the boxes,
both of which had balls inside. She shook both containers so
that the sound of the balls rattling inside was audible. After
replacing the containers on the table, the experimenter said,
“I am going to show you some of the balls in each box,” and

then stepped to one side so she was standing behind one of
the two containers. The experimenter closed her eyes and
turned her head away from the container while reaching in
and pulling out a ball, apparently at random. She then
directed her gaze towards the child while holding the ball
out and saying, “Look!” After a beat, she placed the ball
into the clear plastic tray beside the container. This process
of “sampling” balls was repeated three more times, for a
total of four balls in each sample. Afterwards, the
experimenter stepped over to the other container and again
drew four balls in the same manner.
In this way, each participant observed two sets of four
balls drawn from the containers (see Figure 1, top row). The
one-color sample consisted of four yellow balls, while the
four-color sample consisted of one red, one green, one blue,
and one yellow ball.1 The balls in the four-color sample
were always drawn from the box in the same order. The
order and side of presentation of the samples were
counterbalanced across participants.
After the second sample was drawn, the experimenter
returned to the center of the table and addressed the child.
Pointing at both the containers simultaneously, she said,
“One of these two boxes has a purple ball, like this (holding
up a card with a photograph of a purple ball), inside. Can
you point to the box you think has the purple ball inside?”
The card was then replaced face down on the table. If a
child did not spontaneously indicate one of the two
containers, the experimenter held up the picture card and
pointed to each box, saying, “Do you think there is a purple
ball in this one, or this one?” Children who did not respond
after two such prompts were excluded and replaced.
We recorded whether each child chose to search for the
novel-colored ball in the container that produced the fourcolor sample or the one-color sample. After children
indicated their choice, the experimenter reached into the
selected container and drew out a purple ball.

Results
A significant majority of children (72.5%) chose the fourcolor sample container (p = 0.006, two-tailed binomial). A
1

Samples were selected based on the procedure used by Sim
and Xu (2013).
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logistic regression, treating age as a continuous factor and
choice of the four-color sample container as the dependent
variable, revealed no effects of age on final choice (Wald, z
= 0.881, p > 0.378, ns).
These results suggests that young learners are not only
able to form second-order inferences from the data they
observe, but also make use of these inferences to reason
beyond their direct experience. However, the experimental
design used in Experiment 1 leaves open the possibility that
this success was due to children’s avoidance of the uniform
one-color sample, rather than an inference about the relative
variability of the two populations. In order to test this
possibility in Experiment 2, we first designed and validated
an online version of the procedure (Experiment 1a).

Experiment 1a
Data collection on Experiment 1 concluded just prior to
lock-down restrictions resulting from COVID-19.
Therefore, in order to conduct Experiment 2, it was first
necessary to develop a version of this task that could be
administered online, and validate it by replicating the results
of Experiment 1. The methods and findings of this interim
investigation
are
reported
below
(see
https://aspredicted.org/blind.php?x=t85n33).

Method
Participants A total of 43 participants (M = 41.74 months,
SD = 3.47 months, range = 36.2 – 47.9 months) were
recruited via email from a database of families from the
same population as Experiment 1, and tested via a Zoom
video call.
Six additional children were excluded and replaced due to
caretaker interference (n = 1), refusal to respond to the test
question (n = 1), or technical issues such as interruption by
an unstable internet connection (n = 4).
Stimuli and Procedure Participants watched a series of
prerecorded videos of an experimenter performing the
procedure from Experiment 1. In order to ensure that the
ball colors would be clearly distinguishable across different
computer monitors: a purple ball replaced the green ball in
the four-color sample and the novel-ball was green instead
of purple.
Experiment 1a was presented in a series of prerecorded
videos via Slides.com. These videos are available via OSF:
https://osf.io/5x8ku/?view_only=269c5468936d4811a55f23
7041f9ff96. The only difference from the procedure in
Experiment 1 was the addition of a pre-trial task, in which
children were asked to point to a black triangle that
appeared first in the left and then the right side of the screen
(order counterbalanced). This gave participants a chance to
practice responding by pointing in the online task and
provided a visual calibration for the experimenter to
determine which container was chosen at test.

Results
Children’s online performance showed a similar, but
weaker pattern as the one observed in Experiment 1: only
62.79% of children in Experiment 1a selected the four-color
sample container. Although this proportion was not
significantly different from Experiment 1 (p = 0.213, twotailed binomial), it was also not significantly different from
chance (p = 0.126, two-tailed binomial).
A post-hoc analysis assessed whether this partialreplication might be due to age-related differences
associated with the change in modality. There was no
significant difference in age between the participants tested
in Experiments 1 and 1a, t(81) = -1.7, p = 0.09 (ns) and a
logistic regression treating age as a continuous factor was
again not significant (Wald, z = 1.271, p > 0.204, ns).
However, a median-split revealed a clear age difference in
online performance. Younger children (n = 21, M = 38.62
months, SD = 1.74 months, range = 36.2 – 41.5 months)
selected the four-color sample container 52.38% of the time,
which was significantly less often than older children (n =
22, M = 44.71 months, SD = 1.49 months, range = 42.21 –
47.9 months), who selected this container 72.73% of the
time (p = 0.048, two-tailed binomial). Importantly, this age
effect was not found in children tested in person: younger
children in Experiment 1 (n = 18, M = 35.61 months, SD =
4.13 months, range = 25.3 – 40 months) selected the fourcolor sample container 66.66% of the time, which was not
significantly different from older children (n = 22, M = 43.8
months, SD = 1.81 months, range = 41.4 – 47.8 months),
who selected this container 77.27% of the time (p = 0.269,
two-tailed binomial). This suggests that the difference
observed between Experiments 1 and 1a is likely due to the
poorer performance of younger children in the online
modality. For further discussion of the interaction between
modality and age, see Lapidow et al. (2021).

Discussion
The results of Experiment 1 and 1a provide initial
evidence that young learners form abstract hypotheses about
populations from the characteristics of the samples they
observe, and apply them to guide their subsequent
inferences and actions. However, as noted above, one
alternative interpretation of these results is that children
succeeded by avoiding the container that produced the
uniform one-color sample, rather than by selecting the
container that produced the variable four-color sample.
A low-level, perceptual version of this alternative can be
largely dismissed. That is, children could not simply
compare the first-order properties of each sample (i.e., the
colors of the balls) and reject the sample of yellow balls
because it does not match the color of the novel ball. This
cannot account for children’s choice behavior, since,
considered only in terms of these first-order properties, the
two samples are equivalent in failing to match the color of
the novel ball. Even representing the one-color sample as
“all yellow” requires forming a second-order inference
about the uniformity of the colors observed. As such, we
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can be confident that children’s predictions reflect the
formation of an overhypothesis about a second-order
property.
Nevertheless, because the samples used in Experiment 1
suggest populations that are completely uniform (one-color)
or varied (four-color), these results alone are insufficient to
demonstrate an inference about variability in particular. It is
possible to arrive at the correct prediction in this task by
inferring that the one-color sample was drawn from a
uniform population (and, therefore, rejecting it), without
reference to the other. Uniformity and variability are, of
course, closely related concepts, and both are examples of
the kind of second-order abstract properties that could
provide critical constraints on hypothesis search. However,
determining which of these approaches underlies young
children’s ability to draw predictions about novel outcomes
from their second-order inferences requires presenting
participants with less extreme samples. Specifically, we
designed a follow-up experiment in which the one-color
sample of four yellow balls was replaced with a two-color
sample of three yellow balls and one non-yellow ball.
This is a considerably more challenging version of the
inference problem from Experiments 1 and 1a. For one,
there is greater first-order perceptual similarity between the
samples (which now have two colors in common).
Moreover, the difference between the populations that can
be inferred from these samples is also subtler: children must
distinguish between more variable and less variable, rather
than between variable and uniform. Furthermore, since
neither of the options suggests uniformity, children cannot
succeed by simply avoiding it. Instead, they have to
compare the relative variability of by each sample in order
to arrive at a prediction about the relative variability of the
populations.
Experiment 2Experiment 2 aimed to test whether children’s
success on Experiment 1 was due to their avoidance of the
uniform container. Children observed a four-color sample
and a two-color sample drawn from two concealed
populations. They were then asked to make a prediction
about which of the two populations contains a novel-color
ball. If children again select the four-color sample, this
would suggest that their predictions were informed by a
second-order inference about the relative variability of each
population.
Given the interaction between age and online modality
observed in Experiment 1a, only older 3-year-olds (3.5 to
4.0) were included in Experiment 2.

Method
Participants Twenty participants (M = 42.92 months, SD =
1.26 months, range = 42.2 – 47.7 months) were recruited in
the same manner as Experiment 1a.
Six additional children were excluded due to caretaker
interference (n = 1), experimenter error (n = 2), or because
of technical issues interrupting the session (n = 3).

Stimuli & Procedure The materials and procedure was
identical to that used in Experiment 1a with one exception:
the samples included a four-color sample consisting of a
red, a blue, a purple, and a yellow ball (drawn in that order)
and a two-color sample consisting of three yellow and one
purple ball (drawn as yellow, purple, yellow, yellow). As in
Experiment 1a, the novel ball was green (see Figure 1,
bottom row).

Results
A significant majority of children (80%) chose the fourcolor sample container (p = 0.01, two-tailed binomial). A
logistic regression, treating age as a continuous factor and
choice of the four-color sample container as the dependent
variable, revealed no effects of age on final choice (Wald, z
= 0.448, p > 0.654, ns). These results demonstrate that
children’s responses are not due to their avoidance of
uniformity, but their prediction about the relative variability
of the two unseen populations

General Discussion
Together, these experiments provide evidence of a critical
but often overlooked aspect of the early development of
higher-order cognition: the ability to infer and apply secondorder inferences to guide future reasoning. We queried
young children’s ability to reason beyond their immediate
observations by asking for a judgment about which of two
unseen populations was more likely to contain an item they
had never seen before. Across two experiments, a
significant majority of children selected the four-color
sample over the one-color sample (Experiment 1) and twocolor sample (Experiment 2). If children’s predictions were
based only on first-order information, or if children were
unable to accurately apply their second-order inferences,
then we would not expect them to have this strong intuition.
After all, there is no objectively correct answer to this
question; children have no factual evidence to rule out the
possibility that the novel object is inside the less variable of
the two containers. Instead, the results suggest that children
actively compare their second-order inferences about each
sample to form a conclusion about the relative variability, or
heterogeneity, of the unseen populations. This relative
estimate is, in turn, used to predict which population was
more likely to contain a novel item.
Our findings compliment and extend the existing
developmental research on the emergence of second-order
inferences. Past studies suggest that even infants would
have been surprised if the novel-colored ball had been
drawn from the less variable of the two containers (e.g.,
Dewar & Xu, 2010; Xu & Garcia, 2008). We also know that
infants can reason about the relationship between
populations and samples, but only for situations where the
population has been directly observed (e.g., Sim & Xu,
2013). The current studies go beyond this prior work to
show that children are also able to make inferences about
unseen populations from samples, and use this to make a
prediction about an outcome that has not yet occurred. To
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our knowledge, only one other study has examined
children’s use of overhypotheses about concealed
populations, and reports only mixed success. Specifically,
Felsche and colleagues (2019) found that 4- and 5-yearolds’ choices to select prizes from different containers were
sensitive to the characteristics of previously observed
samples, but only when prize type (and not size) was the
critical cue. This suggests that children may have only been
attending to this single dimension, rather than fully
representing the second-order population characteristics
implied by the samples. In contrast, 3-year-olds' successful
prediction of the likely location of a novel object in the
current task provides clear evidence for their ability to
utilize abstract inferences to guide subsequent actions.
Our findings also offer an interesting connection to
research on the development of abstract relational reasoning
more generally. While research indicates that toddlers (1830-month-olds) infer and apply second-order same-different
inferences to inform their subsequent causal judgments
(e.g., Goddu et al., 2021; Walker & Gopnik, 2013), 3-yearolds typically fail (Walker et al., 2016). Instead, these older
children tend to privilege first-order properties, often
preventing them from recognizing second-order relations,
even when given explicit instructions to do so (Christie &
Gentner, 2010). It is intriguing, therefore, that 3-year-olds in
the current study did not reason about the samples in terms
of their first-order properties, and instead successfully
generated and utilized abstract inferences. More research is
needed to better understand the connection between
children’s inferences about relative variability, and their
ability to detect same-different in higher-order relational
reasoning tasks.
Future work may also aim to elaborate and expand upon
the current findings by investigating children’s performance
when the task is presented in contextualized, real-world
domains. This question is intriguing since, despite evidence
that learners form appropriate inferences from variability
information as early as 8- or 10-months (e.g., Dewar & Xu,
2010; Sim & Xu, 2013; Xu & Garcia, 2008), young children
often fail when provided with contextualized versions of
similar questions. Erb, Buchanan, and Sobel (2013), for
example, find that although 4-year-olds recognize variability
information when reasoning about the diversity of functions
performed by a machine and use this information as a basis
for subsequent inferences, 3-year-olds do not. In fact, in a
related study, Ahl and Keil (2017) asked children to match
the diversity and number of machine functions to the
complexity of their insides, and found no evidence of such
inferences before the age of six. It is possible that equating
the variability of functions with the complexity of
mechanisms is more difficult than making inferences about
future novel outcomes, regardless of the surface-level
content. But it is also possible that the ease with which
young learners recognize and reason from second-order
properties like variability differs across domains.
Our direct experience of the world is limited—but our
ability to reason about these data at multiple levels of

abstraction allows us to go beyond these observations. Here,
we show that young children readily infer second-order
properties of unseen populations from samples, and
accurately utilize those inferences to guide their reasoning
about novel outcomes. These initial findings help to support
our understanding of how human learning allows us to
reason beyond the limit of our direct experience and lays the
foundation for future research exploring how this capacity
influences everyday reasoning.
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Abstract
Can people learn causal relationships about the world from
someone’s emotions? We present a computational model integrating observational causal learning with emotional information, which uses emotional displays to disambiguate the beliefs, desires, and knowledge of other agents, in turn allowing
causal inferences about the world. We compared our model
predictions to human causal judgements on two observational
learning tasks involving multiple possible causes or multiple
possible outcomes. Across three studies (N = 129, 127, 125),
emotional displays (compared to actions alone) led people to
interpret agents’ beliefs differently, which in some contexts resulted in different causal inferences. Our model closely reflected these patterns of belief and causal inference and revealed new insights on how people learn causal relationships
from others’ emotions.
Keywords: Causal learning; Emotional inference; Observational learning; Bayesian modeling

Introduction
You see your friend hit a switch on a machine and start frowning. You have no clue what the machine does, but you can
easily infer that your friend expected something to happen but
failed in their attempt. By extension, you learned something
about how this machine works (or does not work).
Emotions are a powerful source of information for people
to learn about the world (Ong, Zaki, & Goodman, 2016; Saxe
& Houlihan, 2017; Wu, Schulz, Frank, & Gweon, 2021).
For example, people—even very young children—can infer
someone’s beliefs and desires from their emotional expressions, as well as infer what events elicited those emotions
(Wu, Baker, Tenenbaum, & Schulz, 2018; Wu & Schulz,
2018). These examples of emotion reasoning mainly involve
inference about people’s latent mental states. In this paper,
we explore how emotions can also provide information about
causal relationships in the environment. For instance, how do
emotional displays help people learn the causal functions of
an unfamiliar device? We propose that emotions contribute to
observational causal learning through a rich intuitive theory
of reasoning about others’ minds.
Observational causal learning is the process of learning
causal relationships by observing others (Meltzoff, Waismeyer, & Gopnik, 2012), typically by inferring from others’ actions. It is distinct from learning via statistical covariation (e.g., Gopnik, Sobel, Schulz, & Glymour, 2001;
Cheng, 1997; Kushnir & Gopnik, 2005) or verbal testimony
(e.g., Harris, Koenig, Corriveau, & Jaswal, 2018; Bonawitz

& Shafto, 2016). Instead, observers have to reason about
people’s actions as motivated by their beliefs and desires
(Goodman, Baker, & Tenenbaum, 2009; Teo & Ong, 2021),
which explains how people can learn about a new technology
simply by watching an experienced user working with it.
But inferring causality from actions alone might be misleading, such as in situations involving failed actions that are
causally irrelevant. People need additional information such
as verbal cues (e.g., “Whoops!”) to accurately understand
failed (Gweon & Schulz, 2011; Bridgers, Altman, & Gweon,
2017) or accidental actions (Gardiner, Greif, & Bjorklund,
2011; Gardiner, 2014). In this study, we consider the informational utility of emotional displays such as frustration that
often accompany people’s failures, which we propose that observers use to disambiguate such situations. Emotion understanding goes beyond recognizing expressions, and relies on
rich intuitive theories of emotion that allow people to reason about how others would react in complex situations (Ong,
Zaki, & Goodman, 2015, 2019; Saxe & Houlihan, 2017; Wu
et al., 2021). Observers consider contextual factors that are
motivationally-relevant for other agents—a third-person version of cognitive appraisal. For example, people understand
that goal attainment often gives rise to happiness whereas failing to reach an expected goal often causes frustration. These
intuitive theories allow people to make sense of others’ behaviors and intentions from their emotional displays (Wu,
Baker, et al., 2018) and even about their degree of knowledge
(Wu, Haque, & Schulz, 2018; Wu, Schulz, & Saxe, 2018).
We propose a Bayesian generative model that describes
how people perform inference from emotional displays to
infer the beliefs, desires, and knowledge of other agents,
which in turn affords causal inferences about the world. This
model extends past work on observational causal learning
(Goodman et al., 2009; Teo & Ong, 2021) by allowing the
model to learn from emotional displays together with actions
and outcomes. The model also extends work on emotion inference (Ong et al., 2019) by showing how emotional displays
can be used to infer causal relationships in the environment
through the latent mental states of other agents. Additionally,
the model gives insight on how conflicting information is handled between its information sources, such as between direct
observation (of outcomes) and indirect testimonial evidence
(e.g., from actions and emotional displays).
We compared our model predictions to people’s inferences
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on two observational learning tasks. In Studies 1a and 1b,
we investigated a “multiple-causes” scenario where an agent
performs two different actions sequentially, with the desired
outcome occurring only after both actions were completed.
Here, it is ambiguous whether both actions were intentional
(and the outcome required both actions) or the agent’s first
action was intended but failed. In Study 2, we considered a
“multiple-outcomes” scenario where an agent’s action could
lead to multiple possible outcomes. This scenario provides
conflicting information from direct observation and testimonial evidence (e.g., via inference from actions and displays
through beliefs). Across both scenarios, we manipulated the
presence of emotional displays and hypothesized that such
displays help resolve ambiguity over the agent’s beliefs, allowing different inferences about causality.

Computational Model
We propose a computational model (Fig. 1) that describes
how emotional information aids causal inference, integrating aspects of earlier models of observational causal learning (Goodman et al., 2009; Teo & Ong, 2021) and affective
cognition (Ong et al., 2019; Wu, Baker, et al., 2018). We
assume an agent interacting with the world via observable actions (A), causing outcomes (O). The model infers the latent causal structures of the world (W ) by making two key
assumptions about agent behavior. First, the agent acts rationally such that their actions are chosen to maximize their
desires (D) given their beliefs (B) about the world (Baker,
Jara-Ettinger, Saxe, & Tenenbaum, 2017). Second, the agent
experiences emotions (E; inferred through observable emotion displays Y ) after subjectively appraising the outcome of
their actions, given their beliefs and desires (Wu, Baker, et al.,
2018). As the agent may be knowledgeable about the world
(or conversely, may have false beliefs about the world), the
model allows for the agent’s knowledge (K) to vary.
By observing O, A, and Y , the model performs Bayesian
inference to jointly estimate the latent variables W , K, B, and
D (marginalizing over emotions E). This is formalized by:

P(D)P(A|B, D)P(O|W, A)
(1)

E

We implemented this model using PyMC31 for two types
of learning scenarios. In a multiple-causes scenario (Study 1),
the observer infers the likely cause of an outcome of interest,
operationalized via an agent acting on multiple switches in
order to turn on a light bulb. In a multiple-outcomes scenario
(Study 2), the observer infers the likely causal effect of an
event of interest, by observing an agent acting on a switch in
a room with two different light bulbs.
1 https://tinyurl.com/EmotionalCausalInference

Causal Structure and Belief, P(W ), P(K), P(B|W, K)
In a multiple-causes scenario, W represents the likely cause
of an outcome. We sampled W from a discrete space of candidate causes (“blue switch only”; “orange switch only”; “both
switches”) with a prior probability matching the estimated
prior beliefs of a sample of participants (see Study 1 procedure for details). In a multiple-outcomes scenario (Study
2), W represents the likely causal effects of an event, and
we modeled two possible causal effects (pink or orange bulb
lighting up) from two independent Beta(α = .1, β = .1) distributions. These hyper-parameters reflect a prior that people
favor deterministic relations (close to 0 or 1 probabilities).
K represents the probability that the agent is knowledgeable, and is sampled from a Beta(5, 2) distribution. The chosen hyper-parameters reflect that observers tend to attribute
high knowledge to the agent (mean reliability of .7). When
the agent is knowledgeable, B reflects W . Otherwise, a random belief is sampled.

Agent’s Desire and Actions, P(D), P(A|B, D)

P(W, K, B, D|O, A,Y ) ∝ P(W )P(K)P(B|W, K)

∑ P(E|B, D, O)P(Y |E)

Figure 1: Graphical model. Nodes represent variables,
shaded nodes are observable while clear nodes are latent, and
edges between nodes represent causal influence.

In the multiple-causes scenario, we sampled D from a
Binomial(p = .5) distribution (1 indicates desire to turn on
the bulb). In the multiple-outcomes scenario, D was sampled
from a Categorical distribution containing the likely desires
(e.g., “turn on orange bulb”). Actions were sampled under
the rational agent assumption: When the agent believes they
know how to fulfill their desires, they act based on their belief.
Otherwise, the agent is unlikely to act. Our model observed
the object interactions of the agent (“push blue and orange
switches” in Study 1 and “push blue switch” in Study 2).

Outcomes, P(O|A,W )
O represents the bulb(s) turning on and depends on A and W .
For example, if pushing a blue switch is necessary to turn on
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Figure 2: Experimental Materials for Studies 1a and 1b (top panels) and Study 2 (bottom panels). The panels show the action
sequence of the agent with emotion displays. Note that no emotional displays were shown in the no-emotion conditions. The
top A) panels match the 5 Measurement Points in Study 1b where participants provided causal ratings.
a bulb (W ) and the blue switch was pushed (A), then the bulb
will turn on (O = 1). Otherwise, the bulb remains off (O =
0). For Study 1, we allowed for the possibility of observing
an outcome after some temporal delay from the causal event
since the scenario involves an action sequence with multiple
potential causes (similar to Teo & Ong, 2021).2

Emotions and Displays, P(E|O, B, D) and P(Y |E)
We sampled E from a Categorical distribution (“happy”,
“frustrated”, “neutral”) with relative probabilities based on
the following logic: By default, the model expects the agent
to feel neutral. If the outcome matches the agent’s desires
(goal attainment), then the agent is more likely to experience
(and express) happiness. Conversely, if the agent’s plan did
not go as expected and their desires are left unfulfilled (goal
non-attainment), then the agent is more likely to feel frustrated. Y (emotional display) was set as equivalent to E.

Study 1a and Study 1b: Multiple causes
In Study 1a, we investigated a multiple-causes scenario where
an agent attempted two distinct actions to turn on a light
bulb. In the no-emotion condition, an agent pushed a blue
switch (with no observable effect), and then pushed an orange
switch, which is followed by the bulb lighting up. This is ambiguous, and consistent with several hypotheses: for example, the agent thinks that both switches are necessary to turn
the bulb on; alternatively, the agent initially thought that the
blue switch was sufficient, but realized it failed to reach the
desired outcome, and so went on to push the orange switch.
In the emotion condition, we manipulated emotional displays by having the agent express frustration after pushing
the blue switch and express happiness after pushing the orange switch. We predicted that the emotion displays help to
2 An earlier action (e.g., push blue switch) has a .2 probability
of causing the bulb to turn on even though some time has passed
between these events.

disambiguate the agent’s beliefs, by affording the inference
that the agent only intended to push the blue switch and believed it was sufficient to turn on the bulb (although this resulted in failure). As a more ambitious test of our model, we
ran a follow-up study, Study 1b with the same stimuli, where
we additionally measured causal inferences at multiple key
moments of the scenario rather than merely at the end.
Without emotional displays, we predicted that observers
are more likely to infer that both switches were causally
important because presumably the agent was rational and
pushed both switches intentionally (Goodman et al., 2009;
Teo & Ong, 2021). Our model predicted that observers in the
emotion condition would instead infer that pushing the blue
switch led to failure and discount its causal relevance relative
to other possibilities like the orange switch.
Participants. For Study 1a, we recruited 158 participants
from Prolific and excluded 29 participants who failed our attention checks. The final sample included 129 participants
(41.9% females; Mage = 28.8; SDage = 9.2). For Study 1b, we
recruited 155 Prolific participants, excluding 28, for a sample
of 127 (44.9% females; Mage = 26.1; SDage = 8.7).
Materials. We created two videos involving an agent, two
switches (blue and orange), and a light bulb (see Figure 2).
The agent starts by pushing the blue switch, with no visible change in the light bulb—in the emotion condition, the
agent additionally displays a frustrated expression. Next, the
agent pushes the orange switch. This time, the bulb lights up
in response—in the emotion condition, the agent displays a
happy expression. Finally, the agent exits the scene.
Procedure. In Study 1a, participants were randomly assigned to the emotion (N=59) or no-emotion (N=70) condition, and were shown the corresponding video. Following
the video, participants were presented with several candidate
causes of the bulb lighting up (“blue switch only”; “orange
switch only”; “both switches”) and asked to rate their like-
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Figure 3: Study 1a results: inferences in a multiple-causes
scenario. Mean causal ratings and agent-belief ratings across
conditions for 3 hypotheses (top row). Corresponding model
predictions are presented below. Error bars represent 95%
confidence intervals.
lihoods on a Likert scale from 1 (Extremely Unlikely) to 9
(Extremely Likely). They were also asked about the agent’s
beliefs (how likely the agent expected the respective switches
to cause the bulb to light up), desire (how likely the agent
wanted to switch on the light bulb), and knowledge (how
likely the agent knew how to turn on the light bulb). The
causal and belief ratings were normalized to sum to 1 within
each participant. Participants then responded to attention
checks and demographic questions.
Study 1b employed similar stimuli and procedures (N’s=
58, 69 in the emotion and no-emotion condition respectively).
The main difference was that instead of obtaining one set of
ratings after the video, the video was paused and participants
provided causal ratings at five measurement points, as shown
in Fig. 2. These were: 1) when the agent was in front of
the switches; 2) while the agent was pushing the blue switch;
3) after pushing the blue switch in the no-emotion condition
and after the agent displayed an emotion in the emotion condition 4) while the agent was pushing the orange switch and;
5) at the end of the scene. As the first measurement point was
before anything happened in the scene, we used participants’
mean causal ratings at this point as the model priors on the
causal structure W (for both Study 1a and Study 1b).

Study 1 Results
When shown only the agent’s actions in the no-emotion condition, participants were more likely to infer that the agent believed that pushing both switches would lead to their desired
outcome, and were more likely to infer that both switches
were causally necessary for the light bulb to turn on. By contrast, when the agent displayed frustration after pushing the
blue switch, participants presumably took it as a failed action,
leading them to infer that the blue switch is causally irrelevant

and favor other possibilities such as the orange switch.
Comparing the two conditions, we found that participants
in the emotion condition (compared to no-emotion), were less
likely to infer the agent’s belief that both switches were necessary to turn on the bulb (Mann-Whitney-Wilcoxin Test, W =
1028.5, p < .001), and more likely to infer the agent’s belief
that the blue switch was necessary (W = 3055.5, p < .001).
These differences in belief inferences resulted in different
causal inferences. Participants in the emotion (compared to
no-emotion) condition were more likely to infer that the orange switch turned on the bulb (W = 2924.0, p < .001). We
note that in both conditions, participants still gave the most
weight to the “both switches” hypothesis.
Our computational model captured these qualitative patterns (see Figure 3) across the experimental conditions and
the two variables (Belief inference and W orld causal inference), albeit with more polarized inferences for the noemotion condition. Quantitatively, our model’s predictions
also correlated well with people’s ratings across the several latent variables measured, including inferences of the
W orld causal inference, and the agent’s Belief, Desire, and
Knowledge (r(14) = .883, p < .001).
In Study 1b, we evaluated our model’s predictions of people’s causal inferences at key moments of the scene (see Figure 4). The first measurement point served as our estimate for
people’s priors over the world’s causal structure. Upon seeing
the agent push the blue switch (second measurement point),
both our model and participants inferred through the agent’s
actions that the blue switch is causally relevant. But upon
observing no change in the light bulb (third measurement
point), both model and humans decreased their confidence
in the blue switch (although in the no-emotion condition, our
model predicted a larger decrease compared to participants).
At this point, observers also begin favoring different hypotheses across the experimental conditions. Observers in the emotion condition began to favor other hypotheses upon learning
that the agent failed their action (“orange switch only” and
“both switches”). By contrast, observers in the no-emotion
condition leaned toward “both switches” as they assumed that
the agent intended both actions. This trend continued to the
last measurement point. Overall, our model co-varied with
these dynamic causal inferences (r(28) = .746 , p < .001),
giving evidence that our model closely reflects people’s underlying reasoning processes.

Study 2: Multiple outcomes
In Study 2, we considered a multiple-outcomes scenario. An
agent pushes a switch next to two light bulbs, one pink and
one orange, and only the orange bulb lights up. By manipulating the agent’s emotional displays—frustration vs no reaction—we gave conflicting (vs consistent) testimonial evidence that the agent expected the pink (vs orange) bulb to
light up.
Our model predicts that observers would make different
belief inferences across conditions, but similar causal infer-
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Figure 4: Study 1b results: mean causal ratings from human participants and model predictions across five time points for each
of three possible causal hypotheses (columns), by condition (rows). Error bars represent 95% confidence intervals.
ences. Even though the agent signalled that they expected the
other bulb to turn on in the emotion condition, observers are
likely to infer that the agent’s beliefs are false since they contradict direct (physical) observations which are often more
reliable (Shafto, Eaves, Navarro, & Perfors, 2012).
Participants. We recruited 147 participants on Prolific, excluding 22 who failed our attention checks, resulting in a final
sample of 125 (40.1% females; Mage = 28.1; SDage = 11.0).
Materials. The videos (Figure 2) depict an agent, a switch,
and two light bulbs—one pink and one orange. The agent
pushes the switch just before the orange bulb lights up. In the
emotion condition, the agent additionally displays a frustrated
expression. The agent then exits the room.
Procedure. Participants were randomly assigned to the
emotion (N=68) or no-emotion (N=57) conditions. After
watching the video, they rated different causal hypotheses
(causal relationship between the switch and pink bulb; switch
and orange bulb), the agent’s beliefs (how likely the agent expected the pink/orange bulb to light up), desire (how likely the
agent wanted to switch on the pink/orange bulb), and knowledge (how likely the agent had knowledge of the function
of the switch). The causal and belief ratings were not normalized (unlike Study 1) to allow the two hypotheses to vary
independently of one another (scoring high on both reflects
the belief that both bulbs are causally related to the switch
whereas scoring low on both reflects the belief that neither
bulbs are causally related to the switch).

Study 2 Results
When presented only with the agent’s actions in the noemotion condition, participants were more likely to infer that
the agent believed that the switch caused the orange bulb to

turn on—presumably, via the rational agent assumption, participants may have assumed the agent pushed the switch in
order to turn on the orange bulb (and succeeded). By contrast,
when the agent displayed a frustrated expression (in the emotion condition), participants were instead more likely to infer
that the agent believed that the switch activated the (other)
pink bulb—presumably they intended to turn on the pink bulb
as they were dissatisfied with the outcome. In support of this,
we found that both conditions significantly differed in their
belief inferences. Participants in the no-emotion condition
(compared to emotion) were more likely to infer that the agent
expected the orange bulb to turn on (W = 444.0, p < .001)
whereas participants in the emotion condition (compared to
no-emotion) were more likely to infer that the agent expected
the pink bulb to turn on (W = 3309.0, p < .001).
Despite these different inferences over the agent’s beliefs,
participants across both conditions inferred that the switch
was causally related to the orange bulb but not the pink bulb.
There was no statistically significant differences in participants’ ratings of the causal relationship between the switch
and the pink bulb (W = 1842, p = .624) or between the switch
and the orange bulb (W = 1881.5, p = .745).
Our computational model reflected these qualitative patterns (see Figure 5). We found that our model’s predictions were highly correlated with participants’ mean ratings
of the W orld causal inference, and agent’s Belief, Desire, and
Knowledge (r(12) = .918 , p < .001).
We compared our model against lesioned models by comparing their predictions for Studies 1a and 2 to assess our
model’s contribution over previous models that do not include
emotions and/or knowledgeability (Goodman et al., 2009;
Teo & Ong, 2021; Ong et al., 2019). Upon lesioning emotions, the correlation between human inferences and model
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Figure 5: Study 2 results: inferences in a multiple-outcomes
scenario after observing the orange bulb lighting up. Mean
causal and agent-belief ratings across conditions for 2 causal
hypotheses (top row). Corresponding model predictions are
presented below. Error bars represent 95% confidence intervals.
predictions (on W and B) dropped from .91 to .67 (Fisher’s
Z test, p = .045). Upon lesioning knowledgeability (fixing
it to 1 such that W = B), the correlation between human inferences and model predictions also dropped from .91 to .67
(p = .043). Without considering the emotions or knowledgeability of agents, observers would incorrectly assume that observed actions and outcomes are all intended by the agent,
making it difficult to decipher any failed actions by the agent.

Causal Learning from Emotional Displays
Through emotional displays, people can draw insights about
others’ mental states, including their beliefs, desires (Ong
et al., 2015; Wu, Baker, et al., 2018; Wu & Schulz, 2018),
and knowledge (Wu, Haque, & Schulz, 2018; Wu, Schulz, &
Saxe, 2018). People can also make causal inferences about
the world merely by observing others’ actions (Goodman et
al., 2009; Meltzoff et al., 2012; Teo & Ong, 2021). In this
paper, we presented a computational model showing how
these processes can be integrated within a coherent Bayesian
framework. Across three studies, we showed how both people
and our model used emotional displays to disambiguate social
situations, resulting in different inferences over agent beliefs
and causal relationships: in particular, we also demonstrated
that our model’s inferences closely track people’s causal inferences as the scene unfolds.
There were some notable differences between our model’s
predictions and human judgments, which provide interesting observations about people’s reasoning. In the no-emotion
condition in Study 1a, our model made more ‘polarized’ inferences compared to people in the no-emotion condition, attributing much less weight to the “blue switch only” hypothesis and much more weight to the “both switches” hypothesis.

From Study 1b (Fig. 4), we see that these deviations began
after the agent performed their first action (with no outcome;
Measurement Point 2 → 3), where the model starts to dismiss the “blue switch only” hypothesis (the action at Point 2
that failed) in favor of the “both switches” hypothesis. This
is sensible because the (lack of an) outcome shows clear evidence against the blue switch as a causal antecedent. But
people are somehow less able to make that inference from the
absence of an outcome. Contrast this with the same point in
the emotion condition where the agent displays a frustrated
expression at Measurement Point 3: people did dismiss the
“blue switch only” hypothesis then. We know that (personal)
failure is a strong motivator of causal search (Weiner, 2012)
and perhaps, watching another person fail (unambiguously,
given the emotion display) might give similar motivation for
observers to reason about the absence of an outcome.
Similar to past work on testimonial learning (Bridgers,
Buchsbaum, Seiver, Griffiths, & Gopnik, 2016), we observed
an asymmetry in people’s reliance on direct observations
compared to others’ knowledge in Study 2: people did not
rely on testimonial evidence when it contradicted direct observation. This stems from the uncertainty an observer has
about another person’s knowledge compared to the certainty
of physical evidence (Shafto et al., 2012). This account implies that increasing confidence in the expertise of testimonial
evidence, or lowering the certainty of physical evidence, may
lead to people trusting others’ knowledge more than physical evidence. Bridgers et al. (2016) demonstrated the latter
in a context where event relationships are probabilistic, and
in which people’s inferences relied on testimony even when
these reports contradicted what was observed. Future work
should examine how such findings translate to an observational learning context, where there is uncertainty not just in
the agent’s reliability, but also in their mental states (emotions, beliefs, desires). It might also be worth investigating
certain emotions (e.g., confidence or anxiety) that may additionally convey information about an agent’s expertise.
Our model’s treatment of emotions is still simple. So far,
we have only considered goal-related appraisals leading to
frustration and happiness: other emotions like surprise or excitement could also provide information about expectations
and facilitate causal learning. We have also not considered
other contextual factors: In our scenarios, frustration in context suggested that the agent had false beliefs about the causal
structure. However, in situations where people can fail due to
other factors, frustration could signal that the agent is knowledgeable (e.g., frustration from failing to answer a test question due to lack of time, or failing to push the correct switch
due to lack of strength). Much more work can be done to develop models of emotion understanding across contexts and
to integrate such information into causal learning.
In summary, our work shows how emotion displays—via
a rich intuitive theory of appraisals—provide information beyond mental states to causal relationships in the world, broadening our understanding of observational causal learning.
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Abstract
Adults can rapidly learn new first-order phonotactic constraints
like /f/ only occurs at the beginning of syllables, by producing strings of nonsense syllables such as "hes feng neg kem".
The learning is measured by observing their speech errors,
e.g., whether /f/’s then always slip to syllable onset position.
Context-dependent (second-order) constraints such as /f/ occurs at the beginning of syllables if the vowel is /æ/, but occurs
at the end of syllables if the vowel is /ı/ can be learned as well,
but errors only follow these constraints after a period of sleep.
It has been suggested that the knowledge of newly-learned
second-order constraints is isolated from English knowledge
in a separate "mini-grammar" and that the creation of the minigrammar requires a period of sleep. The present study investigates the mini-grammar notion in the learning of first-order
constraints, which are learned quickly in a single session. We
interleaved trials in which participants produced strings of nonsense syllables with trials in which they repeated English sentences. The English sentences and nonsense sequences either
showed the same consonant-position constraints or the opposite constraints. Speech error data showed that the English sentences interfered with the learning of the first-order constraints
within the nonsense sequences, suggesting that the constraints
in the nonsense context were not separated from ordinary English in a mini-grammar. We hypothesize that the formation
of mini-grammars may require consolidation and that no minigrammar is created for first-order constraint learning.
Keywords: Language diversity; speech errors; phonotactics;
implicit learning

Introduction
Every language user knows how to produce and understand
their native language. What is less appreciated is that this
knowledge is diverse and greatly dependent on context, even
for those who are nominally monolingual. We speak differently than we write. We speak differently to young children
than to adults, to friends as opposed to strangers, and to native speakers as opposed to foreign-language speakers (e.g.,
Snow, 1972; DePaulo & Coleman, 1986). On the comprehension side, we understand many different regional and foreign
accents, especially as we get more experience (e.g., Thompson, 1991; Cristia et al., 2012). It is as if, instead of a single
grammar, we have many of them, and we know which to use
when.
Nielsen and Wilson (2008) developed a hierarchical
Bayesian account of linguistic learning that separates the resulting knowledge into a main grammar containing contextindependent features (e.g., “cat” begins with a /k/; the regular past tense is “ed”) and several “mini-grammars” each of

which describes the exceptional features of particular contexts (e.g., my mother says “hoagie” instead of “sub sandwich” and she pronounces it with a fronted vowel). Navigating this diversity requires both the main grammar and the
mini-grammars.
Recently, the mini-grammar notion has been applied to
a methodological issue in the cognitive science of language: How should we think about artificial grammarlearning paradigms? In many such studies, competent speakers of, say, English, experience English-like materials in the
laboratory that nonetheless follow non-English rules. The
goal of these studies is to discover principles of learning
by assessing whether and how the novel rules are learned.
Warker (2013) proposed that what is learned in these studies is a mini-grammar in the same way that we learn minigrammars for different situations or accents.
The current study explores the mini-grammar idea in a particular paradigm: phonotactic learning as measured by speech
errors. Warker (2013), Gaskell et al. (2014) and Dell, Kelley, Hwang, and Bian (2021) suggested that the creation of
mini-grammar in this learning paradigm may require a sleep
consolidation period. Specifically, when one encounters a
new context, namely, the newly experienced phonotactics, the
changes and learning that occur from experiencing this experimental setting happens not in the main grammar, but in
the separate mini-grammar. Then after a period of consolidation, this mini-grammar becomes available when speaking
in the experimental task. Warker (2013) also found that the
experimental learning of the phonotactic rule was retained by
subjects when tested a week later, suggesting that this minigrammar is not only associated with the experimental context
but is also resistant to interference from the everyday English
experience. The current study tested this claim by examining a kind of phonotactic learning that, by itself, does not
require consolidation. If mini-grammars require consolidation, it then follows that this kind of learning would not exist
within a mini-grammar and hence should be interfered with
by experience with English.

Phonotactic rules and speech errors
Every language imposes constraints regarding where
phonemes are placed in syllables. These constraints are called
phonotactic rules. For example, in English, /h/ can only occur
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at the beginning of a syllable (in onset position), and /N/ (the
’ng’ sound) only occurs at the end of a syllable (in coda position), as in "hang". This phonotactic knowledge is acquired
from experience from infancy through adulthood, and it systematically influences both language perception and production (Dell et al., 2021). Furthermore, it has been found that
speech errors, specifically phonological slips, reveal phonotactic knowledge in that the slips rarely create illegal sequences (e.g., Fromkin, 2013; Stemberger, 1982). For example, while English speakers might erroneously say "hing
the hymn" in place of "sing the hymn", they would not slip
into saying "ngis the hymn", as this violates the phonotactic
rule of English that /N/ can only occur in the coda position.
The fact that slips obey phonotactic rules can be used to
study the implicit learning of the rules. Implicit learning
arises through the performance of some task (e.g., producing
syllables) and results in changes in performance that reflect
the rules present in the stimuli. An experimenter can embed
a new phonotactic rule in syllables to be spoken, such as /f/
must always be an onset, and then examine whether slips of
/f/ tend to land in onset positions, thus implicitly demonstrating acquisition of the rule.

First-order phonotactic rule learning
In the original study investigating implicit phonotactic
learning, Dell, Reed, Adams, and Meyer (2000) explored the
learning of new first-order phonotactic rules. In a first-order
rule, a consonant is constrained to appear in a specific syllable
position, either the onset or coda. Participants recited strings
of four consonant-vowel-consonant syllables, like "hes feng
neg kem". Each sequence included one instance of /h/, /N/,
/f/, /s/, /m/, /n/, /k/, and /g/. The sequence was recited in time
to a metronome three times in a row, in order to facilitate the
production of speech errors.
The eight consonants in the sequences were subject to
three kinds of restrictions: language-restricted, experimentrestricted, and unrestricted. The two language-restricted consonants (/h/ and /N/) were constrained by English phonotactic
rules to certain syllable-positions: /h/ must be an onset and /N/
must be a coda. There were two experiment-restricted consonants that were artificially constrained to certain positions
in the experiment. For example: /f/ must be an onset and /s/
must be a coda. Thus, /f/ and /s/ are, within the experiment,
acting like /h/ and /N/ respectively. The remaining four consonants (e.g., /m/, /n/, /k/, /g/) were unrestricted and occurred
both as onsets and codas throughout the experiment. The unrestricted consonants served as a control for the tendency of
any slipped consonant to maintain its intended position.
The consonant slips that participants produced in the experiment were classified according to whether the slipping
consonant moved to the same or a different position in another syllable. For example, if “hes feg” slipped to “fes feg”,
the slip of the /f/ would count as “position maintaining”, but
if “hes feg” slipped to “hef feg”, the slip of /f/ would not be
position maintaining.
Dell et al. (2000) found that the slips of the language-

restricted consonants maintained their syllable-positions
100% of the time. This was expected because we know that
slips will obey the phonotactic constraints of the language, in
this case English. A slip of “fes heng” to “nges heng” doesn’t
just involve movement of “ng” to a different syllable position;
the movement violates English phonotactics as well. Slips
of unrestricted consonants maintained their syllable-position
73% of the time. This was also expected because there is a
general tendency for consonants to slip to the same syllable
position. The key data concerned slips of the experimentrestricted consonants. If the participants implicitly learned
the experimental constraints, then slips involving these consonants should follow the experimental rules, just as slips of
language-restricted consonants follow English rules.
And that was what was found: Experiment-restricted consonants maintained their syllable-positions in 96% of speech
errors, far more often than did the unrestricted consonants
(73%). This "excess legality" of the slips of experimentrestricted consonants over the slips of unrestricted consonants
(a 23% difference) measured the learning of the new experimental constraints.
Importantly, although the experiment was a 4-day study,
this difference emerged on the first day and in fact was as
large on Day 1 as it was on subsequent days. Since then,
this rapid learning effect has been replicated many times (e.g.,
Goldrick, 2004; Kittredge & Dell, 2016; Goldrick & Larson,
2008; Taylor & Houghton, 2005; Warker & Dell, 2015).

Second-order phonotactic rule learning
Additionally, recent research using phonological slips to
measure implicit learning has studied more complicated
phonotactic rules, such as /f/ must be an onset if the syllable’s vowel is /æ/ but /f/ must be a coda if the syllable’s vowel
is /ı/. These are called second-order vowel-contingent rules,
as the legal position of the consonant depends on the vowel.
Warker and Dell (2006) found that slips followed secondorder vowel contingent rules, but not on the first day of training. Later studies showed that a period of sleep is necessary
for the learning to be observed (Gaskell et al., 2014; Warker,
2013). This need for sleep in this paradigm was observed for
other kinds of second-order rules such as a rule in which the
position of a restricted consonant depends on whether the syllable is stressed or unstressed (Bian & Dell, 2020; see also,
Warker & Dell, 2006; Warker, Dell, Whalen, & Gereg, 2008;
Anderson & Dell, 2018). Thus, it appears that the learning of
the second-order rules, but not the first-order rules, requires a
period of consolidation.

Mini-grammars and consolidation
But why is consolidation needed to learn second-order constraints? According to Gaskell et al. (2014) and Warker
(2013), because the experimental second-order rule is incompatible with English rules, specialized associations between the new rule and the experimental context must be
acquired to separate the incompatible artificial rules from
the English rules. They proposed that the representation of
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the new second-order rule was a kind of mini-grammar and
that the creation of this mini-grammar requires consolidation (see also Dell et al., 2021). They conceptualized the
mini-grammar as a connectionist network whose connection
strengths would represent the new associations between, for
example, a restricted consonant (e.g., /f/), a vowel (e.g., /æ/),
and a syllable position (e.g., onset). This network is separate
from the main grammar, which was also conceived of as a
network. The main grammar would represent, for example,
that /N/ must be a coda, but it would have no record of the
new rule stored in the mini-grammar.
The laboratory learning involving the nonsense syllables
would be isolated in the mini-grammar and could be called
upon whenever the participants revisited the experimental
procedures with these syllables, just as an English speaker
who has adapted to a new accent can use that experience in
the future. Key evidence for the mini-grammar was provided
by Warker (2013) who demonstrated that the knowledge of
the new rule was long-lasting and hence insulated from English experience that would unlearn the rule if it were not kept
in a separate mini-grammar.
This brings us to the central point of the current experiment. Following Warker (2013), we propose that during an
artificial phonotactic learning experiment, speakers create a
separate mini-grammar that is the locus of the knowledge of
the newly learned constraints. The mini-grammar is isolated
from the main English grammar and does not become functional until a sleep period (Gaskell et al., 2014). Studies of
second-order phonotactic rule learning support this hypothesis.
Recall, though, that the learning of first order rules occurs
without a consolidation period (Dell et al., 2000; see also
Taylor & Houghton, 2005). One reason that has been proposed for why second-order rule learning requires a minigrammar, and thus requires consolidation, is that a new
vowel-contingent rule about consonant position conflicts with
the way English works, where vowels are not important
predictors of whether consonants are onsets or codas (e.g.,
Kessler & Treiman, 1997; Dell et al., 2021). This conflict
between English and the experiment stimulates the formation
of the mini-grammar. However, first-order rule learning may
not require a mini-grammar because the new rules do not conflict with the way English works, as individual consonants do
vary in their tendency to be onsets or codas. Thus learning a
new first-order rule involves simply strengthening or weakening existing biases (e.g., increasing or decreasing the existing
tendency for /f/ to be an onset). These changes could occur
in the main grammar without the need for a mini-grammar
to isolate that learning. If there is a necessary link between
consolidation and the formation of a separate mini-grammar,
it follows that the learning of first-order rules, at least before
a sleep period occurs, will not be stored in a separate minigrammar. This reasoning, in turn, makes a strong prediction:
that experience with English sentences during the experiment
should interfere with the learning of new first-order experi-

mental rules.
In the current study, as in the previous phonotactic learning
studies, participants repeated nonsense syllables following a
first-order rule: /f/ must be an onset and /s/ must be a coda
(or the reverse for half of the participants). But alternating
with nonsense sequence trials, they were also asked to repeat short English sentences. These sentences contained the
experiment-restricted consonants /f/ and /s/. For half of the
participants, the sentences reinforced the rule found in the
nonsense sequences. For example, if the nonsense syllables
followed the /f/-onset and /s/-coda rule, the sentences adhered
to the same rule, as in "The fearful voice was raspy and grating". Because this sentence has /f/-onsets and /s/-codas, it
matches the nonsense rule. For the other half of the participants, the interspersed English sentences mismatched the rule
exhibited in the nonsense syllables. If the nonsense syllables
followed the /f/-onset and /s/-coda rule, the sentences would
exhibit the opposite constraint, such as "The turf stack was
soft and earthy".
The key data involve the degree to which the slips made
when producing the nonsense syllables follow the rule present
in those syllables. In the matching condition, when the interspersed English sentences reinforce the rule found in the
nonsense sequences, we expect the slips to strongly follow
the rule. In the mismatched condition, if the production of
the nonsense syllables were insulated from English experience in a mini-grammar, the slips should follow the nonsense
syllable rule just as strongly. If, however, as predicted, no
mini-grammar is formed because there is no sleep period, the
English sentences for participants in the mismatched condition will interfere with the acquisition of the rule and reduce
the nonsense slips’ adherence to the rule.
Dell et al. (2000) found a strong effect of first-order phonotactic learning in Experiment 1 and 2, each with eight participant, each doing 96 trials. Each experiment recorded, on
each day, 9,216 attempts to produce a syllable. We increased
the number of participants to 24, each doing 48 nonsense trials. Thus, 13,824 nonsense syllable production attempts were
made.

Method
Participants
Twenty-four native English-speaking undergraduates (16
females) from the University of Illinois at UrbanaChampaign participated in exchange for course credit. Nine
additional participants were tested but their data were eliminated from the analysis, due either to their failure to keep
time with the metronome (n=4) or to technical problems in
the online procedure (n=5).

Stimuli
The nonsense sequences were constructed as in Dell et al.
(2000). Each sequence had 4 CVC syllables, using the eight
consonants /h, N, f, s, k, g, m, n/, with the vowel spelled using the letter "e" and pronounced as /ε/. The eight consonants
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appeared once in each sequence, four as onsets and four as
codas. The placement of the consonants in each sequence
was randomly determined, except for the language-restricted
and experiment-restricted consonants. Thus, the /h/ always
appeared as an onset and the /N/ appeared always as a coda,
as constrained by English phonotactics. /f/ and /s/ were constrained within the experiment to appear either only as an onset or only as a coda, depending on the assigned condition.
Thus, if the experimental rule was that /f/ must be an onset
and /s/ must be a coda, a possible sequence would be "hes
feng meg ken".
Each English sentence had four stressed syllables, which
were indicated to the participants by capitalization, as in "the
FURious WASP FLEW aWAY". Each sentence had two instances of the experiment-constrained consonants /f/ and /s/,
with either the /f/’s as onsets and /s/’s as codas (as in the furious wasp example just above), or the reverse.

Procedure
This was a videoconference-facilitated experiment, in
which the participants joined the researchers for the appointment via Zoom online. The stimuli were presented to the participants via a Qualtrics link which the participants had access
to on their own computer and shared with the researchers via
Zoom’s screen sharing option.
There were 96 trials for each participant, 48 nonsensesyllable trials and 48 English-sentence trials. Participants
were randomly and equally assigned to one of four conditions, which we will call fes-face, fes-safe, sef-face, and sefsafe. These notations stand for the constraints participants received in their nonsense and English trials. For example, ‘fes’
indicates the constraint /f/ must be an onset and /s/ must be a
coda in the nonsense trials, whereas ‘face’ indicates the constraint /f/ must be an onset and /s/ must be a coda in the English trials. In this way, the nonsense and English rules were
either matched (for participants in the fes-face and sef-safe
conditions) or mismatched (for participants in the fes-safe
and sef-face conditions). We predicted learning (of the rule
in the nonsense sequences) to be present in the matched condition, given its similarity to many previous first-order learning experiments. In the mismatched condition, we predicted
reduced learning of the rule due to interference from the interspersed English trials, if the first-order learning of the nonsense is not isolated in a mini-grammar. Because there is just
one experimental session, there is no consolidation period to
allow for its formation.
Both the nonsense sequences and the English sentences
were visually presented to the participants using Qualtrics.
All of the trials were presented in font size of 15px, using the
font Helvetica, centered on the screen. For a nonsense trial,
participants saw a sequence such as "fes hes neg kem", and
recited it following a computer-generated metronome, matching each syllable to a beat. The nonsense sequences were
presented entirely in lower case. The metronome was set
such that for each sequence, the participants first read it aloud
once at a rate of 1.1 beats per second, and then repeated the

sequence three times without a pause at a faster rate of 2.53
beats per second. After the recitation, participants advanced
to the next trial at their own pace by clicking the ’next’ arrow.
In the English trial, participants saw four English sentences, for example:
the FURious WASP FLEW aWAY.
the FURious WASP FLEW aWAY.
aWAY the FURious WASP FLEW.
the FURious WASP FLEW aWAY.
Notice that there are two distinct sentences in the list,
involving some rearrangement of the same words, sometimes
with function-word differences in order to make the English
sentences comprehensible. This made the sentence repetition task more difficult and engaging. Participants recited the
sentences, matching each stressed syllable with a metronome
beat. The metronome rates were set as in the nonsense trials.
The participants first recited the first sentence at the 1.1/sec
rate, and then the next three sentences each at the 2.53/sec
rate without pause. The nonsense and English trials alternated. Other than that, their order was randomly determined.
All trials were digitally recorded on Zoom.
Before the first experimental trial, the participants practiced reciting in time to the metronome. There were three
practice trials. The first practice trial asked participants to
speak each syllable in time to a metronome, simulating the
nonsense sequence trials. In the other two practice trials, participants were asked to speak each stressed syllable in time
to a metronome, simulating the English sentence trials. The
participants practiced these several times until they had accurately produced the materials in time with the metronome.
Throughout the experimental session, the experimenter listened to the participants’ production, and for the nonsense
sequences, corrected them if their pronunciation of the vowel
was incorrect or their recitations were not in time with the
metronome. For the English sentences, the experimenter corrected them if they were not in time with the metronome, or
if they repeated the same sentence instead of producing the
rearranged sentences shown on the screen. If the participants
still exhibited difficulty in following the instructions after correction, their data were eliminated.

Results
Nonsense Trial Results
One coder transcribed and coded the full sets of production trials. There were 576 syllables (1152 consonants) in the
nonsense trials for each participant (i.e. 48 four-syllable sequences produced 3 times each at the fast metronome rate).A
second coder independently transcribed and coded a subset of
the produced syllables across participants to establish reliability. The second coder listened to 96 produced syllables (192
consonant targets) from each of four randomly chosen participants and identified what consonant was produced. Thus, a
total of 768 consonant productions were labeled by the second coder. The primary coder had labeled 700 of these as
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correct productions and identified a non-target consonant for
the remaining 68. The labels assigned by the second coder
differed from those assigned by the primary coder for only 7
consonant productions, which resulted in 99% agreement in
the coding.
Errors involving movement of the language-restricted
phonemes (/h/ and /N/) showed a syllable-position maintenance of 100% for both the matched and mismatched conditions (SE = 0, based on 295 total errors). That is, all /h/’s
slipped to onset positions and all /N/’s slipped to coda positions. This is to be expected because not only are these consonants restricted to their positions during the experiment, they
are so restricted for all of English.
Errors involving movement of consonants restricted by
experiment-wide constraints, that is, /f/ and /s/, were also
classified as to whether or not they maintained their syllable
positions. Very high levels of syllable-position maintenance
of the slips are expected if the experimental rule was learned.
The same determination was made for slips of the unrestricted
consonants (/k/, /g/, /m/, and /n/). The rate of position maintenance for these slips constituted the baseline which could be
compared to that for the restricted-consonant slips. Table 1
gives the total number of slips that maintained and did not
maintain syllable positions for slips involving restricted and
unrestricted consonants, as a function of whether the English
sentences matched or mismatched the rule for the nonsense
syllables.

Experiment 1. This result was as expected, with the magnitude of the difference between the syllable-position maintenance of restricted and unrestricted consonants (a 26% difference) close to that obtained for other first-order effects (28%;
Anderson & Dell, 2018). Notice, as well, that position maintenance for the restricted slips in this condition is exceptionless, just as it is for slips of /h/ and /N/.
In the mismatched condition, the slips of restricted consonants maintained their syllable-position 92.8% of the time
(SE = 3.30) while slips of unrestricted consonants maintained their syllable-position 80.8% of the times (SE = 2.68;
Wilcoxon Z = 80, p < .017). Although the difference in the
syllable-position maintenance between restricted and unrestricted consonant slips is reduced for the mismatched condition (a 12% difference), the difference remained significant.
See Figure 1 for a summary. These results demonstrate that
English speakers learned the experiment-restricted constraint
present in their nonsense sequences expressed through their
speech errors. But the key question is whether the learning
effect was diminished in the mismatched condition.
We found a significant interaction between restrictedness
and match vs. mismatch condition using a nonparametric
test. A Mann Whitney U test on the difference between restricted and unrestricted syllable-position maintenance percentages (excess legality) in the nonsense trials found a significant reduction in the mismatched condition (U = 99, p =
0.038). Thus, the mismatching English sentences interfered
with the learning in the nonsense syllables.

Table 1: Number of Same-Position and Different-Position Errors in Nonsense Trials.

Matched
Mismatched

Restricted
Same Different
107
0
115
10

Unrestricted
Same Different
232
70
274
76

The data analysis procedures followed the first-order
phonotactic learning data analysis in Dell et al. (2000)’s
study. We expected the restricted slip syllable-position maintenance proportions for the nonsense syllables in the matched
condition to be close to 100% and considerably greater than
for the unrestricted slips. The key question was whether this
difference was reduced in the mismatched condition. We
tested three planned contrasts on the maintenance proportions: between restricted and unrestricted slips in the matched
condition, between restricted and unrestricted slips in the mismatched condition, and the interaction contrast between condition and restrictedness. As in previous studies, nonparametric tests were used to evaluate the contrasts.
In the matched condition, the mean syllable-position maintenance percentage for slips of restricted consonants (M =
100%, SE = 0) was significantly greater than the mean
syllable-position maintenance percentage for the slips of unrestricted consonants (M = 73.9%, SE = 3.85; Wilcoxon Z =
55, p < 0.01), replicating the results from Dell et al. (2000)

Figure 1: Mean percentage of syllable-position maintenance
of consonants and standard error in the nonsense trials for
matched and mismatched conditions. The restricted consonants were /f/ and /s/, and the unrestricted consonants were
/g, k, m, n/. Note: * p < .05. ** p < .01.

English Trial Results
In the production of the English sentences, we observed
many fewer slips overall, as would be expected given that the
English materials were much more familiar. This shows that
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the participants may have treated the English trials as real
English sentences that they might encounter in everyday experience, even though the task was unfamiliar to them. We
did observe some phonological errors, though, some that involved the restricted consonants /f/ and /s/. While the rate of
the restricted consonant errors, that is, slips of /f/ and /s/, in
the nonsense trials was 0.1 per each /f/ or /s/ target consonant, the corresponding rate in the English trials was 0.02,
five times smaller.1 The rate was determined by dividing
the number of restricted consonant slips by the number of
restricted-consonant targets in the stimuli.
In the matched condition, the English restricted consonant
slips maintained their syllable position 97.1% of the time.
For the mismatched condition, the position maintenance was
lower (85.4%), suggesting interference from the nonsense to
the English. While it may be tempting to suggest that this
difference shows interference from the nonsense to the English, this difference was not significant (U = 58, p = 0.39),
likely because there are many fewer English slips to work
with. The direction of the difference is, however, consistent
with the conclusion from the nonsense slips—that the English
and nonsense trials interfered with each other.

Discussion
The participants learned the first-order phonotactic rule
embedded in the nonsense-sequence trials, with the learning
revealed in their speech errors involving the restricted consonants. As in previous studies of first-order phonotactic learning, the learning was present in a single experimental session.
The main goal of this experiment, however, was to determine whether the learning was reduced when English sentences were presented in a way that went against the experimentally constrained phonotactic rule in the nonsense strings.
Crucially, we found less learning in the mismatched condition, suggesting that the presentation of English sentences
had an effect on the learning of the first-order constraints.
Thus, the learning of the experiment-imposed constraints in
the nonsense syllables seems not to be isolated from the interleaved English experience. We had predicted that this interference would occur based on the idea that the creation of
a mini-grammar that isolates the experimental stimuli from
English may require a consolidation period (Gaskell et al.,
2014). Thus, the present results support this conception of
the mini-grammar, at least for these kinds of experiments.
While there was indeed interference, we should ask
whether there is nonetheless evidence for some separation
between the English and the nonsense in the data. On the
surface, the fact that restricted slips showed greater position
maintenance than unrestricted slips in the mismatched condition suggests that the English mismatched /f/’s and /s/’s did
not completely eliminate sensitivity to the nonsense syllable
pattern. However, this result does not unambiguously point
1 There were 48 nonsense sequence trials and 48 English sentence

trials per participant. Each nonsense sequence had one /f/ target and
one /s/ target, and each English sentence had two /f/ and two /s/
targets.

to the formation of a mini-grammar protecting the learning
in the mismatched condition to some degree. There is a better explanation for the greater maintenance of restricted than
unrestricted consonant slips in the mismatch condition. We
know that phonotactic learning in this paradigm is highly dependent on error (e.g., Dell et al., 2021; Anderson, Holmes,
Dell, & Middleton, 2019). The greater the potential for error during recitation, the greater the learning. Recall that the
recitation of the English sentences was much less error-prone
than that of the nonsense syllables. Thus the recitation of the
English sentences would be much less potent as a learning experience than that of the nonsense sequences. Consequently,
even in the mismatched condition, the nonsense pattern remains weakly expressed in the nonsense speech errors.
We have concluded that there is no clear evidence for a
mini-grammar representation of the first-order rule during the
initial testing session. We should add that, although the minigrammar is a reasonable account of why learning, specifically
second-order learning, persists for up to a week (Warker,
2013), there have been no studies that directly examine interference from concurrent English in these cases. For example, after a sleep period, we predict that both first- and
second-order rules would be stored in a mini-grammar and
hence would not be interfered with by concurrent English.
The predicted lack of interference on day 2 for the first-order
constraints, in turn, would suggest that the non-conflicting
first-order constraints can also create long-lasting learning after consolidation prompted by the distinctive context itself.
As Nielsen and Wilson (2008) pointed out, such isolation
is needed to permit language-users to navigate linguistic landscape in which the rules vary across contexts. Specifically, in
case of our study, whether the contexts themselves prompt the
creation of mini-grammars by virtue of their distinctiveness,
or whether a conflict with the larger grammar is required. The
results of our current study motivate such tests in pursuit of
a greater understanding of the mini-grammar approach to linguistic diversity, and the relationship of artificial languagelearning in the lab to learning about that diversity.
In summary, this study is one of the first investigations of
the mini-grammar notion as applied to artificial phonotactic
learning in the laboratory. The results demonstrated interference between the English and nonsense patterns that occurred
during the study. This in turn suggests that, for rapid firstorder learning, a strong mini-grammar for the nonsense trials
was not created. The results support the claim that the formation of such mini-grammars may require consolidation.

Acknowledgments
This research was partially supported by two grants
from the Eunice Kennedy Shriver National Institute of
Child Health and Human Development (R01HD054448 and
R01HD086099). The authors wish to thank Amanda Kelley
for contributions to the materials and Illinois colleagues from
the Human Memory and Cognition Lab and the Language
Acquisition Lab for insightful comments on the research.

2212

References
Anderson, N. D., & Dell, G. S. (2018). The role of consolidation in learning context-dependent phonotactic patterns
in speech and digital sequence production. Proceedings of
the National Academy of Sciences, 115(14), 3617–3622.
Anderson, N. D., Holmes, E. W., Dell, G. S., & Middleton,
E. L. (2019). Reversal shift in phonotactic learning during
language production: Evidence for incremental learning.
Journal of Memory and Language, 106, 135–149.
Bian, Y., & Dell, G. S. (2020). Novel stress phonotactics are
learnable by English speakers: Novel tone phonotactics are
not. Memory & cognition, 48(2), 176–187.
Cristia, A., Seidl, A., Vaughn, C., Schmale, R., Bradlow, A.,
& Floccia, C. (2012). Linguistic processing of accented
speech across the lifespan. Frontiers in psychology, 3, 479.
Dell, G. S., Kelley, A. C., Hwang, S., & Bian, Y. (2021).
The adaptable speaker: A theory of implicit learning in language production. Psychological Review, 128(3), 446.
Dell, G. S., Reed, K. D., Adams, D. R., & Meyer, A. S.
(2000). Speech errors, phonotactic constraints, and implicit
learning: a study of the role of experience in language production. Journal of Experimental Psychology: Learning,
Memory, and Cognition, 26(6), 1355.
DePaulo, B. M., & Coleman, L. M. (1986). Talking to children, foreigners, and retarded adults. Journal of personality
and social psychology, 51(5), 945.
Fromkin, V. A. (2013). The non-anomalous nature of anomalous utterances. In Speech errors as linguistic evidence (pp.
215–242). De Gruyter Mouton.
Gaskell, M. G., Warker, J., Lindsay, S., Frost, R., Guest, J.,
Snowdon, R., & Stackhouse, A. (2014). Sleep underpins
the plasticity of language production. Psychological Science, 25(7), 1457–1465.
Goldrick, M. (2004). Phonological features and phonotactic
constraints in speech production. Journal of Memory and
Language, 51(4), 586–603.
Goldrick, M., & Larson, M. (2008). Phonotactic probability
influences speech production. Cognition, 107(3), 1155–
1164.
Kessler, B., & Treiman, R. (1997). Syllable structure and the
distribution of phonemes in English syllables. Journal of
Memory and language, 37(3), 295–311.
Kittredge, A. K., & Dell, G. S. (2016). Learning to speak
by listening: Transfer of phonotactics from perception to
production. Journal of Memory and Language, 89, 8–22.
Nielsen, K., & Wilson, C. (2008). A hierarchical bayesian
model of multi-level phonetic imitation. In Proceedings of
the 27th west coast conference on formal linguistics (pp.
335–343).
RStudio Team. (2020). Rstudio: Integrated development environment for r [Computer software manual]. Boston, MA.
Retrieved from http://www.rstudio.com/
Snow, C. E. (1972). Mothers’ speech to children learning
language. Child development, 549–565.

Stemberger, J. P. (1982). The lexicon in a model of language
production. University of California, San Diego.
Taylor, C. F., & Houghton, G. (2005). Learning artificial
phonotactic constraints: time course, durability, and relationship to natural constraints. Journal of Experimental Psychology: Learning, Memory, and Cognition, 31(6),
1398.
Thompson, I. (1991). Foreign accents revisited: The English
pronunciation of Russian immigrants. Language Learning,
41(2), 177–204.
Warker, J. A. (2013). Investigating the retention and time
course of phonotactic constraint learning from production
experience. Journal of Experimental Psychology: Learning, Memory, and Cognition, 39(1), 96.
Warker, J. A., & Dell, G. S. (2006). Speech errors reflect
newly learned phonotactic constraints. Journal of Experimental Psychology: Learning, Memory, and Cognition,
32(2), 387.
Warker, J. A., & Dell, G. S. (2015). New phonotactic
constraints learned implicitly by producing syllable strings
generalize to the production of new syllables. Journal of
Experimental Psychology: Learning, Memory, and Cognition, 41(6), 1902.
Warker, J. A., Dell, G. S., Whalen, C. A., & Gereg, S. (2008).
Limits on learning phonotactic constraints from recent production experience. Journal of Experimental Psychology:
Learning, Memory, and Cognition, 34(5), 1289.

2213

The driving forces of polarity-sensitivity:
Experiments with multilingual pre-trained neural language models
Lisa Bylinina (bylinina@gmail.com)1
Bookarang, Amsterdam

Alexey Tikhonov (altsoph@gmail.com)1
Independent researcher, Berlin

Abstract

What are NPIs like any sensitive to? Is their grammaticality
conditioned by the presence of specific words in specific positions (not and other ‘licensers’ that we’ll discuss in Section
2)? Or are they actually sensitive to the meaning that these
words bring into the sentence?

Polarity-sensitivity is a typologically general linguistic phenomenon. We focus on negative polarity items (NPIs, e.g.
English any) – expressions that are licensed only in negative contexts. The relevant notion of ‘negative context’ could
be defined lexically, syntactically or semantically. There is
psycholinguistic evidence in favour of semantics as a driving factor for some NPIs in a couple of languages (Chemla,
Homer, & Rothschild, 2011; Denić, Homer, Rothschild, &
Chemla, 2021). Testing the scale of this analysis as a potential cross-linguistic universal experimentally is extremely hard.
We turn to recent multilingual pre-trained language models –
multilingual BERT (Devlin, Chang, Lee, & Toutanova, 2018)
and XLM-RoBERTa (Conneau et al., 2019) – and evaluate
the models’ recognition of polarity-sensitivity and its crosslingual generality. Further, using the artificial language learning paradigm, we look for the connection in neural language
models between semantic profiles of expressions and their
ability to license NPIs. We find evidence for such connection
for negation but not for other items we study.
Keywords: neural language models; polarity-sensitivity; linguistic typology; artificial language learning

We will study this interaction in two large pre-trained multilingual language models (LMs): mBERT (multilingual
BERT, Devlin et al., 2018) and XLMR (XLM-RoBERTa,
Conneau et al., 2019). Our conclusions can be important for
two reasons: 1) if we look at LMs as ‘algorithmic theories’
of the data they were trained on (Baroni, 2021), it’s informative for linguistic theory to know what kind of ‘theories’
of polarity-related phenomena arise in LMs trained on data
from 100+ languages; 2) we gain new understanding of the
inner workings of multilingual LMs and the inter-language
generality of their polarity representations.
This paper presents results of 4 experiments2 that involve
mBERT and XLMR (see Fig. 1):

Introduction
Systematic interactions between linguistic properties constrain the space of natural languages in a principled way.
Studying these linguistic universals is indispensable to make
progress on questions like, What are the limits of crosslinguistic variation? What is the space of possible natural languages, the space of impossible natural languages, and how
do they differ from each other?
One type of universals is of special interest: those where
one property semantic property and the other one is distributional. Those generalizations are particularly hard to verify,
since they require a semantic account of items of interest and
a way to distinguish a semantic condition from a more superficial (say, lexical) one.
We focus on one interaction relating semantics and distribution: interaction between the semantic property of monotonicity and a distributional property of polarity sensitivity.
We will focus on one type of polatity-sensitive items: negative polarity items (NPIs). NPIs are ungrammatical in a
sentence unless the sentence provides a ‘negative’ context.
E.g., a sentence with sentential negation like (1-a) is grammatical with any, while its minimal affirmative pair is not:
(1)

a. Mary didn’t buy any books.
b. *Mary bought any books.

1) We evaluate within-language polarity-sensitivity for NPIs
in 4 languages (English, French, Russian and Turkish).
2) Using a simple cross-lingual transfer test, we evaluate the
generality of polarity representation across languages.
3) Building on the artificial language learning paradigm
(Friederici, Steinhauer, & Pfeifer, 2002; Culbertson, Smolensky, & Legendre, 2012 a.o.), we introduce a system of new
tokens and acquaint the models with their monotonicity profiles. We then test whether this information is enough to trigger NPI-licensing behaviour – that is, whether NPI distribution is meaning-conditioned.
4) Finally, in an experiment parallel to Exp. 2, we conduct a
cross-lingual transfer test to check whether the tokens trained
to develop particular meaning profiles on English data interact with NPIs in other languages – thus checking whether
cross-lingual generality of polarity encoding is a meaningrelated generalization.
We start with the discussion of background and related
work and then describe the experiments and their results. We
report meaning-conditioning for one of our items.
1 Equal
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contribution.
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Figure 1: Experiments represented schematically. Exp. 1 tests polarity-sensitivity in pre-trained mBERT and XLMR for 4
languages individually. Exp. 2 tests cross-lingual transfer of polarity sensitivity with hybrid sentences where English polarity
operators (not, many, few) are transplanted into sentences from different languages containing NPIs. Exp. 3 exposes models to
new tokens and their semantic profiles via NLI training in English and then tests their NPI-licensing behaviour. Exp. 4 tests
cross-lingual transfer of NPI licensing properties of new tokens, recycling Exp. 2 procedure.

Linguistic background
NPIs are expressions with limited linguistic distribution. The
distribution of NPIs like any is more intricate than suggested
by the simple minimal pair in (1). For instance, (2) are ‘negative enough’ to license any, while (3) are not – even though
none contain sentential negation.
(2)

a.
b.

No boxes contain anything.
Few people had any thoughts.

(3)

a. *Some boxes contain anything.
b. *Many people had any thoughts.

The notion of monotonicity builds on logical entailment.
Monotonicity of a linguistic environment defines its entailment patterns. In (4), the domain in square brackets is
upward-entailing (UE) – as evidenced by the valid inference
from sets (textbooks) to supersets (books): sentence (4-b) entails sentence (4-a).
(4)

a.
b.

Some boxes [ contain books ]↑
Some boxes [ contain textbooks ]↑

(5) shows a downward-entailing (DE) environment: (5-a)
entails (5-b) – an inference from sets to subsets.
(5)

a.
b.

No boxes [ contain books ]↓
No boxes [ contain textbooks ]↓

The exact relation between NPIs and monotonicity of the context where they appear has been subject to a lot of research in
linguistics (see Fauconnier, 1975; Ladusaw, 1979 and much
subsequent literature). Importantly, both monotonicity and
NPI grammaticality are not an all-or-nothing matter when it

comes to human judgments about them (Geurts, 2003; Sanford, Dawydiak, & Moxey, 2007; Chemla et al., 2011; McNabb, Alexandropoulou, Blok, Bimpikou, & Nouwen, 2016;
Denić et al., 2021). Chemla et al. (2011) report that sentences
with no are perceived as DE by human subjects only 72% of
the time. At most is only recognized as DE 56% of the time.
This variation allows for a study that investigates correlation
between NPI acceptability judgments and monotonicity judgments about the same context. Chemla et al. (2011) found that
the inferences a person considers valid in a given context predict how acceptable they would find an NPI in it. Conversely,
Denić et al. (2021) show that inferential judgments are modified by the presence of an NPI. That is, speakers have this correlation as part of their (implicit) linguistic knowledge: NPIs
tend to occur in contexts that also tend to have some monotonicity profile, and information about one can change your
expectation about the other.
There are open questions concerning this interaction. One,
it still remains to be shown that this is a causal relation. Two:
if it is, is it a fundamental property of natural language that
can be found beyond a couple of languages? The questions
of causality and cross-linguality are inter-related. A language
typically only has few actively used NPIs and a limited set of
monotonicity-altering expressions. This limited data is compatible with different causal analyses that can end up as linguistic knowledge of a speaker. But what kind of causal structure of this domain would one develop as a speaker of 100+
languages? Would it be the best generalization to condition
your NPIs by monotonicity? Would it be a good move to
generalize these phenomena across languages at all? Humans
speaking 100+ languages natively are hard to find. But we do
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Experiment 1

have multilingual language models.

Data

Related work
Polarity and monotonicity in LMs. NPIs have been the
topic of several studies in the context of LMs (Marvin &
Linzen, 2018; Hu, Gauthier, Qian, Wilcox, & Levy, 2020;
Jumelet & Hupkes, 2018; Warstadt et al., 2019; Jumelet,
Denić, Szymanik, Hupkes, & Steinert-Threlkeld, 2021). A
variety of techniques have been used to assess to what extent LMs recognize the relation between NPIs and different
types of NPI licensers. A measuring technique we will use
here has been used, for instance, in (Warstadt et al., 2019):
a version of the cloze test adapted for masked LMs, where
probabilities of tokens in the masked position are compared.
The consensus in the literature – on monolingual data – is that
recent LMs show decent knowledge of NPI licensing conditions, with variation depending on the type of the licenser
(robust with negation, less robust with other licensers like few
etc.).
Studies of entailment pattern recognition (casted as Natural Language Inference – NLI) in LMs is less optimistic about
the models’ abilities (Yanaka et al., 2019a, 2019b; Talmor,
Elazar, Goldberg, & Berant, 2020; Geiger, Richardson, &
Potts, 2020). However, training on more balanced datasets
has been reported to help (Geiger et al., 2020; Geiger, Lu,
Icard, & Potts, 2021).
Artificial language learning (ALL). The ALL framework
is used in psycholinguistics and cognitive science to uncover
causal relations in different domains (Friederici et al., 2002;
Finley & Badecker, 2009; Culbertson et al., 2012; Ettlinger,
Bradlow, & Wong, 2014; Kanwal, Smith, Culbertson, &
Kirby, 2017; Motamedi, Schouwstra, Smith, Culbertson, &
Kirby, 2019). It has three main ingredients: (1) a fragment
of an artificial language: expressions that do not belong to
the subjects’ language; (2) training phase, where some information about the language fragment is given to the subjects;
(3) testing phase, where it is checked what other knowledge,
beside the provided, was inferred during training – revealing
causal relations. ALL has only been used in the context of
pre-trained LMs in (Thrush, Wilcox, & Levy, 2020), to the
best of our knowledge – and never for multilingual LMs.
Cross-lingual transfer in multilingual LMs. Multilingual
representations and their evaluation have been in the focus
of the research community for a long time. For the history of cross-lingual representations, see Ruder, Vulić, and
Søgaard (2019). We work with recent multilingual Transformer masked LMs (Devlin, Chang, Lee, & Toutanova,
2019; Conneau & Lample, 2019; Conneau et al., 2019; Siddhant et al., 2020), whose development was driven by the advances in transfer learning for NLP (Howard & Ruder, 2018;
Devlin et al., 2019). Research evaluating and interpreting
multilingual linguistic representations has produced several
multilingual benchmarks, including XTREME (Hu, Ruder, et
al., 2020) and XCOPA (Ponti et al., 2020). There are no multilingual datasets for polarity-sensitivity phenomena.

This experiment uses 5 language-specific datasets: one in
English, one in French, two in Russian (for different NPIs)
and one in Turkish. All five datasets contain synthetic dataproduced for each language following the same procedure.
We describe the procedure for English, see the repository for
complete specification.
First, we automatically identified the set of verbs and nouns
to build our items from. To do so, we ran the CapitolWords
corpus3 through SpaCy POS tagger and dependency parser4 .
We sorted encountered nouns and verbs by frequency in the
corpus and excluded words that appear in the MQNLI dataset
(see Geiger et al., 2020 and Exp. 3 description). We filtered
out verbs that had > 50% intransitive uses. We kept past tense
forms of 300 top verbs meeting our criteria and plural forms
of top 200 nouns. Then, we generated sentences with these
words, using the following pattern:
Two noun.PL verb.PRS.PL indef.
The numeral is a measure to make sure the subject is plural
and quantifiable; the present tense serves the same purpose.
Finally, indef varies over {somebody, something} to capture
verbal selectional restrictions. The pattern gives 120k sentences like Two activities mean something.
We ran the sentences through GPT-25 , sorted them by GPT2 perplexity and kept the bottom 10k as the basis of the test
dataset. Then we constructed 10k quadruples:
⟨AFF, NEG, MANY, FEW⟩
The sentences in the tuple are generated using simple morphosyntactic patterns (any- varies between anything and anybody depending on the indefinite in the original sentence):
(6)

a.
b.
c.
d.

The letters meant anything.
The letters did not mean anything.
Many letters meant anything.
Few letters meant anything.

Here are French, Russian and Turkish examples, respectively:
(7)

a.

Peu d’amis ont vu

quoi que ce soit.

few of.friends have seen anything

b.

Люди ничего не потеряли.
people anything NEG lost

c.

Doktorlar kimseyi aramadı.
doctors

anybody called.NEG

Procedure
To measure polarity-sensitivity, we follow the procedure
in (Warstadt et al., 2019 a.o.). We target two contrasts:
⟨AFF , NEG⟩ and ⟨MANY, FEW⟩. For each of the relevant pairs
in each quadruple in each dataset, we mask NPIs with one
or more [MASK] tokens, depending on the length of the tokenized NPI. Then, we measure the proportion of the dataset
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3 Accessed

via textacy.datasets.

4 https://github.com/explosion/spacy-models
5 https://huggingface.co/gpt2

Figure 2: Results of Exp. 1 per model and language

Figure 3: Results of Exp. 2 per model and language

where the probability of the NPI, according to the model, is
higher in the first element of the pair. This is described in
Formula (1) (where |D| stands for the dataset cardinality) for
AFF vs. NEG and one masked token. It is exactly the same
for MANY and FEW. For multi-masked cases probabilities are
averaged across masks.
∑s∈D [ p([MASK] = m|sAFF ) > p([MASK] = m|sNEG )]]
(1)
|D|
The lower the resulting number, the more pronounced NPI
behaviour is. We perform this test on mBERT and XLMR.

Results
Results are summed up in Fig. 2, grouped by model and contrast pairs. The most robust contrasts are found between affirmative and negative sentences in English and with the Russian ‘ни’-NPI in both models. In both of these cases, the NPI
is a default choice with direct negation (any is an all-purpose
NPI in English, Russian ‘ни’ is a ‘strong NPI’, – its use is
mainly restricted to direct negation contexts). Russian ‘либо’ and French que ce soit are weak NPIs which have more
prominent alternatives under direct negation (‘ни’ in Russian
and rien / personne in French). mBERT and XLMR treat
French que ce soit very differently in the ⟨AFF , NEG⟩ contrast. Speculatively, this reflects the difference in the generlization made by the models regarding the distribution of these
items. Russian ‘либо’ does not show any-like generic-NPI
behaviour – possibly, due to its competition with ‘ни’. Results for Turkish are the least robust across context and models. The ⟨MANY, FEW⟩ contrasts are not very robust across
the board. This fact is known for monolingual LMs (Jumelet
& Hupkes, 2018; Warstadt et al., 2019; Hu, Gauthier, et al.,
2020; Jumelet et al., 2021; Bylinina & Tikhonov, 2022).

Experiment 2
Data. We test cross-lingual transfer of polarity-related interaction. For this, we build on data from Exp. 1. We modify
our 4 non-English datasets, transplanting English items (not,
many, few) into sentences from other languages. This way
we evaluate polarity-related interactions across a language
boundary. Here is an example of an English-Russian hybrid:

Few люди ничего потеряли.
few people anything lost

(8)

The procedure we follow for this experiment is exactly the
same as in Exp. 1.
Results are summarized in Figure 3. Judging from these proportions, English negation is a good licenser for French NPIs,
according to both models (in XLMR, better than the French
negation itself). Less so with Russian ‘ни’ (note the difference between Figures 2 and 3 for ‘ни’). Russian ‘либо’ is
treated very differently by mBERT and XLMR, with negation/NPI interaction picked up across English and Russian by
XLMR but not by mBERT. English-Turkish hybrid licensing
didn’t work well – speculatively, because English and Turkish
negation are too different morphosyntactically for the models
to make a generalization. Results are less pronounced for
⟨MANY, FEW⟩ than with negation across the board – which is
expected given intra-language results from Exp. 1.
To sum up so far, both models show systematic reflexes of
NPI licensing by negation, less so by quantifiers. There is
variation between models on how weak NPIs are treated in
languages with a competing strong NPI / n-word under direct
negation. Cross-lingual transfer varies from language to language, tentatively depending on how structurally different the
languages are.

Experiment 3
Data
We use the MQNLI6 dataset (see Geiger et al., 2020, 2021)
– an NLI dataset for English with synthetic sentences generated using a template. They vary in which quantifier combines with the subject and object (no, some, every or not every); whether an adjective modifies the subject and/or object;
whether there is an adverb; presence/absence of sentential
negation; lexical choice of the verbs and nouns. This gives
rise to logical structures of high complexity, and learning to
recognize them is a challenging task for LMs. See (a) and (b)
in Table 1 for examples from MQNLI.
We divided the 500k dataset into two parts that were used
in different stages of Exp. 3. Stage 1 (general NLI training)
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6 https://github.com/atticusg/MultiplyQuantifiedData

Table 1: MQNLI-based data for Experiment 3: (a) and (b) are examples used in Stage 1 (taken from MQNLI); (c) illustrates an
item from Stage 2, with a new token [ NOT ] as negation.
Qs

Adjs

Ns

Neg

(a)

not every
some

sad

baker
baker

doesn’t

(b)

every
every

angry

(c)

every
every

jealous

philosopher
philosopher

doesn’t

milkman
milkman

[ NOT ]
[ NOT ]

Adv

V

Qo

Adjo

No

label

fairly

admits
admit

not every
no

odd

idea
idea

entailment

draw
draws

some
some

Irish

doors
doors

contradiction

pats
pats

not every
some

flexible

helmet
helmet

entailment

honestly
stylishly

used unmodified MQNLI items.
For Stage 2, we focused on a subset of the full MQNLI
dataset. We were interested in pairs where the quantifiers
don’t vary lexically pairwise across sentences: item (a) in Table 1 doesn’t satisfy this constraint, item (b) does. So, sentences in these selected pairs can differ from each other only
by the presence or absence of modifiers (adjectival or adverbial), the presence or absence of negation and the lexical content of non-quantificational words. These constraints help us
focus on monotonicity specifically: in terms of monotonicity, no and few are the same, but a statement like No P is
Q entails It’s not the case that some P is Q (thus relating no to some). Few Ps are Q does not entail that. Items
from MQNLI where logical relation across quantifiers is introduced bring in information beyond monotonicity.
Out of this subset, we set aside 4k pairs where both sentences have some in the subject position; 4k pairs for subject
no; the same for object position: 16k sentences in total. We
also set aside 8k pairs where at least one of the sentences in
the pair has negation. This gives 24k sentences that will be
used in Step 2. In the 8k ‘some’-sentences we replace some
with [MANY], which will be the new generic UE quantifier;
same for 8k ‘no’-sentences, where we replace no with [FEW]
as a generic DE quantifier. Finally, in the 8k sentences with
negation it was substituted with [NOT], resulting in pairs like
the (c) in Table 1.
The rest of the dataset will be used in Step 1 of Exp. 3 with
further selection to avoid lexical overlap between splits, resulting in 20k training examples and 3.5k for validation+test.
After training, we will make use of the modified English
dataset from Exp. 1 to evaluate the results of the training: we
will replace English negation, few and many with new tokens
[NOT], [FEW] and [MANY], respectively.

els on MQNLI-2 with the same settings as before (except
the data split ratio 80:10:10 for which we don’t enforce lexical disjointness). We save the trained embeddings of the
new tokens. We repeat Stage 2 40 times re-shuffling training
data and starting with new random initialization, so that we
end up with 40 triples of newly trained embeddings for each
model. The NLI fine-tuning results in 90.07% test accuracy
and 90.11% f1 score for mBERT (averaged across 40 runs).
For XLMR – 88.55% and 88.01%, respectively. We conclude
that the meanings were learned by the models successfully.
Finally, we add these new tokens to their respective original, non-fine-tuned models and assign them their newly
trained embeddings. Then, using the pseudo-English dataset
defined above, we test the 40 new sets of tokens for NPIlicensing potential they gained after training. We evaluate the
distribution of their NPI-licensing scores against a random
background: we replace the tokens in the licensing positions
by 40 random tokens each and measure how random tokens
license English NPIs in mBERT and XLMR. Then we compare the results for random tokens and for the new trained,
following the same procedure as before.

Results
The resulting distributions – both trained and random – are
shown in Figures 4-7. The NPI-licensing potential for new
trained negations is significantly higher than that of random
tokens in the negation position in both models (for significance estimation for Exp. 3 and 4 see Table 2). Trained [FEW]
(vs. [MANY]) are in fact worse NPI licensers than randomly
picked tokens in the same positions in mBERT (no difference
from random in XLMR). That is, according to these data, the
meaning of negation (as revealed by NLI) is a factor affecting
its interaction with NPIs. Our experiment did not reveal the
same for quantifier monotonicity.

Procedure
First, we fine-tune mBERT and XLMR for NLI with the
Stage 1 MQNLI data (MQNLI-1). We create a MQNLI-1
train/val/test split (ratio 84:8:8) with no lexical overlaps apart
from quantifiers and negation.
Then we train the models further on Stage 2 MQNLI-based
data (MQNLI-2). We extend the tokenizer vocabulary with
3 new special tokens: [NOT], [FEW] and [MANY], with randomly initialized embeddings. Then we fine-tune the mod-

Experiment 4
Data. This experiment tests cross-lingual transfer of polarity
from tokens trained on English data in Exp. 3 to other languages. As in Exp. 2, we make hybrid sentences, where a
licenser is transplanted into items from French, Russian, and
Turkish, like in (9):
(9)
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[FEW] d’amis ont vu quoi que ce soit.
few

of.friends have seen anything

English, ⟨AFF , [ NOT ]⟩ vs. ⟨AFF , RAND⟩

English, ⟨[ MANY ], [ FEW ]⟩ vs. ⟨RAND , RAND⟩

Figure 4: mBERT (means: trained 0.056; rand 0.124)

Figure 6: mBERT (means: trained 0.708; rand 0.518)

Figure 5: XLMR (means: trained 0.006; rand 0.053)

Figure 7: XLMR (means: trained 0.529; rand 0.519)

Discussion and conclusions
Procedure. We evaluate NPI-licensing potential of a set of
new trained tokens when transplanted into non-English sentences. As a background for evaluation we use languagespecific random baselines, like in Exp. 3.

aff>neg
many>few
aff>neg
many>few

mBERT

mBERT

Results. The only mBERT result that reached significance was the ⟨AFF, [NOT]⟩ contrast with Russian либоNPI). XLMR showed significant levels of transfer for negation for all languages. The effect was not found for quantifiers (the opposite effect was found for Turkish in XLMR).
See Table 2.

lang
EN
RU ни
RU либо
FR
TR
EN
RU ни
RU либо
FR
TR

rand mean
0,124
0,798
0,86
0,262
0,831
0,518
0,541
0,519
0,526
0,552

tr mean
0,056
0,858
0,823
0,315
0,8294
0,708
0,61
0,597
0,639
0,488

mw pval
0,61%
19,38%
0,073%
9,98%
33,34%
0,01%
77,65%
21,27%
10,39%
29,19%

EN
RU ни
RU либо
FR
TR
EN
RU ни
RU либо
FR
TR

0,053
0,357
0,776
0,594
0,744
0,519
0,511
0,515
0,496
0,48

0,006
0,058
0,684
0,408
0,562
0,529
0,563
0,566
0,536
0,563

0,02%
0,00000008%
0,00000026%
0,000000001%
0,000000000%
55,07%
7,5%
13,2%
3,63%
0,02%

Table 2: Statistics and significance for Experiments 3 and 4

Our experiments show mixed results. First, both mBERT and
XLMR systematically assign higher probability to NPIs in
sentences with negation compared to affirmative sentences.
However, in English, random tokens in the position of
negation also have an NPI-licensing effect. This raises
questions about the mechanisms of polarity encoding in LMs.
To our knowledge, previous studies haven’t used these random baselines in polarity evaluation. The contrast between
UE and DE quantifiers is not very robust.
Second, cross-lingual transfer of negation from English to
our target languages works some languages but not others.
The reasons for the success of the transfer or lack thereof for
different language pairs should be the object of a future systematic study. Notably, in XLMR, English negation is a better licenser for French NPIs than French negation itself;
same holds for Russian ‘либо’-NPIs. This means that polarity interaction in XLMR is not encoded only in the NPI, but
in the negation as well. XLMR negation representations encode information on whether it’s selective or not about items
that can appear in its scope: English negation is omnivorous,
French and Russian negations are more nuanced.
Finally, we show that negative meaning is enough for the
token to develop NPI-licensing behaviour in English. Again,
this behaviour of a newly introduced negative token partly
transfers to other languages. We conclude that we have
found some evidence in favour of cross-lingual generality
in polarity-sensitivity phenomena, along with some evidence
that it is related to the meaning of the NPI-licenser. We found
this evidence only for negation and not for DE quantifiers: either our experiment missed it, or it is genuinely absent. We
hope that our experimental set-up paves way to further studies of these phenomena in multilingual models and of other
meaning-related universals.
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Denić, M., Homer, V., Rothschild, D., & Chemla, E. (2021).
The influence of polarity items on inferential judgments.
Cognition, 215, 104791.
Devlin, J., Chang, M., Lee, K., & Toutanova, K. (2018).
BERT: pre-training of deep bidirectional transformers for
language understanding. CoRR, abs/1810.04805. Retrieved from http://arxiv.org/abs/1810.04805
Devlin, J., Chang, M.-W., Lee, K., & Toutanova, K. (2019).
BERT: Pre-training of deep bidirectional transformers for
language understanding. In NAACL-HLT.
Ettlinger, M., Bradlow, A. R., & Wong, P. C. (2014). Variability in the learning of complex morphophonology. Applied psycholinguistics, 35(4), 807–831.
Fauconnier, G. (1975). Polarity and the scale principle. In
Proceedings of Chicago Linguistc Society 11 (pp. 188–99).
Finley, S., & Badecker, W.
(2009).
Artificial language learning and feature-based generalization. Journal of Memory and Language, 61(3), 423-437. doi:
https://doi.org/10.1016/j.jml.2009.05.002
Friederici, A. D., Steinhauer, K., & Pfeifer, E. (2002). Brain
signatures of artificial language processing: Evidence challenging the critical period hypothesis. Proceedings of the
National Academy of Sciences, 99(1), 529–534.

Geiger, A., Lu, H., Icard, T., & Potts, C.
(2021).
Causal abstractions of neural networks. arXiv preprint
arXiv:2106.02997.
Geiger, A., Richardson, K., & Potts, C. (2020). Neural natural language inference models partially embed theories
of lexical entailment and negation. In Proceedings of the
Third BlackboxNLP Workshop on Analyzing and Interpreting Neural Networks for NLP (pp. 163–173).
Geurts, B. (2003). Reasoning with quantifiers. Cognition,
86(3), 223–251.
Howard, J., & Ruder, S. (2018). Universal language
model fine-tuning for text classification. arXiv preprint
arXiv:1801.06146.
Hu, J., Gauthier, J., Qian, P., Wilcox, E., & Levy, R. (2020). A
systematic assessment of syntactic generalization in neural
language models. In Proceedings of the 58th Annual Meeting of the Association for Computational Linguistics (pp.
1725–1744).
Hu, J., Ruder, S., Siddhant, A., Neubig, G., Firat, O., &
Johnson, M. (2020). Xtreme: A massively multilingual
multi-task benchmark for evaluating cross-lingual generalisation. In International conference on machine learning
(pp. 4411–4421).
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Abstract
Recent years have witnessed significant advances in our understanding of bounds on rationality in both cognitive psychology
and economics. These two fields have been making separate
progress, but time is ripe for unifying these efforts. In this article, we introduce recently developed economic tools, themselves rooted in the psychometric tradition, to quantify individual differences in the capacity for cognitive control. These
tools suggest that a reliable assessment of the capacity for cognitive control may be accomplished by examining task performance as a function of reward. We demonstrate through simulation studies that an incentive-informed measure of task performance does a better job of recovering individual differences
in one’s capacity for cognitive control, compared to the commonly used congruency effect. Furthermore, we show that the
economic approach can be used to predict control-dependent
behavior across different task settings. We conclude by discussing future directions for the fruitful integration of behavioral economics and cognitive psychology with the aim of improved measurement of individual differences in the capacity
for cognitive control.
Keywords: mental effort; executive function; individual differences; rational inattention; Bayesian revealed preference

Introduction
Cognitive control is a collection of mechanisms that enables
us to adapt information processing in service of current task
goals. Our capacity to exert control is crucial for accomplishing complex tasks and is related to various real-life outcomes
such as work success and good health (Diamond, 2013). Yet,
numerous factors can constrain our capacity to exert control (Musslick & Cohen, 2021), including its efficacy and
cost. Individual differences in these factors, and the resulting
capacity for control, have been theorized to predict performance outside the laboratory (Musslick, Cohen, & Shenhav,
2019). Unfortunately, traditional performance-based measures of cognitive control capacity (i.e. accuracy, response
time) remain poor predictors of performance in the real world
(Saunders et al., 2018). In this article, we leverage a psychometric framework from behavioral economics—grounded in
rational inattention—to derive a novel, choice-based measure
of control-dependent behavior and assess its internal and external validity. Our results suggest that the estimation of factors determining the capacity for cognitive control can be improved by assessing performance as a function of incentives.
Researchers have developed a variety of paradigms to index a given person’s capacity to exert cognitive control. Most
commonly, these paradigms require the participant to cate-

gorize a target stimulus while ignoring one or multiple distractors (Dreisbach & Fröber, 2019). For instance, in the
Stroop task, participants are required to name the ink color
of a color word (e.g., say “red” in response to “GREEN”)
while ignoring the word. Such interference tasks allow for
the computation of a congruency cost: the difference in performance (e.g., accuracy) on trials in which target and distractor are associated with the same response (congruent trials, e.g. “RED” in the Stroop task) and trials in which the
distractor interferes with the target to produce a competing
response (incongruent trails, e.g., “GREEN” in the Stroop
task). Congruency costs have commonly been applied to assess real-world self-control outcomes (e.g., addiction treatment compliance, healthy diets; Streeter et al., 2008; Allan,
Johnston, & Campbell, 2010). However, the test-retest ability
of interference-based measures in cognitive control tasks is
surprisingly low (Hedge, Powell, & Sumner, 2018; Draheim,
Tsukahara, Martin, Mashburn, & Engle, 2021). Moreover,
task performance measures that are supposed to target the
same construct (e.g., the inhibition of distraction information)
are poorly correlated with one another (Rouder & Haaf, 2019;
Whitehead, Brewer, & Blais, 2019) and are poor predictors
of other measures, such as questionnaires that tap into reallife outcomes (Dang, King, & Inzlicht, 2020). This issue is
complicated in choice-based paradigms, aiming to assess participants’ preference for executing control-demanding tasks
(e.g., Kool, McGuire, Rosen, & Botvinick, 2010; Westbrook,
Kester, & Braver, 2013) as such preferences can be determined by a multitude of factors other than one’s capacity for
cognitive control (Musslick et al., 2019).
Mounting theoretical work suggests that the low predictive
validity of performance- and choice-based measures derives
from a confound between a person’s capacity for cognitive
control and their willingness to exert it. For instance, building on a cost-benefit model of control allocation (Shenhav,
Botvinick, & Cohen, 2013), Musslick et al. (2019) demonstrate that traditional metrics, such as the congruency effect,
can be driven by a variety of factors unrelated to a person’s capacity for cognitive control, such as the amount of practice on
a task. Related simulation work shows that the performanceenhancing influence of positive affect can be explained in
terms of both a reduction in the cost of cognitive control
and an enhanced sensitivity to rewarding outcomes (Grahek,
Musslick, & Shenhav, 2020). Thus, assessing one’s capac-
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ity for cognitive control requires dissociating it from factors
influencing motivation to exert it. Prior theoretical work suggests that proper estimation of the capacity for control may
require an assessment of performance as a function of incentives (Musslick, Cohen, & Shenhav, 2018). This comports
with recent efforts in economics on utilizing the psychometric
information contained in task accuracy across different incentives (Caplin & Martin, 2015). Borrowing from production
theory, this line of work suggests that the amount of attention
a person is willing to supply for a given incentive reflects the
underlying cost of attention—just like the quantity of product a company is willing to supply for a given price reflects
the cost of production (Caplin, Csaba, Leahy, & Nov, 2020;
Caplin, 2021). Caplin et al. (2020) leverage this operationalization to quantify the costs of attention from task accuracy
without confounding the effect of incentives. This suggests
that a similar measure of control-demanding behavior—as a
function of incentives—can prove useful for indexing an individual’s capacity for cognitive control.
In this article, we leverage the psychometric theory of rational inattention, as introduced by Caplin et al. (2020), to
derive an incentive-informed measure of cognitive control capacity. After introducing the measurement procedure, we derive a formal relationship between the introduced metric and
the traditional congruency effect. We then build on a wellestablished model of control allocation, to simulate individual differences in task performance. We examine the internal and predictive validity of the introduced measures, by extracting them from the simulated performance and by correlating them with internal variables that determine an agent’s
capacity for cognitive control. We demonstrate that the assessment of performance across incentives provides a better
index of cognitive control capacity and that it may provide a
reliable predictor of cognitive performance across individuals
and tasks. We conclude by outlining directions for the joint
advancement of economic theory and psychometrics.

The Psychometrics of Rational Inattention
Our psychometric framework builds upon the intellectual tradition of bounded rationality, assuming that human cognition is rational within certain boundaries (Chater & Oaksford, 1999; Anderson, 1990; Griffiths, Lieder, & Goodman,
2015). While an unboundedly rational agent always chooses
the ‘best’ action to take, the actions chosen by a boundedly
rational agent may not always be the absolute ‘best’ but are
on average as good as possible without requiring an unreasonable amount of effort.
To formalize this framework in an experimental setting,
we use A to denote the set of actions selected by a participant (e.g., responding “red” or “green” in a Stroop task). The
value of a chosen action typically depends on the experimental condition (e.g., whether the color of the Stroop stimulus
is red or green). We call the set of experimental conditions
states, denoted by S. As we will demonstrate below, a Stroop
task with congruent and incongruent trials may be charac-

terized by two states (congruent and incongruent) with two
respective actions (correct or incorrect response). Finally,
how good an action a ∈ A is in a state s ∈ S is quantified
by an expected utility function U : S × A → R≥ . A participant that is boundedly rational must always choose according
to an action strategy that maximizes the expected value of
U(s, a) − K(experiment). Here U(s, a) represents the utility
the agent receives and K represents the (mental) cost the agent
has to pay to resolve this choice problem. What we mean by
an action strategy is simply the probability of choosing an
action given a state, denoted as p(a|s). Hence the expected
value of U(s, a) − K(experiment) amounts to
XX
U(s, a)p(a|s)p(s) − K(experiment)
s∈S a∈A

where p(s) denotes the probability of the state s occurring in
the experiment. The quantities p(s) and p(a|s) can be easily determined based on the choice data. The probability of
each state is set by the experimenter and the marginal probability of an action in a given state can be estimated from the
participant’s choice data using their choice frequency. Unfortunately, one cannot directly measure a participant’s utility
function U nor their cost of control K. However, U can be
estimated based on the reward structure of the experiment.
While there is plenty of work proposing ways to estimate U
from rewards under different research contexts, (Caplin et al.,
2020) provide a first, general procedure for recovering the
mental cost K—henceforth referred to as Caplin et al.’s K—
from only the choice data.
To assess K, we require that the same participant performs the task (i.e, identical set of experimental conditions
and actions) under different utility functions. This can be
accomplished by asking the participant to perform multiple
instances of the same experiment but under different incentives. To illustrate this, consider a “baseline” experiment with
a given utility function U that we set as a reference point.
We require that in all other experiments, the same participant
must have a utility function wU for some w ∈ R≥ . Next for
each of the experiments, we can compute the marginal probability pw (s, a) = pw (a|s)pw (s) of the state s and the action a
from the frequencies of each unique pair of state and action
in the choice data 1 . Caplin et al. denote the expected utility
of the experiment as a function of w:
XX
u^(w) =
wU(s, a)pw (s, a)
s∈S a∈A

The main quantity of interest in our framework is the expected utility normalized by the weight w:
ū(w) =

u^(w) X X
=
U(s, a)pw (s, a)
w

(1)

s∈S a∈A

where ū(w) is the revealed expected utility calculated using
the choice data of the w weighted experiment and the utility
function of the base experiment. Caplin et al. (2020) prove
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1 Note

that all marginal probabilities must add up to 1.

If the action is the correct response (i.e., ‘accurate’), the participant gets the reward of 1 point, otherwise she gets 0 points.

Figure 1: Caplin et al.’s K. K(w) is the area of the region to the
left of the revealed expected utility ū curve between ū() (the
revealed expected utility for the base experiment) and ū(w)
(the revealed expected utility for the experiment that provides
w times more of an incentive than the base experiment). w ,
w , and w are three example values of w.
that if the participant is indeed a boundedly rational agent,
ū should be a monotonically non-decreasing function. If the
data supports such monotonicity, one can recover K:
Zw
K(w) = wū(w) − ū(t)dt.
(2)


Note that K is a function of w, that is, there is a separate K
for each experiment (each with a different reward structure).
The geometric intuition is illustrated in Figure 1. To summarize, we can recover K from the empirical choice data using
the following steps:
Step 1 Recruit participants for a base experiment at which
the participants each has some utility function U. Then, obtain the marginal probabilities p(a, s) for each state and action
pair from each participant’s choice data.
Step 2 Repeat step 1 for a set of n experiments that are identical to the base experiment except for the reward structure.
Importantly, the reward structures differ in such a way that
participant’s utility function in each experiment is some positive multiple w of U. n should be large enough to estimate
how the function ū depends on w according to Eqn. 1.

Step 1 With the aformentioned Stroop task as our base experiment, the first step is to collect data. In this article, we
obtain all the data from a simulated cognitive agent which
we introduce in the next section. Because data are simulated,
can implement the assumption that reward points equal the
participant’s utility. Thus, for the base experiment:

 if a = correct
U(s, a) =
 if a = incorrect
From the data, one can calculate p(s, a) for each pair of state
and action. Because actions can be only correct
P or incorrect, the marginal probability of being correct s∈S p(s, a =
correct) can be interpreted as the participant’s accuracy. Because under this particular utility function, the utility value
does not depend on the state amounts to 1 whenever the action is correct, and 0 if it is incorrect, the expected utility is
equal to the marginal probability of being correct and can thus
be also interpreted as participant’s accuracy.
Step 2 Now we need to simulate data from versions of the
Stroop experiment with the same S and A, and ∃w ∈ R≥ 
such that its reward/utilityfunction
w if a = correct
Uw (s, a) =
 if a = incorrect
For each experiment, if the action amounts to the correct response (i.e., ‘accurate’), the participant gets the reward of
w ∗  = w point, otherwise she gets w ∗  =  points. Akin
to Step 1, the expected utility of each of these data divided by
w, i.e. ū(w), can be understood as the participant’s response
accuracy in the task where the reward is w points, instead of 1
point. Similarly, a participant’s accuracy in only the congruent condition is equivalent to ū(w|s = congruent) and participant’s accuracy in only the congruent condition is equivalent
to ū(w|s = incongruent). To emphasize these operational interpretations, from now on we denote
• w as R (reward for accurate responses),

Step 3 Compute the revealed expected utility ū for each experiment, and then compute K according to Eqn. 2.

• ū(w) as A(R) (accuracy as a function of reward),
• ū(w|s = congruent) as AC (R) (congruent trial accuracy),
and

We illustrate the recovery method based on an application
to the Stroop task.

• ū(w|s = congruent) as AI (R) (incongruent trial accuracy).

Application to the Stroop Task
In a simple version of the Stroop task, a participant may
choose from two relevant actions, to indicate the ink color
of a color word (accurate) or not (inaccurate):
A = {correct, incorrect}.
Two possible experimental states (or conditions) may occur
with equal frequency: the ink color may match the word (congruent condition) and the ink color mismatches the word (incongruent condition).
S = {congruent, incongruent}.

Step 3 Using our new notations, we can compute the Caplin
RR
et al.’s K as K(R) = RA(R) −  A(t)dt. We next compare
and contrast Caplin et al.’s K with the congruency effect,
which has been the state-of-the-art indicator of the capacity for cognitive control in the literature. The congruency
effect in the Stroop experiment with reward R, denoted by
∆A(R), is defined as the difference in accuracies on congruent and incongruent trials in the experiment with reward R,
i.e., ∆A(R) = AC (R) − AI (R). These two measures have two
crucial distinctions. First, Caplin et al.’s K traces its roots to
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a rigorous and very general mathematically theory entailed
directly by the bounded rationality paradigm, whereas the usage congruency effect is restricted to tasks like the Stroop task
and lacks such theoretic connections. Second, while Caplin
et al.’s K takes advantage of the accuracy function at all reward levels, the congruency effect only depends on one experiment. Since both measures were computed using the accuracy function, they also formally related:
Proposition 0.1. If the experiment entails an equal number
of congruent and incongruent trials, we can show that,
R
K(R) − KI (R) = (∆A(R) − ∆Ā|R )

where KI (R) refers to the Caplin et al.’s K calculated using
only the data in the incongruent condition, and ∆Ā|R denotes
the mean of congruency effects from reward 0 to R.
Proof. By definition,

ZR

K(R) = RA(R) −

A(t)dt


Because we assume there are the same number of trials in
congruent and incongruent condition,
ZR
AC (t) + AI (t)
AC (R) + AI (R)
−
dt
=R



ZR
∆A(t) + AI (t)
∆A(R) + AI (R)
−
dt
=R



ZR
ZR
R
∆A(t)
= ∆A(R) + RAI (R) −
dt − AI (t)dt




ZR
R
R
= ∆A(R) − ∆Ā|R + RAI (R) − AI (t)dt



R
R
= (∆A(R) − ∆Ā| ) + KI (R)

R
K(R) − KI (R) = (∆A(R) − ∆Ā|R )

The relationship between Caplin et al.’s K and the congruency effect is illustrated in Figure 2. However, while
the existence of such a relationship serves as an interesting theoretic result, it does not imply that they are
equally useful as estimators of one’s capacity for cognitive control. We will proceed to validating these metrics using simulated data from a computational model
of control allocation below. The corresponding simulation code, as well as the domain-general recovery method
is available on GitHub (https://github.com/musslick/
Psychometrics-of-Rational-Inattention).

Assessing the Internal and Predictive Validity
of Caplin et al.’s K
The validity of any performance-based metric of controldemanding behavior can be assessed based on its ability to
(a) track internal variables of the control system, and (b) predict behavior across tasks. So far, we considered three different metrics: the traditional congruency effect (assessed at

Figure 2: Caplin et al.’s K and mean congruency effect ∆Ā.
Red curve: average accuracy in the congruent condition (AC );
green curve: average accuracy in the incongruent condition
(AI ); blue curve: the average accuracy for the entire task (A);
yellow curve: congruency effect (∆A). Blue region: Caplin
et al.’s K of the entire task; green region: Caplin et al.’s K of
only the incongruent condition; Yellow region: 10 times the
mean congruency effect (∆Ā|
 ) where 10 corresponds to
the highest reward.
reward = ), Caplin et al.’s K, and the mean congruency effect, averaged across reward conditions. In this section, we
extract these metrics from the behavior of a simulated agent
in an interference task. The agent implements a model of
control allocation based on the Expected Value of Control
(EVC; Shenhav et al., 2013) which has been used to simulate a wide array of empirical findings concerning human
performance (e.g., Musslick, Shenhav, Botvinick, & Cohen,
2015; Grahek, Shenhav, Musslick, Krebs, & Koster, 2019;
Grahek et al., 2020; Shenhav, Straccia, Musslick, Cohen, &
Botvinick, 2018; Bustamante, Lieder, Musslick, Shenhav, &
Cohen, 2021). We then examine how well the introduced
metrics relate to latent variables that determine the agent’s capacity of control, and how well they can predict performance
in a second, unrelated task.

The Expected Value of Control Model
The EVC theory by Shenhav et al. (2013) proposes that an
agent determines the optimal amount of control by maximizing the expected value of control, that is, the expected utility
of implementing a control signal with a given intensity u minus an intrinsic cost that scales with the intensity of the signal
EVC(u, S) = P(correct|u, S)V (R) − Cost(u)
where P(correct|u, S) is the probability of responding correctly on a task, V (R) represents the value of committing a
correct response for a given incentive R (e.g., monetary reward), and Cost(u) amounts to the cost of implementing the
control signal with intensity u. It is hypothesized that the control system chooses to implement the control signal with the
maximal expected value of control:
u∗ = argmaxEVC(u, S).
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Parameterization of Simulated EVC Agents
For the simulations reported in this article, we assume that
the probability of responding correctly in an interference task
increases monotonically with the amount of control intensity
allocated, following the sigmoid function:

P(correct|u, S) =
 + eε·u−a
where ε characterizes the control efficacy, i.e. how an increase in control signal intensity translates into changes in
task accuracy. The parameter a determines the degree of task
automaticity: The higher a, the easier the task, that is, the
less cognitive control is needed to reach the correct outcome2 .
Note that a = a − i depends on the amount of interference i
in the current trial. For congruent trials, we assume that the
agent receives no interference i =  whereas in incongruent
trials, the agent receives some amount of interference i > 
(effectively lowering the probability of responding correctly).
The subjective value can be described as a function of the
reward R provided for a correct response. Here we assume
that the subjective value of the correct outcome amounts to
V (R) = v · R + b
where R is a monetary reward that is provided in the event
of a correct response, v is the reward sensitivity of the agent
and b is the baseline value that the agent assigns to being accurate (accuracy bias). Finally, the EVC agent is assumed to
allocate control by taking into account an intrinsic cost that
scales with control signal intensity. For the simulations reported below, we chose an exponential cost function,
Cost(u) = ec·u − 
where c scales the increase in the cost of control with one
unit of control signal intensity u. To simulate individual differences in EVC agents, we sampled parameters of the model
from the uniform intervals listed in Table 1. The intervals
were chosen such that the agents would allocate at least some
amount control (u∗ > ) for each task condition. Note that the
control efficacy ε and the control cost c both characterize an
agent’s capacity to exert control across different tasks.
Table 1: Uniform intervals of sampled EVC parameters.
Parameter
e
c
v
aA
aB
iA
iB
b

Description
control efficacy
control cost
reward sensitivity
automaticity of Task A
automaticity of Task B
distractor interference of Task A
distractor interference of Task B
accuracy bias

Min
4
0.8
0.95
-4
-4
-2
-2
5

Max
5
0.9
1.05
-2
-2
-1
-1
5

Simulation Procedure
Following the estimation procedure outlined above, we simulated behavior for different reward conditions, ranging from
2 The automaticity of a task may be influenced by a number of
factors, such as prior experience with the task.

R =  to R =  in steps of .. For each reward condition, we assessed the agent’s performance in congruent trials
(iA = ) and incongruent trials (iA > ) of an interference task,
henceforth referred to as Task A. We also simulate the behavior of an EVC agent in an additional task that we refer to as
Task B. We ensured that Task A and Task B were unrelated to
one another, by sampling task automaticities and interference
effects for both tasks independently for each agent. Thus, an
agent’s automaticity aB and interference iB for Task B can be
considered independent from their automaticity aA and interference iA for Task A. We simulated behavior for a total of
1000 EVC agents whose parameters were drawn from uniform distributions listed in Table 1.

Analysis
For each reward and trial condition, we computed the agent’s
congruency effect by subtracting P(correct|u, S) in incongruent trials from P(correct|u, S) in incongruent trials, i.e. ∆A =
P(correct|u, S) − P(correct|u, S). We also derived Caplin et
al.’s K(R = ), by integrating the accuracy of each simulated agent across all reward conditions (Figure 2, blue area).
Finally, we computed the related, mean congruency effect
across reward conditions (cf. Proposition 0.1).
To examine the internal validity of each metric, we assessed the Pearson correlation of that metric with (1) the control efficacy ε as well as (2) the control cost c, across the
1000 simulated agents. We assessed the predictive validity
by correlating the metrics derived from Task A with the congruency effect at r=0 in Task B. The integral term involved in
calculating K was approximated using the trapezoid rule. To
remove the effect of simulation sample size, non-parametric
bootstrapping with 6000 samples was used to obtain the standard error of the absolute value of each correlation coefficient
and the p-value of the difference in correlation coefficients.

Results: Internal Validity
To compare the internal validity in task A, we correlated our
measures each with the simulating parameter values. We
found that all of our three measures correlate significantly
with the control cost and control efficacy parameters (|t| > ,
df = , p < − ). However, the correlation between the
control cost and the congruency effect for R =  (r = .)
is significantly weaker than between the mean congruency effect from R =  to R =  (r = ., p = .) and between
Caplin et al.’s K at R =  (r = ., p = .). The correlation between the control cost and the mean congruency effect from R =  to R =  is also significantly weaker than that
between Caplin et al.’s K at R =  (p = .). However, the
correlation between the control efficacy and the congruency
effect for R =  (r = −.) is not significantly weaker than
between the mean congruency effect from R =  to R = 
(r = −., p = .). However, note that both measures
yield a significantly weaker correlation than Caplin et al.’s K
at R =  (r = −., p < − ). This result indicates that
Caplin et al.’s K can better predict the control cost and efficacy than the congruency effect.
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plied by economic theories of rational inattention, resulting
in a formal relationship with existing measures (Caplin et al.,
2020; Caplin, 2021).

Figure 3: Correlation strength. The x-axis represents different measurements calculated from the simulated Stroop task.
The y-axis represents the absolute value of Pearson correlation between the measurement and the quantity shown in the
panel label. ∆A() is the congruency effect at reward 0, ∆A|

is the mean congruency effect from reward 0 to 10, K(10) is
Caplin et al.’s K at reward 10. Error bars are bootstrapped
confidence intervals using 6000 samples.

Results: Predictive Validity
We found that all three metrics derived from the agents’ performance in Task A correlate significantly with the congruency effect at R =  in Task B (t > , df = , p < − ).
Similarly, the correlation between the the congruency effect
at reward 0 in task B and the congruency effect for R = 
in task A (r = .) is significantly weaker than between
the mean congruency effect from R =  to R =  in task A
(r = ., p = .). Caplin et al.’s K at R =  in task A
correlates more strongly with the congruency effect in Task B
than the other two measures (r = ., p < − ). This indicates that Caplin et al.’s K can predict better the congruency
effect of another cognitive control task.

General Discussion
People rely on cognitive control to adjust how they process
information in order to achieve their goals. Although reliable measurement of the capacity to exert cognitive control
is crucial for predicting important outcomes (e.g., mental and
physical health, job success; Diamond, 2013), current measures of control (e.g., the congruency effect) show poor internal and external validity (Hedge et al., 2018; Saunders et al.,
2018). Here we propose that one of the causes of this issue is
that the current measurement approaches are focused on measuring control capacity at a fixed point. While there is extensive research showing that motivation increases how much
cognitive control people exert (Botvinick & Braver, 2015;
Parro, Dixon, & Christoff, 2018; Shenhav, Fahey, & Grahek,
2021), current approaches measure cognitive control capacity
at a fixed motivational point, rather than considering how the
amount of control changes as a function of incentives. In this
work, we introduced Caplin et al.’s K as a novel measurement
technique that relies on the integration of task performance
across reward conditions. This measurement device is im-

Building on the bounded rationality framework, we exposed a relationship between Caplin et al.’s K and the congruency effect measured as a function of linearly increasing
incentives. We examined the validity of these metrics based
on the behavior of simulated agents implementing a wellestablished theory of control allocation (Shenhav et al., 2013;
Musslick et al., 2015). We find that Caplin et al.’s K does
a better job of predicting latent variables that determine an
agent’s capacity for cognitive control (control efficacy and
control cost) compared to the traditional congruency effect.
Moreover, Caplin et al.’s K can be leveraged to predict an
agent’s behavior across unrelated interference tasks. These
results provide initial support for the idea that considering
how performance varies as a function of incentive levels is
crucial for assessing the capacity for cognitive control.
While Caplin et al.’s K shows promise in advancing the
quantification of control-demanding behavior, there are important next steps to take. First, our simulations call for replication with data collected from human participants. However, humans may not satisfy our simplifying assumption that
expected utility scales linearly with the reward offered for
correct performance. Addressing this may require a variation of prize probabilities as opposed to rewards (Caplin et
al., 2020) or the consideration of prospect theory (Tversky &
Kahneman, 1992). Moreover, calculating Caplin et al.’s K for
noisy empirical data might require fitting the accuracy function A(w). This could be done either via assuming the shape
of the function or relying on symbolic regression (Udrescu
et al., 2020). Second, here we have focused exclusively on
task accuracy, but accuracy is known to tradeoff with reaction
times in cognitive tasks (Bogacz, Brown, Moehlis, Holmes, &
Cohen, 2006). Thus, future work is needed to incorporate existing models of the reaction time-accuracy tradeoff into the
economic theory of rational inattention.
Despite current limitations, the introduced measurement
device opens up new vistas for the systematic characterization
of cognitive control across paradigms. Given that Caplin et
al.’s K can be computed for arbitrary experiment conditions,
it may help quantify and tie together the demands for cognitive control across different paradigms (e.g., task switching
or dual-tasking). This includes varying demands for cognitive control as a function of expected trial frequencies, e.g.,
the relative proportion of congruent versus incongruent trials
(Logan & Zbrodoff, 1979). Finally, Caplin et al.’s K promises
to expose a formal relationship between the avoidance of cognitive control (assessed in terms of task preferences; Kool et
al., 2010) and task performance. A combination of psychometrics and rational inattention may offer novel paths to integrating the various ways in which researchers assess cognitive control. Such an integrative effort may not only further
the cognitive control capacity but advance concomitant theorizing of rational inattention in behavioral economics.
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Abstract

A sampling distribution is a distribution of statistics
obtained by selecting all the possible samples of a specific
size from a population. If the obtained statistic is the mean
of each sample, the distribution is called sampling
distribution of means. See below two sampling
distributions of means with two different sample sizes
obtained from the same population with µ = 80, 𝞂 = 20.

Reasoning about sampling distributions is notably challenging
for humans. It has been argued that the complexity involved in
sampling processes can be facilitated by interactive computer
simulations that allow learners to experiment with variables. In
the current study, we compared the effects of learning
sampling distributions through a simulation-based learning
(SBL) versus direct instruction (DI) method. While both
conditions resulted in similar improvement in rule learning and
graph identification, neither condition improved more distant
transfer of concepts. Furthermore, the simulation-based
learning method resulted in unintuitive and surprising kinds of
misconceptions about how sample size affects estimation of
parameters while the direct instruction group used correct
intuitive judgments more often. We argue that similar
perceptual properties of different sampling processes in the
SBL condition overrode learners’ intuitions and led them to
make conceptual confusions that they would not typically
make. We conclude that conceptually important differences
should be grounded in easily interpretable and distinguishable
perceptual representations in simulation-based learning
methods.

n=4

n = 100

𝞂 = 10

𝞂 =2

M

M

Notice that, as n gets larger, the standard deviation of the
sampling distribution of means (𝞂 ) gets smaller, with the
sample means tending to approximate population mean (µ)
more closely with larger sample size. However, people
often believe 𝞂 gets larger, or stays stable with larger
samples (Chance et al., 2004).
M
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Introduction

M

Making sense of statistical inference requires flexible
reasoning regarding sampling distributions and the effect of
sample size on the properties of a distribution (See Figure 1).
However, sampling distributions have been shown to be
notoriously difficult for novice learners to grasp (Garfield et
al., 2008; Kahneman & Tversky, 1972; Saldanha &
Thompson, 2002). Arguing that visualization of sampling
distributions facilitates learning of them, some researchers
have suggested for learners to be introduced to the topic with
interactive computer simulations (Cobb & Moore, 1997;
Chance et al., 2004). These simulations simultaneously plot
two levels of processes; first, the process of randomly
selecting samples from a population; second, collecting the
mean of each sample a large number of times, which
approximates and visualizes theoretical sampling
distributions of means. In simulation-based learning
activities, learners typically first generate a prediction of how
sampling distributions will be affected by different
parameters, and then test their prediction by manipulating the
parameters of the simulations.

Figure 1: Sampling distributions in relation to sample size.
The descriptions and figures are adapted from Gravetter et al.
(2020).
Prior works support the promises of the simulation-based
learning activities described above. First, dynamic
visualizations have been found useful for people to see
structure in scientific phenomena (Lindgren & Schwartz,
2009). Second, generative activities can help novice learners
appreciate the deeper structure of the content, as, otherwise,
they do not have the necessary background information to
discern the affordances of the domain (Kapur, 2015). Third,
interactive simulations can foster a deeper conceptual
understanding than non-interactive simulations as they
encourage active inquiry for meaning (Evans & Gibbons,
2007; Moreno et al., 2001).
On the other hand, there is also broad evidence to suggest
such inquiry-based activities have unintended consequences.
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People often learn best when they are given full and direct
instruction by explicit training on rules and their applications
when dealing with new information. By contrast, inquirybased activities can put too challenging demands on a novice
learner’s working memory capacity (Kirschner et al., 2006;
Klahr & Nigam, 2004).
In the current work, we aimed to compare the effects of
teaching people with interactive computer simulations
(simulation-based learning) to direct instruction (without
simulations) on people’s reasoning about sampling
processes. For simulation-based learning, we adapt the
materials from a previous study by Chance et al. (2004)
which train people on graph-based questions about sampling
distributions and then test them on related graph
interpretation and story problems.

Reasoning about Variability of Sampling
Distributions
People (correctly) believe that large samples generally allow
for more accurate estimates of the population parameters than
do small samples. That is, people generally have sizeconfidence intuition (Sedlmeier, 1999). However, even
though people are generally able to use size-confidence
intuition for questions that ask about individual samples, this
understanding does not translate when they are asked the
same concept in the context of distributions of sample
statistics. Consider the following question originated by
Kahneman and Tversky (1972) which was used in several
experiments with two different prompts:
Maternity ward problem
A certain town is served by two hospitals. In the larger
hospital about 45 babies are born each day, and in the smaller
hospital about 15 babies are born each day. As you know,
about 50% of all babies are boys. The exact percentage of
baby boys, however, varies from day to day. Sometimes it
may be higher than 50%; sometimes lower.
Sampling distribution version: For a period of 1 year, each
hospital recorded the days on which more than 60% of the
babies born were boys. Which hospital do you think recorded
more such days?1
Individual sample version: Which hospital do you think is
more likely to find on one day that more than 60% percent of
the babies born were boys?2
A meta-analysis found that the average correct solution rate
for the first version is 33% while the second one is 77%
(Sedlemeier & Gigerenzer, 1997) which indicates that
humans spontaneously appreciate the impact of sample size
on the mean of an individual sample, but not on the variance
of sampling distributions. Moreover, the educational
literature suggests that misconceptions regarding variability
of sampling distributions are also resistant to training
(Chance et al., 2004; van Dijke-Drookers, 2021). Following
explicit training, learners still often believe the variability in

a sample distribution of means does not change with the
sample size, or that it gets larger with an increase in sample
size. The confusion seems to stem from the lack of
understanding that variability in the sampling distribution of
means is based on the differences across the means obtained
from one individual sample to another.

The Current Study
Given the increasing importance of statistical reasoning in
our data-intensive society, and the aforementioned evidence
of people’s difficulties in reasoning about sampling
distributions, it is important to identify effective pedagogical
approaches that facilitates people’s learning of the concept.
In the current work, we train people on the effect of sample
size on the mean of samples and the variability of the
sampling distributions either with simulation-based learning
or direct instruction method. We train the participants on a
two-level process:
Level 1 (mean of individual samples): Record the mean of
a randomly drawn sample with a certain size from a
population. Repeat the process with different sample sizes
and attend to the direction of the change in the recorded
values of the mean.
Level 2 (standard deviation of sampling distribution of
means): Repeat Level 1 a large number of times and
accumulate a collection of sample means. Record the
standard deviation of the collection. Attend to the direction
of the change in the recorded values of the standard deviation
with different sample sizes.
Education research frequently faces the dilemma of
varying one variable at a time between conditions to isolate
each variable’s effect versus comparing instructional
methods more holistically, by allowing them to differ along
various dimensions, so as to maintain fidelity to their
underlying pedagogical models (Schwartz et al., 2011). In
this work, we chose the second approach because we are
interested in educational interventions that are commonly
used to teach students. More specifically, we are interested in
investigating whether active exploration of content through
interacting with a dynamic visualization tool leads to
different learning outcomes than a more traditional mode of
instruction. Thus, we compare two pedagogical approaches
in our experiment: ‘direct instruction (DI)’ and ‘simulationbased learning (SBL)’.
For the DI condition, we adapted materials and procedures
from a popular coursebook used in introduction to statistics
classes (Gravetter et al., 2020) and designed the instruction
based on the principles of direct instruction. According to the
DI method, information that explains the concepts and
procedures is provided fully to students from the beginning
(Kirschner et al., 2006). The assumption is that working
memory is limited, and processing new information is
constrained by the working memory capacity. Accordingly,

1 Note that there are 365 samples for each hospital. The collection
of proportion of boys for each sample (day) form an empirical
sampling distribution (Sedlmeier, 1999).
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2

The correct answer is the small hospital for either version.

our DI group receives verbal rules and accompanying static
visuals first, then attempts to solve related graph problems
with feedback. To minimize learners’ cognitive load, we first
provide Level 1 instruction, then Level 2 instruction.
For SBL condition, we build upon a predict, observe,
explain (POE) pedagogy. Using POE, students predict the
outcome of an event, then they describe their observation, and
then finally explain their observation. This approach assumes
that when there is a conflict between their prediction and
observation, students will reconcile it, which will result in
effective conceptual change (White & Gunstone, 1992).
Thus, we compare two instructional conditions. The DI
group first receives direct instruction via verbal and pictorial
information and then attempts to solve graph problems
followed by feedback. The simulation-based learning group
first attempts to solve graph interpretation problems with
feedback and then compares their given answer to interactive
simulations, augmented by guided self-explanation prompts.
Informational equivalence in both conditions was
approximately equated by a) giving feedback to fill-in the
blank self-explanation prompts; when explanation prompts
were completed, they produced the same verbal information
to the DI condition, and b) providing several static pictures
from the simulation for the DI group, which would be similar
those observed by SBL-trained learners.

Methods
Undergraduate students participated in a single-session
online experiment. The participants were randomly assigned
to one of the two training conditions automatically when they
started the experiment on their computer. The experiment
consisted of pretest, pretraining, training, and posttest phases.
The only manipulation between the two conditions occurred

at the training phase (See Figure 2). The study was preregistered on OSF including all materials, analysis plans, and
scripts.

Participants
Participants were 141 undergraduate students from the
researchers’ university. They received partial course credit in
exchange for participation. Based on self-reports, their ages
were between 18-24, and 68% were female.

Materials
Pretraining Before training manipulations, a pretraining
instruction phase targeted concepts that Chance et al. (2004)
identified as prerequisites for understanding sampling
distributions. This phase covered the following topics:
population, sample, mean, standard deviation, and the
distribution of sample means. Each topic was presented
through verbal information adapted from Gravetter and
Wallnau (2013) and were accompanied by histogram graphs.
The presentation of each topic was followed by multiplechoice questions on the topic with feedback.
Training The DI condition was introduced the two levels of
information separately. For the first level, participants were
given the verbal rule that the sample mean will tend to be
closer to the population mean as the sample size increases.
The rule was exemplified by figures on a 3x3 grid. These
figures consisted of screenshots from the simulation which
depicted that the sample means got closer to each other and
to the population mean with increasing sample size. Below
the figures, the verbal rationale was given that the small and
large values will tend to average each other out with a larger
sample size.

Figure 2: A scene from the training phase of the SBL condition. On the right, the interactive simulation shows the
graphs of a single sample (top) and the distribution of means from many separate samples (bottom). On the left, the fillin-the blank task prompts participants to self-explain the rule and rationale for what they are observing in the simulation.
Meanwhile, participants in the DI condition received the same verbal information with accompanying static visuals (i.e.,
screenshots taken from the simulation).
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For the second level, participants were given the rule that
the standard deviation of the distribution of sample means
will get smaller as the sample size increases. As in the first
level, this verbal rule was exemplified by accompanying
screenshots taken from the simulation on a 3X3 grid. Below
the figures, the verbal rule and rationale for the first level
information was repeated and connected to the second level
rationale that sample means obtained with a larger sample
size should fall relatively close to the population mean.
Then, two multiple-choice questions were posed, each
followed by corrective feedback. Each question asked for the
identification of the sampling distribution graph with the
smaller or larger sample size.
The main difference in the SBL condition was a) the
presentation order was reversed (first question, then
information); b) the screenshots were replaced with the
interactive computer simulation, and the verbal information
was changed into self-explanation prompts (See Figure 2). c)
Level 1 and Level 2 information was provided on the screen
at the same time both through the prompts and simulations.
The guided self-explanation prompts were given in fill-in-the
blanks form. The participants were not able to proceed to the
next stage without completing the form correctly.
Pretest and Posttest Items Pretest and posttest items
included 12 identical multiple-choice questions that we
classify as isomorphic, transfer, and rule questions.
Additionally, post-test included two open-ended questions.
Isomorphic questions consisted of 5 graph questions that
had a similar setup to the questions during the training phase.
That is, each described a particular population and asked for
identification of the sampling distribution graphs with either
smaller or larger sample sizes.
Transfer questions had the same structure but with stories
that included no graphs; stories analogical to the maternity
ward problem; and a graph question related to the empirical
law of large numbers.
The two rule questions asked participants to identify the
correct rules that were presented in the training session.
Posttest included two additional open-ended items which
asked participants to explain the reasons for the rules that
were presented at the training sessions.

decisions, the first author completed the coding of all verbal
data. The coders were blind to the conditions throughout the
coding process.

Results
We compared the time spent on task, measured learning gains
for each problem type across conditions and from pre- to
posttest, and conducted a verbal analysis of the participants’
responses to open-ended items.

Time on Task
We ran a between-subjects t-test on time-on-task. The time
spent on the intervention was not significantly different
between the two groups (M = 21.69 min, M = 23.00 min,
t(136.55) = 0.48, p = 0.63.
DI

SBL

Multiple-Choice Items
We ran two separate analyses for each multiple-choice
problem type. First, we ran an ANCOVA on the posttest
scores with prior knowledge (the sum of the correct answers
on pretest and pretraining) as a covariate and the condition
(DI vs SBL) as an independent variable. Second, we
collapsed the data across the conditions and ran a dependent
t-test to measure overall learning from pre- to post-tests (See
Figure 3). For each problem type, we present the results from
the ANCOVA and t-test, respectively.
For isomorphic problems, there was not a significant effect
of condition, F(1, 138) = 1.01, p = 0.31. However, there was
an overall learning gain from pre (M = 1.53, SD = 1.12) to
posttest (M = 2.46, SD = 1.43), t(140) = 7.14, p < 0.01.
For transfer problems, there was not a significant
difference between the DI and SBI conditions, F(1, 138) =
1.89, p = 0.17. Further, there was not any significant
difference between pre (M = 2.60, SD = 1.15) and posttest
performance (M = 2.45, SD = 1.27), t(140) = 1.59, p = 0.11.
For rule problems, there was not a significant difference
between the DI and SBI conditions, F(1, 138) = 0.19, p =
0.65. However, there was a significant learning gain from pre
(M = .96, SD = 0.69) to posttest (M = 1.20, SD = 0.77), t(140)
= 3.61, p < 0.01.

Scoring of Verbal Data
Prior to the actual study, a pilot study was conducted. The
written responses to the two open-ended items at the posttest
were coded in a bottom-up manner. A coding-scheme was
created based on observed categories of responses based on
which the actual study was analyzed. The unit size for coding
of the verbal data consisted of each participant’s full response
to each singular question, which corresponded to one
category. 20% percent of the data were independently coded
by the first and the second author. The interrater agreement
for assigning each response to categories was 85% for the
first item with eight categories, 84% for the second item with
ten categories. After the two coders discussed the cases of
divergence and achieved a mutual agreement on final
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Figure 3: Average percentage of correct answers in pre and
post tests for each group. Error bars represent ±1 SE.

Discussion

Open-ended Items
We ran a Pearson’s chi-square test on the verbal data from
the responses to open-ended questions at posttest. We present
the results from the first item and the second item
respectively.
The first item prompted participants with the sentence
“Sample mean tends to get closer to the population mean as
sample size increases. Explain why this is correct.” There was
a significant association between the condition and the
response categories, χ (7) = 16.08, p = 0.02. We represent the
most commonly appearing categories across the conditions
(See Table 1).
2

Table 1: % responses to the first item: Explain why sample
mean tends to get closer to the population mean as sample
size increases
Response category

DI

SBL

Larger sample is a better representation of the 55
population

37

Bigger sample size results in less likelihood 10
and/or impact of outliers

18

As sample size increases, the standard 0
deviation increases

12

Insufficient explanation

17

15

The second item prompted participants with the sentence
“As the sample size increases, the distribution of sample
means will have a smaller and smaller standard deviation.
Explain why this is correct.” There was not a significant
association between the condition and the response
categories, χ (5) = 6.53, p = 0.25. We represent the most
commonly appearing categories across the conditions (See
Table 2).
2

Table 2: % responses to the second item: Explain why the
standard deviation of the distribution of sample means will
get smaller as sample sizes increases.
Response category

DI

SBL

Insufficient explanation

60

52

More sample means are closer to the 15
population mean as sample size increases.

21

More data are closer to the average as sample 8
size increases

11

A larger sample size leads to less likelihood 11
and/or impact of outliers in data

4

In the current study, we compared a simulation-based
learning (SBL) method to a direct instruction (DI) method for
a sampling distribution task. In the DI group, participants first
received direct instruction via verbal and pictorial
information and then attempted solving graph problems with
feedback, whereas the SBL group first attempted solving
graph problems with feedback and then explored their answer
through interactive simulations and guided self-explanation
prompts. We measured learning through graph problems,
story problems, rule statement items, and open-ended
explanation items.
Both groups increased performance similarly from pre- to
post-test for graph problems while neither group improved on
story problems at all, even though both types of questions had
a very similar setup (notice that graph questions also
contained a story element). Thus, learners were only able to
answer story problems when a graph accompanied it which
suggests that they mostly gained a superficial understanding
of the concepts (i.e., the sampling distribution looks narrower
with larger sample size). The current results suggest that it is
challenging for learners to transfer their learning when left to
their own device even for very similar questions. However,
prior work suggests promising techniques to elicit transfer
with guidance. Namely, hinting participants learning and
transfer tasks are related, or prompting self-explanation of the
abstract principle underlying the transfer task, have been
shown to increase transfer across analogous examples by
helping people generate schema (Loewenstein, 2010). The
promise of these techniques should be tested in future
sampling distribution studies.
There was some improvement from pre- to post-test for
rule questions at similar levels for both groups, however, not
an underlying model-based account of the rules. For the first
open-ended explanation item, participants in the DI group
mostly responded in a way that would be expected without
exposure to any training (See Table 1). In other words, they
used size-confidence intuition (that is, a larger sample is a
better representation of the population). Further, a more
detailed analysis of the verbal data revealed that participants
mostly thought that it was the proportion of the sample to the
population size, not the absolute size of the sample that made
larger samples more stable, a common misconception
previously observed in classroom studies (Garfield et al.,
2008). These results suggest that the rationale provided
during training (if one has a large sample size, then values
smaller and large than the population mean will average each
other out, so it will be more likely that the mean will
approximate the population mean) was mostly not helpful.
An interesting result is that participants in the SBL group
responded with size-confidence intuition less often than did
the DI group for the first open-ended explanation item (See
Table 1). Rather, their responses focused on the variability of
the sample. Some believed that outliers, hence, the standard
deviation would decrease in a sample with larger sample size
(note that students generally mean “observations under the
tail” with the word “outliers” (Garfield et al., 2008)). Others
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believed that standard deviation of the sample increases with
larger samples (note that this answer never appeared in DI
condition). Thus, participants in the SBL group responded as
if they were asked about the variability of sampling
distributions instead of the mean of an individual sample at
the first item. Note that, if that were the case, the latter
explanation (that is, “as sample size increases, the standard
deviation increases”) would be a typical misconception
related to sampling distribution of means (Chance et al.,
2004). In the current case, however, it is a surprising kind of
confusion about the means of individual samples. Thus,
simulation-based learning method seems to have overridden
the size-confidence intuition and elicited an unusual and
unintuitive kind of misconception. We suspect this resulted
from simultaneous engagement with Level 1 (individual
sample distribution) and Level 2 (distribution of sample
means) graphs which bear highly similar perceptual
properties (See Figure 2).
One of the best ways to teach people difficult concepts is
to ground them in spatially explicit representations that
people's well-honed perceptual routines can process
effectively (Goldstone et al., 2010). However, the current
work suggests that this strategy comes with a risk ̶ that
people will assume that similar perceptual processes entail
similar concepts. In the case of our SBL simulations, similar
perceptual properties in our Level 1 and Level 2 graphs led
participants to make conceptual confusions between these
levels that they would not typically make without their salient
perceptual similarity.
However, our recommendation is not to avoid perceptual
scaffolds for difficult concepts. Rather, we recommend
devising perceptual representations so that conceptually
important differences have easily and intuitively
decipherable perceptual differences as well. As a design
implication of this recommendation, we suggest that the
collection of data at the Level 1 and sample statistics at Level
2 graph represented through identical bars and bins be
replaced
by
iconic
representations,
perceptually
differentiated across the two levels. Future work should test
learning of sampling processes with perceptual
representations that better align with core concepts to further
investigate the promises of simulation-based learning.

Open Practices Statement
Pre-registration can be accessed at https://osf.io/rjad4.
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Abstract
Decades of feedback research have suggested that feedback is
more effective in correcting errors than confirming the right
responses. A study conducted by Eskreis-Winkler and Fishbach
(2019) challenged this notion by showing that people learn less from
feedback that indicates their answer is incorrect (failure feedback)
than feedback that indicates their answer is correct (success
feedback) even after incentivizing learning, manipulating response
correctness, and controlling for background knowledge and mental
inferences required for learning across conditions. Across two
randomized experiments, we extended this work to investigate
whether changing the focus of feedback from the self (“You
answered this question correct/incorrect!”) to the task (“The answer
was correct/incorrect!”) would reduce the difference between
success and failure feedback. We replicated the previous study’s
main finding that people learn less from failure feedback than
success feedback. However, the focus of feedback message (task vs
self) did not have the hypothesized effect. We suggest future
research further investigate the impact of feedback focus using inperson experimental settings with more powerful designs and we
recommend a set of motivational factors to investigate to determine
how learning from failure feedback can be optimized.
Keywords: learning; education; feedback; motivation; ego
threat; replication

Introduction
How does one respond to information that points out that they
made an error? On the one hand, some might expect that the
person is likely to allocate more cognitive resources to this
information than if they, instead, had been affirmed, because
people have negativity bias. That is, people process negative
information at deeper levels than positive information
(Kanouse, 1984). A broad range of evidence suggests that
negative information is more attention grabbing, recognized
and remembered better, and assigned more weight than
positive information (for review, see Unkelbach et al., 2020).
Based on this account, some researchers suggested that
exposing people to errors is particularly helpful for their
learning (Barbieri & Booth, 2020).
On the other hand, others might expect that the person is
likely to ignore the information because people have a selfserving bias. That is, people are more likely to minimize,
avoid, and, even erase negative input for protection of selfworth; seek positive feedback that confirms their selfconceptions; and assimilate negative information in a way
that fits their preexisting positive schemata about themselves

and the world with little processing (Taylor & Brown, 1988;
Taylor, 1991).
These two different accounts of negative information
processing bear important questions for the design of learning
environments. What is the best way of giving feedback when
the learner makes an error? Feedback researchers have been
preoccupied with this question for the last century. In the
early behaviorist paradigm, feedback was viewed as a
motivator of behavior (for a review, see Greeno et al., 1996).
According to this view, positive feedback would strengthen
particular responses while negative feedback would weaken
them. Negative feedback was seen to be harmful to learning
as it discouraged people from participating. Accordingly,
behaviorists advocated for an errorless learning environment
in which students kept responding to heavily prompted
questions until they found the correct answer. By the 1970s,
however, much of behaviorist ideas had not lived up to
empirical evidence. Feedback was found more helpful to
correct errors than to reinforce correct responses; and
accordingly, feedback was reconceptualized as information
that facilitated the correction of errors without considering
motivation (for a review, see Butler & Woodward, 2018). In
more recent work, however, Eskreis-Winkler and Fishbach
(2019) conducted a series of experiments which challenged
the view that feedback is most helpful for correcting errors.
They found that people learn less when given failure
feedback (that is, feedback that indicates the response is
incorrect) than success feedback (that is, feedback that
indicates the response is correct), even after manipulating
response correctness, controlling for informational value of
the feedback, background knowledge about the task, and the
number of mental inferences required for learning across
feedback conditions. The authors concluded that failure
feedback is ego-threatening which causes people to tune out
from the task.
However, receiving feedback indicating one’s errors at
some point in life is, of course, inevitable; especially when
learning something new. Therefore, the current work aimed
to identify features of feedback that increase people’s
learning from errors. In the current work, we replicated two
experiments
by
Eskreis-Winkler
and
Fishbach’s
aforementioned study. We posited that their participants
might not have learned from failure feedback as much
because the language in the feedback messages was selffocused (“You answered this question correct/incorrect”).

2236
In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

We hypothesized that a task-focused language (“The answer
was correct/incorrect”) would make the learning difference
between success and failure feedback smaller.

Self vs Task Focused Feedback
The effects of feedback interventions on learning show great
variability from one study to another (for a review, see Hattie
& Clarke, 2018). To explain some of the variability, some
theorists argued that feedback that directs the attention to the
self can diminish the intended effect of feedback (Kluger &
DeNisi, 1998) as attention to the self can deplete cognitive
resources necessary for task performance (Kanfer &
Ackerman, 1989). A large meta-analysis supported this
notion as it found that feedback effectiveness decreased as
the attention moved away from the task and closer to the self
(Kluger & DeNisi, 1996). Further, studies done in classrooms
suggested that feedback is unlikely to be engaged with if the
wording is perceived as unmotivating, insensitive, or
deconstructive (for a review, see Winstone, 2017).
Accordingly, it was suggested that feedback focused on self
rather than the task can lead to poor quality of feedback
engagement (Schartel, 2012; Winstone, 2017).

The Current Study

We randomly assigned the participants to one of the four
conditions. An immediate posttest measured participants’
learning. We expected that the effect of achievement would
be smaller for conditions with task-focused feedback.

Participants
Participants were 203 undergraduate students from the
researchers’ university who received credit in their
psychology course. Their average age was 19.0 years (SD =
1.8). Most students reported their gender as female (73%),
ethnicity as White (65%) and their year in college as
Freshman (53%).

Design
The study had a 2 (achievement feedback: success or failure)
× 2 (feedback focus: task- or self-focused) between-subjects
design. 203 students were randomly assigned to each of the
four conditions (self-focused success feedback: n = 53, each
of the remaining groups: n = 50). There were no significant
differences between the four conditions in terms of percent of
female students, percent of white students, age, and years in
college.

Procedures

Two broad themes emerge from the reviewed literature. First,
even though feedback indicating one’s errors can be
attention-grabbing, people might avoid processing it to
protect their self-worth. Second, the focus (self vs task) of the
feedback may impact people’s engagement with it.
To investigate how to best provide feedback to correct
errors, the current study aimed to replicate and extend the
aforementioned study by Eskreis-Winkler and Fishbach (for
convenience, we refer to this study as ‘the EW-F study’ for
the rest of the paper).
The EW-F study consisted of a set of experiments that
showed, at worst, people do not learn from failure feedback
at all, and at best, they learn, but significantly less from
success feedback with medium to large effect sizes. We
replicated studies 2a (our Experiment 1) and 4 (our
Experiment 2). In an attempt to improve learning from errors,
our extension mainly focused on the effects of changing the
focus of the feedback message from self to the task. We preregistered both experiments on OSF including all materials,
analysis plans, and scripts.

Experiment 1
In Experiment 1, we replicated and extended the
experiment 2a in the EW-F study. Our extension included a
new variable; namely, feedback focus. In the EW-F study, the
participants had received, what we call, self-focused feedback
(“You answered this question correct! /incorrect!”). We
added two new conditions with task-focused feedback ("The
answer is correct! /incorrect!"). Thus, our experiment
consisted of four conditions with two independent variables:
achievement feedback (success vs failure) and feedback focus
(self- vs task-focused).

The study took place as a single online session on Qualtrics.
The study started with an open-ended question that aimed to
eliminate the participants who were not willing to invest
effort. The open-ended question was followed by the training
phase which consisted of three multiple-choice questions.
The questions asked about the meaning of researcherinvented scripts (e.g., “Which of the following characters in
an ancient script represents an animal?"). The made-up
scripts allowed controlling for participants’ background
knowledge and manipulating achievement by randomly
assigning success vs failure feedback as there were no
objectively correct answers. Accordingly, each question was
followed by a new screen that displayed a stand-alone
feedback message, which was manipulated based on two
factors: achievement and feedback focus. The conditions
consisted of self-focused success feedback (“You answered
this question correct!”), self-focused failure feedback (“You
answered this question incorrect!”), task-focused success
feedback (“The answer was correct!”), and task-focused
failure feedback (“The answer was incorrect!”) to which
participants were randomly assigned to. After the training,
the participants responded to a brief distraction task. The
distraction task was followed by the post-test that consisted
of three multiple-choice questions. The post-test questions
were identical to training questions except that they were
worded in the reverse with superordinate categories. For
example, if the training question asked which symbol
represents an animal, then the posttest question asked which
symbol represents a stationary, non-living object with the
same two symbol choices (See Figure 1).
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Figure 1. Experiment 1: Example training item (on the left) and corresponding posttest question (on the right)
Thus, our study replicated the procedures of the previous
EW&F study (study 2a) with the following variations. First,
the current study recruited participants from the
undergraduate subject pool while the EW&F study recruited
participants from Amazon Mechanical Turk (MTurk).
Second, the current study rewarded all participants with
partial course credit regardless of their performance while the
EW&F study rewarded bonus payments for each correct
answer at the posttest. Third, the current study included two
additional conditions to introduce the variable feedback focus
(self vs task focused).

revealed a significant main effect of achievement. The
success feedback (M = 94%, SD = 18%) resulted in better
learning than failure feedback (M = 72%, SD = 29%); F(1,
199) = 40.98, p < .001. The mean score for the task-focused
feedback (M = 85%, SD = 26%) was also higher than selffocused feedback (M = 81%, %, SD = 27%), but this
difference did not reach statistical significance, F(1, 199) =
1.45, p = .22; and, contrary to our hypothesis, there was no
significant interaction effect between achievement and
feedback focus F(1, 199) = .30, p = .58.

Results
We operationalized learning as the percentage of posttest
questions the participant answered correctly as in the EW&F
study. First, we replicated the analyses in the EW&F study.
The conditions self-focused success feedback and selffocused failure feedback at the current study corresponded to
success and failure conditions at the EW&F study. We
replicated the finding that self-focused failure group learned
(M = 69.3%, SD = 29.2%) significantly less than the selffocused success group (M = 93.0%, SD = 18.8%), t(83.0) =
4.86, p < .001, 95% CI = [.14, .33], r = .47. We also
compared the learning performance of each group to the
chance level (50%). We failed to replicate the previous
study’s finding that failure group performed at chance level.
In our study, all groups performed better than chance level;
self- focused failure: t(49) = 4.67, p <.001, 95% CI = [61%,
77%]; task- focused failure: t(49) = 6.13, p <.001, 95% CI =
[67%, 83%]; self-focused success: t(52) = 16.59, p <.001,
95% CI = [87%, 98%]; and task-focused success feedback:
t(49) = 17.97, p <.001, 95% CI = [90%, 100%] (See Figure
2 for group mean scores).
Second, we tested our extension with the new variable
feedback focus. A 2 (feedback focus: task vs self focused) x 2
(achievement: success vs failure) analysis of variance1

Figure 2. Experiment 1 posttest performance by conditions

Experiment 2
In the first experiment, we replicated the original study’s
main finding that people learn less from failure feedback than
success feedback. Contrary to our hypothesis, the effect of
achievement was not smaller for task-focused feedback. That
is, changing from self-focused feedback to task-focused
feedback did not reduce the discrepancy between success and
failure conditions. However, there was a small, but
statistically non-significant, benefit of task-focused feedback
relative to self-focused feedback, so we decided to investigate

1

Additionally, we conducted robust ANOVAs on trimmed means
as alternative analyses for each ANOVA at both experiments. The
results were the same.
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this feedback focus factor in a second experiment with a
larger sample size.

Likert scale question "To what extent would you say that
completing Round 1 undermined your self-esteem?". As at

Figure 3. Experiment 2: A sample question from the training session for self-focused failure (on the right) and task-focused
failure (on the left). The success conditions had the identical setup with only wording change from ‘incorrect’ to ‘correct’
In the second experiment, we extended the context of the
study by recruiting participants using Amazon Mechanical
Turk. We also introduced several variations to the treatment
to incentivize learning from errors. We rewarded $.10 bonus
payment for each question answered correctly at the posttest.
Further, we showed the questions and responses along with
feedback messages for participants’ review (See Figure 3).
We also measured ego-threat as was done in EW&F Study 4
to investigate whether ego-threat mediates the relationship
between the independent variables (that is, feedback focus
and achievement) and learning.

Participants
Participants were 324 MTurk workers from the United States
whose approval rating was at or above 50%. Most reported
their gender as male (66%), ethnicity as white (75%), and the
highest educational degree they obtained as bachelor’s or
above (82%). Their reported average age was 38 (SD =
10.27).

EW&F Study 4, the participants’ response to this question
was treated as their level of ego-threat.

Results
First, we compared the learning performance of each group
to the chance level (50%). As in Experiment 1, all groups
performed significantly better than chance level, p <.001
(See Figure 4).
Next, we compared the success vs failure self-focused
feedback conditions to replicate the main analysis in EW&F
study. We failed to replicate the finding that self-focused
failure group learned (M = 69.0%, SD = 34.0%) significantly
less than the self-focused success group (M = 76.0%, SD =
14.0%), t(158.2) = 1.22, p = 0.22, 95% CI = [.04, .18].

Design
The study had a 2 (achievement: success or failure) × 2
(feedback focus: task-focused or self-focused) betweensubjects design. 324 participants were randomly assigned to
each of the four conditions (self-focused success: n = 81, selffocused failure: n = 80, task-focused success: n = 82, taskfocused failure: n = 81).

Procedure
The procedures were identical to Experiment 1 except the
following revisions. During the feedback, the question,
options, and the participant's response also appeared on the
screen for their review (See Figure 3). After completing the
training round, the participants were presented with a 5-point

Figure 4. Experiment 2 posttest performance by conditions
However, a 2 x 2 analysis of variance revealed a significant
main effect of achievement. The success feedback (M = 73%,
SD = 38%) resulted in better learning than failure feedback
(M = 65%, SD = 37%); F(1, 320) = 3.96, p = .004. Opposite
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to Experiment 1, the mean score for the self-focused feedback
(M = 72.6%, SD = 36%) was higher than task-focused
feedback (M = 66.6%, SD = 39%), however, as in
Experiment 1, feedback focus factor did not reach to
significance, F(1, 320) = 2.03, p = .15; and there was no
significant interaction effect between achievement and
feedback focus F(1, 320) = 0.11, p = .73.
Third, we tested whether there was a difference between
ego-threat levels of the groups. We did not replicate the
EW&F study’s result that the failure group had higher levels
of ego-threat. A 2x2 ANOVA on ego-threat showed that no
factor had a significant effect (task-focused failure: M = 3.36,
SD = 1.22; self- focused failure: M = 3.18, SD = 1.48; taskfocused success: M = 3.03, SD = 1.71; self-focused success:
M = 3.12, SD = 1.66).
Fourth, we collapsed the data across feedback focus, and
tested whether ego-threat mediated the effect of achievement
on learning. The effect of the achievement on the mediator
was not significant, p = .25. Ego threat did not mediate the
indirect effect of achievement on learning, p = 0.24.
However, ego-threat was a significant predictor of learning,
β = -.07, r2 = 0.04, p < 0.01.

Discussion
The current study aimed to replicate and extend previous
experiments by Eskreis-Winkler and Fishbach (2019). We
randomly assigned participants to achievement feedback
(success vs failure) and feedback focus (self vs task focused)
conditions to test their learning of a researcher-invented
script. We replicated the main finding that people learn less
from failure than success feedback. Thus, findings challenge
the long-held assumption that feedback is most helpful at
correcting errors.
On the other hand, we failed to replicate two findings from
the EW-F study. First, the EW-F study demonstrated that
people do not perform better than chance level when they are
given failure feedback. In both of our experiments, people
performed significantly better than chance level after failure
feedback. This finding was true even when learning was not
incentivized through bonuses (Experiment 1). Thus, our
findings suggest that feedback indicating one’s errors can still
result in some learning, however, not as much as feedback
that confirms a correct response. The findings challenge the
previous arguments that feedback is most helpful for
correcting errors (Kulhavy, 1996; see a review, Butler &
Woodward, 2018).
The second finding we failed to replicate is the mediation
effect of ego-threat. The previous study’s results suggested
that failure feedback increased people’s ego-threat levels,
and ego-threat mediated the relationship between
achievement and learning. On the contrary, we found that
ego-threat levels at all groups were equally high. However,
ego-threat still had a small, but significant, negative
correlation with learning. It is possible to interpret this
finding in several ways. One possibility is that ego-threat
undermines learning, but it is not influenced by achievement
factor. However, under this account, it is hard to justify why

success groups would have as high ego-threat levels as of the
failure groups. Another possibility is that the ego-threat
measure failed to capture the construct because of the
variation we introduced at Experiment 2. That is, showing
the wrong and correct response with the feedback message
might have created confusion across the conditions in a way
we had not expected (See Figure 3). Specific to task-focused
failure condition, which had the lowest scores, we suspect
that some participants misinterpreted the statement “the
recorded response” as the correct answer rather than the
response they provided. Further, learning performance at
success conditions (71.5% for task-focused, and 76% for selffocused) at Experiment 2 were lower than all success
conditions at the EW&F study (ranging from 80% to 91%
across different experiments), which supports our suspicion
that showing the question and the two responses along with
feedback messages, contradictory to our intentions, rather
hindered learning. Therefore, even though the difference
between success and failure conditions were smaller at
Experiment 2, this does not necessarily mean that the
variations at this experiment helped people learn more from
failure. Instead, people might have learned less from success
at Experiment 2 than they would normally do.
We did not find evidence that the variable we introduced,
feedback focus (self- vs task-focused feedback), had
significant influence on learning. The results suggest that
changing the personal pronoun (‘you’) in the feedback
message to an impersonal noun (‘the answer’) do not change
people’s response to feedback. Another possibility is that this
null result is contingent upon the current study’s online
experiment paradigm which did not include a human
feedback provider. Here, the change in the tone might have
been unnoticeable for the participants. Further, we replicated
the original study’s power, set to detect a medium effect size,
that would be underpowered to detect any potential small
effects of wording. Given the robust results from the previous
literature regarding the benefits of changing the focus of
feedback from self to task (Kluger & DeNisi, 1996b;
Schartel, 2012; Winstone, 2017), we suggest future research
further investigate this construct with more powerful study
designs and at in-person experimental settings.
The current work focused on a specific feedback-related
factor, namely, the focus of the feedback message. However,
it is likely that feedback engagement is influenced by a
multifaceted set of other factors related to the feedback
receiver such as their motivations, fears, expectations,
perception toward the feedback provider, and their view of
their own abilities (Eva et al., 2011). These factors should be
tested in experimental settings to extend the current work and
to identify conditions under which learning from failure is
optimized and potentially just as good as learning from
success.
Further, feedback engagement is not a one-time process,
but it is iterative. Grundmann et al. (2021) suggest that people
use several engagement and disengagement strategies when
faced with negative feedback based on their performance
goals. Accordingly, even though people can initially
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disengage from the feedback to meet their hedonic goals (that
is, feeling good at that moment), the salience of hedonic goal
decreases once it is satisfied. After this decrease,
improvement goals become more salient, which motivates
feedback engagement again.
The education literature suggests several ways to re-engage
learners with feedback such as giving a confidence boost with
positive comments; focusing on what to do in the future
rather than what has been done (Winstone et al., 2017);
prompting learners to reflect upon the feedback they received
to reassess and assimilate the feedback and their emotional
responses upon it (Sargeant, 2009). These are studies
conducted in authentic learning environments without
experimental manipulations. We believe the promising
findings from these rich settings can be tested in controlled
lab studies to further investigate causal factors involved in
processing of feedback and identify strategies to improve
engagement with it.

Open Practices Statement
Pre-registration of the experiments can be accessed at
https://osf.io/j85ep.
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Abstract

information and discriminating/categorical qualities (Nisbett
& Miyamoto, 2005). In the narrative task, analytic thinkers
Holistic and analytic thinking styles are well-documented in
are therefore more likely to name foreground objects like
cultural psychology. However, recent studies suggest that
language potentially mediates the influence of culture on thinking
“fish” and describe their properties and movements.
styles. The overarching goal of this study is to examine how
Previous research has predominantly focused on
verbal labels impact people’s thinking styles. Study 1 sought to
collectivist and individualist cultural differences in different
examine whether thinking styles in a classic triad task could
depend on verbal or pictorial formats. Although we observed a
thinking styles, and factors that could explain the culturallysignificant correlation between performance in verbal and picture
bounded phenomenon (Kit-Fong-Au, Dapretto, & Song,
triad tasks, more participants were classified as holistic thinkers
1994; Boroditsky, 2001). For instance, researchers have
with a verbal compared to a picture triad task. In Study 2, we
examined whether participants could shift their thinking styles in
examined the role that environment plays in perception,
the verbal triad task after being primed to focus on categorical
exposing participants to images of cityscapes (Miyamoto,
associations. We found that females were influenced by this
Nisbett, & Masuda, 2006). These researchers found that
prime and displayed more analytic thinking. Our results suggest
that language can influence thinking styles and that thinking
images of Japanese cities were more ambiguous and
styles are context-dependent.
contained more elements than images in American scenes,
Keywords: thinking style; verbal label; categorical association;
presumably priming participants to attend more carefully to
relational association; gender difference; cultural difference
context. Indeed, when primed with images of a Japanese city,
both American and Japanese participants were more likely to
Introduction
think holistically.
Our cultural context shapes our interactions with the world
In addition to environmental differences, language might
and dictates the way we visualize, process, and utilize
also play a role. For instance, in one study, researchers
information. For example, holistic and analytic modes of
examined whether thinking styles influence attention and
thought differs across cultures (Miyamoto, Nisbett, &
awareness. To test this, participants were shown the classic
Masuda, 2006), with people from East Asian, collectivistic
fish bowl vignette, and researchers used an eye-tracking
cultures typically exhibiting holistic thought and people from
device to measure eye fixation patterns. East Asian and
Western, individualistic cultures exhibiting analytic thought
Western participants showed nonsignificant differences in
(Ji, Zhang, & Nisbett, 2004; Senzaki, Masuda, & Ishii, 2014).
looking patterns (Senzaki, Masuda, & Ishii, 2013). However,
Holistic thought associated with an East Asian perspective
the emergence of holistic and analytic thoughts occurred
is primarily dictated by context and relational cues. In this
when participants were asked to describe the scene, where
style of thinking, people are more likely to attend to
East Asian participants were more likely to name background
background information and relationships, viewing the
and environmental information than Westerners did. Since
system as a whole rather than a sum of its parts (Nisbett &
differences were only observed when participants were asked
Miyamoto, 2005). For example, in the classic narrative task,
to describe the image, researchers suggested language as a
participants view an image of a fish bowl and describe what
mechanism for divergent thinking styles.
they see in as much detail as possible for one minute
Language differences could explain sub-cultural
(Sensaki, Masuda, & Ishii, 2013). Holistic thinkers, in this
differences as well. Two studies (Rhode, Voyer, & Gleibs,
task, are more likely to name background or environmental
2016; Senzaki, Masuda, & Ishii, 2001) found differences
objects like “under the water." Analytic thought, in
even between two collectivist cultures. Korean participants
comparison, is characterized by attention to foreground
thought more holistically than Chinese participants did when
1
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presented with the narrative task. Researchers proposed that
these varying degrees of holistic thinking might be related to
the syntactic differences in the participants’ native languages,
noting that English sentences were mostly head-initial and
Korean were mostly head-final. This “head-initial/headfinal” judgment refers to verb/noun positioning, with headinitial language leading with the noun followed by the verb,
and head-final language leading with the verb followed by
the noun. This hypothesis suggests a primacy effect, with
speakers being drawn to whatever aspect of the sentence is
placed first. English, therefore, as a head-initial language,
would mention the subject first in a sentence, priming its
speakers to attend to focal objects, whereas Korean, as a
head-final language, would mention the subject last in a
sentence, priming its speakers to attend to context and the
relationship between objects. Since Chinese alternates
between head-initial and head-final languages, Chinese
speakers showed a lesser degree of holistic thinking than
Korean speakers. Results from other studies support the idea
that language properties could associate with the measured
thinking styles across individuals, situations, cultures, and
even subgroups within the same culture (Ji, Zhang, & Nisbett,
2004; Liu, Chung, McBride-Chang, & Tong, 2010; Talhelm
et al., 2014).
So far, the literature has suggested thinking styles as a static
characteristic of members of a culture, and unique features of
language could foster a certain type of thinking style over a
long-term exposure. Little is known how language could
potentially influence thinking styles as a contextual factor
from moment to moment. For example, studies have used
tasks with categorical or relational associations of concepts
to measure holistic and analytic thinking styles. One
influential study constructed triads with both a categorical
and relational choice. Participants were asked to choose the
two words that were most closely related (e.g. policeman,
postman, and uniform). If the participant grouped policeman
and postman, this would be categorical, indicating an analytic
choice, whereas policeman or postman grouped with uniform
would be relational, indicating a holistic choice (Ji, Zhang,
Nisbett, 2004).
However, ample studies have shown that the strength of
categorical and relational associations can vary across
pictorial and verbal formats (Vivas, Manoiloff, García,
Lizarralde, & Vivas, 2019; Hines, Czerwinski, Sawyer, &
Dwyer, 1986; Bruno et al., 2020; Roelke et al., 2018). In
general, pictorial stimuli yield a stronger categorical
association based on semantic feature overlaps, whereas
verbal stimuli yield stronger relational associations based on
word associations. Consequently, the verbal triad could
“benefit” relational associations more whereas the pictorial
triad could “benefit” categorical associations. Therefore, it is
possible that the measured thinking style could be dependent
on the format of the triad task.
Furthermore, categorical associations could be manifested
in the verbal labels of object names. For example, some
semantic categories are emphasized in their names, such as
“berry (e.g., strawberry, blueberry, raspberry, etc.)” and “nut

(e.g., walnut, hazelnut, etc.)”. Having these verbal labels in
object names could potentially emphasize the categorical
associations of concepts, influencing the thinking styles in
different ways. On the one hand, since the categorical
association is related to analytic thinking in the triad task,
highlighting the categorical information could lead to more
analytic thinking (a direct influence). On the other hand,
highlighting the categorical information via verbal labels of
object names could potentially promote a focus on
similarities of objects, a feature of the holistic thinking style
(an indirect influence). Anecdotal evidence is in alignment
with this argument. Specifically, this feature is extremely
pervasive in some Asian languages, such as Mandarin
Chinese, but not so much in Western languages such as
English. Chinese names of objects commonly include the
category label alongside the noun, such as the verbal label
“flower (花)” in “rose-flower (玫瑰花)”, “daisy-flower (雏
菊花)”, and “peony-flower (牡丹花)”. Potentially, having
this language feature in Mandarin Chinese promotes a focus
on overall similarities of objects, fostering holistic thought in
Chinese speakers.
The overarching goal of this study is to examine how
language might impact thinking styles, by using verbal labels
to create different contexts when measuring people’s
thinking styles. Study 1 sought to examine whether thinking
styles measured in a classic triad task could be shifted using
verbal labels instead of pictures. Given the evidence that
relational associations are stronger in verbal format, we
anticipated that people would show more holistic thinking
when tested with verbal format in comparison to pictorial
format. Study 2 aimed to examine whether participants could
shift their thinking styles measured by the verbal triad task,
after being verbally primed to focus on categorical
associations of objects. Two potential outcomes were
predicted according to two competing hypotheses (direct vs.
indirect). If the effect of verbal labels is direct (i.e.,
participants implement the primed categorical association
directly in the triad task), we would expect that the
categorical labels in object names would make people focus
on the categorical associations of words, and choose
categorical associations more (i.e., analytic thinking).
However, if the effect of verbal labels is indirect, we would
anticipate that exposure to these category labels in object
names could make people focus on the overall similarities of
objects, and they would show a shift to holistic thinking and
choose more relational associations. In addition, we explored
potential gender differences in measured thinking styles since
studies have shown that females and males could differ in
their analytic skills and intuitive-analytic thinking (Aarnio &
Lindeman, 2005; Sladek, Bond, & Phillips, 2010).

Study 1
In the first study, we used a classic triad task paradigm to
assess thinking styles of individuals across pictorial and
verbal formats. We aimed to show (i) large individual
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differences in thinking styles even within a group of native
English speakers; and (ii) when the thinking style was
assessed by the verbal format, people could demonstrate
different thinking styles compared to the pictorial format.

seconds. After 15 seconds, the participants were then asked
to describe the scene in 3-5 sentences to the best of their
memory. Due to space limitations, we refrain from presenting
the data of this task in the current paper.

Methods

Procedures. All the tasks were created and presented to the
participants online via Qualtrics. Participants first read the
instructions and gave their consent to the study, and then
completed all tasks to assess their thinking styles. Half of the
participants received one version of this study, completing
the verbal triad task first, then the narrative task, and finally
the pictorial triad task. The second half of the participants
received a counterbalanced version, in which they completed
the pictorial triad task first, then the narrative task, and lastly,
the verbal triad task. The trials of all tasks were randomized
across individuals. All participants completed a short survey
to gather information about their
Figure 1: Examples of the pictorial (a) and verbal (b) formats

Participants. A total of 80 participants (Mage = 19.61 years
old, SD = 3.70; 53 females) were included in this study. One
participant who did not fill out the demographic information
was excluded from the following data analysis. All
participants were native English speakers and they did not
report known neurological or psychological disorders. All
participants were taking introductory psychology classes and
received course credit for their participation in this study. The
study was approved by the IRB panel at Santa Clara
University.
Stimuli and Tasks. This study included a series of tasks that
were used to assess thinking styles and were commonly
reported in the literature. The first task was the triad task
adapted from Ji, Zhang, and Nisbett (2004) with both
pictorial and verbal formats (see Figure 1). Each of these
triads had a target image or word at the top with two
candidates, either images or words, at the bottom of the triad.
The participants were then asked which candidate image or
word (left or right) they believed went best with the target at
the top. Both candidates were related to the target, however,
one candidate was relationally associated with the target
(suggesting a holistic thinking style), and the other candidate
was categorically associated with the target (suggesting an
analytic thinking style).
As shown in Figure 1a, the pictorial triad had a target image
being a “winter hat”. If the participant chose “mittens,” their
answer would be coded as a relational association (i.e.,
holistic thinking) because “winter hat” and “mittens” are
often found in the same context (i.e., cold weather). If the
participant chose “fedora” it would be considered as a
categorical association (i.e., analytic thinking) because
“fedora” and “winter hat” would both fall under the category
“hats”. In Figure 1b, the triad task was in the verbal format
with a target word “banana” and two candidate words
“monkey” as a relational association and “orange” a
categorical association. Nineteen verbal triads and 16
pictorial triads were created, and the left/right positions of
categorical and relational candidates were counterbalanced
across triads. Verbal and pictorial triads were nearly
identical, but the total number of triads differed for two
reasons. We firstly excluded triads using words with explicit
category labels (e.g., “winter hat” might bias people to
choose the other hat, “fedora,” so this triad was only used in
pictorial format). Also, it is hard to create matching pictorial
triads for some objects, so we excluded those.
We also included a narrative task in this study which was
adapted from Sensaki, Masuda, and Ishii (2013). In this task,
participants were presented with 6 images in random order
that contained focal objects and background scenes for 15

of the triad task.
age, gender, language experiences, and whether they noticed
the purpose of the study. The whole study took about 30
minutes to complete, and none of the participants reported
knowing these tasks for assessing their thinking styles.
Analysis. All data were recoded and analyzed using RStudio.
For both triad tasks, a categorical association choice (“orange
for banana”) was coded as 1 and a relational association
choice (“monkey for banana”) was coded as 0. Thus, higher
scores (close to 1) on the triad tasks suggested more
categorical choices/a more analytic thinking style whereas
lower scores (close to 0) implied more relational choices/a
more holistic thinking style. We first calculated the
correlation between the scores in pictorial and verbal triad
tasks to examine intra-individual consistency in these two
tasks. Then we classified each individual in each task as
categorical/analytic or relational/holistic based on a cutoff of
0.5. Individuals with a score higher than 0.5 were considered
3
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categorical/analytic and those with a score equal to or lower
than 0.5 were considered relational/holistic. We then
examined the frequency of individuals who were considered
as categorical/analytic in the pictorial triad task but
categorized as relational/holistic in the verbal triad task. Last,
we examined the effect of gender on exhibiting analytic or
holistic thinking in both triad tasks.

Last, we did not find gender differences in their scores in
either the pictorial or verbal triad tasks. For the pictorial
format, females scored 0.41 (SD = 0.24) and males scored
0.32 (SD = 0.21), t(78) = 1.69, p = 0.095.For the verbal
format, females scored 0.41 (SD = 0.19) and males scored
0.35 (SD = 0.13), t(78) = 1.51, p = 0.134. Therefore, although
females tended to choose categorical associations slightly
more, they did not differ statistically significantly.

Results and Discussion

Table 1: Frequency of participants classified into different
thinking styles, depending on format of the task

First of all, participants scored 0.38 (SD = 0.23) in pictorial
triad task and 0.37 (SD = 0.17) in verbal triad task on average,
surprisingly suggesting that these participants chose more
relational associations in both tasks and could be considered
more holistic thinkers. As seen in Figure 2, we found a
significant correlation between the scores of the pictorial
triad task and the verbal triad task, indicating some
consistency of measuring thinking styles across the two
formats, r(78) = .46, p < .001. However, it is also evident that
there were large individual differences in both tasks as the
scores ranged almost from 0 to 1 across individuals.

Verbal triad task
Categorical
Relational
(Analytic)
(Holistic)
Pictorial triad
task

Categorical
(Analytic)
Relational
(Holistic)

11

14

4

51

Study 2
In this study, we aimed to test whether using verbal labels
that emphasized categorial associations of concepts could
shift participants’ thinking styles measured by the verbal triad
task. As seen in Study 1, more participants were categorized
as holistic thinkers with the verbal compared to the pictorial
triad task. Thus, in this study, we chose the verbal format
instead of the pictorial format to further examine the impact
of verbal labels in participants’ choices of categorical or
relational associations in the triad task.

Methods
Figure 2: Significant correlations between the scores in
pictorial and verbal formats of the triad task.
In addition, individuals who scored low on the pictorial
triad task rarely scored high on the verbal triad task (top left
corner), but those who scored high on the pictorial format
could score low or high in the verbal format. Further analysis
using 0.5 as a cutoff showed that 11 individuals considered
as analytic (chose more categorical associations) in the
pictorial format also stayed in the same category in the verbal
format, but 14 of them became holistic (chose relational
associations) in the verbal format. By contrast, 51 were
considered holistic in the pictorial format and stayed in the
same category, but only 4 became analytic in the verbal
format (see Table 1). A chi-square test revealed a significant
difference in the frequency distribution, χ2(1) = 15.218, p
<.001. These results showed that when tested with the verbal
triad task, more individuals from the analytic category would
be considered holistic, but fewer individuals from the holistic
category would be considered analytic. Therefore, thinking
styles of individuals could become more holistic when verbal
versus pictorial labels were used.

Participants. A total of 23 participants (Mage = 19.39 years
old, SD = 0.94; 15 females) from the undergraduate
participant pool participated in this study for course credit.
These participants did not participate in Study 1, and had no
known neurological or psychological disorders. This study
was also approved by the IRB panel at Santa Clara
University.
Stimuli and tasks. In this study, we used object names with
the category label attached as primes. We chose three
different semantic categories, namely, “fruit”, “nut”, and
“ball” for their high frequency and familiarity to native
English speakers. For each category, we chose three object
names as a prime set, and three object names as a control set.
For instance, “blueberry”, “raspberry”, and “strawberry”
were used as the prime set for the fruit category, (as a
subordinate category of fruit; “berry”), and “mango”,
“peach” and “grape” were used as the control set as other
fruits without a verbal label emphasizing the categorical
associations. For all the prime sets, they shared a verbal label
(i.e., “-berry”, “-nut”, and “-ball”) in their names to indicate
a specific category, and this emphasis on categorical
associations was not present in the control set. In this study,
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each prime and control set was presented twice, resulting in
a total of 12 trials (6 in the prime condition and 6 in the
control condition). In addition, 24 unique verbal triads with
the same structure as in Study 1 were created and used to
assess thinking styles after participants were exposed to the
verbal prime or control sets.
In each trial, participants were asked to complete a
shopping task (e.g., buy some fruits). In this shopping task,
they saw 6 words in succession, and they were required to
click “Yes” or “No” to decide whether they needed to buy
these items. Of these 6 words, 3 were from the same category
for shopping (i.e., fruit) and 3 were distractors, such as
“wine”, “beef”, and “chocolate” (Figure 3). In the control
condition, the control set (“mango”, “peach”, and “grape”) of
the same category (i.e., fruit) were intermixed with the same
3 distractors. After they finished the shopping task, they were
asked to complete a short verbal triad task as in Study 1 with
only 2 triads in sequence.
Procedure. All tasks were created in Qualtrics and
completed online. Participants first read the instructions and
gave their consent to the study, and then completed all 12
trials of shopping tasks and verbal triad tasks in a self-paced
manner. All 12 trials were randomized across individuals, so
all participants finished both prime and control conditions. At
the end, participants completed a demographic survey. The
entire study took about 30 minutes to complete.

0.27) and control (M = 0.40, SD = 0.25) conditions on the
verbal triad task, t(22) = 3.11, p = 0.005, suggesting that
individuals chose more categorical associations after being
primed with verbal labels which emphasized the categorical
information of a semantic category. Furthermore, we also
observed a significant interaction between the condition
(prime vs. control) and gender (female vs. male) in the
mixed-effect ANOVA, F(1,21) = 6.43, p = 0.019, suggesting
a differential priming effect for females and males (see Figure
4). Post-hoc tests revealed that females shifted into more
categorical choices (i.e., analytic thinking style) in the prime
condition (M = 0.67, SD = 0.26) compared to the control
condition (M = 0.39, SD = 0.29), t(14) = 4.80, p < .001, but
there was no significant difference in males between the
prime condition (M = 0.42, SD = 0.24) and the control
condition (M = 0.42, SD = 0.20), t(7) = 0, p = 1.00. These
results suggest that people’s thinking styles measured by the
verbal triad task were highly context-dependent. Even when
people were only briefly exposed to the verbal labels
highlighting the categorical information, their choices in the
task to assess thinking styles were significantly shifted to the
categorical
associations
immediately
afterward.
Interestingly, this effect was present in females but not in
males. Results from Study 2 further confirmed that verbal
labels could have a direct and immediate effect on measured
thinking styles.

Figure 4. Condition*Gender Interaction on Thinking Styles.
Figure 3: Experimental procedure of shopping and triad
tasks used in Study 2 (an example of the prime condition).

General Discussion

Analysis. Since we were mostly interested in the immediate
priming effects of verbal labels on measured thinking styles,
we focused our analysis on the 1st verbal triad in the current
analysis. Results using the 2nd verbal triad are available upon
request. We coded the responses to the verbal triad task in the
same way as in Study 1. A categorical association choice was
coded as 1 and a relational association choice as 0. We first
examined whether the measured thinking styles were shifted
under the prime condition using a paired-samples t-test.
Then, we used a mixed-effect ANOVA to explore whether
the priming effect was different for females and males.

Results and Discussion
As predicted, the paired-samples t-test revealed a
significant difference between the prime (M = 0.58, SD =

The different thinking styles, namely, analytic vs. holistic,
have been long associated with Western and East Asian
cultures, respectively. Our findings from two studies have
provided some preliminary evidence that thinking styles of
native English speakers, especially when measured by verbal
formats, are highly variable across individuals and contextdependent. In Study 1, we showed large individual
differences in thinking styles, and when measured with a
verbal format, more individuals became holistic thinkers
from analytic thinkers compared to when measured with a
pictorial format. In Study 2, we used an experiment to
demonstrate that exposure to verbal labels highlighting the
categorical associations would lead participants, especially
females, to prefer categorical candidates in the verbal triad
task. These findings converge on the idea that thinking styles
can be variable instead of static, and language can impact
thinking styles of individuals from moment to moment.
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Results from Study 1 and Study 2 may seemingly be
contradictory since Study 1 suggested that people became
more holistic thinkers with the verbal triad task whereas in
Study 2, participants were shifted to analytic thinkers after
being primed with verbal labels. However, they actually
converge on the observation that language could impact
thinking styles, but the exact direction depends on the feature
of the verbal information and the contexts. The triad tasks in
Study 1 assess relative strength of categorical and relational
pairs of images or words, resembling word association and
semantic priming (Ross et al., 2007; Shelton, & Martin,
1992). Previous meta-reviews have pointed out that both
semantic and relational associations could lead to a priming
effect, but the semantic association depends on feature
overlaps of objects whereas the relational association is also
influenced by word association in text (Lucas, 2000;
Huchison, 2003). In addition, a previous study has shown that
the semantic priming effect is stronger in the verbal than
pictorial formats (Koivisto & Revonsuo, 2000). Therefore,
when the triad task was implemented in a verbal format, the
relational association became “boosted” so people chose the
relational candidates more compared to the pictorial format.
In Study 2, we primed people to focus on the categorical
associations by using names that highlighted the categorical
information. Specifically, the verbal labels like “berry”,
“nut”, and “ball” in the prime condition made the shopping
task easier to the participants if they looked for the verbal
similarity. This verbal similarity would then further promote
a focus on the category similarity. Consequently, participants
were potentiated for the categorical association in the triad
task. Thus, the influence of the verbal labels was directly
“translated” into the triad task, and people tended to continue
focusing on the categorical associations and chose the
categorical candidates more, resulting in a shift to analytic
thinking. The different results of Study 1 and Study 2 could
also partially, if not all, result from the task instructions. In
Study 1, we instructed participants to find candidate
word/picture that goes “together” with the target word,
indicating an emphasis on relationships; however, in Study 2,
the shopping task required participants to “sort/separate”
items, promoting some analytical processes. Nevertheless,
this possibility still points to the factor that thinking styles
can be viable and influenced by language. Therefore,
although the influence of verbal labels shifted people’s
thinking styles in the opposite directions in Studies 1 and 2,
they both manifested the potential impact of language on
measured thinking styles.
It is worth noting that our findings mostly showed the
short-term effects of language on thinking styles, since the
verbal labels only created task-specific contexts when
measuring thinking styles. At most, our results suggest that
language could influence thinking styles and explain cultural
differences in thinking styles (Rhode, Voyer, & Gleibs, 2016;
Ji, Zhang, & Nisbett, 2004). In particular, we want to focus
on the results from Study 2. One motivation for Study 2 came
from the observation that categorical associations are
prevalently emphasized in Mandarin Chinese, so this feature

in Mandarin Chinese could potentially cultivate a focus on
the overall similarity of object categories, fostering a holistic
thinking style. In contrast to this hypothesis, we did not
observe that people became more holistic thinkers after being
primed with categorical information. Instead, we found that
categorical information made females in our sample more
likely to use analytic thinking. Hence, in a Western sample,
categorical information might have a direct effect, because it
makes people (females, at least) focus on the primed category
and its distinctiveness from other categories more. In nonWestern samples, we might find that categorical information
might have an indirect effect (possibly leading to more
holistic thinking), because people in non-Western cultural
contexts could potentially see the interconnectedness (rather
than the distinctiveness) with other categories. To be sure, our
finding does not necessarily mean that emphasizing
categorical information in language does not have a longterm effect in fostering a holistic thinking style. Future
research should implement training studies across different
cultures to test this hypothesis.
Interestingly, our Study 2 observed that females, more than
males, are influenced by the verbal labels during the verbal
triad task. First of all, this cannot be attributed to the fact that
females are generally more susceptible to categorical
associations, since there was no difference in the control
condition in Study 2 and no difference in both pictorial and
verbal triad tasks in Study 1. Although there were some
studies showing gender differences in thinking styles, we do
not have a strong theory to explain the gender differences
observed in the current study. We could only speculate that
females may be more receptive to verbal information than
males, given some evidence on gender differences in verbal
skills (Wei et al., 2012; Hyde, & Linn, 1988; Eriksson et al.,
2012). One caveat is that our sample size in Study 2 was small
and unbalanced in gender so future studies should examine
the potential gender differences with a larger and balanced
sample.
There are a couple of limitations of the current studies.
First, due to the global COVID-19 pandemic, both studies
were conducted online so the testing environment (e.g., noise,
timing, etc.) and the attentional state of participants were not
controlled. Since the studies were self-paced, the priming
influence in our Study 2 could vary across individuals. Future
studies should conduct the experiments in a more controlled
environment. Second, we only focused on a young adult
sample in a Western culture so the generalizability of the
current findings awaits the tests from future studies
examining different ages and cultures.
In conclusion, our research provided some new evidence
that verbal labels could influence thinking styles measured in
the triad task. The way language might influence thinking
styles however (i.e., whether it is direct or indirect), might
depend on the language context. Our results add on the
evidence that language could mediate the impact of culture
on thinking styles. More importantly, thinking styles should
be considered a contextually-dependent concept which could
vary across individuals, tasks, and cultures.
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Abstract
To explain the importance of interaction for a truthful
performance in acting, the present study captures the
characteristics of interaction and attempts to probe the
underlying intrapersonal changes through interaction during an
acting course which emphasizes paying attention to a partner.
Novice participants tend to change their way of communication
as the course progresses, the pattern of which further differs
from that of professional actors. While actors devote
themselves more to the connection with their partner and
demonstrate more balanced communication, novices rely on
general inference to speculate about others’ affective states.
This study offers a new perspective to elucidate the
construction of interaction in acting, and emphasizes the
significance of involvement in interaction when applying
acting approaches to general training with the aim of improving
social understanding.
Keywords: acting; interaction; utterance analysis; interactive
learning; social understanding

Introduction
As a realm of art, theatre has developed into a wide variety
of forms and attracted a whole range of audiences all around
the world. Various branches of acting theory and training
methods of contemporary theatre are considered to have their
roots in Stanislavski’s system (Stanislavski, 2008), which
defined the goal of acting as a truthful performance in a
theatrical setting. For the indispensable subjects – the actors
– to give such a performance on stage that mirrors individual
behaviors and social relationships in real life, different kinds
of approaches have been established to prepare them for
appropriate and natural role-playing (Cohen, 2010; Kissel,
2000; McGaw, Stilson, & Clark, 2011).
From the perspective that theatre is a reflection of real life,
the social psychologist Goffman (1978) describes the
construction of individual behavior as role-playing based on
social relationships under different circumstances. The
process of role-playing stimulates the understanding of self
and the attainment of skills to create the desired impression
in each relationship. Due to the potential of acting to promote
social understanding and performance(Goldstein & Winner,
2010; Nettle, 2006), acting approaches have been applied in
psychiatric treatment (Bailey, 2009), social deficiency
improvement (Chandler, Greenspan, & Barenboim, 1974)
and general education (Goldstein & Winner, 2012). The
positive effect of acting is considered to come not only from
entering and understanding a world of imagination, but the

acting itself also counts. For example, by comparing the
scores in psychological scales before and after experiencing
acting with a control group experiencing only narrative
reading, it has been shown that experience of acting is
associated with an improvement in several social abilities,
such as empathy and emotional understanding (Watanabe &
Kusumi, 2020).
While these previous studies pointed out the correlation
between acting experience and scores in several dimensions
of social abilities, the mechanism of how acting experience
facilitates interpersonal understanding and social
performance is not fully understood. Even for the most
studied dimension, empathy, there have been differing results
regarding whether actors score higher than non-actors in
measures of emotional empathy, which show the level of
sensing how someone else is feeling (Goldstein & Winner,
2012; Goldstein, Wu, & Winner, 2009). In addition to the
difficulty of limited measures in showing the whole picture
of social performance, another problem of prior literature
arises from the lack of investigation into the detail of acting
training. Not only scrutinizing the theatrical setting but
stepping into the imaginary situation and interacting with
other characters by playing a role is important for the
understanding of the situation and the emotional experience.
The present study focuses on such interaction in acting, trying
to capture its characteristics and explore whether they can
offer a possible explanation for the inconsistent results about
actors’ superiority in social understanding.
The importance of effective interaction with others for
actors to experience how a character thinks and feels is
emphasized by many acting practitioners (Meisner &
Longwell, 2012). Such an opinion is analogous to that of
creativity research concerning the synergistic effect of
elements in a creative process (Glăveanu, 2013), through
which lens light is shed on the creativity of actors arising
from the tension between an actor and the surrounding actors,
between an actor and the environment, and so on. The variety
to which acting performance extends can be born from the
different details of interaction from stage to stage, though
constricted to some extent by the play script (Goldstein &
Levy, 2017). The different details of interaction offer the
possibility of breaking acting performance down into
scrutable indicators, further enabling inference about
intrapersonal changes through the interaction. For example,
Sun and Okada (2021) examined the characteristics of
utterance with the progression of acting training, showing
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that within actors’ interaction, the attention paid to their
partner rather than themselves encouraged an extended
variety of performance and immersion in the setting.
The present study tries to capture the interactive part in
acting when the acting approach is applied to general
education. Fieldwork was conducted during an acting course
for non-actors with the use of a similar method to that of Sun
and Okada (2021). The analysis consists of two parts. Study
1 focuses on the change of participants’ utterances through
interaction under particular circumstances and discusses how
it relates to their change of inner states. Study 2 further
examines the differences in interaction between the novice
participants and professional actors in similar tasks. Such a
comparison is able to clarify which part of interaction brings
about a transformation in acting. Combining the two sets of
results, we attempt to offer a new perspective on interaction
in acting and provide a preliminary supposition about how
experience of acting might improve social abilities.

The fieldwork
We conducted fieldwork during a one-semester acting
course for university students from April to July, 2019. The
instructor of the course was Bobby Nakanishi, who had
learned realism acting in the United States and taken an active
part in The Actors Studio, New York for fifteen years. Since
2011, he had devoted himself to acting instruction in Japan.
The fourteen-class course began with an introduction to
realism acting, followed by the main part of the course where
students could experience the training method of the Meisner
technique, which emphasizes paying attention to others and
forging a real-time relationship during interaction. At the end
of the course, there was a three-class scene work during
which students tried to synthetically utilize what they had
learned to analyze the script of a particular scene and perform
it.
The course did not actually aim at competence in acting,
but at improving communication skills through the acting
training. All the training sessions took the form of pair work.
The most basic practice was called Repetition, in which the
participants simply formulated sentences about behaviors of
their partner and repeated such sentences. Other practices
were all based on Repetition, with a variety of particular
characters and situation settings added. A brief introduction
to the training sessions analyzed in Studies 1 and 2 is given
in the following paragraphs.

Repetition
The participants were required to pay full attention to their
partner. Either one of the two participants could start the
session by formulating a sentence about the partner’s
behavior, as long as he or she perceived something in their
partner. Such sentences were simply initiated by “You
are …”, followed by a predicate. After hearing “You are
(predicate A, e.g., laughing)” uttered by the partner, the other
participant repeated the sentence with the subject substituted
by “I”. (That is to say, the other participant replied, “I am
(predicate A).”) The pair continued repeating the sentence
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with predicate A in sequence, until one of them detected some
change in the other and formulated a new sentence. The new
sentence was also to be a description of the partner’s behavior,
such as “You are (predicate B).”
Data of Repetition sessions are analyzed in Study 1.

Advanced work based on Repetition
The fourteen-class course covered only a part of the
advanced work designed to link the truthful expression in
Repetition to truthful performance on the stage. In the present
study, we especially focus on a training session called Card
or Puzzle (Study 2), which was experienced by all the
participants. In Card or Puzzle, one participant chooses to
play with a card tower or a jigsaw puzzle (the choice itself
does not essentially matter), and tries to finish it within ten
minutes. The participant also decides a reward for success
and a punishment for failure, which function as “a character’s
motivation to finish the specific task” to provoke a truthful
emotional experience from the participant. The other
participant observes the player in silence for two or three
minutes (time for the player to focus), then starts Repetition
with the player.
The present study captures the characteristics of
participants’ style of interaction, and changes in this during
the course.

Study 1: Changes in novices during Repetition
sessions
Participants
Sixteen undergraduate and graduate students from different
departments joined the course, twelve of whom attended all
the classes. According to a prior survey, none of the
participants had received professional training in acting,
while all of them were interested in acting or had had some
experience in student theatre troupes.
All the participants and the instructor were informed about
the goal and the content of the research. With the consent of
everyone, all classes, including training sessions and the
following discussions, were recorded with a video camera
and an audio recorder. Students received two credits for full
participation in the course.

Data processing
With reference to the video and audio recordings,
utterances in training sessions were transcribed. The
predicate of each utterance was recorded on its first
appearance — the repeated ones were omitted — along with
the participant who produced the sentence.
Utterances were divided into five categories following the
classification listed in Table 1 (Sun & Okada, 2021). The
categories indicate the extent to which the participant
producing the sentence read his or her partner. All utterances
were exclusively allocated to one of the five categories.
Numbers of each participant’s utterances within every
category in a session were counted and recorded. There were

Table 1 Categories of utterances (Sun & Okada, 2021)
Number

Category

Definition

Examples

1

Description

Ordinary doable verbs describing the overt
behavior of the other actor

laugh, get closer, speak louder

2

Feeling

3

Evaluation

Words expressing one’s feeling about the
overt behavior of the other actor
Words evaluating the overt state of the
other actor or the progress of the task

take a sharp look, seem to give
up, not in a hurry
be calm, not work, laugh in a
strange way

4

Speculation

Words indicating what is assumed to be the
covert state of the other actor

be glad, worry, feel frustrated

5

Exclamation

Words uttered unintentionally, not
following the rule “only speak about the
other actor”

ah, oh my

three classes for the practice of Repetition, the descriptive
statistics of which are summarized in Table 2.

first and second class, p=0.001 for the comparison between
the first and third class).
In contrast to Description and Speculation, other categories
of utterances were not significantly different in the three
classes of Repetition. It can be seen that the decrease in
Description utterances and the increase in Speculation
utterances took place at the same time, which implies that
participants attempted to form more sentences concerned
with their partner’s thoughts or feelings hidden behind their
behavior instead of simply describing what they were doing.
Although the Meisner technique requires trying one’s best to
focus on the partner’s behavior and to understand the
affective change at the scene as a natural result rather than the
goal of their utterances, it is difficult for novices to avoid
simply changing the sentence itself to convey what they think,
possibly because humans bend towards making inferences
about others’ affective condition depending on perception
and appraisal of current actions and outcomes (Ong, Zaki, &
Goodman, 2019).
Comments and discussions about Repetition sessions by
these participants were found to support such observation of
utterance changes. In the first class, they were able to “focus
on the rule of paying attention to the partner”, and talked
more about how they felt in the interaction by describing their
partner’s behavior. However, in the later two classes, there

Results and discussion
A non-parametric test was conducted to examine whether
the number of utterances in each category significantly
changed in three classes (N=16, 14, 14 respectively). In
addition, a pairwise comparison among the three classes
followed, with p-values adjusted by the Bonferroni method.
A significance level of 0.05 was adopted.
The results are as follows (for a summary, see Figure 1).
There was a significant difference among three classes with
respect to the number of Description utterances (chi-squared
= 11.501, p-value = 0.003). A further pairwise comparison
showed that the Description utterances tended to decrease in
number in the sessions (p=0.005 for the comparison between
the first and second class, p=0.024 for the comparison
between the first and third class). The number of Speculation
utterances was also significantly different among the three
classes (chi-squared = 14.598, p-value < 0.001). Unlike the
Description utterances, Speculation utterances were
demonstrated to have a tendency to become more frequent as
time progressed (p=0.008 for the comparison between the

Table 2 The statistics of the number of each kind of utterance in each class
1st class
Category
Description
Feeling
Evaluation
Speculation
Exclamation

2nd class

3rd class

Mean

SD

Mean

SD

Mean

SD

10.06
3.63
3.19

4.31
1.87
2.96

5.50
5.64
3.86

3.27
3.08
3.25

5.93
3.79
2.43

2.28
3.03
2.61

4.00
0.06

4.08
0.24

9.14
0.14

4.97
0.35

10.64
0.14

5.46
0.35
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aim at professionalism in acting (organized by the same
instructor Bobby Nakanishi, see Sun & Okada, 2021) were
used, with the consent of the twenty-six participants and the
instructor.
Activity is the name of a type of training in which an
executor performs a ten-minute task under pre-set
circumstances and an observer is involved in the
circumstances by communicating with the executor in the
way of Repetition. The construction of Activity is similar to
that of Card or Puzzle because in both training sessions
participants interact with each other in an imaginary situation
based on a clear goal for the one who is to complete a specific
task. Utterances in both sessions were transcribed in the same
way as described in Study 1.

Result 1: Difference between novices and actors in
the characteristics of utterances

Figure 1 Temporal change in the number of
utterances categorized (*p<0.05)
was an inclination to “try to interpret what the partner is
thinking” rather than the behavior itself, and end up
“narrowing down my sight” and “finding it difficult to
interact in a natural way”. The consistency between utterance
analysis and subjective report shows the problem that these
novice participants were faced with, as well as the
significance of involvement in interaction to affect how
participants interacted and understood each other in a
theatrical setting.

Study 2: Differences in the way novices and
actors interact in acting training
Data collection
To compare how novices differ from actors in the way of
interaction during the training using the Meisner technique,
we focus on training sessions of similar construction to
courses designed for novices and actors respectively. For the
novices, sessions of Card or Puzzle were analyzed, which
have been introduced in previous section. For the actors,
sessions named Activity from an acting course for people who

In order to capture the difference in utterances in the
framework of Repetition between novices and actors, a nonparametric test was conducted to examine whether the
number of utterances in each category showed significant
imparity in the training of Card or Puzzle for novices (15
sessions) and in the training of Activity for actors (82
sessions). This comparison was focused on the executors (the
one who performs a task) or the observers (the one who is just
involved in the dialogue), respectively. A significance level
of 0.05 was adopted.
The descriptive statistics of utterances are summarized in
Table 3. On the whole, communication between executors
and observers showed a similar pattern for both actors and
novices, that observers produced more utterances than
executors in an overwhelming majority of categories. This is
considered to be influenced by the different pattern of
attention distribution between executors and observers.
While observers only need to focus on their partner’s
behavior, executors have to spare part of their energy for the
task to attain the goal under the particular circumstances,
which increases the cognitive load of executors and makes it
difficult for them to have a margin for interactive
communication.

Table 3 Statistics of the number of each kind of utterance in each session (* Significantly different between actors and
novices, p<0.05)
Actor - Executor

Novice - Executor

Actor - Observer

Novice - Observer

Category
Mean

SD

Mean

SD

Mean

SD

Description

7.44*

4.51

4.73*

3.26

9.33

5.22

10.60

6.05

Feeling

1.44

1.55

1.20

1.90

2.51*

2.30

7.27*

6.08

Evaluation

1.41*

1.58

0.40*

0.61

2.09

2.26

2.13

2.50

Speculation

3.02

2.57

1.60

1.31

4.18*

3.05

13.87*

5.51

Exclamation

2.61

2.65

1.87

2.00

1.20

2.10

0.87

1.20
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Mean

SD

In contrast, the increased number of utterances by
observers compared with that by executors is decisive in
distinguishing the communication pattern of actors from that
of novices. In the case of actors, though occupied with the
task, executors are able to involve themselves in the
circumstances and formulate comparative sentences with
observers, keeping a balance of communication between each
other. In contrast, novice executors produce prominently
fewer utterances than observers in almost all categories. Such
disparity between actors and novices can be explained by
how much they understand the core of the Meisner technique
that participants should attach importance to interaction.
Compared with novices, actors play a more active part to
carry forward their communication and make more changes
in utterance together.
In addition, the non-parametric test described at the
beginning of this section offers a deeper understanding of
how actors differ from novices in each category of utterance.
In the case of executors, actors made significantly more
utterances of Description (p=0.046) and Evaluation
(p=0.010) than novices. In the case of observers, novices
made significantly more utterances of Feeling (p=0.001) and
Speculation (p<0.001) than actors.
The difference between actors and novices in the
propensity for utterance categories implies that they focus on
different elements when dealing with the relationship with
their partner. Through utterances of Description and
Evaluation, actors tend to describe or assess how their partner
behaves and alters in the circumstances, which cannot be
done without emphasis on the context. Rather than acting like
themselves, actor executors are fluently acting from the
perspective of “a character in the circumstances”. In contrast
to actors, novice observers are habituated to make judgments
about the state of their partner that are conveyed by utterances
of Feeling and Speculation. Furthermore, with respect to the
details of their utterances of Feeling and Speculation, lack of
variety tells that it is more likely for them to analyze their
partner’s inner state with the use of intuitive inferences rather
than relating behaviors to current conditions, which may
differ from session to session. For novices, it is not easy to
embed themselves in pre-set circumstances as an observer
and really take part in the interaction.

Result 2: Difference between novices and actors in
the way of taking turns
As described in the foregoing sections, in Repetition either
one of the participants can form a new sentence at any time
as long as the participant notices some change in the partner.
The points at which an alternation in the speaker who
introduces a new predicate occurs are counted as “switching”.
The present study focuses on the switch because for the
person making the switch, the preceding sentence is about
himself/herself and has to be passively repeated, while the
successive sentence is about his/her partner and is actively
uttered. In addition to new discoveries about their partner’s
behavior, there are two other possible initiators for such
switching. The first is that the person switching feels too
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uncomfortable repeating the current words about
himself/herself, and escapes from this by creating a new
status. The second is that the person making a switch is
triggered by the words expressed and tries to tell the partner
the feeling by putting it in the new sentence. All the above
makes it important to capture the characteristics of switching
and examine whether it differs between actors and novices.
Based on the five categories of utterance, there are twentyfive types of switching pairs represented by the combination
of the respective category of the preceding and successive
sentence (for example, the pair [Description, Description]).
Non-parametric tests were conducted to compare the
numbers of each kind of switching pair appearing in actors’
sessions and novices’ sessions, respectively, for the condition
of whether executors or observers made the switch. A
significance level of 0.05 was adopted.
In the case of observers switching, namely at the point
where the two participants are repeating a sentence started by
the executor and then the observer forms a new sentence,
there was a significant difference between actors and novices
only in the switching pair [Evaluation, Description]
(p=0.040), not in the other twenty-four types of switching.
Specifically, when repeating an utterance of evaluation about
themselves by the executor, actor observers made more
switches to Description utterances than novice observers.
In the case of executors switching, actors and novices
significantly differed in more types of switching pairs. There
were significantly more switching pairs [Description, Feeling]
(p=0.024), [Description, Evaluation] (p=0.024) and
[Description, Speculation] (p=0.035) in actors’ sessions than
in novices’ sessions, meaning that when repeating an
utterance of Description made by observers, actor executors
were more likely to start an utterance of Feeling, Evaluation
or Speculation than novice executors. In contrast, there were
significantly more switching pairs [Speculation, Description]
(p=0.038) in novices’ sessions than in actors’ sessions. This
manifested the greater occurrence of novice executors in
starting a new utterance of Description than actor executors
when repeating the sentence about how their partner (namely
the observer in the session) speculated about their feelings or
thoughts.
On the whole, in acting training which emphasizes
involvement in interaction, actor and novice observers did not
differ much in the way of switching the conversation, while
in the case of executors switching, actors tended to be more
active in initiating a change in the interaction. In the process
of repeating a Description sentence about their behavior,
actor executors remained able to catch the observer’s point of
view or feeling that accompanied the sentence even when
they were busy trying to finish their task. By taking a turn to
initiate a sentence of Feeling, Evaluation or Speculation,
actor executors possibly brought about an important
transformation in their interaction through the utterances they
used.

General discussion
Integrating the results from Studies 1 and 2, the present
research attempts to identify the characteristics and
significance of interaction in the process of reaching a
truthful performance under imaginary circumstances by
means of acting training, which attaches importance to
focusing on the partner and devoting attention to interaction.
Studies in cognitive science have described how personal
efforts in character understanding and interpretation
influence real performance (Ando, 2007; Noice & Noice,
2006). However, as one of the performing arts, theatre acting
inevitably requires synergy among all characters in the
context (Glăveanu, 2013) to create an appealing reflection of
real social relationships and life. It is not clear how actors’
affective experience and social understanding change
according to their interaction between one another. The
present study captures the characteristics of utterance
changing through interaction in acting training, revealing that
switching attention from the self to the partner encourages
participants to open up and read their partner’s state in the
context, which is possibly linked to an improvement in social
understanding and communication skills.
Furthermore, by comparing the characteristics of
interaction between novices and actors in the same
framework of acting training, a new perspective comes to the
fore to clarify the effect of interaction in role-playing, from
which the level of involvement in interaction and the fluency
of attention switching can predict closeness to a truthful
performance. Differing from novices, actors with more
experience in acting training adopt a more balanced
communication, in which participants are not restricted to a
large extent by the task of the character, but succeed in
keeping their attention on the relation with the partner. This
is consistent with the effect of training that participants are
embedded within the situation and communicate with each
other as their respective characters (Sun & Okada, 2021). In
contrast, novices tend not to actively change the condition but
try to read the partner in a way that is similar to general
inference about others’ mental state (Thornton & Tamir, 2017)
regardless of the particular context. With better
understanding of social relations as the natural result rather
than the goal of this acting training method, the present study
highlights the importance of involvement in interaction to
improve theatrical performance, which may go against
intuition.
By examining the temporal changes of interaction and
intrapersonal state through realism acting training, this study
has the potential to shed light on research about creativity in
acting as well as application to general education. On the one
hand, it is considered to be an important step in explaining
how actors become able to connect with roles based on a
script, allowing variety of expression depending on each
performance. Differing from experimental research,
characteristics of interaction are captured in a more natural
way in this study to approach realism acting. On the other
hand, this study offers a new and inspiring suggestion about
how to improve the effect of training programs applying
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acting methods to a general population with the aim of
facilitating social understanding and communication.
Independent of self-reporting which may produce
inconsistent results about participants’ changes in social
abilities (Goldstein & Winner, 2012; Goldstein et al., 2009),
this study focuses on the actual interaction between
participants, analyzing how participants understand the
situation through a description of their partners’ behavior,
and how involvement in the situation is related to differences
in interaction. There have been theatre-based projects
showing that interpersonal understanding of social
relationships or other social issues acquired in dramatic
experience can be transferred to a more flexible social
attitude, which is necessary for professional skills and real
life (Manzi et al., 2020; Massa, DeNigris, & Gillespie-Lynch,
2020; McCullough, 2012). However, the mechanism of this
is still unknown. By emphasizing involvement in real-time
relationships and experience based on such involvement , this
study takes a preliminary step towards explaining how acting
methods can be a more effective means for participants to
open up and become able to communicate smoothly.
Furthermore, with the attempt to elucidate the
characteristics and effects of interaction embedded in acting
training, the present study can also provide a new perspective
on the explanation of a general structure of human
communication and the generation and inference of affective
states within it. At the same time, we recognize the limitation
that our fieldwork is not a thorough examination of all the
channels of interaction, and does not provide a sophisticated
explanation for the mechanism of intrapersonal change
through interaction. Future research may focus on clarifying
how multi-channel signals influence each other in acting, and
how they are related to fluency in role-playing and the
experience of truthful emotions. Acting training methods are
expected to offer an applicable environment for such research
to extract multi-channel information in a controllable but
natural communication scene, where participants undertake
actions based on particular settings and relationships.
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Abstract
To explain how perception processes are performed, understanding how continuous sensory streams are temporally segmented into discrete units is central. This is particularly the
case in speech perception where temporal segmentation is key
for identifying linguistic units contained between consecutive
events in time. We propose an original probabilistic construct,
that we call “Bayesian gates”, to segment temporally continuous streams of sensory stimuli into sequences of decoders. We
first define Bayesian gates mathematically and describe their
properties. We then illustrate their behavior in the context of a
model of word recognition in speech perception. We show that,
based on an event detection module, they sequentially parse the
acoustic stimulus, so that each syllable decoder only processes
a segment of the sensory signal.
Keywords: probabilistic modeling; temporal segmentation;
perceptual accumulation; syllabic onset; speech perception

Introduction
Sensory processes appear sometimes as being “mostly continuous”, in the sense that, when a physical characteristic of the
input signal is measured by the system, the relation between
the external physical measurement and the internal perception may be described by a smoothly varying transfer function. Consider for instance loudness perception in the auditory pathway, which does not feature evident discontinuities
(Stevens, 1955; Zwicker & Sharf, 1965; Schlittenlacher &
Ellermeier, 2021).
Speech perception appears to contrast with this. Speech
signals are produced from discrete linguistics units ordered
sequentially through time, at the sentence, phrase, word, syllabic and phonemic levels; although this last level is debatable (Cutler, Mehler, Norris, & Segui, 1987; Lotto & Holt,
2000). Therefore, a major component of speech perception
concerns processing a continuous speech signal into discrete
units. This contains two “discretization issues”. The first
one is to map variable realizations in the acoustic domain to
speech units that most likely yielded them: this is a recognition (categorization) issue. The second one is to identify,
in the speech signal, temporal intervals and their boundaries,
that correspond to each linguistic unit in their realization order: this is a temporal segmentation issue. These two discretization issues are, of course, not treated sequentially, nor
independently, and appear instead largely dependent on each
other.
A classical class of computational, probabilistic models for
speech processing relies on Hidden Markov Models (HMMs)

(Rabiner, 1989; Gales & Young, 2008). In such models, a
state variable represents “decoding steps”, which may or may
not align with and correspond to linguistic units. To parse a
speech signal, HMMs start in a given initial state; the probability distribution over states, or over state sequences, then
evolves over time as the sensory signal is processed. After
termination, the probability distribution over state sequences
corresponds to the most likely interpretation of the input signal in terms of sequences of linguistic units. However, in
such models, the temporal segmentation of the input is not
explicit or directly interpretable. In other words, HMMs do
not necessarily yield a one-to-one mapping between linguistic units and internal states: on the one hand, the HMM state
can vary during the processing of a single phoneme (for instance, during a vowel, to separate the initial portion, “contaminated by the previous consonant”, from later portions,
that could be “contaminated by the upcoming consonant”);
on the other hand, a single HMM state can represent a portion of the acoustic input that straddles a boundary between
linguistic units.
This is also true in most connectionist models. In the
classical TRACE model, for instance, temporal segmentation
is not explicit, nor necessarily aligned with linguistic units
(McClelland & Elman, 1986). In recent models based on
deep learning, latent representations are learned from data,
once again with no guarantee that they would align with linguistic units, neither concerning their acoustic content, nor
concerning their temporal properties and boundaries (Girin et
al., 2021).
This contrasts with a new generation of speech perception
models informed by neuroanatomical constraints, in which
temporal segmentation of the input is a central, explicit concern. For instance, see the TEMPO model (Ghitza, 2011), the
general architecture proposed by Giraud and Poeppel (2012),
or a number of computational models (Hyafil, Fontolan, Kabdebon, Gutkin, & Giraud, 2015; Hovsepyan, Olasagasti, &
Giraud, 2020; ten Oever & Martin, 2021). In such models, it
is assumed that information channels at different timescales
support and implement the temporal segmentation of speech
signals. The main assumption concerns the theta range (4–
8 Hz) which appears well suited for syllabic segmentation.
The gamma range (25–50 Hz) is usually assumed to correspond to a temporally finer-grained classification of the signal input into phonetic events (phones, that may or may not

2257

In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

0.1

Step 1 of the Bayesian gate model

Patch notes:
• S instead of I

correspond to phonemic linguistic units per se). Such models feature sequences of decoders, at one or several linguistic
levels, that are fed with segments of the speech signal. These
models precisely describe processes in charge of opening and
closing, in sequence, these decoders.
To the best of our knowledge, no model of how segmentation cues can be used to parse a sensory stream into decoders, sequentially, has been proposed in the probabilistic framework. In this paper, we propose original mathematical tools to address this issue. Based on coherence
variables (Gilet, Diard, & Bessière, 2011; Bessière, Mazer,
Ahuactzin, & Mekhnacha, 2013) and controlled coherence
variables (Ginestet, Phénix, Diard, & Valdois, 2019), we define probabilistic constructs (portions of models that we call
“Bayesian gates”), that use segmentation cues so as to parse
a temporally continuous stream of sensory input into a sequence of “decoders” (perceptual accumulators of sensory
evidence), so that each decoder only receives and analyzes
a portion of the sensory input.
For generality purposes, we first mathematically define
Bayesian gates in a small, abstract model (i.e., agnostic to
its application domain), and show how Bayesian inference
yields temporal segmentation of the sensory input. We then
show application of Bayesian gates in a larger-scale model
of speech perception (Nabé, Schwartz, & Diard, 2021), in
which a temporal submodel provides temporal cues concerning syllable onsets, to be used by Bayesian gates to perform
segmentation of the acoustic signal, and feed it sequentially
into syllable decoders, to perform word recognition.
The rest of this paper is structured as follows. The next section first introduces the mathematical definition of Bayesian
gates, in a simple and generic two-decoder case, and second,
illustrates how they are applied in a larger-scale model of
speech perception. Then, we present simulations and simulation results to illustrate how Bayesian gates perform the
temporal segmentation of acoustic signal into a sequences of
phone and syllable decoders, during speech perception.
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tion then acts as a signal to trigger Bayesian gates: the probability distribution over variable1 G represents a reference to
the active Bayesian gate; when an event is detected, the current Bayesian gate is closed and the next one opens. This
is performed mathematically by controlling coherence variables λ, which modulate the information flow from sensory
input to the decoders, as if the architecture of the model were
changed on the fly. We now describe how this mechanism is
implemented mathematically.
We consider a fine-grained time step (e.g., one time step
for one millisecond), and note in superscripts time indices for
all variables. Let us assume a time range from time instants
0 to T , and use the shorthand X t1 :t2 to denote the set of all
variables X t , with t ∈ Jt1 ;t2 K. Therefore, the joint probability
distribution to define the model is:
1:T 0:T 1:T
P(S1:2
P1:2 λ1:2 G1:T C1:T ) .

In the most simple case, we consider two decoders (noted
1 and 2 in subscripts in the following mathematical notations), each involving a representation of the sensory input
(variables S) connected to an accumulator of perceptual evidence (variables P). Each decoder is connected to a mechanism built upon coherence variables (variables λ, one per
decoder) and a control variable (G). This mechanism constitutes the “Bayesian gate” per se. This is itself informed by
another submodel (variable C), in charge of controlling the
temporal segmentation.
Given this architecture, the overall mechanism underlying
Bayesian gates can be described as follows. The probability
distribution over variable C acts as an event detector of temporal events from the sensory input (or predicting them from
some other source of information). This probability distribu-

Bayesian
Gates

Figure 1: Graphical representation of the dependency structure of the probabilistic model for Bayesian gates. Nodes correspond to variables in the models, and edges represent dependencies, following the convention of notation of Bayesian
Networks (self-looping arrows represent temporal dependencies between variable at time t and the preceding time step
t − 1). Colored boxes and text identify portions of the model
(see text for details).

Model
Controlled coherence variables for temporal gates

Perceptual
Layer

(1)

To define the joint probability distribution of Eq. (1), we use
the dependency structure that is illustrated Figure 1. This decomposes the joint probability distribution into:
1:T 0:T 1:T
P(S1:2
P1:2 λ1:2 G1:T C1:T ) =
(2)

T 
t
t
t
P(C )P(G
|C )
0


P(P1:2 ) ∏
.
∏2i=1 P(Sti )P(Pit | Pit−1 )P(λti | Sti Pit Gt )
t=1

Variables Sti and Pit , whatever i and t, have the same, discrete and finite arbitrary domain D , which is the representation space of the perceptual dimension of interest. The probability distribution P(Sti ) is the “sensory model” that feeds into
the Markov chain over variables Pi1:T , defined by the temporal model P(Pit | Pit−1 ) and prior distribution P(Pi0 ). Although
this is not necessary for defining the Bayesian gate mechanism, in the following, the terms P(Pit | Pit−1 ) are defined to
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only feature information leak, without any structure (contrary
to classical HMM based models, for instance). To do so, we
define:
(
1+leak
if pt = pt−1
1+|D |leak
t−1
t
t
t−1
P([Pi = p ] | [Pi = p ]) =
leak
otherwise,
1+|D |leak
(3)
with |D | the cardinal of domain D and leak a parameter controlling information decay speed.
With such Markov chains over perceptual variables P, and
sensory models over sensory variables S, connecting them directly would yield straightforward decoders: when sensory
distributions P(Sti ) are informed (that is, they are different
from uniform distributions), they are fed at each time step
into the Markov chains, which thus operate as accumulators
of perceptual evidence, and the probability distribution over
variable Pt gradually peaks, as a function of t, on the most
likely sensory hypothesis. On the contrary, when the sensory distributions P(Sti ) are uniform, no perceptual evidence
is available (simulating the absence of stimulation), and the
Markov chains gradually decay back to uniform distributions.
We consider that sensory streams, S11:T and S21:T , are duplicates of the sensory input. In that case, the two decoders
would be fed with the same sensory information, and thus, the
probability distributions over variables P11:T and P21:T would
also be identical. The purpose of Bayesian gates is exactly
to parse out the sensory streams, so that one portion is fed
into P11:T , and another into P21:T , so that perceptual decoders
process different segments of the sensory streams.
To define Bayesian gates, we assume first that variable Gt ,
for any t, has a discrete and finite domain that maps to the
number of decoders in the model. In our simple case, since
we consider two decoders, the domain of Gt would be {1, 2}.
When Gt = i, this means that the i-th decoder is “open” (it receives sensory information), and all others are “closed” (they
receive uniform distributions as input). To pilot the transfer
of information between sensory and perceptual variables, we
define the λ variables as controlled coherence variables (Nabé
et al., 2021), that is to say, they are binary variables and:
P([λti = 1] | [Sti = st ] [Pit = pt ] [Gt = gt ])

if st = pt and gt = i
 1
0
if st ̸= pt and gt = i
=

1/|D | if gt ̸= i .

(4)

Finally, the Bayesian gate is connected to an external submodel, that provides cues about segmentation events. In the
general case, it can be arbitrarily complex, and rely on any
source of available information. Here, for simplicity, we represent this temporal control submodel with a single probability distribution, P(Ct ). We assume that Ct , for any t, is a
Boolean variable, and that P([Ct = True]) represent the probability that a segmentation event is detected. If such an event
is detected, the currently opened decoder should be closed,
and the next one should be opened: this is implemented with
probability distribution P(Gt | Ct ), defined by a Dirac distribution over Gt . Recall that variable Gt indexes decoders, so

that P(Gt | Ct ) assigns probability 1 to “the next decoder”
(i.e. decoder i + 1, with i an internal parameter that tracks the
currently opened gate).
All terms featured in Eq. (2) are described, so that the
model is fully defined. We now show how the model provides the desired behavior for Bayesian gates. To do so, we
consider computing the probability distribution over perceptual variable Pit , given event detection C1:t and sensory input
1:t (and assuming, for technical reasons, that λ varistream S1:2
ables are 1). We note this term:
1:t
Qti = P(Pit | C1:t S1:2
[λ1:t
1:2 = 1]) .

(5)

To compute Qti , applying Bayesian inference in the model
yields:
1:t
Qti = P(Pit | C1:t S1:2
[λ1:t
1:2 = 1])


t
t
∝ P([G = i] | C )P(Sti ) + P([Gt ̸= i] | Ct )/|D |


1:t−1
1:t−1
= 1]) .
[λ1:2
× ∑ P(Pit | Pit−1 )P(Pit−1 | C1:t−1 S1:2
Pit−1

To make this result readable, first, we note αi = P([Gt = i] |
Ct ), so that P([Gt ̸= i] | Ct ) = 1 − αi , second, we recognize
that the constant value 1/|D | can be interpreted as the probability value of the uniform distribution over domain D , noted
UD , and third, we recognize that the last factor under the sum
is the recurrence term, that is to say, the same computation
as Qti but at the previous time step, so that it can be noted as
Qt−1
i . We obtain:


Qti ∝ αi P(Sti ) + (1 − αi )UD

∑

Pit−1



P(Pit | Pit−1 )Qt−1
. (6)
i

We recognize here the usual form for Bayesian filtering in
the large class of temporal probabilistic models (Russell &
Norvig, 1995; Murphy, 2002, 2012): inside the sum, the recursive term is multiplied by the temporal model; the sum
itself is then multiplied by a term, which takes here a particular form that merits attention. Indeed, αi P(Sti ) + (1 − αi )UD
is a weighted sum between the sensory model proper P(Sti ),
and a uniform distribution. Weights are αi = P([Gt = i] | Ct ),
that is to say, the probability that decoder i is open at time t,
and 1 − αi = P([Gt ̸= i] | Ct ), that is, the probability that it is
closed. In other words, when decoder i is open, the Bayesian
gate between the temporal model and sensory distribution is
open, so that αi = 1, and the temporal model “sees as sensory input” the distribution P(Sti ). On the other hand, when
decoder i is closed, αi = 0, so that the temporal model “sees
as sensory input” a uniform distribution. Multiplying by a
uniform distribution has no effect (the uniform distribution is
the neutral element of multiplication in the probabilistic setting), so that αi = 0 is equivalent to having no sensory input
to process. This demonstrates that Bayesian gates, thanks to
Eq. (6), act as desired and parse the sensory stream P(Sti ) so
as to feed it only into the opened gate at time t.
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Figure 2: Graphical representation of the dependency structure of a simplified version of the COSMO-Onset model.
Same graphical convention as in Figure 1.

an analysis of the acoustic content of the input signal).
The second module is the temporal control module, as in
the simple model presented above. In this paper, we consider that the temporal control module builds a probability
distribution over variable Ct , using increases of the acoustic intensity in the speech signal (variable ∆Lt , with L for
“loudness”), as likely candidate events for syllabic onsets,
and thus, salient time steps for speech segmentation. (Nabé
et al. (2021) considered lexical knowledge about syllable duration, as top-down cues to complement the bottom-up cues
based on syllable onset detection from the signal; we only
consider bottom-up cues here.) This is the portion of the
COSMO-Onset model that contains the Bayesian gates that
we experimentally study below. However, we note that, in
the full COSMO-Onset model, once a Bayesian gate detects
a syllabic onset, not only does it close the current syllable decoder and open the next one, it also triggers a sequence of
four phone decoders. These are opened and closed on a fixed
schedule (every 50 time steps); however, it is entirely possible that this sequence is ended prematurely, whenever the
next syllabic onset is detected.

Experiments
Materials

Application to the COSMO-Onset model
Bayesian gates have been applied in a model of speech perception, COSMO-Onset (Nabé et al., 2021), that we briefly
describe. The overall architecture of a simplified version
1
of the COSMO-Onset model is graphically represented Figure 2. It is a hierarchical probabilistic model, and its overall
dependency architecture is organized around two main modules: the decoding module, and the temporal control module.
The architecture of the decoding module is inspired by the
classical interactive-activation models, such as the TRACE
model (McClelland & Elman, 1986), and it is similar to those
of recent models (Hovsepyan et al., 2020; Yildiz, von Kriegstein, & Kiebel, 2013). The decoding module is organized
hierarchically with alternating layers of perceptual accumulation and lexical knowledge, from a pre-processing stage consisting of acoustic feature extraction (phone sensory layer),
to syllable-to-phone knowledge and word-to-syllable knowledge, through phone, syllable and word perceptual models.
Concerning temporal events and segmentation, the decoding
module assumes that a word is composed of a sequence of
syllables (in the experiments below, at most 3), each composed of a sequence of phones (at most 4). For simplicity,
portions of the model involving phones are not represented
in Figure 2, so that the input of the decoding module, in this
simplified version, is considered at the syllabic level (variables SySt1:12 ). In other words, in the following, we simplify
the presentation of the model to consider that the sensory input would already inform about syllable identity (whereas, in
the complete model, this involves an intermediary step to infer syllable from phone sequences, with phones inferred by

In the experiments we present here, the model is configured
with a lexicon of known words comprised of 28 words, with
7 monosyllabic words, 14 bisyllabic words and 7 trisyllabic
words. Syllables are Consonant-Vowel (CV) syllables composed of a plosive consonant followed by a vowel; the first
syllable of a word can be a single Vowel (V) syllable. The
considered consonants are /p/ and /t/, and the vowels are /a/,
/i/ and /u/. Some examples of words in the lexicon are “a”,
“pa”, “pi”, “apa”, “patu”, “apata”, “iputu”, “tapatu”; the complete list is provided elsewhere (Nabé et al., 2021, Table 2).
For every word in the lexicon, a definition of their composition at the acoustic and phonetic level is given. These
correspond to synthetic, “toy-like” realization, in terms of duration, spectral content and loudness profiles. Concerning duration, every phone (consonant or vowel) lasts 50 time steps,
to correspond to 50 ms of physical time. In CV syllables, a
transitional phone (noted “@”) is inserted between the consonant and vowel, that also lasts 50 time steps. V syllables
at the beginning of words last 100 time steps. Therefore, syllable boundaries do not always occur at the same time step,
or on multiples of the duration of a CV syllable (150); furthermore, the model is not given information about phone or
syllable duration, and detects syllabic onset events from the
signal, whenever they might occur. Therefore, setting 50 time
steps as the base duration for phones is merely a convenience,
to keep the toy lexicon simple, and not a limit of the model.
The spectral contents of vowels are defined by their characterization in the (F1, F2) plane, around usual prototypical values (see Figure 3, left panel). Since we only consider the /p/
and /t/ stop consonants, they are also defined in the (F1, F2)
plane. Each phone consists in a repetition of a (F1, F2) point
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ulation experiment in which we manually inserted a delay
between onset detection and its use for opening and closing
Bayesian gates. In other words, the model would compute
onset detection in a normal fashion (term P(Ct | ∆Lt )), but its
output would be temporally delayed before being transferred
to variable Gt (the term P(Gt | Ct ) becomes P(Gt+delay | Ct )).
We have performed word recognition on all words of the
lexicon, and varied the delay between -75 to +75 time steps
(steps of 5 iterations). For all words and all delays, we have
measured the probability assigned by the model to the input
word (i.e., correct recognition probability) at the final iteration. The condition where the delay is 0 provides a base-case
performance for the model.

Results

Figure 3: Spectral contents (top) and loudness profiles (bottom) of synthetic stimuli used in the experiment. Top, left:
regions of the (F1, F2) plane (x- and y-axes, in Barks) for
each phone considered. Ellipses and clouds of points indicate
the possible variations of realizations for each phone. The indicated time steps correspond to the complete trajectory for
word “apata”: in the “a” region between time step 0 and 100,
in the “p” region between time step 100 and 150, and so on.
Top, right: trajectories of F1 and F2 values (y-axis) as a function of time, for word “apata”. Bottom: Loudness values (yaxis) as a function of time, for word “apata”.
for 50 iterations, with this point drawn in an ellipse around
prototypical values. Transition phones “@” are linear trajectories in the formant space, between the preceding consonant
and following vowel.
Finally, the synthetic stimuli are also defined by loudness
profiles, to mimic the envelope of the speech signal. A scalar,
positive value is defined at each time step. It is constant (0.8)
“inside” phones, except for an energy rise (from 0 to 0.8) at
the beginning of words, an energy decrease (0.8 to 0) at the
end of words, and an energy dip at syllabic boundaries (from
0.8 to 0.5 towards the end of syllable i, and from 0.5 to 0.8 at
the beginning of syllable i + 1). Synthetic stimuli end with 50
time steps of “simulated silence”, noted “#”, with loudness
set to 0 (and formants set to (0,0) also, as a convention).
Figure 3 illustrates the spectral content and loudness profile
for the synthetic stimulus corresponding to word “apata”.

Methods
We have conducted an experiment to study the effect of
Bayesian gates and temporal segmentation during word
recognition. More precisely, we assessed the robustness of
the model to temporal misalignment, by performing a sim-

To illustrate how Bayesian gates segment an acoustic signal
into a sequence of decoders in the COSMO-Onset model, we
first describe the behavior of the model on a typical example. From the word recognition experiment, we consider the
stimulus signal corresponding to word “apata” (see Figure 3).
Figure 4 shows the evolution of word and syllable probabilities, in each of the three syllable decoders, in the base-case
condition (delay is 0).
We observe that the three syllable decoders are activated
sequentially, that each is fed portions of the acoustic input,
leading to correct syllable recognition. We also observe that
the third decoder, initially (around iterations 250 to 260), increases probability of syllable “a”, erroneously. This is due
to a slight misalignment: onset detection triggered slightly
early, leading the third decoder to process a portion of the
acoustic signal of the end of the second syllable (the end portion of the “pa” of “apata”). Later on, this is corrected, as
the input enters the “t” of “apata”, and the third decoder correctly assigns high probability that the third syllable would
be “ta” (red curve, bottom plot of Figure 4). We also observe
that the probability distribution over words, as time increases,
narrows down competing hypotheses, and also yields, at the
end, very high probability for the correct word “apata”. Overall, this simulation illustrates that the model and the Bayesian
gates mechanism behave as expected and yield correct syllable segmentation and recognition, and thus, correct word
recognition on input “apata”. This illustrative example also
suggests that the model would be robust to a small misalignment between temporal events in the acoustic signal and the
opening and closing of syllable decoders.
Experimental results for the whole experiment, in which
the manually-inserted delay is varied systematically, are
shown Figure 5. We observe an inverted-U shaped plot, with
the probability for the correct word maximal when the delay
is 0 or +5 iterations (probabilities differ at the third decimal),
and very close to maximal when the delay is +10 iterations.
For other delay values, we observe that performance sharply
decreases. We have analyzed results independently for monosyllabic, bisyllabic and trisyllabic words (not shown). Monosyllabic words are overall better recognized, and performance
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Figure 5: Average probability for the correct word (y-axis) in
COSMO-Onset simulating word recognition, over all words
of the lexicon, as a function of a manually-imposed delay between onset detection and their use for opening and closing
Bayesian gates (x-axis, in iterations).

Discussion

Figure 4: Simulation of word recognition in COSMO-Onset
on input “apata”. Top plot: evolution of probabilities of the
most likely word hypotheses (y-axis) as a function of simulated time (x-axis). The vertical black lines indicate time
steps when syllable onsets were detected. Top annotations
recall the contents of acoustic input. Bottom three plots: evolution of probabilities of syllables (y-axis) as a function of
simulated time (x-axis), in the three syllable decoders. Colored intervals show when the Bayesian gate of each decoder
was open. (Some curves are partly superposed.)

is more robust; this, of course, is due to the fact that monosyllabic word recognition is only dependent on a single syllabic
onset detection. Result patterns for bisyllabic and trisyllabic
words are very similar to the global results of Figure 5.
Overall, our experimental results suggest that, when the
COSMO-Onset model processes our synthetic stimuli, there
is a small temporal tolerance, for which performance is preserved. However, performance is worse for large delays,
which confirms that a proper alignment of syllabic decoders
with the acoustic signal is central for word recognition.

We have proposed a novel probabilistic construct, called
“Bayesian gates”, to segment a sensory stream so that each
decoder in a sequence of perceptual decoders is fed with a
portion of the sensory stream. We have defined Bayesian
gates and explored their mathematical properties in a simple
model. Then, we have shown how Bayesian gates have been
applied in a speech perception model. In this model, syllable onset detection is used as the signal controlling Bayesian
gates, to feed a sequence of syllable decoders. These perform syllable recognition, upon which word recognition relies. On synthetic stimuli, we have experimentally shown that
Bayesian gates fulfill their role of temporal segmentation, and
that they are robust to slight temporal misalignment between
syllable onsets and the activation of syllable decoders.
In the current paper, we have defined P(Gt | Ct ) to be a
Dirac distribution, indexing in an all-or-nothing fashion the
syllabic decoder to be opened. This implies that, when word
recognition processing unfolds, at each time step, the states of
syllable decoders are known with certainty. In other words, a
single decoding trajectory is computing, with decoders either
“fully opened” or “fully closed”. Relaxing the Dirac assumption would allow representing probability distributions with
uncertainty instead. In that case, gates would simultaneously
be opened and closed, in proportions quantified by probabilities. In principle, this should allow, as in HMM-based decoding, to compute simultaneously several decoding trajectories,
and, possibly, to correct past errors with future information
(decreasing probabilities of trajectories when they lead to less
likely decoding paths). Assessing the computational cost induced by such a mechanism, its possible performance gain,
and its cognitive plausibility, is part of ongoing research.
Overall, we have described a segmentation mechanism,
suitable for syllabic parsing, based on sensory cues extracted
in a bottom-up manner from the acoustic stimulus. Current
work aims at exploring whether theta oscillations could implement our mechanistic model, and whether other information channels, maybe in the beta band, could implement complementary, top-down, lexically driven prediction.
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Abstract
A central component of the predictive coding theoretical
framework concerns the comparison between predictions and
sensory decoding. In the probabilistic setting, this takes the
form of assessing the similarity or distance between probability distributions. However, such similarity or distance measures are not associated with explicit probabilistic models,
making their assumptions implicit. In this paper, we explore
an original variation on probabilistic coherence variables; we
define a probabilistic component, that we call a “Bayesian
comparator”, that mathematically yields a particular similarity
measure. A geometrical analogy suggests two variants of this
measure. We apply these similarity measures to simulate the
comparison of known, predicted patterns to patterns from sensory decoding, first in a simple, illustrative model, and second,
in a previous model of visual word recognition. Experimental results suggest that the variant that is scaled by the norms
of both predicted and perceived probability distributions yields
better robustness and more desirable dynamics.
Keywords: probabilistic modeling; probabilistic similarity;
coherence variable; pattern matching; lexical decision

Introduction
In cognitive science, predictive coding has become a major
framework, offering an overall theoretical conception of cognitive processes. In this framework, prediction and prediction errors are cornerstones of cognitive architectures: highlevel representations would essentially generate predictions,
to be sent to lower-level representations in a top-down fashion. Lower-level representations, in turn, would compare the
predictions they received with their input from sensory decoding (Rao & Ballard, 1999; Friston, Kilner, & Harrison,
2006). The result of this comparison (i.e., the error signal),
if any, would be propagated back to higher-level representations, in a bottom-up manner. Predictive coding provides
useful interpretations of information exchange in neuronal architectures (Friston & Kiebel, 2009; Huang & Rao, 2011).
A central component of architectures based on predictive
coding, therefore, is comparing between prediction and sensory decoding. In the deterministic setting, both prediction
and sensory decoding would be “point-like”, that is to say,
values in some representational space (e.g., a time-interval
is predicted to be 2 s long, whereas it is perceived as being
2.5 s). In this case, a straightforward candidate would be to
compute the difference, or the length of the difference vector,
in the multidimensional case, between prediction and sensory
decoding. For instance, such a measure is used throughout

artificial neural networks-based approaches, to compute error
signals during learning.
In the probabilistic framework, one would compare probability distributions instead. In the free-energy principle
framework, for instance, under some Gaussian assumptions
about noise, the prediction error would take the form of a
precision-weighted difference between prediction mean and
signal mean (Friston, 2010). In more general settings, a
widespread measure is based on the Kullback-Leibler (KL)
divergence (Bishop, 2006), or its symmetrized variant. In
some contexts, the KL divergence is “theoretically justified”.
For instance, in variational inference, it appears in mathematical derivations for computing log-marginal likelihoods
(Neal & Hinton, 1998; Girin et al., 2021). However, this
does not imply that the precision-weighted differences between means, or the distance measure based on the KL divergence, would be “theoretically evident” in all contexts.
Indeed, many distance measures between probability distributions have been proposed (Cha, 2007), each with specific
properties (as is the case for distance measures in general).
To the best of our knowledge, the more common practice
seems to mainly focus on building probabilistic models to
compute probability distributions, both for encoding predictions and sensory decoding, and then, select a distance measure, from the wide array of existing distance measures. In
that sense, selecting the distance measure “comes after the
fact”, and it is not part of the probabilistic model per se.
Therefore, possible assumptions that accompany the choice
of one measure over another are neither made explicit, nor
represented in the model itself.
In this paper, we propose to establish a link between a
probabilistic model and a specific similarity measure between probability distributions. (Note that similarity and
distance measures are conceptually equivalent, and easily
linked mathematically, e.g., with a reciprocal, 1/x relationship). More precisely, we explore a previously defined probabilistic model, based on coherence variables (Gilet, Diard, &
Bessière, 2011; Bessière, Mazer, Ahuactzin, & Mekhnacha,
2013), that yields, thanks to Bayesian inference, a particular similarity measure between probability distributions. This
measure is thus theoretically derived from the probabilistic model, from the rules of Bayesian inference. We call
“Bayesian comparator” the probabilistic model, when it is
used in such a fashion.
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Coherence variables can be used and interpreted as
“Bayesian switches”, that is to say, they allow explicitly connecting or disconnecting portions of models during inference
(Gilet et al., 2011), or reasoning with soft evidence (Bessière
et al., 2013). In this paper, we explore the mathematical properties of coherence variables in a novel context, involving
probabilistic computations that were not considered before.
In the following, we first provide the mathematical definition of Bayesian comparators, and demonstrate that they
yield an inner product expression. Interpreting this geometrically suggests variants, which we define. Then, we illustrate
Bayesian comparators on a small, abstract model, to evaluate
how a perceived pattern is similar to memorized patterns. Finally, we describe how Bayesian comparators have been applied in BRAID, a Bayesian word recognition model (Phénix,
2018; Ginestet, Phénix, Diard, & Valdois, 2019), to assess
stimulus familiarity, yielding novel models of lexical decision and of novelty detection in the context of orthographic
learning. We experimentally evaluate the properties of the
Bayesian comparator and its variants, in the context of gradual accumulation of perceptual evidence.

Model
Here, we define the base case model of Bayesian comparators. Let A and B be any two probabilistic variables, that
share the same discrete, finite domain D . Variable λ is said to
be a coherence variable (Bessière et al., 2013) if it is binary
(domain {0, 1}), and associated to a conditional probability
distribution defined by:

1 if a = b
P([λ = 1] | [A = a] [B = b]) =
(1)
0 otherwise .
There are no constraints on the rest of the probabilistic model,
although it is simpler to examine the case where the probability distributions over A and B are independent. Therefore, as
our base case, we consider the model:
P(A B λ) = P(A)P(B)P(λ | A B) .

(2)

In previous works, coherence variables have been interpreted
as “Bayesian switches” (Gilet et al., 2011), that are either
“closed“ when assumed to be equal to 1 (i.e., computing
P(A | [λ = 1]) involves P(B)), or “open” when their value is
left unspecified (i.e., computing P(A) does not involve P(B)).
Here instead, we consider computing the probability distribution over the coherence variable λ itself. In the base case
model of Eq. (2), computing P([λ = 1]) yields:
P([λ = 1]) = ∑A,B P(A B λ)
= ∑A,B P(A)P(B)P([λ = 1] | A B)
P([λ = 1]) = ∑a∈D P([A = a])P([B = a]) .
The first line results from the marginalization rule, the second
rewrites the joint probability distribution according to Eq. (2)
and the third recognizes that, in the joint summation over the

domains of A and B, that is, over the square domain D 2 , only
the diagonal remains because P([λ = 1] | A B) is 0 otherwise.
The last expression can be rewritten, using the notation of
the inner product between P(A) and P(B). We note this with
Pinner and obtain:
Pinner ([λ = 1]) = ⟨P(A), P(B)⟩ .

(3)

Since λ is a binary variable, we of course also have:
Pinner ([λ = 0]) = 1 − ⟨P(A), P(B)⟩ .
This suggests a geometrical interpretation, in which we
consider probability distributions as vectors. Indeed, the set
of probability distributions defined on domain D , of cardinal n ∈ N, is defined by P = {p ∈ Rn , ∑ni=1 pi = 1}. In other
words, in the discrete case, probability distributions can be
seen as vectors of positive values, that are normalized in the
1-norm sense: ∥p∥1 = ∑i pi = 1 (making the 1-norm explicit
here; everywhere else, ∥ · ∥ refers to the 2-norm). However, the 2-norm length of a probability distribution, seen
as a vector, is not constant. Consider for instance an arbitrary probability distribution over variable X with binary
domain {0, 1}; it is entirely defined by a single parameter:
P([X = 1]) = pX , P([X = 0]) = 1 − pX . Then, its 2-norm
length is ∥P(X)∥ = p2X + (1 − pX )2 = 1 − 2pX + 2p2X , that
is, a quadratic function of pX . This expression behaves in a
manner similar to the entropy measure: it varies continuously
between its different extremum values, that are for the Dirac
Delta and Uniform distributions. (We apply loose terminology and refer to the {0, 1} and {1, 0} distributions over binary
domains as Dirac Delta in the following.) In other words, the
2-norm and entropy are both measures that are sensitive to the
uncertainty of probability distributions.
In the usual Euclidean geometrical context, the inner product between vectors is the product of the cosine of their angle and of their lengths (in the 2-norm sense). This suggests
two variants of similarity measure Pinner . In the first variant,
called Pcos , the inner product Pinner is scaled by the product of
2-norm lengths of the considered distributions:
Pcos ([λ = 1]) =

⟨P(A), P(B)⟩
,
∥P(A)∥ ∗ ∥P(B)∥

(4)

(We refrain from noting 2-norm lengths as inner products of
distributions with themselves to avoid confusion, and reserve
below the inner product notation for application between different probability distributions.) This equation can be interpreted as computing the “cosine of the angle between probability distributions P(A) and P(B)”.
In the second variant, called Pproj , the inner product is only
scaled by the 2-norm of one of the distributions. Here, the
inspiration is the computation of the length of the projection
of one vector onto the other. This yields a measure related
to the “compatibility” of one vector with a reference vector:
projecting vector A onto B amounts to removing, from A, its
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Figure 1: Three variants of a similarity measure between probability distributions over binary domains, parametrized by pX
(x-axis) and pY (y-axis). Color coding is redundant with the value, on the z-axis,
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measure.
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portion that is orthogonal to B. When this “orthogonal component” is small, the length of the projection of A onto B is
large. We define:

Pproj ([λ = 1]) =

⟨P(A), P(B)⟩
,
∥P(B)∥

Wt

Lexical
Layer

(5)

which can be interpreted as computing the “length of the projection of distribution P(A) onto distribution P(B)”.
The Pinner measure is referred to as the cosine similarity measure (Cha, 2007). It is commonly applied in natural language processing models, such as, for instance, in the
word2vec model of word semantics (Mikolov, Chen, Corrado, & Dean, 2013); however here it cannot be negative,
since, in the probabilistic setting, probability values are positive. Additionally, in the context of decision theory, the Pproj
measure is called the spherical scoring rule (Jose, 2009).
Figure 1 illustrates the three similarity measures, in the
probabilistic setting. We consider any two distributions P(X)
and P(Y ) over binary variables, parametrized by pX and pY ,
respectively, and compute and show Pinner , Pcos and Pproj in
the left, middle and right plots of Figure 1, respectively.
Eq. (3) and Pinner yield a saddle shape: Pinner is minimal
and equal to 0 when comparing “opposite” Dirac Delta distributions (pX = 0, pY = 1 and vice versa); it is maximal and
equal to 1 when comparing identical Dirac Delta distributions
(pX = pY = 1 and pX = pY = 0), and it is locally maximum
when comparing identical distributions (pX = pY ).
In contrast, Eq. (4) and measure Pcos also yield a saddle shape, but with a constant maximal value of 1 whenever
pX = pY . Indeed, thanks to the scaling by the norms of the
probability distributions, it is only sensitive to the angle between distributions, and thus it is maximal whenever they are
identical (their angle is 0 so that their cosine is 1). On the
contrary, the measure is 0 when they are maximally different
(they are orthogonal, their cosine is 0). Finally, we observe
that Eq. (5) and measure Pproj also yield a saddle shape, with
a more complicated trajectory for its maximal manifold.

Lt1

Lt2

Lt3

t
1

t
2

t
3

P1t

P2t

P3t

Bayesian
Comparators

Perceptual
Layer

Figure 2: Graphical representation of the dependency structure of the pattern matching model. Nodes represent variables, and arrows dependencies between variables, following
the classical convention for graphical models.

Application for similarity evaluation between
memorized and perceived patterns
1

We first apply Bayesian comparators, in a very simple model,
illustrated Figure 2. We consider an arbitrary, discrete and
finite domain in which to represent perceived and predicted
patterns. We note D = {“a”, “b”, “c”, “d”} this domain. In
the perceptual layer of the model, we define three probabilistic variables, P1t to P3t , to represent probability distributions
over perceived inputs of length 3. These distributions vary
over time: at time instant 0, they are uniform, and evolve so
that probability accumulates in favor of one value of domain
D . The probability of this value follows a sigmoid function
of time t, to mimic what the mathematics of a temporal model
of perceptual accumulation of sensory evidence would yield
(Phénix, 2018). Therefore, in the perceptual layer, we can
simulate the model perceiving, from sensory input, any pattern in D 3 (e.g., “abc”, “abb”, etc.).
In the “lexical” layer of the model, we define predicted
patterns with a naı̈ve Bayes model (Russell & Norvig, 1995;
Norris, 2006). Variables Lt1 to Lt3 have domain D , and variable W t has a discrete, finite domain DW to index known patterns. We assume that prior distribution P(W t ) is uniform.
Probability distributions P(Lti | [W t = w]) define the pattern
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for word w (i ∈ {1, 2, 3}), by assigning a very high probability (0.91) to a point of D (i.e., the correct letter for word w
at position i), and uniformly distributing probability on alternatives (0.03). In other words, P(Lti | W t ) are “quasi-Dirac
Delta” distributions. For instance, if a known word w1 is
“abc”, P([Lt1 = “a”] | [W t = w1 ]) is 0.91, P([Lt1 = “b”] | [W t =
w1 ]) is 0.03, and so on.
The perceptual and lexical layers of the model are connected by three Bayesian comparators. Therefore, the whole
model is defined by:
3

t
) = P(W t ) ∏ P(Lti | W t )P(λti | Lti Pit )P(Pit ) ,
P(W t Lt1:3 λt1:3 P1:3
i=1

t referring to the set of three variables, X t , X t and X t ;
with X1:3
1
2
3
in other words the model is 3*3+1=10 dimensional.
In this model, pattern recognition, that is, computing the
probability distribution over known three-letter words given a
sensory input, can be performed by assuming that coherence
t [λt =
variables λt1:3 are equal to 1 and computing P(W t | P1:3
1:3
1]). Bayesian inference yields:
t
P(W t | P1:3
[λt1:3 = 1]) =

∝
∝

t [λt = 1])
P(W t P1:3
1:3
t [λt = 1])
P(P1:3
1:3
t

Lt1:3

∑Lt1:3 P(W
3
P(W t ) ∏i=1

[λt1:3

= 1]

Following Eqs. (4) and (5), we further consider two variants, depending on whether inner products are scaled by the
norms of one, or both of the probabilities involved:

t
P1:3
)

P(Lti | W t ), P(Pit ) .

In this derivation, the ∝ symbol indicates equality up to a
proportional constant (indeed, the denominator can be considered a constant, and the result can be re-normalized afterwards). In this computation, setting coherence variables to 1
can be interpreted as assuming that the perceived pattern corresponds to a known pattern. This allows collapsing the summation over all possible letters Lt1:3 : since coherence variables
are 1, the only non-zero value inside the sum is when the cont , which is a given
sidered value for Lt1:3 is the same as for P1:3
value. The resulting computation assigns highest probability
to the known pattern that most resembles the perceived input.
Bayesian comparators yield another inference, to assess
whether the assumption that the input pattern corresponds to
a known one is true. Indeed, following Eq. (3), we compute
the probability that the three coherence variables are 1:
!
3

Pinner ([λt1:3 = 1]) = ∑ P(W t ) ∏ P(Lti | W t ), P(Pit )
Wt

Figure 3: Familiarity assessment simulation: probability (yaxis) that the stimulus is a known pattern (blue curves), or not
a known pattern (red curves), as a function of simulated time
(x-axis). Top row: the perceived pattern is “abc”, which is
a known word. Bottom row: the perceived pattern is “abd”,
which is not a known word. Left (resp. middle, right) column
features the Pinner (resp., Pcos , Pproj ) measure.

. (6)

i=1

Then, 1 − Pinner ([λt1:3 = 1]) is the probability that all coherence variables are not simultaneously equal to 1, meaning that
the input pattern does not correspond to any known pattern:
there is an error, in at least one position, between the perceived pattern and any known pattern. Eq. (6) thus provides
the basis for models of familiarity assessment (or novelty detection), in the probabilistic framework, based on similarity
computations given by Bayesian comparators.

Pcos ([λt1:3 = 1]) =
Pproj ([λt1:3 = 1]) =

Pinner ([λt1:3 = 1])
∥P(Lti | W t )∥ ∗ ∥P(Pit )∥
Pinner ([λt1:3 = 1])
.
∥P(Pit )∥

(7)
(8)

Therefore, in Pproj , we consider the projection of the predicted
pattern onto the perceived pattern.
We simulate familiarity assessment in the model of Figure 2, with the three variants provided by Eqs. (6–8), first,
for the perceived pattern “abc” that corresponds to a known
word, then for the pattern “abd” that does not correspond to a
known word. Results are shown in Figure 3.
We observe that, for all similarity measures, familiarity
assessment based on Bayesian comparators performs as expected: the probability that the λ variables are 1 is high when
the perceived pattern is a known one (Figure 3, top row), and
low when the perceived pattern is a novel one (Figure 3, bottom row). In the case where the perceived pattern is a known
one, similarity measures “are wrong” during the first few time
steps, in the sense that they are in favor of the perceived pattern being a novel one. This results from the comparison between a quasi-Dirac Delta predicted probability distribution
and an almost uniform perceived distribution. The three proposed measures are affected differently, since they are mathematically scaled differently by the 2-norm of distributions.
The Pcos measure appears as the most robust in this regard
(Figure 3, top row, middle plot), at the cost of a slower convergence for the opposite situation, in which the perceived
pattern is novel (Figure 3, bottom row, middle plot).
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Simplified BRAID, for the CogSci 2022 paper
on Bayesian comparators
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Application in the BRAID model

Figure 5: Familiarity assessment simulation in the BRAID
model: evolution of probability (y-axis) that the stimulus is a
known pattern, as a function of simulated time (x-axis). Each
blue curve corresponds to one stimulus, and the red curve is
the median curve across all stimuli. (The probability curves
that the input would not be a word are not shown; they would
be “1 minus the blue curves”.) Top row: stimuli are known
words. Bottom row: stimuli are non-words. Left (resp. middle, right) column: familiarity assessment according to the
Pinner (resp., Pcos , Pproj ) measure.

The BRAID model (Bayesian word Recognition with Attention, Interference and Dynamics) is a probabilistic and hierarchical model to simulate word recognition and lexical decision (Phénix, 2018; Phénix, Valdois, & Diard, 2018; Ginestet
et al., 2019). The model’s architecture contains a letter perceptual layer, where accumulation of sensory evidence about
letters in the visual stimulus 1occurs and a lexical knowledge
layer, where sequences of letters are associated with known
words. These two layers are connected by a layer of Bayesian
comparators. The dependency structure of this portion of
the BRAID model is shown Figure 4. The complete model
also features a letter sensory layer, where the stimulus lettersequence is processed, and a visuo-attentional layer, that controls how much sensory information is transferred and accumulated in the perceptual layer (not shown in Figure 4).
These layers also represent gaze position, the spatial distribution of visual attention, and their effects on sensory processing; this is beyond the scope of the current paper.
The BRAID model we consider in Figure 4 is similar to
the “simple” model of Figure 2, with a few differences. First,
in BRAID, possible letters are the 26 letters of the Latin alphabet, and letter sequences and words are of length N (so
that variables are indexed from position 1 to N in subscript).
Second, an explicit model of “known similarity patterns” is
expressed with binary variables CD t1 to CD tN and Boolean
variable Dt : when Dt is True, all variables CD t1:N are expected to be 1 (Bayesian comparators match in all positions),
whereas when Dt is False, one of the variables CD t1:N is expected to be 0 (one of the Bayesian comparators does not
match). These “similarity patterns” are then connected to
the Bayesian comparators, to perform familiarity assessment
and novel detection proper. Finally, variables W t and Dt of
BRAID are integrated in a Markov chain-like model, to per-

form temporal integration of perceptual evidence: this yields
dynamically evolving probability of words in P(W t ), to simulate word recognition, and dynamically evolving probability that the stimulus is a known word in P(Dt ), to simulate
both the lexical decision task (i.e., deciding whether the input
is a known word or not) and orthographic learning (i.e., create and update orthographic representations in the word space
DW ; (Ginestet, Valdois, & Diard, 2022)).
In the BRAID model, we simulated familiarity assessment
on a set of 5-letter words and non-words. All model parameters were set to their default values; notably, gaze and
the focus of visual attention were positioned on the central
letter, and the lexical knowledge layer was configured with
the 79,673 English words from the British Lexicon Project
(BLP) (Keuleers, Lacey, Rastle, & Brysbaert, 2012). We randomly selected 100 5-letter words from the BLP to serve as
word stimuli. From another set of 100 5-letter words randomly drawn from the BLP, word-like non-words were generated using Wuggy (Keuleers & Brysbaert, 2010). Example
words are “sheet”, “clock”, “brush”; example non-words are
“ropat”, “loors”, “squay”. Simulations were carried out for
1,000 time steps.
Experimental results are shown Figure 5. We first observe
that all variants, almost always, successfully perform familiarity assessment: when the stimulus is a known word, the
model assigns to the fact that it is a word a probability larger
than .5. This is the case except for less than 10 words for
the Pinner variant. The Pinner measure also yields, for the first
time steps, dynamics that are worth noting: at time step 0,
P(D0 ) is uniform, but, right from time step 1, the probability that the input is a known word becomes very low. This
yields very fast convergence in the case where the stimulus is

P1t

P2t

P3t

...

t
PN

Figure 4: Graphical representation of a portion of the BRAID
model. Graphical convention is the same as in Figure 2.
Dashed arrows indicate that Pit variables connect to other layers (visuo-attentional and sensory) of the complete model.
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indexed by the peaks of probability distributions). Measures
that instead correct for the uncertainty of compared distributions do not feature this issue, with Pcos being the more robust
in this regard (Figure 6, middle plot).
In this experiment, the behaviors of the Pcos and Pproj variants are different. The Pcos variant appears as the more robust,
recognizing almost equally well words, independently of the
quality of their probabilistic representations in the lexicon.

Discussion

Figure 6: Familiarity assessment simulation in the BRAID
model, for “perfectly known” words (top row), “not very-well
known words” (middle row) and non-words (bottom row). Information is graphically represented in the same manner as in
Figure 5, please refer to its caption.

novel (Figure 5, bottom left plot); however, this slows down,
and possibly terminally impairs, recognition that the stimulus
is known when indeed it is a word (Figure 5, top left plot).
This initial behavior is not observed for the other two variants, Pcos and Pproj , which rapidly and successfully recognize,
for all stimuli, whether they are known or not. Overall, these
variants appear to have more stable dynamics, especially for
the initial portion where the distributions on perceived letter
are still close to uniform. This is mathematically clear, since
they both are scaled by the 2-norms of probability distributions on perceived letters.
However, Pcos and Pproj also differ by whether or not they
involve the 2-norms of the probability distributions of the
known words. To explore this, we have conducted an additional experiment, in which we manipulated the quality lexical representations. In the previous experiments, words were
either known, with quasi-Dirac Delta distributions, or unknown (not in DW ). Here, we add a set of “not very-well
known” words, that is to say, with more uncertain lexical representations (P(Lti | W t ) is 0.48 for the correct letter, and 0.02
for all 26 alternatives). Two new sets of 5-letter words were
randomly selected from the BLP, providing 100 “perfectly
known” words and 100 “not very-well known” words; nonwords were the same as in the previous experiment.
Simulation results are shown Figure 6. Overall, we observe that the Pinner variant has difficulty recognizing words
associated with uncertain distributions as being words (Figure 6, middle row, left plot). Indeed, at the end of simulation,
when an input pattern is very well perceived, and thus of very
low uncertainty, it is considered as not matching the predicted
pattern for the corresponding word, since this is of higher uncertainty (even though they match with respect to the letters

In this paper, we have proposed an original use of coherence
variables, that we call “Bayesian comparators”, to define a
new class of similarity operators in the probabilistic framework. We have shown how this yields a model of familiarity assessment based on the similarity between perceived and
predicted probability distributions. This model has also been
applied in a model of word recognition, where Bayesian comparators assess familiarity to detect whether a stimulus corresponds to a known word or not. Experimental results suggest
that all proposed variants perform successfully; however, the
Pcos measure appears to yield the more desirable dynamics
and performance for familiarity assessment, overall.
Throughout this paper, we have defined and experimentally
illustrated three variants of the similarity measure provided
by Bayesian comparators. Our main goal was to anchor similarity measures in probabilistic models, in order to make explicit assumptions that could underlie the measures. We have
shown that the inner product based similarity measure Pinner ,
and thus familiarity assessment, could be interpreted as evaluating the probability that coherence variable λ was equal to
1. An open issue remains, to anchor the two variants Pcos
and Pproj theoretically, in the same manner. Another issue
concerns the relation between the similarity measure and its
use in the predictive coding framework. Indeed, predictive
coding assumes a precise temporal organization between predictions, error computation and error propagation, whereas in
this paper, we have assumed that all these components would
happen at all time steps. This makes our model compatible
with predictive coding at an algorithmic level, although it is
not an implementation level model of predictive coding.
The probabilistic similarity measures that we have defined
suggest intriguing relations with other domains. We observe
that they only differ for non-Dirac Delta distributions. Indeed,
Figure 1 shows that they all consider that identical Dirac
Delta distributions are maximally similar, and different Dirac
Delta distributions are maximally different. In other words,
our similarity measures can be seen as probabilistic extensions of the logical XNOR operator (the exclusive NOR, True
if and only if its two inputs are both True or both False). This
suggests that coherence variables implicitly involve a probabilistic extension of one of the core logical operators. Indeed,
their definition, in Eq. (1), involves an equality constraint between the values of the variables they connect. Whether other
probabilistic constructs, or variations on coherence variables,
extend other logical operators is an open issue.
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Abstract
We investigated whether schema congruency differentially
affects low level sensory processing (eye gaze) compared to
higher-level cognition (memory). Participants performed a
two-phase eye tracking task; first a baseline phase with only
congruent cartoon events, and subsequently an experimental
phase in which the same events were adapted to remain
congruent or become incongruent to a theme. Results revealed
that participants became quicker in recognizing the congruent
cartoon events compared to incongruent in the experimental
phase, indicating improved memory for congruent cartoon
events. No mean difference in gaze towards congruent versus
incongruent events was observed. Surprisingly, a slight bias
towards gazing to the left side of the screen in the baseline
phase diminished during the experimental phase, indicating
that the schema congruency manipulation might affect gaze
behavior. Taken together, our results suggest that our schema
congruency manipulation affects gaze behavior and memory,
but further eye tracking analysis could reveal the dynamic
nature of this effect.
Keywords: memory; eye tracking; event cognition; sensory
processing; psychology

Introduction
Organizing structures, such as schemas, are one of the key
cognitive mechanisms that allow us to develop knowledge
about, and memory of, our environment and the situations we
experience. The degree to which these schemas are aligned
with reality affects our memory and knowledge formation.
Evidence has shown, for example, that information congruent
to a schema is remembered better than schema incongruent
information (van Kesteren et al., 2012; Ghosh & Gilboa,
2014; Bartlett, 1995). It is important that these schemas are
flexible enough to adapt to the ever-changing situations in the
world around us. And, indeed, research indicates that our
memory has the flexibility to be continuously updated when
new information becomes available (Richter et al., 2019;
Hupbach et al., 2008; Collin, Milivojevic, & Doeller, 2021).
However, besides schema congruent information being better

remembered, one could also argue that schema incongruent
information, possibly leading to surprise and large prediction
error (Reynolds, Zacks & Braver, 2007), could, in some
circumstances, improve memory (Frank et al., 2018).
How exactly schema congruency affects memory and
knowledge formation could also differ depending on the level
at which it is investigated. The model of situation awareness
(Endsley, 1995; 2021), which is referred to as perception of
objects in the surrounding environment and understanding of
their meaning and their role in the future, suggests three
levels at which people can have knowledge about what is
going on around them: perception, comprehension, and
prediction. Could the influence of embedding information in
a schema be different across these different levels of situation
awareness? To explore this, our research investigates the
influence of embedding information in a schema in terms of
situation awareness.
How does the first level of situation awareness, perception,
relate to schema congruent vs incongruent information? Prior
investigations have shown that attention is usually directed to
the scene location or region that is semantically most
informative and relevant in the particular situation (Võ et al.,
2019). Objects in the environment are constrained by certain
settings that we have learned in order to understand the
surroundings, recognize objects, and interact with them in a
goal-directed manner (Võ et al., 2019). More specifically, the
same objects tend to appear in similar environmental settings
(e.g., books on a bookshelf). People tend to focus their
attention longer on inconsistencies within the environment or
the objects embedded within it, compared to
consistent/congruent settings (Võ et al., 2019). Our study
investigates this topic in a particular schematic context, by
presenting participants with cartoon images that are either
congruent or incongruent with a general schema. Our goal is
to identify whether schema congruence influences perception
of these cartoon images by analyzing eye gaze patterns and
behavior of participants. We hypothesized that perception
will be higher for stimuli that are incongruent with the
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schema compared to congruent, as evident by differences in
people’s gaze behavior.
How do higher levels of situation awareness relate to
schema congruent vs incongruent information? Research
suggests that schemas have a profound influence on memory,
in most cases, information that is congruent with existing
knowledge is remembered better than less congruent
information (van Kesteren et al., 2012; Ghosh & Gilboa,
2014). Also, from a neuroscientific perspective, research
suggests that the presence of schema is beneficial for memory
consolidation (Morris, 2006; Tse et al., 2007). In line with
this, we hypothesized that higher levels of situation
awareness are lower for schema incongruent events
compared to schema congruent events. Participants were
presented with cartoon images that were either congruent or
incongruent with a schema, implemented as a general
“theme” (i.e., education). To assess the influence of the
schema on memory performance, the study included a
memory task consisting of two phases: a baseline phase
where the cartoon images were presented before having
revealed the schematic context, and an experimental phase
after revealing the schematic context (see Figure 1). Both
phases consisted of an encoding phase (for baseline without
the schematic context and for experimental with the
schematic context, see Figure 1) followed by a memory task
(on the cartoon images without showing the context for both
the baseline phase and the experimental phase). We predicted
comprehension of schema-congruent stimuli to be easier than
schema-incongruent stimuli, leading to better recognition and
faster reaction time for congruent stimuli.

Method
Participants
Seventy Tilburg University students between the ages of 18
and 29 (M = 22), composed of 28 men and 42 women, took
part in this study. Participants were invited to participate
through the SONA participant pool of Tilburg University and
were compensated for their participation with course credit
(0.5 points for 30 minutes). This study was created and hosted
on Gorilla (www.gorilla.sc), an online experiment builder
(Anwyl-Irvine et al., 2020). Thus, the study took place
remotely, and participants used their own devices and
internet connections to participate. The experiment was
approved by the local ethical review committee (Tilburg
School of Humanities and Digital Sciences, Tilburg
University, Netherlands) and participants gave written
informed consent.
Given the remote nature, the data were inspected for
possible exclusion from the analyses. Participants and
individual trials were excluded due to technical difficulties
(such as loading errors and eye tracking inaccuracies) along
with unusually long trial times due to assumed distraction
from the task. Loading errors caused some repeated trials, of
which only the first iteration was included for analysis as it
was assumed to be the more natural response. Trials from the
eye tracking tasks were excluded if accuracy was

unsatisfactory as determined using “face_conf” value less
than 0.5. The “face_conf” values are based on Support Vector
Machine (SVM) classifier scores for the face model fit
ranging from 0 (no fit) to 1 (perfect fit). 0.5 or higher are
acceptable values (Gorilla, n.d). If more than 25% of trials of
a participant’s eye tracking accuracy were unsatisfactory, the
entire participant was excluded from further analysis in either
phase as results in the memory tasks are dependent on the
successful completion of the eye tracking tasks. Furthermore,
participants were excluded from both phases if there was
missing data in the eye tracking tasks. Sixteen participants
were excluded based on these criteria, and therefore the
subsequent analyses contained data of 54 participants.
Additionally, trials in the memory tasks with unusually
lengthy response times (over 60s) were excluded from
analysis due to the presumption that factors beyond the
experiment influenced the participant’s time of response.

Materials
Two sets of stimuli were presented to participants during this
study. The first set (presented in the baseline phase)
contained images of a cartoon character performing actions
with props which could typically be found in a classroom
setting. The character therefore could appear to be a teacher,
which could be perceived as congruent to the general episodic
theme of education. These images contained no background,
and thus it was not clear in the baseline phase whether the
original events were to be incongruent (Figure 1.A) or
congruent (Figure 1.C) to the theme. In the experimental
phase, the original events were updated with schematic
context in the form of an added background to create the
second set of stimuli. These modified events revealed
whether the cartoon character was in fact a teacher in a
classroom setting, and therefore whether an image from the
first set was indeed incongruent (Figure 1.B) or congruent
(Figure 1.D) to the general episodic theme of education. To
account for potential gaze biases towards humans and faces,
character location and quantity were counterbalanced.

Procedure
The experiment followed a within-subject experimental
design in which the differences in perception and situation awareness when stimuli were congruent or incongruent to a
general episodic theme was explored. Participants first
provided consent, before completing a basic demographic
questionnaire.
The first (baseline) phase started with an encoding task, in
which participants were shown two images at a time and
asked to memorize the contents. Prior to each encoding task,
the webcam-based eye tracking was calibrated. No
information about the general ‘education’ theme was
provided to participants. Images were pseudo-randomized to
comprise three pair types: i) trials with two congruent images
(CC), ii) mixed trials in which a congruent image was on the
left and an incongruent image was on the right (CI), and iii)
mixed trials in which an incongruent image was on the left
and a congruent image on the right (IC). Participants were
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shown 24 side-by-side sets of images (10 CC pairs, 7 CI pairs,
and 7 IC pairs) for 5s each, with a fixation cross in the center
of the screen separating each stimuli pair for 500ms and
100ms of white screen only for 100ms before and after the
cross. These baseline images depicted the original events,
before the context, and therefore could all be considered
congruent with the general episodic theme of education as
their context was not yet revealed. While looking at the
stimuli, participants’ eye gaze coordinates were estimated
through their webcam using Gorilla’s eye tracking
capabilities with maximum sampling rates dependent on the
participants’ monitor refresh rate.

and confidence ratings for 48 images (24 congruent, of which
7 would be revealed as incongruent in the experimental
phase, and 24 new) were recorded.
The second (experimental) phase consisted of the same
tasks, with the main difference being the stimuli shown
during encoding. This time, participants were shown the
modified events, updated with context schema through added
backgrounds. As in the baseline phase, images were pseudorandomized and presented for 5s in the aforementioned pair
types: (CC), (CI), and (IC). The added context schema
allowed for updating of the stimuli encoded in the baseline
phase, as the congruence (or incongruence) to the general
episodic theme of education was revealed.
As in the baseline phase, encoding was followed by another
10-item timed math test distractor task and a subsequent
memory task. In the experimental memory task, participants
were presented with the same stimuli as in the baseline phase
(images with no schematic context), which were randomly
shuffled to differ from the order presented in the baseline
phase. Performing the memory tasks of both phases on the
same set of stimuli allowed for testing of the underlying
schema in the participants’ memory, which they became
aware of during encoding in the experimental phase.
Therefore, the first phase provided baseline information,
while the experimental phase showed how the underlying
schema and knowledge of images being congruent and
incongruent to the episodic theme impacted participants’ eye
gaze behavior, level of recognition, and reaction times.

Statistical Analyses

Figure 1: Stimulus examples. A: event before adding context
that will later be revealed as incongruent with the theme. B:
event after adding context which is incongruent with the
theme. C: event before adding context that will remain
congruent with the theme. D: event after adding context that
is congruent with the theme.
Subsequently, participants were asked to perform a 10-item
math test as a distractor task. Participants had to solve basic
mathematical problems and insert the correct answer within
5s. This distractor task provided a break between the
encoding and memory tasks, ensuring that rehearsal of the
presented stimuli was limited before participants were asked
to recall them.
After the encoding and distractor tasks, participants
completed a memory task in which they were shown one
image at a time and prompted to recall whether the presented
image is new or old. Images were randomly shuffled, and
displayed in the center of the screen. Along with determining
whether images were presented earlier (during encoding),
participants were asked to rate their confidence in their
answer (1: very low – 4: very high). The memory task was
self-paced, and participants’ reaction times to their answers

In order to test the hypotheses of this study, three metrics
were created: average eye gaze percentage per side of the
screen, level of recognition, and reaction time during the
memory task. Participants' eye gaze behavior (how long they
looked at congruent and incongruent stimuli on the left or
right of the screen) during encoding was used to assess the
hypothesis that perception is higher for incongruent than for
congruent events. This metric was used to determine whether
the underlying schema led participants to look more at
incongruent than congruent stimuli during encoding. The
level of recognition (the percentage of correctly classified
images as new or old) and reaction times during the memory
task were used to assess the second hypothesis, that higher
levels of situation awareness are lower for incongruent than
congruent events. This allowed for testing if congruent
stimuli were recalled and recognized at a higher rate and
speed than incongruent stimuli.
Each metric was baseline-corrected by subtracting the
values of the experimental phase by the values of the baseline
phase, creating difference scores. Skewness, kurtosis, and
Shapiro-Wilk tests were conducted for all metrics’ difference
scores to determine whether they followed a Gaussian
distribution. As all metrics were non-Gaussian, the difference
scores for congruent and incongruent stimuli of each metric
were compared using a Wilcoxon signed-rank test. These
analyses examined whether underlying schema led to
differences between congruent and incongruent stimuli for
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each metric. Code and data for all analyses is available here:
https://osf.io/2xg8f/.

Table 1: Mean reaction times (ms) in the memory tasks.
Stimulus type

Results
To assess participants’ higher levels of situation awareness,
reaction time to participants’ answers in the memory task
were examined. In the experimental phase (2), when
correcting for the baseline phase (1), participants responded
faster to congruent (M = -549.44, SD = 610.95) compared to
incongruent (M = -318.20, SD = 776.08) events (t = 493, p =
0.01, rrb = -0.38, 95% CI [47.02, 362.58]) 1. This effect is
illustrated in Figure 2, and an overview of mean reaction
times, prior to baseline-correction, can be found in Table 1.
This difference between congruent and incongruent stimuli
in the memory task was not found for level of recognition
(congruent: M = 0.84, SD = 8.12; incongruent: M = 1.53, SD
= 17.59; t = 468, p = 0.58, rrb = -0.10, 95% CI [-2.94, 4.20]).
As seen in Table 2, a ceiling effect was observed as level of
recognition was generally high across both phases.

Phase 1

Phase 2

Congruent

Mean
Median

2096.95ms
2007.35ms

1547.51ms
1424.77ms

Incongruent

Mean
Median

2052.62ms
1842.37ms

1734.42ms
1480.19ms

New

Mean
Median

2378.81ms
2223.73ms

1802.52ms
1593.19ms

Table 2: Levels of stimulus recognition in memory tasks.
Stimulus type

Figure 2: Comparing mean reaction times to memory task
answers to congruent, incongruent, and new stimuli, for the
baseline phase (1) and experimental phase (2), respectively.
Note that stimuli labeled as incongruent in phase 1 had not
yet been revealed as such, and were therefore perceived as
congruent to the theme until their context was revealed in
phase 2.

Reaction Time (ms)

Level of Recognition
Phase 1

Phase 2

Congruent

Mean
Median

93.17%
94.12%

94.01%
100%

Incongruent

Mean
Median

89.03%
100%

90.56%
100%

New

Mean
Median

87.96%
89.58%

95.31%
100%

To assess low level of situation awareness, perception, of
congruent and incongruent stimuli, the participants’ gaze
behavior during encoding was analyzed to determine whether
the introduction of stimuli incongruent to the general episodic
theme of education influenced gaze behavior. No difference
between the percentage of time looked at incongruent stimuli
(M = 0.93, SD = 24.27) versus congruent stimuli (M = -0.93,
SD = 24.27) in mixed trials was found (t = 3014.50, p = 0.66,
rrb = -0.05, 95% CI [-6.71, 9.81]). Table 3 presents mean and
median percentages of time looked at each stimulus type, and
whether the stimulus was on the left or right side of the
screen.
When examining participants’ gaze behavior further, a
general difference was observed in the percentage of time
looked at the left versus the right side of the screen when
comparing the baseline to the experimental phase. A slight
bias towards looking at the left side of the screen was present
in the baseline phase (i.e., before adding context) across all

1

Levels of significance vary slightly depending on participant
inclusions/exclusions based on the exclusion rules specified in the
methods section. The general pattern of results, however, is robust.
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trial types (CC trials, mixed trials congruent-incongruent, and
mixed trials incongruent-congruent) (M = 53.64%), which
decreased in the experimental phase (M = 51.07%) (i.e., after
context was introduced). This effect is illustrated in Figure 3.
Table 3: Eye gaze behavior.
Stimulus type

Phase

Left %

Right %

Values for stimuli of control trials (congruent-congruent):
CC Pairs

Phase 1

Mean
Median

54.20%
53%

45.80%
47%

Phase 2

Mean
Median

52.53%
54%

47.47%
46%

Values for stimuli of mixed trials (congruent-incongruent
and incongruent-congruent):
Congruent

Incongruent

Phase 1

Mean
Median

55.10%
54%

48.38%
49%

Phase 2

Mean
Median

51.12%
51%

50.43%
52%

Phase 1

Mean
Median

51.62%
51%

44.91%
46%

Phase 2

Mean
Median

49.57%
48%

48.88%
49%

Note: percentages may add up to over 100% due to rounding.

Discussion
This study examined how the presence of an underlying
schema can differentially affect gaze behavior and episodic
memory through a two-phase, within-subjects experiment.
Participants’ memory for semi-naturalistic cartoon images
was tested before and after the introduction of an underlying
schematic context while their gaze behavior was recorded.
Both gaze behavior during encoding as well as participants’
subsequent memory performance was analyzed to assess the
influence of an underlying schema on low and high levels of
situation awareness (Endsley, 1995). Results revealed that,
despite no significant difference in recognition between
schema-congruent and schema-incongruent cartoon images,
participants recognized schema-congruent cartoon images
faster than incongruent cartoon images. Furthermore, we did
not observe a mean difference in eye gaze to congruent vs
incongruent cartoon images during encoding. However,
surprisingly, we did observe a bias to gazing to the left side
of the screen during the baseline phase, which diminished
once the congruent/incongruent context had been revealed.

Figure 3: Participants’ gaze behavior before and after
schematic context is revealed.
Participants’ general level of recognition and reaction time
in the memory task suggests that participants needed longer
to comprehend the cartoon images incongruent to the
underlying schematic context. This confirms our hypothesis
that higher levels of situation awareness (e.g.,
comprehension) is lower for incongruent cartoon images
compared to congruent cartoon images. This finding is in
line with earlier research that showed worse recognition and
recall results for incongruent events compared to congruent
events (Reynolds, Zacks & Braver, 2007; Frank et al., 2018),
which was supported by eye tracking analysis of fixation
patterns during encoding of congruent and incongruent
stimuli (Frank et al., 2018). Furthermore, Frank et al.
revealed increased fixation on first unexpected incongruent
stimuli, suggesting that it is more difficult to comprehend and
encode events that are unexpected and incongruent with the
underlying schema (Frank et al., 2018). This suggests that
further statistical analysis of our eye tracking data will give
insight on how people analyze visual stimuli, taking into
account congruency of the schema, and evaluate if there are
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changes in gaze patterns that would suggest an updating of
the schema.
As mentioned before, in the experimental phase
participants neither had a preference for a certain side of the
screen nor did they have a preference for a particular type of
image, when looking at mean values of eye gaze, suggesting
low levels of situation awareness (i.e., perception) were not
influenced by the schema. However, before revealing the
underlying schematic context, in the baseline phase, there
was a slight bias to gaze at the left side of the screen,
suggesting there might have been an influence of schematic
context on gaze behavior. Such preference for the left side of
the screen, in the baseline phase, can be justified by the way
we read, from left to right, suggesting that participants tend
to look to the left slightly more often than to the right and
start to browse the screen in the same way as reading.
Surprisingly, after revealing which stimuli were congruent
and which stimuli were incongruent to the schematic context,
this slight bias decreased. More fine-grained measures could
help to understand this possible influence of schematic
context on eye gaze differences for incongruent vs congruent
cartoon events. Further work could aim to identify
meaningful changes in the dynamics of the eye gaze, for
example, by adopting methods used by Stephens et al (2018).
In particular they were trying to capture real-time dynamics
of cognition using eye-tracking data analyses, like changes in
entropy and power-law behavior. They found that changes in
entropy and changes in power-law behavior predict a phase
transition in the cognitive systems (Stephens et al., 2009).
This is a promising direction to identify behavioral patterns
that can be connected with broader theory concepts about the
effects of schema on gaze behavior and memory updating. In
our case, analyses like this might give insight on how people
analyze/scan the visual stimuli, also taking into account the
congruency of the image and evaluating if there are any key
moments of change, which could suggest a potential updating
of the schema. Furthermore, an analysis of, for example,
fixation patterns when schema-congruent and schemaincongruent images are presented would identify if there are
any fixation points that could be affected by the presence of
schema (Frank et al., 2018).
It is important to acknowledge some common limitations
of online studies, considering the lack of supervision of
participants and lack of control of outside factors that could
have affected the dataset. However, this does not undermine
the quality of the data, as previously researched, online data
collection provides reliable results that meet or exceed the
standards of published research (Buhrmester et al., 2011).
In conclusion, this study provides further evidence for the
assumption that there is a relationship between episodic
memory updating, schema, and different levels of situation
awareness. Evidence from eye tracking and reaction time
data, in particular, suggests that this relationship should be
explored further to better understand the dynamic interplay
of schemas, episodic updating, and behavior.
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Abstract
The MINERVA 2 (Hintzman, 1984) model of human memory
has been used to simulate a variety of cognitive phenomena.
These simulations, however, describe cognitive phenomena at
Marr’s (1982) representation/algorithm level, with little effort
to link the core assumptions of the model to an underlying neural implementation (however, see Kelly et al., 2017). This
article describes a possible neural implementation of
MINERVA 2—one that is simple and arguably biologically
plausible. This implementation suggests a novel method for
generating response latencies and provides a concrete example
to support Marr’s claim that the representations and algorithms
that mediate human performance in a variety of different cognitive tasks (e.g., decision making; Dougherty, Gettys, &
Ogden, 1999) can be investigated and simulated without reference to their underlying neural implementation.
Keywords: connectionist network, MINERVA 2, neural network

Introduction
MINERVA 2 (Hintzman, 1984) is a computer model of human
memory that instantiates the core assumptions of an early
“resonance” theory of memory that was first proposed by
Richard Semon (1923; see Schacter et al., 1978). The core
assumptions include the following. First, conscious experiences in primary or short-term memory are encoded into
secondary or long-term memory as discrete engrams or
memory traces that consist of sets of perceptual and cognitive
features representing those experiences. Second, the information represented by these traces can be retrieved by
probing secondary memory with a cue that consists of some
number of features. This cue will then activate traces to the
degree that their contents are similar to the contents of the
cue, thereby generating a response from memory called an
echo. This echo has an intensity that increases with the overall
familiarity of the cue, thereby allowing previously learned information to be recognized. The echo also contains a
composite pattern of features, or content, that often includes
features not in the cue, allowing previously learned information to be recalled. Finally, because the echo content

reflects the global contents of memory, the model provides
an account of how abstract categories are learned.
To date, MINERVA 2 has been used to simulate a variety
of basic phenomena related to human memory. These demonstrations include category learning and the abstraction of
prototypes from specific exemplars (Hintzman, 1986); how
changes in the encoding and retrieval contents can produce a
failure to recognize words that can be recalled (Hintzman,
1987); and key results from a large number of classic memory
experiments (e.g., frequency judgments, list-length effects,
levels-of-processing effects, etc.; Hintzman, 1988; see also
Collins et al., 2020). Variants of the model have also been
used as theoretical frameworks to simulate and explain human behavior across a variety of different task domains,
including word identification (Ans et al., 1998; Goldinger,
1998; Kwantes & Mewhort, 1999; Reichle, 2021; Reichle &
Perfetti, 2003), sentence processing (Jamieson & Mewhort,
2009), and decision-making heuristics (e.g., availability;
Dougherty et al., 1999).
Because MINERVA 2 provides a precise account (summarized below) of human memory and many cognitive tasks that
depend upon it, one might ask about the biological plausibility of the model. In other words, are the model’s assumptions
consistent with what is currently known about how the brain
operates? Although the model was originally proposed
(Hintzman, 1984) as a functional description of memory
(e.g., consistent with Marr’s, 1982 representation/ algorithm
level) and is agnostic about neural implementation, Hintzman
(1990, p. 113, Figure 1e) indicated that MINERVA 2 is
equivalent to a single-layered network with connections between a layer of input/output nodes (representing features of
the probe and the echo) and a layer of hidden nodes (representing the memory traces of individual experiences). The
“features” of the standard MINERVA 2 would thus correspond to the connections within such a network, with the
strengths of those connections being rapidly modifiable via
Hebbian learning. Unfortunately, most of the essential details
of how the model might actually be implemented were not
provided. For example, nothing was said about how the echo
intensity or content would be calculated in such a network.
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Ans et al. (1998) provided one possible network implementation in their multiple-trace memory model of word
identification. This model borrows many of the core assumptions of MINERVA 2 to provide a computationally explicit
account of how multisyllabic French words can be learned
and then later retrieved as a function of a variety of variables
(e.g., word frequency and spelling-to-pronunciation consistency) by beginning readers, skilled readers, and dyslexic
readers. In this model, lexical knowledge is represented
within a network of nodes, with episodic-memory nodes
providing a “hub” to link orthographic input nodes, orthographic output nodes, and phonological output nodes. (The
episodic-memory nodes are also connected to a pair of “reading mode” nodes that allow the model to encode and retrieve
whole words, syllables, or graphemes.) Although the multiple-trace memory model is certainly successful in its own
right, the complexity of the model’s many other assumptions
(which are specifically related to word identification and not
basic memory phenomena) obscure the relationship between
it and MINERVA 2, making it difficult to ascertain if and
how the standard version of the latter might be implemented
within a more “plain vanilla” connectionist network.
More recently, Kelly et al. (2017) provided an extensive
theoretical analysis of MINERVA 2 and its relationship to
other memory models (e.g., CHARM: Eich, 1985; Matrix
model: Humphreys et al., 1989; TODAM: Murdock, 1995).
This analysis indicates a formal equivalence among the models, with MINERVA 2 being mathematically equivalent to a
fourth-order tensor (i.e., 4-dimensional matrix). Kelly et al.
then go on to make claims about the neural implementation
of MINERVA 2 that, although undoubtedly accurate, like
Hintzman (1990), leave many critical details unspecified. For
example, Kelly et al. claim that the similarity between a probe
and trace can simply be computed as the dot product of the
two vectors, and that biologically plausible neural networks
are capable of performing such computations (e.g., Eliasmith,
2013). This unfortunately requires one to imagine what such
an implementation would actually look like—an endeavor
that is too reliant on (usually faulty) human reasoning. Kelly
et al. also make one questionable claim: that a neural implementation of MINERVA 2 would be problematic or
implausible on the grounds that the core assumption of the
model—that individual experiences are represented by discrete memory traces—would be tantamount to positing the
existence of “grandmother cells” responsible for representing
individual concepts, experiences, objects, etc. In their words:
“Modelers using MINERVA are generally agnostic as to
how the model is related to the brain. No one claims that
for each new experience the brain grows a new neuron that
is forever singly dedicated to that particular experience.
But no other interpretation of how MINERVA can be implemented in neurons has been previously proposed,
leaving open the question of MINERVA’s neural plausibility” (Kelly et al., 2017, p. 143).1

In rejecting this notion, Kelly et al. describe a variant of
MINERVA 2 in which individual memory traces are replaced
by holographic vectors in which information is distributed
across the entire fourth-order tensor of the model. Although
this provides a viable interpretation of how the representations and algorithms of MINERVA 2 might be implemented
in underlying neural structures, it is important to note that the
notion of localist representations (i.e., “grandmother cells”)
has not been completely discredited, and that, to the contrary,
there is considerable evidence supporting their existence
(e.g., see Bowers, 2009). It also stands to reason that the average human brain contains vast numbers of un- or
underutilized neurons that could be recruited singly or collectively to represent new experiences. Bearing this hypothesis
in mind, the goal of this article is to show exactly how such a
model might be implemented. In other words, our goal is to
show how MINERVA 2, as it is standardly implemented and
conceptualized, might be implemented within a connectionist
network that requires only the simplest of assumptions. Before doing this, however, we first review the standard version
of MINERVA 2 (see Hintzman, 1984, 1986, 1987, 1988).

Standard MINERVA 2 Implementation
As Figure 1 shows, MINERVA 2 makes a basic distinction
between primary and secondary memory. Primary memory
consists of a single N-dimensional vector representing the
current contents of consciousness, while secondary memory
consists of a (in principle, vast) collection of M such vectors.
Each element of the vector is a feature that represents a perceptual or cognitive “primitive” (e.g., color, texture,
animacy, emotional tone etc.) and that collectively represent
the contents of our experiences.

Figure 1. A schematic diagram of MINERVA 2.
In most simulations, the values of the features are determined randomly (e.g., being set equal to 1, 0, or -1 with equal
probability; Dougherty et al., 1999; Hintzman, 1987, 1988;
Reichle & Perfetti, 2003) or sampled from a Gaussian distribution (Kelly et al., 2017). In other simulations, however, the
features are selected non-randomly to have a certain

1

Kelly et al. (2017) use “MINERVA” to refer to the entire class
of models based on the original MINERVA 2 model.
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similarity structure among the traces (e.g., high vs. low-level
distortions of category prototypes; Hintzman, 1986) or to systematically represent specific types of features (e.g., letters
and/or phonemes of words; Ans et al., 1998; Kwantes &
Mewhort, 1999; Reichle, 2021).
As Figure 1A shows, during any interval of time, the contents of primary memory can be encoded into secondary
memory as a new memory trace. This happens probabilistically, with each active feature in primary memory having a
probability, equal to the value of the parameter L, of being
copied into a new trace in secondary memory. Although the
contents of secondary memory are fairly stable, individual
features can also be forgotten (i.e., their values revert back to
0), with the probability of this happening during a given interval of time being defined by a second parameter, F.
According to this conceptualization of learning and forgetting, a value of 0 indicates the absence of a particular feature
in primary or secondary memory, which in the case of secondary memory can arise either because the feature was not
encoded or was encoded but then forgotten. As shown in Figure 1A, many simulations for convenience simply use L = 1
and F = 0 so that a veridical copy of the contents of primary
memory is simply encoded into secondary memory as a
memory trace.
As shown in Figure 1B-D, a set of features in primary
memory can be used as a probe to activate traces in secondary
memory and thereby generate an echo having both intensity
and content. To do this, the similarity between the probe and
each trace i, Si, is first calculated using Equation 1. In this
equation, Pj is feature j of the probe, Ti,j is feature j of trace i,
N is the total number of features, and NR is the number of nonzero features in either the probe or the trace. Alternatively,
NR can be set equal to the number of features, N. These two
methods of calculating Si are identical in situations where all
of the probe or trace features have non-zero values. But in
situations involving missing features (i.e., values of 0), the
second method of calculating similarity will result in smaller
values of Si because N will typically be larger than NR. The
second method may also be problematic in situations where
the number of features is correlated with the information being represented in memory because a probe containing many
features will (on average) be more similar to the traces than a
probe containing fewer features. For example, if the features
are used to represent letters, then the number of letter features
will, by definition, increase with word length, causing probes
containing longer words to be more similar to their traces
than probes containing shorter words. Thus, if traces can represent words up to ten letters in length, then a probe
containing a 3-letter word (e.g., cat) can only have a maximal
similarity of Si = 0.3, whereas a probe containing a 7-letter
word (e.g., leopard) can have a maximal similarity of Si = 0.7.
Irrespective of how similarity is calculated, the values of Si
will vary between -1 and 1, with values close to -1/1 indicating a high degree of dissimilarity/similarity between a probe
and trace, and values close to 0 indicating independence (i.e.,
orthogonality) between a probe and trace. (Si thus behaves
like a correlation coefficient, r.)

(1)

𝑆! = ∑%
"&' 𝑃" 𝑇!," ⁄𝑁$

After the similarity between the probe and each trace has
been determined, each trace’s activation is calculated using
Equation 2, where the activation of trace i, Ai, is simply equal
to its cubed similarity. Although Hintzman (1986, Footnote
5) notes that other values of the exponent are possible, using
an odd-valued exponent preserves the sign (positive vs. negative) of the similarity. Larger values also increase the signalto-noise ratio by selectively increasing/decreasing the activation of traces that are highly similarly/dissimilar to the probe.
For example, a probe that is only modestly similar to a trace
(e.g., Si = 0.4) will engender only minimal trace activation (Ai
= 0.06), whereas a probe that is twice as similar to the same
trace (e.g., Si = 0.8) will cause the trace to become more than
eight times as active (Ai = 0.51).
(2)

𝐴! = 𝑆!(

Finally, all of the activated traces are then used to generate
a response from memory, called an echo. This echo has two
qualities. The first is a scalar value called the echo intensity,
or I, that reflects the sum of the activation across the M traces
in secondary memory, as described by Equation 3. When
used in conjunction with an appropriate decision threshold,
the values of I in response to probes can be used to make
“old” versus “new” recognition judgements or judgments
about recency or frequency (Hintzman, 1988).
(3)

𝐼 = ∑)
!&' 𝐴!

The second quality of the echo is its content. The echo content consists of a composite pattern of features in which the
value of each feature is weighted by each trace’s activation.
More formally, as Equation 4 shows, the value of each feature
in the echo content, Cj, is equal to the sum across the M traces
of the product of each trace’s activation, Ai, and the value of
its feature j, Ti,j. Because information about multiple items
can be stored in a single memory trace, the features of one
item can be used as a probe to recall the features of the
other(s). For example, to simulate paired-associate learning,
two words (A and B) can be encoded within a single memory
trace, allowing the features of one word (A) to be used as
probe to generate an echo content containing the features of
the other (B). This pattern-completion capacity thus provides
the means for MINERVA 2 to simulate a variety of findings
related to recall (Hintzman, 1987, 1988). And because the
echo content is a composite that is weighted by each trace’s
similarity to the probe, it tends to reflect the central tendency
of the traces that contribute most to the echo content. For example, if a set of traces represent features that are generated
from a prototype, then the echo content will be similar to that
prototype even though the prototype itself may have never
been encoded. MINERVA 2 thus provides an account of how
concepts might be abstracted from specific instances,
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allowing the model to dispense with the need for separate episodic versus semantic long-term memory (Hintzman, 1986).
(4)

𝐶" = ∑)
!&' 𝐴! 𝑇!,"

Because the echo content is a composite that reflects the
global contents of memory, it will typically be “noisy,” with
the values of individual features being spurious. Although
several memory models assume that the patterns that are recalled from memory are simply “cleaned up” using some type
of separate pattern-recognition system (e.g., see Eich, 1985;
Humphreys et al., 1989; Murdock, 1995), MINERVA 2 provides two ways of removing the noise from the echo content.
The first involves using the echo content as a probe to generate another echo content (i.e., using Equations 1, 2, and 4).
This second echo content will more closely resemble the
memory trace that the original (first) probe most resembled.
By reiteratively probing with the echo content, this resemblance will continue to increase until the final echo content
closely resembles a trace in secondary memory (within some
margin of error). The number of probe iterations required to
do this can also be used to simulate the time required to retrieve information from memory, although one limitation of
this approach is that the number of iterations is typically
small (e.g., fewer than ten), allowing for only coarsely graded
predictions about response latencies.
The second way in which MINERVA 2 removes noise
from the echo content is via normalization. As Equation 5
shows, this entails identifying the feature j having the largest
absolute value and then dividing all of the N features by this
value. This operation normalizes the feature domain to the
range [-1, 1], thereby magnifying even small differences
among the values of the original echo content features.
(5)

𝑁" = 𝐶" ⁄max /0𝐶"∈% 01

As indicated previously, the standard implementation of
MINERVA 2 describes how memory functions in terms of
representations and algorithms (Marr, 1982), with the representations being memory traces (i.e., clusters of perceptual
and semantic features) and the algorithms being those that
generate the echo intensity and (normalized) content. Although there are principled arguments for why models of
cognition at this level should or must be developed and evaluated independently of any consideration of their underlying
neural implementation (e.g., see Coltheart, 2012), we maintain that it is none-the-less informative to consider how the
representations and algorithms that support some cognitive
capacity might be implemented. It is in this spirit of exploration that we now describe one such possible implementation
of the MINERVA 2 model.

Connectionist Implementation of MINERVA 2
Figure 2 shows one possible connectionist implementation of
MINERVA 2. This particular implementation was chosen because it is simple and requires only assumptions that are
commonly used with connectionist networks. Consistent with

what Hintzman (1990) indicated, our network implementation of MINERVA 2 consists of a single layer of connections
between two layers of nodes: the first representing the features of both the input (probe) and output (echo content), and
the second representing individual instances or experiences.
Hintzman (1990) suggests that the weights between the
feature and instance nodes can be rapidly learned using
Hebbian learning, where the change in the weight from feature node i and instance node j, Dwj,i, is given by:
(6)

∆𝑤",! = 𝜀 𝑎𝑐𝑡" 𝑎𝑐𝑡!

Figure 2. A connectionist implementation of MINERVA 2.
In Equation 6, e is a constant of proportionality, or learning
rate parameter, and actj and acti are the activation values of
nodes j and i, respectively. By this account, each new experience recruits an instance node (or group of nodes) from a vast
pool of undedicated nodes. The selected instance node is then
coactivated with the nodes representing the features, allowing
the Hebbian learning algorithm to rapidly adjust the weights
(using e = 1) so that, if the pattern of features recurs at some
later time, it will reliably activate its corresponding instance
node(s). The connection weights between the feature and instance nodes are thus isomorphic to the abstract memory trace
features in the standard implementation of MINERVA 2. A
comparison of Figures 1 and 2, for example, will indicate that
the features [1, 1, 0, 1, 0] in memory trace #1 correspond to
the connection weights between instance node 1 and features
nodes 1-5. (Note that for the sake of clarity, only the non-zero
weights are shown in Figure 2; the solid arrows between feature nodes 1, 2, and 4 thus correspond to the non-zero features
in memory trace #1.) More incremental or graded learning
can be simulated by using smaller values of e to allow the
connection weights to take on values that would (on average)
approximate the encoding of features that might be expected
using a value of L (in the standard implementation of
MINERVA 2) less than 1 and/or a value of F greater than 0.
But how does a pattern of active feature nodes activate an
instance node, acti? As Equation 7 shows, the net input to instance node i (which determines its level of activation)
preserves the similarity between the pattern of active feature
nodes and the patterns of features that were originally associated with each instance node. Equation 7 is thus isomorphic
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to Equation 1. As indicated, the net input to instance node i,
neti, equals the sum across the N feature nodes of each feature
node j’s activation multiplied by the weight between it and an
instance node i, wj,i. Thus, if one compares Equations 1 and
7, Pj corresponds to actj and Ti,j corresponds to wj,i. Finally,
as with Equation 1, the sum of the products in Equation 7 is
divided by NR, the number of non-zero feature nodes j or nonzero connection weights to hidden node i.
(7)

𝑛𝑒𝑡! = :∑%
"&' 𝑎𝑐𝑡" 𝑤",! ;⁄𝑁$

Because NR corresponds to the union of non-zero feature
nodes j (i.e., non-zero probe features) and connection weights
to hidden node i (i.e., non-zero trace features), the information about the feature nodes must somehow be made
available to instance node i. This is done by summing the activation of feature nodes j via the connections (having weight
= 1) to and from the node labeled NR, thereby allowing instance node i to calculate NR using Equation 8. As shown, this
equation consists of three terms: (1) the sum of the active feature nodes j; (2) the sum of the non-zero weights (i.e., wj,i
where actj = 1) connecting to hidden node i; and (3) the sum
of the non-active weights (i.e., wj,i where actj = 0) connecting
to hidden node i. The third sum is subtracted from the first
two so that the intersection of the union is not counted twice.
This makes the information required to calculate NR available
to hidden node i so that its activation, acti, can then be determined. Of course, a simpler method is to set NR equal to the
number of features, N. Using this alternative scheme, NR can
either be set equal to the number of feature nodes or the total
number (i.e., non-zero and zero) of connections to an instance
node. This second method has limitations, however, as discussed in relation to the standard MINERVA 2.
(8)

+,-! &'
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Because connectionist networks use a wide variety of activation functions (Williams, 1987), it is trivial to convert
Equation 2 into Equation 9, where Si and Ai in the former respectively correspond to acti and neti.
(9)

𝑎𝑐𝑡! = 𝑛𝑒𝑡!(

Finally, as indicated in the Introduction, one unanswered
question concerns the precise manner in which the activated
instance nodes are used to generate echo intensity and content. The former is fairly easy to generate; the activation of
the M instance nodes is simply summed using Equation 10.
In this equation, actI is the activation of a node (labeled “Intensity” in Figure 2) that sums the activity of the instance
nodes—a quantity that corresponds to the echo intensity—
with the weights between this node and the instance nodes,
wi,I, being set equal to 1. Equation 10 is thus isomorphic to
Equation 3, with the main difference being that the former
provides an implementational description of how the activation is actually summed across the instances. (Remember that
the standard implementation of MINERVA 2 assumes that

the trace activation is summed but does not describe how this
actually happens.)
(10)

𝑎𝑐𝑡/ = ∑)
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Turning now to the echo content, its calculation entails
propagating the instance-node activation back to the feature
nodes to generate a composite pattern of features that reflects
each instance node’s activation. This is done using Equation
11, where actj is the activation of the feature node j, acti is the
activation of instance node i, and wj,i is the connection weight
between the two.
(11)

𝑎𝑐𝑡" = ∑)
!&' 𝑎𝑐𝑡! 𝑤",!

Finally, we ended our discussion of the standard implementation of MINERVA 2 by describing the two methods for
“deblurring” a noisy echo content. The first method of reprobing with the echo content to reduce the noise across successive iterations of echoes can be employed with the
connectionist implementation of MINERVA using Equations
7, 8, 9, and 11. The second method of normalizing the echo
content requires a few additional assumptions, as illustrated
in Figure 2. These assumptions are related to bias terms or
nodes (indicated by the gray nodes labeled “bias”) and a special node (labeled “stop”) that halts the operation of the bias
nodes. Bias nodes can be conceptualized as nodes that provide additional sources of activation, biasing the activation
level of another node. By this conceptualization, biasj provides an additional source of activation that incrementally
increases the activation of node j so that it attains its final
normalized value. How does this happen?
When the echo content is first generated, the activation of
feature node j (i.e., actj) is copied to its corresponding bias
node j via the connection weights between the two nodes
(wj,bias = 1). Then, with each (arbitrary) time step, some proportion of the bias node activation, as determined by the
parameter t, is calculated (using Equation 12) and then added
to actj (using Equation 13). (Equation 13 thus adds one term
to Equation 11 to reflect the activation being propagated by
the bias node.) But as the activation of the feature nodes continues to ramp up over time, the feature nodes propagate their
activation to the node labeled “stop.” If the activation of any
one feature node exceeds its minimum/maximum (i.e., |actj|
³ 1), then the “stop” unit immediately inhibits the bias nodes,
thereby halting any further incrementing of the feature nodes.
When this happens, the final activation values of the feature
node will equal their normalized values (i.e., the same values
that would be obtained using Equation 5 of the standard
MINERVA 2 implementation.)
(12)

𝑏𝑖𝑎𝑠" = 𝜏 𝑎𝑐𝑡" 𝑤",0!+1

(13)
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Because the number of time steps needed for the feature
nodes to become normalized as described above reflects the
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overall quality of the original echo content, this method of
calculating the normalized echo content provides a novel way
to simulate response latencies—one in which the features in
the echo content “settle” into a stable pattern over time2.

Simulation Results
To verify the equivalency of the two new versions of
MINERVA 2 (i.e., the standard model using the new method
for normalizing echo content and the connectionist implementation), we replicated a simulation reported by Hintzman
(1986) to examine how category size (i.e., 3, 6, or 9 exemplars per category), the number of forgetting cycles (0 vs. 1),
and the type of the retrieval probe (i.e., an old, previously encoded exemplar, category prototype, and low- and highdistortion versions of the prototype) affected categorization
accuracy. (For methodological details of the simulation, see
Hintzman, 1986, pp. 415-418.) The simulation results using
10,000 statistical subjects are shown in Figure 3 for the standard model (panels a, c, e) and the connectionist
implementation (panels b, d, f)3.

Figure 3. Simulation results.
The performance of the two models was nearly identical,
with the largest discrepancy in accuracy (= 0.0006) due to
trials in which the normalized echo content matched two category prototypes equally well, resulting in responses based
on guessing. The results are also similar to those of Hintzman
2

This method of generating the normalized echo content and predictions about the time required to do so can also be adopted with
the standard MINERVA 2 implementation. To do this, the feature
values of the initial echo content (Cj; see Equation 4) are incremented by the quantity (Cj * t) across successive time steps until a
feature value equals or exceeds its minimum/maximum (i.e., |Cj| ³

(1986, Figure 5); for example, with no forgetting, performance is best using an old exemplar as a probe and worst
using a highly distorted version of the prototype, but with the
difference being attenuated for larger categories, and with the
prototype being more effective than an old exemplar after forgetting, especially with larger categories.

General Discussion
This article has described one possible implementation of the
MINERVA 2 model of human memory (Hintzman, 1984).
This implementation is likely only one of many that are possible (e.g., see Kelly et al., 2017), but is unique in that it was
intended to be as simple as possible, using only assumptions
that are widely employed in connectionist (neural network)
models. The benefits of this exercise are at least twofold.
First, implementing the echo normalization process within
the framework of a connectionist network resulted in a novel
way of normalizing the echo content in the standard version
of MINERVA 2—one that allows for finer-grained predictions about memory retrieval latencies.
The second, perhaps more significant benefit of this exercise is that it provides a concrete example supporting Marr’s
(1982) tripartite distinction among the task, representation/algorithm, and implementation levels. As documented earlier,
the standard representation/algorithm-level version of
MINERVA 2 has been used to simulate a wide variety of different cognitive tasks (cf., Ans et al., 1998; Dougherty et al.,
1999), demonstrating that basic principles of the model (e.g.,
instance-based learning) play central roles in a variety of different behaviors. And similarly, the standard version of
MINERVA 2 can be implemented in a variety of ways (cf.,
Ans et al., 1998; Kelly et al., 2017), demonstrating that the
mapping between cognition and neural systems is not one-toone (Coltheart, 2012).
Finally, it is important to acknowledge that there are degrees of biological realism, and that a few of the assumptions
used in our connectionist implementation of MINERVA 2
(e.g., bidirectional propagation of activation) are seemingly
at odds with what is currently known about neurophysiology
and thus might have to be modified. Similarly, one might argue that a truly biologically plausible version of MINERVA
2 should be implemented using a spiking neural network in
which the functional units simulate the action potentials of
neurons (e.g., Eliasmith, 2013). Despite these limitations,
however, we maintain that our new implementation of
MINERVA 2 is more biologically plausible than the original,
demonstrating how an instance-based theory of memory can
be instantiated as a network of interconnected instance and
feature nodes (see also McClelland, 1981).

1). At that time, all of the values of the features will equal Nj (as
described by Equation 5).
3
The Java source code for these simulations is available from the
first author upon request.
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Abstract
The Shapley value is one of the most important normative division schemes in cooperative game theory, satisfying basic
axioms. However, some allocation according to the Shapley
value may seem unfair to humans. In this paper, we develop
an automatic method that generates intuitive explanations for
a Shapley-based payoff allocation, which utilizes the basic axioms. Given any coalitional game, our method decomposes
it to sub-games, for which it is easy to generate verbal explanations, and shows that the given game is composed of the
sub-games. Since the payoff allocation for each sub-game is
perceived as fair, the Shapley-based payoff allocation for the
given game should seem fair as well. We run an experiment
with 630 human participants and show that when applying our
method, humans perceive the Shapley-based payoff allocation
as more fair than the Shapley-based payoff allocation without
any explanation or with explanations generated by other methods.

1

Introduction

An important research question in cooperative game theory
is that of fair division: if agents form a coalition to achieve
a common goal, how should they split the revenue or costs
fairly? Various notions of fairness have been proposed in the
cooperative game theory literature, like the Nash-Harsanyi
bargaining solution (Harsanyi, 1959, 1963) or the nucleolus (Schmeidler, 1969), but the Shapley value (Shapley,
1953) has been termed the most important normative division scheme in cooperative game theory (Winter, 2002). The
Shapley value is based on the idea that the payoff of the game
should be divided such that each agent’s share is proportional
to its contribution to the payoff. Specifically, the Shapley
value is the average expected marginal contribution of one
agent to all possible subsets of agents. Indeed, the Shapley
value is considered fair since it is the only payoff allocation
that satisfies the following four desirable axioms: efficiency,
symmetry, null player property and additivity (Hart, 1989)
(see Section 3 for formal definitions). We note that there are
several equivalent sets of axioms that characterize the Shapley value (Moulin, 2004).
While the axioms satisfied by the Shapley value seem necessary, humans presented with an allocation according to the
Shapley value may sometimes not observe it as fair (we experimentally support this claim in Section 7). For example,
consider the following game with three agents: r, l1 , and l2 ,
which is also known as the classical “glove game”. Agents
l1 and l2 have a left-glove and agent r has a right-glove. A

pair of left and right gloves is worth $12, but a single glove
is worth nothing. If all agents collaborate, the Shapley value
allocates $8 to agent r and only $2 to l1 and $2 to l2 . While
it seems plausible that agent r should receive a higher payoff,
a right-glove alone is worth nothing and thus, it may seem
unfair that the payoff for this agent is 4-times more than each
of the other agents. However, any other allocation would violate at least one of the axioms. It is thus desirable to increase
human acceptance of the allocation according to the Shapley
value, which can be achieved by providing explanations. In
this paper, we develop an automatic method that generates
intuitive explanations for a Shapley-based payoff allocation.
There are many possible ways for generating explanations
for a Shapley-based payoff allocation. Indeed, Procaccia
claimed that “the central role of axioms should be to help explain the mechanism’s outcomes to participants” (Procaccia,
2019), and this direction has been successfully applied in the
field of fair division by the Spliddit website (Goldman & Procaccia, 2015). We follow this idea, and build our explanations
on top of the four axioms of the Shapley value.
Now, the essence of our explanation is that any game is decomposed into several sub-games that their Shapley allocation is easier to perceive as fair. Specifically, any sub-games
is built such that all the agents are either null players or equivalent to one another, and the values are either all non-negative
or all non-positive. According to the null player axiom each
agent who is a null player should receive a payoff of 0, and
according to the symmetry and efficiency axioms all other
agents should equally share the total outcome, and thus the
Shapley allocation in each sub-game is intuitively fair. For
example, the “glove game” can be decomposed into few subgames; in one of the sub-games, agent r obtains a value of $12
when collaborating with l1 , but not when collaborating with
l2 . When all three agents collaborate, they obtain a value of
$12. In this sub-game l2 is a null player, and agents r and l1
are equivalent. Thus, the Shapley allocation of $6 to agent r,
$6 to agent l1 and $0 to agent l2 is intuitively fair. Finally, following the additivity axiom, since the Shapley allocation of
every sub-game is intuitively fair, and the sum of the Shapley
allocations in each sub-game is equal to the Shapley allocation in the original game, then the latter is easier to perceive
as fair. We note that this process follows the arguments in the
proof of the uniqueness of the Shapley value (Shapley, 1953).
Practically, we do not directly present the axioms to the
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users. Instead, our algorithm, which we termed X-SHAP, decomposes any coalitional game into several sub-games, and
automatically generates a brief verbal explanation that accompanies each sub-game. For example, recall the sub-game
of the “glove game” that we have previously mentioned. XSHAP presents the sub-game to the user, and generates the
following verbal explanation: “In this scenario, l2 does not
contribute anything. r and l1 are identical and always contribute the same. Therefore, the total revenue, which is $12,
should be equally divided between r and l1 , and thus, the fair
division is r : $6, l1 : $6, l2 : $0.” Similarly, X-SHAP presents
the other sub-games along with their explanations. X-SHAP
finalizes its explanation by stressing out that since the sum of
all the sub-games is the original game, the proposed division
is fair as it is the sum of all the sub-games divisions.
In order to evaluate the performance of X-SHAP, we conducted a survey with human participants. The survey examined six coalitional games, representing a variety of scenarios.
Each of the coalitional games was presented to the participants along with its Shapley payoff allocation as a suggestion
for dividing the payoff among the agents. Then, each scenario was accompanied by one of the following: the complete
explanations of X-SHAP, the decomposition into sub-games
of X-SHAP without their verbal explanations, a heuristic decomposition into sub-games, a heuristic verbal explanation, a
fixed general explanation of the benefits of the Shapley value,
and no explanation at all. The participants were asked to
rate the proposed allocation by indicating to what extent they
agree or disagree that it is fair. Overall, 630 different people participated in the survey, each answering two different
coalitional games with different explanation types. The explanations that were generated by X-SHAP achieved higher
fairness ratings compared to the other explanations in all the
games examined. This indicates that humans perceive the
Shapley payoff allocation fairer if they receive X-SHAP’s explanations.
To summarize, the main contribution of this paper is that
it provides the first successful automatic method that generates customized explanations of the Shapley allocation for
any given coalitional game.

2

Related Work

Our work is related to the field of Explainable AI (XAI) (Core
et al., 2006; Gunning et al., 2019). In a typical XAI setting,
the goal is to explain the output of an AI system to a human.
This explanation is important for allowing the human to trust
the system, better understand, and to allow transparency of
the system’s output (Adadi & Berrada, 2018). Other XAI
systems are designed to provide explanations, comprehensible by humans, for legal or ethical reasons (Doran, Schulz,
& Besold, 2017). For example, an AI system for the medical
domain might be required to explain its choice for recommending the prescription of a specific drug (Holzinger, Biemann, Pattichis, & Kell, 2017). Indeed, most of the work on
XAI concerned the explanation of a machine learning based

model. In this paper, we develop a system for explaining a solution concept that is based on a set of axioms. Our work can
be also seen as an instance of x-MASE (Kraus et al., 2020),
explainable decisions in multiagent environments.
The work that is closest to ours, albeit in the context of
voting, is by Cailloux and Endriss (2016). They propose a
logic-based system for providing justifications for the outcome of a voting rule. They also develop an algorithm that
automatically derives a justification for any outcome of the
Borda rule. The algorithm’s main idea is to decompose the
preference profile into a sequence of sub-profiles, and use one
of six axioms for providing explanations for the sub-profiles
and for their combinations. This approach is further extended
by Peters et al. (2020), which investigate the required length
of the sequence of explanations. Our approach for explaining the Shapley allocation is also based on axioms, and we
also decompose the given coalitional game into a set of subgames, which together compose an explanation for the given
coalitional game.
Another work that analyzes a decomposition of a coalitional game in relation with the Shapley value is the paper
by Stern and Tettenhorst (2019). They provide a new characterization of the Shapley value, by showing that a coalitional
game can be decomposed into sub-games, one sub-game for
each agent. They prove that the Shapley value equals the
value of the grand coalition in each agent’s sub-game. Similarly, de Clippel (2018) provides a new axiomatization for
the Shapley value by replacing the additivity axiom with the
difference formula (DF) axiom.
Spliddit (Goldman & Procaccia, 2015) is a website implementing algorithms for various division tasks (e.g., rent division), which also explains how the outcomes satisfy certain fairness requisites. While the website enables users to
compute the Shapley value in a ride-sharing context, it provides only a general explanation that states the benefits of the
Shapley value. Our work can thus serve as an extension for
Spliddit by providing customized explanations for the Shapley value.
The Shapley value can also be applied for increasing interpretability of a machine learning model. For example,
Štrumbelj and Kononenko (2013) provide explanations based
on quantifying the importance of the features by applying the
Shapley value.

3

Definitions

A coalitional game is defined by a pair (N, v), where N is a
finite set of n agents and v is a function that associates every
subset of N, a coalition, with a real value that represents the
collective payoff its members can gain should they cooperate, i.e., v : 2N → R. The function v is called the character/ = 0. A
istic function. We assume that v always satisfies v(0)
characteristic function v is super-additive if for any pair of
disjoint subsets S, T it holds that v(S ∪ T ) ≥ v(S) + v(T ), and
it is sub-additive if v(S ∪ T ) ≤ v(S) + v(T ).
The main assumption in cooperative game theory is that
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the grand coalition N, which consists of all the agents, will
form. A typical goal is then to allocate the value v(N) among
the agents in some fair way. A solution concept is a vector
φ ∈ RN that represents the allocation to each agent i ∈ N.
The Shapley value is a solution concept that assigns a payoff to each agent according to their marginal contribution
(Shapley, 1953). Formally, for each agent i, Shi (N, v) =
(|S|−1)!(n−|S|)!
(v(S) − v(S \ {i})).
∑S⊆N|i∈S
n!

Shapley value axioms
The Shapley value is the only solution concept that simultaneously satisfies the following axioms (Hart, 1989).
Definition 1 (efficiency). The sum of all agents’ payoff
equals the grand coalition’s value. That is, ∑i∈N φi (N, v) =
v(N).
Definition 2 (symmetry). Two agents i and j are said to be
equivalent if for any coalition S ⊆ N that contains neither
i nor j, it holds that v(S ∪ {i}) = v(S ∪ { j}). The symmetry
axiom requires that equivalent agents receive the same payoff,
i.e., φi (N, v) = φ j (N, v).
Definition 3 (null player). Agent i is said to be a null player if
for every coalition S ⊆ N \ {i}, it holds that v(S ∪ {i}) = v(S).
The null player axiom requires that the payoff for the null
player will be 0, i.e., φi (N, v) = 0.
Definition 4 (additivity). Given two coalitional games (N, v)
and (N, w), let v + w be a function, v + w : 2N → R, such that
for every S ⊆ N, (v + w)(S) = v(S) + w(S). The additivity
axiom requires that the allocation to every agent i ∈ N in the
coalitional game (N, v + w) satisfies φi (N, v + w) = φi (N, v) +
φi (N, w).

4

Coalitional Games that are Easy to Explain

While automatically generating explanations for any coalitional game may seem as a complex task, there exist coalitional games that it is possible to automatically generate compelling explanations for them. In this section we define easyto-explain (ETX) games and show how to generate the appropriate explanations for them. In the next section, we use ETX
games for generating explanations for any coalitional game.
Definition 5 (clean). A coalitional game (N, v) is said to
be clean, if v is super-additive and consists of non-negative
values only, or if v is sub-additive and consists of only nonpositive values.
Intuitively, a clean game represents a “common” scenario.
Namely, a clean game can be associated with either a monetary revenue scenario or a taxation scenario. If a coalitional
game consists of non-negative values only, then each coalition in this game may represent the collective revenue its
members gain should they cooperate. It is common to assume that in a revenue scenario a collaboration is formed if
all of the participating agents benefit from the collaboration.
Therefore, a clean game requires that this game should be
super-additive so that the revenue of each coalition is at least
as much as the sum of any of its disjoint subsets. On the other

hand, if the coalitional game consists of non-positive values
only, it can be associated with a taxation scenario, in which
larger coalitions induce higher taxes.
Definition 6 (easy-to-divide (ETD)). A coalitional game
(N, v) is easy-to-divide if all the agents that are not nullplayers are equivalent to each other.
The intuition behind this definition is as follows. Let (N, v)
be an easy-to-divide coalitional game, and let p be the number of null-players in (N, v). If we accept that a solution concept should follow the efficiency, null-player and symmetry
axioms, then it is easy to calculate the allocation in an easyto-divide game. Namely, all null-player agents receive a payv(N)
.
off of 0 and all of the other agents receive a payoff of (|N|−p)
Clearly, this is also the Shapley value for this game.
Definition 7 (easy-to-explain (ETX)). A coalitional game
(N, v) is easy-to-explain if it is clean and easy-to-divide.
Clearly, a game that is easy-to-explain represents a common scenario (since the game is clean) and it is easy to understand its payoff allocation (since the game is easy-to-divide).
Consider the following examples, which illustrate the ETX
definition.
Example 1. Let N = {a, b, c}. There are five games, (1)-(5),
with the following characteristic functions:
Coalition (1) (2) (3) (4) (5)
{a}
1
0
1
0
1
{b}
0
0
2
0
1
{c}
0
0
0
0
0
1
-1
4
1
-1
{a, b}
{a, c}
1
0
2
1
1
{b, c}
0
0
2
0
1
{a, b, c}
1
-1
5
1
-1
Games (1) and (2) are ETX. Indeed, it is natural to assume
that a fair division of the revenue in game (1) assigns the total payoff to a, since b and c are null players. Similarly, a
fair division of the tax in game (2) assigns −0.5 to the two
equivalent agents a and b. Games (3) and (4) are clean but
not ETD, and game (5) is ETD but not clean. Indeed, it is not
straightforward to determine a fair division in these games.
Now, given an ETX game, it is possible to automatically
generate a verbal explanation for the game based on the fact
that the game is also ETD. Specifically, we need to find the
equivalent agents and the null players. Then, it is easy to
generate an explanation that points out which agents do not
contribute to the outcome and which agents have an equal
contribution and thus the total outcome should be equally divided between them. The explanation should also consider
whether the game describes revenues or taxation. For example, if agents a and c are equivalent, agent b is a null-player,
the game describes revenues, and the total revenue is $300,
it is possible to generate the following explanation: “In this
scenario, b does not contribute anything. a and c are identical
and always contribute the same. Therefore, the total revenue,
which is $300, should be equally divided between a and b,
and thus, the fair division is a : $150, b : $0, c : $150.”
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5

X-SHAP

put that is generated by the X-SHAP algorithm.

In this section we propose the X-SHAP algorithm, which
given any coalitional game, automatically decomposes the
coalitional game into a number of ETX sub-games. Given
the ETX sub-games, X-SHAP automatically generates verbal
explanations for each of them (as described in Section 4) and
presents the payoff allocations along with the explanations to
human users. It is expected that humans will find the Shapley value payoff to be fair in each of the ETX sub-games, and
thus the Shapley value for the given game, which is composed
of the sub-games, should seem fair to humans as well.
The X-SHAP algorithm works as follows. It receives a
coalitional game (N, v) as an input and provides a set X
of characteristic functions that maintains the following two
properties: (i) Each coalitional game (N, x), where x ∈ X, is
easy-to-explain. (ii) The sum of all the characteristic functions in X equals v. That is, ∑x∈X x = v. Note that since
the Shapley value satisfies the additivity axiom, the sum of
Shapley value payoffs assigned to each agent i ∈ N in each
characteristic function in X is equal to the Shapley value payoff for i in (N, v). That is, ∀i ∈ N, ∑x∈X Shi (N, x) = Shi (N, v).
Once the set X is generated, we generate verbal explanations
for each of the sub-games.
Algorithm 1 describes the pseudo-code for X-SHAP. The
algorithm iterates over all subsets S ⊆ N in ascending order
according to |S|. It maintains a characteristic function accum
that accumulates all the characteristic functions it builds in
each iteration. For each subset S whose value in v is different
from its value in accum, X-SHAP adds the following characteristic function x to X. For each subset of N, T , that contains
S, x(T ) is set to the difference between v(S) and accum(S).
Algorithm 1: X-SHAP
Input : A coalitional game (N, v).
Output: A set of characteristic functions X, along
with their verbal explanations.
/
1 X ←0
2 Let accum, x be characteristic functions on N
3 Initialize accum to 0 for any subset
4 for i ← 1 to |N| do
5
for every S ⊆ N, such that |S| = i do
6
Initialize x to 0 for any subset
7
if v(S) 6= accum(S) then
8
for every T ⊇ S do
9
x(T ) ← v(S) − accum(S)
10
11

12
13

Example 2. Consider the following coalitional game (N, v),
in which N = {a, b, c}, and v associates to every subset of
N the following values: v({a}) = v({b}) = 0, v({c}) =
100, v({a, b}) = 300, v({a, c}) = 200, v({b, c}) = 100, and
v({a, b, c}) = 500. The Shapley payoff allocation for each of
the agents in this game is Sha (N, v) = 200, Shb (N, v) = 150
and Shc (N, v) = 150. It is not intuitive that this payoff allocation is indeed fair. For this input, X-SHAP outputs a set X
with the following characteristic functions:
Coalition
{a}
{b}
{c}
{a, b}
{a, c}
{b, c}
{a, b, c}

(1)
0
0
100
0
100
100
100

(2)
0
0
0
300
0
0
300

(3)
0
0
0
0
100
0
100

Each of these functions is ETX and their sum equals v, i.e.,
∑x∈X x = v. The Shapley payoff allocation for each of the
coalitional games (N, x), where x ∈ X is:
Agent
Sha
Shb
Shc

(1)
0
0
100

(2)
150
150
0

(3)
50
0
50

In addition, X-SHAP provides a verbal explanation for each
sub-game. For example, it provides the following verbal explanation for the second sub-game: “In this scenario, c does
not contribute anything. a and b are identical and always
contribute the same. Therefore, the total revenue, which is
$300, should be equally divided between a and b, and thus,
the fair division is a : $150, b : $150, c : $0.”
We now prove that the set X of characteristic functions that
is returned by Algorithm 1 maintains the required properties.
Theorem 1. Each coalitional game (N, x), where x ∈ X, is
easy-to-explain.

X ← X ∪ {x}
accum ← accum + x
Generate a verbal explanation for each x ∈ X
return X along with the verbal explanations

The number of characteristic functions in X is at most the
number of subsets in N, which is, in fact, the size of the input.
Consider the following example, which illustrates the out-

Proof. Given a characteristic function x ∈ X, it corresponds
to a subset S ⊆ N. X-SHAP constructs x such that it assigns a
non-zero value, val, for every T ⊇ S, and a zero value otherwise. Therefore, for any agent i ∈
/ S and for every subset P ⊆ N \ {i}, it holds that x(P ∪ {i}) = x(P). That is,
every agent i ∈
/ S is a null player. On the other hand, every agent i ∈ S is not a null player, since x(S \ {i}) = 0 but
x(S) = val 6= 0. In addition, for every two agents i, j ∈ S and
any subset P ⊆ N \{i, j}, it holds that x(P∪{i}) = x(P∪{ j}).
That is, every two agents i, j ∈ S are equivalent. Therefore,
the coalitional game (N, x) is ETD. Finally, for every pair
of disjoint subsets P1 , P2 , these are the possible cases: (i)
P1 , P2 + S, and thus v(P1 ) = v(P2 ) = 0. Now, if val is positive
then v(P1 ∪ P2 ) ≥ v(P1 ) + v(P2 ), and if val is negative then
v(P1 ∪ P2 ) ≤ v(P1) + v(P2). (ii) Without loss of generality,
P1 ⊇ S but P2 + S. We get that v(P1 ) = val but v(P2 ) = 0. In
addition, since P1 ∪ P2 ⊇ S, v(P1 ∪ P2 ) = val = v(P1 ) + v(P2 ).
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Therefore, if val is positive then x is super-additive and if val
is negative then x is sub-additive. That is, (N, x) is clean, and
since (N, x) is also ETD it is ETX.
Theorem 2. The sum of all the characteristic functions in X
equals v. That is, ∑x∈X x = v.
Proof. The algorithm iterates over all S ⊆ N. At the end of an
iteration in which S ⊆ N is considered, accum(S) equals v(S).
This is because either accum(S) already equals v(S) or x(S)
is set to v(S) − accum(S) in line 9, and after line 11 accum(S)
becomes v(S). After considering S the algorithm does not
consider any S0 ⊆ S, and thus all following iterations do not
change accum(S). Finally, according to the algorithm construction, accum holds the sum of all functions x ∈ X when
the algorithm terminates. Hence, ∑x∈X x = accum = v.

6

Experimental Design

We begin our evaluation by validating the concept of ETX. To
that end, we first ran a survey on Mechanical Turk (Paolacci,
Chandler, & Ipeirotis, 2010). The participants were first given
an appropriate background on coalitional games in general
and instructions specific to the survey. To verify that the participants read and understood the instructions, each participant was required to correctly answer a short quiz with four
questions in order to proceed. The participants were then presented with an ETX game in which the agents were referred to
as entities, and the values of the characteristic function were
referred to as revenues. The game was composed of three entities, marked as a, b, c, and the participants were presented
with a table of revenues of the entities when they are alone
and when they collaborate with each other. Then, each participant was presented with one of the following possible payoff
allocation: 1. The Shapley payoff allocation. 2. The inverse
allocation. In this allocation, the agents that are null players
equally share the total revenue and all the other agents receive
a payoff of $0.
The participants were asked to rate the proposed payoff allocation by indicating to what extent they agree or disagree
that it is fair. The participants could choose one of seven options on a Likert scale (Joshi, Kale, Chandel, & Pal, 2015),
between ‘strongly agree’ (7) to ‘strongly disagree’ (1), with
the middle being ‘neither agree nor disagree’ (4). We used
two ETX games: the first two ETX games in the set X from
Example 2 (as shown in columns (1) and (2) there). Each
payoff allocation was presented to 30 different participants
for each of the two ETX games. Overall, we had 120 participants in this initial experiment, and the reward for each
participant was $0.3.
In our main experiment, we evaluated the explanation generated by X-SHAP. We ran a similar survey on Mechanical
Turk, in which the participants were presented with a coalitional game and the Shapley payoff allocation. Then, each
participant was presented with one of the following:
1. X-SHAP’s complete explanation. Participants were able
to switch between all the sub-games so that they could exam-

ine each sub-game individually. For each sub-game they were
presented with its allocation according to the Shapley value
with a brief verbal explanation. Finally, each participant was
shown how the sum of all the sub-games and their Shapley
value allocation equal to the original game and its Shapley
value.
2. X-SHAP’s decomposition into sub-games without their
verbal explanations.
3. Sub-game decomposition: A heuristic decomposition of
the game into sub-games, so that for each subset whose value
in the original game is different from 0, there is a sub-game
where this subset gets its original value and all other subsets
get the value 0. The graphical user interface was identical to
that of X-SHAP’s.
4. Marginal contribution: A verbal explanation describing
the largest marginal contribution of each agent.
5. Fixed: A fixed general explanation of the Shapley value
that was taken from the Spliddit website; it states that the
allocation is based on the marginal contribution of each agent
to each possible coalition.
6. No explanation at all.
The participants were asked to rate the proposed payoff allocation on a Likert scale, as in the initial experiment. The
participants were then presented with a different coalitional
game along with its Shapley payoff allocation accompanied
by one of the above-mentioned explanation types (different
from the explanation type received for the first scenario).
They were again asked to rate the proposed payoff allocation.
Table 1 specifies the coalitional games that we used for the
survey. In each of these games (N, v), N = {a, b, c}, and all
revenues are non-negative. The Shapley payoff allocation for
each of the scenarios appears in Table 2.
Table 1: The coalitional games that we used for the survey.
Coalition
{a}
{b}
{c}
{a, b}
{a, c}
{b, c}
{a, b, c}

(1)
200
200
100
400
600
600
800

(2)
0
100
200
300
400
300
700

(3)
0
0
100
300
200
100
500

(4)
0
0
0
300
300
0
300

(5)
100
200
300
200
300
300
350

(6)
300
0
500
500
100
200
600

Table 2: The Shapley payoff allocation for each of the scenarios from Table 1.
Agent (1)
(2)
(3)
(4)
(5)
(6)
Sha
250 200 200 200 50 250
Shb
250 200 150 50 100 150
Shc
300 300 150 50 200 200
We chose these coalitional games as they represent a variety of scenarios: in game (1) all the values are greater than
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zero, and agents a and b are equivalent. In game (2) the value
of {a} is zero and a and b are not equivalent, but the Shapley
payoff for a and b is nevertheless identical. In game (3) the
value of {a} and {b} is zero, there are no equivalent agents,
but the Shapley payoff for b and c is nevertheless identical.
In game (4) the value of {a}, {b} and {c} is zero, yet only
b and c are equivalent agents. Note also that game (4) is the
glove game mentioned above. The characteristic functions in
games (1)-(4) are super-additive. This attribute is common
since if two (or more) agents collaborate, they are expected
to gain more than each would have gained by herself. Yet, we
also tested two less common scenarios: In game (5) the characteristic function is sub-additive, while in game (6) the characteristic function is neither super-additive nor sub-additive.
Each of the six explanation types was presented to 35 different participants for each of the six scenarios. Overall, we
had 630 participants in the main experiment, each answering
two different scenarios with different explanations. The reward for each participant was $0.5. In total, i.e., in both the
initial and the main experiments, the average age of the participants was 39 with 453 males and 284 females; 13 participants chose not to specify their gender. We set a requirement
on Mechanical Turk that the approval rate of the works must
be at least 99% and did not require the Turkers to be masters.

7

Results

In our initial experiment, we validate the concept of ETX with
two ETX games. The average fairness rating of the Shapley
allocation was 5.76 and 5.83, which is significantly greater
(p < 0.0001) than with the inverse allocations, in which it was
only 2.5 and 2.13. This validates our assumption that Shapley allocation for ETX games are perceived as fair. We use
these results as an indication of the maximum and minimum
average fairness rating that can be obtained in our setting.
In our main experiment, we evaluate the explanations generated by X-SHAP. The results, presented in Figure 1, were
obtained by averaging over the ratings of the participants. As
depicted by the figure, the explanations that were generated
by X-SHAP (with or without the verbal explanations) outperformed all other explanations in terms of fairness rating
in all the scenarios examined. That is, the human participants perceive the payoff allocation fairer if they receive the
explanations that are generated by X-SHAP. Overall, the average fairness rating in scenarios in which the X-SHAP explanation was provided is 5.32, which is very close to the
average rating of the Shapley allocation in the ETX games.
We note that other explanation-types occasionally obtained
low ratings, which indicate that the Shapley allocation may
be perceived as unfair.
For checking the statistical significance, we ran repeated
measures ANOVA test, which considers both the scenario and
the type of explanation. The ANOVA test lead to statistically
significant differences (p < 0.01) between X-SHAP and all
other types of explanations (except X-SHAP without verbal
explanations). Indeed, analyzing the outcomes of the Lik-

Figure 1: Average rating of fairness for all explanation types
in each of the six scenarios. Error bars present the standard
error. The average appears in parentheses.
ert scale, and the use of parametric tests to analyze ordinal
data in general, has been subject to an active and ongoing
debate (Mualla et al., 2021). We thus conducted also a nonparametric test, an ordinal logistic regression analysis, which
is used to assess the difference between two methods with ordinal values, such as ratings and pain level reporting (Harrell,
2015). The ordinal logistic regression analysis also demonstrated the significance of the results.
We note that the explanations that were generated by XSHAP for scenarios (4)-(6) yielded a lower average of fairness rating compared to the explanations for scenarios (1)(3). A possible reason is that while scenarios (1)-(3) include
only characteristic functions with positive values, in scenarios (4)-(6) the explanations include characteristic functions
with positive values along with characteristic functions with
negative values. The combination of positive and negative
characteristic functions in one explanation may be confusing.
Nevertheless, the interaction effect between the scenario and
the type of explanation is non-statistically significant.

8

Conclusions and Future Work

The Shapley value is termed the most important normative division scheme in cooperative game theory. However, in some
scenarios, its payoff allocation may seem unfair to humans.
In this paper, we provided the first automatic method that generates customized explanations for the Shapley value. Our
approach does not directly use psychological insights regarding the perception of fairness by humans. Instead, we utilize
known mathematical axioms, and show that they can be used
for increasing the rating of fairness of the Shapley allocation.
Recall that the number of sub-games that X-SHAP shows
to the user depends on the scenario and the number of agents.
Therefore, in games with many agents, X-SHAP may be required to present its users with hundreds of sub-games. In
future work, we intend to address this issue and propose different complementary approaches.
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Abstract
Technology has been used in the service of learning for a long
time. Nowadays, the use of Artificial Intelligence (AI) is
developing but its acceptability among future teachers still
needs to be investigated. Moreover, differences between
elementary and middle-school teachers could arise, due to the
comparison between their role and those of technology
involving AI. The current study aims at evaluating the
acceptability of technology involving AI among future
teachers, using a well-known model and more specifically
regarding several tasks. Results show that elementary school
teachers expect more performance from technology involving
AI, but mainly for a use of content generation (e.g., course
content, exercises). Middle-school teachers are more willing to
accept technology involving AI for more high added value
tasks such as help in writing learning or in diagnosing learning
difficulties. Future studies should focus on identifying action
levers to favor higher acceptability and actual use.
Keywords: Education; Artificial Intelligence; Acceptability

Theoretical background
Teaching machines involving AI
The use of technology for educational purpose is not a recent
idea. A hundred years ago, Pressey, and then Skinner,
invented teaching machines. According to a description made
by Skinner himself (1958), the machine by Pressey presented
questions and, for each question, several possible responses.
Learners had to press the button corresponding to the
response they chose. If they chose the correct answer, another
question was proposed, and so on. If the answer was
incorrect, learners had to choose another response until they
found the correct one. The machine by Skinner was slightly
different: learners did not recognize the correct answer
among those proposed, but they had to write it. These
exercisers, conceived in the context of behaviorist learning,
had the benefit to propose immediate feedback after the
response choice and difficulty-adapted questions. The final
objective was to individualize learning, by respecting the
rhythm and needs of each learner (Watters, 2021).
Nowadays, technologies for learning can take different
forms, such as multimedia documents, videos, or virtual
reality. The objective is always to enrich learning situations.
Indeed, technologies can help teachers to facilitate learning
process by providing content that respect some design

principles (e.g., modality effect, Ginns, 2005; signaling or
contiguity principles, Mayer & Fiorella, 2014). Moreover,
the technical limitations of the last century are no longer
relevant today. The use of Artificial Intelligence (AI), and
particularly machine learning, is developing in the
educational field, with the possibility of generating content
(e.g., summaries, subtitles in videos from oral content,
Cojean & Martin, 2021) or analyzing several variables (i.e.,
learning analytics, Nistor & Hernández-Garcíac, 2018).
Currently, learning softwares (e.g., Pensum, Loiseau et al.,
2011; KidLearn project, Oudeyer et al., 2020; ProVoc,
Potocki et al., 2021; TACIT, Quaireau et al., 2016) can be
considered as the natural evolution of teaching machines,
even if they are sometimes far from behaviorist exercisers.
These software, generally designed to enhance the
acquisition of one specific skill (e.g., document summaries
drafting, numeracy, vocabulary learning, implicit
comprehension), allow to consider individual differences and
personalize learning (De Lièvre et al., 2019). Thus, they
represent an important learning support that teachers could
use. However, one of the major topics when investigating the
use of AI for educational purpose remains the relationship
between the teacher and the machine (Pu et al., 2021). An
analysis of the intention to use educational technology
involving AI seems therefore necessary.

Acceptability
Several theoretical models (e.g., Technology Acceptance
Model (TAM), Davis et al., 1989; Unified Theory of
Acceptance and Use of Technology (UTAUT), Venkatesh et
al., 2003) can be solicited to evaluate acceptability (i.e.,
judgment towards a product or a system before use,
Schuitema et al., 2010) of new technologies. On the basis of
these models, some studies have already been conducted on
the evaluation of AI acceptability in professional (e.g., Martin
et al., 2020) or educational context (e.g., Cruz-Benito et al.,
2019; Gado et al., 2021). In these studies, models on the
adoption of one product or system (e.g., mobile app) have
been adapted to the evaluation of a concept as broad as AI. It
has notably been showed that the classical
acceptability/acceptance models are still relevant to apply to
AI (e.g., Martin et al., 2020), with several variables supposed
to have an impact of future use of technology involving AI:
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performance and effort expectancy, social influence, and
facilitating conditions.
The role of the resistance to change is also mentioned
(Cruz-Benito et al., 2019), probably related to the regularly
expressed fear of machines replacing humans. Indeed, the
“algorithm aversion” (Mirbabaie et al., 2021) refers to the
perceived threat that jobs disappears in favor of AI. However,
since the invention of the first teaching machines one hundred
years ago, Skinner (1958) claimed that machines would not
replace teachers, but rather discharge them from costly tasks.
Overall, the use of technology by teachers is not acquired.
In France, according to official reports (PROFETIC, 2018,
2019), more than 90% of teachers use digital technologies to
create content, more of 80% use digital technologies in class,
but this percentage goes down to 57% (middle-school
teachers) and even 40% (elementary school teachers) for a
use involving manipulation from learners. These differences
of use between elementary and middle-school teachers may
be the resultant of a greater perceived threat for elementary
school teachers. Indeed, the later would be more taskfocused, whereas middle-school teachers would be more
performance-focused (Midgley et al., 1995). Using
technology to improve students’ performance would then be
considered as a useful tool for middle-school teachers (i.e., it
would help them achieve more easily the performancefocused goal), but elementary school teachers would fear
much more to be replaced in their job contribution (i.e.,
students support). Besides, a recent study (Backfisch et al.,
2021) showed that perceived utility of technology would be
a major factor of its use.

Current study
The aim of the current study is to investigate the acceptability
of learning technologies involving AI among future teachers.
Elementary school teachers use less technologies in class
than middle-school teachers and the fact that they are taskfocused (Midgley et al., 1995) may increase the perceived
threat of technology replacing them. Indeed, helping students
may be considered as their role and final aim, more than the
performance itself. Middle-school teachers, more focused on
performance, would accept more easily technology to
enhance it. Then, the main hypothesis is that elementary
school teachers would have a lower acceptability than
middle-school teachers. More precisely, we hypothesize that:
H1. Elementary school teachers would have lower scores
on the UTAUT variables than middle-school teachers.
H2. Elementary school teachers would be more reluctant
than middle-school teachers to use different applications of
technology involving AI in their daily work.

Methodology
Participants
A questionnaire was sent via Internet to French future
teachers in master degree. A total of 406 participants
(282 women, 122 men, 2 responded “other”, Mean age =
25.63, SD = 6.91) responded, 213 in elementary school

formation, 193 in middle-school formation. All of the
participants volunteered to take part to the study, signed a
consent form, and the experiment was conducted in
accordance with the principles of the Declaration of Helsinki
(World Medical Association, 2013).

Material and procedure
The questionnaire was divided in four parts. Firstly, a
definition of AI was proposed, to make sure that participants
had the same information before to respond: “Artificial
intelligence is concerned with the development of computers
able to engage in human-like thought processes such as
learning, reasoning, and self-correction” (Kok et al., 2009).
In the second part of the questionnaire, participants had to
position themselves on 11-points Likert scales (from 0 to 10)
related to UTAUT (Venkatesh et al., 2003) variables (three
items per dimension): performance expectancy (e.g., “I think
that artificial intelligence could be useful in my courses”),
effort expectancy (e.g., “Learning how to use technology
involving artificial intelligence would not be difficult for
me”), social influence (e.g., “I would use technology
involving artificial intelligence if my colleagues use it too”),
facilitating conditions (e.g., “The use of technology involving
artificial intelligence is compatible with my experience with
other technologies”), intention to use (e.g., “I will use
technology involving artificial intelligence in my courses as
soon as I can”). Two items evaluating prior experience with
new technology and AI were also proposed (e.g., “I feel
comfortable with the use of new technology”). The third part
of the questionnaire was composed of a list of pedagogical
tasks that technology involving AI might support (e.g.,
“Artificial intelligence could be useful to generate math of
French exercises”). In the tasks proposed, AI might be used
to generate content, provide personalized feedbacks, or
analyze strategies and performance in real-time. For each
task, participants had to indicate on 11-point Likert scales
(from 0 to 10) how much they think AI could be useful in
these cases. Finally, participants completed demographic
questions about their age, gender, and master degree specialty
(i.e., elementary or middle-school teachers).

Results
The differences between the two experimental groups (i.e.,
elementary school and middle-school teachers) were
analyzed using ANalyses Of VAriance (ANOVA) with a
significance level set at a = .05. The effect size was evaluated
using partial eta squared η².

Prior experience
Prior experience in the use of technology was considered as
a control variable. According to their responses on Likert
scales, all of the participants had a score of “prior experience”
from 0 to 10. ANOVA revealed no significant differences
between the two groups, F(1, 404) = 0.63, p = .428, η² = 0.00
(see Table 1 for descriptive statistics).
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Table 1: Descriptive statistics for prior experience.

Prior experience

Elementary
school teachers
M
SD
5.30
2.38

η² = 0.00), or real-time corrections (F(1, 404) = 0.38,
p = .537, η² = 0.00) acceptability.

Middle-school
teachers
M
SD
5.11
2.61

Table 3: Descriptive statistics for acceptability of tasks
involving AI.
Elementary
school teachers
M
SD

Acceptability of technology involving AI (UTAUT)
ANOVAs revealed a significant effect of experimental
condition on performance expectancy (F(1, 404) = 4.40,
p = .037, η² = 0.01). According to descriptive statistics (see
Table 2), elementary teachers perceived technology with AI
as more useful than middle-school teachers.
No significant effect was found between the two groups
concerning effort expectancy (F(1, 404) = 0.09, p = .763,
η² = 0.00), social influence (F(1, 404) = 0.55, p = .460,
η² = 0.00), facilitating conditions (F(1, 404) = 0.07, p = .796,
η² = 0.00), or intention to use (F(1, 404) = 2.94, p = .087,
η² = 0.01).
Table 2: Descriptive statistics for UTAUT variables.
Elementary school
teachers
M
SD

Middle-school
teachers
M
SD

Performance
expectancy

5.08

2.21

4.59

2.50

Effort
expectancy

4.47

2.17

4.40

2.30

Social influence

4.51

2.20

4.35

2.36

Facilitating
conditions

4.65

2.05

4.59

2.25

Intention to use

3.87

2.4

3.45

2.52

Middle-school
teachers
M
SD

Creation of course
support or content

6.10

2.66

5.41

2.95

Generation of math
or French exercises

6.56

2.48

5.95

2.83

Help in learning
foreign languages

6.54

2.42

6.16

2.89

Help in learning how
to write

4.40

2.78

4.99

3.01

Proposing exercises
with adapted
difficulty

6.22

2.61

6.12

2.94

Real-time corrections

4.86

2.97

5.04

2.97

Help to the
diagnostic of learning
difficulties

5.23

2.75

6.04

2.74

Discussion

Acceptability of tasks AI can support
ANOVAs revealed a significant effect of experimental
condition on creation of course support or content
(F(1, 404) = 6.13, p = .014, η² = 0.01), generation of math or
French exercises (F(1, 404) = 5.26, p = .022 , η² = 0.01), help
in learning writing (F(1, 404) = 4.22, p = .041, η² = 0.01),
and help to the diagnostic of learning difficulties
(F(1, 404) = 8.87, p = .003 , η² = 0.02) acceptability.
Descriptive statistics (see Table 3) indicate that elementary
school teachers are more willing to accept technology
involving AI for the creation of course content and exercises,
but middle-school teachers are more willing to accept
technology involving AI for help in learning how to write and
to the diagnostic of learning difficulties.
No significant effect was found between the two groups
concerning help in learning foreign languages
(F(1, 404) = 2.02, p = .156 , η² = 0.00), proposing exercises
with adapted difficulty (F(1, 404) = 0.11, p = .740,

The aim of the current was to investigate acceptability of
technology involving AI among future elementary and
middle-school teachers. We hypothesized that middle-school
school teachers would be more likely to accept and use
technology involving AI in class, mainly because it would be
less threatening for them. Conversely, elementary school
teachers would represent their job as more task focused,
implying more importance to human support, so they would
represent technology involving AI as a threat of replacement.
Results one the UTAUT variables are surprising.
Performance expectancy is higher for elementary school
teachers. No differences are observed between elementary
and middle-school teachers on effort expectancy, social
influence, facilitating conditions or intention to use. These
results seem contradictory to previous data indicating that
elementary school teachers use less digital technology than
middle-school teachers in class (PROFETIC, 2018, 2019).
More specifically, acceptability differs depending on the
task that technology involving AI could support. Elementary
school teachers seem more willing to accept the help from
technology involving AI for the generation of course content
or exercises. These tasks generally take place during course
preparation (i.e., before the class), and are not directed to
interaction with or between students. This is therefore
congruent with the high use of digital tools to create content
but lower use in class with manipulation by students
(PROFETIC, 2018, 2019). Middle-school teachers seem
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more willing to accept the help from technology involving AI
for assisting students during writing learning and for
detecting potential learning difficulties. These tasks can be
usually considered as specific to the student-teacher
interaction, and so delegate them to AI could represent a
bigger threat for elementary school teachers. Middle-school
teachers, who seem to be more focused on performance, may
consider that every help is beneficial to achieve this goal,
even the help from AI.
Eventually, the current study sheds the light on the
disparity among future teachers on acceptability towards new
technology. Future studies should focus on identifying action
levers to favor higher acceptability and actual use. These
levers (e.g., deep understanding of AI functioning) could be
different among populations (i.e., elementary or middleschool teachers).
Future studies should also prevent some limits of the
current study. Men and woman are not equitably distributed
among conditions (i.e., 25 men and 188 women for
elementary school teachers, 97 men and 94 women for
middle-school teachers). This may reflect the actual
repartition between elementary and middle-school teachers
but could be considered. Although we had no hypothesis on
a difference according to gender, when taken into account,
results on the UTAUT variables show a significant impact of
gender (F(2, 401) = 5.83, p = .003, η²p = 0.00), with higher
scores for men than women, and a significant interaction
between condition and gender (F(1, 401) = 4.72, p = .030,
η²p = 0.00) on effort expectancy. Finally, on variables with
significant differences between conditions, effect sizes vary
between 0.01 and 0.02, which is considered as a small effect.
Results should be interpreted with caution regarding this
issue.
At the beginning of the questionnaire, a definition of AI
was proposed, to make sure that all of the participants had the
same definition in mind when answering. However, this
might not be sufficient, because they could have previous
representations (Ragot et al., 2020). It may be interesting to
question these previous representations to adapt the proposed
definition, and correct inaccurate perceptions for example.
Finally, examples of tasks proposed to evaluate acceptability
more precisely could be reconsidered. They could be more
detailed and provide more ecological scenarios.
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Abstract
It is commonly assumed that there are qualitatively distinct
cognitive strategies that underlie decision making. Because
cognitive strategies differ in how information is processed,
predecisional information search offers a window onto these
strategies. Using a bottom-up approach, we examine whether
predecisional information search actually reflects the use of
distinct strategies. Specifically, we investigate the extent to
which the heterogeneity in people’s predecisional information
search in a risky choice task reflects qualitatively distinct patterns that should emerge when people use distinct strategies.
Our analysis takes into account the distribution of attention
across attributes and transitions between attributes. Using cluster analysis, we find just two qualitatively different clusters
with low separability: one characterized by balanced attention to all attributes and by transitions occurring mostly within
the same option, and one characterized by a focus on outcome
information and by frequent attribute-wise transitions. These
two clusters were also associated with differences in people’s
choice behavior. The distribution of these clusters varied considerably across individuals, but less so across choice problems, suggesting that information search is not necessarily
guided by features of the choice problem—this result challenges current theories on strategy selection. Our results challenge the common assumption that heterogeneity in predecisional information search is differentiated along clearly distinct information processing policies. Instead, the differentiation seems to fall into just two broad clusters—one resembling rational principles of expectation computation, the other
reflecting heuristic principles that neglect probabilities—with
considerable variability within each cluster.
Keywords: decision making; information search; heuristics;
process tracing; clustering; decision strategies

Research on human decision making has a long tradition of
investigating the information processing underlying people’s
choices. One important methodological approach for studying information processing is analyzing predecisional information search, recorded with eye tracking or informationboard procedures such as Mouselab (Payne, Bettman, &
Johnson, 1993; Schulte-Mecklenbeck, Kühberger, & Johnson, 2019). This approach is based on the eye–mind assumption (Just & Carpenter, 1980), according to which there is a
close link between looking at information and mentally processing it.
Two of the key properties of predecisional information
search that have been used to characterize people’s attentional policies during decision making are the extent to
which information inspection proceeds in an attribute-wise
versus an option-wise manner, and how people distribute
their attention across the various attributes (Payne, Braunstein, & Carroll, 1978; Rosen & Rosenkoetter, 1976; Russo

& Dosher, 1983; Su et al., 2013). Predecisional information
search data have been used to test process models of decision strategies, as well as to test how these strategies deviate
from the rational principle of expectation computation (i.e.,
summing up the possible outcomes of a risky option, each
weighted by its probability; Glöckner & Herbold, 2011; Johnson, Schulte-Mecklenbeck, & Willemsen, 2008; Pachur, Hertwig, Gigerenzer, & Brandstätter, 2013; Venkatraman, Payne,
& Huettel, 2014). Moreover, patterns of predecisional information search have helped to map individual differences in
decision making (e.g., Pachur, Schulte-Mecklenbeck, Murphy, & Hertwig, 2018; Patalano, Juhasz, & Dicke, 2010)—as
has been done in other areas of cognitive science, such as
categorization (Kruschke, Kappenman, & Hetrick, 2005) and
reading (Staub, 2021).
An implicit assumption in process-tracing research in decision making is that predecisional information search data provides a diagnostic signal for inferring which strategy people
use (e.g., Glöckner & Herbold, 2011; Pachur et al., 2013). For
example, a balanced inspection of both outcome and probability information with most transitions occurring between
outcomes and probabilities of the same option could indicate the weighted-additive strategy, which weights outcomes
by their probability (in line with the rational principle of expectation computation). In contrast, a decision maker using
a minimax strategy, which ignores probabilities and simply
chooses the option with the more attractive outcome, should
show a focus on inspecting outcome information with transitions that reflect comparisons of outcome information both
within and between options.
Here we scrutinize this assumption by analyzing how distinct patterns of predecisional information search actually are.
Using a clustering technique, we investigate the patterns of
predecisional information search in risky choice. Whereas
research on cognitive processes in decision making tends to
be top-down, using existing models of strategies to describe
people’s behavior (Glöckner & Herbold, 2011; Johnson et
al., 2008; Lee, Gluck, & Walsh, 2019; Pachur et al., 2013),
we take a bottom-up approach, aiming to identify empirical
patterns of predecisional information search without making
prior assumptions of what these patterns might look like. This
approach allows us to test the signal arising from predecisional information search data at face value and to potentially
detect patterns that have not been hypothesized previously.
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Figure 1: Cluster centroids. Variables refer to relative inspection time of boxes and relative number of transitions between
boxes. Darker colors indicate higher values. O = outcome attribute, P = probability attribute
If predecisional information search data reflects the information processing of distinct decision strategies, then it should
be separable into distinct clusters. Also, since decision strategies may predict different choices, different patterns of predecisional information search should also be associated with
differences in choice behavior. For instance, trials in which
choices are more consistent with the minimax strategy should
be associated with a stronger focus on outcome information
compared to trials in which choices are more consistent with
a weighted-additive strategy.
In addition to identifying distinct patterns of predecisional
information search, we are interested in analyzing sources of
variability in these patterns. Theories of metareasoning suggest that decision makers adapt their decision strategies to
the characteristics of the choice problem (Lieder & Griffiths,
2017; Payne, Bettman, & Johnson, 1988); on this account,
patterns of predecisional information search should therefore
vary between choice problems. Moreover, individuals might
use different strategies (Mohnert, Pachur, & Lieder, 2019),
which should lead to different patterns of predecisional information search between individuals. Previous research has
found variability of information processing across individuals (Pachur et al., 2018) as well as across choice problems
(Payne et al., 1993), but so far the extent of this variability
has not been compared directly.

Methods
Data
For our analysis, we used data from Pachur et al. (2018), in
which 90 participants completed a set of 91 risky choice problems twice in two sessions three weeks apart. At each trial,
a choice problem consisting of two options was presented.
Most options were risky options offering two outcomes with
some probability (e.g., a 34% chance of winning e24 and
a 66% chance of winning e59 vs. a 42% chance of winning e47 and a 58% chance of winning e64). The choice
problems included 35 pure-gain choice problems, 25 pureloss choice problems and 31 mixed choice problems.
The choice problems were presented with the processtracing software Mouselab Payne et al. (1993). In Mouselab,

information about probabilities and outcomes are hidden behind boxes but can be revealed by moving the mouse cursor
over the box; the information disappears once the cursor is
moved away. By recording how long each box is open and
how the decision maker transitions between boxes, Mouselab
traces patterns in predecisional information search.
Box openings shorter than 100 ms were discarded from the
analysis. We excluded 0.7% of all trials from analysis because no decision was recorded or fewer than two boxes were
opened. On average, 26 boxes were opened per trial.
For every trial, we computed a total of 14 variables characterizing the predecisional information search. Eight variables
reflected the amount of attention allocated to the options’ different attributes: the relative inspection time of the maximum
outcome (o max), of the minimum outcome (o min), and of
their respective probabilities (p[o max], p[o min]), separately
for the chosen and the unchosen option. Six variables referred to how participants moved between the boxes during
predecisional information search: the relative number of transitions between two outcomes (O-O), between two probabilities (P-P) and between one outcome and one probability (OP/P-O), separately for transitions within one option and between the two options. We focused on this set of variables because inspection times and transitions between attributes are
among the most commonly studied properties of process data
in risky choice (Glöckner & Herbold, 2011; Johnson et al.,
2008; Pachur et al., 2013). All variables were z-standardized
across all participants.

Analytic Approach
To identify clusters of predecisional information search, we
used k-means clustering on all trials from all participants.
In k-means clustering, every observation (in this case, every
trial) is assigned to the cluster with the closest cluster centroid. The algorithm sets a specified number of k cluster centroids such that the total within-cluster variance is minimized.
Here, we performed clustering with 1 ≤ k ≤ 15, and for each
k, we computed the silhouette coefficient to assess betweencluster separation.
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Results
With increasing number of clusters k, there was no identifiable “elbow” after which decreases in the within-cluster
variance were only marginal. Silhouette coefficients, which
express how clearly the clusters are separated, ranged between 0.10 and 0.17, suggesting that separation was low and
that on average, data points were close to neighbouring clusters. These results indicate that the predecisional information search data do not display strongly distinct clusters; instead, the boundaries between clusters are continuous. For all
subsequent analyses, we used k = 2, as this resolution yields
the highest separation between clusters according to the silhouette coefficient while enabling clear interpretability of the
differences between clusters.
Figure 1 shows the centroids of the two resulting clusters.
One cluster (Figure 1A) was characterized by balanced attention to all outcome and probability information and by most
transitions occurring between outcome and probability information of the same option. We therefore refer to it as the
balanced cluster. The other cluster (Figure 1B) was characterized by a focus on outcome information and transitions
between outcome and probability information of the same option; there were also frequent transitions between outcome
information, both within one option and between the two options. We refer to this cluster as the outcome-priority cluster.
Many clustering solutions with higher values of k included
a cluster similar to the outcome-priority cluster and clusters
in which some outcome-probability pairs were inspected for
longer than others (but not the more general balanced cluster).

How Do the Search Clusters Vary Across Choice
Problems and Across Participants?
We compared two possible sources of variability in predecisional information search: choice problems and participants.
Figure 2A plots the cluster distribution across choice problems. There was strong evidence against the cluster distribution differing between choice problems (BF10 = 7.6 × 10−40 ).
Figure 2B plots the cluster distribution across participants.
There was strong evidence that cluster distribution differed
between participants (BF10 = 8.0 × 10730 ). These findings
suggest that the qualitative differences in predecisional information search are primarily driven by differences between
individuals, and not by choice problems.

Are the Search Clusters Associated With
Differences in Choice?
Differences in information processing—and by extension in
predecisional information search—might lead to systematically different decisions. We therefore tested whether the balanced cluster and the outcome-priority cluster were linked to
differences in choice behavior. Separately for each choice
problem, we compared the distribution of chosen options in
trials assigned to the balanced cluster with the distribution
of chosen options in trials assigned to the outcome-priority
cluster. For 18 of 91 choice problems, there was strong evidence for a different distribution between chosen options

(BF10 > 10) and one choice problem showed strong evidence
against a difference in choice (BF10 < 0.1). The remaining
problems did not show sufficient evidence for or against differences in choices between the clusters. Overall, these results indicate that the two clusters in predecisional information search are linked to differences in choices.
In a further step, we aimed to characterize these differences in choice behavior in more detail. For each choice
problem, we computed the decision quality (defined as the
proportion of choices of the option with the higher expected value), separately for trials assigned to the balanced
cluster and the outcome-priority cluster. Decision quality did not differ between the two clusters (Mbalanced =
0.46, Moutcome−priority = 0.50, BF10 = 0.12). Next, for each
choice problem, we computed risk attitude (defined as the
proportion of choices of the option with the higher coefficient of variation), separately for trials assigned to each of the
two clusters. There was moderate evidence that for pure-gain
problems choices on trials assigned to the outcome-priority
cluster were more risk-seeking than in the balanced cluster (Mbalanced = 0.48, Moutcome−priority = 0.54, BF10 = 5.1);
there were no differences in risk attitude for pure-loss problems (Mbalanced = 0.49, Moutcome−priority = 0.50, BF10 = 0.23)
and mixed problems (Mbalanced = 0.45, Moutcome−priority =
0.54, BF10 = 1.86).
In sum, differences in predecisional information search
were associated with differences in choice behavior for some
of the choice problems. Predecisional information search was
not linked to differences in choice quality.

How Are the Clusters Related to Existing Strategies
of Risky Choice?
Finally, we investigated how the choices associated with the
identified clusters in predecisional information search corresponded to existing models of strategies for risky choice. We
determined the predicted choices of 11 strategies for risky
choice (see Table 1) and computed, for each cluster, the proportion of trials in which people’s choices matched the strategies’ predictions (Figure 3). The choices of the least-likely
strategy (BF10 = 1.4 × 1023 ) and the tallying strategy (BF10 =
52, 070) more closely matched the choices in the balanced
cluster than those in the outcome-priority cluster. These two
strategies consider both outcome and probability information
when making a choice and thus are consistent with predecisional information search that attends to both types of information. The maximax strategy (BF10 = 2.0 × 1017 ) and the
equal-weight strategy (BF10 = 4.9 × 1031 ) better matched the
choices in the outcome-priority cluster than those in the balanced cluster. These two strategies consider only outcome
information when making a choice and are thus consistent
with predecisional information search that primarily attends
to outcome information. Choices were therefore consistent
with existing decision strategies that resembled the predicted
predecisional information search.
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Figure 2: Cluster distribution across choice problems (Panel A) and across participants (Panel B).
making process (e.g., Brandstätter, Gigerenzer, & Hertwig,
2008; Goldstein & Einhorn, 1987; Kahneman & Tversky,
1979; Pachur et al., 2013).
Overall, the clusters displayed low separability, indicating
that the boundaries between them are blurred. This suggests
that predecisional information search does not fall into distinct categories; instead, differences in predecisional information search seem to be gradual. An important question
for future research will be to examine how well this finding
generalizes to decision making in other domains. For example, in multi-attribute choice, where attributes are less interdependent than in risky choice (where normatively an outcome is closely tied to its corresponding probability; Rosen
& Rosenkoetter, 1976), the patterns of predecisional information search might be less homogeneous and the evidence
for distinct strategies stronger.
Figure 3: Proportion of choices that were consistent with each
of the tested strategies. Error bars represent standard error of
the mean.

Discussion
We employed a bottom-up, data-driven approach to examine
patterns in predecisional information search in risky choice.
The analysis revealed two general clusters. The balanced
cluster was characterized by a balanced attention to outcome and probability information and transitions occurring
mostly between outcome and probability information of the
same option. The outcome-priority cluster was characterized by a stronger focus on outcome information and frequent
attribute-wise transitions. The outcome-priority cluster may
reflect a heuristic strategy that ignores part of the information (Gigerenzer, Hertwig, & Pachur, 2011). Although even
in the outcome-priority cluster probability was inspected to
some degree, this could reflect an initial reading (or encoding)
phase that is often assumed to precede the actual decision-

While there were pronounced individual differences in predecisional information search across participants, there were
hardly any qualitative difference in predecisional information
search across choice problems. This finding is at odds with
the assumption in metareasoning theories that strategy selection (and consequently predecisional information search) is
guided by the characteristics of the choice problem (Lieder
& Griffiths, 2017; Payne et al., 1988). The set of choice
problems used in our data set should be sufficiently diverse
to elicit the use of different strategies for different choice
problems; previous modeling work showed that choices on a
similar set of choice problems were best described by people
employing a toolbox of different strategies (Mohnert et al.,
2019). However, we cannot rule out that the patterns identified by our clustering analysis subsume strategies that are
similar in how they search information but different in terms
of the mental operations involved. Also, given the considerable variance in predecisional information search within each
of the identified clusters, our findings do not rule out more
continuous differences in predecisional information search
between choice problems—for instance, that people’s atten-
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Table 1: Models of strategies of risky choice.
Strategy
Minimax
Maximax
Least-likely
Most-likely
Better-than-average

Equal-weight
Tallying

Probable

Lexicographic

Priority heuristic

Weighted-additive

Description
Choose the option with the highest minimum outcome.
Choose the option with the highest outcome.
Identify each option’s worst outcome. Then choose the option with the lowest probability of the worst
outcome.
Identify each option’s most likely outcome. Then choose the option with the highest most likely
outcome.
Calculate the grand average of all outcomes from all gambles. For each gamble, count the number
of outcomes equal to or above the grand average. Then select the gamble with the highest number of
such outcomes.
Calculate the sum of all outcomes within a gamble. Choose the gamble with the highest sum.
For gamble problems in the gain domain, give a tally mark to the gamble with (a) the higher minimum
gain, (b) the higher maximum gain, (c) the lower probability of the minimum gain, and (d) the higher
probability of the maximum gain. For gamble problems in the loss domain, replace “gain” by “loss”
and “higher” by “lower” (and vice versa). Select the gamble with the highest number of tally marks.
Categorize probabilities as “probable” (i.e., p ≥ .5 for a two-outcome gamble) or “improbable.” Cancel improbable outcomes. Then calculate the arithmetic mean of the probable outcomes for each
gamble. Finally, select the gamble with the highest average payoff.
Determine the most likely outcome of each gamble and their respective payoffs. Then select the
gamble with the highest most likely payoff. If all payoffs are equal, determine the second most likely
outcome of each gamble and select the gamble with the highest (second most likely) payoff.
Go through attributes in the following order: minimum gain, probability of minimum gain, and maximum gain. Stop examination if the minimum gains differ by 1/10 or more of the maximum gain; otherwise, stop examination if the probabilities differ by 1/10 or more of the probability scale. Choose
the option with the most attractive gain (probability).
For each gamble, sum up the possible outcomes weighted by their probabilities. Choose the option
with the highest weighted sum.

Note. Descriptions of strategies are adapted from Brandstätter, Gigerenzer, and Hertwig (2006).
tion to outcome and probability information depends in a
gradual fashion on the magnitude of these attributes. In any
case, our analysis suggests that the signal contained in data
about decision makers’ predecisional information search—
though clearly displaying systematic structures (Pachur et al.,
2018)—might be less specific about qualitatively distinct processing strategies than is commonly assumed.
Clusters were associated with differences in choice behavior, indicating a link between the information attended and
the final choice (Orquin & Loose, 2013). However, the different choice patterns did not result in differences in decision
quality, showing that both types of predecisional information
search could lead to similarly good decisions. The association between clusters and choices was observed for only
a subset of the choice problems, maybe because the choice
problems were not specifically designed to differentiate between the two clusters and different ways of predecisional
information search might have led to similar decisions for
some choice problems. The choices associated with the clusters overlapped with the choice predictions of previously suggested strategies that correspond to the type of information
considered in each cluster: While strategies that consider both
outcome and probability information better explained choices

in the balanced cluster, strategies that only consider outcome
information better explained choices in the outcome-priority
cluster. Thus, while there seems to be a link between the clusters identified in our analysis and existing models of decision
making, there is no simple one-on-one match between clusters and strategies.
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Abstract
Accessibility plays a major role in speech production. Here we
investigate and measure four factors that influence speakers to
produce one word over another more optimal word form. Three
experiments asked participants to label images of insects and
instruments. Participants were incentivized to produce an
accurate specific label (e.g., bee), over a more general label
(e.g., insect), so that specific labels were more optimal. Each
of three experiments manipulated a different factor that could
influence accessibility – word frequency, priming, and
interference – and all experiments additionally varied whether
labels had to be produced under time pressure or not. Results
showed that each variable significantly influenced the
accessibility of labels: participants produced more specific
labels when those labels were higher frequency, when they
were primed, when a visually-similar label had not been
primed, and when participants were unconstrained by time
pressure. These findings demonstrate that multiple factors
influence the accessibility of familiar words during production,
regularly leading participants to rely on “good-enough” rather
than optimal options to convey their message.
Keywords: lexical production; accessibility; language
production; word frequency; priming; interference; time
pressure

Introduction
Speakers (and signers) are incredibly adept at communicating
an idea or message. However, the process of producing
language is nontrivial. As we plan a message, we must select
words that accurately convey our intended message, and we
do not always choose the most optimal labels. For example,
if someone quotes a line spoken by Romeo by saying, “A
flower by any other name…”, the comprehender may well
understand the utterance, even though Romeo actually spoke
of a rose. What causes speakers to access and produce nonoptimal words? Here, we seek to compare the role of different
factors influencing what has recently been referred to as
“good-enough” language production (Ferreira & Griffin,
2003; Koranda, Zettersten, & MacDonald, 2022; for review
see Goldberg & Ferreira, 2022).
Good-enough language production refers to the production
of non-optimal utterances that nonetheless approximate the
intended message. While work on language as involving a
“noisy channel” investigates how listeners recover from nonoptimal language (e.g., Clayards, Tanenhaus, Aslin, &
Jacobs, 2008), our focus is different. The current work
investigates factors that give rise to good-enough production
in the first place. Specifically, we presume that words that are
non-optimal, but intended to be “good-enough,” are produced
when the speaker (or signer) is unable to access the more

optimal form. Nearly every conversation showcases the
pervasiveness of good-enough production, as speakers’
utterances are rarely uniformly optimal. Good-enough
language production thus highlights the role of accessibility
from memory during language production.
Accessibility, or the speed and accuracy of retrieval, is not
a new concept. Factors that are known to influence lexical
accessibility include: frequency, priming, salience, and
animacy (e.g., Bonin et al., 2019; Coltheart et al., 1979;
Gordon, 1983; Lorch, Balota, and Stamm, 1986). A majority
of this research has relied on lexical decision tasks, which
involve deciding whether a string is a real word or a nonsense
word (Meyer & Schvaneveldt, 1971), in order to control for
the myriad factors that potentially influence lexical access.
Yet lexical decision tasks are particularly unnatural, except
perhaps in the context of playing Scrabble or Wordle, since
words are generally accessed in order to implicate an
associated concept, and nonsense “words” serve no such
purpose.
Far fewer studies have used naturalistic production tasks
(but see e.g., Bock, 1986, 1987; Arnold, 2010; Harmon &
Kapatinski, 2017; Tachihara & Goldberg, 2020). A notable
recent such study taught participants a set of novel words,
each referring to a different degree on a compass (Koranda,
Zettersten, & MacDonald 2022). The words varied in
whether they were presented with higher or lower frequency.
Participants were awarded points based on how accurately
they used the novel words and how quickly they produced
them. Koranda et al. demonstrated that when participants
needed to describe an angle that lay between two points that
had been labeled by a high- and a low-frequency word,
participants were more likely to extend the higher-frequency
word to apply to the unlabeled angle. The result confirms that
frequency influences the choice of words, presumably
because higher frequency words are easier to access. The
current work extends Koranda et al.’s study in the following
ways.
Rather than teaching participants novel words, we
capitalize on the natural variability in frequency of familiar
words. We also test other factors that may impact
accessibility: priming and competition. Finally, we combine
data across the three studies in order to detect a possibly
subtle influence of time pressure.
Previous work has found that priming a lexical item
increases the speed with which the item is recognized in
lexical decision tasks (e.g., Scarborough, Cortese, &
Scarborough, 1977), and we aim to determine whether the
same effect is evident in the current more naturalistic picture-
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naming task. Work on the role of competition in accessibility
is complex. In lexical decision tasks, people tend to be slower
to recognize words with many phonological neighbors which
presumably compete for activation (e.g., Cluff & Luce,
1990). This effect, however, may be influenced by the lexical
decision task itself, insofar as determining that a string is a
non-word requires that real-word neighbors must be rejected.
In the semantic domain, the role of competition is often
discussed in terms of “codability.” For instance, since sofa
has a nearly synonymous competitor, couch, it is considered
less codable than a word such as apple which has no close
competitors (e.g., Zettersten & Lupyan, 2020). In Experiment
3, we compare productions in which a competitor has been
made salient (via priming) or not.
Finally, to simulate the variable pace of natural
conversations, in each experiment, we manipulated whether
or not participants faced a time limit to respond. We predicted
that participants would be more likely to produce nonoptimal, “good-enough” labels under time pressure.

10.4; female = 61). All participants were paid between $1.50
- $3.60 USD.

Figure 1: Example stimuli used across the three
experiments. From left to right, top to bottom: bassoon,
accordion, tuba, harp.

Stimuli

Experiments
In each of three experiments, the dependent measure is the
type of response provided during the production phase of the
experiment: how likely participants are to produce a specific
picture label (e.g., bee) compared to a general description
(e.g., insect), an accurate but less optimal choice in the
experimental context. Images that required labeling came
from two general categories – insects and instruments – and
participants saw each category in a different block of the
experiment, order counterbalanced.
All three experiments manipulated whether participants
were required to produce labels under time pressure. This was
manipulated across two blocks: the labels for the first 8
images in one block could be produced without time pressure;
then 8 speeded trials were presented in another block.
Participants were warned they needed to produce labels for
the images within 3 seconds or the trial would end.
All three experiments included target words that varied in
their frequencies of occurrence in the 500-billion-word
Corpus of Contemporary American English (Davies, 2008).
Log-frequency of target words was included in all analyses
as a fixed factor. Experiment 2 additionally manipulated
whether specific labels were primed before they were elicited
as target words. Finally, Experiment 3 manipulated whether
a visually-similar competitor labels was primed before target
words were elicited.

Participants
A total of 240 adult participants were recruited online from
Cloud Research for this study, 80 for each of the 3
experiments. 31 participants were excluded for failing to
achieve 75% accuracy in either the first or third phase of the
experiment. 21 participants were also excluded for extensive
knowledge of musical instruments. Of the remaining
participants, the first 40 participants who successfully
completed each experiment and filled out our
counterbalancing lists were included (mean age = 38.4; SD =

Eight images of insects (e.g., moth, millipede) and 8 images
of instruments (e.g., trombone, clarinet) were included in all
experiments. These images and labels were chosen from a
norming study examining the codability of each image.
Images and labels were chosen to meet the following criteria:
1) variation in frequency, 2) variation in codability. The
choice of labels was varied across tasks in order to institute
the priming or competition under investigation in
Experiments 2 and 3. Other items remained constant. Logfrequencies of each correct label were calculated based on the
number of occurrences in the COCA corpus (Davies, 2008)
(see Table 1)
Table 1: Example stimuli from Experiment 1.
Word
Ukelele
Trombone
Clarinet
Harp

Log-frequency
(Davies, 2008)
1.75
2.81
3.07
3.38

Procedure
Each participant was exposed to 2 blocks of 3 phases each. In
each block, the primary production phase was presented after
a lexical decision phase (included solely for the purpose of
priming), and before a 2AFC phase. One block of trials
involved labels and images of insects, the other, instruments.
The order of the general categories (insects or instruments)
were counterbalanced across participants.
Lexical decision phase. An initial lexical decision task was
included in all three experiments, as an attention check and
to induce priming in Experiments 2 and 3. Participants were
presented with 6-8 nonce words and 3-4 real words (one at a
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time) and were asked to choose whether each was a real word
of English or not. Participants were excluded if they did not
perform correctly on at least 6/8 trials (75% correct).
Production phase. The production task provides the key
dependent measure: word choice. Participants were asked to
type the labels of entities shown in a series of images. Images
of insects (or instruments) were presented one at a time; the
order of category (insects or instruments) was
counterbalanced across participants. Participants were told
in advance that accurate specific labels (such as bee) would
earn a bonus of $0.10. They were also informed that they
were allowed to respond with the name of the general
category (i.e., insect or instrument), and would earn $0.05
each time they did this. Therefore, specific responses were
incentivized and more optimal compared to general labels.
Incorrect responses received no reward or penalty.
Participants only needed to type at least the first 4 letters of
their answer in order to be correct, to alleviate spelling/typing
concerns. For each of the two general categories, participants
responded to 8 images without any time pressure, followed
by a second set of 8 images which required responses within
3 seconds. No images were repeated.
2AFC phase. Following the production phase, participants
were asked to perform a 2-alternative forced choice task
when presented with two images and a label. This was used
to determine whether participants were able to recognize the
label and image pairings of the target items when retrieval
demands were eliminated. Participants clicked on one of two
images in response to “click on the label.” There were a total
of 8 trials in each block. Side of presentation for each test
image was randomized, as were foil images. Participants who
scored fewer than 6/8 in this phase were excluded from
analysis.

flute) were used. These items were chosen because they
varied in frequency.

Results
Data exclusion
Performance on the 2AFC task was used as an exclusion
criterion (scores less than 6/8) and only 1 participant was
excluded. In addition, production data was excluded that
were clearly typos, omissions (lack of response) or
incomprehensible responses (6.7% of data).

Production phase
After excluding obvious uninterpretable responses and
omissions, the most frequent responses were specific labels
(49.2%). Incorrect specific labels were the next most frequent
(28.1%, e.g., typing wasp for bee), followed by general labels
(22.6%).
As planned, to analyze participants’ responses we
implemented a logistic mixed-effects model to predict
participants’ use of specific responses (e.g., insect) on the
basis of two fixed factors -- time pressure (speeded or unspeeded), the log-frequency of the specific label--and their
interaction. We included random intercepts of subject, image
category, as well as random slopes for time pressure for
subjects. We attempted to additionally include the following
random effects, but removed them due to failures to
converge: a random slope of image label by image category,
a random intercept of image label, and a random slope of
frequency by subject.

Experiment 1
Experiment 1 manipulated only speed of response and the
lexical frequencies of the target words. Based on results of
Koranda, Zettersten, & MacDonald (2022) on the production
of novel words, we predicted that participants would produce
more specific labels when those labels were more frequent.
We also predicted participants would produce more specific
labels when no time pressure was imposed, indicating that
accessibility issues to word forms may arise due to timing
constraints. In Experiment 1, the initial lexical decision task
was only used as an attention check. It contained no words
that were related to the main Production phase.

Method
Stimuli
8 images of insects (moth, millipede, dragonfly, beetle,
termite, flea, cockroach, fly) and 8 images of instruments
(ukulele, trombone, clarinet, harp, bongos, tuba, accordion,

Figure 3: Average proportion of specific responses by logfrequency of items.
As shown in Figure 2, results reveal a significant main
effect of log-frequency (Odds Ratio = 17.24, 95% CI = [9.32,
31.89], p-value = 0.001), meaning that participants were
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more likely to produce a specific label such as high-frequency
fly compared to a lower-frequency label like flea. We did not
see any effect of time pressure in Experiment 1 nor an
interaction with frequency.

2AFC task
The average accuracy in identifying the correct image when
provided with a label was near ceiling (97.8%). We take the
high accuracy on this task to suggest that the labels used were
generally recognizable when retrieval demands were
eliminated.

Experiment 2
In Experiment 2, we tested whether priming of a subset of
specific labels during the lexical decision task will increase
the production of those labels during the production task.

Method
Stimuli
The stimuli in this experiment were: moth, millipede,
dragonfly, beetle, termite, flea, cockroach, caterpillar as
insects; and french horn, trombone, clarinet, harp, bongos,
tuba, accordion, flute as instruments. Changes in stimuli
from Experiment 1 were made to avoid phonological primes
(e.g., removing fly from the stimuli so we did not mistakenly
prime dragonfly) and to maintain a similar frequency
distribution.

We again implemented a logistic mixed-effects model to
predict participants’ use of specific responses (e.g., insect).
We included predictors of time pressure (speeded vs. unspeeded), whether the label was primed or not, their
interaction, and an interaction between priming and logfrequency of the label. We also included random intercepts
of subject and image category, as well as random slopes of
time pressure per subject. We attempted to include the
following random effects, but the model failed to converge: a
random slope of image label by image category, a random
intercept of image label, and a random slope of frequency by
subject.
We found a significant main effect of priming (Odds Ratio
= 0.05, 95% CI = [0.01, 0.22], p-value = 0.001), meaning that
participants were more likely to produce a specific label when
that label was primed. We also found a main effect of speed
(Odds Ratio = 0.52, 95% CI = [0.28, 0.97], p-value = 0.038),
indicating that specific labels were more likely to be
produced when participants were not under time pressure.
Finally, we found an interaction between priming and
frequency (Odds Ratio = 2.89, 95% CI = [1.88, 4.44], p-value
= 0.001). This means that priming had more influence on
infrequent labels compared to frequent labels. We did not
find a significant interaction between priming and speed.

Design and procedure
Experiment 2 used a very similar procedure as Experiment 1,
except that the lexical decision task included a subset of
specific labels in order to prime those words in the production
task. The lexical decision task also presented participants
with 8 words total (rather than 6), one at a time, including 4
nonce words and 4 real words. The real words primed 4 out
of the 8 specific labels of images shown in the subsequent
production phase. Two lists were employed to
counterbalance which specific labels were primed.

Results

Figure 4: A scatterplot of average proportion of specific
responses by item (whether it was primed vs. un-primed)
from Experiment 2. The point represents the mean, and the
black line represents the 95% confidence interval.

Data exclusion
13 participants were excluded for accuracy below 75% on
the lexical decision task, and three additional participants
were excluded for below 75% accuracy on the 2AFC task.
Finally, production data that were clearly typos, omissions
(lack of response) or incomprehensible responses were
excluded (9.69% of data).

2AFC task
The average accuracy in this phase was close to ceiling
(98.6%), again suggesting that the labels used in this
experiment were generally recognizable when retrieval
demands were eliminated.

Production phase
Participants showed a similar overall pattern of responses as
in Experiment 1: they produced specific labels most often
(56.2%), followed by incorrect specific labels (26.5%).
General labels were produced 17.3% of the time.

Experiment 3
In Experiment 2, we demonstrated that priming a label
influenced participants’ abilities to access that word during a
subsequent lexical production task. In a final experiment, we
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investigated whether priming a label interferes with the
access of words that name other visually similar images,
creates competition across lexical items. In particular, we
hypothesize that priming a label of an image (e.g., wasp) prior
to the introduction of a visually confusable image (e.g., bee)
will interfere with the production of bee, due to competition
from the primed term (wasp).

Method
The design used in Experiments 1 and 2 was repeated with
the following adjustments.

Stimuli
The stimuli used in Experiment 2 were adjusted in order to
include two pairs of visually confusable items (insects:
millipede, caterpillar; wasp, bee; other insects were moth,
tick, dragonfly, mosquito; instruments: oboe, clarinet;
trombone, trumpet; other instruments were french horn,
bassoon, violin, harp).

Design and procedure
Experiment 3 used the same procedures as Experiment 2,
where the lexical decision task included a subset of specific
labels used in the production task in order to prime those
words. This phase was designed to induce competition
between visually similar items through priming of a
competitor during the initial lexical decision task. Four of the
8 trials primed real words. These words primed 4 of the 8
specific labels of images seen in the subsequent production
phase. These real word pairs were chosen to manipulate
competition. In one set, pairs of words were chosen to create
pairs of visually similar labels (i.e., were visually confusable)
that consisted of one high-frequency and on low-frequency
word (e.g., bee and wasp). The other set of words consisted
of four words of similar frequencies, but which were not
visually-similar (these labels were also seen in the production
phase). The remaining four trials presented nonce words used
in Experiment 2. Four lists were used in order to
counterbalance the order of presentation of image categories
(whether insects or instruments was presented first/second)
and whether the set of images was visually confusable or not.

Results
Data exclusion
As before, performance of lower than 75% accuracy on either
the lexical decision or the 2AFC task was used as an
exclusion criterion; this excluded 10 participants in total (5
for each task). In addition, production data that were typos,
omissions (lack of response) or incomprehensible responses
were again excluded (7.19% of data).

Production phase
Overall, once again, the responses followed the same pattern:
specific labels were the most common (55.0%), followed by

erroneous specific labels (26.1%), and then general labels
(17.2%).
We again implemented a logistic mixed-effects model to
predict their production of specific responses. We included
predictors of time pressure (speeded vs. un-speeded),
whether the label was presented with a competitor or not
during the lexical decision phase (i.e., confusability across
labels), their interaction, and an interaction between
confusability and log-frequency of labels. Random intercepts
of subject, image category, as well as random slopes of time
pressure per subject were included. We attempted to include
the following random effects, but the model failed to
converge: a random slope of image label by image category,
a random intercept of image category, and a random slope of
frequency by subject.
We found a significant main effect of confusability (Odds
Ratio = 0.09, 95% CI = [0.03, 0.29], p-value < 0.001). This
suggests that when participants are primed with a visually
similar label, they were less likely to produce the specific
target word. In addition, we found a significant interaction
between confusability and log-frequency (OR = 2.21, 95% CI
= [1.63, 3.00], p-value < 0.001). No other significant effects
were found.

2AFC task
Average accuracy on the 2AFC was again high (95.8%),
again indicating that the labels used were generally
recognizable when accessibility demands were eliminated.

Experiments 1-3: Investigating time pressure
In each of three experiments, we experimentally
manipulated the speed of production by participants. That is,
in one block per experiment, participants had an unlimited
amount of time to produce a label, and in a second block,
participants had only three seconds. We found an effect of
time pressure only within Experiment 2, but not within
Experiment 1 or 3. In order to determine if the effect of time
pressure was present in a larger data set, we collapsed our
data across all three experiments. This was possible because
the experimental procedure and design were kept constant.
We conducted a logistic mixed effects-model to again
predict the production of specific responses. We included a
fixed effect of time pressure (speeded vs. un-speeded) and
log-frequency of the specific labels. We also included a
random intercept of image category, a random intercept of
experiment (Experiment 1-3), and a random intercept of
subject with random slopes of time pressure. We attempted
to include a random slope of log-frequency of specific labels
by subject but the model failed to converge.
We found a significant effect of time pressure, such that
participants were more likely to produce a specific label when
they were not under time pressure (OR = 0.68, 95% CI =
[0.53, 0.87], p-value = 0.002). This suggests that time
pressure during language production affects the accessibility
of word forms.
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General discussion
The overall aim of the current experiments was to examine
the role of lexical accessibility in a picture naming task, when
specific terms were incentivized, but not required for
accuracy. In particular, we investigated frequency, priming,
competition, and time pressure as potential factors
influencing word choice during naturalistic production.
Across three experiments, we found four key factors that
influence the accessibility of word forms during lexical
selection.
Experiment 1 replicates previous research on this topic:
frequency influences lexical selection (Koranda, Zettersten,
& MacDonald, 2022): Participants were more likely to
produce specific labels that were higher frequency.
Experiment 2 demonstrates a significant effect of repetition
priming: participants were more likely to produce a specific
label if that label had been primed. Experiment 3 provides
evidence that priming labels to induce competition across
visually similar labels negatively impacts the accessibility of
competitor labels; this effect was evident when a highfrequency word was primed and a low-frequency word was
subsequently needed in the production task (e.g., priming bee
inhibited wasp responses). The effect was unidirectional:
High-frequency words (e.g., bee) remained accessible despite
priming of a low-frequency competitor (wasp). Finally, we
find evidence for an effect of time pressure in Experiment 2,
and in the final analysis including data from all three
experiments: Specific responses were more likely when
participants could take their time to respond. The results
overall suggest that word frequency and priming increase
accessibility while competition between words and time
pressure negatively influence accessibility during production.
Our work converges with previous work on how
frequency of word forms can affect accessibility during word
choice processes (Koranda, Zettersten, & MacDonald, 2022;
Harmon & Kapatsinski, 2017) and with other work on
retrieval advantages for highly frequent words (Jescheniak &
Levelt, 1994). We also find complementary evidence for time
pressure and priming’s influence on lexical accessibility
(Forbach et al., 1974; Ferreira & Griffin, 2003). Furthermore,
our results provide novel evidence that competition
negatively affects accessibility. Competition within lexical
selection is not a new topic (see Spalek, Damian, & Bölte,
2013), but we extend prior work to demonstrate that
competition during lexical selection influences “goodenough” production. Participants were less likely to produce
a specific label when a distinct label for a similar image had
been primed. The effect was stronger when a higher frequent
competitor was primed, leading to fewer specific lowfrequency responses.
Interestingly, the effect size of frequency was the largest
in the three experiments, demonstrating that frequency is an
important factor in determining the accessibility of word
forms during naturalistic production. Priming, competition,
and speed also influenced production choices. Speakers
appear to rely on good-enough language productions rather
than optimal choices when the optimal choices are:

infrequent, not observed previously (unprimed), in
competition with a recently primed label, or produced under
time pressure.
One limitation to our study is that we used typing as a
proxy for speech production. While many studies have used
online procedures for production (e.g., Koranda, Zettersten,
& MacDonald, 2022), it remains an open question as to
whether these results will be replicated using in-person
and/or spoken methods. Another limitation is that some
participants may not have been familiar with the images or
labels used in the production phase. While performance on
the 2AFC task was reassuringly high, the task sets a low bar
for familiarity, since participants only needed to assign each
label to one of two very different images. Future research
should gauge item-specific knowledge using more subtle
tasks.
The current work has taken for granted that general
category labels (insect or instrument) are “good-enough”
descriptions of the images, since they are accurate but not
optimal. Many of the participants’ incorrect specific label
responses that we considered errors may also actually be
“good-enough” descriptions of the images provided. That is,
speakers are likely to find “There’s a bee!” a good-enough
way to warn someone away from a wasp, despite the
inaccurate use of bee. Further research should examine the
situational context of language production to further
understand when and how good-enough language arises.

Conclusion
Accessibility issues influence speakers’ word choices.
Our results demonstrate that frequency, priming,
competition, and time pressure drive accessibility,
influencing lexical selection when people label what they see.
Increased frequency of labels and repetition priming
improves lexical access to an intended label, while reduced
accessibility from time pressure or competition across lexical
items leads to good-enough language production.
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Abstract
This study explored how sociocultural pressures and
internalized beauty ideals play a role in how women and men
perceive the attractiveness of different body types of the same
and opposite gender. Results showed that when judging the
attractiveness of bodies of the same gender, internalized beauty
ideals have different effects on women and men. Women’s
judgments of the attractiveness of female bodies are predicted
by the pressure exerted by a thin beauty ideal, while men’s
judgments of the attractiveness of male bodies are predicted
instead by a muscular beauty ideal. Attractiveness judgments
for bodies of the opposite gender are influenced by the pressure
to be thin and the perceived influence of significant others.
Sociocultural pressures also have a stronger effect on women
than men. These findings offer an initial window into the
distinct factors that shape body image construction for the
digital generation of women and men.
Keywords: Beauty Ideals; Sociocultural Pressures; Perceived
Attractiveness; Body Image.

Introduction
Body image refers to the constellation of perceptions,
feelings, and thoughts people have about their own body.
Amongst other components, it includes how we estimate the
size of our body, evaluate its attractiveness, and the positive
and negative emotions we associate with its shape and size
(Grogan, 2010). The body image is not a fixed construct but,
rather, one that is constantly updated and changing
throughout life (Cruz et al., 2007) and, as such, it is
permeable to external sociocultural influences or pressures
that channel and reinforce the internalization of beauty ideals
(Torres Sornosa, 2018). Beauty ideals are understood as a set

of characteristics that a society considers attractive depending
on the era (Konstan, 2012). In today’s western, educated,
industrialized, rich, and democratic (WEIRD) cultures,
societal standards such as “thin female” and “strong male”
are common and can heavily affect one’s body image
formation and perception (Anderson-Fye, 2012; Benton &
Karazsia, 2015; Grogan, 2016).
Traditionally, a gynocentric bias has skewed the research
in this area to investigate almost exclusively young women’s
body image concerns (e.g., Cafri et al., 2005; Jones &
Morgan, 2010). In recent years, the emphasis has shifted
towards a more comprehensive and diversity minded
understanding of body image (Cohen, Irwin, et al., 2019).
The body ideal put forward to women exhorts a slim figure
and, recently, a slightly more athletic and toned body than in
previous decades (Deighton-Smith & Bell, 2018). The
athletic ideal is predominant for men and, due to its
pervasiveness, it is considered ‘the new thinness’ on social
media (Uhlmann et al., 2020). For men the ideal body is a
slim, muscular, and V-shaped body (i.e., greater
concentration of muscles in the shoulders and upper torso)
(Voges et al., 2019); for women, the external ideal plays up
muscle definition and minimum body fat instead of muscle
mass (Campos et al., 2021). The masculine body ideal
reproduced in advertisements and commercials focuses on
the torso and having strong abs and narrow hips (Tiggemann
et al., 2020).
Beauty ideal messages and standards are maintained by
high visibility social agents such as influencers, celebrities,
athletes, and models (Koyuncu et al., 2010). Along this lines,
work by Fernandez & Pritchard, 2012 showed that ‘seeking
thinness’ in young women and men is directly related to
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awareness and internalization of media models and the
tendency to compare their own body image with those
portrayed in the media. Unlike traditional media that exposes
consumers to body ideals, social media users are both passive
consumers and active creators of these idealized versions
(Fardouly & Vartanian, 2015). Social media users are for the
most part members of the Y (26-39 years old) and Z (18-25
years old) generations. Social media content is largely based
on sharing images. These images are often manipulated using
filters offered by the platforms to approximate beauty ideals
also promoted within the platforms. In this sense, social
media provides the perfect environment for body image
concerns to fester and propagate (Rodgers et al., 2020). The
influence of social media on body image construction is
complex; it propagates positive content (e.g., the body
positivity movement based on body appreciation and
acceptance) and negative content (e.g., the thinspiration
movement intended to inspire weight loss) (Cohen, Fardouly,
et al., 2019).
The impact of the internalization of beauty ideals on
behavior and self-perception is also influenced by other
sociocultural pressures. As social partners, we are overly
monitoring what our family, partners, and peers see, think, or
do (Eskenazi et al., 2016). Parents are the first source of
socialization, so external pressures coming from family have
a significant impact on the internalization of body ideals. For
teenage girls, mothers work as potential role models, sources
of information, and guidance about their bodies (Ata et al.,
2007). Peers and friends influence body image through a
process of social comparison (Festinger, 1954), whereas
individuals obtain information about themselves through
personal comparisons with those they perceive as similar.
Lastly, significant others may have a direct influence on how
people perceive themselves and their own body image
(Goldsmith & Byers, 2016). A recent study shows that male
partners exert greater pressure on female partners to have an
ideal thin body, which generally increases concerns about
body image in the heterosexual female population (e.g.,
Huxley et al., 2015).
There is notable little and solid research in recent years
investigating how women and men perceive the
attractiveness of bodies of their own and the opposite gender
and whether the same factors influence both types of
attractiveness judgments. Although studies using Figure
Rating Scales are commonly used in body image research, as
quantitative measures of body dissatisfaction, few studies do
so for males and females. In general, previous findings on
how people perceive bodies of the opposite gender support
evolutionary notions (Bergstrom et al., 2004). According to
this proposal, women have a preference for strong male
bodies and associate them with the ability to obtain resources
and provide protection against physical threats (Sell et al.,
2017). Men, in turn, value slim female bodies and are
attracted to physical characteristics that indicate fertility such
as wide hips (Lei & Perrett, 2021). This suggests that the
beauty ideals might be universal and men and women have
internalized similar beauty ideals for a male and female

bodies. If so, it would be expected that when judging the
attractiveness of bodies of both genders, attractiveness
judgements provided by women should mirror those provided
by men (i.e., women and men would judge as most attractive
a thin female body and a muscular male body).
The current study investigated this hypothesis by asking
women and men to judge the attractiveness of different body
types (thin, average, overweight, athletic, and muscular) of
the same and opposite gender. Participants also completed the
Sociocultural Attitudes Towards Appearance Questionnaire
4 R (SATAQ). The SATAQ-4R assesses how women and
men—it has gender tailored versions—perceive the influence
of sociocultural pressures (family, peers, significant other,
media, and social media) and internalized beauty ideals (thin,
muscular, and general attractiveness). For the purposes of this
study, we modified the questionnaire to obtain a separate
measure of the influence of social media pressure. Statistical
models were developed to map out the factors that shape
attractiveness perception for bodies of the same and opposite
gender.

Methods
Participants
203 Argentine participants (123 females; M=21.05 years old,
SD=1.79 years) answered an online survey that included an
initial set of demographic questions, a task of evaluating
images of different body types of the same and opposite
gender, and a modified version of the SATAQ-4R.
Participants were recruited through online ads and posts on
Facebook and Instagram, and through WhatsApp groups of
college students. Before the beginning of the study
participants gave their informed consent. Informed consents
followed the norms of the declaration of Helsinki and were
adapted to be administered online. Inclusion criteria for the
final sample were age (i.e., 18 to 25 years), no current
diagnosis of chronic disease or eating disorders, and having
responded all required questions.

Instruments
First, participants completed a sociodemographic
questionnaire that asked about age, gender, weight, height,
and current diagnosis of chronic disease and eating disorders.
Following these questions, images of 5 female body types
and 5 male body types (stimuli from Voges et al., 2019. See
Figure 1) were presented in random order. Body types are
classified as thin, average, overweight, athletic, and
muscular. Participants had to indicate how attractive they
found the image presented on a Likert scale from 0 to 10 with
0 meaning It is not attractive at all and 10 meaning It is very
attractive. Lastly, participants completed an online modified
version of the SATAQ-4R (Schaefer, 2017). The SATAQ-4R
was translated into Spanish, based on the Argentine
(Murawski et al., 2015) and Spanish validation of the
SATAQ-3 (Llorente et al., 2015). Two focus groups of 10
participants of both genders provided an initial validation of
the translation to ensure the accurate translation of relevant
terms and that participants understood the instructions and
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the intent behind each question. The female version consists
of 31 items, while the male version consists of 28 items. Both
with responses ranging from 1 to 5, meaning 1=totally
disagree and 5=totally agree. This questionnaire is divided
into seven factors: (1) Internalization–Thin/Low Body Fat,
(2) Internalization–Muscular, (3) Internalization–General
Attractiveness, (4) Pressures–Family, (5) Pressures–Peers,
(6) Pressures–Media, and (7) Pressures–Significant Others.
Per one goal of this study, we added an eighth factor: (8)
Pressures- Social Media. The items added were based on the
items from the Pressures-Media factor; questions were
identical for both factors but for replacing the wording
‘media’ for ‘social media’. These items were added at the end
of the female and male scale so as not to bias the expected
responses to the SATAQ-4R.

Results
Dispersion Scores
Multiple regression was performed on data from both genders
with dispersion score as the dependent variable, and age,
BMI, Thin/Low Body Fat, Muscular and General
attractiveness internalized ideals, and Family, Peers, Media,
Significant Other, and Social Media pressures as predictors.
One-way ANOVA with gender as a factor had shown no
gender differences in dispersion scores. The model was
significant (see Table 1) and included Thin/Low Body Fat
ideal as a predictor [F(1,202)=7.478, R2=.036, Table 1].
Table 1: Model of dispersion measure of body image of the
same gender. Thin-ideal=Thin/Low Body Fat ideal.
Model Variable
1
Regression
(Constant)
Thin-ideal

R2
.036

F
7.478

Beta

t

p

1.89

7.75
2.74

.000
.007

For judgments of attractiveness of the opposite gender,
one-way ANOVA showed no significant gender effect.
Multiple regression was performed with the same predictors
as the analyses of data for bodies of the same gender. The
model was significant (see Table 2): it included Thin/Low
Body Fat ideal and Significant Other pressure
[F(1,202)=8.74, R2=.080, Table 2].
Figure 1: Images of females and males body types.

Analyses
To obtain a single measurement of participant’s
attractiveness judgments we calculated a dispersion measure
by subtracting the minimum and maximum score given,
regardless of which body type each value came from. This
measure was calculated separately for the evaluation of
bodies of the same and opposite gender. One-Way ANOVA
with gender as factor was also performed. Separate stepwise
regressions were performed for the dispersion scores
obtained for the same and opposite gender judgments with
age, gender, body mass index (BMI), and the SATAQ-4R
ideals and sociocultural pressures as predictors. Further
analyses were carried out to investigate the relationship
between body type (thin, average, overweight, athletic, and
muscular), condition (same and opposite gender) and gender
(male and female). Lastly, we carried out a two-way repeated
measures ANOVA between internalized ideals (Thin/Low
Body Fat, Muscular, and General Attractiveness obtained
from SATAQ-4R) and gender, and a two-way repeated
measures ANOVA between sociocultural pressures (Family,
Peers, Media, Significant Other, and Social Media; obtained
from SATAQ-4R) and gender.

Table 2: Model of dispersion measure of body image of the
opposite gender. Thin-ideal=Thin/Low Body Fat ideal;
P_SO=Pressure Significant Other.
Model
1
2

Variables
Regression
(Constant)
Thin-ideal
Regression
(Constant)
Thin-ideal
P_SO

R2
.057
.080

F
12.05

Beta

t

p

.238

7.26
3.47

.000
.001

.252
-.15

7.68
3.69
-2.2

.000
.000
.024

8.739

Perception of Attractiveness
A significant three-way interaction was found between body
type (thin, average, overweight, athletic, and muscular),
condition (same and opposite gender), and gender (male and
female), F(4,804)=39.77, p=.000, ŋp2=.165. Follow-up test
comparing women’s and men’s responses to bodies of the
same gender showed that men gave higher attractiveness
judgments than women to the athletic body type [men:
M=6.76, SD=2.43, women: M=5.64, SD=2.78; t(201)=-2.94,
p=0.04], while women gave higher attractiveness judgments
than men to the thin [women: M=6.24, SD=2.55, men:
M=5.29, SD=2.50; t(201)= 2.60, p=0.10], average [women:
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M=7.71, SD=1.83, men: M=5.09, SD=2.43; t(201)=8.73,
p<0.000], and overweight [women: M=5.20, SD=2.52, men:
M=2.60, SD=2.14; t(201)=7.59, p<0.000] bodies. Follow-up
test comparing women’s and men’s responses to bodies of the
opposite gender showed that women gave higher
attractiveness judgments than men to the thin [women:
M=6.80, SD=2.23, men: M=5.13, SD=2.35; t(201)=5.11,
p=0.00] and athletic [women: M=8.07, SD=1.61, men:
M=5.54, SD=2.62; t(201)=8.53, p=0.00] male bodies.
Comparisons for the other body types were not significant.

(female: M=2.35, SD=1.21, male: M=2.03, SD=.858)
[t(201)=2.03, p=.044], media (female: M=3.72, SD=1.17,
male: M=2.49, SD=1.17) [t(201)=7.33, p=0.00] and social
media (females: M=3.89, SD=1.07, males: M=2.80,
SD=1.22) [t(201)=6.65, p=0.00] than men.

Figure 4: Gender differences on experimented
Sociocultural Pressures.

Figure 2: Descriptive analysis of the responses of the images
presented
Internalized Beauty Ideals
A significant two-way interaction was found between
internalized ideals (Thin/Low Body Fat, Muscular, and
General Attractiveness) and gender, F(2,402)=57.35, p=.000,
ŋp2=.222. Follow-up test showed that women perceived a
significantly larger impact of the internalized Thin/Low Body
Fat (female: M=3.04, SD=1.02, male: M=2.54, SD=.965)
[t(201)=3.45, p=0.01] and General Attractiveness (females:
M=3.44, SD=.315, males: M=2.40, SD=1.02) [t(201)=10.50,
p=0.00] ideals than men. In contrast, men perceived a
significantly larger impact of the internalized Muscular ideal
(males: M=3.17, SD=.848, females: M=2.46, SD=.625)
[t(201)=-6.77, p=0.00] than females.

Figure 3: Gender differences on Internalized ideals.
Sociocultural Pressures
A significant two-way interaction effect was found between
sociocultural pressures (Family, Peers, Media, Significant
Other, and Social Media) and gender, F(4,804)=19.90,
p=.000, ŋp2=.09. Follow-up test showed that females
perceived significantly more pressure coming from family

Discussion
The aim of this project was to assess how internalized beauty
ideals and sociocultural pressures affect the perceived
attractiveness of different body types of the same and
opposite gender in young adults. A set of body images as
stimuli was used to obtain attractiveness judgements and the
SATAQ-4R was used to evaluate the perceived impact of
body ideals and sociocultural pressure. Overall, the results of
this study showed that internalized body ideals have
distinctive effects on the perceived attractiveness of different
body types of the same gender. In line with our hypothesis,
the most valued body type of their own and the opposite
gender was mirrored in men and women. Altogether, women
preferred thin and average female bodies and men average
female bodies, and women preferred thin and athletic male
bodies and men athletic male bodies. The pressure to be thin
exerts a strong influence on women, while the pressure to be
muscular exerts a strong influence on men. However, the
attractiveness of bodies of the opposite gender is influenced
by the pressure to be thin and the sociocultural pressure
exerted by significant others. Separate analyses also showed
that women perceive more pressure than men on their body
image coming from their family media and social media.
Regression analyses carried out on the dispersion score
yield by each participant for attractiveness judgments of
different body types showed different outcomes when the
bodies were of the same or opposite gender as the participant.
Judgments of bodies of the same gender showed that the
internalization of a thin ideal positively predicted the
dispersion measure; meaning that greater perceived
internalization of the thin ideal in women and men leads to
higher sensitivity in how attractiveness of different body
types of the same gender is judged. Though results showed
that the participant’s BMI did not play a role in how they
judge the attractiveness of different body types. This effect
appears to contradict previous research (Dittmar et al., 2000)
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that found that adolescents’ own body mass is linked to body
image preferences. However, the effect of own body weight
is filtered through the internalized representation of an ‘‘ideal
woman’’; heavier adolescents of both genders (higher BMI)
appear to distance themselves from conventional notions of
female beauty. Darlow & Lobel (2010) found that overweight
women experienced an adverse effect of appearance
comparison regardless of whom they expected to evaluate; a
photograph of themselves or others. These research shows
that at least for women there is a complex and nonlinear
relationship between body weight and the influence exerted
by thin ideals. Overweight women in particular seem to
distance themselves from thin ideals when asked through
questionnaires and verbal measures. It is nevertheless
possible that, as our data indicates, actual weight does not
play an important role, but rather the internalization of thin
beauty ideals and external pressures which might have a
different impact on overweight participants. Targeted studies
that compare groups of overweight, normal, and below
average women and men are needed to disentangle this issue.
Analyses of attractiveness judgments provided for bodies
of the opposite gender showed that Thin/Low Body Fat and
Pressure coming from their Significant Other were significant
predictors. Thin/Low Body Fat ideal positively predicted
higher discrimination in how the attractiveness of different
body types of the same gender is judged. In turn, significant
other pressure had a negative effect; weaker pressure predicts
higher discrimination in attractiveness judgments. There is
evidence that partners can be a source of pressure on
appearance: in WEIRD societies, it has been observed that,
during adolescence and young adulthood, romantic partners
emerge as an important source of information that influences
oneself, including one's own body (Goldsmith & Byers,
2016). In a study carried out in 2014, a comparison was made
between the pressures of the romantic partner on heterosexual
and LGBT women. Both groups expressed that they
perceived greater pressure to achieve a beauty ideal of
thinness from their male partners. More than half of LGBT
women reported feeling pressure on their appearance when
they had a male partner. This study concludes that men have
a significant influence on the concerns about their body
image experienced by women (Huxley et al., 2015). Our data
extends these findings to encompass both genders; both men
and women indistinctly are influenced on how they perceive
the attractiveness of bodies of the opposite gender by their
significant other. Further studies that extend our paradigm to
compare women and men of different sexual orientations are
needed to tease out whether the gender of the partner has a
distinct effect on how attractiveness is judged.
An additional finding of our study is that females do not
rate female athletic/muscular bodies higher than other type of
bodies. These results support the notion that young women
may be showing more body acceptance than in previous
generations, due to growing influence of feminist movements
(Murnen & Smolak, 2009) that reject cultural standards of
beauty and criticize the practices of objectification and hyperconcentration on women's bodies. Cultural changes that

highlight these beliefs can strengthen the ability of women to
reject such cultural standards, experiences of sexual
objectification, and focus on their own body satisfaction as
opposed to how others expect them to look physically
(Andrew et al., 2016).
Males, however, did value the athletic body over other
masculine body types. As discussed in the introduction,
males are presented with a muscular ideal in magazines,
social networks, movies, and action toys (Voges et al., 2019).
Because of the gynocentric bias in the study of body image
and what was observed in previous studies (e.g., Bergstrom
et al., 2004; Grossbard et al., 2011), it was expected that those
males who experience body image concerns would reject an
overweight or obese body. However, in the last two decades,
it has been recognized that men's body image problems can
present differently than women’s: body image concerns in the
male population often refer to lack of the musculature and
fitness (Tatangelo et al., 2015). Recent findings (Dawson &
Hammer, 2020) suggest that this concern is related to the
social portrait of men as muscular which our findings seem
to confirm.
In line with the internalization of an ideal of thinness,
females valued more athletic and thin male bodies. This result
is consistent with a previous study that found that women
focus on the men’s upper body, specifically the torso and
biceps (Voges et al., 2019). One possible explanation for this
result is that women associate physically strong male bodies
with obtaining and producing resources, and greater
capabilities to defend them against external threats threat
(Sell et al., 2017). The same rationale does not follow,
however, when exploring male judgments of female bodies,
which showed no particular preference for a particular body
type. This result is contrary with previous studies that have
found a male preference for thin female bodies (Cazzato
et al., 2021)(Musolino et al., 2021).
Concerning the impact of internalized beauty ideals,
women experience more intensely than men the influence of
Thin/Low Body Fat and General Attractiveness ideals. Men,
in turn, experience with greater intensity than women the
influence of the Muscular ideal. The differences between the
type of body ideals that exert influence on women and men
are consistent with the sociocultural enterotypes promoted
within WEIRD societies and the singularity with which body
image disorders might express itself for each gender. For
men, the ideal body promoted in the media, usually, is
perceived as difficult or impossible to achieve since it
emphasizes the volume of the muscles generating a
discrepancy between the ideal and real body (Piatkowski,
2021). For women, the internalization of both ideals leads
them to mold themselves in terms of fashion trends and body
modification, and when it is not achieved, body
dissatisfaction may appear (Manchiraju & Damhorst, 2020).
In line with recent findings from our group (Abrevaya
et al., 2021), women perceived higher pressure on their body
image from their family, traditional media, and social media
compared to males. These findings are also in line with
previous work that shows that the mother's body
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dissatisfaction and dietary behaviors can lead to their child's
body dissatisfaction (Tatangelo et al., 2015). As expected, the
media and social media are the largest contributors to
perceived pressure on the body image. Results shown that the
passive use of social media (i.e., observing photos) is related
to higher levels of internalization in terms of appearance,
weight, body, and ideal attractiveness on young women
(Strubel et al., 2018). Social media forces us to constantly
look at ourselves; this exacerbates self-awareness and
pressure because there is the possibility of interacting with
profiles offline either by viewing the content, liking,
commenting, and sharing the profile with other people
(Boursier et al., 2020).
Because this study was carried out during a pandemic, it is
important to consider the effects of social isolation and
confinement on appearance concerns (Abrevaya et al., 2021).
During the period when the data was collected all interactions
occurred through social media, contact with others was
physically reduced, and individuals spent more time thinking
about how to present their "social media self". Follow-up
post-pandemic studies should be conducted to qualified our
findings. Furthermore, future research should evaluate how
physical activity and exercise habits impact on the perceived
level of pressure of having a muscular body for men and a
thin body for women.

Conclusions
Overall, results suggest that men and women have different
ways of perceiving attractiveness of their own and other
people’s bodies. The degree of internalization of beauty
ideals and sociocultural pressures has distinct influences on
women and men. Moreover, how much we experience
sociocultural pressures and internalized beauty ideals, affects
how we appreciate other people’s bodies. These findings
bring into focus the role of social media on how individuals
relate to their own body image and perceive that of others
they often compare themselves with. Future studies should
explore whether body acceptance movements promoted via
social networks can have a similarly distinct impact on young
women and men, and whether more gender targeted
interventions are needed to prevent the spread of body image
disorders.
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Abstract
Recent evidence indicates that children represent and learn
multiple meanings of ambiguous words from early in
development (e.g., mail letter, alphabetic letter). This raises the
question of which naturalistic factors might allow young
children to resolve lexical ambiguities. Previous research has
shown that children’s processing of ambiguous words is
facilitated by verb-related information. However, it is still
unclear whether such facilitation comes from bottom-up
(lexical associations) or top-down information sources (verbevent structures). In this study, we leveraged a large senseannotated child-directed speech corpus to disentangle the effect
of bottom-up lexical and top-down event structure cues.
Preliminary results show that 4-year-olds might rely on verbevent structures when these are put in competition with lexical
association. We discuss implications for theories of sentence
parsing and word learning.
Keywords: lexical ambiguity
development; verb-event structure

resolution;

language

Introduction
The words that children hear are often ambiguous in isolation
(e.g., chicken can refer to a type of food or a type of animal),
but the contexts in which words appear guide children in
resolving lexical ambiguities (e.g., Khanna & Boland, 2010;
Rabagliati et al., 2013). In this work, we examined the role of
verbs in children’s lexical ambiguity resolution.
Verbs are an important source of disambiguating
information for ambiguous nouns (Hahn et al., 2015;
Rabagliati et al., 2013); for example, after hearing the phrase
eat the chicken, a child is likely to interpret the noun chicken
as referring to a type of food. But while we know that verbs
facilitate children’s interpretation of ambiguous words, it is
still unclear whether such facilitation operates in a top-down
or a bottom-up manner, because bottom-up and top-down
cues are often entangled in naturalistic contexts (e.g.,
Ambridge et al., 2015). In the example above, the verb eat
might prime the target meaning chicken[food] via lexical
association (i.e., working as a bottom-up cue to ambiguity
resolution); alternatively, the semantic restrictions imposed
by the verb eat on its arguments (verb-event structure) might
guide top-down inferences to suppress contextually irrelevant
meanings (e.g., upon hearing eat the chicken, the child may

infer that chicken refers to a type of food because inanimate
entities are more plausibly eaten than animate entities).
In this work, we leveraged a large sense-annotated corpus
of child-directed speech (ChiSense-12, Cabiddu et al., 2022)
to carefully construct experimental stimuli and examine the
effect of bottom-up and top-down verb-related cues in early
lexical ambiguity resolution. Understanding the role of
different types of cues is important for theories of early
sentence parsing, some of which emphasize children’s
reliance on bottom-up cues (Snedeker & Yuan, 2008), while
others propose that children consider both bottom-up and topdown cues (Trueswell & Gleitman, 2007). Further, it is key
to understanding the learning mechanisms that might
underlie sensitivity to different cues in language development
(e.g., domain-general processes assumed to cause early
sensitivity to verb-event structures, Alishahi & Stevenson,
2007).
In the next sections, we briefly review previous studies on
the role of context in early lexical ambiguity resolution, and
then present our experimental work aimed at examining the
effect of lexical association and verb-event structure on
children’s comprehension of ambiguous words.

The Role of Context
Children’s lexical ambiguity resolution during conversation
is partly dependent on their ability to parse sentences and
integrate multiple cues that the sentence context provides. If
a child’s immature comprehension system presents
processing constraints, she will only be able to parse
sentences by using those cues that depend on fewer aspects
of linguistic analysis (bottom-up account; Snedeker & Yuan,
2008). Such cues are generally those coming from a bottomup information source. For example, consider the
homophones guest and guessed (/ɡɛst/). If children generate
top-down inferences based on sentence context, when they
hear The house is clean because we expect a guest, they
should activate the congruent meaning guest, but not the
incongruent guessed. Thus, they should subsequently find it
easier to repeat the word room (which is a frequent lexical
associate of guest), compared to hearing a context that is only
compatible with the alternative meaning (e.g., Molly didn’t
know the answer, so she guessed). However, in Khanna and
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Boland (2010), 7-year-olds showed the same facilitation from
both The house is clean because we expect a guest and Molly
didn’t know the answer, so she guessed (compared to a
completely unrelated sentence), suggesting that, although
children were sensitive to the lexical association between
/ɡɛst/ and room, they were not able to integrate top-down
information from the sentence context.
Although such evidence seems to suggest that children
struggle to integrate top-down information, another study
from Rabagliati et al. (2013) found that 4-year-olds use
sentence global plausibility to resolve lexical ambiguities.
For example, upon hearing the sentence Elmo watched a
funny movie about a castle, and a princess, and a silly
dragon. That was a funny night, they tend to select a picture
depicting night (rather than one of a knight) more than when
the sentence ends in And there was a funny knight. Even if
words like castle, princess, dragon and knight frequently cooccur in naturalistic speech, children were able to integrate
top-down information and infer that people usually watch
movies at night. Therefore, children are sensitive to top-down
cues, at least when integrating these cues allows them to
derive an interpretation that is more plausible given the wider
context (cue-validity account; Trueswell & Gleitman, 2007).
Importantly, however, in Rabagliati et al. (2013) children still
relied more on lexical associations than on global
plausibility: even if a difference was found between the above
conditions, children still selected knight more than 50% of the
time in every condition.
In this study, we directly compare children’s reliance on
bottom-up vs. top-down cues when the plausibility of the
interpretations they support is equated. Specifically, we
contrasted different types of verb-related cues. Verbs play a
key role in early sentence parsing. For example, the type of
syntactic arguments that verbs take guide children’s
interpretation of ambiguous sentences (e.g., Kidd & Bavin,
2005; Snedeker & Trueswell, 2004; Yacovone et al., 2021).
To illustrate, 3- to 5-year-old children interpret the phrase
tickle the bear with the mirror as tickle the bear using the
mirror (even if two bears are shown, one of which is holding
a mirror) because the verb tickle frequently co-occurs with
instrument arguments in naturalistic speech (Yacovone et al.,
2021). More relevant to the present work, verb-event
structures guide children’s unambiguous word processing
(Andreu et al., 2013; Mani et al., 2016). For example, 3-yearolds know that pushing a flowerpot is more plausible than
pushing a road even if they have never heard either in
conversation (Andreu et al., 2013).
In sum, verbs might represent a valid cue that young
children could rely on when processing ambiguous words.
Although some studies have investigated the role of verbs in
early lexical ambiguity resolution (Hahn et al., 2015;
Rabagliati et al., 2013), they have not examined the
independent contribution of verb lexical associations and
verb-event structure. In other words, stimuli used in previous
studies included verbs that were both lexically associated
with a target sense and licensed the target sense as a plausible
argument: in Karl met the star, the verb meet is likely to co-

occur more often with star[famous person] than
star[astronomical object] in the language, and at the same
time one more plausibly meets an animate entity than an
inanimate one (Hahn et al., 2015).
In this experiment, we used a large sense-annotated corpus
of child-directed speech to design experimental materials
which could disentangle the contribution of bottom-up
lexical association and top-down verb-event structure. Given
the prominent role of lexical association in lexical ambiguity
resolution (Khanna & Boland, Rabagliati et al., 2013) and of
verb bias in syntactic ambiguity resolution (e.g., Kidd &
Bavin, 2005; Snedeker & Trueswell, 2004; Yacovone et al.,
2021), we would expect verbs to facilitate children’s
performance when the unique cue available is verb lexical
association, but it is an open question whether children would
be sensitive to this bottom-up cue when verb plausibility does
not help.
Further, given the role of verb-event structure in early
unambiguous word processing (Andreu et al., 2013; Mani et
al., 2016), we would expect a strong effect of this top-down
cue, but empirical evidence is needed to examine whether this
would be the same for ambiguous word processing.

Method
Experiment Overview
We designed an online forced-choice task similar to
Rabagliati et al. (2013). Participants heard spoken stories that
ended with a target ambiguous noun (see Figure 1). Two
seconds before story onset, four pictures appeared on the
screen and stayed on until a picture was selected. After
hearing the story, participants were asked to select a picture
that corresponded to the last word of the story. In each trial,
2 pictures depicted the two senses of a target ambiguous word
(the frequent dominant meaning and the subordinate less
frequent meaning) (e.g., band[object], band[music group]).
The other 2 pictures depicted distractor words semantically
related to these senses, which were also good completions of
experimental stories and frequency-matched to target senses
based on the sense-annotated corpus statistics. Participants
also initially saw 3 training trials, with spoken stories ending
with unambiguous target words (e.g., Emily went to the shop.
Then, she bought a banana).
Following Rabagliati et al. (2013), we constructed the
experimental stories in a way that would allow us to examine
whether children use top-down event structure cues when
these are put in competition with bottom-up cues (i.e., to
exclude the possibility that children use top-down cues only
when these are the only ones available in context). Therefore,
we constructed stories comprising a prior context and a target
context. The prior context always contained words that
frequently co-occurred with the target subordinate sense in
child-directed speech. For example, in Figure 2, the prior
context Sophia listened to some music contains the words
listen and music which frequently co-occur with the
subordinate meaning band[music group].
The target context was manipulated in 3 within-subject
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Figure 1: Example of control trial. Participants saw a 2x2
grid depicting 2 target word senses (dominant:
band[object]; subordinate: band[music group]), and two
distractor words (sock, team). Pictures appeared in random
locations on every trial. After 2 seconds from picture
presentation, the spoken story was played. Participants were
allowed to respond when the story ended.
conditions. In the control condition, the main verb pointed
toward the target subordinate sense (i.e., the same sense that
was favored by the prior context), both in terms of lexical
associations in child-directed speech and plausibility based
on verb-event structure. For example, in Then, she played in
a band (see Figure 2), the verb play in is lexically associated
to band[music group] in child-directed speech and one more
plausibly plays in a music band than an elastic band.
Specifically, we defined verb-sense lexical association by
weighting the raw frequency of verb-sense occurrence by the
number of times the sense appeared in the corpus as an object
of a verb.
In the lexical condition, the main verb was lexically
associated to the dominant target sense (get frequently cooccurs with band[object] in child-directed speech; see Figure
2), therefore competing with bottom-up cues from the prior
context (which pointed toward the subordinate target sense
band[music group]). Importantly, verb-event structure
information was compatible with both target senses in this
condition (i.e., one can either get a band[object] or
band[music group]). Conversely, in the semantic condition,
there was no lexical association between the main verb and
either the dominant or subordinate sense. However, the verb
only accepted the dominant sense as a plausible object (i.e.,
one can only twist a band[object]).
Given the competition between cues from the prior and
target context, in the lexical and semantic conditions one
must make a higher number of inferences to link the two
contexts (e.g., Sophia listened to some music. Then, she
twisted a band) than in the control condition. Therefore, with
the intent of weakening the link between contexts in the
control condition as much as possible, we lowered the
coherence of all stories. We used a temporal connective
(Then) which is considered the lowest level of conceptual
coherence save for completely unrelated sentences (see
Connell & Keane, 2004; compare the control story Sophia

Figure 2: Example of conditions involving the target word
band. Participants could see a prior context either followed
by a control, lexical, or semantic target context.
listened to some music. Then, she played in a band to the
alternative Sophia wanted to create music, so she played in a
band).

Participants
83 adults were recruited from the platform Prolific (age: M =
23 years, SD = 5 years; 62 female). Data from one adult were
discarded for failing more than 1 out of 3 training trials. 20
English-speaking children from 48 to 59 months of age were
recruited (age: M = 54 months, SD = 3 months; 3 female, 4
male, 8 third gender, 6 prefer not to say). Data from 5 children
were discarded (2 fussiness; 2 failed training; 1 language
impairment). Child data collection is ongoing until a sample
between 42 and 84 participants is reached. Estimated sample
size and data collection stopping rule were defined after
carrying out a series of pre-registered power analysis
simulations
(see
https://osf.io/a293m/?view_only=
=73b7fdb649ef42e0ab943d198b788c5c). Therefore, we only
present preliminary results for children. This research project
has been approved by the ethics committee of the School of
Psychology of Cardiff University.

Materials
We used the sense-annotated child-directed speech corpus
ChiSense-12 (Cabiddu et al., 2022) to construct the
experimental stories (see Table A1). The corpus contains 53
corpora of American and English child-directed speech from
the CHILDES database (MacWhinney, 2000). The corpora
include speech directed to 958 target children of age up to 4
years (59 months). In the corpus, 15,581 utterances (word
tokens = 115,272; word types = 4,805) were tagged for
dominant and subordinate meaning of 12 ambiguous words
(see Table 1) for which children have shown understanding
in previous investigations. Specifically, 11/12 words and
their word senses were taken from Rabagliati et al. (2013),
while an additional word (/ˈflaʊə/: flower/flour) was chosen
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for having relatively frequent senses in CHILDES, with its
dominant meaning being known by children from around 20
months of age (Frank et al., 2017).
Additionally, to ensure that all senses in the study were
known by children, we asked caregivers to fill in a
questionnaire where they could indicate whether a target
sense or context verb was not understood, understood, or
understood and used by children. We excluded 23% of trials
for which a caregiver indicated the child did not know a target
sense or context verb (although note that we obtained the
same results when including the full sample of trials).
We also asked adults to name each picture used in the
experiment. Given that we matched target and distractor
pictures by frequency, we ensured that adults spontaneously
named the distractors (not spoken in the stories) using the
labels we used for the frequency matching (e.g., when
matching chicken with the distractor crow, we ideally want
the latter image to be named as crow by participants and not
as bird). For every distractor, the expected label was always
the most frequently reported, and was used by 89% adults on
average (SD =15%).
ChiSense-12 was also tagged for verb stems that take
ambiguous senses as object arguments. This allowed us to
construct the experimental stories by computing frequencies
of co-occurrence between verbs and target senses (see Table
A1).

Procedure
Adults completed the task independently online. Children’s
online task was identical to the one completed by adults (see
Experiment Overview), but an experimenter supervised the
sessions because children were asked to give verbal
responses (i.e., to say the color of the picture background, see
Figure 1). The presence of the experimenter was also to
ensure that caregivers would not interfere in child responses
and that children would stay engaged in every trial.
Each participant in the experiment saw 4 control stories, 4
lexical stories and 4 semantic stories (all in randomized
order), and assignment of stories to conditions was
counterbalanced across participants (see Table A1).

Statistical Analyses
We fit mixed-effect logistic regression models separately to
adults and children’s data. We used sense choice (dominant,
subordinate) as the dependent variable, and condition as the
independent variable (control, lexical, semantic). We
specified two contrasts: control vs. lexical, control vs.
semantic. For adults, the random effect structure of the model
included random intercepts for participant and item, and
random slopes of condition per participant and item
(excluding estimated correlations between item intercepts
and slopes). This random effect structure was the one that
allowed the model to converge and for which our simulations
indicated sufficient and stable power to detect effect sizes of
interest.
For children, we report results from a model with the same
fixed and random effect structure. However, note that power

Table 1: 12 ambiguous words used in the study.
Dominance refers to the percentage of time a dominant
meaning appeared in the corpus (out of total dominant and
subordinate meaning occurrences).
Word (Dominant/Subordinate)
Band (Object/Music Group)
Bat (Animal/Object)
Bow (Knot/Weapon)
Button (Electronic/Clothing)
Chicken (Animal/Food)
Flower/Flour
Glasses (Eye/Drinking)
Letter (Alphabet/Mail)
Line (Geometric/Row)
Moose/Mousse
Nail (Finger/Tool)
Sun/Son
MEAN (SD)

Dominance
75%
66%
89%
67%
61%
91%
52%
60%
66%
81%
81%
85%
73% (13%)

was simulated for a minimum of 42 participants, therefore
results from this model should be taken with caution as they
might be underpowered.

Results
As can be seen in Figure 3, adults and children selected the
subordinate meaning 96% and 54% of the time respectively
in the control condition. Participants were able to integrate
the sentence context to disambiguate the (subordinate)
meaning of the target word.
An opposite pattern of responses, compared to the control
condition, can be seen for adults and children in the semantic
condition. Here, participants selected the dominant sense
88% and 68% of the time respectively. This suggests that they
were able to integrate verb-event structures to select the
dominant sense of the target words. The difference in
performance between control and semantic conditions was
significant for both adults (Odds Ratio = 759.56 [231.61,
2491.00], p < .001) and children (Odds Ratio = 5.94 [2.34,
15.12], p < .001).
Further, adults and children responded differently to each
other in the lexical condition. Adults mostly relied on prior
context (65% subordinate meaning selection) while children
relied on verb-sense lexical association instead (62%
dominant meaning selection).
In other words, when verb-event structure cues in the target
context were neutral, adults preferred to rely on the global
plausibility of the story based on the lexical associates
included in the prior context (i.e., even if prior and target
contexts were not strongly related in terms of coherence, still
in Sophia listened to some music. Then, she got a band adults
selected band[music group] because the speaker talked about
music).
Children, instead, relied on the lexical association between
verb and dominant sense in the language (speakers often talk
about getting a band[object] in real-world contexts). This
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0.061). Also, partial correlations between dominant sense
frequency and dominant sense choice (when controlling for
verb-sense lexical association) were smaller for both adults
(Tau (N=12) = .32, p = 0.171) and children (Tau (N=12) =
.16, p = 0.486). This suggests that performance in the lexical
condition was driven by our manipulation of verb lexical
associations (for both adults and children) and not only by the
frequency of dominant target senses in the language.

Discussion

Figure 3: Mean percentage of trials in which adults (3a)
and children (3b) selected dominant, subordinate or
distractor picture by condition (control, lexical, semantic).
Error bars show 95% confidence intervals corrected for
within-subject variance.
result is in line with studies which showed children’s reliance
on verb lexical associations in sentence parsing (e.g., Kidd &
Bavin, 2005; Snedeker & Trueswell, 2004; Yacovone et al.,
2021).
Interestingly, the difference in performance between
control and lexical conditions was significant not only for
children (Odds Ratio = 4.60 [1.56, 13.53], p = 0.006), but also
for adults (Odds Ratio = 25.29 [9.00, 71.05], p < .001), in
line with adults’ sensitivity to verb-patient lexical
associations in studies where they are presented with
(unambiguous) thematically appropriate patients of a verb
differing in their strength of association to the verb (Andreu
et al., 2013; Mani et al., 2016). To investigate this, we
computed Kendall Tau partial correlation between verb-sense
lexical association and proportion of dominant sense choice,
controlling for dominant sense relative frequency. We found
moderately strong observed correlations for both adults (Tau
(N=12) = .43, p = 0.065) and children (Tau (N=12) = .44, p =

In this study, we leveraged the large sense-annotated
corpus ChiSense-12 (Cabiddu et al., 2022) to construct
experimental stimuli that could allow us to examine whether
children can integrate bottom-up verb lexical and top-down
verb-event structure cues to resolve lexical ambiguities.
Adults and 4-year-olds used verb-sense associations to
process ambiguous words, although adults showed higher
reliance on sentence global plausibility inferred from prior
context associations. Importantly, we found the first
preliminary evidence that young children might rely on topdown verb-event structure cues to resolve lexical
ambiguities, when these are put in competition with bottomup cues from prior context (and verb-sense association cues
are unavailable), supporting a cue-validity account of
sentence parsing (Trueswell & Gleitman, 2007).
Previous studies have found that children struggle to
integrate top-down global plausibility and mostly rely on a
bottom-up cue like lexical association (Khanna & Boland,
2010; Rabagliati et al., 2013). Instead, in our study we found
that children relied on verb-event structure to resolve lexical
ambiguities, being able to override the effect from prior
context associations. If confirmed, the different outcome of
our study compared to previous ones could be explained in
two ways. One possibility is that given their prominent role
in early language processing (e.g., Andreu et al., 2013; Kidd
& Bavin, 2005; Mani et al., 2016; Snedeker & Trueswell,
2004; Yacovone et al., 2021), verbs might be considered a
more reliable source of information by children compared to
other top-down cues. Alternatively, verbs might not have a
higher status compared to other top-down cues, but
methodological differences might have allowed us to
highlight the effect of top-down cues. Namely, in the study
from Rabagliati et al. (2013) longer stories preceded the
target ambiguous words, which could have provided children
with stronger evidence from a larger number of lexical
associates in the prior context. Therefore, future studies
should examine how the effect of verb-event structure
changes as a function of length of prior context. In contrast,
age differences are unlikely to account for differences
between our findings and those of previous studies
(Rabagliati et al. (2013) tested 4-year-olds, as we did).
Sensitivity to prior context might also explain the fact that
children mostly selected the dominant sense in the lexical
condition, while adults privileged the subordinate sense. In
adults, few lexical associates in the prior context might be
enough to raise activation of the subordinate sense, while
children might need more evidence (i.e., longer sentences) to
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activate the subordinate sense via bottom-up associations. In
a preliminary follow-up analysis, we aggregated data from
adults (N=83) and a larger sample of children (N=45) (the
child pilot data was too sparse for this additional analysis;
importantly, the main findings for children reported above
and based on the pilot sample were confirmed by analyses
looking at the larger sample). We fitted a mixed-effects
model with sense choice in the lexical condition
(dominant/subordinate) as the outcome, and age group
(adult/child), relative frequency of dominant sense
(dominance), verb-sense association, and prior context
associations as predictors (including two-way interactions
between predictors, and three-way interactions between age
group and every pair of continuous predictors). Prior context
associations were obtained by taking all the words in the prior
context and averaging their relative frequency of occurrence
in child-directed sentences which contained the target
subordinate sense1. We found a main effect of verb-sense
association (Odds Ratio = 1.78 [1.25, 2.55], p = .001),
indicating that both adults and children were sensitive to this
cue in the lexical condition (see Figure A1). Further, we
found a significant interaction of prior association and
dominance (Odds Ratio = 0.55 [0.38, 0.80], p = .002), and an
interaction between age group and dominance (Odds Ratio =
0.38 [0.21, 0.67], p = .001). We visually examine these two
interactions in Figure A2, where we plot percentages of
dominant sense choice as a function of prior association and
dominance, for adults and children. In line with the first
interaction, one can see that both adults and children are
sensitive to prior association to the same extent, although
only at high levels of dominance. This is due to a positive
correlation between prior association and dominance in the
experimental stories (Spearman rho = .18) by which the
contrast between low and high prior association tends to be
more pronounced at high levels of dominance, with the
consequence that at low levels of dominance prior association
shows no effect (across age). Also, at low levels of
dominance child performance is at ceiling (i.e., they almost
always select the dominant meaning) while adult
performance is at floor (i.e., they almost never select the
dominant meaning, in line with the second interaction found).
This could indicate higher sensitivity of children to sense
dominance. Alternatively, dominance computed on childdirected speech might not accurately reflect sense dominance
in adult-directed speech. In any case, this exploratory
analysis suggests that differences between child and adult
performance in the lexical condition are not due to children
requiring exposure to more bottom-up lexical associates in
order to activate the subordinate meaning of an ambiguous
word.
Finally, is it possible that children’s sensitivity to
dominance could have helped them select the dominant
meaning in the semantic condition, regardless of their
knowledge of verb-event structure cues? To examine the role

of sense dominance, we fitted an exploratory mixed-effects
model including sense choice in the semantic condition as the
dependent variable, with age group (adult/child), prior
association and sense dominance as predictors (including
two-way and three-way interactions). We found no effect of
sense dominance (Ratio = 0.87 [0.37, 2.05], p = 0.758) nor
prior associations (Odds Ratio = 0.87 [0.36, 2.13], p = 0.763),
suggesting that adults and children likely relied on verb-event
structures to disambiguate the target words. To examine this
further, we fitted an additional mixed-effects model on child
data only, using sense choice in the semantic condition as the
outcome, with prior association, sense dominance and verb
production (Not produced = Not used or Understand only;
Produced = Understand and Use) as predictors (including
two-way interactions). Verb production was inferred from
our parent-report questionnaire. Interestingly, Verb
production was the only significant predictor in this model
(Odds Ratio = 3.50 [1.09, 11.25], p = 0.035), with children
being more likely to select the dominant meaning if parent
reported production of the preceding verb (see Figure A3).
This represents preliminary, suggestive evidence that
children indeed relied on their knowledge of verb-event
structures in the semantic condition (assuming that being able
to produce a verb is indicative of more consolidated
knowledge of verb-event structure). Note that, if these
assumptions are correct, one would also expect the
association with verb production to be smaller in the lexical
condition; however, we could not run the same analysis for
the lexical condition because the vast majority of verbs in this
condition were reported by parents as being produced by
(almost) all children in our sample.

Conclusion
Although theories of word learning predict that young
children do not map word forms to multiple meanings (e.g.,
Markman, 1989; Trueswell et al., 2013; Yu & Smith, 2007),
recent evidence indicates that child-directed speech is rich in
word sense ambiguity, and the same is true for children’s
early vocabularies (Meylan et al., 2021).
The present study examined the effect of bottom-up lexical
and top-down verb-event structure cues in early lexical
ambiguity resolution. Given the ubiquitous role of lexical
statistics in language development (Ambridge et al., 2015),
we showed the importance of leveraging naturalistic
conversations to disentangle the effect of different factors in
sentence context. We found that children might be able to
integrate both bottom-up verb lexical and top-down verbevent structure cues in sentence parsing to disambiguate the
meaning of ambiguous words, supporting the idea that their
word representations are contextual, and rich in surface and
structural aspects from early in development (Srinivasan &
Rabagliati, 2021).

1 In all additional analyses, we also obtained the same results
when using content words, pronouns and prepositions (Rabagliati et
al., 2013), or only content words to compute prior associations.
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Appendix

Figure A1
Boxplots showing the distribution of percentages of
dominant sense choice in the lexical condition for adults and
children, by verb-sense association. Median split was
applied to verb-sense association only for graphical
purposes, but the variable was kept continuous in the
statistical model. Data points were jittered to avoid visual
overlapping.
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Figure A3
Boxplots showing the distribution of percentages of
dominant sense choice in the semantic condition for
children, by parent-report child verb production. Data points
were jittered to avoid visual overlapping.
Figure A2
Boxplots showing the distribution of percentages of
dominant sense choice in the lexical condition for adults
(A2a) and children (A2b), as a function of prior association
and sense dominance. Median split was applied to prior
association and dominance only for graphical purposes, but
these variables were kept continuous in the statistical model.
Data points were jittered to avoid visual overlapping.
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Table A1
Stimuli divided by 3 counterbalancing blocks. Each story has a prior context and a following control, lexical or semantic
context. Verb-sense associations for subordinate and dominant senses are reported. These were computed as the raw
frequency of verb-sense occurrence weighted by the number of times a sense appeared in ChiSense-12 as a verb object.

Prior context
Sophia listened to some music
John threw the ball
Wendy bought some tools and a piece of wood
George had an apple for breakfast

Prior context
The teacher said goodbye to the daughter
Harry got eggs, milk and sugar
Olivia had some chips
Jack got some arrows

Prior context
Julia and Beth wanted some milk
Leo and Mark were waiting for the bus
John was putting on a shirt
Charlie got some stamps this morning

Prior context
The teacher said goodbye to the daughter
Harry got eggs, milk and sugar
Olivia had some chips
Jack got some arrows

Prior context
Julia and Beth wanted some milk
Leo and Mark were waiting for the bus
John was putting on a shirt
Charlie got some stamps this morning

Prior context
Sophia listened to some music
John threw the ball
Wendy bought some tools and a piece of wood
George had an apple for breakfast

Prior context
Julia and Beth wanted some milk
Leo and Mark were waiting for the bus
John was putting on a shirt
Charlie got some stamps this morning

Prior context
Sophia listened to some music
John threw the ball
Wendy bought some tools and a piece of wood
George had an apple for breakfast

Prior context
The teacher said goodbye to the daughter
Harry got eggs, milk and sugar
Olivia had some chips
Jack got some arrows

Block A
Control context
Then, she played in a band
Then, Mary swung the bat
Then, she got a nail
Then, he ate a mousse

Verb-sense association (subordinate/dominant)
.029 / .000
.078 / .000
.056 / .014
.077 / .000

Lexical context
Then, she looked at the sun
Then, he held the flower
Then, she saw the chicken
Then, he made a bow

.000 / .041
.000 / .006
.005 / 053
.000 / .054

Semantic context
Then, Julia folded the glasses
Then, Mark rubbed out the line
Then, he rang the button
Then, he sang the letters

Block B
Control context
Then, she talked to the son
Then, he mixed the flour
Then, she ate the chicken
Then, he shot a bow

.000 / .000
.000 / .000
.000 / .000
.000 / .000

Verb-sense association (subordinate/dominant)
.023 / .000
.015 / .000
.116 / .007
.111 / .000

Lexical context
Then, Julia found the glasses
Then, Mark followed the line
Then, he touched the button
Then, he looked for the letters

.007 / .016
.005 / .055
.000 / .014
.004 / .011

Semantic context
Then, she twisted a band
Then, Mary got bitten by the bat
Then, she chewed on a nail
Then, he met a moose

Block C
Control context
Then, Julia filled the glasses
Then, Mark stood in the line
Then, he undid the button
Then, he posted the letters

.000 / .000
.000 / .000
.000 / .000
.000 / .000

Verb-sense association (subordinate/dominant)
.007 / .000
.044 / .000
.071 / .000
.185 / .000

Lexical context
Then, she got a band
Then, Mary liked the bat
Then, she drew a nail
Then, he saw a moose

.000 / .065
.000 / .033
.000 / .014
.038 / .085

Semantic context
Then, she relaxed under the sun
Then, he trimmed the flower
Then, she rescued the chicken
Then, he ironed a bow
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.000 / .000
.000 / .000
.000 / .001
.000 / .000
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Abstract
Traditionally, theory and practice of Cognitive Control are
linked via literature reviews by human domain experts. This
approach, however, is inadequate to track the ever-growing literature. It may also be biased, and yield redundancies and
confusion.
Here we present an alternative approach. We performed automated text analyses on a large body of scientific texts to create
a joint representation of tasks and constructs. More specifically, 385,705 scientific abstracts were first mapped into an
embedding space using a transformers-based language model.
Document embeddings were then used to identify a taskconstruct graph embedding that grounds constructs on tasks
and supports nuanced meaning of the constructs by taking advantage of constrained random walks in the graph.
This joint task-construct graph embedding, can be queried to
generate task batteries targeting specific constructs, may reveal
knowledge gaps in the literature, and inspire new tasks and
novel hypotheses.
Keywords: Cognitive Control; Natural Language Processing;
Cognitive Constructs; Cognitive Tasks;

Introduction
A key challenge in cognitive sciences, and in particular cognitive psychology and neuroscience, is to make sense of observable phenomena (i.e., behavior) in terms of theoretical
constructs. Consider for instance Cognitive Control (CC)—a
broad construct that comprises many components and engages multiple mechanisms which collectively aim to describe goal-directed behavior in a complex, uncertain world.
CC is a major construct in cognitive sciences: In the year
2021 alone, PubMed indexed 974 papers with the term ”Cognitive Control” in the title or abstract—an average of 3 papers
per day. To understand CC, researchers have introduced a variety of theoretical constructs and conceived numerous cognitive tasks (see Baggetta & Alexander, 2016). However, the
relationships between and within related constructs and tasks
are not always clear. For example, because they are ”measured” using the same set of tasks (e.g., Stroop, N-back, Digit
Span, Stop-Signal, Task Switching), it seems reasonable to
assume that cognitive control (Botvinick & Cohen, 2014), executive functions (Baggetta & Alexander, 2016), attentional
control (Rey-Mermet, Singmann, & Oberauer, 2021), and
self-regulation (Enkavi et al., 2019) are somewhat equivalent

constructs; yet, they are not widely considered equal (Nigg,
2016).
Traditionally, the meaning and relationships between constructs and tasks are conceptualized in extensive literature
reviews conducted by human experts. In this approach, researchers ”manually” read, synthesize, and criticize the literature and write reviews or reports describing their understanding. Following such reviews, CC is viewed as interactions between generic core processes (e.g., inhibition, flexibility, working memory, and interference control in Diamond,
2013), interactive componential (Badre, 2011), tasks-specific
processes driven by goals (Logan, 2017; Doebel, 2020), or
optimal parameterization of naturalistic tasks (Botvinick &
Cohen, 2014). This approach has been invaluable but it may
also yield biased results (Brick, Hood, Ekroll, & de Wit,
2021; Beam, Potts, Poldrack, & Etkin, 2021) and seems inadequate to track the ever-growing literature and stay current. In
this context, modern machine learning methods may provide
useful and complementary insights.
When considering terms in the literature, there are two major impediments to creating consistent construct-task associations: construct hypernomy when conceptualizing CC and
task impurity when operationalizing it. Construct hypernomy
occurs when description of the same construct varies across
different contexts due to the way it is assessed. It creates different meanings of the same concept. ”Attentional Control”,
for example, likely means something different in Ahissar and
Hochstein (1993) (as measured by low-level perceptual tasks)
than it does in Burgoyne and Engle (2020) (as measured by
complex cognitive tasks). Task impurity, on the other hand,
refers to the idea that performance on a task loads onto multiple constructs (i.e., there is not a one-to-one mapping between
constructs and tasks). Because of the impurity, no task taps
into just one isolated construct. Performance in the Backward
Digit Span, for instance, involves short-term memory, visual
perception, sustained attention and working memory, to name
just a few. The consequence is that constructs lack a consistent, groundable semantic content, corrupting interpretations
of neural and cognitive research that depend on them.
Construct hypernomy and task impurity are quite common
in CC research because complex concepts like cognitive con-
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trol manifest themselves differently across different individuals and contexts (Burgoyne & Engle, 2020). For that, researchers often use multiple tasks in their studies and apply
statistical methods such as latent factor analysis to discern underlying constructs. Nevertheless, the resulting latent models
of CC are rarely agreed upon, as is the selection of tasks (see,
for example, Rey-Mermet et al., 2021; Doebel, 2020, Enkavi
et al., 2019, Nigg, 2016).
Ambiguous associations of constructs and tasks make it
hard to interpret past results, hinder scientific progress and
the development of effective interventions. With the advent
of scalable machine learning, however, construct-task associations may be clarified. The goal of this paper is to approach the conceptual richness of a large body of scientific
works and take advantage of recent context-aware language
models in machine learning to clarify the association of CC
tasks and constructs. More specifically, we collect and analyze scientific texts about CC tasks and constructs and encode
text data into rich semantic embeddings using transfer learning. Transfer learning exploits the rich representations generated by natural language models trained to faithfully represent contextual meaning—unlike traditional bag-of-word or
clustering techniques. Similarities between embedded representations are then used to build up a hypergraph (Battiston
et al., 2021) that connects tasks and constructs.
First, we show that this hypergraph representation regrounds constructs on tasks and provides nuanced meaning
of the constructs, ultimately demonstrating construct hypernomy. Second we show that pulling theoretical and experimental literature into overlapping components of a hypergraph may greatly benefit researchers: the joint task-construct
embeddings can be queried to generate special-purpose task
batteries, it may reveal knowledge gaps, inspire the design of
new experiments and yield novel hypotheses regarding the
structure and function of CC. This empirical and descriptive model of the literature, rather than expert-driven ones,
may also be used in future applications to enhance knowledge
searches (see Beam et al., 2021 for a comparison of a datadriven mapping of the literature and expert-driven knowledge
frameworks like DSM and RDoC).

Methods
Data. We created a lexicon of CC-related terms (172 terms,
of which 72 were task names and 100 were construct names)
based on the previously published work on Cognitive Control (Barch, Braver, Carter, Poldrack, & Robbins, 2009), Attentional Control (Bastian et al., n.d.), Executive Functions
(Baggetta & Alexander, 2016; Diamond, 2013), and Self
Regulation (Enkavi et al., 2019). Each term in the lexion was
associated with a PubMed-specific search query by which papers with the term in their title or abstract were retrieved. This
resulted in a dataset of loosely labeled documents, each labeled by one or more lexicon terms (n=522,972 hits, of which
385,705 were unique). For the purpose of the current analyses we only retained the title and abstract of the papers, along

with the lexicon terms that were used to retrieve them. Having multiple labels per document was crucial to quantify the
co-appearance of the terms in the literature. After the documents were collected we removed 14 terms from the lexicon
because they yielded too few documents to support cross validation splits (n < 5).
Analysis. To understand the relationships among and between tasks and constructs, our goal is to build graphs that
represent tasks and constructs as nodes and measure similarity/distance between them as edges. Graph G can be used
to jointly infer embeddings of both construct and task nodes
in a shared vector space, in that relative closeness of two
nodes is estimated by the similarities of node attributes as
well as the shared neighbors in the graph. Heterogeneous
S
graph G = (Vtasks Vconstructs , E) is defined by its two types
of nodes, Vtasks and Vconstructs , labeled by either a task or a
construct term, while the weighted edges, E, represent the
links between two or more nodes, reflecting similarity of the
corresponding terms in the literature. Node attributes being
relevant scientific texts, the existence and weight of a link between two nodes is predicted by the similarity of corresponding node attributes; the higher the similarity between node
attributes, the higher the chance of the nodes being associated. The core problem becomes learning task and construct
attribute embeddings that predict co-occurrence and semantic
similarity measures. We used the following steps to create the
graph G from the collected scientific texts.
The data collection resulted in a dataset of 385,705 unique,
but loosely-labeled, abstract texts, all of which were then
encoded into embeddings of 1024 dimensions using a pretrained transformer language model (GPT-3 Ada for text similarity embedding; see Brown et al., 2020). The language
model transformed raw texts into 1024-dimensional vectors,
gpt3-embedding, representing semantic similarity between
two or more pieces of text. Since keeping the original structure of the text was important for the model to understand
the context, we did not preprocess the raw text. To convert text similarity into a shared topic representation (which
improves relating task and construct text embeddings), we
applied Top2Vec topic modeling (Angelov, 2020) to the
gpt3-embedding which projected them into a space of 473
dimensions, i.e., topic-embeddings. Each column of the
topic-embedding matrix represents a topic, and element i j
shows the probability of assigning document i to the topic
j. Realigning the gpt3-embedding into topic-embeddings improved the quality of the dataset for a number of reasons.
First, it improves the quality of the labels in the dataset by
discarding outlier documents. These are documents that belong to no topics of interest or are assigned to irrelevant topics
(e.g., genetics)—after removing outlier documents, 293’014
unique documents remained for further analysis. Second,
topic modeling allows one to extract a useful, interpretable
representation of the documents, as each dimension of the
topic-embedding shows the probability of assigning a document to a topic while being faithful to the contextual rep-
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Figure 1: (A) Introducing new tasks (task innovation) and constructs (concept innovation) is characterized by a burst followed
by declining innovation. (B) Task and Construct occurrences in publication abstracts are temporally decoupled. Time to
operationalize constructs (blue) is the time between the first occurrence of a construct and the first co-occurrence of that
construct with any tasks, while Time to conceptualize tasks (orange) is the time between the first occurrence of a task and
the first co-occurrence of that task with any of the construct. (C) The majority of the literature only used one task in their
studies, showing a lack of multitask design of experiments. (D) While the number of papers published each year increases
exponentially, the number of tasks per study remains fairly constant across time.
resentation of the documents in the gpt3-embedding space.
This generates a digraph between nodes representing lexicon
terms and the topic-embedding vectors.
To convert this into a construct-task graph, we grouped
lexical terms associated with construct and tasks to generate
graph nodes. To compute topic-similarity between groups of
lexical terms associated with each construct or task node, we
fitted a multivariate normal distribution over the topic vectors of each node separately and then calculated the distance
between all nodes as measured by the Jensen-Shannon divergence of those node-level distributions. This step added edges
to the graph, G, with edges weighted by the inverse distance
of nodes in the JS-divergence matrix.
To learn a representation of the graph that only preserves
paths from tasks to constructs and vice versa, we then applied Metapath2Vec (1000 random walks of step size 100,
accompanied by skip-gram Word2Vec embedding of size 128
and maximum window size of 5; as recommended in Ruch,
2020). The Metapath2Vec embedding encodes random walks
of specific patterns in a heterogeneous graph, here patterns
being alternating random walks between task and construct
nodes.
Finally, by applying HDBSCAN soft clustering to the node
attributes and thresholding the edges (discarding all the edges
weighed within one standard deviation from median), we
transform the graph G to a homogeneous hypergraph, i.e.,
nodes are now only of type task, while constructs are hyperedges that group a subset of tasks in overlapping clusters.

Results
We used a variety of data-driven approaches to collect and
understand CC publications. Briefly, we a) created an allinclusive lexion of construct and task terms, b) queried
PubMed to collect relevant abstract texts, c) vectorized
all the raw texts using GPT-3 Sentence Similarity Embedding, an unsupervised pre-trained language model, d) applied

Top2Vec topic modeling technique to all the document embeddings together and identified dimensions of a useful latent
space, i.e., topics. We then created a graphical representation
of the lexicon terms, i.e., task-construct graph, and used them
to predict the association between terms.
The richness of tasks and constructs in the literature.
Although there are many task and construct terms, their relative frequencies differ widely. For example, ”Stroop Task” is
mentioned 8,003 times in the period 1973–2022 while ”Delay Discounting Task” was only mentioned 466 times over the
same period of time. The use of each term tends to increase
over time. Interestingly the rate at which new constructs and
tasks are introduced does not follow the same curve as the
number of publications in the field; rather there seems to have
been a peak of innovation for constructs around 1980 and for
tasks around the year 2000 (Figure 1A). Such patterns, visible
in simple descriptive statistics (Figure 1), may provide interesting insights into understanding the maturity and vitality of
a research field.
Regrounding constructs on tasks. It took on average 7
years for the constructs to be explicitly associated with a task
(see Figure 1B). The meaning of a theoretical construct may
change across time and gain clarity and precision with new
empirical measures and cognitive tasks being used by the research community to flesh out the construct. A core idea
in this paper is that by evaluating how constructs are operationalized (i.e., linked to cognitive tasks) key insight can be
gained about what a construct means. Grounding the definition of constructs on tasks provides a nuanced meaning of
constructs that relies on observable measures. It also allows
the computation of useful measures on constructs (e.g., specificity) and on between pairs of constructs (e.g., measures of
redundancy, similarity, and distance). To investigate the relationships between cognitive constructs, we use hyperedges in
the task-construct graph as a measure of similarity, indicating the extent to which a construct hyperedge can be recon-
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Figure 2: Task-Construct hypergraph: representations of control-related constructs as hyperedges (vertical black lines) over a
subset of tasks (nodes). Construct hypernomy is reflected as overlapping hyperedges (e.g., green regions), and task impurity
as nodes scattered over multiple hyperedges (e.g., blue region). Distances between nodes are not meaningful. Nodes are
reorganized for visual clarity and only a subset of the graph is displayed.
structed by neighboring tasks.
Construct hypernomy. The task-construct graph readily
demonstrates construct hypernomy and task impurity in the
CC literature. We first sought hypernomy as highly overlapping hyperedges of seemingly incompatible constructs, as
well as a high degree of task nodes with neighboring constructs as a measure of the task impurity. Figure 2 illustrates
overlapping hyperedges of the most popular constructs where
hyperedges for Cognitive Control, Executive Control, Behavioral Control, Central Executive, and Attentional Control are
overlapping and identical.
Task inconsistency across disciplines. A major source
of hypernomy stems from descriptions and measurements of
the constructs often being inconsistent across scientific communities. To test this idea, we sought to determine whether
construct hyperedges, and their task associations, vary across
four cognitive disciplines (psychology, neuroscience, cognitive science, and social science). Using the same method
described in the analysis section we created four disciplinespecific graph embeddings. The only difference was that
publications were grouped by discipline, which was determined by searching for the terms ”social”, ”psycho”, ”neur”,
or ”cognit” in the journal titles. Constructs that have incon-

sistent task associations across the disciplines are hypernomic
(Figure 3).
Refactoring tasks and constructs. Designing effective
assessments of CC can be challenging for a number of reasons. Participants have limited time to spend on cognitive
tasks. 1) If these tasks are poorly selected, performance on
these tasks may not be very informative (e.g., measures are
conceptually redundant); 2) If only one task is used, the inferential resolution of performance to construct is very limited.
Thus in order to be able to make specific theoretical claims
about CC it is necessary to use multiple, well-chosen tasks
in experiments. This is currently not the case. As shown in
Figure 1C, most research uses only one task. In fact, only
17 percent of publications used 2 or more tasks. The taskconstruct graph presented here may facilitate novel experimental designs of such multi-task, max-information experiments by providing a similarity-based space in which tasks
can be identified, and grouped, by the overlapping subgraphs
(i.e., constructs) that they belong to.
In the task-construct graph, two tasks are similar if they
share identical neighbors, i.e., constructs. And tasks cover a
set of constructs if their union set overlaps the corresponding hyperedges of the constructs. These principles equip re-
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Figure 3: Associations between tasks and constructs minimally overlap across scientific disciplines. Rose plots show the relative
association between constructs and tasks, with each color representing a different field. Lack of overlap between the ”spikes”
indicates disjoint operationalizations across fields.

Figure 4: Pairwise distances between the 25 most popular
cognitive control tasks as measured by the symmetric JensenShannon divergence of two multivariate normal distributions
of their node attributes in the task-construct graph. Higher divergence indicates higher dissimilarity between corresponding scientific texts. Task-task distances may for example provide a data-driven proxy for predicting and explaining transfer effects in cognitive training research.

searchers with sound and quantified methods to refactor tasks
(e.g., discard redundant tasks, quantitatively measuring similarity of tasks via constructs, and performing set operations
on a group of tasks). Such a refactored set of tasks controls
the construct-redundancy of tasks and will shorten the time
required to complete comprehensive assessments. It provides
a method to design a task battery to effectively cover constructs (i.e., minimal redundancy while measuring different
facets of the constructs).

Sparsity in the task space. There are numerous cognitive
tasks in the literature; how these tasks relate to each other remains unclear. There are many cognitive control tasks that are
rarely used (see Baggetta & Alexander, 2016), and even fewer
used in combination with other tasks. Even when tasks were
used together, their relationship might still be unclear. The
question of how tasks relate to each other is key in the cognitive training domain where researchers aim to train cognitive
abilities in general rather than performance on a specific task.
In that context, a common point of disagreement is to predict
and interpret transfer effects (i.e., how much training in task
A improves performance in task B). A measure of distance
between tasks based on their grounding on constructs may
provide an objective foundation to understand these transfer
effects—the task-construct graph embedding proposed here
provides a means to compute such inter-task distances.
To quantify the distance between two cognitive tasks, we
compute the Jensen-Shannon divergence between their node
embeddings in the task-construct graph. Figure 4 shows, for
example, that the Trail Making Task is relatively close to the
Digit Span Task, suggesting its training effects transfer more
easily to the Digit Span Task than to tasks such as the Discounting Task.
Distance between the task nodes can also allow us to identify gaps in the task space: gaps may be visible as disconnected graph components. Identifying such gaps may reveal opportunities to develop new useful tasks. Alternatively,
there may only exist associations between groups of tasks and
groups of constructs—i.e. the task-construct associations are
not atomic. This reflects a lack of purity in the tasks or constructs or both that might be improved by refactoring constructs or decomposing tasks into components.
Querying the graph embedding for task batteries targeting specific cognitive constructs. Some studies use batteries of tasks that together address a research question and
measure one or more constructs from several viewpoints.
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The process of building such task batteries can be facilitated
by leveraging the task-construct graph embedding; one can
query the graph for an array of tasks spanning a given set of
constructs. The joint embedding translates queries into arithmetic operations in the embedding space (positive samples
and negative samples), allowing for more explicit and visible
decisions.
Query operations on the task-construct graph are made
possible by using the underlying node embedding vectors extracted as a part of Metapath2Vec graph embedding. Queries
include, for example, prioritizing tasks for a given construct,
or a set of tasks for a set of constructs. To prioritize tasks for
a construct, the task-construct graph looks for task nodes that
are closest to the simple mean of the queried construct, e.g., in
terms of sum of weighted node embeddings. And for a list of
tasks for multiple constructs, find the minimum spanning tree
that covers all the queried construct hyperedges. For example,
if one queries (Reward Processing + ReversalLearning
- GoNoGo - SortingTask), one will get the recommendation to use the BART, GiftDelay, BalanceBeam (Baggetta &
Alexander, 2016), and StimSSS (Enkavi et al., 2019) tasks,
which are ordered by the cosine similarity between the mean
vector of the query and the task vectors in the graph embedding model.

Implications
Ambiguous meanings and relationships between cognitive
tasks and constructs call for a more rigorous way to handle
constructs—an obvious solution would be to adopt a more
formal notation and refer to specific knowledge models (e.g.,
ontologies). The knowledge model must be flexible enough
to capture a wide range of association between constructs and
tasks. The proposed task-construct graph embedding provides a useful representation of the cognitive control literature built upon topic embedding. In this representation, association of two entities, e.g., task-construct, relies on shared
topics as well as the walks between them in a graph representation. By predicting links using topic embeddings of the
nodes, we find most similar aspects of, for example, two constructs, a similarity that could be explainable in natural language.
A consistent, sound, and parsimonious framework of CC
has been desired from the beginning. Yet, the growing number of publications and newly introduced constructs makes it
impossible to integrate them into a bigger picture. While researchers may disagree on theoretical perspectives and thus
on which terms to use, they generally might agree on the fact
that if two constructs are ”measured” by the same tasks, the
constructs must be somewhat related. We proposed a joint
embedding of constructs and tasks (based on scientific texts
in a graph representation) to drive a more nuanced interpretation of the constructs by regrounding abstract constructs on
the concrete set of observable tasks.
The proposed graph-based embedding enables explanatory
reasoning driven by scientific texts. Unlike expert-driven

models, the models reason regardless of the preferences in
research; yet it is not clear whether other kinds of biases are
addressed as the knowledge source and pre-trained language
model are themselves produced by humans. By scaling up
the knowledge model to a large body of available texts, the
model is able to encapsulate even more aspects of Cognitive
Control, and in general, multidisciplinary research.
Disagreements about the meaning of a construct are partly
explained by differences in how we interpret responses to a
particular task. By focusing on the co-occurrence of task and
construct names in scientific texts, our approach implicitly
makes strong assumptions about the relationship between abstract constructs and their imperfect but observable measures.
The limitations of the present work can be partially addressed
by expanding the hypergraph to include, for example, concepts such as brain mechanisms, research communities, and
analysis techniques.
Explainable symbolic AI and machine learning have been
long in debate to model knowledge. Regardless of the specific topic discussed here (i.e., Cognitive Control), the proposed model can be seen as an effort to connect symbolic
modeling (as in ontologies) and machine learning (as in embeddings). Our method informs an ontology of scientific texts
using context-aware embeddings that are extracted from a
loosely-labeled body of scientific texts requiring minimal human input. It is an automated pipeline that only requires a
lexicon, builds on large-scale language models and that can
scale to millions of documents, making it a viable approach
to meaningfully monitor the scientific literature continuously
and extensively.
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Abstract
This study investigates how L2 learners achieve the ‘goodenough’ comprehension in Korean. We focus on a suffixal
passive construction, given the scarcity of this construction in
the L2 textbook input. Results from acceptability judgement
and self-paced reading tasks suggest two aspects of L2
comprehension. First, L1 and L2 comprehension do not
qualitatively differ regarding ‘good-enough’ processing: the
L2 processor utilises both heuristic and algorithmic parsing to
reduce the burden of work at hand. Second, the divergence of
L1 and L2 processing behaviours during comprehension may
originate from various factors around L2 learners (e.g., L2
input, L1–L2 interface, task types), which are assumed to
anchor the noisier representations of L2 knowledge.
Keywords: Good-enough processing, L2 textbook, L1
property, Task type

Introduction
Second language (L2) knowledge, which is complex and
multifaceted (cf. Ellis, 2006), is described as noisier
representations in a learners’ cognitive space than those
involving how first language (L1) knowledge is constructed
(Futrell & Gibson, 2017; Tachihara & Goldberg, 2020). This
is ascribed to the between-language competition (FrenckMestre et al., 2019; Park & Kim, 2021) and increased
cognitive load in executing language behaviour (Jacob &
Felser, 2016; Pozzan & Trueswell, 2016), resulting in L2ers’
reduced capacity to deploy the target knowledge (e.g., Hopp,
2018; Robenalt & Goldberg, 2016) and their learning
trajectories distinctive from L1 acquisition (e.g., Jiang et al.,
2011; Slabakova, 2014; Shin & Park, 2021). Various
proposals have been made in explaining this aspect of L2
knowledge: learners’ difficulty in accessing fully specified
syntactic structures (e.g., Clahsen & Felser, 2006; but see
Omaki & Schulz, 2011), their reduced ability to integrate
syntactic representations and information from other
cognitive domains (e.g., Sorace, 2011), memory operations
during information retrieval for the task at hand (e.g., Hopp,
2014; McDonald, 2006), the extent to which properties of L2
overlap in (and compete with) those of L1 given the constant
L1 influence during L2 activities (e.g., Hartsuiker et al.,
2004; MacWhinney, 2008).

This study investigates how L2 comprehension proceeds
through the lens of the ‘good-enough’ processing account.
Research has shown that, to arrive at a complete
interpretation, the linguistic processor (i) analyses linguistic
input immediately and incrementally and (ii) selectively
involves reanalysis/revision of provisional interpretation
only if the previous interpretation goes against the current
input (e.g., Altmann & Kamide, 1999; Frazier & Rayner,
1982; Friederici et al., 2001). In this regard, one influential
account on how the processor copes with the incoming input
maintains that the processor inherently prefers less effortful
analysis available at the earliest opportunity over costly
computation in real-time processing (e.g., Christianson,
2016; Ferreira, 2003). When the processor interacts with
various cues in processing, not all cues are equally
influential: the degree and manner that these cues affect the
‘good-enough’ processing is asymmetric, which is modulated
by various factors such as language-specific properties, task
demands, cognitive load, and individual differences (e.g.,
Ferreira & Patson, 2007; Lim & Christianson, 2013; Swets et
al., 2008; Tan & Foltz, 2020). Most L1 studies concern only
few languages such as English (e.g., Dwivedi, 2013;
Kharkwal & Stromswold, 2014); furthermore, studies
extending this topic to various L2-learning contexts are
scarce. This research bias calls for the need to check whether
the previous findings based these languages are generalisable
to other languages and language-learning contexts.
We ask how L2 learners with contrastive L1 backgrounds
achieve ‘good-enough’ comprehension. We employ Korean
as an L2 and two languages (Czech; English) as learners’ L1s,
which are typologically distinctive from both Korean and
each other. Czech and English are SVO languages but differ
in their morpho−syntactic properties. Czech, a synthetic and
highly inflectional language, is characterised as an active
agreement system through word inflection indicative of
grammatical case, gender, and number. This allows flexible
word order while keeping propositional meaning intact.
English, on the other hand, is an analytic language with little
inflection. English has a less active agreement system and
rigid word order, and a word’s position in a sentence provides
crucial information about its grammatical status.
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Heuristic versus algorithmic processing
According to the ‘good-enough’ processing account,
sentence comprehension proceeds with two parsing routes:
algorithmic parsing and heuristic parsing (Christianson,
2016; Ferreira, 2003; Traxler, 2014). Algorithmic parsing
yields an analysis based on structural cues extracted from the
current input. In this way, the processor computes precise
syntactic representations in a strict, bottom-up manner,
thereby requiring deep and time-consuming processing.
Compared to this costly computation, heuristic parsing
facilitates rapid and less effortful (but sometimes incorrect)
interpretation based on a comprehender’s prior beliefs and
knowledge about the incoming input. This parsing route
operates mainly on heuristics, which comprise
computationally less costly and more accessible options
drawn from memory. These “fast and frugal” (Gigerenzer et
al., 1999:14) options, which depend upon information other
than pure syntactic representations such as ready-made
templates (e.g., Townsend & Bever, 2001) and usage
frequency (Ambridge et al., 2015; Goldberg, 2019), often
return an interim analysis.
Existing literature favouring this account has shown that
the processor does not apply the two routes to sentence
processing simultaneously or in a balanced way (e.g.,
Dwivedi, 2013; Ferreira, 2003; Ferreira & Patson, 2007;
Kharkwal & Stromswold, 2014). These studies point to the
linguistic processor’s preference for heuristics over
algorithms unless necessary, and thus ‘good-enough’, as a
least-effort strategy for comprehension. One motivation that
drives the processor this way occurs when it copes with
incoming input at the earliest opportunities. Processing new
items invites cognitive challenge (as a form of online
disequilibrium), so the processor prefers to restore cognitive
equilibrium quickly and to remain in this state for as long as
possible (online cognitive equilibrium hypothesis; Karimi &
Ferreira, 2016). This leads the processor to prefer heuristic
parsing over algorithmic parsing due to an economic
advantage of heuristics conserving cognitive effort (although
they are provisional and sometimes inaccurate).
Compared to L1 research in ‘good-enough’ processing,
literature on L2 ‘good-enough’ processing is less active. Lim
and Christianson (2013), for example, find that L2 processing
is strategically ‘good-enough’. They measured native English
speakers’ and L1-Korean L2-English learners’ sentence
comprehension through self-paced reading and translation,
by employing (im)plausible subject/object relative clause
sentences. Results showed that the L2 participants were able
to use syntactic information to arrive at complete
interpretation of a sentence, like the native speaker
participants. Notably, the L2 participants’ performance was
contingent upon proficiency and reading goals, suggesting
that L2 comprehension is intertwined with various factors
surrounding L2 learners. Tan and Foltz (2020) add to the
evidence that task demands affect the extent to which L2
processing becomes ‘good-enough’. Native speakers and
1
We controlled for the thematic role ordering (agent-beforetheme) and verb location (verb-final versus verb-initial) to compare
these patterns with the fewest structural differences.

Chinese-speaking learners of English joined self-paced
reading experiments with globally ambiguous and
disambiguated (through high- or low-attachment) English
relative clause sentences. Task demands were modulated by
means of the types of comprehension questions appearing
after reading each sentence. Results showed that, like the
native speakers, the L2 participants processed the
disambiguating region faster when they received superﬁcial
questions than when they received questions about relative
clause. Moreover, both L1 and L2 participants demonstrated
shallow processing, which did not stem from their inability to
process the sentences in more detail. The researchers argued
that L2 sentence processing is ‘good-enough’, becoming
strategic in that the processor engages in shallow processing
when deep processing is not necessarily required for the task.

Suffixal passive in Korean
A suffixal passive (SP) consists of two arguments with the
atypical alignment between thematic roles and case-marking
(theme–nominative; agent–dative) and passive verbal
morphology (Sohn, 1999). A canonical SP follows the
theme–agent ordering as in (1a); the verb can be fronted,
yielding a verb-initial pattern as in (1b).1
(1a) SP: verb-final
totwuk-i
kyengchal-hanthey cap-hi-ess-ta.
thief-NOM police-DAT
catch-PSV-PST-SE2
‘The thief was caught by the police.’
(1b) SP: verb-initial
cap-hi-ess-ta
totwuk-i kyengchal-hanthey.
catch-PSV-PST-SE thief-NOM police-DAT
‘The thief was caught by the police.’
For the verb-final pattern (1a), passive morphology serves
as a late-arriving algorithmic cue for identifying voice. The
arguments’ thematic roles in this pattern are incongruent with
the typical composition—nominative-marked agent and
accusative-marked theme. Therefore, a reader must revise the
initial interpretation by realigning the pairings between
thematic roles and case-marking (a theme role to the
nominative-marked entity; an agent role to the dative-marked
entity), respecting a valency-decreasing process in which a
transitive verb loses one argument slot. Notably, these
associations, which are exclusive for the passive, are atypical
and competes with much stronger and more frequent ones:
agent–nominative and recipient–dative. In contrast, the verbinitial pattern (1b) involves a fronted verb (and passive
morphology) as an early-arriving algorithmic cue. Therefore,
despite having the same anomaly concerning the thematic
roles of the case-marked arguments found in the verb-final
pattern, this morphology would guide the following
interpretation (e.g., Pozzan & Trueswell, 2015), allowing
immediate disambiguation of the pairings of the thematic
roles and case-marking facts. This would generate a
2
Abbreviations: DAT = dative marker; N = noun; NOM =
nominative case marker; PST = past tense marker; PSV = passive
suffix; SE = sentence ender; V = verb.

2335

processing benefit which is not present in the late-arriving
cue in achieving a complete interpretation of a sentence.
In sum, the two patterns differ in their respective heuristics
(verb-final: frequent word order vs. verb-initial: infrequent
word order) and algorithms (verb-final: late-arriving cue ®
revising the initial interpretation vs. verb-initial: earlyarriving cue ® guiding the following interpretation; both
involving the valency-decreasing process), given the same
cue for this computation (passive morphology) and the
unusual mapping between thematic roles and case-marking.

Composition of L2 textbook input
It is well-known that L2 textbooks provide L2 learners with
an essential/primary source of L2 input (e.g., Alsaif &
Milton, 2012; Römer, 2004). As an explanatory purpose, we
analysed two textbook types, each of which is used widely in
the Czech Republic (Textbook X) and the United States
(Textbook Y) for tertiary-level instruction of Korean. Each
type consists of multiple proficiency levels, and we selected
the first four volumes. This selection process was informed
by the actual range of levels that tertiary institutions typically
cover in undergraduate language courses. We electronically
compiled all the sentences in the textbooks, organising them
by textbook type, and then manually extracted the sentences
relevant to the investigation. The inclusion/exclusion criteria
were the following: each sentence was included if a predicate
was overtly realised in a sentence; any sentence was excluded
either with no overt predicate present or with a predicate
presented in an infinitive form for practice. We finally
examined all instances of disagreement and resolved them.
As Table 1 illustrates, the use of SP was scarce, indicating
that learners formally instructed with these textbooks in class
are not sufficiently exposed to the L2 input regarding SP. The
ratios of SP use were asymmetric in such a way that Textbook
Y showed a proportionally higher SP use than Textbook X.
In contrast, around one-third of the sentences in these
textbooks began with a case-marked subject. This number is
large considering the major setting of textbook contents—
colloquial conversations where sentential components (e.g.,
particle, case-marked argument) are frequently omitted
(Sohn, 1999) or utterances often begin with a vocative case
(e.g., Mia-ya, annyeng ‘Mia, hello’). Moreover, all sentences
in these textbooks occurred with the late-arriving predicate.
These characteristics may allow learners to get an initial fix
on the typical composition of Korean sentences.
Table 1. L2 textbook input composition
Textbook Total
X
Y

4,272
8,759

Instance: # (%)
Case-marked
PredicateSP
subject-first
final
9 (0.21) 1,622 (37.97) 4,272 (100.00)
77 (0.88) 3,077 (35.13) 8,759 (100.00)

Experiment
The scarcity of L2 textbook input regarding SP allows us to
explore how L2 comprehension proceeds at the interface of
the language-general processing architecture (heuristic-

before-algorithm), language-specific properties (word order,
case-marking, verbal morphology), and particular tasks at
hand. In what following, we measure L2 learners’
comprehension and processing through acceptability
judgement (AJ) and self-paced reading (SPR) tasks.
In AJ, a comprehender engages in both partial and holistic
considerations of a sentence to arrive at a complete
interpretation of the sentence and then to reach a verdict on
its acceptability. For this task, L2 learners would attend
primarily to the typicality of sentence composition in the
textbooks (subject-first and predicate-final), which is also
consistent with the basic word order in Korean and thus
readily available, rather than knowledge specific to the target
constructions (verbal morphology and the interpretive
procedures driven by that morphology), which is scant in the
L2 textbook input and thus laborious to utilise. This should
cause the L2 learners’ dispreference for a verb-initial pattern
relative to a verb-final counterpart, independently of
construction type. Considering the robust influence of L1
properties on L2 acquisition (e.g., Frenck-Mestre et al., 2019;
Park & Kim, 2021), we also expect L1-Czech L2-Korean
learners to be more adept at scrambling than L1-English L2Korean learners, demonstrating their leniency with the verbinitial pattern than L1-English L2-Korean learners.
In SPR, a comprehender engages in a moment-by-moment
and cumulative interpretation of the incoming items. Based
on this characteristic, we predict three aspects pertaining to
L2 comprehension in this task. First, the learners should
spend more time reading sentences than native speakers, as
proven by previous studies that show L2 learners’ general
difficulty in online processing (e.g., Clahsen & Felser, 2006;
Hopp, 2014; McDonald, 2006; Pozzan & Trueswell, 2016).
Second, the learners would attend more to item-specific
requirements within one region currently being handled than
to a broad structure-building process by actively utilising
cross-region and upcoming information. This is achieved by
way of two routes: the learners’ capacity for algorithmic
parsing driven by morpho–syntactic cues (e.g., Lim &
Christianson, 2013); reduced space for generating
expectations of the following representations based on the
here-and-now information because of the L2 mind being busy
integrating information at hand (cf. Grüter et al., 2017).
Therefore, these two routes would lead them to cope with the
region(s) with verbal morphology, increasing reading times
(RTs) at the verb-related regions compared to the same
regions of comparison for each construction. Their
processing behaviour should contrast to how native speakers,
who are fully aware of both heuristics and algorithms
involving each construction, would manage a verb-initial
pattern relative to a verb-final counterpart, demonstrating the
heuristic-before-algorithm processing architecture. Third,
like AJ, L1 properties will affect the learners’ processing,
leading L1-Czech L2-Korean learners to better handle the
verb-initial patterns in each construction type with less
processing cost than L1-English L2-Korean learners.

Methods
Participants We recruited L1-Czech (CZH) and L1-English
(USA) learners of Korean, all of whom were non-heritage
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speakers of Korean and currently residing in their respective
home countries. Proficiency in Korean was measured through
Korean C-test (Lee-Ellis, 2009), for which the main
assessment involved participants’ comprehension of Korean
sentences of varying length and complexity. The two tasks in
this study require a certain level of proficiency, so we
selected the appropriate participants with the test scores—
those with a threshold value of 63 out of 188. In the end, we
obtained 28 CZH (Mage = 24.1, SD = 2.8; duration of learning
Korean: M = 3.9 years, SD = 1.8) and 24 USA (Mage = 23.3,
SD = 4.2; duration of learning Korean: M = 4.4 years, SD =
2.0) participants. There was no statistical by-group difference
in the scores, as proved by the Wilcoxon rank-sum test (W =
399, p = .251). We also recruited 40 native speakers of
Korean (NSK) for the control group (Mage = 23.6, SD = 4.1).
Stimuli We created 16 test sentences for SPR by canonicity
(verb-final; verb-initial). Each test sentence included an
invariant carrier phrase, followed by the critical structure and
an adverbial phrase consisting of two words (Table 2). We
focused on R2, R3, and R4 as the main regions of interest and
R5 to accommodate any spill-over effects arising from a taskspecific button-press strategy. For subjects in the test
sentences, we used simple/common nouns often used in daily
life. There was no overlap in verb use across the sentences.
The dative marker used in all the sentences was uniformly hanthey, considering that it is used more frequently than eykey in colloquial settings.
Table 2. Scheme of stimuli (SPR)
Pattern
R1
R2
R3
R4
R5 R6
Verb-final I heard N-NOM N-DAT V-PSV
last night
Verb-initial that
V-PSV N-NOM N-DAT
To mask the experiment’s intention, the test stimuli were
interspersed with 48 fillers in varying structures and
complexity. All the test stimuli and fillers were split into four
sub-lists and were randomly assigned to participants; we also
randomised the sentences’ presentation order in each sub-list.
Participants also completed AJ to assess their offline
knowledge about each condition. The test sentences for this
task were generated from the critical structure portion (R2 to
R4) from the test stimuli and the fillers used in SPR.
Ten native Korean speakers, who did not participate in the
experiment, inspected the test stimuli for their grammaticality
using a binary scale (i.e., grammatically correct or incorrect).
The result confirmed the grammaticality of the stimuli for the
verb-final (mean = 100.00%, SD = 0.00) and the verb-initial
(mean = 92.50%, SD = 0.26) conditions. Based on the
inspectors’ comments, the lower score of the verb-initial
stimuli compared to that of the verb-final stimuli was not
from the sentences’ grammaticality but from the inspectors’
dispreference for scrambling without contextual motivation.
Procedure The two tasks were completed sequentially on
web-based platforms: PCIbex (Zehr & Schwarz, 2018) for
SPR; Qualtrics for AJ. All sentences were displayed
individually (i.e., one by one) on a computer screen. SPR was
run visually in a non-cumulative moving-window paradigm

(Just et al., 1982). Participants silently read sentences as
naturally and quickly as possible, pressing a space bar to
work through three practice items before proceeding to the
main task. Following the final region in each sentence, a
comprehension check-up question appeared prompting
participants to answer by clicking on one of the two choices.
The question was designed simply to maintain the
participants’ attention to the task, asking about simple facts
regarding the sentence being read (e.g., what the sentence
was about, what action was done). This task took around 30
minutes for each participant. For AJ, participants rated the
acceptability of each sentence as quickly as possible with a 6point Likert scale (0: unacceptable; 5: acceptable) to respond
immediately upon encountering the sentences. Once they
clicked on the scale and proceeded to the next sentence, they
were not allowed to revise their previous judgements. This
task took around 20 minutes for each participant.
Analysis Data from SPR were first trimmed by excluding
data from participants who failed to pass the comprehension
questions (data loss: 6.32%) and outliers (i.e., extremely long
or short RTs) per region through a 3SD cut-off point (data
loss: 2.10%). We then log-transformed the trimmed data for
data normalisation and further residualised the data to adjust
for variability in word length and individuals’ reading speed
(cf. Baayen & Milin, 2010). Finally, the pre-processed data
were submitted to a linear mixed-effect modelling per region,
with Group and Canonicity as fixed effects (centred around
the mean and deviation-coded) and with Participant and
Word as random effects using lme4 (Bates et al., 2015) in R
(R Core Team, 2021), including the maximal random-effects
structure allowed by the model (Barr et al., 2013). Data from
AJ were also trimmed first before the analysis by excluding
individual judgement values whose response times were less
than 1,000 ms or more than 10,000 ms (data loss: 6.79%). We
then Z-transformed the data to satisfy the assumption of
normal distribution and proceeded to the same kind of linear
mixed-effect modelling, with Group and Canonicity as fixed
effects (centred around the mean and deviation-coded) and
with Participant and Sentence as random effects (Bates et al.,
2015) in R (R Core Team, 2021), including the same kind of
maximal random-effects structure as the self-paced reading
data (Barr et al., 2013).

Results
AJ (Figure 1): The L2 groups judged the acceptability of all
the conditions to be lower than NSK, with the highest around
three out of five at most. They also evaluated the verb-initial
condition less acceptable than their verb-final counterpart,
like NSK. We then conducted pairwise comparisons
(NSK−CZH; NSK−USA; CZH−USA) to address group
differences. The first two models revealed main effects of
Group and Canonicity (all ps < .001), indicating the L2ers’
significantly lower acceptability rates of the verb-initial
condition than NSK’s and their strong dispreference for the
verb-initial condition relative to the verb-final one. The
CZH−USA model revealed a main effect of Canonicity (p <
.001), confirming the uniform gap in rating between the two
conditions for both L2 groups.
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The CZH−USA model revealed a main effect of
Canonicity at R2 and R5. Additional analyses (α = .025)
revealed significant differences at R2 (p = .011) and R5 (p =
.002) only for CZH.
Table 3. By-region statistical model (α = .05)

We again compared pairs to assess group differences,
focusing on the critical and spill-over regions (Table 3). The
NSK−CZH model revealed a main effect of Group in every
region of interest, indicating that CZH globally spent more
time than NSK in reading these regions. We found a main
effect of Canonicity at R2 and an interaction effect at R2, R3,
and R5. Post-hoc analyses (α = .025) revealed two points.
First, NSK spent significantly more time reading the verbinitial condition than the verb-final condition at R3 (p = .022)
and R5 (p = .005). Second, while CZH spent more time
reading the verb-initial condition than the verb-final pattern
at R2 (p = .011), they took more time reading the verb-final
condition than the verb-initial condition at R5 (p = .002).
Whereas no statistical significance was found in the RT
difference between the verb region (R2) in the verb-initial
condition and the verb region (R4) in the verb-final condition
for NSK, there was a marginally significant difference in RTs
between the two regions for CZH (p = .035).
The NSK−USA model revealed a main effect of Group in
every region of interest, indicating that USA globally spent
more time than NSK in processing these regions. We also
found a main effect of Canonicity at R2 and an interaction
effect at R3 and R5, but none of the post-hoc analyses (α =
.025) revealed significance. For USA, there was no statistical
significance in RT difference between the verb region (R2)
in the verb-initial condition and the verb region (R4) in the
verb-final condition.

NSK−USA

NSK
CZH
USA
Figure 2. SPR. X-axis: region; Y-axis: RT (residualised).
Solid lines indicate verb-final conditions and dotted lines
indicate verb-initial conditions. Error bars indicate 95% CI.

CZH−USA

SPR (Figure 2): For NSK, we found numerically longer RTs
in the verb-initial condition than in the verb-final condition
except R4 in which passive morphology exerts the assumed
revision of the initial interpretation in its typical position. For
the L2 groups, we found two general tendencies in the critical
(R2 to R4) and spill-over (R5) regions. First, they spent more
time at these regions than NSK. Second, whereas NSK
showed a constant trend in RTs as reading proceeded, the L2
learner groups demonstrated a sudden drop in RTs at the
spill-over region.

NSK−CZH

Figure 1. AJ. X-axis: group; Y-axis: acceptability (out of
five). Error bars indicate 95% CI.
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R2 (Intercept)
Group
Canonicity
Grp× Cn
R3 (Intercept)
Group
Canonicity
Grp× Cn
R4 (Intercept)
Group
Canonicity
Grp× Cn
R5 (Intercept)
Group
Canonicity
Grp× Cn
R2 (Intercept)
Group
Canonicity
Grp× Cn
R3 (Intercept)
Group
Canonicity
Grp× Cn
R4 (Intercept)
Group
Canonicity
Grp× Cn
R5 (Intercept)
Group
Canonicity
Grp× Cn
R2 (Intercept)
Group
Canonicity
Grp× Cn
R3 (Intercept)
Group
Canonicity
Grp× Cn
R4 (Intercept)
Group
Canonicity
Grp× Cn
R5 (Intercept)
Group
Canonicity
Grp× Cn

β
−0.030
0.970
0.178
0.273
−0.022
0.846
0.018
−0.374
−0.038
0.776
−0.088
−0.104
−0.142
0.352
0.004
−0.315
−0.102
0.957
0.136
0.207
−0.060
0.890
0.067
−0.299
−0.033
0.910
−0.093
−0.138
−0.167
0.334
0.059
−0.202
0.534
−0.042
0.321
−0.067
0.519
0.054
−0.166
0.070
0.490
0.122
−0.167
−0.037
0.060
−0.019
−0.137
0.112

SE
0.033
0.054
0.065
0.107
0.028
0.058
0.057
0.116
0.034
0.060
0.068
0.121
0.022
0.040
0.039
0.079
0.034
0.058
0.053
0.113
0.033
0.062
0.066
0.124
0.037
0.067
0.061
0.129
0.027
0.048
0.045
0.094
0.048
0.071
0.097
0.143
0.048
0.072
0.079
0.132
0.039
0.077
0.078
0.155
0.029
0.054
0.052
0.104

t
p
−0.890
.389
17.982 < .001***
2.756 .014**
2.536 .012**
−0.804
.422
14.658 < .001***
0.320
.749
−3.241 .001**
−1.112
.282
12.801 < .001***
−1.284
.217
−0.861
.390
−5.949 < .001***
8.708 < .001***
0.109
.913
−3.972 < .001***
−3.033 .007**
16.383 < .001***
2.549
.022*
1.841
.067
−1.794
.098
14.303 < .001***
1.010
.328
−2.403
.017*
−0.885
.382
13.626 < .001***
−1.524
.129
−1.071
.286
−6.191 < .001***
6.897 < .001***
1.331
.185
−2.161
.032*
11.039 < .001***
−0.595
.553
3.317 .004**
−0.467
.641
10.759 < .001***
0.745
.457
−2.096
.053
0.528
.598
12.484 < .001***
1.572
.118
−2.128
.050
−0.239
.812
2.090
.044*
−0.344
.731
−2.651
.009*
1.077
.283

Discussions and Conclusion
The L1 group’s performance is notable in two ways. First,
they dispreferred the scrambled condition (infrequent and
less plausible/felicitous) over the canonical counterpart
(frequent and context-neutral). Second, they spent more time
reading the verb-initial than the verb-final condition at R5,
the spill-over region in which the unusual distributional
(induced by word order) and local (induced by the pairings of
thematic roles and case-marking) cues are integrated into a
complete interpretation of a sentence. These findings suggest
that the NSK’s comprehension/processing was determined
more by the canonicity of word order and the typicality of
mapping between thematic roles and case-marking than by
the positioning of verbal morphology in a sentence. This
points to the selective manifestation of the early-arriving-cue
effect (an instance of deep and costly computation) during
comprehension, which is contingent upon a speaker’s
language usage experience, the nature of structural properties
dedicated to constructions, and particular language activities
required by task types. This aligns with the ‘good-enough’
processing account that argues the processor’s inherent
predisposition to favour the heuristic parsing over the
algorithmic parsing (e.g., Christianson, 2016; Ferreira, 2003),
supporting the idea that the processor operates in a way that
maximises cognitive equilibrium in real-time processing
(Karimi & Ferreira, 2016).
Patterns of L2 comprehension differed from those of L1
comprehension in this study. For AJ, the L2 groups generally
rated two construction types less acceptable than NSK, which
resembles the scarcity of SP in the L2 textbooks. However,
they dispreferred the verb-initial conditions compared to the
verb-final conditions as NSK did, indicating that L2 learners
were able to manifest broad word-order sensitivity such that
they uniformly rejected the scrambled conditions, regardless
of construction type. Recall that many sentences in the
textbooks began with a case-marked subject and all sentences
ended with a predicate. This may have prompted the learners
to form a default clausal strategy with an early-appearing
case-marked subject and a late-arriving predicate (which also
conforms to the canonical word order in Korean). The rarity
of L2 input regarding SP may thus have allowed more space
for the word-order heuristic, which is frequent and reliable,
to guide the L2 learners’ acceptability judgement of the
sentences. This supports the role of heuristics, which are
essentially frequency-driven, in L2 comprehension.
For SPR, the L2 groups generally exhibited increased RTs
when a region involved verbal morphology (verb-initial >
verb-final at R2; verb-initial < verb-final at R5 except USA).
Processing a verb is more demanding than processing a noun
due to the complex nature of a verb with rich morpho–
syntactic information used for the structure-building process
(e.g., Grimshaw, 1990; Pinker, 1989), and this may have
resulted in the RT gap at R2. However, this gap was
substantial only for CZH, and we could not find the
considerable RT gap at R4; instead, we found that gap in a
substantial manner at R5 only for CZH. This requires more
explanations on the learners’ RT patterns than those based
merely on the verb–noun asymmetry.

The findings from SPR bear two possible interpretations.
First, the L2 learners may have been forced to conduct the
algorithm-based analysis driven by the verbal-morphology
cue, rather than the heuristic-based analysis, to go about
moment-by-moment and cumulative interpretation. As the
L2 processor confronts information that is not strongly
supported by optimal and readily available processing
strategy—heuristic, it exerts costly and detailed computation
involving a verb (and its morphology) to restore cognitive
equilibrium. This may have increased RTs at R2 in the verbinitial condition relative to the verb-final condition. The same
computational burden arises at R4 (numerically but
insignificantly) and at R5 (significantly but selectively) in the
verb-final condition. These regions in the verb-final
condition are disadvantageous for the L2 processor since it
must integrate all the previous and current information to
achieve a full clausal interpretation, together with conducting
necessary treatment required by passive morphology. This
may have invited longer RTs at these regions in the verb-final
condition relative to the verb-initial conditions.
The other possibility concerns the asymmetric RT
difference between the two conditions by group. At R2 and
R5, the RT gap was statistically significant only for CZH. We
ascribe it to the interplay between the nature of L2 textbook
input and the properties of learners’ L1. SP was scarce in both
textbook types, but it appeared more in Textbook Y (learnt
by USA) than in Textbook X (learnt by CZH). The enhanced
presentation of SP in Textbook Y (albeit infrequent) may
have assisted USA, whose L1 manifests fixed word order and
little use of inflectional morphology, in managing the verbfinal condition, relaxing this group’s processing load at R5.
However, the USA’s capacity to cope with the verb-initial
condition appears to be still limited, necessitating more
processing resources, as shown by their RT patterns at R2.
Together, our results from AJ and SPR suggest that L2
processing does not qualitatively differ from L1 processing.
Considering that both heuristic and algorithmic parsing
routes are activated in parallel, the L2 processor tends to
prioritise heuristics, computationally simpler and cheaper
options, than algorithms, computationally more complex and
costly options (Lim & Christianson, 2013; Omaki & Schulz,
2011; Tan & Foltz, 2020), like how L1 processor copes with
the incoming and upcoming input (e.g., Ferreira, 2003;
Kharkwal & Stromswold, 2014). The computational benefit
regarding cognitive effort arising from heuristics often makes
it easier for the processor to maintain cognitive equilibrium
in online sentence processing. Nevertheless, whenever
necessary, the L2 processor is willing to engage in
algorithmic parsing to enter and restore cognitive equilibrium
as immediately and quickly as possible (Karimi & Ferreira,
2016). In addition, various factors such as distributional
properties of L2 input, (morpho–syntactic) properties of
learners’ L1, and particular language activities required by
task types jointly modulate the degree to which the L2
processor adjusts its mode to heuristic or algorithmic parsing.
We believe the implications of this study’s findings advance
the current understanding of how these factors contribute to
the noisier representations of L2 knowledge.
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Abstract
Children produce increasingly more recognizable drawings of
object concepts throughout childhood. What drives this improvement? Here we explore the role of children’s ability to
include relevant parts of those objects in their drawings. We
crowdsourced part tags for every pen stroke in 2,160 drawings of 16 common object categories that had been produced
by children between 4 and 8 years old. These part decompositions revealed both substantial variation in the number and kind
of parts that children emphasized, as well as a non-monotonic
relationship between the number of parts that children drew
and how recognizable their drawing was. Taken together, our
findings advance current understanding of how children’s part
compositionality in their drawings both drives and constrains
recognition of depicted objects. We plan to publicly release
these data to catalyze further investigation of how children’s
drawings change across development.
Keywords: object representations; child development; compositionality; drawing interpretation; visual communication

Introduction
Children’s drawings of object concepts change dramatically
and progressively across development (Piaget, 1929; Kellogg, 1969; Karmiloff-Smith, 1990; Fury, Carlson, & Sroufe,
1997), beginning with seemingly meaningless scribbles but
eventually emerging into rich and recognizable depictions of
the objects in the world around them. How do children learn
to translate their knowledge of object concepts into structured, semantically meaningful drawings? Researchers have
long hypothesized that this protracted representational ability of children to depict objects—including their constituent
parts and their relational structure—reflects a core correspondence between children’s visual perception and the organization of their semantic knowledge (Minsky & Papert,
1972). Indeed, children’s visual production abilities evolve
in tandem with their maturing perceptual systems (Bova et
al., 2007; Natu et al., 2016) and increasingly rich semantic
knowledge about the features of object categories (Tversky,
1985).
Recently, Long, Fan, Chai, and Frank (2021) investigated
how children produce and recognize drawings of common object categories across childhood. Children progressively included diagnostic features of those objects in their drawings
and capitalized on those same features when recognizing each
other’s drawings. Further, children’s ability to produce increasingly recognizable drawings was not fully explained by
their increasing visuomotor control, hinting at a much more

extended development of children’s visual concept learning
than previously thought. However, this work leaves open key
questions about how children’s visual concepts are changing—and about the actual features of children’s drawings that
drive this improvement in their recognizability. In the present
paper, we examine the part structure in the drawings collected
in Long et al. (2021) by crowdsourcing semantic labels for the
parts of objects included in children’s drawings.
Mounting literature using drawings to explore child development has established that children’s drawings improve
along several dimensions, becoming more visually distinctive
across different object categories (Long, Fan, & Frank, 2018),
more inclusive of diagnostic properties (Sitton & Light, 1992;
Barrett & Light, 1976; Bremner & Moore, 1984) and relations (Light & Simmons, 1983), and more spatially structured
(Karmiloff-Smith, 1990). In particular, these findings often
highlight that as children’s knowledge of object concepts improve, so too do their drawings, converging on the notion that
children are systematically biased to draw what they know
rather than what they see (see “intellectual realism” in Luquet
(1927)). However, while these prior studies have documented
informative gains in children’s representational abilities, they
have yet to characterize a critical axis of variability that may
explain the changing recognizability of children’s drawings:
an explicit examination of the parts of objects that children
include in their drawings, and how variability in such visual
prioritization may impact recognition of the drawn object.
Investigating children’s knowledge about parts as a window into the structure of their developing semantic knowledge is itself not a new approach (Tversky, 1989). Because
objects can be parsed into their constituent parts based on
both the perceptual and functional salience of those parts,
“partonomic knowledge” is theorized to underscore how people conceptually represent those objects (Tversky & Hemenway, 1984). Case-study evidence demonstrate that children
increasingly draw more diagnostic parts of objects (e.g., handles on mugs, see Bremner and Moore (1984)) and people
(Chappell & Steitz, 1993) as they learn how to discriminate
what characterizes those categories. These findings resonate
with work showing that children’s recognition abilities cooccur with their ability to visually process the part configurations of objects (Juttner, Muller, & Rentschler, 2006; Juttner,
Wakui, Petters, & Davidoff, 2016). Although these studies
offer initial insights on how children express their semantic
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bear
rabbit
lamp
airplane
number of unique parts
Figure 1: Example drawings across children from four object categories, increasing in the number of drawn unique parts. Colors added for
illustrative purpose to show each part annotation attributed to drawings.

knowledge in visual form, they have only been able to do
so for targeted object categories (e.g., mugs, people) and often with a narrow range in the ages of children. In part, this
gap is driven by a limited ability to capture the salient parts
of children’s drawings: prior studies have often relied heavily on manual annotations for singular categories (Bremner
& Moore, 1984; Barrett & Light, 1976), which has inherently
limited the sample sizes necessary to explore large-scale developmental trends in drawing behavior; other studies have
employed modern deep learning models to characterize feature distinctiveness of drawings (Yamins et al., 2014; Fan,
Yamins, & Turk-Browne, 2018; Long et al., 2021) but which
cannot explicitly encode part-level recognition of objects.
We overcome these challenges by developing a drawing
annotation paradigm to develop quantitative estimates of the
parts of objects that children drew in the large-scale drawing dataset collected by Long et al. (2021). Here we investigate: (1) what part information children choose to include
in their drawings of common object categories; (2) whether
older children include more object parts in their drawings;
and (3) how variation in the number of depicted object parts
impacts the ability of other children to recognize drawn objects. By measuring the semantic changes in children’s prioritization of different object parts, as well as the downstream
recognition they support, our work advances current understanding of how children progressively improve in their ability to convey semantically meaningful information in visual
form.

Methods
Developmental drawing dataset
Drawings We first obtained line drawings of common object categories previously collected by Long et al. (2021),

in which young children played a drawing game on a freestanding kiosk of a local children’s museum. These categories included a variety of animals and inanimate objects,
and were chosen from categories that are often drawn by
children (e.g., dog, cup) and also less frequently drawn (e.g.,
camel, lamp). On each trial, children were verbally prompted
to depict an object and had 30 seconds to draw on a touchscreen canvas of the kiosk with their finger. The drawings
were encoded as a sequence of vector graphic “strokes” and
parameterized by a sequence of cubic Bezier curves (i.e.,
splines). Here we define a stroke as the mark left by a child’s
finger between being “placed onto” onto the digital canvas of
the tablet and “lifted up” from the canvas.
From the larger dataset, we annotated 2,160 drawings of
16 categories that were produced by 4 to 8-year-old children (N=1481 children), including 560 drawings of small animals (rabbit, dog, fish, bird); 600 drawings of large animals
(camel, tiger, sheep, bear); 500 drawings of vehicles (airplane, boat, car, train); and 500 drawings of small household
objects (bottle, lamp, hat, cup). We chose these drawings to
annotate, because this subset was additionally used to test a
different set of children’s recognition of the drawn objects
(see below).
Drawing recognizability The original dataset also included recognizability scores for each drawing, generated by
a separate set of children (N=1,789 children, aged 3-10 years,
Mage = 5.49 years). These recognizability scores were generated from four different “guessing games” for each broad object category (small animals, large animals, vehicles, household objects). Children were presented with a drawing on the
same museum kiosk, and asked to guess which of four object categories each drawing represented (Long et al., 2021).
Children indicated their guess using touchscreen buttons with
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Figure 2: Distribution of the five most frequently drawn object parts in each object category.

canonical photographs of each possible category. All distractors were from the same broad category (e.g., vehicles).

Crowdsourced part decompositions
Our next goal was to generate a comprehensive set of part decompositions for each of the 16 object categories. To accomplish this, we designed a web-based crowdsourcing platform
and recruited 50 English-speaking adult participants (25 female; Mage = 27.1 years) from Prolific to identify the basic
parts of objects for each category. All participants of this and
the following task provided informed consent in accordance
with University of California San Diego’s IRB.
On each trial, participants were cued with a text label of
an object category and asked to list 3 to 10 object parts that
came to mind (e.g., head, leg, tail, etc. for “tiger”). Participants were instructed to write only concrete parts of an object (e.g., “tail”) rather than abstract attributes (e.g., “tufted”),
to use common names of parts rather than technical jargon
(e.g., “prehensile”), and to generate as complete a part list
as they could for each object category. We applied lemmatization to the resulting part decompositions to remove redundant part labels, such as “hoof” and “hoofs”, and manually
edited part labels that were spelled incorrectly or with alternative spellings. We then selected the top 10% of part names
that were most frequently listed. This generated a total of
82 object parts with a range of 5-13 possible parts per object
category.

Semantic part annotation task
To systematically measure the semantic part information
conveyed in children’s drawings, we developed a webbased annotation paradigm adapted from previous research
(Mukherjee, Hawkins, & Fan, 2019; Huey, Walker, & Fan,
2021) to assign a part label to each pen stroke constituting
every drawing (Fig. 1).

Annotators 1,034 English-speaking adult participants (457
female; Mage = 33.9 years) were recruited from Prolific and
completed the semantic annotation task. We excluded data
from 78 additional participants for experiencing technical difficulties with the web interface (N=11) and for having low
accuracy on our attention-check trial (N=67). Data collection
was stopped when every drawing had received annotations
from at least three annotators.
Procedure Each annotator was presented with a set of 8
drawings randomly sampled from the drawing dataset but
consistent within the same broad object category (i.e., small
animals, large animals, vehicles, small household objects).
Each drawing was accompanied by the name of its object category (e.g., “airplane”), as well as a gallery of crowdsourced
part labels that corresponded to it. For each stroke in the presented drawing, annotators were prompted to tag it with the
part label that described the part of the depicted object that
it represented. Annotators were permitted to label a stroke
with multiple part labels if they believed a stroke to represent multiple different parts of the depicted object, and were
able to write their own custom label if they believed that none
of the provided part labels were fitting. They could also label a stroke as unintelligible if they could not discern what it
represented. Annotators also completed an “attention-check”
trial, consisting of a pre-selected drawing that had been annotated by a researcher and then randomly inserted into the
set of drawings. If annotators did not match the researcher’s
annotation criteria for this drawing, data sessions from these
annotators were excluded from subsequent analysis.
Data preprocessing To determine how often annotators
agreed on what each stroke of children’s drawings represented, we calculated the inter-rater consistency among annotators. Across drawings, annotators agreed on the same
part label for 69.9% of strokes and had modest improvement
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Figure 3: Proportion of part emphasis (i.e., amount of ink allocated to drawn object parts) in each object category. Error bars represent 95%
bootstrapped CIs.

with drawings produced by older children (4-year-old drawings = 68.3% mean agreement, 8-year-old drawings = 69.8%
mean agreement). We retained strokes that were assigned the
same part label by at least two of three annotators. Our resultant dataset therefore contained 14,159 annotated strokes
across 2,088 drawings. Additionally, although we found that
annotators infrequently wrote custom labels, they only used
68 of the available 82 part labels. Strokes that were labeled as
unintelligible were not counted as distinct parts in analyses.

intriguingly some categories tended to emphasize parts that
were uniquely characteristic of those animals, such as “wing”
for birds and “wool” for sheep. By contrast, other generic facial features (e.g., “eye”, “mouth”, “nose”, “tooth”) were less
frequently emphasized. In drawings of household objects and
vehicles, children also tended to include generic features like
“body” and prioritize parts that were uniquely characteristic
of those categories (e.g., “lampshade” in lamp, “wagon” on
train).

Results

Do older children draw more object parts? Across object
categories, we found that the proportion of children’s drawings consisting of strokes labeled as unintelligible decreased
as children matured (4-year-olds = 29.7% of strokes, 8-yearolds = 12.4% of strokes); this result corroborates general prior
findings that older children produce more recognizable drawings (Long et al., 2021). Additionally, we found that older
children were more likely to use a single stroke to represent
multiple parts of an object (4-year-olds = 0.192% of strokes,
8-year-olds = 0.274% of strokes), suggesting that children
gradually become skilled at producing more complex and efficient representations of object parts.
To evaluate how the number of uniquely identifiable parts
attributed to each object category varied by age, we fit a linear mixed effects model predicting the number of object parts
from age, including random intercepts for each object category. We found a reliable increase in the number of depicted parts across age for all object categories (B=0.395,
SE = 0.041, df = 2071, p<.001), demonstrating that children gradually produce more detailed depictions by including

Which parts of objects did children prioritize in their
drawings? To investigate which parts were included and
visually emphasized in children’s drawings, we calculated
how often distinct object parts were included in the drawings.
We then evaluated their visual emphasis by calculating the
proportion of the total length of strokes that were attributed
to a particular object part in a drawing (e.g., wing), relative
the total length of all strokes in the entire drawing. If strokes
were used to represent multiple object parts, we took the total
length of the stroke and divided it by the number of parts that
it represented.
Overall, children prioritized certain parts of object categories over others, by both including more object parts and
devoting a greater amount of strokes to them (see Fig. 3 for
the five most frequently included parts per object category).
For example, children were more likely to prioritize “ears” in
their depictions of rabbits and “wheels” in their depictions of
cars. In drawings of animals, children tended to include more
generic bodily features such as “body” and “head”, although
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more object parts across development. Nonetheless, we observed wide variation in the number of object parts depending
on the category of the drawn object, revealing that children
tend to draw a greater number of object parts for animals relative to inanimate objects (e.g., household objects, vehicles)
(Fig. 4).
Do more recognizable drawings contain more object
parts? To test how variability in the number of drawn object parts may predict how well naive viewers can recognize
the depicted objects, we leveraged the recognition scores previously generated by a second set of children in Long et al.
(2021). We first examined children’s recognition of each object category as a function of the number of unique parts included in each drawing (Fig. 5). We found that drawings with
both too few and too many object parts tended to be less recognizable to children, relative to drawings with an intermediate number of unique parts. We additionally observed wide
item variability both between and within broad object categories (i.e., small animals, large animals, vehicles, household objects), in which some categories tended to have more
variation in the number of depicted parts and variation in the
relative strength of a quadratic relationship to their recognizability (Fig. 5). For example, the quadratic relationship
was strongest for object categories like lamps (see row 3 of
Fig. 1 for examples, where more sparse drawings of lamps
were less identifiable and more detailed drawings could be
mistaken for mushrooms). On the other hand, drawings of
object categories like bears that were more enriched with object parts were more recognizable to naive children (see row
1 of Fig. 1 for examples). This variability in recognizability suggests that as children gain more semantic knowledge
object categories, they may need to adjust how many parts
of object they should choose to include in their drawings in
order to produce more recognizable drawings.
We next examined the relationship between the number of
unique object parts and age of the child recognizing the drawings and found a similar quadratic relationship between the
two variables. In order to assess these trends, we fit a gener-

alized linear mixed effect model to the recognition data, modeling the quadratic interaction between the number of parts in
each drawing and the age of the child recognizing the drawing, with the maximal random effects structure possible. We
found a significant main effect of unique parts, confirming the
observation that drawings with a greater number of parts tend
to be better recognized. In addition, we found significant interactions between both terms of the polynomial and the age
of the recognizer, suggesting that children’s ability to integrate this extra part information during recognition changed
across development (see all coefficients below in Table 1).

(Intercept)
Parts
Parts**2
Age
Parts x Age
Parts**2 x Age

Estimate
0.05
129.39
-34.98
0.34
12.70
-8.95

SE
0.23
10.04
3.24
0.02
2.71
2.46

z value
0.20
12.89
-10.79
17.04
4.69
-3.64

Pr(>|z|)
0.84
<0.001
<0.001
<0.001
<0.001
<0.001

Table 1: All model coefficients from a generalized, linear mixed
effect model predicting how well children could recognize drawings
of object categories as a function of their own age (Age; recognizer
age) and the number of unique parts included in each drawing.

Discussion
How do children transform their semantic knowledge of object categories into recognizable depictions? In the current
paper, we investigate the developmental changes that characterize children’s increasingly sophisticated ability to include
and visually emphasize different parts of object concepts in
their drawings, and the impact of those changes on their
downstream recognizability. To accomplish this, our work
builds on a large-scale dataset previously collected by Long
et al. (2021) by generating quantitative estimates of the semantic part information of drawn objects conveyed in children’s drawings of 16 common object categories. We first
crowdsourced part decompositions of the object categories,
and then leveraged the generated lists of part labels to pro-
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vide detailed annotations of how each pen stroke in children’s
drawings corresponded to the different parts of the depicted
objects.

However, exploratory analyses revealed a non-monotonic
relationship between the number of unique parts that children depicted in their drawings and how well other naive
children could recognize the drawn object. Although we
found that this trend varied across object categories, the majority of drawings in our dataset that contained too few or
too many parts were often less well-recognized than those
with an intermediate number of object parts, demonstrating
that increased richness in part information does not necessarily translate to maximal drawing recognizability. Additionally, we observed developmental differences in children’s
ability to use such part information when attempting to recognize drawn objects; older children were more sensitive to
the presence of extra unique part information during drawing recognition than younger children, suggesting that their
ability to integrate visual information across multiple object
parts changes across development. These findings therefore
offer preliminary evidence that what drives the recognizability of children’s drawings is their increasing enrichment of
part information that characterizes their semantic knowledge
of object concepts, but that such recognition success is tempered by a mismatch between their increasing inclusion of
object parts and what is actually most informative to visually
prioritize about those objects for other viewers. While this
work contributes an important characterization of how children visually express their semantic knowledge about parts,
it leaves open additional questions about children’s sensitivity to the salience of different parts of objects, as well as how
children map the correspondence between the parts of drawn
and real-world objects both when producing and interpreting
drawings.
A major contribution of our work is the development of
a public, large-scale dataset of semantic annotations of chil-

proportion of recognized drawings

Across development, we found that children became progressively more efficient at drawing, using less strokes that
were labeled as unintelligible and using more multipurpose
strokes to represent multiple parts of objects, supporting findings by previous studies documenting the consistent gains
in children’s representational abilities (Luquet, 1927). Critically, however, our findings additionally offer a novel examination of how children choose to visually express their
semantic knowledge about the parts of object concepts. We
found that children tended to include and visually emphasize certain parts of objects more frequently than others (e.g.,
including more strokes representing wings than eyes when
drawing birds), with drawings of animals containing more
part information than those of inanimate object categories
(e.g., vehicles, small household objects). As children grew
older, they also tended to include more unique parts of objects in their drawings, suggesting that a marked developmental change in children’s drawings is the increased complexity
of their part structure.
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Figure 5: Drawing recognition for each category as a function of the
number of unique parts included in each drawing; each individual
dot is a unique drawing.

dren’s drawings. By systematically measuring the part information conveyed in these drawings, this dataset enables future endeavors that may examine more fine-grained hypotheses about children’s semantic knowledge about parts, as well
as the developmental changes that can be investigated through
their drawings of object concepts. In particular, a critical
direction concerns the spatial organization of such semantic
part knowledge. One idea is that children learn to increase
the visual salience of certain parts of objects relative to others
across development, in order to better represent the conceptual salience of those parts as they gain more understanding
about what characterizes an object category. For example,
when drawing rabbits, children may learn to exaggerate the
relative size of the “ears” compared to its “head” either to
better fit their understanding of what characterizes rabbits or
to better communicate the salience of these informative features to other viewers. Future research exploring the spatial
size and location of how children draw parts of objects will
likely provide vital insight on how children learn to modulate
the visual salience of certain parts, as well as insights on the
visualization strategies that children employ to produce more
recognizable drawings.
Overall, our paper documents how children’s visual expression of their semantic part knowledge changes across development and affects how recognizable their drawings are to
others. Further, by publicly releasing our dataset of annotated
children’s drawings, these data generate opportunities for future studies that seek to understand the relationship between
the development of object recognition, semantic knowledge,
and object part structure. We propose that systematically examining how children acquire this uniquely human ability to
produce visualizations will provide novel insights into how
we encode and represent our visual world.
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Abstract
Images are a powerful medium known to induce empathy and
emotional response in people. In political protests, it has
the power for a people-initiated policy change and signifies
the deep symbolism of a political system. In this study,
we aim to quantify the range of emotional connection a
person experiences for photographs of a farmers’ protest.The
protest was the headlines in all media at the time this
experiment was conducted and had polarized public opinion.
Each photograph is identified to have a set of physical and
semantic features. The three selected features were presence
of police, gender and close-up (vs.long-shot) in the frame.
The intensity on a range of emotions (fear, disgust, anger,
sadness, optimism, pessimism, surprise, shock, happiness,
and respect) experienced by the viewer for each feature was
collected. By statistical and dimensionality analyses, we
isolate and identify influencing factors in an image. We found
that the presence of police in aggressive actions and close-up
shots had the highest variation in the emotional responses
of participants. Interestingly, the gender of the protesters
did not show statistically significant effects. The findings
from the exploratory investigation highlights the powerful role
photographic features have on emotional responses of people,
an understudied but critical factor in a world immersed in
social media.
Keywords: Cognitive Neuroscience; Emotion Perception;
Empathy; Indian farmers’ protest

Introduction
Images are a persuasive way to elicit an emotional response
more intensely than other forms of media. Cognitive
processing of images has been shown to be faster than
text (Barry, 1997), shows higher recall and is subject to higher
attention (Keib et al., 2018; Cárcamo Ulloa, Marcos Mora,
Cladellas Pros, & Castelló Tarrida, 2015). The highest
volume and popular (Li & Xie, 2019) of shared online
content is visual media, consumed by people through social
media, photo-sharing sites, and video-streaming platforms.
In recent years, this information sharing method has played
a critical role in the way we interact with the world around
us, perceive people, and react to events - political and social.
In the digital era, protest movements around the world use a
range of strategies to influence public perception and gain a
wider reach, one such being strategic photographs. Similarly,
the targeted agency (by the protesters) also manages public
perception to defend its actions or policies with counter
images thus forming powerful contrasting narratives. The
* denotes equal contribution

pre-digital media era was marked by iconic images like the
Tiananmen Square tank man and the 1968 Olympics Black
Power salute photograph; both representing the bravery of the
protesters and symbolizing the movement for larger citizen
representation. Such imagery becomes extremely impactful
for an audience that is not necessarily associated with the
protest itself. That is, images can be used to sway public and
government responses.
A major concern in the era of deepfakes (photographs
and videos) is its influence on manipulating beliefs (Nash,
2018) by presenting alternate narratives, and hence it is
important to evaluate the emotional responses as a function
of perceivable features. There is little in-depth research in
this area especially in the Indian political and socio-cultural
context. Secondly, an important attribute of one’s response to
political or social protest is their ability to empathize, a detail
that has not been factored into studies.
In this study, we attempt to address this gap with
photographs of a protest, captured by popular news
(mainstream and digital) media to ensure ecological validity.
We limit the context of our study to the 2020-2021 Indian
Farmers’ protests as it was the most recent and contextual
to the predominantly Indian participant pool. We categorize
the features in each photograph with the potential to evoke
an emotional response. The identification of features is
based on the socio-cultural understanding of India especially
of farmers (Mehta & Kumar, 2017), the participation of
women and children, older citizens, the different perceptions
of police (Madan & Nalla, 2015), the political ramifications
of a farmers’ protest and importantly, the public and news
media’s responses (Neogi, Garg, Mishra, & Dwivedi, 2021;
Fadaee, 2021) which were highly polarised.
Farmers constitute 90-150 million of the total population
of India with most of them being tenant farmers and small
land-holders and usually have incomes below that of the
urban population. The general public share an emotional
bonding with farmers as providers of food. The politics of
agriculture notwithstanding, a protest by this community is
usually perceived to be justified due to compound pressures
– debts, famine, market price, government policies etc.
Although India witnesses farmers’ agitation annually, this
particular protest sustained for a longer period of time
(2020-2021), was held during a pandemic, was politicised,
resulted in violence and hence evoked strong emotions in
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(a) Crowd

(b) Groups

(c) Single person

(d) Night

(e) Close-up

(f) Banners

(g) Provocative

(h) Police

(i) Men

(j) Women

(k) Children

(l) Violent

(m) Disruptive

(n) Old

Figure 1: Data annotation features. Each image depicts a feature used in data annotation for identifying and filtering images.
people. This study evolves from this background, and the
discussions that occupied the media space. The question we
asked ourselves was – What is the role of farmers’ protest
photographs circulated online, on the emotional responses of
people and how does it relate to empathy traits?
Prior works employ datasets such as OASIS (B. Kurdi,
2017) and IAPS (P.J. Lang, 2008) to elicit a specific range
of emotional responses. Our setting rather considers a broad
range of emotions studied using photographs with different
features. To understand the effect of a feature (e.g. presence
of police), we compare emotional responses between images
with and without that feature. Our contributions in this work
include the following:
1. Measuring a range of emotions to image features and and
correlation to trait-level empathy.
2. An annotated image dataset focused on the farmers’
protest in India.
This can be used for further
research on the topic. The dataset can be found here:
https://bit.ly/3shqalV.
3. A detailed analysis of features that have similar emotional
response magnitudes.

Related Work
Prior work on the role of images in framing protests
and social movements has shown that it is a tool for
creating awareness and mobilisation by eliciting strong
emotions (Bas & Grabe, 2016; Bucy, 2020; Arpan et
al., 2006). The studies also attempted to understand the
role of bottom-up visual information and the top-down
imagery process. One such study has established that
images trigger stronger emotional reactions than written or
spoken information (Grabe & Bucy, 2009). Powell (Powell,
Boomgaarden, De Swert, & de Vreese, 2015) performed
an experiment studying individual-level framing effects and
found that images shape people’s opinions and behavioural
intentions more than similar textual content. They also
discuss the contemporary formats being applied by news
organisations to present a powerful and eye-catching story
via images. (Marcus, Neuman, & MacKuen, 2002) showed
that people first react to new information with an emotional
response (first-order thinking), which is followed by the act of
perspective-taking (second-order), both processes underlying

empathy. However, the immediate reactions to images could
vary in both intensity and type of emotion experienced.
Examining brain signals from EEG method (Reinka & Leach,
2018), difference in appraisal of photographs showing police
force against Black/White targets was observed.
The ability to elicit intense emotional responses through
visual media is particularly important due to its influence
in shaping political choices, perceptions and activism. For
example, (Todorov, Mandisodza, Goren, & Hall, 2005) asked
people to evaluate pairs of candidates competing for United
States Congress seats based on their visual appearance.
Candidates who were rated competent just from their photos
often matched the candidate who actually won the electoral
seat. More recently, (Casas & Williams, 2019; Geise,
Panke, & Heck, 2020) report that images evoking enthusiasm
increased attention and diffusion, as did images evoking fear.
(Keib et al., 2018) studied the role of images in driving
news consumption. They observed that participants spent
twice as long on social media posts containing positive
images compared to those with negative or only text,
and higher ’click’ (also reported by (Ryan, 2011)) and
sharing (Lilleker & Koc-Michalska, 2018). Another relevant
study by (Zinko, Stolk, Furner, & Almond, 2020) analyzed
the effect of images on information quality and load in online
reviews and found that when an improper (too much or
too little) amount of textual information is provided, adding
images increases trust and purchase intention.
The effectiveness of images in aiding awareness
campaigns (Sontag, 2018) showed the positive impact
of imagery on encouraging young adults to seek mental help.
There has also been work on studying the impact of context
in images taken during traumatic events. (Iyer, Webster,
Hornsey, & Vanman, 2014) found that British citizens
who viewed photographs of the 2005 London bombings
had increased feelings of sympathy when shown images
of victims and had increased feelings of fear and anger
when shown images of terrorists. Hence, photojournalism
documents events that can have a wide social and political
impact as the narrative is from the perspective of the person
behind the lens, especially when covering protests or social
movements (Owens & Palmer, 2003). A frame can be of
an event not intended by the activist, while there are also
instances of intentional confrontation with security forces
to generate photo narratives for conveying a message (Juris,
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2008; Jasper & Paulsen, 1995).

Hypothesis
Main hypothesis: In photographs of a political protest,
specific visual features such as capture style (eg.
closeup/far-away shots) and content (eg.
presence of
police, age and gender of the protesters) evoke higher
emotional responses.
A secondary hypothesis is that
individuals with higher empathy quotient or trait have
higher emotional responses. Towards validating the above
hypotheses, we compare the strength of self-reported
emotions to photographs with and without the features of
interest (gender, police, and closeup angles).

Dataset Collection and Annotation
The image data used in the experimentation procedure was
filtered from a pool of 925 images over multiple stages.
These images were scraped at random from Bing Images
using keyword searches linked to farmers’ protests in India
(keywords provided in the dataset).
The scraped image data was manually cleaned to remove
duplicate and irrelevant entries. Images that contained any
of the following themes or features were removed from
the dataset – children, politicians, flags, banners or other
articles that are linked to the Khalistan protests, religious
themes, watermarked images, news banners and comments.
The remaining images were annotated based on semantic
features that were identified as relevant by the authors for
the experiment. Each feature was annotated using a binary
system to indicate the presence (1) or the absence (0) of that
feature. The images, see Figure 1, were annotated for the
following list of features – Crowd, Groups, Single Person,
Night, Close-Up, Banners, Provocative, Police, Men, Women,
Children, Violent, Agitated/Disruptive, Youth, Old.
Post-annotation, we selected 204 representative images
from the original image dataset. From this set, 40 images
were sampled with no particular selection criteria (as the 204
were filtered) to be validated by research students from the
Cognitive Science Lab of our university. The images were
annotated on the valence and arousal scales to understand the
emotional connect and response to the images. They also
identified features in the images that affected their opinion
and provided subjective comments on their understanding
behind their responses. These annotations were congruent
with the research question and affirmed that the features
identified were comprehensive.
The experiment design took cognisance of participants’
attention limits, and hence the final set was reduced to
6 images (per feature) from the 40 annotated, that is, 3
pairs of complementary images for each of the features in
question (close-up/far-away, gender, police). We define a
complementary pair of images as two images such that their
annotations for 15 features are identical, and only differ
for the feature under consideration in the experiment (See
Figure 2). Hence, each complementary pair would consist

of matching annotations with only a single mismatch for the
feature that needs to be studied.
The three features that were used to measure the emotional
response in the experimentation stage were Gender, Police
and Close up. Gender was an important factor as the agency
of women in agriculture has been increasing (Hans & Hegde,
2020). The Police force was also an important feature as they
were the face of government authorities on the ground and
often captured by the media while engaging in provocative
acts against the protesters. While the previous two were
semantic features, the angle, focus and pan of the captured
photo can also have an impact on one’s emotional response.
For example, perceptions to a close-up shot of single person
(or small group of people) can capture emotional expressions
vs. long shot of groups (and crowds) that reflect collective
anger or resolve. Hence, we decided to keep Close-up shots
as one of the features to be studied.

Experiment Design and Procedure
To test our hypothesis, the three factors that we aimed to
study were (1) the gender of the protesters, (2) the presence
of police, and (3) a close-up shot (fewer in a frame but
facial expressions are clear) or long shot (a crowd but facial
expressions are not distinct). As described in the previous
section, we chose three pairs of contrasting images from each
category for the experiment.

Experiment Design
The experiment was a single-blind study and responses were
to be provided in a fixed time frame. The participant pool
predominantly consisted of university students studying in
different parts of India. A participant was tested on only
one of the three features in question, i.e., gender, police,
or close-up. The participants were randomly sampled and
randomly assigned to either one of the features. The
experiment included a (1) Demographic and background
questionnaire, (2) Image task, (3) and the Davis Interpersonal
Reactivity Index (IRI) task.
Demographic and Background Questionnaire Each
participant was asked to report their age, gender, country, city
(location), and native language. The participants were also
asked about their familiarity with the current affairs in the
Indian news and media.
Image Task In this task, the participants were shown
six images (three positive samples with the feature in
question present and three negative samples with the feature
in question absent) from one amongst the gender, police,
and close-up categories. The six images were randomly
shuffled for each participant. Each image was shown to the
participants for five seconds. The following emotions were
asked to be reported – happiness, optimism, respect, anger,
disgust, fear, pessimism, surprise, sadness, shock.
Measuring Emotional Response to Images The
participants rate emotions on a Likert scale rather than

2351

Present

Gender

Absent

Present

Police
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Closeup
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Figure 2: Images used in the Image Task of the experiment. Each row presents images with complementary features of a
category. The radar plots on the right display average scores of the extent of emotional connect felt by participants.
the Valence-Arousal-Dominance scale. This enables us to
measure a range of emotions that a particular feature elicits
as opposed to recording a single data-point capturing the
dominant emotion only. For our experiment, we chose six
primary emotions (Ekman, 1999) and added 4 complex
emotions (respect, optimism, pessimism, shock) listed by
annotators from Cognitive Science Lab with respect to
protests.
Davis Interpersonal Reactivity Index (IRI) Task The
participants were asked to fill the Interpersonal Reactivity
Index (Davis, 1980) to assess multi-dimensional empathy.
The IRI questionnaire consisted of 28 questions answered on
a 5-point Likert scale ranging from ”Does not describe me
well” to ”Describes me very well”.

Experiment Procedure
The experiment was conducted on the Labvanced (Finger,
2017) platform on a web browser. Participants were given
URLs to access the experiment. A total of 82 people
participated out of which 7 responses had errors in marking
and not considered. 75 (52 male, age range: 16-35, average
age: 21) experiment responses were considered for the
analysis. All participants were of Indian citizenship residing
predominantly in different parts of India and majority of them
were university students.

Results
We found that each feature evoked varying degrees of
emotional responses. The presence of police in the image
evoked stronger emotions while the gender feature did not

have a statistically significant effect. Close-up shots had
stronger responses for positive emotions while long shots
evoked negative emotions like fear, disgust, pessimism.

Response to Photographs
The radar plot for average emotional connect for the police
category (with/without police in the image), as shown in
Figure 2, indicates a stronger response for emotions like
anger (3.2 vs. 2.3), fear (2.9 vs. 2.1), disgust (2.9 vs. 2.0),
pessimism (2.8 vs. 2), sadness (3.3 vs. 2.9), shock (2.7 vs.
2.1) and surprise (2.5 vs. 1.8). While for positive emotions
like happiness (1.3 vs. 1.6), optimism (1.6 vs. 2.3), and
respect (1.8 vs. 2.8), the response (average of responses on
a 5-point scale) is higher in the absence of the police in the
images. Statistical significance for each difference estimated
from the Paired T-Tests is presented in Table 1.
Close-up shots, as shown in Figure 2, indicates a slightly
stronger response for positive emotions like respect (2.9 vs.
2.5) and optimism (2.3 vs. 2.0). For negative emotions like
fear (2.2 vs. 2.4), disgust (2.3 vs. 2.3), and pessimism (1.9 vs.
2.2), the responses (average of responses on a 5-point scale)
are higher for long shots where a sea of protesting crowds are
often observed. Statistical significance was not observed for
this category across all emotion responses.
The gender category, as shown in Figure 2, does not show a
significant effect of gender, i.e., the distribution of responses
in the presence and absence of the gender feature are similar.

Empathy trait and responses to images
The Davis IRI task included the four sub scales - Perspective
Taking (PT), Fantasy (FS), Empathetic Concern (EC) and
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Table 1: Paired T – Tests (checked for normality) for emotion scores of images with/without police. P<0.001 and df = 25;
WoP: without police and WP: with police WP>WoP (t = 4.765)
Anger

Disgust

Fear

Happiness

Optimism

Pessimism

Respect

Shock

WP >WoP
(t = 4.74)

WP >WoP
(t = 4.861)

WP >WoP
(t = 5.161)

WP <WoP
(t = 3.674)

WP <WoP
(t = 4.951)

WP >WoP
(t = 4.573)

WP <WoP
(t = 6.682)

WP >WoP
(t = 4.765)

Personal Distress (PD). For the correlation analysis the four
scales were collapsed and averaged to generate an empathy
index for each participant. The empathy trait score and
disgust (ρ = 0.44, p = 0.025), sadness (ρ = 0.578, p = 0.002)
and shock (ρ = 0.511, p = 0.008) for images with police
show positive associations, while respect (ρ = 0.651, p =
0.001) and optimism (ρ = 0.5, p = 0.009) also have a positive
correlation. Empathy and fear (ρ = 0.479, p = 0.021) and
respect (ρ = 0.552, p = 0.006) responses for close-up images
show positive correlations while for long-shot images, respect
(ρ = 0.609, p = 0.002) was only significant. In the gender
category, only empathy and optimism comparison (ρ = 0.286,
p = 0.042) for female protesters show significance.

analysis was carried out to reduce the 10-dimensional data of
each participant to just 2 dimensions.
For the Police feature, strong negative emotions like
disgust, pessimism, fear can be represented by one hidden
component while the remaining emotions can be represented
by the second hidden component. For the Closeup feature,
a similar rule applies. For the Gender category, strongly
negative emotions can be represented using one hidden
component. It is not clear whether maximum variance for
the remaining emotions are preserved by the second hidden
component. In this case, more hidden components would be
required to faithfully reduce the dimensions of the observed
variables while maximizing the preserved variance.

Factor Analysis

Discussion

Figure 3: Factor Analysis for the emotions in the police,
gender, and closeup features. Note that for the police
and closeup features, strong negative emotions like disgust,
pessimism, fear can be represented by one hidden component
while the remaining emotions can be represented by the
second hidden component. For the gender feature, strongly
negative emotions can be represented by one hidden
component.
The number of observed variables (emotions) can be
reduced to a set of underlying hidden variables that influence
different groups of emotions similarly. An initial Singular
Value Decomposition was carried out to run a Scree test based
on the sorted order of eigenvalues. The optimal number of
hidden variables was found to be 2 using a Scree plot. Factor

As a democratic country, protests have a huge political and
emotional effect on public response (for example, India’s
independence movement from British rule was based on
non-violent protest marches). The social media era has
amplified this emotional effect across millions of people,
evoking diverse views and interpretations. To investigate
the views of the public during the protest, our study looked
at responses when protest images have different elements
– women, police and the role of staging – close-up vs.
long-shot. The descriptives applied cover raw emotional
or affective responses (fear, anger, disgust, and sadness)
and an affective-cognitive response (optimism, pessimism,
respect, shock, surprise) experienced and evaluated by the
self (viewer). The above set of emotions rated on are
only a small representation of the range of emotions one
experiences, but in this study we explore the above major
conditions.
The findings show that photographs containing police
evoked complex emotions in the participants. Prospect of
injury to a human (protester or police) triggers the human
cost equation, which were evident from the photos depicting
harm inflicted on the protesters. The findings suggest visuals
with police and violence alone is sufficient to evaluate and
polarise viewers. The findings validate our hypothesis on
presence of police in images. A similar inference was drawn
by (Midberry, 2020) who found that participants attributed
higher emotional responses to war photographs and those
in which the frame showed the human cost-of-war and for
police violence (Reinka & Leach, 2018). In particular, there
was a significant difference for images with police showing
aggression on the protesters, with anger, disgust, and fear
being the predominant emotions. This implies that the
presence of police alone in a frame is not perceived to be
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negative; violence is a critical feature. Images irrespective
of the gender of protesters, evoked sadness and respect,
the former is likely for the hardships encountered, and the
latter for standing up for one’s rights. The close-up and
long-shot framing did not have significant effects except
when the image conveyed violence (attack by police or
tear-gassed).
Photographs taken of individuals injured
(example, the famous photograph of 2-year old Alan Shenu,
victim of the Syrian war) or even situated in areas of conflict
and natural disasters have shown to evoke acute response
from viewers. However, the same effect is not observed in
protests, which by definition is a collective action. A point
of relevance is the distribution across negative and positive
emotion responses, as observed for all image categories,
implies that the public considers many factors and are not
particularly polarised. In partial support, when analysing
tweets covering the farmers protest, (Neogi et al., 2021)
found most were neutral, followed by positive sentiments
with negative sentiment tweets coming in last. Through factor
analysis, we were able to identify image category-specific
main and hidden components of the emotional responses,
for reliability validation. Although empathy is a complex
construct, it is contextual. Emotional response is modulated
by perspective-taking of political and cultural dimensions,
affiliation with the target population, self-experiences in
similar situations, and one’s ability to experience empathy.
Although we used the Davis IRI trait questionnaire (Davis,
1980) for basic threshold of empathy, we acknowledge its
limitations in gauging contextual influence. However, its
correlation with emotional responses to image features can
predict the role of personal trait. Empathetic participants
respond negatively to images with violence, thus supporting
the role of personal trait and validating our second
hypothesis. The positive correlation of empathy trait with
negative/positive response scales for images with police,
show that personal characteristics modulate perceptions.
For other image categories, significance was observed for
respect and empathy traits, implying the application of
perspective-taking mechanism.
The role of visual framing found in our study is in
adherence to (Arpan et al., 2006) while the role of personal
characteristics finds support with (Weikmann & Powell,
2019). The conflicts of feelings within categories, when
positive and negative scales show comparable responses
requires further studies to isolate empathy and apathy by
individuals as a function of ideology. Also, the effect
of over-exposure to protests across the country, polarizing
media debates and self-identity with a particular religion
requires focused studies to isolate the confounds. This study
was conducted when the farmers’ protest was active in the
country, and responses post-protest-closure and media-glare
shift will capture long term empathy/apathy to protests.
The findings on emotional responses, individual traits and
features captured by a camera lens are relevant to journalists
to evaluate the implications of their reporting.
That

is, photographs do play a central role in conveying the
legitimacy/illegitimacy of a movement. For example, a visual
with police as keepers of social peace can set a positive tone
while one which shows excessive use of force sets a negative
tone and could change public perception.
It is important to consider the limitations when using
naturalistic photos selected from an existing media database.
Firstly, we acknowledge that the responses could be
influenced by confounding factors in the images which we
attempted to control as much as possible given the naturalistic
state of our images. The most prevalent image features were
accounted for and noisy images were eliminated from the
dataset. But as an exploratory study a controlled experiment
setup would not have provided as rich responses as from a
naturalistic one given the nature and scale of the farmers’
protest. Secondly, the analyses with empathy should be
viewed in context of the demographics of the participant pool.
We also acknowledge that to make a strong inference from
empathy trait, action responses like willingness to donate,
participate in the protest, or support the police action etc. has
to be collected and evaluated. Though the results have to be
interpreted with caution, the preliminary study is unique and
relevant, as there are no empirical investigations on the effect
of photo framing on Indian readers and the role of context.

Conclusion
In this study, we aimed to analyze the range and strength
of emotions and empathetic responses of participants to
images of protests while varying three features that include
gender, police, and frame type (close-up/long-shot). Owing
to the broad scope of the study and its naturalistic setup,
the implications should be evaluated in context. The
nature of the protests, the reason for the agitation, the
demographics of the activists, political ramifications and an
individual’s knowledge of the agricultural economy are all
factors influencing response from civil society and political
machinery. While photographs showing violence during
protests have the same features, our response is biased by
socio-cultural aspects of the environment and willingness
to respect diverse view points and hence requires further
research with stimuli presenting local conditions.
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Abstract

Team science research heavily relies on communication data—
that is, data derived from audio, video, or text-chat
communication streams between team members. Between
transcription and content analysis, significant overhead is
required to work with these data. Recent developments in
natural language processing (NLP) may help ameliorate time
constraints in this domain. Using transcript data, the present
study, presented as a proof-of-concept, assesses how the BERT
NLP model performs in a team communication categorization
task, in comparison to ground truth measures. This work builds
upon past work that relied on human-coded transcripts
to identify phase transitions in team collaboration. Results
suggest BERT’s capabilities at phase change detection are
promising for experienced teams, though further iteration is
needed on the methods in the current study. Applications of this
work extend to real-time collaboration with an artificial agent,
as this requires the real-time semantic processing of human
communication data.
Keywords: NLP; BERT; teams;
problem solving; phase changes

planning;

collaborative

Introduction
Increasingly, everyday tasks—whether they be at work, at
home or at play—rely on teams of actors to complete.
Methods are needed for studying team coordination that rely
less on resource-intensive human assessment and more on
automated assessment. Here, we present a proof-of-concept
of a method for automatically detecting transitions in team
problem solving using the natural language processing (NLP)
tool BERT (Devlin et al., 2018). This method relies on the
analysis of communication data and falls under the
theoretical purview of Interactive Team Cognition (ITC;
Cooke, et al., 2013), which is introduced below.
Historically, approaches to team cognition have posited
that static knowledge structures exist in the minds of
individual team members (e.g., shared mental models; Salas
& Fiore, 2004). Team cognition then becomes the study of
the overlap in these knowledge structures across team
members. Under this approach, it is challenging to
truly observe team cognition because it is reduced to latent
and static cognitive products. In contrast, ITC posits that team
cognition is: (1) an activity; (2) something only understood
at the team level; and (3) embedded in the context of the task
environment (Cooke et al., 2013). In this framework, team
cognition becomes observable. Moreover, through direct
observation of team cognition via measures such as team
communication, we can assess how cognition unfolds over
time. Cognition, then, is not a static product, but rather

a dynamic state analyzable at the team level, while team
members interact, where time is a central variable.
Team collaboration is the process by which parties with
distinct information and roles interact to search for solutions
to a problem (Gray, 1989). The focus of the present study is
the identification of phase changes. Phases are
conceptualized as “qualitatively different subperiods within a
total continuous period of interaction in which a group
proceeds from initiation to completion of a problem
involving group decision” (Bales & Strodbeck, 1951, p. 485).
Teams move through and revisit different phases to
accomplish their collective tasks (Wiltshire et al., 2017). The
shifts between phases can be, but are not always, sudden and
are referred to as phase transitions (Kelso, 2009). There is a
dearth of studies that identify these changes empirically;
more work is needed to create bottom-up measures of team
collaboration phase changes (Gorman et al., 2012).
The present study builds upon work by Wiltshire and
colleagues (2017) applying the ITC approach to recognize
collaborative problem solving (CPS) phase transitions in a
dyadic task. They developed a method of recognizing phase
transitions in team collaboration using task transcripts. Such
CPS phases included knowledge construction, team problem
model, team consensus, and evaluation/revision, and are
understood to be important to successful teamwork (Fiore et
al., 2010; Wiltshire et al., 2017). Qualitative content codes
were applied to transcripts of teams completing a task by
human raters. These annotations noted the content of
utterances as they applied to the four different CPS phases
listed above. Through a sliding window entropy measure,
Wiltshire
and
colleagues
identified
peaks
in
communication instability, represented by peaks in entropy,
which indicated that the current collaboration phase is
becoming unstable. These entropy peaks aligned with CPS
phase transitions.
The present study adopts a similar approach. However, the
goal is to develop a method of working with communication
data for phase change detection and phase identification that
does not rely on human raters. The innovation here is to
apply the NLP model BERT (Devlin et al., 2018) to
automatically (1) detect phase transition points and (2)
identify the content within a given phase.
Our approach follows that of Gorman and colleagues
(2016) who used an earlier model of word meaning, Latent
Semantic Analysis (LSA), to analyze team communication
during CPS. They computed successive cosine similarity
ratings of utterances in a task transcript. This measure
estimates the degree of semantic similarity between any two
pieces of discourse. Their prediction, that semantic coherence
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would break down at phase transitions was not supported. We
borrow their approach of generating successive cosine
similarity ratings, but instead using the more modern and
much larger BERT model. We chose BERT because, unlike
most other NLP models, it examines utterances
bidirectionally (i.e., both from left to right and right to left).
Thus, a higher level of contextual understanding is built
(Devlin et al., 2018).
The first research goal is to use BERT to automatically
detect phase transitions from semantic content. We expected
it to outperform LSA in this regard. The second research goal
is to use BERT to automatically detect the subgoal that is
being discussed in each phase of the teams’ transcripts.
The present study analyzes data collected as part of a study
by Dunbar and Gorman (2020). Here, we analyze the
transcripts of eight dyads completing the Non-combatant
Evacuation Operation planning task (NEO task; Warner et
al., 2003). Dyads were required to work together to plan a
rescue mission of Red Cross workers trapped in a church on
a remote island, while avoiding rebel forces and other
environmental hazards on the island. The task required the
development of plans around three subgoals: 1) getting
rescuers to the shore of the island, 2) arriving at the church
and 3) returning to safety. These are the three phases of team
collaboration we sought to automatically identify using our
methods. Task transcripts are particularly rich in semantic
content pertaining to each of the three subgoals (i.e.,
phases), as each member of the dyad received different
information pertaining to the evacuation plan. Thus, both
individuals had to discuss the task in detail.
From our two research goals followed the following
predictions and hypotheses. First, we predicted phase
transitions would coincide with valleys of successive cosine
similarity scores generated using BERT, as semantic
content across phases should be less related than semantic
content within a phase (Hypothesis 1; see Figure 1). We also
predicted that BERT would be able to accurately categorize
utterances as relevant to a given subgoal, thus automatically

recognizing the purpose of each phase (Hypothesis 2). The
benchmark against which we compared the BERT model was
the coding of a human rater.

Method
Participants
Forty-six participants (23 dyads) were recruited by Dunbar
and Gorman (2020) from the Georgia Tech psychology
participant pool. The present study assessed transcripts from
four of the six teams who completed the NEO task (numbered
Teams 3, 12, 20 and 23). Dunbar and Gorman (2020) reported
average participant age as M = 19.70 (SD = 1.77) and a
71.74% male sample. Participants were compensated with
course credit. The protocol was approved by the local IRB.

Procedure
After obtaining informed consent, dyads had 15 minutes to
familiarize themselves with the NEO task materials. They
then had 15 minutes to collaborate with their interaction
partner to complete the NEO task. They then completed the
task a second time with a different interaction partner. In one
task sessions, they worked with another novice participant to
plan the rescue mission. In the other, they worked with an
experimenter to plan the rescue mission. The experimenterparticipant groups are considered more experienced teams in
the present study, as the experimenter had performed the task
numerous times and was familiar with the material given to
both team members. Though both participants in the novice
dyads completed the task with the experimenter, for the
current analysis, we only assessed the transcripts of the two
novice participants completing the task together and
Participant 1 completing the task with the experimenter. This
equated the sample size between the two types of dyads.
Members of the dyads worked in separate rooms, such that
they only had verbal interactions over a push-totalk microphone and headset channel. Participants and
experimenters used computers with dual monitors to
complete the NEO task. They wore EEG headsets as they
completed the experimental task, which did not affect
communication behaviors assessed in the present
study. Upon completion of the task sessions, participants
completed demographic questionnaires, were debriefed and
then dismissed. The sessions lasted two hours.

Experimental Task

Figure 1: A visualization of our hypotheses, wherein
phase transitions will correspond to low values of
successive cosine similarity.

The NEO task was adapted from a three-person task
developed by the Navy to a dyadic task by Dunbar and
Gorman (2020). The mission was based on a hypothetical
scenario that required the coordination of a rescue mission of
Red Cross workers on a remote island. Subgoals of the task
required participants to consider 1) which aircraft(s) and/or
watercraft(s) they would use to reach shore; 2) how they
would arrive to the church from the shore; and 3) how they
would return the rescuers and Red Cross workers to safety
within a 24-hour period.
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While both teammates were apprised of the general
requirements needed to rescue the workers within 24
hours and general information on the island, only one
teammate received detailed information on weapons
resources, while the other received information on
intelligence resources and the island’s environment. This
interdependency between the teammates’ roles required them
to communicate to accomplish each subgoal. Participants
were instructed to record the timeline of their hour-by-hour
plans in a shared document.

Measures of Communication Content
A human rater first annotated the eight transcripts for teams’
transitions into and out of the three subgoals. The human
coding of the transcripts served as the ground-truth
demarcation of CPS phase transitions in the NEO task.
Below, we describe the criteria used by the human rater and
BERT for detecting phase transitions.
Human Rater Coding Scheme A human rater reviewed the
eight transcripts—four from novice participant teams and
four from experimenter-participant teams. A nominal code
associated with one of the three subgoals was ascribed to each
relevant utterance in the transcripts. If an utterance pertained
to other matter—experimental procedures, making notes in
the shared document, or minor difficulties with the push-totalk system—then a code of 0 was assigned and, as such, it
was not ascribed to a particular subgoal. Short utterances
(e.g., “yeah”, “OK”, etc.) were ascribed to the subgoal for
which they were responding. In other words, the context of
the surrounding utterances was taken into consideration when
assigning the nominal codes. If an utterance pertained to
more than one subgoal, the code most prominent in either the
utterance and/or the context immediately surrounding it
was chosen. This practice ensured each utterance applied to
at most one subgoal.
Example utterances, one from each of the three subgoals,
include, “Um I think the helicopter will work, because we
don't really need to carry more than fifteen people, because
there are only three workers” (subgoal 1); “Yeah it says the
local military has three trucks, bikes, and donkeys” (subgoal
2); and “Um, so on the way back we should probably not have

them walking, right? So we maybe put them in the tank”
(subgoal 3).
BERT Phase Change Recognition Criteria We used
the nli-bert-large model which, as the name suggests is pretrained on the Natural Language Inference (NLI) data
(Reimers, n.d.). NLI is used in supervised transfer
tasks, and the utterance data is analyzed for how well
subsequent ideas build on each other (Choi, 2021), making
this BERT model particularly appropriate to quantify
successive cosine similarity values. Devlin and colleagues’
(2018) found that using a larger BERT model tends to be
beneficial for analyzing task-specific text data. Because the
present study assesses transcripts tied to a specific task, we
employ a large BERT model here.
First, consider how we used BERT to identify phase
transitions. Using the model described above, a pair
of utterances from the task transcripts was passed in,
encoded, and the cosine similarity between the two
encoded utterances
calculated. Here,
similarity
quantifies how well the utterances in one window
build on the ideas in another window. A sliding window
approach was used to assess utterance similarity. Using a
window size of five utterances generates, on the first
iteration, the utterance pairs of (1,2), (1,3), …, (1,5), (2,3),
…, (4,5). For the second iteration, the pairs were defined over
utterances 2-6, and so on. For each iteration, the similarities
between all pairs of utterances were averaged to arrive at a
single similarity measure for that window. These successive
cosine similarity calculations were used to determine the
points at which a phase transition might have occurred,
wherein valleys of cosine similarity, recognized visually as
local minima, were predicted to align with phase transitions.
We compared the effectiveness of window sizes
of two, five, and ten (Figure 2). A window size
of two produced graphs that made it more difficult to visually
interpret phase transitions, as there are frequent sudden
spikes and valleys. A window size of ten produced graphs
that were smoothed too much, such that peaks and valleys
were not prominent and could not be visually identified as
phase transitions. A window size of five produced peaks and
valleys that were still pronounced but occurred at a frequency
aligned with that of the NEO task structure, and was therefore
used.

Figure 2: Example from a dyad in Team 20 demonstrating the effect of window size (2, 5, 10) on cosine similarity scores.
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Next, consider how we used BERT to identify the phase of
problem solving. The vertical lines below the black
successive cosine similarity line, as seen in Figure 1, are
color-coded to indicate the most likely phase for each
window. This was determined by first combining the five
utterances in a window into a single vector. The cosine
similarity between this vector and a vector encoding the key
words of the textual description of the first phase (i.e.,
subgoal) was then computed. The process was repeated for
the second and third phases (i.e., subgoals). The maximal
similarity value gives BERT’s identification of the current
phase.
Thus, the successive cosine similarity metric was
calculated to designate where phase transitions occur, while
the maximal cosine similarity values were calculated
to determine what was being discussed within each window
of neighboring utterances.
Lastly, we note that at the beginning of the task, some
groups engaged in off-task conversation for a few utterances
to get oriented to the directions and materials given to them.
Phase 0 is associated with this off-task or
task logistics conversation toward the beginning of the

transcripts. Once BERT detected a phase other than Phase 0,
the algorithm no longer compared the subsequent utterances
against the Phase 0 bag of words.

Results
For this proof of concept, we randomly selected four teams
to evaluate the hypotheses. Teams 3 and 20 were randomly
selected to assess Hypothesis 1. Teams 12 and
23 were randomly selected to assess Hypothesis 2.

Hypothesis 1: Automatic Phase Change Detection
As Figure 1 depicts, phase transitions as detected by the
BERT model were predicted to be marked by low
successive cosine similarity
values,
as
this
would indicate prior utterances did not relate strongly
to subsequent utterances, consistent with a shift in subgoal
topic. Maximal cosine values were used to categorize
utterances to a respective phase. They were predicted to be
most variable at valleys of successive cosine similarity; in
other words, at successive cosine similarity valleys
categorization would be noisy. In Figure 3 we see the results
of these metrics from Teams 3 and 20. The green circles in

Figure 3: Successive and maximal cosine values plotted for Teams 3 and 20. Green circle indicate, results consistent
with Hypothesis 1, whereas red circles indicate results in violation of this hypothesis.
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Figure 4: Phase identifications made by BERT and by the human rater.
this figure indicate
results that are consistent
with Hypothesis 1, whereas the red circles indicate results
that are in violation of this hypothesis. There does not appear
to
be
a
systematic
relationship
between
successive cosine similarity and phase transitions as detected
by the BERT model. Phase transitions do not consistently
occur at valleys—and only at valleys. Moreover, variability
in the categorization of the current phase (i.e., subgoal) is
present at both valleys, as predicted, but also at peaks. Thus,
successive cosine similarity does not appear to capture phase
transitions in the NEO planning task. The failure of the BERT
model in detecting phase transitions parallels the failure of
LSA observed in earlier work (Gorman et al., 2016).

Hypothesis 2: Automatic Phase Identification
To evaluate the understand how successful BERT is at
categorizing utterances, we assessed its performance at phase
transition detection and identification against that of a
human rater. Hypothesis 2 predicted that the maximal cosine
values used to assign each window of utterances to a specific
phase
(i.e.,
subgoal)
would
align
with
the
human categorization. In Figure 4, we see that although
BERT tends to be more “jittery” than the human rater, the
two detect phase transitions at roughly the same locations,
and assign roughly the same phase (i.e., subgoal) labels.
Overall, BERT had approximately a 40% success rate for
the four teams, where success is defined as agreement with
the human rater. The Participant-Only teams had rates of
33.99% and 47.46%, while the Experimenter-Participant
teams had rates of 43.01% and 43.33% (for Teams 12 and 23,
respectively). Moreover, BERT’s agreement rate was
relatively consistent across all four teams. The differences in

these rates for the two Participant-Only teams may be driven
by the preponderance of longer utterances in Team 23. With
more words in the vector, BERT had more semantic content
to consider when making its categorization. Many of the
shorter utterances found in Team 12’s dialogue did not
contain semantic content, which may have contributed to
noise in BERT’s categorization.
Examination of the Experimenter-Participant dyads shows
that Team 12 had a more organized flow of communication
through the three subgoals. Team 23, on the other hand had
disjointed dialogue. In particular, their dialogue did not
involve an initial information share, and thus they
frequently had to check in on resources available to them
instead of planning how to use those resources. Despite these
differences, BERT agreed with the human rater to the same
degree. BERT may be more reliable at detecting phase
changes
in
experienced
teams
as
their
conversations contain more semantic content that is relevant
to task subgoals. This result supports findings from Gorman
and colleagues (2016), wherein submarine crews’ transcripts
could be clustered by experience level using a cosine measure
of semantic relatedness. Thus, BERT’s detection of phase
transitions may be more appropriate for experienced teams.

Discussion
Our hypotheses were not fully supported by the results of the
present study. Nevertheless, automated detection of team
collaboration phase transitions is important for the
advancement of team science, and we believe the application
of BERT and other NLP models is worth exploring further
(Gorman et al., 2012; Wiltshire et al., 2017).
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Hypothesis 1 predicted phase changes to be marked by
valleys in the cosine similarity graphs. The results depicted a
more complicated picture wherein phase changes occur at
both valleys and peaks in successive utterance cosine
similarity ratings, and, at times, randomly in the similarity
distribution. Thus, we conclude that there is no systematic
relationship
between phase transition
behavior
and
successive cosine similarity values. This finding is consistent
with Gorman and colleagues’ (2016) conclusion that
successive
cosine values generated
by
LSA
did
not identify task transitions.
Hypothesis 2 predicted BERT’s maximal cosine similarity
values would perform similarly to a human rater in
identifying the phase (i.e., subgoal) of an utterance. This
approach to phase transition detection was more
successful. There was an approximately 40% success rate
across the four team transcripts between BERT’s
categorizations of utterances and those of the human rater.
Ideas for future iterations and improvement upon this
approach are provided below.

Future Directions
Different NLP Models The current study used the nli-bertlarge BERT model. It is possible that a different BERT model
might have produced better results. We explored another
model within this famil, stsb-bert-large, but the results were
not promising. Future research should also explore other NLP
models of word semantics such as word2vec (Mikolov et al.,
2013a; 2013b) and Global Vectors (GloVe; Pennington et al.,
2014), which have had some success in modeling cognitive
science data.
Utilizing the BERT Toolbox We calculated (1) the average
cosine similarity for automatic phase transition detection and
(2) the maximal cosine similarity (for automatic phase
identification. We did so within a range of content specified
by a window size of five utterances. This windowed approach
enables a role for context. However, a strength of BERT is
that it enables the use of context directly. For example,
BERT has a tool called Next Sentence Prediction (NSP) that
enables it to predict what the next sentence/utterance will be
based on prior context (Devlin et al. 2018). Assume that
BERT takes on the role of both participants talking back and
forth. Comparing the BERT vs. human utterances may give
some insight into BERT’s ability to capture how the two
group members interact. These results could give more
insight into the effectiveness of BERT as an analysis tool for
investigating how teams work together as a team to
accomplish some common goal.

Limitations
Ground Truth Ratings It is worth noting that this initial
effort took the human rater’s categorizations as ground truth.
These categorizations may have been biased in this proof-ofconcept study because the human rater was not blind to the
task, and may have expected three distinct sequential phases,
i.e., that the first x utterances belong to Phase 1, the

next y utterances align with Phase 2, and the rest are assigned
to Phase 3, with some Phase 0 assignments scattered
intermittently. The present study employed only a single rater
due to time constraints. However, the continuation of this
work will ensure interrater agreement across raters who are
blind to hypotheses. This limitation points to an interesting
opportunity: Due to unavoidable bias and noise in human
ratings—even with multiple raters—NLP methods should
continue to be explored as a solution to transcript annotation,
since they do not embody expectations of task structure.
Phases 1 & 3 are Semantically Similar Based on
the BERT results, Phase 3 is frequently detected near
the
beginning of each transcript, though it was not discussed until
the end of the task. Additionally, Phase 1 is occasionally
detected near the end. This is because the descriptions of the
two phases are semantically similar to each other, even if the
associated subgoals are quite different. This ambiguity may
be an inherent barrier in applying NLP models to automatic
phase transition detection and phase (i.e., subgoal)
identification. If so, future studies might explore the utility of
ascribing utterances to multiple phases. This approach would
perhaps enable the study of ambiguity in collaborative
problem solving, or parallel pursuit of multiple goals, as a
single utterance may contain information relevant to multiple
parts of the solution.

Conclusion
Team science research continues to rely on human raters for
transcript analysis. This practice can be costly, time intensive
and unreliable. The further development of NLP tools and
continued iteration on the methods described here may lead
to more automatic and accurate semantic processing of task
transcripts, lifting the current time constraints when
processing communication data. Word embedding tools like
BERT, in conjunction with automatic speech recognition
(ASR) used for transcription (e.g., Dale et al., 2022), may
reduce the time burden of working with communication data.
Additionally, real time team metrics of team collaboration
are of increasing interest. With the development of automated
semantic coding of communication data to the ASR methods
currently employed by the field, it is possible to imagine the
realization of real-time collaboration with an artificial agent.
For example, Pugh and colleagues (2021) have employed
real-time semantic analysis methods using ASR and BERT to
identify CPS skills, with the envisioned application of
providing immediate post-task feedback to students working
on CPS tasks. Other current real-time communication
processing methods rely on communication flow, i.e., who is
speaking and when (Gorman et al., 2020). Iterations on the
methods employed in the present study may extend to realtime analysis of communication content as well.
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Abstract
We investigated how the properties of lexical items, which
label object features, affect concept tokening. We addressed
this issue by modeling data from three sources: (1) norms
obtained from a dataset of 78,000 features to a set of pictures
representing living and nonliving objects; (2) accuracy data
from a picture-word priming congruency task with stimuli
presented for 50-60 milliseconds; and (3) corpus data on the
lexical properties of four different social usage count measures.
We conducted two sets of analyses: one relying on sample
count-based measures (i.e., measures based on the norming
study: sample frequency, cue validity, feature distinctiveness),
and a second relying on the social usage count-based measures
(i.e., word frequency (WF), contextual diversity (CD),
discourse contextual diversity (DCD), and user contextual
diversity (UCD). Contrasting count and social usage-based
measures allowed us to gain insight into the contribution of
diverse semantic and socially oriented contextual measures of
lexical items, and how they may affect concept tokening. Our
results show that cue validity and feature distinctiveness were
negative predictors of participants’ accuracy to congruency
decisions—an effect which was more pronounced for
distinctive features of living things. There was also a noticeable
advantage for the UCD and DCD variables, over CD and WF.
Overall, our results suggest that the conceptual system may be
organized as a function of both, intrinsic properties of object
features and usage based contextual measures of lexical items
that label these features.
Keywords: concepts; objects; features; prototype theory;
word-picture congruency; lexical frequency; contextual
diversity.

Introduction
What is in a concept? And how are concepts attained through
vision and language? It is now virtually a consensus that the
content of a concept is, to a large extent, determined by the
features of the concept’s referent (pace atomism; see Fodor
& Pylyshyn, 2015). To wit, the idea is that the content of a
concept such as DOG is determined by its purported
constitutive features—the likes of bark, fur, pet, and
canine—whether they are necessary or not (e.g., Smith &
Medin, 1981; Moss, Tyler, & Taylor, 2007; Tyler & Moss,
2001; Rogers & McClelland, 2004). But what role does a
feature play in accessing an object concept? If the feature

bark is indeed a constituent of the concept DOG, does
recognition of the word “bark” provide access to the content
of DOG? And to what extent do properties of a lexical label—
viz., the word “bark” for the feature bark—influence access
to its host concept DOG?
In order to address these questions, we modeled data from
three main sources: (1) norms obtained from a dataset of
78,000 features produced by 100 participants (Antal & de
Almeida, 2022a) who were presented with a set of pictures
representing living and nonliving objects (Snodgrass &
Vanderwart, 1980); (2) accuracy data from 71 participants
who performed a picture-word priming congruency (PWPC)
task with stimuli presented for 50-60 milliseconds (Antal &
de Almeida, 2022b) and (3) corpus data on the lexical
properties of two types of features: salient (i.e., those that
have greater probability of occurrence in concepts, based on
the norming task) and non-salient ones (i.e., features selected
based on their low-probability of occurrence). The corpora
data were obtained relying on four methods: (a) word
frequency (WF), (b) contextual diversity (CD; see Adelman,
Brown, & Quesada, 2006), (c) user contextual diversity
(UCD; Johns, 2021a.), and (d) discourse contextual diversity
(DCD; Johns, 2021a). Data from WF, CD, UCD and DCD
were obtained from 334,345 Reddit users who produced at
least 3,000 comments each, across 30,327 subReddits,
yielding approximately 55.7 billion words (Johns, 2021a).
Our investigation was motivated by the purported key role
that features of concepts may play in concept tokening (that
is, in the process of accessing the content of a concept).
Consider, for instance the process of concept tokening
depicted in Figure 1. The figure represents the two main ways
in which a concept can be tokened perceptually—i.e.,
visually, upon seeing a referent, and linguistically, via its
lexical label. The products of both, object recognition and
word recognition systems, in principle, make contact with
similar content, at a minimum the concept DOG. But if bark
is a salient feature of the concept DOG, does it provide access
to DOG after it’s lemma (in principle “bark”) is processed?
We reasoned that if the content of a concept is in large part
determined by its constituent features, a lexical label
representing its most salient feature should also yield access
to its associated concept. This prediction is embedded in a
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host of concept theories that rely on feature weights, as well
as the strengths of links in a network between concepts or
between concepts and their features (e.g., Quillian, 1967;
Smith & Medin, 1981; Tyler, Moss, Durrant-Peatfield, &
Levy, 2000; Rogers & McClelland, 2004). Our prediction is
that the stronger the representation of the associated feature,
the faster and more accurate should the concept tokening
process be.

& Mewhort, 2006). Crucially, DSM models take advantage
of the frequencies of words across contexts, relying on large
corpora, while emphasizing the role that these contexts play
in building semantic representations and their relations.
We conducted generalized linear mixed-effects models to
investigate the role of sample count-based measures (i.e.,
measures based on the norming study: sample frequency, cue
validity, feature distinctiveness), and social usage countbased measures (i.e., measures based on corpus data: WF,
CD, UCD, DCD) during the earliest moments of feature-toconcept tokening. Our goal was to understand what type of
information might be accessed at the moment object and
word recognition are attained simultaneously, that is, at the
first 50-60 milliseconds of perceptual encoding (e.g., Potter,
2018).

Method
Picture-Word Priming Congruency Task

Figure 1: Schematic representation of the concept
tokening process by vision and language; the cloud
represents the featural hypothesis about the concept
DOG, with circle size representing feature saliency.

Figure 2: Time-course of events for each trial in the pictureword priming congruency task. The words presented with
the image were either a basic level label (e.g., dog), a high
salient feature (e.g., bark), a low salient feature (e.g., fur),
or a superordinate category label (e.g., animal).
This prediction is also informed by usage-based or
distributional semantic models (DSMs) which place the
burden of conceptual representation (viz., word meanings) on
the patterns of lexical use. According to these models (e.g.,
Lund & Burgess, 1996; Landauer & Dumais, 1997, Johns,
2021b), the semantic/conceptual system is built by the
strength of lexical co-occurrences in discourse, yielding
representations in multidimensional space that capture the
semantic relations between words (see, e.g., Jones, Kintsch,

The behavioral data analyzed here was taken from a separate
study employing a picture-word-priming congruency task
(PWPC) task with 71 participants (F = 52; Mage = 25; SDage
= 8; Antal & de Almeida, 2022b. In this study, participants
were presented with picture-word pairs to judge whether the
items were related to each other. Pictures and target words
were presented simultaneously with a 10 ms asynchrony
accounting for their different recognition times, with objects
presented for 50 or 190 ms and words for 60 or 200 ms. For
each picture, one of four word probes was presented for
congruency decision: the basic level category label (dog), a
high-salient (most frequent: bark), a low-salient (less
frequent: fur), or a superordinate category label (animal; see
Figure 2). The rationale for using the PWPC task is that a
decision to a picture-word pair relies on accessing the content
of the word as it relates to the content of the depicted object.
In the present paper, we report analyses from accuracy
responses to congruency decisions for the high- and lowsalient features presented in the 50/60 ms condition. We
focused on 50/60 ms condition because this timepoint
allowed us to probe the nature of the information that is
accessed during the early moments of object recognition.
Crucially, investigating the earliest moments of concept
tokening allows for a distinction between elucidating what
kind of information arises at the moment objects are
recognized (i.e., at the moment of concept “activation”), from
information that arises from potential inferences triggered by
the concept, but which may not be part of the content of the
concept itself (viz., knowing that dogs bark; Fodor, 1983; de
Almeida & Antal, 2021; de Almeida & Lepore, 2018).
Object concepts were divided into living and nonliving
categories: half of the pictures represented images of living
things (e.g., animals, vegetables, fruits), while the other half
represented images of nonliving things (e.g., furniture, tools,
clothing). This distinction was included for several reasons.
First, living and nonliving superordinate categories allow for
generalizations across major concept categories. Second,
living things are assumed to share more features between
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themselves, and encompass a larger number of features than
nonliving things—potentially facilitating the tokening of a
concept (Farah, McMullen, & Meyer, 1991; Moss, Tyler, &
Taylor, 2007). Third, impairments to living and nonliving
categories is one of the most well-documented kinds of
double dissociations in cases such as Alzheimer’s (e.g., see
de Almeida, Mobbayen, Antal, Kehayia, Nair & Schwartz,
2021) and brain lesions due to vascular accidents, traumas, or
infections (e.g., see Mahon & Caramazza, 2009). As such, the
pattern of dissociations obtained from patients with different
aetiologies suggest that the functional architecture of the
unimpaired conceptual system takes living and nonliving
things as representing a major distinction between the
representation of categories in the brain—thus, motivating a
distinction in materials and analyses.

value of the high-salient feature), the feature that was a
constituent part of the object depicted in the picture was taken
to be the target.

Features of Object Concepts: Norming Data

Feature Subcategory. In addition to obtaining lexical labels,
the norming study also allowed us to classify all lexical labels
for the high and low salient features according to 10
properties that the labels express about the target object:
visual (e.g., red for apple), taste (e.g., sweet for cake), sound
(e.g., purr for cat), substance (e.g., metal for hammer),
dimension (e.g., large for elephant), shape (e.g., round for
ball), part-to-whole (e.g., leg for table), function (e.g., warm
for glove), quality (e.g., soft for bed), and concept-association
(e.g., bread for toaster).

The lexical labels presented for each picture were determined
through a norming study conducted with 100 participants (F
= 47, Mage = 39; SDage = 12; Antal & de Almeida, 2022a). In
this study, participants were presented with all 260 line
drawings from the Snodgrass and Vanderwart’s (1980)
picture set and had to perform three tasks: (1) name the object
depicted in the picture, as briefly and unambiguously as
possible (e.g., dog); (2) categorize the object using a general
term—targeting superordinate responses (e.g., animal), and
(3) list three features (e.g., physical, sensory, functional
properties) that came to mind, regarding the object that was
presented to them. For all tasks, participants were instructed
to respond using only one word for phase of the task, and to
use the first word that came to mind (or the first three in the
case of features). The semantic features and categorization
norms allowed us to gather a total of 78,000 features.
High- and Low-Salient Features. Based on these norms, the
high- and low-salient lexical labels were determined through
a ranked weighted response system. Specifically, the feature
that was listed first by a given participant received a score of
3, the second feature received a score of 2, and the last feature
a score of 1. These scores were then multiplied by the number
of participants responding a given feature in their ranked
position. Finally, their products were summed across all
ranked positions and divided by the total number of
participants. This yielded the final naming agreement for a
given target feature. For instance, in response to the picture
‘banana’, 87 individuals responded yellow as the first feature,
12 as the second feature, and 1 as the third feature. As such,
87 was multiplied by 3, 12 was multiplied by 2, and 1 was
multiplied by 1. Their products were then summed (i.e., 286)
and divided by the total number of participants (i.e., 100), for
a naming agreement value of 2.86. Low-salient targets were
determined by taking the feature corresponding to half of the
naming agreement value of the high-salient feature. In cases
where no feature precisely matched that naming agreement
value, the feature with the closest lower value was taken to
be the target. In cases of a tie between two features (i.e., those
corresponding to precisely half of the naming agreement

Cue Validity and Feature Distinctiveness. We also
computed cue validity and distinctiveness values for each of
the high- and low-salient features. Cue validity scores were
devised by dividing the sum of the production frequency for
a given feature for a particular picture (e.g., fur for the dog
picture) by the total production frequency for that feature,
across all 260 pictures (Rosch, 1978; Rosch & Mervis, 1975;
Reed, 1972). Distinctiveness was defined as the inverse of the
total number of pictures that a given features appears in
(Tyler et al., 2013; Randall, Moss, Rodd, Greer, & Tyler,
2004; Devereux, Taylor, Randall, Geertzen, & Tyler, 2016).

Lexical Properties of Corpora Measures
We relied on four different social usage count measures of
lexical strength in our models: (1) WF, (2) CD, (3) DCD, and
(4) UCD. All were attained from a large corpus of Reddit
comments analyzed by Johns (2021a). Word frequency is
number of occurrences of a word across all comments in the
Reddit corpus. CD is the number of comments a word
occurred in (roughly analogous to a context size of a
paragraph). The DCD count is the number of discourses
(operationally defined here as a subreddit) that a word was
used in (has a maximum value of 30,327, which is the total
number of subreddits contained in the corpus), while UCD is
the total number of users who used a word in their comments
(a maximum value of 334,345, the total number of user in the
corpus. Each variable used in the analysis was reduced with
a natural logarithm, consistent with past research (Adelman
& Brown, 2006; Jones, Johns, & Recchia, 2012).

Data Analyses
We first explored how the properties of lexical items,
which label object features, may influence concept tokening.
We investigated this question in two separate analyses: (1)
one relying on the sample count-based measures and (2) a
second relying on the social usage count-based measures. For
the count-based measures, we hypothesized greater accuracy
for object features that are stronger and more salient to the
representation of the concept. In particular, we predicted that
object features that are high in cue validity and
distinctiveness would signal stronger category membership
and would thus lead to more accurate concept tokening.
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Sample Count-Based Measures
The full model was compared to a null model consisting of
only random predictors and was found to provide a
statistically significant better fit to the data, χ2(4) = 83.92, p
< 0.001, R2 = 0.22, 95% CI [0.00, 0.45]. There were also
significant main effects of living/nonliving, sample
frequency, and cue validity, as well as a living/nonliving by
feature distinctiveness interaction (see Table 1). As
predicted, participants were more accurate when presented
with items from living categories. In particular, the odds of
correct congruency decisions for living things were 1.61
times that of nonliving things. Interestingly, as features
increased in cue validity, participants’ accuracy significantly
decreased. A similar effect was also found with feature
distinctiveness, whereby participants’ accuracy significantly

Results and Discussion
Prior to conducting analyses, participants’ overall accuracy
to congruency decisions were screened. All participants
scored above chance (i.e., above 50%) and were thus kept for
all analyses.
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Moreover, for the social usage count-based measures, if
lexical-semantic information is organized in large part due to
the social environment (i.e., language use), we predicted that
the UCD and DCD measures should lead to better concept
tokening and should thus better predict accuracy to
congruency decisions. We then conducted exploratory
analyses on feature subcategories (e.g., visual, taste, sound,
shape, substance, dimension, part-to-whole), aiming to
understand the role played by these subcategories in concept
tokening, as measured by accuracy on congruency decisions.
To investigate these questions, we analyzed participants’
accuracy on the PWPC task with binomial generalized linear
mixed-effects (GLME) regression models, using the lme4
package (Bates, Maechler, & Bolker, 2013) for the R
statistical programming environment (R. Dev Core Team,
2021). Our first model estimated the effect of sample countbased measures, by including living/nonliving, sample
frequency, cue validity, and feature distinctiveness as fixed
effects. For the social usage count-based measures, we fitted
four different models, one for each of the corpora measures:
(1) WF, (2) CD, (3) UCD, and (4) DCD. Each of these models
included living/nonliving and the corpora measure of interest
as fixed effects. Given the large variability in scaling, the
corpora measures were log-transformed. As such, all of the
social usage count-based models relied on log-transformed
data. Our last model estimated the effect of feature
subcategories, by entering living/nonliving and feature
subcategory as fixed effects. All models included random
intercepts for subjects and items, as justified by the likelihood
tests. We derived p-values for all main effects and
interactions using the Likelihood Ratio Test by comparing
the full model with all our fixed effects of interest to a
reduced model excluding the relevant term (Winter 2013,
2019). Planned comparisons were conducted using the
emmeans package with Tukey’s correction (Lenth et al.,
2018). All figures were created using ggplot2 (Wickham,
2016).

50

25

0.50

0.25

0
0.25

0.50

0.75

1.00

0.00

Cue Validity

Distinctiveness
Living

Nonliving

Figure 3: (A) Mean correct accuracy for congruency
decisions between living and nonliving objects.
Participants’ accuracy as a function of log sample
frequency (B), cue validity (C), and feature distinctiveness
(D), across living and nonliving categories. Error bars
correspond to 95% CI of group means.

Table 1. Generalized linear mixed effects regression for the sample count-based measures.
Predictors
Intercept

β
0.52

SE β
0.14

z-value
3.64

OR
1.68

95% CI of OR
[1.27, 2.22]

Living/Nonliving

0.47

0.14

3.52

1.61

[1.22, 2.11]

χ2(1) = 11.10, p < 0.001 *

Sample Frequency

0.01

0.01

5.60

1.01

[1.01, 1.02]

χ2(1) = 31.45, p < 0.001 *

Cue Validity

-0.74

0.29

-2.54

0.48

[0.27, 0.84]

χ2(1) = 6.41, p = 0.01 *

Distinctiveness

-0.73

0.52

-1.41

0.48

[0.17, 1.33]

χ2(1) = 1.98, p = 0.16

Living/Nonliving x Sample Frequency

-0.10

0.14

-0.69

0.91

[0.69, 1.20]

χ2(1) = 0.47, p = 0.50

Living/Nonliving x Cue Validity

-0.39

0.34

-1.13

0.68

[0.35, 1.33]

χ2(1) = 1.26, p = 0.26

Living/Nonliving x Distinctiveness

-1.30

0.62

-2.10

0.27

[0.08, 0.92]

χ2(1) = 4.42, p = 0.04 *
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Null Comparison

Social Usage Count-Based Measures
Each of the corpora measure models provided a statistically
significant better fit to the data than a null model consisting
of only random predictors. Additionally, results revealed
main effects for all four of the corpora measures, as well
marginal interactions between living/nonliving and three of
the corpora measures: WF, UCD, and DCD (see Table 2). As
shown in Figure 4, while all of the corpora measures
engendered greater accuracy for every unit increase in
frequency, there is a noticeable advantage for the UCD and
DCD variables, over CD and WF. In particular, the odds of
correct congruency decision are markedly larger for the UCD
and DCD variables (1.49 and 1.67, respectively), in
comparison to those of WF and CD (both 1.17). Moreover,
although there were no statistically significant differences
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Figure 4: Participants’ accuracy on congruency decisions as a
function of word frequency (A), contextual diversity (B), user
contextual diversity (C), and discourse contextual diversity
(D), across living and nonliving categories.
between models for the individual variables, the UCD/DCD
models explained a greater proportion of the variance in
accuracy than the WF/CD models (R2: WF = 0.2179, CD =
0.2165, UCD = 0.2243, DCD = 0.2204). Our results suggest
that concept tokening may be affected by properties from the
social environment. That is, as one experiences a given
lexical item across many discourse contexts, and across many
individuals within their social environment, the properties of
that lexical item at the discourse (DCD) and user level (UCD)
may, over time, become associated within the lexicalsemantic system as an organizing principle. Thus, words that
are frequently used across individuals and discourses, in
particular, lead to a facilitation in concept tokening.

Feature Subcategories
Our full model with fixed effects was found to provide a
statistically significant better fit to the data than the null
model consisting of only random predictors, χ2(15) = 92.08,

Table 2. Generalized linear mixed effects regression for the social usage count-based measures.
Predictors
Word Frequency (WF)
Contextual Diversity (CD)
User Contextual Diversity (UCD)
Discourse Contextual Diversity (DCD)
Living/Nonliving x WF
Living/Nonliving x CD
Living/Nonliving x UCD
Living/Nonliving x DCD

β
0.16
0.16
0.40
0.51
-0.09
-0.08
-0.20
-0.28

SE β
0.02
0.03
0.05
0.07
0.05
0.05
0.11
0.15

18

Contextual Diversity (Log)

C 100

Accuracy

decreased as features increased in distinctiveness—an effect
which was more pronounced for living things (see Figure 3).
In fact, these two measures seem to go in the same
direction, as they are strongly correlated (r = 0.65). Although
seemingly
paradoxical,
the
living/nonliving
by
distinctiveness interaction effect has also been found by
Randall et al. (2004). According to Randall et al., the
disadvantage in processing distinctive properties of living
things is due to their lack of correlation with other features
(e.g., a lion’s mane is weakly correlated with other features),
in comparison to nonliving things, which express highly
correlated distinctive features. We propose an alternative
interpretation. As several studies have shown (Wu, Crouzet,
Thorpe, & Fabre-Thorpe, 2014; Poncet & Fabre-Thorpe,
2014; Rogers & Patterson, 2007), under rapid categorization
conditions (i.e., 60 ms or below, as in the present study), the
conceptual system is attuned to general, superordinate
information. The PWPC paradigm, with 60 ms presentation
times, may constrain the quality and amount of perceptual
information required for participants to judge the congruency
between object and feature, which may depend on the
processing of finer perceptual details. Therefore, presenting
a specific feature (even a highly salient one) during the
earliest moments of concept tokening may hinder accuracy,
as one may require more time to analyze the constituent
properties of the object concept. To wit, during the early
stages, the conceptual system knows that a dog is an animal,
but not that it barks.

z-value
3.64
6.34
7.49
7.13
-1.76
-1.67
-1.83
-1.88
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OR
1.17
1.17
1.49
1.67
0.92
0.92
0.82
0.76

95% CI of OR
[1.12, 1.23]
[1.11, 1.23]
[1.34, 1.65]
[1.45, 1.92]
[0.83, 1.01]
[0.83, 1.01]
[0.66, 1.01]
[0.57, 1.01]

Null Comparison
χ2(1) = 42.61 p < 0.001 *
χ2(1) = 41.23, p < 0.001 *
χ2(1) = 58.41, p < 0.001 *
χ2(1) = 52.45, p < 0.001 *
χ2(1) = 3.05, p = 0.08 .
χ2(1) = 2.75, p = 0.10
χ2(1) = 3.34, p = 0.07 .
χ2(1) = 3.47, p = 0.06 .

p < 0.001, R2 = 0.23, 95% CI [0.00, 1.00]. There were also
significant main effects of living/nonliving (χ2(1) = 10.12, p
= 0.002), feature subcategory (χ2(14) = 82.63, p < 0.001), as
well as a living/nonliving by feature subcategory interaction
(χ2(9) = 19.25, p = 0.02). There was a living things advantage
(i.e., greater accuracy for living vs. nonliving) for items from
the subcategory of dimension (OR = 2.08, p = 0.02), quality
(OR = 2.49, p = 0.006), substance (OR = 1.79, p = 0.04), and
visual (OR = 3.45, p = 0.07). Interestingly, a nonliving
advantage was found for the subcategory of sound (OR =
4.07, p = 0.01). Together, these results suggest an advantage
for features that express perceptual properties—those which
are more distinct in living things. It is also interesting to note
that the nonliving objects within the sound subcategory were
predominantly comprised of musical instruments, which in
the category-specific semantic deficits literature have been
shown to pattern with living things (Warrington & Shallice,
1984; de Almeida et al., 2021, Zannino et al., 2007).

Conclusion
The goal of the present study was to investigate how the
properties of lexical items, which label object features, affect
concept tokening. We were interested in understanding the
role of lexical strength of sample count-based measures
(sample frequency, cue validity, feature distinctiveness) and
social usage count-based measures (WF, CD, DCD, UCD)
during the earliest moments of feature-to-concept tokening.
Methodologically, our models relied on behavioral data from
a PWPC task with short presentation times, allowing us to
probe the properties of lexical items that label object features
at a relatively ‘early’ point in the time course of conceptual
processing. Beyond the sample-based measures, the inclusion
of social usage-based measures allowed us to gain insight into
the contribution of diverse socially oriented contextual
measures of lexical items and how they may affect concept
tokening. Our approach enabled us to understand the
properties of the semantic system by relying on the
combination of language usage data as well as behavioral
data to tap into the earliest moments of concept tokening.
Regarding the sample count-based measures, our results
showed that cue validity and feature distinctiveness were
negative predictors of participant’s accuracy to congruency
decisions. Results showed that participant’s accuracy
decreased as features increased in cue validity and in
distinctiveness. This effect was more pronounced for living
things, than nonliving things. Our results also showed that
participants were more accurate when presented with object
concepts from living categories—in particular when objects
were paired with lexical items labeling features from the
subcategories of dimension, quality, substance, and visual.
We also found a nonliving advantage for object features from
the subcategory of sound—an effect which has been
consistently found in individuals with category-specific
semantic deficits. For the social usage count-based measures,
while all corpora measures were positive predictors of
participant’s accuracy to congruency decisions, results
revealed a noticeable advantage for the UCD and DCD

measures, over WF and CD. Namely, the UCD and DCD
measures accounted for a greater proportion of variance and
engendered greater odds of correct responses in participant’s
congruency decisions, in comparison to WF and CD.
Overall, our results seem to suggest that the conceptual
system may be organized as a function of the principle of
likely need similarly to the lexical system (see e.g., Adelman
et al., 2006). That is, the features that occur frequently across
objects, and whose labels are frequently used at the discourse
and user level, have stronger representations and,
consequently, lead to a facilitation in concept tokening. This
may account for the UCD and DCD accuracy advantage over
the WF and CD measures: if a feature label is used across all
discourse types, and by many individuals, then that feature
label should be more available within the lexicon, and thus
should yield a faster interface with the conceptual system. A
similar explanation can be made for the sample count-based
measures. On the assumption that features which are highly
shared (e.g., legs for living things) and which co-occur
frequently (e.g., eyes and mouth) are repeatedly used in our
social environment, the speed of concept tokening should
reflect a graded increase that is a function of its usage, both
at the discourse and user level. Therefore, given that the
distinctive features of living things are not highly shared, nor
do they co-occur frequently with other object features, they
should engender slower interface with the conceptual
system—an effect that was found in the present study (see
also Tyler et al., 2007; Randall et al., 2004).
It remains to be determined, however, whether distinctive
features, whose lexical labels co-occur frequently at the
discourse or user level, lead to faster concept tokening. For
instance, although bark and udder are distinctive features of
dog and cow, respectively, the co-occurrence of “dog” and
“bark” may be much greater than that of “cow” and “udder”,
at the user and discourse level. In fact, a simple collocate
search on COCA (Davies, 2009) revealed that “dog” and
“bark” co-occur 416 times per million, in comparison to
“cow” and “udder”, which occurred only 41 times. As such,
it is plausible to expect distinctive feature labels that co-occur
frequently across discourses and users to engender faster
concept tokening than those that do not.
DSMs propose that lexical usage reflects semantic
organization. These models postulate that “information about
the meaning of hammer can be determined by observing the
contexts in which it appears” (Jones et al., 2006). The
methods we combine are important venues to explore the
relationships between the lexical system and the concepts that
words label.. It is not clear whether our results reflect a
parallelism—or even a causal relation—between the factors
determining lexical organization, such as the principle of
likely need, and the way concepts are organized. We plan to
explore these relationships in future iterations of our models.
How concept tokening is affected by the interaction of
various properties, namely, distinctiveness, sharedness,
correlational structure (i.e., co-occurrences), and usage
pattern in the social world, at both the discourse and user
level, is an important topic for future research.
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Abstract
Recent work suggests that learning perceptual classifications can
be enhanced by combining single item classifications with adaptive
comparisons triggered by each learner’s confusions. Here, we
asked whether learning might work equally well using all
comparison trials. In a face identification paradigm, we tested
single item classifications, paired comparisons, and dual instance
classifications that resembled comparisons but required two
identification responses. In initial results, the comparisons
condition showed evidence of greater efficiency (learning gain
divided by trials or time invested). We suspected that this effect
may have been driven by easier attainment of mastery criteria in
the comparisons condition, and a negatively accelerated learning
curve. To test this idea, we fit learning curves and found data
consistent with the same underlying learning rate in all conditions.
These results suggest that paired comparison trials may be as
effective in driving learning of multiple perceptual classifications
as more demanding single item classifications.
Keywords: perceptual learning;
adaptive learning; face perception

categories;

comparison;

Introduction
Many real-world learning tasks involve classification of
objects, displays, or situations into perceptual categories,
such as a person recognizing a face as belonging to a
particular person or a dermatologist classifying a skin lesion
into one of several diagnostic categories. Improvement in
such tasks rests heavily on processes of perceptual learning
– experience-driven improvements in the pickup of
information (Gibson, 1969). There are a number of different
ways in which perception improves with experience in some
domain (Gibson, 1969; Goldstone, 1998; Kellman, 2002).
Of these, learning to classify exemplars into perceptual
categories requires the discovery and selective pickup of
commonalities amongst members within a category, as well
as the discovery of features and relations that distinguish
different categories (Gibson, 1969; Homa & Chambliss,
1975). These improvements in the pickup of information are
often accompanied by more rapid classification that occurs
with reduced effort and attentional load.
Because of the importance of multi-category perceptual
classification to many educational and training situations,
there has been considerable interest in how to optimize this
kind of learning in instruction and learning technology.

Comparisons
Considerable research has identified comparison as
important for facilitating the learning of categories (Medin,

Goldstone, & Genter, 1993; Spalding & Ross, 1994).
Comparison has been studied in various ways including as a
learning strategy by which multiple stimuli are assessed in
terms of their common structural features (Gentner & Namy,
1999; Kurtz & Gentner, 2013; Lowenstein, Thompson &
Gentner, 1999). One form of comparison consists of
simultaneous presentation of information from the same or
alternative categories. These simultaneous comparisons may
be especially helpful in perceptual learning tasks involving
categories with variable instances that share common
structural characteristics. Concurrent presentation of items
from different categories may allow learners to more easily
discover distinguishing characteristics. Evidence suggests
that such concurrent exposure can lead to improved
differentiation for those items later on (e.g., Mundy, Honey,
& Dwyer, 2007, 2009), as well as enhanced transfer
performance in perceptual and category learning paradigms
(Andrews, Livingston, & Kurtz, 2011; Carvalho &
Goldstone, 2014; Higgins & Ross, 2011; Homa, Powell, &
Ferguson, 2014; Kurtz, Boukrina & Gentner, 2013).
Recent research has begun to study the effectiveness of
simultaneous comparisons in the context of adaptive
learning. In studies conducted by Jacoby, Massey, and
Kellman (2021), participants received a combination of
single item classification and simultaneous comparison
trials. Most trials involved single classification trials, but
when two errors involving the same pair of categories were
made, an adaptively-triggered comparison trial was
generated. On these trials, participants were presented with
a category label and instructed to choose between two
images from the confused categories before resuming
standard trials. Ultimately, when compared to a condition
containing only single classification trials, the inclusion of
comparison trials resulted in faster and more efficient
learning. A separate study showed that adaptively-triggered
comparisons were more effective in enhancing learning than
an equal number of non-adaptive comparison trials inserted
into the learning phase. The benefit of adaptively-triggered
comparisons was attributed to their providing targeted
opportunities to identify distinguishing features and resolve
learner-specific confusions between categories.
Whereas comparison trials that are presented when
learners struggle with certain category discriminations are
helpful, an interesting question is whether using all
comparison trials throughout learning might be as good or
even better than presenting individual classifications with
selective comparisons. Unlike most active learning
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approaches which require the classification of each
presented item, comparison trials restrict participants to
choosing between a limited set of options (often two).
Without the cognitive load of considering all possible
categories, this format may enable participants to devote
more attention to extracting perceptual invariants that will
advance learning. However, there is a concern that learning
in this format alone may be too easy to produce meaningful,
long-lasting learning. In particular, it may be difficult to
transition from differentiating between only two items to
making future classification judgments across all learned
categories. Additionally, with guessing rates at 50% for
paired-comparison trials, there is the potential to induce a
misleading sense of fluency, as participants may be able to
progress quickly through learning based partially on chance
responding. In the present work, we evaluated the utility of
paired-comparisons for learning relative to single item
classification trials in which learners must identify an item
with one out of a large set of possible response categories.

Stimuli

Adaptive Spacing
In the present study, all conditions employed an adaptive
learning system that spaced categories as a function of the
individual’s accuracy and response times. Detailed
descriptions of this adaptive response-time based scheduling
(ARTS) system can be found elsewhere (Mettler, Massey &
Kellman, 2011, 2016).
Prior research has demonstrated a benefit of spaced item
presentation on the learning and transfer of perceptual
categories, (Kang & Pashler, 2012; Kornell & Bjork, 2008),
and the application of adaptive methods have been
evidenced to amplify this benefit (Mettler & Kellman,
2014). While adaptive systems have been successfully
tested in a variety of perceptual learning domains, they have
not been systematically examined with respect to type of
classifications that learners make on each trial. Assessing
the present learning formats within an adaptive context
could contribute to understanding of learning processes and
also yield useful information about presentation modes in
learning technology systems.
We assessed learning and transfer performances across
three types of learning conditions: an All Comparisons
condition, a Single Classification condition, and a Dual
Classification condition, in which participants chose a name
to go with each of two faces presented side by side. Dual
classification was included as a hybrid format that might
leverage possible learning benefits of both single item
classifications and paired comparisons. Following learning,
participants were tested on their ability to classify
previously seen as well as novel images of the learned face
categories.

Design & Procedure

Method
Participants
75 total participants were recruited from the University of
California, Los Angeles subject pool to participate in this
experiment.

The stimuli used were five distinct pictures of 22 different
human male faces for a total of 110 unique images taken
from a larger database (Min, Kose, & Dugelay, 2014). Four
images of each of the 22 categories were used in the
learning phase. Non–face details such as hairstyle or visible
clothing could vary across images within the same category;
however, the distance from camera, background, and final
image size (256 X 256 pixels) remained identical across all
exemplars. Variations in pose and non-face details
encouraged participants to focus on learning perceptual
structure of faces rather than specific image details. The
fifth image in each category was set aside for use as a novel
stimulus in immediate and delayed posttests.
Each learning category consisted of face images from the
same person, and each category was identified with a name.
The names were chosen to be unremarkable, and were taken
from the Social Security list of most common names given
in the United States in 2000-2009.

Each participant was assigned to one of three learning
conditions. All participants completed a learning phase
followed by an immediate posttest. Delayed posttests were
completed one week later.
In the Single Classification condition, on each trial, one
face was presented with all 22 possible name options
organized alphabetically below. Participants selected the
name corresponding to the face presented. In the All
Comparisons condition, two faces, each from a separate
category, were presented side-by-side under the prompt
“Which one is [Category Name].” Participants were
instructed to click on the image of the person named.
Immediate feedback was given, with the correct label being
presented for both images. In the Dual Classification
condition, two faces were presented side by side, as in the
All Comparisons condition, but participants chose the
correct name for each face, as in the Single Classification
condition. Participants could compare the two faces in the
Dual Classification condition, but they were not directly
instructed to do so. Figure 1 shows the layout for the 3 trial
types.
In all conditions, participants were given 40 seconds to
complete each learning trial and up to 10 seconds to view
feedback. Feedback was given in the form of a green
checkmark appearing alongside their answer choice when
correct and a red ‘X’ appearing when incorrect.
Additionally, when an incorrect answer was given, the
correct name label appeared below the face.
Categories were adaptively scheduled and interleaved
through the Adaptive Response Time-Based Sequencing
(ARTS) system. During learning, each learning item is
assigned a priority score indicating the relative benefit of
that item appearing on the next learning trial. The priority
score for each item, updated after every trial, was a function
of learner accuracy, response times, trials elapsed since last
presentation, and progress toward meeting mastery criteria.
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Figure 1. Trial layout for the three learning conditions. A.
Single Classification (“Choose the name that goes with the
face”) B. Dual Classification (“Choose the name that goes
with each face”) C. All Comparisons (“Which one is
Ryan?”)
(See Mettler, Massey & Kellman, 2016 for computational
details.) The sequencing algorithm presented the highest
priority item on each trial. Incorrect responses indicated low
learning strength for an item and generated a high priority
for recurrence. However, ARTS also utilizes an enforced
delay, such that even a high priority item cannot recur while
feedback from a recent instance still resides in working
memory. In the present study, we used an enforced delay of
3 classifications with some “jitter,” such that the delay was
sometimes 2 or 4 (each 25% of the time). As an individual’s
learning strength for a given learning item increased
(indicated by accuracy and lower RTs), the ARTS algorithm
automatically generated lower priority, and longer
recurrence intervals, as an inverse function of the logarithm
of reaction time. For the All Comparisons condition, where
two faces were presented but only one response was made,
one face category was considered the target on each trial,
and accuracy and RT from that trial influenced only the
scheduling of that category.
In all conditions, a category was considered mastered and
subsequently retired from the learning set after four
consecutive correct classifications were made. Retired
categories only re-emerged when necessary to achieve
correct spacing intervals for the remaining, unmastered
categories. Immediately following learning, participants
were administered a posttest. One previously seen exemplar
per category, as well as one novel exemplar per category,
were randomized and presented sequentially for
classification. The layout of each test trial was identical to
the learning trials in the Single Classification condition;
however, no feedback was given during testing. A delayed
posttest, administered one week later, was identical in
content and structure to that of the immediate posttest.

Dependent Measures and Data Analysis
For each participant, we recorded the number of
classifications invested in learning to achieve mastery for
each category, the total time invested in learning, and

accuracies on the immediate and delayed posttests. Learning
efficiencies were also calculated. Efficiency measures
provide a way of measuring learning that incorporates
variations in both learning and posttest performances.
Because mastery criteria were used, participants differed in
the number of trials and time invested in learning.
Efficiency combines accuracy gain and the investment in
learning by dividing accuracy gains by classifications or
time invested. A classification-based efficiency measure
divided posttest accuracies by the number of classifications
made for each participant. For this measure, we counted
each trial in the Dual Classification condition as two
classifications. A second approach looked at the total
amount of time invested in the learning phase. This
time-based efficiency measure was calculated for each
participant by dividing posttest accuracy by time, measured
in minutes. As an additional method for comparing
conditions, we modeled learning rates during training by
fitting exponential functions for each participant (Dosher &
Lu, 2007; Cochrane & Green, 2021). Initial levels of
knowledge were assumed to be zero, asymptotic learning
was assumed to be 100%, and the learning time was used
along with posttest percent correct to obtain the single free
parameter of learning rate for each participant. Condition
comparisons for all measures were compared using ANOVA
and other standard parametric statistical methods. Since we
sought to compare differences among the conditions, we
conducted planned comparisons between pairs of conditions
for each measure. Previous research on adaptive
comparisons (Jacoby, et al., 2021) revealed condition
differences with medium to large effect sizes; we anticipated
similar effect sizes in the present study.

Results
We first examine the differences among conditions in the
number of learning classifications and time required to
reach mastery criteria during learning and in accuracy
scores on posttests. We then turn to our primary measure of
learning efficiency which relates investment during learning
to posttest performance as a rate and is a particularly
informative measure when all participants learn to criterion.
Finally, we report the results of modeling the average
learning rates for each condition to assess the degree to
which the learning curves were similar or divergent.

Learning Measures
Learning classifications to criterion differed across the three
conditions and favored the All Comparisons condition. A
3-way ANOVA on classifications invested by learning
condition revealed a reliable main effect of condition, F(2,
74) = 11.92, p < .001, ηp2 = .244. Contrasts between
conditions revealed a reliable difference between the mean
number of classifications made in the the All Comparisons
condition (M = 136.88, SD = 38.23) and Single
Classification condition (M = 235.28, SD = 97.78), t(48) =
4.69, p < .001, d = 1.32, as well as between the All
Comparisons condition and the Dual Classification
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condition (M = 220.44, SD = 81.77), t(48) = 4.63, p < .001,
d = .83.
Total time invested in learning was assessed in a separate
ANOVA. We observed a reliable main effect of condition,
F(2, 74) = 18.57, p < .001, ηp2 = .334, with reliable
differences between the mean time (min) invested in the All
Comparisons condition (M = 16.36, SD = 8.51) and the
Single Classification condition (M = 34.56, SD = 12.94,
t(48) = 5.876, p < .001, d = 1.66, as well as between the All
Comparisons condition and Dual Classification condition
(M = 29.92, SD = 11.02), t(48) = 4.87, p < .001, d = 1.34.

Accuracy Measures
Accuracy in both the immediate and delayed posttests was
highest for the Single Classification condition, followed by
the Dual Classification condition, and then the All
Comparisons condition. These patterns were confirmed by
the analyses. A 3 X 2 mixed factor ANOVA with a
between-subjects factor of learning condition and a
within-subjects factor of posttest phase showed a main
effect of posttest phase, F(1, 72) = 182.85, p < .001, ηp2 =
.717 as well as a main effect of learning condition, F(2, 72)
= 17.87, p < .001, ηp2 = .332, and no reliable interaction. At
immediate posttest, accuracy was highest for the Single
Classification condition (M = .88, SD = .10), followed by
the Dual Classification condition (M = .84, SD = .14), and
the All Comparisons condition (M = .62, SD = .20). There
was a reliable difference between the Single Classification
and All Comparisons conditions, t(48) = 6.02, p < .001, d =
1.70, as well as between the Dual Classification and All
Comparisons conditions, t(48) = 4.50, p < .001, d = 1.27.
At the delayed posttest, accuracy was again highest for
the Single Classification condition (M = .64, SD = .19),
followed by the Dual Classification condition (M = .63, SD
= .19), and then the All Comparisons condition (M = .41,
SD = .20). The difference between the Dual Classification
condition and All Comparisons condition was significant,
t(48) = 3.92, p < .001, d = 1.11, as was the difference
between the Single Classification and All Comparisons
condition t(48) = 4.09, p < .001, d = 1.15.
Subsequent analyses examined posttest performance
broken down into old versus novel items. At immediate
posttest, there was a reliable main effect of item type, such
that all conditions performed better on old items than novel
items, F(1, 72) = 40.125, p < .001, ηp2 = .358. This pattern
was also present in the delayed posttest, with old items
being classified correctly more often than novel items, F(1,
72) = 10.84, p = .002, ηp2 = .131. There was no interaction
found between condition and item type at either phase of the
posttest, both p > .130.

Efficiency Measures
Efficiency comprised the primary measure in this work,
because it combines the classifications or time invested in
learning and the learning outcome of accurate identification
performance. It may be considered a rate measure of
learning.

Figure 2 shows the efficiency results based on time by
condition on the immediate and delayed posttests. For
convenience, we express this measure in terms of accuracy
gain per 10 min of learning time. At the immediate posttest,
efficiency based on time favored the All Comparisons
condition such that for every 10 minutes invested there was
a 47.45% mean increase in posttest accuracy (SD = 27.33),
whereas those in the Single Classification condition saw a
28.90% (SD = 10.50) increase, and those in the Dual
Classification condition saw a 32.36% (SD = 13.51)
increase. A 3 x 2 ANOVA on condition and posttest version
showed a main effect of posttest phase, F(1, 72) = 119.62, p
< .001, ηp2 = .624, and a main effect of condition, F(2, 72) =
5.33, p = .007, ηp2 = .129, as well as a significant condition
by posttest interaction, F(2, 72) = 6.55, p = .002, ηp2 = .154.
A test of simple main effects revealed significant differences
in efficiency at both the immediate posttest, F(2, 72) = 7.02,
p = .002, ηp2 = .159, and delayed posttest, F(2, 72) = 3.25, p
= .045, ηp2 = .129. Planned contrasts revealed reliable
differences between the All Comparisons condition and the
Single Classification condition, t(48) = 3.17, p = .003, d =
.84, as well as between the All Comparisons and Dual
Classification conditions, t(48) = 2.48, p = .017, d = .70.
At the delayed posttest, time-based efficiency again
favored the All Comparisons condition such that for every
10 minutes invested in learning, we observed a 32.65% (SD
= 23.37) mean increase in accuracy. Those in the Single
Classification condition saw a 21.33% (SD = 93.75)
accuracy increase, and those in the Dual Classification
condition saw a 24.48% (SD = 12.17) increase. The All
Comparison condition reliably exceeded the Single
Classification condition, t(48) = 2.23, p = .030, d = .63. The
difference between the All Comparisons and the Dual
Classification conditions was not statistically reliable, p =
.128, nor was the difference between the Single
Classification and Dual Classification conditions, p = .317.
Based on classifications completed in learning rather than
time, the mean efficiency rate at immediate posttest was
highest for the All Comparison condition (M = .0051, SD =
.003), followed by the Dual Classification condition (M =
.0043 SD = .0016), and the Single Classification condition
(M = .0043 SD = .002. At the delayed posttest, efficiency
was again highest in the All Comparisons condition (M =
.0034, SD = .002), followed by the Dual Classification
condition (M = .0033, SD = .002), and then the Single
Classification condition (M = .0032, SD = .002). However,
these differences at both the immediate and delayed
posttests were not reliable. A 3 X 2 mixed factor ANOVA
on learning condition and posttest phase revealed a
significant main effect of posttest phase, F(1, 72) = 128.73,
p < .001, ηp2 =.641, as well as a significant condition by
posttest interaction, F(2, 72) = 3.43, p = .038, ηp2 = .087.
However, tests of simple main effects did not reveal a
significant difference among conditions at either phase of
the posttest, both p > .280.
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Figure 2. Time-based efficiency in immediate and delayed
posttest by learning condition.

Learning Rate
The efficiency results suggest that the All Comparisons
condition actually produced the best learning. If so, this
would be a remarkably useful finding, in that individual
trials requiring the learner only to make a two-choice
discrimination are relatively easy, and the time to criterion
was shortest. Individual trials took about 8.82 sec in the
Single Classification condition but only 7.17 sec in the All
Comparisons condition. (These times include the time
learners spent examining feedback.)
Despite the appeal of the possible finding that using all
comparisons might be a superior approach to learning, both
in ease and efficiency, we were concerned that this result
might be somewhat illusory. All conditions used the same
mastery criterion of 4 consecutive accurate responses (for a
category), but this criterion was easier to achieve in the All
Comparisons condition, due to a chance accuracy rate of .50
(as compared to 1/22 in the classification conditions). Note
that this difference in chance accuracy was not inadvertent;
it was a consequence of the research goal to test paired
comparisons vs. multi-category item classification.
However, it allowed the All Comparisons condition to
achieve apparently higher efficiencies, despite lower
accuracy at posttest, due to a much lower number of
learning classifications or time.
These considerations are especially important given that
learning curves tend to be negatively accelerated. A
condition that is actually proceeding along the same
learning curve might actually appear to give “more bang for
the buck” if it stops at an earlier point in the course of
learning than another condition that continues longer. Yet,
these might be equivalent as learning conditions in that they
are sampling from the same underlying rate of learning.
To investigate this possibility, we modeled learning
curves in the three conditions based on their learning
investments and posttest outcomes. Rates of learning were
modeled using a simple exponential function relating the
time spent in learning to the performance level at immediate
posttest (c.f., Dosher & Lu, 2007; Heathcote, Brown &
Mewhort, 2000). Posttest accuracy is given as:

(1)

where i is the initial level of knowledge (set to zero for this
experiment), a is the learning rate and t is time. This
analysis allowed us to compare conditions because
participants in all conditions took a common posttest and all
were measured for time in training.
Equation 1 was fit to each participant’s data, and the
estimates of a were averaged to obtain each group’s learning
curve. Figure 2 shows the curves for each condition by time.
A one-way ANOVA showed no reliable differences among
conditions, F(2, 72) = 0.58, p = .561, n.s. When analyzed by
classifications, rather than time, there was no significant
main effect of condition on learning rates, F(2, 72) = 1.70, p
= .189, but there were marginal advantages of both
classification conditions over the All Comparisons condition
(t(48)=1.789, p = .080 for the Dual Comparison condition,
and t(48) = 1.699, p = .096 for Single Classification).

Figure 3. Learning curves by condition based on time.
Dashed lines show curve fits for each condition based on a
learning rate parameter that is +/- 1 standard error of the
group mean learning rate parameter.

Discussion
Prior research has demonstrated that perceptual learning can
be enhanced through the inclusion of comparison trials.
However, little research has investigated the efficacy of
learning exclusively through paired-comparison trials. The
results of this experiment demonstrate that learning with all
comparisons may be an equally viable approach to
perceptual category learning as the more common
classification-based trials.
Participants in all learning conditions showed significant
learning and transfer to 22 distinct face categories. While
prior research has traditionally been conducted with
significantly fewer categories (e.g. 2 or 3), this finding
provides evidence for the effectiveness of perceptual and
adaptive learning methods in handling large quantities of
unknown categories at once.
Use of all comparison trials led to faster learning as
measured through classifications made and time invested,
and time-based efficiency measures suggested an advantage
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of learning with all comparison trials relative to the other
conditions. However, subsequent learning curve analyses
did not show underlying differences, especially when
learning was considered in terms of time invested. These
results suggest that the learning trial formats tested here may
be best characterized in terms of the same or similar, rather
than divergent, learning rates.
The higher measured efficiency of the All Comparisons
condition likely derived from the higher chance accuracy on
comparison trials and the use of the same mastery criteria
for all conditions. While this chance accuracy disparity was
a necessary consequence of comparing two fundamentally
different trial formats, participants in the All Comparisons
condition were likely assessed on posttests before they had
learned the material to the same strength as those in the
other conditions. As the modeled learning rates suggest, had
participants in the All Comparisons condition invested as
much time or as many classifications in learning as those in
the other conditions, they likely would have performed more
similarly on the posttest as well. Future work will address
rates of learning under equivalent durations of learning and
conditions of category retirement.
The performance of the All Comparisons condition may
be particularly impressive given the structure of the
posttests. As described, the posttest trials were identical in
format and task to the single classification learning trials
(and thus also very similar to the dual classification trials);
consequently when learners in these conditions reached the
posttest, they were already familiar with both the layout of
the trial and name options and had received repeated
practice with the particular task. For those in the All
Comparisons condition to have been able to perform as
strongly as they did at testing, it suggests that learners were
able to pick up the relevant information for face
identification in a way that was long-lasting and transferable
to a new task format.
Surprisingly, despite the reported benefits of simultaneous
presentations, we observed no benefit of the dual
classification trials relative to the single classification,
sequential trials. There are a few possible explanations for
this result. First, as previously mentioned, while the design
of the dual classification trials does allow for comparisons
between the presented categories, it is also possible to
approach each classification independently. If participants
focused on each face separately without considering the
relation between the faces, potential benefits of the
simultaneous presentation were likely not utilized. Recent
research has also provided evidence to suggest that in
classification-based learning, the goal of making successful
classifications on a trial may actually detract learners from
comparing presented items, thus undercutting the benefit of
simultaneous presentation (Patterson & Kurtz, 2020). As
previous research has shown an advantage to comparisons
that direct attention to relevant features (Hammer, et al.,
2008; Kurtz, Boukrina & Gentner, 2013; Kurtz & Gentner,
2013), it is unsurprising that simultaneous presentations that

do not incentivize comparison do not produce
discrimination benefits in learning.
An alternative explanation for why a difference was not
detected may have to do with the interleaved presentation of
categories used in this experiment. While we have focused
on comparisons as occurring between simultaneously
presented stimuli, it has been suggested that in paradigms
with single, sequential trials, participants may make
sequential comparisons between the currently viewed item
and the most recently viewed item, or with prior information
relevant to the structural relations between categories
(Carvalho & Goldstone, 2015, 2017; Kang & Pashler, 2012;
Kurtz & Gentner, 2013). Interleaved presentation of
categories in the present experiment may have allowed
participants in the Single Classification condition to attain
some of the benefits of comparisons.
Despite significant research on the benefit of comparison
in perceptual learning, category learning paradigms and
applications in learning technology have relied heavily on
single classification trials. The present research offers
another effective approach to learning: paired comparison
trials. The critical information learned through this trial type
is shown to be long-lasting and generalizable. Intuitively,
this format is comfortable and probably lower in cognitive
load than considering multiple categories in single
classification trials.
This study has limitations. While the modeled learning
rates across conditions served to mitigate some concern
regarding differences in terminal learning strength, they
relied on the assumption that learning increases in
accordance with the exponential model across all conditions
and at all points in learning. If learning gains follow an
alternative pattern, it may not be adequately accounted for
in the present analyses.
Although the use and structure of comparison trials in
perceptual learning deserves further research, the results of
this study already suggest interesting implications for future
designs of learning interventions for multi-category
perceptual classification. More generally, as the role of
perceptual learning in the development of expertise has
become better recognized in a variety of learning domains,
advances in understanding this form of learning and the
conditions that optimize it have important implications for
instruction and learning technology. The finding that
effective learning can be based exclusively on
paired-comparisons is both theoretically interesting and
likely to be practically useful in applications of learning
technology to real-world learning settings.
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Abstract

classified into multiple categories that test different types of
geometric inferences. In CG, given a set of six geometric
figures (Figure 1(b)), the task is to select the odd one out. As
with RPM, problems on CG are classified into multiple
categories that test different geometric abilities such as
Euclidean geometry, metric properties, chirality, etc.

Recognition of geometrical patterns seems to be an important
aspect of human intelligence. Geometric pattern recognition is
used in many intelligence tests, including Dehaene’s odd-oneout test of Core Geometry (CG)) based on intuitive geometrical
concepts (Dehaene et al., 2006). Earlier work has developed a
symmetry-based cognitive model of Dehaene’s test and
demonstrated performance comparable to that of humans. In
this work, we further investigate the role of symmetry in
geometrical intuition and build a cognitive model for the 2Alternative Forced Choice (2-AFC) variation of the CG test
(Marupudi & Varma 2021). In contrast to Dehaene’s test, 2AFC leaves almost no space for cognitive models based on
generalization over multiple examples. Our symmetry-based
model achieves an accuracy comparable to the human average
on the 2-AFC test and appears to capture an essential part of
intuitive geometry.
Keywords: intelligence tests; intuitive geometry; symmetry

Figure 1(a) and 1(b): An illustrative problem from the
Raven’s Progressive Matrices test (on the left) and the Core
Geometry test (on the right).

Introduction
Geometric intelligence refers to recognition, reasoning and
learning of geometric concepts, relations, and patterns.
Research in cognitive science recently has witnessed much
work on geometric intelligence in large part because of the
presence of geometric problems on tests of general human
intelligence (Bringsjord 2011; Carpenter, Just & Shell 1990;
Dastani & Indurkhya 2001; Evans 1969; Kunda, McGreggor
& Goel 2013; Lovett & Forbus 2011; Lovett, Lockwood &
Forbus 2008; McGreggor, Kunda & Goel 2014; Santoro et al.
2017, 2018; Schwering et al. 2007; Shegheva & Goel 2018;
Zhang et al. 2019a, 2019b). The study of geometric
intelligence by constructing computational models of
intelligence tests provides essential insights into human
cognition that complement the results of other experiments.
Figure 1(a) illustrates an example1 from the Standard
Raven’s Progressive Matrices (RPM) test of intelligence
(Raven, Raven & Court 1998), and Figure 1(b) illustrates an
example from the Core Geometry (CG) test (Dehaene et al.
2006). RPM is a very common test used around the world to
measure general human intelligence. In RPM, given a 3x3
matrix of geometric figures with one entry at the bottom right
missing (top of Figure 1(a)), the task is to select a figure from
a set of eight choices (bottom of Figure 1(a)) that would best
complete the pattern in the matrix. Problems on RPM are

A major question in cognitive science is what part of
human geometric knowledge (if any) is “innate” in that it
developed over biological evolution, or “intuitive” in that it
is part of unconscious cognition (Kahneman 2011; Stanovich
& West 2000). Dehaene et al. (2006) suggest that geometric
knowledge needed to address the CG test may be intuitive (or
perhaps innate). When they administered the CG test to
humans schooled in the modern educational system and to
unschooled tribal people, they found that the tribal people
performed about as well on the CG test as people who had
had the benefit of formal schooling. Their results have been
replicated by similar studies such as Izard et al. (2011).
Various computational models of geometric intelligence
make different assumptions about the intuitiveness of
geometric knowledge. For example, the Lovett and
colleagues’ model of RPM (Lovett, Lockwood & Forbus
2008) and CG (Lovett & Forbus 2011) is based on analogy
with the basic set of geometric figures: it assumes prior
knowledge of geometric concepts such as triangles and
closed figures, and analogical generalizations across a set of
figures often are derived at problem-solving time. In contrast,

1

Due to copyright reasons, we have included an example similar
to the RPM test rather than an actual example from the test.
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Shegheva & Goel’s model of RPM (Shegheva & Goel 2018)
and CG (Shegheva & Goel 2021) is based on the use of
symmetry; it assumes prior knowledge mainly of symmetry.
Recently, Marupudi & Varma (2020, 2021) have proposed
a 2 Alternative Forced Choice variation (2-AFC) of the CG
test. As Figure 2 illustrates, Marupudi & Varma’s 2-AFC
variation consists of selecting one out of two figures that are
most similar to a given figure. Problems on their 2-AFC test
cover the same range of geometric inferences that CG covers.
Interestingly, and perhaps also a little surprisingly, Marupudi
& Varma (2021) found that humans perform much better than
chance at the 2-AFC test. As they point out, this argues
against a model based on induction because the top row in 2AFC consists of only one figure.

Figure 2: An illustrative example of the 2-AFC problem
adapted from Marupudi & Varma (2021). The original
stimulus by Dehaene et al. (2006) (on the left) and the
corresponding experimental 2-AFC trial (on the right).
This helps frame the research question in our work: can the
symmetry method address the 2-AFC test, and, if so, how
well does it relate to human performance on the test?

Related Work
The literature on addressing geometry problems on
intelligence tests is rapidly growing. Carpenter, Just & Shell
(1990) describe two early models of the Raven’s Progressive
Matrices Test of general human intelligence. Their models
express geometrical patterns in the form of production rules.
Earlier, Evans (1969) had built a (partial) computational
model that used analogy to address problems similar to
(though simpler than) the RPM test. Forbus and colleagues
have long been strong proponents of analogy as the core
process for addressing geometry problems on intelligence
tests. They have used the structure-mapping theory of
analogy as the basis for developing computational models for
the RPM test (Lovett, Lockwood & Forbus 2008) as well as
the Dehaene’s Core Geometry test (Lovett & Forbus 2011).
The performance of their models for these tasks is
comparable to that of humans. Bringsjord (2011) has
proposed the performance in intelligent tests as a measure of
progress in AI.
The literature on the role of symmetry in visual perception
is large. In both computer vision and computer graphics,
symmetry enables analysis of geometrical shapes in terms of

their mathematical properties (Liu et al. 2010). In compelling
research on human perception described in Generative
Theory of Shape, Leyton (2001) emphasizes the role of
symmetry in understanding complex shapes constructed from
primitive forms via deconstructive representations.
Symmetry transformations lie at the core of Gestalt
principles of visual perception (Wagemans et al. 2012;
Wertheimer 1945). Dastani & Indurkhya (2001) and
Schwering et al. (2007) have used Gestalt principles to
understand (simple) geometric proportional analogies. In
observing a set of shapes related via direct or latent features,
symmetry provides a framework for studying the generative
processes of the shapes as well as their relationships with one
another figures. Shegheva & Goel (2021) demonstrate the
usefulness of applying Gestalt principles to Dehaene’s CG
images for identifying features that highlight potential
“symmetry-breaking”. In a related computational model
addressing the RPM test, Shegheva & Goel (2018) developed
a method that used structure alignment to detect patterns of
relationships between images at a pixel level. The two models
achieved performance comparable to human performance on
the RPM and CG tests, respectively.
Earlier, Kunda, McGreggor & Goel (2013) applied affine
transformations such as translation, rotation, and reflection
(typical symmetry operations) directly to the pixel-level
representations of the images in the RPM test. This research
was based on evidence that human perception applies similar
operations to visual images (Kosslyn, Thompson & Ganis
2006). The results showed a significant correlation with the
visual strategies used by individuals with autistic traits
(Kunda & Goel 2011). McGreggor, Kunda & Goel (2014)
proposed a fractal representation that captures self-similarity
of an image. Their technique executes an automatic
adjustment of the level that allows viewing of the images
under different magnifications to assess their similarity. They
successfully used the fractal approach for various visual tasks
such as RPM, CG, and other Odd-One-Out tests, and
demonstrated a performance comparable to that of humans
(McGreggor & Goel 2013). Common to all these
computational models is the idea that symmetry captures a
strictly intuitive sense of visual perception in which shapes
are analyzed under mental transformations.
Some recent work has explored the use of convolutional
neural networks and deep learning to address geometric
problems similar to those on the RPM test (Santoro et al.
2017, 2018; Zhang et al. 2019b). However, this line of work
typically requires the construction of large synthetic data sets
of RPM-like problems (Zhang et al. 2019a) that are
implausible from the perspective of human learning. In any
case, this research line has not yet addressed the CG test and
thus is not applicable to 2-AFC problems deriving from CG.
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2-AFC Testing Trials
Like Marupudi & Varma’s construction of experimental 2AFC problems (2021), our 2-AFC testing trials are generated
directly from Dehaene’s CG test and cover 43 geometric
concepts in 7 categories. As shown in Figure 2, each 2-AFC
trial includes the only image not following the concept as one
choice and two images that embody the concept as the target
image and the other choice, respectively. Figure 3 illustrates
example trials for different concepts from each of the seven
categories: topology, Euclidean geometry, geometrical
figures, symmetrical figures, chiral figures, metric properties,
and geometrical transformations.

A Symmetry-Based Cognitive Model of 2-AFC
Problems
Overall Structure
As in Shegheva & Goel’s model for Dehaene’s CG test
(2021), the core of our symmetry-based model for 2-AFC
problems is the symmetry transformation of images through
Principal Component Analysis (PCA). However, our model
also considers symmetry at the feature level by introducing
self-symmetry after the symmetry-based alignment via PCA.
To conserve chirality, our computational model uses only the
first principal component of PCA, and the images are aligned
with the first principal axis through rotation. As a result, two
alternative orientations are possible, and both need to be
considered as indicated in Figure 5.

Figure 3: Seven examples of the 2-AFC trial, one from each
category. Each trial includes three images. The target image
is at the top, and two choices are shown at the bottom.
As shown in Figure 4, for our experiments, we built twenty
2-AFC trials for every CG concept, including all possible
permutations from every CG problem. This allows an
accuracy measurement at a granularity of 5% for each
concept.
Figure 5: Symmetry transformation for a 2-AFC trial. For
each choice, the alternative with less difference from the
target out of the two possible orientations is selected.
Measurement of dissimilarity between images is based on
a set of features. Our model looks at three simple features
(center-shift, area, and spread) that capture the basic
characteristics of the geometrical figures in the image space
and the self-symmetry of these base features. The decision on
the image orientations too is based on the measurements with
the same three base features. The subsequent image
comparisons during answer selection consider a preset subset
of all six features, including the base features and selfsymmetry features, with equal weights. For a pair of images,
the overall difference is computed by adding the differences
in the chosen features. The choice image with a less overall
difference from the target image is selected as the answer.

Image Preprocessing
Figure 4: Generation of all possible 2-AFC trials for one
concept from the original stimulus by Dehaene et al. (2006).

For the convenience of computation in later stages, all input
images are converted into binary ones based on a preset
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threshold before any processing. The binary image
distinguishes the pixels belonging to the geometrical figure
from those belonging to the background.

Symmetry Transformation
Visual artifacts for measuring intelligence may contain
various noise sources - measurement errors such as image
alignment issues and intentional transformations applied to
test the brain’s agility in the presence of irrelevant features.
As Figure 5 illustrates, the first step in our symmetry-based
model involves the symmetry transformation of images that
addresses alignment, position, and orientation noise while
accenting the features relevant to the geometry concepts in
the given task.
For each image, the geometrical figure’s pixels are
extracted as a set of 2D points, with each point as the
horizontal and vertical coordinates of the corresponding
pixel. Applying PCA to the set of points finds the first
principal axis of the figure. Then, the original binary image
is centered and aligned with the first principal axis through
rotation.
The rotation may align the image in two different
orientations, which are the 180-degree rotated images of each
other. Our model checks both orientations of each choice
image and chooses the one with less a difference from the
target image using the base features, ensuring the ideal
alignment with the target image after the transformations.
The three transformed images, like the ones shown at the
bottom in Figure 5, are used for further comparison.

Area The area measures the number of pixels in the slices of
the figure along the axis. It captures the distribution of the
figure’s mass in that dimension. The area A along the vertical
and horizontal dimensions, Av and Ah, are as follows:
• 𝐴𝑣 (𝑦) = ∑𝑘𝑖=1 1, for k points ∈ {𝑎𝑖 |𝑌[𝑎𝑖 ] = 𝑦}
• 𝐴ℎ (𝑥) = ∑𝑘𝑖=1 1, for k points ∈ {𝑎𝑖 |𝑋[𝑎𝑖 ] = 𝑥}
Spread The spread measures how the standard deviation of
slices of the figure changes along the axis. It may correlate
with the area in many figures but can capture shapes that
expand outward against those with similar areas but
concentrate around the center. The spread S along the vertical
and horizontal dimensions, Sv and Sh, are as follows:
1

1

𝑘

𝑘

2

• 𝑆𝑣 (𝑦) = √ ∑𝑘𝑖=1 (𝑋[𝑎𝑖 ] − ∑𝑘𝑖=1 𝑋[𝑎𝑖 ]) ,
for k points ∈ {𝑎𝑖 |𝑌[𝑎𝑖 ] = 𝑦}
1

1

𝑘

𝑘

2

• 𝑆ℎ (𝑥) = √ ∑𝑘𝑖=1 (𝑌[𝑎𝑖 ] − ∑𝑘𝑖=1 𝑌[𝑎𝑖 ]) ,
for k points ∈ {𝑎𝑖 |𝑋[𝑎𝑖 ] = 𝑥}

Reasoning with Base Features
The absolute differences in the base features between the
choice and target images capture their dissimilarity. Figure 6
shows an example of feature extraction and the calculation of
the difference in the horizontal dimension. Our model also
performs a similar extraction and computation in the vertical
dimension. For each base feature, the difference is the sum in
the vertical and horizontal dimensions.

Feature Extraction
Understanding geometrical concepts may require multiple
priors ranging from simple geometrical tasks of scaling and
rotating the objects to extracting topological features
indicating object containment inside or outside of a
perimeter. This paper aims to implement a model that is
limited to a set of only symmetry priors and evaluate its
ability to perform on the extended range of concepts as
described in the 2-AFC problems.
To test the dissimilarity between images, our model
considers three base symmetry features that represent the
basic statistical characteristics: center shift, area, and spread.
While one feature may correlate with other features on certain
geometrical concepts, each feature reflects different aspects
of the image space.
The computation of features is based on the set of points A
that belong to the geometrical figure in the transformed
images. In all equations below, X[a] and Y[a] denote the x
and y coordinates of point a, respectively.
Center Shift The center shift measures how the center of
slices of the figure shifts along the axis. Thus, it detects the
symmetry of the figure along the axis. The center shift C
along the vertical and horizontal dimensions, Cv and Ch, are:
1
• 𝐶𝑣 (𝑦) = ∑𝑘𝑖=1 𝑋[𝑎𝑖 ], for k points ∈ {𝑎𝑖 |𝑌[𝑎𝑖 ] = 𝑦}
• 𝐶ℎ (𝑥) =

𝑘
1

∑𝑘 𝑌[𝑎𝑖 ],
𝑘 𝑖=1

for k points ∈ {𝑎𝑖 |𝑋[𝑎𝑖 ] = 𝑥}

Figure 6: An example of three features in the horizontal
dimension. For each feature, the absolute difference
between the two images is visualized with overlayed curves
in the bottom row. The scale may vary for each plot. The
center shift shows the most difference, which captures the
dissimilarity in the embodied geometrical concept.

Reasoning with Self-Symmetry
Reasoning over geometrical concepts requires selecting from
a range of symmetry operations – reflection, rotation,

2382

translation, and scaling. Our base features, along with the
PCA transformation, account for variances of the same
geometrical objects induced by rotation or translation.
However, noisy attributes such as size variations or hollow
vs. solid textures may overwhelm the base features due to
their scale and intensity and weaken the geometrical
concept’s signal. To re-balance observed features and
amplify anomalies corresponding to the concept, we add selfsymmetry to the feature extraction phase that examines
differences between the object’s vertical and horizontal
dimensions. Figure 7 illustrates a concept of a circle’s center
that is relatively easy for a human to detect. Unlike the base
feature, self-symmetry can capture the off-center shift by
suppressing the size difference between figures and
amplifying the differences between dimensions within an
image. Self-symmetry highlights attributes that violate
rotation invariant properties of symmetry operations.

summarized in Table 1. The four-feature mixed combination
achieves the highest overall accuracy at 84.7%, slightly better
than the average human accuracy. The mixed combination
with both base features and self-symmetry features tends to
have better performance since the two variants complement
each other. The two-feature mixed combination outperforms
any subset of only base features or self-symmetry ones.
Table 1: The overall category-wise accuracy for the top base
feature and the best combinations of two and four features.
Model Accuracy by Category
Category

Center Shift (Base)

Center Shift (Base),
Spread (Self-Symmetry)

Center Shift (Base),
Center Shift, Area, Spread
(Self-Symmetry)

Symmetrical figures
Chiral figures
Euclidean geometry
Geometrical figures
Geometrical transformations
Metric properties
Topology

90%
100%
88%
63%
73%
90%
55%
78.4%

85%
100%
87%
83%
75%
90%
58%
82.8%

87%
100%
87%
86%
78%
91%
64%
84.7%

Overall Accuracy

The category-wise and concept-wise comparisons between
the model’s performance and the average human accuracy
adapted from Marupudi & Varma’s experiment (2021) are
shown in Table 2 and Table 3, respectively. The concept-wise
comparisons (Table 3) only include the four-feature model.
Table 2: The category-wise differences and standard
deviations (STD) between the model and human accuracy
that are sorted ascendingly by the four-feature model’s STD.
The difference data bar is centered at zero, and a positive
difference means higher accuracy for the model. Human
data is adapted from Marupudi & Varma (2021).
Comparison of Model Accuracy with Human Accuracy by Category
Center Shift (Base)

Symmetrical
figures

82.0%

8.0%

8.7%

3.0%

9.9%

4.7%

11.2%

Chiral figures

96.2%

18.0%

14.1%

18.0%

14.1%

18.0%

14.1%

91.2%

-8.0%

12.9%

-9.3%

14.4%

-9.3%

14.8%

71.4%

-28.4%

27.2%

-7.9%

17.5%

-5.7%

14.9%

76.3%

1.1%

16.9%

3.6%

16.1%

6.8%

16.0%

82.0%

13.7%

16.8%

13.7%

17.9%

14.4%

16.7%

-27.2%

22.2%

-24.7%

28.2%

-18.5%

26.7%

Euclidean
geometry
Geometrical
figures
Geometrical
transformations
Metric
properties
Topology

82.2%

Overall Difference/STD

Choice Selection
For each choice image, our model sums its differences from
the target image for a selection of the base and self-symmetry
features. The model selects the choice with a less overall
difference as the answer.

Results
The results for one base feature and the best combinations
with two and four features in all seven categories are

Center Shift (Base),
Center Shift, Area, Spread
(Self-Symmetry)

Human
Accuracy

Difference

Figure 7: An example of the self-symmetry of the area
feature. In the first two rows, the difference between the
first two columns gives the self-symmetry. The third row in
all three columns is the visualization that overlays the first
two rows and highlights the difference. The fourth row is
the corresponding curve for the difference. The scale may
vary for each plot. Self-symmetry captures the off-center
shift as two spikes in the middle of the bottom right plot.

Center Shift (Base),
Spread (Self-Symmetry)

Category

-5.3%

STD

20.0%

Difference

-0.9%

STD

18.4%

Difference

1.0%

STD

17.3%

The significantly better-than-chance accuracy for our
symmetry-based model on the 2-AFC test indicates that it
captures elements of intuitive geometry. However, the
performance varies from category to category, surpassing
average human accuracy by a considerable margin in chiral
figures and metric properties while falling behind in
topology. In general, our model performs better for the
geometrical concepts with stronger visual similarity. For
instance, the geometrical figures for metric properties share
similar shapes and sizes even if arranged in random
orientations. The same applies to the chiral figures.
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Conversely, our model has the lowest accuracy in topology
since the figures may have arbitrarily different shapes.
Overall, the comparison of the performance of our fourfeature symmetry-based model with human performance
shown in Table 2, seems to indicate fair match for six of the
seven categories in the 2-AFC test (symmetrical figures,
chiral figures, Euclidean geometry, geometrical figures,
geometrical transformations, and metric properties), with the
seventh category of topology being the exception. Table 3
provides a more detailed comparison of our model’s accuracy
and human accuracy on each problem within the different
categories.
Table 3: The concept accuracy difference between the best
four-feature model and the human average. Categories are
ordered by ascending STD, with concepts within a category
ordered by descending difference. The difference data bar is
produced similarly to that in Table 2. The trial concept
numbers are the same as in Deheane et al. (2006) and the
human data are adapted from Marupudi & Varma (2021).
Comparison of Model Accuracy with Human Accuracy by Geometrical Concept
Concept
Concept Category
Geometrical Concepts
Number
28
Vertical axis
Symmetrical
30
Oblique axis
figures
29
Horizontal axis
44
Oblique axis
38
Oblique axis
Chiral figures
42
Vertical axis
41
Vertical axis
14
Right angle
11
Alignment of points in lines
10
Straight line
Euclidean
15
Right angle
geometry
7
Alignment of points in lines
8
Curve
40
Secant lines
37
Parallel lines
23
Square
9
Convex shape
26
Trapezoid
17
Circle
Geometrical
20
Equilateral triangle
figures
24
Rectangle
25
Parallelogram
12
Quadilateral
13
Rightangled triangle
33
Horizontal symmetry
34
Rotation
35
Oblique symmetry
Geometrical
36
Homothecy (fixed orientation)
transformations
39
Homothecy (fixed size)
27
Vertical symmetry
31
Translation
32
Point symmetry
22
Center of quadilateral
19
Middle of segment
45
Increasing distance
Metric properties
21
Fixed proportion
18
Center of circle
16
Distance
43
Equidistance
6
Connectedness
5
Closure
Topology
4
Inside
3
Holes

Human Accuracy
85.8%
87.5%
72.7%
65.5%
71.6%
94.3%
96.6%
94.3%
94.9%
96.0%
97.7%
98.3%
96.0%
93.2%
98.9%
85.2%
93.8%
89.2%
96.6%
97.2%
94.3%
88.6%
94.9%
81.3%
62.5%
48.3%
76.7%
74.4%
71.0%
73.1%
81.3%
83.5%
47.7%
68.2%
74.4%
72.7%
90.3%
96.6%
84.1%
81.3%
81.3%
97.7%
68.8%

Accuracy Difference
14.2%
2.5%
-2.7%
34.5%
28.4%
5.7%
3.4%
5.7%
5.1%
4.0%
2.3%
1.7%
-11.0%
-38.2%
-43.9%
14.8%
6.3%
5.8%
3.4%
2.8%
-4.3%
-18.6%
-19.9%
-41.3%
37.5%
36.7%
23.3%
10.6%
9.0%
-3.1%
-16.3%
-43.5%
37.3%
31.8%
25.6%
17.3%
9.7%
3.4%
-24.1%
18.8%
3.8%
-47.7%
-48.8%

Discussion and Conclusions
Recently research in cognitive science has advanced several
cognitive models of geometric intelligence, especially for
geometric problems manifested on tests of general human
intelligence. The various models make different assumptions

about prior knowledge. Studies in cognitive science, such as
Dehaene et al. 2006, have conjectured that some geometric
knowledge may be innate (the result of biological evolution)
or intuitive (part of unconscious automatic cognition).
However, it has been unclear what this exactly means for
various models of geometric intelligence. Marupudi &
Varma’s 2-AFC test of geometric intelligence provides a
clearer test. As they have argued, it appears to rule out
induction or generalization as a plausible model because the
test offers only one input figure and generalization requires
multiple figures.
In this paper, we described the use of a symmetry model
for the 2-AFC test of geometric intelligence. Earlier,
Sheghava & Goel had shown the usefulness of the symmetry
model for addressing problems on the RPM and the CG tests.
We found that the overall performance of the symmetry
model on the 2-AFC test of geometric intelligence is
comparable to that of humans for six of the seven categories
of problems in Marupudi & Varma’s study.
Measured through the limited set of 2-AFC trials generated
from Dehaene’s CG test, our symmetry-based model with the
best feature combination achieves a slightly higher overall
accuracy than the average human. At the same time, there are
a few noticeable concepts where the symmetry model has far
lower accuracy, such as the right-angled triangle, point
symmetry, and two topological concepts.
Our symmetry model raises a few interesting and
complementary hypotheses for further exploration. First,
human cognition in general may use multiple representations
and reasoning strategies, including both symmetry and
generalization. For the RPM and CG tests, both reasoning
strategies may be available and applicable. Second, while
problems on the RPM and CG tests may superficially appear
to be instances of visual analogies, symmetry may offer a
deeper explanation as it better generalizes to the 2-AFC test.
Third, symmetry might be part of the geometric knowledge
that Dehaene et al. (2006) consider being intuitive. Symmetry
has the advantage of making minimal assumptions about
prior knowledge as it assumes no knowledge about geometric
concepts such as a circle or parallel lines: symmetry itself is
the intuitive knowledge.
Future work on the symmetry model itself may explore
multiple issues. The realization that symmetry captures
intuitive information about geometrical shapes and their
transformations allows for formulating representations that
can apply to various visual perception tasks and possibly
generalizing them into more complex shapes and
relationships. In addition, the critical aspect of realigning
images using the PCA technique provides a foundation for an
attention mechanism that reduces ambiguity in the presence
of noise features, such as scaling, random axes, and spatial
positions. Additional research on the nuances of the PCAbased algorithm to self-adjust to the type and the complexity
of the problem can benefit in multiple directions, for
example, pattern detection in a sequence of images,
reconstruction of geometrical operations, or geometry
concept enhancement through irrelevant feature reduction.

2384

Acknowledgments
Much of this work was done when all three authors were with
Georgia Tech’s Design & Intelligence Laboratory;
Wangcheng Xu is now a Ph.D. student at Northwestern
University. We are very grateful to Sashank Varma and Vijay
Marupudi for sharing their work, results, and unpublished
manuscript with us. This work has also benefited from many
discussions with Keith McGreggor.

References
Bringsjord, S. (2011). Psychometric artificial intelligence.
Journal of Experimental & Theoretical Artificial
Intelligence, 23(3):271–277, 2011.
Carpenter, P., Just, M., & Shell, P. (1990). What one
intelligence test measures: a theoretical account of the
processing in the raven progressive matrices test.
Psychological review, 97(3):404.
Dastani, M., & Indurkhya, B. (2001). Modeling context effect
in perceptual domains. Paper presented at the 3rd
International and Interdisciplinary Conference on
Modeling and Using Context.
Dehaene, S., Izard, V., Pica, P., & Spelke, E. (2006). Core
knowledge of geometry in an Amazonian indigene group.
Science, 311(5759):381–384, 2006.
Evans, T. (1969). A program for the solution of a class of
geometric-analogy intelligence-test questions. In M.
Minsky (Ed.), Semantic information processing (pp. 271353): MIT Press.
Izard, V., Pica, P., Spelke, E., & Dehaene, S. (2011). Flexible
intuitions of Euclidean geometry in an Amazonian
indigene group. In Procs. National Academy of Sciences,
108 (24), 9782–978.
Kahneman, D. (2011). Thinking, fast and slow. New York,
NY: Farrar, Straus and Giroux.
Kosslyn, S., W., Thompson, & G. Ganis (2006). The Case for
Mental Imagery. Oxford University Press.
Kunda, M., McGreggor, K., & Goel, A. (2013). A
computational model for solving problems from the
raven’s progressive matrices intelligence test using iconic
visual representations. Cognitive Systems Research,
22:47–66, 2013.
Kunda, M., & Goel, A. (2011). Thinking in pictures as a
cognitive account of autism. Journal of Autism and
Developmental Disorders, 41: 1157–1177.
Leyton, M. (2001). A generative theory of shape, volume
2145. Springer.
Liu, Y., Hel-Or, H., Kaplan, C., & Gool., L. (2010).
Computational Symmetry in Computer Vision and
Computer Graphics. Foundations and Trends in Computer
Graphics and Vision, 5, 1-195.
Lovett, A., & Forbus, K. (2011). Cultural commonalities and
differences in spatial problem-solving: A computational
analysis. Cognition, 121(2):281–287.
Lovett, A., Lockwood, K., & Forbus, K. (2008). Modeling
cross-cultural performance on the visual oddity task. In
International Conference on Spatial Cognition, pages 378–
393. Springer.

Marupudi, V., & Varma., S. (2020). Intuitive understanding
of geometric and topological concepts. Poster presented
virtually at the 61st Annual Meeting of the Psychonomic
Society.
Marupudi, V., & Varma., S. (2021). Intuitiveness of
Geometric Concepts. Unpublished draft of manuscript;
submitted for journal publication.
McGreggor, K., & Goel, A. (2013). Fractal Representations
and Core Geometry, Second Annual Conference on
Advances in Cognitive Systems, 3-20.
McGreggor, K., Kunda, M., & Goel., A. (2014) Fractals and
Ravens. Artificial Intelligence, 215:1–23, 2014.
Raven, J., Raven, J., & Court, J. (1998). Raven Manual
Section 3: Standard Progressive Matrices. Oxford
University Press.
Santoro, A., Raposo, D., Barrett, D., Malinowski, M.,
Pascanu, R., Battaglia, P., & Lillicrap, T. (2017). A simple
neural network module for relational reasoning. In
Advances in neural information processing systems, pp.
4967–4976.
Santoro, A., Hill, F., Barrett, D., Morcos, A., & Lillicrap, T.
(2018). Measuring abstract reasoning in neural networks.
In Procs. International Conference on Machine Learning,
pp. 4477–4486.
Schwering, A., Krumnack, U., Kühnberger, K., & Gust, H.
(2007). Using Gestalt principles to compute analogies of
geometric figures. In Procs. 19th Meeting of the Cognitive
Science Society.
Shegheva, S., & Goel, A. (2018). The structural affinity
method for solving the Raven’s Progressive Matrices test
for intelligence. In Procs. AAAI Conference on Artificial
Intelligence, volume 32.
Shegheva, S., & Goel, A. (2021). The role of symmetry in
core geometry. In Procs. Spatial Cognition, Riga, Latvia,
August 2021.
Stanovich, K., & West., R. (2000). Individual difference in
reasoning: implications for the rationality debate?
Behavioral and Brain Sciences. 23 (5): 645–726.
Wagemans, J., Elder, J., Kubovy, M., Palmer, S., Peterson,
M., Singh, M. & von der Heydt, R. (2012). A century of
gestalt psychology in visual perception: I. perceptual
grouping and figure–ground organization. Psychological
bulletin, 138(6):1172.
Wertheimer, M. (1945). Productive Thinking. Harper &
Brothers.
Zhang, C., Gao, F., Jia, B., Zhu, Y. & Zhu, S. (2019a). Raven:
A dataset for relational and analogical visual reasoning.
2019 IEEE/CVF Conference on Computer Vision and
Pattern Recognition (CVPR), 5312-5322.
Zhang, C., Jia, B., Gao, F., Zhu, Y., Lu, H. & Zhu, S. (2019b).
Learning perceptual inference by contrasting. In Advances
in Neural Information Processing Systems, pages 1075–
1087.

2385

Metonymy as a Universal Cognitive Phenomenon:
Evidence from Multilingual Lexicons
Temuulen Khishigsuren (kh.temulen@gmail.com)
National University of Mongolia, Ulaanbaatar, Mongolia
Gábor Bella (gabor.bella@unitn.it)
University of Trento, Trento, Italy
Thomas Brochhagen (thomas.brochhagen@upf.edu)
Universitat Pompeu Fabra, Barcelona, Spain
Daariimaa Marav (daariimaa@num.edu.mn)
National University of Mongolia, Ulaanbaatar, Mongolia
Fausto Giunchiglia (fausto.giunchiglia@unitn.it)
University of Trento, Trento, Italy
Khuyagbaatar Batsuren (khuyagbaatar@num.edu.mn)
National University of Mongolia, Ulaanbaatar, Mongolia
Abstract

highly accessible and comprehended by humans automatically (Barcelona et al., 2003; Brdar & Brdar-Szabó, 2003;
Croft, 2002a; Gibbs, Gibbs, & Gibbs, 1994; Kövecses &
Radden, 1998; Lakoff & Johnson, 2008; Panther & Radden, 1999). Some researchers even claim that metonymy is
grounded in a basic cognitive tendency that children can acquire without prior experience (Papafragou, 1996). Recent
psycho- and neurolinguistic evidence supports these claims.
Several studies report that no additional processing cost is
required for comprehending systematic metonymy, and late
positivity (pragmatic adjustment) is observed only in the processing of circumstantial metonymy (Frisson & Pickering,
2007; Piñango et al., 2017; Weiland, Bambini, & Schumacher, 2014). Recent work further shows that prior experience of particular exemplars is not necessary for children to
learn at least one kind of systematic metonymy: PRODUCER
FOR PRODUCT as in ‘I read Shakespeare’ (Zhu, 2021).

Metonymy is regarded as a universally shared cognitive phenomenon; as such, humans are taken to effortlessly produce
and comprehend metonymic senses. However, experimental
studies on metonymy have been focused on Western societies,
and the linguistic data backing up claims of universality has not
been large enough to provide conclusive evidence. We introduce a large-scale analysis of metonymy based on a lexical corpus of 20 thousand metonymy instances from 189 languages
and 69 genera. No prior study, to our knowledge, is based on
linguistic coverage as broad as ours. Drawing on corpus and
statistical analysis, evidence of universality is found at three
levels: systematic metonymy in general, particular metonymy
patterns, and specific metonymy concepts. These findings imply that a shared conceptual structure for these patterns and
concepts holds across societies.
Keywords: metonymy; lexical semantics; universals; multilingual lexical resources; conceptual structure

Introduction
Metonymy was considered a figure of speech where one
meaning of a word serves as a reference for another meaning of the same word. In the sentence ‘The chicken was
tasty,’ the animal sense of chicken refers to the meat sense.
Since the emergence of the theory of conceptual mappings,
however, metonymy is more commonly deemed a cognitive
phenomenon rather than a mere linguistic expression (Lakoff
& Johnson, 2008). Some metonymies appear to be nonarbitrary and show a certain level of systematicity, which has
been described as metonymic patterns, such as in the preceding example ANIMAL FOR MEAT: we can say ‘The lamb
was tasty,’ ‘The fish was tasty,’ ‘The turkey was tasty,’ and
so forth. In contrast, Nunberg (1995)’s famous example of
‘The ham sandwich is at table 7’ highlights a different kind
of metonymy, often called ‘circumstantial,’ that is only understandable within a restricted range of situations. Unlike circumstantial metonymies, systematic metonymies are highly
conventionalized and registered in lexicons.
A common theoretical stance on the first, systematic
kind of metonymy posits that it is a universal cognitive
phenomenon; hence metonymic senses are taken to be

However, these experimental studies were conducted in
Western societies, which leaves the question whether these
results generalize to non-Western cultures unresolved. One
way to avoid this bias in experimental paradigms is to explore cross-linguistic evidence (Youn et al., 2016; J. Jackson, Watts, List, Drabble, & Lindquist, 2020). However, past
cross-linguistic surveys on metonymy have also been limited to a small number of oft-studied languages (Barcelona
et al., 2003; Janda, 2011; Panther & Thornburg, 1999;
Ruiz de Mendoza Ibáñez & Pérez Hernández, 2003; Sweep,
2012; Zhang, Speelman, & Geeraerts, 2015). An important reason for this limitation is that current methodologies in cross-linguistic semantic analysis require serious involvement of language experts (Brdar-Szabó & Brdar, 2003a,
2003b, 2012) or native speakers (Kamei & Wakao, 1992;
Slabakova, Cabrelli Amaro, & Kang, 2013; Srinivasan &
Rabagliati, 2015), or that they are simply not suitable for
metonymy studies; e.g., elicitation techniques (KoptjevskajaTamm, Rakhilina, & Vanhove, 2015).
On the other hand, the recent trend of exploiting digitally available lexical resources makes large-scale semantic
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Figure 1: The Universal Knowledge Core (UKC) structure.
studies feasible; e.g., the study of the emotion domain in
2,474 languages (J. C. Jackson et al., 2019), concepts from
22 semantic domains over 246 languages (Xu, Duong, Malt,
Jiang, & Srinivasan, 2020), or the areal typology of colexification patterns across 4,664 languages (Gast & KoptjevskajaTamm, 2018). This method is especially suitable for systematic metonymy, as it is lexically encoded. Building on
these efforts, we here used lexico-semantic content of highquality multilingual lexical databases to build a large-scale
metonymy corpus that covers 26 metonymy patterns and
20 thousand metonymy instances (word pairs) in 189 languages, belonging to 69 genera. This new, freely available,
online corpus of metonymy examples categorized by patterns
is also reusable for future studies.
Due to their broad linguistic coverage, our results considerably strengthen the claim that metonymy is a universal cognitive phenomenon. What is more, they further suggest a particularly strong universality for specific metonymy patterns,
e.g., FRUIT FOR PLANT and PLANT FOR FOOD. Yet, even
rarer universal patterns are attested across diverse languages
from different parts of the world. Finally, on the conceptual
level, many concepts appearing in universal patterns turn out
to be universal themselves.
In what follows, we start by describing our method to extract our metonymy corpus from a database. Subsequently,
we present our results of the metonymy corpus and of the statistical analysis applied on it. Finally, we provide a general
discussion.

Methods
Computational account of metonymy Building a large multilingual corpus of metonymies in an efficient, partially automated manner necessitates that metonymy can be described
at a level of formality that a computer can successfully exploit in search for metonymies over a given textual database.
In order to find such formal criteria, we start by the most
basic definitions already announced in the first sentence of
our introduction: a figure of speech where one meaning of a
word serves as a reference for another meaning of the same
word. In other terms, we need to identify words having mul-

tiple meanings where one meaning ‘refers’ to another. Such
references are understood to be systematic: the existing literature on metonymy (Copestake & Briscoe, 1995; Kövecses
& Radden, 1998; Klein & Murphy, 2002; Peirsman & Geeraerts, 2006; Lakoff & Johnson, 2008; Dölling, 2020) agrees
on metonymy patterns being a useful typological device to
characterise this systematicity. Metonymy patterns follow the
structure of target for vehicle, such as ANIMAL FOR MEAT or
BODY PART FOR PERSON , where both target and vehicle are
understood to be categories or domains to which the meanings of the word belong.
Thus, the English word guard instantiates the ACTION FOR
AGENT metonymy pattern through its polysemous senses person keeping watch (as a noun) and to keep watch over (as
a verb) (see Figure 1). However, many researchers argue
that the generation of similar meaning pairs through morphological alternation should also be considered as cases
of metonymy, on the basis that the same underlying cognitive principles are being applied (Copestake & Briscoe,
1995; Brdar-Szabó & Brdar, 2003b; Janda, 2011). In French,
for instance, the first sense is lexicalized as garde and the
second one as garder (garde + -er). We will refer to the
first, polysemy-based, kind of metonymy as lexical metonymy
and to the second, derivation-based, kind as morphological
metonymy.1
Database used in the study Among the various kinds of
resources—databases, dictionaries, corpora—that were available to us, multilingual lexical databases respond best to the
criteria detailed above, namely: the explicit representation
of words, their meanings, and their domains in multiple languages, as well as the presence of a cross-lingual alignment
of meanings and domains. Our database of choice is the Universal Knowledge Core (UKC)2 (Giunchiglia, Batsuren, &
Bella, 2017), due to its wide linguistic, lexical, and conceptual coverage (120 thousand word meanings, 2 million words
in 1,127 languages). The UKC has been used in several stud1 According to François (2008), lexical metonymy is a ‘strict
colexification’ while morphological metonymy is a ‘loose colexification.’
2 http://ukc.datascientia.eu/
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ies in computational linguistics and lexical semantics, such as
the computation of cognates (Batsuren, Bella, & Giunchiglia,
2019, 2021a) and multilingual morphology (Batsuren, Bella,
& Giunchiglia, 2021b).
Metonymy corpus extraction Metonymy patterns are
straightforward to model through the three-layered domain–
concept–lexicon architecture of the UKC (Figure 1). The
concept layer represents supra-lingual meanings as a hierarchy of concepts based on the standard lexicographic broader–
narrower (hypernym–hyponym) relationship. The domain
layer of the UKC provides a simple semantic categorization
of concepts into domains such as Animal. The lexical layer,
finally, consists of a separate lexicon for each language, each
one lexicalizing the supra-lingual concept layer. The French
word poulet and the English word chicken both have two
meanings, connected to the corresponding supra-lingual concepts. Due to the presence of such instances, we consider that
these concept pairs are metonymically related.
The extraction process consisted of three steps:
1) Pattern mapping and selection: from the metonymy patterns mentioned in the literature, an expert-driven selection
of a subset for which the UKC provides data;
2) Concept pair selection: automatic extraction and expert
validation of metonymically related concept pairs;
3) Metonymy instance extraction: based on the definitive set
of metonymically related concept pairs, automated extraction
of lexicalizations for all languages in the database.

Pattern Mapping and Selection
The mapping of metonymy patterns was a manual process
that consisted of: (a) understanding the meaning of categories
inside metonymy patterns found in the literature; and (b) the
formalization of these categories by mapping them to one
or more existing database domains. For the understanding
of categories, our starting point was a set of about a hundred metonymy patterns found in the literature from the last
25 years (Copestake & Briscoe, 1995; Dölling, 2020; Klein
& Murphy, 2002; Kövecses & Radden, 1998; Lakoff & Johnson, 2008; Peirsman & Geeraerts, 2006). These metonymy
patterns refer to 65 semantic categories in total; however, the
same category is often interpreted differently according to
the pattern, and different categories can overlap significantly.
Thus, EVENT in EVENT FOR PEOPLE specifically denotes social events while in PLACE FOR EVENT it may also involve
physical events such as an explosion (Tchernobyl).
The domain layer of the UKC categorizes concepts into
45 domains. The mapping between categories from the literature and UKC domains required the creation of new domains,
sometimes by splitting apart or fusing existing ones. For example, POSSESSOR and AGENT were mapped to the domain
Person. The category CAUSE was mapped to two domains
corresponding to animate and inanimate causes: Person and
Stimulus. The result of this formalization was a shortlist of
26 patterns successfully mapped to UKC domains, as shown
in Table 1.

Concept Pair Selection
The next step towards the extraction of metonymic lexicalizations is the identification of metonymically related concepts,
e.g. domestic fowl and flesh of a chicken as shown in Figure 1.
Based on the UKC domains identified for each metonymy
pattern, the retrieval of potentially related candidate concept
pairs can be automated. We considered a concept pair c1 , c2 as
a candidate for metonymic relatedness if both of the following criteria are fulfilled: (a) the concept pair instantiates one
of the patterns listed in Table 1, i.e. c1 ∈ dv and c2 ∈ dt such
that the domains (dv , dt ) form a metonymy pattern; (b) c1 and
c2 have colexifications in at least one language.
Using this algorithm, we automatically extracted over
51 thousand candidate concept pairs. The fact that the
UKC is based on Princeton WordNet (Miller, Beckwith, Fellbaum, Gross, & Miller, 1990), which consists of some lowfrequency subtle senses, results in a high number of candidate
concept pairs. For instance, there are 32 different senses of
the verb fall resulting in 32 candidate pairs. But only one is
an instance of ACTION FOR TIME pattern. Similarly, out of 16
different senses of the verb dress, only three are metonymic
extensions of the noun dress ‘a clothing.’ Meanings such as
‘to dress a cake,’ ‘to dress a window,’ and ‘to dress hair’ appear to be metaphors.
In order to filter the candidates to retain only metonymic
relationships, two linguists who are the authors of the paper
manually annotated them. They started by becoming familiar
with the metonymy patterns through illustrative examples in
English. Then, they were provided with the extracted data for
each pattern from the previous step. The data contains information on concepts defined by gloss description, approximate
English words, and language-specific examples. Based on
this information, the linguists were asked the following question: ‘Do you consider the concepts c1 and c2 metonymically
related?’, having to provide a yes/no answer.

Metonymy Instance Extraction
Our linguists annotated over 4,900 concept pairs with
metonymic relatedness within a two-month period. After the annotation process, we automatically extracted the
corresponding lexicalizations for all languages in the UKC
database. If, for example, experts annotated the following two
concepts as metonymically related: person keeping watch and
to keep watch over, then the corresponding lexicalizations
such as the English guard and the French garde–garder were
automatically extracted from the database (Figure 1). Next,
we present the results of this metonymy extraction process.

Analysis of Results
Table 1 reports the statistics of the metonymy corpus3 extracted semi-automatically from the database. Overall, 4,951
concept pairs were annotated as metonymically related, and
the corresponding 20,095 metonymy instances were retrieved
3 The metonymy corpus is freely accessible as a stand-alone resource at https://github.com/kbatsuren/UniMet.
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Table 1: Metonymy corpus statistics
Metonymy pattern

Abbrev.

Illustrative example

Substance for Artifact
Fruit for Plant
Instrument for Action
Community for Place
Plant for Food
Animal for Meat
Action for Result
Object for Action
Substance for Action
Emotion for Cause
State for Causal agent
Food for Action
Building for People
Possessed for Possessor
Agent for Action
Product for Content
Body part for Person
Action for Food
Animal for Fur
Container for Contained
Event for People
Action for Object
Action for Agent
Time for Action
Food for Event
Action for Time

SubArt
He filled the glass with water.
FruPla
The gardener watered the lemon.
InsAct
She combed her hair.
ComPla
He traveled to the country.
PlaFoo
Broccoli is delicious.
AniMea The chicken is tasty.
ActRes
My thumb has a deep cut.
ObjAct
They are well dressed.
SubAct
I milked cows by hand.
EmoCas You are my joy.
StaAge
He was a success.
FooAct
They had breakfasted so early.
BuiPeo
Church sang a song.
PosPos
She married power.
AgeAct
The sheep will be butchered.
ProCon
The book is interesting.
BodPer
I saw many new faces today.
ActFoo
They provided a drink at the party.
AniFur
She likes to wear mink.
ConCon He drank half of the bottle.
EvePeo
Party went crazy.
ActObj
A lift fell to the bottom of its shaft.
ActAge
You may be a help later.
TimAct
We honeymooned in Bali.
FooEve
Dinner took longer than usual.
ActTim
My shift is over this morning.
Total

in 189 languages from the database. However, the number of
languages in itself is not a reliable metric of universality, for
two reasons. First, the majority of the thousand lexicons in
our source database are very small (50% of them have less
than 30 words). They thus provide few metonymy instances
or none at all (we examine this effect in the next section). Second, a set of unrelated languages is much more representative of universality than a set of closely related ones (e.g. Romance languages).
For this reason, following studies on universals (Croft,
2002b), we examined how many phylogenetically different
languages attest metonymy in general and metonymy patterns
in particular. Thus, we computed statistics on the number of
languages, families, and genera, that we provide in Table 1.
We found evidence of metonymy in 189 languages belonging
to 34 different families (phyla) and 69 genera. These languages are also geographically stratified (Figure 2). To the
best of our knowledge, these results provide the widest linguistic coverage so far on metonymy (the broadest prior study
we are aware of is by Hilpert (2007) that reported 39 phylogenetically different languages using eye to refer to vision).
Out of 20 thousand metonymy instances, we found 9,519
lexical and 10,576 morphological metonymies. As shown in
Table 1, all ACTION patterns tend to be expressed by morphological metonymy rather than lexical metonymy, as nounverb and verb-noun conversions often involve morphological
alternations in many languages. Other patterns except for AN IMAL FOR FUR prefer lexical over morphological metonymy.
We identified 62 languages, 15 families, and 27 genera on
average per pattern. Although some patterns were identified

Met.
concepts
390
408
617
87
318
156
729
546
242
104
160
51
71
190
232
46
156
16
51
88
61
91
57
25
9
50
4,951

Met. instances
Lex.met Morph.met
1,076
699
1,934
1,396
490
1,593
503
232
1,244
295
413
333
416
1,143
398
1,255
177
765
305
100
407
238
51
159
248
136
379
334
158
497
293
253
204
238
22
68
133
138
278
183
166
91
67
86
31
176
14
94
87
45
25
29
9,519
10,576

Langs Fami
-lies
110
24
114
24
95
24
97
22
80
19
85
19
77
17
79
17
78
17
64
14
59
15
55
13
63
15
60
14
53
14
60
14
61
12
47
14
35
14
42
10
39
11
41
12
34
12
36
11
36
11
21
8
189
34

Gen
-era
46
43
40
38
34
33
32
31
31
28
27
27
26
26
26
25
25
22
20
19
18
17
17
17
17
14
69

Figure 2: The presence of metonymy in world’s languages
(the same colors indicate the same family).
in more languages than others, even the least widely covered patterns are attested across phylogenetically diverse languages from around the world. For example, the least diverse
pattern, ACTION FOR TIME, is still attested in 21 languages
from 14 genera and eight families from Africa, East Asia, the
Pacific, Europe, and the Middle East. This result suggests that
diverse societies use ACTION FOR TIME metonymies. Based
on the number of genera, the most universal pattern is SUB STANCE FOR ARTIFACT for which we found 110 languages
from 46 genera. FRUIT FOR PLANT and INSTRUMENT FOR
ACTION are also very widely attested patterns for each we
found 43 and 40 genera, respectively.
On the conceptual level, even specific concept pairs appear
to be universal: for instance, 49 languages from 22 genera use
the concept ‘pear’ to refer to its plant name either through lexical metonymy (31 languages from 15 genera; e.g., Russian
груша ‘pear’ and ‘pear tree’) or morphological metonymy
(29 languages from 16 genera; e.g., Catalan pera ‘pear’ and
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Figure 3: Marginal effect of lexical coverage on metonymy by pattern (blue line: mean effect, gray area: 95% credible intervals).
perera ‘pear tree’). The example of ‘chicken’ in the Introduction is exploited by 35 languages from 18 genera, while the
English examples of COMMUNITY FOR PLACE and INSTRU MENT FOR ACTION patterns in Table 1 are also attested in 69
and 39 other languages from 34 and 22 genera, respectively.
A close look at the corpus also reveals the existence of
language-specific metonymy instances. In Basque, for example, the word meaning ‘skin’ refers to a naked person as
an instantiation of BODY PART FOR PERSON, but it is used
to name a skinny person in Mongolian. The word meaning
‘foot’ can mean a disliked woman in Dutch but someone obedient in Malay. By contrast, it refers to a surveillance team
member in English. These results reflect different cultural
preferences over the same body part term.
In conclusion, we found evidence of universality not only
for systematic metonymy in general but also for selected
metonymy patterns as well as specific metonymy concepts.
These findings imply that there is a shared conceptual structure for at least these particular patterns and concepts across
diverse societies. On the concept level, we also explored
language-specific idiosyncrasies.

erage of low-resourced languages increases, the number of
languages attesting metonymy will also increase. In order to
verify this hypothesis more deeply, we performed a Bayesian
statistical analysis to evaluate the effect of lexical coverage
on metonymy.
All statistical analyses were conducted with R v4.1.2 (R
Core Team, 2021) and brms v2.16.1 (Bürkner, 2021) was
used to fit a Bayesian zero-inflated beta model. The zeroinflated beta model was appropriate for our data as we computed proportional measures that contain many zeros. Two
kinds of measures were computed on the metonymy corpus
and the database: metonymy coverage and lexical coverage.
We define metonymy coverage as follows:
MetCov(l, p) =

(1)

where Concepts(l, M p ) is the set of concepts covered by a
metynomy set M p in language l for the given pattern p, and
Concepts(p) denotes all concepts of the pattern p. We define
lexical coverage as follows:
LexCov(l, p) =

Lexical Coverage Effects
The UKC, our source database, consists of lexicons of widely
uneven sizes, from English containing over 100,000 words to
the incomplete lexicons of many endangered languages consisting of less than 10 words. In this section we examine the
effect of varying lexicon sizes on our results.
Among the 189 languages for which metonymies were
found, six provide 47% of all metonymy instances, while the
87 smallest lexicons (with less than a thousand words) account for only 1% of them. The lexicon size of a language
is highly correlated with the number of metonymy instances
found (r(189) = 0.88, p < 0.0001) and also with the number
of attested patterns (r(189) = 0.73, p < 0.0001). From these
results, it seems reasonable to expect that if the lexical cov-

|Concepts(l, M p )|
|Concepts(p)|

|Concepts(l, L p )|
|Concepts(p)|

(2)

where Concepts(l, L p ) is the set of concepts covered by a set
of lexicalizations L p in language l for the given pattern p, and
Concepts(p) denotes all concepts of the pattern p.
Metonymy coverage was predicted by lexical coverage as
a fixed effect. We added random intercepts and slopes for
metonymy patterns to allow variation across patterns. We included random intercepts and slopes for language families to
allow for genetic relatedness between languages. Metonymy
coverage is positively associated with lexical coverage (logit
coefficient = 5.68, 95% credible interval = [4.64, 6.80], probability of the effect > 0 = 100%). We can interpret this result as the probability of new lexicalizations being metonymy
instances. The population-level effect shows that at 100%
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coverage, for example, the probability of new lexicalizations
being metonymy is 81% on average, with credible intervals
between 62% and 94%. Therefore, the number of languages
(189) attesting metonymy is likely to increase if the lexical
coverage of low-resourced languages increases.
We illustrate the marginal effect by pattern in Figure 3. The
effect of lexical coverage on metonymy coverage varies with
each pattern. The effects are high for FRUIT FOR PLANT and
PLANT FOR FOOD with low uncertainty, further strengthening the universality for these patterns. Compared to these
two, high mean effects with slightly higher uncertainty were
observed in patterns such as FOOD FOR EVENT and OBJECT
FOR ACTION . Interestingly, FOOD FOR EVENT is one of the
least diverse patterns according to Table 1, but statistical analysis suggests otherwise, provided that the coverage increases.
We cannot provide conclusive evidence for most of the remaining patterns due to high uncertainty, although some patterns show higher mean effects (e.g., AgeAct) and some show
lower mean effects (e.g., ActTim).

Discussion
Metonymy is often claimed to be a universal cognitive phenomenon. However, heretofore this claim had not been
backed by sufficient empirical evidence. Here, we present
a new, large-scale multilingual analysis based on a lexical
corpus of over 20 thousand metonymy instances in 189 languages. We found that phylogenetically diverse languages
attest 26 metonymy patterns known from past literature. Although our analysis suggests a particularly strong universality
for patterns like FRUIT FOR PLANT, even the rarest universal
patterns are attested across diverse languages and communities. In the future, we plan to extend our study beyond the
selected 26 patterns. We also plan to recruit native speakers
to judge language-specific instances to further corroborate the
quality of our corpus.
The fact that many concepts that participate in universal patterns turn out to be universal themselves raises a
question for Srinivasan and Rabagliati (2015)’s conventionsconstrained-by-concepts model of polysemy. Their model assumes that polysemy patterns, including metonomy, should
be present across languages but that language-specific instantiations must vary substantially. Although this prediction
squares well with, e.g., the BODY PART FOR PERSON pattern in our data; others, e.g., FRUIT FOR PLANT were instead
found to have low cross-linguistic variation, with universally
attested concepts. Shedding further light on this apparent
conflict may be a promising venue for future research.
Under the Typological Prevalence Hypothesis (Gentner &
Bowerman, 2009), the universality of semantic categories is
closely related to the notion of naturalness in psychology.
Under this hypothesis, patterns that are more common across
languages, such as FRUIT FOR PLANT and PLANT FOR FOOD,
are more natural to people. Naturalness predicts frequency of
use and ease of acquisition. Consequently, more natural patterns are attested more often across languages. Srinivasan and

Rabagliati (2015) also found some patterns to be more natural than others according to native speaker judgments. In particular, while PLANT FOR FOOD was also found to be more
natural, SUBSTANCE FOR ACTION was judged to be less natural, contrary to our findings. This contradiction may be the
consequence of language coverage (15 vs 189) but it could
also be due to our inclusion of morphological metonymy. For
example, while they report that Hungarian speakers found
SUBSTANCE FOR ACTION unacceptable, we found plenty of
evidence for such morphological metonymy in Hungarian;
e.g. só ‘salt’ and sóz ‘to add salt.’
All in all, these findings suggest that considering loose
colexification (in our case, morphological metonymy) may
be crucial in the study of conceptual relations. We found, in
particular, that certain relations are predominantly expressed
by morphology rather than polysemy. While Janda (2011)
also reported similar results, previous work on conceptual
relations often overlooked loose colexifications. Xu et al.
(2020)’s study, for example, suggests that more related concepts tend to colexify more often across languages. However, this study only considered strict colexifications, and the
picture may change if loose metonomy is factored in. Ultimately, we believe that further research is necessary to investigate conceptual relations both in terms of strict and loose
colexifications; and to address the above contradictions. Once
lexical databases such as the UKC evolve towards a more balanced coverage of low-resourced languages, they will be able
to provide sufficient data covering both strict and loose colexifications to examine, e.g., which patterns are more natural.
In addition, we want to emphasize the importance of lexical
coverage measures in resource-based language studies such
as ours. To illustrate, a look at CLICS3 (Rzymski et al., 2020)
reveals that hand–arm is one of the most common colexifications, attested in 294 languages from 48 families. The lexical
coverage of these concepts is high, about two thousand words
each. A similar relation of physical contiguity is present in
the colexification of upper back–back. However, these concepts are colexified in only 29 languages from 13 families. A
driving factor for this difference might be that the concept upper back has only 60 lexicalizations. We accordingly believe
that formally laying out coverage metrics and factoring them
into analyses is necessary for cross-linguistic studies based
on (often inbalanced) digitally available resources.
Finally, we wish to draw attention to so far overlooked
questions in experimental paradigms. For instance, whether
there is a difference within systematic metonymies with respect to their processing and their ease of acquisition by children. Experimental studies have focused on differences between systematic and circumstantial metonymies (Piñango et
al., 2017). However, our findings, together with previous literature, hint at a plausible difference within the class of systematic ones. Examining this within-class variation may shed
light on underlying cognitive mechanisms, explaining why
some patterns are more natural than others and, more generally, what principles govern metonymic mappings.
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Abstract
The ability to perceptually “reweight” acoustic dimensions in
response to changes in distributional statistics is known as
dimension-based statistical learning (DBSL). However, it is
currently unknown whether DBSL imposes a cognitive load.
Older adults, who typically have age-related declines in
cognitive ability, may be sensitive to this load. We examined
young and older adults’ categorization of beer and pier sounds
when the statistical relationship between VOT and F0 was
consistent with that of American English, followed by a
condition in which those statistics were reversed. Listeners
made categorization decisions on each stimulus (Experiment
1), or after passive exposure to a string of stimuli (Experiment
2). In both experiments, younger and older participants
demonstrated DBSL following exposure to the reversed
statistics. Older adults tracked distributional statistics even
when learning required accumulation of statistics over 8 sec,
suggesting that rapid adaptation to regularities in speech input
is robust across differing perceptual loads.
Keywords: aging; speech perception; cognition; perceptual
learning; statistical learning; working memory

Introduction
Speech comprehension relies on an interplay of cognitive
and perceptual processes to sort out the complex mapping
from speech acoustics to linguistic representations. Talker
characteristics, noise, and even room acoustics can contribute
to speech acoustic variability, complicating the mapping.
How we map acoustic structure to speech categories despite
these challenges is the crux of the lack of invariance problem
(Liberman et al., 1967). A wealth of studies demonstrate that
one way speech perception accommodates systematic
variability is via rapid perceptual learning whereby
experiencing ambiguous acoustics in disambiguating
contexts, either through lexical support or patterns of acoustic
properties, leads to lasting adjustments in the mapping of
speech input to pre-lexical representations (Kraljic &
Samuel, 2005; Davis et al., 2005; Luthra et al., 2020; Idemaru
& Holt, 2011; Lehet & Holt, 2020).

For example, individuals can draw on lexical knowledge
to disambiguate a sound between /f/ and /s/ (e.g., peace is a
word while peef is not; Norris, McQueen, & Cutler, 2003).
Consistently experiencing an ambiguous /f/-/s/ sound in the
lexical context of “pea__” results in a lasting perceptual shift
such that the ambiguous sound is later heard more often as /s/
even in a lexically neutral (non-word) context. This lexically
guided perceptual learning has been observed across stops,
liquids, fricatives, and vowels (Kraljic & Samuel, 2006;
Sharenborg, Mitterer, &McQueen, 2011; Drouin, Theodore,
& Myers, 2016; McQueen & Mitterer, 2005).
Individuals can also take advantage of the covariance
among acoustic speech cues to categorize speech sounds in
an ever-changing listening environment. Speech sounds are
signaled by multiple acoustic dimensions, but dimensions are
not equally informative. For example, the sounds /b/ and /p/
are primarily distinguished by voice-onset-time (VOT) (/b/
has a shorter VOT and /p/ a longer VOT) but are also,
secondarily, signaled by fundamental frequency (F0) (/b/
with a lower F0 and /p/ with a higher F0). This secondary F0
dimension, while informative, is often relied upon to a lesser
degree. The primacy of VOT appears to reflect the long-term
regularities present in American English speech in the
assignment of a perceptual “weight”, or diagnosticity, to
acoustic speech dimensions.
When short-term input deviates from the long-term
VOTxF0 covariation typical of English, as happens in
accented speech, the perceptual weight of acoustic speech
dimensions adjusts. This perceptual “reweighting” can be
observed and quantified by exposing listeners to a
distribution of speech tokens, such as beer and pier, that
follow a standard English, or “canonical”, pattern of VOT
and F0 and then subsequently exposing them to a distribution
that flips this relationship, essentially introducing a reversed
artificial accent. It is possible to measure the impact of this
shift in short-term speech input on perceptual weights in the
two Exposure blocks by examining speech categorization
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across tokens for which one dimension is ambiguous and the
other varies. Interestingly, the perceptual weight of the
primary, VOT, dimension for beer – pier remains stable,
whereas F0 becomes a less diagnostic signal for speech
category identity in the reverse block. The mapping of
acoustics to speech categories rapidly adjusts to short-term
regularities in speech input. Like lexically guided perceptual
learning, this influence of short-term speech regularities,
coined dimension-based statistical learning (DBSL), has
been robustly observed across consonants and vowels
(Idemaru & Holt, 2011; 2014, Liu & Holt, 2015; Zhang, Wu
& Holt, 2021).

Age-Related Differences in Lexically Guided and
Acoustically Guided Perceptual Learning
The majority of studies investigating short-term adaptive
plasticity in speech perception have examined young, normal
hearing adults. However, age-related changes in cognitive
ability, such as declines in working memory, inhibitory
control, and processing speed, affect speech comprehension
in older adults (Hasher et al., 1991; Salthouse, 1994;
Salthouse & Meinz, 1995; McCabe et al., 2010).
Additionally, older adults exhibit greater levels of cognitive
effort with increases in speech comprehension task difficulty
and working memory load. Even when older adults
comprehend speech well enough to support daily
conversation, it may come at the cost of increased cognitive
effort, which can negatively impact other aspects of language
comprehension (Wingfield, 1996; Pichora-Fuller et al.,
2016). The increased effort associated with speech
processing also has been found to result in older adults
adapting a “good enough” approach to language
comprehension whereby they rely more on context and
plausibility, or world knowledge (Ferreira & Patson, 2007).
Although mild to moderate hearing loss, a common condition
among adults over 65 years, exacerbates the detrimental
effects of cognitive decline in language comprehension, even
older adults without hearing impairment demonstrate
increased reliance on heuristic-based strategies, suggesting
that changes in cognitive, rather than solely perceptual,
ability drive age-related differences (Amichetti, White, &
Wingfield, 2016).
Given these findings, age-related changes in cognition
might also yield group differences between normal-hearing
younger and older adults’ ability to engage perceptual
learning in pre-lexical linguistic processing. At present, very
few studies have investigated age-related differences in
perceptual learning. One study examined whether phonemic
category representations in older adults are more resistant to
change compared to those of younger adults (Scharenborg &
Janse, 2013). Consistent with this possibility, younger adults
showed greater lexically driven perceptual learning than
older adults. Yet, this single study cannot resolve whether
stronger, more stable category representations in older adults
drive the group difference, or if other possibilities – like less
efficient perceptual learning in older adults – drive the age
difference.

The Present Study: Age-Related Differences in
Acoustically Guided DBSL
Here, we examine whether older adults exhibit perceptual
learning driven by bottom-up regularities using DBSL and, if
so, whether their learning differs from that of younger adults.
Older adults, even those with no known hearing impairment,
may demonstrate reduced DBSL due to a general decrease in
reliance on the detailed acoustic properties conveying the
statistical information needed to resolve signal ambiguity and
robustly activate phonemic category representations.
Additionally, older adults may demonstrate more rigid or
stable category representations compared to younger adults,
leading to reduced down-weighting of the secondary
dimension (Scharenborg & Janse, 2013). In the present study,
we aimed to address whether, and to what degree, older adults
exhibit DBSL when the short-term statistical distributions in
speech sounds are presented across overt identification
decisions (Experiment 1) and passive exposure (Experiment
2).
In the DBSL paradigm, perceptual learning plays out prelexically; there is no semantic or lexical context to guide
interpretation of ambiguous phonemes. Cognitive load has
been shown to affect pre-lexical processing of phonemes in a
graded manner, suggesting that increased load reduces the
fidelity of acoustic processing (Mattys, Barden, & Samuel,
2014). If this is so, increasing cognitive load through working
memory demands may render DBSL less effective such that
changes in the VOT-F0 relationship are less salient. This
may result in a reduction of any subsequent reweighting.
Ambiguity in speech category membership, even over the
brief span of a single word, may induce a measurable burden
to working memory; the listener must resolve acoustic
ambiguity to make a categorization decision even as the
memory trace of the utterance fades. Even in statistical
learning, domain-general resources, such as working
memory, are thought to be recruited (Palmer & Mattys,
2016). In a DBSL paradigm, knowledge of the statistics
describing the relationships among acoustic dimensions build
over the course of a block as the listener hears speech tokens
that convey the canonical and reversed distributions. It is
possible that DBSL relieves working memory load over time
as perceptual weights adjust to short-term regularities to aid
the acoustic mapping. However, any effect of perceptual
learning on working memory is likely negligible in the usual
populations of younger adults, who typically do not have
cognitive deficits; testing the performance of older adults in
a DBSL paradigm could reveal whether adaption to changes
in speech statistics impacts working memory.
Experiment 1 follows the format of the traditional DBSL
paradigm in which the listener must make a category decision
after each stimulus, restricting the build-up of statistics to one
stimulus at a time before the listener must use the acquired
statistical knowledge to inform a behavioral decision.
Experiment 2 increases the amount of statistical information
the listener must take in before making a category decision
and forces the listener to accrue these statistics over a longer
time period. This is done by having participants passively
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listen to a string of Exposure stimuli conveying the short-term
VOTxF0 distribution and requiring a categorization response
only to a VOT- or F0-neutral stimulus at the end of the string.
We hypothesized that passive exposure would present an
even greater burden to working memory as statistical
information must be built up and maintained over a longer
duration. This increased burden may impact adjustments to
perceptual weights and therefore the magnitude of DBSL,
especially in older adults.

Experiment 1
Experiment 1 compares younger and older adults’
performance in an overt DBSL paradigm in which
participants make a forced-choice categorization decision
(beer or pier) after each stimulus. Unbeknownst to listeners,
the second half of the experiment introduces a subtle
“artificial accent” that flips the standard American English
VOTxF0 relationship. Test stimuli ambiguous along the VOT
dimension with a “high” vs. “low” F0 are used to evaluate
perceptual learning, with prior literature demonstrating that a
reversal in short-term speech regularities leads listeners to
down-weight reliance on F0 in beer-pier decisions (Idemaru
& Holt, 2011; 2014; 2020).
Participants A group of 30 younger adults (21 female; mean
age = 19.6, SD = 1.25 years) and a group of 31 older adults
(16 female; mean age = 65.5, SD = 4.12 years) completed
Experiment 1 online using a Chrome browser on a laptop or
desktop computer (no smartphone or tablet) with no
operating system restriction. All were native speakers of
American English with self-reported normal hearing
recruited through Prolific (www.prolific.sc) and tested using
the Gorilla Experiment Builder (www.gorilla.sc). Informed
consent was obtained for all participants in compliance with
a protocol approved by the Carnegie Mellon University
Institutional Review Board.
Stimuli Stimuli were identical to those used in Idemaru and
Holt (2011). Naturally spoken /bir/ and /pir/ sounds were
manipulated along a continuum of VOT and F0 using Praat
(Boersma & Weenik, 2010). VOT was manipulated in 10-ms
steps from 0 ms (most like /bir/) to 30 ms (most like /pir/),
and F0 was manipulated in 20-Hz steps from 200 Hz (most
like /bir/) to 320 Hz (most like /pir/). This created a 7x7 twodimensional acoustic space across VOT and F0 (Figure 1).
Design and Procedure Each participant completed a brief
headphone check and volume calibration before starting the
task to insure that each heard the same sounds at a clear and
comfortable volume (Milne et al., 2020). Upon passing the
check, participants categorized /bir/ and /pir/ sounds sampled
from the Figure 1 acoustic space across two blocks with
distinct short-term regularities across VOT and F0.
The first set of 10 blocks conveyed a short-term VOTxF0
regularity consistent with long-term norms of English
(Canonical condition). A second set of 10 blocks conveyed
an 'artificial accent' that reversed this correlation (Reverse

condition). Figure 1 shows gray squares illustrating the
Exposure stimuli conveying the regularity for each condition.
In each block, participants heard one repetition of each
Exposure stimulus and “test” stimulus - those with either a
high (300 Hz) or low (220) F0 value and an ambiguous VOT
value (15 ms) - in random order, for a total of 12 trials per
block. Participants categorized each sound as beer or pier by
clicking a box labeled with each word and were not made
aware of any other study details. A self-timed break was
offered every 60 trials. The 240 trials took about 25 minutes
to complete.
A linear mixed-effect regression model was performed in
R using lme4 (Bates et al., 2015) to examine the effects of
age group (default = young adults), condition (default =
Canonical), and test stimulus (default = Low F0), as well as
the interaction between those variables, on pier responses.
The repeated measures model additionally included a random
intercept effect of participant and random slope of block x
test stimulus to account for inter-subject differences.

Figure 1. Schematic of acoustic stimuli VOTxF0
distribution. Gray indicates Exposure stimuli. Test stimuli,
with ambiguous VOT and differing only in F0, are shown in
color. Control stimuli for Experiment 2 are shown with
dashed outlines.
Results and Discussion The top panel of Figure 2 shows the
results, with main effects of F0 test stimulus (High F0 or Low
F0; β = 75.0, SE = 5.01, p < 0.001) and condition (Canonical
or Reverse; β = 47.33, SE = 5.89, p < 0.001), as well as a
significant interaction between test stimulus and condition (β
= -75.33, SE = 8.15, p < 0.001). These results replicate the
finding that short-term input regularities affect perceptual
weighting, as is characteristic of DBSL. In the context of
Canonical speech distributions that mirror English,
participants use F0 to categorize beer-pier. Introduction of
the artificial accent leads to a rapid down-weighting of F0
such that it is much less effective in signaling category
identity.
The analysis also revealed a marginal main effect of age
group (β = 11.97, SE = 6.86, p = 0.086), likely due to the
greater percent of pier responses across conditions observed
in the older adults relative to younger adults. There was also
a three-way interaction between F0, condition, and age group
(β = 25.98, SE = 11.43, p = .027). Older adults adapt to shortterm variability in the statistics among speech sounds. Yet,
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the magnitude of F0 down-weighting was slightly, but
significantly, smaller for the older adults compared to young
adults. The significant three-way interaction among agegroup, block, and test stimulus provides support for our initial
prediction that older adults would exhibit less downweighting compared to younger adults. However, our sample
size was small, and individual differences in responses
among both age groups may have led to a difference in the
magnitude of down-weighting F0. Further examination with
greater numbers of both young and older adults will be
required to investigate the magnitude of any potential age
group differences in DBSL.

Experiment 2
Experiment 2 investigated whether older adults adapt to
short-term speech input regularities under conditions that
may be more taxing to working memory – listening passively
to 10 Exposure stimuli prior to overt categorization of a final,
Test, stimulus in the sequence. In this paradigm, F0 downweighting in the Reverse block would be evoked only if
listeners can accumulate the VOTxF0 regularity across
passive exposure on a trial-by-trial basis lasting about 8
seconds, placing higher demands on working memory than in
Experiment 1.

Methods
Participants A group of 30 older adults (22 female; M =
64.2, SD = 3.92 years) and 29 younger adults (20 female, 6
male, 2 non-binary, 1 chose not to disclose; M = 22.9, SD =
3.10) completed Experiment 2. Again, all participants
reported normal hearing. Four older adults and three younger
adult subjects were excluded from further analysis as they did
not meet the criteria of at least 70 percent accuracy across
total Control trials (see below). Recruitment and inclusion
criteria followed the Experiment 1 strategy.
Stimuli. The Experiment 1 distribution of Exposure stimuli
for Canonical and Reverse conditions was used in
Experiment 2. The two Test stimuli (High F0 and Low F0)
were used to quantify perceptual learning as F0 downweighting for each subject. Additionally, two “Control”
stimuli (the dashed-outlined squares in Figure 1) provided an
attention-check for online participants’ performance. These
two stimuli were ambiguous along the F0 dimension with
unambiguous VOT (5 ms (/bir/-like) and 25 ms (/pir/-like)).
Design and Procedure. On each trial, a randomized
sequence of the five beer and five pier Exposure stimuli (300
ms silence between each stimulus) was drawn from either the
Canonical (Block 1) or Reverse (Block 2) distributions and
was followed by a 600 ms silent pause. Then, a final Test
stimulus (ambiguous VOT, Low or High F0) was
accompanied by a black question mark on the screen.
Participants categorized the Test stimulus as beer or pier by
pressing the F or J key, respectively. Presentation of
Exposure sounds in the sequence was accompanied by a
visual “progress bar” incrementing at the onset of each

Figure 2. Mean percent of pier responses for the test stimuli
by older and young adults in the A) overt response paradigm
(Experiment 1) and B) passive listening paradigm
(Experiment 2). Individual data points are plotted behind the
group means for each test stimulus and per block. Error bars
represent -/+ 1 SE.
stimulus. The total duration of each trial was approximately
8 seconds.
Each block included 12 trials that ended with a Control
stimulus (6 beer-like, 6 pier-like). The remaining 36 trials
ended with the ambiguous VOT test stimuli (18 High F0, 18
Low F0), which served as indicators of F0 down-weighting.
Participants took a self-timed break every 24 trials. The 96
trials total took about 20 minutes to complete.
As in Experiment 1, a linear mixed effects regression
model assessed the percentage of test stimuli categorized as
“pier” as a function of condition (default = Canonical), age
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group (default = young adults), and test stimulus type (default
= Low F0). Random intercept of subject and random slope of
condition x test stimulus that varied by subject were included
in the model.
Results and Discussion. Results are shown in the bottom
panels of Figure 2. There were significant main effects of test
stimulus (β = 54.92, SE = 4.97, p < 0.001) and condition (β =
14.32, SE = 4.88, p = .005), and no effect of age group (β = 7.69, SE = 5.54, p = .171). There were significant interactions
between test stimulus and condition (β = -33.12, SE = 7.63, p
< 0.001), and age group and condition (β = 18.16, SE = 6.89,
p = .011). Finally, there was significant three-way interaction
among test stimulus, condition, and age group (β = -30.34,
SE = 10.79, p = .007). As can be seen in Figure 2 (bottom
panel), this three-way interaction came about because the
magnitude of F0 down-weighting was slightly larger for the
older adults compared to younger adults.
These results show that both younger and older adults’
speech perception is impacted by passive exposure to shortterm input regularities, with introduction of an accent leading
F0 to become a less diagnostic indicator of speech category
membership.
Less clear is whether there are true age group differences.
In fact, the significant three-way interaction in Experiment 2
– for which greater working memory demands would predict
greater challenges for older listeners -- was opposite this
prediction, and opposite of Experiment 1. Thus, it seems most
likely that the small magnitude differences across age groups
highlight individual variability across a modest sample rather
than true age effects. The small to medium effect sizes for
these condition x test stimulus x age group interactions (Exp
1, η2p = .08; Exp 2, η2p = .14) support this possibility. Yet, the
results of both experiments are very clear in that older, like
younger adults, track regularities in short-term speech input
and that the effectiveness of acoustic dimensions in
supporting subsequent speech categorization is weighted
accordingly.

General Discussion
Listeners rapidly adjust weighting of auditory dimensions
in response to variation in the short-term input of speech
sounds. This dimension-based statistical learning has been
consistently observed in younger adults with normal hearing
and no reported cognitive deficits (e.g., Idemaru & Holt
2011; 2014). Of interest in the present study was whether
older adults with normal hearing adapt to altered
distributional statistics of speech sounds, given the increased
cognitive constraints in this population relative to younger
adults. Results from our experiments indicate that older
adults demonstrate acoustically guided perceptual learning in
a DBSL paradigm, even when there are higher demands on
working memory.
The finding that older adults engage in speech-related
perceptual adaptation is consistent with previous research.
For example, Peelle & Wingfield (2005) found that older
adults improved their recognition of time-compressed and

noise-vocoded sentences with practice. Scharenborg & Janse
(2013) observed that older adults demonstrated lexically
guided perceptual learning, altering their phonetic category
boundaries upon exposure to nonword stimuli. However,
unlike degraded sentences and lexically guided perceptual
learning, DBSL is driven acoustically and thus occurs
entirely pre-lexically. The present study demonstrates that
older adults can rely solely on an acoustic signal to adjust
perceptual mapping of speech.
Results from the present study suggest that DBSL may not
be sensitive to age-related working memory decline—older
adults effectively down-weighted F0 in both Experiments 1
and 2. Still, we did not assess participants’ working memory
capacity in this study. Although decreased working memory
performance is typical among older adult populations, it is
nevertheless possible that the older adults in these
experiments had excellent working memory, resulting in
better ability to track speech statistics over time compared to
other individuals in their age group. It may also be the case
that the amount of statistical information acquired or the
increased trial duration in Experiment 2 was not a sufficient
enough burden to working memory to affect performance.
Alternatively, it may be the case that accrual of statistical
regularities in speech acoustics does not burden working
memory or cognitive resources due to the bottom-up,
automatic nature of the learning mechanism. However,
studies modulating cognitive load on statistical learning of
speech stimuli have found that increased cognitive load
results in worse statistical learning performance, suggesting
that even a learning mechanism that can facilitate changes in
perceptual weights passively (Experiment 2), may still be
supported by domain-general working memory processes
(Palmer & Mattys, 2016; Mitterer & Mattys, 2017). Whether
or not passive learning of speech statistics is effortful in a
DBSL paradigm may be more objectively understood using
pupillometry to measure changes in pupil size as a trial
unfolds.
Prior literature shows that older adults have difficulty with
syntactically complex sentence comprehension, even when
hearing acuity is normal (Wingfield, Peelle, & Grossman,
2003; Tun, McCoy, & Wingfield, 2009). Findings from the
present study suggest that older adults’ perceptual learning
from acoustic cues is largely spared. Challenges with speech
perception within this population may instead come from
downstream language processes, in which cognitive effort is
increased and/or cognitive effects begin to challenge
comprehension. Future research could investigate whether
acoustically driven perceptual learning is affected when a
greater number of statistics must be tracked or if learning
must be applied across different stimuli of a similar voicing
class (such as generalizing to other /b/-/p/ words).
We observed significant differences in the magnitude of F0
down-weighting between age groups that should be
interpreted with caution. In Experiment 1, our cohort of older
adults demonstrated a bias toward responding pier across all
test stimuli, as well as seemingly down-weighting F0 to a
lesser degree, relative to our group of younger adults. On the
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other hand, the statistics in Experiment 2 show even more
down-weighting by the older adults in a paradigm in which
one might expect that the increased working memory
demands would make older adults less sensitive to evolving
statistical regularities. Yet, as can be observed in the wide
spread of individual data points in Figure 2, individual
participant results indicate considerable variability in the
degree of down-weighting across listeners, even among
younger adults. While the findings from these experiments
offer insight into pre-lexical perceptual learning abilities of
older adults, interpreting age-related changes in DBSL will
require further study.
In summary, despite cognitive decline with age, older
adults remain able to track rapidly evolving regularities in
acoustic input and use those regularities to dynamically
adjust reliance on different acoustic dimensions. This should
serve older adults well in coping with acoustic variability in
speech sounds. Future research might address whether
acoustically guided perceptual learning is more cognitively
demanding for older adults – a phenomena not addressed by
the paradigms we describe here, but which may affect
perceptual learning during the extended time periods over
which real-world conversations occur.
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Abstract
Previous demonstrations of false memories for predicted but
not presented words used slow encoding and immediate
retrieval conditions, potentially exacerbating false memory
effects. We present two experiments that investigated
whether false memories also occur under self-paced
encoding and delayed retrieval conditions, and whether false
memories are reduced when the initial prediction was
disconfirmed by an implausible word, thought to elicit false
memory suppression. Results showed that previous
demonstrations of false memories were not contingent on
the task conditions: False memories also occur when
language processing is self-paced, and they affect longerterm memory structures. Crucially, false memories emerged
regardless of whether the prediction-disconfirming word
was plausible or not. Results are evaluated against a recent
psycho-linguistic account that makes diverging predictions
regarding the processing consequences of mild and severe
violations of plausibility.
Keywords: sentence processing, prediction, reading, false
memory

implausible. We begin by reviewing the previous literature
on predictability, plausibility, and false memories.

Predictability and plausibility
The predictability of a word is normally quantified by
means of the cloze procedure, in which native speakers of a
language complete a sentence frame with the first word that
comes to mind. Highly predictable words tend to be
facilitated during processing, as illustrated in reduced
reading rates (Staub, 2015) or decreased N400 ERP
components (Van Petten & Luka, 2012).
A concept related to - but distinct from - predictability, is
plausibility, i.e., the plausibility with which an event
happens in the real world. Plausibility is normally measured
in rating studies where participants indicate how plausibly a
word completes a sentence. Recently, a number of studies
demonstrated that predictability and plausibility have
diverging effects on online sentence processing (Brouwer et
al., 2021; DeLong & Kutas, 2014; Nieuwland et al., 2019),
and potentially, on longer-term memory structures
(Kuperberg et al., 2020; see below).

False memories

Introduction
In “Foundations of Language” (2002), Ray Jackendoff
expressed strong skepticism about whether language
processing could be anything but incremental and bottomup, since top-down prediction of linguistic material would
just not be feasible for the language user. Twenty years
later, it is clear that language users not only process new
material incrementally as it becomes available, but they also
generate predictions about the content and form of what
they're about to hear or see next. Recent studies have shown
that prediction also affects later stages of language
processing: When expectations for a specific word are
disconfirmed, predictable words do not become suppressed
immediately (Rich & Harris, 2021; Rommers & Federmeier,
2018), but cause false memories when probed shortly after
sentence encoding (Hubbard et al., 2019). Here, we
investigated whether false memory effects also occur for
self-paced encoding and delayed retrieval conditions, and
whether false memories are more likely to be suppressed
when the word that disconfirms the initial prediction is

In classic studies on the false memory paradigm (e.g.,
Deese, 1959; Roediger & McDermott, 1995), participants
are presented with 12-15 study words (e.g., “rest”, “bed”,
“dream” ...) that are close semantic associates of a critical
lure (e.g., “sleep”; DRM lists). In subsequent recall and
recognition tests, participants show higher rates of false
memory for critical lures, compared to new words that were
not presented initially. The false memory effect has been
shown to be relatively pervasive. For example, false
memory judgments are frequently made with high
confidence, suggesting that participants have item-specific
recollection of the critical lure, as opposed to mere gist-wise
familiarity (Yonelinas, 2002). Prominent theories of the
false memory illusion (reviewed in Chang & Brainerd,
2021) argue that false memories emerge as a consequence of
spreading activation effects during encoding of list words
that erroneously activate critical lures, and/or from overt
reliance on gist-wise, semantic memory traces during
memory retrieval (Roediger et al., 2001).
Recent empirical evidence suggests that false memories
also occur for words that are initially predicted during
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reading, but not actually encountered, at least in conditions
when reading is slow and memory for the lure is probed
immediately or quickly after following the sentence
(Hubbard et al., 2019; Rich & Harris, 2021; Rommers &
Federmeier, 2018). Compared to the classic false memory
paradigm, where lure words are entrenched through
repeated presentation of close semantic associates, the false
memory effect found in these newer studies is arguably
more powerful, because it is based on a single encounter –
or rather, the lack thereof – with the critical lure. Of note, in
classic DRM lists, false memories for lures are substantially
reduced when studied word lists consist of fewer, rather
than more, semantic associates (e.g., four vs sixteen study
words; Dodson & Schacter, 2002).
Initial evidence for the existence of prediction-induced
false memories was presented in an ERP study by Rommers
and Federmeier (2018). In that paper, the authors showed
that predictable words (e.g., "hot") that were not actually
processed during initial reading (e.g., "Be careful, the top of
the stove is very dirty") induced a “pseudo-repetition” effect
on the N400 ERP component when they are presented
"again" two sentences downstream. In addition to the
implicit memory consequences reported in that study,
subsequent studies also demonstrated evidence for
prediction-related false memories that are more explicit in
nature (i.e., emerge in recall or recognition tasks). For
example, in a study by Rich and Harris (2021), participants
were presented with constraining or neutral sentence
contexts that disconfirmed initial predictions, and
immediately at sentence offset, were asked whether they had
read the predicted word. Reaction times of "no"-responses
were slower for words following highly constraining
contexts, suggesting that in the high-constraint condition,
the lure had been pre-activated during initial reading and
lingered in memory.
Another study by Hubbard and colleagues (2019) was
divided into several study-test blocks, in which participants
first studied a set of constraining sentences, and then were
tested on their memory for critical lure words. Lures were
predictable words that were not presented during initial
reading (e.g., “window” in "Tim threw a rock and broke the
camera"). Aggregated results from the recognition test
blocks showed that participants were more likely to classify
lures as "old", compared to genuinely new nouns. Hence,
when predictions are disconfirmed, predicted words are not
immediately suppressed, but remain in a somewhat
accessible state in memory, at least for a little while.
However, it is unclear whether previous demonstrations
of prediction-related false memories may have been
contingent on the task conditions inherent to ERP studies
that use artificially slow stimulus presentation rates. Such
conditions are known to engender unnaturally strong
predictability effects during initial reading (Huettig &
Guerra, 2019), which may explain the false memory effect
later on. In addition, previous studies used relatively short
retention intervals, such that lures were mostly probed
immediately or shortly after sentence offset.

Hence, one goal in the present study was to investigate
whether false memories also emerge when participants
control their own pace during reading, and when the lure
word is not probed immediately after it has been predicted,
but with a delay. This would demonstrate a longer-term
false memory effect that extends implicit priming. A second
goal of the present study was to test whether predictionrelated false memories are more likely to be suppressed
when the prediction-disconfirming word is implausible
(e.g., “Since Anne is afraid of spiders, she does not like
going down into the moon”), potentially forcing reinterpretation of the sentence context. In previous
demonstrations of false memory effects, predictable words
were disconfirmed by unexpected but plausible words, i.e.,
words that can still be integrated, leaving the contextual
model intact. A recent psycho-linguistic (Kuperberg et al.,
2020) links plausibility violations to longer-term memory
and learning, arguing that implausible words elicit
contextual re-analysis and updating. In relation to false
memories, this could suggest that unpredictable-implausible
words are likely to stifle or suppress false memories,
because they require the language user to abandon their
mental representation of prior contextual model (e.g., people
might entertain a cartoon scenario where it is somewhat
plausible for a person to "go into the moon", see Kuperberg
et al., 2020; but see DeLong et al., 2014, for opposing
view).
In what follows, we present two studies that aim to
replicate the prediction-related false memory effect using
self-paced reading and delayed retrieval conditions
(Experiment 1), and we investigate whether proportions of
false memories are contingent on the plausibility of the
word that disconfirmed the initial prediction (Experiment 2).
In both studies, participants read sentences silently in a
word-by-word self-paced reading task (non-cumulative).
Around 15 minutes later, their memory for previously
encoded and not encoded nouns (old and new), as well as
lure nouns, was probed in a (surprise) recognition test. In
order to discriminate between memory judgments resulting
from recollection and familiarity, we additionally asked
participants to indicate their confidence about their
recognition judgments.

Experiment 1
Method
Participants Fifty-three psychology students (34 female, 19
male) with no language and/or neuropsychological disorders
between the ages of 21 and 40 participated for course credit.
The sample size was motivated by an a-priori sample size
estimation using the WebPower package in R, assuming a
moderate effect size (f=.45), slight sphericity deviation and
power of .80. The resulting n was 53. Two subjects had to
be excluded from further analysis due to a high proportion
of abnormally fast RTs (< 50ms) during SPR, resulting in n
= 51 participants.
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Materials We used 44 German sentence frames (taken from
Haeuser & Kray, 2021), which strongly constrained
expectations towards a predictable noun, e.g., “basement” in
“Since Anne is afraid of spiders, she does not like going
down into ...”. Half of the sentence frames were completed
with an unpredictable (but somewhat plausible) noun that
had the same grammatical gender as the predictable noun
(e.g., “garden”). Sentence continuations after the noun were
added to account for spill-over effects (e.g., “... on her
property”). Offline cloze probability ratings showed high
cloze probability for predictable nouns (M=.78, SD=.16)
and near-zero cloze probability for unpredictable nouns
(M=.03, SD=.006). Offline plausibility tests, which asked
participants to rate each sentence for its plausibility on a
scale from 1 to 7, showed high plausibility for predictable
nouns (M=6.57, SD=033) and mild deviations from
plausibility for unpredictable nouns (M=4.11, SD=1.33).
Predictable and unpredictable nouns were matched in
frequency (M=2.74 and M=2.50; t(85)=1.68, p=.1), based
on the Zipf scale from the SUBTLEX DE data base,
Brysbaert et al., 2011). They were also matched in word
length (M=5.86 and M=6.30; t(86)=-0.94, p=.35). All
sentences were arranged on two experimental lists (with
n=44 items each), so that each subject only saw one version
of each experimental item. Fifty highly constraining filler
sentences from the Potsdam sentence corpus were added to
each list in order to make sure that participants continued to
make predictions during reading. Yes/No comprehension
questions were added for all experimental (i.e. non-filler)
sentences to ensure that participants read for
comprehension.
Materials for the word recognition (retrieval) task
consisted of 88 “old” nouns (i.e., seen during SPR), and 40
“new” nouns (not seen during SPR). In addition, there were
44 “lure” nouns (i.e., nouns previously expected during SPR
but not actually seen). All nouns were matched in frequency
and length (FWelch(2,76.51)=1.23, p=.3x, and FWelch(2,
97.47)=2.50, p=.09). They were arranged on two lists, so
that each participant saw 106 nouns in total (22 lure, 44 old,
40 new).
Procedure During SPR, participants read sentences on a
screen word-by-word (non-cumulative presentation). Each
trial started with a fixation cross, presented in the middle of
the screen for 300ms, followed by the first word of the
sentence. Participants controlled their own speed during
reading by pressing the Space bar to reveal the next word
while the previous word disappeared. Participants were
instructed to read the sentences as quickly as possible and
answer the comprehension question as accurately as
possible. In the surprise recognition task (which was
administered after a 15-minute delay in which participants
completed a task of processing speed, not reported on here),
participants were instructed to judge whether words were
“old” or “new”, additionally indicating their confidence
(“sure”, “maybe”). Participants were asked to respond as
quickly and accurately as possible by putting the index and

middle finger of both hands on the “S”, “D” (sure new,
maybe new) and “J”, “K” (maybe old, sure old) bars. At the
bottom of every trial, a legend explained the response
options (i.e., participants did not need to memorize the
meaning of the keys). The experiment was run online using
the platform LabVanced.

Results
Self-Paced Reading Accuracy on the comprehension
questions was high for predictable and unpredictable
sentences (M=.93 in both conditions, range: .81-1.00),
suggesting that participants were attentive during the
experiment and understood the experimental sentences. Raw
reading times (RT) were trimmed minimally, by excluding
RTs below 100 ms and over 2500 ms. Only RTs from
correct trials were included in the analysis. The
predictability manipulation affected RTs predominantly in
the spill-over region (see Table 1), so we excluded
observations from the noun, and aggregated the remaining
data over spill 1 and spill 2 words for statistical analysis. Of
special interest is whether the unpredictable condition was
read more slowly, as this would corroborate observations
from the cloze ratings in that a different word was highly
expected during reading. Indeed, ANOVA on logtransformed RT showed a significant main effect of
condition, F(1,50)=6.69, p=.01, η2=.001, showing longer
RTs for unpredictable compared to predictable words.
Table 1: Average reading times (± SD) across conditions in
Experiment 1 and Experiment 2. PP=predictable-plausible,
UP = unpredictable-plausible, UI = unpredictableimplausible.

PP
UP
UI

noun
433
(201)
448
(244)
-

Experiment 1
spill1
spill2
428
429
(149)
(175)
440
445
(157)
(184)
-

Experiment 2
noun
spill1
spill2
335
342
332
(110)
(82)
(96)
347
354
348
(120)
(97)
(104)
345
384
370
(1127)
(122)
(115)

Word Recognition On average, the hit rate for “old” nouns
(M=.76) was larger than the false alarm rate to “new” nouns
(M=.26), suggesting that participants successfully
discriminated old and new items. Figure 1 shows the
proportion of “old” responses per condition “old”
(previously predictable and unpredictable), “new” and
“lure” (Hubbard et al., 2019), split out by low and high
confidence. For lures and new words, the bars indicate false
alarms (i.e., incorrectly endorsing a word as “old”); for old
items, the bars represent correct veridical memory for
previously seen words. Prior to statistical analysis, we
excluded recognition judgments with reaction times larger
than twenty seconds, a procedure that removed less than 1%
of all data points. One participant was removed from the
analysis due to missing data in one cell. A two-by-three
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ANOVA revealed a statistically significant interaction
between the effects of confidence (levels: low vs high) and
condition (levels: lure, new, old-predictable, oldunpredictable), F(3,147)=33.07, p<.001, η2=.17). Follow-up
t-tests (Bonferroni-corrected) showed that lures received
more "old" judgments than genuinely new nouns overall
(low conf.: t(49)=2.47, p=.1, d=.4; high conf.: t(49)=7.18,
p<.001, d=.5). In addition, lures received more “old”
judgments made with high compared to low confidence
(t(49)=3.7, p<.001). True memory for “old” nouns did not
differ between predictable and unpredictable conditions,
both p’s (low and high conf.) = .10.

Discussion
Experiment 1 showed two main results. First, false
memories for predicted (but not actually encountered) words
also emerge in paradigms where initial reading is self-paced
and where retrieval of lure words is substantially delayed.
Hence, previous demonstrations of false memories were not
contingent on slow encoding conditions, and false memories
affect longer-term memory structures that go well beyond
the immediate sentence or discourse context. Second, false
memories are more likely to emerge in high- (compared to
low-) confidence judgments, which suggests that they
instantiate strong feelings of actual recollection (compared
to mere familiarity) during retrieval.

Figure 1: Proportion “old” judgements in the word
recognition task from Experiment 1.
In hindsight though, one open question is whether the
false memory effect in Experiment 1 may have been driven
by the fact that participants’ reading comprehension was
probed after each critical sentence. This may have
entrenched or re-instantiated critical lures very thoroughly,
because not only were lures expected during sentence
reading, but they were allowed to linger during the
comprehension question phase. Hence, Experiment 2 was
set up with two primary goals in mind: First, to shed light
on the question whether prediction-related false memories
are modulated by the plausibility of the actually presented
word, and second, to investigate whether incidental

encoding of sentences (with no comprehension question at
all) also gives rise to false memories later on.

Experiment 2
Method
Participants Seventy-eight native German speakers (42
female, 35 male, 1 non-binary) with no language and/or
neuropsychological disorders between the ages of 18 to 39
(M=27 years, SD=5) participated for financial compensation
(Prolific workers) or course credit (psychology students).
This sample size was motivated by an a-priori sample size
estimation, assuming an effect size f=.5 (resulting from the
condition main effect in Experiment 1, averaged over low
and high confidence), slight deviation from sphericity and
power of .80. The resulting n was 74.
Materials and Procedure The procedure was the same as
for Experiment 1. For SPR, we used the predictable and
unpredictable sentences from Experiment 1, and added a
third condition: unpredictable sentences that were
additionally implausible (e.g., “Since Anne is scared of
spiders, she does not like going down into the moon ...”).
All stimuli were taken from an earlier study conducted in
our lab, where unpredictable-implausible nouns were
selected on the basis of being impossible in the real world
(e.g., it is physically impossible for a person to “go into the
moon”). Hence, implausible nouns deviated from the
rational assumption that a speaker would communicate
literally about possible events in the literal world
(Kuperberg et al., 2020). This resulted in three experimental
conditions: predictable-plausible (e.g., “basement”, PP),
unpredictable-plausible (e.g., “garden”, UP), and
unpredictable- implausible (e.g., “moon”, UI). Offline cloze
ratings showed that UP and UI nouns were equally
unpredictable (MUI=.03, SDUI=.00; t(88)=-1.43, p=.2). Prestudy plausibility ratings showed significant plausibility
differences between UI items and the other two conditions
(PP vs UI: t(78)=70.42; UI vs UP: t(87)=12.01, both p's <
.001). Crucially, UP and UI conditions differed with respect
to plausibility: While UP nouns were still somewhat
plausible, UI nouns were not. The 132 sentences were
evenly distributed on three experimental lists, plus 30
fillers; each subject saw only one version of each
experimental sentence. Yes/No comprehension questions
were added for filler sentences exclusively.
"Old" nouns for the recognition task were the 88 nouns
from Experiment 1, plus 44 UI nouns, resulting in three
"old" conditions (PP, UP, UI), and two "lure" conditions:
predictable nouns that were previously disconfirmed by
unpredictable-plausible nouns (lure-UP), and predictable
nouns that were previously disconfirmed by an implausible
noun (lure-UI). In addition, there were 50 "new" nouns.
Old, new and lure nouns were matched in length and
frequency, FWelch(2,102.66)=0.41, p=.70, and FWelch(2,
102.59)=1.67, p=.21). All nouns were arranged on three
experimental lists (on each list: 50 new, 44 old, 44 lure).
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Again, SPR and recognition tasks were separated by a 15minute task that measured processing speed.

Results
Self-Paced Reading Comprehension accuracy for filler
items was high across subjects (M=.93, range: .83-1.00). RT
outliers below 100ms and above 2500ms were discarded,
affecting less than 1% of all data points. The plausibility
and predictability manipulations affected reading rates
predominantly in the spill-over region, so we excluded
observations from the noun, and aggregated the remaining
data over spill1 and spill2 words. ANOVA showed a
significant main effect of condition on RTs,
F(2,154)=28.18, p<.001, η2=.01. Follow-up t-tests
(Bonferroni corrected) indicated significant differences for
all pairwise contrasts (all p's<.05). Hence, both types of
unpredictable-plausible sentences were read more slowly
than predictable-plausible ones, and additionally,
unpredictable-implausible sentences were read more slowly
than unpredictable-plausible ones.
Word Recognition On average, the hit rate for “old” nouns
(M=.73) was larger than the false alarm rate to “new” nouns
(M=.25). Recognition judgments with RTs>20s were
removed. The remaining data were submitted to a six by
two ANOVA. The DV was proportion of old judgments.
The IVs were confidence (high, low) and condition (old
[expected-plausible, unexpected-plausible, unexpectedimplausible], new, lure-disconfirmed by unexpectedimplausible, lure-disconfirmed by unexpected-plausible).
Six participants had missing observations in one or more
cells, so they were excluded from the analysis.
Mauchly’s test indicated that the assumption of sphericity
had been violated for the interaction between condition and
confidence (W=.44, p<.001), therefore, Greenhouse–Geisser
corrected tests are reported (epsilon=.77). There was a
significant condition by confidence interaction, F(3.85,
273.35)=29.56, p<.001, η2 = .11; see Figure 2). Post-hoc ttests (Bonferroni-corrected) confirmed the findings from
Experiment 1 by showing that, across confidence
judgments, participants were more likely to incorrectly
endorse lures as previously seen, compared to genuinely
new words (high confidence: lure-UI vs new: t(71)=9.68,
p<.001, lure-UP vs new: t(71)=10.10, p<.001; lure-UP vs
new: t(71)=10.10, p<.001; lure-UP vs new: t(71)=10.10,
p<.001; low confidence: lure-UI vs new: t(71)=8.12 p<.001;
lure-UP vs new: t(71)=6.97 p<.001). However, unlike in
Experiment 1, old judgments to lures did not differ between
low- and high-confidence (lure-UP: t(56)=1.65, lure-UI:
t(56)=1.51, both p's >.10). Critical to Experiment 2 is the
question whether false alarms to lures differed depending on
the plausibility of the prediction-disconfirming word. There
were no significant differences between the two types of
lures, neither in judgments made with high confidence,
t(71)=.62, p=.10, nor with low confidence, t(71)=1.23,
p=.10. In addition, there were no significant differences
with respect to veridical memory for old nouns across

confident judgments (all p’s=.10), despite a visible trend for
implausible nouns to be remembered more correctly in highconfidence
judgments
(EMMUI=.90,
EMMUP=.85,
EMMPP=.84).

Discussion
Three new results emerged from Experiment 2. First, false
memories also occur when initial sentence reading is
incidental, and when no comprehension question re-instates
cognitive representation of the word. Second, in contrast to
Experiment 1, where false memory judgments were made
with relatively higher confidence, Experiment 2 showed no
difference in false memory with regard to confidence (even
though there was a numeric trend in this direction). Third,
Experiment 2 showed that false memories for predictable
words were equally strong, regardless of whether the word
that disconfirmed the initial prediction rendered a plausible
or implausible reading of the sentence. Thus, despite the
fact that implausible sentences may have induced reinterpretation of the contextual model (in fact, the prolonged
RTs during sentence encoding suggest that they did), we
have no reason to assume that this caused participants to
more efficiently suppress critical lures.

Figure 2: Proportion “old” judgements in the word
recognition task from Experiment 2. lure_UP = lure,
disconfirmed by unpredictable plausible, lure UI =
disconfirmed by unpredictable implausible.

General Discussion
Previous studies showing false memories for predictable
words relied on slow stimulus presentation rates during
encoding, and on short retention intervals during retrieval,
potentially exacerbating false memory effects. We presented
two experiments that investigated whether predictable
words also elicit false memories when initial reading is selfpaced and when retrieval of predictable words is
substantially delayed. We also investigated whether false
memories are more likely to be suppressed when an initial
prediction was disconfirmed by an implausible word that
likely triggered re-interpretation of the sentence context.
Our results were as follows.
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First, results from both experiments demonstrated that
false memory effects also emerge when initial sentence
encoding is self-paced and when encoding and retrieval are
separated by a 15-minute retention interval. Hence, previous
demonstrations of false memories were not contingent on
slow encoding conditions (Rommers & Federmeier, 2018;
Hubbard et al., 2019), and false memories do affect longerterm memory structures, extending beyond the immediate
sentence or discourse context. To our knowledge, the two
studies reported here are the first behavioral demonstration
of prediction-induced false memories using a standard
encoding-recognition paradigm (as opposed to multiple
encoding-retrieval blocks using only a subset of all items, as
in Hubbard et al., 2019).
Second, false memories for predictable words do not
seem to "care much" whether the prediction-disconfirming
word was plausible or strongly implausible. In Experiment
2, false alarm rates to lure nouns were equally high,
irrespective of the plausibility of the predictiondisconfirming word. This suggests that predicted words are
not suppressed even when the actually presented word
renders an implausible reading of the sentence, potentially
triggering active re-structuring or updating of the situation
model (Kuperberg et al., 2020).
Third, false memories were more likely to affect highcompared to low-confidence judgments, even though the
effect of confidence on lure memory did not reach
significance in Experiment 2. Generally, this suggests that
recognition judgments for predicted words are not only
based on gist-wise familiarity with the item, but on
conscious and item-specific recollection. This attests to a
certain strength and pervasiveness of the false memory
illusion (McDermott & Roediger, 1998).
Finally, the present investigation also showed that false
memory effects for critical lures are virtually unchanged
even when the lure is not additionally reinstated (and
possibly entrenched) by means of a yes/no comprehension
question that probes comprehension of the sentence. Hence,
false memories also occur when initial reading is incidental.
We discuss our findings in greater detail below.
So why was there no plausibility effect for lures in the
direction as expected? One possible explanation for the
absence of a plausibility effect might lie in the highly
constraining nature of our experimental sentences overall.
On average, our experimental items were relatively highly
constraining towards a specific noun (mean cloze = .77). It
is possible that in these conditions, the predictable noun is
simply too dominant to allow for effective suppression of
the predictable word. For example, we know from studies
on lexical ambiguity resolution that, even in conditions
when a sentence context strongly biases the subordinate
meaning of a homograph (e.g., "bank" of a river), the
dominant meaning (e.g., "bank" as in financial institution)
becomes activated (e.g., Swinney, 1979; Onifer & Swinney,
1981; Seidenberg et al., 1982). Hence, one possibility is that
there should be a more reliable plausibility effect for lures
when sentence contexts are only weakly constraining.

A somewhat opposing possibility we need to consider is
that the plausibility manipulation did affect recognition
judgments for lures after all, but in a way different from
what we expected. Notably, there was a small numeric trend
in the high-confidence recognition judgment data from
Experiment 2, indicating that false memory rates for nouns
that were disconfirmed by deeply implausible nouns
decreased, whereas correct memory rates for deeply
implausible nouns increased. This pattern could indicate a
trade-off between true and false memory: As people were
more likely to correctly remember deeply implausible nouns
as "old", the less likely they were to incorrectly endorse
disconfirmed predictable nouns as "old". Ultimately though,
it is difficult to draw firm conclusions from these
observations, as they mostly rely on (non-significant)
patterns in the data. The fact that there was no strong effect
for the plausibility manipulation in Experiment 2 is
interesting, as it conflicts with a recent psycho-linguistic
model of sentence processing (Kuperberg et al., 2020),
according to which deeply implausible nouns in highlyconstraining sentence contexts that model does not make
direct predictions regarding false memories, it does predict
that deeply implausible information “entail[s] top-down
feedback suppression of the incorrectly predicted semantic
features and selection of the correct semantic features” (see
p. 24).
The lack of an effect obtained here highlights an open
question about the model, specifically, why and how
unpredictable, deeply implausible nouns would drive
memory and learning over nouns that are mildly
implausible, as deeply implausible nouns cannot be
integrated meaningfully into a real-world sentence context.
Kuperberg and colleagues suggest the possibility of a
cartoon scenario that people may entertain in such cases, i.e.
language users may temporarily abandon the idea of the
rational world to create a fantasy scenario where deeply
implausible events could happen. Even though there is
evidence for rational adaptation in human cognition (Howes
et al., 2009), it seems doubtful whether any kind of
adaptation would be that extreme (meaning that language
users may still prefer rational context models over irrational
ones). Notably, another account of plausibility processing
suggests contextual re-analysis (and by extension, a memory
advantage) predominantly for nouns that are unexpected but
plausible, precisely because they can, to some extent, be
integrated into an existing, real-world sentence context
(DeLong et al., 2014). Yet others have proposed a memory
advantage for deeply implausible words that is based not on
language users creating a fantasy scenario, but on a
distinctiveness heuristic, i.e. people demand access to
distinctive encoding information during retrieval in order to
judge an item as old (Dodson & Schacter, 2001). It remains
to be seen what type of prediction error (plausible or
implausible) is more successful in accounting for longerterm learning and suppressing false memories.
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Abstract
The French phonological rule of liaison, whereby certain
underlying word-final consonants surface only when the
following word starts with a vowel, sometimes creates
homophony. For instance, un œuf ‘an egg’ and un neuf ‘a nine’
are both pronounced [ɛ.̃ nœf]. While homophony is crosslinguistically frequent, there is evidence that it is constrained
in various ways. Here, we quantify liaison-induced homophony
by comparing its occurrence in real French to that in a
benchmark consisting of versions of French with modified
liaison consonants. We find that liaison induces more
homophony in the benchmark than in real French. This is the
first evidence that a phonological rule that applies across words
is subject to an anti-homophony bias.
Keywords: liaison; lexicon; word segmentation; homophony;
anti-homophony, French

Introduction
French liaison is a complex phonological rule whereby an
underlying word-final consonant, present in a fixed set of
words and morphemes, surfaces only when the following
word starts with a vowel. For instance, the final /t/ of petit
‘small’, is pronounced in petit âne ‘small donkey’ but not in
petit chat ‘small cat’ or in c’est petit ‘it is small’. It is rare to
find two adjacent vowels within a word in French (only 1.8%
of the lemmas in the lexical database Lexique (New et al.,
2004) contain such a sequence); liaison therefore removes an
obvious word boundary cue. In addition, surfacing liaison
consonants are resyllabified as onset consonants, thus
blurring word boundaries and sometimes creating
homophony. For instance, un œuf ‘an egg’ and un neuf ‘a
nine’ are both pronounced [ɛ̃.nœf]. Despite subtle acoustic
cues that distinguish homophonous sequences like these, the
unintended form is activated during online speech
processing, although to a lesser degree than the intended one
(Spinelli et al., 2003). More generally, multiple lexical
activations slow down online processing (Tabossi et al.,
1995; Christophe et al., 2004). Thus, liaison-induced
homophony makes it harder for the listener to process
incoming speech.
Since at least Martinet (1955), linguists have entertained
the hypothesis that there are diachronic pressures against

lexical homophony (e.g. English bear/bare). In the realm of
phonological rules, there is some cross-linguistic evidence
that word-level rules are indeed subject to an antihomophony bias. First, such rules generally induce less
homophony than expected by chance (Silverman, 2010;
Kaplan, 2011). Second, some rules are blocked or less likely
to apply whenever they would result in homophony (Barkai,
1978; Ichimura, 2006; Kaplan & Muratani, 2015). Are
phonological rules that apply across words also subject to an
anti-homophony bias? Here, we examine this question for the
case of French liaison. Specifically, we compare the
occurrence of liaison-induced homophony in French to a
benchmark consisting of modified versions of French, i.e. in
versions in which a given liaison consonant is replaced by
another French consonant.
In a first, baseline, analysis, we examine all liaison-induced
homophone doublets. In a second analysis, we take into
account the finding that different kinds of homophones
appear to be more or less tolerable within languages. In
particular, there is modeling evidence that crosslinguistically, lexical homophones are avoided especially
within syntactic and semantic categories, hence where the
potential ambiguity is greatest (Ke, 2006; Dautriche et al.,
2018). We might expect that if liaison-induced homophony is
avoided, this holds especially for cases where neither of the
lexical segmentations is clearly more likely than the other. To
investigate this, our second analysis thus focuses on a subset
of liaison-induced homophone doublets that are expected to
pose real-life segmentation difficulty for the listener.
A few more preliminary remarks on liaison are in order.
First, six French consonants can serve as liaison consonant:
/z/, /n/, /t/, /r/, /p/, and /g/. The most frequent ones are /z/ and
/n/ (Adda-Decker et al. 2012); both occur at the end of many
determiners (/z/ as a plural marker) and other high-frequency
words. Second, liaison is subject to syntactic and prosodic
constraints. For instance, it is obligatory in certain syntactic
contexts (e.g., Det-N, pronoun-V, Adj-N) optionally in others
(e.g. Aux-PP, Prep-NP), and is forbidden in still others. For
the present purposes, we do not distinguish between
obligatory and optional cases of liaison (but see footnote 1
below). Third, the correspondence between the liaison
consonant and its orthographic representation is not always
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straightforward. In particular, liaison /z/ always corresponds
to one of the graphemes <s> and <x>, and while liaison /t/
corresponds most often to the grapheme <t> it corresponds to
<d> in the words grand ‘big’ and quand ‘when’.
All scripts used for data extraction, analysis and
visualization
are
available
for
download
at
https://github.com/Vantoine2019/CognitiveScienceMasterLiaisonProject.

Part 1: Baseline analysis
In this part, we perform a baseline analysis, where we
consider all cases in which liaison creates a homophone
doublet, such as {un œuf – un neuf}.

Method
A list of homophone doublets was systematically constructed
using Lexique (New et al., 2004), as follows. From the 22,633
words with a frequency of at least one per million in
Lexique’s corpus of movie subtitles, we extracted all 4569
words with an underlying liaison consonant that surfaces
either obligatorily or optionally in certain syntactic contexts
in informal speech.1 The breakdown of these liaison words
according to their liaison consonant is shown in Table 1.
Table 1: Liaison words extracted from Lexique.
Liaison
consonant
/z/

N

examples

3,217

/t/

1,419

/n/

17

/r/

3

/p/
/g/

2
1

les ‘thepl.’, elles ‘theyfem.’ très ‘very’,
leurs ‘theirpl.’, petites ‘smallfem.pl.’,
bons ‘goodmasc.pl’, quelques ‘some pl.’
dans ‘in’, pas ‘not’
grand ‘bigmasc.sg.’, tout ‘all, any’, est
‘is’, comment ‘how’, ont ‘have3rd.pl.’
un ‘amasc’, on ‘we’, mon ‘my’, bon
‘goodmasc.sg’, ancien ‘oldmasc.sg’
dernier ‘lastmasc.sg’, premier
‘firstmasc.sg’, léger ‘lightmasc.sg’
trop ‘too’, beaucoup ‘many’
long ‘longmasc.sg.’

We also extracted all pairs of words that differ only in the
presence vs. absence of one of {/z/,/t/,/n/,/r/,/p/,/g/} wordinitially (e.g., an /ɑ̃/ ‘year’ – rang /rɑ̃/ ‘row’, heureux2 /ørø/
‘happy’ – peureux /pørø/ ‘fearful’) (henceforth: minimal
pair). The total number of minimal pairs is 2137, (mean: 356).
Table 2 shows the breakdown per consonant.

1 We thus excluded words that can trigger liaison only in formal
speech, including conjunctions, infinitives ending in -er, modal verb
forms, and adverbs ending in -ment (Delattre, 1966; Malécot, 1975;
Armstrong, 2001).

Table 2: Number of pairs of words differing only in the
presence vs. absence of an initial consonant used in liaison
(‘minimal pairs’).
Consonant
Number of minimal pairs

/z/ /g/ /n/ /t/ /p/ /r/
6 179 256 367 487 842

We then created all possible doublets. That is, we
combined each liaison word with each minimal pair that
obeys two constraints: first, the relevant consonant
distinguishing its members is identical to the liaison
consonant, and second, both members can be preceded by the
liaison word. For instance, {dernier an – dernier rang} ‘last
year/row’ and {trop heureux – trop peureux} ‘too
happy/fearful’ are valid doublets, but the first constraint rules
out {un an – un rang} ‘a year/row’ and {tout heureux – tout
peureux} ‘all happy/fearful’. Similarly, {dernier appel –
dernier rappel} ‘last call/reminder’ is a valid doublet, but the
second constraint rules out {dernier appellent – dernier
rappellent}, where the masculine singular adjective dernier
is followed by a 3rd person plural verb form, yielding an
ungrammatical sequence.3 We thus obtained a final set of 322
doublets (mean per consonant: 54; range: 0-133).
For the benchmark comparison, we created alternative
versions of French by keeping the set of liaison words, but
substituting their liaison consonants one by one with each of
the other French consonants (including the other liaison
consonants). For example, we created a version of French
where the word premier ends in a liaison /f/, a version where
it ends in a liaison /v/, a version where it ends in a liaison /t/,
and so on. Non-liaison words were not changed. As French
has 16 consonants that can occur word-initially, of which 6
can serve as liaison consonants, we thus created 6x15=90
alternative versions of French, in which homophone doublets
were composed of the same liaison words but combined with
other minimal pairs. Besides the minimal pairs extracted from
Lexique to create doublets in real French, we thus extracted
all additional pairs of words differing in the presence vs.
absence of an initial consonant (N=3563, mean per
consonant: 356). We then used the same two constraints as
for real French to construct homophone doublets. For
example, in the alternative French where liaison /n/ is
replaced with /l/, {bien imiter – bien limiter} ‘to imitate/limit
well’ and {on imite – on limite} ‘we imitate/limit’ are
homophone doublets. Similarly, in the alternative French
where liaison /n/ is replaced with (liaison) /r/, {bien athée –
bien raté} ‘really atheist – well missed’ and {un an – un
rang} ‘a year/row’ are homophone doublets. The mean
number of homophone doublets in the alternative versions is
343 (range: 0-4047), for a total of 30,843. To illustrate,
Table 3 provides the number of minimal pairs, with
2 In French, <h> is always silent, but in some words it corresponds
to ‘h-aspiré’, which behaves like a consonant and hence blocks
liaison. This is not the case of heureux.
3 Note that while most valid doublets involve words from the
same grammatical category, in some they belong to different ones,
e.g. {quand on – quand ton} ‘when we/your’.
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examples, that yield a homophone doublet in real French as
well as the benchmark versions for a sample liaison word, i.e.
bien ‘well’.
Table 3: Number and examples of minimal pairs that yield a
doublet with the sample liaison word bien ‘well’, in real
French and in the benchmark versions.
Liaison
consonant
/n/ (real French)
/r/

N

examples

3
47

/k/

11

/s/

10

/l/

10

/b/

8

/d/

8

/f/
/m/

7
7

/p/

7

//

5

/v/

4

/g/
/t/
//, /z/

2
1
0

être-naître, ôter-noter, ôté-noté
athée-raté, ouvrir-rouvrir,
appeler-rappeler, emportéremporté, établi-rétabli, …
ouvert-couvert, analysercanaliser, oser-causer, ôté-côté,
omis-commis, …
avant-savant, en-sans, aidercéder, ôter-sauter, eu-su, avoirsavoir, allé-salé, …
atteint-latin, en-lent, égal-légal,
imiter-limiter, eu-lu, …
anal-banal, au-beau, avarebavard, ôter-botter, eu-bu, …
en-dans, écrit-décrit, eu-dû, ôtédoté, étendre-détendre…
aux-faux, utile-futile, été-fêté, …
oral-moral, hériter-mériter,
annuel-manuel, …
heureux-peureux, oser-poser, eupu, uni-puni, …
au-chaud, aux-chaud, armercharmer, armé-charmé, eu-chu
ôter-voter, ôté-voté, eu-vu, omisvomi
athée-gâté, athée-gâtée
eu-tu

alternative versions of French is significantly higher than the
number of the homophone doublets of real French for four of
the six liaison consonants (/z/, /t/, /n/, /g/). By contrast, no
such difference was obtained for the liaison consonants /r/
and /p/.
Importantly, /r/ and /p/ account for only five of the total of
4569 liaison words. Hence, liaison-induced homophony does
appear to broadly occur less frequently than what would be
the case with different, randomly chosen, liaison consonants;
hence, this is evidence for an anti-homophony bias.
This result is not difficult to understand when we consider
the liaison consonant /z/: Due to its status as a plural marker,
/z/ accounts for 70% of the liaison words (Table 1). At the
same time, /z/ is by far the least frequent consonant wordinitially and accounts for less than 1% of minimal pairs
(Table 2). Rather unsurprisingly, then, /z/-liaison words yield
no homophone doublets at all, despite being extremely
numerous. By contrast, in the benchmark versions of French,
these words end in a consonant for which the number of
minimal pairs and, ultimately, the number of homophone
doublets is on average much higher.

Part 2: Subset analysis

Results and discussion
Numbers of homophone doublets for each liaison consonant
in real French and in the alternative versions are shown in
Figure 1. We performed one-tailed one-sample Wilcoxon
signed rank tests with, for each liaison consonant, the number
of homophone doublets in real French being used as the value
against which the numbers of homophone doublets obtained
in each alternative version were compared. The results of
these tests are also shown in Figure 1. Note that the median
of the number of homophone doublets obtained with the

In our baseline analysis we only considered grammatical
doublets, i.e. doublets that can occur within sentences and
that hence potentially induce segmentation difficulty for the
listener. Yet, to what extent is such segmentation difficulty
real? Frequency likely plays a key role here. For instance,
given that acte [akt] ‘act’ is a high-frequency and tact [takt]
‘tact’ a low-frequency word, it should not be difficult to
discard grand tact upon hearing grand acte. (By the same
token, depending on context discarding grand acte upon
hearing grand tact can of course be difficult, but this case will
be rare.) In contrast, for other doublets it might be more
difficult to dismiss one of the two alternatives, e.g. {est en –
est tant} ‘is in/so’. Indeed, both en and tant are highly
frequent in isolation as well as following est.
Intuitively, a homophone doublet poses real-life
segmentation difficulty if two conditions are met: First,
listeners experience it frequently, i.e. at least one member is
frequent. Second, lexical segmentation is not straightforward,
i.e. the two members are close in terms of frequency. To
investigate whether homophone doublets in French induce
few real-life difficulties, we extracted a frequency-based
subset of doublets and compared the number of these
doublets in real French with their numbers obtained in the
alternative versions of French.
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Figure 1: Number of homophone doublets for each liaison consonant (subplots) and each version (individual bars) in the
baseline analysis. Subplots are ordered from largest (/z/) to smallest (/g/) y-axis. Blue bars represent data for real French and
and grey bars represent data for the alternative versions. (There is no blue bar for the subplot for /z/ as there are no
homophone doublets.) For each liaison consonant, the V- and p-values from the Wilcoxon tests are displayed in the
associated subplot.

Method
Google Ngram Viewer (Michel et al., 2011; Lin et al., 2012)
was used to retrieve frequency data of all pairs of words
included in the homophone doublets examined in Analysis 1.
For this, we used the latest corpus in French, including books
up to 2019, and ran our queries for data from 1950 onwards,
thus obtaining frequency data over the period 1950–2019. We
used the grammatical categories (in Google Ngram Viewer
terminology: part-of-speech tags) in the queries in order to

obtain the most accurate data, after manually converting the
grammatical categories given by Lexique to match those of
Google Ngram Viewer as closely as possible.
In order to extract a frequency-based subset of doublets we
proceeded as follows. Let a and b be the respective frequency
values of the members of a given doublet. Then we extracted
those doublets for which both the doublet frequency sum
[a+b] and the doublet frequency ratio [min(a, b) / max(a, b)]
are above the 50th percentile of the respective distributions.4

Figure 2: Cumulative distribution function of (i) the decimal logarithm of the sum of the frequency values of the doublets
(left), and (ii) the ratio of the frequency values of the doublets (right). The dashed line delineates the 50th percentile value.
4

We performed Laplace smoothing on the frequency values a and
b (i.e. adding 1) to deal with cases where one or both were zero.
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Figure 3: Number of homophone doublets for each liaison consonant (subplots) and each version (individual bars) in the
subset analysis. Subplots are ordered from largest (/t/) to smallest (/g/) y-axis. Blue bars represent data for real French and
and grey bars represent data for the alternative versions. (There is no blue bar for the subplot for /z/ as there are no
homophone doublets.) For each liaison consonant, the V- and p-values are displayed in the associated subplot.
Thus, we extracted doublets that are frequently encountered
(frequency sum > 323) and whose members have close
frequency values (frequency ratio > 0.17) (Figure 2, and note:
102.51 = 323).

is more real-life segmentation difficulty. Note, though, that
we clearly found no evidence either that homophony is
especially avoided when neither of the lexical segmentations
is more likely than the other.

Results and discussion

General discussion

Numbers of homophone doublets for each liaison consonant
in real French and in the alternative versions are shown in
Figure 3. As before, the results of one-tailed one-sample
Wilcoxon signed rank tests for the individual liaison
consonant are shown in the Figure as well. Recall that for
these tests, the number of doublets in real French is used as
the value against which the numbers of doublets obtained in
each alternative version are compared. We found that the
median of the number of doublets obtained with the
alternative versions of French is significantly higher than the
number of homophone doublets of real French for the liaison
consonants /z/, /t/, and /n/. By contrast, no such difference
was obtained for the liaison consonants /r/, /p/, and /g/.
These results are very similar to the ones for all homophone
doublets, examined in Part 1, where the comparison with the
alternative versions of French yielded a significant difference
in the same direction for /z/, /t/, /n/, and /g/. Thus, the only
difference concerns /g/, for which evidence of a bias against
homophony was found in the baseline analysis but not in the
present one. As there is only one liaison word with /g/, we
can hardly interpret this finding as evidence that – contrary to
expectation – the anti-homophony bias is weaker when there

For both the entire set of homophone doublets and the subset,
we found larger amounts of liaison-induced homophony in a
benchmark consisting of modified versions of French with
alternative liaison consonants than in real French. As far as
we know, the present study is the first one examining a
phonological rule that applies across words and hence the
first one providing evidence for a relatively low amount of
homophony induced by such a rule, i.e. for an antihomophony bias.
Our method of generating alternative versions of French
relied on (i) a modification of the lexicon, since we changed
the liaison consonant of liaison words, and (ii) a modification
of the liaison rule, as it involved a new consonant with each
substitution. For example, when the liaison consonant /r/ was
replaced by /f/, we modified both all words containing the
liaison consonant /r/ and the liaison rule. Our analysis is thus
unique not only because it focuses on a rule that applies
across words, but also because it relies on an interaction
between lexicon and phonological rule.
Whether the bias against homophony reflects an incidental
diachronic development that happens to reduce segmentation
difficulty, or a cognitive pressure to avoid liaison-induced
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homophony that constrained French diachrony, is an open
question. The latter option would be consistent with evidence
for a diachronic pressure against lexical homophony
(Bouchard-Côté et al., 2013; Wedel et al., 2013).
There are several limitations to our study. First, we relied
on the intuitions of a single native speaker of French, the
second author, to decide which liaison words to exclude
because they appear to trigger liaison only in formal speech.
Other native speakers may have different intuitions on which
words are concerned, given the variability of liaison
production (Fougeron et al., 2001; Meinschaefer et al., 2015).
Second, due to the large size of the benchmark, we used a set
of general rules to discard ungrammatical doublets rather
than filter them out by hand. This left a number of
ungrammatical ones. For instance, the adverb beaucoup ‘a
lot’ is exceptional in that it cannot modify any adjectives.
Therefore, {beaucoup heureux – beaucoup peureux} is not a
valid doublet in real French (cf. valid {trop heureux – trop
peureux}, with the adverb trop ‘too’). Other doublets are
questionable or outright impossible for semantic reasons.5
For instance, long os ‘long bone’ is fine, but long gosse ‘long
kid’ is not. Finally, doublets were included in the subset
analysis based on the conjunction of two thresholds, one
concerning the sum and the other the ratio of the frequency
values of each member of a doublet. Using a single composite
threshold would be more accurate, but it remains a modeling
challenge given the widely different distributions of the two
parameters. Moreover, our analysis did not take into account
a possible interaction of ratio and sum for doublets’ real-life
segmentation difficulty.
Future research could focus on refining the definition of
doublets that pose real-life segmentation difficulty, to further
examine whether liaison-induced homophony is more
strongly avoided in cases where lexical segmentation is
particularly difficult. This could be done in two ways. First,
additional grammatical constraints could be implemented.
For instance, {est au – est tôt} ‘is at the – is early’ is a valid
doublet since both members are grammatical sequences. Yet,
the next word will necessarily disambiguate the sequence, as
au can be followed only by a noun or an adjective (e.g., elle
est au marché ‘she is at the market’; elle est au dernier cours
‘she is at the last class’), neither of which can follow tôt.
Second, following what has been done for lexical homophony
(Dautriche et al., 2018), Latent Semantic Analysis would
allow us to examine the role of semantic similarity. In
particular, the less semantically similar the members of a
minimal pair are, the easier it is for the listener to discard one
of them (cf. dissimilar or ‘gold’ – tort ‘wrong’ and highly

similar achat ‘purchase’ – rachat ‘repurchase’). In addition,
one might examine doublets involving liaison words that
trigger liaison in formal speech only and that were discarded
in the present study, such as adverbs in –ment (see
footnote 1). Would these doublets show less evidence for
homophony avoidance, given that they arise less often?
Ultimately, it would be interesting to address the topic of
an anti-homophony bias experimentally, and test whether
speakers avoid liaison-induced homophone doublets in
everyday speech. Kaplan & Muratani (2015) showed that
Japanese speakers conversing with each other avoid applying
a nasal contraction rule if it introduces a lexical segmentation
ambiguity. We would expect that French speakers similarly
avoid homophone doublets, especially ones that were
included in our subset analysis, either by not applying the rule
(in case of optional liaison), or by avoiding the two-word
sequence (in case of obligatory liaison).

5 Due to the large size of the benchmark it is impossible to check
all the doublets for grammaticality and semantic acceptability.
However, we did examine the 322 doublets obtained in real French.
We found 22 ungrammatical ones, of which 16 are due to mistakes
in Lexique (i.e., the plural noun ados ‘adolescents’ labeled as
singular (three doublets); the feminine noun aide ‘help’ having no
label for gender (one doublet); and the loanword nan ‘nan’ with an
incorrect phonetic transcription (12 doublets)). Among the six
remaining ones, five concern the incorrect prenominal occurrence of

the adjective naval ‘naval’; the last one is {beaucoup heureux –
beaucoup peureux} mentioned in the main text. As to the semantic
acceptability of the 300 grammatical doublets, we found 26 of them
to be questionable or outright impossible. (Many acceptable ones
occur in rare contexts, though.) In order to not introduce a
processing difference between real French and the benchmark
versions, we did not exclude any of these ungrammatical or
semantically problematic doublets.

Acknowledgments
This research was supported by grants from the ANR
(ANR-17-CE28-0007-01 and ANR-17-EURE-0017.

References
Adda-Decker, M., Fougeron, C., Gendrot, C., DelaisRoussarie, E., & Lamel, L. (2012). La liaison dans la parole
spontanée familière : Une étude sur grand corpus. Revue
française de linguistique appliquée, 17, 113-128.
Armstrong, N. (2001). Social and stylistic variation in spoken
French. Amsterdam: John Benjamins.
Barkaï, M. (1978). Phonological opacity v. semantic
transparency: Two cases from Israeli Hebrew. Lingua, 44,
363-378.
Bouchard-Côté, A., Hall, D., Griffiths, T., & Klein, D.
(2013). Automated reconstruction of ancient languages
using probabilistic models of sound change. Proceedings
of the National Academy of Sciences, 110, 4224-4229.
Christophe, A., Peperkamp, S., Pallier, C., Block, E., &
Mehler, J. (2004). Phonological phrase boundaries
constrain lexical access I. Adult data. Journal of Memory
and Language, 51, 523-547
Dautriche, I., Fibla, L., Fievet, A. C., & Christophe, A.
(2018). Learning homophones in context: Easy cases are
favored in the lexicon of natural languages. Cognitive
Psychology, 104, 83-105.
Delattre, P. (1966). Studies in French and Comparative
Phonetics. The Hague: De Gruyter Mouton.

2414

Fougeron, C., Goldman, J.-P, Dart, A., Guélat, L., & Jeager,
C. (2001). Influence de facteurs stylistiques, syntaxiques et
lexicaux sur la réalisation de la liaison en français. Actes de
la 8ème conférence sur le traitement automatique des
langues naturelles (pp 173-182).
Ichimura, L. (2006). Anti-homophony blocking and its
productivity in transparadigmatic relations. Doctoral
dissertation, Boston University.
Kaplan, A. (2011). How much homophony is normal?
Journal of Linguistics, 47, 631–671.
Kaplan, A., & Muratani, Y. (2015). Categorical and gradient
homophony avoidance: Evidence from Japanese.
Laboratory Phonology, 6, 167-195.
Ke, J. (2006). A cross-linguistic quantitative study of
homophony. Journal of Quantitative Linguistics, 13, 129159.
Lin, Y., Michel, J. B., Aiden, E. L., Orwant, J., Brockman,
W., & Petrov, S. (2012). Syntactic annotations for the
google books ngram corpus. Proceedings of the 50th annual
meeting of the association for computational linguistics.
Volume 2: Demo Papers.
Malécot, A. (1975). French liaison as a function of
grammatical, phonetic and paralinguistic variables.
Phonetica, 32, 161-179.

Martinet, A. (1955). Économie des changements
phonétiques. Berne, Éditions A. Francke S. A.
Meinschaefer, J., Bonifer, S., & Frisch, C. (2015). Variable
and invariable liaison in a corpus of spoken French.
Journal of French Language Studies, 25, 367-396.
Michel, J.-B., Shen, Y, ..., & Lieberman Aiden, E. (2011).
Quantitative analysis of culture using millions of digitized
books. Science, 331, 176-182.
New, B., Pallier, C., Brysbaert, M., & Ferrand, L. (2004).
Lexique 2: A new French lexical database. Behavior
Research Methods, Instruments, & Computers, 36, 516524.
Silverman, D. (2010). Neutralization and anti-homophony in
Korean. Journal of Linguistics, 46, 453-482.
Spinelli, E., McQueen, J., & Cutler, A. (2003). Processing
resyllabified words in French. Journal of Memory and
Language, 48, 233-254.
Tabossi, P., Burani, C., & Scott, D. (1995). Word
identification in fluent speech. Journal of Memory and
Language, 34, 440-467.
Wedel, A., Kaplan, A., & Jackson, S. (2013). High functional
load inhibits phonological contrast loss: A corpus study.
Cognition, 128, 179-186.

2415

Transitive inference in non-humans? Not so fast!
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According to Piaget, Transitive Inference (TI)—an inference
of the form, if 𝑎𝑅𝑏 and 𝑏𝑅𝑐, then 𝑎𝑅𝑐—is attainable only by
adolescent, or adult humans. Although early work suggested
a capacity for TI in children as young as four years of age
(Bryant & Trabasso, 1971), subsequent studies controlling for
“short-cut” strategies1 indicated that TI appears later, around
the median age of five (Andrews & Halford, 1998; Pears
& Bryant, 1990), see also Halford, Wilson, Andrews, and
Phillips (2014) for a review. So, a study of the processes
underlying TI should afford a window into some uniquely
human aspects of intelligence and its development.
Yet, in recent years, more than a few studies have provided
evidence of TI in other species, including monkeys (Gazes,
Lazareva, Bergene, & Hampton, 2014; Jensen, Altschul,
Danly, & Terrace, 2013), rats (Dusek & Eichenbaum, 1997),
ravens (Massen, Pašukonis, Schmidt, & Bugnyar, 2014),
corvids (Bond, Kamil, & Balda, 2003; Bond, Wei, & Kamil,
2010), crows (Lazareva et al., 2004), pigeons (Daniels, Laude,
& Zentall, 2014), and fish (Grosenick, Clement, & Fernald,
2007).2 The growing evidence suggests that a capacity for TI

is more widespread than previously thought.
Such results are potentially exciting for understanding the
evolution and development of (higher) cognition. However,
the methods used to assess TI in other species raise questions
over its comparability to a form of TI observed in humans,
given that TI is also known to be difficult even for adults
(Maybery, Bain, & Halford, 1986). TI in non-humans is
assessed via repeated reward-based reinforcement learning on
adjacent pairs of stimuli, whereby response to a non-adjacent
(test) pair that is consistent with the order implicit in the
reward schedule is taken as evidence for TI.3 By contrast, a
test for TI in humans proceeds via trial-by-trial (unrepeated)
presentation of all adjacent (premise) and non-adjacent (test)
pairs, whereby a response to the test pair that is consistent
with the order (explicitly) given by a spatial, or verbal relation
that is transitive is taken as evidence for TI.4 This procedural
difference has led some to conclude that TIs in non-humans
and humans are really of two different kinds, referred to as
implicit5 versus explicit TI, respectively (Goel, 2007; Halford
et al., 2014; Wright, 2012), wherein the explicit form is found
only in older humans and the implicit form is found in both
humans and non-humans alike (Halford et al., 2014).
A distinction between non-human (implicit) and human
(explicit) forms of TI, however, does not address a primary
concern for cognitive science, which is an explanation for how
such seemingly advanced cognitive capacity arises in the first
place. On one hand, if the two forms share essentially nothing
in common, then there is little reason to attribute implicit TI
as a foundation for reasoning. On the other hand, if they are
related, then such claims beg the question of how this is so.
The literature sheds little light on this relationship, because
an equivalent test of explicit TI in non-humans has not been
developed (Halford et al., 2014), though adult humans evidently resort to an implicit form of TI when they are unaware
of the relational structure (Frank, Rudy, Levy, & O’Reilly,
2005). Moreover, there has been little in the way of theory
explicating a link between the two forms.
The purpose here is to address this theoretical shortcoming

1E.g., in a four-term series consisting of the premises 𝑎 ≤ 𝑏, 𝑏 ≤ 𝑐,
𝑐 ≤ 𝑑, one can infer 𝑏 ≤ 𝑑 simply by observing that 𝑑 only appeared
once in the list of premises. This strategy is circumvented in a fiveterm series by adding the premise 𝑑 ≤ 𝑒 and testing on 𝑏 ≤ 𝑑, thus
avoiding the end terms, 𝑎 and 𝑒.
2TI has also been reported in infants (Mou, Province, & Luo,
2014), but for a 3-term series, so did not control for short-cuts.

3That is, e.g., adjacent pairs AB+ , BC+ , CD+ , and DE+ , where
“+” indicates the reinforced choice, and non-adjacent (test) pair BD.
4That is, e.g., adjacent pairs A < B, B < C, C < D and D < E,
where “<” indicates spatial relation A below B, and test pair B?D.
5Implicit TI has also been called transitivity of choice (Halford et
al., 2014; Libben & Titone, 2008).

Abstract
A capacity for transitive inference (i.e. if 𝑎𝑅𝑏 and 𝑏𝑅𝑐 then
𝑎𝑅𝑐) was thought to be uniquely human. However, evidence of
transitive inference in other species suggests that this capacity
is ubiquitous throughout the animal kingdom. This apparent
ubiquity raises two basic questions for cognitive science. (1)
Why is transitive inference so prevalent? (2) What is special
about transitive inference in (adult) humans? Formal (category
theory) methods are used to address these questions. To the first
question, different (implicit and explicit) forms of transitive
inference follow from a common (universal) operation over
the premises, 𝑎𝑅𝑏 and 𝑏𝑅𝑐, i.e. a category theory version
of transitive closure, hence the ubiquity of this capacity. To
the second question, this construction involves rapid (one-shot)
premise integration in older humans, but not other cohorts. This
formal comparison points to rapid encoding and integration of
relational data as underlying the evolution and development of
higher cognitive capacities.
Keywords: transitive inference; transitive closure; implicit;
explicit; category theory; category; functor; profunctor
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by presenting a mathematical theory that is used to assess the
relationship between implicit and explicit TI, as the basis for
further empirical studies. Background theory provided in the
next section forms the framework used to compare/contrast
implicit and explicit TI in the section that follows. The main
result is that both forms obtain from a categorical form of
transitive closure, hence the ubiquity of TI across cohorts.
However, they differ in the way that relational information
is constructed. This difference reflects slow (implicit TI)
versus fast (explicit TI) integration of premise relations as the
basis for inference. Empirical implications of this result are
discussed in the final section. In particular, placing implicit
and explicit TI on common theoretical ground affords testable
predictions for the emergence of relational reasoning (explicit
TI) from basic associative processes (implicit TI).

Methods: paradigms and theory

Comparison/Contrast. Both forms involve one-shot responses
to novel stimulus pairs as evidence of TI. Furthermore, the
stimuli have no intrinsic ordering; rather their order is encoded
in terms of rewarded response (implicit), or relative spatial
location (explicit). However, they differ in three ways. First,
relative spatial location of the stimuli is irrelevant to implicit
TI, e.g., pairs (A, B) and (B, A) map to the same rewarded
response, B, but significant to explicit TI as (A, B) and (B, A)
are two different orders. Second, they differ in trials needed
to encode premise relations: multiple reward reinforcement
(implicit) versus one-shot presentation (explicit). And third,
no feedback is given on the test trial for the implicit form, but
feedback on the correct response is given during practice trials
for the explicit form. These commonalities and differences are
taken up next in our theoretical approach to TI.

Theoretical framework: category theory

TI is an inference from relationships between pairs of stimuli
to a relationship between a novel stimulus pair. An empirical
test of TI has two parts: (1) ensuring participants understand
that 𝑎 is R-related to 𝑏 and 𝑏 is R-related to 𝑐, and (2) testing
whether they understand that 𝑎 is R-related to 𝑐 without further
intervention. Differences between tests of TI in non-human
cohorts versus older humans set the challenge for a comprehensive theory relating both forms. So, in this section, we
recall the essential aspects of both paradigms as motivation
for the theoretical framework that follows.

Experimental paradigms: implicit and explicit TI
Implicit TI. In the absence of language, the stimuli can be
ordered by associated reward, e.g. 𝑎 ≤ 𝑏 means less reward
associated with 𝑎 than 𝑏. Given five distinguishable stimuli,
A, B, C, D and E, stimulus pairs ordered by relative reward:
e.g., AB+ indicates that when presented with spatially ordered
pair (A, B), or (B, A), a reward is given only for a response
corresponding to B. Likewise, BC+, CD+ and DE+ indicates
that C is preferred over B, D over C, and E over D. Consistently selecting the rewarded item is taken as evidence that the
participant has learned the premise relations. The participant
is then presented with the novel pair (B, D) whence a response
that corresponds to D is taken as evidence of TI.
Explicit TI. Explicit TI also involves five terms, but their pairwise relations are indicated by spatial order: e.g. as two-block
towers, where say a green block sitting atop a red block indicates the order relation red < green. There are four two-block
towers, e.g., blue atop green, yellow atop blue and brown atop
yellow. Participants are presented with a pair of blocks and
asked for the higher block when building a tower. E.g., given
pair (yellow, green), a yellow response is taken as evidence
for TI. The procedure is repeated with novel premise towers
and test pairs for each trial. For comparison and variation, we
consider an analogous test where the participant is presented
with a novel two-block tower (e.g., yellow atop green, or green
atop yellow) and ask whether block order is consistent with
the premise towers, which is also a two-choice response (cf.
Maybery et al., 1986).
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Our approach is motivated by a desire to compare implicit
and explicit TI as a (possible) window on the evolution and
development of higher cognition. Comparison necessitates a
common point of view to make sense of their relationship,
assuming that they are meaningfully comparable. Analysis
of relations between formal systems is the raison d’être of
a branch of mathematics called category theory (Lawvere &
Schanuel, 2009; Mac Lane, 1998). An important approach in
this regard, called “categorification” (Baez & Dolan, 1998),
is to recast set-theoretic constructions in terms of categorical
(analogical) abstractions for the purpose of revealing connections that are otherwise obscured. We basically categorify
implicit and explicit TI to reveal their connection.
Relations and joins. TI is afforded by relations (definition 1)
that are transitive (definition 2), such as the order relation
on numbers (example 3). Some relations are not transitive
(remark 4), but every relation can be extended to a transitive
relation by transitive closure (definition 5). Transitive closure
can be computed via relational joins (remark 6), or for graphs
(example 7) via matrix multiplication of incidence matrices
(remark 8). We require constructions for relations that have
more structure than just sets of pairs. For this reason, we turn
to category theory.
Basic correspondences. Entities, called objects, and relations
between objects, called morphisms, satisfying certain rules
constitute a category (definition 9), such as the category of
numbers and their order (example 10)6, and the categories of
sets and their functions, or relations (examples 12). Graphs
also constitute the objects of a category (example 13) and for
certain cases are categories in their own right (remark 14).
Thus, we have basic correspondences between familiar settheoretic constructions and categorical analogs relevant to TI.
Categorical constructions reside in a category of some kind,
so categories frame our theoretical approach.
Profunctors. Morphisms between categories considered as
objects in a larger category are called functors (definition 15),
6All arrows are directed, so when reversed they usually constitute
a new category (remark 11), though e.g., Relop = Rel.

such as hom-functors (example 16). As functions generalize
to relations between sets, functors generalize to profunctors
(definition 17)—relations between categories (remark 18).
Functors induce profunctors like functions as special kinds
of relations (example 19). The join of relations between sets,
or matrix multiplication as the basis for transitive closure is abstracted to composition of profunctors (definition 20) between
categories as transitive closure categorified (remark 21).
Enrichment. For our purposes, we require the concept of
monoidal category (definition 22)—a categorified monoid
(remark 23)—to model situations where relations are not just
sets (example 24), but have additional structure (example 25)
in the form of enriched profunctors7, which can be seen as
generalized matrix algebra (example 27).

Encoding. Premises are encoded as the response-enriched
profunctor P : 𝑇 op ×𝑇 → R 𝐼 , e.g., P ( 𝐴, 𝐵) = 𝑏 and P ( 𝐴, 𝐶) =
P (𝐶, 𝐴) = ∗.
Completion. Inference follows from profunctor composition:
P ◦ P, or P 2 , which can be viewed as (generalized) matrix
multiplication, as shown for three-term subset {𝐵, 𝐶, 𝐷}:
𝑏 ∗ ∗
𝑏 ∗ ∗
𝑏 ∗ ∗
𝑐 𝑐 ∗ × 𝑐 𝑐 ∗ = 𝑐 𝑐 ∗
∗ 𝑑 𝑑
∗ 𝑑 𝑑
𝑑 𝑑 𝑑
Inference. The response indicating TI is obtained by applying
novel (non-adjacent) stimulus pair (𝐵, 𝐷), or (𝐷, 𝐵) to the
composite profunctor, i.e. P 2 (𝐵, 𝐷) = 𝑑 = P 2 (𝐷, 𝐵), which
assumes symmetry (i.e. 𝐴 ⊗ 𝐵  𝐵 ⊗ 𝐴).

Explicit transitive inference

Result: theoretical comparison/contrast
We proceed to compare and contrast implicit and explicit TI.
The basis for comparison is a categorical version of transitive
closure: implicit and explicit TI follow from composition of
enriched profunctors modeling the premises, thus deriving the
relations between non-adjacent stimuli. We consider a fiveterm series consisting of the set of terms 𝑇 = { 𝐴, 𝐵, 𝐶, 𝐷, 𝐸 },
corresponding to the five stimuli of a TI task. The theory
does not depend on this number of terms. No assumption
is made about the stimuli beyond being distinguishable from
each other. There are three aspects to a TI task: (1) encoding—
representing the premise relationships, e.g., 𝑎𝑅𝑏 and 𝑏𝑅𝑐,
(2) completion—adding the implied relations between other
pairs, e.g., 𝑎𝑅𝑐 and 𝑏𝑅𝑑, and (3) inference—correct response
to the test pair, i.e. 𝑏𝑅𝑑, which are detailed for each case.

Implicit transitive inference
We consider the following situation for implicit TI. On each
learning trial, participants are presented with a pair of stimuli,
e.g., ( 𝐴, 𝐵) and two response choices, i.e. 𝑎 and 𝑏 corresponding to the stimuli 𝐴 and 𝐵, respectively. A reward is given
when participants choose the response corresponding to the
preferred stimulus, i.e. 𝑏, or no reward otherwise. There are
five stimulus-specific responses, 𝑎, 𝑏, 𝑐, 𝑑 and 𝑒. Responses
are only defined for adjacent stimuli, obtained by reward reinforcement, responses to non-adjacent stimuli are undefined,
represented by the element ∗. The set of possible responses
is 𝑅 𝐼 = {∗, 𝑎, 𝑏, 𝑐, 𝑑, 𝑒}. The tensor product is given by the
following table:
×𝐼
∗
𝑎
𝑏
𝑐
𝑑
𝑒

∗
∗
∗
∗
∗
∗
∗

𝑎
∗
𝑎
𝑏
𝑐
𝑑
𝑒

𝑏
∗
𝑏
𝑏
𝑐
𝑑
𝑒

𝑐
∗
𝑐
𝑐
𝑐
𝑑
𝑒

𝑑
∗
𝑑
𝑑
𝑑
𝑑
𝑒

𝑒
∗
𝑒
𝑒
𝑒
𝑒
𝑒

There are two stimulus responses for explicit TI: inconsistent,
0, and consistent, 1. As for implicit TI, we adjoin element ∗
for undefined. The set of possible responses is 𝑅 𝐸 = {∗, 0, 1}.
The tensor product is given by the following table:
×𝐸 ∗ 0 1
∗
∗ ∗ ∗
∗ 0 0
0
1
∗ 0 1
constituting the monoidal category R 𝐸 = (𝑅 𝐸 , ×𝐸 , 1).
Encoding. Premises are encoded as the response-enriched
profunctor P : 𝑇 op ×𝑇 → R 𝐸 , e.g., P ( 𝐴, 𝐵) = 1, P (𝐵, 𝐴) = 0,
P ( 𝐴, 𝐶) = ∗, and P (𝐶, 𝐴) = ∗.
Completion. As for implicit TI, inference is obtained via profunctor composition, P 2 , exemplified as matrix multiplication
for three-term subset {𝐵, 𝐶, 𝐷}:
1 0 ∗
1 0 ∗
1 0 0
1 1 0 × 1 1 0 = 1 1 0
∗ 1 1
∗ 1 1
1 1 1
Inference. Responses indicating TI are obtained by applying
novel pairs (𝐵, 𝐷) and (𝐷, 𝐵) to composite profunctor, P 2 ,
i.e. P 2 (𝐵, 𝐷) = 1 and P 2 (𝐷, 𝐵) = 0.

Long-distance inference
This approach extends to long-distance inference: when there
is more than one intermediate term. For example, suppose a
six-term series, 𝑇 + {𝐹}, in which we have 𝑏𝑅𝑐 and 𝑐𝑅𝑑 and
𝑑𝑅𝑒 implies 𝑏𝑅𝑒; equivalently, 𝑏𝑅𝑐 and 𝑐𝑅𝑑 implies 𝑏𝑅𝑑 and
𝑏𝑅𝑑 and 𝑑𝑅𝑒 implies 𝑏𝑅𝑒. This situation is also obtained by
profunctor composition: P ◦ P ◦ P = (P ◦ P) ◦ P = P 3 . For
implicit TI, we have P 3 (𝐵, 𝐸) = P 3 (𝐸, 𝐵) = 𝑒. For explicit
TI, we have P 3 (𝐵, 𝐸) = 1 and P 3 (𝐸, 𝐵) = 0.

Comparison and contrast

constituting the monoidal category R 𝐼 = (𝑅 𝐼 , ×𝐼 , 1).
7That is a profunctor between enriched categories (remark 26).
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In comparison, both forms of TI involve transitive closure:
the relationships between non-adjacent pairs of stimuli are
obtained as (generalized) multiplication of the relationships
between adjacent stimuli given by the premise pairs. By contrast, stimuli are ordered by selection reward for implicit TI,
but relative spatial position for explicit TI. The implications
of these similarities and differences are discussed next.

Discussion
What does this comparison of implicit and explicit TI reveal?
The categorical view seems to support the extensive work in
comparative psychology examining TI in other species as a
window into the evolution of reasoning, as both forms are
instances of a universal construction8, i.e. a (categorified)
form of transitive closure. In this way, transitive closure is
common ground—the seedbed of higher cognition. However,
this unifying view belies a circumspect outlook for comparative psychology in understanding the emergence of reasoning.
Reasons for caution are discussed in the rest of this section.
A comparison also highlights the remaining differences.
Generalized (categorified) transitive closure works for any
monoidal category, like ordinary transitive closure works for
any relation. So, for example, a simple neural network that realizes multiplication of boolean matrices, as a monoidal category, suffices to realize a form of TI. Thus, the theory suggests
that some form of TI can be coerced from even very simple
organisms, assuming a nervous system. However, the trend
of attempting to find evidence of TI in ever simpler species
obscures another difference, i.e. the encoding of premises via
multi-shot reinforcement learning (implicit) versus one-shot
presentation (explicit). We assumed the encoding of premises,
without which neither paradigm can proceed. For explicit TI,
participants encode premises and make inferences on a trialby-trial basis, whereas implicit TI only requires an inference
from a single set of premises. Presumably, (some) non-human
species can be retrained on a different set of premises to make
another inference. The key question then is about how rapidly
new premises can be encoded, i.e. a capacity for transfer that
has been investigated via the learning set paradigms developed
for non-humans (Kendler, 1995). An analogous paradigm is
needed for non-humans to assess such capacity as crucial to
the development of higher cognition.
The relational schema induction paradigm was developed
for such purposes (Halford, Bain, Maybery, & Andrews, 1998;
Halford & Busby, 2007). Each task instance conforms to a
common relational structure (schema). Induction is tested by
first time performance on certain test trials. The difficulty of
each task is manipulated by the number of related variables,
or dimensions of task variation, i.e. relational complexity as
a factor differentiating species and age-groups (Halford, Wilson, & Phillips, 1998; Halford et al., 2014).9 This paradigm
could be adapted as a comparable form of explicit TI for testing non-human and prelinguistic cohorts.
One possibility is to incorporate the simultaneous chaining
paradigm (Terrace, 2005), used to test serial learning, as a test
of explicit TI in non-humans. For example, premise pairs of
say pictures are presented simultaneously on a screen so that
relative order is explicitly indicated by a visual cue, not their
relative spatial location: e.g., a red dot in proximity to the 𝑏
item for each (𝑎, 𝑏) premise pair indicating 𝑎 ≤ 𝑏. The non8See Mac Lane (1998) for this technical sense of universal.
9A category theory view is the arity of the underlying categorical
(co)product (Phillips, Wilson, & Halford, 2009).
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adjacent test pair (𝑏, 𝑑) is presented without the visual cue.
Participants are rewarded when the stimulus associated with
the red dot is touched for each pair in order (i.e. 𝑏, 𝑐, 𝑑, 𝑒).
Participants are also rewarded when they touch the 𝑑 element,
but not the 𝑏 element in the (𝑏, 𝑑) test pair. The prediction
that follows a capacity for explicit TI is straightforward: if
participants correctly touch the locations of the red dots in
the order corresponding to the sequence 𝑏, 𝑐, 𝑑, 𝑒 and they
correctly touch the location of the 𝑑 item in the test pair (𝑏, 𝑑)
for one five-term series, then they will correctly touch the
corresponding locations and item on first-time presentation
of a novel five-term series, i.e. the locations of red dots in
the sequence 𝑏 ′, 𝑐 ′, 𝑑 ′, 𝑒 ′ and the location of the 𝑑 ′ item in
the test pair (𝑏 ′, 𝑑 ′). Consistently responding this way on
the first presentation of each novel 5-term series is evidence
supporting a capacity for explicit TI.
This approach to testing explicit TI in nonverbal cohorts
can also be used to investigate development as a transition
from implicit to explicit TI. A category theory approach to
relational schema induction was employed to show how the
underlying schema is induced (reconstructed) from a series
of task instances (Phillips, 2021). A similar account applies
here, where TI is regarded as a relational schema over sets of
stimuli, rather than a property of a relation on a particular set.
The moral of this work is a familiar one (see Penn, Holyoak,
& Povinelli, 2008): explicit TI does not necessarily follow
directly from implicit TI despite a common root (transitive
closure).10 Explicit TI is an inference over instances, i.e. a
general rule versus a specific case, which can be seen as a
difference in representational rank (Halford et al., 2014).
If implicit and explicit TI are so different, why do the two
forms cohabit in older humans? An answer to this question
is also familiar in the form of dual-process theories (Evans,
2003; Wright, 2012). Slow, yet robust encoding of relations
affords survival advantages to individuals and their cohorts in,
for example, a stable social hierarchy (Grosenick et al., 2007).
Fast, yet fragile encoding of relations affords complementary
advantages in a dynamically changing world. A challenge then
is to balance these trade-offs and explain their emergence.
This analysis shows that implicit TI should be regarded as
a test of transitive closure, not transitive inference per se. The
premise relations need not be transitive. Indeed, preference is
not transitive, in general, as one can prefer 𝐴 over 𝐵 and 𝐵 over
𝐶, but not 𝐴 over 𝐶. However, the inference is not necessarily
fallacious, as participants may be seen as reinterpreting the
relation 𝑅 containing the premises as the extended relation
𝑅 + , which is always transitive.
A similar situation may arise for explicit TI if blocks of the
same colour in different two-block towers are interpreted as
different blocks: e.g., red above blue and blue’ above green.
In this situation, the transitive inference red above green does
not follow, since either blue and blue’ are not comparable (being in different towers), or blue’ is regarded as being above
10For a formal analogy, all monoids trace back to the one-element
monoid, i.e. the initial object in the category of monoids, but two
monoids need not be related by a monoid homomorphism.

blue relative to the common ground on which the towers stand.
However, instructions and feedback during practice trials provide the information needed to interpret blue and blue’ as the
same block, which affords the transitive inference.

• identity: 𝑓 ◦ 1 𝐴 = 𝑓 = 1 𝐵 ◦ 𝑓 for every 𝑓 ∈ M (C), and
• associativity: ℎ ◦ (𝑔 ◦ 𝑓 ) = (ℎ ◦ 𝑔) ◦ 𝑓 for every triple of
compatible morphisms 𝑓 , 𝑔, ℎ ∈ M (C).
C[ 𝐴, 𝐵] denotes the collection of morphisms from 𝐴 to 𝐵.
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Appendix A: Basic theory
Definition 1 (relation). Let 𝐴 be a set. A (binary) relation
on 𝐴 is a subset 𝑅 of the Cartesian product of 𝐴 with itself,
i.e. 𝑅 ⊆ 𝐴 × 𝐴 = {(𝑎, 𝑏)|𝑎, 𝑏 ∈ 𝐴}. We also write 𝑎𝑅𝑏 for pair
(𝑎, 𝑏) ∈ 𝑅, i.e. the relationship 𝑎 is R-related to 𝑏.
Definition 2 (reflexive, transitive). A relation 𝑅 on 𝐴 is called
reflexive if 𝑎𝑅𝑎 for every element 𝑎 in 𝐴; transitive if 𝑎𝑅𝑏
and 𝑏𝑅𝑐 implies 𝑎𝑅𝑐 for every triple of elements 𝑎, 𝑏, 𝑐 in 𝐴.
Example 3 (preorder). A preorder is a relation that is reflexive
and transitive. The usual order on numbers is a preorder.
Remark 4. The precede relation is not transitive in the sense
of 1 precedes 2 and 2 precedes 3, but 1 does not (immediately)
precede 3. Compare with the is-parent-of relation.
Definition 5 (transitive closure). Let 𝐴 be a set and 𝑅 ⊆ 𝐴 × 𝐴
a binary relation on 𝐴. The transitive closure of 𝑅, denoted
𝑅 + , is the smallest transitive relation on 𝐴 containing 𝑅.
Remark 6. The transitive closure of a relation 𝑅 ⊆ 𝐴 × 𝐴 can
be computed by iteratively adding the join of 𝑅 with itself,
i.e. 12 𝑅 = 𝑅 + {(𝑎, 𝑐)|∃𝑏 ∈ 𝐴, (𝑎, 𝑏) ∧ (𝑏, 𝑐) ∈ 𝑅}, to its fixed
point where no change obtains by further iterations, i.e. the
relation 1∞ 𝑅 = 𝑅 + , which terminates at 𝑘 when 1 𝑘 𝑅 = 𝑅 + .
Example 7 (graph). A directed graph 𝐺 = (𝑉, 𝐸, 𝑠, 𝑡) consists
of a set of vertices 𝑉, a set of edges 𝐸, and two functions
𝑠, 𝑡 : 𝐸 → 𝑉 returning the source and target vertex of each
edge, respectively. If a graph has at most one edge from a
given source to a given target, then the edges correspond to
the relation 𝐺 𝐸 = {(𝑠(𝑒), 𝑡 (𝑒))|𝑒 ∈ 𝐸 }. The transitive closure
of 𝐺 𝐸 adjoins an edge for each path in 𝐺, i.e. the reachability
graph with edges given by the fixed point relation 1∞ 𝐺 𝐸 =
𝐺 +𝐸 , which says that for vertices 𝑣, 𝑤 in 𝐺 if (𝑣, 𝑤) ∈ 𝐺 +𝐸 , then
𝑤 is reachable from 𝑣.
Remark 8. Transitive closure of a graph 𝐺 is computed via
matrix multiplication of the corresponding incidence matrix
𝑀 whose cell 𝑀 𝑗𝑖 = 1 if (𝑖, 𝑗) is an edge in 𝐺, otherwise
𝑀 𝑗𝑖 = 0, i.e. the fixed point matrix 𝑀 ∞ .
Definition 9 (category). A category C consists of a collection of objects, O (C) = { 𝐴, 𝐵, . . . }, a collection of morphisms,
M (C) = { 𝑓 , 𝑔, . . . }—a morphism written in full as 𝑓 : 𝐴 → 𝐵
indicates object 𝐴 as the domain and object 𝐵 as the codomain
of 𝑓 —including for each object 𝐴 ∈ O (C) the identity morphism 1 𝐴 : 𝐴 → 𝐴, and a composition operation, ◦, that sends
each pair of compatible morphisms 𝑓 : 𝐴 → 𝐵 and 𝑔 : 𝐵 → 𝐶
(i.e. the codomain of 𝑓 is the domain of 𝑔) to the composite
morphism 𝑔 ◦ 𝑓 : 𝐴 → 𝐶, that together satisfy the laws of:
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Example 10 (proset). A preordered set (or, proset) is a set 𝑃
together with a preorder ≤ on 𝑃, written (𝑃, ≤). A proset is a
category with objects 𝑝 ∈ 𝑃 and morphisms 𝑝 → 𝑞 whenever
𝑝 ≤ 𝑞. The set of natural numbers together with the usual
order, (N, ≤), constitute a proset, hence a category.
Remark 11. Cop denotes the opposite category: the objects
and “reversed” morphisms of C, e.g., (𝑃, ≤) op = (𝑃, ≥).
Examples 12 (functions, relations). Categories Set and Rel
have sets for objects and (respectively) functions and relations
for morphisms with function composition and relational join
as the respective composition operations.
Example 13 (graphs). The category Grph has (directed)
graphs for objects and graph homomorphisms for morphisms.
Remark 14. Directed graphs generally lack an edge (loop)
on every vertex and an edge for every path to be a category,
but every directed graph extends to a category by transitive
(and reflexive11) closure of edges as relations.
Definition 15 (functor). Let C and D be categories. A functor
is a map 𝐹 : C → D preserving:
• identity: 𝐹 (1 𝐴) = 1𝐹 ( 𝐴) for every object 𝐴 in C, and
• composition: 𝐹 ( 𝑓 ◦ 𝑔) = 𝐹 ( 𝑓 ) ◦ 𝐹 (𝑔) for every pair of
compatible morphisms 𝑓 , 𝑔 in C.
A functor is a category (cf. graph) homomorphism.
Examples 16 (hom-functors). A hom-functor preserves the
composition of morphisms in C as functions in Set.
a. C[ 𝐴, −] : C → Set; 𝑔 ↦→ (C[ 𝐴, 𝑔] : ℎ ↦→ 𝑔 ◦ ℎ).
b. C[−, 𝐴] : Cop → Set; 𝑓 ↦→ (C[ 𝑓 , 𝐴] : ℎ ↦→ ℎ ◦ 𝑓 ).
c. C[−, −] : ( 𝑓 , 𝑔) ↦→ (C[ 𝑓 , 𝑔] : ℎ ↦→ 𝑔 ◦ ℎ ◦ 𝑓 ).
Definition 17 (profunctor). Let C and D be categories. A
profunctor from C to D, written P : C ↛ D, is a (bi)functor
P : Dop × C → Set sending each pair of:
• objects (𝐷, 𝐶) to the set P (𝐷, 𝐶) and
• morphisms (𝑑 : 𝐷 → 𝐷 ′, 𝑐 : 𝐶 → 𝐶 ′) to the function
P (𝑑, 𝑐) : P (𝐷, 𝐶) → P (𝐷 ′, 𝐶 ′).
Remark 18. Profunctors are to functors as relations are to
functions. Compare the graph of a function 𝑓 : 𝐴 → 𝐵, i.e. the
relation Γ( 𝑓 ) = {(𝑎, 𝑓 (𝑎))|𝑎 ∈ 𝐴} ⊆ 𝐴 × 𝐵, with example 19a.
Examples 19 (functors to profunctors). A functor 𝐹 : C → D
determines two profunctors.
11Add relation (𝑎, 𝑎) for each 𝑎 ∈ 𝐴 (cf. transitive closure).

a. D[1, 𝐹] : C ↛ D; (𝑑, 𝑐) ↦→ D[𝑑, 𝐹 (𝑐)].
b. D[𝐹, 1] : D ↛ C; (𝑐, 𝑑) ↦→ D[𝐹 (𝑐), 𝑑].
Hom-functors C[ 𝐴, −] and C[−, 𝐴] (examples 16a, b) obtain
from (endo)profunctors C[−, 1] and C[1, −], where 1 is the
identity functor on C, by setting the other argument (−) to 𝐴.
Definition 20 (profunctor composition). Let P : C ↛ D and
Q : D ↛ E be profunctors. The profunctor composition of P
and Q is the profunctor Q ◦ P : C ↛ E defined as
!,
Þ
QP (𝐸, 𝐶) =
Q (𝐸, 𝐷) × P (𝐷, 𝐶)
∼
(1)
𝐷 ∈D

where (𝑒 ′, 𝑐 ′) ∼ (𝑒, 𝑐) whenever there exists an arrow 𝑑 ∈ D
such that 𝑒 ′ = 𝑑 ◦ 𝑒 ∈ Q (𝐸, 𝐷 ′) and 𝑐 ′ ◦ 𝑑 = 𝑐 ∈ P (𝐷, 𝐶).
Remark 21. Profunctor composition generalizes composition
of relations. Compare profunctors P : C ↛ D and Q : D ↛ E
and their composition, Q ◦ P : C ↛ E as (relation) diagrams
𝐸1 ` o

𝑞11

𝐷1 o

𝑞12

𝐸2 ` o

𝑞22

𝑝11

𝐶1

𝐸 1 ^ qm

𝑝21

~
𝐷O 2 `

𝐶2

x
𝐸2 f

𝐶3

𝐸3

(𝑞11 , 𝑝11 )

𝐶1
(𝑞12 , 𝑝21 )
(𝑞22 , 𝑝21 )
(𝑞12 , 𝑝23 )

𝐶2

𝑝23
𝑞23

𝐸3

𝑑23

𝐷3 o

(𝑞22 , 𝑝23 )
𝑝33

𝐶3

with join of corresponding relations, 𝑄 1 𝑃 (see remark 6).12

Definition 22 (monoidal category). A monoidal category
(M, ⊗, 𝐼) consists of a category M, a functor ⊗ : M × M → M,
called the tensor product, and an object 𝐼 in M such that ⊗ is
unital and associative up to isomorphism.13

Remark 23. A monoidal category is a “categorified” monoid.
For comparison, a monoid (𝑀, ·, 𝑒) consists of a set 𝑀, an operation · and a designated element 𝑒 ∈ 𝑀, called the unit, such
that · is unital, i.e. 𝑚 · 𝑒 = 𝑚 = 𝑒 · 𝑚 for all elements 𝑎 ∈ 𝑀,
and associative, i.e. 𝑎 · (𝑏 · 𝑐) = (𝑎 · 𝑏) · 𝑐 for all triples of elements 𝑎, 𝑏, 𝑐 ∈ 𝑀. A monoid is a one-object category whose
arrows correspond to the elements of 𝑀 and composition to
the operation, e.g., the integers together with addition and 0
as the unit constitute a monoid, (Z, +, 0), hence a category.
Example 24 (sets). (Set, ×, 1) is a monoidal category.
Example 25 (truth). The set of truth values with logical and
is monoidal, ({⊥, ⊤}, ∧, ⊤)—equivalently, ({0, 1}, ×, 1).
Remark 26. Monoidal categories are the basis of enriched
category theory used to model situations where the relations
between objects have more structure than sets of morphisms,
i.e. the hom-sets C[ 𝐴, 𝐵] are replaced with the objects of a
monoidal category, M. For instance, ordinary categories are
enriched in Set (example 24) and prosets are enriched in the
monoidal category of truth values (example 25).
12Note the analogy to matrix multiplication (see example 27).
13The unitors and associator are omitted (see Mac Lane, 1998).
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Example 27 (enriched profunctor). An enriched profunctor
is a (pro)functor of the form P : Dop × C → M. Composition
takes on the monoidal structure, seen as a form of generalized
matrix algebra with products and sums replaced accordingly.
E.g., Set (example 24) for profunctor composition (remark 21)
is replaced with (i.e. enriched in) boolean values (example 25)
yielding multiplication of matrices, 𝑀𝐸 𝐷 × 𝑀𝐷𝐶 = 𝑀𝐸𝐶 :
1
0
0

1
1
0

0
1
0

×

1
1
0

0
0
0

0
1
1

=

1
1
0

0
0
0

1
1
0

with sum as coproduct (Mac Lane, 1998), e.g., 1 + 1 = 1.
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Abstract
Agreement attraction (i.e. facilitatory interference manifested
by sped-up reading times) observed in establishing subjectverb number agreement by comprehenders when reading
ungrammatical sentences with number-matching attractor
nouns, has been long-established and cross-linguistically
validated. For languages with rich inflectional morphology,
case syncretism has been suggested to play a role in the
phenomenon. In the present self-paced reading study on Czech,
we show that unlike in other languages, facilitatory
interference is not observed and that not even case syncretism
is sufficient for its appearance. We put forward several possible
explanations for this anomaly exhibited by Czech compared to
other languages. We propose that the lack of semantic
agreement in the language could be one of these. Finally, we
discuss the implications of these results for the models of longdistance dependency resolution in comprehension.
Keywords: facilitatory interference; agreement attraction;
self-paced reading; case syncretism; sentence processing

Introduction
Hearers and speakers alike have long been observed to be
susceptible to the phenomenon of agreement attraction. In
production, it has been found that speakers often use the
wrong plural marking on a subject-agreeing verb following
NPs with plural attractor nouns that are linearly closer to the
verb than the subject and end up producing sentences such as
the following (e.g. Bock & Miller, 1991):
1) *The key to the cabinets were rusty.
Comprehenders on the other hand have been found to process
such sentences faster compared to those in which the attractor
noun does not share the plural feature of the ungrammatical
verb (Wagers, Lau, & Phillips, 2009). This effect has been
termed facilitatory interference.
In a pioneering study, Wagers et al. (2009) exposed native
English comprehenders to sentences such as the one above in
a self-paced reading task. Firstly, they found that when asked
to give binary acceptability judgments of such sentences,
comprehenders often rated them as acceptable despite their
ungrammaticality. Crucially, this illusion of grammaticality
in sentences with number-mismatching verbs was only
present when the attractor noun preceding the numbermismatching auxiliary was plural marked (cabinets) as

opposed to in the singular (cabinet). Their reading time data
also revealed the importance of the presence of the attractor
noun. In addition to longer reading times for ungrammatical
sentences, they found a relative speed-up of processing in the
post-verbal region just in those ungrammatical sentences
where the attractor number-matched the auxiliary (1). In
grammatical sentences, on the other hand no such difference
was observed.
This pattern of processing facilitation caused by the
interference of the attractor noun in subject-verb agreement
has since been replicated many times in the literature both in
English and cross-linguistically (Dillon, Mishler, Sloggett, &
Phillips, 2013; Lago, Shalom, Sigman, & Lau, 2015; Tucker,
Idrissi, & Almeida, 2015; Slioussar, 2018; Avetisyan, Lago,
& Vasishth, 2020; Jäger, Mertzen, Van Dyke, & Vasishth,
2020).
For instance, Lago et al. (2015) conducted a series of selfpaced reading experiments testing facilitatory interference in
Spanish. Expanding the research to cases of main verbs
requiring number agreement with the subject in the language,
they found evidence of facilitation both there and in sentences
with Spanish auxiliaries.
Facilitatory interference is not limited to cases of number
agreement. It has also been detected in cases of gender
agreement in Russian (Slioussar & Malko, 2016), Greek
(Paspali & Marinis, 2020), and Arabic (Tucker, Idrissi, &
Almeida, 2021). It has also been claimed in the literature that
facilitatory interference is present in other instances of
number agreement besides subject-verb pairs, for instance in
antecedent-reflexive relations in English (Parker & Phillips,
2017; Jäger, Mertzen, Van Dyke, & Vasishth, 2020).
Overall, a recent Bayesian meta-analysis of the literature
on facilitatory interference in dependency completion has
shown that the effect is robust and present cross-linguistically
(Jäger, Engelmann, & Vasishth, 2017).
The repeated replication of these effects has prompted
attempts at their theoretical explanation. One of the most
prominent family of theories addressing this topic are cuebased parsing models (Parker, Shvartsman, & Van Dyke,
2017). These models see facilitatory interference effects as
being caused by the nature of the processes of retrieval that
occurs when long-distance dependencies such as number
agreement between the subject and a finite verb need to be
established at the point where comprehenders reach the word
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requiring agreement. This contrasts with accounts that view
agreement attraction as being related to faulty representations
of subjects such as Marking and Morphing (Eberhard,
Cutting, & Bock, 2005).
According to the cue-based models, comprehenders store
incoming material as bundles of features. When it comes time
to establish a long-distance dependency, such as when a finite
verb that agrees in number with the subject appears, the
mechanism produces a probe that then directly accesses the
stored elements. Dependency is then formed based on the
match or mismatch of the probe with the stored features.
Here, we adopt the model published in Engelmann, Jäger, &
Vasishth (2019), which is an extension of the model put
forward in Lewis and Vasishth (2005). Both of these models
predict that in cases of mismatch in the features required by
the probe and the target, comprehension ought to be
hampered. However, should a partially matching attractor be
present, this slowdown is predicted to be attenuated – in other
words, facilitation is predicted. This is explained as a case of
misretrieval. According to the model, the mechanism is a race
process that chooses the element with the most activation as
the correct one to establish the dependency with. In the case
of ungrammatical sentences with partially matching
attractors, both the attractor and the target subject head match
the probe to some degree. Therefore, the degrees of their
activation are similar. It has been shown that when this is the
case, retrieval is faster compared to cases where there is a
clear winner (Logačev & Vasishth, 2016).
Crucial for the purposes of the current research, there have
been several studies examining agreement attraction effects
in languages with rich inflectional morphology, such as that
of Avetisyan et al. (2020) which focused on Armenian, and
of Slioussar (2018) examining Russian which is a language
typologically very similar to the language examined in the
current study, namely Czech.
Slioussar (2018) focused on the role of case syncretism in
the modulation of agreement attraction effects. In inflectional
languages, a word form is case syncretic if and only if it
corresponds to at least two different configurations of case
and number (Baerman, 2008). For example, in Czech, the
word form ženy of the lemma žena (woman) is case syncretic,
since the ending -y marks the genitive singular on the one
hand as well as the nominative, accusative and vocative
plural on the other.
In her research, Slioussar (2018) conducted three
experiments, namely a production sentence elicitation, a
speeded acceptability judgment, and a self-paced reading
study. The first experiment, which was a production task
based on Vigliocco, Butterworth, and Semenza (1995),
showed that native Russian speakers made the most
agreement attraction errors in elicited sentences when the
attractor word was in the accusative plural which is syncretic
with the nominative plural. Interestingly, attractors in the
genitive singular, which is also syncretic in the same way,
showed the second largest proportion of agreement errors.
The genitive plural, a non-syncretic form yet one sharing the

plural feature with the verb, attracted the smallest number of
errors.
In the two comprehension experiments, participants were
exposed to Russian sentences similar to the target sentences
in the production study. They differed in four additional
words that were modifying the predicate. Again, what was
manipulated was the number feature of the subject head, the
attractor and the predicate, and the case of the attractor. Half
the sentences that Slioussar’s (2018) participants saw were
ungrammatical due to a subject-predicate number agreement
error.
The speeded acceptability judgment experiment showed
that the interaction between the number of the attractor and
its case was significant. This means that case syncretism
played a role in how many incorrect responses were given by
participants. In ungrammatical sentences, the most errors
occurred when the subject head was singular, the attractor
plural and in the accusative case, a set-up in which there is
case syncretism with the nominative plural. Ungrammatical
sentences with singular heads and singular attractors in the
genitive case, which is syncretic with the nominative plural,
also attracted a number of errors reflecting illusions of
grammaticality.
The third experiment, a self-paced reading study, used the
same stimuli as the second. The main finding was that
facilitatory interference effects were present in the accusative
plural group as well as in the genitive singular group. Both of
these are syncretic with the nominative plural in Russian,
however only the former carries the plural feature.
What Slioussar (2018) takes the results of her two
comprehension experiments to suggest is that syncretism is
an independent factor – i.e. that the sameness of
morphological form can result in agreement attraction errors
and speed-ups in comprehension even without the attractor
possessing the number feature that concordant with the
predicate as evidenced by the condition involving singular
attractors in the genitive.
One issue with Slioussar’s (2018) design is that the contrast
between syncretic and non-syncretic attractors is achieved by
using different lemmas. This could be seen as introducing a
confound, since the use of different lexical items, in addition
to manipulating the status of syncretism, also changes the
semantics of the sentence.
In study on gender agreement attraction in Slovak by
Badecker and Kuminiak (2007), a language closely related to
Czech and mutually intelligible with it (Golubović &
Gooskens, 2015), it has been proposed that when it comes to
production, case syncretism not only on the attractor but also
on the subject head is necessary for gender agreement
attraction errors to occur. In this case, the subject head must
be syncretic between the nominative and accusative singular.
Although focused on production and gender agreement, the
findings may be informative for the role of syncretism in
agreement attraction effects in the comprehension of number
agreement. A Similar finding for gender agreement attraction
in comprehension has been documented by Slioussar and
Makarova (2021).
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Czech is a West Slavic language that extensively uses
inflectional morphology to express grammatical functions
(Sussex & Cubberley, 2006). There is both number and
gender agreement expressed. This is present not only between
subjects and verbs, but also within modified NPs between the
head noun and the adjective in both gender and number. In
the case of masculine nouns, there is additionally a different
pattern of agreement based on the noun’s animacy. Given its
use of inflectional morphology, Czech also exhibits “free
word order”. While SVO is typically considered the
canonical order, other configurations are possible and
common (Šimík & Wierzba, 2017). In all of these respects,
Czech differs significantly from languages that have received
most of the attention in the literature as far as the study of
agreement attraction is concerned. It is therefore of interest
to researchers to attempt to replicate agreement attraction
effects in this language.

The Current Study
In the present study, we tested whether facilitatory
interference could be observed in Czech and whether simply
the sameness of the phonological form between a particular
singular case and the nominative plural would be sufficient
for the interference to be present.
Given the results in the literature and the predictions of
cue-based models of parsing, we derive the prediction that
facilitatory interference would be replicated in Czech and
that, following the work of Slioussar (2018), non-plural
attractors with forms syncretic with the nominative plural
would also give rise to sped-up processing in the post-verbal
region. However, previous experiments on Czech conducted
by the authors (yet unpublished) where case syncretism was
not manipulated have shown no evidence of agreement
attraction effects (facilitatory interference) in the language. It
therefore remains plausible that effect is present in Czech
comprehenders, yet that it requires case syncretism as a
necessary condition to arise.
In order to test these predictions, we conducted two webbased self-paced reading experiments with native Czech
speakers in which we presented them with both grammatical
and ungrammatical sentences with complex NPs for subjects
that included an attractor word. The two experiments were
conducted in one experimental session with the same
participants. To test the role of syncretism whilst avoiding the
issue of Slioussar’s (2018) design, we manipulated the
gender of the attractor. We used animate attractors which
were either masculine nouns where the genitive singular is
not syncretic with the nominative plural (e.g. pekař – bakerM)
or the corresponding feminine forms of the same lemmas
created by the derivational affix -ka (pekařka – bakerF).
These feminine forms on the other hand do exhibit case
syncretism between the genitive singular and nominative
plural. Further, we manipulated attractor and auxiliary
number. The two experiments used the same syntactic
structure but differed in the subject gender (Experiment 1
employed feminine subjects whereas Experiment 2 used
masculine subjects). There were two reasons for this

difference. First, we wanted to control the possible
interference between subject and attractor gender. Second,
masculine subjects were in fact morphologically
homonymous (their nominative form was the same as their
accusative form), whereas feminine subjects did not exhibit
this type of syncretism. This is important given the results of
Badacker and Kuminiak (2007) and Slioussar & Makarova
(2021) who show that subject syncretism is important factor
influencing the very presence of agreement attraction effects.

Experiment 1: Feminine Subjects
Method
Participants
The sample consisted of 202 native Czech speakers, who
were students of Charles University and received course
credit for their participation. Their mean age was 22.86 years
(sd = 5.22) and there were 172 women, 27 men. Two
participants preferred not to answer the gender question. Nine
additional participants were excluded due to their response
accuracy on comprehension questions being lower than 75%
throughout the experiment.
Materials
We created a set of 24 items. Each item consisted of eight
conditions (2x2x2 within-subject design). All sentences had
SVO word order with a subject modified by a PP, which
included an attractor noun. This was followed by an adverb
and the future tense auxiliary, which is inflected for number
and person in Czech. The sentences continued with an
infinitive and finally, either a direct object or another PP.
Take the following example item (vertical bars indicate
regions and subscript is used for glosses):
2a. Zpráva | od | archivářkyGEN.F.SG=NOM.F.PL | nejspíš | budeSG
| zahrnovat | veškeré | nálezy.
2b. Zpráva | od | archivářekGEN.F.PL | nejspíš | budeSG |
zahrnovat | veškeré | nálezy.
2c. Zpráva | od | archivářeGEN.M.SG | nejspíš | budeSG |
zahrnovat | veškeré | nálezy.
2d. Zpráva | od | archivářůGEN.M.PL | nejspíš | budeSG |
zahrnovat | veškeré | nálezy.
2e. Zpráva | od | archivářkyGEN.F.SG=NOM.F.PL | nejspíš |
budouPL | zahrnovat | veškeré | nálezy.
2f. Zpráva | od | archivářekGEN.F.PL | nejspíš | budouPL |
zahrnovat | veškeré | nálezy.
2g. Zpráva | od | archivářeGEN.M.SG | nejspíš | budouPL |
zahrnovat | veškeré | nálezy.
2h. Zpráva | od | archivářůGEN.M.PL | nejspíš | budouPL |
zahrnovat | veškeré | nálezy.
ReportF.SG | from | archiverF.SG/F.PL/M.SG/M.PL | probably |
willSG/PL | contain | all | findings.
‘A report from the archiver/s (F/M) surely will (SG/PL)
contain all findings.’
Let us go through what is being manipulated in our items in
detail. Firstly, there is the auxiliary number manipulation.
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The sentences either contain bude, a singular-marked future
auxiliary, or budou, a plural-marked one. Since in all
sentences, the head of the subject, the sentences in the pluralmarked auxiliary condition were ungrammatical. Next, we
manipulated the attractor noun contained in the PP modifying
the subject head noun.
Here, two manipulations were at play, namely attractor
gender and attractor number. Starting with the latter
manipulation, we either had singular-marked attractors (2a,
2c, 2e, 2g) or plural-marked attractors (2b, 2d, 2f, 2h). Our
attractor gender manipulation served as a way to induce case
syncretism. Conditions with feminine attractors in the
singular (2a, 2e) were case-syncretic between the genitive
singular and nominative plural.
Apart from these experimental items, we used another 24
items for Experiment 2 (see below) and another 144 fillers
(all grammatical). In sum, participants read 192 sentences out
of which 24 were ungrammatical (12.5%).

Results
In Figure 1, transformed average reading times with 95%
confidence intervals of the items with feminine subjects may
be viewed. The verb region corresponds to the finite future
tense auxiliary bude/budou, while the verb + 1 region covers
the infinitive, which is zahrnovat (to contain) in our example
item in (2a-h).

Procedure
The experiment was conducted on the IbexFarm and
PCIbex online platforms (Drummond, 2013; Zehr &
Schwartz, 2018). Participants were given a link to the
experimental site. After filling out demographic information
and their native language, they were instructed to read
sentences presented in a moving display which they could
move forward by pressing the spacebar. Their task was to
then answer binary comprehension questions.
Analysis
For the analysis (pre-registered at https://bit.ly/3rdVPV6),
we transformed the collected RT data in order to obtain a
normal distribution. Based on the results of the Box-Cox Test
(Box & Cox, 1964), we chose the inversely transformed
square root of RTs (1/sqrt[RTs]). We then multiplied the
scores by −1000 to ensure that the coefficients had the same
sign and to avoid very small values or overly restricted ranges
for the dependent variable (see Baayen & Milin, 2010).
Differences in transformed RTs were analysed in the R
programming language (R Core Team, 2022) using linearmixed effects models with the lme4 package (Bates et al.,
2014). The degrees of freedom and p-values were estimated
using Satterthwaite’s approximations from the lmerTest
package (Kuznetsova et al., 2017). Three fixed effects (verb
number, attractor number, and attractor gender) were
included together with their interactions. As random effects,
we included individual intercepts for participants and items.
The inclusion of random slopes was determined following
Bates et al. (2015). The beta estimates, standard errors (SEs),
t-values, and p-values are reported (only for statistically
significant results).
We used sum contrast coding for the analysed variables
(for attractor number and verb number: plural = 1, singular =
-1; for attractor gender: feminine = 1, masculine = -1).

Figure 1: Transformed average RTs together with 95%
confidence intervals for the two regions of interest (verb,
verb+1) in Experiment 1.
The linear-mixed model for the verb region included verb
number as a random slope for items and no random slope for
participants. The model yielded only one significant effect:
verb number (β = 0.442, SE = 0.115, t = 3.84, p < .001). No
other effects or their interactions reached significance.
The linear-mixed model for the verb+1 region included
verb number as a random slope for participants and no
random slope for items. Verb number was a significant effect
in the model (β = 1.335, SE = 0.133, t = 10.051, p < .001),
but again, no other effects or their interactions reached
significance.
Thus, no agreement attraction effects were documented in
this experiment.

Experiment 2: Masculine Subjects
Method
Participants
Since the two experiments were run in the same session,
the same sample was used as in Experiment 1.
Materials
We used 24 items and each item consisted of eight conditions.
The structure was identical to the stimuli used Experiment 1,
the only difference was the subject gender which was
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masculine inanimate. Consider examples 3a–3h (vertical bars
indicate regions and subscript is used for glosses):
3a. Podklad | od | organizátorkyGEN.F.SG=NOM.F.PL | zjevně |
budeSG | vzbuzovat | velkou | důvěru.
3b. Podklad | od | organizátorekGEN.F.PL | zjevně | budeSG |
vzbuzovat | velkou | důvěru.
3c. Podklad | od | organizátoraGEN.M.SG | zjevně | budeSG |
vzbuzovat | velkou | důvěru.
3d. Podklad | od | organizátorůGEN.M.PL | zjevně | budeSG |
vzbuzovat | velkou | důvěru.
3e. Podklad | od | organizátorkyGEN.F.SG=NOM.F.PL | zjevně |
budouPL | vzbuzovat | velkou | důvěru.
3f. Podklad | od | organizátorekGEN.F.PL | zjevně | budouPL |
vzbuzovat | velkou | důvěru.
3g. Podklad | od | organizátoraGEN.M.SG | zjevně | budouPL |
vzbuzovat | velkou | důvěru.
3h. Podklad | od | organizátorůGEN.M.PL | zjevně | budouPL |
vzbuzovat | velkou | důvěru.
Document | from | organiserF.SG/F.PL/M.SG/M.PL | apparently |
willSG/PL | inspire | great | confidence.
‘A document from the organiser/s (F/M) apparently will
(SG/PL) inspire great confidence.’
Procedure and analysis
Both the procedure and the analysis were identical to
Experiment 1.

Results
Figure 2 shows the transformed RTs with 95% confidence
intervals for the items used in Experiment 2.

Figure 2: Transformed average RTs together with 95%
confidence intervals for the two regions of interest (verb,
verb+1) in Experiment 2.
The linear-mixed model for the verb region did not include
random slopes due to singularity problems (see Bates et al.,
2015). The model yielded only one significant effect: verb

number (β = 0.431, SE = 0.096, t = 4.474, p < .001). No other
effects or their interactions reached significance.
The linear-mixed model for the verb+1 region included
verb number as a random slope for both participants and
items. Verb number was a significant effect in the model (β =
0.919, SE = 0.135, t = 6.804, p < .001). The model also
yielded two more significant effects: attractor gender (β =
0.275, SE = 0.1, t = 2.749, p < .01) and the three-way
interaction between attractor gender, attractor number and
verb number (β = -0.204, SE = 0.1, t = -2.04, p < .05).
Interaction between these effects would be indicative of
agreement attraction – however, in this case, it appears to
have been caused by the conditions with masculine attractors.
These were in fact associated with faster RTs for masculine
attractor conditions in the ungrammatical condition and the
condition with masculine singular attractor in the
grammatical condition (see Figure 2). In other words, this
interaction points to a speed-up for the grammatical items
rather than to facilitatory interference in ungrammatical ones
(agreement attraction).

General Discussion
In the current study, we aimed at testing whether agreement
attraction facilitatory interference effects are present in Czech
when comprehenders need to establish long-distance number
agreement dependencies and are faced with ungrammatical
sentences with linearly close attractors. We also examined the
possible role of case syncretism in modulating this effect. To
do so, we conducted two web-based self-paced reading
experiments in a single session.
Given the results reported in previous literature on a variety
of languages, there was an expectation that the facilitatory
interference effect would be replicated in Czech. Following
Slioussar’s (2018) study, we predicted that attractors sharing
the same form with the nominative plural, yet not possessing
the plural feature, would also facilitate comprehension.
Simple facilitatory interference would have been evidenced
by a two-way interaction of attractor and verb number, while
the role of syncretism was predicted to be seen in a three-way
interaction between attractor number, verb number, and
attractor gender. If the subject case syncretism were also a
necessary condition for the effect, facilitatory interference
was predicted to be present only in Experiment 2 with
masculine subjects (which were homonymous between
nominative and accusative singular forms).
Our data suggest that none of these predictions have been
borne out. We observed no significant two-way interactions
between attractor number and verb number in either
experiment. There was also no three-way interaction
observed in Experiment 1. While Experiment 2 revealed a
significant interaction between the three manipulations, it
seems to be driven not by the syncretic conditions with
feminine attractors, but instead by masculine attractors in
grammatical sentences with singular-marked auxiliaries.
Comparing our study’s results to those of Slioussar (2018),
we observe a marked difference between Russian and Czech
in the effect of case syncretism in enabling facilitatory
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interference in the former and having no effect in the latter.
Before considering an explanation that is rooted in
substantive structural differences between the two languages,
we review several points of departure between our study and
that of Slioussar (2018) that are of interest when interpreting
the nonconverging results.
Firstly, Slioussar (2018) used the past tense of the verb to
be, which is, both in Russian and Czech, inflected for both
number and gender. In our study, on the other hand, we used
the future tense of the verb, which is used as an auxiliary in
Czech and only agrees with the subject in number,
specifically to avoid this issue. While the gender of neither
the attractors nor of the subject heads was manipulated in
Slioussar’s (2018) study, the necessity of gender agreement
in addition to number agreement in her stimuli could have
had an effect on the course of the process of long-distance
dependency completion given the additional feature and cue
of gender.
The lack of agreement attraction effects (facilitatory
interference) found cannot be easily attributed to any issue
connected to the experimental setup or the lack of attention
given by our participants, since we observed a main effect of
of grammaticality. This showed that comprehenders’ reading
times slow down when they encounter ungrammatical
auxiliaries that do not match the subject head in number.
These effects are large and appear immediately on the
auxiliary, continuing in the verb + 1 region. This is indicative
of comprehenders being influenced by the incorrect
agreement pattern. Thus, it is unlikely that the lack of
facilitation was caused by comprehenders not being sensitive
to agreement violations. As for our participants possibly not
paying close enough attention to our stimuli, this objection
can also be countered by the observed ungrammaticality
slowdowns. Additionally, an analysis of comprehension
accuracy measured as the proportion of correct responses to
questions following the stimuli sentences showed that
overall, our participants were highly accurate (mean accuracy
= 93.46%, SD = 4.19%) and therefore, we can assume
sufficient attention was given to the presented sentences.
The observed difference in the pattern exhibited by
sentences with masculine subject heads compared to those
with feminine ones requires discussion. While the results of
Experiment 1 with feminine subjects show a pattern that,
while not in line with our predictions, is nevertheless clear,
masculine subjects present a challenge for interpretation.
We speculate that the unexpected behaviour of masculine
items could have been caused by an underspecification of the
representation of the subject head. Since Czech is a “free”
word order language, OVS orders, albeit not canonical, are
possible and sometimes preferable depending on factors such
as information structure (Šimík & Wierzba, 2017). Since we
used subjects that were inanimate and thus syncretic between
the nominative and accusative singular, comprehenders could
have treated them either fully as direct objects or
underspecify their representation as plausibly either objects
or subjects. At the point of the verb (and possibly also the
verb + 1) region, the sentences in Experiment 2 could have in

fact continued grammatically if followed by a noun in the
nominative case.
While the current study focused on testing for facilitatory
interference, inhibitory (i.e. observed slow-downs)
interference in grammatical sentences has also been reported
in the literature (e.g. Van Dyke & McElree, 2011). Our
experiment did not reveal any inhibitory interference in
grammatical sentences with feminine subjects. In the case of
masculine subject heads (Experiment 2), not only did we not
see inhibition, we have some evidence for facilitation in the
post-verbal region in the case of grammatical sentences with
singular attractors. This is the opposite of what cue-based
models predict (Engelmann et al., 2019).
Overall, the current study goes against the predictions of
the theories attempting to explain cases of facilitatory
interference in ungrammatical sentences with plural
attractors. However, within the Engelmann et al. (2019) cuebased model, these results might be accommodated by
hypothesising that in Czech, the weight of the structural cue
is overall larger, given the reliance on formal syntactic
agreement. This point is, we believe, supported by the
relative lack of semantic agreement in the language (Hahm,
2010), i.e. agreement with the subject’s semantic rather than
grammatical number (e.g. The government were concerned).
This is a point of difference when comparing Czech to either
English or Russian. These are both languages that exhibit
semantic agreement, for example Russian allows for
masculine marked nouns to refer to female individuals with
relative pronouns or predicative adjectives agreeing with the
natural gender of the referent rather than the grammatical
gender of the expression (Sturt & Kazanina, 2021). British
English allows for collective nouns to exhibit plural subjectverb agreement while being marked as singular (Smith,
2017). Such agreement patterns are ungrammatical in Czech
(Corbett, 1979; 1983).
As per the limitations of the current study, one issue is that
we were only testing attractors that are syncretic with the
nominative plural yet also unambiguously singular given the
preceding preposition used. It remains plausible that both
syncretism and having the plural feature are necessary and
jointly sufficient conditions for facilitation to appear in Czech
comprehenders. Further research is therefore in order to test
whether even in such cases Czech remains a language without
facilitatory interference effects.

Conclusion
We studied whether the widely cross-linguistically validated
phenomenon of number subject-verb agreement attraction
facilitatory interference in comprehension replicates in
Czech. We also examined whether case syncretism on its own
would be sufficient for the effect to appear. Our study
suggests that neither of these hypotheses can find evidential
support in our data. We saw no evidence of facilitatory
interference. This was neither in the case of attractors
matching the auxiliary in the number feature nor in singular
attractors syncretic with the nominative plural.
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Abstract
The ancient Greek hero Ulysses chose to bind himself to resist the temptation of Sirens, highlighting the fact that humans
may voluntarily sacrifice their freedom of choice to achieve
committed goals. In this work, we propose a computational
model for such commitment under the framework of Bayesian
Theory of Mind. The model is based on the idea that even
when alone, humans act to better demonstrate their intentions
to an imagined third-party observer (ITO) censoring their actions. Our model successfully captures the Ulysses-constraint
of freedom, as the freedom confuses the ITO’s inference of
their intention. We further show that, trajectories generated
both by human actors and actors modeled with ITO censorship
are easy to interpret both in the eyes of an actual human observer and an ITO. The results demonstrate that under conflicting desires, humans achieve commitment by spontaneously
censoring their actions with an internalized theory of mind.
Keywords: conflicting desires; intention; commitment; metacognition; internalized theory of mind

Introduction
Humans are purposeful agents who act to fulfill desires. Yet,
human minds are often full of desires incompatible with each
other. The ancient Greek hero Ulysses wanted to hear the
Siren’s song, yet he was also eager to safely return to homeland without being seduced by the Siren — in the end he voluntarily surrendered his freedom and bound himself to a mast
to resist the temptation. We mundane people also constantly
experience this contradiction within ourselves: People suffer
from conflicting desires as if they have multiple selves; part
of you wants longevity while another part is addicted to alcohol (Schelling, 1984). This multiple-selves dilemma has long
been discussed in philosophy (Elster, 1987) and psychology
(Freud, 1923), while the cognitive and computational mechanisms of why humans can generally act coherently under
conflicting desires are still unclear.
The traditional action theory in philosophy asserts that desires, despite their complexity, are sufficient for directly generating any action when combined with beliefs (Audi, 1974;
Davidson, 1963). Rational actions can be defined as the ones
that are expected to fulfill desires (Dennett, 1987). In decision
theory and artificial intelligence, this insight has been formulated as designing algorithms to maximize expected utilities (MEU) (Von Neumann & Morgenstern, 1953; Russell &
Norvig, 2002). Complex desires can be simultaneously maintained by defining all of them as part of the reward function.
Agents do not need to make the hard choice among desires
and can simply act to maximize expected utility, where the
expectation is jointly evaluated by the probability of all future states and how well the states can satisfy all desires.

The power of MEU has been demonstrated by modern AI
such as deep reinforcement learning, which is able to generate
complex intelligent behaviors, reaching human-expert level
performance in games like Atari (Mnih et al., 2015) and Go
(Silver et al., 2016, 2017). The importance of modeling desires has also been widely accepted in cognitive psychology,
such as Theory of Mind (ToM), assuming that humans spontaneously explain others’ actions by attributing them to the
combination of beliefs and desires (Wellman, 2014). Combining Bayesian inference and MEU, it has been shown that
human decision making can be considered as a naive utility calculus with positive rewards and negative costs (JaraEttinger, Gweon, Schulz, & Tenenbaum, 2016).
On the other hand, intention models are based on the assumption that other than beliefs and desires, intention is also
an indispensable mental state. Intention is the “deliberation”
of what to do based on belief as the information and desire
as the motivation (Bratman, 1987). Desires do not directly
drive human actions but are instead mediated by intentions
(Harman, 1986; Searle, Willis, et al., 1983). Intention-based
actions do not consider the expectation of all future states
evaluated by all desires but requires deliberation of what desires to choose. Intention then serves as a proactive commitment to a fixed plan towards a specific goal (Bandura, 2001).
Therefore, any conflicting nature of desires must be “filtered out” before forming an intention to execute actions: An
agent is allowed to desire conflicting things but not to intend conflicting things (Bratman, 1987). The philosophical
theory of intention has been supported by human empirical
studies using introspection and self-reports (Malle & Knobe,
2001; Perugini & Bagozzi, 2004; Schult, 2002). The feasibility of modeling intention computationally has also been
demonstrated: Early work of logical AI formalizes intention
as selecting a goal for persistent pursuit (Cohen & Levesque,
1990). More recently, intention has been modeled as optimizing the order of destinations with different rewards, which
allows the model to focus on one destination at a time (JaraEttinger, Schulz, & Tenenbaum, 2020).
Another study focused more on the psychophysics of intentional actions in adults (Cheng et al., 2021). In a 2D navigation task, it compared humans with an optimal Markov Decision Process (MDP) model. The results showed that human
actions qualitatively deviate from modeled actions with several behavioral signatures of intentional commitment: “Disruption resistance,” with which humans persistently pursue a
plan despite setbacks; “Temporal leap”, where people commit to a distant future even before achieving the proximal
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Figure 1: Ulysses and Siren. Ulysses faces two paths: one
with the option to go to the Siren, and the other one with the
fixed future of going home only.

one; “Ulysses-constraint of freedom”, which, especially related to the current work, refers to the proactive constraint
of one’s freedom by avoiding a path that could lead to many
futures, similar to Ulysses’s self-binding to resist the temptation of the Siren’s song (Fig. 1). In the study, participants
were given the opportunity to “self-bind” at a crossroad with
two paths: an open-ended path that could lead to two destinations, or a fixed-future path that leads to only one destination. Similar to the spirit of Ulysses, participants are biased
towards choosing a path that leads to one fixed future, instead
of the one with the freedom to choose different destinations.
Such behavior is essentially the participants’ declaration to
maintaining a fixed intention. Since participants finished the
tasks individually, the Ulysses-constraint of freedom can be
taken as a “self-declaration” without being influenced by others. Together, these behavioral results show the inflexibility
of human actions, indicating that they are indeed driven by
committed intentions, instead of the desire to optimize the
expectation of multiple rewards.

Intention commitment
through an internalized theory of mind
ToM serves as the basis for people to understand others’ actions. People further use it to censor their own actions to
present a better version of themselves to others (Goffman et
al., 1978). Once such mindset is internalized, even when people are alone by themselves, they would still imagine an observer being present and act in a way that satisfies his expectations. The ability to view one’s own mind from an objective perspective has been considered as a great achievement of
human rationality (Dennett, 1996), which has also been highlighted as a type of meta-cognitive process (Flavell, 1979;
Bandura, 1989). Applying the Ulysses-constraint of freedom
phenomenon, people chose to abandon the choice with multiple destinations in order to let the imagined observer understand their intentions more easily.

Empirical studies on commitment
Commitment is the hallmark of intention. Empirical studies on commitment were first explored by economists, who
found that humans are not fully rational as utility-maximizers
due to the fact that their preferences may change over
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Action

Figure 2: A meta-cognitive model of intention.
time—referred to as the “changing tastes” problem (Strotz,
1955). To forestall the changing tastes, commitment has been
proposed as a regulation device to deal with the temporal
fluctuations of preferences (Thaler, 1980; Schelling, 1980;
Bryan, Karlan, & Nelson, 2010). However, economists’ focuses are on explaining consumers’ behavior and providing
high-level commitment strategies, instead of the cognitive
mechanisms of intentional commitment under ToM.
Psychological researchers, on the other hand, have been
looking into how people control their desires executively
since the time of Sigmund Freud. When faced with temporal
fluctuations of preferences, a lack of self-control frequently
leads to inconsistency in behavior (Ainslie, 1975). One classic demonstration of executive control is children’s ability to
suppress current impulses in exchange for larger future advantages (Mischel, Ebbesen, & Raskoff Zeiss, 1972; Choe,
Keil, & Bloom, 2005). Although children do not understand
internal conflicting desires until they are at least 7 years old
(Choe et al., 2005), they appear to demonstrate persistence
towards a specific goal as early as infancy (Leonard, Lee, &
Schulz, 2017). These findings indicate people’s capability
to self-regulate to resolve conflicting desires. Yet, it is not
clear how the commitment is achieved through self-control,
especially how it can be computationally formalized through
a modern Bayesian ToM (BToM) model (Baker, Saxe, &
Tenenbaum, 2009).

A meta-cognitive model of intention
We focus on how the self-declaration of intention can be modeled as an internalized BToM, which works as an imagined
third-party observer (ITO) constantly monitoring and censoring one’s own actions. Here we only consider the scenario
with two possible goals, while the model can be easily generalized to multi-goal situations (Fig. 2). The model has the
following stages:
(A) Action planning before committing Before committing to an intention, an agent acts by considering all possible
rewards and aims to maximize the expected utility. We solve
the problem of planning with rewards as a Markov Decision
Process (MDP) model whose terminal states are all desired
goals. Consider there are two goal states, A and B, with terminal rewards rA , rB respectively. The agent’s reward function is defined as the averaged reward:
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intention from the posterior distribution of the two intentions
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decision rule to allow for re-planning (Bratman, 1987), as it
is possible for agents to switch intentions after committing.
(D) Intention-based reward shaping. Once an intention
has been committed, only the one reward term consistent with
the intention will be maintained, while all others will be ignored for future action planning.
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server (ITO) perspective.

Figure 3: Meta-cognitive processes of intention.

r = (rA + rB ) /2

(1)

Given this reward function, the action policy can be obtained from classic dynamic programming algorithms such as
Value Iteration (Bellman, 1957). This policy implies that the
agent acts to maximize the expectation of all rewards without
committing to a specific goal. The output of this uncommitted
policy Pβ (action | state) is based on a soft-max function with
a rationality parameter β. When β → 0 , the agent acts randomly; when β → +∞, the agent acts greedily by the optimal
solution. Here we chose β = 2.5 following previous studies
in modeling human actions with MDP (Baker et al., 2009).
(B) Self-monitoring. The observed actions generated in
step (A) are constantly monitored by the ITO (Fig. 3a). Although the generation of an action is not based on any specific
intention, the ITO always tries to attribute it to an intention
through Bayesian goal inference (Baker et al., 2009).
Pβ (intention | action1:T , state1:T )
T

∝ ∏ Pβ (actiont | statet , intention) P(intention)

(2)

t=1

The action likelihood, Pβ ( actiont | statet ), is derived from
an optimal policy of an MDP whose terminal state is the
agent’s intention with a reward function defined as r =
rintention . The output of this self-monitoring process is the
posterior probability of all possible intentions.
(C) Commit or not? Once having a posterior distribution
of intentions calculated from self-monitoring, the agent needs
to decide whether to commit, and if so, which one of the two
intentions to commit to. The decision is based on the difference of posterior probability between two intentions:
∆Posteriors = |P(A) − P(B)|

(3)

This difference can be modeled as a Just-noticeable difference (JND), which is a standard protocol in modeling human
perception in psychophysics (Weber’s Law). If ∆Posteriors <
JND, no intention will be selected, and the agent will continue to follow the uncommitted policy defined in Step (A);
If ∆Posteriors > JND, the agent will commit by sampling an

(4)

(E) Self-censoring. If an intention is sampled in Step (C),
the agent will commit to it through a self-censoring process
(Fig. 3b). Unlike self-monitoring, which infers the agent’s intention given an already generated action, self-censoring evaluates possible future states by simulating the consequences of
different actions and how the future states will influence the
ITO’s inference of the agent’s intention. The purpose of selfcensoring is to discourage the agent from entering states that
will confuse the ITO’s in recognizing the already-committed
intention. This is achieved by defining the desirability of a
state rsel f −declaration to be the likelihood ratio of entering that
state given the committed intention. Intuitively, this will encourage the agent to enter states that only the committed intention can lead to while others cannot. This likelihood is
computed by integrating out the action probability given policy and transition uncertainty.
P (statet+1 | statet , intentioncommitted )
∑intention∈I P (statet+1 | statet , intention)
(5)
P (statet+1 | statet , intention)
rsel f −declaration =

=

∑

P (statet+1 | st , action) P (action | statet , intention)

action∈A

(6)
(F) Action planning with self-commitment. Considering
both (D) and (E), the agent will take actions that 1) physically leads to the goal and 2) mentally facilitates the ITO’s
inference. The committed policy is solved by an MDP with
reward function defined by a weighted sum of rintention and
rsel f −declaration :
r = rintention + αrsel f −declaration
(7)
where α ∈ [0, +∞) is a declaration parameter. When α →
+∞, the agent acts to best declare its commitment through
facilitating the ITO’s inference of its intention.

Experiments
Overview
Here we tested our theory of commitment by modeling a previous human experiment and running a new human experiment. In Experiment 1, we used our model to explain the
behavioral signatures of Experiment 2 of the Cheng et al.’s
(2021) study (stimuli can be found at https://osf.io/k5e69/) including “disruption resistance” and “Ulysses-constraint”. Experiment 2 further tested the “Enhanced legibility” assumption that humans should purposefully demonstrate their intentions in order to make it easier for an observer (human or
Bayesian model) to infer their intentions.
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Crossroad
Fixed-future path
leading to one destination

Open-ended path,
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First position revealing
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Figure 5: Design of the deliberate disruption. Design of
the deliberate disruption. Once an agent revealed its destination, it was immediately pushed back to a position equally
distanced between the two destinations.

100

Experiment 1: Modeling Ulysses-constraint and
disruption resistance
The goal of this modeling experiment is to use our model to
explain behavioral signature of intentional commitment observed in Experiment 2 of the Cheng et al.’s (2021) study .
In the experiment, humans are required to reach one of two
goals in a 2D map, with carefully designed crossroads that
lead to two paths: One that constrains agents towards one
fixed destination, and the other one with options to switch
(Fig. 4). The result demonstrated the Ulysses-constraint, indicated by the fact that humans prefer the fixed-destination
path over the open-ended one, even though the expected utility of taking the two paths was identical from a reward maximization perspective. In addition, the number of steps for
the humans to reach the crossroad was systematically manipulated, varying from [0, 1, 2, 4, 6] steps. The effects of
Ulysses-constraint gradually increase as the number of steps
to reach the crossroad increases, suggesting that intentional
commitment does not emerge immediately but takes time and
deliberation. To reveal the behavioral signature of “disruption
resistance”, there was noisy drift that would drag the agents
away from their intended locations during the entire course
of the experiment. The design was to cover for a special trial
added at the end of the experiment. In this trial, the drift was
not random but deliberately designed so that when the agent
first revealed its destination to reach, the drift would drag the
agent back to a position equally distanced from the two destinations (see Fig. 5). Instead of re-planning and choosing
the two destinations with equal probability, humans strongly
prefer to fight back at the disruption and resume their pursuit
of the originally revealed destination.
In our study, we predict that an agent controlled by our
intention model can demonstrate both the Ulysses-constraint
and the disruption resistance phenomena. In contrast, a desire model without intentional commitment, implemented as
including only step (A) of the intention model, should not be
able to demonstrate either of the two.

Humans
Intention Model
Desire Model

90
80

100

% Reaching the original destination

% Choosing the fixed-future path

Figure 4: Design of the crossroad. An agent at a crossroad. Agents can either choose a fixed-future path that leads
to one destination (orange arrow) or choose an open-ended
path that could lead to both destinations (green arrow). This
is an sample map of 6-steps-to-crossroad condition, defined
as the length of the shortest path between the agent’s starting
position (dashed blue circle) and the crossroads was 6.
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(a) Ulysses-constraint of freedom. Percentage of choosing the
fixed-future paths as a function of
steps-to-crossroad.
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(b) Disruption resistance.
Percentage of reaching the
original destination with
different types of agent.

Figure 6: Experimental results. The error bars reflect 95%
confidence intervals.

Results
Results of both intention model and desire model, together
with human experiment results from Cheng et al. (2021) are
shown in Fig. 6a. For the intention model, we fitted the
threshold parameter to JND = 0.08 and the declaration parameter to participants’ judgments to α = 5.5 by minimizing the sum of squared errors between model’s and humans’
choices between the two paths across all steps-to-crossroad
conditions; r = 0.98, RMSE = 0.075. For the desire model,
there was no free parameter to fit. Both the intention model
and the desire model used a fixed rationality parameter β =
2.5, which match the overall task performances of humans’
2D navigation. The desire model shows 50% under all conditions, regardless of the rationality parameter. Consequently,
we cannot apply the same method of model fitting. Instead,
we adjust the model parameters to match the number of steps
humans need to reach their goals.
Ulysses-constraint of freedom Overall, the intention
model preferred the fixed-future path (59%; 95% CI
[0.56,0.62]) over the open-ended path (41%) (one sample ttest with a 50% baseline, t(19) = 4.17, two-tailed p < 0.001,
BF10 = 11150, d = 1.52). The main effect of steps-tocrossroad was significant (F(4, 95) = 19.34, p < 0.001 ,
η2p = 0.45 ). They chose the fixed-future path more at steps
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2, 4, 6, as revealed by one sample t-test with a 50% baseline
(all ps < 0.05 ). Post-hoc analyses further indicated that this
preference was much stronger at steps 4 and 6, compared with
step 2 (all ps < 0.05).
This pattern is consistent with human data which shows no
commitment at step 0 and 1. According to our model, this is
because at these two steps, there is not enough evidence for
the ITO to strongly favor one intention over the other, hence
triggering the commitment. Once enough trajectory information has been obtained (after step 2), the ITO can infer the
intentions with posterior high enough to trigger commitment.
The agent will bias against the open-ended path, as here it is
difficult for the ITO to infer the agent’s intentions with both
being able to explain the actions. As expected, the desire
model shows no preference at all crossroads simply because
the expected utility of taking these two paths are identical.
The intention model with the same parameters also explains disruption resistance in human behavior (90%; 95% CI
[0.76,1]) by reaching the original destination much more than
the chance level (Fig. 6b) (one sample t-test with a 50% baseline, t(19) = 13, two-tailed p < 0.001 , BF10 = 1.36e + 08 ,
Cohen’s d = 2.91 ), while the result of the desire model (55%;
95% CI [0.31,0.79]) showed no difference to a chance level.
These results demonstrate that the intention model captured
both the “Ulysses-constraint of freedom” and “disruption resistance” signatures of human intentional actions.

Experiment 2: Enhanced legibility
The core of our theory of intentional commitment is that humans act to make it easier for an ITO to infer their intentions.
Beyond reporting the signatures in the Cheng et al.’s (2021)
study, our model also generate predictions that can be tested.
First, it predicts that human observers should actually find
the destinations of trajectories generated by humans and the
intention model easier to predict, compared with those generated by the desire model. We refer to this prediction as
“enhanced legibility.” Note that the result should hold even
with the desire model following a policy that can reach the
goal as efficiently as the human subjects, optimally solved by
MDP. This prediction is tested in Experiment 2a.
Another core argument we have here is that ITO is functionally identical to an imagined human observer. If so, when
replacing the human observer with an ITO to infer the destination of trajectories, we should produce similar enhanced
legibility results. This prediction is tested in Experiment 2b.
Experiment 2a. Enhanced legibility in the eyes of real human observers
Participants A total of sixty participants (32 females, Mage
= 22.17, SD = 4.17) were recruited for credits or payments.
They were evenly split to three groups with human actors,
intention model actors, desire model actors, respectively. All
participants were given informed consent.
Method The human trajectories in our experiment were
taken from Experiment 2 of Cheng et al. (2021), Trajectories
of intention model and desire model came from Experiment
1. To prevent participants from detecting the regularities in

the crossroads, 50 trajectories were randomly mixed with 25
trajectories with randomly generated maps. Data from the
random trajectories were not analyzed. In all groups, participants were asked to watch the trajectories and then predict which one of the two destinations is the goal. Each trial
started with a central fixation of 1300ms. After that, a 2D
navigation game display was presented with a blue agent,
two red destinations and black barriers. Each time step of the
agent’s motion was presented for 500ms. At the [2,5,8,11,14]
steps, the display freezes, at which time participants were
asked to identify the goal and rate their confidence using a
9-point scale by clicking with the mouse on an array of numbered boxes (from very unlikely to very likely), aligned horizontally at the bottom of the screen. After the last report, the
trajectory continues until the agent reaches the destination.
Results When participants select the non-target as the goal
with confidence p, the probability of the actual target is 1 − p.
Each time the mean posterior of the actual destination over
the group of participants is computed by averaging participants’ confidence in judging the target as the true destination.
Fig. 7a shows how the posterior evolves over time. The
difference in posterior is the most salient at step 8, which is
around the middle of the trajectory. At this step, the posterior from the human actor (0.73, 95% CI, [0.71, 0.75],
t(38) = 3.29, p = 0.002, BF10 = 16.43, Cohen’s d = 1.04
) and the intention actor (0.75, 95% CI, [0.73, 0.77], t(38)
= 3.86, p <0.001, BF10 = 62.84, Cohen’d = 1.22) are significantly higher than that of the desire actor (0.66, 95% CI,
[0.64, 0.67]). There is no significant difference between judgments to trajectories from the human data and the intention
model (t(38) = -0.74, p = 0.464, BF10 = 0.38, Cohen’d =
0.23). These results show that indeed humans find trajectories
from human actors and intention actors easier to interpret, indicating the “enhanced legibility” nature of self-declaration.
Experiment 2b. Enhanced legibility in the eyes of
imagined third-party observers (ITO) We employed the
BToM model as an imagined observer to test the “enhanced legibility”. The ITO model is rationally derived from
Bayesian inference over MDP policies for reaching each goal.
This model is not trained on any data of how humans interpret trajectories. We are curious about whether this model
can nevertheless function in a similar way as the human observers in Experiment 2a. Specifically, the experiment here
is identical to Experiment 2a except that the human observer
is replaced by the ITO model, which infers intentions from
trajectories generated by the same human actors, intention
actors, and desire actors. The ITO model infers the agent’s
destination by Equation 2. The initial P0 (destination) was
set to 0.5 for both potential destinations. The results are analyzed in the same way as Experiment 2a.
Results The posterior of the ITO inference of the actual
destination (finally reached) was plotted in Fig. 7b. The ITO
is able to infer the actual destination much faster than the desire model (cluster-based permutation tests identified significant gaps from steps 5 to 14, all ps <0.05). Overall, the
results show that trajectories generated by human actors and
intention actors are equally legible from the perspective of
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indicate that the emergence of humans’ bias depends on when
they arrive at the crossroad. If the bias was due to the computational limits, people should be less biased when arriving
later, as they had more time to make a decision close to the
optimal policy — however, our results suggested otherwise.
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(a) Enhanced legibility to human (b) Enhanced legibility to ITO.
observer.

Figure 7: Results of enhanced legibility. Posterior of actual
destination inferred by human and ITO observers as a function of steps. Error shading denotes 95% confidence intervals.

the ITO observer. This strongly supports our assumption that
when human actors generate actions, they are indeed trying
to facilitate the ITO’s inference of their intention.
ITO captures the human judgement qualitatively but is
more extreme in its prediction. There are two possible reasons. One is that ITO assumes less randomness in actions
so that the likelihood for the intentions become more distinct
from each other. The other is that ITO has perfect memory
and uses all past information as reference to make judgements. Humans observers, however, are limited by working
memory capacity and experience memory decay when new
information arrives (Gao, Baker, Tang, Xu, & Tenenbaum,
2019). In the future, the ITO may be improved by assuming a
similar temporal decay in accumulated information over time.
These results collectively demonstrate that the “enhanced
legibility” nature of intention was quantitatively captured.

Discussion
We proposed a meta-cognition model of intention based on an
internalized ToM framework. Our model quantitatively captured several existing behavioral signatures of human intention and discovered new ones. Similar to humans, the model
displays the “Ulysses-constraint of freedom” as gradually biasing against an open-ended path. It also explains why humans persistently pursue the same goal even after setbacks,
as shown in the “disruption resistance” results. Moreover, results indicate that for both human observers and ITO, it is
much easier to read intentions from trajectories of human actors and the intention model, as compared to the desire model
which simply maximizes the expected utilities. These results
support our core hypothesis that when facing conflicting desires, people act not just to maximize the expected reward,
but also to better demonstrate their committed intentions.
One potential explanation for why humans act differently
from a rational MEU-based model is to reduce the computational cost. While humans are indeed limited by computational resources (Lieder & Griffiths, 2020; Gershman, 2021),
and committing to one intention can reduce the burden of
planning, this alone does not suffice to explain human behavior in our experiments. First, when facing two equally desirable paths to one committed intention, the simplest solution
is to randomly sample one, but humans were systematically
biased to the path that binds themselves. Second, our results

One surprising conclusion from the above experiments is
that humans act to better demonstrate their intention even
when alone. Here we offer two possible motivations for such
behavior. One is to avoid temptation. From a computational perspective, although such consideration requires additional resources, it indeed helps save computational costs
in the long run — by constraining the freedom of choice like
Ulysses, the cognitive cost of resisting temptation were offloaded to the environment. Another potential motivation is
to increase social legibility. From an evolutionary perspective, the self-demonstration behavior can be considered as an
analogy to the unique morphology of the human eye. Unlike
chimpanzees, humans have evolved with a high color contrast
between the white sclera and the darker colored iris in order
to better convey their attention with different displacements
of the gaze (Kobayashi & Kohshima, 1997; Tomasello, Hare,
Lehmann, & Call, 2007). This cooperative eye hypothesis is
similar to Dennett’s hypothesis: while ToM is originally developed to understand others, due to evolutionary pressures
of cooperation and communication, it has been internalized
to monitor one’s own actions (Dennett, 1996). This internalized social evaluation is also the foundation of Vygotsky’s
theory (Vygotsky & Cole, 1978), which has been supported
by empirical studies on children’s understanding of commitment in collaboration (Tomasello, Carpenter, Call, Behne, &
Moll, 2005). From this perspective, the imagined observer we
proposed here is similar to concept of imagined audience in
developmental and social psychology (Piaget, 1952; Elkind
& Bowen, 1979). We would like to further highlight that both
motivations mentioned here rely on the self-censoring mechanism to make the intention more obvious. The two motivations do not contradict each other, since reducing temptation
through commitment helps the group focus on the same goal
and facilitates cooperation (Tang et al., 2022), and finding a
temptation-free path requires meta-cognition.
To model human intentional behavior in an individual task,
we ended up with a model that is surprisingly similar to the
work of showing versus doing in the context of multi-agent
communication (Dragan, Lee, & Srinivasa, 2013; Shafto,
Goodman, & Griffiths, 2014; Ho, Littman, MacGlashan,
Cushman, & Austerweil, 2016). For instance, a teacher may
want to demonstrate his pedagogical intention by carefully
picking examples to facilitate the student’s Bayesian inference of the teacher’s intention. The resemblance between our
model and theirs is striking given the differences in purpose of
the two lines of work: We aim to model human intentions in a
purely individual setting, while theirs focuses on communication between multiple agents. Such similarity shows that humans are indeed highly socialized creatures who, even when
acting alone, still communicate with themselves. This resemblance also suggests that the meta-cognition model proposed
here is hard to further simplify, as the demonstration model
we incorporate here is the most appropriate to our knowledge.
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last century, which was able to produce effects that, up until
then, had been imputed to a dual process account of reading
using separate lexically-based and grapheme-phoneme
conversion routes. In fact, this use of one network to replace
a more complex set of routes/processes goes all the way back
to theorists such as Spence (1937) who showed how
phenomena such as transposition which seemed to imply
relational learning would, in fact, emerge from a very simple
associative model. The example that we will consider here is
one that Spence also dealt with at the time, peak shift, but
now we will show how this type of approach can be extended
to also explain the monotonic gradients typically obtained
when people have become aware of the rule governing
responding.

Abstract
This paper presents a connectionist network simulation of
Livesey and McLaren’s (2009) results. In that paper they
showed that participants with post-discrimination gradients
that were initially peak shifted became monotonic as they were
exposed to the full range of test stimuli. While the authors
suggest that this is the result of rule-based processes ‘taking
over’ responding, we show how a connectionist network with
an attentional parameter and realistic activation functions for
the input can simulate both the peak shifted and monotonic
gradients. Although we do not infer that the monotonic
gradient obtained in peak shift paradigms is entirely the result
of associative, rather than propositional processes, we suggest
that perhaps it is a change in the allocation of attention, in
conjunction with the underlying representational structures
used for the stimuli that facilitates rule induction in this case.

Peak Shift
Keywords: Associative Learning; Connectionist Network;
Peak Shift; Dual-Process; Single Process

Introduction
Dual-Process theorists assume that human associative
learning relies upon two sets of processes (see McLaren et al.,
2014; 2019). One set, aptly named ‘associative processes’,
are those also found in non-human animals, and were the
initial focus of learning theory. This resulted in the
algorithms developed by Rescorla and Wagner (1972) and
Mackintosh (1975), which provided the foundations for the
development of more sophisticated models of associative
learning that now describe both the representation of stimuli,
as well as the learning algorithms that govern association
formation (e.g., McLaren & Mackintosh, 2002). The other set
of processes are more complex, higher-level cognitive
processes, that are unique to humans. These ‘propositional
processes’ are conscious and result in articulable rules about
the relationship between stimuli. Another approach, espoused
by single-process theorists (see Mitchell, de Houwer, &
Lovibond, 2009) assumes that human associative learning
can be explained entirely via propositional processes. But
what both approaches agree on is the need for rule-based
processes to explain at least some learning and behavior in
humans.
Connectionist theorists, however, have a long history of
analyzing psychological domains thought to require multiple
processes or rules and showing that in fact they can be
modelled in terms of networks using just one set of basic
processes in a quite simple architecture. An excellent
example of this approach can be found in the Seidenberg and
McClelland (1989) model of reading aloud developed in the

The peak shift effect (e.g., Hanson, 1957; Livesey &
McLaren, 2009) has provided what has been taken to be
evidence for the existence of associative processes in
humans. This effect occurs after discrimination training with
two similar stimuli that vary along a dimension (e.g., colored
rectangles, varying from green to blue). When tested with
several stimuli that vary more extremely along the same
dimension, participants who have been unable to induce a
rule during training, show a peak shift. That is, they are most
accurate not to the training stimuli, but to stimuli located
slightly farther along the dimension, away from the opposite
training stimulus. Accuracy then reduces as the testing
stimulus moves even farther along the dimension. For
participants who have induced a rule to aid with
discrimination, such as ‘if the stimulus is green then it
belongs to category A, if it is blue then it belongs to category
B’, then participants peak accuracy will typically be to the
bluest and the greenest stimuli they are presented with. As
such, these participants show monotonically increasing
accuracy as the stimuli moves farther along the dimension.
Quite apart from this dissociation in the pattern of
responding between people who have induced a rule and
those who have not, peak shift is reliably seen in pigeons
(e.g., Hanson, 1957), and there is evidence that learning in
pigeons is the result of associative, rather than propositional
processes (e.g., Meier, Lea, & McLaren, 2016). Furthermore,
it can be easily modelled by associative networks that assume
elemental representations of stimuli (e.g., McLaren &
Mackintosh, 2002).
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Livesey & McLaren (2009)
Livesey and McLaren (2009) conducted an extended peak
shift experiment in which participants were trained to
categorize, with feedback, two similar stimuli that varied
only in their hue. At test, they were required to categorize a
wider range of stimuli (12 in Experiment One and 6 in
Experiment Two), varying more along the hue dimension.
The authors reported that, on average, responding across the
test phase was not peak shifted. There was a significant rise
in accuracy, but not a significant fall. However, they showed
that participants post-discrimination gradients changed from
peak shifted at the beginning of the test phase, to
monotonically increasing at the end. They suggested that
some associative strength had been accrued during the
training phase, but not enough to allow for rule induction in
some participants. Only when participants were shown the
full range of stimuli during test were they able to articulate
the difference between the stimuli (that they varied in hue).
This explained why responding changed from associatively
based, resulting in peak shift at the start, to rule-based,
resulting in the monotonic gradient by the end. Moreover, in
experiment 2, they reported that this change in the postdiscrimination gradients only occurred in those who were
unable to induce a rule during training, or who induced the
wrong rule (see Figure 1). For those who noticed the
difference in hue during training, responding followed the
monotonic gradient throughout the entirety of the test phase.

on their responses, yet responding to stimuli at the extreme
ends of the dimension became more accurate. This suggests
that whatever associative strength had accrued as a result of
training is influencing rule induction. If these two processes
were completely separate, then the hypothesis testing
involved in rule induction would not yield more accurate
responding during testing, as there is no feedback.
One way in which associative processes may be
influencing rule induction is through participants observing
their own responses. Indeed, Livesey and McLaren (2009)
offered the same argument. If participants become aware that
they are pressing a particular response key to a stimulus, then
they may begin trying to understand why. It would then not
be long until they become aware of the subtle differences
between the stimuli (i.e., hue) and focus their attention on that
dimension. Our thought was that this change in attention can
be modelled using the same associative network that can
simulate peak shift. Previous networks, such as Kruschke’s
(1992) ALCOVE (itself using an algorithm that owes much
to Mackintosh, 1975), have suggested that attentional
changes can affect learning and performance, and have
incorporated this in their model.
Here we will present a new model that can simulate the
pattern of results found in Livesey & McLaren (2009). We
have not attempted to fit the model to the data, and as such
the overall accuracies are not identical to those reported by
the authors. However, we will show how an associative
network can simulate peak shift and then generate the
monotonic gradient, through a simple mechanism that acts to
both increase the gain on the input, and in doing so varies the
representational structure of the stimuli under test. We
theorize that this captures the shift in attention and
consequent change in the underlying representational
structure with which stimuli are encoded.

The Model
Summary of the model

Figure 1: Graph from Livesey & McLaren (2009) experiment
2, showing how the post-discrimination gradient changed for
those who reported noticing no difference (hollow circles)
between the training stimuli from peak shifted at the
beginning of testing to monotonic at the end.
Historically, not a great deal of further analysis has been
seen as necessary for the monotonic gradient. If participants
have induced a rule such as ‘if blue then respond A, if green
then respond B’, then their behavior has been taken as
accounted for. But what this fails to explain is how the rule
itself has been induced, and indeed how it controls
responding. During testing, participants received no feedback

The model we describe in the present paper is a feedforwardbackpropagation connectionist network with a winner-takeall (WTA) system for determining responses (Rumelhart,
Hinton, & Williams, 1986; Wills & McLaren, 1997). Both
the input and hidden layers comprises 10 units. The output
layer and WTA system comprises two units. All units in the
input layer are connected to all those in the hidden layer, and
all those in the hidden layer are connected to each unit in the
output layer. These two units reflect the two different key
presses that could be used to classify stimuli, and were each
connected to their respective WTA units, which determined
the final output for that particular trial. Connections between
the input and hidden, as well as the hidden and output layers
were modified using the delta rule and backpropagation,
allowing the network to learn. Our model assumes elemental
representation of stimuli, and thus for any given stimulus,
several input units will be activated. Figure 2 shows the basic
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architecture of the model. The details and unique formal
equations of the model will be described below.

high value will result in similar stimuli activating more
overlapping units. This input is then passed through an
activation function to produce the final activation, 𝐴𝑖 for any
given input unit.
𝐴𝑖 = 𝑝 (

Figure 2: The basic architecture of the connectionist network
outlined in this paper.

𝐼𝑖
)
(𝐼𝑖 + 𝑡)

(2)

Equation 2 is derived from the initial input to a unit, 𝐼𝑖 .
That is, each unit’s final activation is calculated from its own
initial input via this function. Here, 𝑝 is a constant that
determines the final maximum activation of the unit and 𝑡 is
a constant that affects the shape of the final activation
gradient. Equation 2 interacts with Equation 1 such that units
with a low input are influenced much more greatly compared
to units with already high inputs. Differences across units
with an initial input lower than 𝑡 will remain more similar in
their magnitude after calculation of the final activation
compared to differences across units with an initial input
higher than 𝑡, which will be limited by 𝑝.

Stimulus representation & attentional mechanism
Stimuli were represented as a pattern of activation across the
input units that followed a Gaussian distribution. The 10
input units corresponded to the dimension (i.e., hue), and for
any given stimulus, several would be activated. Thus, the two
training stimuli activated overlapping sets of units, however
the magnitude of activation differed such that the peak
activation for one stimulus may have been at input unit 4, but
for the other at unit 5. In reality, for any given stimulus, peak
activation may not necessarily have been located perfectly on
an input unit, but rather could have been located ‘between’
units. Most importantly, stimuli located closer to each other
on the dimension activated many more overlapping units
compared to stimuli located farther apart, but the pattern of
activation for each stimulus across the 10 input units was
unique.
𝐼𝑖 = 𝑣𝑒 −𝑘 (𝑖−

ℎ𝑢𝑒 2
)
𝑙

(1)

Equation 1 describes the Gaussian function that produces
the initial input for a given input unit, 𝐼𝑖 . Here 𝑣 is a constant
that determines the maximum amplitude of the gradient. The
value of this constant has very important implications with
regards to Equation 2 (below), as it essentially acts as an
attentional parameter in two different ways. First it controls
the strength of the input, with higher numbers resulting in
higher peak amplitudes. Secondly, it interacts with Equation
2, to alter the shape of the Gaussian function, irrespective of
𝑘. This was the only parameter that was changed to produce
our results. 𝑘 determines the broadness of the gradient, with
lower numbers resulting in broader gradients, ℎ𝑢𝑒 refers to
the hue of the stimulus, and 𝑙 is a constant that determines
how the changes in hue affect the overall position of the
gradient across the input units. A low value will result in
similar stimuli activating less overlapping units, whereas a

A

B

Figure 3: Diagrams showing the Gaussian pattern of
activation after the initial input function (equation 1: orange
line) and the final activation function (equation 2: black line).
Figure 3A shows the difference between initial input and final
activation for a set of units with a low initial input. Figure 3B
shows the difference between initial and final activation for a
set of units with a high input, arising from attending more
closely on the stimulus (and in particular to the dimension
that is deemed relevant). The constant 𝑣 determines the peak
amplitude for the initial input.

Learning & output
Both the hidden and output layer were activated using the
logistic activation function, whereby 0.5 represents a resting
level, 0.1 represents maximum inhibition and 0.9 represents
maximum excitation. The strength of the connections
between the input and hidden, and hidden and output layers
were modified using the delta rule and backpropagation
(Rumelhart, Hinton, & Williams, 1986). For the two output
units, representing different key presses, target activation was
set to 0.9 and 0.5, respectively, representing one key press, or
0.5 and 0.9, respectively, representing the other key press.
The WTA system (Wills & McLaren, 1997) is comprised of
two units, connected to their respective output units, that are
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self-excitatory and mutually inhibitory and used a similar
activation function to Equation 2. Each WTA unit takes the
activation from its respective output unit and competes with
the other WTA unit until one unit's activation reaches a
criterion and is labelled a winner. This system has the benefit
of labelling one output, or key press, as a winner on each trial,
making it clear what the response on that trial is. In this way
we are able to obtain data similar to those generated in
experiments with human participants.

Simulations
We simulated 100 experiments, with each experiment
consisting of 100 simulated participants. All constants,
except the main attentional constant, 𝑣, remained the same
throughout the simulation and for all participants. For
Equation 1, the constant determining the shape of the
Gaussian gradient for the initial activation was 𝑘 = 0.8, and
the constant determining how changes in hue affect the
location of the Gaussian gradient was 𝑙 = 25.5. For equation
2, the constant determining peak final activation was 𝑝 = 2,
and the constant determining the shape of the Gaussian
gradient for the final activation was 𝑡 = 1. 𝑣, the attentional
constant was 𝑣 = 0.2 during training and the first stage of
testing and was changed to 𝑣 = 12, for the second stage of
testing.
For each simulated participant, the weights between the
input and hidden, and hidden and output layers were initially
randomized. Each simulated participant was trained with
10,000 iterations of each of the two training stimuli (using 𝑣
= 0.2). They were then tested twice each on stimuli that varied
more greatly across the dimension. This comprised of the two
training stimuli, T, stimuli on each side of the dimension
which lay further along the dimension than T, ‘Near’ (N), and
stimuli at either end of the dimension, ‘Distant’ (D). This
testing stage occurred twice, with different constants for 𝑣 in
each (0.2 for the first test and 12 for the second, although due
to the various parameters in our model there are likely to be
many more). We have not undertaken any formal model
fitting, and thus the values we have used for the parameters
are not necessarily the only ones, nor the best, in replicating
the exact pattern of results. But they will serve to illustrate
the principles involved.
For each testing stage, analysis is separate. For each
simulated participant, the accuracy for each test stimulus was
calculated. A final average accuracy for each stimulus was
then calculated across the 100 simulated participants for that
particular simulated experiment. This was done for all 100
simulations. As per Livesey and McLaren (2009), we then
collapsed across either side of the dimension, around the
training stimulus to produce the average accuracy for each
test stimulus as a function of its distance away from the
training stimulus. Thus, as described above, we have the
average for test stimuli at positions, T, N, and D; and although
McLaren and Livesey had 3 positions other than training, we
reiterate that we are not trying to directly replicate their
results, but simply to show that the gradients of responding
can be simulated entirely using an associative network, by

changing an attentional parameter. Similarly, previous
research on peak shift and post-discrimination gradients has
collapsed test stimuli into three position, often labelled as
Training, Near, and Distant/Far and has successfully reported
peak shifted gradients (Wills & Mackintosh, 1998, Jones &
McLaren, 1999).

Results & Discussion
As the simulation comprises of, essentially, 10,000
participants, all differences, however small, are significant.
However, again we direct the reader to the point above
concerning the post-discrimination gradients and patterns of
responding. Figure 4 shows the results of the simulation with
both values for the constant 𝑣. The value of 0.2 was set during
the training and the first testing stage, resulting in peak shift,
and the value of 12 was set during the second testing stage,
resulting in the monotonic gradient.

Figure 4: Graph showing the simulation results using the
model outlined in this paper. All simulated participants were
trained with the constant 𝑣 = 0.2. The hollow triangles show
the results for testing using the constant 𝑣 = 0.2, and the
hollow circles show the results for testing using 𝑣 = 12. Error
bars indicating standard error would normally be included but
we have omitted them as they are so small.
What is important here is that when our constant is set to
0.2 (remembering that all of the simulated participants were
trained with this constant also), the simulation produces a
distinctly peak shifted gradient, similar to that produced by
the ‘Incorrect/No Difference’ participants, in Block one of
Livesey and McLaren’s (2009) test phase. However, when
our attentional input parameter is set to 12, during the final
stage of testing, the simulation produces a monotonic
gradient, similar to that produced by the participants in Block
3 of Livesey and McLaren’s test phase. Admittedly, our
simulation does not produce the linearly increasing function
that Livesey and McLaren found, but it is not uncommon to
find only a small numerical, and statistically insignificant,
increase between extreme stimuli (see Jones & McLaren,
1999). Moreover, In Livesey and McLaren, we can see how
participants overall accuracy does not increase when their
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gradient of responding becomes more monotonic, at least not
to the same extent as in our simulation. However, this is
perhaps to be expected as testing can be construed as a period
of extinction, and our model does not implement this aspect
of the procedures used.
Livesey and McLaren (2009) suggested that for
participants who reported an incorrect rule or did not notice a
difference between the training stimuli, responding at test
was initially governed by the associative strength that had
accrued due to more basic associative processes. There is
good evidence to suggest that peak shift is the result of these
processes, and it is commonly modelled using elemental
representation, as we have done so here (see McLaren &
Mackintosh, 2002 for a more detailed account, but see also
Lee, Hayes, & Lovibond, 2018 for an alternative account).
The authors go on to state that the change in postdiscrimination gradients between the first and final block of
testing, becoming monotonic, is the result of these
participants being exposed to the full range of stimuli, which
vary more greatly in hue, facilitating rule induction as this
becomes an easily perceivable difference in the stimuli.
However, whilst it is straightforward to suggest that the
monotonic gradient is due to propositional, rule-based
processes, this account does not necessarily answer the
question of how these processes begin to take over, or, and
perhaps more importantly, how they control responding.
As mentioned in the beginning, if participants begin
hypothesis testing during the testing stage, a period in which
there is no feedback, then, in the absence of any associatively
generated expectations, there is no reason that accuracy
should improve over trials, yet it does. Our suggestion is that
they are receiving information from something that
demonstrates to them that one hypothesis, or rule (i.e., that
blue belongs to category A and green belongs to category B)
is more likely to yield the correct answer, compared to
another (i.e., that blue belongs to category B and green
belongs to category A) and that it is the associative system
that provides this information. Whilst participants are
consciously unsure of the particular category with which the
stimulus they are presented with belongs to, they may begin
to notice a pattern in their own responding. When they are
presented with a particular stimulus they tend to want to press
the key corresponding to category ‘A’. This would prompt
participants to attempt to understand why they have been
inclined to press that button and they would focus their
attention more closely on properties of the stimulus. At the
same time, the sheer range of variation in the stimuli that they
are now attending to would lead them to become aware of
what dimensional variation was occurring. Importantly, this
happens quickly during testing, because there is a greater
range of stimuli available and once participants become
aware of their own responses they are likely to soon be
presented with stimuli that vary obviously on a dimension.
This is also in keeping with the results of Livesey and
McLaren who showed that post-discrimination gradients
move from peak shifted to monotonic within three blocks of
testing. Overall, we suggest that it is the associative strength

accrued by associative processes that serves as the basis for
the formation of rules and the switch to propositionally-based
responding. This conclusion fits neatly with existing DualProcess accounts (e.g., McLaren et al., 2019).
Now we turn to the important theoretical underpinnings of
the transition from associative to cognitive processes we have
just outlined. How do propositional processes come to
actually control responding? This is important because,
whilst a rule allows a participant to describe the differences
between the stimuli, it doesn’t explain the process of
classification according to that rule. For example, take the
rule, ‘blue belongs to category A and green belongs to
category B’. What denotes blue and what denotes green?
Granted, this may be obvious for stimuli lying at extremes of
the dimension, but for those that are not, at what point does
green become blue? There must be a category boundary at
which point the participant switches from responding
"category A" to "category B", yet answers to postexperimental questionnaires rarely detail any such
mechanism, leaving a great deal to still be explained.
If we return to the participant who has begun to notice that
they are making consistent responses to certain stimuli, and
who is now attending more closely to the stimuli they are
being presented with, we can see where the input parameters
of our network may have an effect. In focusing more closely
on the stimulus, and in particular on the dimension that they
deem relevant, participants encode more strongly the
information about those features in that stimulus, and it is this
that corresponds to the change in the constant, 𝑣 from 0.2 to
12, that we have made in the network simulations, causing
the underlying representational structure to change slightly,
such that the final Gaussian gradient with which it is
represented becomes broader. This in turn then also allows
for generalization to a greater range of stimuli in our
connectionist network, which results in stimuli at the more
extreme values of the dimension being responded to more
accurately. It is the control of that increase in attention to the
appropriate dimension that is triggered by noticing that there
is variation on that dimension, and that this variation seems
to be related to responding on the part of the participant. And
this, in itself, leads to the new, monotonic pattern of
responding which has been reported as evidence of rulebased responding (and which undoubtedly co-varies with
ability to report the appropriate rule; Jones & McLaren, 1999;
Livesey & McLaren, 2009).
There is an even more extreme version of this hypothesis
which makes the change in attention for the relevant
dimension automatic rather than controlled in nature. This
would posit something like the algorithm used in Mackintosh
(1975, see also Sutherland and Mackintosh, 1971) or
Kruschke (1992) acting to automatically increase attention to
the relevant dimension and thus facilitate the transition from
a peak shift pattern of results to a monotonic one. This type
of explanation would undoubtedly work when comparing
participants who did not get the rule during training to those
who did in the first test block, as long as we argue that ability
to articulate the rule is now epiphenomenal, and simply
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enabled by the high level of performance achieved once
attention to the relevant dimension is high enough. But this
explanation has difficulty with the changing pattern of results
across test blocks for the "no rule" participants. In the absence
of feedback, the algorithms in question would actually tend
to reduce attention to the relevant dimension if this were to
be interpreted as an extinction phase, and certainly wouldn't
act to increase it further. Given this, the transition to a
monotonic pattern of responding would not be generated, and
so we would once again have to posit some element of control
on the part of these participants. Nevertheless, we can see the
possibility of a mechanism of this kind facilitating learning
and eventual rule induction.
It could be argued that the inclusion of equation 2 in our
model is not necessary, as it simply serves to broaden the
generalization gradient. We could simulate a similar effect by
foregoing equation 2 and instead only changing parameter 𝑘
of equation 1, however we argue against this for several
reasons. First, this would create similar questions to those we
have attempted to answer in this article. What causes the
broadening of this stimulus representation and does this occur
before or after perceiving the dimensional variation of the
stimulus? If we suggest that the broadening is the result of
noticing the dimensional variation, then the question is how
is this done? How is control implemented to do this? Instead,
by including equation 2, we can allow the initial activation
resulting from equation 1 to not change in its characteristics,
but merely to increase in amplitude, which we believe better
reflects the focusing of attention toward the dimensional
features of that stimulus, which in turn broadens the final
gradient of activation and allows for more encoding of them.

Figure 5: Graph simulating the participants who induced the
correct rule either during training (so that they received half
the training while 𝑣 = 12) or during test using the model
outlined in this paper. Hollow circles indicate participants
who induced the rule during training, hollow triangles
indicate participants who induced the rule at test. All tests
were done with 𝑣 = 12 and after 5000 cycles of training.

stage, which don’t necessarily rely entirely upon the same
style of explanation that we have offered here. It may be that
soon after noticing some dimensional variation, participants
are presented with a stimulus that lies at the extreme end of
the dimension. If they assume their response to this is correct,
then the shift in responding to a monotonic gradient could
occur through associating these stimuli with the category
appropriate response. However, such an explanation cannot
apply to those who reported the correct rule during the
training stage, as during this stage only two stimuli (that lay
close to the category boundary) were presented. For these
participants, who show a monotonic gradient from the outset
of testing, there must be something that follows from their
inducing the appropriate rule without experiencing extreme
values on the dimension.
Figure 5 shows a comparison of simulations for those who
induced the rule during training to those who induced it
during test (essentially everyone else) with their performance
sampled at the end of the testing period. What we see is an
advantage in terms of overall performance for those that
induce the rule earlier. This mirrors the advantage observed
empirically (see Figure 1, Block 3), which we can expect is
amplified by those who "get" the rule during training being
the faster learners anyway. We would be the first to admit that
the detailed fit to the empirical data is not perfect here, in
particular, empirically there is less of a difference on the
training stimuli than we have in the simulation, and indeed,
performance during test on the training stimuli is rather poor.
This is something that may well be amenable to a slight
revision in the overlap of our representations of the training
stimuli, however, and the fact that the large overall effect can
be captured is encouraging.
To summarize, we have developed a connectionist network
with a novel attentional control mechanism that serves to
change both the overall levels of input a connectionist
network would be receiving from stimuli, and also alters the
underlying representational structure of that input.
Connectionist networks that represent stimuli elementally
have no problem simulating peak shift, through representing
stimuli as a pattern of activation that varies in a Gaussian
manner. Our attentional mechanism allows for that, but also
generates the monotonic gradient that is often found in peak
shift studies in some participants, which is correlated with the
ability to articulate a rule. Using this model, we have been
able to simulate a similar pattern of results to those found by
Livesey and McLaren (2009), who reported that postdiscrimination gradients for participants who were unable to
induce a rule during training changed from peak shifted, to
monotonic throughout testing as exposure to the full range of
test stimuli facilitated rule induction. Although we are not
suggesting that associative processes are entirely responsible
for the monotonic gradient, we believe that propositional
processes may be grounded in their associative counterparts
and manifest by exerting control over them.

There are, of course, other ways in which a participant
might begin to respond monotonically during the testing
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Abstract
We explore pupil diameter (PD) as estimator of
Sense of Embodiment (SoE) using data of three user
studies. We hypothesize that pupil diameter reflects
SoE in a direct and indirect way. If individuals feel
strongly embodied, presenting an emotional stimulus like a threat to the surrogate will produce a
strong response, as if the stimulus would be presented to their own body. This would lead to a positive correlation between SoE and pupil dilation during the presentation of emotional stimuli. Besides
this direct effect, there may also be an indirect effect. It is postulated that higher degrees of embodiment reduce workload when controlling a surrogate.
This indirect effect of embodiment through lower
workload on the PD would result in a negative correlation between SoE and PD since lower workload
results in smaller PD. These direct and indirect effects were partially confirmed by the results of three
experiments. We observed that PD and SoE are positive and direct correlated in case of emotional stimuli subjected to the surrogate (e.g. a threat), and that
PD tended to be smaller for participants who experienced a condition designed to provide high SoE
compared to one designed to provide low SoE.
Keywords: embodiment; pupil diameter; measuring; physiology; teleoperation.

Introduction
SoE is the ensemble of sensations that arise in
conjunction with having and controlling a surrogate such as a robotic device, a virtual avatar, or
a mannequin (Kilteni, Groten, & Slater, 2012; Falcone, Englebienne, Van Erp, & Heylen, 2022). We
consider the SoE as characterized by three components: 1) sense of ownership, namely the feeling of self-attribution of an external object or device (Kilteni et al., 2012; Krom, Catoire, Toet,
Van Dijk, & van Erp, 2019). 2) Sense of agency,
defined as the feeling of having motor, action and

intention control over the surrogate (Kilteni et al.,
2012; Lenggenhager, Mouthon, & Blanke, 2009).
3) Sense of self-location, referring to the volume
of space where one feels located (Kilteni et al.,
2012). Usually, self-location and body-space coincide so that one feels located inside one’s own physical body (Lenggenhager et al., 2009) (out-of-body
experiences can be an exception (Ehrsson, Spence,
& Passingham, 2004)). Due to its complexity, SoE
lacks a standard assessment framework.
Generally, measurement of SoE can be divided
in explicit and implicit measures. Explicit measures
include self-reports and standardized questionnaires
(e.g., (Peck & Gonzalez-Franco, 2021)). Implicit
measures refer to the body response to certain stimuli and include Heart Rate (HR) and Skin Conductance Response (SCR) (Ehrsson, Wiech, Weiskopf,
Dolan, & Passingham, 2007)). While explicit approaches try to address specific components of SoE,
implicit measures may not exclusively reflect a specific SoE component. However, explicit approaches
are subjective measures and depend on different factors of the user experience, certain biases and language (e.g. see (Joshi, Li, Kalwani, & Gold, 2016)).
Therefore, it is recommended to use a combination
of explicit and implicit measures to assess SoE.
However, most used implicit measures (if included at all) are HR and SCR and the field may
benefit from exploring other physiological measures
to assess SoE.
PD, heart rate (HR) and SCR are physiological
measures reflecting the functions, behaviours, and
reactions of the human body to both changes in
the outside environment and inside the body itself.
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These physiological measures are known to reflect
emotional and cognitive state (van Erp, Brouwer,
& Zander, 2015; Mathôt, Grainger, & Strijkers,
2017; Wang et al., 2018; Gutjahr, Ellermeier, Hardy,
Göbel, & Wiemeyer, 2019), and to compare the type
and accuracy of information that they can provide
(Hogervorst, Brouwer, & Van Erp, 2014). PD is
considered to reflect autonomic arousal raised by
emotional stimuli of an individual (Oliva & Anikin,
2018). It is also a good measure of cognitive workload (May, Kennedy, Williams, Dunlap, & Brannan,
1990; Porter, Troscianko, & Gilchrist, 2007; Hampson, Opris, & Deadwyler, 2010), and may even be
more sensitive than HR and SCR (Hogervorst et al.,
2014). An increased diameter is associated with increased degree of difficulty of a task.
SCR and HR are currently the main assessments
of SoE. We are interested in exploring if and how
PD is correlated with SoE. When individuals feel
strongly embodied, stimulating the surrogate will
produce the same effect that could be detected while
stimulating their own body (such as arousal, emotional changes, and cognitive workload). PD reflects uncertainty, surprise, and reflects reward prediction errors (Toet, Kuling, Krom, & Van Erp,
2020). Stimulation of the autonomic nervous system’s sympathetic branch induces pupil dilation,
whereas stimulation of the parasympathetic system
causes constriction. We assumed that during an embodiment experience that stimulates SoE, the pupil
will be constricted on average (unless a stressful
event happens or is introduced in the embodiment
experience). In case of an embodiment experience
with low SoE, the individual will feel uncomfortable and stressed in embodying the surrogate. This
will cause the stimulation of the sympathetic system
and pupil dilation.
We report three user studies in which we collected the PD as potential measure of SoE. PD was
always collected in combination with other measures (either explicit, implicit, or both).

Hypotheses
H1) We expect a positive correlation between PD
and SoE in the presence of emotional stimuli like
a threat to the surrogate. We expect higher arousal

when participants are more embodied and therewith
a larger PD.
H2) We expect a negative correlation between PD
and SoE in the absence of emotional stimuli. This
is caused by the indirect effect of workload: Higher
SoE will reduce workload and lower workload results in smaller PD. For conflicting sensory cues,
we expect a lower SoE, a higher workload and thus
a larger PD.

Method
Ethical Approval
The ethics committee of the University of Twente
approved User Study 1 (RP 2021-111) and User
Study 2 (RP 2020-132), while the ethics committee
of TNO approved User Study 3 (RP 2021-088).

User Studies
User Study 1. We wanted to validate PD as an
implicit approach to measure SoE. To do that, we
designed an embodiment experience in which we
focused on the manipulation of the sense of ownership and sense of self-location in a between group
design with two conditions: one group experienced
visuo-tactile synchronous stimuli (embodied condition), while the other experienced asynchronous
stimuli (not-embodied).
33 right-handed participants (between 20 and 34
years old, 16 females and 17 males) were recruited
from the student body of the University of Twente,
with 5 Euro as a raffle. Participants were divided
into two groups: 17 participants experienced the
embodied condition, while 16 participants the notembodied one.
As a baseline to compare the novel measure, we
recorded SCR and HR as additional implicit measures. Moreover, we collected the answers from a
questionnaire (explicit measure) on the SoE (Peck
& Gonzalez-Franco, 2021).
The experiment lasted 20 minutes. The embodiment experience was pre-recorded and participants
experienced first person perspective (1PP) of a surrogate (a confederate). They were asked to sit in the
same rest position described in user study 1. Participants were asked to wear a blue glove in latex on
the right hand. A white tissue was used to cover
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participant’s right wrist. In this way, they would
not focus on the different features of their skin or
clothes compared to the surrogate hand (we placed
a white tissue also on the right wrist of the surrogate). Participants were primed with a cup of water
that was placed both next to the participants and also
next to the surrogate hand. Then, they were asked
to wear the Empatica E4 wristband on the left wrist,
used to collect SCR and HR. Finally, they put on
the HTC VIVE Pro Eye, that was used to collect
PD. After the eye tracker calibration, the video was
displayed in the HMD and the experiment started.
The surrogate was displayed in the same room and
position in which the participants were. Participants
observed stimuli administered to the hand of the surrogate while synchronous or asynchronous (it depended on the condition) stimuli were administered
to their own hand. The experiment consisted of four
different stimulation phases all focused on the right
hand (see Figure 1): 1) a pen crossing the lunate, 2)
a pen alternatively touching the trapetium and the
lunate, 3) the experimenter finger touching each fingertip of the participant, and 4) a threat to break the
embodiment illusion, namely the experimenter grab
the cup of water and pour it only on the surrogate
hand.
User Study 2. We investigated if individuals with
high kinesthetic intelligence (experimental group)
are more resilient to feel embodied with a surrogate compared to individuals with average kinesthetic intelligence (control group) (Falcone, Pradhan, Van Erp, & Heylen, 2021). We identified the
experimental group in dancers and gymnasts who
practice the discipline at a competitive level.
16 out of 26 right-handed participants (between
20 and 37 years old, 9 females and 17 males)
were sampled from staff and student body (control group), while 10 were were sampled from
dance/gymnast associations (experimental group).
For the first time, to the knowledge of the authors, PD was used as psychophysiological measure
of SoE. We combined it with an explicit measure
(the SoE questionnaire from (Gonzalez-Franco &
Peck, 2018)).
The experiment lasted 20 minutes. Participants
were asked to sit in a rest position, putting their

Figure 1: On the left, the experimenter’s perspective during the experiment. The four pictures on
the right represents the participant’s view during
the embodiment experience and, in order, the four
phases of stimulation.

right hand on the table as indicated by markers, and
the left hand on their left leg. We asked to look
at their right hand for the duration of the embodiment experience. Participants wore a blue latex
glove on the right hand, and an HTC VIVE Pro
headmounted headset (HMD). The HMD has an
integrated eye tracker, which we used to measure
and record PD. After the eye tracker calibration, a
video was displayed in the HMD and the experiment started. The video consisted of a pre-recorded
embodiment experience, in which participants experienced the first person perspective (1PP) of a
surrogate (in this case a confederate), in the same
room and position in which the participants were.
The video was recorded using a ZED mini stereocamera. Participants observed stimuli and tasks administered to the hand of the surrogate while the
same stimuli and tasks were administered to their
real hand. The video and the HMD data were managed and collected with the platform and game engine Unity.
The stimuli and the tasks were administrated in
the following order: 1) cross-modal congruency
task: we designed two variants (see Figure 2): i)
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in the first case, participants watched the tip of a
pen touching the top of their right hand. Only three
times out of six the participants’ hand was actually
touched by the pen. ii) Participants saw the tip of
a pen and a brush alternatively touching the hand
displayed in the video. Randomizing the order of
the stimuli, only three times out of six the visuotactile information was congruent (i.e., the participant saw and was touched by the same object). 2)
Linking dots: it was designed to test the sense of
agency and self-location of the participants in an active task. We realized two drawings with numbers
inside black dots, and a small red dot in the center of
all of them. We placed a tablet with the drawing in
the same position of the one that they watched in the
video. They were asked to link the dots in ascending order, sliding their right index on the tablet from
one red dot to the other. The experimenter had the
role of placing the finger in the proper initial position and telling the participants when to move from
one dot to the next one. 3) Threat: it is common
to threat the surrogate to break the embodiment illusion and to assess the level of SoE through physiological measures (Ehrsson et al., 2007; Yuan &
Steed, 2010; Zhang & Hommel, 2016). We primed
the participants with scissors placed both on the real
table and the one displayed in the video. Participant
watched the scissors being grabbed and then used to
hit the table next to the surrogate hand.
User Study 3. We explored the relation between
SoE and task performance, learning effect, and cognitive workload. We manipulated two embodiment
conditions experienced by two groups: one group
experienced sensory cues that support embodiment,
while the other group experienced sensory cues that
suppress embodiment. Each group had to face the
experiment task at two levels: one with their own
hand, and another time with a robotic surrogate.
28 right handed participants (16 females and
12 males, between 19 and 49 years old) were recruited from the TNO participant pool. Participants
were paid 30 C and their travel costs were reimbursed. Participants were divided into two groups:
15 participants experienced the supportive condition, while 13 participants the suppressive one.
We collected the answers from a SoE question-

Figure 2: Pictures a) and b) represent, respectively,
congruent and incongruent stimuli during the first
variant of cross-modal congruency task. Pictures c)
and d) represent, respectively, congruent and incongruent stimuli during the second variant of crossmodal congruency task. The screen in the picture
was displaying the video of the embodiment experience, that was a reference for the experimenter to
provide the stimuli.

naire (Peck & Gonzalez-Franco, 2021) and a cognitive workload one (Hart, 2006). As implicit measures we collected PD. Finally, we evaluated task
performance.
The teleoperation setup consisted of a telemanipulator, a haptic control interface and a visual
telepresence system. The telemanipulator was the
Shadow Hand Lite, equipped with 3D force sensors
on its fingertips, mounted on the flange of a KUKA
IIWA 7 serial link robot. The haptic control interface was realized by the haptic glove SenseGlove
DK1, that tracks finger movements in 11 degrees
of freedom and can provide passive force feedback
on each finger. The movements of the operator’s
wrist in space are recorded by an HTC VIVE tracker
mounted on the SenseGlove. The visual system
consists of a ZED mini stereovision camera with
a HTC VIVE Pro Eye relaying the visuals to the
operator, while also collecting eye gaze and PD.
The setup was slightly different between the two
conditions. For the supportive condition, the ZED
mini was placed to provide a 1PP, and the operators received the tactile feedback just in the mo-
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Results

(a) Frames extracted from the ZED mini recordings during
the supportive condition. On the left, the participant’s view
during the human hand level. On the right, the participant’s
view during the robotic surrogate level.

(b) Frames extracted from the ZED mini recordings during
the suppressive condition. On the left, the participant’s view
during the human hand level. On the right, the participant’s
view during the robotic surrogate level.

Figure 3: Frames extracted from the ZED mini
recordings during the experiment.

ment in which they grasped and released the peg.
In the suppressive condition, instead, the ZED mini
was providing a 3PP by facing the operators (i.e., a
mirrored perspective of the workspace). Moreover,
they had to wear two thick gloves during the task
accomplishment with their own hand and, while accomplishing the task using the robotic surrogate, the
tactile feedback was continuous from the moment
in which they grasped the peg until they released it
(see Figures 3a and 3b for an overview of the setup).
In both conditions at both levels, participants had to
wear the HMD during the experiment.
The experiment lasted 45 minutes. Participants
were asked to do a peg-in-hole task, with just two
horizontal distant holes. They had 90 seconds to
place the peg in the holes as many times as they
could. They had to repeat the task 6 times in total, three times by hand and three times by using the
robotic surrogate. Half of the participants accomplished the three trials using their own hand first,
while the other half by using the robotic surrogate
first. After each trial, they had to fill two questionnaires.

For PD analysis, we applied a Hampel filter to remove the outliers, we used the convergency to cover
missing data, and we considered the mean of the left
and right pupils.
User Study 1. A two samples t-test did not report
a significant difference between groups for the three
physiological measures (PD, SCR and HR). We did
find a significant difference on all the sub-scales of
the questionnaire between the group experiencing
the supportive and suppressive conditions (Appearance t31 = 5,57, p < .001, M supportive = 5.48, M
suppressive = 3.80; Multisensory t31 = 6,43, p <
.001, M supportive = 5.93, M suppressive = 3.76;
Response t31 = 4,03, p < .001, M supportive = 4.85,
M suppressive = 3.51; Embodiment t31 = 6,23, p <
.001, M supportive = 5.53, M suppressive = 3.78;
Ownership t31 = 6,19, p < .001, M supportive =
5.86, M suppressive = 4.03). For the suppressive
group, an independent t-test reported a significant
difference between the mean of PD during the embodiment experience (M = 4.68mm) and the threat
(M = 4.57mm)(t15 = 3.22, p = .006). No effects
were found for HR and SCR in this group. For the
supportive condition, we found a significantly difference between the mean of HR during the embodiment experience (M = 77,41bpm) and the threat (M
= 74,43)(t15 = 3.21, p = .006). No effects of SCR
and PD were found in this group.
User Study 2. A two samples t-test indicated that
there was not a significantly smaller mean PD in
the control group, that was expected to experience
higher SoE (M = 3.87mm), than the experimental
group (M = 3.85mm) (t20 = 0.47, p = .642). The
questionnaire responses did also not report significantly higher mean scores for neither of the three
embodiment components. However, within the control group, an independent t-test reported a significantly larger mean PD at the moment of the
threat, when participants were expected to experience higher SoE (M = 3.69mm), than during the
first part of the embodiment illusion (M = 3.87mm)
(t14 = 4.52, p< .001), i.e. a positive correlation between SoE and PD in the presence of an emotional
stimulus. While for the experimental group, we did
not find a significant difference of the pupil size be-
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tween the threat (M = 3.98mm) and the first part of
the embodiment illusion (M = 3.85mm)(t6 = 1.36, p
= .223).
User Study 3. For the supportive condition, we
observed a significantly smaller mean pupil dilation
when participants accomplished the task with their
own hand (M = 4.39mm) than with the robotic surrogate (M = 4.68mm) (t14 = 4.08, p-value = .001),
the embodiment questionnaire responses showed
the same effect (Ownership t14 = 4.44, p < .001,
M human hand = 5.89, M robotic hand = 3.92;
Agency t14 = 9.95, p < .001, M human hand =
6.73, M robotic hand = 3.69; Self-location t14 =
3.59, p = .003, M human hand = 4.08, M robotic
hand = 3.11). Of the cognitive workload questionnaire, only the sub-scale mental workload (M human = 2.40, M robot = 4.16)(t14 = 3.73, p = .002)
showed an effect. For the suppressive condition, we
observed a significantly smaller mean pupil dilation
when participants accomplished the task with their
own hand (M = 3.68mm) and with the robotic surrogate (M = 4.13mm) (t12 = 4.07, p-value = .002),
the embodiment questionnaire responses showed
the same effect (Ownership t12 = 7.55, p < .001,
M human hand = 5.70, robotic hand = 2.74; Agency
t12 = 6.47, p < .001, M human hand = 5.89, robotic
hand = 3.06; Self-location t12 = 2.75, p = .018, M
human hand = 4.17, robotic hand = 3.17). The cognitive workload questionnaire also showed the same
effect while using their own hand (M = 19.97) and
the robotic surrogate (M = 23.59)(t14 = 2.30, p =
0.040).

Discussion and Conclusion
We hypothesized that PD and SoE are positive and
direct correlated in case of emotional stimuli subjected to the surrogate (e.g. a threat) (user study
1 and 2) (H1: we expect a positive correlation between PD and SoE in the presence of emotional
stimuli like a threat to the surrogate.). On the basis
of our results, we accept H1. The Rubber Hand Illusion presents the same effect: there is no effect as
long as there are no emotional stimuli, while there
is a large effect when the rubber hand is under threat
(Ehrsson et al., 2004, 2007; Petkova & Ehrsson,
2008; Newport & Preston, 2010; Garbarini et al.,

2014).
We observed that PD was, or tended to be, larger
for participants who experienced a condition designed to provide low SoE compared to one designed to provide high SoE (user study 1 and 3).
User study 2 did not confirm this effect due to the
design of the experiment: both groups experienced
the same supportive embodiment illusion. This
finding is in line with the predicted indirect effect of
SoE on pupil dilation through workload ((Newport
& Preston, 2010; Hogervorst et al., 2014)) (H2: we
expect a negative correlation between PD and SoE
in the absence of emotional stimuli). We partially
accept H2, due to the results of user study 1. Even
if the PD of the supportive group was smaller than
the suppressive one, we did not find a significantly
lower mean. We would expect a negative correlation in case individuals have to perform a task with
a certain amount of workload. The responses of the
cognitive workload questionnaire from user study 3
confirmed this effect in the suppressive condition,
in which participants had to struggle to accomplish
the task with their own hand, and even more with
the robotic surrogate.
We did not expect a correlation in case of emotional neutral situations were there is no threat or
task to be performed with the surrogate. Indeed, in
user study 1, the PD was significant just for the control group, even if in contrast with the questionnaire.
In user study 2, the threat caused a dilation in both
groups.
PD still needs further investigation, especially the
indirect effect of SoE on PD through workload. HR
and SCR are also under the influence of workload.
It would be useful to define the task engagement
threshold that allow these physiological measures to
be effective measures of SoE. However, even considering the limitations that are in common with the
other implicit measures, PD seems to be a suitable
and sensitive measure of SoE.
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Abstract
Over the last few decades, Causal Model Theory (CMT) has become
a dominant framework for human causal-based reasoning, including
categorization and inference. CMT prescribes how people should
reason about probabilistic events in terms of causal models. In
typical causal-based categorization experiments, subjects are
provided with verbal descriptions of causally linked features,
generally including probabilistic information. Another line of
research focuses on perceived or experienced causal events, rather
than on verbal descriptions. In this work we asked whether effects
which are consistent with CMT, and that have been obtained with
verbal descriptions, generalize to visually perceived events. In two
experiments, we presented subjects with videos of a 3D A→B
causal event rather than verbal descriptions. In Exp. 1, we found that
subjects who saw the causal event did not show the coherence effect
in categorization (i.e., subjects tend to rate the null ¬A¬B event as a
category member). However, subjects who did see the null event
during training did show the effect. In Exp. 2, we ruled out the
possibility that Exp. 1’s results were simply an effect of how
frequently events were experienced during training. We conclude
that a one-shot perceived causal event is not sufficient for people to
show causal-based reasoning as CMT predicts.
Keywords: Categorization; Bayesian reasoning; Launching
effect; Conceptual coherence.

Introduction
The idea that conceptual representations encode causal
relationships between features has gained in popularity in
parallel with the emergence of CMT in cognitive psychology
(Malt & Smith, 1984; Waldmann, Holyoak, & Fratianne,
1995; Wisnieski, 1995; Hampton, Storms, Simmons, &
Heussen, 2009; Rehder, 2017; Zhao, Lucas, & Bramley,
2021). In causal categorization and inference experiments,
people are typically presented with descriptions of novel
concepts that include causally structured feature information.
They are then asked to judge category membership of new
cases based on their feature values, or to make inferences
about their unobserved features from their observed ones. To
illustrate with a simple example, consider the following
description (adapted from Rehder, 2003a): “Kehoe ants have
thick blood, which frequently causes them to become
immobile during cold winters.” Subjects might then be
presented with a description of an ant with thin blood that
becomes immobile during cold winters, and asked to rate its
membership in the Kehoe ant category (i.e., a categorization

task). Alternatively, subjects may be asked to estimate the
probability that a Kehoe ant with thin blood will become
immobile during cold winters (i.e., an inference task). Using
verbally described concepts, research has shown that people
assess category membership in ways that are broadly
consistent with CMT, exhibiting characteristic patterns such
as coherence effects, explaining away, and a causal status
bias over features (Kahneman & Tversky, 1982; Lombrozo,
2010; Walsh & Sloman, 2011; Marchant & Chaigneau, 2020;
Rehder, 2003a; 2003b).
But causal inference extends far beyond verbal description.
People often perceive causal relationships directly when
observing physical interactions such as collisions (Michotte,
1946/1963; Scholl & Tremoulet, 2000; Blakemore et al,
2001; Wolff, 2008; Rips, 2011), even when the perceived
causality is in fact illusory or coincidental (Bechlivanidis,
Buehner, Tecwyn, Lagnado, Hoerl, & McCormack, 2021). In
a typical perceptual causality experiment, subjects observe a
clip in which an object A starts moving, connects with an
object B, whereupon object B starts moving – a so called
“launching event” (Gordon, Day, & Stecher, 1990), and
subjects typically report seeing A cause B to move. This
perception of physical causality seems to be strong enough to
trump other types of information (e.g., Buehner, &
Humphreys, 2010; Bechlivanidis, Schlottmann, & Lagnado,
2019). In another causal learning paradigm, Blicket detector
experiments also demonstrate that people readily draw on
objects’ interactions and perceptual features to infer
categories based on causality, and make inferences driven by
causal categories (Gopnik & Sobel, 2000; Kemp, Goodman,
& Tenenbaum 2010; Sim & Xu 2017). In Blicket
experiments, subjects learn that certain objects can make a
machine activate (i.e., light up and play a sound). Children as
young as two use “blicketness” to categorize novel objects
(Gopnik & Sobel, 2000), and adults have been shown to draw
on perceptual features of objects as well as interaction
evidence in complex ways to impute causal categories and
functional forms that in turn guide causal predictions (Kemp,
Goodman, & Tenenbaum, 2010).
We are interested in the difference between verbal
descriptions and perceptual experiences of causally
structured concepts: In most categorization experimental
settings, the verbal descriptions often contain probabilistic
information, indicating that the events being described have
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a certain probability of occurring in the presence and/or
absence of their causes; perceptual experiences, on the other
hand, are inherently single-shot, providing evidence about
the potential alternative realizations of the system only
indirectly. Therefore, we explore whether perceiving a
sequence of physically realistic causal events yields some of
the same types of categorical reasoning that verbal
descriptions of causal structure afford.

The coherence effect
Under CMT, a new observation’s probability of category
membership is driven by its likelihood under the category’s
generative causal model (e.g., Rehder, 2003a; 2003b).
Ceteris paribus, this is most likely when the feature values
are coherent, in the sense of being a plausible manifestation
of the generative model. In the coherence effect, people show
sensitivity to this principle. For example, if the conceptual
causal relationship A→B is understood to be strong and
generative, people will take observations in which both A and
B occur, and where neither A and B occur as more compatible
with the concept – hence more likely to be produced by a
category member – than observations in which A but not B
occurs, or where B but not A occurs (Hampton, Storms,
Simmons & Heussen, 2009; Malt & Smith 1984; Marchant &
Chaigneau, 2020, 2021; Murphy & Wisniewski, 1989;
Rehder, 2017; Rehder & Kim, 2006, 2010; Wisniewski,
1995). If people further believe that the effect has a low base
rate, they may find the case where only the effect is present
to be particularly incompatible with the category. To
illustrate with the Kehoe ant concept: the coherence effect
occurs when people judge that an ant with thin blood that
does not become immobile in cold winters (¬A¬B) is more
likely to be a Kehoe ant than one that has thick blood and
does not become immobile during cold winters (¬AB), or
than an ant that has thin blood and becomes immobile during
cold winters (A¬B). This reasoning pattern has been
replicated reliably in the causal categorization literature and
is taken to show people consider consistency between the
causal structure of the concept and the evidence to be as or
more important than the presence of characteristic features.

type of reasoning because it is a one-shot event with no
probabilistic information. Note that though there is evidence
suggesting that people can take alternative or counterfactual
events into account when analyzing perceived events
(Gerstenberg, Goodman, Lagnado, & Tenenbaum, 2021), in
that study subjects were explicitly asked about making
inferences in alternative perceptual scenarios (e.g., would the
same result occur if the cause were not present?).
In the current work, we test whether and under what
conditions observations of a causal perceptual event lead to
coherence effects, taking this as evidence that people form
mental categories according to the CMT. This issue is
important for establishing the generality of CMT beyond
verbal descriptions. Categorization is a central cognitive
ability, critical for generalization (Zhao, Lucas, & Bramley,
2021) and symbolic cognition in general (Piantadosi,
Tenenbaum & Goodman, 2016). As such, any account of it
must be able to interface with different modes of learning and
inference (Ashby & Maddox, 2005; 2011).

Experiment 1
We conducted an experiment in which subjects learned
about a simple physical causal mechanism involving two
salient launching acts A and B. In one condition, subjects first
watched a video clip of the mechanism in action in which
both acts occurred (AB causal event and ¬A¬B null event,
Phase 1). In a second condition subjects first watched a video
clip in which only the causal event occurred (AB, causal
only). Later, subjects in both conditions rated whether four
events (AB, A¬B, ¬AB, ¬A¬B) depicted the same
mechanism. To minimize the influence of specific
background knowledge, we used a novel label for the
artificial category. Concretely, it was referred to as a “Selfretracting Mechanism”. If subjects showed a classic
coherence effect, then they should rate the ¬A¬B null event
at least as likely to depict a self-retracting mechanism than
the events depicting A¬B and ¬AB. Alternatively if subjects’
judgements are purely based on featural similarity to the
category, we would expect them to rate ¬A¬B null event as
less probable category member than A¬B and ¬AB events.

Hypothesis

Method

As discussed above, the evidence of coherence effects in
categorization comes from experiments using verbal
descriptions of causal events. This often includes some
probabilistic information, either in the form of specific
parameters for the generative causal model (e.g., for P(A),
P(B), P(B|A)), or using adverbs that confer degrees of
reliability for the connections (e.g., “sometimes”,
“frequently”, “often”, etc.). Recall that one manifestation of
such a coherence effect is considering that the scenario where
the causal event does not occur (¬A¬B) to be relatively
consistent with an A→B causal model. If being led to think
about this alternative event as part of a causal model is
necessary for the coherence effect to obtain (Mayrhofer, &
Rothe, 2012), then, experiencing a known category member
producing the causal event will not automatically afford that

Participants: Forty-eight subjects (31 female) aged 18 to 44
(mean = 25.44, SD = 6.0) were recruited online through
Prolific Academic (https://www.prolific.co/) and received
monetary compensation according to Prolific rules (at a rate
of £7.56 per hour). The task took around 5 minutes. Two
subjects were excluded from analysis because they answered
the attention check question incorrectly, leading to a final
sample of forty-six subjects.
Design: We implemented a 2 conditions (causal-only, causal
+ null event) x 4 event types (AB, A¬B, ¬AB, ¬A¬B) mixed
design, with repeated measures in the event types factor.
Materials and Procedure: We created clips of a 3D physical
scene using Blender (Community, B. O., 2018). Each scene
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Figure 1: Freeze frames of events used in Experiments 1 and 2, captured towards the
end of each event.
depicts simple objects involving in a dynamic interaction,
totaling four 8-second videos (see Fig. 1, and available at:
https://osf.io/a5pwz/). In each scene, a blue elongated cuboid
starts at rest, on a checkered surface. A red cube falls to the
surface. In the AB event, the blue object starts moving and
collides with the red square box (act A). At the moment of
collision, the blue rectangle slows down, and the red cube
begins to move along the same trajectory. The red cube then
falls from the surface (act B). The other three videos were
created to show the same objects, but with one or both acts
absent. For the A¬B event, the blue object starts moving and
collides with the red object. However, after collision, the red
object stops short of the surface’s edge and does not fall from
the checkered surface. For the ¬AB causal event, the blue
object does not move, while the red object starts moving
independently and falls from the surface. For the ¬A¬B
event, both objects remain at rest.
The experiment had two phases: In Phase 1, subjects
watched the example mechanism in action. Subjects in
causal-only condition watched only the AB event (Figure
1A). Subjects in causal + null event condition watched both
AB and ¬A¬B events (Figure 1A). After this, they proceeded
to Phase 2, where they were asked to classify four events AB,
A¬B, ¬AB and ¬A¬B. In each task, subjects were asked “Is
this video a Self-retracting Mechanism?” and responded
using a scale ranging from 0 (Definitely is not a “Selfretracting Mechanism”) to 100 (Definitely is a “Selfretracting Mechanism”). The slider allowed increments in
steps of size 5 and the thumb was initialized at the middle of
the scale at the start of each trial.
Subjects were instructed that they would see a video
illustrating a “Self-retracting Mechanism” and then make
judgments about whether several other events depict the same
mechanism. Additionally, the instructions indicated that the
experiment consisted of two phases. Subjects were randomly
assigned to one of the two experimental conditions. During
Phase 1, subjects had to watch the video(s) once and then
pressed the “Next” button to continue to Phase 2.
Immediately after Phase 1, subjects answered an attentional
check question in which they had to choose the correct

category name out of three possible alternatives. Subjects that
incorrectly responded to this question continued to Phase 2
but were removed from the analyses.
During Phase 2, subjects viewed all four events twice. And
each and every time had to rate each one’s probability of
category membership. In Phase 2, subjects always observed
the AB causal event first, to promote the correct rating scale
use. The other seven videos were shown in random order.
Subjects were not allowed to go back to check previous
responses, nor could they modify their responses once an
answer was submitted.

Results
Because subjects watched each event video twice, we
computed mean rating for each event (i.e., the average of each
type of video’s first and second presentation). Fig. 2A shows
the mean and standard errors of ratings for each event in both
conditions. Mean ratings were submitted to a 2 (condition:
causal-only; causal + null event) x 4 (event: AB, A¬B, ¬AB,
¬A¬B) mixed ANOVA, with the last being the repeated
measure factor. The analysis revealed a significant main
effect of event F(3,132) = 34.28, MSe = 863.30, p <.001, ηp2
= .44, power > .99, a non-significant main effect of condition
(F(1,44) = 0.04, p = .85), and a significant interaction
(F(3,132) = 6.17, MSe = 863.30, p = .001, ηp2 = .12, power =
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Figure 2: Mean ratings in both conditions for each event type on Exps. 1 and 2. Note: Error bars are
∓ 1 SE of the mean.
.96). Following interaction and as it is illustrated in Fig. 2A,
subjects in the causal-only condition gave higher ratings to
the AB event than subjects in causal + null event condition
F(1,44) = 5.41, MSe = 616.66, p = .025, ηp2 = .11, power =
.62). However, the opposite effect was found for the ¬A¬B
event, in which subjects in the causal-only condition
provided ratings that were lower (F(1,44) = 12.42, MSe =
837.33, p = .001, ηp2 = .22, power = .93). For events A¬B and
¬AB we did not find any significant difference between
conditions.
To test for the presence of the coherence effect, we
followed the significant two-way interaction with planned
comparisons at each level of the condition factor. We filtered
our data by condition and performed planned contrasts in the
repeated measures factor. We found that subjects in the
causal-only condition rated the ¬A¬B clip as the least
probable category member, lower than both the A¬B clip
(F(1,21) = 28.56 , MSe = 1246.37, p < .001 , ηp2 = .58, power
> .99) and the ¬AB clip (F(1,21) = 17.84 , MSe = 1311.59, p
< .001 , ηp2 = .46, power = .98). This pattern is not in line with
the expected coherence effect. For the causal + null event
condition, we found no evidence for a difference between
¬A¬B and the A¬B clip (F(1,23) = .58, MSe = 2680.42, p =
.46, ηp2 = .02, power = .11), nor with the ¬AB clip (F(1,23) =
1.11, MSe = 2778.79, p = .30, ηp2 = .05, power = .17). Thus,
in the causal + null event condition, subjects judged the null
event (¬A¬B) as a similarly plausible category member as
A¬B and ¬AB events, which is potentially consistent with the
coherence effect.

Interim discussion
The coherence effect predicts that people see the null event
depicting an absent cause and an absent effect as a plausible
observation of a mechanism with an A→B relation. This did
not seem to be the case when subjects had learned about the

mechanism only from a positive exemplar: AB causal-only.
However, when subjects learned about the causal relation by
witnessing both the causal and the null event, their judgments
were more in line with the classic coherence effect pattern.
However, these results are not completely unambiguous. It
is possible that subjects’ relatively higher ratings for ¬A¬B
in the causal + null event condition than the causal-only
condition was due to the fact that this event was shown as an
exemplar of the mechanism during training. That is, subjects
might have responded based on recognition of a behavior
known to be producible by the mechanism. On this view it is
more curious that ratings of ¬A¬B were lower than AB since
both were presented once each during training. Exp. 2 was
designed to test this deflationary similarity-based judgment
hypothesis. Another issue of concern is that our evidence for
the coherence effect in the causal + null event condition
comes from not obtaining significant differences when
comparing the ¬A¬B event against the A¬B and ¬AB events.

Experiment 2
To reduce concerns regarding whether responses in Exp. 1
reflect similarity rather than a causal-model based coherence
effect, we ran a second experiment in which subjects again
viewed clips of the mechanism but where we systematically
manipulated the frequencies of which the AB event and
¬A¬B events were experienced during training so as to
provide probabilistic evidence. Using an observational
learning paradigm (similar to Lagnado & Sloman, 2004; Park
& Sloman, 2013 Exp. 3), we tested whether the similaritybased explanation might be correct. If this were the case, we
would expect that ratings for the AB and ¬A¬B events should
change as a function of the frequency in which both events
were experienced during training.
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Method

Results

Participants: Ninety-six subjects (60 female) aged 18 to 44
(mean = 27.02, SD = 8.27) were recruited online through
Prolific Academic and received monetary compensation (at a
rate of £7.50 per hour). The task took 6 minutes. No subjects
were removed before analyses.

Similarly to Exp.1, we averaged the ratings for each event
type (e.g., causal event AB consisted of 4 videos: rectanglecube; rectangle-pyramid; prism-cube; prism-pyramid). Fig.
2B shows averages of each event type. Data were submitted
to a mixed 2 (order) x 3 (condition) x 4 (event type) ANOVA.
The ANOVA test showed that order produced no main effect
F(1,90) = 0.65, p = .94 and participated in none of the twoway interactions (order x event type, F(3,270) = 0.14, p = .87;
order x condition, F(1,90) = 0.73, p = .49, nor in the threeway interaction F(3,270) = 0.31, p = .87. For this reason, we
continued the analysis with the order factor collapsed. We
found a significant main effect of event type F(3,279) =
64.36, MSe = 1495.32, p < .001, ηp2 = 0.41, power < .99, a
non-significant interaction between condition and event type
F(3,279) = 1.25, p = .28, and a non-significant main effect of
condition F(1,93) = 0.06, p = .94. Because of a violation of
sphericity (X2(5) = 83.74, p < .001), results are reported using
the Greenhouse-Geisser correction. The non-significant
interaction suggest that subjects were insensitive to event
frequencies during observational learning. In the general
discussion we return to this idea and provide some possible
explanations on why this may occur.
Because we did not find a significant two-way interaction,
we collapsed our data by condition and performed planned
contrast on event type. After collapsing our data, we found
that subjects rated the AB event higher than the A¬B event
(F(1,95) = 191.30, MSe = 842.09, p < .001 , ηp2 = .67, power
> .99), the ¬AB event (F(1,95) = 228.38, MSe = 1625.63, p <
.001 , ηp2 = .71, power > .99) and the ¬A¬B event (F(1,95) =
65.17, MSe = 1722.14, p < .001 , ηp2 = .41, power > .99). This
shows that in each condition the AB causal event was rated
as the most likely to depict a category member. Furthermore,
the A¬B event was rated higher than the ¬AB event (F(1,95)
= 31.13, MSe = 1389.14, p < .001 , ηp2 = .25, power > .99),
suggesting that the event where act A is present (i.e., the
cause, the blue object moves and hits the red object)
contributes more to category membership than the event
where act B (i.e., the effect, the red object falling off the
surface) is present. Importantly, we found that the null event
¬A¬B was not statistically different from the A¬B event
(F(1,95) = 1.43, MSe = 3079.63, p = .24, ηp2 = .02, power =
.22), but was taken as more likely to indicate category
membership than the ¬AB event (F(1,95) = 22.60, MSe =
3329.65, p < .001 , ηp2 = .19, power > .99). This last result is
consistent with the coherence effect prediction and replicates
our findings from Exp. 1 but does not rely on a nonsignificant result.

Design: We implemented a 2 (order) x 3 (condition: 8-2; 55; 2-8) x 4 (event types: AB, A¬B, ¬AB, ¬A¬B) mixed
design experiment with repeated measures in the last factor.
Conditions are explained next.
Material and procedures: We used similar materials and
followed the same procedures as in Exp. 1. In Phase 1,
subjects saw causal event scenarios of a “Self-retracting
Mechanism” as shown in Fig. 1, and in Phase 2 they were
asked to decide whether a possible event is a member of the
“Self-retracting Mechanism” category using a rating scale.
However, in Exp. 2, we implemented an observational
learning paradigm during Phase 1. We used three conditions
in which, (1) the AB event was experienced on 80% of the
trials and the ¬A¬B event on 20% of the trials (the 8-2
condition); (2) the AB event was experienced on 50% of the
trials and the ¬A¬B event on 50% of the trials (the 5-5
condition); (3) the AB event was experienced on 20% of the
trials and the ¬A¬B clip on 80% of the trials (the 2-8
condition). The three observational learning conditions
consisted of passively viewing ten events. Because there were
ten videos but only four types of events, we created two
different shapes for each individual object. For act A (blue
object moving), we introduced two shapes: an elongated
cuboid and a pentagonal prism. For act B (red object falling
off the surface), we also used two different shapes: a cube and
a pyramid (Fig. 1B). Subjects received different shape/ event
combinations; hence they would not watch the same video
twice. To control for order effects during training, we created
two different orders randomly (between subjects). After
completing the observational learning phase, subjects
received the attentional check question and then continued to
Phase 2, where they had to rate all 16 possible event
combinations (4 events x 4 shapes = 16 different events)
using the same category membership rating scale used in
Exp. 1. All sixteen different events were randomized with the
exception of a single AB event (i.e., the rectangle that moves
and collides with the cube causing it to fall off), which was
always presented first to promote correct use of the rating
scale.
If the similarity-based explanation were correct, we should
find that subjects are sensitive to frequencies during the
observational learning phase. For example, subjects in
condition 8-2 should rate the AB event as a better category
member, followed by subjects in condition 5-5, and subjects
in condition 2-8 should give the lower rating. The opposite
pattern of responding should occur for the ¬A¬B null event.

Interim discussion
Results did not support the similarity-based hypothesis
which was offered as an alternative account for Exp. 1. If
results in Exp. 1’s causal + null event condition are
dependent on subjects judging that the ¬A¬B was a category
member simply because they had seen a known category
member exhibit it, then we would expect providing different
amounts of experience of the mechanism producing the
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¬A¬B event (frequencies = 2, 5 or 8) should have affected
subjects’ ratings for this type of event at test. In fact, we found
that subjects produced a similar level of coherence effect
across different training frequency conditions. Interestingly,
we found that subjects treated act A (the blue object colliding
with the red object) as having a greater influence than act B
(the red object falling off the table) on category membership
ratings (the A¬B event received, on average, higher ratings
than the ¬AB event), in line with the causal status effect
(Ahn, 1998; Ahn, Kim, Lassaline, & Dennis, 2000;
Mayrhofer & Rothe, 2012) such that causes are weighed
more than their effects when judging category membership.

General Discussion
We investigated causal-based categorization using videos of
3D objects, and found that, while observing an exemplar of a
single launching mechanism failed to replicate the coherence
effect as found in many experiments using verbal
descriptions, introducing an observation in which neither act
occurs (the null event) did lead to the expected pattern. We
tested category membership judgments following a singleshot observation (Exp. 1) and a set of observations indicating
frequencies (Exp. 2) and found judgment patterns cannot be
easily explained by similarity-based categorization. In other
words, people indeed seem to integrate feature information
causally to make categorization decisions in our experimental
3D virtual world, but only when provided with the help of
null events where both the cause and effect are absent. While
previous research has established a coherence effect using
verbal descriptions (Hampton, Storms, Simmons & Heussen,
2009; Marchant & Chaigneau, 2020; Rehder, 2017; Rehder
& Kim, 2006, 2010; Wisniewski, 1995), ours is the first
experiment to explore how these previous findings in
categorization generalized to visually perceived scenarios.
One difference between verbal descriptions and visual
evidence lies in their ability to communicate probabilistic
information, which is critical for predicting the coherence
effect (Rehder & Kim, 2006; 2010). In verbal descriptions,
probabilistic information can be communicated directly using
frequency words, while direct observation provides extra
mechanistic richness but only indirect evidence about longrun probabilities. We hypothesized that a single causal launch
event would not produce a coherence effect in causal
categorization because subjects cannot directly judge the
base rates and conditional probabilities involved, and that, in
contrast, if we provided subjects experience with the null
¬A¬B event, they would then show the coherence effect.
Results from Exp. 1 supported our hypothesis. In Exp. 2 we
tested an alternative explanation such that subjects showed a
coherence effect because of similarity-based categorization
(i.e., direct match of exemplars to generalization cases). To
test this alternative hypothesis, we trained subjects on an
observational learning paradigm with the AB and ¬A¬B
events with different frequencies, and found that subjects
were practically insensitive to frequency information,
showing a similar level of coherence effect regardless how
often they had seen these at training. It seems that having seen

the null ¬A¬B event, regardless of its frequency, sufficed to
change subjects’ response patterns. These results provide
evidence that the mere perception of a one-shot causal event
does not allow an effect that has been typically shown by
using verbal descriptions. Therefore, our results suggest that
there may not be a seamless continuity from one type of
causal understanding to the other, and that a perceived cause
may not automatically allow full-fledged causal-Bayesian
reasoning about events. These results may be relevant for
theories of development of causal cognition (e.g., Kuhn,
2012), and for theories of comparative cognition (e.g.,
Blaisdell, Sawa, Leising, & Waldmann, 2006), where the
issue of continuity of causal processing across development
and across species is important.
Though our results are suggestive, there are at least three
limitations that we wish to discuss before closing. The first
one, is that it is possible that ¬AB case was rated lower than
A¬B because it is a physically surprising event. It has been
shown that an object that starts moving without being
influenced by another violates our intuitive understanding of
physics. Future experiments should address this concern by
testing events that are not physically implausible. The second
limitation comes from the question regarding why subjects in
Exp. 2 were not influenced by frequency information. Other
studies have found that subjects are able to learn causal
structures and probabilities through observational learning
(e.g., Meder, Hagmayer, & Waldmann, 2008; Park &
Sloman, 2013). However, in those studies subjects learned by
observing frequencies of highly abstracted information (e.g.,
geometrical symbols co-occurring, sliders indicating the state
of variables). It might be that this parsing of events and event
structure made the task easier, or perhaps turned it into a
reasoning rather than a perceptual task. A third limitation is
that naming the category “Self-retracting mechanism” may
have given verbal hints about the causal structure of the
concept that could have influenced judgements. Future
experiments should address this concern by using neutral
names for novel causal categories.
In future research, we could consider integrating our
paradigm with feedback learning rather than observational
learning, as feedback encourages subjects to learn
probabilistic information from direct experience (Knowlton,
Squire, & Gluck, 1994; Packard & Knowlton, 2002). Another
direction is to develop computational models that incorporate
counterfactual and contextual information for inference
(Gertenberg, Goodman, Lagnado, & Tenenbaum, 2021), and
extend its usage to categorization. Recent work also proposed
computational modeling framework for object-based causal
generalization by constructing causal categories built on
perceptual features (Zhao, Lucas, & Bramley, 2021). Such an
approach can be adapted to categorization tasks like those
reported here, with the right probabilistic information at
hand. In sum, our experiments provide a rich testbed for
various computational methods to allow us exploring further
into causal categorization in the direct visual perceptual
domain.

2459

References
Ahn, W. (1998). Why are different features central for natural
kinds and artifacts?: The role of causal status in
determining feature centrality. Cognition, 69(2), 135-178.
doi:10.1016/S0010-0277(98)00063-8.
Ahn, W., Kim, N. S., Lassaline, M. E., & Dennis, M. J.
(2000). Causal status as a determinant of feature centrality.
Cognitive
Psychology,
41(4),
361-416.
doi:10.1006/cogp.2000.0741.
Ashby, F. G., & Maddox, W. T. (2005). Human Category
Learning. Annual Review of Psychology, 56(1), 149–178.
https://doi.org/10.1146/annurev.psych.56.091103.070217
Ashby, F. G., & Maddox, W. T. (2011). Human category
learning 2.0. Annals of the New York Academy of Sciences,
1224(1),
147–161.
https://doi.org/10.1111/j.17496632.2010.05874.x
Bechlivanidis, C., Buehner, M. J., Tecwyn, E. C., Lagnado,
D. A., Hoerl, C., & McCormack, T. (2021). Human vision
reconstructs
time
to
satisfy
causal
constraints. Psychological Science, 09567976211032663.
Bechlivanidis, C., Schlottmann, A., & Lagnado, D. A.
(2019).
Causation
without
realism. Journal
of
Experimental Psychology: General, 148(5), 785.
Blaisdell, A. P., Sawa, K., Leising, K. J., & Waldmann, M.
R. (2006). Causal reasoning in rats. Science, 311(5763),
1020-1022. doi:10.1126/science.1121872.
Blakemore, S. J., Fonlupt, P., Pachot-Clouard, M., Darmon,
C., Boyer, P., Meltzoff, A. N., Segebarth, C., & Decety, J.
(2001). How the brain perceives causality: An eventrelated fMRI study. NeuroReport, 12(17), 3741–3746.
https://doi.org/10.1097/00001756-200112040-00027.
Buehner, M. J., & Humphreys, G. R. (2010). Causal
contraction: Spatial binding in the perception of collision
events.
Psychological
Science,
21(1),
44–48.
https://doi.org/10.1177/0956797609354735
Community, B. O. (2018). Blender - a 3D modelling and
rendering package. Stichting Blender Foundation,
Amsterdam. Retrieved from http://www.blender.org
Gerstenberg, T., Goodman, N. D., Lagnado, D. A., &
Tenenbaum, J. B. (2021). A counterfactual simulation
model of causal judgments for physical events.
Psychological
Review,
128(5),
936–975.
https://doi.org/10.1037/rev0000281
Gopnik, A., & Sobel, D. M. (2000). Detecting blickets: How
young children use information about novel causal powers
in categorization and induction. Child Development, 71(5),
1205-1222. https://doi.org/10.1111/1467-8624.00224
Gordon, I. E., Day, R. H., & Stecher, E. J. (1990). Perceived
causality occurs with stroboscopic movement of one or
both stimulus elements. Perception, 19(1), 17–20.
https://doi.org/10.1068/p190017
Hampton, J. A., Storms, G., Simmons, C. L., & Heussen, D.
(2009). Feature integration in natural language concepts.
Memory
and
Cognition,
37(8),
1150–1163.
https://doi.org/10.3758/MC.37.8.1150Kahneman,
D.,
Slovic, P., & Tversky, A. (Eds.). (1982). Judgment under
Uncertainty: Heuristics and Biases. Cambridge, UK:

Cambridge
University
Press.
https://doi:10.1017/CBO9780511809477
Kemp, C., Goodman, N. D., & Tenenbaum, J. B. (2010).
Learning to learn causal models. Cognitive Science, 34(7),
1185-1243.
https://doi.org/10.1111/j.15516709.2010.01128.x
Knowlton, B. J., Squire, L. R., & Gluck, M. A. (1994).
Probabilistic classification learning in amnesia. Learning
& Memory, 1(2), 106–120.
Kuhn D. (2012). The development of causal reasoning. Wiley
interdisciplinary reviews. Cognitive science, 3(3), 327–
335. https://doi.org/10.1002/wcs.1160.
Lagnado, D. A., & Sloman, S. (2004). The advantage of
timely intervention. Journal of Experimental Psychology:
Learning Memory and Cognition, 30(4), 856–876.
https://doi.org/10.1037/0278-7393.30.4.856.
Lombrozo, T. (2010). Causal–explanatory pluralism: How
intentions, functions, and mechanisms influence causal
ascriptions. Cognitive psychology, 61(4), 303-332.
Malt, B. C., & Smith, E. E. (1984). Correlated properties in
natural categories. Journal of Verbal Learning and Verbal
Behavior, 23(2), 250–269. https://doi.org/10.1016/S00225371(84)90170-1.
Marchant, N., & Chaigneau, S. E. (2020). Modulating the
coherence effect in causal-based processing. In S.
Denison., M. Mack, Y. Xu, & B.C. Armstrong (Eds.),
Proceedings of the 42nd Annual Conference of the
Cognitive Science Society (pp. 2527 - 2531). Cognitive
Science Society.
Mayrhofer, R., & Rothe, A. (2012). Causal Status meets
Coherence: The Explanatory Role of Causal Models in
Categorization. In Proceedings of the 34th Annual Meeting
of the Cognitive Science Society, 743–748.
Meder, B., Hagmayer, Y., & Waldmann, M. R. (2008).
Inferring interventional predictions from observational
learning data. Psychonomic Bulletin & Review, 15(1), 7580. doi:10.3758/PBR.15.1.75.
Michotte, A. E. (1963). The perception of causality. New
York: Basic Books. (Original published in 1946).
Murphy, G. L., & Wisniewski, E. J. (1989). Categorizing
objects in isolation and in scenes: What a superordinate is
good for. Journal of Experimental Psychology: Learning,
Memory, and Cognition, 15(4), 572.
Packard, M.G. & Knowlton, B.J. (2002). Learning and
memory functions of the basal ganglia. Annual Review of
Neuroscience, 25(1), 563-593.
Park, J., & Sloman, S. A. (2013). Mechanistic beliefs
determine adherence to the Markov property in causal
reasoning. Cognitive Psychology, 67(4), 186-216.
doi:10.1016/j.cogpsych.2013.09.002
Piantadosi, S. T., Tenenbaum, J. B., & Goodman, N. D.
(2016). The logical primitives of thought: Empirical
foundations
for
compositional
cognitive
models. Psychological Review, 123(4), 392.
Rehder, B. (2003a). Categorization as casual reasoning.
Cognitive
Science,
27(5),
709–748.
https://doi.org/10.1016/S0364-0213(03)00068-5

2460

Rehder, B. (2003b). A Causal-Model Theory of Conceptual
Representation and Categorization.
Journal of
Experimental Psychology: Learning Memory and
Cognition,
29(6),
1141–1159.
https://doi.org/10.1037/0278-7393.29.6.1141.
Rehder, B. (2017). Concepts as causal models:
Categorization. In M. R. Waldmann (Ed.), The Oxford
handbook of causal reasoning (pp. 347–376). New York,
NY: Oxford University Press. https://doi.org/10.
1093/oxfordhb/9780199399550.013.39
Rehder, B., & Kim, S. (2006). How causal knowledge affects
classification: A generative theory of categorization.
Journal of Experimental Psychology: Learning Memory
and
Cognition,
32(4),
659–683.
https://doi.org/10.1037/0278-7393.32.4.659
Rehder, B., & Kim, S. W. (2010). Causal status and
coherence in causal-based categorization. Journal of
Experimental Psychology: Learning Memory and
Cognition,
36(5),
1171–1206.
https://doi.org/10.1037/a0019765.
Rips, L. J. (2011). Causation from perception. Perspectives
on
Psychological
Science,
6(1),
77–97.
https://doi.org/10.1177/1745691610393525.
Scholl, B. J., & Tremoulet, P. D. (2000). Perceptual causality
and animacy. Trends in Cognitive Sciences, 4(8), 299–309.
https://doi.org/10.1016/S1364-6613(00)01506-0.
Sim, Z. L., & Xu, F. (2017). Learning higher-order
generalizations through free play: Evidence from 2-and 3year-old children. Developmental psychology, 53(4), 642651. https://doi.org/10.1037/dev0000278.
Stahl, A. E., & Feigenson, L. (2015). Observing the
unexpected enhances infants’ learning and exploration.
Science, 348(6230), 91-94.
Waldmann, M. R., Holyoak, K. J., & Fratianne, A. (1995).
Causal Models and the Acquisition of Category Structure.
Journal of Experimental Psychology: General, 124(2),
181–206. https://doi.org/10.1037/0096-3445.124.2.181.
Wisniewski, E. J. (1995). Prior Knowledge and Functionally
Relevant Features in Concept Learning. Journal of
Experimental Psychology: Learning, Memory, and
Cognition, 21(2), 449–468. https://doi.org/10.1037/02787393.21.2.449.
Wolff, P. (2008). Dynamics and the Perception of Causal
Events. In T. Shipley & J. Z In T. Shipley & J. Zacks
(Eds.). Understanding Events: From Perception to Action
(pp. 555-589). New York: Oxford University Press.
https://doi.org/10.1093/acprof:oso/9780195188370.003.0
023
Zhao, B., Lucas, C. G., & Bramley, N. R. (2021). How Do
People Generalize Causal Relations over Objects? A Nonparametric Bayesian Account. Computational Brain and
Behavior, 1-23. https://doi.org/10.1007/s42113-02100124-z.

2461

Long Short-Term Memory of Language Models for Predicting Brain Activation
During Listening to Stories
Subba Reddy Oota

Frederic Alexandre

(subba-reddy.oota@inria.fr)
Inria Bordeaux, France

(frederic.alexandre@inria.fr)
Inria Bordeaux, France

Xavier Hinaut
(xavier.hinaut@inria.fr)
Inria Bordeaux, France
Abstract
Several popular sequence-based and pretrained language models have been found to be successful for text-driven prediction
of brain activations. However, these models still lack longterm memory plausibility (i.e. how they deal with long-term
dependencies and contextual information) as well as insights
on the underlying neural substrate mechanisms. This paper
studies the influence of context representations of different language models such as sequence-based models: Long ShortTerm Memory networks (LSTMs) and ELMo, and a pretrained
Transformer language model (Longformer). In particular, we
study how the internal hidden representations align with the
brain activity observed via fMRI when the subjects listen to
several narrative stories. We use brain imaging recordings of
subjects listening to narrative stories to interpret word and sequence embeddings. We further investigate how the representations of language models layers reveal better semantic context during listening. Experiments across all language model
representations provide the following cognitive insights: (i)
the representations of LSTM cell states are better aligned with
brain recordings than LSTM hidden states, the cell state activity can represent more long-term information, (ii) the representations of ELMo and Longformer display a good predictive performance across brain regions for listening stimuli; (iii)
Posterior Medial Cortex (PMC), Temporo-Parieto-Occipital
junction (TPOJ), and Dorsal Frontal Lobe (DFL) have higher
correlation versus Early Auditory (EAC) and Auditory Association Cortex (AAC).
Keywords: Brain Encoding; Linear Mapping; fMRI; LSTM;
ELMo; Longformer; Transformer;

Introduction
In the past decade, artificial neural networks have witnessed a
remarkable insights in the computational neuroscience community in understanding how the brain performs stimulus perception (1) given various forms of sensory inputs like visual
processing in object recognition tasks (Yamins et al., 2014;
Cadieu et al., 2014; Eickenberg, Gramfort, Varoquaux, &
Thirion, 2017), or (ii) by studying higher-level cognition like
language processing (Gauthier & Levy, 2019; Schrimpf et al.,
2021; Schwartz, Toneva, & Wehbe, 2019). This line of work,
namely brain encoding, aims at constructing neural brain activity given an input stimulus.
Sentence comprehension is studied using fMRI since a
while (Constable et al., 2004), Some studies have looked
into the modelling of language comprehension: e.g. how
sequence-based language models such as echo-state networks
(ESN) (Hinaut & Dominey, 2013) or long short-term memory
networks (LSTM) (Jain & Huth, 2018; Variengien & Hinaut,
2020) encode syntactic structures and contextual information.

Morevoer, (Jain & Huth, 2018) used LSTMs to get the context representation of sentences (with a next word prediction
task) and then used this representation to predict fMRI data.
Some works studied the LSTM capacity of representing
long-term information (Karpathy, Johnson, & Fei-Fei, 2015)
and its ability to model working memory (O’Reilly & Frank,
2006), there still lacks investigation of the long-term memory
cognitive plausibility of LSTM and its link to fMRI data. In
this paper, we open the black box of LSTM to look at particular LSTM activations: the cell state and the hidden state.
This can give more insights on longer-term and shorter-term
information. Indeed, the cell state mechanism has been introduced in the original LSTM paper (Hochreiter & Schmidhuber, 1997) in order to keep the error gradient of backpropagation constant over long-time scales. Thus, its activity can represent more long-term information than the hidden state of the LSTM. We also investigate how the pretrained bi-directional sequence embedding language model
ELMo (Peters et al., 2018) handles the longer context and
interprets the LSTM layers representations that better predict
brain activity.
Recently, the researchers studied how the representations
from Transformer (Vaswani et al., 2017) based language
models such as BERT (Devlin, Chang, Lee, & Toutanova,
2019) and RoBERTa (Liu et al., 2019) could directly predict fMRI data. Interestingly, such Transformer-based neural representations have been found to be very effective for
brain encoding as well (Schrimpf et al., 2021). On the other
hand, (Gauthier & Levy, 2019) fine-tune a pretrained BERT
model on multiple natural language processing tasks to find
tasks best correlated with high decoding performance. In
recent works, (Caucheteux, Gramfort, & King, 2021a; Antonello, Turek, Vo, & Huth, 2021) interpret the representations of the Transformer model (GPT-2 (Radford et al., 2019))
by disentangling the high-dimensional Transformer representations of language models into four combinatorial classes:
lexical, compositional, syntactic, and semantic representations to explore which class is highly associated with language cortical ROIs. However, these models are unable to
handle the long-term dependencies (sequence length is fixed
to 512 words) due to their self-attention operation. To overcome this limitation, recently, (Beltagy, Peters, & Cohan,
2020) introduced Longformer making it easy to process documents of thousands of tokens or longer and combining local
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windowed attention with global attention.
In this paper, we uncover insights about the association between fMRI voxel activations and representations of diverse
language models: LSTM, ELMo, and Longformer. The predictive power of language model specific representations with
brain activation is ascertained by (1) using ridge regression on
such representations and predicting activations and (2) computing popular metrics like 2V2 accuracy and Pearson correlation between actual and predicted activations.
Specifically, we make the following contributions in this
paper. (1) Given a language model pretrained on corpora by
handling long-term dependencies, we propose the problem of
finding which of these are the most predictive of fMRI brain
activity for listening tasks. (2) The investigation of longterm context of language model results reveals that ELMo and
Longformer representations display better correlation during
narrative story listening. (3) We also investigate the internal memory representations of LSTM (cell state and hidden
state) and derive interesting insights that the cell state representations yield better performance than hidden state representations.

Methodology
Brain Imaging Dataset
Narratives-Pieman (Listening to Stories) The “Narratives”
collection aggregates a variety of fMRI datasets collected
while human subjects listened to naturalistic spoken stories. The Narratives dataset that includes 345 subjects, 891
functional scans, and 27 diverse stories of varying duration totaling ∼4.6 hours of unique stimuli (∼43,000 words)
was proposed in (Nastase et al., 2021). Similar to earlier
works (Caucheteux, Gramfort, & King, 2021b), we analyze
data from 82 subjects listening to the story titled ‘PieMan’
with 259 TRs (repetition time). A TR is the length of time
between corresponding consecutive points in fMRI: here it is
1.5 sec. We list number of voxels per ROI (Region of Interest) in this dataset in Table 1. We use the multi-modal parcellation of the human cerebral cortex (Glassar Atlas: consists of 180 ROIs in each hemisphere) to display the brain
maps (Glasser et al., 2016), since the Narratives dataset contains annotations tied to this atlas. The data covers ten brain
ROIs, i.e., Left hemisphere (L), and Right hemisphere (R)
for each of the following: (i) early auditory cortex (EAC:
A1, LBelt, MBelt, PBelt, and R1) which plays a key role for
sound perception since it represents one of the first cortical
processing stations for sounds; (ii) auditory association cortex
(AAC: A4, A5, STSdp, STSda, STSvp, STSva, STGa, and
TA2) which is concerned with the memory and classification
of sounds; (iii) posterior medial cortex (PMC: POS1, POS2,
v23ab, d23ab, 31pv, 31pd, 7m) which has been implicated
in tasks as diverse as attention, memory, spatial navigation,
emotion, self-relevance detection, and reward evaluation; (iv)
the temporo parieto occipital junction (TPOJ: TPOJ1, TPOJ2,
TPOJ3, STV, PSL) which is a complex brain territory heavily involved in several high-level neurological functions, such

as language, visuo-spatial recognition, writing, reading, symbol processing, calculation, self-processing, working memory, musical memory, and face and object recognition; and
(v) the dorsal frontal lobe (DFL: L 55b, SFL, L 44, L 45,
IFJA, IFSP) which covers the aspects of pragmatic processing such as discourse management, integration of prosody,
interpretation of nonliteral meanings, inference making, ambiguity resolution, and error repair. These five brain ROIs
(EAC, AAC, TPOJ, DFL, and PMC) span a cortical hierarchy supporting language and narrative comprehension (Huth,
De Heer, Griffiths, Theunissen, & Gallant, 2016; Baldassano
et al., 2017).
Table 1: # Voxels in each ROI in the Narratives Dataset. LH
- Left Hemisphere. RH - Right Hemisphere. Pieman has 82
subjects.
EAC
AAC
PMC
TPOJ
DFL
LH RH LH RH LH RH LH RH LH RH
# Voxels 808 638 1420 1493 1198 1204 847 1188 1061 875
ROIs→

Encoding Models
To explore how and where contextual language features
are represented in the brain when listening to stories, we
extract internal hidden representations from two sequencebased models: Random LSTM and LSTM, ELMo (obtaining context-dependent word embeddings), and popular pretrained Transformer language model (Longformer) used for
describing each stimulus sentence and use them in an encoding model to predict brain responses. Our main objective is
to compare the correlation between each model dense hidden
representations and human cognitive process. In this paper,
we train fMRI encoding models using Ridge regression on
stimuli representations obtained using four models: Random
LSTM, LSTM, ELMo, and Longformer. The main goal of
each fMRI encoder model is to predict brain responses associated with each brain region given stimuli. In all cases,
we train a ridge regression model per subject separately. Following the literature on brain encoding (Caucheteux et al.,
2021b; Toneva, Stretcu, Póczos, Wehbe, & Mitchell, 2020),
we choose to use a ridge regression model instead of more
complex models. For instance, (Affolter, Egressy, Pascual, &
Wattenhofer, 2020) used a neural network-based model that
directly maps fMRI-to-word in a decoding setup. We plan
to explore more such models as part of future work in brain
encoding. Here, our main is objective to investigate the influence of context representations of different language models
such as sequence-based models: LSTM and ELMo, and popular pretrained Transformer language model (Longformer).

LSTM
First, we train an LSTM (Hochreiter & Schmidhuber, 1997)
network to predict the probability of the next word as a function of the history of previous words. The weights of LSTMs
are learned using the error back-propagation through time
(BPTT). To make the association between encoded stimuli
from LSTM’s internal components and fMRI brain activity,
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we do the folllowing: (i) At the time step t, we use vector at
to represent the internal neurons of encoded stimuli in LSTM.
In this paper, at may be hidden state vector (ht ) and cell state
vector (ct ). (ii) In order to map the stimuli encoded vector
at of LSTM and brain activity at the t-th time step (Yt ), we
define a simple linear model, ridge regression, to predict the
brain activity (Ŷt ) from at , as discussed in the ridge regression
section.

Pretrained text Transformer: Longformer
Longformer (Beltagy et al., 2020) builds on BERT’s language masking strategy and supports long document generative sequence-to-sequence tasks. We use the pretrained Longformer model with a local attention mechanism, where the
default window size is set to 5. To obtain the stimuli representation, we use the last layer token representations where
each token dimension is 768.

Model Prediction Across Whole Brain
To determine the significant voxel predictions across the
whole-brain, we ran the permutation tests where we shuffled
the true responses 5000 times, computed the Pearson correlation scores, and finally obtained the FDR corrected p-values
for the whole brain results using both Longformer and ELMo.
We set the correlation score of voxels to zero if the p-value of
the correlation obtained from the permutation test is above
the significance threshold (p> 0.05, FDR corrected).

Evaluation Metrics
We evaluate our models using popular brain encoding evaluation metrics described in the following. Given a subject and a
brain region, let N be the number of samples. Let {Yi }Ni=1 and
{Ŷi }Ni=1 denote the actual and predicted voxel value vectors
for the ith sample. Thus, Y ∈ RN×V and Ŷ ∈ RN×V where V is
the number of voxels in that region.
2V2 Accuracy is computed as follows.

Linear Probing of Language Models

2V2Acc =

Here, we do not train Random LSTM, LSTM, ELMo, and
Longformer networks to directly predict brain activities, for
two reasons. First, the dimension of the fMRI voxels varies
among different subjects and across different ROIs. Therefore, it is not convenient to design a universal neural network
architecture for generating outputs of different dimensions.
Second, the goal of this research is not to improve the performance of language models in predicting fMRI. We want to
explore linear mappings between particular features of language models states and neural activities in the auditory and
language brain ROIs. Namely, we look at (i) the characteristics of hidden state vectors (ht ) and artificial memory vectors (ct ) in both LSTMs and Random LSTMs, and (ii) local
context vectors obtained from performance-optimized deep
neural network models (ELMo and Longformer). Therefore,
we avoid any possible supervision from the fMRI data when
training LSTM and Random LSTM language models.

Ridge Regression
We trained a ridge regression based encoding model to predict the fMRI brain activity associated with the semantic vector representation obtained from each language model: randLSTM (hidden state, cell state), LSTM (hidden state, cell
state), GloVe, ELMo, and Longformer. Each voxel value is
predicted using a separate ridge regression model. Formally,
at the time step (t), we encode the stimuli as Xt ∈ RN×D and
brain region voxels Yt ∈ RN×V , where N denotes the number
of training examples, D denotes the dimension of input stimuli representation, and V denotes the number of voxels in a
particular region.
Hyper-parameter Setting: We used sklearn’s ridgeregression with default parameters, 5-fold cross-validation,
Stochastic-Average-Gradient Descent Optimizer, Huggingface for Longformer, MSE loss function, and L2-decay
(λ):1.0. We used Word-Piece tokenizer for the Longformer
model and Spacy-tokenizer for the GloVe and ELMo models.

1
NC2

N−1

N

∑ ∑

I[{cosD(Yi , Ŷi ) + cosD(Y j , Ŷ j )}

i=1 j=i+1

< {cosD(Yi , Ŷ j ) + cosD(Y j , Ŷi )}]
where cosD is the cosine distance function. I[c] is an indicator
function such that I[c] = 1 if c is true, else it is 0. The higher
the 2V2 accuracy, the better.
Pearson
Correlation
(PC)
is
computed
as
PC= N1 ∑ni=1 corr[Yi , Ŷi ] where corr is the correlation function.

Comparison to Other Language Models
We compare the LSTM model with the Longformer and
several other pretrained language models: Random LSTM,
ELMo, and GloVe. We encoded the number of words same
for both ELMo and Longformer to match the performance.
LSTM Training: We experimented with one layer of LSTM
to perform the next word prediction. In our next word prediction, we first split each story in half (of 27 stories); we designate the first half as the training set and the second half as
the test set. The model is implemented in Keras with TensorFlow backend (Abadi et al., 2016) with cross-entropy as loss,
Adam optimizer (Kingma & Ba, 2014), the number epochs
set to 100, the batch size is of 64, applied dropout with a keepprobability of 0.2, and tried LSTM with hidden state size is
set to 100, the dimensionality of word embeddings is set to
100. The other hyper-parameters are learning rate (0.01), and
maximum sequence length is set to 5.
Random LSTM: We use a random LSTM model where the
LSTM neurons are randomly initialized and kept frozen. We
use the output and cell state vectors at each time step to perform fMRI encoding. The configuration details of Random
LSTM are the same as that original LSTM model.
ELMo: ELMo (Embeddings from Language Models)
is a successful NLP framework developed by the AllenNLP (Peters et al., 2018) group. Unlike earlier embeddings, ELMo embeddings represent words in a contextual
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Figure 1: Pearson correlation coefficient (top figure) and 2V2 Accuracy (bottom figure) between predicted and true responses
across different brain regions using a variety of language models (for Narratives-Pieman dataset). Results are averaged across
all participants. ELMo and Longformer are the best. Rand Noise stands for a “Random noise vector”. (hidden state) stands for
the “short-term memory of internal state of the LSTM”.
fashion using a bidirectional LSTM model. We perform the
average of word embeddings at each TR (1.5sec.) to obtain
the contextual representation.
GloVe: based word vectors (each word is a 300-dimension
vector) (Pennington, Socher, & Manning, 2014), and the average of word embeddings results in context vector in each
time step.

Results
In order to assess the performance of the fMRI encoder models learned using the representations from a variety of language models, we computed the 2V2 accuracy and Pearson correlation coefficient between the predicted and true
responses across various ROIs for the listening (NarrativesPieman) dataset (Fig. 1).

Encoding performance of Language Models
From Fig. 1, we observe that the profiles of performance show
low scores in the early auditory cortex (EAC) and auditory
association cortex (AAC); average scores in TPOJ and DFL;
and superior scores in PMC. This aligns with the known language hierarchy for spoken language understanding (Huth et
al., 2016; Baldassano et al., 2017; Nastase, Liu, Hillman,
Norman, & Hasson, 2020). Language models ELMo, and
Longformer yield better performance in predicting the brain
responses than the LSTM model across all the ROIs. These
Pearson correlation (ρ) results are comparatively much higher
compared to those obtained using the pretrained GPT2 model

in (Caucheteux et al., 2021a) (ρ ranging from 0.02 − 0.06).
As shown in Fig. 1, our method obtains more than 3 times
higher correlations (ρ ranging from 0.02 − 0.19)1 . The main
reason is that the Longformer is designed to process documents of thousands of tokens or longer sequences while GPT2 models are unable to handle the long-term dependencies
(sequence length is fixed to 512 words). Also, the narrative
dataset consists of longer documents (more than 2000 words
in one story); the traditional transformer models consider the
context up to 512 words, whereas Longformer handles even
longer documents.
Further, from Fig. 1, we see that the bilateral posterior medial cortex (PMC) associated with higher language function
exhibits a higher correlation among all the brain ROIs. ROIs,
including bilateral TPOJ and bilateral DFL, yield higher correlations with the ELMo and Longformer, which is in line
with the language processing hierarchy in the human brain.
Finally, across all regions, Rand Noise vector and Rand
LSTM models have worse correlation compared to LSTM
and other language models. In summary, different and distinct language model features seem to be related to the encoding performance in listening tasks.
In order to estimate the statistical significance of the performance differences, we performed one-way ANOVA on the
1 we

do not apply on the same number of subjects and/or same
amount of stories than in (Caucheteux et al., 2021a). However, we
tested with few other stories such as Lucy and Slumlord, and our
results (higher correlations) show similar trends.
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Embedding Layer (Input layer)

Models compared
EAC
AAC
PMC
TPOJ
DFL
Longformer vs ELMo
0.521
0.271
0.168
0.054
0.356
LSTM (Cell state vs hid- 0.991
0.177
0.0357* 0.0038*
0.158
den state)
Longformer vs LSTM 0.048* 0.0008* 0.00002* 0.00003* 0.0015*
(cell state)
ELMo vs LSTM (cell 0.372 0.003* 0.00004* 0.00006* 0.0049*
state)

Layer-1

Layer-2

Average of Subjects

0.2

Pearson Correlation

Table 2: p-values obtained using post hoc pairwise comparisons for the three best models (+ LSTM hidden state).

0.1

0

EAC_L

EAC_R

AAC_L

AAC_R

PMC_L

PMC_R

TPOJ_L

TPOJ_R

DFL_L

DFL_R

TPOJ_L

TPOJ_R

DFL_L

DFL_R

Average of Subjects
0.8

2V2 Accuracy

mean correlation values for the subjects across the language
models (GloVe, LSTM (cell state), LSTM (hidden state),
ELMo, and Longformer) for the five brain ROIs. The main
effect of the ANOVA test was significant for all the ROIs with
p≤ 10−2 with confidence 95%. Further, post hoc pairwise
comparisons (Ruxton & Beauchamp, 2008) confirmed the
visual observations that on both 2V2 accuracy and Pearson
correlation measures, tasks such as ELMo and Longformer
performed significantly better compared to other models, as
shown in Table 2.

0.7
0.6
0.5
EAC_L

EAC_R

AAC_L

Which ELMo layers perform better encoding?
We investigate how the performance of ELMo changes at different layers (Embedding layer, LSTM layer-1, and LSTM
layer-2), as they are provided in different contexts. The results are shown in Fig. 2. From Fig. 2, we observe that layer2 displays better 2v2 accuracy and Pearson correlation score
compared to other layers. We further observe that the layer
1 show a sharp increase in performance compared to embedding layer in the context of narrative story listening.

Which Longformer layers perform better encoding?
Given the hierarchical processing of language information
across the Transformer layers, we further examine how these
Transformer layers encode fMRI brain activity using encoder
layers of Longformer. We present the layer-wise encoding
performance results across brain ROIs in Fig. 3. We observe
that in all the layers, intermediate layers (6 to 8) perform the
best for narrative listening, followed by a decrease in performance.

PMC_L

PMC_R

Figure 2: ELMo layers: Pearson correlation coefficient (top)
and 2V2 Accuracy (bottom) between predicted and true responses across different brain regions using layers of ELMo
model. Results are averaged across all participants.

LSTM: Effects of Hidden State vs Cell State Vectors

EAC

AAC

PMC

TPOJ

DFL

0.2

Pearson Correlation

In order to explore how LSTM hidden units learn to encode the long-term and short-term memory information and
the interaction between the two types of working memories,
we compare the encoding performance between representations of hidden state and cell state vectors. Fig. 1 showcases the fMRI encoding performance of both RandLSTM
and LSTM models where the cell state representations (long
term-memory vector) yield better performance than hidden
state representations (short-term memory). This supports the
cognitive plausibility of the LSTM cell architecture. Besides,
the performance of GloVe and RandLSTM models have significantly equal performance, indicating that semantic context
is missing in these models.

AAC_R

0.15

0.1

0.05
2

4

6

8

10

12

Layer Number

Figure 3: Longformer layers: Pearson correlation coefficient
between predicted and true responses across different brain
regions (different color lines) using Longformer. Results are
averaged across all participants. Middle layers (6 and 8) show
best correlation.

Cognitive Insights
We further analyse in more detail the prediction performance
of the encoder model trained on sub ROIs for the ELMo
and Longformer in Fig. 4. In the EAC, the sub ROI pbelt
(parabelt) display higher Pearson correlation among other
sub ROIs, and it is adjacent to the lateral belt on the exposed
surface of the superior temporal gyrus (STG). Also, the pbelt
area represent the next level in the auditory hierarchy and
mainly concerned with memory or decision-making. Similarly in the AAC, the sub ROIs such as A4, A5, stsvp, and stsda
yield better correlation, and these ROIs shares the primary
medial and posterior borders with TPOJ (Trumpp, Kliese,
Hoenig, Haarmeier, & Kiefer, 2013). Further, there is evidence that these sub ROIs of the AAC process perceptual and
conceptual acoustic sounds during auditory stories and social
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Figure 5: BrainMaps: Whole-brain prediction correlation using representations of Longformer (left) and ELMo (right) in
one sample subject (subject 1) of Narratives-Pieman dataset.
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Figure 4: Pearson correlation coefficient between predicted
and true responses across different sub ROIs of the Language
Network using ELMo and Longformer. Results are averaged
across all participants.
interaction tasks (Glasser et al., 2016). It can be observed that
sub ROIs such as Pos1 and Pos2 have a higher Pearson correlation than other sub ROIs of the PMC region. Both sfl and
l55b display a higher correlation among all the sub ROIs for
the DFL ROI. However, all the sub ROIs in the TPOJ yield
higher correlation, as shown in Fig. 4. The control and attention ROIs in the posterior cingulate cortex (for ex., POS1 in
PMC), together with the superior frontal language region (sfl
in DFL) and TPOJ, are part of the language network associated with narrative comprehension (Nastase et al., 2020): it
is encouraging to see that both ELMo and Longformer also
relate to semantic analysis of the ongoing narrative because
they obtain best performance, showing that capturing longerterm context is important.

Brain maps for whole brain predictions
The whole-brain prediction Pearson correlation for all the
voxels using ELMo and Longformer is shown in Fig. 5. In the
listening task, we observe from Fig. 5 that Longformer displays higher correlation values for many voxels than ELMo.
From Fig. 5, we see that ROIs such as EAC and AAC have
a lower percentage of voxels with a higher correlation compared to PMC and TPOJ brain ROIs (higher percentage of
voxels with higher correlation).

eral language models where the pretrained context representations (such as in ELMo and Longformer) are better predictors of voxel activations. (3) In LSTM, the cell state representations (long term memory vector) yield better encoding
performance than hidden state representations; thus, internal
dynamics of LSTMs seem to have more cognitively plausible
activations than classically studied LSTM activations. (4) We
used different layers of ELMo and Longformer, where higher
layers display better correlation for ELMo while intermediate layers show superior performance for Longformer. (5)
The control and attention ROIs in the posterior cingulate cortex, together with the superior frontal language region (sfl in
DFL) and TPOJ, are part of the language network associated
with narrative comprehension. (6) The posterior medial cortex (PMC), temporo-parieto-occipital junction (TPOJ), dorsal
frontal lobe (DFL) have higher correlation versus early auditory and auditory association cortex.

Limitations
We believe that more complex models instead of simple ridge
regression models can lead to further exciting insights: (i.e.
we may be able to link more directly internal model mechanisms to brain activations). However, to achieve this, one
would need more data (more subjects and longer stories) to
train such complex models.

Conclusion
This paper studied the long-term memory plausibility of language models for brain encoding. We observe that building
individual encoding models and interpreting the internal representations among models can provide a more in-depth understanding of the neural representation of language information. Our experiments on the Narrative listening stories
dataset lead to interesting cognitive insights.

Discussion
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Abstract
The human voice effectively communicates a range of emotions with nuanced variations in acoustics. Existing emotional
speech corpora are limited in that they are either (a) highly
curated to induce specific emotions with predefined categories
that may not capture the full extent of emotional experiences,
or (b) entangled in their semantic and prosodic cues, limiting the ability to study these cues separately. To overcome
this challenge, we propose a new approach called ‘Genetic
Algorithm with People’ (GAP), which integrates human decision and production into a genetic algorithm. In our design,
we allow creators and raters to jointly optimize the emotional
prosody over generations. We demonstrate that GAP can efficiently sample from the emotional speech space and capture
a broad range of emotions, and show comparable results to
state-of-the-art emotional speech corpora. GAP is languageindependent and supports large crowd-sourcing, thus can support future large-scale cross-cultural research.
Keywords: Machine learning; Perception; Emotion; Prosody;
Speech

Introduction
The human voice contains rich paralinguistic information that
can alter or give nuanced meaning to what we say and communicate how we feel (Banse & Scherer, 1996). This paralinguistic information is transmitted through speech prosody,
which refers to the variations in pitch, loudness, timing, and
voice quality. However, how emotions are exactly communicated with voice is not fully understood. The most prominent way of studying the mapping between emotions and
speech prosody has been to investigate the relationship between acoustic features and emotion labels in given large corpora of spoken sentences (Ayadi, Kamel, & Karray, 2011).
Existing emotional speech corpora are mainly constructed
in two ways: (1) corpora in which annotators label recordings by their perceived emotion, and (2) corpora in which
participants are prompted to express certain emotions in their
speech. In the first case (perceived emotion), the recordings
often consist of naturalistic speech, either scraped from naturalistic contexts (e.g., YouTube clips, TV shows, debates),
or recorded from participants who are engaged in game-like
activities (e.g., acting improvisation, Busso et al. (2008), user
interactions with robots, Batliner, Steidl, and Nöth (2008)).
Given emotional events rarely occur in naturalistic settings,
these corpora are often limited in the number of annotations and time-consuming to collect. Furthermore, emotional information is encoded simultaneously through multiple channels (Paulmann & Pell, 2011) but some channels

are entangled with one another and cannot easily be separated. For instance, what we say and how we say both influence the listener’s perception of emotions. Such interaction is problematic because we cannot dissect whether the
judgment provided by the annotators arises from the semantic meaning, prosody, or combination of the two. On the
other hand, intended emotion corpora are often experimentally well-controlled, balanced, and contain high-quality audio recordings. However, they are limited to predefined categories of emotions, lack naturalness, and are often expensive to create – thus compromising by reducing the number
of recordings.
Here, we introduce a new method to construct corpora for
emotional speech. Our design extends from previous methods that integrate human decisions into optimization algorithms, such as MCMCP (Sanborn & Griffiths, 2008) and
GSP (Harrison et al., 2020). We propose to combine human production and decision with a genetic algorithm to efficiently search the high-dimensional space containing all possible articulations of emotional speech. Genetic algorithms
typically include two steps: mutation and selection (Figure
1A). Our proposed method, called ‘Genetic Algorithm with
People’ (GAP), implements mutation and selection by assigning roles to people as creators and raters. The creator’s role
is to hear the spoken sentence from the previous generation
and reproduce it with their recording by situating themselves
in the context of the heard speaker. The raters then put on a
majority vote among three recordings (mutants) and decide
which recording should be propagated to the next generation
(i.e., Darwinian selection, Figure 1B). In our design, we ask
the raters to select the most emotional recording, thus increasing the evolutionary pressure of emotional recordings
and boosting the occurrence of possible emotional events.
Since creators are not prompted to produce emotional speech,
they are less likely to produce emotional stereotypes. Furthermore, we can disentangle semantic content from prosody
because the same spoken sentence propagates throughout the
generations, allowing us to control for the influence of semantic cues on emotion perception.
We argue that our proposed method – Genetic Algorithm
with People (GAP) – is less-biased because it does not presume the dimensionality of the emotional space and is more
efficient in sampling emotional prosody. Moreover, because
the recordings can be collected online, it can considerably re-
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duce the expenses and resources that are often necessary for a
more traditional corpora curation (inviting participants to the
lab, booking recording studios, manual annotation, etc). GAP
is also scalable in size by benefiting from the large and diverse
pool of online participants and can easily be extended to other
languages to produce a multi-lingual corpus. Although we
only focus on the English language in the current study, the
method is not limited to and can be applied to any language
given there are no prerequisites (e.g., pre-trained language
embedding, language-specific pre-screener). Finally, GAP
can be applied to other modalities, in which different kinds of
evolutionary pressure can be introduced. For example, optimizing the simplicity of a hand-drawn object (Schaldenbrand,
Liu, & Oh, 2021; Tian & Ha, 2022) or the aesthetics of music
(MacCallum, Mauch, Burt, & Leroi, 2012).1

Methods
Both experiments reported in this paper were conducted using PsyNet (https://PsyNet.dev; Harrison et al., 2020),
an automatic online recruitment system that is based on
the Dallinger platform (https://github.com/Dallinger/
Dallinger). All participants provided informed consent in
accordance with the Max Planck Society Ethics Council approved protocol (application 2020 05).

Experiment 1: Genetic Algorithm with People
Stimulus generation Prior to conducting the experiment,
we compiled a list of 10 semantically neutral sentences (see
Supplementary Materials). Eight of these sentences are included in the two emotional corpora, which are later used in
the validation experiment (Cao et al., 2014; Laukka et al.,
2016). The remaining two sentences come from the phonetically balanced and semantically neutral Harvard sentence corpus (IEEE recommended practice for speech quality measurements, 1969). For each sentence, we generated five speech
recordings each with a different speaker using the expressive TTS model (Valle, Shih, Prenger, & Catanzaro, 2020)
trained on LibriTTS (2,456 speakers). We manually inspected
if recordings contained glitches and replaced them with new
ones when necessary.

themselves in the context of the speaker and repeat the sentence. After completing the recording, they could hear the
playback of their own recording and evaluate whether their
own recording was good or bad (Figure 1E). Only when the
creator confirmed that his or her recording was of good quality, their own recording could be subsequently rated by the
rater group. For the creators, we explicitly chose to avoid the
use of words such as “emotions” or “feelings” in the experiment text and instead instructed the creators to place themselves in the context of the speaker. This was to minimize the
potential biases in prompting participants to produce stereotypical emotions.
The rater group heard three alternative recordings, of
which two were recordings produced by the creators in the
current generation (i.e., mutants) and the other one being the
selected recording of the previous generation. The raters were
asked to select which of the recording was most emotional
(Figure 1F). In each generation, seven rater responses were
gathered and the recording with the majority vote was propagated to serve as the stimulus for the next generation (Figure 1C). Consistent with previous literature, in pilot experiments, we found that introducing a majority voting approach
reduces participant error (Krishna et al., 2017) and improves
the quality of productions (MacCallum et al., 2012). Each
participant had a fixed role because raters and creators have
different tasks that could potentially influence one another.

Experiment 2: Annotation
To validate the robustness of our paradigm, we recruited
an independent group of participants to provide annotations
for the recordings generated in Experiment 1, as well as
the recordings obtained from two existing emotional prosody
corpora. We compared the three datasets to examine their
quality and breadth of coverage of the emotion prosody space.

Procedure In each chain, the creators first heard the recordings of the previous generation and were asked to situate

Materials Among the 10 neutral sentences we chose for
Experiment 1, we subset 20 recordings each from the 6 categories of emotion in CREMA-D (Cao et al., 2014), and 10
recordings each from the 11 categories of emotions in the
US subset of VENEC, totaling 230 stimuli. These two highquality corpora obtained in a traditional way were added as
a baseline for comparison with GAP. From both corpora, we
created another subset of 30 recordings that were intended to
be neutral.
The 500 recordings obtained from the genetic reproduction of prosody had duplicates since some chains converged
early (i.e., the previous generation stimulus being selected
again because it was most emotional). Removing these duplicates resulted in 314 unique recording to compose the genetic prosody set (hereafter referred as ‘prosody-GAP’). The
final stimuli set of all three datasets combined summed to 544
recordings.

1 All stimuli generated in the experiment chains can be explored
though an online, interactive visualization: https://polvanrijn
.github.io/prosody-GAP/

Design We employed a within-participant design, in which
each participant was presented with 20 randomly drawn

Design We employed a chain experiment design, whereby
the artificially generated samples served as the initial seed
generation. Participants were divided into two groups: creators who reproduced the speech, and raters who rated the
recordings generated by the creators. Each chain consisted of
10 generations (including the initial generation), totaling 500
recordings produced by the creators and judged by the raters.
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Figure 1: Schematic diagram of the main experiment. (A) Creators generate mutant recordings of the previous generation by
recording themselves saying the sentence as if they were in the same situation. Raters select the most emotional recording and
hence the Darwinian selection is applied. (B) The raters are presented with n creations, whereby n − 1 stimuli are created in
the current generation i. Over the generations, the speech prosody moves closer towards the prototype of a particular emotion.
(C) Raters put on a majority vote to decide which recording should propagate to the next generation. (D) Each chain starts with
an initial creation cø0 , which is passed on to the first creators c1 . The raters rate the creations {ci−1 , c1i , . . . , cm
i } where m is the
number of creators (here m = 2). (E) Each creator first listens to the creation from the previous generation and has to think of a
situation in which the recording could occur. Next, they record themselves as if they were in the same situation as the previous
speaker, followed by a playback of their recording to confirm that the recording is correct. (F) Raters listen to m + 1 recordings
(random order) and select the most emotional recording.
recordings from the entire stimulus set. Additionally, we presented 2 extra repeated trials to measure the consistency of
their response which was later used for exclusion criteria.
Procedure For each recording, participants answered questions presented in the following order: perceived strength of
emotion (“how emotional was the speech?”, 4-point scale),
valence (“how negative or positive was the speech?”, slider
value ranging -50 to +50) and arousal (“how low or high in
energy was the speech?”, slider value ranging 0 to +100), and
the authenticity of the speech (“how authentic (real) or fake
(pretending) was the speech?”, 4-point scale). Additionally,
they were asked to type a single word related to the mood that
best describes the state of the speaker in the recording.

Participants
991 participants were recruited from Amazon Mechanical
Turk (MTurk) who satisfied the criteria of having a US residency with a lifetime approval rate of over 99% on the platform. All participants had to pass a series of screening tasks
before they could participate in the main experiment. These
screening tasks included an assessment of competence in English (Lemhöfer & Broersma, 2012) and a psychoacoustic
test to check whether they were using headphones (Woods,
Siegel, Traer, & McDermott, 2017).
To obtain better quality audio recordings, we applied
stricter screening criteria in Experiment 1 where the participants had to have more than 2,000 previously completed
tasks on MTurk. Creators additionally had to pass the two
screening tasks: first, they had to be able to distinguish good
from bad recordings. Bad recordings were recordings that

were silent, contained too much noise, repeated sentences, or
sentences cut out too early. If participants made more than
one mistake, they were excluded. Second, participants were
asked to reproduce the heard sentences during practice trials
and were excluded if there was a textual mismatch (identified
using Google’s speech-to-text API transcription).
An additional screening criterion was also applied in Experiment 2. We excluded participants who repeatedly gave
the same answers for text labels and ones who had low response consistencies (r <.40) between the main experiment
trials and the repeated trials at the end.
After the screening procedure, 126 participants remained
for Experiment 1 with a mean age of 39.0 (SD = 10.3), among
which 28 had the role of being creators and 98 being raters.
131 participants remained for Experiment 2 with a mean age
of 38.3 (SD = 11.9). All participants received monetary compensation at a rate of $9 an hour for their participation.

Results
Natural Emergence of Emotional Speech First, we analyzed the selections made by the rater groups in Experiment
1, where the recording with the majority vote survived to the
next generation. If it were that the speech recordings became
more emotional in each generation, the raters would choose
one of the new recordings generated in the current generation
as opposed to choosing the one from the previous generation.
In line with this, over the generations, we could observe that
the raters chose the new mutant recording to be more emotional than the one from the previous generation (see Figure
2A).
Second, we analyzed the strength of emotions in the
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Figure 2: Emotion validation. (A) Average number of raters selecting the stimulus from the previous generation with the
generations binned into 1–3, 4–6, and 7–9. The number of raters range from 0 to 7, in which 7 would mean that all raters
selected the creation from the previous generation. (B) Average rating on the strength of emotions for the neutral stimuli (gray)
and emotional stimuli from the VENEC (blue) and CREMA-D (green) corpus. The initial generation of prosody-GAP as bin 0
and the following generations binned into 1–3, 4–6, and 7–9. The area and the error bars represent 95 % confidence intervals.
(C) Average arousal (top) and absolute valance (bottom) as well as the arousal and valence kernel density estimates (middle).
recording and their valence and arousal response obtained
from the annotators of Experiment 2. We then compared this
with the existing emotional prosody corpora. In-line with our
prediction, the seed stimuli (generation 0) of the artificially
generated recordings with GAP showed similar ratings (M
= 1.79, SD = 0.80) as the neutral stimuli of CREMA-D and
VENEC combined (M = 2.09, SD = 0.86; see Figure 2B). Furthermore, the kernel density estimation (KDE) showed dense
concentration around the center of the valence and arousal
2-dimensional space (see Figure 2C). The seed of prosodyGAP and the neutral sets of the other two corpora also showed
comparable levels of arousal and absolute valence (after first
averaging at the stimulus level with raw values).
Over the generations of prosody-GAP, we observed that the
recordings became gradually more emotional and reached a
plateau around the 6th generation (see Figure 2B), of which
the rating of the last generation (M = 2.79, SD = 0.86) were
slightly higher than CREMA-D (M = 2.70, SD = 0.97) but
lower than VENEC (M = 3.11, SD = 0.88). Moreover, the
coverage of the valence-arousal space dispersed over the generation, and by the last generation, we could observe that the
covered regions were similar to CREMA-D and VENEC –
judging by visual inspection of the KDE plot (see Figure 2C).
Overall, these results demonstrate the robustness of GAP

and suggest that (i) emotional speech can be obtained in a
less biased way without the prior assumptions of emotion categories, and (ii) the obtained recordings from online crowdsourced samples can achieve comparable results to carefully
curated corpora generated in professional settings. Furthermore, the convergence of emotional levels around the 6th
generation demonstrates the efficiency of our method and
shows highly promising potential for its scalability.
Samples from a Wide Array of Emotions Using the gathered word labels provided by the annotators in Experiment 2,
we quantified the variability and the term-frequency distributions and made comparisons across the three datasets.
For prosody-GAP, we took the stimulus of the last generation where the ratings converged in each of the 50 independent chains (i.e., recording that the rater group judged as
most emotional). Since the size of the stimuli were unbalanced across the three sets (prosody-GAP = 50, CREMA-D
= 100, VENEC = 100; excluding neutral stimuli), we sampled 50 stimuli from CREMA-D and VENEC at random to
match the stimuli size. We then computed 1,000 bootstraps
without replacement in each set by randomly drawing 100
word label samples from all responses (where each stimulus
can have multiple annotations made by independent annota-
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Figure 3: Authenticity validation and free-text responses. (A) Distribution of authenticity ratings for stimuli from our corpus
prosody-GAP, VENEC, and CREMA-D. The error bars correspond to 95 % confidence intervals. (B) Computed skewness of
the frequency distribution of the free-text response (1,000 bootstraps). The error bars correspond to standard deviations. (C)
The average sampled word frequency distributions with bootstrap sample size being the smallest distribution length to balance
size across the three datasets. (D) Wordcloud generated from the free text response.
tors). All word labels were lemmatized using the textstem
R package.
To measure variability, we counted the number of unique
word labels in each of the bootstrapped samples (see Figure
3A). The results showed that both prosody-GAP (M = 72.1,
SD = 3.30) and VENEC (M = 73.9, SD = 3.85) obtain comparable variability, and higher value on average than CREMA-D
(M = 64.0, SD = 4.16). High variability indicates that more
diverse semantic labels are present, covering a wider range of
semantic vocabulary associated with emotions, whereas low
variability suggests that the frequency of words is concentrated onto a smaller subset of words. Considering VENEC

consists of more emotion categories than CREMA-D (11 and
6, respectively), higher variability for VENEC was expected.
The fact that prosody-GAP achieves comparable variability
to VENEC is indicative of the large breadth of emotion space
GAP is able to capture.
We next explored the raw distributions of the bootstrapped
samples. Since each bootstrapped sample has a varying number of entries, we first balanced this by taking the smallest
number of unique word values among all bootstrapped samples and used this as the reference value to consider the distributions only over this threshold (see Figure 3C); therefore
allowing us to focus on the most informative portion of the
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distribution. We then aggregated over the bootstrapped samples in each set and computed the skewness to investigate the
distribution of the words, whereby high skewness in distribution would indicate that a small subset of words occurs more
frequently and that there is more inequality. Across all three
datasets, the skewness was highly similar (see Figure 3B) and
the top word labels in each set are visualized as wordclouds
in Figure 3D.
Authenticity In Experiment 2, annotators made a judgment about how authentic (real) or fake (pretending) the
recordings were (see Figure 3A). One-Way between-group
ANOVA showed that there was significant group differences
(F(2, 390) = 12.22, p < .001, ges = .06) with prosody-GAP
being rated as least authentic (M = 2.87, SD = 0.52) while
CREMA-D (M = 3.03, SD = 0.58) and VENEC (M = 3.21,
SD = 0.58) obtaining similar ratings. However, the effect size
between the groups was small, and a large portion of the stimulus in all three sets were rated as either “somewhat authentic” or “very authentic”. Given prosody-GAP was produced
in a noisier and uncontrolled environment recorded by nonvoice actors, we interpret this as an encouraging result that
corpora of sufficient quality can be obtained using online participants.

General Discussion
We propose a new approach, Genetic Algorithm with People
(GAP), for efficient sampling of the high-dimensional emotion prosody space by introducing genetic algorithms with
human raters. Each participant is assigned the role of either
creator or rater and the two groups synchronously optimize
the emotion prosody over each generation (Experiment 1).
While existing emotional prosody corpora are generated in a
top-down fashion relying on predefined emotion categories,
we show that our method can achieve comparable results to
produce corpora using online participants and by allowing the
emotions in speech to naturally emerge.
Using GAP, the speech became more emotional over the
generations and naturally converged, capturing a wide range
of possible emotions (Figure 3). This was assessed by an
independent group of annotators that provided responses for
perceived strength of emotion, valence and arousal (Experiment 2). In the beginning, we observed that our seed stimuli
(i.e., generation 0) had similar ratings and KDE concentration to the neutral stimuli of CREMA-D and VENEC (Figure 2). As each successive generation optimized to maximize
the emotions in the recording through selection pressure, the
level of emotion, valence, and arousal gradually inclined to
reach a plateau at a value that was comparable with the other
corpora. At the same time, it showed similar dispersion in the
KDE plot.
When examining the term-frequency distributions and the
variability of provided word labels to speech recordings,
we observed that the distributions among the three datasets
were similar and that the variability of words obtained using

GAP was comparable to VENEC and better than CREMA-D.
These results highlight the robustness of GAP and its great
potential for generating emotional prosody corpora in a curated environment that does not require professionals, with
no a priori assumptions about the dimensionality of the emotional space. This makes it a particularly valuable tool for
conducting research on emotional prosody cross-culturally
and for low-resource languages in particular. Recent findings
have shown that the use of emotion semantics in text are variable across cultures (Thompson, Roberts, & Lupyan, 2020)
and that perception of emotions in music may be influenced
by listener’s cultural background (Lee, Höger, Schönwiesner,
Park, & Jacoby, 2021). Thus, GAP is a great alternative to
overcome such challenges as it does not rely on assumptions
of emotion categories and can be extended to any language.
Our design is still limited in that we restrict the annotators
to provide only a single label for the recording (when there
could be a range of emotions perceived) and some recordings
had – in spite of extensive screening tasks – poor audio quality. Also, it is possible that maximizing the emotion in the
selection task biases the outcome towards prototypical emotions. However, the prior is likely to be less biased than existing corpora that rely on inducing specific and predefined
emotions. In future work, we plan to remove constraints on
the number of labels, develop a dynamic convergence metric
to end chains earlier, and construct a more principled way for
selecting sentences for initial generations that do not have to
rely on an existing corpus. Furthermore, we wish to implement better audio control to screen for participants with bad
microphone quality to improve the overall recording quality
of the corpora.
GAP has much broader applications and can be extended
to other domains for optimizing stimuli to match subjective
human criteria. For example, the method could be applied
in the context of optimizing sung melodies or hand drawings
to find optimal aesthetic preferences and compare across different groups. More broadly, this method demonstrates the
application of integrating humans in computer optimization
techniques to solve long-standing problems in machine learning and perception.
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Abstract

In the remainder of this paper, we will first summarize the
Bayesian Markov chain model (Xu & Griffiths, 2010), and
present our new quantum model for serial reproduction. We
will then compare the performance of the quantum model
with the Bayesian model in explaining emotion transmission
in a large corpus of serial reproduction of narratives. We finally discuss how the quantum model can account for potential order effects in serial reproduction.

A quantum walk model is developed for emotion transmission
in serial reproduction of narratives. The readers’ emotions are
represented by density operators, and the influences of the narratives on the readers’ emotions are modeled by applying the
controlled unitary operators to the density operators. The performance of the quantum model is evaluated on a large corpus of narratives, compared to that of the Bayesian Markov
chain model. The quantum model not only outperforms the
Bayesian model for all five emotion transmissions presented
in the corpus but can also account for order effects in serial
reproductions. These results suggest a promising first step towards extending quantum-like models to explain group-level
cognition.

Bayesian model for serial reproduction

Keywords: computational modeling; serial reproduction;
quantum cognition; emotion transmission;

Introduction
Numerous empirical findings in cognitive psychology have
exhibited anomalies concerning the classical benchmark defined by Kolmogorovian probability axioms and the rules of
Boolean logic, triggering a whole new scope of research:
the development of models for decision-making based on
the quantum formulation of probability theory (Busemeyer
& Bruza, 2012; Haven, Khrennikov, & Khrennikov, 2013;
Khrennikov, Basieva, Dzhafarov, & Busemeyer, 2014; Pothos
& Busemeyer, 2013, 2022). Although these quantum models provide deep insights into the cognitive anomalies, their
scopes are typically confined to the individual level. The next
stage of this line of research is to extend quantum models
of cognition to the group level. This is very important in understanding anomalies at the group level and how information
processing could affect information propagation in social networks and group decision making.
Serial reproduction is an experimental scheme where participants are asked to reproduce a stimulus (e.g. narratives,
images), and the reproduced stimulus will then be reproduced by the next participant in a chain. Serial reproduction
is chosen as the starting point of developing quantum models in group-level for two reasons: (1) Serial reproduction is
an information path of a social network; (2) Large amount
of research works, both experimental (Lyons & Kashima,
2003; Lee, Gelfand, & Kashima, 2014; Breithaupt, Li, Liddell, Schille-Hudson, & Whaley, 2018) and theoretical (Xu &
Griffiths, 2010; Hemmer & Steyvers, 2009; Meylan, Nair, &
Griffiths, 2021), have been done.

According to Xu & Griffiths (2010), the outcome of serial reproduction is a sequence of memory reconstructions by the
participants in a chain. At step n + 1, the model assumes that
the participant An+1 ’s previous experience establishes a prior
of the true state of the world µ, with µ ∼ N(µ0 , σ20 ), and that
the noisy observation xn has a Gaussian distribution with µ as
its center, xn |µ ∼ N(µ, σ2x ). The reconstructed true state given
the noisy observation µ|xn then follows the Gaussian distribution N(λxn + (1 − λ)µ0 , λσ2x ), where λ = 1/(1 + σ2x /σ20 )
(Gelman et al., 2013). Since the reproduced stimulus with
attribute values xn+1 (e.g. length of a fish in a drawing) only
depends on the previous xn , the process is a Markov chain
with transition probability
p(xn+1 |xn ) =

Z

p(xn+1 |µ)p(µ|xn )dµ,

(1)

where xn+1 |µ ∼ N(µ, σ2x ). Using the above results, serial reproduction for stimuli with one-dimensional attribute can be
seen as a first-order autoregressive process, denoted as AR(1):
xn+1 = (1 − λ)µ0 + λxn + εn+1

(2)

where εn+1 ∼ N(0, σ2x + σ2n ) with σ2n = λσ2x .

Quantum model for serial reproduction
The quantum walk model for serial reproduction is illustrated
in Figure 1. The model is developed from a more general
quantum walk model for idea propagation in social network
(Zhang & Busemeyer, 2021).
The opinion of the nth participant An conveyed in the stimulus they generate, denoted as Sn , is modeled by a quantum
state |ψn ⟩ with density operator ρAn = |ψn ⟩ |ψn ⟩† , where †
denotes the Hermitian conjugation. The initial opinion state
of participant An+1 is modeled by a quantum state |Xn+1 ⟩
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with density operator XAn+1 = |Xn+1 ⟩ |Xn+1 ⟩† . For binary
attributes, |ψn ⟩ and |Xn+1 ⟩ are two-dimensional states with
norm 1 (with respect to the L2 norm), and thus can be written as a linear combination of two orthonormal basis choice
states |0⟩ and |1⟩, where |0⟩ represents answering ”Yes” for
the attribute with probability 1, and |1⟩ represents answering ”No” with probability 1. The above construction could
also work for one-dimensional attributes measured by ratings
(Ashtiani & Azgomi, 2015; Martı́nez-Martı́nez & SánchezBurillo, 2016), where |0⟩ now represents the maximum of the
rating scale, and |1⟩ represents the minimum. The ratings are
then encoded by a linear mapping from the probabilities of
|0⟩ and |1⟩. For example, on a rating scale with range [0,5],
the state √12 |0⟩ + √12 |1⟩ corresponds to a rating of 2.5.

In step 2, we model how, after processing stimulus Sn ,
the opinion of participant An+1 is influenced by An ’s. For
one-dimensional attributes, we first define the following controlled unitary operator:
Un+1 = M0 ⊗ R(b0,n+1 θ0,n ) + M1 ⊗ R(b1,n+1 θ1,n )

(4)

In Equation 4, R(φ) is the two-dimensional rotation operator
that models how processing stimulus Sn changes the opinion
of An+1 . The rotation angle φ for An+1 is determined by the
product of the content power of Sn regarding choice represented by choice state |i⟩, denoted as θi,n , and the reading
bias of An+1 regarding choice represented by |i⟩, denoted as
bi,n+1 . M0 and M1 are projections onto the choice states |0⟩
and |1⟩ correspondingly. The controlled unitary operator is
then applied to the joint system operator ρn,n+1 :
†
ρn+1 = Un+1 · ρn,n+1 ·Un+1
,

(5)

where ρn+1 represents the joint system of An ’s opinion conveyed in stimulus Sn and An+1 ’s opinion after An+1 has processed Sn . When applying the controlled unitary operator,
the ρAn part of the joint system density operator ρn,n+1 acts
as the controller state, and the XAn+1 part acts as the target
state (see Equation 3). The controller state is not altered by
applying Un+1 , and it controls how the target state XAn+1 is
changed by Un+1 . We adopt the control unitary operator, because the opinion of participant An in stimulus Sn can control
how An+1 ’s initial opinion, encoded in XAn+1 , is changed after
An+1 has processed Sn , but the opinion in Sn is not altered by
An+1 processing Sn .
Finally, in step 3, we model how, after processing Sn , participant An+1 reproduces stimulus Sn+1 that conveys their
opinion. To do so, we take the partial trace of ρn+1 to trace
out the components involving the opinion of An :
Figure 1: Quantum model for serial reproduction. The opinion state in this example is modeled by a two-dimensional
vector containing the probability amplitudes of answering
“Yes” or “No” for some attributes of the stimulus. The influence of the opinion of participant An+1 by the opinion of An
expressed in the stimulus Sn is modeled by applying a controlled unitary operator Un+1 on the An -An+1 joint system,
where the An part of the joint system represents the controller
state, and the An+1 part represents the target state. The opinion state expressed in the reproduced stimulus Sn+1 is obtained by taking partial trace to trace out the An component
from the joint system, after An+1 has processed Sn . The reproduced stimulus Sn+1 will then be received and reproduced
by the next participant in the chain.
In step 1, we form a joint system of the opinion of participant An conveyed in stimulus Sn , and the initial opinion of
An+1 who receives Sn . The joint system is modeled using a
tensor product:
ρn,n+1 = ρAn ⊗ XAn+1 .

(3)

ρAn+1 = TrAn (ρn+1 ).

(6)

The reproduced stimulus Sn+1 with state ρAn+1 will then be
reproduced by An+2 and so on.
In short, there are two theoretical advantages of the quantum walk model over the Bayesian model for serial reproduction. First, the quantum walk model can predict nonlinear relations between xn and xn+1 , which are the measured values of
attributes for Sn and Sn+1 correspondingly. This non-linearity
arises naturally from quantum probability theory. Second, the
quantum walk model can be easily generalized into a model
that explains order effects in serial reproductions. We will
discuss these advantages in more detail later.

Emotion transmission in narratives
Emotion plays a central role in serial reproduction of narratives (Nabi & Green, 2015; Bilandzic, Kinnebrock, & Klingler, 2020; Breithaupt, Li, & Kruschke, 2022). Emotion
transmission refers to how the intensity of emotions conveyed in narratives develops during serial reproductions. Previous research (Thompson & Griffiths, 2021; Stubbersfield,
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Figure 2: The scatter plots of models’ predictions and the data. For all sequences whose heads are the selected original
narratives displayed in the titles, the ratings xn+1 from the data, the predicted rating of x̂n+1 given data xn by the best version
of the Bayesian model (in terms of lowest mean BIC for the emotion), and that by the best version of the quantum model, are
all plotted against xn from the data. The predictions are computed as the means of the best-fitted normal distributions for the
sequences before the distributions are truncated to [0,7]. The first five columns show x4 vs x3 , while the last two show x3 vs x2 ,
and each row corresponds to one emotion. As observed above, the quantum model can sometimes produce nonlinear predictions
of xn+1 as a function of data xn , while the Bayesian autoregressive model only generates linear predictions. This non-linearity
of the quantum model arises from computing quantum probabilities from the complex-valued probability amplitudes.
Tehrani, & Flynn, 2015; Breithaupt et al., 2022) found that
different emotions can transmit very differently and that the
transmission, as a function of the steps of the serial reproduction process, is systematic. We consider emotion transmission as the starting point to examine our quantum model for
serial reproduction because (1) emotion transmission is important and systematic in narratives; (2) the intensity of emotions is often measured by a one-dimensional rating variable;
(3) a recent study (Breithaupt et al., 2022) develops a large
corpus (https://osf.io/tpw5e/) about emotion transmission (19,086 retellings; 12,840 participants). The specific
dataset examined in this work is a subset of the data in Breithaupt et al., (2022). In this dataset, there are 96 original
narratives, denoted as S1 , and a total number of 8243 sequences developed from these original narratives (different
original narratives might be the heads of a different number
of sequences). In each sequence, there are three retellings besides the original narrative, denoted as S2 , S3 , and S4 , and the
retelling Sn is generated by the participant who reads the pre-

vious retelling Sn−1 . For each original narrative, the transmission of one of the five emotions: happiness, sadness, risk, disgust, or embarrassment, is examined. The intensity of emotions is measured using a rating scale from 0 to 7, with ”7”
meaning the emotion is strongly presented in the narrative and
”0” meaning the emotion is not presented at all (a slider was
used that recorded and displayed the ratings to one decimal).
The ratings are performed by another group of participants
who do not participate in the serial reproduction, and the final rating xn for retelling Sn is computed as the mean of all
ratings given to Sn . On average, each first retelling was rated
by an average of 5.62 raters, each second retelling by 3.27
raters, and each third retelling by 4.52.

Bayesian model for emotion transmission
We develop four versions of Bayesian models: (1) [BS3]1
is the same as the model in Xu & Griffiths (2010), where a
1 The texts in ”[]” are the version names of the models. The
reason for naming is explained in the caption of Figure 3.
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uniform prior µ ∼ N(µ0 , σ0 ) and a uniform observation noise
σ2x are assumed for each participant in the same sequence
(for one-dimensional attributes, the model is the AR(1) process shown in Equation 2); (2) [BSA5] is the same as the
first version except that we assume a changing observation
noise for each participant; (3) [BSB5] is the same as the
first version except that rather than a uniform prior, we assume that each participant uses either the reconstruction prior
µ1 ∼ N(3.5−φ, σ0 ) with probability ω, or µ2 ∼ N(3.5+α, σ0 )
with probability 1 − ω, where φ, α ∈ [0, 3.5] and ω are free
parameters; (4) [BSAB7] is the same as the third version
except that we assume each participant has different observation noises. In practice, since participants are not trained
on a specific prior before serial reproduction, the number
of reconstruction priors of the participants for this betweenparticipant serial reproduction task could potentially be more
than two. However, the main focus of this work is to compare
the quantum and the Bayesian models, and thus it is more
important to ensure that the quantum model and the Bayesian
model share the same assumptions as of the above versions.

the quantum model is given by
x̂n = 7 × P0,n .

(8)

Similarly, the initial state for the nth narrative Sn is set to be
the two dimensional vector,
p
p
|ψn ⟩ = xn /7 |0⟩ + 1 − xn /7 |1⟩ ,
(9)
where xn is the rating from the data. Finally, the predicted
value x̂n will be the mean of a normal distribution with standard deviation σn for computing the likelihood of data xn
given the model.

Quantum model for emotion transmission
For emotion transmission, we adopt a special controlled unitary operator:
(
M0 ⊗ R(κn P0,n + βn ) + M1 ⊗ I2 P0,n ≥ 0.5
Un+1 =
(7)
M0 ⊗ I2 + M1 ⊗ R(κn P0,n + βn ) P0,n < 0.5
where P0,n ∈ [0, 1] is the (1, 1) entry of ρAn that encodes the
probability of the emotion being presented in narrative Sn ,
I2 is the two-dimensional identity matrix, and κn and βn are
rotation parameters. The reason for adopting this special unitary is that the unitary operator Un in Equation 4 is designed
for narratives with contents of various attributes and readers
with different biases to these attributes. When the narratives
are of a single one-dimensional attribute, the bias parameter
bk,n can be lumped into the content parameter θk,n .
We develop four versions of quantum models corresponding to each version of the Bayesian model: (1) [Q4] is the
four-parameter version of the quantum model which contains
an initial opinion state X = cos φ |0⟩ + sin φ |1⟩ with free parameter φ that is the same for each participant in the same sequence, a reconstruction noise σ0 which is constant for each
participant, and two rotation parameters β, κ where κn = κ
and βn = β for all n; (2) [QA6] is the same as the first version except that, rather than assuming a constant reconstruction noise, we set a separate σn for each participant An ; (3)
[QB6] is the same as the first version except that participants
either use initial opinion state X = cos φ |0⟩ + sin φ |1⟩ with
probability ω, or use Y = cos α |0⟩ + sin α |1⟩ with probability
1 − ω, where φ, α and ω are free parameters, and cos2 φ ≤ 21
and cos2 α ≥ 12 (cos2 α = cos2 φ = 12 corresponds to the rating
3.5); (4) [QAB8] is the same as the third version, except that
we set a separate σn for each An . We assume that all of κn , βn
are the same to reduce the fitting complexity. Since the emotion ratings are in the scale [0,7], the predicted nth rating by

Figure 3: Mean BICs over all initial narratives, for each of
the five emotions and each version of the models. The models’ names are shown in the x axis, where ”BS” stands for
Bayesian, and ”Q” stands for quantum, ”A” stands for versions with a changing observation noise, and ”B” stands for
versions with two initial beliefs (”AB” means both are presented). The numbers at the end of the names show the number of parameters of the models. The dashed lines represent
the lowest BIC scores for the emotion corresponding to the
color of the line. The name of the model with the lowest BIC
for each emotion and the lowest BIC are labeled in the y axis.

Fitting the models
We fit one set of parameters for all sequences of retellings
with the same original narrative S1 . By this, we assume that
the rating xn+1 of any sequence with the same previous narrative Sn follows the same probability distribution and that
all sequences starting at the same S1 transmit emotion in the
same way. The models are compared using the Bayesian Information Criterion score (BIC). Since both models use Gaussian likelihood functions while the emotion ratings are in the
range [0, 7], we truncate the Gaussian functions to [0, 7] when
computing the BICs. The fitting is performed using the particle swarm algorithm in Matlab global optimization toolbox
with a swarm size of 320 and a maximum iteration of 2000.
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The fittings are performed 3 times to check for any convergence to a local minimum since multiple local minimums can
exist for the quantum model.

Results and discussions
Figure 3 shows the results of the BIC fittings. Overall, we
found that at least one version of the quantum model provides
a better fit of the data compared to any version of the Bayesian
model in terms of mean BIC scores over all initial narratives
for each emotion.
One reason why the quantum model achieves a better performance is that it can predict a nonlinear relationship between the emotion rating xn of the narrative Sn and rating
xn+1 of Sn+1 , while the AR(1) Bayesian model assumes a linear relationship between xn and xn+1 . Figure 2 shows how
this non-linearity might explain the data better. The nonlinearity here is a natural effect in any quantum probability
model, as quantum probability models are based on complexvalued probability amplitudes, whose magnitude squares are
the probabilities. In our model, probability amplitudes are
converted into probabilities in Equation 5, where both the
controlled unitary that encodes the transition probability amplitudes and its Hermitian conjugate are applied to the joint
state. And because of this nonlinear conversion from probability amplitudes to probabilities, the model can produce nonlinear predictions even if the controlled unitary operator itself
is a linear operator. Except for this part of the model, any
other operations including tensor products, partial traces, and
the mapping from quantum probabilities to ratings are linear.
Another potential reason could be that for data with a
multi-modal distribution, the quantum model could be more
sensitive to the multi-modality. As evident in the examples
shown in Figure 4, the quantum model can detect some multimodalities that the Bayesian model doesn’t detect.

Figure 4: Example original narratives where the quantum
model detects a multi-modal distribution and thus produces
a better fit, while the Bayesian model does not. The distribution is over the rating x2 of all sequences starting from these
original narratives. The best-fitted quantum model, in terms
of the lowest mean BIC, is of version ”QB6”, and the bestfitted Bayesian is of version ”BSB5”.

Order effects in serial reproduction
In the previous sections, we examine a simple case of serial
reproduction: reading and rewriting a narrative where only a
one-dimensional attribute (one type of emotion) of the narrative is measured. However, in practice, serial reproduction might also involve making judgments about the received
stimulus before or after reproducing the stimulus, and measurement of multiple attributes of the received stimulus. For
example, in Lee et al., (2014), participants are first asked to
rate both the extent of guilt and the extent of favor of two
conflicting parties (strangers and friends) about the received
stimulus, and then to reproduce this stimulus. It is a wellknown phenomenon (Hogarth & Einhorn, 1992; Krosnick &
Alwin, 1987; White, Pothos, & Busemeyer, 2014) that when
multiple judgments are made and multiple attributes are measured, the order of judgments and measurements could affect
participants’ judgments and opinions. In serial reproduction,
since the reproduced stimulus is related to the opinions of the
participants, changing the order of tasks and attributes could
potentially change the reproduced stimulus. A very important
feature of the quantum model is that it can be easily generalized into a model that captures these order effects, and we will
briefly discuss examples of two types of order effects that the
quantum model accounts for.

Figure 5: An illustration of the first type of order effect. Participants either first rate how strong an emotion conveyed in
the received narrative is, and then reproduce the narrative, or
rate after reproducing the narrative. The order effect in the reproduced narrative is a result of the state after processing the
previous narrative ρAn+1 collapsing into an eigenstate ρR,An+1
after rating the emotion.
The first type of order effect is produced by making a
choice before/after reproducing a narrative. Consider asking
the same participant to both rate how happy the received narrative is, and reproduce the narrative, as illustrated in Figure 5. To explain this order effect, we first need to extend the existing two-dimensional quantum model into a fivedimensional one. The same as in the two-dimensional case,
after processing the narrative from An , participant An+1 ’s initial state XAn+1 is evolved into ρAn+1 through Equation 5 and
Equation 6, assuming an extended controlled unitary operator. If a rating of happiness R is made before the narrative
reproduction, participant An+1 ’s opinion states will collapse
into an eigenstate ρR,An+1 corresponding to the rating R. In
this case, the reproduced narrative is modeled by the col-
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lapsed state ρR,An+1 . On the other hand, if the ratings are
made after reproducing the narrative, the reproduced narrative is modeled by the state ρAn+1 . An order effect is then
predicted by the quantum model when ρR,An+1 ̸= ρAn+1 .
The second type of order effect is produced by a similar
experimental paradigm as that of the first, except that instead
of asking a single conceptual rating question either before or
after writing, we ask two questions about two different attributes of the received narratives, one before and one after
rewriting (see Figure 6). For example, let the two attributes
be happy and disgusting contents of the received narratives.
Measuring the happy content first would potentially guide
the participant towards writing a happy story, and vice versa
if we were to measure disgusting content first. The quantum model explains this order effect as follows. We first extend the model to five-dimensional, and obtain ρAn+1 using
the same stimuli processing procedure as in Equation 5 and
Equation 6. Let ρRh ,An+1 and ρRd ,An+1 be the eigenstates ρAn+1
will collapse into after rating happiness as Rh and rating disgust as Rd respectively. For rating happy content first, the
reproduced narrative will have state ρRh ,An+1 , and vice versa
for rating disgusting content first. When ρRh ,n+1 ̸= ρRd ,n+1 ,
the states of reproduced narratives for the two different orders will therefore be different. Conceptually, this means that
the opinion of participant An+1 changes differently when different content is measured first. As a result, the reproduced
narratives for the two different orders might convey different
intensities of happiness and disgust.

Figure 6: An illustration of the second type of order effect.
Participants are asked to rate two attributes about the received
narrative (e.g. happy and disgusting contents), and we manipulate the order of measuring these two attributes. The order effect in the reproduced narrative is modeled by different
changes to the state of the reproduced narrative in the two
different orders.

Conclusions
We develop a quantum walk model for serial reproduction.
The quantum model was compared with a linear Bayesian
model on a large dataset about emotion transmission in narratives. The quantum model not only produces a lower mean
BIC than the Bayesian model for all five types of emotion
transmissions examined but can also account for order effects
in serial reproduction. Our results suggest that the quantumlike features of human cognition remain in human communication and affect the idea propagation in group-level cogni-

tion.
Future work will focus on different types of order effects
in serial reproductions. We will compare the quantum walk
model’s performance with that of other existing models for
order effects in group decision making. Besides, as mentioned, participants may have a wide range of initial beliefs
about the strength of an emotion presented in their writings.
Thus, a hierarchical model with a distribution of initial beliefs, either quantum or Bayesian, could be developed to better explain the data examined in this work.
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Abstract

potential for a common mechanism for reference frames in
both spatial and social cognitive functions. This was accomplished with an online study that measured participants’ spatial and social perspective taking skills, and with a series of
questionnaires for personality trait, visualization ability, and
anxiety.

When considering the location of objects and places, we
often take perspectives in reference to ourselves or someone/something else. Using ourselves as a reference is considered using an egocentric reference frame, while using something external as a reference is considered using an allocentric
reference frame. Of interest is the similarity of how these reference frames inform our understanding of both spatial and social cognitive processes. Similar to how we understand objects
in relation to ourselves or an external reference, mentalizing
and theory of mind processes have also been described using
reference frames. Whether there is a common mechanism for
using reference frames for processing both spatial and social
information is unclear. The present study explored this idea
with an online study where participants performed both a spatial and social (i.e., mentalizing) perspective taking task, along
with questionnaire gauging personality, visualization ability,
and anxiety. Participants who were better at taking someone
else’s spatial perspective tended to be better at mentalizing.
This relationship was not present when taking one’s own spatial perspective or when mentalizing was not necessary. We
provide preliminary evidence that reference frames contribute
to both spatial and social cognitive processes.
Keywords: perspective-taking; reference frames; spatial; social; mentalizing

Spatial Perspective Taking

Introduction
The ability to take someone’s perspective is crucial when
communicating and understanding where things are in relation to ourselves and others. In other words, perspective taking allows people to understand concepts and situations external to themselves and from another’s point of view (Zacks
et al., 2000). These two types of perspective taking can be described with reference frames where using our own perspective is an egocentric reference frame, while using another’s
perspective is an allocentric reference frame (Meilinger &
Vosgerau, 2010).
This distinction is not only used in the spatial cognition
literature, but also in the mentalizing or Theory of Mind literature (Apperly, 2012). It may be necessary for us to not only
analyze spatial information with different reference frames,
but also more abstract social concepts. Our tendency to extend our own mental state to other people is a common issue that leads to misunderstandings, and analyzing situations
from an external perspective can alleviate these issues (Royzman et al., 2003). What is the relationship between perspective taking for both the spatial and social cognitive domain? Is
there a shared mechanism for reference frames for both spatial and social functions? In this paper, we investigated the

In the topic of spatial cognition, directional relationships or
“reference frames” are often characterized as either “egocentric” or “allocentric”. Egocentric reference frames organize
objects and places in relation to oneself, while allocentric reference frames focus on the relationship between objects and
places independent of oneself. While egocentric reference
frames provide spatial awareness of immediate surroundings
through motor, vestibular, and other senses, allocentric reference frames enable more complex navigation using relationships between landmarks (Burgess, 2008). The organizing of
environments into landmarks and various frames of reference
assists in spatial navigation tasks and allows us to effectively
give directions to others (Taylor & Tversky, 1996). Building
these frames of reference helps us also mentally transform
our environment to take the perspective of the other objects
or people (Zacks et al., 2000).
Different neural structures in the brain have been strongly
correlated with certain spatial reference frames. The right
fronto-parietal region has often been associated with egocentric representations while the occipito-temporal region has
been associated with allocentric representations (Ruggiero et
al., 2021). These spatial representations of our environment
are based on the idea that our mind creates cognitive maps
that organize spatial cues and information. For instance, grid
cells in the entorhinal cortex have been found to allow for the
formation and development of these cognitive maps (Poucet
& Save, 2017). Additionally, cells specialized in encoding
head direction, borders, and boundaries within the hippocampus and retrosplenial cortex play an active role in navigation
and spatial awareness (Epstein et al., 2017). While theories regarding cognitive maps have often focused on the spatial components in conceptualizing the world around us, additional research has expanded the framework of cognitive
maps beyond this to include conceptual and nonspatial components as well (Constantinescu et al., 2016; Peer et al., 2021;
Proulx et al., 2016). With the growing evidence of common
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neural structures possibly linking together spatial and conceptual cognitive maps, it remains possible that these cognitive
frameworks might also encompass social situations and perspective taking.

Social Perspective Taking; Mentalizing
When taking another’s perspective in social contexts, we aim
to understand how they perceive the world and what they believe. The act of inferring another’s perspective with regards
to their beliefs or desires is known as “mentalizing”. Mentalizing requires us to understand that others may have access to
different information that can influence their subjective perspective (David et al., 2008). Inferring other people’s states
of mind is a central part to navigating social situations and
taking other perspectives (Langdon & Coltheart, 2001).
Similar to spatial perspective taking, the hippocampus has
been shown to play a critical role in social cognition and
in framing maps of abstract information based on episodic
memory. Instead of framing relationships between landmarks
in cognitive maps using allocentric references, social cognitive maps rely more on an egocentric perspective when coding
the strengths of social relationships (Tavares et al., 2015).
Few studies have investigated whether there exists a connection between perspective taking abilities in spatial and interpersonal contexts; therefore, in this study, we administered
both a spatial perspective taking task and a mentalizing task
to assess their connection. Given the distinction between egocentric and allocentric reference frames, we predict that people who are better at taking another’s spatial perspective (allocentric or “other”) will be better at mentalizing, and those
who are worse at taking another’s spatial perspective (egocentric or “self”) will also be worse at mentalizing. If this
is the case, it could allow for spatial analyses of how people
understand interpersonal relationships or frame negotiations
as a navigational problem that can be understood in a more
tangible manner.

Personality and Anxiety Differences
While there exist many individual differences in the ways
people use reference frames, past research has shown that
factors like age and upbringing can potentially impact the
tendency to use either of these spatial strategies (Gramann,
2013). Increased anxiety has also been a factor that leads
to increased reliance on egocentric information during spatial perspective taking (Todd et al., 2015). When looking
at personality factors for both spatial perspective taking and
mentalizing, different traits have been found to be correlated
with performance in these tasks. Subcategories within the
personality trait of agreeableness, such as compassion and
non aggression, have been positively correlated with better
mentalizing task performance (Allen et al., 2017). However, stronger spatial perspective taking abilities are correlated with higher scores of conscientiousness and emotional
stability (Carbone et al., 2019).
Further research is needed to disentangle the complex relationships between these individual difference factors and

their connection to spatial and social perspective taking. This
study aimed to investigate this connection by having participants complete a set of personality and anxiety questionnaires
to evaluate any possible connections to spatial or social perspective taking. We anticipate that one’s ability to take both
spatial and social perspectives will be dependent on individual differences in anxiety, personality, and visualization. For
anxiety, we predict that greater levels of anxiety will be associated with lower spatial perspective taking and mentalizing
ability; as suggested by previous literature (Lyons et al., 2018;
Maloney et al., 2014).
For personality, we predict that greater agreeableness and
conscientiousness will be associated with greater mentalizing and spatial perspective taking ability. This prediction diverges with previous findings where conscientiousness and
agreeableness were associated with spatial and mentalizing
ability differently (Carbone et al., 2019). If it was the case
that spatial and social cognitive abilities share a common
mechanism, we would expect similar personality factors to
contribute to both in a similar manner (Peer et al., 2021;
Proulx et al., 2016).
Our study investigated the potential for common mechanisms for reference frame use in both spatial and social
(i.e., mentalizing) contexts. This study was conducted online
and participants performed both spatial and social perspective taking tasks, and completed questionnaires that measured
personality traits, visualization ability, and anxiety. Our central prediction was that people who are better at taking someone else’s spatial perspective would also be better at mentalizing, and that people’s ability to take their own spatial perspective would not predict mentalizing ability.

Method
Participants
Two hundred and fifty (147 female, 103 male) undergraduate
psychology students at Texas A&M University participated in
this online study for course credit. The participants were between 18 and 26 years-old (M = 19). Recruitment was done
online using the institution’s SONA subject pool. Random
assignment was used to counterbalance the order of the perspective taking task and the false-belief task.

Measures
Spatial Perspective Taking Task. The spatial perspective
taking task was used to assess how well people can take perspectives in a spatial context. This task was an adaptation of
the perspective task used by Todd et al. (2015). It involved
participants looking at a picture with two silhouettes of a human head, facing each other, and identifying the direction
where a dark circle appears as seen in Figure 1a. A black
bar appeared beside one of the two heads which indicated
from which head’s perspective the participant must respond
with (“other” condition). When there was no black bar, the
participant had to respond using their own perspective (“self”
condition). Accuracy when taking their own perspective was
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Figure 1: a) Illustration of study order of procedures. All participants started with a demographics survey, followed by a random
assignment of either the spatial perspective task, or the mentalizing task. After completing the Big-5 inventory and the Imagery
questionnaire, participants were assigned the task that was not performed during the second stage of the procedure. Lastly,
the spatial anxiety and anxiety symptoms questionnaires were assigned. b) Examples of the spatial perspective task. The left
figure depicts a trial where participants needed to take their own perspective. The right figure depicts a trial where participants
needed to take the perspective of the head on the right side. c) Examples of the mentalizing task. The left trial is an example of
a question that does not require mentalizing. The example on the right can be solved with mentalizing. The two words at the
end are answer choices; bolded words are the correct answers.
used to assess their ability to think egocentrically. Accuracy
when taking the perspective of the other two heads were used
to assess their ability to think allocentrically. The task consisted of 35 trials, of which 20 trials were the ‘other’ condition and 15 trials were the ‘self’ condition.
Mentalizing Task. The mentalizing task was used to assess how well people can take perspectives in a social context. This task was a false-belief task where participants read
a short story and then answered a fill-in-the-blank sentence
using one of two words that the participants thought best fit
the narrative. This task was adapted from (Saxe & Kanwisher,
2003). The task consisted of 12 trials (stories), where 6 were
false-belief stories and 6 were controls. To correctly answer
the false-belief stories, participants needed to consider the
characters’ perspective in the story (“other” condition). To
correctly answer the control stories, it was sufficient for participants to rely on their own privileged knowledge (“self”
condition), instead of considering the mental state of any of
the characters.
Big Five Inventory 2. The 60-item Big Five Inventory-2
(BFI-2) (Soto & John, 2017) consists of statements relating to
personality traits; openness, conscientiousness, extraversion,
agreeableness, and neuroticism. Participants answered using a 5-point Likert scale (from strongly disagree to strongly
agree) the degree which they agreed with the statements.

Vividness of Visual Imagery Questionnaire. The 16-item
Vividness of Visual Imagery Questionnaire (VVIQ) (Marks,
1973) consists of statements which participants must imagine
using their minds and answer using a 5-point Likert scale (no
imagery at all to perfectly clear) the degree to how vividly
they can visualize the statements. An example statement is
“Visualize a rising sun. Consider carefully the picture that
comes before your mind’s eye.” and participants had to imagine “The sun is rising above the horizon into a hazy sky.”
Spatial Anxiety Questionnaire. The 24-item Spatial Anxiety Questionnaire (SAQ) (Lyons et al., 2018) consists of statements that describe situations and experiences that involve
spatial thinking, for which people may experience anxiety.
Participants must imagine being in those situations, and indicate how anxious they would feel. Examples of situations
include: “Asked to scan a complex visual scene for a specific
item”, “Asked to redraw a map from memory”, and “Tested
on your ability to follow instructions for creating an origami
design”. They responded using a 5-point Likert scale that
ranged between “None at all” to “Very much”.
Anxiety Symptoms Questionnaire. The 17-item Anxiety
Symptoms Questionnaire (ASQ) (Baker et al., 2019) consists
of statements of anxiety symptoms. Participants needed to
indicate how intensely and how frequently they experienced
each symptom during the past week. Examples of symptoms were: “Anxiety”, “Worries”, and “Trouble Remember-

2486

ing Things”. Participants responded using two 10-point Likert scales; one for the intensity, and the other for frequency.
Each scale ranged from 0 to 10, where 0 indicated “None”
or “Never” and 10 indicated “Extreme distress” or “All the
time”.

tween the two task order groups. This shows that participants
who completed the mentalizing task during the latter half of
the procedure tended to score less than those who started with
the mentalizing task. However, spatial perspective task performance was consistent between the task order groups.

Procedure

Correlational Analysis

In this online study, all participants used their personal desktop or laptop computers to complete a Qualtrics survey. The
survey was divided into five parts. The first part involved answering demographic questions including age, ethnicity, year
of study, multilingual status, and handedness. In the second
part, participants were randomly assigned to either the spatial
or the mentalizing task. If they were assigned to the spatial
perspective task, they were first oriented on how to respond
with their keyboard. Participants completed 12 practice trials
where they were shown a text of “Front”, “Left”, or “Right”,
and they were asked to press the corresponding arrow key or
with the corresponding “W”, “A”, or “D” key. Next, they
read the instructions for the actual spatial perspective task
and proceeded to complete it. If they were assigned to the
mentalizing task, they read its instructions and proceeded to
complete it. In the third part, participants completed the Big
5 Personality questionnaire and the Vividness of Visual Imagery questionnaire. Next, depending on whether the participant completed the spatial or the mentalizing task during the
second part of the survey, they completed the remaining perspective task. During the last part of the survey, participants
completed both the Spatial Anxiety Questionnaire, and the
Anxiety Symptoms Questionnaire. Finally, participants were
notified that they completed the survey, and they were automatically granted credits. This study was designed to take
less than 30 minutes to complete.

Correlational analyses were performed between the “other”
and “self” conditions for both the spatial and mentalizing task
performance (number of correct trials out of total trials). Figure 2, illustrates the correlation matrix between the 6 possible
correlation analyses between the two conditions of the two
tasks. Of interest is the unique, positive, yet weak, correlation
between the “other” conditions of the spatial and mentalizing
tasks (r(248) = 0.21, p < 0.01, 95% CI [0.08, 0.32]) (Figure
3). This shows that people who tend to perform better during the “other” condition for the spatial task, also performed
better during the “other” conditions for the mentalizing task.
This was the only statistically significant correlation given the
Bonferroni corrected alpha value for four tests (α = 0.01).
There was no significant correlations between ”other” spatial
condition and ”self” mentalizing condition (r(248) = 0.14, p
= 0.03, 95% CI [0.01, 0.26]), between ”self” spatial condition
and ”other” mentalizing condition (r(248) = 0.05, p > 0.01,
95% CI [-0.08, 0.17]), and between ”self” spatial condition
and ”self” mentalizing condition (r(248) = 0.07, p > 0.01,
95% CI [-0.05, 0.19]).

Results
Performance Differences
Since we counterbalanced the order in which participants performed either the spatial perspective task first or the mentalizing task first, we sought to establish that there was no difference in task performance between the two groups. Of the 250
participants, 120 were assigned to the spatial task first, and
performance was measured as the proportion of correctly responded trials. Shapiro-Wilk normality test for performance
scores on both the self and the other condition for both the
spatial perspective and mentalizing tasks demonstrated nonnormal distribution of scores. Correcting significance value
for four tests using the Bonferroni method (α = 0.012) yielded
consistent results.
Next, we performed Wilcoxon rank sum tests with continuity correction for performance from both the self and other
conditions for both the spatial and mentalizing task between
the two task order groups. This yielded a total of four tests
and we adjusted the significance value using the Bonferroni
method (α = 0.012). All but the ”self” condition for the mentalizing task performance was not significantly different be-

Figure 2: Correlation matrix of performance on the spatial
perspective task (Spatial), and the mentalizing task (Social)
for both the ”self” and ”other” conditions.
∗ Represents significance at α = 0.012 (α = 0.05 with Bonferroni adjustment for 4 tests).

Regression Analyses
To ascertain whether different individual differences factors
contribute to performance differences between the “other”
and “self” conditions in both, spatial and social, perspective
tasks, we conducted two multiple regressions analyses. For
each regression analysis, perspective task performance as assessed by the proportion of correct trials were the criterion
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Figure 3: Correlation plot between the spatial perspective
task score and the mentalizing task score during the ”Other”
condition. Both Pearson’s and Kendall’s correlation coefficients and p-values are displayed.
variables. The predictor variables were scores on the Big 5
personality, spatial anxiety, and anxiety scales along with a
perspective interaction factor (“other” and “self”). For ease
of interpretation, we mean centered all scales and continuous
variables.
The spatial perspective task model was statistically significant (R2ad j = 0.15, F(17,482) = 6.26, p < 0.01) and it showed
that greater extraversion predicted worse task performance (β
= -0.05, p < 0.01, η2p = 0.02). The only other statistically significant main effect was perspective, where taking one’s own
perspective predicted better performance (β = 0.22, p < 0.01,
η2p = 0.15) (Figure 4a). There were no significant interactions.
The mentalizing task model was not statistically significant
(R2ad j = 0.01, F(17,482) = 1.43, p = 0.12) and it showed that
greater agreeableness predicted greater task performance (β =
0.03, p < 0.01, η2p = 0.03). There was no statistically significant relationship with any other individual difference factors
or significant interactions. (Figure 4b).

Discussion
Results indicate that people who are better at taking someone
else’s spatial perspective tend to be better at mentalizing. Additionally, we found that extraversion negatively related with
spatial perspective taking performance, while agreeableness
positively related with social perspective taking performance
ormentalizing. However, we did not find evidence that different individual differences factors contribute to perspective
taking ability depending on whose perspective is being taken.
Overall, the small but unique correlational result supports our
hypothesis that people who are better at taking someone else’s

Figure 4: Dot and whiskers plots of multiple regression analyses. Dots represent estimates of coefficients, and whiskers
represent 95% confidence interval. a) For spatial perspective, extraversion was the only statistically significant predictor with no interaction effect of perspective. b) For social perspective (mentalizing), the overall model was not statistically
significant. Agreeableness was the only significant predictor,
with no interaction effect of perspective.

spatial perspective are also better at mentalizing.
Our main finding of interest was the correlational result,
and it gave our best support for connecting people’s ability to take spatial and social perspectives (Figure 2 & 3).
The unique nature of the correlation between taking someone
else’s perspective and their ability to mentalize is encouraging. There were no other significant correlations between the
”other” perspective conditions of the two tasks. While this
result supports our research hypothesis, it is not sufficient evidence to conclude that there is a shared mechanism for reference frames use between spatial and social cognitive functions. It may be the case that there are separate mechanisms
for the two domains that happen to perform similar functions.
However, our result provides support for a relationship between one’s ability to take someone else’s perspective in both
spatial and social contexts.
Our multiple regression analyses produced weak models
for which we can make few interpretations (Figure 4). Contrary to previous studies, conscientiousness did not predict
better spatial perspective taking (Carbone et al., 2019). In
fact, it predicted worse spatial perspective taking ability.
While the mentalizing model was not statistically significant,
the positive effect of agreeableness in the mentalizing task
was the only effect that aligned with literature (Allen et al.,
2017). However, this effect was present regardless of whether
the trial needed mentalizing or not. These findings do not sup-
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port our prediction that personality traits would contribute to
both spatial and social perspective taking ability. Additionally, we could not find support for our hypothesis that anxiety would negatively affect both spatial and social perspective
taking.
We did not expect there to be a difference in scores for the
self condition of the mentalizing task, depending on the order of procedure. However, participants who performed the
mentalizing task during the latter half of the procedure performed worse in the “other” condition of the mentalizing task.
This may be due to fatigue where participants become less focused, the further they progress through the tasks. This trend
was not present for the spatial perspective task, where there
was no difference in performance depending on the procedure
order. Perhaps, the spatial task was simpler so that fatigue
was less of an issue.
There were limitations to this study. First, our spatial perspective taking task may have been too easy to perform to
effectively gauge the variability in ability among the participants. This issue may extend into our mentalizing task where
it was too easy to solve, and produced a ceiling effect. Second, the online nature of this study carries its typical limitation where there is no mechanism in place to promote focus and honesty to the assigned tasks. Lastly, our spatial and
mentalizing tasks were not ideal at differentiating when people were using a egocentric or allocentric reference frame.
When tasked to solve the spatial task from another’s perspective, participants can use either an allocentric reference frame,
or they may use an egocentric reference frame by taking the
place of the other person (Filimon, 2015).
Additionally, the spatial task was two dimensional, and it
may have confused the participants when deciding what direction was the correct response. During our social perspective (i.e., mentalizing) task, one condition required participants to mentalize while in another, control, condition they
did not need to mentalize. However, all the problems could be
solved while the participants were mentalizing. Additionally,
the short scenarios for the fill in the black questions persisted
while the problem was being solved, further making the task
easier to perform.
To address these limitations, we have done a follow-up
study that replaced the spatial perspective task used in this
study with a spatial orientation task (Hegarty, 2004). Additionally, this follow-up study was conducted both online and
in-person to ascertain whether only being online significantly
impacted the quality of our data. We hope this line of study
will allow us to better understand how reference frames are
used and whether there is a shared mechanism for reference
frames (Peer et al., 2021; Proulx et al., 2016).
This study contributes to the growing body of work that is
attempting to make connections between our ability to understand spatial features like objects and locations, with our ability to understand other people. This paradigm could lead to
novel ways of analyzing social interactions or to understand
how abstract concepts like people and social relationships are

represented in our minds.
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Abstract

consistent with this view, relevant empirical evidence is still
sparse. This is because most studies of individual differences
in linguistic processing skills have adopted qualitative
approaches (e.g., asking ‘is X involved in Y?’) and focused
on the involvement of just one variable, or a small set of
variables in linguistic processing (e.g., working memory in
sentence comprehension; but see Christopher et al., 2012;
Schmidtke et al., 2018). Such approaches ignore the
contribution of other potentially relevant variables and do not
allow for a quantification of the relationships between several
variables. This, however, is critical for understanding how
domain-general cognitive skills and linguistic knowledge
jointly lead to high or low performance on linguistic tasks.

Humans differ greatly in their ability to use language.
Contemporary psycholinguistic theories assume that individual
differences in language skills arise from variability in linguistic
experience and in general cognitive skills. While much
previous research has tested the involvement of select verbal
and non-verbal variables in select domains of linguistic
processing, comprehensive characterizations of the
relationships among the skills underlying language use are rare.
We contribute to such a research program by re-analyzing a
publicly available set of data from 112 young adults tested on
33 behavioral tests. The tests assessed nine key constructs
reflecting linguistic processing skills, linguistic experience and
general cognitive skills. Correlation and hierarchical clustering
analyses of the test scores showed that most of the tests
assumed to measure the same construct correlated moderately
to strongly and largely clustered together. Furthermore, the
results suggest important roles of processing speed in
comprehension, and of linguistic experience in production.

The present study

Keywords: individual differences; linguistic skills; general
cognitive skills

Introduction
Most people acquire their native language effortlessly, yet
individuals differ greatly in how they use it (Kidd et al.,
2018). The question what makes someone a good language
user is intimately connected to that of the cognitive
architecture that enables language use (McQueen & Meyer,
2019). Specifically, previous research has established that
language processing interfaces with non-verbal cognitive
systems (Bates et al., 1991; McClelland & Rumelhart, 1981)
rather than being an encapsulated module in the human mind.
On such an account, individual differences in linguistic
processing skills are in part the result of variability in
linguistic experience (leading to variability in knowledge
about words and grammatical rules) and variability in general
cognitive skills (Dabrowska, 2018; Kidd et al., 2018). While
most contemporary theories of language processing are

In order to quantify the relationships between linguistic
knowledge, general cognitive skills and linguistic processing
skills, a broad approach is needed where the contributions of
multiple predictors are assessed in concert. The goal of the
present study was to contribute to such a research program.
To that end, we re-analyzed a publicly available dataset
containing the scores of 112 participants on 33 behavioral
tests (Hintz et al., 2020a). Approximately half of these tests
assessed participants’ linguistic processing skills on wordand sentence-level production and comprehension tasks. The
other tests assessed five cognitive constructs that have been
implicated in word and sentence production and/or
comprehension in earlier work. These were (1) linguistic
experience, i.e. knowledge of words and grammar, (2)
processing speed, (3) working memory, (4) inhibition, and
(5) non-verbal intelligence. With the exception of (5) each
skill was assessed in multiple tests, thereby alleviating
concerns about task impurity (Miyake et al., 2000). The
importance of each of the skills has been amply demonstrated
in earlier work (for (1), see, for instance, Diependaele et al.,
2013; Mainz et al., 2017; Huettig & Pickering, 2019); for (2)
Engelhardt et al., 2018; Hintz et al., 2020b; Schubert et al.,
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2015, 2017; for (3) Just & Carpenter, 1992; Baddeley, 2003;
Martin, 2021; for (4) Shao et al., 2012; for (5) Engelhardt et
al., 2018; Deary, 2001; Visser et al., 2006). However, no
study has analyzed the joint impact of all of these variables
on word or sentence production or comprehension.
Hintz et al. (2020a) provide pre-processed (e.g., outlierexcluded) scores of tests tapping into word- and sentencelevel production and comprehension, and the skills
mentioned above (see Table 1 for an overview). Here, we
quantified the relationships between these test scores by
applying correlation (presented as a heatmap) and
hierarchical clustering analyses (HCAs). HCA is a statistical
method, which – similar to correlation testing – aims to assess
the similarity of scores (i.e., clusters). Going beyond
correlation analysis, HCA builds a hierarchy of clusters. To
that end, on the agglomerative approach used here, each score
is initially assigned to its own cluster. The algorithm then
proceeds iteratively, such that at each stage the two most
similar clusters are joined, continuing until there is just a
single cluster left. HCA does not require any a priori choices
of test groupings and is therefore a suitable tool for an
unbiased exploration of the quantitative relationships
between test scores. The most common output of an HCA is
a dendogram—a diagram representing a hierarchicallystructured tree. Closeness and distance of scores in the tree
reflect greater and lesser amounts of shared variance,
respectively.
Our analyses were exploratory. We expected that scores
of tests assumed to measure the same cognitive construct
would show moderate to strong correlations (reflected in
warm colors in the heatmap) and would cluster together in
the dendogram. Beyond that, no specific hypotheses were
formulated. The main issue to be explored was how strongly
the scores from the word- and sentence-level production and
comprehension tasks were related to each other and to the
scores reflecting linguistic experience, general intelligence,
processing speed, working memory, and inhibition.

Methods

(n = 1,000) the original distance matrix and each time built a
dendogram, comparing the predicted classes of the original
dendrogram to the dendogram based on the randomlypermuted distance matrix. The mean absolute correlation of
the original dendrogram to the 1,000 permuted dendrograms
was .03. In other words, there was a 3% chance of obtaining
the dendogram below if the clustering of the tests in Hintz et
al. (2020a) were random. We thus conclude that our HCA
was sufficiently stable given these data.

Materials and procedure
The 33 behavioral tests administered by Hintz and colleagues
(2020a) required participants to provide speeded and
unspeeded manual (e.g. button presses or mouse clicks) and
spoken responses (e.g., picture naming). Administration took
approximately four hours per participant and was divided into
four sessions of one hour each (two in the morning and two
in the afternoon of the same day). The tests and the items
within each test were presented in a fixed order. To assess the
tests’ retest reliability, all participants completed the same
test protocol a second time, approximately four weeks after
the first test day. For a detailed description of the test
protocol, the individual test materials and procedures, see
Hintz et al. (2020a). Table 1 provides an overview of the
tests, the cognitive construct that each test was assumed to
measure, the nature of the dependent variables (accuracy- vs.
RT-based) and key descriptive statistics. Internal consistency
and test-retest reliability was excellent for most tests, with the
exception of the Corsi block and Flanker tests. This was
unexpected, as these are standard frequently used and well
validated tests. The authors noted that in both tests
participants were excluded based on task misunderstandings.
One possibility is thus that poor internal consistency and
retest reliability are the result of technical issues in the test
administration. Moreover, descriptive statistics revealed poor
results for the newly developed monitoring in (non-)word
lists and sentences-in-noise tests, which – as the authors
explain – might have been too difficult for the participants.
This means that no strong conclusions should be drawn from
results involving those tests.

Participants
The dataset provided by Hintz et al. (2020a) contains data
from 112 participants. Eighty-seven of these were university
students or graduates (27 male, mean age: 22.6 years, range:
18 to 29 years); 24 attended or had attended a vocational
college (12 male, mean age: 21.0 years, range: 18 to 29
years), and one participant was a high school graduate
(female, 25 years). All participants were native speakers of
Dutch. Although higher numbers of participants would be
desirable for an individual-differences study, 112 participants
were sufficient to detect correlations of .3 with 80% power.
Note that the same power calculation applies to the HCA
since HCA relies on a distance matrix, which in our study was
just a linear transformation of the correlation matrix for our
tests into the corresponding Euclidean distances.
Nevertheless, we assessed the stability of the dendogram by
means of a permutation test. That is, we randomly permuted

Data analysis
We harmonized the scores such that for all tests higher scores
reflected better performance. No pre-processing was applied
to the data other than that done by Hintz et al. (2020a). The
dataset had some missing values, which were missing at
random. Over the 112 participants, 0.46 values were missing
on average (min = 0, max = 5); over the 35 scores, 1.46 values
were missing on average (min = 0, max = 7). This amounted
to a total of 1.30% of missing data. We imputed missing data
points using MICE (van Buuren & Groothuis-Oudshoorn,
2011), as implemented in the function
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‘mice’ from the eponymous R package. The resulting data
matrix was submitted to a correlation analysis. We
additionally transformed the correlation matrix into a
Euclidean distance matrix, using the function ‘cor2dist’ from

R package psych. The Euclidian distance matrix served as
input to the HCA, which was performed using R function
hclust using the complete-linkage method.

Table 1: Overview of the tests provided by Hintz et al. (2020a), the cognitive constructs measured and key descriptive
statistics for each dependent variable.
Construct measured
Linguistic knowledge
Linguistic knowledge
Linguistic knowledge
Linguistic knowledge
Linguistic knowledge
Linguistic knowledge
Processing speed
Processing speed
Processing speed
Processing speed
Processing speed
Working memory
Working memory
Working memory
Working memory
Inhibition
Inhibition
Non-verbal IQ
Word production
Word production
Word production
Word production
Word production
Word production
Word comprehension
Word comprehension
Word comprehension
Word comprehension
Word comprehension
Word comprehension
Sentence production
Sentence production
Sentence comprehension
Sentence comprehension
Sentence comprehension

Test

DV

N

Skew.

Kurt.

Peabody
Antonym production
Spelling
Author recognition
Idioms
Prescriptive grammar
Auditory simple RT
Auditory choice RT
Letter comparison
Visual simple RT
Visual choice RT
Digit span forward
Digit span backward
Corsi forward
Corsi backward
Flanker
Antisaccade
Ravens
Picture naming
Verbal fluency (Semantic categories)
Verbal fluency (Letters)
Maximal speech rate
Word pronunciation
Non-word pronunciation
Non−word monitoring in noise
Word form monitoring in noise
Meaning monitoring in noise
Rhyme judgment
Lexical decision
Semantic categorization
Phrase generation
Sentence generation
Gender prediction
Verb prediction
Sentence monitoring in noise

Acc.
Acc.
Acc.
Acc.
Acc.
Acc.
RT
RT
RT
RT
RT
Acc.
Acc.
Acc.
Acc.
RT
Acc.
Acc.
RT
Acc.
Acc.
RT
Acc.
Acc.
Acc.
Acc.
Acc.
RT
RT
RT
RT
Acc.
RT
RT
Acc.

112
111
112
112
112
112
112
112
107
112
112
112
110
111
108
106
111
112
111
106
112
106
111
111
112
112
109
109
112
109
112
112
105
112
112

-0.43
-0.28
-0.43
0.62
-0.33
0.04
-1.36
-0.60
0.65
-0.54
0.88
0.26
0.22
-0.08
-0.04
-0.57
-2.09
-0.48
-0.28
0.04
0.15
-0.24
-0.12
0.26
-2.11
-2.47
-1.02
-0.49
0.61
-0.90
0.47
-1.14
0.45
0.62
-0.67

-0.79
-0.34
-0.37
0.47
0.03
-0.65
3.10
0.15
0.47
0.51
0.73
-0.74
-0.56
0.25
-0.15
2.77
6.40
-0.33
0.76
-0.18
0.55
-0.07
-0.57
0.60
7.87
9.98
2.48
0.10
0.72
0.72
0.80
0.98
-0.95
-0.72
0.16

Intern.
consist.
0.96
0.70
0.83
0.93
0.53
0.74
0.90
0.96
0.89
0.86
0.95
0.81
0.72
0.53
0.71
0.98
0.89
0.87
0.88
0.46
0.88
0.94
0.97
0.96
0.82
0.95
0.88
0.86
-

Retest
reliab.
0.91
0.74
0.85
0.95
0.78
0.86
0.59
0.76
0.83
0.58
0.78
0.75
0.70
0.39
0.49
0.50
0.71
0.87
0.69
0.72
0.71
0.88
0.79
0.88
0.59
0.49
0.53
0.79
0.69
0.62
0.79
0.67
0.88
0.76
0.30

Note. DV = dependent variable, Skew. = skewness, Kurt. = kurtosis, Intern. consist. = internal consistency, Retest reliab.
= retest reliability
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Linguistic experience

Processing speed
Working memory
Inhibition

Word production

Word comprehension
Sentence
production
Sentence
comprehension

I

II

III

IV

Figure 1: Relationships between test scores. Panel A: Correlation matrix presented as a heatmap. Warm colors represent
strong correlations. Scale ranges from weakest to strongest correlation observed. Correlation coefficients from the same
cognitive construct enclosed in green triangles. Panel B: Dendogram. Statistically similar scores form clusters.
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Results and discussion
Figure 1 summarizes the results of the correlation analysis
(Panel A) and the HCA (Panel B). Correlations between test
scores ranged between -.19 and .73. As expected, tests
assumed to measure the same cognitive construct generally
correlated positively with each other, moderately to strongly,
as reflected in warm-color cells (e.g., orange-yellow)
enclosed within the green triangles along the gray diagonal in
the heatmap. In addition to the tests with poor descriptive
statistics mentioned above (Corsi, Flanker, (non-)word and
sentence monitoring), which correlated only weakly with
other tests assumed to measure the same cognitive construct,
we observed that the letter comparison test correlated less
strongly with the other processing speed tests, that picture
naming was correlated less strongly with the other word
production tests, and that phrase and sentence generation tests
were not strongly correlated.
Turning to the hierarchical representation of the
relationships between the test scores, in the dendogram, the
first split divided the tree into two main branches: One branch
consisted of three sub-clusters (II, III, and IV); the other
branch (sub-cluster I) featured seven test scores that were
grouped together by the algorithm but were completely
unrelated to the remaining tests. These latter tests, i.e.
monitoring in noise, Flanker, and Corsi Block tests, were thus
unrelated to other tests assumed to measure the same
cognitive construct (i.e., word and sentence comprehension,
inhibition and working memory) and did not show
relationships with tests measuring other cognitive constructs
either. The most likely explanation for this separation is – as
mentioned earlier – the tests’ poor performance on internal
consistency and test-retest reliability. This sub-cluster of tests
is not considered further here.
As expected and also shown in the heatmap, the tests
assumed to tap a common construct generally appeared close
together in the cluster structure. That is, the tests of
processing speed occurred together in cluster II, the
remaining domain-general skills in cluster IV, and the
linguistic experience tests in cluster III.
More interestingly, the word and sentence production tasks
did not appear in close proximity in the dendogram, but were
distributed over different sub-clusters. This reflects that they
depended to differing degrees on specific domain-general
skills and linguistic experience. Specifically, the phrase
generation task, where participants were familiarized with a
small set of common objects, which they subsequently named
in noun and adjectival phrases of increasing complexity, was
strongly affiliated with the processing speed tasks. By
contrast, sentence generation, where participants produced
transitive sentences in active and passive voice, and picture
naming, where they had to retrieve the high and low
frequency names of pictures, were closest to the linguistic
knowledge tasks. This is plausible (at least with the wisdom
of hindsight), because the phrase generation task only
required participants to rapidly order a small set of known
words, whereas picture naming required the retrieval of
lexical knowledge. This clustering is consistent with the

entrenchment hypothesis (e.g., Diependaele et al., 2013),
according to which linguistic experience facilitates lexical
access. The remaining word production tasks, including the
verbal fluency tasks, clustered together with the tests of
working memory, again (for verbal fluency tasks) consistent
with earlier work (Shao et al., 2011).
Turning to the comprehension test scores, the speeded
word comprehension tasks (i.e., lexical decision, semantic
categorization, rhyme judgment) clustered together with the
processing speed tasks, whereas the sentence comprehension
tasks, where participants had to predict upcoming words
based on gender cues and verb semantics, clustered together
with other domain-general processing tasks, i.e. the Raven
non-verbal intelligence test, the digit span working memory
tests and the antisaccade test, as well as the majority of word
production tests. The presence of the antisaccade test in that
cluster is unexpected and not straightforwardly motivated by
prior research or models of sentence comprehension.
Mediating influences of working memory on visually-aided
auditory prediction tasks, on the other hand, have previously
been reported (Huettig & Janse, 2016). Moreover, prominent
theories have linked prediction during comprehension to
word production (Dell & Chang, 2014; Pickering & Garrod,
2007; see Hintz et al., 2017, and Rommers et al., 2015, for
experimental evidence for a link between prediction and
production abilities).
The scattering of the word and sentence production and
comprehension tasks over different clusters shows, first, that
they are not as closely related as one might have thought (cf.
Chater et al., 2016), and second, that they draw to differing
degrees on domain-general skills and linguistic knowledge.
Given the nature and complexity of the tasks, this not
surprising. In evaluating the present findings, it is important
to keep in mind that linguistic processing, in particular
sentence comprehension, was only assessed by a small set of
tasks. Therefore, general conclusions about the relationships
between the production and comprehension system and their
reliance on linguistic knowledge and domain-general skills
can only be drawn on the basis of further work. The present
study illustrates how such work could proceed in the future,
and what can be gained by individual-differences studies that
simultaneously assess multiple skills in each participant.

Conclusion
The present re-analysis of the public dataset by Hintz et al.
(2020a) was exploratory. We expected that scores of tests
assumed to measure the same cognitive construct would
cluster together. The main issue to be explored was how
strongly the scores from the production and comprehension
tasks were related to each other and to the scores reflecting
linguistic experience, non-verbal intelligence, processing
speed, working memory and inhibition. We observed a strong
association between processing speed and word
comprehension, and between linguistic experience and
production. Interestingly, we saw separate sub-clusters for
comprehension and production, suggesting that these

2495

processes are less strongly related than one might have
thought.
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this end, we implement a noisy-channel learner that jointly infers underlying forms and phonological processes from formmeaning output pairs. The model generates predictions given
a space of (nearly) consistent grammars, which we compare with empirical results from a recent behavioral study by
Prickett (2019). We find that this model, due to the difference
in the number of grammars that can generate or nearly generate different languages, achieves the same qualitative results
as those observed in experimental settings.
We begin first with some background on process interactions. We then present a recent behavioral study investigating
the learnability of process interactions, as well as the artificial
languages we will be using. Next, we provide an overview of
the model and compare the model predictions with the empirical results. We conclude with implications and next steps.

A challenge in learning phonological grammars is learning
how phonological processes interact. It has been argued that
some process interactions are easier to learn than others. One
basis for this argument is asymmetries observed in experimental settings: artificial languages generated from certain process
interactions are more likely to be successfully reproduced by
participants than others. In this paper, we argue that asymmetries in production do not necessarily provide direct support
that some phonological interactions are easier to learn. Rather,
we show that these asymmetries can instead emerge due to differences in the number of consistent or nearly-consistent grammars each pattern has. We present a noisy channel model of
morpho-phonological learning and apply it to a recent behavioral study examining the learnability of phonological process
interactions. We find that, due to the relative difference in the
number of grammars that can exactly match or nearly match
the observed data, the model achieves the same qualitative results as those observed in experimental settings.
Keywords: Linguistics; Phonology; Opacity; Noisy Channel;
Bayesian

Background

Introduction
A basic empirical observation is that languages change. An
example of this is given by Kiparsky (1968, 1971), who argued that patterns generated from certain phonological process interactions are more likely to change over time than
others. This asymmetry served as motivation to distinguish
process interactions based on learnability: learners are more
likely to successfully learn certain process interactions (i.e.
transparent interactions) than others (i.e. opaque interactions). Recent work has sought to experimentally and computationally investigate these learnability claims by evaluating
participants’ and models’ performance in artificial grammar
learning paradigms (Ettlinger, 2008; Kim, 2012; Brooks, Pajak, & Baković, 2013; Prickett, 2019). These studies found
evidence that data generated by some process interactions
were more difficult to reproduce than others.
The standard interpretation of these results is that if a pattern is easier to reproduce, then the interaction used to generate that pattern is also easier to learn. However, we argue that
this conclusion is premature; there are in fact many ways of
generating the same set of data beyond learning the grammar that generated it. These include memorizing parts of
the data to hypothesizing entirely different phonological processes than those of the original grammar. In this paper, we
explicitly show how considering the space of grammars is capable of capturing the reported learnability asymmetries. To

One of the goals in generative phonology is characterizing
how infants acquire a phonological grammar from a set of
surface representations (SR; e.g. words). A phonological
grammar is comprised of two parts: a lexicon containing the
representations (also known as the underlying representation,
or UR) of atomic meanings and the mapping from URs to observed surface forms. For example, many languages delete a
vowel when it precedes another vowel1 :
Etsako (Casali, 1997)
[dE] ‘buy’ + [akpa] ‘cup’
[d # akpa] ‘buy (a) cup’

(1)

When [E] does and does not appear is predictable based on its
context: [E] does not surface when before another vowel. We
can generate each output given a UR and a context-sensitive
mapping that transforms the UR into its observed form: /dE/
→ [dE] vs. /dE # akpa/ → [d # akpa].
In addition, in many languages, consonants undergo
palatalization in certain contexts (typically, before non-back
(high) vowels like [i] or glides like [j]). Again, the distribution of [t] and [tS] given the data is predictable based on
1 In

reality, this characterization is not restrictive enough. The
vowel that gets deleted in this language depends on a variety of factors, including which vowels are adjacent to each other. We will set
aside these complications for the time being.
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Table 1: Sample toy languages for the bleeding and feeding interactions. Shaded cells correspond to filler words. Filler words were not used
to evaluate participants in either the experiment or the model.
Bleeding
UR
Deletion
Palatalization
SR
UR
Deletion
Palatalization
SR

Stem-a
/imat-a/
–
–
[imat-a]
Stem-a
/imak-a/
–
–
[imak-a]

Stem-i
/imat-i/
–
[imatS-i]
[imatS-i]
Stem-i
/imak-i/
–
–
[imak-i]

Stem-i-a
/imat-i-a/
[imat- -a]
–
[imat- -a]
Stem-i-a
/imak-i-a/
[imak- -a]
–
[imak- -a]

Feeding
UR
Deletion
Palatalization
SR
UR
Deletion
Palatalization
SR

context: [tS] appears before [i], while [t] appears elsewhere.
Japanese
[mot-e] ‘hold-IMP’
[mot-anai] ‘hold-NEG’
[motS-imas-u] ‘hold-PRES-POL’

(2)

We characterize the mapping from inputs to outputs via a
rule-based approach (SPE; Chomsky & Halle, 1968). Under
this approach, mappings are computed through the sequential application of context-sensitive rules; if a sound is found
in a particular context, that sound is changed. For example,
we can formally characterize the palatalization and deletion
processes using the following notation:
Palatalization: t → tS / i
Deletion: V → Ø / V

(3)

The first process states that if [t] is found before [i], the
sound changes into [tS]. The second process states that if
a vowel is found before another vowel, the first vowel deletes.
Process interactions. Individual processes can potentially
interact with one another. There are two dimensions along
which these interactions are characterized under a rule-based
system: whether a process creates or eliminates the string to
which another process applies, and whether the process precedes or follows the other process. For example, consider the
UR /imat-a-i/ and the processes in (3). If deletion precedes
palatalization, the application of deletion creates the relevant
context in which palatalization can apply: /imat-a-i/ →DEL
[imat- -i] →PAL [imatS- -i]. This is known as a feeding interaction. If the opposite ordering were to occur, the deletion
process would have applied too late to trigger palatalization,
i.e. [imat- -i]. This is known as a counter-feeding interaction.
Consider now a slightly different UR /imat-i-a/. The only
difference between this input and the preceding example is
that the order of the suffixes is swapped. If deletion precedes palatalization, deletion now eliminates the environment
in which palatalization could have applied: /imat-i-a/ →DEL
[imat- -a] →PAL [imat- -a]. This is known as a bleeding interaction. Reversing the order of the processes would allow
the application of palatalization to occur before deletion can

Stem-a
/imat-a/
–
–
[imat-a]
Stem-a
/imak-a/
–
–
[imak-a]

Stem-i
/imat-i/
–
[imatS-i]
[imatS-i]
Stem-i
/imak-i/
–
–
[imak-i]

Stem-i-a
/imat-a-i/
[imat- -i]
[imatS- -i]
[imatS- -i]
Stem-i-a
/imak-a-i/
[imak- -i]
–
[imak- -i]

eliminate the context, i.e. [imatS- -a]. This is known as a
counter-bleeding interaction.
Note that rule-based systems are not the only way of
formalizing this mapping. More recent approaches characterize the mapping though the evaluation and elimination of
possible outputs via ranked or weighted constraints (Prince
& Smolensky, 2004; Goldwater & Johnson, 2003). We opt
for the rule-based approach for two reasons. First, most
constraint-based formalisms lack the necessary mechanisms
to represent the crucial process interactions. Second, the
rule-based approach does not have an intrinsic bias in favor of
any particular phonological process. Minimizing these prior
biases in the model ensures that any asymmetry observed in
performance can be attributed to the grammatical space.
Toy languages. Learners acquiring the phonology of a language need to learn a set of URs and rules. The question of
which types of process interactions are easiest to learn, and
how this relates to cross-linguistic patterns, has attracted considerable attention. The focus of our simulations is a recent
study by Prickett (2019). Prickett investigated the learnability of different process interactions in an experimental setting.
He trained participants in one of the four toy languages, associated with each of the process interactions discussed above.
A toy language is composed of morpho-phonological
paradigms. Each paradigm consists of the stem (e.g. [imat])
in isolation, as well as three conjugated forms: the stem with
an [-i] suffix, the stem with an [-a] suffix, and the stem with
both the [-i] and [-a] suffixes. The order in which the [-i]
and [-a] suffixes combine differs depending on the language.
Each language consists of two paradigm types: [t]-final stems
(e.g. /imat/) and [k]-final stems (e.g. /imak/).
Each slot in the paradigm is generated by sequentially applying the deletion and palatalization processes to each stemsuffix combination. For the bleeding and feeding languages,
each UR undergoes deletion followed by palatalization. For
the counter-bleeding and counter-feeding languages, each UR
undergoes palatalization followed by deletion. The four languages are identical in all respects except for when both suffixes attach to the stem; for example, the counter-bleeding
interaction generates [imatS- -a], while the counter-feeding
interaction generates [imat- -i]. Sample paradigms for the
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Table 2: Trial types and schematized choices for each toy language. Expected responses given on the left in bold. Cells in the table
correspond to the same cells in Table 1.
Bleeding
SR
Options
SR
Options
Counter-bleeding
SR
Options
SR
Options

Faithful
[imat-a]
[t-a] *[tS-a]
–
–
–

Palatalizing
[imatS-i]
[tS-i] *[t-i]
–
–
–

Interacting
[imat- -a]
[t- -a] *[tS- -a]
Deleting
[imak- -a]
[k- -a] *[k-i-a]

Feeding
SR
Options

Faithful
[imat-a]
[t-a] *[tS-a]
–
–
–

Palatalizing
[imatS-i]
[tS-i] *[t-i]
–
–
–

Interacting
[imatS- -a]
[tS- -a] *[t- -a]
Deleting
[imak- -a]
[k- -a] *[k-i-a]

Counter-feeding
SR
Options

bleeding and feeding languages are given in Table 1.
We refer to certain forms of each toy language using terminology that reflects which process was being tested. Faithful
forms correspond to the [t]-final stem combined with the [-a]
suffix /imat-a/. Palatalizing forms correspond to the [t]-final
stem combined with the [-i] suffix /imat-i/. Deleting forms
correspond to the [k]-final stem combined with both the [-i]
and [-a] suffixes /imak-a-i/ and /imak-i-a/. Lastly, the interacting forms correspond to the [t]-final stem combined with
both the [-i] and [-a] suffixes /imat-a-i/ and /imat-i-a/.
The training phase consisted of giving the stem in isolation to the participant, then having them produce some suffixed form by selecting one of two options. For example,
in the feeding language, the participant first hears the word
[imat] paired with an image representing its meaning. The
participant is then given an image representing the morphologically complex form containing the [-a] suffix and asked
to choose between the options [imat-a] and [imatS-a]. Feedback is then given as to whether the response is correct or not.
The testing phase was identical to the training phase except
that participants were presented novel words and feedback
was not given. Prickett tracked the proportion of responses by
each speaker that was or was not predicted under the intended
grammar. Schematizations of the choices and expected responses for each trial type are given in Table 2. The results of
the experiment are shown on the top of Figure 1.
Prickett found two statistically significant results. In the
palatalizing trials, Prickett found that participants trained on
the feeding and counter-bleeding languages had significantly
higher accuracy than the bleeding and counter-feeding
languages. In the interacting trials, Prickett found that
participants performed better when generating the bleeding
and feeding versus the counter-bleeding and counter-feeding
forms. It is tempting to interpret the results of this experiment
as providing direct evidence that the process interactions that
yielded high accuracy are easiest to learn. However, we argue
in this paper that such a conclusion would be premature.
Grammatical spaces. While the outputs were generated via

SR
Options

SR
Options

Faithful
[imat-a]
[t-a] *[tS-a]
–
–
–

Palatalizing
[imatS-i]
[tS-i] *[t-i]
–
–
–

Interacting
[imatS- -i]
[tS- -i] *[t- -i]
Deleting
[imak- -i]
[k- -i] *[k-a-i]

Faithful
[imat-a]
[t-a] *[tS-a]
–
–
–

Palatalizing
[imatS-i]
[tS-i] *[t-i]
–
–
–

Interacting
[imat- -i]
[t- -i] *[tS- -i]
Deleting
[imak- -i]
[k- -i] *[k-a-i]

the application of particular phonological processes for a defined UR, this exact grammar is not the only manner in which
the data could have been produced. The language could have
also be generated through the application of different phonological processes, through memorization, or a combination of
the two. For example, the interacting form for the counterfeeding interaction [imat- -i] could have been generated by
having its UR be /imat- -i/ with neither palatalization nor
deletion applying. This form is derived not via the application of phonological processes, but rather through the explicit
coding of the output as its UR. Alternatively, this form could
have been generated from an input /imatS- -i/ with a general
depalatalization process that transforms [tS] to [t] across all
contexts. Under this hypothesis, the output is formed via the
application of a phonological process not a part of the original grammar used to generate the data. In other words, the
output is compatible with a number of different hypotheses,
many of which are completely disjoint from the grammar assumed to be learned. As a result, it is hard to interpret which
grammars are learned. In the following sections, we present
an alternative account of why learners perform better in some
languages and certain forms in those languages: they have
more distinct grammars that can generate them.
Our argument is similar to that put forth by Rafferty et al.
(2013), who argued that another assumption made by experimentalists and computational modellers – the link between
learnability and typological frequency – is incomplete. They
showed computationally that the number of hypotheses that
can generate a particular language, weighted by their prior,
is an indicator of both its typological frequency, as well as
its stability over time. This line of reasoning is also echoed in
Martin and White (2021) who suggest that asymmetries in the
learnability of harmony and disharmony pattern may emerge
due to differences in the number of compatible analyses for
each pattern. The results here are parallel to this argument.
The idea that learners’ behavior reflects the combined influence of many different hypotheses about the grammar is
consistent with a broad class of models known as noisy channel models (Feldman & Griffiths, 2007; Levy, 2008), which
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and the surface form fDx = ⟨smi , sm j , ...⟩. A sample dataset
given to the model is shown in (4).
imat⟨m1 ⟩
imak⟨m4 ⟩
ulit⟨m5 ⟩
ulik⟨m6 ⟩

imat-a⟨m1 ,m2 ⟩
imak-a⟨m4 ,m2 ⟩
???⟨m5 ,m2 ⟩
???⟨m6 ,m2 ⟩

imatS-i⟨m1 ,m3 ⟩
imak-i⟨m4 ,m3 ⟩
???⟨m5 ,m3 ⟩
???⟨m6 ,m3 ⟩

imatS- -i⟨m1 ,m2 ,m3 ⟩ (4)
imak- -i⟨m4 ,m2 ,m3 ⟩
???⟨m5 ,m2 ,m3 ⟩
???⟨m6 ,m2 ,m3 ⟩

We show the model data like in (4), then ask it to generate the forms it has not seen before (those marked with ‘???’).
Setup. We employ a noisy channel model of morphophonological learning. The model generates an output in two
steps. In the first step, a grammar, composed of a set of underlying forms U and sequence of mappings R, generates a
set of intended outputs I. In the second step, noise potentially
corrupts the intended outputs, generating the observed forms
D. U and R are both categorical variables. A grammar then
consists of a set of fully specified underlying forms for all
valid lexeme combinations.

Proportion Correct

1.0
0.8
0.6
0.4
0.2
0.0

Faithful
Bleeding

Deleting

Palatalizing

Trial Type

Feeding

Counter-Bleeding

Interacting

D = ⟨⟨ f1 , m1 ⟩, ⟨ f2 , m2 ⟩, ..., ⟨ fn , mn ⟩⟩
Counter-Feeding

U = ⟨⟨u1 , m1 ⟩, ⟨u2 , m2 ⟩, ..., ⟨un , mn ⟩⟩

Proportion Correct

1.0
0.8
0.6
0.4
0.2
0.0

Faithful
Bleeding

Deleting

Palatalizing

Trial Type

Feeding

Counter-Bleeding

(5)

Interacting
Counter-Feeding

Figure 1: Top. Average proportion of correct answers in the testing
phase. Plot taken from Prickett (2019). Middle. Predictions under a
model biased towards only consistent grammars. The model makes
similar qualitative predictions as the experimental results in all trial
types except in the palatalizing trials, where the bleeding language
outperforms the counter-bleeding language. Bottom. Predictions
under a model that considers both consistent and nearly-consistent
grammars. The model makes the same qualitative predictions as
those seen in the empirical results.

have previously been applied in the acquisition literature to
syntactic learning (Perkins, Feldman, & Lidz, 2017; Schneider, Perkins, & Feldman, 2020). Those models assume that
the data learners observe may have been corrupted by a noise
process, which creates additional uncertainty about what the
uncorrupted data look like. This forces them to consider not
only hypotheses that are consistent with the data, but also hypotheses that are almost consistent with the data.

Model
Data. We assume that a datum Dx consists of two parts: the
sequence of atomic meanings, or lexemes µDx = ⟨mi , m j , ...⟩

For each individual form, we assume a single unique UR.
Lexemes will always take the same UR for a given context,
but can vary across different contexts. For example, for the
forms [imat] ⟨m1 ⟩ and [imatS-i] ⟨m1 , m2 ⟩, a possible UR hypothesis could consist of /imat/ and /imatS-i/. While m1 shows
up in both forms, it does not have the same UR in both. [t]final stems can either have a UR that is [t]-final or [tS]-final.
The suffixes can either have a faithful UR or a null UR. The
set of underlying forms for the toy languages are given in Table 3. We assume a uniform prior over URs.
In addition to the deletion and palatalization processes discussed in (3), we posit the following rules:
Depalatalization: tS → t / #
Generalized depalatalization: tS → t
Generalized palatalization: t → tS

(6)

The first rule states that the palatalized consonant [tS] depalatalizes to [t] when found at the end of the word. The
second and third rules are generalizations of the depalatalization and palatalization processes, which apply the relevant
process across all contexts. These rules were incorporated
to allow the grammar to generate forms such as the faithful
form [imat] from URs that contain the palatalized consonant
(i.e. /imatS/). These rules were also added as doing so ensured
that there was no a priori asymmetry in the ability to generate [t] vs. [tS]. Any asymmetry in performance will arise as
a consequence of the space of grammars with respect to the
data rather than an arbitrary choice in the hypothesis space.
The full space of individual rules is given in Table 3.
A rule hypothesis R is generated by taking some ordered
subset over the space of individual rules. For example, one
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Table 3: Hypothesis space used in the simulation for the toy languages. The first column corresponds to the space of individual rules. The
following columns correspond to example UR hypotheses for the (counter-)bleeding and (counter-)feeding languages.

Rules
Palatalization
Depalatalization
Generalized Palatalization
Generalized Depalatalization
Deletion

Faithful
/imat-a/
/imatS-a/

–
–
–

(Counter-)bleeding
Palatalizing Interacting
/imat-i/
/imat-i-a/
/imatS-i/
/imat- -a/
/imatS-i-a/
/imatS- -a/
–
Deleting
–
/imak-i-a/
–
/imak- -a/

possible rule hypothesis is to have deletion followed by generalized palatalization followed by depalatalization. We stipulate a fixed meta-ordering among rules: more specific rules
must precede more general rules (see Kiparsky, 1973 for discussion and reasoning why). As was the case with the URs,
we assume a uniform prior over rules.
We assign the probability of generating an intended output
I given the rules and URs as a 1-0 probability:
P(Ix |Ux , R) = 1 [R(Ux ) = Ix ]

(7)

In the second step, the intended output is then potentially
corrupted by noise. We adopt the framework used in Levy
(2008) and formalize this noise by computing the Levenshtein distance L(·) (Levenshtein et al., 1966) between the
intended and observed outputs. Surface forms with greater
Levenshtein distance to the intended output are less probable:
P(Dx |Ix ) ∝ e−λL(Ix →Dx )

(8)

The hyperparameter λ controls how much noise is tolerated;
the higher λ, the less noisy the output.
The likelihood of a dataset is the product of the likelihoods
of each individual datum.
|D|

P(D|I) = ∏ P(Dx |Ix )

(9)

x

Inference and generating predictions. Ultimately, we want
the model to produce forms it has both seen and not seen
before. To do this, we compute the posterior over grammars
P(U, R|G) using Bayes’ rule. Since we are operating with
categorical grammars, there is only one intended output for
each grammar: the output of the grammar R(U). Thus, the
likelihood is straightforward to compute.
P(U, R|D) ∝ P(D|R(U))P(U, R)

(10)

We estimate the posterior distribution via MCMC using
Gibbs sampling (Geman & Geman, 1984). We train the
model for 500, 000 iterations, discarding the first half and
sampling every 25 samples. We generate predictions via the
posterior predictive distribution:
P(d ∗ |D) = EP(U,R|D) [P(d ∗ |U, R)]
≈

1 N
P(d ∗ |Ui , Ri ),
N∑
i

Ui , Ri ∼ p(U, R|D)

(11)

Faithful
/imat-a/
/imatS-a/

–
–
–

(Counter-)feeding
Palatalizing Interacting
/imat-i/
/imat-a-i/
/imatS-i/
/imat- -i/
/imatS-a-i/
/imatS- -i/
–
Deleting
–
/imak-a-i/
–
/imak- -i/

Accuracy is computed as in Prickett (2019), where we
renormalize the probabilities of each option:
Accuracy =

P(intended|D)
P(alternative|D) + P(intended|D)

(12)

Results
We ran the model twice using different values of λ. In one
run, we set λ = 100 in order to examine performance under
a model that only considered consistent grammars. In the
other run, we set λ = 3 in order to evaluate performance
under a model that considers both consistent and nearlyconsistent grammars. We assess the models’ performance
by examining their accuracies for each language on held-out
data. The results are given in Figure 1. Under a model
biased towards only consistent grammars, we observe higher
performance for the feeding and bleeding languages in
both the palatalizing and interacting trials, contrasting what
was observed empirically. Under a model that entertains
both consistent and nearly-consistent grammars, we find
that the model succeeds in capturing both of the empirical
observations made by Prickett. To illustrate how the model
achieves the results, we first discuss the effect of consistent
grammars on performance before moving on to the effect of
nearly-consistent grammars.
Consistent grammars. The expected interacting forms in
the feeding and bleeding languages have more high-posterior
grammars tied to them (i.e. occupy a larger share of the
grammatical space) as the grammatical requirements needed
to generate them are less restrictive than the counter-feeding
and counter-bleeding forms. The feeding language allows the
model to infer grammars that posit the necessary palatalization process for all of its UR hypotheses, whereas the counterfeeding language does not. For example, for the feeding form
[imatS- -i], the model can jointly posit a UR like /imatS- -i/
and a vacuous palatalizing process as the two do not compete. In contrast, for the counter-feeding form [imat- -i], the
model cannot posit a palatalization process if its corresponding UR hypothesis is /imat- -i/. Having fewer compatible
UR-rule combinations results in only a fraction of hypotheses
acquired in the learning process actually being able to generate the correct output, ultimately lowering accuracy. The
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same also holds for the bleeding and counter-bleeding languages. Each UR hypothesis for the bleeding output is compatible with a number of different rule hypotheses while still
being consistent with the other forms of the language. For example, [imat- -a] can be generated via the UR /imatS- -a/ and
a rule hypothesis containing the generalized de-palatalization
process. This requirement still allows us to posit other rule
hypotheses to generate the other observed forms of the language (e.g. palatalization to capture [imatS-i]). In contrast,
the counter-bleeding output can only be generated by a subset of the UR hypotheses; no rule hypothesis can generate all
the forms of the counter-bleeding language if the UR of the
interacting form is /imat- -a/. Like in the case of the feeding
vs. counter-feeding languages, this greatly restricts the space
of possible ways of generating the counter-bleeding output,
lowering performance.
The palatalizing trials have the same UR hypotheses across
all four languages, so variation in performance on those trials
across languages must stem from differences in the training
data: specifically, the interacting forms. A consequence of
learning from interacting forms is that each language has
a different number of grammars that include the necessary
palatalization process. We find indeed that the number of
palatalizing grammars for each language correlates with the
model’s accuracy: 93% and 95% of the unique grammars
sampled by the models trained on the bleeding and feeding
languages had a productive palatalization process compared
to only 89% and 74% of grammars for the counter-bleeding
and counter-feeding languages.
Nearly-consistent grammars. Under a particular hypothesis
space, some languages have more closely similar languages
in the space than others. As the only difference in performance between this model and the previous model occurs
with respect to the bleeding and counter-bleeding languages,
we focus our attention there. Consider the difference in the
distribution of words in each language:
Bleeding
Counter-bleeding

imat
imat

imat-a
imat-a

imatS-i
imatS-i

imat- -a (13)
imatS- -a

The bleeding language has more words containing [imat]
than [imatS]. In contrast, the counter-bleeding language consists of an equal number of [imat] and [imatS] forms. Recall
that the noisy channel allows the model to consider grammars almost consistent with the data. A reasonable alternative grammar for the bleeding language would be to eliminate [tS] from the surface entirely (i.e. depalatalize across the
board). Grammars of this type have a higher relative posterior probability when trained on the bleeding language than
the counter-bleeding language; eliminating [tS] would incur
only one error in the case of the bleeding language, but two
in the case of the counter-bleeding language. Being more
likely to adopt grammars that try to produce [t] across all
contexts would improve performance on the interacting trials, but worsen performance on the palatalizing trials. The

contribution of the space of nearly-consistent grammars generates an effect sufficient to alter the asymmetry observed in
the palatalizing trials from favoring the bleeding and feeding
languages to favoring the feeding and counter-bleeding languages. It is crucially through the interaction of the space
of consistent and nearly-consistent grammars that we achieve
the same qualitative results as those seen experimentally.

Discussion
A basic assumption in experimental and computational work
is that production results are indicative of how easy a phonological phenomenon is to learn. In this paper, we presented an
alternative explanation: certain patterns are easier to produce
because they have many grammars that could have generated
them. We tested this hypothesis by implementing a noisy
channel morpho-phonological learner, which makes predictions based on a space of grammars. We found that the model
is able to produce qualitatively similar predictions to what
was seen experimentally. This was achieved not only because
certain patterns have more grammars that perfectly match the
data, but moreover because some patterns have more grammars that nearly match the data. These simulations illustrate
that the experimental results can be modelled not as a result
of successfully learning the intended process interaction, but
through the combination of landing on alternative consistent
analyses as well as mislearning the data.
There are several avenues of future research. First, while
our work employs a rule-based formalism, other approaches,
such as Optimality Theory (Prince & Smolensky, 2004) and
MaxEnt grammars (Goldwater & Johnson, 2003), rely on
constraint interaction. Each theory has different hypothesis
spaces and may have different predictions about learnability.
It is worth exploring what these theories predict about the
distribution of outcomes. Moreover, artificial grammar learning is a widely utilized behavioral paradigm used to assess
learnability. Other experiments assessing the learnability of
process interactions have likewise been explored (Ettlinger,
2008; Kim, 2012; Brooks et al., 2013). Whether grammatical spaces can capture these asymmetries as well remains
an open question. Lastly, this model generates these results
under a uniform prior over both rules and underlying forms.
Many phonological theories have proposed several substantive biases in order to capture asymmetries in the typological
frequencies of different phonological phenomena. These primarily pertain to biases over possible mappings (Smolensky,
1996; Steriade, 2001), but some intuitions on possible UR
hypotheses (i.e. having as few URs as possible for a given
lexeme) have also been assumed in most of the modelling
literature. It would be interesting to explore how different
biases and prior will interact with the grammatical space.
Broadly, our work contributes to the phonological learning
literature by computationally investigating a basic assumption made by the field. We encourage future work to consider
the role of the space of grammars when interpreting production results.

2502

References
Brooks, K. M., Pajak, B., & Baković, E. (2013). Learning
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Abstract
Navigation is a process that humans use to get from A to B.
Landmarks used during navigation and wayfinding can address
different sensory modalities. We examined landmark
information in four different variants: as a written word, as a
spoken word, as a picture, or as an odor. Our 51 participants
were separated into four groups. Each group received one
specific variant of landmark information integrated into a
learning and wayfinding video of a virtual maze with 12
intersections. At each intersection, one landmark information
was presented. To assess how well the relevant landmarks
could be distinguished from unknown distractor items of the
same condition, the experiment concluded with a recognition
phase, where 24 stimuli were presented (12 landmarks + 12
distractors). Relative frequencies of correct responses and
mean response times were measured for wayfinding and
recognition. Odors lead to similar correctness in wayfinding
compared to the more common landmarks (pictures, written
and spoken words), even though requiring longer response
times. We stepped away from the traditional but limited view
on landmarks towards a more holistic (i.e. including all senses)
view of human orientation. Implications for future scientific
research are being discussed.
Keywords: landmarks; wayfinding; recognition; modality

Introduction
Think about a path you use frequently and imagine what lies
along your way whilst walking. What do you see? Maybe you
see an old church or the playground you used to play on when
you were a child. Maybe you imagine the street food
restaurant that you can smell as soon as you turn around a
corner or a train station that you can hear from the trains
arriving and the announcements on the platforms before you
even see it. The possibilities here are uncountable. However,
they have one thing in common: they are all possible
reference points, so-called landmarks (Caduff & Timpf,
2008; Lynch, 1960; Richter & Winter, 2014), which are
defined as significant, or salient, points along our way used
for navigation (Newman et al., 2007; Richter & Winter,
2014). When planning and describing a route, we use
landmarks at decision points, hence, at intersections on our
way where we have to decide about the direction (Michon &
Denis, 2001). They are also thought to be helpful in the
imagery of wayfinding (Michon & Denis, 2001). The higher
a landmark´s salience, the higher the probability of it being
recalled later (Fine & Minnery, 2009). The salience of
landmarks
describes
their
structural/contextual,
semantic/cognitive, or visual properties (Caduff & Timpf,
2008; Röser, Hamburger & Knauff, 2011). Visual salience

describes the landmark´s bottom-up features, like shape,
color, details, etc. (Caduff & Timpf, 2008; Klippel & Winter,
2005). Here, the definition has also been extended to
perceptual salience, which, according to Röser, Krumnack,
and Hamburger (2013), means that an object/landmark is
perceptually salient if it “stands out” against other, irrelevant
objects. On the other hand, semantic salience is the personal
meaning and knowledge connected to the landmark, which is
why one landmark might have two different saliences for two
different people (Klippel & Winter, 2005; Nuhn & Timpf,
2017). In other words, the playground you played on might
be a salient landmark for you, but not for somebody who does
not have this personal connection. Landmarks do not only
vary in salience but also in their modality (visual, auditory,
olfactory, haptic, see, e.g., Meilinger, 2005) and in their
valence (positive, negative, neutral) and arousal (Hamburger
& Herold, 2020; Piccardi et al., 2020). Damasio (1996)
introduced his somatic marker hypothesis to explain the gap
between overt decision-making and implicit processes like
emotions or conditioning. From Damasio´s theory (1996), we
can say that emotions and other somatic responses are
connected to and influence our decisions. Balaban et al.
(2017) found that negatively laden landmarks are connected
to better recognition and wayfinding performances over time.
They concluded that emotions might increment the
landmarks´ semantic salience, which is why even over time,
they are better consolidated.
Congruently, recent research has been discussing the role
of odors as landmark information for wayfinding
(Hamburger & Herold, 2020; Hamburger & Knauff, 2019),
because odors are known to be connected to our emotions
(e.g., Adolph & Pause, 2012). Research has shown that even
though the olfactory system is the least dominant sensory
modality in humans (Hick & Hick, 2013), odors can serve as
cues for recall and enhance verbal recall and the effect of
pictures on recall (Lwin, Morrin & Krishna, 2010). Still, little
is known about odors as landmark information (Hamburger
& Knauff, 2019). Hamburger (2020) criticized that landmark
research has a long time solely focused on visual landmarks
for a sensory aspect. He argued that landmark information
addressing different sensory modalities should be examined
to access landmarks in all facets.
To shed further light on this critical point, the present
research uses written words, pictures, spoken words and
odors as landmark information. We want to explore whether
different landmark information modalities can be recognized
and used in wayfinding equally well. Past research has
primarily focused on visual landmark information (e.g.,
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Tommasi et al., 2012; Vinson, 1999). It is, therefore, our goal
to compare the more “traditional” visual landmark
information like pictures or written words (Hamburger, 2020;
Montello, 2017; Röser et al., 2011) with stimuli like spoken
words or odors, which have raised scientific interest only
recently (Hamburger & Herold, 2020; Hamburger & Röser,
2014; Porter et al., 2007). When planning this experiment, we
also came across research regarding haptic material, which
seems to be especially useful for people with visual
impairments (Koutsoklenis & Papadopoulos, 2014). The fact
that we still decided against applying this category of stimuli
arose from the practical difficulty of presenting comparable
materials throughout the various experimental conditions.
While, e.g., aftershave, alcohol and vinegar could be
distinguished in all of our experiment´s conditions, it would
have been difficult for participants to distinguish the three
just by touching them. We also examine the difference
between perceptual and semantic (Paivio, 1978) landmark
information. Knowing that perceptual and semantic salience
can have an effect on how much a stimulus stands out and
can hence be remembered (Klippel & Winter, 2005; Röser et
al., 2013), we hypothesize that using different landmark
information (written words such as visual-semantical,
pictures as visual-perceptual, spoken words as auditorysemantical and odors as olfactory-perceptual landmark
information) lead to differences in wayfinding and
recognition. This effect, we assume, will consequently be
visible comparing perceptual (pictures, odors) and semantical
landmarks (written words, spoken words). We measure
performance in relative correctness in responses given and
the respective mean response time.

Methods
We used a one-factorial design to compare four conditions of
landmark information (pictures, written words, spoken
words, odors) regarding the relative frequency of correct
decisions taken (i.e. correct answers) and the response time
in wayfinding and a recognition task. In a second analysis,
the landmark modalities are only referred to as “semantic”
and “perceptual”, integrating written and spoken words for
the semantic condition, while pictures and odors would
account for the perceptual condition.

Participants
Fifty-one participants, mostly university students (31
females), participated in the present study. Their age varied
from 18 to 53 years, with an average age of about 24 years
(SD ~ 5). Only participants with normal or corrected-tonormal vision were admitted to the study. In addition, the
participants were required to have no limitations to the
olfactory system (e.g., common cold, sinusitis, etc.).
Participants with an epilepsy diagnosis or a diagnosed family
member were not allowed to participate due to safety reasons:
Participants were pseudo-randomly assigned to one of the
different experimental conditions (between-subject factor
design).

Material
We created the 12- decision- points- virtual maze videos with
similar properties regarding walking speed and block height
to Hamburger and Knauff (2011), which were presented via
a laptop of the model Acer Aspire V17 Nitro BE, 17.3 inches
(7th generation Intel© Core™ Processor, GPU NVIDIA
GeForce GTX 1060. 16 GB RAM). For each landmark
information, 24 stimuli were created, 12 of which would then
be used as target stimuli for learning and wayfinding videos,
and the remaining 12 would be added only for the
recognition. To prevent position effects for the stimuli used
during learning and wayfinding (Hurlstone, Hitch &
Baddeley, 2013; Karimpur, Röser & Hamburger, 2016; Röser
et al., 2013), three different stimulus sequences were used.
All three routes had the same turning directions. Participants
were pseudo-randomly assigned to a sequence. The precise
learning and wayfinding route is depicted in figure 1. Table
1 displays target landmarks and distractors, previously
validated in an unpublished project. Participants were
passively conducted through the maze for all conditions,
routes, and sequences. However, this will be referred to as
“walking” and “turning” in the following.
For the visual-semantic condition written word, the words
were written in black on white in a sans-serif 62-point- font
before being inserted into the virtual maze using Google©
SketchUp 6.4©, which adapted the stimuli to the maze´s
walls, guaranteeing that all stimuli had the same size
throughout the maze. The stimuli for the condition pictures
corresponded to these settings. All visual stimuli were
inserted centrally into the maze (Hamburger & Knauff, 2011)
and touching the walls to avoid possible positioning effects
on the landmark information´s salience (Klippel & Winter,
2005; Röser et al., 2013). Creating the spoken words for the
auditory-semantic condition, we used a Blue Microphonesmicrophone (Yeti USB) set to “omnidirectional mode”. Since
the spoken words were shorter than five seconds, their
presentation would have been too short for participants to
understand them well enough. Moreover, their absolute
presentation time would have been shorter than all other three
conditions if we had not decided to present the spoken words
three times. So, we guaranteed sufficient identifiability and
standardization in our material (five seconds presentation for
all four conditions). Since we wanted to conduct basic
research, we accepted that the external validity of the spoken
words information could be reduced due to this procedure.
Each participant was presented with all 12 target items of
their assigned condition during the learning and wayfinding
phase, and afterwards, the 12 targets vs. 12 distractor items
during the recognition phase (total: 24 stimuli). The odors for
the olfactory condition were essential oils or the fresh
product, like fish, which the experimenter presented by
holding the glass vials containing the scent under the
participant´s nose for a standardized time of five seconds.
The videos for the spoken words and the odors condition
were identical to the other conditions regarding route and
sequences, except that the intersections were empty. The
stimuli were either presented by the experimenter (odors) or
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the laptop´s speakers (spoken words). Examples of the
picture condition and an empty intersection can be seen in
figure 2.
Every two intersections, the video stopped, and one
stimulus was presented for five seconds. The video continued
afterwards, turning left or right, taking five seconds. There
were ten seconds of “walking” between each of the
intersections. All videos and the recognition phase were
implemented and sequenced using the software OpenSesame
(version 3.2.4 Kafkaesque Koffka) to play the videos in
learning and wayfinding (walking, presentation, turning).
This software also recorded participants´ responses.
Independent of the responses given, the videos proceeded in
the correct direction to keep participants from “getting lost”
and provide data for every intersection.
For the recognition phase, distractor and target landmark
information were shown context-free. In other words, the
stimuli were presented one after another, separated by a
fixation cross without being integrated into a maze. The
fixation cross guaranteed the participant´s attention to the
screen in all conditions. Here, too, each stimulus was
presented for five seconds to guarantee comparability.
Table 1: List of landmarks shown in the learning,
wayfinding and recognition phase, and list of distractors
(shown in the recognition phase only).
Landmarks
Distractors

Aftershave, alcohol, aniseed, cinnamon,
curry, fresh laundry, garlic, lemon,
tangerine, strawberry, thyme, vanilla.
Banana, clove, coconut, cocoa, eucalyptus,
fish, lavender, nail polish, orange,
peppermint, rose, vinegar.

Figure 1: Route for learning and wayfinding videos.

Figure 2: Examples for empty intersections (auditory and
olfactory condition, left) and the visual-perceptive condition
(right). Likewise, the visual-semantic condition with the
written words.

Procedure
In the beginning, the participants received an informed
consent form and a brief introduction to the experiment. A
demographic questionnaire followed.
The experimental phases proceeded as follows: learning –
wayfinding – recognition. Hence, the landmarks were seen
and encoded twice before going to the recognition phase,
where they would be confronted with the distractors, which
had not been shown before. Having focused our experiment
on measuring wayfinding, we decided to proceed this way.
Moreover, this procedure prevented participants from merely
learning the items with and without a direction, which would
have made the learning phase pointless. Between each of the
three phases, the participants could take short breaks to
guarantee their well-being and focus on the task, especially
for the odors condition, which we thought could have been
tiresome for the participants and their noses. Whenever
participants felt the need to neutralize and “reset” their sense
of smell, they could smell coffee, which we kept in a closed
box in the laboratory.
In the learning phase, the participants should watch the
video and memorize where “they” turned at the intersections
connected to the presented landmarks.
After the learning phase, where participants virtually
“walked” through the maze another time, they decided
whether to turn left or right at the intersections with
landmarks by pressing the left or right arrow key. If the
response times exceeded five seconds, the video would
continue, and the program would register a missing entry for
the intersection. Once all 12 intersections were completed,
the video ended and the recognition phase started with its
instruction.
In the recognition phase, participants decided whether or
not the item had been present in the previous phases by
pressing the corresponding keys on a keyboard. The
experiment ended with a short debriefing.

Results
The present research had a between-subject factor with four
levels: odors, written words, spoken words and pictures. We
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subdivided the initial design by introducing item groups,
hence, perceptual and semantical landmarks, as a betweensubject factor for further analysis. The spoken and written
words accounted for semantical, while the odors and pictures
accounted for the perceptual item group. The dependent
variables were the relative frequency of correct responses
throughout the wayfinding and recognition phase.
Furthermore, we assessed the mean response times in these
two phases.
Due to technical issues, one participant had to be excluded
from the statistical analyses. Hence, a total of 50 participants
was included in the following analyses. A subtotal of 26
participants took part in the semantic conditions (written and
spoken words, n= 13 each), while the remaining 24 were in
the perceptual conditions pictures and odors (n=12 each).
For the analyses, we assumed homogeneous errorvariances, which have been tested for by Levene-tests.
However, in cases where this assumption was violated, we
still conducted our analyses because we considered the
various ANOVAs to be robust procedures due to the similar
group sizes.

Wayfinding
Wayfinding performances throughout the four
conditions. The relative frequency of correct decisions for all
four conditions in wayfinding together was M= .84, SD= .18
correct decisions, and the mean response time was
M= 1395.38 ms, SD= 735.42 ms. There was no significant
difference in wayfinding between the conditions for the
relative frequency of correct decisions, F(3,46)= 1.59, p= .21,
η²= .09. The descriptive results are depicted in figure 3.
For the mean response times, there was a significant effect
for the condition, F(3,46)= 4.12, p<.05, η²= .21, which,
according to Cohen (1988), is a big effect. Tukey- post hoc
tests revealed that in the odors condition, participants decided
significantly slower than in the written words condition
(Mdiff= 814.71 ms, 95% CI [64.52, 1564.90], p< .05), and the
spoken words (Mdiff= 819.70 ms, 95% CI [69.51, 1569.89],
p< .05) condition, but only slower at a descriptive level if
compared to pictures (Mdiff= 679.82 ms, 95% CI [-85.23 ms,
1444.87ms, p= .10). The descriptive results are depicted in
figure 4.

Figure 3: Relative frequency of correct responses in
wayfinding. Error bars denote the SEM.

Figure 4: Mean response times in ms for the wayfinding
phase. Error bars denote the SEM. Horizontal lines denote
significant Tukey- post hoc comparisons at p< .05.
Wayfinding performances regarding semantic vs.
perceptual landmarks. For these analyses, spoken and
written words accounted for semantical, while odors and
pictures accounted for the perceptual item group.
In line with the findings in the previous paragraph on the
differences between the four conditions of landmark
information regarding relative correctness, no significant
difference was found in the relative frequency of correct
decisions between perceptual and semantic conditions,
F(1,48)= 1.15, p= .29, η²= .02 (Msemantic= .86, SDsemantic= .19
vs. Mperceptual= .81, SDperceptual= .16).
In line with the findings in the previous paragraph
regarding differences in mean response time between the four
conditions, here, there was a significant difference in mean
response times between perceptual and semantic conditions,
favoring the semantical condition as faster, F(1,48)= 5.77,
p< .05, η²= .11, which, according to Cohen (1988) is a big
effect; (Msemantic= 1166.28 ms, SDsemantic= 460.17 ms vs.
Mperceptual=. 1643.57 ms, SDperceptual= 893.56 ms).

Recognition
Recognition performances throughout the four
conditions. The relative frequency of correct decisions for all
four conditions together was M= .91, SD= .16 decisions and
the mean response time was M= 1632.98 ms, SD= 911.07 ms.
There was a significant main effect for the condition,
F(3,46)= 9.71, p< .001, η²= .39 which, according to Cohen
(1988) is a big effect. Tukey- post hoc tests revealed that in
the odor condition, the relative frequency of correct decisions
was significantly lower than in all other three conditions
(Mdiff_odors_written= -.22, 95% CI [-.35, -.07], p= .001;
Mdiff_odors_pictures= -.24, 95% CI [-.38, -.09], p< .001;
Mdiff_odors_spoken= -.24, 95% CI [-.38, -.10], p< .001). These
differences are visualized in figure 5.
For the mean response times, the condition revealed a
significant effect, F(3,46)= 25.31, p< .001, η²= .90, which is
a big effect (Cohen, 1988). Post- hoc Tukey comparisons
revealed that odors were significantly slower recognized than
written words (Mdiff_odors_written= 1616.22 ms, 95% CI
[973. 93 ms, 2258.51 ms], p< .001) and pictures
(Mdiff_odors_pictures=1692.02 ms 95% CI 1037.02 ms,
2347.03 ms], p< .001), but not if compared to spoken words
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(Mdiff_odors_spoken= 544.67 ms, 95% CI [-97.62 ms, 1186.95 ms],
p=.12). These results are visualized in figure 6.

Figure 5: Relative frequency of correct responses in the
recognition task. Error bars are SEM. Horizontal lines
denote significant Tukey- post hoc comparisons at p= .001
(comparison with written words) and p< .001 for remaining
comparisons.

explanation of variance according to Cohen (1988),
F(1,48)= 15.07, p< .001.
For recognition, too, the mean response time predicted the
relative frequency of correctness, R2= .44 (corrected R2= .43),
F(1,48)= 37.97, p< .001. These results indicate that the longer
participants took to decide during wayfinding or recognition,
the lower the relative correctness of their decisions. The
condition significantly predicted the relative frequency of
correctness in recognition with a mean goodness-of-fit
R2= .19 (corrected R2= .18), F(1,48)= 11.58, p= .001. In
wayfinding, the condition had not significantly predicted the
correctness performances, R2= .07 (corrected R2= .05),
F(1,48)= 3.39, p= .07. For wayfinding, in all four conditions,
the relative correctness was similar; hence, the condition did
not contribute to a difference in performance, while in
recognition, it did. The regression results were in line with
the ones previously found and shed further light on the
importance of the single factors involved.

Discussion

Figure 6: Mean response times in ms during recognition.
Error bars are SEM. Horizontal lines denote significant
Tukey- post hoc comparisons at p< .001.
Analyses regarding semantic vs. perceptual landmarks.
For these analyses, spoken and written words accounted for
semantical, while odors and pictures accounted for the
perceptual item group.
There was a significant difference in relative correctness
for the recognition phase between perceptual and semantic
landmarks, F(1,48)= 6.41, p< .01, η²= .12, hence a mean
effect (Cohen, 1988), Msemantical = .97 correct decisions,
SD= .07, Mperceptual = .86 correct decisions, SD= .21.
The response times did not differ significantly between the
item groups, which could have been assumed when looking
at the single conditions´ results, which in this analysis have
been united, F(1,48)= .82, p= .37, η²= .02 (Msemantic= 1520.46
ms, SDsemantic= 620.82 ms; Mperceptual= 1754.89ms,
SDperceptual= 1148.76 ms).

Further post-hoc analyses
We conducted additional post hoc regression analyses after
checking the assumptions for regression. The mean response
time predicted wayfinding relative frequencies of correctness
with R2= .24 (corrected R2= .22), which is a moderate-strong

In the present research, we examined the role of landmark
modality on wayfinding and recognition performances
measured as the relative frequency of correctness and mean
response times.
Knowing that perceptual salience, which is the landmark´s
bottom-up properties, can affect wayfinding and recognition,
we expected that the modalities would result in different
performances (Röser et al., 2011; Röser et al., 2013). The
surprising finding was that this was not the case for
wayfinding, where all four conditions lead to similar
wayfinding performances. Therefore, we assume that for
odors, different cognitive mechanisms were active. Knowing
that we can use odors to create memory (e.g., Herz, 1998) and
that the olfactory system is connected to the hypothalamus,
thalamus, amygdala, limbic system and the formatio
reticularis (Hick & Hick, 2013), the odors condition might
have activated both perceptual and emotional processes. This
interpretation is in line with Hamburger and Knauff (2019) as
well as Hamburger and Herold (2020). Moreover, odors
could possibly have higher semantic salience (Klippel &
Winter, 2005; Nuhn & Timpf, 2017), connecting the
landmark information to episodic memory associated with
our emotions (Reisberg & Heuer, 2004). This association
could favor a deeper information processing, which leads to
wayfinding performances comparable to pictures, written or
spoken words (Balaban et al., 2017; Craik & Lockhart, 1972).
This interpretation is coherent with Lwin et al. (2010), who
found that odors can enhance the recall of verbal information
and even increment the enhancing effect of pictures on verbal
recall.
It is probable that when looking at a picture, we speak it
out mentally, or we can imagine its smell. Our finding that
perceptual and semantic items do not differ regarding
correctness underlines this. This would lead to a better
consolidation and is in agreement with the double-coding
theory (Clark & Paivio, 1991; Röser et al., 2013; Sadoski &
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Paivio, 2013). Further cognitive mechanisms could be
thought to be involved. Probably, written words and pictures
had high correctness rates due to the dominance of the visual
system (Hick & Hick, 2013). Spoken words could have been
double-encoded (Clark & Paivio, 1991) semantically and
perceptually, leading to a better consolidation. For a long
time, we have known about the usefulness of visual and
acoustical landmarks in wayfinding and recognition (e.g.,
Hick & Hick, 2013; Röser et al., 2011), but landmark
research was thus far mainly focused on visual landmarks
(Hamburger, 2020). The present research is another step in
opening the path to exploring new (sensory) types of
landmark information for wayfinding.
The assumption that the four conditions of landmark
information would differ was only supported by the longer
response times for the odors, which can be understood
considering that the olfactory system is humans´ slowest
sense, while the human visual and auditory sense are faster
and more differentiated (Hick & Hick, 2013). More precisely,
in wayfinding, decisions were taken faster under the semantic
conditions spoken words and written words while during
recognition, pictures and written words had shorter response
times than odors. One could argue that the finding of different
response times contradicts our finding of the equal usability
of the landmark information. However, as we see it for reallife wayfinding, decision-making correctness should be
weighed more than decision speed. In the end, we want to
find our way, and in most situations, milliseconds do not
make a difference in navigation (only in extreme situations).
Longer response times should rather be seen as an indicator
of cognitive cost in maintaining comparable correctness
performances, especially regarding the odors condition
(DeLeeuw & Mayer, 2008). More detailed and more precise
information in this direction could also be obtained by using
an olfactometer to apply odors in future research (Bestgen et
al., 2016; Johnson & Sobel, 2007), allowing to measure
processing times. Nonetheless, we showed that odors could
function well as landmark information even in a simplified
laboratory setting. The finding of similar correctness between
the four conditions also contrasts hypotheses of automatic
encoding for visual vs. controlled encoding for auditoryverbal stimuli (Lang, Potter & Bolls, 1999). It is evidence of
cross-modal processing, as discussed in Guttman, Gilroy and
Blake (2005) and in line with findings by Hamburger and
Röser (2014), who found comparable recognition
performances between written words, pictures and sounds.
They further suggested that the cognitive processes
underlying wayfinding and recognition are different. Further
research will be necessary in order to explore this hypothesis
more thoroughly.
In our opinion, our senses might rather interact instead of
working as separate entities, and humans could apprehend to
use all of their (available) senses and optimize the way they
orientate in everyday life. In the following, we will discuss
possible limitations and proposals for future research. Future
projects could combine the different modalities exploring
whether the wayfinding performances can be enhanced by

increasing encoding depth sensu the double-coding theory
(Clark & Paivio, 1991; Sadoski & Paivio, 2012). The present
experiment was realized in a standardized laboratory setting
in contemplation of our goal to conduct basic research to
explore the role of auditory, olfactory, visual-semantic and
visual-perceptive landmark information. Future research
could try to replicate our findings in natural settings, where,
however, effects will be harder to interpret because various
factors will interact in those settings. This would enable
research to also examine locomotion processes, which
Montello and Sas (2006) distinguish from wayfinding
because it describes the physical execution of what is planned
in wayfinding processes. According to Montello and Sas
(2006), these two processes together make up navigation. Our
setting was eventually the least confounded choice for taking
first steps towards the exploration of the single modalities´
effect in wayfinding, which is also supported by the fact that
we kept the valence and validity of landmarks and distractors
comparable thanks to a prior internal study and research like
Hamburger and Herold (2020). At the moment, our
laboratory is experimenting with VR-environments and headmounted displays for a greater immersion effect and, thus,
augment external validity whilst maintaining the highest
experimental control possible. Hence, we aim to resolve the
conflict between experimental control on the one hand and
ecological validity on the other science is faced with until
today. To further explore how mental representations of
landmark information are generated, we could also have
included control tasks such as sketch maps. We believe that
this could have contributed to a more detailed understanding.
However, this project had been planned as an approach to
“alternative” landmark information to reveal further insights
into landmark-based wayfinding. In our opinion, the present
research may contribute to re-thinking the role of olfaction in
general and in the field of landmark-based wayfinding. We
do not have to focus on visual stimuli only, but we can begin
to see humans as more complex organisms who manage their
daily challenges using all of their senses, if necessary,
combined (Guttman et al., 2005).
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Abstract
Recent work in judgment and decision making has focused
on which actions people consider when solving open-ended
problems and found that the actions that come to mind tend to
have particular features, such as having a high historical value.
Here, we pursue the idea that the process of generating actions
for decision-making tasks may actually reflect more general
mechanisms for generating kinds of things. We provide evidence that what comes to mind may simply be a reflection of
participants sampling from the most relevant part of the representational space they use to encode the type of thing they
are generating. In this paper, we (1) introduce an approach
for empirically describing a category in terms of the features
that people use to represent category members, and for locating category members within that feature space, (2) show
that certain locations in a category’s feature space predict an
item’s likelihood of coming to mind, (3) introduce an approach
for understanding the relevance of various features to people’s
representations of category members, and (4) show that features which are most involved in people’s representations of
category members are also predictors of what comes to mind
within a category. We close by proposing that features that are
most relevant to our representations of category members and
predict coming to mind are those for which it has been historically useful to have information about during past experiences
with the category in question.
Keywords: consideration sets; feature representation; categories; sampling; decision making

Introduction
When considering everyday decision making, it is natural to
think about our (sometimes painful) deliberation between options. Should I order takeout for dinner, or put the decaying
produce in my fridge to use? However, for many mundane decisions, before we can engage in such deliberation, we must
first call to mind the options we then go on to deliberate over.
While in many decision contexts we cannot possibly call to
mind every potential option, we also cannot choose an option
that we do not first call to mind, making this preliminary step
key to the decision making process.
Prior work on what comes to mind during decision making has shown that people are remarkably skilled at generating candidate options; people can almost immediately generate a small set of options from an effectively infinite option
space over a range of decision making contexts, and each of
these options are generally good (Phillips, Morris, & Cushman, 2019; Johnson & Raab, 2003; Klein, Wolf, Militello,
& Zsambok, 1995). While a container of gummy vitamins
might lie somewhere in the option space for dinner tonight,
it is much less likely than takeout or last week’s groceries

to come to mind as an option. More specifically, the options
that come to mind have been found to be historically valuable,
likely, and semantically accessible. (Morris, Phillips, Huang,
& Cushman, 2021; Zhang et al., 2021; Bear, Bensinger, JaraEttinger, Knobe, & Cushman, 2020). In fact, Morris et al.
(2021) find that even when people are asked to think of options of low value within a certain category, such as “Think
of a food you’d least like to have for dinner”, they can’t help
but call to mind options that are generally valuable within
the category. Interestingly, in such decisions, people seem
to be relying on a representation of an option’s value relative
to the category of thing being called to mind rather than just
relative to the context at hand. If you’re trying to think of
what you’d least like to have for dinner, tacos may have a low
context-specific value (perhaps you had them yesterday), but
given that they are a generally highly valued dinner option,
they will still be likely to come to mind, even if only to be
dismissed.
Here, we pursue the idea that the process of generating
options for decision-making tasks may simply reflect much
more general mechanisms for generating kinds of things.
Specifically, we will argue that the critical capacity for generating options of a certain kind in decision making likely relies
on perfectly domain-general mechanisms for calling to mind
instances of a category, kind, or concept. If you’re trying to
decide what kind of pet to get your child, you have to call to
mind instances of the concept PET, and if you’re trying to decide what to do for summer vacation, you have to call to mind
kinds of vacations. Accordingly, work on option generation
in decision making stands to benefit from the more general
study of how we call to mind instances of a category or concept (for prior reviews on concepts and categories that discuss
instance generation, see, (Battig & Montague, 1969; Mervis
& Rosch, 1981; De Dayne, Navarro, Perfors, Brysbaert, &
Storms, 2019).
Here, our approach will be to empirically demonstrate a
domain-general framework for what comes to mind that allows us to account for the findings in the prior research on
what comes to mind in decision-making contexts. We begin
by examining what comes to participants’ mind within different ordinary categories, and then analyze unifying patterns
in the kinds of features that predict what comes to mind in
each category. While prior decision-making work has made
interesting progress in indicating that more generally valu-
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able items within categories are more likely to come to mind,
value can be ill-defined depending on the category in question. When considering crimes, for example, what comes
to mind? It is probably not the least bad crimes (e.g., jay
walking), which would, historically speaking, have the highest general value; rather, the crimes that intuitively come to
mind seem to have a particularly low general value (e.g., murder). Accordingly, it may not be broadly true that general
value determines what comes to mind. Rather, the role of
value in determining what comes to mind when making decisions may instead illustrate a broader principle according
to which features relevant for the category in question may
determine what comes to mind.
To ask whether this is correct we seek to demonstrate,
within various categories, a correspondence between the
features that predict what comes to mind and the features
which more naturally coincide with people’s representations
of members of the given category. On this general view, while
the features that predict what comes to mind within each category will differ from each other, the most predictive features
will consistently be those which are most central to people’s
representations of the category’s members.
This interpretation of what comes to mind might also explain previous findings that the options generated during decision making are generally valuable. Specifically, this finding may simply be a reflection of how decision makers represent items in a category, with more relevant features likely
being indicators of value and also determining what options
are considered.

Approach
We propose to make progress on the question of what factors
determine what comes to mind when thinking of members of
a certain category. We consider 7 familiar categories of items:
zoo animals, holidays, jobs, kitchen appliances, chain restaurants, sports, and vegetables. In each, we ask participants to
tell us the category members that come to mind and then investigate what factors determine what is called to mind within
each of these categories. We introduce a novel experimental
technique for constructing the space of relevant features used
to represent the members of each category, as well as for locating category members within the resulting feature space.
McRae, Cree, Seidenberg, and Mcnorgan (2005) offer related
ideas on how to describe and compare category members in
terms of certain category-relevant features. For alternate approaches to empirically describe how categories and category
members are organized in conceptual space, see (De Dayne
et al., 2019) or (Rips, Shoben, & Smith, 1973).
We then demonstrate that an item’s position along certain
dimensions of a category’s feature space, representing the degree to which it is described by various features, predicts its
likelihood of coming to mind. Finally, we test a further prediction of this proposal. Specifically, if the set of features
that we find to predict what comes to mind are simply part of
the way that people represent that category, then they should

be especially good at searching along those features (compared to features that do not predict what comes to mind).
We find that this is the case: for a given category, the more a
particular dimension predicts what comes to mind, the better
participants are at generating instances at some end of that dimension. More generally, under the hypothesis we argue for,
the process of calling members of a category to mind might be
modeled as a search through feature space, weighted towards
certain features that are relevant for that category.

What comes to mind
Participants recruited from MTurk (N = 123, Mage = 38.0,
SDage = 10.0, 62 females, 3 other) were presented sequentially with each of 10 categories (zoo animals, holidays,
jobs, kitchen appliances, chain restaurants, sports, vegetables,
types of furniture, types of clothing, and breakfast foods) and
asked to list 10 items in that category as they came to mind.
We excluded all responses where the instance generated was
not a member of the given category, and reconciled similar
responses into a single response. For example, in the zoo animals category, the responses ‘otter,’ ‘otters,’ and ‘sea otter’
all became ‘otter.’ Because of difficulty in disambiguating
similar responses for 3 categories (types of furniture, types of
clothing, and breakfast foods), we excluded these categories
from subsequent analyses. From the resulting responses for
each of the 7 remaining categories, we selected all items
which had been listed by at least 2 participants. In the zoo
animals category, we also added to this list animals which
appeared in the animal lists of 3 popular U.S. zoos, so that
zoo animals that were not called to mind by any participants,
but might otherwise be expected to be called to mind, would
be included in our analyses. Analogous procedures for the
other categories did not result in the addition of items to the
category list, because most popularly recognized instances of
the category were already largely present in participant responses. These lists serve as the item list for each category
in the remainder of our studies, with the following list sizes:
(zoo animals: 63, holidays: 29, jobs: 85, kitchen appliances:
32, chain restaurants: 42, sports: 37, vegetables: 40). See
Fig. 1 for an illustration of the zoo animals that come to
mind.

A new method for empirically deriving
category-specific representational spaces
Our proposal is that we may be able to make progress on understanding which category members come to mind by understanding their location in participants’ representational space
for that category. To pursue this idea, we first needed to find
a way of empirically determining which features are relevant
for each of the 7 categories used, and second we needed to
determine where each category member fell along the relevant features. To achieve these goals, we developed a new
method for empirically deriving category-specific representational spaces and then locating category members within the
resulting space.
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Figure 2: Visualization of a subset of feature space for the zoo
animals category. This space has only 3 dimensions: cute,
large, and dangerous. Zoo animals are located along each dimension of feature space according to the average participant
rating for how well a feature describes that zoo animal.
Figure 1: Distribution of the number of times each zoo animal
came to mind across participants, from most (left) to least
frequently.

Constructing a category’s feature space
To get an idea of what features people find relevant when describing members in each category, we recruited participants
from MTurk (N = 147, Mage = 36.9, SDage = 10.4, 73 females, 4 other), assigned each participant to a category, and
presented them with 10 pairs of members of that category
derived from the prior experiment. For each pair, we asked
them to tell us what made the two members similar or different. For example, participants assigned to the zoo animals
category were told they would be comparing different zoo animals, and then for 10 trials were asked to list up to four similarities and four differences between two randomly paired
zoo animals from the item list.
To illustrate, when comparing a panther and an owl, one
participant remarked that both eat meat, while only an owl
can fly. Features that were remarked upon at least twice
within a category can be interpreted as relevant features for
representing members of that category. We also introduced
features that we expected to be less relevant to the category,
such as ‘has large feet relative to its body size’ for the zoo animals category. From this set of variably relevant features, we
constructed a given category’s feature space with each feature
as a dimension in that space. The dimensionality of each category’s feature space is as follows: zoo animals: 30, holidays:
16, jobs: 16, kitchen appliances: 16, chain restaurants: 17,
sports: 14, vegetables: 14. We can think think of a given category member’s location in feature space as indicating how it
is thought of in terms of these features relative to other cate-

gory members, with features likely varying in relevance.

Locating members of a category in category-specific
representational spaces
To determine the location of each member in its category’s feature space, we recruited additional participants
from MTurk (N = 292, Mage = 40.4, SDage = 12.1, 133 females, 2 other) to judge how well each feature described the
items in a category’s item list. Participants were again assigned to one of the 7 categories and told they would be answering questions about things in that category. They were
then presented with members from that category (from the
first studies) and asked to rate how well a series of features
(taken from the previous study) described the category member, on a scale from 1 (‘not well’) to 5 (‘very well’). The
feature statements were of the general form ‘This [category
member] [has this feature].’ For example, a participant assigned to the zoo animals category might be asked to answer
questions about a llama in one trial, and would be asked to
rate how well the feature statement ‘This zoo animal has large
feet relative to its body size’ describes a llama.
We then took the average rating across participants for how
well a feature described each category member as an estimate
of that member’s location along that dimension in the category’s feature space. Thus, a member’s location in categoryspecific feature space can be represented as a vector of ratings
for each feature, or a point in the n-dimension feature space,
see Fig. 2 for an illustration.

Predicting what comes to mind by location in
feature space
We next asked whether the different locations of category
members along the different dimensions of feature space can
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What features are most relevant for representations
of category members?
To understand what dimensions our representations of category members most strongly encode, we next designed an
experiment to test how naturally people can think about category members in terms of different features. For each category, we selected a range of features from the constructed
feature space which varied in their predictiveness of coming
to mind.
Figure 3: For each dimension in zoo animal feature space, the
absolute value of the correlation between the zoo animal’s location along that dimension and that zoo animal’s likelihood
of coming to mind. Directionally negative correlations are
indicated in red.

help explain which category members come to mind. To
do this, we simply calculated, for each dimension of feature
space, how well each member’s location along that dimension
predicted the frequency with which it came to mind in our
first study. A strong positive relationship would indicate that
the more a given feature applies to a given category member,
the more likely that category member is to come to mind. At
the same time, a strong negative correlation shows something
similar, since it indicates that the less a given feature applies
to a given category member, the more likely it is to come to
mind. For example, amongst zoo animals, the feature ‘striking’ is positively related with coming to mind, indicating that
zoo animals that are considered more striking are more likely
to come to mind, while the feature ‘quiet’ is negatively related with coming to mind, indicating that zoo animals that
are considered less quiet are more likely to come to mind. Accordingly, because our goal is to identify features that are related to category members’ likelihood of coming to mind, we
analysed the absolute value of these relationships rather than
the directional correlation. This approach revealed two key
findings: (1) member location along a number of categoryspecific features was highly predictive of whether the member would come to mind, and (2) there was a large amount
of variance in the predictiveness of the different features, see
Fig. 3 for an illustration.

Determining relevant features and their
relationship with coming to mind
We have seen that different dimensions of category-specific
representational space vary in how well they predict whether
or not a given category member comes to mind. Importantly,
many of the features that predict what comes to mind are either orthogonal to value (e.g., ‘diurnal’), or inversely related
to it (e.g., ‘dangerousness’). So, what makes some features
more predictive than others? We hypothesized that features
which predict coming to mind may simply be more relevant
for our representations of category members in general.

Participants were recruited from MTurk (N = 300, Mage =
38.3, SDage = 12.1, 148 females) and again assigned to one of
the 7 categories, and then asked to list, over 8 trials, members
of that category that had one of the selected features. On each
trial, participants were asked to list as many category members as possible in 30 seconds. For example, participants assigned to the zoo animals category were told that they would
be asked to list zoo animals that fit certain descriptions. In
one of the 8 trials, a participant may be repeatedly asked to
‘list a zoo animal that has large feet relative to its body size.’1
For each trial, we can estimate the ease with which the participant was able to think about category members in terms
of the relevant feature from a combination of (1) the number of responses given during the 30 second trial and (2) the
speed of each response. We quantified the “ease of response”
for a single trial by calculating the sum of each response divided by the amount of time it took the participant to generate
that response. So for trial t in which n responses were given
with respective response times rt1 , rt2 , ...rtn , the trial ease of
response teor = 1/rt1 + 1/rt2 + ... + 1/rtn . The ease of response for a certain feature is then calculated by taking the
average ease of response for each trial in which participants
are asked to list items with that feature, and normalizing this
value by dividing it by the maximum ease of response for any
feature in the category’s feature space. So if FS is the set of
all features in a category’s feature space, and TF is the set of
all trials in which participants are asked to list items with feature F, then the ease of response to F, Feor is calculated as
mean(teor ∀t ∈ TF )/max( feor ∀ f ∈ FS). Thus for each feature,
the more responses participants tended to give, and the more
quickly they tended to give these responses, the greater the
ease of response to that feature (Feor ). We take the ease of
response to a feature to indicate the extent to which participants encoded category members along that dimension, and
from this point on refer to the ease of response to a feature
simply as “feature relevance.”
Similar to the previous study, this analysis revealed two
key findings: (1) for each category, there were clear features
which had a high ease of response, and (2) there was significant variation among features in terms of their ease of response, see Fig. 4 for an illustration.
1 According to the feedback provided, not all participants enjoyed
this task.
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Figure 4: Feature relevance of each dimension of zoo animal
feature space, based on the ease with which participants listed
zoo animals that have that feature, according to our ease of
response metric.

The relationship between what comes to mind and
feature relevance
Given the preceding set of results, we are now in a position to
test the proposal we started with: that what comes to mind for
a given category is a reflection of which members exist in the
relevant part of the category-specific representational space.
If this proposal is correct, it predicts that the feature relevance
score for a given category-feature pair will predict that same
feature’s predictiveness for what comes to mind.
To as whether this was the case, we calculated the correlation between a feature’s predictiveness of coming to mind and
feature relevance over all 7 categories. We found a highly significant relationship overall, r = 0.607, p < 0.001, and clear
positive relationships in each of the 7 categories: zoo animals
(r = 0.553), vegetables (r = 0.894), holidays (r = 0.748), jobs
(r = 0.278), kitchen appliances (r = 0.390), chain restaurants
(r = 0.911), and sports (r = 0.675). See Fig. 5 for the overall
relationship across categories, and Fig. 6 for an illustration in
the case of zoo animals. The fact that this relationship exists
across categories provides evidence that what comes to mind
in general is a product of the features in terms of which we
encode members of the category in question.
Prior work on concepts has found that category members
that first come to mind are also judged to be the most typical of that category (Mervis, Catlin, & Rosch, 1976; Rosch,
Simpson, & Miller, 1976; Janczura & Nelson, 1999; Barsalou, 1985). This suggests that members in the relevant portions of category feature space we identified are also more
likely to be judged as typical. The idea that certain relevant features play an important role in determining a category member’s typicality is consistent with existing literature
(Rosch & Lloyd, 1978; Malt & Smith, 1984; Kellogg, 1981).

General Discussion
Across a large series of studies, we analyzed what came to
mind for participants within 7 familiar categories (zoo animals, holidays, jobs, kitchen appliances, chain restaurants,
sports, and vegetables) in terms of item locations in empir-

Figure 5: For each feature in all category feature spaces, predictiveness of coming to mind is plotted against feature relevance

ically constructed feature spaces. We find that within each
category, certain features predict what comes to mind. In
other words, an item’s location along certain dimensions of a
category’s feature space predicts how likely it is to be called
to mind. This finding encourages the conceptualization of
the process of calling category members to mind as a search
through the category’s feature space, weighted towards certain dimensions. Alternatively, one can think of it as sampling
from a relevance-based feature space. We find that across categories, these certain dimensions are also those that are relevant to people’s representations of category members, with a
given feature’s predictiveness for coming to mind correlating
positively with that feature’s relevance within that category.
Our findings that features vary in their relevance to certain
categories, and that the extent to which category members are
well-described by more relevant features predicts their likelihood of coming to mind, can be used to interpret and enrich
previous work on what comes to mind during decision making. While previous findings indicate that options generated
during decision making tend to be generally valuable (Phillips
et al., 2019; Johnson & Raab, 2003; Klein et al., 1995; Morris et al., 2021; Zhang et al., 2021; Bear et al., 2020), the notion of purely general value is vague or ill-defined across contexts. By contrast, our proposed framework–that what comes
to mind is guided by the most relevant dimensions of feature
space for the type of thing being generated–can explain option generation in contexts regardless of whether or not general value plays a role in option generation in that context.
While a category’s relevant features may sometimes approximate or be collinear with value (e.g., ‘cool’ in the case of zoo
animals), it is also often the case that many of the features that
are most relevant will be orthogonal or inversely related to a
category member’s value (e.g., ‘diurnal’ and ‘dangerousness’
respectively).
Just as this work seeks to build on and expand prior work
on option generation in decision making, we have also sought
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Figure 6: For each feature in zoo animal feature space, predictiveness of coming to mind is plotted against feature relevance

to go beyond prior work on instance generation in the case of
established concepts or novel categories (Battig & Montague,
1969; Mervis & Rosch, 1981; De Dayne et al., 2019; Barsalou, 1985). In particular, we demonstrated a clear positive
relationship between (i) the extent to which a feature is predictive of what comes to mind for a given category, and (ii)
the extent to which people typically encode information about
that feature for category members. We also sought to offer an
explanation of this positive relationship: that the relevance of
certain features to members of a category may be a product of
the usefulness of having information about those features in
past experiences with that category. For example, the feature
‘dangerousness’ may be especially relevant to a person’s representations of zoo animals because it has historically been
useful for them to know how dangerous various zoo animals
are (whether to avoid them, or just to tell their friends about
them). This would explain why participants’ mental representations of various zoo animals may include some sort of
cached ‘dangerousness’ metric. Since general value is presumably an extremely useful dimension across many different categories, this interpretation is consistent with some sort
of ‘value’ feature indeed guiding what comes to mind in various contexts.
Our framework might also be used to explain the limited
differences in what comes to mind within a category across
different contexts. If what comes to mind is a product of a
search through feature space, biased towards more relevant
features, this search might also be biased towards features that
are important in a certain context. For example, when thinking of a food you’d least like to have for dinner, what comes
to mind would be biased towards generally relevant features
(such as how much you like the food), but may also be biased
towards contextually appropriate dimensions of feature space
in terms of which you represent foods, such as ‘slimy’ or

‘gross.’ This proposition fits well with the findings of Morris
et al. (2021), who found that what comes to mind in these
low-value contexts tends to be a mix of generally ‘valuable’
responses but also foods that conform to the context-specific
constraints (e.g., ‘not too moist”).
Future studies concerning what comes to mind might build
off the work presented here in a number of ways. First, our
proposition that the historical usefulness of having information about a feature determines how relevant that feature is to
representations of category members might be tested by introducing people to a novel category and manipulating which
features of category members are useful to learn. In such an
experiment, we could then ask whether a feature’s usefulness
in prior tasks affects what category members later come to
mind in an open-ended task. Additionally, it would be worthwhile to further test our theory of what comes to mind by asking whether individual differences in what comes to mind are
predicted by individual differences in feature relevance. Finally, the empirical tools we’ve developed in this paper might
be applied more directly to decision making contexts in which
the options being called to mind are possible actions.
In closing, we put forth the consideration of item locations
in category-specific feature space as a useful framework for
making progress on the question of what comes to mind. The
method we have presented for constructing and locating items
within such a feature space (as well as the relationships we
have established between an item’s location in feature space
and its likelihood of coming to mind) may be useful for future research on this question. We hope that the present work
serves as an illustration of how research on how people build
and navigate conceptual spaces can inform our understanding
of decision making processes.
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Abstract
Early language learning relies on statistical regularities that
exist across timescales in infants’ lives. Two types of these
statistical regularities are the routine activities that make up
their day, such as mealtime and play, and the real-time repeated
behaviors that make up the moment-by-moment dynamics of
those routines. These two types of regularities are different in
nature and are embedded at two different temporal scales,
which led to divergent research in the literature – those who
collect long-form recordings and observations of at-home
behavior and those who use eye trackers and micro-level
analyses to quantify real-time behavior in laboratories. The
goal of present paper is to jointly examine and connect the
statistical regularities at these two timescales. Towards this
goal, we brought wearable eye trackers to English- and
Spanish-speaking families’ homes to record parent and toddler
visual attention during daily routines. We transcribed parent
speech during object play and mealtime and coded toddler
visual attention during naming moments. We found that
parents and toddlers jointly interacted with the unique
vocabularies of the two activities. Although naming and
attention were more coordinated during object play, mealtime
still afforded opportunities for high-quality naming moments.
Our results lay the building blocks for connecting these two
lines of research and demonstrate the feasibility of at-home
data collection with eye trackers.
Keywords: visual attention; parent-toddler interaction; athome research; language development; wearable eye tracking

Introduction
The environment of a developing child consists of structured
information that forms the input for early language learning
(Goldstein et al., 2010). To make use of the structure, infants
can employ statistical learning (Saffran & Kirkham, 2018) to
detect word boundaries, map a label to an object or action,
and group their growing vocabulary into meaningful
categories.
Infants’ daily lives are composed of routines and activities.
The constraints and demands of these different routines, such
as playing with toys, eating meals, and bath time, create
different types of language experiences. There is a growing
trend in developmental literature to holistically consider the
language learning input infants receive across the day and in
different activities – and often this means collecting long-

form recordings at home (e.g., Soderstrom & Wittebolle,
2013; Bang et al., 2019; Tamis-LeMonda et al., 2019;
Rosemberg et al., 2020). Similar research collects video
recordings from head-cameras to specifically study infant’s
visual experiences over the first few years of life (e.g., Fausey
et al., 2016; Clerkin et al., 2017; Long et al., 2021). This work
can tell us about the language learning landscape and the
statistics in the input at the timescale of hours, days, or weeks.
When we take stock of this line of research that has studied
language input across routines, we see that the different
activities infants can engage in throughout the day are
categorized by different amounts and types of parent speech,
as well as a subset of concrete nouns and verbs that are unique
to that context (e.g., Tamis-LeMonda et al., 2019). Of course,
the structure available to infants does not stop at the level of
context. The interactions that occur within a routine are also
informative cues.
For young children, interactions tend to be scripted and
highly predictable, such as in a game of peek-a-boo (Bruner,
1983). Infants will likely encounter different scripts across
different contexts, which provide another set of informative
cues to scaffold word learning. Within an utterance (or set of
utterances) and within an action, there are also predictable
statistics to learn. During diaper changing, each step of the
interaction is segmented by temporally synchronous speech
and actions, such as tickling the feet after putting on pants
(Nomikou & Rohlfing, 2011). By tracking these low-level
statistics of an interaction, infants can learn the behaviors that
make up a routine, creating a familiar script to support the
learning of more words. Studying such moment-to-moment
dynamics of parent-child interactions has revealed dyadic
behaviors that contribute to word learning in real-time.
Parents selectivity name objects in response to infant
behavior – such as holding or looking the object (e.g., Chang
et al., 2016). Naming objects in these moments when infants
are engaged with them promotes word learning (Yu & Smith,
2012; Schroer & Yu, in press).
Language learning is grounded in routines, but the ways
these timescales influence one another is bidirectional. We
can borrow Gottlieb’s framework on the bidirectional
influences in development (2007), to explain the probabilistic
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The main goal of the paper is to study how the in-themoment statistics that we know are important for language
learning unfold across different routines. We will compare
infant’s input in two everyday contexts by measuring the
words they hear and the objects they see during those naming
moments. This is the first study we know of using wearable
eye trackers at home to tackle this question, with both parents
and toddlers wearing the eye trackers. We also tested the
feasibility of adding wearable eye tracking to the growing
trend of collecting naturalistic, long-form recordings at
home. It is a proof-of-concept that dual eye tracking data can
be collected from parent-toddler dyads at home and that the
data can be processed, coded, and analyzed in a tractable way.

Figure 1: The probabilistic nature of language
development over time, inspired by Gottlieb (2007).
Consider a mealtime routine of making a sandwich – at
the macro-level, the dyad is influenced by environmental
factors like being in the kitchen and cultural factors like
the type of food they are making. Making a sandwich then
follows a script of behaviors such as taking out bread,
spreading peanut butter and jelly, and cutting the
sandwich into pieces. The dyad may talk to each other as
they do this, and toddlers might help their parent. Each
step of the script can be segmented into the individual
actions and words that form the underlying statistics of
the routine at the micro-level.

Methods
Participants

development of language. The environment of a dyad,
including social, cultural, and physical factors, influences
their behavior at the macro-level. And the behaviors of
caregivers and the infant have an equal impact in selecting
and shaping their surrounding environment. The ways the
dyad behaves (speech and actions) are structured and
patterned throughout the day, making the statistics of the
input that infants receive for language learning. In turn,
dyadic behaviors are also influenced by the ambient (and
each other’s) statistics. A re-imagining of Gottlieb’s
bidirectional influences can be seen in Figure 1. Some
directions of influence are well-studied, with discovered
correlations showing how environment may shape behavior
or behavior may shape statistics. Missing from this direction
of influence is mechanism – how influences like environment
and routines at the macro-level are directly linked to
behaviors and statistics at the micro-level. By explicitly
measuring micro- and macro-level data types simultaneously,
we can better motivate the mechanisms through which
environmental influences matter for learning.
The presented data was collected as part of the new FIELD
Project, a Family-Infant Eye-tracking and Language
Development dataset collected using wearable eye trackers at
participants’ homes. With the FIELD project, we can study
the statistics in toddlers’ language learning environments that
exist across different timescales, bridging the disconnect
between home recordings and in-lab research – providing
context for why the findings from each approach matter. How
do the real time behaviors we have studied in the lab make up
the greater landscape? And how do the macro-level statistics
like routines shape the micro-level behaviors? In the FIELD
Project, we bring wearable eye trackers into participants’
homes to capture the patterns of dyadic behavior across
different routines in their natural environment.

The study was conducted in the metropolitan area of a major
city in Texas. Families were recruited through word-ofmouth in the Psychology and Neuroscience departments of
the university as well as through advertising at the local
science museum. Parents were told that we were interested in
what children see and hear during their daily lives. Our initial
dataset is comprised of 4 families that completed 1-3
recordings each, for a total of 8 recordings.
Toddlers were aged 27- to 31-months old (mean = 29mo, 3
male). The parent wearing the eye tracker (focal parent) was
selected by the families and was equally likely to be the
mother or father. Other members of the family were allowed
to be home during the recordings – often both parents were
home, and one toddler also had an older brother present in the
recordings. The other three toddlers were only children. Two
toddlers were white/Hispanic, one was white, and one was
mixed race (white/East Asian). Three of the families spoke
more than one language at home (Japanese or Spanish), with
varying degrees of language exposure (1 hour/day to 12+
hours/day). Two families spoke only English during the
recordings, one family spoke exclusively Spanish, and one
family spoke both English and Spanish. All families reported
being middle- or upper-middle-class. All participants were
neurologically and psychologically typically developing and
had no disclosed visual impairments. 2 additional families
were excluded due to equipment error (1 white, 1 East Asian).

Data collection
Families that expressed interest in the study were provided
with a pair of adult-sized sunglasses and a glasses strap to
help the toddler get used to wearing oversized glasses. After
a week of practicing, researchers visited the family’s home
with a pair of wearable eye trackers (Figure 2).
Families were asked to record data for an hour or until their
toddler no longer wanted to wear the eye tracker. Parents
were not asked to participate in any specific activity, but were
told that we were especially interested in toy play, mealtime,
book sharing, and chores. Parents were told they could speak
in the language that was the most comfortable and typical for
their family. The researchers left the house while the family
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as both English- and Spanish-speaking families engaged in
these object-focused activities.
We then transcribed the focal parent’s speech directed at
the toddler (or a group the toddler was a part of) during object
play and mealtime. Parent utterances were considered
separate if there was more than 400ms of silence. Spanish
transcriptions were completed by a fluent speaker. Naming
utterances were identified as when parents named a concrete
noun (an object that the toddler could reasonably see, touch,
or hold). The noun was then assigned to a category (based on
Long et al., 2021): own or social’s partner’s face, empty
hands, or rest of body; people - real (but not wearing the eye
trackers); people - drawings or toys; animal – real; animals –
drawings or toys; vehicles – real; vehicles – drawings or toys;
books; clothing; food; utensils/dishes; cleaning supplies;
plants; screens; furniture/appliances; other toys; other small
objects; and other large objects. Parts of animals or vehicles
(e.g., nose or tire) were categorized as the whole object.

Measuring visual attention

Figure 2: A. Toddler wearing the eye tracker (left) and
an overhead shot of the Invisible (right). B. Toddler’s
(left) and parent’s (right) view during object play; and C.
during mealtime. The purple dot indicates gaze.
wore the eye trackers. After data collection, parents filled out
a demographic survey.
Toddlers and the focal parent wore Pupil Labs Invisible eye
trackers that were attached by a single cord to an Android
phone. Toddlers wore a vest with a pocket in the back and the
parents wore a running arm band to hold the phone. A glasses
strap was used to snuggly hold the glasses onto the toddler’s
head. Not tethered to a computer, participants were able to
move freely and go about their daily lives. Toddlers were
tolerant of wearing the eye tracker for long periods of time (a
bit more than an hour, which is the battery life of the phone).
The Invisible eye trackers look like a pair of glasses and
are equipped with a fish-eye scene camera that captures the
view in front of the participant, as well as two infrared
cameras that record the participant’s eyes. The Pupil Invisible
requires no calibration and uses an algorithm for gazeestimation that is robust to changes in lighting, slippage of
the eye tracker, and movement (Tonsen, Baumann, &
Dierkes, 2020). The eye trackers also recorded audio.

Toddler visual attention was then coded within the onset and
offset of naming utterances (Figure 3). First, attention was
coded at the frame-level (rate of 25 frames/sec) using an inhouse program. A coder identified what the toddler was
looking at (as indicated by the gaze-estimation from the eye
tracker) and assigned it to a category, the same 22 used for
categorizing nouns. If toddlers were looking at their own or
their parent’s hands holding an object, that object was coded
as the location of their attention (hence why “empty hand” is
a category). The coder was blind to the noun being spoken by
the parent.
A coder then watched the toddler’s eye tracking video
during each naming utterance and determined whether the
toddler was looking at a potential referent for the annotated

Measuring language input
Recordings were first annotated to identify the activities the
toddlers engaged in. To be coded, activities had to last at least
a minute but could also include bouts of “off-task” behavior
that lasted less than a minute. Dyads participated in a
diversity of activities, including object and non-object play,
book sharing, mealtime (which includes making and cleaning
up food), chores, screen-use, going for walks, and more. For
the present study we will focus on object play and mealtime

2521

Figure 3: Overview of coding process. Parent utterances
and naming moments were first transcribed. Frames of
the eye tracking video were then coded to identify
toddler attention to the noun categories. Matching colors
of naming and attention indicate a category match.
Lastly, naming moments were coded as hits or misses.

Figure 4: The total number of times each unique noun was spoken during object play (top) and mealtime (bottom). Nouns
are assigned into 5 colored categories. All nouns spoken in Spanish were translated to English for the visualization.
nouns (e.g., parent said “car”, a potential referent is a picture,
toy, or real car). A hit naming utterance was defined as the
toddler looking at potential referent for at least a single frame
of the utterance. All other naming utterances were misses.

Analysis plan
The first set of presented analyses considers language input
during two everyday activities – including how much parents
talk and name objects during object play and mealtime, as
well as the types of objects they are talking about. Our second
set of analyses considers toddlers’ visual attention during
naming moments, specifically the objects they look at across
all naming moments. Lastly, we consider the coordination
of naming and attention by measuring how often naming
moments are “hits” during object play and mealtime and if
toddlers look at objects in the same category as the referent
(matches) or other categories (mismatches) during naming.
Our intention with continuing data collection is to be able
to compare the data collected from English- and Spanishspeaking participants to identify both similarities and
differences in these families. In the present paper, however,
we will focus on a comparison of the two activities and merge
the data collected in the two languages.

Results
Across the 8 recordings, we had 5 instances of object play
and 3 instances of mealtime. On average, object play bouts
lasted 10.80 minutes (range: 6.41-18.87) and mealtime bouts
lasted 6.69 minutes (range: 2.46-12.05). Because of the
varying length, comparisons between object play and

mealtime will use the frequency of behaviors per minute
and/or the proportion of total instances in each activity.

Language input during everyday activities
We first measured how much parents talked and named
objects during each activity. In object play, parents spoke an
average of 14.77 times/minute (range: 4.54-21.69) and
named objects 6.23 times/minute (range: 1.62-10.30). During
play, 42% of all utterances contained a naming event (range:
23-67%). In mealtime, parents spoke 11.98 utterances/min
(range: 6.97-16.36) and named objects 4.88 times/minute
(range: 2.74-7.01). In mealtime, 40% of utterances contained
a naming event (range: 39%-43%).
There were no significant differences in frequency of
utterances and naming between the two activities (using ttests, ps > 0.507), though this may be due to the small sample
size. With more data, we expect the trend of more speech and
naming during object play to become significant. This would
be in line with previous observations (e.g., Tamis-LeMonda
et al., 2019). Nonetheless, we are intrigued by the apparent
lack of differences in the proportion of utterances that contain
naming events and hypothesize that this result would be
sustained, even as speech rates diverged.
We then compared the types of objects being labeled by
parents (Figure 4). Across all recordings, there were 88
unique nouns spoken in the 53.99 minutes of object play and
35 unique nouns spoken in the 20.07 minutes of mealtime –
yielding a comparable frequency of unique nouns/minute at
the corpus level (1.63 in play and 1.74 in mealtime). There
were, however, marked differences in the types of objects
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Figure 5: Toddler attention to objects was coded for every frame within each naming utterance. Shown are the proportion
of frames infants looked at the noun categories during object play (top) and mealtime (bottom). Nouns are assigned into 5
colored categories.
parents labeled. The majority of naming instances during
object play were of toys and the majority of naming
instances during mealtime were of food and various
utensils/dishes. For ease of visualization, we grouped the 22
types of nouns into 5 categories (toys, food/utensils, real
people, small things, and big things). As in Tamis-LeMonda
et al. (2019), we found evidence of “unique vocabularies” in
the types of objects parents talk about during play and
mealtime – but do toddlers distribute their attention to the
same vocabulary?

Visual attention during naming moments
To look for a unique vocabulary in visual attention, we then
visualized what objects the toddlers look at during naming
instances in object play and mealtime. To do so, we
calculated the proportion of total frames in each activity that
toddlers gazed at the 22 categories of nouns (Figure 5). Just
as with naming itself, we found that infants predominantly
attended to the activity-specific objects.

Coordination of naming and visual attention
To test the coordination of parent naming and toddler
attention, we calculated the proportion of naming instances
that are “hits”, when infants are attending to a potential
referent for any amount of time during a naming utterance.
In object play, hits occurred an average of 3.62
times/minute (range: 0.62-7.25), with 56% of naming events
counting as hits (range: 0.38-0.75). This proportion of hits is
in line with a recent in-lab finding that infants are equally
likely to be attending to the correct or an incorrect referent
during naming (Yu et al., 2021). In mealtime, a different
pattern emerged. Hits occurred 1.52 times/minute (range
0.81-2.16), with only 35% of naming events counting as hits
(range: 0.17-0.58). There was a moderate association

between hit/misses and activity type, in that object play is
more likely to have hits (and mealtime more likely to have
misses; Yule’s Q = -0.362).
To learn more about hits and misses during these two
everyday activities, we then looked at the proportion of each
naming instance toddlers looked at the matching category
(e.g., parent names “elephant” and the toddler is looking at
an elephant or other animal), at a mismatching category (e.g.,
toddler is looking at a toy car), at their parent’s face, at empty
hands (toddlers’ or parents’), or nothing (Figure 6).
Although there was an association between hits and play,
toddler attention during hits and misses did not appear to
differ in object play versus mealtime. During hits, toddlers
are most likely to look at the category matching the labeled
object, which includes time spent looking at a potential
referent (play=0.62, mealtime = 0.49 of utterance), and spend
little time attending to category mismatches (play=0.20, meal
=0.27). During misses, toddlers are most likely to look at
objects from a mismatching category (play = 0.39, mealtime
= 0.40). Crucially, misses are not “near hits” as toddlers do
not spend a large proportion of time attending to objects in
the same category as the labeled referent (e.g., during a miss
the toddler is more likely to be looking at a car than a giraffe
while parent says “elephant”) (play = 0.17, mealtime = 0.06).
Using a linear mixed effects model, we confirmed that the
proportion of time attending to a category match could only
be predicted by whether the utterance was a hit/miss, not
which activity the utterance came from (β = 0.389, p < 0.001,
Cohen’s d = -1.29). Similarly, time attending to a
mismatching category was only significantly predicted by
hit/misses (β = -0.173, p < 0.001, Cohen’s d = 0.49). Both
models included a random effect of subject and were better
than a null model with the random effect only (using a ChiSquare difference test, ps < 0.001).
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Figure 6: Proportion of a naming utterance that toddlers
attended to matching and mismatching categories when
the naming utterance was a hit (top) or a miss (bottom).
Taken together, our results suggests that even though the
amount of parent speech, and especially the amount of hits,
varies between these everyday activities, play and mealtime
still afford equally good word learning opportunities.

Discussion
We present the first results from the FIELD Project, an athome dataset with parent-toddler dyads wearing eye trackers
while going about their daily lives. To our knowledge, a study
of this nature has yet to be conducted. We observed
differences in the objects parents talk about during two
everyday activities and found that toddlers visually attend to
the same types of objects their parents talk about,
demonstrating that the unique vocabularies of daily routines
extend to the visual environment as well. Although “hit”
naming moments were more likely to occur in object play,
the quality of hit naming events was the same in object play
and mealtime. Dyads may be utilizing differing techniques to
create learning moments in mealtime, a context that is only
beginning to be studied (e.g., Clerkin et al., 2017).
The presented dataset does have limitations. Although the
micro-level data we collect is dense, we have a small sample
and few observations. It is still unclear how our findings may
generalize to a larger, more diverse sample of families – as
well as other everyday activities. Nonetheless, we were able
to replicate earlier studies (e.g., Tamis-LeMonda et al., 2019)
by observing more speech and naming in object play than in
mealtime, as well as unique vocabularies in each activity.
Additionally, we replicated behaviors observed during lab
experiments. Chiefly, that toddlers will look at objects during
naming moments, but only in half of cases is the attended
object a potential referent (Yu et al., 2021). By measuring

behavior at both the macro- and micro-levels, we can test for
similarities in behavior across diverse contexts. When we
zoom in to the micro-level of an interaction and a single
instance of naming, we see constants. Although the events
surrounding naming may differ across routines and contexts,
the behavior itself may unfold in the same way.
An important contribution of this paper is demonstrating
that rich, long-form-style dyadic eye tracking data can be
collected from parents and toddlers at home. Currently, athome developmental research is often conducted using audio
recorders (like a LENA device), head cameras, or traditional
video recorders that are either mounted onto a tripod or
carried around by a researcher. Each of these methods has it
strengths, but none allow researchers to study the micro-level
coordination of dyadic gaze and object manipulation. And
while head cameras can contribute to our understanding of
the visual environment of young children, they do not provide
information on how children actually distribute their
attention. In addition to yielding gaze-estimation data, the
wearable eye trackers are cameras that necessarily move with
toddlers and parents from room to room, eliminating the need
for researcher presence during data collection. The eye
trackers also provide headcam data that can be used for
computer vision research and collect high-quality audio
recordings that can be used for speech analyses. Although
audio recorders and some head cameras can collect hours of
data during a single recording (e.g., LENA devices record up
to 16 hours; Bergelson, Casillas, et al., 2019), the eye trackers
we used have a battery life of 1 to 2 hours, which is similar
to the duration of many at-home studies that still require
researchers to set up the recording equipment (e.g., TamisLeMonda et al., 2019). Using wearable eye trackers allows
for a rich dataset to be collected during at-home research and
will provide major insights into how language learning
unfolds in infants’ daily lives.
Moving forward we plan to expand the FIELD dataset with
the goals of (1) better representing the demographics of our
community and (2) comparing English- and Spanishspeaking families. With continued data collection we will be
able to capture more instances of play, mealtime, book
sharing, and chores, as well as learn of other routines that
make up toddlers’ lives. We also plan on annotating our data
in additional ways, including coding parents’ gaze, the
objects being held, and properties of the participants’ fieldof-view (e.g., the size of objects, how many potential
referents are in view, and low-level features like saliency).
With FIELD, our ultimate goal is to provide the bridge that
connects at-home and in-lab research by identifying
mechanisms and learning processes.
Just as structured information in routines and behaviors
scaffolds the early learning of words, studying the patterns of
information in toddlers’ daily environments will scaffold our
understanding of the probabilistic development of language
and the bidirectional influences driving its progress.
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Abstract
Understanding abstract relations, and reasoning about various
instantiations of the same relation, is an important marker in
human cognition. Here we focus on development of
understanding for the concept of antonymy. We examined
whether four- and five-year-olds (N= 67) are able to complete
an analogy task involving antonyms, whether language cues
facilitate children’s ability to reason about the antonym
relation, and how their performance compares with that of two
vector-based computational models. We found that explicit
relation labels in the form of a relation phrase (“opposites”)
improved performance on the task for five-year-olds but not
four-year-olds. Five-year-old (but not four-year-old) children
were more accurate for adjective and verb antonyms than for
noun antonyms. Two computational models showed
substantial variability in performance across different lexical
classes, and in some cases fell short of children’s accuracy
levels. These results suggest that young children acquire a solid
understanding of the abstract relation of opposites, and can
generalize it to various instantiations across different lexical
classes. These developmental results challenge relation models
based on vector semantics, and highlight the importance of
examining performance across different parts of speech.
Keywords: analogy; relational learning;
development; computational modeling.

cognitive

Introduction
Understanding abstract semantic relations between concepts
expressed as words (e.g., synonym, antonym, category
membership), and using them to reason by analogy, is a
fundamental component of typical lexical and conceptual
development. Antonyms are a unique semantic relation: they
involve pairs of closely associated words yet differ
maximally, typically on a single bipolar dimension (e.g., hot:
cold, long : short, rich : poor, love : hate). Children are
typically taught the antonym relation as a formal concept in
elementary school, although some evidence suggests that
they begin to form an understanding of antonyms much
earlier (Phillips & Pexman, 2015). Because the acquisition of
the antonym relation seems to reflect an important milestone
in semantic development, investigating its origins and
development trajectory can help elucidate how humans learn
and represent abstract semantic relations.
Empirical research assessing children’s understanding of
the concept of opposite reflects two general methodological
approaches: discourse studies and metalinguistic studies.
Discourse studies largely center on spontaneous usage of
antonyms by children as young as age two (Tribushinina et
al., 2013). There is evidence that young children’s production

of explicit contrasts, indicative of opposites (e.g., “this car is
big and that one is small”), is strongly associated with
parents’ production of explicit contrasts. Reasoning about
contrasts may facilitate attention to the various dimensions
on which antonyms can be evaluated.
Metalinguistic studies have evaluated children’s ability to
understand and use metalinguistic vocabulary related to the
concept of opposition. Paradigms primarily involve verbal
games in which children respond to questions such as, “What
is the opposite of X?” Other studies of this type have used
free association tasks. Such studies have found that prior to
five years of age, children tend to respond with a word that is
closely associated with the stimulus word (e.g., dark-night),
whereas older children tend to respond with a word that is
semantically opposite to the stimulus (e.g., dark-light)
(Entwistle, Forsyth, & Muuss, 1964).
The verbal emphasis in metalinguistic studies might
explain why the findings suggest that the antonym relation
becomes salient to children only around five years of age.
More recent studies that have reduced the verbal component
in antonym relation tasks have found that children have an
understanding of the opposite relation somewhat earlier,
around four years of age. For example, using a non-verbal
task, Phillips and Pexman (2015) found that labeling the
objects shown, as well as providing a label for the opposite
relation, helped four- and five-year-old children identify the
antonym match of various adjectives.

Language as a facilitator of relational reasoning
Past research suggests that providing relational labels (e.g.,
“in front of”) helps children notice and manipulate relational
similarities, comparable to how labels help children learn
categories (Rattermann & Gentner, 1998). For example, in a
mapping task in which children were shown the hidden
location of an object in one situation and then had to find the
hidden location of a second object in another nearly identical
situation, only children who were provided with a label
(language condition) were successful in finding the object
(Loewenstein & Gentner, 1998). It seems likely that language
could also facilitate children’s ability to reason about the
antonym relation, perhaps by making the relation more
salient.
It therefore seems plausible that providing a label and using
relational language might support children’s understanding
of semantic relations. For example, although four-to-fiveyear-olds might not have learned the words “opposite” or
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“antonym,” providing a label to represent the relation may
make it easier for children to identify it.

Variability across parts of speech
When considering the acquisition of antonym understanding,
it is important to examine possible variability across different
lexical classes. Most studies on antonym relation learning
have focused on adjective pairs (e.g., big : small); however,
nouns dominate children’s early lexicons compared to verbs
and adjectives (Gentner, 1978, Nelson, 1973, Sandhofer &
Smith, 2007; Phillips & Pexman, 2015). These findings raise
the possibility of similar variability in how children are able
to reason about antonyms based on different parts of speech.
For example, perhaps children may show earlier success with
noun pairs instantiating antonym relation (e.g., king : queen).
However, though nouns are learned earlier than adjectives,
nouns are semantically richer because they can hold multiple
meanings and share more than one relation with other words,
which could make it more difficult for young children to
evaluate nouns as compared to adjectives. For example, to
generate the opposite of “short” (“tall”), one evaluates the
concepts on a single dimension of length (height); however,
to generate the opposite of “king,” one could produce
“queen” if evaluating based on gender, or “peasant” if
evaluating based on economic status.
It is therefore possible that reasoning about antonyms
across various parts of speech may not follow the same
developmental pattern as acquisition of individual words.
Studies assessing performance of computational models of
verbal analogy (e.g., Mikolov et al., 2013; Lu, Wu, &
Holyoak, 2019) have compared different semantic relations,
but not performance across different lexical classes within a
single semantic relation of interest. Accordingly, one of the
goals of the current study is to examine differences in both
human and model performance across three parts of speech:
adjectives, nouns, and verbs.
Although there is evidence that young children are able to
identify pairs of words that fit the antonym relation, we do
not yet know at what age they are able to solve analogy
problems using pairs of antonyms. Solving analogies
involves evaluating pairs of antonymous words based on
different dimensions; therefore, examining whether young
children can solve such problems can help assess their ability
to reason about different instantiations of the same abstract
relation.
The current work focuses on addressing the gaps in
previous research on antonym learning in children, while also
using two computational methods to further investigate how
reasoning with antonyms varies across parts of speech. The
first part of the current study focuses on children aged fourfive years. This age range is particularly important, as
previous research has demonstrated that children as young as
age three can begin to solve analogies using complex
relations (Shao & Gentner, 2018), as well as successfully
transfer what they learn in one situation to analogous
problems (Brown, Kane, & Long, 1989; Holyoak, Junn, &
Billman, 1984).

Because substantial development in language occurs
during the age range we examine, the first part of the current
study is intended to increase understanding of children’s
knowledge of the words being used, their meanings, and the
semantic relations that they share. In order to reason about
abstract relations, one must first learn the meaning of the
words being related and the nature of that relationship.
Comprehending the antonym relation involves having an
understanding of the concept of “opposite,” which makes it
possible to identify an indefinite number of instantiations of
the same abstract relation. For instance, we can understand
that “love” and “hate” are related to each other in the same
way that “rich” and “poor” are, even though we evaluate
these pairs of words on different dimensions (in this case,
emotion vs. economic status). Such variations in the
dimensions relevant to antonyms may also be a source of
difficulty for computational models of verbal analogy. For
example, both Word2vec (Mikolov et al., 2013) and Bayesian
Analogy with Relational Transformations (BART; Lu, Wu,
& Holyoak, 2019) seem to perform less well on analogy
problems based on antonyms than on problems involving
other abstract semantic relations, such as category
membership.
The second part of the present study focuses on how two
vector-based computational models, Word2vec and BART,
perform on the same dataset as that used with children. These
models are intended to model adult-level performance on
analogy tasks involving semantic relations; however,
deviations from children’s performance (particularly if
children surpass the accuracy levels of the models) may
potentially reveal limitations of the models. Examining
possible differences across parts of speech might elucidate
whether these models exhibit the same patterns of difficulty
as young children who are just beginning to learn this abstract
relation.

Children’s Performance on an
Antonym Analogy Task
In order to eliminate the constraints of a verbal task, we used
a pictorial analogy task intended to measure children’s ability
to solve analogy problems between pairs of antonyms.

Methods
Participants 30 four-year-old (M = 4.28, SD = .82) and 37
five-year-old (M = 5.51, SD = .26) children were recruited
through the Language and Cognitive Development Lab at the
University of California, Los Angeles (UCLA) either online
or through the university child database. Only children whose
parents granted formal consent participated, in accordance
with the UCLA Institutional Review Board. Data collection
was completed entirely online using Zoom.
Measures Parents completed a language survey in which
they were instructed to identify the words that their children
produce. This survey included words that were used in the
analogy task (e.g., “opposite”) in order to determine whether
the children had prior knowledge of the words used in the
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study, and whether word knowledge would be related to their
performance on the analogy task.

Figure 1: Examples of three trials on the pictorial antonym
analogy task, illustrating the three lexical classes used in the
task. A: An adjective source pair exemplifying a contrastive
relation (big : small), with a distractor pair (surprised : sad)
on the left and correct option (happy : sad) on right. B: A
noun source pair (boy : girl), with correct option (friends :
enemies) on the left and distractor pair (friends : mother) on
right. C: A verb source pair (cry : laugh), with correct
option (smile : frown) on the left and a distractor pair
(frown : hate) on right.
Materials The pictorial analogy task followed the format of
a Relational Match-to-Sample (RMTS) task (see Figure 1).
Children were allowed to simultaneously compare a source
pair exemplifying a contrast relation to a target pair also
exemplifying a contrast relation, but on a different dimension
than the source (e.g., size versus cleanliness), and a distractor
pair that did not exemplify a contrast. Thus, the relational
match between the source and target was at the abstract level
of antonym rather than at the level of a more specific
relational contrast.
The pairs corresponding to antonyms, as well as the
distractor pairs, were pictures of people, familiar animals,
and/or objects. As illustrated in Figure 1, the objects used in
the target and distractor were from the same category, which
differed from the category used for the source objects. The
contrastive relations used in the task could be expressed as
either adjectives (e.g., happy : sad :: dry : wet or tired : dry),
nouns (e.g., friends : enemies :: teacher : mother or teacher :
student), or verbs (e.g., open : close :: build : destroy or
build : stop).
Stimulus validation The antonym word pairs were sourced
from educational websites and subsequently verified on
WordBank, a database of children’s vocabulary
development. Word pairs were chosen by selecting only those

known to over 80% of 30-month-olds. In order to determine
which pairs of antonyms were appropriate to use, we
conducted a Google Form survey with adults to validate
which words are considered “opposites.” Two forms were
created, each of which included one of the words in each pair.
A set of twenty-five UCLA undergraduates were asked to
generate the antonym for each word on a list, and only pairs
with reliability over 95% were chosen for the final list.
Procedure Children received three training trials (one per
part of speech) and thirty test trials (ten per part of speech),
all within-subjects. Children were assigned to one of two
conditions (between subjects): the Label and No-Label
conditions. On each trial in the Label condition, children were
told that the animals/objects/humans depicted in the source
pair were “opposites” of each other (e.g., “This is dirty, this
is clean. Dirty and clean are opposites”) in both practice and
test trials. The words used to describe objects were either
adjectives, nouns, or verbs. In the No-Label condition,
children were not given a label for the abstract relation in any
of the trials. Instead, children were only provided with verbal
descriptions of the individual objects (e.g., “This is dirty and
this is clean”).
For each condition, we created five versions of the task to
semi-randomize which source pairs were matched with
which target/distractor pairs. Because some of the picture
pairs were repeated across trials, combinations were semirandomized so that a target pair never appeared earlier as a
source pair. For example, if a pair based on big/small was
used as the source pair in the first test trial, that pair was never
used afterward as a target pair. The part of speech was kept
consistent among the source, target, and distractor pairs for
every trial. In addition, the display position of the
target/distractor pair was randomized between trials such that
the correct pair appeared on the left side of the screen for half
of the trials and on the right side of the screen for the other
half. Children were randomly assigned to one of the five
versions within each condition.
Practice trials To begin, children were shown a source
picture showing two animals, objects, or humans depicting a
pair of antonyms (e.g., a big balloon and a small balloon; see
Figure 1). The experimenter labeled the pictures,
emphasizing the words that depicted the contrastive relation
(e.g., “This is big, this is small. Big and small”). Afterward,
simultaneously, the experimenter provided two more images
that respectively depicted either a target pair of antonyms
(e.g., a clean pig and a dirty pig) or a distractor pair of
semantically-unrelated words, one of which was kept
consistent with the antonym pair (e.g., a clean pig and a sad
pig). The experimenter always described each of the pictures,
emphasizing the key words (e.g., clean and dirty). The
participants were asked, “Which one is like this one (pointing
to the source picture)?” Children were given feedback: either
told that they were correct or told the correct answer if the
child provided an incorrect one.
Test trials The format of test trials was identical to that of
training trials, except that the children were not given any
feedback regarding their answers on each trial. The
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animals/objects/humans shown in the target/distractor
pictures were always kept consistent in color and category
(animals, objects, or humans) but were different in these
respects from the source picture. These constraints ensured
that children could not simply choose the picture that was
most similar to the source picture based on features of
individual objects.

differences across parts of speech for four-year-olds,
regardless of condition.

Behavioral Task Results
To analyze children’s accuracy in selecting the correct target,
we implemented a Bayesian logistic regression model using
the R package brms (Burkner, 2018). We tested hypotheses
by fitting a logistic regression model predicting responses on
the analogy task based on the interaction between condition
(Reference = No Label) and age (Reference = four-yearolds). This model included group-level effects of subject and
item and allowed for heterogeneity in the intercepts of the
effects of condition and age. The model also included a
grouping of the item types into three parts of speech in order
to analyze differences between problems based on nouns,
verbs, and adjectives. For the prior distributions in our model,
we used a uniform (i.e., uninformative) distribution for the
main effects and interaction coefficient, and used a t(3,0,2.5)
for the random intercepts and their standard deviation.
Specified in brms syntax, the model is:
Response ~ Condition*Age + PartofSpeech
+ (1| Subject) + (1| Item)
These analyses revealed that being in the older age group and
being given the relation label of “opposite” predicted higher
accuracy on the analogy task (b= 0.82, 95% CI [-0.05, 1.66])
(see Table 1 and Figure 2). Moreover, the pattern of results
suggested that labeling the antonym relation was particularly
effective for five-year-old children, but did not make a
difference for four-year-old children. Although previous
research indicates that four-year-olds do have some
understanding of the antonym relation when provided with a
label (Phillips & Pexman, 2015), the current findings indicate
that this abstract analogy task is too difficult for four-yearolds to solve with above-chance accuracy, even with a verbal
label for the relation. Similarly, reliable performance on other
versions of RMTS problems is not observed prior to age five
(Hochmann et al., 2017).

Figure 2: Percentage of correct responses across all parts of
speech tested in the pictorial analogy task as a function of
age (four- to five-year-olds), separately for the Label and
No-Label conditions.
In contrast, for five-year-olds, differences were found
across parts of speech. In particular, five-year-old children
performed more accurately on trials involving adjectives (M
= .751, SD = .179) than nouns (M = .627, SD = .223) (t(36) =
4.029, p < .001), and more accurately on trials involving
verbs (M = .724, SD = .032) than nouns (t(36) = 2.97, p
= .005) (see Figure 3). There were no differences between
how five-year-olds performed on adjective and verb trials
(t(36) = 1.137, p = .26). In addition, regardless of condition,
there were no differences between four- and five-year-old
children’s performance on noun trials. These results suggest
that providing five-year-olds with a label aided them on
analogy problems involving adjectives and verbs, but not
those involving nouns, for which they perform as poorly as
do younger children.

Table 1: Estimates of Posteriors for Bayesian Logistic
Regression Model

Figure 3: Mean correct responses for Label and No-Label
conditions across three lexical classes, separately for fourand five-year olds.
An item analysis revealed that there were no reliable
differences among individual items within a lexical class,
indicating that no lexical class was systematically more
challenging than others for children. Moreover, there were no

Performance of Computational Models on
Antonym Analogy Task
We implemented two computational models of verbal
analogy, Word2Vec (Mikolov et al., 2013) and BART (Lu et
al., 2019), to compare model predictions with children’s
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performance. Both models operate on vector representations
(embeddings) of individual word meanings. However, as
illustrated in Figure 4, the two models operate in different
representation spaces. Word2Vec is based on a semantic
space for individual words, in which words with similar
meanings are clustered together. In contrast, BART rerepresents word meanings in a relation space, in which each
dimension codes a specific relation. Accordingly, word pairs
instantiating similar relations are located close together in the
BART relation space. Based on their representations of the
two words in each pair, each model computes the
dissimilarity of a source word pair with a target word pair,
and selects the option with the smaller dissimilarity value as
the predicted correct response.

Simulation Results
For both models, the dissimilarity between the word pairs
was computed using cosine distance between the vectors
representing each pair. If the cosine distance between the
source pair and the target pair was less than that between the
source pair and the distractor pair, we considered that the
models had correctly answered the analogy problem. Note
that neither model (W2vec-diff and BART) is sensitive to the
presence of relation labels. Accordingly, we focus on
comparing model predictions and children’s performance in
the No-Label conditions.
BART performed most accurately on adjective antonym
pairs (.80 correct), followed by noun and verb pairs (.60
and .40, respectively (see Figure 5). Word2vec also
performed most accurately on adjective pairs (.70 correct),
followed by verbs and nouns (.60 and .50, respectively).

Figure 4: Illustration of Word2vec semantic space for
individual words, and BART relation space for word pairs.
Word embeddings produced by Word2vec (Mikolov et al.,
2013) were used to represent the meanings of each of the
words included in the test trials of the pictorial analogy task
(90 word pairs, with 180 total word embeddings). Word2vecdiff is a measure defined as the difference between the
vectors of each word in a pair: i.e., 𝑓! − 𝑓" for the word pair
A:B. The dissimilarity between two pairs is then defined by
the cosine distance between the difference vectors for the two
pairs:
𝐷#$%&'()) =𝑐𝑜𝑠 (𝑓! − 𝑓" , 𝑓* − 𝑓+ ) .
The second model, BART, is trained on a set of specific
relations, including 79 abstract relations from the SemEval2012 Task-2 dataset (Jurgens et al., 2012) and additional 56
relations in (Popov et al., 2017). For each of those relations,
BART was trained with less than 100 examples, including a
small number (10 or 20) of positive examples instantiating
this relation, and some negative examples (~70) that
instantiate other relations.
After learning explicit representations of each semantic
relation, BART encodes the specific relation between any
pair of words (A, B) using distributed representations
expressed as a relation vector 𝑅!" , in which each element
indicates the probability that this pair of input words
instantiates each of the learned relations. The relation vector
is in the size of 270 dimensions (including the 135 relations
in the training datasets and their corresponding converses).
To solve an analogy problem, the model computes
dissimilarity as the cosine distance between corresponding
relation vectors based on the two word pairs, and selects the
answer with smaller dissimilarity:
𝐷"!,- =𝑐𝑜𝑠 (𝑅!" , 𝑅*+ ) .

Figure 5: Percentage of correct responses for each part of
speech for four- and five-year-old children on the analogy
task in the No-Label condition, with the performance of two
computational models, BART and Word2vec (W2V).
Overall, both models showed variability across the different
parts of speech. Both models yielded levels of accuracy
approximating (or higher than) that of five-year-olds in the
No-Label condition for antonyms based on adjectives and
nouns; but for verb antonyms, the models (particularly
BART) fell well short of the level achieved by five-year-olds.

General Discussion
The present study applied both developmental and
computational methods to examine the solution of analogy
problems based on antonyms. Using a verbal analogy task
(with picture illustrations), we demonstrated that by age five
years—before the antonym relation is formally taught in
school—children are able to reliably solve analogies based
on antonyms, especially when the antonym relation is given
a verbal label (“opposites”).
Although we found no differences in performance across
lexical classes for four-year-olds (who performed at chance
on all three types), five-year-olds were more accurate on
analogy problems based on adjectives and verbs as compared
to nouns. These findings suggest that developmental trends
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in reasoning about the antonym relation do not coincide with
children’s lexical development, given that children tend to
acquire nouns earlier than adjectives and verbs (Nelson,
1973; Sandhofer & Smith, 2007). A possible explanation is
that nouns can be compared on a wider range of dimensions
than either adjectives or verbs, making it more difficult to
determine the basis for an antonymy relation for nouns. A
future step to address this issue would be to examine
variability in how both children and adults generate antonym
pairs across different lexical classes. Perhaps responses will
be especially variable for antonyms based on nouns.
We also compared children's performance to that of two
vector-based models of verbal analogy, Word2vec (Mikolov
et al., 2013) and BART (Lu et al., 2019), using the same set
of problems. These models are based on embeddings derived
from training on corpora of adult language; however, both
models fell short of children’s level of accuracy, particularly
for solutions to problems based on verb antonyms by fiveyear-olds. In addition, neither model is sensitive to the
provision of verbal labels for the antonym relations.
Additional computational work will be required to address
these apparent shortcomings of current models. Finally, the
present study sets the stage to study the development
trajectory of other semantic relations, such as cause-effect
and category-membership, in analogical reasoning.
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Abstract
When assessing the quality of a machine, people might
consider the machine’s outputs—how well it serves its
function. Alternatively, people might also consider the
efficiency of the machine. We investigated this possibility in
two experiments (N = 392). In each experiment, participants
saw pairs of machines, one with simple inside parts and one
with more complex inside parts. Machines either had the same
output or unknown outputs, and people judged which of the
two machines was better. When the machines had the same
output, participants in both experiments judged that machines
with simpler inside parts were better than ones with more
complex insides. However, when machines’ functions were
unknown, people predominantly judged that machines with
complex insides were better. Together, our work shows that
people consider both parts and functions of machines when
inferring quality.
Keywords: simplicity, efficiency, causal process, judgment,
cognition

Introduction
Consider two cars that perform identically. They have
identical safety ratings, mileage, braking systems, speed,
transmissions, reliability, comfort, and so on. You might
conclude that the two cars are just as good as one another.
But suppose you look under their hoods and find that one car
has complex internal workings, whereas the other has just a
few parts. Now you might conclude that the car with fewer
parts is better since it delivers the same features with fewer
parts. So, when judging which of two mechanisms is better,
we may consider efficiency—maximal output with minimal
input.
In this paper, we ask how people consider the fit between
functions and parts when assessing the quality of machines,
or how good they are. Investigating this question will extend
our knowledge of how people conceive of machines. Prior
work shows that people understand that inside parts of
machines are causally related to their functions. People infer
that if an object’s internal properties were transferred to
another object, the object’s function would also be
transferred. Additionally, people make bidirectional
inferences about similarity in objects’ parts and functions:
objects with identical internal parts are inferred to have the
same function, and objects with identical functions are
inferred to have the same parts (Sobel et al., 2007). The
complexity of an object’s function is also indicative of the
complexity of its inside parts. For instance, when shown a
machine with a simple function (makes cupcakes) and

another with a complex function (makes cupcakes and
soups), people expect that the more complex machine has
more complex parts (Ahl & Keil, 2017; also see Erb et al.,
2013). Objects are inferred to be complex if they have a
greater number of parts, diverse parts, and more connections
between parts, suggesting that people consider many cues for
complexity (Ahl et al., 2020). Most of these findings have
been demonstrated in both children and adults, though we
limited our investigation to adults.
How do people consider the fit between functions and parts
when assessing quality? As we considered with the cars, they
might think that machines with simpler insides are better than
those with complex ones. Machines with simpler insides
might be judged as better because they are seen as more
efficient. This proposal relates to the idea that people infer
that individuals are more competent if they perform tasks
more efficiently. For example, in one recent study, four- to
six-year-olds and adults watched two agents each build a
tower of blocks (Leonard et al., 2019). Each agent built a
tower that was depicted in a picture located near them: one
made from ten cubes and the other made from two long
blocks. Crucially, the agents finished building their towers in
the same amount of time, and tower height was identical.
Adults reported that the agent who built the ten-block tower
was better than the agent who built the two-block tower,
suggesting that people make evaluations based on the
efficiency of processes.
Previous research has also found that people often prefer
fewer components when judging causal mechanisms and
explanations. For instance, if a woman was experiencing
exhaustion, weight gain, and upset stomach, people prefer the
explanation that she is pregnant, over an alternative
explanation that she has mononucleosis, a virus, and lacks
exercise (Lombrozo, 2007; Read & Marcus-Newhall, 1993).
So, people prefer fewer and simpler causes when determining
the origins of complex outcomes.
Another possibility is that people make the reverse
judgment. More internal parts, or more complex internal
parts, could be a marker of greater quality. This possibility is
broadly consistent with previous work indicating that people
associate complex inner parts with complex functions (e.g.,
Ahl & Keil, 2017; Ahl et al., 2020). One final possibility is
that people might primarily focus on the output of a machine,
irrespective of its parts. They might care about the functions
it performs and how well it performs them, and not about
whether the underlying mechanism is complex or simple. In
the cars example, people might consider the cars to be the
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same quality since they assess quality depending on the cars’
function and not on its parts. However, people often consider
an object’s inside parts as indicative of its category (Gelman
& Wellman, 1991; Keil, 1989) and capacity (Gelman &
Kremer, 1991), so it may be unlikely for people to not
consider inside parts when making these evaluative
judgments.
Taken together, if people are sensitive to inside parts when
judging between two machines with identical functions, they
may consider the machine with simpler insides to be better
than the one with complex insides, as it has a more efficient
design. However, without knowing the machines have
identical functions, people may instead judge that the
machine with complex insides is better, as they may assume
it has more complex functions (Ahl & Keil, 2017).
We examined this question across two experiments. In
both, participants judged which of two machines was
better—one with simple inside parts or one with complex
inside parts. We manipulated complexity in two ways:
number of circuits versus number of parts on a single circuit.
We had no a priori predictions about how these different
indicators of complexity would impact judgments and our
analyses of this variable were purely exploratory.

Experiment 1
Materials and data for both experiments are available online
here.

Methods
Participants We tested 196 adults (Mage = 37.56, range = 1973, 69 female; 125 male; 2 other). Data were excluded from
an additional 34 participants who failed at least one of the
three post-test comprehension checks. Participants in both
experiments were recruited from CloudResearch

(http://www.cloudresearch.com/). They were located
throughout the United States and had a HIT rate above 95%.
Procedure Participants completed four trials, where they
saw pairs of machines (inspired by Ahl & Keil, 2017; see
Figure 1a). In each pair, there was a machine with only a few
components (‘simple’) and one with many components
(‘complex’). For two trials, machines differed in complexity
based on the number of circuits (‘number’ trials). In the other
two trials, machines differed by the number of parts and
wiring in each circuit (‘wiring’ trials). The distinction
between these trials was not described to participants in each
experiment.
The function of the machines was manipulated betweensubjects. In the Same Output condition, participants were told
that the machines made identical objects, like cupcakes,
beach balls, hamburgers, and teddy bears. In the Unknown
Output condition, participants were only told that the
machines made things, and were not shown the machines’
output. Participants rated which machine was better on a
scale from 1 (definitely this [left] machine) to 7 (definitely
this [right] machine).
The four trials were randomized for each participant. The
location of the simple machine in each pair was
counterbalanced in the number and wiring trials. After the
test trials, participants completed three comprehension
checks.
The first comprehension question asked participants to
identify the judgments they made: which machine was better,
was broken, is the smartest, or is familiar. The second
question asked which of four machines was not shown. The
third question showed a sample circuit and asked whether it
was part of a machine or what the machine made. The order
of the options was randomized. Participants were excluded if
they failed to answer one of the test questions, or incorrectly
answered at least one post-test comprehension check.

Figure 1. A) Number and wiring trials from Experiment 1 in the Same Function Condition. B) Results from
Experiment 1. Error bars represent ± 1 standard error.
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Results
In both experiments, responses were coded from 1 (definitely
complex machine) to 7 (definitely simple machine). Data
were analyzed using linear generalized estimating equation
models (GEE; independent correlation matrix), with
condition and trial type as predictors (see Figure 1b). There
was a main effect of condition, as participants were more
likely to choose the simple machines in the Same Output
condition (M = 4.44; SD = 1.84) than the Unknown Output
condition (M = 3.81; SD = 1.93), Wald χ2 (1) = 8.23, p = .004.
There was also a main effect of trial type, as participants
chose the simple machines more in wiring trials (M = 4.38;
SD = 1.91) than number trials (M = 3.96; SD = 1.89), Wald
χ2 (1) = 18.63, p < .001. There was a significant condition by
trial interaction, Wald χ2 (1) = 11.12, p < .001.
This interaction resulted because participants in the
Unknown Output condition were more likely to select the
simple machine in wiring trials than number trials, Wald χ2
(1) = 20.06, p < .001. However, in the Same Output
condition, there was no significant difference in trial type,
Wald χ2 (1) = 0.89, p = .345. For number trials, those in the
Same Output condition chose the simple machine more than
those in the Unknown Output condition, Wald χ2 (1) = 16.51,
p < .001, while there was no significant difference of
condition for wiring trials, Wald χ2 (1) = 1.24, p = .265.
Single-sample tests using intercept-only GEEs revealed
that judgments significantly differed from chance, all ps <
.001. The simple machine was chosen significantly above
chance for all trials, except the complex machine was favored
in the number trial when the function was unknown.

Discussion
Across both trial types, simple machines were rated as better
than complex ones (with the exception of the Unknown
function number trial). This judgment may have emerged in
the Same Output condition since simple machines were seen
as more efficient than complex ones—they produced the
same output with fewer parts. However, in the Unknown
Output condition, when machines’ functions were not known
to be the same, it was impossible to judge one machine as
more efficient than the other. Instead, participants could only
judge the machines based on their internal parts. We might
have expected participants in this condition to select the
complex machine as better, as people infer machines with
complex insides to have more complex functions (Ahl &
Keil, 2017). Nonetheless, complex machines were only
preferred in the number trials, but not wiring trials where
instead the simple machine was preferred.
In Experiment 2, we sought to address some limitations
from this experiment by modifying the procedure. First, we
introduced a cover story so that the comparison of machines’
quality was more natural. Second, to ensure participants
considered the output of the machines to be identical in the
Same Output condition, we also emphasized that the
machines had the same performance. So, participants were
told that the machines made the same products at the exact
same speed. Finally, in the first experiment, machines in the

number trials only differed by the number of circuits, while
machines in the wiring trials differed by the number and the
diversity of parts. This inconsistency may have been what
caused a stronger simplicity preference in the wiring trials, as
there were two internal complexity cues. In the next
experiment, we better controlled the complexity
manipulation by ensuring that there was only one cue for
complexity for each trial type.

Experiment 2
Methods
Participants We tested 196 adults (Mage = 38.05, range = 2069, 87 female; 107 male; 2 other). Data were excluded from
an additional 34 participants who failed at least one of the
three post-test comprehension checks.
Procedure To introduce the task, participants saw a blue
machine from the ‘blue company’, and an orange one from
the ‘orange company’ (see Figure 2a). Participants read that
they were going to see the inside parts that make the
machines go. Similar to Experiment 1, participants saw four
pairs of machines and rated which was better on a seven-point
scale. Two pairs were number trials where machines differed
by the number of circuits, as in Experiment 1. The other two
pairs were wiring trials, where machines differed by the
number of wired connections within a circuit. The four trials
were randomized for each participant, and the location of the
simple machine in each pair was counterbalanced.
Participants again rated which machine was better on a 7point scale. After, participants completed similar
comprehension checks as in the previous experiment.
Test trials differed from Experiment 1 in a few ways. The
color of the machines pertained to the company color
introduced in the cover story. In the Same Output condition,
the machines were described as making the exact same items
(e.g., pens, chocolate bars, toothpaste, or pinwheels), and as
making them at the exact same speed. Lastly, the circuitry in
the wiring trials were made to only differ by one cue, number.
Diversity of parts was not examined in this experiment.

Results
There was a main effect of condition, as participants were
more likely to choose the simple machines in the Same
Output condition (M = 4.93; SD = 1.77) than the Unknown
Output condition (M = 3.34; SD = 1.76), Wald χ2 (1) = 47.46,
p < .001. There was also a main effect of trial type, as
participants chose the simple machines more in the wiring
trials (M = 4.30; SD = 1.85) than number trials (M = 4.09; SD
= 2.00), Wald χ2 (1) = 8.60, p = .003. There was a significant
condition by trial interaction, Wald χ2 (1) = 4.46, p = .035
(see Figure 2b).
This interaction resulted because participants in the
Unknown Output condition were more likely to select the
simple machine in wiring trials than number trials, Wald χ2
(1) = 8.80, p = .003. However, there was no significant
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Figure 2. A) Number and wiring trials from Experiment 2 in the Same Function Condition. B) Results from
Experiment 2. Error bars represent ± 1 standard error.
difference in trial type in the Same Output condition, Wald χ2
(1) = 0.61, p = .435. For both number and wiring trials, those
in the Same Output condition chose the simple machine more
than those in the Unknown Output condition, ps < .001.
Single-sample tests using intercept-only GEEs revealed
that participants in the Same Output condition chose the
simple machine significantly above chance for both trial
types, both ps < .001. However, participants in the Unknown
Output condition chose the complex machine significantly
below chance for both trial types, both ps < .001.

Discussion
Simple machines were preferred over complex ones when
machines had equal function and speed. However, complex
machines were preferred when the function and speed were
unknown. We consider explanations for this response pattern
below.

General Discussion
Across two experiments, we found that people are sensitive
to inside parts when judging the quality of machines. People
judged that machines with simpler insides were better than
ones with more complex insides when machines had identical
functions. However, people’s choices were mixed when the
functions of machines were unknown, though they
predominantly thought that machines with complex parts
were better. Our findings show that people consider both the

inside parts and functions of machines when assessing
quality.
This research contributes to our knowledge on the types of
judgments people make about inside parts. Past work found
that people expect functions and parts of machines to match
in complexity (Ahl & Keil, 2017), and that objects with
identical functions likely have the same parts (Sobel et al.,
2007). Based on this work, we knew that people could infer
a machine’s parts based on its function, and vice versa. Our
work extends these findings by showing that people can also
compare machines based on the fit between machines’
functions and parts. Comparing machines in this way can lead
people to make evaluative judgments, such as which machine
is better.
Some previous work has found that people consider the
efficiency of objects when making various judgments. In one
study, three- to four-year-olds and adults explored objects
that performed the same function (Keleman et al., 2012). One
tool had few parts whereas the other had extra features not
necessary for performing the function. For example, two
tools could be used to hang rings on a hook, though the more
complex tool had extra ridges and attachments. Participants
judged that tools with fewer parts were made for the specific
function, and would more easily perform the function. The
extra parts on the other tools suggested that they might have
alternate functions and are more difficult to use. This work
shows that people find objects with fewer parts to be better
suited to fulfill particular functions. However, one critical
difference between this experiment and ours is that
participants in the earlier study actually used the objects, and
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knowledge gained from this experience could have
contributed to their judgments. Our work provides additional
evidence of people’s reasoning about efficient objects, as
people came to assess machines’ quality without physically
exploring their parts and functions.
People’s preference for simpler parts is reminiscent of
findings from another area of research—people’s
assessments of explanations. Research in this area has shown
that people find simpler explanations more satisfying than
complex ones when explaining the same phenomena
(Lombrozo, 2007; 2016), and this preference for simpler
explanations is even evident in young children (Bonawitz &
Lombrozo, 2012). Our findings reveal that people’s
preference for simpler parts also emerges when evaluating
causal mechanisms.
We were interested in exploring whether type of
complexity impacted people’s assessments of quality, as
complexity can be realized in many ways. In Experiment 1,
people judged the simple machine as better more strongly in
wiring trials than number trials. This may be due to how
complexity was realized in each of these conditions. Number
trials only differed in the number of circuits, though wiring
trials differed by the number and diversity of parts. So,
judgments may have been stronger in these trials due to there
being two cues for complexity. However, a trial effect still
emerged in Experiment 2, when we more closely controlled
for complexity. In both trials, machines only differed by the
number of circuits or connections, and not by diversity of
parts. People judged the simple machine as better more
strongly in wiring than number trials. Our work provides
preliminary evidence that simplicity preferences persist
across types of complexity. Future work could more closely
examine different types of complexity, such as those
identified in previous work (Ahl et al., 2020).
People may not always judge machines with simple parts
as better than ones with complex parts. Recent work has
found that people have a complexity-matching preference
when evaluating explanations (Lim & Oppenheimer, 2020).
People rated simple explanations as more satisfying when
evaluating explanations for simple phenomena, but rated
complex explanations as more satisfying for complex
phenomena. This finding suggests that people believe a
satisfying explanation should be as complex as the
phenomenon itself. A complexity-matching preference may
also be apparent when assessing the quality of machines, as
in our study. Although people assessed machines with simple
parts as better than machines with complex parts, people may
hold the opposite judgment when outputs vary in complexity.
For instance, when comparing two machines that have
complex outputs, people may judge the machine with
complex inside parts to be better than the one with simpler
inside parts.
Future work could examine the existence of a complexitymatching preference when judging causal processes. One
approach might be to manipulate the complexity of
machines’ inside parts and their outputs. If people have a
complexity-matching preference, they would judge complex

machines as better when comparing machines with complex
outputs, and simple machines as better when comparing
machines with simple outputs. This would suggest an
exception to people’s inference that efficient machines are
better. Indeed, if a complex machine had suspiciously few
parts, people may be skeptical that the machine actually
performs the function equally well as a machine with many
parts. Alternatively, if people do not have a complexitymatching preference, such that they prefer machines with
simple inside parts irrespective of the complexity of the
outcome, this would support the notion that people prefer
simple and efficient causal processes.
One factor that may have influenced the judgments in our
task is the decision context. People evaluated the quality of
machines by comparing their inside parts, but their
evaluations may differ when machines are judged on their
own. People’s evaluations of two options differ when they
are jointly considered versus when they are each considered
on their own (e.g., Hsee, 1996). Participants in our
experiments may have rated the machines equally if they
judged their quality separately. This possibility needs to be
explored with future work, but could suggest that qualitative
assessments based on efficiency are best made in
comparative contexts.
One concern is that judging machines based on which was
‘better’ is vague. Participants may have been confused about
whether they should consider design efficiency, or other
things such as which machine made better objects, was
newer, was easier to operate, etc. However, in everyday
speech, people often ask for general judgements about quality
that do not point to specific evaluative features. For example,
people can easily judge which of two songs is better, without
needing further description of whether ‘better’ refers to
personal preference, originality, significance, popularity, or
legacy.
Future work could examine other kinds of judgments that
could be made by comparing machines, other than quality.
For example, people may infer that someone who designed a
machine with simpler parts is smarter than someone who
designed a machine with an identical function but more
complex parts. Past work has shown that people use artifacts
to make inferences about those who created them (Hurwitz et
al., 2019; Pesowski et al., 2020). For instance, when two
characters build the same design, people were more likely to
see this as evidence of copying when the designs were
inefficient than efficient (Schachner et al., 2018). Designs
may also suggest how creative or intelligent the designer is
(Gosling, 2008). Similarly, people may infer that efficient
machines are more valuable than inefficient ones (Gelman &
Echelbarger, 2019).
To determine when people begin to consider efficient
machines as better quality than inefficient ones, future work
could examine a younger population. Children from as young
as four years may begin to evaluate machines based on their
efficiency, given that they consider complexity in other kinds
of inferences (Ahl & Keil, 2017; Sobel et al., 2007). Fouryear-olds have adult-like inferences about efficient objects’
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functions and ease of which they perform those functions
(Keleman et al., 2012). Preschoolers also infer that an agent
is more competent when they finish a complex task at the
same speed as another agent with an easier task (Leonard et
al., 2019). Altogether, the capacity to compare processes
from the parts and outcomes may emerge early in
development.
In conclusion, people consider the fit of machines’ parts
and functions when making assessments of their quality.
Efficient machines were inferred to be better than inefficient
ones, suggesting that people know that extra parts are
suboptimal. When the efficiency of machines cannot be
compared because their functions are unknown, complex
machines are rated as better, possibly because they are
inferred to have more complex functions.
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Abstract
We explore the impact of speaker identity on the interpretation
of number words in a T(ruth)-V(alue) J(udgment) task –
a paradigm in which respondents assess whether a given
description appropriately represents a given body of facts. We
find that imprecise statements from speakers socially expected
to be less precise – i.e. “Chill” ones – are rejected at a higher
rate, and thus held to more stringent evaluation standards, than
those from speakers socially expected to speak more precisely
– i.e. “Nerdy” ones, and especially so when participants do
not identify with the speaker’s properties. This shows that TVJ
assessments are impacted by respondents’ social perception of
the speaker; but that they are affected by social considerations
in a different way from other experimental tasks similarly
tapping into meaning interpretation, suggesting a nuanced
interplay between social information and pragmatic reasoning.
Keywords:
pragmatics; social meaning;
judgment-tasks; interpretation; personae

truth-value

Introduction
Work in psycho- and sociolinguistics demonstrated that comprehenders track social information about the interlocutor
when parsing linguistic input. Much of this work focused
on how phonetic processing is affected by macro-sociological
attributes of the speaker, including their location of origin,
gender, or race (Niedzielski 1999; Babel 2012; Drager 2015;
Sumner 2014; Wade 2022, i.a.), as well as by information
about more specific “types” of people, or personae, salient
in discourse (see D’Onofrio 2020 for an overview).1 For example, comprehenders primed with social types such as “Valley Girl” displayed different perceptions of vowel boundaries
than listeners primed with other types (D’Onofrio 2018); similar effects of persona have been unveiled in connection with
other aspects of speech processing, e.g., judgments of foreign
accentedness (D’Onofrio 2019).
Much less investigated, however, is the question of how
comprehenders’ perception of the speaker’s identity interacts
with how they compute the meaning of a linguistic utterance.
While research in psycholinguistics extensively explored how
comprehenders reason about contextual information to interpret linguistic expressions (among many others: Tanenhaus
1 The category of persona has received extensive attention in sociolinguistics and linguistic anthropology, independent of its implications on language processing. See Irvine (2001); Agha (2005);
Coupland (2007); Eckert (2008), Podesva (2011); Kiesling (2016)
for foundational work in the area.

et al. 1995; Heller, Grodner & Tanenhaus 2008; Bott, Bailey
& Grodner 2012; Schwarz 2019), this work by-and-large operated within gricean and neo-gricean frameworks, in which
interlocutors are treated as homogeneous rational agents, and
their distinctive social profiles is excluded from the array of
factors that are normally taken to shape meaning computation
and pragmatic reasoning – e.g., speakers’ intentions; conversational maxims; previous discourse; world knowledge
(Grice 1975; Roberts 2012). However, the separation between social considerations and meaning interpretation has
been called into question by work that highlighted the relevance of social factors to pragmatic reasoning, with an emphasis on politeness considerations. For example, quantifiers
such as some are interpreted as lacking an upper-boundary
– i.e., as meaning “some and possibly all” – in contexts in
which listeners assume that the speaker is using them to be
tactful towards the listener – e.g., in an utterance like “Some
people hated your speech” (Bonnefon and Villejoubert 2006;
Bonnefon et al. 2009; Mazzarella et al. 2018 i.a.).2 In a similar vein, other social dimensions – e.g., speakers’ political
orientation (Mahler 2020) and linguistic nativeness (Fairchild
& Papafragou 2018) – have been suggested to affect meaning resolution. Taken together, and coupled with the insights
from the sociolinguistic literature, these findings call for a
more systematic investigation of how comprehenders reason
about the speaker’s identity when interpreting meaning, suggesting that there would be much to gain from a deeper understanding of this process.
In this paper, we address this issue by asking how comprehenders’ perception of the speaker persona affects the way
in which they assess the aptness of a description to represent a particular body of facts. Assessments of this sort are
central to semantic interpretation, whose ultimate goal is to
verify whether a given description correctly represents a particular state of affairs; in fact, they represent the core behavioral measure adopted in Truth Value Judgment (henceforth,
TVJ) tasks (Crain & McKee 1985) – a paradigm extensively
used to track the outcome of comprehenders’ interpretation in
studies of meaning processing (Noveck, 2001; Papafragou &
Musolino 2003; Bott & Noveck, 2004). For example, comprehenders’ acceptance of sentences such as “some giraffes
2 See also Brown and Levinson (1987); Terkourafi (2021) for theoretical implementations of politeness in pragmatic models.
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have long necks” (Noveck 2001) has been taken to reveal that
they interpreted quantifier some as lacking an upper-boundary
(i.e. “some, and possibly all”). While recent work began to
explore how respondents reason about the discourse situation
and their relation to it to make these assessments (Sikos, Kim
and Grodner 2019; Waldon & Degen 2020; Scontras & Pearl
2021), still largely uncharted is the role of social information
in determining their outcome.
As a window into this question, we focus on (im)precision
resolution, a processing challenge comprehenders need to
navigate when parsing numerical and quantity expressions.
For instance, an utterance such as “the price is $200” can
be assigned different interpretations – ranging from a maximally strict one (“exactly $200”) to looser, more inclusive
ones (e.g., “$195-205”, “$190-210”) – depending on the
threshold of precision that interlocutors deem to be appropriate in the context (Lasersohn 1999)3 . Imprecision resolution emerges as an especially suitable testbed for our purposes: it requires comprehenders to reason about different
elements of the discourse context to arrive at an interpretation (Van der Henst et al. 2002; Cummins et al. 2012; Solt
et al. 2017; Aparicio 2017); and this reasoning has recently
been shown to be impacted by information about the speaker
identity as well. In particular, Beltrama & Schwarz (2021,
2022) showed that respondents were more inclined to accept
a slightly mismatching number as the referent of a numeral
when the speaker embodied a “Chill” persona, socially expected to speak loosely, as opposed to a “Nerdy” persona,
socially expected to speak more precisely; and that this effect was particularly pronounced for respondents who did not
identify with the speaker persona. Evidence supporting these
claims was based on participants’ indirect judgments about
whether a certain fact could retroactively be accommodated
as the referent of a numeral. Specifically, in a picture selection paradigm called the COVERED SCREEN TASK4 , participants were presented with a numeral utterance (e.g., “The
cost is $200”) and a picture of a screen showing a slightly
mismatching number (“$212”; VISIBLE choice), and were
instructed to select this picture if they thought it fit the content of the utterance, indicating an imprecise interpretation;
as an alternative, they could select a screen turned face down
(COVERED choice), indicating a rejection of the mismatching
number, and thus a more precise interpretation.
These findings raise an important question: does the perception of speaker persona similarly affect numeral interpretation when comprehenders are directly asked to determine
the descriptive appropriateness of an utterance, as in a TVJ
task? Besides allowing for a cross-paradigm validation of
Beltrama & Schwarz findings and a deeper understanding of
3 See Lewis (1979), Pinkal (1995), Lasersohn (1999), Krifka
(2007), Syrett (2009), Solt (2014), Klecha (2018), Beltrama &
Hanink (2019), Beltrama (2021) for further work discussing imprecision across a variety of linguistic phenomena
4 The task was a variant of the “Covered Box Paradigm” used in
experimental studies on meaning. See in particular Huang, Spelke
& Snedeker 2013

how comprehenders reason about the speaker persona when
interpreting an utterance, addressing this question would provide the opportunity of exploring TVJs’ sensitivity to social
information – shedding light on a broader methodological issue central to experimental studies on meaning. To this end,
we repurpose Beltrama & Schwarz’s (2022) original setup
to a TVJ paradigm. If participants’ assessments are shaped
by these factors in a parallel way to the judgments collected
in the original study, we hypothesize that imprecise descriptions produced by Nerdy speakers should be interpreted more
strictly, and hence accepted as appropriate less often than imprecise descriptions uttered by Chill speakers, especially for
participants who do not identify with the speaker persona.

Methods
Participants 196 participants were recruited on Prolific
and paid $2 for participation. The study was implemented and
administered online on the PC Ibex platform (see Schwarz &
Zehr 2021 for details).5
Materials and procedure Following Beltrama & Schwarz
(2021, 2022), we created dialogues in which one character asked a question and the other provided a numeral utterance in response, after checking their phone. Following the dialogue, participants were shown the image of the
phone screen showing a number, and were told that it was the
phone the speaker was looking at in the picture. Two factors were crossed in a 2x3 design: Speaker Persona and
Match. Speaker Persona, implemented between subjects,
manipulated the persona embodied by the speaker, with levels Nerdy (expected to speak precisely) and Chill (expected
to speak more loosely). The social perception of these characters, as well as the expectations that they would elicit with
respect to precision, was independently normed in a previous
norming study (see Beltrama & Schwarz 2022 for details).

Figure 1: Nerdy characters

Figure 2: Chill characters

The Match factor manipulated how closely the uttered numeral (e.g., $200, see Fig. 1-2) and the number on the phone

2539

5 https://farm.pcibex.net

• Similarity Question: To what extent do you see yourself
in the stereotypical traits of these characters?
The Precision Expectation Question was included to confirm
the assumption that Nerdy speakers should be expected to
speak more precisely than Chill speakers. The Similarity
Question was included to obtain an independent variable enabling us to test how the effect of Persona on participants’
binary choices is modulated by comprehenders’ own orientation towards these personae (see H2 below).

Hypotheses
Figure 3: Filler item
matched, with 3 levels: Match, in which the displayed number is the same ($200.00); Mismatch, in which the displayed
number widely differs ($650.12); or Imprecise, in which the
displayed number differs only slightly ($212.12).
24 items were counterbalanced across 4 lists, each with 6
items in Match and Mismatch, and 12 in Imprecise. In the Imprecise condition, the divergence between the uttered number
and the one shown on the screen was comprised between 5%
and 19%, with the range counterbalanced across items. The
experimental items included numerals describing times (8),
costs (8) and distances (8). 24 fillers were also included, in
which participants saw characters embodying a third type of
persona looking at their phone and producing utterances containing quantifiers some and all. The fillers were presented in
alternation with the experimental items, such that participants
never saw two occurrences of either type of item in a row. An
example of a filler item is provided below.
At the end of each trial, participants were asked to assess
whether, given the number shown on the phone, the utterance
provided by the speaker provided an appropriate description
of the current facts, with Right or Wrong as possible choices
(TVJ Question). Figure 4 shows an example of a full trial.

Figure 4: Full trial (Persona: Nerdy; Match: Imprecise)
An exit survey asked participants to answer to two further
questions about the character on a 1 to 10 Likert scale.
• Precision Expectation Question: How precisely do you
expect the character to speak?

If participants’ behavior in the TVJ task is affected by the
experimental manipulations in a parallel way to the picture
selection judgments from Beltrama & Schwarz (2021) study,
we hypothesize the following:
• H1: Imprecise descriptions produced by Nerdy speakers
should be interpreted more strictly than those uttered by
Chill speakers, leading to higher rates of rejections in the
Imprecise condition for Nerdy than Chill speakers.
• H2: The persona effect hypothesized in H1 should be especially prominent for participants who do not identify with
the speaker persona – i.e., we should observe an inverse
correlation between the difference in rejections rates associated with Chill vs. Nerdy speakers and the rating provided in response to the Similarity Question.

Results
As a first step, we verified the basic assumption linking participants’ social personae and expectations of precision. Nerdy
speakers were ascribed higher rates than Chill ones in the
Precision Expectation Question (Nerdy: M=5.24; sd=2.30;
Chill: M=4.20; sd=2.03); the difference was confirmed to be
significant in a two-tailed t-test (t(187)=3.24; p <0.001), suggesting that the assumption was met.
We then proceeded to consider participants’ responses to
the TVJ Question. Figure 5 shows the proportion of rejections (utterances labeled as “wrong”) by Match and Persona,
the two manipulations in the experiment, suggesting the following descriptive pattern: the overall rate of rejections is at
floor and ceiling for the Match (1%) and MisMatch (99%)
conditions respectively, and patterns in between for Imprecise (59%); furthermore, the proportion of rejections in the
Imprecise condition is higher for Chill (65%) speakers than
for Nerdy (54%) ones.
A mixed-effects logistic regression with Match and Persona (ref: Chill; Imprecise) as fixed effects and random intercepts for items and participants support these observations.
Across personae, rates of rejections in the Imprecise condition were significantly higher than those in the Match condition (β = 10.05; SE = 0.73; p < 0.001) and lower than those
in the MisMatch condition (β = -6.74; SE = 0.46; p<.001).6
6 The analysis was carried out with the lmerTest package in R.
Coefficients and p values were obtained via the“emmeans” R package.
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Chill) and Similarity (continuous, ref = 1) as predictors, and
random intercepts for items and participants. We found an
effect of Persona at low levels of participant-speaker similarity, with a higher rate of rejections for Chill speakers (β =
3.17; SE = 1.29; p <0.05); and a simple effect of Similarity,
with rejections for Chill speakers decreasing as similarity increases (β = 0.45; SE= 0.17; p < 0.001). Responses for Nerdy
speakers were not affected by Similarity (β = 0.03; SE = 0.17;
p = 0.81). As a result of rejections for Chill speakers decreasing as similarity increases, the difference between Chill
and Nerd is neutralized at high degrees of Similarity, with
the interaction between Similarity and Persona approaching
significance (β = 0.42; SE = 0.22; p = 0.08).

Discussion

Figure 5: Rejections by Match and Persona
Moreover, a simple effect of Persona was found in the Imprecise condition, with rejections higher for Chill than for Nerdy
speakers (β = 1.03; SE = 0.47; p <.05); no Persona effect was
found for the MisMatch (β = 0.91; SE =0.98; p = 0.35) or the
Match condition (β = 0.10; SE = 1.39; p = 0.93).
To zero in on how the Persona effect is modulated by participants’ own identification with the characters, we now focus on data from the Imprecise condition only. Figure 6
shows participants’ choices by their self-ascribed degree of
similarity to the speaker, corresponding to their response to
the Similarity Question. The plot suggests that Chill speakers received higher rates of rejections at a lower degrees of
similarity, while Nerdy speakers receive consistent responses
across degrees of similarity.

Figure 6: rejections by Persona and respondent-speaker similarity (Imprecise condition only)
We tested the pattern with a second ME regression on TVJ
choices in the Imprecise condition data, with Persona (ref =

Two patterns emerge from our findings. First, comprehenders are more strict in judging descriptions uttered by speakers that they expect to speak less precisely, as suggested
by the higher rate of rejections for Chill speakers than for
Nerdy ones. This result suggests the reverse pattern of Hypothesis 1, which predicted that Nerdy speakers’ utterances
should have been judged more strictly than Chill speakers’
ones. Second, respondents are especially uncharitable towards Chill speakers when they perceive themselves as dissimilar from them, as suggested by the higher rate of rejections attributed to Chill speakers by participants who do not
identify with the speaker persona. This provides partial support to Hypothesis 2, which predicted that the Persona effect
should be especially prominent for comprehenders who see
themselves as different from the speaker: an effect of participants’ self-identification with the speaker is indeed observed
on responses to Chill speakers, but not to Nerdy ones.
Taken together, these results suggest that considerations
about the persona embodied by the speaker and respondents’
orientation towards it shape the outcome of the Truth Value
Judgment task: a widely used paradigm in the study of meaning, whose sensitivity to comprehenders’ social perception of
the speaker remains largely unexplored. We take these observations to carry important theoretical and methodological
implications for the study of meaning and language processing. Before considering them, however, it is important to first
address a puzzle raised by our findings: why is the effect of
persona on comprehenders’ behavior in our study the opposite of the one observed in Beltrama & Schwarz COVERED
SCREEN setup, in which participants rejected imprecise descriptions made by Nerdy speakers more often?
We propose that these different patterns of results can be illuminated by considering the distinct epistemic implications
linked to rejecting a description across the two paradigms.
In Beltrama & Schwarz (2021, 2022) task, rejecting the imprecise display and selecting the COVERED option is inconsequential in terms of speaker evaluation: it simply indicates
that comprehenders believed that the utterance had been made
in the presence of a more closely fitting state of affairs than
the one shown in the VISIBLE display – a determination still
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compatible with taking the speaker to be cooperative, truthful, and overall conversationally competent. By contrast, a
rejection in a TVJ task is crucially prejudicial: it commits the
respondent to implying that the speaker is at fault for untruthful behavior– that is, that they are using language improperly,
and that they’re therefore violating the assumption of cooperativeness that normally underlies conversational exchanges
(Grice 1975). Accordingly, higher WRONG response rates for
Chill speakers can be explained by positing that their stereotypical representation as imprecise language users made them
more prone than Nerds to being seen as guilty of violating
conversational norms, leading respondents to be less charitable, hence more punitive, towards them. At the same time,
because Chill speakers’ descriptions are actually expected to
be less precise, they remain (in principle) more likely to be
accepted in the presence of a slight mismatch between language and facts in a task where rejection doesn’t entail an ascription of untruthfulness – as in Beltrama & Schwarz (2021,
2022). The same line of reasoning allows us to capture the
observation that responses to Chill speakers’ utterances, but
not to Nerdy ones’, were affected by participants’ degree of
self-identification with the speaker. If higher rates of rejections attributed to Chill speakers are indeed driven by a negative perception of this persona as prone to violating truthfulness, one could predict that the endorsement of this stereotype should be especially strong for people who do not see
themselves as directly targeted by it, leading to uncharitable
behavior in the responses; and should be weaker, and possibly
absent, for people who instead do see themselves as directly
involved with it, leading to a more lenient response behavior on their part. This is indeed what we observe: rates of
rejections for Chill decrease as the self-perceived similarity
between the respondent and the speaker increases, with the
difference between Chill and Nerdy speakers eventually disappearing for participants who maximally identify with the
Chill persona. On this view, the observed pattern aligns with
the more general observation that negative stereotypes about
a particular social group are more likely to affect language
processing for comprehenders who do not see themselves as
part of that group, as suggested by findings from studies on
phonetic processing (Niedzielski 1999; Wade 2022 i.a.).
On a broad level, these results enrich our understanding
of how social information shapes language processing. As
summarized in the Introduction, a growing number of studies in sociolinguistics showed that listeners’ speech perception of linguistic input, particularly at the phonetic level, is
affected by speakers’ demographic features (e.g., Niedzielski 1999; Babel 2012; Drager 2015; Wade 2022), as well
as by the social personae they embody in the discourse context (D’Onofrio 2015; 2018; 2020). Our findings broaden
the scope of such endeavors by highlighting personae as a
source of contextual information shaping meaning resolution
and pragmatic reasoning – a domain of language processing that has been generally taken to be independent of interlocutors’ social profile. Specifically, we have shown that

comprehenders reason about the social type embodied by
the speaker to compute context-sensitive parameters – e.g.,
the (im)precision threshold – that are central to determining
whether a particular description adequately represents a state
of affairs – a crucial evaluation that interlocutors must make
whenever interpreting a meaning of a sentence. We take this
conclusion to carry more specific ramifications for the study
of meaning – both theoretically and methodologically.
On a theoretical level, our approach provides the opportunity of developing a novel, socially integrative perspective
on meaning-related phenomena such as (im)precision and the
use of quantity expressions. On this view, our findings connect with an emergent body of work at the intersection of semantics, pragmatics and sociolinguistics which demonstrated
that comprehenders can infer social information about speakers by reasoning about linguist forms’ semantic and pragmatic properties (Acton & Potts 2014; Acton 2019; Glass
2015; Beltrama 2018; Beltrama & Staum Casasanto 2022;
Beltrama, Solt & Burnett 2022; Thomas 2021; Jeong 2021;
Hunt & Acton 2022; see Beltrama 2020 for an overview).
Combined with Beltrama & Schwarz (2021, 2022), our results crucially enrich this outlook by showing that interlocutors’ ability to compute the meaning conveyed by a linguistic
form cannot be divorced from interlocutors’ ability to associate the use of this form with specific, socially recognizable
categories of speakers. The emerging picture is one in which
processes of person perception and meaning interpretation are
bi-directional: social information about the speaker identity,
including the persona that they embody, is inferrable from the
semantic and pragmatic properties of an utterances, and conversely shapes how interlocutors compute the message conveyed by the utterance. It follows that phenomena such as
(im)precision are best framed within a socially informed approach to semantics and pragmatics: one in which the cognitive processes whereby interlocutors compute the message
conveyed by an utterance are crucially tied to the social context in which interaction takes place; and in which inferential
processes at the social and propositional level are treated as
(at least partially) overlapping (see Burnett 2019 for a formalization).
On a methodological level, we have provided novel evidence that comprehenders’ social perception of the speaker
shapes the outcome of judgments of descriptive appropriateness in a TVJ task – a behavioral measure widely utilized in
the experimental study of meaning, and commonly seen as a
window into the outcome of semantic interpretation (see Introduction). In recent years, a growing body of work called
for a critical re-assessment of the nature and significance of
these judgments, highlighting how they are often affected by
factors – and thus sources of variability – that go beyond the
sheer linguistic properties of a given utterance. These include, among others, the discourse context (Sikos, Kim and
Grodner 2019; Scontras and Pearl 2021); the probability with
which respondents see themselves as producing the utterance
(Waldon and Degen 2020); or properties inherent to the de-
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mographic background of the speaker, such as their linguistic
nativeness (Fairchild and Papafragou 2018). Our results open
a novel perspective on the context-sensitivity of this behavioral measure, suggesting two takeaways. First, when making these assessments, comprehenders engage in social reasoning about two related, yet distinct component of the discourse context: the social identity of he speaker; and their
own orientation towards and this identity. Second, the way
in which these factors impact comprehenders’ determination
of an utterance appropriateness in a TVJ task does not align
with the way in which the same factors affect other measures
similarly aimed at tapping into meaning interpretation. Especially noteworthy, here, is that imprecise interpretations of
utterances produced by socially imprecise speakers are accepted more often in a task requiring participants to retroactively determine whether a fact fits a particular utterance, but
are rejected more often when participants are asked to explicitly assess the appropriateness of an utterance, as in the
current task. This indicates that, in a TVJ setup, the perceived
appropriateness of an imprecise description is inversely correlated with the expectation that a speaker uses this description
imprecisely; and that, more broadly, the interplay between
social reasoning and TVJ assessments cannot be fully understood without considering the interplay between a speaker’s
social identity and the prejudicial implications entailed by rejecting their utterance – and in particular, the ascription of
conversational blameworthiness that goes hand in hand with
deeming an utterance inappropriate. While this interaction
has been extensively investigated in philosophical approaches
to meaning and conversation (see Fricker 2007 on testimonial
injustice), it remains crucially underexplored in semantic and
pragmatic ones, calling for a more extensive consideration of
how TVJ assessments, and other experimental measures deployed in the study of meaning, are affected by information
about both the identity of who produces a particular utterance,
and who is asked to assess its viability.
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Abstract

a)

Although language is critical to supporting morality within society, it is not clear how moral language itself evolved. We
investigate the evolution of moral semantics, hypothesizing
that words evolved to take on moral meanings from concrete
experiences through metaphorization. We test this hypothesis by analyzing moral semantic change in words from the
Moral Foundations Dictionary and the Historical Thesaurus
of English over the past hundreds of years. In contrast with
the observation that words become concrete over time, we
demonstrate that moral words in the English lexicon undergo
concrete-to-abstract shifts, reflecting systematic metaphorical
mappings to the moral domain. Our results provide large-scale
evidence for the role of metaphor in the historical development
of the English moral lexicon.

Evolution of discrimination

1820s
b)

1900s
Evolution of moral semantics

Concrete

Abstract
Metaphorization

Keywords: lexical evolution; moral semantics; moral foundations; semantic change; metaphor

Introduction
Morality is a fundamental aspect of human society. From an
evolutionary perspective, the emergence of morality helped
early humans survive by allowing them to effectively take
advantage of the benefits of group living (Haidt, 2007), and
create mutual and shared expectations of how to treat one another (Tomasello, 2016; Tomasello, Melis, Tennie, Wyman,
& Herrmann, 2012). As a result, humans have been able
to exploit collective opportunities (e.g., big game hunting)
and defend against collective threats (e.g., invasion by other
groups). How exactly humans evolved these complex moral
systems is not well understood, but many believe that it
stemmed, in part, from language. Through communication,
language may have facilitated the emergence of shared systems of moral norms and helped uphold them through rewarding moral behaviour and punishing immoral behaviour (Li &
Tomasello, 2021; Poulshock, 2006). Despite the fundamental
role of language in supporting morality, how moral language
itself has developed over time is not clear.
We study the historical development of moral language by
asking how words acquire moral meanings over time. We
propose that the evolution of moral word meanings might
critically depend on metaphorization, or our cognitive capacity to ground abstract moral thoughts in concrete experiences. Our theorizing builds on insights into the relationship between morality and metaphor from Conceptual

Figure 1: An illustration and overview of our hypothesis. a)
Illustration of moral semantic change in the English word discrimination. In the 1820s, discrimination was used to indicate physical differences between objects (e.g., size of rocks).
In the 1900s, discrimination evolved toward prejudices in society (e.g., gender discrimination). b) Overview of our hypothesis.

Metaphor Theory (Lakoff & Johnson, 1980). This theory
holds that people interpret abstract domains through concrete
and perceptual experiences, which is enabled by our ability
to identify structural similarities between domains (Gentner,
1983). Building on this notion, Moral Politics Theory argues
that people develop abstract moral-political beliefs based on
their understanding of family dynamics (i.e., family models) (Lakoff, 1996). Recent work in social psychology has
proposed similar views suggesting that moral concerns (e.g.,
purity) are associated with concrete and physical experiences (e.g., physical dirtiness) (Lee & Schwarz, 2010b, 2021,
2010a).
Although empirical work has shed light on the cognitive
role of metaphor in moral judgment, to our knowledge there
has been no comprehensive study on examining the role of
metaphor in the evolution of moral word meanings. We
hypothesize that the evolution of moral semantics has been
made possible through metaphorical mappings. Figure 1 illustrates our overall hypothesis and provides an example of
metaphorical semantic change in the English moral word discrimination. While expressing the concrete notion of dis-

2546

In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

parity among physical objects 200 years ago, discrimination
took on the more abstract moral meaning of social disparity
about a century later presumably because people metaphorically mapped its meaning from the physical (source) domain
to the moral (target) domain. This concrete-to-abstract meaning shift has been shown to be a primary force in the historical metaphorical mappings in English (Xu, Malt, & Srinivasan, 2017), and if words acquire moral meanings through
metaphorization, we expect their historical trajectories to exhibit similar directionality. Our hypothesis is at odds with the
observation that the English lexicon has a general tendency of
gaining concreteness over time (Hills & Adelman, 2015; Snefjella, Généreux, & Kuperman, 2019), and here we investigate the possibility that moral words tend to follow the opposite trend by shifting from concrete to abstract meanings. We
also examine valence (i.e., degree of pleasantness to capture
the sentiment of a word) as a secondary factor to concreteness
in metaphorical mapping (Xu et al., 2017), based also on the
existing literature on Concept Creep suggesting that harmrelated concepts tend to undergo negative sentiment change
due to semantic expansion (Haslam, 2016). We therefore expect the semantic environment of a moral word to show a
decrease in valence over time, although it is yet to be determined whether concreteness or valence might play the more
dominant role in shaping moral semantic change.

Data
To test our hypothesis, we consider one of the largest lexical resources for contemporary moral terminologies in English (n = 1, 354), The Moral Foundations Dictionary (MFD),
which was developed to test the larger Moral Foundations
Theory (MFT) (Graham et al., 2013). Moral Foundations
Theory proposes five conceptual foundations to morality
(care, fairness, authority, loyalty, and sanctity) each comprised of unique virtues and vices. The MFD provides a large
set of English moral words for each moral foundation. For
example, compassion is a virtue in the care category, while
brutality is a vice in this same category. The MFD has been
used widely and effectively in formal analyses of morality
and language (Garten, Boghrati, Hoover, Johnson, & Dehghani, 2016; Mooijman, Hoover, Lin, Ji, & Dehghani, 2018;
Hoover et al., 2020; Xie, Ferreira Pinto Junior, Hirst, & Xu,
2019; Mendelsohn, Tsvetkov, & Jurafsky, 2020; Ramezani,
Zhu, Rudzicz, & Xu, 2021). We chose the MFD version 2
as the basis of the modern English moral lexicon because of
its theoretical and empirical validity (Frimer, Haidt, Graham,
Dehghani, & Boghrati, 2017), and that it covers a wider range
of vocabulary. We also consider a second large resource of
the moral lexicon drawing words from the Historical Thesaurus of English (HTE) (Alexander, Kay, Roberts, Samuels,
& Wotherspoon, 2015). This resource provides a collection
of moral words (n = 1, 722) from the history of the English
language. To collect these words from HTE, we extracted all
the terms in HTE under the ‘Society.Morality’ category that
were non-overlapping with MFD. For simplicity, we excluded

all the compound words and phrases.
Additionally, we used the Metaphor Map of English
(MME) (Alexander et al., 2015) database to study historical
metaphorical mappings of the moral domain. The MME is
one of the largest resources documenting metaphorical mappings between 415 semantic domains in the historical development of English words over the past millennium. We
focused on the mappings that involve a sub-category of the
‘Morality’ semantic domain as either the source or the target.
For example, the MME database identifies a metaphorical
mapping from ‘Direction’ (source domain) to ‘Virtue’ (target domain), and lists the word direct as an exemplar for this
metaphorization. Independently to the database, we extracted
the human-annotated concreteness ratings of the semantic domains in MME from existing work (Xu et al., 2017).

Methods
To quantify word meanings from text through historical
periods, we apply established methodologies from natural
language processing to construct diachronic word embeddings (Hamilton, Leskovec, & Jurafsky, 2016). At each
decade in between 1800 and 1990, a word embedding provides a latent high-dimensional representation of that word’s
meaning from its usages (or contexts), which allow us to track
meaning changes over historical times.1
To analyze moral semantic change, we use recent methods from natural language processing to construct moral relevance time courses based on the diachronic embeddings and
the Centroid model (Xie et al., 2019). The Centroid model is
a classifier that consists of two centroids, ‘moral’ and ‘neutral’. The ‘moral’ centroid is the average word embedding of
moral words from the MFD, and the ‘neutral’ centroid is the
average word embedding of a set of neutral words taken from
large-scale empirical ratings of valence (Warriner, Kuperman,
& Brysbaert, 2013). The word embeddings for the centroids
were taken from the most contemporary decade in the diachronic word embeddings model (i.e., 1990s) (Hamilton et
al., 2016). The degree of proximity of a word to the moral
centroid determines its degree of moral relevance. At time
point t, the proximity of word w to the centroid c is determined by the probability p(c|w,t) ∝ exp(−∥Vt (w) − E[Sc ]∥),
where Vt (w) is the word embeddings for w at time t taken
from the diachronic embeddings, and E[Sc ] is the word embeddings for the centroid c. The proximities are then converted to probabilities using a softmax function and used for
classification. To estimate the time course of moral relevance
for a word similar to the examples presented in Figure 2a,
we applied this model incrementally at each decade from the
1800s to the 1990s.
Since the Google Ngrams historical text corpora (Lin et
al., 2012) used to derive the diachronic embeddings spans
only the period 1800-2000, we focused on analyzing words
that underwent moral semantic change during this period.
We identify these words by calculating the gross change
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1 Our

code is available at https://osf.io/mnsjk/.

in moral relevance of a word between the flanking decades
1800s and 1990s. Specifically, we defined the gross change
for each word w by subtracting its moral relevance at the initial time point (the 1800s, i.e., p(moral|w,t = 1800)) from
its moral relevance at the terminal time point (the 1990s, i.e.,
p(moral|w,t = 1990)), and divided that quantity by the moral
relevance at the initial time point. Formally, gross change is
. We used
defined as M(w) = p(moral|w,t=1990)−p(moral|w,t=1800)
p(moral|w,t=1800)
bootstrapping to construct the distribution of moral relevance
change for the word populations and partitioned the words
into ‘Stable’ and ‘Changing’ groups. To do so, we resampled
the M(w) distribution of the words 100, 000 times. Denoting
µ and σ as the original mean and the standard deviation of the
mean of the new samples respectively, the M(w) of ‘Changing’ words is above µ + 2σ (i.e., exhibiting meaning change
significantly above the population average), and for the ‘Stable’ words it is between µ − 2σ and µ + 2σ. Overall we identified 375 ‘Changing’ words from MFD and 429 words from
HTE. We focused our analyses on the ‘Changing’ group, as
these are the words that have faced a significant increase in
their moral semantics during 1800-2000.
To detect the time point (i.e., a decade) of moral semantic change, for each changing word, we applied an automatic
change point detection algorithm (Kulkarni, Al-Rfou, Perozzi, & Skiena, 2015). This algorithm identifies the most significant change point given a time series, such that the mean
of the time series after the change point is significantly different from the mean of the time series before the change point.

Historical evidence for concrete-to-abstract
shift in moral words
To evaluate our hypothesis, we analyzed the degree of concreteness change before and after the change point and compared these paired concreteness values over the population of
words we analyzed. We estimated concreteness of a word w
at time point t by first finding its nearest semantic neighbours
using the diachronic embeddings at t. We then took an average of its neighbours’ concreteness ratings from an existing
empirical study (Brysbaert, Warriner, & Kuperman, 2014) as
an approximation of concreteness for that target word. We set
k = 100 nearest neighbours for all the experiments reported.
If none of a word’s nearest neighbours’ concreteness ratings
are available, we would remove this word from the analyses.
We then calculated the concreteness of each word in the
changing group before and after the change point and compared these paired concreteness values over the population
of changing words we analyzed. Paired t-tests revealed
that moral words are significantly more concrete before the
change points as the degree of concreteness drops when they
undergo moral semantic change (t(375) = 4.38, p < 0.001
for MFD; t(429) = 7.76, p < 0.001 for HTE).
Figure 2a illustrates our analysis using two example words.
In each case, we observed that concreteness dropped in the
semantic environment of a word as it acquired moral meanings after the historical change point was detected. For in-

stance, the word molestation neighboured words such as annoy and detain prior to the 1860s, but neighboured words
such as sociability and intimidation by the 1890s. We also
repeated this analysis in the stable word groups and found
that the degrees of concreteness in these words tend to remain relatively unchanged (t(42) = 0.53, p = 0.3 for MFD;
t(50) = 0.72, p = 0.24 for HTE). These results provide support to the idea that modern English moral words originally
had concrete meanings and gained moral semantics by abstraction.
To examine whether the concrete-to-abstract changes were
specifically tied to the change points, we performed a randomized test on the degree of concreteness change. We defined the change in concreteness (denoted as ∆concreteness)
by taking the difference in concreteness of a word’s semantic neighbours before and after the change point. Figure 2b
shows the distributions of ∆concreteness for the word populations in MFD and HTE centering around negative values, which indicates an overall trend for concreteness to drop
around the change point. For the randomized test, we repeated the t-test analysis from the previous experiment at random time points (instead of the change points) for 1,000 trials. We used these randomized statistics (i.e., t-values) to construct a null distribution for concreteness change. Figure 2c
compares the null distribution from the random trials with the
attested t-value obtained by anchoring at the change point.
In both MFD and HTE, our results show that the concreteness change at the point of change, denoted by the t-values
obtained initially (t(375) = 4.38, for MFD; t(429) = 7.76),
is significantly greater than that at random time points (Z =
1.95, p = 0.025 for MFD; Z = 6.47, P < 0.001 for HTE). This
analysis confirms that there is a significant difference between
the concrete-to-abstract change at the moral change point versus at random time points. The results further support that
moral semantic change follows the concrete-to-abstract pattern, (rather than abstract-to-abstract), implying that moral
semantics are grounded in concrete experiences. We hypothesize that the semantic change at the detected change points
is associated with metaphorization, which is generally recognized by a concrete-to-abstract shift.
Moreover, we examined whether valence also plays a role
in moral semantic change inspired by the theory of Concept
Creep (Haslam, 2016). We found that valence and concreteness are orthogonal dimensions, confirmed in the insignificant results from χ2 tests of independence between human
ratings of concreteness and valence (χ2 = 0.61, P = 0.43 for
MFD; χ2 = 0.06, P = 0.8 for HTE), where we took both
kinds of ratings from existing large-scale behavioral experiments (Brysbaert et al., 2014; Warriner et al., 2013).
Similar to our analysis on concreteness change, we measured the valence change of a word by considering the average valence ratings of its 100 semantic neighbours before
and after the change point. For this analysis, we also partitioned the words into morally positive and negative groups
based on the available valence ratings or the MFD catego-
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a)

discrimination
concreteness = 2.14
neighbors:
distinguishing, analogies,
traits

b)

molestation
concreteness = 2.66
neighbors: annoy, permitted,
further, detain, pillage
concreteness = 2.12
neighbors: undue,
unfair, prejudice

concreteness = 2.53
neighbors: sociability,
wrongfully, intimidation,
eviction, digression

Moral Foundations Dictionary

Historical Thesaurus of English

c)

Figure 2: Summary of evidence for concrete-to-abstract shift in moral words. a) Illustration of concreteness shift in moral
semantic change of two example English words discrimination and molestation. Each panel shows the time course of moral
relevance of a word’s meaning over the past two centuries. The vertical dash line marks the change point detected in the time
course. b) Boxplots of concreteness change in the population of words that exhibit moral semantic change. Each dot shows the
change in concreteness of a word’s semantic neighbours before and after the change point in its time course of moral relevance.
The vertical line marks the mean indicating a statistical tendency of concrete-to-abstract shifts around the change points. c)
Randomized test on concreteness change in the moral words. The yellow vertical bar shows the attested t-value from a paired
t-test on concreteness differences before and after the change points in the moral time courses of words taken from the two
resources. The histogram shows a null distribution of similar t-values derived from using random time points instead of the
actual change points.
rization. Table 1 summarizes the results from the paired
t-tests. We observed significant changes in both concreteness and valence for the morally negative words (e.g., spoiled
shows a decrease in both concreteness and valence), but only
significant changes in concreteness for the morally positive
words (e.g., impartial shows a decrease in concreteness but
not in valence). The valence change in positive moral words
was statistically insignificant (t(240) = 0.374, p = 0.354 for

MFD; t(184) = −1.284, p = 0.9 for HTE). These results indicate that concreteness change is central to the overall evolution of moral semantics, whereas valence change is mostly
relevant to negative change.
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Source of moral words
Moral Foundations Dictionary
Historical Thesaurus of English

Moral polarity
Virtue (n = 240)
Vice (n = 134)
Virtue (n = 184)
Vice (n = 129)

∆Concreteness
t = 3.366 (p < 0.001)
t = 2.795 (p < 0.01)
t = 4.849 (p < 0.001)
t = 4.165 (p < 0.001)

∆Valence
t = 0.374 (p = 0.354, n.s.)
t = 5.709 (p < 0.001)
t = −1.284 (p = 0.9, n.s.)
t = 2.465 (p < 0.01)

Table 1: Comparative statistics of historical changes in concreteness versus valence of moral words.

Asymmetries in the historical metaphorical
mappings of the moral domain
Our results so far were informed by the analyses of historical
text corpora that span the period 1800-2000. We now extend
our period of investigation to the past millennium by examining a database that records metaphorical mappings of the
moral domain through the historical development of English.
We queried the Metaphor Map of English (MME)
database, which is a dictionary-based resource of more than
14,000 metaphorical mappings from Old English to the
present day recorded by lexicographers that have expertise
in different periods of English (Alexander et al., 2015). Each
recorded metaphorical mapping in MME is annotated with
a source domain and a target domain, along with the directionality of mapping (e.g., source→target) and example English words that were identified to exemplify that metaphorical semantic change (e.g., the word unhuman exemplifies the
metaphorical mapping from ‘Humankind’ to ‘Moral Evil’).
For our analysis, we considered all 273 recorded cases of
metaphorical mapping that include the domain of ‘Morality’ as either target domain or source domain. In addition,
we took the human ratings of concreteness for all the domains concerning these recorded cases from existing work
on MME (Xu et al., 2017).
To evaluate our hypothesis, we focused on examining the
asymmetries in the metaphorical mappings of morality in two
respects: 1) asymmetry in the directionality of metaphorical mapping, namely whether domains of morality predominantly serve as the target domain as opposed to the
source domain in the recorded cases of metaphorical mapping; 2) asymmetry in concreteness, namely whether in cases
of metaphor where morality is the target domain, the source
domain tends to be more concrete than the target domain.
Figure 3 summarizes the results. Regarding asymmetry in
directionality, we found that 242 out of 273 cases recorded
the metaphorical mapping direction to be X → moral domain,
where X is a non-moral source domain, and only 31 cases in
the opposite direction where a moral domain serves as the
source. This result shows a significant asymmetry (binomial
test p < 0.0001, n = 273) in the directionality of metaphorical
mappings into the moral domain, which confirms that morality is predominantly the target domain in the historical process of metaphorization for English moral words. Regarding asymmetry in concreteness, we found that when morality is the target domain (i.e., a word gains a morally relevant meaning through metaphor), the degree of concreteness
is significantly higher in the non-moral source domains than

in the moral target domains (t(242) = −33.37, p < 0.001).
This result confirms our corpus-based evidence and supports
the view that word semantic change in the moral lexicon undergoes a concrete-to-abstract shift through the process of
metaphorization. We also found that when morality is the
source domain, the target domain is significantly more concrete (t(31) = 6.54, p < 0.001), suggesting that it is possible
for moral words to extend toward concrete meanings (e.g., the
word virgin has undergone a metaphorical semantic change
from the ‘Virtue’ domain to ‘Time’).
This set of results provides direct evidence for the role of
metaphor in the evolution of moral word meanings in the English lexicon, particularly how moral semantic change has
happened by metaphorization.

Discussion
Previous work demonstrated that there is an increasing tendency toward using concrete words over abstract words in
English (Hills & Adelman, 2015; Snefjella et al., 2019) and
that word meanings typically move from abstract to concrete
over time (Snefjella et al., 2019). However, when it comes to
moral words, we found the opposite pattern suggesting that
our findings cannot be explained by the general trend in the
evolution of English language. The present research goes beyond past work (Wheeler, McGrath, & Haslam, 2019) to reveal how words in the MFD and HTE have changed meaning
over time. It is important to note the exact causal relationships
among these entities may be quite complex and potentially
bidirectional. For instance, in our study and elsewhere (Xu
et al., 2017), it has been found that word meanings can transfer from the moral domain to more concrete domains (e.g.,
the case of virgin after the semantic change period illustrated
in Figure 3). Unraveling these dynamic interactions can be a
fruitful direction for future work.
We found that the processes of moral semantic change
involve changes in both the concreteness and valence (or
pleasantness) of words, which is consistent with the claims
for harm-related concepts from the Concept Creep theory (Haslam, 2016) (though the process of abstraction is notably more prevalent than valence). Furthermore, our findings
resonate with work on semantic change suggesting metaphor
as a key mechanism in historical meaning change (Sweetser,
1990), whereby semantic changes in the moral domain can be
a manifestation of that general cognitive process.
Generally, our results provide evidence for determining the
significant role of metaphorical mappings through grounding moral meanings in concrete experiences. We argue that
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source domain
Humankind

target domain source domain
e.g.: unhuman

Moral
Evil

Virtue

target domain
e.g.: virgin

Time

Degree of change in historical metaphorical meaning extension

Figure 3: Evidence for asymmetries in the historical metaphorical mappings of the moral domain. The left panel shows that in
a metaphorical mapping with morality as the target domain (e.g., ‘Moral Evil’), the source domain tends to be more concrete
(e.g., ‘Human’). The right panel shows that in a metaphorical mapping with morality as the source domain (e.g., ‘Virtue’), the
target domain tends to be more concrete (e.g., ‘Time’). The number of metaphorical mappings in this case is substantially lower
than the case where morality is the target domain.
the observed patterns throughout moral semantic change, are
associated with metaphorization more than other semantic
change alternatives. For example, semantic restriction or
semantic expansion cannot explain the concrete-to-abstract
shift. Moreover, in semantic extension, the scope of a word’s
meaning expands to be used in a new broad context. Based on
this notion, if moral semantic change is a semantic extension,
then the new meaning (moral meaning) should be a more general version of the old meaning. This assumption is similar to
the theory of Concept Creep, but does not explain the semantic change observed in positive cases of morality (Haslam,
2016). For moral semantic change to be a case of semantic restriction, the new moral meaning should be a specific
case of the old meaning. Therefore, the frequency of the
word with the specific meaning should be less than the broad
meaning. However, the result of our analysis implies a significant increase in the frequency after moral semantic change
(t(375) = 3.85, p < 0.001 for MFD; t(429) = 2.00 , p < 0.05
for HTE). Another type of semantic change, which is applicable to morality, is semantic pejoration. During semantic
pejoration, the sense of a word takes on more negative properties. As the result of our valence analysis implies, this can
be a case for negative moral words. However, the concreteto-abstract phenomenon is still captured in these words, suggesting a co-evolution of metaphorical mapping and semantic
pejoration at the same time. We did not find any substantial
evidence for word meanings to gain valence during moralization, therefore, semantic amelioration (i.e., words getting
positive evaluations during the semantic change) is unlikely
to explain the general trend of moral semantic change.
Regardless, we acknowledge that the patterns identified
reflect strong statistical tendencies but not rigid laws, and
propose a general association between moralization and
metaphorization which has been possible through grounding
moral meanings of words in their old concrete meanings.

Finally, the change points we focused on are not the only
historical times that words undergo semantic change. A word
might moralize at some point in history yet experience other
kinds of semantic change at different times. For instance,
we did observe a tendency for concreteness to rise in later
decades after the point of moralization, which aligns with existing studies suggesting a general increase in concreteness in
the English lexicon. This concreteness change may be due
partly to the fact that some moral words become more frequently used and applied to describe everyday scenarios.
In sum, our work connects and extends two existing programs of research. Within philosophy, it connects to work examining the relationship between language and morality (Li
& Tomasello, 2021; Poulshock, 2006), which points to language as an impetus for moral development. Within cognitive and social psychology it ties to concepts of grounding
in morality (Lakoff, 1996; Lee & Schwarz, 2010a, 2010b,
2021), which proposes that metaphor influences moral judgment and behaviour. While language may have helped morality evolve, our work suggests that cognitive processes such as
metaphorization may have helped the language for morality
evolve.

Conclusion
Our work offers the first comprehensive quantitative study on
moral semantic change in English. Our analyses of two large
resources of moral vocabulary reveal that moral words tend
to originate from concrete meanings and undergo metaphorical semantic change. Future work can assess the generality
of our findings to languages other than English and explore
questions such as why certain words became moralized over
time (e.g., discrimination), whereas others did not (e.g., difference). Such lexicalization strategies may be similar or different across languages, which opens up exciting avenues for
studying the evolution of moral lexicons across cultures.
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even one of these high-quality “referential gem” videos was
sufficient to drive success in a cross-situational word learning
task (Medina et al., 2011). When learners viewed a single
“gem” learning instance at the beginning of a series of 5
vignettes corresponding to that same word, they were more
successful in guessing the meaning correctly not just on the
first “gem” trial, but also on subsequent exposures, indicating
they successfully maintained their initial hypothesis. In
contrast, when adults viewed a series of vignettes without a
“gem” exposure, they were less accurate and showed no
improvement across trials. This suggests early word learning
may succeed via a series of momentary insights, facilitated
by these relatively rare moments of referential clarity.

Abstract
Infants’ earliest words are learned by observation of the
referent world, but substantial research suggests such learning
is highly error-prone. However, recent work suggests that even
learners’ incorrect guesses may fall within the correct
meaning’s semantic neighborhood—enabling learners to
converge on the correct meaning across exposures. Here, we
evaluate the semantic similarity of adults’ hypothesized word
meanings in a cross-situational word-learning task. We find
evidence for a weak semantic neighborhood effect: incorrect
guesses are judged as similar to correct meanings (Study 1).
However, this effect is not associated with successful wordlearning. While learners tend to provide similar, internally
consistent guesses across exposures, their accurate guesses are
not similar to their previous guesses (Study 2). Moreover,
incorrect guesses similar to the target do not increase accuracy
on the subsequent exposure (Study 3). These results suggest
early word-learning is driven by cues available in-the-moment,
not by gradual exploration of semantic space.

From Junk to Gems?

Keywords: word learning; reference; cross-situational;
semantic similarity

Introduction
Infants learn their first words by mapping the sounds they
hear to physically co-present referents (e.g., Tsui et al., 2019).
However, infants’ early word learning environments rarely
afford just one potential mapping between a novel word and
a referent. Instead, previous research estimated that infants
have an average of around 8 types of objects in view at any
given moment when interacting with caregivers (Clerkin et
al., 2017). Thus, infants are likely to face a daunting
challenge in mapping a novel word to its target referent.
To illustrate this challenge, previous work has used the
Human Simulation Paradigm (HSP), in which adults guess
word meanings from muted videos of caregiver-child
interactions. These findings reveal that even adults struggle
to accurately guess a caregiver’s intended meaning from only
the visual context of an utterance (Cartmill et al., 2013;
Gillette et al., 1999; Medina et al., 2011). However, while
adults are quite inaccurate overall, averaging approximately
25% accuracy for nouns and under 10% for verbs, a small
subset of these caregiver interactions allowed a majority of
learners to make accurate mappings. Indeed, exposure to

Thus, as children encounter new words repeated across
different contexts, they will often be incorrect in guessing
their meanings. It is critical, then, what children do with these
incorrect guesses: whether they are merely treated as red
herrings, or if children can learn from these guesses—using
them as stepping-stones to converge on the target meaning.
Indeed, recent work suggests that such a stepping-stone
strategy might be viable. Johnson, Schalla, & Suanda (2021)
found that in an HSP task examining concrete nouns, even
learners’ incorrect guesses tended to fall into the target
noun’s semantic neighborhood (e.g., a learner might guess
“bread” when the target meaning is “sandwich”). To
demonstrate this, a separate group of adults was shown a
guess (e.g., “bread”) and asked whether its corresponding
target word (“sandwich”) or another target word (“ball”) was
more similar in meaning. Strikingly, participants selected the
guess’s corresponding target meaning as more similar on
75% of trials. A similar effect was observed when
participants were shown the target word (e.g., “sandwich”)
and asked to choose the most similar word from its
corresponding guess (“bread”) or a guess from an unrelated
trial (“donut”). Thus, even incorrect guesses fell close to the
target word’s semantic neighborhood.
It remains an open question, however, whether learners use
such a stepping-stone strategy to succeed in cross-situational
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word learning. The strategy is quite intuitive: it would seem
counter-productive if a child who associated bread with the
word “sandwich” later rejected this guess and simply started
from scratch, instead of guessing a new, bread-related
meaning. Indeed, a similar kind of similarity-based finetuning of word meanings is evident in studies of polysemy
(Floyd & Goldberg, 2021) and in older children’s lexical
development, as they begin to distinguish between words
with similar meanings (Ameel et al., 2008; Saji et al., 2011).
However, the best evidence that word learners engage in
similarity-based inferences in cross-situational word learning
comes from Zhang et al. (2020), who presented adults with
an HSP task featuring six consecutive vignettes referring to
the same verb. As learners progressed through the vignettes,
their answers became more semantically similar to the target,
even if they never arrived at the correct answer (e.g., guessing
“twist” instead of “turn”). While this suggests learners did
home in on the target semantic neighborhood across trials, it
is not clear whether learners who made semantically close
incorrect guesses were then more successful in arriving at the
target meaning. Additional exposures likely enabled learners
to make better, more semantically appropriate guesses,
resulting in an increase in semantic similarity to the target.
However, it is unclear whether such semantically close
guesses ultimately facilitated successful word learning.

Current Work
In three studies, we directly examine the viability of semantic
similarity-based cross-situational word learning, in which
incorrect guesses serve as stepping-stones to the target
meaning. In Study 1, we assess the semantic similarity of
incorrect guesses to target meanings in a non-crosssituational HSP study. As in Johnson et al. (2021), the HSP
task simply asked adults to guess the word uttered in a single
context, not to learn words across contexts. Notably, these
contexts were all video-recorded utterances in homes, and the
videos’ target words included nouns and verbs. Whereas
Johnson et al. (2021) found a semantic similarity effect for
nouns used in laboratory play contexts, here we seek to
extend this effect to more realistic and varied settings and to
test whether similar effects emerge for nouns and verbs.
In Study 2, we turn to an HSP cross-situational wordlearning task, in which participants learned words from a
series of HSP exposures. Here, we ask whether learners’
guesses do, in fact, tend to remain in the same semantic
neighborhood across exposures. Furthermore, we test
whether this internal consistency between guesses is
beneficial for learners, resulting in more accurate guessing.
Finally, in Study 3, we directly test whether semantic
similarity to the target word on one trial of the crosssituational word-learning task is associated with accuracy on
the next trial. That is, when a learner’s guess is close to the
target meaning, is their next guess more likely to be correct?
By examining the role of semantic similarity on a trial-bytrial basis, we provide a clearer picture of the mechanisms
that drive cross-situational word learning. If semantic
similarity plays a role in cross-situational word learning, then

learners’ incorrect guesses should be similar to the target
meaning (Study 1), as well as internally consistent across
exposures (Study 2). Moreover, both this internal consistency
(Study 2) and semantic similarity to the target (Study 3)
should be associated with successful cross-situational word
learning outcomes.

Study 1
To begin, we evaluated whether the incorrect guesses from a
previously conducted HSP task (Medina et al., 2011) were
semantically similar to their corresponding target meanings.
In this HSP task, adults were not asked to learn words, simply
to guess what word had been uttered in a particular context.
For each target word, they viewed a 40 s, muted video of a
caregiver-child interaction, with a beep indicating when the
caregiver uttered the target word. All videos were filmed in
the children's homes, with both nouns and verbs serving as
target words. If even the adults’ incorrect guesses about the
uttered words tend to be in the target word’s semantic
neighborhood, then a new group of participants should
reliably identify these guesses as semantically similar to their
corresponding target words, across both lexical categories.

Method
Design. Participants evaluated the semantic similarity of the
previous HSP learners’ incorrect guess-target word pairings.
The target word’s lexical category was manipulated within
subjects, with each participant evaluating guesses for both
nouns and verbs. Following Johnson et al. (2021), we also
assessed the guess-target similarity bidirectionally, assigning
participants to either the Guess-Based or Target-Based
condition (see Figure 1). In the Guess-Based condition,
participants were shown the learner’s guess (e.g., “yummy”)
and asked which of two target words was more similar to the
guess: its corresponding target word (“bite”), or a target word
from another trial (e.g., “book”). In contrast, participants in
the Target-Based condition were shown the target word (e.g.,
“bite”) and asked which of two guesses was more similar to
it: the corresponding guess (“yummy”), or a guess from a
different trial (e.g., “toy”). This resulted in a 2 (Lexical
Category: Noun vs. Verb) x 2 (Directionality: Guess-Based
vs. Target-Based) mixed design.
Participants. Three hundred English-speaking adults were
recruited from two sources: 181 from a university participant
pool who participated for course credit and 119 from Prolific
who were paid $1.50 to participate in an 8-minute
experiment. Data were collected through PCIbex (Zehr &
Schwarz, 2018). An additional 31 participants were excluded
for failing to accurately answer at least 3 of the 4 attentioncheck questions featuring high-similarity word pairs (e.g.,
identifying “sheep” as more similar to “goat” than “beak”).
Materials. The previously conducted HSP task yielded 3184
incorrect guess-target word pairings, produced by 37
participants. Each guess was provided after the HSP learner
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viewed a single, muted video of a caregiver-child interaction,
without feedback on their guess. All videos were constructed
such that the target word occurred 30 s into the 40 s video and
was marked by a beep. Target words were the 48 most
common nouns and verbs (24 of each) in caregiver speech.
While this HSP task used third-person recordings, which
differ from a child’s view in many ways, previous work has
found little numerical difference in HSP accuracy with firstor third-person videos, indicating both can facilitate word
learning (Yurovsky et al., 2013).

Figure 1. a) Design of original non-cross-situational HSP
task: learners guessed a different target word on each trial,
indicated only by a beep. For confidentiality, images do not
depict actual stimuli. b) Study 1 Design. Sample trial for the
learner guess shown in (a) (i.e., “yummy” guessed for “bite”),
presented in Target-Based or Guess-Based condition. Blue
text not shown in task.
Procedure. Participants were told they would see a series of
words and be asked to “choose another word that they are
similar to.” Each participant evaluated 101 incorrect guesstarget word pairings (e.g., “yummy”-“bite”), resulting in each
pairing being evaluated approximately 5 times in each
condition. In the Target-Based condition, participants were
shown the target word, then asked to select the more similar
word from a corresponding guess, or a guess from a different
vignette (with a different target word). In the Guess-Based
condition, participants were shown the guess, then selected
between the corresponding target and another target word.
Guess-target pairings were shown in random order to each
participant. Intermixed with these pairings, participants also
completed 4 attention-check trials. These trials had the same
structure as the others but featured highly semantically
similar word pairs (i.e., sheep-goat, dive-swim, coughhiccup, fence-gate) identified in previous work (Vigliocco et
al., 2004). Participants who failed to correctly pair at least 3
of these 4 word pairs were excluded.

Preregistration. All analyses were preregistered on OSF
(https://osf.io/2a4g3).

Results
Similarity Judgments. To test whether participants rated the
incorrect guesses as similar to their targets, we constructed a
binomial mixed effects model predicting the selection of the
target-guess pairing, containing deviation-coded fixed effects
of Lexical Category and Directionality and random effects of
participant, participant-by-lexical category, target word, and
target-word-by-directionality. All analyses reported here
followed a maximal random effects structure, simplifying if
needed for convergence, and fit with lme4 (Bates et al.,
2014).
This analysis revealed a non-significant effect of Lexical
Category, β = .044, SE = .077, p = .57, with target Verbs (M
= .56, SD = .08) and Nouns (M = .55, SD = .08) similarly
likely to be matched with their corresponding guesses. The
effect of Directionality also failed to reach significance, β =
.038, SE = .040, p = .33. However, a significant Lexical
Category x Directionality interaction did emerge, β = .39, SE
= .078, p < .0001, with target Nouns more successfully paired
with guesses in the Guess-Based condition, while target
Verbs were more successfully paired in the Target-Based
condition. This effect was not predicted, nor especially
large—all cell means fell between .53 and .58—but it
suggests that the similarity of target-guess pairs was not
always robustly evident to participants.
Crucially, however, when combining across conditions,
participants showed a significantly above-chance (greater
than 50%) tendency to pair learners’ incorrect guesses with
the corresponding target Noun (β = .20, SE = .070, p = .0037)
or target Verb (β = .25, SE = .035, p < .001). Thus,
participants’ incorrect guesses were judged to be
semantically similar to the target words.
Correlations with HSP Accuracy. Finally, it is possible that
especially informative contexts (i.e., the “gems” which
facilitate correct guesses) also lead learners to make incorrect
guesses that are similar to the target meaning. To test this
possibility, we conducted an exploratory analysis examining
whether the accuracy of guesses on a vignette predicted the
similarity of its incorrect guesses to the target. We
constructed a binomial mixed effects model predicting the
selection of the target-guess pairing and including a fixed
effect of HSP Accuracy and random effects of participant,
participant-by-accuracy, and target word.
We observed a significant effect of HSP Accuracy, β = .40,
SE = .17, p = .019, with higher accuracy predicting more
similar incorrect guesses. This suggests that rather than
incorrect guesses being uniformly similar to the target
meaning, this tendency is significantly stronger in more
referentially transparent contexts.

Discussion
Overall, learners’ incorrect guesses did tend to fall within the
target meaning’s semantic neighborhood. This suggests
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similarity-based word learning is, at least in principle,
possible: after all, incorrect guesses must be similar to the
target meanings if those incorrect guesses are to be helpful.
Moreover, these results provide encouraging new evidence
that this effect is present with both nouns and verbs, even
when learners were not told the lexical category of the target
word. This effect also appears to be stronger for vignettes on
which other learners were likely to accurately guess the target
word, suggesting a new way in which such “referential gems”
might be especially useful to learners.
On the other hand, the overall semantic similarity effect
observed here (M = .55, SD = .05) is also substantially
smaller than that observed in Johnson et al. (2021) (M = .75,
SD = .06) despite relying on the same similarity measure.
This suggests that semantic similarity may be a weaker cue
for learners in more varied environments. Perhaps the greater
variety of target words in the current study, which went
beyond words for concrete objects to frequent but less
concrete nouns like “time” and verbs like “have,” resulted in
less obvious semantic pairings. Alternatively, home contexts
may offer more semantically variable referents than
laboratory play spaces, where caregivers and children might
structure their interactions more: e.g., by choosing
semantically similar toys to play with (a horse and a cow,
rather than a horse and a yo-yo). While these differences
clearly warrant further investigation, our results nevertheless
suggest that the semantic similarity of incorrect guesses
could, in principle, offer a viable word-learning strategy in
children’s everyday environments.

that same learner’s guess on Trial N-1 (“pretty”), or to a
different learner’s guess on Trial N-1 (“put”).
Participants. We recruited 135 English-speaking adults
from Prolific, paying each $1.50 to participate in an 8-minute
experiment. An additional 8 participants were excluded for
failing to accurately answer at least 3 of the 4 attention-check
questions, as in Study 1.
Materials. As in Study 1, each guess was provided after the
learner saw an HSP vignette. Here, however, learners heard a
novel word at 30 s, as the parent uttered the target word. The
same novel word was used across 5 vignettes corresponding
to each of the 12 target words. Target words were presented
interleaved. All target words were concrete nouns.
This previously conducted HSP task yielded 2640 trial-totrial word pairings, produced by 64 participants. Each
participant contributed at most 4 guess pairs from the 5
exposures per target word (comparing Trials 1-2, 2-3, 3-4,
and 4-5). Notably, this included both correct and incorrect
guesses. However, trials where learners guessed the same
meaning as on the previous trial were dropped, as learners
were presumably not generating new hypotheses.

Study 2
Study 1 found that one-exposure guesses about a word’s
meaning from a given context are semantically similar to the
target word meaning, even when the guess was incorrect. In
Study 2, to test whether learners utilize this semantic
similarity to learn words across situations, we re-analyzed the
results of a previously conducted cross-situational wordlearning study (Medina et al., 2011). This study also gave
learners an HSP task, but in this case, learners heard a novel
word, rather than a beep, in each vignette and viewed 5
vignettes for each of 12 target words. If learners make new
guesses using their previous guess’s semantic neighborhood,
then each guess should be similar to its preceding one. To test
whether learners show this kind of internal consistency, we
asked participants to judge the similarity of learners’
consecutive guesses. We also go one step further, assessing
whether such internal consistency is associated with
successful learning. If relying on previous guesses’ semantic
neighborhoods facilitates word learning, then accurate
answers should be similar to the learner’s previous guess.

Method
Design. Participants evaluated the semantic similarity of the
previous HSP learners’ guesses across trials. On each trial,
participants were shown an HSP learner’s guess on Trial N
(e.g., “necklace”) and asked whether it was more similar to

Figure 2. a) Design of original cross-situational HSP task:
learners saw 5 vignettes per target noun (2 shown above).
Vignettes were separated by 11 vignettes for other nouns. For
confidentiality, images do not depict actual stimuli. b) Study
2 Design. Sample trial for learner A guesses above. Subjects
chose if learner A’s guess on Exposure 2 (“necklace,” which
happened to be correct), was more similar to learner A’s
previous guess (“pretty” on Exposure 1) or another learner’s
previous guess (“put” on Exposure 1).
Procedure. Procedure was largely identical to Study 1. Each
participant evaluated 102 guess pairings from consecutive
trials, resulting in each pairing being evaluated
approximately 5 times. Participants were always shown the
guess from Trial N and then asked to choose which of two
words was more similar to it: the same learner’s guess from
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Trial N-1, or a different learner’s guess from Trial N-1.
Preregistration. All analyses were preregistered on OSF
(https://osf.io/mqvp7).

Results
Similarity Judgments. To analyze participants’ similarity
judgments, we constructed a binomial mixed effects model
predicting the selection of the learner’s previous guess. The
intercept of this model was significantly greater than zero, β
= .093, SE = .026, p < .001, indicating that participants were
more likely than chance to identify a learner’s current and
previous guess as semantically similar (M = .52, SD = .04).
This indicates learners’ guessing was internally consistent:
learners’ guesses were more similar to their previous guess
than to another learner’s previous guess. However, the small
size of the effect, with consecutive guesses identified as
similar on only 52% of trials, indicates participants likely
diverged from previous semantic neighborhoods with some
frequency.

Discussion
Learners in a cross-situational word-learning task showed
reliable, albeit limited, internal consistency across exposures
to a word, with new guesses remaining within the previous
guess’s semantic neighborhood. However, this internal
consistency showed no signs of benefiting word-learning. In
particular, correct guesses showed no semantic neighborhood
effect at all, indicating such similarity-based inference was
not associated with successful learning.
Of course, the directionality of this effect is unclear.
Learners focusing too much on a previous guess’s semantic
neighborhood may have neglected cues in the present context
that pointed to a correct, more semantically dissimilar
meaning. Alternatively, learners may have resorted to
similarity-based inferences more when the present context
yielded no clear referent. In either case, there is little evidence
that learners’ tendency to rely on a previous guess’s semantic
neighborhood facilitated word learning.

Study 3
To provide a more direct test of the role of semantic similarity
in cross-situational word-learning, we evaluated the most
straightforward prediction of such an account: that incorrect
guesses that are semantically similar to the target word should
result in more accurate guesses on the following exposure. To
test this, we used the same cross-situational HSP data as in
Study 2, testing whether the semantic similarity of incorrect
guesses to the target predicted accuracy on the next exposure.

Method

Figure 3. Study 2 Results. Subjects judged the learner’s
current guess to be similar to their previous guess more often
when the current guess was incorrect than correct, p < .001.
Only incorrect guesses were judged to be similar to their
previous guesses, p < .001. Error bars represent +/- 1 SEM.
Association with Accuracy. Of course, internal consistency
is not necessarily advantageous to learners. To test whether
remaining in the same semantic neighborhood proved helpful
to learners, we used a binomial mixed effects model to test
whether the accuracy of learners’ guesses predicted their
semantic similarity to the learner’s previous guess. This
model yielded a significant effect of guess accuracy on
semantic similarity, β = -.27, SE = .06, p < .0001; however,
correct guesses were significantly less likely than incorrect
guesses to be judged similar to the previous guess (see Figure
3). This result runs counter to the predictions of a similaritybased learning account. Indeed, only incorrect guesses were
judged as similar to the learner’s previous guess (M = .52, SD
= .05, β = .12, SE = .03, p = .0002); correct guesses were not
(M = .47, SD = .18, β = .0023, SE = .16, p = .99). Thus, while
learners tended to be internally consistent, this tendency only
emerged when their guesses were incorrect. Correct answers
were unrelated to the previous semantic neighborhood.

Design. Participants evaluated the semantic similarity of the
HSP learners’ guesses to the corresponding target words, as
in Study 1. On each trial, participants were shown an HSP
learner’s guess and its target word, presented in either a
Guess-Based or Target-Based condition, identical to Study 1
(see Figure 1). These similarity judgments were collapsed
across conditions to provide a composite semantic similarity
measure. We then asked whether guesses that were
semantically similar to the target resulted in more accurate
guesses on the next trial.
Participants. We recruited 60 English-speaking adults from
Prolific, paying each $1.50 to participate in an 8-minute
experiment. Another 9 subjects were excluded for failing at
least 3 of the 4 attention-check questions, as in Study 1.
Materials. Learners in the cross-situational HSP task
generated 3,186 incorrect answers, consisting of 2,389
unique guess-target word pairs (some pairs were given
repeatedly or by multiple participants). Of this set, 1,755
pairs had already been evaluated by participants in Study 1
(e.g., “yummy”-“bite,” see Figure 1). In these cases, we used
the data collected in Study 1 to provide estimates of the
guess-target semantic similarity. For the remaining 634 pairs,
we collected judgments from new participants, run in the
same paradigm as Study 1. By combining the two datasets,
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we ensured we averaged over 10 similarity judgments for
each guess-target word pairing.
Procedure. Procedure was identical to Study 1. Each
participant evaluated 102 guess-target pairings, in either a
Guess-Based or Target-Based condition (see Figure 1).
Preregistration. All analyses were preregistered on OSF
(https://osf.io/kagfn).

Results
We calculated each guess’s semantic similarity to the target
word as the proportion of participants who selected the guess
and target word as being similar, across Guess-Based and
Test-Based conditions. We then asked whether a guess’s
similarity predicted the accuracy of the original learner’s
subsequent guess in a binomial mixed effects model with
random effects of original HSP learner, target word, and
random slopes of similarity-by-learner and similarity-byword. Critically, the previous guess’s semantic similarity to
the target did not significantly influence accuracy, β = .35,
SE = .55, p = .52. That is, learners’ closer-to-target guesses
did not lead to more accurate responses on the next trial.
Although semantically close guesses may have failed to
lead learners to the target meanings, perhaps learners were
nonetheless gradually converging on these meanings across
exposures. To test this possibility, we conducted a secondary
analysis examining guesses’ semantic similarity to the target
across all 5 exposures. A linear mixed effects model
predicting semantic similarity found no significant effect of
the exposure number, β = .0040, SE = .0058, p = .50. Thus,
learners’ incorrect guesses did not become any closer to the
target word over the course of learning.

Figure 4. Study 3 Results. Learners’ guesses did not
significantly increase in similarity to the target across 5
exposures to the word, p = .5. Error bars represent +/- 1 SEM.

Discussion
These results provide no indication that learners successfully
used semantically close incorrect guesses to home in on target
meanings across exposures. Learners were not more accurate
after close guesses than distant ones, and their guesses
showed no gradual increase in similarity to the target. Of
course, these results do not rule out the possibility that
learners constrained new guesses to previous guesses’
semantic neighborhoods. However, these results do suggest

that such inferences did not systematically improve adults’
word learning. Perhaps learners do employ this strategy—but
it does not appear particularly successful.

General Discussion
As children hear new words repeated in different contexts,
most of their hypothesized meanings for these words will
inevitably be incorrect. Here, we evaluated the viability of a
“stepping-stone” learning strategy by which learners could
use these incorrect guesses to inform their next guess,
eventually converging on the target meaning.
Results from Experiment 1 suggest such a strategy could,
in principle, succeed: learner’s incorrect guesses were judged
to be semantically similar to the target meaning, although this
effect was not as large as in previous work (cf. Johnson et al.,
2021). In addition, Study 2 revealed that cross-situational
word-learners did show some degree of internal consistency,
with consecutive guesses also judged to be semantically
similar. However, learners’ correct guesses in this task were
not found to be similar to the preceding guess, suggesting that
learning was not facilitated by these similarity-based
inferences. Indeed, a focus on previous guesses may have led
learners astray, preventing them from identifying helpful
cues in the current context. Finally, Study 3 evaluated the
critical prediction that semantically close-to-target incorrect
answers would facilitate subsequent learning—and found no
evidence to support this prediction. Thus, while learners
sometimes make guesses that are close to the correct
meaning, they do not successfully capitalize on these
moments to gradually converge on that correct meaning.
Of course, there may be multiple reasons for such a failure.
Some similar meanings may co-occur too reliably to
distinguish using only physical context (e.g., “computer” and
“monitor”). In other cases, the guess may simply be
synonymous with the target word (perhaps especially for
verbs: e.g., “twist” and “turn”; Zhang et al., 2020). Finally,
some types of similarity may make for better stepping-stones.
For instance, taxonomically similar meanings (e.g., “horse”
and “dog”) might provide better stepping-stones than
thematically similar meanings (e.g., “horse” and “saddle”).
Future work should examine such similarity-based inferences
in children’s word-learning. After all, young children may be
even less likely to engage in such a sophisticated, and largely
unhelpful, word-learning strategy.
In sum, these results suggest learners’ previous incorrect
guesses do not play a large role in successful cross-situational
word-learning. While incorrect guesses do tend to fall in the
correct semantic neighborhood, this does not ultimately lead
learners to the target meaning. Nor does a reliance on
previous guesses’ semantic neighborhoods serve learners
well: correct guesses, unlike incorrect guesses, were not
semantically similar to the learner’s previous, incorrect
guess. Thus, when learners correctly identify the meaning of
a word, they may do so largely by relying on the cues
available in that particular context, not by making a new
guess based on incorrect guesses made beforehand.
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Abstract
Different domains exhibit different degrees of lexical precision. Existing work has suggested that communicative need
may modulate the precision of word meaning in individual domains. We extend this proposal across domains by asking why
languages have more precise vocabulary in some domains than
others. We hypothesize that lexical precision for a domain
reflects how frequently speakers need to refer to it. We test
this proposal using a cross-linguistic dataset of word-concept
mappings for nine diverse domains from seven languages, and
word frequencies from independent corpora. We find that the
more frequent domains (except for kinship) tend to be more
precise in every language, supporting a domain-level account
of efficient communication on the precision of the lexicon.
Keywords: the lexicon; lexical precision; semantic domains;
communicative need; efficient communication

Introduction
Natural languages have vocabularies for expressing a diverse
range of domains, but not all domains share the same level
of lexical precision. For instance, the English vocabulary has
precise terms for expressing weathers such as snow and rain,
but it is ambiguous for expressing kin relations such as cousin
(as a child of one’s uncle or aunt, from mother’s or father’s
side). Why are certain semantic domains in the lexicon more
precise than others? We investigate this question in a computational analysis of semantic domains across languages.
All languages exhibit lexical ambiguity. That is, words
often have multiple meanings. For example, the Hungarian word szirt can refer to either PRECIPICE or REEF (see
Figure 1c). This phenomenon is sometimes also known as
colexification (François, 2008; Xu, Duong, Malt, Jiang, &
Srinivasan, 2020), whereby a single word form labels multiple meanings. However, lexical ambiguity is constrained.
Words are more likely to encode multiple meanings when
these meanings are semantically related (Floyd, Dalawella,
Goldberg, Lew-Williams, & Griffiths, 2021; Karjus, Blythe,
Kirby, Wang, & Smith, 2021; Xu, Duong, et al., 2020). Here
we focus on the cases where a word form encodes highly related meanings for a semantic domain, i.e., a special form of
colexification known as underspecification (François, 2008).
Underspecification can impede communication. For instance, it would be more effortful to distinguish RAIN and
SNOW in communication if these concepts are lexicalized
under the same word form, in comparison to the case where

they are labelled under distinct word forms. This issue can
be exacerbated when the underlying concepts are frequently
talked about in language, because these underspecified cases
of colexification would likely cause constant ambiguity in
communication even when context is taken into account. On
the contrary, if a concept rarely needs to be mentioned in language, we might expect underspecified cases of colexification
to be more tolerable, since the cost incurred due to ambiguity
would presumably be low given the low need for communicating such concepts.
Indeed, recent work has suggested that communicative
need—how frequently a concept is talked about or needs to be
made distinct from other concepts—may modulate the probability of colexification and hence the precision of vocabulary (Hawkins, Franke, Smith, & Goodman, 2018; Karjus
et al., 2021). In particular, it has been shown that concept
pairs such as SNOW and ICE are more likely to have distinct word forms from languages spoken in regions of cooler
climate due to greater needs for expressing and distinguishing them (Regier, Carstensen, & Kemp, 2016). Similar work
has also shown how communicative need may shape lexical
precision within an individual domain such as kinship (Kemp
& Regier, 2012), i.e., why we do not have a single term that
labels MOTHER and FATHER, reflecting the view that semantic domains across languages are structured to support
efficient communication (Kemp, Xu, & Regier, 2018).
The drive for communicative efficiency appears to have
shaped the lexicons of extant languages. Cross-linguistically,
systems of vocabulary do not take on theoretically possible,
but inefficient, configurations. This has been demonstrated
in several individual domains, including but not restricted
to spatial relations (Khetarpal, Neveu, Majid, Michael, &
Regier, 2013), kin relations (Kemp & Regier, 2012), numerals (Xu, Liu, & Regier, 2020), and color (Conway, Ratnasingam, Jara-Ettinger, Futrell, & Gibson, 2020; Kågebäck,
Carlsson, Dubhashi, & Sayeed, 2020; Zaslavsky, Kemp,
Tishby, & Regier, 2020). For surveys of recent work on the
role of efficiency in linguistic typology, see Gibson et al.,
2019; Kemp et al., 2018. This crosslinguistic tendency toward efficient communication has also been demonstrated in
language learners (Fedzechkina, Jaeger, & Newport, 2012;
Kanwal, Smith, Culbertson, & Kirby, 2017), and may relate
to the joint evolutionary pressures of learnability and com-
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Figure 1: An illustration of lexical precision based on colexification graphs. Portions of the CLICS3 colexification graphs
for the Physical Geography domain in (a) Russian, (b) Swahili, and (c) Hungarian. Each colored border delineates concepts
lexicalized by one word in the language.
municative expressivity (Carr, Smith, Culbertson, & Kirby,
2020; Kirby, Tamariz, Cornish, & Smith, 2015).
Our current investigation extends beyond the analysis of
an individual semantic domain toward multiple (and diverse)
domains. We want to understand whether similar principles
of communicative efficiency might explain the cross-domain
variation in lexical precision in different languages.

Efficient communication at the domain level
In order for a system of vocabulary to be simple without substantial loss of communicative precision, ambiguity should
be localized in less important parts of the lexicon. For example, since someone living in Toronto would usually encounter
dogs far more often than agoutis, it would be inefficient for
their vocabulary to include words for different types of agouti,
but not for different breeds of dog. The added complexity
would not add much communicative potential. Instead, it is
more efficient for them to use those cognitive resources learning breeds of dogs, and simply call all agoutis by one label.
More generally, in an efficient linguistic system, those pairs
of meanings that are more often relevant should be colexified less often. This is indeed the case for the concepts of
ice and snow, which are colexified more in warmer climates
than in cooler ones (Regier et al., 2016). Similarly, in an experiment based on a communication game, participants prefer
to colexify concepts that are less often needed (Karjus et al.,
2021). In an efficient vocabulary system, as communicative
need goes up, colexification (or more relevantly to our study,
underspecification) goes down.
The hypothesis. We propose that, within a given language, domains with higher communicative need (i.e., highfrequency) should tend to exhibit more lexical precision (i.e.,
low-ambiguity) than domains with less need. Our proposal is
inspired by work suggesting that communicative need at the
object-level and the domain-level may drive efficient structuring of semantic systems within and across domains respectively (Kemp et al., 2018). Although the idea that communicate need drives efficiency has been tested within individual domains (Kemp & Regier, 2012; Khetarpal et al., 2013;

Xu, Liu, & Regier, 2020; Zaslavsky et al., 2020), whether the
same idea holds across domains is an open question that we
pursue here. If it does, this will suggest that communicative
efficiency also explains cross-domain differences in lexical
precision beyond semantic structures within a single domain.

Crosslinguistic data
We collected two primary sources of data across languages.
Data for quantifying lexical precision came from the colexification database CLICS3 (Rzymski et al., 2020), and data
for estimating communicative need came from word usage
frequencies in different text corpora independent to CLICS3.

Database of colexification across languages
Data for lexical precision are sourced from the Database of
Cross-Linguistic Colexifications, third edition (CLICS3) of
which was published in 2020 (Rzymski et al., 2020). This
database encodes information about the meanings of words
in over 2,000 languages by linking words to a common collection of concepts taken from the Concepticon (List et al.,
2020). As these concepts span a diverse range of semantic
domains, this dataset is well-suited to a cross-domain comparison of lexical precision based on colexification patterns.
The database is compiled from 30 sub-datasets, with each
glossing words in a number of languages. Glosses in the contributing datasets are then used in CLICS3 to associate each
word in each language with the Concepticon concepts it lexifies. This association allows one to find all concepts colexified with a given concept in a given language or language
family.
The CLICS3 database also provides tools for visualizing
the colexification of concepts in a graph. Concepts are visualized as nodes, and nodes are connected by an edge if there
is a word in some dataset that lexicalizes both concepts. An
example of a portion of such a graph for Russian, Swahili,
and Hungarian is given in Figure 1.

Mappings from concepts to words
The resources used to extract information about lexical precision in semantic domains were Concepticon (List et al., 2020)
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and CLICS3 (Rzymski et al., 2020). The former is a list of
concepts intended to be cross-linguistically comparable, each
of which is linked to related glosses from various dictionaries
and databases. It also includes some information on interconcept relationships like “narrower”. The latter provides information on how each of these concepts is lexicalized in a
number of world languages. Consequently, the semantic domains to be studied were chosen as subsets of the concepts in
the Concepticon (described in the next section).
In order to find the frequencies of words from each semantic domain, it was necessary to map each of the chosen
concepts to a list of words in each included language. Concepticon provides links from a subset of its concepts to two
lexical databases: Babelnet (Navigli & Ponzetto, 2012) and
OmegaWiki (Omegawiki, 2019). Each of these databases is
organized by concept, and for each concept, lists words in
a variety of languages. These databases were accessed automatically through their web interfaces to find words associated to Concepticon concepts. Note that frequencies only
take into account concepts for which a word was found in
Babelnet or Omegawiki.
Although CLICS3 (Rzymski et al., 2020) provides mappings between concepts and words, said words are recorded in
a notation specific to CLICS3 which might or might not correspond to the actual word forms in a given language. Since
this notation does not reliably align with the standard orthography, it is not useful for finding words to search for in corpora, and BabelNet and OmegaWiki were used instead.

Text corpora for estimating communicative need
To test the generality of our hypothesis across languages, we
consider seven languages in Table 1 which have accessible
text corpora. We consider the following constraints in selecting text corpora and thereby languages. First, we used only
news corpora (or news subcorpora of larger corpora) to reduce any effect of differences in genre on the relative frequencies of semantic domains. Second, in order to have a sufficiently large sample from each domain, we used only corpora
of at least ten million words, total. Third, we used only corpora with lemmatization for all tokens, to facilitate looking
up all mentions of a particular lexical item more easily and
reliably. Forth, we ignored any corpora with high numbers
of translated texts, as translated texts would not accurately
reflect need probabilities in the translation target language.
For this reason, we eliminated parallel corpora and web-crawl
corpora. Finally, we used only corpora which were publicly
available for free. Within these constraints, we sought corpora representing languages from varied families. This left
us with the seven languages and corpora described in Table 1.
In order to estimate the communicative need of each semantic domain in each language, we consider words associated to each concept in each language, then find their usage
frequencies in the corresponding text corpora, as proportions
of total corpus size. The frequency for each semantic domain
in each language is calculated as the total frequency of all
words for concepts in that domain in that language. We chose

to approximate communicative need of a semantic domain
this way due to its straightforward procedure and generalizability across domains and languages, but it is by no means
the only or optimal way and has limitations. For instance, usage frequency of a polysemous word might represent its need
in several different domains and hence overestimates the need
for a single domain to a certain extent.

Choices of domains and concepts
We choose semantic domains based on the subsets of the concepts in the Concepticon (List et al., 2020), because these are
the common glosses used to compile the CLICS3 dataset.
Choice of domains. We choose semantic domains based on
three criteria: (1) previous mention in semantic typology literature; (2) reasonable assumption of noun-based concepts
and discreteness of the underlying conceptual space; (3) reasonable assumption of a shared underlying conceptual space.
First, we searched a broad collection of semantic typology
papers on diverse semantic domains including field manuals,
computational studies, experimental studies, and theoretical
work. Domains were only included if at least two of these
papers mentioned them. We acknowledge that our search and
set of domains are by no means exhaustive.
Next, we eliminated those domains which have a clearly
continuous, rather than discrete, conceptual space. We expected these domains to be poorly modeled by the discrete
concepts in the CLICS3 database. For example, the domain
of Colour was eliminated at this stage.
Finally, we eliminated those domains where the meanings of the concepts themselves were expected to vary across
languages due to cultural variation. This assessment was
aided by studies such as (Rabinovich, Xu, & Stevenson,
2020; Thompson, Roberts, & Lupyan, 2020; Majid, Jordan,
& Dunn, 2015) which compare the cross-linguistic semantic
alignment of different domains. For example, the domain of
Social Relations was eliminated at this stage. It is likely that
the meaning of many social relations, such as FRIEND and
GUEST, varies across cultures, and indeed Thompson et al.
(2020) find a low degree of cross-linguistic semantic alignment of words in this domain. The domains that remained
after this process were Animals, Body, Clothing, Emotion,
Kinship, Number, Physical Geography, Plants, Speech, and
Time.
Choice of concepts. We used only concepts whose ontological category in Concepticon was marked as “Person/Thing”.
These concepts are most likely to be lexicalized by nouns,
and by restricting our attention to one grammatical class, we
reduce the effect of each language’s syntax on the measured
frequencies of each domain. Moreover, each semantic domain underwent a further selection criterion, informed by the
relevant literature, and listed below:
Animals. Types of creatures from the kingdom Animalia.
No parts of animals were included. Types need not correspond to scientifically-delineated taxa.
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Table 1: The seven languages used for the analysis, and the corpora from which need probabilities are calculated.
Language
Albanian
Basque
English

Family
Indo-European
Basque
Indo-European

Hungarian
Russian
Swahili

Uralic
Indo-European
Atlantic-Congo

Turkish

Turkic

Corpus
Albanian National Corpus (Morozova, Rusakov, & Arkhangelskiy, n.d.)
Corpus of Contemporary Basque (Sarasola, Salaburu, & Landa, 2021)
British National Corpus (Bodleian Libraries, University of Oxford, on
behalf of the BNC Consortium, 2007)
Hungarian National Corpus (Oravecz, Váradi, & Sass, 2014)
Russian National Corpus (RNC Developers, 2016)
Helsinki Corpus of Swahili 2.0 (Hurskainen & Department of World
Cultures, University of Helsinki, 2016)
TS Columns Corpus (Sezer, 2017)

Body. From Brown (1976): “[P]art of [the human body] and
... described as ‘possessed by’ [the human body].” Includes
only things with specifically delineated locations on the
body: no liquids or other substances which move around
were included. Only parts of living bodies were considered.
Clothing. From Roach-Higgins and Eicher (1992):
“[E]nclosures that cover the body... generally omit[ting]
body modifications.”
Emotion. From Jackson et al. (2019): “[A] mental state that
[can] be felt.”
Kinship. Any kin relationship that Murdock (1970) addresses, as well as those strictly between those and the ego
on a family tree structured like those in (Kemp & Regier,
2012). Excludes concepts that depend on the speaker (e.g.
DAUGHTER (OF MALE EGO), defined as “A daughter,
as referred to by her father.”).
Number. A collection of one or more positive integers. Includes vague quantities like MANY.
Physical Geography. From Mark and Turk (2017): “[T]he
natural landscape, especially landforms and water bodies...
it does include toponyms and cultural and spiritual associations with landscape... and vegetation assemblages.” Excludes man-made constructions.
Plants. Types of living things from the kingdom Plantae. No
parts of plants were included. Types need not correspond
to scientifically-delineated taxa.
Speech. From Rhodes (1986): Concepts that “refer to instances of oral communication”.
Time. From Evans (2013): Concepts that “relate to experiences such as duration, simultaneity, assessment of a temporal ‘point’, the experience of ‘now’ ”. Concepts meaning subsets of the timeline (e.g. JANUARY and SOMETIMES) were also included.
Using these definitions, we hand-coded each concept from
the Concepticon, based on its Concepticon definition, as belonging to one or none of the above ten domains. Note that

the above-defined domains do not line up perfectly with the
“Semantic Field” associated to each concept in Concepticon.
We eliminated the data from any domain-language pairs in
which ten or fewer concepts had an associated wordform in
CLICS3, so the entire Number domain was eliminated, Emotion and Speech domains were not used in Albanian, Swahili,
or Turkish, and the Clothing domain was not used in Turkish. This left 56 domain-language pairs to be employed in
the analysis. We also focused on analyzing concepts lexicalized by single word forms in a given language in CLICS3
database. We discarded word forms if they contain spaces,
since words with spaces were usually multiple-word descriptions such as paternal grandfather which had been entered
into a component dataset as a single vocabulary item.

Computational methodology
In order to test our hypothesis, we need to define a formal
notion of lexical precision. We formulate lexical precision
as the opposite of lexical ambiguity, and we define the lexical ambiguity of a domain by estimating the average amount
of ambiguity it contains in its colexification patterns. Intuitively, a domain that shows a high degree of colexification
will yield high lexical ambiguity, and the reverse holds for
domains with high lexical precision. We describe two alternative methods, “expected lexical ambiguity” vs. “edge
density”, and suggest that the former is a more appropriate
measure which we used for our analysis.

Expected lexical ambiguity
To quantify lexical ambiguity in a way that takes into account semantic breadth of words (in general) within a domain,
we calculate the expected or average ambiguity of concepts
within that domain.
In our terminology, the ambiguity of a concept is determined by identifying the narrowest word that labels that concept, and counting how many concepts, including the target
concept, are labelled by that word. Formally, if a speaker intends to express a certain concept C, and they use the most
precise possible word to do so, then the ambiguity of C measures the number of possible interpretations of that word by
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the listener. Thus for a concept C in a domain D, we have:

Ambiguity(C) = min n {C0 ∈ D|w lexicalizes C0 }
words w

Here, w ranges over all words of the language under consideration, and n() measures the number of elements in a set.
The expected lexical ambiguity of a domain is then the average of Ambiguity(C) over all concepts C in that domain. As
an example, consider the few concepts in Figure 1 as a minidomain, and consider the lexical ambiguity of this domain in
Swahili (Figure 1b). The ambiguity of the concept VALLEY
would be 1, since there is a word, bonde, labelling only this
concept from the mini-domain. The ambiguity of REEF is 2,
since the most precise word for it, mwamba, lexicalizes two
concepts from the mini-domain. Similarly, the ambiguity of
PRECIPICE is 2, resulting in the average ambiguity of this
mini-domain to be 1.67. In contrast, the average ambiguity
of this mini-domain in Hungarian (Figure 1c) is 1, because
every concept has a maximally precise word lexicalizing it
within that domain. The expected lexical ambiguity, therefore, captures the precision in vocabulary available to speakers, and we explain how this measure is better than alternative
measures such as edge density described next.

Alternative measure based on edge density
We have also considered an alternative measure of lexical ambiguity by quantifying colexification in a domain using the
edge density of the relevant subgraph of the CLICS3 colexification graph for a given language. The edge density of a
graph is defined as the number of actual edges divided by the
number of potential edges (pairs of distinct vertices). That is,
if n(E) is the number of edges of the graph, and n(V ) is the
number of vertices, then the edge density is as follows:


n(V ) −1
2n(E)
.
Edge Density = n(E)
=
n(V ) (n(V ) − 1)
2
This measure captures some aspects of our intuition for the
“amount of ambiguity” in a domain. For example, in the subgraph corresponding to the concepts VALLEY, PRECIPICE,
and REEF (Figure 1), there is clearly more ambiguity in
Swahili than in Russian, since Swahili has a word colexifying PRECIPICE and REEF, which Russian does not. Correspondingly, the Russian subgraph has edge density 0/3 = 0,
while the Swahili subgraph has edge density 1/3 = 0.333....
However, this alternative measure fails to distinguish certain
cases which are different in important ways. Using edge density, we regard domains as highly ambiguous if speakers have
the option of using a word that covers many concepts. This
does not capture the increased precision available if speakers
also have the option of a semantically narrower word. For instance, the edge density of the Hungarian graph in Figure 1c
is identical to that of the Swahili graph in Figure 1b, which
ignores the fact that the words zátony and szikla are available to Hungarian speakers wishing to speak more precisely
about these concepts, while (according to CLICS3 data) no

such single words are available to Swahili speakers. Thus,
the Swahili vocabulary for these concepts is more ambiguous than the Hungarian vocabulary. However, the proposed
measure of expected lexical ambiguity which we described is
sensitive to this fact.

Adjustment for broader or narrower concepts
Due to the way databases were assembled into CLICS3, an
additional adjustment step is necessary for computing expected lexical ambiguity for each domain. In assembling
CLICS3, words from each contributing dataset were connected to concepts according to the glosses in that dataset.
This means that some words were recorded as lexicalizing
one broad concept, even when they also lexicalize many narrower concepts. For example, the English word grandfather
was mapped to the concept GRANDFATHER, which ignores
the fact that the concept GRANDFATHER also colexifies the
two concepts PATERNAL GRANDFATHER and MATERNAL GRANDFATHER. The type of underspecification in
the English word grandfather is exactly the type we wished
to capture with our measure of ambiguity in a domain. As
such, it is necessary to correct for this issue, to avoid undercounting the ambiguity of a domain.
To do so, we use the broader-narrower relations encoded
in Concepticon (List et al., 2020). Specifically, we followed
the general rule that if a concept from a domain has any narrower concepts from the same domain, then any words lexicalizing the broader concept are considered to colexify all
of the narrower concepts, and the broader concept is ignored.
For example, instead of lexicalizing GRANDFATHER, the
English word grandfather was considered to colexify PATERNAL GRANDFATHER and MATERNAL GRANDFATHER. For cases in which the narrower concepts did not
cover all logically possible cases of the broader concept, an
additional “other” concept was added. So, for example, in
Concepticon, the concept MONKEY is broader than the concepts SPIDER MONKEY, HOWLER MONKEY, and CEBUS MONKEY. The English word monkey is recorded in
CLICS3 as lexicalizing MONKEY. For our analysis, we instead regarded this word as colexfying the four concepts:
SPIDER MONKEY, HOWLER MONKEY, CEBUS MONKEY, and OTHER MONKEY. In cases where an “other” concept was logically impossible1 , such as in the case of splitting GRANDFATHER into PATERNAL GRANDFATHER
and MATERNAL GRANDFATHER, no “other” concept was
added. The average ambiguity for each domain was then
computed using this adjusted colexification dataset.

Results
To evaluate our main hypothesis, we performed a regressionbased analysis between (1) the expected lexical ambiguity of
each domain, and (2) the communicative need of each domain
(operationalized as the logarithm of the total domain usage
1 The judgment of “logically impossible” included an assumption
of binary gender and sex in humans and mammals, and of heterosexual spousal relationships.
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Figure 2: A summary of results for comparing the expected lexical ambiguity and communicative need (word usage frequency
of a domain) for each domain in each language. Domains with high needs or frequencies are expected to have low lexical
ambiguity. A line fit under a linear mixed-effects model on (a) all points, or on (b) the data with the Kinship domain removed,
is shown in grey, with a 95% confidence interval. Lines fit to data of each language are plotted in color, matching those in (a).
frequency), for 56 domain-language pairs we examined. We
used a linear mixed-effects model to account for these data,
which includes a random effect of language on slope. Figure
2 summarizes the results.
In Figure 2a, a linear mixed-effects model was run on all
the data points, expressing the ambiguity of a domain in terms
of its log frequency. These initial results were not significant:
although the slope of the model was estimated at -0.4 aligning with the direction that we expect from our hypothesis,
the overall fit was statistically insignificant p = 0.548. The
effect of language on slope was estimated to be exactly 0.
Due to the small number of data points, the initial analysis is
highly susceptible to interference from outliers. This can be
seen in the difference between Figure 2a and Figure 2b, where
the latter is based on a similar analysis except with the outlier datapoints removed. In order to test for interference from
outliers, a robust linear mixed-effects model from the package robustlmm in R (Koller, 2016) was applied to the data.
The model assigns a “robustness” from 0 to 1 to each point,
with low-robustness points considered outliers. The model
assigned robustness less than 0.5 to all and only points from
the Kinship domain. Therefore, we removed the Kinship domain as the outlier and re-ran the mixed-effects model (Figure 2b). This time, the slope of the model was significantly
negative at -0.05 with p = 0.016. The standard deviation of
the random effect of language was estimated at 0.0051. So,
the effect of the outlier Kinship domain obscured the general
pattern observed in the other domains in the initial analysis:
namely, more frequent domains tend to be more precise, and
this effect varies in magnitude across languages.

domains across languages. We found initial support for the
domain-level efficiency hypothesis that domains with higher
communicative need tend to have higher lexical precision.
Our findings extend existing work that explores similar ideas
in more restricted settings concerning pairs of concepts (e.g.,
Regier et al., 2016; Karjus et al., 2021). Our results are based
on a simple frequency-based measure of communicative need
and a limited set of semantic domains and languages, and are
therefore subject to issues such as biased estimation and outliers. As a result, the statistical power in our analysis may
be limited. However, to our knowledge this is one of the first
studies on examining the role of communicative need in shaping lexical precision across a diverse set of domains.
Our results provide some support for the view that communicative need modulates the precision of vocabulary across
domains, but these results can be consolidated with more domains and languages. It is possible that communicative efficiency does shape the cross-domain variation in ambiguity,
but that for Kinship, other factors might influence communicative efficiency and cause elevated ambiguity. For example, Rácz, Passmore, Sheard, and Jordan (2019) suggest that
social changes may influence the evolution of kinship vocabularies in ways that differ from the core vocabulary. Alternatively, it could be that kinship is a special domain from a
communicative view: in cultures such as English, one does
not typically refer to a relative directly by the kin term but
rather by name, making kin terms a subsidiary naming system. Future work can explore this issue and broaden the analysis to understand the general role of communicative need in
lexical precision across languages.

Discussion and conclusion

Code

We presented a computational study on the relationship between communicative need and lexical precision in semantic

Code and data for this paper are available on GitHub:
https://github.com/laurestine/needandambiguity/
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Oravecz, C., Váradi, T., & Sass, B. (2014, 01). The Hungarian gigaword corpus..
Rabinovich, E., Xu, Y., & Stevenson, S. (2020). The typology
of polysemy: A multilingual distributional framework. In
Proceedings of the 42nd annual meeting of the cognitive
science society.
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Abstract
Analogy problems involving multiple ordered relations of the
same type create mapping ambiguity, requiring some
mechanism for relational integration to achieve mapping
accuracy. We address the question of whether the integration
of ordered relations depends on their logical form alone, or on
semantic representations that differ across relation types. We
developed a triplet mapping task that provides a basic paradigm
to investigate analogical reasoning with simple relational
structures. Experimental results showed that mapping
performance differed across orderings based on category,
linear order, and causal relations, providing evidence that each
transitive relation has its own semantic representation. Hence,
human analogical mapping of ordered relations does not
depend solely on their formal property of transitivity. Instead,
human ability to solve mapping problems by integrating
relations relies on the semantics of relation representations.
We also compared human performance to the performance of
several vector-based computational models of analogy. These
models performed above chance but fell short of human
performance for some relations, highlighting the need for
further model development.
Keywords:
inference

analogy;

mapping;

embeddings;

transitive

Introduction
The solution of verbal analogy problems (e.g., tool :
hammer :: flower : rose) is a longstanding focus of work in
psychology and educational testing (e.g., Sternberg & Nigro,
1980). More recently, computational models that can solve
verbal analogies based on representations of word meanings
have been developed both in artificial intelligence (AI) (e.g.,
Mikolov et al., 2017; Turney, 2013) and cognitive science
(Lu, Wu, & Holyoak, 2019). A core problem that these
computational models must address is the eduction of
relations (Spearman, 1923): retrieving or computing the
unstated semantic relation between the two words in each pair
(e.g., the relation between the source pair tool and hammer,
and that between the target pair flower and rose). A general
solution is to make use of vector representations
(embeddings) that capture important aspects of the meanings
of individual words, generated by machine learning models
such as Word2vec (Mikolov et al., 2017), which are trained
on large text corpora. The relation between any two words
can then be educed either by the generic operation of
computing the difference vector between the paired words, or

by additional learning mechanisms that enable generation of
explicit representations of relations as vectors in a
transformed relation space (Lu et al., 2019; Ichien, Lu, &
Holyoak, 2022). Once relation vectors have been created, an
analogy can be evaluated by assessing the similarity of the
relation vectors for the source and target pairs (e.g., by
computing cosine similarity).
Solving verbal analogies presented in the form A:B::C:D
does not require mapping of individual concepts, because the
format itself specifies clear correspondences (A→C, B→D).
In order to extend vector-based computational models of
analogy to more complex problems in which each analog
involves multiple relations between more than two concepts
(necessitating a mapping process), the models must be
augmented with some mechanism to integrate multiple
relations so as to identify the optimal mappings between
concepts in source and target analogs. One approach is to
organize vector representations of both concepts and the
relations between them into attributed graphs, in which
concepts correspond to nodes and relations to edges (Lu et
al., 2022). Given a pair of attributed graphs, a probabilistic
graph matching algorithm can then be applied to identify the
optimal mappings between source and target concepts by
maximizing graph similarity under a soft isomorphism
constraint.
Lu et al. (2022) introduced a paradigm for testing the
ability of both humans and computational models to find

Figure 1: Time-course of an example category triplet
problem.
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mappings between words in analogy problems minimally
more complex than the standard A:B::C:D format. Rather
than each analog consisting of a single word pair, analogs are
triplets composed of three words (see Figure 1). One type of
problem involved category triplets, in which the source was
an ordered set of category names (e.g., clothing : sweater :
turtleneck), and the target consisted of three scrambled words
(e.g., dog, animal, beagle) that could also form an ordered set
of categories. For each problem participants were asked to
create a valid analogy by using their mouse to drag each of
the randomly ordered target terms under one of the terms in
the ordered source triplet.
The triplet mapping problem provides a basic paradigm for
investigating analogical reasoning using simple relational
structures. When the source and target analogs involve
multiple pairwise relations of the same type, as in category
triplets, inherent mapping ambiguities arise. For example,
animal : dog considered alone could map to either clothing :
sweater or sweater : turtleneck, because all of these pairs
instantiate the superordinate-of relation. Lu et al. (2022)
found that people were able to reliably solve such triplet
problems; a comparable requirement to integrate multiple
relations arises in many other relational reasoning paradigms,
such as transitive inference (Andrews & Halford, 1998;
Waltz et al., 1999). To resolve ambiguity in local mappings,
a reliable analogy model must assess relation similarities and
also integrate across relations based on mapping constraints.
Category relations are one of several general types of
semantic relations that exhibit the logical property of
transitivity (i.e., for relation r, A r B and B r C jointly imply
A r C). For any transitive relation, it is possible to form triplet
mapping problems, the solution of which requires both
eduction of relations between pairs of concepts and
integration of multiple relations. An important question is
whether the solution to mapping problems based on transitive
relations depends solely on their logical form, or on the
semantic representations of different relations. If the logical
form of structures directly determines analogical mapping (as
predicted, for example, by structure-mapping theory;
Gentner, 1983), we would expect constant mapping
performance regardless of semantic relations. In contrast, if
mapping performance varies across different transitive
relations, this would suggest that the semantics of relations
plays an important role in analogical mapping and reasoning.
Here we compare human performance on triplet problems
involving three types of transitive relations: category (e.g.,
bird : parrot : parakeet), linear order (e.g., pebble : rock :
boulder), and causal (e.g., lightning : fire : smoke). All of
these relations constitute formal structures based on transitive
relations. According to a taxonomy of forms proposed by
Kemp and Tenenbaum (2008), for categories, the ordering is
part of a hierarchy; for linear orders, the relation is itself an
ordering; for causal relations, the ordering is a chain within a
causal network (Waldmann, 2017).
If mapping of ordered relations depends solely on their
formal property of transitivity, then the three relation types
would yield mapping problems of approximately the same

difficulty. On the other hand, if each type of transitive
relation has its own semantic representation (as vector-based
models of analogy assume), then mapping difficulty may
vary across types. To explore this issue, we performed an
experiment to determine how well people are able to solve
triplet mapping problems based on the three types of
transitive relations. In addition, we also compared human
performance with several recent models of mapping based on
vector representations of word embeddings and relations.

Experiment: Mapping Triplets Based on
Transitive Relations
Method
Participants A total of 561 participants (Mage = 40.85, SDage
= 12.44, 288 female, 265 male, 6 gender non-binary, 2 gender
withheld; located in the United States, United, Kingdom,
Ireland, South Africa, New Zealand, Canada, and Australia)
were recruited via Amazon Mechanical Turk and received a
payment of $1. Of these, 27 participants reported not paying
attention while completing the task and were therefore
excluded from analyses, resulting in a final sample of 534.
The study was approved by the Office of the Human
Research Protection Program at the University of California,
Los Angeles, and participants provided informed consent.
The study was pre-registered online on AsPredicted and can
be accessed at: https://aspredicted.org/B2M_28Y.
Materials and Procedure Each participant completed three
verbal analogy problems, each based on pairs of triplets
(three words) of one of three types. The three triplet types
instantiated three classes of semantic relations, each formally
transitive: category member, linear order, and cause-effect.
The triplets were primarily based on norms of word pairs
instantiating the three relations, reported by Jurgens,
Mohammed, Turney and Holyoak (2012); some causal word
pairs were drawn from stimuli used in a study by Fenker,
Waldmann, and Holyoak (2005).
By presenting each participant with just one problem of
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Table 1: Examples of Triplets used in Experiment

Relation type

Triplet examples

Category

clothing: sweater: turtleneck
weapon: gun: rifle
reptile: lizard: iguana

Linear order

Causal

second: minute: hour
past: present: future
penny: nickel: quarter
exercise: fitness: health
nuts: allergy: rash
salt: thirst: drink

each type, we minimized any opportunity to learn the general
structure of the problems (as our focus was on initial
analogical mapping, rather than schema induction). For each
problem, an ordered set of three terms (e.g., clothing :
sweater : turtleneck) appeared in a fixed position on the top
of the screen, and a set of three randomly ordered terms (e.g.,
dog, mammal, beagle) appeared on the left (see Figure 1).
Participants were instructed to create a valid analogy by
clicking and dragging each of the randomly-ordered terms to
a box below the corresponding fixed term. Examples of each
type are provided in Table 1. Each problem was formed
using two triplets randomly drawn from a pool of eight, and
were shown in either order (56 possible pairs for each triplet
type). The presentation order of the three triplet problems was
counterbalanced across participants.
Before working on the three experimental problems,
participants read instructions that explained the triplet
analogy task using two examples, each involving different
relations than the experimental problems. The triplets in the
first example were barber : scissors : hair and bandage :
nurse : wound, and the triplets of the second example were
finger : hand : arm and leaf : branch : tree. The instructions
stated that an analogy is valid if the relations among the terms
in the two triplet sets match each other. Participants needed
to complete the second example correctly in order to begin
the experimental problems.

Results
Human Performance Mapping responses were first coded
as correct only if all three words were mapped correctly in a
problem. As there are six possible orderings of three items,
chance-level performance would be 0.17. Mean mapping
accuracy of the participants was 0.69 for category triplets,
0.77 for linear order triplets, and .48 for causal triplets. A oneway repeated measures ANOVA, with triplet type (category,
linear order, causal) as a within-subjects factor, revealed a
significant main effect of semantic relation on mapping
accuracy, F(2,1066) = 68.387, p < .001. Using a Bonferroni
correction for multiple comparisons, mapping accuracy was
reliably higher for linear order triplets than for category (p =
.003) or causal triplets (p < .001), and accuracy was higher
for category triplets than causal triplets (p < .001).
We also analyzed mapping accuracy for each of the three
individual role positions within each triplet problem. Rolebased mapping accuracy was coded as 1 if the correct target
word was mapped to its corresponding source word, scored
separately for each of the three words in the target triplet. The
means are shown in Figure 2. We conducted a two-way
ANOVA on mapping accuracy for each role, with triplet type
and role position (word 1, 2, and 3) as within-subject factors.
Mauchly’s test indicated a violation of the sphericity
assumption, χ2(9) = 85.949, p < .001. Given a violation of
sphericity (ε = 9.27), we report Huyn-Feldt corrected results.
This analysis revealed significant main effects of triplet type,
F(1.97, 1051.035) = 70.00, p < .001, and role position,
F(1.94, 1034.16) = 10.40, p < .001, as well as a significant

Figure 2: Mean mapping accuracy for words in each of
three roles, by triplet type. Error bars reflect ± 1 SEM.
interaction, F(3.738, 1992.29) = 8.086, p < .001. These
results indicate that specific semantic relations affect not only
overall mapping accuracy, but also accuracy for individual
roles in transitive triplets.
To further examine the impact of semantic relations on
mapping accuracy for individual roles, we conducted nine
pairwise comparisons between role positions within each
triplet type, using a Bonferroni correction for multiple
comparisons. For category triplets, accuracy was reliably
higher for the first role than the second (p < .01) or third (p
< .001), with no significant difference between the second
and third roles. For linear order triplets, accuracy for the
second role was reliably higher than for the first (p = .001) or
third role (p = .006), with no reliable difference between the
first and third roles. For causal triplets, accuracy was reliably
higher for the first role than for the second (p = .016) or third
(p = .009), with no significant difference between the second
and third. Thus for category and causal triplets, accuracy was
highest for the first word; whereas for linear order triplets,
accuracy was highest for the middle word.

Mapping Semantic Relations with VectorBased Computational Models
We implemented several vector-based models that are
capable of computing the semantic relation between any two
words, and then integrating multiple relations to identify the
optimal mapping between analogs. Each model simulates
mapping performance on each of the 56 triplet problems used
in the human experiment. For the present simulations,
mappings were considered correct only if all three entities in
the target were correctly mapped to the source (chance
performance = 0.17).
We tested models based on four different methods for
creating vector representations of semantic relations. These
methods were: two versions based on sentence embeddings
generated by a recently-developed model for natural
language processing (NLP), Bidirectional Encoder
Representations from Transformers (BERT) (Devlin et al.,
2019); a version based on an earlier NLP method to create
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word embeddings, Word2vec (Mikolov et al., 2013; Zhila et
al., 2013), and vector representations of word-pair relations
generated by a model of relation learning, Bayesian Analogy
with Relational Transformations (BART) (Lu et al., 2019).
Each of these four sets of relation embeddings was used with
an exhaustive algorithm for finding the optimal mapping
between two triplets. In addition, two of the sets of relation
embeddings (based on Word2vec and BART) were also
coupled with an algorithm for Probabilistic Analogical
Mapping (PAM) (Lu et al., 2022), which is more
computationally efficient than the exhaustive algorithm.
Thus, a total of six computational models were implemented
and used to simulate human performance.
In exhaustive mapping, for each problem all alternative
mappings are considered between an ordered source triplet
(e.g., tool : ax : hatchet) and each of the six possible orderings
for the entities in a target triplet (e.g., bird : parakeet : parrot,
parrot : bird : parakeet, etc.). All representations are derived
from word embeddings: high-dimensional vector
representations of individual word meanings computed from
hidden layers of activation in Natural Language Processing
(NLP) models (implemented as artificial neural networks)
that have been trained to predict word and/or sentence
sequences within vast text corpora. For all models based on
exhaustive mapping, the predicted correct mapping is
obtained by selecting the one of the six possible mappings
that minimizes cosine distance.
BERT BERT is an NLP model that takes full sentences as
input and is equipped with a transformer block, which
enables the model to generate embeddings of individual
words in input sentences that are context-dependent:
sensitive to both the identity and order of other words used in
that sentence (Devlin et al., 2019). Although it represents
verbal input as unstructured vectors of activation, BERT
embeddings have been used to recover structural properties
of sentences that approximate those posited by theoretical
linguists (Manning et al., 2020). In the present simulations,
we examined the extent that such representations could be
used to find correspondences across instances of transitive
relations.
We acquired sentence embeddings from BERT through the
Transformer Model for MATLAB toolbox1, using the bertbase model pre-trained on the BooksCorpus (800M words)
(Zhu et al., 2015) and the English Wikipedia corpus (2,500M
words) (Devlin et al., 2019). In order to represent each
ordering of a given triplet, we used each of two methods. The
first employed a generic sentence across all three triplet
types, in which words representing each entity within a triplet
were embedded in the following structure: “A is a related to
B, which is related to C.” Within this skeletal sentence, we
replaced the first word in an ordered triplet with A, the second
word with B, and the third word with C (e.g., the ordering
tool : ax : hatchet yielded “Tool is related to ax, which is

1

related to weapon”).
The second method for obtaining embeddings from BERT
employed a specific sentence for each triplet type, specifying
the particular semantic relation instantiated by that triplet:
For category triplets: “A is a category of B, which is a
category of C;” for linear order triplets: “A goes before B,
which goes before C;” and for causal triplets: “A causes B,
which causes C.”
In order to examine BERT’s performance on analogy
triplet problems, we adopted two methods for extracting
representations of generic and specific sentences, spanning
the source analog and the 6 different orders of the target
analog for each problem. Using the first method, we
computed the mean of the individual word embeddings
constituting each input sentence to generate a unified
sentence embedding. Using the second method, we simply
extracted the embedding for the [CLS] classification token
for each input sentence. Because the first method
outperformed the second, we report results using the first
method.
Word2vec-diff In contrast to context-dependent word
embeddings created by BERT, static word embeddings
generated from earlier language models like Word2vec
(Mikolov et al., 2013) represent individual word meanings
using single vectors, regardless of their context of use. In
order to compute representations of pairwise relations
between words from Word2vec embeddings, we took a
generic operation: the vector difference (Word2vec-diff)
between words in each pair. This difference-vector approach
to representing relations between individual words has been
used to solve four-term analogy problems relating similar
pairs of concepts (Zhila et al., 2013; but see Peterson, Chen,
& Griffiths, 2020, for evidence of limitations). In order to
represent the relations instantiated in a triplet A:B:C, we
concatenated vector differences between vectors representing
A and B as 𝒇𝑨 − 𝒇𝑩 , B and C as 𝒇𝑩 − 𝒇𝑪 , and A and C as 𝒇𝑨 −
𝒇𝑪 , for source triplets as 𝑺 = [𝒇𝑨 − 𝒇𝑩 , 𝒇𝑩 − 𝒇𝑪 , 𝒇𝑨 − 𝒇𝑪 ].
Similar operations are used for the target triplet.
BART BART uses supervised learning to acquire explicit
representations of semantic relations (e.g., X is a part of Y)
and the individual roles that constitute them (e.g., part and
whole) from unstructured vector representations of individual
word meanings (Lu et al., 2019, 2022). For the present
simulations, BART was trained using Word2vec word
embeddings for word pairs that instantiate a set of relations.
The learning model acquires weight distributions over
selected feature dimensions of input word vectors. These
weight distributions are used to predict the posterior
probability that a word pair instantiates a particular relation,
After relation learning, BART has acquired role-based
weight distributions that are diagnostic of individual words
serving the first role of a given relation (e.g., part in the
relation X is a part of Y), which constitute explicit

https://github.com/matlab-deep-learning/transformer-models
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representations of those relational roles. To do so, BART
reapplies Bayesian logistic regression to the element-wise
product of prior-learned relation weight distributions and
vectors representing the first word of training example word
pairs. BART’s learning culminates in explicit representations
of both full semantic relations and the individual roles that
constitute them.
In order to then represent the relation between any pair of
words A:B, BART applies its learned relation weight
distributions to generate a relation vector 𝑅𝑒𝑙𝐴𝐵 in which
each element represents the posterior probability of the word
pair instantiating each of learned relations: 𝑅𝑒𝑙𝐴𝐵 =
〈𝑃(𝑅𝑒𝑙1 = 1|𝑓𝐴 , 𝑓𝐵 ), … 𝑃(𝑅𝑒𝑙𝑘 = 1|𝑓𝐴 , 𝑓𝐵 )〉.
Ichien et al. (2022) found that applying a power
transformation to BART’s relation vectors, raising the value
along each dimension to a power of 5 (i.e., “winners take
most”) improves their ability to predict human judgments of
relational similarity. We applied that power transformation to
relation vectors in the present simulations.
BART uses its learned role weight distributions to generate
a role vector 𝑅𝑜𝑙𝑒𝐴 populated by posterior probabilities
representing the extent that the first word 𝑓𝐴 in a given pair
of word vectors 𝑓𝐴 and 𝑓𝐵 instantiates the corresponding
learned role:
𝑅𝑜𝑙𝑒𝐴 = 〈𝑃(𝑅𝑜𝑙𝑒1 = 1|𝑓𝐴 , 𝑓𝐵 ), . . . , 𝑃(𝑅𝑜𝑙𝑒𝑘 = 1|𝑓𝐴 , 𝑓𝐵 )〉.
In order to represent the full relational meaning of a given
word pair 𝑅𝐴𝐵 , we concatenated 𝑅𝑒𝑙𝐴𝐵 and 𝑅𝑜𝑙𝑒𝐴 to form the
relation representation 𝑅𝐴𝐵 = [𝑅𝑒𝑙𝐴𝐵 , 𝑅𝑜𝑙𝑒𝐴 ].
In the present simulations, we combined two datasets of
human-generated word pairs to train BART. The first dataset
(Jurgens et al., 2012) consists of at least 20 word pairs (e.g.,
engine : car) instantiating each of 79 semantic relations (e.g.,
X is a part of Y). The second dataset consists of at least 10
word pairs instantiating each of 56 additional semantic
relations (Popov, Hristova, & Anders, 2017). Across both
datasets, BART acquired weight distributions for 135
semantic relations. Since BART’s learned relation weights
can be expressed as two separate halves (i.e., those associated
with the first relational role and those associated with the
second relational role), BART can automatically generate
representations of the converse of each learned relation by
swapping the relation weights associated with each
individual relational role. Thus, upon learning a
representation of X is a category for Y, BART can also form
a representation of its converse, Y is a member of category X,
effectively doubling its pool of learned relations from 135 to
270 in total.

Exhaustive Mapping
Each of the four sets of relations embeddings described above
was paired with a mapping algorithm that performs an
exhaustive search, comparing an ordered source triplet to all
six possible orders of a target triplet. This exhaustive
mapping algorithm selects mappings based on which
̂ maximizes its overall similarity with
ordering of the target 𝑻

the ordered source 𝑺:
𝑇̂ =
argmax

1 − 𝑐𝑜𝑠(𝑆, 𝑇)

(1)

𝑇∈{𝑇1 ,𝑇2 ,𝑇3 ,𝑇4 ,𝑇5 ,𝑇6 }

Probabilistic Analogical Mapping (PAM)
The second mapping algorithm used in our simulations
implements a graph-matching procedure that maximizes the
similarity between two semantic relation networks,
respectively representing the source and target analogs.
Formally, semantic relation networks are attributed graphs in
which each node 𝑵 and each edge 𝑬 is assigned attribute
embeddings 𝑨. Within semantic relation networks, nodes are
word embeddings for individual concepts and edges are
semantic relation vectors between words. 𝑨𝒊𝒊 represents the
semantic attribute of the 𝒊th concept, and 𝑨𝒊𝒋 indicates the
relation attribute of the edge between the 𝒊th concept and 𝒋th
concept. For the present simulations with PAM, we always
use Word2vec word embeddings for semantic attribute 𝑨𝒊𝒊
for the nodes in the attributed graph. In one of two versions,
for edge attributes 𝑨𝒊𝒋 we use Word2vec-diff vectors, 𝒇𝒊 −
𝒇𝒋 ; in the other version, we use BART vectors 𝑹𝒊𝒋 .
We represent the source and target analogs as graphs 𝒈 and
𝒈′ with concept indices 𝒊, 𝒋, and 𝒊′, 𝒋′ , respectively. 𝑴𝒊𝒊′ = 𝟏
if the 𝒊th concept node in the source analog maps to the 𝒊′th
concept node in the target analog. The goal of the model is to
estimate the probabilistic mapping matrix 𝒎, which consists
of elements denoting the probability that the 𝒊th node in the
source analog maps to the 𝒊′th node in the target analog,
𝒎𝒊𝒊′ = 𝑷(𝑴𝒊𝒊′ = 𝟏). PAM adopts a Bayesian approach to
infer a mapping 𝒎 between concepts in the source and target
analogs that maximize its posterior probability:
𝑃(𝑚|𝑔, 𝑔′ ) ∝ 𝑃(𝑔, 𝑔′ |𝑚)𝑃(𝑚),
with the constraints
∀𝑖 ∑𝑖′ 𝑚𝑖𝑖′ = 1, ∀𝑖′ ∑𝑖 𝑚𝑖𝑖 ′ = 1
(2)
The likelihood term 𝑃(𝑔, 𝑔′ |𝑚) uses mapping probabilities
as weights to compute likelihood probabilities based on a
weighted sum of the semantic similarity between mapped
concepts and of the relation similarity between mapped
relations. The prior term favors isomorphism, with one-toone correspondence in graph matching.
To implement the inference in Equation 2, we employ a
graduated assignment algorithm (Gold & Rangarajan, 1996)
similar to those previously used in matching problems in
computer vision (Lu & Yuille, 2005; Menke & Yang, 2020).
The algorithm incorporates soft assignments in graph
matching, allowing probabilistic mapping values that lie in
the continuous range [0,1] rather than requiring deterministic
one-to-one mapping values.

Comparisons between Model Predictions and
Human Performance
Figure 3 presents mapping accuracy of humans and each of
the six computational models for each triplet type. For
category triplets, BART with exhaustive search (.75) and
with the PAM mapping algorithm (.71) achieved humanlevel performance (.69). All the other models showed much
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Figure 3: Overall mapping accuracy for models (grey bars) and human reasoners (blue bars) for category (light shade),
linear order (middle shade), and causal (dark shade) triplet problems. For models, upper x-axis labels refer to alternative
relation representations, and lower x-axis labels refer to alternative mapping algorithms. Dotted line marks chance
performance (.17). Errors bars reflect ± 1 SEM.
worse mapping accuracy for category triplet problems
(between .23 and .41). For humans, accuracy on linear order
triplets was the highest among the three triplet types (.77);
however, all models performed poorly on linear order
problems. The highest accuracy on linear order triplets was
achieved by exhaustive BART (.52) followed by BART
coupled with PAM (.39). The Word2vec-diff models reached
accuracy around 0.3, and the BERT models showed chancelevel performance. For causal triplets, human performance
was much lower than for either of the other two types (.48).
The models performed even worse, with only BART coupled
with PAM achieving above-chance accuracy (.29).

Discussion
Our results show that human performance on mapping
problems involving transitive relations differs substantially
between different semantic relations: most accurate for linear
order relations, followed by category relations, and least
accurate for causal relations. These systematic differences
among semantic relation types imply that each type of
transitive relation has its own semantic representation, and
that mapping is influenced by these semantic representations,
rather than being based solely on the formal property of
transitivity.
One possible explanation for the experimental results is
that people have prior schematic knowledge about linear
orderings based on magnitude, and such existing schemas are
not as easily retrievable for category and causal problems.
Future research could explore how people might improve at
these problems by learning schemas for the semantic
relations (e.g., by completing multiple problems; Gick &
Holyoak, 1983).
The differences in mapping performance across relation
types also provide insights into how humans represent and

map each type of semantic relation in analogical reasoning.
In particular, the three types varied in accuracy across the
three role positions. For category problems, the first word
was mapped most accurately, replicating the pattern reported
by Lu et al. (2022). This finding suggests that the most
abstract category (superordinate) is the most distinctive of the
three. For causal triplets, accuracy was also highest for the
first role, consistent with evidence that the root cause in a
causal chain is most distinctive (Ahn, Kim, Lassaline, &
Dennis, 2000). In contrast, for linear order triplets the middle
role was most accurate. This pattern implies that the most
common error was a reversal of the order between the source
and target (i.e., the first and third roles were reversed, while
the middle role was correct because it remains the same
regardless of the direction of the ordering).
Vector-based models of relation representations are
capable of educing the relation between word pairs; and when
coupled with a mapping algorithm, such models can in
principle compute mappings that require integration of
multiple relations, as is required for our triplet analogies.
However, none of the six specific models we implemented
proved particularly impressive in capturing the pattern of
human performance for all relations examined in the study. It
is possible that humans adopt different representation formats
for different types of relation representations. For example, a
linear ordering could be identified by projecting word vectors
onto a magnitude dimension in a semantic space (Grand et
al., 2022). Causal relations may be represented using special
integration functions (Yuille & Lu, 2007) and learned
through interventions. Hence, our comparison of model and
human performance highlights the need to develop more
sophisticated relation representations (beyond vector-based
models) that can support analogical reasoning.
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Abstract
Elicited imitation is a widely used method for testing a child's
knowledge of a language for scientific or clinical purposes.
A child hears an utterance and is asked to repeat what they
have heard. While it is assumed that their fluency or speed in
doing so is contingent on their linguistic competence, little is
known about the cognitive mechanisms and/or
representations involved. To explore this, we train an
encoder-decoder model, consisting of recurrent neural
networks, to encode and reproduce a corpus of child-directed
speech and then test its performance on the experimental task
of Bannard and Matthews (2008). In that study pre-school
children were asked to repeat high- and low-frequency fourword sequences in which the first three words were identical
(e.g., sit in your chair and sit in your truck) and the final
words and bigrams were closely matched for frequency. We
find that like those children our model makes more errors on
the initial three words when they are part of a low-frequency
than a high-frequency sequence, despite the fact that the
words being repeated are identical. We explore why this
might be and pinpoint some possible similarities between the
model and child language processing.
Keywords: sentence repetition; language development; deep
learning; phrase frequency.

Introduction
Elicited imitation, also referred to as sentence repetition or
sentence recall, is a widely used method for testing a child's
knowledge of a language. A child hears an utterance being
produced, typically in a recording, and is asked to repeat what
they have heard. The child’s fluency and/or speed in doing so
is taken as an indicator of their knowledge of linguistic
(typically lexical or grammatical) properties of the sentence.
As well as being used to address a range of theoretical
questions regarding the acquisition of language, over the last
two decades elicited imitation has found application in
clinical diagnosis. Conti-Ramsden et al (2001) explored the
utility of sentence repetition in identifying children with
Developmental Language Disorder. They found it to be a
more useful measure than three other more widely-used tasks.
Since then, the method has been deployed across multiple
languages (see Rujas et al, 2021 for a recent survey).

It is widely assumed that the child's ability to remember
and then reproduce a sentence is affected by their linguistic
ability. According to Potter (2012; p.5) "immediate recall of
a sentence (like longer-term recall) is based on a conceptual
or propositional representation of the sentence…having
understood the conceptual proposition in a sentence, one can
simply express that idea in words, as one might express a new
thought." However, there is limited understanding of the
mechanisms involved or the encodings used. One way that
this gap can be addressed is of course via human experiments
- looking at how well children are able to represent and recall
different kinds of sentences. Another, complementary,
approach is to create a computational model of the process.
In this work we take a step in this direction.
Our starting point for a model of elicited imitation is the
encoder-decoder network. Such networks are used in a range
of natural language processing tasks to generate utterances
conditional on an input. First the encoder builds a
representation of an input utterance, including the order of the
words. This (whole sentence) representation is then passed on
to the decoder, whose task it is to generate a sentence
conditioned on the encoded input. For example, in machine
translation an utterance is generated in a target language
conditional on an utterance in a source language. In dialogue
systems an utterance is generated conditional on the previous
turn in the dialogue.
Our goal in this paper is to model the process of sentence
repetition. The input to our network is the sentence heard by
the child. The job of the network is to encode and then
reproduce this sentence. We are interested in whether the
kinds of representations that encoder-decoder networks
develop in response to this task can provide a useful model
of those used by children. Our window onto human
representations is the errors that speakers make. However, to
a fully trained network with unlimited capacity, direct
imitation is a trivial task, much as the sentence repetition task
is trivial for adult speakers. We therefore impose constraints
on the representational capacity of the model.
Our question is whether the circumstances under which our
model makes errors are the same as those under which
children make errors. We seek to replicate an effect reported
by Bannard and Matthews (2008). In this study 2- and 3-yearold children repeated pairs of four-word sequences that were
identical except for the final word, where one sequence was
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high frequency (a drink of milk) and one was low frequency
(a drink of tea) in child-directed speech. The frequency of the
final words and bigrams were also matched. Children were
found to be more fluent and quicker in producing the identical
first three words when those words were part of a highfrequency sequence. This finding, where the error rate for a
single sequence of words varies depending on the context,
provides an interesting test case for any model of production.
While encoding and decoding can be done by a range of
different temporal-learning networks, the model type we
deploy is a kind of recurrent neural network - the long short
term memory model (LSTM; Hochreiter & Schmidhuber,
1997). Unlike in simple recurrent networks which have been
widely deployed for cognitive modelling purposes, in LSTMs
the flow of information across time is controlled by memory
gates, the behaviour of which is also learned from data.
Recurrent neural networks with gating are the basis of a
popular cognitive model of working memory (O'Reilly &
Frank, 2006) with recent work having identified neural
signatures of gating (Rac-Lubashevsky & Frank, 2021).

Methods
Model Architecture
Encoder-decoder models, also known as Seq2Seq models,
consist of two components: an encoder and a decoder. The
precise function of these components depends on the task
being performed. In machine translation, the model is trained
on pairs of translationally equivalent sentences. The task of
the encoder is to build a representation of the source
utterance, including the order of the words it contains. This
(whole sentence) representation is then passed on to the
decoder, whose task it is to produce a translation of the source
utterance in the target language. The decoder is presented
with the encoder’s representation of the source utterance (as
well as a start-of-utterance marker) and starts to produce
words in the target language. Importantly, the words that are
produced by the decoder are fed back to it. The decoder thus
blends the encoder’s representation of the source utterance
with the representation of the words it has produced so far1 to
shape the words it produces downstream (see Fig. 1). This
process continues until the decoder produces an end-ofutterance marker, or a maximum word limit is produced.
Since learning is supervised, the decoder’s production can be
compared to the target utterance, to generate an error signal
that is used to adjust weights throughout the model.
We implement our encoder and decoder using an LSTM
network. Both the encoder and decoder can be equipped with
so-called embedding layers, which can provide a dense
representation capturing the semantic (dis)similarity between
words. The use of embedding layers representing
distributional semantics represents an improvement over
traditional language modelling methods (such as n-gram

models) as it enables the computation of linguistic
representations over classes of distributionally similar items.
For the current simulations we used a Seq2Seq model in
which both the encoder and decoder contained a single layer
LSTM network. We investigated how LSTM capacity affects
model performance by running models with differing
numbers (30, 40, 50, 60) of hidden cells or dimensions. Both
the encoder and decoder were equipped with an embedding
layer of 50 dimensions. Embeddings were learned during
training and thus specific to the model’s input which
consisted of child-directed speech. Code for all experiments
is at github.com/cbannard/sentrep_cogsci22.
An important difference between the standard use of the
Seq2Seq model and our simulations is that, unlike in machine
translation, where the source and target utterance are
translational equivalents in different languages (which may
be of different length), our source and target utterances are
pairs of identical English utterances. This may seem a trivial
task from a machine translation perspective. However, it is
worth bearing in mind that the encoder and decoder are
independent, and the encoder needs to learn to represent the
input it receives in a way that is sufficiently fine-grained for
the decoder to infer both the identity and the order of the
words that the encoder received. The encoder and decoder
roughly map onto the distinct processes of comprehension
and production, and comparing the model’s and children’s
performance on sentence repetition may provide us with
insights into the representations involved in these processes.

Figure 1: An Encoder-Decoder (Seq2Seq) network

Model Input
Our model was trained on English child-directed speech
obtained from CHILDES. Input consisted of a mix of UK and
US English corpora. We performed minor filtering on the
CHILDES files (we removed punctuation and markup). For
information on the corpora and preprocessing employed see
the github repository. The total amount of input
approximated 2 million utterances, restricted to a maximum
length of 15 words. We reduced the vocabulary to words that
occurred a minimum of 5 times. Out-of-dictionary words in
the input were replaced with a random token. Models were
trained for a total of 500 epochs of 10,000 utterances each.
The input for each individual epoch was sampled randomly
from the input corpus and split in an 80:20 ratio for training
and validation. Models were tested (and responses recorded)

1

Though learning can be aided by feeding back the words from
the target utterance, a process known as Teacher Forcing.
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on the experimental stimuli (see below for details) every 10
epochs.

Experimental Stimuli
The stimuli were 13 pairs of high-frequency (e.g., go to the
shop) and low-frequency sequences (e.g., go to the top) listed
in Bannard and Matthews (2008). The high- and lowfrequency items from each pair had the same first three words
and final words and bigrams were of equivalent frequency.

Results
Model performance (error rates on the first three words) on
the stimuli is shown in Fig. 2. Models were run with 30, 40,
50 or 60 hidden dimensions in both the encoder and decoder
LSTMs, and averaged over 10 model runs each. As can be
seen in Fig 2, all models learn to repeat the stimuli with high
accuracy. Models with more hidden dimensions do so more
quickly, and reach better overall accuracy levels than models

with fewer hidden dimensions. It is clear from Fig. 2 that all
models go through a stage where they show better
performance on the first 3 words of the high-frequency than
the low-frequency sequences. The degree of separation, as
well as the length of the period during which there is
separation, is larger for models with lower capacity. Overall,
the degree of separation is in a similar range to that reported
by Bannard and Matthews (~10% for the two-year-olds, and
~5% for the 3-year-olds), though not necessarily at the same
overall error rates (68% on the low frequency items for the
two-year-olds, and 35% for the three-year-olds).
Nevertheless, the fact that the models show separation
between the two sets of stimuli across a range of 100-200
epochs suggests that the model architecture captures some
aspects of the difference between the two sets of stimuli that
children are sensitive to.

Figure 2: Model performance (3-word error rate) on the Bannard and Matthews (2008) stimuli
with high and low frequency.
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4 (30%). Meanwhile non-target intrusions are most likely
in this final position. We propose the following explanation
for this pattern. All of these errors arise because highly
activated words appear in place of less activated words.
Words that are less activated early in the sequence remain
so throughout the production and thus are omitted rather
than delayed. Lexical repetition of otherwise preferred
words is unlikely as repetition is rare in the training corpus.
These two pressures result in target words occurring earlier
than they should more often than they occur late.
One factor that could plausibly be implicated in this
process, as well as in the appearance of non-target words is
the relative frequency of different words and word
combinations in the training corpus - it could be that errors
occur in the utterances at exactly the points where the target
word is least predictable or where another word (from a
later part of the target or from outside the target) is most
probable in that context. This latter kind of error is known
elsewhere in cognitive psychology as a habit slip and has
recently been reported in linguistic behaviour by adults and
children (Bannard et al, 2019; McCauley et al, 2021).
The existence of habit slips in our model output was
investigated by examining the relative frequency of the
target and the produced sequence for each error. The
analysis was carried out in the following manner. For every
error, we considered a left and right context, with the left
context defined as all positions from (and including) the
start marker up to (and including) the position containing
the error, while the right context consisted of all positions
up to (and including) the end marker. For both contexts, we
aimed to determine the maximum context length for which
the resulting production (the error) was more probable than
the target. Thus, for an error in position 1, we considered
as the left context the unigram (word) probability of the
produced word compared to the target, as well as the
bigram probability of the relevant word in combination
with the start marker (i.e., in utterance-initial position). If
the bigram probability of the error was larger than the
target, we assigned a context score (length) of 2. If the
bigram probability of the target was larger, and the unigram
(word) probability of the error was larger than the target,
we assigned a context score of 1. If both the bigram and
unigram probability of the target exceeded those of the
error, we assigned a context score of zero, indicating that
the error was not driven by the n-gram statistics of the
input. The same procedure was followed for the right
context and across positions. The rationale behind this
procedure is that each error is described by two numbers
that express how well the error is supported by the left and
right n-gram statistics, with higher numbers reflecting
larger supportive contexts. The upper limit of these
numbers depends on position and type of context and
ranges from 2 (pos1, left; pos4, right) to 5 (pos1, right;
pos4, left). The lower limit is always zero. Fig. 3 shows the
results of this analysis as a stacked bar chart.

Error Analysis
We next look at the position and types of error that the
model makes. For this analysis we pooled the data from all
(10) models with hidden dimensions of 40 and 50 at epochs
150, 200, 250 and 300. This sample reflects a range of
intermediate training stages and capacity levels. Since
there are 26 stimuli (13 pairs) in the Bannard and Matthews
set, this makes up a set of 2080 productions. The threeword error rate in the combined set is 40% for the lowfrequency sequences, and 34% for the high-frequency
sequences.
The results shown in figure 2 include only errors on the
first three words - the parts of the sequences that are
identical in the high- and low-frequency four-word
sequences. In the high-frequency sequences, these earlier
words must somehow be protected from error by the larger
sequence and the downstream target word. Take, for
example, the sequence pair when we go out and when we
go in. For an example model the first, high-frequency
sequence is correctly produced, but for the second lowfrequency sequence we see the sequence we we go in. It
appears that the higher probability starting word we has
intruded and is repeated. However, somehow in the word
sequence when we go out the higher frequency of the target
protects the production from this intrusion as early as the
first word. In fact, errors seem to be made with highest
frequency in earlier positions of the 2080 productions, 451
have errors in first position, 428 have errors in second
position and 229 have errors in third position.
Errors in the productions can be loosely divided into two
kinds - those that involve the production of a word that isn’t
in the target sequence and the production of a word from
the target but in the wrong position. Errors of the second
type can be separated into intrusions (the model produces
a word that occurs at a later position in the target) and
perseverations (the model produces a word that occurs at
an earlier position in the target). Error rates for the different
positions are shown in Table 1. For completeness we
include errors on all four words.
Table 1: Error types by position.

1
2
3
4

Target word in wrong place
Intrusion
Perseveration
288
0
183
74
36
92
0
172

Non-target
word
163
171
101
405

Unsurprisingly, intrusion errors are most common in
positions 1 and 2, while perseveration errors are more
common in later positions. However, it is worth noting that
intrusion errors make up a much larger proportion of errors
in position 1 (64%), than perseveration errors do in position
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Decoder analysis

Fig 3: Length of supporting contexts for habit slips in
different positions, e.g., P1-l = position 1, left context.
There are a number of things that stand out in Fig. 3. At the
left context for position 1 (the leftmost bar), the
overwhelming majority of errors is supported by a context of
length 2, which represents the bigram probability in the
context of the start marker (the maximum possible value for
this context). This means that virtually all the errors in
position 1, consist of words that are more frequent in
utterance-initial position than the target word. By contrast,
the largest stack for the right context of position 1 (bar #5),
shows a majority maximum length of 1, meaning that the
unigram (word) frequency of the error exceeds the target, but
the error is not supported by larger n-grams. This pattern is
consistent with the large number of intrusions in position 1.
Many of the position 1 errors involve the intrusion (and
repetition) of high- over low-frequency prepositions (e.g., ‘in
in the air’ instead of ‘up in the air’). However, there are also
a small number of position 1 errors that are supported by
longer contexts (e.g., ‘put in your mouth’ instead of ‘sit in
your truck’).
The natural comparison for position 1 is the errors seen in
position 4. Nearly 60% of errors in position 4 are supported
by a left context of length 2 or more, meaning that these errors
result in relatively large n-grams that are more frequent in the
input than the target n-gram. This is in marked contrast to
position 1 where only around 30% of errors was supported by
a right context of length 2 or more. Thus, position 4 errors are
more influenced by left (preceding context) than position 1
errors are influenced by the right context (even though both
have a maximum length of 5). Relatedly, the right context of
position 4 (end marker) exerts less influence than the left
context of position 1 (start marker). Taken together these
analyses suggest that, as we might expect, as the utterance
progresses the words that are produced become increasingly
influenced by the words already produced and perhaps less
by the encoded input.

The final stage in production for each word by our decoder
involves the generation of a list of candidate words along
with associated probabilities. The results above are all based
on outputting the most frequent word at each step. However,
further insight into the production processes of the model can
be provided by looking at the full distribution. In Tables 2
and 3 we provide the relative production probability
(Softmax), of the top 10 candidate words for the lowfrequency target ‘up in the bath’ and its paired highfrequency sequence 'up in the air' (from a model with 50
hidden dimensions at 200 epochs). Table 2 shows an
example of an intrusion in position 1: the word ‘in’ is
considerably more common in utterance-initial position than
‘up’. In the continuation the model has inserted the word
‘water’ for the (semantically-related) ‘bath’. Both ‘in the
water’ and ‘in the bath’ are relatively frequent in the input (at
counts of 897 and 501 respectively). While the higher
frequency of 'in the water' appears to give it the upper hand it
is worth noting that ‘water’ is only the 3rd most frequent word
in the ‘in the X’ frame, with the top two candidates being
‘box’ (1356) and ‘car’ (1179). It seems then that the existence
of a semantically-overlapping phrase 'in the water' that is
more frequent is what leads to this error.
Table 2: Relative production probabilities for lowfrequency target ‘up in the bath’
Pos1
Pos2
Pos3
Pos4
in .59
in .68
the .99
water .65
up .21
up .09
in .0
bath .08
out .12
out .03
water .0
ball .02
you'll .01
of .02
some .0
money .02
there's .01
them .02
your .0
juice .01
more .01
water .01
of .0
bowl .01
on .0
the .01
front .0
door .01
here .0
into .01
more .0
paper .01
back .0
on .01
them .0
sun .01
two .0
from .01
paper .0
milk .0
By contrast it can be seen in table 3 that when producing
the high-frequency sequence 'up in the air' the decoding
process is protected from error from the start of the utterance
on. Because the encoded target sequence and all of its
subphrases are high frequency there is less opportunity for
input-driven intrusions from high-frequency competitor
words or substrings. The only apparent semantically-related
word that has moderate production probability is the word
'sky' in the final word position, presumably supported by the
medium frequency sequence 'up in the sky'.
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Table 3: Relative production probabilities for the highfrequency target ‘up in the air’
Pos1
up 0.58

Pos2
in 0.61

Pos3
the 0.98

Pos4
air 0.06

in 0.3
out 0.04
two 0.01

up 0.22
from 0.03
into 0.02

in 0.0
up 0.0
of 0.0

trees 0.05
basket 0.03
sky 0.03

here 0.01

of 0.02

front 0.0

moon 0.02

you'll 0.01
there's 0.01
back 0.0
from 0.0
down 0.0

out 0.01
through 0.01
on 0.01
with 0.01
the 0.0

from 0.0
washing 0.0
into 0.0
through 0.0
your 0.0

stairs 0.02
kitchen 0.02
tree 0.02
road 0.02
pieces 0.01

Discussion
The goal of this work was to see whether an encoder-decoder
network would show the same behaviour as children in an
elicited imitation task (Bannard and Matthews, 2008).
In the experimental data, children were found to make
more errors in repeating the first three words of lowfrequency four-word sequences than they did when repeating
exactly the same three words in high-frequency four-word
sequences (i.e., where only the last word varied). We found
that an LSTM-based encoder-decoder model showed exactly
this behaviour. This was observed to be particularly the case
when the model was given a limited number of hidden nodes
and/or when it was trained for a limited number of iterations.
That an LSTM, or indeed any language model, should be
better at repeating a more probable word sequence than a less
probable one is to be expected. However, that it should be
better at producing a sequence of three words when those
words are part of a frequent four-word sequence than they are
at repeating exactly the same words when they are part of a
less frequent four-word sequence requires explanation.
In a simple LSTM language model (with no conditioning
on an input utterance) the production of each word is
conditioned only on those of the words produced so far that
the network's gating mechanism deems relevant to
downstream prediction (based on its training). In an encoderdecoder network, by contrast, each word is conditioned on
this same information plus the representation of the input
sentence which the decoder receives from the encoder and
which is carried over at each step by the recurrent
connections in the network. When producing the first three
words of the sequences in our task, a simple LSTM would
perform identically for high- and low-frequency four-word
targets. Any difference between the two conditions must be
due to the presence of the encoded sequence in the
representation passed along via the recurrent network.
A likely explanation for the pattern that we see, then, is that
the encoder finds it easy to encode high-frequency phrases via an embedding space of unchanging size - even with

limited representational resources (relatively few nodes in the
hidden layer). The representation of the low frequency
phrases, however, cannot be done so efficiently and the
resulting representation may end up being dominated by
component words or substrings. A decoding process
conditioned on the former (high-frequency) encoding is
likely to correctly output the target, while one conditioned on
the encoding of the low-frequency string may make lexical
selection errors. These errors are no longer produced once
more representational resources (additional hidden nodes) or
more training are provided.
The process that leads to the errors in our model provides
a potentially useful approximation to what happens in child
sentence repetition. Working memory is assumed to involve
the allocation of resource-limited attention to long-term
memory representations (D'Esposito & Postle, 2015). This
process is in some ways analogous to the encoding process a hidden layer linked to an embedding space - as seen in our
model. We have only modelled one experiment in this initial
work - we anticipate that applying the model to a larger range
of stimuli will offer further insight into the processes and
representations involved in children's elicited imitation.
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Abstract
Other people’s mental states—what they want, what they
know, and how they combine the two to act—are structured by
the experiences that they’ve had. In line with this, we propose
that inferences about other people’s experiences are a central,
but often neglected, aspect of human Theory of Mind. We explore this idea by presenting and testing a computational model
that jointly infers others’ desires, knowledge, and experience.
We find that, by focusing inferences on others’ experience,
our model can make richer inferences about other’s knowledge
than would be otherwise possible. Our model quantitatively
fits participant judgments on two experiments above an and
beyond an alternative model. Overall, our work extends the
richness of human Theory of Mind judgements that can be formalized as Bayesian inference over a generative model.
Keywords: Theory of Mind; Computational modeling; Social
cognition

Introduction
Imagine visiting a supermarket with your friend. Since the
start of the pandemic, the supermarket has re-arranged their
aisles. As you enter the store, your friend says “I’ll get the
vegetables” and heads off in the wrong direction. From this
simple behavior you can instantly infer that your friend probably hasn’t been to this supermarket since the pandemic began. This inference, although simple, can then help you build
a richer model of your friend’s mental representations: she
probably doesn’t know that the vegetables and meat sections
have switched places, or that there’s a new fish counter where
the flowers used to be, but at least the bakery is in the same
place, so they’ll have no trouble finding the bread.
This capacity to build mental models of other people’s
minds is known as a Theory of Mind (ToM; Gopnik et al.,
1997; Wellman, 2014). Over the last decade, behavioral,
computational, and developmental research has found that
people attribute mental states like beliefs and desires through
an expectation that other people behave rationally (see JaraEttinger et al., 2016, for review). In the example above, for
instance, we were able to infer that your friend had an inaccurate representation of where the produce was located, because
her behaviour—heading in the wrong direction—would otherwise be irrational.
But this previous work has missed something. In our example above, we not only inferred that our friend did not know
where the produce was, we also inferred that our friend lacked
an experience: visiting the supermarket since the pandemic.
And this experience inference enabled us to deduce not just

where they believed the vegetables were, but also the meat,
flowers, and bread. As this example illustrates, experiences
structure the way that we expect agents to acquire beliefs, enabling us expand a belief that is diagnostic of an experience
(e.g., your friend thinks the vegetables are over there), into a
richer representation of their epistemic states (like the location of the vegetables, meat, flowers, and bread).
Past research on Theory of Mind has typically equated experience with perceptual access, treating it as an observable
factor that does not require inference (i.e., perceptual access
implies seeing, and seeing implies knowing; e.g., Baker et al.
2017; Onishi & Baillargeon 2005; Lin et al. 2010; Wimmer
& Perner 1983. Even when we learn from a teacher, it’s assumed that perceptual access to the lesson is a given; e.g.,
Shafto et al. 2014.). In more complex cases, however, such
assumption faces two challenges. First, we are rarely privy
to the vast majority of experiences that other people have had
in their life. Therefore, assuming that an agent has not experienced something simply because it is not actively in their
visual field would be an error. Second, even when an agent
has direct perceptual access to an object or an event, this does
not imply that the agent is experiencing it: people can drift
off, mind wander, or simply have too much information in
their visual field to process.
Based on this analysis, here we propose that representations of other people’s experiences are a central component
of human Theory of Mind, forming a cornerstone that helps
us understand and predict other people’s behavior. This view
implies that (1) people should be proficient at inferring other
people’s potential experiences based on their behavior, and
(2) people can then use these inferences to build more nuanced representations of other people’s minds. In this paper
we present a first approximation of this idea. We introduce
a simple computational model that aims to capture how representations of experience might be integrated into computational frameworks of Theory of Mind. We also present two
behavioral experiments that aim to evaluate our model and
seek some initial evidence on people’s capacity to infer others’ experiences and use these inferences to make sense of an
agent’s behavior.

Computational Model
Previous research suggests that human judgements about an
agent’s mental states can be modeled as Bayesian infer-
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Figure 1: Timelines of example stimuli from Experiments 1
(A) and 2 (B). In A), the green truck moves downward and
then the blue teapot moves downward, one at a time. Alice
falls asleep in one of the three states in this sequence. Alice
then wakes up and chooses a box (outlined in red) to look for
the object she wants. In B), the black dog moves rightward
and then downward. Alice might peek during one of the three
states in this sequence. Alice then opens her eyes and chooses
a box to look for the goal she wants.

Figure 2: Conceptual model schematic. The yellow box represents the physical situation (the world state and the agent’s
state) and the blue box represents the agent’s mind. The
shaded areas denote observability.
might be. These are the kinds of inferences that our model
aims to capture.

Generative model
ence over a generative model describing how mental states
rationally produce actions (Jara-Ettinger et al., 2020; JaraEttinger, 2019; Jern et al., 2017; Lucas et al., 2014; Baker
et al., 2017). We take this framework as a starting point, and
we extend it to include explicit representations about agents’
experiences. The key difference from previous models is that
our generative model is designed to capture the acquisition
of beliefs structured around experiences. This constrains inferences about an agent’s beliefs to those that are compatible
with one another and compatible with a possible experience
that the agent might have had.
For clarity, we present our model in terms of our experiments, but the model can be applied to arbitrary world states
and actions. Consider an event like the one shown in Figure
1 A. Here, Alice is in a room with four boxes, two of which
contain objects. Alice knows the initial location of the objects, and she updates her beliefs as the objects move from
one box to another. However, Alice falls asleep at one point
in the event and no longer sees the objects moving. When
Alice wakes up she moves towards one of the boxes to collect
an object, and the goal is to infer (1) when Alice fall asleep,
(2) which of the two objects she was looking for, and (3) her
beliefs about the location of each object.
For instance, when Alice approaches the top left box in
Figure 1A, her action reveals that she was probably looking
for the blue teapot and that she fell asleep before the teapot
moved to the bottom left location. However, this action does
not reveal whether Alice fell asleep at the start, or after the
green truck had moved, so we would be unable to infer exactly when Alice fell asleep or where she thinks the truck

Figure 2 shows a conceptual schematic of our model. In line
with previous work, we define a situation as the combination
of the world state and the agent’s state. The world state consists of all physical information about the scene, including
the objects and their locations. The agent state is the physical
location of the agent, which determines that all changes take
place within the agent’s field of vision. The situation is fully
known to the observer. In these experiments, the world state
changes as objects move, and the agent state changes when
the agent moves toward a box.
Together, the world state and the agent state determine the
space of information the agent might possibly experience.
But the experience variable captures whether the agent receives and processes that information (e.g. whether the agent
is awake, attentive, and has their eyes open). In Experiment 1,
the agent start off as experiencing (i.e. awake) and switches to
not-experiencing (i.e. asleep) during one of the world states.
In Experiment 2, the agent is assumed to start off as not experiencing (i.e. with their eyes closed) and then briefly switches
to experiencing (i.e. peek) during one of the world states.
When the agent experiences a world state, they update their
beliefs about the locations of the objects to match the current world state. When the agent does not experience a world
state (e.g. when they are asleep or have their eyes closed),
the agent does not update their beliefs about the locations of
the objects and instead retains their beliefs based on the last
world state they experienced. In the context of our task, a desire consists of an object that the agent seeks to obtain. None
of these mental states or processes (i.e. desires, beliefs, experiences, and belief updating) are observable.
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In this simple setup, the principle of rational action is implemented as an assumption that the agent will choose the box
where she believes her desired object is located. This action
is observable.

Inference
In both experiments, the task is to infer the agent’s desire D,
beliefs about the state of the world B (which consist of the
location of each object), and the agent’s experience E from
the agent’s observable action A and the observable sequence
of world states W . This can be decomposed into interpretable
terms as follows:
p(D, E, B|A,W ) ∝ p(A|D, B)p(B|E;W )p(E)p(D)

(1)

where p(A|D, B) is the probability of the action given a desire and beliefs about the locations of the objects, which is
described by the principle of rational action. p(B|E;W ) is the
updating of beliefs according to experiencing a world state,
which is described by the principle of rational beliefs. p(E)
is the prior over experience (i.e. in Experiment 1, it is prior
over when Alice falls asleep, and in Experiment 2, it is the
prior over if and when Alice peeks), and p(D) is the prior
over desires (i.e. which goal Alice wants). Each of these
terms are described in the generative model.
Conditioning on the sequence of world states and the action, we use the generative model to infer the agent’s desire,
experience, and belief about the location of each of the objects. We implemented inference via Markov Chain Monte
Carlo (MCMC) using Metropolis-Hastings.

Behavioral Experiments
In Experiment 1 we present a first test designed to evaluate our computational model and people’s ability to infer other people’s experiences and use these inferences to
build richer mental-state representations. Specifically, here
we ask people to infer 1) which goal an agent desires 2)
what the agent experienced and 3) where the agent believes each object is. In Experiment 2, we perform a conceptual replication of Experiment 1 in a slightly modified
paradigm, changing the priors over experience (i.e. p(E)
in Eq. 1), so as to enable us to establish further evidence
that these inferences are supported by a nuanced mental
model of how experience affects behavior. Pre-registration,
stimuli, instructions, model predictions, and data for both
experiments available at: (https://osf.io/34nvx/?viewo nly =
4ca64e6a902d4b29b f 5ad89c85753609).

Experiment 1
Participants 120 U.S. participants (Age: mean = 29.9
years, range = 18-83 years; Gender: 51 women, 67 men, 2
non-binary) were recruited from Prolific. An additional 8 participants were recruited but not included in the study because
they did not complete the experiment (n = 3) or because they
failed to pass the attention check questions (n = 5; see procedure).

Stimuli Stimuli consisted of 18 short videos (see Fig. 1 for
schematic). Each video showed an agent (Alice) in the center
of a room with four boxes and two visible objects, each on
top of a box. The video then showed up to two events, each
consisting of one or both of the objects moving from one box
to another. After the two events, the objects faded into the
boxes and the agent approached one of the boxes.
The full parametric combination of possible starting states,
object movements, and agent choices leads to 16384 possible
trials. However, the set of possible inference patterns in this
paradigm is discrete and much smaller. To reduce this stimuli
space, we ran our model on every possible trial, and used
its inferences to select a set of trials that captured a range
of possible inference values that our model predicts people
should be able to make.
Specifically, we first collapsed all inference values that
our model produced (integrating beliefs, desires, and experiences), and then selected a combination of trials that included
every possible inference value generated by the model. This
resulted in 18 trials that stemmed from six different event
(i.e., object movement) sequences combined with every possible box that Alice could choose (excluding cases where Alice approached a box that had never had an object). Note
that each trial elicits 13 (not-independent) judgments: two
goal inferences, three experience inferences, and eight belief
inferences, such that this relatively small number of events
enabled us to cover a wide range of possible predictions.
Each video was randomly assigned to one of three test conditions, such that there were six videos per condition (tested
across participants). For each condition, the pattern of object
movements in each trial was randomly rotated (0, 90, 180, or
270 degrees), flipped (no flip or horizontal flip), and assigned
different object icons. This enabled us to reduce visual similarity across videos without affecting the inferences predicted
by our model. Splitting the 18 trials into three conditions also
limited the time it would take a given participant to complete
the experiment (completing all 18 trials in one sitting would
have been infeasible for an online experiment).
Procedure Participants first read a brief tutorial that explained the logic of the task in the context of a warmup video
and they were asked seven simple attention check questions
to ensure they understood the logic of the task (full experiment available in OSF repository). Only participants who
answered all questions correctly were given access to the experiment. For each comprehension question, the participant
had four opportunities to answer correctly. If they failed all
four times, they were not allowed to continue into the experiment. They had the option to restart the tutorial from scratch
if they chose to.
In the main phase of the task, participants were randomly
assigned to one of the three conditions and watched each of
the condition’s six videos in a randomized order. After watching each video, participants were asked to answer “Which object is Alice looking for?” using a slider, with each end representing one object (e.g. the ends labelled “the blue teapot”
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Figure 3: Experiment results 1 for A) The Experience Inference model and B) the statistical tracking alternative model.
Each point represents a trial with model prediction on the x
axis and participant judgment on the y axis. The black line
shows best linear fit between the model and the data with 95%
confidence bands (in gray). The color of the points represent
the type of judgement – green represent goal attribution, red
represents belief attribution (about an object in a box), and
blue represents the experience attribution (about when Alice
fell asleep).

and “the green truck”). Next, participants were shown three
time frames from the video (as in Fig. 1) and they were asked
to distribute ten clicks across the three key frames (labelled
as “Scene 1”, “Scene 2”, and “Scene 3”) to indicate their belief about when Alice fell asleep (with each click showing
a red dot on the selected scene). Finally, participants were
asked where Alice believes each object is located. For the
first object, participants entered their beliefs by distributing
ten clicks across the four boxes. This process was repeated for
the second object. In each judgment, each click was treated
as representing 10% of the mass of the participant’s posterior
distribution.
Results Each of the 18 trials produced 13 (nonindependent) points: 2 goal inferences (one per object),
8 object location beliefs (4 per object), and 3 inferences
about Alice’s experience (i.e. when she fell asleep). As
Figure 3A shows, our model showed a high quantitative fit
to participant judgments (r = 0.99; CI95% : (0.98, 0.99)).
The model fit was similar for each inference type: r = 0.99
for beliefs, r = 0.98 for experiences, and r = 0.99 for
goals. Figure 4A shows results from three example trials,
illustrating how our model captures graded inference patterns
across a range of events.
One alternative possibility is that participants in our task
did not use Theory of Mind and instead relied on a simple
form of statistical tracking. That is, participants may have
tracked the statistical distribution of the position of the objects and used this distribution to infer Alice’s goals (where
Alice’s goal is given by the relative percentage of time that
each object spent in the chosen box), beliefs (where the belief about the location of each object matches the percentage

of time the object spent in each box), and experience (where
Alice could have fallen asleep at any point in the video). This
statistical tracking model makes theoretically identical inferences to a Bayesian ToM model lacking the principle that
experience structures belief acquisition. In other words, the
statistical tracking model is an algorithm that implements a
Bayesian ToM model with a uniform prior, likelihood, and
posterior over when Alice fell asleep. Crucially, this statistical tracking model made different attributions about experience and beliefs than did our Experience Inference model.
But since in our Experience Inference Model goal attribution
did not depend on experience, the statistical tracking model
and our Experience Inference model made identical goal attributions.
This statistical tracking model had an overall correlation of
r = 0.78 (CI95% : (0.72, 0.84) (see Fig. 3B) with participant
judgements, which was reliable lower than our main model
(δ = 0.21; CI95% : (0.15, 0.26)). These results suggest that
inferences about other people’s experiences through Theory
of Mind support people’s reasoning in our task.

Experiment 2
Participants 80 U.S. participants (Age: mean = 24.1 years,
range = 18-39 years; Gender: 32 women, 47 men, 1 nonbinary) were recruited from Prolific. An additional 35 participants were recruited but not included in the study because
they did not complete the experiment (n = 6) or because they
failed to pass the attention check questions (n = 29; see procedure).
Stimuli Stimuli consisted of 10 short videos, that showed
events with the same structure as Experiment 1 (Figure 1B).
To select the trials, we ran our model over every possible
event (n=16384) and used its inferences to select a set of
trials that captured the full range of possible inferences that
people should be able to make in this task. We selected a
set of trials such that they spanned every possible inference
value along each dimension (goal, experience, belief) separately (11, 10, and 15 possible different, but not independent,
values for goal, experience, and beliefs inferences). The final ten videos were randomly split into two conditions (n=5
videos per condition) and movements and object icons were
randomized in the same way as Experiment 1.
Procedure The procedure was nearly identical to Experiment 1, with the difference that participants were now told
that Alice is playing hide-and-seek and has her eyes closed
but is likely to peek in half of the games that she plays, so as
to set participants’ prior over whether or not Alice peeks. Participants were asked eight simple attention check questions to
insure that they understood the logic of the task (full experiment available in OSF repository) and the inclusion procedure was identical to Experiment 1.
Participants then completed the same questions from Experiment 1, with the difference that they were asked whether
and in which scene Alice peeked (with an option for “Alice
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Figure 4: Detailed results for three trials example trials. A) shows results from Experiments 1, and B) shows results on the same
trials in Experiment 2. Each panel presents the results from one trial. At the top of each panel is a schematic showing object
movements and the box that Alice picked outlined in red. In the first two examples, the object movements are the same as in
Figure 1A, but Alice’s choice varies. The third example has the same object movements and choice as in Figure 1B. The lineplot
graph shows the participant judgements (magenta) and model inferences (green) about Alice’s experience: in A) it is which of
the three scenes Alice last saw before falling asleep, and in B) it is whether and when Alice peeked. The barplot labeled “Goal”
displays participant judgements and model inferences about which object Alice wants. Beliefs about each object’s location are
displayed using four barplots in the same arrangement of the four boxes. For example, the top left barplot under “Beliefs about
the blue circle” gives participant judgements (magenta) and model inferences (green) about Alice’s belief that the blue circle
is in the top left box. The y-axis for every graph shown is from 0 to 1. All participant judgements have 95% bootstrapped
confidence intervals.
didn’t peek”), rather than in which scene Alice fell asleep.
Results Each of the 10 trials produced 14 points: 2 goal
inferences (one per object), 8 object location beliefs (4 per
object), and 4 inferences about Alice’s experience (i.e. if and
when she peeked). For detailed results for three example trials, see Figure 4B. As Figure 5 illustrates, our model showed
a high quantitative fit to participant judgments (r = 0.95;
CI95% : (0.92, 0.96)). The model fit was similar for each inference type: r = 0.96 for beliefs, r = 0.93 for experiences,
and r = 0.97 for goals. As in Experiment 1, an alternative

possibility is that participants did not use a Theory of Mind
including experience and instead relied on a simple form of
statistical tracking. This alternative model had a correlation
of r = 0.80 (CI95% : (0.70, 0.87); Fig. 5B), which was reliable lower compared to our main model (δ = 0.15; CI95% :
(0.08, 0.23)). These results suggest that the inferences about
other people’s experiences through Theory of Mind support
people’s reasoning in this task.

2587

Participant Judgments

A)

1

Experience Inference Model B) Statistical Tracking Model

.75 r = 0.95
CI: (0.92 - 0.96)

r = 0.80
CI: (0.70 - 0.87)

.50
.25
0
0

.25 .50 .75
1
Model Predictions
Goal
Judgment:

0

.25 .50 .75
Model Predictions
Experience
Belief

1

Figure 5: Experiment 2 results for A) The Experience Inference model and B) the Statistical Tracking alternative model.
Each point represents a trial with model prediction on the x
axis and participant judgment on the y axis. The black line
shows best linear fit between the model and the data with 95%
confidence bands (in gray). The color of the points represent
the type of judgement – green represent goal attribution, red
represents belief attribution (about an object in a box), and
blue represents the experience attribution (about if and when
Alice peeked).

Discussion
Here we proposed that representations of other people’s experiences are a central component of human Theory of Mind.
Specifically, we proposed that, by understanding how experience structures belief acquisition, people can build richer
representations of others’ minds. To explore this idea we
presented a computational model that integrates experience
into Theory of Mind. In two separate experiments we found
that people, like our model, were able to jointly infer another
agent’s experiences and beliefs about the world. Our model
captured human inferences about beliefs, desires, and experiences with quantitative accuracy. Critically, our two experiments were nearly identical, but varied subtly in the structure
of experience (the agent falling asleep in Experiment 1, and
sometimes peeking in Experiment 2). Participant inferences
reflected a sensitivity to these differences (resulting in a good
fit with the model in both cases), which suggests that people
might have an ability to reason flexibly about different types
of experience.
An alternative model lacking the principle that experience
structure beliefs failed to capture the richness of participant
judgments. Interestingly, however, this model was nonetheless able to accurately infer the agent’s desires. This finding
points to one potential mechanism that people could use to
infer mental states: statistical tracking may sometimes enable
goal inference; the way the agent pursues the goal might then
reveal their experience; and the inferred experience might enable us to draw richer inferences about their mind. This is a
question that we hope to explore in future work.
Our work opens at least three directions for future work.
First, in this work we considered an overly simplified representation of experience—a binary variable about whether or

not the agent could receive information. In real life, these
representations are likely graded, capturing degrees of processing that are critical for reasoning about states such as distraction or light sleep. Even more importantly, in real life, we
don’t know always the relevant past history of what someone may have experienced. That hypothesis space of what
someone may have experienced in their lifetime can be large,
unconstrained, and individualized. Nonetheless, the types of
computations that we specified here might be critical to understanding others’ behavior in constrained contexts. Intuitively, some behaviors are also tightly linked with certain experiences, and these linkings might make the problem more
tractable (e.g., hearing someone speak fluent French would
immediately give us a guess about where they grew up and
what kinds of other experiences they may have had). How
these inferences might support Theory of Mind in the wild is
an open question we hope to explore in future work.
A second and related limitation of our work is that our
model focused only on the role of experience when reasoning about others’ goals and knowledge. The inferences that
we make in real life about the causes and consequences of experience are richer: we can also infer the causes behind a person’s experience or lack of experience. For example, if your
friend is an American History major but can’t remember anything about the presidency of FDR, you might infer that they
skipped or slept though that lecture, and therefore might further infer that they find Great Depression Era history boring.
Related work has found that people are proficient at inferring
the causes behind people’s goals (Jara-Ettinger et al., 2016),
opening the possibility that they might be able to do the same
for the causes behind experiences.
Finally, a third direction for future work lies in the integration of metacognition. People lacking an experience are often
aware of it and may adapt their behavior to account for it. For
example, in Experiment 1, Alice could wake up knowing that
she fell asleep, and it might be more natural for us to expect
Alice to be uncertain about where the objects are since she
might suspect that the objects moved while she was asleep.
Similarly, in Experiment 2, we might expect Alice to use her
metacognition and choose to peek near the end of the video
so as to reduce her uncertainty stemming from the chance that
the animals might move while her eyes are closed.
Overall, our work is a first step in positing that experience is a central component of human Theory of Mind. Beyond being able to read the mental states of another agent,
we are also able to make inferences about that agent’s previous experiences and how they shape their actions. This work
advances our understanding of the computations behind the
human ability to make rich inferences about another agent’s
mind and history.
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Abstract
The Rescorla-Wagner model has seen widespread success in
modelling not only its original target of animal learning, but
also several areas of human learning. However, despite its
success, a number of studies with humans have found effects
that are not predicted by the model, thus inspiring proposals for modifications to the model. One such proposal, by
Van Hamme and Wasserman (1994, VHW), is that humans
not only learn from present cues to all (present and absent)
outcomes, as in the original model, but also learn from the
absence of cues. They found evidence for this hypothesis in
a causal rating experiment. However, behaviour in learning
studies may depend on the task. We propose that error-driven
learning should be considered to be a form of implicit learning and that the results of VHW’s contingency judgement task
might stem from explicit strategies involving logic and reasoning. The present study investigates this question by a) running
simulations with both the original and modified versions of the
model; b) replicating the VHW experiment (Experiment 1);
and c) extending the experiment with new stimuli and a posttest of learned and unseen stimuli (Experiment 2). Simulations
show that the VHW modified model predicts that cues learnt at
the beginning will be unlearnt when absent over the following
blocks, so that they become negative predictors over time. In
contrast, the original RW predicts that the absent cues remain
steady (positive) predictors over the blocks. Results showed
no significant difference in cue assignment between training
and test, in line with the original RW model. Moreover, predictive cues in the training phase showed significantly higher
ratings than a new cue introduced in the test phase, at least
in some cases, also partially supporting the original RW. The
results suggest that when an overt response is required to absent cues, participants adjust ratings. But in later blocks when
no response was required, there did not appear to be learning
from the absent cues. We propose that in the development of
human learning theory, attention should be paid to whether the
behaviour (or other learning data) to be modelled results from
implicit learning or involves higher level cognitive processes.
We suggest that the RW may best capture implicit error-driven
learning.
Keywords: error-driven learning; discriminative learning; associative learning; Rescorla-Wagner model; delta rule; absent
cues; cue competition

Introduction
The Rescorla-Wagner learning equations (Rescorla & Wagner, 1972, also independently developed by Widrow & Hoff,
1960) were initially developed to explain findings from several decades of animal learning research. However, in the half
century since its publication, the model has had a vast influence, not only in animal learning, but also in several other
areas of psychology and human learning (see e.g. Siegel
& Allan, 1996; Miller, Barnet, & Grahame, 1995, for reviews). While earlier models had assumed that learning

(‘conditioning’ in animal learning parlance, also ‘associative
learning’) resulted from contiguity or co-occurrence of stimuli, a number of findings demonstrated that contiguity was
neither necessary nor sufficient for learning (Kamin, 1968,
1969b; Rescorla, 1988). The Rescorla-Wagner model was
developed to capture the observation that rather than contiguity, learning was instead driven by surprise / prediction error
and uncertainty (Kamin, 1969a; Rescorla, 1988), hence the
term ‘error-driven learning’. The Rescorla-Wagner model has
proven remarkably successful in predicting human category
learning (Gluck & Bower, 1988) and has recently been proposed as an account of human language acquisition (Ramscar
& Yarlett, 2007; Ramscar, Yarlett, Dye, Denny, & Thorpe,
2010; Ramscar, Dye, & McCauley, 2013), predicting many
linguistic phenomena (Baayen, Shaoul, Willits, & Ramscar,
2016; Baayen, Milin, Durdević, Hendrix, & Marelli, 2011;
Ellis, 2006; Lentz, Nixon, & van Rij, 2022; Nixon, 2020;
Nixon & Tomaschek, 2020, 2021). In a study investigating
the learning mechanisms underlying second language speech
sound acquisition, Nixon (2020) demonstrated that a number
of key principles of error-driven learning also apply to human learning of speech, including Kamin’s ‘blocking effect’
(Kamin, 1968, 1969b), cue competition, prediction and unlearning (Ramscar et al., 2010).
But are responses in causal judgement tasks captured by
error-driven learning models? Van Hamme and Wasserman
(1994) noted that, in causal judgement tasks, previous work
had suggested that human participants are able to take into account both occurrence and non-occurrence of potential causal
factors (Arkes & Harkness, 1983; Levin, Wasserman, & Kao,
1993; Wasserman, Dorner, & Kao, 1990). They proposed that
human learning in causal judgement tasks not only involves
changes in judgement of the causal relation between cues and
outcomes for the particular cues that occur on a given trial,
but also for cues that do not occur on that trial. They set out
to test this hypothesis with a causal rating task. On each trial,
participants were presented with two out of three food types.
One food type occurred on every trial: that is, trials were either AX or BX. Participants were told whether or not there
was an allergic reaction on that trial and were asked to give
a rating (on a scale of 0-8) how likely they thought each of
the three food types was the cause of the allergy. Importantly,
although only two foods occurred on each trial, participants
had to give a rating for all three foods – so in this sense, the
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third food type was not entirely absent from the trial. As described in more detail below, Van Hamme and Wasserman
concluded from their results that, at least in causal judgement
tasks, humans learn from absent cues.
In language, on the other hand, error-driven learning has
been shown to be a predictive process, in which temporally
earlier cues predict temporally later outcomes (Hoppe, van
Rij, Hendriks, & Ramscar, 2020; Nixon, 2018, 2020; Ramscar et al., 2010). That is, earlier events may be used to predict later events, but not the other way around. This would
suggest that in this case, predictions would be unlikely to be
generated from absent cues.
Explaining what accounts for the differences in these observed results is important for understanding human learning
mechanisms. The question of whether we learn only from
present cues or also from absent cues is of fundamental importance to learning theory. It has been proposed that factors
other than error-driven learning may also play a role. For
example, Anderson (2009) proposes an effect of forgetting
over time. It may be that, rather than a predictive relationship
between absent cues and occurring vs. non-occurring outcomes, the predictive value of cues instead simply gradually
decreases during periods where the cues are not encountered.
A point we believe important in this respect is that different
tasks recruit different cognitive processes. Perhaps the different results between experiments stem from different strategies participants use in these different tasks. In this paper, we
propose that implicit learning does not involve learning from
absent cues, due to its predictive, discriminative nature. On
the other hand, when instructed to respond to items labelled
as ‘not present’, this requires generating a mental representation of the absent cue and reasoning about its relation to the
outcome. For example, on a trial in which an allergy occurs,
if a participant believes Cue A (present) to be the culprit, it
is logical to suppose that Cue B (absent) was not cause. In
contrast, error-driven learning is driven not by logic but by
information (Ramscar, Dye, & Klein, 2013). We therefore
propose that the Van Hamme and Wasserman task invokes
higher-level cognitive processes, which participants can also
learn from, but which represent a different type of task to implicit learning and may be outside the scope of phenomena
predicted by error-driven learning models.
In order to test this, below we first introduce the computational simulations with the Rescorla-Wagner (RW) model and
the adjusted version proposed by Van Hamme and Wasserman (VHW). We then present two experiments based on the
VHW study. Finally, we discuss implications of the results
for learning theory.
The specification of present cues and outcomes is straightforward; however, less obvious is what counts as an absent
cue. Taken literally, a potentially infinite number of cues are
absent in every learning event. VHW stated that relevant cues
are limited to those that have some existing association with
the outcome in question, due to previous learning. “A cue
would become relevant after acquiring some level of positive
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or negative association. For animal subjecs, it would be necessary to present the stimulus at least once in the experimental context followed by reinforcement or presented together
with a cue that had previously been reinforced. For human
subjects, the relevance of a cue as a potential cause could
be established with verbal instructions” (footnote, page 132).
Therefore, in our simulations, adjustments are only made to
cues that have occurred at least once; cues from later blocks
are not included as absent in earlier blocks.

Computational modelling
Original Rescorla-Wagner learning equations
We will first describe the learning equations as proposed independently by both Widrow and Hoff (1960) and Rescorla
and Wagner (1972) and then the adaptation proposed by
Van Hamme and Wasserman (1994). The Rescorla-Wagner
equations estimate the connection weights W , between the
model inputs, or cues C and a set of outcomes O . The training produces a network that consists of a matrix of connection
weights; k cues and n outcomes produces a k × n matrix. During each trial of the training, weights are adjusted between all
cues present on that trial and all outcomes present or encountered previously. No adjustment is made to cues not present
on a given trial. Adjustments made to the connection weight
between cues ci and outcome o j on a given trial t, is given by
the Rescorla-Wagner equations:
(t)

(t−1)

wi j = wi j

+ ∆wti j .

(1)

The connection weight at the end of trial t is equal to the
weight at the end of the previous trial, t − 1, plus any change
during the current trial.
The change in weights during the current trial, ∆wti j , is
given by the Rescorla-Wagner equations:


a) αi β j λ − ∑[Present(ck ,t)] wk j
if Present(ci ,t)




and Present(oi ,t),







b) αi β j 0 − ∑[Present(ck ,t)] wk j
if Present(ci ,t)
∆wti j =


and Absent(oi ,t),








c) 0
if Absent(ci ,t).
(2)
in which λ is the maximum learnability of the outcome;
and αi and β j refer to cue and outcome salience, respectively.
The above equation can be summarised as a) if a cue and an
outcome are both present, the cue-outcome weight increases;
b) if a cue is present and an outcome is not present, cueoutcome weight decreases; and most crucially for the present
study, c) for any cues not present on that trial, there is no
change. This is the aspect challenged by VHW.
Due to the theoretical importance of learning from negative evidence (Nixon, 2020; Ramscar et al., 2010), β j is the
same in a) and b), meaning that learning is potentially equivalent on positive and negative trials. However, the amount of

adjustment (in a and b) depends on connection strengths developed during previous learning. The non-occurrence of a
fully expected outcome is as surprising as the occurrence of a
fully unexpected outcome.

Adaptation proposed by Van Hamme & Wasserman

∆wti j =



a) αi β j λ − ∑[Present(ck ,t)] wk j














b) αi β j 0 − ∑[Present(ck ,t)] wk j






if Present(ci ,t)
and Present(oi ,t),
if Present(ci ,t)
and Absent(oi ,t),





c) αi β j 0 − ∑[Present(ck ,t)] wk j
if Absent(ci ,t),




and Present(oi ,t),










d)
α
β
λ
−
w
if Absent(ci ,t),
∑
i
j
k
j

[Present(c
,t)]
k

and Absent(oi ,t).
(3)
The first two rows of Eq. 3 (greyed out) are the same as the
original Rescorla-Wagner equations (Eq. 2). The third and
fourth rows differ. In the original Rescorla-Wagner equations
(Eq. 2), when a cue is absent on a trial, no weight adjustments
are made to that cue (expression c). Van Hamme and Wasserman (1994) suggest that this part of the equation should be
changed as shown in Eq. 3: when a cue is absent and the
outcome occurs, weights are reduced (expression c); when a
cue is absent and the outcome does not occur, weights are
increased (expression d).

Simulations
Simulations and visualisations were run using the edl package (van Rij & Hoppe, 2020) in R (R Core Team, 2020). The
combined alpha and beta parameter (the learning rate) was set
to 0.001 and lambda (the maximum connection strength to the
outcome) was set to 1 (both the default parameters). Note that
in the simulation descriptions and figures presented here, we
use the stimuli from the original VHW experiment and our
Experiment 1, namely foods and allergic reaction; however,
since Experiment 2 used an identical experiment design, the
simulation also applies to Experiment 2 (replacing cues such
as ‘bran’ with ‘footprint’ and the outcome ‘allergy’ (or not)
with ‘diamond’ (or not)). Cues were created for each of the
nine foods that occurred during the experiment - three food
types for each of three blocks (see Table 1). Note that VHW
had six food conditions per block, rather than three: conditions 4-6 were repetitions of 1-3, but with different foods.
This was to account for any pre-existing biases with respect
to the likelihood of allergies to various foods. As this is not
applicable in the simulations, the simulations had only three
conditions. On each trial of the simulation, two cues (foods)
were presented, as well as a background cue that was present
on all trials to model the experiment environment, as specified
in the Rescorla-Wagner model (Rescorla & Wagner, 1972).
There were two outcomes, allergic reaction and no allergic
reaction, one of which occurred on every trial. The order of
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cues and outcomes followed the order set out in Van Hamme
and Wasserman (1994): the order of cues was the same for all
participants and all blocks, namely AX, BX, BX, AX, AX,
BX, AX, BX, BX, AX, BX, AX, AX, BX, AX, BX. The order of outcomes depended on the contingency condition. All
three blocks were first run separately to model the results presented in Van Hamme and Wasserman (1994) and then also
run as a single simulation to model the learning of one participant over the experiment. This was done for each of the
contingency condition orders.

Simulation results

Figure 1: Simulations of the predicted response to ‘allergic’ in Experiment 1 (or ’diamond’ in Experiment 2, if
food cues are replaced with forest cues) using the original
Rescorla-Wagner equations and the adaptation proposed by
Van Hamme & Wasserman. Left column: simulations using Rescorla-Wagner equations. Right column: simulations
using Van Hamme & Wasserman’s adaptation. The RW predicts that cue-outcome connections that developed in the first
block (e.g. ‘bran’) will be retained over the course of the later
Figure 2.3: Weights to: Top: allergic, Bottom: not allergic, with test phase, block 1 is condition
experiment
thatLeft:
these
75-25. The arrowsblocks.
indicate theThe
novel VHW
cue that isadaptation
only introduced predicts
in the test phase.
RescorlaWagner model. Right: Van Hamme-Wasserman model.
cues
will reduce substantially and develop negative connection weights to the allergic reaction. In order to test these
predictions, we can introduce a new cue after training (blue
arrow). The RW model predicts that ‘bran’ will have a higher
rating than this new cue; the VHW model predicts that ‘bran’
will have a lower rating than this new cue. (Note that in order
to maximise space in the figure, the scales are shifted relative
to the vertical axis in these plots – zero is higher in VHW).
9

Figure 1 shows the simulation results for the original
Rescorla-Wagner model (left) and the adjusted Van Hamme
and Wasserman version (right). The simulations indicate the
relative strength and the pattern of change of the various cues,
as an estimate of the rating responses.
The Rescorla-Wagner model (left panel) predicts that cueoutcome connections that developed in the first block (e.g.
‘bran’) will be retained over the course of the later experiment blocks. The Van Hamme-Wasserman adaptation (right
panel), on the other hand, predicts that these cues will reduce
substantially and develop negative connection weights to the
allergic reaction. (Note that in order to maximise space in
the figure, the scales are shifted relative to the vertical axis in
these plots – zero is higher in VHW).

In order to test these predictions, we compare the ratings
during the training block to the responses in the test phase at
the end of the experiment. In addition, we also introduce a
new cue after training (indicated in the figure with an arrow).
The RW model predicts that ‘bran’ will have a higher rating
than this new cue; the VHW model predicts that ‘bran’ will
have a lower rating than this new cue. We will conduct these
comparisons in Experiment 2. However, we will first run a
direct replication of the VHW experiment to ensure that our
online testing environment is able to replicate the conditions
of the original in-lab, pen-and-paper experiment. We do this
in Experiment 1.

Experiment 1

not provide anchors for the response scale, but pre-test ratings
suggest the mid-point (rather than 0) was taken as the neutral
point (i.e. ‘maybe’; maximum uncertainty).
VHW Experiment

Experiment 1

Experiment 2

YNYNNYYNYNNYNYYN

Experiment 1 was a direct replication of the VHW study, except that it was run online. The purpose of this experiment
was to replicate the VHW results and test our online experimental paradigm.

Participants
Twenty participants aged 19-25 were paid for their participation. Participants were recruited on Prolific.

Stimuli

YNYYNNYNYYNYNNYN

The cues consisted of food items and the outcomes were
whether the allergic reaction occurred that day (i.e. experimental trial) or not. A complete list of the cues and contingency conditions is presented in Table 1.
Table 1: Experimental stimuli. The second column shows the
probability of the allergy occurring on AX and BX trials, respectively. For example, in the 75-25 condition the allergy
occurs on 75% of the AX trials and 25% of the BX trials.
Note that food conditions 1-3 are identical to 4-6; only the
specific items differ. Therefore, in the simulations, only three
conditions apply.

food
cond

prob. of
allergy
AX-BX

1
2
3
4
5
6

50-50
75-25
100-0
50-50
75-25
100-0

cues (food types)
X

A

B

shrimp
yoghurt
bananas
wheat
corn
blueberries

strawberries
bran
chicken
walnuts
horseradish
cheese

peanuts
cabbage
mustard
peaches
lobster
pork

Experiment design and procedure
Each participant was presented with three different foods in
each block (see Table 1). Two foods and one outcome (allergic reaction or no allergic reaction) were presented on a
computer screen for up to 15 seconds (as in VHW) or until
participant response. Participants were asked to give a rating
(0-8) how likely each of all three of the foods caused the allergy, not just the two foods presented on screen. VHW did
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YNNYYNYNNYNYYNYN

Trial order for all conditions: ABBAABABBABAABAB

Figure 2: Results of VHW experiment (left), Experiment 1
(centre) and Experiment 2 (right) for the three different contingency conditions: AX and BX both leading to allergy on
50% of trials (top); AX 75% allergy, BX 25% (middle row);
and AX 100% allergy, BX 0% (bottom). Trial is on the x-axis;
rating score (how likely [CUE] leads to allergy/diamond) is
on the y-axis. The Xs and Ys show the order of outcomes,
whether the allergy occurred/diamond was found (Y) or not
(N) for all experiments.
One of the foods occurred on every trial in the block, so that
each trial was either AX (e.g. strawberries and shrimp) or BX
(e.g. peanuts and shrimp). All foods differed between blocks.
The order of the cues was always AX, BX, BX, AX, AX,
BX, AX, BX, BX, AX, BX, AX, AX, BX, AX, BX. The order of the outcomes depended on the food-allergy probability
condition (second column, Table 1). Three within-participant
probability conditions were used, one per block. The order of
conditions varied between participants. The three conditions
were: AX and BX both predicted the allergy on 50% of the

trials (50-50 condition); AX predicted the allergy on 75% of
trials and BX on 25% of trials (75-25 condition) and AX predicted the allergy on 100% of trials and BX on 0% of trials
(100-0 condition).

Results
Results are shown in Figure 2 (centre column). The results
of VHW are also given for comparison (left column). The
pattern of responses is similar between experiments. The
average responses are a bit more variable in Experiment 1,
probably due to the smaller number of participants. However, overall, the results show that are online experimental set
up is sound.

Discussion
The main purpose of Experiment 1 was to replicate the findings of VHW in an online setting. Results replicated the original study, thus verifying our procedure. We now turn to a
different set of stimuli and include a test phase to investigate
long term changes over time to absent cues when no response
to is required from the participants to the absent cues.

Experiment 2
Experiment 2 investigated the effect of task by using a different set of stimuli. Additional post-tests were also included to
investigate the conditions required for learning from absent
cues. Above, we noted that, during a block, participants were
required to respond to the ‘absent cue’. Requiring participants to make a judgment on the cue might lead to changes
in their representation of the cue. Including a post-test of the
same cues allows us to test for learning of the absent cue over
time during a period when no overt response to the given cue
was required. We do this by a) comparing the cue during
Block 1 to the same cue in the post-test and b) comparing the
learned stimuli to new unseen stimuli in the post-test.

Participants
Sixty participants aged 19-25 were paid for participation.

Stimuli
The cues consisted of objects found in a forest, such as acorn,
footprint, flower. The participants were asked to use the items
as clues to finding treasure in an alien world. On each trial,
they dug for treasure. The outcomes were whether they found
a diamond or not. The probability conditions were the same
as Experiment 1 (now probability of finding treasure).

Experiment design and procedure
The experiment design and procedure were the same as Experiment 1, except that the participants were given a cover
story that they were in an alien world, searching for treasure. In addition, there was also a test phase at the end of
the experiment that tested participant responses to cues encountered in the first block. Because these cues had not occurred in blocks 2 and 3, the VHW model predicts that the
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cue weight becomes negative over time (see Figure 1). However, the RW model predicts the cue weight remains positive.
In addition, a new unseen cue was tested. The VHW model
predicts these cue weights would be higher than the cues from
the first block; the RW model predicts the weights to unseen
cues would be lower than previously learned cues.

Results
Training phase Figure 2 (right column) shows the results
of the Training Phase in Experiment 2. A roughly similar
pattern emerges in the two experiments, although there is
less separation of the cues in Experiment 2. One question is
whether participants changed their responses on every trial, as
found by Van Hamme and Wasserman (1994). Visual inspection of Figure 2 shows that this does occur on some trials. For
example in the 75-25 condition, trial 4 is an AX trial with a
diamond found; the rating of A rises and the rating of B falls.
On the other hand, this was not always the case. Trial 5 is
an AX trial with no diamond found; the rating of A falls, but
the rating of B does not rise. Nevertheless, we can say that
responses to the absent cues change in at least some cases.
We compared the scores on the no diamond trials to those
on the diamond trials with paired t-tests. As we did multiple t-tests over the same data-set, we adjusted the p-values
according to the Bonferroni-Holm method (Holm, 1979). In
the 50-50 Condition, there was no significant difference between ‘Diamond’ and ‘No diamond’ trials: A (t(59) = 2.49,
p = .08), B (t(59) = 1.73, p = .27, X (t(59) = 2.28, p = .10).
In contrast, there was a significant difference between ‘Diamond’ and ‘No diamond’ trials for the 75-25 condition (A:
t(59) = 5.16, p < .001; X: t(59) = 4.31, p < .001) and the
100-0 condition (A: t(59) = 4.87, p < .001; X: t(59) = 3.05,
p = .02). Cue B did not differ (cue B (t(59) = 0.81, p = .84;
t(59) = 0.25, p = .84). These results suggest that when there
appears to be random variation, participants do not change
their responses on every trial. However, when there is a pattern of some cues providing information about the (treasure)
outcome, participants adjust cue weights.
Post-test Of most interest in the present study is whether
participants also adjust their representations of the cues when
they are not required to make an overt response. Here we
compared the ratings of cues in Block 1 to the same cue in
the post-test. Predictions are shown in Figure 1 as the predicted rating score of ‘bran’ to ‘allergic reaction’. (As explained above, the figues show the simulations for food cues
and allergy outcomes as in VHW and Experiment 1; however, since the experiment design is identical, the simulation
predictions apply to both experiments.) The RW model predicts no difference between Block 1 and post-test. The VHW
model predicts a lower rating in the post-test.
We tested the rating scores between Block 1 and the posttest using Bonferroni-Holm corrected Wilcoxon tests. There
was no significant difference between Block 1 and the posttest (50-50 Condition v=79, p=1; 75-25 Condition, v=31,
p=.28, 100-0 Condition, v=43, p=.32). Neither was there any

significant difference between Block 3 and the Test phase (5050 Condition v=90, p=1; 75-25 Condition, v=145, p=1, 100-0
Condition, v=82, p=1).
We also introduced a new cue after the training phase (see
Figure 1, blue arrow). We used Wilcoxon tests to test differences in scores between Cue A from the Training phase and
this new cue introduced in the post-test. Results showed no
differences between Block 1 and the new cue (50-50 Condition v=914, p=.37; 75-25 Condition, v=891, p=.73, 100-0
Condition, v=939, p=.32). However, the difference between
Block 3 and the new cue was significant (50-50 Condition
v=320, p=.001; 75-25 Condition, v=608, p=.002, 100-0 Condition, v=772, p=.005).

Discussion
Experiment 2 investigated whether participants learn from absent cues when learning what clues in the environment could
help them find treasure. We introduced a test phase to compare the long term changes to cues that were absent for two
blocks of the experiment. If participants learn from absent
cues, the weights to these cues should drop off substantially,
as shown in the simulation for the VHW model. In contrast,
the RW model predicts that participants make predictions
based on cues available in the environment, so no changes in
cue weights are predicted over the blocks. Results supported
the RW model, as no significant difference was found in the
ratings between Block 1 and test.
Experiment 2 also tested whether a new cue would receive
a higher rating than previously learned cues, as predicted by
VHW, or a lower rating, as predicted by RW. Results here
were less conclusive. Comparison of Block 1 cue to the new
cue was not significant in either direction. This supported
neither the RW model, nor the VHW adaptation. However,
comparison of Block 3 cue to the new cue showed a lower
rating for the new cue, as predicted by RW.

General Discussion
This study tested the predictions of the Rescorla-Wagner
equations and the adaptation of the equations proposed by
Van Hamme and Wasserman (1994) for predicting participant responses in two experiments based on the design of
Van Hamme and Wasserman (1994). Experiment 1 aimed
to replicate Van Hamme and Wasserman (1994) in an online
environment. Results showed that the main results were replicated and our testing paradigm was sound.
Experiment 2 extended the study to a new task, using clues
in the environment to help ‘find buried treasure in an alien
world’. Van Hamme and Wasserman observed that on specific trials in which a particular cue did not occur and the reaction occurred, the rating went down on average, and when
the reaction occurred, the rating went up on average. From
this they concluded that humans learn from absent cues in
causal attribution. Experiment 2 also added a test phase to
test whether there were long term changes to the absent cues
over two blocks of the experiment. Figure 1 shows the predictions of the two models. The test phase showed that there was
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no difference in response to cues between Block 1 and the test
phase, as predicted by the RW model. This is counter to the
predictions of the VHW adaptation, which suggests the absent cues should develop negative weights. The second comparison was between learned cues and new cues (purple arrow
in Figure 1). These results were not entirely consistent, as
there was no significant effect in either direction for Block 1,
i.e. neither model was supported. However, the Block 3 cues
did show support for the RW model, as the already learned
cue had a higher rating than the new cue.
The present results raise the question of how it is that although participants at least sometimes change their responses
on individual trials during the training phase, as reported by
Van Hamme and Wasserman (1994), we did not find longterm effects of these responses. We suggest that the withintrial adjustments reported by Van Hamme and Wasserman
stem from the process of consciously processing the absent
cue in order to give a rating for all three outcomes. Recall that
during each block, participants were required to give a rating
for all cues, even the ‘absent’ cue. In contrast, in Blocks 2
and 3, no reponse was required to the Block 1 cues. In this
case, the participants did not learn from these absent cues.
We suggest that error-driven learning is best understood as
an implicit learning process and that this involves predictions
based on present cues. On the other hand, when a response
is required to any ’absent’ information, this affects learning
through an additional reasoning process. Weights are adjusted up or down for the absent cue during the rating process when required to make responses to the absent cue. In
object label learning, children learn through error-driven informativity of cues; however, when a small number of items
is presented, adults tend to adopt a logical exclusion strategy
(Ramscar, Dye, & Klein, 2013). Given that the rating task included the absent cue as well as the present cues, perhaps an
exclusion strategy may have affected participants’ responses
in this task.
In summary, the present results shed new light on the question of learning from absent cues. When participants are
asked to give ratings to both present and absent cues, as in
the training phase, then they make adjustments to the absent
cues. However, results from the test phase suggest that when
participants are no longer asked to explicitly give ratings to
the absent cues, it appears that they no longer learn from these
absent cues. This suggests the possibility that people use different learning mechanisms – explicit logical reasoning versus implicit learning – depending on the task.
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Abstract
Similarity judgments provide a well-established method for accessing mental representations, with applications in psychology, neuroscience and machine learning. However, collecting
similarity judgments can be prohibitively expensive for naturalistic datasets as the number of comparisons grows quadratically in the number of stimuli. One way to tackle this problem
is to construct approximation procedures that rely on more accessible proxies for predicting similarity. Here we leverage
recent advances in language models and online recruitment,
proposing an efficient domain-general procedure for predicting
human similarity judgments based on text descriptions. Intuitively, similar stimuli are likely to evoke similar descriptions,
allowing us to use description similarity to predict pairwise
similarity judgments. Crucially, the number of descriptions
required grows only linearly with the number of stimuli, drastically reducing the amount of data required. We test this procedure on six datasets of naturalistic images and show that our
models outperform previous approaches based on visual information.
Keywords: similarity, perception, language models, representations

Introduction
Mental representations serve as a basis for a variety of cognitive tasks such as decision-making, communication and memory (Anderson, 1990). Understanding the structure of those
representation is a core problem in cognitive science and is
the subject of a large corpus of work in the psychological literature (Shepard, 1980, 1987; Ghirlanda & Enquist, 2003;
Battleday, Peterson, & Griffiths, 2020; Peterson, Abbott, &
Griffiths, 2018; Jha, Peterson, & Griffiths, 2020; Caplette &
Turk-Browne, 2022; Hebart, Zheng, Pereira, & Baker, 2020).
One important example of this research is the development
of the multi-dimensional scaling method (MDS) for uncovering the structure of mental representations based on similarity
judgments (Shepard, 1980). Given a set of N stimuli, MDS
begins by collecting pairwise similarity judgments and aggregating them into a N × N matrix. Then, an iterative procedure
finds an embedding that maps the stimuli into points in a psychological space such that their distance mirrors their similarity. Applying MDS to different datasets revealed highly interpretable organization of the stimuli (Shepard, 1980, 1987).
Aside from psychology, similarity judgments play an important role in other disciplines such as neuroscience, e.g., in the
method of representational similarity analysis (Kriegeskorte,
Mur, & Bandettini, 2008), as well as in machine learning,

e.g., to regularize latent spaces so that they align with human
representations and perception (Esling, Bitton, et al., 2018).
Despite the success of these approaches, the quadratic increase in comparisons as a function of the number of stimuli
poses a serious limitation on their scalability. Indeed, even a
relatively small dataset that contains ∼ 102 stimuli would require ∼ 104 judgments for constructing the full similarity matrix. This limitation calls for alternative procedures that allow
for efficient approximation of similarity judgments. Previous
studies have proposed such a method in the visual modality by harnessing representations from convolutional neural
networks (CNNs) (Peterson et al., 2018; Jha et al., 2020).
Such an approach, however, is domain-specific and could potentially miss important semantic dimensions that weigh on
people’s judgments. Other studies focused on custom active
sampling techniques to guide data collection, however, these
too are hard to adapt to other domains (Roads & Love, 2021).
To reduce this burden, we leverage the deep relationship
between conceptual structure and language (Murphy, 2002)
to use linguistic descriptions as a proxy for human semantic representations. Intuitively, stimuli that are judged to be
highly similar are likely to evoke similar descriptions, allowing us to use description similarity to predict pairwise similarity judgments. This approach offers two key advantages
over prior work: first, it is scalable. While pairwise similarity comparisons scale quadratically with the number of stimuli (Shepard, 1980), text descriptions scale linearly. Second,
it is domain-general: unlike CNN representations (Peterson
et al., 2018), which are limited to visual stimuli, our procedure could be applied to any domain.
Finally, we note that our approach leverages two distinct
and important advances. First, text descriptions can be easily
crowd-sourced via online recruitment platforms such as Amazon Mechanical Turk (AMT; https://www.mturk.com/)
and are part of the common practice in modern machine
learning pipelines (Parekh, Baldridge, Cer, Waters, & Yang,
2020). Second, modern language models (Speer, Chin, &
Havasi, 2017; Devlin, Chang, Lee, & Toutanova, 2018) provide rich latent representations of text. It is therefore natural to ask: how far can we go in predicting human similarity
judgments based on language alone?
We explore this question on a collection of six datasets
of naturalistic images for which the ground-truth similarity
matrices are known (Peterson et al., 2018). Our exploration

2598

In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

proceeds in three stages. In Study 1, we construct similarity estimates by applying a state-of-the-art word embedding
model known as ConceptNet NumberBatch (CNNB) (Speer
et al., 2017) to pre-existing semantic labels for the dataset
images.1 In Study 2, we generalize this approach by constructing similarity estimates based on BERT, a widely-used
large language model (Devlin et al., 2018), applied to free text
descriptions that we crowd-source on AMT. Finally, we combine the concept-level representation of CNNB with the finegrained textual representation of BERT and generate a joint
predictor of similarity judgments. In the process, we benchmark our models’ predictive accuracy against the CNN-based
approach of Peterson et al. (2018).

Please describe the
content of the image.
A unique bookshelf that is slanted with many
books sitting sideways.
Bookshelf with falling shelves that are ready for
all your reading needs.
<bookshelf_02.png>

Wooden bookshelf composed of
multiple open cubes.
Dark brown wooden shelves storage
with nine cubicles.
<bookshelf_10.png>

Language Model

Similarity Prediction

General Methodology

𝑠!" =

Our general pipeline consists of collecting or using preexisting linguistic descriptors for the individual stimuli and
then using an embedding model to compute a proxy for pairwise similarity (Figure 1).

𝑧!# 𝑊𝑧"

𝑧! , 𝑧"

Figure 1: Schematic of the similarity prediction procedure
based on text descriptions.

Predicting Human Similarity
Given a set of stimuli and their linguistic descriptors (semantic labels or free-text descriptions) as well as a suitable
embedding scheme (e.g., a word embedding model) we used
cosine similarity between the vectors representing two stimuli as the metric for calculating their similarity (i.e., the dot
product of the two embedding vectors divided by the product
of their norms). Peterson et al. (2018) showed that predicting human similarity using CNN representations can be substantially enhanced by linearly transforming those representations. Mathematically, this corresponds to substituting the dot
product zT1 z2 with zT1 Wz2 where W is a suitable diagonal matrix and z1 and z2 are the embedding vectors. Moreover, Peterson et al. showed that such a transformation can be found
using ridge regression with L2 normalization. We apply this
approach to our linguistic representations, using the Python
library scikit-learn’s RidgeRegression and RidgeCV implementations. To avoid overfitting and simulate generalization
in practice, we performed 6-fold cross-validation over images
which ensured that no images from the training set are present
in the validation set. This ensures that even when combining
BERT and CNNB representations, where the number of features increases, overfitting is still avoided. To facilitate comparison with previous work we quantified performance by
computing Pearson R2 scores (variance explained) (Peterson
et al., 2018; Jha et al., 2020).

Stimuli
The six image datasets used in this paper were taken from
Peterson et al. (2018). The datasets were organized based on
1 CNNB is computed using an ensemble over data from ConceptNet and OpenSubtitles 2016, as well as two other popular word embedding models, GloVe (Pennington, Socher, & Manning, 2014) and
word2vec (Mikolov, Chen, Corrado, & Dean, 2013). As a result, we
omit experiments with these other embedding models.

six broad categories, namely, animals, fruits, vegetables, automobiles, furniture and various objects, each comprising 120
unique images. For all categories except animals, the datasets
included semantic labels for each of the individual images. In
the case of animals, we manually labeled the images. Sample
images and labels appear in Figure 2.

Predicting Human Similarity
Based on Semantic Labels
To initiate our investigation we first considered using the preexisting semantic labels for the images in our datasets, as they
served as concise summaries of the content of the images. We
evaluated two representations for predicting human similarity
judgments based on these labels, namely, a one-hot representation and a word embedding representation.

One-hot Label Representation
The first approach served as a baseline and consisted of using the semantic labels as class labels with a “one-hot” representation, namely, a vector of the form (0, . . . , 0, 1, 0, . . . , 0)
where the 1 indicates which semantic label is associated with
the image. This representation implies that images with the
same semantic label are maximally similar whereas images
with different semantic labels are maximally dissimilar.
Surprisingly, this simple representation possessed nontrivial predictive power, as indicated by its average raw R2
score of 0.31 across the datasets shown in Table 1. Applying a further linear transformation resulted in a small boost
in performance scores (R2 = 0.40). The sparsity of one-hot
representations potentially makes linear transformation ineffective. To remedy this, we applied label smoothing to the
one-hot vectors. If ⃗v is the one-hot vector, then ⃗vsmooth =
ε
(1 −⃗v) where ε is the smoothing parameter (we
(1 − ε)⃗v + k−1
use a value of 0.8) and k is the number of classes (which is
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Gorilla

Blackberry

Ottoman

Human Body

Car

Beetroot

Elevator

End Table

Figure 2: Sample images and their semantic labels.
equal to the length of the vector). Smoothing does not change
the relative structure of the resulting matrix but allows linear
transformation to be successfully applied to the new vectors.
Finding positive but not strong correlations is not surprising as the one-hot representation misses fine-grained similarity between related (though not identical) semantic labels. Indeed, although a tiger and a leopard are distinct animals, they
nevertheless share some intuitive semantic similarity being
members of the cat family; likewise for a chair and a recliner,
or a strawberry and a blackberry. This can be seen in the absence of off-diagonal structure in the predicted similarity matrix (Figure 3). Nevertheless, this preliminary study serves
as an initial evidence for the fact that people’s judgments are
indeed driven by semantic similarity.

Word-embedding Representation
To capture the structure of similarity between different semantic labels we replaced the one-hot vectors with the latent representations of the state-of-art word embedding model
ConceptNet NumberBatch (CNNB). CNNB is pre-trained on
the ConceptNet knowledge graph2 which is targeted at capturing intuitive commonsense conceptual relations.
CNNB contains embeddings not only for single words
but also concepts consisting of several words. To make
use of these, labels consisting of multiple words needed to
have spaces replaced by underscores (e.g. ‘red onion’ becomes ‘red onion’). In addition, while the CNNB dictionary is quite large, there are certain words or concepts that
it does not contain. In some of these cases, labels consisting of multiple words whose joint form was not found
in CNNB had to be separated into individual words and
their joint embedding estimated by their normalized sum

√
(e.g. CNNB(animal body) ≈ CNNB(animal)+CNNB(body)
). In
2
other cases, labels had to be replaced by a synonym or the
closest matching concept available in CNNB (e.g. ‘tatsoi’
was replaced by ‘spoon mustard’).
The use of CNNB representations resulted in a substantial
performance boost over one-hot vectors, as reflected in an R2
score of 0.71 for the transformed representations. In the predicted similarity matrix (Figure 3), it is clear that a substantial
part of the off-diagonal structure is recovered. Similar to the
CNN models used by Peterson et al. (2018), the linear transformation fine-tunes the broad representations of the model to
the specific task at hand. To ensure that the linear transformation is not overfitting the similarity matrices, we performed
6-fold cross-validation as mentioned above and computed a
control cross-validated (CCV) R2 score on held-out images.
These scores remained high (R2 = 0.63), outperforming the
CNN model of Peterson et al. (2018) (Figure 4) on all datasets
(except Animals, where it scored lower by a small margin).
This implies that CNNB representations generalize better to
new data. We also note that the dimensionality of the latent
space of CNNB (d = 300) is much lower than that of the CNN
(d = 4096) reducing the number of parameters to optimize
over and hence the risk of overfitting.

Predicting Human Similarity
Based on Free Text Descriptions
Concise semantic labels (and corresponding embeddings) are
not always available for stimuli of interest. A more general
approach would rely on free-text descriptions, which can be
easily crowd-sourced online. Such data, however, requires
a different kind of representations capable of flexibly encoding entire sentences (as opposed to aggregating representations of individual words which could lose important withinsentence structure). To that end, we used the latent representations of BERT (Devlin et al., 2018), a popular large-scale
language model based on bidirectional transformers, to embed free-text descriptions for each of the individual images
which we crowd-sourced on AMT. The data collection procedure as well as example descriptions are shown in Figure 1.

Experimental Methods
The recruitment and experimental pipeline were automated
using PsyNet (Harrison et al., 2020), a framework for experimental design which builds on top of the Dallinger platform3
for recruitment automation. Overall, 328 US participants
completed the study and were paid $12 per hour. Upon completing a consent form participants had to take a standardized
LexTALE English proficiency test (Lemhöfer & Broersma,
2012) to ensure caption quality. Participants that failed to
pass the pre-screening test were excluded from the study.
Next, participants received the following instructions: “In this
experiment we are studying how people describe images. You
will be presented with different images and your task will be
to describe their content. In doing so, please keep in mind

2 https://conceptnet.io/

3 https://github.com/Dallinger/Dallinger
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Furniture
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Figure 3: Full similarity matrices for the “animals” and “furniture” datasets for human participants (left), with corresponding
predictions based on class labels, CNNB and BERT representations.
the following instructions, 1) describe all the important parts
of the image, 2) do not start the sentences with “There is”
or “There are”, 3) do not describe unimportant details, 4) you
are not allowed to copy and paste descriptions, 5) descriptions
should contain at least 5 words, 6) descriptions should contain
at least 4 unique words. Note: no prior expertise is required
to complete this task, just describe what you intuitively think
is important as accurately as possible.” Participants were then
presented with nine random images from the dataset to help
give them a sense of the images they were about to describe.
In each trial of the main experiment participants saw one
image along with the following prompt “Please describe the
content of the following image” (semantic labels were never
provided). They then provided their description in a free text
response box, subject to the constraints listed above. Each
participant provided up to 30 text descriptions with each image receiving 15 text descriptions on average. To ensure that
participants did not provide repetitive responses we computed
the average Levenshtein edit distance between their current
response and all previous responses. Participants for whom
the average distance was close to zero (< 0.2) after 5 trials
were excluded from the study. Any remaining random or very
poor quality strings were excluded in a post-processing stage.

Computing BERT Embeddings
We used a pre-trained BERT-base-uncased model with a
standard tokenization scheme, accessed via the HuggingFace
library (Wolf et al., 2020). For each text description, we first
passed the tokens through the BERT model, then took the average embedding across all tokens (e.g. mean-bag-of-words)

at each layer. We then averaged the embeddings at each
layer across all descriptions for a given image. Empirically,
we computed similarity scores based on layers 0 through 12
and picked the best performing layer in each case. For four
datasets layer 0 was best, for Furniture it was layer 2, and for
Various it was layer 10. In order to combine the BERT and
CNNB representations, we first normalized both sets of embeddings by their respective means and standard deviations,
and then concatenated the BERT and CNNB embeddings to
get a single vector for each image.

Results
We used the embeddings to produce similarity estimates as
before. We found that while the raw representations of
BERT did not constitute a strong predictor, the linearly reweighted BERT representations (d = 768) demonstrated generalization performance comparable to the CNN-based model
(d = 4096) of Peterson et al. (2018) (Figure 4), though not as
high as CNNB. One possible explanation for this difference
is that CNNB predictors used single concise labels per image whereas for BERT we averaged representations of multiple descriptions which could capture different aspects of the
image (Parekh et al., 2020). A more sophisticated approach
could learn to pool embeddings from different descriptions
efficiently; however for the purpose of the current work we
chose to focus on simple linear transformations. 4
4 It is also possible that other pre-trained language models that di-

rectly incorporate semantic similarity in their pre-training objective
(e.g. through contrastive learning) have higher correlation with human similarity judgments; however, for the purpose of this work we
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Table 1: R2 scores for the different prediction models and datasets.
Model
Labels
CNNB
BERT
CNN*
Labels
CNNB
BERT
CNN*
CNNB
BERT
CNNB + BERT
CNN*

Methodology
Raw
Raw
Raw
Raw
LT-Train
LT-Train
LT-Train
LT-Train
LT-CCV
LT-CCV
LT-CCV
LT-CCV

Animals
0.23
0.51
0.22
0.58
0.29
0.85
0.79
0.84
0.72
0.52
0.74
0.74

Automobiles
0.69
0.64
0.30
0.51
0.71
0.86
0.75
0.79
0.86
0.53
0.85
0.58

Fruits
0.20
0.17
0.09
0.27
0.26
0.53
0.55
0.53
0.38
0.23
0.44
0.36

Vegetables
0.24
0.17
0.13
0.19
0.27
0.60
0.64
0.67
0.43
0.40
0.54
0.35

Furniture
0.34
0.31
0.25
0.37
0.38
0.67
0.61
0.72
0.63
0.47
0.64
0.35

Various
0.19
0.29
0.36
0.27
0.48
0.72
0.80
0.52
0.73
0.62
0.76
0.54

⟨R2 ⟩
0.31
0.35
0.23
0.37
0.40
0.71
0.69
0.68
0.63
0.46
0.66
0.49

Note: “Raw” corresponds to raw representations, “LT-Train” corresponds to linearly transformed representations
evaluated on training set, and “LT-CCV” corresponds to linearly transformed representations evaluated on held-out
images. ⟨R2 ⟩ is the average R2 across all datasets. * indicates values reproduced from Peterson et al. (2018).

of 10, 000 and a convergence tolerance of 1e-100. First metric MDS was applied to get an initial embedding, then four
iterations of non-metric MDS were applied and the best solution was picked. The results are shown in Figure 5, and reveal
a rich and interpretable semantic organization of the stimuli
capturing a variety of semantic dimensions such as natural
and functional classes as well as color gradients.

0.7
0.6

Average R 2

0.5
0.4

Discussion

0.3
0.2
0.1
0.0

BERT

CNN

CNNB

CNNB+BERT

Figure 4: Average CCV R2 score for the main four models
considered (shown in bold in Table 1).
As a last step, we constructed a combined predictor that
stacked CNNB and BERT representations to capture broad
concept-level knowledge as well as fine-grained descriptions.
The combined model resulted in the best aggregated performance, improving further on the CNNB model (Figure 4).
This result suggests that similarity judgments are best captured by a semantic hierarchy whereby concise concepts capture most of the variance while fine-grained semantic features
explain the residual variation.
To appreciate the semantic content of the predicted similarity matrices, we computed a two-dimensional MDS representation of the images. These representations were computed
using the scikit-learn library with a maximum iteration limit
focus on BERT as one of the most commonly used language models.

We proposed a highly efficient and domain-general procedure
for predicting human similarity judgments based on text descriptions with linear (as opposed to quadratic) complexity.
We tested our approach on six datasets of naturalistic images,
finding evidence for its validity as well as outperforming previous models that rely on CNNs. These results suggest that
human similarity judgments are indeed grounded in semantic
understanding and language. Beyond the immediate potential
for scaling up studies of similarity, our work also provides
a new perspective on the representational similarity between
BERT and humans (Lake & Murphy, 2021): when tested on
naturalistic datasets with freely generated text descriptions,
we find that BERT successfully captures a substantial part of
the structure of human similarity judgments.
This work is an initial step towards a broader investigation of similarity in naturalistic domains. First, our approach
offers the possibility of predicting human similarity in other
domains such as audio and video. Second, it could be used
to explore differences between perceptual similarity (based
on raw judgments) and semantic similarity (based on text descriptions). This discrepancy may vary by domain or expertise. For example, in the musical domain, experts may provide rich descriptions of stimuli (e.g., musical chords) while
novices may lack an appropriate vocabulary, yielding a bigger
gap between perception and semantics for the second group.
A fine-grained study of this gap as a function of expertise
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Figure 5: Two-dimensional MDS embedding of the linearly-transformed joint CNNB-BERT similarity predictions.
could be informative about the trajectories of semantic development. Third, a systematic study could, for example, use
CNN and CNNB representations as a way of isolating perceptual and semantic contributions to a human similarity judgment. Of particular interest are cases of maximal discrepancy
whereby humans align with one of the predictors but not the
other. Figure 6 shows examples of such pairs. These seem to
suggest that people tend to focus on low-level perceptual features when the objects of comparison are unfamiliar, whereas
they would neglect these for familiar objects.
In addition to psychological applications, our paradigm
may allow for advances in machine learning. Enriching machine learning datasets with similarity judgments and behavioral data more generally can endow artificial models with
a variety of useful properties, such as robustness against adversarial attacks and human alignment (Peterson, Battleday,
Griffiths, & Russakovsky, 2019). Collecting similarity judgments over all pairs is infeasible for such datasets due to the
large number of stimuli. Nevertheless, in many real-life applications similarity matrices tend to be sparse, i.e., only a small
subset of comparisons would yield non-vanishing similarity
(Parekh et al., 2020). An efficient enrichment pipeline, therefore, must exploit this sparsity and our procedure is a promising candidate for guiding such methods by predicting which
pairs are likely to be informative a priori. Second, for more
domain-specific applications, a followup study could leverage recent advances in multi-modal transformer representa-

tions to construct better similarity metrics by incorporating
both visual and semantic cues. We hope to engage with all of
these avenues in future research.

0.5

Celtuce

Seaweed

0.0
CNN CNNB Human
0.5

Bear

Chimpanzee

0.0
CNN CNNB Human
1

Bed

Bed

0
CNN CNNB Human

Figure 6: Examples of image pairs that generated large discrepancies between CNN and CNNB model predictions and
their relation to human similarity scores.
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Abstract
Bayesian inference has been used in the past to model visual
perception (Kersten, Mamassian, & Yuille, 2004), accounting
for the Helmholtz principle of perception as “unconscious inference” that is constrained by bottom-up sensory evidence
(likelihood) while subject to top-down expectation, priming,
or other contextual influences (prior bias); here ”unconsciousness” merely relates to the ”directness” of perception in the
sense of Gibson. Here, we adopt the same Bayesian framework to model emotion process in accordance with SchachterSinger’s Two-Factor theory, which argues that emotion is the
outcome of cognitive labeling or attribution of a diffuse pattern
of autonomic arousal (Schachter & Singer, 1962). In analogous to visual perception, we conceptualize the emotion process, in which emotional labels are constructed, as an instance
of Bayesian inference, either consciously or unconsciously
combining the contextual information with a person’s physiological arousal patterns. Drift-diffusion models were constructed to simulate emotional processes, where the decision
boundaries correspond to the emotional state experienced by
the participants, and boundary-crossing constitutes “labeling”
in Schachter-Singer’s sense. Our model is tested against experimental data from the Schachter & Singer’s study (1962)
on context-modulated emotional state labeling and the Ross
et al. study (1969) on fear reduction through mis-attribution.
Two model scenarios are investigated, in which arousal pattern
as one factor is pitted against contextual interaction with an
confederate (in Schachter-Singer case) or explicitly instructed
mis-attribution (in Ross et al. case) as another factor, mapping
onto the Bayesian prior (initial position of the drift) and the
likelihood function (evidence accumulation or drift rate). We
find that the first scenario (arousal as the prior and context as
the likelihood) has a better fit with Schachter & Singer (1962)
whereas the second scenario (context as the prior and arousal
as the likelihood) has a better fit with Ross et al. (1969).
Keywords: Bayesian Modeling; Emotion; Drift-Diffusion
Model; Emotion Theory

Introduction
In his ”The Principles of Psychology”, William James (1922)
famously asked ”what is an emotion”, and focused on physiological arousal as a basis of emotional experience. This
arousal theory of emotion subsequently inspired a huge volume of work on cognitive involvement, such as misattribution, appraisal, etc. (Russell, 2003). On the computation
modeling side, the Bayesian approach to cognition has gained
significant attention in recent years due to its capacity to solve
induction and causal inference problems within a probabilistic framework (T. Griffiths & Tenenbaum, 2007; T. L. Griffiths, Kemp, & Tenenbaum, 2008), extending previous applications of Bayesianism to object perception (Kersten et al.,
* Corresponding

author

2004) and language acquisition (Chater & Manning, 2006).
A growing interest to apply Bayesian modeling to human
emotions emerges, especially within the context of Theory
of Mind (Saxe & Houlihan, 2017; Ong et al., 2019), though
most existing works focus on third-person appraisals based
on contextual cues instead of on identifying one’s own emotion process.
In this paper, after a review of existing emotion theories, we propose a Bayesian formulation that computationally implements the Schachter & Singer’s Two-Factor theory
of emotion. We focus on the Two-Factor theory as a conceptually viable framework for emotion computation for two
reasons. First, the Two-Factor theory bridges the physiological and cognitive aspects of the emotion process (Reisenzein,
1983), with a variety of modern appraisal theories focusing on
cognitive aspects. Second, we can demonstrate a clear mapping from the two factors in the Two-Factor theory, namely
physiological arousal and cognitive label, to the two key components of the Bayesian inference scheme, the prior and the
likelihood. This allows us to model first-person emotion
recognition as a Bayesian inference process.
We then develop a drift-diffusion model to implement the
dynamical Bayesian inference and account for experimental findings in Schachter & Singer’s study. There, participants who were physiologically aroused (via drug injection but were not informed of arousal) later reported different emotions (i.e., labeled their arousal pattern differently)
based on the nature of their interaction with an experimental confederate they encountered post-injection. In our driftdiffusion modeling, the decision boundaries correspond to
the euphoric and anger state experienced by the participants
in the experiment, and boundary-crossing constitutes “labeling” in Schachter-Singer’s sense. Response time (RT) in the
drift-diffusion model is used as a surrogate measure of the
self-rated intensity of the emotional state, where high intensity corresponds to a shorter response time. We propose two
model scenarios (versions). In the first scenario, arousal pattern is used as the prior and the likelihood function for evidence accumulation models the interaction with the confederate (context). We adopt an unbiased prior, while allowing
the drift-rate (and its sign) to capture the nature of interaction with the confederate. In the second scenario, we use the
context as the prior and physiological arousal patterns as the
likelihood function. The drift-diffusion model is then applied
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to account for the data of Ross et al. (1969), in which the
time-course of the mis-attribution effect was empirically measured. Because the Ross et al. paradigm is one of decisionmaking under time pressure, we compare it to computation
models of decision making with collapsing boundary. Simulation results for both the Schachter & Singer’s study (1962)
on context-modulated emotional state labeling and the Ross
et al. study (1969) on fear reduction through mis-attribution
are presented.

The Bayesian Approach to Perception
Bayes Formula Bayesian models have been increasingly
used in cognition for decision making and prediction tasks.
Bayesian inferences are based on the simple Bayes rule
P(h|e) =

P(e|h)P(h)
P(e|h)P(h)
=
P(e)
∑h P(e|h)P(h)

(1)

where e represents an event and h a hypothesis. Here P(h)
is called the prior, P(e|h) is the likelihood function, and the
resulting P(h|e) is the posterior. In the Bayesian framework, uncertainty in reasoning about variables is reflected by
a probability distribution, which is updated upon receiving
evidence using probability theory (Lee, 2011). The prior (and
posterior) refers to the degree of belief in a hypothesis before
(and after) observation, while the likelihood function represents the evidence accumulation process. The Bayesian approach has been extensively used in cognitive modeling as it
allows agents to update knowledge about the world in a rational way (i.e., with self-consistency) after new data becomes
available.
Bayesian Inference and Perception It was Helmholtz who
famously drew a distinction between sensation and perception, arguing that perception is an ”unconscious inference”
process based on sensory stimuli – when sensory stimuli are
registered, the mind draws inference on the reality where
experience, context, and expectation play an important role
(Westheimer, 2008).
Although Helmholtz’s arguments are mostly made in a
philosophical context, Bayesian inference was advanced as a
computational framework in the study of how the brain can
extract 3-D geometric information (e.g., shape) of objects,
in a probabilistic way yet with an extraordinary level of accuracy, from 2-D visual inputs on the retina (Kersten et al.,
2004). Based on these early successes in Bayesian modeling,
emotion theorists have also attempted to apply similar frameworks on emotion perception (e.g. (Ong et al., 2019)).

Theories and Paradigms of Emotion
Earlier theories Since the dawn of psychological science,
scholars have proposed various models of emotional processes. For example, the James-Lange theory views emotion as the result of physiological arousal (James, 1922), or
as James puts it, ”the feeling of bodily changes as they occur is the emotion”. Therefore, emotion is felt when changes
in bodily state are perceived. However, people who have

lost sensations can still feel emotion and people who feel
increased heart rate through exercise may not feel any particular emotion. Thus, physical sensation and emotion are
clearly two different processes (Shouse, 2005). This essentially is the Cannon–Bard theory, arguing that physiological
reactions and emotional experiences occur simultaneously,
but are two independent processes (Cannon, 1927). Although
the Cannon-Bard theory addressed some of the shortcomings
of the James-Lange theory, it is challenged by studies showing that physical reactions can influence emotions (Coles,
Larsen, & Lench, 2019).
Two-Factor theory and its critique An influential synthesis of these earlier conceptualizations is Schachter & Singer’s
Two-Factor theory of emotion, which posits that emotion is
based on two factors: physiological arousal and cognitive label (Schachter & Singer, 1962). When a subject experiences
arousal, the subject appraises the context of the arousal patterns, which leads to an experienced emotion state. In comparison to the James-Lange theory, the Two-Factor theory incorporates a cognitive component in the emotional process.
In comparison to the Cannon-Bard theory, the intermediary
role of cognition is established, i.e., mediating between physiological reaction and emotional experience and, according to
Schachter & Singer (1962), the presence of both autonomic
arousal and a cognitive label are necessary for a person to
perceive an emotion. The Two-Factor theory is supported by
some studies on misattributed arousal and the theory is able to
explain the emotion process in many situations. The theory
also inspired many more modern variants of the cognitionarousal theory of emotion, which share the central postulate
as the Two-Factor theory that emotion is a function of cognition and arousal, although they largely disagree on the ways
in which cognition and arousal interact to generate emotion
(Reisenzein, 2017; Lindquist & Barrett, 2008).
However, the necessity of arousal for emotion is still a matter of intense debate (Reisenzein, 1983). A variant of the
Two-Factor theory is the Cognitive Appraisal theory (Arnold,
1960; Lazarus & Lazarus, 1991), which also posits that emotions are felt due to the appraisals of the situations. Contrary
to the Two-Factor account, Lazarus (1966) argues that cognitive appraisal precedes emotion and physiological arousal.
Two types of appraisal were differentiated: in the primary
appraisal, the subject appraises the relevance of the situation
while in secondary appraisal, the subject evaluates the relevant resources for coping. Although supported by contemporary emotion research (Ellsworth, 2013; Smith, Tong, &
Ellsworth, 2014), Cognitive Appraisal theory has been criticised for overemphasising the conscious or voluntary processes, as cognitive appraisal might only be one of several
ways to produce emotion (Zajonc, 1980; Izard, 1993).
While the Two-Factor theory has sparked enormous research interest, including the Cognitive Appraisal theory, the
experimental paradigm itself in the Schachter & Singer famous study (Schachter & Singer, 1962), despite its historical
importance, has been quite controversial. Critics have argued

2606

that the use of epinephrine seems to cause different physiological reactions among subjects and may not be a reliable
manipulation (Plutchik & Ax, 1967). The magnitude of the
effects in the Schachter & Singer (1962) study is small and
some are not statistically significant, as subsequent replicating studies yield varying success. In their replication study,
Marshall & Zimbardo (1979) found that the behavior of the
confederate has little influence on the subjects. Another replication study by Maslach (1979) used hypnotic suggestions
to cause the state of arousal instead of using epinephrine,
and found uniformly negative experienced emotion in all
groups. Finally, the study of Erdmann & Janke (1978) used
oral administration instead of injection of ephedrine to induce
arousal, and added an anxiety condition in addition to the euphoric and anger condition in the Schachter & Singer (1962)
study. In the anxiety condition, the subjects were told they
would receive electric shocks, and were given mild shocks.
Results show that the reported emotion from the euphoric and
angry conditions conforms with the two-factor theory but increased arousal did not affect the state of anxiety among subjects.
Misattribution of arousal paradigm Despite the criticism
of the Schachter & Singer (1962) study, it inspired a large
body of subsequent research under an alternative ”Misattribution of Arousal” paradigm, which provided strong support
for the Two-Factor theory (Cotton, 1981). The Misattribution
of Arousal paradigm refers to the phenomenon where individuals attribute physiological arousal to an incorrect source.
An example is Ross et al. (1969), which used the misattribution effect to induce fear reduction. The participants were
recruited for a learning task to solve a puzzle. If they failed to
solve the puzzle, they would receive an electric shock. During
the experiment, some background noise was present. When
the subjects were told that their fear-related symptoms were
due to effects of the background noise, the subjects reported
less fear than those who were informed otherwise. In other
words, when the experimenter manipulated the subjects’ cognitive appraisal, the subjects misattributed their bodily state
to fear-neutral sources, causing fear reduction.

Bayesian Inference on Emotion Process
Previous work has applied the Bayesian framework to emotion appraisal, i.e., to the mental models of an agent’s emotional states. Baker et al. (2017) propose a Bayesian Theory
of Mind (BToM) model of how humans infer other agents’
mental states, such as desires and beliefs, which can be
applied to formalize emotion concepts (Saxe & Houlihan,
2017). As emotions can cause agents’ to display certain behaviors and expressions, an observer can infer others’ underlying emotions from observations. The model of (2019) deals
with a variety of tasks such as attributing emotional reactions
and reasoning about others’ emotion from multiple emotional
cues, with rich causal linkage between emotion and events.
These various Bayesian frameworks of emotion inference
are centered on emotion appraisals on other agents rather

than a direct, subjective perception of one’s own emotional
state. Our proposed model is hence a very different kind
– we attempt to draw a parallel between visual perception
and emotion perception by building on the Two-Factor theory and modeling emotion as a Bayesian inference through
which the subject appraises their own physiological arousal
and contexts to produce an emotion label.
Drift-Diffusion Model DDM is popularly used for dynamic information accumulation during perception and
decision-making (Bitzer et al., 2014; Bogacz et al., 2006). In
a DDM, which is often implemented with random walk process, the decision-maker accumulates evidence until the relative decision value meets one of the two decision boundaries,
and a choice is made corresponding to the boundary being
crossed; the corresponding choice is then selected to be the
resulting decision (Fudenberg, Newey, Strack, & Strzalecki,
2020). Starting point (initial bias), boundary separation, and
drift rate are parameters of the DDM. Boundary separation is
effectively manipulated by changing the step size, and boundary shifts effectively by moving the initial bias. In a DDM
simulation, Response Time (RT) refers to the first-exit time
of the drift process crossing the predetermined boundary.
Mathematically, the relative decision value Zt at any given
time t is modeled by
Zt = Zt−1 + d · Bt

(2)

where Bt is a standard Brownian motion and d is the step size.
The boundary crossing (first-exit) time τ is
τ = inf{t ≥ 0 : |Zt | ≥ 1}

(3)

Study 1: The Schachter & Singer Experiment
In the original Schachter & Singer (1962) study, the subjects
are injected with either epinephrine or saline solution as a
placebo. The epinephrine injection would increase the state
of arousal, which is usually accompanied by tremor, palpitation, and increased heart rate. The experimental conditions
of the Schachter & Singer (1962) study are as follows with
respect to Epinephrine manipulation: the Informed (Epi Inf)
group receives an Epinephrine injection and is informed of
the true effect of Epinephrine injection. The Ignorant group
is injected with Epinephrine but is not informed of any information about the effect of the injection. The Misinformed
group is injected with Epinephrine but receives incorrect information about the effect of the injection, such as numbness,
itching and slight headache. The Placebo group receives the
saline solution and is not informed of any information about
the effect of the injection. The subjects then interact with a
confederate. The confederate in the euphoric condition performs positive acts and the one in the anger condition performs negative acts. After the interaction with the confederate, the participants then complete a 9-point emotion scale.
The scale has two items, measuring the feelings of anger and
happiness, respectively. The emotion score is calculated by
subtracting the score on the happiness item by the one on the
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anger item. The final emotion score ranges from extremely
angry (-4) to extremely happy (4).
The results of the study are re-plotted in Tables 1 and 2.
Schachter & Singer (1962) found that, in the euphoric condition where the confederate performed positive acts, the mean
self-reported emotion scores of the Epi Ignorant and Epi Misinformed groups were greater than the mean of the Informed
group. In other words, in the condition when the confederate is euphoric, subjects reported to be more euphoric when
they had no explanation of their own bodily states than when
they did. A similar pattern is observed in the anger condition
where the confederate performed negative acts.
Table 1: Emotion Scores in the Euphoric State
Experimental Conditions
Epi Informed
Epi Misinformed
Epi Ignorant
Placebo

N
25
25
25
26

Self-reported Scale
0.98
1.78
1.90
1.61

Table 2: Emotion Scores in the Anger State
Experimental Conditions
Epi Informed
Epi Ignorant
Placebo

N
22
23
23

Self-reported Scale
1.91
1.39
1.63

Methods
We identify the response times of a DDM simulation to selfreported emotion rating in the Schachter & Singer (1962) experiment, and assume that a longer response time indicates
a less intense emotion (as the individual needs more time
to accumulate enough emotion-related evidence to reach the
threshold). To map the physiological arousal factor and cognitive appraisal factor onto the prior and the likelihood factors, which corresponds to the drift rate and the initial bias in
the DDM model, we investigated two model scenarios (Table
3). In Model 1, cognitive appraisal of the context is modeled
by drift rate, as the interaction with the confederate provides
accumulating evidence in deciding one’s emotion state. The
Epi Informed group has the lowest drift rate (v0 < v1 ) because the arousal is explained and thus the context becomes
less relevant. In Model 2, cognitive appraisal of the context is
modeled by initial bias; here the Epi Informed group should
have the lowest initial bias (s0 < s1 ) because the arousal is already explained and the context is less relevant to begin with.
In both scenarios, the placebo group has a smaller step size
(d0 > d1 ), which models the state of arousal.
We measure the model goodness of fit with Mean Squared
Error (MSE), which measures the average of the squares of
the errors when comparing the model predictions and the experimental results.
Model parameters are given in Table 3. A grid search was
used to find the best-fitting parameters. Each experimental
condition was simulated with 1000 trials. After simulating
the results of the 4 experimental conditions, we normalized
the results to ensure the simulated ratings had the same aggregated value as the experimental results.

Figure 1: Sample simulation paths of Model 1 (left) and
Model 2 (right)

Results
Sample paths with 10 trials are shown in Figure 1. For Model
1 (arousal as the prior and context as the likelihood function),
paths are stable with little variations, with trajectories showing a steady evidence accumulation process. For Model 2
(context as the prior and arousal as the likelihood function),
paths are divergent with greater variations in response time,
with some crossing the wrong decision boundaries (”error trials”).
Both Model 1 and Model 2 show a similar trend as the experimental results (Fig 2), where the Epi Ignorant and Epi
Informed group have the highest reported value in the euphoria condition, followed by the Placebo group and the Epi Informed group. In the anger condition, the Epi Informed group
has the highest emotion value, followed by the placebo group
and the Epi Ignorant group.
Model 1 (MSE = 0.0072) seems to have a better fit with
the experimental results than Model 2 (MSE = 0.1852), judging from the match in emotion scores and their variance for
each experimental group. We conclude that arousal is better
modeled as the prior and context as a likelihood function.

Study 2: Time-Course in Misattribution Effect
In Ross et al. (1969), misattribution of arousal successfully
led to the reduction of fear of pending electric shocks. In the
experiments, 40 subjects are recruited to solve two puzzles,
a ”reward” puzzle and a ”shock” puzzle. The experimenters
first played a loud, unpleasant noise for 3 minutes, after which
the subjects have 3 minutes to work on the puzzles. Solving the reward puzzle lead to monetary rewards while solving the shock puzzle enable participants to avoid an electric
shock as punishment. In the experiment, the anticipation of
an electric shock presents as a stimulus for fear. Subjects
are randomly assigned into two experimental groups: shockattribution group and noise-attribution group, and the amount
of time each subject spends on either of the two puzzles is
recorded.
Both groups are briefed about likely symptoms caused
by the noise before the experiment begins. In the shockattribution group, the subjects are informed that they may
experience with symptoms related to noise bombardment,
such as numbness or dizziness and headaches, whereas in the
noise-attribution group, the subjects are informed that they
may experience fear-related symptoms, such as tremor, palpitations, etc. Subjects in the noise-attribution (i.e., misat-
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Table 3: Parameter settings for the DDM
Conditions
Epi Informed
Epi Misinformed
Epi Ignorant
Placebo

Initial Bias
0
0
0
0

Model 1
Drift Rate
v0
v1
v1
v1

Step Size
d0
d0
d0
d1

Initial Bias
s0
s1
s1
s1

Model 2
Drift Rate
0
0
0
0

Step Size
d0
d0
d0
d1

Figure 2: Experimental and simulation results for the Euphoria State (left) and Anger State (right)
tribution) group are expected to be less fearful as they are
more likely to attribute their arousal to the presence of noise
than the pending electric shock. The average time participants
spend on the shock-avoidance puzzle is used as a surrogate
of their fear level, since subjects more fearful of the electric
shock are likely to spend more time avoiding the shock than
getting monetary rewards. The percentage of subjects working on the shock-avoidance puzzle in each group is recorded
every 10 seconds.
Ross et al. (1969) found that the noise-attribution group
spent significantly less time on the shock-avoidance puzzle
(M = 88.22, SD = 57.02) than the shock-attribution group
(M = 140.34, SD = 34.84). The percentage of participants
working on the shock-avoidance puzzle over 10s intervals is
shown in Fig. 3. Most subjects in both groups start focusing on the shock-avoidance puzzle. While the percentage of
subjects working on the shock-avoidance puzzle remains at
around 80% in the shock-attribution group, more subjects in
the noise-attribution group start working on the reward puzzle
as time goes by.

Methods
To simulate the experimental paradigm, we assign the boundaries of the DDM to be fear (positive boundary) and nonfear (negative boundary). Similar to Study 1, we explored
two model scenarios: Model 1 uses the arousal as the prior
and the context as the likelihood; Model 2 uses the context
as prior and the arousal as the likelihood. In contrast to the
Schachter & Singer (1962) study, the initial bias and drift rate
are both set as positive in both model groups since anticipation of fear is present and associated with a high physiological
arousal state. To model the misattribution effect, we assign
a time-dependent variable α to model either the decrease in
arousal (Model 1) or decrease in boundary separation (Model
2). We assume that as the subjects increasingly attribute their
arousal to the emotion-neutral source, they reduce the association between their bodily state and the emotion of fear.
This interpretation is consistent with previous work on the

Figure 3: The percentage of subjects in each condition working on the shock-avoidance puzzle during each 10-sec time
interval (data from Ross et al. (1969) replotted).
appraisal theory, where cognitive appraisal can be used to reduce arousal (Lazarus & Alfert, 1964; Dandoy & Goldstein,
1990). In Model 1 where the arousal is the prior, the drift
rate decreases by to v0 − αt at each time interval. In Model
2 where context is the prior, we model the time-dependent
changes in arousal appraisal by shifts in the decision boundaries, where the positive and negative boundary changes to
1 − αt and −1 − αt , respectively. The time-dependent shift in
boundary is consistent with the notion of “collapsing boundary” in DDM models used for decision making under time
pressure (Palestro et al., 2018; Hawkins et al., 2015). The
parameters for the two models are shown in Table 4.
For each time interval, we run a simulation with 50 trials
for each experimental condition. Similar to study 1, we measure the intensity of fear by the response time of the DDM.
We map the response time to a 5-point fear scale, with 0 indicating not fearful at all and 4 indicating extremely fearful.
Crossing the non-fear boundary would correspond to a score
of 0, regardless of the response time. With a step size of 0.05,
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Table 4: Parameter settings for the DDM for the t-th time interval
Conditions
Shock Attribution
Noise Attribution

Initial Bias
s0
s0

Model 1
Drift Rate
v0
v0 − αt

Boundaries
±1
±1

Initial Bias
s0
s0

Model 2
Drift Rate
v0
v0

Boundaries
±1
±1 − αt

otherwise, the two Models are quite comparable.

Discussions and Conclusion

Figure 4: Simulated results of Model 1 (top) and Model 2
(bottom)
the simulation needs at least 20 steps to cross the fear boundary. Therefore, a response time of 20 would correspond to
extreme fearfulness on the scale.
A fear score over 2 (midpoint of the 5-point fear scale) is
taken to mean that the subject is assumed to be working on
the shock-avoidance puzzle at a given time point. Therefore,
the proportion of trials (out of all 50 trials) with a fear score
over 2 is a proxy for the percentage of subjects working on
the shock-avoidance puzzle.
Because the data is aggregated across subjects, the decision
boundaries can be seen as the threshold probability, where the
relative decision value is the posterior probability differential
between the two alternatives at time t, and prior probability at
time t+1. At a given time t, the posterior probability increases
or decreases by a given step size with the likelihood function
modeled as the drift rate.

Results
The simulation results are shown in Figure 4. Both models
are able to show a similar trend as the Ross et al. (1969)
experimental data where both experimental conditions start
with a high percentage of participants working on the shockavoidance puzzle. The percentage in the noise-attribution
group keeps decreasing till the 7th-10th interval and fluctuates at around 40%. In the noise-attribution group, the trajectory after the 8th interval tends to have less variance in Model
2 (SD = 4.64) as opposed to in Model 1 (SD = 5.73). But

We formulated a Bayesian framework of Schachter &
Singer’s Two-Factor theory of emotion, where the physiological arousal and cognitive label factors are mapped onto
the prior or the likelihood function factors of a Bayesian
framework (and initial bias or drift-rate of a Drift-Diffusion
Model). Parameterization of DDMs is flexible enough to
model the attribution process crucial for emotion as reflected
in the experimental data of both the Schachter & Singer
(1962) and the Ross et al. (1969) study.
We explored how physiological arousal and appraisal of
contextual information are mapped differently onto the prior
and the likelihood. Model 1 (arousal as the prior and context as the likelihood) shows a better fit for the Schachter
& Singer (1962) study, but not for the Ross et al. (1969)
study. This may be due to a difference in the experimental
paradigms. In the Schachter & Singer (1962) study, there is
continuous interaction between the participants and the confederate, and hence a continuing target for cognitive appraisal
(evidence accumulation), whereas in the Ross et al. (1969)
study, the emotion-related stimulus noise is presented only
before participants work on the puzzle, while electric shock
comes only after the trial ends. Rather, there is the deadline
aspect (as opposed to evidence accumulation aspect) in this
paradigm. Another possible difference is that the Schachter
& Singer (1962) study measures both the polarity of the emotional states (euphoric and anger) and the intensity whereas,
in the Ross et al. (1969) study, only the level of fear is approximated. So arousal is unbiased and neutral in the former,
but not in the latter.
Due to the lack of individual experimental data, we are not
able to fully assess the goodness of fit of our simulations.
Though the two proposed model setups in our experiments
show different behaviors, we are not able to make a rigorous
quantitative comparison. Nevertheless, our study proposes a
Bayesian model for emotion process based on Schachter &
Singer’s theory of emotion and our simulation shows some
encouraging preliminary results. Future studies can test the
model against individual experimental data and conduct a
more rigorous model evaluation.
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One strike and you’re a lout:
Perceptions of moral character are fugacious, not tenacious

Abstract
When people who are generally loyal or fair have a momentary
lapse in their moral behavior, how does that impact whether we
continue to perceive them as loyal or fair people—and how is
this shaped by our relative valuation of loyalty and fairness?
Reasoning from an error-management perspective suggests
the Moral Stringency Hypothesis: Upon witnessing a moral
lapse, we should be especially prone to discount category
membership for our most deeply valued moral categories,
given the potential costs of affiliating with people who do not
reliably adhere to our core moral values. However, another
line of research on conceptions of the “true self” suggests the
opposite. Specifically, the True Self Hypothesis predicts that
we should reliably project our most strongly held moral values
onto others, even after a lapse. Across two studies (N = 720),
we found consistent evidence favoring the Moral Stringency
Hypothesis over the True Self Hypothesis.
Keywords: moral character; moral categorization; true self;
negativity bias; moral updating

Introduction
A central feature of human cognition is a persistent drive to
conceptualize the world as subdivided into discrete categories
(Murphy, 2002). In addition to persistently categorizing
other people based on demographic traits such as race and
gender, we readily categorize others they encounter based on
moral character (van Leeuwen, Park, & Penton-Voak, 2012).
Moral characteristics shape our perceptions of others more
fundamentally than traits that are diagnostic of competence
or warmth (Brambilla & Leach, 2014; Goodwin, Piazza,
& Rozin, 2014), and we expend copious energy seeking
and spreading information about others’ moral tendencies
(Boehm, 2012). Pursuing reliable knowledge about people’s
moral category membership (e.g., whether a person is caring,
loyal, or selfless) is adaptive; it can help inform decisions
about who to work with, befriend, or marry. As such, we
are especially harsh judges of others who hypocritically fail
to uphold moral values that they have previously espoused,
thus falsely advertising their quality as social affiliates (Effron
& Monin, 2010; Jordan, Sommers, Bloom, & Rand, 2017).
Yet, most people are likely to be moral hypocrites at least
occasionally (Shalvi, Gino, Barkan, & Ayal, 2015; Valdesolo
& DeSteno, 2007). Given that people rarely adhere to moral
ideals in all circumstances, we must carefully decide when
to discount moral failures. If we are too forgiving, we risk
cooperating with people who will take advantage of us. If
we are too intolerant, we risk having overly high expectations
of others and losing out on worthwhile partnerships. Given

these trade-offs, how do we typically update our moral
categorization of otherwise morally upstanding people who
have had a temporary moral lapse?
The implications of moral lapses are complicated by the
fact that the moral domain is variegated, consisting of a
broad range of values (e.g., Flanagan, 2017; Graham et
al., 2011; Sinnott-Armstrong & Wheatley, 2014), meaning
that there are numerous and potentially discordant ways
of being a moral person. Exemplars of different moral
categories—such as just people, brave people, and caring
people—have divergent characteristics (Walker & Hennig,
2004). Moral categorization is further complicated because
many moral dilemmas involve conflicts between competing
moral values; for instance, being caring can sometimes
hinder being fair. Thus, if a generally caring person is in
a situation for which being compassionate would preclude
being equitable (e.g., a professor who is choosing whether to
grade certain students more leniently than others), this person
may decide to uphold fairness at the expense of care. In
such a case, are observers inclined to continue categorizing
this individual as a caring and moral person? How is this
inclination impacted by differences in the observers’ relative
valuation of care as opposed to fairness?
On the one hand, there are reasons to expect an
unforgiving approach to judging others’ moral character,
such that even a single lapse would involve ejection from
a moral category. Theorizing about evolutionary fitness has
emphasized that, in situations of uncertainty, false negatives
are often asymmetrically more costly than false positives.
Thus, cognition is expected to be, and has been demonstrated
to be, reliably biased in certain contexts to avoid costly
mistakes (Haselton & Nettle, 2006).
This asymmetry
especially applies to the moral domain, due to the risks of
exploitation in cooperative situations, and due to widespread
perceptions that immoral behaviors are more diagnostic
of character traits than moral behaviors (Skowronski &
Carlston, 1989). Indeed, people have a general tendency
to preferentially attend to negative trait information (see
Rozin & Royzman, 2001), which facilitates greater updating
of social perceptions for immoral behaviors than for moral
behaviors (Reeder & Coovert, 1986). This negativity bias
causes the threshold for being considered morally worse after
engaging in an immoral action to be much lower than the
threshold for being considered morally better after engaging
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in a comparatively moral action (Klein & O’Brien, 2016).
Additionally, people’s cognitive representations of categories
are often idealized (Barsalou, 1985; Bear & Knobe, 2017;
Foster-Hanson & Rhodes, 2019), so people who do not
always behave in accordance with particular moral categories
might be considered less representative of those categories.
This body of research suggests that single lapses are likely
to be weighted disproportionately to patterns of continuous
moral adherence in moral categorization. However, it is
currently unknown whether and how this tendency will be
impacted by the degree to which a particular moral category
is highly valued. From an error-management perspective,
it seems plausible that observers would be especially likely
to use distinct caution in categorizing others as belonging
to the moral categories that they value most deeply, making
them particularly likely to strip people of membership from
these categories after learning of a single deviation. Given
that choices about affiliation are most consequential in
domains that are most meaningful to us, it is reasonable
to expect that tendencies toward being unforgiving will be
exacerbated when monitoring whether people belong to our
most cherished moral categories. We refer to this as the
“Moral Stringency Hypothesis.”
However, the opposite prediction can be derived from
a separate body of research showing that people tend to
essentialize morally positive traits and to believe that others’
“true selves” are virtuous (Newman, Bloom, & Knobe, 2014;
Strohminger, Knobe, & Newman, 2017). If we hold a default
expectation that others will share our own moral values in
their deepest core, this could lead us to enduringly categorize
others as possessing the moral characteristics that we value
most highly. Rather than deeming others to quickly lose
membership in a moral category upon a single transgression,
the “True Self Hypothesis” instead leads to the prediction
that observers will discount moral lapses for highly valued
moral categories based on the expectation that others are
fundamentally good.
In the current studies, we compare these two opposing
predictions for people’s judgments about membership in
moral categories after a single lapse in moral behavior.
Hypotheses, methods, data collection procedures, exclusion
criteria, and analyses for both studies were preregistered via
the Open Science Framework (Study 1 link; Study 2 link).
Data and analysis code are available at the link here.

Study 1
Study 1 provided an initial test of the two competing
hypotheses by comparing the relationship between relative
moral values and tendencies to assign target characters to
moral categories after a lapse. The True Self Hypothesis
predicts positive correlations between these variables (such
that participants should be more prone to categorize people
as fair, caring, loyal, or respectful the more they weight
that particular moral value over others), while the Moral
Stringency Hypothesis predicts negative correlations.

Method
Participants. Participants were recruited via Prolific and
paid $0.80 each. They were required to be United States
residents and to have at least a 95% approval rating.
Because our methodology was predicated on the assumption
that priorities for different moral foundations would vary
across participants, and because there is greater equivalence
of various moral foundations for political conservatives
(Graham, Haidt, & Nosek, 2009), political liberals were
excluded from participating.
Based on a power analysis indicating that a sample
size of 319 participants would be needed to obtain 95%
power for detecting a modest correlation (r = .20), and in
anticipation of needing to exclude approximately 10% of
the sample, we aimed for a total sample size of 350. A
total of 352 people completed the survey, two of whom had
missing responses and were excluded from analyses. Of
the remaining participants, 85 missed at least one attention
check––providing an insensible response to an open-ended
question asking participants to recall one scenario (n = 35),
missing more than one Winograd Schema question (n =
22), or missing at least one catch question on the Moral
Foundations Questionnaire (n = 28). The final sample
included 265 participants (M Age = 33.31, SDAge = 11.63; 126
female, 136 male, 3 non-binary; 71.32% White).
Procedure. In the primary task, participants evaluated eight
scenarios (in random order) in which characters were faced
with moral dilemmas that pitted two moral foundations
against each other—either care vs. loyalty, fairness vs.
loyalty, care vs. respect, or fairness vs. respect. A scenario in
which fairness is traded off against loyalty is as follows:
An HR director, Hayley, usually treats job candidates
impartially. One day, when she receives a job application
from a relative, Hayley decides to invite the relative
for an interview despite having received more qualified
applications.
For each set of trade-offs, there was one scenario in which
the target character typically adhered to one foundation but
lapsed due to upholding the second foundation, and another
scenario for which this was reversed.
After reading each dilemma, participants were presented
with the following question: “Consider the category of Moral
Person. Given what you know about [name], do you think that
[name] is a Moral Person in the deepest, most essential core
of [his/her] being?”1 They then rated the degree to which the
target character was a member of the specific moral category
that was violated, using the same language as the previous
question (i.e., “Moral” was replaced with “Caring”, “Fair”,
“Respectful”, or “Loyal”). For both questions, partipants
gave their ratings on a slider scale ranging from 0 (Not at
All) to 100 (Very Much).
1 This language has been used in prior research on the “true self”
(e.g., Newman et al., 2014) and was thus used here to allow direct
comparison with this previous work.
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Participants next completed the Moral Foundations
Questionnaire, which consists of 30 ratings plus two
embedded “catch” questions (Graham et al., 2011). Fifteen of
these questions ask participants to rate the relevance of certain
criteria (e.g., “Whether or not someone acted unfairly”) to
their thinking about right and wrong on a 6-point Likert scale
ranging from Not at all relevant to Extremely relevant. The
other 15 questions ask participants to rate their endorsements
of various considerations (e.g., “I am proud of my country’s
history”) on a 6-point Likert scale ranging from Strongly
disagree to Strongly agree.
Finally, participants responded to basic demographic
questions and attention checks, which included a series of
four Winograd Schema “bot checks” (Levesque, Davis, &
Morgenstern, 2012) and an open-ended question in which
participants were asked to type a brief description of one
scenario from the main portion of the study.

Results
For judgments of characters as “moral”, as well as for
the specific categorization judgments (“caring”, “fair”,
“loyal”, and “respectful”), we computed difference scores for
participants’ ratings across each matched pair of scenarios,
always subtracting the rating for the typically loyal or
typically respectful character from the rating for the typically
caring or typically fair character. For example, a rating
of 40 on the scenario in which a typically caring person
sacrificed care for loyalty and a rating of 60 on the scenario
in which a typically loyal person sacrificed loyalty for care
would yield a difference score of -20). Thus, positive scores
indicated more intransigent categorization of people as caring
or fair, while negative scores indicated more intransigent
categorization of people as loyal or respectful. Difference
scores were also created for the relevant contrasts between
moral foundations, by subtracting participants’ valuations of
each pair (loyalty from care, loyalty from fairness, respect
from care, and respect from fairness). Thus, positive scores
indicated relatively a higher valuation of care or fairness
as compared to loyalty or respect, while negative scores
indicated relatively a higher valuation of loyalty or respect.
By computing these corresponding sets of difference scores
for moral character judgments and moral values, we were
able to directly test whether and how general tendencies to
value one moral foundation over another were associated
with judging target characters as belonging to one of these
two moral categories. For example, we could test whether
higher valuations of care compared to loyalty would be
associated with viewing others’ moral character as relatively
more diminished in the face of a single moral lapse related to
care as opposed to a single moral lapse related to loyalty.
To discern the association between moral categorization
and relative weightings of moral values, we ran Pearson’s
correlations with each set of difference scores. Positive
correlations indicate tenacity in judging others as belonging
to categories associated with one’s most cherished moral
values, while negative correlations indicate stringency in

judging others as belonging to these highly valued categories.
Three of the four correlations for categorizations of target
characters as a “Moral Person” were significantly negative;
Care vs. Loyalty: r(263) = -.26, p < .001; Fairness vs.
Loyalty: r(263) = -.24, p < .001; Care vs. Respect: r(263) =
-.36, p < .001. The correlation between Fairness and Respect
was directionally consistent but non-significant, r(263) =
-.11, p = .068. For the specific moral categories, all four
correlations were negative and statistically significant; Care
vs. Loyalty: r(263) = -.27, p < .001; Fairness vs. Loyalty:
r(263) = -.23, p < .001; Care vs. Respect: r(263) = -.40, p <
.001; Fairness vs. Respect: r(263) = -.16, p = .007.

Discussion
Overall, these findings demonstrate that moral categorization
is negatively associated with moral valuation. The more
participants valued one moral foundation over another (as
measured by the Moral Foundations Questionnaire), the more
they believed somebody would lose category membership
after a single transgression. Although correlations were
modest (small to medium), this study provides initial,
preliminary support for the Moral Stringency Hypothesis.

Study 2
In Study 1, participants were only given a single snapshot of
each target character, and thus there was no baseline to which
to compare categorization judgments. It is also unclear how
generalizable the results are, both in terms of participants and
items, as the sample excluded political liberals and examined
a small number of moral categories. Study 2 addressed these
issues by sampling both liberal and conservative participants
and also sampling from a broader range of moral categories
(e.g., generous, honest, devoted).
Unlike our first study, in which all information about target
characters was presented in a single vignette, the present
study divided this information into three phases, resulting in
a within-subjects experimental design in which participants’
categorization judgments could be compared before and after
they learned about a transgression. This paradigm was
inspired by research on updating for moral blame (Monroe &
Malle, 2019), predictions of future moral behavior (Lupfer,
Weeks, & Dupuis, 2000), and impressions of moral character
(Kim, Park, & Young, 2020; Reeder & Coovert, 1986).
Specifically, Study 2 measured whether favoring a
particular value-upholding action in the face of a moral
dilemma (e.g., doing something helpful rather than something
impartial) predicts changes in ratings of a person as belonging
to the moral category that represents that value (e.g., being
a helpful person) before and after a transgression. The
Moral Stringency Hypothesis predicts that greater moral
conviction should result in greater updating), whereas the
True Self Hypothesis predicts a negative relationship between
moral conviction and updating. To further expand the
generalizability of the findings, we measured moral valuation
in two ways: specific evaluations of particular moral actions
and global ratings of abstract moral values.
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Method
Participants. Participants were recruited via Prolific and
paid $1.50 each. They were required to be United States
residents and to have at least a 95% approval rating.
Individuals who had participated in Study 1 were restricted
from participating. Given our expansion of stimuli to include
moral trade-offs beyond the scope of Moral Foundations
Theory, we did not selectively recruit political conservatives
as we had done in Study 1.
A power analysis indicated that a sample size of 118
participants would be needed to achieve 80% power for a
medium effect size (d = .50). Given that each participant
only responded to 1/4 of the vignettes, we multiplied this
by 4, yielding a target sample size of 472 participants.
In anticipation of needing to exclude up to 15% of our
participants, we aimed to test 550 participants. A total of
552 people completed the survey, of whom 97 missed at least
one attention check–––providing an inadequate open-ended
description of one of the scenarios they read (n = 53) or
missing more than one Winograd Schema question (n = 44).
The final sample included 455 participants (M Age = 33.99,
SDAge = 11.59; 241 female, 208 male, 6 non-binary; 74%
White).
Procedure. In the primary task, participants evaluated five
randomly selected scenarios of the total pool of 20. Again,
each scenario involved a dilemma pitting different moral
values against one another, which were expanded to include
values beyond those in Moral Foundations Theory. While we
retained the full set of contrasts from Study 1 (care vs. loyalty,
fairness vs. loyalty, care vs. respect, and fairness vs. respect),
we additionally added frugality vs. generosity, devotion
vs. diligence, impartiality vs. helpfulness, selflessness vs.
purity, protectiveness vs. honesty, and humanitarianism vs.
environmentalism. The sample scenario from Study 1 (pitting
fairness against loyalty) was adjusted as follows, presented to
participants in three sequential chunks:
An HR director, Hayley, considers herself to be a fair
person.
Because of her strong moral commitment to
acting impartially, Hayley consistently treats others without
favoritism. For instance, Hayley never gives an undue
advantage to people she is close to.
One day, Hayley receives a job application from a relative
who she knows to be in truly dire straits, and who asks her for
the job as a favor. Hayley has already received several other
applications from people who have stronger qualifications
than her relative.
Hayley decides to hire her relative despite having received
more qualified applications.
Doing this made Hayley
uncomfortable, given her strong moral commitment to acting
impartially, but she felt that this particular situation justified
her action.
We asked for categorization judgments after the first
paragraph and after the third paragraph, which allowed us
to assess the extent to which each target character was rated
as having lost membership in a specific moral category (e.g.,

“honest person”) in the deepest, most essential core of his
or her being after a single instance of not adhering to the
relevant value in the context of a moral dilemma, on a scale
from -10 (Not at All) to 10 (Very Much).2 After the second
paragraph (when the dilemma is revealed, but before the
character’s action is revealed), participants were asked to
judge how moral it would be for each character to resolve
the dilemma in the way they eventually did, on a scale from
-10 (Morally Wrong) to 10 (Morally Right). This provided
a context-specific indicator of participants’ moral values,
which we used as our primary predictor variable.
Within scenarios, we also asked participants to make
predictions of the extent to which the target character
would behave in category-relevant ways in the future (both
before and after the transgression was presented) on a
scale from -10 (Never) to 10 (Always), and to estimate
the prevalence of the category-violating behavior (i.e., the
predicted percentage of people who, if placed in the target
character’s position, would act in violation of the moral
category under consideration), on a scale from 0% (Nobody)
to 100% (Everybody). These questions provided additional
insight into possible mechanisms underpinning judgments
about the loss of category membership.
After the scenarios, participants rated the degree to which
they valued each of the 16 abstract moral categories that were
featured in the vignettes; this served as an additional means
of assessing participants’ relative valuation of different moral
categories.
Finally, to measure domain-general categorization
tendencies, we administered a previously validated 15-item
Need for Closure Scale (Roets & Van Hiel, 2011), as well
as an exploratory “asymmetric mixtures” task adapted from
Noyes and Keil (2018). However, these measures did not
reliably explain variance in our outcome variables and so are
not discussed further due to space limitations.

Results
Our primary dependent variable was Loss of Category
Membership, which was obtained by computing difference
scores of participants’ initial categorization judgments and
their subsequent categorization judgments.3
Our main
2 Because Study 1 produced convergent results between
categorization into specific moral categories and broad
categorization of people as “moral,” we only asked participants
about specific moral categories in Study 2.
3 Of the 2275 judgments made by participants, 338 (14.86%)
indicated a gain in category membership, rather than a loss. These
responses, while unexpected, could indicate that some participants
expected the characters to engage in compensatory behaviors to
conform more to the moral category after a violation, possibly
due to guilt about the transgression (De Hooge, Zeelenberg, &
Breugelmans, 2007) or general moral balancing (Effron & Monin,
2010). However, this interpretation is post hoc, these responses were
relatively uncommon, and we lacked the forethought to preregister
any decisions regarding these cases. Given that it muddies the
interpretability of the preregistered analyses to include participants
who considered people to gain in category membership, we deemed
it best (prior to data analysis) to exclude these judgments from all
analyses involving the Loss of Category Membership variable.
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analyses were a series of linear mixed effects models
predicting Loss of Category Membership, controlling for the
random intercepts of Scenario and Participant.
First, we predicted Loss of Category Membership from
participants’ moral judgments of how the target characters
should have acted within the scenarios that were presented.
Moral evaluations were coded such that higher values
reflected judgments that the character should act in adherence
with the category in question (and the character’s past
behavior), while lower values reflected judgments that the
character should violate the category in question (which
is how the characters actually acted in the dilemmas).
Moral evaluations were a strong predictor of the loss of
category membership, b = 0.35, SE = 0.02, p < .001.
The more participants thought characters should adhere to
the moral category in question, the greater the loss of
category membership after the transgression (see Figure 1).
This provides evidence supporting the Moral Stringency
Hypothesis.

2). This provides additional evidence supporting the Moral
Stringency Hypothesis.
Figure 2
Associations between category membership ratings at the two
timepoints (before and after the transgression) and ratings of
abstract moral values. Colored bands represent 95% CIs.

Figure 1
Associations between category membership ratings at the two
timepoints (before and after the transgression) and moral
judgments for resolving specific moral dilemmas. Colored
bands represent 95% CIs.

We then reran these analyses by substituting each specific
moral evaluation with a more global, abstract measurement
of moral values: Participants’ relative valuation of the two
moral foundations at stake in each dilemma. This variable
was coded such that higher values indicated higher moral
prioritization of the the moral category in question (and
the character’s past behavior), and lower values indicated
higher prioritization of the moral category that conflicted
with the category in question (in line with the character’s
actual resolution of the dilemma). The relative moral
valuations were also a strong predictor of the loss of category
membership, b = 0.21, SE = 0.04, p < .001. Thus, the
more participants valued the moral category being violated
relative to the competing moral category, the greater the loss
of category membership after the transgression (see Figure

We also ran an additional model including our two other
measured variables—change in predictions of future behavior
and estimates of the prevalence of a transgression—as well
as both specific and abstract relative moral value scores.4
This full model allowed us to test for two alternative
interpretations of our results. Specifically, one possible
interpretation is that participants might expect behaviors
they value to be more likely overall (Bear & Knobe,
2017), and these beliefs about prevalence—rather than
moral evaluations per se—could explain variation in loss of
category membership across participants because participants
weight transgressions more heavily when they view them
as more uncommon. A simple correlation confirmed that
the expected prevalence of category-violating behaviors was
negatively correlated with specific moral evaluations, r(2273)
= -.44, p < .001, meaning that participants’ expectations
for how other people would act in each scenario aligned
with their judgments about what the characters should do.
Prevalence was uncorrelated with abstract moral valuation,
however: r(2273) = -.02, p = .377. A second possible
interpretation is that people who value a particular behavior
may interpret momentary lapses as more indicative of future
behavior, and that these predictions underlie judgments
about category membership (Del Pinal & Reuter, 2017).
Simple correlations confirmed that predictions of future
behavior were positively correlated with both abstract moral
evaluations, r(1777) = .19, p < .001, and specific moral
4 Once again, although we had not preregistered a decision
about what to do with cases in which participants predicted that
characters would act more in accordance with the category after
the transgression, we additionally excluded these cases from any
analyses involving the variable measuring anticipated changes to
future behavior (158, or 8.16%, of remaining cases).
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evaluations, r(1777) = .47, p < .001. Thus, a full model
including all of these measured variables can shed light
on the extent to which the previous two models found
significant results only because of the shared variance
between normative values and descriptive beliefs about
prevalence or future behavior.
The full model showed that each of the four predictor
variables uniquely predicted loss of category membership.
Higher prevalence scores were associated with a reduced
loss of category membership (b = -0.01, SE = 0.003, p <
.001), meaning that participants were more likely to discount
moral lapses that they thought were common. Additionally,
expected changes in future behavior positively predicted loss
of category membership (b = 0.85, SE = 0.02, p < .001),
such that greater expected changes in future behavior were
associated with a greater loss of categorization. However,
even when controlling for estimates of prevalence and future
behavior, category judgments were still predicted by both
specific moral evaluations (b = 0.10, SE = 0.01, p < .001)
and abstract relative moral value scores (b = 0.08, SE = 0.02,
p = .001), indicating that estimates of the likelihood of a
transgression and of future behavior cannot fully account for
variation in judgments about moral category membership.

Discussion
Study 2 yielded strong support for the Moral Stringency
Hypothesis. By using an updating paradigm, we were able
to assess how participants changed their categorization of
others’ “deepest, most essential core” after learning of a
single deviation from a broad range of moral categories.
Initial categorization judgments were high regardless of
participants’ moral values, in line with previous research
showing that people expect others who have previously acted
morally to continue behaving in moral ways if they don’t have
any evidence to the contrary (Lupfer et al., 2000). Category
membership dropped substantially following a transgression,
which also aligns with prior research on the negativity bias
(Klein & O’Brien, 2018; Lupfer et al., 2000). Moving beyond
previous work, the present research produced a novel insight:
that losses in category membership were only evident when
participants themselves valued the categories in question.
This result held true both when priorities for particular moral
categories was measured by evaluations of how particular
dilemmas should be resolved and when these priorities were
measured by relative differences in abstract moral values.
Participants’ estimates of the general prevalence of
violating particular moral values and their predictions of
target characters’ future behavior were each important
predictors of the loss of category membership. Nonetheless,
participants’ abstract and specific moral values remained
important predictors of moral categorization above and
beyond this pair of assessments.

General Discussion
This research investigated how people morally categorize
others who typically adhere to moral categories but have

a temporary lapse. Consistent with previous research on
negativity dominance (e.g., Reeder & Coovert, 1986; Rozin
& Royzman, 2001), participants were generally quick to
strip category membership away from other individuals after
only a single transgression. Importantly, these results move
beyond the existing literature on negativity dominance by
showing how personal commitments to certain ideals can
exacerbate the degree to which lapses impact categorization.
Though other research has indicated that concerns of utmost
moral importance are perceived to be central to others’ selves,
such that they comprise a stable essence (Newman et al.,
2014), we instead find evidence that we are quickest to
strip away ascriptions of our dearest moral values from our
conceptualizations of others. This may be adaptive, given that
moral category labels are critical social signals that influence
reputation and therefore partner choice.
This research also advances our understanding of social
categories that exhibit a “dual character” (Knobe, Prasada, &
Newman, 2013; Leslie, 2015), insofar as membership can be
achieved either in a descriptive sense (acting in accordance
with typical behaviors presupposed by the category) or in a
normative sense (having values consistent with the category).
Our research suggests that moral categories may be unlike
other dual character concepts, as neither the mere allegiance
to a particular moral value or tendencies to uphold that value
most of the time is sufficient for membership in a moral
category. Instead, our results suggest that being classified
as belonging to a highly valued moral category requires both
strong fidelity to the moral value and unyielding behavioral
adherence. This may be because dual character concepts
require a commitment to the category’s values (Del Pinal
& Reuter, 2017) and, in the case of moral categories, any
behavioral lapse may indicate a lack of such commitment.
Given typical tendencies toward “moral mediocrity”
(Schwitzgebel, 2019), it may be rare to achieve membership
in moral categories. However, it is possible that stringency in
moral categorization is not enduring, given research showing
that impressions of immorality tend to be unstable, and that
(despite updating their beliefs about immoral actors more
readily than moral actors) observers are relatively quick to
forgive agents who transgress (Siegel, Mathys, Rutledge,
& Crockett, 2018). Thus, future studies should examine
later redemption and readmittance to moral categories. For
example, although the current results indicate that people’s
moral values lead them to be especially stringent immediately
after a transgression, it is also possible that these same values
could lead people to be more lenient about readmittance
to moral categories over time. This possibility, which
could reconcile the two hypotheses tested here, would be an
intriguing avenue for future investigation.
Overall, this research demonstrates that moral character
is not always perceived through rose-colored glasses. Even
when considering the deepest core of a person’s being,
classification into highly valued moral categories is strictly
reserved for those who inexorably adhere to moral ideals.
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Abstract
Category learning is our ability to generalize across
experiences and apply existing knowledge to new situations.
Many real-world categories adhere to a “rule-plus-exceptions”
structure, wherein most items are rule-followers, but a subset
of “exceptions” violate category rules. Rule-plus-exception
learning seems tightly coupled with hippocampal function.
Though past work has demonstrated that prediction error
drives hippocampus to form distinct representations of
exceptions, limited work has investigated how this process
impacts existing rule-follower representations. Here we use a
neural network model of hippocampus to quantify how rulefollower representations are altered by the introduction of
exceptions. By recording model representations of rulefollowers before and after exceptions are introduced, we
computed the shift in rule-follower representation elicited by
exceptions. A rule-follower’s similarity to exceptions along
category-relevant, but not irrelevant, dimensions predicted its
degree of representational shift. This work furthers our
understanding of how hippocampus supports the integration of
surprising information in dynamic environments.
Keywords: hippocampus; category learning; rule-plusexceptions; computational modelling

Introduction
Category learning is our ability to generalize across episodes,
and it allows us to make inferences about the properties of
novel exemplars. The utility of category learning is evident
when one explores the alternative. Consider a student
studying for an upcoming biology exam. Without the ability
to categorize, they would have to exhaustively memorize
individual properties of each cell type in the human body, like
whether each cell contains a nucleus. To expedite their
studying, the student can instead group living cells together
and infer that cells in this category share common properties.
However, many naturalistic categories contain exceptions to
the rule. Mature red blood cells, for example, are living cells
that do not contain a nucleus. Such a “rule-plus-exceptions”
category structure requires the learner to generalize across
experiences to correctly categorize rule-followers while also
detecting and remembering exceptions. However, the extent
to which exceptional information impacts previously learnt
information is relatively unstudied. For example, when a
student learns that red blood cells do not contain a nucleus,
might this new information interfere with their existing
knowledge of white blood cells? Here we use a neural

network model of hippocampus (HC) to explore this
question.
Category learning is a complex process that recruits myriad
brain regions (Zeithamova et al., 2019), but an area of the
brain frequently implicated in category learning is the
hippocampus (e.g., Bowman & Zeithamova, 2018; Davis et
al., 2012b, 2012a; Mack et al., 2016; Schapiro et al., 2018).
Our long-standing understanding of HC’s role in episodic
memory dates to seminal studies on patient H.M. (Scoville &
Milner, 1957), but more recent findings suggest that HC can
also generalize across episodes (Schapiro et al., 2017;
Schlichting et al., 2015). The functionally distinct white
matter pathways of HC and their associated subfields may
support these seemingly divergent abilities: the
monosynaptic pathway traverses cornu ammonis 1 (CA1),
which employs overlapping representations ideal for
extracting regularities; conversely, the trisynaptic pathway
includes dentate gyrus (DG) and cornu ammonis 3 (CA3) and
has been associated with the encoding of exceptions
(Schapiro et al., 2017; Schlichting et al., 2021). Given HC’s
evidenced ability to both encode distinct episodes and
generalize across experiences, it seems well-suited for the
demands of rule-plus-exception learning. HC also plays an
established role in spatial navigation and encodes maps of the
physical world that capture the spatial relationships between
objects (O’Keefe & Nadel, 1978), but this function is not
limited to physical space – HC can encode mappings of nonspatial structured environments such as those found in many
category learning tasks. Work by Theves et al. (2019) has
indicated that HC encodes distances in conceptual space;
moreover, this mapping of category-relevant dimensions
seems specific to category-relevant dimensions (denoted by
the authors as concept space), but not irrelevant dimensions
(feature space; Theves et al., 2020). HC seems especially
important for encoding the conjunction of multiple categoryrelevant features, as is required in rule-plus-exception
learning (Love & Gureckis, 2007).
The conjunctive representations attributed to HC are
particularly crucial when learning to correctly categorize
exceptions, and computational modelling work has
elucidated the neural underpinnings of such memory
structures. SUSTAIN, a prominent model of category
learning, posits that category exemplars are stored in clusters
that group together similar objects of the same category
(Love et al., 2004). When the model encounters an item that
does not fit into an existing cluster, it creates a unique cluster
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for this item. SUSTAIN therefore tends to group rulefollowers together and stores exceptions separately. Davis et
al. (2012a) found that HC activation tracked SUSTAINderived measures of item recognition and error correction;
importantly, activation was distinct for rule-followers
compared to exception items. The authors concluded that
specialized conjunctive representations are formed and
recruited in HC to encode exceptions in rule-plus-exception
learning. Such specialized representations could account for
memory advantages often reported for exceptions and
schema-violating information (Palmeri & Nosofsky, 1995;
Sakamoto & Love, 2006; von Restorff, 1933).

Figure 1: The category structure used for simulations. A:
Category membership is defined by two dimensions, X and
Y, with the category boundary along the line X = Y. Each
category has an exception (EA and EB are indicated by the
red circle and blue triangle, respectively). This twodimensional space is referred to as the concept space. B:
The feature space contains a third, non-diagnostic
dimension, indicated by the opacity of points. C: Stimuli
can be close to (pink) or far from (purple) the exception in
concept space. D: Stimuli may be close to the exception in
concept and feature space (green) or close in concept but far
in feature space (orange). E: The proximity of an exemplar
to an exception should influence the degree to which it
shifts, θ; close exemplars (pink) should shift more than
distal exemplars (purple).
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Although exception representation in the context of
category learning has been studied in relative detail, limited
work has focused on how exception learning impacts rulefollowers. Research on pigeon category learning suggests
that the presence of cross-over exceptions, which share
features of the opposing category, impedes rule-follower
learning; the presence of oddball exceptions, which have an
entirely unique set of features, does not (Castro et al., 2021).
Moreover, Heffernan et al. (2021) found that when
exceptions are introduced after extensive exposure to rulefollowers (as opposed to at the outset of learning) in ruleplus-exception categorization, one’s ability to detect and
correctly categorize exceptions improves. However, this
delayed introduction of exceptions was qualitatively
associated with a transient decrease in categorization
performance for rule-followers in both human participants
and a computational model of HC. These findings suggest
that the encoding of exceptions might come at a cost to rulefollower accuracy, especially when exceptions share
properties of rule-followers. This prediction aligns with work
beyond the domain of category learning: Sinclair et al.,
(2021) introduced prediction error while participants viewed
videos and found that the ensuant surprise triggered memory
updating in HC; further, videos that were more semantically
similar to others in the stimulus set were more susceptible to
the creation of false memories. Evidently, existing
representations can be impacted by the presentation of
surprising information, and the extent of this impact may be
governed by an item’s similarity to this surprising
information.
Here we quantify the effect of surprising information on
rule-follower representation using a computational modelling
approach. We use a neural network model of HC and its
subfields that has successfully accounted for behavioural
results including episodic memory, statistical learning, and
rule-plus-exception learning (Heffernan et al., 2021; Ketz et
al., 2013; Schapiro et al., 2017). By recording the model’s
representation of rule-following stimuli in a category
learning task before and after exceptions are introduced, we
explore the extent to which rule-follower representations
shift in model-defined hippocampal subfields and whether
this shift is modulated by a rule-follower’s similarity to
exceptions. Moreover, by defining a category structure that
contains both diagnostic and non-diagnostic dimensions, we
examine how this shift is related to a rule-follower’s
similarity in both concept space (defined by diagnostic
features) and feature space (defined by both diagnostic and
non-diagnostic features; Theves et al., 2020). We predict that
proximity to exceptions in concept space should be positively
associated with greater shifts in rule-follower representations
when exceptions are introduced (Figure 1E); however, if the
model is encoding concept space rather than feature space,
proximity defined along the non-diagnostic dimension should
not better predict shift. We explore this effect in three
hippocampal subfields, CA1, CA3, and DG.

Methods
Category Structure
A simple two-dimensional category structure was used for
simulations (Figure 1A). Stimuli are defined along two
continuous dimensions, X and Y, which range from 0 to 1
(inclusive) by increments of 0.125. The stimuli are divided
into two categories, with the category boundary defined along
the line Y = X; stimuli above this line belong to Category A,
and stimuli below this line, to Category B. Stimuli that fall
along the category boundary were excluded, so each category
has 36 members. This category structure also contains two
exceptions, EA and EB, which are respectively indicated by
the red circle and blue triangle in Figure 1A.
A third feature with no bearing on category assignment was
also included in the category structure (Figure 1B). This nondiagnostic feature assumes values of 0 or 1 and varies
pseudo-randomly across all stimuli. Both exceptions have a
non-diagnostic feature value of 1 and are surrounded by an
equal number of stimuli with non-diagnostic feature values
of 0 and 1 to prevent any unintentional impact of this feature
on the symmetry of the category structure. Each stimulus can
be expressed as an array of four values corresponding to X,
Y, the non-diagnostic dimension nd, and the category label c:
[x; y; nd; c]; with one-hot feature encoding, EA is therefore
written as [0.875, 0.125; 0.625, 0.375; 1, 0; 0, 1], and EB,
[0.125, 0.875; 0.375, 0.625; 1, 0; 1, 0].

Computational Model and Simulations
Model Architecture A computational model of HC and its
subfields was used for simulations (Figure 2). This model
was selected for use in the present study because, though it
was originally designed to mimic episodic memory in HC
(Ketz et al., 2013), it has also successfully accounted for a
range of human behaviour (Heffernan et al., 2021; Schapiro
et al., 2017). It is also unique compared to many prominent
models of category learning in that it can accept continuously
valued features as inputs, rather than discrete binary features
that can only assume values of 0 or 1. The version of the
model developed and made available by Schapiro et al.
(2017) has been used in the present study. A thorough
explanation of this model can be found in related work, but a
brief overview is presented here.
This model accepts inputs at its input layer, EC_in, which
represents superficial layers of entorhinal cortex. From
EC_in, information flows along two pathways that mimic
hippocampal white matter pathways. The monosynaptic
pathway flows directly from EC_in to CA1, whereas the
trisynaptic pathway traverses DG and CA3 and then CA1.
CA1 is connected to the output layer, EC_out, which
represents deep layers of entorhinal cortex. Note that Figure
2 depicts 15 units in EC_in and EC_out, but in the current
simulations these layers were comprised of only eight units.
Connections between the output and input layer simulate big
loop recurrence in hippocampus. Moreover, the hidden layers
corresponding to each subfield have properties that reflect
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their respective subfields; for example, high within-layer
inhibition in DG leads to sparse activation of units within
each layer, low within-layer inhibition leads to overlapping
representations in CA1, and recurrent within-layer
connections simulate pattern completion in CA3. The model
acts as an autoencoder and tries to replicate patterns presented
to EC_in in its output layer, EC_out. It does so by adjusting
weights between its hidden layers through Hebbian learning
that mimics hippocampal theta oscillations. The learning rate
along TSP is also faster than MSP. Although connections
between layers can be reduced to simulate lesions, a fully
connected version of this model are used for the present
study.

Figure 2: The neural network model of hippocampus (HC)
used in the present study. The model attempts to reproduce
inputs presented to its input layer (EC_in) on its output layer
(EC_out). It does so by adjusting weights between its
hidden layers (DG, CA1, and CA3). Information flow
mimcs the hippocampal trisynaptic (TSP) and monosynaptic
(MSP) pathways.
Simulations The aim of these simulations was to explore
how
exception
introduction
shifts
rule-follower
representations. Separate simulations were run for EA and
EB to isolate the effects of each exception. These simulations
can be separated into two distinct training and testing phases:
pre- and post-exception. In the pre-exceptions phase, all rulefollowing stimuli were first presented once to the model in a
training epoch. Training epochs were identical for both EA
and EB simulations. Following the training epoch, the
model’s response to each rule-follower was tested and settled
activation in each of the model’s hidden layers was recorded.
In the post-exceptions phase, this trained model was
presented with either EA or EB in a single-trial epoch.
Activation was then immediately recorded in a transient,
post-exceptions testing phase that again tested settled
activation for each rule-follower. The simulations for the two
exceptions were both run 500 times (batches) with random
initializations of model weights.
Quantifying Shift Representational similarity analysis
(RSA) was conducted by computing the Pearson correlation
between the settled activation of each stimulus in each of the

model’s hidden layers. The pre-exception RSA matrices were
compared to post-exception matrices computed using the
settled activation immediately after each exception was
introduced. Each row of the RSA matrices can be considered
a vector that reflects a stimulus’s location in a 70-dimensional
similarity space. Shift 𝜃R for rule-follower R was formalized
as the angle between the vectors reflecting a rule-follower’s
pre- and post-exception representation and was computed as
follows:
$∙&

𝜃! = cos"# |$||&|,

(3)

where a and b are the vectors corresponding to the pre- and
post-exception representation of a rule-follower. Shift was
calculated for each rule-follower in each of the model’s
hidden layers (corresponding to subfields CA1, CA3, and
DG). Formalizing shift in this manner allowed us to get a
measure of an exception’s influence on each individual rulefollower and to consequently explore whether this influence
varied as a function of distance. Distance was quantified as
either a discrete or continuous value. In the discrete analysis,
rule-followers adjacent to exceptions were labelled “close”
and rule-followers opposite the category space were labelled
“far” from exceptions. Paired t-tests were used to explore
differences between these groups in each subfield for both
EA and EB. The continuous distance between a stimulus and
an exception was quantified as Euclidean distance in both
concept space, which included only category-relevant
dimensions, and feature space, which also included the nondiagnostic feature. A general linear mixed-effects model with
distance as a fixed effect and simulation number (batch) as a
random effect was used to explore the relationship between
shift and distance:
𝜃! ~ 𝐷𝑅 + (1|𝐵𝑎𝑡𝑐ℎ),

(4)

where DR is the distance in either concept or feature space.

Results
Our aim was to explore how the introduction of exceptions
differentially affects representations of rule-followers that are
close to and far from exceptions. We also explored whether
this relationship varied between concept and feature space.
To that end, we first exposed the model to the 70 rulefollowing stimuli and recorded settled activation at test. For
each batch and each hidden layer, we then used Pearson
correlation coefficients to derive RSA matrices.
After the model was exposed to EA or EB, we compared
the pre-exceptions RSA matrix to the post-exceptions RSA
matrix. Each 70-unit row in these matrices reflects a rulefollower stimulus’s similarity to all other rule-following
stimuli. Equation 3 was used to compute the angle between
pre- and post-exception representation for each rule-follower
in each of the 500 batches and in each subfield (CA1, CA3,
and DG).
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Figure 3: Shift experienced by items far from exceptions
(pink) compared to shift experienced by items close to
exceptions (purple). Lighter points indicate shift during
individual batches; opaque points indicate batch averages.
Error bars reflect standard error. Items closer to exceptions
shifted more (with the exception of items in CA1 following
the introduction of EB).
We compared shift in rule-followers adjacent to exceptions
to shift in stimuli located further from exceptions (pink and
purple groups in the inset of Figure 3) using paired t-tests.
The effect of EA and EB was explored separately in each
subfield of the hippocampal model. Following the
introduction of EA, average shift for close rule-followers
(Mclose = 0.0110, SDclose = 0.0199) in CA1 was significantly
higher than average shift for rule-followers far from
exceptions (Mfar = 0.0101, SDfar = 0.0168; t(499) = 2.6362, P
= .009). The same pattern held in layers CA3 (Mclose = 0.0792,
SDclose = 0.1939; Mfar = 0.0624, SDfar.= 0.1317; t(499) =
4.406, P < .001) and DG (Mclose = 0.0632, SDclose = 0.1485;
Mfar = 0.0498, SDfar.= 0.1072; t(499) = 4.6334, P < .001).
Following the introduction of EB, average shift in CA3 was
higher for rule-followers close to versus far from exceptions
(Mclose = 0.0690, SDclose = 0.1588; Mfar = 0.0624, SDfar.=
0.1308; t(499) = 2.017, P = 0.044); the same was true in DG
(Mclose = 0.0599, SDclose = 0.1312; Mfar = 0.0529, SDfar.=
0.1107; t(499) = 2.7992, P = .005). No significant difference
was observed between close and far rule-followers following
the introduction of EB in CA1 (Mclose = 0.0112, SDclose =
0.0233; Mfar = 0.0104, SDfar.= 0.0193; t(499) = 1.5291, P =
.1269).
We next explored whether our simulations would support
existing findings that HC maps concept space. If distance in
feature space did not influence shift, we predicted that there
would be no difference in shift for rule-followers close to an
exception in both concept and feature space (green items in
the inset of Figure 4) and items close to an exception in
concept but not feature space (orange items in the inset of

Figure 4). This prediction held true; paired t-tests indicated
that there were no differences in shift between stimuli in these
groups following the introduction of EA and EB (all P values
> 0.05; Figure 4).

Figure 4: Shift experienced by items close in both concept
space (CS) and feature space (FS; green) and items close in
CS but not FS. Error bars indicate standard error. No
significant difference was observed across these groups in
any layer, suggesting that the HC model was encoding
concept space.
Having confirmed that proximity to exceptions in concept
space did predict higher shift, we next explored to what extent
a rule-follower’s distance from an exception in concept and
feature space predicted shift 𝜃R when distance was treated as
a continuous value; this was again examined separately
following the introduction of EA and EB using the general
linear mixed-effects model defined in Equation 4. We used
the Akaike information criterion (AIC) to compare these
models to see if distance in concept space better predicted
shift than distance in feature space. The results from these
model fits are depicted in Figure 5 and are described
quantitatively below.
In layer CA1, after the introduction of EA, rule-followers
further from EA shifted less as distance increased when
distance was measured in both concept and feature space (β
= -0.0008, P < .001, 95% CI [-0.0012, -0.0003] and β = 0.0005, P = .001, 95% CI [-0.0008, -0.0002], respectively).
The concept space model (AIC = -109,312.1) provided a
better fit than the feature space model (AIC = -109,309.8).
The results in CA1 following the introduction of EB were
similar. However, following the introduction of EB, distance
in concept but not feature space significantly predicted shift
(β = -0.0012, P < .001, 95% CI [-0.0018, -0.0007] and β = 0.0001, P = .596, 95% CI [-0.0005, 0.0003], respectively).
The concept space model (AIC = -99,762.5) provided a better
fit than the feature space model (AIC = -99,745.0).
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In layer CA3, after the introduction of EA, lower distance
from EA in both feature space and concept space significantly
predicted higher shift (β = -0.0145, P < .001, 95% CI [0.0188, -0.0102] and β = -0.0060, P < .001, 95% CI [-0.0088,
-0.0033], respectively). The AIC comparison indicated that
the feature space model (AIC = -30,296.9) provided a better
fit than the concept space model (AIC = -30,270.7). However,
following the introduction of EB, lower distance in concept
space significantly predicted greater shift (β = -0.0068, P =
.011, 95% CI [-0.0114, -0.0023]), but the opposite was true
in feature space, where greater distance predicted greater shift
(β = 0.0031, P = .047, 95% CI [0.0000, 0.0061]). Still, the
concept space model (AIC = -28,614.2) provided a better fit
than the feature space mode (AIC = -28,608.5).

Figure 5: The relationship, beta, between distance and shift
following the introduction of each exception in each layer.
Red points reflect the relationship between shift and
distance in concept space; blue, the relationship between
shift and distance in feature space. A negative beta value
indicates that lower distance was associated with greater
shift. Error bars reflect 95% confidence intervals.
In layer DG, distance in both concept and feature space was
predictive of shift following the introduction of EA (β = 0.0115, P < .001, 95% CI [-0.0149, -0.0081] and β = -0.0083,
P < .001, 95% CI [-0.0105, -0.0061], respectively), but the
feature space model (AIC = -38,377.0) had a better fit than
the concept space model (AIC = -38,366.1). Shift following
the introduction of EB was predicted by distance in concept
space (β = -0.0084, P < .001, 95% CI [-0.0120, -0.0048]) but
not feature space (β = 0.0010, P < .432, 95% CI [-0.0014,
0.0033]), with the former (AIC = -36,779.0) providing better
fit than the latter (AIC = -36,757.4).

Discussion
We sought to explore how the introduction of exceptions
impacts existing hippocampal representations of category
rule-following stimuli. If similarity to surprising information
affected hippocampal representation (as formalized by the
neural network model), we expected rule-followers closest to
exceptions to experience greater shift than those far from
exceptions. To explore whether a computational model of HC
maps concept or feature space, we also compared how a rule-

follower’s shift was predicted by its distance from exceptions
as calculated using either all features (feature space) or only
conceptually relevant features (concept space). If the
hippocampal model does map concept space, we expected
distance in feature space should offer no improvement in
predicting shift. These analyses were conducted with distance
as both a discrete and continuous value.
Our prediction that a rule-follower’s distance from
exceptions would be inversely proportional to its shift was
supported in both discrete space (items close to exceptions
shifted more than items far from exceptions) and in
continuous space (distance from an exception was a
significant predictor of the degree of shift an item
experienced). These results provide compelling evidence that
the introduction of exceptions may have targeted impacts on
one’s existing knowledge. However, these findings are
specific to the effect of exceptions on novel information.
Consolidated information stored in cortex is likely to be
impervious to such shifting effects; indeed, recent modelling
work has indicated that hippocampus and neocortex
collaborate during sleep to protect existing memories while
integrating novel information (Singh et al., 2022).
Both our discrete and continuous analyses further indicated
that the distance between a previously encountered rulefollower and a novel exception significantly predicts
representational shift in the three studied hippocampal
subfields. These results support existing evidence that HC
maps objects according to category-relevant, but not nondiagnostic, dimensions (Mack et al., 2016; Theves et al.,
2020). Though the selected hippocampal model has
successfully replicated several behavioural findings, it
simply instantiates known properties of HC and its
computations and acts as a simple autoencoder. As no brain
region acts in isolation, the present findings offer only an
abstract prediction of how hippocampal representations
might be impacted by surprising information. Behavioural
and fMRI studies supporting these results are necessary.
Though our findings generally supported our hypotheses,
there were some unexpected results. In our discrete analysis,
though the trend of the data matched our predictions, there
was no significant difference between shift of close and far
items in CA1 following the introduction of EB. CA1 falls
along MSP, which has a slower learning rate than TSP. In this
work we only measured the transient response of the network
to exception introduction. As MSP more slowly incorporates
overlapping information in CA1, akin to statistical learning
(Schapiro et al., 2017), is possible that stronger effects would
be seen in CA1 after multiple presentations of the exceptions.
A second unexpected finding occurred in DG: here, shift was
better predicted by distance in feature space than concept
space following the introduction of EA. DG has sparse, nonoverlapping representations ideal for encoding unique
features of exemplars (Sučević & Schapiro, 2022), and it is
possible that this region may encode more detail to minimize
overlap, regardless of category relevance. Finally, minor
differences in the results across the two categories must be
acknowledged. Though a tightly controlled, rather than
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randomized, trial sequence may lessen any differences
between EA and EB, symmetry across the categories was not
the intention of this experiment. Instead, the results provide
further evidence of how highly sensitive hippocampal
encoding functions are to the order of information.
The methods used in this work and the results obtained
from the present analyses may provide a foundation for future
studies on rule-plus-exception category learning. The model
can be adjusted to introduce virtual lesions to the mono- and
trisynaptic pathways, and an evident extension of the current
work is a model-based lesioning study. Such work could
expand upon evidence of the unique contributions of
hippocampal white matter pathways to rule-plus-exception
learning. The subfield-level predictions provided by the HC
model could also be used to design neuroimaging studies that
employ similar methods to those described in this work to
explore the impact of surprising information on hippocampal
representations in vivo. Recent diffusion-weighted imaging
work has indicated that the integrity of the trisynaptic
pathway is related to individual differences in exception
learning (Schlichting et al., 2021). The model simulations
described in the present work could be used in conjunction
with neuroimaging and behavioural studies to explore how
the unique configuration of both the mono- and trisynaptic
pathway support individual differences in the integration of
surprising information. Experimental data will further serve
to validate predictions made by the present model.
A final contribution of this work is its potential to inspire
updates to well-established models of category learning.
Though cluster-based models of category learning like
SUSTAIN (Love et al., 2004) have successfully accounted
for behaviour across a wide range of category learning tasks,
these models do not adjust clusters corresponding to existing
information when surprising new information (i.e., an
exception) is encountered. The findings in the present study
indicate that surprising information elicits updates to existing
representations in addition to the formation of new
representations. Adjustments to existing models of category
learning may be warranted to more robustly capture category
learning behaviour. Moreover, though human learners can
consolidate new with old information via hippocampalneocortical interaction (McClelland et al., 2020), artificial
learners suffer from “catastrophic forgetting” – that is, they
tend to forget what they have learned from one task when
they switch to a second task, especially when tasks are of
intermediate similarity (Lee et al., 2021). A better
understanding of encoding processes may help researchers
design networks more robust to such issues.
Overall, this study offers a novel computational approach
to quantify how similarity to surprising information impacts
shifts in existing representations. Distance from previously
encountered rule-following stimuli in concept and feature
space can predict shift in various hippocampal subfields. We
live in a dynamic, ever-changing world, and these findings
shed light on how we may accommodate new information at
the expense of what we have already learned.
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statistical learning (for review, see Sherman et al., 2020), or
even higher-level language acquisition (e.g., Kelly & Martin,
1994). Randomness is also an important factor in many
human behaviors. For instance, fallacies of randomness
influence not only gambling behavior, but also everyday
activities like reading stock charts or interpreting weather
forecasts.

Abstract
Does the human mind contain a task-general ‘randomization
machine’? Stable biases of randomization have been identified
that span multiple domains and modalities, in both lower-level
perceptual tasks and in higher-level cognitive tasks. The
stability of such biases indicates that the mind may rely on a
stable set of properties to create and perceive randomness. But
what computational principles support randomization? Here,
we approach this question by building a computational model
of human randomization that generalizes across spatial and
numerical tasks. We show that simple computational heuristics
capture higher-order properties of human-generated random
sequences, in both numerical and spatial randomization tasks
each with many possible options. Furthermore, we show that
human behavior in both types of tasks can be approximated by
the same low-dimensional model, implying that a domaingeneral set of computational principles may underlie
randomization behavior in general.

Human randomness

Keywords: randomness; alternation bias; random number
generation; spatial randomness; mental number line

Introduction
Humans reliably misunderstand or misperceive randomness.
For example, people tend to think that sequences of coin flips
that best represent randomness are ones that alternate
between heads and tails more often than truly random
sequences (e.g., Kahneman & Tversky, 1972). When people
are tasked with generating random sequences themselves,
they also generate sequences with elevated numbers of
alternations (for review, see Bar-Hillel & Wagenaar, 1991).
Indeed, there seem to be stable biases of randomness that
exist across cognitive tasks (for review, see Bar-Hillel &
Wagenaar, 1991) and perceptual tasks (e.g., Reiner et al.,
2021; Yu et al., 2018), that persist across modality (e.g., in
vision and in audition; Yu et al., 2018), and that persist across
domains (e.g., for numbers but also letters, coin-flips,
arbitrary button presses, etc.; see, e.g., Bar-Hillel &
Wagenaar, 1991). Here, we formalize a model of random
behavior that (a) succeeds in capturing key features of human
randomness, and (b) generalizes across distinct tasks (i.e., a
‘random number’ task and a ‘random location’ task).

Why should we care about random behavior?
The conception and perception of randomness is one of the
building blocks of human cognition: to perceive the structure
of the world, the mind must differentiate signal from noise.
Thus, detecting randomness is vital to learning, whether that
be simple conditioning (e.g., Rescorla & Wagner, 1972),

Perhaps the single most robust feature of human randomness
is an ‘over alternation bias’. This bias describes the tendency
to generate sequences of coin flips with more alternations
than would be expected in truly random sequences, and to
perceive such sequences (i.e., ones with slightly more
alternations than average) as the most random (for review,
see Bar-Hillel & Wagenaar, 1991). This is true not just for
coin flips, but also for other kinds of visual stimuli (e.g., grids
of alternating colors) as well as auditory stimuli (Yu et al.,
2018). Further, this bias is consistent with other known
fallacies of subjective probability (e.g., the Gambler’s
fallacy; Kahneman & Tversky, 1972; Reuter et al., 2005;
Wagenaar, 1988).
Binary sequences like coin-flips are of course not the only
way we encounter random information. Even in many
gambling scenarios, there are more than two possible options
(e.g., at a blackjack or roulette table). With more options on
the table, it is not obvious what the ‘over alternation bias’
entails. Does it reflect a tendency to avoid repeating identical
choices back-to-back, or a more general tendency to depart
from a previous “area” of the possibility space (in which case
other nearby options should be similarly less likely)? Given
this uncertainty, understanding randomness in scenarios with
more than two possible options (see, e.g., Towse & Neil,
1998) can enrich our understanding of human randomization.
Here we aim to assess human randomness in three
environments that are more complex than typical binary
sequence tasks: (1) A random number generation task where
participants iteratively generated single-digit random
integers [1-9], (2) A random location generation task in
which participants iteratively generated random locations
along a line, and (3) A random location task in a twodimensional plane. The goal of our study was to identify
stable computational principles that underlie random
behavior across disparate tasks in order to begin bridging the
gap between laboratory studies of human randomization and
the real world.
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Current Study
We propose a computational model of human randomization
behavior that generalizes across two behavioral domains. In
the first study, a random number generation task, participants
were asked to generate sequences of 250 random integers
between 1 and 9. In two additional studies, random location
generation tasks, participants were asked to generate
sequences of 250 random locations (either on a horizontal
line, or in a two-dimensional square). The model aims to
capture features of human behavior that generalize across
these three different tasks.

Study 1
In a first study, participants played a random number game.
In this task, they were instructed to iteratively press numbers
on the keyboard while trying to be “as random as possible.”

captures the behavior of participants who are trying to
generate sequences of random numbers.

Results & Discussion
A matrix depicting the overall pattern of transition
probabilities can be seen in Figure 1A. As is evident from the
figure, participants behavior is not truly random.
Model comparisons We compared three separate models to
explain these data. The first model is a simple “stay/switch”
model. It captures the tendency to repeat choices back-toback. For example, if the participant selected choice Ci on
trial t (where C represents the space of possible choices, and
i indexes the specific value chosen from C), the probability
of choosing Ci for the next trial t+1 is adjusted based on a
stay/switch ‘bonus’ parameter, ε:
P(Ci)t+1 = P(Ci)t+1 + ε

Method
Participants Participants recruited via Prolific (N = 200)
completed the task in exchange for monetary compensation
(at a rate of approximately $10/hour).
Design and Procedure The task was administered via
custom JavaScript code. Participants were told to generate
sequences of random numbers to the best of their ability by
pressing the number buttons on their keyboard. Each time a
number was pressed, it would appear in the center of the
screen for 750ms. Once it disappeared, participants were free
to select another number. There was no time limit on
responses. This would continue until 250 numbers had been
selected. Prior to the task, participants completed four
practice trials that were identical to task trials.
Exclusions Participants were asked to be as random as
possible, with minimal explanation. Given the nature of the
task, it is possible for participants to respond in intentionally
non-random ways (e.g., with a sequence such as: 1, 1, 1, 3, 3,
3, 5, 5, 5, etc.). Patterns like this in the human data would
artificially inflate model predictions; the models could easily
pick up on such patterns, but these patterns would not reflect
the construct we are interested in (i.e., human
randomization). Thus, to be conservative, we applied two
exclusion criteria. First, we excluded any participant who
selected any one of the possible numbers fewer than 10 times
(i.e., less than 4% of the time). This number was chosen
because ~99.99% of truly random (uniform) distributions of
choices should include at least 10 of each number given our
task design. Second, we excluded any participant whose
“average numerical distance” (the mean numerical distance
between successive numbers; see Results) was less than 2.4.
Again, ~99.99% of truly random samples should be above
this value. From the original sample size of 200 participants,
this yielded a conservative sample of 171 participants. Note:
We are intentionally excluding participants who were nonrandom because those participants are easier to explain and
predict. In other words, we are trying to ensure that our model

Where a positive parameter captures a tendency to repeat
choices and a negative parameter captures a tendency to
switch choices. The second model is a “side-switch” model.
It captures the tendency to switch sides of the distribution —
e.g., the likelihood that someone choosing a number greater
than 5 (the middle/median of the distribution) would
subsequently choose a number lower than 5, or vice versa.
For example, if the choice Ci at trial t was greater than 5, the
probability of choosing all numbers greater than 5 would be
increased/decreased based on the side-switch parameter, η:
P(Ci<5)t+1 = P(Ci<5)t+1 + η
And the probability of any choice greater than 5 would be
adjusted in an equal but opposite way:
P(Ci>5)t+1 = P(Ci>5)t+1 - η
After both adjustments, the probabilities for the nine options
would be normalized to sum to 1 using the softmax function.
The third model is a combined model that incorporates the
parameters of both previous models.
Each model was fit to each participant’s observed choices
using maximum likelihood estimation. After fitting each
single-parameter model, the single free parameter in the
stay/switch model (ε) was found to be significantly negative
(signrank test, p<.001), meaning that participants avoided
repeating choices back-to-back. The single free parameter in
the side-switch model (η) was found to be significantly
positive (signrank test, p<.001), reflecting a side alternation
bias. After fitting the combined model, the stay/switch
parameter similarly came out significantly negative (signrank
test, p<.001), and the side-switch parameter was again
significantly positive (signrank test, p<.001).
The combined model had the lowest (best) total AIC score
(183390), followed by the stay/switch model (184360), then
the side-switch model (186207). This suggests participants
used both heuristics to generate random numbers.
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Figure 1: Results from Study 1. (A) Transition probability from each value to each other value. (B) Correlation between the
average numerical distance and (D) the direction switches in the human data and model-generated data. (C) Correlations from
1000 simulations between human data and shuffled human data (x-axis) as well as correlations from 1000 simulations between
human data and model-generated data (y-axis), for the average numerical distance metric and (E) the direction switches metric.
Points above the identity line indicate better model performance.
Model validation Participants in this task were asked to
generate random sequences of numbers to the best of their
ability. Given the nature of this task, participants completing
it optimally are impossible to predict. To validate whether our
models capture meaningful aspects of the observed behavior,
we can ask whether the model successfully captures higherorder properties of the human data that are not explicit in the
model itself. Here, we selected two such higher-order
properties: (1) average numerical distance (i.e., the average
difference between each chosen number and the next), and
(2) direction switches (i.e., the number of times that the
‘direction’ of responses changes between increasing and
decreasing; e.g., the sequence [1, 3, 7, 4, 2, 9] contains two
direction switches [7-4, and 2-9]; repeated values would not
constitute a direction switch).
To validate the models, we asked whether data generated
using the model parameters resembles human-generated
sequences. We did this 1000 times for each modeled subject
and asked whether the average correlation between a given
property (i.e., average numerical distance or direction
switches) between the model-generated and humangenerated data was greater than the average correlation that
would be expected in the “null” distribution generated by
shuffling human data and correlating properties of that data
with properties of the true human data. Thus, our critical
comparisons were between two different correlations: The
first between the model-generated data and the human data,
and the other between the human data and that same shuffled
human data. If the former is higher, that would indicate
successful prediction. For example, we wanted to know
whether the model is capturing the typical ‘average numerical
distance’ of human data, and so we asked whether the
correlation between the ‘average numerical distance value’

for each participants’ model-generated data and the true data
was higher than the correlation between the true data and the
shuffled data. The logic of this comparison is that it ensures
any success of the model cannot be attributed to the baserates with which people select certain numbers; in other
words, we were testing whether the model was picking up on
features that were specific not just to which numbers people
selected, but the order in which they selected those numbers.
The average correlation for the average numerical distance
measure between the human data and randomly shuffled
human data was r=.50. For the combined model, the average
correlation between model-generated and human data was
r=.81 (see Figure 1B for a representative example of the
model fits; see Figure 1C for the correlation comparisons
across the 1000 simulations). In other words, the model is
sufficient to capture most of the variation in the average
numerical distance metric.
The average correlation for the direction switches measure
between the model data and randomly shuffled human data
was r=.04. For the combined model, the average correlation
between model-generated and human data was r=.73 (see
Figure 1D for a representative example of the model fits; see
Figure 1E for the correlation comparisons across the 1000
simulations). Again, the model captures most of the variation
in the direction switches metric.
Taken together, both the model fitting and model
validation results suggest that both the stay/switch and sideswitch heuristics are important for capturing human
randomization behavior during number generation. Not only
does the combined model best predict behavior, but it
captures a large amount of variance in higher-order properties
of human data.
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Study 2
In a second study, participants played a random location
game. In this task, they were instructed to iteratively click
locations on a line while trying to be as random as possible.
Even though this task involved continuous rather than
discrete responses, the task is analogous to the random
number task in that participants generated random
information along a single dimension. Because of this, we can
conduct the same analyses across the two tasks to explore
consistent patterns of behavior; in other words, we can ask
whether a similar model may explain behavior in both cases.

Method
200 additional participants completed this task. The task was
identical to Study 1 except that, instead of selecting random
numbers, participants clicked locations on a one-dimensional
line. The line was positioned in the center of the screen. It
extended 800 pixels horizontally. When participants clicked
near the line, a vertical blue line appeared, centered on the
line, at the horizontal position of the mouse (the vertical
position of the mouse did not affect the vertical line position).
The line itself was 20 pixels thick. However, the functional
region in which participants could click extended 200 pixels
vertically. This was done to minimize errant clicks. Similar
to Study 1, a prompt indicated that participants should click
randomly anytime the vertical blue line was not visible. Once
a click was made, the blue line would remain visible at the
clicked location for 750ms before disappearing.
Of the original sample of 200 participants, only 82 survived
both of our exclusion criteria. This conservative sample is
substantially smaller than that of Study 1 (see General
Discussion). We again emphasize that excluding data points
like these makes the model performance more conservative.

Results & Discussion
To make the results of this study comparable to those of
Study 1, we converted all locations into nine discrete values
based on evenly spaced bins. For example, a response on the
far left of the line would be coded as a 1, a response on the
far right would be coded as a 9, and a response in the middle
would be coded as a 5. The exclusions mentioned above (see
Method) were calculated with respect to these discretized
values, as are all subsequent analyses. A matrix depicting the
overall pattern of results can be seen in Figure 2A.
Model comparisons We analyzed these data using the same
three models we had used in the previous study. Each model
was fit to each participant’s observed choices using
maximum likelihood estimation. After fitting each singleparameter model, the single free parameter in the stay/switch
model (ε) was found to be significantly negative (signrank
test, p<.001), meaning that participants avoided repeating
choices back-to-back. The single free parameter in the sideswitch model (η) was not significantly different from zero
(signrank test, p=.29). After fitting the combined model, the
stay/switch parameter similarly came out significantly

negative (signrank test, p<.001), and, in contrast to Study 1,
the side-switch parameter was significantly negative
(signrank test, p<.001).
The combined model had the lowest (best) total AIC score
(89299), followed by the stay/switch model (89510) then
followed by the side-switch model (89879). This suggests
that, like the random number task, both parameters play a role
in people’s randomization.
Model validation The average correlation for the average
numerical distance measure between the human data and
randomly shuffled human data was r=.34. For the combined
model, the average correlation between model-generated and
human data was r=.70 (see Figure 2B for an example of the
model fits; see Figure 2C for the correlation comparisons
across the 1000 simulations). The average correlation for the
direction switches measure between the model data and
randomly shuffled human data was r=-.01. For the combined
model, the average correlation between model-generated and
human data was r=.49 (see Figures 2D and 2E).

Study 3
In a final study, participants played a random, twodimensional location game. In this task, they were instructed
to iteratively click locations within a square region while
trying to be as random as possible. Here, we ask whether the
same model of randomness based on one-dimensional
judgments can usefully predicts judgments in two
dimensions.

Method
200 additional participants completed this task. The task was
identical to Study 2 except that, instead of selecting random
locations in a one-dimensional space, participants clicked
locations within a two-dimensional bounding square. The
line was positioned in the center of the screen. It extended
600 pixels horizontally and vertically. When participants
clicked anywhere in that 600 x 600 region, a dot appeared at
the location of the cursor. The dot was 10 pixels in diameter.
Similar to Studies 1 and 2, a prompt indicated that
participants should click randomly anytime the dot was not
visible. Once a click was made, the dot would remain visible
at the clicked location for 750ms before disappearing.
Of the original sample of 200 participants, 105 survived
exclusion in the x-dimension, 69 survived exclusion in the ydimension, and 65 survived exclusion in both dimensions.
We analyze data separately in each dimension with all
participants who survived exclusion in that dimension. These
conservative samples are substantially smaller than that of
Study 1, but comparable to that of Study 2. We again
emphasize that had we not excluded participants, the model
would have performed even better (but without necessarily
capturing anything meaningful about human randomness).

Results & Discussion
We analyzed participants responses separately for each
dimension (i.e., x vs. y). As in Study 2, we converted all
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Figure 2: Results from Study 2. Here, continuous responses along a line were discretized into the values 1-9, evenly distributed
across the line. (A) Transition probability from each value to each other value. (B) Correlation between the average numerical
distance and (D) the direction switches in the human data and model-generated data. (C) Correlations from 1000 simulations
between human data and shuffled human data (x-axis) as well as correlations from 1000 simulations between human data and
model-generated data (y-axis), for the average numerical distance metric and (E) the direction switches metric. Points above
the identity line indicate better model performance.
locations into nine discrete values in each dimension based
on evenly spaced bins. For example, a response in the most
top-left corner of the square would be coded as a 1 in both the
x and y dimensions, whereas a response in the bottom-right
corner would be coded as a 9 in both dimensions. The
exclusions mentioned above (see Method) were calculated
with respect to these discretized values, as are all subsequent
analyses.
Model comparisons We separately analyzed behavior in
each dimension using the same analyses as the previous two
experiments. For the x-dimension, in the combined model,
both the stay/switch parameter (signrank test, p<.001) and the
side-switch parameter came out significantly positive
(signrank test, p<.001). In other words, participants were
more likely to stay near their previous response, but also more
likely to switch sides of the distribution. The tendency to stick
with the previous response is mostly driven by responses on
the far-left side and far-right side of the distribution. For the
y-dimension, in the combined model, the stay/switch
parameter was significantly positive (signrank test, p=.002)
and the side-switch parameter was positive, but not
significant (signrank test, p=.15).
For the x-dimension, the combined model had the lowest
(best) total AIC score (114600), followed by the stay/switch
model (114880) then the side-switch model (115140). For the
y-dimension, the combined model had the lowest (best) total
AIC score (75380), followed by the side-switch model
(75503) then the stay/switch model (75652).

Model validation We again compared how well modelgenerated data captured higher order properties (e.g., average
numerical distance and direction switches) of human data.
First, we looked at x-dimension. The average correlation
for the average numerical distance measure between the
human data and randomly shuffled human data was r=.39.
For the combined model, in comparison, the average
correlation between model-generated and human data was
r=.70. The average correlation for the direct switches
measure between the human data and randomly shuffled
human data was r=-.03. For the combined model, the average
correlation between model-generated and human data was
r=.66.
Then we did the same analysis for the y-dimension. The
average correlation for the average numerical distance
measure between the human data and randomly shuffled
human data was r=.35. For the combined model, in
comparison, the average correlation between modelgenerated and human data was r=.67. The average correlation
for the direct switches measure between the human data and
randomly shuffled human data was r=-.02. For the combined
model, the average correlation between model-generated and
human data was r=.57. For both the x- and y-dimensions, the
model is a significantly better predictor of human behavior
than even the same, shuffled human data.
This study demonstrates that human random behavior in a
two-dimensional task can be at least partially explained by
their behavior in each separate dimension. This conclusion is
far from obvious: It could have been that performance in one
dimension was captured by the model but not the other, or
that neither dimension was well-captured by the model. That
the model was able to predict behavior in both dimensions
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Figure 3: Results from Study 3. As in Study 2, continuous
responses in each dimension of a square were discretized into
the values 1-9, evenly distributed in space. (A) Correlation
between the average numerical distance in the human data
and (a representative simulation of) model-generated data.
(B) Correlation between the direction switches in the human
data and (a representative simulation of) model-generated
data. The plots here depict both the x- and y-dimensions.
indicates that (a) the generative model that people use to
generate random locations in two-dimensional space may act
on each dimension (at least partially) independently, and (b)
that generative model may strongly resemble the generative
model used to generate not only random locations in a
separate one-dimensional space, but also random numbers.
More generally, it may be surprising that this model works at
all when applied to the spatial domain given that we
arbitrarily use the same number of bins (9) in both the spatial
and number tasks to allow comparison to the numerical task.
For some participants, using fewer bins might provide a more
parsimonious description of behavior.

random information can manifest in the world. For example,
randomization need not be limited to options along one or
two dimensions. Certain forms of abstract art, for instance,
may play on regularities along numerous spatial dimensions
as well as other visual dimensions (e.g., color). The spatial
distribution of crowds may tell us something about where that
crowd is headed, or what its goals are. The spatial distribution
of leaves on the forest floor may tell us whether they had been
tampered with and whether some other entity may be nearby.
In each of these cases, there are multiple kinds of visual
information that come together to form a cohesive percept of
randomness. If the goal is to understand human
randomization in general, then we must ask how well these
computational principles generalize to more complex cases
(i.e., those involving multiple dimensions of one type, or a
combination of dimensions of different types).

A mental number line account
We have thus far emphasized how the proposed model(s)
generalize across two very different tasks. However, one
possibility is that the similarity observed across Study 1 and
Study 2 is due to a deep similarity between the two tasks. In
other words: Even though one task involved discrete choices
(Study 1) and the other involved continuous choices (Study
2), there is considerable evidence that humans represent
numerical magnitudes along a sort of ‘mental number line’
(see, e.g., Aulet et al., 2021; Dehaene et al., 1993; Zorzi et
al., 2002). If true, this could mean that participants were ‘coopting’ spatial cognition in order to produce random behavior
in the number task, even though the task is not intrinsically
spatial.

Conclusion

General Discussion
Here we have proposed a model of human randomization that
generalizes across numerical and spatial randomization tasks,
as well as across one-dimensional and two-dimensional tasks.
The ability of the model to capture behavior in all of these
cases suggests that there are indeed stable aspects of human
randomization behavior that generalize across tasks.
Although some previous work has shown that some biases
are stable across contexts (see, e.g., Yu et al., 2018), the
present work goes one step further: it establishes a set of
concrete, computational principles that can be used to
generate sequences that reflect individual biases and that may
generalize across a broader range of tasks — including those
that involve fundamentally continuous (rather than discrete)
input.

A domain-general randomness generator?
Here, we have tested three cases of human randomization
behavior: random number generation (on a limited, discrete
set of values, 1-9), random one-dimensional location
generation, and two-dimensional location generation. We
have shown that there are computational heuristics that
generalize across all three tasks. However, this is only the tip
of the iceberg. There are of course many other ways that

Does the mind contain a domain-general ‘randomization
machine’? Answering this question would require
generalizing the present results to a variety of other tasks.
However, the model proposed here promises one way
forward. We have shown that a simple model can capture
higher-order properties of human randomization behavior
even after conservatively excluding highly non-random
individuals. We believe that this approach is ‘scalable’ in the
sense that it can be applied to a range of tasks and stimuli,
thus providing a way to understand the general computational
principles underlying human randomization.

References
Aulet, L. S., Yousif, S. R., & Lourenco, S. F. (2021). Spatial–
numerical associations from a novel paradigm support the
mental number line account. Quarterly Journal of
Experimental Psychology, 17470218211008733.
Dehaene, S., Bossini, S., & Giraux, P. (1993). The mental
representation of parity and number magnitude. Journal of
Experimental Psychology: General, 122, 371-396.
Kahneman, D., & Tversky, A. (1972). Subjective probability:
A judgment of representativeness. Cognitive Psychology,
3, 430–454.

2632

Kelly, M. H., & Martin, S. (1994). Domain-general abilities
applied to domain-specific tasks: Sensitivity to
probabilities in perception, cognition, and language.
Lingua, 92, 105-140.
Reiner, C., Yousif, S., Sherman, B., & Keil, F. (2021).
Common structure underlying visual and non-visual
judgments of randomness. Journal of Vision, 21, 22542254.
Rescorla, R. A., & Wagner, A. R. (1972). A theory of
Pavlovian conditioning: Variations in the effectiveness of
reinforcement and nonreinforcement. In A. H. Black & W.
F. Prokasy (Eds.), Classical conditioning II: Current theory
and research (pp. 64–99). New York, NY:
AppletonCentury-Crofts.
Reuter, J., Raedler, T., Rose, M., Hand, I., Galscher, J., &
Buchel, C. (2005). Pathological gambling is linked to
reduced activation of the mesolimbic reward system.
Nature Neuroscience, 8, 147–148.
Sherman, B. E., Graves, K. N., & Turk-Browne, N. B. (2020).
The prevalence and importance of statistical learning in
human cognition and behavior. Current Opinion in
Behavioral Sciences, 32, 15-20.
Towse, J. N., & Neil, D. (1998). Analyzing human random
generation behavior: A review of methods used and a
computer program for describing performance. Behavior
Research Methods, Instruments, & Computers, 30, 583591.
Wagenaar, W. A. (1988). Paradoxes of gambling behaviour.
Hillsdale, NJ: Lawrence Erlbaum.
Yu, R. Q., Gunn, J., Osherson, D., & Zhao, J. (2018). The
consistency of the subjective concept of randomness.
Quarterly Journal of Experimental Psychology, 71, 906916.
Zorzi, M., Priftis, K., & Umiltà, C. (2002). Brain damage:
Neglect disrupts the mental number line. Nature, 417, 138139.

2633

Catastrophic Interference in Neural Network Models is Mitigated When the
Training Data Reflect a Power-Law Environmental Structure
Sibley F. Lyndgaard (slyndgaard3@gatech.edu)
School of Psychology, 654 Cherry Street
Atlanta, GA 30308 USA

Zachary R. Tidler (zrtidler@gatech.edu)
School of Psychology, 654 Cherry Street
Atlanta, GA 30308 USA

Lucas E. Provine (lprovine3@gatech.edu)
School of Psychology, 654 Cherry Street
Atlanta, GA 30308 USA

Sashank Varma (varma@gatech.edu)
School of Interactive Computing and School of Psychology
Atlanta, GA 30308 USA
Abstract
Sequential learning in artificial neural networks is known to
trigger catastrophic interference (CI), where previously learned
skills are forgotten after learning new skills. This is in direct
contrast to humans’ ability to learn increasingly complex skills
across the lifespan without major instances of CI. The present
work builds on techniques for mitigating CI that have been
proposed in prior work. Anderson and Schooler (1991) first
documented that the memory environment has a lawful
structure. Following from their observation, we constructed a
training environment where previously mastered tasks
(Boolean functions) decrease in frequency over time according
to a power law. It was predicted that training in this
environment would (1) mitigate CI, (2) replicate human
performance in learning curves following a power law of
practice, and (3) promote positive transfer of training to new
skills, all without the need to posit additional mechanisms. The
present results support all three predictions.
Keywords: catastrophic interference, artificial neural
networks, rational analysis, power law of practice, transfer

Introduction
Artificial Neural Network (ANN) models have provided
successful accounts of many aspects of human cognition
(Hassabis et al., 2017; Rogers & McClelland, 2014). A
classic problem in applying ANNs to cognitive phenomena is
catastrophic interference (McCloskey & Cohen, 1989).
ANNs can learn multiple skills concurrently, i.e., when the
training data includes observations for all tasks. However,
when trained sequentially on tasks, learning the current task
interferes with the learning of prior tasks to the point of
complete loss of mastery. This is problematic because
humans engage in continuous learning across their lifespan.
They can sequentially learn new skills without current
learning completely obviating prior learning (although of
course some interference may be expected). For example,
when humans learn to subtract numbers, this does not

undermine the previously learned skill of adding numbers;
the same is true when they next learn to multiply numbers,
and then to divide them.
Catastrophic interference (hereafter, CI) was observed in
early ANN models (e.g., Hinton & Plaut, 1987) and was
given its first systematic treatment by McCloskey and Cohen
(1989). They first trained a three-layer network using
backpropagation on 1s addition facts (e.g., given “1 + 2” as
input, produce “3” as output). The model successfully learned
this task. They then trained the model on 2s addition facts.
The model successfully learned this task as well, but in the
process, completely lost the ability to perform the first, 1s
addition task. They explored several modifications of the
model and the training procedure (e.g., fixing some of the
weights following mastery of the first task), none of which
succeeded.
Subsequent research explored other solutions to the CI
problem; see the literature review that follows next. This
paper pursues an approach that was first proposed in the
concluding pages of the original McCloskey and Cohen
(1989) paper: continuing to rehearse previously learned tasks
as new tasks are being learned. It is the justification for our
approach, and thus its formal details, that is novel. Anderson
and Schooler (1991) first documented that the memory
environment has a lawful structure. Specifically, the
probability of having to retrieve a particular item from
memory declines according as a power function of the time
since that item was last retrieved. We explored whether CI
during sequential task learning is mitigated if the training
environment follows the structure: if, as observations
relevant to the new task are added to the training set, the
proportion of observations relevant to previously learned
tasks decreases at the rate of a power function. We evaluated
whether correctly reflecting the recurring, power-law
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structure of the environment enables ANN models to avoid
CI, without the need to posit additional mechanisms.

Previous Approaches to Mitigating
Catastrophic Interference
Cognitive scientists have explored a number of potential
solutions to the problem of CI (French, 1999). We review
three broad classes below.

Network Architecture and Training Procedure
Approaches
McCloskey and Cohen (1989) explored the impact of several
changes to the network architecture or the training procedure
to reduce the CI observed while sequentially learning two
tasks. These modifications included varying the number of
hidden units and learning rate parameter, overtraining the
model on the first task (i.e., by a factor of 20x), and freezing
the weights of half of the hidden units following training on
the first task. None prevented CI. They also attempted a more
radical change, switching from distributed representations to
localist representations. However, CI persisted.
Subsequent research explored extensions of some of these
approaches and introduced new ones. For example, Ratcliff
(1990) introduced new hidden layers following training on
the first task. He also explored fixing the high-value weights
following learning of the first task and only allowing the lowvalue weights to be adjusted. Neither modification prevented
CI.
Other researchers have attempted orthogonalizing the
hidden-layer representation patterns with some success
(French, 1999). French (1991) proposed that one cause of CI
was interference between the distributed representations of
prior, learned tasks and the new task. He modified the
training procedure so that hidden unit values close to 1 were
increased and those close to 0 decreased, with the goal of
learning sharper, more independent (i.e., “semi-distributed”)
representations. Kortge (1990), with roughly the same
motivation as French (1991), proposed a different
modification of the training rule: Weights are adjusted to
change the activations of the hidden units most responsible
for errors in the output layer while leaving the activations of
the other hidden units largely unchanged, thus preserving
some learning of prior tasks. These approaches achieved
some success. A modern approach to minimizing CI in this
same spirit is the use of dropout by Goodfellow et al. (2013).
Sloman and Rumelhart’s (1992) approach to reducing CI
takes inspiration from the structure of human memory. Many
of the findings considered in the modeling above came from
verbal learning experiments relevant for episodic memory.
Memory traces in episodic memory encode not just semantic
content but also the context in which they were encoded.
Sloman and Rumelhart represented the context of learning by
defining two sets of input units, content (i.e., semantic) units
and episodic (i.e., context) units. The input layer projected to
the hidden layer, but with the episodic units gating whether
the activations of the content units were (or were not) passed
through. When this network learned a first set of patterns and

then a second set, memory for the first set was perfectly
preserved. See Masse et al. (2018) for a newer application of
context-sensitive gating to minimize CI.
A more recent solution to the problem of CI was offered by
Kirpatrick et al. (2017). In their simulations, a deep neural
network is trained on a sequence of tasks. The training
procedure is modified to use Elastic Weight Consolidation
(EWC). This mechanism guides weight adjustments when
learning the current task to preserve learning on prior tasks.
This enabled their model to learn ten tasks in total without
showing appreciable CI. For another recent weight-based
approach to minimizing CI, see the synaptic intelligence
proposal of Zenke et al. (2017).

Multiple Networks Approaches (e.g., CLS)
Another approach to mitigating CI is to introduce multiple
networks with different functions and learning goals (Ans &
Rousset, 1997; 2000; Ans et al., 2004). The first and most
prominent of these efforts is the Complementary Learning
Systems (CLS) framework (McClelland et al., 1995). CLS
proposes that CI is a natural consequence of sequentially
learning distributed representations. The solution is not to
abandon distributed representations, but rather to observe that
the brain possesses multiple memory systems, each with
different properties, that collectively support encoding,
maintenance, and retrieval of information. CLS proposes that
representations in the hippocampal memory system are
sparse and are therefore optimized for rapidly learning
episodic memories which thereafter remain distinct. By
contrast, the cortex is specialized for learning distributed
representations, which are useful for extracting latent
semantic structure and using this structural information to
make generalizations. To avoid CI among its distributed
representations, the cortex learns them gradually, with the
hippocampal memory system slowly training it over time on
all prior episodic experiences in a process analogous to the
“replay” process documented by neuroscience research.
ANN models that adopt multiple-networks architectures
have been shown to avoid CI. These models have several
desirable properties. First, they are grounded in findings on
the neural bases of memory, serving as bridges between
cognitive science and neuroscience (O’Reilly et al., 2014;
Schapiro et al., 2017). Second, their principles are consistent
with newer machine learning models, suggesting that they
may be sufficient accounts of human learning of complex
tasks (Kamra et al. 2018; Kumaran et al., 2016). Despite this
viability, it is worth exploring solutions that make fewer
assumptions about network architecture itself.

Rehearsal Approaches
Multiple network approaches can be understood as learning
two interrelated objectives. The first (associated with the
hippocampal/episodic network) is to learn a model of the
memory environment. The second (associated with the
cortical/semantic network) is to learn the semantic
representations themselves. The critical insight is that the first
network “rehearses” the episodic memories that it has
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learned, and this serves as the training data for the second
network, which slowly learns distributed representations over
the rehearsed information.
Robins (1995) proposed a similar, but simpler, process for
reducing CI called “pseudorehearsal”. He first introduced
“sweep rehearsal”, where each new pattern to be learned is
trained in a small training set that includes three randomly
selected patterns that have previously been learned. Training
proceeds until the new pattern is learned to criterion. This
form of rehearsal mitigates CI for small training sets.
However, its window of previously learned patterns is too
small to offset such interference for larger training sets.
Pseudorehearsal attempts to solve this problem by using three
pseudopatterns that capture the network’s prior learning in a
more holistic way. Each is an input-output pair where the
input is a random binary vector and the output is the network
activation response across its output units. These
pseudopatterns capture the network’s prior learning (i.e., its
connection weights) in a more general way. Simulations
showed that pseudorehearsal protects against CI even for
larger training sets. Modern versions of this approach include
generative replay (van de Ven et al., 2020) and the FearNet
architecture (Kemker & Kanan, 2018).

Current Study
The current study builds on prior attempts to mitigate CI in
ANN models by looking to the literature on human memory
for inspiration. Specifically, we build on Anderson and
Schooler’s (1991) proposal that the probability with which an
item is cued for retrieval by the environment decreases over
time according to a power law. We investigate whether CI
disappears in training environments that reflect this powerlaw structure.
We trained an ANN model on a sequence of four tasks. In
each of the four training phases, the largest proportion of
training observations corresponded with the new task being
learned. Critically, patterns for previously learned tasks were
kept in the training set with their proportion decreasing as a
power function of time. This approach is similar in some
ways to the CLS framework and to the sweep rehearsal
proposal. The difference is that information learned
previously is not remembered inside the model and represented during current learning by a separate mechanism
(e.g., a separate model of episodic memory or a separate
rehearsal process). Rather, the information is localized
outside the model, in the training environment, and follows
an independent characterization of its statistical structure
(Anderson & Schooler, 1991).
A further contribution is that prior modeling efforts within
cognitive science have focused on relatively simple pairedassociates learning tasks. (Note that this is not true of current
research on continual learning in machine learning.) Here, we
focus on training ANNs on the more complex (and
procedural) task of learning the Boolean functions OR, AND,
XOR, and NAND, and consider three predictions:
1. When the composition of the training set resembles the
memory environment, with the proportion of patterns for

2.
3.

previously learned functions decreasing as a power
function of time, CI (i.e., loss of mastery of previous
functions) will be mitigated.
Error in the learning of a new function will decrease
according to a power law (Newell & Rosenbloom, 1981).
This approach will facilitate positive transfer of learning.
That is, a network that has previously mastered some
Boolean functions will more rapidly learn a new Boolean
function when compared with a ‘naive’ network that is
learning the new function from scratch.

Method
ANN Architecture and Training Procedure
An ANN model’s architecture is specified by several
hyperparameters: number of hidden layers, number of nodes
in each layer, learning rate, activation function, loss function,
etc. We conducted an initial investigation of this space with
the goal of learning the OR function with a testing loss curve
approximating a power function. These explorations led us to
adopt a 3-layer model where the hidden layer consisted of 50
units. The units employed a sigmoid activation function.
During training, a binary cross entropy loss function was used
along with a learning rate of .5.

Simulation A: Mitigating Catastrophic Interference
The first simulation addressed predictions (1) and (2). The
network was trained sequentially on the OR, AND, XOR, and
NAND functions. Each of these functions is defined by two
binary input values (integers 0,1) and one binary output value
(integers 0,1), as shown in Table 1.
In addition to two input units encoding the input values of
the function, four additional input units implemented a onehot encoding of which of the four functions the network was
to perform; see Table 2. This representation bears some
resemblance to the use of context-dependent ‘episodic units’
(Masse et al., 2018; Sloman & Rumelhart, 1992) model.
Training consisted of four stages. At each stage, the model
learned a new function. The key proposal of the current
research was implemented by varying, at each phase, the
proportion of the training observations relevant to the
previously learned functions and to the new function.
Specifically, the proportion of observations for a function
generally decreased according to a power function to be half
of its proportion during the previous phase. The only
exception was during the first phase, when all the
observations were for the OR function, and thus the drop in
proportion to the second phase was steeper by a factor of 2.
The composition of the training set at each phase, and the
power-law decline in the representations of previously
learned functions across time, is shown in Table 3.

Simulation B: Transfer of Learning
The second simulation concerned prediction (3): whether
previously learning some Boolean functions leads to faster
learning of a new Boolean function. In other words, in place
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of CI of previously learning, do we see positive transfer to
new learning (Davidson & Mozer, 2020)? To evaluate this,
we ran a second simulation where the model was only trained
on the final NAND function. The architecture of the model
and the training procedure was otherwise the same; see Table
3 for the composition of the Simulation B training set.

Results
We first confirmed that our model showed CI in two baseline
simulations. In the first, the model was trained for one phase
on the OR function. The red line in Figure 1 shows the testing
loss on the OR function over these 500 epochs of training. It
declines as expected, reflecting learning. The second
simulation is a continuation of the first. During the second
phase, the model was now trained on AND (i.e., all of the
training observations were for this function, and none were
for OR). The green line in Figure 1 shows the testing loss on
the OR function during the second phase. It is high and
remains high, showing CI on this previously learned function
when exclusively learning a new task.

Hypothesis 1: Mitigation of Catastrophic
Interference
During the first phase, when the training set is entirely
composed of observations for this function (see Table 3), the
red declines as expected. Thus, the model learns this function.
The question is whether this is maintained during subsequent
phases, as the model focuses on learning the AND, XOR, and
NAND functions. In fact, this is the case. The green, blue,
and purple lines on Figure 2 show the testing loss on the OR
function during phases 2, 3, and 4, respectively. This occurs
even though the proportion of the training data relevant to the
OR function is declining according to a power law, to 0.25,
0.125, and 0.063. Thus, CI is mitigated when the composition
of the training set reflects a power-law structure. That said,
there may be limits to this conclusion. The testing loss on the
OR function is noticeably higher near the end of the fourth
phase. We return to this potential limitation in the discussion.

Hypothesis 2: Power Law of Learning Replication
Simulation A also addressed prediction (2), that learning
follows a power law of practice. We evaluated this prediction
for the learning of each of the four Boolean functions during
the phase when their observations dominated the training
data: phases 1, 2, 3, and 4 for the OR, AND, XOR, and
NAND functions, respectively. The training loss curves for
the four Boolean functions are shown in Figure 3. Visual
inspection of the learning curves provides initial support for
Hypothesis 2 as three of the four learning curves (all except
for Phase 3) appear to resemble a power function.
We quantified this observation by fitting each learning
curve to three common learning functions in the literature:
power, exponential, and linear (Heathcote et al., 2000;
Newell & Rosenbloom, 1981; Rubin & Wenzel, 1996). The
results are shown in Table 4. For three of the four Boolean
functions, the power function has largest R2 value. Only for
the XOR function (Phase 3) does the exponential function
offer a better fit.

Hypothesis 3: Transfer of Learning
Simulation B addressed prediction (3), that prior training on
Boolean functions would positively transfer to the learning of
a new Boolean function. In Simulation A, the final function
learned is NAND, during the fourth phase. The model can, in
theory, capitalize on what it has learned about Boolean
functions in general and the OR, AND, and XOR functions
particularly during previous phases. If this is the case, then it
should learn the NAND function more efficiently than a
‘naïve’ model, which is learning NAND from scratch.
Simulation B was that naïve model. Figure 4 plots the training
loss on the NAND function during the 500 training epochs of
phase 4 of Simulation A and the 500 training epochs of
Simulation B. Consistent with the prediction, the model with
prior training on alternative Boolean functions learned the
new NAND function more quickly than the model trained
only on the NAND function.
Table 2: One-Hot Task (i.e., Function) Encoding.

Table 1: Boolean Functions Learned.
Function

x
y

OR
AND
XOR
NAND

0
0
0
0
0
1

0
1
1
0
1
1

1
0
1
0
1
1

1
1
1
1
0
0

Function
OR
AND
XOR
NAND

Encoding
1
0
0
0

0
1
0
0

0
0
1
0

0
0
0
1

Table 3: Function Proportions within the Training Data for each Simulation (and Phase).

Function
OR
AND
XOR
NAND

Phase 1
1.00
-

Simulation A Dataset
Phase 2
Phase 3
0.250
0.125
0.750
0.375
0.500
-
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Simulation B Dataset
Phase 4
0.063
0.188
0.250
0.500

1.00

Table 4. Fit of Various Learning Functions.
Power
Exponential
Linear
Function
Function
Function
Phase 1: OR
.938
.854
.384
Phase 2: AND
.988
.695
.028
Phase 3: XOR
.799
.974
.749
Phase 4: NAND
.994
.775
.141
Note. All values are adjusted R2 and significantly differ
from zero at p < .001.

Figure 3: Training Loss Curves Resemble a Power
Function. The red line depicts OR training loss on a model
trained exclusively on OR (Phase 1 in Table 3). The green,
blue, and purple lines depict training loss on models trained
in Phases 2-4 of Simulation A (see Table 3).

Figure 1: CI on OR Function. The red line depicts OR
testing loss on a model trained exclusively on OR. The
green line depicts OR testing loss after continuing training
of the same model exclusively on AND.

Figure 4: Positive Transfer of Previous Learning. The purple
line depicts NAND testing loss for a model trained to phase
4 of Simulation A, while the orange line depicts NAND
testing loss for a model trained exclusively on NAND.

Discussion

Figure 2: Mitigation of CI on the OR Function. The red line
depicts OR testing loss on a model trained exclusively on
OR (Phase 1 in Table 3). The green, blue, and purple lines
depict OR testing loss on models trained in Phases 2-4 of
Simulation A (see Table 3).

Suggestions of the potential for mitigating CI by
manipulating the composition of the training data go back as
far as McCloskey and Cohen (1989, pp. 160-161). The
current work sought to accomplish this by distributing the
rehearsal of stimuli according to a power function of time.
The latter point is in accordance with Anderson and
Schooler’s (1991) data showing that the probability with
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which an item appears in the environment decreases over
time according to a power law.
In accordance with our first prediction, CI was attenuated
when learning new tasks. Thus, there may be less need to
posit sophisticated mechanisms for mitigating this
interference if more attention is paid to the structure of the
training environment. The power-law training structure bears
some resemblance to interleaved instruction, which has been
shown to facilitate human learning (e.g., Taylor & Rohrer,
2010).
The learning curves of the model were closely
approximated by a power function, in accordance with the
second prediction. One of the most well-replicated findings
in human learning is the observed power-law character of
skill acquisition (e.g., Anderson, 1982; Crossman, 1959;
Newell & Rosenbloom, 1981; Snoddy, 1926). It is therefore
important that ANN models show such a function when
applied to human learning. The observation of power-law
improvements in has been made before, both in ANN models
(Cortes, 1994; Ratcliff, 1990) and in a range of machine
learning models (Brumen et al., 2021; Frey & Fisher, 1999).
It should also be noted that, while a power function did well
to model the learning curves at each phase of training, an
exponential function offered a fit that was only slightly worse
(as evidenced by the observed R2 values found in Table 4). In
the current analysis, these two candidate functions were not
submitted to explicit comparison, so it is not appropriate to
conclude that one function fit better than the other.
“Transfer learning” is an emerging topic in machine
learning research, where a model trained on one task (e.g.,
visual recognition of images) can leverage what is shared
between this pre-learned task and a novel task to facilitate
acquisition of the latter (e.g., Li et al., 2020; Zhang & Gao,
2019). The finding that a network trained on the first three
Boolean tasks was able to master the NAND task (as
evidenced by the training epoch at which the network’s
testing loss asymptotes to zero) more rapidly than a naïve
network, in accordance with the third prediction, is taken as
modest evidence of transfer learning. McRae and
Hetherington (1993) were able to diminish CI by pretraining
an ANN. They did so through a heavy-handed imposed
constriction of hidden layer units devoted to learning each
sequential task. By orchestrating the composition of training
data to better reflect the distribution of information in the
environment at large, the current approach constitutes a more
parsimonious solution.
A limitation of the current study is the lack of breadth in
the tasks selected. The effects observed in the current study
may be idiosyncratic to the learning of Boolean classification.
If the same pattern of results is observed for a broader variety
of tasks, then this would be stronger evidence for the
sufficiency of the current approach. Two other limitations
merit mentioning. First, we did not repeat Simulations A and
B multiple times to establish that the results reported here are
replicable. Second, we did not randomize the assignment of
Boolean functions to phases: OR was always learned during
the first phase and was the function on which CI was

evaluated, and NAND was always learned during the second
phase and was the function on which transfer was assessed.
We are addressing these limitations in ongoing work by
replicating the procedure while counterbalancing the order of
Boolean functions, testing for the effects in tasks other than
Boolean classification, and generally testing our hypotheses
over an aggregated ensemble of simulations as opposed to the
one singular approach presented here.
In the context of an economy whose technologization is
rapidly accelerating, with accompanying changes in the skill
marketplace for workers of diverse ages (Ackerman &
Kanfer, 2020; Oswald et al, 2019; World Economic Forum,
2017), there is special value in a thorough understanding of
the processes and mechanisms by which humans incorporate
new skills into their repertoire across the lifespan. More
robust computational models of human life-long learning can
potentially inform the design of more optimal training
interventions for “reskilling” humans.
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Abstract
Geometric analogy problems remain an intriguing part of intelligence scales, which is closely correlated to many cognitive
studies, such as perception, conception, memory, abstract and
inductive reasoning. The problems not only target the most
fundamental element — analogy-making — in human cognition, but also require integration of multiple components and
stages: looking at the test booklet, thinking for a minute or two,
and deciding the answer. Great efforts and achievements have
been made to explain different individual aspects of this process. In this paper, we take a more holistic approach from the
perspective of problem-solving, by modeling the entire process, from the moment the visual stimuli are received to the
moment an answer is decided. Therefore, we explore how the
final solution can be built upon visual inputs and necessary
components that lie between the perceptual input and conceptual output. Particularly, we designed a novel similarity metric
and a correspondence-finding method based on mapping and
optimization. With these two basic blocks, we implemented a
computational model, and report our initial results on a classical problem set.
Keywords: Analogy; Visual Imagery; Similarity

Figure 1: A simple example of geometric analogy problems
(Lovett et al., 2009).

Introduction
If various cognitive gifts are the jewels in the crown of human
intelligence, the analogy-making ability, as the core of cognition (Hofstadter, 2001), is undoubtedly one of the brightest
ones. Analogy problems have always been an irreplaceable
chapter in intelligence tests since they were first invented.
The geometrically-flavored analogy problems are especially
popular because they can be easily administered to people of
different language, social, and cultural background. Figure 1
gives a simple example of geometric analogy problems. To
solve this problem, a subject needs to select an answer from
the five options so that the analogy — A is to B as C is to the
answer — makes sense.
Imagine that a human subject solved the problem in the figure. She would probably describe it this way: in the first two
images, the large circle surrounding the small circle moves
down to surround the small square; thus, in the last two images, the large triangle surrounding the small square should
move down to surround the small circle, which gives us Option 3 as the answer. This simple description perfectly explains what happens in the analogy, and most people would
accept it as a reasonable answer. However, excessively relying on verbal protocols is inappropriate because the verbal description after the subject already solved the item tends to disguise the complexity of geometric analogy problems as a cog-

nitive task. In the first place, the verbal description is more
of a consequence of the solving process rather than the solving process per se. Second, the solving process might involve
cognitive components that are not consciously accessible to
the subject and thus barely reflected in the verbal description.
Last but not least, the verbal description uses high-level concepts and ignores the potential difficulty of how these concepts are formed or chosen given the visual stimuli. This part
is probably far more complicated and influential in geometric
analogy tasks than one would expect (Barsalou, 1999; Hofstadter, 1979).
For these reasons, we take a more holistic end-to-end approach. An imagery-based model was designed and implemented to model the solving process of geometric analogy
problems. We adopt one computational formulation of “visual imagery” as relying purely on pixel-level images, and
operations over these images. While there are many other
formulations of visual imagery that are possible, including
those that incorporate higher-level features of various kinds,
our work in this paper seeks to explore the extent to which
pixel-based representations — i.e. those that contain information primarily about the raw spatial distribution of “ink”
or brightness patterns in a visual image — might be sufficient
for solving complex geometric analogy problems. In other
words, what we propose here is one particular imagery-based
strategy among many possible imagery-based strategies —
and imagery-based strategies represent one particular class
of representational strategies among many possible classes of
strategies. Main contributions of this paper are:
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Figure 2: Correspondences between geometric objects.

• A new pixel-level similarity metric of geometric objects
is designed to better serve the imagery-based reasoning
process.
• An end-to-end imagery-based modeling of solving geometric analogy problems is implemented and evaluated
against a classical problem set (Evans, 1968).

Intuitions Behind the Proposed Approach
Before we go into the technical details, it is a better idea to
sketch the intuition behind the approach. Again, taking the
item in Figure 1 as an example, recall that the verbal description of it entails high-level concepts such as “circle”,
“square”, “triangle”, “surrounding” and “moving down”, and
why and how these high-level concepts end up in the verbal
description is not so self-evident, yet very crucial to the complete solving process.
Imagine that you see only one image, say the first image,
of the item in Figure 1, without any contextual information.
How would you describe it? Perhaps still using the same set
of concepts. But, more probably, different people might describe it differently. For example, it looks like a symbol of lollipop. This leads us to consider the context-dependent nature
of concept individuation. In our case of geometric analogy
problems, the contextual information is the correspondence
among geometric objects in the four images. Moreover, the
concept individuation and the correspondence finding in solving process are better to be regarded as two viewpoints toward
the same thing. For example, correspondences in our example problem can be depicted as in Figure 2, in which the horizontal ones are based on similarity and the vertical ones are
based on spatial relation. One could say that the conceptual
role of each object gives the correspondences, or, the other
way around, that the correspondences determine the conceptual role of each object.
From a problem-solving perspective, when embedded into
the incomplete analogy, a correct option would induce a
self-consistent set of correspondences, or, equivalently, a
self-consistent set of conceptual roles. This type of selfconsistency can be formally verified by a process of consis-

tency check: given the correspondences, two pathways exist
between two diagonal images; for each starting object in each
image, whichever pathway is followed, it should lead to the
same ending object in the diagonal image. For example, in
Figure 2, on one hand, the large circle in A corresponds with
the large circle in B, which corresponds with the large triangle
in D; on the other, the large circle in A corresponds with the
large triangle in C, which corresponds with the large triangle in D. The choice of using diagonal images in consistency
check is because each pathway contains the correspondences
in both directions.
There are two general analogy-making theories. The first
theory assumes a base domain and a target domain and, by
comparing the relational structures in these two domains,
mappings between them are inferred (Gentner, 1983). When
the relational structures or domains are not clearly defined,
analogy-making is usually performed through the second theory where a dynamic process is employed, in which structures and correspondences between structures adapt to each
other and settle on an equilibrium (Barsalou, 1999; Hofstadter, 1979; Mitchell, 1993). For the purpose of end-to-end
modeling of the solving geometric analogy problems, the second theory is preferable. In particular, the domains are not
clearly defined and the desirable equilibrium is realized as a
self-consistent set of correspondences. Note that given the
proportional format of geometric analogy, the base and target domains are not clearly defined (i.e., central permutation
property (Prade & Richard, 2009, 2010, 2013)); so are relational structures and mappings between structures. In the
rest of this paper, we will discuss the technical details of the
end-to-end modeling of solving geometric analogy problems,
which bear resemblance to the second theory of analogymaking.

Similarity Metric
Imagery-based models are sensitive to the choice of similarity metrics. A basic formulation of similarity metric is the
Jaccard index (Equation (1)), which measures the similarity
between two finite sets (Kunda, McGreggor, & Goel, 2013).
In our works, these two sets consist of black pixels representing two geometric objects. Another useful variant of the
Jaccard index is the asymmetric Jaccard index (Equation (2))
that measures the extent to which one set is a subset/inside of
the other set.
|A∩B|
|A∩B|
=
|A∪B| |A∩B|+|A\B|+|B\A|
|A∩B|
|A∩B|
#»
J (A,B)=
=
|A|
|A∩B|+|A\B|
J(A,B)=

(1)
(2)

The Jaccard index works well for geometric objects that are
ideally drawn, such as those generated through vector graphics. But it is not as effective for geometric objects that human
subjects would see in real psychological tests and in daily life.
These visual stimuli are subject to distortion and noise, which
pose a problem for imagery models using the Jaccard index.
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Table 1: Similarities between geometric objects in Figure 3.
The Jaccard index is calculated using Equation (1). The soft
Jaccard index is calculated using Equation (17) with α=0.03,
d of one-norm and p=3.
vs

vs

vs

vs

Jaccard
0.4318 > 0.3333 0.3913 > 0.2307
Soft Jaccard 0.2076 < 0.9564 0.6461 < 0.9449

For example, applying Equation (1) on the scanning image
of Figure 1, which contains distortion and noise that are imperceptible to human vision, the Jaccard index between the
two large circles in A and B is only 0.25185; the Jaccard index between the small square in A and the small circle in B is
0.48649 — these measurements violate the correspondences
implied by the verbal description.
Ab =argmin d(x,b) for each b∈B

(3)

x∈A

Ba =argmin d(a,x) for each a∈A

(4)

x∈B

M0 ={(a,b)∈A×B|a∈Ab ∧b∈Ba }

(5)

A0 ={a∈A|∃b∈B s.t. (a,b)∈M0 }

(6)

B0 ={b∈B|∃a∈A s.t. (a,b)∈M0 }

(7)

′

′

(8)

′

′

(9)

Ta ={(b,a )∈B×A|b∈Ba ∧a ∈Ab } for each a∈A\A0
Tb ={(a,b )∈A×B|a∈Ab ∧b ∈Ba } for each b∈B\B0

M1 ={(a,b,a′ )∈(A\A0 )×B×A|(b,a′ )∈argmin d(a,a′ )} (10)
(b,a′ )∈Ta

′

′

M2 ={(b,a,b )∈(B\B0 )×A×B|(a,b )∈argmin d(b,b′ )} (11)
(a,b′ )∈Tb

d0 =

1
∑ |d(a,b)| p
|M0 | (a,b)∈M

(12)

1
|d(a,a′ )| p
|M1 | (a,b,a∑
′ )∈M

(13)

1
|d(b,b′ )| p
|M2 | (b,a,b∑
′ )∈M

(14)

0

d1 =

Figure 3: Geometric objects. Each cell in a grid denotes a
pixel.

tion and noise. The new metric does not require strict recurrences of elements in the two sets; instead, two elements can
be considered “recurring” to some extent depending on the
distance between them. Therefore, we name it soft Jaccard
index.
Given two sets A={a1 ,a2 ,···,am } and B={b1 ,b2 ,···,bn }
from a metric space with a metric d, the soft Jaccard index
of A and B is defined by Equation 3 through 18. Note that
the argmin gives a set of values that equally minimize the objective function. Equation 17 and 18 are the symmetric and
asymmetric versions. Like the Jaccard index, the soft Jaccard
index also consists of three terms — corresponding to |A∩B|,
|A\B| and |B\A| in the Jaccard index — subscripted by 0, 1
and 2 in the equations. The difference is that every term’s
contribution is calculated from the metric d instead of set cardinality. To compare with the Jaccard index, the soft Jaccard
indices for the objects in Figure 3 are in the second row of
Table 1. The soft Jaccard indices are more consistent with
human perception than the Jaccard ones.

Correspondence Finding

1

d2 =

2

D(A,B)=d0 +d1 +d2
#»
D (A,B)=d0 +d1
S(A,B)=e−αD(A,B)
#»
#»
S (A,B)=e−α D (A,B)

(15)
(16)
(17)
(18)

Figure 3 and Table 1 give a clearer example of this issue.
The first row of the table is the Jaccard indices of the objects
in Figure 3. According to these values, the square on the left
is more similar to the triangle than to another square on the
right, and, similarly, the circle on the left is more similar to
the semicircle than to another circle on the right. Note that
the sides of the two squares differ by only 1 pixel, and so do
the radii of the two circles.
We designed another similarity metric, which inherits the
general idea of the Jaccard index and is more robust to distor-

The example analogy in Figure 1 can be characterized by
a consistent set of correspondences in two analogical directions. In this section, we discuss how these correspondences
can be found and used to interpret an analogy in a broader
sense. We formulate conceptual correspondences in analogies as mathematical mappings. Thus, treatments of mathematical mappings could help understand analogy-making and
modeling. We first consider two independent dimensions of
mappings:
Qualitative vs Quantitative. A mapping can be derived
from either qualitative relations or quantitative relations. A
qualitative mapping depends on whether there is a good
match between two qualitative relational structures. Thus, the
validity of a qualitative mapping is considered binary. In contrast, a quantitative mapping is associated with a continuous
score, say between 0 and 1, to indicate the extent of its validity. To let them work together, we give every qualitative
mapping a score of 1 if it is valid or 0 if not.
Simple vs Complex. A mapping can also be derived either
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directly from geometric attributes of objects or from other
mappings. Let us call them simple and complex mappings,
respectively. In a sense, a complex mapping represents an
isomorphism between two structures defined by two groups
of mappings.
General Quantitative Mapping. Qualitative mappings
are relatively easy to determine through structure matching,
whereas quantitative mappings require additional considerations to coordinate multiple factors: (a) strong relations are
preferable to weak ones; (b) the derived mapping should be
unambiguous (i.e., injective) in that any two mapped objects
should mutually be each other’s best match; (c) the size of the
mapping should be as large as possible to capture the largest
isomorphism. Thus, we designed a template method to derive quantitative mappings as shown in Equation (19), where,
given two sets U={u1 ,u2 ,···,um } and V ={v1 ,v2 ,···,vn } of objects, whether ui and v j are mapped to each other is denoted
by xi j =1 or 0, and si j ∈R denotes a measurement of the relation between ui and v j , for example, similarity. The above
factors are thus integrated into the optimization in Equation
(19), where xi j and t are variables. Note that, in this formulation, we assume larger values of si j indicate stronger relations. If smaller values of si j indicate stronger relations, the
equations need to be accordingly negated.
max∑xi j
i, j

s.t. 1≥∑xi j for all i
j

1≥∑xi j for all j

(19)

i

xi j =x ji for all i, j
(xi j −0.5)(si j −t)>0 for all i, j
xi j ∈{0,1} for all i, j ,and t∈R
Given the two dimensions of mappings and general quantitative mapping, we introduce the specific mappings:
Simple Quantitative: Shape Mapping. When the soft
Jaccard index is used as the strength of relation in Equation
(19), we obtain a mapping reflecting shape similarity. Since
the soft Jaccard index gives values between 0 and 1, we use
the minimum strength of the selected relations as the score of
the mapping.
Simple Quantitative: Location Mapping. When Euclidean distance between objects is used as the strength of
relation in Equation (19), we obtain a mapping based on the
locations of objects. The score of this mapping is calculated
as the normalized maximum strength of the selected relations.
Complex Quantitative Mappings. Let M1 :A→B and M2 :
C→D be two injective mappings. A delta shape mappings
is a complex quantitative mapping constructed from M1 and
M2 , representing the idea that the same shape change happens
from A to B and from C to D. Similarly, a delta location
mappings based on M1 and M2 represent the idea that the
same location change happens from A to B and from C to D.
These two complex quantitative mappings are thus between

A and C and between B and D, orthogonal to the directions of
M1 and M2 .
Complex Quantitative: Delta Shape Mapping. When
the difference between the soft Jaccard index of each M1
pair and the soft Jaccard index of each M2 pair is used as
the strength of relation in Equation (19), we obtain the delta
shape mapping. The score of this mapping is calculated from
the maximum strength of the selected relations.
Complex Quantitative: Delta Location Mapping. When
the difference between the distance of each M1 pair and the
distance of each M2 pair is used as the strength of relation
in Equation (19), we obtain the delta location mapping. The
score of this mapping is calculated from the normalized maximum strength of the selected relations.
Simple Qualitative: Inside/Outside Mapping. Relations
such as regional connection calculus were supposed to be
used here. But for rapid prototyping, we use only the inside/outside relation. An inside/outside mapping exists if the
relational structures of one set can strictly match the relational
structure of the other set, and thus has a binary score of 0 or
1.
Complex Qualitative: Edge-Labeled Isomorphism Between Bipartite Multigraphs. Let f1 , f2 ,···, fn be injective
mappings between sets A and B, and f1′ , f2′ ,···, fn′ be injective
mappings between sets C and D. These two groups of mappings form two edge-labeled bipartite multigraphs with labels
in {1,2,···,n}. We can derive two new mappings between A
and C and between B and D from any label-preserving isomorphism between these two multigraphs. The score of the
mapping is 1 if such isomorphism exists; otherwise 0.
There are cases when mappings are theoretically workable,
but cumbersome. For example, when a geometric object is
rotated or mirrored, we can certainly map every point of the
object to where they are moved to. But a more efficient solution is to consider the transformation of the whole object.
Therefore, we also include common affine transformations in
our toolbox, and, using the soft Jaccard index, we score the
validity of these transformations, as we did for mappings.

Experimental Studies
Besides the soft Jaccard index and the aforementioned mappings, we construct another conceptual layer in our modeling — interpretation — by assigning mappings or transformations to the two analogical directions, i.e., each interpretation is a combination of specific mappings or transformations.
To solve a geometric analogy problem, each interpretation is
scored for the geometric analogy obtained by inserting each
option into the incomplete analogy, by aggregating the scores
of its mappings or transformations. The interpretation and
option of the highest score are selected as the answer to the
problem. Following this outline, we implemented a computational model and ran it on a classical set of 20 geometric analogy problems (details found in (Lovett et al., 2009)), which
was published in the 1942 edition of the Psychological Test
for College Freshmen of the American Council on Education.
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Table 2: Experimental Results. The second and third columns are two analogical directions. The last column shows the
problems that were solved by that interpretation.
Interpretation

A:B::C:?

A:C::B:?

1
2
3
4
5
6
7
8

shape
shape
inside/outside
shape & location
shape = location
density change
duplicate
affine

inside/outside
delta location
delta shape
isomorphism
shape
shape change
N/A
N/A

Mapping/Transformation Consistency Check Solved Problems
Mapping
Mapping
Mapping
Mapping
Mapping
Transformation
Transformation
Transformation

yes
no
no
no
yes
no
no
no

3, 5, 7, 9, 11,17
1, 4
8
10, 20
15
13
16
2, 6, 12, 14, 18, 19

Figure 4: The typical problems solved by each interpretation.
The experimental results are summarized in Table 2. All
the 20 geometric analogy problems were solved by 8 different interpretations. Table 2 lists each interpretation’s mappings or transformations in the two analogical directions, and
the solved problems. The first five interpretations are mapping interpretations, among which Interpretation 1 and 5 require a successful consistency check because their mappings
in the two analogical directions are independently derived; in
contrast, in Interpretation 2, 3 and 4, the complex mappings
in one direction are built upon the simple mappings in the
other direction with the consistency assumed to be true. Although the consistency holds in both cases, the corresponding
analogies and how these analogies are processed are different.
Interpretation 6, 7 and 8 are transformation interpretations,
which apply to a large portion of the problems. This implies
that, in addition to consistent mappings, visual imagery and
mental transformation are another important facet of analogymaking.
It is worth pointing out that Problem 19 can be solved

by two affine transformations — rotation and reflection —
leading to different options. The rotation option won out
marginally in our experiment, but the reflection option is
more human-preferred.
To give a straightforward description of how the model
works, we select for each interpretation a problem to describe
the details. These problems and interpretations are visualized
in Figure 4.
Interpretation 1: Problem 5 shows an analogy of topological variation between the two rows. Horizontally, two
shape mappings A→B and C→D are constructed. Vertically,
two inside/outside mappings A→C and B→D are constructed.
These four mappings are consistent and characterize the repetition of the same topological change in the two rows.
Interpretation 2: Problem 1 shows an analogy of location change between the two rows. Horizontally, two shape
mappings A→B and C→D are constructed. Vertically, two
delta location mappings A→C and B→D are constructed on
the basis of the horizontal shape mappings. The repetition of
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the same location change in the two rows is characterized by
these four mappings.
Interpretation 3: Problem 8 shows an analogy of shape
change between the two rows. This illustration is parallel to
Interpretation 2’s except that it describes shape change instead of location change, using inside/outside mapping instead of shape mapping in the horizontal direction.
Interpretation 4: Problem 20 shows an analogy of location exchange between the two rows. Note that location
exchange is different from location change in that an object
can only move to a previously-occupied place, and thus the
movement is relative, whereas location change is the absolute
movement in the global coordinate system. Horizontally, two
types of mappings are constructed, where the dashed line indicates location mappings and the solid line indicates shape
mappings. Vertically, an edge-labeled isomorphism is constructed on the basis of the horizontal mappings, where different mapping types serve as edge labels. The repetition of
the same location exchange in the two rows is characterized
by these mappings.
Interpretation 5: Problem 15 shows an analogy of adding
or removing objects between the two rows. Horizontally,
like Interpretation 4, shape mappings and location mappings
are constructed but these two types of mappings are required
to agree with each other. Vertically, shape mapping is constructed. Therefore, the same change of adding or removing
objects in the two rows is described by these mappings. A
consistency check is needed.
Interpretation 6: Problem 13 shows an analogy of texture
change and shape change between the two rows. Horizontally, the texture change was supposed to be measured, but
due to the lack of a general computational representation for
texture, the density change of black pixel is used to approximate texture change. Vertically, shape change is represented
by the change in soft Jaccard Index. The changes are supposed to be equal in rows and columns.
Interpretation 7: Problem 16 shows an analogy of duplication between the two rows. Horizontally, objects are duplicated in the same way (same location arrangement) from A to
B and from C to D. The location arrangement is determined
by repeatedly calculating the asymmetric soft Jaccard index
at different relative locations. Vertically, a general quantitative mapping between the two sets of locations is computed
using Euclidean distance as the strength of relations.
Interpretation 8: Problem 2 shows an analogy of affine
transformation, a 45-degree rotation in this case, between the
two rows. The soft Jaccard index is used to determine which
affine transformation best matches the variation.

Related Work
Most previous models of solving geometric analogy problems
employ predefined symbolic representation of visual stimuli
and reply on certain kinds of matching mechanisms to find
the structural similarity between the base and target domains
(Evans, 1968; Carpenter, Just, & Shell, 1990; Lovett et al.,

2009). This line of research focuses on high-level cognitive
functions such as search strategy, selective attention and goal
management. Another important type of models (Kunda et
al., 2013; Yang, McGreggor, & Kunda, 2020) is based on visual imagery and mental transformation (Shepard & Metzler,
1971). These two types of models can be characterized by
the “analytic” and “Gestalt” algorithms by Hunt. Our work
in this paper resembles and differs from both of them in an
obvious way, by combining their characteristics.
Another dichotomy of models of solving analogy problems
involves the strategy from a perspective of problem-solving.
In particular, two general strategies — constructive matching and response elimination — are commonly observed in
human experiments (Snow, 1981; Bethell-Fox, Lohman, &
Snow, 1984). Thus, models have been proposed to implement both strategies and to explain why specific strategies
are used (Sternberg, 1977; Mulholland, Pellegrino, & Glaser,
1980) in certain circumstances. Our model falls into the class
of response elimination.
Besides the problem set used in this work, there are other
similar problem sets such the Raven’s Progressive Matrices
(Raven, Raven, & Court, 1998), in which the visual objects are more diverse (not just common nameable geometric
shape) and thus requires more consideration on the modeling
of perceptual processing. The research interest has also extended to the field of machine learning, especially computer
vision, where two large-scale datasets have been proposed
(Santoro, Hill, Barrett, Morcos, & Lillicrap, 2018; Zhang,
Gao, Jia, Zhu, & Zhu, 2019), which consist of homogeneous
computer-generated items of limited variation patterns. Because settings in psychometrics and machine learning are radically different, the implication of these works to the cognitive studies of analogy-making is still unclear.

Conclusion and Future Work
In this paper, we proposed a model of solving geometric
analogy problems in an end-to-end manner, from perceptual
input to conceptual output. For each problem, the model
selects an option and an interpretation, which is based on
the mappings or transformations in the two analogical directions. As a basic perceptual component of the model, we designed the soft Jaccard index that is robust to distortion and
noise. As a basic conceptual component, we designed a formal correspondence-find method that integrates multiple factors.
Given the initial feasibility of the proposed model in the
experimental studies, future research includes how the model
relates to analogy-making theories and human behaviors. Another theoretical desideratum is to compare the soft Jaccard
index to the Jaccard index and other similarity metrics, for example, according to our initial investigation, the soft Jaccard
index shows an approximate triangle inequality, whereas the
Jaccard index strictly follows the triangle inequality (Gilbert,
1972); the causes and implications of the difference would be
interesting both mathematically and cognitively.
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Abstract

Cognitive search as information foraging

In an agent-based simulation, we investigate the implications
of social interaction and cognitive diversity on creative
processes of divergent thinking. Agents performed a verbal
association task individually and jointly in pairs. We created
pairs of varying cognitive diversity by manipulating properties
of the vector spaces defining their semantic memory. We find
that cognitive diversity positively stimulates the flexibility of
agents’ collective cognitive search, giving rise to higher
fluency (more solutions) and originality (more ‘rare’
solutions). While cognitively similar agents tend to exploit
local semantic neighborhoods, diversity promotes more
explorative search, with longer distances traveled in semantic
space. This helps diverse pairs reach more distant areas of
semantic space and escape cognitive fixation. However, our
model also suggests that too high levels of diversity can have
detrimental effects, as overly exploratory behaviors make pairs
leave solution saturated areas prematurely and increase the risk
of reaching semantic “dead ends”.
Keywords: Agent-based modeling, social interaction,
cognitive diversity, divergent thinking, creativity

Introduction
Across a number of domains within design, innovation,
research and education, ideation processes unfold in
collaborative contexts where two or more individuals interact
to find novel and useful solutions to a problem. Divergent
thinking is considered a central component of creative
ideation, and many classical creativity tests attempt to
measure the ability of individuals to flexibly and fluently
produce as many and as different candidate solutions as
possible in response to a prompt (Baer, 2014; Runco, 2010).
The influence of social interaction on creative processes of
divergent thinking remains controversial: some studies report
benefits from interaction while some do not (Aggarwal &
Woolley, 2019; Brophy, 1998; Kohn & Smith, 2011; Mullen
et al., 1991). One problem in this regard is that most existing
studies only measure the performance of individuals and
groups “offline” in terms of the number and quality of
resulting solutions, while the underlying cognitive
mechanisms of unfolding divergent thinking processes are
often not accessible (Said-Metwaly et al., 2017).
The purpose of this study is to address the underlying
computational cognitive and social mechanisms of collective
divergent thinking, in order to unravel their dynamics and
how they relate to performance. In particular, we use agentbased simulation to investigate how the degree of cognitive
diversity between interaction partners affects collective
search processes.

A prevalent metaphor in the field of problem solving is the
idea of a solution space. When presented to a problem, the
problem-solver searches for a solution by navigating a mental
‘space of possible solutions’ analogous to moving through a
landscape (Newell & Simon, 1972). Some solutions may
appear more immediately accessible and intuitive, that is
“closer” in space, while others are located “further away” and
might be hard to find.
With analogy to animal foraging behavior, it has been
suggested that the mental search for ideas, memories, or
solutions unfolds as an ‘information foraging’ process
characterized by a succession of short and long ‘jumps’
through the solution space (Baronchelli & Radicchi, 2013;
Hart et al., 2017; Szary & Dale, 2014). In this context, the
short jumps correspond to a situation where a series of closely
related solutions, often belonging to the same domain,
category or kind, are visited, referred to as a phase of
exploitation. A long jump, on the other hand, refers to a
situation where a solution is found which is relatively distant
from the last solution visited and thus is less available by
association. Phases consisting of such long jumps are
commonly referred to as exploration phases, as they often
straddle domains, categories or kinds (Hills et al., 2015). In
statistical models of foraging behavior, an optimal search
pattern is one that presents a particular distribution between
short and long jumps: you want to exhaust a local
neighborhood before you move on, but you do not want to
risk ‘getting stuck’ as the local neighborhood get sparser.
Therefore, if a new and more solution-saturated
neighborhood becomes available, you might want to jump
there (Baronchelli & Radicchi, 2013).

Creativity and divergent thinking
Related to the concept of information foraging is the idea that
human creativity is characterized by a particularly flexible
style of cognitive search. A creative solution is often defined
as one that is novel and useful, and creative processes can be
portrayed as the search for particular novel and useful
solutions (Kaufman & Sternberg, 2010). Several classical
creativity tests (e.g., the Alternative Uses Test, AUT) thus
measure the extent to which the participant is capable of
divergent thinking, that is, providing as many different and
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original solutions in response to a prompt as possible within
a set time frame (Gilhooly et al., 2007).
Performance in divergent thinking is often measured along
three dimensions: fluency, flexibility and originality. Fluency
is the number of solutions provided in response to the prompt,
often within a set time frame. Flexibility is the diversity or
distance between solutions, that is, how large a portion of the
solution space is sampled. Lastly, originality is related to the
frequency of the individual solutions. Some obvious
solutions might be presented by most participants. An
original solution is thus one that only very few participants
will list (while still being an appropriate response to the task)
(Reiter-Palmon et al., 2019).

Social interaction and cognitive diversity
Creativity is often, more or less implicitly, portrayed as a
property of an individual person or a cognitive process
unfolding in an individual mind (Kaufman & Sternberg,
2010). And although creative practices in many contexts
unfold in groups of multiple individuals, it is not clear how
creative processes are influenced by social interaction
(Brophy, 1998).
Across a number of studies of collective problem solving,
groups seem to have an advantage compared to individuals
working alone (Bahrami et al., 2010; Wahn et al., 2020;
Woolley et al., 2015). However, there are also studies
suggesting that divergent thinking processes can be inhibited
by social interaction (Basden et al., 2000; Kohn & Smith,
2011; Mullen et al., 1991). As group members communicate
about their creative ideas, they can come to bias or even
disrupt the search process of the fellow group members,
affecting the fluency of the group.
It is also unclear how interaction affects flexibility and
originality. Recent studies suggest that social interaction can
stimulate processes of cognitive flexibility. Groups will often
consist of multiple individuals, each with their perspectives,
cognitive styles, and prior experiences. This might lead the
group to represent more different intuitions and therefore
perform broader cognitive search (Tylén et al., 2020; Wahn
et al., 2020). Second, the dialogical sharing of ideas might
work to cue individual group members to overcome cognitive
fixation, and visit solutions neither group members would
otherwise think of (Tylén et al., 2014).
A corollary of this reasoning is that groups will benefit
from differences between group members (Aggarwal &
Woolley, 2010, 2019; Hong & Page, 2004; Sulik et al., 2021).
If group members are highly aligned in their cognitive
strategies and/or intuitions, they will tend to be attracted to
similar parts of the solution space and will thus have a more
limited potential to positively complement each other. On the
other hand, if group members differ in their cognitive styles,
perspectives and strategies, they have a greater potential to
combine efforts and exert an influence on each other’s
cognitive processes (Fjaellingsdal et al., 2021).

Distributional semantics and creativity
Investigating the architecture of human representational
space and the particular ways we search this space in contexts
of problem solving or creative practices is extremely
challenging. Many contemporary theoretical models start
from the assumption that human memory has the structure of
an associative network comprising links of varying strength
between nodes of meaning (Anderson, 1983; Collins &
Loftus, 1975). When presented with a prompt (e.g., a word or
picture) a node in the network is activated, and depending on
the strength of associations to other nodes, the activation can
spread to related nodes (Kenett et al., 2017).
Connections and their relative strengths are formed
through experience (Flusberg & McClelland, 2014). If two
objects or concepts often occur together in experience, their
association strength is enhanced. Since individuals have
different experiences, their network of associations might
differ contingent on an individual’s embeddedness in
particular environmental, cultural, professional, and sociodemographic contexts (Hoffman, 2018). The association of
the word “rat” to other words/concepts might differ between
an individual who holds a rat as a dear pet and someone who
works in a kitchen and thus considers them a pest.
While it can be hard to map the individual associative
networks making up our semantic memories, word
embedding models from Natural Language Processing
(NLP) seem to produce reasonable approximations
(Hashimoto et al., 2016). Trained on large text corpora,
models learn representations of the meaning of words from
their co-occurrence patterns in natural language use. The
resulting embeddings represent individual words as vectors
of values in large multidimensional spaces (often 300+
dimensions) where semantic similarities between two words
are quantified as the cosine distance between two such
vectors in semantic space (Jatnika et al., 2019). As these
models make it possible to represent human semantic
memory in terms of a “searchable” space, they have recently
been introduced in creativity research as a means to quantify
aspects of cognitive and semantic search (Beaty & Johnson,
2021; Olson et al., 2021; Orwig et al., 2021).

The present study
This study combines word embedding models and agentbased modeling (ABM) to investigate cognitive search under
various conditions. ABM provides a privileged window into
the underlying causal mechanics of human cognition and
interaction. By explicitly modeling agents with theoretically
motivated cognitive inclinations, ABM makes it possible to
test hypotheses concerning their emergent behavior in social
contexts as a function of a range of manipulable parameters.
In this simulation, we investigate the effect of social
interaction and cognitive diversity on processes of divergent
thinking. We equip individual agents with each their own
“semantic memory”, that is, a 400-dimensional word2vec
model including word vectors for animal names in English.
Agents are presented with a simple association task: they
have to list as many animal names as possible before reaching
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cognitive fixation (i.e., a situation where they experience no
immediate association to another animal). For each
simulation, performance in the task is measured in terms of
fluency (the number of animals named in total), flexibility
(the average distance between consecutive pairs of animals in
a game), and originality (how “rarely” animals are named by
agents). The task is carried out in two conditions; i) an
individual condition, where agents perform the task alone;
and ii) a collaborative condition, where agents are paired twoand-two and perform the task together by taking turns. To
investigate the effect of diversity on collective search,
cognitive diversity of agents is manipulated by adding
controlled levels of noise to agents’ semantic memories.
Based on the literature reviewed in previous sections, we
hypothesize that pairs of agents will outperform the better
individual pair member, but only to the extent that they differ
in their cognitive organization. In other words, we predict that
diversity will have a positive impact on divergent thinking,
with higher-level diversity groups outperforming lower-level
diversity groups and individuals with respect to fluency,
flexibility and originality of solutions.

Methods and Materials
Word embeddings
Artificial agents were each equipped with a semantic memory
constrained to a single domain, in this case that of animals.
The semantic memory was constructed by taking a list of 240
animals (sampled from https://a-z-animals.com/), training a
skip-gram word2vec model (Mikolov et al., 2013) on a full
dump of the English Wikipedia using the Python package
Gensim (Rehurek & Sojka, 2011), and extracting the
resulting 400-dimensional word embeddings for each animal.
Notice that, while helping interpretability, the choice of
animals as target domain is entirely agnostic to the
mechanism of the agent-based simulation itself. Other
domains or even artificially generated data could have been
used instead.
Cognitive diversity To simulate human cognitive diversity,
we generated a number of agent populations with varying
levels of internal semantic diversity.
First, we extracted 20 equally spaced values (henceforth
distance thresholds) in the range of pairwise distances
between animals in the original semantic space. Each of these
values vi was used to generate a corresponding agent
population, Pi as follows. First, we extracted the list L
containing all pairs of animals in the semantic space whose
distance is lower than the distance threshold for that
population, vi. To instantiate an agent Ak in the population Pi,
we performed the following steps:
1. we randomly shuffled L, generating a new list Lk that
differs from the original only in the order of pairs;
2. we went through the list, from the first to the last pair.
For each pair of animals we encounter, we swap the
position of those animals in the word2vec space;

3.

the resulting word2vec matrix is used as the semantic
memory of the new agent.
We repeat this process 100 times for each distance
threshold, resulting in 20 populations with 100 agents each.
To perform the simulation in the interactive condition, we
randomly sample 100 pairs of agents from each population.
The extent to which the semantic memory of an agent in a
given population Pi will differ, on average, from those of
other agents in the same population increases as a function of
vi. For lower distance thresholds, swapping pairs in word2vec
space only induces “local” diversity, as only close-by animals
are swapped. For higher distance thresholds, not only will
more animal pairs be swapped, but swapping of animals
which are further away in space will be allowed, which
induces diversity not only in local neighborhoods, but also in
the global semantic structure of the space. We refer to these
increasing levels of within-population diversity as diversity
levels.
The advantage of inducing diversity by swapping animals
in space, compared to the perhaps more cognitively plausible
strategy of adding increasing amounts of random noise to the
word2vec matrix, is that this allows us systematically
manipulate semantic diversity while entirely preserving the
topology of the original space. As a consequence, agents will
have the exact same levels of performance in the individual
condition, making any observed differences in performance
metrics in the interactive condition uniquely dependent on
the effect of interaction and diversity.
As the distribution of pairwise Euclidean distances
between agents for each diversity level changes minimally
from distance level 12 onwards, we only report results for
diversity levels 1-12.

Simulation mechanics
In the simulation, each agent performs a word association
task in two conditions, alone (the individual condition) or by
taking turns with another agent (the interactive condition). In
both conditions, each simulation is initiated by seeding one
out of the 240 animals in the agents’ semantic memory.
In the individual condition, the agent responds to the initial
seed (say, “dog”) by naming the animal which is closest to
the seed in semantic space (say, “cat”). The animal named in
response to the seed (“cat”) now becomes cue for the
following turn, to which the agent follows up, again, by
naming the animal closest to the cue in its semantic space
(say, “mouse”). All response animals (plus the initial seed)
are dropped from the agent’s semantic memory as they are
named, so that each animal can only be named once within
one association chain. This procedure goes on iteratively,
until at least one of the following criteria is met: a) the agent
has named all animals; b) no animal has a distance from the
cue which is lower than a set threshold – an analogy to
cognitive fixation, where no plausible semantic association
comes to mind.
Based on pilot simulations, we selected a threshold which
yields individual performance values centered around
approximately half the number of animals in the semantic
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space, thus avoiding floor or ceiling effects and leaving room
for observing manipulation-induced variation.
In the interactive condition, the mechanics of the game are
the same with the only exception that agents take turns
naming animals. That is, in each pair, agents are randomly
assigned the roles of Agent 1 and Agent 2. At the beginning
of each association chain, Agent 1 is prompted with an initial
seed word (say, “dog”), to which it responds with the animal
that is closest to the seed in its own semantic space (say,
“cat”). Agent 2 is then passed “cat” as a cue, to which it
follows up by naming the animal that is closest to that in its
own semantic space (say, “tiger”), and so on iteratively, until
a stopping criterion is met. Animals are dropped from both
agents’ semantic memories as they are named.
In both conditions, for each agent/pair, the association
game is simulated 240 times, each time prompting the
agent/pair with a different initial seed among the animals
defined in their semantic memory.
Performance for each agent/pair in each trial is measured
along three metrics: 1) fluency, defined by the number of
animals named in a trial; 2) flexibility, defined as the mean
distance between each pair of consecutively named animals.
In the interactive condition, for each response given by Agent
1, distances are calculated relative to the semantic spaces of
Agent 1, and vice versa. Lastly, for each animal named in a
given trial, we compute its originality as the proportion of
trials (out of all simulations from the individual condition) in
which the animal is not named. The 3) originality of a given
trial is the average originality of all animals named in the
trial.
To assess the effect of social interaction and diversity, we
compute the collective ‘benefit’ relative to the performance
of individual pair members. For fluency and flexibility, this
is operationalized as the percentage increase in fluency and
flexibility from the individual condition. For originality, this
is computed as the percentage increase in originality
compared to the most original pair member.

Results
Fluency
We found moderate positive effects of social interaction on
fluency modulated by the level of diversity. The fluency of
pairs compared to fluency in the individual condition seems
to gradually increase with increasing diversity until diversity
level 7, after which it drops drastically (see Figure 1A). Note
that this is possibly due to the fact that for the highest
diversity levels, a pair member has higher probability of
listing animals for which the partner has no above threshold
association to other animals which leads the trial to end.

Flexibility
The average distance traveled in semantic space is also
affected by cognitive diversity. We observe more exploratory
behavior up until diversity level 7, after which flexibility
decreases again (see Figure 1B and Table 1). Increased
diversity thus gives rise to more exploratory search

Figure 1: Effect of cognitive diversity on collective
divergent thinking. A: Fluency (number of animals listed).
Benefit is percentage increase in fluency relative to the more
fluent pair member. B: Flexibility (mean semantic distance
traveled in speaker’s semantic space). Benefit is percentage
increase in flexibility relative to the more flexible pair
member. C: Originality (inverse frequency of solutions).
Benefit is percentage increase in originality relative to the
most original pair member.
behaviors, which possibly allows pairs to also reach less
dense or more peripheral regions of the semantic space (see
Figure 2). This may yield performance advantages by
avoiding getting stuck in overexploitation of a local minima,
but it can also have negative effects when agents leave an area
prematurely before having exploited the local neighborhood.
In addition, entering peripheral regions of the semantic space
comes with the risk of getting stuck with no above threshold
association to the next entry, which might explain why
flexibility is decoupled from fluency at the highest levels of
diversity.

Originality
Last, but not least, the originality of is also mediated by social
interaction and diversity, with more original solutions being
moderately correlated with diversity levels (see Figure 1C).
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Notice, however, that originality also increase as a function
of diversity in the individual condition. The collective benefit
is again most notable at intermediate levels of diversity (3-6),
after which patterns becomes more heterogeneous.
Table 1: Examples of the first 20 entries from sample
association chains produced by individual agents and pairs
from the seed “goat”, at diversity level 2 and 7, respectively.
Diversity level 2
Agent 1

goat, sheep, cow, chicken, reindeer, grizzly
bear, polar bear, black bear, tapir, caiman, sea
snake, coral snake, sawfish, squid, cuttlefish,
octopus, shark, whale, fin whale, sperm whale,
dolphin, …

Agent 2

goat, chicken, pig, sheep, cow, reindeer, grizzly
bear, polar bear, black bear, tapir, caiman, sea
snake, coral snake, sawfish, squid, cuttlefish,
octopus, shark, blue whale, fin whale, dolphin,
…

Figure 2: Search trajectories in sample trials from a pair
(right panels) and its best individual (left panels) sampled
from diversity level 2 and 7. The semantic spaces are a twodimensional reduction of the semantic memories of the
individual (computed using UMAP).

Pair

goat, sheep, pig, duck, goose, pheasant, deer,
elk, antelope, bison, black bear, polar bear,
grizzly bear, blue whale, fin whale, sperm
whale, killer whale, dolphin, whale, shark,
cuttlefish, …

We find that pairs outperform the better performing
member in terms of fluency (i.e., proving as many candidate
solutions to the prompt as possible), but only at a particular
range of diversity. The fluency effects seem to be - at least
partly - explained by the flexibility by which agent pairs
explore their semantic spaces. At each trial, agents’ name the
animal closest to the previous animal in their semantic space.
When agents are similar in their cognitive organization, their
search paths through semantic space will show a high degree
of overlap, which prevents them from gaining higher
performance than the better pair member. In particular, if an
agent only has weak associative connections to a particular
area of semantic space, the cognitively similar partner is
likely also not to bring the pair to this area.
With increasing levels of diversity, pair members’ search
strategies come to complement each other. Animals that are
barely related in the semantic memory of one pair member,
are potentially closely connected in the mind of the other pair
member, which allows the pair to escape fixation and
together explore more distributed corners of the solution
space. This finds expression in the increased flexibility of the
pair, here measured as the distance traveled in semantic
space. However, importantly, we also observe that the effect
of diversity changes with higher levels of diversity. When
pair members’ semantic spaces are too different (diversity
level > 7), the effects on fluency reverses and performance
breaks down. This seems to happen when the semantic
inclinations of one pair member tend to bring the pair to
places for which the partner has no above-threshold
associations.
The relative originality of solutions also seems to be
moderately affected by cognitive diversity, with diverse pairs
listing on average more original solutions relative to the more
original pair member. However, with high levels of diversity,
the originality effects attenuate and become very varied,

Diversity level 7
Agent 1

goat, lobster, ladybug, weasel, mongoose,
pelican, rattlesnake, red admiral, lynx,
mammoth, nuthatch, prairie dog, termite,
silkworm, louse, halibut, dolphin, platypus,
jaguar, tiger, bear, …

Agent 2

goat, killer whale, harvestman, rooster, spider,
anteater, clown fish, cockroach, alligator,
lizard, sperm whale, moose, pheasant,
swallowtail, tiger, centipede, crocodile,
albatross, saurian, baboon, …

Pair

goat, lobster, chameleon, blackbird, bear,
pekingese, dragonfly, fly, cuckoo, sawfish,
dingo, gazelle, camel, antelope, stingray,
moose, pheasant, dolphin, killer whale,
chicken, crab, …

Discussion
In an agent-based simulation, we contrasted divergent
thinking dynamics in individual agents and pairs of
interacting agents using a semantic association task. Besides,
we manipulated the relative cognitive diversity of pair
members to investigate the impact of diversity on unfolding
divergent thinking processes.
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possibly due to the fact that many of these trials tend to be
rather short.
The current observations provide a privileged window into
the complex cognitive dynamics and mechanisms of
collaborative creative processes. Importantly, social
interaction is not a one-size-fits-all. Rather, the impact of
social interaction on the unfolding of collective search is
modulated by the relative cognitive diversity of the agents. In
particular, diversity seems to affect the flexibility by which
agents navigate their solution spaces.
Cognitively similar agents seem to have less potential to
affect each other’s search patterns, which leads to collective
behaviors characterized by more exploitation of local
semantic neighborhoods. Their collective performance
(fluency) will thus often coincide with - or even be lower than
- the better performing pair member, as they experience
cognitive fixation at similar areas of the semantic space. In
addition, the fact that they are attracted to the same region of
semantic space seems to affect the relative originality of their
solutions, again with the pair not providing more original
solutions than the better performing pair member.
In contrast, with increasing diversity, agents impact each
other’s search patterns giving rise to emergent patterns of
more explorative search (longer jumps in semantic space).
This seems to bring the pair to also visit more “distant”
regions of semantic space (without experiencing fixation),
which, in turn, gives rise to more fluent and original
responses.
Importantly, we observe the effect of diversity on creativity
is not linear. With the highest levels of diversity, performance
breaks down. While a balanced mix of exploration and
exploitation seems productive, a too exploratory behavior has
the detrimental effect that the pair will often leave a fruitful
part of the space (densely inhabited by animals) prematurely
and jump to a different part of space. In addition, high
diversity seems often to bring a pair member to a corner of
the semantic space for which associations are weak, which
leads to fixation and ends the trial.
While quadratic effects of diversity following a similar
dynamics are previously reported in the literature (e.g.
Aggarwal et al., 2015), it is an open question whether the
higher levels of diversity operationalized in this simulation
give rise to plausible behavior. High levels of diversity are
effectively equivalent to scenarios where agents’ semantic
memories are entirely unrelated and retain little similarity
with the original semantic model. When consulting examples
of animal associations produced by the pair from diversity
level 7 (see Table 1), they are already quite idiosyncratic,
moving from “goat”  “lobster”  “chameleon” 
“blackbird”. We cannot exclude the possibility that the
quadratic patterns giving rise to detrimental effects at the
highest levels of diversity (level 8-12) could be an artifact of
implausibly extreme parameters settings. If so, diversity
might be positively linearly related to performance in
contexts of divergent thinking. Future experimental studies
with human participants could inform a more motivated
choice of parameter values for diversity.

In the present implementation of the ABM, agents’
associations are based on semantic relations. However, the
increasing idiosyncratic associations resulting from shuffling
words in the agents’ memories are intended to represent
individual variability formed through episodic experience
(Denervaud et al., 2021). But human agents are likely to
deploy more complex heuristics. For instance, similarities in
the sound of a word (e.g., “horse”  “sea horse”) or the
visual similarity between two otherwise unconnected animals
(e.g., “mosquito”  “narwhal”) can motivate a connection
despite their weak semantic or episodic association. Future
implementations of the ABM should incorporate this
complexity to a wider extent.
In the association game performed by agents in this study,
interactions are constrained to a strict turn-taking scheme,
which can lead to a trial ending when the turn-holding agent
does not have a sufficiently strong association to a new
animal. A future implementation could relax this constraint
and allow the partner to chip in when the turn-holder
experiences fixation. This is likely to create greater benefits
for pairs with high cognitive diversity (as they often differ in
terms of which areas of semantic space are well connected),
and might be a better model of real-life collaborative creative
contexts where interaction is not subject to strict turn-taking
constraints (Holler et al., 2016). Stopping rules could also be
relaxed in other ways, for example by allowing agents to
access distance values for animals named before the last turn.
Future studies should test the generalizability of our
conclusions across different sets of assumptions, search
strategies and heuristics.
We have opted for a conservative measure of collective
benefit, where benefit is computed relative to the best
individual, but there are other relevant comparisons to make.
Previous experimental research on divergent thinking has
shown that social interaction can have an inhibiting effect
when compared to the offline concatenation of individual
contributions (Kohn & Smith, 2011; Mullen et al., 1991;
Szary & Dale, 2014). Even if pairs generally perform better
than the best individual pair member, they might still
constrain each other in ways that prevent them from realizing
their full potential, as they will also at times disrupt each
other’s association chains. The current ABM makes it
possible also to test relative collaborative inhibition effects
and how they are attenuated by cognitive diversity.
With this study, we investigated the dynamics of collective
creative processes, and in particular how aspects of social
interaction modulate divergent thinking. We observe that
social interaction might not always benefit divergent
thinking. If collaborative agents are too similar in their
cognitive makeup, they contribute redundant behaviors and
thus do not benefit from collaborating. Similarly, if they are
too different, their associative inclinations cause too disparate
and jumpy search patterns with detrimental effects. However,
with moderate levels of cognitive diversity, increased
cognitive flexibility emerges which helps agents escape
cognitive fixation and leads to advantages in fluency and
originality of joint solutions.
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Abstract

Experiments 2 and 3 use a sequential causal learning
paradigm in which participants see a series of cases and
repeatedly evaluate the power of the apparent causes. This
design enables us to study the causal learning trajectory. In
contrast with most prior sequential causal learning studies
(e.g., Danks & Schwartz, 2006; Marsh & Ahn, 2009), we
focus on a domain—physics—where deterministic causal
relations are often expected (Yeung & Griffiths, 2015; Yin &
Sun, 2021), though not necessary. This focus enables us to
manipulate determinism expectations and use a violation-ofexpectation paradigm, thereby expanding our understanding
of the role of determinism in sequential causal learning.

Causal learning is shaped by people’s prior beliefs, including
their expectations. In this paper, we specifically examine
expectations of determinism: do they vary with perceptual
features of physical causal events, and how do they influence
subsequent causal learning from data? We show that
perceptual features lead adults to different expectations of
determinism for different causes of launching (Exps. 1A &
1B). Those expectations lead to significant differences in
responses to causal “failures”; that is, we show a difference in
violation-of-expectation effect after a failed launch (Exp. 2).
Actual data can reduce or eliminate the impact of these
expectations, but they do not override the effect of perceptual
features (Exp. 3). Overall, spatiotemporal contiguity cues and
expectation of determinism have similar effects on causal
learning outcomes, but neither is fully reducible to the other.

Experiments 1A & 1B

Keywords: causal learning; determinism; sequential learning
paradigm; violation of expectation

Determinism and Causal Learning
Causal learning—the ability to identify and represent causal
relations given data—is crucial to human cognition. Many
theories of causal learning focus on nondeterministic settings
and largely predict learning to be gradual (e.g., Bonawitz et
al., 2014; Bramley et al., 2017; Cheng, 1997; Fernbach &
Sloman, 2009). Yet causal learning need not be incremental:
if people expect a causal relation to be deterministic, then
they can learn from just one case (Michotte, 1963; Scholl &
Nakayama, 2002). Determinism—the general idea that an
effect is entirely and reliably determined by one or a few
causes—is a potent cue for causal learning (Deverett &
Kemp, 2012; Lu et al., 2008). As such, people often form
expectations about how deterministic a causal relation is
(Frosch & Johnson-Laird, 2011; Yin & Sun, 2021). Notably,
four-year-olds resist the idea that causes can be inherently
stochastic (Schulz & Sommerville, 2006).
In this paper, we examine three different questions about
interactions in causal learning between expectations of
determinism, perceptual features, and sequences of data:
1. Exps. 1A & 1B: Do expectations of determinism vary
based on perceptual features (within a single domain)?
2. Exp. 2: Do differences in expectation of determinism
lead to different causal learning from nondeterministic
sequences of data?
3. Exp. 3: How do manipulations of expectations of
determinism affect later sequential causal learning?

Many studies on determinism in causal learning has varied
expectations by using situations from different domains,
thereby confounding (expectations of) determinism and
domain effects (e.g., Strickland et al., 2017; Yeung &
Griffiths, 2015). Our first experiment examines the role of
perceptual features on people’s expectations of determinism
in the single domain of physical causation.

Method
Participants Two independent samples of 63 adults each
were recruited for Experiments 1A and 1B on Amazon
Mechanical Turk (MTurk). All participants had a HIT
approval rating of >90% and were paid $2.50.
Materials & Design All participants watched six animated
launching events (hosted on Youtube) in random order, each
lasting 4-5 s with 0.67 s blue screens at the start and end. (All
videos can be found at https://osf.io/uqv5a/.) All events
showed a ball starting to move, but in different ways:
 launch: A red ball is stationary in center. A blue ball
enters from left and contacts the red ball. The red ball
then moves rightward and the blue ball remains in center.
 rebound: Identical to launch except that the blue ball
rolls back (left) slowly for 1.3 s as if it rebounded.
 delay: Identical to launch except that the red ball does
not move until 1 s after the blue ball contacts it.
 gap: Identical to launch except the blue ball stops before
contact with the red ball, which then begins moving.
 gradual: A yellow ball is stationary in center. Its color
changes to green over 1.4 s, and then moves rightward.
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blink: A peach-colored ball is stationary in center. Its
color flickers rapidly six times (in 1.4 s) between peach
and purple, and then stays purple and moves rightward.
Delay and gap were chosen because they disrupted temporal
and spatial contiguity, respectively, between the cause and
the effect. Gradual and blink removed the external agent yet
preserved the spatial and temporal contiguity between the
candidate cause and effect (Schlottmann & Shanks, 1992).
Experiments 1A and 1B differed based on the question
asked after each event about the obvious candidate cause:
 Exp. 1A: Rate the degree to which [candidate cause]
seemed like a convincing cause of the ball’s motion (0 =
not at all, 100 = absolutely, in increments of 10)
 Exp. 1B: Estimate the number of cases in which the
stationary ball would move, given 100 cases in which the
cause was present (0 to 100 scale in increments of 1)
Procedure Participants joined on MTurk and were directed
to Qualtrics. After consent, they completed a check of the
YouTube console and watched the six events, answering the
two questions after each event. Participants completed an
instructional manipulation check and read a debriefing form.

Results
Although different rating/estimation questions were used in
the two versions of Experiment 1, they provide the same
qualitative pattern of results (Figure 1). Linear regressions
were run for each question-type with the type of cause as
predictor (and launch as the reference category).
In Experiment 1A, there was no significant difference
between causal perception ratings of launch and rebound
(Brebound = 2.54, p = 0.64, 95% CI = [-2.16, 7.43]). In contrast,
participants gave significantly lower causal perception
ratings to the apparent cause in the other four events: delay
(Bdelay = -36.5, p < .001, 95% CI = [-45.1, -27.3]); gap (Bgap =
-35.1, p < .001, 95% CI = [-44.3, -25.7]); gradual (Bgradual = 32.2, p < .001, 95% CI = [-41.7, -22.8]) and blink (Bblink = 37.5, p < .001, 95% CI = [-46.6, -28.6]).
Experiment 1B had the same result pattern: no significant
difference between proportion ratings of launch and rebound
(Brebound = 0.635, p = 0.54, 95% CI = [-4.08, 5.27]), but
significantly lower proportion ratings for delay (Bdelay = -19.7,
p < 0.001, 95% CI = [-26.5, -12.6]); gap (Bgap = -29.0, p <
0.001, 95% CI = [-37.9, -20.3]); gradual (Bgradual = -31.9, p <
0.001, 95% CI = [-40.7, -23.0]); and blink (Bblink = -35.7, p <
0.001, 95% CI = [-44.7, -26.9]).

Discussion
Results, whether ratings of perceptual realism or a more
traditional causal strength measure, echo prior research. A
rebound effect did not significantly alter participants’
judgments, but a delay or gap between the agent and its
recipient lowered causal judgments (Michotte, 1963). Most
importantly, a color change, whether gradual or sudden, was
deemed a weak cause of motion of a stationary ball even
when it was the only apparent cause in the event.

Experiment 2
In Experiments 1A and 1B, participants judged launch to be
a highly effective, almost-deterministic cause, while blink
appeared to be a less powerful and less deterministic cause
(though not ineffectual). We thus focused on those two types
of events in Experiments 2 and 3. In Experiment 2, we tested
if participants’ expectations about causal determinism affect
causal learning over multiple trials, particularly depending on
whether those expectations were supported or violated.

Method
Participants A sample of 98 adults was recruited on MTurk,
all with a HIT approval rating >95%, and physical location in
the U.S. Participants received $2.50 for their time. Fifteen
participants were excluded for failing an attention check, and
two for misinterpreting rating scales, resulting in N=81.

Figure 1: Ratings of different launch events. Error bars:
95% CI.

Materials & Design Participants watched two series, each
with twelve animated (4 s) events of the same type. One
series had launch events and the other had blink events.
If the series was deterministic, then the cause was always
followed by the stationary ball moving. If the series was
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probabilistic, then the cause only led to the motion of the
stationary ball on 75% (9/12) of the cases. In all probabilistic
series, participants observed four instances of successful
causation, followed by a “failure” case on trial 5. (The other
failures were at trial 7, then either 8 or 11.) All participants
saw one deterministic and one probabilistic series.
Presentation order was counterbalanced across participants.
For each series, participants answered two questions after
events 1, 3, 5, 7, 9, 11, and 12. Participants rated the extent to
which the apparent cause (contact with the moving ball or
color change) made the stationary ball move (-100 = [cause]
prevents movement, 0 = No relationship between [cause] and
movement, 100 = [cause] causes movement in increments of
10). They also estimated the number of cases in which they
would expect the stationary ball to move, given 100 cases in
which [cause] was present (0 to 100 scale in increments of 1).
For both questions, participants were explicitly instructed to
consider all of the events that they had seen in that series.

Figure 2: Mean causal ratings for deterministic (top) and
probabilistic (bottom) sequences. Error ribbon: 95% CI.

Results
Linear mixed-effect regressions (LMEs) were used to
compare both kinds of judgments between trials 1, 5 (first

failure case in the probabilistic series), and 12 (final case).
These comparisons provide a description of the pattern of
data rather than a complete statistical model. In all models,
trial number, cause-type, trial-cause interaction, and order
were fixed factors, and participant ID was the random factor.
Trial 1 and blink were the reference categories. Analyses of
both types of judgments revealed similar patterns.
Causal Ratings Causal ratings for the deterministic series
(Figure 2) were as expected. launch was higher than blink at
trial 1 (Bblink = -82.6, SE = 10.4, t(154) = -7.98, p < .001, 95%
CI = [-102, -62.7], R2partial = .374). Ratings increased across
trials, both at trial 5 (B5, blink = 33.9, SE = 10.4, t(154) = 3.27,
p = .0014, 95% CI = [13.9, 53.8], R2partial = .118) and trial 12
(B12, blink = 56.5, SE = 10.4, t(154) = 5.44, p < .001, 95% CI =
[36.5, 76.4], R2partial = .219). This increase is largely driven
by blink, though launch ratings are likely at ceiling.
Causal ratings for the probabilistic series revealed three
main effects of trial numbers and type of cause. Relative to
ratings at trial 1, participants’ causal ratings for launch
dropped significantly at trial 5 (B5 = -58.0, SE = 10.7, t(154)
= -5.41, p < .001, 95% CI = [-78.6, -37.4], R2partial = .217) and
marginally at trial 12 (B12 = -19.0, SE = 10.7, t(154) = -1.77,
p = .0783, 95% CI = [-39.6, 1.60], R2partial = .017). That is,
participants’ causal ratings for launch never recovered to
their initial level. Participants also gave lower causal ratings
for blink than launch at trial 1 (Bblink = -62.0, SE = 12.7, t(198)
= -4.87, p < .001, 95% CI = [-86.4, -37.6], R2partial = 0.159).
Notably, the drop in causal rating from trial 1 to trial 5 in
the probabilistic series was smaller for blink than launch
(B5,blink = 40.5, SE = 15.2, t(154) = 2.67, p = .00835, 95% CI
= [11.4, 69.6], R2partial = .059). This finding is consistent with
a violation-of-expectation effect: participants expected
determinism for launch (but not blink), and the first failure
case violated that expectation. A similar, though smaller,
interaction effect was found between trial 12 and type of
cause: The drop in causal rating from trial 1 to 12 was larger
for launch than blink (B12,blink = 26.5, SE = 15.2, t(154) = 1.75,
p = .0824, 95% CI = [-2.64, 55.6], R2partial = .031). That is, the
nondeterminism impacted launch judgments more than blink,
even when the statistics of the event series were identical.
Proportion Ratings Due to limited space, we omit the
graphs of proportion ratings as they are qualitatively the same
as Figure 2; for completeness, the graphs are provided at
https://osf.io/f3bjq/. In the deterministic series, proportion
ratings were higher for launch than blink at trial 1 (Bblink = 44.7, SE = 7.00, t(158) = -6.38, p < .001, 95% CI = [-58.1, 31.2], R2partial = .285). Proportion ratings overall increased
significantly from trial 1 to trial 12 (B12 = 10.4, SE = 4.99,
t(154) = 2.082, p = .0390, 95% CI = [0.798, 20.0], R2partial =
.284), primarily due to blink (Bblink,12 = 22.2, SE = 7.14, t(154)
= 3.106, p = .00226, 95% CI = [8.45, 35.9], R2partial = .107)
The probabilistic series showed three main effects.
Proportion ratings dropped from trial 1 to trial 5 (B5 = -20.9,
SE = 5.85, t(154) = -3.57, p = .000473, 95% CI = [-32.1, 9.65], R2partial = .122) and to trial 12 (B12 = -14.4, SE = 5.85,
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t(154) = -2.45, p = .0153, 95% CI = [-25.6, -3.10], R2partial =
.024). Participants overall gave lower proportion ratings for
blink (Bblink = -34.7, SE = 8.00, t(160) = -4.33, p < .001, 95%
CI = [-50.0, -19.3], R2partial = .144). Notably, the magnitude of
drop in proportion ratings from trial 1 to trial 12 was
modulated by the type of cause, as the difference was smaller
for blink than launch (B12,blink = 17.1, SE = 8.28, t(154) =
2.067, p = .0405, 95% CI = [1.19, 33.0], R2partial = .083).

Discussion
Experiment 2 showed that expectations of determinism
influence causal learning trajectories, as those differed for
series with the same statistics but different expectations. If a
cause was expected to be deterministic, then causal and
proportion ratings were near ceiling so long as there were no
violations. A failure case, however, produced a sharp decline
of both causal and proportion ratings. In contrast, if the cause
was expected to be probabilistic, then causal and proportion
ratings started relatively lower, increased gradually with each
success, and decreased gradually with each failure.

Results
The basic data analysis mirrored Experiment 2 but included
consistency (between expectation and sequence-type) in the
LME models. However, the data analysis was complicated by
the fact that participants who passed the manipulation recall
check (N = 108, 93 for deterministic, probabilistic series)
responded differently in several ways from those who failed
the check and had to be reminded (N = 54, 72). We thus report
separate analyses based on manipulation recall, and later
summarize key differences between those two groups.

Experiment 3
Experiment 2 could not determine if perceptual features and
determinism expectations separately affect causal learning,
or whether features produce expectations which influence
learning. Experiment 3 used an “alien object” cover story to
exogenously manipulate expectations of determinism, since
participants would not necessarily assume that alien objects
behave like those on Earth. By independently manipulating
perceptual features and expectations of determinism, we
tested if the effect of the former was solely through the latter.

Method
Participants We recruited 440 participants on MTurk with a
HIT approval rating >95% and physical location in the U.S.
Participants received $2.00. Data from 113 participants were
removed for failing an attention check, resulting in N=327.
Materials & Design Before seeing any cases, participants
read a brief story about alien objects being brought to Earth
for study. No one has figured out what these objects are,
though there are some preliminary reports. The objects do not
normally move, but in response to certain internal or external
changes, they behave either in “regular and consistent ways”
(deterministic expectation condition), or in “surprising and
inconsistent ways” (probabilistic expectation condition). A
manipulation recall check was used to ensure that participants
remembered the expectation; those who failed the check were
reminded of it before seeing the sequence of cases.
We chose a between-participants design to reduce fatigue
and interference. Each participant saw only one series of 12
events from one of 8 conditions: Expectation {deterministic,
probabilistic} × Sequence {deterministic, probabilistic} ×
Cause {launch, blink}. In the probabilistic sequence, failure
cases were trials 5, 7, and 11. The causal and proportion
rating questions and scales from Experiment 2 were used.

Figure 3: Mean causal ratings for deterministic sequence
for participants who passed (top) and failed (bottom) the
manipulation recall check. Error ribbon: 95% CI.
Causal Ratings For the deterministic series, participants who
passed the manipulation recall check (Figure 3 top) gave
lower causal ratings for blink than launch, including at trial 1
(Bblink = -21.8, SE = 10.7, t(185) = -2.034, p = .0433., 95% CI
= [-42.5, -1.09], R2partial = .074). Blink causal ratings increased
from trial 1 to trial 5, and this increase was greater with
inconsistent instruction indicating that the alien objects
behaved unreliably (Bblink,5,inconsistent = 28.2, SE = 14.2, t(208)
= 1.99, p = .0479, 95% CI = [0.820, 55.5], R2partial = .019).
For that series, participants who failed the recall check
(Figure 3 bottom) only gave significantly lower causal ratings
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for blink than launch at trial 1 (Bblink = -41.7, SE = 14.2, t(89)
= -2.94, p = .0042, 95% CI = [-68.7, -14.7], R2partial = .113).
For the probabilistic series, participants who passed the
manipulation recall (Figure 4 top) gave launch causal ratings
that dropped significantly from trial 1 to trial 5, the first
failure (B5 = -39.0, SE = 14.4, t(178) = -2.70, p = .0076, 95%
CI = [-66.8, -11.2], R2partial = .117). Causal ratings were lower
for blink than launch at trial 1, though this main effect was
only marginally significant (Bblink = -28.0, SE = 14.5, t(237)
= -1.94, p = .054, 95% CI = [-55.8, -.191], R2partial = .049).

Figure 4: Mean causal ratings for probabilistic sequence
for participants who passed (top) and failed (bottom) the
manipulation recall check. Error ribbon: 95% CI.
For the probabilistic series, participants who failed the
manipulation recall (Figure 4 bottom) also had a significant
drop in causal ratings from trial 1 to trial 5 (B5 = -44.0, SE =
8.44, t(136) = -5.21, p < .001, 95% CI = [-60.2, -27.8], R2partial
= .156), as well as lower blink than launch causal ratings at
trial 1 (Bblink = -39.2, SE = 11.1, t(177) = -3.53, p < .001, 95%
CI = [-60.4, -17.9], R2partial = .146). There were also multiple
interaction effects. The causal rating decrease was smaller for
blink than launch from trial 1 to trial 5 (Bblink,5 = 45.0, SE =
13.3, t(136) = 3.37, p < .001, 95% CI = [19.4, 70.6], R2partial
= .157), and also from trial 1 to trial 12 (Bblink,12 = 25.8, SE =
13.3, t(136) = 1.94, p = .055, 95% CI = [-53.0, 11.7], R2partial

= .069). The violation-of-expectation effect at trial 5 was
marginally greater when the instruction was inconsistent with
the data (B5,inconsistent = -32.0, SE = 16.9, t(177) = -1.54, p =
.060, 95% CI = [-64.4, 0.367], R2partial = .015).
Proportion Ratings Due to limited space, we omit the
graphs of proportion ratings as they are qualitatively the same
as Figures 3 and 4; for completeness, the graphs are provided
at https://osf.io/f3bjq/. In the deterministic series, participants
who passed the recall check gave lower proportion ratings for
blink than launch (Bblink = -18.2, SE = 6.61, t(186) = -2.76, p
= .0064, 95% CI = [-31.0, -5.45], R2partial = .102). When the
initial instruction indicated (falsely) that the objects were
unreliable, then ratings increased more for blink than launch
at trial 5 (Bblink,5,inconsistent = 20.3, SE = 8.79, t(208) = 2.31, p =
.0217, 95% CI = [3.35, 37.3], R2partial = .025), and trial 12
(Bblink,12,inconsistent = 23.9, SE = 8.79, t(208) = 2.72, p = .0072,
95% CI = [6.90, 40.9], R2partial = .034).
In the deterministic series, those who failed the recall check
similarly gave lower proportion ratings for blink than launch
(Bblink = -31.3, SE = 10.2, t(68.9) = -3.07, p = .0031, 95% CI
= [-50.8, -11.8], R2partial = .151). Proportion ratings were also
lower at trial 1 when the instruction falsely stated that the
objects were unreliable (Binconsistent = -22.2, SE = 10.4, t(68.9)
= -2.13, p = .0372, 95% CI = [-42.1, -2.24], R2partial = .065).
In the probabilistic series, participants who passed the
recall test gave lower proportion ratings for blink than launch
at trial 1 (Bblink = -26.8, SE = 10.1, t(194) = -2.66, p = .0084,
95% CI = [-46.2, -7.40], R2partial = .065). Ratings decreased
from trial 1 to trial 5 in response to the first failure case of the
series (B5 = -27.4, SE = 8.74, t(178) = -3.14, p = .0020, 95%
CI = [-44.2, -10.6], R2partial = .101), but this drop was smaller
for blink than launch (Bblink,5 = 28.0, SE = 10.7, t(178) = 2.17,
p = .0096, 95% CI = [7.38, 48.6], R2partial =.043).
In the probabilistic series, participants who failed the recall
test gave lower proportion ratings for blink than launch at
trial 1 (Bblink = -15.9, SE = 7.66, t(140) = -2.07, p = 0.0403,
R2partial = .111). Proportion ratings dropped significantly from
trial 1 to trial 5, the first failure (B5 = -10.9, SE = 4.94, t(136)
= -2.21, p = 0.0286, R2partial = .074), and the drop was larger
when the initial instruction was inconsistent with the data
(B5,inconsistent = -25.6, SE = 9.88, t(136) = -2.59, p = .0107,
R2partial = .027). Proportion ratings at trial 1 were marginally
lower for blink than launch given inconsistent manipulation
(Bblink,inconsistent = -25.5, SE = 13.7, t(1340) = -1.86, p = .0645,
R2partial = .024). Finally, the decrease in proportion rating at
trial 5 was smaller for blink than launch, but this difference
was marginally greater if the instruction was inconsistent
with the data (Bblink,5,inconsistent = 23.8, SE = 14.0, t(136) = 1.70,
p = .0915, 95% CI = [-3.04, 50.5], R2partial = .021).
Summary Overall, blink elicited lower causal and proportion
ratings than launch for early cases. Manipulation of
expectations of determinism had no consistent effect. In the
deterministic series, participants who passed the recall check
had an increase in blink causal and proportion ratings across
trials when the instruction (falsely) said that the objects were
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unreliable, yet those who failed the recall check showed little
change across trials. In the probabilistic series, participants
who passed the recall check showed no effect of instruction
consistency, but participants who failed the recall check
generally had a greater violation-of-expectation after the first
failure case (trial 5). For proportion ratings, this effect was
moderated by the perceptual features of the cause.
Importantly, both instruction consistency and recall check
(and, to a lesser extent, type of cause) ceased to have an effect
on learning by trial 12 in the series. Given the task context of
alien objects, learning seemingly came to be almost entirely
determined by the statistical data, rather than initial
expectations invoked by instruction or perceptual cues.

Discussion
A few observations about Experiment 3 were notable. First,
in the deterministic series, mean causal and proportion ratings
of launch never approached ceiling, even though those
ratings were consistently near ceiling in the previous
experiments. The task context (alien objects) might have
invited a baseline expectation of probabilistic behavior such
that even an ordinary cause of launching was perceived as
less-than-full-strength. Even so, perceptual details impinged
on causal and proportion ratings, at least at trial 1, as seen by
the main effect of type of cause.
Second, the manipulation of determinism expectation did
not have a consistent effect across conditions. We found no
effect with instruction consistency in the probabilistic series
when participants passed the recall check, for both causal and
proportion ratings. Although null results are hard to interpret,
this lends support to the conjecture that the task context
induced such a strong nondeterminism expectation that an
explicit instruction was redundant. Notably, the initial impact
of instruction consistency largely disappeared by trial 12.
That is, a written manipulation of expectation of determinism
swayed early causal judgments, but this impact faded out as
participants received increasing numbers of observations.
Third, the statistical contribution of the manipulation of
determinism expectation did not replace that of type of cause
(blink vs. launch), regardless of performance on the recall
check. In other words, written instructions did not explain
away the effect of perceptual cues associated with the
different causes of launching. In one possibility, the written
manipulation was too brief: participants might need input
about why these objects behave as they do (e.g., mechanism
information). In another possibility, the alien object context
induced so strong an expectation of nondeterminism that it
rendered the written instruction less (but not completely in-)
effective. In a third possibility, written instructions and
perceptual cues are distinct contributors to participants’
expectation of determinism such that manipulating one need
not affect the other. Separating these possibilities requires
further experimentation, but Experiment 3 implies that the
impacts of type of cause (i.e., the perceptual features of
physical causal events) and of verbal manipulation of
expectations of determinism are not reducible to each other.

General Discussion
Past research offered many algorithms for incremental causal
learning in which outcomes changed gradually with new
statistical data. Yet human causal learning could also be
abrupt, especially when people assume a causal relation to be
deterministic (e.g., Michotte, 1963). In the present research,
we examined how expectations of determinism interact with
statistical input to shape causal learning in the context of
physical causation. Different perceptual event features
accompanied different expectations of determinism (Exp. 1A
& 1B), and a violation of determinism expectation resulted in
greater changes in causal learning outcomes than a violation
of probabilistic expectation (Exp. 2). Notably, causal learning
outcomes were affected by a brief written manipulation of
their determinism expectation, but this effect occurred only
early in the series and did not screen off the effect of
perceptual cues (Exp. 3). Results showed that perceptual
features affect how adults integrate and evaluate statistical
data during causal learning. However, the relationship
between perceptual features, determinism expectation, and
causal learning remains a question for further research.
The present research leaves room for further inquiry. First,
the written manipulation of determinism expectation in
Experiment 3 was short and focused largely on the statistical
properties of the alien objects. As previously discussed, it
might take a much stronger manipulation to supplant the
effect of perceptual cues, if that is even possible. Indeed,
Schlottmann and Shanks (1992) provide “anecdata” that it is
very difficult to override the effect of perceptual cues during
causal learning, at least with physical causation.
Second, the present research leaves open the question of
how to conceptualize the notion of determinism. Some have
suggested that it functions as a continuous variable akin to
causal strength (Lu et al., 2008; Yeung & Griffiths, 2015).
Others have posited that people’s notion of determinism is a
categorical variable with two “modes”: deterministic and
nondeterministic (Yin & Sun, 2021). The sharp difference in
causal and proportion ratings between launch and blink
(Experiments 1A, 1B, and 2) is more consistent with a
categorical notion of determinism, but this needs to be tested
with other types of physical causation and across domains.
Overall, the present research showed that different
expectations of determinism—as invoked by different
perceptual event features—accompany different causal
learning outcomes in a sequential learning task. A violation
of the determinism expectation results in a much more drastic
change in learning outcome compared to that of the
nondeterminism expectation: such a pattern is not easily
explained by any of the incremental models of causal
learning. Furthermore, the effect of perceptual cues on causal
learning is powerful and not easily supplanted by written
manipulations of determinism. Future research on human
causal learning should account for expectations of
determinism and the different sources for these expectations.
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Abstract
Ways in which ovarian hormones affect cognition have been long
overlooked in psychology and neuroscience research despite strong
evidence of their effects on the brain. In order to address this gap,
we study performance on a rule-plus-exception category learning
task, a complex task that requires careful coordination of core
cognitive mechanisms, across the menstrual cycle. Results show that
the menstrual cycle distinctly affects learning of exceptions in a
manner that matches the typical estradiol cycle. Furthermore,
participants in their high estradiol phase outperform participants in
their low estradiol phase, and show steeper learning slopes than men
in exception-learning. These results provide novel evidence of the
role of estradiol in category learning, underscore the importance of
recruiting diverse samples in cognitive neuroscience research, and
highlight the ways in which cognition varies throughout the
fundamental biological cycles of the human experience.
Keywords: category learning; menstrual cycle; sex differences;
hormones and behavior

Introduction
Despite efforts to reduce the longstanding sex bias in
neuroscience research, the effects of ovarian hormones on
human cognition remain poorly understood. In light of rising
evidence that 17β-estradiol (E2) – the most bioactive
estrogen – affects brain structure and function in both sexes
(Frick, Kim & Koss, 2018), it is critical to our understanding
of cognition to expand efforts to study cohorts representative
of diversity in human endocrine milieus. One approach to
accomplishing this is examining differences in cognition
across the menstrual cycle.
The average menstrual cycle is 29.5 days long, with
typical variation ranging from 21-35 days (Buffet, Djakoure,
Maitre & Bouchard, 1998; Treloar, 1967), and broadly
divided into two phases – follicular and luteal – defined by
changes in levels of ovarian hormones (Fig. 1). The follicular
phase begins with the onset of menses. Its early stage is
characterized by low levels of E2 and progesterone. The late
follicular or pre-ovulatory phase is characterized by a rise in
E2, which reaches its peak shortly before ovulation. The
luteal phase follows, with levels of E2 decreasing
significantly and settling to moderate levels as progesterone
increases during the mid-luteal phase, and decreasing in the
late luteal phase as menses approaches (Marc, Fritz & Leon,
2011). There is, however, considerable variation in hormone
levels across the cycle especially in the pre-ovulatory phase
(Beltz & Moser, 2020).

A key brain area affected by hormonal changes across the
menstrual cycle is the hippocampus. Evidence from rodent
models suggests that E2 is a key modulator of hippocampal
function and associated learning (Frick, Kim, Tuscher &
Fortress, 2015) and memory (Frick, Kim & Koss, 2018).
Estrogen receptors α (ERα) and β (ERβ) as well as the G
protein-coupled estrogen receptor 1 (GPER1) densely
populate the region (Mitra et al., 2003; Hazell et al., 2009).
Through action on these receptors, E2 has extensive effects
on hippocampal dendritic spine density (Frankfurt & Luine,
2015), neurogenesis (Mahmoud, Wainwright & Galea,
2016), cell signaling (Frick et al., 2018), and synaptic
plasticity (Babayan & Kramar, 2013).
Human studies provide further evidence of E2’s role in
hippocampal structure and activity. E2 levels across the
menstrual cycle are positively associated with hippocampal
grey matter volume (Barth, Steele & Mueller, 2016; Lisofsky
et al., 2015; Pletzer, Harris & Hidalgo-Lopez, 2018;
Protopopescu et al., 2008), activity during affective,
visuospatial and verbal processing (Albert, Pruessner &
Newhouse, 2015; Dreher et al., 2007; Pletzer, Harris,
Scheuringer & Hidalgo-Lopez, 2018), and functional
connectivity with other brain regions (Lisofsky et al., 2015).
Furthermore, administration of E2 to naturally cycling
women in the early follicular phase increases hippocampal
activity when the increase is within physiological ranges
typical of the pre-ovulatory phase (Bayer et al., 2018).
One of the cognitive processes that are likely sensitive to
such E2-dependent alterations in hippocampal connectivity is

Figure 1: Typical changes in ovarian hormones across the
menstrual cycle
learning of exceptions to category rules. Although it engages
multiple brain regions (Zeithamova et al., 2019), category
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learning is heavily reliant on the hippocampus (Bowman &
Zeithamova, 2018; Davis et al., 2012a, 2012b; Heffernan,
Schlichting & Mack, 2021; Mack et al., 2016; Schapiro et al.,
2018; Schlichting, Gumus, Zhu & Mack, 2021). The process
of learning general patterns in category structure as well as
noticing and remembering exceptional category members
(e.g., birds fly; penguins are birds despite being flightless)
necessitates relational binding and rapid formation of
multifeatured memory representations, which are key aspects
of hippocampal function (Olsen, Moses, Riggs & Ryan,
2012). Previous work suggests that other types of relational
memory are sensitive to changes in E2 (Rentz et al., 2017).
In order to explore the effect of the menstrual cycle on
category learning, we administered a rule-plus-exception
(RPE) task to participants in three stages of the menstrual
cycle – early follicular (EF), late follicular/pre-ovulatory
(LF/PO), mid/late luteal (ML) – as well as a male group for a
low-E2 comparison. Given the impact of E2 on hippocampal
volume and responsivity, we predicted that learning of
exceptions would vary in a way corresponding to the cycle of
E2, with participants in the high-E2, LF/PO phase showing
evidence of more efficient learning and outperforming
participants in the low-E2, EF phase and men. We further
predicted that there would be no difference between groups
in learning category prototypes or rule followers.

three learning blocks and a no-feedback test block.
Throughout the experiment, participants viewed 10 images of
flowers with tree binary-valued diagnostic dimensions
(Figure 2A). Flower stimuli were classified as prototypes
(maximally dissimilar across categories), rule-followers
(more similar to their category prototype than to the other
category prototype), and exceptions (more similar to the
prototype of the opposite category). There were four
prototypes (two in each category for each value of the
nondiagnostic feature), four rule-followers, and two
exceptions (for which the nondiagnostic feature varied
randomly), for a total of 10 stimuli. Participants completed
three learning blocks of 48 trials each. They were shown a
flower in each trial and asked if it preferred sun or shade.
They were then given feedback on accuracy of response
(Figure 2B). Participants then completed a no-feedback test
block, also with 48 trials.

Methods
Participants
Participants were recruited through the Prolific online
recruiting platform, prescreening for age (18-35), normal or
corrected-to-normal vision, and English fluency. A total of
260 participants completed the study.
Participants were excluded if they reported: irregular
menstrual cycles (n = 15), use of hormonal birth control (n =
62), use of hormone replacement therapy (n = 1), a history of
neurological conditions that may affect cognitive
performance (e.g., stroke, traumatic brain injury; n = 2), or if
they had an accuracy of under 0.75 for any stimulus type in
at least one trial block of the RPE task or if over 20% of their
reaction times fell outside of the 0.15 – 2s range (n = 9).
After exclusions, 171 participants remained for analysis
(Age: 29.59 ± 5.05 years; Education: 15.89 ± 3.41 years).
There were 39 participants in the EF phase, 40 in the LF/PO
phase, 39 in the ML phase, and 53 men. Average menstrual
cycle length was 27.87 ± 5.03. Average days of cycle per
group were as follows: 4 ± 3.58 for PO, 13.1 ± 3.25 for
LF/PO, and 21.5 ± 3.42 for ML.

Procedure
Participants completed a category learning task and a
questionnaire assessing demographic and health-related
information. Participants received monetary compensation
for participation in the study.
Category Learning Task Participants completed a RPE
categorization task (Heffernan et al., 2021) consisting of

Figure 2: Category structure and experimental trial
schematic. A) Stimuli consisted of three binaryvalued dimensions with categories defined by a
rule-plus-exception structure (solid and dotted
circles note stimuli in the two categories). Stimuli
were classified as prototypes (purple), rulefollowers (magenta), or exceptions (orange) based
on their feature values and category label. B)
Learning trials consisted of fixation (0.5s),
presentation of the flower stimulus (2s), then a
response window (1s), and ended with corrective
feedback (2s).
Menstrual Cycle Phase Determination To account for
variability in length of menstrual cycles (21-35 days; Treloar
et al., 1967), menstrual cycle phases were determined
according to each participant’s self-reported cycle length and
current day of cycle. The phases, with predicted hormone
levels, were: EF – approximately 1-7 days after menses onset;
low E2 and progesterone, LF/PO – approximately 8-17 days
after menses onset; high E2 and low progesterone, ML –
approximately 1-11 days prior to menses onset; moderate E2
and high progesterone.

Statistical Analyses
All statistical analyses were completed in R 4.0.3. In order to
analyze patterns in overall retention of exceptions, we fit a
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generalized linear model predicting average categorization
accuracy by group (EF, LF/PO, ML, male) in the test trial of
the task. Then, we fit a b-spline polynomial regression model
with a scaled variable denoting participants’ current point in
the menstrual cycle (cycle point = current day of cycle / cycle
length) as a predictor of categorization accuracy in the test
block. This allowed us to examine if the pattern of
categorization accuracy across the standardized cycle
corresponded to assumed changes in ovarian hormone levels
across the menstrual cycle (Fig. 1). We specified two knots
in the spline estimation, corresponding to days that would
mark the changes between the menstrual cycle phases.
Participants were included as random effects in the analyses.
The spline model was compared to a linear model of
categorization accuracy by point in cycle to ensure
significantly improved model estimation.
The process of learning was analyzed across learning
blocks using generalized linear mixed-effects models
predicting categorization accuracy by participant group and
type of stimuli (Exception, Rule follower, Prototype), and
with participants included as random effects in all analyses.
The model was estimated using the lme4 and lmerTest
packages. This analysis was followed up by a generalized
linear model examination of learning slopes (i.e., difference
scores between blocks) by group for exceptions.

observe an increase in categorization accuracy for exceptions
across the EF phase, peaking in LF/PO, and decreasing again
in the ML phase.

Figure 4: Categorization accuracy in the test block
for different stimulus types (prototype – purple,
rule follower – blue, exception – green) across
standardized points in the menstrual cycle. Dotted
lines represent theoretical boundaries between the
three cycle phases.

Results
Overall Retention
We analyzed the no-feedback test block to assess the overall
learning of the category structure across the different groups.
Linear models showed that the LF/PO group had higher
categorization accuracy for exceptions than the EF group (β
= -0.11, SE = 0.05, t(167) = -2.31, p = 0.02), but that it did
not significantly differ from the ML (β = -0.06, SE = 0.05,
t(167) = -1.33, p = 0.18) or male (β = -0.07, SE = 0.04, t(167)
= -1.47, p = 0.14) groups. The EF and ML groups also did not
differ in accuracy for exceptions (β = 0.05, SE = 0.05, t(167)
= 0.98, p = 0.33), and neither did the EF and male groups (β
= 0.05, SE = 0.05, t(167) = 1.01, p = 0.31) nor the ML and
male groups (β = -0.00, SE = 0.05, t(167) = -0.37, p = 0.97).
There were no differences between groups in terms of
categorization accuracy for rule followers or prototypes in the
test block (all p > .05).
To better characterize the difference in exception learning
across the menstrual cycle, we calculated a scaled cycle point
variable for each participant and modeled its effect on
categorization accuracy in the test block with b-spline
regression. Model comparison of the linear and spline
regression models of categorization accuracy by cycle point
indicated that the spline regression model provided a
significantly better fit (AIClinear = -267.13, AICspline = 272.43, χ2(12) = 29.3, p < 0.01).
In particular, the pattern of categorization accuracy across
cycle points (Fig. 4) demonstrates a selective impact on
exception learning that corresponds with typical changes in
E2 levels across the menstrual cycle (Fig. 1). Specifically, we

Learning Process
We analyzed performance across learning blocks to assess
the process of learning exceptions by group. Results of linear
mixed-effects models show that the EF group had lower
accuracy for exceptions across learning blocks relative to the
LF/PO (β = 0.07, p = 0.01, 95% CI [0.02, 0.12]) and ML
groups (β = 0.06, p = 0.03, 95% CI [0.01, 0.11]), but not
relative to the male group (β = 0.03, p = 0.15, 95% CI [-0.01,
0.08]). The LF/PO and ML groups did not differ in accuracy
for exceptions across learning blocks (β = -0.02, p = 0.53,
95% CI [-0.07, 0.03]), and neither did the LF/PO and male
groups (β = -0.04, p = 0.12, 95% CI [-0.09, 0.01]) nor the ML
and male groups (β = -0.02, p = 0.36, 95% CI [-0.07, 0.03]).
There were no differences between groups in terms of
accuracy for rule followers or prototypes across learning
blocks (all p > .05).
A follow-up generalized linear model analysis of learning
slopes (i.e., difference scores between blocks 3 and 2)
indicated that categorization accuracy of the LF/PO group for
exceptions improved more quickly than that of men (β = 0.09, SE = 0.04, t(164) = -2.19, p = 0.03), but at a similar rate
as the EF (β = -0.04, SE = 0.04, t(164) = -0.92, p = 0.36) and
ML (β = -0.03, SE = 0.04, t(164) = -0.74, p = 0.46) groups.
Improvements in accuracy between the last learning block
and the test trial were similar across groups (all p > .05).
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Figure 3: Categorization accuracy across all trial
blocks. Average accuracy for stimulus type
(prototype – circle, rule follower – triangle,
exception – square) in each learning and test block
is depicted separately for the different cycle phase
groups (EF – cyan, LF/PO – magenta, ML –
yellow) and males (grey). Error bars represent
bootstrapped 95% confidence intervals and
transparent points depict individual participant
accuracies. The dotted grey line represents chance
level (0.5).

Discussion
This is the first study to examine category learning across the
menstrual cycle and consequently tap into possible effects of
ovarian hormones on learning exceptions to category
structures. We find that the menstrual cycle affects learning
of exceptions in a distinct way that matches the typical
estradiol cycle, with participants in the high-E2,
preovulatory, phase of the menstrual cycle outperforming
those in the low-E2, early follicular, phase. Over the course
of the exception learning process, participants in the
preovulatory and mid-late luteal (moderate E2) phases both
outperform early follicular participants, and those in the
preovulatory phase improve at recognizing exceptions more
quickly than men do.
That participants in the preovulatory phase would show
improved performance relative to those in the early follicular
phase and the male group, with participants in the mid-late
luteal phase also showing better performance than early
follicular participants during learning, suggests a role of E2
in facilitating learning of exceptions. This is in line with
literature showing that E2 supports a range of learning tasks
in rodent models (Frick et al., 2015) and human studies
showing that differences in hippocampal-dependent tasks
vary by ovarian milieu (Hamson, Roes & Galea, 2016;

Hausmann et al., 2000; Peragine et al., 2020). Furthermore,
performance on associative memory tasks which, like
category learning, require rapid relational binding, is also
positively associated with E2 levels (Rentz et al., 2017).
While findings on the effects of menstrual cycle phase on
hippocampal-dependent tasks are mixed (Bernal & Paolieri,
2022), a key feature in studies that find significant differences
is task load. Effects of ovarian hormones on behavior are
often subtle, so complex tasks are needed to detect them
(Bernal & Paolieri, 2022; Hampson, Levy-Cooperman &
Korman, 2014). This makes the current RPE task particularly
well-suited to studying the effects of the menstrual cycle on
cognition.
The RPE task is likely affected by E2 through its action on
the hippocampal subfields implicated in pattern separation
and completion. These processes are needed for the task as it
requires generalization with and separation from previously
learned categories. Presumably, the CA1-dependent
formation of rule-based category representations (Schapiro et
al., 2018) takes place during the initial stages of the task.
Once exceptions are introduced, the mismatch of these
stimuli to previously stored stimuli is signaled, engendering
pattern-separation processes in the dentate gyrus and CA3,
thus resulting in exception learning (Davis et al., 2012; Mack,
Love & Preston, 2018; Schlichting et al., 2021). Notably, E2
increases synaptic density in the CA1 (Frick et al., 2018),
long-term potentiation at CA3-CA1 synapses (Taxier, Gross
& Frick, 2020) and potentiates synaptic transmission in the
CA1, CA3 and the dentate gyrus, with the greatest magnitude
of potentiation observed in the CA3 (Kim et al., 2006).
Collectively, these findings suggest a key role of E2 in
supporting category learning.
A major strength of the current study is the use of three
phases of the menstrual cycle. Most studies on cognition
across the menstrual cycle only include two phases (Bernal
& Paolieri, 2022), and may thus be less sensitive to effects of
hormonal changes. Comparison of the EF and LF/PO phases
is especially relevant as it allows examination of low and high
estradiol periods while levels of progesterone are low. For
comparison – most studies on cognition across the menstrual
cycle compare the EF phase to the ML phase – when E2 is
moderate and progesterone is high, thus introducing a
possible confounding factor. The ML phase, however, may
provide an opportunity to examine effects of progesterone as
it reaches its peak. In fact, we do see preliminary evidence for
a potential increase in accuracy for both prototypes and rule
followers during the ML phase (see Fig. 4), which may
suggest domain-specific effects of estradiol and
progesterone.
A further strength of the current approach is the use of nonlinear methods to examine changes across the menstrual
cycle. In contrast to analysis of the menstrual cycle phases as
discrete categories, which may obscure variance within the
phases, the polynomial approach allows us to note continuous
changes in category learning across the cycle. This is
especially informative as there are significant individual
differences in hormonal changes across the menstrual cycle,
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with the late follicular/ovulatory phase being the most
variable (Beltz & Moser, 2020). Non-linear approaches may
open a door to more nuanced understanding of the effects of
this variance in phase timing on cognition.
The main limitation of the current study is that there are no
direct hormone measures. As such, we cannot be certain that
the determined cycle phases correspond to assumed levels of
estradiol and progesterone. However, prior literature suggests
that self-report data of menstrual cycle phase aligns with
serum hormone levels (Hussain et al., 2016) and the average
days of cycle per group in the current study are akin to those
reported in literature on cognition across the three menstrual
phases with confirmed hormone levels (Pletzer et al., 2019).
Future work would benefit from inclusion of blood or saliva
hormone assays.
Furthermore, administering the current RPE task in the
scanner would elucidate the neural mechanisms of ovarian
hormones’ effects on category learning. This is especially
pertinent given that E2 and progesterone can affect functional
connectivity with no changes in task performance –
administration of E2 to women in the early follicular phase
increases hippocampal activity (Bayer et al., 2018) and E2
increases hippocampal activation during the pre-ovulatory
phase while progesterone increases fronto-striatal activation
during the luteal phase (Pletzer et al., 2019), all in the absence
of behavioral changes.
Any follow-up fMRI studies should aim to also examine
brain regions beyond the hippocampus as ovarian hormones
have whole-brain functional effects (Pritschet et al., 2020;
DeFilippi et al., 2021) and hippocampal connectivity to the
frontal and parietal cortices – two regions heavily implicated
in category learning (Seger & Miller, 2010; Zeithamova et
al., 2019) – varies across the menstrual cycle (Arelin et al.,
2015, Lisofsky et al., 2015).
Overall, this work provides novel evidence of the role of
estradiol in learning exceptions to category rules, adding a
new factor to the multifaceted literature on category learning
and further elucidating the long-overlooked effects of ovarian
hormones on human cognition. Our models of exception
learning across the menstrual cycle, and in comparison to
men, provide a starting point to investigating effects of
estradiol in learning exceptions. Furthermore, this work
underscores the importance of taking diversity across humans
and especially in the human hormonal milieu into account
during both recruitment and modelling stages of cognitive
neuroscience research.
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Abstract
Loaded language is an umbrella term for words, phrases, and
overall rhetorical strategies that have strong emotional
implications and intent to sway others. Belief in conspiracy
theories is tied to a range of strong emotions (van Prooijen and
Douglas, 2018). Accordingly, language with strong emotional
and persuasive content may be expressed by people
experiencing the strong emotions associated with conspiracy
theorizing. In this research, we examine multiple types of
loaded language in two online parenting forums: one
historically against vaccination, and another historically
accepting of vaccination. It is well-established that conspiracy
theories are the most influential contributor to anti-vaccination
views (Hornsey et al., 2018) and anti-vaccination beliefs are
strongly correlated with belief in unrelated conspiracy theories
(Goldberg & Richey, 2020). Results indicate that users of an
anti-vaccination forum use a greater frequency of loaded
language to express themselves than users of a vaccinationneutral forum.
.
Keywords: conspiracy theories, language, pragmatics, social
media analysis

Introduction
Conspiracy theorizing is not particularly new, unnatural, or
uncommon, but it can be deeply harmful to individuals and
communities (Douglas et al., 2017; van Prooijen & Douglas,
2017). Endorsement of conspiracy theories is associated with
lowered intention to engage in politics (Jolley & Douglas,
2014a), resistance to follow medical advice (Jolley and
Douglas, 2014b), a tendency to reject important scientific
findings (Lewandowsky et al., 2013), increased intention to
engage in everyday crime (Jolley et al., 2019), and increased
violent extremist intentions (Rottweiler & Gill, 2020).
As a consequence of the rise of social media and online
communication platforms, people share conspiracy theories
faster and farther than ever before, predominantly via written
text (Uscinski et al, 2018). Are there linguistic commonalities
that appear consistently in conspiracy theorizing language?
There is extensive literature on the psychology of conspiracy
theorists, but there is little directed research on how the
psychology of conspiracy theorists may relate to the language
they use, especially at the level of pragmatic linguistic
analysis of online forums.
On forums and social media networks, detection remains a
formidable challenge, even with the help of automated AI
content moderation. Large and small platforms struggle to

reduce the spread of conspiracy theory content, despite
increased investment in automated content moderation and
fact-checking (Scott & Kern, 2022; Fetters Maloy & Oremus,
2021). Part of the challenge is that conspiracy theorizing
language does not always contain detectable keywords.
Consider how the QAnon movement attempted to circumvent
increased content moderation efforts from major social media
platforms by dropping Q-related labels (Collins, 2020), and
how anti-vaccine activists on the pregnancy app What to
Expect learned to understand and evade the app’s keyword
detection tools (Fetters Maloy & Oremus, 2021). Further,
conspiracy theories are not exclusively shared by
conventional users. While many believe conspiracy theorists
are typically alt-right fringe forum users, research shows that
the people who share conspiracy theory content online are not
constrained to fringe forums, and they are not exclusively
from the far-right (Morris, 2021). Rather, conspiracy
theorists include a broad swath of people who resonate with
anti-establishment rhetoric or the social issues alleged by
conspiracy theories like child sex trafficking. Lifestyle
bloggers on Instagram who would typically post exclusively
about fashion, beauty, and parenting were lured into the
QAnon conspiracy theory by concerns about child sex
trafficking (Tiffany, 2020). This broader set of traits
describing conspiracy theorists suggests that user-based
profiling strategies for conspiracy theory detection may fall
short, as conspiracy theories are not shared only by
conventional propagators. Lastly, conspiracy theories are
international in reach, making detection a cross-linguistic
problem (Bruns et al., 2020).
Further complicating the detection problem is the need for
algorithms to identify conspiracy theorizing language
accurately and interpretably. The importance of accuracy and
interpretability in this domain is paramount: people are
unlikely to accept automated content moderation technology
and its decisions without explanation of its choices. As a
result of changing community standards and proprietary
algorithmic content moderation systems, social media users
develop folk theories about how and why content is flagged
or accounts are suspended, attributing fault to an unidentified
“they,” other users, or bias on the part of the social media
company. (Myers West, 2018; Vaccaro et al., 2020).
Transparency and interpretability are the underpinnings of
trust; a lack of trust (in governments, institutions,
organizations, and others) is a distinguishing feature of
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conspiracy theories (Douglas & Leite, 2016; Douglas et al.,
2017, van Prooijen et al, 2021).
Unfortunately, the current generation of AI systems falls
short on the ability to explain decisions and behavior in
human terms (McShane & Nirenburg, 2021). The machine
learning and neural network models of current content
moderation systems are often considered black-box
solutions. One approach to overcome this problem is to use
interpretable variables such as loaded language as features.
These variables are manually engineered features that are
predictive of the outcome of interest. While manually
engineering features is a labor-intensive task, combining
certain hand-picked features with automatically learned
features may make for more accurate, and more
understandable AI systems for content moderation.
Although the pursuit of interpretable AI is a longer-term
one than the scope of this paper, scholarship in linguistics can
be a boon to advancing that program of research. Much of
non-computational linguistics research is not directly
applicable to research in artificial intelligence, other than the
annotation of corpora in service of black-box machine
learning. There exists a yet unrealized opportunity for noncomputational linguistics researchers to collaborate with
computational linguistics researchers to develop linguistic
knowledge for application in AI in the near-term.
Setting aside AI, this research contributes to linguistic and
cognitive science scholarship, helping us understand how
conspiracy theorizing manifests in language and what
language reveals about conspiracy theories and the people
who believe them.

Loaded language in the present study
Each type of loaded language investigated in the present
study is motivated by literature in the psychological and
cognitive sciences. The two types explored in the present
study are (1) Thought-terminating clichés and (2)
Euphemistic and dysphemistic language.
Thought-terminating clichés Thought-terminating clichés,
also known as semantic stop-signs, are a form of loaded
language commonly used to quell cognitive dissonance
(Lifton, 1989; Chiras, 1992). They de facto tell the
interlocutor, “Let’s not think about or discuss this further.”
Examples include it is what it is, it’s God’s will, where we
are, such is life, do the math, etc. Thought-terminating clichés
impede further critical thinking. Impeded critical thinking
and faulty reasoning lead to crippled epistemologies – a
factor in conspiracy theorizing (Sunstein & Vermeule, 2009).
Crippled epistemologies, as Sunstein and Vermeule define
them, arise not from irrationality or mental illness, but from
critical thinking based on a limited number of relevant
informational sources. Thus, people who endorse conspiracy
theories are behaving rationally given the sparse or incorrect
information available to them. Thought-terminating clichés,
which implore others not to think about things further, may

be a linguistic symptom experienced by someone who
unknowingly reasons using flawed epistemologies.
Euphemistic and dysphemistic language Euphemistic
language is language usage in which a neutral or inoffensive
word/expression is substituted with one that is considered
more pleasant or less derogatory, as in pass away for die or
between jobs for unemployed. Euphemisms make the
emotional impact of a word softer. In contrast, dysphemisms
make the emotional impact of a word blunter, as in worm food
for dead. Euphemism is a language tool and potentially
“injurious weapon” (Bandura, 1999, p. 195) that can have
serious ramifications when used for persuasion (Stein, 1998).
Euphemistic language operates via ambiguity. Euphemisms
and dysphemisms respectively diminish or exacerbate the
emotional impact of a word by substituting words or phrases
for alternatives with different connotations. The resulting
ambiguity is a key aspect of the rhetorical strategies
associated with conspiracy theorizing. Byford (2011)
identifies several recurring rhetorical features of conspiracy
theories that function by attempting to refute an official story.
These features include obfuscation of the conspiracy theory’s
own flaws by means of excessive focus on the alleged
problems of the official story, and diversion of attention by
forcing conspiracy theory opponents to defend themselves
instead of allowing them to attack conspiracy theory
proponents’ claims (p. 88-93). Creating confusion about both
the official explanation and the conspiratorial explanation
serves to muddy listeners’ understanding of events.
Euphemisms and dysphemisms may contribute to these
strategies to create ambiguity.

Related Work
Conspiracy Theory Detection
While research on automatic fake news detection and hate
speech detection dates to the mid-2010s, automatic
conspiracy theory detection has only received recent
attention by the natural language processing (NLP)
community. Approaches thus far have largely focused on
leveraging network features and user features for detection.
For example, Shahsavari et al. (2020) used machinelearning methods to extract narrative graphs about COVID19 conspiracy theories in online posts and news articles, and
network community detection algorithms to discover
conspiracy communities. Tangherlini et al. (2020) pursued a
similar network graph approach that compares the narrative
frameworks of conspiracy theories to the narrative
frameworks of actual conspiracies. Most recently, Giachanou
et al. (2021) carried out a comparative analysis of pro- and
anti-conspiracy theorizing posts that leverages user-based
and psycholinguistic features. They used this data to create a
Convolutional Neural Network (CNN) model that combines
word embeddings and psycholinguistic characteristics to
predict whether a user is a conspiracy propagator or not.
Notably, this model leverages semantic information for
detection. There is little research to date on how pragmatic
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information may contribute to the automatic detection of
conspiracy theories.
In linguistics, semantics is concerned with the literal,
context-free meanings of words, while pragmatics is
concerned with intended meaning in context. There is a
paucity of pragmatics in AI/NLP research in general – not
only in the domain of conspiracy theory detection. Semantics
has been the focus of NLP research in recent years after the
remarkable success of neural vector representations (word
embeddings) including the Word2vec model (Mikolov et al.,
2013) and GloVe (Pennington et al., 2014), which can learn
high quality vector representations of words. These models
and their variations have achieved state-of-the-art progress
on semantic similarity tasks. Although these tasks are a
benchmark suited to the capabilities of the models, the field’s
progress on semantics cannot be dismissed. Pragmatics, on
the other hand, has received little attention.
Loaded language functions as a persuasive technique,
reflecting the speaker’s/writer’s purposeful choice of
vocabulary intending to sway an audience or align with a
stance. Loaded language has clear pragmatic function. This
research puts pragmatics first in terms of exploring how
language relates to the detection of conspiracy theories.

Vaccination Stance Detection
To narrow the domain for this research, we focused on
vaccine-related conspiracy theories as a test case of
conspiracy theorizing. Vaccine hesitancy – the reluctance or
refusal to be vaccinated or to have one's children vaccinated
against contagious diseases – has existed since the advent of
formal vaccines in the late 1700s and is closely tied to
conspiracy theories. Romer and Jamieson (2020) found that
belief in COVID-19 conspiracy theories is negatively
associated with the perceived safety of vaccination and
intention to be vaccinated against COVID-19. Hornsey et al.
(2018) showed conspiracy theories to be the most influential
contributor to anti-vaccination views.
Researchers studying anti-vaccination stances on social
networks are working on detecting a range of phenomena,
including filter bubbles, misinformation, and conspiracy
theories, often by leveraging techniques from NLP.
Approaches to studying the language used by those who
express anti-vaccination attitudes online include networkbased approaches (Memon et al. 2020), syntactic and lexical
approaches (Faasse et al., 2016; Mitra et al., 2016), narrative
approaches (Tangherlini et al. 2016), and content analysis
approaches (Hoffman et al. 2019; Hughes et al. 2021). As in
conspiracy theory detection, there is little work that compares
anti-vaccination stances to vaccination-neutral stances by
leveraging pragmatic language features for detection.

Loaded Language Detection
The NLP literature on loaded language generally focuses on
propaganda detection in news articles. Da San Martino et al.
(2019b, 2020b) carried out analyses of propaganda
techniques (including loaded language) in the news. Nakov
et al. (2021) analyzed propaganda techniques (including

loaded language) in tweets related to the COVID-19 vaccine,
but their analysis is based on the Prta system (Da San
Martino, 2020b) which is designed for detecting and
highlighting the use of propaganda techniques in online
news. The NLP4IF-2019 Shared Task on Fine-Grained
Propaganda Detection was a classification competition based
on a corpus of news articles annotated with propagandist
techniques (2019a).
News articles have historically been the domain for
research on loaded language detection. But people
increasingly get the news from friends on web forums and
social media feeds, not from news outlets. This research
focuses on loaded language detection in user-generated posts.
Examining user-generated posts is particularly important
when looking at vaccine-related conspiracy theories because
people increasingly seek health-related information online
from peers (Kata, 2010; Chu et al., 2017). Vrdelja et al.
(2018) found that mothers most often seek information about
vaccines from friends or online, not from their pediatricians.
The traditional presentation of facts regarding vaccination is
often not enough to sway the perspective of vaccine-hesitant
parents (Kaufman et al. 2018), so it is imperative to
understand the beliefs and attitudes of parents who believe in
vaccine-related conspiracy theories if we aim to design better
public health campaigns, prevent outbreaks of vaccinepreventable diseases, and ensure forward progress on vaccine
hesitancy. Loaded language offers a window not only into
propaganda detection, but into vaccine-related conspiracy
theory detection as well.

Methodology
We pursue a well-established research paradigm by Bessi et
al. (2015) that compares and contrasts conspiratorial and
science-based narratives on social media. This juxtaposition
has been pursued in many previous studies on social media
dynamics because conspiracy and science groups form highly
segregated online communities that promote narratives with
little to no overlap (Fong et al., 2021). In this case, we
contrast an anti-vaccination forum with a vaccination-neutral
parenting forum. We use the term vaccination-neutral (as
opposed to pro-vaccination) because most parents with
vaccinated children qualify as vaccination-neutral, passively
accepting rather than actively demanding vaccination (Milton
& Mercier, 2015; Cell Press, 2015).

Data Collection
Two datasets of posts were scraped from two different online
parenting forums: one historically anti-vaccination and one
historically vaccination-neutral. The anti-vaccination forum
is located at mothering.com, the companion website to the
discontinued Mothering magazine, which described itself as
“the magazine of natural family living”. The vaccinationneutral forum is from the subreddit “r/parenting,” a parenting
forum described as “the place to discuss the ins and outs as
well as the ups and downs of child-rearing.” The antivaccination forum is a forum with the specified topic
“vaccination.” The vaccination-neutral forum does not
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specify topic, so we extracted posts containing strings related
to “vaccine,” “inoculate,” “jab,” and “shot.” The two datasets
do not exclusively consist of respective anti-vaccination and
vaccination-neutral sentiment, so some noise is to be
expected. However, a manual random sampling and
evaluation of posts shows the forums to be consistent with
their historical positions on vaccination. The near nonexistent level of noise was deemed acceptable. The data is as
recent as June 28, 2021. At the time of collection, children
ages 12-18 were eligible to receive COVID-19 vaccines in
most states. See Table 1 for a side-by-side comparison of the
forums.
The number of posts in the vaccination-neutral dataset is
lower than the number of posts in the vaccination-neutral
forum overall. This can be attributed to the fact that
vaccination was an uncommon topic of conversation in this
parenting forum. In contrast, the anti-vaccination forum is
one of the most popular forums on its website: It was 14th out
of 69 total forums for views, surpassing comprehensive,
general forums like Preteens & Teens, and Baby Health.
Table 1. A comparison of characteristics of the antivaccination and vaccination-neutral parenting forums.
Anti-vax
forum

Vax-neutral
forum

Number of posts
in forum

26,321

119,176

Number of posts
in dataset

26,321

952

Number of users

275,400

3,400,000

Year started

1996

2008

Methods for Finding Thought-Terminating Clichés
Since there are no large, community-sanctioned lists of
thought-terminating clichés (hereafter TTCs), we compiled
lists from print and online resources – including books,
articles, and blog posts by linguists, rhetoricians, journalists,
and philosophers. TTCs that appeared more than once were
given priority. TTCs that appeared only once or were
criticized or downvoted in any user discussions were not
included. We rewrote each TTC as a case-insensitive
keyword search, excluding those containing references to
He/Him in the religious sense, where capitalization is a
feature. Straightforward keyword searches were carried out
for each TTC in each of the two datasets. Since all the TTCs
were either multiword expressions or contained punctuation,
there was little chance that hits could be mistakenly counted
as TTCs when they were not actually used as TTCs in
context.

Methods for Finding Euphemistic and
Dysphemistic Language
To identify words as euphemisms or dysphemisms of a target
word, we first compiled lists of near-synonyms from humangenerated sources. These euphemisms and dysphemisms
were considered candidate euphemisms and dysphemisms to
be rated as euphemistic or dysphemistic by three graduate
student native-speaker annotators. We obtained nearsynonyms for three concepts: DIE, LIE, and STEAL. We did not
constrain the part of speech in our near-synonym search, so
verbs, nouns, and adjectives were all included (e.g. steal,
theft, stolen).
This methodology is inspired by Felt & Riloff’s paper
“Recognizing Euphemisms and Dysphemisms Using
Sentiment Analysis” (2020). While they used the Basilisk
bootstrapping algorithm for weakly supervised semantic
lexicon induction, we use WordNet and Wiktionary as
thesauri since they are community-sanctioned and
sufficiently populated. First, we compile lists of nearsynonyms using WordNet and Wiktionary as thesauri. To
obtain near-synonyms (not just direct synonyms), we expand
the inventory of synonyms to include those captured in the
“See also” pages on Wiktionary. Thus, synonyms for
dead/die/dying/death include results from the entry
Thesaurus:kill, which is a linked entry listed under “See also”
on the Thesaurus:dead entry. This method captures
euphemistic and dysphemistic nuance that may be found in
the parenting corpora with regard to vaccines, such as
whether vaccines are resulting in deaths (a more neutral, if
spurious statement), or whether they are killing people (a
statement with greater negative polarity).
We obtained annotator ratings for each of the three
concepts on a scale from 1 to 5, where 1 is most dysphemistic,
3 is neutral, and 5 is most euphemistic (κ for each concept ≥
0.86). See Figure 1 for a visualization of the rating scale. In
accordance with Felt & Riloff’s methodology, for each
phrase, we computed the average score across the three
annotators and assigned each phrase to a “gold” x-phemism
category: phrases with score < 2.5 were labeled dysphemistic,
phrases with score > 3.5 were labeled euphemistic, and the
rest were labeled neutral. Keyword searches were carried out
for each set of euphemisms and dysphemisms for each
concept. Unlike TTCs which are usually multiword
expressions, many of the euphemisms and dysphemisms here
are single words that could easily have literal and noneuphemistic/dysphemistic meanings in context. To ensure we
were not counting words that should not be counted towards
the total of euphemisms and dysphemisms, we checked the
context of the actual post containing the hit for the meaning
of the keyword. For example, when searching for instances
of crucify/crucifixion, we omitted results that referred to the
literal crucifixion of Jesus and counted only non-literal
instances of crucify/crucifxion towards the total hit count for
that word (e.g. “And please please please let's not turn this
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into a crucifixion of me for vaccinating, or a place to try to
talk me out of it....”).

Figure 1. A visualization of the rating scale given to
annotators. A score of 1 is most dysphemistic, 3 is neutral,
and 5 is most euphemistic.

everything happens for a reason
- I am convinced that everything happens for a reason
and am sure that if we had vaccinated her she would not
have been okay.
anyway.
- She was just born and you want to make her sick?
Anyway.
- If a grey and unresponsive babe is an unusual event, just
was the heck is an adverse reaction? Anyway.

Euphemistic and dysphemistic language

Results
Thought-terminating clichés
Anti-vaccination posts contained more thought-terminating
clichés than vaccination-neutral posts, with 0.83% (8 out of
every 1000 posts) of anti-vax posts containing at least 1
thought-terminating cliché, and 0.21% of vax-neutral posts
containing at least 1 thought-terminating clichés (2 out of
every 1000 posts). These results are significant at p = .04.
Table 2: Observed counts for thought-terminating clichés.

Across all concepts, dysphemisms are more commonly used
than euphemisms in the anti-vaccination dataset, with 1.42%
of anti-vaccination posts containing euphemistic or
dysphemistic language, and 0.84% of vaccination-neutral
posts containing euphemistic or dysphemistic language.
When comparing the frequency of euphemism vs.
dysphemism usage across concepts in the vaccination-neutral
dataset, dysphemisms are more commonly used for the
concepts LIE and STEAL, but not for the concept DIE.
Euphemisms were more commonly used than dysphemisms
for DIE in the vaccination-neutral dataset, specifically the
euphemism passed away.
Table 3. Euphemism (euph) and dysphemism (dys) counts
for DIE, LIE, and STEAL in each dataset.

Dataset

TTCs

Non-TTCs

Total

anti-vax

218

26144

26362

vax-neutral

2

952

954

DIE

DIE

LIE

LIE

STEAL

STEAL

27316

euph

dys

euph

dys

euph

dys

30

207

21

88

1

28

2

0

1

0

2

total

220

27096

Examples:
agree to disagree
- One thing we learned was that there are times when we
simply have to agree to disagree and move on.
- can't we just agree to disagree? i realize she is
concerned for the health of my child, but we have done
SO much research into this and we are well-educated in
health issues in general.
do (your/your own/the) research
- For those of you that may harbor a bit of fear for vaccine
preventable diseases...Fear not...do your research and
sail through it...In my experience, my DD's teething was
more work than the measles.
- It's a lesson learned: always trust your instinct and do
your own research!
so it goes
- It's odd because while they were premature (seven
weeks), they've been around many many people and
numerous illnesses and never caught them at this rate.
But so it goes…
it is what it is
- I am passionate about not vaxxing...I am, its an instinct
and I just dont know why. It is what it is.
- Not my first choice, or really my choice at all, but it is
what it is.

anti-vax

vax-neutral 3

The top 3 dysphemisms for each concept were kill, murder,
and drop dead for DIE; fraudulent, deceptive, and deceive for
LIE; and crime, rob, and kidnap for STEAL. Dysphemisms for
DIE occurred significantly more frequently in the antivaccination dataset than in the vaccination-neutral dataset at
p = .006. Consider the following examples containing the top
dysphemisms for each concept:
- What doesn't make sense to me is that people actually
believe in companies such as Merck, GlaxoSmithKline,
and other pharmaceutical companies when they have
engaged in heinous business practices, been sued,
knowingly killed people...
- “The scientific publication system is far from golden
standard, and a process that can be easily fraudulent and
abused.”
- some of these people in the medical profession have no
conscience. i look forward to the day when they're tried
for their crimes.

Discussion and Conclusion
We found that users of an anti-vaccination parenting forum
are more likely to use loaded language to express themselves
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than users of a vaccination-neutral parenting forum. Since
many anti-vaccination beliefs are based on various
conspiracy theories (that vaccines do not work, vaccines are
harmful, vaccines contain microchips, vaccines are part of a
government-sponsored depopulation program, etc.) and antivaccination beliefs are strongly correlated with belief in
unrelated conspiracy theories (Goldberg & Richey, 2020),
these findings support the hypothesis that loaded language
may be indicative of conspiracy theorizing.
For thought-terminating clichés, anti-vaccination posts
contained significantly more of this type of loaded language
than vaccination-neutral posts. Thought-terminating clichés
impede further critical thinking, and impeded critical
thinking and faulty reasoning lead to crippled epistemologies
(Sunstein et al., 2009), a factor in conspiracy theorizing. A
discussion forum comparably replete with thoughtterminating clichés may be more disposed to to conspiracy
theorizing.
For euphemistic and dysphemistic language, antivaccination posts contained significantly more dysphemisms
about death than vaccination-neutral posts. Euphemistic and
dysphemistic language produce a certain amount of
ambiguity in meaning since they substitute words or phrases
for alternatives with different connotations. Ambiguity
regarding the nature and cause of death (e.g. implying that
children are killed rather than dying) is in service of a
conspiratorial narrative which posits a powerful group of
people as actors. Historically, dysphemisms have been
studied as tools to conceptualize political enemies (Bakhtiar,
2016) and to divide the world into “good” and “bad” for
persuasive ends (Veisbergs, 2006). Dysphemisms swap out
neutral/basic words and phrases for more negative ones to
express hatred, neglect, or irritation (Кrysin, 1994). In the
case of death, which is already a taboo topic with negative
polarity, dysphemisms may serve to emphasize the perceived
cruelty or barbarity of dying as a result of vaccination or at
the hands of the pharmaceutical industry.
This study has two important limitations. First, the sample
size of the vaccination-neutral dataset is small. While this
does not mean it is not representative, there is an increased
chance for a sampling bias to occur. Future work can address
this issue by evaluating the presence of loaded language in a
forum dedicated to discussing a broader range of conspiracy
theories and comparing it to a forum dedicated to discussing
science topics, such as the subreddits r/conspiracy and
r/science. This methodology avoids encountering the sample
size issue in the non-conspiratorial narrative by using the
entirety of a forum (or a recent subsection), rather than
extracting posts pertinent to a topic. In the present study we
focused on vaccine-related conspiracy theories as a test case
to study loaded language and conspiracy theorizing while
planning to expand the domain in future research. Second, the
methods described for finding euphemisms and dysphemisms
in text are fairly labor-intensive and only semi-automatic. As
described earlier, we checked the context of each post
containing the hit for the meaning of the euphemism or
dysphemism to ensure we were not counting words whose

contextual meaning is not euphemistic or dysphemistic, and
therefore should not be counted towards the totals. To make
this process more efficient, we will develop filters to remove
non-euph/dysphemistic patterns of usage. For example,
developing a filter to omit senses of slaughter that are
followed by (beef/poultry/pork/…) removes common
conflating senses of slaughter. That way, the remaining hits
for slaughter are more likely to be euph/dysphemistic like
“Johnson & Johnson is slaughtering children.”
Despite these limitations, this study demonstrates that users
of anti-vaccination parenting forums are more likely to use
loaded language to express themselves than users of a
vaccination-neutral parenting forum. Since many antivaccination beliefs are based on various conspiracy theories
(that vaccines do not work, vaccines are harmful, vaccines
contain microchips, vaccines are part of a governmentsponsored depopulation program, etc.), these findings
support the hypothesis that loaded language may be
indicative of conspiracy theorizing.
This research lays the groundwork for an expanded
examination of loaded language in forums dedicated to
discussing a broader range of conspiracy theories. In
accordance with the paradigm described by Bessi et al.
(2015), anti-vaccination attitudes correspond to conspiracy
theorizing narratives and vaccination-neutral attitudes
correspond to science-based narratives. We intend to
examine additional types of loaded language and evaluate
their presence in forums according to this established
paradigm. In particular, we are beginning studies relating to
(1) biblical references and phrases, and (2) ingroup/outgroup
language – two other forms of loaded language identified in
the literature. Biblical literalists are significantly more likely
to believe in a variety of conspiracy theories (Baylor
University, 2021), and may occasionally speak in
Christianese, a religiolect with distinct terms and jargon used
within many branches and denominations of Christianity.
Ingroup identification – the desire to belong to and maintain
a positive image of the ingroup – is important in conspiracy
ideation (Douglas et al., 2017). Distancing oneself/one’s
ingroup from the outgroup (of powerful people who carry out
the conspiracy) is also important. Ingroup and outgroup
language has been studied in the context of conspiracy
theories and anti-vaccination views, but only in the online
space of Twitter which has a distinctive character limit (Mitra
et al., 2016; Fong et al., 2021).
The present study examines the relationship between
loaded language and conspiracy theorizing in a test case
scenario, and provides evidence for whether and to what
extent loaded language appears in conspiracy theorizing
language. Findings contribute to scholarship in linguistics
and the cognitive sciences, as well as to the type of complex,
expert knowledge needed to build more interpretable AI
systems for tasks such as content moderation.
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Abstract
Our ability to share abstract knowledge with others is a defining feature of modern human intelligence. What information
do people choose to include in such communication? Here we
develop a novel physics-based video game to elicit natural language responses on how this game works to teach other people.
We collected data from 238 participants and found that people
explicitly described the latent physical properties of the game
environment like mass and gravity in their responses. We also
found that people who performed better in the game also produced responses that covered more latent physical properties.
Taken together, our study provides novel insight into how people communicate their understanding of physical dynamics in
natural language.
Keywords: intuitive physics; explanation; communication;
linguistic abstractions

Introduction
Much of what we learn about the world comes not from our
own experience but by learning from others, often via language. For example, coaches often instruct kids on how different strokes affect the trajectory of a tennis ball; we were
taught since little not to sit in the way of wind to prevent
inhaling smoke at a barbecue. Our ability to transmit and
build upon abstract causal knowledge previously learned by
others is a fundamental aspect of modern human cognition
(Tomasello, Kruger, & Ratner, 1993; Boyd, Richerson, &
Henrich, 2011). This propensity for sharing abstract and generalizable knowledge has enabled us to accumulate rich information about the structure of our world. How then do people
communicate about their structured knowledge to help others
to learn? What information do they choose to include?
Prior work investigating communication suggests that explanations provide an important means of conveying abstract
causal knowledge (Lombrozo, 2006), yielding benefits for
one’s own (Chi, De Leeuw, Chiu, & LaVancher, 1994) or
others’ learning (Webb, 1982). Explanations often go beyond
what can be experienced, conveying abstractions and generalizations (Voiklis & Corter, 2012; Schwartz, 1995). In particular, it has been shown that generic language (e.g. “Birds fly.”)
provides a simple and ubiquitous way to communicate generalizations about categories (Tessler & Goodman, 2019). It has
also been studied how people communicate about the causal
relationship between different parts in a mechanical systems
(Huey, Walker, & Fan, 2021). However, our rich knowledge
about the world goes beyond just knowing about concepts and

detecting the mere presence of causal relationship between
variables: people build structured generative world models
that provide reliable predictions so as to behave appropriately
in our open-ended, dynamic environment and generalize to
various scenarios (Battaglia, Hamrick, & Tenenbaum, 2013).
Thus, how people are able to communicate about their world
model encoding the dynamics of the physical environment
poses a different challenge than communicating about concepts or causal relationships. A more detailed characterization of explanations on physical world models is critical for
advancing our understanding of how people transform their
everyday direct experience with the physical world into compressed representations that explain how things work.
A wealth of research in intuitive physics has established
that people have rich world models that encode the underlying dynamics of the physical world (Sanborn, Mansinghka,
& Griffiths, 2013; Ullman, Spelke, Battaglia, & Tenenbaum,
2017; Ullman, Stuhlmüller, Goodman, & Tenenbaum, 2018).
Such models not only enable people to make reliable physical predictions and inferences but also generalize to unpredictable future tasks and situations, regardless of their formal understanding of physics. However, it is less clear how
people are able to convert this implicit understanding of the
physical world to explicit knowledge that can be transmitted
to others. A better understanding of how people communicate about their intuitive physics knowledge will not only
shed light on how people encode physical abstractions in language, but also supports a broader conceptualization of how
people’s internal world model is structured.
In this paper, we investigate how people transform their
direct intuitive physics experience into compressed forms to
teach other people using language, and identify what information people choose to include in such communication. To
this end, we developed a novel physics-based video game to
elicit natural language explanations on how this game works.
Specifically, participants were asked to use a paddle to catch
balls of different masses in two environments where different latent forces (e.g. gravity, wind) are at play. We then
ask them to write a short paragraph to teach someone who
has never played this game how this game works. To identify the distinctive information people choose to include, we
use a baseline group for comparison where responses were
produced in the absence of any explicit goal to teach an audience how to play the game. Our results suggest that people
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Figure 1: Two-stage experiment. (A) Stage one: direct physics experience through the game, participants played a physicsbased video game to catch the ball with the red paddle under different settings. Physical concepts are annotated in dashed lines,
visual concepts in solid lines. (B) Stage two: natural language elicitation, participants were randomly assigned to either explain
or to describe the game upon finishing the game.
can successfully perform this task and that the latent physical
properties like mass and gravity were explicitly encoded in
their language. Furthermore, we found that those who performed better in the game also mentioned more latent physical concepts.

Experiment
Participants
238 participants (142 female; Meanage = 31.8 years) recruited
from Prolific completed the experiment. We included data
from all participants, as they all met our preregistered inclusion criteria. Participants provided informed consent in accordance with the UC San Diego IRB. The experiment lasted
approximately 40 minutes and participants were paid $14/hr
based on this expected completion time.

Task environment
To probe physical prediction in this experiment, we ask participants to play a virtual game of catch. A ball is launched
from a point on a large circle, and the participants’ task is to
move a rectangular paddle along the outside of the circle to
catch the ball (see Figure 1A for an example). Each trial began with the paddle placed at 3 o’clock, participants then adjusted the paddle’s location with the arrow keys. When participants were happy with the paddle’s location, they launched
the ball using the spacebar and as soon as the ball was
launched, they could no longer adjust the paddle location.
The ball’s launch trajectory was animated. If the ball made
contact with any part of the paddle, this was considered a
success. Participants then pressed the spacebar to proceed to
the next trial.
We manipulate the following variables in each trial: the environment where the participants preform this task, the mass
of the ball, the location where the ball was launched, and the

force the ball was launched with. Each of these design elements is explained below.
In order to introduce different latent forces that require different predictions to maintain high accuracy, we use two environments cued by different background images. In one environment, there is only gravity (Fg ) pulling downward; and
in the other environment, there is both a downward gravity force and a rightward wind force (Fw ). As these forces
are evocative of indoor/outdoor environments, we use the indoor/outdoor nomenclature for simplicity throughout the paper. To elicit participants’ inferences about physical parameters, we use three types of balls: light, medium and heavy.
All balls are the same size, but have different colors and textures, allowing participants to learn a color/texture → mass
mapping throughout the experiment. The correspondence between the color/texture of the ball and its mass is shuffled
across participants. As a way of measuring how well people
could make predictions under different physical conditions,
the ball appears at a location sampled from each of the 12
hours on a clock face, and is launched towards the center of
the big circle with an initial force whose direction and magnitude were indicated by an arrow, either strong (red) or soft
(orange).
We manipulate mass (light, medium, heavy) and environment (indoor, outdoor) using a “2 × 3 factorial design” such
that succeeding on any given trial required combining these
two latent variables (see Figure 2A). Each ball-environment
combination consists of 24 trials (12 launching locations × 2
launching forces), resulting in 144 trials in total.
In order to probe generalization and thus deeper understanding of physical dynamics, we divide the game into a
training phase and test phase, the division was not visible to
participants. In the training phase, participants are exposed
to five of the six ball-environment combinations. The subse-
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Figure 2: (A) 2 × 3 design matrix, where participants were trained on 5 out of these 6 cells and asked to generalize to the other
cell. (B) RMSE for all 6 conditions, black thick line is the mean. The dashed red line represents expected performance under
random guessing (Rinaman et al., 1996).
quent test phase only includes trials with the remaining ballenvironment combination. In order to generalize to the test
phase, the participants need to successfully infer the underlying structure (the existence of gravity/wind) as well as the
specific parameters (how strong the gravity/wind is, and how
heavy the balls are) of the physical environment. We randomly assign participants to each of the six ball-environment
combinations as their held-out test phase.

Natural language elicitation
After the participants have finished the game, they were randomly assigned to either explain or to describe (see Figure
1B), resulting in 119 participants in each condition. In the
explanation condition, they were given the following prompt:
“Imagine someone who has never played this game before
but is interested in learning how to play. What would you
tell them so that they understand where to put the paddle on
any given trial? Please write a short paragraph that provides
them with the most important information to help them succeed.”
in the description condition, they were prompted to:
“Imagine someone who has never played this game before
but is interested in picking it up at the store. What would
you tell them so that they could identify it based on a few
screenshots? Please write a short paragraph that provides
them with the most important information to help them pick
out this game from a lineup of other similar-looking ones.”

Results
How well can people play this game?
Given that participants had no prior exposure to this task environment, we first sought to evaluate how accurate participants’ predictions were in absolute terms. On each trial, we
measured the participants’ paddle location, the ball’s ground
truth landing location when it crossed the large circle, and
the angular difference between them. To quantify accuracy
of participants’ behavior, the root average squared deviation from the ground truth landing location in degrees was
analyzed (root mean squared error, RMSE). We calculated
RMSE for the first and second half of training, and test phase,
collapsing over the feature dimensions that varied (launch-

ing force, launching location, ball mass, environment) because the design was carefully counterbalanced such that
each feature was equally likely to be practiced. Figure 2B
shows RMSE for all 6 conditions. Participants’ performance
was significantly above chance at every point during this experiment (t = −73.16, p < 0.001). Initially, RMSE was
high (mean=56.22◦ ), presumably reflecting the fact that participants were uncertain about the physical dynamics when
they were first introduced to this task context; participants
would have faced high error when their estimates of either
the structure (e.g. the existence of wind in the outdoor environment) or the parameter (e.g. the mass of the balls, the
magnitude of the wind, etc.) was wrong. Figure 1A shows
an example of how different estimates lead to very different predictions of the ball’s landing location. By the end of
the experiment, however, participants significantly improved
(mean=40.79◦ ; b = −6.55,t = −2.90, p < 0.01). Different
conditions showed similarly low error rates, with the exception of the lightest ball in the outdoor environment, reflecting
the fact that the lightest ball’s behavior is relatively hard to
predict when wind is at play. Broadly, this suggests that while
people may have struggled to learn the mechanics of the task
at the beginning, they rapidly improve over time.

How are explanations different from descriptions?
Given participants’ successful learning and generalization,
the next question we ask is how were people able to convey
their direct physical experience in natural language such that
they can explain how this game works to someone else. In
other words, what information do people choose to include in
their explanations? One hypothesis is that people will choose
to directly convey their raw experience. Critically, on this
view, they will put an emphasis on the observable visual features of the game. However, another possibility is that participants will emphasize the mechanics of the game but ground it
in the visual attributes. In this view, rather than only conveying information about the observable features of the game,
people will distill their raw experience into the latent dynamics of the physical world that they inferred from raw experience, but ground it in the visual components of the game to
better explain to a novice about how this game works. Finally,
a third account is that explanations fully abstract away from
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for the other way around.
the surface details, and just preserve the functional information, omitting mentioning perceptual features.
To test these hypotheses and identify the properties that are
distinctive of explanations, we use description as a baseline
for comparison, which were produced in the absence of the
goal to teach someone how to play this game. In this section, we first analyze the raw responses from the two conditions. We found that explanations produced by participants
tended to be longer than the produced descriptions in terms of
word counts (Meanexp = 63.14, Meandes = 41.12; b = 22.03,
t = 4.54, p < 0.001), suggesting that people devoted more effort and contained more information when producing explanations than descriptions. We further observed that the distribution of word count for explanation is long-tailed, meaning
that some participants chose to write long paragraphs when
prompted to explain, whereas the word count distribution for
the description group is more concentrated at the mean. To
rigorously evaluate whether these two distributions are different, we computed the Jensen-Shannon distance (JSD) between the word count distributions of the two conditions. We
compared the JSD to a null distribution generated by randomly assigning responses to the two conditions (Nichols
& Holmes, 2002) and found that the distance between the
two conditions was greater than that expected under the null
(p < 0.05).
Beyond word counts, to explore any systematic differences
in the words used in explanations or descriptions, we investigated the frequency of each word used in both conditions.
We visualize the difference of the normalized frequencies
in Figure 3. This demonstrates that a variety of concepts
from both latent physical properties and visual components
were presented in language responses collected. Nevertheless, words pertaining to game mechanics and latent physical properties (“wind”, “gravity”, “force”, “direction”) were
more frequently mentioned in explanations, whereas words
that describes the game (“circle”, “one”, “two”, “three”) were
more frequently used in descriptions.
The overall statistics in word counts and most diagnostic
words for each condition provides us with insight on the literal overlap in participants’ responses when prompted to either explain or describe. We next sought to explore how the
information being conveyed in the two conditions are seman-

“A tennis inspired game in which the aim is to
move the paddle and bounce the ball back.”
“The room has gravity. The outer area also
has gravity but wind blows toward east.
The order that the ball goes farthest to
the least farthest is pink, blue, brown.”

Figure 4: 2D projection for neural language model vector
embeddings of responses, showing high degree of separation
between explanation and description responses. Three data
points were annotated as examples for a typical explanation
response, a typical description response, and a boundary response, respectively.
tically different. To explore this question, we leveraged the
rich semantic information encoded in the large pre-trained
neural language models developed recently by extracting the
embeddings of these responses using the language model.
Specifically, we used the Sentence Transformers (Reimers &
Gurevych, 2019) to obtain a contextual vector embedding (dimensionality d = 384) for each response and then applied dimensionality reduction to project the response embeddings to
a 2D space for visualization (see Figure 4).
For a simple measure of the separability of the two response types (Lorena, Garcia, Lehmann, Souto, & Ho, 2019),
we fit a linear support vector machine classifier (Cristianini,
Shawe-Taylor, et al., 2000) to the embeddings. We use 5-fold
cross-validation (0.7/0.3 train/test ratio) and obtain a mean
accuracy of 0.92 ± 0.01. This relatively high degree of separation indicates significant semantic differences between the
language used by participants in these two conditions (see the
three annotated responses as typical examples for explanation
or description in Figure 4). Together, these findings suggest
that participants used different language both in terms of linguistics and semantics when prompted to explain or describe.

How well do the concepts people mentioned
correspond to the task environment?
In the previous section, by analyzing raw linguistic data,
we found that responses from explanation and description
are significantly different form each other in terms of word
counts, most diagnostic vocabularies, and latent embeddings,

2683

Leveraging these semantic part annotations, we found that
the distribution of tags are significantly different across the
two conditions (χ2 (12) = 251.98, p < 0.001): explanations
invoke the key physical concepts much more frequently than
descriptions, highlighting the centrality of these concepts for
explanatory responses. Both descriptions and explanations
invoke visual concepts, though these are more common in
descriptions. The reduced emphasis on visual concepts in explanations replicated the findings in the literature on verbal
explanations (Legare & Lombrozo, 2014) and on visual explanations (Huey et al., 2021), in which explanations had a
reduced emphasis on perceptually salient but irrelevant features.
It is worth noting that even though explanations had a systematic emphasis on physical concepts compared to descriptions, a number of visual concepts (e.g. color of the balls,
background image, etc.) were still frequently mentioned.
This is because physical concepts were grounded by the game
environment, participants often need to utilize visual concepts
to establish a working context for physical concepts they want
to explain, in other words, physical concepts would not be
sensible without the presence of visual features. For example, in “View the three balls as being one heavy (brown), one
medium (pink), one light (blue). The room has normal gravity and the forest has offset gravity to the bottom right”, the
visual concepts, “brown”, “pink” (color of the balls), “room”,
“forest” (background image), etc., provided a critical context to explain the concept of mass and forces. Together,
these findings suggest that when prompted to explain, people neither only focused on visual attributes of the game, nor

0.25
0.20
frequency

PHYSICAL

VISUAL

Explanation
Description

0.15
0.10
0.05
0.00

m
lau d as
nc irec s
hi tio
ng n
fo
r
gr ce
lau
av
nc
it
hi
ng wi y
lo nd
ca
tio
n
m
re isc
fe
re .
nc
ar e
ro
ba
pa w
ck
d
dl
gr
e
co oun cir
lo d i cle
ro m
f t ag
he e
ba
lls

but this does not provide us with a clear insight on how the information being conveyed in the two conditions are grounded
in the specific relevant concepts for this task environment. To
this end, we annotated the collected linguistic corpus using
13 different tags. We focused on two domains of conceptual
content used in this game. First, we have 6 tags for language
that conveys the physical properties in the game: these are
the physical parameters that define a generative model where
each trial is sampled from, thus determine the trajectory of
the ball, and where the participants should place the paddle.
These 6 tags covers the main components of this generative
model. Given participants’ successful learning and generalization, we hypothesize that they should be able to cover the
basic components of this generative model in their language
response when prompted to give a good explanation for how
to play this game. Second, each of the latent physical parameters only becomes observable by being bound to visible
attributes of each scene – these are what participants directly
observe from on a single trial. To accommodate this, we made
a tag for every visual component on the task display, resulting
in another 6 tags. The last tag was for miscellaneous information (see Figure 5 for all the tags we used). The annotation of language responses using tags was performed by one
of the authors blind to the prompt condition (i.e. explanation/description).

Figure 5: Frequency of different tags for the two conditions,
normalized by the total number of tags in each condition.
did they fully abstracted away from the surface details, but
rather explained the latent physical properties and mechanics
by grounding them in the visual components.
Do all explanations put a strong emphasis on the latent mechanics of the game? We next sought to explore the variability of responses within the explanation condition. To this end,
we designed another way of tagging the responses: explanations were broken down into two categories, causal or procedural. A causal response encodes the latent dynamics of
the game but does not specify how someone should exactly
place their paddle on a given trial. A procedural response,
on the other hand, details a procedure that someone should
follow, but does not identify any underlying causal forces or
relations. See below for an example of each category:
Causal: “The blue ball is heavy and immediately drops
close to where it lands, the yellow is light and is less impacted
by gravity, the red is in the middle point of these. In the room
there is no wind effecting the balls path but outside there is
a wind blowing the balls to the right to factor into the balls
flight path.”
Procedural: “...for the blue ball, you should often place
the paddle across the circle from where the ball launches,
although it has a tendency to move to the left. For the pink
ball, it does not launch very far and tends to fall. If the pink
ball is launching from the bottom, place the paddle slightly to
the left of the ball because it will fall and will not move far. If
the pink ball is launching from the top of the circle, place...”
In our initial exploration of the prevalence of “causal” and
“procedural” explanations, one of the authors annotated each
response. This preliminary analysis suggests that causal explanations (58.14%) were more prevalent than procedural
explanations (23.26%), with some explanations not falling
neatly into either category (18.60%). To provide some external validation that the explanations that had been tagged as
“causal” and “procedural” were semantically distinguishable,
we conducted 5-fold SVM classification analysis on their
Sentence Transformer embeddings, and found that they could
be classified with reasonably high accuracy (0.88 ± 0.07).
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Previous research has suggested that when instructing
novices, experts will make more abstract statements and
fewer concrete statements than beginners (Hinds, Patterson,
& Pfeffer, 2001; Chi, Feltovich, & Glaser, 1981), as well as
use more advanced concepts and fewer basic concepts (Hinds
et al., 2001). In line with this idea, we hypothesize that participants who performed well on this game should be able to
provide more abstract explanations when prompted, and at
the same time mention more latent physical concepts in their
responses than those who performed less well in the game.
To this end, we define a simple metric to quantify the quality of a response with respect to the two kinds of semantic
concepts discussed above: physical and visual. We define RP
and RV as the recall over the set of physical concepts P and visual concepts V , respectively. Denoting T (x) to be the set of
tags appearing in response x, we can calculate physical/visual
recall for a given response x as follows:
|T (x) ∩V |
|T (x) ∩ P|
, RV (x) =
RP (x) =
|P|
|V |
A response with perfect recall for physical and/or visual
concepts means that all relevant corresponding concepts were
covered. We use participants’ test phase performance as a
proxy for task performance, which was measured by their
RMSE compared to the ground truth landing locations (lower
RMSE means better performance).
We group responses by visual and physical recall respectively. Responses with above median physical recall R p exhibit a lower RMSE compared with responses with belowmedian R p (above: 32.70◦ , below: 43.06◦ ; t(116) = 3.27,
p < 0.01). For the case of visual concepts, we did not
find a significant difference on performance between groups
(above: 35.18◦ , below: 39.18◦ ; t(116) = 1.11, p = 0.27).
Furthermore, we found a negative correlation between physical recall R p and RMSE (r = −0.32, p < 0.001), but did not
find a strong correlation between visual recall Rv and RMSE
(r = −0.18, p = 0.06). Taken together, these results suggest that participants who performed well on this game tend
to mention more latent physical concepts compared to those
who performed less well, echoing previous findings which
suggests that experts use more advanced concepts and fewer
basic concepts.
To test our hypothesis about the interaction between performance and abstractness, we compare the RMSE of the causal
explanations and the procedural explanations, and found a
significant difference (causal: 33.96◦ , procedural: 43.98◦ ;
t(116) = 3.01, p < 0.01). We further compared the percentage of each type of explanation in different performance
groups. As is shown in Figure 6, the distribution of explanation types for participants performing above the median is
different from that for below-median participants (χ2 (2) =
10.49, p < 0.01). Among participants performing above the
median on the task, the proportion of causal explanations is

















   
     

  



How does the content of explanations relate to task
performance?

Figure 6: Proportions of
causal and procedural
explanations in different
performance
groups.
Category misc. is for
explanations that do not
fall neatly into either
category, e.g., “The game
is great but slightly missing the ball is not fun.
Especially after thinking
you have mastered it”.

much higher that those in the bottom half. This suggests that
participants who performed well on this game indeed tend to
give more abstract causal explanations as opposed to providing detailed procedures.

Discussion
How do people transmit knowledge about intuitive physics to
others? This paper investigated how direct intuitive physics
experience was compressed into language and identified the
critical information people chose to include in such communication. We developed a novel online physics-based video
game to simulate intuitive physics experience and asked participants to teach someone else to play this game in natural
language. By comparing to a baseline group, we found that
people chose to explicitly describe the latent physical properties of the game environment like mass and gravity when
teaching others. We also found that those who performed
well in this game provided more abstract explanations and at
the same time covered more latent physical concepts rather
than concrete visual features in their response than those who
performed less well in the game.
Knowledge built culturally across generations allows humans to learn far more than an individual could glean from
their own experience in a lifetime. Our work sheds light on
how abstract causal knowledge about intuitive physics can be
transmitted between individuals. In future work, we plan to
investigate how people learn to play intuitive physics games
guided by natural language explanations, possibly more efficiently. Future experiments could assign each participant as
either teacher or student where the teacher plays the game
first and pass along explanations to the student, who proceeds
with the explanation to explore the underlying dynamics of
the game. Investigating the student’s learning efficiency and
generalization behavior will be critical to expose the role of
culturally transmitted knowledge in individual’s learning.
In sum, our paper reveals novel insights about how intuitive
physics experience was compressed into natural language in
order to teach someone else. Insights from such studies may
lead to a deeper understanding of how we encode and explain abstract physical knowledge as well as facilitating AI
research in human-machine collaboration.
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Abstract
Our ability to make reliable physical predictions even in novel
settings is a hallmark of human intelligence. Here we investigate how people infer multiple physical variables simultaneously and compose them to generalize to a novel scenario. Participants (N=203) observed a series of balls launched at different angles in a 2D virtual environment and generated predictions about their trajectories. We found that people could
infer the masses of different balls based on these observations,
as well as the existence of a latent ”wind” force, and compose knowledge of these two variables to generalize to novel
situations in a subsequent test phase. We modeled this generalization as the consequence of being able to simulate trajectories by independently combining force and mass information in accordance with Newtonian mechanics. To validate this
approach, we also tested several alternative models and compared their generalization behavior to one another and to that
of people. Together, our study points to the value of using generalization to probe the underlying representations supporting
physical prediction.
Keywords: intuitive physics; world model; compositional
generalization; computational models

Introduction
People readily make physical predictions about how objects
will behave even in novel situations. For example, golfers can
use their prior knowledge about golf balls and wind forces
to play on a windy day; gamers playing Super Mario Bros.
quickly learn how different characters react differently to the
unnatural gravity in the game, and later readily control these
avatars to accomplish tasks in underwater scenarios by factoring in water resistance. Indeed, living in an uncertain and
open-ended physical world, a fundamental goal of our cognition is to generalize from limited experience so as to behave appropriately in unpredictable future tasks and situations. How do people learn to “carve physics at its joints”
– that is, to uncover hidden variables and rules that can be
flexibly used to generalize to new scenarios?
One possibility is that people are not just learning to
map input sensory information to output predictions, but are
rather inferring the latent properties in a structured generative world model – an internal model encoding the physical dynamics of how the world works (Battaglia, Hamrick,
& Tenenbaum, 2013). Prior work in intuitive physics has
established that people can infer latent physical parameters
like mass (Sanborn, Mansinghka, & Griffiths, 2013; Hamrick, Battaglia, Griffiths, & Tenenbaum, 2016) and friction
(Ullman, Stuhlmüller, Goodman, & Tenenbaum, 2018) by

observing object’s motion. In particular, it has been argued
that people’s inference and judgements about physical properties can be explained by having a noisy Newtonian internal physics model (Ullman, Spelke, Battaglia, & Tenenbaum,
2017). Going beyond just inferring a single parameter in the
physics model, it has also been found that people are able
to simultaneously induce the conceptualization of objects as
well as the causal relationships between them by watching
objects interact with each other in the domain of magnetism
(Bonawitz, Ullman, Gopnik, & Tenenbaum, 2012). Together,
these findings suggest that people can learn an internal world
model that encodes the underlying dynamics of the physical
world at multiple levels: from underlying causal structure to
specific parameters.
However, if world models could not extend to novel objects
and situations, they would be of limited use to us. Therefore,
a crucial aspect of learning a structured world model is that
people should be able to flexibly compose the variables in
the model to make reliable physical predictions when faced
with novel scenarios that are related but nonidentical to past
experiences. To date, however, few studies have investigated
how or whether people are able to accomplish this.
In this paper, we sought to explore how people learn physical world models such that they can compositionally generalize to novel scenarios and make reliable predictions. We focus on a specific kind of physical world model, namely models that encode the latent forces and masses of objects in an
environment. This kind of world model, although simple, can
have a wide range of variations (e.g. types of forces, different
mass values) and is a prerequisite for learning more complex
world models. To this end, we developed a novel paradigm
where participants must infer multiple latent variables of the
physical dynamics during training and compose them to generalize in the test phase. Specifically, we ask participants to
play a physics-based video game. In this game, participants
use a paddle to catch three balls of different masses in two environments where different latent forces (downward gravity
and a wind force blowing to the right) are at play. People were
trained on 5 out of these 6 ball-environment combinations and
then asked to generalize to the held-out combination. In order to succeed at this task, participants must infer the latent
structure (e.g. the existence of different latent forces in different environments) as well as physical parameters (e.g. mass
of different balls) of the underlying dynamics and compose
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Figure 1: (A) The 2 × 3 design matrix of our experiment, where participants were trained on 5 out of these 6 cells, and asked to
generalize to the held-out cell. The choice of held-out cell was counterbalanced across participants. (B) Different trajectories
of a ball when its mass and the environment varies.
these to generalize in the novel ball-environment combination. We find that people can learn both latent variables, and
critically compose this knowledge to generalize to the novel
combinations in the test phase. Our modeling results suggest that people achieve such generalization, in part, by constructing composable internal models of the physical scene
and performing model-based compositional generalization.

Experiment
Participants
203 participants (100 female; mean age = 25.9 years) recruited from Prolific completed the experiment. Data from
all participants were included as all met our preregistered inclusion criteria. Participants provided informed consent in accordance with the UC San Diego IRB. The experiment lasted
approximately 35 minutes and participants were paid $14/hr
based on this expected completion time.

Task environment & procedure
To probe physical prediction, in this experiment, we ask participants to play a virtual game of catch. A ball is launched
from a point on a large circle, and the participants’ task is to
move a rectangular paddle along the outside of the circle to
catch the ball (Figure 1B). Each trial began with the paddle
placed at 3 o’clock, participants then adjusted the paddle’s
location with the arrow keys. When participants were satisfied with the paddle’s location, they launched the ball using
the spacebar (as soon as the ball was launched, they could no
longer adjust the paddle location). The ball’s launch trajectory was animated. If the ball made contact with any part of
the paddle, this was considered a success. Participants then
pressed the spacebar to proceed to the next trial. We manipulate the following variables in each trial: the environment
where the participants perform this task, the mass of the ball,
the location where the ball was launched, and the force with
which the ball was launched.
In order to introduce different latent forces that require different predictions to maintain high accuracy, we use two en-

vironments cued by different background images. In one environment, there is only gravity (Fg ) pulling downward; and
in the other environment, there is both a downward gravity force and a rightward wind force (Fw ). As these forces
are evocative of indoor/outdoor environments, we use the indoor/outdoor nomenclature for simplicity throughout the paper. To elicit participants’ inferences about physical parameters, we use three types of balls: light, medium and heavy.
All balls are the same size, but have different colors and textures, allowing participants to learn a color/texture → mass
mapping throughout the experiment. The correspondence between the color/texture of the ball and its mass is shuffled
across participants. As a way of measuring how well people
could make predictions under different physical conditions,
the ball appears at a location sampled from each of the 12
hours on a clock face, and is launched towards the center of
the big circle with an initial force whose direction and magnitude were indicated by an arrow, either strong (red) or soft
(orange). We manipulate mass (light, medium, heavy) and
environment (indoor, outdoor) using a “2 × 3 factorial design” such that succeeding on any given trial required combining these two latent variables (see Figure 1A). Each ballenvironment combination consists of 24 trials (12 launching
locations × 2 launching forces).
The game consists of a training phase and test phase. In the
training phase, participants are exposed to five of the six ballenvironment combinations. The subsequent test phase only
includes trials with the remaining ball-environment combination. To generalize to the test phase, the participants need to
successfully infer the underlying structure (the existence of
gravity/wind) as well as the specific parameters (how strong
the gravity/wind is, and how heavy the balls are) of the physical environment. We randomly assign participants to each
of six groups defined by which ball-environment combination was used at test. To give participants an opportunity to
observe how each ball behaved under different launch conditions (launching location, launching forces) in the same environment, we divided the 120 (24 × 5) training trials into
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Figure 2: (A) RMSE for all 6 conditions, black thick line shows the mean and standard deviation. Dashed red line represents
expected performance under random guessing (Rinaman et al., 1996). (B) Three trials with the same launching condition were
selected from the three timepoints. Black-dotted trajectory demonstrates the movement of the ball in each trial. When first
playing the game, participants displayed high bias and variance placing the paddle (left most trial), resulting in high RMSE; in
the test phase, both bias and variance have shrinked dramatically (right most trial).
4 blocks by environment (e.g. indoor first, then two outdoor blocks, then indoor). Transitions between blocks were
not marked, and the order in which participants encountered
the indoor/outdoor environments was counterbalanced across
participants. Within each block, we randomized the sequence
of launching location, launching force and ball mass.

Results
People can learn the dynamics over time
Given that participants had no prior exposure to this task environment, we first sought to evaluate how accurate participants’ predictions were in absolute terms. On each trial, we
measured the participants’ paddle location, the ball’s ground
truth landing location when it crossed the large circle, and
the angular difference between them. To quantify accuracy
of participants’ behavior, the root average squared deviation from the ground truth landing location in degrees was
analyzed (root mean squared error, RMSE). We calculated
RMSE for the first and second half of training, and test phase,
collapsing over the feature dimensions that varied (launching
force, launching location, ball mass, environment) because
the design was carefully counterbalanced such that each feature was equally likely to be practiced. Figure 2A shows
RMSE for all 6 conditions. Participants’ performance was
significantly above chance at every point during this experiment (t = −75.16, p < 0.001). Initially, RMSE was high
(mean=55.01◦ ), presumably reflecting the fact that participants were uncertain about the physical dynamics when they
were first introduced to this task context; participants would
have faced high error when their estimates of either the structure (e.g. the existence of wind in the outdoor environment)
or the parameter (e.g. the mass of the balls, the magnitude
of the wind, etc.) was wrong. Figure 1B shows an example
of how different estimates lead to very different predictions
of the ball’s landing location. By the end of the experiment,
however, participants significantly improved (mean=38.05◦ ;
b = −11.12,t = −4.76, p < 0.001). Different conditions
showed similarly low error rates, with the exception of the

lightest ball in the outdoor environment, reflecting the fact
that the lightest ball’s behavior is relatively hard to predict
when wind is at play because the amount it accelerates due
to the wind is relatively high compared to the heavier balls.
Qualitatively, 2B shows the distribution of participant paddle
placements in the first half of training trials (early), second
half (late) and test condition (test) as a histogram. Broadly,
this suggests that while people may have struggled to learn
the mechanics of the task at the beginning, they rapidly improved over time.

Model-based generalization can account for test
phase behavior
In the last section, we observed that test phase performance
was as good or better than in the training phase, despite
test phase trials consisting of novel combinations of indoor/outdoor context and ball mass. What might account
for such behavior? One possibility is that from the observations in the training phase, participants successfully learn a
world model encoding the latent forces of the different environments and masses of the balls, enabling them to compose
the two pieces of information during the test phase to predict
the ball’s trajectory and place their paddle accordingly.
If this is the case, that is, if the participants’ behavior is
in accordance with their world model’s prediction, then from
their paddle placement, we should be able to work backwards
and infer the world model they have in their mind. To test this
hypothesis, we adopted Bayesian inference to search for the
best explaining world model given the participants’ paddle
placement:
P(M|D) =

P(D|M)P(M)
′
′
∑M′ P(D|M )P(M )

(1)

where D stands for participants’ data (paddle placements),
M for participants’ mental world model, P(D|M) for the likelihood of the participants’ paddle placements given a hypothesized world model, and P(M) for the prior on models.
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As mentioned before, participants need to infer the existence of latent forces (Fg and Fw ) and estimate the mass of
different balls (m1 , m2 and m3 ) to succeed in this task. Since
the gravitational force is constant in all contexts throughout
the task, we only infer mass parameters and Fw . It is worth
noting that although minimal, this hypothesis space encompasses a large variety of world models that participants may
have. For example, if the wind magnitude were 0 in a participant’s world model, they would think there is only downward
gravity and wind does not exist, which is the correct model for
the indoor environment. By varying the ball mass parameter
in a participant’s world model, they would have very different
predictions as to where a given ball would land in the same
environment (see Figure 1B for the trajectories and landing
locations of the same ball under different world models).
Given an initial launching force and launching location
on the circle, the participants’ world model M can simulate
the trajectory of the ball, and estimate the balls’ subsequent
landing location when it crosses the large circle. To capture
participants’ motor noise when placing the paddle, we use
a wrapped normal distribution (defined over angles around a
circle) for the likelihood term P(D|M): P(D|M) = N (µ, σ),
where the mean µ is the estimated landing location using
model M, and σ indicates how noisy the participants are when
sampling a paddle placement given the estimated landing location. A uniform prior P(M) was used for wind (Fw ) (in
ranges [−50, 100]), mass (m) (in ranges [0.5, 5]), and σ (in
ranges [0.05, π/2]).
We use participants’ paddle placement during the test
phase as D to measure their estimation of variables in a novel
scenario. We perform a grid search to obtain the posterior distribution and use the posterior mean as an estimate for each
participant’s (Fw , m, σ). Figure 3 shows the estimated Fw and
m for each participant for all six conditions. The posterior
means and standard deviations for each variable are shown as
the colored crosses. The true underlying model parameters
of the three masses (m1, m2 and m3) and wind force (Fw ) are
shown as red crosses. On the whole, human estimates appear
to track ground truth parameters quite well, although there
is some evidence of shrinkage, or regularization: the lightest
object mass is overestimated by about 10%, and the heaviest
object’s mass is underestimated by about 10%. This pattern
is consistent with shrinkage due to hierarchical inference in
the face of uncertainty (Gelman & Hill, 2006).

People are consistent on compositional
generalization, regardless of their performance
Our model-based analysis revealed substantial variation between individuals (Figure 3), with some participants closer to
ground truth during generalization and others farther away.
For these people who are farther away from ground truth during generalization, is it because they have learned the right
world model but failed to appropriately combine the information, or is it because they are slightly off when inferring the
latent physical properties during training but are still able to
combine these properties when generalizing (even if they are

Figure 3: Fitted parameters for each individual for all conditions, wind (Fw ) on the y axis and mass (m) on the x axis.
Error bars represent standard deviation on each dimension.
Red crosses indicates the ground truth wind and mass values
for the 6 conditions.
not veridical)?
One way to tease apart these hypotheses is to see whether
the estimated wind and mass values are consistent across the
training and test phase. To this end, for each condition, we
compare the estimated wind and mass values for both the
training and test phase. For example, if a participant was
asked to generalize to the medium ball in the outdoor environment, we analyzed all the trials containing either the medium
ball, or in the outdoor environment (see Figure 1, these trials
correspond to the cells in the same row or column as the test
phase cell in the design matrix). Adopting the same Bayesian
method described in the previous section, we then estimate
the wind magnitude and ball mass using the paddle placements in these trials as data D. We compute the correlation
between these estimated values and those estimated using the
test phase. Though the estimated Fw and m in the training
phase are noisier because they include trials spanning the entire training phase (people’s world model are noisy and uncertain at the beginning and gradually improve, see Figure
2), we still see reliable correlations between the values estimated during training and generalization (wind: r = 0.65,
p < 0.001; mass: r = 0.67, p < 0.001). These results suggest
that people are internally consistent between the training and
test phases, even when their estimate of either a ball’s mass
or the wind was not veridical.

Comparing different computational models to
human behavior
Our results so far suggest that participants are able to learn a
mental world model from experience and compose their understanding such that they can generalize to unseen scenarios.
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Figure 4: (A) RMSE of average response for models and human. (B) Correlation between different model and human’s
signed errors.
In this section, we explore several alternative computational
models that make different assumptions about the underlying
representation used to drive decisions, and compare their predictions to human behavior.
To this end, we designed and implemented several classes
of computational models as possible alternative accounts for
how participants might perform this task. We use the same
input for every model: on every trial, launching force, ball
color and environment are encoded as categorical variables
(one-hot); with launching location as a numeric value.
• Straight line heuristic: One possible account is that people are using a simple heuristic that assumes there is no
force at play and objects always travel in straight lines. If
this were true, since balls are always launched towards the
center of the large circle, participants would always place
the paddle across the circle. This heuristic is accurate when
the ball is launched from 12 o’clock in the indoor environment where there is only gravity.
• Linear regression: This models assumes that its input
and the ball’s landing location follow a linear relationship
location = ∑i wi × vari + bi . The free parameters are its coefficients wi and bias bi for each input variable vari , which
are fitted using least squares.
• Memory retrieval: When asked to predict on a new trial,
this model searches through the trials it has already played
before to find the K most similar trials in terms of input,
and then averages the landing locations on these trials to
make a prediction. We implemented a K-Nearest Neighbor
(KNN) model for this, and used Manhattan distance for the
categorical variables in the input, and angular distance (L2)
for launching location. The free parameters are K and the
relative weighting of the angular distance compared to the
Manhattan distance for the similarity calculation.
• MLP: We implemented a 4-layer (200 and 100 units for the
two hidden layers respectively) fully connected neural network, using ReLU as its activation function and stochastic
gradient descent (SGD) optimizer with a learning rate of
0.2. The free parameters are the weights and biases of the
connections.

To systematically compare the pattern of errors made by
the models and humans, we run each model multiple times
to get a distribution of predictions for each trial. The straight
line heuristic model and the linear regression model are deterministic, thus for each trial we only have one prediction from
each of these two models. The variation in the MLP model
comes from running with different seeds; for the memory retrieval model, if two neighbors have identical distances but
different predicted landing locations, the result will depend
on the ordering of the training data, resulting in a distribution
of paddle placements.
For each model, we calculate RMSE using the averaged
predictions on each trial. Figure 4A shows RMSE of the
models compared to humans. The straight line heuristic performs worst at capturing human behavioral patterns, providing strong evidence against the possibility that participants
simply placed their paddle across the circle. The linear regression model and KNN performed about as well as one
other, but reliably worse than humans. Consistent with our
hypothesis above, this indicates that when performing the
task, participants were not retrieving and averaging exemplars
from memory nor fitting a straight line mapping the input to
output. Of the four models, the MLP performs the best in
terms of RMSE. We further calculated the correlations between each model and human’s signed errors, as shown in
Figure 4B, defined as the signed angular deviation between
human/model’s prediction and the ground truth landing location. Positive errors mean that human/model’s prediction is
more “counterclockwise” than the ground truth and negative
for clockwise.
Quantitatively, the MLP outperforms the other alternative
models in capturing human behavior. However, we also discovered systematic deviations between how the MLP and
people behaved on test trials. In Figure 5, we show the same
ball launched from four different locations that spanned the
circle (2 o’clock, 10 o’clock, 6 o’clock and 12 o’clock) in
the indoor environment. Notice that participants’ responses
(shown in blue) are almost always centered at the ground truth
landing location, whereas different models have different patterns of biases. Perhaps most interestingly, when the ball was
launched from 6 o’clock, it went straight up but fell back before reaching the top of the circle. Participants who correctly
inferred the ball’s mass would place their paddle at the bottom, but for those who inferred a lighter mass, they would
place the paddle atop. This is indeed what happened (see
the two modes of participants’ response when the ball was
launched from 6 o’clock in Figure 5). This, again, indicates
that some participants are slightly off when inferring the parameters, but at the same time provides strong evidence that
participants do have a mental model of the world which en-
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Figure 5: Four trials selected from the test phase. In these trials, the ball was launched from 6 o’clock, 12 o’clock, 2 o’clock
and 10 o’clock in the indoor environment respectively. MLP, KNN and human predictions are shown in distribution. Straight
line model and linear regression model’s predictions are shown by the × marker because they are deterministic (see text). We
also show the ground truth trajectory and landing location of the ball in each plot.
codes the notion of “mass”, as opposed to using some heuristics to predict where the ball would land. The MLP in this
case, however, predicts that the ball would swerve to the right.
One possible explanation would be that it does not infer an explicit notion of mass but is rather “averaging” responses in the
training data to generalize to this new ball and environment.
When the ball was launched from 12 o’clock, it went straight
down due to gravity. This is probably the easiest trial of all
144 trials, which is also verified by participants’ concentrated
predictions at 6 o’clock shown in the figure, indicating that
they have inferred the correct latent force model for the indoor environment during the training trials and successfully
applied that to this novel ball-environment combination during generalization. For this very simple trial however, the
MLP systematically deviates from the ground truth and human predictions, suggesting that it has not learned a composable world model to generalize. Broadly, this suggests that
none of these alternative models provides a satisfying account
of how humans were able to perform this task.

Discussion
How are people able to learn the underlying dynamics of the
physical world and compositionally generalize? We developed a novel paradigm where participants must infer multiple
latent variables of the physical dynamics and compose them
to generalize in a novel scenario. We found that people can
learn these variables simultaneously over training, but also
compose novel combinations of ball masses and wind conditions at test. A variety of alternative models fail to capture the
same pattern of results seen in people, suggesting that people
are using compositional model-based generalization to solve
the task.
A key question raised by this paper concerns the representation and learning mechanism that underlie such flexible
generalization. It is possible that structured representation
may play a crucial role, and understanding how humans acquire such rich world models may be critical for developing
AI agents that learn and generalize as flexibly as humans do.

In future work, we plan to investigate how structured computational models can account for human behavior. One possible direction is using probabilistic programs as the representation of world models (Lake, Salakhutdinov, & Tenenbaum,
2015). The compositional nature of programs naturally lends
itself to modeling how people compose knowledge of different variables in the physical world. Acquiring world models
thus becomes program synthesis (Gulwani, Polozov, Singh,
et al., 2017). Human error patterns might be reproduced by
imposing uncertainty on the wind and mass variables in such
programs. Future work should also further develop more
substantial tests of generalization and continual learning in
physics that can be used to more strongly distinguish between
different models. Evaluations in these benchmarks will be
critical to expose the extent to which current state-of-the-art
algorithms for physical reasoning emulate human behavior in
this domain, as well as potential gaps for future algorithms to
fill (Bear et al., 2021).
In this paper, we found that participants could successfully
compose their knowledge about mass and latent forces to generalize to a novel scenario, it is less clear, however, whether
they were able to distinguish the functional form of these
two forces: gravity (Fg = mg) is mass dependent, but wind
(Fw = F0 ) is not. In future work, we plan to manipulate the
functional forms of latent forces and evaluate participants’
generalization behavior by probing physical predictions. Furthermore, people’s world models are likely to encode more
information than just object masses and latent forces (Ullman
& Tenenbaum, 2020), an important direction for future work
is to investigate how people are able to acquire more complex
physical world models and the role they play in generalization.
In sum, our paper reveals novel insights about how people
learn about the underlying dynamics of the physical environment as well as how their world models might be structured.
In the long term, such studies may shed light on the inductive biases as well as learning mechanisms that enable rapid
learning and flexible generalization seen in humans.
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Abstract
How do humans explain and cognize visual information? Why
do AI explanations in radiology, despite their remarkable accuracy, fail to gain human trust? In a study of 13 radiology
practitioners, we found that AI explanations of x-rays differ
from human explanations in 3 ways. The first concerns visual reasoning and evidence: how humans get other humans
to see an interpretation’s validity. Machine learned classifications lack this evidentiary grounding, and consequently XAI
explanations like heat maps fail to meet many users’ needs.
The second concerns the varying needs of interlocutors. Predictably, explanations suitable for experts and novices differ;
presuppositions on explainee knowledge and goals inform explanation content. Pragmatics matter. The third difference
concerns how linguistic terms and phrases are used to hedge
uncertainty. There is no reason XAI might not satisfy these
human requirements. To do so, however, will require deeper
theories of human explanation.
Keywords: Explainable AI; Explanation; Radiology; Visual
Reasoning

Introduction
How do humans explain and cognize visual information?
Here, we present findings derived from observation and
ethnographic study of 13 expert (attending) radiologists and
radiology residents explaining their findings and impressions
to end practitioners such as other attending radiologists, radiology residents who are midway through residency, and medical students doing a rotation in radiology.
We found that Explainable AI (henceforth XAI) explanations of COVID-19 x-rays differ from human explanations in
three ways that teach us something generalizable about the
joint activity of explaining how to interpret an image.
The first concerns visual reasoning and evidence. Humans
get other humans to see the validity of an interpretation by
explaining why they see what they see. That is, they are familiar with the process of directing attention to relevant details, providing evidence for claims, and linking what they see
to why it matters. Machine learned classifications lack this
evidentiary understanding, with the consequence that popular visualizations such as heat maps do not meet many users’
explanatory needs. Language plays an important role in directing how a listener visually inquisitions an x-ray, how they
move from heat map to x-ray and back again, and how they
attribute meaning to what they see. Even the best XAI image
classifiers fail in this regard.
The second way XAI explanations differ from those of humans concerns their sensitivity to the needs of different inter-

locutors. When an explainee receives an explanation, they are
engaged in a conversation and bound by rules for cooperative
conversation (Grice, 1975), which put constraints on what
should be said and how. Predictably, an explanation suitable
for an expert is not suitable for a novice, and vice versa. The
common ground (Clark, Schreuder, & Buttrick, 1983) between groups is different. Accordingly, the Gricean maxims
of quantity and relevance would predict briefer exchanges between experts. A more surprising observation, however, is
that two explainees often need different types of explanations
because the more novice of the two will typically see the context of explanation as an educational moment that goes beyond visual interpretation of a particular image. They want
more generalizable knowledge; they may even want knowledge unconnected to the specific case, an ‘explanation’ that
tells them about x-ray interpretation or reporting itself. The
pragmatics of explanation matters.
The third difference concerns hedging—how an explainer
conveys uncertainty. Linguistic hedges like ‘sometimes’ or
‘likely’ may convey uncertainty throughout an explanation to
provide a comprehensive reliability measure. All this matters for a theory of human visual interpretation and visual
explanation, but it also has a practical side: AI systems in
Radiology, despite their remarkable accuracy, currently fail
to gain human trust because their explanations are inadequate
(Holzinger, Biemann, Pattichis, & Kell, 2017; Holzinger,
Langs, Denk, Zatloukal, & Müller, 2019). This paper is about
the ways current XAI in radiology fail, and how they can be
improved by modeling them after humans.

Background: XAI in Radiology
Current diagnostic AIs for radiology classify images by applying dozens of statistical measures over a full grayscale
image. Radiologists forming diagnostic interpretations are
also sensitive to grayscale changes, but they tend to focus on
edges, blobs, areas of major contrast, and textures describable in natural language. Machines are sensitive to changes
within convolution windows of arbitrary size (Ribeiro, Singh,
& Guestrin, 2016; Lapuschkin, Binder, Montavon, Müller, &
Samek, 2016; Selvaraju et al., 2017) regardless of whether
these correspond to attributes describable in natural language.
The implication is that subtle shading or textural changes that
are statistically informative to the machine may be uninformative to humans. This makes it challenging to explain the
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evidentiary basis of a machine’s classification.
The most common way radiology XAI systems attempt
to explain an image interpretation, such as an x-ray with a
‘COVID-19’ classification, is by providing another image – a
heat map. This is meant to help users understand what regions
(specific pixels) the machine regards as of greater or lesser
importance. Common examples include LIME (Ribeiro et
al., 2016), GradCAM (Selvaraju et al., 2017), and LRP
(Lapuschkin et al., 2016). These are generally paired with
an overall classification label, such as COVID-19 pneumonia, and a probability measure for certainty. Figure 1 shows
a heat map explanation for x-ray interpretation using GradCAM from Chexpert, a classification system for chest x-rays
(Irvin et al., 2019).

Figure 1: A heat map visual explanation for chest x-rays produced by Chexpert using GradCAM (right) and the original
x-ray image (left) it is laid over. Paired with the visualization is an accompanying classification and probability measure “Pulmonary edema, p = 0.824” (Irvin et al., 2019).
Chexpert is impressive in its interpretative accuracy, as are
many other classification systems using similar techniques
(Rajpurkar et al., 2017; Karim et al., 2020). We argue that
these ‘explanations’, however, fall short of those given by human radiologists. First, they fail to draw attention to the visual evidence in the radiograph in the way human explainees
need in order to understand the basis for the interpretation.
Further, they fail to form a set of logical premises that connect
the visual information to a clinically-meaningful radiological
impression using steps of justification.
Explainees need to know what to look at, and in what order.
XAIs fail in this regard: they do not direct the temporal order
of attention. A novice might look anywhere in a heat map and
fail to contextualize what they see because they do not see the
connections between different regions correctly.
In a human-human explanation, by contrast, one person
calls attention to specific regions, and within those regions to
specific features. As an explainer moves through an image,
focusing on what is deemed relevant at each step, they create an argument that constitutes a chain of evidence similar to
step-by-step reasoning in language (Schwartz, Panicek, Berk,
Li, & Hricak, 2011). The primary difference is that when reasoning in language, it is necessary to identify attributes using
descriptions, whereas in a visual explanation, descriptors are

replaced by reference to visual regions displaying those attributes. This assumes the explainee has enough background
knowledge to recognize what is salient. If they do not, they
can ask in language what they should be seeing.
When this temporal ordering of joint attention is successful and paired with enough information to derive meaning,
the explainee should understand the grounds for an image’s
classification. In radiology this classification process is called
an interpretation, the conclusion being an impression. When
the sequence is wrong, or an explainer and explainee lack the
requisite common ground to jointly attend to the salient attributes and make meaning of them, the two are misaligned.
Common ground fails to build up in the right way. As the two
move apart neither can be certain they know what the other
expects them to know.
The most obvious way to improve XAI for image understanding is to rely on language or some visual highlighting
mechanism to call attention to attributes one assumes the explainee knows. Indeed, there have been efforts to group pixels based on perceptual factors like continuity and similarity
and tie these to named shapes (Koontz & Gunderman, 2008).
Pattern-recognition of these shapes might then be meaningfully related to radiological concepts drawn from memory and
built through expertise (Wood, 1999). Connecting visual features to an overall impression could then be assisted with.
Assuming the question of temporal order has also been resolved, such efforts may one day improve XAI for image
classification. Provided, of course, the system is appropriately calibrated to the features different users can actually
recognize. This is no small proviso. Experts see many more
attributes than simple features like blobs, edges, and a few
describable textures. Calibration is a hard and very human
problem. When two people talk they soon determine what
they can assume the other knows. They also have methods for
recognizing what they do not share in common. A real question, therefore, is whether an XAI can adapt and calibrate to
common ground.

Method
To explore the key factors impacting how radiologists explain
their impressions to colleagues, we a) ethnographically observed how radiologists and radiology residents interpret and
explain radiographs; b) interviewed and administered a survey to further assess factors which affect human to human
explanations in radiology. Study procedures occurred in 90
minute sessions over video conference.

Participants
Thirteen (n = 13) participants took part in the study and each
participant completed all study aspects. Seven participants
were attending radiologists and six were radiology residents.
Participant experience ranged from a first-year radiology resident to an attending radiologist with 25 years of experience.
All participants were employed within large hospital systems
dispersed throughout the United States.
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Observation: X-ray Interpretation
During the x-ray interpretation task, participants were observed interpreting and explaining chest radiographs of potential COVID-19 patients via video conference.
Explanations were performed orally, as if the given explainee presented the participant with a radiograph and asked
them for a second opinion - one of the most common contexts
within which explanations occur. Participants were told that
each patient was presenting clinical symptoms of COVID-19
such as cough, fever, and shortness of breath.
Explanations were unidirectional and the participants were
never face-to-face with the receivers; instead, they were told
before each image to which receiver they should tailor their
explanation. This allowed explanations to match current radiology XAI systems that do not allow for interactive dialogue.
Even though participants were not interacting with explainees
themselves, they reported that the study setup felt natural to
them and they didn’t have issues tailoring each explanation.
Each participant saw approximately 12 radiographs to interpret and explain; images were randomized and half were
repeated to multiple explainee types. By repeating images
we are able to examine how explanations differ when given
to different explainees. For repeat images, participants were
asked to explain as if they were seeing the image for the first
time. Given that the interpretation itself is not the basis of
inquiry, we do not believe that repeating biased the explanation given. This was confirmed by participants during interview. Pairwise comparisons were performed to ensure that
there were no differences between explanations of images
that were and were not repeated and any differences between
participants or images were controlled for during analysis.
The x-rays interpreted by our subjects came from one of
the large COVID-19 open datasets pairing radiological images and diagnostic information (Chowdhury et al., 2020).
Our video observations closely match the natural patterns of
communication employed at the time of collection (Matalon
et al., 2020).

Explanation Coding and Nomenclature
Participant explanations were transcribed and broken into
segments to reflect different types of information conveyed
during the interpretation explanation process. Codes were assigned based on how certain types of words and phrases corresponded with each segment. Content was analyzed to reflect the information communicated within each segment and
how the segments unfold over time. This allowed us to evaluate how thoroughly each level was covered by explanations
to different receiver groups, and by what means.
For codes relating to radiology terminology, we used the
Fleischner Society’s Glossary of Terms (Hansell et al., 2008)
along with contemporary references to COVID-19 image
findings (Ng et al., 2020) and the Radlex Radiology lexicon
(Langlotz, 2006).
We conform to the standard definition of radiological ‘findings’ as those statements that describe observations - what is

seen in an image using theory-based jargon (Hall, 2000). For
instance, a ‘ground-glass opacity’ is a radiological finding.
Radiological ‘impressions’ are theoretical conclusions; they
communicate what the findings mean in terms of pathology,
like COVID-19 pneumonia.
Codes relating to the expression of uncertainty, or linguistic hedging, were taken with permission from the collection
of terms and phrases used by Hanauer et al. in their analysis
of uncertainty in clinical documents (Hanauer et al., 2012)
as well as the certainty descriptors in the Radlex Radiology
lexicon (Langlotz, 2006).

Results
We elaborate upon the content of an explanation in radiology
and illustrate how this content changes by end practitioner.

The Role of Presuppositions
The background knowledge and expertise of an explainee is
one of the more obvious factors a radiologist takes into account when tailoring an explanation. We measured participants’ presuppositions of x-ray interpretation (process) and
radiology terminology (terms) expertise by asking them to
rate each group on a 1-7 likert scale (no expertise to super
expert).
Table 1: Presuppositions of Explainee Expertise

Terms
Process

Attending
Mean SD

Resident
Mean SD

Student
Mean SD

6.2
5.8

4.7
3.9

2
1.7

0.3
0.3

0.3
0.3

0.2
0.2

Results follow the expected trend: the higher a receiver’s
role in the healthcare system, the more expertise they are presupposed to have (Table 1). Presupposition rates given by
attending radiologists and radiology residents did not differ
significantly. These results provide the foundational evidence
underlying the assumption that more ground needs to be covered in explanations to explainee groups who are presupposed
to have less expertise. Past work has noted differences in end
practitioner domain expertise, but to our knowledge no radiology XAI systems have been implemented which take into
account these differences.

Explanation Content as Segments
To analyze content, we break human multimodal explanations into linguistic segments that can be counted. These
segments are linguistic units (words or short phrases) which
combine to form the full explanation (Passonneau & Litman,
1997). Segments were determined by identifying the categories of information which explanations progressively cover,
from low-level visual features to abstract impressions using
domain-specific radiology jargon. We also measure ‘elaborations’, which are segments that are categorized by their
function in the explanation, such as providing additional information or next steps. Once segments were determined,
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associated words and phrases were quantitatively measured.
We posit that explanations themselves do not need to cover
all of the segments explicitly. Instead, presuppositions about
a receiver’s knowledge and needs dictate what information
should be included. Figure 2 presents a simplified example
with segments highlighted.

“This blob1 might be5 a ground glass opacity2
by the hazy shape2a . This makes me
think there’s an infection3 like COVID3 .
Given the pandemic this would be my impression3a
and I’d order a follow-up CT4 . If it’s an artifact6 ,
I would check their lung apices for signs of...7 ”

Figure 2: A simplified example explanation with segments
highlighted. The segments are: 1.) Identifying a ROI, 2.)
Abstracting the ROI features to radiological ‘finding terms’,
2a.) If needed, assist with this connection through ‘finding
elaboration’, 3.) Inferring ‘impression terms’ from findings,
3a.) If needed, assist with this through ‘impression elaboration’, and 4.) Contextualize the inferences and add ‘orders’
as next steps. Throughout, the segments are modified to
include 5.) Certainty via ‘hedging’ terms and phrases, and
6.) Alternative conclusions via counterfactuals. 7.) The
x-ray interpretation process is expanded upon via ‘process
elaborations’ if needed.
The first segment in Figure 2 establishes a visual reference
point, a region of interest (ROI), on the image. Identifying a
ROI enables joint attention to visual attributes if the explainee
has the ability to recognize the attributes. Typically a ROI is
pointed out by using a gesture and a simple linguistic descriptor or two with indexical, as in “this blob”.
Second, the visual attributes of the ROI are connected to radiological finding terms, such as “ground glass opacity”. This
allows the ROI to be further identified using domain-specific
language that may help the practitioner understand what they
are seeing. Some explainees have difficulty connecting ROIs
to finding terms. In these instances, an explainer may include
a ‘finding elaboration’ - a pedagogical extra - where information is included to help them understand how they know they
are seeing a particular finding.
Next, impressions are induced from the constellation of
findings identified in the image. This is important for clinical sensemaking, as impressions are the primary information
that helps other providers identify next steps and form a treatment plan (Hall, 2000). Forming impressions from findings
does not occur in a vacuum; the clinical context, patient history, and alternative interpretations of findings may iteratively
inform the likelihood of different impressions. Sometimes a
single impression cannot be identified and instead a differential is communicated (Dahnert, 2017). Similar to finding
elaborations, ‘impression elaborations’ include extra infor-

mation given by an explainer to help a particular receiver understand what a particular finding means in terms of an impression. They help with the inferential process and may not
be required for all receivers.
Fourth, impressions are contextualized within the clinical
context and ‘orders’, or next steps, may be included in explanations to help the receiver know what should be done once
the interpretation process has concluded. This may include
information such as orders for additional images or instructions to other physicians.
Fifth, indicators of uncertainty - hedges - are vitally important in medical settings. The weight or confidence an explainer has in their finding, impression or interpretation has
been shown to impact medical decision making (Hanauer et
al., 2012; Khorasani et al., 2003). In our data, we found
the use of linguistic hedging in all stages of an explanation. Their inclusion as a fifth segment carries no information
about when they may appear in an explanation.
Sixth, if-statements and alternatives are another type of linguistic segment that may appear at any point in the interpretation process. They offer a differential or other way of interpreting the image. These often take the form of contrastive or
counterfactual explanations, such as “if the shape were more
precise it would have been a B, but since it is not it must be
an A” (Miller, 2019; Wang, Yang, Abdul, & Lim, 2019).
The seventh type of segment - process elaboration - is another form that may appear at any point in an explanation.
These elaborations are included to assist explainees on any
of the component tasks involved in the interpretation process,
from reading a radiograph to understanding what to do when
certain findings or impressions are identified.
We found that explanations of decisions tend to be communicated in a linear fashion via these segments, however, this
is not always the case. Explanations may sequentially follow
the explainer’s process of discovery which may be implicit
and nonlinear. For example, one participant described their
deductive (top-down) discovery process “forming a hypothesis based on the clinical context ... searching for evidence to
confirm or reject the hypothesis, and then assessing for [alternatives]”. Another described an inductive (bottoms-up) process of looking for “areas that seem off,” forming a hypnosis
based on what they find, and then gathering further evidence
to test the hypothesis. We refer to the Select and Test model
of medical reasoning for how radiological impressions may
be concluded upon (Ramoni, Stefanelli, Magnani, & Barosi,
1992).

Explanations Change With End Practitioner
There was a clear and intuitive difference in the way explanations were presented to attending radiologists, radiology residents, and medical students. Overall differences manifest in
nearly all segments of an explanation, providing evidence that
explanation content changes by end practitioner.
Analysis was done using linear mixed-effects models in order to account for individual participant differences and for
the effect of individual x-ray stimuli used in the study (Bates,
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Mächler, Bolker, & Walker, 2014). Comparisons between a
model with random effects for these variables and that same
model with a fixed-effect for end-practitioner type are shown.
This fixed effect of end practitioner type was added to models omitting only that variable to assess for significant differences between explainee type. There were no statistically
significant differences between explanations produced by attending radiologist and radiology resident participants, thus
these explainers are presented conjointly.
Unique terms for each segment are counted to accurately represent content coverage and control for repeat utterances. As some words convey more uncertainty than others, a weighted total was calculated for hedging to reflect the
amount of uncertainty conveyed. Elaborations were counted
as it relates to their corresponding segment descriptions. The
corresponding descriptive statistics are reported in Table 2
and test statistics are reported in Table 3. In Table 3, ‘AttRes’ should be read as ‘Attending Radiologist explaining to a
Radiology Resident’, and so on.

Table 3: Comparing end practitioner segment counts.
Chisq

Total
words
Findings
(terms)
Findings
(elab)
Impress.
(terms)
Impress.
(elab)
Orders
(elab)
Hedging
(weighted)
Process
(elab)

Resident
Mean SD

Student
Mean SD

110.26 12.71 151.25 16.46 280.28 25.91
1.72

0.18

2.13

0.21

2.64

0.35

0.23

0.07

0.78

0.15

1.85

0.27

3.21

0.37

3.53

0.26

4.31

0.47

1.59

0.21

2.00

0.23

2.64

0.24

0.36

0.09

0.38

0.09

0.67

0.13

7.95

1.57

10.40 1.58

12.72 2.05

0.31

0.10

0.53

2.67

0.11

Overall Att Res

Att Stu

Res Stu

Total
50.10 2
***
trend
***
***
words
Findings 8.40 2
*
ns
**
trend
(terms)
Findings 35.88 2
***
*
***
***
(elab)
Impress. 5.81 2
trend
ns
*
ns
(terms)
Impress. 10.84 2
**
ns
**
*
(elab)
Orders
5.59 2
trend
ns
*
*
(elab)
Hedging 8.78 2
*
ns
**
ns
(weighted)
Process
38.34 2
***
ns
***
***
(elab)
‘***’ p <0.001, ‘**’ p <0.01, ‘*’ p <0.05, ‘trend’ p <0.1
Overall: Pr(>Chi-sq), Group Differences: Pr(>| t |)

Table 2: Explanation segment counts by end practitioner.
Attending
Mean SD

df

and radiology residents) to those with less (medical students).
This supports the principle tenets of common ground theory.
Crucially, content differences were segment-dependent, implying that in order to meet the explanatory needs of each
group, different information will need to be presented.
We found few significant differences between explanations
to radiology residents and attending radiologists, though we
observe clear trends. We believe this is due to the nearexpert status of radiology residents and the high prevalence
of COVID-19 at the time of the study. With a less common
clinical case we may see more pronounced differences.

0.44

Overall, we find that information was included within all
segments of an explanation to all groups – albeit at different
levels of frequency. This implies that a baseline level of information exists that is necessary to connect visual findings
with impressions regardless of prior expertise. This does not
imply that all segments should be explained at all times; some
contexts and some end practitioners may require certain types
of information to be added or omitted to achieve common
ground and fulfill additional goals.
We also find clear evidence that explanations to different
end practitioners contain different amounts and types of information. In general, the amount of content within each explanation segment increases as we move from end practitioners with more presupposed expertise (attending radiologists

We know more information was provided to some groups,
but what role does this additional information play? In some
cases, additional information may be included to point out
content that may be missed or misunderstood by those with
less expertise. We believe this to be the case with hedging
and added elaborations. In other cases, such as the inclusion of many finding and impression terms, counterfactuals
were used to illustrate differences between fact and foil findings and why some impressions were included in a differential over others. Contrastive explanation strategies, often
through counterfactuals, can be especially effective at establishing causal attribution (Miller, 2019).

Discussion
Our analysis reveals stark differences between human-given
and machine-derived explanations. These lead to several critical areas to be addressed for future XAIs that are viable for
real-world deployment.
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Visual Reasoning: Moving Beyond ROIs
We show that radiology practitioners move through their explanations in segments of increasing abstraction, ascribing
meaning to visual elements of a radiograph at multiple levels of the interpretation process, providing additional information and adjusting information fluidly. These steps are important for establishing common ground and justifying the
interpretation in terms of a shared process. Common ground
builds up over time; it has a logic that relies on shared capacities for inference and judgment. In the case of visual reasoning, this involves helping explainees see what they need
to and in the right order.
By contrast, heat maps and similar XAI techniques identify
potentially important ROIs but do not determine the logical or
temporal sequence an explainee should take when looking at
ROIs. Moreover, such techniques do not explain the reason
why certain pixels are important. There is no explanation of
the relation of one ROI to another or to the clinical case.
This is quite unlike the information conveyed by radiology
practitioners who have a near-linear approach to controlling
attention. Moreover, by using known terms when identifying
the findings in a region they encourage contextual thinking.
“Ground glass” for example, is understood as caused by medical conditions, such as infection, chronic interstitial disease,
or acute alveolar damage (Hansell et al., 2008). Its semantics
is close to physiology and the meaning of pulmonary disease,
which invokes a constellation of inferences. Because it is not
just a measure of statistical importance, it is more intuitive
than statistical heat maps for someone trying to understand
what it is about a patient that reveals they have COVID-19
pneumonia. It makes it easier to cross-examine the x-ray to
look for meaningful connections.
A similar opportunity for sensemaking is created by elaborations, counterfactuals, and talking of next steps. All
these linguistic types provide guidance and contextualization.
Elaborations come in many forms depending on explainee
need, from helping form a diagnosis to passing along tacit
knowledge on how to go about the interpretation process itself. Once an impression or differential is decided upon, radiology practitioners also help contextualize that information
within the clinical context as needed. Elaborations help to
structure joint attention and develop common ground.
Moving beyond highlighting potential ROIs, we believe
that XAIs should convey information at all levels of the
interpretation process. This can provide an intuitive justification for a diagnosis as well as enable an end practitioner to cross-examine the XAI. Examples include identifying features as findings using domain-specific terminology
like “ground glass”, visualizing how a constellation of findings contributes to an impression, or suggesting possible next
steps given a case.

Explanation Pragmatics: Receiver Needs Vary
Radiology practitioners tailor their explanations to different
explainees and are sensitive to their specific needs. We ob-

served that human explainers vary the amount of information within each segment based on explainee expertise and
thoughtfully choose what to elaborate.
Current XAIs provide no sensitivity, leaving more novice
end practitioners unsupported with the task of connecting the
meaning of different segments of information and how to utilize information in the larger ecosystem of patient care. More
expert users, meanwhile, may be provided with unnecessary
information that is redundant or distracting.

Hedging Uncertainty
Finally, humans differ from XAI in radiology in the way they
convey uncertainty. Hedging is found at nearly all levels
of the interpretation process, including on the process itself
if necessary. This is important, as uncertainty attached to
different types of information has different implications on
how that information should be used. For example, if an explainer’s uncertainty stems from being unsure of the clinical
meaning of a finding it has drastically different implications
than uncertainty stemming from not knowing if the finding is
real or an artifact.
Most current XAIs only convey overall quantitative certainty - COVID with 90% probability. Research on human decision-making with probabilities illustrates that people cannot meaningfully distinguish certainty quantifications
at fine granularity nor without conforming to heuristic biases
(Kahneman & Tversky, 2013). Reasoning is more qualitative,
and past work suggests that explanations with probabilities
tied to causal events are more useful (Miller, 2019).
More work needs to be done to understand the variety of
ways explainers have of marking uncertainty and the different
meanings they convey.

Conclusions
To understand the inadequacies of Explainable AI (XAI)
for radiological interpretations, we examined how radiology
practitioners explain their impressions to attending radiologists, radiology residents, and medical students. Through
ethnographic and quantitative analysis, we dissected their explanations into seven types of linguistic segments. We found
that segments were presented in levels of increasing abstraction, directing attention and ascribing meaning to visual attributes of an image to facilitate clinical sensemaking. Explanations were sensitive to the knowledge, needs and goals
of the explainees and information was added or subtracted as
needed to achieve common ground.
XAI systems do not at present explain like humans. The
most popular forms rely on heat maps that give no guidance
on how to attend to features, how to make sense of the relations between features, and what features mean in the larger
clinical context. This XAI approach reflects a failure in three
areas: it fails to accommodate how humans reason and make
sense visually; how we hedge our uncertainty in a qualitative manner, and how we are sensitive to the many needs and
goals our explainees may have.
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Abstract

Hoffman & Richards, 1984; Biederman, 1987) and continues to pose challenges for modern vision models (Mo
et al., 2019; Bear et al., 2020). But how can we tell
whether any of these proposals actually explain visual object understanding? Empirical tests of these theories have
generally relied upon simple discrimination tasks rather
than richer behavioral readouts (Tversky, 1989; Markman
& Wachtel, 1988), limiting their ability to evaluate correspondences between a candidate object representation and
the full set of parts and relations that people can identify.

Our understanding of the visual world goes beyond naming
objects, encompassing our ability to parse objects into
meaningful parts, attributes, and relations. In this work,
we leverage natural language descriptions for a diverse set
of 2K procedurally generated objects to identify the parts
people use and the principles leading these parts to be
favored over others. We formalize our problem as search
over a space of program libraries that contain different
part concepts, using tools from machine translation to
evaluate how well programs expressed in each library align
to human language. By combining naturalistic language at
scale with structured program representations, we discover
a fundamental information-theoretic tradeoff governing
the part concepts people name: people favor a lexicon
that allows concise descriptions of each object, while also
minimizing the size of the lexicon itself.
Keywords: abstraction; compositionality; parts; perception; programs

The world is filled with a great variety of objects, yet
people have little difficulty making sense of them. Presented with a novel object, people can readily identify
its parts (Schyns & Murphy, 1994), guess its function
(Tversky & Hemenway, 1984), and refer to it unambiguously (Hawkins et al., 2020). These abilities rest on the
capacity to robustly connect features of the external world
to a rich library of mental concepts describing not just
whole objects, but their parts and how they are arranged
(Miller & Johnson-Laird, 1976; Landau & Jackendoff,
1993; Rosch & Mervis, 1975; Mukherjee et al., 2019).
For example, consider the bottom-most gadget in
Fig. 1A: even though this object does not correspond
to a familiar category, we might say that it contains a row
of buttons or dials, and that it is topped by an antenna
or a knob. But just as we do not have a pre-existing concept for every object we encounter, we do not have a
concept corresponding to every part: in Fig. 1A, for example, most people do not have a concept corresponding
to a row of exactly five dials. Indeed, a complex
object can be decomposed in a huge number of different
ways, but people are likely to favor only a tiny subset of
them. What characterizes the set of part concepts that
people do use? Why these, and not others?
Identifying which parts people use to parse visual objects has been a core goal for classic theories of perceptual organization (Palmer, 1977; Marr & Nishihara, 1978;

Natural language offers a powerful window into our
conceptual representations, given abundant evidence that
our vocabularies have been shaped to efficiently communicate about the concepts we find relevant (Regier et al.,
2015; Kirby et al., 2015; Zaslavsky et al., 2018; Sun &
Firestone, 2021). In this work, our goal is to leverage
naturalistic language production to identify the conceptual libraries of parts and relations used for visual object understanding, using libraries of symbolic program
components to model how these concepts are mentally
represented (Fig. 1B). In this framework, each library
instantiates a different hypothesis about the underlying
inventory of part concepts that people are using to decompose visual objects.
In Part I, we describe our strategy for creating a diverse collection of novel objects generated using graphics programs (Fig. 1A), and for eliciting open-ended
descriptions of these objects. Analyzing these descriptions reveals hallmarks of these concept libraries: people
produce longer descriptions to describe more complex
objects, and invoke different part concepts to describe
objects from different categories. In Part II, we refine
this picture with a formal library identification model
that measures the correspondence between language and
candidate program libraries containing part concepts of
varying complexity, building on recent work in program
library discovery (Ellis et al., 2020; Tian et al., 2020;
Wang et al., 2021; Wong et al., 2021). This model reveals
a deeper information-theoretic principle governing the
part concepts people invoke in language: they reflect a
fundamental trade-off between the complexity of a concept library and the complexity of objects represented
using that library.
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Figure 1: (A) Example objects from the Drawings and Towers domains. Each domain contains 4 subdomains of
250 novel objects. Each domain and subdomain was designed to include high variation over the type and number of
base primitives (i.e., shapes, blocks). (B) This work aims to infer the latent concept library that people are using to
decompose complex objects into parts, where objects are represented by executable graphics programs.

Part I: Eliciting language about
object structure
Our central aim is to identify the library of part concepts
that people invoke to decompose objects. Towards this
end, we needed a sufficiently large and varied collection
of objects, and a naturalistic task for eliciting detailed
descriptions of their structure.

Methods
Participants We recruited 465 participants from Prolific to complete the task. Participants provided informed
consent and were paid approximately $15 per hour.
Stimuli To ensure that we had a sufficiently large and
diverse collection of objects, we developed a hierarchical procedure for synthesizing complex configurations of
shapes. Taking inspiration from recent work employing
line drawings and block towers to investigate how people
learn and represent the compositional structure of objects
(Tian et al., 2020; McCarthy et al., 2021; Wang et al.,
2021), we defined two stimulus domains, distinguished
by the set of base shape primitives used to generate them
(Fig. 1A). Drawings are composed of simple geometric
curves (i.e., line, circle) and are evocative of familiar
object categories; Towers are composed of rectangular
blocks (i.e., horizontal and vertical dominoes) and are
evocative of simple architectural models.
To investigate the degree to which people invoked
category-specific part concepts to describe these objects,
rather than the same set of “atomic” base primitives in all
cases, we further defined four subdomains nested within
each domain. Within Drawings, these were informally

designated as nuts & bolts, vehicles, gadgets, and furniture; and within Towers, as bridges, cities, houses, and
castles (Fig. 1A). For each subdomain, we procedurally
generated 250 unique examples, hierarchically composing
the base primitives into increasingly complex, recursively
defined parts. A dresser, for example, is composed of
drawers, which are in turn composed of a panel and
knobs, themselves defined by combining circles and
lines. In sum, this procedure yielded a varied collection
of 2000 object stimuli: 1000 Drawings and 1000 Towers,
each accompanied by a graphics program that can be used
to regenerate it in terms of the base primitives.

Task procedure Each participant was instructed to provide step-by-step instructions for how to “draw” or “build”
10 different “drawings” or “models” sampled from a single subdomain. At the start of each session, participants
were first familiarized with the general characteristics of
the subdomain by viewing 25 examples (none of which
then appeared during the main experiment, and none
of which were accompanied by any linguistic labels for
the subdomain). Throughout the session, they were also
shown the 7 upcoming objects they would be asked to
describe, to provide concurrent information about how
objects varied within the subdomain. Because we were
primarily focused on interrogating which part descriptors
people invoke, we designed the text-entry interface to encourage participants to describe each step by composing a
what-phrase and a where-phrase, which were entered into
separate text boxes. Participants could include as many
instruction steps as they deemed necessary and there was
no trial time limit.

2702

2

1

1

0

0

−1

0

1

 bridge

2
1
0

−1

2

−2 −1
3

0

1


city

0

2

−1
−2
−1 0

3

1

2

3

4


house

3
2

1

1

1

0

0

0

−1

−1

−2

−2

1

2

3

−3 −2 −1 0


castle

1

2









  

(2897)

(1.96)

(1.95)

(1.47)

(1.69)

(2562)
(2067)
(1480)
(1382)
(1140)
(581)
(566)
(553)

(1016)

2

−2 −1 0

block
(7659) red
(2833) brick
(2513) of
(1711) horizontal
(1330) vertical
(1261) rectangle
(1031) and
−3 −2 −1 0 1
on
(9574)

0

2

−2
−2

1

2

−1

−2

1

−1

−2
−2 −1

2

0

−1

−2

2

B

  

furniture
(11538)
blue

3

(541)

rectangle
small
circle
line
square
of
vertical
large
horizontal
hexagon

(1.58)
(1.14)



dials


(7659)
(2833)
(2513)
(1711)
(1330)

−2

0

(1261)

2

(1031)

normalized program description length (base library)

(1016)

(0.56)

(0.34)
(0.16)

hexagon
octagon
size
item
percent
border
page
cm
square
circle

(1.40)
(1.26)
(1.26)
(1.15)
(1.09)
(1.05)
(1.05)
(1.05)
(1.01)

wheel
tire
button
stand
window
star
rim
standing
drawing
stamp

 



(1.71)
column
(2562)
small

(1.43)

(1.76)
height
(1.64)
(2897)
rectangle

(11538) blue

block
red
brick
of
horizontal
vertical
rectangle
and
on

(0.96)

(0.46)


(9574)

(1.01)

(0.51)

(1.48)
leg circle
(2067)



2

wheels




nuts−bolts




normalized linguistic description length

A

(1.30)
bar line
(1480)

(1.37)
(1.23)

(1.25)
position
(1382)
square (1.12)
(1.24)
pillar
(1140)
of

(1.10)

(1.23)
pairvertical (1.08)
(581)
(1.18)
width
(566)
large
(1.18)
tile
(553)

(1.02)

(0.99)
horizontal
(1.12)
sizehexagon(0.92)
(541)

beam
horizontal
landscape
replica
time
orange
drawing
upside
hrs
vertical

(1.38)
(1.36)
(1.16)
(1.13)
(0.99)
(0.99)
(0.95)
(0.95)
(0.90)

inch
dial
line
image
frame
distance
segment
ring
position
radius

(1.65)
(1.47)
(1.44)
(1.31)
(1.29)
(1.29)
(1.24)
(0.97)
(0.88)

drawer
leg
approx
circumference
knob
ball
table
handle
vertical
rectangular





(2.01)

(1.13)

(1.80)
(1.54)
(1.43)
(1.37)
(1.10)
(1.04)
(0.91)
(0.89)
(0.88)

window
figure
box
door
gap
center
rectangle
story
imagine
piece

(1.09)
(1.01)
(0.94)
(0.92)
(0.90)
(0.87)
(0.85)
(0.83)
(0.75)

tower
length
design
rectangularly
way
format
sequence
platform
image
formation

Figure 2: (A) Relationship between length of base-library programs and length of linguistic descriptions. (B) Left:
Top-10 words that appeared most frequently in descriptions for each domain. Right: Top-10 words with highest
pointwise mutual information (PMI) within each subdomain.

Language preprocessing To investigate the content of
the instructions generated by participants, we used the
spaCy NLP library to extract and lemmatize words, including part-of-speech (POS) tagging to remove determiners and punctuation. We also replaced common typos
(“sqaure,” “cirlce,” etc.) and spelling variations with their
canonical spellings in US English.

Results
People use more words for more complex objects The
simplest way that object structure may be exposed in language is through description complexity. We consider
three possibilities. First, insofar as participants decompose all objects into the same number of parts, regardless
of how complex these parts are, the length of their descriptions would be predicted to remain constant over
a wide range of objects. Second, if participants tend to
decompose objects into a set of commonly recurring parts,
and mention each part, the length of their descriptions
would be predicted to positively correlate with object
complexity: the more parts, the longer the description. A
third possibility is that there is a systematic but non-linear
relationship between object complexity and linguistic description length (Sun & Firestone, 2021), consistent with
a compromise between the first two strategies.
We operationalize object complexity here as the length
of the (base) graphics program that generated it. We measure the length of linguistic descriptions as the number
of words provided in the what phrases (ignoring for now
spatial language in the where phrases). To tease apart the
above hypotheses, we fit a mixed-effects model to predict linguistic description length from graphics program
length, including random intercepts for participants and
random effects of program length at the participant level.
We observed a significant main effect of program length

(t(318) = 14.8, p < 0.001 across all subdomains), providing strong evidence against the first view. We also found
that a model including an additional quadratic effect of
program length, allowing for a non-linear relationship,
significantly improved the fit (χ2 (3) = 38.6), although
the strength of this relationship varied across subdomains
(Fig. 2A). These findings suggest that people generally
use more words to describe more complex objects, but the
strength and nature of this relationship can vary widely
across object categories.
People use different parts for different subdomains
If description length scales with object complexity (expressed in the base library), a natural possibility is that
speakers are simply providing descriptions at the level
of those low-level primitives. For example, they may be
giving block-by-block instructions for towers and lineby-line instructions for the drawings. In this case, we
would not expect differences in the distribution of words
used across subdomains (e.g. “bridges” and “houses”
would both be described in terms of the same red and blue
blocks). Alternatively, if speakers generate descriptions
at higher levels of conceptual abstraction — for example,
in terms of “pillars” or “windows” — we would expect
their language to reflect the varying part structure of the
subdomains. To assess these competing hypotheses, we
computed the pointwise mutual information (PMI) for
each unique word w in the language data with respect to
the four subdomains d (Fig. 2B):
PMI(w) = log

p(w, d)
p(w)p(d)

(1)

Intuitively, PMI is high for words that occur more frequently in a particular subdomain (numerator) than would
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be expected given the overall prevalence of the word
across subdomains and the amount of language data in
each subdomain (denominator). This analysis revealed
highly specialized vocabularies used for particular subdomains, but not others (e.g., drawer and knob in the
furniture subdomain), suggesting that participants did
invoke subdomain-specific part concepts to some extent.
To better evaluate whether these highly diagnostic
words reflected more systematic differences in word usage across subdomains, we computed the Jensen-Shannon
distance (JSD) between the word frequency distributions
in each set of subdomains, aggregating across all trials in
that subdomain. This metric is zero when two distribution are identical and large when two distributions are far
apart. We compared the the mean of all pairwise JSDs to
a null distribution generated by randomly permuting the
subdomain group of each trial. We found that the distance
between subdomains was significantly greater than expected under the null (Drawings: d = 0.439, p < 0.001;
Towers: d = 0.328, p < 0.001). Taken together, these
analyses indicate that people may choose distinct labels
to describe visually similar parts depending on the rest of
the scene (e.g. a circle may be a knob in one domain and
a wheel in another domain), even when simple graphics
primitives would have been sufficient.

Part II: Identifying concepts from language
The results so far suggest that people invoke subdomainspecific part concepts when describing the objects in our
stimulus set, such as knobs and drawers, or windows
and doors. What accounts for observed preferences for
this lexicon — how many and which part concepts do
people have names for?
In this section, we formalize this library identification
problem by modeling the correspondence between people’s vocabularies and a space of candidate concept libraries, each containing part concepts at varying levels of
complexity. We describe a procedure for constructing candidate libraries based on the hierarchical structure of each
subdomain. We then introduce a library-to-vocabulary
alignment model that measures how well programs written in each library predict people’s object descriptions
(Wong et al., 2021).
Prior work suggests that people use language that efficiently compresses concepts into words (Regier et al.,
2015; Kirby et al., 2015; Zaslavsky et al., 2018; Sun
& Firestone, 2021). Our model allows us to derive an
information-theoretic account of lexical choice in our
object descriptions, which formally links language to efficient communication of an object’s underlying conceptual
representation – we find that people favor a lexicon that
trades off between concise descriptions of objects on average, and the size of the overall concept libraries.
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Figure 3: Graphics libraries were defined by progressively
adding subroutines at higher levels of abstraction, resulting in more efficient expression of any particular program
at the expense of a larger library.

Methods
Modeling a space of candidate concept libraries By
design, the objects in our stimulus set are highly structured, having been generated through the hierarchical
combination of increasingly complex parts. However, the
corresponding graphics programs that recreate them were
written using a concept library containing only the base
primitives (Lbase ): blocks and lines. As a consequence,
these programs are maximally verbose: they must compose many individual blocks to represent a door, let alone
an entire house; and many individual lines to represent a
polygon like a hexagon, let alone a complex wheel.
To represent more complex shapes, we define higherorder graphics libraries that augment the initial set of base
primitives with program subroutines (Fig. 3) that encapsulate part structure (e.g., a subroutine for generating an
entire roof).1 We constructed these libraries by abstracting out the nested, parametric functions used to generate
each subdomain. In our experiments, we evaluate three
libraries (L1 , L2 , and L3 ), each containing subroutines
that build recursively on those at the previous level to
yield increasingly complex visual parts. For instance,
L1 contains subroutines that abstract directly over the
base library (e.g., from lines to polygons); and L2 contains subroutines that abstract additionally over those in
L1 (e.g., polygons to rings of polygons). A given
1 Our

approach to defining these higher-order libraries is
analogous to the automated program library learning methods in
(Ellis et al., 2020; Tian et al., 2020; McCarthy et al., 2021; Wang
et al., 2021; Wong et al., 2021), which discover subroutines from
a dataset containing programs that often correspond qualitatively
to domain-relevant concepts.
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program πLbase written in the base library can therefore
be expressed equivalently—and more concisely—as πLi
in one of the higher-order libraries. It is worth noting
that higher-order libraries are thus defined cumulatively:
L1 contains the new subroutines plus the initial set of
primitives in Lbase ; and L2 contains even higher-order
subroutines plus all of the concepts in L1 .
Modeling alignment between libraries and vocabularies For each subdomain, the set of libraries
{Lbase , L1 , L2 , L3 } specifies a hypothesis space of alternative representations at differing levels of abstraction. We
can now ask: which of these libraries best corresponds to
the lexicon people use for each subdomain? We formalize
this notion of lexical correspondence with a library-tovocabulary alignment metric that reflects how closely the
concepts in a given library co-occur with words across
each subdomain. This metric is based a language-guided
library learning model from the program synthesis literature (Wong et al., 2021). In brief, we leverage a standard
machine translation model, IBM Model 1 (Brown et al.,
1993), which can be fit to paired programs and instructions
to estimate token-token translation probabilities P(w|ρ)
for each word w ∈ W in the linguistic vocabulary and
program component ρ ∈ L in the library. For each subdomain, we evaluate each library Li using a cross-validation
scheme (with batches of n = 5 held out stimuli). We fit
the model to all but the held-out stimuli and evaluate the
mean per-word log-likelihood for each held out instruction given its program in library Li . This metric varies
monotonically as a function of negative perplexity (Wu
et al., 2016) and normalizes for instruction lengths. As
in Part I, we consider only the what phrases for each
stimulus.

Results
Libraries produce different trade-off between concise
object representation and overall library size Supposing that any of these libraries captures the part concepts
that people use when describing these objects, what would
lead participants to favor one over another? Our hypothesis is that this choice reflects a trade-off between the
value of compressing the length of programs |πLi | that
represent individual objects and the value of reducing the
total number of concepts |Li | stored in the library (Fig.
3)2 . Higher-order libraries contain concepts that compress programs to a greater degree, as each program can
be written by invoking a smaller number of more abstract
subroutines. However, each higher-order library is also
larger than the last because it adds new concepts that must
be represented along with all of the lower-level ones.
2 This trade-off between program description length |π |
Li
and library size |Li | is described in greater detail in (Ellis et al.,
2020) and analogous to the formulation in (Kirby et al., 2015).

While library size increases monotonically with abstraction level, every subdomain has a non-monotonic
combined representational cost CLi = |Li | + N1 ∑π |πLi |,
where N is the number of programs in the subdomain. A
one-way ANOVA confirms that, in every subdomain, this
combined cost measure systematically varies between libraries (ps ≪ 0.001), validating our assumption that these
libraries capture different ways of negotiating the tradeoff between object compression and library size. Further,
as Fig. 4 reveals, CLi (dashed line) typically follows a
U-shaped curve. At the extremes, CLbase is high because
programs in Lbase are verbose, whereas CL3 is high due
to the large size of L3 . In all subdomains, CL1 and CL2
tend to be optimal because these intermediate libraries
contain a set of useful part-based abstractions that capture
recurring structure across many objects.
People favor vocabularies that jointly minimize object
representation and library size We can now consider
the results of our library-to-vocabulary alignment model:
which libraries best predict the words people use across
each subdomain? To validate that this alignment metric
is able to discriminate between libraries at all, we first
conducted a one-way ANOVA on the alignment scores
and found large and reliable differences between libraries
in every subdomain (ps < 0.001; Fig. 4).
When we visualized these alignment scores (Fig. 4,
solid lines), we observed that for the majority of the
subdomains, the mean log-likelihoods follows an inverted U-shaped curve. Moreover, we generally find
that the concept libraries that best predict language tend
to be those containing parts of intermediate complexity
— for example, part concepts (e.g., individual windows
or wheels) that lie between the lowest (e.g., lines)
and highest (e.g., hexagon with an inner ring of
circular holes) levels of abstraction in each domain.
Finally, we observed a striking correspondence between the libraries that optimize combined representational cost (CLi ) and those that score highly on their ability to predict language. This pattern, which held for most
(though not all) subdomains, suggests that people generally prefer decomposing objects into nameable parts that
can be reused for many objects across the full subdomain.

Discussion
The language we use to describe the world reveals the
concepts with which we represent it. In this paper, we
look to natural language to investigate how people parse
complex objects into meaningful parts — for example,
how people decompose a whole train into its train
cars and wheels, or a house into its windows, walls,
and roof. We elicited descriptions for a large dataset of
objects generated from graphics programs, and present
a computational approach for linking their generative
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Figure 4: Relationship between concept libraries {Lbase , L1 , L2 , and L3 } (x-axis); combined library size and average
program length in that library (dashed); and library-to-vocabulary alignment (solid).

and hierarchical structure with human descriptions. We
find that the length of people’s descriptions varies with
the length of an object’s generative program, establishing a basic correspondence between language and a program representations of object structure. By constructing
higher-order concept libraries which re-represent each
object using more abstract program components, we find
evidence that people’s language reflects an underlying representational trade-off – people prefer compact libraries
of part concepts that efficiently capture structural motifs
appearing in many objects. An intriguing implication of
these findings is that there exists a “basic level” for part
naming, by analogy to the well known basic level for
object categories, and that can be explained by similar
information-theoretic principles (Rosch et al., 1976).
While these linguistic abstraction layers enable greater
compression, they may also introduce downstream challenges for communication: terms with more abstract
meanings may be less interpretable and/or too lossy in
some cases (e.g., pedagogical contexts where learners
may not be familiar with certain concepts). To better
understand how people communicate in these scenarios,
it may be useful to conduct experiments manipulating
what knowledge is shared between communicators to investigate the role of audience design and adaptation in
interactive settings (Clark & Murphy, 1982; Krauss &
Fussell, 1991; McCarthy et al., 2021).
In other settings, the level of detail contained in the
descriptions we collected may not be necessary to achieve
certain communicative goals, such as object identification.
A promising direction is to compare our descriptions to

those produced in reference games where coarser distinctions between whole objects are sufficient, with the aim
of understanding how task goals and context shape the
relevance of different levels of abstraction (Degen et al.,
2020; Bisk et al., 2020).
It is natural to expect substantial variation across descriptions in how well they support object understanding
in others. To better understand why some descriptions
are more informative than others, future work should also
measure how well the descriptions we collected in the
current study support the ability of other participants to
accurately reconstruct the target objects.
Our approach and findings build on a recent and growing literature using programs (Lake et al., 2015; Goodman
et al., 2014) and libraries of functional components (Tian
et al., 2020; McCarthy et al., 2021; Wong et al., 2021)
to model how people represent and communicate about
the world. Our work generalizes previous insights into
the statistical learning mechanisms that enable the rapid
learning of visual regularities (Fiser & Aslin, 2001; Orbán
et al., 2008; Austerweil & Griffiths, 2013) by proposing
a more expressive program-like representation that can
accommodate structure at multiple levels of abstraction.
More broadly, our work proposes and validates a general strategy for leveraging complex behavioral readouts
(e.g., natural language descriptions) to draw rich and
meaningful inferences about the content and structure
of mental representations. Such approaches have tremendous promise not only to advance cognitive theory, but
may contribute to the design of artificial systems that learn
more human-like abstractions.
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Abstract
Research has shown that visual diagrams facilitate people’s
understanding of and communication about abstract relations.
In addition, the distinction between causal versus

associative relations is important in human reasoning

However, previous research has not directly compared how
humans represent these two types of relations through visual
diagrams. The current study examined whether causal and
associative relations differ with respect to how people
cognitively represent and interpret them in a spatial context
using diagrams. We found that participants perceived
relatedness of causal relationships to be stronger than that of
associative relationships. This difference was reflected in their
drawing of diagrams. Participants connected variables that
shared a causal relationship with a shorter line than they did
with variables that shared an associative relationship. The
results shed light on the difference between causal and
associative relations, and suggest new directions for future
research to explore the spatial component of causal reasoning.
Keywords: causal reasoning, diagrams, associative relation,
spatial representation

Introduction
Humans benefit from the use of visual diagrams to convey
abstract knowledge about complex relationships. For
example, visual representations in science textbooks scaffold
students’ comprehension of scientific concepts and
subsequent reasoning. One of the most explored types of
visual displays in the fields of cognitive psychology and
education is a causal diagram. A causal diagram is a type of
visual display that uses arrows to represent cause-and-effect
relationships among spatially arranged events' (McCrudden
et al., 2007), providing a pathway for people to represent and
encode rich information. Because of the richness of
information a causal diagram can convey, it can improve
understanding of causal relationships and support learners’
inference making (Ainsworth, 2006).
Previous research has shown that causal diagrams facilitate
comprehension and memory of causal relationships
(Glenberg & Langston, 1992; McCrudden et al., 2011).
Because causal diagrams can show concretely and efficiently

in a spatial manner how and why different causes result in
certain effects, causal diagrams have been widely utilized in
educational contexts to enhance learning of causal
knowledge and improve reasoning ability. For example,
McCrudden et al. (2007) found that participants who studied
causal diagrams during text reading achieved better
understanding of the causal sequences described in the text.
In addition, causal diagrams can be used to help learners
externalize their mental models of causal relationships,
allowing them to identify possible misunderstandings
(Gobert, 2000). Causal diagrams thus are a type of useful tool
for researchers to understand how people represent different
causal relations. By asking participants to generate causal
diagrams, researchers can use those participant-generated
causal diagrams to study the internal representations of causal
structures in the minds of participants. Hence, causal
diagrams provide researchers with an important tool to study
human causal understanding from raw inputs such as text or
videos.
Another type of visual display commonly used in
educational settings is a concept map (Gul & Boman, 2006).
A concept map provides a visual representation of how
knowledge is mentally organized and represented (Torre et
al., 2007). Similar to causal diagrams, concept maps enable
users to externalize their mental representations, offering
users opportunities to examine their understanding critically,
and providing researchers with insights into users’ thinking
and reasoning processes (Novak, 1998). A number of studies
have found an effect of both learner-generated and expertgenerated concept maps in improving learners’
understanding and critical thinking in a variety of domains
(Abel & Freeze, 2006; Cutrer et al., 2011; Vacek, 2009).
A concept map shares multiple similarities with a causal
diagram, as both use metacognitive approaches to generate
spatial displays to facilitate learning; however, the type of
relationship and reasoning they support differs. Causal
diagrams concern causal representation and reasoning about
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causal structures, whereas concept maps typically do not
distinguish between causal and associative relations. Because
causal relations are not differentiated from associative
relations in concept maps, concept maps simply treat the
cause-effect relation as basically the same as other
associative and semantic relations.
However, the distinction between causal versus associative
relations is important in human reasoning. We understand
that the co-occurrence of two events does not tell the whole
story about a relationship (Kurdi et al., 2020). For example,
when we observe that crime rates correlate with ice cream
sales, we know that the relationship between crime rates and
ice cream sales cannot be causal (Fenker et al., 2005). Despite
the high correlation between these two variables, we can
differentiate this association from causation. Causal
reasoning enables us to differentiate between correlation and
causation and appropriately interact with our environment
(Greville & Buehner, 2010). Without such causal
representations of the world, people would be deprived of
opportunities to intervene at proper times to control and
change our environment.
Given the importance of causal reasoning, research in
cognitive psychology has endeavored to understand how
people perceive, represent, interpret, and reason with causal
relationships. However, studying such reasoning is hard
because causal relations are neither directly nor immediately
detectable by our sensory modalities (Greville & Buehner,
2010). The processes by which people comprehend causal
relations are not easily captured. Thus, one of the purposes of
the current study is to explore the differences between how
people perceive and represent causal versus associative
relationships.
A major characteristic distinguishing causal reasoning
from associative reasoning stems from the basic asymmetry
in causal relations. (Hausman & Simon, 1998; Waldmann,
1996). Unlike associative relations, causal relations have a
fixed temporal order: the cause has to temporally precede its
effect. However, there have been debates about whether this
asymmetry is mirrored in our cognitive perception and
representation. Some researchers argue that humans do not
capture this asymmetry in their causal representation (Cobos
et al., 2002; Shanks & Lopez, 1996), whereas others support
a causal model theory, which hypothesizes that causal
relations explicitly manifest themselves through asymmetries
in people’s cognitive representations (Waldmann & Holyoak,
1992; Waldmann et al., 1995; Waldmann, 1996, 2000,
2001; ) and uses special integration rules for causal influences
(Yuille & Lu, 2007; Lu et al., 2016). For example, Waldmann
and Holyoak (1992) showed that although cue competition
occurs when people learn from predictive contexts (cause to
effect), multiple possible effects do not compete with each
other in diagnostic contexts (effect to cause). The difference
between people’s predictive and diagnostic reasoning
suggests that people not only construct causal models but also
explicitly represent the link from cause to effect in the
model.

Waldmann (2000) demonstrated a similar cognitive
representation of causal relationships when asking
participants to categorize artificial diseases based on the
presence of different substances in patients’ blood.
Participants were randomly assigned different information
about the same set of substances and diseases — they were
either told that these substances in patients’ blood caused
their disease or that the substances are just effects of the
disease. The study similarly observed cue competition only
when the substances were presented as the cause: multiple
causes (i.e., substances) but not multiple effects compete for
explanatory strength.
Research has mainly explored causal relations and their
cognitive representation in the context of semantic memory
(e.g., Fenker et al., 2005). However, it remains unclear how
causal information is spatially represented and stored in
spatial memory. Based on the literature, it is possible to
hypothesize a relationship between causal strength and
physical proximity. Specifically, the studies on causal
judgment and distance metaphors provide support to this
relationship (Chae et al., 2013). Research has shown that
people can make causal judgments about a mechanical
process based on spatial proximity (Michotte, 1963; Yela,
1952).
Beyond mechanical processes, the reliance on proximity to
make inferences about causal strength has also been observed
in non mechanical contexts, known as the metaphor,
“closeness is strength of effect” (Lakoff & Johnson, 1980;
Landau et al., 2010). The metaphor describes the mapping of
a concrete experience as a source to an abstract concept as a
target (e.g., warm as an embodied, concrete feeling to
friendliness as an abstract concept, Landau et al., 2010).
Then, similarly, spatial proximity is seen as the source, the
features of which map to the target, people’s abstract
judgment of causal strength. This argument is supported by
our daily use of language (e.g., closely regulated) as well as
the literature in embodied cognition, which suggests that our
embodied experience in the world impacts our cognition
(Barsalou, 2008). In this way, the link between spatial
proximity and causal strength suggests that people can judge
the causal strength of relatedness between two things through
the special proximity of the two objects, which has been
demonstrated in a number of studies (e.g., Chae et al., 2013).
However, the literature has only shown a clear link
between spatial proximity and perception of causal strength.
It is still unknown if the link between proximity and causal
strength is one-directional or if people will also naturally use
spatial proximity to represent strength of causal relations in
the mental representations. In addition, given the difference
between causal and associative relations, we ask if people
would use proximity to indicate strength of relatedness only
for causal relations but not for associative relations.
In the current study, participants were randomly assigned
two passages written in causal language and two passages
written in associative language. After reading each passage
and answering some questions to ensure a solid
understanding of the content, participants were asked to draw
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a diagram that they thought would best represent the
relationships described in the passage. After drawing, they
rated the strength of those relationships on a numerical scale.
We hypothesized that there would be differences between
the causal and associative passages in terms of both people’s
self-rated strength of relationships and distances between the
variables they drew on the diagram. Specifically, we
hypothesized that people would rate causal relationships to
be stronger than associative ones, and that they would reflect
this difference in their diagram drawings. If causal relations
are viewed as drawing linked variables “closer together”,
then the lines drawn to connect variables in a causal
relationship will e in general be shorter than lines that connect
variables in an associative relationship.

Method
Participants
A total of 102 undergraduate students (N = 102, 75 female,
27 male) were recruited from University of California, Los
Angeles (Mage = 21.15 years, SD = 4.21). Students
participated in this study for extra credit toward their final
course grades.

Material and Apparatus
Four popular science contexts were used in this research,
each presenting a set of statistical interactions of variables.
The four contexts had different topics and differed in
complexity regarding the number of variables and their
interactions. The topics were chosen from a variety of
biology and ecology contexts, about which people usually do
not hold strong beliefs.
The simplest topic contained three variables with two
pairwise relationships. The most complex topic involved
seven variables with six pairwise relationships. Our rationale
was that the level of complexity might influence participants’
perceived strength on causal and associative relationships.
We constructed two articles for each topic — one causal
version and one associative version. In total, eight articles
were used in the study. For the same topic, the two versions
were roughly the same in length and shared the same
structure (i.e., the same number of variables and number of
possible interactions among variables). The only difference
was the type of relationships between variables. In the causal
versions, all relationships between key variables were causal,
and they were described by expressions such as “A
determines B” or “The strongest predictor of A is B.” In the
associative versions, all relationships were associative, and
were expressed by phrases such as “A is correlated with B”
or “The strongest association of A is B”.
The first article discussed how two factors lead to one type
of ice movement: deformation. The second article presented
how six different factors influence the population change of
CoT starfish. The third article discussed six factors that
contributed to the survival of desert plants. Lastly, the fourth
article discussed how two environmental factors influenced
the population of two animal species in the forest. Figure 1

shows a sample article (causal versus associative) for one of
the four articles for illustration purposes.

Figure 1: Sample article for the causal (left) versus
associative context (right)
We developed a website to conduct the experiment. (For
more
information
about
the
website:
https://cvlstudy.psych.ucla.edu/shuhao/causal_diagram).

Procedure
This experiment used a within-subject design, such that all
participants were randomly assigned to read two articles
written in causal language and two articles written in
associative language, each from a different topic. The
distances between variables on participants’ drawing and the
self-rated strength of the relationships between variables
were measured for each of the four articles.
Figure 2 presents a flow chart visualization of study
procedure. Participants ran the experiment using their
personal computers with internet access and completed the
study individually. During the experiment, the participants
progressed through the pages and responded to the questions
by clicking on and dragging texts on the page using the
mouse. Once the participants entered the survey, they were
informed that the experiment was concerned with how people
process and represent text information and they would
answer questions based on the passages and draw diagrams
to represent the key variables and their relations. If they
answered the validation question incorrectly, they would be
sent back to the instruction page. The validation question was
“What you will need to do in this study? (choose all that
apply)”. The participants had to select “Read 4 passages,”
“Draw 4 diagrams,” and “Answer some questions based on
the passages” from four choices. After correctly answering
the validation questions regarding the tasks, the participants
were randomly assigned to four articles, two of which were
written in a causal language and the other two associative.
We controlled for the effect of the article content. (i.e., for
each article, it was written in both causal and associative
languages.)
In each article, the participants were first instructed to read
a passage carefully and informed that there would be a quiz
after reading the passage. They were given as much time as
they needed to read. Once they finished reading, they were
asked to answer two multiple-choice questions as validation
problems, which were intended to show whether they had
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grasped the relationships in the passage. If they selected the
wrong answers, the page would direct them to the passage
again. The process was repeated until they answered the two
validation questions correctly. Then, the participants entered
the next page and were instructed to draw a diagram based on
their understanding of relationships between the variables in
the passage they had just read. The variables were presented
as keywords in the middle of an 800 × 600-pixel whiteboard,
and participants were able to move the keywords to anywhere
within the whiteboard and draw straight lines with arrows to
connect the keywords.
We did not impose any time pressure on participants, and
they could advance the page once they had finished drawing.
Next, participants read a page of multiple rating questions
asking them to rate perceived strengths of relations between
each pair of variables, with “1” being not related at all and
“7” being strongly related. After finishing these questions,
the participants were instructed to proceed and read the next
passage. Once participants finished all four passages, they
were asked to provide answers to indicate if they were
distracted and/or experienced any issues during the study and
some additional demographic information.

Measures
Rating of Relatedness Strength Participants’ perceived
strength of the relatedness between each pair of variables was
coded as a continuous variable. We used standardized rating
scores (since individual participants may use rating scales
differently). Specifically, we normalized ratings by
subtracting each value from the average rating of each
participant for all questions and then dividing by the standard
deviation of each participant’s rating:
𝑟𝑎𝑡𝑖𝑛𝑔!"#$%&'()* =

#%+'!,! - #%+'!,!
/0 #$%!&'

. In this way, the

!

standardized ratings were centered to 0 for each subject.
After standardizing rating scores, we computed
participants’ average rating of relatedness strength for all
variables in each diagram that they drew by dividing the sum
of the strength rating by the total number of variables in that
diagram.

Spatial Distance of a Relation in Diagrams Raw distance
was defined as the spatial distance (in the unit of pixel)
between two variables in the causal diagram that participants
drew. It was coded as the distance from the middle of the first
variable keyword to the middle of the second variable
keyword (i.e., the length of that straight line). We normalized
distance using the same standardization method as for rating
judgments for each participant. Distances were not included
in analyses if the two keywords did not have a relation but
participants still drew lines between them.

Results
17 out of the 102 participants were removed from analysis
either because they indicated they were not serious, or
because they did not draw lines in every causal diagram.
Thus, data from a total of 85 participants were included in
analyses.

Rating of Relatedness Strength
For each participant’s rating of perceived strength, we
computed two means: the average of each participant’s
ratings of relatedness between variables in the two causal
contexts, and the average of their ratings in the associative
contexts.
Figure 3 provides a histogram of relatedness ratings for
associative passages and causal passages. A paired-sample t
test showed that relatedness ratings in the causal condition
were significantly higher than ratings in the associative
condition (t(84) = 4.43, p <.001). Meanwhile, rating
histograms in Figure 3 showed the large variability of
judgments on relatedness. This is not surprising given some
relations are likely judged as being more causal than other
relations. Hence, in the following analyses, we focus on
distances for individual relations of two variables in the
diagrams.

Figure 3: Faceted histogram of participants' mean ratings of
strength by condition

Figure 2: Flowchart of study procedure. The order of
context and condition were randomized for each participant.

Individual Distance in Diagram versus Individual
Rating of Perceived Strength
Figure 4 showed sample diagrams from causal and
associative conditions for each context. We investigated
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whether distance and rating of perceived strength is
correlated in the item-level. In this analysis, we considered
each pair of distance and rating as an entry and performed a
correlation analysis on the two variables. Figure 5 visualized
the relationship between participants’ individual ratings of
strength and individual distances on diagram by condition.
The overall correlation between distance and rating of
perceived strength was significant in this analysis (r(981) =
-.13, p < .001). The two variables are strongly negatively
correlated in causal condition (r(518) = -.19, p < .001), but
not significantly correlated in associative condition (r(461)
= -.08, p = .095). However, a Fisher’s z-test of the two
correlations for causal versus associative condition did not
reveal a significant difference between the two correlations
(z = -1.72, p = .085).
Causal

Because distances between two variables showed large
variability from one passage to the other, analysis with
aggregated mean measures lacks a way of taking into
consideration individual differences and item-level
variability. Hence, we used a mixed effect model to examine
the relationship between individual ratings of perceived
strength and distances for each pair of variables. The model
included a fixed effect of participants’ rating of perceived
strength, context (i.e. four different contents from the
passage), and variable pairs (i.e., the pair of variables
participants were asked to rate). It also included a random
effect of participants to account for the within-subject design.
We dropped random intercepts in the model because these
complex models with random intercepts produced very small
random effects.

Associative

Figure 5: Scatter plot of participants’ individual ratings of
strength and individual distances on diagram by condition
The mixed-effects model showed that participants’ ratings
of perceived strength of relatedness significantly predicted
individual distances in the diagram (t(979) = 3.76, p < .001),
as did passage context (t(979) = 3.24, p = .001) and variable
pairs (t(979) = 2.77, p = .006). These results suggest that
controlling for the random effect of each participant, when
participants gave higher ratings of relatedness strength to a
pair of variables, they also tended to draw these two variables
closer together in the diagram (i.e. connecting them with a
shorter line).

Mediation Analysis

Figure 4: Sample diagram for each context (causal versus
associative condition)

Individual Distance in Diagram Predicted by
Individual Rating of Perceived Strength

To investigate the question of whether condition (causal
versus associative) impacted participants’ drawing of the
diagram through participants’ perceived strength of
relationship, we performed a mediation analysis using the
mediation package in R (Tingley et al., 2014). In the analysis,
we accounted for the random effect of participants. The
indirect effect of condition on distance through perceived
strength was statistically significant (Effect = .03, 95% CI of
5,000 bootstrapped estimates = [.012, .060]). That is to say,
after reading associative contexts, the lines between variables
that participants drew were on average .03 longer than those
drawn by participants in the causal condition as a result of
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participants in the causal condition rating the relationships
between variables to be stronger, which in turn affected the
distance in the diagram to be shorter.

Discussion
In summary, we found that participants rated relatedness for
causal relations to be stronger than associative relations.
Importantly, this difference in perceived strength of relations
was also revealed in their drawing of diagrams. Participants
connected variables that shared a cause-effect relation with a
shorter line (i.e., placing variables closer to each other) than
they did with variables that instantiate mere association. The
mediation analysis showed that participants’ perceived
strength of relationship mediated the impact of condition (i.e.,
causal versus associative) on the distance between variables
drawn in the diagram.

individual distance and individual rating of relatedness
strength in only the causal condition, the current study could
not be sure if causal and associative relations differ in this
aspect. In other words, we still lack understanding of whether
people’s perceived strength of relatedness and their spatial
representation of the relationship are correlated differently in
causal versus associative condition.
Despite the aforementioned limitations, the findings of this
paper provide a new direction for future research, which
extends beyond semantic memory or causal judgments to
explore the spatial aspect of mental representation of causal
knowledge. Research on causal reasoning and spatial
reasoning have been largely isolated from one another, each
focusing on different theories and applications. The present
study suggests that it may be useful to consider a spatial
component of causal reasoning. Based on our
findings, causal diagrams can provide a unique window for
studying human causal reasoning in complex situations.
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Abstract
In decision-making situations that arise repeatedly, there are
tradeoffs between: (i) acquiring new information to facilitate
future, related decisions (exploration) and (ii) using existing
information to secure expected outcomes (exploitation).
Exploration choices have been well characterized in nonsocial
contexts, but choices to explore (or not) in social environments
are less well understood. Social environments are of particular
interest because a key factor that increases exploration in
nonsocial contexts is environmental uncertainty, and the social
world is appreciated to be highly uncertain. Here, participants
searched for rewards in a series of grids that were either
described as comprising real people distributing previouslyearned points (social context) or as the result of a computer
algorithm or natural phenomenon (nonsocial context).
Participants explored more, and earned fewer rewards, in the
social versus nonsocial context, suggesting that social
uncertainty prompted exploration at the cost of task-relevant
goals.
Keywords:
exploration-exploitation;
social
context;
uncertainty; directed exploration; random exploration

Introduction
Many decisions in human life rely on the consideration of
multiple choices with uncertain outcomes. From small
decisions that are made on a regular basis (e.g., what to order
at a restaurant) to larger decisions made more rarely (e.g.,
whether or not to stay in one’s current job), choices can be
broadly characterized as either consistent with exploitation or
exploration (see Melhorn et al., 2015 for a review).
Exploitation involves leveraging information one already has
to garner more certain, desired outcomes. For example, you
might choose to invite an old friend for coffee (exploit a
known social connection) because you are confident that you
will have an enjoyable time. Exploration, on the other hand,
involves trying an alternative about which you know less.
Choosing to ask a new acquaintance to coffee (explore a new
social connection) could result in a more or less enjoyable
outcome, but either way it provides you with previously
unknown information. Exploration decisions might be
especially complex in social situations, like this one, because
the factors affecting different outcomes are associated with
substantial uncertainty: the internal states that drive other

people’s behavior are hidden from view, dynamic, and
responsive to the behavior of others (Fiske, 1993). While the
benefits and costs of exploration have been well studied in
nonsocial domains, and uncertainty is known to be a key
factor that drives exploration (Gershman, 2018; Gershman,
2019), relatively less is known about how the social
landscape affects choices to explore. Here we test predictions
about when, and with what consequences, people explore in
social contexts. Specifically, we presented participants with
a series of grids comprised of individual tiles and told them
either that the tiles represented individual people who would
give them some reward or that the rewards would be
generated in a nonsocial fashion (by a computer in
Experiment 1; by a natural phenomenon in Experiment 2).
We investigated to what extent this simple framing of the
context as social or nonsocial affected exploration behavior
and reward receipt within the grids.
Given its relevance to decision-making, both human and
nonhuman animal behavior (e.g., foraging), and the cognitive
processes that underlie these activities (e.g., memory search;
Hills et a., 2015; Todd & Hills, 2020), there has been
substantial interest in the factors that influence when, why,
and for how long individuals engage in behavioral
exploration of nonsocial contexts (see Cohen et al., 2007;
Melhorn et al., 2015 for reviews). Research suggests that
preferences for exploration are not fixed (Melhorn et al.,
2015) but instead reflect the interaction of multiple
contextual considerations (Schulz et al., 2018a & b),
including the age of the learner (Plate et al., 2019), the time
one has to potentially acquire information (Wilson et al.,
2014), and an agent’s goals (Melhorn et al., 2015). Indeed,
uncertainty is one especially important factor known to
increase exploration (Speenkenbrink & Konstantinidis,
2015). Exploration of uncertain environments can satisfy
curiosity (Kidd & Hayden, 2015; Liquin et al., 2020), reduce
boredom (Geana et al., 2016), and support the pursuit of
knowledge to inform flexible changes in behavior (Sharot &
Sunstein, 2020).
In the social domain, there has been progress in
understanding exploration in collaborative and competitive
group environments (e.g., Goldstone et al., 2005; Hills et al.,
2015). For example, individuals can benefit from social
learning to reduce the need to rely on exploration in group

2716
In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

contexts (Toyokawa et al., 2014). At the same time, there can
be a tendency to over-rely on social information under
uncertain learning conditions (Plate et al., 2021; Toyokawa
et al., 2017). Learners must maintain sensitivity to structural
features of the environment (including reward structure and
predictability), thereby balancing—and flexibly updating—
the use of social information over time (Wu et al., 2021).
There is some evidence that learners can achieve this
balancing act, for example, adjusting behavior within a brief
experimental session while engaging in both individual
exploration and social learning (Krafft et al., 2015).
However, much remains unknown about exploration-related
choices in social contexts, which are particularly interesting
given that individuals may weight uncertainty differently
when the uncertainty is social in nature (Blount, 1995; Li et
al., 2018; Rilling et al., 2008).
Relatively high unpredictability and ambiguity in the social
world has been well documented (e.g., Jenkins & Mitchell,
2010; Feldmann-Hall & Shenhav, 2019; Hertwig & Herzog,
2009). Individuals may need to turn to exploration to resolve
this uncertainty in social contexts. In other words, they may
need to interact with others to gather information that they
could then employ to make inferences in the future. Decisions
involving other people can involve heightened uncertainty
because not only is the outcome itself uncertain (e.g., whether
having coffee with a new acquaintance would be enjoyable),
but the social factors influencing that outcome are also
uncertain (e.g., whether the acquaintance will be in a pleasant
mood when they arrive or whether they are interested in
becoming friends). This additional level of uncertainty may
trigger exploration to a greater extent than would be expected
in nonsocial contexts, in which the primary source of
uncertainty is in the outcome itself.
In two experiments, we asked how uncertainty in social
(versus nonsocial) contexts influences exploration.
Participants searched for rewards across tiles in a series of
grids in which rewards were either supposedly generated by
other people (social context) or by the physical environment
(nonsocial context). To assess the consequences of different
search approaches, we measured the rewarding outcomes
participants received during their search. Across all
experiments, we manipulated the environmental structure
(defined as the degree to which rewards cluster together in
the search space) to assess whether comparisons between the
social and nonsocial contexts mirror comparisons between
environments that are higher or lower in uncertainty.

Method – Experiment 1
In Experiment 1, we asked to what extent patterns of
exploration differ when the search context is social versus
nonsocial, holding constant the underlying reward structure
across contexts. We compared the degree of exploration
(i.e., how much participants explored choices with unknown
rewards versus opted for choices with known rewards) in
social and nonsocial contexts. To characterize the type of
exploration participants adopted, we used a modeling

approach to compare the extent to which participants
engaged in directed exploration (i.e., selecting options that
will reduce the overall uncertainty of the search space), and
the extent to which participants engaged in random
exploration (i.e., selecting unknown options, but not
specifically targeting options that will reduce the overall
uncertainty) in social and nonsocial contexts. To the extent
that participants associate the social context with higher
uncertainty than the nonsocial one, they should demonstrate
more exploration (specifically, directed exploration, which
would indicate targeted uncertainty reduction; Wilson et al.,
2014) in the social context.

Participants
Participants were 142 participants (51 female, 87 male, 4 selfdescribed or did not provide gender information; 14
participants were 18-25-years-old, 76 participants were 2635-years-old, 36 participants were 36-50-years-old, and 16
participants were older than 50-years-old). Thirteen
additional participants were excluded for earning a bonus of
less than $0.50 (indicating low engagement in the task) or
bot-like responses (i.e., text appeared to be sourced from
website content or was identical for multiple participants).
Participants received $0.50 for their participation in the tenminute task. We restricted participation to MTurk workers
with HIT acceptance rates >97% who were located in the
United States.

Design & Procedure
The experimental task was adapted from Experiment 2 of Wu
and colleagues (2018). While there are many experimental
paradigms that set up a tension between exploration and
exploitation, we had three additional goals that influenced our
task selection, namely to: (1) include a large landscape for
possible exploration in order to reflect the scope and variety
of options that characterize social contexts; (2) use the same
task structure across social and nonsocial contexts; and (3) be
well enough established in the literature to support an
extension to the social domain, particularly with regard to
model based analysis. Wu and colleagues’ (2018) “grid task”
satisfied these conditions. Participants were randomly
assigned to one of four between-subjects conditions in a 2
(context: social, nonsocial) X 2 (environment: rough,
smooth) design (N rough, social = 36; N smooth, social = 39;
N rough, nonsocial = 29; N smooth, nonsocial = 38).
Participants’ task was to search for points in a series of eight
grids, presented sequentially, each containing 121 tiles.
Participants in the social context were told that each tile on
the grid represented an MTurk worker who had previously
played the game and was able to allocate a proportion of
points that they earned on each of their own clicks to someone
else, i.e., the current participant. Participants in the nonsocial
context were told that the point value for each tile in the grid
was determined via a computer algorithm. Grids in the rough
condition were sampled from a Gaussian process prior with
radial basis having λ = 1 and grids in the smooth condition
were sampled from a Gaussian process prior with λ = 2,
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where λ is a length-scale parameter that indicates how quickly
the correlation between rewards in the grid decreases across
the spatial layout of the grid. Therefore, the social
manipulation provided participants explicit information
about the task context whereas the uncertainty information
had to be gleaned over time in an exclusive “bottom-up”
fashion.
We additionally varied the time horizon for exploration
across the grids in a within-subjects manner because horizon
has been shown to impact the extent of exploration (Wilson
et al., 2014), but this manipulation was not central to our
hypotheses. Specifically, for four of the grids, participants
had 20 clicks (“short search horizon”) to search for points
before proceeding to the next grid; for the other four grids,
participants had 40 clicks (“long search horizon”). The order
of the short and long search horizons alternated during the
task, and we counterbalanced which search horizon was
assigned to the first grid. Participants were instructed to find
as many points as possible and told that the magnitude of their
bonus (up to $1.50) was dependent on how many points they
found. The task was self-paced.

Data Analysis
First, to assess exploration, we regressed the distance (using
Manhattan distance) from the previously selected tile on
environment (smooth = -.5, rough = .5) and context
(nonsocial = -.5, social = .5) using a linear mixed effects
model with random intercepts for participant, horizon, and
specific search environment (i.e., the specific spatial
distribution of underlying rewards). To further disentangle
the factors contributing to how people explore differently in
social vs non-social contexts, we fit to our data a
computational model that decomposes the search behavior
into 3 components: generalization, directed exploration, and
random exploration (Schulz et al., 2019, Wu et al., 2018).
Generalization aims to capture the mechanism through
which people generalize from the rewards of the observed
tiles to all tiles. It is formulated as a Gaussian-process
regression (Quinonero-Candela et al., 2007) with the radial-

Random exploration converts the values of each tile into a
probability distribution over all tiles from which the next
choice will be sampled (i.e., a behavioral policy). It is
achieved by using the softmax function: 𝑝(𝒙) =
'() (+,-(𝒙)⁄/)
with a temperature parameter 𝜏 capturing
∑$ '() (+,-(𝒙 )⁄/)
#%&

Results – Experiment 1
Participants Explore More in Social Contexts

‖𝒙$𝒙! ‖"

basis function as kernel: 𝑘(𝒙, 𝒙! ) = exp (− % ). The
kernel has a length-scale parameter λ governing how fast the
reward correlation decays as the distance between 2 tiles (𝑥
and 𝑥′) increases, which is a free parameter we fit to the data
to capture participants’ degree of generalization.
Directed exploration aims to assign a subjective value to
each tile that will guide which tile to choose next. From
generalization, we can extract 2 pieces of information: the
expected value and standard deviation of reward in each tile.
The subjective value of a tile is obtained by combining them
using upper-confidence-bound (UCB) sampling (Srinivas et
al., 2009): 𝑈𝐶𝐵(𝒙) = 𝜇(𝒙) + 𝛽𝜎(𝒙), where a free parameter
b controls how much the standard deviation 𝜎(𝒙) contributes
to the subjective value beyond the expected value 𝜇(𝒙). Thus
b encodes how much the exploration tendency is directed by
the degree of reward uncertainty.

#

how much exploration happens simply due to behavioral
stochasticity. Higher value of 𝜏 translates into less valueguided behavior and choosing tiles more randomly.
Each of the parameters described above can range from 0
to infinity theoretically; following prior work, we fit them
using the bound [exp(−5) , exp(5)]. We adopted leave-oneout cross validation as the fitting procedure. For each of 8
rounds assigned to a participant, we held out that round and
applied Maximum Likelihood Estimation to fit the model to
the remaining 3 rounds of the same horizon length. We then
averaged estimates from all 8 rounds to obtain the fitted
parameter value for that participant. To compare the fitted
parameter values between experimental conditions, we chose
to use Mann-Whitney U tests, which are robust to extreme
values of the estimated parameters.
Finally, we examined the rewards that participants found
during the task in two ways. First, we examined whether
context and environment influenced participants’ overall
rewards by regressing the average reward received on
environment (smooth = -.5, rough = .5) and context
(nonsocial = -.5, social = .5) using a linear mixed effects
model with random intercepts for participant, horizon, and
specific search environment. We ran a mediation analysis
using the mediation package (Tingley et al., 2014) to evaluate
whether exploration patterns mediated the relationship
between context and reward receipt. Second, we ran the linear
mixed effects model with the maximum (rather than average)
reward found to test whether there were any differences
participants’ ability to find the highest reward presented in
each of the grids.

The first question of interest was how the social (vs.
nonsocial) context affected exploration behavior. There was
a main effect of context on exploration (b = 0.40, X2(1) =
4.76, p = .029, 95% CI = [0.04, 0.76]; Figure 1), such that
participants explored more in the social context (when told
that the tiles were comprised of individuals sharing a
proportion of their previously-earned rewards) than in the
nonsocial context (when told the rewards associated with the
tiles were generated by a computer). This pattern is consistent
with the idea that uncertainty is heightened in social contexts,
and participants turned to behavioral exploration to reduce it.
In line with previous research (Speenkenbrink &
Konstantinidis, 2015), there was also a main effect of
environment on exploration (b = 0.44, X2(1) = 5.72, p = .017,
95% CI = [0.08, 0.80]), such that participants explored more
in rough than smooth environments across contexts. The
context X environment interaction was not significant (b = -
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0.18, X2(1) =0.25, p = .617, 95% CI = [-0.90, 0.54]). These
findings also held both for short and long horizon grids,
indicating that participants engage in more exploration in the
social (vs. non-social) context regardless of the actual level
of uncertainty in the environment and even when a short time
window for obtaining rewards limits exploration’s
instrumental benefits.
Model-based analyses made it possible to disentangle two
possible sources of exploratory behavior: exploration that
reduces uncertainty (directed exploration: b) and choosing
tiles at random (random exploration: 𝜏). We found that only
the directed exploration parameter b was higher in the social
context than the non-social context (U = 3073, p = 0.022;
Figure 2), showing that elevated exploration in the social
context was driven by motives to reduce uncertainty. The
random exploration parameter 𝜏 and generalization
parameter λ did not differ between contexts (U = 2633, p =
0.624; U = 2566, p = 0.829), meaning that participants did
not explore tiles more randomly or infer stronger reward
correlation between tiles in one context compared to the
other. Together, these results are consistent with the idea that
elevated exploration of social contexts occurs in the service
of obtaining information that could plausibly be leveraged
over longer timescales in the future to obtain desired
outcomes.

Figure 1: Participants showed more exploration in the
social condition in both Experiments 1 and 2.

Participants Earn Fewer Rewards in Social
Contexts
The second question of interest was how the social (vs.
nonsocial) context affected participants’ reward earnings.
Analysis of the average rewards participants garnered during
the task (i.e., across all grids) revealed a main effect of social
context (b = -3.15, X2(1) = 3.81, p = .051, 95% CI = [-6.31, 0.01]), with participants earning lower rewards in the social
context. Participants also earned lower rewards in rough (vs.
smooth) environments (b = -8.27, X2(1) = 26.26, p < .001,
95% CI = [-11.43, -5.11]). (The interaction was not
significant, b = 2.09, X2(1) = 0.42, p = .519, 95% CI = [-4.24,
8.42].)
Moreover, the relationship between context and reward
receipt was mediated by exploration (b = -0.57, p = 0.017,
95% CI = [-1.05, -0.09]). This provides evidence that the
social manipulation acted on patterns of exploration, which
in turn influenced reward receipt. In other words, pursuing
additional information about the social context to reduce
uncertainty was done at the detriment of reward receipt,
which is notable considering that participants in this task
could earn a monetary bonus based on the rewards they
found.
Participants’ lower reward earnings in the social context
could derive from at least two possible sources: a lower
success rate in finding as highly-rewarding tiles in the social
context (compared to the non-social context) or a greater
tendency to continue exploring even after finding highlyrewarding tiles in the social context (compared to the nonsocial context). To investigate these possibilities, we
examined the magnitude of the highest reward found
throughout the task. This analysis revealed no effect of
context on the highest reward found by participants (b = 0.07,
X2(1) = 0.007, p = .933, 95% CI = [-1.69, 1.84]). We observed
only an effect of environment, such that participants found
higher rewards in the smooth, versus rough, environments (b
= -2.58, X2(1) = 8.24, p = .004, 95% CI = [-4.34, -0.82]),
which is expected given that the distribution of rewards was
less predictable in the rough environments. The interaction
between context and environmental uncertainty was not
significant (b = -1.46, X2(1) = 0.66, p = .418, 95% CI = [4.98, 2.07]). Together, these results show that participants in
both contexts had the opportunity to exploit high-reward
tiles, but those in the social context were less likely to do so.

Discussion – Experiment 1

Figure 2: Model parameter estimates. We first averaged
the cross-validated parameter estimates for each participant,
and then plotted the median across participants by context.

In Experiment 1, participants explored more when they
thought that the points associated with the grid tiles were
determined by human individuals than when they thought the
points were determined by a computer algorithm.
Additionally, the social context specifically increased
directed (as opposed to random) exploration, which targets
uncertainty reduction.
One principal limitation in Experiment 1 is the difference
in instructions for the social and nonsocial contexts, which
leaves open the possibility that the observed difference in
exploration between contexts could have arisen due to factors
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other than the social versus nonsocial context per se. For
example, participants might have expected that the points
generated from the computer were random but that the points
coming from other people were associated with more
systematic patterns.
In particular, although we selected the Wu et al. (2018) task
for many desirable features, including the vastness of the
search space and its established place in the literature, this
foraging-style task may have introduced a confound with
condition in participants’ expectations about the reward
distributions. If spatial correlations are less expected in the
social context, this could in part explain differences between
the conditions. Such a difference is plausible; participants
may not expect that individuals associated with adjacent tiles
would issue similar rewards, instead inferring that individual
motivations could influence the social generation of rewards
(Wilke et al., 2015). We address this issue in Experiment 2
by providing an explanation in both conditions as to why
there may be spatial relationships between the tiles.
Another limitation is that the experiences of participants
completing the task itself might have differed across contexts.
For example, participants could have encoded observed
rewards differently across conditions. To assess the
replicability of the observed patterns of elevated exploration
in social (vs. non-social) contexts in a new sample while
addressing these considerations, we adapted our social and
nonsocial conditions to be even more comparable in structure
in Experiment 2.

Method – Experiment 2
The method of Experiment 2 was identical to that of
Experiment 1, with the following exceptions. First, we
changed the descriptions of the social and nonsocial contexts
to make them more parallel. Participants in the social context
read that each tile represented an MTurk worker who shared
a portion of their points from when the MTurk worker played
the game in 2020. Unlike Study 1, participants also read that
the tiles were arranged based on the MTurk worker’s
geographic location. Our intention here was to provide
plausibility for the spatial correlations between tiles. Further,
in the nonsocial context, participants read that each tile
represented a plot of land and that the points corresponded to
the crop yield from that plot of land in 2020. As in the social
context, participants read that the tiles were arranged based
on the plot of land’s geographic location.
Second, we wanted to understand whether participants had
different expectations and/or experiences of the possible
rewards in the social and nonsocial contexts. At the end of
the task, we asked participants to report the highest and the
lowest reward that they thought was present overall (i.e.,
across all of the grids they saw). Finally, we revised the bonus
structure such that that top 50 point-earning participants
would earn a bonus of $0.50.
Participants were 138 adults (N rough, social = 37; N
smooth, social = 35; N rough, nonsocial = 28; N smooth,
nonsocial = 38) recruited via Amazon’s Mechanical Turk (61
female, 76 male, 1 participant did not report gender, 9

participants were 18-25-years-old, 54 participants were 2635-years-old, 56 participants were 36-50-years-old, and 19
participants were older than 50-years-old). 68 additional
participants were excluded for earning a bonus of less than
$0.50 (indicating low engagement in the task), estimating the
highest reward as < 50 or lowest reward as > 50 (which would
be highly inconsistent with the grid displays, where the
lowest rewards observed by participants ranged from 3 to 17
and the highest ranged from 69 to 87) or bot-like responses.

Results – Experiment 2
Participants Explore More in Social Contexts
In Experiment 2, we replicated the main effect of the social
context (b = 0.57, X2(1) = 9.54, p = .002, 95% CI = [0.21,
0.93]; Figure 1), with participants exploring more when told
that the tiles were comprised of other people versus
representing plots of land. The effect of environment was not
significant (b = -0.0009, X2(1) = 0.00, p = .996, 95% CI = [0.36, 0.36], nor was the interaction, X2(1) = 0.05, p = .823).
It is possible that telling participants that the tiles were
arranged geographically made them less sensitive to the
observed spatial correlation of the grids. These results were
consistent across both the short and long time horizons.
Replicating the modeling results of Experiment 1, the
directed exploration parameter b was higher in the social
context than nonsocial context (U = 2875, p = 0.034; Figure
2), suggesting participants valued the reduction of
uncertainty more if told that rewards were generated from
other people than contingent on crop yield. Unlike
Experiment 1, there was also a difference in the random
exploration 𝜏 parameter (U = 3030, p = 0.01; generalization
was not significant, U = 2516, p = 0.55).

Participants Earn Fewer Rewards in Social
Contexts
As in Experiment 1, there was a main effect of social context
(b = -5.18, X2(1) = 13.24, p < .001, 95% CI = [-7.96, -2.39])
on average reward, with participants earning lower rewards
under the social context. Participants also earned lower
rewards in the rough environments (b = -7.71, X2(1) = 29.37,
p < .001, 95% CI = [-10.50, -4.92]). The interaction was not
significant, X2(1) = 0.200, p = .655. Moreover, exploration
again mediated the relationship between context and reward
receipt (b = -0.98, p = .001, 95% CI = [-1.59, -0.36]). Finally,
we also replicated the finding from Experiment 1 that
environment, but not social context, affected the magnitude
of highest reward found. Participants found higher rewards in
the smooth environments (b = -3.55, X2(1) = 25.68, p < .001,
95% CI = [-4.92, -2.18]), but neither the effect of context
(X2(1) = 1.05, p = .306) nor the interaction (X2(1) = 0.04, p =
.839) was significant.
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Participant Estimates of Reward do not Differ in
Social Contexts
In Experiment 2, we included additional questions at the end
of the experiment to test whether participants had different
experiences of the rewards between contexts that could
explain differences in exploration behavior. Participant
estimates of the highest rewards available were related to the
highest rewards that they, themselves, earned during the task
(r = 0.37, t(136) = 4.63, p < .001, 95% CI [0.22, 0.50]),
indicating that participants were accurate at tracking rewards,
though notably, the correlation is small to moderate perhaps
indicating some additional factors influencing reward
estimation. In taking the difference score between the actual
and estimated rewards, there were no differences based on
environment (t(134) = 0.43, p = .670), social context (t(134)
= -1.42, p = .159), or their interaction (t(134) = -0.55, p =
.586). This evidence suggests that explicit differences in
expectations and/or experiences of reward distributions
cannot account for differences in participant behavior across
contexts.

General Discussion
The aim of the current investigation was to further scientific
understanding of exploration in social contexts. In two
experiments, we showed that participants demonstrated more
exploration in a social versus nonsocial context. Enhanced
exploration is consistent with the idea that social contexts
present additional uncertainty that learners attempt to resolve
through search and sampling of options. Our model-free
results were further backed up by results from a
computational model that defines exploration with
mathematical precision as a form of information seeking and
encapsulates it into one parameter b. Comparing the
estimated b parameter yields a significant difference
suggesting that participants enhanced exploratory behavior in
the social context is in the service of reducing environmental
uncertainty. In addition to differences in directed exploration,
we did find differences in random exploration between
contexts in Experiment 2. While individuals may pursue both
types of exploration (e.g., Gershman, 2018; Wilson et al.,
2014), future research is needed to further understand when
the use of directed and random exploration diverge in social
contexts. These results highlight the complex interactions
between features of the environment and call for additional
research on exploration tradeoffs in social contexts.

Limitations and Future Directions
Given that this is one of the first investigations of exploration
in social contexts outside of collaborative/competitive group
environments, there are limitations on our conclusions that
guide directions for future research. First, in order to best
equate social and nonsocial contexts, the social scenarios
presented in these experiments were highly pared down and
therefore limited in ecological validity. Real-world social
contexts undoubtedly provide additional cues that could
influence when, why, and for how long individuals explore.

For example, if participants were soliciting donations from a
group of people, search may be influenced by factors
including their relationship to individual social agents,
whether social agents present cues that promote approach
(e.g., a pleasant facial expression), and norms about whether
it would be permissible to “exploit” an individual agent by
asking for donations across multiple occasions. Relatedly, it
may have been less plausible for participants to expect spatial
correlations in the social context (particularly in Experiment
1 when there were no instructions to introduce this idea). To
fully map the landscape of exploration in social
environments, future research should leverage the many
diverse tasks that tap into exploratory behavior and build a
knowledge base that parallels, and is integrated with, the vast
research on exploration in nonsocial and collaborative
contexts. In doing so, future research could also use reward
structures that are in fact generated by social agents (e.g.,
Wilke et al., 2015) and therefore take into account the natural
patterns and variations of reward generation in social
contexts as well as further measure participant expectations
about rewards generated by social agents as compared to
those generated by nonsocial means.
Additionally, while the current experiments examined
search for monetary rewards from social agents, a related but
distinct set of questions concerns how people explore social
landscapes for rewards that are themselves social (e.g.,
relationship value, increased access to resources, emotional
rewards) (Cords & Aureli, 2000; de Waal, 1997; Kummer,
1978; Wittig et al., 2008) and navigate potential social costs
(e.g., risk of interpersonal aggression, energy expenditure)
(Mitani & Amsler, 2003; de Waal & Davis, 2003). For
example, research suggests that individuals would rather lose
monetary reward because of chance than because of another
person (Blount, 1995; Bohnet & Zeckhauser, 2004) and that
there may be social-specific risk aversion (Haux et al., 2021).
Future research should consider other factors that influence
exploration in social contexts beyond uncertainty.

Conclusion
We provide evidence to characterize exploration as a means
to uncertainty reduction in social contexts. Specifically,
participants demonstrated more exploration of social as
compared to nonsocial contexts, in line with patterns of
behavior expected in high uncertainty environments.
Moreover, we find that the increased exploration in social
relative to nonsocial contexts came at the cost of reward
receipt. Together, these experiments provide evidence
consistent with the view that social context uniquely
influences exploration as social beings attempt to resolve
uncertainty.
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Abstract
A recent proposal of syntactic satiation claims that it is
driven by adaptation: comprehenders track and update
their beliefs about the probability of observing certain
sentences, leading to subsequent increases in the acceptability of those sentences. This leaves open what the representational targets of satiation are, that is: what is the
tracked information that belief update is based on? In
two acceptability judgment experiments, we show that
exposure to one type of island violation can lead to the
satiation of another island type, suggesting that island
type-general representations are tracked by comprehenders in addition to island type-specific representations.
The same experimental paradigm can be used for further
exploration of the representational targets of satiation.
Keywords: psycholinguistics; island effect; adaptation;
satiation; acceptability judgments

Introduction
In experimental syntax, a commonly employed measure
of a sentence’s grammaticality is acceptability judgments
(Schütze, 1996). Sentence acceptability is affected by
a widely observed phenomenon called the satiation effect: after repeated exposure to unacceptable sentences,
people usually find these sentences increasingly acceptable (Brown, Fanselow, Hall, & Kliegl, 2021; Chaves &
Dery, 2019; Francom, 2009; Goodall, 2011; Hiramatsu,
2001; Lu, Lassiter, & Degen, 2021; Snyder, 2000, 2021).
Despite the abundance of studies on satiation, an important question is left mostly unanswered: when sentences
satiate, what are the representational targets of satiation?
That is, which latent or overt features of the linguistic
signal do comprehenders track and adapt to? In this
study, we take a first step towards addressing this question by studying the generalization of satiation across
two different island-violation constructions: subject islands, and whether-islands.

Satiation mechanism
There are various proposals for the mechanism of satiation.1 Under the memory-bottleneck account, satiation is the result of processing facilitation of memory1 Sprouse

(2009) claims that there is no genuine satiation,
and that increased acceptability after exposure is driven by an
experimental confound: the result of an “equalization strategy”, participants tend to balance their positive and negative
responses when answering surveys. Therefore, in an accept-

demanding sentences (Francom, 2009; Hofmeister &
Sag, 2010). Under the priming account, satiation is an
instance of structural priming (Francom, 2009; Do &
Kaiser, 2017). Building on the priming-based account, a
recently proposed adaptation account construes the satiation effect as an instance of adaptation (Lu et al., 2021):
throughout exposure, comprehenders update their beliefs about the occurrence probability of certain linguistic forms (Kleinschmidt & Jaeger, 2011; Fine, Jaeger,
Farmer, & Qian, 2013; Schuster & Degen, 2020); the
more expected a form is, the more acceptable it is. In
this work, we do not intend to argue for or against any
of the aforementioned accounts of satiation. Instead, we
aim to answer a question that affects all these accounts
alike: which features are the representational targets of
satiation? In the remainder of this section, we motivate
this research question within the adaptation account of
satiation (Lu et al., 2021) for illustrative purposes.
Under the adaptation account of satiation, comprehenders have and maintain uncertainty about the speaker’s
generative language model θ, which assigns contextual
probabilities to the production of various utterances u
with underlying linguistic representation LR (e.g., syntactic structures, lexical items etc.). Fig. 1 shows the
causal model of utterance production assumed by Lu et
al. (2021).
Speaker

θ

LR

u

Context

Figure 1: Causal model of utterance production (Lu et
al., 2021)
When the comprehender observes an utterance by a
speaker (s), the probability of each generative language
model θ ∈ Θ given s is updated via Bayesian belief updating. Assuming that context is fixed and given, and that
ability judgment experiment with a high number of ungrammatical stimuli, participants give increasingly higher ratings to
balance the overall responses. However, we will see clear evidence against this claim in the reported experimental results
(see also Francom, 2009; Goodall, 2011; Crawford, 2012; Lu
et al., 2021).
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the comprehender recovers a set of linguistic representations (r) from the utterance (u), we have the following
equation by Bayes rule:
p(θ | r, s) ∝ p(r | θ) p(θ | s)

(1)

From (1), we know that for any two generative models θi
and θj where p(r | θi ) > p(r | θj ), the posterior probability
of θi increases compared to θj upon observing r :
p(θi | r, s) p(θi | s)
>
p(θj | r, s) p(θj | s)

(2)

As a result of this belief updating process, the comprehender’s expectation for the linguistic representation r,
expressed in (3) as a marginal probability over all possible generative models, should increase with exposure to
r.
p(r | s) = ∑ p(r | θ)p(θ | s)
(3)
θ∈Θ

In Lu et al. (2021)’s formulation, r in the above equations
is assumed to be specific syntactic structures. That is,
it is assumed that comprehenders only track and update
their beliefs about different syntactic structures during
adaptation. Increased expectation for a syntactic structure r would lead to increased expectation for utterances
with that particular structure, and eventually result in increased acceptability ratings for such utterances.
The choice to assume syntactic structures as the representational target of satiation is in line with the rhetoric
adopted in previous literature on satiation: past studies
(Snyder, 2000; Sprouse, 2009; Chaves & Dery, 2019,
inter alia) often discuss the satiation of various syntactic constructions (e.g., satiation of whether-island sentences, complex-NP island sentences, etc.). However,
there is no evidence suggesting that the type of linguistic representation tracked by participants during satiation
(the ‘LR’ node in Fig. 1, and r in equations 1, 2, and
3) needs to be particular syntactic structures or constructions. While past studies reporting satiation effects observed that exposure to one syntactic structure leads to
acceptability increase in sentences of the same structure,
such observations only suggest that the representational
targets of satiation can be any linguistic representation
that can be abstracted away from the satiated sentences
(e.g. filler-gap dependencies, embedded clauses, etc.).
These features may or may not be shared with other syntactic structures. In the following section, we shall see
how we can pinpoint the representational targets of satiation in a generalization paradigm.

to others. If repeated exposure to sentence type A increases the perceived acceptability of not only A but also
another sentence type B, we could conclude that comprehenders adapt to linguistic representations that are shared
across sentence types A and B (see Bock (1989); Bott &
Chemla (2016), among others, for examples of this type
of reasoning). For example, both relative clauses and whquestion sentences contain filler-gap dependencies. If
comprehenders track and update their beliefs about the
probability of observing filler-gap dependencies, exposure to sentences with relative clauses should lead to increased acceptability of wh-question sentences. In contrast, if comprehenders track and update their beliefs
about the distribution of specific syntactic tree structures,
exposure to sentences with relative clauses should not affect the acceptability of wh-question sentences, since the
two sentence types involve different syntactic structures.
To summarize, different hypotheses about the representational target of satiation make different predictions
about whether satiation should generalize between sentence types. Fig. 2 sketches the hypothesis space in the
context of the satiation of sentences with island violations, a widely studied class of syntactic constraints in
the past literature on satiation (Snyder, 2000; Francom,
2009; Chaves & Dery, 2019, inter alia). In Fig. 2, colored boxes contain sets of sentence types that should
exhibit satiation generalization under different assumptions of the representational targets of satiation. Exposure to a sentence type inside the box should lead to an
acceptability increase for any other sentence type inside
the same box. For example, if the representational target
of satiation is a specific island-violation type (A), exposure to such sentences should only lead to satiation of
sentences of the same type of island-violation sentence.
If, instead, the representational target is the violation of
an island constraint in general, exposure to one type of
island-violation sentence should also lead to satiation of
sentences with other types of island violations (B).
In this study, we employed the generalization
paradigm to examine the generalization of satiation
across subject island and whether-island violations. The
former refers to ungrammatical syntactic movements
from within complex subjects, and the latter refers
to ungrammatical syntactic movements from whetherclauses (Ross, 1967). Example sentences are shown below. These two constructions have both been previously
shown to satiate (Snyder, 2000; Chaves & Dery, 2019;
Lu et al., 2021).
(1)

Subject island violation
*Whoi did Mary think the brother of ti came to
the party?

(2)

Whether-island violation
*Whati did Mary wonder whether John ate ti ?

The generalization paradigm
One way to pinpoint the representational targets of the
satiation effect is to use a generalization paradigm, i.e.,
to test whether satiation of one sentence type generalizes
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Figure 2: Possible representational targets of island satiation and generalization patterns. The lists of representational
targets and sentence types are non-exhaustive, indicated by ‘. . . ’.
By testing for generalization of satiation effects from
one island-violation type to another, we aim to tease
apart two hypotheses: one possibility is that comprehenders track the specific type of island violation during satiation (A in Fig. 2). Another possibility is that
comprehenders track features that are not linked to any
specific island violation type (e.g., island violations in
general (B), the existence of a filler-gap dependency (C),
degraded acceptability in general (D)). We leave distinguishing between B, C, and D for future work.
If comprehenders track only island type-specific representations, no generalization across island types is expected. If comprehenders track only island type-general
information, the magnitude of satiation generalization
across island types should be the equal to satiation resulting from exposure to the same island type. Finally, if
comprehenders track both island type-specific and island
type-general information, satiation generalization across
island types should happen, but to a lesser extent than satiation resulting from exposure to the same island type.

Experiment 1
In Exp. 1, we tested whether satiation to whether-island
sentences generalizes to subject island sentences using
an exposure-test paradigm acceptability judgment experiment. If satiation generalizes across the two island types, the acceptability of subject island sentences
should increase after exposure to whether-island sentences.2

Method

not English, the 95% confidence intervals of responses
to grammatical and ungrammatical fillers overlapped, or
they answered a practice trial incorrectly more than once.
Materials and procedure Participants were asked to
read sentences and give acceptability ratings on a slidingscale with the lower end labeled ‘completely unacceptable’ and the higher end labeled ‘completely acceptable’.
The responses were recorded as numeric values between
0 and 1, with 0 representing the lower end and 1 representing the higher end of the scale.
For each trial, the participants saw a target sentence
preceded by a context sentence. The experiment consisted of 44 trials divided into an exposure phase containing 12 exposure sentences and 12 filler sentences, and
a test phase containing 10 test sentences and 10 filler
sentences. The participants were randomly assigned
to three exposure groups: the within-category group,
the between-category group, and the control group. In
the exposure phase, the within-category group saw subject island sentences, the between-category group saw
whether-island sentences, and the control group participants saw polar questions. We used polar questions as a
control because they are interrogative sentences like the
other exposure sentences, but they do not possess most
of the linguistic representations that are shared between
whether-island and subject island sentences (e.g. island
violations, long distance dependencies, degraded acceptability, etc.). In the test phase, all participants saw subject island sentences as test sentences. Example stimuli
are shown in Table 1.

Participants We recruited 973 participants on Prolific,
with 52 excluded because they met at least one of the
following exclusion criteria: their primary language was

Among the three exposure groups, the within-category
group served as a positive control where maximal satiation was expected, since the participants were exposed
to the same sentence type in both the exposure phase
2 Pre-registrations are available at osf.io/hwk7g. Experand the test phase. The control group served as a negimental materials, data, and analysis scripts are available at
github.com/wright-nicholas/satiation-generalization. ative control where no satiation was expected, given that
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Table 1: Example stimuli.
Condition
Polar question
Subject island
Whether-island
Grammatical filler
Ungrammatical filler

Context
Jack thinks that Mary spilled a bottle of water.
Jack thinks that a bottle of water was spilled by
Mary.
Jack wonders whether Mary spilled a bottle of water.
The journalist thought that the politician wrote a
book.
The priest of the local church saw a man sleeping
under the bridge.

the polar questions in the exposure phase do not share
even island type-general representations (e.g. the existence of island-violation regardless of type, the existence
of a long distance dependency, etc.) with the subject island sentences in the test phase, except for the interrogative force. Generalization of satiation from whetherislands to subject islands is detected as a positive difference between the between-category exposure group and
the negative control group in the test phase. Satiation to
island type-specific representations is detected as a negative difference between the between-category group and
the within-category group in the test phase.

0.6

Mean acceptability

Mean acceptability

Exposure phase

0.8

Test phase

Whether island
Subject island
Polar question

0.6

Exposure group
Control
0.4

Between−category
Within−category
0

10

20

30

40

Trial number

Figure 4: Mean acceptability ratings over time (Exp. 1).

Mean acceptability ratings of the test sentences by exposure group are shown in Fig. 3. The mean acceptability ratings of all exposure groups are plotted against trial
number in Fig. 4.

Exposure condition
0.4
Polar question
Subject island
Whether island

0.0
Control

What did the journalist think that the politician
wrote?
What bridge the under saw church local the of did
priest the?

Sentence type

Results and discussion

0.2

Target
Did Jack think that Mary spilled a bottle of water?
What does Jack think that a bottle of was spilled
by Mary?
What does Jack wonder whether Mary spilled?

Between−category Within−category

Exposure group

Figure 3: Test phase mean acceptability by exposure
group (Exp. 1).
A linear mixed-effects model predicted acceptability
ratings from dummy-coded fixed effects of experimental phase (reference level: test), exposure group (reference level: between-category), and their interaction. The
model included random by-participant and by-item intercepts, by-participant slopes for experimental phase, and
by-item slopes for both fixed effects and their interaction.
There was a significant exposure group effect in the
test phase: compared to the between-category group rat-

ings, the control group ratings were significantly lower
(β=-.064, SE=.019, t=-3.35, p<.001), and the withincategory group ratings were significantly higher (β=.085,
SE=.020, t=4.25, p<.001).
Our design assumed that the control group’s exposure
to polar questions has little influence on their ratings for
the subject-island sentences in the test phase. We verified this assumption by comparing the control group’s
responses for the first six trials of the test phase with
the within-category group’s responses for the first six
trials of the exposure phase3 . Using a linear mixedeffect model with a fixed effect of exposure group (control vs. within-category) predicting the acceptability ratings from the first six trials of both phases, we found no
significant difference between the two groups (β=-.006,
SE=.022, t=-.027, p=0.79).
Compared to the control group, the between-category
group who were previously exposed to whether-island
sentences rated the subject island sentences significantly
higher. This suggests that the satiation to whetherisland sentences generalized to subject island sentences,
which supports the hypothesis that participants track and
adapt to island type-general representations during satiation to island-violating sentences. Furthermore, the
within-category group rated the test sentences signifi3 We

used the first six trials to represent the beginning of an
experimental phase, following Lu et al. (2021).
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saw whether-island sentences as exposure sentences, the
between-category group participants saw subject island
sentences as exposure sentences, and all test sentences
were whether-island sentences.

Results and discussion
Mean acceptability ratings of the test sentences by exposure group are shown in Fig. 3. The mean acceptability ratings of all exposure groups are plotted against trial
number in Fig. 4.

0.6

Mean acceptability

cantly higher than the between-category group. This
shows that the amount of between-category generalization is smaller than within-category satiation, which suggests that participants also track and adapt to island typespecific representations.
Finally, to test whether the acceptability increases in
Exp. 1 indeed reflect satiation rather than the result of an
equalization response strategy whereby participants try
to balance their high and low responses (Sprouse, 2009),
we show the cumulative mean of ratings on each trial in
Fig. 5. If only the equalization response strategy is at
play and no satiation took place, the cumulative mean
should drift towards the midpoint of the scale. However, we see that the cumulative mean crosses the midpoint (0.5, marked by the dashed line) during the exposure phase. Thus, the changes in sentence acceptability
in Exp. 1 cannot simply be explained as a task artifact.

Exposure condition
0.4
Polar question
Subject island
Whether island

0.2

0.0
Control

Between−category Within−category

Exposure group

Figure 6: Test phase mean acceptability by exposure
group (Exp. 2).

Mean acceptability

Sentence type

Figure 5: Cumulative mean acceptability ratings during
exposure phase (Exp. 1). Dashed line represents the midpoint of the scale (0.5).

Exposure phase

0.8

Test phase

Whether island
Subject island
Polar question

0.6

Exposure group
Control

0.4

Between−category
Within−category

Experiment 2

0.2

In Exp. 1, we observed that satiation to whether-island
sentences can generalize to subject island sentences. If
this generalization effect is driven by participants adapting to island type-general representations, we expect this
satiation generalization effect to also hold in the reverse
direction: satiation to subject island sentences should
generalize to whether-island sentences. We tested this
prediction in Exp. 2.

Method
Participants A total of 968 participants were recruited
on Prolific, with 23 excluded based on the same exclusion criteria as in Exp. 1.
Materials and procedures Exp. 2 used the same set
of stimuli as Exp. 1, examples of which are shown in
Table 1. The same experimental design was used, except that in Exp. 2 the within-category group participants

0

10

20

30

40

Trial number

Figure 7: Mean acceptability ratings over time (Exp. 2).
A linear mixed-effects model predicted acceptability
ratings from dummy-coded fixed effects of experimental phase (reference level: test), exposure group (reference level: between-category), and their interaction. The
model included random by-participant and by-item intercepts, by-participant slopes for experimental phase, and
by-item slopes for both fixed effects and their interaction.
There was a significant exposure group effect in the
test phase: compared to the between-category group ratings, the control group ratings were significantly lower
(β=-.10, SE=.021, t=-4.74, p<.001), and the withincategory group ratings were significantly higher (β=.062,
SE=.020, t=3.04, p<.01).
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Once again, our assumption that the control group provides a negative control with minimal satiation is confirmed by comparing the control group’s responses on the
first six trials of the test phase with the within-category
group’s responses on the first six trials of the exposure
phase. Using a linear mixed-effects model with the fixed
effect of exposure group (control vs. within-category)
predicting the acceptability ratings from the first six trials
of both phases, there was no significant different between
the two groups (β=-.025, SE=.021, t=-1.19, p=0.24).
Compared to the control group, the between-category
group who were exposed to subject island sentences in
the exposure phase rated the whether-island sentences
in the test phase significantly higher. This suggests that
the satiation to subject island sentences generalized to
whether-island sentences, which supports the hypothesis
that participants track and adapt to island type-general
representations during satiation to island-violating sentences. Furthermore, the within-category group rated
the test sentences significantly higher than the betweencategory group. This shows that the amount of betweencategory generalization is smaller than within-category
satiation, suggesting that island type-specific representations are also tracked by participants.
Finally, to show that the acceptability increases in
Exp. 2 are indeed satiation rather than the result of an
equalization response strategy (Sprouse, 2009), we plotted the cumulative mean of acceptability ratings on each
trial in Fig. 8. The cumulative mean crosses the midpoint
of the scale (0.5, marked by the dashed line in Fig. 8)
during the test phase, again ruling out the task artifact
explanation of acceptability ratings increases.

Figure 8: Cumulative average acceptability ratings during exposure phase (Exp. 2). Dashed line represents the
midpoint of the scale (0.5).

General Discussion
In this study, two acceptability judgment experiments
tested whether comprehenders track and adapt to island

type-specific representations, island type-general representations, or both, during satiation of sentences containing subject island and whether-island violations. The results suggest that comprehenders track both island typespecific and type-general representations.
In both experiments, we saw that the betweencategory exposure group rated the test sentences as significantly more acceptable than the control group, and
significantly less acceptable than the within-category
group. Assuming that the control group established a
negative baseline where the exposure phase leads to no
satiation generalization on test phase sentences (as confirmed by the lack of significant difference between the
beginning of the control group test phase and the beginning of the within-category group exposure phase in both
experiments), the contrast between the between-category
and the control groups suggests that exposure to one island type leads to satiation in another island type. The
contrast between the within-category and the betweencategory groups suggests that satiation generalization is
smaller in magnitude than maximal satiation achieved
through consistent within-category exposure.
How do these results inform the question regarding the
representational targets of satiation? Recall the adaptation account of satiation. Comprehenders track and
update their beliefs about the probabilistic distributions
of linguistic representations. The increased expectation
for certain linguistic representations leads to increased
acceptability of utterances that embody such representations, yielding the satiation effect. The observation that
exposure to one island type leads to satiation in another
island type suggests that comprehenders track linguistic representations that are shared across the two island
types. However, these island type-general representations are not the only type of information tracked: if they
were, there should be no difference between the magnitude of between-category generalization and withincategory satiation, contrary to observation. Therefore,
our results suggest that the representational targets of island satiation include both island type-specific representations and island type-general representations.
There are various possible island type-specific representations (e.g., embedded clause types, particular syntactic structures) and island type-general representations
(e.g., filler-gap dependencies, the degraded acceptability
status) that comprehenders could track. When subject island or whether-island sentences satiate, which particular island type-specific and island type-general representations do participants track and adapt to? Our current
results cannot tease apart these more fine-grained possibilities. Future studies could use the same generalization
paradigm introduced here to test the various possible representational targets of satiation in the hypothesis space.
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Abstract
With artificial intelligence technologies becoming
commonplace today, enhancing the efficiency of humanartificial agent (AA) interactions has become increasingly
important. A growing body of research has revealed how
dynamic motor primitives (DMPs) of human perceptual-motor
behavior can be used to create ‘human-like’ AAs, primarily
focusing on cooperative tasks. Using air hockey as a
representative task, the current experiment is the first part of a
large study aimed at determining the utility of DMP-based
models for developing ‘human-like’ competitive AAs.
Participants played against a preliminary DMP model and the
differences in their behaviors were analyzed. Based on these
observed differences, a revised model is proposed, with
preliminary results revealing that the new model exhibits
behaviors more consistent with those of humans. A major
implication of this work is that it presents a framework for
creating ‘human-like’ AAs that capture the essential human
decision and movement dynamics without requiring large
human gameplay datasets.
Keywords: dynamic motor primitives; human-machine
interaction; human behavior modelling; artificial intelligence

Introduction
Recent advances in machine learning methodologies and a
speedy adoption of artificial intelligence (AI) systems have
resulted in rapid and innovative uses of these systems in
science, medicine, and industry (Dobbe et al., 2021; Jamilly
et al., 2018). Although the capabilities of AI systems vary,
contingent on underlying algorithms, training procedures,
and training data (Shank et al., 2019), AI systems are now
capable of performing a wide array of tasks, including speech
recognition and translation, decision-making, image
processing, visual perception, and financial forecasting
(Norris, 2020). Human-AI systems are also becoming
commonplace, with AI agents mediating social networks and
experiences (Papadimitriou, 2016), how video games are

played (Spronck et al., 2006), training and performing
workplace activities (Kovacevic, & Radenkovic, 2020;
Mihailidis et al., 2016), and seeking medical and clinical
advice (Miller et al., 2020).
In many instances, the key to effective human-AI
interaction is the ability of AI agents to exhibit ‘human-like’
behavior that can be predicted and easily understood by
human co-actors (Nalepka et al., 2019). This is particularly
true for physical or perceptual-motor human-AI interactions,
where the behavioral actions of an AI agent can significantly
influence the stability and effectiveness of human behavior
and learning.
Indeed, a lack of understanding of how to best develop
‘human-like’ AI agents remains a significant barrier to the
full adoption of AI systems within organizations requiring
physical human-AI interaction (Lorica & Paco, 2019;
Washburn et al., 2019). Importantly, recent research has
suggested that one way to develop ‘human-like’ AI agents is
to define the actions of such artificial agents (AA) using the
same dynamical motor primitives (DMPs) that generatively
approximate human actions (Patil et al., 2021; Nalepka et al.,
2019). See (Patil et al., 2021) for an overview of using DMPs
for modelling human action dynamics. Despite the robustness
of the latter research, the effectiveness of the DMP approach
for creating ‘human-like’ AAs has only been demonstrated
using cooperative human-AA perceptual motor tasks (e.g.,
object pick and place tasks, multiagent herding, and
collection tasks) (Carroll et al., 2019; Lamb et al., 2017,
2019; Nalepka et al., 2019; Patil et al., 2021). Furthermore,
the general framework followed by previous research uses
data collected from human co-actors to create and
parameterize the DMP models, which are then validated with
more human participants.
The aim of the current study was to explore the potential
use of DMP controlled AAs in competitive human-AA
contexts. The novelty of this methodology is that it does not
rely upon human-human interactions to model AA behaviors,
but it still uses the primitive models that capture the essential
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human decision making and movement behaviors as a
baseline to reveal the complexities of human behaviors. More
specifically, we compared the behavior of human players to
those of a preliminary DMP controlled AA to identify the
differences/similarities between human and AA air hockey
gameplay. This further allowed us to ascertain how a DMP
model should be functionally and parametrically realized to
best capture ‘human-like’ gameplay. Accordingly, we
explored the general effectiveness of human and AA
gameplay (i.e., wins versus losses) and the fundamental
aspects of offensive and defensive gameplay (Chang et al.,
2020; Chowdhury et al., 2018).

The VR environment, as can be seen in Figure 2, depicted
circular mallets with knobs (blue for participants and red for
the AA), a circular puck (green), the air hockey table and the
scoreboard (presented above the table). The size of both the
opponent’s and participant’s goals were 30 cm wide and lay
in the center of the short end of the table on their respective
sides.

Method
Participants
Fifteen students (7 male, 8 female) with ages ranging from 18
to 35 years (M = 20.73, SD = 4.82) from an Anonymous
University participated in this study for course credit. Two of
the 15 participants were left-handed (13.33%), with the
remaining 13 being right-handed (86.67%). All participants
used their dominant hand to play and disclosed that their air
hockey experience was minimal at best, consisting only of
experience in an arcade environment.

Task Environment
Participants stood on the short side of a 2.2 m x 1.2 m table
with a height of 0.81 m in a laboratory room of size 2.8 m x
4.1 m and completed this task in a virtual environment. The
virtual environment consisted of a room resembling the
laboratory room with a virtual table that was the same size as
the real table. The physical table provided a solid surface on
which participants could glide the controller (that tracks the
position of the mallet) against. This is synonymous with the
way a mallet would glide along an actual air hockey table (as
seen in Figure 1). The virtual environment was created using
Unity (Unity Technologies, CA, USA) and was presented to
participants using a HTC Vive Pro virtual reality headset. The
headset and the controller were tracked by 2 HTC Vive base
stations which had a positional accuracy of 0.5 cm, latency of
11.11ms and communicated wirelessly with the computer
running the air hockey environment.

Figure 2: An illustration of the virtual reality air hockey
environment.
Within the virtual environment, the mallet moved in
alignment with the movements of the tracker controlled by
the participant. The mallet had a diameter of 13 cm and height
of 1.5 cm whilst the puck had a diameter of 10 cm and height
of 1 cm. These dimensions were chosen such that they
resembled the size of the mallet and puck in an ordinary game
of air hockey. Participants’ mallets could be used to hit the
puck, and in situations where the puck hit the extremities of
the table (table walls), the puck would bounce off it such that
it resembled the table walls in a real air hockey environment.
Additionally, the mallet could not travel past the walls in VR
and the laboratory table had an adhesive strip which provided
haptic feedback, resembling the wall hits by the virtual
mallet. Players scored by hitting the puck into their
opponent’s goal.

Artificial Agent
The AA was modelled using the fundamental DMP equations
used to model dynamic reaching behavior (Nalepka et al.,
2017, 2019; Patil et al., 2020; Saltzman & Kelso, 1987). This
DMP model employed discrete mass spring equations to
determine the x- and z-position of the AA’s mallet (i.e., one
for x or forward/backward and one for z or left/right) of the
respective form

Figure 1: Laboratory table that mirrored the dimensions of
the air hockey table in the virtual reality environment

𝑥̈ = −𝑏𝑥̇ − 𝑘(𝑥 − 𝑇! )

(1a)

𝑧̈ = −𝑏𝑧̇ − 𝑘(𝑧 − 𝑇" )

(1b)

where b and k represent the damping and the stiffness
parameters and (𝑇! , 𝑇" ) is the target location the AA’s mallet
is attracted to (moves towards). Essentially, b (friction)
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“resists” motion (for b > 0) and k is a restoring (“spring”)
force that induces motion (for k > 0) when the system is not
at equilibrium (i.e., when the mallet is not at the target
position). The parameter values for b = 10 and k = 50 were
derived from previous research on comparable dynamic
reaching/target selection tasks (Nalepka et al., 2019; Patil et
al., 2020) which previously identified that this ratio of b/k
generates general movement velocities (re-normalized to the
specific dimensions of the air hockey table) like human
arm/hand end effector movements (Lamb et al., 2019).
The target position (𝑇! , 𝑇" ) that the AA’s mallet was
attracted to was determined based on a critical x position (i.e.,
xcritical = 0; middle of the table) of the puck. When the puck
was on the AA’s side of the table, the AA’s mallet was
attracted to the puck’s location, whereby
𝑇! = 𝑥#$%& and 𝑇" = 𝑧#$%& .
However, if the puck was on the human participant’s side of
the table, the AA’s mallet was attracted to
𝑇! = −0.85 and 𝑇" = 0.25 × 𝑧#$%& .
This resulted in the AA moving towards the puck (offensive
gameplay) when the puck crossed the center line into the
AA’s side of the table and the AA guarding the goal
(defensive gameplay) when the puck was in the participant’s
playing area.

Procedure
All participants stood on the same side of the table chosen
primarily out of convenience. Participants were given
approximately two minutes to practice hitting the puck
without their opponent moving from its starting position to
feel comfortable in the VR environment and to familiarize
themselves with the game mechanics. After they completed
the practice block and indicated that they understood the
objective of the task, participants played air hockey for a total
of 15 minutes or until 75 goals were scored in total between
the AA and participant. At the start of each game, the puck
appeared on the side of the player who lost the previous round
(randomly assigned for the first game).

Mallet Position Measures
Positions of participants and AA’s mallets and the puck were
recorded during all trials at 50Hz. In addition, every time the
puck came into contact with any object (e.g., mallet, walls, or
goals) the name of the object was recorded. The x
(forward/backward) and z (left/right) coordinates of players’
mallets, at the time of each hit, were extracted and split by
whether the player or their opponent hit the puck (whether
they were in offensive or defensive positions). This positional
data was used to calculate the mean mallet positions in both
directions during offensive and defensive positions in order
to discern the general strategies used by the players. The
positional data was additionally grouped into bins of 10cm
each in the x and z directions to further identify the areas of

the table frequented by both players while attacking and
defending.

Mallet Velocity Measures
In addition to the positions, the velocities of players’ mallets
were recorded throughout gameplay. Similar to the positions,
the velocity of their movements were split by whether they
were in defensive or offensive positions. Average velocity in
each direction was calculated to identify the differences in
movement behaviors between human participants and the
AA. In addition, the distribution of the velocities in both
directions were calculated to get an overall idea of how
players modulated their velocities throughout gameplay.

Puck Hit Angle Measures
At the instant when the puck was hit by the mallet, the
direction of the puck bouncing off was determined as the
angle at which players hit the puck. These angles were
analyzed to investigate if players preferred hitting the puck in
a certain direction when they were in a particular area of the
table. The angle was 0 if they hit the puck straight ahead, -90
if they hit the puck straight towards the right edge of the table,
90 if they hit the puck straight towards the left edge, and 180
if they hit it straight back (as can be seen in Figure 4). The
distribution of the puck angles were calculated for all the hits
that happened in the left side (-.5 < z < -.3), right side (.3 < z
< .5), and middle (-.1 < z < .1) of the air hockey table in the z
direction and high (x < -.5) and low (x >= -.5) areas in the x
direction (refer to Figure 3).

Figure 3: (top) Division of air hockey table for angular
analysis. Puck angle hits were split by positional data, such
that they were separated according to where hits occurred on
the air hockey table. Correspondingly, these puck angle hits
are displayed separately for puck hits when the player/agent
positions were x < -.5 (low) and x >= -.5 (high), where x = 1 is the player/agents end of the table and when player/agent
positions were z < -.2 (left side hits), z >=.2 (right side hits),
and -.2 < z < .2 (middle of table hits). Data for player 2 was
remapped from 0 < x < 1 to -1 < x < 0 before analysis to
remain consistent with human data and allow for further
examination of the differences in gameplay between these
players. (bottom).
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Results
As the behavior of the AA was not independent of participant
(i.e., the AA behavior was coupled to each participant, and
therefore participant specific), paired sample t-tests and
Wilcoxon’s Signed-Ranks tests (the non-parametric
equivalent) were the primary methods of analysis, the latter
employed when the assumption of normality was violated.
Although numerous variables were assessed, no adjustment
was made to the alpha level (set at p = .05) due to the
exploratory nature of the research.

Game performance
Fourteen participants (93.33%) beat the AA, with only one
participant failing to win most rounds. The average
proportion of round wins for human participants (M = .58, SD
= .08) was significantly more than chance, at .5 (t (14) = 4.10,
p = .001, d = 2.12), indicating that human participants (M =
37.20, SD = 9.95) won significantly more rounds of air
hockey than their AA competitor (M = 27.07, SD = 7.41).

Figure 4: Exemplar scatter plot of a human player and the
AA’s offensive (puck hit) and defensive mallet positions
when the puck was hit (see Figure 6 for other representative
human examples).

Player Position
A representative example of the offensive and defensive
positions of human players and the AA, and the constituents
of offensive play (i.e., players’ mallet position, velocity and
angle the puck moved in when players hit the puck) are
displayed in Figures 4 and 5 respectively.
Offensive Play As can be seen from an inspection of the
positional distributions in Figure 5, the x-coordinate for the
average position of the AA’s mallet (M = -.56, SD = .01) was
significantly different to the position of the human
participant’s mallet (M = -.79, SD = .04) when hitting the
puck (t (14) = -24.99, p < .001, d = 7.89). In short, human
players kept their mallet close to their goal rather than toward
the center of the table while the AA tended to spend most of
their time further from their goal. This suggests that human

players were more comfortable attacking from a position
closer to their goal.
As seen in Figure 5, a bimodal distribution existed for the
AA and a normal distribution for human players. Hence, for
analysis of the positional distributions in the z-axis, the axis
was split into three separate bins, such that the distribution
when player/agent positions were -.5 < z < -.3 (left side hits),
.3 < z < .5 (right side hits), and -.1 < z < .1 (middle of table
hits) were analyzed separately. The proportion of hits within
each third of the air hockey table, representative of the
positional distribution of player’s mallets, were measured as
the amount of hits that occurred in each third divided by the
amount of hits overall.
A significant difference between the proportion of hits by
human players (M = .34, SD = .08) and the AA (M = .12, SD
= .02) was found in the middle third of the air hockey table (.1 < z < .1), t (14) = 10.31, p < .001, d = 3.77. The odds of the
human participant’s mallet occupying space in the middle of
the air hockey table was 2.76 times that of the AA’s mallet.
There was also significant difference between the proportion
of human player hits (M = .17, SD = .05) and AA hits (M =
.33, SD = .03) within the left third of the air hockey table (-.5
< z < -.3; t (14) = -11.96, p < .001, d = -3.88), and the
proportion of human player hits (M = .13, SD = .06) and AA
hits (M = .32, SD = .04) within the right third of the air hockey
table (.3 < z < .5; t (14) = -12.33, p < .001, d = -3.73). Indeed,
the odds of the AA’s hitting the puck on the left or right of
the air hockey table was 1.9 times that of the human
participant’s, with human players tending to remain close to
their goal location, whereas the AA spent time on either side
of the air hockey table.
Defensive Play No significant differences in the x- or zpositions of the human and AA were found, with both
agents remaining close to their goal location during
defensive period of play and the results of this analysis are
not presented here is favor of conserving space.

Mallet Velocity
Offensive Play The AA’s mallet movements were
significantly faster, in the x-axis (forward and backward),
when the AA hit the puck (M = 5.56, SD = .34) compared to
the human participant’s (M = 1.24, SD = .39), z = -3.41, p <
.001, d = 11.81. The AA’s mallet also moved significantly
faster in the z-axis (left and right), when the AA hit the puck
(M = 3.34, SD = .29) compared to the human participant’s (M
= .21, SD = .03), z = -3.41, p = .001, d = 15.18. Furthermore,
it can be observed from the distribution of velocities while
hitting the puck (see Figure 5) that participants used a wider
range of velocities as compared to the AA.
Defensive play The AA’s mallet moved significantly faster,
in the x-axis (forward and backward), when their opponent
hit the puck (M = .69, SD = .23) compared to the human
participant (M = .29, SD = .11), t (14) = 5.07, p < .001, d =
2.22. The AA’s mallet also moved significantly faster, in the
z-axis (left and right), when their opponent hit the puck (M =
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Human Player

DMP Agent

Figure 5: The average proportional frequencies of (left panel) human player and (right panel) AA (x,
z) positions (blue), hit velocities (red) and angles when hitting puck (i.e., offensive play). x
corresponds to the forward-backward table direction. z corresponds to the left-right table direction.
(top-right of each panel) the puck hit angles are displayed separately for puck hits when the
player/agent positions was x < -.5 and x >= -.5, where x = -1 is the player/agents end of the table.
(bottom of each panel) the puck hit angles are displayed separately for puck hits when the
player/agent positions was z < -.2 (left side), z >= .2 (right side), and -.2 < z < .2 (middle of table).
1.53, SD = .21) compared to human players (M = .14, SD =
.04), t (14) = 28.55, p < .001, d = 9.20.

Puck Hit Angles
Strategies employed by players within an air hockey
environment can be differentiated by the angle at which the
puck is hit. As displayed in Figure 5, these puck angle hits
were split by positional data such that they were separated
according to where hits occurred on the air hockey table.
Overall, there were very few differences in the puck hit
angles between the human players and the AA. The only
significant difference was that puck hit angles were more
variable for the human player compared to the AA when the
puck was hit in the -.5 > x < .5 area of the air hockey table (z
= -3.07, p = .001). Note also that the AA did hit the puck back
toward their own goal more than human players (see Figure
5), although this difference was not significant.

Discussion
The main aim of this study was to assess the ‘human-like’
nature of an DMP controlled AA by examining motor
movements employed when playing against a human
opponent in a competitive air hockey environment. Overall,
the analysis of revealed that human players were better than
the AA and that the offense gameplay of the AA differed

from that of human participants. However, there were no
significant differences in the positional play of human players
and the AA, indicating that the current DMP model could
particle replicate “human-like” gameplay (i.e., defending
near the goal location).

Key Behavioral Differences
The analysis of the human player’s and AA’ positions and
velocities revealed three key differences in gameplay.
First, that human players kept their mallet closer to their
own goal location while hitting the puck as compared to the
AA. Note that the DMP model was configured to initiated
offense gameplay as soon as the puck crossed the center line
(see equations 1a and 1b).
Second, the positions of players while hitting the puck in
the z-direction was also significantly different, in that, the
human players spent the majority of their time in the middle
of the table and the AA spent their time on both the left and
right sides of the table.
Third, the AA’s mallet movements were significantly
faster than that of the human players in both the x- and zdirections.
The discrepancies in the offensive positions and puck hits
of the human players and the AA indicated that the threshold
used for switching the DMP model between offensive and
defensive play needed to be refined. Instead of using a
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Figure 6: Exemplary scatter plots comparing offensive and defensive positions of the preliminary DMP model,
human players, and revised DMP model
constant threshold (the center line in this case), a more
adaptive threshold is proposed that not only relies on the
puck’s x position but also on its x velocity and z position.
More specifically, we propose that the critical threshold
should be determined at any given time point by
𝑥%'()(%*+ = (𝑑! − 𝛾6𝑥̇ #$%& , + 𝑧#$%& , 8)𝜃
where dx is the baseline 𝑥%'()(%*+ value, which based on the
participants data collected here is expected to be between |.5|
and |.7|, 𝜃 = ±1 depending on whether the player is on the
positive or negative side of the table, and 𝛾 is the fixed
parameter that determines the strength of the DMP model’s
defensive/offensive tendency. In short, an AA controlled by
this new DMP model is more likely to venture away from the
goal to hit the puck when the puck is travelling slower and is
not coming directly towards the goal.
Furthermore, to address the differences in velocities, the
ratio of b/k should be reduced by either increasing damping
(i.e., b = 20 instead of 10) and/or reducing the value of the
stiffness (i.e., k = 35 instead of 50). This would result in
slower DMP movement trajectories and may also result in
less puck over shooting, which appeared to be why the AA
tended to hit the puck back towards its own end of the table
more often than the human participant.
Finally, the analysis of the puck hit angles also revealed
significant differences in the variance of the angles with
which players hit the puck between the AA and human
players. Specifically, the variance of angle hits by humans
was significantly larger than that of the AA. This can be
addressed by adding stochasticity to the DMP models
movements and future work will investigate the appropriate
amount and type of noise that leads to more ‘human-like’
behaviors.
Although the initial plan was to test the modified model
with human participants, lockdowns in 2021 due to the
ongoing COVID-19 pandemic have delayed this data
collection to 2022. However, scatter plot of positions when
the puck was hit (similar to Figure 4) from a pilot trial with
the revised DMP model are displayed in Figure 6 alongside
the preliminary DMP model and exemplary participant data
from playing against the preliminary DMP model. It can be

observed that the offensive and defensive hits by the revised
DMP model have a larger overlap as compared to the
preliminary model and the distribution of the hits better
captures the behaviors observed in participants’ data.
Furthermore, in a competitive task context like air hockey,
human behavior can significantly change due to the skill level
and the behavior of their opponent and further testing is
required to unravel these effects using the revised DMP
model. Additionally, future research may consider the height,
wingspan, and reaching length at the table for human players,
such that examining these human features can allow for the
determination of any invariant structure between these
physiological constraints and the distribution of player’s
mallet positions (Babajanyan et al., 2022).

Conclusion
Using a competitive air hockey environment, the current
study was able to examine differences in human and a
preliminary DMP controlled AA. A strength of this study was
that significant differences in gameplay, between human and
DMP competitive behaviors, were identified and quantified,
and hence, a re-parametrized DMP model was proposed.
Furthermore, no data from human-human interactions in the
current task context was utilized to construct or parameterize
the DMP model and the baseline model was formulated only
based on the preconceived notions of human actions and
decision making identified from other tasks. This can be
advantageous in scenarios where human-human data is
difficult to record as compared to human-AI interactions.
Furthermore, having a model whose behavior is closer to that
of human players opens avenues for using hybrid deep
reinforcement learning-DMP approaches to model the AA
behavior (Patil et al., 2021). The advantage of the latter
methodology is that it can create AAs with expert human
level or even better performance while being scaffolded by
the essential human action behaviors. These ‘super-human’
AAs can further be used as a tool for skill learning by novice
or expert human players.
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Abstract
In virtually every activity we engage in — from analyzing
economic trends, to predicting which of two football teams is
more likely to win a game — our minds are tasked with
separating signal from noise. Such computations benefit from
the fact that our minds are highly attuned to the statistical
structure of the world. But how quickly do we detect statistical
structure — and to what extent is our sensitivity to structure
rooted in perceptual processes? To address this, we asked
observers to judge whether briefly presented visual stimuli
were generated randomly or non-randomly. In as little as a
tenth of a second, people exhibited the same stable biases of
statistical perception that they exhibit in classic cognitive tasks
(i.e., without time constraints). These results suggest that
certain biases of subjective probability may arise not from how
we think about randomness, but from how we perceive
statistical information in the first place.
Keywords: randomness; statistical learning; over-alternation
bias; perception; subjective probability

Introduction
Imagine flipping a coin 10 times and receiving 10 ‘tails’ in a
row. You would likely find that outcome surprising. You may
even question whether that outcome was truly random. We
are constantly faced with problems like this: From discerning
whether traffic is going to stop given one car slowing down,
to interpreting graphs of stock values, we are tasked with
parsing out what is random from what is structured. We
know that our minds are attuned to structure in the external
environment (e.g., via statistical learning; Saffran et al.,
1996; see Sherman et al., 2020 for review), but how do we
detect the presence (or lack) of structure in the first place?
Prior work studying randomness has emphasized the ways
in which judgments of randomness are intrinsically and
systematically biased (e.g., Kahneman & Tversky, 1972;
Gilovich et al., 1985; Nickerson, 2002; Zhao et al., 2014;
Reimers et al., 2018). This body of work has shown our
impressions of randomness are often objectively incorrect.
Take, for example, the two sequences of coin-flips
represented in Fig 1A. Which sequence do you think was
most likely to have been generated randomly? Most people
indicate that Sequence #1 seems more random (see, e.g., BarHillel & Wagenaar, 1991), yet Sequence #2 is in fact more

likely to occur by random chance (in the sense that the
proportion of transitions from heads-to-tails or vice versa is
more likely to be 50% than 70%). This phenomenon, often
referred to as an ‘over-alternation bias’, has been generalized
across a range of tasks; it is present both when participants
judge sequences and when they generate sequences
themselves (for review, see Bar-Hillel & Wagenaar, 1991),
and is consistent across visual, auditory, spatial, and temporal
presentations (Yu et al., 2018a).
Although some work has attempted to explain the
underlying perceptual and cognitive processes that cause
biases in randomness judgments (Falk & Konold, 1997; Hahn
& Warren, 2009; Griffiths et al., 2018; Warren et al., 2018;
Yu et al., 2018b), there is still a fundamental open question
about the speed of these processes: Are subjective
impressions of randomness (and the biases associated with
them) truly cognitive biases, or might they be rooted in
perceptual systems (see, e.g., Yu et al., 2018b)?
One possibility is that these biases are indeed cognitive in
nature: that our impressions of the randomness of, e.g., coin
flips, arise from explicit reasoning about the probability of
those events. However, given the stability of these same basic
patterns (e.g., the ‘over-alternation bias’) across many
modalities and paradigms, one may wonder whether certain
rules governing impressions of randomness are wired into
perceptual systems themselves.
If these biases are built into the visual system, how would
we know? Prior work has sought to characterize the
properties that distinguish ‘visual’ from higher-level
cognitive features (see Scholl & Gao, 2013; Hafri &
Firestone, 2021) and has identified speed as one relevant
factor. Put simply, we would predict that truly visual features
are likely to be perceived very quickly, and that non-visual
features are likely to be perceived less quickly (although
latency alone is not sufficient to determine whether a property
counts as a true visual feature). Here, we aim to apply this
logic to randomness, providing an initial investigation into
the perceptual roots of randomness judgments.

Current Study
We conducted two experiments that addressed how quickly
impressions of randomness are formed. We presented
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Figure 1: Examples of stimuli used in experiments on randomness. A) Studies often ask participants to judge whether a
sequence of coin flips is random or not. In reality, Sequence 2 is “more random” in the sense that the transition probability
among heads and tails is 0.5, but participants tend to judge Sequence 1 (which as a transition probability of 0.7) as more random.
This effect is referred to as the ‘over-alternation bias’. B) Example stimuli used in the current study. Each grid was generated
with a transition probability (the probability of a switch between red and blue; going left to right, top to bottom) of 0.1, 0.3,
0.5, 0.7, and 0.9, respectively.
observers with binarily-colored 10x10 grids and asked them
to judge whether or not each grid was generated randomly.
These grids were designed to be visual analogs of the coin
flips which have been used in previous studies (see Fig 1B).
To manipulate randomness, we generated sets of grids with
different transition probabilities (i.e., the likelihood that a cell
will switch from blue to red, or vice versa).
Our key question is how quickly observers will reliably
make judgments of randomness. Inspired by similar
paradigms used to measure the speed of face perception (e.g.,
Willis & Todorov, 2006; Colombatto et al., 2021), we ask
how much exposure time is required for participants to make
consistent judgments. Specifically, each stimulus was shown
at five different time intervals (from 16ms to 500ms,
followed by a mask). Assuming observers make reliable
responses with 500 ms of exposure time (Reiner et al., 2021),
we can then ask how quickly observers come to make that
same judgment; for example, do their judgments made with
16ms of exposure agree with their judgments made with
500ms of exposure?

Experiment 1
Method
To assess the speed at which observers form stable
randomness judgments, we designed a task in which
participants were briefly presented with binarily-colored
matrices (followed by a backwards mask) and were asked to
judge whether or not each grid was generated randomly.
Participants Twenty observers participated in this task in
exchange for course credit. One additional observer was
excluded from analyses based on preregistered exclusion
criteria (in this case, extreme response times). All observers

gave informed consent prior to participation. Sample size,
design, and analysis choices were pre-registered. Preregistrations for both experiments, as well as raw data and
stimuli, are available at the following OSF page:
https://osf.io/6ze2b/
Stimuli The experimental stimuli consisted of 10x10 grids
generated in Python, using PsychoPy libraries (Peirce, 2007).
Each cell in a grid was either red or blue, and each grid was
generated via a transition probability (0.1, 0.3, 0.5, 0.7, 0.9;
see Fig 1B), governing the probability that cell n+1 in the
grid was different from cell n. We adopted transition
probability as a method to manipulate randomness, in the
tradition of many prior studies of randomness (Bar-Hillel &
Wagenaar, 1991); to make the stimuli a visual analog of these
tasks, we used grids, as has been used in prior studies as well
(e.g., Zhao et al., 2014; Yu et al., 2018b).
The grids were generated from left to right, top to bottom,
meaning, e.g., that the leftmost cell of the second row of the
grid was dependent on the rightmost cell of the first row of
the grid. Eight grids were generated at each transition
probability; half started with a red cell, and the other half
started with a blue cell. To ensure that the number of blue vs.
red cells could not be used as a cue, each color was
represented approximately equally, regardless of transition
probability; we constrained the grids such that there could be
no more than 55 (out of 100) of one color. Further, we
verified that each grid’s true transition probability
approximately reflected the desired transition probability.
We also computed transition probability in the vertical
direction (i.e., the likelihood of transitioning from blue to red
or vice versa, if moving top-to-bottom, left-to-right) to ensure
that our transition probability manipulation did not create
spurious effects in the vertical dimension. On average, the
transition probability in the vertical dimension did not differ
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Figure 2: Experiment 1 design and results. A) On each trial, observers first viewed a “filler” grid stimulus, followed by the
briefly presented target grid stimulus. Observers were then presented with a 20x20 checkerboard stimulus, which served as a
backwards mask and remained on the screen until observers made their response. B) Randomness judgments as a function of
transition probability and exposure duration. Error bars indicate +/- 1 SEM. C) Within-observer consistency results, separated
out by each exposure duration compared to 500 ms. Each dot is a single observer.
from 0.5, and was unrelated to transition probability in the
horizontal direction.
We additionally generated a single 20x20 grid, in which
each cell simply alternated between red and blue. This served
as a backwards mask on all trials.
Design and Procedure Observers performed the experiment
while seated in front of a monitor with a 60 Hz refresh rate.
The experiment was presented using PsychoPy libraries in
Python (Peirce, 2007). Observers were instructed that they
would be viewing a series of grids and be asked to determine
whether each grid was generated randomly or not. No explicit
instructions or definitions of randomness were given.
The trial sequence is illustrated in Fig 2A. Each trial began
with a filler stimulus (a blank 10x10 grid) for 3 seconds,
followed by the brief presentation of a grid stimulus. This
target grid was presented for either 16.66 ms, 33.33 ms, 50
ms, 100 ms, or 500 ms and was followed immediately by the
presentation of a mask stimulus. This backwards mask was
critically important for limiting the post-perceptual or iconic
memory processing that may influence observers’ judgments
(Breitmeyer & Ogmen, 2000). The mask remained on the
screen until observers made their judgment. Observers
responded with one of four button presses, indicating that the
stimulus was ‘definitely not random’, ‘maybe not random’,
‘maybe random’, or ‘definitely random’. For the purposes of
analyses, we collapsed across ‘definitely’ and ‘maybe’
responses.

Observers completed 200 trials total (8 grids x 5 transition
probabilities x 5 viewing durations). The task sequence was
randomized for each observer, and observers were not
informed that each grid was presented multiple times
throughout the experiment. Observers completed five
representative practice trials before beginning the task.

Results & Discussion
First, we assessed how judgments of randomness were
influenced by transition probability and exposure duration
(Fig 2B). An ANOVA revealed a significant main effect of
transition probability, F(4, 76) = 24.81, p < .001, hp2 = .57.
indicating that observers were indeed sensitive to the
randomness manipulation. Specifically, especially at the
longer durations (100 and 500 ms), observers’ judgments of
randomness generally tracked the true transition probability
(i.e., they were least likely to indicate the stimuli with
transition probabilities of 0.1 and 0.9 to be random), but
exhibited the characteristic over-alternation bias, in which the
stimuli with a transition probability of 0.7 were judged to be
maximally random. There was also a significant main effect
of exposure duration F(4, 76) = 9.11, p < .001, hp2 = .32, as
well as a significant interaction between transition
probability and duration F(16, 304) = 11.20, p < .001, hp2 =
.37, indicating that observers’ randomness judgments were
indeed dependent on exposure duration.
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To address our critical question of the minimal exposure
time required to make stable judgments of randomness, we
examined the consistency in randomness judgments between
each of the four shorter durations (16.66 ms, 33.33 ms, 50 ms,
100 ms) relative to the longest duration (500 ms). We took
both an across-observer and within-observer approach to
answer this question. First, to address this in an acrossobserver manner, we computed the mean randomness rating
across observers for each of the 40 stimuli; we did this
separately for each exposure duration, and then correlated the
stimulus-level randomness ratings between judgments of the
stimuli at 500 ms and each of the shorter intervals.
Comparing the 100 ms trials to the 500 ms trials, we found a
high degree of correlation in randomness judgments, r = .84,
t(38) = 9.41, p < .001. We also found a reliable correlation
between judgments at 50 ms and 500 ms, r = .52, t(38) = 3.79,
p < .001. There was not a reliable correlation between
judgments at 33.33 ms and 500 ms, r = .27, t(38) = 1.75, p =
.09. Surprisingly, there was a reliable negative correlation
between judgments at 16.66 ms and 500 ms, r = -.34, t(38) =
-2.26, p = .03. These results suggest that — at the group level
— reliable judgments of randomness may be realized with as
little as 50 ms.
However, in order to best address the stability in judgments
of randomness, we would want to examine the minimum
exposure time for which individual observers form reliable
judgments. To ask this question, we computed a withinobserver consistency measure. Specifically, for each
stimulus, we compared the response between the trial in
which that stimulus was presented at 500 ms and the trial in
which that stimulus was presented at one of the shorter
durations; if the response was the same across those two
trials, it was coded as a ‘1’, and if it was different it was coded
as a ‘0’. We then averaged across all stimuli within a given
observer to obtain a mean consistency value (with 0 meaning
no two matched trials had a consistent response, and 1
meaning all trial pairs had a consistent response) for each
observer. Consistency values greater than 0.5 indicate that an
observer reliably agrees with themselves more than what
would be expected by chance.
The results of the within-observer consistency analysis are
shown in Fig 2C. There was a significant main effect of
duration on consistency judgments, F(3, 57) = 27.88, p <
.001, hp2 = .59. To evaluate the durations which showed
reliable consistency with 500 ms, we ran one-sample t-tests
comparing each duration to chance level of 0.5. We found
that 100 ms trials exhibited reliable consistency with 500 ms,
M = .67, t(19) = 6.34, p < .001, d = 1.42. Neither 50 ms nor
33.33 ms trials exhibited reliable consistency; 50 ms: M = .52,
t(19) = .62, p = .54, d = .14; 33.33 ms: M = .45, t(19) = -1.75,
p = .097, d = -.39. Surprisingly (though consistent with the
across-observer analysis), there was below chance
consistency between 16.66 ms trials and 500 ms trials, M =
.36, t(19) = -4.22, p < .001, d = -.94.
Together, these data shed light on the visual nature of
randomness judgments. Both transition probability and

duration affected judgments of randomness, indicating both
that participants are sensitive to transition probability, and
that exposure duration influences judgments. As is apparent
from Fig 2B, exposure durations 100 ms and 500 ms (and to
a lesser extent, 50 ms) produced similar results — both to
each other and to previous findings in the literature.
Specifically, judgments made at these two exposure durations
roughly tracked the true transition probability, but exhibited
the characteristic ‘over-alternation bias’, with a peak in
randomness judgments for stimuli with a transition
probability of 0.7. Our within-observer consistency analysis
formalized this observation, demonstrating that observers
were reliably consistent with themselves across 100 ms and
500 ms exposure durations. The results of the across-observer
correlation analysis slightly diverged, suggesting that there
may also be reliable consistency across 50 ms and 500 ms.

Experiment 2
Experiment 1 suggested that stable judgments of randomness
may be realized with as little as 50-100 ms. However, one
limitation of the previous study concerned how the grids were
generated: Specifically, the grids were generated from left to
right, top to bottom, providing a sort of “reading direction”
(although participants were unaware of this). Although we
are interested in the stability of judgments at an individual
stimulus level, which should not be affected by the reading
direction, we aimed to rule out the possibility that our results
rely on the directionality of the grids. Therefore, in
Experiment 2, we replicated our results, but rotated all of our
stimuli by 90 degrees (see Fig 3A).

Method
An independent set of 20 observers completed this task. Two
additional observers were excluded from analyses based on
preregistered exclusion criteria (in this case, extreme
response times). The design and procedure for Experiment 2
were identical to that of Experiment 1, except that all of the
presented stimuli were rotated 90 degrees, relative to how
they were presented in Experiment 1 (Fig 3A).

Results & Discussion
We again first assessed how judgments of randomness were
influenced by transition probability and exposure duration
(Fig 3B). An ANOVA revealed a significant main effect of
transition probability, F(4, 76) = 12.93, p < .001, hp2 = .40, a
significant main effect of exposure duration, F(4,76) = 20.13,
p < .001, hp2 = .51, and a significant interaction between the
transition probability and exposure duration, F(16, 304) =
4.60, p < .001, hp2 = .19. As is evident from the figure, the
results are quite convergent across Experiments 1 and 2,
indicating that observers’ judgments of randomness were
relatively stable despite the rotation of the stimuli.
Next, we assessed whether there was reliable consistency
in randomness judgments across-observers. Correlating
group-level randomness judgments across stimuli at 100 ms
and 500 ms, we again found a reliably strong correlation, r =
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Figure 3: Experiment 2 design and results. A) The key difference between Experiment 1 and Experiment 2 is that all of the
target grid stimuli in Experiment 2 were rotated 90 degrees relative to their presentation in Experiment 1. B) Randomness
judgments as a function of transition probability and exposure duration. Error bars indicate +/- 1 SEM. C) Within-observer
consistency results, separated out by each exposure duration compared to 500 ms. Each dot is a single observer.
.70, t(38) = 5.98, p < .001. Similarly, there was also a reliable
correlation in randomness judgments made at 50 and 500 ms,
r = .51, t(38) = 3.68, p < .001. However, judgments made at
both 33.33 and 16.66 ms were uncorrelated with judgments
made at 500 ms; 33.33: r = .21, t(38) = 1.31, p = .20; 16.66:
r = -.09, t(38) = -.58, p = .57. These results converge with the
findings of Experiment 1, demonstrating consistency in
stimulus-level randomness judgments with as little as 50 ms.
In assessing the consistency in individual observers’
responses across the different durations, we again found a
converging pattern of results to Experiment 1 (Fig 3C). There
was a significant main effect of duration on consistency
judgments, F(3, 57) = 23.27, p < .001, hp2 = .55. Evaluating
the consistency of each interval with 500 ms, we again found
that 100 ms trials exhibited reliable consistency with 500 ms,
M = .64, t(19) = 4.33, p < .001, d = .97. The 50 ms trials did
not exhibit reliable consistency, M = .48, t(19) = -.64, p = .53,
d = -.14. Similar to Experiment 1, there was also below
chance consistency between 16.66 ms trials and 500 ms trials,
M = .36, t(19) = -4.32, p < .001, d = -.97, as well as between
the 33.33 ms trials and 500 ms trials, M = .42, t(19) = -2.86,
p = .01, d = -.64.
Taken together, the results across Experiments 1 and 2
converge, with randomness judgments tracking transition
probability similarly in the two studies, and stable judgments
emerging with less than 100 ms.
The key difference between Experiments 1 and 2 was the
rotation of the stimuli in Experiment 2. This manipulation
addressed potential effects of the “reading direction” of the
stimuli. If the results of these two experiments had diverged,
observers might well have been “reading” the stimuli from

left-to-right. However, the convergence of results across both
experiments suggests that judgments of randomness arise
from holistic properties of the visual stimuli themselves,
independent of their orientation.

General Discussion
Here, we examined the minimal exposure time required to
make stable judgments of randomness. Across two
experiments, we found converging evidence that observer’s
judgments of randomness given only 100 ms of exposure
reliably agreed with their ratings given 500 ms. Further, we
replicated previous observations of an ‘over-alternation bias,’
(e.g., Bar-Hillel & Wagenaar, 1991) in which stimuli with
more switches than would be expected by chance (i.e., a
transition probability of .7) are judged to be maximally
random; indeed, this bias was also evident with only 100 ms,
or perhaps as little as 50ms, of exposure. Together, these data
suggest that observers can form stable — and biased —
impressions of randomness in under a tenth of a second.

The speed of impressions
This finding contributes to a growing body of work
examining the speed of processing of various visual
attributes. Although there is not a single processing speed that
defines the boundary between ‘vision’ and ‘high-level
cognition’, our finding that judgments become reliable at
approximately 100 ms is broadly consistent with timing of
face trait judgments (Willis & Todorov, 2006), physical
stability judgments (Firestone & Scholl, 2017), and various
forms of categorization (e.g., Greene & Oliva, 2009; Mack &

2742

Palmeri, 2015). Thus, our finding points toward the
interpretation that impressions of randomness can be formed
very quickly and may be wired into the visual system itself.
Our findings were somewhat equivocal with respect to the
precise timing; the across-observer analyses suggested that
reliable judgments may be formed with 50 ms, but the withinobserver analyses suggested that 100 ms is required.
However, the within-observer analysis is a stronger test of
our question, assessing the extent to which individual
observers form stable judgments of randomness.
Notably, we found evidence of reliable inconsistency
between judgments made at the shortest durations (e.g., 16.66
ms) and 500 ms. This result most likely reflects a response
bias, in which participants’ guesses — given the extremely
brief, masked viewing duration — are biased toward the
response “random”; this can be evidenced by Figs 2B and 3B,
in which it is apparent that judgments at those shortest
durations have high proportion of “random” responses (and
are insensitive to transition probability).
One notable difference between the stimuli in the current
study, relative to other studies which have examined the
speed of perception, is the relative visual complexity; to form
an impression of randomness, observers must judge the
relations among a set of 100 discrete objects displayed in two
dimensions. This leaves open a question of whether the
randomness of shorter sequences (say, of 10 items, displayed
in a line) may be perceived even more quickly.

Relation to prior studies of randomness
One important feature of the current study design is that we
examine consistency in observers’ judgments of randomness
(relative to themselves), rather than comparing observers’
judgments relative to an objective truth. This approach
enables us to draw conclusions about the extent to which
well-known biases in randomness judgments, such as the
over-alternation bias, emerge from biases in the visual
system, as opposed to higher-level cognition or reasoning.
One could imagine, for example, that judgments made with
limited exposure better reflect objective reality, whereas
judgments made with extended time give rise to such biases.
Or, one could imagine different kinds of systematic biases
emerging at different viewing durations. However, we find
that the exact same biases that are present at long viewing
durations (and even in high-level cognitive tasks) are also the
dominant biases present after very limited exposure times,
suggesting that these biases are present in early perception.
Our results converge with other lines of work examining
the perceptual roots of impressions of randomness.
Specifically, some work has argued that biases in judgments
of randomness emerge from low-level perceptual and
cognitive constraints, such as attention and short-term
memory capacity (Hahn & Warren, 2009; Warren et al.,
2018; Yu et al., 2018b). Our work takes a different approach,
examining the speed at which these impressions are formed
as a proxy for their dependence on perceptual systems.
In doing so, our work builds on existing work
demonstrating the rapidity at which other kinds of statistical

information (e.g., information about the mean size of a set of
shapes; e.g., Whitney & Leib, 2018; Luo & Zhao, 2018).
Here, we extend this body of work, demonstrating that not
only properties such as averages are relatively automatically
extracted and represented; higher-order properties like the
statistical contingencies among items may also be realized
within the visual system itself.
Here, we took advantage of a well-known method to
manipulate randomness (i.e., transition probability) and a
well-known bias in randomness perception (i.e., overalternation-bias) to examine the reliability in observers’
judgments of the likelihood of binary outcomes. However,
this raises several open questions about how our findings
generalize. First, although we operationalized randomness in
this study with transition probability in the horizontal
direction, there are other ways to quantify randomness (e.g.,
with measurements of formal complexity) and to manipulate
transition probability in multiple dimensions at once (e.g.,
Brady & Tenenbaum, 2013). Generalizing our findings to
other randomness metrics could not only help to establish
robustness of our findings, but also shed light on what kind
of randomness observers are extracting and representing
from these displays.
Second, we experience many other forms of randomness in
the world that are not merely limited to binary outcomes. For
example, we observe structure and randomness in things like
the clustering of items in space or even in looking at
economic trends. The randomness in these kinds of
information cannot be as easily quantified by simple
properties like transition probability, but rather may result
from a more complex statistical inference process (e.g.,
Griffiths et al., 2018). It thus may be fruitful for future work
to examine the time course of randomness judgments using
other kinds of randomly generated stimuli; such work may
reveal the boundary conditions or circumstances under which
certain kinds of randomness judgments rely on visual versus
higher-level cognitive processes. In other words, this may
help us to understand what kinds of structure are and are not
directly perceivable in the first place. Replicating these
experiments with other kinds of random stimuli will also help
to create a deeper understanding of how the visual system
parses spatially structured information and translates it into
judgments of randomness.

Conclusion
The ability to perceive structure in the environment — to
separate signal from noise — is foundational to all cognitive
organisms. Indeed, all forms of learning rely on the ability to
detect meaningful statistical structure in the environment.
While most work on statistical impressions in humans has
focused on higher-level cognition, here we shed light on the
perceptual bases of these impressions. We show that stable
biases of subjective randomness manifest with perhaps as
little as a twentieth of a second of exposure time, providing a
strong signal that biases of statistical processing may be
deeply rooted — perhaps even wired into perceptual systems
themselves.
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Abstract
Word learning is characterized by a bias for mapping meanings
at the “basic”-level such as apple, as opposed to a subordinatelevel like red apple (Markman, 1990). The fact that learners
nevertheless acquire subordinate nouns has been attributed to
properties of the referential world that co-occur with the word
(e.g., Xu and Tanenbaum, 2007b; Spencer et al., 2011).
However, learners may also make inferences about the
informativity of labels as intentional linguistic acts. We
investigated whether learners exploit information about
semantic contrast to generalize word meanings beyond the
basic level. Experiment 1 found that the introduction of a
labelled alternative at the subordinate level (green apple)
eliminated the basic-level bias. Experiment 2 found that the
presence of the alternative exemplar without a label merely
suppressed the bias. We propose that the acquisition of
subordinate-level meanings is facilitated by expectations of
informativity which allow learners to enter the relevant
alternatives into consideration.
Keywords: language; acquisition; word learning; pragmatics

Introduction
A major aspect of word learning involves identifying the
level of specificity encoded by word meanings. This is
especially challenging for meanings that enter into a subsetsuperset relationship, such as ‘dog’ vs. ‘poodle’ (Quine,
1960). Evidence suggests that learners show a bias for
mapping nouns to the so-called “basic”-level meaning (dog),
as opposed to a narrower, subordinate-level meaning (e.g.,
poodle; Markman, 1990). While it has been reported that
children as young as two-to-three years old can generalize
word meanings beyond the basic level with carefully
designed linguistic support that makes category information
salient (Callanan, 1985; Gelman and Markman 1986, 1987;
Waxman et al., 1991, 1997), others have argued that it is
neither reasonable nor necessary to expect such richness of
input in child-directed speech to be the primary mechanism
for the acquisition of subordinate nouns (e.g., Xu and
Tenenbaum, 2007b).
Thus, recent efforts have focused on learners’ ability to
generalize to subordinate-level meanings from seeing just a
few instances of positive evidence for that conjecture. In
particular, word learning models such as those based on
Bayesian inference have been shown to capitalize on the

sheer number of positive examples for acquiring subordinatelevel meanings (e.g., Xu and Tenenbaum 2007a, 2007b;
Lewis and Frank 2018). For a Bayesian learner, a bigger
category is more likely to be used for any referential
expression due to its larger size, so it is assigned a higher
prior than a narrower category which is consistent with a
smaller subset of referential expressions. But for the same
reason, the likelihood of repeatedly seeing subordinate-level
exemplars is much greater when assuming the subordinatelevel meaning rather than the basic-level meaning. Thus,
when the learner sees multiple exemplars consistent with a
subordinate-level meaning, they capitalize on the “suspicious
coincidence” of that arrangement to infer that the label most
likely encodes the subordinate-level category as opposed to
the basic-level category.
However, it has also been reported that the basic-level bias
is largely modulated by the presence of other exemplars in
the task. In a series of cross-situational word learning
experiments, Wang and Trueswell (2019, 2022) found that
adults and 3-to-5-year-old children generalized the meaning
of a novel label to the basic-level even when the label
exclusively co-occurred with exemplars consistent with a
narrower subordinate-level meaning (e.g., dalmatians). In
fact, the crucial determinant for generalizations to
subordinate-level meanings was the simultaneous learning of
a second label when that label was paired with other members
from the same basic-level category (e.g., non-dalmatian
dogs). Critically, this effect disappeared when the second
label was paired with members from a different basic-level
category (e.g., birds), suggesting that learners generate taskspecific inferences about which category levels are being
highlighted in an ostensive labelling event, independently of
the information about the distribution of the target label.
In this study, we begin with the assumption that learners
make pragmatically driven inferences about the hypothesis
space over which possible word meanings are proposed and
evaluated. Unlike accounts that frame the acquisition of
subordinate-level nouns as a question of how various cues
apparent in the physical world interact and converge on a
specific concept, we ask under what discourse contexts
learners expect to hear a label with a narrower meaning.
Under this framing, the meaningful difference between basicand subordinate-level categories is not in the inherent size of
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the area that they carve up in the conceptual space. Rather,
the distribution of basic- and subordinate-level labels is
primarily governed by speaker intent, which makes it first
and foremost a linguistic act.
More specifically, we propose that the distribution of
basic- and subordinate-level labels co-occurring with an
object follows naturally from the level of informativity
intended by a speaker when discussing that object. Thus, in
the case of basic vs. subordinate nouns, identifying the
intended meaning would greatly benefit from the learner
inferring the appropriate level of informativeness for a novel
word from an ostensive labelling event. And when the
situation presents many choices for labelling a referent, the
label that corresponds to the narrowest possible category
(subordinate-level) is often the most informative (Murphy
and Brownell, 1985).
In the present study, we probe the nature of these pragmatic
inferences by testing the role of semantic contrast in adult
learners’ basic- vs. subordinate-level generalization of novel
words from single learning trials. We hypothesize that the
rate of basic-level generalizations for an ostensive target label
(e.g., ‘mipen’ paired with a red apple) would decrease if the
target is immediately followed by a labelled semantic
alternative at the subordinate level (e.g., ‘kalmick’ paired
with a green apple), under the assumption that the presence
of the alternative makes it clear that the more informative
(subordinate-level) categories are relevant to the task (on the
role of relevant alternatives, see Barner et al., 2011; Skordos
and Papafragou, 2016). Additionally, we hypothesize that
this effect of contrast is primarily linguistic, as opposed to
merely conceptual, and should thus be stronger when the
alternative is labelled rather than simply present but
unlabelled (Clark, 1987, 1988, 1990). In two experiments, we
test these hypotheses respectively.

same basic category (e.g., other apples), and five members
from other basic-level categories within the same semantic
domain (e.g., non-apple fruits). The remaining two images –
one additional member from each of the two subordinatelevel categories – showed the exemplar without a background
and were used in the learning phase.
At the beginning of the experiment, a cartoon character,
Sally, appeared on the center of the screen and introduced
herself as a foreign language speaker. Before proceeding to
the trials, Sally told participants that they would be learning
words from her native language and that they should pay
attention as she would ask questions about these words later.
All communication from Sally was delivered in written form,
appearing in a speech bubble.
The learning phase began with Sally on the screen by
herself for one second, after which objects appeared at Sally’s
sides one-by-one. When the learning phase introduced two
objects, one appeared to the left and then the other appeared
to the right of Sally. When the learning phase only introduced
one object, it appeared once to the left of Sally. Only one
object was visible at any given time and each object stayed
on screen for seven seconds while Sally labelled the object.
We manipulated the presence of a semantic alternative in
two conditions in a within-participant design. In the No
Contrast condition, only the target was shown and labelled
(Figure 1a). In the Contrast condition, the target was
followed by a semantic alternative at the subordinate-level
with a different label (Figure 1a-b). After all object(s) had
been presented, the learning phase concluded with Sally
returning back to the upright position for one second.

Experiment 1
Participants Fifty-three adults participated in Experiment 1.
Participants were recruited from the undergraduate subject
pool at a university in the United States and on Prolific, a
platform for online subject recruitment.
Materials and Procedure
Experiment 1 was hosted online on PCIbex (Zehr and
Schwarz, 2018). There were ten trials: eight critical trials and
two catch trials which tested for attention and color vision
deficiency. Each trial was divided into the learning phase and
the testing phase.
Images from eight distinct “semantic domains” (i.e.,
superordinate-level categories) corresponding to each critical
trial were prepared. The domains were balanced in the
number of natural (e.g., fruits) and artifact (e.g., cars) kinds.
For each domain, a total of fourteen images of single
exemplars were created. Twelve of these images (all set
against a naturally occurring background) were used in the
testing phase: two were from the target subordinate category
(e.g., red apples), two from an alternative subordinate
category (e.g., green apples), three other members from the

2746

(a)

(b)

Figure 1: Presentation of the target (red apple, "mipen”, top
panel) and the alternative (green apple, “kalmick”, bottom
panel) in the learning phase of the Contrast condition in
Experiment 1. In the No Contrast condition, only the target
was shown and labelled, as in the top panel.
In the testing phase of each trial, eighteen images were
presented in a 3-by-6 grid (Figure 2). Each image was placed
inside a 150-pixel square cell with 15 pixels of row and
column gaps. The grid included two matches to the target
subordinate category, two matches to the alternative
subordinate category, three other matches to the basic
category, three matches to the superordinate category, and
eight non-matches (i.e., members of other superordinate
categories). The images were laid out in the grid in
randomized order between design groups. Figure 2 shows an
image grid from the test phase for the fruit domain, where
participants are asked to find matches to the label paired with
a red apple (“mipen”) in the learning phase.

coded as Subordinate if it reflected a narrow generalization
to only the subordinate-level category (e.g., both red apples
selected). A responses was coded as Basic if they included
both subordinate target exemplars and also all other members
from the basic-level category (e.g., all apples). Responses
were coded as Other if the selections represented an
incomplete subset of the Subordinate or Basic set, such as
selecting only one of two subordinate targets (an incomplete
Subordinate response) or both subordinate targets and only
one or two out of three other basic-level exemplars (an
incomplete Basic response). 1 Lastly, selections which
included exemplars from other semantic domains (e.g., a
planet after seeing a dog in the learning phase) were judged
to reflect inattentiveness and excluded from analysis.
Results and Analysis
Data from three participants who answered incorrectly on the
two catch trials were discarded. Additionally, 12 trial-level
responses were excluded because the selections included
exemplars from other semantic domains. 388 responses from
the remaining 50 participants were entered into the analysis.

Figure 2: Images shown in the testing phase for a trial
involving the fruit domain. Selections representing the
basic-level generalization (all apples) are marked with a
blue outer border and selections representing the target
subordinate-level generalization (red apples) are marked
with an additional inner yellow border.
Sally instructed the participants to select all matches for a
novel label introduced in the learning phase. For example, if
the target label was “mipen” paired with a red apple in the
learning phase, Sally asked participants: “Do you see any
other mipens below? Click on all mipens you see!”.
Participants interacted with the image grid by clicking one
image at a time. The testing phase was not timed, and
participants could freely select and unselect any images as
many times as they wished, as long as at least one image was
selected before proceeding. The final set of selections as well
as the target and timestamp of individual clicks made in the
testing phase were recorded for analysis.
Coding
The set of selections at test was coded into one of three
categories: Subordinate, Basic, and Other. A response was
1

The coding scheme also included Superordinate responses (e.g.,
all animals), but none were observed across both our experiments.

Figure 3: Responses at test for Experiment 1.
Following previous experimental work on the acquisition
of subordinate nouns (e.g., Xu and Tenenbaum, 2007a,
2007b; Spencer et al., 2011; Lewis and Frank, 2018; Wang
and Trueswell, 2019, 2022), we first conducted an analysis of
the rate of Basic responses. We found a significant decrease
in the proportion of Basic responses between the Contrast
condition and the No Contrast condition (p < 0.0001, Chisquared test2), with Basic responses decreasing from 22% to
0.5% when a semantic alternative was present with a different
label. This difference was also reflected in the proportion of
Subordinate responses, which increased from 44% to 79%.
Additionally, we observe two somewhat unexpected
patterns. One is the low rate of Basic responses, both on the
absolute scale and compared to Subordinate responses.
2

Given the lack of item- and participant-level variation across
conditions, a mixed-effects model was not appropriate for the data.
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Empirically, the magnitude of the basic-level bias has been
reported to vary widely, putting 22% on the low end but still
comparable to that of other studies (e.g., Jenkins et al. (2015)
reports 26%). At the same time, we suspect that a few
experimental artifacts may be at play, such as the overall
difficulty of making a Basic response (five images had to be
selected, as opposed to two-to-three in most other studies).
Another related observation is the relatively high rate of
Other responses, whose distribution differed substantially
between conditions. Of the 67 Other responses in the No
Contrast condition, two-thirds were incomplete subsets of the
Basic response (i.e., a selection of both subordinate targets
and some but not all of the five basic-level exemplars),
partially explaining the overall low rate of Basic responses.3
Interestingly, these responses are entirely absent among the
39 Other responses in the Contrast condition. Instead, over
half of these were “mutually exclusive” responses (Gelman
et al., 1989), which includes all basic-level members except
the two from the alternative subordinate-level category (e.g.,
all apples except for the two green apples). While both may
be construed as errors in generalizing to the basic-level
category, their source differs. 4 The “incomplete Basic”
responses are likely driven by the failure to identify the
appropriate basic-level category to generalize to. In the case
of “mutually exclusive” responses, however, the basic-level
category is correctly identified but participants nevertheless
pursue a narrower interpretation which excludes the semantic
alternative. This is further investigated in Experiment 2.

Experiment 2
Participants
Ninety adults who did not previously participate in
Experiment 1 were recruited on Prolific for Experiment 2.

Figure 4: Presentation of the target (top panel) and the
alternative (bottom panel) in the Unlabelled Alternative
condition of Experiment 2. The Labelled Alternative
condition is the same as Figure 1.
Results and Analysis
After applying the same filtering criteria as in Experiment 1,
669 responses from 86 participants entered the analysis.

Materials and Procedure
Experiment 2 was similar but sought to disentangle the effect
of labelling from the mere presence of the alternative
referent. The labelling of the semantic alternative was
manipulated in two conditions. The Labelled Alternative
condition replicated the Contrast condition of Experiment 1.
In the Unlabelled Alternative condition, the alternative was
present but not labelled: Sally simply drew attention to the
object by saying “(And) look over here! Do you see this?” To
guard against possible presentation effects, the order in which
the target referent appeared relative to the alternative referent
was counterbalanced (target first vs. target second).
Coding
Because participants saw both the target and the alternative
in the learning phase for all critical trials, the coding scheme
followed that of the Contrast condition in Experiment 1.
Figure 5: Responses at test for Experiment 2.
3

In fact, under an alternative coding scheme which accounts for
partial selections of the basic-level set (e.g., Lewis and Frank, 2018),
the proportion of Basic response in the No Contrast condition
increases to 40%, which is closer to the empirical average for the
magnitude of the basic-level bias using this paradigm.

4

Notably, none of the “incomplete Basic” selections in the No
Contrast condition pattern like the “mutually exclusive” selections
in the Contrast condition. For example, no participants selected all
apples except for the two green apples after seeing a single red apple
labelled in the learning phase.
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We fitted a mixed-effects logistic regression model to the
rate of Basic responses using the lme4 (Bates et al., 2015) and
lmerTest (Kuznetsova et al., 2017) packages in R (R Core
Team 2021). The model summary is shown in Table 1.5
Table 1: Mixed-effects logistic regression model fitted to
Basic responses in Experiment 2.
β (SE)

t

p

(Intercept)

-7.6 (1.7)

-4.5

<0.0001

Label

-2.7 (0.5)

-5.3

<0.0001

Order

2.5 (0.9)

2.9

0.0036

We find a significant main effect of Label (β = -2.7, SE =
0.5, p < 0.0001) such that there was an overall lower rate of
Basic responses when the alternative was labelled compared
to when it was simply present and unlabelled. The Order
nuisance variable also reached significance (β = 2.5, SE = 0.9,
p < 0.01), indicating that the basic-level interpretation of the
target label was more likely when the target was shown first
in the learning phase, before the alternative was introduced.
Similar to in Experiment 1, we find that this difference in
Basic responses between the conditions is straightforwardly
reflected in the rate of Subordinate responses, which
increased from 57% to 81%. Compared to the No Contrast
condition of Experiment 1, the Unlabelled Alternative
condition shows lower Basic responses (19% vs. 22%) and
higher Subordinate responses is higher (57% vs. 44%). We
also find that the Contrast condition of Experiment 1 is
successfully replicated by the Labelled Alternative condition,
with similar rate of Basic (0.6% vs. 0.5%) and Subordinate
(81% vs. 79%) responses.
Lastly, because the semantic alternative was always
present across both conditions, we were able to compare the
rate of “mutually exclusive” responses as observed in the
Contrast condition of Experiment 1. These responses
occurred in 9 out of 83 Other responses in the Unlabelled
Alternative condition, and 34 out of 62 Other responses in the
Labelled Alternative condition. While the mechanism driving
the “mutually exclusive” responses is unclear, these
responses pattern specifically with the labelling of the
semantic alternative, not just its presence, suggesting that
these “mutually exclusive” interpretations are specific to the
processing of linguistic, as opposed to conceptual, contrast.
We intend to further investigate the specificity of conjectures
narrower than the basic-level category in future work.

General Discussion
This study investigated whether learners use semantic
contrast to make subordinate-level generalizations. We
proposed that the introduction of a semantic alternative at the
subordinate level would make subordinate-level conjectures
5

Model formula: Basic ~ Label + Order (1 + Order | Participant)
+ (1 | Item). Both predictors were sum coded. The interaction term

accessible to a learner who would otherwise default to a
basic-level generalization for a novel label. Results show that
the presence of a labelled alternative eliminated the basiclevel bias during word learning with adult learners
(Experiment 1); furthermore, the mere presence of the
alternative referent without a label slightly suppressed the
basic-level bias but failed to eliminate it (Experiment 2).
These results are consistent with our hypothesis that learners
disambiguate between subordinate- and basic-level meanings
for a label by inferring the level of informativity expected
from a labelling event (and not just from any type of
contrast).
Beyond these findings, the data are broadly consistent with
previous findings in the literature on the acquisition of
subordinate nouns. The classic basic-level bias measured in
the No Contrast condition of Experiment 1 has a magnitude
that is small but still within the range of reported values from
previous studies (see Jenkins et al., 2015, for a review).
Additionally, our finding that Basic responses diminish in the
presence of a semantic alternative at the subordinate-level is
also consistent with results from cross-situational paradigms
(Wang and Trueswell, 2019, 2022). In fact, we observe a
strong effect of a labelled alternative even after just a single
instance of the target label, without needing to expose the
learner to multiple exemplars cross-situationally. Lastly, the
presentation order effect in Experiment 2 is consistent with
prevailing hypothesis-testing models of word learning,
whereby a learner could initially posit a basic-level
interpretation of the target label, which may or may not be
revised upon encountering the semantic alternative (e.g.,
Medina et al., 2013; Stevens et al., 2017), especially if the
labelled target is understood to be an anchor that introduces a
basic-level category with respect to which the following
(alterative) referent is to be interpreted (Waxman et al., 1991,
1997).
The general idea that contrast facilitates conjectures at the
subordinate-level is certainly not new, given the known role
of contrast in language acquisition (Markman, 1984, 1990;
Clark, 1987, 1988, 1990). For example, Clark’s (1987)
Principle of Contrast states that “any difference in form in a
language marks a difference in meaning”; and has been
argued to allow learners to discover new mappings between
concept and form. In the context of acquiring subordinate
nouns, however, learners may need to engage in more
complex inferential work beyond a simple search for some
non-basic-level meaning that also happens to be consistent
with what is observed in the referential scene. Here we
proposed that the crucial task for the learner is to discover the
intended dimension of contrast, where some dimensions of
contrast are easier to access than others depending on the
level of informativity that is assumed of the labelling event.
Building on the previous literature on contrast, we argued that
the specific meaning of contrast is only recognizable when
the learner considers the correct (i.e., intended) alternative
set. For the task of disambiguating between labels that form
could not be included because no Basic response was observed in
the condition crossing Labelled Alternative and target second.
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subset-superset relationships, we predicted that this choice of
the alternative set is guided by the level of informativeness
that the learner expects from the labelling event.
The role of alternatives in facilitating inferences about
meanings that are normally difficult to access has been
extensively explored elsewhere in the pragmatics literature.
For example, we find a striking parallel to the study of scalar
implicatures, specifically on the issue of young children’s
difficulty with generating the pragmatic interpretation of
“some” as meaning ‘some but not all’ (Noveck, 2001;
Papafragou and Musolino, 2003; among others). This
difficulty has sometimes been argued to reflect children’s
limitations in processing (Guasti et al., 2005; Tieu et al.,
2015), similar to how the task of learning subordinate-level
categories has been treated by some in the literature on word
learning (e.g., Ross and Murphy, 1996; Sloutsky et al., 2007;
Sloutsky, 2010). For present purposes, we note that, when the
stronger alternative “all” was introduced in a prior context,
children were more successful in generating the pragmatic
‘not-all’ interpretation of “some” (Skordos and Papafragou,
2016; Barner et al., 2011). Furthermore, children arrived at
the ‘not-all’ interpretation of “some” even when previously
exposed to “none” (instead of “all”; Skordos and Papafragou,
2016), suggesting that establishing the relevance of the
appropriate scale, not necessarily the accessibility of a
particular stronger alternative, is key to computing scalar
implicatures. In other words, despite the fact that “none”
itself does not participate in the pragmatic meaning of
“some”, it nevertheless constrains children’s search for the
relevant scalar relationship by making the issue of
quantification salient to the discourse context.
Likewise in our study, the presence of the semantic
alternative, despite not contributing to the semantic or
distributional profile of the target label itself, nevertheless
constrained the interpretation of the target label to a
subordinate-level category. Here, the successful inference
depended on the learner’s ability to recognize which scale is
being highlighted in the task – the default, lateral contrast
between mutually exclusive categories at the same level, or
the harder-to-access vertical contrast between basic- and
subordinate-level categories (see also Frank and Goodman,
2012, 2014). We expect these vertical inferences to be
especially crucial for early word learning when the referential
world rarely offers direct negative evidence to rule out the
basic-level interpretation (Jenkins et al., 2015). Furthermore,
although we have primarily focused on cases where the
learner is mapping existing concepts to new labels, such as in
the task of associating the concept ‘dog’ with the sound /dɒg/
(Gleitman and Trueswell, 2020), an informativity account
could also be useful in explaining how newly formed concepts
are mapped to new labels (Waxman and Markow, 1995;
Lupyan et al. 2007; Lupyan and Thompson-Schill, 2012;
LaTourrette and Waxman, 2019; Caplan, 2022).
Lastly, we return to a discussion of previous works that
have reported children and adult’s success in acquiring
subordinate-level nouns through the sheer number of
instances of positive evidence, such as via inferences about

sampling (e.g., Xu and Tenenbaum, 2007b; Lewis and Frank,
2018) or attending to changes in various dimensions of
presentation style (e.g., Spencer et al., 2011; Jenkins et al.,
2015, 2021). How can our claims about the importance of
informativity-based inferences be reconciled with these
findings that seemingly jettison the need for the leaner to
attend to the linguistic context beyond just the moment(s)
when the target label is uttered?
We argue that these observations are not mutually
exclusive. Inferences about speaker intent are pervasive, and
arguably inevitable in word learning since labels do not
simply describe the world (Grigoroglou and Papafragou,
2021). Rather, labels for objects invoke concepts and
meanings that the speaker intends to communicate something
about, and this information is often delivered to the listener
by highlighting (in verbal and non-verbal ways) how the label
contrasts with a specific set of relevant alternatives. In this
sense, it is not the referential world that is suspicious or
surprising in its presentation of multiple subordinate-level
exemplars paired with a novel label. Instead, it may be that
the only way for the learner to make sense of an interlocutor
repeating the same label multiple times with what looks like
members of the same kind of an object, is to interpret this act
as an insistence to revise the current conjecture for the label,
resulting in a move away from the initial basic-level
generalization to a more conservative conjecture. In this
sense, the effect of multiple instances of positive evidence
may be indirect, which also explains its disappearance under
more informative contexts that relieve the learner from
computing speaker intent from such unreliable cues (Wang
and Trueswell, 2019, 2022). In other words, the basic level is
no doubt a conceptually privileged taxonomic category due
to the salience of the kinds of perceptual features that define
it, but it is also a linguistically privileged one because it lies
at the default level of informativity assumed in conversations.
In sum, properties of “the world” may indeed affect how
learners generalize the meaning of a novel label, but only in
so far as these cues contribute to the learner forming an
expectation about what the speaker intends to convey.

Conclusion
In two word learning experiments, we showed that semantic
alternatives facilitate mappings to subordinate-level
meanings, and especially so when the alternative is labelled.
Results suggest that learners can use linguistically marked
contrast to reason about the level of informativity for a
word’s meaning that is expected from an ostensive labelling
event. This sensitivity to the informativeness of an utterance
offers a possible mechanism for the acquisition of
subordinate nouns despite the apparent sparsity of evidence
for subordinate-level meanings offered by the referential
world.
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Abstract
The order in which options are presented influences choice in
ways that parallel primacy and recency effects in memory, but
the depth of this connection remains underexplored. I present
sequences of art to experimental participants who select their
favorite pieces, and find evidence that cognitive load can selectively weaken choice primacy or recency depending on its
timing, analogous to established findings in memory research.
The data suggests that primacy is reduced by an externallyimposed distractor task in between each option or by natural
fatigue, while recency is reduced by an extra delay containing
a distractor after the last option is presented. Thus, order effects in choice may be predictably modulated by the targeted
disruption of processing.
Keywords: order effects; memory; decision making; primacy;
recency; cognitive load

Introduction
Choices frequently must be made from options that appear
in a sequence, such as when consumers decide between presented products, employers evaluate prospective job candidates, and judges appraise athletic or musical performances.
I experimentally study how preferences are systematically biased by serial position, and how such biases may be alleviated
based on principles of memory.
It has been empirically documented across several settings
that a contenders chances of being selected are related to their
serial position, that is, where they appear in the sequence of
contenders. The very latest and the very earliest to appear
are more likely to win compared to intermediate contenders.
This is striking because if ordering is random, as is often explicitly the case in an attempt to be fair, then rank should be
unrelated to serial position. These order effects have been
found in the Queen Elisabeth music competition (Flôres Jr &
Ginsburgh, 1996; Glejser & Heyndels, 2001), the Eurovision
Song Contest (de Bruin, 2005, 2006), the American Idol television franchise (Page & Page, 2010), and across synchronized swimming (Wilson, 1977), figure skating (de Bruin,
2005, 2006), gymnastics (Rotthoff, 2015), and sales pitching
(Wagner & Klein, 2007), with significant consequences for
competitors careers (Ginsburgh & Van Ours, 2003). Moreover, these effects seem to apply to preferences over goods
where attributes are objectively fixed and order is experimentally randomized (Payne, Schkade, Desvousges, & Aultman,
2000; Mantonakis, Rodero, Lesschaeve, & Hastie, 2009; Li
& Epley, 2009).

Primacy and recency effects are hypothesized to occur
for different reasons. The earliest items may be favored in
memory because people can mentally rehearse them more
than later items, while the latest items may be favored because they remain fresh in peoples memories (or because
the context facilitating retrieval remains similar). Intermediate items would not benefit from either of these forces,
leading their mental impact to fade, and consequently suffering worse evaluations. Support for these claims in memory comes from many approaches, including the continuous
distractor paradigm in which a distracting task between item
presentations specifically reduces primacy effects, and the delayed recall paradigm in which an extra interval between the
final item and the test specifically reduces recency effects
(Bjork & Whitten, 1974; Glenberg et al., 1980; Glenberg,
Bradley, Kraus, & Renzaglia, 1983; Watkins, Neath, & Sechler, 1989; Neath, 1993; Howard & Kahana, 1999; Kahana,
2012). If these hypotheses apply to choice as well, the implications can be counterintuitive; order-related bias in judgment might be reduced by disrupting cognitive processing.
Studying connections between distortions in memory and
in judgment is important for two reasons. First, this knowledge furthers our theoretical understanding of how two fundamental cognitive processes—recall and valuation—may
be related, a topic of long-standing interest in psychology
(Hastie & Park, 1986; Kahneman, Fredrickson, Schreiber, &
Redelmeier, 1993; Murty, FeldmanHall, Hunter, Phelps, &
Davachi, 2016; Zhao, Richie, & Bhatia, 2021) with growing impact in neuroscience (Wimmer & Shohamy, 2012;
Shohamy & Daw, 2015; Bornstein & Norman, 2017; Bhui,
2018) and economics (Mullainathan, 2002; Gennaioli &
Shleifer, 2010; Bordalo, Gennaioli, & Shleifer, 2020). Second, it helps us better predict when decision making will be
systematically biased, and enables us to develop new classes
of interventions to arrive at better choices and fairer outcomes.
Limited work to date has focused on links between memory and judgment in this context. Mantonakis and colleagues
(Mantonakis et al., 2009) observed that the last wines tasted
in a sequence were preferred more only in longer sequences,
when memory would be under a greater load. Li and Epley
(Li & Epley, 2009) showed that increasing the delay between
presentation and evaluation of a desirable individual painting led to lower evaluations. However, even the existence
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of primacy and recency effects in judgment varies substantially across studies including these two. Such inconsistencies could be reconciled based on subtle situational differences thought to influence memory strength. For example,
despite having broadly similar paradigms, Mantonakis and
colleagues (Mantonakis et al., 2009) reported both primacy
and recency effects, while Li and Epley (Li & Epley, 2009)
observed only recency effects. This may have been caused
by procedural differences, as participants in the former study
merely waited for a period of time in between stimulus presentations while participants in the latter study engaged in
filler tasks.
I test whether appropriately timed cognitive load inhibits
choice-based primacy and recency effects similar to past findings in memory research. In two experiments, I show participants sequences of digital art, after which they report their
favorite, and take a recognition memory test. Experiment 1
follows a continuous distractor paradigm in which a distracting task sometimes occurs in the intervals between each art
piece’s presentation. There is suggestive evidence that the
choice primacy effect is diminished as anticipated in distractor trials and in the later part of the experiment. Experiment
2 follows a delayed response paradigm in which the selection
of one’s most preferred art piece occurs either immediately
after the last item is presented or following a long delay filled
with a distracting task. The choice recency effect appears
to be diminished as anticipated in the delayed response trials
with no apparent reduction in primacy. Order effects in judgment thus seem to be modulated by the targeted disruption of
processing.

Experiment 1
Participants
Participants were 69 students recruited through the Caltech
Social Science Experimental Laboratory. They were paid a
$10 show-up fee plus bonuses for performance as described
below. This experiment was approved by the Caltech IRB.

Experimental Procedure
The setup is depicted in Figure 1. This experiment was implemented using Psychtoolbox in MATLAB. In each of 36
trials, participants were shown a sequence of 5 abstract digital
art images, each displayed for 5 seconds and shown in only
a single trial. The images were complex novel visual stimuli which had to be evaluated holistically, so the exact nature
and evoked feeling of each image could not be perfectly remembered. After each sequence, participants were asked to
indicate which image they liked the most, on a screen with
none of the images shown. They did this by hitting the number key corresponding to its serial position. They could also
hit “0” to represent indifference between all 5. This indifference option provided a convenient default to ensure choices
of 1 through 5 were intentional, and enabled measurement of
impaired evaluation due to cognitive load.

Figure 1: Schematic of Experiment 1. On half of the trials, a
timed delay of 6 seconds occurred between each image presentation. On the other half of the trials, a distractor task
taking roughly 6 seconds occurred between each image presentation.
The treatment consisted of a continuous distractor. Between every image, participants faced either timed delays (exactly 6s) or three distractor task subtrials (with average total
time 5.6s). Half of the trials (randomly dispersed) exclusively
involved delays and the other half exclusively involved distractors. During the delays, the words “Please wait” appeared
on the screen, and participants were told that they may think
about the images they had seen. In the distractor task, participants were shown a random letter on the screen and responded by hitting the key of the alphabetically preceding
letter (e.g., if “r” was shown, they should hit “q”), and had to
respond within 3 seconds, earning $0.01 for a correct answer
to induce engagement. Average accuracy over all distractor
trials was 82%.
A recognition memory test followed image selection. Participants were shown 10 images in random order, each on
screen for 0.8 seconds. Five of these were versions of the images just displayed in the preceding sequence, while the rest
were not shown at all in the experiment. The images were
Gaussian blurred to help avoid ceiling accuracy. After each
image, participants had to indicate whether they had seen it
before, and if they had, in which position it was displayed.
They hit the key “0” if they believed the image was new, or a
key from “1” to “5” to note its position if they believed they
had encountered it previously. They had to respond within 4
seconds and earned $0.04 for a correct answer to incentivize
effort. In the condition with no distractor, hit rate was 63%
and false alarm rate was 8%. In the continuous distractor condition, hit rate was 49% and false alarm rate was 8%.

Results
Two participants are excluded in the following analyses, one
who selected the indifference option in every trial and the
other who wrote notes on paper as a memory aid. I assess the
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ory accuracy in the first half of the trials are shown in Figures
2 and 3 split by condition. Both primacy and recency effects in choice are present at baseline, recapitulating earlier
findings (Mantonakis et al., 2009) while also avoiding a possible confound of novelty bias (favoring early items due to
novelty in stimulus type) since participants are shown many
sequences. As the presence of the indifference option hinders
application of standard discrete choice models, I analyze the
data using separate Bayesian logistic regressions (reported in
Table 1). These regressions predict the probability of choosing the image in a given position based on experimental treatment (no distractor or continuous distractor in the trial), the
trial timing (first or second half of the experiment), and their
interaction. It allows a different baseline effect for each person to help account for individual variation. Bayesian analyses allow a more nuanced look at uncertainty and the information contained in the data (Wasserstein, Schirm, & Lazar,
2019). All presented regressions use the default weakly informative Cauchy prior recommended by Gelman and colleagues (Gelman, Jakulin, Pittau, & Su, 2008) with center 0
and scale 2.5.
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Figure 2: Choice probability as a function of condition in first
half of Experiment 1. Dashed gray line indicates uniform
random choice probability.
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consequences of two kinds of cognitive load on the primacy
effect: one imposed by the distractor task, and the other resulting from fatigue based on the experiment’s length and difficulty (720 decisions over 60–75 mins). Both should reduce
the ability or willingness of participants to engage in rehearsal
that would disproportionately benefit early options. In line
with previous memory research, many participants explicitly
stated that they rehearsed the images in order of appearance.
Several also noted that the distractor task did indeed impair
their ability to rehearse images, and some informally admitted that they became tired or bored in the later part of the
experiment.
The aggregate distributions of stated preferences and mem-
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The data also lets us gauge a potential cost of cognitive
load, which is to reduce people’s overall ability to evaluate
options. This side effect can be measured by the frequency of
choosing the indifference option. From the baseline of 3%,
the distractor task raises this to 5%, a positive effect with
posterior probability 86% according to a similar regression
as above (not reported). Hence, at least as perceived by individuals themselves, the distractor task appeared to perhaps
modestly reduce their ability to discriminate between options.
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Figure 2 reveals a reduction in the primacy effect, as choice
of the first option drops from 25% to 21%. The regression indicates the treatment had a negative effect on primacy (i.e.,
a negative regression coefficient) with posterior probability
95%. Primacy also dropped in the second half of the experiment from 25% to 18% with no distractor, having a negative effect with posterior probability >99.9%. However,
likely because participants eventually get accustomed to the
distractor—which is a known issue in the memory literature
(Koppenaal & Glanzer, 1990)—the treatment effect weakens as the experiment progresses, as revealed by a interaction
term which is positive with posterior probability 99%.

5

New

Position

Figure 3: Memory accuracy as a function of condition in first
half of Experiment 1. Accuracy defined as correct identification of image serial position (left) or merely whether image
was seen before (right).

Figure 3 indicates that the distractor generally impaired
memory for the images, according to either a stricter measure
based on correct identification of serial position or a weaker
measure based on correct recognition of whether the image
was new or old. However, the distractor’s effect on memory
did not mirror its effect on choice, as there was no specific
reduction in accuracy for the first item. Thus, this result is
not consistent with the simplest mechanism in which serial
position effects in memory are affected identically to those in
choice. This might have occurred because stimulus encoding
and evaluation had to happen at the same time. It is known
that the relationship between memory and judgment depends
crucially on the format of the task (Hastie & Park, 1986), and
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Exp. 1
Coefficient
Treatment
Late Trial
Treat. × Late

Choice = 1st
Post. mean (p < 0)
−0.038 (0.95)
−0.066 (1.00)
0.076 (0.01)

2nd

3rd

4th

5th

−0.015 (0.77)
−0.030 (0.93)
−0.010 (0.63)

0.051 (0.01)
0.012 (0.28)
−0.071 (0.99)

−0.028 (0.92)
−0.007 (0.63)
0.007 (0.41)

0.017 (0.25)
0.048 (0.03)
−0.002 (0.52)

Indi f
0.013 (0.14)
0.043 (0.00)
0.000 (0.50)

Table 1: Posterior estimates from Bayesian logistic regressions of choice probabilities on cognitive load, with individual-level
intercepts, for Experiment 1. The Treatment variable indicates the continuous distractor condition. Posterior mean refers to the
mean estimated coefficient value, and p < 0 refers to the posterior probability the coefficient is negative.

Exp. 2
Coefficient
Treatment
Late Trial
Treat. × Late

Choice = 1st
Post. mean (p < 0)
0.021 (0.10)
−0.014 (0.81)
−0.020 (0.81)

2nd

3rd

4th

5th

0.001 (0.48)
−0.021 (0.89)
0.027 (0.13)

0.009 (0.29)
−0.012 (0.76)
−0.014 (0.72)

−0.013 (0.78)
−0.012 (0.76)
−0.003 (0.55)

−0.037 (0.98)
0.031 (0.05)
0.001 (0.48)

Indi f
0.019 (0.03)
0.028 (0.00)
0.009 (0.26)

Table 2: Posterior estimates from Bayesian logistic regressions of choice probabilities on cognitive load, with individual-level
intercepts, for Experiment 2. The Treatment variable indicates the delayed response condition. Posterior mean refers to the
mean estimated coefficient value, and p < 0 refers to the posterior probability the coefficient is negative.

Coefficient
Correct Memory
Subjects

Experiment 1 Experiment 2
Item Chosen
Posterior mean (s.e.)
0.692 (0.052) 0.656 (0.041)
67
112

experiment was approved by the Harvard IRB.

Experimental Procedure

Table 3: Posterior estimates from Bayesian logistic regressions of choice on item memory, with individual-level intercepts. Correct item memory was positively related to the item
being chosen in Experiments 1 and 2 with posterior probabilities >99.9%.

thus more complex mechanisms would be expected that reflect the dynamics of both.
Items that were chosen did tend to be remembered better,
with a hit rate of 68% for the images selected as most favorite compared to 53% for the rest. A regression predicting whether each item was chosen based on whether it was
correctly remembered is reported in Table 3. It indicates a
positive correlational relationship with posterior probability
>99.9%. Such a result is consistent with many different possible mechanisms, which I do not attempt to disentangle here.

Experiment 2
Participants
Participants were 113 students and non-students (age range
18-67) recruited through the Harvard Decision Science Laboratory and paid a $10 show-up fee in addition to bonuses for
performance as described below, to incentivize effort. This

The structure of the second experiment (depicted in Figure 4)
was similar to the first, though participants only waited after
each image except the last one. The key difference is that
after the last image was presented, participants selected their
favorite either immediately or after 5 distractor subtrials (with
average total time 10.2s). Beyond this, they earned $0.03 for
each correct response on the distractor task and $0.05 for each
correct response on the memory test. Average accuracy on the
distractor task was 65%. In the condition with no distractor,
hit rate was 48% and false alarm rate was 16%. In the delayed
response condition, hit rate was 46% and false alarm rate was
16%.

Results
One participant is excluded in the following analyses due to
computer malfunction. As before, Figure 5 shows the aggregate distribution of stated preferences and recognition accuracy in the first half of trials. The baseline distribution diverges from Experiment 1, likely due to differences in the
subject pool and the design. This experiment included many
older, non-student participants, in contrast to the university
students selected for academic qualities in the previous experiment. As indicated earlier, primacy effects depend on the
ability and willingness to rehearse earlier items, traits which
we might expect to be stronger in that subject pool; and indeed, performance was higher in Experiment 1 on both the
memory test and the distractor task. This difference is exacerbated by the central design element, the lack of delay between
the last image presentation and the choice, which makes the
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Discussion
When choosing from options presented in a sequence, people
prefer the earliest and latest items, similar to serial position
effects in memory. If memory and choice share a connection,
then factors influencing the former may also affect the latter.
I experimentally tested whether order effects in choice can
be modulated by cognitive load in a targeted fashion, similar
to established results in memory. Participants indicated preferences over pieces of art presented sequentially. The results
suggested that cognitive load that impeded excess rehearsal of
early options, imposed by an inter-stimulus distractor task or
by natural fatigue, selectively reduced primacy effects. Cognitive load that reduced the excess mental freshness of later
options, imposed by a post-sequence distractor task, selec-
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recency effect stand out at the expense of other positions, especially the earliest.
I assess the effect on choice recency of cognitive load induced by the distractor-filled delay, using similar regressions
as above, reported in Table 2. In line with the prediction, the
overall choice frequency for the last position is 25% at baseline compared to 21% in distractor trials, and the regression
indicates the treatment had a negative effect with posterior
probability 98%. The treatment increased the probability of
indifference from 5% to 7%, a positive effect with posterior
probability 97%, indicating impaired evaluation.
As before, the distractor’s effect on choice was not paralleled in memory, where it had negligible effect in this case.
Thus, the data is again inconsistent with the simplest possible link between memory and choice. Items that were chosen
did once again tend to be better remembered. Recognition hit
rate was 59% for items selected as the most preferred, compared to 45% for the rest. The second regression in Table 3
indicates a positive relationship between correct recognition
and choice propensity with posterior probability >99.9%.
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Figure 4: Schematic of Experiment 2. On half of the trials,
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tively reduced recency effects. Thus, interventions or contextual factors that impair the ability or willingness of decision
makers to attend to options might alter order effects in a targeted fashion.
A limitation of the current work is that the results do
not speak directly to the exact relationship between memory
and choice. A positive correlation between an individual’s
propensity to choose an item and the strength of their memory
for the item could be consistent with multiple possible mechanisms. For example, availability models posit that greater
availability of items in memory can cause them to loom larger
in judgment (Tversky & Kahneman, 1973), while models of
biased encoding or retrieval propose that judgment can cause
items to become privileged in the process of memory construction or recall (Snyder & Uranowitz, 1978). However,
the effects of the distractors on memory here do not seem to
directly mirror their effects on choice. A more complex theory is accordingly needed. Although it is important to understand the exact processes that give rise to memory-judgment,
the analyses presented here are unable to distinguish between
various theories (Hastie & Park, 1986). Further decomposition of the mechanisms involved in choice-based order effects
awaits continued theoretical and empirical study.
It also remains an open question as to how far the results
generalize across different decision making formats. For example, participants here knew that they would face an image
recognition test after making their choice. This knowledge
could enter into the strategic control of memory encoding
(Benjamin, 2007; Murphy & Castel, 2021). In addition, stimulus modality may also play a role in serial position effects
(Conrad & Hull, 1968). Furthermore, choices were made by
indicating the serial position of the preferred option. This creates a link not only to the memory of the experience itself, but
also to the tag or temporal context (Howard, 2017). Many design choices are possible regarding the elicitation procedure
and there is no universally applicable setting. Further studies
varying the format would thus provide valuable insight into
the many possible interactions between memory and choice.
Recent work has demonstrated that computational modeling can capture serial position effects in preferential decision making (Aka & Bhatia, 2021; Evans, Holmes, Dasari, &
Trueblood, 2021). Models like these could be used to more
precisely measure the experimental treatment effects we observe here, and to decompose the cognitive mechanisms involved. They could also help predict the impact of such interventions across a range of environments with different numbers of options or varying amounts of rehearsal time.
If the findings described in this paper extend to longer
timescales and more complex stimuli, they may hold implications for assessing the protocols used by employers to select
the best candidates. Minor procedural elements that typically
go unnoticed could substantially alter outcomes. Consider,
for instance, that there are commonly breaks for deliberation
between sequential interviews. These pauses may facilitate
rehearsal and enhance primacy effects, analogous to the inter-

stimulus intervals of Experiment 1. Thus, despite enabling
more information processing, such breaks might actually increase bias due to an imbalance in the information which is
available at different points in time.
Decision theoretic models generally assume choices are
made from elements in a mathematical set, in which item order is by definition irrelevant. This simplification is theoretically useful, but it is clear that order often matters in practice.
The broad notion that preferences may be tied to memory is
uncontroversial, but plenty remains to be discovered about the
interplay between these elements. Memory is among the earliest pillars of experimental psychology (Ebbinghaus, 1885),
and exhibits many unusual and counterintuitive properties.
Research in decision making has much to learn from over a
century of accumulated knowledge regarding memory.
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Abstract
The introduction of deep learning and CNNs to image recognition problems has led to state-of-the-art classification accuracy.
However, CNNs exacerbate the issue of algorithm explainability due to deep learning’s black box nature. Numerous explainable AI (XAI) algorithms have been developed that provide developers insight into the operations of deep learning. We aim
to make XAI explanations more user-centric by introducing
modifications to existing XAI algorithms based on cognitive
theory. The goal of this research is to yield intuitive XAI explanations that more closely resemble explanations given by
experts in the domain of bird watching. Using an existing base
XAI algorithm, we conducted two user studies with expert bird
watchers and found that our novel averaged and contrasting
XAI algorithms are significantly preferred over the base XAI
algorithm for bird identification.
Keywords: Explainable AI; Explanation; Image Classification

cations to an existing XAI algorithm can result in increased
acceptance to end-users.
Our motivation for exploring principled modifications that
might apply to any XAI is twofold. First, we seek to test
how changes to existing explainability algorithms based on
known human explanation and reasoning practices can improve end-user experiences. Second, we seek to push against
the methodological trend where highly dissimilar explainability types are compared and instead focus on the principles behind how a cognitively-motivated change to any existing explanation approach impacts the quality of explanation. This
can bring an understanding of how specific properties or techniques may improve visual explanations for image classification more generally.

Introduction

Deep Learning and XAI

Significant progress in image classification using deep learning (Krizhevsky, Sutskever, & Hinton, 2012; LeCun, Bengio,
& Hinton, 2015) has created considerable interest in applying
these techniques to a broad range of applications including
medical diagnosis and classification of animals. Furthermore,
a variety of eXplainable Artificial Intelligence (XAI) methods
have emerged for explaining image classification to developers or end users (Lapuschkin et al., 2016; Chattopadhyay et
al., 2018). These approaches typically highlight regions of
the image that are important to the classification decision.
As many researchers turned their attention to XAI, Miller
et al. (2017) argued

Within the domain of deep learning, convolutional neural networks (CNNs) are specialized for image recognition. CNNs
are able to capture complex, non-linear relationships present
in images. The basic CNN architecture consists of successive
pairs of convolutional and pooling layers: convolutional layers apply a filter to the image to yield feature maps. These
feature maps then pass through an activation function, which
serves to introduce non-linearity to the network. The output
image is then passed through the pooling layer to reduce the
dimensionality of the image by downsampling pixels in close
proximity to each other. One may serially add pairs of convolutional and pooling layers to their desire before flattening the
last output to feed into a fully connected layer, which classifies the image using an activation function. The network
may be further trained by using the back-propagation algorithm where the weights of the network may be fine-tuned for
greater classification accuracy (Kim, 2017). Convolutional
neural network architectures contribute to the obscured, black
box nature of deep learning algorithms, however, thus limiting their value.
There have been several general approaches to gaining insight into why deep learning algorithms arrive at a certain
classification through XAI:

While the re-emergence of explainable AI is positive,
this paper argues most of us as AI researchers are building explanatory agents for ourselves, rather than for the
intended users. But explainable AI is more likely to succeed if researchers and practitioners understand, adopt,
implement, and improve models from the vast and valuable bodies of research in philosophy, psychology, and
cognitive science; and if evaluation of these models is
focused more on people than on technology.
In spite of this, most XAI papers, even those with user studies, focus on developer-centric explanations. Langley (2021)
draws a distinction between these two purposes for explanations. Here, we explore how cognitively motivated modifi-

Increasing Transparency of Opaque Methods Research
in this field identifies regions of importance for the classification of images. Some approaches, such as GradCAM
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Figure 1: Heatmaps from GradCAM on the same image from
two deep nets. It can be observed that entirely disparate areas
of the bird are emphasized as important areas for classification.
(Selvaraju et al., 2017) analyze the activation of hidden units
to visualizing the regions of input that are “important” for
predictions from these models. Others, such as LRP (Binder
et al., 2016) propagate relevance information from the output
layer of the neural network to input layer to find the regions
most responsible for activating the output.
Model Agnostic (Black Box Methods) Instead of exposing the logic of an underlying model, model agnostic methods make changes to the image and examine the changes to
the decisions made by any “black box” algorithm. Black box
XAI algorithms include occlusion sensitivity (Zeiler & Fergus, 2014), and Local Interpretable Model-Agnostic Explanations, known as LIME (Ribeiro, Singh, & Guestrin, 2016).
Our observation from applying several XAI algorithms and
several architectures revealed some common problems: far
too often, the XAI algorithms missed some features that bird
guides considered important in distinguishing one bird from
another. This may even vary among different runs with different random weights: e.g., sometimes the XAI algorithm
will focus on the wing area, other times the head, and sometimes both. Figure 1 illustrates an example of this problem
using GradCAM. In addition, the XAI algorithms occasionally highlighted areas of the bird image that bird guides do not
consider particularly important. Even so, these highlightings
may give insight into how the XAI algorithm operates, which
lends itself to a developer-centric focus for the algorithm.
We propose that defects of XAI algorithms can be alleviated through leveraging cognitive theories related to what
makes for a satisfactory explanation and applying them to
XAI algorithms. By addressing the pitfall that XAI algorithms often produce explanations that are not well-aligned
with human experts, we aim to pivot away from the established developer-centric focus of XAI and towards a usercentric focus.

XAI and Cognition
Significant work in the fields of cognitive science, psychology, and philosophy have contributed to theories of explanation (Miller, 2019; Hoffman et al., 2018). Because the studies
in this paper focus on the task of classifying birds by species,
we start with a short discussion on classification. Murphy
(2004) goes into much more details on these issues. We dis-

cuss two issues here: contrasting explanations and discriminative classification.
One of our studies and algorithm modifications is motivated by the importance of drawing contrasts. In the philosophy literature, Lipton (1990) differentiates the fact (which
did occur) from the hypothesized event which did not occur,
called the foil. Miller (2019, 2021) summarizes the cognitive
literature on the utility of contrasts in explanation. In Artificial Intelligence, Pazzani et al. (2018) and Le et al. (2020)
have argued for explainable AI algorithms that are sensitive
to contrasting categories. Contrasts occur in tasks such as differential diagnosis or distinguishing between easily confused
animal species. In these cases, explanations tend to focus on
features that differentiate the true fact class from the relatedbut-false foil class.
The second study focuses on whether it is better to focus
on one way to discriminate between categories or to include
all features with high cue validity (Rosch & Mervis, 1975). In
discrimination learning, a single way of separating one class
from others is found (Medin, 1975). Neural nets are examples of discrimination learning. A single network will overlook features with high cue validity if they are not necessary
to distinguish an example in one category from examples in
other categories. Furthermore, a single network may find an
irrelevant feature that is not shared with other networks. We
investigate whether by combining the results from an ensemble of networks, we may mitigate these problems.
Several recent studies have focused on end-user evaluation
of XAIs as well. Gunning et al. (2021) summarize a variety
of studies associated with DARPA’s XAI program. Numerous studies showed that users prefer systems that provide decisions with explanations over systems that provide only decisions. However, since many alternative explanation strategies have been compared to the strategy of having no explanation, these studies yield no insight into the nature of explanation. Other studies (Muddamsetty et al., 2021; Petsiuk,
Das, & Saenko, 2018) compare different algorithms, but the
differences are not intended to show why users prefer one algorithm to another.
An interesting study by Nourani et al. (2019) on images
with manually created highlights showed that users could distinguish between highlighting on relevant and irrelevant parts
of the image. Relevant regions for identifying dog species included the eyes and ears while the trees in the background are
irrelevant. XAI systems that emphasized less relevant areas
were judged to be less accurate than they actually were.
Here, we explore two minor variations of an existing XAI
algorithm. In one variation, the algorithm is changed to
emphasize regions that distinguish one class from another
closely-related (contrasting) class. In the other variation, we
use an ensemble of several neural nets to classify, and we
combine the explanation produced by each network. This allows features with high cue validity to be identified even if
there are alternative ways to discriminate categories that do
not include them.
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The XAI explanations tested in this work were motivated
by cognitive theories, such as cue validity and work on contrastive explanations. We hypothesize these explanations will
be preferred by end-users of a system due to their propensity
to generate more human-meaningful information.

User Studies of XAI for Image Classification
In this paper, we aim to address the shortcomings of XAI algorithms by exploring slight modifications to an existing XAI
algorithm and how the modifications impact preference for
the novel algorithm. We used with the MATLAB implementations of VGG16 for image classification (Simonyan & Zisserman, 2015) and ImageLIME for XAI (imageLIME, 2022).
ImageLime with the default superpixel algorithm and did not
experiment with alternative superpixel approaches (Schallner
et al., 2019). We consider two enhancements to using VGG16
and LIME: averaging explanations over multiple network
models and explaining contrasting categories—henceforth referred to as averaged LIME and contrasting LIME.
We conducted two user studies to determine the preference
for standard LIME-generated explanations compared to explanations generated from averaged LIME and contrasting
LIME. We solicited the opinion of bird watchers on which annotation methods produced the best heatmaps for highlighting
areas of birds that are pertinent to identification. In order to
gauge the generalizability of the heatmaps beyond tools for
experts, we additionally asked bird watchers if they would
recommend the heatmap to others for identification of the
bird species. The bird watchers were also asked to classify
the bird species to see if the aid of either novel explanation
method resulted in increased classification accuracy.

Methods

the average of 11 networks, but we have seen similar results
for averaging of 7 through 15 networks. Figure 2 illustrates
how the averaged explanation is computed.
Explaining Contrasting Categories The goal behind this
approach is to identify regions that distinguish one class from
its most similar classes (Pazzani et al., 2018). That is, instead of answering why is this an X, they are designed to
answer why is this an X and not a Y. In medical systems,
these are analogous to methods that attempt to find regions
important for differential diagnosis (e.g., to distinguish bacterial from viral pneumonia). We use a method suggested by
(Feghahati et al., 2020) that looks for the regions that are suggestive of belonging to category X and features that are suggestive of belonging to category Y and finds the difference.
This is computed on a pixel-by-pixel basis on the heatmaps.
There are several ways to identify the foil category Y. One is
to identify the contrasting class as the one with the secondhighest activation of the neural network. Alternatively, such
as in this study, the AI may be given the second most likely
class. An example of contrastive explanations is such: an image A may have the ground-truth label of “western grebe”.
Image B of a “Clark’s grebe” may be the second most likely
class label for image A. Thus, the difference between the
heatmap for “western grebe” and the heatmap for “Clark’s
grebe” images are computed pixel-wise to yield a contrastive
explanation for why image A belongs to the “western grebe”
class. This method is applicable to any algorithm that generates heatmaps, but we use imageLime in our studies. It should
be noted that this method can be used at multiple levels of a
hierarchy (e.g., explaining why a bird is a western vs. Clark’s
grebe or more generally a grebe vs. a heron). Figure 3 depicts
an example of how contrasting explanations are generated.

Heatmap Algorithms

Data Selection

We consider two changes to how LIME is used with VGG16.
Although our techniques are general and work with any technique for heatmaps, we selected LIME in our studies because it finds regions with coarse quantum differences in importance as opposed to a continuous gradient of importance.
These quantum areas often correspond to regions of the bird
such as the bill or an area of the wing.

We collected a database of publicly available images from
Flickr of 66 bird species for a total of 14,380 images. Due to
the number and quality of images, most deep learning algorithms achieve less than 2% error on classification, allowing
one to study the explanation of accurate classifiers. Due to
the accuracy of the classifier and large number of high-quality
examples per class, we did not observe the XAI algorithm focusing on totally irrelevant areas of the image such as water
or trees.

Averaging Explanations Over Multiple Network Models
Ensemble learning (Sagi & Rokach, 2018) has been shown to
increase the accuracy of prediction by averaging over multiple models. Here, we focus on using ensembles to improve
the explanation. Instead of a single run of VGG16, we run
VGG16 several times, compute the relevance of each pixel of
each run separately, and then average over several runs. The
motivation for combining explanations is that although each
run finds an accurate classifier, they may find different local
minima, each finding a sufficient way of making the classification. By combining across runs, we may find important but
redundant features. Furthermore, irrelevant features that are
seldom present have lower weights in the combined model
and are often de-emphasized entirely. In our study, we take

Participant Recruitment
Participants for both studies were expert bird watchers who
were recruited from mailing lists that report rare bird sightings in Southern California. 28 participants were recruited
for the LIME vs. averaged LIME study, and 20 participants
were recruited for the LIME vs. contrasting LIME study. One
participant from each of the LIME vs. averaged LIME and
LIME vs. contrasting LIME studies self-excluded due to lack
of familiarity with the bird species included in the studies.
One participant was excluded from the LIME vs. averaged
LIME study for being under the age of 18, which may point
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to less real-world bird watching experience. Excluding the
data from these participants did not alter the significance of
the results. In total, 26 and 19 participants were included in
analyses for the LIME vs. averaged LIME and LIME vs. contrasting LIME studies, respectively. There was no participant
overlap between these studies. The median participant age
was 46 and 43 for the LIME vs. averaged LIME and LIME
vs. contrasting LIME studies, respectively. Participants in the
LIME vs. averaged LIME study had a median of 15 years of
bird watching experience while the participants in the LIME
vs. contrasting LIME study had a median of 13 years of bird
watching experience.

Study Design

Figure 2: An illustration of how averaged explanations are
achieved. X̄ contains the output from n individual runs of
standard LIME (n is 11 in the case of our studies), and X̄
represents the pixel-wise mean of the n images in X. Note
that the individual runs in X are likely to contain fewer areas
of relevance than the aggregated, averaged final X̄ since the
output of a single run of LIME is non-deterministic.

Figure 3: An illustration of how contrasting explanations are
achieved. Image Y represents the evidence for the bird being
a “common goldeneye” whereas Z represents the evidence for
it being a “Barrow’s goldeneye.” Pixel-wise subtraction of Z
from Y yields a contrasting explanation that depicts why this
bird is indeed a “common goldeneye” rather than a “Barrow’s
goldeneye.”

Prior to beginning their respective studies, participants from
both studies were shown an example of LIME used on an
image of a dog to identify the features most important to
classifying its breed. This example was intended to familiarize participants with how to interpret the colors on a LIMEgenerated heatmap.
Each study contained 24 unique bird images. Each of the
24 unique bird images was shown once to each subject with
LIME-generated annotations and another time with averaged
LIME-generated or contrasting LIME-generated annotations,
depending on the study in question. This results in a total
of 48 trials evenly split between LIME and averaged or contrasting LIME for each study. Furthermore, the 24 unique
bird images were comprised of 10 bird species, and these 10
bird species were chosen such that they were composed of 5
commonly confused pairs: the Barrow’s goldeneye and common goldeneye; black-headed grosbeak and blue grosbeak;
Clark’s Grebe and western grebe; eastern towhee and spotted
towhee; indigo bunting and lazuli bunting.
During the study, each trial displayed the heatmapannotated and unannotated images side-by-side on the lefthand side of the screen; a bird species classification task and
questions about annotation preferences were displayed on the
right-hand side of the screen. A screen capture of the study
interface is shown in Figure 4. Participants were asked to
identify the species of the bird shown on the left-hand side by
checking 1 of 10 radio buttons, each option being a unique
bird species present in the study. Participants were asked to
indicate their opinions on the novel highlighting method on
the left-hand side by answering two questions: “This highlighting emphasizes the areas of the bird that I think are important for identification” (Question 1), and “I would recommend using this highlighting to help identify this bird” (Question 2). Participants were asked to respond using a 7-point
Likert scale ranging from “Strongly Disagree” (a value of 1)
to “Strongly Agree” (a value of 7) with “Neutral” (a value of
4) at the midpoint.

Results
For each of the two studies, we compared the median preference ratings for LIME trials to averaged or contrasting LIME
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Figure 4: An example screen capture from the LIME vs. contrasting LIME study. Images were placed side-by-side for ease of
comparison.
trials. Additionally, we compared overall bird species classification accuracy for LIME trials to averaged or contrasting
LIME trials. Because accuracy may be a dubious measure
of whether one is qualified to advise on useful annotations
for bird identification, we did not use classification accuracy
to exclude individual trials or participants. An experienced
bird watcher may be aware that the shape of a white patch
on the face of a common goldeneye or Barrow’s goldeneye
is a reliable method of distinguishing the two species. While
a bird watcher may fail to accurately assign the round patch
to the common goldeneye and the crescent patch to the Barrow’s goldeneye (i.e. failure of the classification task), they
remain knowledgeable on which areas of a bird are crucial
for classification. Additionally, excluding trials with incorrect classifications did not result in a significant difference in
the distribution of median ratings for any question; this is true
for both studies (uncorrected p values of .7 or greater). This
may be due to the consistently high classification accuracy
across all participants.
Thus, all participants and their data were used for the
subsequent analyses. All reported p values are Bonferronicorrected for 3 pairwise Wilcoxon signed-rank tests in each
study. Broadly, subjects exhibit a significant preference for
averaged or contrasting LIME over standard LIME. The p
values and median ratings for the two questions regarding
preferences can be found in Table 1 and Table 2, respectively.
The preference for annotations output by averaged LIME
was significantly higher than the preference for annotations
output by LIME for both questions in the study (p < .001).
The median rating of Question 1 for the LIME images was 4.0
(“Neutral”) while the median rating for the averaged LIME

images was 5.5 (“Slightly Agree”/ “Agree”). The median rating of Question 2 for the LIME images was 3.0 (“Slightly
Disagree”) while the median rating for the averaged LIME
images was 5.0 (“Slightly Agree”). Bird species classification
accuracy, with a mean of 90.1% and 91.3% for LIME and averaged LIME, respectively, did not differ between these two
explanation methods (p > .99).
Likewise, the preference for annotations output by contrasting LIME was significantly higher than the preference for
annotations output by LIME for both Question 1 (p = .014)
and Question 2 (p = .004). The median rating of Question 1
for the LIME images was 4.5 (“Neutral”/ “Slightly Agree”)
while the median rating for the contrasting LIME images was
5.0 (“Slightly Agree”). The median rating of Question 2 for
the LIME images was 4.0 (“Neutral”) while the median rating for the contrasting LIME images was 5.0 (“Agree”). Bird
species classification accuracy was again strikingly similar
between LIME and contrasting LIME trials with respective
mean classification accuracies of 84.9% and 86.0% (p > .99).

Discussion
The results of our two user studies showed that expert bird
watchers prefer averaged LIME and contrasting LIME explanations significantly more than standard LIME explanations using two measures. Specifically, they report that the
modified explanation techniques emphasized the areas they
believed to be important for the identification of the bird in
question and are more likely to recommend the novel highlighting technique to others as a tool for bird identification.
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Table 1: Bonferroni-corrected p valuesa for median ratings in
LIME vs. averaged LIME and LIME vs. contrasting LIME
studies.
LIME vs. Averaged LIME
(N = 26)

LIME vs. Contrasting LIME
(N = 19)

< .001

.014

Question 1b

Question 2c
< .001
.004
a 3 pairwise comparisons were made for each study using the Wilcoxon
signed-rank test.
b “This highlighting emphasizes the areas of the bird that I think are
important for identification.”
c “I would recommend using this highlighting to help identify this bird.”

Table 2: Median responses on 7-point Likert scale (1 =
“Strongly Disagree” and 7 = “Strongly Agree”) for LIME vs.
averaged LIME and LIME vs. contrasting LIME studies.
LIME vs. Averaged LIME
(N = 26)

Question 1a

LIME vs. Contrasting LIME
(N = 19)

Lime

Averaged
LIME

LIME

Contrasting
LIME

4.0

5.5

4.5

5.0

Question 2b
3.0
5.0
4.0
5.0
“This highlighting emphasizes the areas of the bird that I think are
important for identification.”
b “I would recommend using this highlighting to help identify this bird.”
a

We believe that averaged LIME was preferred over standard LIME for two reasons. At the most basic level, averaging across several runs of LIME means that features that
may be present in a single run but truly irrelevant to classification will end up having a lower weight overall. The result is that attention is drawn away from these less relevant
features and focused more on the features whose relevance is
prominent across more runs. Further, as the algorithm is averaging across more runs, alternative features that are found in
perhaps half of the runs but not the other half will be caught.
These techniques may be particularly helpful if there are more
than one distinguishing feature of a bird in question. Though
this redundancy may result in the highlighting of more features than is truly necessary for a given classification, the end
result is a cleaner explanation. Highlighting all of the relevant attributes helps users clearly attend to features which are
important for consideration in category membership.
We note that these can also be related to Grice’s conversational maxims of quantity—sharing the right amount of information, no more and no less—and relation—keeping communications relevant—as they establish the precedent that
pixel-based visual explanations such as those produced using LIME should communicate sufficient information while
eliminating anything unnecessary (Grice, 1975). In our case,
the cleaner image prominently shows relevant features and
has given less weight to features that are less important to
classification.

In a similar manner, we believe that contrasting LIME was
preferred over standard LIME in that it directs attention to
particular features of the bird which may be singularly important or unique to the identification of that bird compared to the
other birds in question. For example, by subtracting the features which belong to a “western grebe” (the fact) from those
of a “Clark’s grebe” (the foil), we are left with the most distinguishing features of a western grebe. By drawing a user’s
attention to these important features, it streamlines the process of differentiating between the two and allows the user
to more easily draw their attention to what is relevant in that
determination. The resulting elimination of foils is more efficient and thus less cognitively demanding, and should theoretically lead to increased understanding of features differentiating category membership.
It is worth noting that although we used explainable AI
methods in our study, we asked subjects questions that did not
use the word “explanation.” Instead, we asked how well the
“highlighting emphasizes the areas of the bird that I think are
important for identification” and whether they “would recommend using this highlighting to help identify this bird.” We do
this because current XAI methods identify regions of interest,
but they do not indicate why they are interesting. We believe
a better explanation would not only identify but also describe
the regions of interest with terms such as “spotted wing” or
“sharp talons.” Many books on bird identification both point
out distinctive regions with arrows or circles, and also label
why they are distinctive.

Conclusion
Our study focused on automatically manipulating visual explanations to have averaged or contrasting properties and seeing whether experts would recommend using this highlighting to help others. Our results reveal that averaging across
runs of LIME and utilizing contrasting explanations makes a
significant difference in experts’ willingness to use and recommend the explanation as opposed to the standard presentation of LIME. At present, the results of our two user studies
have implications for both practical applications of XAI and
on future methodological directions for XAI explanation research. First, we contend that averaging and contrasting explanation techniques are viable improvements for XAI explanations that use heatmaps. Further, our results lend credence
to the notion that methods should be more fine-grained, focus
on theory-driven techniques, and incisive in their ability to
identify which factors contribute to increased preference for
XAI explanations.
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Abstract
Making inferences about claims we do not have direct experience with is a common feature of everyday life. In these
situations, it makes sense to consult others: an apparent consensus may be a useful cue to the truth of a claim. This strategy is not without its challenges. The utility of a consensus
should depend in part on the sources of evidence that underlie
it. If each person based their conclusion on independent data
then the fact that they agree is informative. If, instead, everyone relied on the same primary source, the consensus is less
meaningful. However, the extent to which people are actually
sensitive to this kind of source independence is still unclear.
Here, we present the results of three experiments that examine this issue in a social media setting, by varying the sources
of primary data cited via retweets. In each experiment, participants rated their agreement with 12 different claims before and
after reading four tweets that were retweeted on the basis of either the same or different primary data. We found that people
were sensitive to source independence only when it was clear
that the tweeters had relied on the primary data to reach their
conclusion. Implications for existing research are discussed.
Keywords: consensus; persuasion; source independence; social reasoning; induction

Introduction
In today’s information-rich world, we often must evaluate the
legitimacy of a claim without having enough direct experience ourselves to be certain about it. In such a situation, it
can be useful to consider what other people think. For example, suppose you heard the claim that narcissists are more politically engaged. Although you might have an opinion about
this, most of us do not know enough narcissists or politicians
to be very sure about that opinion; in that case, it would make
sense to see what other people think as well. If you found
many people who had each independently reached the same
conclusion, that might constitute good evidence that the claim
was true (and better evidence than if you had found just one).
Indeed, a wide literature suggests that people are more likely
to agree with claims when they are endorsed by many other
people (e.g., Asch, 1956; Lewandowsky, Gignac, & Vaughan,
2013; Ransom, Perfors, & Stephens, 2021).
Taking into account the consensus of others is a sensible reasoning strategy, especially if everyone’s conclusions
were reached independently from each other. Indeed, rational
Bayesian models have demonstrated that a dependent consensus should carry less weight than an independent consensus
(e.g., Whalen, Griffiths, & Buchsbaum, 2018). People have
been shown to be sensitive to such reasoning dependencies:
when people are explicitly told that consensus opinions were
not formed independently (for instance, everyone was on the
same committee) people do not give more weight to multiple
sources than a single source (Harkins & Petty, 1987).

But in everyday life, assessing the independence of a consensus from each individual’s statements alone can be difficult. For example, what if all of the people involved agreed
with a claim and mentioned the same news article or study?
What you conclude may be influenced by your assumptions
about how people provide evidence or explanations in support of their views. If, for example, you assumed that people
were drawing on personal experience or extensive knowledge
of the subject at hand and mentioning the article to summarise
their view, then the common reference may simply reflect the
quality of the source or the availability of the content. In contrast, if you assume that people had formed their view largely
on the basis of the common information, then this sort of dependent consensus should be less convincing than an independent consensus with the same number of people, since the
claim is based on fewer distinct sources of knowledge.
In the real world, of course, even when we know what
sources people relied on, it may not be clear how independent
those sources were. This can lead to different kinds of errors.
On one hand, people might wrongly believe that an independent consensus is dependent and thus discount the consensus when they shouldn’t: for instance, if scientists independently reach the same conclusions about climate change but
the public believes that they did not. On the other hand, people might erroneously believe that a dependent consensus is
independent, and thus weight it more highly than they should.
For instance, the majority of science-denying blogs rely on
the same few primary sources (Harvey et al., 2018) and most
COVID-19 anti-vaccination views originated from the same
few people (Center for Countering Digital Hate, 2021).
How sensitive are people to source dependence, and thus
how good are we at avoiding these reasoning errors? Several studies have investigated this question experimentally,
but the findings are mixed. Yousif, Aboody, and Keil (2019)
presented participants with several texts (either student essays or news articles) making different claims. They found
that people did not think an independent consensus was
more convincing when the sources were economists and the
claims were about a new tax policy or a country’s economic
prospects. Yet when the sources were eyewitnesses and the
claim was that a bear had been seen at a local school, people did weight information from independent sources more
highly. The authors concluded that people may not be sensitive to source dependence unless the claim is easily knowable
to the sources. However, an alternative explanation is that
the participants may not have realised that the consensus of
economists was actually independent, since it would be plausible for multiple economists to have relied on the same data.
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Desai, Xie, and Hayes (2022) addressed these concerns
by testing U.S.-based participants in a twitter-like paradigm
where the independence between sources was clearer. Participants read tweets by independent users (news companies
in one experiment, people in another) who posted a polling
company’s prediction for an upcoming fictitious election.
The tweets reached a near unanimous consensus (four tweets
agreeing, one opposing) that “Candidate X” would win the
election, but the four agreeing tweets either all mentioned the
same polling company (dependent consensus) or four distinct
polling companies (independent). People were more convinced by the independent consensus than the dependent one,
suggesting that people are sensitive to source dependence as
long as it is made sufficiently clear and salient.
This is promising, but it is still worth considering how far
this sensitivity might extend. Arguably, the polling company
scenario is unusually clear: not only is the underlying question (“who will win the election?”) precisely framed, it is also
readily apparent what data would bear directly on this question (voting intentions) and how it should be assessed (tally
them). This is far more straightforward than the problem
faced by the reasoner evaluating the claim about future economic performance: the nature of the relevant evidence, the
means of assessment, and the appropriate yardstick of measurement are not completely clear, even to an expert. This
kind of uncertainty surrounding the evaluation of many everyday claims can mean that a potentially complex web of
data inter-dependencies remains hidden to the reasoner even
when the primary data sources are clearly identified. In those
situations, people may find it difficult (or simply not attempt)
to make strong inferences about the underlying independence
of the data based on the apparent independence of the sources.
An alternative possibility is that for sufficiently complex
issues, what people infer from a consensus is that the overall reasoning process was sound. For example, in the polling
scenario employed by Desai et al. (2022), the tweets made
it clear that the tweeter had actively considered the primary
source themselves, since they directly referenced the pollster.
It is possible that people were sensitive to the independence
of the pollsters because it was obvious that the tweeters’ conclusions were based on the polls. Had that been less salient or
more implicit, would people still have used that information?
Our work addresses two main questions. First, how much
does sensitivity to source dependence depend on the topic
or nature of the sources? Second, are people sensitive to
source dependence if the link between the conclusions and
the source is not obvious? We address these questions across
12 real-world topics using a realistic twitter paradigm. Over
three experiments, we consider two different kinds of source
independence (whether the tweeters are distinct individuals
or one person posting multiple times, as well as whether all
of the tweets reference the same primary information source
or use different ones) as well as the strength of the link between source and conclusion (whether the primary source is
retweeted without engagement or not).

Figure 1: Topics. In all experiments people rated what they thought
about a claim before seeing four tweets arguing for or against it.
People varied considerably in the strength and range of their priors
on the 12 topics (distributions range from 0 to 100 indicating how
much they agree with the claim).

Experiment 1
In this experiment we tested whether participants were more
persuaded by a consensus of four people who relied on the
same source, or a consensus of four people who relied on different sources. Given previous work suggesting that people
are sensitive to source dependence when the independence of
sources is clear (Desai et al., 2022), we predicted that they
would be more convinced by the independent consensus.

Method
Participants 111 participants were recruited from Amazon
Mechanical Turk and paid $3 for the 15-20 minute task.12
Ages ranged from 20 to 78 years old (M = 38) and 45% were
female. 88% reported being native English speakers, and all
passed a qualification assessing English proficiency.
Procedure After providing consent and passing a short quiz
regarding the instructions of the task, each participant saw 12
trials, all of which followed the same basic structure. Each
began with participants viewing a claim (e.g,“Narcissists are
more politically engaged”) after which they were asked to
rate the extent to which they agreed with that claim using a
slider from 0 to 100. As is evident from Figure 1, the range
and strength of prior beliefs endorsed by participants varied
considerably across topics.
After providing their prior beliefs, people then viewed four
tweets by four distinct twitter users who always formed a consensus, either all for (P RO) or all against (C ON) the claim. As
shown in Figure 2, each tweet consisted of the twitter users
themselves, the news source they retweeted, and the primary
1 All predictions, methods, and analysis were preregistered here:
https://aspredicted.org/me3fg.pdf.
2 This sample size was was sufficient to find similar consensus
effects in Ransom et al. (2021), from which our experimental structure, stimuli, and topics were adapted.
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Figure 3: Experiment 1 results. Difference in agreement with

Figure 2: Experiment 1 stimuli. Sample tweets from each condition. The two on the left are from the I NDEPENDENT condition, where each person retweeted a different source (here, arguing
against the claim). Those on the right are from the D EPENDENT
condition, where each person retweeted the same source (here, arguing for it). Each trial in the actual experiment showed four tweets
rather than two, and the sources, names, photos, text, dependence,
and pro/con direction was randomised for each person and topic.

data referred to by the news source. The four tweeters were
always distinct people with unique profile photos and names,
and each tweeter always accompanied the re-tweet with their
own opinion about the claim. Regardless of condition, all
four tweeters and all sources in a given trial gave essentially
the same reason in different words (e.g., those arguing P RO on
the narcissist question all pointed out that narcissists want attention, and those arguing C ON all pointed out that narcissists
don’t want to spend the time). Everything was completely
randomised across participants and topics.
After clicking on each tweet to confirm they had read it,
participants then indicated (using the 0-100 slider) how much
they agreed with the claim. The difference between their rating before and after represents their degree of belief revision
due to the tweets, and is the dependent variable of interest.
Design Our primary manipulation was whether each of
the four tweeters in any given trial cited the same primary
news source (D EPENDENT consensus) or all different sources
(I NDEPENDENT consensus). This was randomised withinparticipant, so each person saw six trials in each condition
in random order. In the I NDEPENDENT condition, both the
news source of the post that was retweeted and the data that
the source referred to were distinct for each of the four tweeters: Person A cited Source X, Person B cited Source Y, and so
forth. Thus, each was retweeting an independent source and
referring to independent primary data. In the D EPENDENT
condition, each of the four tweeters re-tweeted the same article by the same news source (hence the same primary data).

the claim as a function of number of primary sources (4 is I NDE PENDENT consensus, 1 is D EPENDENT consensus) and whether the
consensus was supporting (P RO) or opposing (C ON) the claim. Although people adjusted their beliefs in the direction of the consensus,
consistent with Ransom et al. (2021), there was no difference in the
magnitude of adjustment whether the consensus was independent or
not. Error bars denote standard error.

The news companies were real media companies chosen
via the website AllSides,3 which allows people to rate the bias
of different news companies. We chose news companies that
were mid-range in popularity and deemed “centrist” by the
raters. The companies were attached to the different primary
data at random for each participant and were always unique in
each trial. Like the tweeters, the news companies always had
a profile photo, full name, and username, which matched the
company’s actual twitter account where possible. The news
companies also had a “verified” tick to signal authenticity.
The primary data referenced by the news company consisted of either a university study or an expert’s testimony. In
the I NDEPENDENT consensus condition, there were always
three university studies and one expert’s testimony. The expert’s testimony was always dated before the university studies so that it would have been impossible for the expert testimony to have drawn from the university studies. The universities were a sample of real universities ranked between 100
and 200 by the QS World University Rankings 2021.

Results and Discussion
The purpose of this experiment was to see whether the independence of a consensus influenced how persuaded people
were by that consensus. To assess this, we compared how
much people’s ratings of 12 claims changed after viewing
four tweets pertaining to each respective claim, having varied whether or not the four tweets cited four distinct sources.
As Figure 3 shows, people did tend to change their score in
the direction of the consensus: when the consensus supported
the claim, they become more favourable to it, and vice-versa.
However, contrary to our prediction, there are no evident
differences in the magnitude of adjustment if the consensus
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3 https://www.allsides.com/unbiased-balanced-news

Table 1: Comparison of four models that predict people’s support
for a claim in Experiment 1. The model with Direction but not Independence is marginally preferred (lower LOOIC value), suggesting
that people did not reason differently when the consensus was I N DEPENDENT vs D EPENDENT , but that they did respond differently
to P RO vs C ON arguments.

Model
M1. Prior
M2. Prior + Direction
M3. Prior + Direction + Independence
M4. Prior + Direction × Independence

LOOIC
12082
11648
11649
11651

SE
67
84
83
83

was I NDEPENDENT instead of D EPENDENT: people were not
more persuaded by four independent sources of evidence than
four instances of the same source.
To quantitatively assess how the independence of the consensus influenced people’s ratings, we compared four nested
generalised linear models in which the outcome variable was
the rating after reading the four tweets. All included separate
error terms using a random intercept term for each participant and topic. M1 was a baseline whose only fixed term was
the prior; it thus represents the null hypothesis that ratings
were only influenced by their prior beliefs. M2 also incorporated a term indicating the direction of the consensus (P RO or
C ON); this model is favoured if participants were not sensitive to independence but did reason differently for P RO and
C ON tweets. M3 added consensus independence as a predictor, and thus reflects different reasoning in the I NDEPENDENT
and D EPENDENT consensus conditions, but no interaction between this and tweet direction (which M4 added). All models
were run using the brms package (v2.16.3) in R (v4.1.2).
To assess the relative performance of each model, we
compared leave-one-out cross-validation criterion (LOOIC),
which has several advantages over simpler information criteria such as AIC and DIC (Vehtari, Gelman, & Gabry, 2017).
As shown in Table 1, M2 was preferred (i.e., had the lowest
LOOIC), suggesting participants were sensitive to whether
the tweets were P RO or C ON, but were not sensitive to the
independence of the consensus. This conflicts with the findings of Desai et al. (2022), which suggested that people will
give more weight to an independent consensus if it is clear
that the sources are independent.
An obvious alternative explanation for why we obtained
a null result is that participants may not have been actually
reading the tweets. However, this is unlikely. First, participants would not have responded in the direction of the consensus (increasing support when they saw P RO tweets and
decreasing it when they saw C ON) had they not been reading
the tweets enough to understand their content. Second, we
found no relationship between reading speed and sensitivity
to consensus independence (r = −.06, p = .510). Finally, excluding participants who failed to adjust their beliefs in the
expected direction made no difference: there was still no significant difference between the I NDEPENDENT and D EPEN DENT conditions.

Figure 4: Experiment 2 and 3 stimuli. Sample tweets from Experiment 2 and 3. The two on the left are from Experiment 2, where
the same person made all the tweets on each trial. The two on the
right are from Experiment 3, where different people made the tweets
but (unlike Experiment 1) explicitly discussed the source and made
it clear that it had influenced their reasoning; moreover, the source
tweet was always the primary source rather than a news agent acting
as intermediary. In both of these examples the sources were I NDE PENDENT, but in the experiment this varied across trials.

Another possibility for why our results conflicted with
Desai et al. (2022) may stem from how the consensus was
presented in our experiment. A key difference between our
paradigm and theirs was that we had an extra source level
(the tweeters themselves) who were independent. It could be
that this surface layer of independence distracted from the independence of the primary data and news companies.

Experiment 2
We suspected that the separate tweeters in each trial of Experiment 1 were more salient than the primary sources, causing
them to be overlooked. To test this hypothesis, in Experiment
2 we held the tweeters constant, such that the same person
always tweeted the four news articles in any given trial.

Method
The methods for Experiment 2 were identical to the previous experiment except that on each trial the same twitter user
tweeted four times (Figure 4). As before, each trial had different users and we used a within-subject design in which the
tweeter referenced four distinct sources on I NDEPENDENT
trials and the same source four times on D EPENDENT ones.
109 participants were recruited from Amazon Mechanical
Turk and paid $3 for the 15-20 minute task. They were 20 to
71 years old (M = 38) and 44% were female. 88% were native English speakers, and all passed a qualification assessing
English proficiency. None participated in Experiment 1.
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Table 2: Comparison of four models that predict people’s support
for a claim in Experiment 2. The preferred model (M2) contains a
term for both direction of support (P RO /C ON) and and prior beliefs,
suggesting that people did reason differently depending on the direction of support, but not when the consensus in the four tweets was
I NDEPENDENT vs D EPENDENT.

Model
M1. Prior
M2. Prior + Direction
M3. Prior + Direction + Independence
M4. Prior + Direction × Independence

LOOIC
12024
11796
11799
11799

SE
67
75
75
76

Experiment 3
Figure 5: Experiment 2 results. Difference in agreement with the
claim as a function of number of primary sources (4 is I NDEPEN DENT , 1 is D EPENDENT ) and whether the consensus was supporting (P RO) or opposing (C ON) the claim. Although people adjusted
their beliefs in the direction of the consensus, there was no difference in the magnitude of adjustment by whether the consensus was
independent or not. Error bars denote standard error.

Results and Discussion
As is shown in Figure 5, the results in Experiment 2 were almost identical to Experiment 1.4 People adjusted their beliefs
in different direction depending on whether the consensus
was P RO or C ON, but there was no discernible difference between consensus independence conditions. We quantitatively
evaluated this result using the same procedure and models in
Experiment 1. As before, the model containing only the prior
and direction (M2) had the lowest LOOIC (Table 2). This indicates that there was no difference in performance as a function of the independence of the sources. It also suggests that
the null results from Experiment 1 cannot be due to the independence of the tweeters distracting people from noticing the
independence of the primary source.
How can we explain the lack of sensitivity to consensus
independence in both experiments? One possibility is that
it may not have been clear that the tweeters were actually
reasoning from the primary data. In Desai et al. (2022) the
twitter user directly referenced the primary data in the same
tweet, making it obvious that their inference occurred because of the source. In contrast, because our twitter users
only made a general statement on the topic, that may have
given the impression that they did not actually read the primary data and were simply passively sharing something they
saw online. Further, because we used a news company as
the intermediary between the tweeter and the primary data, it
might not have been clear to the participant that the tweeter’s
claims were based on the primary data itself (rather than independent news articles which might have been using the same
primary data). We address this possibility in Experiment 3.
4 Pre-registration:

This experiment was identical to Experiment 1 except that
the tweeters actively referenced the primary data, which was
sourced directly from the university or expert’s own twitter
account rather than through an intermediary news agent.

Method
The methods were identical to Experiment 1 apart from the
following changes to the stimuli (right panel of Figure 4).
Firstly, the primary data was reported directly from the twitter
account of the corresponding university or expert; this eliminated any ambiguity about whether the tweeters were reasoning directly from the independent primary source rather than a
news article that may not be truly independent. Secondly, we
rephrased the tweeters’ accompanying message so that they
were directly referring to the tweet, making it clear that their
reasoning had been based on the source and they were not
just passively sharing it. These messages were phrased to indicate that the tweeters had formed their opinion after seeing
the data (e.g., ‘Having read about this study from The University of Ohio, I now think...’).
105 participants were recruited from Amazon Mechanical
Turk and paid $3 for the 15-20 minute task.5 Ages ranged
from 20 to 70 years old (M = 37) and 56% were female. 78%
reported being native English speakers, and all passed a qualification assessing English proficiency. None of these people
participated in Experiments 1 or 2.

Results and Discussion
As Figure 6 shows, people in this experiment did appear to
be sensitive to the independence of the consensus. As before, people changed their beliefs to support the claim more
when they saw P RO tweets and to oppose it more when they
saw C ON tweets. Unexpectedly, however, the effect of independence was in a different direction for the P RO and C ON
tweets. When the consensus supported the claim (P RO), people changed their beliefs more when the tweets were independent; this makes sense because independent evidence is
normatively more persuasive. However, when the consensus
opposed the claim (C ON), people changed their beliefs more
when the tweets were not independent. This is a more surprising result which calls for further investigation.
5 Pre-registration:

https://aspredicted.org/re7cs.pdf
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https://aspredicted.org/ns5ks.pdf.

Table 3: Comparison of four models that predict people’s support
for a claim in Experiment 3. The preferred model (M3) contains
a term for both direction of support (P RO /C ON) and independence
condition but no interaction, suggesting that people did reason differently when the consensus in the four tweets was I NDEPENDENT
vs D EPENDENT, as well as depending on the direction of support.

Model
M1. Prior
M2. Prior + Direction
M3. Prior + Direction + Independence
M4. Prior + Direction × Independence

Figure 6: Experiment 3 results. Difference in agreement with
the claim as a function of number of primary sources (4 is I NDE PENDENT consensus, 1 is D EPENDENT consensus) and whether the
consensus was supporting (P RO) or opposing (C ON) the claim. Unlike the other experiments, people adjusted their beliefs differently
depending on whether the consensus was independent or not. Unexpectedly, the adjustment was in different directions depending on
whether the consensus supported the claim; people adjusted more
for an independent consensus for P RO arguments, but more for a dependent consensus for C ON arguments. That said, this interaction
was (marginally) not statistically supported.

The obvious question is whether this apparent interaction
is supported quantitatively by comparing the same four models as before. As Table 3 shows, the LOOIC values indicate
that the preferred model was M3 (with a term for direction
and independence, but without the interaction). That said, the
value is quite similar to M4 (which is identical but includes
the interaction), suggesting that we should be wary of drawing strong conclusions about the presence of the interaction.
Regardless, these results show that in Experiment 3 people
did reason differently when their information was based on
independent sources than when it was not. Taken together,
these three experiments support the conclusion that people
can take source independence into account when reasoning;
however, they only do so when it is obvious that the opinions
they hear were actually formed on the basis of the sources.

General Discussion
Our result here is consistent with previous work investigating
people’s sensitivity to source independence, but suggests that
the explanation may be different to what was initially thought.
For example, Desai et al. (2022) also found the strongest evidence for an effect of source independence when they created
a paradigm where it was obvious that members of the consensus were reasoning based on the primary source. However,
while they attributed their results to the necessity that the relationship between source independence and the consensus
be clear, our findings suggest that their results may have had
more to do with whether it was obvious that tweeters were
actually reasoning based on the sources. The same could be
said for the results of Yousif et al. (2019). It is plausible that a
student essay or article about the economy might selectively

LOOIC
11666
11255
11253
11254

SE
55
66
67
67

choose sources that support a view that the author had decided on for other reasons. Conversely, a journalist reporting
a bear sighting is more likely to actually have reasoned about
what happened based on the eye-witness accounts of the bear.
We posit that it is actually quite intelligent to only be persuaded by source independence when it is clear that the reasoning was truly based on that source. After all, source independence does not actually imply stronger evidence if the
sources didn’t truly influence the conclusions. Indeed, it is
often the case – particularly in social media contexts – that
people will share or endorse a source without having properly
read it, simply because it supports or confirms an opinion that
they already had. If people are aware of this reality, it makes
sense for them to default to disregarding the source unless its
relevance to the conclusion is made extremely clear.
It is important to note that even though we found an effect of source independence in one experiment, the effect was
small and went in different directions for P RO and C ON arguments (though the quantitative evidence for this difference
was uncertain at best). Future work is necessary to substantiate whether the opposite direction effect is robust.
Overall, our results provide a unified explanation for the
growing body of literature investigating how people reason
about source independence. Taken together with our results,
it appears that people tend to discount the independence of a
consensus under most conditions, but do show sensitivity to
it if the relationship between the source and the conclusions
is clear (Yousif et al., 2019; Desai et al., 2022). An important
next step is to integrate these findings into a formal theoretical
account for how people reason based off a consensus. Modelling attempts so far have shown that source independence
is an important cue that people should consider (e.g., Whalen
et al., 2018), but existing models generally do not incorporate the kinds of nuances that our work explored (like how
to determine whether a cited source really shaped someone’s
reasoning). Nor do they incorporate the kind of cognitive
and temporal limitations that people must deal with, where it
might make sense to take certain shortcuts even if they cause
errors in some situations. More work is therefore required in
order to develop a precise theoretic account of how people
use source independence as a reasoning cue in the real world.
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Abstract
Adults show numerical interference during discrete
proportional reasoning. Although children’s similar errors are
attributed to incorrect counting strategies, it is unlikely that
adults use a counting strategy. We investigate two behavioral
phenomena of proportional reasoning, numerical interference
errors and holistic ratio-dependent responding, and use a
Bayesian model-based approach to test whether these
behavioral patterns can be explained by adults’ differential use
of numerator comparison versus proportion comparison
strategies. We find evidence of numerator interference and
holistic ratio dependent responding for both discrete (i.e.,
individual dots) and continuous (i.e., undivided pie charts)
proportions, but numerical interference is stronger for discrete
stimuli. Importantly, adults’ continuous proportion
comparisons were best captured by a proportion strategy,
whereas discrete proportion comparisons showed a mixed
pattern, with a slight preference for a numerator strategy. These
findings provide insight into the mechanisms underlying
proportional reasoning and provide a novel model-based
approach for investigating strategy use.
Keywords: Proportion; Bayesian Mixture Model; Numerical
Interference; Whole Number Bias

Introduction
Reasoning about proportional information is ubiquitous in
everyday life, including medicine (e.g., drug dosages),
finance (e.g., interest rates), cooking (e.g., scaling
ingredients), and many other life decisions (e.g., teacherstudent ratio in preschools). Moreover, modern theories of
cognitive development rely on infants’ abilities to make
probabilistic inferences based on proportional information as
a central learning mechanism (e.g., Denison & Xu, 2012). For
example, infants can make probabilistic inferences between
samples and populations (e.g., Denison et al., 2013; Denison
& Xu, 2010; Xu & Denison, 2009; Xu & Garcia, 2008) and
appreciate the role of random sampling in probabilistic
inference (e.g., Kushnir et al., 2010; Xu & Garcia, 2008).
Despite the ubiquity of proportional information and
infants’ ability to readily use it (although see Placì et al.,
2020; Téglás et al., 2015), other research finds that toddlers,
older children, and adults often show difficulty with
probabilistic and proportional information (e.g., Boyer et al.,
2008; Bryant & Nunes, 2012; Fazio et al., 2016; Girotto et
al., 2016; Hurst et al., 2021; Schneider & Siegler, 2010;
Tversky & Kahneman, 1974). One contributing factor to

people’s difficulty with proportion is often referred to as the
whole number bias (e.g., Ni & Zhou, 2005).
The whole number bias is generally defined as a tendency
to treat a fraction or proportion as two separate whole
numbers, rather than considering the holistic value. This
results in systematic errors, such as thinking that 2/3 is less
than 4/9 because 2 is less than 4, calculating that 1/4 + 2/3 =
3/7 by adding the numerators and denominators separately,
or placing 4/6 higher on the number line than 2/3 (Bonato et
al., 2007; Braithwaite & Siegler, 2018; Ni & Zhou, 2005;
Schneider & Siegler, 2010). Although much of the research
on the whole number bias has focused on symbolic fractions
and how to improve fraction instruction, a similar over
attention to numerical components is evident in children’s
and adults’ processing of non-symbolic proportion. For
example, when asked to compare or match non-symbolic
visual proportions presented as sets of dots or divided shapes,
the numerical magnitude of the “numerator” (i.e., the referent
or most salient subset) interferes with people’s processing of
the holistic proportion (e.g., Boyer et al., 2008; Fabbri et al.,
2012; Hurst et al., 2021; Hurst & Cordes, 2018). This
interference from the discrete components in non-symbolic
proportional reasoning is often referred to as “numerical
interference”. Throughout, we will contrast numerical
interference with processing of the holistic proportion (i.e.,
the proportion magnitude value without interference from the
components that make up the proportion).
With children, this numerical interference is often
attributed to an over reliance on a counting strategy that is
available only when the underlying amounts the proportion is
based on are countable. When 6-year-old children were asked
to match proportions depicted as a mixture of juice and water,
they incorrectly matched on the number of juice units when
the visual proportions (i.e., the sample target and the response
options) were presented with discrete countable units (Boyer
et al., 2008). However, when all visual proportions were
presented without countable units (i.e., continuously) or
when only one had countable units, children more often
matched on proportion instead, presumably because a countand-match strategy was no longer available (Boyer et al.,
2008). As further evidence that numerical interference errors
are caused by strategy selection, they are easily mitigated
within a single session. Specifically, when children’s
attention is directed toward the holistic proportion (e.g.,
through practice with continuous proportional amounts or by
using proportion category labels) immediately before making
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judgements of discrete proportion, they less often show
whole number interference (e.g., Boyer & Levine, 2015;
Hurst & Cordes, 2019).
Importantly, adults, like children, also show some evidence
of numerical interference in non-symbolic proportional
reasoning. Specifically, when asked to compare two
proportions or match a target proportion with one of two
options, the absolute numerical features of the displays
interfered, resulting in worse performance when a numerical
response option was in competition with the proportional
response (Fabbri et al., 2012; Hurst et al., 2021). However,
given that adults are unlikely to use a strict counting strategy,
the mechanism of this numerical interference in adults is
unclear. Furthermore, if the interference is not due to
counting then it may also arise for judgements of continuous
proportion. In other words, the relevant and salient subset
might interfere with adults’ proportional reasoning,
regardless of whether the information is numerical. If this is
the case, then we would expect absolute interference from
continuous area as well as discrete number. If it is caused
specifically by numerical interference, however, then adults
should be adept at reasoning proportionally with continuous
amounts regardless of the relative size of the subsets.
In either case, adults’ numerical interference during
proportional reasoning is unlikely to be explained by a countand-compare strategy and may instead be an estimate-andcompare strategy. For example, when judging which of two
gumball machines are most likely to result in a red gumball,
adults might estimate the number of red gumballs in each
machine and compare those magnitudes, without considering
the number of other gumballs available. Similarly, when
comparing proportion based on continuous amounts (e.g.,
area), the salient magnitude can be approximately compared
without considering the other components. If people are using
this strategy, then their performance should depend on the
absolute magnitudes of the numerator component and how
difficult they are to estimate and compare.
Substantial research has investigated people’s ability to
compare absolute magnitudes and typically find that
performance is dependent on Weber’s law and shows ratio
dependent discrimination, meaning that two magnitudes are
easier to compare as the ratio between them increases (e.g.,
Dehaene, 1992). To account for these behavioral findings,
our mental representation of numerical magnitudes, referred
to as the Approximate Number System (ANS), is typically
modeled as a Gaussian distribution centered at the numerical
value and with some noise making the representation
approximate (e.g., Cantlon et al., 2009; Dehaene, 1992, 2011;
Halberda & Feigenson, 2008). The exact nature of the ANS
is debated, but one common theory posits that our numerical
representations are represented with linearly increasing noise
as a function of the numerical value (e.g., Gallistel &
Gelman, 1992; Meck & Church, 1983; although see Dehaene
(2003) for an alternative account). This proposal has
motivated substantial research generating psychophysical
models of numerical comparison, which we will use as a
model of numerator comparison.

As with discrete number, comparing continuous extent
(i.e., area) also aligns with Weber’s law and shows ratio
dependent discrimination (e.g., Brannon et al., 2006; Odic et
al., 2013). Given these similarities, some have proposed that
number and area, as well as other magnitudes, are represented
within a common magnitude system (e.g., Walsh, 2003).
Although this is strongly debated, with many arguing that
discrete number is unique and distinct from continuous
magnitude (e.g., Cordes & Brannon, 2008; Odic, 2018), we
model area-based numerator discrimination using the same
psychophysical model as for discrete magnitudes.
Finally, despite the interference from absolute components
during proportional reasoning, children and adults do show
evidence of being able to attend to the holistic magnitudes of
proportional information. Similarly to the behavior described
for absolute magnitude comparisons, people’s performance
comparing proportions tends to improve as the proportions
being compared get further apart (e.g., Kalra et al., 2020; Park
et al., 2020).

The Current Study
In the current study, we have two primary research goals.
First, we aim to replicate and extend the prior work
describing behavioral patterns in proportional reasoning by
investigating whether numerical interference and ratio
dependent responding (i.e., increasing difficulty with
increasing ratio) are evident in adults’ proportional reasoning
and whether they are features of proportional reasoning in
general or are dependent on the underlying quantities the
proportion is based upon (i.e., discrete number versus
continuous area). Second, and most importantly, we develop
a model-based tool for quantifying and comparing people’s
reliance on specified strategies during proportional
reasoning. This approach allows us to investigate processbased strategies in a novel way that is theoretically motivated
by the often-reported behavioral patterns found in children’s
and adults’ proportional reasoning. Here, we compare three
strategies: a holistic proportion comparison strategy, a
comparison of the numerators, and random guessing.

Method
Participants
One hundred and nine adults (Mage = 26 years, Range: 18 to
63 years; 76 women, 33 men) are included in the analyses.
Adults were recruited from participant databases that
included university students and community members and
participated entirely online. Adults received course credit or
$5. An additional 8 complete datapoints were excluded
because they were repeat participants. Prior to completing
this task, participants completed a separate experiment
investigating their use of quantitative information when
making social evaluations of others (Hurst et al., 2020) and
the sample size was chosen to provide adequate power for
this other study.
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Stimuli

Analytical Approach

Adults completed 80 trials across two blocks, presented
randomly within a block. Each block contained 40 unique
trials, 10 from each of four ratio bins to ensure variability in
closeness between the two proportions (larger proportion of
red/smaller proportion of red): 1.06, 1.25, 1.5, and 2 (ratio
values were chosen based on prior work with absolute
quantities; e.g., Odic, 2018). The blocks differed in the
format of the stimuli: discrete proportion or continuous
proportion (see Figure 1).

As our primary approach, we analyzed the experimental data
using a Bayesian model over strategies which inferred the
probability that each strategy was used in each condition.
This approach uses mixture modeling to estimate the
parameters within each model and the probabilities given to
each strategy. For each observation, the model computes the
predicted accuracy based on each of the three defined
strategies: numerator comparison, holistic proportion
comparison, and guessing. These predictions are weighted
and mixed together to form an aggregate prediction. We infer
the mixture weights using a No-U-Turn sampler (Hoﬀman &
Gelman, 2014) and these are the primary measures we report.
The weights can be viewed as quantifying the amount of
support for each process. For example, if the model assigned
weights of .60 to the numerator comparison strategy, .30 to
the proportion comparison strategy, and .10 to the guessing
strategy, this would suggest that the numerator comparison
strategy is twice as likely as the proportion comparison
strategy. The weights for each model were defined using a
softmax function, with a normal(0,3) prior on the parameters.
Models were computed using rstan version 2.21.1 (Stan
Development Team, 2020) with four chains each with 10000
iterations. Convergence was determined using Rhat, which
were equal to 1 for all parameters. The model weights were
estimated separately for the discrete and continuous stimuli.
Mean estimates and the 50% equal tailed interval around the
mean (i.e., 25% to 75% quantiles) were computed using the
posterior samples as measures of central tendency and range.
We next describe how we defined each of the three
processes used to determine strategy use. Both the numerator
comparison strategy and the proportion comparison strategy
rely on the same basic process, which is based on an
approximate magnitude system using Weber noise, but differ
in the magnitudes being compared and how they relate to
accuracy.

Figure 1: Example trial from the discrete trials (left) and the
continuous trials (right).
Discrete stimuli were presented as red and blue dots
intermixed within a dispenser. The number of dots of a single
color ranged from 6 to 41 and the total number of dots ranged
from 14 to 50. The sizes of the dots within a stimulus varied
so that the red:blue ratio in terms of surface area did not
correspond to the red:blue ratio in terms of number. Fraction
comparisons were selected so that the stimulus with the
higher number of red items also had the higher proportion of
red items on half the trials.
Continuous stimuli were presented as circular spinners
with a red portion and a blue portion, and a black arrow
extending upward from the center of the circle along a redblue boundary. The same fractions used in the discrete trials
were used in the continuous trials. On each trial, the sizes of
the two spinners differed so that the stimulus with the higher
red area also had the higher proportion of red on half the
trials.

Procedure
Adults completed both the discrete and continuous blocks
and were randomly assigned to complete the discrete block
first (n = 54) or the continuous block first (n = 55). The
procedure within each block was identical and all that
differed was the format of the stimuli. Written instructions
were provided on the screen prior to each block. The
instructions introduced participants to the color machines
(dispensers in the discrete block and spinners in the
continuous block) and instructed participants to select the
color machine that had a higher probability of resulting in red.
Participants responded by pressing the right or left arrow key
for the right or left stimulus, respectively, and were told to
respond as quickly as possible. Stimuli remained visible until
a response was selected. We did not restrict the type of device
participants used to participate in the study.

Numerator Comparison Strategy The numerator
comparison strategy assumes people compare only the
numerators (i.e., amount of red) and select the option with
more red, ignoring the amount of blue or the total amount. On
trials where the correct response has both the higher
proportion and the higher numerator, this strategy will predict
selection of the correct response. However, on trials where
the correct response has a smaller numerator but the higher
proportion, this strategy will predict the incorrect response.
Thus, this strategy can be modeled as a simple comparison of
the number of red dots (discrete stimuli) or the area of red
(continuous stimuli), dependent on weber’s law. The
psychophysics of these judgements has been well studied
(e.g., Halberda & Feigenson, 2008; Piantadosi, 2016) and is
often formalized as in Equation 1, where  is a cumulative
normal distribution function, n1 and n2 are the numerator
magnitudes being compared, and wn is the weber ratio,
determining the precision with which the numerator values
are discriminated.
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summary of adults’ performance using traditional approaches
to investigating numerical interference and ratio dependent
responding to motivate the novel model-based approach.

(Eq 1)

The numerators being compared (n1 and n2) are set by the
experiment design for each trial. The weber ratio, wn, is
estimated based on participants’ accuracy, with an
exponential prior, exp(1). Accuracy on each trial was
predicted based on the probability of selecting the larger
numerator (as in Equation 1) for trials where the larger
proportion had the larger numerator and 1 – the probability
of selecting the larger numerator on trials where the larger
proportion had the smaller numerator.
Proportion Comparison Strategy The ratio comparison
strategy assumes participants compare the holistic
proportions, integrating information about the amount of red
and the amount of blue. In line with this strategy, both adults’
and children’s performance comparing symbolic fractions,
decimals, and non-symbolic proportion is dependent on the
closeness of the two proportion magnitudes (e.g., DeWolf et
al., 2014; Hurst & Cordes, 2016; Kalra et al., 2020; Park et
al., 2020). We modeled this strategy as an approximate
Weber-based comparison on the proportions, using the same
approach as in the numerator comparisons, where  is a
cumulative normal distribution function, r1 and r2 are the
proportion magnitudes being compared, and wp is the weber
ratio, determining the precision with which the proportion
values are discriminated (see Equation 2)

𝑤𝑝 √𝑟12 + 𝑟22

]

Table 1: Mean (standard deviation) proportion correct

(Eq 2)

The proportions being compared (r1 and r2) are set by the
experiment design for each trial. The weber ratio, wp, is
estimated based on participants’ accuracy, with an
exponential prior, exp(1). Here, unlike the numerator
comparison, this model predicts the probability of selecting
the larger proportion for all trials.
Guessing As a final model, we also included guessing, which
is simply a 50% chance of responding correctly on each trial.

Openness and Transparency
All materials, data, and analysis code are available on the
Open Science Framework (OSF; https://osf.io/bescn/). The
sample size, basic design, and an analysis plan was
preregistered at AsPredicted.org (#41509). The current paper
deviates from the pre-registration in two ways. First, we preregistered a sample of 108, but due to issues with
randomization and drop out we ended up with one extra
participant. Second, the preregistered analyses focused on a
traditional frequentist approach to comparing performance
across different trial types. However, as described in the
Analytical Approach section, the focus of the current paper is
to take a model-based approach to data analysis, which was
not included in the preregistration. We include only a brief

Continuous
Trials

Discrete
Trials

.82 (.14)

62 (.13)

.90 (14)

.78 (.17)

Numerator
Inconsistent

.74 (.17)

.47 (.22)

Ratio 1.06

.71 (.17)

.53 (.14)

Ratio 1.25

.77 (.15)

.62 (.17)

Ratio 1.5

.88 (.18)

.60 (.21)

Ratio 2.0

.91 (.15)

.73 (.19)

Overall
Performance
Numerator
Consistent

Ratio
Dependence

𝑃(𝑐𝑜𝑟𝑟𝑒𝑐𝑡) = Φ [

|𝑟1 − 𝑟2 |

Results
The two competing processes we investigate here are
motivated by two behavioral patterns found in prior work: (a)
dependence on the congruency between absolute numerator
information and the proportional information and (b)
dependence on the ratio of the proportions being compared.
However, how these behaviors differ across proportional
reasoning with continuous and discrete quantities is an open
question. Thus, we first test whether these behavioral patterns
are evident in the current data and extend this prior work to
investigate whether they differ for proportional reasoning
based on discrete versus continuous quantities in adults (see
Table 1 for means and standard deviations).

Numerator
Interferenc
e

|𝑛1 − 𝑛2 |
𝑃(𝑙𝑎𝑟𝑔𝑒𝑟 𝑛𝑢𝑚𝑒𝑟𝑎𝑡𝑜𝑟) = Φ [
]
𝑤𝑛 √𝑛12 + 𝑛22

Numerical Interference
Numerical interference is typically demonstrated by
comparing performance on trials where the numerator is
consistent with the proportion (i.e., the larger proportion also
has the larger numerator) to trials where the numerator is
inconsistent with the proportion (i.e., the larger proportion
has the smaller numerator). We do see evidence of numerical
interference from the numerator component on both
continuous, t(216) = 7.23, p < .001, d = 0.95, and discrete
trials, t(216) = 11.62, p < .001, d = 1.07. However, there is a
significant interaction between stimulus type and numerator
consistency, F(1, 108) = 24.48, p < .001, partial 2= 0.19,
revealing larger numerical interference for discrete trials than
continuous trials (see Figure 2).
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Figure 2: Proportion correct on continuous and discrete trials
as a function of the consistency between the numerator
magnitude and the proportion magnitude.

Figure 4: Mean mixture weights and 50% equal tailed
intervals for each of the three strategy models when judging
discrete and continuous stimuli.

Ratio Dependence

With continuous stimuli, the model weights favored the
proportion comparison model, .74 (.72, .75), over the
numerator comparison model, .12 (.11, .13), or guessing, .14
(.13, .15). In contrast, with discrete stimuli the two
comparison strategies were similarly weighted, with only a
slight preference for the numerator comparison model, .50
(.46, .52), over the proportion comparison model, .45 (.41,
.51), and with the guessing model again the least preferred,
.05 (.01, .08).
Both the numerator comparison model and the proportion
comparison model included one parameter, the weber ratio w,
determining the precision with which the values are
discriminated. For the numerator comparison model, the
mean parameter estimates were w = 0.28 for discrete stimuli
and w = 0.18 for continuous stimuli. For the proportion
comparison model, the mean parameter estimates were w =
0.49 for discrete stimuli and w = 0.09 for continuous stimuli.

Linear mixed effects models, with fixed effects of ratio
category, stimulus format, and the interaction, as well as a
random intercept for participants (Gelman & Hill, 2007),
reveal significant effects of ratio category for both
continuous, B = 0.21, p < .001, and discrete trials, B = 0.19,
p < .001, but counter to our hypothesis, the interaction was
not significant, B = 0.03, p = .34 (Figure 3).

Discussion

Figure 3: Proportion correct on continuous and discrete trials
as a function of the ratio category between proportions being
compared (ratio = larger proportion/smaller proportion,
grouped into four categories as described in the Method).

Bayesian Strategy Discovery
Thus, adults’ behavior shows evidence of numerical
interference and ratio dependent responding for both discrete
and continuous proportional reasoning, but with larger
numerical interference for discrete proportional reasoning.
Here we use a novel Bayesian model-based approach (as
described in the Analytical Approach section) to compare
two competing processes that may give rise to these different
patterns of behavior. We report the mean mixture weights and
corresponding 50% equal tailed interval for each of three
possible strategy models with both formats (Figure 4).

In the current study, adult participants judged which of two
probability machines, which varied in the proportional
distribution of the two possible outcomes, would be more
likely to result in a specific outcome. Overall, adults were
able to accurately compare the proportions, but also showed
evidence of numerical interference, with lower performance
when the numerator was inconsistent with the correct
response versus when it was consistent, and ratio dependent
responding, with higher accuracy as the ratio between
proportions increased. Moreover, although the ratio effects
did not significantly differ for discrete and continuous trials,
there was significantly larger numerical interference for
discrete stimuli than for continuous stimuli. This behavioral
pattern replicates substantial prior research with children and
adults showing numerical interference in discrete contexts
(e.g., Boyer et al., 2008; Hurst et al., 2021; Hurst & Cordes,
2018). However, it also reveals a more general phenomenon
of interference from absolute information based on
continuous area, suggesting that adults’ numerical

2778

interference is not caused by a strict use of counting
strategies.
Instead, we tested whether adults’ behavior is captured by
a strategy that approximates and compares the numerator
magnitudes, relative to a strategy that approximates and
compares the proportions. Consistent with our hypothesis, we
find that adults are more likely to use an approximate
proportion strategy when judging continuous proportion, but
do not show a strong preference for either strategy when
judging discrete proportion (although, there was a slight
preference for an approximate numerator comparison
strategy). Thus, one possible explanation for increased
numerical interference in discrete proportional judgements is
because people switch to a strategy that relies on comparing
the numerators directly, rather than the holistic proportions.
However, it is unlikely that adults are entirely switching
strategies for discrete proportional reasoning, compared to
continuous proportional reasoning. Instead, the ratio
dependent responding and similar model weights for the two
strategies on discrete proportional reasoning suggests that
people are attending to the holistic proportion, at least some
of the time. Further, the numerical interference and low (but
non-zero) model weights on the numerator comparison
strategy for continuous proportional reasoning suggests that
people may be attending to the numerator, beyond the holistic
proportion, at least some of the time.
Moreover, it is worth noting that the estimated weber ratio
on the numerators was much higher than is typically found
for adults, both for numerical comparisons in the discrete
stimuli and area-based comparisons in the continuous stimuli.
Adults’ typical weber ratios, representing the precision of the
magnitudes representations, are 0.1 for both number and area
(e.g., Odic et al., 2013). Here, however, we estimated a weber
ratio of 0.28 for the discrete comparisons and 0.18 for the
continuous comparisons, which correspond to the weber
ratios typically found in 5-year-olds, rather than adults (e.g.,
Halberda & Feigenson, 2008; Odic et al., 2013). Thus, it may
be that an exclusively ANS-based numerator comparison
does not fully capture the kind of comparison that adults are
doing. Instead, for example, their estimates of the numerator
value might be less accurate than the equivalent magnitudes
outside of a proportional reasoning context or they might be
dynamically changing their strategy based on features of the
comparison (e.g., DeWolf & Vosniadou, 2015; Jeong et al.,
2007). For example, when the proportion magnitudes are
sufficiently difficult to compare, adults may revert to an
incorrect heuristic of using the numerator, even for
continuous proportions.
Another possibility is that people attend to both the holistic
proportion and the numerical components simultaneously,
but over-weight the numerator information in a way that
biases people’s proportional reasoning (Alonso-Díaz et al.,
2018). However, our model of approximate proportion
comparison did not capture noise or bias caused by the
estimation of individual components and instead treated
proportion holistically. There may be other models that better
incorporate perceptual biases and noise in proportion

representation. For example, behavioral judgements of
proportion typically result in overestimation of proportions
less than 0.5 and underestimation for values greater than 0.5,
resulting in an s-shaped curve (e.g,. Hollands & Dyre, 2000;
Spence, 1990; Varey et al., 1990). Thus, proportional
reasoning might be better represented by a model that
incorporates this kind of non-linear representation (e.g.,
Zhang & Maloney, 2012). For example, one possibility is that
each of the individual components (i.e., the numerator and its
complement) are represented as a Gaussian activation,
centered on the magnitude value and with some noise for that
component. When these components are then integrated, they
result in the behavioral patterns seen in proportion
judgements (Gouet et al., 2021).
Importantly, the approach used here is easily scalable and
future work could use the same model-based approach to
compare any hypothesized strategy, including different
models for correctly processing proportional information and
incorrect models of heuristic or error-prone processes,
providing a flexible approach for incorporating and testing
these, and other, hypotheses. In addition to different
strategies, this approach can also compare across different
proportional formats or different task instructions. For
example, in the continuous spinner representations used here
adults could rely exclusively on the angle of the red segment,
a strategy that we did not include in our strategy discovery
model and a property that does not generalize to other
continuous representations (e.g., rectangles or blobs).
Additionally, the discrete dots used here varied in size.
However, this may have introduced other strategies, such as
overweighting the larger dots. Finally, directing people to
attend to ratio, proportion, or percentages may change the
kind of strategy they use (e.g., Varey et al., 1990). Future
work can vary these properties of proportional formats and
task instructions to better understand the variability in
people’s use strategy use.
An important next question is how people’s use of these
different strategies change across contexts and over the
course of development and schooling. Although prior work
has investigated age related changes in numerical
interference, this work is typically limited to conclusions at a
group level as to whether an age group shows numerical
interference, or not (e.g., Boyer et al., 2008; Hurst & Cordes,
2018). The current model-based approach however provides
a way to quantify the use of each hypothesized strategy,
allowing for more direct comparisons across development
that can capture continuous change. For example, we may be
able to capture when children begin to rely on different
strategies and whether children show an abrupt change in
strategy use or whether they gradually incorporate different
strategies into their reasoning.
In conclusion, these findings provide important insight into
the mechanisms underlying absolute interference in
proportional reasoning and provide a novel Bayesian modelbased approach for quantifying strategy use in a way that is
easily scalable to additional strategies and comparisons
across contexts and development.
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Abstract
The impressive recent performance of large language models
such as GPT-3 has led many to wonder to what extent they can
serve as models of general intelligence or are similar to human cognition. We address this issue by applying GPT-3 to a
classic problem in human inductive reasoning known as property induction. Our results suggest that while GPT-3 can qualitatively mimic human performance for some inductive phenomena (especially those that depend primarily on similarity
relationships), it reasons in a qualitatively distinct way on phenomena that require more theoretical understanding. We propose that this emerges due to the reasoning abilities of GPT-3
rather than its underlying representations, and suggest that increasing its scale is unlikely to change this pattern. Keywords:
reasoning; property induction; neural networks; GPT-3; AI

Introduction
In recent years, transformer-based language models (TLMs)
have attracted interest for their impressive performance on
a wide range of language tasks including translation, summarisation and question answering. Language models such
as GPT-3 (Brown et al., 2020) and Gopher (Rae et al., 2021)
are so adept at engaging in apparently natural conversations
on a broad range of topics that it is tempting to conclude that
they show some degree of general intelligence, and thus that
they are potentially useful as models of human cognition.
This possibility has given rise to an active research area
aiming to probe the scope and limitations of the current generation of TLMs, as well as to anticipate the abilities of future
generations that are even more powerful. Many families of
tasks are used in this literature, including some that specifically target linguistic abilities (Hu, Gauthier, Qian, Wilcox, &
Levy, 2020) and others that target commonsense knowledge
and logical reasoning (Rae et al., 2021). Here we propose
that the set of existing tasks can be usefully supplemented by
drawing on the extensive psychological literature on inductive reasoning. To support this general claim we explore the
extent to which one prominent TLM (GPT-3) is able to account for core phenomena in human property induction.
Inductive reasoning is one of the most central cognitive
tasks people face. It involves arriving at plausible conclusions in the face of uncertainty, and is typically involved when
dealing with sparse or noisy data. In a property induction
task (Rips, 1975), people are given premises that indicate that
a property is shared by one or more categories (e.g. MICE and
SQUIRRELS have sesamoid bones) and must assess whether
the property is shared by a different category (do POSSUMS
have sesamoid bones?). The task is simple and has been
used to study the reasoning of children (Carey, 1985) and
adults from a broad range of cultural backgrounds (López,

Atran, Coley, Medin, & Smith, 1997). Despite this apparent simplicity, the task yields a rich range of phenomena that
draw on many kinds of knowledge (for a review, see Hayes
and Heit, 2018). This knowledge includes not just similarity (Osherson, Smith, Wilkie, Lopez, & Shafir, 1990), but also
causal relationships (Medin, Coley, Storms, & Hayes, 2003)
and assumptions about the process by which the premises
were generated (Ransom, Perfors, & Navarro, 2016).
The range of inductive phenomena – from simple
similarity-based effects to theory-based effects that draw on
richer kinds of knowledge – corresponds to a sequence of increasingly difficult challenges for TLMs and other computational approaches (Sloman, 1993; Rogers & McClelland,
2004; Kemp & Tenenbaum, 2009). As such, property induction tasks could potentially lead to benchmarks that help to
drive continued progress in computer science and AI. Indeed,
some of the benchmarks currently used to evaluate TLMs focus on inductive problems (Sap, Rashkin, Chen, LeBras, &
Choi, 2019). However, as far as we know, property induction
has not been considered at all when evaluating TLMs.
For psychologists, property induction is relevant to a
literature that assesses TLMs and predecessors such as
LSA (Landauer & Dumais, 1997) as computational accounts
of the acquisition, use, and representation of semantic knowledge. Recent work has evaluated the extent to which TLMs
account for human similarity ratings, typicality ratings, and
response times (Bhatia & Richie, 2021; Lake & Murphy,
2021), but there has been relatively little work on inductive
reasoning. A notable exception is the work of Misra, Ettinger,
and Taylor Rayz (2021), who focus on typicality and include
property induction as one of the tasks that they consider. Typicality is among the phenomena considered here, but we investigate many others as well.
The next section introduces the inductive phenomena that
we analyse, along with a theoretical account of these phenomena known as the Similarity Coverage Model (SCM). We then
compare the inferences of GPT-3 with humans on these phenomena (Osherson et al., 1990). We find that GPT-3 accounts
for some aspects of human inductive reasoning, but overall
the match between GPT-3 and humans is relatively poor. Our
results suggest that the primary shortcomings of GPT-3 lie
in the inferential processes it carries out over its representations rather than the representations themselves. Our final
analysis suggests that simply increasing the scale of GPT-3 is
unlikely to allow it to attain human-level inductive abilities,
and we conclude by discussing implications and identifying
directions for future work.
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Table 1: Eleven property induction phenomena introduced by Osherson et al. (1990) and investigated in this paper. The second
column is based on the levels occupied by premises and conclusion in a category hierarchy. For specific arguments, premises
and conclusion lie at the same level, but for general arguments the conclusion lies at a higher level than the premises.
Phenomenon

Type

Stronger argument

Weaker argument

Premise-Conclusion Similarity
Premise Typicality
Conclusion Specificity
Premise Monotonicity
Premise Monotonicity
Premise Diversity
Premise Diversity
Non-Monotonicity
Non-Monotonicity
Premise-Conclusion Asymmetry
Inclusion Fallacy

Specific
General
General
General
Specific
General
Specific
General
Specific
Specific
Both

{ROBIN, BLUEJAY} → SPARROW
ROBIN → BIRD
{BLUEJAY, FALCON} → BIRD
{SPARROW, EAGLE, HAWK} → BIRD
{PIG, WOLF, FOX} → GORILLA
{HIPPO, HAMSTER} → MAMMAL
{LION, GIRAFFE} → RABBIT
{CROW, PEACOCK} → BIRD
FLY → BEE
MICE → BAT
ROBIN → BIRD

{ROBIN, BLUEJAY} → GOOSE
PENGUIN → BIRD
{BLUEJAY, FALCON} → ANIMAL
{SPARROW, EAGLE} → BIRD
{PIG, WOLF} → GORILLA
{HIPPO, RHINO} → MAMMAL
{LION, TIGER} → RABBIT
{CROW, PEACOCK, RABBIT} → BIRD
{FLY, ORANGUTAN} → BEE
BAT → MICE
ROBIN → OSTRICH

Inductive Phenomena
We follow a long tradition of studies that examine inductive
reasoning by focusing on property induction with semantically “blank” or unfamiliar properties. In a typical property
induction task, participants are asked to rate the strength of
inductive arguments like “ROBINS have property P, therefore
BIRDS have property P.” We will use the notation ROBIN →
BIRD to indicate that an argument involves generalizing a
property from ROBIN to BIRDS in general.
Although this task may seem simple, it gives rise to numerous phenomena that are indicative of the ways in which humans reason inductively. Osherson et al. (1990) present thirteen such phenomena, and eleven of the thirteen are shown
in Table 1. All eleven are illustrated by comparing a stronger
argument with a weaker argument, and the two phenomena
not included in the table are omitted because they are not formulated in terms of a similar comparison.
Some of the phenomena directly capture effects of similarity or typicality. For instance, Premise-Conclusion Similarity reflects the finding that people are more likely to generalise a property from one concept to another when the concepts are more similar. Premise Typicality is the finding that
arguments are stronger if the premises are more typical of the
conclusions. A slightly less reliable phenomenon, PremiseConclusion Asymmetry, reflects the fact that an argument
that generalises from a typical category member to a less typical one (e.g. MICE → BATS) is often rated as stronger than
the reverse argument (e.g. BATS → MICE) because atypical
categories are more likely to have atypical properties.
Other phenomena relate to the hierarchical organization of
categories. Conclusion Specificity reflects the intuition that
greater inductive leaps are required to support broader generalisations; arguments are thus stronger if the conclusion category is more specific. The Inclusion Fallacy relates to the
observation that a general argument from a category to its enclosing class (e.g. ROBIN → BIRD) can appear stronger than
a more specific argument (e.g. ROBIN → OSTRICH) that is
nonetheless logically entailed by the first. The inclusion fal-

lacy appears in Table 1 for completeness, but because it is
normally viewed as a fallacy it may not necessarily be appropriate as a target for AI models like GPT-3.
There are also phenomena which appear to reflect more
sophisticated or theory-based reasoning about underlying
mechanisms. Premise Diversity refers to the fact that arguments are more compelling if their premises are less similar to one another. This captures the general intuition, based
on an understanding of statistical sampling, that diverse evidence is more compelling than narrow evidence. A similar
mechanism may underlie systematic violations of Premise
Monotonicity, which is the phenomenon that additional positive premises increase the strength of an argument. Premise
Monotonicity often holds if all premises are drawn from the
same superordinate category, but adding premises from a
different superordinate category can lead to Premise NonMonotonicity. For example, the inclusion of ORANGUTAN
in the argument {FLY, ORANGUTAN} → BEE means that
the context of the argument (the smallest category which includes the premise and inclusion categories) changes from
INSECT to ANIMAL. This suggests that the property in question is not insect-specific, and thus reduces the chance that
bees share it. These systematic violations of premise monotonicity and premise diversity have been shown to be influenced by the reasoner’s theoretical assumptions about how
the premises were generated (Ransom et al., 2016; Hayes,
Navarro, Stephens, Ransom, & Dilevski, 2019).

Similarity-Coverage Model
In addition to characterizing the inductive phenomena just described, Osherson et al. (1990) presented a theory known as
the Similarity Coverage Model (SCM) that is able to account
for all of these phenomena. We introduce the SCM here because it will be used as part of our evaluation of GPT-3.
The SCM builds on the fact that several inductive phenomena can be derived purely from concept similarity. For example, ROBIN → SPARROW is stronger than ROBIN → GOOSE
because robins are more similar to sparrows than geese. Sim-
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ilarly, ROBIN → BIRD is stronger than PENGUIN → BIRD because robins are more similar to the prototypical bird than
penguins are. In both cases, the probability that the premise
and conclusion categories share a property increases solely
based on the similarity of the two sets of categories.
Although similarity based accounts of property induction
are simple and intuitive, they fail to account for more complex phenomena such as non-monotonicity and diversity. The
SCM accounts for these phenomena by incorporating a notion called coverage, which denotes the degree to which the
premise categories are similar to members of the lowest level
category class that encapsulates each of the premise and conclusion categories. Osherson et al. (1990) demonstrate that
a weighted combination of coverage and premise-conclusion
similarity captures all eleven of the phenomena in Table 1.

Comparing GPT-3 with humans
In order to assess the extent to which GPT-3 captures people’s
judgments, we need a principled way to elicit its responses.

Presenting arguments to GPT-3
Because effective prompt design is a critically important aspect of interacting with GPT-3, we experimented with multiple prompts. This included a question-answer format, a conditional format akin to that used by Misra et al. (2021), and
a format that omitted properties and simply listed a sequence
of premise categories followed by a conclusion. We also experimented with including written task instructions within the
prompt and varied whether we asked GPT-3 for direct completions or instead provided it with a predetermined set of answers. Different prompts led to slightly different patterns of
responses, but our general conclusions about the limitations
and abilities of GPT-3 are broadly consistent no matter what
prompts were used. As a result, we report the single prompt
design that elicited the most human-like performance.
The best-performing prompt design was a question-answer
based prompt that included a task description and contextual
information followed by a yes/no entailment question. We
used a feature of the GPT-3 API1 that allowed us to extract the
probability assigned by the model to a particular word after
it had seen some preceding context. For example, to obtain a
strength rating for the argument DOGS → BEARS, the model
was given the text:
You are an expert on the properties
that animals have, and you understand
how animals share properties in common.
Recently some animals have been discovered
to have property P. We know that dogs have
property P. Does this mean that bears have
property P? Please answer ’Yes’ or ’No’.
1 Interaction

with GPT-3 was carried out via the Python “OpenAI” library using the text-davinci-001 engine, the most capable
GPT-3 model available at the time. To eliminate stochasticity, we set
temperature t = 0.

The final token in the answer was then either Yes or No, and
the probability assigned to Yes relative to No was taken as its
rating of the strength of the argument.

Does GPT-3 account for individual phenomena?
Using this approach, we now ask whether GPT-3 is sensitive to the eleven individual phenomena in Table 1. For each,
Osherson et al. (1990) presented participants with the pairs
of arguments in the table and asked them to choose the argument whose premises “provide a better reason for believing its conclusion.” The proportions of people who preferred
the stronger argument are shown as black dots in Figure 1.
For example, for Premise-Conclusion Similarity, around 90%
of people indicated that they thought {ROBIN, BLUEJAY} →
SPARROW was stronger than { ROBIN , BLUEJAY } → GOOSE.
As an initial test, we gave the same pairs of arguments
to GPT-3 and asked it to choose the stronger of each pair.
To allow for a comparison between GPT-3 and human responses, for each argument pair we took the strength rating
that GPT-3 assigned to the stronger argument and divided it
by the sum of strength ratings assigned by GPT-3 to both
arguments; this corresponds to the white dots in Figure 1.
All responses are relatively close to 0.5, but this could simply reflect different scaling. The more interesting question is
thus whether the model response exceeds 0.5 (i.e., indicating
that the model prefers the same argument that people think is
stronger). Based on the white dots, it appears that while GPT3 may capture a few of the phenomena, it struggles on most
of them. Each dot is based on a single argument pair, however, and we are wary of drawing strong conclusions about
any particular phenomenon on that basis.
We therefore performed a more systematic test by generating a larger set of argument pairs for each phenomenon.
These arguments involved the 129 animals included in
the Leuven Natural Concept database (De Deyne et al.,
2008), which are grouped into five superordinate categories
(MAMMALS, BIRDS, FISH, INSECTS, and REPTILES). For
each phenomenon we generated 100 argument pairs that followed the same basic template as shown in Table 1. For example, each pair for Premise-Conclusion Similarity included
two arguments with matching premises and within each of
these pairs the premises and conclusion were drawn from the
same superordinate category.
In order to evaluate GPT-3 on these argument pairs it
was necessary to determine which member of each pair was
stronger. We therefore followed Osherson et al. (1990) and
classified arguments as stronger or weaker on the basis of
the predictions of the SCM. For most phenomena we were
able to directly calculate SCM scores for both arguments in a
pair using pairwise similarity ratings obtained from the same
database the animals were sampled from (De Deyne et al.,
2008). However, this dataset only includes ratings between
pairs of categories within the same superordinate class, which
meant that SCM scores could not be obtained for both members of the argument pairs for Conclusion Specificity and
Non-Monotonicity. In these cases, however, it is straight-
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Figure 1: Inductive reasoning phenomena exhibited by GPT-3 and human reasoners. Response probability in favour of the
stronger of two inductive arguments for the 11 inductive reasoning phenomena shown in Table 1. White dots (GPT-3) and black
dots (humans) show response probabilities for the specific argument pairs presented in Osherson et al. (1990), and violin plots
(with median shown) reflect GPT-3 responses across all generated argument pairs. While GPT-3 somewhat captures phenomena
involving similarity, specificity, and typicality, it performs more poorly on those involving (non)-monotonicity and diversity.
forward to derive which member of the pair is considered
stronger by the SCM even without knowing the scores assigned to individual arguments: for Conclusion Specificity,
the stronger argument is always the argument to the more
specific conclusion, and for Non-Monotonicity the stronger
argument is always the one with fewer premises.
For each argument pair we randomly sampled categories as
needed, and for the argument pairs based on SCM scores we
randomly sampled 2000 argument pairs before picking the
100 with the greatest disparity between their SCM scores.
To control for similarity and typicality effects in our set of
Premise Diversity and Monotonicity arguments, we considered the strength of the inductive projection (as measured by
the SCM) from each individual premise category to the conclusion category. For Premise Diversity, we sampled premise
categories such that the second premise category in either
argument projected less strongly to the conclusion category
than the first premise category. For Monotonicity, we ensured
that the third premise category projected less strongly to the
conclusion category than at least one of the first two premise
categories. Sampling argument pairs in this way ensures that
the comparison between strong and weak arguments is driven
by diversity or monotonicity respectively, and not by any single premise category in isolation.
The violin plots in Figure 1 summarise the responses of
GPT-3 across the arguments sampled for each phenomenon.
GPT-3 captures the first four to some extent, and also captures
non-monotonicity (specific) and the inclusion fallacy. In all
of these cases the median of the violin lies above the dotted
0.5 line, indicating that GPT-3 reliably prefers the stronger argument in each pair. That said, the performance of GPT-3 was
more variable and less convincing for phenomena involving
Premise Monotonicity and Premise Non-Monotonicity, and it
did not capture Premise Diversity at all.
Although GPT-3 does not show a strong effect of premise-

conclusion asymmetry, this failure can perhaps be excused
because the human data in Figure 1 also reveal no effect (although Osherson et al. (1990) present a second study that
does reveal the effect). The results for Premise Diversity,
Premise Monotonicity, and Non-monotonicity therefore reveal the greatest limitations of the model. Although all three
phenomenena appear to be robust in Western adults, they
do not always emerge in other populations (López, Gelman,
Gutheil, & Smith, 1992; López et al., 1997). For example,
López et al. (1992) found support for similarity, typicality and
conclusion specificity in kindergarteners but no evidence for
premise diversity and monotonicity, and only partial support
for non-monotonicity. Figure 1 therefore raises the possibility that GPT-3 might provide a better account of inductive
reasoning in children than adults.

Does GPT-3 account for human argument rankings?
Considering inductive phenomena in isolation is a useful
starting point, but this approach is limited because multiple
phenomena are relevant to some inferences, and these phenomena sometimes conflict. For example, from the perspective of diversity {FLAMINGO, ALBATROSS} → BIRD is relatively strong because the premise categories are so different
from each other. However, it is weak from the perspective of
typicality since the premise categories are atypical of birds.
In this section we therefore move beyond the individual
phenomena in Table 1 by assessing the ability of GPT-3 to
rate the inductive strength of relatively large sets of arguments. Osherson et al. (1990) obtained this data for humans by asking participants to rank two sets of arguments
involving mammals. One set included 36 two-premise Specific arguments such as {COW, CHIMP} → HORSE, where
the conclusion in all cases was HORSE. The second included
45 three-premise General arguments such as {HORSE, COW,
MOUSE } → ALL MAMMALS , where the conclusion category
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Figure 2: A. Overall, the correlation between GPT-3 and human strength ratings for the Specific and General arguments
reported in Osherson et al. (1990) is moderate at best. B. Correlation between human argument strength ratings and SCM
predictions based on GPT-3 derived similarity. Performance is much better, suggesting that the problem with GPT-3 does not
lie in the nature of its representations. C. Correlations between GPT-3 and human similarity ratings for different categories are
moderately strong, again suggesting that the representations of GPT-3 are reasonably accurate. Error bars show standard errors.
was always ALL MAMMALS. For each argument set, we compared mean human rankings with ratings of argument strength
elicited from GPT-3 using the method described above.
As Figure 2A reveals, GPT-3 and human argument ratings
are moderately correlated for Specific arguments and virtually uncorrelated for General arguments. If anything, the
GPT-3 ratings for the general argument set are actually anticorrelated with human responses.
Taken together, our results suggest that GPT-3 performs
relatively poorly at capturing human inductive reasoning
overall. The model accounts to some degree for six of the
11 qualitative phenomena tested, but the remaining five and
the ranking task expose more substantial limitations.

Distinguishing representation from reasoning
Having shown that GPT-3 provides a relatively poor account
of human inductive inferences, we now consider two possible explanations for this finding. One possibility is that the
internal representations GPT-3 relies on are flawed and do
not contain the information necessary to support human-like
inductive inferences. A second possibility is that its representations are relatively accurate, but GPT-3 does not use them
for inductive inference in the same way that humans do.
We can explore these possibilities by examining the representations that GPT-3 uses. The OpenAI API allows its embeddings to be extracted, allowing us to treat the embedding

corresponding to each category label as GPT-3’s representation of that category. Each of these representations lies in
a 12288-dimension vector space where closeness denotes semantic similarity.2 The similarity between any two categories
according to GPT-3 is therefore calculated as the similarity
between the corresponding embeddings. Here we use cosine
similarity, but similar results are obtained by using dot product or Euclidean similarity.
We compared these GPT-3 similarity ratings with human
similarity ratings reported by De Deyne et al. (2008). Although only the animal categories were relevant to our previous analyses, the full dataset contains 14 superordinate categories; these include clothing, weapons, kitchen utensils, and
more. The human ratings we used in our comparison were
calculated based on the average similarity rating among the
15-25 participants who rated each category pair.
As Figure 2C shows, the GPT-3 similarity ratings are correlated to some extent with human ratings. This is consistent
with previous work suggesting that the internal representations of TLMs can be used to make reasonable predictions
about human similarity judgments (Bhatia & Richie, 2021).
2 These representations are typically derived by combining token
embeddings from the hidden layers of the model itself. Although the
specific implementation of OpenAI’s Embeddings API is not publicly available, it is advertised to be built directly on top of GPT-3’s
model weights and is thus probably an accurate reflection of its core
representation space.
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Figure 3: Correlation of different generations of GPT with
human argument strength ratings show no consistent improvement in the performance of GPT over time. Error bars
show standard errors.
GPT-3 accounts for some superordinate categories better than
others, with correlations ranging between 0.16 (fish) and 0.58
(professions). The correlation for mammals is towards the
upper end of the range, which suggests that the poor performance of GPT-3 for the mammal-based argument sets in Figure 2A is probably not primarily due to poor representations
of mammal categories.
If GPT-3’s representations of mammals do capture reliable
information, then combining a GPT-3 derived similarity measure with the SCM may provide a relatively good account
of human inductive judgments. Figure 2B shows that this
hybrid model does indeed account relatively well for the human argument ranking data. The correlation of 0.92 achieved
on the specific data set is comparable to the 0.95 correlation
achieved when the SCM uses human-generated similarity ratings. The correlation for the general data set is lower (0.49
compared to 0.87 achieved when the SCM uses human similarity ratings), but still substantially higher than the GPT-3
result in Figure 2A.

Will GPT-3 improve with scale?
Our results so far suggest that GPT-3’s internal representations may be of sufficient quality to support human-like inferences, but that GPT-3 does not possess a reasoning mechanism that can extract the full value from these representations.
Is this limitation fundamental to the design of GPT-3, or is
this something that (like many other natural language tasks)
we can expect to improve by increasing the size of the model
or the quantity of its training data?
To address this question we turn to earlier variants of the
GPT family of language models, GPT and GPT-2. They are
extremely similar to GPT-3 by design, with their main difference being the scale of their model parameters and training
datasets. As GPT variants increase in scale (as measured by
model parameter count) by at least one order of magnitude
with every generation, leaps in performance across a broad
set of language understanding benchmarks have also been
observed. If successive generations have improved in their
ability to account for human inductive judgments, it seems
plausible that this improvement will continue in the future.
To evaluate performance across these generations we used

pretrained, off the shelf implementations of previous GPT
variants available via the Transformers library (Wolf et al.,
2020). We examined five variants in increasing order of scale:
GPT, GPT-2 Small, GPT-2 Medium, GPT-2 Large and GPT-2
XL. Each model was given the same prompts and evaluated
using the same method described previously.
Figure 3 shows that successive GPT variants failed to
demonstrate any clear improvements in how correlated their
argument strength ratings were with those of humans. In fact,
there seems to be no relationship between scale and performance at all. Uncertainty inevitably remains about the abilities of future variants, but our results provide no reason to
think that improvement is simply a matter of scale.

Discussion
We found that GPT-3 provides a relatively poor account of
human inductive reasoning, which raises two important directions for future work. First, given that GPT-3 does not
closely follow the reasoning principles used by humans and
captured by the SCM, how can we understand what GPT-3
is actually doing? A possible way to address this question is
to implement a family of interpretable models and to identify
which of the models in this family correlate most strongly
with GPT-3. We took a preliminary step in this direction
by considering a set of variants of the SCM; this includes
one that does not include the coverage term and is consistent
with the inferences of kindergarteners (López et al., 1992),
and another called SumSim (Tenenbaum, Kemp, & Shafto,
2007) that replaces the similarity function used by the SCM
with an alternative more consistent with exemplar models of
categorization. Because GPT-3 appears to capture similarity
and typicality effects but not diversity and non-monotonicity
effects, we were optimistic that removing the coverage term
from the SCM might yield a model that correlated highly with
GPT-3. All of the variants we considered, however, matched
GPT-3 relatively poorly, which means that we do not yet have
real insight into why GPT-3 reasons as it does.
A second important future direction is to develop computational approaches that maintain the generality and flexibility
of GPT-3 – including its ability to handle arguments with nonblank properties – but provide a closer account of human inductive reasoning. Our results exploring the effect of scaling
suggest that simply increasing the size of GPT-3 is unlikely
to achieve this goal. This means that alternative architectures
and/or training objectives will probably be needed. Some researchers discuss intrinsic limitations of large language models: for example, Bender and Koller (2020) suggest that these
models are unable in principle to acquire meanings, and can
succeed only in predicting forms. It seems unlikely that the
results in this paper expose any such intrinsic limitation, and
the respectable performance of the GPT-3/SCM hybrid suggests that a general-purpose model that builds on GPT-3 may
be able to perform well on the datasets considered here. Developing such a model is a natural next step towards the ultimate goal of capturing and understanding the rich intricacy
of human inductive reasoning.
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Abstract
A common result in novel word generalization is that
comparison settings (i.e., several stimuli introduced
simultaneously) favor conceptualization and generalization.
We investigated which type of items four-, five- and six-yearold children would choose as referents in a free-choice novel
noun generalization task. We manipulated the generalization
items availability at test (i.e., generalization stimuli introduced
sequentially or simultaneously). We also manipulated the
semantic distance between items. In a signal detection theory
framework, results showed that a simultaneous presentation of
generalization items improves children’s sensitivity and helps
them use a neutral strategy to generalize. Conceptual distance
at learning also affects generalization performance. We discuss
the cognitive constraints that both types of presentation bring
into the task, and how distance might impede or favor
conceptual alignments.
Keywords: Categorization, generalization, novel noun, forcedchoice, free-choice, conceptual distance, stimuli availability

Introduction
When children learn to categorize and name novel objects,
they have to understand which dimensions are important to
define the corresponding concept (Murphy, 2002).
Identifying which word learning format(s) promote concept
construction and novel word generalization is an important
topic for cognitive sciences.
The present study capitalizes on recent evidence showing
that comparing stimuli from the same category during
learning favors conceptually based novel word
generalization. However, the benefits of comparison have
mainly been evidenced with forced-choice design. In
contrast, we used a free-choice task and manipulated the
“temporal” availability of the generalization stimuli, either
sequential (one-by-one) or simultaneous (all stimuli
displayed together), as a function of semantic distance. We
analyzed the answers, in a signal detection theory (SDT)
framework, in order to study sensitivity and response bias
across ages and the generalization stimuli’s availability.

Comparisons and novel word generalization
Recent evidence shows that the opportunity to compare
exemplars while learning a novel word favors conceptually
based categorization and the novel word generalization
compared to the classical single exemplar learning design.
This result has been replicated in various linguistic categories
(see Gentner & Christie, 2010 for a review).

In a typical comparison choice design, the learning items
are both perceptually similar (i.e. they display the same shape,
e.g. two similar fruits) and taxonomically similar. In the
generalization phase, the child has to choose between an item
that is taxonomically-related to the learning items but rated as
perceptually dissimilar to them (e.g., a banana) and a
perceptually similar lure that is conceptually unrelated to the
learning items but perceptually similar (e.g., a red Christmas
ball) to them (Gentner & Namy, 1999). Whatever the
variations and particulars of the design, these studies have
shown that comparison situations and the presence of a
unifying name (i.e. label effect) lead to more conceptuallybased generalizations than no-comparison situations, which,
in turn, tend to favor the perceptually salient (the shape) lure.
The semantic distance between the items compared has also
been shown to have an important effect on children’s
taxonomic generalizations. Thibaut and Witt (2017) studied
novel noun generalization with 4- and 6- year-old children.
They manipulated the semantic distance between learning
items (close vs. far) and between the learning items and the
taxonomic item to generalize the word to (near vs. distant).
Close learning items were from the same basic level category
whereas far learning items were from the same superordinate
category. Results revealed that learning pairs from more
distant domains led to better taxonomic generalization. The
interpretation was that broader conceptual distance at
learning helps participants abstract the relevant relations
between learning objects and build a more conceptually based
representation for generalizing the novel word.
Similar effects of distance between learning items that favor
generalization have been demonstrated in various domains
like relational noun generalization (Thibaut & Witt, 2015),
analogical reasoning (Thibaut, French, Vezneva, 2010),
multidimensional stimuli categorization (Hammer et al.
2008), or scientific reasoning (Klahr & Chen, 2011).

Forced-choice and free-choice tasks
Most existing studies on object noun comparison and
generalization use a forced-choice design (Alfieri et al.,
2013). Forced-choice designs are well-suited to study
children’s biases in word learning tasks (Landau et al., 1988;
Markman, 1989) or to study which commonalities children
spontaneously choose as a basis for generalization.
However, in such designs children might also choose the
item that is most plausibly related to the learning item(s) but
that they would not select as an item of the same category if
they were not forced to choose. Conversely, selecting one
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option does not mean that participants would not accept the
other option as a member of the category. For example, in a
forced-choice, Smiley and Brown (1979) showed that young
children could select and justify a taxonomic choice even
when their first choice was a thematic choice.
Free-choice designs can therefore be considered better
suited to study the extension children give to novel words
because children can select all or none of the generalization
options, whatever their conceptual relation with the training
items (perceptual lure, taxonomically related choice, or theme
related choice). Therefore, free choice designs might give a
clearer picture of the items children believe belong to the
category.

Goals of the present experiment
We use a free-choice task with 4- to 6-year-old children with
the following questions. First, will comparison, semantic
distance and attractive lures still affect children’s
conceptually based generalization in a free choice design?
Indeed most of the available has been obtained under
“forced” circumstances? Indeed, it might be argued that only
close items will be accepted as “natural” extension of terms
when given the possibility to overlook items. Second, how
will the generalization item’s availability - a new parameter
that can only be considered in free-choice designs and the
effect of which has not yet been analyzed - influence
generalization and interact with parameters already
recognized as important during generalization?
Indeed, in daily life, children might see generalization items
simultaneously (e.g., a fruit with other target fruits, or a fruit
in a kitchen with other fruit-related objects, or a fruit with a
perceptually similar object that is not a fruit). They might also
encounter the same generalization items one by one,
sequentially. We therefore used two different generalization
availability conditions (simultaneous and sequential) to
present the generalization items. These items were selected to
approximate the diversity of generalization items children
may encounter in daily life. They were taxonomically related,
thematically related, perceptually related or non-related to the
learning items.
Because we used a free-choice design, we analyzed our
results in the signal detection theory framework, analyzing
children’s sensitivity to the signal, (i.e., ability to discriminate
between taxonomically related items, the signal, and the other
generalization items, the noise). Sensitivity is distinguished
from their response strategy known as the response bias,
which can be conservative (i.e., tendency to reject answers
that leads to missing correct answers), neutral or liberal (i.e.,
tendency to accept, leading to many false alarms. Combining
different measures of performance (e.g., correct answers,
false alarms) in one index will give us information that
percentage of choices do not provide. Indeed, the number of
incorrect choices will be taken into account by the inclusion
of false alarms. It is also interesting to consider the extent to
which different conditions might or might not boost the
overall probability of accepting.
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In this experiment we also manipulated age as a between
factor, predicting that sensitivity should increase and bias
decrease with age; and conceptual distance between the
compared items in order to study whether this might interact
with availability and influence bias and sensitivity.
We predicted that a larger semantic distance between
learning items would lead children to build a broader learning
representation. In the far learning condition children should
therefore include more distant generalization items and have
a higher level of sensitivity.
We also predicted that the generalization item’s availability
will influence children’s sensitivity because the two
availability conditions (i.e., sequential or simultaneous)
constrain the task – and children’s generalization differently. However, how generalization item availability
will affect sensitivity is an open question. The two availability
conditions enable different comparisons between learning
and generalization items that children may use to find their
answer. On the one hand, sensitivity may be lower in the
simultaneous condition, because children’s attention may be
attracted by the perceptual items and diverted from the
taxonomic answers reducing sensitivity, whereas no such
interference is possible in the sequential condition. On the
other hand, sensitivity might be higher in the simultaneous
condition, because multiple comparisons between learning
and generalization items might help to highlight conceptual
commonalities and reject irrelevant dimensions, thus
reducing false alarms.
As for children’s strategy (response bias), we predict that
the simultaneous condition should reduce the bias compared
to the sequential one because of the possibility to compare all
the stimuli and decide which items belong to the category in
terms of a reference set of features.
We will also follow up with a control no-comparison
situation in a second step. Our aim is to have results in a nocomparison design as reference in a free choice design,
because this type of data is not available in the literature.

Experiment 1
Methods
Participants
One-hundred-and-eighty French speaking children were
tested individually in a quiet room at their school. Informed
consent was obtained from their parents. Three age groups
were tested, 58 four-year olds (47 months; 41 – 53), 62 fiveyear-olds (60 months; 56 – 65) and 60 six-year-olds (72
months; 68 – 83).
Materials
Color pictures of real objects were used as stimuli. The
pictures were organized into sixteen stimulus sets, each
associated with a semantic category (e.g., accessories, foods,
clothing, tools, etc), each set was designed with three learning
stimuli and ten generalization stimuli. The sixteen trials were
divided into two learning conditions (close or far learning).

Each trial was constructed around a semantic category. In
each learning condition, one of the two pictures was
considered as the standard picture. In the close learning
condition, the two learning items were two pictures of objects
from the same basic level category (e.g. a pear and a cut pear).
In the far learning condition, the two learning items were
from the same superordinate category (e.g., a pear and a
raspberry).
The ten generalization items were : two pictures of objects
from the same superordinate level category as the learningitems (near generalization items, TaN, e.g., apricots and
pineapple), two pictures from a more distant superordinate
category as the learning-items (distant generalization items,
TaD, e.g., chips and pasta); two stimuli perceptually similar
to the standard learning item but not taxonomically related to
the learning items (perceptual distractors, P, e.g. a punching
ball and a pear shaped candle); two pictures thematically but
not taxonomically related to the learning-items (thematically
related distractors, Th, e.g., a fruit basket and a fruit knife);
two lures semantically and perceptually unrelated to the
learning items (non-related distractors, NR, e.g. a car and a
note book). Twenty 3-year-old and twenty 4-year-old
children were arsked to recognize the trails objects and
succeeded, controlling that all items are known by children.
The trials’ order during the task was balanced, as was the
order in which were presented the different learning
conditions. All 16 trials in a task were presented with the
same generalization availability. In the sequential
generalization availability, the generalization-items’ order
was balanced between trials. In the simultaneous
generalization availability, the position of the generalization
items on the screen appeared was balanced between trials.
Generalization availability was set as a between factor to
avoid that answers given in simultaneous cases influence
answers given in sequential cases, if for example taxonomic
answers are more obvious in simultaneous cases were all
items are available together. Figure 1 shows an example of a
trial built using the stimuli from the food/fruit/pear category.
The pictures were displayed on a 13inch touchscreen laptop.
We forged 16 different bisyllabic labels (pseudo-words)
which are, as shown by Gathercole and Baddeley (1993),
easier to remember than monosyllabic pseudo-words (e.g.,
buxi, dajo, zatu, xanto, vira). Syllables were of the CV type
which is the dominant word structure in French (from
Lexique.org, New, Pallier, Brysbaert, & Ferrand, 2004).
Ratings on a 1 to 10 scale (1: far rating, 10: close rating)
were obtained from undergraduate students to control
generalization items. Twenty-eight students’ ratings
confirmed that taxonomically related items are considered to
belong to the same category as the standard learning item
(average ratings: Ta: 7.6, Th:4.5, P:2.1, NR:1.5, average p
between Ta-Th p<.001). And twenty-four students rated near
taxonomically related generalization items conceptually
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Figure 1: Trial built for the food category
Note: Participant saw either the close or the far learning item
TaN : taxonomically near, TaD: taxonomically distant, Th:
thematically related, P: perceptually related, NR : non related
generalization items

closer to the standard item compared to distant taxonomically
related items.
Perceptual similarity and thematic similarity ratings from
36 and 21 students respectively, controlled that the item were
perceptually more similar (average ratings: Ta: 3.0, Th:2.2,
P:6.3, NR:1.7, average p between P-Ta p<.001) or
thematically more strongly related (average ratings: Ta: 6.4,
Th:7.5, P:2.2, NR:1.8, average p between Th-Ta p<.05) to the
standard learning item than the taxonomically related items.
Unrelated distractors scored significantly below all other
generalization items in all ratings (p<.01)
Procedure
Participants were seated at a low table, in a quiet room at their
school, facing the laptop, next to the experimenter. They were
randomly assigned to one of the generalization availability
conditions (sequential, or simultaneous). In both conditions,
children were introduced to a puppet named “This is Yoshi,
we are going to play with him. But he lives far away from
here and speaks a different language. In the game we are
going to learn his language.” The experimenter then showed
the fifteen trials. In all two learning conditions learning items
appeared one by one near the top of the screen and the
experimenter announced their name as they appeared using
the instruction: “Yoshi’s mummy says that this is a buxi, and
this one is also a buxi; Yoshi must find other buxis for his
mummy….”. Then, the generalization items appeared on the
lower part of the screen, generalization availability one by
one in the sequential condition, the experimenter said “is this
a “buxi…?”for each of the 10 generalization items. In the
simultaneous condition, they were displayed simultaneously:
“which ones of these are also buxis, show me the buxis but
not the other things”. The experimenter finished the
instructions by “Take your time, don’t give me your answer
before Yoshi appears on the screen”.

Table 1: Mean proportion of answers as a function of generalization items, generalization availability and age
Availability
Sequential
Simultaneous
Learning
Close
Far
Close
Far
distance
Age
4
5
6
4
5
6
4
5
6
4
5
Near
.44
.49
.60
.44
.57
.63
.64
.75
.72
.65
.75
(.04)
(.04)
(.05)
(.04)
(.04)
(.05)
(.04) (.04) (.05)
(.04)
(.04)
Distant
.44
.37
.45
.48
.34
.46
.55
.51
.52
.58
.57
(.03)
(.04)
(.05)
(.03)
(.04)
(.05)
(.03) (.04) (.05)
(.03)
(.04)
Thematically
.38
.24
.33
.26
.10
.19
.30
.27
.17
.32
.22
related
(.03)
(.03)
(.04)
(.03)
(.03)
(.04)
(.03) (.03) (.04)
(.03)
(.03)
Perceptually
.33
.22
.26
.28
.19
.15
.44
.35
.26
.38
.29
related
(.03)
(.03)
(.04)
(.03)
(.03)
(.04)
(.03) (.03) (.04)
(.03)
(.03)
Non-related
.27
.07
.11
.19
.07
.06
.38
.23
.15
.37
.22
(.03)
(.03)
(.05)
(.03) (.03)
(.05)
(.03) (.03) (.05)
(.03)
(.03)

6
.72
(.05)
.51
(.05)
.17
(.04)
.30
(.04)
.15
(.05)

Note : Means and Standard deviations in brackets.
Generalization item (Near, Distant, Thematically related, Perceptually related, Non-related) Generalization availability (Sequential or
Simultaneous), Learning distance (close, far), Age (4-, 5-, or 6-years-old).

Table 2 : Proportion of responses and signal detection indexes as a function of the comparison situation, learning distance and
generalization availability
Learning
Generalization
Hits
Misses
False
Correct
D’
β
distance
availability
Alarms
rejections
Sequential
.43
.57
.17
.83
.65
.55
Close
Simultaneous
.61
.39
.27
.73
.83
.23
Comparison
situations
Sequential
.45
.55
.24
.76
.47
.42
Far
Simultaneous
.63
.37
.28
.72
.85
.18
No-Comparison
Sequential
.17
.83
.06
.68
.23
1.63
NA
situations
Simultaneous
.49
.51
.32
.94
.35
.40
Design
Four-, five- and six-year-old children were compared. They
were randomly assigned to one of the two generalization
availabilities (sequential, 88 children or simultaneous, 92
children) a between subject factor. Age was crossed with
generalization availability, and learning distance (close, far)
a within-subject factor.

Results
Signal detection theory indexes
For the data analysis we calculated a sensitivity index D’ and
a response bias index β derived from signal detection theory
(Macmillan & Creelman, 2004) adapting them to experiments
based on small numbers of stimuli (see, Rioux et al., 2018b).
D’ (range 0 : 1) indicates participants ability to discriminate
(high values for better discrimination) and β (range -1 : 1)
indicates their strategy (liberal, for negative values of β;
conservative for positive values ; neutral for β=0).
Data analysis
Proportion of choices for each type of generalization item are
given as an indication in Table 1.
Sensitivity. In order to test our hypothesis on the learning
distance and availability effects on children’s sensitivity we
ran a three-way repeated measure ANOVA on the sensitivity
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index D’ with age (4, 5, and 6 years), generalization
availability (sequential and simultaneous) as between factors
and learning distance (close and far) as a within factor (see
Table 2). Results revealed a simple effect of all three factors:
age F(2,174) = 6.23, p < .001, 𝜂 2𝑃 = .12; generalization
availability F(1,174) = 14.23, p <.001, 𝜂 2𝑃 = .076 and learning
distance F(1,174) = 7.67, p <.01, 𝜂 2𝑃 = .042.
Children’s sensitivity was significantly higher in close
learning trials than in far learning trials (Mclose = .74, SDclose
= .043 ; Mfar = .65, SDfar = .040) and in simultaneous
generalization than in sequential generalization (Msimultaneous =
.84, SDsimultaneous = .053 ; Msequential = .55, SDsequential = .055).
Children’s sensitivity also increased with age (M4 = .43, SD4
= .067 , M5 = .82 , SD5 = .065, M6 = .84 , SD6 = .66). A
posteriori Tukey analysis revealed that sensitivity at 4 years
is significantly lower than sensitivity at 5 and 6 years (p <
.001).
The analysis also revealed an interaction effect between
learning distance and generalization availability: F(1,174) =
6.54, p < .05, 𝜂 2𝑃 = .036 (Figure 2). A posteriori Tukey
analysis revealed that in sequential generalization children’s
sensitivity in far learning is significantly lower than their
sensitivity in close learning (Mfar = .46, Mclose = .64, p < .01)
revealing children’s greater difficulty to discriminate
generalization items in far learning. This difference did not
appear in the simultaneous generalization condition (M far =
.84, Mclose = .84, p = .99) which, overall, revealed a high

neutral strategy in the simultaneous case in both learning
conditions whereas in the sequential case children were
surprisingly more conservative in the distant case.

Control Experiment

Figure 2 : Sensitivity as a function of learning distance
(close, far) and generalization availability (sequential,
simultaneous). (error bars are SEM)

Experiment 1 examined how children might generalize novel
nouns in free choice designs. It aimed to analyses the effect
of a parameter already known to affect conceptually based
generalization in forced choice designs – learning distance and the effect of a new parameter peculiar to free choice
designs – generalization item availability.
However, experiment 1 tells nothing about the distribution
of children’s choices in a no-comparison and free-choice
design. However, no-comparison situations are an important
starting point in most novel noun learning paradigms.
Moreover, this study aims to give, a comprehensive
description of conceptually based generalization in freechoice designs and, for this reason, knowing how children
generalize in a no-comparison situations is an important
reference to have.
The following control experiment condition addresses this
question. We focused on the age of 5 only because there was
no interaction involving age in both sensitivity and bias, in
the above analyses.

Methods

Figure 3 : Response bias β as a function of learning distance
(close, far) and generalization availability (sequential,
simultaneous). (error bars are SEM)
sensitivity in both learning distance levels in the simultaneous
case, whereas the far condition had a more detrimental effect
than the close condition in the sequential case. It is likely that
children cannot benefit of the simultaneous comparison to
monitor their choices in the sequential case.
Response bias. In order to test the factors’ effects on
children’s strategy, we ran a three-way repeated measure
ANOVA on the Bias criterion Beta with age (4, 5, and 6
years), generalization availability (sequential and
simultaneous) as between factors and learning distance (close
and far) as a within factor (see Table 2 for values). Results
revealed a main effect of generalization availability F(1,174)
= 13.22, p <.001, 𝜂 2𝑃 = .071 and learning distance F(1,174) =
42.49, p <.001, 𝜂 2𝑃 = .20 but no effect of age.
These two main effects were subsumed by an interaction
effect between learning distance and generalization
availability, F(1,174) = 10.62, p < .01, 𝜂 2𝑃 = .058 (Figure 3)
that is the most important result. A posteriori Tukey analysis
revealed that children’s bias is equal in close and far trials in
simultaneous generalization whereas in sequential
generalization children’s bias was less conservative in far
learning compared to close learning. This result suggests a
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Participants
Forty-one, children were tested in a no-comparison situation.
Children’s average age was 5 years (mean: 56 months, range:
48-70). They were randomly assigned to a sequential (20
children) or simultaneous (21 children) availability condition.
Materials and Procedure
Materials and procedure were similar to the main experiment
except that there was only one learning item and thus, the
learning distance factor disappears.
Design
Five-year-old children in a no-comparison situation were
randomly assigned to one of the two generalization
availabilities (sequential, 20 children or simultaneous, 21
children) and were compared with the five-year-old children
in a comparison situation. Comparison was crossed with
generalization availability as a within-subject factor.

Results
We performed the same analyses as in experiment 1.
Sensitivity. The two-way ANOVA on the sensitivity index
D’ with comparison (comparison and no-comparison) and
generalization availability (sequential and simultaneous)
revealed an effect of comparison F(1,104) = 19.31, p <.001,
𝜂 2𝑃 = .16. Children’s sensitivity is significantly higher in the
comparison situation compared to the no-comparison
situation (Mcomp=0.77 MNoComp=0.29).

Figure 4: Response bias index β as a function of
generalization availability (sequential, simultaneous) and
comparison or no comparison situations.
(error bars are SEM)
Response bias. A two-way ANOVA on the response bias
index β with comparison (comparison and no-comparison)
and generalization availability (sequential and simultaneous)
as between factors revealed an effect of comparison F(1,104)
= 18.70, p <.001, 𝜂 2𝑃 = .15, of generalization availability
F(1,104) = 27.86, p <.001, 𝜂 2𝑃 = .21 and an interaction
between both factors F(1,104) = 7.74, p <.01, 𝜂 2𝑃 = .07. The
interaction and an a posteriori Tukey analysis reveal that in
comparison situations there isn’t a significative difference
between responses biases in sequential and simultaneous
conditions (p = 1.9), but in no-comparison situations children
are significantly more conservative in the sequential
condition (p < .001) (Figure 4).

Discussion
We used a free-choice design in order to study children’s
word extension rather than a traditional forced-choice word
generalization design. These word extensions in a free-choice
design are a good indicator of which items children believe
belong to the same category as the items the word was learnt
with.
Our specific aim was to assess how children would extend
a novel noun in this type of design and how their
performances would be influenced by the task’s factors:
conceptual distance between learning items and
generalization items’ availability.
Our main result was that learning distance and
generalization availability interacted for both sensitivity and
response bias indexes which confirmed our main hypothesis
that these factors would affect novel word generalization. For
both measures (i.e., sensitivity and response bias) children
performed better in the simultaneous condition; their
sensitivity was higher, and they were less biased (see Figure
2 and 3).
Performance differences between close and far learning
cases only appeared in the sequential condition. In far
learning trials, children’s sensitivity and response bias were
lower than in close learning trials.
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In a control experiment we analyzed results from a nocomparison noun generalization situation versus results from
our comparison situations: children were less sensitive as
they rejected 71% of taxonomically related items. They were
also more biased (i.e., extremely conservative strategy) in the
no-comparison situation. Thus, in the no-comparison
condition, they took fewer items, mostly incorrect perceptual
lures.
Informal remarks at the end of the no-comparison condition
suggest that children would have selected taxonomically and
perceptually similar items, comforting the idea that shape
similarities are important in their decision process (Kucker et
al., 2019). This is interesting and important, as it shows that
comparisons increase sensitivity and reduces the bias with
respect to no-comparison conditions.
These results lead us to conclude first that simultaneous
availability helped children generalize and that in this
condition children are both discriminating well between
generalization items and are unbiased. This confirms are
predication for response bias and reveals that simultaneous
availability does improve sensitivity a question we had left
open. In the light of these results, simultaneous availability
appears a powerful factor that can promote conceptually
based generalization by improving both children’s sensitivity
and strategies thanks to the multiple comparisons between
learning and generalization this condition allows.
Second, we can consider the sequential condition in which
children’s sensitivity is lower, children’s strategies are more
conservative, and both indexes are affected by learning
distance. The main difference between learning conditions is
due to the proportion of false alarms (see Table 2). In
sequential availability and close learning children make few
false alarms. It is in this crossing of conditions that children
are the most conservative.
It is only in this availability condition that we can consider
the effect of learning distance. We predicted that a far
learning distance would improve children’s sensitivity
because such a learning situation should favor a broader
category representation and word extension to higher
category level members like the taxonomically related
generalization items given here. However, in the present
results, far learning – and the broader representation that it
should enable – helps children be less conservative (i.e., far
learning reduces the response bias) but it is close learning
situations that improve sensitivity not far learning situations.
Only a free-choice design could reveal that conceptual
distance between items, can have this diverging effect on
children’s sensitivity and response strategy.
These result help us rethink the debate about the effect of
amount of category knowledge and item’s category level in
the domain of novel noun generalization, and children’s
ability to extend novel words to items beyond the category’s
basic level (Jenkins et al., 2015; Xu & Tenenbaum, 2007).
The stumbling block in this debate is that extra category
knowledge from items at the category’s subordinate level has
opposite effects in different studies : it either promotes
narrow generalization (Xu & Tenenbaum, 2007) or broader

generalization (Jenkins et al., 2015). In the present study, both
amount of knowledge and item’s category level are
manipulated, even if this is in a slightly different way, and an
increase in the amount of knowledge available about the
category (in simultaneous availability vs sequential or
comparison vs no comparison situations) improves both
sensitivity and generalization strategy. But conceptual
distance (far learning) can improve strategies while reducing
sensitivity which may be the source of what seems to be
conflicting evidence in the previously cited papers. This
debate is in the case of forced-choice designs and we think a
free-choice approach, in which on can analyze sensitivity and
strategies independently, may help find an outcome.
Finally, it is rather suppressing to notice that the sequential
condition – which of the two availability conditions may be
the closest to a daily life situation – is the condition in which
children are highly conservative. This could mean that
children in daily life situations may not name items for which
they notice a conceptual relation because their strategy is
conservative and would need further investigation to be
confirmed.
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Abstract

instantiation of) the RSA-based model of Yoon et al. (2016)
with it. As an example, an influence of the speaker-hearer
relation on politeness could be that one feels more free to
tell an unpleasant truth to a friend than to one’s boss. Two
versions of the model were implemented, one (pRRSAc ) maps
the speaker-hearer relations to the speaker’s goal, the other
(pRRSAf ) to the scaling parameter of politeness.
This paper has two goals: to analyze which parameter is
more adequate for mapping the social influence (comparing
the two model implementations), and to find further empirical
evidence for the influence of speaker-hearer relations on indirect politeness. The data collected across three experiments is
used for training and testing the models.

Politeness is a social linguistic phenomenon. Modeling polite
language production and understanding is difficult, as it may contradict conversational maxims and is shaped by extralinguistic
social influences, such as the speaker-hearer relationship. This
paper extends Yoon et al.’s (2016) Rational Speech Act-based
model of politeness by mapping speaker-hearer relationship
influences to the utility weights of the model and instantiates it
in German. Three online experiments, for empirical analysis and
collection of behavioural data for model training and evaluation,
are presented. These confirm the influence of the speaker-hearer
relations on indirect politeness. Furthermore, two versions of
the model are trained and evaluated to find out which part of
the model is better suited for the integration of social influences.
Overall, both model versions yielded similar results and were
able to predict the meaning of polite speech acts.
Keywords: computational modeling; politeness; rational
speech act; speaker-hearer relations

Social influences on politeness

Introduction
Politeness is a widely researched phenomenon, in which not
only different linguistic research fields such as pragmatics, syntax, sociolinguistics and psycholinguistics are interested, but
also other cognitive and social sciences (Brown, 2015; Watts,
2003; Kasper, 1990; Fraser, 1990). In this paper, politeness is
considered as a set of face saving strategies, meaning that it is
used to enhance or preserve the public self-image of a listener
or speaker (Brown and Levinson, 1987).
One aspect that makes politeness an interesting phenomenon
for formal modeling is that its use often stands in opposition to
conversational principles, such as the Gricean Maximes (Grice,
1975). This can for example occur for indirect (“off-record”)
politeness (Brown and Levinson, 1987), where speakers choose
to say something indirectly in order to save the face of the
listener – even though the informativeness and truthfulness
of the utterance might suffer. In a recent cognitive modeling
approach based on the Rational Speech Act (RSA) model
(Yoon et al., 2016, 2017, 2020) this balancing of competing
goals is used to model the understanding and production of
politeness. Previous research on politeness has identified social
influences on the choice of politeness strategy (Brown and
Levinson, 1987; Holtgraves and Bonnefon, 2017). The RSAbased politeness model, however, did not consider “mapping
from social situations into utility weights and communicated
social weight” (Yoon et al., 2020, p. 80).
This paper focuses on a specific social influence on politeness, the speaker-hearer relation, and extends (a German

The theory most often used as the basis for current politeness
research and modeling is Brown and Levinson (1987)’s politeness theory (Leech, 2014; Watts, 2003; Brown, 2015). This
theory is based on Goffman’s (1955) concept of “face” and
proposes the use of different politeness strategies based on
the degree of face threat of a conversational act. According
to Brown and Levinson (1987), the degree of face threat is
influenced by three factors: the power of the listener over the
speaker, the social distance between speaker and listener, and
the (culturally dependent) rank of imposition. For example, an
act that has a low degree of face threat will likely result in
a more direct strategy (“on-record”), whereas an act with a
high degree of face threatening potential will likely result in
an indirect politeness strategy (“off-record”).
Several studies found influences of power on politeness:
Leichty and Applegate (1991) studying the situational influences, Ambady et al. (1996) with a cross-cultural study, or
Danescu-Niculescu-Mizil et al. (2013) with a corpus analysis;
see Leech (2014) and Holtgraves and Bonnefon (2017) for
further pointers into the literature. The influence of social
distance on politeness, however, appears to be less clear (Holtgraves and Bonnefon, 2017). One suggested explanation was
Brown and Levinson (1987)’s definition of social distance –
based on the frequency of interaction – and it was suggested
to further include the likeability of a person in the distance
evaluation (Vergis and Terkourafi, 2015). Other research on
the social influences on politeness found the presence of third
parties (Leech, 2014; Watts, 2003) and gender (Holtgraves
and Bonnefon, 2017; Kasper, 1990; Carli, 1999) to play a role.
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For the latter, it was, however, argued that the influence could
also be due to an underlying perceived power and distance
difference (Holtgraves and Bonnefon, 2017). As power and
distance are fundamental for politeness understanding and
production, we consider them for our implementation of social
influence in a polite Rational Speech Act model.

The Rational Speech Act model (RSA) is a probabilistic approach to modeling pragmatics (Franke and Jäger, 2016), based
on game theory (Frank and Goodman, 2014) and Bayesian
statistics. RSA has been used to model various linguistic
phenomena (Goodman and Frank, 2016), one of them being
politeness (Yoon et al., 2016, 2017, 2020). This paper is based
on the RSA model of politeness as described in Yoon et al.
(2016), which proposed the consideration of a social utility
(𝑈social ) in addition to an epistemic utility (𝑈epistemic ) of a communicative act, thereby modeling the conflict between ‘being
nice’ and ‘being informative’ when producing an utterance.
In the explanation that follows, we will only focus on these
two utilities and their interplay (see Yoon et al. (2016) and
Scontras et al. (2021) for model details).
Conceptually, RSA is a recursive model of a pragmatic
listener (𝑃 𝐿1 ) doing Bayesian reasoning about a speaker (𝑆1 )
in order to infer the state of the world (𝑠), which the speech act
(𝑢) refers to. RSA models the epistemic utility

In the “polite RSA” model by Yoon et al. (2016, 2017),
the speaker strategy does not consider social influences. We
hence introduce two altered versions of it in the form of “polite
Relational RSA” (pRRSA) models in order to implement
speaker-hearer relation influences. In both of these versions the
model stays the same and only one parameter in each version
is adapted by being fitted to the different relationships. In the
first model, pRRSAc , the speaker-hearer relation influences
the choice of a speaker’s strategy (informative vs. nice). This
is implemented by setting the value of 𝜙 depending on the
relationship. The approach suggests, that listeners are aware of
their relationship to a speaker and evaluate how polite or direct
the speaker might choose to be. From the perspective of speech
production, pRRSAc could be interpreted to consider the
relationship influence at the “conceptualisation” stage (Levelt,
1989). In contrast to this, in the second model, pRRSAf , the
speaker-hearer relation influences the choice of the degree
of politeness. This is implemented by setting a different pretrained value 𝛼 based on the relationship, which then modifies
the degree of divergence to the literal meaning in the value
function 𝑉 (𝑠). From the perspective of speech production,
pRRSAf could be interpreted to consider the relationship
influence at the “formulation” stage (Levelt, 1989). To the
best of our knowledge this is the first work implementing
relationship influences in RSA and also the first test of polite
RSA in another language.

𝑈epistemic (𝑢; 𝑠) = ln(𝑃 𝐿0 (𝑠 | 𝑢))

Expectations and hypotheses

RSA-based modeling of politeness

which represents the informativeness of the model of the literal
listener (𝐿 0 ), by mapping 𝑢 to a state 𝑠 by considering the
literal meaning and the prior distribution of the states: 𝑃 𝐿0 (𝑠 |
𝑢) ∝ 𝑢(𝑠) · 𝑃(𝑠). The data for the states’ prior distributions in
𝐿 0 is collected in experiment 1 of this paper. When modeling
politeness in RSA, Yoon et al. (2016) introduced a social utility
𝑈social (𝑢; 𝑠) = E 𝑃𝐿0 (𝑠|𝑢) [𝑉 (𝑠)]
to model the competing goal of being nice. This utility uses
a value function 𝑉 (𝑠) = 𝛼 · 𝑠 that manipulates the degree
of politeness. Simply put, the social utility is responsible for
making the speaker choose a more positive speech act than
the literal meaning when 𝛼 > 1. Both utilities (and hence the
competing goals of a speaker) are represented in the overall
utility function
𝑈 (𝑢; 𝑠; 𝜙) = 𝜙 · 𝑈epistemic (𝑢; 𝑠) + (1 − 𝜙) · 𝑈social (𝑢; 𝑠)
where 𝜙 ∈ [0, 1] is the goal weight defining how nice (indirect)
or informative (direct) the speaker intends to be.
An updated version of this model (Yoon et al., 2020) adds a
third goal (and utility) that considers the self-presentational
goal of a speaker. This allows the speaker to not only consider
the degree of informativeness and niceness, but also that
she wants to be seen as being considerate. In this paper we
concentrate on the original model by Yoon et al. (2016), as it
introduced the concepts of social utility weighing that is the
relevant factor for our approach.

For the three experiments and for the models we had the
following expectations. For experiment 1 we expected similar
literal meaning evaluations for the translated German target
words as those in Yoon et al. (2016). Experiment 2 collects
evaluations of indirectness for speaker strategies based on the
speaker-hearer relation, which will be used as an empirical
comparison to the optimized 𝜙 values in the pRRSAc model.
Experiment 3 will collect data for model training and will
additionally be used to analyze the influence of speaker-hearer
relations on the evaluations of the meaning of target words.
The speaker-hearer relations used in experiments 2 and 3
are based on previous research on power and distance that
also uses relation designations such as close friend to analyze the influence of assumed speaker-hearer relations on
politeness (Holtgraves and Yang, 1990; Kasper, 1990; Vergis and Terkourafi, 2015; Watts, 2003). Relationships that do
not differ in authority or status, e.g., friends or colleagues,
are regarded as having similar power (Brown and Levinson,
1987; Holtgraves and Yang, 1990). While relations including
roles with authority and higher status, such as a boss, are
seen as having higher power. The distance is manipulated
with adjectives, suggesting more distance (dreaded, distant) or
less distance (close, easy-going) between interlocutors. Due
to the speaker-hearer relationship, the degree of face threat
for the same utterances differ (Brown and Levinson, 1987).
Relationships considered to have equal power and distance,
such as close friends, are expected to cause speakers to use
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more direct politeness strategies. Previous research found that
when coming from a person with lower distance and power,
direct and potentially face threatening utterances are accepted
(Brown and Levinson, 1987; Holtgraves and Bonnefon, 2017;
Gupta et al., 2007). In contrast to this, when a listener has
high power over a speaker, e.g., a dreaded boss, the choice
of a speaker’s strategy is expected to be indirect as the face
threat is high (Holtgraves and Yang, 1990). In experiment 3 we
therefore expect that indirectness results in more negative state
evaluations for positive target words. Furthermore, we expect
negative target words to differ less in their evaluations between
relationships due to a floor effect (more negative evaluation
is not possible). Finally, we expect our modeling approach to
achieve a similar performance as the model presented in Yoon
et al. (2016), as the main difference lies in the data and not the
model structure. Specificly, our hypotheses are:
H-1: Different speaker-hearer relations (with different power
and distance) account for higher or lower face threats.
H-2: Higher face threats trigger indirect politeness.
H-3: Degree of positivity of the target word influences the
evaluated degree of face threat.
H-4: Polite RSA (Yoon et al., 2016) can be instantiated with
German language data.

Experiment 1: Literal semantics
Experiment 1 collects data for the model’s literal listener (𝐿 0 ).
It is based on the literal semantics experiment by Yoon et al.
(2016) – but with target words in German.

Method
Participants Participants were mostly recruited via text message and did not receive compensation. As in Yoon et al. (2016),
a relatively small number of 32 participants, all German native
speakers, took part. Of these, most were university students
(75%) and female (68.75%). 87.5% of participants were aged
22–30.
Material and design We translated Yoon et al. (2016)’s
target words (“amazing”, “good”, “okay”, “bad”, “terrible”),
representing different judgements of a situation, to German:
“großartig”, “gut”, “okay”, “schlecht”, “schrecklich”.
Procedure The task for participants in this experiment was to
judge whether they think a target word matches a certain state
(‘meaning’) represented on a five-point heart-shaped scale
(♥–♥♥♥♥♥). Each participant had to rate all target words in
combination with all possible states. Each item was randomly
presented in one out of five short context scenarios concerning
the evaluation of a hobby, e.g.: Lisa baked a cake for Sue.
Sue tastes it and rates it with three hearts (♥♥♥). Does Sue
think that the cake is “schrecklich”? Participants had to answer
either “yes” or “no”. To avoid gender effects on politeness, all
characters used in the scenarios were female (Kasper, 1990).

Results
Table 1 shows the proportion of participants’ acceptance of
target words given a state (from one to five hearts). Results were

Table 1: Acceptance (“yes”) proportions of target word–state
matching judgements by participants in experiment 1.
Target word
DE (ours)
EN (Yoon)

1♥

2♥

State
3♥

4♥

5♥

großartig
gut
okay
schlecht
schrecklich

0
0.03
0.06
0.91
0.84

0.03
0.03
0.47
0.59
0.25

0.06
0.66
0.94
0.06
0

0.16
1
0.66
0
0

1
0.90
0.47
0
0

amazing
good
okay
bad
terrible

collapsed across contexts for the evaluation. For each target
word a different distribution over the states can be observed.
We also compared the results to Yoon et al. (2016)’s using
English target words. Overall, the state evaluations were similar,
the German translations seemed to be perceived to be more
negative though (lower state evaluations).

Experiment 2: Evaluation of indirectness
Experiment 2 measures the influence of speaker-hearer relationship and state on the choice of directness of a speaker’s
strategy. Directness values obtained in this experiment will be
compared to the predicted values of 𝜙 in the pRRSAc model.
The empirical results will also be compared to those from
experiment 3 in order to test the relationship influences on the
choice of (polite) indirectness.

Method
Participants Compared to the questionnaire of experiment 1,
the recruitment for this experiment was extended to social
media platforms and the university department’s mailing list.
Participants could take part in a raffle to win a 20 EUR
voucher of their choice. A total of 126 participants were
recruited, of which 84 remained after excluding non-native
speakers of German as well as participants who failed attentioncheck questions. Most participants were students (65.5%), and
female (61.3%). The average age of all participants was 26.28
(𝑆𝐷 = 8.41).
Material and design As in experiment 1, five fictional context
scenarios concerning the evaluation of a hobby were used
and participants received information on the opinion of the
speaker (‘state’) represented on the five-point heart-shaped
scale. Additionally, four speaker-hearer relationships, expected
to differ on the dimensions of power and social distance, were
used. The role of the listener in a scenario was either a close
friend (“enge Freundin”; suggesting low power and small
distance), a distant colleague (“entfernte Kollegin”; low power,
large distance), an easy-going boss (“lockere Chefin”; high
power, small distance), or a dreaded boss (“gefürchtete Chefin”;
high power, large distance). Again, all fictional characters were
female. Each participant received 20 items, combining every
possible combination of relationship and state, as well as three
attention-check questions.
Procedure Each item first described the speaker-hearer relationship, a random context scenario and the opinion of the
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Table 2: Median directness values per relationship and state,
from experiment 2 (0/“very direct” – 100/“very indirect”).
Relationship
Close friend
Distant colleague
Easy-going boss
Dreaded boss

Table 3: Mean values and standard deviations for each relationship and target word from experiment 3. The two columns
on the right show the predicted mean results of the two models.

1♥

2♥

State
3♥

4♥

5♥

Relationship

Target word

34.5
85.0
69.5
98.5

35.5
73.0
62.0
87.0

23.5
54.0
39.0
66.5

7.5
24.0
16.0
27.0

0
8.5
0
13.0

Exp. 3
Mean (SD)

Close
friend

großartig
gut
okay
schlecht
schrecklich
großartig
gut
okay
schlecht
schrecklich
großartig
gut
okay
schlecht
schrecklich
großartig
gut
okay
schlecht
schrecklich

4.80 (0.46)
3.31 (0.74)
2.38 (0.71)
1.12 (0.33)
1.18 (0.73)
4.31 (0.78)
2.91 (0.71)
2.04 (0.65)
1.26 (0.61)
1.04 (0.24)
4.46 (0.75)
3.27 (0.72)
2.30 (0.67)
1.25 (0.49)
1.07 (0.37)
3.69 (0.98)
2.59 (0.87)
1.67 (0.73)
1.19 (0.69)
1.11 (0.35)

speaker on the heart-shaped scale. The listener then asks for
the speaker’s opinion on her performance, e.g., “Lisa asks Sue
for her opinion about the cake.” Participants were then asked
how the speaker (e.g., Sue) would respond to the question
using a slider-based scale from 0 (“very direct”; i.e., on-record)
to 100 (“very indirect”; i.e., off-record). These terms were explained to participants based on Brown and Levinson’s (1987,
pp. 68–69) explanation of on- and off-record strategies.

Distant
colleague

Easy-going
boss

Dreaded
boss

Results
A one-way analysis of variance (ANOVA) was conducted
in order to evaluate speaker-hearer relationship influences.
We found statistically significant differences between relations (𝐹 (4, 3) = 161.259, 𝑝 < 0.001) and states (𝐹 (4, 3) =
389.317, 𝑝 < 0.001). As can be observed in table 2, for positive states (four or five hearts) participants chose more direct
speaker strategies across all relationships. Due to the large
range of the response scale (0–100), we consider median values
for more direct inspection.
Discussion Generally, the data was rather distributed over the
response range, especially for the relationships close friend and
easy-going boss. Tendencies confirming hypotheses H-1 and
H-2 can be observed though: Relationships with low power and
small distance (close friend) result in a more direct strategy
than those including a listener with high power and large
distance (dreaded boss). In line with intuition, participants
did not see the need for an indirect speaker-strategy for higher
states (i.e., more hearts). Additionally, it can be observed that
participants chose a more indirect strategy when the listener
had a large distance and low power (distant colleague) than
when the listener had high power and small distance (easygoing boss). This could be interpreted as an indication for a
difference in relevance of power and distance for indirectness.
This result is surprising given the rather unclear findings
regarding the influence of distance on politeness – as opposed
to the conclusive evidence for the influence of power – in
previous research (Holtgraves and Bonnefon, 2017; Leichty
and Applegate, 1991).

Experiment 3: True state inference
Experiment 3 collects data for model training as well as to gain
further insights on the influence of relationships and states on
indirect politeness interpretation. It is an adaption of Yoon
et al. (2016)’s experiment 2.

Model predictions
pRRSAc pRRSAf
4.38
3.54
2.44
1.17
1.04
3.93
3.09
2.21
1.06
1.02
4.3
3.50
2.41
1.14
1.03
3.62
2.37
1.89
1.04
1.02

4.26
3.52
2.50
1.21
1.07
3.87
2.25
2.15
1.05
1.01
4.1
3.36
2.37
1.12
1.04
3.60
2.25
1.77
1.01
1.00

Method
Participants This was part two of an online study that combined experiments 2 and 3, participants are thus the same.
Material and Design Instead of using speakers goals as
the independent variable (Yoon et al., 2016), we used the
speaker-hearer relationship. This substitution was done, as it
was considered difficult for a listener to know or guess the goal
of the speaker, without considering other influences. Hence,
we implemented speaker-hearer relations as a social influence
on the degree of utility weighing. Each participant received one
out of five possible context scenarios for every combination of
relationship and target word.
Procedure Each item first described the relationship (from
exp. 2) between the characters (e.g., “Lisa is Sue’s easy-going
boss”), followed by a short context scenario that included the
listener’s demand for feedback (e.g., “Lisa baked a cake and
wanted to know how Sue liked it”). The speaker’s utterance
was given containing a target word (from exp. 1, e.g., “Sue
says: ‘It was gut’”. Afterwards, participants were asked to
answer on a five-point heart-shaped scale what they believed
the speaker (e.g., Sue) actually thought (state).

Results
For the evaluation, the results were again collapsed across
contexts. This experiment collected the influences of speakerhearer relations and target word on the state evaluation. Means
were compared and analyzed with a one-way ANOVA and
Tukey post-hoc tests (see supplementary material for details).
Table 3 shows the mean state evaluation and standard deviation results for each target word and relationship. Overall,
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the target words “schlecht” and “schrecklich” were perceived
similarly. It can further be observed that the standard deviations for the dreaded boss were higher than those for the other
relationship conditions. The results of the one-way ANOVA
showed a statistically significant difference between relationships (𝐹 (3, 4) = 48.58, 𝑝 < 0.001) and the different target
words (𝐹 (3, 4) = 1416.91, 𝑝 < 0.001). Further, a statistically
significant interaction of the two variables with a small effect
size (𝑛2 = 0.015) was found. Tukey post-hoc tests were conducted in order to analyze which relationships and target words
differed. For almost all relationship pairs the results differed
statistically significantly, except for the comparison of the results for the close friend and easy-going boss.The relationships
that triggered the most different results were the close friend
and dreaded boss. Apart from the target words “schlecht” and
“schrecklich”, all target words differed statistically significantly
from each other. Overall, the evaluations for the more negative
target words did not differ greatly between relationships, while
the target word “okay” differed the most.
Discussion The finding, that relationships with higher power
and larger distance triggered lower state evaluations, support
the results from experiment 2. This suggests that participants
assumed the speaker to be polite (indirect) by choosing a more
positive target word than what was actually meant. This is in
line with the results from experiment 2 and hypotheses H-1
and H-2 can therefore be accepted.
Further, as expected, more negative target words did not
differ greatly between relationships. This can be explained
with the interpretation that already negative target words might
either be assumed to be honest, or participants were not able
to choose a worse interpretation or say that it was overall
inappropriate (e.g., saying to one’s boss that something she
did was terrible). Hypothesis H-3 can however be accepted.

Modeling
The model implementation with the training of the parameters
and the prediction is based on scripts by Yoon et al. (2017,
as materials of Yoon et al. (2016) were not available). The
formal description of the models is equal to that of Yoon
et al. (2016), existing parameters remain the same but with
individual weighing parameters 𝜙 and 𝛼 for each relationship.

Model training
The same steps were conducted for both model versions. Parameters were calculated using Markov chain Monte Carlo
(MCMC) methods (Kruschke, 2014; Yoon et al., 2016, 2017)
and then used to predict the states for each target word and
speaker-hearer relationship. The data collected in experiment 3
was split 80/20 into a training set for MCMC and a test set
for the evaluation. The MAP values from the results of experiment 1 were used for the literal listener model. For the
parameter optimization of 𝜙 (one for each relationship in
pRRSAc ), 𝛼 (one for each relationship in pRRSAf ) and 𝜆, two
MCMC chains with 80.000 iterations were calculated for each
model. Uninformative priors were used for all variables as
prior probabilities: 𝜙 ∼ 𝑈 (0, 1) (four 𝜙 variables in pRRSAc ),

Table 4: Maximum a posteriori (MAP) estimates and 95%
highest probability density intervals (HDI) for the parameters
resulting from the MCMC optimization. The rightmost column
shows the values chosen for the model predictions.
Model

Variable

MAP [95% HDI]

Values

pRRSAc

𝛼
𝜆
Close friend | 𝜙
Distant colleague | 𝜙
Easy-going boss | 𝜙
Dreaded boss | 𝜙

0.61 [0.45, 1.14]
4.59 [3.11, 5.71]
0.45 [0.34, 0.59]
0.31 [0.25, 0.47]
0.37 [0.32, 0.56]
0.22 [0.15, 0.33]

1.28
3.4
0.58
0.47
0.56
0.34

pRRSAf

𝜙
𝜆
Close friend | 𝛼
Distant colleagues | 𝛼
Easy-going boss | 𝛼
Dreaded boss | 𝛼

0.69 [0.6, 0.75 ]
2.25 [1.94, 2.63]
1.88 [1.24,2.54]
2.9 [1.94, 3.69]
1.97 [1.36, 2.71]
4.63 [3.01, 5]

0.66
2.37
1.86
3.04
2.33
4.74

Table 5: 𝑅 2 , top1- and top2-accuracy values for each relationship for the pRRSAc model predictions.
Relationship
Close friends
Easy-going boss
Distant colleagues
Dreaded boss

𝑅2

Top1-Acc.

Top2-Acc.

0.79
0.74
0.78
-0.2

0.72
0.64
0.75
0.43

0.95
0.90
0.87
0.67

𝛼 ∼ 𝑈 (0, 5) (four 𝛼 priors in pRRSAf ), and 𝜆 ∼ 𝑈 (0, 20).
Table 4 shows the MAP results and highest probability density
intervals of the parameter optimizations.
The pRRSAc 𝜙-parameter optimization results (Table 4)
were compared to the median indirectness values across states
from experiment 2 (see supplementary material table B.4).
This showed, that the evaluations by participants were overall
higher (more direct) than the optimized 𝜙 values.

Model predictions
The parameter values used for the model predictions are shown
in table 4. Overall, both models had very similar prediction
results and differed only slightly in their predicted distributions.
This can be observed for the means across states (columns 4 and
5 in table 3, and fig. 1) as well as in the prediction distributions
(see supplementary material). There are some overall differences in the predicted distributions to the experimental results,
even though the means over all states are similar as shown
in Figure 1. The value 𝑅 2 = 0.595 was virtually identical for
the predictions of both models. Additionally, two different
accuracy measures were calculated, as not only the highest
predicted outcome (top1-accuracy = 0.634) was of interest,
but also the distribution of the second most probable prediction
(top2-accuracy = 0.842). Precision and recall values can be
found in the supplementary material (Table D.1).
Further, accuracy and 𝑅 2 for each relationship can be found
in table 5. Here it can be observed, that the model achieved significantly worse results for the dreaded boss condition. Overall,
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Schlecht
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Gut

Schrecklich

Schlecht
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Großartig

Target Word

Close Friend
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Easy−going Boss

4

1
Großartig

1

1

Relation

Gut

2

Close Friend
Distant Colleague
Dreaded Boss
Easy−going Boss

Großartig

3

5

Relation

Predicted Mean States

Close Friend
Distant Colleague
Dreaded Boss
Easy−going Boss

4

pRRSA_f

5

Relation

Predicted Mean States

Mean State Evaluations

5

Target Word

Figure 1: Graphical comparison of behavioral means (experiment 3, left) and model prediction means (pRRSAc , center; pRRSAf
right) over all states for each relationship and target word.
when evaluating the 𝑅 2 values, one should consider that it only
takes into account the first most probable prediction and not
the distribution of the predictions, which is however relevant
for the evaluation and can be best observed in distribution
graphs (see supplementary material figures D.1).

Overall, our modeling approach contributes to formal modeling of politeness, not only by instantiating the RSA-based
approach (Yoon et al., 2016) with German data (H-4), but also
by adapting it to consider social influences on indirectness.

Model discussion

The research presented in this paper had two goals. The first
goal was to find further empirical evidence for the influence of
speaker-hearer relations, in terms of power and social distance
to the listener, on directness in politeness strategies. The second
goal was to instantiate Yoon et al. (2016)’s RSA-based model
of politeness with German language data and to extend it by
mapping speaker-hearer relation influences to the weighing
parameters. Two models were created to compare for which
parameter the relationship influence mapping worked better.
The empirical part of our studies found evidence for the
influence of speaker-hearer relations on the choice of offrecord politeness, confirming previous findings (Holtgraves
and Bonnefon, 2017). Our study found influences of power
and distance on politeness – previously found by Holtgraves
and Yang (1990) for requests – for judgements of the listener’s
performance in a hobby context. By testing relationships on
different ends of the power and distance spectrum, we further
found that both factors influence indirect politeness. This is
notable because finding strong influences of distance on politeness has proven difficult in previous research (Holtgraves and
Bonnefon, 2017; Vergis and Terkourafi, 2015). Future research
should analyze this further by also considering different types
of distance (frequency of interaction, likeability).
Both pRRSA models – mapping speaker-hearer relations
to two different variables in Yoon et al. (2016)’s approach –
made similar predictions. It is therefore not possible, with this
approach, to state whether relationships should rather influence
the speaker strategy in the conceptualisation stage (pRRSAc )
or the degree of politeness in the formulation stage (pRRSAf ).
Overall, both models achieved average predictions similar to
the behavioral data, even though the probability distributions
over the possible states diverged from the data.

Both model versions made similar predictions regarding the
correct state for the target words across relationships. We
expected differences in the prediction performance to identify
the parameter that is more suited for the relationship mapping.
The choice of parameter for the influence mapping seems,
however, to be less relevant than expected. An analysis on which
stage of language production – conceptualisation (pRRSAc )
or formulation (pRRSAf ) – the speaker-influence occurs was
thus not possible with this approach. Overall, on average the
models predicted similar states compared to the empirical data.
However, probability distributions of the predictions differed
from the probabilities for the states evaluated by participants.
Some of the results could be explained with the data, as, e.g.,
for the less accurate predictions for the dreaded boss condition,
where the data was more distributed, which could be explained
with the design of the experiment. An important factor are
additional influences not specified in the experimental items
(e.g., how long did it take to bake the cake) which might lead
to multiple plausible answers in experiments 2 and 3. The
variability in interpretation – always present in interaction
– as well as listeners’ uncertainty when interpreting speech
acts (Holtgraves, 2021) likely had an influence as well. In
probabilistic models, these should ideally be represented using
Bayesian statistics. As the present approach does not allow
this, future research should aim at modeling this variability
within the relationship influences, e.g., by modeling power and
distance explicitly instead of just mapping a general relationship
influences to a single model variable (𝜙 or 𝛼).
Further, we compared the indirectness evaluations from
experiment 2 with the optimized pRRSAc model’s 𝜙 values
for each relationship. The differences between these values
indicate that the optimized 𝜙 values might include more (or
something different) than just the weighing of directness.

Conclusions

More detailed results and materials are available in the supplementary material: http://doi.org/10.17605/OSF.IO/P4F8C
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Abstract
The propensity for people to avoid mentally demanding tasks
in the absence of reward is well documented. As a result,
humans are often described as cognitive misers. This
characterisation, while consistent with the psychological
literature, contradicts everyday instances of effort being
sought: reading, board games, and brain-teasing puzzles.
Such examples however are markedly different from the
types of tasks typically used in the mental effort literature
(e.g., working memory tasks, demand selection tasks). The
current set of experiments assessed whether the type of task
(i.e., N-Back, Number Sequence Problems [NSP], or
Anagrams) affects people’s aversion to, or desire for,
increased effort. On average, across 3 experiments,
participants showed an aversion to effort regardless of
whether the effort required was more attentional (N-Back) or
cognitive (NSP and anagrams) in nature, and were willing to
forgo financial reward in order to avoid more difficult tasks.
A minority of participants, however, sought more effortful
tasks for equal or lesser reward.
Keywords: mental effort; effort avoidance; effort seeking;
cognitive misers; demand avoidance.

Introduction
Evidence that human beings are averse to engaging in
mentally demanding tasks pervades the psychological
literature (for review, Kool & Botvinick, 2018; Inzlicht,
Shenhav, & Olivola, 2017), leading some to label us
“cognitive misers” (Fiske & Taylor, 1984). In laboratory
experiments, people prefer tasks which require less
switching (Kool et al., 2010), tasks with lower working
memory demands (Westbrook, Kester, & Braver, 2013),
and will persist with “easier” strategies even with they
incur a time or reward penalty (Kool et al., 2010).
Anecdotally, people often opt for television over a book,
social media over emails, or in academia, getting another
coffee to avoid grading essays.
Despite this, it is obvious that humans occasionally seek
out effort, even for leisure. If effort was ubiquitously
aversive, the New York Times wouldn’t have over one
million subscribers to their games section, chess wouldn’t
have lasted thousands of years, and over two million people
wouldn’t play Wordle every day. Moreover, the rewards
for engaging in such tasks appear minimal beyond the
positive feedback for a correct answer or the social reward
after beating a friend in a game. While such instances of
effort seeking are commonplace in everyday life, they are
scant in controlled laboratory settings. To our knowledge,
experimental examples of effort seeking in the absence of
extrinsic reward are only observed when the alternative is
doing nothing – which arguably results in an aversive state
of boredom (Bench & Lench, 2019; Wilson et al., 2014).
A successful theory of mental effort should account for
both instances of effort avoidance and effort seeking.
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Firstly, however, instances of effort seeking need to be
observed in a controlled environment to distinguish the
factors which make effortful tasks intrinsically rewarding
rather than aversive.

Defining Mental Effort
Inzlicht and colleagues’ (2017) define mental effort as the
phenomenon which modulates how well an individual
could perform on some task and how well they actually
perform. Typically, as effort increases, assuming difficulty
is held constant, performance also increases. Furthermore,
increased amounts of effort are required to maintain
performance as external difficulty increases.
In addition, we also divorce the use of the term effort
from the aversive experience felt when engaging in a
demanding task (e.g., “grading undergraduate essays is
effortful”). In theory, demarcating the expenditure of
mental effort from a sense of effort (Kurzban, 2016) makes
it possible for effort to increase independently from the
aversive feeling often associated with it. For example, one
could increase the difficulty level on their favourite
computer game, and subsequently the amount of effort they
need to exert, without it becoming less enjoyable.

Types of Mental Effort
Typical experiments investigating mental effort use tasks
which could broadly be defined as attentionally
demanding. For example, Westbrook and colleagues
(2013) use the N-Back task (Kirchner, 1958) which places
stress on working memory as the value of ‘N’ increases.
Kool and colleagues (2010) used task switching games
known as Demand Select Tasks (DST) where the rules of
the game may change between trials: if a number displayed
is blue, participants must respond as to whether it is greater
or less than 5; if the number displayed is purple,
participants must respond whether it is odd or even. Games
which require greater switches between the two sets of
rules (i.e., switches of colour) are considered more
effortful. Other types of tasks are those employed by Caplin
et al. (2020) which require participants to make distinctions
between 7 and 10-sided polygons, or DellaVigna and
Pope’s (2018) experiment which required participants to
press the a and b keys (on a keyboard) as fast as possible.
Even without direct experience of such tasks, it is
unsurprising that participants are unwilling to increase the
difficulty (and subsequently their effort) without additional
reward. In these instances, effort aversion is presumably
driven by an increased sense of effort; as the amount of
mental effort exerted increases, so too does the aversive
sense of effort.
All challenging tasks require attention in order to
succeed, but in attentionally demanding tasks, maintaining
attention is the primary determinant of whether a

In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
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participant succeeds or fails. Conversely, tasks which
people engage in recreationally (e.g., board games,
puzzles) often require effort which could be labelled
cognitively demanding – types of tasks which often require
abstract, problem-solving skills in addition to maintained
attention. Before such potential differences – attentionally
and cognitively demanding – are explicated however, it is
important to establish whether this intuitive distinction
maps onto different effort preferences. For instance, are
people more willing to increase their effort in a cognitively
demanding task (e.g., solve the missing number in a
sequence) than an attentionally demanding one (e.g., NBack tasks).
The current set of experiments assesses the cost of
effort across three tasks – N-Back, Number Sequence
Problems, and Anagrams – which we intend to require
different types of effort. Specifically, the N-Back task
requires attention and working memory, whereas the
Number Sequence Problems and Anagrams require more
abstract, problem solving skills which we argue more
closely align with the tasks people partake in for fun (e.g.,
sudoku, Scrabble). Preferences and aversions to effort were
assessed using an effort discounting task (COG-ED;
developed by Westbrook et al., 2013). Analogous to a delay
discounting task, the COG-ED allows an explicit financial
cost to be placed on increasing (or decreasing) mental
effort.
The COG-ED Task
Westbrook and colleagues (2013) first developed and
employed the COG-ED using a N-Back task which had six
levels of difficulty (N ranging from 1 – 6). The COG-ED
task starts by asking participants to choose between a 1Back task for $1.00 and a higher difficulty level for $2.00.
For example, a 1-Back task or a 2-Back task. In this
example, if participants chose the 2-Back task, the next
offer for the 1-Back would rise $0.50 (i.e., 1-Back for $1.50
or 2-Back for $2.00). If the 1-Back was chosen, its value
on the next offer would decrease by $0.50 (i.e., 1-Back for
$0.50 or 2-Back for $2.00).
Participants made six choices for each comparison (1Back or N-Back, where N ranged from 2 – 6) and the
amount the offer changed would halve each time 1. After six
choices the final amount offered for the 1-Back task was
taken as the indifference point. The lower the value of the
indifference point the more participants were willing to
lose in order to avoid the harder task (i.e., higher N-back
task).
Their results showed that the harder the N-Back task,
the lower the average indifference point. In other words,
participants were willing to forgo greater financial reward
as the N-Back difficulty increased.

Experiment 1
The first experiment aimed to replicate the work of
Westbrook and colleagues (2013) with the addition of a 0Back task. Here participants gained experience with
various N-Back tasks (where N = 0 – 5) and then completed
1

a COG-ED task which assessed their preferences and
aversion to the varying difficulties. The 0-Back task was
intended to elicit boredom, potentially inducing
participants to prefer effort.
The design of our COG-ED task offered $2.00 for each
option on the initial choice, allowing participants to show a
preference for either the easier or harder N-Back difficulty
(a feature not present in the original use of the COG-ED
task).
Analogous to Westbrook et al. (2013) findings we
expected participants, on average, would be willing to
forgo greater reward as the difficulty level increased. We
did however expect that some participants may show a
preference for harder tasks (e.g., 1-Back and 2-Back) when
the alternative was the potentially boring 0-Back.

Methods
Participants Thirty-nine students2 enrolled in Psychology
1A or 1B courses at the UNSW, Sydney participated in the
experiment in exchange for course credits. In addition,
participants were paid a bonus (M = $5.11AUD).
Materials The experiment was coded in jsPsych (de
Leeuw, 2015) and JavaScript. Participants completed the
experiment on HP desktop computers in the lab.
N-Back Design The N-Back task consisted of six difficulty
levels (N = 0 – 5) and drew from 10 consonants (Z, X, C,
V, B, N, R, P, T, S). There were 30 sequential trials (letters
displayed) in each run. Each letter was displayed for 2000
ms and there was a post-trial gap of 1500 ms. Participants
were required to press ‘m’ (during the 2000ms trial) on
their keyboard if the current letter matched the letter from
N turns ago.
On a single trial, the chance of the current letter
matching the letter from N trials ago was 33%. This was
to ensure the experienced difficulty did not fundamentally
differ between and within participants. During a 0-Back
task letters were randomly drawn and participants were
simply required to press ‘m’ for each letter.
COG-ED Design The COG-ED task consisted of nine
different comparisons: 0-Back vs 1, 2, 3, 4, and 5-Back, and
1-Back vs 2, 3, 4, and 5-Back. The five 0-Back
comparisons were presented first (in a random order)
followed by the four 1-Back comparisons (in a random
order).
On the initial choice of each comparison, both N-back
tasks were offered for $2.00 (Figure 1). Whichever option
was chosen first reduced by $1.00 on the next trial; this
option then increased (decreased) by half of the last
adjustment if the alternate (same option) was chosen; this
titration occurred for seven trials and the final value (of the
titrated option) was taken as the indifference point. It is
important to note that whichever option was first chosen
was the option which titrated over the remaining six
choices. This was to ensure offers did not rise above $2.00,
therefore participants forwent reward, rather than receiving
greater reward to complete a task.
2

The changes in the offered value (to 3 d.p.) across the six
choices are $0.50, 0.25, 0.125, 0.062, 0.031, 0.015.

The number of participants was lower than our intended
sample of 50 due to a state-wide COVID-19 lockdown.
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Figure 1. A participant’s view for the first choice between
a 0-back task and 2-back task.
Procedure Participants were given detailed instructions
and a demonstration of how the N-Back task worked.
Participants were also instructed that if they were unsure
how the task worked they could ask the experimenter for
help.
Following the instructions participants completed 12
training runs – two of each difficulty level – and were given
feedback on their performance after each run. Feedback
was in the following form: “You correctly identified x of the
X matching items. You incorrectly identified y of Y nonmatching items. On average, you got z-percent correct.”
Participants then moved onto the COG-ED task. They
were told they would be choosing which option they would
“prefer to complete for the amount of money specified” and
that one of their choices would be randomly selected after
the COG-ED phase and played out. Participants were also
told their engagement and effort would be monitored
during this final selected N-Back task and that they “will
only be paid… if you maintain your effort during the task.”
It should however be noted that no such monitoring of
participants performance or engagement took place, and
payment was not contingent on their performance
(following precedent – see Westbrook et al., 2013).
After a participant’s choice was randomly selected from
the COG-ED task (e.g., 1-Back for $1.25) they completed
three runs of 30 trials of the selected difficulty level for the
offered amount of money. Their performance on this phase
did not affect their payment.
After completing the experiment participants were
debriefed and received a bonus payment according to their
randomly selected trial.

willing to forgo) and values between 0 and 1 indicate
participants were willing to forgo reward to do the harder
option (and the proportion of reward they were willing to
forgo). For example, for the 1-Back or 2-Back comparison,
an SV of -0.5 (+0.5) indicates a participant was willing to
forgo 50% of the offered reward to do a 1-Back (2-Back).
On average, participants showed preferences for the
easier option (Figure 2) and were willing to forgo greater
proportions of reward as the difficulty disparity grew larger
between the options (F(8, 341) = 14.30, p < .001).
Exceptions were the 0-Back vs. 1-Back (M = .02, t(38) =
.62, p = .53) and 0-Back vs. 2-Back comparisons (M = -.07,
t(38) = -.99, p = .33) where participants were, on average,
indifferent between the two options.
We also took a count of participants preferences when
offered rewards were equal (i.e., both $2) across the nine
comparisons (Table 2).
Table 1: Average performance per N-back level in the
training phase of experiment 1.
N-Back

Percent Correct

Standard Error

0
1
2
3
4
5

95.94
98.72
93.72
82.10
75.99
72.77

0.02
0.42
0.94
1.38
1.29
1.35

Table 2: Number of participants who preferred the harder
option for each comparison in Experiment 1.
Comparison
0 or 1
0 or 2
0 or 3
0 or 4
0 or 5

Prefer
Hard
16
14
8
2
1

Comparison

Prefer
Hard

1 or 2
1 or 3
1 or 4
1 or 5

5
5
6
5

Results
Training phase performance Participants’ performance
generally decreased as difficulty level increased (Table 1).
The one exception to this was the 0-Back task (M = 95.94%
correct); this however was driven by four participants with
comparatively low averages (< 80%). When these four
participants are excluded the 0-Back average rises to
99.29%.
COG-ED Task Participants indifference points for each
comparison were converted to a subjective value (SV) by
dividing their indifference point by 2 (the amount initially
offered for each choice) and then subtracting 13. This
conversion allowed indifference points to reflect the
proportion of reward participants were willing to forgo in
order to choose the alternate option: values between 0 and
-1 indicate participants were willing to forgo reward to do
the easier option (and the proportion of reward they were
3 If participants preferred the harder option their SV was

inverted around 0 (i.e., it would lie between 0 and +1)
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Figure 2. Average (diamonds) and individual (circles)
SVs for each COG-ED comparison in Experiment 1.

Discussion
The results of Experiment 1 largely replicate those of
Westbrook et al. (2013) in that participants were willing to
forgo reward in order to avoid harder difficulties. The
addition of a 0-Back task, which requires minimal effort
and was assumed to induce boredom, did not lead to effort
seeking as was expected. However, in the 0-Back or 1Back/2-Back comparisons participants were indifferent
between the two options despite the 1-Back/2-Back tasks
presumably requiring marginally more effort.

Experiment 2
Experiment 2 mimicked the design of Experiment 1,
substituting the N-Back task for Number Sequence
Problems (Figure 3; NSP) which we designed to more
closely resemble the types of problem-solving tasks people
play for fun (e.g., sudoku). NSPs consisted of a pie chart
with six segments each containing a number except for the
top segment. All of the problems followed a particular
numerical rule which starts from the top right segment and
moves clockwise around the circle. Participants were
required to solve the numerical pattern and then input the
missing number in a box below the problem.

Figure 3. The rule for this problem (from the Medium set)
is double the previous addition. The first addition is +2 (3
→ 5), the following is +4 (5 → 9), the final addition is
+32 (33 → 65). The solution is therefore 65.

Problems were categorised into three difficulty
categories: Easy, Medium, and Hard. These categorisations
were based on a separate pilot experiment of 50
participants. Participants were required to attempt each
problem and give a rating from 0 – 100 how difficult they
found each one. Average difficulty ratings were as follows:
Easy (M = 4.04, SE = 2.02), Medium (M = 33.53, SE =
5.68), and Hard (M = 72.48, SE = 5.53).

Method
Participants Fifty-two participants completed the
experiment via the Prolific platform. Participants were paid
a flat rate of £3.25 and were also paid a bonus depending
on their randomly selected choice from the COG-ED task
(M = £1.54).
Materials The same as Experiment 1 except participants
completed their experiment on their own desktop or laptop.
NSP Design Participants had two training blocks of each
difficulty level (Easy, Medium, Hard) where each block
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lasted 3-minutes and a new problem appeared each time a
participant entered their answer. Participants were also
given feedback after each trial (“correct!” or “wrong!”),
they were not however told the correct answer. The 3minute timer only included time spent on a problem, not
time spent on the feedback screen. The presentation order
of the difficulty levels was randomised.
Difficulty levels were not presented to participants as
“Easy”, “Medium”, or “Hard”. Instead, participants were
informed there were 3 different sets of number problems:
“Blue”, “Orange”, and “Red”. These colours corresponded
to a particular difficulty which was randomised between
participants.
COG-ED Design The COG-ED comparisons were Easy or
Medium, Easy or Hard, and Medium or Hard – which were
labelled as the corresponding colours for participants. The
remainder of the COG-ED design was identical to
Experiment 1.
Procedure After instructions, participants completed six,
3-minute runs of the coloured sets (two of each) in a
random order.
After the training phase, participants completed the
COG-ED task which was analogous to Experiment 1
(except there were only 3 comparisons). Participants were
also given a reminder with an exemplar problem from each
of the coloured sets. They were also told there was “no
minimum percent correct or number of problems” they
needed to solve in order to be paid, although we would
monitor their effort to ensure “you are at least trying”.
Following the COG-ED task we asked participants
whether they used a calculator (which was allowed) and
asked them to rate the difficulty (on a 0-100 scale, where 0
is labelled “Easy!” and 100 is labelled “Hard!”) for each
coloured set of problems.

Results
On average, in the training phase participants correctly
solved 97.61% (SE = .37%; M = 32.15 attempted) of Easy
Problems, 68.73% (SE = 2.07%; M = 9.65 attempted) of
Medium Problems, and 17.16% (SE = 2.17%; M = 5.83
attempted) of Hard Problems.
Before analysing the COG-ED results, we removed
participants whose post-task difficulty ratings did not align
with our pre-determined difficulty categories (e.g., ranking
Easy as 90, but Hard as 20). Nine participants were
removed leaving 43 in the COG-ED analysis. In the COGED phase, comparable to Experiment 1, participants were
willing to forgo reward in order to avoid harder difficulties
(Figure 4): Easy vs Medium (M = -.17, t(42) = -2.62, p =
.01), Easy vs Hard (M = -.42, t(42) = -6.56, p < .001),
Medium vs Hard (M = -.26, t(42) = -3.33, p < .01).
Participants, on average, were also willing to forgo more
reward as the difficulty disparity increased between the two
options (F(2, 125) = 3.44, p = .04) – that is, they were
willing to forgo more to avoid Hard problems when the
alternate was Easy compared to Medium.
We also counted participant’s preferences when offered
rewards were equal (i.e., both £2) across the comparisons
(Table 3).

Table 3: No. participants who preferred the harder option
in each comparison in Experiment 2.
Comparison

Prefer Hard (n = 43)

Easy vs Medium
Easy vs Hard
Medium vs Hard

8
5
11

COG-ED Design Same as Experiment 2.
Procedure Same as Experiment 2. Participants were also
asked whether they used a ‘word unscrambler/anagram
solver’ which are available online (but were not allowed in
the experiment).

Results

Figure 4. Average (diamonds) and individual (circles)
SVs for each COG-ED comparison in Experiment 2.

Discussion
The results of Experiment 2 are similar to those in
Experiment 1 in that participants generally avoid effort
with only a minority of participants preferring a more
difficult task when offered rewards are equal. These results
contradict our hypothesis that a problem-solving task (i.e.,
NSPs) may be less aversive than the N-Back task and
subsequently result in less effort avoidance.

Experiment 3
Experiment 3 was identical to Experiment 2 except
anagrams, which also varied in difficulty, were used in
place of NSPs. Like NSPs we hypothesised that anagrams
would be more cognitively demanding and contrast with the
attentionally demanding N-Back task.
Before conducting Experiment 3 a pilot experiment
with 50 participants was conducted to assess the difficulty
of 3, 5, and 7 letter anagrams. Analogous to the pilot
experiment for Experiment 2 participants were asked to
rate each anagram after they had attempted to solve it on a
0 – 100 scale. Difficulty ratings were as follows for the
three categories: 3 letters (M = 6.63, SE = 2.71), 5 letters
(M = 36.20, SE = 6.76), and 7 letters (M = 63.89, SE =
6.99).

Three participants who said they used an anagram solver
were removed, leaving 46 participants. In the training
phase, participants, on average, correctly solved 95.37%
(SE = .34%, M = 79.29 attempted) of 3 letter anagrams,
72.94% (SE = 2.03%, M = 22.74 attempted) of 5 letter
anagrams, and 57.43% (SE = 1.37%, M = 12.87 attempted)
of 7 letter anagrams.
Equivalent to Experiment 2, participants who ranked
the difficulty of the sets (Blue, Orange, and Red) in an order
that did not correspond with our pre-determined difficulties
were removed (n = 9), leaving 37 participants in the COGED analysis. In general, like Experiments 1 and 2,
participants were willing to forgo reward in order to
complete easier sets of anagrams (Figure 5): Easy vs
Medium (M = -.19, t(36) = -3.54, p < .01), Easy vs Hard (M
= -.26, t(36) = -3.96, p < .001), Medium vs Hard (M = -.24,
t(36) = -3.98, p < .001). Participants however did not show
any significant differences in willingness to forgo reward
across the different COG-ED comparisons (F(2, 107) =
0.37, p = .69).
The count of participants’ preferences when options
were offered with equal rewards (i.e., £2) are displayed in
Table 4.
Table 4: No. participants who preferred the harder option
in each comparison in Experiment 3.
Comparison

Prefer Hard (n = 37)

Easy vs Medium
Easy vs Hard

8
7

Medium vs Hard

4

Method
Participants
Forty-Nine
participants
completed
Experiment 3 and were paid £3.75 for the task. Participants
were also paid a bonus depending on their randomly
selected choice from the COG-ED task (M = £1.79)
Materials Same as Experiment 2.
Anagram Design Same as Experiment 2 except problems
were 3, 5, and 7 letter anagrams. Sets of anagrams were
labelled as “Blue”, “Orange”, and “Red”.
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Figure 5. Average (diamonds) and individual (circles)
SVs for each COG-ED comparison in Experiment 3.

Discussion
The results of Experiment 3 largely follow those of the
previous two: participants are willing to forgo rewards in
order to avoid harder tasks. In contrast to Experiment 2,
however, we did not observe an increase in the amount
participants were willing to forgo when the difficulty gap
between two tasks increased. In Experiment 2 participants
were willing to forgo more reward to solve Easy problems
when the alternative was Hard problems compared to
Medium problems; in Experiment 3, however, the
willingness to forgo reward did not significantly differ
between any of the COG-ED comparisons. We speculate,
based on performance in the training phase (percent correct
and number of problems attempted), that this is due to Hard
NSPs being harder than 7 letters anagrams. In other words,
the difficulty gap between 3 letter and 7 letter anagrams is
smaller than the gap between Easy and Hard NSPs.

General Discussion
This collection of experiments aimed to assess whether
varying the type of demand affected people’s preference
(or aversions) for performing various tasks. Experiments 2
and 3 used what we label cognitively demanding tasks
(NSPs and anagrams) which we believe more closely
resemble the problem-solving tasks people partake in for
leisure (e.g., sudoku, Scrabble). Conversely, Experiment 1
used an attentionally demanding task (N-Back) often used
in the mental effort literature.
Our hypothesis was that participants may have less
aversion (or even a preference) for more difficult NSPs and
anagrams when the alternative options were exceptionally
simple (e.g., solve the next number: “1 2 3 4 5 _”;
unscramble “NSU”). We hypothesised that although
solving more difficult NSPs/anagrams would require more
effort, the aversive experience of solving marginally harder
problems may be less so than solving trivial, perhaps even
boring, problems.
Our results however are coherent with previous work
(for review, see Kool & Botvinick, 2018) which find scant
examples of effort seeking in controlled environments.
Participants in all three of our Experiments were willing to
forgo reward (typically upwards of 25% of their potential
earnings) to avoid more demanding tasks regardless of the
task type. A small proportion of participants were willing
to solve more difficult tasks for equal or less money – not
everyone was seemingly effort averse – but these
participants were always in the minority.
One explanation for this pattern may be the disparity
between the number of problems solved (NSPs and
anagrams) between difficulty conditions. While the length
of time spent on a set was held constant across conditions
(3 minutes), the number of problems participants could
solve, on average, drastically differed between sets (e.g.,
participants solved over 6-times more 3 letter anagrams
than 7 letter anagrams in the same time period). While the
number of problems solved did not affect participants’
financial reward, it did influence the amount of feedback
they would receive. However, holding constant the number
of problems per set presents its own problem: participants
can solve easier problems significantly faster and therefore
complete the experiment sooner.
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Future work should examine whether effort aversion
persists when participants are required to choose between
varying task types. It is possible that tasks we categorise as
cognitively demanding (e.g., NSPs, anagrams) do differ
from attentionally demanding tasks in terms of how
aversive increased effort is, but such differences cannot be
observed by within task comparisons. An experiment
comparing N-Back tasks, NSPs, and anagrams, of varying
difficulties, could explicate this possibility. For example,
whether participants would rather complete a 1-Back Task
or a set of 5-letter anagrams.
Moreover, while these results cohere with the
psychological literature, there remains a stark gap between
such observations of effort avoidance (and seeking) in
controlled laboratory environments and instances in dayto-day life: video gamers choose difficulties which match
their ability; chess players, on average, choose a harder
tournament when given the opportunity (Zak, Avrahami, &
Kareev, 2019); and more than two million people now play
the online game Wordle every day. Perhaps extraneous
variables (e.g., prestige, social comparisons) are what drive
such instances of effort seeking, but further research is
required to determine what these variables, whether
extrinsic or intrinsic, are and their impact on effort
aversion.
Significant progress has been made on explaining the
phenomenon of mental effort and its aversive nature since
Galliot and Baumeister’s (2007) blood glucose hypothesis:
which postulated that a physical resource (i.e., glucose)
underlies our sense of effort. For example, Kurzban and
colleagues (2013) opportunity cost model, which argues
the aversive sense of effort guides agents towards
rewarding tasks (e.g., information); if the rewards received
from a task are insufficient given the effort required, an
aversive sense arises, which drives agents towards
alternative tasks (for a summary, see Kurzban, 2016; for
alternative computational accounts of mental effort, see
Shenhav et al., 2017; Westbrook & Braver, 2015).
Computational theories such as Kurzban and colleagues’
(2013) have thus far performed well in explaining a
multitude of observations in the relevant literature, there
are however still gaps to be filled.
For example, such models should be able to account for
instances of effort seeking should they be observed in a
controlled setting (Inzlicht et al., 2017). Without observing
instances of effort seeking (in the absence of extrinsic
rewards) in controlled environments, however, it is difficult
to assess how such theories of mental effort perform.
An experiment which gives participants the choice
between performing a task again, immediately after
completing it (e.g., a set of Easy anagrams), or completing
a new, more difficult task (e.g., a set of Medium anagrams),
may differentiate theories of mental effort. If the sense of
effort exists to guide agents towards more fruitful tasks,
participants should opt for the harder task as new
information is attainable. If, however, increased effort is
generally avoided in the absence of extrinsic reward,
participants should opt to redo the same, easy task.
Future research will need to focus on these and related
questions to determine whether our proposed distinction
between attentionally and cognitively demanding tasks can
help shed light on the effort paradox.
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Abstract
The ability to categorize visual information is essential for human cognition. Often, this categorization is achieved via internalized rules. In rule-based categorization tasks, participants
categorize stimuli according to given decision rules. In this
study, we created a framework aimed at measuring the respective impact of single memory operations on task performance.
We present a study investigating two central mental operations
– the addition of a new and the update of an existing rule –
by confronting participants with Alien images they needed to
assign to planets. Both conditions showed interference effects
for task performance with previously learned ones. We found
improved categorization task performance when old and new
rules were in accordance, but no significant effect for conflicting situations. Our experimental setting promises to be wellsuited to investigate the impact of memory operations on participants’ behavior in a controlled environment.
Keywords: Category learning; rule-based learning; memory
operations; updating rules

Introduction
Facing unknown objects and situations on a daily basis, we
are challenged to conduct an ensemble of cognitive manoeuvres in order to make sense of incoming visual information.
For instance, when we need to judge whether a mushroom is
edible or poisonous, we rely on our ability to combine visual
input with prior knowledge to derive a decision (e.g., red +
white spots = poisonous). A widespread paradigm to explore
the cognitive mechanisms behind our ability to categorize information are category learning tasks.
In typical category learning experiments, exemplars of several categories are presented, showing relevant and irrelevant features of their respective group. Participants then
have to assign the exemplars to a category, typically followed
by feedback on whether their response was correct or not
(e.g., Ashby & Waldron, 2000; Erickson & Kruschke, 2002;
Hughes & Thomas, 2021; Zeithamova & Maddox, 2006).
There is still an ongoing debate about whether only a single system (Nosofsky & Johansen, 2000; Nosofsky & Kruschke, 2002; Nosofsky & Zaki, 1998), revolving around
processes of storing instances or exemplars (e.g., Medin &
Schaffer, 1978; Nosofsky, Clark, & Shin, 1989; Nosofsky,
Kruschke, & McKinley, 1992) or multiple cognitive systems
(e.g., Ashby, Alfonso-Reese, Waldron, et al., 1998; Ashby &
O’Brien, 2005; Erickson & Kruschke, 1998; E. E. Smith &
Grossman, 2008) are involved in solving such categorization
tasks. The latter propose at least one separate system based
on implicit learning during observation of exemplars as well
as an explicit reasoning system for processing of rules.

Looking further into explicit rule-based categorization,
simple rules (e.g., ”All blue exemplars belong to group A. All
red exemplars belong to group B.”), and conjunctions or disjunctions of logical statements will lead to categories that are
usually easy to describe verbally in a subsequent recall test.
In contrast, categories generated using more complex, integrated information or implicit learning are harder or even impossible to verbalize (Ashby et al., 1998). Even though there
is a lot of evidence regarding the role of working memory and
executive attention in rule-based categorization tasks (Ashby
et al., 1998; Maddox, Ashby, Ing, & Pickering, 2004; Waldron & Ashby, 2001; Zeithamova & Maddox, 2006), neither
single operations of working memory like keeping information active, prioritizing, modification or protection from interference (Bledowski, Kaiser, & Rahm, 2010), nor their impact
on performance have been engaged in previous studies.
The aim of the present study was to investigate the cognitive costs of altering previously-learned rules in a rule-based
categorization task. As a starting point, we conducted a study
assessing the influence of adding a new rule as well as a
change to an existing rule on participants’ performance. We
estimated cognitive costs by the differences in error rates and
reaction times between different memory operations. With
this, we are laying the foundation for subsequent experimental testing aimed at investigating the effects of rule-updating
and corresponding cognitive costs in a controlled framework.
We conducted a study comparing two operations in a rulebased categorization scenario: Performing a change to an existing rule and adding an additional rule. Our analyses provided insights into the differences between the operations as
well as the effects that occur for them. However, the experimental setting will also allow us to systematically assess and
compare a variety of other operations.
The remainder of the paper is structured as follows: First,
we will present an overview over moderators that have been
found to affect performance in rule-based categorization tasks
that have to be considered our the study design.
Second, we will describe our study design in detail. Third,
we will present the analyses and results, leading to a discussion of the limits and potentials of this new experimental setting.

Moderators of category learning
Several previous studies investigating category learning have
been designed to target suspected moderators affecting task
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performance. One method is to manipulate similarity between exemplars with shared features, in order to raise or
lower the likelihood of them being associated (Rosch, Mervis,
Gray, Johnson, & Boyes-Braem, 1976), distinguishing between emphasizing commonalities or differences within and
between categories (see Brunel, Carvalho, & Goldstone,
2015; Carvalho & Goldstone, 2014; Kornell & Bjork, 2008;
Zulkiply & Burt, 2013).
Another method is to vary complexity of typizations, meaning that participants have to either apply simple, categorydefining rules or integrate more complex information implicitly (e.g. Ashby & Valentin, 2017; Hughes & Thomas, 2021;
Maddox, Ashby, & Bohil, 2003; E. E. Smith, Patalano, &
Jonides, 1998). Distinctions in category types are well established by findings that, for example, only implicit learning
processes profit from an increased amount of trials (Hélie,
Waldschmidt, & Ashby, 2010). This suggests that when
focusing on explicit rule learning, the influence of implicit
learning can be reduced by keeping the amount of trials low.
Moreover, even though participants receive feedback on
their responses in standard designs, it has been shown that this
typically enhances only learning of information-integrationbased but not of rule-based categories (Filoteo, Maddox, Ing,
Zizak, & Song, 2005; Maddox et al., 2004). Studies varying
the delay or type of feedback further support this differentiation (Dunn, Newell, & Kalish, 2012; Maddox et al., 2003;
Maddox, Love, Glass, & Filoteo, 2008; J. D. Smith et al.,
2014).
Beside of that, it has been demonstrated that even minimal
prior knowledge can influence category learning (Kaplan &
Murphy, 2000). In order to reduce such influences, Carvalho
and Goldstone (2017) recommend to use a scenario with no
available background knowledge (e.g., a fantasy scenario) to
investigate category learning.

ent. This can happen in two ways: First, the rules can contradict each other, leading to a conflict. Second, they could
both lead to the same result, which we call a consensus situation. As the conflict will be most affected by mix-ups, we
expect these situations to be substantially more challenging,
while the consensus situations could actually improve the performance due to multiple rules being available to classify the
item correctly. Furthermore, we expect a change of an existing rule to be easier than an additional rule, as it holds the total number of rules that have to be memorized and considered
for classification constant, by allowing to forget the old rule.
The reduced number of rules should not only improve the performance in terms of correctness, but also in terms of the time
needed to classify an item. While the rule change might be
more prone to mix-ups, e.g., artefacts of the old rule incorporated in the updated rule, even a slightly wrong memorization
might still be sufficient to solve most tasks. Therefore, the
performance for classifying items affected by a rule change
is better compared to rule additions. Finally, for additions
across divisions or within a division, there are two possibilities. On the one hand, it could be easier to stay within the
same division, as it only requires to extend an already existing hierarchy. On the other hand, it might lead to more confusion and mix-ups, which could be reduced when breaking
the hierarchies.

Method
The goal of this study was to investigate how changing an
established rule affected participants’ performance in terms
of their accuracy and response times compared to the addition
of a new categorization rule.
Furthermore, for the addition of a new rule, we aimed at
comparing two different variants: By designing the rules in
a hierarchical manner, they can be understood as a decision
tree. Rules that are located in the same sub-tree are therefore
closer to each other and form a group, which we will call a
division for the rest of this article. A new rule could either
be consistent with the existing divisions (within division) or
conflict with the existing hierarchy, linking features from different sub-trees (across divisions). Based on these operations,
we used three conditions in our study: rule change, additional
rules within division and additional rules across divisions.
Generally, across all conditions, situations can occur in
which the rules interfere/interact with each other. If at least a
part of the rule’s precondition is fulfilled, it can be considered
to be applicable or mix-ups between rules can become appar-

Figure 1: Example for the aliens used as stimuli. The depicted alien would have the following features: 1 antenna, 3
eyes, 2 arms, 6 legs, stripes and teeth.

Study Design
Participants needed to have an age between 18 and 35 years
and be native English speakers in order to participate. After obtaining consent, participants were asked about their demographics and had to pass an attention-check before proceeding with the main study. The main study consisted of
a rule-based classification task, in which participants were
asked to categorize items based on several features using pre-
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Table 1: Rules for the different phases and conditions as logical terms. Note that implicitly assumed negations originating
from mutual exclusion of the rules are omitted.
Feature

Possible values

Antennae
Arms
Eyes
Legs
Teeth
Pattern

None, One, Two
None, Two, Four
One, Two, Three
None, Two, Four, Six
Yes, No
Plain, Striped, Dotted

1. Rule Change: The rules for planet 1 and planet 2 are
changed, now relying on teeth instead of arms.
2. Additional Rule (within division): An additional rule for
planet 3 and planet 4, relying on a dotted pattern and the
number of legs.
3. Additional Rule (across divisions): An additional rule for
planet 1 and planet 4, relying on a dotted pattern and the
number of legs.

viously memorized rules. In order to reduce influences of
background knowledge (for more information, see Kaplan &
Murphy, 2000), we used a fantasy scenario based on the stimuli used by Carvalho and Goldstone (2017). In our scenario,
different aliens had to be assigned to one out of four planets
based on their appearance (see Figure 1 for an example of the
presented aliens).
The participants were presented with instructions and the
rules needed to classify the aliens. Each planet had an unique
combination of two features that allowed to categorize the
aliens unambiguously. The features and the possible values
are shown in Table 1. However, the rules were created in
a hierarchical manner, so that one of the two features was
shared with another planet and were presented. The initial set
of rules was presented as follows:
If an alien has 2 antennae, it comes from either planet 1 or
planet 2.
If an alien has 2 arms, it comes from planet 1.
If an alien has 4 arms, it comes from planet 2.
If an alien has stripes, it comes from either planet 3 or
planet 4.

Table 2 provides an overview of the rules for all conditions
and phases. The aliens in the training phase were randomized, but constructed in a way that they avoided situations in
which they would be categorized differently according to the
changed rules later on (in order to avoid memory effects accidentally carrying over from the training phase). Following the
instructions containing the new rules, another set of 28 tasks
had to be completed by the participants (test phase). Depending on the condition, the set contained a special selection of
tasks to investigate the effects of the rule change or the addition of a new rule. These test tasks will be described in detail
in the following sections.

Rule Change
In the rule change condition, the old rules for distinguishing
between planet 1 and planet 2 had to be replaced, while the
high-level rule remained unchanged. In doing so, three different situations could occur: First, only the updated rule could
be applicable to an alien. Second, the old rules and the updated rule could both be applicable, with both rules yielding
the same categorization (Consensus). Third, the old and the
updated rules could both be applicable, but would result in a
different categorization (Conflict). A total of 6 tasks for each
of the three cases was included, each with 3 tasks for planet
1 and planet 2, respectively. The remaining 10 tasks consisted of aliens from planet 3 and planet 4 and thus were not
affected by the rule changes.

Additional Rule within division

If an alien has 3 eyes, it comes from planet 3.
If an alien has 2 eyes, it comes from planet 4.
The hierarchy divides the planets into two divisions (Planet
1 & 2 and Planet 3 & 4). Planets were named Sala, Diro,
Kemi and Laru with a randomized order of the names. Participants were instructed to give their response using the keyboard only, by pressing the letter S, D, K or L (in accordance
to the first letter of the name of the respective planet). After the rules were presented, the participants were given one
example task for each planet, which showed the respective
rule again after the response was given. After that, a training
phase with 20 tasks (5 of each planet) started. Throughout
the whole study, after each given response, it was indicated
for 0.5s if the response was correct, and if not, what the correct response was.
When the training phase was completed, participants were
assigned to one of three conditions:

The addition of a new rule yielded more options than the rule
changes. As both the new and the old rule are still valid, both
rules had to be tested without interference of the other. For
each, the new and the old rules, 4 tasks were included. Although the rules are mutual exclusive when not crossing the
divisions (as the old and the new rule rely on the same feature), the tasks for testing single rules were constructed in a
way that if one rule matched, the other rule was not matching with any feature (i.e., not only relying on the striped pattern, but also restricting the possible number of legs to 2 and
4 when testing the old rule in order to avoid matching parts
of the new rule). Due to the rules being mutual exclusive,
the conflicts and the cases with consensus also differ from
the rule change condition. Therefore, interference could only
occur partially on one feature. When referring to these situations, the conflict and consensus is annotated by the applicable rule. For consensus, a total of 4 tasks were included (with
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Table 2: Rules for the different phases and conditions as logical terms. Note that implicitly assumed negations originating from
mutual exclusion of the rules are omitted.
Phase

Planet 1

Planet 2

Planet 3

Planet 4

Training
Rule Change

2 Antenna ∧ 2 Arms
2 Antenna ∧ Teeth

2 Antenna ∧ 4 Arms
2 Antenna ∧ No Theeth

New Rule (within)

2 Antenna ∧ 2 Arms

2 Antenna ∧ 4 Arms

Stripes ∧ 3 Eyes
Stripes ∧ 3 Eyes
(Stripes ∧ 3 Eyes)
∨ (Dots ∧ 6 Legs)

New Rule (across)

(2 Antenna ∧ 2 Arms)
∨ (Dots ∧ 6 Legs)

2 Antenna ∧ 4 Arms

Stripes ∧ 2 Eyes
Stripes ∧ 2 Eyes
(Stripes ∧ 3 Eyes)
∨ (Dots ∧ No legs)
(Stripes ∧ 3 Eyes)
∨ (Dots ∧ No legs)

2 tasks for the old and the new rule, respectively), while a total of 8 tasks was used for the conflicts, as we expected those
to have a higher variance. The remaining 8 tasks were, again,
used as baseline, consisting of planet 1 and planet 2.





Dataset
The data was acquired via online study on the platform Prolific1 . Two studies were conducted, obtaining data from 85
participants in the first and 113 participants in the second
study. Due to an error, the data for the third condition (additional rule across divisions) could not be used, leading to
a total of 55 participants remaining from the first run. To rebalance conditions, assignment to the conditions was adjusted
accordingly in the second run. Besides correction of the error, the only difference between our studies was an additional
survey at the end of the second study, where participants had
to write down how they remember the rules for each planet in
free text. After combining both datasets and excluding participants with a sub-random performance (n = 3) in training
phase, we obtained data from 165 participants (102 female,
62 male, 1 diverse). Over all three conditions, there are 53, 57
and 55 participants for rule change, rule addition within division and rule addition across divisions, respectively. Datasets
and materials are publicly available on GitHub2 .
1 https://www.prolific.co/
2 https://github.com/Shadownox/cogsci-2022-rulebasedcat

&RUUHFWQHVV

Additional Rule across divisions
When testing the old and the new rules on their own, we relied on the same number of tasks as in the previous condition,
using 4 tasks for each, new and old rules. When crossing
divisions, a major difference occurs compared to conditions
staying withing a division: As the rules are no longer mutually exclusive for all planets (for planet 1 both rules are
applicable at the same time), the consensus can now also be
tested accordingly. This leads to a total of 3 tasks for testing the consensus, as new- and old-rule cases collapse into a
single task for planet 1. However, for the conflicting cases,
it must still be warranted that tasks can be solved unambiguously, which requires to avoid fulfilling the criteria for one of
the rules. As in the previous condition, 8 tasks were used to
test the conflict situations. The remaining 9 tasks provided
the baseline, consisting of planet 2 and planet 3.

Stripes ∧ 3 Eyes
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Figure 2: Proportion of correct responses for the different
phases and conditions. Dots indicate individual participants.

Results
First, we analyze the general performance for the conditions.
Figure 2 shows performance for the training phase and the
test phases for all three conditions. Note that only training
performance was used to exclude participants, which is why
sub-random performances can occur in the test phase (e.g.,
by participants mixing up different rules, leading to systematic errors). The training performance is the best (M = 0.9,
MAD = 0.1) by a substantial margin, followed by the rule
change condition (M = 0.82, MAD = 0.18), the new rule conditions across divisions (M = 0.82, MAD = 0.14) and finally
the addition of a new rule within the same division (M = 0.79,
MAD = 0.11). This is not surprising, as all conditions put
additional cognitive load on the participants and the rules
learned in the training phase will slowly fade out over time.
Between the two conditions for rule additions, the performance was better across divisions than within a division, but
showing a higher variance. This indicates that the hierarchy
has a small effect on the performance, but it is not clear if the
effect is stable or comes down to inter-individual differences
in representing the rules.
The performance in the rule change condition was slightly
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Figure 3: Mean reaction times for the different phases and
conditions. Dots indicate individual participants. Participants
with mean reaction times that deviate by more than two standard deviations were excluded.
better compared to the addition of a new rule, however the
effect was much weaker than expected (mean performance:
change = 0.78, addition = 0.74) and did not reach significance (Mann-Whitney U test: U = 2524.5, p = 0.24, all pvalues are Bonferroni corrected to correct for multiple comparisons). However, when taking the time needed for classifying an item into account, another picture emerges. Figure 3 shows the mean reaction times for the different conditions. While there are only slight differences between training
and the rule addition conditions, indicating that possible practice effects get cancelled out by the additional rule, the rule
change condition had significantly faster response times compared to the additional rule conditions (mean = 3508ms compared to mean = 3838ms, Mann-Whitney U test: U = 2295,
p = 0.04). We assume that this is due to the lower number of
rules that have to be considered and thus allowing participants
to become faster with more practice.
Figure 4 shows the performances for all conditions broken down by the task category. For comparison, the training
performance of participants in the respective condition group
(training) and the test performance for tasks not affected by
the condition (baseline) are included in blue. The first thing
that becomes apparent is that there seems to be a recency effect. The baseline performance is substantially worse compared to the training performance, indicating that the memory strength for the rules faded out over time. This is also
supported by the fact that the performance for new rules is
always superior compared to the old rule.
In the following, we investigate the effects of interfering
rules, i.e., conflicts and consensus. Generally, we can see
in Figure 4 that the consensus always has the best performance (even compared to the training performance in some
cases), while the conflicting situations are on the opposing side of the spectrum. However, for conflicting situa-

tions, an interaction with the previously described recency
effect seems to occur: For the third condition (rule addition across divisions), the conflicting situation based on the
new rule shows a higher performance compared to the the
old rules. Overall, the consensus situations has a significantly
better performance compared to the non-interfering situations
(mean = 0.816 compared to mean = 0.75, Mann-Whitney U
test: U = 10908.5, p = 0.002). For the conflicting situations,
the opposite effect seems to be weaker due to the interaction with the recency effect and thus not reaching significance
level (mean = 0.71 compared to mean = 0.75, Mann-Whitney
U test: U = 12729.5, p = 0.6). This shows that the positive
effects of multiple rules in this scenario seem to have a greater
impact than potential conflicts emerging from them. A possible explanation would be a race-condition between rules. For
the consensus situations, it would be beneficial if either rule
wins. For conflicting situations, there is still the chance that
a wrong rule is rejected, even if it won the race condition,
limiting the negative impact.
At last, we analyze the results from the end-survey, where
participants had to recall the rules (see Table 3). Note that
these results required some interpretation, as the participants
were allowed to provide free-text responses. For example,
some participants reformulated the rules based on other rules
utilizing the exclusion principle (e.g., instead of has two antennae, it would also be valid to use has not stripes or dots)
and therefore also be counted as correct (about 7% of the
participants provided such rules). Responses that provided
a conjunction of parts from the old and the new rule were
counted as a mix-up, while mentions of the old rule without
parts of the new rule are counted as old (same holds for new
rules, respectively). Optionally mentioned parts of rules (e.g.,
might also have dots) were omitted. Due to the survey being
added in the second iteration of the study, the responses are
not available for all participants. As the across-divisions condition was only conducted in the second iteration of the study,
the condition is over-represented in this analysis. However,
while the results should not be used for strong quantitative
statements, some tendencies can be seen. Across all conditions, the recall rate of the rules are similar for the manipulated rules: the rules are only recalled correctly in about 50%
of the cases. The baseline rules were recalled slightly better with about 60%. This contradicts the assumed recency
effect. When looking at the type of errors it also becomes
apparent that most errors originate from the participants only
being able to recall mixed rules, or the old rule. At first, these
findings seem to contradict the performance, as the classification performance for new rules is generally better. However, when analyzing if the participants do indeed follow their
rules, a different picture emerges. To do this, we derived logical rules comparable to the ones shown in Table 2 as literally
as possible from the written responses and applied the rules in
order to obtain the responses from the rules. Overall, participants only selected an option in line with their recalled rules
in about 61% of the tasks on average. Only 15% of the errors
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Figure 4: Mean correctness in the test phase for the three conditions. Baseline refers to the classification performance for items
that were not affected by the changed rules, Training denotes the performance of the participants in the training phase.

Table 3: Number of correctly and incorrectly recalled rules
for rules affected by the condition (left) and the baseline
(right). Additionally, the errors for the condition-affected
rules are broken down by potential pitfalls (mix-ups where
both rules formed a wrong rule, only recalled the old/new
rule correctly).

Change
Within
Across

Correct

Wrong

24
28
53

26
28
53

37
38
83

Mix

Old

New

12
8
15

2
7
18

3
4

13
18
23

where due to the rule. When having recalled a wrong rule,
for about 64% of the cases the correct answer was selected
nevertheless. This indicates that participants were not able to
verbalize learned rules in a logically correct form.

Discussion
The ability to manipulate prior category knowledge (e.g.,
learning new and update existing categories in the light of
new information) is an essential cognitive ability. In this
work, we developed an experimental setting that allows to investigate the impact of different rule-updating operations on
recalling and applying memorized rules. As a starting point,
we assessed the influence of an addition of a new rule as well
as a change to an existing rule. Although we expected the rule
change to have less impact on categorization performance
compared to the rule addition (due to the reduced complexity
of rules that have to be remembered), our results did not supported this assumption. However, participants were significantly faster to apply a changed as compared to a new rule,
which still indicates that processes depending on the number
or complexity of the rules were present. There were no significant differences between the different addition conditions
that stayed within or broke the initial hierarchy.
When investigating the interactions between old and new
rules after a change, we found that accuracy was enhanced
in situations where both rules resulted in the same classification. This was in line with our expectation, that both rules
can contribute to the categorization (e.g., due to race conditions between rules). For the case of a rule change, this means

that the old rule left some cognitive artefacts that affected participants’ decisions. However, for a conflicting situation, the
effect was no longer apparent. We assume that this is due to
the interaction with another effect: Assuming a recency effect, new rules might be more active compared to old ones,
potentially counteracting the influence of cognitive artefacts
from the old rule.
When looking at participants’ ability to verbally recall the
applied rules, we found that participants were only able to
recall about 50% of the rules for categories that required to
add or update rules and 60% of the rules that remained unchanged. Furthermore, when the recalled rules would lead
to an incorrect categorization, participants applied the correct rule instead of their recalled rule in about 64% of the
cases. This is surprising, as the rules did not have to be (implicitly) learned over time, but where explicitly given to the
participants. As Ashby et al. (1998) showed, participants are
usually able to verbalize their decisions, they might use a similar strategy when recalling the rules and verbalize their decisions for typical instances. While the self-reports should be
interpreted with caution, the general trend suggests that participants implicitly encoded rules that were not necessarily in
line with the instructed ones but allowed them to categorize
the images, more often than not, accurately. We speculate
that those implicitly learned rules interfered (or replaced) the
explicitly-instructed rules. Changing the free-text to a more
constraint way to query for the rules should be considered for
further investigations in this direction. Participants need to be
queried for the rules at several stages of the study, allowing to
gain insight into the processes behind the effect.
Put together, the main contribution of this work lies in the
presented experimental setting, which allows a systematical
investigation of rule-manipulations. Our findings hint at several possible processes that we plan to further investigate by
using the presented experimental scenario. By proceeding
with our investigations, we aim to establish an estimation
of the cognitive costs of mental operations involved in ruleupdating.
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Abstract
Previous research indicates that using the internet in
knowledge related tasks increases overestimation. We
attempted to replicate this finding and extended previous
research by explicitly manipulating the standards that
participants used for the explanatory knowledge task in order
to reduce the metacognitive bias. We conducted a 2x2 withinsubject experiment with N = 166 participants. Replicating
previous findings, the results show significantly more
overestimation in Internet than in No-Internet conditions.
However, with an alignment to external standards participants
elicited more accurate metacognitive judgments. We conclude
that explicit standards may be an important factor in
knowledge-related activities involving the internet because of
their effect on metacognitive judgments. On a theoretical level,
this has implications for determining the basis of
overestimation in knowledge tasks with the internet. On a
practical level, providing external standards could be a feasible
aid for buffering against this bias, for example in the
educational context.
Keywords: Metacognition; Internet; Explanatory Knowledge

Introduction
The internet has profound effects on human attention,
memory, navigation, and social cognition (Firth et al., 2019;
Loh & Kanai, 2016; Marsh & Rajaram, 2019). Nowadays,
most of our interactions with information are directly or
indirectly centred around the internet and the remarkable shift
towards the almost instantaneous access to information has
significantly shaped how information is obtained and
processed (Greene, Cartiff & Duke, 2018; Ward, 2013). The
way information is retrieved with the help of the internet, for
example, has changed how such information is remembered
(Sparrow, 2011). Importantly, recent studies have shown that
the internet has also changed the way we think about our own
knowledge and knowledge in general.
In a series of experiments, Fisher, Goddu and Keil (2015)
observed that searching online regarding explanations for a
first set of explanatory knowledge questions lead to higher
self-assessed knowledge in a second unrelated set of
explanatory knowledge questions. The authors concluded
that the internet might inflate estimates of internal knowledge
and that people falsely think they have more knowledge “in
the head” than they actually have. While these studies
directly compared conditions of internet and no-internet use,
they did not, however, capture performance and were

therefore unable to show that participants actually
overestimated their abilities in answering the explanatory
knowledge questions.
Extending the paradigm of Fischer et al. (2015), Pieschl
(2021) collected and evaluated participants’ actual answers
of the same explanatory knowledge questions. Thus,
participants’ metacognitive confidence judgments could be
directly related to their corresponding performance. Results
show that participants using the internet were indeed biased
towards overconfidence. Importantly, this overconfidence
went above and beyond the bias of participants answering
explanatory knowledge questions without the internet.
Additionally, the detected overestimation bias extended from
predictive to postdictive metacognitive judgments, with a
more pronounced predictive overestimation bias.
Using a different paradigm, with different types of
questions, Dunn et al. (2021) studied the influence of internet
usage on answering fact-based general knowledge questions.
Participants of this experiment were also significantly more
accurate in judging their performance without the internet.
Furthermore, the internet led to an increased overconfidence
in retrospective judgments in comparison to prospective
judgments.
Taken together, these studies provide remarkably
consistent findings indicating that searching the internet for
information seems to bias metacognitive judgments towards
overestimating one’s own knowledge significantly in
comparison to conditions when no internet is available.
It is helpful to conceptualise the tasks in these studies as
complex information problem solving processes with the
internet (i.e., IPS-I processes; Brand-Gruwel et al., 2009), in
order to hypothesise about potential explanations for these
results. IPS-I processes can be subdivided into distinct
phases: (a) definition of the information problem,
(b) searching information, (c) scanning information,
(d) processing information, and (e) organising and presenting
information. When engaging in such a complex task, a
cognitive bias could potentially occur at different or even
multiple points. For example, an overestimation bias might
be enhanced because of a reliance on heuristic cues such as
the fluency of the internet search or the ease of information
retrieval that might be relevant during phase “(b) searching
information” (Fischer et al., 2015; Pieschl, 2021; Dunn et al.,
2021).
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With the present study we explore a complementary
perspective, namely the hypothesis that such an IPS-I
overestimation bias might be based in phase “(a) definition of
the information problem” when complex and ill-structured
explanatory knowledge tasks are considered.

Standards in Explanatory Knowledge
Most often cognitive biases in metacognitive self-assessment
are attributed to insufficient processing capabilities
(Haselton, Nettle & Murray, 2015) or information-based
and/or experience-based cues (Koriat et al., 2008; Koriat &
Levy-Sadot, 1999). Extending this perspective, we will
explore whether a mismatch between external task demands
and subjective idiosyncratic task definitions could also
contribute to such metacognitive overestimation biases. In
other words, people may base their metacognitive judgments
on insufficient criteria, i.e. they may use different standards
than intended by external task demands or evaluations.
Especially in complex ill-structured tasks like providing
explanations for natural phenomena, people’s metacognitive
judgments and idiosyncratic task definitions are usually
based on their own explanatory understanding and personal
mental models (Keil, 2006; Lombrozo, 2006). As
explanations may be skeletal, incomplete, full of gaps in
nature and are of the built “on the fly”, a person may not
recognize the state of their own knowledge. This is because
explanations in themselves have no clearly defined end state
or “objective truth” (Rozenblit & Keil, 2002). While many
factual questions may have one clearly defined correct
answer, explanations can be correct (or incorrect) to varying
degrees and at different levels: for example, one could
provide a (relatively) correct general explanation of the
human circulatory system to e.g. first graders, while a student
of medicine might write a detailed PhD thesis about just a
small fraction of the circulatory system. Therefore,
metacognitive judgments about one’s own explanatory
knowledge cannot be compared to an objective “ground
truth” but rather reflect participants’ – and researchers’ – own
task definitions.
The COPES model by Winne and Hadwin (1998)
characterises the link between metacognitive judgments and
knowledge as follows: Individually set standards are
described as an optimal end-state or success state that
determines behaviour in a goal-directed manner. Any product
of such an intended effort is compared to these internal
standards by the act of (metacognitive) monitoring.
Regarding metacognitive judgments about explanatory
knowledge tasks, it is not clear, by default, which frame of
reference (Pieschl, 2009) a judgment is made against or
which idiosyncratic internal standard a specific person has
set. Additionally, as standards are internal in nature they do
not necessarily match external evaluation criteria (Winne,
2021).
The relation of effort regulation and metacognition can, in
this way, be described by discrepancy reduction models,
where differences between a current state and an internal
stopping criterion then guide goal-directed behaviour

(Metcalfe, 2009). As monitoring and control of cognitive
processes and behaviour depend on metacognition and
metacognitive judgments (Bjork, Dunlosky, & Kornell,
2013; Dunlosky & Metcalfe, 2008; Koriat, 2018; Nelson &
Narens, 1994), any effort regulation or effort control would
also be affected by such internal standards. Applied to an
explanatory knowledge task, the question becomes, when are
people satisfied with an explanation or when do they think an
explanation is sufficient? For example, when an internal
criterion or standard is, in this regard, less strict than an
external objective or evaluation criterion, an explanation may
appear insufficient from an external perspective but might be
judged appropriate from a subjective perspective. This is
especially interesting in relation to IPS‑I tasks because the
internet opens up the possibility for additional knowledge
related searches that could expand the current knowledge
base.
Thus, we can draw the following conclusions for complex
ill-structured explanatory knowledge tasks: Responders’
internal task definitions – and therefore also their internal
standards – may be idiosyncratic and might differ
substantially from external task demands assumed by
experimenters. Thus, metacognitive judgments may appear to
indicate substantial overestimation. This hypothesis can be
tested by experimentally aligning participants’ internal task
demands and standards with evaluators’ external evaluation
criteria.

The Present Study
To test our central hypothesis, we extended the research
paradigm of Pieschl (2021). As in previous research, we
included internet and no-internet conditions for the
information problem solving tasks of answering explanatory
knowledge questions. In these conditions, as in previous
research, participants’ metacognitive judgments were based
on their idiosyncratic internal standards, that is, they had to
use their own frame of reference for metacognitive
judgments, and they were naïve to how their explanatory
answers would be analysed. Extending previous research, we
included additional conditions that aimed at aligning
participants’ internal standards with external evaluation
criteria. In these conditions, we provided participants with an
external rubric-schema clarifying how answers would be
scored, that is, we provided an external frame of reference for
their metacognitive judgments. The same rubric-schema was
used later on by independent external evaluators to score
participants’ answers.
We tested the following hypotheses. Hypothesis 1 (H1):
When participants use the internet to answer explanatory
knowledge questions, their metacognitive confidence
judgments indicate significantly more overestimation of their
performance than without internet use. We tested H1 only in
conditions without any rubric-schema (replication of Pieschl,
2021). Hypothesis 2 (H2): When participants are provided
with external standards (i.e., the rubric-schema), their
metacognitive judgments are more accurate than when not
providing such standards. In addition to this, this, the research
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design allowed for the exploration of an interaction effect
between the internet and standards conditions.

Methods
Participants
In this paper we include data from the (partially) overlapping
parts of two studies. Both online convenience samples were
collected via university mailing lists, social media groups and
by word-of-mouth recommendations. All participants were
informed about the procedure of the respective study and
gave informant consent beforehand. Both studies were
approved by the responsible ethics committee of the
Technical University of Darmstadt.
Sample 1 consists of N = 84 participants and Sample 2
consists of N = 82 participants. Sample 1 participants were
compensated by a voluntary participation in a ruffle of
vouchers of 50€ and 15€ for every fifth person. Sample 2
participants were compensated with 15€ each. Sample 2
participants were rewarded more compensation because of an
additional requirement to record their computer screens
during the procedure of the experiment.
Taken together (Sample 1 + Sample 2) we report data from
N = 166 participants. The total sample consists of
73% female, 25% male, 1% diverse, and 1% did not specify
their gender. The age ranged from under 21 to over 65 with a
median age of 26-30 years. Participants were mostly people
“in
school
or
vocational
training” (42%)
and
“students” (28%). The majority indicated to use the internet
at least “several times per day” (43%) or “daily” (28%).

Figure 1: Experimental procedure (from left to right). In
total, participants had to answer four explanatory knowledge
questions. First, participants had to answer two questions
without any additional instructions (No-Standards), one
with and one without the internet in random order. After
that, participants were additionally instructed with a rubricschema (Standards) and again answered two questions in
random order. Rw = within-subject randomization.

Explanatory Knowledge Questions
Participants had to give written and open-ended answers to a
total of four out of six explanatory knowledge questions that
were originally introduced by Fisher et al. (2015). The
questions were picked at random during the experiment and
are depicted here from the hardest to the easiest question
(based on the item difficulties): “How do scientists know that
the universe is expanding?”, “Why does Swiss cheese have
holes?”, “Why are cloudy nights warmer?”, “How do
tornadoes form?”, “How do scientists determine the dates of
fossils?”, and “How does the heart pump blood?”.

Internet and Standard Conditions

Design and Procedure
In this paper we report a 2x2 within-subjects manipulation
with the factors Internet (Internet vs. No-Internet) and
Standards (Standards vs. No-Standards). The procedure of
the experiment is displayed in Figure 1. First, participants
were randomly assigned to answer two explanatory
knowledge questions, one with and one without the internet
without any additional instruction (No-Standards condition).
This served as the direct replication of the main hypothesis
from Pieschl (2021). Then, participants were instructed in
using the rubric-schema (Standards conditions) and again
answered two explanatory knowledge questions, one with
and one without the internet in random order1. Prior as well
as after participants answered each explanatory knowledge
question they provided metacognitive as well as other
judgments2. The design, hypotheses as well as the exclusion
criteria were preregistered.

In both, Internet and No-Internet conditions, participants had
15 minutes in total to write an answer to an explanatory
knowledge question. In the Internet condition, participants
were instructed to freely browse the internet to access any
resource to answer the question. They were instructed to not
copy and paste any information from websites but had to use
their own words. In the No-Internet conditions, participants
were instructed not to use any additional help or resource but
to solely rely on their own knowledge.
For the Standard conditions, participants were explicitly
instructed to base their metacognitive judgments on a newly
developed rubric-schema. In the No-Standards conditions
participants had to rely on their own frame of reference. The
same rubric-schema was afterwards also used by the
independent raters to judge the performance of the
participants.
For the development of the rubric-schema we referred to
three lines of previous research, namely the concepts of
“explanatory depth” by Rozenblit and Keil (2002) and Keil
(2006), “conceptual complexity” by Brown (2005) and
Brown and Wilson (2011), and “knowledge integration” by

1In

the study of Sample 1, we also tested a between-subjects
manipulation of Standards. We only report data from the withinsubjects manipulation here but obtained comparable results with
the between-subjects manipulation of Standards.
2Not reported here.
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Liu et al. (2008) and Lee, Liu and Linn (2011). Our rubricschema had 7 categories, from 1 as the category with lowest
complexity (“The description contains isolated concepts or
elements, but no interactions between the elements are listed.
No relationships or dependencies between the elements are
shown. Circumstances or initial conditions under which the
relationships between the elements come into play are
completely absent”) to 7 as the category with highest
complexity (“The description contains all the important
concepts or elements and shows how the mechanisms of
action between the elements are mutually interdependent. It
is described how elements depend on or interact with each
other and thus together create an integrated overall picture of
the phenomenon. Circumstances or initial conditions under
which the relationships between the elements come about are
given.”). We added the category 0 (“no or only irrelevant
information”), had additional descriptives for 3 and 5 and had
empty categories at the steps of 2,4 and 6 for answers falling
in between two descriptive levels.

Measures
Performance For each sample, two independent raters who
were blind to the experimental conditions rated the answers
of participants to the explanatory knowledge questions using
the developed rubric-schema. As an initial training step, the
raters evaluated 5% of the written answers together and
afterwards independently evaluated all written answers. The
average of both ratings determined participants’ Performance
score regarding a particular question. Inter-rater agreement
was high, with a Krippendorff’s Alpha of .930 for Sample 1
and .926 for Sample 2 (with a perfect match at 1 and an
acceptable alpha above .80; Krippendorff, 2004). One of the
raters was present in both samples.
Self-reported judgments Before and after answering each
explanatory knowledge question, participants had to give
predictive (“How confident are you that you will give a good
answer to this question?”) and postdictive (“How confident
are you that you gave a good answer to this question?”)
Metacognitive Confidence Judgments (see also Pieschl,
2021) for which we had pre-registered hypotheses. We used
a visual analogue scale ranging from 1 = not at all confident
to 7 = very confident to record their answers. Participants
could also indicate not specified.
Bias-score To quantify the accuracy of participants’
Metacognitive Confidence Judgments, an absolute Biasscore was calculated by subtracting each Performance score
from the corresponding Metacognitive Confidence Judgment
(Nelson & Narens, 1984; Schraw, 2009). A positive Biasscore indicates overestimation, a negative Bias-score
underestimation, and Bias-scores around zero indicates
accurate calibration.
Screen recordings In the case of Sample 2 we additionally
collected screen recordings of participants. This gave us the

possibility to check whether or not participants complied with
the experimental instructions (Internet and No-Internet)3.

Power Considerations and Analysis
To replicate the main Hypothesis by Pieschl (2021) we
calculated an estimated sample size between 31 participants
(with α = .05, power = .9 and d = 0.55 for the original effect
size) and 97 participants (with α = .05, power = .9 and d = 0.3
for a more conservative estimate). We went with the more
conservative estimate as a goal because of unknown effect
sizes for our second hypothesis.
We preregistered to compute ANOVAs (or equivalent
non-parametric analyses) for the planned comparisons to
answer our hypothesis. However, we acknowledge that we
deviated from the preregistered analysis plan for testing the
first hypothesis (H1) because a F-test for equal variances
revealed, that the conditions had a variance ratio unequal to
1, with F(165, 165) = 0.54, p < .001 for the predictive and
F(165, 165) = 0.59, p < .001 for the postdictive phase,
respectively. But since the Bias-scores were nearly normally
distributed, we reasoned that a paired t-test would be
appropriate to compare the Internet and No-Internet
conditions under these circumstances.
To control for any effect of sample (e.g. systematic
difference in Bias-score in Sample 1 and Sample 2), we also
included Sample as a factor in our analyses.

Results
To test the first hypothesis (H1), we compared Internet and
No-Internet conditions via paired t-tests (only No-Standards
conditions), which was a direct replication of the central
hypothesis from Pieschl (2021). In the predictive phase, there
was a significant difference between Internet (M = 0.60,
SD = 2.14) and No-Internet (M = 0.25, SD = 1.58)
conditions, with t(165) = 1.88, p = .031, d = 0.19. In the
postdictive phase, there was also a significant difference
between
Internet
(M = 0.55, SD = 2.10)
and
No-Internet (M = 0.25, SD = 1.61)
conditions,
with
t(165) = 1.82, p = .035, d = 0.16. These results are visualised
in Figure 2 under “No-Standards”.
Regarding the second hypothesis (H2), we computed a
2x2x2 ANOVA with the factors Internet, Standards, and
Sample and found a significant main effect of Standards on
the Bias-score in the predictive as well as in the postdictive
phase (see Table 1). The manipulation of participants’
standards led to an overall decrease in the Bias-score and to
more accurate metacognitive judgments, especially regarding
the postdictive judgments in the Internet condition (see
Figure 2). In this analysis across all conditions, the main
effect for Internet was not significant in the predictive phase;
however, there was a significant main effect for Internet in
the postdictive phase. No interaction effect was found

3The screen recordings were also used to code for the distinct
phases of the IPS-I process. However, the process analysis is not
part of this paper.
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between Internet and Standards. Additionally, there were no
significant differences between Samples or significant
interaction effects including the factor Sample.

Discussion
This study replicates previous findings of participants
overestimating their ability in explanatory knowledge tasks
involving internet use compared to no-internet use (Pieschl,
2021). We showed that when participants had to rely on their
own frame of reference, they were biased in the direction of
overconfidence when answering explanatory knowledge
questions. These results are in accordance with previous
studies’ findings, reporting heightened metacognitive
confidence in knowledge tasks involving the internet
(Pieschl, 2021; Fischer et al., 2015). It is therefore important
to determine the cognitive and behavioural processes that
might influence this phenomenon. If a systematic
overestimation in tasks involving knowledge and the internet
occurs, then this could have, for example, direct
consequences for formal and informal education, where using
the internet becomes more and more ubiquitous (Pieschl,
2021). Specifically, with increased confidence, participants
could be more likely to abandon tasks too early and could be
prone to accepting inadequate answers as sufficient.
The present study further showed that a divergence of
applied criteria or standards for task completion (Pieschl,
2009) could be one potential variable causally contributing to
such overconfidence. A closer alignment of the reference
frames of the external evaluators and participants seems to
have reduced the metacognitive overestimation bias. The
introduction of external standards substantially changed the
direction and magnitude of metacognitive Bias-scores. With
such alignment, participants’ metacognitive confidence
judgments were accurately calibrated to their performance in
the internet condition.
Without explicit communication of standards, participants
will likely default to their own personal definitions of what a
“good” explanation is. These internal standards can differ
widely between people (Ryan, 1984), as such standards might
be very well-suited for their particular personal context.

Figure 2: Predictive and postdictive Bias-scores by
experimental conditions. Error bars represent 95%
confidence intervals. The Bias-score was calculated by
subtracting Performance from the corresponding
Metacognitive Confidence Judgment. A positive value
indicates overconfidence, a negative value
underconfidence, a value around 0 indicates accurate
judgments. The No-Standards conditions constitute a
replication of Pieschl (2021).
However, they may not match external evaluation criteria
(Winne, 2021). The reference to adequate standards is,
therefore, especially important for complex ill-structured
tasks such as explanatory knowledge information problem
solving tasks. Thus, our results highlight that the
metacognitive overestimation bias detected in previous
studies with explanatory knowledge tasks could also be
attributed to the very first phase of the IPS-I process, namely
in the definition of an information problem.
In the overall ANOVA controlling for the standard
conditions, the main effect of the Internet was not significant

Table 1. 2x2x2 ANOVAs of the predictive and postdictive Bias-score.
Predictive Bias-score
Postdictive Bias-score
2
Predictor
dfn , dfd
F
p
ηp
dfn , dfd
F
p
ηp2
Within-subjects effect
Internet
1, 164
1.92
.168
0.01
1, 164
4.40
.037
0.03
Standards
1, 164
18.69
< .001
0.10
1, 164
16.22
< .001 0.09
Sample
1, 164
3.08
.081
0.02
1, 164
1.93
.166
0.01
Internet x Standards
1, 164
2.00
.159
0.01
1, 164
0.26
.613
0.00
Sample x Internet
1, 164
0.19
.663
0.00
1, 164
0.18
.672
0.00
Sample x Standards
1, 164
2.06
.153
0.01
1, 164
3.70
.056
0.02
Sample x Internet x
1, 164
0.01
.921
0.00
1, 164
0.10
.757
0.00
Standards
Note: The factor Sample was included to control for any systematic difference in the two samples. However, the
results of the factors Internet and Standards did not change when the factor Sample was removed from
the analysis.
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in the predictive phase. This shows once again the effect of
standards on the IPS-I task: With explicit standards
participants in our sample could fairly well predict their
performance – with and without the internet. However, the
tendency of participants to descriptively underestimate their
performance in the No-Internet and Standard condition in the
postdictive phase may have been the reason why the main
effect of Internet was significant in the postdictive phase in
the overall ANOVA.
We speculate that one explanation why participants
descriptively underestimated their performance in the
Standards condition of the No-Internet and not in the Internet
conditions is that participants might have been overly critical
about their comparatively worse performance without
internet. Our pool consisted of participants who used the
internet frequently and they therefore might already be well
habituated to use the internet in knowledge related tasks
(Sparrow et al., 2011; Ward, 2013). Thus, it could be assumed
that participants would better be able to accurately judge their
performance when they had access to the internet – at least in
their postdictive metacognitive judgments. In contrast,
having to rely solely on their own knowledge may be an
atypical situation for internet users, especially in such close
proximity to internet access and without the possibility to
review or validate their own answers. However, as the
underestimation was not statistically significantly different
from zero, further studies are needed to explore this point
further.

Limitations
Our sample consisted mostly of young participants that used
the internet very frequently. This limits the generalisability of
the results as the heterogeneity of the sample was limited.
Also, this study was conducted in an online format and, thus,
we could not ensure full control over situational aspects that
might have influenced the experimental outcome. For
example, we do not know if participants used other external
knowledge besides the internet or used other devices to
access the internet entirely. We wanted to minimise other
factors in the second sample of this study. Therefore, we
additionally instructed participants to record their computer
screen during the experiment. This gave us the opportunity to
screen the video recordings of the experimental procedure for
any behaviour that was not intended by our instruction.
Crucially, in the second sample we identified six participants
who did not follow the instruction of using or not using the
internet, as well as seven participants that used the internet
prior to the self-judgments in the predictive phase. Based on
the screen-recordings we were able to exclude these
participants from Sample 2 and hence were better able to
apply our exclusion criteria. However, this was not possible
for Sample 1 without the screen recordings. Nonetheless, we
estimate that this did not substantially influence our results as
our ANOVA revealed no significant effects of Sample or any
significant interactions involving Sample for the Bias-scores
(see Table 1).

The dependent variable of the Bias-score was calculated
from a relation between performance and confidence. Since
it is known from other contexts that rubrics can increase
performance (cf. Howell, 2014), we also exploratively
checked whether this was the case here. However, there were
no significant differences in Performance between Standards
and No-Standards conditions. The results reported here are
therefore actually due to changes in confidence ratings as a
result of the developed rubric-schema.
In this experiment, participants were not free to choose
how much time they wanted to spend answering an
explanatory knowledge question because the time was
limited to 15 minutes per question. This might have induced
different time pressures in the Internet compared to the NoInternet condition because of the additional time needed for
the internet search process.

Conclusion
With explicit communication of evaluative standards,
participants of this experiment were fairly accurately
calibrated in their metacognitive judgments about their
performance in the explanatory knowledge task. On a
theoretical level, this finding contributes to explanations
about the roots of the previously observed metacognitive
overestimation bias in IPS-I tasks, suggesting that people
may already derive idiosyncratic – and potentially biased –
definitions of the information problems at the start of the
search process. Of course, this finding does not imply that
later phases of the IPS-I process might not play a part in a
potential metacognitive bias as well. For example,
experiential cues such as fluency of internet searches could
also be contributing to the overestimation. On an applied
level, providing people with external standards, as done in
this experiment, may be a feasible buffer against
metacognitive overestimation biases in IPS-I tasks. Teachers
may clearly communicate their requirements whenever they
task students with IPS-I in order to optimise students’ selfassessments and thereby also their metacognitive regulation.
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Abstract
How people learn about events often varies with some events
perceived in their entirety and others are inferred based on the
available evidence. Here, we investigate how children and
adults linguistically encode the sources of their event
knowledge. We focus on Turkish – a language that obligatorily
encodes source of information for past events using two
evidentiality markers. Children (4- to 5-year-olds and 6- to 7year-olds) and adults watched and described events that they
directly saw or inferred based on visual cues with manipulated
degrees of indirectness. Overall, participants modified the
evidential marking in their descriptions depending on (a)
whether they saw or inferred the event and (b) the indirectness
of the visual cues giving rise to an inference. There were no
differences across age groups. These findings suggest that
Turkish-speaking adults’ and children’s use of evidential
markers are sensitive to the indirectness of the inferential
evidence for events.
Keywords: evidentiality; events; visual perception; visual
inference; Turkish

Introduction
Gaining knowledge about people, objects, situations and
events is a fundamental aspect of an individuals’ life.
Knowledge about events is particularly important as events
provide a rich source of information that allow individuals to
predict upcoming happenings and remember past experiences
(Zacks & Tversky, 2001). However, how individuals gain
knowledge about events often varies depending on the
perspective of the observer (Gleitman, 1990). For instance,
one might directly observe someone slicing a cucumber or
only see a sliced cucumber on a plate and make the inference
that someone sliced a cucumber. In addition to gaining
information about events, people also frequently
communicate about those events that they have learned about.
The aim of the current study is to investigate how children
(and adults) communicate about the sources of their event
knowledge with a particular emphasis on different types of
indirect inferential evidence.
How children gain knowledge about events from various
sources of information can be viewed as part of a growing
literature on children’s event perception (e.g., Baldwin &
Kosie, 2021; Zheng, Zacks, & Markson, 2020) as well as a
separate line of work on the acquisition of verbs referring to
different types of events (e.g., Gleitman, 1990; Pinker, 1989;
Tomasello & Merriman, 2014) or different types perceptual
experience (e.g., Davis & Landau, 2021). However, with the
exception of a few studies, this body of work focused on
events that can be directly observed in their entirety. One

recent study investigated preschoolers’ ability to identify
events by directly seeing them or by indirectly learning about
them from visual evidence (Ünal & Papafragou, 2019).
Findings have shown that although there were some
developmental differences between older and younger
children, even the youngest group of 4-year-olds were able to
derive rich interpretations about events based on both direct
and indirect visual evidence.
How does the ability to learn about events from different
sources of information relate to the ability to linguistically
encode such sources? Languages convey how a speaker has
learned about an event through evidentiality markers
(Aikhenvald, 2004; Aikhenvald, 2018). Languages also
differ in the kinds of linguistic devices they rely on to encode
evidentiality. Some languages (e.g., English) optionally
encode evidentiality through lexical devices such as verbs
(e.g., see, hear, infer) or adverbs (e.g., allegedly, apparently).
By contrast, some languages obligatorily encode
evidentiality as part of their grammar. In the following
example from Turkish, which will be the focus of the current
study, two different suffixes (-dı and -mış) mark sources of
information for past tense events (Aksu-Koç & Slobin, 1986).
Sentence (1a) refers to the speaker’s past experience of the
event and also conveys that the speaker’s source of
information for the event is direct with the suffix -dı.
Sentence (1b) describes the same past event but also conveys
the indirect experience of the speaker, which could be either
hearsay or inference, with the suffix -mış.
(1a)

Salatalığ-ı
doğra-dı.
cucumber-ACC slice-PAST.Direct.3sg
“(she/he) sliced the cucumber (I saw)”

(1b)

Salatalığ-ı
doğra-mış.
cucumber-ACC slice-PAST.Indirect.3sg
“(she/he) sliced the cucumber (I heard/inferred)”

How children learn the evidential systems of their language
has been investigated across several languages (see Fitneva,
2018 and Matsui, 2014 for recent reviews). Across languages
and, perhaps more importantly for our study, in Turkish the
acquisition of evidentiality follows a protracted
developmental trajectory (Aksu-Koç, 1988; Aksu-Koç, ÖgelBalaban, & Alp, 2009; Ozturk & Papafragou, 2016). With the
exception of one study (Ünal & Papafragou, 2016), this work
has shown that Turkish-speaking children begin using the
direct evidential marker (-dı) to mark the direct access to
information earlier than they use the indirect evidential
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marker (-mış). However, a longitudinal corpus study with 8to 36-month-olds investigating the acquisition of different
functions of the indirect evidential marker (-mış) revealed
more optimistic results on children’s production of indirect
evidential marker (Uzundag et al., 2018). That is, children
could use the indirect evidential (-mış) before age 3, even
though they used it to mark hearsay earlier than they used it
to mark inference.
As already mentioned, in Turkish the indirect evidential
marker (-mış) is used for marking different types of indirect
evidence which include both hearsay and inference.
Furthermore, there might be even more fine-grained
distinctions between types of inference, such as inferences
based on visual evidence or inferences for communication. In
fact, two pieces of evidence suggest that inferences from
visual evidence is not a homogeneous category and the
variation in types of inferential evidence is linked to
evidential encoding in language. One cross-linguistic study
examined how speakers of English (a language that encodes
the information sources optionally) and Turkish (a language
that encodes information sources obligatorily) describe the
events they saw vs. inferred based on visual evidence (Ünal,
Pinto, Bunger, & Papafragou, 2016). In this study, both
Turkish and English speakers successfully identified both
seen and inferred events from visual evidence; however, only
Turkish adults used evidential markers in their descriptions
to linguistically mark sources of information. Specifically,
Turkish-speaking adults marked the events they saw with the
direct evidential (-dı) and events they inferred from visual
evidence with the indirect evidential (-mış). However, their
use of indirect evidential varied depending on the strength of
the visual evidence that gave rise to an inference: they opted
to reserve the indirect evidential marker (-mış) for inferences
based on highly indirect visual cues; however, when the
visual cues giving rise to an inference was less indirect they
were equally likely to use the direct evidential marker (-dı)
and the indirect evidential (-mış).
Another piece of evidence comes from artificial language
learning studies in the domain of evidentiality (Saratsli et al.,
2020; Saratsli & Papafragou, 2020). In one of these studies,
English-speaking adults were taught an evidential marker: ga. For half of the participants -ga marked visual perception,
for the other half -ga marked inference based on visual cues.
In each condition, the other event type was unmarked.
Participants had difficulty learning the evidential system
when visual perception was contrasted to inferences made by
observing the end-state of an event that also included the
agent. However, when the visual cues did not include the
agent, and hence were more indirect, participants
successfully learned the evidential system. These findings
suggest that part of the challenge in the acquisition of
evidentiality in language can be attributed to the difficulties
in distinguishing visual perception from visual inference.
This challenge seems to be bigger when the visual cues
giving rise to inferences are less indirect.

The Present Study
Findings of prior work with adults indicate that fine-grained
distinctions within types of indirect inferential evidence have
consequences for both how mature speakers use evidential
markings (Ünal et al., 2016) and the learnability of evidential
systems by novice learners (Saratsli & Papafragou, 2020). It
remains an open question whether these distinctions within
types of indirect inferential evidence also have consequences
for the acquisition of grammaticalized evidentiality. To
address this question, we investigate how children (and
adults) linguistically encode the sources of their event
knowledge with a production task. We use puppet theater
setup inspired by some of the early (Aksu-Koç, 1988) and
more recent (Ünal & Papafragou, 2016) work in this domain
since this setup has been quite successful in eliciting
evidential markers from children in experimental settings. Of
interest was whether children would mark their sources of
event knowledge differently depending on the type of
evidence, and particularly distinguish between different
levels of indirect evidence for events. We also ask whether
there were developmental differences between adults and
children.

Method
The stimuli are available at the Open Science Framework
Repository https://osf.io/ra7eb/. The methods and analyses
plans are preregistered at the Open Science Framework
https://osf.io/ra9ch.

Participants
We recruited a preregistered a sample of 108 native speakers
of Turkish distributed across three age groups: adults (n = 36,
31 Female, Mean Age = 21), 4- and 5-year-olds (n = 35, 17
Female, Mean Age = 4.9) and 6- and 7-year-olds (n =37, 19
Female, Mean Age = 6.6). Data from one additional 4- to 5year-old was excluded due to interference from the parent
during data collection.
Sample size was determined based on an a priori power
analysis using a web application for power analysis with
mixed effects models that include one fixed factor with two
levels
(Westfall,
Kenny,
&
Judd,
2014;
https://jakewestfall.shinyapps.io/crossedpower/). Previous
work reported an effect size of d = 2.11 (Ünal & Papafragou,
2016). We estimated a more conservative effect size of d
=1.05 for the present study. The number of trials was set to 8
as we would have 8 data points if we were to directly compare
two conditions (see Materials below). We used the default
settings for random effects provided by the application. The
analysis revealed that in order to reach a power level of 0.90
we would need a minimum of 18.4 participants in each group.
Since our independent variable had 3 levels instead of 2 and
to be able to detect smaller effect sizes, we doubled the
number of participants for each age group and decided to
recruit 36 participants for each age group.
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Materials
There were two types of stimuli: target items and filler items.
Target items consisted of 12 different change of state events
which were performed by an actor (e.g., slicing cucumber).
The same male actor performed all events in front of a plain
wall and a table that did not contain any distractive items.
Each event had visibly distinct beginnings, midpoints and
endpoints. We created a puppet theatre scenario using the
video editing program iMovie. We added curtain effects at
different parts of the event (e.g., beginning, midpoint) to
manipulate type of evidence for the event (henceforth Event
Type). There were three Event Types. For Direct events,
curtains opened at the beginning remained open while the
actor was performing the event so that the entire event was
directly visible to the participants (Figure 1, top row). For
Indirect-Low events, only the beginning and endpoint of the
event was visible to the participants. At the beginning of the
event, participants saw the actor and an object with curtains
open for 3 seconds (Figure 1, middle row, first picture). Then
the curtains closed for 2 seconds (Figure 1, middle row,
second picture). When the curtains opened again, participants
saw the endpoint of the event depicted by the post-change
state of the object together with the actor (Figure 1, middle
row, last picture). Indirect-High events were exactly same as
the Indirect-Low events, except that when the curtains reopened at the end, the actor was not present (Figure 1, bottom
row). This manipulation was based on previous work
showing that seeing an agent vs. not at the endpoint has
implications for learnability of evidential systems; Saratsli &
Papafragou, 2020.

avoid priming of evidential markers from one trial to the next
one.
Three presentation lists were created by assigning one
version of each target event (Direct, Indirect-Low, IndirectHigh) to one of the lists. Thus, the event type for a given event
(Direct, Indirect-Low, Indirect-High) was counterbalanced
across lists. Event type was manipulated within-subjects with
each list including 12 target items in total, consisting of 4
examples of each Event Type.
There were also 6 filler items1 in each list. Initially we had
planned to include an equal number of target and filler items
(12 each). However, pilot work showed that the experiment
was too long for the youngest group of participants. Thus, we
included only 6 filler items. Each list arranged the items in a
single fixed order. One filler item was shown after every two
target items. Each participant was randomly assigned to one
of the three lists.

Procedure
Children and adults completed the study via Zoom by
interacting with a live experimenter who navigated a
PowerPoint slideshow. After a warm-up session, the
experiment started. The experimenter said (in Turkish): “You
will watch some videos now. After watching each video, I
want you to tell me what happened in the video.” If the child
was too shy, the experimenter encouraged the child to
describe the event by beginning a sentence and letting them
finish it: “salatalığı…” lit. “(the) cucumber…”. Since
Turkish is a verb-final and head-final language, the evidential
markers are attached to the end of the verb, which also
appears last in the sentence. Thus, the fact that the
experimenter started the sentence was unlikely to affect the
production of evidential markers. Furthermore, since in
Turkish the verb is marked for person and number, the noun
phrases or pronouns referring to the agent can be omitted.
Thus, naming only the object that went under a change is a
natural way to begin a sentence describing a change of state
event in Turkish. Participants’ descriptions were videotaped
for coding. There were no differences during the
implementation of the experiment for adult participants
except that child participants were accompanied by their
parents, whereas adult participants were alone. The entire
session lasted about 20 minutes.

Coding
Figure 1. Snapshots of sample stimuli for Direct, IndirectLow and Indirect-High Events.
Filler items consisted of 12 different videos of objects (e.g.,
pencils, cars) placed on a table in front of a plain wall. They
were fully visible throughout the trial. The actor was not
present in the videos. Participants were asked to identify the
objects and answer a question about a property of the object
(e.g., color, number, function). Filler trials were included to

Descriptions were transcribed and coded by a native speaker
of Turkish. We coded whether participants marked their
event descriptions with direct evidential marker (coded as dı), indirect evidential marker (coded as -mış) or something
different than -dı and -mış (coded as “other”).

Results
Data and analysis scripts are available at the Open Science
Framework Repository https://osf.io/ra7eb.

1

Due to an experimenter error the filler items shown in each
presentation list were not the same six events.
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We excluded the trials in which participants did not use
evidential markers to describe the events (i.e., “other”
category above) from the analyses (11.9% of the data). We
also excluded the trials in which the parents interfered with
the children’s responses or when there was an experimenter
error (2.3% of the target trials).
For our main analysis, we conducted a binomial linear
mixed effects model with crossed random intercepts for
Subjects only (Baayen, 2008; Baayen, Davidson, & Bates,
2008) using the glmer function of the lme4 package (Bates et
al. 2015) in R (R Core Team 2020). A more complex model
that also included random intercepts for Items produced
singular fit error indicating that that the model was over-fitted
and too complex for the data. Thus, random intercepts for
Items were excluded from the model. Our dependent variable
was binary values of the use of the evidential marker -dı (1 =
-dı is used, 0 = -dı is not used) at the item level. Since the
analysis was conducted on only the trials in which an
evidential marker was used, when participants did not use
direct evidential (-dı) they used indirect evidential (-mış). The
fixed effect of Age was tested with two planned contrasts.
The first contrast compared children to adults (4- to 5-yearolds contrast coded as 1/3, 6- to 7-year-olds contrast coded as
1/3, adults contrast coded as -2/3). The second contrast
compared younger vs. older children (4- to 5-year-olds
contrast coded as 1/2, 6- to 7-year-olds contrast coded as 1/2, adults contrast coded as 0). The fixed effect of Event
Type was also tested with two planned contrasts. The first
contrast compared direct events to indirect events (Direct
contrast coded as -2/3, Indirect-Low contrast coded as 1/3,
Indirect-High contrast coded as 1/3). The second contrast
compared the two types of Indirect events to each other
(Direct contrast coded a 0, Indirect-Low contrast coded as
1/2, Indirect-High contrast coded as -1/2).

Figure 2: Proportion of direct evidential maker (-dı) out of
all evidentiality marker uses. Error bars indicate standard
error. Scores above the dotted line and closer to 1 indicate
that participants were more likely to use direct evidential (dı); and scores below the dotted line and closer to zero
indicate that participants were more likely to use indirect
evidential (-mış).

The model revealed a significant intercept (β = 1.132, SE
= 0.316, z = 3.583, p < .001) indicating that overall
participants were more likely to produce direct evidential
marker (-dı) than the indirect evidential marker (-mış).
Furthermore, both of the contrasts of Event Type were
significant indicating that participants modified the evidential
marking in the description according to type of evidence.
More specifically, participants were more likely to produce
direct evidential (-dı) for direct events than indirect events (β
= -5.069, SE = 0.453, z = -11.182, p < .001). Furthermore,
participants were more likely to produce direct evidential
marker (-dı), and thus less likely to produce indirect
evidential (-mış), for Indirect-Low events than Indirect-High
events (β = 0.469, SE = 0.221, z = 2.119, p = .034). No other
effects or interactions were statistically significant, indicating
that these patterns were similar across children and adults.

Discussion
In this study, we investigated how children (and adults)
linguistically encode the sources of their event knowledge
with an emphasis on inferential evidence with different
degrees of indirectness. We had two main aims. First, we
asked whether participants would mark different event types
with different evidential marker, and especially distinguish
between different types of indirect inferential evidence.
Second, we asked whether there were any developmental
differences in the adult-like uses of evidential markers.
With regards to our first question, as expected, there were
differences between direct events and both types of indirect
events in terms of production of evidential markers.
Participants overwhelmingly produced direct evidential
marker (-dı) for direct events and this tendency was lessened
for both types of indirect events, as participants frequently
produced indirect evidential marker (-mış) for these events.
This finding is consistent with previous research showing that
Turkish-speaking children and adults mark the events they
see with direct evidential marker (-dı) and events they infer
with indirect evidential marker (-mış) (Aksu-Koç, 1988;
Ozturk & Papafragou, 2016; Ünal & Papafragou, 2016; Ünal
et al., 2016).
We also found some subtle differences between the two
types of indirect events in terms of the linguistic marking of
the presence of an inference. That is, participants were more
likely to use direct evidential marker (-dı) for Indirect-Low
events which yielded more secure inferences about what
happened compared to Indirect-High events that provided
weaker visual evidence and hence yielded less secure
inferences. This replicates previous findings with Turkishspeaking adults (Ünal et al., 2016). As a novel finding, we
show that Turkish-speaking children’s use of indirect
evidential marker (-mış) is also sensitive to the indirectness
of inferential evidence for events. These findings also cohere
with recent evidence from artificial language learning studies
on the learnability of evidential systems (Saratsli &
Papafragou, 2020; Saratsli et al., 2020). In those studies,
novice learners had less difficulty learning an evidential
system distinguishing visual perception from visual inference
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based more indirect cues. Similarly, in our study Turkishspeaking children (and adults) had less difficulty modifying
the evidential marking in their descriptions when they
inferred what happened based on more indirect cues.
Our second main aim was to see whether there were any
developmental differences in the use of evidential markers
across different types of evidence for events. We found no
developmental differences, indicating that even the youngest
group of 4- to 5-year-olds were adult-like in their use of
evidentiality markers. These findings are consistent with
recent experimental evidence on the acquisition of
evidentiality (Ünal & Papafragou, 2016) as well as evidence
from corpus studies focusing on the acquisition of different
functions of the indirect evidential marker (-mış) in Turkish
(Uzundag et al., 2018). On the other hand, these data seem to
contrast with other work showing that the production of
indirect evidential, especially to mark an inference, is a late
achievement (Aksu-Koç, 1988, Aksu-Koç et al., 2009;
Ozturk & Papafragou, 2016). Besides, the present study
revealed a novel finding that Turkish-speaking children also
demonstrated a sensitivity to the different indirectness level
of an event and demonstrated this sensitivity by producing
different evidential marker. We believe this difference can be
explained by the contrastive nature of the puppet theater setup
which provides visible cues (i.e., curtains opening and
closing) as a way to distinguish between different sources of
information. These cues might have facilitated children’s
ability to modify the evidential marking in their descriptions.
Future work can utilize this setup and introduce the curtain
effect at different phases of the event (e.g., before the agent
acts on the object) to better understand how sensitive children
are to the amount of information they miss and thus the kind
of inference they need to make. Since even the youngest
group’s (4- to 5-year-olds) production was adult-like, future
work could see if similar patterns emerge in younger age
groups such as 2- or 3-year-olds. Future work could also test
if children are also sensitive to the indirectness of the
inferential evidence in language comprehension. Since
several studies on the acquisition of evidentiality have shown
that children’s evidential comprehension lags behind their
production (Aksu-Koç, 1988; Ünal & Papafragou, 2016,
a.o.), this approach may be useful to fully sketch the
developmental timetable of the acquisition of evidentiality.
There is one aspect of our findings that needs to be
considered in more detail. Although the fact that both
children’s and adults’ use of evidential markers was sensitive
to the types of inferential evidence, neither children nor
adults produced the indirect evidential marker (-mış)
overwhelmingly for highly indirect events. On average, they
used the indirect evidential marker (-mış) about 60% of the
time. This contrasts with previous findings with Turkishspeaking adults (Ünal et al., 2016) and children (Ünal &
Papafragou, 2016). In those studies, participants produced the
indirect evidential marker for events equivalent to our
Indirect-High events for about 80% of the time. This
difference can be attributed to the following factors.
First, unlike previous work requiring children to contrast

two different types of events (e.g., seen vs. inferred; Ozturk
& Papafragou, 2016; Ünal & Papafragou, 2016), in the
current paradigm, children had to contrast three different
types of events (i.e., Direct vs. Indirect-Low vs. IndirectHigh). The requirement to make a three-way distinction
might have made the production task more challenging for
children and skewed the description data towards higher use
of direct evidential marker. This can be attributed to the fact
that the direct evidential marker -dı in Turkish may also
considered to be a default form of past tense that could be
somewhat neutral with respect to information source,
whereas –mış marks indirect information (Göksel &
Kerslake, 2005). Therefore, when the task becomes more
demanding, participants may be more likely to use a default
form of past tense. However, this aspect of the task was
similar to previous paradigms used with adults (Ünal et al.,
2016) and thus would not likely explain why adults did not
overwhelmingly use indirect evidential for the highly indirect
events.
Second, the individual events used in the present study
were not identical to the events used in prior studies. The
highly indirect versions of some of our events may not be as
indirect as those used in previous work. Although all of our
events were examples of change-of-state events, each event
has a different internal structure. For example, some events
(e.g., building blocks) may consist of more distinct substages. Other events (e.g., inflating a balloon) might have
sub-stages that are more continuous or similar to each other.
Thus, the visual cues depicting the end-states of different
events may also vary in terms of their indirectness. In other
words, if participants judged some of our Indirect-High
events as less indirect, they might had used indirect evidential
(-mış) less frequently. Future work is needed to better
understand the contribution of these factors to how children
reconstruct events from different types of visual cues, as well
as how they linguistically convey what they have
reconstructed.
Finally, it is also possible that even though children and
adults made inferences from highly indirect visual cues, they
might have conveyed the presence of an inference using
different means, such as lexical devices. Alternatively, they
might have chosen not to communicate about their inferences
at all. This last point also connects to a broader discussion
about the role of pragmatic factors in the use of evidentiality
devices in language. Recent work started examining the role
of these factors learnability of evidential systems (Saratsli &
Papafragou, 2021). However, more work is needed to
understand the precise contribution of these pragmatic factors
to the acquisition and use of evidential systems in language.
Even though the present study only focused on the
linguistic encoding of evidence for events, our findings may
have broader implications for how people draw the boundary
between visual perception and visual inference or between
different types of visual inference in cognition. Our findings
suggest that these boundaries may not always be very clear.
Instead, what makes a particular piece of visual evidence less
or more indirect seems to be collectively characterized by
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several features, potentially including knowledge about who
performed an event as well as other factors, such as event
structure.
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Abstract
In this work we introduce a structured signaling game, an extension of the classical signaling game with a similarity structure between meanings in the context, along with a variant
of the Rational Speech Act (RSA) framework which we call
structured-RSA (sRSA) for pragmatic reasoning in structured
domains. We explore the behavior of the sRSA in the domain
of color and show that pragmatic agents using sRSA on top of
semantic representations, derived from the World Color Survey, attain efficiency very close to the information theoretic
limit after only 1 or 2 levels of recursion. We also explore
the interaction between pragmatic reasoning and learning in
multi-agent reinforcement learning framework. Our results illustrate that artificial agents using sRSA develop communication closer to the information theoretic frontier compared to
agents using RSA and just reinforcement learning. We also
find that the ambiguity of the semantic representation increases
as the pragmatic agents are allowed to perform deeper reasoning about each other during learning.
Keywords: efficient communication; multi-agent reinforcement learning; pragmatic reasoning

Introduction
The Rational Speech Act (RSA) framework (Frank and
Goodman, 2012; Goodman and Frank, 2016) has emerged
as a leading probabilistic model of pragmatic communication
formalizing the Gricean view on pragmatics (Grice, 1975). In
RSA models, each agent reasons about the other agent’s belief, in a game-theoretic fashion, in order to infer the context
dependent meaning of an utterance. Models of this type have
been used to make accurate predictions about human behavior
over a wide range of different and complex tasks (Goodman
and Frank, 2016).
It was recently shown by Peloquin et al. (2020) that efficient language use and structure emerge as pragmatic agents
interact with each other in a signaling game. In their framework the efficiency was measured as the expected crossentropy between the speaker and listener distributions.
However, in certain settings, the meaning space may have
special structure which needs to be exploited to develop efficient communication. A good example is the domain of
colors where it is possible to quantify the similarity between
different colors. Hence, in a context where agents are talking about different colors an error might be quantified differently depending on whether the listener confused the color
the speaker was referring to with a very similar color or with
a completely different color. This is something that is not
captured by a purely entropy-based efficiency measure.

Here we take a new approach to the basic question addressed in Peloquin et al. (2020) about how efficient communication arises via the interaction of pragmatic agents. First,
to take structure into account, we introduce a notion of a
structured signaling game, an extension of the standard signaling game, commonly used in work regarding pragmatic
reasoning. For this type of signaling game we introduce an
extension of the standard RSA which we call structured-RSA
(sRSA) where an agent accounts for the structure in the meaning space during the reasoning process. We explore the differences between RSA and sRSA in the color domain, a domain
commonly used in cognitive science to explore various linguistic phenomena (Regier et al., 2015; Gibson et al., 2017).
Second, we quantify the efficiency of the resulting communication schemes using the information theoretic notions of efficiency from Zaslavsky et al. (2018) and the well-formedness
measure from Regier et al. (2007).
We first investigate the use of human representations such
as the color naming systems found in the World Color Survey (Cook et al., 2005) as a basis for reasoning by pragmatic
agents. We show that efficiency of communication increases
much more when agents reason using sRSA compared to
agents using RSA and base policies. The most striking result is that sRSA agents initialized with human representations only need a recursion depth of 1 or 2 in order to come
very close to the optimal frontier.
Next, we consider computational learning agents interacting with each other in a multi-agent reinforcement learning
framework similar to those considered in Kågebäck et al.
(2020); Chaabouni et al. (2021); Carlsson et al. (2021);
Ohmer et al. (2022). Our results in this learning framework
suggest that pragmatic agents equipped with sRSA learn
more efficient color naming systems compared to agents using RSA or pure reinforcement learning. We also find that
ambiguity arises to a greater extent in the semantic representation as the computational agents are allowed to perform
deeper reasoning about each other. Even though the ambiguity increases, the computational agents using sRSA still develop efficient and accurate communication. Compared to
previous works (Monroe et al., 2017; Kågebäck et al., 2020;
Chaabouni et al., 2021; Hu et al., 2021), which only account for the structure of the color space in the non-contextual
meaning function. Our approach extends this and explicitly
accounts for structure in the RSA recursion.
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Figure 1: An example of a structured signaling game in the color domain.
The work of Zaslavsky et al. (2021) is also related to our
work. They use the fact that the softmax operator maximizes a trade-off between utility and entropy (Fudenberg
and Levine, 1998) to argue that the RSA recursion can be
viewed as an alternating maximization of a least-effort objective. They ground the recursion in Rate-Distortion theory
and derive a new update of the sender based on the mutual information between meaning and utterance. In contrast to their
work, our sRSA is based on the standard RSA recursion, with
the difference that our utility function leverages the pair-wise
similarity, or distortion, between meanings in the context.

Structured Signaling Games and sRSA
In our signaling game, two agents, one sender and one listener, observe a context of n meanings C = {mi } where each
mi lies in some meaning space M . The goal of the sender is to
describe one of the meanings to the listener. In the standard
setup of a signaling game, the agents share a semantic representation, or meaning function, L (m, w), which describes
how well the utterance w describes the object m. In our structured version we also assume that the agents share a similarity
matrix Z where element Zi j describes how similar meanings
mi and m j are. We assume Zi j ∈ [0, 1] with Zii = 1. An example of a structured signaling game in the domain of colors is
presented in Figure 1.

Similarity-Sensitive Utility and sRSA
Following Degen et al. (2020), we consider agents equipped
with a continuous meaning function, or semantic representation, L (m, w) ∈ [0, 1] which describes how well a meaning m
can be mapped to an utterance w. On top of the meaning function, our agents use the RSA in order to reason about each
other’s behavior given the context C. Given a literal listener
proportional to the meaning function, L0 (m|w) ∝ L (m, w), the

following recursion is applied in the RSA
St (w|m,C) ∝ eαUt (m,w,C)

(1)

Lt (m|w,C) ∝ St (w|m,C)p(m|C)

(2)

where Ut (w, m,C) is the expected utility, of conveying message w given the meaning m in the context C, and p(m|C)
is the prior probability of m given C. In RSA the utility of
the sender is usually based on reducing the epistemic uncertainty the listener carries about the true meaning, and is
taken to be the negative surprisal of the listener Ut (w, m,C) =
log Lt−1 (m|w,C). We will denote an agent using RSA at a
recursion depth of t with parameter α as RSA(t, α).
Similarity-Sensitive Surprisal Leinster (2021) recently
introduced extensions of entropy and other information theoretic concepts in the context of structured domains, where
one has a matrix of similarities Z. Inspired by this, we define
the similarity-sensitive surprisal of a listener, L, as
I Z (m, w,C) = − log ∑ Zmm′ L(m′ |w,C).

(3)

m′

Here Z(m, m′ ) is the similarity between the two meanings m
and m′ . This measure captures the desirable property that a
listener shouldn’t be as surprised if a speaker used the same
word for two similar colors compared to if the speaker used
the same word for two very different colors.
Defining the utility as U(m, w) = −I Z (m, w) we arrive at
structured version of RSA (sRSA) with similarity-sensitive
sender. Note that this utility yields a sender proportional to
the power α of the expected similarity
St (w|m, C ) ∝ (

∑

Zmm′ Lt−1 (m′ |w))α .

(4)

m′ ∈C

In next section and in Figure 1 we give a simple example in
the color domain to illustrate the difference between RSA and
sRSA.
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Figure 2: Results for applying pragmatic reasoning on-top of the color naming data in WCS. Here depth of recursion indicates
the depth of the final sender in the recursion. We use α = 5 in the recursions. The black square indicates the position of the
base agent of the language Karajá.
In the special case where Z is the identity matrix, i.e. where
meanings in the context share no similarity, (3) reduces to the
standard surprisal and the sender in (4) reduces to the standard RSA sender. We will denote an agent using sRSA at a
recursion depth of t with parameter α as sRSA(t, α).
In general, given a distortion measure on the meaning
space d : M × M → R+ , we can construct a natural simi′
larity measure as Zmm′ := e−βd(m,m ) , β > 0.

Color Domain: Efficiency and Well-formedness
We will use colors as our testbed for pragmatic reasoning
in structured signaling games. The seminal work of Zaslavsky et al. (2018) showed that color naming systems in the
World Color Survey (WCS) (Cook et al., 2005) optimize an
information-theoretic trade-off between complexity and accuracy of the meaning function. Following Zaslavsky et al.
(2018) we will take the complexity of a color naming system
as the mutual information between word and meaning
Complexity = I(M;W )

and the accuracy as
Accuracy = I(W ;U).
As in Zaslavsky et al. (2018) we assume a meaning m to be a
distribution over color chips proportional to a isotropic Gaus1
2
sian, m(u) ∝ e− 64 ||xm −xu || where xm is the CIELAB vector
corresponding to color chip m.
Regier et al. (2007) showed also that human color naming reflects optimal partitions of the color space w.r.t. to a
measure of well-formedness. The well-formedness criterion
was based on the following measure of perceptual similarity
between colors
2

sim(m, m′ ) = e−0.001||xm −xm′ ||

(5)

This similarity measure will be used in our sRSA model in
the downstream analysis.
sRSA vs RSA Figure 1 gives a simple example of a structured signaling game where the context consists of 6 different
colors. The meaning function mapping color to word is based
on the naming data found in the World Color Survey for the
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language Culina is shown in Figure 1a. The similarity matrix, which describes how similar two colors are w.r.t. the
similarity measure defined in (5), is shown in Figure 1b. We
use RSA(t, α) to denote the result of applying depth t RSA
and RSA(∞, α) to denote the limit as t → ∞, and similarly
for sRSA. Figure 1c and Figure 1d show the limit points for
RSA and sRSA (with α = 5). Since RSA minimizes only the
surprisal of the listener and does not account for the similarity structure we observe that the lighter blue color and green
color are mapped to the same word. Unlike RSA, the sRSA
takes the similarity matrix into account and converges to a
solution where the first 3 colors can be uniquely determined,
while the last 3, all variants of blue, are mapped to the same
word.

the one used in Zaslavsky et al. (2018). As a baseline we will
consider the base agents from the recursion, i.e. a sender proportional to the naming data and the corresponding Bayesian
listener. The information-theoretic frontier is computed using the Blahut-Arimoto algorithm with the annealing scheme
outlined in Zaslavsky et al. (2018) and a uniform prior. The
well-formedness frontier is computed using the Correlation
Clustering approach described in Kågebäck et al. (2020).
In Figure 2a we compare the efficiency of the base agents
to the efficiency of the pragmatic agents after performing
one recursion in the respective reasoning model. We observe that pragmatic reasoning leads to more complex and
accurate behavior for both RSA and sRSA compared to the
base agents. However, we also observe that the RSA agents
have not moved closer to the optimal frontier while the sRSA
agents are very close to the frontier after only one recursion.
Interestingly, when the recursions are allowed to go the limit,
Figure 2c, the RSA agents seem to move away from the optimal frontier while the sRSA converges to naming distributions very close to the optimal frontier.
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(e) sRSA(1, 5)
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Figure 3: Trajectories of RSA and sRSA for Karajá.
The WCS data consist of naming data from 110 languages,
with an average of 25 speakers for each language. Since
the WCS data contain data from speakers, we believe it is
more appropriate to consider a slightly different version of
the RSA recursion, where the agents start reasoning from a
literal sender proportional to the naming data from WCS1 .
For a language l in the WCS study and corresponding naming data Dl (w, m) we consider the following recursion
S0l (w, m,C) ∝ Dl (w, m)
l
Ltl (m|w,C) ∝ St−1
(w|m,C)p(m|C)

Stl (w|m) ∝ eUt (w,m,C) .
We consider a structured signaling game with the context,

C , being the entire Munsell chart. Hence, a sender is given a
certain color chip from the Munsell chart and should describe
this to the listener, which then produces a distribution over the
color chips in the chart. The context we consider here is much
larger compared to the ones considered in, for example, Monroe et al. (2017). The reason is that we are interested in larger
contexts where the number of meanings is much larger than
the number of utterances and exact communication is impossible. We will consider a uniform need distribution over the
chart and leave it for future work to study skewed priors like
1 As in Regier et al. (2015), we only consider major color terms.
We say that a color term is major if it is the mode category for at
least 10 chips in the Munsell Chart.

Figure 4: Karajá, Brazil. The sRSA model refine and smooth
the colormap in only one recursion. In the limit, we observe
that the sRSA approaches the true optimal agent w.r.t. wellformedness (CC Agent). Each color term is colored with the
average color mapped to the term.
Further, Figure 2b illustrates the well-formedness of the
agents after one recursion. The pragmatic agents greatly improve the well-formedness of the base agents after only one
recursion. As observed for efficiency as well, we see that
sRSA, which takes the structure into account, improves the
well-formedness to a greater extent. In the limit, see Figure
2d, the sRSA agents converge to optimal naming distributions
w.r.t. the well-formedness criterion.
Many studies, including the recent one in Frank et al.
(2021), have reported that humans rarely use more than 1 or
2 levels of recursion in signaling games. It is therefore intriguing that the sRSA only needs only 1 or 2 recursions to
reach the information-theoretic frontier. We believe this is
something worth exploring further in the future.
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Figure 5: In the following plots, depth indicates the level of the final listener in the recursion, and the error bars correspond to
the width of the 95% confidence interval. We observe that, as the depth of recursion increases, the accuracy and complexity
of the agent differs more compared to the accuracy and complexity of the corresponding meaning function. Noteworthy is
that the complexity and accuracy of the sRSA agents increase with recursion depth, while the complexity and accuracy of the
corresponding meaning functions decrease. Hence, as the reasoning depth increases, the ambiguity of the learned meaning
function increases. The efficiency and accuracy of the agents and meaning functions should be the same at depth 0 and 1 since
both correspond to the sender S1 (w|m).
An outlier, when it comes to both efficiency and wellformedness, is the base agent of the language Karajá, highlighted by the black square in Figures 2a and 2b. In Figure 3
we illustrate the efficiency and well-formedness of the corresponding RSA and sRSA agents as we increase the recursion
depth. Interestingly, applying a few steps of sRSA, see Figure 3, yields a near-optimal agent, both when it comes to wellformedness and efficiency. This suggests that even though the
naming distribution of Karajá is not efficient and well-formed
in itself, it serves as a good initialization for a pragmatic and
rational agent - but for an agent that takes domain structure
into account. Without taking the structure into account, the
RSA agent doesn’t lead to a more efficient behavior; instead
the RSA agent seems to be moving away from the optimal
frontier.
In Figure 4, we see the corresponding mode-maps for the
different RSA versions at depth 1 and in the limit. We clearly
see that taking the structure into account in the reasoning process produces agents that have very smooth mode-maps already at depth 1, see Figure 4e. Here we also see that the standard RSA objective, see Figures 4c and 4d, fails to produce
smooth mode-maps since it does not account for the structure
of the domain space. Worth highlighting is that the sRSA,
Figure 4f, seems to converge to a mode-map very close to the
optimal mode-map w.r.t. the well-formedness measure, see
Figure 4b. This is perhaps expected since the sRSA utility
considers perceptual similarity.

Artificial Agents
In our multi-agent reinforcement learning framework, two
agents will play a structured signaling game about colors.
In the beginning of each game, one agent is randomly assigned to be the speaker agent and the other one acts as a

listener. Each agent will keep their own parameterization of
the meaning function Lθ using a neural network with parameters θ and φ. Given a context, both agents will apply either RSA or sRSA on the meaning function for t iterations to get their corresponding policies St,θ (w|m, C ) and
Lt,φ (m|w, C ). The speaker agent then samples an utterance
given the target according to St,θ (w|m, C ), and upon receiving the utterance, the listener samples a guess according to
the distribution Lt,φ (m|w, C ). A binary reward is given to both
agents depending on whether the listener produced a correct
guess and both agents will update their respective meaning
function using the REINFORCE objective (Williams, 1992),
which for the sender agent corresponds to taking the gradient of r log St,θ (w|m, C ) and for the listener gradient of
r log Lθ (m|w, C ). A similar computational setup was recently
considered in Ohmer et al. (2022).
We take each neural network to have one hidden layer of
25 neurons with ReLU activation for the hidden layer and
sigmoid activation in the output layer. We train the agents
on contexts consisting of 5 colors sampled from the Munsell chart and represented as a vector in CIELAB space. We
vary the depth of the agent from 0 to 5, where depth 0 indicates a sender interacting with a literal listener, and we set
α = 5. During the evaluation, the context given to the agents
will be the entire Munsell chart, as was done for human representations. Each configuration of agents is averaged over
100 different random seeds. We update the neural networks
using standard stochastic gradient descent, with the learning
rate set to 0.001. The agents were trained for 10 000 updates
using a batch size of 100. We compare the results to a pure
reinforcement learning baseline (RL) with the meaning function of the same size as that of the pragmatic agents, but with
linear activation in the output layer. The RL sender performs
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a softmax operation over words given a color, and the RL listener performs a softmax operation over colors given a word.
This color game is similar to the ones considered in Kågebäck
et al. (2020); Chaabouni et al. (2021) with the difference that
the sender observes the context in our setup.
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Optimal frontier
Unachievable
sRSA(2, 5)
RSA(2, 5)
RL

2.0
1.5
1.0
0.5
0.5
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1.5

meaning function increases with recursion depth, also for the
RSA agents, which can be seen in Figure 5a. However, for the
RSA agents we also observe that the accuracy and complexity
of the agent decreases after a few recursions, which seems to
indicate that a small number of recursions is better for developing accurate behavior compared to higher recursion depth
when using RSA.

2.0
Complexity

2.5

3.0

3.5

Figure 6: The efficiency of the RSA and sRSA agents trained
using a recursion depth of 2 compared to the RL baseline.
In Figure 6, we observe the efficiency of the agents when
performing 2 recursions. The RSA agents develop less efficient communication compared to the sRSA agents and
the RL baseline. The sRSA agents develop communication closer to the optimal frontier compared to the RL and
RSA agents, illustrating that pragmatic agents with appropriate utility functions develop efficient communication. It is
worth highlighting that the RSA and RL agents account for
the structure of the color space in their non-contextual meaning functions, i.e. in their neural networks. The results in
Figure 6 thus suggest that the efficiency of the sRSA agents
cannot be mimicked by just a graded, or fuzzy, meaning function, but is due to explicitly accounting for the structure in the
recursion. We also note that the non-pragmatic RL baseline
learns color naming systems which are more efficient than
the pragmatic RSA agents, and that these systems are also
close to the information-theoretic frontier (the efficiency of
RL agents w.r.t. this objective was first reported in Chaabouni
et al. (2021)).
In Figure 5 we see how the complexity and accuracy of
the agents and the meaning function changes as the agents
are allowed to perform deeper reasoning during learning. As
the recursion depth increases, the sRSA agents develop more
complex and accurate behavior while ambiguity emerges to
a higher extent in the corresponding meaning functions, see
Figure 5b. Hence, the sRSA agents are able to use ambiguity
as a tool to reach greater communicative efficiency. This is
consistent with the observations in Peloquin et al. (2020) and
the claims in Piantadosi et al. (2012) that ambiguity is associated with efficient communication. The ambiguity of the

In this work we have explored pragmatic reasoning in a structured signaling game in the color domain. We explored human representations from the World Color Survey, as well
as representations learned by artificial agents using reinforcement learning that incorporate pragmatic reasoning. We have
seen that, in both cases, incorporating the domain structure in
the reasoning process greatly improves the efficiency in the
standard information-theoretic sense, compared to using the
standard RSA recursion.
We believe that an interesting future direction is to extend the idea of a structured signaling game and sRSA to
more complex environments. An example is a scenario where
meanings constitute several different features, and not just
one, as considered here. Another interesting future direction,
pointed out by one of the reviewers, is to explore scenarios
where agents do not share the exact same notion of similarity.
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Abstract
Cognitive theories for reasoning are about understanding how
humans come to conclusions from a set of premises. Starting
from hypothetical thoughts, we are interested which are the
implications behind basic everyday language and how do we
reason with them. A widely studied topic is whether cognitive theories can account for typical reasoning tasks and be
confirmed by own empirical experiments. This paper takes a
different view and we do not propose a theory, but instead take
findings from the literature and show how these, formalized as
cognitive principles within a logical framework, can establish
a quantitative notion of reasoning, which we call plausibility.
For this purpose, we employ techniques from non-monotonic
reasoning and computer science, namely, a solving paradigm
called answer set programming (ASP). Finally, we can fruitfully use plausibility reasoning in ASP to test the effects of an
existing experiment and explain different majority responses.
Keywords: Answer Set Programming, Human Reasoning,
Model Quantification, Individual Reasoning, Deduction, Abduction, Suppression Task, Non-monotonic Reasoning

Introduction
Usually, the adequacy of cognitive reasoning theories is assessed with respect to typical reasoning tasks, e.g., (Byrne,
1989; Wason, 1968) and own experiments. The aim is to understand how, from a hypothetical thought, humans reason
and make conclusions. For example, given conditionals such
as “if A, then B” together with a set of given premises, we
can ask what humans conclude from this information. The
adequacy of a cognitive theory is assessed by how well it can
account the human data. Over the decades, many theories
have been proposed (Johnson-Laird, 1983; Rips, 1994; Polk
& Newell, 1995; Chater & Oaksford, 1999; Stenning & van
Lambalgen, 2008; Hölldobler & Kencana Ramli, 2009). Here,
we briefly discuss two dominant theories. The Probability
Heuristics Model (PHM) is a cognitive theory where the environment is described by prior probabilities and updates are
done according to Bayes’ theorem (Chater & Oaksford, 1999).
PHM does not suggest how probabilities are computed, i.e.
no implemented algorithm exists (López-Astorga, Ragni, &
Johnson-Laird, 2021). The (Mental) Model Theory (JohnsonLaird, 1983) assumes that humans reason by constructing and
manipulating mental models, which illustrate the possibilities
of how the world is perceived by the reasoner (Khemlani &
Johnson-Laird, 2013). The model theory with naive probabilities (Johnson-Laird, Legrenzi, Girotto, Legrenzi, & Caverni,
1 Authors

are stated in alphabetical order.

1999) provides a simple algorithm without using Bayes’s theorem, for computing subjective probabilities and was further
extended (Khemlani, Lotstein, & Johnson-Laird, 2015; Khemlani & Johnson-Laird, 2016). These two theories seem to have
conflicting viewpoints (Oaksford & Chater, 2020; Knauff &
Gazzo Castañeda, 2021; Oaksford, 2021; Over, 2021) and
so far, there is no agreement on whether an integration is
possible (López-Astorga et al., 2021; Over, 2021).
So far, a widely accepted framework for cognitive reasoning
does not exist. Even though there might be some agreement on
the metrics for a good theory, e.g., generalizability (Thomson,
Lebiere, Anderson, & Staszewski, 2015), simplicity, and predictive accuracy (Taatgen & Anderson, 2010), theories are not
always formalized by their inventors and thus not applicable to
tasks straightaway. When effort is done to make them testable
and accessible to others, e.g., (Khemlani & Johnson-Laird,
2012), the theory might be ambiguously understood and not
adequately modeled, e.g., (Baratgin et al., 2015). Quite an example of Newell’s observation—even though scientists make
excellent research, they never seem in the experimental literature to put the results of all the experiments together, which
obstructs progress (Newell, 1973). Among others, Newell
suggested developing complete processing models, and a computer system that can perform all mental tasks. On the architectural level, a standard model of the mind was proposed, that
depicts the best consensus given the community’s understanding of the mind (Laird, Lebiere, & Rosenbloom, 2017).
An additional challenge for cognitive reasoning is to identify
the relevant problems that a model should account for (Ragni,
2020). Therefore, Ragni (2020) suggested establishing generally accepted benchmarks, similar to the PRECORE Challenge (Ragni, Riesterer, & Khemlani, 2019) for human reasoning tasks. The evaluation of this challenge was done with
the benchmarking tool Cognitive COmputation for Behavioral Reasoning Analysis (CCOBRA) framework (Riesterer &
Shadownox, 2021).
In other disciplines such as mathematics and computer
science, annual problem challenges, such as the famous DIMACS challenges (Johnson, McGeoch, Grigoriadis, Monma,
& Tarjan, 1990), SAT (Balyo et al., 2021), and ASP competitions (Gebser, Maratea, & Ricca, 2020), provided a
community-building tool and contributed to tremendous
progress in actual problem solving. On the side, these efforts result in common (intermediary) languages. At the same
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time, the outcome of the challenges defines the empirical upper
bounds of the state-of-the-art model’s performance and determines the performance of new theories (Riesterer, Brand, &
Ragni, 2020). Here, we do not propose a cognitive theory but
formalize widely accepted findings as task-independent cognitive principles within one framework. These principles require
that assumptions have to be general enough to be understood
in various contexts. At the same time, they call for an unambiguous formalization that can immediately be instantiated
to a specific context. As logical reasoning is [. . .] considered
one of the most fundamental cognitive activities (Woleński,
2016), a logical formalization of higher-level cognitive assumptions might be suitable, even though not classical logic:
The formalization and reasoning with default assumptions,
which are facts that are true in the majority of contexts but
not always, require non-monotonic logic (Reiter, 1978, 1980).
A widely used modeling and problem solving paradigm in
AI and computer science that implements non-monotonic reasoning is answer set programming (ASP) (Heule & Schaub,
2015; Gebser, Kaminski, Kaufmann, & Schaub, 2012). The
solutions of the program answer sets or stable models, can
then be understood as possible models for that program.
We use the well-established ASP paradigm to model human reasoning principles, and employ ASP for quantitative
reasoning by defining a notion of plausibility that relates the
number of models under assumptions of interest to the total
number of models. Thereby, we obtain a framework that allows for implementing cognitive principles. In our work, we
anti-disciplinary combine findings from cognitive science, the
non-monotonic logic community in computer science, and a
method of model quantification. However, it is important to
emphasize that ASP is not a theory of cognitive reasoning.
Contributions. Our main contributions are as follows:
1. We show that existing cognitive principles can be well represented as rules in ASP following a natural semantics. Each
program is a set of these rules and yields possible models.
2. We instantiate these general principles to a well-known task
from empirical experiments into simple programs that do
plausibility reasoning with ASP.
3. We illustrate, how we can turn potentially multiple models
of an ASP program into a quantitative approach to reasoning
(plausibility) to test the effects of existing experiments and
explain different majority responses.

Preliminaries
Answer Set Programming (ASP). ASP is a popular declarative modeling and problem solving framework in computer
science and artificial intelligence with roots in non-monotonic
logic (Brewka, Eiter, & Truszczyński, 2011; Gebser, Kaufmann, & Schaub, 2012). In ASP, one states problems using
propositional atoms, meaning, that an atom a can either be
true or false. A program consists of rules, that state conclusions about atoms. Solutions to the program are called answer

sets (or stable models). A rule of the form a ← b, not c, intuitively, states that we can conclude a if b is true unless we have
evidence that c is true. By default, in ASP, we assume that
an atom a is false unless we can conclude it. This “in dubio
pro reo”-like approach is known as closed-world assumption
(CWA) (Reiter, 1980, 1978). Take the following example.
Example 1 (False by Default). Consider the following conditional sentence. “If it is weekend (w), then she will go to
the beach (b)”. However, we know that “She will not go to
the beach (b), if it is cloudy (c).” We can rephrase this as
follows: “If it is weekend (w), then she will go to the beach
(b) unless it is cloudy (c).” This can be modeled as program
P1 = {b ← w, not c.}.
⊥
What are the (intended) models of the programs? Here
we are interested in the answer sets (or stable models) of the
programs, but we will not provide their formal definitions
and rather explain the intuition by the next examples. The
interested reader is referred to an extended version (Dietz,
Fichte, & Hamiti, 2022) or introductory literature (Gebser,
Kaminski, et al., 2012).
/ since
Example 2 (Answer Set). The only answer set of P1 is 0,
we neither have evidence for cloudy, nor weekend, nor beach.
If we know that “it is weekend”, we take program P2 = {b ←
w, not c. w.}. In P2 , we have evidence for weekend by w, but
no evidence for cloudy. From this knowledge, we can conclude
beach from the rule in P1 . The only answer set of P2 is {w, b}.
In contrast, P2 = {b ← w, not c. w. c.} has only the answer
set {w, c}. We cannot conclude b, as we have evidence for c
and the rule b ← w, not c contains c as an exception to draw
the conclusion.
⊥
In ASP, we can also make explicit choices to set an atom to
true or not, which we illustrate in the following example.
Example 3 (Choices). Take program P1 from Example 1. If
we know that it could either be weekend or not weekend, we
add a choice rule to our program. A choice rule states that
any combination of atoms inside the set are true, including
none.2 We obtain P3 = {b ← w, not c. {w}.}. Then, P3 has
two answer sets {w, b} and {}.
⊥
Next, we illustrate how adding rules can effect conclusions.
Example 4. Consider program
P4 = {b ← w, not c. {w}. {s; c}. c| ←{znot }s} where r1
|
{z
} |{z} | {z }
r1

r2

r3

r4

corresponds to the conditional in Ex. 1, r2 to the choice
in Ex. 3, and s means “it is sunny”. Choice r3 states
that either s or c are true, both are true, or none
is true. We have six answer sets, namely, AS(P4 ) =
{{s}, {c}, {c, s}, {b, s, w}, {c, s, w}, {c, w}}. The set X =
{b, w} is not an answer set of P4 , since we conclude cloudy
(c) from rule r4 if we have no evidence for sunny (s).
⊥
Below, we also use variables in the programs, which provides us with a more expressive and compact way of representation. We omit formal details for space reasons, but again
2 Sometimes we also write n{a ; a ; . . . ; a }m, meaning that we
1 2
k
chose at least n atoms and at most m atoms in the choice.
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give an example. By {p(X). r(X) ← p(X)} for X ∈ {a, b},
where a and b are constants, we mean {p(a). p(b). r(a) ←
p(a). r(b) ← p(b) }. We assume that there is always at least
one constant in P and AS(P) is the set of all answer sets of P.
Quantitative Reasoning in ASP. Traditionally, when modeling in logic, one considers simple decision questions, i.e.,
yes-no questions (Copi, Cohen, & Rodych, 2019). In terms of
ASP this would simply mean asking whether a given program
/ Beyond, we find questions
has an answer set, i.e., AS(P) 6= 0.
such as credulous and skeptical reasoning. Where credulous
or skeptical reasoning asks whether an atom a is contained
in at least one and all answer sets, respectively. We are also
interested in computing the plausibility for a set Q of rules
relating to the number of answer sets under the assumption of
the total number of answer sets.
Definition 1 (Plausibility). Let P be a program and Q be a
set atoms, called questions. Then, plausibility of P under Q is
| AS(P∪PQ )|
defined P[P, Q] := max(1,| AS(P)|)
where PQ consists of integrity
rules that ask whether atoms in Q can be made true, i.e.,
PQ := {← not a | a ∈ Q}.
Later, when representing questions in ASP programs, we
assume that Q is given by rules of the form “question(a).”
for every a ∈ Q. When computing | AS(P ∪ Q)|, we replace
each question(a) as above by “← not a.”. By using ASP,
we describe the system and the outcome using rules within
ASP. Answer sets represent the outcomes of our system. The
question for plausibility still relates to inference and is done in
terms of counting answer sets. Using modern implementations
that solve answer set programs, we can obtain the plausibility
by listing all answer sets and computing the relation. The
problem is of high computational complexity and has only
recently received more attention with the rise of more efficient
solving techniques in the propositional setting that avoid enumeration (Lagniez & Marquis, 2017; Sharma, Roy, Soos, &
Meel, 2019; Fichte, Hecher, & Hamiti, 2021; Fichte, Hecher,
Thier, & Woltran, 2021; Fichte, Hecher, & Roland, 2021) or in
the ASP setting (Kabir et al., 2022; Fichte, Gaggl, & Rusovac,
2022; Nadeem, Fichte, & Hecher, 2022).
Example 5. Consider P4 from Ex. 4. For skeptical reasoning
for s or c in P4 , the outcome is no. Whereas for credulous reasoning, the outcome is yes. When considering the plausibility
of P4 under s being true, meaning PQ = {← not s}, we can
see that | AS(P4 ∪PQ )| = |{{s}, {c, s}, {b, s, w}, {c, s, w}}| = 4
and | AS(P4 )| = 6, which yields P[P4 , Q] = 4/6.
⊥
Below, we illustrate counting and Bayesian views as well
as differences to our notion. We follow a popular example by
McElreath (2020b, 2020a). Recall that Bayes-Price theorem
is used to compute the probability of an event, based on prior
knowledge of conditions that might be related to the event.
While it might seem quite plain, one can just list potential
combinations and count possible ways instead.
Example 6. Assume that we have a bag of four marbles,
which could be blue (b) or white (w). We are not aware of how

many of each is in the bag. From the four marbles, the cases
(i) wwww; (ii) bwww; (iii) bbww; (iv) bbbw; and (v) bbbb
are possible. To obtain more detailed information about the
content, we can take one marble remember its color and put
it back. Assume that after repeating times, we observe bwb.
To estimate Bayesian plausibility, we can count how many
ways are to produce each of the Cases (i-v) assuming the seen
data. In more detail, 0 ways for wwww, 3 ways for bwww, 8
ways for bbww, 9 ways for bbbw, and 0 ways for bbbb. In
total 20 possible ways. Plausibility talks about an observation
in relation to all possible ways. Here, 0/20 = 0 for wwww,
3/20 = 0.15 for bwww, 8/20 = 0.40 for bbww, 9/20 = 0.45 for
bbbw, and 0/20 = 0 for bbbb. Our framework allows to express
this in our notion of plausibility. Therefore, we can model
the 5 cases that can be produced and their resulting ways of
producing the data. Then, ask for the number of solutions that
can be produced in total and the one under the assumption
say Case (ii) bwww. We provide a detailed ASP program in
an extended version (Dietz et al., 2022). While our framework
allows to express such questions we are more general and by
plausibility in ASP, we express the relation of count under
assumption and total count of possible answer sets.
⊥
The existing probabilistic approaches to human reasoning
differ from our proposal as those probabilities are either understood as subjective and are not derived from the quantification
over models, e.g. (Chater & Oaksford, 1999) or attach the probabilities to different types of inferences, e.g. (Kleiter, 2018).
We also use a slightly different approach than Johnson-Laird
(1999) by considering the relationship on counting the values
in the truth table that evaluate to true, but according to the
answer set semantics.

Cognitive Principles in ASP
We employ accepted findings from the literature and formalize
them as rules, called cognitive principles, within one framework and explain their effects. As a baseline, we consider the
principles presented in the literature (Dietz & Kakas, 2020,
2021). These principles are task-independent and can be any
assumption that humans seem to make regardless of whether
they are valid in classical logic. ASP will be the framework in
which we formalize them. Before we proceed with the rules
and their representation in ASP, let us clarify that we do not
present a new cognitive theory.
Presuppositions Grice’s (1975) conversational implicatures
are about additional interpretations of the sentences we hear,
not necessarily related to the content. For instance, we usually
communicate according to the cooperation principle. Thus,
when the experimenter (or someone we trust) states “a is
true or a is false”, we assume that this is true. In ASP, a
fact prem(a) is represented as either prem(a) or nprem(a),
respectively (FACT principle).3 Yet, both cannot be true at the
3 Throughout the paper, the negation of a statement a(X) is represented with an auxiliary statement na(X), i.e., having the same name
as the statement, preceded by an ’n’.
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same time (CONSISTENCY principle).
Grice’s maxim of relevance implies that everything that is
said, seems to be relevant, suggesting that humans might generate hypotheses from the context (HYPOTHESIS principle). We
account for this principle by establishing context-dependent
hypotheses for each statement a that we are made aware of by
adding hyp(a).
{prem(X); nprem(X)}1 ← hyp(X).

(HYPOTHESIS)

The 1 denotes that at most one statement can be true ensuring
the CONSISTENCY principle.
Types of Conditionals Conditions in conditionals can be of
different types, such as necessary or sufficient (Byrne, Espino,
& Santamarı́a, 1999; Byrne, 2005). Consider the two conditional sentences If she meets with a friend, then she will go to
the play and If she has enough money, then she will go to the
play. We assume that she meets with a friend is a sufficient
condition whereas she has enough money is not sufficient but
a necessary condition for she will go to the play. Assume that
she meets a friend. Together with the above HYPOTHESIS principle and given the second conditional, humans might generate
the hypothesis that she does not have enough money which
functions as a disabling condition (Cummins, Lubart, Alksnis, & Rist, 1991) to the modus ponens conclusion that she
will go to a play. The follwing rule states that concl follows if
condition is asserted to be true (modus ponens):
concl ← prem(X), sufficient(X).

(SUFFICIENT)

The following rule states that nconcl follows if condition is
false (denial of the consequent).
nconcl ← nprem(X), necessary(X).

(NECESSARY)

Let us observe that she does not meet a friend. If this condition is also necessary, according to the NECESSARY principle
we might conclude that she will not go to the play. Consider
now additionally that if she has free tickets, she will go to the
play. The hypothesis that she has free tickets functions as an
alternative cause (Cummins et al., 1991) to the condition she
meets a friend, for the conclusion she will go to the play. The
following rule captures this idea:
nconcl ← nprem(X1 ), . . . , nprem(Xn )

(ALL SUFFICIENT)

where nprem(X1 ), . . . , nprem(Xn ) is the conjunction of all Xi ,
1 ≤ i ≤ n, for which there exists a rule of the following form:
concl ← prem(Xi ), sufficient(Xi ). This rule states that nconcl
follows when all its sufficient conditions are false.
Maxim of Inference to the best explanation Even though
not valid in classical logic, humans have the ability to reason
from observations to explanations, called abduction (Peirce,
1903). As reported by Kelley (1973); Sloman (1994), contrastive (or alternative) explanations might increase or decrease
their plausibility, depending on the context.

In ASP, abduction can be implemented as cautious (or skeptical) abduction (Kakas, Kowalski, & Toni, 1993). Given
a program P and an observation O , is E an explanation
for O ? This question can be answered in a two-step procedure: (i) Generate models of P, in which O holds: ←
O . (EXPLAIN principle) (ii) Select models in which E holds:
question(E ).(CAUTIOUS principle)
We additionally require explanations to be minimal (MINIMAL
principle): Given P, E is a minimal explanation of O if and
only if there is no other explanation E 0 for O such that E 0 ⊂ E .
In the sequel, O is either concl or nconcl and E is either prem
or nprem. Given that if prem then concl, the derivation from
concl to prem corresponds to the (classical logically) invalid
affirmation of the consequent, whereas the derivation from
nconcl to nprem corresponds to the valid modus tollens.
Individual Reasoners Humans differ in their reasoning, c.f., (Khemlani & Johnson-Laird, 2016). We represent
these differences as choice rules, surrounded by {. . . }, which
can contain one or more variables. For instance, models in
which hyp(a) is true, false, or unknown, can be generated
through the choice rule “{hyp(a)}” (INDIVIDUALS principle).

Application to Human Reasoning
We discuss the application of cognitive principles within
ASP by means of a typical reasoning task. The suppression
task (Byrne, 1989) consists of two parts, where participants
were divided into three groups and were asked whether they
could derive conclusions given variations of a set of premises.
First, we present the formalization in ASP guided by cognitive principles. In Part I, reasoning is done deductively, and,
in Part II, it is done abductively. In contrast to other logic
programming approaches (Stenning & van Lambalgen, 2008;
Dietz, Hölldobler, & Ragni, 2012), we apply quantitative reasoning to the computed models which allows us to account for
the majority’s differences in the experimental results.
Part I: Search for conclusions Group I was given the following two premises: If she has an essay to finish, then she
will study late in the library. She has an essay to finish. (essay)
The participants were asked what of the following answer possibilities follows assuming that the above premises were true:
She will study late in the library, She will not study late in the
library. or She may or may not study late in the library. 96% of
the participants in this group concluded that She will study late
in the library (library). Group II of participants additionally
received the following premise: If she has a textbook to finish,
then she will study late in the library, which yields to the same
result: 96%4 of the participants in this group concluded that
She will study late in the library. Group III of participants
instead additionally received the following premise: If the
library is open then she will study late in the library. In this
4 We refer to the percentages from Byrne (1989). Table 2 also
shows the percentages from Dieussaert (2000).
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Case

All Groups

Group I

All cases

Pbasic

{necessary(e)}

essay
not essay
library
not library

question(concl)
question(nconcl), nprem(e)
{concl}, ← not concl, question(prem(e))
{nconcl}, ← concl, question(nprem(e))

prem(e)
hyp(e)
hyp(e)

Group II

Group III
necessary(e)

prem(e), {hyp(t)}
{hyp(t)}
{hyp(e); hyp(t)}1
hyp(e), hyp(t)

{hyp(o); prem(e)}
{hyp(o)}
hyp(o), hyp(e)
{hyp(o); hyp(e)}1

Table 1: Summary of the rules applied by case and group. The second row shows the rules by group that applied to all cases.
case, only 38% concluded that She will study late in the library. Even though the conclusion was logically valid in all
three groups (modus ponens), a suppression effect in Group
III could be observed (Byrne, 1989). This effect very well
demonstrates the non-monotonic nature of human reasoning.
If instead, She does not have an essay to finish was given
as a fact, only 4% of Group II concluded She will not study
late in the library, whereas for Group I and Group III, it was
46% and 63%, respectively. Here, the conclusion was not
valid (affirmation of the consequent), and the suppression
effect could be observed in Group II. This case nicely shows
that the suppression effect occurs independent on whether the
conclusion is valid.
Motivated by the cognitive principles, the following rules,
denoted by Pbasic , are part of all cases and groups:
← concl, nconcl.

(CONSISTENCY)

concl ← prem(X), sufficient(X).

(SUFFICIENT)

nconcl ← nprem(X), necessary(X).

(NECESSARY)

{prem(X); nprem(X)}1 ← hyp(X).

(HYPOTHESIS)

nconcl ← nprem(e), . . . , nprem(t)

(ALL SUFFICIENT)

sufficient(e).

(SUFFICIENT)

sufficient(t).

(SUFFICIENT)

necessary(o).

(NECESSARY)

concl and nconcl here refer to She will study late in the library
and She will not study late in the library, respectively. The
last three rules state that e (She has an essay to finish) and t
(She has a textbook to read) are sufficient for concl, whereas
o (The library is open) is necessary for concl. Table 1 shows
all the programs for all the cases and groups.
Consider the first three rows in Table 1. For different groups
of participants different underlying principles are assumed:
By the FACT principle for case essay and not essay we assume
prem(e) and nprem(e), respectively. Similar to the answer
possibilities that were given to the participants, in ASP we ask
the program whether an answer follows by question(concl)
or question(nconcl). The different groups are made aware of
different contexts, which is represented by the HYPOTHESIS
principle: The program for Group II can build the hypothesis
hyp(t), whereas Group III can build the hypothesis hyp(o).
To account for different participants (INDIVIDUALS principle), choice rules (rules surrounded by {. . . }) are used: Consider {necessary(e)} in Group I for all cases: It allows the

generation of models in which necessary(e) is true, false,
or unknown. Choice rules enable us to deal with conditions that might result in conflicting conclusions. Consider
{hyp(o), prem(e)} (in case essay, Group III). Assume hyp(o):
Because necessary(o) ∈ Pbasic , by the NECESSARY principle
nconcl follows. If we assume prem(e), as sufficient(e) ∈ Pbasic ,
by the SUFFICIENT principle, concl follows.
Part II: Search for Explanations The second part of the
experiment was similar, except that the given facts were different. In the first case, participants were asked what follows,
given the fact that She will study late in the library (library).
For Group I and III, 71% and 54% derived the non-valid (affirmation of the consequent) conclusion that She has an essay
to finish, whereas the suppression effect occurred for Group
II, with only 13%. In the second case, they were asked what
follows, given the fact that She will not study late in the library
(not library). Here, 92% and 96% of participants in Group I
and II derived the (logically valid) modus tollens conclusion
She does not have an essay to finish, whereas the suppression
effect occurred for Group III, with only 33%.
Following the EXPLAIN principle, participants might have
understood the given fact as an observation and searched for
explanations. ← not concl generates all models in which concl
holds and question(prem(e)) selects the models in which
prem(e) holds; similar for nconcl. These models are explanations for the given observation.
To account for different participants, we specify choice
rules: {concl} allowing to generate models in which concl is
either false, true, or unknown. The cases in which concl is
simply assumed to hold, represents participants who possibly
did not search for explanations or generated other explanations
based on their background knowledge. Similar for nconcl.
Consider the special cases of choice rules for the generation
of explanations in row 5 and 6 in Table 1: For Group II,
case library, {hyp(e); hyp(t)}1 excludes the cases where both
hyp(e) and hyp(t) are true. As both e and t are sufficient
conditions for library, it is enough to assume either prem(e)
or prem(t) to hold as an explanation for library. For Group III,
case not library, {hyp(e); hyp(o)}1 excludes the cases where
both hyp(e) and hyp(o) are true. As both e and o are necessary
conditions for library, it is enough to assume either nprem(e)
or nprem(o) to hold as explanation for not library.
Note that for both groups this rule is not relevant for the
other cases. In Group II, both nprem(e) and nprem(t) need to
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Discussion and Outlook
To the best of our knowledge, no approach for human reasoning has considered quantitative model counting. Additionally,
we provide an online accessible formalization of the task such
that the results can be replicated.
We believe that a good model needs to account for the
assumptions of various theories, for individual reasoners, and
can rigorously be applied to benchmarks. An approach, which
is guided by general cognitive principles, can account for
individuals, is rigorously applicable as shown in other domains,
and, as motivated by established theories, likely accounts for
a variety of tasks.
The computed plausibility in this paper is solely based on
the number of models, ignoring the quality of the respective
models. However, some models might be easier to be considered by humans than other models (Knauff, Rauh, Schlieder,
& Strube, 1998; Ragni, Fangmeier, Webber, & Knauff, 2006),
meaning that they are not equiprobable. An additional preference relation, either on the rule level or on the model level, can
easily be implemented in ASP (Brewka, Delgrande, Romero,
& Schaub, 2015), could account for these differences or
weighted counting (Sang, Beame, & Kautz, 2005).

Conclusion and Future Work
In this work, we showed how model human reasoning principles can be formalized within answer set programming (ASP),

Group

models
Question total

I
II
III

2
4
3

2
4
7

ASP

B.

D.+

100
100
43

96
96
38

88
93
60

not essay

concluded She will study late in the library
I
II
III

1
1
5

2
4
8

50
25
63

46
4
63

49
22
49

library

concluded She will not study late in the library
I
II
III

2
1
2

5
7
4

40
14
50

71
13
54

53
16
55

92
96
33

69
69
44

concluded She has an essay to finish
not library

From Counting Models to Plausibility Table 2 shows the
number of generated models according to the given programs
in Table 1 including the plausibility for library, not library,
essay, and not essay, respectively. The plausibility is computed via ASP as described in the preliminaries. For each
group (column 2) the number of all models for the program
(column 4) and the number of all models that satisfied the
question (column 3) are depicted. Columns 5 to 7 show the
computed plausibility of quantitative ASP, the experimental
results in the literature (Byrne, 1989) and (Dieussaert et al.,
2000), respectively. ASP does not only model well the suppression effect in all four cases but also accommodates for
the difference between high percentages (Group I and II for
the cases essay and not library) and significant percentages
(Group I and III for case not essay and library). Interestingly,
whenever a suppression effect occurs in a group, ASP also generates more models compared to the other groups. This seems
to agree with the assumption that inferences which leads to
multiple models should be more difficult than the ones on a
single model (López-Astorga et al., 2021).

Cases
essay

hold to be an explanation for not library whereas in Group III,
both prem(e) and prem(o) need to hold to be an explanation
for library. These choice rules motivated by the MINIMAL
principle are case-specific. Computing minimal explanations
is expensive in general (Eiter & Gottlob, 1993).

I
II
III

1
1
1

1
1
2

100
100
50

concluded She does not have an essay to finish
Table 2: The results in ASP compared to the experimental
results in (Byrne, 1989; Dieussaert et al., 2000), abbr. by B
and D+ , resp. The first two columns refer to cases and groups.
Columns 3 and 4 refer to the number of models that satisfy
the question and all models of the program. The highlighted
rows show in which group the suppression effect occurred.3
which is a popular modeling problem, and reasoning framework in artificial intelligence (AI). By counting answer sets,
we establish a notion of quantitative reasoning in terms of plausibility and account for different majority responses in cognitive reasoning. While the constructed models were guided
by cognitive principles, we clearly do not believe that human
reasoning works similarly as ASP computation. Instead, ASP
helps to represent principles.
Putting our results into the light of Newell’s considerations
on progress within the cognitive community (Newell, 1973),
our work might be seen as yet another framework for mental modeling. However, we use well-established techniques
from AI for representing cognitive principles and making
small steps to converge. Thereby, we incorporate existing
approaches and open ASP to the cognitive theory community.
In addition, we aim to investigate whether preferences over
answer sets or weighted counting could allow for more detailed
modeling of cognitive principles. Furthermore, inspired by
our idea of employing existing techniques from AI, and as
already mentioned in the introduction, the cognitive science
community could discuss and design an event establishing
benchmarks for human reasoning tasks as suggested in (Ragni,
2020) explaining different majority responses using one or
many existing frameworks.

3 The programs, models and the results can be found online:
https://github.com/eadietz/bst2asp
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Abstract
The debate of whether bilingualism provides a cognitive and or
linguistic advantage is a lasting one. Underlying this debate is the
idea that an additional language shapes cognition and linguistic
processing. The current research analyzes a behavioral dataset
containing individuals’ performance in different general
cognitive and linguistic tests using a machine learning approach
to classify individuals as bilinguals or multilinguals based on their
performance. Using an extreme gradient boosting model, we were
able to achieve a balanced accuracy of 77%. High scores on a
prescriptive grammar test, a verbal fluency test, and a picture
naming test were predictive for multilingualism. The implications
of the reported results for the field and future research are
discussed.
Keywords: bilingualism, multilingualism, domain-general
cognitive skills, language skills, machine learning

Introduction
The debate of whether there is a bilingual cognitive
advantage has been present in the field literature for quite a
long time (Bialystok et al., 2009; Lehtonen et al., 2018; Noort
et al., 2006; Peal & Lambert, 1962; Saer, 1923). The lack of
consensus about its existence may result, among others, from
different methodology used by the studies addressing the
matter (Calvo et al., 2016). While some studies provide
evidence for a general cognitive advantage among bilinguals
(Bialystok et al., 2004; Blom et al., 2014; Friesen et al.,
2015), others argue for a lack thereof (Jones et al., 2021; Von
Bastian et al., 2016), or for differences in linguistic
processing (Bialystok et al., 2003; Bosch & Sebastián-Gallés,
2003; Jared & Szucs, 2002). Underlying this debate is the
idea that an additional language could affect one’s
general cognitive ability and language processing, such as
working memory (Blom et al., 2014), attention (Friesen et al.,
2015), cognitive control (e.g., Blumenfeld & Marian, 2014)
and linguistic skills, such as phonological awareness
(Bialystok et al., 2003) and verbal fluency (Patra et al., 2020).
Despite the abundant literature about the effects of a
second language on cognition and language processing, less
attention has been dedicated to the impact of additional
languages (Marx & Hufeisen, 2003). Only recently
multilingualism has gained more interest from the field
literature (Cenoz, 2013). Similarly to the plethora of
definitions that the term “bilingualism” has received from the
field literature, “multilingualism” has been defined, among

others, taking one’s language proficiency (Cook et al., 2011)
and frequency use (Li, 2008) into account. For the current
research, a bilingual is anyone who can communicate in or
comprehend two languages, and a multilingual in more than
two.
In light of the above discussed matters, the current study
makes use of machine learning techniques to further
investigate the effect of additional learned languages to
individuals’ general cognitive capacity and linguistic skills.
To do so, machine learning models were used to extract the
most significant features (individuals’ cognitive and
linguistic tests performance) in order to classify these
individuals according to their self-reported bilingual or
multilingual language background information.
The use of machine learning to analyze social-behavioral
data has increased in recent years (Lv et al., 2020), and its
advantage relies on its ability to capture the non-linear nature
of the complex relationship between the use of additional
language(s) and cognition might have (Jones et al., 2021).
Here, we use a machine learning technique to gain insight
into the full predictive power of a set of cognitive and
linguistic measures for the classification of individuals as
users of two or more languages.

Methods
Participants
The current research analyzed the behavioral dataset for
individual differences in domain-general cognitive skills and
language skills published by Hintz and associates (2020). The
dataset consists of 112 native speakers of Dutch. All
participants reported speaking at least one language in
addition to Dutch, with 25 participants speaking exactly one
additional language (bilinguals) and 87 participants speaking
two or more additional languages (multilinguals). For an
overview of all the languages spoken by the participants,
please see Table 1. Henceforth, we refer to the former group
of participants as bilinguals and to the latter group of
participants as multilinguals. On average, bilinguals were
22.56 years old (SD = 3.42), whereas multilinguals were
22.21 years old (SD = 2.62).
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Materials
Participants completed a battery of cognitive and linguistic
tests in Dutch. The test battery included tests of general
cognitive skills (e.g., working memory, non-verbal
intelligence), linguistic experience. (e.g., vocabulary size,
prescriptive grammar knowledge), and linguistic processing
skills (e.g., word and sentence production, word and sentence
comprehension). For the current study, only the tests in which
participants’ performance were of relevance for their binary
classification into bilinguals or multilinguals will be further
explained (please see the Results section). For more
information about all the tests conducted and the associated
experimental procedures, please see Hintz and associates
(2020).
Each participant completed the test battery twice, with an
interval of four weeks between both sessions. Here, we used
the preprocessed data released by Hintz et al. (2020), which
contain performance metrics for 33 cognitive tests in both
sessions for each participant. For each test, we calculated
average by-participant scaled test scores to obtain more
robust estimates of participants’ performance across tests.
For an overview of all tests participants completed, please see
Table 2.

Table 2: Conducted linguistic experience, general
cognitive and linguistic processing tests.
Linguistic experience tests
Stairs4Words
Peabody picture vocabulary test
Spelling test
Author recognition test
Idiom recognition test
Prescriptive grammar test
Syntest
General cognitive tests
Auditory simple reaction time test
Auditory choice reaction time test
Letter comparison test
Visual simple reaction time test
Visual choice reaction time test
Digit span test
Corsi block dicking test
Eriksen Flanker test
Antisaccade test
Raven’s advanced progressive matrices test
Linguistic processing skills tests
Picture naming test
Rapid automatized naming
Antonym production
Verbal fluency test
Maximal speech rate
One-minute-test
Klepel test
Monitoring in noise in lists
Rhyme judgment
Auditory lexical decision
Semantic categorization
Phrase and sentence generation
Spontaneous speech
Gender cue activation in sentence
comprehension
Verb
semantics act. in
sentence
comprehension
Monitoring in noise in sentences

Table 1: Number of participants for every selfreported language.
Language

Number
participants
(native
112

Dutch
language)
English
Croatian
Romanian
Spanish
Papiamento
Swahili
French
German
Swedish
Arabic
Dutch
sign
language
Afrikaans
Italian
Latin
Chinese

of

111
1
1
13
1
1
51
66
1
1
1
1
1
1
1

Analysis
Inferential Statistics
We carried out a series of Welch independent samples t-tests
to establish which cognitive and linguistic tests revealed
significant differences in performance between bilinguals
and multilinguals. To control the false discovery rate, the pvalues for all independent samples t-tests were corrected for
multiple comparisons using a Benjamini-Hochberg
correction (Benjamini & Hochberg, 1995).
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Prediction Using Machine Learning
In the current study, we investigated to what extent it is
possible to distinguish bilingual and multilingual participants
on the basis of their cognitive and linguistic test scores. We
technically formulated this investigation as a binary
classification task, with participant status (bilingual vs.
multilingual) as the response variable and by-participant
average test scores for the different tasks as predictors.
We modelled the binary classification task using an
extreme gradient boosting model (henceforth xgboost; Chen.
et al., 2021)). The xgboost model is an extension of random
forests. Like random forests, xgboost fits a sequence of
decision trees to the data. Whereas the decision trees in a
random forest are independent, however, each tree in an
xgboost model is fit to the residual errors of the previous tree.
As such, each tree is an expert at the shortcomings of its
predecessor.
We fit an xgboost model to the data using the caret package
for R (Kuhn, 2020), using balanced accuracy as a custom
objective function to optimize performance across both
bilinguals and multilinguals. The data contain 95 missing
values (1.21% of the data). Prior to analysis these missing
values were imputed using median imputation. The model
was fit under leave-one-out cross validation. Under leave
one-out cross validation, predictions for each observation are
based on a model trained on all other observations. Random
up-sampling of the minority class (bilinguals) was applied to
treat class imbalance.
The xgboost model consisted of 1000 trees, with each tree
being a stump (max_depth = 1). We tuned further
hyperparameters for optimal performance. Following the
hyperparameter tuning process, we used a learning rate of 0.2
(eta = 0.2) and considered a random subset of 70% of the
predictors when building each tree (colsample_by_tree =
0.7). All other hyperparameters were set to their default.
To gain more insight into the predictive power of the
xgboost model we extracted variable importances from the
fitted model. We used the standard metric for variable
importance in the xgboost library for R (Chen et al., 2021),
which is the summed information gain achieved by splits on
a predictor across all trees. For ease of interpretation we

prescriptive grammar

report both raw variable importances and re-scaled variable
importances (0 - 100).

Results
Inferential Statistics
After correction of the p-values with Benjamini-Hochberg
correction, the series of Welch independent t-tests fitted to
the data revealed a significant difference between mean test
scores for bilinguals and multilinguals in three tests: the
prescriptive grammar test (t(43.013) = -3.850, p = 0.011), the
verbal fluency test for categories (t(36.853) = -3.748, p =
0.011), and the picture naming test (t(35.356) = 3.409, p =
0.019). Group means for bilinguals and multilinguals with
95% confidence intervals for the test scores in the
prescriptive grammar test, the verbal fluency test, and the
picture naming test are presented in Figure 1.
The prescriptive grammar test required participants to
indicate whether auditorily presented sentences were
(grammatically) correct or not. As can be seen in the left
panel of Figure 1, grammaticality judgments were more
accurate for multilingual participants (M = 0.718, SE = 0.131)
as compared to bilingual participants (M = 0.620, SE =
0.022). In the verbal fluency test for categories participants
were asked to name as many animals (part 1) or food and
drinks (part 2) as they could within one minute. Test scores
are the average number of words named within a minute in
both parts of the test. Again, test scores were higher for
multilinguals (M = 26.301, SE = 0.494) as compared to
bilinguals (M = 22.500, SE = 0.886) (see middle panel of
Figure 1). The picture naming test consisted of 40 trials in
which participants had to name a photograph of an object as
fast as possible. As can be seen in the right panel of Figure 1,
average response times were significantly shorter for
multilingual participants (M = 2.926, SE = 0.0005) as
compared to bilingual participants (M = 2.967, SE = 0.011).
Across the three tests that revealed a significant difference

verbal fluency

picture naming

0.6

2.95

0.4

RT

20

number

prop. correct

3.00

10

0.2

2.90
2.85
2.80

0.0

0
bilingual

multilingual

2.75
bilingual

group

multilingual

group

bilingual

multilingual

group

Figure 1. Average performance for bilinguals and multilinguals with 95% confidence intervals
and standard errors in the prescriptive grammar (left panel), verbal fluency (middle panel), and
picture naming (right panel) tests.
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between bilinguals and
outperformed bilinguals.

multilinguals,

multilinguals

variable importances
Picture naming
Prescriptive grammar

Prediction Using Machine Learning
The machine learning model fit to the data achieved a macro
average F1 score of 0.778 (majority baseline = 0.440) under
leave-one-out cross validation. The confusion matrix for the
model is shown in Table 3. Despite the fact that class
imbalance was accounted for through up-sampling and a
custom objective function, the F1 score model remains higher
for multilinguals (0.903) than for bilinguals (0.653).
Bilinguals therefore are harder to classify correctly as
compared to multilinguals. The ROC AUC score - a measure
of how well the model is able to separate both classes - was
0.777. This indicates that if one were to randomly select two
participants, one bilingual and one multilingual, the
probability of the model assigning a higher probability of
multilingualism to the multilingual participant than to the
bilingual participant is 77.7%.

Phrase generation
Verbal fluency (categor ies)
Gender cue activation
Raven's advanced matrices
Verb semantics activation
Antisaccade

test

Author recognition
Digit span (forward)
One minute
Peabody picture vocabulary
Auditory reaction time
Rhyme judgment
Letter comparison
Monitoring in noise (sentences)
Monitoring in noise (meaning)
Antonym production
Corsi block clicking (backward)
Spelling
0

Table 3. Confusion matrix for the xgboost model.

Model

bilingual
multilingual

25

50

75

100

Figure 2. Variable importances variable
for theimportance
20 tests with the
highest variable importance in the xgboost model.

Observed
bilingual
Multilingual
16
8
9
79

Figure 2 presents variable importances for the xgboost
model, scaled from 0 to 100. Consistent with the results of
the Welch independent samples t-tests, the picture naming
(scaled importance: 100.000, raw importance: 0.153),
prescriptive grammar (scaled importance: 86.748, raw
importance: 0.133), and verbal fluency for categories (scaled
importance: 46.740, raw importance: 0.071) tests provided
substantial predictive power for participant status.
Interestingly, test scores in the phrase generation task
contributed considerably to the predictive power of the
xgboost model as well (scaled importance: 74.777, raw
importance: 0.114), despite the fact that the performance for
the bilinguals and multilinguals was not significantly
different in this task (t(31.904) = -0.431, p = 0.837). In the
phrase generation task, participants were asked to generate
descriptions of objects varying in structure and complexity.
A closer inspection of the data indicated that the standard
deviation of the scores in this task was considerably higher
for bilinguals (SD = 0.082) than for multilinguals (SD =
0.061). As such, the xgboost model may have been sensitive
to the fact that the probability of a participant being
multilingual is lower for extreme scores on the phrase
generation test.

Discussion
In the current work we used machine learning techniques to
classify individuals’ general cognitive and linguistic
performances based on their self-reported bilingual or
multilingual language background. The use of machine

learning techniques has recently become more popular in
analyzing social behavioral data (Lv et al., 2020) and it can
be helpful in extracting non-linear relations from complex
data such as the interaction between language and cognition.
Moreover, the current study contributes with additional
evidence for the debate of whether the presence of an
additional language affects general cognitive and linguistic
performance. As far as these authors are concerned, this is the
first study making use of machine learning techniques to
classify individuals based on their bilingual and multilingual
status using their cognitive and linguistic performance. The
computed model could successfully classify bilinguals and
multilinguals with an accuracy of 77%, which is considered
a moderate effect
General cognitive performance were not important features
in the classification of bilinguals and multilinguals, while
linguistic performances were. Thus, it seems that additional
languages do not affect one’s general cognitive performance.
Our findings are in line with some of the previous literature,
providing evidence that additional language(s) may provide
an advantage in linguistic processing (e.g., Patra et al., 2020)
but not in general cognitive capacity (Jones et al., 2021; Von
Bastian et al., 2016).
However, some caution is necessary to interpret these
results since the general cognitive performance tests used in
this study are limited to non-verbal processing speed (i.e.,
auditory and visual reaction time), working memory (i.e.,
auditory and visual-spatial domains), inhibition, and abstract
reasoning skills. In order to achieve a full understanding of
the cognitive abilities of bilinguals and multilinguals nonverbal and verbal cognitive tests should be considered.
Moreover, no information has been provided about
possible participants’ disorders which may compromise
cognitive performance, such as ADHD. Previous literature
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reports that bilinguals with ADHD have a decreased
executive functioning in comparison to ADHD
monolinguals, suggesting that an additional language could
provide an extra cognitive burden for those individuals (Mor
et al., 2015). Consequently, future studies should consider
such diagnostic information in their data collection.
Regarding their linguistic abilities, multilingual
individuals were significantly better than bilinguals in the
picture naming, prescriptive grammar and verbal fluency
tests.
In the picture naming test, participants were instructed to
name a photograph of an object as fast as possible. While in
the verbal fluency test, participants must correctly name as
many animals, food and drinks as they could within one
minute. Regarding the picture naming and verbal fluency
tests, multilinguals were significantly faster and produced
more words than bilinguals respectively. This is in line with
findings from the previous literature reporting a better
performance of bilinguals in comparison to monolinguals in
word production when the lexical representation of the
concept at hand is known in both languages (Gollan et al.,
2005; Potter et al., 1984). Similar reasoning could be applied
to our results. Multilinguals show a facilitation effect from
the other non-activated languages on the activation of the
lexical representation in the target language. As such, the
more languages one individual has encoded the more lexical
representations could help to activate the lexical
representation in the target language.
Concerning the prescriptive grammar test, in which
participants must judge whether auditory presented Dutch
sentences were grammatically correct or not, multilinguals
also outperformed bilinguals. A greater metalinguistic
awareness has been previously reported for bilinguals in
comparison to monolinguals (Bialystok, 1988; Bialystok et
al., 2003) and the more languages an individual speaks the
more metalinguistic awareness and strategy is used to acquire
additional languages (Jessner, 2014; Kemp, 2007). This
greater linguistic awareness in multilinguals in comparison to
bilinguals could explain their better performance in the
grammatical judgment test.
One interesting result of our analysis is the higher accuracy
of the xgboost model in classifying multilinguals in
comparison to bilinguals. When considering the
performances of bilinguals and multilinguals in the three
most significant linguistic processing tests for the model, it
becomes clear that the standard deviation of the bilingual
group is greater than of the multilinguals. This could have led
the model to be less accurate when classifying this population
in comparison to multilinguals.
Moreover, the model accuracy could have been improved
if the information about participants’ language proficiency
and their precise age of acquisition for each language would
be available and added as features. As previous literature
reports, language proficiency (Athanasopoulos, 2007) and
age of acquisition (Bylund et al., 2019) may interact with
cognitive processes and language skills.

Furthermore, in this study, multilinguals are defined as
those who can communicate in or comprehend more than two
languages. Consequently, individuals who can use three
languages or more were all categorized in the same
multilingual group. Differences in performance, especially,
in the general cognitive domain, may start to appear as the
number and the proficiency of mastered languages increase,
which should be further investigated in future studies.
It may also be beneficial to improve the model
performance to differentiate the multilinguals based on their
language combination. That is, similar languages might have
a positive transfer in one’s linguistic skills and performance
(e.g. Hipfner-Boucher et al., 2016), while a combination of
very distinct languages might have a negative one (e.g.,
Robertson, 2000). This could be the case because language
similarities could yield a transfer effect from one language to
the other, facilitating the target language activation. Even
though language information is available in the dataset
(please see Table 2), its size together with the various
language combinations would compromise the analysis
power if language subgroups would be created. Larger
datasets should be used instead.
In addition to that, while there might be a linguistic
processing difference between the bilinguals and
multilinguals of the tested population, i.e., young adults,
whether similar effects could be found in aging populations
remains unknown. Previous literature has linked the use of an
additional language to higher cognitive reserves (Schweizer
et al., 2012) and slower cognitive decay (Gold et al., 2013).
In this sense, it would be interesting to investigate whether
differences in general cognitive and linguistic abilities could
be subject to additional languages in aging populations.
Perhaps the various learning strategies used by multilinguals
in the long term (Kemp, 2007), could better retain their
cognitive abilities and linguistic skills at the old age in
comparison to bilinguals.
Therefore, additional research should be carried out using
machine learning techniques to analyze the cognitive and
linguistic performance of bilinguals and multilinguals of
different age, language background, proficiency and age of
acquisition. As such, a better understanding of the complex
interaction between language and cognition can be gained.

2851

References
Athanasopoulos, P. (2007). Interaction
between grammatical categories and cognition in
bilinguals: The role of proficiency, cultural
immersion, and language of instruction. Language
and Cognitive Processes, 22(5), 689–699.
https://doi.org/10.1080/01690960601049347
Benjamini, Y., & Hochberg, Y. (1995).
Controlling the False Discovery Rate: A Practical
and Powerful Approach to Multiple Testing.
Journal of the Royal Statistical Society: Series B
(Methodological),
57(1),
289–300.
https://doi.org/10.1111/j.25176161.1995.tb02031.x
Bialystok, E. (1988). Levels of
bilingualism and levels of linguistic awareness.
Developmental Psychology, 24(4), 560–567.
https://doi.org/10.1037/0012-1649.24.4.560
Bialystok, E., Craik, F. I. M., Green, D. W.,
& Gollan, T. H. (2009). Bilingual Minds.
Psychological Science in the Public Interest, 10(3),
89–129.
https://doi.org/10.1177/1529100610387084
Bialystok, E., Craik, F. I. M., Klein, R., &
Viswanathan, M. (2004). Bilingualism, Aging, and
Cognitive Control: Evidence From the Simon Task.
Psychology and Aging, 19(2), 290–303.
https://doi.org/10.1037/0882-7974.19.2.290
Bialystok, E., Majumder, S., & Martin, M.
M. (2003). Developing phonological awareness: Is
there
a
bilingual
advantage?
Applied
Psycholinguistics,
24(1),
27–44.
https://doi.org/10.1017/S014271640300002X
Blom, E., Küntay, A. C., Messer, M.,
Verhagen, J., & Leseman, P. (2014). The benefits of
being bilingual: Working memory in bilingual
Turkish–Dutch children. Journal of Experimental
Child
Psychology,
128,
105–119.
https://doi.org/10.1016/j.jecp.2014.06.007
Blumenfeld, H. K., & Marian, V. (2014).
Cognitive control in bilinguals: Advantages in
Stimulus–Stimulus inhibition*. Bilingualism:
Language and Cognition, 17(3), 610–629.
https://doi.org/10.1017/S1366728913000564
Bosch, L., & Sebastián-Gallés, N. (2003).
Simultaneous Bilingualism and the Perception of a
Language-Specific Vowel Contrast in the First Year
of Life. Language and Speech, 46(2–3), 217–243.
https://doi.org/10.1177/00238309030460020801
Bylund, E., Abrahamsson, N., Hyltenstam,
K., & Norrman, G. (2019). Revisiting the bilingual
lexical deficit: The impact of age of acquisition.
Cognition,
182,
45–49.
https://doi.org/10.1016/j.cognition.2018.08.020
Calvo, N., García, A. M., Manoiloff, L., &
Ibáñez, A. (2016). Bilingualism and Cognitive

2852

Reserve: A Critical Overview and a Plea for
Methodological Innovations. Frontiers in Aging
Neuroscience,
7.
https://www.frontiersin.org/article/10.3389/fnagi.2
015.00249
Cenoz,
J.
(2013).
Defining
Multilingualism. Annual Review of Applied
Linguistics,
33,
3–18.
https://doi.org/10.1017/S026719051300007X
Chen., T., He, T., Benesty, M.,
Khotilovich, V., Tang, V., & Cho, H. (2021).
XGBoost: Extreme gradient boosting. (Version 042 2015: 1-4.) [Computer software].
Cook, R. in A. L. V., Cook, V., & Bassetti,
B. (2011). Language and Bilingual Cognition.
Psychology Press.
Friesen, D. C., Latman, V., Calvo, A., &
Bialystok, E. (2015). Attention during visual search:
The benefit of bilingualism. International Journal
of
Bilingualism,
19(6),
693–702.
https://doi.org/10.1177/1367006914534331
Gold, B. T., Kim, C., Johnson, N. F.,
Kryscio, R. J., & Smith, C. D. (2013). Lifelong
Bilingualism Maintains Neural Efficiency for
Cognitive Control in Aging. Journal of
Neuroscience,
33(2),
387–396.
https://doi.org/10.1523/JNEUROSCI.3837-12.2013
Gollan, T. H., Montoya, R. I., FennemaNotestine, C., & Morris, S. K. (2005). Bilingualism
affects picture naming but not picture classification.
Memory & Cognition, 33(7), 1220–1234.
https://doi.org/10.3758/BF03193224
Hintz, F., Dijkhuis, M., van ‘t Hoff, V.,
McQueen, J. M., & Meyer, A. S. (2020). A
behavioural dataset for studying individual
differences in language skills. Scientific Data, 7(1),
429. https://doi.org/10.1038/s41597-020-00758-x
Hipfner-Boucher, K., Pasquarella, A.,
Chen, X., & Deacon, S. H. (2016). Cognate
Awareness in French Immersion Students:
Contributions to Grade 2 Reading Comprehension.
Scientific Studies of Reading, 20(5), 389–400.
https://doi.org/10.1080/10888438.2016.1213265
Jared, D., & Szucs, C. (2002).
Phonological activation in bilinguals: Evidence
from interlingual homograph naming. Bilingualism:
Language and Cognition, 5(03), 225–239.
https://doi.org/10.1017/S1366728902003024
Jessner, U. (2014). On Multilingual
Awareness or Why the Multilingual Learner is a
Specific Language Learner. In M. Pawlak & L.
Aronin (Eds.), Essential Topics in Applied
Linguistics and Multilingualism: Studies in Honor
of David Singleton (pp. 175–184). Springer
International
Publishing.
https://doi.org/10.1007/978-3-319-01414-2_10

Jones, S. K., Davies-Thompson, J., & Tree,
J. (2021). Can Machines Find the Bilingual
Advantage? Machine Learning Algorithms Find No
Evidence to Differentiate Between Lifelong
Bilingual and Monolingual Cognitive Profiles.
Frontiers
in
Human
Neuroscience,
15.
https://www.frontiersin.org/article/10.3389/fnhum.
2021.621772
Kemp, C. (2007). Strategic Processing in
Grammar Learning: Do Multilinguals Use More
Strategies?
International
Journal
of
Multilingualism,
4(4),
241–261.
https://doi.org/10.2167/ijm099.0
Kuhn, M. (2020). Caret: Classification and
Regression Training. R package (6.0-86.)
[Computer software].
Lehtonen, M., Soveri, A., Laine, A.,
Järvenpää, J., de Bruin, A., & Antfolk, J. (2018). Is
bilingualism associated with enhanced executive
functioning in adults? A meta-analytic review.
Psychological
Bulletin,
144(4),
394–425.
https://doi.org/10.1037/bul0000142
Li, W. (2008). Research perspective in
bilingualism and multilingualism. In M. G. Moyer
& W. Li (Eds.), The Blackwell Guide to Research
Methods in Bilingualism and Multilingualism. John
Wiley & Sons.
Lv, Z., Qiao, L., & Singh, A. K. (2020).
Advanced machine learning on cognitive computing
for human behavior analysis. IEEE Transactions on
Computational Social Systems.
Marx, N., & Hufeisen, B. (2003). »
Multilingualism: Theory, Research Methods and
Didactics «. New Visions in Foreign and Second
Language Education, 178–203.
Mor, B., Yitzhaki-Amsalem, S., & Prior,
A. (2015). The Joint Effect of Bilingualism and
ADHD on Executive Functions. Journal of
Attention
Disorders,
19(6),
527–541.
https://doi.org/10.1177/1087054714527790
Noort, M. W. M. L. van den, Bosch, P., &
Hugdahl, K. (2006). Foreign Language Proficiency
and Working Memory Capacity. European
Psychologist,
11(4),
289–296.
https://doi.org/10.1027/1016-9040.11.4.289
Patra, A., Bose, A., & Marinis, T. (2020).
Performance difference in verbal fluency in
bilingual and monolingual speakers. Bilingualism:
Language and Cognition, 23(1), 204–218.
https://doi.org/10.1017/S1366728918001098
Peal, E., & Lambert, W. E. (1962). The
relation
of bilingualism
to
intelligence.
Psychological Monographs: General and Applied,
76(27), 1–23. https://doi.org/10.1037/h0093840
Potter, M. C., So, K.-F., Eckardt, B. V., &
Feldman, L. B. (1984). Lexical and conceptual
representation in beginning and proficient

2853

bilinguals. Journal of Verbal Learning and Verbal
Behavior,
23(1),
23–38.
https://doi.org/10.1016/S0022-5371(84)90489-4
Robertson, D. (2000). Variability in the use
of the English article system by Chinese learners of
English. Second Language Research, 16(2), 135–
172. https://doi.org/10.1191/026765800672262975
Saer, D. J. (1923). The effect of
bilingualism on intelligence. British Journal of
Psychology: General Section, 14, 25–38.
Schweizer, T. A., Ware, J., Fischer, C. E.,
Craik, F. I. M., & Bialystok, E. (2012). Bilingualism
as a contributor to cognitive reserve: Evidence from
brain atrophy in Alzheimer’s disease. Cortex, 48(8),
991–996.
https://doi.org/10.1016/j.cortex.2011.04.009
Von Bastian, C. C., Souza, A. S., & Gade,
M. (2016). No evidence for bilingual cognitive
advantages: A test of four hypotheses. Journal of
Experimental Psychology: General, 145(2), 246–
258. https://doi.org/10.1037/xge0000120

Analogy Use in Parental Explanation
Yang Gao1, Kexin Que2, Zijing Tan2, Yi Zhang2, Stella Christie1,2
gaoy20@mails.tsinghua.edu.cn, kexinque@gmail.com, catherine.tan823@gmail.com, zhangyipku@163.com,
christie@tsinghua.edu.cn
1
Department of Psychology, Tsinghua University, Beijing, China, 100084
2
Tsinghua Laboratory of Brain and Intelligence, Tsinghua University, Beijing, China, 100084

Abstract
How and why are analogies spontaneously generated? Despite
the prominence of analogy in learning and reasoning, there is
little research on whether and how analogy is spontaneously
generated in everyday settings. Here we fill this gap by
gathering parents' answers to children's real questions, and
examining analogy use in parental explanations. Study 1 found
that parents used analogy spontaneously in their explanations,
despite no prompt nor mention of analogy in the instruction.
Study 2 found that these analogical explanations were rated
highly by parents, schoolteachers, and university students alike.
In Study 3, six-year-olds also rated good analogical
explanations highly, but unlike their parents, did not rate them
higher than causal, non-analogical explanations. We discuss
what makes an analogy a good explanation, and how theories
from both explanation and analogy research explain one’s
motivation for spontaneously generating analogies.
Keywords: analogy; explanation; causal reasoning; learning

Introduction
How is an analogy generated? Despite a rich tradition of
research in analogical reasoning (e.g., Gentner & Hoyos,
2017; Hofstadter, 2001), the question of what makes
someone produce an analogy and when they are likely to do
so remains elusive. This gap of knowledge is particularly
interesting given the extensive evidence from both
developmental literature (e.g., Christie, Gao, & Ma, 2020)
and work with adults (see recent review by Gentner & Hoyos,
2017) that analogical comparison is an effective, readily
available learning tool, which aids knowledge acquisition and
problem solving. For example, in a classic study by Gick and
Holyoak (1980), adults who were given hints to use
analogical comparison were better able to solve the problems.
Likewise, 4-year-olds who heard a comparison of analogous
thoughts performed better in a later false-belief task than did
those who had not experienced the analogy (Hoyos et al.,
2020). Since analogy is useful and helpful, why isn’t it used
extensively by everyone?
One obvious reason is that generating analogy—mapping
relations from a familiar (base) to an unfamiliar (target)
event—is not easy. Laboratory studies often found that adults
fail to retrieve analogical matches because the base analogs
do not seem related or similar to the target (e.g., Gentner,
Rattermann & Forbus, 1993; Keane, 1987; Trench &
Minervino, 2015). There is an over-reliance on surface level
similarities; people generate analogies only when things look
similar. However, experts who have the habit of encoding

events (or facts) not only as a set of features but also as a
relational structure are less likely to be constrained by surface
similarities (Chi et al., 1981; Medin et al., 1983). As a result,
they are better able to see similarities between distant events,
and thereby more likely to generate spontaneous analogies
compared to novices (Goldwater et al., 2021).
Who are the “experts” that often generate and/or use
analogy in the real world? In general, analogy research has
looked at two groups of presumed experts: scientists and
teachers. A plethora of studies have documented scientists’
use of analogies to aid scientific discoveries (Dunbar, 2001;
Dunbar & Blanchette, 2001; Gentner, 2002; Gentner et al.,
1997). Konrad Lorenz even titled his Nobel Prize acceptance
speech “Analogy as a source of knowledge” (Lorenz, 1974).
The other well-studied group is teachers. Across mathematics,
science, geology, and history classrooms, teachers make
extensive use of analogy, which has been shown to correlate
with improved performance among students (Begolli &
Richland, 2016; Dagher, 1995; Richland & Simms, 2015).
But while studies of analogy generation and usage among
scientists and teachers have delivered important findings,
they do not fully address the issue of spontaneous analogy
generation. Scientists are reputed to use analogy within their
domain of expertise, with the overt goal of advancing their
work. Not surprisingly, like Lorenz, scientists are often aware
of the role of analogy in their thinking process (Hofstadter &
Sander, 2013). Among teachers, usage of analogy in the
classrooms likely comes from teaching preparation rather
than from spontaneous, on-the-spot thinking. Furthermore,
teachers often use preexisting, readily available analogies
(for example, the water flow analogy for electrical circuits)
rather than generating fresh ones. This is not to undermine
explicit intent or preparation; as reviewed above, there is
ample evidence that students (and scientists) benefit from
analogy use (Begolli & Richland, 2016). That said, we must
look elsewhere to get a picture of how analogies are
spontaneously generated in everyday reasoning.
Parents—in particular parents explaining to young
children—present a good opportunity for investigating
spontaneous analogy generation. Young children ask a huge
number of questions (Chouinard, 2007; Corriveau & Kurkul,
2014; Greif, Nelson, Keil, & Gutierrez, 2006; Kemler Nelson
& O’Neil, 2005; Kurkul & Corriveau, 2018; Mills, Legare,
Bills, & Mejias, 2010) and most often direct them at their best
“experts”—parents. Since children’s questions vary widely,
spanning the gamut from science (Chouinard, Harris, &
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Maratsos, 2007) to social norms (Callanan & Oakes, 1992),
parents’ explanations—in contrast to scientists—are not
limited to a domain of expertise. In fact, parents have to be
ready to be experts in everything. Unlike teachers’ groomed
classroom presentations, parents must give explanations on
the go, responding to children’s here-and-now inquiries.
Overall, while there is a constant element of familiarity
(parents are answering their own children’s questions),
parents’ explanations are generally spontaneous and cover a
wide range of topics. Do parents use analogy in their
explanations to children’s questions? Why or why not?
Investigating this gives an important window to how
analogies are generated spontaneously.
To our knowledge, there is no study that looks at analogy
generation within the context of parental explanation to
young children. As such, in the current research we first
needed to establish the frequency of parents spontaneously
using analogy in their explanations (Study 1). Following this,
in Study 2 we asked whether parents’ explanations that
contain analogies are perceived as good, relative to nonanalogical explanations. In Study 3 we asked whether this
perception is shared equally between parents and young
children.

participant only gave one explanation) to the 28 questions.
Five experimenters (trained analogy researchers) coded
whether the explanations contained analogy or not. Parents
and children are from mainland China, and the study was
conducted in Mandarin Chinese.
Table 1. Examples of children’s questions (Q) and
parents’ explanations (analogy and non-analogy)
Questions and explanations are translated from Mandarin
Chinese, but not edited.
Q1 Daily Life: “Why do we have to eat?”
E1-Analogy: “Studying, working, walking, blinking, and
breathing, all these activities consume energy. Eating is
supplementing energy, just like cars need fuel or electricity as
energy.
E1-Non Analogy: “You will grow tall if you eat (Non-analogy)
Q2 Philosophical: “Is there someone in the sky looking at us just
like how we look at ants?”
E2-Analogy: “Of course! When I look at people on the ground
from an airplane or from the Guangzhou Tower, they are like
ants.”
E2-Non Analogy: “Maybe. What will we look like from their
perspective?”

Study 1: Do parents use analogy
spontaneously?

Q3 Science: “Why is the earth round but it seems flat?
E3-Analogy: “Just like if an ant is sitting on a basketball, it will
think that the ball is flat.”
E3-Non Analogy: “The Earth is so large that a small part of it is
flat.”

Design, Participants, and Procedure
In order to understand real, spontaneously-generated
analogies in parental explanation, in Study 1 we first
collected children’s real-life questions (Phase 1) and then
asked parents to give explanations to these questions (Phase
2).
In Phase 1 Child-Question, we sent out an internet article
inviting families of 2- to 9-year-old children to submit real
questions from children. In total, we received 133 children’s
real-life questions ranging from philosophical questions such
as “Where do people go after death?” to daily life questions
such as “Why do I have to do my homework?" Most
questions we received were about daily life (49%), followed
by science-related (31%), social (10%), and philosophical
(10%). We were interested in whether
some types of
children’s questions were more likely to generate analogical
explanations, hence for Phase 2, we selected 28 questions:
daily life (14), science (6), philosophical (5), and social (3);
see Table 1 for sample questions. We deliberately chose more
daily life questions as this category is potentially the most
interesting test bed for spontaneous analogy generations. In
addition, previous research on adults-to-children
explanations were focused more on science related questions
(Leech et al., 2020; Lombrozo & Carey, 2006; Willard et al.,
2019).
In Phase 2 Parent-Explanation, we invited parents to
answer these 28 questions. To maximize spontaneity and
ecological validity, the questions were distributed singly–we
put one question per day on an internet poll-like posting. In
total, 257 parents gave 257 explanations (each parent

Q4 Social: “Why did you marry dad if you dislike him?”
E4-Analogy: “Just like how I hate rain in the summer but I like
watermelons in the summer, I do not dislike a person. Rather, I
dislike some of his behaviors, but like some. I do not dislike your
dad. I like him so much that I do not want to separate from him.
We want to spend the rest of our time together, so we got
married.”
E4-Non-Analogy: “I did not dislike him this much before living
together.”

Results and Discussions
Parents do in fact use analogy in their explanations to
children’s actual questions. Out of the 257 explanations we
collected, 14% (36 out of 257) were explanations containing
analogy. As there is no baseline of prior studies, currently we
are not able to make a relative statement about this frequency.
However, this data should be useful for future comparison,
for example comparing different demographics or parents of
different cultures.
We were also interested in knowing whether some types of
questions were more likely to generate analogical
explanations. Among the 28 questions, 50% (14 out of 28)
generated analogical explanations. Analyzing the question
type, we found that philosophical questions were the least
likely to generate analogical explanations (1.85% of the
explanations contained analogies), while all other three
question types generated similar percentages of analogical
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explanation (daily life 17.86%, science, 16.42%, social,
16.67%, Figure 1).

exclusion criteria, to check that participants did not just give
all high or all low ratings indiscriminately.
Participants rated 73 explanations (each explanation
appeared with its corresponding question) on a seven-point
scale (1 = very unsatisfied, 7 = very satisfied) using an online
survey. At the beginning of the survey participants were told
that the questions came from children and that real parents
gave these explanations.

Results

Figure 1. Study 1: Percentages of analogical explanations
for each question type.

Study 2: How do analogical explanations
compare to non-analogical ones?
In Study 2 we investigated people’s perception of analogical
explanations. While previous studies have looked at what
makes an explanation a good one (e.g., Frazier, Gelman &
Wellman, 2016; Lombrozo, 2007), few studies directly ask
whether explanations containing analogy are judged to be
good explanations. Establishing this is important in order to
understand the motivation (or lack thereof) for using analogy
in everyday explanations. To test this, we used a subset of the
spontaneous explanations generated by real parents in Study
1 (as opposed to using explanations generated by
experimenters) and asked a new group of parents to rate these
explanations. We also asked college students, because they
often receive explanations (e.g. from professors), and
elementary school teachers, because they often give
explanations, to rate the goodness of these explanations. We
were interested in knowing how people rated the analogical
vs. non-analogical explanations, and whether parents, college
students, and teachers differed in their ratings.

Exclusion criteria Originally we included 4 catch
explanations (2 High, 2 Low) as a check of participants’
engagement in the task. However, analysis of the catch
explanations showed that one of the High Catch explanations
yielded low ratings from the participants. As such, we only
used 3 catch trials as an exclusion criterion. Participants with
more than 2 standard deviations away from the mean ratings
of the catch explanations were excluded from the final
analysis (NFinal= 201).
People’s ratings for analogical vs. non-analogical
explanations Data were analyzed using linear mixed-effects
models (lmer4 package) in R Studio (Bates et al., 2014). The
satisfaction ratings were z-scored within each group (parents,
students, teachers). All models included random intercepts
for participant identity. Our significance threshold was a twotailed alpha level of 0.05.
Overall, parents, teachers, and students gave higher ratings
for analogical explanations than for non-analogy
explanations (parents: 95% CI [-0.412,-0.310], standardized
β= -0.361, SE = 0.026, t(4148) = -13.854, p< .001; students:
[-0.417,-0.309], standardized β= -0.363, SE = 0.027, t(4692)
= -13.273, p< .001, teachers: [-0.472,-0.376], standardized β=
-0.424, SE = 0.025, t(4828) = -17.27, p< .001. No group
differences were found (Figure 2).

Method
Participants We recruited 262 participants through
university class channel (students), online advertisements
(parents), and primary schools (teachers). All participants
reside in mainland China, and speak Mandarin Chinese as
their native language. After applying an exclusion criterion
(explained below), the final sample was 201: 69 university
students (freshman to junior undergraduates), 61 parents (of
children ages 0-13 years, mean = 6.1 years), and 71
elementary school teachers (age range = 24-35 years).
Materials and Procedure We selected 73 explanations from
Study 1 (explanations from parents to children’s actual
questions) containing analogical explanations (35) and nonanalogical explanations (34), and 4 “catch” explanations–2
highly-rated and 2 lowly-rated explanations (as rated by 5
experimenters). The catch explanations were included as

Figure 2. Study 2: Ratings (z-scored) of analogical
explanations (ANA) and non-analogical explanations (NON).
All groups (parents, students, teachers) gave higher ratings
for analogical than for non-analogical explanations.
People’s ratings for good vs. bad analogy explanations We
were interested in whether people were sensitive to the
quality of analogical explanations. To investigate this, 5
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experimenters who are trained analogy researchers first
independently rated the explanations as good analogy (score
1) vs. bad analogy (score 0). The rating from all 5
experimenters were added to give the total score (max. 5).
Explanations receiving a total score of 4 or 5 were deemed as
Good-Analogy explanations, while those with a total score of
1 or 0 were categorized as Bad-Analogy. Using such criterion,
we found people’s ratings were aligned with experimenters’
ratings. That is, participants were more satisfied with
explanations containing good analogy than explanations
containing bad analogy (Parents, 95% CI [0.253, 0.394],
standardized β=0.324, SE = 0.036, t(2074)=9.046, p<.001.
Students, [0.500,0.645], standardized β= 0.572, SE=0.037,
t(2346)=15.476, p< .001. Teachers, [0.202, 0.332],
standardized β=0.267, SE=0.033, t(2414)=8.086, p< .001;
Figure 3).

factors, we again found that analogical explanations were still
rated higher than non-analogical ones [-0.222, -0.095],
standardized β=-0.159, SE=0.032, t(2811)=-4.885, p< .001.
The effect of length was not significant [-0.010,0.072],
standardized β=0.031, SE =0.018, t(6)=1.732, p=.134. Taken
together, while analogical explanations are longer, length
does not predict satisfaction rating of an explanation.

Study 3: Children’s ratings of analogical
explanations
Study 2 shows that analogical explanations are rated highly
by parents, university students, and teachers alike. Because
these explanations were given as responses to children’s
questions, it makes sense to ask whether children themselves
think that analogical explanations are satisfactory answers.
To do so, in Study 3 we asked a new group of parents and
their children to rate analogy and non-analogy explanations.
We were interested both in the group’s differences (parents
vs. children), as well as in the individual parent-child pair
agreement.

Method

Figure 3. Study 2: Parents, students, and teachers gave higher
ratings (z-score) for explanations with good-analogy
(GOODANA) than for those with bad-analogy (BADANA).
The effect of length on satisfaction ratings On average,
analogical explanations were longer than non-analogical ones
(mean lengthanalogy = 29 characters1, mean lengthnon-analogy = 20
characters). Moreover, good analogical explanations were
generally longer than bad analogical explanations (mean
lengthgood analogy= 54 characters, mean lengthbad analogy= 27
characters). To see whether length predicts goodness of
ratings, we added both length and explanation type as fixed
factors. We found that the effect of explanation type still
existed after taking length into account: participants rated
explanations that contain analogy better than those without
analogy [-0.236, -0.175], standardized β=-2.057e-01, SE =
1.591e-02, t(13670)=-12.928, p< .001. Likewise, good
analogical explanations were rated higher than bad analogical
explanations [0.214, 0.303], standardized β=2.591e-01, SE =
2.257e-02, t(6834)=11.482, p< .001.
To further control for length, we analyzed analogical and
non-analogical explanations matched in length (15
explanations). Using explanation type and length as fixed

Participants Ten parent-child pairs participated. Children
were 6-year-olds, (5 females, mean age = 6.3 years, range =
5-7 years); parents’ mean age was 38 years (all females, range
= 34-42 years).
Materials and Procedure As in Study 2, we made a
selection from real children’s questions and parents’
explanations gathered in Study 1. While in Study 2 we aimed
for a broad analysis of a large number of explanations, in
Study 3 we reduced the number of explanations to
accommodate child participants and to control for
explanation length. This yields 4 questions with 4 types of
explanations: good analogy (A1), bad analogy (A0), good
non-analogy (N1), and bad non-analogy (N0). These good vs.
bad categories (for both analogy- and non-analogy
explanations) are created based on Study 2 participants’
(parents, teachers, university students) high and low ratings
respectively. To control for length, we matched the length of
good analogy (mean = 43 characters) and good non-analogy
(mean = 39 characters). Note that it is not possible to match
the length of all 4 types as these are real explanations and
naturally the bad explanations are shorter than the good ones.
After selecting for matching length, we found that all good,
non-analogical explanations are causal explanations.
All participants saw all 16 explanations, randomly
distributed in two blocks. In the first block, each question and
each type of explanation only appeared once. The second
block included all the remaining 12 explanations. We also
included two catch explanations (one high, one low) to check
for participants’ engagement.
Parents and children rated the explanations on a five-point
scale (1 = very unsatisfied, a very sad face (for children), 5 =
very satisfied, a very happy face (for children)). Since

1

As explanations were in Mandarin Chinese, length was
calculated using count of Chinese characters.

2857

4

children in our target age group have limited reading ability,
we presented them with an audio survey. Parents received the
text version to ensure that children did not accidentally
overhear their parents doing the survey. We instructed
parents to first complete the survey without their children so
children could independently do their ratings.

explanations are simply good, but not better than the nonanalogical, causal explanations.

Table 3. Examples of 4 types of explanation used in Study 3
Child’s Question: “Why do people have to eat?”
Good Analogy (A1): “Just like Dad’s phone needs charging or it
would not work, we gain energy from eating. If you eat timely,
you can grow up and grow tall fast.”
Bad Analogy (A0): “There is a little elf in your tummy that needs
to eat.”
Good Non-analogy (N1): “We need energy, and eating is our
primary way of obtaining energy. Hydrocarbon, protein, and fat
in the meals will provide us energy.”

Figure 4. Study 3: Parents’ and children’s ratings of 4 types
of explanations: Bad Analogy (A0), Good Analogy (A1), Bad
non-analogy (N0), Good Non-analogy (N1). In general,
children and parents rated good explanations (with or without
analogy) higher than bad explanations (with or without
analogy).

Bad Non-analogy (N0): “You will starve if you do not eat.”

Results
Participants who rated the low catch as higher than 3 or who
rated the high catch as lower than 3 were excluded from the
final analysis (4 child-parent pairs). Given the small final
sample, the analysis below is preliminary. Further data
collection is ongoing at the time of writing.
We first analyzed whether as a group, children differed
from parents in their ratings of explanations. They did, but
only for the good analogy explanations, where parents gave
higher ratings than children (95% CI [-0.526,0.528],
standardized β=0.001, SE= 0.2635, t(48) =0.004, p=0.996).
For the other three types of explanations, children and parents
did not differ in their ratings.
Next, we analyzed ratings for good vs. bad explanations.
Overall, parents and children gave higher ratings for good
explanations (with or without analogy) than for bad
explanations (with or without analogy) (Good (A1+N1) vs.
Bad (A0+N0), [0.5495,1.067], standardized β=0.8081,
SE=0.1312, t(186)=6.157, p<0.001), see Figure 4. We then
analyzed the impact of analogy on children's and parents’
perception of explanations. Analogy did not make a bad
explanation better—bad analogy were rated the same as bad
non-analogy explanations (Children: A0 vs. N0, [0.3581,0.7826], standardized β=0.2123, SE=0.2852,
t(48)=0.744, p=0.460. Parents: A0 vs. N0, [-0.7369,0.2896],
standardized β=-0.2236, SE=0.2559, t(42)=-0.874, p=0.387.)
However, using good analogy in an explanation did bring
extra satisfaction for parents (Parents-Good Analogy vs.
Good Non-Analogy: [-0.969, -0.148], standardized β=-0.559,
SE=0.204, t(42)=-2.729, p<0.01). This effect was not
observed in children (Good Analogy vs. Good Non-Analogy:
[-0.2135,0.8200], standardized β=0.303, SE=0.257,
t(42)=1.177, p=0.246). That is, for children, good analogical

Child-parent correlation in satisfaction ratings Aside
from group similarity between parents and children, we are
also interested in the individual parent-child pair. That is,
does parent X agree (or disagree) more with their own child?
This is an interesting question as some may assume that
children’s perception of what counts as good or bad
explanations should conform more to their parents’
perception. To investigate this, we calculated the Pearson
correlation coefficient within each child-parent pair (child
and their own parent) and across different pairs (child and
other parents) based on the ratings of all explanation types
(A0, A1, N0, N1). We found that for each child-parent pair,
the within child-parent pair correlation did not differ from the
across-pair correlation (min [-1.165,0.053], standardized β=0.555, SE=0.297, t(22)=-1.868, p=0.075). Thus, no particular
correlation in explanation satisfaction rating is seen between
children and their parents.

General Discussion
Despite the prominence of analogy as a learning and
reasoning tool, we know surprisingly little about spontaneous
generation of analogies in everyday reasoning. To bridge this
knowledge gap, we explored a commonly occurring
situation—parents explaining to children—and asked
whether it begets spontaneous analogy generation. Faced
with real questions from children, we found that parents did
spontaneously use analogy in their explanations 14% of the
time in our study. That parents should use analogy at all in
their explanations is noteworthy for several reasons: (1)
Analogy was never mentioned in our experimental setup.
Each occurrence of analogy appeared entirely without
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prompting, on a purely spontaneous basis. (2) Prior research
on parental explanations to children reports that the quality of
parental explanations is not high (Crowley et al., 2001;
Shtulman & Checa, 2012; Valle, 2009). (3) There was no
quality control on the questions asked by children. This is in
contrast with groups studied in prior research—teachers and
scientists—who employed analogies for questions of definite
intellectual caliber. For the first time, we report that people
use analogy in a self-motivated, relaxed context, and not in a
professional setting when driven by externally set goals.
As it is rather remarkable that parents use analogy when
explaining things to young children, it behooves us to ask
why: what is the motivation for employing analogy? To begin
addressing this question, in Study 2 we asked parents
(different from the ones who gave the explanations in Study
1), university students, and elementary school teachers to rate
a set of explanations, which included both analogical and
non-analogical ones. The results show that all groups gave
higher ratings to analogical explanations. Moreover, people
seem sensitive to the quality of the analogy, with goodanalogy explanations rated higher than bad-analogy
explanations. Again, the instruction given to participants was
simply to rate their satisfaction of an explanation. Analogy
was never mentioned, as a criterion or otherwise, nor was it
suggested by any prior conditioning. The results suggest a
simple yet powerful motivation for using analogy: that it
makes for a good explanation, or at least an explanation with
which the interlocutor is likely to be satisfied.
If quality of explanation drives analogy use, can we trace
this to a specific attribute of analogical explanations?
Research on explanation has identified explanatory virtues—
a set of criteria for determining the quality of an explanation
(Thagard, 1978; Harman, 1965; Mackonis, 2013; Glymour,
2014; Lombrozo, 2011). There is some disagreement about
the precise set of explanatory virtues but, generally, three
virtues commonly appear: coherence, simplicity, and
causality (Thagard, 1989; Lombrozo, 2007; Lombrozo &
Carey, 2006; Zemla, Sloman, Bechlivanidis, & Lagnado,
2017). Are analogical explanations coherent, simple, and
causal? On the first count—coherence—the answer is
affirmative because the construction of an analogy requires
components of the explanation to fit together (Zemla et al.,
2017). But it is unclear whether analogical explanations are
simple by the definition of using the fewest causes to explain
a phenomenon (e.g., Lombrozo, 2007). In some ways,
analogy is complex because it must establish base and target
analogs, and sometimes explicitly states the relation between
them. For example, take one parent’s analogical answer to the
question “Why do we have to eat?”: “Just like Dad’s phone
needs charging or it would not work, we gain energy from
eating.” This seems more complex than the (equally good)
non-analogical explanation: “We need energy, and eating is
our primary way of obtaining energy.” Another possible
metric for the complexity of everyday explanations is their
length; see Zemla et al. (2017) who studied the Reddit
“Explain Like I’m Five.” On this count, too, we found that
parental explanations containing analogy were typically

longer than those that did not. The simplicity-complexity axis
interacts with the explanatory virtue of causality: while
analogical explanations can be causal, as in the eating
example above, the same causal relationship can often be
stated explicitly (because we need energy) without using
analogy. Indeed, a majority of the good (highly rated) nonanalogical explanations that we received from parents were
causal explanations.
A trade-off between simplicity and analogy’s explanatory
power could be one reason why, in Study 3, six-year-olds
rated causal explanations and good analogical explanations
equally highly. This is in contrast to their parents who
particularly valued good analogical explanations. There is
evidence that children prefer simple over complex
explanations (Bonawitz & Lombrozo, 2007), so children’s
ratings could be viewed as aggregating the benefits of
simplicity with the explanatory power of (possibly more
complex) analogies. In this view, the benefits of an analogical
explanation compensate for the complexity, and children are
able to discern this benefit.
At the same time, it is remarkable that six-year-olds were
able to explicitly rate good analogies as good explanations
and bad analogies as bad explanations, no different from their
parents’ ratings. Once again, our instructions simply asked
for rating explanations and made no mention of analogy.
While a huge number of studies have documented that
children’s learning benefits from analogy (e.g., Christie,
2020; Christie et al., 2020, Goswami, 2013), to our
knowledge ours is the first study that documents children’s
judgment on the value of analogy. That is, while children
often benefit from analogy, prior research has not explored
whether children are aware of what an analogy is or if they
are sensitive to its use. Our results hint that six-year-olds can
see the value of analogy—even when these analogies are
somewhat organic, rather than the perfectly constructed
A:B::C:D analogies. In the future it will be important to
investigate whether children’s explicit judgment of
analogical explanation correlates with implicit learning
outcomes of explanations, such as greater exploration
(Danovitch et al., 2021) or requesting further information
(Mills et al., 2019).
Ultimately, the motivation for spontaneously generating
analogies is perhaps best explained by analogy theory itself
(Gentner, 2003): it allows the learner to see how a novel event
(the question at hand) is structurally similar to a familiar one.
Such comparison makes an explanation better (Edwards et al.,
2019) not only by recruiting things that children already
know, but also by highlighting a common structure (Christie,
2020; Christie & Gentner, 2010). This broadens the scope of
the explanation, lending its valence for future generalizations
and discoveries (Williams & Lombrozo, 2013). Future
studies should consider a fuller range of factors that motivate
and impact spontaneous generations of explanatory analogies.
We hope the present work will spur an interest in this area.
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Abstract
Detecting analogy is an important high-level cognitive skill
that is involved in many aspects of human reasoning.
While Structure Mapping Theory (Gentner, 1983) is a wellrecognized high-level theory of analogy, it lacks a neural process implementation that links to perception and attention.
Avoiding algorithmic computation on ungrounded symbols,
we present a dynamic neural architecture built from interacting neural populations that establishes analogy between objects in two visually presented scenes. Consistent with SMT, it
accounts for how humans find such analogies.
Keywords: analogy; dynamic field theory; neural process
model; grounded cognition; embodied cognition

Introduction
Analogical reasoning is the human competence to transfer
knowledge from one scene (usually a familiar situation) to
another scene (a new situation), even if both settings are from
different domains (Gentner & Maravilla, 2018).
A simple form of semantic analogy is expressed by the following sentence: “A is related to B as C is related to D”.
Here, the relation between A and B (the target) is explained
by referring to the relation between C and D (the base). A
famous example is the analogy between the solar system and
Rutherford’s model of the atom. How do we understand the
analogy? We use the shared structure of the two scenes to
identify the roles of entities in either of the scenes: The planets are related to the sun as the electrons to the nucleus – e.g.,
because the planets orbit the sun and are smaller than the sun,
just as the electrons orbit the nucleus and are smaller than the
nucleus. Importantly, the analogy cannot be found merely by
comparing the planets with the electrons and the sun with the
nucleus based on superficial similarity. Instead, it has to be
identified that the planets bear to the sun the same relationships (orbiting, smaller than) as the electrons to the nucleus.
We focus on visual analogies formed on the basis of two
visually presented scenes – a base scene and a target scene.
In the specific task we model, each scene contains two objects
that bear various relationships to each other (Figure 1). An
analogy exists between the two scenes when the objects in
the base scene bear the same relationships to each other as
the objects in the target scene. We postulate that more than
one relationship must match across the two scenes to imply
an analogy (Figure 2). If an analogy exists, each object in
the target scene can be mapped onto an object in the base
scene so that their roles in the relationships match. The goal

Figure 1: A typical example of a base scene (left) and a target
scene (right) between which an analogical mapping can be
established. Here, base scene object 1 is related to base scene
object 2 as target scene object 1 is related to target scene object 2. The outer frames and the labels are for reference only
and are not part of the actual visual input.

of the model is to provide this mapping or to conclude that no
analogy exists.
To simplify, we assume objects vary only in color, shape
or size an consider only spatial relations (e.g., left of, above,
. . . ), size relations (smaller than, same size as, larger than)
and categorical identity relations (e.g., same shape as, different shape than). The model can be extended to more complex
features and relations without altering its core.
In Figure 1, base scene object 1 bears to base scene object
2 the same relationships (left of, same color as, . . . ) as target
scene object 1 bears to target scene object 2, thus making 1
analogous to 1 and 2 analogous to 2. The fact that base scene
object 1 is also visually similar to target scene object 1 (and 2
to 2) is not relevant for the presence of an analogy, although
it may aid the process of identifying the analogy.
Our goal in this paper is to propose a neural process
model that may detect an analogy and establish the mapping. Avoiding algorithmic computation on ungrounded symbols, the model is based on perceptually grounded representations (Barsalou, 2008) and neural principles formalized in Dynamic Field Theory (Schöner, Spencer, & Research Group, 2016). We are guided by Structure Mapping
Theory (Gentner, 1983), a widely accepted theoretical framework that describes the goals of and steps toward successful
analogical inference and that is able to explain a large body of
empirical data. We further back up various modeling choices
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(a) cross-mapping

finding analogies. In mapping tasks conducted with children
by Christie and Gentner (2014), participants performed much
better when they knew terms for the presented relations and
feature values. These observations motivate our assumption
that feature values and relations are represented as concepts
when used to detect analogies.

(b) no analogy

Figure 2: Two more pairs of base scene and target scene.
(a) Cross-mapping: Mapping based on superficial similarity
would map base scene object 1 to target scene object 2 because of the same color, shape, and size, whereas structure
mapping would map 1 to 1 and 2 to 2 because base scene
object 1 bears to base scene object 2 the same relationships
(above and larger than) as target scene object 1 to target scene
object 2. (b) No meaningful analogy exists because objects 1
and 2 share only one relationship (above).

Methods
Dynamic Field Theory (DFT; Schöner et al., 2016) is a theoretical framework for designing neural process models. The
core elements of DFT and building-blocks for neural dynamic
architectures are dynamic neural fields (DNFs) that model
neural populations. In these fields, a time-dependent activation u(⃗x,t) is assigned to each location ⃗x in some feature
space. The activation essentially emerges from the following
dynamical system:
u̇(⃗x,t) = −u(⃗x,t) + h + s(⃗x,t) +

by qualitative effects from the experimental literature.

Background
Structure Mapping Theory (SMT; Gentner, 1983) describes analogy as a mapping from objects in a base scene to
objects in a target scene. It further suggests how analogous
structure is to be found. Given a target scene and a base scene
(retrieved from memory), a mapping process finds the shared
systematic structure between the two scenes to establish a
one-to-one mapping of all relevant entities.
Each scene includes objects which have different features
and stand in relations with each other. The aim is to find
the “best” map from objects of the base scene to objects of
the target scene that would enable inference about the target
scene from knowledge about the base scene. A central assumption is that only the relations between objects in a scene
and relations between their features are relevant, and that the
objective for the mapping is to preserve as many relations as
possible; feature values themselves do not contribute. This
process is called structure mapping.
How humans perform in analogy tasks differs dependent on the setup and configuration of the scenes and the task.
Gentner and Toupin (1986) found that superficial similarity
helps children to correctly map analogous objects. Gentner
and Maravilla (2018) refer to this as the “transparency” of
the mapping. Relatedly, children may be distracted into mapping objects based on superficial similarity (Loewenstein &
Gentner, 2005; Richland, Morrison, & Holyoak, 2006). This
effect is known as cross-mapping (Figure 2 (a)).
Language and concept knowledge play an important
role in the discovery of analogy. Loewenstein and Gentner
(2005) found that providing children with spatial language
cues (such as “on top” or “below”) promotes their tendency
to use relational mapping and therefore to detect analogy.
Richland et al. (2006) inferred from their results that having more knowledge of relations and relational concepts may
be the reason why older children make fewer errors when

Z

g(u(⃗x′ ,t))k(⃗x −⃗x′ ) d⃗x′

s(⃗x,t) formalizes an external input at position ⃗x and time t. g
is an activation function. h is a constant negative resting level.
k represents the lateral interaction of the activation dependent
on the distance between field positions.
Each field generates an output g(u(⃗x,t)). g is a monotonically non-decreasing function, returning values close to 0 for
activation below 0 and close to 1 for activation above; it has
its inflection point at 0.
The interaction kernel k takes the distance between two positions inside the field and returns the strength of interaction.
Positive values result in lateral excitation and negative values result in inhibition. Usually, these interaction kernels are
weighted sums of Gaussian bells, realizing local excitation,
mid-range inhibition, and global inhibition. Dependent on
the desired properties of the field, the parameters (amplitudes,
widths, and the global inhibition constant) need to be adapted
(and possibly set to 0 to not appear at all).
Relevant information in a DNF is represented via the presence of peaks. The lateral interaction together with the activation function induces instabilities: With no activation above
the threshold, the system converges to its attractive and stable
sub-threshold solution u = h + s < 0, no peak. When activation at certain positions in the field is above threshold (superthreshold), the system converges to its attractive and stable
super-threshold solution u = h + s + g(u) and local excitation
results in a peak of super-threshold activation. This peak is
self-stabilized: An input that led to a sub-threshold solution
earlier now possibly results in a super-threshold solution, as
the lateral interaction contributes to the activation. c By increasing lateral inhibition, fields can be tuned to allow only
a limited number of peaks, which can serve to model limited
cognitive capacities or the selection between different possible peak positions. By increasing local excitation, fields can
be tuned to serve as a short-term memory, so that peaks remain even without any input. External inhibition is needed to
remove peaks in such fields.
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Information of any kind – such as perceptual information
of a recognized object, spatial attention at a specific location,
remembered object locations, values in a concept space (e.g.
color, size), or relative positions – is represented by peaks in
a field defined over an appropriate feature space.
Dynamic Neural Nodes hold only one value of activation.
Their dynamics are similar to the dynamics of fields. Lateral
interaction reduces to self-excitation. A set of neural nodes
inhibiting each other resembles a field over a discrete feature
space. Nodes are used to represent categories, here in the
form of concepts (color, shape, size, relations). Similar to
fields, there are memory nodes that may remain in their “on”state when there is no input.
Different components can be coupled by adding some
function of the output g(u) of one to the input s of another
to enable the construction of complex feature-rich cognitive
architectures.

Model
Following a common paradigm (e.g., Loewenstein & Gentner, 2005), we assume that the base scene is presented first,
followed by a presentation of the target scene in which analogical matches are to be found.
This requires keeping a representation of the base scene
in short-term memory. We hypothesize that this representation is of discrete/categorical nature, i.e., that the base scene
is described in terms of which feature concepts characterize
the objects (e.g., red, circle, big, . . . ), and which concepts
characterize the relationships the objects bear to each other
(e.g., larger than, left of, . . . ). In the context of analogy, this
choice is justified, as discussed above. For Figure 1, the base
scene description would thus store the conceptual information expressible by the phrase “small red circle left of small
red triangle; same size, different shape, same color”.
Afterwards, a mapping is established, which is guided by
the conceptual base scene description. That candidate mapping is then evaluated with respect to a goodness-of-fit criterion, which roughly corresponds to the number of matching relationships. When a mapping is accepted, a description
of the analogy can be generated by removing from the base
scene description all non-matching concepts. For Figure 1,
that description would be expressible as “small circle left of
small triangle; same size, different shape, different color”.

Architecture
We combined and extended different mechanisms from the
DFT framework to devise a neural process model. A very
simplified overview is given in Figure 3. It can be understood
as consisting of the following sub-systems:
The Perception system implements early processing of
the visual input. Three-dimensional fields defined over twodimensional space (corresponding to the visual array) and
one feature dimension hold information about the objects’
features at positions in space (Schneegans, Lins, & Spencer,
2016). We use fields for the features size, color, and shape.

The Attentional Selection system (Schneegans, Spencer,
& Schöner, 2016) is responsible for object selection during
both base scene description and search for analogical matches
in the target scene: The Spatial Attention Field is defined over
the spatial dimensions with input from the Perception fields,
and is tuned to be selective. This models attention to one
object at a time. A memory field for “inhibition-of-return”
keeps track of already selected objects to avoid selecting the
same object base scene object twice; a second “inhibitionof-return for target scene processing” is used for hypothesis
testing when processing the target scene, to prevent that objects are processed in the same order twice. When processing
the target scene, a selection represents a hypothesis: the selected object is the analog to the first (resp. second) object of
the conceptually described base scene.
In the Feature Extraction system, attention is combined
with the perception fields in a “feature/space attention field”
to extract feature values of attended objects. These are then
translated into a conceptual representation via nodes (Richter,
Lins, & Schöner, 2021).
Relation Detection is done between two objects within
one scene. Four relation detection mechanisms get input from
the Attentional Selection end Feature Extraction systems and
store a target and a reference location / feature value. For
spatial and size relations, the relative position/value of the target as compared to the reference is determined via a steerable
neural map (Schneegans & Schöner, 2012) and translated into
conceptual representations of relational concepts (Lipinski,
Schneegans, Sandamirskaya, Spencer, & Schöner, 2012); for
color and shape there is a comparison mechanism resulting in
a conceptual representation of same or different.
The conceptual Base Scene Description stores information about the base scene in short-term memory in the form
of concept nodes (Richter et al., 2021). These nodes are memory nodes (holding their activation even in the absence of any
input). For each object there is a node for every concept we
account for, whose activation reflects that the respective object is described by the respective concept. These nodes are
getting input from the Feature Extraction system. Additionally, there is one node for every relational concept we account
for, whose activation reflects that the two objects stand in that
relation. These nodes get input from the Relation Detection
system. Effectively, the transient feature-based representation of objects and relationships is thereby converted into a
conceptual description in short-term memory.
The way in which the target scene is processed is guided by
the Base Scene Description. Whether the first object’s analog
or the second object’s analog is currently searched for is controlled by a Control and Gating Mechanism controllable
via nodes. This is a straightforward combination of nodes
that passes information only when activated. Here, it is responsible for controlling (1) the Attention Bias and (2) the
Evaluation (see below).
The Attention Bias system biases the spatial attention field
towards selecting target objects that match specified features
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Figure 3: A simplified overview over the architecture. Not all connections are shown. The visual input goes into the perception
system (top right). The outcome of analogy detection and structure mapping is represented by the nodes marked in light blue,
the base scene description and the discard nodes. The Process Organization component of the neural architecture is not
displayed; it sequentially activates and deactivates fields/nodes that may contribute and controls some of the coupling terms
via gating mechanisms. This model is based on prior work, with innovation primarily in the evaluation component and the
process organization, which control how hypotheses are tested, how attentional bias is induced by the base scene description
and influences selection in the target scene, and how all neural processes are coordinated.
and relations. For feature-based bias, it contains one threedimensional “feature/space attention bias” field for each feature. Each of these fields is defined over one feature dimension and two spatial dimensions, and the output of these fields
provides one source of attentional selection bias. This mechanism operates in a similar way as the “scene guidance” mechanism reported in Grieben et al. (2020). For relation-based
bias, we introduce a new mechanism to also promote those
positions where an object could match a role (reference or
target) of a specified relation. The overall attention bias has
a higher value at those positions where many features and relations match, effectively promoting the selection of an analogical match that is “superficially similar” in feature values
and “structurally similar” in relations. Input to the attention
bias mechanisms is coming from the Perception system and
the Control and Gating Mechanism.
The Evaluation system checks whether the selected object’s features and relations (provided by the Feature Extraction and the Relation Detection) match the required concepts
from the base scene description (provided by the Control and
Gating Mechanism). For each relation and each feature concept it finds out whether the perceived feature value or relative position/value is within the concept (“match”) or out
of it (“mismatch”). The “mismatch”-nodes activate the socalled “discard nodes” which indicate which components of

the Base Scene Description do not match the target scene and
therefore do not belong to the common description of the two
scenes. They contribute to the input of a “reject”-node. Given
sufficient input, it gets activated, which represents that the
selected candidate was not a good analogical match, and retriggers the selection process. To account for the higher importance of relations for a correct analogical mapping, “discard nodes” of relational concepts are weighed more strongly
as input to “reject” than those of feature concepts
The Process Organization system controls how different
subsystems of the architecture can effectively contribute. It
is implemented using elementary behaviours (Richter, Sandamirskaya, & Schöner, 2012) and a serial order process
organization (Sandamirskaya & Schöner, 2010). It enables to sequentially activate architecture sub-systems via an
“intention”-node that is deactivated again, when the “condition of satisfaction” is met, represented by a homonymous
node. In our model, there is one serial order process for the
plain base scene description, and one for the target scene description.
Base Scene Processing is to be started when the model is
presented with the base scene of the task. It causes an object
to be selected by the Attentional Selection system and to be
stored the Base Scene Description in terms of extracted feature values, and as the reference in the Relation Detection.
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description nodes. Then, object 2 is attended and described.
The relation mechanisms extract relational concepts that are
also remembered in the conceptual description nodes. (Refer
to Richter et al. (2021) for a detailed visualization of a description process.) The resulting base scene description (Figure 4) includes all features and relations and is a full conceptual description of the base scene.
Figure 4: The base scene description of our example represented by memory nodes, encoding “a large red triangle right
of a large red circle; having same size, having same color,
having different shape”.
Next, it clears the “Spatial Attention Field” and causes a new
object to be selected, which is also stored in the Base Scene
Description and as the target in the Relation Detection. Finally, it causes the relations of the Relation Detection to be
stored in the Base Scene Description. The whole scene is
described and the process terminates.
The process for Target Scene Processing is to be started
when the input is set to the target scene and realizes the following: As a first step, the Control and Gating Mechanism is
configured to seek for the first object. Perception, Attentional
Selection, and Feature Extraction are reset to re-trigger the
selection of objects and extraction of features. An object is
selected (e.g. hypothesized to be the first base scene object’s
analog), it is stored as the reference in the Relation Detection,
and the Evaluation is activated. If the “reject”-node stays off,
the hypothesis is accepted and the process continues. The
Control and Gating Mechanism is configured to seek for the
second object, the Attentional Selection is cleared again, and
an object is selected (e.g. hypothesized to be the second base
scene object’s analog) and evaluated. If the object is not rejected, the process terminates and the model succeeded to
find an analogy, represented by the activated “success”-node.
If the object is rejected, the whole process organization for
processing the target scene can be restarted. If no more objects can be selected (since all objects have been tried), the
“fail”-node will be activated, representing the failure to find
an analogy between the two scenes.

Processing the Target Scene
The image of the target scene is given to the architecture, and
the target scene processing is started. The process is visualized in Figure 5. The first row shows the activation of the two
“bias”-nodes representing that the model is seeking the analog to either the first object (in this example: a red large circle)
or the second object (a red large triangle). The second row
shows the activation of the success and failure nodes. When
either is above threshold, the process terminates. The third
row shows the activation of the “reject”-node as it sums up the
mismatching features and relations. If it passes the threshold
the chosen object is rejected. This plays a role in less transparent tasks (cross-mapping). The snapshots are taken at the
indicated times and show: the activation of the space attention field representing attention to a specific location in the
visual field; the activation of the inhibition-of-return indicating which objects were selected before; and the influence of
the attention bias mechanisms on the attention selection.

Results
We tested our model on different paradigm instances and go
over one example in more detail: the typical but non-trivial
example already presented in Figure 1. Here, the correct mapping is to map the circle to the circle and the triangle to the
triangle (1 → 1, 2 → 2). Detecting the analogy entails finding
a common description. This common description does not
include the color value, as it differs between the two scenes.

Processing the Base Scene
The architecture is presented with the base scene image, and
the process to represent the base scene in memory is started.
The attention mechanism chooses the more salient object 1
first and extracts a conceptual description that is stored in the

Figure 5: Visualization of some nodes and fields during the
target scene processing of our example. Snapshots show the
activation of fields at one time. High activation is shown by
a brighter color. The last row shows the sum of all attention
bias contributions with a different color scale.
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Selecting the First Object According to the serial order,
the bias 1 is activated (representing the seeking after a first
object’s analog), and the perception is reset. The resulting attention bias before releasing the inhibition is shown in the first
snapshot: Size (“large”) promotes both objects, color (“red”)
promotes none of them; shape (“circle”) promotes the object
on the left; the spatial relation (“right-of”) promotes the circle
(as it can take the reference role) and the size relation (“same
size”) promotes both equally. The model chooses the circle,
as shown in the second snapshot. It hypothesizes the analogy
map 1 → 1. The activation of the “REJECT”-node increases,
as the model detects a mismatch (color).
Selecting the Second Object To find the second object’s
analog, the bias 2 is activated, and the spatial attention field
is cleared. The attention bias now consists of minor selective
advantage for the circle (size “large” and target role in the
size relation “same size”) and more selective advantage for
the triangle (size “large”, shape “triangle”, and target role in
both relations “same size” and “right of”). The last snapshot
shows the successful selection of the triangle, representing
the hypothesis 2 → 2. As not too many relations and features
mismatch, the REJECT-node remains in its “off”-state, and
the SUCCESS-node indicates that 0+the architecture came to
a common description, i.e., it found an analogical mapping.
Response The architecture claims that it found an analogy.
This analogy is given via the common description of both
scenes, implicitly represented via the full base scene description and discard-nodes, indicating which part of the description does not apply to both scenes (here: color). The result
is “a large triangle right of a large circle; having same size,
having same color, having different shape”.
We further tested our model on other examples, including
those shown in Figure 2. Instance (a) is a cross-mapping example: Distracted by the superficial similarity the model first
chooses the wrong object and rejects this choice only when
the second object is considered. The restarted process finds
the correct mapping where all relations match, although no
features match. Thus, it takes the model longer and a higherlevel evaluation is needed. In (b) the model does not find an
analogy: it tries out both possible mappings but in each case,
the non-matching features and relations are too many and the
choice is rejected. In the third run of processing the target
scene, no object is left and the “fail”-node is activated.

attentional selection, process organization, visual search, relational processing, and sequence generation. Crucially, the
model is a single dynamical system that generates meaningful
neural representations as stable activation states that emerge
from organized instabilities. Stability enables embedding the
model in wider neural process accounts of grounded embodied cognition, in which sensory input may be time-varying or
actively generated by gaze shifts or orienting behavior, and
which may generate motor output.
This sets our model apart from accounts in which analogy
is established based on ungrounded symbols (e.g., Carpenter,
Just, & Shell, 1990; Lovett, Forbus, & Usher, 2010), even
when such accounts are implemented using neural networks
(e.g., Eliasmith & Thagard, 2001). Our goal also differs from
neural network models of machine learning (e.g., Frankland,
Webb, Petrov, O’Reilly, & Cohen, 2019) that learn analogy
detection from examples (as evaluated by benchmarks; e.g.,
Webb et al., 2020), without aiming at neurally realistic models of human cognition.
Petrov (2013) describes a hybrid symbolic-connectionist
model that is more closely aligned with our goals. It shares
the notion that cognitive capacities emerge from interactions
between component processes rather than from central processing, and provides for context sensitivity through continuous coupling to the environment. We would argue, that the
neural mechanisms of that model are not fully consistent with
the demands of embodiment, however.
Doumas, Puebla, Martin, and Hummel (2022) summarize extensive theoretical work based on the well-known
LISA and DORA architectures that is also close in spirit
and method to our effort. A groundable symbolic short-term
memory of a base scene guides search for analogical objects
in a target scene based on feature values. The perceptual
grounding of visual features is less well embedded in neural process accounts of visual cognition, we believe, and the
extent to which these models enable embodiment remains to
be examined. Unlike our model, these address the learning of
analogical mapping. A shared concern for both our and this
work is how the hypothesized specific neural circuits scale as
the number of concepts increases.

Discussion

Generating a conceptual representation of the base scene
makes it possible to account for the influence of language and
concept knowledge as reviewed in the Background section. In
the model, conceptual knowledge is critical to transfer relations from the base to the target scene. A linguistic cue to a
relational concept may pre-activate the concept node.

We proposed a model that is capable of finding an analogical
mapping between two visual scenes or to determine that there
is none. The model is consistent with the theoretical demands
of SMT and the experimental results reviewed in the Background section. It uses grounded concept representations
both to create a description of the base scene and to search for
analogous objects in the target scene. The model uses established neurally plausible mechanisms of short-term memory,

Here we developed and demonstrated the model for a specific, very limited task. Through its mechanisms for weighing attention bias and evaluation, the model could reach
a wider range of tasks and visual objects. Extending the
model beyond visual structure mapping may enable linking
more quantitatively to human performance (Chen, Peterson,
& Griffiths, 2017). This report is is only a first exploration of
how analogy may be reached in the style of DFT.
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Abstract
This paper proposes new empirical classifiers for evaluative
concepts, including thin concepts like good or bad and thick
concepts such as honest or disgusting, based on quantitative
corpus linguistics. Prior work in experimental philosophy has
shown that sentiment analysis can be used to track differences
between concept classes. Building on this, Task 1 investigates
whether the relationship between sentiment and evaluativeness
is parabolic rather than linear. Task 2 extends this question to
the differences between evaluative and non-evaluative concept
classes. The results of both Tasks show that the linear and the
parabolic logistic regression classifiers perform equally well.
Interestingly, this study also finds that adjectives attributed to
animate entities (e.g. “generous customer”) generally have
a higher probability to be evaluative concepts than those attributed to inanimate entities (e.g. “dry soil”).
Keywords: experimental philosophy; evaluative language;
thick concepts; thin concepts; corpus linguistics

Introduction
Over the last decades, there has been an ongoing debate on
whether there are principled differences between thin and
thick concepts (Eklund, 2011; Kirchin, 2019; Roberts, 2013;
Tappolet, 2004; Väyrynen, 2013). Thin concepts such as
good or bad are commonly understood to evaluate, i.e. to express approval or disapproval. Thick concepts like honest or
cruel, on the other hand, evaluate as well but have descriptive
content beyond that. If we say “Amy is honest”, for example,
we positively evaluate Amy and, at the same time, characterize her as somebody who is truthful and genuine. In comparison, “Amy is good” evaluates Amy as a person, but there is
no information about why the speaker approves of her.
In addition to these two classes of evaluative concepts, a
third one needs to be added. Value-associated concepts like
homeless or sunny can be used to describe but also, in a way,
carry an evaluation. However, the relationship between the
descriptive and the evaluative is importantly different compared to thick and thin concepts. It has been hypothesized
by Reuter, Baumgartner, and Willemsen (ms) that adjectives
like homeless or sunny do not evaluate in the sense of expressing approval or disapproval for having certain descriptive features. For example, being homeless is considered undesirable, but we do not necessarily evaluate a person negatively
for living on the streets. Hence, unlike thin and thick concepts, value-associated concepts are merely associated with
certain values (Reuter et al., ms).

The few experimental-philosophical studies that exist on
evaluative concept classes, especially on thick and thin concepts, are mostly based on online surveys (Willemsen &
Reuter, 2020, 2021). Recently, however, Willemsen, Baumgartner, Frohofer, and Reuter (2021) have conducted a corpus
study comparing the use of evaluative adjectives by legal professionals and laypeople. The authors show that sentiment
values, which are commonly used in opinion mining, track
differences among descriptive concepts and thick concepts
from different domains (thick epistemic, thick ethical, and
thick legal concepts).
In this paper, I provide evidence on how sentiment values
can be used to classify evaluative and non-evaluative concepts, rather than just measure differences between them.
Specifically, I look at the concepts featured in Reuter et al.
(ms), i.e. descriptive, thin, thick moral, thick non-moral, and
value-associated concepts. For the classification tasks, I adapt
the experimental setup of Willemsen et al. (2021). In Task 1,
I build linear and polynomial classifiers for evaluative (thin,
thick moral, thick non-moral) vs. non-evaluative (descriptive,
value-associated) concepts. Based on these models, I test the
hypothesis that the relationship between sentiment and evaluativeness is parabolic rather than linear. Task 2 extends this
hypothesis to the pairwise differences between evaluative and
non-evaluative concept classes (e.g. descriptive vs. thin concepts). However, the results of Task 1 & 2 show that the linear
and the parabolic classifier perform equally well.
Moreover, this study also takes into account contextual differences in regards to what or whom the adjectives are actually attributed to (or predicated of). I show that propositions
like “I wear reckless socks.”, namely where a thick term is
attributed to an inanimate entity, are less frequent than corresponding thick attributions to animates, e.g. “My cat is
reckless.” Accordingly, animacy should be considered as a
predictor (among others) for whether a term is evaluative or
not. This research provides a push in the direction of more
context-sensitive modeling of evaluativeness, although still
being concerned with the standard content of concepts.
This project represents a first step away from purely
intuition-based conceptual work and towards machine-based
applications of philosophical frameworks of evaluative language. In the long run, machine-based classification will allow experimental philosophy to empirically assess the accuracy of theoretical predictions based on natural language data.
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Rationale
Willemsen et al. (2021) focus on the sentiment dispersion
in coordinating conjunctions containing evaluative adjectives,
as in “The Eiffel Tower is beautiful and imposing.” Adjectives in and-conjunctions typically have a similar sentiment
polarity and intensity (Elhadad & McKeown, 1990; Hatzivassiloglou & McKeown, 1997). Put simply, positively evaluating adjectives are commonly used in conjunction with other
positive adjectives, descriptive ones are paired with neutral
ones, and negative with negative ones.
Based on these considerations, Willemsen et al. (2021) preselect a list of adjectives and hand-code their respective concept class. Willemsen et al. (2021) investigate different kinds
of thick concepts (epistemic, ethical, legal) as well as descriptive concepts. For this study, however, I am interested in the
broader class of evaluative concepts and not just thick concepts. Hence, I use the pre-coded list of concepts featured in
Reuter et al. (ms) instead, which contains descriptive, thick
moral, thick non-moral, thin, and value-associated concepts.
Each of the examined conjunctions consists of one of these
pre-selected adjectives, the so-called ‘target adjective’, and
a freely variable ‘conjoined adjective’. The conjoined adjective gets annotated with sentiment values ranging from -1
(extremely negative), over the neutral midpoint (i.e. 0), to 1
(extremely positive).
The rationale behind this standardization is that for each
target adjective, e.g. honest, we know both honest’s concept
class (as theoretically defined) as well as its sentiment dispersion across all the conjunctions it is part of (by virtue of the
conjoined adjective). In a classification task, it should thus
be possible to use the sentiment distribution of honest’s conjoined adjectives as a predictor of honest’s evaluativeness.

The Linear and the Parabolic Relationship
Assumptions
Willemsen et al. (2021) use simple linear methods, such as
ANOVA and estimated marginal means (EMMs), to measure
sentiment differences between the aforementioned concept
classes. Why? Think about it this way: if X is conjoined with
horrendous or marvelous—both very negative adjectives—,
the term is more likely to be evaluative than, say, if it is conjoined with administrative—which is much more neutral. In
other words: the probability for a term X to be evaluative
(vs. non-evaluative) decreases, the closer it is to the neutral
midpoint of the sentiment scale; inversely, it increases, the
bigger its distance to the neutral midpoint. In Willemsen et
al. (2021), this relationship is assumed to be constant, or, linear, as illustrated by the blue lines in Figure 1. At first glance,
this sounds rather intuitive.
The linear hypothesis, however, has a potential problem: why
would one assume that the strength of this relationship is
constant along the sentiment spectrum? Proponents of a
non-linear relationship could object that a sentiment change
around the neutral midpoint of the scale has less of an effect
on the probability for X to be evaluative, compared to a corre-

sponding sentiment change at the extremes of the scale. For
instance, the probability for dry to be evaluative should be
similarly low across “dry and dusty soil” and “dry and rocky
soil”. On the other hand, there seems to be a more important difference for generous in “generous and friendly customer” and “impeccable and generous customer”. In other
words, one could argue that the linear assumption underestimates the effects of sentiment changes at the extremes of
the scale and overestimates the ones around the neutral midpoint. According to this, the relationship follows a parabola,
i.e. a polynomial function, as depicted by the red line in Figure 1. This study will test whether the parabolic relationship
assumption leads to a better classification of evaluative concepts compared to the linear hypothesis.

Figure 1: Theoretical linear (blue) and parabolic (red) trends
for the classification based on sentiment.

Animacy as a Predictor
Not every adjective can be plausibly attributed to all kinds
of entities. The semantic content of adjectives often restricts
their range of application. Consider, for example:
(1) Sarah collects beach pebbles. She thinks they are
smooth and colorful.
(2) Megan loves Justin Bieber. She thinks he is honest
and sensitive.
The adjectives in (1) describe an inanimate entity (i.e. beach
pebbles), whereas in (2) they are used to characterize a person, the pop star Justin Bieber. It is hard to see how thick concepts such as honest and sensitive could be attributed to beach
pebbles, even more so on a regular basis. We can, of course,
come up with creative uses, as in “John, a stone is more sensitive than you!”, but they are arguably less frequent than literal
instances. Another example is dead: we might occasionally
hear that “the party this weekend was dead”, but more often
than not it is used to say that a formerly alive being—a person, animal, plant, etc.—died (cf. Dahl, 2008). Thus to what
or to whom the adjectives are attributed matters. Animate and
inanimate noun phrases (“shrimp” vs. “wooden shrimp”) and
verbs (“to think” vs. “to crystallize”) often come with grammatical and ontological restrictions (e.g., Dahl, 2008; De
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Swart & De Hoop, 2018; García, Primus, & Himmelmann,
2018; Schumacher, 2018). We expect this also to be reflected
in the frequency of use of evaluative adjectives. Especially
thick moral concepts seem to be predestined to be applied to
animates, rather than concrete objects (“selfish windowsill”)
or abstract entities (“compassionate prime number”). This
raises the question of whether there is a more general relation
between evaluativeness and animacy. To allow for a more detailed analysis, I thus suggest including the animacy of the
attributed entity as a predictor.

pendency trees, this information is used to determine whether
the adjective conjunction is attributed to (or predicated of) an
animate or inanimate entity.5 Due to malformed sentences,
not all comments could be annotated. Since I do not intend
to perform the classification task on an adjectival level, the
variations in sample size are negligible. After the annotation
step, the corpus retains 18,301 sentences that contain the desired target structures.6

Methods
Task 1

Data
The data for this study consists of 22,500 Reddit comments,
which were initially collected using the Pushift API (Baumgartner et al., 2020). Each comment contains a coordinating conjunction of two adjectives. For simplicity’s sake,
only and-conjunctions are considered, as conjunctions with
but, or, or yet work differently (Elhadad & McKeown, 1990;
Hatzivassiloglou & McKeown, 1997). Comments which include a negation of the adjectives (e.g. not, hardly, barely) or
any other adverbial modifier (e.g. very, rather, mostly) were
discarded.
The target adjectives consist of a pre-selection of 45 terms
featured in Reuter et al. (ms). The selected adjectives have
already been annotated with their respective concept class.
Analogous to Reuter et al. (ms), I distinguish between descriptive (e.g. yellow, dry), thick moral (e.g. compassionate,
cruel), thick non-moral (e.g. delicious, disgusting), thin (e.g.
good, bad), and value-associated concepts (e.g. quiet, homeless). Each conjunction in the data contains one of the preselected target adjectives and freely variable conjoined adjective.1 The conjoined adjectives were annotated with sentiment values from the SentiWords dictionary (Esuli & Sebastiani, 2006; Gatti, Guerini, & Turchi, 2016; Baccianella,
Esuli, & Sebastiani, 2010).2 The dictionary codes a term’s
sentiment intensity on a scale from −1 ⩽ x ⩽ 1.
The comments typically span over multiple sentences and
make heavy use of coreferences (anaphora and cataphora).
Since I am only interested in the sentences containing the
aforementioned adjective conjunctions (rather than the complete comment respectively), coreferences can ultimately lead
to a loss of semantic information, if left unresolved. Hence,
I applied a coreference resolution algorithm by Zeldes and
Zhang (2016).3 The same algorithm also detects the animacy
state (animate or inanimate) and the entity type (e.g., abstract, person, object, etc.) of named and non-named entities
mentioned in the texts.4 Together with the corresponding de1 To guarantee a balanced sample, we initially collected 500 comments for each adjective (45 × 500 = 22, 500).
2 For the sentiment annotation I used the quanteda-package
(v3.0.0) in R (v4.1.0).
3 The classifier’s performance is reviewed in Sukthanker, Poria,
Cambria, and Thirunavukarasu (2020).
4 Both the coreference resolution and the animacy detection are
conducted with xrenner (v2.2.0.0) by Zeldes and Zhang (2016),
based on the the pretrained Electra model for GUM7, using Python
(v3.7.11).

Task 1 is to perform a classification of evaluative versus
non-evaluative concepts based on logistic regression, comparing the linear and the parabolic assumption. Sequential
likelihood-ratio tests and backward stepwise regression are
used to determine the best polynomial predictor for the polynomial model (see below). The data is split randomly into a
test and training set, based on a 20-80% ratio. The training
includes 10-fold cross-validation to select the best linear and
polynomial models respectively.7

Task 2
In Task 2, the results are disentangled a bit further. This is
motivated by the fact that the non-evaluative class is composed of two very different sub-classes, namely descriptive
and value-associated concepts. As shown in Figure 2, descriptive and value-associated concepts have very different
sentiment distributions. This indicates that pooling descriptive and value-associated together as non-evaluative class
might be problematic. Hence, classification accuracy might
improve for binary classifications of concept classes, say, descriptive vs. thin concepts.

Figure 2: Sentiment distributions. The black lines show the
pooled dispersion.
Hence, Task 2 is to examine how well the linear and polynomial classifiers work for 2 × 3 distinct concept class pairs,
5 The dependency parsing was conducted using the stanza
toolkit (v1.3.0) provided by the Stanford NLP Group (Qi, Zhang,
Zhang, Bolton, & Manning, 2020) in Python (v3.7.11).
6 The data, analyses, and the full selection of target adjectives,
are available on the OSF repository at https://osf.io/s5n6g/.
7 The models were built with caret (v6.0-90) in R (v4.1.0).
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each featuring one evaluative (thin, thick moral, thick nonmoral) and one non-evaluative (descriptive, value-associated)
concept class.

Model Specification
The linear model in Task 1 is pretty straightforward: the dependent variable is a dummy for non-evaluative (descriptive
and value-associated) terms and evaluative (thin, thick moral,
and thick non-moral) terms. As predictors, I use the interaction of absolute sentiment values (continuous) and animacy
(two-level factor),8 and an interaction between the absolute
sentiment values and a dummy coding for the polarity of the
sentiment values (x < 0: negative; x ⩾ 0: positive). The reason for using absolute sentiment values and a polarity dummy
is that we want to be able to discriminate between different
polarities without having to average the effects over the whole
sentiment continuum.
The parabolic or polynomial model in Task 1 has the same
dependent variable as the linear model. As predictors, I use
the sentiment values (continuous) to the power i and animacy
(two-level factor), as well as their interaction. Note that with
this model we do not need to limit ourselves to absolute sentiment values since we use a polynomial function. To determine the best exponent, I ran sequential likelihood-ratio tests
for different is. The root model simply classifies whether a
target adjective is evaluative or not, based on the conjunct
sentiment values and the animacy of the object of predication.9 The subsequent models just iteratively include more
polynomials, as in
y ∼ (I(sentiment)2 + ... + I(sentiment)n ) ∗ animacy
Table 1 shows likelihood-ratio tests for the root model (Model
1) and the polynomial models from degree 2 to 6 (Model 2-6):

Model 1
Model 2
Model 3
Model 4
Model 5
Model 6

degree polynomial terms steadily improves the model up to
i = 5. Consequently, Model 5 is selected.
A backward stepwise regression further validates that all
predictors are significant on 0.05-alpha level, and thus informative, except for the untransformed sentiment values (pvalue = 0.1931). However, the latter has to be included still,
since its polynomial transformations are also used. Thus,
Model 5 can be used without dropping a predictor. This also
validates the inclusion of animacy as a predictor.
Task 2 uses the same predictors as the linear model and
the best polynomial model in Task 1. However, instead of
the pooled dummy (i.e. non-evaluative vs. evaluative) in
Task 1, the independent variables in Task 2 are 2 × 3 concept class dummies (e.g. descriptive vs. thin, descriptive vs.
thick moral, etc.).

Results
Task 1
The accuracy of the best polynomial model (fraction of predictions our model got right) is 62.47% (95% CI: 60.88%,
64.04%; p-value < 0.001), which is significantly higher than
the no-information rate (56.79%). This means the model is
significantly more accurate than just picking the most prevalent observed class. The model’s F1 value is 0.5226, based
on a Recall of 0.4753 and a Precision of 0.5802.
The linear model, on the other hand, has an accuracy of
61.24 % (CI: 59.64%, 62.82%, p-value < 0.001), with F1
= 0.4785, based on a Recall of 0.4115 and a Precision of
0.5716. Evidently, the difference between the models’ accuracy is not significant, as the confidence intervals overlap.
Therefore, the linear and the polynomial model are roughly
equivalent.
True Class
non-eval
eval
non-eval 0.4753 0.2617
Pred.
eval 0.5247 0.7383

Resid. Df Resid. Dev Df Deviance Pr(>Chi)
18297 24690.28
18295 23854.98 2
835.30
0.0000
18293 23841.11 2
13.87
0.0010
18291 23762.45 2
78.66
0.0000
18289 23749.17 2
13.28
0.0013
18287 23746.97 2
2.19
0.3340

Table 2: Confusion matrix for the polynomial model.

Table 1: Sequential likelihood-ratio tests on nested logistic
regression models.
The likelihood-ratio tests compare the goodness-of-fit of
Models 1-6 sequentially, i.e. Model 1 is compared with
Model 2, Model 2 with Model 3, etc. The comparison shows
that up to Model 5, the null hypothesis, i.e. that the nested
model is better than the complex model, can be rejected on
a 0.05-alpha level. This means that simply adding higher

Table 2 shows the confusion matrix for the polynomial
model. 47.53% non-evaluative and 73.83% evaluative concepts were correctly predicted, which indicates that nonevaluative concepts are less homogeneous than evaluative
concepts. Table 3 shows the same for the linear model. Apparently, the linear model is slightly worse at correctly classifying non-evaluative concepts correctly (41.15%) than the
polynomial model, and slightly better in the case of evaluative concepts (76.53%).

8 For

the animacy variable, I coded persons, plants, and animals
as animate entities, the rest as inanimate ones.
9 Note that the root model for the likelihood-ratio tests is not the
linear model specified above. Hence, the increasing goodness-of-fit
discussed below does not license the inference that the polynomial
models are better than the linear model.
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True Class
non-eval
eval
non-eval 0.4115 0.2347
Pred.
eval 0.5885 0.7653
Table 3: Confusion matrix for the linear model.

Now, how does animacy affect the predicted probability for
a term to be evaluative (vs. non-evaluative)? Figure 3 shows
the predicted probabilities for a term to be evaluative rather
than non-evaluative, based on the interaction of the sentiment
values (x-axis) and the animacy of the object of predication
(color), for the polynomial model.

D : Thin
D : Thick M
D : Thick NM
VAC : Thin
VAC : Thick M
VAC : Thick NM

Accuracy
0.6785
0.6755
0.6546
0.6355
0.5943
0.5817

Lower
0.6517
0.6515
0.6303
0.6089
0.5700
0.5573

Upper
0.7044
0.6988
0.6783
0.6616
0.6183
0.6059

NIR
0.6076
0.5061
0.5310
0.6181
0.5099
0.5009

Note: D: Descriptive; Thick M: Thick Moral; Thick NM:
Thick Non-Moral; VAC: Value-Associated Concepts.

Table 4: Model evaluation metrics for pairwise logistic regression models using polynomials.

Figure 3: Predicted probabilities for membership in evaluative concept class compared to the non-evaluative class (polynomial model).
There are a few interesting takeaways: Firstly, adjective attributions involving an animate entity have a higher probability to be evaluative overall. Secondly, the predicted probability for a term to be evaluative drops significantly below
50% around the midpoint. This means that sentiment-neutral
terms have a higher probability to be non-evaluative regardless of animacy, even though there is still a significant difference between animate and inanimate states. Thirdly, the
more extreme the sentiment values, the higher the probability for a term to be evaluative. These three findings follow
the expectations stated earlier. Yet, one can also see that extremely negative terms (x < −0.5) are not significantly associated with any animacy state, whereas extremely positive
ones (x > 0.5) are. This indicates a strong relationship between animacy and sentiment for positive terms, whereas it
is more negligible for negative terms. In short, the animacy
predictor shows interesting effects, especially the unexpected
difference between negative and positive terms.
In summary, there is no significant difference in accuracy
between the linear and the polynomial classifier, which makes
them equally viable for classification tasks. The main source
of false classifications is the sentiment heterogeneity in the
class of non-evaluative concepts, i.e. between descriptive and
value-associated concepts. The effect for animacy is not constant along the sentiment spectrum, indicating differences between polarities.

Task 2
Table 4 and Table 5 show the accuracy of the polynomial
classifiers and the linear models respectively, as well as the

no-information rate (NIR). All the classifiers (rows) are significantly more accurate than the prediction based on the NIR
(on 0.05-alpha level). The models within each Table are based
on different subsets of data, and hence not directly comparable among themselves. Nonetheless, it seems that the
classifiers are generally more accurate in comparing evaluative concept classes to descriptive concepts than they are to
value-associated concepts. It is possible to compare respective linear and the polynomial models, though: The polynomial (Table 4) and the linear classifier (Table 5) do not
perform significantly differently. The only exception is the
classification of value-associated vs. thick non-moral concepts, where the linear model (55.15% [52.69%, 57.59%]
accuracy) performs significantly worse than the polynomial
model (58.17% [55.73%, 60.59%] accuracy).

D : Thin
D : Thick M
D : Thick NM
VAC : Thin
VAC : Thick M
VAC : Thick NM

Accuracy
0.6769
0.6742
0.6423
0.6181
0.6017
0.5515

Lower
0.6501
0.6502
0.6178
0.5912
0.5774
0.5269

Upper
0.7029
0.6975
0.6662
0.6444
0.6257
0.5759

NIR
0.6076
0.5061
0.5310
0.6181
0.5099
0.5009

Note: D: Descriptive; Thick M: Thick Moral; Thick NM:
Thick Non-Moral; VAC: Value-Associated Concepts.

Table 5: Model evaluation metrics for pairwise logistic regression models without polynomials.
In sum, the results for Task 2 indicate that descriptive concepts are more distinct from evaluative concepts (thin, thick
moral, and thick non-moral) than value-associated are from
the latter. The linear and polynomial models do not perform
significantly differently.

Discussion
This study demonstrates that the sentiment dispersion in andconjunctions can be used to distinguish evaluative from nonevaluative terms. In Task 1, I compared the predictive accuracy of classifiers based on the linear and the parabolic assumption. There was no significant difference in accuracy
between the two classification models. In Task 2, the classification was further specified to discriminate between pairs of
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evaluative concept classes (i.e. thin, thick moral, thick nonmoral) and non-evaluative concept classes (i.e. descriptive,
value-associated). The accuracy for these models ranged between 55.15%–67.85% (all significantly above the respective
non-information rate). The joint evidence from Tasks 1 & 2
suggests that the parabolic relationship assumption does not
yield significantly more accurate results than the linear assumption. The results also show that sentiment values are a
relevant metric for classifying evaluative concept classes, but
also indicate they do not tell the whole story.
It was furthermore found that adjective attributions to animate entities result in a higher probability for said adjective
to be an evaluative concept. However, the effect does not
seem to be consistent, but rather displays a certain asymmetry. On the negative end of the spectrum, we find that the more
negative the conjoined sentiment values for a term are, the
smaller the predicted effect of animacy. The same does not
hold on the positive end of the sentiment spectrum, though.
Rather, positive evaluations of animates such as “My gum
tree is beautiful and strong.” are much more likely than those
of inanimates, e.g. “The Golden Gate Bridge is beautiful and
strong.”
One explanation for this asymmetry might be that the
use of negative evaluatives comes with considerable social
costs and, accordingly, commits the speaker to the evaluation, while positive evaluations can be used more inflationary
(Willemsen & Reuter, 2020, 2021; Willemsen, Baumgartner, Cepollaro, & Reuter, ms). For example, we often use
terms such as “friendly” or “honest” to characterize a person who is merely decent, whereas “cruel” or “ugly” typically
mean more than simply subpar. Willemsen and Reuter (2020,
2021), Willemsen et al. (ms), and Baumgartner, Reuter, and
Willemsen (ms) found that the evaluation of positive thin and
thick terms is significantly easier to cancel than that of negative ones. Participants in their studies judge statements like
“Amy is generous, but by that, I don’t mean to say anything
positive about Amy.” to be significantly less contradictory
than their negative counterparts, e.g. “Amy is selfish, but by
that, I don’t mean to say anything negative about Amy.” This
difference in the treatment of positive and negative evaluations has been dubbed the Polarity Effect (e.g., Willemsen &
Reuter, 2020, 2021). The authors suggest that positive terms
have two standard usage modes, a positively evaluating one
and a more neutral one. Negative terms, on the other hand,
generally carry a negative evaluation.
The tentative evidence for the effect of animacy points in
the same direction. However, Willemsen and Reuter (2021)
and Baumgartner et al. (ms) tested whether the Polarity Effect is affected by the fact that the adjective is used to describe
the character of a person (“Amy is ...”) versus their behavior
(“What Amy did last week is ...”). The authors did not find
significant differences, which would potentially speak against
the potential influence of animacy on the Polarity Effect. Yet,
the behavior of a person might be understood to be indicative
of more general character traits, thus blurring the lines be-

tween character and behavior condition. The same might be
happening when we felicitously use the noun phrase “reckless socks” as a characterization of the person wearing them
(for wearing them), rather than of the socks themselves. Including more distinct animacy conditions thus might help to
further disentangle the Polarity Effect.
Overall, the models presented in this paper appear to be
solid baseline models and follow arguably sound theoretical expectations. Future attempts at improving the classifiers would best be directed towards achieving more contextsensitive predictions. The current design is limited to sentiment dispersion in and-conjunctions. Future research would
profit from additionally including disjunctive or contrastive
conjunctions such as but and or, which function differently
from coordinating conjunctions (e.g. Elhadad & Mckeown
1990; Hatzivassiloglou & McKeown, 1997). Admitting adverbial modifiers and intensifiers such as mostly or really, as
well as negations would also contribute to a more complete
picture. Other potential improvements include topic-based
sentiment analysis or more complex classifiers like support
vector machines or ensemble algorithms.
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The logic of guesses: how people communicate probabilistic information
Tadeg Quillien, Christopher G. Lucas
School of Informatics, University of Edinburgh
Abstract

Epistemologists have pointed out that guesses seem to have
their own particular phenomenology (Holguin, 2022; Dorst
& Mandelkern, 2021). Intuitively, guesses that are likely to
come true tend to be better. For example “it will be a red ball”
is a better guess than “it will be a blue ball”. But the quality
of a guess is not entirely determined by its probability: for
example “it won’t be a red ball” is more probable than “it will
be a red ball”, but the latter seems like a more natural guess
(Dorst & Mandelkern, 2021). A challenge for a cognitive
theory of guesses is to explain their peculiar logic.

How do people respond to a question when they are not certain of the answer? Probabilistic theories of cognition assume
that the mind represents probability distributions over possible answers, but in practice people rarely recite these probability distributions out loud: instead they make simple guesses.
Consider how you would express your belief about how many
people live in the European Union. You would probably not
say “a Gaussian with mean 300 million and standard deviation
50 million” – you would make a simple guess, such as ”between 200 and 400 million”. Here we present a simple rational
analysis of these guesses. We assume that communicating the
full probability distribution in one’s head would take too much
time, so people offer simple guesses in order to communicate
a compressed version of this distribution. Drawing on information theory, we show that it is possible to measure how well
a guess encodes a given probability distribution, and suggest
that people tend to make guesses that provide the best such encoding. Two experiments provide preliminary evidence for the
model. Our theory explains from first principles why guesses
seem to strike a balance between accuracy and informativeness.

A rational theory of guesses

Keywords: computational modeling; guesses; probability; information theory; judgment under uncertainty

Introduction
Your friend is about to reach inside the box depicted in Figure 1, and will randomly draw one ball while blindfolded.
Which ball is going to come out? For a Bayesian, the answer is easy: the ball will be red with probability 5/12, green
with probability 3/12, yellow with probability 3/12, and blue
with probability 1/12. According to a prominent approach to
cognition, the mind is approximately Bayesian (Tenenbaum
et al., 2011; Oaksford & Chater, 2007): in this kind of simple problem, it should hold a representation of the probability
distribution over possible outcomes. Yet, most people would
not recite the whole probability distribution out loud if they
were asked which ball will come out. Instead, they might say
“it will probably be a red ball”, or “it will be a red, green, or
yellow ball”. How do people make these simple guesses?

We suggest that guesses (like “it will be a red, green or yellow
ball”) solve a compression problem. When people answer a
question about an uncertain outcome, it would take too much
time for them to explicitly recite the relevant probability distribution. Instead, they make a guess, which functions as a
compressed representation of the probability distribution in
their mind. The guess leaves out some information, but is
nonetheless useful for most purposes. If you tell someone
that the ball coming out of the box will be red, green, or yellow, they will not be able to infer the exact content of the box,
but they may get a good enough approximation.
Thus, a guess is good to the extent that people hearing the
guess can reconstruct the probability distribution over outcomes that the speaker had in mind. If you tell someone that
the ball will be “red, green, or yellow”, she can infer that red,
yellow, and green are more probable outcomes than blue, but
she has no reason to think that any of the three colors (red,
yellow, green) is more likely than the others1 . So, her best
bet is to construct a probability distribution that looks like the
one in Figure 2c. As another example, if you tell her “it will
be a red ball”, her best bet is to infer a probability distribution
over outcomes that looks like the one in figure 2b.
More formally, guesses can be seen as implicitly encoding
a probability distribution where all outcomes mentioned in
the guess have equal probability, and have higher probability
than outcomes not mentioned in the guess. To construct such
a distribution, one can define the probability of each outcome
x as:
P(X = x) = δ(x, g) ∗

1−λ λ
+
ng
n

where δ(x, g) is 1 if x is included in the guess, and 0 otherwise. ng is the size of the guess (the number of possible out-

Figure 1: A box with colored balls.

1 We assume that the audience knows that there are 12 balls in
the box, that they can be red, yellow, green and blue, but does not
know in which proportions these colors are represented. Note that
for simplicity here we consider settings where the audience knows
what outcomes are possible, but our approach is compatible with
situations where that is not the case.

2876

In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

Figure 2: a: Original distribution over possible outcomes, in the speaker’s mind. b: a distribution over possible outcomes
consistent with the guess “it will be a red ball”. c: a distribution over possible outcomes consistent with the guess “it will be a
red, yellow or green ball”.
comes it mentions), and n the number of possible outcomes2 .
λ is a free parameter that controls how much probability mass
we want to put on possible outcomes that are not mentioned
in the guess3 .
When is a guess good? Intuitively, it is when the probability distribution that the audience can construct from the
guess is ‘close’ to the original distribution in the speaker’s
mind. For example, on Figure 2, the distribution in 2c looks
‘closer’ to the original distribution (2a) than the distribution
in 2b does.
We can formalize this intuitive notion of ‘closeness’ between distributions using tools from information theory.
Specifically, we say that a guess G is a good encoding of
the original distribution Q if the Kullback-Leibler divergence
(KL-D) of G from Q is low (see Gagie, 2006). Thus, we define the quality of a guess as the inverse of the KL-D of G
from Q (we add 1 to the denominator so that guess quality
can range from 0 to 1):
1
1


=
1 + KL(Q|G) 1 + Σ Q(i) log Q(i)
i
G(i)

Q′ (i) =

Q(i)α
Z

where Z is a normalizing constant ensuring that all elements in Q′ sum to 1, and α is a free parameter which controls
to what extent the distribution gets concentrated or spread out.
For values of α < 1, the probability distribution gets spread
out; for α > 1, it gets concentrated (areas with a lot of probability mass get even more probability mass to the detriment of
other areas). Low values of α result in guesses that mention
more possible outcomes.

The accuracy-informativeness trade-off model

Finally, different people might prefer to make slightly different guesses, or they might make different guesses in different contexts. For instance, if you are in a hurry you might
prefer to make a short guess, like “It will be red”, but if you
2 In

are very cautious you might say “It can be any of the four colors”. It is not clear how to best model this variability, but here
we assume that before making a guess, speakers modulate
their original probability distribution by either concentrating
it in a few peaks, or spreading it out more evenly. That is, the
speaker constructs a modified distribution Q′ by applying the
following transformation to each element i of Q:

situations where we don’t know the space of possible outcomes, we can for example assign probability ngλ+1 to the general
probability that something not mentioned in the guess occurs.
3 We find that the value of λ has little influence on the model’s fit
in the studies we report below. To limit the number of free parameters, we simply set λ = .1

We also consider an alternative formal model of the psychology of guesses. This model (Dorst & Mandelkern, 2021) is
based on the hypothesis that people make guesses that optimize a trade-off between accuracy and informativeness (see
Yaniv & Foster, 1995, 1997). A guess is accurate if it is
likely to be true, and it is informative if it gives information
about which outcomes are particularly likely. For instance,
the guess “the ball will be either Red, Green, Yellow or Blue”
has probability 1, so it is very accurate. But it gives no information about whether some colors are more likely to come
out. So, in practice, people might prefer other guesses, that
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are not guaranteed to be correct but that narrow down the
space of plausible outcomes.
According to Dorst & Mandelkern (2021), people select
the guess G that maximizes the following expected utility
function:
E(G) = P(G) ∗ J Q(G)
where P(G) is the accuracy of a guess, i.e. the probability that the guess is correct, and Q(G) is its informativeness.
The informativeness of a guess is the proportion of possible answers that it excludes. For example, the guess “red or
blue” has informativeness 1/2 because it excludes two of the
four possible options. The parameter J regulates how sensitive people are to informativeness relative to accuracy (when
J = 1, people are only sensitive to accuracy; when J >> 1
they mostly care about informativeness).
Note that our information-theoretic model is consistent
with the hypothesis that people make guesses that achieve
a trade-off between accuracy and informativeness. The difference is that our model does not assume that the mind is
explicitly optimizing this trade-off – instead, the tradeoff happens as a natural byproduct of making guesses that efficiently
encode the probability distribution in the speaker’s mind. We
also note that the two models make very similar predictions,
and our main goal here was not to test which model fits people’s intuitions better.
It is easy to see that our model, as well as the trade-off
model, account for qualitative features of our intuitions about
which guesses are good. For instance, our model explains
why we think that ‘it will not be red’ is a worse guess than
‘it will be red’. ‘It will not be red’ assigns a low probability
to Red, which is actually the highest-probability outcome in
the speaker’s mind, and therefore it defines a distribution that
does not look anything like the one in the speaker’s mind.
In the following section, we test whether our account (and
the trade-off model) can account for quantitative patterns in
people’s judgments about what counts as a good guess.

Methods
In two studies, we showed participants urns that were similar
to the one shown in Figure 1, but whose content we systematically varied, in a within-subject design.
One natural way to test our hypothesis would be to ask
people to make guesses about which ball will come out from
a given urn. In order to obtain many data points per participants, we instead asked them to rate the quality of different
guesses that one could make. We compared their ratings with
the predictions of our information-theoretic model (henceforth, KL model), and the predictions of the accuracy / informativeness trade-off model.
Data and R code (for modeling and data analysis) are available on the OSF at https://osf.io/wfgya/.

Materials and Measures
Each participant saw 13 (in study 1) or 10 (in study 2) different urns, each containing 12 balls of different colors (Red,
Yellow, Blue, Green; there was at least one ball of each color
in each urn). To construct the urns, we defined the ‘profile’
of an urn as a list of four numbers, specifying the number of
balls of the most frequent color, the number of balls of the
second most frequent color, and so on. For example, the urn
in Figure 1 has profile [5,3,3,1]. The content of the urns was
procedurally generated. For each urn and each participant, the
frequency ordering over colors was randomized. The generation process also randomized the position of the balls in a
given urn, the order of presentation of urns, and the order of
presentation of guesses. All guesses for a given urn were presented alongside the urn on a single page. Different urns were
presented on different pages.
For each urn, we asked participants to rate the quality of
four guesses, on a Likert scale from 1 (bad guess) to 9 (good
guess). The guesses were of the form “The player will draw
{}”, where {} was a disjunction of possible colors (e.g. “a
red ball or a yellow ball”). We call the number of colors in {}
the size of a guess. For example, “Red or Yellow” is a guess
of size 2. We constructed four guesses, of sizes 1, 2, 3 and 4,
per urn, by first building a guess with the most frequent color,
then a guess with the two most frequent colors, etc. For example, for the urn shown in figure 1, we constructed the guesses
{Red}, {Red or Yellow}, {Red, Yellow or Green} and {Red,
Yellow, Green or Blue} (In cases where some colors have
equal frequency we randomly imposed an artificial ordering
on them when constructing guesses).

Procedure
Participants were recruited on Prolific and completed the experiment on a web-based interface. We first asked participants to familiarize themselves with the setting by randomly
drawing a few times from two different urns. Then they read a
short set of instructions explaining the task. In the main phase
of the study, participants rated the quality of four guesses per
urn – each page featured a picture of a different urn, alongside
four different guesses to rate. Participants then completed a
short set of questions probing whether they understand how
probability works in the current context (we do not analyze
these reports here). Finally, they completed a few demographic questions and were redirected to Prolific for payment.
Studies 1 and 2 had essentially identical designs, with the
following exceptions. Study 2 was shorter, with 10 instead
of 13 different urns per participant. It also featured slightly
different instructions. While in study 1 we simply told people that they were about to rate different possible guesses, in
study 2 we asked them to imagine that they would be communicating with a friend who cannot see the contents of the box
(but knows that boxes contain red, blue, green and yellow
balls, in unknown proportion). Likert scales were labelled
with ‘bad guess’ and ‘good guess’ in study 1, and ‘bad answer’ and ‘good answer’ in study 2.
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Figure 3: Ratings from two representative participants in Study 2, along with the predictions of the KL (purple) and trade-off
(green) models. The participant on the left has a low best-fitting value of α, while the participant on the right has a high value
of α. Panel labels represent the profile of an urn: for example, an urn labelled [9,1,1,1] has 9 balls of one color, and one ball
each of the other colors. Participant and model ratings are z-scored to facilitate comparison.
Interested readers can walk through the experiments at
https://eco.ppls.ed.ac.uk/˜tquillie/guesses/ and
https://eco.ppls.ed.ac.uk/˜tquillie/guesses-b/.

Participants
We recruited US residents (in study 1, N=38, 24 female, 13
male, 1 other, mean age = 30.8, SD = 9.5; in study 2; N=39,
24 female, 14 male, 1 other, mean age = 30.7, SD = 9.4) from
Prolific. Participants were compensated £1 for their participation.

Modeling
For each participant, we generate model predictions for the
KL model by finding the value of α that maximized the correlation between model predictions and the participant’s ratings, using the optim function in R (R Core Team, 2022).
We generated model predictions for the tradeoff model in a
similar way (fitting the J parameter individually to each participant).

Results
We find very similar results in both studies. Most participants
adopted a simple strategy: they simply rated the quality of a
guess according to its probability. That is, they gave highest ratings to guesses of size 4, i.e. guesses that mention all
possible outcomes and therefore have probability 1. Figure
3 (left panel) shows the ratings made by one such participant
(in study 2).
Both models are able to closely reproduce this pattern of
judgments. The trade-off model can trivially explain the pat-

tern: when setting J to 1, the model holds that people are only
sensitive to accuracy – that is, the quality of a guess is just its
probability. The KL model captures the pattern of judgments
by setting α << 1, i.e. by assuming that people compare a
guess to a ‘spread out’ probability distribution which gives
very similar probability to each possible outcome.
There was nonetheless also a substantial number of participants (in both studies) who exhibited a more subtle pattern
of judgments – see for example the participant highlighted on
the right of Figure 3. These participants tend to favor long
guesses when colors are equally frequent (as in the urn with
profile [3,3,3,3] which has 3 balls of each color), but they
preferred shorter guesses for urns where one color was predominant. For example, for an urn with 9 red balls, these
participants would favor the guess “The player will draw a
red ball”. For an urn with 6 yellow balls and 4 blue balls,
many of them would favor the guess “The player will draw a
yellow ball or a blue ball”.
Again, both computational models are able to account for
this pattern of judgments.
For values of α that are not too low, the KL model favors
guesses which put a lot of probability mass on the most likely
outcomes, because such guesses define distributions that are
close to the actual probability distribution over possible outcomes. Therefore the model naturally favors short guesses
when one or a few colors dominate, and long guesses when
all colors have the same frequency.
The trade-off model accounts for the data because, for J >
1, it values guesses that are both likely and informative. For
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Figure 4: Ratings from all participants in Study 2. To make the trends easier to discern, the ratings of each participant are
z-scored. Panel labels represent the profile of an urn: for example, an urn labelled [9,1,1,1] has 9 balls of one color, and one
ball each of the other colors. A similar figure for Study 1 can be found at https://osf.io/6utsk/.
an urn with 9 red balls of the same color, the guess “it will
be red” is likely enough (it will come out true 75% of the
time), and it is very informative because it rules out 3/4 of the
possible outcomes. By contrast, for an urn where all colors
are present in equal proportion, leaving out one color from the
guess decreases its probability and makes it more informative
– but the gain in informativity is not large enough to be worth
the bargain. Therefore the model favors long guesses, like “it
can be any color”.
We display the fit between individual participant judgments
and model judgments, for both models and both studies, in
Figure 5. We also show the fit of a simple model for which the
quality of a guess is always its probability. The judgments of
all participants are positively correlated with the predictions
of both the KL and trade-off models.4 The simple probability
model, by contrast, provides a very bad account of the judgments of some participants.

Discussion
Probabilistic theories of cognition (Tenenbaum et al., 2011;
Oaksford & Chater, 2007) assume that the mind often represents probability distributions over possible outcomes, or
over possible states of the world. At first sight this assump4 Participants

with a low best-fitting value of α are well-fit by
both models, but the trade-off model provides a slightly better account of their judgments. This is not surprising given that the probability of a guess is a basic building block of the trade-off model:
by setting J = 1, the trade-off model reduces to a model that judges
that more probable guesses are always better. For participants with
higher values of α, there is no clear advantage for one model over
the other.

tion is at odds with the way people express uncertainty when
they talk. If someone asks you how many people you think
live in the European Union, you will probably not say “my
subjective belief is a normal distribution with mean 300 million inhabitants and standard deviation 50 million” – instead
you will probably say something like “between 200 and 400
millions”.
Here we have sketched a theory that resolves this tension.5
We assume that when people respond to a question whose answer they are uncertain of, their mind does represent a probability distribution over possible answers. But it would not be
convenient for them to enumerate this distribution out loud.
Instead, they make a simple guess, which effectively functions as a compressed representation of the probability distribution in their mind. Someone who hears the guess cannot
reconstruct the exact probability distribution that the speaker
had in mind, but can infer a good enough reconstruction.
Our account assumes that speakers choose messages that
optimize the inferences they anticipate the listener will draw,
in the spirit of recent computational models of social cognition (Goodman & Frank, 2016; Shafto et al., 2014; Franke
& Jäger, 2016). In particular, we assume that the speaker
wants the listener to re-construct a probability distribution
that is close to the speaker’s subjective distribution, as in recent models of how people use words such as “about” (Egré
et al., 2020) and “possibly”, “likely”, or “almost certainly”
5 There are other domains where it does not intuitively feel like
the mind represents probability distributions. Perception is one example: we do not simultaneously ‘see’ all the possible interpretations of an ambiguous visual stimulus (like a Necker cube); see Gershman et al. (2012) for one possible explanation.
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Figure 5: Individual model fits, studies 1 and 2. Each point corresponds to the correlation between the judgments of one
participant and the trade-off model (green), the KL model (purple) or the simple probability model (orange). Gray lines
connect points belonging to the same participant. The x-axis represents the best-fitting value of α for a given participant.
(Herbstritt & Franke, 2019) to communicate uncertainty.
In two studies, we show that the theory can account for
people’s judgments about what counts as a good guess in response to a question about an uncertain outcome.

Accuracy and informativeness
Our theory is consistent with the hypothesis that people make
guesses that are both informative and likely to be correct
(Yaniv & Foster, 1995, 1997; Dorst & Mandelkern, 2021). Indeed, our model generally favors guesses that have high probability, but that also convey some information about which
outcomes are more likely than others. A trade-off between
accuracy and informativeness thus emerges as a byproduct of
making guesses that efficiently communicate the subjective
probability distribution in the speaker’s mind. In other words,
the model explains, from first principles, why good guesses
appear to be sensitive to the accuracy / informativeness tradeoff.
Of course, an alternative explanation is that the mind actually computes explicit representations of the informativeness and accuracy of a guess. Dorst & Mandelkern (2021)
have developed a model based on this assumption, and we
find that it accounts to the present data as well as our theory
does. Both models make quite similar predictions in the task
we used here – critical tests between the two accounts are a
ripe direction for future research.
Our information-theoretic approach can easily be applied
to cases where the relevant probability distribution is contin-

uous (for example, your subjective belief about the number of
people living in the EU). The trade-off model could in principle also model such cases, although it might need a slightly
different definition of informativeness in order to do so. Dorst
& Mandelkern (2021) currently define the informativeness of
a guess as the proportion of possible outcomes it does not
mention, which can be ambiguous when the space of possible outcomes is continuous.

Conclusion
People can form complex representations of the world, and
they face the challenge of efficiently communicating these
representations to others (Grice, 1975; Sperber & Wilson,
1986; Pinker, 2007; Goodman & Frank, 2016). Cognitive
scientists have found that the mind seems well-equipped to
meet this challenge: people can often convey a surprising
amount of information with very few words. For example,
people can transmit a lot of statistical information about the
properties of a category by using generics, such as ‘robins
lay eggs’ (Tessler & Goodman, 2019). They are also able
to communicate the content of their complex causal models
of the world, by making short statements about what could
have been (Lucas & Kemp, 2015), or highlighting one cause
among the many factors that contributed to an event (Kirfel
et al., 2021; Quillien, 2020). Here, we suggested that people can also also efficiently express their probabilistic beliefs
about the world in the form of simple guesses.

2881

Acknowledgments
We thank three anonymous reviewers, and members of the
Edinburgh Computational Cognitive Science Laboratory, for
helpful feedback. This research was supported by an EPSRC
New Investigator Grant (EP/T033967/1) to C.L.

References
Dorst, K., & Mandelkern, M. (2021). Good guesses. Philosophy and Phenomenological Research. doi: 10.1111/
phpr.12831
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Abstract
Navigation is a fundamental cognitive function of virtually all
moving animals. Several navigation strategies require an estimate of the current travelling direction that is updated continuously. In the central complex of the insect brain, multimodal
cues are fused into a compass-like head direction representation. Based on the proposed connectivity of columnar neurons in the central complex of the desert locust we designed
a computational model to examine how these neurons could
maintain a stable representation of heading direction and how
shifts occur by optic flow signals when the animal turns. Our
proposed model architecture shows that the activity of head
direction-encoding CL1a neurons remains stable if the activity of a second class of columnar neurons, CL2, is exactly the
same. Shifts occur via modulation of the network connectivity.
Our model can be used to deduce testable hypotheses where
data are lacking, inspiring new avenues of experimental investigations.
Keywords: insect brain; central complex; sky compass orientation; optic flow; desert locust

Introduction
Animals display an abundance of navigational strategies allowing them to find their way in complex environments. Irrespective of the time frame and range of navigation behaviors,
most of these strategies require a sense of the current relative
heading direction (Heinze, 2017). Many insects, such as bees
(von Frisch, 1946), ants (Fent, 1986), butterflies (Perez, Taylor, & Jander, 1997), and fruit flies (Weir & Dickinson, 2012),
infer their traveling direction from celestial cues. A robust estimate emerges when celestial cues are combined with possibly redundant signals of other modalities (Honkanen, Adden,
Freitas, & Heinze, 2019). We are interested in the computations involved in the maintenance of the animal’s current
heading direction.
Multimodal sensory inputs are processed in the central
complex (CX), a prominent formation of neuropils that has
emerged as the navigation hub of the insect brain (Green &
Maimon, 2018; Honkanen et al., 2019; Pfeiffer & Homberg,
2014). It is characterized by a modular architecture with
the protocerebral bridge (PB), the upper (CBU) and lower
(CBL) divisions of the central body (CB, also termed ellipsoid and fan-shaped body in some species) being divided into
columns, and the CB and paired noduli (NO) further divided
into layers (Figure 1A; (Homberg, 2008; Pfeiffer & Homberg,
2014)). Columnar neurons interconnect the PB, CB, and the
NO (Homberg, 2008). They arborize in PB and CB columns

in a distinct projection pattern (Heinze & Homberg, 2008;
Müller, Homberg, & Kühn, 1997; Wolff, Iyer, & Rubin,
2015) (see Figure 1B). Tangential neurons provide the CX
with inputs from various brain regions. They innervate most
or all columns of the PB or entire layers of the CB, some have
additional arborizations in the NO (von Hadeln et al., 2020).
Tangential neurons (SpsP in the fly, TB7 in the locust) from
the posterior superior slope innervate one hemisphere of the
PB and likely contact CL1a and CL2 neurons across the PB
depending on turn direction, like SpsP neurons in the fly (von
Hadeln et al., 2020; Green & Maimon, 2018; Lu et al., 2022).
CX neurons in various insect species respond to celestial
cues (Homberg, Heinze, Pfeiffer, Kinoshita, & Jundi, 2011).
In the locust they topographically map the solar azimuth
(Pegel, Pfeiffer, Zittrell, Scholtyssek, & Homberg, 2019) and
polarization pattern of the sky (Zittrell, Pfeiffer, & Homberg,
2020), giving rise to an internal sky compass (Figure 1B). In
many insects, the CX features a representation of the current
relative heading direction, in tune with external signals like
sky compass cues or based solely on self- generated signals in
their absence (Seelig & Jayaraman, 2015; Turner-Evans et al.,
2017). Central place foragers like ants (Ronacher & Wehner,
1995) and bees (Srinivasan, Zhang, & Bidwell, 1997) rely
on celestial cues for a sense of direction and on optic flowbased speed cues to estimate the traveled distance. Rotationinduced optic flow information could also be used for selfmotion dependent direction updates when idiothetic sky signals are unavailable or noisy.
It has been shown that compass cell activity is modulated
by visual motion in the locust (Rosner, Pegel, & Homberg,
2019). However, the neural circuitry performing optic flow
integration in the CX remains largely unknown. Recently,
computational models for angular path integration in the CX
based on data from Drosophila and the sweat bee Megalopta
have been proposed (Stone et al., 2017; Su, Lee, Huang,
Wang, & Lo, 2017; Turner-Evans et al., 2020). We chose a
similar approach to explore the connectivity of a subset of CX
neurons involved in head direction encoding in the desert locust (Schistocerca gregaria) and computational mechanisms
that produce sky compass-like characteristics. In the next
section, we describe a neural firing rate model that respects
known connectivity constraints from the locust and from the
fruit fly (Drosophila) where locust data are missing. We first
describe how the stereotypic projection pattern of columnar
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TB7

TN

Sun

Figure 1: The abstracted connectivity diagram of the locust central complex, based on Heinze and Homberg (2008) and Zittrell
et al. (2020). (A) Schematic of the CX with a subset of the involved neuron types: CL1a and CL2 neurons are connected to
one another in the protocerebral bridge (PB) and lower division of the central body (CBL). CL2 neurons, in addition, have
postsynaptic arborizations in the noduli (NO) where they receive possibly rotation-dependent input from tangential neurons
(TN) from the lateral complexes. Rotation inputs may, likewise, be conveyed in the PB by tangential neurons (TB7) from the
superior posterior slope. CL1a neurons are topographically tuned to solar azimuth along the PB (black arrows). Consequently,
CL1a neurons with dendrites in adjacent columns of the CBL have 180° shifted tuning preference. (B) Full population of CL1a
and CL2 neurons and CL1a activity pattern: With the sun 90° left of the locust (bottom), the CL1a population activity (top) has
a distinct maximum according to their neural tuning (highlighted arrows in PB and CBL).
neurons can maintain stable head direction estimates when
the locust stands still and then explore possible computational
mechanisms that would update this internal representation
during turns using optic flow-based rotation signals, presumably provided by TN and/or TB7 neurons. Finally, we discuss
the ramifications of our work, comparing the locust network
to that of the fly which has inspired previous models, and
indicating where further research is needed to support our assumptions.

The Model
All computations were performed with the python programming language (version 3.8.5) and the pytorch library (version 1.10.0). Plots were created with the matplotlib library (version 3.3.2). The code is available at
http://dx.doi.org/10.17192/fdr/90.

Model Design
Our model entails a subset of the columnar neurons: CL1a
neurons corresponding to E-PG neurons in the fly tracking
head direction in the CX (Seelig & Jayaraman, 2015; Zittrell et al., 2020), and CL2 neurons corresponding to P-EN
neurons responding to turning motion (Green et al., 2017;
Turner-Evans et al., 2017; Zittrell et al., 2020).
We adopted the schemes proposed by Heinze and Homberg
(2008) for the CL1a and CL2 connectivities. We hypothesized that, as shown for E-PG and P-EN neurons in the fly
(Turner-Evans et al., 2017), CL1a neurons provide synaptic inputs to CL2 neurons in the PB, which in turn provide synaptic inputs to CL1a neurons in the CBL. Unlike
Turner-Evans et al. (2017) who proposed a similar model for
Drosophila, we do not assume excitatory connections in both
sites paired with global inhibition, but instead a sign reversal
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Maintenance of a Stable Head Direction Encoding
We first set out to test whether the proposed network could
maintain a stable head direction encoding in the CL1a activity.
Methods In the framework outlined above, maintenance
of the head direction representation or CL1a activity pattern x1:16 translates to an equality of xt1:16 at time point t and
xt+11:16 at the following time point, t + 1:
xt1:16 = xt+11:16 .

Figure 2: The connectivity matrix M derived from the wiring
scheme in Figure 1A (upper left and lower right quadrants)
with added excitatory self- recurrent connections (main diagonal).
within the CL1a-CL2 connectivity, presumably at the synapse
in the CBL where inhibitory inputs could reverse the opposing tuning preference of CL1a neurons in neighboring CBL
columns otherwise resulting from the connectivity (see Figure 1). Based on these assumptions, we constructed a connectivity matrix M. For modeling purposes, we added excitatory
self-recurrent connections to all neurons to enable them to
maintain a baseline activity. Note that the self-recurrent connections are not a faithful representation of the known neuroarchitecture. Other mechanisms of activity maintenance,
e.g., loops across several neurons or change of membrane
properties, are conceivable too, and have been implemented
in previous models. We chose self- recurrent loops for our
model because they comprise the simplest solution, and we
have no data from the locust that require otherwise. We assigned uniform weights to all excitatory and inhibitory connections, 0.5 and -0.5, respectively. We made this choice to
obtain eigenvalues equal to one, see next section for details.
See Figure 2 for a visualization of M.
We employed a discrete time framework where the activity
deviation of all neurons from their baseline at time t is represented by a vector xt with components xt,1:16 and xt,17:32 covering the CL1a and CL2 neurons, respectively. We assume
only small deviations, hence we can use a linear network as
an approximation to non-linear dynamics. The network is recurrent and iterated across time steps such that the activity at
the next time step can be computed from the current activity:
xt+1 = Mxt .

(1)

(2)

According to equation 1, this is given if Mxt = xt . This equality holds for all xt that are eigenvectors u of M where δr = 1,
with δr denoting the real part of the corresponding eigenvalue, and zero imaginary part. We refer to these eigenvectors
as ‘stable’. Therefore, any linear combination of these stable
eigenvectors will be a stable state of the network, too. We
tested whether any of these stable states resembled activity
observed in the locust CX. Based on the 1 × 360° compass topography reported in the locust PB (Pegel et al., 2019; Zittrell
et al., 2020) (see Figure 1), we defined n = 1 . . . 16 different
CL1a activity targets x̂, each with the maximum in a different
column:
n
X̂t+1
= cos(~φCL1a + n~φ)/kcos(~φCL1a + n~φ)kF .
1:16

(3)

where X̂ is a matrix containing all x̂ and kkF denotes the
Frobenius norm. ~φCL1a is the vector of preferred azimuths
of the CL1a neurons, approximated to be evenly distributed
across the PB from left to right in a range [0, 2π], ~φ = (φ . . . φ)
with ~φ = 2π
16 , the angle covered by a PB column (see Figure
1). These activity targets are thus cosine-shaped across the
PB with the maximum and minimum 8 columns apart (see
Fig. 1B). Note that all activities should be understood as firing rate differences to a baseline firing rate. To find the linear
coefficient vectors a which result in CL1a activities equal to
the target CL1a activities (see equation 3), we employed the
L-BFGS algorithm to optimize A, a matrix comprising all a,
with respect to a loss function
L = k(Uλr =1 A)1:16 − X̂t+11:16 k2F + 0.1kAkF ,

(4)

where Uλr =1 is the matrix of stable eigenvectors sorted by
kλkF , the Frobenius norm of the real and imaginary parts
of the corresponding λ. The first term of this loss function
measures the divergence of the CL1a activations from the targets, the second term regularizes the solution: of all A that
represent a given target state, the optimizer picks the one that
minimizes the length of A, thus avoiding solutions where contributions from different eigenvectors cancel each other. Optimization was iterated until convergence to four digits. We
tested whether the maintenance criterion was fulfilled;
[M(Uλr =1 A)]1:16 = (Uλr =1 A)1:16 .

(5)

Results A matrix A of coefficient vectors for the linear combination of stable eigenvectors Uλ=1 was found that reproduced X̂ up to machine precision. The optimization process
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employed here always converged at Uλ=1 A1:16 = Uλ=1 A17:32
(see Figure 3A: Three targets x̂ (solid lines) along with the
matching activities x resulting from the optimization (dots)
are exemplarily shown in different colors). In other words,
with our proposed model and CL1a activity targets, when
the latter are stable head direction estimates, the CL2 activation patterns are exactly the same; xt+1,1:16 = xt,1:16 if
xt,1:16 = xt,17:32 .

Rotation-induced Shifts of Compass Activity
An internal compass representation must adapt to a new heading direction when the animal turns. In the fly, it has been observed that the compass activity bump shifts counter- phasic
to the turn, i.e., such that the activity pattern signals a fixed
allocentric direction (Giraldo et al., 2018; Seelig & Jayaraman, 2015). We therefore investigated how the stable CL1a
activation patterns of our model would be shifted in the opposite direction of the animal’s turn direction by an input representing optic flow information. We hypothesize that such an
input could be mediated by TN and TB7 neurons as they supply the CX with various inputs. Furthermore, in Drosophila,
their counterparts (LNO and SpsP neurons) have been shown
to respond to turning motion (Lu et al., 2022).
Methods We conceptualized such shifts as switches between consecutive time points t and t + 1 from one of the activation patterns to another, with the activity maximum moving
to the nearest neighboring PB column, i.e., the yaw angle is
always ± 2π
16 . We thus searched for a computational mechan
nism that would produce, starting at xtn , xt+1
= xtn−1 for left
n+1
n
turns and xt+1 = xt
for right turns. Note that we expect
xt,1:16 = xt,17:32 at all times t even though an offset between
E-PG and P-EN peak activity has been observed during turns
in flies (Turner-Evans et al., 2017). This is due to the discrete
time framework employed here where the dynamics of transitions between time points are not made explicit. We explored
two different ways of changing the network’s activity x: An
additive feed forward input exciting or inhibiting the CL1a
and CL2 neurons, and a multiplicative input effect modulating the network’s synaptic weights M. To test whether an
additive effect could produce these shifts, we optimized two
vectors yL and yR to minimize
L
L = k[M X̂t + yL ] − X̂t+1
k2F + 0.1kyL kF

(6)

R
k2F + 0.1kyR kF
L = k[M X̂t + yR ] − X̂t+1

(7)

and
for left and right turns of the animal resulting in right and left
L,1
32
shifts of the activity pattern, respectively. Here, X̂t+1
= X̂t+1
L,2:32
R,1:31
R,32
1:31 , and X̂
2:32 and X̂
1
and X̂t+1 = X̂t+1
= X̂t+1
t+1
t+1 = X̂t+1 ; i.e.,
L
R
X̂t+1 and X̂t+1 are the activation pattern targets learned in the
maintenance experiment described above shifted one position
to the right and left, respectively. Note that the superscript
specifies the animal’s turn direction.
To test whether a modulatory input could yield the desired

shifts, we optimized matrices Y L and Y R to minimize
L
k2F + 0.1kY L kF
L = k[MsY L X̂t ] − X̂t+1

(8)

R
k2F + 0.1kY R kF ,
L = k[MsY R X̂t ] − X̂t+1

(9)

and
where Ms denotes M convolved with an RBF Kernel with kernel width of 1 column, in other words a smoothed version of
the connectivity matrix, corresponding to broader arborizations (see Figure 3B). This way, the modulatory input can
manipulate any connection existing in M but also add connections, with their possible strength decreasing with their
distance to existing connections. This approach was chosen
since a modulation of only the connections indicated by the
wiring scheme (see Fig. 1) and present in M could not yield
the desired shift results. The smoothed matrix was inspired
by the E-PN and P-EG connectivity reported in Drosophila
(Hulse et al., 2021). In the locust, arborizations of CL2 neurons in the CBL are confined to single columns, while those
of CL1 neurons usually extend across at least three columns
(Heinze & Homberg, 2008). Optimization was iterated until
convergence to four digits.
Results No vectors yL and yR could be found that would
produce the desired phase shift to the right or left for all xn .
Optimization converged at Xt+1 = Xt (see Figure 3C and C’:
Three initial states xt (dashed lines) and the matching target
states x̂t+1 (solid lines) along with the activities xt+1 resulting
from the optimization (dots) are exemplarily shown in different colors). This demonstrates that purely feed forward input
to the CL1a/CL2 neurons cannot account for the observed
shift behavior. Instead, we found two matrices Y L and Y R
that would move any of the 16 predefined activation patterns
to the right or left (see Figure 3D and D’: As in 3C and C’,
three matching initial, target, and trained activity states are
shown). In both modulated matrices, activity is suppressed
in adjacent columns on one but increased in the ones on the
other side in addition to the existing connections, thereby effecting a shift of the activation pattern (see Figure 3E and E’).

Discussion
As the computational mechanisms underlying the locust sky
compass are largely unknown, we constructed a simplified
model of the columnar neurons of the locust central complex
to explore the circuit on the algorithmic level of analysis, in
the sense of Marr and Poggio (1979).
Constrained by available physiological and anatomical
data, we built a computational model of CX neurons in the
locust capable of maintaining and shifting a stable head direction representation. Where no locust data was available,
our model was inspired by data from the fruit fly, leading
to a resemblance to models for angular velocity integration
in the Drosophila CX compass (Kakaria & De Bivort, 2017;
Turner-Evans et al., 2017; Pisokas, Heinze, & Webb, 2020;
Turner-Evans et al., 2020; Hulse et al., 2021). Key differences
however are the 1 × 360° angular representation in the locust
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Figure 3: Modeling results. (A) When CL1a activities x1:16 (dots) converge with CL1a activity targets x̂1:16 (solid lines), CL1a
and CL2 activity are equal. As shown for three different pairs of x and x̂. (B) The smoothed matrix Ms , which we used to derive
the connectivity matrix for rotational movements. (C) No feed forward input yL could be found that would shift the initial
activity xt (dashed lines) to the target activity x̂t+1 (solid lines). xt+1 = xt + yL (dots) does not differ from xt . Three examples
are shown in different colors. (C”) Likewise, no yR could be found that would shift the activity to the left. (D) A modulatory
input Y L produces the targeted activity shift to the right. (D’) Likewise, modulation by Y R causes a transition to the left. (E)
Y L , the modulated connectivity matrix causing a shift to the right. (E’) Y R , the modulated connectivity matrix causing a shift to
the left.
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PB (Pegel et al., 2019; Zittrell et al., 2020) compared to the
2 × 360° representation of space in the Drosophila PB and,
contrasting the excitatory E-PG/P-EN loops in the fly, the assumed inhibitory synapses from CL2 onto CL1a neurons in
the CBL which need to be supported by future physiological
analyses.
Our model maintains a stable CL1a head direction encoding if the CL1a and CL2 activity are identical. This is in line
with the minimal offsets between the E-PG and P-EN activity bumps observed in fruit flies walking in darkness at angular velocities below 30°/s (Turner-Evans et al., 2017). On
the other hand, equal CL1a and CL2 activities are not in line
with different responses of CL1a and CL2 neurons to polarized light as reported by (Heinze & Homberg, n.d.). This
could be accounted for by adjusting the network weights in
future versions of our model. Future models could also explore how properties of the network depend on context and
available cues.
We investigated two different ways of shifting the CL1a
compass activity, presumably mediated by TN and/or TB7
neurons in the locust. In our model, an additive or feed forward input to the CL1a and CL2 neurons could not reproduce
the shift of activity observed in the CX. The locust model
proposed by Pisokas et al. (2020), in contrast, shifts the compass bump via excitation of P-EN (CL2) neurons in one hemisphere, and inhibition of those in the other, depending on the
turn direction. This is in line with the P-EN responses of
fruit flies walking in darkness reported by Turner-Evans et
al. (2017). Our model, however, would require connections
between CL2 and CL1a neurons in the same column to shift
the compass activity via this mechanism. Comparable connections exist between rotation- and head direction cells in
the model of the rat’s internal compass proposed by Skaggs,
Knierim, Kudrimoti, and McNaughton (1994). Skaggs et al.
further assume that the weights of synapses from visual feature detectors - cells that respond to relative positions of stimuli such as landmarks or the sun - on head direction cells are
modulated by the firing rate of the latter. In our model, too,
a multiplicative or modulatory effect of rotation input on the
CL1a/CL2 connectivity successfully shifts the activity pattern to the left or right. We originally assumed a connectivity
based on single column innervations of each neuron, and this
was sufficient for the maintenance of a compass signal. The
compass shift, however, requires CL1a and CL2 neurons exciting and inhibiting each other in three adjacent columns.
Likewise, it requires connections among neighboring CL1a
neurons and among neighboring CL2 neurons, respectively.
Substantial overlap of ramifications across columns has been
observed for CL1a neurons in the CBL of the locust (Heinze
& Homberg, 2008), but whether connections actually exist
among CL1a and CL2 neurons, respectively, and between
CL2- and CL1a neurons of neighboring columns requires further research. Furthermore, it needs to be examined how the
proposed modulation could act in a turn direction-dependent
manner and how rotation cues of different modalities, such

as optic flow, proprioceptive feedback, or efferent copies are
processed and integrated in the CX.
The linear model and binary concept of movement employed here are abstractions of the neuronal and behavioral
characteristics of the locust. In particular, our model has
time-discrete dynamics; it switches between activity states
and does not make the dynamics driving the transitions explicit. This means that it cannot model a spatiotemporal relationship between the CL1a and CL2 neurons like the lead-lag
relationship between E-PG and P-EN observed by TurnerEvans et al. (2017) in the fly. Furthermore, our model is a
single compartment model, meaning that each neuron is assigned one activity. Thus, a phenomenon like the reversal of
the lead-lag relationship of E-PG and P-EN between the PB
and EB reported by the same authors cannot be exhibited in
our model. We aim to increase the model’s biological plausibility by implementing velocity dependence in future work
but expect the general principles of maintaining and updating
the compass bump to hold independently of the level of analysis. Nevertheless, it will be interesting to consider sources
of non-linearity in neural signal processing and transmission.
The locust model proposed by Pisokas et al. (2020) is noise
tolerant and the authors attribute this to recurrent connections.
We aim to test if the same applies to our model. We further intend to explore if the integration of rotation information from
different sources can increase the robustness of the compass
signaling and how the compass responds to contradictory inputs from different modalities.
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Abstract

global South. Even within these non-WEIRD settings, it is
important to note that research findings may differ by
country, community, culture, and/or religion (Ghai, 2021).

This study aimed to explore cross-sectional associations
between executive function (EF), and community and
household factors (household SES, caregiver education, home
learning environment, caregiver/child interaction, caregiver
wellbeing, and exposure to community violence) in a sample
of children from very low-SES settings in Cape Town, South
Africa. Results revealed that children exposed to higher levels
of violence perform worse on inhibition tasks. No other
associations were significant, highlighting the need to reassess
how researchers can better understand these settings and the
effects on EF development.
Keywords: executive function; preschool; low-socioeconomic
status; violence

Introduction
The preschool period is a vital stage for development in all
domains, including cognition and early learning. Therefore,
studying and understanding how this development occurs and
what influences it essential. Up until recently, most of our
understanding of early cognition came from predominantly
WEIRD (Westernised, Educated, Industrialized, Rich and
Democratic) settings the findings of which are only
generalizable to a very small percentage of the world’s
population (Ghai, 2021; Muthukrishna et al., 2020). This
sparked a movement in the research community and
specifically within Psychology, to include more diverse
populations and settings. Indeed, this is a positive and much
needed movement for research however, researchers are
going to have to do more than merely adapting or building on
WEIRD research. Executive function research for example,
has only recently started mounting in non-WEIRD settings
including low- and middle-income countries (LMICs) in the

Current research from WEIRD contexts has pointed
towards socioeconomic status (SES) as one of the major
factors influencing cognitive development, such that children
from lower SES backgrounds are at a higher risk for poor
cognitive development compared to their higher SES
counterparts. Executive function (EF), a higher order
cognitive skill, has been intrinsically linked to SES and has
even been identified as the mediating factor between SES and
academic readiness (Fitzpatrick et al., 2014; Lawson &
Farah, 2017). This suggests that children from low-income
settings in LMICs such as South Africa are at risk for poor
EF development. However, recent research in low SES
settings in South Africa have shown some surprising results,
and EF skills within these settings appear to be strong relative
to Australian normative data (Howard & Melhuish, 2017).
Even more surprising, South African low SES children
outperformed the highest SES children in an Australian
sample (Howard et al., 2020). A similar trend has been seen
in other cross-cultural studies where non-Western samples
seem to perform better than Western counterparts on
measures of cognition (Lamm et al., 2018; Lan et al., 2011).
Considering the importance of early EF for academic
achievement, and many other important life outcomes
(Moffitt et al., 2011; Welsh et al., 2010), we need to
understand both the risk and protective factors for EF
development, particularly in vulnerable children from lowSES settings. Examples of risk and protective factors for EF
that have been identified in WEIRD literature include home,
family, and community factors. Examples of these include
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caregiver education, number of siblings, parenting style,
access to educational resources, access to early care and
education programmes, and exposure to stressors such as
violence, and household SES (Micalizzi et al., 2019; Rhoades
et al., 2011). Many low-SES children in South Africa cannot
access early childhood care and education programmes and
are therefore considered especially vulnerable and at a higher
risk for poor EF development. Moreover, previous findings
of strong EF skills in South African children despite their
low-SES background needs to be explored further. A first
step is to assess the community and household factors that
have been shown to influence EF development in WEIRD/
high-income country literature. Therefore, this study aims to
explore cross-sectional associations between EF, and
community and household factors (household SES, caregiver
education, home learning environment, caregiver/child
interaction, caregiver wellbeing, and exposure to community
violence) in a sample of children from very low-SES settings
in Cape Town, South Africa.

Methods
Study sites
The current study forms part of a short-term longitudinal
study that aimed to understand the barriers and potential of
early childhood education in low-income South Africa.
Participants were recruited from four low-income
communities within the Cape Town Metropolitan area. Two
of the communities are classified as an urban township and
are made up of mostly informal housing. Overcrowding is an
issue in these communities with population densities of
16,957.67 per km² and 10,120.31 per km². Other challenges
include high rates of unemployment, food insecurity, alcohol
abuse, crime and HIV/AIDS. The other two communities are
part of what is referred to as the ‘Cape Flats’ and is made up
of both formal and informal housing. The population density
varies within the suburbs from which participants were
recruited (between 4255.94 per km2 and 16553.99 per km2).
Gang activity and drug abuse are major challenges in these
communities, in addition to high rates of unemployment,
crime and food insecurity.

Participants
Participants included preschool-aged children who were not
accessing early childhood care and education services. In
year one of the study (2020), children 3-5 years old, along
with their primary adult caregiver (>18 years old) were
recruited. A total sample of 243 children (mean age 4 years,
8 months, range 2 years, 9 months – 5 years, 10 months,
51.9% female), and their caregivers (72% mother; 4.5%
father; 4.9%aunt; 16.9% grandmother; 1.6% other) were
recruited.

Measures
Caregiver questionnaire The caregiver questionnaire
included subsections with demographic details, child

exposure to community violence, caregiver/child interaction,
caregiver wellbeing, home learning environment, household
assets, and household income. The Child Exposure to
Community Violence Checklist (CECV; Martin et al., 2013)
was used to assess the child’s exposure to violence in the past
year. This includes 29 questions about whether a child has
witnessed general violent/criminal acts, experienced family
and non-family violence and feelings/experiences of not
being safe. The questions are answered on the scale including
the options: never; once; twice; three to ten times; more than
ten times; don’t know. This yields a total score of which a
higher number indicates increased exposure to community
violence.
The Parenting and Family Adjustment Scales (PAFAS;
Sanders et al., 2014), a 30-item inventory, was used to assess
caregiver/child interaction and caregiver wellbeing. Each
item is rated on a four-point scale from 0 (not true of me at
all), or 3 (true of me very much), asking the participant about
the past four weeks. This yields a total score, as well as
subscales namely, parental consistency, coercive parenting,
positive encouragement, parent-child relationship, family
adjustment and parental adjustment. For each subscale, items
are summed to provide scores with a higher score indicating
higher levels of dysfunction.
The Home Learning Environment (HLE; (Dawes et al.,
n.d.) survey was used to evaluate factors within the home
environment that influence learning. This includes reading,
playing, singing, talking and engaging in activities with the
child as well as the availability of resources such as books or
toys. Household assets, and household income were assessed
using selected items from the National Income Dynamics
Survey
that
is
used
across
South
Africa
(http://www.nids.uct.ac.za). The caregiver questionnaire was
designed to be administered in approximately 30 minutes.
Executive function EF was assessed using iPad-based
direct assessments from the Early Years Toolbox
(EYT;(Howard & Melhuish, 2017). Measures assessing the
three core components of EF were selected, namely: Go/NoGo (inhibition), Card Sorting (shifting) and Mr Ant (working
memory). The Go/No-Go task consists of ‘go’ (catch a fish
by tapping the screen) and ‘no-go’ trials (avoid the sharks by
resisting tapping the screen), presented 80% and 20% of the
time respectively. Inhibition was indexed by an impulse
control score that represents the product of the Go and NoGo proportional accuracy, thereby representing the strength
of the pre-potent response in relation to their ability to
overcome this response.
The Card Sorting task requires children to sort stimuli
according to a changing sorting rule. The first phase (preswitch phase) requires participants to sort stimuli (i.e., blue
rabbits, red boats) by colour. After six trials, children are
informed that the sorting rule has changed (post-switch
phase) and they must now sort the stimuli according to shape.
The third phase (border phase) is reached if the participant
sorts at least five stimuli correctly during both the pre- and
post-switch phases. In the border phase, stimuli are either
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presented with or without a black border; if there is a black
border, stimuli must be sorted according to colour or, if there
is no black border, stimuli are to be sorted by shape. Shifting
was indexed by the number of correct sorts that occurred after
the pre-switch phase.
The Mr Ant task asks participants to remember the spatial
location of stickers on a cartoon ant. The cartoon ant, called
Mr Ant, is presented with one or more stickers on the screen
for five seconds. This is followed by a blank screen presented
for five seconds, and then an image of Mr Ant without
stickers on which children indicate where the stickers were
by tapping the relevant spatial locations on Mr Ant. Working
memory is indexed by a point score that awards: one point for
each
consecutive
level
in
which
a
child
successfully performs at least two of the three trials
(beginning from level one); and then, from the first level a
child completes only one trial correctly, a third of a point for
each correct trial thereafter.

Table 1: Variables of interest
Household factors
Caregiver education total
Children in household
Total in household
Parenting scales (PAFAS
subscales)
Parental consistency

Procedure

6.25±2.07; 6(5-7)

Positive encouragement

2.63±1.75; 3(1-4)

Parent-child relationship

2.42±2.44; 2(0-5)

Parental adjustment score

5.59±2.79; 6(3-8)

Family relationships

3.4±2.52; 3(2-6)

How many books
Child exposure to
community violence
Household SES

Results were analysed using IMB SPSS Statistics 27.
Shapiro-Wilk tests for normality were conducted and some
variables of interest did deviate significantly from normality.
Therefore, median and interquartile ranges were reported in
addition to mean and standard deviations. Bivariate
correlations were explored using Spearman’s rank-order.
Linear regressions were conducted to determine the family
and household factors accounted for significant variance in
EF.

5.86 ± 2.31; 5 (4-7)

5.5±2.66; 5(4-7)

Books in the house

Statistical analyses

3 ± 1.53; 3 (2-4)

Coercive parenting

Parenting scales total
Home learning
environment
Frequency of home
learning activities
Time to spend with child

All testing was conducted by trained research assistants
fluent in the home language of the participants. The children
participated in the tasks individually at either their home or a
testing site. Study data were collected and managed using
REDCap electronic data capture tools hosted at [Institution]
(Harris et al., 2009, 2019). Caregivers received grocery
vouchers for completing the questionnaire and again after
child testing. Children received stickers and bubbles for their
participation.

10.14 ± 2.14

Household asset score

Monthly household
income bracket
(USD 1 = ZAR 15.29)

25.8±8.15; 25(20-31)

10.16±3.01; 10(8-13)
4.02±1.74; 4(2-6)
Yes = 31.7%
3.44±2.56; 3(2-4)
13.06±10.21; 10(6-19)

7.8±2.9; 8(6-10)
R750 or less: 7.2%
R750-R1500: 31.4%
R1500-R3000: 36.4%
R3000-R6000: 19.9%
R6000-R11000: 4.2%
R27000 or more: 0.4%

Executive function

Ethics approval
The procedures for this study were approved in advance by
the Human Research Ethics Committee (Medical) at the
University of Witwatersrand (reference: M200104). Written
informed consent was provided by all participants
(parent/caregiver consent for children).

Results
Table 1 presents the mean and standard deviation as well as
the median and interquartile range for each variable of
interest.

Inhibition
Shifting

0.59±0.24; 0.65(0.39-0.81)
7.73±2.15; 8(6-9)

Working memory
1.55±0.81; 1.67(1-2)
Note: Caregiver education total was calculated by taking
highest grade achieved and adding one if the answer to
completing tertiary education was yes and 0 if the answer was
no.
For caregiver education, only 25.9% of the caregivers
completed secondary education (Grade 12), with an average
grade achieved being 9.98 ± 2.02. Only 15.6% of the
caregivers completed any tertiary education and of those 31
(83.8%) had received a certificate, five (13.6%) a diploma,
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and one (2.7%) a degree. Caregiver education total was
calculated by taking highest grade achieved and adding one
if the answer to completing tertiary education was yes.
Spearman Rank associations revealed significant
associations between some household and community factors
and inhibition, but no associations were found for shifting
and working memory. For inhibition, significant associations
were found for total time spent with the child, number of
books in the home, and exposure to community violence.
Therefore, these were included as independent variables in a
regression model predicting inhibition while controlling for
child age, gender, and household SES (asset score).
The results from the linear regressions are shown in Table
2. After controlling for child age, sex, and household SES
(model 1), model 2 explained 42% of the variance in
inhibition scores. The child exposure to community violence
score was the only factor that remained significantly
associated with inhibition such that children who were
exposed to more violence (a higher score) performed worse
on the inhibition task.
Table 2: Linear regressions (N=212)
ß

95% CI

P value

Child age

.313

0.77 – 1.86

<0.001*

Child sex

.068

-0.29 – 0.95

0.299

Household assets

.078

-12.83 – -3.63

0.239

Child age

.348

0.09 – 0.20

<0.001*

Child sex

.037

-0.04 – 0.08

0.565

Household assets

.084

-0.04 – 0.02

0.200

-.105

-0.03 – 0.004

0.128

-.126

-0.13 – 0.005

0.071

-.134

-0.006 – 0.00

0.044*

Model 1

Model 2

Time spent with
child
Having books in
the home (1=Yes)
CECV total

Note: CECV = child exposure to community violence. * =
p<0.05

Discussion
This study aimed to explore associations between EF,
community, and household factors in this sample of very lowSES children to identify possible risk and protective factors
for EF development. The results revealed that child exposure
to community violence was the only factor that was
significantly (negatively) associated with inhibition, while

there were no significant associations for shifting or working
memory. This is the first study to show a potential effect of
exposure to violence on inhibition in young children in South
Africa, and these findings builds on previous research in lowSES settings in high-income countries (Cará et al., 2019;
Gudiño, 2013) and extends this finding to preschool-age, lowSES South African children. This is not surprising given that
South Africa is a country with high levels of violence, to the
extent that violence, injuries and trauma are included in the
quadruple burden of disease in South Africa (Stats SA, 2017).
There is also evidence that exposure to violence in South
Africa starts early, with almost half of the preschool-age
children having experienced some form of violence – mostly
physical punishment by parents (Richter et al., 2018) and
another study with children between eight and 13 years of age
from Cape Town reporting witnessing high levels of
community violence (Shields et al., 2008, 2009).
The detrimental effects of exposure to violence on EF are
well known. Evidence has shown both behavioural (paying
more attention to negative cues, difficulty regulating
emotions and behaviour) as well as structural effects on brain
regions associated with emotion processing, attention and EF
(Raver & Blair, 2016). In line with the results from this study,
inhibition in particular appears to be affected by exposure to
violence (Cará et al., 2019; Gudiño, 2013; Zucchelli &
Ugazio, 2019). Considering the risk of inhibition deficits on
academic, behavioural and social-emotional outcomes, this
warrants further investigation in South African settings.
The finding that none of the other household or community
factors that were included were associated with EF may speak
to the complexity of the environment in these settings, and
that the measures used in this study are not fully capturing
this complexity. Or that there are other factors not previously
identified in research from WEIRD settings that play a
significant role in non-WEIRD settings, and are not currently
being captured. Similarly, another study with the same
sample did not find any associations between the home
learning environment and numeracy skills [reference
removed]. It is likely that the broader context and the daily
lives of the children in this study differ vastly from the
context and daily lives of children in WEIRD settings. On
average, the children from the current sample performed
within or above the Australian norms (Howard & Melhuish,
2017) for their age in inhibition and cognitive flexibility. This
is in line with previous work from South Africa (Cook et al.,
2019; Howard et al., 2020) showing that despite a low
socioeconomic status, and in this sample in particular, no
access to early education and care programmes, development
of EF skill is occurring. While the results from this study
suggest a potential negative impact of exposure to violence
on inhibition, there may be other factors in the home and
community environment that are protective or promotive of
EF that were not measured or captured in this study.
Therefore, identifying the potential protective factors in
addition to risk factors for development is necessary but will
require a deeper and more nuanced understanding of nonWEIRD settings. For example, qualitative interviews that
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were conducted with some of the caregivers from the current
study revealed that many of the children, even at this young
age, have autonomy over their day in that they decide how
they will spend their day rather than their activities being
facilitated or closely monitored by a caregiver or teacher
(Draper et al., 2022). It is possible that this unstructured,
child-led time might have more of an influence on EF
development compared to factors measured, such as home
learning activities or books in the home.
South Africa, and even different communities within South
Africa, represents a range of diverse contexts with unique
challenges and strengths. While we may be slowly starting to
explore the effect of violence on development in South
Africa, the influence of other household and community
factors on EF requires further research. It has been well
established that EF is the emergence of skills in using control
in order to meet goals (Doebel, 2020). Therefore, to better
understand EF development and performance in low-SES
South African settings, it is essential to fully explore the
knowledge, beliefs, norms, values, and preferences that are
acquired with development in these settings (Doebel, 2020).
For this reason, researchers from South Africa and other nonWEIRD countries need to return to the proverbial drawing
board, armed with the insights gained from this and previous
research, and explore how to arrive at a richer understanding
of the settings from the perspective of the children and
families in these settings. Future studies could achieve this by
employing qualitative and ethnographic research methods
prior to designing questionnaires and assessment tools.
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Abstract
This visual world eye-tracking pilot study investigates
the comprehension of register variants (Stelzencolloquial vs.
Beinestandard transl:.‘’legs’) in a German target sentence when
this target sentence (mis)matches the formality of a preceding context sentence, given the object argument either matches
or mismatches verb meaning constraints (e.g. Ich rasiere
bald meine Beine/Stelzen/#Autos/#Karren, transt.: ‘I shave my
legsstandard /legscoll /#carsstandard /#carscoll ’). The aim of this
study is to examine whether register congruence rapidly interacts with verb-argument semantic relations. LME results
(n=9) show a main effect of verb-argument congruence but no
main effect of formality-register congruence at the region between the verb onset and object-argument onset, indicating that
verb-argument relations are computed and used rapidly in online language comprehension. These pilot results suggest that
situation formality may indeed modulate verb-argument congruency processing, possibly indicating that standard language
processing mechanisms interact closely with register representations.
Keywords: eye-tracking; register; anticipatory processing;
visual-world; language comprehension;

Introduction
In sentence processing research, psycholinguists have given
considerable attention to understanding the mechanisms of
language comprehension and the types of information that
comprehenders use during the early stages of parsing (Fodor
& Frazier, 1978; Marslen-Wilson, 1973). Early models of
auditory word recognition disagree on the role played by the
context and how it influences the processing of upcoming
words.
While some structural accounts believe that language processing occurs in two stages, with word recognition occurring
in a strictly bottom-up fashion and only later context information being integrated (Fodor & Frazier, 1978), interactive
accounts (e.g., constraint-based theories) emphasize that syntactic processing has similar properties to lexical processing
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and operates by activating all available information sources
during word processing (MacDonald, Pearlmutter, & Seidenberg, 1994; Marslen-Wilson, 1973). This suggests a rapid
feedback from higher-order structures and world knowledge
on initial syntactic and semantic processes.
More recent accounts of sentence processing agree that
during sentence comprehension, the parser incrementally
combines lexical, morphosyntactic, semantic and contextual
information to build a representation of the incoming signal
(but see de Almeida, Nardo, Antal, & von Grünau, 2019). As
studies on native language processing have shown, the parser
does not just passively integrate information into the preceding structure as it is encountered (Fodor & Frazier, 1978) but
also actively generates expectations on the basis of preceding
information (Altmann & Kamide, 1999; Kamide, Scheepers,
& Altmann, 2003; DeLong, Urbach, & Kutas, 2005).
Evidence for pre-activation of syntactic information, semantic plausibility and referential context has been found to
rapidly constrain the parsers’ online interpretation of the incoming input (Altmann & Kamide, 1999; Chambers, Tanenhaus, & Magnuson, 2004; Tanenhaus, Spivey-Knowlton,
Eberhard, & Sedivy, 1995). However, consider the following situation: You are attending a graduation ceremony and
you wish to compliment the cocktail dress of the Headmaster’s spouse by saying: “You are wearing some fabulous rags,
Mrs. Parker". There would be considerable confusion on
Mrs. Parker’s side as to how exactly parse this: Is this a crude
joke? An insult? Or simply a failed attempt at a compliment?
Mrs. Parker might be startled by the word choice, but probably less so if it was uttered in a more casual situation, say, at
a bar on a Friday evening after work. This scenario highlights how rich contexts, including situation-formality, can
impact lexical selection and support how people build expectations on the basis of their previous experiences (Kuperberg
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& Jaeger, 2016). Yet, the aforementioned accounts do not include explicit representations on the socially-interpreted context and much uncertainty still exists about how linguistic
and non-linguistic information interact in real time (Huettig,
Rommers, & Meyer, 2011).
The extent to which socially-interpreted information impacts language comprehension is somewhat unclear; however, recent empirical research has found that some factors
influencing expectations include the comprehender’s literacy levels (Mishra, Pandey, & Huettig, 2012), assumptions
and stereotypical knowledge about the speaker (Van Berkum,
2008), hearing conflicting statements that are inconsistent
with the comprehender’s own moral values (Van Berkum,
Holleman, Nieuwland, Otten, & Murre, 2009), world knowledge (Hagoort, Hald, Bastiaansen, & Petersson, 2004) and
speaker’s emotional facial expressions (Carminati & Knoeferle, 2013). Thus, the comprehender’s characteristics and
experience, as well as their socially grounded interpretation
of the context, have an impact on real-time language comprehension (Münster & Knoeferle, 2018)
While these studies capture speaker and comprehender
characteristics in language processing, they generally accommodate language comprehension “on average" (i.e., standard language). On the other hand, variation on comprehender’s real-time language comprehension as a function of
situational-functional constraints such as formality has received less attention.
In contrast to the above standard-language context effects (revealed via temporally-sensitive measures like eyetracking), the effects of (socio-)linguistic variability have
been examined using mostly offline measures. We know that
language users alter their spoken and written production in
systematic ways depending on the situation of use (register)
and speakers normally have no problem recognizing that they
need to communicate in accordance with what is happening
and with whom they are interacting (recall Mrs. Parker’s confusion after hearing an unexpected word uttered at a formal
event). Research on this subject has been mostly restricted
to understanding the full scope of register analysis (classification vs multidimensional approaches of register variation,
see Biber & Conrad, 2009) and the mediating factors affecting register competence, such as social class (Kroch, 1978;
Labov, 2009), gender (Labov, 2009) and literacy (Ravid &
Tolchinsky, 2002). To our knowledge, however, no previous
study has examined the close temporal coordination between
language comprehension and the processing of the sociallyinterpreted context.

The current study
Our research seeks to expand the current literature on socialcontext effects in language comprehension, as our goal is
to examine how language comprehension unfolds in real
time when differences in register are conveyed by situationformality. In particular, we want to test to what extent and
how quickly language users process words that mismatch in
register with a context sentence that either sets up a formal or
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informal situation. Moreover, we test if such effects resemble
those of semantic incongruence. This comparison will help
us understand whether the processing mechanisms implicated
in understanding register variants differ from verb-argument
mismatch effects. Our results would help us assess whether
or not we can assume a single conceptual store and closelylinked mental representation that encompasses register information, or whether verb-argument relations and register representations are stored in distinct lexical assemblies and processed differently. In particular, we investigate whether (1)
formality conveyed by a linguistic context can rapidly affect
the visual interrogation of objects and associated comprehension processes; (2) we see rapid effects of the congruence
of verb meaning with its argument; and whether (3) registersituation formality congruence interacts with verb-argument
semantic relations.

Method
Participants: Nine young adults participated in the pilot
experiment (age range: 18-31). Participants were monolingual native speakers of German with normal or corrected vision and hearing. Power analysis on the pilot data will be run
to determine the number of participants and items for highpowered studies needed in the main experiment (min. power:
d=0.8) (Brysbaert & Stevens, 2018).
Stimuli and design: Using the visual-world eye-tracking
paradigm (see Huettig et al., 2011 for an extensive review on
the visual-world paradigm), we examine the comprehension
of lexical variants (Stelzen, colloquial German for ‘legs’ vs.
Beine, transl.: stand. ‘legs’) in a (mis)matching context. Table 1 presents each condition blocked by situation-formality.
The stimuli were pseudorandomized and divided into eight
lists. Each list contained 34 experimental items interspersed
with 64 filler items, with at least one filler between two critical items, for a total of 98 items per list1 . Lists were blocked
by formality; half of the items were introduced by a context sentence conveying a formal situation, and the other half
by a context sentence conveying an informal situation (balanced across lists). The level of formality (formal vs. informal) served as a counterbalancing factor as it ensured that
the low- and high-register target sentences appeared in both
register matching and mismatching conditions, depending on
the formality (informal vs. formal) of the context sentence.
Prior to the eye-tracking pilot experiment, the appropriateness of the visual and linguistic material was pretested (e.g.,
status of words and sentences as standard/formal versus colloquial/informal) via eight online pretests (n=324) on the context, target sentences, target words and picture photographs.
Items that were persistently problematic (less likely to be
1 Note: For the main experiment, we removed two additional critical items, bringing the total number to 32. This was done in order
to ensure that each condition was distributed evenly throughout the
eight lists.

Table 1: Experimental conditions. Transl.: Wealthily situated Paula announces/ Massively well-off Paula rambles: I’ll shave
my legsstandard /legscolloquial /#carsstandard /#carscolloquial soon.
Condition
Context sentence
Target sentence
Block 1
Formal situation
1a
Full match
Vermögend situiert avisiert Paula: Ich rasiere baldverb+adv meine Beineobjectnoun
1b Verb-argument mismatch Vermögend situiert avisiert Paula: *Ich rasiere baldverb+adv meine Autosobjectnoun
2a
Register mismatch
Vermögend situiert avisiert Paula: Ich rasiere baldverb+adv meine Stelzenobjectnoun
2b
Double mismatch
Vermögend situiert avisiert Paula: *Ich rasiere baldverb+adv meine Karrenobjectnoun
Block 2
Informal situation
1a
Full match
Massig betucht schwafelt Paula: Ich rasiere baldverb+adv meine Stelzenobjectnoun
1b Verb-argument mismatch Massig betucht schwafelt Paula: *Ich rasiere baldverb+adv meine Karrenobjectnoun
2a
Register mismatch
Massig betucht schwafelt Paula: Ich rasiere baldverb+adv meine Beineobjectnoun
2b
Double mismatch
Massig betucht schwafelt Paula: *Ich rasiere baldverb+adv meine Autosobjectnoun

linked with a formal or informal register) were eventually removed from the pilot experiment.

Each participant completed three practice trials, followed
by the main experiment. The experiment was divided into
three blocks (a formal block, an informal block and an additional filler block with formality-neutral sentences). To
dampen order effects, the presentation order of each block
was counterbalanced across lists. If the trial was a filler, a
comprehension question with a yes/no response relating to
the preceding sentence was shown 75% of the time. This was
necessary to check whether or not participants were paying
attention to the sentences. Once the answer was computed, a
new trial started. The eye-tracking experiment took approximately 30 minutes.

Analysis

Figure 1: Example of a visual display. Each scene depicted
4 objects, two of which were high register pictures, and the
other two low register pictures.
Procedure: Participants’ eye movements were monitored
with an Eyelink-Portable Duo eye-tracker with a sampling at
500Hz which was set up for monocular tracking of the right
eye. Stimulus presentation was programmed using the Experiment Builder software with a 9-point sequence calibration
procedure which aims for visual acuity below 0.5 degrees.
Calibration and validation were performed before the practice session as well as before the main experiment and before
each block. The auditory stimuli were presented through two
loudspeakers, one on either side of the display screen. The
visual scenes were presented on a monitor at a resolution of
1920 x 1080px.
Each trial began with a drift check, which allowed for automatic drift corrections. Participants then saw a visual display
(Figure 1) followed by a delayed presentation of the context
sentence for approximately 1500 ms from the onset of the visual display. Each trial started with a context sentence (e.g.,
Vermögend situiert avisiert Paula:) followed by a target sentence (e.g., Ich rasiere bald meine Beine / Stelzen / Autos /
Karren). The objects remained on the screen until 2000ms
after the sentence offset.
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To capture early situation-formality effects, we run an exploratory analysis at the context sentence (context-region),
before the target sentence was introduced (see Table 1 for
reference). This region started from the adverb offset (e.g.,
formal: vermögend situiert, informal: massig betucht) until
the NP1 offset (e.g., Paula).
Our main analysis was time locked to the target sentence
and further split into two regions. The first region (verbregion) started from the verb onset until the determiner offset. (e.g., from bindeverb , to meinedet. ) The verb region is the
first time window for which the entity (or entities) that could
fill the thematic role associated with the theme of the verb
can be anticipated. The second region (object-noun region)
was from the onset/offset of the object noun (e.g., Beinestand ,
‘legs’ / Stelzencoll ‘legs’ / Autosstand ‘cars’ / Karrencoll ‘cars’).
Linear mixed-effects models were fitted to each predefined region.
For the context region, we computed the mean log-ratio indicating a fixation bias towards high over low register objects using the formula
log((high.register+.5)/(low.register+.5)). A positive log-ratio value indexes the bias of fixating the high register over the low register pictures, and a negative value indicates that there were more fixations to the low register
rather than the high register pictures. A value of zero indicates that there was no fixation bias for either. At the
verb region, we computed the empirical-logit transformed
fixation proportions to the verb-argument (mis)matching and
formality-register (mis)matching objects based on the expec-

tations given by the context sentence and the verb constraints.
In addition, mean log-ratios to the verb-argument matching objects over the mismatching objects were computed in
this region. At the object-noun region, we calculated the
empirical-logic transformed fixation proportions to the object noun referent for each condition. To test register competition effects, we additionally computed a log-ratio of fixation proportions to the target vs. competitor register on each
condition (full match: Beinestand. vs Stelzencoll. ; Register mismatch: Stelzencoll. vs Beinestand. ; Verb-argument mismatch:
Autosstand. vs Karrencoll. ; Double mismatch: Karrencoll. vs
Autosstand. ).
For each model at the verb and object noun region, we
initially created a model that tested formality-register congruence (matching/mismatching) and verb-argument congruence (matching/mismatching) as fixed factors, as well as an
interaction of formality-register and verb-argument congruence, including by-participant and by-item random intercepts
and by-participant and by-item random slopes for formalityregister and verb-argument congruence. When this model did
not converge, we simplified the model by removing the variable(s) that accounted for the least variance.
Significance values were obtained using the R package
lmerTest following Luke (2017) and were reported by convention of |t| > 2 (p < 0.05). The fixations on critical objects were coded for each 50 ms bin relative to the adverb
offset (context-region), verb onset (verb-region) and object
noun onset (object-region). Deviation coding (-0.5 vs. 0.5)
was used to enable direct comparison between the two levels of each fixed effect. For the analysis, each time window
was shifted forward by 200 ms, to account for initial saccadic
planning and execution (Saslow, 1967).

modulates visual attention to the objects and associated comprehension, we expect more looks to the object referent in
the formality-register matching (Full match; Verb-Argument
(VA) mismatch) than mismatching conditions (see Table 1).
If fixations to the object referent are modulated by verbargument congruence (main effect of verb-argument congruence) independent of formality-register congruence, we
should likewise see more looks to the object referent in
the verb-argument matching than mismatching conditions
(Full match; Register mismatch). Moreover, if formalityregister and verb-argument congruence interact during the
object noun region, how verb-argument congruence is processed may depend on formality-register congruence. The
latter might indicate that standard language processing mechanisms are in close interaction with register representations,
supporting the interpretation of a single conceptual store and
set of mechanisms.

Results
Context sentence region: Figure 2 shows fixation proportions to the high (formal) vs low (informal) register objects
split by context-formality. Analysis of the log-ratios did not
show a significant effect of formality (β=.36, SE=.28, t=1.28),
suggesting that the fixation bias towards the high and low register objects was similar in the formal and informal context
sentence (see Figure 2).

Hypotheses
If participants are sensitive to register information at the context region, we would expect them to look at the formalityregister matching objects in the standard variation, namely,
(Beine) and (Autos), rather than the formality-register mismatching objects (Stelzen) and (Karren). On the contrary, we
would not expect any preferential looks toward any object if
formality or register do not affect linguistic processing.
At the verb region, we examined participant’s visual anticipation to each object when it (mis)matched the verb meaning constraints (e.g., Ich rasiere bald meine Beine, lit.trans. I
soon shave my legs versus Ich verschrotte bald meine Beine,
lit.trans. I soon scrap my legs). If participants are sensitive
to formality-register and verb-argument congruence we expect more looks to the formality-register and verb-argument
matching object (Beine) when it matches the formality and
verb-meaning constraints than when it mismatches either or
both. If they are sensitive to verb-argument congruence irrespective of formality-register congruence, we predict greater
fixations to the referent of Beine (’legs’) in the verb-argument
congruent condition irrespective of whether it matches or
mismatches the formality of the context sentence.
At the object noun, if formality-register congruence rapidly
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Figure 2: Context region. Fixation proportions to the objects
that are stereotypically associated with a formal register (red
line) vs informal register (blue line) across two-levels of formality. Note. Adv Off = Adverb offset; Verb Off = Verb
offset; NP1 Off = NP1 offset; shaded areas = 95% CI.
Verb region: Figure 3 shows the mean fixation proportion to the verb-argument and register matching object (target) across different formality-register and verb-argument
(mis)matching conditions. Log ratio analysis revealed a significant fixation bias towards the verb-argument matching
over mismatching objects (β=.74, SE=.18, t=4.07). The full
model with verb-argument and formality-register congruence
as fixed and random effects did not yield a main effect of

verb-argument congruence. To explore why the two analyses
showed inconsistent effects, we removed formality-register
congruence from the by-subject random slope, resulting in a
main effect of verb-argument congruence that mirrored the
log-ratio analysis result. Thus, formality-register congruence
in the verb region appears to capture much of the variance,
which presumably covers the main effect of verb-argument
congruence when included in the model as a by-participant
random slope. Moreover, verb-argument congruence interacted with formality-register congruence, with larger fixation proportions to the target object (β=-.28, SE=.04, t=-6.70)
when it matched the semantic constraints of the verb and mismatched the formality of the context sentence.

lit.trans: carscoll. ). Regarding register competition effects, the
mean log-ratio analysis did not show a significant effect of
register (β=.03, SE=.12, t=0.08), suggesting that participants
were not more likely to look at the picture referent for the
mentioned object over the register competitor.

Figure 4: Object region. Mean fixation proportions (empirical logit) to the object referent as a function of verb-argument
(V-A) and formality-register congruence. Participants looked
more at the object noun referent in the V-A matching and
formality-register mismatching condition than in the verbargument and formality-register mismatching condition.
Figure 3: Verb region. Fixation proportions to the formalityregister and verb-argument matching object (target) across
each formality-register and verb (mis)matching condition.
Participants looked more at the target object when it matched
the verb-meaning constrains (green and red lines) than when
it did not (purple and blue lines). Note. VP On = Verb onset;
Adv On= Adverb onset; Det Off = Determiner offset; shaded
areas = 95% CI.
Object noun region: Figure 4 plots the mean fixation probabilities for the object referent in each experimental condition. In the object noun region, the model testing the effect of
formality-register congruence and verb-argument congruence
did not show a significant main effect for either (formalityregister congruence: β=-.34, SE=.24, t=.16; verb-argument
congruence: β=.26, SE=.24, t=.29).
As observed in Figure 4, analysis on this region revealed
an interaction between verb-argument and formality-register
congruence (β=-.08, SE=.03, t=-2.71). This effect was observed when the object referent appeared in a verb-argument
matching and formality-register mismatching condition compared to when the object referent appeared in a verb-argument
and formality-register mismatching condition, indicating that
participants fixated more on the object referent when it
matched the verb meaning constrains but mismatched in the
formality of the context sentence (e.g., Stelzencoll. lit.trans:
legscoll. ), than when it mismatched both (e.g., Karrencoll.
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Discussion
In this pilot study, we investigated whether (1) formality conveyed by a linguistic context can rapidly affect the visual inspection of objects and associated comprehension processes;
(2) we see rapid effects of semantic congruence between the
verb and object argument and if (3) register-situation formality congruence interacts with verb-argument semantic relations.
Although we have only tested a small sample (so far), our
results on the effects of register-situation formality during the
processing of the context sentence may provide a first indication that richer contexts such as situation-formality are
difficult to access in real-time for prediction. However, our
findings are compatible findings on the visual world eyetracking paradigm, which show higher fixation proportions
to the referent that satisfies the semantic constraints of the
verbs (Altmann & Kamide, 1999). Upon hearing the verb,
more fixations seem to be directed to the referents that were
semantically congruous with verb meaning independent of
formality-register congruence, possibly indicating that semantic associations are a stronger predictive cue than registercongruence information. This effect, however, was only observed in the log-ratio analysis and in the full model after
removing formality-register congruence as a random slope.
More participants are needed to examine whether the lack
of significant effects with formality-register congruence as
a random slope could be due to the pilot being underpow-

ered. Moreover, at the object-noun region, there were more
fixation proportions to the object referents appearing in the
verb-argument matching than mismatching conditions.
Lastly, our analysis also revealed an interaction of register situation-formality and verb-argument congruency in the
verb-region and object region. Given that our findings hold up
in the full study with 32 participants, these findings taken together imply that situation-formality might indeed modulate
the processing of verb-argument congruence, possibly indicating that standard language processing mechanisms are in
close interaction with register representations. When comparing fixation proportions to the object referent at the objectnoun region, our results show that fixation proportions to the
object referent are higher for verb-argument matching conditions and greater when the object mismatched in formalityregister. This numeric trend goes against our predicted direction (i.e., higher fixation proportion to objects when they
matched the formality of the context sentence). While the
social context did not reliably affect looks in the predicted direction, these findings are taken to suggest that semanticallyrelated representations affected the probability of fixating on
the target object. Presumably, our results shed light on how
comprehenders build expectations based on their knowledge
of the wider discourse, their own lexical biases as well as their
knowledge about the world to predict upcoming words in an
unfolding utterance.
Investigating the real-time effect of register-situation formality could help us refine current accounts of language processing to better understand how we integrate social-context
effects into the unfolding interpretation of a sentence. That
said, the main experiment with a larger sample size is underway and follow-up studies using EEG will explore whether
there may be costs associated to encountering unexpected information (N400 effect, see Van Berkum, 2008 for a related
study) at the object noun region, when this information mismatches the verb-argument and register-situation formality
related expectations.
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Abstract
Children’s production of mental state verbs can reveal
evidence of their theory of mind and general cognitive
development. Children produce a certain class of mental state
verbs, namely desire verbs such as want, wish, and hope, early
in development. Among these desire verbs, they produce want
the most frequently. We report on a corpus study of 450+
instances of want as gathered from children’s dialogues with
caretakers in the CHILDES database. We developed a novel
coding scheme to measure children’s use and understanding of
want utterances: i.e., we sought to track the contents of their
desires and the agents children predicated desires about. We
report on the frequencies of these features across the ages of 24, and highlight noteworthy trends in the way children learn to
use want. Children appear to talk about their own desires most
often; they primarily use questions to talk about second person
desires; and they desire more complex objects as they mature.
We describe how these patterns of linguistic competency may
serve as an index of a developing theory of mind.
Keywords: desire, child language, CHILDES, corpus study,
theory of mind

Introduction
Children begin talking about their desires early in speech
production: they use desire verbs, e.g., want, like, and love,
before belief verbs, e.g., know, think, and forget. Researchers
often compare desire and belief verbs with one another,
because they are two of the basic kinds of propositional
attitude verbs, which are the verbs that are used to express
dispositions towards statements describing what’s true and
false, and what’s real, necessary, and possible. The mastery
of propositional attitude verbs – also known simply as
attitude verbs or mental state verbs – can indicate a maturing
theory of mind (Astington, 1993; Astington & Baird, 2005;
Baron-Cohen, 1995; Baron-Cohen et al., 2000; Carruthers &
Smith, 1996; Flavell & Miller, 1998; Gopnik & Meltzoff,
1997; Leslie, 1994; Perner, 1991; Wellman, 1990). Of the
various desire verbs, children use want the most often, and
they start to produce it around age 2 (Ferres, 2003). In
contrast, belief verbs don’t emerge in their vocabulary until
around 3.5 years of age (Bartsch & Wellman, 1995; Hughes
& Dunn, 1999; Jenkins et al., 2003; Lee & Rescorla, 2002;
Moore et al., 1994; Ruffman et al., 2002; Shatz et al., 1983;
Tardif & Wellman, 2000). Likewise, children seem to
understand want in an adult-like way around age 3, but lack
a similar mastery of think until age 4 (Hacquard & Lidz,
2018; Perner et al., 2013).
Not only do children use and understand desire verbs
before belief verbs, but they also – up to age 3 – use desire
verbs more frequently than all other mental state verbs

(Bartsch & Wellman, 1995; Ferres, 2003; Moore et al., 1994).
The reason for this bias is unknown, but perhaps it is
utilitarian: children desire things like food and comfort, yet
they are unable to provide for themselves, and so they may
discover that speaking about what they want is more effective
than crying, gesturing, or other forms of nonverbal
communication. In contrast, talking about their beliefs may
not yield any obvious advantage in achieving immediate
goals.
This paper thus focuses on how children learn to use want,
as the verb can offer a window into the way children learn to
consider hypothetical possibilities. Children develop
proficiency of the full meaning of want and other expressions
of desire as they use them, and mature usage of want
expresses desire but not intention (Malle & Knobe, 2001; for
a theory that distinguishes the two, see Harner & Khemlani,
2021, 2022). Yet children generally do not distinguish desire
from intention until around age 5 (Perugini & Bagozzi, 2004).
Despite the importance of desire verbs and their early
emergence, there are few empirical analyses on what young
children desire and how their usage of desire language
develops. Ferres (2003) studied querer ‘want’ in a corpus of
Spanish-speaking children, following a coding scheme
developed by Bartsch and Wellman (1995). In particular, the
analysis focused on genuine references to desire, i.e., usage
of the verb that unequivocally indicated some psychological
state of wanting that was experienced by the speaker or
somebody else. More than half of the children’s utterances of
querer were marked as expressing genuine desires (61%),
with the remainder being coded as non-genuine. For instance,
some utterances were coded as requests for an object or
action: “want that doll”, for instance, constituted 9% of
usage. Bartsch and Wellman (1995) argue that such
utterances do not express a genuine desire, but rather a
request “to hand that doll to me”. Utterances such as no
quiero ‘(I) don’t want to/it’ were marked as idiomatic,
accounting for 7% of the querer utterances. Other utterances
were direct repetitions of adult’s querer utterances (11%) and
were likewise coded as non-genuine. Ferres thus concluded
that children appear to use the verb to express a genuine
desire as early as 23 months. And by 23 months, the children
used querer with subjects other than themselves,
demonstrating that 2-year-olds recognize that other people
have desires.
Pascual and colleagues (2008) likewise studied querer,
along with a range of other mental state verbs, in a
longitudinal corpus they generated by recording 25 Spanish
children in their homes from ages 3-5. About half of the
utterances that contained mental state verbs used desire verbs,
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specifically querer: querer accounted for 50% of all
utterances containing mental state verbs, and for 99% of all
utterances that contained desire verbs. They coded all
instances of querer for whether it was genuine or idiomatic
(in line with Bartsch & Wellman, 1995; Ferres, 2003);
whether the subject of the utterance was the child or another
person; the complexity of syntax, e.g., whether querer was
complemented by something like a relative subordinate
clause or a complement clause; and the linguistic diversity of
querer utterances, e.g., the count of unique words in querer
utterances. Their notable findings concern the subject of
querer: similar to previous work, Pascual and colleagues
found that children expressed their own desires at a stable rate
from ages 3 to 5, while their expression of others’ desires
increased from ages 3 to 5. But contrary to previous work, the
children in their dataset expressed other people’s desires
more often than they did their own. Unsurprisingly, children
learned to use more complex structures for querer over time,
e.g., around 3.5 years, they began to complement querer with
a clause rather than just a nominal. In contrast, the children
learned more complex syntactic structures for belief verbs
around ages 4 to 4.5 years. Together, these trends underscore
previous claims that children’s understanding of desire
develops earlier than their understanding of belief.
The literature on want and querer raises several questions,
both theoretical and methodological. The primary theoretical
question concerns the constructs tracked in previous
analyses. Ferrer (2003) and Pascual et al. (2008) examined
whether children talk about their own desires or others’, and
the complexity of their want utterances, as proxies for the
development of a mature understanding of desire, but these
metrics leave open gaps in the development of the semantics
of desire. That is because the coding scheme developed by
Bartsch and Wellman (2005) does not provide any guidance
on how to consider the objects of desire utterances. As a
result, research using their scheme does not reveal what
children desire most often. Their desires may be physical,
such as for food or toys, or they may be events and actions,
whether realistic (e.g., “I want to go to the beach”), imagined
(e.g., “I want to see Santa’s home”), social (e.g., “I want to
be friends with Stacey”), or remembered (e.g., “I want to
watch more Paw Patrol”). Indeed, children may desire events
that they engage in, or else they may desire things for other
people to do. Likewise, while the aforementioned coding
scheme helped researchers evaluate the “matrix subject” of
want, i.e., who is doing the wanting in want utterances, it does
not identify the complement subject of want. The two may
not be identical: in the sentence, “Max wants Jean to record
him”, the matrix subject is Max, and the complement subject
is Jean. Tracking complement subjects can help assess how
often children direct their desires onto actions they can
perform versus those that another person must perform. This
sophistication may be acquired incrementally, such that the
usage of complement subjects increases steadily over early
development, or it may come online at a discrete stage.
The semantics of desire may mature alongside its syntax.
For instance, children may have difficulty producing

utterances in which want is negated. Negation is a complex
syntactic and semantic construct (see, e.g., Horn, 2001;
Khemlani et al., 2012), which can pose difficulties even in
adult comprehension (Wason, 1965). Children’s
comprehension of negation continues to develop after age 3
(e.g., Cameron-Faulkner et al., 2007; Klima & Bellugi,
1966). The role of negation in desire predicates can be subtle:
for instance, if it’s true that Ayesha doesn’t want a cookie,
then it may be because she wants some cake instead, or it may
be because she doesn’t like cookies, or it may because she is
so full that she doesn’t want anything more. These
complexities suggest that children might incrementally
acquire their understanding of negation and begin to produce
it in tandem with desire predicates at an early age. At early
stages, the usage of negated desire predicates may be
idiomatic, as in no quiero ‘(I) don’t want to/it’, i.e., an
immutable set of words with a simple, fixed, rapidly
interpreted meaning. Alternatively, they may avoid
producing negation and desire predicates until later in
development, once the concept has matured.
Likewise, previous work has not examined when want
occurs in interrogative expressions. The usage of desire verbs
in questions may serve as a marker for when children are
capable of encoding other people’s desires, and when they
recognize that they do not have direct access to those desires.
When a child asks, e.g., “Do you want to play with me?” it
may be because the child recognizes that their caretaker’s
desires may conflict with their own. Here, too, it may be that
children begin to produce desire questions at a young age,
and increase in their productions as they mature, indicating
evidence of the incremental acquisition of the semantics of
desire. Or, they may avoid interrogatives until their ability to
encode other agents’ desires has matured.
In this paper, we report on an analysis of instances of
children’s want utterances to address whether they
incrementally acquire the semantics and syntax of desire, or
whether their understanding of the verb want matures in
discrete steps. We conducted a corpus analysis of childproduced utterances of want in the CHILDES database, and
we developed a novel coding scheme to explore the flexibility
and the semantic properties of their usage. We describe how
we gathered the data, the methodology we used to code want
utterances, and discoveries on how usage of want develops
over time. For instance, we find that children shift from
saying want + [nominal] to want + [clause]. We show how
the results provide evidence for the incremental acquisition
of the semantics, but not certain syntactic properties, of
desire; that is, we show which precursor notions of the
meaning of want grow more sophisticated over early years of
language production. We conclude by discussing what the
discovered patterns suggest about children’s theory of mind
and mastery of linguistic features, and the directions these
patterns provide for experimental work.

Corpus analysis
Conventional corpus analyses – of want utterances as well
as of other sorts of utterances – often use coding schemes that
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focus on the features of a singular utterance devoid of its
conversational context. To analyze want utterances properly,
however, it was necessary to conduct an analysis, not on
single utterances, but on lines of dialogue in a conversational
context. Hence, we extracted instances of want utterances
from the CHILDES database (MacWhinney, 2000), a
growing collection of over 230 corpora of conversations with
children in a number of languages, environments, situations,
and with a variety of interlocutors. To obtain a diverse set of
transcripts of want, we sampled 625 utterances in CHILDES
containing an instance of want or wanna (another token for
want; see Boas, 2004) as produced by English-speaking
children using the R package childesr (Braginsky et al.,
2020, version 0.1.2,), via its function get_tokens(). By
default, the function samples a single utterance, and so we
adapted it to collect the surrounding context, i.e., the 7 lines
before and after a child-produced want utterance. We used
these dialogues to code for specific properties of the utterance
that the child expressed. Consider the following example
output produced by the modified childesr function:
-7
-6
-5
-4
-3
-2
-1
00
+1
+2
+3
+4
+5
+6
+7

SI1
CHI
SI1
SI1
CHI
SI1
SI1
CHI
SI1
CHI
SI1
SI1
CHI
CHI
SI1

ready
yyy go up
no William ya don't go up the slide
William
what
we don't go up the slide we go down the slide
okay
wanna jump
good job
wanna jump
ya jump off the slide good jump
ready
wanna jump
yyy wanna jump
ready

context size helped us to code along many dimensions of
want utterances. It was not a perfect solution, however: we
deemed 123 of the 625 gathered instances of child-produced
wants uninformative because they either consisted simply of
the word want, seemed interrupted, e.g., “I want you hey”, or
else contained unintelligible speech, e.g., “I want some yyy”.
We coded the remaining 502 instances along the rubric
described below. Analysis scripts and data are available
through the Open Science Framework: https://osf.io/mkpt5/.

Coding methodology and rubric
Each informative instance of want was coded based on the
child’s year of age, which gave us 19 uses of want produced
by children less than 2 years old; 239 uses by 2-year-olds;
120 uses by 3-year-olds; 95 uses by 4-year-olds; and 29 uses
by 5+ year-olds. We thus dropped data from children outside
the ages of 2-4, leaving us with 454 instances of childproduced want.
We developed a novel coding rubric to have a clear way to
analyze what children speak of when they use want, namely
along the following three semantic categories: the subject of
want (matrix subject); the subject of want’s complement
(complement subject); and the semantics of the child’s desire,
e.g., whether the child desired an object or an action to be
performed. In addition to these semantic analyses, we coded
for structural, syntactic properties of each utterance, i.e., for
whether the utterance was grammatical or not; for whether
the child asked a question; and for whether want was negated,
though we omit their detailed analyses for brevity. We review
the three semantic coding categories below.

The numbers mark each conversational turn relative to the
coded utterance (highlighted in bold). The labels SI1 and
CHI refer to speakers in the conversation: SI1 is a label given
by the original researchers who recorded the conversation;
this paper’s authors do not know their identity; CHI is used in
every transcript across CHILDES to identify the child of
study whose age and other features were recorded by the
original researchers. Unintelligible speech is marked by
“xxx” or “yyy”, as in lines -6 and +6.
There are two main reasons to extract conversational
contexts from the database. First, (at the time the transcripts
were culled), the level of transcription in the R-accessible
version of CHILDES is coarse-grained: it lacks markers such
as punctuation or pauses in conversation, both of which can
disambiguate utterances. For instance, a question mark or
period in line 00 of the given example could easily
disambiguate the clause type of the child’s utterance. Or,
pauses in an utterance, such as, “I want [pause] open the
door” can mark that a child rephrased a desire as a simple,
grammatical command; absence of a pause renders the
utterance unambiguously ungrammatical. Second, the nature
of child speech necessitates a large context size: many
conversational turns in child conversation are single words,
repetitions, nonsense syllables, or off-topic. Thus a generous
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1. The matrix subject. Utterances describing desires can
concern the desires of the speaker (as in, e.g., “I want to go
home”), or else desires of another individual (e.g., “Jack wants to
go home.”) We tracked the individuals whose desires children
talk about, namely whether the child was talking about: a) the
child (“I”, i.e., first person singular); b) the child and at least one
other person (“we”, i.e., first person plural); c) another person in
the conversation (second person); d) a real person outside the
conversation (third person); e) a fictitious character, such as when
the child voices a toy in play; or f) unclear, when there was more
than one possible interpretation of who the subject was, or the
utterance was too underspecified to discern.

2. The subject of the embedded clause. Want can be
complemented with a clause (as in, e.g., “I want you to take Jack
home”) so we marked each utterance for the subject of the
complement. Most labels were identical to those we used for the
matrix subject: a) child, i.e., first person singular; b) we, i.e., first
person plural; c) second person; d) third person; e) fictitious
character; and f) unclear. We introduced two additional labels,
namely: g) object, given when children talk about wanting
something to be done to some object, e.g., “I want that dust bin
away”. We coded the balance of the utterances as having no
embedded clause; these cases included utterances in which want
was complemented with a noun, as in “want a pretzel”.

3. The semantic type of the complement. To understand
what kinds of things children desire, we marked each complement
either as a) an action, e.g., “I want to hear me singing”; b) a
state/location, e.g., “yeah but maybe I don't want it in my purse

anymore”; c) an object, when want was complemented by a
nominal, i.e., it had no complement subject, e.g., “want a pretzel”;
d) a person, used when the complement was a person’s name, e.g.,
“I want Diane”; or e) unclear.

Interannotator reliability analysis
We assessed the reliability of the novel coding scheme
described above. The first author of this paper reviewed the
automatically collected data and eliminated 123 entries that
were unsuitable for coding, for reasons such as overly sparse
want utterances or contexts. This annotator and another (the
second author of this paper) independently marked the first
100 suitable entries for all six coding categories. We
calculated Cohen’s kappa between the two sets of codes as a
measure of inter-annotator reliability, and found high interannotator agreement scores for all coding categories, except
for grammaticality. This low score was the result of an earlier
unclear definition, so the annotators refined the definition of
the category and independently recoded the set of 100
instances of want for grammaticality. Table 1 provides interannotator agreement scores for the semantic coding
categories. Both annotators then adjudicated each instance of
disagreement for all coding categories. The first annotator
coded the rest of the utterances.
Coding category
Matrix subject
Complement subject
Complement type

Cohen’s kappa
.76
.93
.71

Table 1. Inter-annotator reliability scores, as measured by Cohen’s
kappa, for the semantic coding categories.

Results and discussion
We report patterns in children’s usage of want based on
each coding category. For each code, we tested systematic
increases in the production of, e.g., grammatical sentences,
from age 2 to 3 to 4. A monotonic (increasing or decreasing)
trend in the production of one of the coded categories (such
as matrix subject) across these ages serves as evidence for
incremental acquisition along that particular category,
because it suggests gradual and age-indexed refinements to
the coded category. Alternatively, a non-significant trend is
consistent with at least three possibilities: the first is that the
category is fixed at the ages analyzed such that the category
does not develop during ages 2-4. The second is that the
category shifts over time, but in an unpredictable way (e.g.,
such as if children produce 20% grammatical utterances at
age 2, 100% grammatical utterances at age 3, then 50%
grammatical utterances at age 4); the third is that the category
reveals a qualitative and permanent shift (e.g., 20%, then
20%, then 100% grammatical from ages 2, 3, and 4,
respectively). The latter two scenarios may occur in the
absence of incremental acquisition, i.e., when a particular
concept isn’t refined gradually, but rather exhibits a discrete
jump in development, such as during the linguistic explosion
that occurs around age 4. We analyze the frequencies of
coded semantic patterns by subjecting them to Wilcoxon

nonparametric tests (following recommendations by Lijffijt
et al., 2016). And we report on developmental trends by
subjecting the coded data to a series of Jonckheere-Terpstra
trend tests for independent samples (see, e.g., Hollander &
Wolfe, 1973). We used permutation analyses (B = 100,000
permutations) to estimate the p-values reported below.
Matrix subject. Table 2 shows the proportion of different
matrix subjects used in children’s want utterances. Across the
studied ages, children mostly talked about their own desires,
i.e., their matrix subjects were in the first person singular.
From ages 2-4, these self-referencing desires constituted 85%
of their utterances, and far exceeded the next most commonly
produced matrix subject, i.e., second-person desires, which
occurred in 8% of utterances (Wilcoxon test, z = 16.9, p <
.001). The utterances revealed no reliable trend over time
(Jonckheere-Terpstra trend test, p = .61), i.e., children
described self-referencing desires at a stable rate over time.
The result coheres with Bartsch & Wellman’s (1995) and
Ferres’ (2003) findings that children predominantly produce
self-referencing desires, but it conflicts with Pascual and
colleagues’ (2008) results. This discrepancy may result from
the topics discussed or the conversational needs specific to
Pascual and colleagues’ transcriptions.
As we note above, the second most common matrix subject
produced by children expressed second person desires. We
tested a post-hoc hypothesis that second person matrix
subjects occurred most often in the context of a question. As
hypothesized, for all children aged 2–4 , the use of
interrogatives was primarily limited to when the second
person, i.e. you, was the matrix subject of want, and so the
two codes correlated significantly (Spearman rank
correlation, ρ = .91). Together, the findings suggest a primary
usage of want, i.e., to describe a desire experienced by the
child, as well as a secondary usage of want, i.e., to ask
whether a listener wants something. When children do report
on the listener’s desire, the utterance seems idiomatic and
confirmatory (as in, e.g., “you got chocolate tea but it is
whatever you want”) or else in the form of a conditional (e.g.,
“if you wanna go to the art you have to pick a yellow ticket”);
reports of what a person wanted tended to be limited to the
other subject types. The results suggest further work on
whether children genuinely understand how to talk about a
second person’s desires: it is unclear when children become
competent in using the phrase “you want” in declaratives.
Complement subject. Children produced complements with
no subjects, i.e., non-clausal, nominal complements, in 44%
of the utterances analyzed, and they produced clausal
complements whose subjects were the child 41% of the time;
these two most frequent patterns did not differ reliably from
one another (Wilcoxon test, z = .71, p = .51), and they were
both produced reliably more often than the third-most
common complement subject type, i.e., second person
complement subjects (7% of utterances; Wilcoxon tests, zs >
10.33, ps < .001). Table 2 shows the percentage of all
responses, and Figure 1 shows the percentages of the two
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Subject

Example utterance

% of utterances

“I want cup”
“do you want medicine”
“her wanna rock the baby”
“Superman want some oxygen”
“wanna go outside”
“we don’t want the monsters”

85.0%
08.4%
03.1%
02.6%
00.7%
00.2%

“I want hankies”
“I want play with that”
“Mommy you want ta try”
“she doesn't wanna”
“I want it to be on a piece of paper”
“wanna go outside”
“rabbit want to hold it”
“I want come on let's make a square”

44.1%
41.0%
07.3%
04.2%
01.3%
01.1%
00.9%
00.2%

Matrix subject
child
second person
third person
fictitious character
unclear
we
Complement subject
none
child
second person
third person
object
unclear
fictitious character
we

Table 2. Percentages of children’s want utterances as a function of the matrix subjects (top rows) and complement subjects (bottom rows).

primary responses as a function of age: children’s utterances
yielded reliably more self-referencing complements as they
developed (Jonckheere-Terpstra trend test, p = .003) and they
produced reliably fewer non-clausal complements as they
developed (Jonckheere-Terpstra trend test, p < .001); and
hence, the two patterns are negatively correlated (Spearman
rank correlation, ρ = -.74). Together, these patterns show that
as children grew older, they used the want + [nominal]
construction less and instead expressed desires saying want
+ [clause]. These trends likely reflect online refinement in
children’s understanding of the semantics of want: a
primitive notion of want is to express a desire for an object,
perhaps an object that can be perceived but is out of reach (as
in, e.g., “want bottle”). A more complex notion of desire is to
desire some outcome that includes other agents and abstract
relations. The data from childrens’ production of complement
subjects may reveal how the cognitive system incrementally
acquires the semantics of want.
One way to assess how children’s complement subjects
shift over time is to test whether their complement subjects
are the same as their matrix subjects. In general, children
match complement subjects to matrix subjects reliably more
often as they age (Jonckheere-Terpstra trend test, p <
.001);but the effect is largely driven by the inclusion of nonChild as complement subject
e.g., "I want play with that"

clausal complements. When non-clausal complements are
excluded from the trend analysis, the trend is no longer
reliable (Jonckheere-Terpstra trend test, p = .74). In essence,
children seem to match their complement subjects with their
matrix subjects most of the time. What develops is their
decreasing tendency to produce utterances of the form want
+ [nominal]. As we show below, this same pattern has
complementary ramifications on trends in the production of
complement types.
Complement type. Table 3 provides an analysis of the
different complement types in the utterances that children
produced. The most frequent sort of complement in want
utterances concerned actions, i.e., wanting to do something,
wanting to have something, and so on. Children produced
such utterances more often than the next most common desire
they expressed, i.e., a desire for an object (52% vs. 38%;
Wilcoxon test, z = 3.3, p = .001). And they produced both
complement types more often (Wilcoxon tests, zs > 9.75, ps
< .001) than relational desires that predicated some state or
location, which occurred only 7% of the time.
As children matured, they complemented want less with a
nominal, i.e., an object complement type (JonckheereTerpstra trend test, p < .001), and more with a clause, i.e., an
Action complement type
e.g., "I wanna put the guy in jail"

Nominal complement; no subject
e.g., "I want hankies"

100%

100%

50%

50%

Object complement type
e.g., "they want this food"

0%

0%
age 2

age 3

age 4

age 2

age 3

age 2

age 4

Figure 1. Percentages of children’s want utterances where the
embedded subject is either the child or the complement is nominal,
i.e., non-clausal, and lacks a subject.

age 3

age 4

age 2

age 3

age 4

Figure 2. Percentages of children’s want utterances where the
semantic type of the complement is either an action or an object, i.e.,
is a non-clausal, nominal complement.
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Complement type
action
object
state or location
unclear
person

Example utterance
“I wanna get my Easter bunny”
“I want a car”
“I want it to be on a piece of paper”
“no I don't want”
“I want my mummy”

% of utterances
52.0%
38.0%
07.0%
01.5%
01.3%

Table 3. Percentages of utterances in children’s want utterances as a function of the complement subject produced.

action complement type (Jonckheere-Terpstra trend test, p <
.001; see Figure 2). The result reinforces the pattern described
in the previous section, i.e., with the complement subject.
Similarly, an analysis of complement type with the matrix
subject shows that 2-year-olds expressed self-referencing
desires for actions and objects, but as they grew older, they
decreased in self-referencing desires for objects, i.e., want +
[nominal] (Jonckheere-Terpstra trend test, p < .001) but
increased in self-referencing desires for actions, i.e., want +
[action] (Jonckheere-Terpstra trend test, p < .001), which
reinforces the pattern illustrated in Figure 1.
Syntactic coding categories. We also evaluated children’s
use of want for the syntactic features of grammaticality and
whether want appeared in negated contexts. For brevity we
summarize only the important results: while children’s
utterances did not grow more grammatical with age, they
described negated desires more as they developed, and the
pattern resulted in a marginal trend. Given the known
difficulties with representing and reasoning about negation
(cf. Cameron-Faulkner et al., 2007; Khemlani et al., 2012;
Horn, 2001), we suspect that experimental work could further
evaluate how negation complicates children’s ability to
reason and speak about desires.
In sum, the corpus analysis we performed showed systematic
development from ages 2-4 in the semantic production of
want.

General discussion
No prior analysis of desire language in the developing child
(e.g., Bartsch & Wellman, 1995; Ferres, 2003; Pascual et al.,
2008) has examined what children desire or children’s
understanding of the desires of others. So we developed a
new coding scheme to examine how the production of want
matures. The coding scheme depends not just on coding
individual utterances, but by looking at utterances in their
conversational context, and so it is designed to investigate a
wider range of questions about children’s expressions of
desire and their maturing cognitive abilities in general. We
applied the scheme to 450+ instances of want – the most
common and earliest emerging desire verb – produced by
children in the CHILDES database aged 2-4. The analysis
revealed two primary patterns of development in the way
children refine their semantics of desire.
An early conception of want concerns the objects that
children desire, as in want + [nominal]. It may be that these

expressions are tantamount to commands, i.e., equivalent to
give me + [nominal]. But as children develop, they learn to
generalize their usage of want to predicate over, not just
objects, but actions, as in, “I want play with this” (sic) or “I
want do painting” (sic). The examples are revealing, because
they too can be construed as commands equivalent to:
Give me this (so I can play with it).
Give me what I need (to paint).
But they show subtle refinement in the semantics of want,
such that the desire verb can be complemented by other verbs
(e.g., play, do) and not just objects or object referents (e.g.,
paintbrush, this). Children likewise learn that they can use
want to describe desires about relations or states to manifest,
e.g., “want it louder” and “want ta zipper open” (sic). This
pattern manifests in the complement subject and semantic
type of the complement to want, and represents one primary
discovery of this research.
If early desires are equivalent to commands, then more
sophisticated desires may come about from conversations
with caretakers. That is, caretakers may use want to ask
questions about a child’s desires, and children may learn this
usage for the purposes of asking about others’ desires.
Indeed, as our analysis shows, the usage of second person
desires (e.g., you want) correlates almost perfectly (ρ = .91)
with the production of an interrogative across ages 2-4. This
may be because you want is idiomatic early in development,
i.e., it is used for highly specific purposes of inquiring about
some alternative action that is about to take place, rather than
actual consideration of an interlocutor’s desires. Our analysis
did not reveal that children ask more want questions as they
age; instead, their newfound faculties in describing desires as
relating to actions and relations may help them refine their
queries, just as it helps them refine their declarative
utterances. For instance, one older child asked a parent: “hey
you want to play a game Mom?” This question is not a
command; rather, it reveals interest in a caretaker’s desires.
The example helps illustrate the secondary discovery of our
analysis, namely that children use want to speak about their
own desires most often (contra Pascual et al., 2008), and their
language about the second person’s desires is mostly in the
form of questions.
Indeed, the trend analyses we report show that the shift
from simple to more complex want complements and the shift
from describing personal desires to the desires of others
produces systematic monotonic increases, i.e., increases from
ages 2 to 3 and from ages 3 to 4. These gradual shifts support
the notion that children incrementally acquire their
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understanding of want, i.e., they learn to produce the verb in
a wider range of semantic and syntactic contexts.
The usage of want may index, or interact with, children’s
developing theory of mind, and future work may benefit by
investigating what children are able to understand about other
people’s desires, such as whether young children can
comprehend talk about a second person’s desires in
declarative sentences. It is possible that children’s use and
competency with reports on the second person’s desires are
acquired after they learn to ask questions about those desires.
Overall, these findings add clarity to children’s cognitive
development in reasoning about desires. At age 2, they
primarily desire objects, but as they grow older, they express
desires for these objects less and more for actions they will
perform; they are more inquisitive about what others want;
and they envision a wider range of desirable possibilities for
themselves and others.
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Abstract
Various types of world knowledge have been shown to be
rapidly available during language processing, from wellknown historical events to the colour of our local trains. Prior
knowledge about well-known fictional or real-world referents,
such as specific semantic knowledge of known cartoon or
real-world referents, has also been shown to available during comprehension with gradient inter-individual effects correlated with fictional-world expertise. In an eye-tracking-duringreading experiment, we examined how rapidly two types of
photo-sentence relations impact sentence comprehension. A
first relation was between a photo of a cultural figure and a year
in the ensuing sentence (the cultural figure in the photo was
either alive in that year or not). This was contrasted with relations between the same photo and achievements or facts about
the cultural figure (e.g., a film they had vs. had not starred in).
Longer reading times were observed at the regions containing mismatching year or fact information (e.g., Emma Watson
starred in the Wizard of Oz in 1939), with more robust effects
when data were filtered to include only trials in which participants had accurate prior knowledge about the cultural figure,
their accomplishments, and their lifetime. Effects of fact congruence were also found near sentence-end at the presentation
of the cultural figure’s name, but only when trials with missing relevant long-term knowledge were included in analyses,
suggesting that this effect was driven by trials in which participants did not recognise the cultural figure. These findings indicate that long-term knowledge activated by a picture is rapidly
available during the processing of information such as whether
they appeared in a certain film and whether they were alive in
a given year, and that the former, but not the latter, are available when prior knowledge about the cultural figure was more
variable.
Keywords: world knowledge, eye-tracking, reading, comprehension

Introduction
Investigations into the role of high-level world knowledge
in language processing have established that violations of
long-term knowledge elicit processing costs. In their seminal study, Hagoort, Hald, Bastiaansen, & Petersson (2004)
presented neurophysiological evidence of the influence of
specific knowledge of the world on language processing, in
which violations of world knowledge elicited an N400 effect which was similar in latency and distribution to semantic
violations, but with a reduced amplitude (e.g., Dutch trains
are yellow/white/sour; Dutch trains are in fact yellow). Since
this study, similar findings have been found for other types of
lexico-semantic world knowledge violations of well-known
historical events (Nieuwland & Martin, 2012; Rapp, 2008),
traits of familiar cartoon characters (Filik, 2008; Filik &

Leuthold, 2013), even knowledge specific to the Wizarding
World of Harry Potter (Troyer & Kutas, 2018).
These studies have demonstrated that high-level world
knowledge can influence the processing of lexico-semantic
input when world knowledge is activated through linguistic
contexts. Meanwhile, faces of familiar individuals can activate long-term semantic knowledge about the individual,
whether they be real-world cultural figures (Abdel Rahman,
Sommer, & Schweinberger, 2002; Suess, Rabovsky, & Abdel Rahman, 2013) or well-known cartoon characters (Abdel Rahman, Sommer, & Olada, 2004). Characteristics of
unknown speakers have also been shown to be taken into
consideration during comprehension. For example, in Van
Berkum, Van Den Brink, Tesink, Kos, & Hagoort (2008) an
N400 effect was elicited when participants heard statements
that violated stereotypes of the speaker based on their voice
(e.g., an adult male vs. female voice: If only I looked like
Britney Spears in her latest video). Meanwhile, inferences
about speaker nativeness, based on physical features of unknown faces and accompanying native or non-native accented
speech, can additionally influence on-line processing of linguistic input, as well as well-formedness judgements (Xu,
Abdel Rahman, & Sommer, 2019). The rapid effects elicited
by physical referent or speaker attributes indicate that what
we believe to be true about an individual is rapidly available during language comprehension. This seems to be the
case whether these beliefs are based on long-term information of a known individual, or stereotypes based on demographic assumptions, like gender. Though a variety of types
and sources of long-term knowledge have been investigated,
such investigations have thus far focused on lexico-semantic
violations activated by linguistic contexts establishing expectations based on real-world knowledge. Less is known about
how long-term knowledge influences the processing of morphosyntactic relations, and how this long-term knowledge
may be activated by non-linguistic contexts, such as pictures
of cultural figures.
In an eye-tracking during reading experiment we examined whether high-level information about well-known cultural figures, such as politicians and actors, is activated via a
picture and available during subsequent language processing.
Namely, we explored to what extent knowledge of a cultural
figure’s lifetime influences the processing of a given year, and
whether high-level knowledge of their professional accom-
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plishments is activated by a picture and available during sentence processing. We explored to what extent these two types
of information, temporal (‘year’) and factual (‘fact’), are activated by a photograph of a given person and subsequently
available during processing. Sentences presented information
that either matched or mismatched the lifetime of the cultural
figure via a year, and matched or mismatched their professional accomplishments, such as appearing in a certain film.
One might assume that a speaker’s face could be a strong
cue to factual information associated with that speaker (e.g.,
what films an actress has starred in and whether she has won
awards or not). Further, given the subtlety of tense effects observed in eye-tracking experiments (e.g., Knoeferle, Crocker,
Scheepers, & Pickering, 2005, Exp 1; Altmann & Kamide,
2007, 2009), it may be that associations between seeing a
speaker and facts about that speaker would be more influential
in comprehension than associations that implicate time and
perhaps lifetime status, following previous findings of referential processing preferences in clipart scenes (Knoeferle
& Crocker, 2007). Alternatively, factual knowledge (e.g.,
the books an author wrote, the films an actor starred in) is
more probabilistic in its association with language than the
arguably more binary life status information associated with
a speaker’s face. When seeing Emma Watson, one may start
to think of multiple associations, among them Harry Potter,
and wands, but also of “The Beauty and the Beast”, and “The
Perks of Being a Wallflower”. Given the many facts an individual may know about a certain cultural figure, each specific
fact may be less readily accessible and thus less influential
during processing. For life status, by contrast, the associated
information is likely binary (alive or not in a given year). If
the uniqueness of a cue matters, then accessing information
based on a face cue should be easier for binary cues like dead
versus alive than facts that are part of a larger category of
information (e.g., all the films someone has starred in). Evidence of rapid effects of prior long-term knowledge from previous studies (e.g., Hagoort et al., 2004) suggest that, in the
presence of long-term knowledge about the cultural figures,
violations of such prior knowledge should elicit processing
costs. The present study therefore extends the previous findings of rapid effects for violations of high-level world knowledge (e.g., Hagoort et al., 2004) to violations of prior knowledge about a given well-known figure (activated by their picture) and temporal lifetime and factual accomplishment information.

Experiment
We investigated the influence of high-level long-term knowledge about well-known individuals in an an eye-tracking during reading study, and directly contrasted the influence of
temporal knowledge of the cultural figure (when they were
born or died) and biographical knowledge (e.g., whether they
were elected the Prime Minister of the United Kingdom or the
President of Russia). Pictures of cultural figures were presented to participants (photographs for modern cultural fig-

ures, paintings or drawings for more historical cultural figures), followed by a first-person quotation describing an accomplishment of this person and the year that it occured. We
manipulated whether or not the accomplishment (hereafter
“fact”) was true for the given cultural figure, and whether or
not the year was true or fell beyond the bounds of the cultural
figure’s lifetime (before a living cultural figure was born, or
after a dead cultural figure had died). The study thereby has
implications for the study of how and which types of highlevel information stored in long-term memory influences language comprehension.

Methods and Design
Participants The number of participants (n = 64) was based
on power analysis (powerSim and powerCurve functions in
simr package) from pilot data (n = 8) filtered to include
only trials which received correct world-knowledge prompt
responses (i.e., ‘filtered’ trials, see below). Participants were
right-handed 18-31 year olds, native German speakers who
grew up monolingual until at least the age of 6, with no reading or learning impairments (e.g., dyslexia). They were paid
22 Euro for their time.
Stimuli Experimental items (n = 40) contained two twolevel factors: year congruence (match, mismatch) and fact
congruence (match, mismatch). Each item consisted of 4
cultural figures of the same occupation, two dead and two
living. Each cultural figure contributed four stimuli, one for
each experimental condition (see Table 1 for example stimuli for a single cultural figure). Both the fact and year were
manipulated to either be true, or false. False years additionally did not fall within the lifetime of the cultural figure by
either being before a living cultural figure was born, or after
a dead cultural figure had died. The mismatching years and
facts were rotated throughout the other cultural figures from
the same item, where the mismatching year came from a cultural figure with a different life status (living vs. dead), and
the mismatching fact region came from a cultural figure with
the same life status. The year and fact region manipulations
result in four conditions: full match (no mismatches), year
mismatch (year mismatches the life of the cultural figure, and
also the year of the ‘fact’ region), fact mismatch (the fact is
not related to the cultural figure, but matches the year), and
double mismatch (the year and fact each mismatch the cultural figure, and there is a mismatch between the year and
fact). Each item contributed two stimuli of the same condition to each experimental list, resulting in 80 critical trials per
participant. Filler items (n = 120) consisted of pictures of
cultural figures and sentences describing them in a mixture of
first-person quotations, and sentences in the third person.

Procedure
The participant rested their chin in a desk-mounted head
mount, and placed their index fingers on the ‘Yes’ and ‘No’
buttons on a Cedrus box, and their left thumb on a green button. The placement of the ‘Yes’ and ‘No’ buttons (left/right)
was counterbalanced. Eye movements were monitored using
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Table 1: Example stimuli for a given cultural figure. Each item (n = 40) contains 4 cultural figures of the same occupation,
two living and two dead. Mismatching years were swapped between dead and living referents, and mismaching facts swapped
between two cultural figures of the same lifetime so that fact mismatches matched referent lifetime (top: region name, middle:
German sentence, bottom: English gloss and translation)
year
year+1
year+2
fact
fact+1
fact+2
name
final
Harry Potter /
2001 /
1939
Im Jahr
habe ich in dem Film *A Beautiful Mind gespielt, behauptete Emma Watson in einem Interview
Harry Potter /
1939 /
in the year *2001
have I
in the film
*A Beautiful Mind
starred,
said
Emma Watson
in an interview
’In the year 2001/*1939, I starred in the film Harry Potter/*A Beautiful Mind, said Emma Watson in an interview.’
pre-year

an EyeLink 1000 (SR Research). Button presses and reaction
times were also recorded.
Trials began with a drift check in the center of the screen.
The participant was then presented with a picture of a cultural
figure, and indicated whether they were familiar with the cultural figure by pressing ‘yes’ or ‘no’ on the Cedrus box. A
fixation box appeared where aligned with the first word of
the upcoming sentence. The experimenter manually accepted
the fixation. Participants were then presented with a sentence
that, in critical trials, contained a fictious direct quote attributed to the cultural figure previously pictured. Fillers contained a mixture of sentences in the third and first person. Participants pressed the ‘green’ button when they had fully read
and understood the sentence. They were then presented with
an attention task, which contained a sentence which repeated
information from the preceding sentence correctly or incorrectly. These comprehension statements contained either a
year-mismatch, fact-mismatch, or both double-mismatch, or
no mismatch. Participants were instructed to answer based on
what they had just read, not based on what they believed to
be true in the real world.
Following experimental trials, participants continued to a
post-experimental task in which they indicated again whether
they are familiar with the cultural figures from the critical
items (presented the same picture: yes/no), whether the cultural figure is currently dead or alive (yes/no), whether they
were alive or not in the year from the critical sentence (presented the year: yes/no), whether they are known for the
‘fact’ from the critical sentence (presented the fact: yes/no),
and whether their name is who they believed the picture to
be (presented the name: yes/no). The responses to the picture, the year, and the fact were used to exclude the correspond in-experiment trial for those that received incorrect/unrecognised responses.

their death (for dead cultual figures) or before their birth (for
living cultural figures)). This effect should emerge in early
measures (i.e., first pass reading time).

Hypotheses

Eye-tracking measures Three eye-tracking reading measures
were analysed: first-pass reading time (sum of fixations
within a region before exiting the region), regression path
duration (sum first-pass reading time plus duration of revisits to earlier regions, before exiting to the right), and total reading time (sum of all fixations in a region). First-pass
reading time and regression path duration are often referred to
as ‘early’ measures, with longer reading times in these measures taken to reflect disruptions in early processing. Total
reading time is considered a ‘late’ measure reflecting late pro-

Hypotheses pertain to effects of year congruence, fact congruence, their interaction, and the effect of long-term knowledge presence.
Year congruence effects If tense is rapidly related to
knowledge about lifetime status (conveyed by the speaker
photo prior to the sentence), then we should observe longer
first pass reading time at the year region (see Table 1) when
it mismatches the lifetime of the cultural figure (i.e., it is after

Fact congruence effects If factual (world) knowledge
about a speaker is immediately exploited, then we should observe fact mismatch effects at the fact region (Table 1: Harry
Potter/A Beautiful Mind) and in early measures (e.g., first
pass reading time). Reading times should be longer for fact
mismatches than matches.
Comparing fact and year congruence effects If a referential processing priority (Knoeferle & Crocker, 2007) during language comprehension extends to facts, then factual
(in)congruence (e.g., between a speaker photo and facts about
that speaker) should be more sizeable than year congruence effects (larger difference reflecting more extensive difficulty/processing).
Alternatively, if the variability in possible ‘facts’ affects the
immediacy at which a mismatch is detected compared to the
binary nature of being alive or dead in a given year, then we
should see stronger effects of year congruence compared to
fact congruence.
Effect of prior knowledge If the presence of prior knowledge of a cultural figure and their lifetime and professional
milestones (i.e., “facts”) influences the processing of sentences about them, then the effects described above should be
present in the trials which received correct world-knowledge
prompt responses (and potentially not in the unfiltered data,
depending on how many additional trials are included which
may wash out the effect). Alternatively, if the effects also
emerge in the unfiltered data, then we would expect the effects to be stronger in the filtered data.

Data analysis
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Figure 1: Raw reading times (milliseconds; with 95% confidence intervals) for the ’year’ and ’fact’ regions for first-pass reading
time (top row), regression-path duration (middle row), and total reading times (bottom row) for all trials (left column) and trials
with correct world-knowledge responses (right column).
cessing, although it may also include cumulative processing
(Vasishth, von der Malsburg, & Engelmann, 2013).
Data cleaning Fixations shorter than 80ms and fixations
longer than 800ms were removed prior to analyses. Participants whose average comprehension question response was
below 75% were removed prior to analysis (n = 0). Following a BoxCox test (Box & Cox, 1964) MASS package), reading
times were log transformed.
Models Reading times were fitted to linear mixed effects
models with the factors year congruence and fact congruence and their interaction as fixed effects. Sum coding was used, with the level match coded as -0.5 and mismatch as +0.5. Model selection was carried out prior to inspection of fixed-effect estimates, and began with the maximal random effect structure justified by the design: byitem and -participant random intercepts with the fixed effects and their interaction as random slopes. Random effects
principal component analyses were run (lme4::rePCA())
and variance-covariance matrices examined in order to determine whether/how to reduce the random effects structure
(lme4::VarCorr()) until the model converged was not overfit [as indicated by rePCA(); Bates, Kliegl, Vasishth, &
Baayen (2015)]. Only once the most parsimonious (and final)
model was selected were the fixed-effect estimates inspected
(summary() function).
A priori analyses were planned to be run on all three reading measures (first-pass reading time, regression path du-

ration, total reading time) at four regions: year, fact, fact+1,
and name (see Table 1). The fact+1 region was included
as this region contains a clause end and so maybe contain
wrap-up effects. The name region was included as this is
region may trigger additional world-knowledge information,
both in trials in which the participant recognised the picture
and in trials when they did not (e.g., more participants might
know the name Humphrey Bogart than would recognise his
picture). Planned analyses were run on all trials (hereafter
‘unfiltered’ data), and on data filtered to exclude trials that
received any response indicated absent or incorrect long-term
knowledge (i.e., ‘no’ trial-initial recognition response, incorrect post-experimental speaker-year and/or -fact congruence
response; hereafter ‘filtered’ data).

Results
All reported p-values were generated in R using
lmerTest::lmer() and have been Bonferroni corrected to
reduce Type I error (p-values multiplied by 12: 3 measures x
4 regions) (von der Malsburg & Angele, 2017).
Response measures No participants scored below the attention check threshold (75% accuracy in post-trial comprehension statement response), and so no participants were excluded from analyses. Critical trials that received an incorrect comprehension task response (5%) were removed prior to
analyses. Of the remaining trials, 57% received a ‘no’ recognition response, 23% received an incorrect response to the
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Figure 2: Raw reading times (milliseconds; with 95% confidence intervals) ’fact+1’ and ’same’ regions for first-pass reading
time (top row), regression-path duration (middle row), and total reading times (bottom row) for all trials (left column) and trials
with correct world-knowledge responses (right column).
post-experimental speaker-year prompt, and 36% received an
incorrect speaker-fact response. Overall, 31% trials met the
inclusion criteria for the ‘filtered’ analyses, as they received
a ‘yes’ recognition response and correct post-experimental
year- and fact-responses. This results in 1487 trials for filtered analyses, and 4871 trials for unfiltered analyses.

Reading time measures
Year congruence effects When all trials were included in
analyses (i.e., unfiltered data), a main effect of year congruence emerged at the year region (Figure 1A) in total reading
times, but did not maintain significance after Bonferroni correction (t = 2.86).
When trials were filtered to exclude incorrect worldknowledge prompt responses, a main effect of year congruence emerged at the year region in all three reading measures
(Figure 1A). After Bonferroni corrections, only the effect in
total reading times maintained significance (t = 3.73, p <
.05; first-pass: t = 2.61; regression path duration: t = 2.57).
Fact congruence effects When all trials were included in
analyses (unfiltered data), a main effect of fact congruence
emerged at the name region (Figure 2B) in first-pass reading
time (t = 3.5, p < .05), and total reading times (t = 3.33, p <
.05). At the fact region, effects emerged in all three measures
but did not maintain significance after Bonferroni corrections
(first-pass: t = 2.27; regression path: t = 2.68; total reading
time: t = 2.31).

A main effect of fact congruence emerged in regression
path durating and total reading time at the fact region
(regression path: t = 2.89, p < .05); total reading time:
t = 4.21, p < .01; Figure 1B) and name region (regression
path: t = 3.04, p < .05; ; total reading time: t = 3.44, p
< .01; Figure 2B). Effects of fact congruence also emerged
at these regions in first-pass reading time (fact region: t =
2.83; name region: t = 2.14), and total reading times (fact
region: t = 4.21; name region: t = 3.44), but were no longer
statistically significant after Bonferroni correction.
Main effects of fact congruence were found at the fact+1
region in filtered data, but did not did not maintain significance after Bonferroni corrections (first-pass reading time:
t = 2.49, total reading times: t = 2.23).
No interaction effects of the two fixed effects were observed.

Discussion
We presented participants with pictures of well-known cultural figures, followed by sentences in which the cultural figure describes an accomplishment (“fact”) of theirs, as well
as the year it happened. We manipulated whether the fact
and year were true for the cultural figure or not. We expected to find early effects (first-pass duration and/or regression path duration) of year and fact congruence at the respective regions reflecting the influence of long-term knowledge
prompted by the trial-initial picture, and later/cumulative ef-
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fects (total reading times) at these regions reflecting the influence of the later name region. Differences in the temporal emergence (i.e., ‘early’ versus ‘late’ measures) and size
of year congruence and fact congruence effects were also
of interest, with implications for processing preferences for
temporal (year) versus fact processes. Lastly, effects were
expected to be present in the data filtered for accurate longterm knowledge, and to be absent or smaller in the unfiltered
data, reflecting the effect of long-term knowledge present in
the filtered data.
When trials with incorrect world-knowledge prompt responses were excluded from analyses (‘filtered’ trials), effects of year and fact congruence emerged in their respective regions in all three measures. However, after correcting
for multiple comparisons, not all measures maintained statistical significance: After Bonferroni corrections, main effects of both year and fact congruence maintained statisical
significance in total reading times at their relative regions
in filtered analyses, as well as an effect of fact congruence
in first-pass reading time at the fact region. This suggests
each type of information was rapidly available after presentation of a picture of a well-known speaker (first-pass reading time), but effects of fact congruence were more robust,
and that violations were not quickly resolved (total reading
time). However, effects of fact congruence at the name region were present in unfiltered data, with no effects of year
congruence. This suggests asymmetries in the processing of
the two types of information when prior world knowledge is
more variable. The observed effect differences could be attributed to a preference for attending to factual relations (fact
region), compared to temporal relations (year region) when
encountering contrasting information, such as long-term information activated by the name region in unfiltered trials.
While a given year requires some temporal relations be computed for a cultural figure’s lifetime, preferential attention
may have been given to fact-name relations at name presentation when the picture was not recognised, leading to the fact
congruence effects at the name region (e.g., 2018. . . the song
I Shot the Sheriff . . . John Lennon).
This leads to the last research question, in which we were
interested in investigating the role of long-term knowledge in
the processing of temporal and factual relations to a given cultural figure when prompted by their face. Troyer & Kutas
(2018) reported individual-level differences in the processing of sentences about the Wizarding World of Harry Potter, finding graded N400 effects positively correlated with
a participant’s score on a Harry Potter familiarity questionnaire. Given these findings, we expected to find differences
in effects when trials were filtered to exclude those that
received incorrect world-knowledge prompt responses (i.e.,
trial-initial picture recognition, post-experimental speakeryear and -fact congruence responses). Indeed, we observed
differences between the unfiltered and filtered data, suggesting that the presence of long-term knowledge when prompted
prior to sentence presentation by a picture did play a role

in processing. Where effects were present in both filtered
and unfiltered trials at the year and fact regions, effects were
larger in the filtered data. As the filtered data consisted of
fewer observations than the unfiltered data, the emergence of
stronger effects in the former indicates a more robust effect
compared to the larger unfiltered dataset which had smaller
effects. This could indicate that the filtered data points were
driving the effect in the unfiltered data, in which they were
also included. Only in the name region were effects present
in the unfiltered data but not the filtered data, but only for fact
congruence. This could be attributed to the new information
provided by the name when the speaker was not recognised
by their picture. In the presence of more variable knowledge
of a given cultural figure, it seems knowledge of their accomplishments is more reliable than knowledge of when they
were born or died.
Given the high number of trials in which relevant prior
knowledge was not present, a follow-up experiment is currently underway in which we precede the experiment with biographical training and testing sessions. This follows Suess
et al. (2013), in which no differences were found in perceived
facial expression (positive or negative) between faces of
prior-known and newly-learned individuals following training sessions presenting factual or fictitious biographies, respectively. In our follow-up study, the training session is designed to (i) increase the number of trials for ‘filtered’ analyses, and (ii) provide further opportunity to compare trials
with prior long-term knowledge to those with newly-learned
information.
In conclusion, the findings from the presented study suggest that prior high-level knowledge about well-known individuals is activated by their picture and available during
comprehension. This was true for both years which did not
fall within the bounds of the speaker’s lifetime (e.g., Angela
Merkel - 1930), and for ‘facts’ that were not true (e.g., Angela Merkel - China). These effects were stronger at their relative critical regions (year and fact) when data were filtered
to exclude trials containing false world-knowledge responses,
indicating an effect of trial-specific long-term knowledge,
mirroring individual-level graded effects in Troyer & Kutas
(2018). Conversely, effects of fact congruence at the name
region were more robust for unfiltered data (versus filtered) at
the name region, indicating that the additional speaker information provided by the name may have been more beneficial
in trials in which participants had partial long-term knowledge of the speaker, or did not recognise their picture. The absence of year congruence effects at the name region, but presence of fact congruence effects in the unfiltered data at the
same region, suggest fact-name processes may outweigh temporal relations (year-name) relations when long-term knowledge is more variable. These findings suggest these types
of relations are rapidly available during language processing,
but differ in their processing in the presence of variable prior
knowledge.
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Abstract

from the set of methods for studying LoT. Furthermore, different approaches may be more or less easy to apply in practice to different semantic domains. For instance, the approach
we propose requires gathering cross-linguistic data.
We choose the semantic domain of number as a case study,
asking what LoT primitives underlie numbers concepts 1-99.
In the Discussion section, we relate our findings to two earlier studies investigating LoT primitives underlying number
concepts (Piantadosi et al., 2012; Xu, Liu, & Regier, 2020).

A foundational hypothesis in cognitive science is that some
of human thinking happens in a language of thought (LoT),
which is universal across humans (Fodor, 1975). According
to this hypothesis, words in different natural languages are
labels for primitive concepts or their combinations in LoT.
What are LoT’s primitives? This is a major challenge because
LoT is not directly observable, and thus needs to be inferred
or reverse-engineered. We put forward a novel approach to
reverse-engineering LoT, capitalizing on the existing knowledge about the optimization of the trade-off between complexity and informativeness in natural languages.
Keywords: language of thought; numerals; number; complexity/informativeness trade-off

Cross-linguistic data

Introduction
What are cognitive representations like? Different answers to
this question have been explored (Fodor (1975); Gärdenfors
(2014); Rumelhart, McClelland, and The PDP Research
Group (1986); Van Gelder (1995); see Piantadosi (2021) for
a recent discussion). In the present work, we focus on the
hypothesis that at least some of human thinking happens in a
language of thought (LoT), which is universal across humans
(Fodor, 1975). According to this hypothesis, words in different natural languages such as English are labels for primitive
concepts or their combinations in LoT.
How can we study LoT? This is a major challenge because LoT is not directly observable, and thus needs to be
inferred or reverse-engineered. Existing approaches include
making inferences about LoT from how people use language
(Hackl, 2009; Knowlton, Pietroski, Halberda, & Lidz, 2021;
Lidz, Pietroski, Halberda, & Hunter, 2011; Pietroski, Lidz,
Hunter, & Halberda, 2009), from how they learn concepts
(Piantadosi, Tenenbaum, & Goodman, 2016), from linguistic
universals (Züfle & Katzir, 2022), and from language acquisition data (Piantadosi, Tenenbaum, & Goodman, 2012).
We propose a novel approach to reverse-engineering LoT
and asking what its primitive components are, capitalizing on
the existing knowledge about the optimization of the trade-off
between complexity and informativeness in natural languages
(Kemp & Regier, 2012; Kemp, Xu, & Regier, 2018).
Why do we need another approach? What LoT is like is a
central problem for cognitive science and the field is still far
from resolving it. All existing approaches, including the one
we propose, incorporate non-trivial assumptions which may
ultimately prove to be wrong, and disqualify the approach

We assume that numerals across languages semantically denote numbers (e.g., the numeral two denotes the number 2),
noting that this is a simplification (see Bylinina and Nouwen
(2020); Spector (2013)). We collect cross-linguistic data on
number-denoting morphemes and how these are morphosyntactically combined to construct numerals denoting numbers
1-99 in the sample of languages of the Numeral bases chapter
in The World Atlas of Language Structures (WALS) (Comrie,
2013).1 We analyze only recursive numeral systems, i.e., systems which can construct numerals for all natural numbers.2
Out of 172 recursive numeral systems in Comrie (2013), 41
were excluded due to challenges with data collection or data
interpretation.3 131 languages were thus included in the analysis.4 WALS language samples are compiled with an aim to
maximize genealogical and areal diversity of languages in
them (Comrie, Dryer, Gil, & Haspelmath, 2013) — we can
thus have some confidence that we are analyzing a representa1 Two main sources were used to collect the cross-linguistic
data. The primary source were descriptive grammars of individual languages, in most cases those referenced in Comrie (2013).
When no descriptive grammar of a language was accessible to
us, we used as a secondary source the data from the website
https://lingweb.eva.mpg.de/channumerals/, maintained by Eugene
Chen. This website is a collective effort of language scholars to
document world’s language’s numeral systems.
2 Restricted (N = 20) and extended-body part numeral systems
(N = 4) were not included in the analysis, cf. Comrie (2013).
3 For some of the languages from the sample in Comrie (2013),
no appropriate description of the numeral system was accessible to
us. Furthermore, a small number of languages were excluded due to
difficulties with data interpretation, in particular when morphosyntax of certain numerals was not aligned with their interpretation (e.g.
in Zoque, the numeral for number 9 is morphologically 6+4; this is
dubbed ‘correct misinterpretation’ in Hurford (2011)).
4 The list of analyzed languages can be found in Appendix at:
https://github.com/milicaden/numerals-lot-cogsci2022.
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tive sample of world’s languages’ recursive numeral systems.
For each of the 131 studied numeral systems, for each numeral, its morphosyntactic components and their denotations
were identified (cf. Table 1 for a few examples of numerals
in Ainu). These numeral systems differ in terms of morphosyntactic rules according to which numerals are generated. These morphosyntactic rules reveal that addition, multiplication, subtraction and division are involved in the composition of numerals5 — these are sometimes, but not always,
morphosyntactically overt. Furthermore, certain numberdenoting morphemes play a special role in morphosyntactic
rules (the so-called bases). For instance, English is a ‘base-10
language’: this means that its numerals for numbers 10-99 are
in general constructed according to the morphosyntactic pattern x·10+n (e.g., in English, the numeral for 67 is composed
of morphemes denoting 6, 10 and 7). On the other hand, Ainu
is a ‘base-20 language’: this means that its numerals for numbers 20-99 are in general constructed according to the morphosyntactic pattern x · 20 + n (e.g., in Ainu, the numeral for
67 is composed of morphemes denoting 3, 20 and 7). Finally,
many languages behave as ‘base-5’ languages when it comes
to the composition of numerals for numbers 6-9 (e.g., in Fulfulde, the numeral for 6 is composed of morphemes denoting
5 and 1). Furthermore, Ainu also exemplifies the use of subtraction in the composition of numerals (e.g., in Ainu, the
numeral for 6 is composed of morphemes denoting 4 and 10).
Danish exemplifies the use of division in the composition of
numerals (e.g., in Danish, the numeral for 50 has as one of its
morphosyntactic components the morpheme denoting 21 ).
Table 1: Ainu numerals for numbers 6, 30 and 42
Denoted number (numeral)
6 (iwan)
30 (wanetuhotne)
42 (tuikashimatuhotne)

Morphosyntactic make-up
10 (-wan) − 4 (i-)
2 (-tu-) · 20 (-hotne)
− (-e-) 10 (wan-)
2 (-tu-) · 20 (-hotne)
+ (-ikashima-) 2 (tu-)

LoT hypotheses
We assume that the LoT representations underlying numerals
are composed from the elements of the set of primitive number concepts PRIM and arithmetic operators for addition, subtraction, multiplication and division (+, −, ·, /). The interpretation of an LoT expression underlying a numeral provides
the denotation of the numeral. For instance, if a numeral’s
5 Some authors assume that the power function is available as
well: for instance, Hurford (2011) assumes that power function is
involved in the composition of numerals billion, trillion etc. in English. We do not find these data convincing: assuming that bi- denotes 2, and tri- denotes 3, there is no x that -llion may denote such
that x2 = 1000000000 and x3 = 1000000000000. In other words,
if power function is involved in the composition of e.g. billion and
trillion, one would need to assume that bi- denotes 3 and tri- 4.

underlying LoT expression is 1+1, the denotation of the numeral will be 2 (primitive number concepts will henceforth
be written in bold font to distinguish them from semantic denotations). Our research question is what PRIM contains, that
is, which number concepts are LoT primitives. We explore
48 hypotheses for what PRIM contains, summarized in (1):
(1)

PRIM = X ∪Y , for any X, Y s.t.:
X ∈ {{1,. . . , n}| n ∈ {1, . . . , 9}}
Y ∈ P ({5, 10, 20})

In other words, we explore the hypotheses according to
which the first n numbers are LoT primitives, together with
some subset — including 0/ — of {5, 10, 20}. The consideration of the hypotheses according to which the first n numbers are LoT primitives is well-motivated by previous work
on number cognition: Xu et al. (2020) and Piantadosi et al.
(2012) assume that PRIM = {1, 2, 3}. The consideration of the
hypotheses according to which 5, 10 and/or 20 may be LoT
primitives is motivated by the typology of numeral systems,
in which number concepts 5, 10 and 20 play a prominent role
(cf. Cross-linguistic data section).

Complexity and informativeness
In this paper, we put forward a novel approach to reverseengineering LoT: we will use the cross-linguistic data described in the Cross-linguistic data section to empirically
evaluate the 48 LoT hypotheses. In order to do this, we will
capitalize on the existing knowledge about the optimization of
the trade-off between complexity and informativeness in natural languages (Kemp & Regier, 2012; Kemp et al., 2018). In
this section, we summarize this existing knowledge.
The complexity of a language measures how difficult it is to
represent the language in LoT. The informativeness of a language measures how precisely its expressions allow its users
to communicate the intended meanings, and it is formally defined using information-theoretic notions (Kemp & Regier,
2012; Kemp et al., 2018). For instance, a language which has
non-ambiguous expressions for each number in the range 199 would allow for a maximally precise communication about
those numbers (i.e., it would be maximally informative), but it
would be complex to mentally represent. On the other hand,
a language which only has an expression for the number 1
would be simpler, but not very informative. Complexity and
informativeness are in a tension: languages cannot both be
minimally complex and maximally informative! This tension
is known as the complexity/informativeness trade-off problem. There can be many optimal solutions to this problem:
the set of optimal solutions is called the Pareto frontier. A
language is (Pareto) optimal if it is not possible to modify
it to obtain a language that has both lower complexity and
higher informativeness. Remarkably, computational modeling of cross-linguistic semantic data has demonstrated that
natural languages are at or very near the Pareto frontier —
natural languages are (in the proximity of) one of the optimal
solutions to the trade-off problem (Denić, Steinert-Threlkeld,
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& Szymanik, 2021, 2022; Kemp & Regier, 2012; Kemp et
al., 2018; Steinert-Threlkeld, 2019, 2021; Uegaki, 2022; Xu
et al., 2020; Zaslavsky, Kemp, Regier, & Tishby, 2018; Zaslavsky, Maldonado, & Culbertson, 2021). Importantly, that
natural languages optimize the complexity/informativeness
trade-off is not inconsistent with cross-linguistic diversity
found in many semantic domains (number included): different Pareto-optimal languages can have very different properties and different natural languages may thus be (approaching) different optimal solutions to the trade-off problem.

Novel approach
Given that LoT cannot be observed directly, there are multiple candidate hypotheses for the underlying LoT in different
semantic domains (cf. our 48 LoT hypotheses for the number
domain). Importantly, the measure of complexity of a language will depend on the hypothesized LoT. For instance, a
language with expressions for numbers 1 and 2 will have a
different measure of complexity under the hypothesis that 1
and 2 are LoT primitives, as opposed to the hypothesis that
1 is an LoT primitive, but 2 is not. In this project, we evaluate the empirical adequacy of the candidate LoT hypotheses based on how well they explain cross-linguistic semantic data on numerals in terms of the optimality of complexity/informativeness trade-off. We will have evidence in favor
of an LoT hypothesis if under that hypothesis the 131 languages lie close to the Pareto frontier.6 To put it differently,
we ask the following question: which of the 48 LoT hypotheses result in a close fit of the 131 natural languages to the
Pareto frontier?
Simplifying somewhat, the distance between a language
and the Pareto frontier can be defined as the minimum Euclidean distance between the language and a point on the
Pareto frontier in the complexity-informativeness space. In
general, in order to compute the minimum Euclidean distance
between a language and the Pareto frontier, one would need
to know the coordinates (complexity and informativeness) of
all the points of the Pareto frontier. For the present case study
on numerals, however, this will not be necessary — only one
point on the Pareto frontier will be needed, namely the point
whose measure of informativeness is maximal. For a language to have the maximal level of informativeness when
it comes to communicating about numbers in the range 199, the language needs to have non-ambiguous numerals for
each number in that range. Let us refer to the point on the
Pareto frontier whose measure of informativeness is maximal as the max-info Pareto point. The reason why only this
6 This approach relates to an analysis reported in Zaslavsky et
al. (2021), albeit their goal is not reverse-engineering LoT. They
show that two different hypotheses about how important it is to convey different conversational roles (speaker vs. non-speaker) when
using personal pronouns (e.g., I, you) result in different complexity/informativeness trade-off for personal pronoun systems across
languages: languages are closer to the Pareto frontier when conveying the speaker role is given more importance compared to other
conversational roles, which is in line with previous work on personal
pronouns (cf. discussion in Maldonado and Culbertson (2020)).

point is needed, and not the entire Pareto frontier, is the following. By definition of the Pareto frontier, the max-info
Pareto point is the (possibly artificial) numeral system with
the lowest level of complexity necessary to achieve the maximal level of informativeness. The 131 natural languages all
have non-ambiguous numerals for each number in the range
1-99: they thus all have the maximum level of informativeness. Consequently, their complexity must be equal or higher
than the complexity of the max-info Pareto point, which entails that the max-info Pareto point will be the closest point
on the Pareto frontier for each of the 131 natural languages.
Our question thus reduces to: under which of the 48 hypotheses are the 131 natural languages the closest to the maxinfo Pareto point? As the 131 natural languages have the
same level of informativeness as the max-info Pareto point,
the Euclidean distance of a natural language from the maxinfo Pareto point reduces to their difference in complexity.

Computing complexity
Complexity of natural languages
Most work so far in the complexity/informativeness trade-off
framework has analyzed semantic systems such as kinship
terms or quantificational determiners which are fundamentally different from numeral systems in that the expressions
of the latter are clearly not all memorized — for recursive numeral systems memorization would not be possible even in
principle — but are rather generated by a (language-specific)
set of morphosyntactic rules (call it grammar G). This means
that complexity measures developed for systems such as kinship terms or quantificational determiners, which are typically the sum of lengths of LoT representations of expressions
of the system, would not be appropriate for numeral systems.
How to measure cognitive complexity of numeral systems?
To our knowledge, there is no definite answer to this question. In an existing proposal by Xu et al. (2020), the complexity of a numeral system is measured as the complexity of
G needed to generate it, with rules of G written in LoT. However, there is an empirical problem with that approach that is
best illustrated with an example. Imagine a language which
has a single morpheme x denoting number 1, and which
builds expressions denoting a number n by concatenating x n
times. This G is extremely simple, and the resulting language
is maximally informative when it comes to communicating
about numbers. However, there is no known natural language
numeral system that works like this — why? Intuitively, the
reason seems to be that, even though such G would be simple, the expressions built by it wouldn’t be. In other words,
languages seem to care not (only) about the complexity of G,
but about the complexity of expressions generated by G.
We thus propose a different perspective. Specifically, we
propose to connect the measure of cognitive complexity of a
numeral system to how often language users need to communicate about specific numbers, and consequently construct,
using their grammar G, LoT representations of numerals denoting those numbers. More precisely, we propose to mea-
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sure the complexity of a numeral system as the expected
LoT complexity of its numerals, defined in (2). In (2),
p(JnumeralK) is the probability that the number denoted by
numeral needs to be communicated; we assume that these
probabilities follow a power-law distribution as in (3) (cf.
Dehaene and Mehler (1992); Piantadosi (2016); Xu et al.
(2020)). Qualitatively, this probability distribution captures
that the larger the number n, the lower the need to talk about
it. On the other hand, c(numeral) models the complexity of
LoT representation of the numeral, and it is defined in what
follows.
(2)

Complexity of the max-info Pareto point
The max-info Pareto point is the (possibly artificial) language
which has the lowest level of complexity necessary to reach
the maximal level of informativeness. Under each of the 48
LoT hypotheses, each of the 99 numerals of the max-info
Pareto point is assigned the shortest LoT formula which results in its denotation and the complexity of the max-info
Pareto point is computed according to the formula in (2).

Complexity of a language L:
Comp(L) =

∑

Correcting the measure of distance

p(JnumeralK)c(numeral)

numeral∈L

(3)

liminary, to be re-visited if/when a more appropriate complexity measure is developed.

Prior over numbers:
p(n) ∝ n−2

Morphemes are the smallest parts of words that add their
own distinct meaning component to the word. For instance,
the numeral seven consists of a unique morpheme, while the
numeral seventy consists of two morphemes, seven- and -ty.
We assume that the LoT representation of each morpheme
is the shortest LoT formula (the length of the LoT formula
being the number of LoT primitives in the formula, with LoT
primitives being the elements of PRIM, +, −, · and /) which
results in the denotation of the morpheme. For instance, if
PRIM = {1, 2, 3}, the LoT representation of five would be
3 + 2, and not 3 + 1 + 1 or 2 + 2 + 1.
We assume that an LoT representation of a complex expression is composed from LoT representations of its parts
(LoT-level compositionality). In other words, if a numeral
consists of multiple morphemes denoting numbers (e.g., seventy consists of morphemes seven- and -ty, denoting 7 and
10 respectively), we assume that the LoT representation of
each morpheme feeds into the LoT representation of the numeral; these number-denoting morphemes are combined via
some of the primitive LoT arithmetic operators (+, −, · and
/). We measure the complexity of a numeral, c(numeral), as
the number of LoT primitives in its LoT representation. For
instance, the complexity of the numeral seventy in English
would be the sum of the numbers of LoT primitives in the
LoT representations of the morphemes seven- and -ty, plus
the number of (covert) LoT arithmetic operators via which
LoT representations of these morphemes are combined (1 in
this case: seven- and -ty are combined via ·).
It is important to keep in mind however that it is conceivable that neither the complexity measure as in (2) nor the
complexity measure in Xu et al. (2020) is on the right track,
and that future research may establish a more accurate measure of cognitive complexity of numeral systems (perhaps a
measure integrating the complexity of the grammar, as in Xu
et al. (2020), and the expected complexity of generated expressions, as in (2)). Our results should thus be taken as pre-

How can we evaluate how close the 131 natural language are
to the max-info Pareto point?
We have assumed so far that the measure of distance of
a natural language x from the max-info Pareto point is their
Euclidean distance in the complexity-informativeness space,
which, when x has the maximal degree of informativeness,
reduces to the difference in complexity between x and the
max-info Pareto point.
Under this assumption, for each of the 48 LoT hypotheses, one could compute the average distance of the 131 natural languages from the max-info Pareto point and compare
those averages to evaluate different LoT hypotheses. This
would however be problematic for the following reason. The
48 LoT hypotheses differ among themselves in the number
and types of elements in PRIM. These different hypotheses
will result not only in the difference in distances of natural
languages to the max-info Pareto point, but also in the difference in the measure of complexity of the max-info Pareto
point itself. For instance, under some of these hypotheses,
the complexity of the max-info Pareto point may be 5, while
under some other it may be 15. The difference in complexity of a natural language x from the max-info Pareto point in,
e.g., 1 unit suggests more important differences between the
two languages when the complexity of the max-info Pareto
point is 5 than when it is 15: a greater % of the complexity
of x would need to disappear through language evolution for
x to reach optimality in the former case; in that sense, x is
further from optimality in the former case. Because of this,
when we evaluate under which of the 48 hypotheses the 131
natural language are the closest to the max-info Pareto point,
we relativize the distances to the complexity measure of the
max-info Pareto point as in (4).
(4)

Relativized distance (RD) measure of language L
from the max-info Pareto point (MIPP):
RD(L, MIPP) =

Comp(L) −Comp(MIPP)
Comp(MIPP)

Results
For each of the 48 LoT hypotheses, we compute the average relativized distance RD of the 131 natural languages from
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Discussion
Previous work
We start by discussing how this work relates to two previous
studies: Xu et al. (2020) and Piantadosi et al. (2012).

Figure 1: Distribution of RDs of the 131 natural languages
from the max-info Pareto point for 48 LoT hypotheses.

the max-info Pareto point.7 The distribution of RDs can be
viewed in Figure 1. As can be seen in Figure 1, there is a lot
of variation in terms of how close natural languages are to the
max-info Pareto point under different LoTs.
We report the top three LoT hypotheses, i.e., those with
three lowest RDs, in Table 2 (for each of these three hypotheses, RD ≈ 0.03). Recall that, the lower RD, the closer on
average natural languages are to the Pareto frontier, that is, to
the max-info Pareto point. If languages optimize the complexity/informativeness trade-off, natural languages should
be close to the Pareto frontier and thus have low RD.

Table 2: Top three LoT hypotheses
PRIM

{1, 2, 3, 5, 10}
{1, 2, 3, 4, 5, 10}
{1, 2, 5, 10}

How should we interpret the results from Table 2? That
these LoT hypotheses result in the best fit of natural languages to the Pareto frontier may be taken as suggestive evidence in favor of them, but we cannot be certain that the true
set of LoT primitives is among them (cf. Discussion section).
The results may further be informative about hypotheses
which do not provide such a good fit to the Pareto frontier.
Interestingly, the hypothesis that PRIM = {1, 2, 3}, which has
been entertained in previous work (Piantadosi et al., 2012;
Xu et al., 2020), leads to a worse complexity/informativeness
trade-off results than most other hypotheses (RD = 0.1, ranking 36 (out of 48 hypotheses)).

7 Scripts and data files used for the analysis can be found at:
https://github.com/milicaden/numerals-lot-cogsci2022.

Xu et al. (2020) Xu et al. (2020) argue that natural languages’ numeral systems optimize the complexity/informativeness trade-off. To construct their argument,
they stipulate the underlying LoT primitives, and show that
with the stipulated set of primitives, natural languages optimize the complexity/informativeness trade-off.
While the investigation of the complexity/informativeness
trade-off in numeral systems is a common point between our
study and that of Xu et al. (2020), our study departs from that
of Xu et al. (2020) in a number of important ways.
Firstly, the two studies have different starting assumptions and different aims. While Xu et al. (2020) investigate natural languages’ numeral systems’ complexity/informativeness trade-off under one specific LoT hypothesis, our study assumes that natural languages optimize the
complexity/informativeness trade-off and investigates under
which LoT hypotheses this assumption holds. More specifically, Xu et al. (2020) assume that PRIM = {1, 2, 3}, while the
contents of PRIM are the object of investigation of our study.
Xu et al. (2020) motivate their assumption by a phenomenon
called subitizing whereby sizes of small sets (up to 4 members) are evaluated differently than larger set sizes (Revkin,
Piazza, Izard, Cohen, & Dehaene, 2008). However, recent
work suggests that subitizing is a consequence of lower level
constraints on perception rather than of numerical cognition
per se (Cheyette, Wu, & Piantadosi, 2021): if this is correct,
subitizing is not an argument in favor of number concepts 1,
2, 3 being LoT primitives. In fact, according to our results,
the hypothesis that PRIM = {1, 2, 3} fares worse than most
other explored hypotheses (cf. Results section).
Secondly, our study uses a different corpus of natural languages. While Xu et al. (2020) analyzed 6 recursive and
24 restricted numeral systems, we have analyzed 131 recursive numeral system and no restricted ones. The reason for
excluding restricted numeral systems from our study is the
following. Restricted numeral systems don’t have numerals
for all numbers 1-99: most of them have numerals for only
the first few numbers. For instance, the language Krenak
only has numerals for numbers 1-3 (Hammarström, 2010;
Xu et al., 2020), and the language Rama only has numerals for numbers 1-5 (Grinevald, 1990). While considering
such languages would in principle be valuable for the goals
of the present study, it would require making additional assumptions. Specifically, as restricted languages are not maximally informative, it is not possible to know which point at
the Pareto frontier would be the closest one to them without knowing the coordinates (complexity and informativeness
measures) of all the points on the Pareto frontier. This would
in turn require spelling out exactly how to measure informativeness of different languages, knowing that multiple ways
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to measure informativeness have been discussed in the literature (Denić et al., 2022; Kemp & Regier, 2012; SteinertThrelkeld, 2019).
Thirdly, while we assume that the elements of PRIM can
be combined via the arithmetic operations +, −, · and / only,
Xu et al. (2020) assume a larger set of options, including,
in addition to these four, power and successor functions and
the greater-than relation, among others. Our assumption that
+, −, · and / are available arithmetic operations for combining the elements of PRIM is supported by morphosyntactic
evidence (cf. Cross-linguistic data section). On the other
hand, the 131 languages we studied provided no similar morphosyntactic evidence for, say, power function use in the construction of numerals (cf. footnote 2). We acknowledge however that further typological investigation of numeral systems
may result in the revision of our assumption.
Finally, for reasons explained in the Computing complexity
section, we resort to a different measure of complexity of a
numeral system than Xu et al. (2020).
Piantadosi et al. (2012) The goal of Piantadosi et al. (2012)
was to provide a computational cognitive model of how children learn a counting routine (i.e., how they select a number word which describes the size of some set of objects).
In order to do so, they stipulate the LoT number primitives
that are available to the child learner as they begin to learn
the counting routine. While a detailed description of their
assumed LoT would be outside of the scope of the present
paper, what is relevant for our purposes is that they too, like
Xu et al. (2020), assume that 1, 2 and 3 are LoT primitives.
They suggest that this assumption is central for their model
to accurately predict certain properties of children’s learning
trajectory: if only 1 was an LoT primitives or, if 1, 2, 3, 4
and 5 were LoT primitives, their model’s predictions would
match the data less well.
As the hypothesis according to which PRIM = {1, 2, 3}
fares worse than most other hypotheses we explored (cf. Results section), a question remains as to how to reconcile our
findings with those of Piantadosi et al. (2012). While it would
be interesting to explore how well our top hypotheses fit with
the learning data from Piantadosi et al. (2012), another possibility is that the relevant patterns in child counting routine
learning data, like subitizing, may have an explanation rooted
in the lower level constraints on perception (cf. the discussion
above of Xu et al. (2020) and Cheyette et al. (2021)). We
leave the exploration of these possibilities for future work.

ity/informativeness trade-off, whereby complexity is rooted
in LoT representations.
(iii) LoT has among its primitives a set of numbers and
arithmetic operations +, −, ·, /. Importantly, however, alternative proposals for how LoT may look like exist. For instance, Piantadosi (2021) proposes that LoT has very few,
perhaps as few as two, primitives, and that all our concepts,
including all number concepts and arithmetic operations, are
composed of them. If that approach is correct, our hypotheses about what PRIM contains would need to be revised. The
method could then be re-applied to evaluate competing LoT
hypotheses which are in line with Piantadosi (2021).
Finally, the present approach has two important limitations.
The first limitation stems from the observation that, while
languages may be optimizing the complexity/informativeness
trade-off, it isn’t necessarily the case that all natural languages have converged on one of the optimal solutions. In
other words, natural languages may deviate somewhat from
the Pareto frontier (indeed, under no LoT hypothesis we explored is the RD = 0). This means that different LoT hypotheses remain viable candidates as long as they don’t give rise to
large deviations from the Pareto frontier. Ultimately, a criterion for what counts as a large deviation from the Pareto
frontier should be developed — what is the maximum deviation from optimality that natural languages tolerate? We leave
this important problem for future work.
The second limitation of the approach is the hypothesis
space, which is limited in two ways. First, the 48 LoT hypotheses explored are only a handful of possible hypotheses:
in principle, any subset of number concepts can be considered as a viable hypothesis for PRIM. Even if we assumed
that PRIM contains a subset of numbers 1-99, there would be
299 −1 hypotheses for what PRIM contains and computational
constraints prevent us from exploring them all. It is thus conceivable that some of the hypotheses we haven’t explored
proves to be the best one. Second, we have defined complexity of an LoT expression as its length in LoT primitives,
in line with much previous work (Denić et al., 2021, 2022;
Kemp & Regier, 2012; Steinert-Threlkeld, 2019, 2021). The
underlying assumption of this definition is that all elements
of PRIM and the arithmetic operations +, −, ·, / have equal
complexity. To dispense with this assumption, one could explore various complexity assignments to different primitives
and evaluate how the results depend on these — this would allow to make inferences both about LoT primitives and about
their relative complexities.

Conclusion

Further assumptions and limitations
This work incorporates several important assumptions which
should be highlighted. Assumptions (i) and (ii) below apply
to the new method for reverse-engineering LoT, and assumption (iii) applies to the case study on numerals presented here.
(i) There is an LoT, whose primitives are common to all
humans.
(ii) Natural languages indeed optimize the complex-

In this work, we have developed a new method for studying cognitive representations using cross-linguistic semantic
data. The method was applied to numerals; importantly, it
can be applied to other semantic domains for which crosslinguistic semantic data is available. We thus hope that it will
be a valuable addition to the toolbox of linguists and cognitive
scientists interested in studying cognitive representations.
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Abstract
Contemporary models of subjective probability distortions assume that distortions arise during probability encoding. However, such assumptions are inconsistent with the ability of
humans to retrieve probabilities veridically in some elicitation formats. We present a sampling-based model of probability judgment for risky prospects that assumes that probability distortions occur because people read out probability judgments as biased averages from working memory contents. Simulations demonstrate that this model shows the classic inverse-S shaped distortion of probability judgments using
only retrieval-stage assumptions. The model further predicts
that observers with greater working memory capacity would
show larger probability distortions on average, which should
lead to a particular fourfold pattern of risk preference as a
function of working memory capacity. Using cognitive ability measurements as a proxy for working memory capacity, we
conducted an experiment with human participants and found
results consistent with the model’s predictions as well as previous empirical studies. Our results support a role for sampling
during assessment of risky prospects, which in turn explains
differences in probability distortions seen across different elicitation methods.
Keywords: risk preference, cognitive ability, computational modeling, prospect theory, probability judgments

Introduction
People systematically overweight low probabilities and underweight high ones, demonstrating an inverse-S shaped relationship between objective probabilities and their subjective
estimation in simple frequency estimation tasks as well as in
risky decisions (Tversky & Kahneman, 1992). Since many
household-level financial decisions involve probability judgments, microeconomic models are beginning to benefit from
accommodating this stylized fact about peoples’ behavior in
combination with observations about loss and risk aversion,
in the form of prospect theory (Barberis, 2013).
Given recent advances in our ability to estimate individuallevel parameters for prospect theory (Nilsson, Rieskamp, &
Wagenmakers, 2011), it is striking to note that prospect theory parameters show high inter-temporal consistency within
individuals, suggesting that they correspond to stable individual differences in cognition (Glöckner & Pachur, 2012).
However, we are only beginning to understand the cognitive processes that prospect theory parameters map on to.
Recent work using process tracing has shown that the relative extent of attention paid to gains and losses is significantly related to participants’ estimated loss aversion (Pachur,

Schulte-Mecklenbeck, Murphy, & Hertwig, 2018). Specifically with reference to probability distortions, Zhang and
Maloney (2012) have shown that assuming a linear log odds
representation of probability in the brain is sufficient to account for probability distortions seen across a wide variety
of studies. However, this representational claim is consistent
with a large number of theoretical possibilities, (Fox & Tversky, 1998; Fox & Rottenstreich, 2003; Martins, 2006) and
thus does offers limited process-level understanding.
Furthermore, the view that probabilities are encoded in
a distorted manner in the brain is inconsistent with evidence that people are actually able to reproduce probabilities veridically when these are elicited using graphical
methods (Goldstein & Rothschild, 2014) and motor movements (Trommershäuser, Maloney, & Landy, 2003) . Taken
in conjunction with classic studies showing that frequency encoding in humans is significantly veridical (Hasher & Zacks,
1984), such findings suggest that cognitive processes during
retrieval may be more likely to produce probability distortions.
Outside the specific theoretical frame of prospect theory,
multiple studies have sought to characterize individual differences in risk aversion profiles (Frederick, 2005; Burks, Carpenter, Goette, & Rustichini, 2009; Dohmen, Falk, Huffman,
& Sunde, 2010). A common observation across these studies
is that people with higher cognitive ability have a high-risk
appetite in certainty-equivalence experiments with low probable gains (Frederick, 2005; Burks et al., 2009) and are riskaverse in high probability gains (Frederick, 2005; Dohmen
et al., 2010). As a paradigmatic example, experiment participants who scored high on Frederick’s Cognitive Reflection
Test also showed a greater propensity to accept risky choices
leading to gains, both when a simple expected utility calculation favored the risky option, but also crucially, when it did
not (Frederick, 2005).
From the viewpoint of probability estimation, such behavior is congruent with participants in the experiments in
Frederick (2005) over-weighting their estimate of low probability options. For low probability gains, participants with
greater cognitive ability appear to be more risk-seeking, consistent with over-weighting of the low probability gain option. For high probability gains, such participants are more
risk-avoidant, consistent with over-weighting of the low probability non-gain option. Figure 1 outlines the relationship of
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2. When asked to reflect on a risky binary prospect, observers sample multiple abstract lotteries parameterized by
the prospect risk, as read off the internal scale.

CRRA

3. The outcomes of these simulated lottery draws are stored
in working memory.

(Dohnmen,2010)

Cognitive ability

CRRA

Cognitive ability

CRRA

L

(Frederick,2005)
(Burks,2009)
(Dohnmen,2010)

4. Observers sample from the lottery until either working
memory capacity is reached1 , or both prospects have occurred at least once during sampling.

G

5. Observers read out the average occurrence of the salient
option as their subjective probability estimate for it.

(Frederick,2005)

Cognitive ability

LP

Cognitive ability

Figure 1: Risk sensitivity increases with measures of cognitive ability, as described in a number of behavioral studies. Multiple measures of risk preference and cognitive ability have been used in different studies. This figure plots the
expected variation in the coefficient of relative risk aversion
(CRRA) with increase in cognitive ability in the four patterns
of behavior observed in the prospect theory view of risk aversion along with references to field studies that support the prediction in the particular quadrant.(HP - High Probable, LPLow Probable, G- Gain, L- Loss )

Of these assumptions, #1 follows standard psychophysical premises, #2 is the key sampling assumption of our approach, #3 follows standard assumptions about the role of
working memory made in nearly all symbolic cognitive architectures (Ye, Wang, & Wang, 2018), #4 is a novel assumption made based on a recent observation that observers making risky decisions after explicitly sampling them also tend
to wait until they have seen all possible prospects at least
once before terminating sampling (Srivastava, Müller-Trede,
Schrater, & Vul, 2016) and #5 is standard. Thus, the novelty
of our model lies in assumptions #2 and #4.

1.0

Subjective probability

CRRA

HP

risk aversion with cognitive ability we would expect for both
gains and losses if the source of risk preference lies in overweighting of low-probability lottery outcomes. The papers
referenced in the Figure show evidence consistent with the
prediction relevant for each quadrant. Thus, convergent evidence across studies suggests a relationship between cognitive ability and probability distortions. In this paper, we develop a model of probability judgment that illuminates this
relationship.

small WM
large WM

0.8
0.6
0.4
0.2
0.0

0.0

Probability by sampling
The empirical foundations of prospect theory show us that,
when given a choice between risky prospects, people behave
as if they were constructing a subjective probability estimate
w(p) based on the stated prospect risk p. If we take this
process hypothesis seriously, we must ask: how do people
map p to w? We propose that they do this by sampling from
mental simulations, a possibility that has recently proven successful in explaining peoples’ understanding of physical situations (Smith & Vul, 2013), as well as biases in probability judgments (Zhu, Sanborn, & Chater, 2020). Focusing
on probability judgments for evaluating binary prospects, for
simplicity, our probability-by-sampling model assumes that,
1. Observers possess a veridical, possibly noisy, internal
probability scale.

0.2

0.4

0.6

Objective probability

0.8

1.0

Figure 2: Subjective probability judgments extracted from the
probability-by-sampling model for cohorts of 1000 observers
sampled from low (blue) and high (red) working memory capacity pools.
Formally,
w(p) =

1 M
Im ,
|M | ∑
m

(1)

where Im is an indicator function that takes the value 1 if the
low probability outcome is sampled in the mth memory slot,
1 If memory sampling fails to retrieve a sample of the low probability outcome by the time capacity is reached, the model returns a
probability of 0.01 for the low probability outcome.
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and 0 otherwise. Also, M represents the set of memory slots2
in working memory filled up at the time w(p) is read out (up
to maximum capacity), which in turn is determined by the
number of samples it takes to see two distinct outcomes during sampling. For each memory sample,

Im ∼ N(p, σ p ),

(2)

where σ p is noise in the internal Thurstonian magnitude scale.
In the simulation results reported below, we use σ p = 0.5 ∗ p.
Figure 2 shows indicative results from an in silico experiment using our probability-by-sampling model. We conducted the experiment by sampling 1000 probability-bysampling observers with working memory capacities sampled
from normal distributions with means µlow = 5, µhigh = 10 and
SD = 1. Observers from both low and high WM capacity
groups then responded to binary prospects across all possible probability values (quantized in steps of 0.01), producing
subjective probability estimates for all these values. Figure 2
plots the average of these estimates for both WM size groups.
Two observations are salient.
One, probability-bysampling observers produce an inverse-S shaped distortion
of probabilities (Tversky & Kahneman, 1992), based on assumptions about how they are retrieved. This is consistent
with the fact that it is possible to elicit probabilities veridically in some elicitation formats (Trommershäuser et al.,
2003; Goldstein & Rothschild, 2014). Two, we note that the
high WM group shows greater probability distortion than the
low WM group. These observations remain constant across
multiple numeric values of our simulation parameters, but
with probability distortions fading away for working memory sizes larger than 12.
The explanation for these observations is straightforward.
Since observers sample simulated outcomes until they have
seen both outcomes at least once, and then average over the
outcomes sampled so far to read out the lower probability,
there are two main possibilities. They will either not sample
the low probability option at all, and read out zero, or sample the low probability option once and terminate sampling.
In the latter case, the read out probability will be inflated by
the small number of samples drawn. For example, suppose
a lottery has an objective probability of 0.2 to pay out. The
probability that the low-probability outcome will not be sampled even once in a working memory of size 4 is 0.84 = 0.41,
so the read out probability will be zero less than half the time.
However, in the majority of cases that the outcome is sampled, the read out probability will be heavily inflated, e.g. if
it is sampled on the second simulation, the probability will be
read out as 0.5. Averaged across the population, this asymmetry yields probability over-weighting. For a larger working
memory, say of size 8, the probability of not encountering a
single sample of the low probability outcome reduces still further to 0.88 = 0.17. In 67% of cases (1 - 0.85 = 0.67), the observer will sample the low-probability outcome at least once,
2 While we use an explicit fixed slot interpretation of working
memory in our exposition, probability-by-sampling is consistent
with richer representations also (Ma, Husain, & Bays, 2014).

and read out a subjective probability estimate equal or greater
than the objective probability. The probability will be read
out as zero in much fewer instances for high WM observers
than for low WM observers. Averaged across observers, this
leads to greater probability over-weighting for high WM observers.

An Experimental Test
As we note above, the key novelty of the probability-bysampling account of probability distortions is the assumption
that observers mentally simulate lottery outcomes until they
have seen at least one instance of both lottery prospects. We
see in the simulation results above that this assumptions leads
to a clear prediction relating working memory capacity to risk
preferences - greater working memory capacity should lead
to greater over-weighting of small probabilities. It is wellknown that working memory capacity is strongly correlated
with general cognitive ability, as measured by progressive
matrices tests (Fukuda, Vogel, Mayr, & Awh, 2010). Therefore, treating cognitive ability as an empirical proxy for working memory capacity, our model predicts the specific relationship between cognitive ability and risk preference shown in
Figure 1. While previous studies partially support the existence of the fourfold pattern illustrated in Figure 1, differences in protocols, analysis methods and operationalization
of both independent and dependent variables make it difficult
to assess the net weight of the evidence. To address this concern, we conducted an experiment to measure risk aversion
as the CRRA coefficient of isoelastic utility functions in certainty equivalence problems selected to represent each of the
four quadrants for participants with different cognitive ability
levels, as measured by RSPM. We expected to see our dependent variable show the specific pattern of behavior predicted
in Figure 1 as the outcome of this experiment.

Subjects
We solicited participants via email and social media. 103 participants (41 female, 62 male) responded and provided consent for participation. Out of 103 participants who appeared
for the IQ test, 80 participants (32 female, 48 male) expressed
interest to participate in the online risk-preference study.The
mean age of the participants was 23.83 years. Since this was a
between-subject design, participants were assigned to one of
the four quadrants randomly at the time of experiment participation. All experimental protocols were approved by an Institutional Review Board. Participants signed a consent form
describing all experimental procedures before participating in
the study. Each participant was compensated for their time.

Measuring cognitive ability
To measure cognitive ability, we used Raven’s Standard Progressive(SPM) Matrices (Raven, Court, & Raven, 1989) containing 60 questions and designed a website to administer the
test online. Participants were shown puzzles from SPM one
by one on the screen with corresponding options. They had
to answer the puzzles by clicking one of the options. The raw
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scores (number of correct responses) obtained for each participant were converted to standard SPM percentiles using the
SPM manual. There was no time limit for the test. Out of 80
participants, SPM’s standard score for three participants was
5. These were excluded from analysis since their test duration
was less than four minutes for 60 questions, suggesting random responding leaving us with 77 participants(30 female, 47
male) for the risk preference experiment, assigned randomly
to the four quadrants of the experiment. The average time to
complete the IQ test by the participants was 35.3min and our
sample’s average SPM percentile score was 62.4, suggesting
that it was representative.

Measuring risk preference
We measured risk preference for each participant using
choice table, which had 20 rows. Every participant provided their preference for each row of the table.(Dohmen et
al., 2010). The choice tables used follow the ones used in
Dohmen et al. (2010).
For gain-based problems, we asked the participants to
choose whether to buy a lottery ticket that could fetch them
lottery money with some uncertainty or accept the safe
amount. Each quadrant had a set of five choice tables, with
different lottery amounts and payoffs. The lottery amounts
and payoffs for all the choice tables were derived from
Frederick study 1 and then converted to equivalent local currency by considering Purchasing Power Parity in 2005 and
inflation (2005-2021). The choice tables in these quadrants
represent either high probable or low probable gain conditions. The order of the choice table presented to each participant was randomized. In a choice table, the lottery amount
remained the same while the safe option increased systematically for every row; a rational agent would be willing to take
risks until the safe amount is less than the expected value of
the gamble and then switches to the safe option. We presented
participants one row at a time and asked to choose whether
’to buy the lottery ticket (risky)’, which can fetch them a lottery amount with some uncertainty, or ’Not to buy the lottery
ticket (safe)’ and accept the safe amount.
Once the participant switched from risky option to safe option, the algorithm asked the participant whether they would
accept all higher safe amounts or not (see also (Dohmen et
al., 2010)) if they responded as yes, the algorithm considers
all other safe options in the table as their preferences, and
the participant was progressed to the new choice table. Otherwise, the participant had to decide for the rest of the table
manually and then be presented with a new choice table. Following Dohmen et al. (2010), we also informed participants
that one row from one of the five choice tables would be randomly selected, and they would be rewarded with the amount
proportional to the choice they made in that selected row, to
encourage participants to choose according to their true preferences for each row.
The same procedure was used for loss-based problems, except that the problems were framed as a choice to buy insurance costing a small fixed amount or retain a small probability

of suffering a larger loss.
Out of 385 instances(77 participants * 5 choice tables),
there were 16 incidents, where participants switched from
risk option to safe option multiple times. The sixteen instances can be classified into two scenarios. Scenario-1, they
selected safe options consecutively. One example, a participant switched from risky option to safe option at 10th row
and selected safe option again in next rows(11,12) and then
moved to the next choice table. In this case, we considered
the first switch (in this example, 10th row) as their risk preference. And in scenario -2, they switched from risky option to
safe option and again selected the risky option then switched
to the safe option. One example, a participant switched from
risky option to safe option at 4th row and then selected risky
option in the 5th row and continued risky option till row 10
and switched to safe option at 11th row. Here we considered
the latest switch( here row 11) as their risk preference. And
in another example, a participant switched from risky option
to safe option at 4th row and then selected risky option in the
5th row and continued risky option till end of the table. Here
we considered last row(20th row) as their risk preference.
The coefficient of relative risk aversion was calculated
from an individual’s utility function (Burks et al., 2009) . We
follow Burks et al. (2009) in assuming that the participant’s
utility for the lottery would be at the midpoint of sa f ei and
sa f e j . (where ’i’ and ’j’ refers to the steps when participant
prefers to take the risk at sa f ei , but switches to the safe option at sa f e j .). The individual’s utility function is then given
by,
c1−σ
,
(3)
u(c) =
1−σ
where σ is the CRRA coefficient we are interested in measuring.
Following Burks et al. (2009) and assuming expected utility maximization, the equation below holds when a participant switches their lottery preference between cells i and j
of the table, and is solved analytically for lottery utility and
then numerically for σ to obtain the coefficient of relative risk
aversion,
p u(lottery) = 0.5 u(sa f ei ) + 0.5 u(sa f e j ),

(4)

where p corresponds to the stated probability of winning the
lottery. The same procedure was used to estimate CRRA in
loss conditions as well.

Results
The mean CRRA estimates for all five choice tables seen by
participants in each quadrant are shown in Figure 3. For each
choice table, we found the best fit line relating CRRA to IQ.
To obtain a summary measure of the trend across choice tables for each quadrant, we shifted the CRRA points from
each choice table to a common intercept (the average intercept across the best fit lines). We then replotted the points using individual slope values from the table-wise best fit lines.
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HPL

Finally, we fitted a linear regression to the combined CRRA
estimates (see rightmost column in Figure 3).

mean=0.34
mean=-2.42
95% HDI
-4.2
-0.7

Table 1: Average slope in all quadrants.
Quadrant
HPG
LPG
LPL
HPL

Sign Prediction
+
+
-

Coefficient
0.31
-0.03
-0.21
-2.41

p
0.03
0.03
0.09
0.000008

f2
0.17
0.17
0.1
1.06

Table 1 documents the coefficient of the IQ variable in
the combined regression for all four quadrants, alongside the
predicted sign of the coefficient, as seen in Figure 1. We
note that the measured coefficients are directionally consistent with our predictions in three of four quadrants. Results
for three quadrants (high probability gains, low probability
gains and high probability losses) statistically significant at
the traditional 0.05 alpha-error level and displaying medium
effect sizes ( f 2 > 0.15) (Cohen, 1988). For the low probable
loss quadrant, we see small effect sizes ( f 2 > 0.02), with the
relationship failing to meet statistical significance.
To verify that the observed relationships between cognitive
ability and risk preference are not an artifact of our data pooling procedure across choice tables, we fit a hierarchical linear
regression model for every quadrant separately. We model the
relationship between CRRA and IQ in each quadrant as follows
CRRAi = slopei ∗ IQ + intercepti + ε
slopei ∼ N (µslope , σ2 slope )
intercepti ∼ N (µintercept , σ2 intercept )
ε ∼ Hal fCauchy(5)

where slopei , intercepti are the slope and intercept parameters for the choice-table ’i’ in a quadrant and ε is noise. We
used Gaussian and half-Gaussian priors, respectively, for our
two mean and two standard deviation hyperparameters.
We fit this model using PyMC3’s NUTS sampler using 2
chains of 2000 draw iterations with 1000 tuning steps. The
key parameter of interest for us is the mean of the distribution
of µslope from which slopes for different choice sets are sampled. Figure 4 plots the quadrant-wise posterior distributions
for µslope from the fitted model. The key observation is that
the MAP estimates of µslope reliably track the average slope
estimates we obtained in our pooled analysis, suggesting that
the pattern seen in the previous analysis is not an artifact of
the data pooling procedure.

HPG

5.0

2.5 0.0
slope
LPL

95% HDI
-0.25
1

mean=-0.2
95% HDI
-0.56
1.0

0.5 0.0
slope

0.85
0
1
slope
LPG

mean=-0.03

95% HDI
0.15 -0.21
0.15
0.5

0.0

slope

0.5

Figure 4: This figure plots the posterior distribution for the
mean distribution from which slopes of all quadrants are sampled with 95% credible intervals.

Discussion
In this paper, we have presented a sampling-based model of
probability judgment for risky prospects and demonstrated
that it shows the classic inverse-S shaped distortion of probability judgments. The model predicted a specific pattern
of correlations between cognitive ability and risk aversion,
which we tested using an experiment with human subjects.
The pattern of results is consistent with the model’s predictions in three of the four quadrants, as well as with earlier empirical studies of the relationship between cognitive
ability and risk preference (Frederick, 2005; Burks et al.,
2009; Dohmen et al., 2010). Andersson, Holm, Tyran, and
Wengström (2016) proposed that the relationship between
cognitive ability and risk aversion is spurious, and the direction of correlation depends on the behavioural noise and the
biased risk elicitation method. In the current study, all the
choice tables in every quadrant are biased in the same direction, although we still see both positive and negative correlations between cognitive ability and risk aversion. This suggests that the relationship between cognitive ability and risk
aversion does not depend solely on the bias in the risk elicitation method and the behavioural noise. However, since results for low probable loss quadrant, failed to meet statistical
significance, further work is needed to verify it.
While previous work has proposed general models of probability distortions (Gershman & Wilson, 2010; Zhang & Maloney, 2012) as well as models of probability distortion that
use retrieval-specific assumptions (Fox & Tversky, 1998; Fox
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Figure 3: This figure plots the relation between CRRA vs IQ for every choice table in all the quadrants, and the average plot to
show the overall trend in a quadrant.
& Rottenstreich, 2003), these proposals have so far been mutually exclusive, in the sense that the former category produce
generalized models by making encoding-based assumptions,
and the latter category produce context- and task-specific
models. The probability-by-sampling model, while specialized to prospect risk in our current presentation, can be extended to other tasks easily. For example, for frequency estimation, we simply need assume that observers sample tokens
until they sample the one they are estimating the frequency
of once, and then average across the token count to produce a
frequency estimate.
Probability-by-sampling is thus a task-general retrievalbased model of probability distortions. It is therefore, able
to accommodate the possibility of veridical encoding of frequency information (Hasher & Zacks, 1984) and the possibility of near-veridical retrieval of probability information using
non-symbolic elicitation procedures (Trommershäuser et al.,
2003; Goldstein & Rothschild, 2014), which are problematic for encoding-based accounts of probability distortions.
Probability-by-sampling is also consistent with recently documented evidence for the use of sampling in probabilistic
judgments in other studies (Zhu et al., 2020).
We note with interest a number of theoretical connections
between probability-by-sampling, and a recent improvement
upon the linear-log-odds model (Zhang, Ren, & Maloney,
2020). In addition to assuming a linear log odds representation of probability, Zhang et al. (2020) show that human

frequency and probability judgments are better explained if
we further assume that the distorted probabilities are mapped
dynamically to a quantized internal Thurstonian scale, with
the noise of the scale subject to variance compensation. The
quantization implicit in the former assumption maps nicely
onto the discrete nature of memory sampling in probabilityby-sampling. Even more interestingly, (Zhang et al., 2020)
show that Gaussian encoding noise on a Thurstone scale in
log-odds, when transformed back into probability is approximately proportional to the variance of a binomial distribution
parameterized by the probability value. Since probability-bysampling involves a sequence of Bernoulli trials parameterized by the probability value, the signature of scale noise in
our model would also be exactly binomial. Exploring synergies and differences between the two models presents a clear
direction for future work.
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Abstract
Little research to date has examined how listeners integrate
cues to non-native speaker identity in real time sentence
processing. Here, we examine listeners’ interpretation of the
semantic and socio-pragmatic content of utterances produced
by either a foreign accented speaker or a native speaker.
Overall, our findings suggest that processing speed was slower
in the presence of foreign accents. However, the extra
perceptual demands of processing unfamiliar accents did not
translate into listeners’ accuracy rates, and in certain sentence
contexts, non-native speakers were also more likely to elicit
higher semantic or pragmatic interpretation accuracy. Our
findings show that non-native speaker identity plays an
important role in listeners’ sentence interpretations.
Keywords: socio-pragmatic inferences; sentence processing;
non-native accent perception; semantic processing

Introduction
When Soviet leader Nikita Khrushchev said “Мы вас
похороним!”, or “We will bury you!”, to Western bloc
diplomats in 1956, the statement caused a frenzy in Western
nations. Only decades later was it clarified that Khrushchev’s
exclamation was borrowed from a catchphrase during bitter
exchanges between farming experts and agrarian scientists in
the 1920s and 30s, which at the time were sloganized as a
dispute on “who will bury whom” (Gorbachev, 1987). Rather
than intending his message as a threat, what Khrushchev tried
to say was that socialism would outlive capitalism: he was
being figurative, not literal.
The Khrushchev case, and many others showing intergroup
misunderstandings, highlight two important questions for
sentence processing. First, why are utterances sometimes
interpreted in a pragmatically enriched way and sometimes in
a literal way? Second, does speaker identity affect utterance
interpretation? To examine these questions, the present
experiments investigate the effects of a speaker’s foreign
accent and non-native speaker identity on listeners’ semantic
and socio-pragmatic processing.
According to the Gricean framework, communication is a
co-operative activity where listeners expect speakers to be,
among other things, as informative as required given the
goals of the conversation (Grice, 1975). When listeners
encounter an utterance that appears to be in violation of this
expectation, they have the chance to pragmatically enrich the
literal meaning of the sentence. A highly cited example of
this phenomenon is the case of scalar implicatures (see

Noveck & Posada, 2003; Bott & Noveck, 2004; De Neys &
Schaeken, 2007; Hunt et al., 2013; Tomlinson et al., 2013;
Papafragou & Skordos, 2016), in which quantifiers like
“some” are used instead of the stronger alternative “all” (e.g.,
“Mary ate some of the cakes”) to convey a pragmatic
meaning (i.e., upper bounded interpretation: “Mary ate some
(but not all) of the cakes”), as opposed to a literal semantic
meaning (i.e., lower bounded interpretation: “Mary ate some
(and possibly all) of the cakes”).
There are still ongoing debates as to how listeners derive
scalar implicatures, and conflicting experimental evidence
exists as to how scalar terms are computed (for a review, see
Breheny, 2019), even in studies using the same paradigms
(e.g., Grodner, Klein, Carbary, & Tanenhaus, 2010; Huang &
Snedeker, 2009). One line of research inspired by these
debates has found that epistemic properties of individual
speakers can affect whether listeners compute utterances in a
literal vs. pragmatic way. Bergen and Grodner (2012), for
example, showed that individuals do not process
underinformative ‘some’ sentences in a pragmatic way when
they are led to believe that the speaker was not
knowledgeable: when processing a sentence such as “Some
of the real estate investments lost money”, participants were
less likely to infer that “some (but not all) of the money was
lost” after they were told that they speaker did not
meticulously compile the accounts. Similarly, listeners can
also make speaker-specific adaptations to process sentences
with “some” and “many” in reference to various quantities of
objects (Yildirim, Degen, Tanenhaus, & Jaeger, 2015). These
findings show that awareness of the speaker’s knowledge
state can modulate how listeners interpret the language input.
A less studied issue, however, is whether listeners also
integrate cues signaling the social identity of the speaker,
including traits that are stable across contexts (e.g., gender,
native language background). In recent years, studies have
shown that listeners perceive and interpret sentences
differently depending on whether the speaker speak with a
foreign or a native accent. For example, P600 neural
responses to syntactic errors (e.g., “She mow the lawn”) are
attenuated when the errors are made by a non-native speaker
(Hanulíková, van Alphen, van Goch, & Weber, 2012).
Likewise, implausible utterances with syntactic errors (e.g.,
“The girl was kicked by the ball”) are more likely to be
interpreted in a plausible way when delivered in a foreign
accent compared to a native accent (Gibson et al., 2017).
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These findings indicate that listeners have different
underlying expectations for non-native compared to native
speakers, and the processing effects derived from these
expectations are immediate. Since foreign accented speakers
are generally expected to be less linguistically competent
compared to native speakers, listeners are more likely to
ignore these language errors when they are produced by nonnative speakers. Consistent with this view, research has also
shown that listeners process foreign accented speech in a less
detailed way (e.g., Lev-Ari & Keysar, 2012), and trivia
statements (e.g., “Ants don’t sleep”) produced with a foreign
accent are rated as less credible (Lev-Ari & Keysar, 2010).
In the domain of socio-pragmatic processing, different
speaker expectations can also affect how listeners interpret
the communicative intentions of foreign accented vs. native
speakers. In a study examining under-informativeness in
native and non-native speakers (Fairchild, Mathis, &
Papafragou, 2020), readers were given explicit information
about a character’s language background (e.g., “Emma is
from Boston and has a strong Boston accent” vs. “Yuqi is
from China and has a strong Chinese accent”) and then read
a story in which the character failed to offer complete
information to a friend (e.g., said that “there were apples and
bananas” in the fridge but did not mention that there were
also pears). When asked about the reasons for the omission,
readers invoked incompetence more often for the non-native
than for the native speaker (e.g., “She didn’t know the word
for pears”); inversely, they invoked unwillingness more often
for the native speaker (e.g., “She wanted to keep the pears”).
In subsequent work (Ip & Papafragou, 2021), this effect has
been extended to spoken utterances and more extreme
scenarios where omitting information would normally be
considered deceptive: in such cases, listeners are less likely
to rate underinformative foreign accented speakers as
dishonest compared to underinformative native speakers.
In particular, because non-native speakers are expected to
be less linguistically competent, readers have also been found
to rate underinformative sentences more highly when they are
attributed to a non-native compared to a native speaker – a
‘pragmatic lenience’ effect. In Fairchild and Papafragou
(2018), readers rated sentences involving everyday common
knowledge. Fairchild and Papafragou created four different
types of sentences involving the quantifiers “all” or “some”;
(1) true “all” sentences (e.g., “All snow is cold and can
melt”), (2) false “all” sentences (e.g., “All women are
doctors”), (3) semantically true “some” sentences carrying a
false “not all” implicature (e.g., “Some elephants have
trunks”, henceforth false-“some”), and (4) true and felicitous
“some” sentences (e.g., “Some people have dogs as pets”).
Overall, true sentences were rated more highly than false
sentences, and pragmatically “false” sentences were rated as
intermediate. Furthermore, whether speaker identity also
affected readers’ evaluations differed across sentence types.
For “some” sentences that were pragmatically
underinformative, readers rated them better when they were
led to believe that the sentences were written by a non-native
speaker, but for the other three sentence types, identity did

not play any role. Therefore, non-native speakers may enjoy
a specific pragmatic advantage when others process the
meaning of what they say.
This and other experiments examining the role of foreign
speaker identity have used written text where participants
were directly informed about the speaker’s native or nonnative status (cf., Fairchild & Papafragou, 2018). This leaves
open the question of how speaker identity emerges in actual
speech input; in real life conversation settings, listeners are
rarely provided with explicit top-down information about
speaker identity. To address this issue, in the present research
we use spoken stimuli as a more direct test of speaker identity
and its role in listeners’ semantic and socio-pragmatic
sentence processing. As a further contribution to this
emerging literature, we examine how listeners perceive
utterances by native and non-native speakers in real time.
We use two basic interpretative tasks that have been widely
used both in research on scalar implicatures and in speech
perception. In Experiment 1, we conduct a Sentence-Picture
Verification task to see how listeners make speeded
judgements about the truth-conditional content of an
utterance (e.g., “Some of these circles are red”) in the context
of a concrete visual scene as an index of semantic processing.
In Experiment 2, we use a Sentence-Only Verification task to
examine listeners’ judgements of common knowledge
sentences (e.g., “All women are doctors”) as a more openended measure of meaning. As in Fairchild and Papafragou
(2018) and many other studies (e.g., Noveck & Posada, 2003;
Bott & Noveck, 2004; De Neys & Schaeken, 2007), we
present listeners in both experiments with four types of
sentences: (1) true sentences with “all” (All-True), (2) false
sentences with “all” (All-False), (3) true “some" sentences
that carry a false pragmatic implicature (Some-False), and (4)
true and pragmatically felicitous “some” sentences (SomeTrue). These sentences are presented in various degrees of
accentedness; listeners hear sentences produced in either a
native, a light foreign, or a heavy foreign accent.
Since foreign accents incur extra perceptual demands on
listeners (e.g., Bent & Bradlow, 2003; Munro & Derwing,
1995), we predict that listeners’ reaction times in both
experiments will be slower for all sentence types when they
are produced with a foreign accent. Of interest is whether
listeners’ semantic and socio-pragmatic interpretation of
these sentences may differ depending on the native vs. nonnative speaker identity. A first specific question is whether
listeners will show lenience for falsehoods or infelicities in
non-native speech. Of particular interest are the Some-False
sentences, which, as mentioned earlier, are semantically true
but pragmatically infelicitous as a result of a false scalar
implicature. In previous studies, listeners have been found to
differ in whether they interpret these sentences as literally
true or pragmatically false (e.g., Bott & Noveck, 2004): could
native vs. non-native speaker identity modulate this effect?
A second question is whether listeners’ interpretation of
native vs. non-native sentences might depend on the specific
task, with greater variability when interpreting real-world
sentences that invite richer socio-pragmatic reasoning
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(Experiment 2) compared to the more straightforward
demands of verifying a sentence against a simple visual scene
(Experiment 1).

Experiment 1
Experiment 1 used a Sentence-Picture Verification task to
examine potential effects of accents on listeners’ speeded
truth-value judgements of the propositional content of an
utterance against a simple co-present geometric scene.

Participants
The final sample comprised 120 adult participants. All
participants were monolingual native speakers of American
English living in the United States of America and were
recruited online via Prolific.

Materials and Procedure
The procedure for the Sentence-Picture Verification task was
adapted from Zwaan, Stanfield, and Yaxley (2002).
Participants first heard a quantified sentence with all or some
(e.g., “All/Some of these circles are red”) and then saw a
picture (e.g., a picture with eight circles where five of the
circles were red). While seeing the picture, participants had
to press one of two buttons within a two-second time window
to indicate whether the picture they were seeing matched the
utterance the just heard (see Figure 1). Participants were told
to respond as quickly and as accurately as possible.
Participants had the option to press on their keyboard either
“F” for “Match” or “J” for “Does Not Match”.

utterances (Native, Light Foreign, Heavy Foreign) was
manipulated between participants. The Native utterances
were produced by a native female speaker of American
English. Both the Light and Heavy Foreign accents were
produced with a Chinese accent by a female speaker who was
a native speaker of Mandarin Chinese. A norming study
confirmed that all three accents differed significantly from
each other in terms of their intelligibility: when asked “How
easy is it to understand the speaker’s English?”, the Native
accent was easier to understand than both the Heavy Foreign,
t(69) = 40.40, p < .001, and the Light Foreign accent, t(67) =
13.64, p < .001, and the Light Foreign accent was easier than
the Heavy Foreign accent, t(143) = 6.07, p < .001. A further
norming study involving a separate sample of participants
showed that, when asked “How close to a native speaker of
English does the speaker sound?”, the Native accent was
more highly rated than both the Light, t(67) = 19.52, p < .001,
and the Heavy Foreign accents, t(69) = 46.90, p < .001;
however, the Light and Heavy Foreign accents did not differ
in nativeness ratings, t(143) = 1.45, p = .148.
There was a total of 72 trials, with 18 trials for each
Sentence Type. The trial sequence was pseudo-randomized.
The pictures combined eight different shapes (e.g., circles,
triangles, hearts) and nine different colors or patterns (e.g.,
red, blue, striped). All of the different shape and color-pattern
combinations were counterbalanced. In conformance with
general practice in research in speech perception, we also
counterbalanced the trial order by including a list with the
reversed order of the original trial order.

Results and Discussion
Audio: “All of these circles are red”

+

Generalized Linear Mixed-Effects Regression (GLMER)
models were constructed for each Sentence Type to examine
the effect of Accent on participants’ accuracy rates. The
baseline model included random slopes of sentence item by
the effect of Accent; all other random slopes were excluded
due to failure of the model to converge. Predictors (e.g.,
Accent) were added in a stepwise fashion to determine model
fit; predictors that did not yield significant improvement were
dropped before additional predictors were added. Based on
our GLMER analyses, there were no significant main effects
of Accent on listeners’ accuracy rates for All-True, All-False,
and Some-True utterances (see Table 1). However, a different
pattern was observed for the Some-False utterances, where
adding Accent as a predictor significantly improved model
fit, χ2 (1) = 36.88, p < .001. Here, the Some-False utterances
produced with a Heavy Foreign accent were more likely to
elicit pragmatic (“Do Not Match”) responses compared to the
same utterances produced with a Native accent.

Fixation: 250 ms

Response Window: 2500 ms

Sentence Types
All-True: “All of these circles are red”

All-False: “All of these circles are red”

Some-False: “Some of these circles are red”

Some-True: “Some of these circles are red”

Table 1: Percentage of correct (or pragmatically felicitous
Some-False) responses in Experiment 1.

Figure 1: Sentence-Picture Verification task
procedures and the 4 Sentence Types.
Sentence Type was manipulated within participants (i.e.,
All-True, All-False, Some-False, Some-True; note that the
Some-False sentences were semantically true but conveyed a
false implicature, “Some but not all”). Accent of the spoken
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Further one-way ANOVAs were conducted for each
Sentence Type to examine the effect of Accent on
participants’ response times (RTs) for correct responses (see
Figure 2). Levene’s adjusted p-values were used in cases of
violation of sphericity, and the significance threshold (α=
.05) for follow-up t-tests was Bonferroni-adjusted.

of judgments took longer in the presence of heavily accented
speech. The one exception were Some-False sentences,
where accent type did not affect RTs, and heavily accented
utterances elicited more pragmatically matching responses
than natively accented utterances, suggesting that listeners
were less likely to view these sentences as literally true.

Experiment 2

Response Time (ms)

Experiment 2 used a Sentence-Only Verification task to
examine how listeners interpret sentence meanings in the
presence of different speaker accents using sentences that
were derived from everyday common knowledge (and were
not accompanied by visual stimuli). This paradigm has been
used in many past studies of pragmatic processing and scalar
implicature (e.g., Noveck & Posada, 2003; Bott & Noveck,
2004; De Neys & Schaeken, 2007; Huang & Snedeker, 2009;
Hunt et al., 2013; Tomlinson et al., 2013). By extending this
paradigm to foreign accented speech, we asked whether
different sentence types are processed differently as a
function of the speaker’s native vs. foreign identity.
Figure 2: Response Times (in ms) for correct responses
as a function of Accent and Sentence Type. Note that
Some-False responses are for pragmatic responses.

Participants

For All-True sentences, there was a significant main effect
of Accent, F(2, 116) = 6.21, p= .003. Follow-up t-tests found
that the Native accent elicited faster RTs (M = 698.35, SD =
124.50) than the Heavy Foreign accent (M = 811.63, SD =
166.45), t(78) = -3.45, p = .001, but not the Light Foreign
accent (M = 743.55, SD = 140.09), t(77) = -1.52, p = .133.
However, the Light Foreign accent elicited marginally faster
RTs than the Heavy Foreign accent, t(77) = -1.96, p = .053.
For All-False sentences, analyses revealed a marginally
significant main effect of Accent, F(2, 116) = 3.06, p= .051,
where the Native accent elicited faster RTs (M = 841.36, SD
= 150.58) than the Heavy Foreign accent (M = 929.17, SD =
149.85), t(78) = -2.61, p = .011, but not faster than the Light
accent (M = 877.16, SD = 177.21), t(77) = -.97, p = .336.
There was also no RT difference between the Heavy vs. Light
Foreign accents, t(77) = -1.41, p = .163
For the Some-False sentences, we analyzed listeners’ RTs
for both their responses that were pragmatically matching
(i.e., “Do Not Match”) and literally matching (i.e., “Match”).
There were no main effects of Accent for either the pragmatic
responses, F(2, 86) = .10, p= .909, or the literal responses,
F(2, 88) = 2.02, p= .138.
For Some-True sentences, analyses also found a significant
effect of Accent, F(2, 117) = 4.20, p= .017. Again, the Native
accent elicited faster RTs (M = 838.25, SD = 153.08) than the
Heavy accent (M = 948.37, SD = 162.18) t(78) = -3.12, p =
.003, but not the Light accent (M = 874.14, SD = 200.89),
t(78) = -.90, p = .372. RTs for the Light accent were also
marginally faster than those in the Heavy Foreign accent,
t(78) = -.82, p = .073.
Overall, the results indicate that listeners’ Sentence-toPicture (i.e., truth-value) judgements were largely unaffected
by accent in terms of accuracy, even though the computation

A new sample of 120 adult participants was recruited from
Prolific. As with Experiment 1, all participants were
monolingual native speakers of English.

Materials and Procedure
As with the Sentence-Picture Verification task, participants
heard a quantified sentence involving all or some, this time
without pictures. Participants were asked to judge whether
they “Agreed” or “Disagreed” with what the speaker said
within a two-second timeframe immediately after hearing it
(i.e., Press F for “Agree”, Press J for “Disagree”). As in
Experiment 1, participants were asked to respond as quickly
and as accurately as possible.
Sentence Type was again manipulated as a withinparticipant variable: (1) All-True (e.g., “All snow is cold and
can melt”), (2) All-False (e.g., “All women are doctors who
went to medical school”), (3) Some-False (e.g., “Some fire is
hot to the touch”), and (4) Some-True (e.g., “Some people
have dogs as pets”). Accent was manipulated between
participants (Native, Light Foreign, Heavy Foreign); the
same speakers as in Experiment 1 provided the spoken
sentences. There was a total of 72 trials, with 18 trials for
each Sentence Types arranged in a pseudo-randomized order.

Results and Discussion
As in Experiment 1, separate GLMER models for each
Sentence Type were constructed with random slopes of
sentence items by the effect of Accent; again, other random
factors were not included because the models failed to
converge. Adding Accent into the model for All-True
Sentence Type did not significantly improve model fit.
However, there were main effects of Accent for both AllFalse, χ2(1) = 10.47, p = .001, and Some-True, χ2(1) = 7.70,
p = .006: in both cases, listeners were more accurate when

2936

agreeing or disagreeing with a statement for foreign accented
sentences than for native accented sentences (see Table 2).
For Some-False, however, analyses did not reveal a main
effect of Accent.

Response Time (ms)

Table 2: Percentage of correct (or pragmatically felicitous
for Some-False) responses in Experiment 2.

-1.65, p = .104, and there was no RT difference between the
Light and Heavy Foreign accent, t(69) = -1.18, p = .240.
Finally, for Some-True sentences, there was also a
significant main effect of Accent, F(2, 102) = 3.86, p = .024.
Here again, utterances produced in the Native accent (M =
383.18, SD = 382.23) had faster RTs than the utterances
produced in the Heavy accent (M = 589.48, SD = 231.70),
t(65) = -2.66, p = .010, but not faster than those produced in
the Light Foreign accent (M = 458.21, SD = 290.06), t(70) =
-.94, p = .348, even though the utterances in the Light Foreign
accent elicited marginally faster RTs than utterances in the
Heavy Foreign accent.
As in Experiment 1, our RT results demonstrate that
foreign accents incurred a perceptual cost on listeners’
sentence processing, in line with in a wealth of previous
studies (e.g., Bent & Bradlow, 2003; Munro & Derwing,
1995; Schmid & Yeni-Komshian, 1999). In addition, and
orthogonally to this finding, listeners were more accurate at
judging All-False and Some-True sentences when these were
produced in a foreign accent; unlike Experiment 1, there was
no difference in the interpretations of the Some-False
sentences across the different accent contexts. We return to
the interpretation of these results in the section below.

General Discussion
Figure 2: Response Times (in ms) for correct responses
as a function of Accent and Sentence Type.
In terms of participants’ correct judgement RTs (see Figure
3), analyses for All-True utterances did not find a significant
main effect of Accent, F(2, 107) = .44, p= .645. For All-False
sentences, however, there was a significant effect of Accent,
F(2, 97) = 3.72, p= .028: utterances produced in the Native
accent (M = 288.08, SD = 281.49) had faster RTs than
utterances produced in the Heavy Foreign accent (M =
554.47, SD = 320.26), t(60) = -3.46, p = .001. However, there
was no difference in RTs between the utterances with Native
or Light Foreign accent (M = 422.85, SD = 487.28), t(65) = 1.33, p = .189, and between the utterances with Heavy and
the Light Foreign accent, t(69) = -1.32, p = .190.
For Some-False utterances, analyses for pragmatic
(“Disagree”) responses revealed a significant main effect of
Accent, F(2, 79) = 6.78, p= .002. Follow-up t-tests revealed
that the Native accented sentences (M = 591.32, SD = 526.70)
had faster RTs compared to both sentences produced in the
Heavy Foreign accent (M = 1013.76, SD = 335.10), t(48) = 3.45, p = .001, as well as sentences produced in the Light
Foreign accent (M = 896.14, SD = 380.11), t(52) = -2.47, p =
.017. There was no difference in RT between the Heavy and
Light Foreign accent, t(58) = -1.26, p = .212.
For the Some-False sentences eliciting literal (“Agree”)
responses, there was also a similar main effect of Accent, F(2,
107) = 3.87, p = .024. Here, Native accent (M = 640.09, SD
= 352.28) elicited faster RTs than the Heavy Foreign accent
(M = 828.47, SD = 236.90), t(66.81) = -2.70, p = .009, but not
the Light Foreign accent (M = 757.36, SD = 264.91), t(75) =

Recent years have seen a growing number of findings on the
role of native vs. foreign accented speaker identity across
various domains of language processing: syntactic errors are
more likely to be ignored when produced in foreign-accented
speech (e.g., Gibson et al., 2017; Hanulíková et al., 2012),
pragmatic under-informativeness is tolerated more when
attributed to a foreign accented speaker (e.g., Fairchild et al.,
2020), and accented speakers who fail to disclose relevant
information are less likely to be viewed as dishonest (e.g., Ip
& Papafragou, 2021). All these findings suggest that listeners
have different expectations for native vs. foreign speakers,
and incorporate these expectations to interpret the sentence
content produced by different speakers. The present
experiments set out to test the boundaries and scope of
listeners’ reliance to stable cues from speaker identity (i.e.,
foreign non-native vs. native speakers) to interpret, in real
time, the underlying meaning of an utterance.
We demonstrate that perceiving unfamiliar foreign
accented speech carries perceptual costs (e.g., Bent &
Bradlow, 2003; Lane, 1963; Munro & Derwing, 1995;
Schmid & Yeni-Komshian, 1999): in both experiments,
listeners were overwhelmingly slower at processing heavily
accented sentences compared to those produced by a native
speaker (see also Witteman, Weber, & McQueen, 2013).
However, this cost did not negatively affect listeners’ overall
verification accuracy. In Experiment 1 where various outside
parameters (e.g., world knowledge) were constrained through
our manipulation of a visual context, listeners were more
likely to correctly reject pragmatically infelicitous SomeFalse sentences when these were produced with a foreign
accent (e.g., “Some of these circles are red” when all circles
were red). Even in Experiment 2 that used more open-ended
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everyday sentences (e.g., “All women are doctors who went
to medical school”), we found no decrease in accuracy for
accented speech, and in some cases (i.e., All-False and SomeTrue sentences), listeners were more accurate at judging the
truth-value of the accented sentences. Therefore, perceptual
costs associated with perception of accented speech may not
necessarily permeate through listeners’ processing accuracy,
and in some contexts, the presence of foreign accents may
even facilitate better processing of both the semantic and
socio-pragmatic meaning of spoken sentences.
It is still an open question why sentence interpretation
accuracy selectively improved in the presence of foreign
accents despite the slowing down in response time. One
explanation could be that participants deliberately adjusted
their behavior when listening to accented utterances.
Participants who heard sentences produced with an
unfamiliar foreign accent might have slowed down not only
because the foreign accent was harder to process, but also
because they wanted or needed to be more careful, thus
becoming more accurate. However, this explanation is not
complete because it cannot account for the various nuances
that we found in participants’ response times and accuracy
rates. Specifically, in Experiment 1 where only Some-False
sentences showed more pragmatically matching responses in
the non-native contexts, listeners showed no response time
differences like they did with the other sentence types.
Similarly, in Experiment 2, where accented utterances
incurred slower response times for Some-False sentences,
there were no significant improvements in listeners’
pragmatic accuracy (although there is trend leaning towards
more pragmatic interpretations for the lightly accented
speaker). At the same time, previous research has shown that
foreign accents cause listeners to process sentences in a less
detailed way (Lev-Ari & Keysar, 2010), which further puts
this explanation into question.
It is also unclear how listeners integrate speaker identity
cues to choose between pragmatic vs. literal meanings of
scalar implicture sentences (i.e., Some-False sentences). As
already mentioned, when listeners were asked to make simple
truth-value judgements during Sentence-Picture Verification
task, they were significantly more likely to process these
sentences with an upper-bounded pragmatic interpretation in
the presence of heavily accented speech. However, this effect
disappeared when listeners heard the everyday sentences in
the Sentence-Only Verification task. It is therefore too early
to conclude whether foreign accented speakers, in general,
incur more pragmatic or literal interpretations, and whether
this differs as a function of different experimental paradigms.
Further research into these issues is warranted.
Overall, our findings have broader implications for
accounts of how speaker identity affects non-native speech
processing and social cognition. First, our experiments
provide insights into how listeners process the pragmatics of
native and non-native utterances. We show that accents are
not only linguistic stimuli that affect speech processing, but
also a rich set of social cues to speaker group identity that
listeners must incorporate to make inferences about the

speakers’ communicative intentions (see Wilson & Sperber,
2004).
To conclude, we are far from understanding how listeners
interpret the communicative intentions of different speakers,
such as whether some types of speakers encourage more
literal meanings, while others more pragmatic ones.
Nevertheless, studying listeners’ integration of native vs.
non-native speaker identity cues, in real time, could provide
insights into these issues.
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Abstract
Human reinforcement learning (RL) is characterized by different challenges. Exploration has been studied extensively in
multi-armed bandits, while planning has been investigated in
multi-step decision tasks. More recent work has added structured rewards to study generalization. However, past studies
have often focused on a single one of these aspects, making
it hard to compare results. We propose a generative model
for constructing correlated trees to provide a unified and scalable method for studying exploration, planning, and generalization in a single task. In an online experiment, we find that
people use structure (when provided) to generalize and perform uncertainty-directed exploration, with structure helping
more in larger environments. In environments without structure, exploration becomes more random and more planning is
needed. All behavioral effects are captured in a single model
with recoverable parameters. In conclusion, our results connect past research on human RL in one framework using correlated trees.
Keywords: multi-step decisions; correlated environments; exploration; generalization; planning; trees.

Introduction
Any agent placed in a sufficiently complex environment faces
a similar set of challenges. If the goal is to maximize rewards,
then the agent needs to balance between exploring unfamiliar options to gain information and exploiting options that
are known to be good (Schulz & Gershman, 2019). Moreover, if the structure of rewards are predictable, then intelligent agents should use this structure to generalize from past
knowledge to unseen options (Wu, Schulz, Speekenbrink,
Nelson, & Meder, 2018), thereby speeding up learning by
directing exploration towards promising options. Finally, in
sequential decision problems, maximizing rewards requires
planning the best sequence of actions rather than only selecting actions myopically (Daw, Gershman, Seymour, Dayan, &
Dolan, 2011).
Given the importance of these challenges, it comes as no
surprise that past research on human reinforcement learning (RL) has focused substantially on how people explore
(Wilson, Geana, White, Ludvig, & Cohen, 2014; Speekenbrink & Konstantinidis, 2015), generalize (Franklin & Frank,
2020; Wu, Schulz, Garvert, Meder, & Schuck, 2020), and
plan (Huys et al., 2015; Keramati, Smittenaar, Dolan, &
Dayan, 2016). Yet existing research has often often studied and designed models for only one of these dimension
of learning. In order to generalize our understanding of human RL more broadly, we need to integrate our insights over

whole classes of problems that simultaneously assess how
people explore, generalize, and plan.
In the current work, we propose a method to bridge diverse paradigms and models of human RL. Specifically, we
programmatically generate tree-structured tasks with different branching factors or breadths (b), reward correlations (c),
and depths (d) (Fig. 1A). The branching factor modulates exploration by defining how many actions need to be considered
in any state. States are correlated in their reward, providing
traction for generalization. This is inspired by Wu, Schulz,
and Gershman (2021), who showed that people can learn reward correlations on graphs. Here, we extend their design to
a multi-step decision process, using trees instead of general
graphs, such that planning can be modelled. This planning
dimension is simply determined by the depth of the tree.
Our behavioral results show that people use structure to
explore in a directed fashion, generalize about correlated rewards, and plan ahead by taking the rewards of next steps
into account. The effect of directed exploration was especially strong in correlated reward environments, while more
planning was needed in uncorrelated worlds. Participants’ behavior was captured and realistically simulated by a Bayesian
model of generalization, exploration, and planning, whose
parameter estimates were highly recoverable. Our model results revealed a trade-off between generalization and planning, as well as between directed and random exploration,
depending on the reward structure. Taken together, our results
connect past research on human RL in one coherent experimental and modelling framework, and pave the way for future
investigations of generalization, exploration, and planning in
complex environments.

Experiment: Correlated Trees
We use decision trees as a framework to study decision processes with an arbitrary number of steps. Each node is a state
in the task associated with some reward. Participants were
asked to make repeated trips from the root node to one of
the terminal nodes, accumulating as much reward as possible
over a fixed number of trials.
Generative model. The depth d ∈ {2, 3, 4} of a tree determines the number of decisions the agent needs to make to
reach a leaf node, and the branching factor b ∈ {2, 3, 4} defines the number of possible options in each state. Each node
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In this city you collected 554 units of energium in total.
That is 88% of the best possible performance.
Your spaceship is ready to launch again!

feedback after
each city / tree

Correlation (c)

Fly to the next city

Generalization
Figure 1: A. Tree space. Our space of Correlated Trees is defined by breadth / branching factor (b), correlation strength (c), and depth (d).
B. Experiment. Example tree (“alien city”) used in the experiment (b = 4, c = 1, d = 3). Nodes had to be uncovered trial by trial, by walking
from the center square to a terminal node on the outermost level via the grey “streets”. The lateral streets (arcs) introduce correlations between
sibling nodes but were not traversable. In the example, the agent is currently in the 58-node and can transition to one of the four blue-bordered
nodes, three of which have previously been visited (reddish) and one is unvisited (grey). Black lines serve to visually separate sub-trees.

generates noisy rewards, where the reward structure is determined by a correlation parameter c ∈ {0, 1}, corresponding to
random or structured rewards, respectively.
In the random reward condition (c = 0), nodes were sampled independently from a normal distribution ∼ N (50, 25).
In the structured reward condition (c = 1), we defined a correlated reward structure such that nodes connected by an edge
produced similar rewards. In addition to traversable edges of
the tree (straight edges in Fig. 1B), we added non-traversable
lateral edges between neighboring sibling nodes on the same
level (rounded edges in Fig. 1B) to add correlations between
options within each decision. Specifically, expected rewards
for each node were sampled from a Gaussian Process (GP )
prior, parameterized by a diffusion kernel (Wu et al., 2021;
Kondor & Lafferty, 2002):
r ∼ GP (µ, K),

K = σ2 · exp(−c · L)

(1)

The kernel K defines a covariance structure based on the
graph Laplacian L = D − A, where D is the degree matrix
and A is the adjacency matrix of the graph. Again, we used a
mean of µ = 50 and a standard deviation of σ = 25. Since reward variance over paths increases with correlation strength,
we sampled the uncorrelated trees such that they had the exact
same path sums as a corresponding correlated tree, in order
to balance attainable rewards in both conditions.
Participants and design. We ran an online study on Prolific (N = 107), where we manipulated reward structure
between-subjects (c = 0 vs. c = 1) and manipulated tree
structure within-subject (b ∈ {2, 3, 4} × d ∈ {2, 3, 4}). Pay-

ment was performance-dependent and averaged 9.93 GBP per
hour, with a median task duration of 27.66 min. Upon data inspection, we excluded 8 subjects who performed worse than
2 standard deviations below the mean score, plus one subject with data loss. Our final sample included 98 participants
(Nc=0 = 48 and Nc=1 = 50; 41 female; mean age = 26.47).
Materials and procedure. Participants were given a cover
story describing the trees as alien cities (Fig. 1B). Their task
was described as collecting energy units (i.e., rewards) at the
nodes by repeatedly traveling from the center square to the
outskirts (i.e., a terminal node in the outer level). The instructed goal was to maximize the total reward in each city,
which could be achieved by finding and exploiting the best
path. The monetary bonus was directly dependent on the
amount of reward collected across all cities.
Participants assigned to the random reward condition were
explicitly told that no structure can be used to direct their
search and all rewards were independent. Participants assigned to the correlated condition were instructed that there
were meaningful similarities between nodes connected by a
street (including the lateral connections). Reward observations included Gaussian noise ∼ N (0, 2). For each new city,
all nodes were initially shown in grey, but upon clicking,
they displayed a numerical label and color indicating the observed reward. All visited nodes remained visible, displaying the most recent observation. Participants were explicitly
informed that rewards would not diminish as a consequence
of sampling the same node twice (as energy units would be
recharged between walks), which was reinforced during the
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tutorial and confirmed during a comprehension check. We
also ensured that participants could never know if they found
the best node already, because the maximum reward varied
from city to city (as a result of the sampling procedure).
We denote each walk from the center to a terminal node as
a trial. After each trial, participants were teleported back to
the center, where they were shown the cumulative reward of
the trial (e.g., ”+108” in Fig. 1B) for 2 seconds, before starting again. There were 15 trials per city and 9 cities in total
(all combinations of b and d). The different city sizes appeared in random order. The number of unique paths varied
between 2 and 43 = 64. We pre-generated 10 tree versions
of each size, which were randomly assigned to participants
in the task. Each participant completed all the tree sizes once
(with no repetitions). After each city, participants were shown
their average reward as a percentage relative to the best possible reward (see blue box of Fig. 1B), and they received bonus
payments relative to their overall score.

Results
Behavioral results
A main comparison of interest was the between-subject manipulation of reward correlations (c = 0 vs. c = 1). A secondary aspect was the scaling of behavior across different
tree sizes (within-subject). Thus, Figure 2A-C focuses on
plotting the effect of reward correlations on performance, exploration, and planning (lines), while reporting the effects
of tree structure and their possible interactions as regression
weights (dot plots). We used linear mixed effect regressions
with participant-specific random intercepts, where all predictors were z-standardized.
Performance. Figure 2A shows that performance in both
conditions improved over time, but less quickly and with
a lower asymptote for c = 0. The linear model confirmed
a significant main effect of c (βˆ = 1.58 ± 0.22, p < .001),
and revealed strong interaction effects of c with both branching factor b (βˆ = 0.69 ± 0.10, p < .001) and depth d (βˆ =
0.91 ± 0.10, p < .001). This suggests subjects made use of
the reward structure, and benefited even more from it in larger
environments. Note that the random reward environment was
not more difficult a priori, since we controlled for chance and
the conditions were matched to equal attainable rewards.
Exploration. Next, we looked at how participants explored,
hypothesizing they would begin by exploring diverse paths
to get a broad overview, before narrowing down their search
to exploit the most promising paths. This form of strategic
search should work better in the correlated condition, given
the increased traction that generalization provides for exploration. We constructed a behavioral measure of exploration
called the “path distance” d path between paths pn and pn+1
taken in consecutive trials. Given a tree of depth d and
branching factor b, it was defined based on the level ∆d at

which the paths forked and how far apart they forked ∆b:
d path (pn , pn+1 ) = ∆b · bd−∆d .

(2)

Figure 2B shows how path distance decreased over trials,
but remained larger for the c = 0 condition (βˆ = −0.46 ±
0.17, p = .008). Path distance also increased with the size
of the tree – trivially – since this would even happen under a random policy. Nonetheless, the negative interaction
of c with b (βˆ = −0.29 ± 0.09, p < .001) and c with d (βˆ =
−0.43 ± 0.09, p < .001) suggested that larger tree sizes did
not increase exploration much in correlated cities. One interpretation is that as a result of successful generalization, large
parts of the tree could be avoided due to expectations of poor
rewards, allowing for less but more efficient exploration.
Planning. Lastly, we were interested in how far people
looked ahead when planning their walks. We hypothesized
that more look-ahead would yield higher rewards on later
steps of the walk. In contrast, following rewards myopically
would result in higher rewards in earlier steps. Figure 2C
shows reward as a function of steps, averaged over all walks
(corrected for chance using z-scoring w.r.t. the statistics of the
rewards within a tree-level). We excluded 1-step (d = 2) trees
to focus only on genuine multi-step decisions. Our results
suggest people looked ahead in both conditions, with a significant main effect of c (βˆ = 0.49 ± 0.03, p < .001), as well as
an interaction of c with the step number (βˆ = 1.10 ± 0.01, p <
.001). This implies that exploiting structure helps, especially
for finding higher distant rewards.

Modelling results
We model participant behavior using a single model combining generalization, exploration, and planning components. A
Gaussian process (GP) regression model with a diffusion kernel provides a method of generalization (Wu et al., 2021),
Upper Confidence Bound (UCB) sampling provides a mechanism for performing uncertainty-directed exploration (Wilson
et al., 2014; Schulz & Gershman, 2019), and temporal lookahead to distant nodes provides a means for planning.
We first describe how a GP can be used to generalize rewards from past observations onto unobserved nodes. We use
the same diffusion kernel K from Eq. 1, but use α in place of
c as a free parameter, since the true generating c is unknown
to the subjects. Every new observation is added to the dataset
of rewards Y and nodes X, and the GP model updates its mean
m and variance v predictions for each node x according to the
standard GP posteriors (Rasmussen & Williams, 2006):
m(x) = µ + KxX (KXX + σ2ε I)−1 (Y − µ)

(3)

v(x) = KxX − KxX (KXX + σ2ε I)−1 KXx

(4)

where KxX denotes evaluation of the kernel at node x paired
with all other nodes X. The GP knows the true mean of the
environment µ = 50, and the kernel K = σ2 exp(−α · L) uses
the true sd σ = 25 and full knowledge about the graph (L).
Also the noise variance was the same as in the task, σ2ε = 2.
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Figure 2: Behavioral results. Red for uncorrelated (c = 0), blue for correlated (c = 1) condition. A Normalized path reward over trials
(chance = 0). B Path distance between consecutive trials. C Amount of reward for a single step within a trial (corrected for statistics within a
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The bottom row (panels D, E, F) mirrors the upper one, but shows data simulated by our full model (see Modelling results).

Next, we define node utility u using UCB as a weighted
sum of the estimated mean and variance of each node:
p
u(x) = m(x) + β v(x).
(5)
The non-negative β parameter controls the amount of uncertainty bonus for variance-directed exploration, such that β = 0
would correspond to a mean-greedy policy.
Since the task is not to find the best node but the best
path, we define the utility of a path as a sum over weighted
node utilities, where the look-ahead parameter γ controls how
much the agent values future prospects:
U(x1 , x2 , . . . ) = γ0 u(x1 ) + γ1 u(x2 ) + . . .

(6)

γ = 0 corresponds to myopic behavior, which only takes into
account immediate rewards, while γ = 1 would equally value
each node along the path. Note that we do not restrict γ ≤ 1
(as is common for discounting in RL), since it is conceivable
that the agent pays more attention to late rewards (γ > 1) when
planning, corresponding to hyperopia.
Lastly, we apply a softmax function to transform these path
utilities into corresponding choice probabilities

In summary, our model describes generalization via the diffusion parameter α, uncertainty-directed exploration via the
UCB weight β, and planning via the look-ahead factor γ. The
softmax temperature parameter τ introduces a second, more
random form of exploration.

Model fitting
We fit the model to each subject individually using a maximum likelihood approach, yielding the most likely parameter set (α, β, γ, τ) and the model likelihood L under these
parameters. Additionally, we fit various lesioned versions of
our model by systematically removing components via fixed
parameters. We compare models using BIC = −2 log L +
k · log(n) where k is the number of parameters (4 for the
full model, 0 for random policy) and n = 15 · 9 = 135 is the
number of trials. For intuition, we report goodness of fit using
a pseudo-R2 measure:
R2 = 1 −

BIC(model)
BIC(random)

(8)

(7)

as an interpretable comparison to a random baseline. Intuitively, R2 = 0 indicates chance level predictions and R2 = 1
is a perfect model.

where higher values of the temperature parameter τ corresponds to more random exploration.

Model comparison. How well does our model capture participant data? Taking a random policy as a baseline (corre-

pi =

exp(Ui /τ)
,
∑ j exp(U j /τ)
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sponding to R2 = 0), our model fits the correlated condition
much better than the uncorrelated condition (mean R2 = .394
vs. R2 = .255; 2-sample t-test, t(95) = −5.021, p < .001;
Fig. 3A). This makes sense, because behavior in the uncorrelated condition was expected to be more random and less
predictable.
We then performed several comparisons to lesioned models, defined by fixing one of the model parameters, to test the
importance of the generalization, directed exploration, and
planning components. Figure 3B shows the corresponding
difference in R2 to the full model, where negative values indicate superiority of the full model.
We first lesioned the ability to generalize by fixing α = 0.
We expected this to specifically impact the correlated reward condition, but be quite adaptive for the uncorrelated
condition (where c = 0). Unsurprisingly, the α = 0 model
performed worse in the correlated condition (paired t-test,
t(49) = −5.20, p < .001), but better in the uncorrelated condition (t(47) = 5.82, p < .001). Next, we lesioned directed
exploration by setting β = 0, which produced worse predictions in both conditions (c = 0 : t(47) = −2.91, p = .006; c =
1 : t(49) = −6.3, p < .001), but with a much larger effect
in the correlated condition. Lastly, we use γ = 1 as a lesioned form of temporal discounting, in which all nodes
are treated equally. We find that there was no difference
in comparison to the full model for the correlated condition
(t(49) = −0.28, p > .05), which is consistent with γ estimates
in the full model (Fig. 3B) being quite close to 1. However,
the γ = 1 lesion performed worse for uncorrelated rewards
(t(47) = −2.18, p = .034), suggesting that the best fit for γ
in this condition is different from 1 – in fact it is larger, as
described below.
Simulated behavior. As an additional check on the reliability of our full model, we simulated behavior using par-

ticipant parameter estimates (Fig. 2D-F). By and large, all
effects were reproduced qualitatively. Quantitatively, asymptotic performance is a bit lower, reflecting that our model is
not perfect. Notably, there is profoundly less decay in exploration distance for the c = 0 condition. This suggests that
humans might use a dynamic exploration schedule that is not
captured by our model (e.g., changing τ or β over trials). Furthermore, the increase in reward per step (Fig. 2F) is less
steep for the c = 0 condition than in the subject data.
Parameter estimates. We now focus on interpreting the
parameters of our model, which we compare across reward
conditions. Figure 3C shows the parameter fits on participant data, while the same effects display in the recovered parameters (Fig. 3D). Firstly, we found that participants used
structure when it was provided. In line with our lesion analysis, participants generalized more in the correlated than in
the uncorrelated condition (Wilcoxon signed-rank test, W =
438, p < .001). Notably, the estimated α in the correlated
condition was still significantly below the true c = 1, which
echos past evidence of under-generalization in spatial (Wu et
al., 2018), conceptual (Wu et al., 2020), and graph-correlated
bandits (Wu et al., 2021).
Secondly, β estimates were slightly higher (W = 818, p <
.007) in the correlated condition. This may be because
through generalization, directed exploration is more efficient.
In contrast, in the uncorrelated condition, variance estimates
are not meaningfully informed by neighboring nodes, and
thus a lower uncertainty bonus makes sense. For a similar
argument, we see the opposite trend in τ, driving random
exploration, which was higher in the uncorrelated condition
(W = 2087, p < .001).
Lastly, we found higher γ estimates in the uncorrelated
condition (W = 1567, p < .009), whereas the lesion analysis revealed that a fixed γ = 1 predicts better in the correlated
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condition. Curiously, participants in the uncorrelated condition were better fit by a γ slightly above 1 (one sample t-test,
t(47) = 2.87, p = .006). Since we did not constrain the model
to using 0 ≤ γ ≤ 1, as is common in RL models, here γ > 1
suggest that more weight was placed on more distant rewards.
This intuition aligns with the natural statistics of the task: the
most rewarding nodes are more likely positioned in the last
step, since the outermost level contains the most nodes. While
we corrected for this in the behavioral analysis (Fig. 2C/F),
the same was not possible for the models. In sum, participants were oriented towards high rewards at the outer level
in the uncorrelated condition, but valued all nodes equally in
the correlated condition. We interpret this as a trade-off between generalization and planning: if search is not guided by
correlation structure, more look-ahead is needed.

Discussion
We have proposed correlated trees as a scalable environment
to study multiple aspects of human decision making in a single task. We combined generalization, exploration, and planning in a single model. Fitting this model to behavior, we
found more generalization and directed exploration when correlation structure was available. The benefit from correlation
was especially high in larger environments. If no correlation
was provided, exploration became more random and more
planning was needed. Thus, participants’ strategies depended
on both the structure and size of the environment.
Limitations and future directions. Our paradigm allows
us to study exploration across three dimensions: depth,
breadth, and reward correlations. The interaction of depth
and breadth introduces an additional trade-off on top of the
classical exploration-exploitation dilemma (Moreno-Bote,
Ramı́rez-Ruiz, Drugowitsch, & Hayden, 2020). For instance,
we see a similar decay of path distance as in Figure 2B, even
if we exclude exploitative (i.e., mean-greedy) trials. This suggests that subjects start by sampling very broadly (in breadth),
and then narrow their search towards a promising direction in
depth. However, in the current version of the experiment the
two dimensions are not perfectly separable, as the subjects
were forced to descend the whole path in a given trial, and
walking backwards or side-ways was prohibited.
Studying the same task in environments of different sizes
can also inform us about how exploration, generalization, and
planning scales with complexity. For example, we saw behaviorally that generalization supports exploration in large environments because large parts of the tree can be avoided. It
would be interesting to further model these scaling effects.
However, here we were limited to fitting a single model for
each participant, which aggregated across differently sized
trees. Additionally, our present task had the limitations that a)
we could only scale to a maximal breadth and depth of 4 (corresponding to 64 paths) for visual reasons, and b) the number
of trials was kept constant at 15 regardless of the size of the
environment. The latter point bounded the amount of exploration that was possible in large trees, whereas small trees

could be exhaustively explored. Since Wilson et al. (2014)
have shown that the number of trials (“horizon”) has a crucial
influence on how people explore, future tasks should take this
into account when comparing how behavior scales across environment sizes.
Our current model uses root planning to calculate the path
utilities for each path starting at the root of the tree. Yet,
this is rather unlikely for human planning, because it requires
exhaustive computations for every possible path (here, up to
64). In contrast, people are likely able to reduce the search
space using heuristics (e.g., by visual search for good nodes).
An alternative to root planning would be an online strategy, in
which the agent sequentially plans each node along the way.
Whereas a myopic root planner would only maximize utility on the first node (picking later ones at random), online
planning would allow for queuing multiple myopic decisions.
However, cursory analysis of reaction times suggested most
of decision time was spent on the root note in both conditions.
Another way in which we studied a rather limited sense
of planning, is that any thinking-ahead was a mere lookingahead. In the current setup, subjects always saw the whole
space of possible paths, without the need to retrieve past experiences from memory. Moreover, we did not account for
stochastic transitions, which are an important feature of tasks
used in the planning literature (Daw et al., 2011). Future work
could introduce such transitions in the task and obscure visited nodes so to require a more model-based value learning.
Lastly, most natural environments are not necessarily treeshaped. Real cities, for instance, have no walls between
neighborhoods and allow for walking laterally, with more
than one path leading to any place. Also, correlation structures are more nuanced than the simple diffusion-based correlation employed here. In particular, there might be negative
correlations, which we ignored so far.
Nevertheless, trees provide an interesting intermediate environment bridging the gap between studies in bandits and
state-full Markov Decision processes (MDPs) in terms of
complexity and realism (Brändle, Binz, & Schulz, 2021). Future work could extend the idea of a unifying framework for
exploration, generalization, and planning to general MDPs.

Conclusion
We made a case for studying exploration, generalization, and
planning jointly, and proposed correlated trees as a scalable
environment to do so. We tested our framework using a multistep decision-making task in a behavioral experiment, and fitted a model that revealed trade-offs between generalization
and planning as well as between random and directed exploration.

Data and code are available on https://github.com/
cpilab/correlated-trees. The experiment (“Roulecity”)
can be played here: https://kyblab.tuebingen.mpg.de/
roulecity/study/index.html.
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Abstract

socio-psychological factors such as affiliation and likability
(Hove & Risen, 2009). However, research on low-level
constraints on interpersonal coordination such as perceptual
information is limited (Paxton & Dale, 2017).

We investigated the influence of visual information on
interpersonal coordination of head- and body- movement
during dyadic conversations. Visual information was
manipulated by locating a partition at a halfway point between
participants. Interpersonal coordination dynamics between
head- and body- movement was also compared. To quantify the
amount of such movement, human pose estimation software
was used. The time series of each body part were submitted to
the cross-recurrence quantification analysis to assess the
degree of coordination. We hypothesized that unavailability of
visual information increase interpersonal bodily coordination
and experimental manipulation affects interpersonal
coordination during conversation but does differently between
head- and body- movement levels. As predicted, results
revealed that occlusion of visual information increased headmovement coordination between participants while no
significant difference was found in body-movement
coordination between conditions. Further investigations on the
mechanism of such different influences of perceptual
information on coordination dynamics at multiple levels should
be pursued.

Effect of perceptual information and noise

Keywords: interpersonal coordination; perceptual coupling;
visual information; nonlinear time series analysis

Introduction
Interpersonal coordination
In recent decades, interpersonal coordination or synchrony
has received significant attention in cognitive science
(Bernieri & Rosenthal, 1991; Dale et al., 2013; Keller et al.,
2014; Riley et al., 2011). It has been investigated across a
wide continuum, from perceptual-motor low-level process
(e.g., Schmidt et al., 2011; Tognoli et al., 2007) to cognitivesocial high-level process (e.g., Garrod & Pickering, 2009;
Paxton & Dale, 2013).
Interpersonal bodily coordination such as postural and headmovement coordination can change depending on linguistic
factors (Shockley et al., 2007), communication type (Paxton
& Dale, 2013), and social relationships (Fujiwara et al., 2020)
during verbal communication. It is also supposed to affect

It is known that our movements are coordinated with those of
others during conversation even without visual information
(Shockley et al., 2003). In other words, interpersonal
coordination can emerge through verbal interaction using
only auditory information. A previous study found a
significant increase in interpersonal coordination (e.g., headmovement coordination) between participants when the
auditory noise was present (Boker et al., 2002). They
interpreted that participants more closely coupled their
movements to each other when verbal communication
became more difficult. Recently, greater synchrony (i.e.,
movement coherence) in more difficult communication
conditions in terms of background noise has also been
reported (Hadley & Ward, 2021). These studies revealed that
auditory information as background noise can affect and
enhance interpersonal coordination among participants. In
addition to such information, visual information as noise is
assumed to increase interpersonal coordination (Paxton &
Dale, 2017). Paxton and Dale (2017) manipulated visual
stimuli by asking participants to wear special glasses and
adapting flashing screens on the glass. As they hypothesized
that changing visual information interpreted as noise will
increase head-movement coordination, it partially increased
depending on the conversational context. These findings
suggest that perceptual information enables us to coordinate
our body movements with others. They also indicate that
perceptual noise, which makes communication more difficult,
may enhance our bodily coordination.

Distinct mechanisms of head- and body-synchrony
Ramseyer and Tschacher (2014) investigated interpersonal
synchrony between patient’s and therapist in psychotherapy.
They quantified head- and body-synchrony and assessed both
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micro-outcomes with self-report post-session questionnaires
and macro-outcomes via questionnaires that quantified
attainment of treatment goals and changes in experience and
behavior at the end of therapy (Ramseyer & Tschacher, 2014).
Their results indicated that head-synchrony predicted the

Procedure

body-synchrony suggested that distinct mechanisms may
operate in these two regions: head-synchrony embodied
phenomena with along temporal extension (overall therapy
success), while body-synchrony embodied phenomena of a
more immediate nature (session-level success) (Ramseyer &
Tschacher, 2014).

In the current experiment, two conditions were compared: the
visible condition (both visual and auditory information were
available, just as in a natural situation shown in Figure 1 left)
and the invisible condition (only auditory information was
available since a partition was located at the halfway point
between two participants) (i.e., within-subjects design).
Participants were instructed to have 6-minute conversations
to get to know each other better. Since the conversation topics
were not specified, most participants talked about each
other’s recent activities. The pairs conducted each condition
and the order of two conditions was counterbalanced across
pairs of participants.

Aims and hypothesis

Data analysis

We examined the influence of visual information on
interpersonal coordination of head- and body-movement
during dyad conversations. Previous studies on the influence
of perceptual information and noise suggested that
interpersonal coordination may serve to boost the
communication signal within the noisy environment (Paxton
& Dale, 2017). Accordingly, we hypothesized that
unavailability of visual information may increase
interpersonal bodily coordination. Other previous research
has posited that there is a distinct mechanism of head- and
body-synchrony (Ramseyer & Tschacher, 2014). Thus, we
also expected that differing dynamics can be observed
between head- and body-movement coordination.

To quantify how much each participant moved, an automated
objective video-analysis algorithm was performed in Ubuntu
18.04 on a laptop computer (XPS7390, DELL) with
OpenPose v1.5.1 (Cao et al., 2017). It estimates 2D
coordinate information about joint body parts. A total of 15
coordinate points (i.e., nose, eyes, neck, shoulders, elbows,
wrists, left and right hip, mid-hip, and knees) were used for
analysis, whereas ankles were not included because they were
frequently out of the frame. To compensate for the missing
values of the coordinates, linear interpolation using the
filloutliers function of MATLAB. To obtain the movement
time series, the distance of each coordinate between frames
was calculated using Pythagoras theorem. The distances of
nose and eyes were summed for the head movement, and the
other 12 distances were summed to represent body movement,
which was applied throughout the conversation.
To quantify the degree of interpersonal coordination between
participants, a nonlinear time series analysis, called the crossrecurrence quantification analysis (CRQA), was applied
between two time series of head- and body- movement of
each participant (Figure 1). CRQA is a nonlinear time series
analysis method that captures the recurring properties and
patterns of a dynamical system, resulting from two streams
of information interacting over time (Zbilut et al., 1998).
RQA was originally developed to uncover subtle time
correlations and repetitions of patterns, and it is relatively
free of assumptions about data size and distribution (Zbilut &
Webber, 1992). In CRQA, two time-delayed copies of the
original time series are used to embed the data in a higher
dimensional space to analyze the recurrent structure between
them (Zbilut et al., 1998).
This study calculated two CRQA measures, namely, the
percentage of recurrence (%REC) and max line length
(MAXL). For interpersonal coordination, %REC in CRQA
corresponds to the ratio of the actual number of shared
locations and the number of possible shared locations in the
phase space (Shockley, 2005). This means that a
higher %REC indicates less noise in the system, in other
words, the system is more stable. The other measure was
related to the line structure calculated from the recurrence
plot, MAXL. It is the longest shared trajectory in phase space
and the length of the maximum diagonal line on the plot

global outcome of therapy, and body-synchrony predicted
session outcome. They argued that the separation of head- and

Method
Participants
A total of 52 pairs of participants (17 female pairs, aged
(mean ± SD) 20.06 ± 1.15 years, all native Japanese speakers)
were recruited. The experimental procedures were approved
by the research ethics committee in the Faculty of Human
Sciences at Osaka University of Economics, where the
experiment was conducted. Each participant provided written
informed consent agreeing to participate in this study.

Apparatus
A video camera (HDR-PJ800, SONY) was placed in front of
participants at a distance of 280 cm and used to record
participants’ body movements (frame rate was 30 FPS).
MATLAB (R2020b, MathWorks) and RStudio (1.4.1103)
were used to analyze the data.

Figure 1: Experimental situation
(left: visible condition, right: invisible condition)
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(Webber & Zbilut, 2005). MAXL is a measure of the stability
of the shared activity (Shockley, 2005). It is supposed to
provide an index of the system’s sensitivity to perturbations
(i.e., the strength of the attractor against perturbations)
(Pellecchia et al., 2005).
After determining the optimal values for input parameters
with reference to the standard guidelines for the RQA method
(Webber & Zbilut, 2005), we performed CRQA using the
MATLAB toolbox CROSS-RECURRENCE PLOT
TOOLBOX (version 5.21) (Marwan & Kurths, 2002) and the
R package “crqa” (version 2.0.2) (Coco & Dale, 2014). As a
result, we chose parameters of 30 for time delay, 7 for
embedding dimensions, and 0.6 for the radius within
Euclidean norm between normalized vectors. For statistical
comparisons, the Mann–Whitney U test, which is a nonparametric test, was conducted since our data did not exhibit
normal distributions.

Figure 3: MAXL of head-movement coordination
Left: visible condition, Right: invisible condition
(error bar: standard deviation, ** p<0.01)

Results
Body-movement coordination
Head-movement coordination
%REC of head-movement coordination between participants
is illustrated in Figure 2. %REC was 2.33% (SD = 0.79). and
3.13% (SD = 1.50) in the visible and invisible conditions,
respectively. The %REC was significantly higher in the latter
than in the former (p =.002 and r =.419; p-value and effect
size r, respectively).

%REC of body-movement coordination between participants
is illustrated in Figure 4. %REC was 5.36% (SD = 3.53) and
3.13% (SD = 5.73) in the visible and invisible conditions,
respectively. There was no significant difference in
the %REC between the two conditions (p =.689 and r =.056).

Figure 4: %REC of body-movement coordination
Left: visible condition, Right: invisible condition
(error bar: standard deviation)

Figure 2: %REC of head-movement coordination
Left: visible condition, Right: invisible condition
(error bar: standard deviation, *** p<0.005)
MAXL of head-movement coordination between participants
is illustrated in Figure 3. MAXL was 65.85 (SD = 59.71) and
95.90 (SD = 70.98) in the visible and invisible conditions,
respectively. The MAXL was significantly higher in the latter
than in the former (p =.009 and r =.342).

MAXL of body-movement coordination between
participants is illustrated in Figure 5. MAXL was 278.00 (SD
= 135.40) and 272.15 (SD = 185.53) in the visible and
invisible conditions, respectively. There was no significant
difference in the MAXL between the two conditions (p =.552
and r =.083).
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Figure 5: MAXL of body-movement coordination
Left: visible condition, Right: invisible condition
(error bar: standard deviation)

Discussion
Head-movement coordination
The %REC and MAXL of head-movement coordination
were higher in the invisible condition than in the visible
condition. This indicates that the participants were able to
coordinate their head-movement with each other more stably
without visual information than with visual information. As
suggested by a previous study (Paxton & Dale, 2017),
occlusion of visual information increased interpersonal
coordination at head-movement level in dyads. This result
supports our hypothesis.

Body-movement coordination
Contrary to head-movement coordination, the %REC and
MAXL of body-movement coordination did not differ
between two conditions. This result indicates that the
participants were able to coordinate stably regardless of the
availability of visual information since overall values
of %REC of body-movement coordination were higher than
that of head- movement coordination. As reported in a
previous study (Shockley et al., 2003), participants in the
current study were able to coordinate their bodies with each
other using only auditory information during verbal
communication.

General discussion
It is interesting that occlusion of visual information affected
head- and body- movement coordination differently. At the
head-movement level, the invisible condition may enhance or
boost the communication signal as predicted based on
previous studies (Paxton & Dale, 2017). At body-movement
level, interpersonal coordination did not differ regardless of
availability of visual information. Why was such a different
result obtained from two levels of interpersonal
coordination?

Previous research argued that distinct mechanisms may
operate at these two levels (Ramseyer & Tschacher, 2014).
Head-movement coordination embodied phenomena with
along temporal extension at longer term scale, while bodymovement coordination embodied phenomena of a more
immediate nature at the shorter term scale (Ramseyer &
Tschacher, 2014). From the viewpoint of these distinct
mechanisms, we can interpret our results as visual
information during conversation may affect long-term
phenomena reflected in head-movement coordination.
However, we have not examined long-term phenomena such
as change of social relationship, process of building rapport,
and so on. Further examination of the correlation between
these long-term phenomena and bodily coordination should
be conducted.
It is also possible to suppose that relationship between bodily
coordination (i.e., head- or body-movement level) and
embodied social and cognitive phenomena (e.g., long- or
short- term aspect) can change depending on communication
type and available perceptual information. In psychotherapy,
head-movement (i.e., nodding) has an important role for
therapists to display their understanding, alignment, and
empathy to clients (Graf et al., 2014; Muntigl et al., 2012).
This nonverbal behavior can be used as a clinical technique
in psychotherapy and may lead to building rapport between
them and have a long-term influence on therapist-client
relationship. Thus, head-movement coordination (i.e.,
nodding) can relate to long-term aspects in a specific
communication type such as psychotherapy.
By contrast, in natural conversation, head-movement (i.e.,
nodding) does not always have the same function as in
psychotherapy as nodding has various functions (McClave,
2000). Particularly when participants have already built
social relationships as friends as in this experiment, they may
not intend to display their understanding, alignment, and
empathy. In addition, when participants cannot see each other
(i.e., the invisible condition), nodding may have different
function such as boosting the communication signal through
auditory information (Paxton & Dale, 2017), then headmovement coordination can increase. In such a case,
interpersonal coordination can be organized through
perceptual coupling via auditory information (Shockley et al.,
2003) that can be regarded as fast-changing phenomena on a
short-term scale (Dale, 2015). Thus, head-movement
coordination may not always embody long-term/slowchanging phenomena.
Our results reveal a possibility that there may be a distinct
mechanism at the head- and body-movement coordination
level. In addition, we speculate that the relationship between
coordination dynamics at each level (i.e., head or body) and
embodied social and cognitive phenomena (e.g., long- or
short- term aspect) may change depending on communication
type and available perceptual information. Further
investigation should be conducted to clarify this notion.
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Conclusion
We investigated the influence of visual information on
interpersonal coordination of head- and body-movement
during dyad conversations. We also compared different
dynamics between head- and body-movement coordination.
Results indicated that occlusion of visual information
increased head-movement coordination between participants
while no significant difference was found in body-movement
coordination between conditions. Further investigations on
the mechanism of such different influences of perceptual
information on coordination dynamics at multiple levels
should be pursued in the future.
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Abstract
Several studies have reported that numerical magnitudes biases
temporal judgments, i.e., large numerical magnitude, were
perceived to last longer than small numerical magnitude. However,
these predictions have been predominantly verified only when the
large and small numerical magnitudes were presented in an
intermixed fashion where numerical magnitudes varied randomly
from trial to trial. We conducted two experiments (Blockedmagnitude and Mixed-Magnitude) using a temporal bisection
paradigm to investigate whether numerical context affects temporal
processing in a sub-second timescale. The numbers were presented
with varying durations. Participants were asked to judge whether the
presented durations were shorter or longer. The results suggest that
the temporal judgments were affected when small and large
numbers were randomly presented in an intermixed manner.
However, such effects disappeared when the number magnitudes
were presented separately. These results indicate the modulation of
attention in number-time interaction, and such crosstalk may not
require a generalized magnitude system.
Keywords: Cross-Modal
Processing, ATOM

Magnitude

Interaction,

Temporal

Introduction
Our daily life activities require us to process
magnitudes from various domains. For example, a simple
action like grabbing a pen from the desk requires subtle
processing of information from space, time, and number
domains. It has often been observed that the processing of
one magnitude domain interferes with the processing of other
magnitude dimensions. Such cross-dimensional magnitude
interactions have been explained by A Theory of Magnitude
(ATOM) (Walsh, 2003). According to ATOM, space, time,
and number magnitudes are processed by a common
magnitude system in the brain, thereby interacting with one
another. ATOM asserts that this shared neural representation
facilitates action coordination of task-relevant magnitudes
(Walsh, 2003; Bueti & Walsh, 2009). When we want to grasp
an object, for instance, magnitude is essential to perceive
different dimensions of the object, such as distance, size,
height, and so on. There are two distinct mechanisms for
processing time, space, number, and other magnitude
dimensions. In the first case, the various magnitudes can be

analyzed, processed, and compared independently according
to each individual metric. However, the second option is to
consider a generalized magnitude system (ATOM), in which
all magnitudes are processed similarly and according to a
common metric system. According to ATOM, the later one
is more efficient from the action selection point of view.
Many behavioral and neuroimaging studies have
substantiated ATOM’s prediction advocating for a common
magnitude system (Hubbard et al., 2005; Xuan et al., 2007;
Bueti & Walsh, 2009; Srinivasan & Carey, 2010; Hayashi et
al., 20013a; Cai & Connell, 2015; Schwiedrzik, Bernstein, &
Melloni, 2016; Yamamoto, Sasaki, & Watanabe, 2016;
Skagerlund, Karlsson & Träff, 2016). However, some studies
did not support the idea of a common magnitude system and
argued in favor of domain processing (Dormal, Seron, &
Pesenti, 2006; Dormal, Andres, & Pesenti, 2008; Agrillo,
Ranpura, & Butterworth, 2010; Young, Laura, & Cordes,
2013; Hamamouche et al., 2018). Further, more recent
studies have provided evidence against the common
magnitude system and argued that such cross-dimensional
magnitude interactions emerge from the cognitive factors like
attention and memory (Vicario et al., 2008, Cai & Wang,
2014; Cai et al., 2018; Di Bono et al., 2020; Shukla & Bapi,
2021, b). Such inconsistent findings have raised a question on
the existence of the common magnitude system. It is still an
unsettled question and a matter of investigation. Therefore,
the present paper examines whether there is a common
magnitude system or the cross-dimension magnitude
interactions are modulated by cognitive processes like
attention and memory. More specifically, we investigate the
influence of numerical magnitudes on the perceived duration.
Previous studies have shown that the task-irrelevant
numerical magnitude modulates time processing. For
example, the duration of a large numerical magnitude was
overestimated, whereas the duration underestimation was
observed for small numerical magnitudes (Oliveri et al.,
2008; Chang et al. 2011; Cai & Wang, 2014; Hayashi et al.,
2013b; Rammsayer & Verner, 2014; 2016). In an interesting
study, Lu et al. (2009) suggested that number–time
interaction can be modulated by contextual information
presented with numerical magnitudes. Their study presented
identical numerical stimuli with words indicating greater or
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lesser weight (kilogram or gram). They reported that the
effect of numerical magnitude on time estimation appeared
only when the higher unit of measurement (kilogram) was
associated with the numbers. Their results suggested that the
context can modulate the sense of number magnitude,
affecting the number–time interaction.
Cross-dimensional magnitude interactions have
been observed at both sub-second and supra-second
timescales and argued for a common magnitude system
(Hayashi et al., 20013b). On the contrary, many studies report
an asymmetric interaction effect across different magnitudes
(Dormal, Seron & Pesenti, 2006; Dormal & Pesenti, 2007;
Bottini & Casasanto, 2010; Tsouli et al., 2019). For example,
if a common magnitude system exists, the interaction should
be bidirectional -- numerical magnitude should affect the
processing of duration, and in the other direction, duration
should also affect the processing of numbers. However, the
lack of such a bidirectional influence of magnitudes has
raised questions on the existence of a common magnitude
system for space, time, and numbers. Further, few studies
investigating the processing of numbers and time under dualtask conditions assume a common magnitude system and
yield a similar influence on the processing of numbers and
time. However, the findings suggest a differential influence
of dual-task on the processing of numbers and time,
indicating a lack of a common magnitude system (Young,
Laura, & Cordes, 2013; Hamamouche et al., 2018). More
recent studies have argued that attentional mechanisms may
modulate such cross-magnitude interactions (Vicario et al.,
2008; Di Bono et al., 2020; Shukla & Bapi, 2020, 2021).
Given the aforementioned findings, it is evident that
the results reported for number-time interaction are mixed. In
some of the studies, we could see a strong influence of
numerical magnitude on temporal processing, but other
findings do not follow ATOM’s prediction. This raised a
fundamental question about what is important in crossdimensional magnitude interactions. Is it a numerical
magnitude or the numerical context that provides the sense of
magnitude? In the present paper, we specifically examine
whether numerical magnitude (i.e., large and small) affects
the perceived duration alone or the numerical context is
required to give rise to cross-dimensional magnitude
interactions. To test this, we design a study wherein we
presented numerical magnitude (1 and 9) either in a blocked
manner (1 and 9, presented in two separate blocks) or in a
mixed order (1 and 9, presented randomly within same
block). The idea here is to study the effect of magnitude and
relative numerical context on duration judgements.
According to ATOM, we process magnitudes of different
kinds via a common magnitude system, then we should
observe the number-time interaction independent of the type
of presentation of the number (blocked vs intermixed).

Experiment-1: Blocked-Magnitude
In this experiment, we examine whether
numerical magnitude on its own affects time processing.
To study this question, we used a temporal bisection task
wherein a numerical magnitude (small and large
number) was presented in two separate blocks for varied
durations. Participants were asked to judge the duration
of the magnitude. We hypothesize that if numerical
magnitude alone affects temporal processing, we should
observe differential temporal processing for the two
numerical magnitudes presented in separate blocks.

Method
Participants
Based on the pilot study, twenty-two right-handed
university students (participants) (10 females and 12 males,
age range = 20-30 years) were recruited. All participants had
a normal or corrected-to-normal vision. They had given
informed consent before the experiment. All the participants
were paid for their participation. The institutional ethics
committee approved the study.

Materials and Apparatus
The stimuli were presented and controlled using EPrime Standard-2.0 on a 19” Nokia CRT monitor (1024 x 768
resolutions) running at a 100 Hz frame rate. Participants were
tested in a quiet room.

Stimulus
We used numbers, i.e., “1” and “9” as stimuli. These
numbers were presented in black color against a white
background. In this experiment, participants were trained on
two anchor durations, 200ms and 800ms, and tested on seven
probe durations of 200, 300, 400, 500, 600, 700, and 800ms.
Each probe duration was repeated 10 times for each number.
Therefore, each number was presented 70 times in a block
and 140 trials in total across the two blocks.

Procedure
All the participants were taken to a dimly lit
experimental room. They were asked to sit comfortably. The
distance between the participants and the computer monitor
was 57 cm. The instruction was given in both verbal and
written format. In the training phase, participants received 10
trials of short anchor duration (i.e., 200ms) and 10 trials for
long anchor duration (i.e., 800ms) along with the number “5”
to understand what is meant by short and long durations.
After the training phase, participants were given a feedback
phase where the number “5” was randomly presented either
for 200 or 800 ms duration. Participants were asked to
identify whether the presented duration was long or short.
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They were given feedback as ‘correct’ or ‘incorrect’ for their
responses. In this phase, we ensured that participants
performed with 95% accuracy. Once the participants reached
the performance threshold, they were taken to the next phase,
i.e., the testing phase. In the testing phase, participants were
presented small number and a large number, i.e., “1” and “9”
along with probe durations. In this experiment, the small and
large numbers were presented in separate blocks. The
participants were asked to judge whether the duration of the
presented number was closer to small or the long anchor
duration and were asked to register their response by pressing
a designated key (left-arrow and right-arrow) on the
keyboard. The key dedicated for the long and short responses
were counterbalanced across participants. The numbers used
in experiments were of 2° visual angle. To avoid any order
effect, the order of the blocks was also counterbalanced
across participants.

Mean PSE (ms)

Figure-2: A Psychometric fit for the results of a
representative participant from a blocked experiment
wherein number “1” and “9” were presented in two
separate blocks. The red color line represents number "1"
and the green color represents number "9".

Figure-1: Illustration of the Blocked Task: each trial starts
with the fixation cross, followed by an interstimulus interval
of 1000ms. After the ISI, the numerical magnitude (either
"1" or "9" depending on the block) was presented for a
varied duration from 200-to 800 ms. Participants were
required to judge the duration of the number.
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Results
The data were recorded in terms of long and short
responses. We estimated a bisection point (BP) for each
numerical magnitude condition using a logistic function. The
𝑎
formula for the logistic function is 𝑦 = (1+𝑒)−𝑘(𝑥−𝑥𝑐), where xc
is the x value of the sigmoid’s midpoint, a is the curve’s
maximum value, and k is the steepness of the curve. The BP
is the point at which 50% of the time participants would have
perceived the presented duration to be closer to the short
anchor and 50% of the time closer to the long anchor duration
(Figure-2). The bisection point (BP) is also called the point
of subject equality (PSE). Hereafter, we use PSE instead of
BP. A higher PSE would be interpreted as an underestimation
of duration and a lower PSE as an overestimation of duration.

Figure-3: Mean PSE for small and large numerical
magnitude conditions. The error bar represents the
standard error.
To examine whether numerical magnitude by itself
affects temporal processing, we calculated PSEs for small
and large numerical magnitude for each participant and
submitted them to paired t-test. The result of the paired t-test
indicates that the PSEs between the two numerical magnitude
conditions does not differ significantly from each other [t(21)
= 0.228, p = 0.821, Cohen’s d=0.049], suggesting that the
perceived duration for the small numerical magnitude
(460.811 ms) did not differ from the large numerical
magnitude (454.117 ms). Further, to test the magnitude of the
null effect, we carried out a Bayesian paired t-test. The Bayes
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factor analysis yielded a value of B10 = 0.22. Considering
that it is below 1, we can conclude that there is favorable
evidence for rejecting the alternative hypothesis (in other
words, the results are 4.54 times more likely to have occurred
under the null model). The overall results suggest that the
numerical magnitudes (small and large) did not modulate the
perceived duration when presented in two separate blocks.

were taken to the next phase, i.e., the testing phase. In the
testing phase, participants were presented a small and a large
number, i.e., “1” and “9” along with probe durations. Unlike
in experiment-1, here the small and large numbers were
presented randomly within the same block. Rest of the
protocols were identical to experiment-1.

Experiment-2: Mixed-Magnitude
The null results of experiment-1 motivated us to
conduct another experiment wherein we present the
numerical magnitudes in an intermixed manner and see
whether numerical magnitude affects perceived duration
when the two numerical magnitudes are presented randomly
in the same block.

Method
Participants
Based on the pilot study, twenty-three right-handed
university students (participants) (9 females and 14 males,
age range = 20-30 years) were recruited. All participants had
a normal or corrected-to-normal vision. They gave informed
consent before the experiment. All the participants were paid
for their participation. The institutional ethics committee
approved the study.

Figure-4: Illustration of the Mixed Task: each trial starts
with the fixation cross, followed by an interstimulus interval
of 1000ms. After the ISI, the numerical magnitude either "1"
or "9" was presented randomly for a varied duration from
200 to 800 ms. Participants were required to judge the
duration of the number.

Results
We estimated a Bisection Point (BP) for each
numerical magnitude condition using a logistic function.
(Figure-5). Hereafter, we use PSE instead of BP.

Materials and Apparatus
The stimuli were presented and controlled using EPrime Standard-2.0 on a 19” Nokia CRT monitor (1024 x 768
resolutions) running at a 100 Hz frame rate. Participants were
tested in a quiet room.

Stimulus
The durations and numerical magnitudes used in
this experiment were identical to experiment-1.

Procedure
All the participants were taken to a dimly lit
experimental room. They were asked to sit comfortably. The
distance between the participants and the computer monitor
was 57 cm. The instruction was given in both verbal and
written format. In the training phase, participants received 10
trials of short anchor duration (i.e., 200ms) and 10 trials for
long anchor duration (i.e., 800ms) along with the number “5”
to understand short and long duration. After the training
phase, participants were given a feedback phase where the
number “5” was randomly presented either for 200 or 800 ms.
Participants were asked to identify whether the presented
duration was long or short. They were given feedback as
correct or incorrect for their response. In this phase, we
ensure that participants perform with 95% accuracy. Once the
participants were reached this performance threshold, they

Figure-5: A Psychometric fit for the results of a
representative participant from a mixed experiment wherein
number “1” and “9” were presented randomly within the
same block. The red color line represents number "1" and
the green color represents number "9".
To examine whether numerical magnitude affects
temporal processing when presented in an intermixed
manner, we calculated PSEs for small and large numerical
magnitudes for each participant and submitted them to paired
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Mean PSE (ms)

t-test. The result of the paired t-test indicates that the PSEs
between the two numerical magnitude conditions differ
significantly from each other [t(22) = 2.691, p = 0.013,
Cohen’s d = 0.561], suggesting an underestimation of
duration for the small numerical magnitude (470.488 ms) and
a relative overestimation of duration for the large numerical
magnitude (438.053 ms) (Figure-6).
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400
390

P = 0.013

Small

Large

Figure-6: Mean PSE for small and large numerical
magnitude conditions. The error bar represents the
standard error.

Discussion
In the present study, we examined whether the
numerical magnitude on its own affect temporal processing
or the number-time interaction emerges from a numerical
context. We used a temporal bisection task wherein we
presented numerical magnitudes for varied durations, and
participants were asked to judge whether the presented
durations were long or short as compared to previously
memorized short and long anchor durations. We
hypothesized that if number and time share a common
magnitude representation, the common magnitude system
automatically engages whether the numerical magnitudes
(numbers) are presented in individual blocks (experiment-1)
or in intermixed in the same block (experiment-2). Our
results from the two experiments suggest that the numerical
magnitude affects temporal processing only when the number
magnitudes are presented within the same block. No temporal
processing differences were observed when the large and
small numerical magnitudes were presented in two separate
blocks. Previous studies investigating the influence of
numerical magnitude on the processing of time have argued
in favor of a common magnitude system and supported
ATOM’s predictions (Hubbard et al., 2005; Xuan et al., 2007;
Bueti & Walsh, 2009; Srinivasan & Carey, 2010; Hayashi et
al., 20013a; Cai & Connell, 2015; Schwiedrzik, Bernstein, &

Melloni, 2016; Yamamoto, Sasaki, & Watanabe, 2016;
Skagerlund, Karlsson & Träff, 20016). However, the findings
of the present study seem interesting and point toward a
relative numerical context effect. In other words, numerical
magnitude affects temporal processing only when large and
small numbers are presented in the same block.
Interestingly, the same numerical magnitudes (in
fact, the same numbers 1 and 9) affect time perception
differently in different experimental setups. The current
findings replicate the number-time interaction (Experiment2, see figure-6) and suggest that such cross-dimensional
magnitude interactions may emerge from cognitive factors
like attention. Further, the results also point out that the mere
presentation of numerical magnitude may not lead to
temporal bias. For example, the numerical magnitudes (large
and small) when presented in a blocked manner do not lead
to differential temporal processing (see experiment-1, figure1). In contrast, the same numerical magnitudes (large and
small) affect duration judgments when presented together,
suggesting that the relative sense of magnitudes is crucial for
cross-dimensional interactions. The findings from the two
experiments indicate that the number and time magnitude
may not be processed by a common magnitude system as
posited in the ATOM framework. If these magnitudes
required common processing mechanisms, then numerical
magnitude would have affected temporal processing equally
in both the experiments. Our present results indicate that a
sense of numerical magnitude is crucial for crossdimensional interactions. Presentation of numerical
magnitude in separate blocks may not raise a relative sense
of large and small numerical magnitudes. Thus, the number
did not interact with temporal processing in the blocked
experiment. However, the moment both the numbers were
presented within the same block, it evoked the relative sense
of magnitude. Thereby, the same numerical magnitudes but
presented within the same block affected temporal processing
and resulted in an overestimation of time for large magnitude
trials and relative underestimation of time for small
numerical trials. The present findings are consistent with the
recent studies suggesting that numerical magnitude biases
temporal processing and such bias may emerge from
differential attentional mechanisms required for processing
large and small magnitudes (Casarotti et al., 2007; Di Bono
et al., 2020; Shukla & Bapi, 2020, 2021). Alternatively, it is
possible that since the primary task is duration comparison,
numbers are to be ignored. Incidentally, in the blocked
experiment, the number might be truly irrelevant as the same
number appears throughout the block, perceptual or
attentional system might ignore it automatically. Whereas in
the intermixed condition, the background is not stable, the
numbers associated with durations keep changing between 1
and 9. So the spatial attentional processes might get engaged
and connect this to the magnitude processing system (Fischer
et al., 2003; Vicario et al., 2008).
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The limitations of the present study could be the
change in the luminance across the different experiments and
magnitude conditions. Although we controlled the size of the
numerals (1 and 9) used in this study, it could be possible that
the shape of the numerals itself could potentially cause a
change in the overall luminance across different conditions.
Thus, future investigations should be carried out by
controlling for the luminance explicitly and studying the
number-time interactions.
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Abstract
The Principle of Sufficient Reason (PSR) has been an influential
thesis since the earliest stages of western philosophy. According to
a simple version of the PSR, for every fact, there must be an
explanation of that fact. In the present research, we investigate
whether people presuppose a PSR-like principle in judgment.
Across four studies (N = 1,007 in total, U.S., Prolific), we find that
participants consistently presuppose PSR in judgments about
candidate explananda. Such judgments predictably track the
metaphysical aspects relevant to the PSR (Study 1) and diverge from
related epistemic judgments (Study 2) and value judgments (Study
3). Moreover, we find participants’ PSR-affirming judgments apply
to a large set of facts that were sampled from random Wikipedia
entries (Studies 4). These findings suggest that certain metaphysical
judgments play an important role in our explanatory activities, one
that is distinct from the role of the epistemic and value judgments
that have been the focus of much recent work in cognitive
psychology and philosophy of science.
Keywords: explanation; modal thought; judgment; cognitive
psychology; experimental philosophy

Introduction
Explanation is essential to the way we understand and act in
the world around us. Often, we expect to find an explanation
for what we experience, accept or dismiss evidence that bears
on candidate explanations, and so on. We also typically want
to find an explanation, deem the search for explanations
worth our effort, and so on. Much work in cognitive
psychology and philosophy of science emphasizes the
importance of these epistemic and value judgments during
explanatory inquiry. However, an intriguing possibility is
that a distinctive metaphysical judgment is also ever-present:
perhaps, we always suspect that an explanation must exist—
even if we cannot come to know it or it would not be valuable
for us to know it. If so, we presuppose a version of the
Principle of Sufficient Reason (PSR), which states, roughly:
for every fact, there has to be an explanation of that fact.
The PSR has a prominent place in the history of western
philosophy since the Presocratic era (e.g., Parmenides; see
Pruss, 2006). Most notably, it lies at the core of rationalist
metaphysics, old (Leibniz, 1989; Spinoza, 1985; Wolff,
2009) and new (Amijee, 2021; Dasgupta, 2016; Della Roca,
2010). Versions of the PSR have been crucial to arguments
in favor of the existence of God (Leibniz, 1989; Avicenna,
2005), the identity of indiscernibles (Leibniz, 1989), and the
conviction that we live in a deterministic universe (Spinoza,

1985), just to name a few of its many applications (see, e.g.,
Amijee, 2020; Melamed & Lin, 2021 for review). Even those
who deny its strength or relevance (prominent detractors
include Bennett, 1994; Hume, 1739/2007; Van Inwagen,
1983) would concede the PSR has been a crucial premise for
argumentation across history and areas of debate.
But is the PSR just an analytic tool for full-time
metaphysicians, or might a PSR-like presumption also be
present in ordinary cognition? With this paper, we set out to
investigate the extent to which people presuppose the PSR in
judgment. Across four studies, we find that people indeed
make PSR-affirming judgments that (i) predictably diverge
from their epistemic and value judgments (Studies 1-3) and
(ii) apply to a large set of facts sampled from random
Wikipedia entries (Study 4). To begin, we briefly review
related psychological research, which will help to delineate
the ways in which explanatory judgment can be epistemic,
evaluative, or metaphysical.
There are important precedents in cognitive and
developmental psychology that bear on the examination of
the PSR in ordinary cognition. A consistent theme in work on
explanatory cognition is that people in general—and children
in particular—have an abiding drive for explanation (cf.
Gopnik, 1998). For example, children are prone to generate
explanations for unexplained facts and reject answers that
leave salient facts unexplained (Woolley & Cornelius, 2017),
or recruit miracles to explain otherwise improbable or even
impossible events (Woolley & Dunham, 2017). Likewise,
recent studies show that adults evaluate candidate facts-tobe-explained (‘explananda’) on a wide variety of dimensions,
for example: whether the fact ‘demands’ explanation (Liquin
et al., 2020), whether science can possibly explain the fact
(Gottlieb & Lombrozo, 2018), and whether explaining the
fact would achieve desirable moral or social ends (Davoodi
& Lombrozo, 2021).
Such studies show that people can appraise candidate
explananda in sophisticated ways, but the extant findings can
be distinguished from the hypothesized PSR presumption in
at least two major ways. First, note the PSR’s scope.
According to the PSR, every fact must have an explanation.
Second, note the PSR’s modal strength. The PSR says that
every fact must have an explanation. This is a claim about the
necessity of an explanation, not merely the expectation or
value of an explanation. The PSR is said to yield proof of the
existence of God, the truth of causal determinism, etc.
because every fact must be explained and not simply because
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we expect to find explanations, or we value having
explanations.
As suggested above, there are two key requirements for
positing a PSR presumption in ordinary cognition. The first
is Divergence: judgments in accordance with a metaphysical,
PSR-like principle should predictably diverge from related
epistemic and value judgments. The second is Generality:
judgments in accordance with a PSR-like principle should
apply to facts in general. The present research1 investigates
whether people’s PSR-affirming judgments indeed meet
these requirements. In Studies 1-3, we test for Divergence by
measuring participants’ judgments about a curated set of
explananda that we predict are likely to elicit differences in
metaphysical, epistemic, and evaluative judgments. In Study
4, we test for Generality by measuring participants’
judgments about a large, comprehensive set of explananda
that were sampled from randomly selected Wikipedia entries.
Throughout, we find that people’s judgments display the
predicted Divergence and Generality.

Studies 1-3: Evidence for Divergence
To show that people’s judgments conform to PSR and display
the right sort of Divergence, we first need to validate a
measure of metaphysical judgment. Such a measure should
(1) capture a commonsense metaphysical notion of
explanation and (2) distinguish it from other, nonmetaphysical senses of explanation.
With respect to (1), this means translating the technical
sense of ‘sufficient reason’—where y has an explanatory
relation to x—into ordinary English. A good place to start is
with the words ‘explanation’ and ‘reason.’ However,
differences in usage of ‘explanation’ and ‘reason’ across
different areas of discourse can be a complicating factor. A
simplistic, yet notable, example is how ‘reason’ allows for
teleological considerations to serve an explanatory purpose
in religious contexts (Kelemen, 2004), whereas certain areas
of contemporary science do not allow for teleological
explanations (Keil, 2019). “God punished Job in order to test
Job’s faith” is an acceptable explanation to the question
“Why did God punish Job?”, whereas an ‘in order to’ answer
is not acceptable for questions like “Why do objects fall to
ground?”. In this research, we are interested in investigating
a version of the PSR that permits both sorts of explanatory
relations.
With this in mind, we designed a simple measure using
strong modal language and a disjunctive phrasing (scale: 1 Strongly disagree, 7 - Strongly agree):
Simple: There must be an explanation or reason why
[balloons lose helium].
Simple is ecumenical with respect to teleological and nonteleological explanation. A possible problem, however, is
1

For each study, sample size was determined according to a priori
power analysis to ensure power > 90% for all confirmatory analyses
(cf., Lakens, 2021). Pre-registrations for Studies 1-4, all study

that it may fail to differentiate explanations in an epistemic
sense (an explanation can be known) and in a metaphysical
sense (there has to be an explanation, independently of
whether anyone can know it). Given this possibility, we
designed another measure that explicitly contrasts the
epistemic and non-epistemic readings (scale: 1 - [Bert]: It is
possible there is no explanation or reason., 7 - [Rich]: There
must be an explanation or reason):
Explicit: [Bert] and [Rich] were both convinced that
[balloons lose helium]. But they disagreed with each other
about whether there has to be an explanation or reason for
why [balloons lose helium]. [Bert] said it’s possible there
is no explanation, end of story. [Rich] said of course there
must be an explanation, even if we don’t know it.
Who do you agree with?
Explicit provides a more precise test of whether people use a
metaphysical notion of explanation. By including Explicit in
Study 1, we are able to compare participants’ responses with
Simple. Insofar as Explicit is a valid measure of metaphysical
judgments and displays high internal consistency with
Simple, then we are warranted in concluding that Simple is
also a valid measure of metaphysical judgments.
Such validation requires not only showing that scale
ratings are internally consistent (i.e., higher ratings on Simple
reliably correspond to higher ratings on Explicit), but also
showing that scale ratings are responsive to the relevant
theoretical criteria. By analogy, a valid thermometer needs to
produce higher readings in hot environments and lower
readings in cool environments, in addition to readings that are
consistent with other thermometers. To this end, we needed
to show that our measures can produce ratings that affirm and
ratings that deny the core metaphysical claim. Otherwise, we
have no way of distinguishing evidence that confirms a
genuine PSR-like presupposition from evidence that merely
confirms a positive response bias. This is challenging, given
the scope and modality of the PSR. It is supposed to apply to
every fact, but to test it we need items that elicit negative
ratings to our measures.
To address this issue, we opted to measure participants’
judgments about facts that are typically considered apt for
explanation as well as coincidences, which are typically not
considered as apt for explanation (cf. Lando, 2017; Sober,
2012). For example, consider the coincidence that Darwin
and Lincoln were born on the same day. Darwin’s birth and
Lincoln’s birth can be separately explained as unique events,
but, intuitively, there is no further explanation for the
conjunction of the two events. That Lincoln was born on
February 12th of 1809 and Darwin was born on February 12th
of 1809 has no independent explanation beyond the
explanations of each of these conjuncts—or, in commonsense

materials, data, and analysis code can be found at OSF. All
participants were adults living in the US who were recruited via
Prolific.

2960

terms, it is just a coincidence. Hence, we expect coincidences
to yield negative ratings in both Simple and Explicit.
Does this mean that coincidences are exceptions to PSR?
We think not. What we are calling “coincidences” are just
arbitrary conjunctions of facts that happen to be salient in the
real world. We generate them by selecting facts that call for
independent explanations and arbitrarily bringing them
together in a sentence of our own making. Therefore, one
may suggest, these conjunctions are not in themselves facts.
If so, this would explain why coincidences are not apt for
explanation and also why they do not count as exceptions to
the PSR, as it only applies to facts.
Say, however, that one wants to insist that coincidences
are facts. If so, to make sense of why they do not call for
explanation, we may appeal to the following recursive
construal of the PSR:
PSR*: for every x, if x is a fact, either there is a y such that
y explains x, or x is composed of facts that each have an
explanation.
Under this account, coincidences fall under the second
disjunct of the principle. Although they are facts, they do not
call for explanations in themselves. Crucially PSR* is still
committed to the strong conclusion that there are no brute
facts; there are no facts that bottom out the chain of
explanations.
Either of these paths allows us to use coincidences as foils
to the PSR for the purposes of validating our measures
without yielding counterexamples to the PSR itself. In
summary, if our measure is capturing the relevant notion of
explanation, participants should give (i) similar ratings on
Simple and Explicit and (ii) higher ratings when the candidate
explananda are facts and (iii) lower ratings when the
candidate explananda are coincidences.

Study 1: Measurement validation
In a fully within-subjects design, participants (n = 319) made
judgments about 30 candidate explananda. Twenty-six of
these explananda (7 scientific, 7 health-related, 3
mathematical, 3 psychological, 3 supernatural, and 3
religious) have been in used in previous research on
explanatory judgment (Liquin et al., 2020). Participants also
made judgments about 4 coincidences that we devised for this
study. The full set of explananda can be viewed at OSF.
The procedure had three main parts. In Part 1, participants
first judged whether each candidate explanandum was true on
a 7-point scale (e.g., It is true that [balloons lose helium]. 1 Strongly disagree, 7 - Strongly agree). If participants gave a
truth rating greater than 4 (the scale midpoint), they then gave
a rating on the Simple measure. Participants’ judgments were
‘truth-piped’ in this manner since, for our purposes, PSRrelevant judgements only apply to facts that people judge to
be true. After going through this piping procedure for all 30
phenomena (order randomized), participants proceeded to
Part 2. In Part 2, participants repeated the piping procedure
for all 30 explananda and the Explicit measure, with the order

randomized and different names assigned to the disagreeing
parties in each case.
In Part 3, participants made judgments about the general
formulations of the PSR. We included these measures to get
a sense for whether people endorse the general formulations,
and, if so, how this tendency is related to their judgments
about specific events. We developed four measures
(presented in random order within ‘happens’ and ‘exists’
blocks, all scales: 1 - Strongly disagree, 7 - Strongly agree):
Happens: “To what extent do you think there has to be a
[reason/explanation] for anything that happens?” and Exists:
“To what extent do you think that for anything that exists
there has to be a [reason/explanation] for why it exists?”
Study 1: Results
To assess whether participants’ ratings depended on
explananda type, we used a mixed-effects linear regression
model with rating score as the dependent variable. We
included measure (Simple or Explicit) and explanandum
domain (coincidence, science, health, math, psychology,
supernatural, religious) as fixed-effect independent variables.
We included random slopes for measure and domain, and we
included a random intercept term for participant. As
predicted, model results indicate a significant main effect of
explananda domain (F(6) = 329.92, p < .001), whereas there
was not a significant main effect of measure type (F(1) =
0.05, p = .83). Differences across domains follow the
predicted pattern, with the coincidences receiving lower
scores than scientific (b = 4.02, se = 0.09, p < .001), health
(b = 4.00, se = 0.09, p < .001), math (b = 3.76, se = 0.10, p <
.001), psychology (b = 3.42, se = 0.09, p < .001), supernatural
(b = 2.38, se = 0.13, p < .001), or religious (b = 2.76, se =
0.13, p < .001) explananda across both the Simple and
Explicit measures.
Average ratings for coincidence explananda were
significantly below the scale midpoint (m = 2.46, sd = 2.02,
t(1602) = -30.7, p < .001). In contrast, the average ratings for
all other explananda were significantly above the scale
midpoint (Science: m = 6.58, sd = 0.75; Health: m = 6.55, sd
= 0.71; Math: m = 6.32, sd = 1.14; Psychology: m = 5.99, sd
= 1.19; Religion: m = 5.55, sd = 1.69; Supernatural m = 5.06,
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Figure 1. Average ratings on Simple (x-axis) and Explicit (yaxis). Colors correspond to explanandum type. The dashed
line indicates a perfect linear relationship.

sd = 1.76; all comparisons to μ = 4 are significant p < .001).
(See Fig. 1).
To assess the reliability of the Simple and Explicit
measures, we fit our proposed measurement model via
confirmatory factor analysis using the R package lavaan
(Rosseel, 2012). The model posits three latent constructs to
explain the variance in participants’ judgments across the
PSR-relevant measures: a tendency to presuppose the PSR in
judgments about specific explananda (Specific), a tendency
to endorse the general formulations of the PSR as it pertains
to reasons (Reason), and a tendency to endorse the general
formulations of the PSR as it pertains to explanations
(Explanation). This 3-factor model displayed excellent fit
across all absolute fit indices (RMSEA = .01, SRMR = .005,
CFI > .99 TLI > .99), and outperformed a 2-factor model that
collapsed Reason and Explanation (3-factor: AIC = 130657,
BIC = 130772; 2-factor: AIC = 132448, BIC = 132549).
From the fitted measurement model, we can compute the
composite reliability between Simple and Explicit to assess
whether these measures are internally consistent. Composite
reliability is a metric of the shared variance, relative to the
total scale variance, among the observed variables that
indicate a latent construct (Bacon et al., 1995; Raykov, 1997).
The composite reliability for Simple and Explicit was CR =
.892, which corresponds to Simple and Explicit sharing
approximately 79% of the total scale variance. Thus, insofar
as the Explicit measure reliably tracks people’s metaphysical
judgments, the Simple measure also reliably tracks people’s
metaphysical judgments.

Study 2: Metaphysical-epistemic divergence
Having validated a simple measure of PSR-affirming
judgments, next we demonstrate how participants’
metaphysical judgments predictably diverge from their
epistemic judgments. If people do presuppose the PSR in
their metaphysical judgment, then these judgments should be
able to be teased apart from epistemic judgements about the
reach of our own knowledge. For instance, we might accept
that it will forever remain a mystery why Stonehenge was
built, or more dramatically, why the universe exists.
Nevertheless, we may still think these facts must have
explanations. Along these lines, our prediction is that
participants’ epistemic judgments will substantially vary
across epistemically accessible explananda (e.g., like
‘balloons lose helium’) and epistemically inaccessible
explananda (of the Stonehenge or universe variety), whereas
participants’ metaphysical judgments will vary to a lesser
degree.
In Study 2, participants (n = 104) made judgments about
28 candidate explananda. We pre-registered the six scienceand six health-related explananda from Study 1 as the
‘epistemically accessible’ subset (Accessible), the three
religious and three supernatural explananda from Study 1
with eight new explananda as the ‘epistemically inaccessible’
subset (Inaccessible).
As in Study 1, participants were presented with the
explananda in a randomized order, and, for each

explanandum, participants were first asked to judge whether
they thought the explanandum was true. If the participant
gave a truth rating above 4 (the scale midpoint), they next
provided a metaphysical and epistemic judgment about the
explanandum (order randomized between-subjects, both
scales: 1 - Strongly disagree, 7 - Strongly agree):
Metaphysical: There must be an explanation or reason
why [ancient people built the monuments at Stonehenge].
Epistemic: It is possible for us to know why [ancient
people built the monuments at Stonehenge].
Study 2: Results
To assess whether participants’ ratings of the Accessible and
Inaccessible explananda differed across measures in the
predicted manner, we used a mixed-effects linear model with
scale ratings as the dependent variable. We included
explananda type (Inaccessible, Accessible) and measure type
(Epistemic, Metaphysical) as fixed-effect independent
variables. We also included random slopes for explanada type
and measure type, and we included a random intercept term
for participant. As predicted, the model results indicate a
significant measure type x explananda type interaction (F(1,
130) = 76.93, p < .001). Post-hoc tests confirmed the
predicted pattern of judgments whereby participants gave
lower scale ratings on the Epistemic measure to Inaccessible
explananda than Accessible explananda (bmeasure x type = -0.90,
se = 0.10, p < .001; summaries, Inaccessible: mEpistemic = 4.63,
sdEpistemic = 1.77, mMetaphysical = 5.51, sdMetaphsical = 1.46;
Accessible: mEpistemic = 6.39, sdEpistemic = 0.74, mMetaphysical =
6.39, sdMetaphysical = 0.80). (See Fig. 2).

Figure 2. Average ratings (x-axis) on Metaphysical (light
blue) and Epistemic (purple) measures for each
explanandum (y-axis), arranged by type and sorted by
average rating. Error bars indicate standard error.

Study 3: Metaphysical-value divergence
Study 2 demonstrates that participants’ metaphysical
judgments diverge predictably from their epistemic
judgments. In Study 3, we examine whether the same holds
true for participants’ value judgments. To show this, we make
use of a common distinction between token explanation and
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type explanations (cf., Wetzel, 2018). For example, a person
might value knowing why people enjoy holding dogs in
general but also not value knowing why a particular person
enjoys holding a particular dog. Nevertheless, this
disinterested observer may still believe there has to be an
explanation for why this person enjoys holding this dog.
Thus, our prediction is that participants’ value judgments will
vary according to whether the candidate explanandum
requires a token explanation or type explanation, whereas
participants’ metaphysical judgments should remain similar
across both cases. If so, this finding will help guard against
worries about a “value” confound in the earlier studies, that
people judge that a fact must have an explanation because
they find some value in knowing what that explanation is.
In Study 3, participants (n = 254) were randomly assigned
to either the Type condition or the Token condition. In the
Type condition, participants made judgments about
explananda regarding types (e.g., ‘people enjoy holding
dogs’). In the Token condition, participants made judgments
about explananda regarding token instances matched to the
types in the Type condition (e.g., 'this woman enjoys holding
this dog’). Within each condition, participants made a series
of judgments about 20 explananda (order randomized withinsubjects).
Each explananda was presented with a corresponding
image sourced from free stock photo libraries on the internet2.
To construct this set, first we randomly sampled 20 nouns
from a list of over 6,700 English nouns3. We used each noun
as a search string at the stock photo library and selected an
image from the first page of search results. Lastly, we
annotated each image to pick out a token and type event
depicted in the image (see OSF for full image set).
For each explanandum, participants made three value
judgments:
Normative: We should try to answer why [people enjoy
holding dogs / this person enjoys holding this dog].
Value: It would be good for us to know why [people enjoy
holding dogs / this person enjoys holding this dog].
Motivational: It would be worth the effort to find out why
[people enjoy holding dogs / this person enjoys holding this
dog].
Participants also provided ratings for the Metaphysical and
Epistemic measures from Study 2 (judgment order
randomized within-subjects).
Study 3: Results
To assess whether participants’ metaphysical judgments
diverged from their value judgments, we used a mixed-effects
linear regression model with scale rating as the dependent
variable. We included condition (Token, Type) and measure
type (Metaphysical, Epistemic, Normative, Value,
Motivational) as independent variables. We also included

Figure 3. Average ratings on Metaphysical (light blue),
Epistemic (purple), Value (red), Motivational (orange),
and Normative (yellow) for each explanandum (y-axis)
across conditions (top panel: Token, bottom panel: Type).
Error bars indicate standard error.
random slopes for condition and measure type, and we
included a random intercept term for participant. As
predicted, the model results showed a significant measure x
condition interaction for each of the value judgments and the
metaphysical judgment (see Fig. 3), whereby participants
gave higher ratings on the value judgment in the Type
condition than in the Token condition, compared to their
metaphysical judgments (Normative: b = 0.29, se = 0.13, p =
.02; Value: b = 0.34, se = 0.13, p = .005; Motivational: b =
0.29, se = 0.13, p = .02).
In addition, scale ratings on all three value measures
showed significant, positive partial correlations with each
other (Normative-Value: r = 0.40, p < .001; NormativeMotivational: r = 0.52, p < .001; Motivational-Value: r =
0.41, p < .001), and near-zero partial correlations with the
epistemic and metaphysical ratings. If a person gave a high
scale rating on Normative (we should try to answer why p),
they were also more likely to give a high scale rating on Value
(it would be good for us to know why p) and Motivational (it
would be worth the effort to find out why p), all else equal.
But giving a high scale rating on Normative (or Value, or
Motivational) had nearly zero unique association with a
person’s rating on Metaphysical (there must be a reason or
explanation for why p).

Study 4: Evidence for Generality
Studies 1-3 establish that people’s metaphysical explanatory
judgments predictably diverge from related epistemic and
value judgments. The next step for demonstrating that people
reason according to an intuitive PSR is demonstrating that
people’s metaphysical judgments apply generally to a widely
sampled set of facts. In order to do so, we need to have greater
confidence that our set of candidate explananda is more
representative of facts in general.
For this reason, we assembled a large set of facts that were
selected from random Wikipedia entries. Using the same list

2

We used the following websites: https://www.pexels.com,
https://pixabay.com, https://unsplash.com

2963

3

Source: http://www.desiquintans.com/nounlist

Figure 4. The distribution of average Explicit ratings for coincidences (red) and facts (blue). Points correspond to ratings for
individual explananda, and the shaded region corresponds to the density of ratings. Error bars correspond to 95% HDIs.
of 6,700 English nouns as we used in Study 3, we randomly
sampled 100 words and used each as a search string on
Wikipedia. On the resulting page, we selected up to three
facts that met the following criteria. First, the fact had to be
actual (i.e., it could not express a statement of possibility).
Second, the fact had to be comprehensible (i.e., not
excessively jargonistic or esoteric). Third, the fact had to be
non-definitional. Our rationale for these criteria was
assembling a large set of facts that pertained to actual events
or existents, thus keeping with the focus of the earlier studies.
In total, we assembled a set of 230 facts from Wikipedia (for
brevity, ‘Wikipedia facts’), which was nearly ten times larger
than the set of facts we had assembled from previous research
(see OSF for all Wikipedia facts).
To have an appropriate contrast set, we also created a set
of 150 coincidences that were either ‘linguistic’ (75 in total)
or ‘historical’ (75 in total). The linguistic coincidences were
constructed by randomly sampling a word from the list of
6,700 English nouns and either matching it with (a) another
word that began with the same letter (e.g., “the words ‘sleet’
and ‘sunglasses’ have the same first letter (s)”) or (b) another
word that had the same total number of letters (e.g., “the
words ‘slang’ and ‘roast’ have the same number of letters
(5)”). The historical coincidences were constructed by
searching https://www.history.com/this-day-in-history for
events that happened on the same date across different years
(e.g., “Calvin Coolidge became president of the United States
(1923) and "The Macarena" became the #1 song in the US
pop charts (1996) on the same day of the year (August 3)”).

Study 4: Generality of the fact-coincidence distinction
Now that we have a larger, more representative set of facts
and a corresponding set of coincidences, with Study 4 we set
out to generalize the key finding from Study 1 that
established participants’ metaphysical judgments are
appropriately sensitive to the fact-coincidence distinction.
In a fully within-subjects design, participants (n = 323)
made judgments about 30 candidate explananda sampled
randomly from the full set of 360 in total (230 Wikipedia
facts and 150 coincidences). For each explananda,
participants made a rating on the Truth and Explicit measures
from Study 1.

Study 4: Results
To assess whether participants’ scale ratings depended on
explananda type, we used a random-effects linear regression
model with rating score as the dependent variable. We
included explananda type (fact or coincidence) as fixed-effect
independent variable, a random slope for explananda type, a
random intercept for participant, and a random intercept for
explananda (nested within type). As predicted, model results
indicate a significant main effect of explananda domain (F(1)
= 1359.8, p < .001). Post-hoc comparisons show the
differences across domains follow the predicted pattern, with
the Wikipedia facts receiving higher scores than the
coincidences (b = 3.50, se = 0.09, p < .001). Average ratings
for coincidences were significantly below the scale midpoint
(m = 2.31, sd = 1.85, t(3775) = -55.87, p < .001), and the
average ratings for the Wikipedia facts were significantly
above the scale midpoint (m = 5.81, sd = 1.40, t(5913) =
99.09, p < .001) (See Fig. 4).

General Discussion
The present research indicates that people make distinctively
metaphysical explanatory judgments about the world. Across
four studies, we found that participants consistently
presupposed a PSR-like principle in their judgment. These
judgments
predictably
tracked
the
metaphysical
considerations relevant to the PSR (Study 1), predictably
diverged from related epistemic judgments (Study 2), value
judgments (Study 3), and applied to a large set of facts
selected from random Wikipedia entries (Study 4).
Of course, the PSR is a universal principle, and we can
hardly ask participants about every fact there is. Nonetheless,
the present research suggests that these metaphysical
judgements are elicited across an impressive range of facts.
From the fluid dynamics of party balloons to the existence of
God and the universe, participants reliably judged that facts
must have an explanation. Future developmental and crosscultural studies will be crucial for understanding the relation
between this PSR-like presumption and the other epistemic
and value judgments that people routinely make about
explanations. In the meantime, it seems that the PSR—an
ancient and deep philosophical principle—indeed holds a
place in ordinary thought.
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Abstract
Figure 1: A variant of a famous example (Selfridge, 1955)
of apparent top-down modulation of perception. Identical
forms are interpreted as “H” between “T” and “E” but as “A”
between “C” and “T”.

We follow up on recent work demonstrating clear advantages of
lexical-to-sublexical feedback in the TRACE model of spoken
word recognition. The prior work compared accuracy and recognition times in TRACE with feedback on or off as progressively
more noise was added to inputs. Recognition times were faster
with feedback at every level of noise, and there was an accuracy
advantage for feedback with noise added to inputs. However,
a recent article claims that those results must be an artifact of
converting activations to response probabilities, because feedback could only reinforce the “status quo.” That is, the claim
is that given noisy inputs, feedback must reinforce all inputs
equally, whether driven by signal or noise. We demonstrate
that the feedback advantage replicates with raw activations. We
also demonstrate that lexical feedback selectively reinforces
lexically-coherent input patterns – that is, signal over noise –
and explain how that behavior emerges naturally in interactive
activation.
Keywords: computational modeling; interactive activation;
spoken word recognition; speech perception

Introduction
Feedback from lexical to sublexical levels in interactive activation models (e.g., McClelland & Rumelhart, 1981) provides
an intuitive explanation of lexical influences on sublexical
processing – so-called top-down effects. A classic example is
shown in Figure 1, where an identical visual pattern is interpreted as “H” in the context of “T E” but as “A” in the context
of “C T”. Lexical contexts implied by neighboring letters seem
to influence the perception of the ambiguous form. Top-down
feedback (from lexical to letter representations) would appear
to provide an explanation of this and many other top-down
effects in visual and spoken word recognition and perception
(e.g., Elman & McClelland, 1988; Ganong, 1980; Luthra et
al., 2021; Reicher, 1969; Rubin, Turvey, & Van Gelder, 1976;
Samuel, 1997; Wheeler, 1970) and perception more generally
(e.g., Fenske, Aminoff, Gronau, & Bar, 2006).

Interactive
activation

Modular /
autonomous

…

…

Lexical

Lexical

Sublexical

Sublexical

…

…

Sublexical
decision

Figure 2: Interactive (left) vs. modular/autonomous architectures (right), exemplified by TRACE (McClelland & Elman,
1986) and Merge (Norris et al., 2000). Black outlines and
connections are key in both TRACE and Merge; grey boxes
and connections are either not implemented in either model
(supralexical) or Merge (input to sublexical). Red elements
highlight differences between approaches. The dashed red
arrow from the grey supralexical box back to the lexical level
highlights a key difference that would be included in an extension of interactive activation beyond the lexical level.
Norris et al. (2000) argue that intuition misleads us in such
cases, and that top-down effects are not evidence for topdown feedback during processing. They claim that any such
effect can be explained by modular or autonomous architectures where feedback is absent from perceptual pathways and
top-down knowledge and other constraints are integrated postperceptually. The differences between interactive and modular/autonomous approaches are schematized in Figure 2. In the
interactive architecture, direct top-down feedback from the lexical level modulates sublexical activations. This leads naturally
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to lexical representations influencing sublexical processing.
For example, suppose that the ambiguous H/A form in Figure 1
activates “H” and “A” equally. Because “TAE” rarely occurs
(e.g., AORTAE) but “THE” is a high-frequency pattern, “H”
will receive strong feedback in that context. Because “CHT”
would receive little support (only from low-frequency words
like YACHT or WATCHTOWER) but CAT is a high-frequency
word (and many words contain the pattern “CAT”), “A” would
receive strong feedback in that context.
In the modular/autonomous approach, direct feedback is
posited to be unnecessary, and detrimental. (The claim is that
once top-down and bottom-up inputs are mixed, the system
risks hallucinating, since it can no longer distinguish activations driven by bottom-up inputs vs. top-down influences.)
The reason feedback is argued not to be necessary is that decisions could be made outside the primary processing pathway,
as depicted on the right side of Figure 2. Here, as in the
Merge model (Norris et al., 2000), the Sublexical layer is duplicated as a special-purpose set of sublexical decision nodes
that receive input from both bottom-up and top-down sources.
Crucially, the activations in the Sublexical and Lexical layers
only send and receive activation in the feedforward direction,
protecting lower levels from top-down contamination. The ultimate claim is that such an architecture can simulate anything
a feedback (interactive) architecture can, with special-purpose
decision paths generating context-specific metalinguistic decisions. Norris et al. (2000) argued that a system without
feedback is simpler than a system with feedback (a claim we
will revisit in the Conclusions), and therefore one should prefer the modular/autonomous architecture if the two systems
are equally capable of simulating human performance.
Furthermore, Norris et al. (2000) have argued that feedback
cannot possibly improve a system’s performance in any way.
They argue that the best that a spoken word recognition system
can possibly do is activate the sublexical forms (phonemes)
that best correspond to the input and then the lexical forms
that best correspond to the activated phonemes. This idea is
related to the data processing inequality theorem, which holds
that the information in a signal cannot be increased through
subsequent manipulation. However, while it is certainly the
case that the information in the signal cannot be increased, it
is possible for systems to use information differently (e.g., via
different implicit or explicit decision policies) or for systems
to perform noise reduction, which would have clear benefits.
So: is it possible that feedback allows a system to make qualitatively different use of information or effectively to reduce
noise (possibly by enhancing coherent patterns in signals)?
Magnuson, Mirman, Luthra, Strauss, and Harris (2018)
found support for such possibilities in the form of comprehensive demonstration proofs that feedback improves word
recognition. They measured word recognition accuracy and
recognition time for words presented to TRACE with or without feedback enabled, with clear inputs and then progressively
noisier inputs. With clear or noisy inputs, recognition times
were faster on average with feedback than without. Accuracy

CAT

k

æ

TELL

t

E

LOAD

l

o

d

Figure 3: Interactive activation example. Arrows denote excitatory connections (7 input phonemes feed forward to 3 words,
which send feedback to constituent phonemes). Edges with
bulb connectors indicate lateral inhibition links within layers.

was also substantially higher with feedback than without as
noise was added to inputs.
While recognition times were faster with feedback than
without for most words at each level of noise (including zero
noise), some items were recognized more quickly without feedback. (Note that such comparisons can only include words
meeting the recognition definition both with and without feedback.) Whether a word was recognized more quickly or more
slowly with feedback depended on a variety of factors, such
as the makeup of a word’s similarity neighborhood. But what
drives the propensity for faster, more accurate processing with
feedback than without?
Consider Figure 3, which provides a schematic of a very
simple interactive activation network for modeling spoken
word recognition with just seven phonemes and three words
(CAT, TELL, LOAD). In this simple network, with no ability to
encode temporal order, the input /kæt/ would strongly activate
CAT and also weakly activate TELL (since /t/ connects to both
words). Now consider what happens when noise is added to the
initial input. Feedback will not simply reinforce the original
feedforward pattern (of signal plus noise). For example, given
the input /kæt/ + noise, noise will likely provide more bottomup input to TELL than the signal alone did. However, noise will
not be reinforced by feedback to the same extent as coherent
input patterns that map onto words. Even slightly greater
activation of CAT relative to TELL from the coherent input
pattern to which noise has been added will allow CAT to
inhibit TELL significantly (depending on exact parameters;
sufficient noise will overwhelm the signal). Over iterations,
this will lead CAT to send increasingly more feedback to its
constituent phonemes relative to the feedback TELL sends to
its constituent phonemes; coherent patterns in the input will
be reinforced to the detriment of nodes activated primarily by
noise, rather than simple “reinforcement of the status quo.” In
other words, the joint probability of {k, æ, t} embodied in the
lexicon drives selective reinforcement of coherent lexical (and
sublexical, phonotactically probable) patterns in the input.
This will also drive faster and stronger activation of words
consistent with the input, as Magnuson et al. (2018) reported.
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However, Norris and Cutler (2021) claim that the apparent
advantages for feedback reported by Magnuson et al. (2018)
are due to an artifact: “The effect of noise was simulated by
adding a constant amount of noise to a decision process – the
Luce choice rule – operating on the output of the network ...
In other words, because of a workaround in the model, simulations using TRACE can give the impression that feedback can
improve performance” (Norris & Cutler, 2021, p. 3). We note,
however, Magnuson et al. (2018) specify (p. 3) that they added
Gaussian noise independently to each input element (following the procedure of McClelland, 1991). They subsequently
converted activations to response probabilities in accordance
with the procedures used by Frauenfelder and Peters (1998) to
simulate lexical decisions (pp. 118-119), which were based
on procedures used by McClelland and Rumelhart (1981) and
McClelland and Elman (1986) for letter and phoneme recognition. While it seems unlikely that converting to response
probabilities could change the rank ordering of recognition
times, we confirm this by replicating the results of Magnuson et al. (2018) with raw activations. We go beyond their
analyses and examine whether phoneme activations indicate
that feedback selectively reinforces lexically-coherent input
patterns.

Simulations
We use the same approach as Magnuson et al. (2018) to
compare word recognition accuracy and recognition time in
TRACE under increasing levels of noise with and without
feedback – with the important difference that we use raw activations rather than response probabilities.

Procedure
We conducted simulations using jsTRACE, a recent reimplementation of TRACE in JavaScript (Magnuson, Curtice,
Grubb, Crinnion, & Sossounov, in preparation). We used the
default slex TRACE lexicon, consisting of 212 words (as well
as the “silence” word used to represent a state of no input; the
silence word was not included in analyses). We used three
levels of feedback (0.00, 0.015, and 0.03, the last being the default level with small lexicons in TRACE). Inputs were default
TRACE inputs (distributed representations of pseudo-spectral
transformations of acoustic-phonetic features over time). We
combined each level of feedback with seven levels of Gaussian noise (with mean of zero and standard deviation ranging
from 0.0 to 1.5 in steps of 0.25). A value sampled from the
distribution was added independently to each cell of the input matrix prior to the simulation. Any negative input values
were replaced with zero. To ensure that results under noise
were robust, we conducted 10 simulations of every word in
the lexicon at all levels of noise greater than zero. We allowed
simulations to run for 100 time steps (cycles) in TRACE.
Decision policy Note that the proposal that the best a word
recognition system can do is choose the word with highest
activation (Norris & Cutler, 2021) does not specify when a decision should be made. We cannot simply take the time of peak

activation, as a target’s activation may continue increasing for
some time after it has become the dominantly activated item
(potentially resulting in longer recognition times for words
that are more strongly activated, relative to a word that might
have an earlier but lower peak). A further complication is
that if we were to present the model with nonword (or novel
word) inputs, simply taking the word with maximum activation as the winner would lead to erroneous “recognition.” We
followed the example of Magnuson et al. (2018) and used a
simple threshold-based policy, where a correct identification is
defined as the target reaching or exceeding that threshold and
no other item reaching it. Recognition time is the cycle where
the target’s activation first reaches or exceeds the threshold.
We first identified the activation threshold that would maximize accuracy for zero feedback without noise; this was 0.4.
We then applied that threshold to every simulation (that is, at
every level of feedback and noise). Note that any potential bias
in this policy favors simulations without feedback, since the
threshold optimizes accuracy with zero noise and zero feedback. Crucially, all analyses were applied to raw activations.
We did not transform activations to response probabilities.

Results
In Figure 4, we see a clear replication of the results of Magnuson et al. (2018) based on raw activations. Recognition time
(left panel, only including recognized words) is faster with
feedback than without at every level of noise (up to sd = 1.25
or 1.5, where there were too few correct trials with feedback
off to make meaningful comparisons). Feedback also yields
higher accuracy (right panel) once noise is added.
In Figure 5, we plot recognition times at each noise level
for words that were correctly recognized with feedback at
the default value of 0.03 and without feedback. Again, we
repeated the simulation of each word 10 times at each level
of noise greater than zero. A clear, consistent advantage is
observed for the majority of words at each level of noise.
Contra assertions by Norris and Cutler (2021), feedback
promotes more robust word recognition performance. Thus,
the results of Magnuson et al. (2018) were not an artifact of using response probabilities rather than raw activations. TRACE
recognized words more quickly with feedback than without
at every level of noise (including no noise), and feedback promoted higher accuracy as more noise was added. How would
this be possible if feedback simply reflected signal and noise
equally, as Norris and Cutler (2021) claim? We can explore
this by examining how phoneme and word activations change
as noise is added with and without feedback.
First, consider phoneme activations. In Figure 6, we plot
the mean activation of each input phoneme (solid red lines)
averaged over all items (all words in slex) along with the
mean activation of the next-most-activated phoneme at that
position (dashed blue lines). Although the maximum word
length is 9, the number of words contributing to means for
later phonemes decreases, since most words are shorter. There
is a clear pattern: with feedback (right panels), there is greater
separation between Target phonemes and Next phonemes than
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Figure 4: Replication of Magnuson et al. (2018) using activations instead of response probabilities. Each point represents the
outcome of simulating every word in the 212-word slex lexicon, with 10 simulations conducted with each word at each noise
level greater than zero. The threshold was set to 0.4, which maximized accuracy without feedback and with noise set to zero.
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Figure 5: Comparing activation-based recognition time with feedback (set to 0.03) and without feedback (set to 0.0). Only
words that were correctly recognized both with and without feedback are included. Without noise (top left), we conducted one
simulation per word with and without feedback. At noise levels greater than 0, there were 2120 simulations (10 repetitions of
each word with Gaussian noise added to input). Items classified as “faster” were recognized more quickly (reached the threshold
more quickly) with feedback than without and are below the identity line; “equal” items are on the identity line; “slower” items
reached the threshold later with feedback than without and are above the identity line.
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Figure 6: Phoneme activations over time for words at two levels of feedback and three levels of noise averaged over all 212 words
in the slex lexicon. In each plot, the activations of the phoneme corresponding to the input (solid red lines) and the next-most
activated phoneme (dashed blue lines) are plotted. Later phonemes are based on fewer words (those up to nine phonemes in
length). Target phoneme activations are generally higher and Next activations generally lower with feedback on.
without (left panels). This is a result both of greater Target
phoneme activation with feedback vs. without and modestly
lower activation of Next phonemes with feedback vs. without
(mainly observable as sharper, lower peaks for Next phonemes
with feedback, indicative of greater lateral inhibition from
Target phonemes). If signal and noise were equally reinforced
by feedback, we would expect to see similar amplification of
both Target and Next phonemes with feedback. Consistent
with our discussion of Figure 3, feedback selectively boosts
those phonemes that constitute lexically-coherent patterns –
that is, series of phonemes that constitute words.

Discussion
The simulations we presented demonstrate clear benefits of
feedback in the interactive framework. Feedback promotes
faster recognition time and makes the model robust against

noise, as demonstrated by preservation of accuracy with feedback as compared to without. Contra assertions made by
Norris and Cutler (2021), this is not an artifact of using response probabilities rather than raw activations. Magnuson et
al. (2018) used the standard approach of using response probabilities, but here we used raw activations. Our results were
extremely similar (see Figures 4 and 5), with faster recognition with feedback than without at every noise level and
substantially higher accuracy with feedback than without with
moderate to high levels of noise (SD ≥ 0.5).
We extended the earlier work by tracking phoneme activations. In Figure 6, we plotted the mean activations of
position-specific phonemes from target words and the nextmost-activated phonemes at those positions. Relative to the nofeedback simulations, feedback promoted greater differences
between target phonemes and next-most-activated phonemes.
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Feedback drives selective reinforcement of lexicallyprobable patterns, which leads to faster recognition times as
well as higher accuracy with feedback than without at multiple levels of noise added to inputs. Examining the impact of
feedback on the phoneme level (Figure 6) reveals that feedback drives a greater separation between input phonemes and
next-most-activated phonemes when noise is added to inputs.
Feedback provides an effective and efficient mechanism to
distinguish signal from noise.

Conclusions
To return to the larger theoretical issues we touched on in the
Introduction, let us consider again the claims that feedback (a)
cannot improve perceptual processing, (b) entails hallucination, (c) is more complex than a system without feedback, and
(d) is not necessary. We have shown here that feedback does
improve perceptual processing,1 replicating Magnuson et al.
(2018) and extending their results with our new examination
of selective reinforcement of lexically-probable signals over
noise. Previous papers have addressed hallucination, beginning with the original TRACE paper (McClelland & Elman,
1986), where feedback was set to a level that promotes bottomup priority.
The final two claims are closely linked: We agree that many
apparent top-down effects can be simulated by special-purpose,
non-perceptual pathways (as in the right side of Figure 2).
However, if the two architectures can both account for relevant
data (though note that this has not been fully established), then
it only matters that feedback is not necessary if there is a reason
to prefer a system without feedback. Thus, a crucial issue is
whether an interactive framework (as in Figure 2) is more
complex than an analogous modular/autonomous system.
Ironically, one of the criticisms Norris et al. (2000) leveled against feedback in TRACE is that it appears only to be
there to simulate top-down effects, while serving no functional
purpose. This assertion was based on the finding that motivated the Magnuson et al. (2018) simulations: a report from
Frauenfelder and Peters (1998) that in simulations comparing
TRACE with feedback on vs. off, using 21 carefully selected
words, about half the words were recognized more quickly
with feedback, and about half were recognized more quickly
without feedback. While Frauenfelder and Peters (1998) had
good reasons for selecting their items, their results do not
generalize beyond those items (as our simulations and those
of Magnuson et al., 2018, demonstrate, while including their
words and many more). The irony is that the sublexical decision cul-de-sac in the modular/autonomous architecture serves
no functional purpose. While Norris et al. (2000) argue that it
serves a necessary role as a readout or decision layer, this is
simply a stipulation. An unspecified process still must “read”
the activations and apply a decision policy. We can make the
same stipulation about any layer in any model (i.e., we can
1 A reviewer pointed out that our RT analyses use a decision
threshold. However, top-down impact on raw activations is clear in
Figure 6.

stipulate that a layer is accessible to decision processes).
The interactive architecture is intuitively simpler; it requires
one layer fewer than the modular/autonomous architecture.
As Magnuson et al. (2018) discuss, this also implies that the
modular/autonomous system would require more nodes and
connections than a corresponding interactive system. Thus,
there is no basis for claiming that a system with feedback is
more complex than one without feedback.
Of course, these issues have been argued extensively without apparent progress by proponents of interactive frameworks
(e.g., Magnuson, McMurray, Tanenhaus, & Aslin, 2003a,
2003b; McClelland, 1991, 2013; Samuel, 1997; Samuel &
Pitt, 2003) and proponents of modular/autonomous frameworks (e.g., McQueen, 2003; Norris & Cutler, 2021; Norris
et al., 2000; Norris, McQueen, & Cutler, 2016). Our goal
here has been to address the key issue of how feedback improves perception, in direct response to claims made by Norris
and Cutler (2021). In light of the demonstration proof that
feedback promotes accuracy and speed under noise and the
computational case we have made for how feedback achieves
this, we have advanced the theoretical debate. A challenge is
how to resolve the debate using experimental results.
Notably, empirical support for feedback is growing. This
includes neural evidence consistent with feedback (e.g., Getz
& Toscano, 2019; Gow & Olson, 2015; Gow, Segawa, Ahlfors,
& Lin, 2008; Myers & Blumstein, 2008; Noe & Fischer-Baum,
2020) as well as new findings using the classic lexicallymediated compensation for coarticulation (LCfC) paradigm of
Elman and McClelland (1988). The two camps have accepted
LCfC as a crucial test for feedback (e.g., McQueen, Jesse,
& Norris, 2009; Pitt & McQueen, 1998). While McQueen
et al. (2009) failed to replicate the findings of Magnuson et
al. (2003b) using their original materials, Luthra et al. (2021)
noted that a precondition for observing LCfC is having materials that can drive both robust phoneme restoration and robust compensation for coarticulation – but few previous LCfC
studies had actually established that their materials elicited
these effects separately before combining them for the LCfC
paradigm. When Luthra et al. (2021) first pretested items to
ensure that they yielded both effects separately, they found robust LCfC results (with an initial sample of 40 participants and
a direct replication with a second sample of 40 participants).
Theoretical, computational, neural, and behavioral findings
are all converging towards the conclusion that feedback provides an efficient mechanism for using prior probabilities (embodied in lexical knowledge, in the case of word recognition)
to promote fast, noise-resistant processing.
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Abstract

FGDs are also potentially unbounded in length (3), which
suggests that they cannot be adequately described in terms
of linear predictability.

One of the key features of natural languages is that they exhibit
long-distance filler-gap dependencies (FGDs): In the sentence
‘What do you think the pilot sent ?’ the wh-filler what is interpreted as the object of the verb sent across multiple words.
The ability to establish FGDs is thought to require hierarchical syntactic structure. However, recent research suggests that
recurrent neural networks (RNNs) without specific hierarchical bias can learn complex generalizations about wh-questions
in English from raw text data (Wilcox et al., 2018, 2019).
Across two experiments, we probe the generality of this result
by testing whether a long short-term memory (LSTM) RNN
model can learn basic generalizations about FGDs in Norwegian. Testing Norwegian allows us to assess whether previous
results were due to distributional statistics of the English input or whether models can extract similar generalizations in
languages with different syntactic distributions. We also test
the model’s performance on two different types of FGDs: whquestions and relative clauses, allowing us to determine if the
model learns abstract generalizations about FGDs that extend
beyond a single construction type. Results from Experiment
1 suggest that the model expects fillers to be paired with gaps
and that this expectation generalizes across different syntactic
positions. Results from Experiment 2 suggest that the model’s
expectations are largely unaffected by the increased linear distance between the filler and the gap. Our findings provide support for the conclusion that LSTM RNN’s ability to learn basic
generalizations about FGDs is robust across dependency type
and language.
Keywords: Filler-Gap Dependencies, Neural Language Models, Norwegian, Relative Clauses, Embedded Questions

(3)

Introduction
Natural languages exhibit Filler-Gap Dependencies (FGDs)
in which filler phrases are interpreted at later gap positions.
Embedded questions like (1) are a type of FGD: the wh-filler
what is interpreted as though it occupied the gap in the direct
object position of the verb sent (marked with an underscore).
Relative clauses (RCs) like (2) are also FGDs that include a
relative pronoun (that) or a null operator as the filler and the
head of the RC (the present), which is interpreted in the gap
position.
(1)

I know what the pilot sent

(2)

I heard about the present that the pilot sent
family.

to his family.
to his

Establishing an FGD requires abstract generalizations and
representations. The well-formedness of an FGD must be described in terms of syntactic relations between the filler, the
gap, and other elements in a hierarchical syntactic structure.

I know what the guy from the airport said Mary saw
that the pilot sent to his family after landing.

Despite the fact that FGDs require abstract generalizations
over hierarchical representations, recent findings by Wilcox
and colleagues (2018, 2019) suggest that Recurrent Neural
Networks (RNNs, Elman, 1990), which are inherently sequence models without built-in biases for representing hierarchical structure, can learn FGDs and associated constraints
on them. Specifically, the authors argue that Long ShortTerm Memory (LSTM) RNNs (Hochreiter & Schmidhuber,
1997) that are trained with a generic language modeling objective on unannotated English text implicitly learn the distribution of acceptable FGDs in English. Their results indicate that the LSTMs could represent dependencies between
fillers and gaps in multiple syntactic positions, maintain this
relationship over large spans of text, and even obey complex
constraints that govern where FGDs cannot be established.
These results go in line with previous studies where LSTMs
showed impressive results on linguistic processing tasks that
require structurally-mediated dependencies, such as subjectverb agreement (Linzen et al., 2016; Gulordava et al., 2018)
or auxiliary inversion (McCoy et al., 2018).
The results of Wilcox and colleagues (2018, 2019) are intriguing, but our ability to draw strong conclusions from this
work about the general ability of LSTM RNNs is limited by
the scope of previous experiments. First, past experiments
have only investigated FGDs in English, which leaves open
the question of whether the models could achieve similar
success on input from languages with different distributional
characteristics. Second, previous experiments only investigated one type of FGDs: wh-questions. It is unclear whether
the success of past models should be attributed to idiosyncratic properties of (the distribution of) wh-questions or to
a general ability of LSTMs to learn abstract generalizations
about FGDs of any type.
We address this gap by exploring the ability of LSTM models to learn two types of FGDs in Norwegian: wh-questions
and relative clauses. Norwegian is like English in that it permits FGDs across various syntactic positions, which facilitates close comparison. However, the morphosyntax of Nor-
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wegian differs from English in a number of respects, such that
the distribution of cues to syntactic structure varies between
the languages. For example, Norwegian is a V2 language that
makes extensive use of fronting, which means that the mapping from surface word order to grammatical role is sometimes less obvious than in English. Norwegian also lacks
morphological cues that might help learn syntactic dependencies, such as subject-verb agreement.
Testing RC dependencies in addition to wh-questions can
also shed light on how abstract or general the LSTM’s representations of FGDs are by testing whether success depends
on specific overt lexical contingencies. Wh-words provide
relatively unambiguous, superficial cues to the presence of
a later gap. In some RCs, however, the cues are superficially
ambiguous. In English, RCs can be introduced by the complementizer that, as seen in (2). But the complementizer that
is also used in declarative complement clauses, where it does
not license a gap (4). It also has other uses (e.g., determiner).
(4)

Dependent variable
We investigate the model’s syntactic generalizations about
FGDs by looking at surprisal, which is the inverse log probability that the model assigns to a word given the previous
context. Surprisal shows to what extent a word is unexpected
given the model’s probability distribution. Surprisal has been
shown to correlate with incremental processing difficulty during human sentence processing (Hale, 2001; Levy, 2008).

Measuring filler-gap dependencies

I heard that the pilot sent the present to his family.

In Norwegian, the relative pronoun som is used in RCs as in
(5). Similar to relative pronouns in English, som is ambiguous: it can be used as a comparative operator as in Han er like
høy som meg ‘He is as tall as me’.
(5)

most frequent 50 000 tokens. It was trained for 40 epochs and
achieved a perplexity of 30.4 on the validation set. We also
trained a 5-gram model - a simple statistical model that can
represent local dependencies between words within a 5-words
window. This model was trained on the same corpus with
Knesser-Ney smoothing and achieved a perplexity of 133.5
on the validation set. We primarily use this model as a baseline model.

Jeg hørte om gaven
som piloten sendte til
to
I heard about present.DEF REL pilot.DEF sent
familien sin etter landing
family.DEF his after landing
‘I heard about the present that the pilot sent to his family
after landing.’

Such superficially ambiguous cues to the presence of a gap
could potentially hinder (Gulordava et al., 2018) or improve
the model’s performance (Kam et al., 2008) on recognizing
FGDs.
We now turn to our experiments. Experiment 1 explored
whether an LSTM model can learn that fillers can be associated with gaps in different syntactic positions. Experiment 2 tested whether the model’s representation of FGDs
is robust to intervening material by manipulating the linear
distance between the filler and the gap. To preview our results, we find that the model can represent both wh- and RC
FGDs across different syntactic positions and can represent
the FGDs across intervening material.

Methods
Language models
We trained an LSTM RNN with a language modeling objective. Such language models take a sequence of words as an
input, transform it into a vector, and predict the most probable next word in that sequence using a softmax classifier over
the model’s vocabulary. Our model was trained on 113 million tokens of Norwegian Bokmål Wikipedia dump (Bokmål
is one of the two written standards of Norwegian). Following (Gulordava et al., 2018), the model was a 2-layer LSTM
with 650 hidden units in each layer and a vocabulary size of

Following Wilcox and colleagues (2018), we created our experimental items using a 2x2 factorial design that manipulated the presence of a filler and the presence of a gap in a
sentence as in (6).
(6) She knows...
a. that the priest revealed the secret
b. *that the priest revealed
c. *what the priest revealed the secret
d. what the priest revealed
...in front of the guests at the party.

- FILLER , - GAP
- FILLER , + GAP
+ FILLER , - GAP
+ FILLER , + GAP

According to this factorial design, there should be an interaction between the presence of a filler and the presence of
a gap, such that grammatical sentences with either no FGD
(6-a) or a licensed FGD (6-d), should have lower surprisal
values compared to ungrammatical sentences that contain an
unlicensed gap (6-b), or a filler with no gap (6-c). To test for
an interaction, we ran linear mixed-effects regression models
with surprisal as a response variable, sum-coded conditions
as predictors, and by-item random slopes (Barr et al., 2013).
When presenting our experimental results, we will collapse
across two out of the four conditions by looking at pairwise
differences between + FILLER and - FILLER conditions, which
we call filler effects. There are two separate filler effects: a
filled gap effect (Stowe, 1986, - GAP conditions) and an unlicensed gap effect (+ GAP conditions).
The filled gap effect provides a measure of whether the
presence of the filler triggers an expectation for an upcoming gap (in the earliest possible position). A filled gap effect
is measured by comparing surprisal at NPs in the grammatical
- FILLER , - GAP condition to the same NPs in the corresponding + FILLER , - GAP condition. If the model expects a gap
after seeing a filler, it should assign a higher surprisal value
to an NP in a potential gap position than it assigns to the same
NP in a sentence without a filler (e.g., compare surprisal values at the secret in (6-c) v. (6-a)). Filled gap effects should
manifest as positive differences in surprisal.
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The unlicensed gap effect measures how ‘surprised’ the
model is to find a gap in a sentence without a filler. The effect
is calculated by comparing surprisal in the immediate postgap region (i.e. in front of in (6)) in the + FILLER + GAP and
- FILLER + GAP conditions. If the model knows that gaps must
be licensed by a filler, surprisal in the post-gap region should
be lower in + FILLER sentences than in - FILLER sentences.
The unlicensed gap effect (the surprisal difference between
conditions (6-d)-(6-b)) should be negative in such cases.

are measured at argument NPs in - GAP conditions (orange
lines). Unlicensed gap effects are measured in the regions immediately following the gap for + GAP conditions (blue lines).
Figure 2 compares the filled gap and unlicensed gap effects at
each region of interest from the LSTM model to the baseline
5-gram model.

Experiment 1: Flexibility of filler-gap licensing
In Experiment 1 we test whether the models learn that fillers
can license gaps in different syntactic positions. Following
Wilcox and colleagues’ methodology (2018), we tested both
wh- and RC FGDs with gaps in subject, direct object, and
oblique (complement of a prepositional phrase) positions in
Norwegian. We present the materials and the results for each
dependency type in turn.

Wh-dependencies
We created 20 test items according to a factorial design that
crossed the 2x2 design in (6) with a factor that manipulated
whether the gap was in subject, direct object, or oblique position as in (7), resulting in 12 conditions and 240 test sentences. Verbs were either ditransitive or transitive and accompanied by a prepositional phrase that could host a gap in
oblique sentences. When the gap occurs in direct or oblique
object positions in Norwegian, the structure of the sentence
is the same as in English (7-b), (7-c). However, when the gap
is in subject position, an expletive relative pronoun som is required in front of the gap in Norwegian (7-a), which could
serve as an additional cue to the model for identifying the
FGD.

Figure 1: Filler effects for wh-dependencies by sentence region and gap position. Region labels are given in English for
presentation purposes. Error bars are 95% confidence intervals across test items.

(7) Hun vet... ‘She knows...’
a.
SUBJECT GAP
hvem som avslørte hemmeligheten foran
in front of
who REL revealed secret.DEF
gjestene på festen
guests.DEF at party.DEF
‘who revealed the secret in front of the guests at the
party.’
b.
DIRECT OBJECT GAP
hva presten avslørte foran
gjestene på
what priest.DEF revealed in front of guests.DEF at
festen
party.DEF
‘what the priest revealed in front of the guests at the
party.’
c.
OBLIQUE GAP
hvem presten avslørte hemmeligheten foran
who priest.DEF revealed secret.DEF
in front of
på festen
at party.DEF
‘who the priest revealed the secret in front of at the
party.’

Figure 2: Filler effect for wh-dependencies by position.

Figure 1 shows filler effects (differences between + FILLER
and - FILLER conditions) measured in bits of surprisal (on the
y-axis) by sentence region and gap position. Filled gap effects

Visual inspection of the figures suggests that the LSTM exhibits filled gap effects at all three argument positions, as evidenced by the positive surprisal differences at the priest, the
secret, and the guests. It also appears that filled gap effects
persist throughout the sentence if a gap has not been identified in an earlier position: filled gap effects are observed at
the DO region after a filled subject position (top panel Figure 1) and in OBL position after a filled DO position (middle
panel Figure 1). These results suggest that the model behaves
like an active parser, positing a gap at every possible site after
encountering a filler in the preceding context (although the effect is notably smaller in the positions following the first filled
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NP position). This could be interpreted as evidence that the
presence of a filler sets up an expectation for a gap in general,
not in a particular syntactic position. Figure 2 also shows that
the size of the filled gap effect varies by position, with subject positions inducing the largest filled gap effects, followed
by direct object, and then oblique position. The baseline 5gram model showed a filled gap effect in subject position, but
nowhere else.
The model also appears to recognize unlicensed gaps in
subject, DO and OBL position, as evidenced by the negative
surprisal differences at revealed, in front of, and at the party.
Once again, effects appear to be strongest in subject position,
however unlicensed gap effects in DO and OBL position are
comparable in size. As with the filled gap effect, the 5-gram
model only exhibited an unlicensed gap effect in subject position.
Statistical analysis revealed significant interactions at all
the positions tested (p <0.001 in all cases) for the LSTM.
For the 5-gram model, the interaction was only significant
in subject position. The fact that the 5-gram model exhibits
both effects in subject position indicates that there were sentences in the training set that contained a filler and a corresponding subject gap within a 5-word window. We suspect
that the apparent filled gap effects were driven by two highly
frequent bigrams: hvem som ‘who REL’ and hva som ‘what
REL ’, where the filler is immediately adjacent to the expletive
relative pronoun som that signals a subject gap in embedded
questions. The large unlicensed gap effect can be attributed
to the absence of n-grams containing the declarative complementizer at and the relative pronoun som.
Our results suggest that the LSTM model learned that whfillers can be linked to subject, object, and OBL positions
in Norwegian and that gaps in these positions must be licensed by a preceding filler. Thus we replicate Wilcox and
colleagues’ basic findings in Norwegian. We now turn to the
second part of the Experiment 1 that tested RC dependencies.

b.

c.

d.

foran
gjestene på festen
in front of guests.DEF at party.DEF
‘about someone who revealed the secret in front of
the guests at the party.’
+ FILLER , - GAP
om noen
som presten avslørte
about someone REL priest.DEF revealed
hemmeligheten foran
gjestene på festen
secret.DEF
in front of guests.DEF at party.DEF
‘about someone who the priest revealed the secret in
front of the guests at the party.’
- FILLER , + GAP
fra noen
at
avslørte
from someone that revealed secret.DEF
hemmeligheten foran
gjestene på
festen
in front of
guests.DEF at
party.DEF
‘from someone that revealed the secret in front of
the guests at the party.’
- FILLER , - GAP
fra noen
at presten avslørte
from someone that priest.DEF revealed
hemmeligheten foran
gjestene på festen
secret.DEF
in front of guests.DEF at party.DEF
‘from someone that the priest revealed the secret in
front of the guests at the party.’

Filler effects for the LSTM model are presented in Figure 3
by sentence region and gap position. Filled gap and unlicensed gap effects for each gap position for the LSTM and
the 5-gram model are in Figure 4. Overall, the qualitative
pattern of effects for RC dependencies is almost identical to
the pattern found with wh-FGDs.1

RC dependencies
The experimental items for wh-dependencies were modified
to create sentences with RC dependencies as follows: Mainclause verbs, like hørte ‘heard’ in (8), were followed by a
PP headed either by fra ‘from’ (in - FILLER) sentences or om
‘about’ (in + FILLER) sentences. PPs contained either the indefinite noen ‘someone’ or noe ‘something’. In + FILLER sentences, the embedded clause was an RC, headed by the indefinite, followed by the relative pronoun som. In - FILLER sentences, the embedded clause was a complement of the main
clause verb (hørte), followed by a PP with the indefinite fra
noen ‘from someone’ and the declarative complementizer at
‘that’. As above, the experiment manipulated the presence
of a filler, the presence of a gap, and syntactic position. (8)
illustrates the four SUBJECT conditions from a single item.
(8)

Hun hørte... ‘She heard...’
a.
+ FILLER , + GAP
om noen
som avslørte hemmeligheten
about someone REL revealed secret.DEF

Figure 3: Filler effect for RC dependencies by sentence region and gap position.
1 Negative

difference scores in the region preceding the subject
NP ‘the priest’ largely reflect the fact that embedding verbs like å
høre ‘to hear’ are more commonly followed by the preposition om
‘about’ than by the preposition fra ‘from’. As a result, our - FILLER
sentences contained less frequent collocations in the matrix clause
than + FILLER sentences, contributing to baseline surprisal differences. These differences, though, are orthogonal to our comparisons
of interest.
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items with a four-level factor controlling modifier length: No
modifier as in (9-a), short modifier (2-4 words), medium modifier (5-8 words) as in (9-b), and long modifier (8-12 words),
distributed across the four modifier conditions, resulting in
640 test sentences. In their original materials (Wilcox et al.,
2018) used modifiers that were composed either of PPs or
RCs. Our modifiers only contained PPs and conjunctions.
We chose not to use RCs in our modifiers so as not to introduce any verbs that could be misinterpreted as potential gap
sites between our filler and gap positions.
(9)

a.

Figure 4: Filler effect for RC dependencies by position.
As with wh-FGDs, the LSTM model exhibits clear filled
gap effects (- GAP conditions) at each potential gap position
and it can distinguish between licensed and unlicensed gaps
(+ GAP conditions) at each position tested. Once again, the
5-gram model exhibits filled gap and unlicensed gap effects,
but only in subject position. Statistical analysis confirmed a
significant interaction between the presence of a filler and the
presence of a gap at all three positions for the LSTM model
and in subject position for the 5-gram model (p <0.001 in
all cases). As with wh-FGDs, filled gap effects are largest in
subject position and decline in size across the sentence. The
unlicensed gap effect is largest in subject position, but the
size does not differ between DO and OBL positions. Interestingly, the filled gap effect in subject position was larger for
wh-FGDs (>4.5 bits) than with RCs (≈ 3 bits), though the
opposite was true of the unlicensed gap effect.

NO MODIFIER

Jeg vet hva piloten sendte til familien sin
to family.DEF his
I know what pilot.DEF sent
etter landing
after landing
‘I know what the pilot sent to his family after landing.’
b.

MEDIUM MODIFIER

Jeg vet hva piloten [med den blå hatten og
I know what pilot.DEF with the blue hat.DEF and
kappen] sendte til familien sin etter landing
to family.DEF his after landing
coat.DEF sent
‘I know what the pilot [in the blue hat and coat] sent
to his family after landing.’

Filler effects are presented in Figure 5 by modifier and position. Not pictured are the results from the 5-gram model
which showed no effects across all conditions.

Experiment 2: Distance between the filler and
the gap
In Experiment 2, we manipulated the linear distance between
the filler and the gap to test whether the network’s representation of the dependency is robust to intervening material that
is irrelevant to the FGD. We manipulated distance between
the filler and the gap by varying the length of a phrase modifying a subject that came between the filler and the gap, as
in (Wilcox et al., 2018). As in Experiment 1, we also manipulated the presence of the filler, the presence of the gap, and
the position of the gap. However, in Experiment 2 we only
investigated gaps in direct object or oblique position. As in
Experiment 1, we measure the size of filled gap effects and
unlicensed gap effects and test whether the interaction is significant. If the model can ignore the intervening material, we
expect a significant interaction between the presence of the
filler and the gap at both DO and OBL positions irrespective
of modifier length. If the model’s ability to represent the FGD
is sensitive to the intervening material, we expect a three-way
interaction between the presence of the filler, the presence of
the gap, and modifier length.

Wh-dependencies
We began with 20 test items crossing the presence of the filler,
the presence of the gap and gap position. We crossed these

Figure 5: Filler effect for wh-dependencies by modifier.
As in Experiment 1, the model learned the bidirectional relationship between the presence of a filler and the presence of
a gap by exhibiting filled gap effects and unlicensed gap effects in both DO and OBL position (p’s <0.001). Filled gap
effects were larger in DO position than in OBL position, but
unlicensed gap effects were larger in OBL position. There
was no significant effect of modifier length on filler-gap licensing.

RC dependencies
Materials for wh-FGDs were modified to create test items
with RCs as in Experiment 1. Filled gap and unlicensed
gap effects for RC dependencies are presented in Figure 6 by
modifier and position. The 5-gram model yielded no effects.
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idence that general-purpose models without pre-defined language bias can learn basic syntactic generalizations about the
distribution of acceptable FGDs across different languages.

Figure 6: Filler effect for RC dependencies by modifier.
As with wh-dependencies, there was a significant two-way
interaction between the presence of the filler and the presence
of the gap for both positions (p’s <0.001). For DO conditions, there was a significant three-way interaction between
the presence of a filler, a gap and modifier length (β = 0.05, t
= 2.37, p = 0.018) mostly driven by a modest diminishment
in the size of the unlicensed gap effect as modifier length
increased. A significant three-way interaction was also observed for OBL conditions (β = 0.09, t = 3.44, p <0.001),
once again driven mostly by smaller unlicensed gap effects
with longer modifiers. Despite the decrease in size, however,
unlicensed gap effects are still robust across modifier length.
Once again we observed that filled gap effects were rather
small at the OBL position compared to the DO position.
Taken together the results of Experiment 2 suggest that the
model has strong expectations for gaps in DO position with
wh- and RC dependencies alike. Expectations for a gap in
OBL position are less robust, as observed in Experiment 1,
but modifier length appears to have little effect on gap expectations. The model appears to recognize unlicensed gaps in
both DO and OBL position with wh- and RC dependencies
and although the size of the effect diminishes slightly with
modifier length in RC dependencies, the length of intervening
material does not consistently attenuate the model’s ability to
detect unlicensed gaps. Overall, there seems to be an asymmetry in how the model represents the bidirectional relationship between fillers and the gaps: Unlicensed gap effects are
robust and may even increase in size towards towards the end
of a sentence, while filled gap effects decrease dramatically
between DO and OBL position. The decrease in the size of
the filled gap effect suggests that the model has weaker expectations for an RC gap in OBL position than in DO position.

Conclusions and future work
In this paper we have shown that an LSTM RNN model was
able to learn two basic properties of FGDs in Norwegian:
flexibility in gap position (Experiment 1) and robustness to
intervening material (Experiment 2). The model appears to
generalize these properties over two dependency types: whand RC dependencies. Taken together with the results of
(Wilcox et al., 2018, 2019), our results provide convergent ev-

The results presented here are promising but they do not
conclusively establish that the models have a robust understanding of the distribution of FGDs in Norwegian. We identify two ways in which the test materials can be modified in
order to further explore the robustness of the model’s generalizations. First, Experiment 2 tested the effect of linear
distance between the filler and the gap by manipulating the
length of a subject modifier phrase as in (Wilcox et al., 2018).
The experiment does not establish that the model understands
that FGDs are structurally unbounded, as it did not manipulate hierarchical distance between the filler and the gap.
(Wilcox et al., 2019) showed how hierarchical distance affects the models’ abilities to detect filled and unlicensed gaps
in English by manipulating layers of embedding, as in (10).
Future work will test the effect of hierarchical distance on
Norwegian FGD licensing.
(10)

I know what [the postman said [the newspaper reported [the priest revealed at the party]]].

Second, in both wh- and RC dependencies that we tested, the
gaps were licensed by an overt lexical item. In our wh-FGDs
the overt licensor is the wh-word. In our RCs the licensor was
the overt relative pronoun som. Not all grammatical FGDs,
however, require overt lexical licensing. For example, RCs
without overt relative pronouns or complementizers are possible in both English and Norwegian, as shown below:
(11)

a.
b.

I saw the present [RC the pilot sent ].
Jeg så gaven
[RC piloten sendte ].
I saw present.DEF
pilot.DEF sent

Testing whether the models could successfully identify licit
gaps in such RCs would help determine whether the model
could recognize structural cues to FGDs, or whether it was
limited to lexically-signalled dependencies.
In addition to the questions mentioned above, future work
will explore whether LSTMs can learn about islands. Islands
are environments that block formation of FGDs (Ross, 1967;
Chomsky et al., 1977; Huang, 1982). Wilcox et al. report that
RNNs learn that wh-FGDs are not allowed in some island
environments in English - or at least that filler-gap licensing
is attenuated inside of island environments. The generality
of these results should be tested in other languages. Moreover, Norwegian represents a particularly interesting case
with respect to the acquisition of island constraints, because
Norwegian (like other Mainland Scandinavian languages like
Swedish and Danish) is argued to only exhibit sensitivity to a
subset of islands that languages like English are sensitive to
(Maling & Zaenen, 1982; Engdahl, 1997; Kush et al., 2021).
It will be interesting to see whether RNNs can learn a different set of island constraints from different input.
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Abstract
Biological brains learn much more quickly than standard deep
neural network reinforcement learning algorithms. One reason for this is that the deep neural networks need to learn a
representation that is appropriate for the task at hand, whilst
biological systems already possess an appropriate representation. Here, we bypass this problem by imposing on the neural
network a representation based on what is observed in biology, such as grid cells. This study explores the impact of using
a biologically-inspired grid-cell representation vs. a one-hot
representation, on the speed at which a Temporal Differencebased Actor-Critic network learns to solve a simple 2D gridworld reinforcement learning task. The results suggest that the
use of grid cells does promote faster learning. Furthermore,
the grid cells implemented here have the potential for accurately representing unbounded continuous space. Thus, their
promising performance on this discrete task acts as a first step
in exploring their utility for reinforcement learning in continuous space.
Keywords: Reinforcement Learning; grid cells; Spatial Semantic Pointers;

Introduction
Reinforcement Learning (RL), inspired by the phenomenon
of conditioning observed in humans and non-human animals,
is a method of training machine learning models through a
process of trial and error (Sutton & Barto, 2018). An agent
explores an environment and receives either rewards or penalties for its actions. These methods have the goal of finding a
policy that describes which actions to take in order to maximize total reward (Stone, 2011).
Neurally-based RL algorithms make use of neural networks, often taking the current state (s) as input. Depending on the situation, the output might be a measure of how
good that state is (V (s)), or a distribution indicating the
likelihood of performing different actions (a) in that state
([p(s, a1 ), p(s, a2 ), ...p(s, an )]). In either case, this is a more
difficult task than traditional neural-network learning because
the network needs to do two things at once: it needs to learn
from experience about the task, and it needs to learn the right
way to represent the input data in order to produce the correct
output.
Biological systems, however, seem to learn reinforcement
tasks more quickly than artificial neural networks. One standard hypothesis about why this is the case is that biological

systems do not need to learn a new representation for each
task; rather, they already have representations and can repurpose these representations for each new task. Importantly,
there is evidence about what sorts of representations biological systems use (O’Keefe & Dostrovsky, 1971; Grieves & Jeffery, 2017). The most widely-known of these are grid cells:
neurons that use a hexagonal grid pattern to represent spatial
locations (Hafting et al., 2005a).
Research has already demonstrated the benefits of using a biologically-inspired method for representing the state
(Frémaux et al., 2013; Gustafson & Daw, 2011). For example, Gustafson & Daw (2011) trained a network to solve a
series of navigation tasks in 2D grid-worlds using a Temporal
Difference-based network. The state was represented either
in a tabular form, or using place or grid cells, inspired by
the representations of spatial information evidenced in rodent
brains. Whilst this comparison was not the primary focus of
their study, Gustafson & Daw (2011) did find that, in most of
the environments, the use of grid and place cells resulted in
faster learning than when a tabular representation was used.
In this paper, we explore a variety of biologically-based
neural representation patterns and see how quickly RL algorithms using those representations can learn. The overarching
goal here is to find generic approaches to neural representation that can provide good performance across a wide variety
of tasks, without requiring deep neural network learning to
create new representations for each task. We therefore utilise
a shallow network, using only one hidden layer. We further
restrict ourselves to online learning algorithms: that is, algorithms that work only using data that is currently available to
the agent. Many RL algorithms require storing complete histories of actions and doing parallel batch-processing on large
amounts of data at once.
In keeping with our goal of exploring biologically-based
approaches to RL, we have also restricted ourselves to algorithms that might mirror the process of learning seen in biological systems, namely, Temporal Difference (TD) methods
which are grounded in concepts from animal learning in psychology (Sutton & Barto, 2018). Since its conception, evidence showing similarities between the TD signal and neurological correlates of conditioning has supported the biological
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relevance of this class of algorithms (Di Castro et al., 2008;
Suri & Schultz, 2001; Seymour et al., 2004).
The goal of any RL algorithm is to find a policy that maximizes total reward. This can be done by solving the Bellman
equation,
V (s) = max(R(s, a) + γV (s0 )),
(1)
a

where V (s) is the value of state s, a is the action, R(s, a) refers
to the reward obtained for performing action a in state s, and
V (s0 ) is the value of the next state, s0 , reached after performing action a. The parameter γ (gamma) is a discount term,
usually a value between 0 and 1, that determines the amount
of importance given to future rewards (‘future’ from the perspective of the state being updated). In words, Equation (1)
says that the value of a state is equal to the maximum of the
reward received from the next action, combined with the predicted, discounted value of all possible future states. Solving this equation involves policy iteration; a random policy is
chosen, evaluated by calculating the value of each state given
that policy, and then the policy is improved based on this evaluation.
The idea of solving this equation is central to the TD learning rules. In this work we use two TD learning rules: TD(0)
and TD(λ) (lambda).
TD(0): Under TD(0) (also referred to as the 1-step TD
method), each time step involves updating the value of the
previous state based on the reward received and the estimated
value of the current state. For example, at step t in the process, the estimated value of state st is Vt (st ). However, after
taking another step (moving to state st+1 and receiving reward
rt+1 ), we have more information, which we can use to update
(improve) the value of the previous state st . The updated estimate of that value is denoted Vt+1 (st ).
This update process starts with calculating the TD error,
δt = rt+1 + γVt (st+1 ) −Vt (st ),

(2)

where rt+1 is the reward gained by moving from the previous
to the current state, Vt (st+1 ) is the value of the current state,
and Vt (st ) is the value of the previous state, which is about to
be updated using the information gained from our last action.
The expression rt+1 + γVt (st+1 ) is referred to as the 1-step
return and utilises the discount factor γ.
Once the error (δt ) has been calculated, it can be used to
update the value of the previous state using
Vt+1 (st ) = Vt (st ) + αδt ,
where Vt (st ) is the value of the state being updated (before it
is updated), α is a learning rate (usually ranging between 0
and 1), and δt is the error term.
TD(λ): The second learning rule we use is TD(λ). The
main difference between TD(0) and TD(λ) is that, whereas
TD(0) involves calculating a 1-step return, TD(λ) averages
across all possible n-step returns on every step.

At each time step, the TD error (δ) for the immediately
preceding time step is calculated. This error term is then used
to update the values of all the states visited in previous time
steps. In order to keep track of which states have been visited, and therefore need to be updated, this method incorporates an eligibility trace. The role of the eligibility trace is to
keep track of which states have been visited recently or frequently. The concept is similar to a scent trail that decays
over time. For each state, its value update is scaled by the eligibility trace. Thus, states that were visited recently (or frequently) receive larger updates than states that have not been
visited, or were visited a long time ago. The eligibility trace
for state s, denoted et (s), is initially zero for all states, and is
updated according to
et (s) ← λγet−1 (s) + I(s = st ) ,
where I is an indicator function which equals 1 when s = st
(i.e. when the state s is the state visited in the previous time
step), and otherwise equals 0. This version of the eligibility trace is referred to as the incremental eligibility trace; at
each step, the eligibility trace for the most recent state is incremented by 1, and the eligibility trace for all states is multiplied by λγ. This update equation incorporates γ – the discount factor for future rewards – as well as a new parameter,
λ (lambda), which is another discount factor, similar to γ.
Once the eligibility traces have been updated, we calculate
TD error using the same equation as used in TD(0) (Eq. 2).
The update equation is then applied to all the states that have
been visited, yielding the update rule
Vt+1 (s) ← Vt (s) + αδt et (s).
An extension of the TD method is the TD-based ActorCritic network (Sutton & Barto, 2018). Actor-Critic networks
separate the policy and the value function into two modules.
The value function is contained within the critic module, so
named because it criticizes the performance of the system;
after each action selection, the critic evaluates whether the
value of the new state is higher or lower than predicted. The
policy, on the other hand, is part of the actor – actions are
chosen such that the agent moves towards states which are
currently predicted to lead to greatest reward. We chose this
particular RL approach because it can be implemented in a
biologically realistic fashion.
The current study explores the effect of different representations on the performance of Temporal Difference-based
Actor-Critic networks. The goal is to examine whether the
use of biologically-inspired representations (i.e. Spatial Semantic Pointers and grid cells) leads to differences in performance when compared to the One-Hot representation (which
could be described as ‘computationally inspired’).
Given the exploratory nature of this study, no explicit hypothesis or predictions are put forward for testing. However,
this work has been motivated by the idea that, given that biological agents are able to solve associative learning tasks, we
theorize that RL methods should be able to solve such tasks
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basic structure of the network is represented in Figure 2. The
network takes the state as input – a 3D vector – and transforms it into the chosen representation (One Hot, SSPs or grid
cells). The representation is passed to a hidden layer made up
of rate neurons utilizing a rectified linear activation function.
The activities of these neurons, along with the most recently
chosen action and the most recent reward are then used to
perform the TD update. This TD update trains the network
weights to approximate the optimal policy for completing the
task whilst maximizing reward. The network’s outputs are the
updated state value, and a vector of the preferences for each
action in the next step. The agent then randomly chooses an
action according to the result of a softmax function applied to
those preferences.

Figure 1: Screenshot of the 8 × 8 Mini-Grid environment.

Representations
Three different methods of representing the state were used.

Learning Task

One Hot: This method represents states by storing an array
containing one value for each possible state. The state is represented by setting all of the entries in the array to 0, except
the one corresponding to the state, which is set to 1. This
method requires that the state space be discrete (that it can be
divided into a finite number of states) rather than continuous.
The One-Hot representation, when implemented in a network which does not use a neuron layer, is equivalent to a
look-up table method; the decoding matrix takes the form of
a state-value look-up table. The One-Hot representation was,
therefore, used twice in each set of experiments: once where
the representation was passed to the hidden neuron layer, and
once where no neurons were implemented. This latter method
was then treated as a baseline as it would be the standard nonneural approach to this task. In all other cases the representation was passed to the network’s hidden neuron layer.

The learning task was Gym MiniGrid (Chevalier-Boisvert et
al., 2018) – a minimal grid world designed using the OpenAI
Gym library (Brockman et al., 2016). The world is an N × M
grid of empty tiles. For this study, an 8 × 8 grid was chosen
(see Figure 1). The agent (red triangle) always has 3 actions
available: ‘turn left’, ‘turn right’ and ‘move forward’. In each
time step, the agent is able to take one action. The agent starts
every trial in the top left-hand corner of the grid and is tasked
with finding a goal (green square) located in the bottom righthand tile. For these experiments, each learning trial consists
of a total of 200 time steps. The trial terminates either at the
end of 200 time steps, or after the goal has been reached and
a reward of 1 obtained. Failure to reach the goal results in a
reward of 0. The agent’s ‘state’, in this environment, is a 3dimensional vector, consisting of the (x, y) coordinates of the
occupied tile, and the direction that the agent is facing (up,
down, left, or right).

Grid Cells and Spatial Semantic Pointers: For our
biologically-based representations, we turn to grid cells
which we implement using Spatial Semantic Pointers (SSPs).
Grid cells are neurons found throughout the brain (most notably in hippocampus) that are active for a hexagonal grid-like
pattern across space (Hafting et al., 2005b). While grid patterns are common in two-dimensions, in higher dimensions
patterns without global order are also found (Ginosar et al.,
2021). We include both possibilities in our experiments.
The first step for both grid cells and random patterns is
to encode the state information into a vector using fractional
binding with circular convolution. That is, for each value (x,
y, etc.) in our state, we choose a high-dimensional unitary
vector1 (X, Y , etc.), compute its Fourier transform (F(X)),
raise that to an exponent (F(X)x ), multiply it by the other
transformed values, and finally take the inverse Fourier transform, as in Equation 3. This is done as the Representation

Figure 2: Schematic of the neural network
when using a biologically plausible/inspired method of representing the agent’s state.

Methods

Implementation
The network was implemented in Python using the Neural
Engineering Framework (NEF) (Bekolay et al., 2014). The

1 A unitary vector has a Fourier transform where all complex
numbers have a magnitude of 1. This means that the resulting vector
S in Equation 3 will also always have a magnitude of 1.
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3. The new state is converted into the chosen representation
and passed to the neuron population.
4. The TD update is performed, adjusting the connection
weights in Wdecoders .
5. The network returns the updated state value and the action
preferences for the new state.

Figure 3: Receptive fields of neurons (A) with random encoders and (B) of grid cells used to represent SSPs.

If the agent has reached the goal state, a final update is performed and then the environment is reset for the agent to try
again.

Experiments
box in Figure 2.
S = F −1 (F(X)x F(Y )y F(Z)z ).

(3)

This construction of using multiplication in the Fourier domain (i.e. circular convolution) has been previously used to
create neural models of cognitive processes such as list memory and symbol-like reasoning (Eliasmith et al., 2012). While
that research focused on the symbol-like nature of these representations, more recent work has shown that including these
exponents allows for the representation of continuous values
(Voelker et al., 2021). The resulting formulation is known as
Spatial Semantic Pointers (SSP).
In our SSP implementation, each Fourier coefficient is a
unit-length complex number. Thus, raising it to the exponent
x simply multiplies its phase by x. In this way, an SSP encodes the value x in the phases of its Fourier coefficients. This
phase encoding is similar in nature to how we use the hands
of an analog clock to represent time. The hour-, minute-, and
second-hands change phase (rotate) as time progresses, and
we can tell what time it is by looking at the phase of the 3
hands on the clock. By combining phases of the 3 hands, we
can decode the time to the precision of 1 second, but over a
12-hour period.
Importantly, given this transformation, we can now generate neurons that are grid cells or random pattern cells. Choosing a random set of weights for Wencoders in Figure 2 gives us
neurons sensitive to patterns without global order, as seen in
biology (Ginosar et al., 2021) (Figure 3A). However, by carefully selecting X and Wencoders as per Dumont & Eliasmith
(2020) we can also generate the grid cells that are also seen
in biology (Figure 3B). This gives us two biologically-based
representations to test .

Learning Procedure
At the beginning of a learning trial, the environment is reset,
including the state of the agent. In subsequent time steps,
where the state and action values are updated, we follow the
procedure:
1. The agent chooses an action based on the action preferences, and moves into the new state.
2. The reward and new state are observed, along with whether
or not the goal state has been reached.

In total, this study involved testing the performance of the
network using one of two learning rules (TD(0) and TD(λ)),
and one of four representations (baseline, one hot, SSPs, and
grid cells), on the MiniGrid reinforcement learning task.
In each experiment, a configuration was tested 5 times
(i.e. 5 runs). Each of these runs consisted of 10,000 learning trials. A trial consisted of the agent taking 200 time steps
through the learning procedure outlined above. We counted
how many trials it took for an implementation to ‘solve’ the
task. A rolling average was calculated, looking at the average
reward achieved over the last 100 learning trials. The MiniGrid task was considered solved if this rolling average reward
exceeded 0.95.

Exploring the Parameter Space
The first step was to find a working region of the parameter
space for each configuration – a set of parameters that resulted in the network solving the task. A parameter set would
be considered ‘working’ if the network solved the task on at
least 2 of 5 runs. This search was conducted manually, and a
unique parameter set was found for each configuration (highlighted in Figures 4 and 5).
The chosen parameters were not necessarily the optimal
ones. However, our goal was to examine the relative learning
performance afforded by the different state presentations. To
get a broader, more robust view of the performance, we varied
this initial set of parameters over a wide range of values, altering one parameter at a time. We performed our experiment
(described above) at each of these parameter settings. This
parameter survey was conducted to evaluate whether differences in performance were a result of the state representation,
or an artifact of the parameter settings.

Results
We measured the learning performance of each method by
counting the number of learning trials it took to ‘solve’ the
task (i.e. average rolling reward ≥ 0.95). Using this measure,
we compared our four methods for representing the state:
baseline, one hot, SSPs, and grid cells.
For each experiment, we averaged the number of trials
taken to solve the task across the 5 runs. For experiments
where the goal rolling average was not reached (i.e. the agent
did not learn to solve the task) the total number of runs
(10,000) was used in calculating the average across runs. This
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Table 1: Table showing best performing parameter sets for each of the representations, mean number of learning trials for that
implementation to reach target rolling average, and 95% confidence intervals.
Rule

TD (0)

TD(λ)

Rep

Alpha

Beta

Gamma

Lambda

N Neurons

Dims

Sparsity

Baseline
One Hot
SSP
Grid Cells

0.99
0.5
0.5
0.5

0.9
0.8
0.6
0.85

0.95
0.99
0.99
0.95

N/A
N/A
N/A
N/A

N/A
3000
3000
1000

N/A
N/A
128
N/A

Baseline
One Hot
SSP
Grid Cells

0.1
0.1
0.1
0.1

0.99
0.85
0.9
0.85

0.95
0.99
0.99
0.95

0.9
0.8
0.5
0.9

N/A
2000
5000
2000

N/A
N/A
256
N/A

was done to prevent inappropriately optimistic averages. For
experiments where none of the runs succeeded, no mean was
calculated.
Plots of these averages for experiments using TD(0) can
be seen in Figure 4, and for experiments using TD(λ) in Figure 5. Of key interest is that the grid cell representation consistently outperformed the other representations. Additionally, this pattern remains mostly consistent across different
parameter values.
To gain further insight into this pattern, we identified the
‘best performing’ parameter sets for each representation and
learning rule. Here, ‘best performance’ is defined as the
smallest mean number of trials to reach the target rolling average. These parameter sets and the associated average number of trials to reach success are shown in Table 1. The best
performing implementations using each representation are all
able to solve the MiniGrid task within 200 learning trials.
This is arguably unsurprising given the simplicity of the task.
However, it is still notable that the use of grid cells to represent the state results in a marked improvement in efficiency.
Where the TD(0) rule was used, implementing grid cells resulted in an average of 122.2 trials (CI = [115.3, 132.9]) to
solve the task, compared to the next fastest – the SSP representation – which solved the task in 156.6 trials (CI = [127.7,
172.1]). With TD(λ), the best model using grid cells solved
the task in 105.4 trials (CI = [102.1, 109.8]), whereas the
baseline model (second fastest) solved it in an average of
142.8 trials (CI = [135.5, 154.7]).
We also varied the number of dimensions used in the SSPs,
between 64 and 532. However, the number of dimensions
seemed to have little, to no, effect on the results, at least in
the range that we investigated.

Discussion
This study explored whether the use of biologically-inspired
representations (i.e. SSPs and grid cells) would lead to differences in performance when compared to the One-Hot
method. Two TD-based Actor-Critic networks were implemented, using either the TD(0) or TD(λ) learning rules, and

Mean N
Trials

95% CI
(LL, UL)

N/A
0.1
0.25
0.1

174.8
157.0
156.6
122.2

156.0, 201.3
149.3, 163.0
127.7, 172.1
115.3, 132.9

N/A
0.005
0.2
0.2

142.8
147.8
176.6
105.4

135.5, 154.7
133.5, 164.9
162.8, 189.1
102.1, 109.8

tasked with solving the Gym MiniGrid RL task. After working parameter sets were found for each implementation, a parameter survey was conducted to investigate a broader range
of the parameter space, to compare performance when different representations were used. The results suggest that the
use of biologically-inspired grid cells reduces the number of
learning trials required for a network to solve the MiniGrid
task. This trend held over a wide range of parameter values.
These results are arguably unsurprising considering the evidence suggesting that grid cells are optimal for encoding
spatial locations (Hayman et al., 2011, 2015; Hafting et al.,
2005a; Sorscher et al., 2019). The state information from
MiniGrid included the (x, y) coordinates denoting the agent’s
position. Given that the grid cells used here are designed to
represent the type of information present in this task, it is not
wholly remarkable that their use led to improved performance
over models using less specialized representations.
These findings do, however, hold promise for future work.
The grid cells used here were developed for representing
SSPs (Dumont & Eliasmith, 2020). A key feature of SSPs
is that they can be used to represent continuous variables
(Komer et al., 2019). Consequently, the current implementation has the potential to be useful for modelling RL where the
state contains continuous variables. For example, the benchmark RL tasks Mountain-Car and Cart-Pole (from Open-AI
Gym) incorporate continuous state information (Brockman et
al., 2016). A future direction for this work, then, is to explore
whether biologically-inspired neural representations might be
useful in solving these types of tasks.
Finally, whilst we have discussed that the current results appear to be promising in showing the efficacy of
biologically-based neural representations for solving RL
problems, it should be noted that our parameter search was
not exhaustive. That is, the chosen parameters were not necessarily ‘optimal’, and it may be that there are parameter sets
which result in improved performance for the SSP or one-hot
representations. A continuation of this work could include
a full parameter sweep and examining the reliability of the
current findings.
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Alpha

Number of Trials

104

103

102
104

Number of Trials

104

Number of Neurons

103

.001 .01 .05 .1

.5 .75 .9 .95 .99 1.0

Gamma

102
104

104

Beta

103

100 500 1000 1500 2000 2500 3000 5000

102

.01 .1 .25 .5 .6 .7 .75 .8 .85 .9 .95 .99

Sparsity Value
Legend

103

102

Baseline
1 Hot
SSP
Grid Cells

103

.01 .1 .25 .5 .6 .7 .75 .8 .85 .9 .95 .99

102

.001.005.01.05 .1 .2 .25 .3 .4 .5 .6 .7 .8 .9 .95.99

Figure 4: Results of experiments using the TD(0) learning rule comparing the different methods of representing the state. Plots
show the mean number of learning trials taken to reach the target rolling average across each of the 5 runs testing each parameter
value. Highlighted markers indicate the chosen parameter value, which is not necessarily the ‘best’ value.

Number of Trials

104

103

102
104

Number of Trials

Alpha

Legend

.01 .1 .25 .5 .6 .7 .75 .8 .85 .9 .95 .99

Gamma

103

102

104

Baseline
1 Hot
SSP
Grid Cells 103

102

Number of Neurons

100 500 1000 1500 2000 2500 3000 5000

Lambda

104

102

Beta

103

103

.01 .1 .25 .5 .6 .7 .75 .8 .85 .9 .95 .99

104

102
104

.01 .1 .25 .5 .6 .7 .75 .8 .85 .9 .95 .99

Sparsity

103

.01 .1 .25 .5 .6 .7 .75 .8 .85 .9 .95 .99

102

.001.005.01.05 .1 .2 .25 .3 .4 .5 .6 .7 .8 .9 .95.99

Figure 5: Results of experiments using the TD(λ) learning rule comparing the different methods of representing the state. Plots
show the mean number of learning trials taken to reach the target rolling average across each of the 5 runs testing each parameter
value. Highlighted markers indicate the chosen parameter value, which is not necessarily the ‘best’ value.

Online Resources
Experiment and analysis scripts can be found in the
github repository: https://github.com/maddybartlett/
Bio Based Reps for RL.
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Abstract
Fake news has permeated online media, presenting consumers
with the challenge of detecting it. At what age are we capable
of undertaking this challenge? And what factors predict
success? We explored these questions with elementary-schoolaged children (n = 86), who were asked to judge the veracity of
ten news stories, five fake and five real. Children also
completed a developmental version of the cognitive reflection
test (CRT-D; Young & Shtulman, 2020a). As a group, children
were at chance at differentiating fake news from real news, and
their individual performance did not vary by age or cognitive
reflection. Adults (n = 271) given the same materials succeeded
at detecting fake news, especially those high in cognitive
reflection. These results suggest that children lack the
knowledge or skill needed to evaluate news credibility and that
cognitive reflection predicts fake news detection only after we
have attained some baseline level of information literacy.
Keywords: cognitive development, cognitive reflection,
information literacy

Introduction
With the development of social media and the internet,
people are increasingly exposed to fake news and conspiracy
theories. According to Vosoughi et al. (2018), fake news
reaches more people and spreads more quickly on the internet
than real news. News consumers must actively discriminate
fake news from real news, which raises several
epistemological challenges: assessing the authenticity of the
reporting in relation to prior factual knowledge, assessing the
plausibility of the event in relation to prior conceptual
knowledge, and assessing the credibility of the source in
relation to prior social knowledge. Detecting fake news is a
cognitive task that has both practical and theoretical
significance.
A common explanation for the recent proliferation of fake
news is partisanship and politically motivated reasoning
(Kahan, 2017; Jardina & Traugott, 2019). Fake news is
typically created by agents with a political agenda and spread
by people who share that agenda. However, research on the
cognitive underpinning of fake-news detection suggests that
fake news may be appealing for different reasons, namely, a
lack of reasoning and relevant knowledge (Pennycook &
Rand, 2019; Pennycook & Rand, 2021). For example,
Pennycook and Rand (2019) used the Cognitive Reflection

Test (CRT; Frederick, 2005)—a measure of individual
differences in analytic thought—to investigate how people
evaluate politically partisan news headlines, some real and
some fake. They found that CRT performance was strongly
associated with detecting fake news and the ability to discern
fake news from real news. Indeed, CRT performance predicts
accurate reasoning in general, including more accurate
reasoning about science and increased skepticism towards
religious, supernatural, and conspiratorial beliefs (Shtulman
& McCallum, 2014; Stecula & Pickup, 202l; Pennycook et
al., 2012).
Previous research has focused exclusively on adults’
propensity to believe in fake news. Here, we explore
children’s perception of fake news and the factors that predict
their ability to detect it. According to the 2019 American
Community Survey, more than 95% of children (aged 3 to
18) have home access to the internet through computers or
smartphones, yet children may be particularly vulnerable to
misinformation on the internet given their limited
understanding of source reliability (OfCom, 2019; Olafsson
et al., 2014; Einav et al., 2020), limited cognitive abilities
(UNICEF, 2021), and inadequate critical literacy skills
(Flanagin & Metzger, 2008).
Several studies have explored children’s perception of
misinformation in terms of their ability to evaluate
information sources (Flanagin & Metzger, 2008; Einav et al.,
2020; Danovitch & Lane, 2021) or their ability to identify
hoaxes (Loos et al., 2018; Dumitru, 2020). These studies have
found that children do not generally use source information
in a consistent way, nor are they generally able to
discriminate hoaxes from real events. While these studies
suggest that children would be poor at detecting fake news,
they have not explored children’s evaluation of fake news
itself, as it might appear on social media, nor have they
examined the relationship between fake-news detection and
individual differences in analytic thinking, as has been done
with adults.
We explored these issues utilizing a developmental version
of the CRT—the CRT-D—developed by Young and
Shtulman (2020a). This instrument predicts rational thinking
and normative thinking dispositions in elementary-schoolaged children, similar to how the CRT predicts the same
constructs in adults (Gong et al., 2021). Performance on the

2988
In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

CRT-D also predicts children’s understanding and learning
of counterintuitive math and science concepts (Young &
Shtulman, 2020b). Given this pattern of developmental
continuity, we expected that children with higher cognitive
reflection scores would be better at differentiating fake news
from real news, as is true of adults (Pennycook & Rand,
2019).
In the current study, we asked two groups of participants—
elementary-school-aged children and adults—to decide
whether each of ten news stories was true or false. The stories
were presented as headlines, with an accompanying image,
one-sentence summary, and news source. Our primary
questions were whether children could differentiate fake
news stories from real ones and whether this ability was
predicted by their age and by their performance on the CRTD. Adults were included as a comparison group to verify that
our fake news stories were, in fact, discriminable from our
real news stories.
The adult comparison group also allowed us to assess the
role of source information in discriminating fake news from
real news, as half of our adult participants were not provided
with this information. Source information has been shown to
have mixed effects on adults’ evaluation of news stories.
Some studies find that source information improves adults’
accuracy at identifying fake news (Nadarevic et al., 2020;
Kim et al., 2019), while others find no influence (Austin &
Dong, 1994; Shen et al., 2019; Pennycook & Rand, 2019;
Dias et al., 2020). The value of source information is likely
linked to the plausibility of the information itself, as sources
should matter more when plausibility is harder to gauge. By
manipulating the availability of source information, we
sought to assesses whether source familiarity might provide
a distinct advantage at discriminating fake news from real
news or whether the content of the news stories was sufficient
on its own.
We expected that children would be worse than adults at
discriminating fake news from real news but were uncertain
whether this difference could be explained by source
familiarity. That is, we were uncertain whether adults
deprived of source information would perform comparably to
children, comparably to adults given source information, or
somewhere in between. We further expected that cognitive
reflection scores would predict fake-news detection in both
children and adults, though, for children, we were less certain
about whether the relation between cognitive reflection and
fake-news detection would be consistent across children of
different of ages (5 to 12) or between children and adults

Method
Participants
Eighty-six school-aged children (i.e., kindergarten to 6th
grade; M age = 7.14 years, SD = 2.0; 56% female) were
recruited from public playgrounds in Southern California.
Child participants completed the tasks on-site with the
consent of their guardians. Children were recruited over the
course of two semesters, with the goal of recruiting 100

children. The resultant sample of 86 was sufficiently powered
(1-β > .85) to detect a medium-sized difference between two
dependent means (d = .33) and a medium-sized correlation (r
= .28).
An additional 271 college undergraduate students
participated (M age = 20 years; 72.6% female) for course
credit or a $7.50 Amazon gift card. Adults were recruited
from introductory psychology courses over two semesters,
with the goal of recruiting 100 per condition (source vs. nosource). The resultant samples (n = 147 and n = 124) were
sufficiently powered (1-β > .85) to detect a medium-sized
difference between two dependent means (d = .23 and d =
.28) and a medium-sized correlation (r = .22 and r = .24).

Procedure and Materials
A battery of tests was administered to both children and adult
participants in the order shown below. Children participants
completed the study one-on-one with trained research
assistants. The research assistants would read each question
and record the child’s verbal responses on a tablet. Adult
participants completed the study online through Qualtrics.
Cognitive Reflection Test (CRT) Adult participants
completed the original 3-item CRT (Fredrick, 2005). We
used the number of correct responses as participants’ scores,
with higher scores indicating greater cognitive reflection.
Cognitive Reflection Test - Developmental (CRT-D) Adult
and child participants answered 8 items from the childrenfriendly CRT-D (Young & Shtulman, 2020a). Example items
are “I have 3 apples and you take away 2 from me, how many
do you have?” and “If you’re running a race and you pass the
person in second place, what place are you in?”. Prior
research suggests the CRT-D functions well as a cognitive
reflection test for adults (Gong et al., 2021). We used the
number of correct responses as participants’ scores, with
higher scores indicating greater cognitive reflection.
Perceived Accuracy of News Headlines Participants judged
5 factually accurate headlines (real news) and 5 false
headlines (fake news). The real news headlines were selected
from mainstream news sources including FoxNews.com and
NBCNews.com. The fake news headlines were selected from
well-known fake news and satirical websites including
PrettyCoolSite.com and WorldNewsDailyReport.com. All
headlines featured child-friendly and politically neutral
content (see Table 1). All were also culled from the internet
and represent stories that news consumers could actually
have encountered.
Figure 1 provides examples of the general presentation
format, which included an image, the headline, and a brief
one-sentence summary of the news story. This format was
adapted from Pennycook and Rand (2019) and includes the
information news consumers would most likely see in a social
media post. Adult participants were randomized to source (n
= 147) and no-source (n = 124) conditions. For children and
adults in the source condition, headlines additionally
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displayed news source information (i.e., a website), whereas
adults in the no-source condition were not presented source
information (see Figure 1).
Headlines were presented in random order. For each
headline, participants answered “how true do you think this
story is?” on a 4-point scale (1 = “not at all true”, 2 = “not
very true”, 3 = “kind of true”, 4 = “very true”). Table 1
presents the mean truth ratings (on the 4-point scale) for each
headline across condition.
To better achieve measurement equivalence between adult
and child responses, we coded participants’ truth ratings into
true judgments (“kind of true” or “very true”) and not true
judgments (“not at all true” or “not very true”). However, we
find the same overall pattern of results when data are
analyzed on the 4-point scale.

\

Additional Tasks To facilitate efficient data collection,
participants completed several additional tasks related to
other research questions during the study session (e.g., a
covariation reasoning task and a verbal fluency task). We do
not consider these unrelated measures in the following
analyses.

Results
We analyzed participants’ evaluations of news stories using
binomial generalized linear mixed models (GLMM) on truth
judgments (1 = true, 0 = not true). Following procedures
recommended by Matuscheck et al. (2017), each model
includes a parsimonious by-participant and by-item random
effects structure generated from removing random effects
from a maximal model that were not supported by the data.
Inference for fixed effects was carried out via Type 2
likelihood ratio test (LRT) model comparison.
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Figure 1: Example headline items with source information
(Top) and no source information (Bottom).

Discriminating Real from Fake News

News Type

To compare children and adults, we estimated a binomial
GLMM on truth judgments with news type (real or fake),
condition (child, adult no-source, or adult source), and their
interactions as fixed effects. As seen in Figure 2, there was
an interaction between news type and condition, LRT χ2 (2)
= 8.83, p = .012. Adults judged real news to be more true than
fake news in the source condition, OR = 6.61, 95% CI [2.30,
18.97], and no-source condition, OR = 4.06, 95% CI [1.44,
11.39]. Further, adults in the source condition were better at
discriminating news types than the adults in the no source
condition, OR = 1.63, 95% CI [1.01, 2.62]. However,
children did not judge real news to be more true than fake
news, OR = 1.08, 95% CI [.58, 1.99]. Indeed, they were no
better than chance. Thus, children were unable to
discriminate real news from fake news.
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Figure 2: Estimated probabilities of true judgments by news
type and condition. Error bars represent 95% CIs.

0.50

Cognitive Reflection, Age, & News Discrimination
To examine whether more reflective and/or older children
were better able to discriminate real news from fake news, we
estimated a binomial GLMM on truth judgments with news
type (real or fake), age, CRT-D score, a news type by age
interaction, and a news type by CRT-D score interaction as
fixed effects. As can be seen in Figures 3A & 3B, age, CRTD score, and their interactions with news type were unrelated
to children’s judgments. Thus, even the oldest and most
reflective children in our study could not distinguish real
news from fake news.
To confirm adult’s cognitive reflection was related to news
discrimination, we estimated a binomial GLMM on truth
judgments with news type (real or fake), condition (no-source
or source), CRTTotal (i.e., number correct across the original 3
item CRT and 8 item CRT-D), and their interactions as fixed
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Figure 3: Estimated probabilities of true judgments by: A).
children’s age and news type, B). children’s CRT-D score
and news type, and C). adults’ total CRT score by news
type. Error bands represent 95% CIs.

effects. As seen in Figure 3C, there was a news type by
CRTTotal interaction, LRT χ2 (1) = 7.86, p = .005. CRTTotal did
not predict adults’ judgments of real news as true, logit β =
.01, 95% CI [-.08, .09]. However, adults with greater CRTTotal
were less likely to judge fake news as true, logit β = -.16, 95%
CI [-.08, -.24]. When analyzed separately, similar
interactions were observed for the original CRT, LRT χ2 (1)
= 4.66, p = .031, and CRT-D, LRT χ2 (1) = 6.58, p = .010.

General Discussion
Are children able to detect fake news? Our results suggest
that they are not. Children’s judgments of whether a news
story was true or false were at chance. Their judgments
hovered around chance for different types of news (fake vs.
real) and for most of the individual stories. Older children
were no better at evaluating news stories than younger
children, and children with high cognitive reflection scores
were no better than those with low scores. The ability to
decide whether a news story is true or false appears to
develop sometime after elementary school, perhaps when
children learn how to find and evaluate sources on their own,
in the context of research projects.
Perhaps the most surprising aspect of children’s failure to
differentiate fake news from real news was that cognitively
reflective children also failed to do so. Cognitively reflective
adults, on the other hand, were particularly successful at the
task, replicating prior findings that cognitive reflection
facilitates fake-news detection (Pennycook & Rand, 2019).
Cognitive reflection was a significant predictor of fake-news
detection in adults regardless of whether we measured
cognitive reflection with the standard CRT or with the childfriendly CRT-D, which speaks to the validity of the latter
measure. Even though CRT-D scores did not predict fakenews detection in children, the CRT-D has proven to be a
reliable measure of early cognitive reflection in the context
of rational thought and normative thinking dispositions
(Young & Shtulman, 2020a; Gong et al., 2021), both for
children and adults. Here, we confirm that finding in light of
its predictive power among adults, tracking the original CRT
in its ability to predict fake-news detection.
While adults successfully differentiated fake news from
real news, their ability to do so was improved by source
information. Sources allowed adults to detect fake news
above and beyond the implausibility of its content. The added
value of source information helps explain what children
might be lacking in their evaluation of news sources.
Children likely viewed the fake news stories as implausible,
but implausibility alone was not a reliable guide to whether
the story was made-up. A story about germs in the gut talking
to the brain might seem implausible, even to an adult, but the
story was published in The New York Times, and anyone
familiar with this source, and its record of credibility, would
have reason to override their incredulity and accept the story
as true.
Conversely, a story about a super volcano threatening to
destroy Yellowstone National Park may sound credible on its
surface, but its publication source—globalnetwork.info—

could help a reader recognize that this story, if true, would
have appeared in more mainstream venues as well. In short,
source information may help readers validate, or invalidate,
their intuitions about plausibility, and children lack this
crucial cue to veracity (e.g., Tong et al., 2022).
That said, children’s inability to detect fake news may
reflect different intuitions about plausibility as well. Future
research should explore the underpinnings of children’s
failure by using a wider variety of news stories and
comparing children’s relative success to additional measures
of content knowledge and conceptual understanding. The
more children know about a topic, the better they might be at
differentiating fake news from real news, regardless of their
familiarity with the publication venue.
Still, there are several reasons to take children’s failure in
the current task as informative and not a mere artifact of the
stories we used. First, these stories were culled from the
internet and provided an authentic snapshot of the content
that news consumers encounter, beyond the politically
partisan content used in previous studies. Second, the adults
in our study were able to discriminate the fake news from the
real news, indicating that these stories contained sufficient
cues for accuracy (or lack thereof), even without source
information. Finally, children’s failure to detect fake news
was surprisingly profound. Children as old as twelve were at
chance in deciding whether the stories were true or false,
despite several years of instruction in social studies and
language arts. Children’s poor performance across ages and
cognitive abilities underscores the difficulty of fake-news
detection. Adults may succeed at this task, but the skills that
allow them to do so should not be taken for granted.
In conclusion, children in elementary school appear illequipped to discriminate fake news from real news, even
when they exhibit high levels of cognitive reflection. While
cognitive reflection may facilitate adults’ ability to recognize
stories that could not plausibly map onto reality, cognitive
reflection does not yield the same benefits for children, who
may need additional content knowledge or source knowledge
to succeed at this epistemologically challenging task. Future
research on the developmental prerequisites of fake-news
detection promises to shed light on the interaction between
cognitive reflection and evidential reasoning. It also promises
to advance our understanding of how to improve information
literacy in an age of questionable information and
information sources.
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Abstract
Quantifying the meaning of a word is a complex challenge.
Humans can encode semantic information along a large and
diverse range of semantic dimensions for any given word.
Whilst a number of studies have applied a range of techniques
to quantify word meaning along specific dimensions, little
work has focussed on the socio-semantic dimensions of
meaning. Here, we present data that quantifies the sociosemantic representations of 2,700 Czech words along the
dimensions of gender, location, political, valence and age. We
also demonstrate the utility of the data set by calculating an
estimate of socio-semantic similarity between all words, which
can be used to identify words that are either proximally close
or distant in socio-semantic space.
Keywords: semantics; concepts; norms; similarity; Czech

Introduction
The ability to quantify the meaning of words has been a
long-standing goal for the cognitive sciences. Since the early
work by Osgood, Suci and Tannenbaum (1957), there has
since been a wide range of different approaches used by
researchers, which have been focused on obtaining
measurements of word meaning. These approaches vary from
high-dimensional semantic spaces derived from text corpora
(e.g. word embeddings, Mikolov et al., 2013), to
unidimensional normative ratings from human participants,
which focuses on a theoretically motivated aspect of meaning
(e.g. concreteness, Brysbaert et al., 2014).
Whilst the word embedding approach has become
exceptionally popular in recent years, given it can be applied
to many different languages and different types of linguistic
data (e.g. Grave et al., 2018; van Paridon & Thompson,
2021), there still remains clear benefits for normative rating
approaches. For example, the researcher can clearly define a
specific dimension of word meaning to be quantitatively
normed for a list of words, measuring participant associations
between the words and the properties of the dimension. The
resulting data set can then be used to test theoretical
predictions specifically related to the dimension (e.g. abstract
words are processed slower than concrete words, Brysbaert
et al., 2014). Thus, the approach is particularly appealing

when addressing questions related to definable dimensions of
meaning.
The variety and size of normative data sets now available
in a number of different languages, highlights the importance
of the approach for psychologists, linguists and cognitive
scientists more broadly. These norms capture meaning of a
theoretically defined construct, either unidimensionally (e.g.
iconicity, Winter et al., 2017) or multidimensionally (e.g.
sensorimotor strength across 11 different dimensions, Lynott
et al., 2020). However, there has only been a limited amount
of attention given to quantifying social dimensions of
meaning, or in other words socio-semantic representations.
For instance, whether people associate the meaning of a word
towards a particular gender, location, political ideology or
age group.
This is surprising given the extensive literature from
sociolinguistics that has demonstrated the important role of
socially encoded information in language production and
perception (for a recent review, see Hay, 2018). Thus, if
words encode socio-semantic information, then the norming
approach used for dimensions such as concreteness, should
also be a valuable tool to quantify socio-semantic
dimensions. For instance, Scott et al. (2019) presented the
first large-scale study investigating how words are rated in
terms of their association to gender (i.e. feminine – neutral –
masculine), with a similar approach reported in Lewis et al
(2022). Ratings of whether a word is related to young or old
age have also been studied, albeit on a much smaller scale
(e.g. Grühn & Smith, 2008). This norming approach differs
from corpus derived estimates of gender (e.g. Sap et al.,
2014), where the quantification is based on the frequency of
usage by specific socio-demographic sub-group, i.e. which
words are likely to exhibit similar or dissimilar production
frequencies when comparing texts written by males or
females. However, the focus of the norming approach is to
quantify the meaning representation, which is distinct from
frequency of usage, therefore offering a unique insight into
how people associate a word to specific dimensions of
meaning (e.g. the word boyfriend might be used more by
females, but the meaning representation is more likely to be
associated to males).
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Figure 2: Screenshot of the LOCATION rating scale. The
scale ranges from (left to right): very urban, urban, slightly
urban, neutral, slightly rural, rural, very rural. The final
red column is used when the word meaning is not known.

Figure 1: Demographic profiles of participants. Values
of -3 on the x-axis correspond to liberal/pessimistic/
rural/masculine, whereas values of 3 correspond to
conservative/optimistic/urban/feminine. The neutral
midpoint is represented by the dashed line.
The aim of the present paper is to provide the first largescale quantification of socio-semantics, providing normative
data for 2,700 Czech words across 5 different socially
meaningful dimensions (Study 1). We also demonstrate the
practical utility of the norms by calculating a measurement of
socio-semantic similarity, so that clusters of similar (or
dissimilar) words can be identified (Study 2).

Study 1: Socio-semantic norms
The primary aim of this study was to establish a large data set
of subjective ratings from a population of Czech speaking
adults, capturing 5 distinct dimensions of socio-semantic
meaning (GENDER, LOCATION, POLITICAL, VALENCE and
AGE). We present several aggregated variables that provide
individual word levels norms across the dimensions. Finally,
we explore the correlations that exist between the dimensions
to understand how words might pattern together in terms of
their associated representations.

Method
Participants In total 1,161 participants took part in the study
(848 identified as female, 308 as male and 5 as non-binary),
who were recruited from a university wide student database
at Charles University, in addition to recruitment via Prolific
(https://www.prolific.co/). All participants were aged
between 18-30 years old (M = 21.8, SD = 2.3), were native
(or highly proficient) speakers of Czech. Ethics approval was
granted by the ethics commission of the Faculty of Arts,
Charles University.
Stimuli Our study comprises a list of 2,700 Czech words.
Items were chosen to represent a broad range of diverse
semantic domains (such as occupations, religion, tools,
personal traits etc.), spanning different parts-of-speech
(1,603 nouns, 766 adjectives, 331 verbs) and lexical
1

Although it is outside the main aims of the present paper to
analyse in detail how part-of-speech, GG and participant

frequencies (derived from the Syn-v9 corpus of written
Czech, Křen et al., 2021). As Czech has grammatical gender
(GG), we decided to include both masculine and feminine
variants of nouns and adjectives whenever possible (e.g. the
noun [DIRECTOR] can be ředitelka (fem.) or ředitel (masc.);
the adjective [STRONG] can be silná (fem.) or silný (masc.).1
The fully annotated word list is available in the online
supplementary materials.
The list of 2,700 words was pseudo-randomly divided into
27 separate 100-word subsets. Each subset contained
approximately the same number of words from each part-ofspeech category, we also controlled the distribution of GG
words by ensuring no subset contained both GG variants of
the same word and the number of feminine/masculine
adjectives and nouns was roughly comparable across lists. All
subsets were further complemented with four phonotactically
plausible non-words (e.g. tontota) and a calibrator word for
each socio-semantic dimension (the first word participants
rated, chosen on the basis of a pilot experiment, e.g. metro
[SUBWAY] was chosen for LOCATION as it was reliably rated
as very urban. These words were used as a quality check on
participant data.
Procedure The data were collected online via a questionnaire
designed using Qualtrics. The questionnaire consisted of
brief instructions followed by a short socio-demographic
questionnaire which involved self-assessment of the
participant’s age, gender identity, education, and native
language. We also used 7-point Likert scales where
participants self-assessed their gender stereotypicality
(typical male - typical female), character (very optimistic very pessimistic), location affiliation (very urban - very
rural), and political alignment (very liberal - very
conservative). All these questions contained a neutral
midpoint. See Figure 1 for visualisation of these responses.
Participants were then asked to rate each of the words from
one of the 27 subsets (i.e. 100 words and 5 control words),
specifically by how they associated the word according to
each of the following dimensions: GENDER (very masculine very feminine); LOCATION (very urban - very rural);
demographic differences affect the normative ratings, this is a topic
of ongoing research, see discussion section for more details.
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Figure 3: Distribution of mean ratings for the GENDER,
dimensions. Kernel density
estimates are shown with 25%, 50% and 75% quantiles
marked by solid horizontal lines, with the dashed line
representing a value of 0 (neutral). Each word is
represented by a point, with more red/blue colours
indicating stronger association towards a specific side of the
scale.

Figure 4: Distribution of AGE PC scores (y-axis) for the 3
principal components (PC1: young/old; PC2: middle aged,
PC3: childhood/old age). Each point represents a word
categorised by the age category with the highest proportion
of ratings (x-axis).

LOCATION, POLITICAL, VALENCE

(very liberal - very conservative); VALENCE (very
positive - very negative); and AGE (divided into categories of
0-6, 7-17, 18-30, 31-50, 51-65, 66-80, and 81+ years).
Participants were presented with one dimension at a time,
which contained all the words from one of the subsets. Nouns
and adjectives were shown in nominative singular, whereas
verbs in infinitive form. The order of presentation for
dimensions and words was randomised for each participant
(apart from the calibrator word, which was always presented
first). All dimensions (apart from AGE) were rated using 7point Likert scales, each with a neutral midpoint and the
option to skip a word if the meaning was not known. See
Figure 2 or the supplementary materials for a working
example of the experiment (available only in Czech).
For the AGE dimension, participants could choose one,
multiple, or none of the options. This differs from the design
used for the other dimensions because we wanted to assess
how words can be related to different age categories found
across the human lifespan. This approach provides a more
nuanced measurement of age association in comparison to
using more linear scale (e.g. young – old as used in Grühn &
Smith, 2008), which would not be able to distinguish
between distinct age categories as clearly. This also allows
us to assess whether a word is associated with a single (e.g.
kindergarten = 0-6), several (e.g. basketball = 7-17 and 1830) or none of the age categories (e.g. bamboo).
POLITICAL

Data processing
The median number of participants who were assigned to
each subset of 100 words was 42 (range = 33-57) and only 6
words out of the total 2,700 were rated as unknown by > 20%
of the participants. Based on the ratings provided by each of
the participants we calculated several aggregated statistics
which provide each individual word with a single
interpretable value relating to each of the 5 dimensions. The
dataset is available in the supplementary materials.
Proportions To maintain the multidimensionality of the
rating scales, we first calculated proportions of responses to

each point on the scale. This was done by recoding the
participant responses as either 1 (for the selected point) or 0
(for all other points). From these values we can thus calculate
a proportion value for each word by summing the response
values and dividing by the number of participants who rated
the word. This produces values ranging between 0 (no
ratings) and 1 (all participants chose the same point on the
scale). This meant that for the dimensions of GENDER,
LOCATION, POLITICAL, VALENCE each point along the 7-point
Likert scale would have a proportion variable for each of the
words (i.e. there would be 7 distinct variables, each with a
proportion value calculated).
For AGE the calculation of proportions was modified to take
into account the fact that multiple options could be selected
by the participant for an individual word. This meant that a
weighted rating value was calculated for each participant,
based on the number of age categories selected for a word
(1/n_selected_categories), i.e. if a participant selected 2 age
categories for a word, each category would have a weighted
rating of 0.5, if 1 category was selected then the value would
be 1, if all 7 categories were selected the value would be 1/7.
From the weighted values we could then calculate a weighted
proportion for each word, for each of the age categories.
Descriptive statistics For the dimensions of GENDER,
LOCATION, POLITICAL, VALENCE the values were first
transformed to numeric scales, ranging from -3 (very
masculine/rural/liberal/negative) to 3 (very feminine/urban/
conservative/positive), with 0 being the neutral midpoint.
From this data we calculated the mean and SD for each of the
words. See Figure 3 for visualisation of the data. For AGE we
used the proportions data to obtain the age category for each
word with the highest proportion of ratings across the
possible age options (which could only be a single option out
of 0-6, 7-17, 18-30, 31-50, 51-65, 66-80, 81+ or none),
providing a categorical measure of age association.
Latent means In order to preserve the ordinal nature of the
Likert scales used for the GENDER, LOCATION, POLITICAL,
VALENCE dimensions, we followed the guidance from Taylor
et al (2021) and modelled the participant responses using
Cumulative Link Mixed-effects Models. These models
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account for variation that is introduced from the participant
response biases and thus provide a more accurate estimation
of a normative value for each word. We modelled each of the
dimensions with a separate model, predicting the participant
responses (coded as an ordinal factor, i.e. -3 < -2 < -1 < 0 <
1 < 2 < 3) simply by random intercepts for word and
participant.2 From this we were able to extract the random
intercepts for the effect of word, providing us with a numeric
estimate of the latent mean for each word.
PCA Age As the only measurement of age association we
have so far is categorical, we also decided to compute linear
estimates for AGE. To do this, we used the proportion data,
whereby each age category is a distinct variable with numeric
values for each word and ran a Principal Component Analysis
(PCA) on that multidimensional space. This approach not
only allows us to reduce the space down to composite
variables (principal components, PCs), but within these
variables we can also obtain a score for each word, which can
be used as an estimate for age association in relation to the
variables loaded on each of the PCs (see Brand et al., 2021
for details).
The PCA resulted in 3 main PCs (see Figure 4). PC1
(accounting for 38.7% of the variance) distinguishes between
words associated with young age groups (0-6, 7-17 and 1830) and old age groups (51-65, 66-80 and 81+), with
associations to middle age (31-50) and no age associations
being in between. PC2 (accounting for 27.5% of the variance)
distinguishes between words associated with middle age (3150) and words at the youngest and oldest ages (0-7, 7-17 and
66-80, 81+). PC3 (accounting for 14.5% of the variance)
distinguishes between words associated with childhood (0-7)
and old age (66-80 and 81+).

Figure 5: Relationships between the socio-semantic
dimensions (using latent mean values) and the 3 PCA
derived age variables. The lower portion shows a linear
regression fit to the data. The upper portion reports the
Pearson’s correlation co-efficient. The plots along the
diagonal give the kernel density estimates for the distribution
of ratings. Green boxes highlight correlations >.2.
was also correlated with PC2 for age (r = .222,
indicating that more conservative words are also associated
with middle age ratings), LOCATION (r = -.353, indicating that
more conservative words are associated with rural ratings)
and VALENCE (r = .288, indicating that more conservative
words are associated with negative ratings). LOCATION was
also correlated with PC2 for age (r = -.443), indicating that
more urban words are associated with middle age.
POLITICAL

Analysis
We first wanted to establish whether there was a substantial
difference between the ratings calculated by the mean and the
latent mean for the GENDER, LOCATION, POLITICAL, VALENCE
dimensions. This was assessed by a pairwise correlation,
which showed that the ratings were almost perfectly
correlated (all Pearson’s r values > 0.98). Given the benefits
of using the latent mean put forward by Taylor et al. (2021),
we decided to use the latent mean values instead of the mean
for all subsequent analyses.
In order to explore the relationships that exist between the
variables, we ran a series of exploratory correlation analyses.
As these were exploratory and had a large number of multiple
comparisons, we do not place strong emphasis on
significance testing, but instead focus on describing the main
trends found from the analysis. See Figure 5 for full results.
The strongest correlation (r = -.562) came between
POLITICAL and PC1 for age, indicating that words rated as
more conservative were also more likely to be associated with
older age (and more liberal words with younger ages).

Study 2: Socio-semantic similarity
The aim of the second study was to investigate whether the
data from the previous study can be used to capture sociosemantic similarities (or dissimilarities) between words. This
first required a representation of the multidimensional sociosemantic space to be generated. From this representational
space, we then aimed to estimate a measure of similarity
between all words (using similar methods as used by
Wingfield & Connell, 2021), to see if the rating data can
proximately cluster words together meaningfully.

Method
Data In order to most accurately preserve the
multidimensionality of the available data, we selected the
variables from the previous study that represented the
proportions of participants who selected each value on each
of the dimension’s rating scales. This meant that for each of
the 5 socio-semantic dimensions, we had 7 different variables

2
R syntax for models using the ordinal library:
clmm(rating~ 1 + (1 | word) + (1 | participant), data =
dimension_data, link = "probit")
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Figure 6: Visualisation of the t-SNE mapping. Each facet uses colour to show the latent mean rating or PC score of each
individual point for the different socio-semantic dimensions (representing an individual word in the norming data set). The
more blue/red the points are, the stronger the association is towards the respective sides of the scale, e.g. very red points
would have a very feminine rating in the first facet.
representing the participant aggregated proportions for each
word (e.g. for LOCATION the 7 dimensions were very urban,
urban, slightly urban, neutral, slightly rural, rural, very
rural). This resulted in a 35 dimension ´ 2,700 word data set.
We chose this approach over using the unidimensional
variables (e.g. means, as in Wingfield & Connell, 2021) as a
richer multidimensional space will preserve the differences
in ratings from each of the points on the scales, eliminating
concerns about word ratings with large variance across
participants, i.e. unidimensional variables do not encode
information about variation (such as SD), whereas the
proportion variables do.

Analysis
Visualisation The first step in our analysis was purely for
exploratory purposes. In order to visualise such a high
dimensional data set, we created a t-SNE mapping (Maaten
& Hinton, 2008), using the Rtsne package, (Krijthe, 2015).
As all of our variables were based on proportions (i.e. all
values ranged from 0 to 1), we did not normalise or run a PCA
on the data before running the t-SNE. We used a perplexity
parameter of 30 and a theta value of 0.
In order to understand how the t-SNE mapping distributes
words in the 2-dimensional space, we present in Figure 6, the
same t-SNE mappings, but facetted by the different sociosemantic dimensions. Each facet colours the individual points
based on their latent mean values for GENDER, LOCATION,
POLITICAL, VALENCE and PC scores for the 3 different AGE
PCs. From this we can see that there is a clear distinction in
the space based on the GENDER (vertical) and VALENCE
(horizontal) dimensions, with the other dimensions
distributed within the space (e.g. urban, liberal and middle
aged related words are all located at the extremes of the
vertical). An interactive version of the t-SNE is available in
the supplementary materials, where individual word
neighbours can be viewed.
Although the visualisation offers an alternative to the
correlation analysis for understanding how words might
cluster together based on their ratings, we also need to
establish a quantitative measure of similarity and
dissimilarity between the words, without reducing the
multidimensional space.

Cosine similarity Following the approach used by Wingfield
and Connell (2021), we created a cosine similarity matrix
between all possible combinations of words in our data set
(resulting in over 7 million pairwise similarities). The cosine
similarity was calculated using the 35-dimensional vector of
socio-semantic proportions. Similarities between any two
words in the multidimensional space can have a value
between 0 (maximally different) and 1 (maximally similar).
The complete set of pairwise distances between the words can
be found in the supplementary materials.
In order to provide a descriptive overview of the calculated
distances, we will provide a few representative examples
from the data set. Examples of word pairs with the highest
similarity (cosine distance > .99) were largely to do with nonsexual body parts and were largely neutral across all
dimensions: plíce [LUNGS] ® ucho [EAR]; ledvina [KIDNEY]
® žíla [VEIN]. Whereas words with the highest dissimilarity
(< .15) were not as easy to categorise, but were still intuitively
different, but not antonymic: babička [GRANDMOTHER] ´
fetovat [TO TAKE DRUGS]; striptér [STRIPPER] ´ Vánoce
[CHRISTMAS].
At the individual word level, the cosine similarities can
identify nearest neighbours for any target word in the data set,
again with intuitive results. For example, inspecting the
words closest to the target words in bold below demonstrates
that this measurement can capture socio-semantic similarity:
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školka [KINDERGARTEN] ® dupačky [BABY ONESIE];
přesnídávka [BABY FOOD]; pískoviště [SANDBOX];
houpačka [PLAYGROUND SWING]; dítě [CHILD]
kostel [CHURCH] ® náboženský [RELIGIOUS];
náboženství [RELIGION]; věřící [BELIEVER]; modlit se [TO
PRAY]; křeštanství [CHRISTIANITY]
empatická [EMPATHETIC] ® soucitná [COMPASSIONATE]
zdvořilá [POLITE]; spravedlivá [FAIR]; vyrovnaná
[BALANCED]; vnímavá [PERCEPTIVE]
tweetovat [TO TWEET] ® sociální síť [SOCIAL
NETWORK]; blog [BLOG]; pop [POP MUSIC]; chat [WEB
CHAT]; lajkovat [TO LIKE]

Looking at the words that are most dissimilar from the
targets also captures intuitive socio-semantic dissimilarities:
školka [KINDERGARTEN] ´ homofobie [HOMOPHOBIA]
kostel [CHURCH] ´ feťačka [FEMALE JUNKIE]
empatická [EMPATHETIC] ´ prezident [MALE PRESIDENT]
tweetovat [TO TWEET] ´ babička [GRANDMOTHER]

grammatically masculine equivalents (Montefinese et al.,
2019). In addition to exploring how word embedding models
can be used to extrapolate ratings for a larger set of words (as
suggested by Snefjella and Blank, 2020).
In summary, we hope that the work presented here
highlights the potential for investigating socio-semantic
dimensions of word meaning at scale, which can further our
understanding of how words are represented and processed in
the brain.

General Discussion

Supplementary Material

We have introduced the first large scale quantification of
socio-semantic representations through 5 distinct dimensions
of associative meaning (Study 1). This is, to our knowledge,
the first data set that contains human derived ratings for how
words are associated to 5 distinct dimensions of sociosemantic representation. We provide several aggregated
variables, so that each word can be quantitatively represented
with an associated normative value. We believe that the
ratings provided here can easily be used for a range of
different experimental applications or to explore how sociosemantic representations operate across the whole data set.
For example, many studies have used measures of similarity
for manipulation in memory experiments (Montefinese et al,
2015), evaluating models of semantic space (Hill et al. 2015)
or for understanding statistical regularities in language
(Dautriche et al., 2017).
We aimed to demonstrate the utility of the data from Study
1 by computing a measure of socio-semantic similarity,
adopting a similar approach to Wingfield and Connell (2021).
In Study 2 we used a high dimensional vector space
containing proportion ratings across the different sociosemantic dimensions, from which words with similar (or
dissimilar) socio-semantic profiles can be obtained by
calculating the cosine distance between words. We believe
that such a measurement will be of interest to researchers as
it is derived specifically from theoretically meaningful
dimensions of word representations, enabling researchers to
select words that are proximally close or far apart in terms of
the socio-semantic information they represent. However, a
more rigorous evaluation of how well the distances capture
human similarity judgements (see e.g. Verheyen et al., 2020)
is clearly needed, which is a goal of future research.
We acknowledge that the depth of analyses presented in this
paper does not address a number of open research questions.
However, ongoing work that was outside of the main aims of
the present paper is focused on further exploring a range of
different topics. We are currently collecting data from a
demographically more diverse population (see Preininger et
al., 2022) in order to explore how age and gender might
influence the socio-semantic representation of words (as has
been done for other semantic dimensions, e.g. Warriner et al.,
2013). We are also conducting a more detailed analysis of the
role of linguistic variables (such as part of speech and GG) to
further understand questions related to whether
grammatically feminine words are rated differently to their

All data and code can be accessed at: https://osf.io/e47u8
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Abstract
Sentence comprehension involves simultaneous processes
such as maintaining and integrating different types of verbal
representations. As such, it has been argued that sentence
comprehension relies on working memory (WM). Some
findings suggest that semantic (word meaning) WM rather than
phonological (speech sound) WM is critical for
comprehension. This study took a case-series multiple
regression approach to examine the relationship between
sentence comprehension and WM for 56 individuals with
aphasia. We examined the independent contribution of
phonological and semantic WM in predicting comprehension
for higher WM target sentences relative to matched lesser WM
sentences, while also controlling for single word processing.
We found that only semantic WM had a significant
contribution to comprehension for three contrasts. However,
for the fourth contrast of trials requiring syntactic processing
with those requiring only lexical processing, both WM
contributions were significant. The possible backup role of
phonological WM for comprehension of role reversals is
discussed.
Keywords: Language comprehension; working memory;
cognitive neuropsychology

Introduction
Language comprehension involves the active maintenance,
processing, and integration of verbal information. Thus,
sentence comprehension has been argued to draw on working
memory (WM) resources (see Zahn, Horne & Martin, in press
for review). For instance, consider the processes involved in
understanding this object relative sentence, “The boy that the
girl carried had red hair” (Martin, 1987). Arguably,
comprehension requires individuals to maintain “boy” in
WM through the end of the embedded clause to link as the
object of “carried” and also through the end of the sentence
to link as the subject of “had red hair” (Gibson, 1998). To
the extent that comprehension draws on WM capacity, one
would predict that those with greater capacity would show
better comprehension, particularly for sentences making the
most demands on WM. In the present study, we assessed

people with aphasia who have varying degrees of WM
deficits, examining the relation of their WM capacity to
comprehension for various types of relative clause sentences.
In assessing WM, we took the domain-specific WM
approach. In contrast to standard models of verbal WM that
propose only a single phonological WM buffer for verbal
information (Baddeley, Hitch & Allen, 2021), the domainspecific model proposes separate buffers for phonological
(i.e., speech sound) and semantic (i.e., word meaning)
information. Patients with a phonological WM deficit have
difficulty with tasks requiring phonological maintenance
such as the rhyme probe task, in which they have to judge
whether a probe word rhymes with a word in a preceding list
(e.g., list: vat, eye, cheer, trace, probe: rat). Patients with a
semantic WM deficit have difficulty with tasks requiring
semantic maintenance, such as the category probe task in
which they judge whether a probe word is in the same
semantic category as a list word (e.g., list: table, sign, daisy,
bear, probe: rose).
Previous work has shown a constellation of symptoms
differentiating patients with phonological vs. semantic WM
deficits (Martin, 2021, Martin, Lesch & Bartha, 1999;
Martin, Shelton & Yaffee, 1994). Those with phonological
WM deficits have difficulty maintaining phonological
information and fail to show standard phonological effects on
span (i.e., word length and phonological similarity), at least
with visual presentation, whereas those with semantic WM
deficits do show these phonological effects. Patients with a
phonological WM deficit perform better on tasks requiring
the maintenance of visually presented words compared to
auditorily presented words, the reverse of the pattern for
controls and those with semantic WM deficits. Phonological
WM deficit patients also showed worse performance on the
rhyme probe than category probe task, whereas semantic WM
deficit patients showed the reverse pattern of performance.
Finally, those with a phonological WM deficit show better
performance on word than nonword lists, in line with
controls, whereas those with semantic WM deficits do not
show this advantage, arguably because they do not benefit
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from the semantic information in words. This
neuropsychological evidence for distinct phonological and
semantic WM buffer deficits is not explained by models of
WM that propose only a single verbal WM buffer for
phonological information, and thus this evidence provides
support for the domain specific model of WM (Martin, Rapp
& Purcell, 2020; Zahn et al., in press).
Work investigating the relationship between WM and
sentence comprehension has often used relative clause
sentences with a center-embedded structure, in which a
relative clause intervenes between the head noun and the
main clause verb phrase (e.g., “The boy that had red hair
carried the girl”) (e.g., Caplan, Waters, DeDe, Michaud &
Reddy, 2007). However, such prior studies have focused on
measures of phonological WM. In the present study, we
extend these previous findings by examining the possibly
distinct contributions of semantic and phonological WM in
relative clause comprehension. In our sentence
comprehension task, participants heard a sentence with an
action clause and a descriptive clause (see Table 1) and then
had to choose between two pictures the one that matched the
sentence. For the critical trials requiring syntactic processing
for picture choice, the incorrect picture either reversed the
role of the two nouns with respect to the action verb (boy
carrying girl vs. girl carrying boy) or reversed the entity
described by the descriptive clause (the boy vs. the girl had
red hair). Other trials employed lexical distractor pictures
where a different noun, verb, or descriptive term (e.g., blonde
hair) was depicted in the incorrect picture. As shown in Table
1, five types of sentences were used which varied in terms of
the processing demands of the relative clause and main
clause. For types 1 and 2, both the main and embedded
clauses had an active structure, but they differed in whether
the reversible action clause was the main or embedded clause.
For types 3 and 4, the reversible action clause was in a passive
form, and appeared in the main clause in type 3 and in the
embedded clause in type 4. Type 5 had an object relative
form. Many prior studies in the literature have focused on
subject and object relative forms like those in types 2 and 5,
given that they are closely matched except for the word order
in the embedded clause (Traxler, Morris, & Seely, 2002). The
object relative form potentially makes greater demands on
WM, as the role of the head noun in the embedded clause
cannot be determined until processing the embedded clause
subject and verb, when its role as the direct object of the verb
can be determined. In the subject relative form, the head noun
does not have to be maintained as long because its role in the
embedded clause can be determined as soon as the verb is
processed. Thus, one contrast of interest was comprehension
for the object (type 5) vs. subject (type 2) relative clauses.
Three other contrasts were also assessed. One was between
the sentences with a passive form in one clause (types 3 and
4) vs. those with active forms for both clauses (types 1 and
2). Passive forms are more difficult to comprehend (Bever,
1970; Ferreira, Bailey, & Ferraro, 2002), and thus one might
anticipate greater WM demands for sentences with passives,
potentially because of the slower processing time for passives

prior to the integration of sentence elements. Another
contrast was between the sentences with a passive in the
embedded clause (type 4) and a passive in the main clause
(type 3), given that embedded clauses are generally more
difficult to process (e.g., Barry & Lazarte, 1995) and
embedded passive clauses should be particularly difficult. A
final contrast was between mean performance on all five
sentence types for the trials tapping syntactic processing vs.
those tapping lexical processing. This contrast should reveal
the relation to WM from the overall need to carry out
syntactic analysis vs. simple retention of lexical information.
Thus, in this study we examined these four sentence contrasts
and determined if they related to semantic or phonological
WM capacity.
Table 1: Relative clause sentences.
Structure of action clause
1) Main clause active
2) Embedded active
3) Main clause passive
4) Embedded passive
5) Object relative

Example
The boy that had red hair
carried the girl.
The boy that carried the girl
had red hair.
The boy that had red hair was
carried by the girl.
The boy that was carried by
the girl had red hair.
The boy that the girl carried
had red hair.

Prior neuropsychological research has generally supported
the claim that semantic but not phonological WM is critical
for sentence comprehension. An early study on the role of
WM in sentence comprehension by Martin (1987) showed
that a patient with very reduced phonological WM capacity
generally performed well on active and passive transitive
sentences and complex relative clause sentences like those in
Table 1 but did show some impairment for the most difficult
sentence types (types 4 and 5). However, later case studies
reported individuals with phonological WM deficits who
performed at a high level on these same difficult structures
(Butterworth Campbell & Howard, 1986; Waters, Caplan, &
Hildebrandt, 1991). Nonetheless, some recent group studies
of individuals with aphasia have reported correlations
between phonological WM and complex sentence
comprehension (Pettigrew & Hillis, 2014; Varkanitsa &
Caplan, 2018), though these studies have not typically
differentiated between phonological and semantic WM, and
performance on the two types of WM tasks is correlated (see
Martin & Schnur, 2019).
More consistent evidence relates semantic WM deficits to
deficits in sentence comprehension (Martin et al., 1994;
Martin & He, 2004). For instance, patients with a semantic
WM deficit have more difficulty in sentence comprehension
when the syntactic structure of a sentence does not allow for
the meaning of the words to be integrated immediately. In
Martin & He (2004), two patients with semantic WM deficits
performed poorly in detecting the anomaly in sentences such
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as rugs, vases, and mirrors cracked during the move (AB=
40% error; ML = 38% error), where the nouns must be held
in semantic WM until the verb is heard and processed. The
semantic WM patients performed much better for sentences
like the movers cracked the mirrors, vases, and rugs (AB =
19% error; ML= 18% error), where the nouns could be
immediately integrated with the verb cracked as they were
heard. A patient with a phonological WM deficit performed
well on both kinds of sentences, showing an effect of delayed
integration similar to that of controls.
Semantic WM is also related to interference resolution in
comprehension (Tan & Martin, 2018; Tan, Martin, & Van
Dyke, 2017). Tan & Martin (2018) manipulated semantic and
syntactic interference in sentences and analyzed accuracy in
comprehension of these sentences in relation to participants’
semantic WM, phonological WM and executive functioning.
According to the cue-based parsing theory of sentence
comprehension, when integrating lexical items, such as a
verb and its subject, interference arises from overlap between
the retrieval cues associated with items, such as verbs, and
the semantic or syntactic features of other lexical items in the
sentence that could potentially be integrated with the verb.
Examples of these sentence types can be seen in Table 2.
There is semantic interference in the LoSyn/HiSem sentence
type because the noun in the embedded clause, champion, is
a noun that is semantically plausible as the subject for the
verb win while record, from the LoSyn/LoSem sentence is
not because it is an inanimate object. In the high semantic
interference sentence, the partial match between the verb and
the semantic features of the embedded noun champion causes
semantic interference when integrating the main verb with its
subject. The noun in the embedded clause in the
HiSyn/LoSem interference condition is a grammatical
subject, making it a partial match for integration as the
subject of the main verb. In the LoSyn/LoSem interference
condition, the embedded noun is a direct object and not a
partial match for the subject of the main verb of the sentence.
It was found that semantic WM capacity, but not
phonological WM capacity, was related to participants’
ability to resolve semantic interference. Neither semantic nor
phonological WM capacity was related to the ability to
resolve syntactic interference (Tan & Martin, 2018; Tan,
Martin, & Van Dyke, 2017).
In the current study, we investigated the relationship
between relative clause sentences comprehension and
domain-specific WM while controlling for single word
processing using a database containing results from a battery
of language and cognitive measures for 56 people with
chronic aphasia. As noted earlier, while many studies have
carried out examinations of the relation of WM capacity to
relative clause comprehension in individuals with aphasia
(e.g., Waters et al., 1991; Caplan & Waters, 1999; Varkanitsa
& Caplan, 2018), this work has not separated out the relation
to phonological versus semantic WM. Prior studies from
Martin and colleagues (e.g., Martin & Romani, 2004; Tan &
Martin, 2018) demonstrating that those with semantic WM
deficits have difficulties in maintaining information across

some distance and in interference resolution would strongly
imply that difficulties with relative clause comprehension
should be observed. That is, as discussed earlier, centerembedded relative clause sentence makes strong demands on
retaining information prior to integration. Also, semantic and
syntactic interference would be present in such sentences.
For example, when processing the main clause verb and
attempting to find its subject, there would be semantic
interference from the reversible entity in the embedded
clause. There would also be syntactic interference as both
nouns are subjects. We predicted that patient’s semantic WM
capacity, but not phonological WM capacity, would have an
independent
contribution
in
predicting
sentence
comprehension of relative clause sentences when contrasting
sentence types with greater or lesser WM demands or greater
or lesser interference (Martin, 1987; Martin et al., 1994;
Martin & He, 2004, Tan & Martin, 2018). To rule out
difficulties with understanding individual words as the source
of WM or sentence comprehension difficulties, we controlled
for the patients’ single word phonological and semantic
processing abilities. The present study is unique in
contrasting the relation of semantic and phonological WM
capacities to comprehension of difficult relative clause
structures. The study is also unique in that we control
statistically for single word processing abilities. Previous
studies have attempted to address the role of single word
comprehension and production in sentence comprehension,
but these attempts may have been inadequate. Past research
has not separated single word processing at the semantic and
phonological levels and has not included these processing
measures as controls in their analysis but rather as screening
measures to examine when comparing high and low
performers on sentence comprehension (Caplan et al., 2007).
Table 2: Semantic and syntactic interference sentences
(adapted from Tan and Martin, 2018)
Sentence type
LoSyn/LoSem

Example
The jockey who had challenged the
unbeatable record yesterday will win.
LoSyn/HiSem The jockey who had challenged the
unbeatable champion yesterday will win.
HiSyn/LoSem The jockey who claimed that the record
was unbeatable yesterday will win.
HiSyn/HiSem The jockey who claimed that the
champion was unbeatable yesterday will
win.
Question
Will the jockey win?
Note. “Lo-” and “Hi-” refer to low and high interference
conditions, and “-Syn” and “-Sem” refer to syntactic
interference and semantic interference conditions.

Methods
Participants
The 56 participants were individuals with chronic aphasia
from a database collected over the span of 15 years. Mean age
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was 62 years (SD = 14) and mean education was 16 years
(SD=2.5). Twenty-two participants were female, and fortyfour were right-handed.

Materials
Single word processing A single word - single picture
matching task was used in which patients had to indicate if a
spoken word matched the picture (Martin et al., 1999).
Across separate trials, the pictures were paired with the
correct word (e.g., CAT/cat), a semantic foil (e.g., CAT/dog),
a phonological foil (e.g., CAT/hat), or an unrelated foil (e.g.,
CAT/nail). The semantically related trials used words from
the same semantic category whereas the phonologically
related foils differed by one phoneme from the target.
Participants were asked “Is this a __?” and had to indicate if
the picture matched the word or not. Performance on the
semantically related and phonologically related foils was
compared to that for the matching trials to compute d’
measures for each (d’ semantic and d’ phonological).
The pyramids and palm trees (PPT; Howard & Patterson,
1992). task was also used to assess semantic processing. In
the PPT, three pictures are presented with one at the top and
two below. Subjects indicate which of the two bottom
pictures is most closely related to the top picture (e.g., top
picture = pyramid; bottom pictures = palm tree, a fir tree;
correct answer = palm tree). The PPT tests associative
semantic knowledge.
Additional measures of phonological processing included
consonant discrimination and auditory lexical decision
(Martin et al., 1994). In the consonant discrimination task, the
participant hears two single syllables. Non-matching
syllables differ on a single distinctive feature of the consonant
sound (e.g., “ba” “da”). Participants indicate whether the two
sounds are the same or not. In the auditory lexical decision
task, participants determine if a sound sequence they hear is
an English word. The nonwords differed from a known word
on one distinctive feature of a consonant (e.g., “baper”
derived from “paper”).
Composite semantic and phonological processing scores
were calculated by determining the first principal component
factor scores for the relevant semantic and phonological
measures. Imputation was used if participants were missing
one of the scores (N = 6). The semantic composite included
the d’ semantic measure from word-picture matching and the
proportion correct on the PPT. The phonological processing
composite included the d’ phonological measure from word picture matching, the proportion correct on the consonant
discrimination task, and the proportion correct on the
auditory lexical decision task.
Phonological WM Two tasks were used to tap phonological
WM: the digit span task and the digit matching span task
(Allport, 1984). In the digit span task, participants heard a list
of numbers “5 7 1 4 3” and had to repeat the digits back in
1
A reviewer suggested that aphasia severity be included as a
covariate in the models. However, severity as measured by the
Aphasia Quotient (AQ) from the Western Aphasia Battery (Kertesz,
1982) was significantly correlated with the other predictors already

the correct order (M = 3.87, SD = 1.46, Range: 1-8.5). In the
digit matching span task, participants heard two lists of digits,
“2 4 5 6” and “2 5 4 6” and had to indicate if the two lists
were the same or not (M = 4.08, SD = 1.38, Range: 0.56-6.5).
On the non-matching trials, the second list reversed the order
of two adjacent digits. These tasks are assumed to measure
phonological WM because random lists of digits carry little
semantic information and thus maintenance depends
primarily on retention of phonological information. (Allen,
Martin & Martin, 2012.) A phonological WM composite was
computed by using factor scores from the first principal
component combining these two measures. Imputation was
used if patients were missing one of these scores (N = 8).
Semantic WM To measure semantic WM, we used the
category probe task (Martin et al., 1994). In this task,
participants heard a list of words (e.g., “table, pan, daisy,
bear”) followed by a probe word (e.g., “rose”) and indicated
if the probe word was in the same category as any of the
words in the list (M = 2.40, SD = 1.38, Range: 0.42-6.5).
Sentence comprehension for sentence comprehension, we
used the relative clause comprehension test that measures the
accuracy of patients’ sentence comprehension for each of the
sentence types in Table 1.
As discussed in the introduction, participants heard a
sentence and had to choose from two pictures the one that
matched the sentence. There were 24 trials of each sentence
type with reverse role distractor pictures and 18 trials with
lexical distractors. We contrasted performance on sentence
types having greater working memory demands to those with
lesser working demands: 1) type 5 object relatives with type
2 subjects relatives, 2) the mean of the passive sentence types
(types 3 & 4) with the active sentence types (types 1 and 2),
3) passive embedded clauses (type 4) with passive main
clauses (type 3), and 4) the mean of all relative clauses for
trials with reversal pictures vs. the mean for all types with
lexical distractors.

Analysis
We used a case series approach to examine the relationship
between semantic and phonological WM and relative clause
sentence comprehension (Schwartz & Dell, 2010). This
approach utilizes the continuous variation on the two WM
capacities to predict relative clause sentence comprehension.
This approach allows us to include a wide range of
participants with various aphasia types and severity. This is
warranted because previous studies have found little
relationship between aphasia classification and patterns of
performance on sentence comprehension (e.g., Caramazza et
al., 2001; Prins et al., 1978).1 Using multiple regression, we
regressed performance on the more difficult sentence type of
the contrast (e.g., object relatives) on the less difficult
comparison sentence type (e.g., subject relatives), the
included, particularly the semantic processing measure (r = .74, p <.
001) and adding the AQ did not significantly improve the fit of any
model (all p’s > .28).
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Table 3: Results of multiple regression analyses contrasting performance on sentences with greater WM demand against
those with lesser demand.
Coefficients and significance for WM predictors
Overall model
Contrast
t
Beta
Object relative (5) on active embedded (2)
Semantic WM
3.35
0.061
Phonological WM
-0.23
-0.004
Passive composite (3+4) on active composite (1+2)
Semantic WM
2.01
0.026
Phonological WM
1.19
0.017
Embedded passive (4) on main clause passive (3)
Semantic WM
2.20
0.040
Phonological WM
0.58
0.011
Average of relative clause on lexical distractors
Semantic WM
2.36
0.036
Phonological WM
2.79
0.041
Note. *Indicates significance at p < .05.

SE

p

0.018
0.018

.002*
.82

0.013
0.013

.049*
.24

0.018
0.018

.033*
.56

0.015
0.015

phonological and semantic WM measures, and the
phonological and semantic single word processing composite
measures. The significance of the coefficients (beta-weights)
for each predictor in a multiple regression analysis reflects
the contribution of that variable to predicting the outcome
independent of the contribution of other variables in the
model (Darlington, 1990). Thus, this analysis allows us to
examine the contributions of phonological and semantic WM
independent of each other and of single word processing
abilities. Thus, we predicted that performance on the more
difficult sentence type would increase as semantic WM
capacity increased, while controlling for phonological WM
and single word processing. In contrast, increases in
phonological WM would not relate to increases in
comprehension.

Results
The results of the regression analyses are shown in Table 3.
The first four columns report statistics for the independent
contribution of semantic WM (category probe) and the
composite phonological WM measure (digit matching span
and digit span) when controlling for the other WM measure
and the single word processing measures. The last three
columns report statistics for the whole regression model.

Object relative regressed on subject relative with
active embedded relative clause
When regressing comprehension of the type 5 sentences
(object relatives) on the type 2 sentences (subject relatives),
the semantic WM measure (category probe) had a significant
independent contribution ( t(55) = 3.35, p= .002.
whereas phonological WM composite did not
(t(55) = -0.23, p = .82).

F
16.03

df
5,55

p
<.0001*

30.44

5, 55

<.0001*

13.96

5, 55

<.0001*

14.65

5, 46

<.0001*

.023*
.008*

Passive composite regressed on active composite
In the regression of comprehension of the sentence types
containing a passive (types 3 & 4) on matched sentence
structures containing an active (types 1 & 2), the semantic
WM measure had a significant independent contribution ( =
0.026, t(55) = 2.01, p = .049) whereas the phonological WM
composite did not ( = 0.017, t(55) = 1.19, p = .24).

Embedded passive on main clause passive
In regressing comprehension of the sentences with an
embedded passive (type 4) on the sentences with a main
clause passive (type 3), the semantic WM measure of
category probe had a significant independent contribution in
predicting comprehension ( = 0.040, t(55) = 2.20, p = .033)
whereas the phonological WM measure did not ( = 0.011,
t(55) = 0.58, p = .56).

Relative clause mean regressed on lexical
distractors
In the regression of mean comprehension across all
sentence types (types 1-5) with reversal pictures on all
sentence trials with lexical distractors, the semantic WM
measure had a significant contribution ( = 0.036, t (46) =
2.36, p = .023) as did the phonological WM measure ( =
0.041, t (46) = 2.79, p = .008).

Discussion
This study represents the first case series analysis of the
relation of relative clause sentence comprehension to
semantic vs. phonological WM while controlling for single
word processing. Based on prior results from studies varying
the distance between words to be integrated (Martin &
Romani, 1994: Martin & He, 2004; Hamilton, Martin &
Burton, 2009) and studies manipulating semantic and
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syntactic interference (Tan & Martin, 2018; Tan, Martin &
Van Dyke, 2017), we predicted that semantic WM, but not
phonological WM, would have a significant independent
contribution to the comprehension of relative clause
sentences that theoretically place a higher demand on WM.
For three of the four contrasts, this proved to be the case. The
first contrast of object relatives vs. subject relatives showed a
large and highly significant weight for semantic WM and an
effect for phonological WM that was far from significance.
The results suggest an important role for semantic WM in
maintaining the meaning of the head noun across the
interfering embedded clause subject noun to integrate with
the embedded clause verb. The next two contrasts were
motivated on the grounds that passive clause processing is
more difficult – being slower and more error prone (Ferreira
et al., 2002), with the result that information has to be
maintained for longer while this difficult processing is carried
out. Both of these contrasts of mean of main clause and
embedded passives vs. mean of main clause and embedded
actives and embedded passive vs. main clause passives also
indicated a significant role for the ability to maintain
semantic information while carrying out this difficult
processing. This retention could involve maintaining the
semantic representations of the head nouns prior to
integration with both the main clause and embedded clause
verbs. The second of these contrasts indicated that
maintaining this information while processing an embedded
passive clause resulted in a greater contribution of semantic
WM than when the main clause was passive, which is
consistent with the notion that processing of an embedded
clause is generally more difficult, resulting in a longer time
across which information must be retained. One might have
predicted that phonological WM would be important in these
contrasts, given that the word order for passives is unusual in
terms of the ordering of agent and patient, and it is often
argued that phonological WM is important for maintaining
order information. However, as argued by McElree et al.
(1993), the retention of the serial order of elements does not
appear to be critical in sentence processing; rather, it is the
retention of the derived interpretation of the roles of different
elements as they are processed that is critical. For instance,
for the type IV sentences, listeners may have assumed that
the head noun is going to be the agent of both the main clause
and the embedded clause; however, when processing the
embedded clause passive structure (e.g., “was carried by”),
this assumption has to be revised and this revision can be
made as soon as the passive structure is processed. Once this
is complete, the object of the embedded passive can be
interpreted as the agent when it is processed.
Notably, however, for the final multiple regression analysis
in which we regressed the average comprehension
performance for all of the relative clause sentences with
reversal distractor pictures vs. comprehension for those with
lexical distractor pictures, we found that both phonological
WM and semantic WM had independent contributions in
predicting comprehension. While the results of this analysis
provide additional support for the claim that semantic WM

plays a critical role in the comprehension of relative clause
sentences, they also indicate an unpredicted relation to
phonological WM. Some have suggested that phonological
WM may play a backup role (Miyake, Just, & Carpenter,
1994) allowing for a review of a sentence to check on the
interpretation. However, one might have expected such a
review to be more likely for more complex and uncommon
structures (i.e., object relatives and passives); but, for the
specific contrasts of more vs. less complex structures, the
weight for phonological WM did not approach significance.
The comparison of performance on trials with reversal
distractor pictures and lexical distractor pictures contrasts
trials where derivation of the syntactic structure is necessary
to accurately perform the task vs. trials where it is not (i.e.,
when noting that an incorrect picture contains an entity, or a
feature not mentioned in the sentence such as blonde hair vs.
red hair). These results, which differ from those for the other
multiple regressions, suggest that the role of phonological
WM was equivalent across sentences with differing demands
deriving from the complexity of their structures. Perhaps the
tendency to use a backup phonological record to check the
results of comprehension occurs for all sentence types
because of the requirement to integrate the meanings of
nouns, verbs, and adjectives – which is not required for the
lexical distractor condition. This may be particularly the case
where, as in the current study, there is the potential for the
plausible reversal of thematic role assignments based solely
on semantic factors. That is, even for the simplest type 1
structure (e.g., “the boy that had red hair carried the girl”) it
is still the case the either the boy or the girl could plausibly
be an agent or patient of carry, and either could have red hair.
For sentences without this possibility of role reversals (e.g.,
“the apple that the boy ate was red”), there may be no
tendency to carry out such a check using a verbatim backup
representation. A similar situation of obviating the need for a
backup may apply even for sentences with reversible
structures when these structures are embedded in a discourse
context that strongly biases the role interpretation of nouns
and adjectives (e.g., a scenario with one little boy (of several)
twisting his ankle and an older girl carrying him home – “the
boy that the girl carried was very grateful”). Only future
research could address these possibilities regarding when use
of a phonological record plays a role.
In sum, these data provide strong support for the role of
semantic WM during relative clause sentence comprehension
for sentence types argued to make heavy demands on WM
relative to matched sentences with lesser demands.
Phonological WM also played a role; however, the nature of
its contribution is unclear as it occurred across sentence
types, irrespective of structural demands. Future work will be
needed to investigate the function of phonological WM
across sentence types.

3006

References
Allen, C. M., Martin, R. C., & Martin, N. (2012). Relations
between short-term memory deficits, semantic processing,
and executive function. Aphasiology, 26(3-4), 428–461.
Allport, D. A. (1984). Speech production and
comprehension: One lexicon or two? In Cognition and
motor processes. Springer.
Baddeley, A. D., Hitch, G. J., & Allen, R. J. (2020). A
Multicomponent Model of Working Memory. In Working
Memory: The state of the science. Oxford University Press.
Barry, S., & Lazarte, A. A. (1995). Embedded clause effects
on recall: Does high prior knowledge of content domain
overcome syntactic complexity in students of Spanish? The
Modern Language Journal, 79(4), 491–504.
Bever, T. (1970). The cognitive basis of linguistic structures.
In J. R. Hayes (Ed.), Cognition and the development of
language. New York: Wiley.
Butterworth, B., Campbell, R., & Howard, D. (1986). The
uses of short-term memory: A case study. The Quarterly
Journal of Experimental Psychology, 38(4), 705–737.
Caplan, D., & Waters, G. S. (1999). Verbal working memory
and sentence comprehension. Behavioral and Brain
Sciences, 22(1), 77–94.
Caplan, D., Waters, G., DeDe, G., Michaud, J., & Reddy, A.
(2007). A study of syntactic processing in aphasia I:
Behavioral (psycholinguistic) aspects. Brain and
Language, 101(2), 103–150.
Caramazza, A., Capitani, E., Rey, A., & Berndt, R. S. (2001).
Agrammatic Broca's aphasia is not associated with a single
pattern of comprehension performance. Brain and
language, 76(2), 158-184.
Darlington, R. B. (1990), Regression and linear models. New
York, NY: MCGraw-Hill College.
Ferreira, F., Bailey, K. G., & Ferraro, V. (2002). Goodenough representations in language comprehension.
Current Directions in Psychological Science, 11(1), 11–
15.
Gibson, E. (1998). Linguistic complexity: The locality of
syntactic dependences. Cognition, 68, 1-76.
Hamilton, A. C., Martin, R. C., & Burton, P. C. (2009).
Converging functional magnetic resonance imaging
evidence for a role of the left inferior frontal lobe in
semantic retention during language comprehension.
Cognitive Neuropsychology, 26(8), 685–704.
Howard, D., & Patterson, K. (1992). The pyramid and palm
trees test: A test of semantic access from words and
pictures. Thames Valley Test Company, Bury St. Edmunds.
Kertesz, A. 1982. Western Aphasia Battery. Psychological
Corp, San Antonio, TX.
Martin, R. C. (1987). Articulatory and phonological deficits
in short-term memory and their relation to syntactic
processing. Brain and Language, 32(1), 159–192.
Martin, R. C. (2021). The Critical Role of Semantic Working
Memory in Language Comprehension and Production.
Current
Directions
in
Psychological
Science,
0963721421995178.

Martin, R. C., & He, T. (2004). Semantic short-term memory
and its role in sentence processing: A replication. Brain
and Language, 89(1), 76–82.
Martin, R. C., Lesch, M. F., & Bartha, M. C. (1999).
Independence of input and output phonology in word
processing and short-term memory. Journal of Memory
and Language, 41(1), 3–29.
Martin, R. C., Rapp, B., & Purcell, J. (2020). DomainSpecific Working Memory. In Working Memory: The state
of the science. Oxford University Press.
Martin, R. C., & Romani, C. (1994). Verbal working memory
and sentence comprehension: A multiple-components
view.
Neuropsychology,
8(4),
506–523.
https://doi.org/10.1037/0894-4105.8.4.506
Martin, R. C., & Schnur, T. T. (2019). Independent
contributions of semantic and phonological working
memory to spontaneous speech in acute stroke. Cortex,
112, 58–68. https://doi.org/10.1016/j.cortex.2018.11.017
Martin, R. C., Shelton, J. R., & Yaffee, L. S. (1994).
Language
processing
and
working
memory:
Neuropsychological evidence for separate phonological
and semantic capacities. Journal of Memory and
Language, 33(1), 83–111.
McElree, B., & Dosher, B. A. (1993). Serial retrieval
processes in the recovery of order information. Journal of
Experimental Psychology: General, 122(3), 291.
Miyake, A., Carpenter, P. A., & Just, M. A. (1994). A
capacity approach to syntactic comprehension disorders:
Making normal adults perform like aphasic patients.
Cognitive Neuropsychology, 11(6), 671–717.
Pettigrew, C., & Hillis, A. E. (2014). Role for memory
capacity in sentence comprehension: Evidence from acute
stroke. Aphasiology, 28(10), 1258–1280.
Prins, R. S., Snow, C. E., & Wagenaar, E. (1978). Recovery
from aphasia: Spontaneous speech versus language
comprehension. Brain and language, 6(2), 192-211.
Schwartz, M. F., & Dell, G. S. (2010). Case series
investigations in cognitive neuropsychology. Cognitive
neuropsychology, 27(6), 477-494.
Tan, Y., & Martin, R. C. (2018). Verbal short-term memory
capacities and executive function in semantic and syntactic
interference resolution during sentence comprehension:
Evidence from aphasia. Neuropsychologia, 113, 111–125.
Tan, Y., Martin, R. C., & Van Dyke, J. A. (2017). Semantic
and syntactic interference in sentence comprehension: A
comparison of working memory models. Frontiers in
Psychology, 8, 198.
Traxler, M. J., Morris, R. K., & Seely, R. E. (2002).
Processing subject and object relative clauses: Evidence
from eye movements. Journal of Memory and Language,
47(1), 69–90.
Varkanitsa, M., & Caplan, D. (2018). On the association
between memory capacity and sentence comprehension:
Insights from a systematic review and meta-analysis of the
aphasia literature. Journal of Neurolinguistics, 48, 4–25.
Waters, G., Caplan, D., & Hildebrandt, N. (1991). On the
structure of verbal short-term memory and its functional

3007

role in sentence comprehension: Evidence from
neuropsychology. Cognitive Neuropsychology, 8(2), 81–
126.
Zahn, R., Horne, A., & Martin, R. C., (in press). The role of
working memory in language comprehension and
production: Evidence from neuropsychology. In J. W.
Schwieter & E. Wen (Eds.), The Cambridge Handbook of
Working Memory and Language. Cambridge University
Press.

3008

Selecting between visuomotor lotteries to measure mental effort in risky decisions
Samarth Mehrotra (samarthm20@iitk.ac.in)
Department of Cognitive Science, IIT Kanpur, India

Nisheeth Srivastava (nsrivast@iitk.ac.in)
Department of Computer Sciencee and Engineering, IIT Kanpur, India
Abstract
It is intuitive to believe that humans take considerations of
mental effort into account when making decisions. However, it
has proved difficult to differentiate theories of mental effort in
the absence of direct measurements of this psychological construct. Existing measurements of mental effort using response
times and revealed preferences have low reliability. In this paper, we present a new experimental task - selecting between
visuomotor lotteries using eye-tracking for sampling lotteries
- that enables direct measurement of mental effort. Unlike response time-based measures, effort measurements in this task
are not confounded by actual effort allocation. Unlike revealed
preference-based measures, effort measurements in this task
are acquired on a natural scale unitized by automatic visual
selection processes. We also report results from a simple experiment conducted using this task, which reproduce existing
findings of costly effort-aversion, and also demonstrate adaptive adjustment of mental effort.
Keywords: decision making; decisions from experience; information accumulation; mental effort

Introduction
Recent experiments have clearly demonstrated that humans
find the exertion of mental effort aversive (Kool, McGuire,
Rosen, & Botvinick, 2010), reducing effort application in
cognitively demanding tasks (Gailliot et al., 2007). This aversion appears to be adaptive, since humans can also increase
effort for larger rewards (Camerer & Hogarth, 1999). Such
observations are consistent with adaptive allocation of mental effort, suggesting that humans allocate mental resources
sensitive to the value of consequent outcomes.
The idea that people rationally factor anticipated cognitive
effort into decisions about how to behave is extremely intuitive, and appealing on multiple theoretical grounds. Optimizing metabolic costs, governed to some degree by mental effort, is a clear target for natural selection (Christie &
Schrater, 2015). Given resource limitations, such as working
memory size, it is rational for humans to take them into account to make resource-rational decisions (Lieder & Griffiths,
2020). Well-known constraints on our capacity to undertake
tasks in parallel imply that it is rational to attempt to optimize
the costs of undertaking any single activity (Musslick & Cohen, 2021). It is also possible to model mental effort as the
opportunity cost of processing information relevant for deciding what to do in a given situation (Shenhav et al., 2017).
However, it has proved difficult to test these theories directly, since it is difficult to measure cognitive effort directly,
a predicament that Kool and Botvinick (2018) refer to as an
’econometric problem in mental effort research’. In particular, in the absence of direct measurements of mental resources being expended, it is not yet clear whether resource-

rationality assumptions are to be treated simply as modelling
devices, or as valid correlates of real psychological mechanisms (Rahnev, 2020).
In earlier work, researchers have tried to measure mental effort using either response times (Lieder et al., 2014),
or revealed preferences (Shenhav et al., 2017). Neurological measures of mental effort, such as neural activity in
dACC (Cavanagh & Frank, 2014), rely upon direct behavioral
measures such as the ones described above for their validity,
and so are not considered separately here.
Lieder et al. (2014) use response times as direct measurements of mental effort in developing a model of decisionmaking which treats such effort as one half of a trade-off (reward being the other) that resource-rational decision-makers
use as a domain-general optimality principle (Lieder & Griffiths, 2020). However, response time measures are unreliable
as measures of mental effort, since high RTs may indicate
both high mental effort (someone is working hard on the task)
or low mental effort (leisurely working on the task).
Kool et al. (2010) use revealed preferences to determine
the effect of mental effort in a demand-selection task, wherein
participants select between stimuli coding for hard and easy
sequences containing multiple trials of different cognitive
tasks (with task difficulty controlled by the frequency of taskswitching) and showed that task-switching was aversive for
participants, suggesting that they are sensitive to mental effort. In another study, Westbrook, Kester, and Braver (2013)
use a continuum of difficulty in working memory tasks to operationalize mental effort, eliciting ‘cost’ measurements using monetary amounts needed to shift participants’ preferences from easy to hard tasks. Revealed preferences are more
reliable, but, being ordinal estimates, are coarse in granularity
of measurement. While they can tell us whether participants
found mental effort aversive, they are unable to tell us clearly
how aversive they found it (Kool & Botvinick, 2018).
Thus, theorizing about the properties of mental effort is
currently constrained by the inability to measure mental effort. In this paper, we present a new experimental task for
measuring mental effort that avoids some of the problems that
response time and preference-based elicitations face. Specifically, we design a task where observers may select to sample evidence from and then finally choosing either of two expected value-matched lotteries, with the presentation of the
and procedure for final selection using a visuomotor estimation paradigm developed by Juni, Gureckis, and Maloney
(2011). Unlike conventional visuo-motor lotteries, wherein
evidence is sampled using key-presses symbolically associ-
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ated with outcomes, in our design, participants sample evidence from either graphically visualized by simply looking at
it, with visual fixations mapped to sample generation using
eye-tracking. Below, we describe this method of measuring
cognitive effort, its advantages in eliminating some key confounds that bedevil existing mental effort estimation procedures, and some preliminary results obtained using it.

Selecting between visuomotor lotteries
As we describe above, the basic building block of our experimental task is the visuomotor lottery, proposed in Juni et
al. (2011). In visuomotor lotteries, participants are required
to estimate the location of a hidden target with the help of sequentially sampled location hints which appeared in the proximity of the target with some precision. Essentially, through
these hints, participants sample the mean location of the hidden target from a bi-variate Gaussian distribution centered on
the true location of the hidden circle and constructed a sampling distribution. Participants can sample as many times as
they want before making a guess by pointing to a specific
location within the target area. On a successful guess, they
receive a reward. Every sampled hint reduces the reward by a
fixed amount, thus making sampling explicitly costly.
Paralleling earlier task selection paradigms used for measuring mental effort (Kool et al., 2010; Westbrook et al.,
2013), we design our task to require participants to choose
between visuomotor lotteries, as illustrated in Figure 1. Participants saw two visuomotor lotteries in parallel on the same
screen, and were free to sample from either of them before
making a consequential guess for the hidden target in either
one.
We make one lottery more difficult than the other by increasing the covariance of the distribution from which hints
are sampled, thus necessitating more samples for accurate estimation. With lower accuracy, the probability of receiving
the payoff decreases, but this can be offset by decreasing the
cost of each sample. Thus, it is possible to design a choice between lotteries that is matched in terms of expected value, but
with different mental effort requirements for either lottery. To
ensure there is no additional cost due to of memory maintenance, all sampled hints stay on screen throughout each trial.
While the number of hints sampled for a lottery is a possible proxy for how much information a participant is looking for during a trial, operationalizing this variable using key
presses, as in Juni et al. (2011) suffers from similar confounds
as response times. Participants could generate fewer hints by
virtue of paying great attention to the cost structure of the
experiment, or draw many hints desultorily.
To reduce this confound in our task, hints are sampled in
our task using eye movements indicating attention to either
in the display. When a participant wants to generate a hint,
they visually focus inside the box marking the borders of the
corresponding visuomotor lottery, and retain their focus inside the box for a second. This design element ensures that
sample generation remains coupled with attending to the ac-

Figure 1: Illustration of the visuomotor selection task. In
each trial, participants could sample hints from either using
eye movements as many times as they wanted before making
a final guess that completed the trial.
cumulated information that is being presented on screen. By
virtue of this coupling, people cannot sample hints without
attending to the estimation task, and cannot perform the estimation task without sampling hints, thereby tightly coupling
mental effort with task performance.

Designing Expectation-Matched Lotteries
As a starting point for experimenting with this task, we consider the special case where participants select between lotteries that are matched on expected value. For such a choice,
a preference for selecting the easier would indicate a preference for lower cognitive effort, following similar demonstrations in other experimental paradigms (Kool et al., 2010).
We use the same analytic approach as (Juni et al., 2011)
to calculate the expected reward or the expected gain as a
function of number of samples (EG(n)) as follows:
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EG(n) = P[hit/n](R − nC),
where R is the initial reward, C is the constant redacted
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Figure 2: Expected value of both visuomotor lotteries used
in our experiment over a range of sampling possibilities. The
optimal number of samples for both lotteries are marked with
dashed lines.
from reward with each sample and P[hit/n] or probability of
target being in the middle of n samples is:
Z Z

P[hit/n] =

φ(0, Σ)dxdy,
T

where T is the area of the hidden circle and φ is the probability density function of the multivariate Gaussian from
which the samples are drawn with Σ as co-variance matrix


σ2 (n)
0

Σ(n) = 
0
σ2 (n)
The EG(n) function plotted in Figure 2, with maximum expected reward visualized at peaks, clearly indicates the optimal number of samples for a specific pair of visuomotor lotteries we use in the experiment reported further below.

A Basic Experiment
Participants Ten university students participated in the experiment for monetary compensation. The rate of compensation included a fixed base rate plus a variable performancedependent component. All participants reported perfect eyesight. Data was collected with approval from the university’s
IRB.
Apparatus The experiment was displayed on a 1920x1080
pixel screen split vertically to display two lotteries in parallel
in a dark room. A standard PC mouse was used to click and
guess the position of the target. An Eyelink 1000 eye tracker
was used to record gaze data at 1000Hz. A head mount was
used to fix the position of the head. The PsychoPy python
library was used to create the stimuli and Pylink was used to
integrate the eye tracker.
Stimuli A circle of radius 24 pixels was used as the target.
The screen was split vertically into two equal sides. Each

side displayed a bar on top, with a number on the left side of
the bar indicating how much potential reward can the participant earn with respect to the corresponding lottery, which was
80 to begin with for both the lotteries. Hints were dots of 4
pixels radius. The standard deviation used for one of the multivariate Gaussian was 40 pixels(easy lottery), and it was 60
for the other one(hard lottery). The standard deviations were
not revealed to the participants, but the lottery with the higher
SD had 4 written to the right of reward bar, which indicated
reward reduction value with each hint. Similarly 8 was the
constant reduction rate for the other reward. No reward was
received on wrong guess. Participants were allowed to draw
hints until the reward bar went to zero, in which case the trial
would terminate with zero reward. The fixation box inside
which the participants needed to foveate for a minimum of
1000ms was a rectangle with 1/4 the height and width of the
screen.
Design Each participant went through a block of validation
trials for learning to fixate on the displays to generate
samples. In these trials, they had to make 90% successful
fixations out of 30 total attempts in order to proceed to
the main experiment, as detailed below. All participants
successfully completed the validation block. They then did
10 practice trials of selecting between visuomotor lotteries
before doing 50 main ones. The left-right position of the
lotteries was randomized on each trial.
Procedure The participants were shown the instructions
and a play through of how the experiment would look like,
and calibrated the eye-tracker. They then had to go through
validation trials in which they had to get used to the fixation
process. For 30 times, a box appeared on one side of the split
screen and the participants had to bring their gaze inside that
side and fixate inside the box for 1 second in a limit of 5 seconds in total. If they were successful, the box turned green,
otherwise it turned red. The box appeared in orange color to
inform the participants that they have to ’bring’ their gaze inside that side of the screen or in other words they needed to
look outside the area of the corresponding lottery to turn the
box black again and enabling another hint to be drawn. The
’bring the gaze inside’ step in our procedure made sure that
the fixations they make while estimating the location of the
target don’t result in drawing an indiscriminately large number of hints accidentally.
After validation, practice and main trials began, with participants free to sample hints for either of the targets at any
time. If they drew a hint for a given target, the corresponding box turned orange, indicating the need to bring their gaze
inside for drawing another hint. Participants were told to use
the left mouse button to guess the position of the circle whenever they wanted to. On a correct guess, the circle appeared in
green color and red otherwise. The points won for the particular trial were indicated afterwards, and the next trial began.
Before the beginning of the validation block and before
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every main trial, participants were given the option to recalibrate the eye-tracker. This was done so that they had an
option to take a rest by dismounting their head between any
two trials.

Results
Baseline Task Performance
As our first analysis, we check whether participants’ performance matched baseline expectations of having been sensitive to information-theoretic task characteristics. In particular, we expected participants to have a lower success rate for
the harder lottery, to have drawn more samples for the harder
lottery, and to have seen greater success in hitting the target
after having drawn more samples.
Two of these three baseline expectations hold true in our
participants. The success rate, measured by the number of
rewarded lotteries over selected lotteries, for easy lotteries
was significantly greater than for hard lotteries (two sample
t-test t(9) = 4.29, p < 0.001). Also, as shown in Figure 3,
the success rate for both lotteries increases significantly with
increasing number of samples with the slope of the best linear fit significantly positive, (p < 0.001) for both conditions
across all participants. These results suggest that participants’
responses were sensitive to the information processing demands of the task. However, the number of samples drawn for
harder lotteries was not significantly different from the number of samples drawn for easier lotteries (two sample t-test
t(9) = 1.44, p = 0.16), suggesting that differences in mental
effort applied were small. We examine this discrepancy further below.

Preference for easier
Figure 4 shows that most participants had a preference for the
easy lottery, represented by the green part of the bar. Across
all participants, this preference was significant with one sample proportion z(49) = 2.06, p = 0.039. This revealed preference, prima facie, can be interpreted as aversion to effort,
along the lines of Kool et al. (2010) and Westbrook et al.
(2013).
Effort aversion is also evident in participants’ behavior
across time in our experiment. Across all participants, the
correlation between trial number and total samples in that trial
was significantly negative, r(49) = −0.46, p < 0.001. This
negative correlation means that participants drew fewer samples on later trials. Concomitantly, success rate also significantly decreased with number of trials r(49) = −0.74, p <
0.001.
We also see a significant correlation between the number of
samples drawn and fraction of easy lotteries chosen measured
across blocks of 5 trials over the course of each participant’s
data r(99) = −0.65, p = 0.03. In other words, drawing fewer
samples weakly predisposes participants to select the easier
lottery more frequently. We next examine the pattern of sampling effort seen in the task to better understand participants’
management of effort.

Mental effort in sampling lotteries
In Figure 5, red bars represent the average number of samples taken for the harder lottery and green bars show average
samples taken for the easy lottery by all participants. The
green and red vertical dotted lines show the optimal number
of samples for both lotteries respectively. We find significant
oversampling for the easy lottery (z(9) = 2.97, p = 0.002)
as seen in Juni et al. (2011), but significant under-sampling
for the harder lottery (z(9) = −2.39, p = 0.01) in comparison with their respective theoretical norms. Thus, we clearly
see evidence of sub-optimal effort allocation for the harder
lottery, supporting an effort-related interpretation of the revealed preference result reported above.
We also note that the difference in expected gain between
the hard and the easy lotteries was significantly negative
at the time the consequential choice was made, across all
under-sampled harder lotteries (two sample t-test t(398) =
−7.4, p < 0.001). Therefore, undersampling clearly was suboptimal in terms of rewards, indicating that people were willing to give up rewards to avoid effort.
We also tested if participants were responsive to success
and failure, by adjusting their sampling effort. For this we
measure the average change in the number of choice-samples
following a success and failure. Our findings are illustrated
in Figure 6. For the easy lottery, participants sampled 0.67
fewer samples for the same option when they experienced
success on the previous trial(z(109) = −2.29, p = 0.02) and
0.31 more same choice samples after failing on the previous
trial (z(126) = 2.02, p < 0.04). This suggests that, at least at
the cohort level, participants responded resource-rationally to
the task design for the easier lottery, calibrating effort towards
the minimum value needed to produce success. However,
such adaptive calibration did not happen in the harder lottery
(see Figure 6), where the change in same choice sampling
was not significantly different from zero for either success or
failure. Given the intrinsic difficulty of the harder lottery, and
the systematic under-sampling seen for it, it is unsurprising
that participants were not able to calibrate effort for it.

Attention and Preference
Eye-tracking studies of multi-option choice frequently use a
drift-diffusion framework for modelling the process of attending to different options and accumulating information about
the value of options by sampling(Krajbich & Rangel, 2011).
In this formalism, while it is easy to explain why people select options they attend to more, the choice of which item
people will attend to as a function of prior preferences is not
yet characterised (Tavares, Perona, & Rangel, 2017). It is
possible that reward-based attention capture causes observers
to keep bringing their attention back to the option that they
feel is more valuable.
Given the high visibility of the interaction between attention and preference afforded by our task, test the rewardbased attention capture hypothesis estimating participants’
probability of fixating on recently rewarded options.
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Figure 5: Comparison to optimal sampling

To this end, we fit a variation of the strategy selection
model first proposed by (Otto, Markman, Gureckis, & Love,
2010), which tries to model strategy use in repeated choice
settings like ours.
The model predicts the probability of sampling i as,

where α is the learning rate and rt is the reward received.
Quality basically summarizes which option has been historically more rewarding for a participant up to the current trial.
If the last rewarded item is not sampled more, the model
incorporates this information as,

P(si ,t|ci ,t − 1) = Prepeat + (1 − Prepeat ) × So f tmax(i)

P(a j ,t|ai ,t − 1) = 1 − P(ai ,t|ai ,t − 1).

,
This equation describes the probability of sampling item ’i’
more (si ), when the same item ’i’ was chosen and rewarded
at time t-1(ci ) as a combination of Prepeat or probability of
repeating the choice, and a Softmax function which is:

P(si ,t|ci ,t − 1) = So f tmax(i)
,
To fit the model to data, we estimated parameters that maximized the likelihood for a participant,

eγQi,t
,
So f tmax(i,t) = γQ
e i,t + eγQ j,t

L=

where γ is the exploitation parameter, with higher values
leading to the better quality option being chosen more frequently. The quality of the option itself is defined as,
Qi,t = Qi,t−1 + α[rt − Qi,t−1 ],

In case the previous choice is not rewarded the sampling
prediction is simply,

∏P

trials

Figure 7 shows that the probability of fixating more on
the rewarding option which is significantly lower than 0.5
(one sample proportion z(49) = −6.99, p < 0.001.) at the cohort level, but demonstrates interesting individual differences.
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Figure 6: Histogram of change in sampling behavior as a
function of success or failure on the previous trial for both
easy and hard lotteries

SUREDELOW\

Most participants appear to switch away from the rewarding
option when deciding which one to focus on in the next trial,
with the exception of two, whose attention appears strongly
captured by the previous trial’s reward. In the absence of a
larger set of participants, the current findings suggest that,
whereas reward-based attention capture appears to not dominate the decision of what to attend to next in our task, it could
explain some participants’ behavior quite well.
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Figure 7: Model-based estimate of Prepeat , the probability of
attending more to a that was rewarding on the previous trial

Discussion
Existing methods for measuring mental effort have serious
limitations (Kool & Botvinick, 2018). While response time
measures confound the cost of effort with the actual effort
allocated (Shenhav et al., 2017), revealed preference-based
measures confound the cost of effort with peoples’ cognitive
abilities and motivation level (Kool & Botvinick, 2018).
In this paper, we have presented a visuomotor selection
task with attention-based evidence sampling, which offers
mental effort measurements while significantly reducing confounds affecting existing measurements of mental effort.

While response times could be greater for participants performing a task desultorily, individuals must pay attention for
a specific period of time in order to obtain one sample in
our task, thus coupling overt visual attention with each observed unit of effort. Unlike cognitive abilities loaded in other
mental effort paradigms, such as working memory capacity (Westbrook et al., 2013), or task-switching ability (Kool et
al., 2010), the ability to focus visually for about 1000ms is not
as sensitive to individual differences (Shiffrin & Schneider,
1977), thus permitting units of mental effort in our paradigm
to be comparable within and across individuals.
Consistent with earlier findings (Kool et al., 2010; Westbrook et al., 2013; Westbrook & Braver, 2015), our experimental findings showed mental effort to be aversive, with
people willing to give up larger rewards in order to sample
harder lotteries less, and preferring easier lotteries over harder
ones as a consequence. A novel finding revealed in our experiment is that, at least for for easy tasks, people do adaptively
adjust the magnitude of effort they must put forth between
trials, consistent with theoretical resource-rationality expectations (Lieder & Griffiths, 2020). This observation, while requiring corroboration by a larger sample study, suggests that
resource-rationality assumptions may have greater ontic significance than as pure modelling devices (Rahnev, 2020).
Undersampling of risky choices has previously
been reported in numerical risky decisions-fromexperience (Hertwig, Barron, Weber, & Erev, 2004;
Hertwig & Pleskac, 2010). We note that it is unlikely
that our participants under sampled the harder lottery for
any of the possible reasons listed by Hertwig and Pleskac
(2010). Our task had no memory demand, was not low stakes
as wrong guesses resulted in zero reward and perceived
difference in the outcomes of both the choices should not
make a difference, expected reward for harder lotteries
was consistently lower than that of easy one, at the time
decisions were made. Thus, evidence for effort conservation
in visuomotor -based decisions-from-experience offers
another possible explanation for the under-sampling seen in
numerical decisions-from-experience (Hertwig & Pleskac,
2010).
The major conceptual limitation in our task is that we do
not account for the possibility of withdrawal of covert attention from the task. That is, someone may attend to the task
overtly via eye movements while being mentally disengaged.
While this possibility does not appear phenomenologically
salient in the task in our experience with it, it is certainly theoretically realistic (Hunt & Kingstone, 2003). Future work
may empirically measure covert attention shifts in our task
by examining on-task microsaccades (Hafed & Clark, 2002).
Multiple experimental directions also present themselves
immediately for future investigation. For instance, combining our task with the economic indifference approach of
Westbrook and Braver (2015) should help estimate effort-cost
curves using direct effort measurements. We anticipate such
efforts will lead to greater clarity about the nature of mental

3014

effort.
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Abstract
While population-level models often provide a good fit to the
data, they may mask meaningful individual differences. Exploring individual differences can also be beneficial for gaining a better understanding of the processes that underlie pragmatic phenomena. In this study, we investigate whether the
substantial differences in performance on a pragmatic reference game can be traced back to cognitive or socio-pragmatic
traits. We observe a significant effect of the ability to inhibit
an intuitive response and of abstract reasoning ability. In contrast, we do not find evidence that socio-pragmatic abilities or
working memory capacity influence pragmatic responding.
Keywords: experimental pragmatics; individual differences

Introduction
People have been found to differ in the rate at which they
draw pragmatic inferences (Heyman & Schaeken, 2015;
Yang, Minai, & Fiorentino, 2018; S. C. Fairchild, 2018). In
formal probabilistic models of pragmatics (such as Rational
Speech Act (RSA) (Frank & Goodman, 2012) and Iterated
Best Response (IBR) (Franke et al., 2009)) these differences
can be captured via varying the rationality parameter or by
manipulating the depth of recursive reasoning that the speaker
and the listener perform.
Franke and Degen (2016) argue that the difference originates from depth of reasoning. They conducted an experiment
where participants were asked to reason about the potentially
ambiguous messages sent by the previous participant, and
showed that participants naturally fell into groups whose performance lined up with the predictions of IBR models for listeners of three different reasoning depths. They argued for the
usefulness of individual-level modeling in addition to population level modeling.
While Franke and Degen (2016) showed that the
individual-level model was able to better account for the data,
their model is agnostic about the factors which underlie these
differences in pragmatic performance. In this study, we test
whether the observed differences in reasoning sophistication
can be explained by cognitive or personality factors. If they
can, that would provide evidence for the existence of different
pragmatic interpreters and shed light on the algorithmic-level
processes that are involved in said reasoning. In that case, it
would be worthwhile to investigate how stable these reasoning types are over time and to what extent they are specific to
this task. If performance cannot be explained by individual

differences measures, perhaps the difference between reasoning types emerges from different task strategies or other factors pertinent to the specific occasion when participants completed the task as opposed to stable cognitive or personality
differences.
Previous work has explored cognitive and personalityoriented individual differences and their ability to predict
pragmatic responding. Yang et al. (2018) observed that people differ in how sensitive they are to the context when deriving scalar implicatures. They found that participants with
higher working memory capacity and higher socio-pragmatic
abilities were more sensitive to the context. S. Fairchild and
Papafragou (2021) investigated the role of executive function and Theory-of-Mind on three pragmatic tasks – scalar
implicature, indirect requests, and metaphor, and found that
Theory-of-Mind was a significant predictor, whereas working
memory was no longer significant once Theory-of-Mind was
included. Other studies have found that pragmatic responding
can be modulated by nonverbal intelligence (Huettig & Janse,
2016) and attentional control (McVay & Kane, 2012).
In two experiments, we replicate Franke and Degen
(2016)’s finding that participants form groups predicted by
formally defined reasoning types, and investigate which measures predict pragmatic responding on this task. We find effects of nonverbal intelligence and cognitive reflection ability,
but not of working memory or socio-pragmatic abilities.

Background
The task
The main task is an exact replication of Experiment 1 of
Franke and Degen (2016). On each trial, participants saw
three objects on the display. The objects differed along two
dimensions – creatures (green monster, purple monster, and
robot) and accessory (red hat, blue hat, and scarf). Participants also saw a message that they were told had been sent by
the previous participant. The possible messages were the two
monsters and the two hats – robot and scarf are the inexpressible features. The possible messages were always displayed
at the bottom of the screen.
In the beginning of the task, participants completed 4 practice trials which employed the speaker’s perspective: participants had to select a message to refer to one of three objects
on the screen, which was highlighted. Then the actual task
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began, which consisted of 66 trials, of which 24 were critical
and 42 were fillers, distributed as follows:
Half of the critical trials were simple implicature trials. On
those trials, the target contained the sampled message and the
inexpressible feature along the other dimension. For instance,
if the sampled message was the red hat, the target would be
the robot with a red hat. The competitor was composed of
the message and an expressible feature along the other dimension. Continuing with our example, the competitor could
be a purple monster with a red hat. Finally, the distractor
was composed of any two features not present in the target
or competitor. In our example, it could be a green monster
with a scarf (Figure 1, top panel). The simple implicature
is predicted to be simple because only one step of reasoning
is required to solve it: that the target (robot in our example)
cannot be referred to in any other way since robot is not an
available message.
On complex implicature trials, the target contained the
message along with an expressible feature along the other dimension. So if the sampled message was the red hat, the target could be the green monster with a red hat. The competitor contained the message and the other expressible feature
along the other dimension. In this example, the competitor
would be the purple monster with the red hat. The distractor
combined the other target feature not denoted by the sampled
message with the inexpressible feature along the other dimension. In our example, the distractor would be the green monster with a scarf (Figure 1, bottom panel). On complex trials,
both the target and the distractor can be referred to with two
messages, so an additional reasoning step is needed to determine that if the speaker had meant the competitor, she could
have used the unambiguous message purple monster.
The experimental results of Franke and Degen (2016) (as
well as our replication reported here) show that indeed the
complex condition is more difficult than the simple one.
Of the 42 filler trials in the study, 24 were identical to the
critical trials, except the target was the competitor (6) or distractor (6) from the simple condition, or the competitor from
the complex condition (12), unambiguous given the message.
For example, there would be a trial like that on top of Figure 1, except the target would be the purple monster with the
red hat, and purple monster would also be the unambiguous
message. Of the remaining 18 trials, 9 were completely unambiguous (contained each creature and each accessory only
once) and 9 were completely ambiguous (contained two identical creatures). Ambiguous trials were included as the random baseline, and unambiguous fillers served for determining
exclusion.

Reasoning types
An idea central to Franke and Degen (2016)’s study is that of
different pragmatic reasoning types – formal models which
describe speakers and listeners and which vary in the depth
and complexity of the performed reasoning. Each type of
level n+1 operates on the assumption that their interlocutor is
an n-level reasoner.

Figure 1: An example of a simple and a complex implicature
trial.
The literal listener L0 interprets all messages literally and
considers every interpretation that is literally true given the
message equally likely. A level-2 listener L2 is a Gricean listener who assumes that their interlocutor is a Gricean speaker
S1 . There’s also a listener model in between these two types –
L1 , who Franke and Degen (2016) call an exhaustive listener.
These three listener models make different predictions for the
reference game. The literal listener L0 would not be able to
solve either the simple or the complex implicature and would
assign equal probability to all objects on the display which
contain the message. So, continuing with our example in Figure 1, in the simple trial, both the robot (target) and the purple
monster (competitor) are wearing the red hat, and L0 would
be at chance in choosing between those. The exhaustive listener L1 correctly reasons that an unbiased literal speaker S0
is more likely to refer to the robot since the competitor can be
referred to with another message, purple monster. In contrast,
neither L0 nor L1 will be able to solve the complex implicature trials because both the target and the competitor can be
referred to with two different messages. L2 , however, would
reason that a pragmatic speaker S1 would have used the unambiguous message purple monster if she had wanted to refer to the purple monster and will correctly identify the target
referent.

Cognitive tasks
This section describes the cognitive tasks that we used in the
experiments and the rationale for including them.
Need for Cognition Questionnaire (NfC) The Need for
Cognition (NfC) questionnaire (Cohen, Stotland, & Wolfe,
1955) assesses how much participants enjoy solving challenging problems. Our intuition was that perhaps more advanced reasoning types would select higher NfC values.
Operation Span (Ospan) There are conflicting findings on
the effect of working memory capacity (WMC) on implicature derivation in the literature. S. Fairchild and Papafragou
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(2021) found that the effect of WMC on scalar implicature
derivation disappeared when a measure of Theory-of-Mind
reasoning was taken into account, suggesting that working
memory may be engaged for holding the components needed
for ToM-reasoning in memory. Yang et al. (2018) report a
positive relationship between WMC and sensitivity to context
when deriving implicatures. We hypothesized that in case of
the reference game, too, the reasoning required for solving
the implicatures in the reference game might require sufficient working memory.
We used the automated online version of operation span
(Ospan), developed by Scholman, Demberg, and Sanders
(2020), where participants verified math equations while
holding letter sequences in memory.
Autism Spectrum Quotient Questionnaire (AQ) Yang et
al. (2018) found an effect of socio-pragmatic abilities, as
measured by the AQ (Baron-Cohen, Wheelwright, Skinner,
Martin, & Clubley, 2001), on context sensitivity when deriving implicatures. We hypothesized that here, too, sociopragmatic abilities might play a role since people who are
higher in autism might be less likely to put themselves in the
interlocutor’s position and think about why the speaker said
what they did, an ability relevant to resolving ambiguity in
the reference game.
Raven’s Progressive Matrices Test (IQ) Raven’s Progressive Matrices was included as a test of nonverbal intelligence.
We hypothesized that abstract reasoning ability measured by
this task may play a role in deriving implicatures in the reference game. Since the score on as few as 9 items has been
shown to correlate almost perfectly with a full-length IQ test
(Bilker et al. (2012)), we used a shortened version of the full
Progressive Matrices Test consisting of 10 questions of increasing difficulty.
Stroop It could be the case that the intuitive literal response
needs to be inhibited in order to correctly derive the implicatures in the reference game. Based on this intuition, we
included the Stroop task (Golden & Freshwater, 1978), in
which participants name the word color as quickly as possible
while suppressing word semantics, as a measure of inhibition
ability.
Cognitive Reflection Test (CRT) The Cognitive Reflection
Test (Frederick, 2005) is a measure of how likely a person
is to override their intuitive response and engage in further
thinking – so in a sense, it is also a measure of inhibition ability, but while in the Stroop task, it is obvious what the correct
answer should be, CRT contains “trick” questions where the
answer isn’t obvious, so it taps into a distinct concept.
Since CRT is know to be affected by familiarity (Stieger &
Reips, 2016), we used a new CRT version with 6 critical questions, 3 verbal and 3 involving computation, and 4 non-trick
“decoy” questions. The questions were selected from previously used versions of CRT (Primi, Morsanyi, Chiesi, Donati, and Hamilton (2016), Baron, Scott, Fincher, and Metz

(2015), Sirota and Juanchich (2018), Thomson and Oppenheimer (2016), Toplak, West, and Stanovich (2014))1 The
items weere presented in randomized order in order to prevent participants from expecting to be tricked every time. Additionally, at the end of the experiment we asked the participants if they had seen any of the questions before.
The score is the proportion of correctly answered questions. Participants who had seen 3 or more questions before
were excluded from analysis.

Experiments
Exp. 1. Pilot
We replicated Franke and Degen (2016)’s experiment and additionally collected a number of individual difference measures to investigate which of the individual differences predict
the performance on the reasoning task.
Participants 95 native English speakers were recruited via
Prolific.
Procedure Participants completed the experiment in three
sessions. In the first session, they completed the reference
game from Franke and Degen (2016), followed by a Needfor-Cognition Questionnaire. The second session took place
a month later and contained Operation Span and the AQ. The
third session took place a week after the second and contained
Raven’s Progressive Matrices, CRT, and the Stroop Task.
Results Following Franke and Degen (2016), only participants whose accuracy on the unambiguous trials was at least
95% entered analysis (for us it was fewer than 9% of the
participants; Franke and Degen (2016) removed the bottom
15%). 8 of the 95 participants were excluded at this stage,
with 87 participants remaining. Not all participants returned
for the later experimental sessions; we also excluded one person who did not meet the 80% accuracy criterion for OSpan
and 3 participants who indicated that they had seen some of
the CRT questions but did not specify which ones. The number of participants whose data remained for each task after
exclusions is reported in Table 1.
Means and ranges for the individual difference measures
at a glance are reported in Table 1. The correlation matrix
is shown in Figure 2. We see that IQ, CRT, and OSpan are
all moderately positively correlated with each other, which is
not surprising since all of these measures tap into aspects of
reasoning ability. AQ is negatively correlated with NfC – that
is, people who show more autistic traits judge themselves as
less willing to engage in effortful cognitive activities. Stroop
did not significantly correlate with any of the other measures.
Main task replication results Proportions of choice types
per condition is displayed in Figure 3. They mirror the results
from Franke and Degen (2016)’s original study very closely,
1 The materials, as well as anonymized data and analysis scripts,
are available at this link: https://github.com/sashamayn/
refgame cogsci22.
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Table 1: Individual difference results summary for Exp 1, including the number of participants who completed each task
after exclusions.
Measure Mean SD Obs. range Poss. range N
NFC
3.37
0.9
1-5
1-5
87
OSpan
0.92
0.1
0.37-1
0-1
65
AQ
21.66 6.82 7-40
0-50
67
IQ
5.66
2.05 1-9
1-10
53
Stroop
0.49
0.25 0-1
0-1
51
CRT
0.41
0.27 0-1
0-1
50

(a) Pilot

(b) Confirmatory study

Figure 2: Correlation matrices for individual difference measures for the two experiments. Only the coefficients of significant correlations (corrected with Holm’s method) are included. Stroop is omitted for Experiment 1 because it did not
significantly correlate with anything.
with 81% of target and 19% of competitor responses for the
simple condition for our study, and 77% and 23% for Franke
and Degen (2016), and 52% of target and 43% of competitor responses for our pilot and 57% and 42% for the original
study. Participants were at ceiling on the unambiguous trials and at chance on the ambiguous ones. The fact that participants’ performance on the critical simple trials was better than on the complex ones suggests that the complex trials
were indeed more difficult.
Following Franke and Degen (2016), we conducted logistic
mixed-effects regression to verify the significance of the apparent differences between the simple and the complex condition, and between the complex condition and the chance
baseline (ambiguous condition). The analysis setup and variable coding followed the original paper. The results once
again match the ones from the original study very closely.
As in the original study, participants performed significantly
better on the simple trials than on the complex ones (β=1.52
(0.1), p<0.0001), while still performing above chance on the
complex trials (β=0.3 (0.1), p=0.004). The only other significant predictor is the position of the target: participants chose
the target more often if it was in the center (β=0.67 (0.11),
p<0.0001) or on the right (β=0.35 (0.1), p<0.001).
In order to investigate the possible sources of individual

(a) Pilot

(b) Confirmatory study

Figure 3: Choice proportions per condition for the two experiments. The results are quite similar for the two experiments
and mirror those of the original study closely.
variation, we turned to a continuous analysis. To this end, we
extended the minimal mixed effects model from the main task
described above, and added individual difference measures
to it. We removed the ambiguous trials from consideration
since those only served as a baseline to show that participants
performed above chance on the complex trials and have no
relation to individual differences. The binary response correctness was regressed onto condition (now binary, simple vs.
complex), target position, and main effects of the six individual differences. Like the original model, it included by-trial
random slopes per participant. There are 47 participants for
whom we have all individual measures. All individual difference measures were centered and rescaled to 0-1. The full
model is reported in Table 2. Only the main effect of CRT
is significant, suggesting that performance on this pragmatic
reasoning task is modulated by the ability to override the intuitive response (presumably, the literal one or one dictated
by salience) to complete the reasoning and make the correct
prediction.
Since running the pilot across several sessions lead to a
high dropout rate and a smaller number of participants than
we had originally hoped for, we conduct an follow-up confirmatory study, very similar in structure but with a separate
larger group of participants. This separate study will also
serve to test whether the effect of CRT on pragmatic reasoning replicates. In order to make it feasible to collect the confirmatory study in a single session, we decided to drop two of
the individual difference measures. Our analyses showed that
NfC and the Stroop task were least promising, in that their effect sizes were very small in models where they were used as
the only ID predictor (0.04 (0.59), p=0.95 for NfC and -0.23
(0.57), p=0.69 for Stroop). Therefore, these measures were
dropped for the main experiment.

Exp 2. Confirmatory study
Participants 101 additional participants, all of them native
English speakers, were recruited via Prolific.
Procedure The procedure was identical to that of the pilot,
with the following differences. Participants completed the experiment in one session to avoid participant attrition. They
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Table 2: Models for individual differences, based on the exploratory study (left), confirmatory study (middle), and the original
study by Franke and Degen (2016) (right).
Exp. 1 (47): β(SE), p Exp. 2 (68): β(SE), p F&D (51): β(SE), p
Fixed effect
Intercept
0.05 (0.89), 0.95
-0.82 (0.51), 0.11
-0.15 (0.11), <0.18
condition (complex vs. simple) 1.43 (0.16), <0.0001 1.87 (0.15), <0.0001 1.28 (0.12), <0.0001
target position: middle vs. left
0.79 (0.19), <0.0001 0.13 (0.16), 0.41
0.74 (0.13), <0.0001
target position: right vs. left
0.29 (0.18), 0.1
0.13 (0.16), 0.41
0.22 (0.08), <0.01
NFC
-0.07 (0.56), 0.9
OSpan
0.2 (0.83), 0.81
-0.09 (0.51), 0.86
IQ
0.28 (0.6), 0.64
1.75 (0.5), <0.0001
Stroop
0.45 (0.55), 0.41
AQ
0.74 (0.61), 0.22
-0.58 (0.41), 0.16
CRT
1.35 (0.56), 0.02
1.03 (0.39), 0.009
-

Table 3: Individual difference results summary for Exp 2.
Measure Mean SD
Range
OSpan
0.93
0.11 0.38-1
IQ
5.69
2.12 0-10
AQ
20.5
7.54 7-42
CRT
0.43
0.26 0-1
completed the reference game and the four individual difference tasks in the following order: reference game, OSpan,
CRT, AQ, and Raven’s Progressive Matrices. Also, in the
CRT, we now asked for each individual question whether participants had seen it before to avoid unnecessary exclusions.
Results We exclude participants who responded to fewer
than 80% of the unambiguous filler items correctly, corresponding to 15% of the total participant number2 . 4 further participants were excluded because they did not complete the experimental session. 12 further participants were
excluded because they reported having seen 3 or more of the
critical questions on the CRT. 5 further participants were excluded because their OSpan accuracy was under 80%. The
remaining 68 participants entered the analysis. The means
and ranges for the individual difference measures are reported
in Table 3. They are similar to those we obtained in the pilot.
We again observe significant correlations of CRT, OSpan, and
IQ with each other, suggesting a shared reasoning component
in these three measures (Figure 2, right panel).
The regression model without the individual difference
replicated the same main effects as pilot. The model for
the individual differences analysis can be found in Table 2.
The model again revealed a significant main effect of CRT
(β=1.03 (0.37), p=0.009). In addition, a significant effect
2 In

this confirmatory experiment, participants performed worse
on the unambiguous fillers on average. Franke and Degen (2016)’s
reason for having a strict exclusion criterion had to do with avoiding
inflating the noise parameter when performing Bayesian model comparison. Our objective here is different – it is to investigate which
individual differences predict performance in the reference game.
We hence only exclude participants who aren’t paying attention, and
80% on the fillers is a sufficiently high accuracy for our purposes.

of IQ (β=1.75 (0.5), p<0.0001) was revealed. There was
no effect of AQ, suggesting that performance on this kind
of pragmatic task is related to reasoning ability but not to
socio-pragmatic personality traits. There was also no effect
of OSpan.
We now turn to formal model predictions of individual differences. As can be seen in Figure 4, there is substantial variation in participant performance. Franke and Degen (2016)
observed that a Bayesian hierarchical model which assigned
one of three reasoning types (literal L0 , exhaustifier L1 , or
Gricean L2 ) to each participant obtained a better fit to the data
than a homogeneous model that assumes one type of all the
participants. We ran Latent Profile Analysis (LPA) using the
tidyLPA package in R on our data for the main task.3 LPA
identifies clusters in the data while remaining agnostic to the
origin of those clusters. The best fit is obtained with 4 classes
(AIC = -82.9, BIC = -54.05); however, closer examination revealed that those 4 classes are not interpretable, and since we
have a theoretical motivation to postulate 3 classes, we turn
to the 3-class model (AIC = -71.75, BIC = -49.56), which had
better fit than a homogeneous (AIC = -39.7, BIC = -30.81) or
a 2-class (AIC = -41,84, BIC = -30.81) model.
We see that the 3 classes identified by LPA correspond approximately to the predictions of the models of idealized reasoning types (Figure 4). Class 1 is the smallest class which is
not able to solve simple or complex implicatures, corresponding to L0 ; Class 2 does above chance on the simple implicatures but not complex ones, corresponding to L1 , and Class 3
is able to solve both kinds of implicatures, corresponding to
L2 .
Table 4 displays individual measures per class. Since only
4 people were assigned to Class 1, corresponding to the level0 listener, the averages in that column should be interpreted
with caution. However, when we compare Class 3 with Class
2, we observe a noticeable average increase in IQ and CRT,
in line with the output of the mixed-effects model, as well as
a slight increase in OSpan.
3 We use Model (1 equal variance, fixed covariance) since that is
the model that makes the least assumptions and since some of the
other models could not be estimated for our data.
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Figure 4: Classes of participants identified by LPA for the
reasoning task. The classes approximately correspond to the
theoretical predictions of L0 , L1 , and L2 respectively.

Table 4: Individual difference measure averages for the 3
classes predicted by LPA.
Measure Class 1 (4)
Class 2 (41) Class 3 (23)
Ospan
0.95 (0.04)
0.91 (0.14)
0.97 (0.05)
CRT
0.38 (0.25)
0.37 (0.24)
0.53 (0.28)
IQ
5 (2.94)
5.1 (1.97)
6.87 (1.79)
AQ
20.5 (10.66) 21.02 (7.36) 19.57 (7.59)

Discussion
While population-level models might provide a good fit to
the data at the population level, they may also mask meaningful individual-level differences. We replicated Franke and
Degen (2016)’s comprehension experiment, which revealed
a large amount of individual variation in the rate at which
people successfully derive implicatures, and replicated their
finding according to which participants naturally fall into different groups corresponding to the theoretical predictions by
the IBR models using an LPA analysis. We also collected
individual difference measures of cognition and personality
in order to learn more about the nature of the differences between these groups.
We found the Cognitive Reflection Test (CRT) to be a significant predictor of the ability to draw pragmatic inferences
both in the pilot and in the confirmatory study. This measure
reflects reasoning ability and the ability to override the first
intuitive response. In our confirmatory study, we additionally
find IQ to be a significant predictor of drawing inferences.
We note that this effect did not turn out to be significant in the
pilot, and hence needs to be interpreted with caution. We furthermore note that IQ is highly correlated with the cognitive
reflection test (r=0.51 and r=0.46 for the two experiments)
and it is hence unclear whether or not it contributes a real
separate dimension. Future work could look into whether the
effect of these two measures could be explained via one composite measure, or whether they represent two related but distinct abilities which influence pragmatic responding. For instance, Toplak, West, and Stanovich (2011) showed that CRT
was able to account for some of the variance in performance
on heuristic-and-bias tasks beyond measures of intelligence.

We did not observe an effect of socio-pragmatic abilities
or working memory. However, we wonder whether the reason for the lack of a WM effect might lie in our participants’ close-to-ceiling performance on the OSpan task (average score of 0.92 and 0.93 for the two experiments) – so perhaps there wasn’t sufficient variability between participants
to reveal an effect. This could be explored further by including more challenging working memory measures, e.g.,
OSpan with longer letter sequences.
It is interesting that only an effect of measures of reasoning ability was found, in contrast to some prior work on pragmatic comprehension of individual differences, such as Yang
et al. (2018) who found an effect of both WMC and sociopragmatic abilities (AQ) on sensitivity to context in scalar
implicature derivation. It is possible that this is due to the
nature of the reference game, which may involve explicit reasoning to a greater extent than other more naturalistic language tasks. It would be worth exploring in future research,
therefore, to what extent the reasoning depth of an individual is task-dependent, i.e., would an L2 type responder from
this task also show evidence for sophisticated inferencing in
other pragmatic tasks, including ones with a more prominent
linguistic component like irony detection.
In general, probabilistic models of pragmatics like RSA
and IBR are assumed to be computational-level and do not
make explicit predictions of the processing mechanism of an
n-level reasoner. It is possible, therefore, that several different mechanisms or strategies fall under the same probabilistic
reasoning model. For instance, a closer look at the outlier assigned to Class 1, where accuracy is 0 for both implicature
types revealed that this participant chose the distractor every
time for both implicature types. Presumably, the participant
reasoned that by sending e.g. the red hat, the speaker meant to
communicate “the only creature without the red hat”; the participant did not pick randomly but applied a reasoning strategy, albeit not the correct one. In Mayn and Demberg (2022),
we elicit participants’ reasoning strategies for this task and
find that, indeed, different participants use different strategies and that sometimes several reasoning strategies, some of
which do not involve counterfactual reasoning but rather rely
on e.g. surface-level similarity of the stimuli or salience, may
result in the same surface-level performance.
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Abstract
Formal mathematical reasoning is unique in its precision: any
valid conclusion can be justified by a sequence of base axioms.
But human-written proofs or solutions rarely operate at that
level. Instead, obvious steps are skipped to provide a simple,
lucid argument. This is especially important in an educational
setting, where too many details in an example solution, or too
few, can confuse a student. What are the key steps for humans
in a given formal solution? We investigate several computational hypotheses in the context of equation solving. Specifically, we take a reinforcement learning agent that solves equations using low-level axioms, and propose a series of methods
for abstracting its solutions by selecting key steps. We consider methods based on the semantic distance between subsequent steps, based on the steps with the highest uncertainty for
the agent, and based on transitions between latent “high-level
skills” learned from a large number of agent-produced solutions. In a human evaluation we find that skill-base simplifications were judged most useful. These results suggest new
directions for understanding human mathematical reasoning.

Figure 1: Human solutions for mathematical problems, such
as linear equations, are typically much shorter and take more
abstract steps than an axiomatic, machine-generated solution.
The computational methods we propose attempt to understand and bridge this abstraction gap.

Keywords: mathematical reasoning; reinforcement learning;
skill discovery; abstraction

What makes a good argument? In essence, an argument
must justify the conclusion, given acceptance of the premises.
But this seemingly simple criterion turns out to be challenging to assess: a rich body of theory, dating back to Aristotle
(Weston, 2018; Bencivenga, 1979), has attempted to characterize good arguments as well as to identify common fallacies and pitfalls. Many intricacies stem from disagreements
on what premises are valid and what inferences can be made.
However, even among equally valid arguments some seem
better than others.
In formal mathematical reasoning, for instance, all
premises and rules of inference can be precisely stated, and
the correctness of proofs can even be mechanically verified
by computers. However, human mathematical reasoning is
rarely formal: even mathematics researchers do not write
down full arguments in a formal fashion. Indeed, a formal
proof of a mathematical statement is often more than 10 times
longer than a corresponding human proof1 . The reason for
this difference lies in the omission or simplification of many
concrete details, which we call abstraction: human-written
arguments might only loosely mention how axioms or theorems are being applied, and many steps are often left implicit.
1 This is the so-called de Bruijn factor (De Bruijn, 1994), used to
assess the conciseness of computer theorem proving languages.

These omissions are sometimes stated in the text: intermediate steps deemed trivial or unimportant are, often frustratingly, “left to the reader”.
Abstraction is necessary for the human practice of mathematics. As even Bourbaki, known for a rigorous style of
mathematical presentation, concedes:
“The tiniest proof at the beginning of the Theory of Sets
would already require several hundreds of signs for its
complete formalization. [F]ormalized mathematics cannot in practice be written down in full”. (Bourbaki,
2004)
Thus, in practice, only the most important steps in a proof
are written down, for the purpose of conveying to the reader
why a given mathematical claim holds. This elicits a natural question: what makes some steps the “most important” in
a mathematical derivation? Can we determine them computationally, and gain insight into the cognitive process behind
this choice?
The answers to these questions have practical implications
for mathematics education. When showing worked examples
to a student, providing every axiomatic step would be completely overwhelming. On the other hand leaving out crucial
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steps would leave the example equally opaque. Automated
tutoring systems (Ritter, Anderson, Koedinger, & Corbett,
2007; Crow, Luxton-Reilly, & Wuensche, 2018), that aim
to help students learn partly by generating examples, would
thus benefit from an algorithmic approach to simplifying arguments to their clearest form.
In this paper, we take initial steps toward this goal. We
draw from recent work in machine learning models for mathematical reasoning, which provides us with tools to find exhaustive step-by-step solutions to mathematical problems. In
particular, the ConPoLe model (Poesia, Dong, & Goodman,
2021) has been shown to learn to solve problems in a set of
Common Core educational mathematical domains, such as
linear equations and fraction simplification. Given a problem, the trained ConPoLe solver constructs a formal, step-bystep derivation of the solution by applying low-level domain
axioms (e.g., commutativity, distributivity, or evaluation of
operations with constants). Moreover, it constructs semantic
representations of each of these steps, in the form of embedding vectors for each step.
Since ConPoLe operates at the axiomatic level, a solution
to even a simple equation can span dozens of steps. Figure 1
shows one example, where the generated solution annotates
each step with the domain axiom being invoked (axiom parameters were omitted for brevity). These solutions do not
naturally resemble human solutions to the same problems,
which tend to be significantly shorter, taking more abstract
steps. How can we computationally characterize and close
this gap?
We evaluate several alternative approaches to this problem.
We start from a set of complete, axiomatic, solutions, and
produce simplified solutions by taking a subset of the original steps, based on alternative notions of step importance.
Specifically, we evaluate (i) selecting solution steps that make
the largest changes to the equations (as measured by ConPoLe’s representations), (ii) selecting solution steps that are
the least predictable (as measured by ConPoLe’s step uncertainty), and (iii) selecting solution steps at the boundaries between latent higher-level “skills” (recovered by an unsupervised skill-discovery method). We compare a simplified solution to a control alternative that chooses (a matched number of) random steps from the original solution. We find that
human participants prefer the skill-based segmentation most
strongly, suggesting that considering hierarchy and strategy
is important to constructing human-like solutions. This result indicates that artificially-generated solutions can be practically useful for education, and theoretically useful to understand human mathematical abstractions.

Domain and Solver
We take the Common Core Equations environment and the
ConPoLe model from Poesia et al., 2021. This environment
can generate random linear equations from syntactic templates taken from the Cognitive Tutor Algebra dataset (Ritter
et al., 2007). Given an equation, the environment can then

enumerate allowed actions and the resulting equation of applying them, using a set of primitive mathematical axioms
(such as commutativity of addition and multiplication, or
adding a constant to both sides of the equation).
ConPoLe was trained to find solutions in this environment:
starting at an equation s, its learned policy π defines a probability distribution π(st+1 |st ) over the set of next states A(st )
allowed by the environment; choosing an action leads to a
new state. The solution is complete when the environment
detects that a solution has been found (i.e., the equation has
the form “x = c” for a constant c).
The ConPoLe policy is defined by taking small steps in a
learned state representation space, φ(s) ∈ R512 :
π(st+1 |st ) ∝ φ(st )⊤ · Mθ · φ(st+1 )
We note that because φ is trained so that this small-step policy
can find solutions to equations, distance in this embedding is
a good proxy for “conceptual distance” between equations
(see Poesia et al. (2021) for more discussion).

Abstracting solutions
In this paper we consider abstraction by simplifying solutions: keeping only “key” steps and skipping the rest. How
can we computationally define the key steps in a mathematical solution? We consider three possible answers, based on
conceptual distance, uncertainty, and high-level skills. Each
answer leads to a method for simplifying solutions.

Using distance
One hypothesis is that a step’s importance to the reader
will depend on how much it changes the state of the solution. For example, in an equation such as 2x = (10 + x) − x,
we can use associativity on the right hand side to arrive at
2x = 10 + (x − x). Though this moves toward the solution,
the equations before and after this step look rather similar.
For the next step, apply the property that subtracting anything
from itself yields 0, to obtain 2x = 10 + 0. This change is intuitively larger than the previous, both in form and meaning.
Our distance-based simplification methods keep the intermediate steps right immediately following the largest changes to
the equation.
For this use, the measure of “change” should relate to states
becoming closer to the solution. Purely syntactic metrics fail
to capture this notion. For example, the edit distance from “x
+ 1 = 2” to both “(x + 1) - 1 = (2 - 1)” and “(x + 1) - 2 =
(2 - 2)“ is the same, but only the first step moves towards a
solution. Thus, we use the Euclidean distance between state
representations computed by ConPoLe. Precisely, if st and
st+1 are two consecutive steps in a solution, we define their
distance as d(st , st+1 ) = ||φ(st ) − φ(st+1 )||2 .
We tested two methods that simplify a solution based on
distances:
Distance: Keep only the intermediate steps st such that
d(st−1 , st ) ≥ ∆, for a fixed hyper-parameter ∆ ≥ 0.
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NDistance: First, to normalize distances, compute the
largest distance between consecutive steps in the solution:
∆max = maxt {d(st , st−1 )}. Then, keep only the intermediate steps st such that d(st−1 , st )∆max ≥ ρ · ∆max , for a fixed
hyper-parameter ρ ∈ [0, 1].

D = {s1 , . . . , sN }, where each solution si is a sequence of
state/action pairs si,1 , . . . , si,K , CompILE fits pθ to maximize
the likelihood of D:

Using ∆ = 0 or ρ = 0 keeps all intermediate steps and produces the most detailed solution possible; conversely, ρ = 1
or ∆ = ∞ removes all intermediate steps. Intermediate values
allow tuning conciseness. Note that the initial equation and
the final state are always part of the solution; all methods we
describe only filter intermediate states.

The likelihood of a given solution pθ (s) is defined in terms of
the boundaries between skill segments, the latent skill applied
in each segment, and the likelihood attributed by each skill’s
model to the state/action sequence inside each segment. If bi
is the position of the i-th segment boundary, and zi is the discrete latent skill assigned to the i-th segment, then CompILE
defines the likelihood of θ by marginalizing over b and z:

Using the solver’s uncertainty
Another possible strategy for defining “key steps” in a solution is to base the decision on uncertainty about the next step.
Intuitively, the more “obvious” it is what the next step should
be, the less important it is to include in the solution. This
leads to a simplification method that removes steps to which
the ConPoLe solver assigns a very high probability:
Uncertainty: Keep only the intermediate steps st such that
π(st |st−1 ) < ρ, for a fixed hyper-parameter ρ ∈ [0, 1].
Again, with ρ = 0, all intermediate steps are discarded;
with ρ = 1, all are kept. In between, we find varying abstraction levels.

Using transitions between high-level skills
Uncertainty-based filtering selects transitions between consecutive steps that are the least predictable, according to the
solution model. An alternative hypothesis is that key transitions are between more abstract “skills”, that are themselves
realized through a sequence of lower-level axioms. For example, in the equation 2x = (15 + 4) + (36 + 27), one might
want to first “simplify the right-hand side”, and after that “isolate x”. We can carry out each of these high-level operations
through more than one path using the basic axioms. Thus, the
solution is unpredictable in the immediate next step, but we’d
predict with high confidence to eventually arrive at 2x = c
(for some c) after a few steps. Thus, long-range predictability
does not imply step-wise predictability. This suggests that to
simplify a long solution, we should infer these latent highlevel actions—skills—and select only the states that immediately follow transitions between skills.
Inferring transitions between high-level skills (also called
“options,” Kipf et al. (2019); Barreto et al. (2019)) is a problem that has received significant attention from the Reinforcement Learning community in recent years. Various methods
have been proposed that assume different levels of supervision. We use CompILE (Kipf et al., 2019), which requires
a set of solutions but no other supervision. Given a data set
of ConPoLe solutions, CompILE fits a latent variable model
that jointly (i) partitions solutions into sub-segments and (ii)
assigns a high-level skill label in each segment.
CompILE is trained by optimizing a variational approximation to the log-likelihood. Given the dataset of solutions

θ∗ = max log L(D|θ) := Es∈D pθ (s)
θ

pθ (s) = ∑ ∑ pθ (s|bi , zi )p(bi |bi−1 )p(zi )
bi zi

Where p(bi |bi−1 ) is a Poisson prior over where skill boundaries are placed, and p(zi ) is a uniform prior over what skills
are applied. Inside each skill segment, pθ (s|bi , zi ), modeled
with a Recurrent Neural Network, assigns a likelihood for the
action sequence in that segment given its boundaries and a
choice of latent skill.
We refer to the original work for details about model training. Of note for us, the variational inference method used by
CompILE also learns a boundary prediction network, which
takes a solution and outputs the most likely skill boundaries.
Thus, after CompILE is trained, we can use it to segment any
ConPoLe solution. This yields our last simplification method:
Skills: Infer high-level skill segments in the solution’s axiom sequence, then select the states that immediately follow each skill boundary.
Note that skills are learned from sequences of axioms, not
their specific parameters (e.g. subtract something from both
sides, without regard to what value to subtract). This already
introduces some level of abstraction and simplifies the input
to CompILE. The rate parameter λ used in the Poisson prior
of p(bi |bi−1 ) controls the expected number of segments inferred in a given solution. This allows us to tune the abstraction level of simplified solutions, in a similar fashion to the
other methods we described.

Comparing simplification methods
We evaluate these simplification methods with both offline
analyses and a human evaluation. We start by asking whether
the simplification methods yield different notions of “important steps” in practice. Can we find distinctive patterns in the
steps they select?
Figure 2 shows two measures of the average difference
between simplifications produced by each pair of methods.
On Figure 2(a), the difference between two simplifications is
measured by Jaccard distance: we treat the boundaries placed
by each method in the same solution as two sets B1 and B2 ,
and compute DJ (B1 , B2 ) = 1 − |B1 ∩ B2 |/|B1 ∪ B2 |. Since Jaccard is a very strict measure, in Figure 2(b), we use a softer
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Figure 2: Average distance between simplified solutions for
each pair of simplification methods, as measured by (a) Jaccard Distance and (b) the Boundary Mover Distance (an adaptation of string edit distance). In both, all methods have significant disagreements; the largest similarity being between
the two distance-based methods (Distance and NDistance).

Table 1: Axiom trigram patterns around the states selected
by each simplification method. In each trigram, the axiom in
the middle was used to derive a state in a simplified solution;
the frequency in parenthesis shows the fraction of selected
states across all solutions that are surrounded by that pattern.
The axioms shown here are eval (evaluate an operation with
constants), mul1 (remove a multiplication by one), add0 (remove an addition of zero), assoc (associativity), div and sub
(divide or subtract a term on both sides of the equation). Distance and NDistance capture the same 3 patterns, with high
concentration on the most frequent trigrams. Skills and Uncertainty are more diverse in where they place boundaries,
with distinct patterns across methods.
Method

metric that is similar to the Edit Distance between strings: we
compute how many operations are necessary to transform one
set of boundaries into another, where atomic operations are
duplicating a boundary and moving boundaries by one step,
normalized by the maximum possible number of operations
given the solution’s lengths. Both metrics indicate that all 4
methods have some level of agreement, but also significant
differences.
We further explore their differences in two analyses. Figure 3 shows the distribution of the average length of each of
these methods in solutions of varying lengths. Importantly,
all methods were calibrated to have a median compression of
50%. Yet we observe that they distribute abstraction levels
unevenly, and differently from each other.
Finally, Table 1 shows a kind of “fingerprint” of the behavior for each method: the most common axioms surrounding the states selected to be kept. Each pattern is an axiom
trigram: one axiom used to derive the state right before the
selected state, the axiom that derived the selected state, and
the axiom that then followed in the original solution. Distance and NDistance select states very frequently surrounded
by a small number of axiom patterns. Uncertainty is significantly more diverse than the distance-based methods, and
Skills even more so. Altogether, these analyses show that the
methods provide distinct characterizations of the importance
of solution steps.

Evaluating Human Preferences
We next set out to determine whether the above solution simplification methods yield good solutions according to human
judges.
Materials We generated 100 equations with solutions using
the Common Core Equations environment. We then applied

Frequent axioms surrounding selected states

Skills

eval→ mul1→ eval (8.1%)
assoc→ eval→ div (2.8%)
eval→ add0→ assoc (2.6%)

NDistance

eval→ mul1→ eval (32.8%)
eval→ eval→ mul1 (10.7%)
assoc→ eval→ mul1 (6.4%)

Distance

eval→ mul1→ eval (20.7%)
eval→ eval→ mul1 (6.6%)
assoc→ eval→ mul1 (5.5%)

Uncertainty

eval→ assoc→ eval (4.9%)
add0→ assoc→ eval (4.4%)
sub→ assoc→ eval (4.2%)

Figure 3: Distribution of solution lengths after simplification
for each method. Lines show the mean relative length for
each method (simplified length over original length); bands
show standard deviation around the mean. Although all methods were tuned to have a median relative length of 12 , they
produce distinctive distributions of relative lengths.
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Figure 4: Example of human task. Two solutions to the same
equation are shown side-by-side: both are selected steps from
a longer formal solution, with matching lengths.
each of the four simplification methods above to all equations, obtaining four simplified solutions for each equation.
Asking humans to directly compare different simplifications
to one another is challenging because the number of steps selected often differs between methods for any given problem,
and yields a strong visual confound. Therefore, we instead
chose to evaluate the quality of solutions compared to a random control that matches the simplification length. In other
words, for each problem pi , with a corresponding formal solution si , and each simplification method m j , m j (si ) is a simplification of si that starts with p, ends in a solution state, and
(si )
is a subset of si ; we produce a random simplification mrand
j
for comparison that has the same first and last states, and selects the same number of intermediate steps from si uniformly
at random.
Participants For each simplification method, we recruited
18 participants from Amazon Mechanical Turk, that each
evaluated 10 pairs of solutions selected randomly from the
original set of 100 equations. Thus, we had a total of 72 participants, producing 720 evaluations (180 for each method).
Methods Participants were told that they were helping to
improve automated tutors: “These computer tutors can help
students learn to solve equations, fractions or other problems.
But the computer often finds complicated solutions that are
hard for students to understand! Your task is to compare
different solutions generated by a program and choose the
one you think would be most clear and helpful for students.”
In each evaluation (Figure 4), we showed a problem (a linear equation) and two simplified solutions, one produced by
one of the described methods and one produced by random
simplification matched in length. Their order on the screen
was randomized. Given a pair of solutions, participants were
asked to judge them based on their helpfulness for an algebra student. They could choose from 4 options: “Solution 1
[or 2] would be most helpful for a student”, or, in case they

Figure 5: Left: difference between the fraction of human
judgements where each method was preferred and those
where the random simplification was preferred. Right: fitted
Beta coefficients to each simplification method when predicting human scores in a mixed-effects linear regression. Error bars are 95% confidence intervals. Both analyses show
Skills as significantly better than random simplification, unlike other methods.
were thought to be equivalent, either “All solutions would be
equally helpful for a student” or “None of the solutions would
be helpful for a student”.

Results
Figure 5 shows the results of two convergent analyses of the
results. Figure 5 (left) shows the difference between the fraction of responses where each method’s simplification was
chosen and the fraction in which the random simplification
was chosen instead. A positive number thus means that the
method’s simplification was chosen more often. In this analysis, judgements where both solutions were considered equivalent (either “both would be equally helpful” or “none would
be helpful”) are ignored. Figure 5 (right) shows an analysis
considering all data points: we model participants as random
effects and the method as a fixed effect in a mixed-effects
linear regression, where we predict a score that summarizes
the human judgement (1 when the method’s solution was preferred, -1 when the random simplification was preferred, and
0 otherwise). We model s ∼ M + (1 | P) with s being the
vector of human scores, M being a fixed slope for each simplification method and P denoting participants.
We observe that Skills was the most successful method:
it was the only method chosen significantly more often than
random at the 95% confidence level. Both distance-based
methods performed similarly to each other, and Uncertainty’s
simplifications were chosen less often than the random simplifications (though not significantly). These results suggest
that the best simplifications for humans are produced not by
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Figure 6: t-SNE visualization of states that were selected exclusively by each simplification method (Distance and NDistance
shown aggregated), on top of states that were present in solutions preferred by humans but not in their alternatives. We also
identify one state from the region where each method tends to focus more than the others.
analyzing individual transitions (as Uncertainty, Distance and
NDistance do), but rather by finding meaningful abstract subsequences (which Skills attempts to do explicitly). Moreover, this result indirectly supports the intuition that human
reasoning about mathematical solutions is hierarchical: one
might first decide to apply a high-level skill (e.g., “simplify
the right-hand side of the equation”), which will necessitate a
sequence of smaller steps (e.g., doing a series of calculations
with constants); then another (e.g., “isolate the unknown”),
and so on. Large changes or uncertainty in the middle of applying the skill might then be less important for conveying
the solution than the sequence of skills that is applied.

Visualizing Preferred States
The latent space that ConPoLe uses for equations allows us
to further explore (i) what states humans tend to prefer, and
(ii) what states each of the methods tend to select more often.
Figure 6 shows a t-SNE (Van der Maaten & Hinton, 2008)
projection that illustrates these preferences both of methods
and of human evaluators. Here, each point corresponds to an
equation – either one of the starting equations generated for
human evaluation or one of the intermediate states in the complete solutions. To understand which states humans prefer to
be included in solutions, we show the states that were present
in simplified solutions that were chosen by human evaluators but not in their alternatives (blue points, reproduced in
all three plots). Thus, these states are only taken from solutions where all participants agreed on what was the most
clear simplification between the two choices2 . We additionally show the states that were selected exclusively by each
method. In other words, we display a state here if any of the
given methods was the only to select that state when simplifying the original formal solution.
Skills is the most parsimonious method: only 76 states appear exclusively in simplifications produced by Skills, compared to 114 by the distance-based methods and 142 by Uncertainty. We notice that the ConPoLe latent space is highly
2 Since participants were asked to judge whole solutions, even
full agreement might be a noisy indication of state-wise preference.

structured: when projected to 2 dimensions with either PCA
or t-SNE, it reveals a U-shape where solution states are in
one end and the longer starting equations cluster on the other
end. Compared to other methods, Uncertainty tends to select
more states at the beginning (when equations are longer are
more actions are available), and fewer states closer to the solution. Distance distinctly selects states at the intermediate
stages at a much higher density than other methods. In contrast, Skills spreads states more uniformly (including at the
very end, where fewer states were distinctively preferred by
humans). Furthermore, we notice gaps between clusters of
states preferred by participants, which indicates a hierarchical structure in solution states that the explicit approach of
Skills might capture better.

Discussion and Conclusion
Arguments may be good or bad for many reasons. Even
among valid mathematical arguments some are better. Of all
steps in a complete formal derivation, only a selected few are
explicitly written down. In our investigation of computational
methods that attempt to reproduce this selection of most important states, a hierarchical approach based on discovering
latent skills in the underlying solutions yielded the most clear
simplifications, according to a human evaluation.
One aspect that is not captured by our methods is that the
most appropriate level of abstraction for communicating a
given solution depends on the target reader. For example, undergraduate and middle-school students would likely prefer
different levels of detail in a solution to an equation. Understanding how to computationally characterize this preference
is an important avenue for future work.
Finally, simplifying by selecting solution steps can be limited if the original solution takes unnatural paths to start with.
For example, after subtracting two equal terms, producing 0,
ConPoLe often keeps the “+ 0” in the equation for several
steps while working on other parts. Humans prefer to simplify early, but that preference does not naturally arise in a
learned solver like ConPoLe. How can we characterize these
preferences and train models that share them?
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Abstract

from its canonical position and “moved” leftward in the
sentence. Most researchers today acknowledge that any
movement is purely metaphorical (Fodor, Bever & Garrett,
1974), though the terminology remains useful. Ross (1967)
first observed that certain grammatical constructions resist
LDDs holding between a subconstituent’s canonical position
and a non-canonical position outside the construction. He
dubbed such constructions “islands,” since constituents
within an island seem unable to move off the island. For
instance, notice that it is infelicitous to ask a question about
an argument within the subject relative clause in (6): That is,
speakers find (7) awkward at best and non-sensical at worst:

Each grammatical construction has its own function, and
typically multiple constructions are combined to express a
message. When the functions of two constructions conflict in a
way that cannot be reconciled, their combination is judged
ungrammatical. Here we consider one such type of case:
“syntactic island violations.” Specifically, we consider
combinations of wh-questions with 11 other constructions. Whquestions request direct information about a particular
constituent. Using a new Discourse task, we quantify how
directly 11 constructions convey information in simple
declarative sentences. Results demonstrate acceptability
judgments on the wh-questions correlate with the degree to
which the 11 constructions convey information directly. Thus,
we argue that degrees of unacceptability of “island violations”
result from the extent to which the discourse functions of the
constructions involved conflict (N=240).

(6) The door [that leads to the basement]RC was closed.
(7) Where does [the door that leads to _ ]RC was closed?

Keywords: islands; discourse constraints; backgroundedness;
communication

Islands
Each time we speak or sign, we need to choose a combination
of words and grammatical constructions to express our
intended message. In English, word order is used to convey
who did what to whom, as in the example simple declarative
sentence in (1). Non-canonical word orders are used to
indicate special discourse functions. For instance, the passive
sentence in (2) treats mistakes as the grammatical subject,
thereby avoiding mention of the guilty party (possibly, Greg).
The “it-cleft” construction is used in (3) to emphasize Greg’s
role and imply his uniqueness in the given context as the
person who made mistakes.
(1) Greg made mistakes.
(2) Mistakes were made.
(3) It was Greg who made mistakes.
Like “it”-clefts, English wh-questions can position a phrase
far away from its canonical position. In such cases, there is a
Long-Distance semantic Dependency (LDD) between the
overt and canonical position of a constituent, as indicated in
(4) and (5) with underlines and underscores.
(4) Tom thinks Greg stole TVs.
(5) What did Tom think Greg stole _?
LDD constructions such as questions and clefts are often
discussed as if a constituent (in [5], what) was “extracted”

The current work aims to address a question that has been
debated for over half a century, namely the extent to which
various constructions are islands to LDDs and why
(Newmeyer, 2016; Chaves & Putnam, 2021). The
explanation has been widely assumed to follow from purely
formal constraints on movement (Abels, 2017; Chomsky,
1973). More recent work has argued that at least some islands
may result from insufficient frequency in the input (Liu,
Ryskin, Futrell, & Gibson, 2019; Dabrowska, Roland, &
Theakston, 2009; Verhagen, 2005).
Another perspective, examined here, appeals to the
function of island constructions: particularly the way island
constructions package and present the information they
convey. Erteschik-Shir (1979) first argued that information
within an island is outside the focus domain of the sentence
(“non-dominant” in her terminology) (see also Abeillé,
Hemforth, Winckel, & Gibson, 2020; Deane, 1991;
Goldberg, 2006; Kuno, 1972, 1987; Polinsky, 1998; Takami,
1989; Van Valin, 1998). The focus domain of a sentence
includes information that is asserted, and is therefore negated
by main clause negation (Halliday, 1967; Lambrecht, 1994).
Goldberg (2006) clarifies that constraints on islands arise
because of a clash between the functions of grammatical
constructions that are combined: LDDs make a certain
constituent prominent in the discourse, while island
constructions ensure their content is “backgrounded.” It is
infelicitous on this view for a speaker to make a constituent
prominent in the discourse (via the LDD) and backgrounded
(via the island construction). For example, if a speaker wishes
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to ask where a door leads as is attempted in (7), it is
infelicitous for the same speaker to have chosen to “bury”
that information within a relative clause, which is typically
backgrounded (i.e., not “at-issue”, Potts, 2004). If the speaker
wishes to ask directly for information by using a wh-question,
the constituent at-issue should belong to a construction that
makes it prominent in the discourse as it is as part of the main
clause verb phrase (see 8). In this case, combination with a
wh-question (as in 9) is natural.

(8) The door [that was closed]RC leads to the basement.
(9) Where does the door that was closed lead to ___?
Ambridge & Goldberg (2008) clarify that backgroundedness
is a matter of degree so that the degree of LDD
unacceptability should correlate with the extent to which a
constituent’s canonical position is backgrounded. We
observe that backgrounded constructions are, to varying
degrees, ill-suited to provide direct cooperative responses to
prompts for information (Morgan, 1975; Goldberg, 2006).
To test the discourse explanation, we designed a new
Discourse task. Each trial in the task prompted participants
for certain information (e.g., Tell me why Nicole is so happy
today). Participants were then asked to select which of two
sentences was the “more direct and cooperative” response.
Sample stimuli used in the Discourse task are provided in
Table 1.

construction that was hypothesized to be an “island” while
the other provided the requested information within a
construction that was hypothesized to be a non- island. A
acceptability survey reported below, confirmed there was no
systematic difference in acceptability between the two types
of responses.
We created the set of wh-questions, a particular type of
LDD construction, by questioning constituents within 11
types of constructions included in the Discourse task. Table
2 provides example stimuli for each of the 11 constructions
tested: a declarative sentence and a corresponding whquestion. Several of the construction types are generally
considered islands (e.g., relative clauses, clausal adjuncts),
others are not (main clauses, “bridge” verb complements).
But we do not presuppose which constructions are islands or
to what extent.
Table 2. Example declarative response sentences (no island
violations) and wh-questions (potential island violations)
Constructions
Example Declarative & Wh-Question
Main
The door that leads to the basement was closed.
Clauses
Where does the door that was closed lead to _ ?
Relative
The door that was closed leads to the basement.
Clauses
Where does the door that leads to _ was closed?
By
He researched it by comparing prices.
Adjuncts
What did he research the question by comparing _ ?
Time
He researched it after comparing prices.
Adjuncts
What did he research the question after comparing _?
DO
She showed Sam the portrait.
Recipients
Who did she show _ the portrait?
PO
She showed the portrait to Sam.
Recipients
Who did she show the portrait to _?
Bridge
Alicia believed he got hired in Hawaii.
Verb compls What did Alicia believe that he got _ in Hawaii?
Nonbridge Alicia forgot he got hired in Hawaii.
Verb compls What did Alicia forget he got _ in Hawaii?
Parasitic
She read the paper before putting it in the drawer.
Gaps
What did she read _before putting _ in the drawer?

Table 1: Example stimuli in Discourse Task
Tell me why Ali got up so early.
His rowing club that meets His rowing club that starts
at the lake starts at 6:00.
at 6:00 meets at the lake.
(Main Clause)
(Relative Clause)
Tell me why that puppy is so happy.
The owner got Fido outside The owner got Fido outside
by giving him treats.
while giving him treats.
(By Adjunct)
(While Adjunct)

Nonparasitic Gaps

Tell me what you did in the garden.
I planted a tree without
I planted a tree without
watering it.
watering the flowers.
(Parasitic coreference)
(Non-parasitic reference)

Single
Conjuncts

Tell me why Iris took time off from school.
Dan heard that she wasn't
Dan hated that she wasn't
feeling well.
feeling well.
(“Bridge” Verb)
(“Non-bridge” Verb)

Critically, both response options on each trial included the
requested information and only differed in how the requested
information was provided. The sentences were minimally
different and neither contained any island violations. One
response provided the requested information within a

She read the paper before putting it in the drawer.
What did she read the paper before putting _ in the
drawer?
She loved eating and skiing.
What did she love eating and _?

Our goal is to determine whether the degree of island
status, as measured by acceptability on wh-questions, is
predicted by an independent test that depends on the
constructions’ functions; it involves declarative sentences
only and no island violations. We predict an interaction:
results on the Discourse task should predict ratings on the whquestions more than they predict ratings on the declarative
responses. This would be quite striking since the Discourse
task includes the declarative sentences and not the whquestions.
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If the hypothesis is confirmed, it would provide support for
the claim that island violations involve a clash of functions of
the constructions involved. Relevantly, wh-questions require
that the wh-argument is the focus of the sentence: the primary
reason to ask a wh-question is to elicit information about a
particular constituent. Certain other constructions are
designed to background information to varying degrees, the
content they convey is taken for granted or less “at-issue”
(Potts, 2004). Once the functions of constructions are
appreciated, the discourse hypothesis is straightforward: it
should be infelicitous for a speaker to simultaneously choose
to foreground and background the same constituent.
If results show that the Discourse task predicts
acceptability of wh-questions, it will present a challenge to
accounts of islands that depend on movement, because the
current Discourse task involves no illicit “movement” of any
kind. Evidence for the current hypothesis would also present
a challenge to a general account of island effects based on
how familiarity or frequent particular constructions are,
because familiarity can be expected to correlate strongly with
the acceptability ratings on declarative sentences (Liu, et al.,
2019; Sprouse, Wagers, & Philips, 2012; Robenalt &
Goldberg, 2015. Therefore, if the Discourse task predicts
ratings on the wh-questions more than on the corresponding
declaratives, it would provide a textbook example of a
“super-additive” effect that does not depend on familiarity
(Sprouse et al., 2012). Moreover, while one or two potential
island constructions, particularly the contrast between “nonbridge” and “bridge” verb complements, may lend
themselves to an account based on frequency (Kothari, 2008;
Liu et al. 2019; cf. Ambridge & Goldberg, 2008), other
contrasts included here do not. For example, when testing
whether relative clauses serve as a felicitous construction in
which to convey the requested information directly, both
response options contain a main clause and a relative clause
(recall the first example in Table 2). The only difference is
whether the requested information is provided in the relative
clause or in the main clause. Thus, if the hypothesis is
confirmed and sentences containing “island” constructions
are less-well suited for conveying key information, it will
support the claim that island constraints are the result of the
discourse function of the constructions involved.
Below we explain the experiment in three parts, since
different participants were involved in each. We collected 1)
acceptability judgments on 84 declarative sentences, 2)
acceptability judgments on a corresponding set of 84 whquestions, and 3) decisions in a 2 alternative forced choice
task between pairs of the same 84 declarative sentences in 1.

Experiment
Preregistration The number of participants, exclusion
criteria, stopping rule and analyses were preregistered at
https://aspredicted.org/2bv9s.pdf.

Norming: Declarative Acceptability Judgments
Participants A group of 82 participants took part via the
Cloud Research platform as a front end on Mechanical Turk
(Litman et al. 2017). 11 participants were excluded for less
than 75% accuracy on catch trials. Based on demographics
provided, mean age = 36.4; 30 participants self-identified as
female; 50 as male; 65 as white, 9 as Black, 5 as Asian, 1 as
Native American.
Stimuli We created 6 declarative sentences for each of 5
constructions generally taken to be islands and 12 declarative
sentences for a variety of temporal adjuncts, also presumed
to be islands. We matched the resulting 42 sentence with 42
highly similar sentences that conveyed the same or very
similar information using constructions commonly assumed
to be non-islands. Potential island constructions were:
relative clauses; clausal complements of non-“bridge” verbs;
non-finite temporal adjuncts, without-adjuncts that involved
no co-referential argument in the main clause (so were not a
candidate for a parasitic gap), and conjunctions in which only
one conjunct provided the information requested . A final
“island” type, the recipient argument of a double object
construction, was included because it was predicted to be an
island by Erteschik-Shir (1979) and Goldberg (2006). Nonisland types conveyed the requested information in main
clauses, complements of “bridge” verbs; in both conjuncts; in
a non-finite by-adjunct (Namboodiripad, et al., this volume);
the recipient argument of a prepositional dative (Goldberg,
2006); or in both main clause and without adjunct (a
candidate for a parasitic gap).
We used traditional classifications into islands and nonisland constructions only to create the stimuli: The main
analyses do not rely on a priori assumptions about island
status. Instead, the acceptability of wh-questions in
comparison to the declaratives was assessed separately.
Procedure Each of the 84 active, declarative response
sentences was quasi-randomly assigned to one of 4 lists of 21
target sentences, with the stipulation that no participant
judged more than one of any highly similar pair of sentences.
Sentence order was randomized for each participant. Ratings
were based on a 7-point scale. 12 fillers, intended to be
unacceptable, were included as catch trials on all lists.
Results As expected, since there were no island violations in
any sentences, standard island status did not predict zscored
acceptability ratings on the declarative sentences.
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Specifically, to test whether the mean acceptability of
responses within the constructions generally assumed to be
islands--i.e., hypothesized to be unacceptable if combined
with a long-distance dependency construction--differed from
the minimally different sentences that included constructions
standardly considered non-islands, linear mixed effects
models were fit to the data. This confirmed, as expected, that
status as a traditional island did not predict averaged zscores
on the declarative responses (ß = -.03, t = -0.45, p = .65).
Zscores eliminated the need for random by-participant
intercepts (a model including random slopes did not
converge). Random intercepts were included for items.
Regardless, judgments on declarative sentences are included
in the main analysis to test for the predicted interaction.

Quantifying Island status: Question Judgment Task
In order to provide an objective measure of island-status, we
used the declarative sentences from the norming task just
described (and used in the Discourse task) to create a set of
wh-questions. Each questioned a constituent that appeared
within the construction of interest in the corresponding
declarative . (Recall sample wh-question stimuli from Table
1). Acceptability judgments on the wh-questions were
collected from a new group of participants. Island status was
treated as a gradient, rather than binary, factor.
Participants 80 new participants took part in the survey,
again using Cloud Research on AMT. As before, 12
participants were excluded for accuracy below 75% on catch
trials. Based on demographics provided, mean age = 34.9; 32
participants self-identified as female, 47 as male, one chose
not to disclose gender. 57 identified as white, 5 as Black, 13
as Asian, 1 as Native American, 1 as Pacific Native.
Procedure The procedure was identical to the Declarative
Acceptability Judgment task, except acceptability judgments
were collected on the 84 wh-questions rather than declarative
sentences. Again, each participant rated one of 4 lists of 21
questions for acceptability with the stipulation that no
participant judged more than one of any pair of highly similar
questions. Twelve filler questions were again used as catch
trials, presented in randomized order.
Results Figure 1 displays the mean acceptability judgments
for each of the 11 constructions tested. As expected, whquestions involving “extraction” out of traditional islands
(leftward constructions in Figure 1) were judged less
acceptable than the wh-questions out of constructions
usually assumed to be non-islands (rightward constructions
in Figure 1). Specifically, linear mixed effects models were
fit to determine the extent to which status as a traditional
island predicted averaged zscores on questions, with random
intercepts included for items (ß = -.55, t = -3.72, p < .0001).

Figure 1: Mean acceptability ratings for each of 11
construction types used.
Yet nothing hinges in the current context on an a priori
classification of constructions into islands and non-islands.
We are instead interested in whether acceptability of whquestions correlates with performance on the independent
Discourse task which includes only declarative sentences and
no island violations. We now turn to this key task.

Discourse Task: Choose the more “direct and
cooperative” response
Participants 80 new participants took part via Cloud
Research on Mechanical Turk. As planned, 4 were excluded
for scoring less than 75% on catch trials. Mean age = 36.19;
31 participants identified as female, 49 male; 60 white, 7
Black, 2 Asian, 2 multi-racial, 9 unspecified.
Stimuli 42 trials contained a prompt for information (e.g.,
Tell me why Crystal didn’t go downstairs) and a 2-alternative
forced-choice task that provided two potential responses
(recall Table 2). Responses were comprised of declarative
sentences that had been normed separately. One response
sentence provided the requested information within a
traditional “island” construction, while the other was
minimally different, and provided the same or similar
content, but within a traditional non-island construction.
Procedure Participants were asked to choose which response
was more “direct and cooperative.” Each participant saw one
of two lists of 21 trials and four fillers, divided semirandomly to avoid overlap in content within a list. Order of
presentation was randomized for each participant.
Results To measure how direct and cooperative each
response is judged when prompted to supply information
from a target construction, we calculated the proportion of
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times participants chose that response in the Discourse task.
We predicted that constructions that were more likely to be
judged to provide more direct and appropriate responses
would be more available for wh-extraction (i.e., less “island”
like). As shown in Figure 2, this predicted effect was
confirmed: The probability of a declarative sentence being
selected as a direct and cooperative response (x-axis)
predicted judgments on wh-questions (y-axis, in Blue), and
did not predict the acceptability of the responses themselves
(Red).

Figure 3: Correlation between the probability of choosing
a declarative construction type as a direct response and
the Difference in acceptability between wh-questions and
declarative stimuli, presented by construction type.
Specifically, the more likely participants were to decide
that a construction type provided the requested information
directly, the less difference there was between the averaged
zscored acceptability judgments of the declarative stimulus
and wh-question (ß = -.60, z = -2.87 p = .005).
Figure 2: Discourse responses predict the acceptability
of wh-questions more than the acceptability of the
declarative responses themselves

Limitations

Specifically, linear mixed effects models were fit to
determine if averaged z-scored acceptability ratings were
predicted by Sentence Type (Declarative vs. wh-Q), the
Discourse-based response preference, and their predicted
interaction with random intercepts for items and construction
type included. Random intercepts for subjects are omitted
because each person data was zscored to provide a continuous
measure. Results confirm the hypothesized interaction: the
discourse task predicts the acceptability of wh-questions
more than the acceptability of the declarative responses (ß =
.48, t = 7.43, p < .0001). Model comparison also confirmed
that including the interaction provided a better fit to the data
than an additive model (c2 = 55.64, p < .0001) This is
especially striking since there were no wh-questions in the
Discourse task: response sentences were comprised only of
the declarative sentences.
Another way to visualize the results is to consider
Difference scores—the difference in acceptability between
each declarative stimulus and its corresponding wh-question,
with scores averaged across items for each construction type.
We can then analyze whether Difference scores correlate
with results from the Discourse task. They do, as shown in
Figure 3.

Two constructions are outliers in the correlation evident in
Figure 2: non-bridge verb complements, and the recipient of
the prepositional dative. Although sentences with “bridge”
verbs (e.g., believed, heard) were more likely to be chosen as
direct responses than sentences with “non-bridge” verbs (e.g.,
forgot, hated), the difference in acceptability between whquestions and declaratives was less different for non-bridge
verbs than that would predict. Liu et al. (2022) had observed
that acceptability of wh-questions from clausal complements
was well-predicted by the acceptability of declarative
sentences, and that in turn, the acceptability of both was
predicted by the frequency of the verb + clausal complement.
At the same time, the current finding, that complements of
“bridge” verbs provide more direct responses, raises the
possibility that the frequency of verb + clausal complements
may itself by influenced by discourse factors. That is, it may
be that verbs that more frequently appear with clausal
complements are more likely to make their complement
clauses prominent in the discourse (see also Chaves &
Putnam, 2021). We leave this issue aside for future work.
The other outlier evident in Figure 2 is the recipient
argument of prepositional datives: Results show that it is
decidedly easier to question the prepositional recipient than
the double object recipient (the prepositional recipient is less
island-like). Yet the double object construction was more
likely to be chosen as a direct response in the Discourse task.
For instance, when prompted with: Tell me who saw her new
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painting: participants were more likely to choose She showed
Sam the portrait than She showed the portrait to Sam. Future
work is needed to determine whether participants in the
Discourse task were implicitly assigning contrastive focal
stress to the recipient of the double object (She showed SAM
the portrait).
We have operationalized “island” status in the current
work on the basis of a particular type of long-distance
dependency construction: wh-questions. Other work has
emphasized that different LDD constructions serve different
functions and they do not all behave alike (Abeillé, Hemforth,
Winckel, & Gibson, 2020; Postal, 1994; Ross, 1987; Sag,
2010). Therefore, judgments on LDDs other than whquestions, and perhaps other discourse contexts are required
to investigate the discourse explanation in more depth. We
sacrificed the number of items included for each construction
type in order to test a wide range of constructions. Therefore,
future work will include a greater number of items for each
construction in order to investigate variation within each
construction type.

Discussion and Conclusions
The current work investigates why and to what extent certain
constructions are infelicitous when combined with a longdistance dependency construction (here, a wh-question). We
specifically investigated the role of the constructions’
discourse function in explaining such island violations.
Results are consistent with the following explanation: it is
infelicitous for a speaker to simultaneously choose to treat a
constituent as both prominent in the discourse (ensured by the
wh-question) and backgrounded in the discourse (as
measured by the Discourse task). That is, wh-questions make
a wh-phrase the focus of the utterance and therefore
prominent or at-issue. The 11 constructions tested here varied
in how backgrounded the information they conveyed was. To
estimate this, we introduced a new Discourse task. As
hypothesized, when asked to choose the more direct and
cooperative response to a prompt for information,
participants avoided responses in which the requested
information was conveyed in a construction that turned out to
be difficult to “extract” from in a wh-question. That is, results
demonstrate that the more directly a construction conveys
information, the less island-like it is. Put differently,
declarative stimuli that are ill-suited for providing at-issue
information, are also ill-suited for wh-extraction.
No interference between tasks was possible because
separate groups of participants took part in a) the Discourse
task, b) the declarative acceptability judgment task, and c) the
wh-question acceptability task. Thus results are consistent
with the claim that traditional island violations exist because
the functions of the constructions being combined are
incompatible to varying extents.
The current findings challenge the claim that island
effects are the result of illicit syntactic movement, since the
same effects were predicted by the Discourse task which
included no island violations. Therefore an appeal to

movement of constituents cannot explain the results of the
Discourse task. One possible approach would be to add
discourse functions to trees as inaudible nodes, thereby
treating discourse functions as if they were atomic syntactic
categories. However, aside from being ad hoc, it is unclear
how this approach could predict the gradient nature of the
effect. Current results also undermine a general explanation
in terms of frequency or familiarity. If familiarity were
responsible for the judgments, we would expect declarative
sentences containing island constructions to be significantly
less acceptable than those containing non-islands. Yet
acceptability ratings did not distinguish the two types of
declarative sentences. That is, the Discourse task predicted
island status (as operationalized in wh-question ratings) but
not the acceptability of the declarative sentences used in the
task itself. In addition, the Discourse task correlated well with
judgments on parasitic gaps and single conjuncts, two island
types that have appeared particularly mysterious for
structural and frequency-based accounts.
The discourse-based explanation of islands suggests a
possible explanation for classic cases that have been
considered exceptions, as they share the same surface syntax
as island violations but are nonetheless acceptable. For
instance, (5) appears to violate a constraint against extracting
a single conjunct yet the question is nonetheless reasonably
acceptable (Lakoff, 1986).
(1) What did he go to the store and buy __?
Based on current results, we predict that a corresponding
declarative sentence such as (6) should be a reasonably direct
response to a prompt for information about a single conjunct,
such as “Tell me what he got for dessert.”
(2) He went to the store and bought a pie.
Relatedly, constructions in other languages need to be tested
to see if they are associated with analogous discourse
functions, and if so, whether judgments on LDDs pattern
accordingly (Christensen & Nyvad, 2014; Kush, Lohndal, &
Sprouse 2019; Stepanov, Mušič, & Stateva, 2018).
The current results demonstrate that the same
constructions that do not provide requested information
directly are treated as “islands” to extraction in wh-questions
to a corresponding degree. That is, so-called “island”
constructions, at least in English, do not convey information
in a direct way: People prefer to answer prompts for
information by providing the requested information in
constructions that are less island-like. That is, constraints on
extraction from particular constructions correlate with the
discourse functions of those constructions. More generally,
in order to understand how constructions interact, it is critical
to understand their functions. To do otherwise is like trying
to understand a hammer and screwdriver without considering
nails and screws.
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Abstract
Intuitive explanations for natural phenomena are typically our
default explanations, even after we have learned more
accurate, scientific explanations (Shtulman & Valcarcel,
2012). The current study examined whether priming students
with scientific images improves their ability to verify
counterintuitive scientific statements, like “bacteria need
nutrients” and “bubbles have weight.” Participants (100
college undergraduates) verified scientific statements
interspersed with images relevant to the predicates of those
statements; the images depicted either schematic diagrams
(scientific primes) or everyday scenes (intuitive primes).
Scientific primes increased the accuracy of participants’
responses, relative to intuitive primes, but not the speed of
those responses, indicating that scientific primes facilitate a
preference for scientific ideas over intuitive ones but do not
eliminate the initial conflict between them.
Keywords: scientific reasoning; intuitive theories; conceptual
change; folk biology; folk physics; explanatory coexistence

Introduction
Does grass respire (i.e., breathe)? Do tornados? Grass is alive
and tornados are not, so the correct answers are yes and no,
since all living things—and only living things—respire. Still,
our perception that tornados move but grass does not can lead
to a moment’s hesitation—hesitation we would not
experience if asked whether giraffes respire or whether
boulders respire. That hesitation belies a conflict between an
intuitive, self-constructed theory of biology and a scientific,
formally instructed theory (Shtulman, 2017). Bypassing that
conflict might lead to more assured and more accurate
responses, which, in turn, might facilitate science learning.
This study uses a statement verification task, similar to the
opening questions, to assess whether the conflict between
scientific and intuitive responses can be bypassed using
scientific primes.
Conflict between science and intuition is a byproduct of
early conceptual development. Children do not wait until
school to piece together an understanding of the natural
world; they develop intuitive theories to make sense of early
observations and experiences (Baillargeon et al., 2008;
Vosniadou, 1994). When reasoning about biological
phenomena, children initially associate life with motion.
They assume that anything that moves on its own is alive,
leading them to misclassify animate phenomena like rivers
and tornados as alive and misclassify seemingly inanimate
organisms like flowers and trees as not alive (Stavy & Wax,
1989). When reasoning about physical phenomena, children
initially associate matter with perceptibility. They assume

that anything that can be seen or felt is material, leading them
to misclassify perceptible phenomena like rainbows and
shadows as material and misclassify imperceptible forms of
matter like gasses and vapors as not material (Smith, 2007).
Intuitive theories were once thought to be replaced by, or
assimilated into, later-acquired scientific theories, through a
process of conceptual change. However, recent evidence
indicates that scientific theories supplement intuitive theories
rather than supplant them (Babai et al., 2009; Dunbar et al.,
2006; Kelemen & Rosset 2009; Barlev et al., 2016). Intuitive
theories coexist alongside scientific ones, yielding competing
interpretations of the same phenomena (Shtulman &
Lombrozo, 2016; Legare & Shtulman, 2018; Ohlsson, 2009).
In previous studies using statement-verification tasks or
category-judgment tasks, participants exhibited delayed
responses and greater inaccuracy when making judgments
that pit scientific ideas against intuitive ones (Potvin et al.,
2015; Young et al., 2018). For instance, participants take
longer to classify plants as alive than to classify animals as
alive, and they make errors for plants relative to animals
(Goldberg & Thompson-Schill, 2009). Convergent findings
come from brain imaging studies that show increased activity
in areas involved in inhibitory control when reasoning about
counterintuitive scientific ideas, presumably because
intuitive responses must be inhibited to arrive at the correct
answer (Masson et al., 2014, Foisy et al., 2015). Recent
imaging studies suggest that intuitive misconceptions like
“moving things are alive” remain encoded in the brain long
after we have acquired a scientific (i.e., biochemical)
understanding of life (Skelling-Desmeules et al., 2021).
The coexistence of competing explanatory frameworks is
a potential problem for science education. Science students
tend to default to their intuitive knowledge, especially when
burdened or pressured (Shtulman & Valcarcel, 2012;
Kelemen et al., 2013; Barlev et al., 2017), implying that this
knowledge is accessed first, as our default interpretation of
natural phenomena. The resilience of intuitive
misconceptions complicates science education, as strategies
intended to eliminate such misconceptions can be
counterproductive. More effective strategies are those that
shift the balance from intuitive reasoning to scientific
reasoning (Potvin, 2017). An abundance of scientific
coursework can help shift that balance (Goldberg &
Thompson-Schill, 2009; Masson et al., 2014), as can higher
education in general (Kelemen et al., 2013; Shtulman &
Harrington, 2016). Still, it’s unclear whether education helps
students prioritize science over intuition or students who are
initially better at prioritizing science are more likely to pursue
additional education.
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Table 1: Sample statements and primes, organized by domain and statement type: (1) intuitively true, (2) intuitively false,
(3) counterintuitively true, (4) counterintuitively false
Concept

Type

Sample statement

Reproduction

1

Spiders reproduce

2

Tables reproduce

3

Coral reproduces

4

Fire reproduces

1

Pelicans respire

2

Forks respire

3

Grass respires

4

Tornados respire

1

Zebras need nutrients

2

Rugs need nutrients

3

Algae need nutrients

4

Robots need nutrients

1

Gold has weight

2

Minutes has weight

3

Clouds have weight

4

Heat has weight

1

Steel has a temperature

2

Dreams have a temperature

3

Dust has a temperature

4

Shadows have a temperature

1

Bricks occupy space

2

Numbers occupy space

3

Air occupies space

4

Rainbows occupy space

Respiration

Nutrition

Weight

Temperature

Spatial extent

Sample scientific prime
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Sample intuitive prime

In a direct test of how scientific training impacts scientific
reasoning, Young et al. (2018) used targeted tutorials to teach
students counterintuitive ideas that later appeared in a
statement-verification task. They found that training
increased the accuracy of students’ verifications, though not
their speed. Similarly, Wheeldon (2017) found that
instructing chemistry teachers on specific misconceptions
about energy helped them avoid those misconceptions and
feel more confident in their knowledge. But the effects of
interventions targeted at specific misconceptions often fade
with time (Venkadasalam et al., 2019) and may need to be
repeated at regular intervals.
An alternative to training is priming, which may be less
resource-demanding and could be achieved more regularly,
in contexts where scientific primes could be made ubiquitous,
such as science museums or the science classroom. Priming
also bypasses the issue of “teaching to the test” inherent in
the evaluation of targeted instruction. Ideally, priming a
scientific mindset would allow students to circumvent the
need to inhibit intuitive misconceptions by activating only
scientific ideas. If students can be primed to think
scientifically from the outset, then competition between
intuitive and scientific interpretations of the material could be
avoided.
Previous research suggests that priming can indeed shift
the balance between scientific reasoning and intuitive
reasoning in the context of religion. Scientific primes
increase the use of biological concepts when explaining
illness, while religious primes engender greater use of
supernatural concepts (Legare & Gelman, 2008; Busch et al.,
2016). Scientific primes also increase the endorsement of
scientific explanations, whereas religious primes have the
opposite effect (Preston & Epley, 2009). Computational
simulations of these effects imply that they are pervasive,
reflecting a habitual attempt to establish coherence between
abstract causal principles and concrete situations (Friedman
& Goldwater, 2019).
Here, we explored whether priming might help students
prioritize scientific ideas over intuitive ones in an educational
context rather than a religious context. We asked college
undergraduates to verify counterintuitive scientific
statements under three conditions: scientific priming,
intuitive priming, and no priming. We hypothesized that
exposing participants to scientific primes, in the form of
statement-relevant images, would facilitate access to
scientific interpretations of those statements, thus increasing
the speed and accuracy of their verifications. Whether, and
how, intuitive primes would affect scientific reasoning was
less clear. If intuitive theories are a default mode of
reasoning, then priming them may not interfere with
scientific reasoning any more than usual.

Method
Our Our study employed a mixed 2x3 factorial design.
Statement type (intuitive vs. counterintuitive) was varied
within participants, and prime type (intuitive vs. none vs.
scientific) was varied between participants.

Participants
One-hundred undergraduate students completed the study for
extra credit in a psychology class. Participants were mostly
female (72%) and approximately 20 years old (M = 21.2, SD
= 2.5); 15% were freshmen, 21% sophomores, 23% juniors,
and 31% seniors.

Materials
We probed the conflict between science and intuition using a
statement verification task, similar to that used by Shtulman
and Valcarcel (2012). Participants decided, as quickly as
possible, whether two types of statements were true or false:
intuitive statements, designed to elicit agreement between
scientific and intuitive interpretations, and counterintuitive
statements, designed to elicit disagreement.
Half the statements of each type were true, and half were
false, ensuring that statement type (intuitive vs.
counterintuitive) was not confounded with truth-value.
Intuitively true statements were true from both a scientific
perspective and an intuitive perspective (“bricks occupy
space”); intuitively false statements were false from both a
scientific perspective and an intuitive perspective (“numbers
occupy space”). Counterintuitively true statements were true
from a scientific perspective but false from an intuitive
perspective (“air occupies space”), and counterintuitively
false statements were false from a scientific perspective but
true from an intuitive perspective (“rainbows occupy space”).
Sample statements are displayed in Table 1.
Statements covered two domains: life and matter.
Statements about life covered the concepts of reproduction,
respiration, and nutrition, and statements about matter
covered the concepts of weight, temperature, and spatial
extent. Within each domain, one of 80 entities was matched
with one of three predicates to produce 20 intuitively true
statements, 20 intuitively false statements, 20
counterintuitively true statements, and 20 counterintuitively
false statements.
Participants were randomly assigned to one of three
priming conditions: scientific priming (n = 34), intuitive
priming (n = 32), or no priming (n = 34). The primes were
images presented for two seconds between each statement
and were intended to convey either a scientific interpretation
of the statement or an intuitive interpretation. Scientific
primes consisted of models or diagrams, similar to those
found in a science textbook, whereas intuitive primes were
photographs of everyday situations, typically involving
people. For instance, scientific primes for statements about
weight (“[x] has weight”) were force diagrams, where weight
was represented as a downward-pointing vector, consistent
with the scientific sense of weight as the product of mass and
gravity. Intuitive primes for these same statements were
images of barbells, dumbbells, and scales, consistent with the
intuitive sense of weight as heft. Participants in the nopriming condition were shown a fixation cross for two
seconds between each statement.
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Procedure
The task was administered in 6 blocks of 80 statements, for a
total of 480 statements. All statements within a block
contained the same predicate, such as “respires” or “has
weight.” Statements were presented in a random order, as
were the blocks. Participants were not given a time limit, but
they were encouraged to answer as quickly as possible. The
task was administered using MediaLab v1.21.

Results
We explored the effect of priming across domains and then
assessed the consistency of this effect within domains.
Participants verified 86% of statements correctly overall, and
their mean response time was 1145.2 ms (SD = 1077.0 ms).
Response times greater than two standard deviations above
the mean were excluded from analysis, as were response
times less than 250 ms (a time too short for participants to
have read the statement and responded meaningfully). We
further excluded response times for incorrect responses,
though the results do not change if those times are included.
We analyzed participants’ responses for effects of
statement type (intuitive vs. counterintuitive) and prime type
(intuitive vs. none vs. scientific) using mixed-factor analyses
of variance (ANOVAs). Statement type was collapsed across
truth-value and analyzed within participants; prime type was
analyzed between participants.

prime condition fell between the two priming conditions (M
= .86) and did not differ significantly from either.
To explore the effect of priming more thoroughly, we
performed contrast analyses by priming condition for each
type of statement. These analyses revealed that accuracy for
the counterintuitive statements increased linearly across
conditions, from intuitive primes to no primes to scientific
primes (t = 2.93, p = .004). No such trend was observed for
the intuitive statements (t = 1.79, p = .076), indicating that
priming selectively affected accuracy for counterintuitive
statements, designed explicitly to elicit cognitive conflict.

Response Latency
Participants’ speed at verifying intuitive and counterintuitive
statements is displayed in Figure 2. Speed varied by
statement type (F(1, 97) = 374.93, p < .001, ηp2 = .79) but not
prime type (F(2,97) = 0.00, p > .99, ηp2 = .00), and there was
no interaction between these factors (F(2, 97) = 2.89, p =
.061, ηp2 = .06). Participants responded more quickly to
intuitive statements than counterintuitive statements but did
not respond more quickly when primed with scientific images
relative to intuitive images (or no images at all).

Response Accuracy
Participants’ accuracy at verifying intuitive and
counterintuitive statements is displayed in Figure 1 by
priming condition. Accuracy varied by statement type
(F(1,97) = 414.77, p < .001, ηp2 = .81) and prime type
(F(2,97) = 3.98, p = .022, ηp2 = .08), with no interaction
between them (F(2,97) = 0.95, p = .39, ηp2 = .02).
Figure 2: Mean response times (in milliseconds) to intuitive
and counterintuitive statements for each type of prime.

Effects By Domain

Figure 1: Mean proportion of intuitive and counterintuitive
statements verified correctly for each type of prime.
Post hoc comparisons with Bonferroni corrections revealed
that participants were more accurate when primed with
scientific images than when primed with intuitive images (M
= .84 vs. M = .88, t = 2.79, p = .019). Accuracy for the no-

Scientific primes increased the accuracy but not the speed of
participants’ responses. We next explored whether these
effects held for each domain or were driven by one domain
in particular. In the biological domain, response accuracy
varied both by statement type (F(1, 97) = 120.56, p < .001,
ηp2 = .55) and by prime type (F(2,97) = 3.53, p = .033, ηp2 =
.07), but response latency varied only by statement type (F(1,
97) = 115.93, p < .001, ηp2 = .54).
Likewise, in the physical domain, response accuracy varied
both by statement type (F(1, 97) = 429.08, p < .001, ηp2 = .82)
and prime type (F(2, 97) = 3.08, p = .05, ηp2 = .06), but
response latency varied only by statement type (F(1,97) =
277.59, p < .001, ηp2 = .74). No interaction effects were
observed in either domain for either measure. In sum, priming
affected accuracy in both domains but did not affect speed.
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Discussion
Explanatory coexistence poses a challenge to science
education, as students must coordinate two theories of the
same phenomena: the scientific theory being taught and an
intuitive theory developed earlier in life. We predicted that
exposing participants to scientific primes would facilitate
access to the scientific theory, increasing the speed and
accuracy of students’ scientific reasoning. We found that
priming had no effect on speed but did improve accuracy, at
least slightly. Students verified counterintuitive statements
like “clouds have weight” more accurately when these
statements were interspersed with scientific depictions of
weight (force diagrams) than when interspersed with intuitive
depictions of the same concept (images of dumbbells and
scales). These findings indicate that counterintuitive
scientific ideas can be primed with the right contextual cues,
which might, in turn, facilitate science learning. That is,
scientific primes might help students better engage with the
material, keep up with instruction, and alleviate confusion.
One prominent question raised by our findings is why
priming improved accuracy but not speed. This finding is
consistent with the training effects found by Young et al.
(2018), described above, and suggests that explanatory
conflict can be shifted in favor of one explanation over
another but cannot be circumvented altogether. That is,
scientific primes allowed students to privilege scientific
interpretations of a statement over intuitive ones, but both
interpretations may have been activated upon participants’
initial reading, yielding cognitive conflict.
For instance, a statement like “clouds have weight” may
have activated both a scientific sense of weight (which
applies to all material substances, including clouds) and an
intuitive sense (which does not apply to clouds) regardless of
what primes participants saw. But scientific primes would
prompt them to endorse the scientific sense of weight,
judging the statement “true.”
It’s possible that scientific primes promoted accuracy at a
higher level of reasoning—by activating a “scientific
mindset” or by heightening participants’ error-monitoring
skills—but we suspect the effect was predicate-specific,
similar to the effect of training observed by Young et al.
(2018). Participants trained on the scientific properties of one
domain, such as matter, showed no improvement in accuracy
for statements about another domain, such as life. Still, future
research could test for higher-level effects of priming by
including scientific primes for some predicates and not others
and then observing whether accuracy improves for all
predicates or only those that were primed.
Relevant to the question of how priming affects reasoning,
it’s worth noting that both types of primes influenced
accuracy. Participants were most accurate when primed with
scientific images and least accurate when primed with
intuitive ones, which suggests that the conflict between
science and intuition is malleable and can be resolved in
either direction. Intuitive primes could have yielded no effect

on accuracy, if participants’ default interpretation was an
intuitive interpretation, but accuracy varied along a
continuum, from intuitive primes to no primes to scientific
primes.
This finding implies that students may benefit not only
from instruction that emphasizes the scientific aspects of a
natural phenomenon but also from instruction that
deemphasizes its intuitive aspects. For example, analogies
from scientific concepts to everyday life may be more
harmful than helpful if the analogy primes an intuitive
interpretation that cannot be rectified with the relevant
scientific interpretation (Thagard, 1992). Likewise,
instructional activities grounded in abstract, schematic
representations may be more beneficial than those grounded
in concrete, detailed representations if the latter primes
intuitive ideas incompatible with the scientific ones being
taught (Koedinger et al., 2008).
Our results also confirm the more general finding that
intuitive theories of a domain coexist alongside—and
interfere with—scientific theories, as revealed by the
consistent gap in response accuracy and response latency
between intuitive and counterintuitive statements. This gap
was observed across statements and across domains and was
only modestly affected by priming. Educators would thus
benefit from recognizing that science students will
experience cognitive conflict regardless of the instructional
context. Educators would also benefit from recognizing that
this conflict is not driven by ignorance but by a substantive,
yet qualitatively different, theory of the same phenomena.
One reason priming may have had a modest effect, relative
to the effect of statement type, is that our primes were subtle,
intended to evoke a scientific interpretation of the relevant
predicates without explicitly encouraging them to do so or
explaining how. More salient primes, involving videos or
narratives, may have a stronger effect on accuracy and
possibly also speed. Still, the finding that primes have a
greater influence on accuracy than speed speaks to the
general finding that the conflict between science and intuition
is immediate and robust (Shtulman & Valcarcel, 2012;
Shtulman & Legare, 2020). This conflict is likely an inherent
byproduct of conceptual change and must be taken into
account when teaching and communicating scientific ideas
that challenge our intuitive understanding of the world.
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counts of human language processing: a) Uniform Information Density (Jaeger, 2006; R. Levy & Jaeger, 2007), and b)
availability-based production (Ferreira & Dell, 2000a). We
find that the latter theory more fully explains the observed
data for this alternation. We then conduct a production study
with native Russian speakers to lend further support to the
corpus findings.

When a language offers multiple options for expressing the
same meaning, what principles govern a speaker’s choice?
Two well-known principles proposed for explaining wideranging speaker preference are Uniform Information Density
and Availability-Based Production. Here we test the predictions of these theories in a previously uninvestigated case of
speaker choice. Russian has two ways of expressing the comparative: an EXPLICIT option (Ona bystree chem ja/She fastCOMP than me- NOM ) and a GENITIVE option (Ona bystree
menya/She fast- COMP me- GEN). We lay out several potential predictions of each theory for speaker choice in the
Russian comparative construction, including effects of postcomparative word predictability, phrase length, syntactic complexity, and semantic association between the comparative adjective and subsequent noun. In a corpus study, we find that
the explicit construction is used preferentially when the postcomparative noun phrase is longer, has a relative clause, and
is less semantically associated with the comparative adjective. A follow-up production experiment using visual scene
stimuli to elicit comparative sentences replicates the corpus
finding that Russian native speakers prefer the explicit form
when post-comparative phrases are longer. These findings
offer no clear support for the predictions of Uniform Information Density, but are broadly supportive of AvailabilityBased Production, with the explicit option serving as an unreduced form that eases speakers’ planning of complex or lowavailability utterances. Code for this study is available at
https://github.mit.edu/thclark/russian_uid
Keywords: Uniform Information Density, Availability-Based
Production, Corpus Study

Predictions for Russian Comparatives
Uniform Information Density

Introduction
Unlike English, Russian has two ways of expressing a comparison of the form “A is ADJ-er than B”. The first way,
which we call the EXPLICIT construction, involves the insertion of an explicit comparative word чем (“than”), followed
by the nominative case of the post-comparative noun phrase
(i.e. ‘B’ in the earlier example). The second way, which we
call the GENITIVE construction, uses no explicit comparator
but requires a genitive post-comparative NP (see Figure 1).
For comparatives of this form, these two constructions are interchangeable, making this alternation an interesting testbed
for theories of speaker choice between two syntactic alternatives for a given meaning. In this work, we perform a corpus
analysis of this alternation to test hypotheses made by two ac-

Uniform Information Density (UID) hypothesizes that
speaker choices are influenced by a communicative pressure to distribute information uniformly across an utterance,
avoiding spikes in information that exceed a theoretical channel capacity (R. Levy & Jaeger, 2007; Jaeger, 2010; Aylett &
Turk, 2004; Genzel & Charniak, 2002; Meister et al., 2021).
For example, English speakers are more likely to omit “that”
in a relative clause when the upcoming content is more predictable in context (R. Levy & Jaeger, 2007). UID has also
been tested in other languages and with other linguistic alternations, such as syntactic choices in Hindi (Jain, Singh,
Ranjan, Rajkumar, & Agarwal, 2018) and subject omission
in Russian (Kravtchenko, 2014).
Information density can be operationalized in terms of the
information-theoretic quantity of surprisal, or Shannon information content (Shannon & Weaver, 1949; R. Levy & Jaeger,
2007). Surprisal is defined as the negative log probability
of a word in context: s(w) = − log p(w | w<t ). According
to UID, when a speaker has two alternatives for expressing
a given meaning, they should prefer the option that leads
to a more uniform distribution of information across the utterance. In the case of the Russian comparative construction, we posit that UID would predict a preference for the
explicit construction when the post-comparative material is
high-surprisal. The explicit construction offloads some information onto the explicit comparator чем, which conveys
the fact that the upcoming phrase completes a comparative
construction, while the following words convey their lexical
meanings. This separation of information leads to a more uniform information density across the utterance and prevents an
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Figure 1: Example Russian explicit and genitive comparative sentences with labeled sentence parts.
information spike on the post-comparative word. Therefore,
we should expect to see the explicit construction more often
when the upcoming content is already information-dense.

Availability-Based Production
According to availability-based production, speaker production choice is influenced by the cognitive availability of words
and structures (Bock, 1987; Ferreira & Dell, 2000b). Availability effects can be hard to disentangle from the surprisalbased predictions of UID, but Zhan and Levy (2018) argued
that the two make opposing predictions for Mandarin classifier choice, and that speaker preference in that case favors
availability-based production over UID. In the Russian comparative alternation, availability-based production should predict that when an upcoming word or structure has low availability, speakers are more likely to use the explicit construction, which inserts an extra high-frequency word and “buys
time”. An upcoming word or phrase may have low availability for several reasons. The word or phrase may be lowfrequency in the language, long, or syntactically complex. To
disentangle the predictions of the two theories, we consider
two syntactic features that may play a role in availability but
which are not directly related to the surprisal of the postcomparative word: the total length of the post-comparative
noun phrase and the presence of relative clauses. Availabilitybased production should predict that syntactically more complex post-comparative NPs are less available, and would
therefore be more likely to take the explicit construction. The
UID account, meanwhile, should not be sensitive to these factors when controlling for the surprisal of the post-comparative
word.
Separately, availability-based production may predict an
effect of the degree of association between the comparative
adjective and the post-comparative noun. For example, given
the context “He is braver than...", the word “giraffe" may be
less available than “lion" purely because lions are conceptually associated with bravery. We operationalize and investigate this potential effect in our corpus study.

Corpus Study
We used a subset of the Russian-language Taiga dataset ( 6B
tokens), which includes text from a range of genres (Shavrina

& Shapovalova, 2017; Shavrina, 2018). The Taiga dataset
comes preprocessed and tagged with parts of speech, grammatical features such as case, and dependency relations in the
CONLL format (Buchholz & Marsi, 2006).
We read the CONLL-format data and used a simple rulebased method to identify instances of explicit and genitive comparative constructions. For the explicit construction, we searched for sub-sequences consisting of a comparative adjective, the comparator word чем , and an adjective/noun/pronoun in the nominative case. For the genitive
construction, we searched for sub-sequences consisting of a
comparative adjective followed by an adjective/noun/pronoun
in the genitive case. We additionally use dependency parse
information to exclude clausal comparatives of the form “A
is ADJ-er than B VERB", such as “He is taller than she
thought", since clausal comparatives are not compatible with
the genitive construction. Our approach for extracting comparatives does not capture every possible comparative sentence in the corpus, yet still results in approximately 100K
comparative sentences, of which we randomly sample 50%
for our corpus analysis. In order to test the effect of our
information-theoretic and syntactic factors on comparative
construction choice, we fit a mixed-effects logistic regression
model with several theoretically-motivated predictors, which
we describe in the following sections, before turning to the
results of our model.

Syntactic Complexity of Post-Comparative Noun
Phrase
We look at two measures of syntactic complexity: NP length
and presence of relative clauses. To do this, we built a dependency graph of each sentence using the provided dependency annotations and the Networkx graph library (Hagberg,
Schult, & Swart, 2008), and identify the head noun of each
post-comparative NP. The head noun was defined as a) the
word immediately after the comparative if it was a noun or
pronoun and its head was the comparative adjective or b)
the head of the immediately post-comparative word if that
word was an adjective. Sentences where no head noun could
be extracted using the above rules were excluded. Postcomparative noun phrase length was calculated by taking the
number of ancestors of the post-comparative head noun in the
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Figure 2: The relationship between length of postcomparative noun phrase and choice of construction with
polynomial fit curve. As post-comparative NPs become
longer, they become more likely to appear with the explicit
construction. Error bars denote 95% CIs.

Figure 3: Adjective-noun cosine similarity (using Russian
GPT model) vs. share of explicit construction. All instances
of an (adjective, head noun) pair are collapsed into a single
datapoint with the average explicit percentage, binning data
into 15 equally sized bins. Error bars denote 95% CIs.

dependency graph and removing punctuation, the comparator
word, and any subtrees connected via the dependency arc labels PARATAXIS or CONJ, which tended to create spuriously
long NPs. After calculating NP length for each comparative
sentence, we plotted the percentage of sentences using the explicit construction for each value of NP length, as shown in
Figure 2. While larger values of NP length are more rarely
attested and thus noisier, there is a clear positive correlation
between NP length and the explicit construction.
A comparative sentence can also be made more complex
by the attachment of a relative clause, as in the sentence “She
is taller than the blonde girl who is standing by the window”.
In Russian, relative clauses are introduced by a relative pronoun such as который . We identify relative clauses within
a post-comparative NP using the ACL : RELCL arc label in a
sentence’s dependency parse. We add a binary indicator for
the presence of a relative clause but do not include this clause
in the calculation for length of NP. Within our corpus, approximately 25% of sentences with relative clauses used the
explicit construction, while only 11% of sentences without
relative clauses used the explicit construction. We include
presence of relative clause as a predictor in our mixed-effects
model (see Table 1).

logical circularity - the predictions of an LM will depend on
the distribution of the training data, which itself encodes the
existing patterns for the comparative alternation in Russian.
To avoid this circularity, we trained a language model from
scratch on counterfactual data: a corpus that reflects a hypothetical version of Russian in which the explicit construction
is the only way to express comparisons (see R. Levy & Jaeger,
2007, Zhan & Levy, 2018, and R. P. Levy, 2018 for discussion of this issue). This was created by automatically converting instances of the genitive construction in a training corpus
to a semantically equivalent form that uses the explicit construction. For each sentence, we then calculated the surprisal
of the post-comparative word in the counterfactual context.
This allows a fair comparison of word surprisals across explicit and genitive examples. Two different LM architectures
were used: a recurrent neural network based on (Gulordava,
Bojanowski, Grave, Linzen, & Baroni, 2018) and a Transformers model based on Fairseq (Ott et al., 2019). The RNN
model backs off to the unigram surprisal (negative log word
frequency) to handle out-of-vocabulary tokens (OOVs), while
the Fairseq model uses byte-pair encoding to handle OOVs.
We included post-comparative word surprisal as a predictor
in our mixed-effects model (see Table 1).

Calculating Surprisal with Counterfactual LMs

Quantifying Semantic Association

We computed surprisals for the post-comparative words in the
corpus to test the UID hypothesis that the explicit construction would be preferred when the word following the comparative is high-surprisal. We estimated surprisal using neural
network-based language models (LMs), which score words
based on their probability of occuring given the preceding
linguistic context. However, evaluating surprisal using LMs
that are pretrained on naturalistic Russian text introduces a

Word embeddings are a dense vector representation of the
distributional semantics of words (Mikolov, Sutskever, Chen,
Corrado, & Dean, 2013). The semantic association between
two words can be modeled using the cosine similarity between their embeddings. We use cosine similarity to test
the availability-based hypothesis that semantically associated
adjective-noun comparisons would be more likely to use the
genitive construction.
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We generated word embeddings for comparative adjectives
and head nouns in our dataset using two different models:
GPT (Radford, Narasimhan, Salimans, & Sutskever, 2018) 1
and Fasttext (Bojanowski, Grave, Joulin, & Mikolov, 2016).
For GPT, we compute word embeddings for isolated words,
not words in their sentence contexts; Fasttext word embeddings are non-contextual. For each sentence in the dataset, we
computed the cosine similarity between the word embeddings
of its comparative adjective and head noun. We included cosine similarity as a predictor in our mixed-effect model in the
following section (see Table 1).

Mixed-Effects Model for Corpus Data
We fit a mixed-effects logistic regression model (using the
glmer package in R) to predict whether a comparative sentence would be realized with the explicit construction. This
model included random intercepts for the different postcomparative words and comparative adjectives, under the assumption that each word may have some idiosyncratic preference for one construction over the other. The model then
fits fixed effects for the following predictors: length of postcomparative NP in words, LM-estimated surprisal of the postcomparative word, presence of a relative clause attached to
the post-comparative NP, cosine similarity of comparative adjective and post-comparative head noun, and pronominality
of post-comparative word. The fitted model parameters can
be seen in Table 1. Figure 3 shows that there is a strong raw
correlation between this measure of similarity and construction choice, with higher similarity favoring the genitive.
These parameters show that post-comparative NP length
and presence of relative clause correlate significantly with
the explicit construction. Meanwhile, post-comparative word
pronominality and adjective-noun semantic association correlate significantly with the genitive construction. The relationship between word embedding cosine similarity and construction choice was directionally similar for both GPT and
Fasttext word embeddings. Lastly, there was a significant
correlation between the post-comparative word surprisal and
the genitive construction (contrary to the UID predictions) regardless of whether the Transformer or RNN LM was used to
estimate surprisal. Though not shown in the table, the results were qualitatively the same when the average surprisal
of the entire NP was used instead of the immediately postcomparative word surprisal. The effect of surprisal had the
opposite direction when not including random intercepts for
the post-comparative word.

Behavioral Study
To complement our corpus study, we designed and conducted
a production study with native Russian speakers to probe their
choice in the comparative alternation in a production setting.
This helps to rule out the possibility that the corpus study results are an artefact of the formal, published prose found in
1 We

use
pretrained
model
weights
Russian
GPT-3
model
released
by
https://github.com/sberbank-ai/ru-gpts

for
a
Sberbank

Figure 4: Example scene shown to participants, requiring
species, color, and pattern to fully disambiguate the boxed
animal. A sentence prompt in Russian (“Sasha is faster...") is
shown below the scene; participants enter their completions
in the text box.
the text corpus. While this task still does not involve spoken production, participants generate language in a direct and
spontaneous way that is closer to real-time production than
published prose is.
Our experimental paradigm is designed to elicit comparative sentences with post-comparative noun phrases of varying
lengths.2 We achieved this through a sentence completion
task using visual scene stimuli. Participants were shown a series of scenes of animals with varying colors and patterns, in
the context of a story about a child named Sasha visiting the
zoo. Accompanying each visual scene was the beginning of a
sentence in Russian, such as Саша быстрее ... (“Sasha is
faster...”). Subjects were instructed to complete the sentence
by referring to the animal in the scene framed by a black box.
An example screen from the study is shown in Figure 4.
Experimental stimuli were procedurally generated to randomize the locations and characteristics of the animals.3 Crucially, the number of adjectives required to disambiguate the
indicated animal from others in the scene varied from 0 to
3 in a controlled manner across stimuli. Each scene had a
main animal and between 0 and 3 (inclusive) distractor animals, each of which differed from the main animal along one
axis (i.e. color, pattern, or size), and an additional number
of unrelated animals to bring the total number of animals per
scene to 4. Subjects were instructed that their sentence completions should be specific enough that someone reading the
sentence completion could select the intended animal without
2 The
study
was
pre-registered
at
https://aspredicted.org/WLF_BL2
3 Original animal images from Freepik:macrovector, using free
license, with modifications by the first author.
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(Intercept)
Post-comp Surprisal
NP Length
Relative Clause
Post-comp Pronoun
Adj-N Association
∗∗∗

Transformer/GPT
0.38 (0.39)
−0.03 (0.01)∗∗∗
0.38 (0.01)∗∗∗
0.73 (0.14)∗∗∗
−0.92 (0.31)∗∗
−3.07 (0.50)∗∗∗

RNN/GPT
0.70 (0.42)
−0.04 (0.01)∗∗
0.39 (0.01)∗∗∗
0.77 (0.14)∗∗∗
−1.00 (0.32)∗∗
−3.37 (0.51)∗∗∗

Transformer/Fasttext
−1.69 (0.11)∗∗∗
−0.03 (0.01)∗∗∗
0.39 (0.01)∗∗∗
0.77 (0.14)∗∗∗
−0.91 (0.31)∗∗
−2.11 (0.32)∗∗∗

RNN/Fasttext
−1.43 (0.17)∗∗∗
−0.04 (0.01)∗∗∗
0.39 (0.01)∗∗∗
0.78 (0.14)∗∗∗
−1.06 (0.32)∗∗∗
−2.14 (0.32)∗∗∗

p < 0.001; ∗∗ p < 0.01; ∗ p < 0.05

Table 1: Mixed-effects logistic regression models. Column headers indicate the type of LM (Transformer vs. RNN) and
type of word embedding (GPT vs. Fasttext) used. Positive coefficients indicate a correlation with the explicit construction.
Coefficients are in logit-space, surprisal is in nats, NP length is in words, and cosine similarity ranges between 0 and 1. The
remaining predictors are binary variables. Positive coefficients indicate that larger values of the predictor favor the explicit
construction.
Саша сильнее пятнистого зеленого волка
Саша сильнее зеленого волка в белую точку
Саша сильнее чем зеленый волк в крапинку
Table 2: Example responses for a scene in which a spotted,
green wolf was boxed. Participants used both comparative
constructions and a variety of lexical forms to indicate the
intended animal.
seeing the black box. This design was successful at eliciting sentence completions of varying lengths from the participants; the presence of each additional distractor animal led to
a longer average completion length for that stimulus class.
The study was written using the Ibex software. 102 Russian native speaker participants were recruited using Prolific.4
After being shown instructions and 3 practice examples, participants completed 24 experimental items and 24 filler items
in randomized order, with 6 stimuli from each distractor condition. Filler items consisted of the same task, but with
sentence prompts not containing comparative adjectives (e.g.
“Sasha is not as fast as ..."). Participants were paid $3.75 for
their time, and took approximately 15-20 minutes on average
to complete the study. The study resulted in a small corpus
of 2376 comparative sentences after excluding 96 responses
for being blank, containing multiple or run-on sentences, or
not answering the prompt. Example responses can be seen
in Table 2. Rather than annotating the syntactic structure of
every response, we simply used the length in words (excluding the explicit comparator word if present) of the sentence
completion as a proxy for post-comparative NP length.
The top of Figure 5 shows a count histogram of NP length
for each comparative form. For the genitive construction,
the mass is concentrated towards shorter NPs and drops off
quickly as NP length increases. For the explicit construction,
the mass is distributed across a wider range of NP lengths,
with a higher mean. While the genitive form is more common overall, the relative share of the explicit construction in4 The study recruited 100 participants; 2 additional participants
were timed out by Prolific due to technical issues and therefore did
not count towards the participant limit, but their data were still saved.

Figure 5: Length of post-comparative NP vs. share of explicit
construction. Error bars denote 95% CIs.
creases with NP length, as visualized in Figure 5. This aligns
with the pattern observed in the corpus study.

Mixed Effects Model for Human Data
We analyzed the results in a similar way to the corpus study,
creating a mixed-effects logistic regression model to predict construction from post-comparative NP length. The
mixed-effects model used per-adjective and per-subject random slopes and intercepts to account for potential idiosyncratic preferences among subjects and adjectives for one form
or the other. To avoid overfitting due to the small and constrained nature of the dataset, we regressed with only the NP
length variable rather than the full suite of predictors used in
the corpus study. The model’s results (Table 3) are consistent with the raw proportions of Figure 5: longer NPs favor
the explicit construction. This result holds despite substantial variation among participants in overall preference for the
genitive versus the explicit construction.
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(Intercept)
NP length
Num. obs.
Num. groups: participant
Num. groups: adjective
∗∗∗

Model
−2.77 (0.49)∗∗∗
0.19 (0.07)∗∗
2376
102
6

p < 0.001; ∗∗ p < 0.01; ∗ p < 0.05

Table 3: Mixed effects model predicting choice of construction from length of NP, with random slopes and intercepts for
participants and comparative adjectives. Positive coefficients
indicate that larger values of a predictor favor the explicit construction.

Figure 6: By-participant intercepts.

Discussion
The corpus study data are consistent with an availabilitybased account of speaker choice between the two comparative construction alternatives in Russian. Longer or syntactically more complex post-comparative noun phrases were
correlated with a higher usage of the explicit comparative
than shorter or more syntactically simple NPs. Additionally,
higher cosine similarity of GPT-derived word embeddings between the comparative adjective and the head noun of the
post-comparative NP was correlated with a preference for the
genitive construction. In this case, cosine similarity of word
embeddings is a proxy for semantic association, and suggests
that adjective-noun combinations that are less associated or
related (and therefore potentially less available) can trigger
usage of the explicit form, resulting in an inserted word.
The correlation between post-comparative NP length and
the explicit comparative construction held in our web-based
native speaker production study as well, further supporting
the predictions of an availability-based account. Interestingly,
our data show that there is wide variability among native Russian speakers in their preferences for these two constructions some speakers always use the genitive construction, some always use the explicit construction, and most fall somewhere
in the middle. It is worth noting that the tendency to prefer the explicit construction in less available utterances is far
from absolute - the genitive is still attested even with long and
complex sentence completions.
This study intentionally focused on NP length as the sole

predictor of construction choice because this could be controlled by varying the visual stimuli. Given the restricted
domain of the task (dealing only with physical comparisons
towards animals using a small set of adjectives and animals), measuring semantic association using word embeddings would likely have been subject to noise. Future work
could use a modified experimental setup to keep NP length
relatively constant and vary semantic association across a
wide range of adjective-noun pairs.
The UID account does not explain the corpus study data, as
the effect of post-comparative word surprisal (when including
random intercepts) was in the opposite direction to what was
predicted. UID also does not explain the significant impact of
NP length. However, a variant of the UID account can potentially still be salvaged. While the explicit and genitive constructions are interchangeable for comparatives of the form
“A is ADJ-er than B", a key difference between the two constructions is that the explicit construction can introduce not
only a noun phrase, but an entire clause (e.g. “He is taller than
my brother thought.”). The genitive construction can only introduce a noun phrase. As a result, when hearing or reading
the explicit comparator чем followed by a nominative noun
after a comparative adjective, a Russian speaker may actually
experience increased uncertainty about the overall structure
of the sentence. It may be the case that speakers follow UID
by using the genitive construction when the post-comparative
word could also start a clause with high probability. This may
explain the higher tendency for pronouns to appear with the
genitive construction, since pronouns are often the subjects of
clauses and using the explicit construction could create temporary uncertainty about the syntactic structure of the utterance. Additionally, the relationship between semantic association and surprisal, including when and to what degree these
quantities are correlated, merits further investigation.

Conclusion
This work used a corpus study and a native speaker elicitation study to provide support for an availability-based production account of speaker choice in the Russian comparative
alternation. We take advantage of a large-scale, automatically
annotated dataset of Russian to conduct a corpus study, and
also show the feasibility of using visual scene stimuli to elicit
comparative sentences of varying length. Our data and analysis indicate that speakers choose a construction with an extra word preferentially more when the post-comparative noun
phrase is long, syntactically complex or less semantically associated with the comparative adjective, all factors that could
influence availability-based production. When accounting for
these other predictors, the post-comparative word surprisal
does not have the effect predicted by UID, posing a challenge
for this account. At the same time, this comparative alternation is likely a multi-faceted phenomenon, and other factors
may influence it, such as the idiosyncratic variation between
native speakers in their preference of construction as shown
in the elicitation study.
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Abstract

resource-rational account of VoCI. Specifically, we show that
a resource-rational process model, sample-based expected
utility (SbEU; Nobandegani et al., 2018) can account for a
broad range of empirical results on VoCI. Here, we particularly focus on Birnbaum and Navarrete (1998), which is, to
our knowledge, the most extensive empirical study of VoCI.
We begin by formally defining CI (Sec. 2) and discussing
how SbEU works (Sec. 3). We then present our simulation
results, comparing SbEU model predictions to human data
(Sec. 4). We conclude by discussing the implications of our
work for risky decision-making, and more broadly, human
rationality.

Human decision-making is filled with numerous paradoxes and
violations of rationality principles. A particularly notable example is violation of cumulative independence (VoCI). Recently, there has been a surge of interest in theorizing and
developing a resource-rational foundation for many such phenomena. Here we ask whether VoCI could be given a resourcerational basis too. To what extent could VoCI be explained in
terms of the optimal use of limited cognitive resources? In
this work, we look at VoCI through the lens of modern psychological theories of bounded rationality, presenting the first
resource-rational account of VoCI. We discuss the implications
of our work for risky decision-making, and more broadly, human rationality.
Keywords: cumulative independence; resource-rationality;
risky choice; resource-rational process models

1

2

Introduction

Over the past years, extensive empirical work has revealed
that human decision-making is filled with numerous paradoxes and apparent violations of rationality principles. Examples include the Allais paradox (Allais, 1953), the St. Petersburg paradox (Bernoulli, 1738), the Ellsberg paradox
(Ellsberg, 1961), the decoy effect (Huber et al., 1982), and
violations of transitivity (Loomes et al., 1991), stochastic
dominance (Birnbaum, 2005), betweenness (Camerer & Ho,
1994), the sure-thing principle (Jeffrey, 1982), and cumulative independence (Birnbaum & Navarrete, 1998).
In particular, mounting empirical evidence shows that violation of cumulative independence (VoCI) is both substantial
and systematic (e.g., Birnbaum & Navarrete, 1998; Birnbaum
et al., 1999; Birnbaum, 1999, 2006).
Recently, there has been a surge of interest in theorizing and developing a resource-rational foundation for many
such paradoxes and violations of rationality principles (e.g.,
Dasgupta, Schulz, & Gershman, 2017; Nobandegani, da
Silva Castanheira, Shultz, & Otto, 2019b; Nobandegani &
Shultz, 2020c, 2020d; Nobandegani, Shultz, & Dubé, 2021),
viewing them through the lens of modern psychological theories of bounded rationality (e.g., Griffiths, Lieder, & Goodman, 2015; Gershman, Horvitz, & Tenenbaum, 2015; Nobandegani, 2017; Bhui, Lai, & Gershman, 2021).
Following this new line of research, we ask whether VoCI
also could be given a resource-rational basis. To what extent could VoCI be explained in terms of the optimal use
of limited cognitive resources? We present here the first

Cumulative Independence

Before defining CI, we introduce two notations. First, a shorthand notation for representing risky gambles (Birnbaum &
Navarrete, 1998): A generic n-branch gamble P given by:
(w.p. stands for “with probability”)

w.p. p1

 x1

 x2
w.p. p2
(1)
P=
..

.



xn
w.p. pn = 1 − ∑n−1
i=1 pi
where x1 ≤ x2 ≤ x3 ≤ . . . ≤ xn−1 ≤ xn
can be alternatively represented, in a vector format, as P =
(x1 , p1 ; x2 , p2 ; . . . , xn−1 , pn−1 ; xn , pn ). Second, A  B means
gamble A is preferred to gamble B, and A ≺ B means gamble B is preferred to gamble A.
There are two types of cumulative independence: lower
cumulative independence (LCI) and upper cumulative independence (UCI). Assuming 0 < z < x0 < x < y < y0 < z0 and
p + q + r = 1, LCI corresponds to the following condition being satisfied (Birnbaum & Navarrete, 1998):
S = (z, r; x, p; y, q)  R = (z, r; x0 , p; y0 , q) ⇒
S00 = (x0 , r; y, p + q)  R00 = (x0 , r + p; y0 , q)

(2)

while, UCI corresponds to the following condition being satisfied (Birnbaum & Navarrete, 1998):
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S0 = (x, p; y, q; z0 , r) ≺ R0 = (x0 , p; y0 , q; z0 , r) ⇒
S000 = (x, p + q; y0 , r) ≺ R000 = (x0 , p; y0 , q + r)

In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

(3)

In verbal terms, LCI and UCI indicate that choice
preference among two risky gambles should remain unchanged when those two gambles undergo a particular form
of transformation—involving removal of common consequences and swapping of probabilities—formalized in (2) and
(3). For example, according to LCI, if you prefer gamble S
over gamble R, then you should also prefer a particular transformation of S, i.e. S00 , over a particular transformation R,
i.e. R00 . Therefore, choosing S together with R00 would count
as violation of LCI, as this choice pattern violates the LCI
condition given in (2). Likewise, choosing R0 together with
S000 would count as violation of UCI, as this choice pattern
violates the UCI condition given in (3).

3

Resource-Rational Process Model

Extending an earlier model of decision-making (Lieder, Griffiths, & Hsu, 2018) to the realm of meta-reasoning, samplebased expected utility (SbEU; Nobandegani et al., 2018) is a
resource-rational process model of risky choice which maintains that people rationally adapt their strategy depending on
the amount of time available for decision-making. Concretely,
SbEU assumes that people estimate expected utility
Z

E[u(o)] =

(4)

p(o)u(o)do,

using self-normalized importance sampling (Hammersley &
Handscomb, 1964; Geweke, 1989), with its importance distribution q∗ aiming to optimally minimize mean-squared error
(MSE):
Ê =

s

1

wi u(oi ),
∑sj=1 w j i=1

∑

∀i : oi ∼ q∗ , wi =

s
∗

q (o) ∝ p(o)|u(o)|

√
1 + |u(o)| s
√ .
|u(o)| s

p(oi )
,
q∗ (oi )

(5)

(6)

MSE is a standard measure of estimation quality, widely used
in decision theory and mathematical statistics (Poor, 2013).
In Eqs. (4-6), o denotes an outcome of a risky gamble, p(o)
the objective probability of outcome o, u(o) the subjective
utility of outcome o, Ê the importance-sampling estimate of
expected utility given in Eq. (4), q∗ the importance-sampling
distribution, oi an outcome randomly sampled from q∗ , and s
the number of samples drawn from q∗ .
In this work, we assume that, when choosing between a
pair of risky gambles A, B, people consider whether the expected value of the utility of the difference between the two
gambles, ∆u(o), is positive or negative:

oA
w.p. PA
A=
(7)
0
w.p. 1 − PA

B=

oB
0

w.p. PB
w.p. 1 − PB

(8)


u(oA − oB )



u(oA )
∆u(o) =
 u(−oB )


u(0)

w.p.
w.p.
w.p.
w.p.

PA PB
PA (1 − PB )
(1 − PA )PB
(1 − PA )(1 − PB )

(9)

In Eq. (9), u(·) denotes the subjective utility function of a
decision-maker. Fully consistent with past work (Nobandegani et al., 2018; Nobandegani et al., 2019a; Nobandegani,
Destais, & Shultz, 2020a, Nobandegani & Shultz, 2020b), in
this paper we use the following utility function:
 0.85
x
if x ≥ 0,
u(x) =
(10)
−|x|0.95
if x < 0.
Also, in line with prospect theory (Kahneman & Tversky,
1979), we here assume that people perform a variant of cancellation on gambles having 3 or more branches, as a form of
editing, prior to evaluating the gambles. The purpose of editing is to obtain a simplified representation of gambles prior
to further evaluation (Kahneman & Tversky, 1979).1 In this
variant of cancellation, the common outcomes between two
gambles are fully removed from those gambles.
In our simulations (Sec. 4), we also assume that people
draw between 1 to 6 samples when deciding. Specifically, we
adopt a uniform distribution and assume that one-sixth of the
population draw one sample (i.e., s = 1; see Eqs. (5-6)), onesixth of the populations draw two samples (i.e., s = 2), onesixth of the population draw three samples and so on. This
is consistent with mounting evidence suggesting that people
draw only a few samples in probabilistic judgment and reasoning (e.g., Vul et al., 2014; Battaglia et al., 2013; Lake et
al., 2017; Gershman, Horvitz, & Tenenbaum, 2015; Hertwig
& Pleskac, 2010; Griffiths et al., 2012; Gershman, Vul, &
Tenenbaum, 2012; Bonawitz et al., 2014; Nobandegani et al.,
2018; Nobandegani et al., 2020a).
Recent work has shown that SbEU provides a unified account of a wide range of empirical findings across risky,
value-based, and strategic decision-making (Nobandegani et
al., 2018; Nobandegani et al., 2019a, 2019b; Nobandegani
et al., 2020a; Nobandegani & Shultz, 2020b, 2020c, 2020d;
Lizotte, Nobandegani, & Shultz, 2021), and also bridges between decision-making under risk and decision-making under uncertainty (Nobandegani et al., 2021). There is also
a counterintuitive prediction of SbEU which is empirically
confirmed: deliberation makes people move from one cognitive bias, framing effect, to another bias, the fourfold pattern
of risk preferences (da Silva Castanheira et al., 2019). Notably, SbEU is the first rational process model to score nearperfectly in optimality, economical use of limited cognitive
resources, and robustness, all at the same time (Nobandegani
et al., 2018; Nobandegani et al., 2019c).

4

Simulation Results

In this section, we simulate the empirical results on VoCI in
Birnbaum and Navarrete (1998), which is, to our knowledge,
1 As such, editing is broadly consistent with resource-rationality.
We elaborate on this in the Discussion section (Sec. 5).
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the most extensive empirical study of VoCI.

4.1

Lower Cumulative Independence (LCI)

Birnbaum and Navarrete (1998) performed 27 tests of violation of LCI. Each test comprised two trials. In one trial,
participants had to choose between two 3-branch risky gambles: S and R. In the other trial, participants had to choose
between two 2-branch risky gambles: S00 and R00 (see the LCI
condition given in (2)). The parameters of these 4 gambles
were systematically manipulated across the 27 tests (see Appendix for details). Accordingly, possible choice patterns are:
SS00 , SR00 , RS00 , and RR00 .
As Fig. 1(a) shows, SbEU model predictions for these
choice patterns correlate highly with the empirically observed
data (Pearson r = .8021, p < 10−4 ). We simulate 6000 participants in each trial of each test.

4.2

Upper Cumulative Independence (UCI)

Birnbaum and Navarrete (1998) performed 27 tests of violation of UCI. Each test comprised two trials. In one trial,
participants had to choose between two 3-branch risky gambles: S0 and R0 . In the other trial, participants had to choose
between two 2-branch risky gambles: S000 and R000 (see the
UCI condition given in (3)). The parameters of these 4 gambles were systematically manipulated across the 27 tests (see
Appendix for details). Accordingly, possible choice patterns
are: S0 S000 , S0 R000 , R0 S000 , and R0 R000 .
As Fig. 1(b) shows, SbEU model predictions for these
choice patterns again correlate highly with the empirically
observed data (Pearson r = .8030, p < 10−4 ). We simulate
6000 participants in each trial of each test.

5

Discussion

Decades of research has revealed that human decisionmaking is filled with numerous biases, paradoxes, and violations of rationality principles (e.g., Allais, 1953; Ellsberg,
1961; Loomes et al., 1991; Birnbaum, 2005; Camerer & Ho,
1994; Jeffrey, 1982; Birnbaum & Navarrete, 1998), seriously
calling into question human rationality.
Viewing these puzzling behaviors through the lens of modern psychological theories of bounded rationality, a new
line of research has provided a resource-rational foundation
for many of these violations of rationality principles (e.g.,
Nobandegani et al., 2019b; Dasgupta et al., 2017; Nobandegani et al., 2021), explaining them in term of the optimal use
of limited cognitive resources (e.g., Griffiths et al., 2015; Gershman et al., 2015; Nobandegani, 2017; Bhui et al., 2021).
Pursuing this new line of research, in this work we focus on
a notable violation of rationality principles in risky decisionmaking, cumulative independence, and ask: could violation
of cumulative independence (VoCI) be given a rational basis? Specifically, could VoCI be understood in terms of the
optimal use of limited cognitive resources?
In this work, we present the first resource-rational account
of VoCI. Concretely, we show that a resource-rational process
model, sample-based expected utility (SbEU), can account

for the empirical results of Birnbaum and Navarrete (1998),
the most extensive empirical study of VoCI to date.
Although the SbEU model predictions correlate highly and
significantly with the empirical data (see Fig. 1), the quantitative fit is not perfect. Several factors may explain this. In
the work presented here, we make only minimal assumptions
on the part of the simulated participants. To be consistent,
we use the exact same utility function (Eq. 10) used in past
work, without optimizing it to improve model fit. Also, for
the sake of simplicity, we assume that every simulated participant implements cancellation, but this might not be the
case. Presumably, human decision-makers make use of various editing rules (not just cancellation), and some might not
use editing at all. Future work should investigate the effect
of all these assumptions on the quality of model fit, and optimize the corresponding parameters (i.e., the utility function,
number of samples, editing rules) to improve model fit. The
observation that SbEU can adequately account for the empirical data of Birnbaum and Navarrete (1998) in spite of making
such minimal assumptions provides even stronger evidence
that resource rationality might play an important role in shaping the algorithmic foundations of VoCI.
The purpose of editing is to obtain a simplified representation of gambles prior to further evaluation (Kahneman
& Tversky, 1979). As such, editing is broadly consistent
with resource-rationality as it acknowledges the representational constraints that people are naturally faced with (see
Bhui & Gershman, 2018). To show that editing is fully consistent with resource-rationality, future work should investigate whether people boundedly-optimally allocate their representational bandwidth in editing. These future investigations could be guided by, and fruitfully benefit from, recent theoretical advances in heuristics which provide optimality results and strong robustness guarantees on well-known
heuristics (e.g., Nobandegani & Shultz, 2019).
All rank-dependent and rank-and-sign-dependent theories
of decision-making (e.g., Quiggin, 1982; Lopes, 1990; Luce
& Fishburn, 1991, 1995; Wakker, Erev, & Weber, 1994), including cumulative prospect theory (CPT) (Tversky & Kahneman, 1992), satisfy cumulative independence and therefore
fail to explain VoCI (Birnbaum & Navarrete, 1998). The work
presented here explains VoCI in terms of the optimal use of
limited cognitive resources, suggesting that expected utility
maximization based on only a few samples might be responsible for the empirically observed VoCI in human decisionmaking. Nonetheless, to provide direct evidence for this account, future experimental work should test participants under various time pressure and/or cognitive load conditions
and verify if observed VoCI rate is consistent with SbEU
model predictions.
An intimately related phenomenon to VoCI is violation of
stochastic dominance (VoSD) (e.g., Birnbaum & Navarrete,
1998; Birnbaum, 2004a, 2004b; Birnbaum et al., 1999; Birnbaum, 1999, Birnbaum & Martin, 2003; Birnbaum, 2005),
which all rank-dependent and rank-and-sign-dependent the-
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(a)

(b)

Figure 1: Comparing human data (Birnbaum & Navarrete, 1998) with SbEU model predictions. (a) LCI: The x-axis
shows the human participants’ probability of choosing a pattern (SS00 , SR00 , RS00 , or RR00 ) in the Birnbaum and Navarrete’s
(1998) LCI experiment, and the y-axis shows the SbEU model predictions for the corresponding choice patterns. (b) UCI:
The x-axis shows the human participants’ probability of choosing a pattern (S0 S000 , S0 R000 , R0 S000 , or R0 R000 ) in the Birnbaum and
Navarrete’s (1998) UCI experiment, and the y-axis shows the SbEU model predictions for the corresponding choice patterns.
ories of decision-making fail to account for (Birnbaum &
Navarrete, 1998).2 Interestingly, Birnbaum and Navarrete
(1998) provided empirical evidence for both VoCI and VoSD
in the same population. This weakly suggests that similar
psychological processes might underlie these two phenomena. Providing further evidence for this hypothesis, recent
work has shown that SbEU can also explain VoSD (Xia,
Nobandegani, Shultz, & Bhui, 2022), thus providing a unified, resource-rational account of VoCI and VoSD.
Another closely related phenomenon is violation of branch
independence (VoBI) (Birnbaum & Beeghley, 1997; Birnbaum & McIntosh, 1996; Birnbaum & Navarrete, 1998). Future work should investigate whether VoBI could also be
given a resource-rational basis. The observation that the Allais paradox, as a notable instance of violation of VoBI, can
be given a resource-rational account elevates this possibility
(Nobandegani et al., 2021).
In this work, we examine VoCI through the lens of modern psychological theories of bounded rationality (Griffiths et
al., 2015; Gershman et al., 2015; Nobandegani, 2017; Bhui et
al., 2021), providing a resource-rational algorithmic foundation for VoCI. Given the broad empirical coverage of SbEU
across risky, value-based, and strategic decision-making (see
Sec. 3), this result is particularly interesting as it brings us
a step closer to developing a unified, boundedly-optimal account of human decision-making. The work presented here is
2 Stochastic

dominance directly follows from the three assumptions of outcome monotonicity, transitivity, and coalescing. Cumulative independence directly follows from those three assumptions
plus comonotonic independence (Birnbaum & Navarrete, 1998).

a step in this important direction.
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Appendix
LCI Experiment
Below, we use the same parameters used in the LCI condition
given in (2) in the main text.
(r, p, q) = (.50, .25, .25):
Choice 1: (z, x0 , x, y0 , y) = ($2, $11, $52, $56, $97)
Choice 2: (z, x0 , x, y0 , y) = ($3, $10, $48, $52, $98)
Choice 3: (z, x0 , x, y0 , y) = ($2, $11, $45, $49, $97)
Choice 4: (z, x0 , x, y0 , y) = ($2, $10, $40, $44, $98)
Choice 5: (z, x0 , x, y0 , y) = ($4, $11, $35, $39, $97)
Choice 6: (z, x0 , x, y0 , y) = ($5, $12, $30, $34, $96)
(r, p, q) = (.80, .10, .10):
Choice 7: (z, x0 , x, y0 , y) = ($2, $11, $52, $56, $97)
Choice 8: (z, x0 , x, y0 , y) = ($3, $10, $48, $52, $98)
Choice 9: (z, x0 , x, y0 , y) = ($2, $11, $45, $49, $97)
Choice 10: (z, x0 , x, y0 , y) = ($2, $10, $40, $44, $98)
Choice 11: (z, x0 , x, y0 , y) = ($4, $11, $35, $39, $97)
Choice 12: (z, x0 , x, y0 , y) = ($5, $12, $30, $34, $96)
(r, p, q) = (.60, .30, .10):
Choice 13: (z, x0 , x, y0 , y) = ($2, $11, $52, $56, $97)
Choice 14: (z, x0 , x, y0 , y) = ($3, $10, $48, $52, $98)
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Choice 15:
Choice 16:
Choice 17:
Choice 18:
Choice 19:

(z, x0 , x, y0 , y) = ($2, $11, $45, $49, $97)
(z, x0 , x, y0 , y) = ($2, $10, $40, $44, $98)
(z, x0 , x, y0 , y) = ($4, $11, $35, $39, $97)
(z, x0 , x, y0 , y) = ($5, $12, $30, $34, $96)
(z, x0 , x, y0 , y) = ($3, $10, $25, $29, $98)

(r, p, q) = (.60, .10, .30):
Choice 20: (z, x0 , x, y0 , y) = ($4, $10, $61, $65, $98)
Choice 21: (z, x0 , x, y0 , y) = ($3, $12, $56, $60, $96)
Choice 22: (z, x0 , x, y0 , y) = ($2, $11, $52, $56, $97)
Choice 23: (z, x0 , x, y0 , y) = ($3, $10, $48, $52, $98)
Choice 24: (z, x0 , x, y0 , y) = ($2, $11, $45, $49, $97)
Choice 25: (z, x0 , x, y0 , y) = ($2, $10, $40, $44, $98)
Choice 26: (z, x0 , x, y0 , y) = ($4, $11, $35, $39, $97)
Choice 27: (z, x0 , x, y0 , y) = ($5, $12, $30, $34, $96)
UCI Experiment
Below, we use the same parameters used in the UCI condition
given in (3) in the main text.
(r, p, q) = (.50, .25, .25):
Choice 1: (x0 , x, y0 , y, z0 ) = ($11, $52, $56, $97, $108)
Choice 2: (x0 , x, y0 , y, z0 ) = ($10, $48, $52, $98, $107)
Choice 3: (x0 , x, y0 , y, z0 ) = ($11, $45, $49, $97, $107)
Choice 4: (x0 , x, y0 , y, z0 ) = ($10, $40, $44, $98, $110)
Choice 5: (x0 , x, y0 , y, z0 ) = ($11, $35, $39, $97, $111)
Choice 6: (x0 , x, y0 , y, z0 ) = ($12, $30, $34, $96, $110)
(r, p, q) = (.80, .10, .10):
Choice 7: (x0 , x, y0 , y, z0 ) = ($11, $52, $56, $97, $108)
Choice 8: (x0 , x, y0 , y, z0 ) = ($10, $48, $52, $98, $107)
Choice 9: (x0 , x, y0 , y, z0 ) = ($11, $45, $49, $97, $107)
Choice 10: (x0 , x, y0 , y, z0 ) = ($10, $40, $44, $98, $110)
Choice 11: (x0 , x, y0 , y, z0 ) = ($11, $35, $39, $97, $111)
Choice 12: (x0 , x, y0 , y, z0 ) = ($12, $30, $34, $96, $110)
(r, p, q) = (.60, .30, .10):
Choice 13: (x0 , x, y0 , y, z0 ) = ($11, $52, $56, $97, $108)
Choice 14: (x0 , x, y0 , y, z0 ) = ($10, $48, $52, $98, $107)
Choice 15: (x0 , x, y0 , y, z0 ) = ($11, $45, $49, $97, $107)
Choice 16: (x0 , x, y0 , y, z0 ) = ($10, $40, $44, $98, $110)
Choice 17: (x0 , x, y0 , y, z0 ) = ($11, $35, $39, $97, $111)
Choice 18: (x0 , x, y0 , y, z0 ) = ($12, $30, $34, $96, $110)
Choice 19: (x0 , x, y0 , y, z0 ) = ($10, $25, $29, $98, $109)
(r, p, q) = (.60, .10, .30):
Choice 20: (x0 , x, y0 , y, z0 ) = ($10, $61, $65, $98, $108)
Choice 21: (x0 , x, y0 , y, z0 ) = ($12, $56, $60, $96, $107)
Choice 22: (x0 , x, y0 , y, z0 ) = ($11, $52, $56, $97, $108)
Choice 23: (x0 , x, y0 , y, z0 ) = ($10, $48, $52, $98, $107)
Choice 24: (x0 , x, y0 , y, z0 ) = ($11, $45, $49, $97, $107)
Choice 25: (x0 , x, y0 , y, z0 ) = ($10, $40, $44, $98, $110)
Choice 26: (x0 , x, y0 , y, z0 ) = ($11, $35, $39, $97, $111)
Choice 27: (x0 , x, y0 , y, z0 ) = ($12, $30, $34, $96, $110)
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Abstract
In many real-life situations, we make decisions between
a defined set of options, which can be either discrete (as
when deciding between going on driving and stopping the
car) or continuous (as when stirring the wheel, the possible
range of angles goes from −30 to 30 degrees). However,
most computational models for decision-making focus on
decisions between a discrete set of options. While there are
a few sequential sampling models that can explain behavioral
patterns (i.e., choices and response times) of decisions in a
continuous option space (i.e., the CDM and the SCDM), these
models have a few limitations. For example, these models
assume no leakage in the evidence accumulation process and
no spatial inhibition (i.e., inhibition among different areas of
the option space depending on their distance to each other).
In this paper, we propose a novel sequential sampling model
based on an existing computational model (i.e., the leaky
competing accumulator model) for decisions in a continuous
option space. Our proposed model includes leakage and spatial
inhibition and is thus more biologically plausible.
Keywords: Continuous Decision Task; Sequential Sampling;
Cognitive Modeling; Leaky Competing Accumulator; Radial
Basis function;

Introduction
Decision-making is the process of selecting one among
different, available options. Until recently, most decisionmaking research focused on decisions in a discrete
option space (e.g., choosing between different gambles,
discriminating between perceptual stimuli, choosing between
altruistic vs. egoistic options). This includes many well
known paradigms, such as the Go/No-Go task (Gomez,
Ratcliff, & Perea, 2007; Ratcliff, Huang-Pollock, & McKoon,
2018), n-alternative forced-choice tasks (Bogacz, Brown,
Moehlis, Holmes, & Cohen, 2006; van Ravenzwaaij, Brown,
Marley, & Heathcote, 2020), the accept/reject task (Zhao,
Walasek, & Bhatia, 2020; Mallahi-Karai & Diederich,
2019, 2021). Although these kinds of decisions have
helped better understanding the cognitive and neural bases
of decision-making (Bogacz, 2007; Forstmann, Ratcliff, &
Wagenmakers, 2016), they exclude many situations in our
daily life in which we are instead confronted with a range
of options on a continuous scale (e.g., when setting the price
of an item we are planning to sell (Kvam & Busemeyer,
2020)). Moreover, there are many laboratory tasks with
continuous scale report stimuli in different areas such as
visual working memory (Lilburn, Smith, & Sewell, 2019) and
perceptual decision-making (Ratcliff & McKoon, 2020). For

more applications of decisions in continuous space, interested
readers can see (Yoo, Hayden, & Pearson, 2021).
Recently, a few sequential sampling models (Smith, 2016;
Ratcliff, 2018) have been developed to handle both choices
and response time in decisions between a continuous set of
options. The circular diffusion model (CDM) (Smith, 2016)
assumes that the process of evidence accumulation progresses
following a Brownian motion within a circle or semi-circle
and it terminates whenever the accumulator reaches any point
on the perimeter (and, thus, a decision is made). This model
has been used for modeling visual memory tasks with a
continuous reporting scale (e.g., remembering the color of
a previously presented stimulus and selecting it on a color
wheel). While this model is good at capturing different
behavioral phenomena, such as the color bias (Smith, Saber,
Corbett, & Lilburn, 2020), it has a few limitations. For
example, the CDM cannot capture the heavy-tailed response
error distribution. Moreover, the original CDM can only
be used to model choices in a one-dimensional (1D) option
space and not in two- or three-dimensional (2D or 3D) option
spaces. But there are some extended versions of CDM
which is called hyper-spherical diffusion model (Smith &
Corbett, 2019) and it can be applied for higher dimensional
spaces like 2D or 3D. The other problem with CDM is
that it can not produce multi-modal choice distributions. In
order to address this issue, Ratcliff introduced the spatially
continuous diffusion model (SCDM) (Ratcliff, 2018). This
model is the generalized form of the diffusion decision model
(Ratcliff & McKoon, 2020) and is based on a Gaussian
process in a 1D or Gaussian field process in 2D spaces.
The SCDM considers the accumulation process in both the
spatial and the temporal domain continuous. Therefore, by
running a Gaussian (field) process at each time step and
accumulating the obtained distributions, the first location
which reaches the decision threshold is selected. So the
process is similar to a multi-dimensional Brownian motion
and the sampling process is done continuously through time.
The SCDM has some advantages compared to the CDM. For
example, it can be utilized for both 1D and 2D option spaces.
However, the SCDM assumes total inhibition between the
different locations (i.e., evidence one of each location is
against the evidence for all other locations) and it does not
depend on distance from the other locations (Ratcliff, 2018;
Ratcliff & McKoon, 2020). Moreover, both models do
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not include leakage parameter and they have low biological
interpretation. In this paper, we are going to present a
computational model for decisions in a continuous option
space that attempts to overcome some of the limitations of
CDM and SCDM discussed above, in particular:
1. the fact that they do not have a mechanism for spatial
inhibition,

In other words, a radial basis function is a function in
which all points that have the same distance from a center
point have equal function values. The formulation of some
well-known radial basis functions is presented in Table 1,
where ε is a shape parameter in such a way that ε → 0
corresponds to the basis functions becoming flat (as discussed
extensively in, for example, (Fornberg & Wright, 2004)):

2. the fact that they do not include leakage and are thus less
biologically plausible,

Table 1: Formulation of some radial basis functions.
Radial basis function
Formulation
−(εr)2
Gaussian (GA)
pe
Multiquadric (MQ)
1 + (εr)2
1
Inverse quadric (IQ)
1+(εr)2
√ 1 2
Inverse multiquadric (IMQ)

3. the fact that they both have some problems with modeling
random decisions, which typically cause heavy-tailed
response error distribution.
More specifically, we propose a sequential sampling model
based on the leaky competing accumulator (LCA) model
(Usher & McClelland, 2001), in which each accumulator
corresponds to a segment of the continuous option space.
In the following sections, we are first going to present our
proposed model, the ”Radial Basis LCA” (RB-LCA). Then,
we make a detailed comparison between our proposed model
and the two previous models (CDM and SCDM), and, finally,
we make some concluding remarks and discuss ideas for
future work.

Radial Basis Leaky Competing Accumulator
Model
In this section, we are going to present a sequential sampling
model based on the LCA model for decisions in a continuous
option space. In the original LCA model, the evidence
accumulation process is described by the following stochastic
differential equation (Usher & McClelland, 2001):


dXi = Ii − κXi (t) − β ∑ X j (t) dt + σdWi ,
(1)

1+(εr)

We can add an excitatory-inhibitory weight to the LCA
model based on the main property of radial basis functions
(i.e., ρ(x) = ρ(y) ⇔ ∥x∥ = ∥y∥; which means that the
same distance from a center yields same function value)
by assuming that each accumulator excites the accumulators
that are close and inhibits the ones that are far (Seeholzer,
Deger, & Gerstner, 2019). Now, consider a semi-circle as the
presented option space. Then, the RB-LCA model assumes
that the decision space [0, π] is discretized into N segments:
Each segment has a length equal ∆θ = Nπ , and the location
of i-th segment is obtained directly by θi = (i − 1) ∗ ∆θ for
i = 1, 2, · · · , N. Then, the i-th accumulator xi (t) accumulates
evidence to the benefit of the i-th segment and has a spatial
dimension that is determined by its index. The accumulation
process in the RB-LCA model is thus defined as:


dXi = Ii − κXi (t) − ∑ βij X j (t) dt + σdWi ,

j̸=i

where xi (t) is the i-th accumulator and shows the accumulated
evidence to the benefit of the i-th option, Ii is the drift rate
of the i-th accumulator, κ is the leakage parameter, β is the
inhibition parameter, σ is the noise coefficient, and σdWi
represents Gaussian white noise with mean 0 and variance
σ2 dt.
In order to extend the original LCA model for decisions
in a continuous option space, we first discretize the option
space to N segments and assign an accumulator to each part.
Then, based on the distance of each segment to each other,
we assign excitatory/inhibitory values of each corresponding
accumulator to the others. In order to better understand the
underlying mechanisms of such spatial excitation/inhibition,
let’s first recall the definition of the radial basis function:
Definition: A function Φ : Rd → R is called radial basis, if
there exists a univariate function ρ : [0, ∞) → R, such that
Φ(x) = ρ(r),
where r = ∥x∥ and ∥.∥ is a p-norm on Rd (Wendland, 2005;
Kazem, Rad, & Parand, 2012).

(2)

j̸=i

where βij is equal to ρ(|i − j|) − 0.5, and ρ is a radial basis
function. As an example, let’s consider ρ(r) = √ 1 2 ,

1+(εr)
1
−
1+(ε|i− j|)2

(inverse multiquadric formulation), then βij = √

0.5. If βij > 0, then the j-th accumulator x j (t) has an
excitatory impact on the i-the accumulator xi (t). Similarly,
when βij < 0 the j-th accumulator x j (t) inhibits the ithe accumulator xi (t). The RB-LCA model has an extra
parameter ε, in comparison with the original LCA model,
which determines the radius of excitation. In the inverse
multiquadric formulation of βij , the maximum value for the
fraction part is equal to 1, and it occurs when (εr)2 =
0. Therefore, when the distance between two accumulators
reduces, r = |i − j| tends to zero and the fraction part tends
to its maximum value. Consequently, βij increases. A
schematic view of how an accumulator can excite and inhibit
the other accumulators based on the distance between two
accumulators is illustrated in Figure 1.
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well. The RB-LCA model is able to generate heavy-tailed
response error distributions thanks to the across-trial drift
rate variability η. Figure 3 exhibits the effect of the acrosstrial drift rate variability η parameter on the response error
distribution.

7

12

6
5

13

4

14

3

15

2

16
17

=0
=1
=2
=3

1.75

1

1.50
1.25
Density

Figure 1: A schematic view for how location of an
accumulator can affect the excitatory/inhibitory impact of
that accumulator to the other accumulators.
βij

On the other hand, when ε tends to zero, ε → 0,
is
less sensitive to the distance value |i − j| and the excitatory
radius becomes wider. The effect of ε value on the response
error distribution is illustrated in Figure 2. When ε has higher
values, RB-LCA yields more precise decisions.
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Figure 3: Plot of response error distributions for different
values of η parameter.
As it is clear by increasing the η value, RB-LCA
predicts more random decisions, and also the response error
distribution becomes more heavy-tailed.
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Figure 2: Plot of response error distributions for different
values of ε parameter.
As mentioned above, one of the limitations of the CDM
is its inability to explain the heavy-tailed response error
distribution which is typically observed in visual working
memory tasks (Zhang & Luck, 2008). Basically, CDM
utilizes drift rate variability to generate heavy-tailed response
error (Smith, 2019). The other way which is more popular in
the literature is considering the response error distribution as
the mixture of a uniform and von Mises distribution (Zhang
& Luck, 2008; Kvam & Turner, 2021). But empirically,
these methods are not successful to capture the guest very

The RB-LCA model can be applied to both 1D and 2D
continuous option spaces. In this part, we explain how this
model can be used in 1D spaces. Mainly, there are three
types of 1D continuous option spaces: 1) interval [a, b], 2)
semi-circle, and 3) circle. Since each interval [a, b] can
be shifted to another interval, any value in the interval v ∈
π
[a, b] corresponds to v′ = b−a
(v − a) ∈ [0, π]. Therefore,
there is no difference between the interval [a, b] and the
semi-circle [0, π] in the RB-LCA model. And what about
the circular option space? The formulation for the circular
option space is a bit different because there are two possible
distances between two points on a circle (i.e., clockwise and
anticlockwise) and the actual distance is the smaller one.
Thus, after discretizing the circle into N parts, each part is
assigned to two indexes (i.e., one positive and one negative).
Then, the actual distance is the minimum of the absolute
difference between the positive indexes of two parts and the
absolute difference between the negative indexes of them. For
simplicity, the positive index is assigned anticlockwise and
the negative index is assigned clockwise. Figure 4 illustrates
how this model works for a circle.
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∑Ni=1 |zi | p where p ≥ 1). When p is equal to 1 (L1 norm),
it is called the Manhattan norm and equal distance points
are located on the perimeter of a square. But when p is
equal to 2 (L2 norm), it is called Euclidean norm and equal
distance points are located on the perimeter of a circle.
Thus, by choosing different norms, accumulators may have
different effects on each other. The mechanism of allocating
accumulators to a 2D continuous option space is shown in
Figure 5.
p

-3

-7
+11

As in the 1D case, the 2D option space is discretized
first, and one accumulator is assigned to each part. Then,
each accumulator has an excitatory impact on the close
accumulators and has an inhibitory impact on the other
accumulators. While in 1D case we used absolute difference
between two points, in 2D case we can use p-norms (i.e.,
if
qz = (z1 , · · · , zN ), then the p-norm is defined by ∥z∥ p =

-15

+15

+14

Figure 4: A schematic view of how to index each segment in
a circular decision space. For example the distance for two
yellow points on the circle is equal to 5.
Thus the distance of two points on a circle can be obtained
by:
n
o
min |i − j|, |N − |i − j|| .
(3)
It should be mentioned here that, empirical studies have
illustrated that there are some differences between interval
and circular option spaces. One of the main effects which
are reported for interval option spaces is the bow effect. This
effect states that the options that are located at the ends of the
interval are identified more precisely (Lacouture & Marley,
1995). RB-LCA is also able to capture this effect because
the endpoints are infected less by the inhibitory effects of the
middle points. Hence, by considering proper drift rates for
the endpoints they can be identified more precisely. In other
words, the selection of the middle points is more competitive
than the endpoints and it causes a higher level of accuracy
in the selection of endpoints. While this inhibitory impact is
symmetric in a circular option space and there is no difference
between the points of the circular perimeter.

(1, 1)

(1, M)

(i, j)

(N, 1)

(N, M)

Figure 5: A schematic view of a discretized 2D decision
space by N × M parts.

Similarly to 1D situation, in 2D cases each part can be
indexed by two indexes (i, j). Thus, the corresponding
stochastic differential equation of accumulation process at
point (i, j) is as follows:


i, j
dXi, j = Ii, j − κXi, j (t) − ∑ ∑ βl,s Xl,s (t) dt + σdWi, j , (4)
l̸=i s̸= j

i, j

and βl,s is defined by ρ(∥(i, j) − (l, s)∥) − 0.5, where ρ can be
one of the Gaussian, inverse quadric, or inverse multiquadric
functions. It is worth mentioning that the definition of the
norm function can affect the performance of the RB-LCA
model. Difference of L1 norm and L2 norm is presented in
Figure 6.
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d=1
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d=3

This equation is very important for studying the diffusion
properties of the RB-LCA model because it gives us the joint
transition probability distribution of all accumulators at each
time. So we can have the moment-to-moment dynamic of the
accumulators by solving this equation.
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Discussion

(N, 1)

(1, 1)

(N, M)

d=1

d=2

d=3

(N, 1)

(1, M)

(N, M)

Figure 6: Plot of difference between L1 and L2 norms. For
example the top panel shows different L1 distances from point
(1, 1), and the bottom panel shows L2 distance from (1, 1).
It is worth mentioning that the RB-LCA model is not
limited only to 1D or 2D option spaces and it can be
generalized to higher dimensions easily due to the nature of
radial basis functions.

Diffusion Properties of RB-LCA
The problem of the likelihood approximation of LCA
models is one of the challenging problems of cognitive
modeling literature. Various methods have been developed
for this approximation problem, such as the sampling method
(Miletić, Turner, Forstmann, & van Maanen, 2017), the
neural network method (Radev, Mertens, Voss, & Köthe,
2020), and the Lie-algebraic group method (Lo & Ip, 2021).
The Lie-algebraic method is a very powerful method because
it can obtain a close form solution for partial differential
equations and is based on solving the corresponding FokkerPlanck equation of joint transition distribution of the
accumulators. The corresponding partial differential equation
of joint transition probability distribution of the accumulators
is one of the main properties of this model. Similarly to (Lo
& Ip, 2021), by defining x = ln X, the corresponding FokkerPlanck equation is obtained as follows:
∂p({xi },t)
= (5)
∂t
(
)
N
N
i
∂ h σ2 ∂
∑ ∂xi 2 ∂xi − Ii − κxi + ∑ βi, j x j p({xi },t) .
i=1
j̸=i

In this paper, we have tried to overcome the limitations of the
two main computational models for decisions in continuous
space (i.e., the CDM and the SCDM) by introducing a new
computational model based on the LCA model. The behavior
of the RB-LCA model depends on a few crucial features, that
we explain here below.
The first important feature of our proposed model is
given by the parameter ε, which regulates the spatial
excitatory/inhibitory role of the accumulators. When linked
to neural data, this parameter could relate to the behavior of
competing neuronal populations (Smith & Ratcliff, 2004).
For example, when it has a high value, a long range of
accumulators excite each other and more precise decisions
are made. In contrast, when it has a low value, the RB-LCA
model approximates to the original LCA model in which all
accumulators inhibit each other. Therefore, the RB-LCA
inhibition mechanism can vary depending on ε.
The type of radial basis function and norm function in
our model is also crucial for the behavior of RB-LCA.
As mentioned before, the type of norm (L1 or L2 norm)
is not important in 1D option spaces but different norms
have different behavior in 2D option spaces. The norm
selection should be done based on the properties of the stimuli
representing the participants. Moreover, the type of radial
basis function can change the shape of the error distribution.
The inverse multiquadric function has a heavy-tailed behavior
and can generate the observed heavy-tailed distribution in the
visual memory tasks. Furthermore, the Gaussian functions
have normal-like behavior and are good when the response
error as a normal distribution.
RB-LCA model has some shared properties with the CDM
and the SCDM, but it is different in some properties. The
inhibition mechanism is one of the key mechanisms of the
RB-LCA model which is shared with CDM and SCDM
models. But the inhibition mechanism in SCDM is a bit
different from the two other models. In SCDM, it is assumed
that evidence for one location is evidence against all the other
locations (Ratcliff & McKoon, 2020), while in both RB-LCA
and CDM, evidence for one location is against only some
other locations but not all, depending on their distance. The
other difference between the models is the number of drift
rates. CDM model has only one drift rate, while RB-LCA and
SCDM both consider a drift rate for each location. The other
difference between models is in the noise-adding mechanism.
Since in CDM, there is only one accumulator, the whole
process consists of only one normal Gaussian noise. In
both RB-LCA and SCDM, each location has its own normal
Gaussian noise and these noise distributions are considered
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identical independent distribution (i.i.d) in the RB-LCA but
in SCDM, the noise distribution are considered correlated. A
summary of the model mechanisms is presented in Table 2
Table 2: Summary of different mechanisms which are
included in three computational models of decisions in
continuous space.
Model
1D space 2D space inhibition leakage
CDM
–
–
SCDM
–
RB-LBA
Moreover, the bimodal distribution of responses cannot
be handled by the lone CDM of (Smith, 2016), as it
predicts unimodal distributions of responses on the circle, but
bimodality is accounted for in the SCDM model of (Ratcliff
& McKoon, 2020) by virtue of competing accumulation
processes (see Experiment 3 and 4 of SCDM article), a
similar approach can be gainfully applied here in our RBF
LCA model. Our idea could be that we can either use the
Bessel radial basis functions (because these radial functions
are multi-modal, see (Fornberg, Larsson, & Wright, 2006)
or (Roger, Moreau, & Marsan, 2014)), or we can use a
combination of several radial basis functions depending on
the nature of the behavior task in the β formula in RBF-LCA.
Another important thing to consider is the dimensionality
issue. In particular, the dimension of the Fokker-Planck
equation of RB-LCA can be very huge. For example,
in a semi-circle situation, if we discretize the arc into 36
parts, the corresponding partial differential equation has 36
spatial dimensions. Thus, solving this problem becomes
increasingly challenging. Recently, however, new powerful
methods for solving high dimensional partial differential
equations have been proposed. One of the most powerful
ones is the deep splitting method (Beck, Becker, Cheridito,
Jentzen, & Neufeld, 2021). There are also some other
deep learning based methods for solving the Eq (5) and
approximating the likelihood function. But solving Eq (5)
is not the only way for fitting this model on experimental
data. There are also some other deep learning methods
such as deep inference network (Radev, Mertens, Voss, &
Köthe, 2020) and Bayesfolow network (Radev, Mertens,
Voss, Ardizzone, & Köthe, 2020) which can learn the
behavior of the model in simulated parameter space and
then fit the model on behavioral data based on the learned
simulations data. Generally, likelihood approximation is the
main problem of sequential sampling models for decisions in
continuous space. SCDM does not have a close-form solution
for its likelihood function. On the other hand, while CDM has
an analytical form for its likelihood function but it is so timeconsuming to compute. Thus, maybe using a deep learning
method for fitting these models is a good solution that can be
tested.
The final point of discussion is about the discretizing
algorithm. In this paper, we considered that the points are

distributed in whole the decision space uniformly. But it
is more realistic to add some attention mechanisms to the
model which implies that in the focusing locations there
should be more accumulators. In this way, the model is able
to overcome the dimensionality issue. Because there is no
need to allocate so many accumulators to process whole the
decision space.
It is worth mentioning that there are also some other
computational models for some kinds of continuous outcome
decisions. One of these models is the geometric framework
which is developed recently (Kvam, 2019). This framework
can be applied to any number of alternatives (discreet or
continuous) in an optimal way. But it has two main
limitations. Firstly, similar to SCDM, there is no exact
formulation for its likelihood function. On the other hand,
since the aim of this framework is to accumulate the
information in an optimal way, the procedure of extending
this framework to multi-dimensional continuous spaces is not
straightforward.

Conclusion
To conclude, we here proposed a new sequential sampling
model for decisions in a continuous option space. Compared
to previously proposed models for decisions in a continuous
option space, our model has the advantage of modeling guess
decisions by adding drift rate variability, it can be applied to
both 1D and 2D decision space, and it is more biologically
plausible (Bogacz, Usher, Zhang, & McClelland, 2007). Note
that the proposed model’s fit to experimental data is not
illustrated in this paper yet and it is left to future studies.
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Abstract
Categorization is a fundamental cognitive strategy employed
to ease information processing and to aid memory formation.
Past research on how humans categorize objects has used
images of objects as experimental stimuli. Concurrently,
studies in the past 10 years have found dif ferences in the
processing of images as compared to real-world objects. One
proposed explanation is that these results are due to differences
in the affordances of images versus objects. Using a similarity
judgement paradigm, we explored the effect of affordances in
a categorization task including words (object names), images,
and objects. Consistent with previous research, we found
significant differences in how participants made similarity
judgements of images and objects. Moreover, we found that
similarity judgments using object names were much more
similar to the judgments of pictures than of objects. An
exploratory cluster analysis opens the possibility of framing
such differences as affordance driven. These results suggest a
need for more ecologically valid categorization tasks, more
conservative inferences when using images as stimuli in these
tasks, and the need for further exploring the role of affordances
in categorization.
Keywords: categorization; affordances; similarity judgment;
real-world object

Introduction
Categorization is the fundamental cognitive ability of
grouping different objects or events under abstract, general
classes or types on the basis of their shared properties or their
similarity (for example, the grouping of different objects in a
house under the concept of “chair”). Categorization eases
information processing and helps guide new information into
memory (Bornstein & Arterberry, 2010), and there is
evidence that people may categorize objects based on abstract
linguistic categories (Mur et al., 2013; Schmitt & Zhang,
1998).

The similarity judgement paradigm, in which objects that
are judged to be more similar are grouped together and those
that are judged to be less similar are placed apart, has been
used to study categorization. For reasons of convention and
convenience, experimenters typically use pictures of objects
and not real-world objects in their categorization studies.
They then generalize their findings to the case of real-world
objects, sometimes even referring to them interchangeably
(e.g., Chao et al., 1999; Haxby et al., 2001; Mur et al., 2013;
Valyear et al., 2006; Van Weelden et al., 2011). There is,
however, reason to believe that this inference may be
inappropriate.
Research in the last decade has shown that we treat objects
and pictures of objects differently in a variety of
psychological processes (for a review, see Snow & Culham,
2021). For example, there is a well-established effect that the
hemodynamic response in the inferio-temporal cortex
decreases with repeated presentation of 2D visual stimuli,
known as “fMRI adaption” or “repetition suppression” (GrillSpector & Malach, 2001; Valyear et al., 2012). Snow et al.
(2011) found that when the stimuli used were real-world
objects (i.e., 3D visual stimuli) rather that pictures (i.e., 2D
visual stimuli), the classic repetition suppression effect was
not observed. Other examples include differences in memory
retention (e.g., real world objects are remembered better than
pictures; see Snow et al, 2014), differences in attention (e.g.,
graspable objects grab attention more readily that images; see
Gomez et al., 2018), and differences in decision-making (e.g.,
willingness-to-pay and satiety expectations are greater for
real food compared to images of food; see Romero et al.,
2017).
A proposed reason for the differences found between our
treatment of and responses to real-world objects and pictures
is that they differ in their affordances (Gibson, 1979/2015;
Turvey, 1992; Chemero, 2003; Heras-Escribano, 2019).
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Affordances are defined as opportunities for action that
organisms can perceive in their environment. For instance, a
floor affords “walkability” to an adult human being and
“crawlability” to a baby. Since affordances were first
introduced by Gibson (1979/2015) they have been described
as dispositional properties of the environment (Turvey, 1992;
Heras-Escribano, 2019), as perceivable relationships
between animals’ abilities and environmental properties
(Chemero, 2003), or even as a form of action-oriented mental
representation (Cisek, 2007; Clark, 2015; Pezzulo & Cisek,
2016). Snow and Culham (2021) point to this definitional
ambiguity and advocate for the term “actability” to best
describe the potential for genuine interaction between an
organism and its environment. Their definition of actability
is consistent with the Chemero (2003) definition of
affordance and is the one we will use in this paper. Despite
these diverse ontological characterizations, affordances are
generally understood as a primary object of perception and
that perception is fundamentally devoted to the control of
successful action.
Experimental research on affordances has explored the
way affordances are perceived to guide one’s interaction with
the environment (for a review, see Fajen et al. 2009; Dotov et
al. 2012). But if affordances are a primary object of
perception, one would expect they also play a role in the way
we categorize objects and events in our environment. And if
affordances are a primary object of perception, one would
expect they would be part of the explanation for the observed
differences in the neural and psychological effects of objects
vs. pictures. After all, objects and pictures of those objects
afford very different actions—e.g., a hammer affords
hammering while a picture of a hammer does not. Yet, there
is very little research into the possible effects of affordances
in this context and, crucially, in the similarity judgement
paradigm for categorization tasks. For instance, while Holler
and Snow (2020) recently found differences in how images
and real-world objects are categorized, they did so without
paying attention to the hypothesis that affordances may be
responsible for those differences. Also, Castellini et al.
(2011) found that affordances potentiated object recognition
but did not investigate the effect on similarity judgements.
So, considering the literature on the differences in how we
treat real-world objects and pictures of those objects, and the
fact that each afford different actions, will these differences
in affordances influence the way objects and pictures are
categorized?
To lay out a framework to start answering this question, we
developed an experiment in which we asked participants to
make similarity judgments of either real-world objects,
pictures of those objects, or the names of those objects. We
predicted that the similarity judgements would be different
for objects, pictures, and words. We also predicted that,
considering the evidence that pictures of objects are often
categorized based on abstract linguistic categories (e.g., Mur
et al., 2013), the similarity judgements for words would more
closely resemble those for pictures than those for objects. We
expected the greatest differences to be found between objects

and words. Finally, we preliminarily explored the hypothesis
that the different affordances of objects with respect pictures
and words at least partially explain these differences.

Methods
Data collection took place in the Spring of 2016 at Franklin
& Marshall College (Lancaster, PA, USA). The study was
conducted in accordance with Franklin & Marshall’s
Research Integrity Policy and the protocol was approved by
the Institutional Review Board.

Participants
48 undergraduate students from Franklin & Marshall College
were recruited to participate in the experiment (N = 48). The
sample consisted of 17 males and 31 females (1:1.8).

Experimental Paradigm
We used a categorization task based on the one used in Mur
et al. (2013). There, participants were asked to make
similarity judgments by arranging pictures on a computer
screen such that pictures judged more similar were closer
together on the screen, and those less similar were placed
further apart. We moved this procedure into the real world
and, in addition to the picture condition, included real objects
and object names as additional experimental conditions in a
between-subjects design. The degree of similarity between
the two stimuli was represented by the geometrical distance
between them after placement.

Experimental Set-up
The experiment took place in an empty room with a plain
desk. A Canon Vixia hfs20 HD video camera was mounted
in the ceiling directly above the desk. The stimuli consisted
of 9 familiar objects: an apple (red delicious); a full roll of
duct tape; a leather glove; a carpenter’s hammer; a lollipop; a
pinecone; a wooden ruler; a seashell; and a tablespoon.
Importantly, these objects could each be categorized using
multiple criteria (e.g., typical location, colour, size, shape,
typical usage, etc.) giving the participants multiple degrees of
freedom in making their judgments. Three different
representations of the 9 objects were used: the real-world
objects (the Object Condition, Figure 1A); the pictures of
those objects reflecting the same size and viewing angle as
the real objects (the Picture Condition, Figure 1B); and the
names of those objects (the Word Condition, Figure 1C). The
pictures were printed on white letter-size card stock paper,
and the names of the objects were printed in plain black
lettering on the same card stock paper used for the pictures.
We used a between-group experimental design: each
participant experienced the same 9 different stimuli, but only
in one of the three conditions; therefore, each condition
contained 16 participants.
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Figure 1: Diagram of the experimental setup for the three
conditions. Participants were asked to place (A) real objects,
(B) pictures, or (C) word names of the object on the table.
They placed them at a distance that reflects how similar they
judge the objects to be—the closer, the more similar.

Procedure
A bucket with (initially) 48 slips of paper each bearing the
number 1, 2, or 3 (16 slips each) was prepared in advance.
Each participant selected a slip of paper to determine the
condition they were placed in, and that slip was discarded.
Before each participant began their first trial, the
experimenter shuffled a set of cards on which all possible
triples of the 9 stimuli were written to determine the order of
the trials. Thus, both the condition and the trial order were
arbitrary for each participant. For each of the 84 trials, the
experimenter placed the three stimuli indicated on the card in
the centre of the table and instructed the participant: "Please
arrange these so that the things that are more similar are
closer together, and those that are less similar are further
apart." The participant had as much time as they needed to
arrange the stimuli, and importantly, they spontaneously
made their similarity judgements without suggestion of how
the stimuli should be categorized. After the participant was
happy with their arrangement, a picture of the arrangement
was taken using the camera mounted in the ceiling. This
procedure continued until all cards in the set were used,
concluding the 84th trial for the participant.

Measurement
The distances between stimuli were measured in pixels from
the photographs taken after each trial using the software
Greenshot (https://getgreenshot.org). Measurements were
made from the geometrical centre of each stimulus. Each
pair-wise distance was recorded in a Microsoft Excel
spreadsheet, noting which trial and participant number the
distance was taken from.

Data Preparation
We used Microsoft Excel to prepare our raw data for analysis.
We first performed an outlier analysis on our data testing all
pair-wise distances for each participant, looking for any pairwise distance that was greater than 4 standard deviations
above or below the mean pair-wise distance for that
participant. In doing so, we found 4 outlying distances: 3
outliers for one participant in the picture condition, and 1
outlier for one participant in the word condition. For all 4
outliers, we replaced the outlying value with the average pairwise distance for the respective participant.

Next, since relative rather than absolute distance between
stimuli represents perceived similarity for our research
question, we normalized our data (in two different ways to
ensure our normalization procedure did not distort our results
in undesired ways). First, we normalized every raw pair-wise
distance for each participant using the following equation:
ND = D • (MR/IR); where ND is the resulting normalized
pair-wise distance, D is the raw pair-wise distance being
normalized, MR is the mean range of pair-wise distances for
the condition, and IR is the range of pair-wise distances for
that individual. Second, we additionally normalized every
raw pair-wise distance for each participant using the
following equation: ND = D • (MD/TD); where ND and D
are the same as above, MD is the mean pair-wise distance for
the condition, and TD is the total distance (the sum of pairwise distances) for the participant in question.
After normalizing our data, for each participant, we
averaged the pair-wise distances for each pair of stimuli
across trials and then constructed an individual 9x9
dissimilarity matrix using the averaged pair-wise distances.
This procedure resulted in 48 individual 9x9 dissimilarity
matrices – one for each participant, and 16 in each condition.

Analysis Methods
Using MATLAB 2020a, we performed a one-way ANOVA
and followed-up with a Tukey’s HSD post-hoc test of the
mean pair-wise distances in our experimental conditions to
confirm that they come from different populations.
For our main analyses, we also used MATLAB 2020a to
design and implement a custom analysis program to test our
hypotheses. First, from the individual 9x9 dissimilarity
matrices, we created an average dissimilarity matrix for each
of the three conditions (Figure 2). We then performed
planned comparisons between each of our conditions:
Object-Picture, Object-Word, and Picture-Word. For each
comparison we performed a Mantel test and a Procrustes
Analysis. The script for the Mantel tests was provided by
Glerean et al. (2016). A Mantel test returns a measure of
similarity between two matrices in the form of a Pearson
correlation coefficient. A Procrustes test returns the measure
of dissimilarity of two matrices by performing a linear
transformation between the two. For the Mantel test, the
higher the Pearson correlation coefficient the more similar
the matrices; in contrast, the higher the Procrustes value the
greater the transformation needed to line up the matrices, and
thus the less similar the matrices are. Together these two tests
provide complementary results of how similar the similarity
judgements were across experimental conditions.
Next, to provide the context to test for whether any
differences found between our conditions could be
considered significant, we performed a bootstrapping
procedure to construct population distributions of Procrustes
scores and Pearson correlations by scrambling our condition
labels. This procedure is based on the representational
similarity analysis permutation method for comparing two
dissimilarity matrices (Kriegeskorte et al., 2008). We iterated
through the 48 individual 9x9 dissimilarity matrices 10,000
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times, each time selecting three sets of 16 matrices (random
selection without replacement). After averaging the pairwise
distances across the sets, we then performed a Procrustes test
and Mantel test between each of the three resulting averaged
matrices. This resulted in two distributions of 30,000 values
each, one for Pearson correlations and another for Procrustes
scores, that we used to determine whether our experimental
conditions resulted in a significant effect.
Also using MATLAB 2020a, we then performed an
exploratory hierarchical agglomerative cluster analysis to see
how the sets of 9 stimuli were categorized in each condition.
We used a linkage method (Ward’s minimized variance) and
set the colour threshold (each node having a unique colour)
for the resulting dendrograms at 60% the maximum linkage
between nodes. Using this method, the distance between two
clusters (i.e., linkage distance) is how much the sum of
squares will increase when the two clusters are merged;
therefore, the smaller the linkage distance, the less variability
under the respective node. So, this method creates clusters
where the variance within each cluster is less than the
variance between clusters. In the context of similarity
judgement measurements, this means that those stimuli
clustered together are considered more similar than those in
differing clusters, in turn reflecting the underlying category
representations for objects, pictures, and words, respectively.

between object pairs (N = 1,152, M = 220.11, SE = 2.58) was
significantly less than the mean distance between picture
pairs (N = 1,152, M = 313.33, SE = 2.58), q(3, 3453) = 41.41,
p < .001. The object mean distance was also significantly less
than the mean distance between words (N = 1,152, M =
347.13, SE = 2.58), q(3, 3453) = 57.60, p < .001. And finally,
the mean distance between pictures was significantly less
than that for words (q(3, 3453) = 16.19, p < .001).

Figure 3: Mean pair-wise distance for each of the three
experimental conditions: the Object Condition (blue bar), the
Picture Condition (green bar), and the Word Condition
(yellow bar). Each mean pair-wise distance was significantly
different from the others (*** = p < .001). Error bars indicate
the standard error of the means (SEM) for each condition’s
mean pair-wise distance.

Between-Condition Planned Comparisons

Figure 2: Dissimilarity matrices for Object Condition (A), the
Picture Condition (B), and the Word Condition (C). Matrices
depict all average pairwise distances (in pixels) between each
pair of experimental stimuli.

Results
As noted in the Methods section, we normalized our data in
two different ways. We performed the described analyses on
both sets of normalized data and found the same results. So,
for the sake of brevity, the results presented below are only
for the data normalized using the first method described in
the Methods (i.e., the range of pair-wise distances: ND = D •
(MR/IR)).

Differences in Mean Pair-wise Distances
We performed a one-way ANOVA testing for the effect of
the condition on mean pair-wise distance and found a highly
significant difference between at least two conditions, F(2,
3453) = 652.01, p < .001. A Tukey’s HSD post-hoc test
revealed significant differences between all three conditions’
mean pair-wise distance (Figure 3). The mean distance

Mantel Test We performed a Mantel test between the
averaged dissimilarity matrices for each of the conditions to
assess their degree of similarity. The Mantel tests returned a
Pearson correlation coefficient for each comparison: ObjectWord, Object-Picture, and Picture-Word. As expected, given
the nature of the stimuli, all the matrices were significantly
correlated. However, each also differed from the others. The
object and word dissimilarity matrices were the least similar
(r = 0.88, p < 0.001). The object and picture dissimilarity
matrices were the second least similar (r = 0.90, p < 0.001).
And the picture and word dissimilarity matrices were the
most similar (r = 0.95, p < 0.001). All correlations were
statistically significant.
Situating the Mantel Test Results in the Mantel Test
Distribution To test whether the observed differences were
significant, we performed a bootstrapping procedure to build
a population distribution of Pearson correlation coefficients
in which we could situate our results (see Methods). The
observed correlation coefficient for the Object-Picture
comparison fell far into the tail of the distribution, with only
1% of the distribution showing lower values. The ObjectWord comparison was even further into the tail, with only
0.02% lower values in the distribution. In contrast, the
Picture-Word comparison was in the middle of the
distribution, being higher than 39% of the values (Figure 4A).
This suggests that the Picture and Word matrices do not
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significantly differ from one another (their differences can be
accounted for by chance). In contrast, the Object matrix,
despite being significantly correlated with the other two, also
significantly differs from them as shown by the improbability
that the difference in conditions had no effect on the
correlations.

Procrustes Analysis We also performed a Procrustes
Analysis between the averaged dissimilarity matrices for the
conditions. A Procrustes analysis returns a score that is a
measure of dissimilarity between two matrices, in our case
we once again made three comparisons: Object-Picture,
Object-Word, and Picture-Word. The Procrustes scores were
as follows: the most dissimilar was 0.08 for the Object-Word
comparison, the next most dissimilar was 0.07 for the ObjectPicture comparison, and the most similar was 0.02 for the
Picture-Word comparison.
Situating the Procrustes Analysis Results in the Procrustes
Score Distribution As with the Mantel results, the Procrustes
scores showed that all three matrices are quite similar, but we
wanted to know if the observed differences were significant.
We performed the same bootstrapping procedure to build a
population distribution of Procrustes scores (see Methods)
and situated the Procrustes scores from our planned
comparisons within that distribution. As with the Mantel
results, the Object-Picture comparison fell far into the tail of
the distribution, with only 0.02% of results being higher
(more dissimilar) and the Object-Word comparison was the
very last value in the distribution. In contrast, the PictureWord comparison was in the middle of the distribution, with
57% of the comparisons being more dissimilar (Figure 4B).
These results converge with the Mantel distribution results in
showing that the similarity judgements in the object condition
were significantly different from those in the picture and
word conditions, with the greatest difference being between
the object and word conditions.

Figure 4. Mantel and Procrustes Analysis results situated in
the bootstrapped distributions. (A) The histogram of the
Pearson correlation coefficients (the outcome of the Mantel
test). (B) The histogram of the Procrustes scores (the outcome
of the Procrustes test). Dashed lines show the position of the
correlations between the matrices of the experimental
conditions in each distribution, indicating their significance.
*** = p < .001; ** = p < .01; ns = not significant

Exploratory Cluster Analysis

We performed a hierarchical agglomerative cluster analysis
(linkage method: Ward’s minimized variance) to explore the
categorization of the 9 stimuli in each condition (see
Methods). In the object condition, there were two main
clusters, in the picture condition there were three main
clusters, and in the word condition there were four main
clusters. This indicated an increase in variability between
categories when moving from objects to pictures to words
being categorized.
The first distinct cluster in the object condition consisted
of the seashell, pinecone, spoon, lollipop, and apple. Within
this cluster there were subclusters of seashell and pinecone
and spoon, lollipop, and apple, with the lollipop and apple
being subsumed by the spoon-lollipop-apple cluster. The
second distinct cluster in the object condition consisted of the
tape, glove, ruler, and hammer objects, with a subcluster of
glove, ruler, and hammer, with the ruler and hammer
subsumed by the glove-ruler-hammer subcluster (Figure 5A).
The first principal cluster in the picture condition consisted
of the spoon and the lollipop. The second included the
seashell, pinecone, and apple, with the pinecone and apple
subsumed under the seashell-pinecone-apple subcluster. The
third cluster in the picture condition contained the glove, tape,
ruler, and hammer with subclusters of tape-ruler-hammer and
ruler-hammer (Figure 5B). For the word condition, the first
main cluster contained the seashell and pinecone, the second
contained the lollipop and apple, the third contained the
spoon and glove, and the fourth contained the tape, ruler, and
hammer with the ruler-hammer forming a subcluster (Figure
5C).

Figure 5: Results from hierarchical agglomerative cluster
analysis (linkage method, Ward’s minimized variance;
colour threshold: 60% maximum linkage). Vertical axis:
linkage distance; horizontal axis: stimuli. (A) The Object
Condition – two main clusters: hammer, ruler, glove, tape
(dark blue); apple, lollipop, spoon, pinecone, seashell (light
blue). (B) The Picture Condition – three main clusters:
hammer, ruler, tape, glove (turquoise); apple, pinecone,
seashell (light green); and lollipop, spoon (dark green). (C)
The Word Condition – four main clusters: hammer, ruler,
tape (yellow); glove, spoon (orange); apple, lollipop (pink);
and pinecone, seashell (burgundy).

Discussion
Our findings in this experiment comparing similarity
judgments made on objects, pictures, and words are
consistent with the growing consensus that real objects affect
us and are treated by us differently from representations of
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those objects (Snow et al. 2011; 2014; Gomez et al. 2018;
Romero et al. 2017). In the current case, we compared
dissimilarity matrices constructed in our three conditions
using both Procrustes and Mantel tests, employing a
bootstrapping procedure to assess statistical significance.
In both constructed distributions, the Object-Picture and
Object-Word comparisons fell significantly into the tail ends
of the distributions. This indicates that the experimental
manipulation using pictures of objects versus real objects
created significant differences between the similarity
judgments of those stimuli, and likewise with objects and
words. The Picture-Word comparison falling into the middle
of the distribution indicates that the stimuli being a picture
rather than a word did not significantly affect the similarity
judgements of those stimuli.
From this and previous results (for a review, see Snow &
Culham, 2021) it is clear that researchers should exercise
great caution when generalizing to the case of real objects
when experimental results are obtained using object
representations. This is the case even when considering
experimental settings with different delivery apparatus. For
instance, Holler & Snow (2020) found convergent results in
an experimental setting where the real-world objects were
handled physically whereas the pictures were manipulated on
a computer screen. Our complimentary results were obtained
in an experimental setting in which both real objects and
pictures are physical manipulated. The combination of both
results suggests that the difference between real world objects
and object representations is robust in the case of diverse
ways of delivering object representations.
We also found support for the hypothesis that the observed
differences between real objects and representations of them
are partly explained by differences in affordances. Taking the
Word condition first, there it seems clear that the two main
clusters map neatly onto a distinction between tools and nontools, suggesting a simple conceptual bifurcation in the
classification scheme. (We will return to some of the lowerlevel details after reviewing the other cluster analyses.)
One initial cue to what is driving the similarity judgments
in the Picture condition is the low-level adjacency of spoon
and lollipop: overall shape. The impression that in the Picture
condition similarity judgments are shape driven is reinforced
by the other adjacent sub-cluster: apple, pinecone, and
seashell are all roundish, roughly fist-sized objects.
The most telling feature of the Object cluster are the tuples
apple-lollipop-spoon and hammer-ruler-glove. The first
suggests and eating-related cluster, with a specific “edible”
category, and the second a hand-related cluster with a specific
“employable” category.
There is also evidence here that many different factors
influenced similarity judgments, and it must be
acknowledged that we have not in the current set of
experiments ruled out plausible alternatives to the affordance
hypothesis. Hammer, ruler glove, tape, for instance, are
closely related in all cases, indicating sensitivity to a tool
category across conditions. In fact, hammer-ruler are
adjacent in all cases. But these items are related in multiple

ways: the way they might be wielded (affordances); being
tools (category); and being relatively elongated (shape).
Similarly, there is evidence in these clusters for the influence
of natural vs. artificial (e.g., apple, pinecone, seashell being
closely related). This is why it is crucial to attend not just to
local adjacency, but also to larger neighborhoods when
discerning the dominant factor driving similarity judgment in
a given condition. Hence, when the adjacent pair applelollipop are clustered with spoon, that suggests “edible” is a
dominant consideration, whereas when apple- lollipop are
clustered with pinecone-seashell this suggests that a “nontools” category is dominant, despite the fact that edibility is
clearly part of the overall judgment. Similar reasoning applies
to the hammer-ruler dyad when it appears in the company of
glove vs. tape; the former indicates hand-related affordances,
the latter a more general tool category.
Cluster analyses are always exploratory, and we
understand this is just one plausible interpretation among
others of the relevant factors guiding the categorization of the
different stimuli. These results therefore point to several
possibilities for future work. Employing the same behavioral
paradigm used here, further evidence for the influence of
affordances on similarity judgments might be found using
objects with different highly specific and salient affordances,
such as specialized tools, pitting these against one another
and/or against the sorts of more “everyday” objects that we
used in the current case. Taking this notion further, one could
attempt to manipulate the salience of the affordances by
altering the context within which they are encountered, e.g.,
a generic lab vs. a workshop vs. a kitchen. Alternately, one
could manipulate the state of the participants themselves,
e.g., hungry vs. satiated. Evidence that the effect of
affordances can be modulated by circumstance would further
underscore the important role played by affordance
perception in the first place (one wouldn’t expect such
manipulations to modulate shape or category perception, for
instance).
Moving into the domain of neuroimaging, it would be
instructive to repeat the study done by Mur et al. (2013) using
real objects as a contrast condition. They found, using a
representational similarity analysis (RSA), that the similarity
of medial temporal (MT) cortex activation in response to
different objects closely matched the judged similarity of
those objects, as measured by the paradigm employed here.
But they used only pictures as stimuli. Given the observed
difference in judged similarity using objects vs. pictures, a
question arises: will MT activation look the same when using
real objects, or different? If the same, what drives the
different behavioral result? If different, what modulates MT
activity so it differs when presented with real objects vs.
pictures? Either outcome promises new insight into the
relationship between brain and behavior.
Generally, we believe the examination of the differences
in the experimental effects of real objects and of
representations of objects is interesting in its own right, and
also of practical relevance for a field largely dominated by
the use of representations such as pictures as stimuli.
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Abstract
An important step in children’s socio-cognitive development
is learning how to engage in coordinated conversations. This
requires not only becoming competent speakers but also active listeners. This paper studies children’s use of backchannel
signaling (e.g., ”yeah!” or a head nod) when in the listener’s
role during conversations with their caregivers via video call.
While previous work had found backchannel to be still immature in middle childhood (i.e., 6 to 11 years of age), our
use of both more natural/spontaneous conversational settings
and more adequate controls allowed us to reveal that schoolage children are strikingly close to adult-level mastery in many
measures of backchanneling. The broader impact of this paper
is to highlight the crucial role of social context in evaluating
children’s conversational abilities.
Keywords: cognitive development; language acquisition; conversation; nonverbal; backchannel

Introduction
Conversation might seem to adults as an effortless social activity. In reality, it relies on complex linguistic and sociocognitive skills that children have to master starting in early
childhood and well into middle childhood (e.g., Matthews,
2014). The healthy development of these skills has a large
impact on children’s ability to learn from others, maintain relationships in life, and collaborate with peers. If this development is impaired, it can have negative consequences from
the risk of developing mental health issues to the quality of
academic attainment and employability (e.g., Murphy et al.,
2014).
This paper focuses on the development of an important
conversational skill — that has received surprisingly little attention in the language development literature — known as
Back-Channelling (hereafter, BC).
Backchanneling in Conversation. A backchannel (Yngve, 1970) is a communicative feedback that the listener
provides to the speaker in a non-intrusive fashion such as
short vocalizations like “yeah” and “uh-huh”, and/or nonverbal cues such as head nods and smiles. Despite not having
a narrative content, BC is a crucial element in successfully
coordinated conversations, signaling, e.g., attention, understanding, and agreement (or lack thereof) while allowing the
speaker to make the necessary adjustments toward achieving
mutual understanding or “communicative grounding” (Clark,
1996).
Types of Backchanneling. Bavelas et al. (2000) have established experimentally the difference between two types of

BC transmitted by the listener in a conversation: “generic”
and “specific.”1 As its name indicates, specific BC is a reaction to the content of the speaker’s utterance. It might indicate the listener’s agreement/disagreement, surprise, fear,
etc. As for generic BC, it is performed to show that the listener is paying attention to the speaker and keeping up with
the conversation without conveying a narrative content (see
examples in Table 2).
It is important to note that, while generic BC does not target the narrative content, it does not mean that it is used randomly. Both generic and specific BCs should be timed precisely and appropriately so as to signal proper attentive listening to the speaker. Otherwise, they can be counter-productive
and perceived, rather, as distracting and interrupting (Park et
al., 2017). In that sense, both specific and generic BC are
collaborative mechanisms.
Development of Backchanneling. While some studies
have documented early signs of children’s ability to both
interpret and provide BC feedback in the preschool period
(Shatz & Gelman, 1973; Peterson, 1990; Park et al., 2017), a
few have pointed out that this skill continues developing well
into middle childhood.
For example, Dittmann (1972) analyzed conversations of 6
children between the ages of 7 and 12 in a laboratory setting
where children conversed with adults and other children as
well as children interacting with each other at school. The results found there to be fewer BC signals produced by young
children in this age range compared to the older group (between 14 and 35 years old).
Following Dittmann (1972)’s study, Hess & Johnston
(1988) aimed at providing a more detailed developmental account of BC behaviors in middle childhood using a task where
children listened to board game instructions from an experimenter. In particular, the authors analyzed children’s BC production in various speaker’s cues such as pauses greater than
400ms, speaker’s eye gaze toward the listener, and speaker’s
clause boundaries. These cues/contexts were not spontaneous, however. They were predesignated by the experimenter to essentially become invariant throughout the task.
Hess and Johnston found that younger children produced less
BC compared to older ones.
1 A roughly similar distinction has been proposed in Conversational Analysis literature (Schegloff, 1982; Goodwin, 1986), using
the terms “continuers” and “assessment.”
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Both Dittmann (1972) and Hess & Johnston (1988) have
results indicating that children continue learning to provide
collaborative BC and to better anticipate the speaker’s cues
during middle childhood, suggesting that their behavior as an
age group is still immature compared to that of adults.

The current study and novelty of our work
While Dittmann (1972) and Hess & Johnston (1988) provided important insights about BC development, they both
analyzed BC when children were engaged in conversations
that may not be the ideal context to elicit and characterize
children’s full conversational competence. Some conversations were recorded with strangers (or in the presence of a
stranger), in a laboratory, and/or with non-spontaneous predesigned scripts.
We argue that children’s conversational skills could have
been under-estimated in these previous studies because of
their focus on contexts that are unnatural to the child and
are not similar to how they communicate spontaneously in
daily life. Indeed, research has shown that context can influence the nature of the conversational behavior more generally
(e.g., Dideriksen et al., 2019).
In the current work, we study BC behavior in middle childhood (i.e., ranging, roughly speaking, from 6 to 11 years of
age) while increasing, to the extent possible, the ecological
validity of the data. The goal is to provide a socially comfortable context where children could show a more natural use of
their conversational skills.
More precisely, we collect data where children a)
talk one-on-one with their caregivers (as opposed to a
stranger/experimenter), b) are at home (as opposed to the lab,
or even the school), c) converse to play a fun, easy, and natural game (word-guessing) that many children are already familiar with, as opposed to scripted turns or complex conversational games such as the map task (Anderson et al., 1991)
(typically used to prompt conversations in adults).
To achieve these goals, we capitalized on the recent increase in familiarity and use of online video calls by children
due to Covid-19 pandemic. Children and caregivers were
recorded talking to each other via video call while both at
home (but sitting in different rooms and using different personal devices).2
To evaluate children’s BC behavior compared to adult-level
mastery, it is not enough to consider only the caregiver’s behavior when talking to children. The reason is that caregivers
tend to adapt to children’s linguistic and conversational competencies (e.g., Snow, 1972; Misiek et al., 2020; Fusaroli et
al., 2021; Leung et al., 2021). Thus, in addition to childcaregiver conversations, we need to examine how adults behave in situations involving other adults. We collect similar
data involving the same caregiver talking either to another
family member or to a non-family member.
2 See Discussion for some possible limitations of this data acquisition method.

Figure 1: A snapshot of one of the recording sessions involving a child and her caregiver communicating through Zoom.
Using this data, we ask how children’s BC behavior in middle childhood compares to adult-level mastery both in terms
of the overall rate of production and in terms of its distribution across the speaker’s broad contextual cues (e.g., BC
overlapping with speech vs. during pauses).
We expect that our more natural setting would allow children to manifest more advanced BC skills compared to previous work. Furthermore, we predict that children’s BC behavior would be closer to that found in adult-adult conversation,
especially in the adult family dyads which provides a similar
social context to that of child-caregiver.

Method
Data and participants
We collected a corpus of multimodal conversations where
dyads of participants were recorded communicating via video
call in two conditions:
Child-Caregiver conversation. We recorded 10 dyads of
children talking to their caregivers using different laptops and
communicating from different rooms at home. Children were
between 6-and 11-years old (mean age was 8.7 years).
Adult-Adult conversation. We recorded the same caregivers talking to adults using the same procedure. Half of the
caregivers talked to a family member and the other half talked
to a non-family member (e.g., a colleague). In this adult-adult
condition, we are not interested in differences between interlocutors (unlike the asymmetrical context of child-caregiver
condition). Rather, we are interested in possible differences
in behavior across the family vs. non-family dyads, which
provide us with two characterizations of adult-level mastery
against which we can compare children’s maturity in terms of
BC behavior.

Procedure
In both conditions, dyads of interlocutors engage in conversations that involve a combination of a word guessing game
and spontaneous discussions. Lasting around 15 minutes in
total, each recording consists of three stages: first, the Caregiver/Adult 1 explains the task, then the dyad starts playing
the game for around 10 minutes and finally they initiate a
more spontaneous conversation.
The word guessing game was straightforward: One interlocutor thinks of a word and the other tries to guess it by
asking questions. After a word has been guessed, the interlocutors change their roles. In the third, more spontaneous
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Child
Caregiver
Family
Non-family

Verbal

Head nod

Smile

G.

S.

G.

S.

G.

S.

2.5
3.9
3.3
6.0

13.3
9.3
12.1
20.8

3.6
0.4
2.0
19.9

3.3
4.9
6.7
17.7

10
14.8
21.9
34.0

24.7
16.5
14.9
22.1

Table 1: Average number of Generic vs. Specific BC produced per participant in each modality.
phase, the caregivers were (minimally) instructed to discuss
freely with the interlocutor about how the game went and to
comment on each other’s performance in the game.
Video Call Software We used Zoom (Zoom Video Communications Inc., 2021) for video calls since participants
were more familiar with this software. It is worth mentioning that Zoom has built-in audio-enhancing features that can
be problematic for the study of BC. In particular, one feature consists in giving the stage to one speaker while suppressing background noise that may come from other participants’ microphones. We made sure, in preliminary testing,
that backchannel is not suppressed as “background noise,” at
least in our case where there are only two active participants
in the zoom session.

Annotating Listener’s BC.
We manually annotated the entire video recordings for the
listener’s BC. While a multitude of verbal and non-verbal
behaviors can convey some form of specific active listening,
here, we made this question more manageable by focusing on
a subset of multimodal behaviors that can, a priori, be used
not only for specific BC but also for generic BC.3 In fact,
this subset is a good test for children’s ability to encode and
decode specific vs. generic BC even when both can be expressed by the same behavior/modality. For example, a smile
can be both an accommodating gesture (generic) or an expression of amusement (specific) depending on the context
(see Table 2).
In addition to short vocalizations (e.g., ”yeah”, ”m-hm”),4
head nods and smiles were observed in our data to be used
by children and adults both as specific and generic BC. Other
non-verbal signals (e.g., head shakes, eyebrow displays, and
laughs) were almost always specific, and therefore — as we
indicated above — they were not included in the analysis.
The annotation of short vocalizations, head nods, and
smiles for BC proceeded in two steps: 1) the target behavior was first segmented in time, and 2) if the behavior was
recognized as a BC, it was tagged as specific or generic. For
details about the first step, including methods for calculating
3 Indeed,

preliminary inspection of the data had suggested that
behaviors used for generic BC are also used for specific BC (but not
vice versa).
4 If a short vocalization functioned as an answer to a question
(e.g., “yeah” as answer to a yes-no question), it was not considered
as a BC.

Figure 2: The rate of BC production per minute for both
child-caregiver condition and family vs. non-family in the
adult-adult condition. Each data point represents a participant and ranges represent 95% confidence intervals.
inter-annotation agreement of segmentation in time, please
see our resource conference paper (Bodur et al., 2021). As
for the second step, the first author annotated the entire set of
(already segmented) behaviors into specific vs. generic BC.
In order to estimate inter-rater reliability for the second
step, around 20% of the data were annotated independently
by a second annotator. We obtained a Cohen Kappa value of
κ = 0.66, indicating “moderate” agreement (McHugh, 2012).
Table 1 shows some average statistics of Generic vs. Specific BC produced per participant in each modality. It shows
that children and adults do produce both types of BC in each
of the modalities we consider. Given our limited sample size
and in order to optimize statistical power, all analyses below
were done by collapsing BC across all these modalities.

Annotating the Speaker’s cues
We also annotated the recordings for the speaker’s cues where
the listener’s BC may occur. We considered two broad speaking contexts/cues: a) Overlap with speech, that is, when
the listener produces a verbal or non-verbal BC without interrupting the speaker’s ongoing voice activity, and b) During a pause, i.e., when the listener produces a BC after the
speaker pauses for a minimum of 400ms (Following Hess &
Johnston, 1988). In addition, we study the subset of cases
where these cues overlap with the speaker’s eye gaze, that is,
when the listener produces a BC while the speaker is looking
at them vs. while the speaker is looking away.
The speaker’s continuous segments of speech (or InterPausal Units, IPUs) were annotated automatically using a
Voice Activity Detection software (Bigi, 2012; Bigi & Meunier, 2018). The speaker’s gaze (looking at listener vs. looking away) was annotated manually (See Bodur et al., 2021).

Results
Rate of BC production
We computed the total number of specific and generic BC
produced by each interlocutor, then we divided this number
by the length of the conversation in each case to have a mea-
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- Parent: So, [ ] the game is a simple word guessing game
- Child: Yeah!
Comment: The child’ BC shows that they are engaged in what the caregiver is telling them while
still remaining as audience.
- Adult1: It was a good way of training [ ] and also publishing ..
- Adult2: Of course!
Comment: Adult2 becomes involved in the narration process by acting upon Adult1’s utterance:
They display agreement.
- Adult1:..in addition to having knowledge of EEG because I’ve never..
- Adult2: [Head nod]
Comment: Adult2 nods while Adult1 hesitates during the utterance to show that they are anticipating the interlocutor to communicate their engagement.
- Parent: That’s right, it’s a metronome [ ] Oh too strong!
- Child : [Head nod]
Comment: The child’s head nod is internal to the narrative plot of the caregiver, they nod to add
information to the narration by showing approval for what was said by the caregiver.
- Adult 1: Ah because in the objects category you did not put living beings
- Adult 2: [Smile]
Comment: Adult2’s smile is directed at the narrator while actively listening as the speaker to
communicate general understanding and involvement.
- Adult 1: No, it’s gonna be something so silly too. Um...
- Adult 2: [Smile]
Comment: Adult2’s smile is a direct response to what was said by the speaker. It is specific to that
point in the narrative and shows amusement.

BC type

Modality

Generic

Verbal

Specific

Verbal

Generic

Head nod

Specific

Head nod

Generic

Smile

Specific

Smile

Table 2: Excerpts from conversations in the corpus exemplifying both types of BC in each of the three modalities we consider
in this study. BC either occurs during a pause “[ ]” in the speaker’s turn or it overlaps with a segment of the speaker’s speech
(the underlined part). The comment explains the decision to classify the BC as generic or specific, following the distinctions
made in Bavelas et al., 2000.
sure of the rate of production per minute. Results are shown
in Figure 2. When comparing children to caregivers, we
found what seems to be a developmental effect regarding the
rate of production of specific vs. generic BC. More precisely,
children produced specific BC at a higher rate than generic
BC and this difference was higher for children than for caregivers. Statistical analysis confirmed this observation: A
mixed-effect model predicting only children’s rate as a function of BC type5 yielded an effect of β = 1.47 (SE = 0.17,
p < 0.001), meaning there was a difference between specific
and generic BC rate in children. A second model predicting rate of production (by both children and caregiver) as
a function of both BC type and interlocutor (child or caregiver)6 showed there to be an interaction β = 0.81 (SE = 0.37,
p < 0.05), meaning that the difference between BC types in
children is larger than it is in caregivers. As can be seen
in Figure 2, and although children produce slightly fewer
generic BC, the developmental difference can be largely attributed to children producing more specific BC compared to
caregivers.
In the same Figure, we also have the rates of production
in the Adult-Adult control conditions. While these controls
were meant to be contrasted with the child-caregiver dyads,
here we noticed an interesting difference among them: Both
5 Specified
6 Specified

as Rate ∼ BC type + (1 | dyad)
as
Rate ∼ BC type*Interlocutor + (1 |

BC types were higher in the non-family dyads than in the
family dyads. Using a mixed-effects model predicting the
rate of BC production as a function of type and family membership,7 we found a main effect of family membership:
β = 0.81 (SE = 1.57, p = 0.01) but there were no effect of
BC type nor an interaction.
By comparing the child-caregiver condition to family vs.
non-family of the adult-adult conditions in Figure 2, we make
the following observations. Caregivers, when talking to children, produced BC at a rate roughly similar to the one used
among adults in the family dyads. The same thing can be
said about children: Although they tend to produce slightly
more specific BC and slightly fewer generic BC than adults,
these differences were small and not statistically significant.
This comparison suggests that, overall, children are not less
prolific in terms of BC production than adults, at least when
adults converse in a family context.

Distribution of BC over Speaker’s cues
Child-Caregiver condition While the results shown in
Figure 2 inform us about the overall rate of BC production,
they do not show the speaker’s cues/contexts in which this
production occurs. As explained in the Methods’ section, we
examined the nature of BC production of the listener during
the speaker’s speech vs. pause and in the subset of cases

dyad)
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7 Specified

as Rate ∼ BC type*Family + (1 | dyad)

Figure 3: The rate of listener’s BC production of children and caregivers across the speaker’s speech and pauses (mutually
exclusive). We also show the subset of cases where these cues overlap with the speaker’s gaze at the listener. Each data point
represents a participant and ranges represent 95% confidence intervals.
where these cues overlap with the speaker’s gaze (Kendon,
1967; Kjellmer, 2009; Morency et al., 2010).
In Figure 3 we show the rate of BC production of children
and caregivers across these cues. The main observation is that
children and caregivers produce BC across speaker’s cues in
roughly similar proportions.
Another observation is that, for both interlocutors, while
BC in speech almost always coincided with the speaker’s
gaze at the listener (though this is likely due to a floor effect),
this was not the case for BC produced during pauses where
part of this production did not coincide with the speaker’s
gaze (in other words, listeners also provided BC when the
speaker paused and looked away).
One minor difference between children and caregivers is
the following. While their rate of BC during speech was generally low, this rate was slightly higher for children (while
almost totally absent for caregivers). The origin of this small
difference is unclear: it could be due to children providing
less BC opportunities for adults to capitalize on, or to adults
not providing BC despite such opportunities. Another difference is that caregivers seem to produce slightly more generic
BC after pauses than children do (though this difference was
not statistically significant).
Adult-Adult (control) conditions Next, we examined how
BC production varied across the speaker’s cues between family and non-family dyads in the adult-adult control conversations. The results are shown in Figure 4. Unsurprisingly,
and in line with findings in Figure 2, we observe a general
increase in BC production rate among non-family dyads relative to family dyads.
However, this increase was interestingly not similar across
the speaker’s cues. In particular, while average BC production rate remained similar during the speaker’s pauses, we
observed a striking increase of generic BC produced by nonfamily listeners during the speaker’s speech, going from almost zero to around 1 BC per minute. Indeed, a mixed-effects

model predicting rate of generic BC as a function of family
membership showed there to be a strong difference: β = 0.84
(SE = 0.2, p < 0.001).
Another observation is that, for both family and non-family
dyads, only part of the BCs co-occurred with the speaker’s
eye gaze towards the listener in both speaker’s speech and
pause, i.e., many BC occurred when the speaker was looking
away.
By comparing Figure 3 and Figure 4, we conclude that patterns of BC distribution (across speaker’s cues) of children
and caregivers are not only largely similar to each other, but
also similar to the patterns of BC distribution of adult-adult
conversations in the family context. In fact, we observed
much more differences due to family membership between
adults than differences due to developmental age.

Discussion
This paper studied BC in child-caregiver conversations and
compared children’s behavior to adult-level mastery in family and non-family contexts. While previous work (Dittmann,
1972; Hess & Johnston, 1988) found BC to be still relatively
infrequent in middle childhood, here we found that children
in the same age range produced BC at a similar rate as in
adult-adult conversations where the adults were family members, which is a more pertinent control condition than when
adults are not family members. In the latter, the rate of production of BC was much higher.
The findings confirm our prediction that improving the naturalness of the data collection context (i.e., conversation with
a caregiver, at home, and using a fun/easy game) allows us to
capture more of children’s natural use of BC, which we found
to be strikingly close to adult-level mastery.
BC opportunities An alternative interpretation is that caregivers provide children with more BC opportunities than
what they would have received otherwise, “scaffolding” their
BC behavior. While it is difficult to quantify exhaustively and
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Figure 4: The rate of listener’s BC production in family and non-family adult dyads across the speaker’s speech and pauses
(mutually exclusive). We also show the subset of cases where these cues overlap with the speaker’s gaze at the listener. Each
data point represents a participant and ranges represent 95% confidence intervals.
precisely all BC opportunities, we can have an approximation
by counting all pauses of at least 400ms between two successive sound segments (or IPUs) of the same speaker.8 Using
this rough estimate, Figure 5 shows that, indeed, children are
offered slightly more opportunities from the caregiver than
the other way around. However, the number of BC opportunities is higher in the adult-adult conversations. Thus, the
number of BC opportunities alone does not explain why children still produce BC at a similar rate as adults in the family
dyads.
Generic vs. Specific BC We found that children tend to
produce fewer generic BC compared to specific BC. However, this result does not necessarily mean children find
generic BC harder to learn. Indeed, the rate of generic BC
was very low for both children and adults in family dyads.
Findings from the non-family control condition suggest a
better interpretation for this result. In this condition, adults
provided a much higher rate of generic BC. We speculate
that the participants used more generic BC (e.g., smiles) to
establish social rapport with a stranger. In family dyads (including child-caregiver dyads), however, social rapport is already established, requiring less explicit accommodating signals (Tickle-Degnen & Rosenthal, 1990; Cassell et al., 2007).

Limitations
We used video calls as a way to collect data in a more naturalistic context than previous research did. However, this
method involves introducing a medium that has obvious constraints and the participants may be adapting to — or influenced by — these constraints. Indeed, we found some differences with previous work that has studied BC in direct
face-to-face conversations in the same culture/country (i.e.,
8 Note that this measure approximates BC opportunities only in
the context of the speaker’s pauses, not opportunities for BCs that
overlap with the speaker’s speech. Estimating the latter requires investigating finer-grained cues within speech such as intonation and
clause boundaries.

Figure 5: The rate of BC (received) opportunities. Opportunities were defined roughly as pauses of at least 400ms between
two successive sound segments (or IPUs) of the speaker.
France) (Boudin et al., 2021; Prévot et al., 2017). For example, our rate of BC production in adults was overall lower.
Besides, our number of verbal BC compared to non-verbal
BC was also lower (see Table 1).9 However, our goal in the
current work was to compare children and adults; the constraints due to introducing an artificial medium of communication applies equally to both populations, thus the comparison remains valid in this specific context.
BC behavior can also be influenced by internet issues such
as time lags (Boland et al., 2021), possibly disturbing the appropriate timing and anticipation of BC. That said, our preliminary testing (and, then, the full annotation of the data)
have shown that if there were lags, they must have been minimal compared to the time-scale of BC dynamics. The production of BC did not seem to be disrupted (or disrupting) in
a noticeable fashion. However, further research is required to
precisely quantify the potential (disturbing) effect that video
call systems might have on BC as well as other conversational
skills.
9 Part of these differences could also be due to differences in the
tasks used to prompt conversations.
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Abstract
Learning to write is characterized by bottom-up mimicking of
characters and top-down writing from memory. We introduce
a CNN-RNN model that implements both pathways: It can (i)
directly write a letter by generating a motion trajectory given
an image, (ii) first classify the character in the image and then
determine its motion trajectory ‘from memory’, or (iii) use a
combination of both pathways. The results show that, in oneshot and few-shot learning, the model profits from different
combinations of the pathways: The generation of different character variants works best when the top-down is supported by
the bottom-up pathway. Refilling occluded images of efficiently
learned characters works best when using the top-down pathway
alone. Overall, the architecture implies that a weighted merge
of bottom-up and top-down information into a latent, generative code fosters the development of compositional encodings,
which can be reused in efficient learning tasks.
Keywords: top-down processing; bottom-up processing; oneshot learning; compositional encodings; efficient learning; RNN

Introduction
Different philosophers and psychologists disagreed for a long
time about bottom-up and top-down explanations of human
learning (Gopnik, 2019). To name a few, Aristotle, Hume,
Mill, Pavlov, and Skinner defended a behavioristic, bottomup approach that assumes that humans do not need any prior
knowledge. Instead, they are supposed to learn simply by
extracting associations and patterns from the incoming sensory stream. In contrast, Plato, Descartes, Kant, and Chomsky
suggested that humans must have basic knowledge of abstract
concepts to be able to form testable predictions and hypotheses
in a top-down manner (Gopnik, 2019). Nowadays, most researchers agree that those two strands can be integrated, which
is why we expect artificial models of cognition to profit from
the inclusion of bottom-up and top-down processes.
When children learn to write, they first try to copy the
characters they see. Meanwhile, they learn to classify those
characters, such that they can later on write a character from
memory. While the first is a bottom-up process, the latter
is a top-down process, which generates a trajectory from a
compact, internal encoding. Over time, the proportion of both
processes may vary from the mere copying to writing from
an idea on how a character is usually written, leading to the
development of one’s own handwriting style. The proportion
of bottom-up versus top-down character writing might further
vary depending on the task. Even after developing one’s own
handwriting style, in some occasions, it might be necessary

to copy characters, for example, when trying to copy another
person’s handwriting. In other occasions, such as when recognizing characters that are partially occluded, it is necessary to
complete the full character from memory.
This work is based on previous work on the artificial generation of handwritten characters. Particularly the learning
of characters in a one-shot manner has been investigated in
depth over recent years (Lake, Salakhutdinov, & Tenenbaum,
2019). Fabi, Otte, Wiese, and Butz (2020) have shown how a
one-shot inference mechanism can tap into compressed, compositional generative structures in RNN models. The approach
was inspired by human cognition, which is able to divide
objects into components and to thus rearrange them at will
later on when confronted with or when imagining related objects. In particular, Fabi, Otte, and Butz (2021b) investigated
the inner workings of generative long short-term memory
(LSTM) (Hochreiter & Schmidhuber, 1997) networks while
producing character trajectories, providing evidence that the
model was successful in several one-shot tasks because it
extracted character components during training that it could
reuse when confronted with new characters. In detail, the
incorporation of an embedding layer and inverse latent state
inference (Otte, Schmitt, Friston, & Butz, 2017; Butz, Bilkey,
Humaidan, Knott, & Otte, 2019) enabled the system to flexibly recombine previously learned compositional encodings.
As a result, one- and few-shot learning becomes possible, effectively generating handwritten character trajectories out of
one-hot encoded inputs.
Because of this earlier success and the demand to include
compositional capabilities into machine learning algorithms
(Battaglia et al., 2018; Franklin, Norman, Ranganath, Zacks,
& Gershman, 2020; Gopnik, 2019; Lake, Ullman, Tenenbaum,
& Gershman, 2017), here we investigate whether similar oneand few-shot learning abilities can be elicited in a more complex RNN model that is inspired by human bottom-up and
top-down processes. The new model is able to generate handwritten character trajectories out of images. It consists of (i)
a bottom-up, direct pathway that mimics the redrawing process in humans and (ii) a top-down pathway, which classifies
the image before generating a class-corresponding trajectory.
Both routes can be merged at will.
After introducing the full model, we investigate whether
the model is able to generate characters in a one-shot manner.
With the help of a particular one-shot inference mechanism,
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we show that it is possible to directly infer a suitable, compact encoding of a novel motion trajectory. We furthermore
evaluate the model in the generation of various variants of
particular letter concepts or in refilling character parts, which
are occluded in the input image. We conclude that similar
learning architectures may be used to model imitation behavior upon the observation of interaction events, because our
model essentially learns to compactly and compositionally
encode interaction events, and, meanwhile, learns to generate
observed interaction events conceptually, by mimicry, or by
blended versions of the two.

Method
Our generative model includes an image processing pathway,
which is used both to classify the shown letter and to produce
a compact code embedding ebottom−up for subsequent trajectory generation. A small subnetwork projects one-hot encoded
letter classifcations onto the same compact code embedding
space, yielding the top-down embedding etop−down . The compact code, from either or a combination of both embeddings,
then is passed through a long short-term memory recurrent
neural network (LSTM, Hochreiter & Schmidhuber, 1997).
After providing the details of our model, we specify the considered dataset and our performance evaluation approaches.

Model
The CNN-RNN model is depicted in Figure 1. It gets an image of a character as input and outputs the change in x and
y position of the pen at every time step, thus generating a
full trajectory. The first advancement in comparison to the
simple LSTM model of Fabi et al. (2021b) is that the current
model does not get a one-hot encoded vector, which encodes
the character, but the image itself as an input. First, the input
image is processed in a convolutional neural network with two
convolutional layers with a kernel stride of 5x5 and 32 and 64
filters, respectively. Both convolutional layers are followed by
a 2x2 pooling layer with stride 2. Dropout is applied with a
probability of 0.5, the activations are flattened and fed into a
dense layer of 100 units. Next, the two pathways are split up:
While the first one transforms the output of the CNN directly
into another fully-connected embedding layer ebottom−up with
100 neurons, the other pathway converts the output of the CNN
via a softmax layer into a classification layer of size 26 (because of the 26 characters in the Latin alphabet). The layer’s
output is converted into a one-hot encoded vector, specifying
the highest activation of the classification layer. The one hot
code is transferred into the embedding etop−down with 100 neurons via a fully-connected layer. The activations of both layers
are added neuron-wise with a fusion factor of w and (1 − w),
such that either one of the layers or different combinations
of them are processed further. This results in the embedding
layer etotal , whose activities are then passed onto an LSTM
(Hochreiter & Schmidhuber, 1997) layer with 100 units as a
constant input. Starting from zero-initalized recurrent states,
the LSTM layer then generates the output, that is, changes in x
and y position. During training, the network was fed with pixel

images of drawn letters and had as target output the class of
the letter as well as the trajectory, which generated the image
in the first place. To train via backpropagation, we calculated
the cross-entropy loss between the correct and predicted classification vector plus the L2 loss between the original and the
generated trajectory, which was weighted by a factor of 0.1 to
adjust its range.
During training, the model learned to generate trajectories
out of images of a subgroup of characters—in our case the first
half of the Latin alphabet. The factor w, which determines the
weighting of the bottom-up ebottom−up and top-down etop−down
embedding adding up to etotal , is either fixed or randomly
selected during training. In this way, the network has to be
able to rely on both pathways, as well as combinations of them,
essentially fostering the development of a common code for
the embedding e, which is attempted to be generated by either
pathway. All models were trained for 20 epochs, except for the
model with only the top-down pathway which overfitted earlier
and was therefore only trained for 10 epochs (cf. Figure 2).
For the one-/few-shot generation, after training, the model
was presented with one (in case of one-shot learning) or three
(in case of few-shot learning) examples of a new character
concept that had not been part of the training—in our case
characters from the second half of the Latin alphabet. To
let the network compositionally reassemble representations,
which it had learned during training, for the generation of new
trajectories, we allowed the three weight matrices into the
classification layer and the two embedding layers to adapt for
2000 iterations. This is an adaptation of the one-shot inference
mechanism applied to less complex models in previous work
(Fabi, Otte, & Butz, 2021a; Fabi et al., 2021b). To avoid an
unlearning of the training characters ‘a’ to ‘m’, 10 images
of each character were presented at every 100th of the 2000
steps. All learning was performed using the L2 loss function
at the trajectory output and the cross-entropy loss function
in the classification layer. The Adam optimizer was used
with standard parameters (η = 0.0005, β1 = 0.9, β2 = 0.999).
Training batches had size 1.

Dataset
We used a dataset of 440 handwritten character trajectories
of each character of the Latin alphabet recorded in our lab
(Fabi et al., 2020). The characters were produced by experts
(university students) of the alphabet using a dedicated pen on
a touch-sensitive surface, leading to consistent and natural
trajectories. The dataset provides natural variability from 10
different subjects, including script and print characters. For
training, 80 % of the stimuli were randomly included in the
training dataset and 20 % in the test set.

Hypotheses
We were not only interested in the overall performance in terms
of prediction error of the bottom-up and top-down model, but
also in the question which path combinations were most helpful for different tasks. Therefore, we looked at the performance
of the two pathways separately as well as of an equal, biased,
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Figure 1: Illustration of the CNN-RNN model that takes a picture of a character as an input and outputs the change in x and y
position for every timestep, thereby regenerating the trajectory. The upper part of the model shows the top-down pathway, which
classifies the characters before generating the trajectory, whereas the lower part shows the more direct, bottom-up pathway. In
order to flexibly use one or a combination of both pathways their embeddings are weighted by a factor w and 1 − w.
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Figure 2: Classifier and trajectory loss for the train (solid line) and test (dashed line) sets for the models using only one pathway
(top-down or bottom-up) or an equally weighed (50:50) or randomly chosen combination of both pathways.
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and a random weighing of both pathways.
The first important question we wanted to answer was
whether compositionality could also be incorporated in this
complex system, that is, whether the model was able to extract
components out of the basic training dataset of ‘a’ to ‘m’ in
order to recombine them in a meaningful manner when confronted with new characters. We have previously shown that
this is possible for a model that projects a one-hot encoded
character into an embedding space, whose activities are then
passed on as constant inputs to an LSTM module, which then
generates the trajectory (Fabi et al., 2021b). This network
corresponds to the top-down component used in our current
architectures with weighting w = 1. Here, our goal was to additionally investigate whether compositional letter generation
would also be possible with the current model, which generates trajectories out of pictures with the help of a top-down
and a bottom-up pathway.
Next, we wanted to test whether the advancement of the
model was in fact able to learn several instead of just one variant of characters in a few-shot manner. Here, we investigated
whether the bottom-up pathway alone or a combination of
both would lead to the best results. This task can be compared
to learning new handwriting styles of a character, for which
we hypothesize that humans use a combination of copying and
drawing from memory.
Lastly, we hypothesized that even though we expected that
adding the bottom-up pathway to the model should lead to
advancements in performance, there might also exist tasks
for which applying only the top-down pathway was more
promising. In humans, classifying characters and writing
them from memory might be most helpful when needing to
refill characters that are partially occluded. This is why we
introduced a new task where character trajectories had to be
created from partially occluded images.

Results

weighing during basic training and one-shot learning). Almost
all characters are easily readable, with the equal combination
of both paths leading to results that appear most similar to
the original characters. Thus, the compositional structures,
which develop in the latent states of the LSTM-based trajectory
generator, can be efficiently exploited to learn new letters and
to improve their similarity with novel letters—at least as long
as they are drawn in a style that is comparable to the styles
present during initial training (Fabi et al., 2021b). This is
true for all pathways and combinations of those. We reported
the results of models that had the same pathway combination
during training and one-shot generation, but results looked
similar when the pathway combination during training was
random.
original
top-down
90:10
50:50
10:90
bottom-up

Figure 3: Original and efficiently generated trajectories of one
variant of the characters of the second half of the Latin alphabet by reusing components extracted during training on the
first half, when either using the top-down or bottom-up pathways separately, or a combination of them with equal (50:50)
or biased weights (90:10 for a stronger focus on the top-down
and 10:90 for a stronger focus on the bottom-up pathway).
Results look most promising for the equal combination.

Generating Various Character Variants

One-shot Regeneration of New Characters
After the successful basic training on ‘a’ to ‘m’, we presented
the model with one variant of characters ‘n’ to ‘z’. In order to
learn those characters in an efficient manner, we wanted the
network to recombine components like curves, straight strokes
etc., which it had extracted previously in an unsupervised
manner when trained on the first half of the alphabet. This
is why we applied a variation of the previously employed
one-shot inference mechanism (Fabi et al., 2021b): when
presented with the second half of the Latin alphabet, instead
of training the whole network, we kept everything the same
except for the weight matrices into the classification layer
and into the two embedding layers ebottom−up and etop−down .
Those were adapted by aiming at minimizing the standard
loss, which we also used during training. In Figure 3, the
model’s versions of the one-shot learned characters can be
seen below the original characters. Shown are the results of
the model using the two paths separately, as well as an equal
or biased weighting of them. (Note that we used the same

In previous work, reusing previously extracted components
was only possible when confronted with one variant of a character (Fabi et al., 2021b), because the input just encoded one
particular character. Alternatively, the handwriting style had
to be indicated as an additional input (Fabi et al., 2022). With
the current model, the input could be any image of a character
variant. To generate multiple character variants, the learning
mechanism was expanded to few-shot learning, where the
model received three versions per new character as learning
input. As previously in one-shot learning, the characters presented in Figure 4 show the characters generated as a result
of the few-shot learning process. Generating several variants
was very good for the combination of the two pathways but
not very well-suited for just a single pathway, leading to the
conclusion that it is their interplay, which is really important
in this architecture. While the top-down pathway secures that
the correct character is drawn, the bottom-up pathway adds
additional information about the specifics of this character
variant. The three ‘n’s show nicely that the top-down path tries
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to generate one single version for all variants. The notable
variation between the different character versions produced
by the top-down pathway can be attributed to the different trajectory lengths of the original characters. As the architecture
uses the same amount of time steps needed to generate the
original characters in the character regeneration, the characters
generated by the top-down path seem to differ from each other,
when in fact they follow the same trajectory, which is simply
cut off at different time steps. The bottom-up path, on the
other hand, differentiates but is not able to grasp the details
as good as the equal combination of both pathways, which
regenerates all ‘n’s perfectly well.
When the character variants are too dissimilar, though, the
model sometimes fails to generate appropriate output. For
example, the second ‘q’ is written very differently from the
others, which is why not all combinations but the equal combination of pathways is able to generate it in a readable manner.
What is interesting here is that the top-down pathway generates a readable ‘q’, which looks very similar to the other ‘q’s.
Just the difference in sequence length allows the extra curve.
The letters would look the same if the underlying character
sequences would be equally long.
Coming back to the equal combination of both pathways,
even though there are limits, it is quite remarkable what the
model is able to learn in this efficient manner, reusing previously extracted components. For example, the original second
’s’ looks very dissimilar from the others. Nevertheless, the
model with the equal path combination is able to generate it
very accurately. Also the ‘w’s or ‘y’s have very specific characteristics, which the combinatorial approach seems to catch.
As can be seen in Figure 5, the model does not perform badly,
even for a random path combination for each new picture stimulus, forcing it to deal with every possible combination of the
two pathways.

Refilling Occluded Images
To further test model generalizability, we occluded one fourth
of the picture stimuli during inference (either bottom or top).
The task of the models, which were trained on the unoccluded
versions of the stimuli in the one-shot learning process, was
to refill the occluded portions. Our hypothesis was that this
would work best if the network did not try to redraw the
pictures with the bottom-up pathway, but if it identified the
character and used the top-down pathway to generate it. The
results for the different paths are presented in Figure 6. Indeed, the model seems to be especially good at this task when
using the top-down pathway, indicating that the occlusions
disrupt the information flow that attempts to convert image
information into generative trajectory information directly.

Conclusion
The results of our analyses indicate that depending on the
tasks at hand, the network performs best when using either
one processing pathway or a combination of both. Our ANN
architecture thus mimics how humans may learn to write,

original
top-down
90:10
50:50
10:90
bottom-up
original
top-down
90:10
50:50
10:90
bottom-up

Figure 4: Original and efficiently generated trajectories of several variants of the characters of the second half of the Latin
alphabet by reusing components extracted during training on
the first half, when either using the top-down or bottom-up
pathways separately, or a combination of them with equal
(50:50) or biased (90:10 and 10:90) weights. The top-down
pathway naturally generates only very similar looking variants, while the bottom-up pathway catches more fine-grained
nuances, although in extreme cases of the input image, the
output trajectory does not mimic the input letter type. Again,
the combination of both pathways works best.
original
random

75:25 12:89 46:54 55:45 80:20 86:14 60:40 43:57 23:77 44:56 22:78 88:12 42:58 71:29 58:42 68:32 20:80 41:59 36:64 57:43

original
random

41:59 89:11 37:63 06:94 08:92 77:23 15:85 30:70 30:70 80:20 65:35 10:90 23:77 38:62 61:39 67:33 59:41 51:49 22:78

Figure 5: Original and efficiently generated trajectories of
several variants of the characters of the second half of the Latin
alphabet by reusing components extracted during training on
the first half, using a random combination of the top-down and
bottom-up pathways. Given above the generated characters
are the randomly generated w-values determining the weight
of the top-down pathway. The results confirm that smooth
integrations of the two pathways are possible.

where in some situations (e.g., when imitating another person’s handwriting) we copy the depicted characters with some
information about how the character is normally written, while
in other situations (when refilling occluded images) we draw
the identified character from memory.
In line with the Omniglot challenge (Lake, Salakhutdinov,
& Tenenbaum, 2015; Lake et al., 2017, 2019), we have shown
that our architecture is able to efficiently learn, most probably
by recombining previously extracted components in a one-shot
and few-shot manner even when starting from a pixel image
(Fabi et al., 2021a). Thus, on top of our previous investigations
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Figure 6: Occluded original input images (either top or bottom occluded) and refilled trajectories, when either using the top-down
or bottom-up pathways separately, or a combination of them with equal (50:50) or biased (90:10 and 10:90) weights. The
top-down path worked best for this task.
on compositional structures (Fabi et al., 2021b), we show that
the development of internal, latent, compositional structures
can also be elicited in more complex architectures, which combine convolutional neural networks that process images with a
classification-based compact code for the generation of target
trajectories. This leads the way to tapping into compositional
structures in generative artificial neural network models on a
larger scale, promising to improve their encoding efficiency
even further.
While the combination of the bottom-up and top-down pathway worked well by weighing them task-suitably, future research should investigate whether the model can learn to select
pathways flexibly and adaptively given a particular task at
hand. In fact, the fusion weight w may depend on the current
system intention, which would correspond to emphasizing to
draw a letter from memory or to portray a given character
image.
Overall, we hope that our work will be useful also in other
tasks, where behavioral dynamics need to be generated topdown or interpreted, and possibly mimicked, bottom-up from
sensory information about a particular interaction trajectory.

The generation of a particular trajectory, as investigated herein,
closely corresponds to all kinds of event-based interactions,
which have been emphasized to be of paramount importance
for the development of conceptual cognition and language
competencies (Baldwin & Kosie, 2021; Butz, Achimova,
Bilkey, & Knott, 2021; Elman & McRae, 2019; Franklin
et al., 2020). When considering the development of imitation
behavior in infants, our model may, for example, be used to selectively mimic the trajectory of an observed human behavior,
or rather imitate the behavior conceptually in a goal-directed
manner (Gergely, Bekkering, & Kiraly, 2002; Cuijpers, van
Schie, Koppen, Erlhagen, & Bekkering, 2006). Along these
lines, an important lesson from this model is that the fusion
of top-down classification-based information and bottom-up
sensory information can lead to the formation of common
compositionally-embedded encodings. These encodings can
then be used flexibly and adaptively to both infer compact
interaction interpretations and selectively generate either conceptual goal-directed or stimulus mimicking trajectories as
well as combinations thereof.
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Abstract
Math anxiety (MA) is negatively related to math performance.
One proposed intervention with potential to disrupt the MA-math
performance link is expressive writing. The current study aimed
to conceptually replicate Park and colleagues (2014). In that
study, the authors concluded that expressive writing effectively
boosted math anxious students’ performance. In our current
sample of 168 college students, participants randomly assigned to
the expressive writing condition were no more accurate at posttest
than were other participants assigned to a math self-concept
intervention, active control, or passive control. Additionally,
participants in the math self-concept and active control conditions
reported lower state MA immediately following the intervention;
participants in the expressive writing and passive control
conditions reported no differences between pretest and posttest
state MA. The current study provides boundary conditions for the
effectiveness of expressive writing interventions in ameliorating
MA during difficult math tasks and illuminates potential
mechanisms underlying MA.
Keywords: math anxiety; expressive writing; math self-concept;
problem solving; decision making

Introduction
The common consensus in math anxiety (MA) research is
there is no current light-touch intervention known to reliably
decrease the negative effects of MA on math performance,
apart from expressive writing (Barroso et al., 2020; Dowker
et al., 2016; Mammarella et al., 2019; Passolunghi et al.,
2019; but see also Ramirez et al., 2018 for other possible
interventions). Given the negative effects of MA–feelings of
tension and apprehension related to math (Ashcraft, 2002;
Richardson & Suinn, 1972)--on performance (e.g., Hembree,
1990), an intervention that could disrupt these negative
effects would have significant positive implications for
education. Particularly appealing would be a light-touch,
easy-to-administer intervention such as expressive writing.
The focus of the current study is whether expressive writing
is an effective intervention for (a) increasing math
performance and (b) decreasing MA. This study aimed to
conceptually replicate and extend research by Park et al.
(2014). Our secondary goal was to examine whether selfreported state MA fluctuated throughout the experiment.
Expressive writing (EW) is an intervention technique
originally derived from clinical settings (Pennebaker & Beall,

1986). The aim of EW is to encourage people to freely write
about their negative thoughts and feelings about an upcoming
event (e.g., math test) to offload cognitive worry associated
with that event. There is some evidence that an EW
intervention can increase working memory resources (Klein
& Boals, 2001; Yogo & Fujihara, 2008), although these
interventions involved multiple sessions of EW, whereas
participants in Park et al.’s (2014) study completed only a
single experimental session.
Other researchers have also attempted to use an EW
intervention in academic settings: Examples include a
classroom study (Myers et al., 2021) and an elementary
setting (Mesghina & Richland, 2020). Results varied from no
effects of EW on math performance and MA (Myers et al.) to
negative effects of EW (Mesghina & Richland). These and
other mixed findings, coupled with questions about pretest
performance and control condition MA incubation (i.e.,
perseverating on upcoming math tasks) in Park et al. (2014),
left open several questions regarding whether EW is an
effective intervention, and if so, in what settings, for what
type of math content, and for learners of which ages.
Park and colleagues (2014) chose math stimuli in the form
of (a X b) - c = d. The current study extended the previous
work to include fraction operation problems (e.g., ¼ + ⅗) and
rational number reasoning in medical decision-making
contexts (Cuite et al., 2008). One of the most common forms
of math is basic arithmetic: addition, subtraction,
multiplication, and division. A particularly challenging form
of these basic operations involves working with fractions. We
focus here on fraction operation problems because they are
challenging and crucial to numerical understanding (Siegler
et al., 2011), and they often induce MA (Sidney et al., 2021).
We also included math-related medical decision-making
problems because these problems require relational reasoning
and are common in real-life math contexts (cf. COVID-19
related math problem solving; Thompson et al., 2021).

Proposed Mechanisms of Math Anxiety
There is no one universally accepted account of MA (see
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Ashcraft, 2019 for a recent review of models of MA). Park et
al. (2014) argued that their intervention was likely effective
because EW, “...lessens the likelihood that math-related
worries will capture attention during the math task” (p. 108).
Said another way, Park and colleagues proposed EW might
help students with high MA inhibit task-irrelevant worries,
thereby freeing up working memory capacity. This
framework fits nicely with Ashcraft and colleagues’
(Ashcraft, 2002; Ashcraft & Faust, 1994; Ashcraft & Kirk,
2001) model of MA as taxing working memory resources
(now termed the disruption account; Ramirez et al., 2018).
The disruption account proposes MA negatively affects
math performance by creating cognitive worry, thus
disrupting people’s true math capability. According to this
account, high-math-anxious individuals (HMAs) are less able
(compared to low-math-anxious individuals; LMAs) to
inhibit task-irrelevant information (e.g., cognitive worry
about math) when attempting to complete difficult math
tasks. Because Park et al. (2014) positioned their study within
the disruption account of MA, and because this framework is
currently a prevalent model of MA, the current study
approached MA with this lens.
One of the strongest predictors of MA is students’ math
competence beliefs, (i.e., math self-concept and math selfefficacy; Ahmed et al., 2012). Ahmed and colleagues
demonstrated that MA is reciprocally related to math selfconcept in 7th grade students. Previous research
demonstrated some potential for cognitive reappraisal of
arousal in math situations to increase math performance
(Jamieson et al., 2010), but no studies that we are aware of
have tested a light-touch math self-concept (MSC)
intervention on decreasing MA and its negative effects on
fraction performance. The current study adds to the literature
by conceptually replicating previous work by Park et al.
(2014), but also including a MSC condition and an active
control condition in which participants wrote about the
importance of reading (in addition to the EW and passive
control conditions). The MSC intervention was based on a
cognitive reappraisal, similar to Jamieson et al.; however, the
reappraisal in the current study was purely cognitive (i.e.,
reappraising participants’ MSC) as opposed to reappraisal of
physiological stress responses.
As a secondary investigation, the current study examined
how MA varies as a trait versus state measure. A state-trait
differentiation is important because such a juxtaposition
would allow researchers to better understand what drives
participants’ responses to items like the Single Item Math
Anxiety scale (SIMA; Ashcraft, 2002; Núñez-Peña et al.,
2014) in which participants are asked: “On a scale of 1 to 10,
with 10 being the most anxious, how math anxious are you in
general?” In the current study, we assessed whether
participants showed variability in their MA ratings across one
experimental session (i.e., before vs. after an experimental
intervention).

Assessing Math Anxiety

Park et al.’s (2014) participants completed the shortened
math anxiety rating scale (sMARS; Alexander & Martray,
1989). Only participants who scored below a 20 (i.e., were
low math anxious, LMAs) or over 40 (i.e., were high math
anxious, HMAs) were included in their sample. Note that
sMARS scores range from 0-100 and any data splitting of a
continuous variable (e.g., LMAs and HMAs) presents
inherent challenges regarding arbitrary cutoffs. Therefore, in
the current study, we analyze the full set of participants and
also conduct a median split on pretest MA (see method
section) to assess the boundaries of Park et al.’s findings.

Research Questions and Hypotheses
The
current
study,
pre-registered
on
OSF
(https://osf.io/ur2kg/?view_only=15e0e0120f654342a2f90c
1045b782ab), measured four primary outcomes: (a) math
performance on fraction operation problems, (b) math
performance on medical decision-making problems, (c) MA
in general, and (d) state MA. Our pre-registered hypotheses
were:
H1: Participants in the math self-concept condition (MSC)
will perform better on posttest measures compared to
participants in the other conditions (i.e., participants in the
MSC condition will out-perform participants in the EW
condition, and both conditions will out-perform the active
and passive control conditions).
H2: MA will fluctuate across the five different SIMA state
probes (i.e., there will be variance in participants’ selfreported levels of in-the-moment MA throughout the
experiment). This hypothesis was non-directional.

Method
Participants
Participants were 197 college undergraduate students from
a psychology department subject pool from Kent State
University, who participated for course credit. Based on preregistered exclusion criteria, our final sample consisted of
168 participants (M age = 19.38 years, SD = 2.82 years).
Participants reported they predominantly identified as
female: 122 female, 39 male, 3 nonbinary, 2 different
identities, and 2 participants did not report their gender.

Experimental Design and Procedure
The current experimental design was a 4-way (experimental
condition: MSC, EW, active control, passive control) pretestposttest design. All participants completed identical
measures at pretest and posttest. The only significant
variation in procedure for the four conditions was
participants’ instructions for the 7-minute intervention.
The current experiment lasted approximately 60 minutes
(median = 53 minutes) and was administered online through
Qualtrics and the SONA system. Participants completed
pretest measures, a 7-minute intervention, posttest measures,
and a brief demographic survey (see Figure 1 for survey
flow).
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Measures
Measures of the current study are discussed in three groups:
(a) Measures of self-reported MA, (b) measures of ability,
and (c) intervention prompts.
Self-Reported MA Immediately following informed
consent, participants completed the pretest SIMA (Ashcraft,
2002; Núñez-Peña et al., 2014). Participants responded on a
scale ranging from 1=“Not anxious” to 10=“Very anxious.”
The SIMA is an efficient way to gauge participants’
general MA (Ashcraft, 2002). We also adapted the wording
of the SIMA to create a state MA measure to assess how MA
fluctuated throughout the experiment. The only change from
the SIMA was that the wording “in general” was changed to
“at this moment.” Participants completed this state MA
measure five times throughout the experiment.
In addition to the pretest SIMA measure, and the five stateSIMA probes, participants completed three different MA
measures at posttest: (a) the shortened MA rating scale
(sMARS), (b) a researcher-generated (currently being
validated) MA scale for completing math in various contexts
(e.g., formal vs. informal), and (c) four MA interview
questions. For the sake of brevity, only the sMARS is
discussed in the current study.
The sMARS (Alexander & Martray, 1989) is a popular 25item measure of MA based on the original MA scale, the MA
rating scale (MARS; Richardson & Suinn, 1972). sMARS
and MARS are highly correlated (r = .97; Alexander &
Martray; Cipora et al., 2019), yet the sMARS has only 25
relative to 98 items. In addition to the pervasive use of the
sMARS in the MA literature (Cipora et al.), we chose to use
this inventory because Park et al. (2014) also used the
sMARS as a pre-screening tool. The sMARS asks individuals
to rate how much “fear or apprehension” they feel in different
situations involving math (e.g., “Studying for a math test”).
Scale reliability in our sample was excellent, α = .96.
Measures of Math Ability Measures of ability in the current
study involved a measure of working memory capacity
(WMC) and two types of math problem solving.
Participants completed a pretest measure of WMC
(Fitzsimmons et al., 2020) that involved constantly updating
a span of digits and reciting the final four digits. After two
practice items, participants completed three 7-digit problems,
three 9-digit problems, and three 11-digit problems in a
randomized order. Participants saw each digit on screen for
one second before that digit disappeared and the next
appeared. At the end of each problem, participants were given
an open-ended response box and asked to recall the four most
recently-presented digits. Partial accuracy scoring was used
to create the WMC accuracy index (e.g., if “3615” was the
correct answer, and the participant responded with “3815,”
that would be a score of 3 out of 4).

Figure 1: Order of experimental tasks.
In addition to the inclusion of WMC capacity, another
novel contribution of the current study was incorporating
different math performance stimuli. We included fraction
operation problems adapted from Siegler and colleagues
(2011) because participants rate fractions as more anxiety
provoking than other types of math (Mielicki et al., 2022).
Thus, participants completed four fraction operation
problems at pretest (one problem of each operation) and 24
fraction operation problems at posttest (six problems of each
operation). Example problems included: “What is ¼ + ⅗?”
and “What is 9/36 X 27/45?”
In addition to decontextualized fraction operations,
participants also completed medical decision-making
problems involving rational-number operations, adopted
from research on risk communication (Cuite et al., 2008).
Participants completed three each–one at pretest and two at
posttest–of the following problem types involving
hypothetical math-based risk assessment: (a) Comparing two
risks, (b) Halving a risk, (c) Tripling a risk, (d) Adding two
risks together, (e) Tradeoffs between the effects of taking a
new drug, and (f) Sequences involving conditional
probability of risk. An example halving problem was: “Your
risk of cancer C is 24 in 10,000, but a new drug would cut
that risk in half. What would your new risk be?”
Intervention Prompts The central aim of the current study
was twofold: To conduct a conceptual replication of Park et
al. (2014) and test a novel math self-concept (MSC)
intervention, which could be compared to Park and
colleagues’ expressive writing (EW) intervention.
Participants were randomly assigned to one of four
intervention conditions: MSC, EW, an active control, or a
passive control.
The MSC condition featured a novel, light-touch
intervention focused on highlighting participants' existing
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math skills. A main assumption that guided the creation of
this intervention is that when asked about how math anxious
they are, people often recall formal math testing scenarios.
To undermine this focus on formal math settings, the MSC
intervention explicitly instructed participants to consider
informal math settings (e.g., “Please guide your writing by
focusing on informal math situations where you felt
competent and experienced little to no worry about math”).
The primary goal of this intervention was to increase
participants’ MSC, thus providing a buffer to act against
cognitive worry at posttest. When possible, the wording of
the MSC intervention paragraph was designed to mirror the
wording of the EW intervention.
The EW intervention paragraph was adopted from Park and
colleagues (2014). Participants were instructed to let
themselves freely explore their thoughts and emotions to
prepare for the posttest math problem. In contrast to the MSC
condition, the EW condition directed participants to consider
academic situations (e.g., “You might relate your current
thoughts to the way you have felt during other similar
situations at school or in other situations in your life.”). The
EW intervention purportedly alleviates WMC burden by
allowing participants to disclose their worrisome thoughts
about the upcoming math tasks (Park et al., 2014; Ramirez &
Beilock, 2011).
The original control condition in Park et al. (2014)
involved participants sitting in silence for seven minutes after
reading the following prompt: “At this point in the study,
please sit quietly and do nothing for 7 minutes. Imagine that
you are sitting in a classroom setting preparing to complete a
math exam.” Participants were also instructed not to use their
phone and avoid other distractions–attention checks were
included as exclusion criteria. In addition to our conceptual
replication of Park et al.’s passive control condition, we also
included an active control to counteract any effects of anxiety
incubation.
Participants in the active control condition read a paragraph
similar to the one MSC participants read, with one major
exception. The focus of the active control paragraph was
about reading, not math. This condition was designed to
create an active time-on-task control focusing on reading to
take participants' minds off math.

Results
The primary goal of the current study was to conceptually
replicate and extend findings from Park et al. (2014)
regarding the effectiveness of an expressive writing
intervention on math outcomes. We first present analyses
checking for random assignment to condition. Next, we
present our primary ANCOVA examining differential effects
of experimental conditions on MA and math performance.
Lastly, we compare low math anxious (LMA) to high math
anxious (HMA) participants in an attempt to conduct similar
analyses as those done byPark et al.

Checking for Random Assignment at Pretest

Per our pre-registration, we checked for random assignment
to the four experimental conditions. Participants did not vary
by experimental condition on MA as measured by the SIMA:
F(3,164)=0.20, p=.894, math self-concept: F(3,164)=0.38,
p=.767, or fraction operation accuracy: F(3,152)=0.09,
p=.965. However, participants did differ by experimental
condition on medical decision-making accuracy at pretest:
F(3,162)=3.13, p=.027. Participants in the passive control
condition (M=4.47, SD=0.99) were significantly more
accurate on pretest medical decision-making problems
compared to participants in the EW condition (M=3.72,
SD=1.53). Thus, we included pretest medical decisionmaking accuracy as a covariate in our primary models.

Posttest Math Performance by Condition
After engaging in their randomly assigned experimental
condition, participants completed fraction operations and
medical decision-making problems and rated their MA. We
report findings for each of these dependent variables in turn.
Pre-registered covariates in all models were (a) pretest WMC,
(b) pretest MA, and (c) pretest math performance–
operationalized as medical decision-making accuracy.
We conducted an ANCOVA by experimental condition on
posttest fraction-operation accuracy (for the 24 posttest
fraction problems). Results indicated no significant effect of
experimental condition: F(3,138)=0.48, p=.700. That is,
participants in all conditions (MSC, EW, active control, and
passive control) performed equally well on posttest fraction
operations. Next, we conducted a parallel ANCOVA by
experimental condition on medical decision-making
accuracy (for the 12 posttest medical decision-making
problems). Like fraction performance, participants did not
differ by experimental condition on posttest medical
decision-making accuracy: F(3,152)=1.17, p=.324.

Conceptual Replication of Park et al. (2014)
Comparing posttest performance across the four
experimental conditions is central to hypotheses for the
current study; however, the primary conclusion from Park et
al. (2014) was, “...a single bout of expressive writing is an
effective intervention to reduce the prevailing performance
gap seen most strongly between HMAs and LMAs on highdemand math problems” (p. 108). In other words, their
primary conclusion was that expressive writing effectively
reduced the gap in math performance between participants
with high and low levels of MA. Thus, we split our
participants into two groups, high math anxious (HMAs) and
low math anxious (LMAs) individuals, to attempt to replicate
Park et al.’s findings.
A one-way ANOVA on fraction-operation performance at
posttest revealed no significant differences between
experimental conditions for LMAs, F(3,53)=0.59, p=.624, or
HMAs, F(3,67)=0.81, p=.492. Similarly, a parallel ANOVA
on medical decision-making performance at posttest revealed
no significant differences between experimental conditions
for LMAs, F(3,60)=1.97, p=.128, or HMAs, F(3,76)=1.18,
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p=.325. Thus, participants did not differ by experimental
condition on either type of posttest math performance, when
considering a median split of LMAs and HMAs. 1 See Table
1 for the descriptive statistics after the median split.
The important element for the conceptual replication of
Park et al.’s (2014) work is if we were able to reduce the gap
between HMAs and LMAs. Thus, the prediction in support
of the effectiveness of the EW intervention would be that
HMAs and LMAs would perform equally well on posttest
math; however, LMAs would perform significantly better
than HMAs in the control conditions. In the current study,
LMAs typically performed better on posttest fraction
operation problems than did HMAs. Independent samples ttests comparing LMAs to HMAs within each experimental
condition revealed a trend of LMAs to out-perform HMAs on
posttest fraction operation performance (see Table 1);
however, when a manual correction for multiple t-tests was
applied2, none of the t-tests reached significance at p < .0125.
Likewise, for medical decision-making performance, LMAs
nominally out-performed HMAs in each experimental
condition at posttest, yet when an adjustment for multiple ttests was applied, none of the differences reached
significance at p<.0125.
Table 1: Attempted Replication of Park et al.’s (2014) Table
1 – Accuracy Rates Across Conditions
MSC
Fraction
Operation
Problems

Medical
DecisionMaking
Problems

EW

AC

PC

LMAs

75.7% 66.7% 75.4% 68.5%

Effect of Condition on State Math Anxiety

(23.5%) (23.5%) (20.5%) (21.7%)

HMAs

56.0% 45.4% 51.4% 61.0%

LMAs

74.4% 59.4% 63.0% 65.8%

HMAs

58.8% 50.4% 51.3% 57.8%

Our second hypothesis was that math anxiety would fluctuate
across the five different state-SIMA questions throughout the
current study. To test this, we ran a repeated measures
ANOVA across the five data points. A Greenhouse-Geisser
adjustment was applied due to violation of the test of
sphericity. Results indicated a significant, non-linear effect of
time on state MA, F(3.3,542.3)=27.16, p<.001. Participants
reported significantly lower MA following the intervention
(M=5.07, SE=0.23) compared to the other four time points
(M’s ranged from 6.09 to 6.54, SE’s ranged from 0.22 to
0.23).
To test whether experimental condition had an immediate
effect on MA, participants responded to a state SIMA probe
immediately following the intervention. A one-way ANOVA
on participants' state MA immediately following the
intervention revealed a significant effect of experimental
condition: F(3,164)=3.62, p=.015, η2=.06. Pairwise
comparisons using a Bonferroni adjustment revealed that
participants in the active control condition (M=3.86,
SD=2.77), in which participants wrote expressively about the

(30.9%) (25.6%) (32.1%) (35.2%)

(21.4%) (18.5%) (14.6%) (14.1%)

(17.8%) (19.0%) (19.2%) (15.4%)

Note. This table is based on a median split of participants on the
pretest SIMA: Scores of 1-5 are considered “LMAs” (n=66), scores
of 7-10 are considered “HMAs” (n=83), and scores of 6 (median
score on the SIMA; n=19) are not included in these analyses. SIMA
median scores tend to be closer to the middle of the scale (5-6 range;
Sidney et al., 2021) than do the reported middle-range sMARS
scores according to Park et al. (21-40 range). The acronyms are as
follows: MSC = math self-concept, EW = expressive writing, AC =
active control, and PC = passive control. Standard deviations are in
parentheses.

Park et al. (2014) included test anxiety as a covariate in
1

their models, although their results were similar without the
covariate (p. 106). To attempt to conceptually replicate Park
and colleagues’ findings in our primary analyses, we ran
ANCOVAs using the same pre-registered covariates from
our primary analysis–pretest WMC, pretest MA, and pretest
medical decision-making performance–after a median-split
of the data.
On posttest fraction operations, participants’ performance
did not differ by experimental condition for LMAs,
F(3,50)=1.16, p=.335, or HMAs, F(3,63)=0.41, p=.750.
Participants’ performance on pretest fraction operations
predicted their performance on posttest fraction operations
for both LMAs, F(1,50)=43.61, p<.001, partial η2=.47, and
HMAs, F(1,63)=147.21, p<.001, partial η2=.70. For posttest
medical decision-making, experimental condition had no
effect on math performance for LMAs, F(3,56)=1.13,
p=.344, or HMAs, F(3,71)=0.19, p=.901. Similar to fraction
operations, medical decision-making accuracy at pretest
predicted medical decision-making accuracy at posttest for
both LMAs, F(1,56)=29.74, p<.001, partial η2=.35, and
HMAs, F(1,71)=37.58, p<.001 partial η2=.35. Thus, our data
suggest that the effect, if any, of experimental condition, has
no further explanatory power on math performance after
accounting for pretest math performance, WMC, and pretest
MA. This may have occurred given that fractions are an
especially difficult type of math, and we did not provide
participants with any experiences to improve their fraction
performance.

We tested the same ANOVA models for both math performance
measures at pretest: The same trends emerged. That is, there were
no significant differences between experimental conditions after
splitting participants at the median on the pretest SIMA: All F’s <
2.4, all p’s > .05.

2

To manually correct for multiple t-tests, we divided the alpha
level by the number of t-tests conducted.
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importance of reading in everyday life, reported less state
MA than did participants in the EW condition (M=5.79,
SD=2.90), p=.012, likely because the intervention distracted
participants from engaging with math. The effect of
experimental condition on post-intervention state MA was
most influential for HMAs: F(3,79)=3.86, p=.013, η2=.13. In
summary, experimental condition affected post-intervention
state MA, especially for HMA individuals, but only when
participants wrote about reading, not math.

that their reasoning for choosing the EW manipulation was
that they wanted to mimic real-life testing situations,
although they concede that it is possible that their control
condition might have “incubated anxiety” (p. 109). This
alternate explanation for their findings was one reason we
attempted to replicate their work. The current study provides
some evidence that EW might not decrease MA or boost
performance of math-anxious students.

Future Directions

Discussion
We did not find support for any benefits of EW, nor did we
find support for the novel MSC intervention. Participants
performed equally well on both measures of posttest math
performance regardless of experimental condition. This
finding remained consistent after participants were
categorized as LMAs (i.e., SIMA ratings 1-5) vs. HMAs (i.e.,
SIMA ratings 7-10). A secondary aim of the current study
was to measure state MA across different time points to nondirectionally explore how participants’ report of in-themoment MA fluctuated throughout the experiment. Results
supported variation in MA throughout the experiment in that
participants reported lower state MA immediately following
the intervention (compared to the other four state-SIMA
probes). This difference was particularly strong in the active
control (i.e., writing about the importance of reading in daily
life) and MSC conditions.

Implications
Possible explanations for the discrepancies between the
findings in Park et al. (2014) and our findings include
differences in math performance measures, specifically that
fraction arithmetic problems are more difficult than wholenumber arithmetic problems, different format (online versus
in person), different median-split metrics, and potentially not
having a large enough sample size to be representative of a
real, yet small, effect. Note that the nature of a conceptual
replication is largely subjective. Our findings suggest that
there are likely boundary conditions for Park et al.’s findings;
however, we did not directly replicate their methodology. It
is possible that our findings are constrained by
methodological differences–future research is warranted for
stronger conclusions.
The original impetus for this study was the powerful
implications of Park et al.’s (2014) findings: Given that their
intervention is a highly cited light-touch intervention for the
negative effects of MA, it is worth further investigation.
However, there remained several open questions from Park
and colleagues’ study that were worth investigating. For
example, to test the efficacy of the original control condition,
we included an active control condition focused on an
unrelated reading intervention (as opposed to sitting quietly
for seven minutes which could have exacerbated math
anxiety, thus leading to significant post-intervention
differences in math performance). Park and colleagues cite

One step toward developing effective interventions would be
to better understand what people think of when they selfreport on their MA. Participants’ scores on the pretest SIMA
most highly correlated with formal MA items (r=.74, p<.001)
and MSC items (r=-.78, p<.001). Thus, it appears there is at
least some evidence that when people think of MA they first
think about formal testing situations (e.g., taking the math
portion of the GRE) and who they are as a “math person”
(e.g., math self-concept). Future studies should specifically
target formal math settings, informal math settings, and how
people identify as math learners.Overshadowing of ordinary
life situations by academic situations is a critical shortcoming
of the state of science on MA. More specific MA
measurement tools might be particularly helpful for
individual diagnosis and intervention implementation
(Cipora et al., 2019).
The current study aimed to conceptually replicate Park et
al. (2014); however, it is possible that procedural and
analytical deviations affected our results. For example,
although we did include attention checks, a question
regarding calculator use, and intervention uptake questions,
it is possible that the online format affected the quality of our
results. Future studies could focus on the content of the
writing participants produced during the intervention and
examine whether including five state-MA prompts resulted
in participant reactivity. Furthermore, a more in-depth
discussion of when, why, and how to split continuous
measures, such as the SIMA, should be pursued.
Finally, future research should consider the role of MSC
paired with math interventions. Recent meta-analytical and
bidirectional evidence in the MA literature suggests that ideal
interventions will target both increasing math skills to lessen
deficits and decreasing MA (Namkung et al., 2019). One such
intervention could combine math instruction with a MSC
intervention to encourage students to think of themselves
more like “math people” as they also improve in basic
mathematics skills.
The current study yielded no significant improvement on
math outcomes (performance and anxiety) for participants in
EW or MSC conditions, compared to active and passive
control conditions. Further, we provide data on how MA
fluctuates throughout a pretest-posttest experiment. Thus,
these findings extend understanding of MA and how to
develop interventions to combat MA’s adverse effects.
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Abstract

interpretation (e.g., Antoniou, 2019), that is, the
comprehension of language in context. However, past studies
on multilingual pragmatics have mainly focused on children,
while certain pragmatic phenomena, specifically irony, have
received little research attention. In this context, our study
aimed to examine the effect of multilingualism on irony
processing in young adults. We also examined whether close
language similarity between multilinguals’ languages plays a
role by further testing bi-dialectal speakers of two similar
dialects of the same language (e.g., Veenstra et al., 2018).

We examined the effects of multilingualism and bidialectalism on irony interpretation by comparing multilingual,
bi-dialectal, and monolingual young adults. We used an act-out
task with three Meaning (literal positive, literal negative,
ironic) and four Cue conditions (context-only, intonation-only,
intonation + face, context + intonation + face). Results revealed
that irony interpretation was (1) difficult, as shown by slower
and less accurate responses to ironic compared to literal items;
(2) facilitated by the presence of more ironic cues. Moreover,
evidence suggested that linguistic context had a greater and
facilitative effect on the speed of irony processing compared to
literal meanings. Finally, we found no evidence for group
differences in accuracy or speed of irony processing or in the
way that different (combinations of) cues affected irony.
Overall, our findings support a view of multilingual pragmatics
according to which pragmatic interpretation is no different in
multilinguals compared to monolinguals.

Theoretical Background

Keywords: pragmatics; irony; multilingualism; dialects

Introduction
Estimates suggest that most people in the world are now
multilingual; that is, they grow up from childhood regularly
using more than one language or dialect (Grosjean & Li,
2013). Thus, in the past three decades, research on the
cognitive effects of multilingualism has seen a steep increase,
reflecting an awareness that findings with monolinguals may
not apply to a substantial portion of the world population and
that the mind and brain possibly function differently in
multilinguals (Bialystok, 2017). This research has revealed
two main sets of results. First, multilinguals exhibit lower
performance in some domains of language development and
processing, such as slower lexical access or smaller
vocabularies in each of their languages separately compared
to monolinguals (e.g., Bialystok & Luk, 2012). Second, some
evidence
(though
controversial)
suggests
that
multilingualism positively affects facets of non-linguistic
cognition, including executive control (Bialystok, 2017) and
Theory of Mind (ToM; Rubio–Fernández & Glucksberg,
2012; Schroeder, 2018). Executive control (EC) refers to a
set of neurocognitive processes, which, according to an
influential model (Miyake et al., 2000), include switching
(the ability to switch between tasks), working memory (the
ability to maintain and manipulate information in mind), and
inhibition (the ability to inhibit irrelevant information). Also,
ToM is a neurocognitive system that underlies the capacity
for assigning mental states to ourselves and to others and for
understanding other people’s behavior by taking into account
such mental states (e.g., Baron–Cohen, Leslie & Frith, 1985).
Recently, research has also started to investigate the effects
of multilingualism on cognitive aspects at the interface of
language and non-verbal cognition, including pragmatic

Imagine that your boss, after informing them that you just
missed an important deadline, remarks Wow, what a reliable
employee you are!, using a distinctive intonation and facial
expression. The contrast of what they said with what you just
reported, along with the intonational and facial cues, suggest
that your boss’ comment was ironic. Such examples of verbal
irony (Dynel, 2019; henceforth, irony) are routinely used in
everyday conversation (e.g., Gibbs, 2000) but, currently,
there is no theoretical consensus on the exact definition of
irony. However, most researchers would accept that irony has
three important characteristics (e.g., Dynel, 2019). First, an
implicitly conveyed meaning that often (though not always)
corresponds to the reverse of what is explicitly said. Second,
an evaluative attitude that is usually (though not necessarily)
negative. Finally, the communication of intentions –that is,
speakers intentionally use language ironically and hearers
grasp ironic meanings by considering the speakers’ intentions
behind what is uttered (cf. Gibbs, 2012).
There are different pragmatic frameworks, but Relevance
Theory, a prominent theory of communication, makes three
main assertions about pragmatic interpretation in general and
irony processing in particular (e.g., Sperber & Wilson, 2002).
First, pragmatic (including irony) comprehension is a
cognitively effortful process. From a psycholinguistic
perspective, this claim has often been interpreted as
suggesting that understanding pragmatic (including ironic)
meanings requires longer processing time and/or the
recruitment of additional cognitive functions (e.g., EC)
relative to literal meanings (e.g., Bott & Noveck, 2004;
Breheny, Katsos, & Williams, 2006; de Neys & Schaeken,
2007). Second, pragmatic interpretation involves
understanding a speaker’s intentions behind an utterance and
taking into account mental states such as the speaker’s beliefs
and knowledge. Thus, it draws on ToM skills. Finally, irony
is different from other pragmatically implied meanings
(implicatures) in that it more heavily depends on ToM;
specifically, ironic utterances express a speaker’s thought
about another thought and, thus, irony comprehension
requires the use of a higher-order ToM.
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Multilingualism and Pragmatics
Most research on multilingual pragmatics has been
conducted with children (see Antoniou, 2019). An early study
by Siegal et al. (2007) with preschoolers reported that
multilinguals were better than monolinguals in understanding
a specific type of pragmatic meanings, scalar implicatures
(i.e., that some implies not all). A multilingual advantage for
preschool-aged children has been also found in other
pragmatic skills, including detecting conversationally
inappropriate utterances (e.g., Siegal, Iozzi, & Surian, 2009),
repairing communication breakdowns (e.g., Wermelinger,
Gampe, & Daum, 2017), and using the speaker’s perspective
(e.g., Fan et al., 2015) or non-verbal cues such as gaze
direction to infer another person’s referential intention (Yow
& Markman, 2011b). There is also evidence that multilingual
children rely more on pragmatic (e.g., intonation, pointing)
than on purely linguistic cues when acquiring and processing
language (e.g., Verhagen, Grassmann, & Küntay 2017; Yow
& Markman, 2011a). Multilingual pragmatic advantages
have been attributed to various factors, including multilingual
children’s superior EC, their increased sociolinguistic
awareness which stems from the regular experience of
choosing the appropriate language with speakers of different
languages; and to a compensation process that balances
multilingual children’s initial delays in aspects of language
acquisition with precocious pragmatic development (e.g.,
Siegal et al., 2009; Yow & Markman, 2001b).
More recently, however, various studies with children and
adults did not find evidence for a multilingual pragmatic
advantage; specifically, research with preschool- and schoolaged children reported no multilingual-monolingual
differences in the interpretation of various types of
implicatures, including ad hoc quantity, manner, relevance,
and scalar implicatures (e.g., Schulze et al., 2020; Wilson,
2017). Similarly, in two studies with school-aged children,
Antoniou and colleagues (2017; 2020) found no multilingual
or bi-dialectal effect on the interpretation of contrastive,
manner, scalar implicatures, novel metaphors, and irony.
Antoniou et al. (2020) also directly investigated the relation
between pragmatic interpretation, proficiency in the target
language, and EC. They found only a positive effect of
working memory on pragmatics that did not differ in
multilinguals, bi-dialectals, and monolinguals. Finally,
focusing on young and older adults, Sundaray, Marinis, and
Bose (2020) also did not find evidence for multilingualmonolingual differences in the comprehension of
nonconventional
indirect
requests,
conversational
implicatures, conventional and novel metaphors, even though
a negative effect of aging was more prominent in
monolinguals for conventional metaphors. To explain these
null results, Antoniou et al. (2020) proposed a
psycholinguistic model of multilingual pragmatics according
to which, if multilinguals have sufficient (though not
necessarily at a monolingual level) proficiency in the target
language to effectively process (to the extent necessary) the
semantics of target utterances, then multilingual pragmatic
interpretation operates similarly to monolinguals.

To date, only a few studies have examined irony
comprehension in multilinguals. As already discussed,
Antoniou et al. (2020) found no differences between
multilingual, bi-dialectal, and monolingual children in the
interpretation of various pragmatic meanings, including
irony. However, Antoniou et al. (2020) included only two
items on irony. Thus, their results should be interpreted with
caution because irony was not reliably measured. Other
studies focused on multilinguals but without a monolingual
comparison group. Banasik and Podsiadło (2016) showed
that irony interpretation was related to ToM in multilingual
children. Furthermore, Antoniou and Milaki (2021) focused
on bi-dialectal young adults and reported that the speed of
processing irony was positively affected by working memory
and by more exposure to a second dialect. Finally, two recent
studies by Tiv and colleagues (2019; 2021) with multilingual
young adults revealed that higher second (L2) language
proficiency (but not working memory) was linked to more
general sarcasm use across multilinguals’ languages and to
better irony interpretation in the first language.
To sum, the bulk of research on multilingual pragmatics
focused on children, while the few studies on irony did not
comprehensively examine this pragmatic phenomenon
through multiple items and/or did not contrast multilingual
performance to that of monolinguals. Moreover, two broad
accounts of multilingual pragmatics can be found in the
literature. The first account suggests that multilinguals have
better pragmatic skills compared to monolinguals (e.g.,
Siegal et al., 2009). The second account proposes that
pragmatic interpretation does not differ in multilinguals and
monolinguals, at least if multilinguals have adequate
proficiency in the target language to effectively complete the
semantic processing necessary for inferring a pragmatic
meaning (Antoniou et al., 2020). A third account may be
derived from the Interface Hypothesis (IH; Sorace, 2011).
The IH proposes that linguistic processes at the interface of
language-internal and external cognitive domains (e.g.,
syntax-pragmatics) are particularly problematic for
multilinguals and L2 learners. They also cause nonconvergence with monolinguals, which may endure even at
the highest levels of language proficiency (in both languages
for multilinguals or in the L2 for L2 learners). This is because
linguistic phenomena at such interfaces require a costly
integration of information from multiple sources, and
multilinguals, for various reasons, possibly have fewer
resources to devote to the language interpretation process
(e.g., because they have to inhibit the non-relevant language).
Thus, based on the IH, we may predict that pragmatic (hence,
irony) interpretation, which requires combining multiple cues
(e.g., semantic, encyclopedic, non-verbal behavior; e.g., Yus,
2000) is more challenging for multilinguals.
In addition, some results suggest that pragmatic (including
irony) interpretation draws on working memory in
multilinguals, bi-dialectals, and monolinguals alike (e.g.,
Antoniou et al., 2020). Finally, some evidence with
multilingual children indicates that irony depends on ToM
(Banasik & Podsiadło, 2016). The last two results are in line
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with the broader literature on monolingual pragmatics, which
has reported positive links between working memory and
pragmatic processing in adults (e.g., de Neys & Schaeken,
2007) and between ToM and the development and processing
of irony (e.g., Filippova, 2014; Spotorno & Noveck, 2014).

The Present Study
Against this background, our study aimed to examine the
effects of multilingualism and bi-dialectalism on irony
comprehension in young adults by directly comparing
multilingual, bi-dialectal, and monolingual participants. This
would also provide data to test between the three different
accounts of multilingual pragmatic processing. We also
wanted to investigate potential group differences in the use of
different (combinations of) ironic cues (linguistic context,
distinctive intonation, facial expression) during the irony
process. This would further provide insight on the strength of
different (combinations of) cues in affecting irony in
multilinguals, bi-dialectals, and monolinguals.
We focused on irony because it is a relatively understudied
pragmatic phenomenon in multilingualism but also because
several reasons suggest that multilingualism might have a
different effect on irony compared to other pragmatic
meanings. First, to reiterate, according to Relevance Theory,
irony is unique in that it more heavily draws on ToM (Sperber
& Wilson, 2002). Also, multilinguals have been reported to
possess superior ToM (e.g., Rubio–Fernández & Glucksberg,
2012). This suggests different irony processing in
multilinguals if their advanced ToM is engaged during irony
interpretation. Second, some evidence suggests that
multilinguals are more influenced by pragmatic compared to
purely linguistic cues during language processing (e.g.,
Verhagen et al., 2017; Yow & Markman, 2011a). This might
also result in different irony processing in multilinguals
because irony presents a case where pragmatic markers (e.g.,
distinctive facial expression), if present, indicate a different
(intended) meaning relative to linguistic cues such as the
ironic utterance’s literal interpretation.
The experiment reported here was conducted in the
sociolinguistic context of Cyprus, where the native Greekspeaking population typically grow up with and use on a daily
basis two Greek dialects (Antoniou et al., 2016): Cypriot
Greek (CG) is natively acquired and is used for everyday oral
communication; and Standard Modern Greek (SMG) is learnt
mainly through education and is used for reading, writing,
official and formal situations, and in the media. SMG is also
the native language of Hellenic Greeks.

Method
Participants
Forty-two monolingual speakers of SMG (32 females; mean
age = 22.7, SD = 4.1 years), 64 bi-dialectals (in CG and SMG;
44 females; mean age = 21.7, SD = 3.4 years), and 44
multilinguals (in CG, SMG, and another language; 31
females; mean age = 21.8, SD =3 years) took part in the study.
SMG proficiency (language of testing) was very high for all

participants: on a scale from 0 (no knowledge of the
language) to 4 (excellent skill), they all self-reported
proficiency level at 3 or 4, apart from three multilinguals who
indicated proficiency at 2 (sufficient comprehension and
production skill in various topics). Participants’ SMG
proficiency was also measured with a vocabulary test.

Materials and Procedure
Participants took an irony task, after a series of cognitive tests
(not reported here). They were also given the Mill Hill
Vocabulary test in SMG (Raven, Raven, & Court, 1997) and
a Socioeconomic Status and Language Background
Questionnaire. The vocabulary test had a subtest which
required defining 44 SMG words and a second part where
participants had to select the word (out of six options) that
was closest in meaning to another target word (44 items). The
questionnaire had items on participants’ proficiency in and
use of their language(s) as well as questions about
socioeconomic status (SES): Family Affluence Scale (FAS;
Boyce et al., 2006), maternal, and paternal education level.
Irony Comprehension Task Participants completed an actout irony task in SMG (Deliens et al., 2018; Kowatch et al.,
2013). Ironic items were cases of unfamiliar irony and
involved meaning reversal in that a speaker said something
positive to mean the opposite with a negative (critical,
mocking, though not severely) intent. The irony task,
designed on E-Prime (Schneider et al., 2012), included videos
with professional actors. Each item involved a dialogue
between a female and male actor, where one actor asked the
other whether they wanted one of two objects (Table 1).
Participants had to select the object that the second person
wanted based on their reply (for irony, one object
corresponded to the literal meaning), with accuracy and
reaction times (from the end of the reply) recorded. There
were three Meaning conditions with 12 items each: a literalYes (second actor provided a Yes reply indicating that they
want the mentioned object), a literal-No (second actor
provided a No reply indicating that they do not want the
mentioned object), and an ironic condition (second actor
provided a Yes reply but meant that they do not want the
mentioned object). Also, the test had four Cue conditions
with nine items each (three for each Meaning condition):
context-only (no distinctive intonation or facial expression
and, for ironic items, a contrast between context and second
actor’s reply), intonation-only (distinctive positive, negative
or ironic intonation depending on Meaning condition),
intonation + face (distinctive positive, negative or ironic
facial expression and intonation depending on Meaning
condition), context + intonation + face (all three cues used).
Each item was comprised of two parts: Video 1, where the

3097

Table 2: Different versions of the same target sentence in the three Meaning conditions.

Phase
Context

Meaning Condition
______________________
Ironic
Literal-No
Literal-Yes
[George]a [Anna]b, I know how much you like art and John, I know how much you like flowers as a home
that you don’t like flowers at all as a home decoration. decoration and you have said this to me many
However, your house would look nicer with some times.
flowers.

Labeling of
the objects

[George]a [Anna]b, here is a painting and here is a vase
with flowers.

John, here is a painting and here is a vase with
flowers.

Target
question
Speaker
Target
sentencec

Would you like me to give you the vase with the
flowers to decorate your house?
Actor 1
Actor 2
Yes, you know how much I No, you know that I
like flowers as a home don’t like flowers as a
decoration!
home decoration!

Would you like me to give you the vase with the
flowers to decorate your house?
Actor 3
Yes, you know how much I like flowers as a home
decoration!

Note. Different versions of the same target sentence appeared only in the context + intonation + face cue condition. a For
ironic items. b For literal-No items. c Target sentence was uttered with a distinctive facial expression and intonation.
first actor provided information about their knowledge of the
second actor’s preferences (in context-only condition),
labelled the two objects, and asked the target question. Video
2 included the second actor’s answer. Each same item
appeared in all three Meaning conditions (uttered by a
different actor) but always in the same Cue condition (Table
1). A previous study confirmed that professional actors were
successful in eliciting an ironic intonation and facial
expression, in that the target ironic videos (without sound)
and ironic audios (without video) were rated as more ironic
than the literal videos and audios (Antoniou & Milaki, 2021).

Analyses
Analyses were conducted with the lme4 package (Bates et al.,
2015) in RStudio (RStudio Team, 2021), unless otherwise
stated. Accuracy was analyzed with generalized linear
mixed-effects models (glmer) and the logit link function.
Reaction times (RTs) were analyzed with linear mixedeffects models (lmer). For RTs, we analyzed only correct
responses. The significance of fixed effects and interactions
was determined using likelihood ratio tests to compare
models with and without the interaction or fixed effect of
interest (otherwise, the comparison models were identical).
For all analyses, if a higher-order interaction between factors
was non-significant, then we removed it from the models, and
proceeded to examine the effect of lower-order interactions
involving these factors or the main effects. For post hoc
comparisons we used Tukey’s test from the multcomp
package (Hothorn et al., 2016). We attempted to fit maximal
models, but we excluded random slopes (keeping by-subject
and by-item random intercepts) to deal with convergence,
identifiability or singularity issues (Barr et al., 2013).

Composite Scores These were computed for SMG
vocabulary (from scores in the two parts of the test) and for
SES (from FAS score, paternal and maternal education) by ztransforming and averaging the relevant measures.
Background Variables The three groups did not differ in age
(F(2, 147) = 1.04, p > .05), gender (χ2(4, n = 150) = 0.710, p
> .05), education level (Fisher’s exact test = 8.85, p > .05), or
SES (F(2, 143) = 0.55, p > .05). However, they differed in
SMG vocabulary (F(2, 147) = 19.9, p < .05), in that
multilinguals had lower scores than the other groups and bidialectals had lower scores than monolinguals (ps < .05)
Irony Task Accuracy and RTs by Meaning, Cue condition,
and Group are presented in Table 2. We first examined the
effect of Meaning and Cue on irony. We specified an initial
model with accuracy as the dependent measure, Meaning
(1=literal-Yes, 2=literal-No, 3=ironic) and Cue (1=contextonly, 2=intonation-only, 3=intonation + face, 4=context +
intonation + face) as fixed effects and their interaction. The
interaction, illustrated in Figure 1, was significant (χ2(6, n =
150) = 27.31, p < .05). To further understand it, we examined
the effect of Cue within each level of the Meaning factor.
This analysis revealed a significant effect of Cue for literalYes items (χ2(3, n = 150) = 17.1, p < .05), in that the contextonly condition was less accurate than the other cue conditions
(all ps<.05); a significant Cue effect for literal-No items (χ2(3,
n = 150) = 10.7, p < .05), in that the three-cue condition was
more accurate than the face + intonation condition (p < .05);
and a significant Cue effect for ironic items (χ2(3, n = 150) =
11, p < .05), in that the context + intonation + face condition
was more accurate than the two single-cue conditions (ps <
.05). Finally, there was a significant effect of Meaning (χ2(2,

3098

Table 2: Means and standard deviations (SD) for proportion of accurate responses by Group, Meaning and Cue conditions.
Meaning

Cue
Context
Intonation

Literal Yes
Face+Intonation
Context+Face
+Intonation
Context
Intonation
Literal No
Face+Intonation
Context+Face
+Intonation
Context
Intonation
Ironic
Face+Intonation
Context+Face
+Intonation

Monolingual
Accuracy (SD) RTs (SD)
.81
942
(.39)
(970)
.98
819
(.15)
(809)
.99
663
(.09)
(649)
.98
712
(.13)
(510)
.99
896
(.09)
(835)
.98
677
(.15)
(724)
.96
706
(.20)
(700)
.99
725
(.09)
(837)
.39
915
(.49)
(791)
.42
1230
(.49)
(970)
.54
1190
(.50)
(1026)
.60
960
(.49)
(1027)

n = 150) = 75.5, p < .05), in that the ironic condition was less
accurate than the two literal conditions (ps < .05). Similar
analyses on RTs, showed, again, a significant Meaning by
Cue interaction (χ2(6, n = 150) = 12.9, p < .05). The
interaction (Figure 2) was driven by the following effects.
First, a significant Cue effect for literal-Yes items (χ2(3, n =
150) = 9.19, p < .05), in that the intonation + face condition
was faster than the context-only condition. Second, a
significant effect of Cue for literal-No items (χ2(3, n = 150) =
15.9, p < .05), in that the context-only condition was slower
than all other conditions (ps < .05). Third, for ironic items, a
significant effect of Cue (χ2(3, n = 150) = 9.07, p < .05)
showed that the three-cue condition was significantly faster
than the intonation-only condition, and that it was marginally
(but not significantly) faster than the context-only condition
(p =.07). Finally, there was, again, a significant effect of
Meaning (χ2(2, n = 150) = 40.6, p < .05), in that ironic items
were slower than the literal conditions (ps<.05).
We further examined the effect of individual cues (rather
than combination of cues) on irony. To do this, each item was
coded for the presence (e.g., intonation-only items were
coded as 1 for Intonation) or absence of a specific cue
(intonation-only items were coded as 0 for the Face factor).
The initial model on accuracy included Context (1=presence,
0=absence of cue), Intonation, Face, and Meaning as withinsubjects factors and all two-way interactions between each
Cue factor and Meaning (e.g., Intonation by Meaning and

Bi-dialectal
Accuracy (SD) RTs (SD)
.89
902
(.31)
(778)
.99
762
(.07)
(729)
1.00
629
(.00)
(630)
.98
734
(.13)
(618)
.98
942
(.14)
(822)
.97
678
(.16)
(644)
.97
649
(.17)
(593)
.99
754
(.07)
(747)
.36
1270
(.48)
(1110)
.36
1283
(.48)
(1172)
.46
1021
(.50)
(925)
.55
822
(.50)
(811)

Multilingual
Accuracy (SD) RTs (SD)
.83
825.24
(.37)
(834)
.98
703
(.12)
(747)
.99
695
(.09)
(732)
.98
655
(.12)
(542)
.95
844
(.21)
(569)
.97
646
(.17)
(644)
.96
642
(.19)
(543)
.99
647
(.09)
(523)
.31
1411
(.46)
(1206)
.28
1141
(.45)
(1042)
.47
1038
(.50)
(980)
.52
977
(.50)
(909)

Face by Meaning interactions). This analysis revealed only a
significant Context by Meaning interaction (χ2(2, n = 150) =
8.4, p < .05), in that context resulted in more accurate
responses for literal-No items (χ2(1, n = 150) = 10.2, p < .05).
Similar analyses on RTs revealed only a significant Context
by Meaning interaction (χ2(2, n = 150) = 6.2, p < .05). The
interaction was driven by the fact the Context had a greater
and facilitative effect on RTs for ironic items, while it had a
smaller but negative effect in the other Meaning conditions.
However, these effects were not significant, when examining
the effect of Context within each Meaning condition.
Thus, overall, results showed that irony was distinct from
literal meanings in three ways. First, it was harder to
understand, indicated by lower accuracy and longer RTs for
ironic compared to literal items. Second, the presence of more
markers facilitated irony comprehension at both the accuracy
and speed of processing level, shown by more accurate and
faster ironic interpretations in the context + intonation + face
than the single-cue (context-only, intonation-only)
conditions. Third, there was suggestive evidence that context
had a greater and facilitative effect on the speed of irony
processing compared to literal meanings.
Group Analyses We specified an initial model with accuracy
as the dependent measure, Meaning, Cue, and Group
(0=monolinguals, 1=bi-dialectals, 2=multilinguals) as fixed
effects, all two-way interactions between these factors and
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their three-way interaction. There was only a significant
Meaning by Group interaction (χ2(4, n = 150) = 13.6, p < .05).

Figure 1: Cue by Meaning interaction on accuracy.

Figure 2: Cue by Meaning interaction on reaction times.

and Group, and, for each Cue factor, all of its interactions
with Meaning and Group (e.g., for Context, we included the
Meaning by Context two-way and Meaning by Context by
Group three-way interaction). These analyses showed no
significant interactions involving Group (Meaning by
Context by Group: χ2(4, n = 150) = 2.16, p > .05; Context by
Group: χ2(2, n = 150) = 0.2, p > .05; Meaning by Intonation
by Group: χ2(4, n = 150) = 1.9, p > .05; Intonation by Group:
χ2(2, n = 150) = 0.2, p > .05; Meaning by Face by Group: χ2(4,
n = 150) = 1.1, p > .05; Face by Group: χ2(2, n = 150) = 1.1,
p > .05). Similar analyses on RTs also showed no significant
results (Meaning by Context by Group: χ2(4, n = 150) = 2.2,
p > .05; Context by Group: χ2(2, n = 150) = 1.1, p > .05;
Meaning by Intonation by Group: χ2(4, n = 150) = 1.6, p >
.05; Intonation by Group: χ2(2, n = 150) = 0.7, p > .05;
Meaning by Face by Group: χ2(4, n = 150) = 1.6, p > .05;
Face by Group: χ2(2, n = 150) = 1.3, p > .05).
Overall, our data indicate no differences between
multilinguals, bi-dialectals, and monolinguals in the accuracy
and speed of processing irony. To confirm the hypothesis of
no group differences, we conducted two further Bayesian
Analyses of Variance on overall accuracy and RTs in the
ironic condition (collapsed across cue conditions). We used
the Bayes factor to quantify the evidence in support to two
hypotheses: H1 suggests that the groups differ and H0 that
there are no group differences in irony. Analyses were
conducted in jamovi statistical software (The Jamovi Project
2020). We used the default priors (r scale fixed effects = 0.5;
r scale random effects = 1) because the literature shows
mixed findings on the multilingual effect on pragmatics and
because different accounts predict all three possible
outcomes: null, positive or negative multilingual effect on
pragmatics (including irony). Results revealed a Bayes
factor, BF10 = 0.16 for accuracy and BF10 = 0.12 for RTs.
Both results suggest moderate evidence in support to H0
(Jeffreys, 1961): the accuracy data is about six and the RT
data is about eight times more likely under H0 than under H1.

Discussion

Figure 3: Meaning by Group interaction on accuracy.
Figure 3 suggests that the interaction is driven by Group
differences in irony. However, subsequent analyses within
each Meaning level indicated no significant Group
differences (lowest p = .13 for Literal-Yes items, while, for
irony, p = .38). Similar analyses on RTs, revealed no
significant Group effect (χ2(2, n = 150) = 0.69, p > .05) or
interactions involving Group (Meaning by Group: χ2(4, n =
150) = 3.8, p > .05; Cue by Group: χ2(6, n = 150) = 3.2, p >
.05). We further examined potential group differences in the
individual cues that affect irony. We specified an initial
model on accuracy with Meaning, Context, Intonation, Face,

We examined the effects of multilingualism and bidialectalism on irony interpretation by comparing
multilingual, bi-dialectal, and monolingual young adults.
Results in the irony test revealed that irony interpretation was
(1) difficult, as shown by slower and less accurate responses
to ironic compared to literal items; (2) facilitated by the
presence of more ironic cues, as indicated by differences in
accuracy and RTs between the three-cue (context +
intonation + face) condition and one-cue conditions (contextonly, intonation-only). Moreover, evidence suggested that
context had a greater and facilitative effect on the speed of
irony processing compared to literal meanings. Also, we
found no group differences in accuracy or speed of irony
processing or in the way that different (combinations of) cues
affect irony. Our results support the view of multilingual
pragmatics according to which pragmatic interpretation is no
different in multilinguals compared to monolinguals (at least
for highly proficient multilinguals in the target language).
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Abstract
Given considerable advancements in automated driving systems, the day when autonomous vehicles will be regularly
present in our everyday life is impending. It is, therefore, very
significant to put emphasis on the effect that giving up autonomy might have on an individual. We take into consideration
an experimental data set regarding participants’ reported discomfort levels to tackle the following questions: How can we
represent a discomfort measurement in a meaningful way? Using this representation, can future discomfort reactions be predicted? We identify key features, identify baseline models, and
develop a new approach based on the k-nearest neighbor model
to considerably improve the prediction of individual user’s discomfort measurements. A discussion of limits and potentials
concludes the paper.
Keywords: discomfort; autonomous driving; k-nearest neighbors; human-machine interaction;

Introduction
The rapid increase in the automation level of vehicles and the
development of autonomous cars will soon lead to personal
experiences and interactions with this technology in our everyday lives (ERTRAC, 2019). As a consequence, driving
becomes a cooperative task between a human and a technical
system that perceives, interacts, and decides. Technical challenges of the steering process have progressively been solved
within the last years (Guo et al., 2018).
Whenever humans are involved, however, there is more
than the technical level that needs to be taken into account for
a smooth interaction. Human drivers are not technical systems. The cognitive, emotional, and affectionate state of the
human is of high importance when aiming for successful cooperation and enhancing the driver’s enjoyment, pleasure and
most important – feeling of safety, while they transfer autonomy to the car. If the system has a general understanding
of how specific actions affect the user, then it has the opportunity to perform an appropriate action towards achieving a
goal while minimizing feelings of discomfort within the user.
Discomfort is hereby understood as any unpleasant experience during (automated) driving and is conceptualized as
opposite part of comfort. Comfort is defined as a subjective, pleasant state of relaxation resulting from confidence in
safe vehicle operation, which is achieved by the removal or
absence of uneasiness and distress (Beggiato, Hartwich, &
Krems, 2019). Traditional comfort aspects like noise, vibration, and harshness have been identified as main variables affecting driving comfort. However, in automated driving addi-

tional psychological determinants are discussed such as trust
in the system, apparent safety or familiarity of driving manoeuvres (Elbanhawi, Simic, & Jazar, 2015).
These new comfort aspects do also differ from being a codriver of a manually driven vehicle, mainly because 1) a human driver shares the same life-threatening risk in case of an
accident (vs. a technical system) and 2) the social interaction with a human driver makes it easier to mention and reduce discomfort by changing the driving style. Even though,
a starting point for identifying potentially uncomfortable automated driving scenarios is to categorize situations and parameters that affect comfort as manual driver and co-driver
(for an overview see Beggiato et al. (2019)).
One of the most often mentioned uncomfortable situations
as co-driver relate to distance keeping, i.e. driving too close
behind a vehicle ahead. Thus, this potentially uncomfortable
scenario (close approach) was selected and implemented in
the driving simulator study from which these data originate
(Beggiato, Hartwich, et al., 2020). As a consequence, the
presented results are limited to such distance-related driving
situations and not e.g. discomfort due to lateral deviations
from the expected trajectory, driving too fast in curves, unpredictable behaviour of others etc. However, distance keeping is
already an issue in currently available driving assistance system like Adaptive Cruise Control and thus, these assistance
systems could also benefit from detecting discomfort due to
subjectively perceived short distances.
In this paper, we focus specifically on individual differences in the extent of discomfort, which are important to
adapt the behaviour of an autonomous vehicle (AV) to its respective user. So, once discomfort is detected the AV can
make a more informed decision on how to react in a certain
situation to reduce the user’s discomfort.
Previous predictive approaches have focused on the detection of discomfort in a classification manner (Dommel, Pichler, & Beggiato, 2021). However, we are interested in more
than solely predicting whether discomfort is present or not.
How intense was the experienced discomfort? When did it
start? We aim to find an appropriate representation for discomfort such that similar questions are answered, while also
providing the basis for a predictive modeling task of an individual’s experienced discomfort? This leads to the research
questions that are approached in the following:
RQ 1: Given an individual’s measurement of discomfort in
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the range 0-100, how can we represent it through meaningful
features that can capture individuals?
RQ 2.1: How can a predictive modeling task based on the
features in RQ1 be defined and evaluated?
RQ 2.2: Can the predictive performance be pushed beyond the level of performance achieved by static and aggregate models by successfully leveraging the information available in the individual data?
The paper is structured as follows: We will first introduce
the relevant data. Afterwards, we introduce a meaningful discomfort measurement feature representation. Based on this
we derive our predictive modeling task. We approach this
modeling task, by using a user-based recommender method
for predicting individual discomfort. Finally, we present
and discuss the results of the prediction of discomfort in autonomous driving.

Data
The present data set was collected by Beggiato, Hartwich, et
al. (2020). 40 participants took part in the stationary driving
simulator experiment. The study was conducted in 2 sessions,
separated by two months. The participants were presented
with identical driving scenarios for both sessions, where they
experienced the simulation of driving in a fully automated car
that is approaching a truck on a straight rural road three times
and they had no possibilities to influence the ego car’s behavior (see Figure 1). The approaching speed was about 102
km/h whilst the speed of the truck was constantly 80 km/h.
At a minimum distance of 4 meters the ego car was slowing down to 60-70 km/h and increasing the distance again.
Afterwards the next phase begun by accelerating to the original speed again. The overall time for the scenario was about
three minutes. Altogether, in both sessions each participant
experienced six minutes of autonomous driving including six
discomfort inducing events.

At the beginning of each session the participants were
asked to push the discomfort lever for testing and synchronization purposes. Thus, these first 15 seconds, 1000 data
points, are excluded from the used data set. Additionally, all
measurements beyond second 157, the 10500th data point,
are not considered due to demounting noise after the driving
session.
Furthermore we excluded two participants as outliers from
our final data set, because their single discomfort events could
not be distinguished from each other, which leaves 38 available participants. In the following, we refer to the 3 discomfort inducing events from the first session as Event 1–3 and
from the second session, Event 4–6.

Discomfort Measurements Representation
Telpaz et al. (2018) performed an on-road wizard-of-oz study
in an urban area focusing on exterior features related to other
road users. The subjects were asked to indicate their comfort by using a potentiometer dial ranging from one to ten.
They found that car and context related features, are a main
factor to identify discomfort inducing events. Specifically,
they showed that vehicle dynamics, i.e., speed under consideration of external features like velocity or position of other
traffic participants are a main factor for classifying comfort
and respectively discomfort in autonomous driving.
Following that, we found that the ratio between the ego car
speed and distance to the vehicle in front is a good approximation of the aggregate discomfort among all participants as
shown in Figure 2.

Figure 2: Mean discomfort and the speed-to-distance ratio

Figure 1: Ego perspective of the participants car approaching
the truck
During the whole driving session the participants had the
task to indicate their perceived level of discomfort with a
handset controller. So according to the deflection of the controller lever the amount of felt discomfort could be recorded.

However, on an individual level this ratio does not always
depict the events in an adequate way as shown in Figure 3
for a selected participant as an example. For example, the
ratio underestimates the intensity experienced discomfort in
Event 1, and it cannot pinpoint the moment in time when the
discomfort started in Event 4.
Within the data set we found a wide variety between the
measurements of expressed discomfort by participants (cf.
Figure 4). A static model like the speed-to-distance ratio can
obviously not represent every individual accurately.
The standard deviation of discomfort for all participants
over time is shown in Figure 5 and equals sd = 12.058 over all
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Figure 3: Example difference between speed to distance ratio
and a participant’s discomfort

scribes the amount of discomfort overall. Then, global maximum is the maximum intensity of the experienced discomfort.
The onset tells us when the discomfort feeling started. Slope
indicates how fast is the maximum discomfort reached. And,
finally, duration explains how long did the discomfort last. A
visual representation of these five features applied on an individual’s discomfort curve is shown in Figure 6. With these
features, a discomfort curve during a single event can be represented numerically, facilitating the modeling and prediction
process, while additionally answering questions that provide
more detailed insight into describing the experienced discomfort.

Figure 4: Example for variety in discomfort between two participants for the same driving session
events. This observation can be explained by the fact, that discomfort is a very subjective feeling that differs between individuals (Kuijt-Evers, Groenesteijn, de Looze, & Vink, 2004).

Figure 6: Representation of an example participant’s discomfort curve using the five derived features. This representation
is used as a ground truth for modeling

Predictive Modeling Task

Figure 5: Standard deviation of discomfort over time for all
participants
Given this extent of variability among the discomfort
curves, a prediction focusing only on the presence or absence
of discomfort is not sufficient. Therefore, in contrast to simply binarizing the events, we introduce a representation of
discomfort based on meaningful curve features, that we will
use for our predictive modeling task, as described in the following section. Given a discomfort curve, such as the one depicted in Figure 4, we describe it using the following five features. Starting with the area under the curve (AUC) which de-

The main objective of the predictive modeling task is predicting an individual’s discomfort curve. We represent a discomfort curve using the 5 features as described previously: the
AUC, global maximum, onset, slope, and duration. When
a discomfort inducing event occurs, an individual’s reaction
is obtained, which is then used to predict discomfort curves
for future events, through our 5-feature curve representation.
In order to evaluate a model’s individual predictive performance, we calculate the root mean squared error (RMSE) between the predicted values, and the true values for the 5 features representing the individual’s discomfort curve, for each
participant. Finally, the mean of all RMSE values is taken to
determine the model’s overall performance. In the following,
we propose a new modeling approach which is based on the
k-nearest neighbors algorithm.

k-Nearest Neighbors
k-nearest neighbors (k-nn) is a learning algorithm used for
classification and regression that predicts a target value for
unseen data based on previously learned data points. For
a new data point, a neighborhood consisting of the k near-
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Table 1: Predictive performance of all models: Mean RMSE values for the predicted discomfort curve feature values across
all participants for each event. Speed-to-Distance Ratio – The 5 feature values of the speed-to-distance ratio curve; Aggregate
Discomfort – The mean values of every other participant for a specific event; Individual Discomfort – The mean values of
previous experienced events by the individual; k-Nearest Neighbor Model – Our approach based on the k-nearest neighbors
model
Event
Approach
1
2
3
4
5
6
Overall
Speed-to-Distance Ratio
Individual Discomfort
Aggregate Discomfort
k-Nearest Neighbor Model

0.427
0.374
0.134
0.134

0.408
0.206
0.129
0.118

est (most similar) known data points is created. The similarity is thereby determined based on a set of features describing the instances. The prediction is then calculated by
building the average target value of the neighbors. In order
to select a model that represents the data well enough, but
does not overfit and can perform accurately against unseen
data, the value for k is often determined using cross-validation
(Kramer, 2013), where the data is split into training and validation sets. In the specific case of smaller data sets, in order
to maximize the number of training instances, leave-one-out
cross-validation (LOO-CV) is used, where k-nn models with
different k values are fit on every data point (training set) except the one whose target value is to be predicted (validation
set). This process is repeated for each data instance. The
prediction on the validation set is evaluated and based on the
overall lowest validation error, the best performing k is chosen. Given the chosen k, we have a k-nn model that is ready
to be applied to new, unseen data (test set).
Given an individual’s discomfort curves, using k-nn we
find the nearest neighbors who reacted in a similar manner
to all events until now and then make a prediction for the
individual’s future reactions. More specifically, the exact features that the k-nn algorithm trains on are the five features
describing discomfort curves. As the model relies on similarity measures, the interval ranges of the feature values are
of utmost importance, as for adequate results they should be
on the same scale (Aggarwal, 2016). Therefore, we normalized the feature values, i.e. their value ranges are in the [0, 1]
interval.
In our data scenario, we iterate over the 6 events, trying to
predict an individual’s 5-feature representation of their discomfort curves for each one of them, using the knowledge
about the neighbors with most similar reactions to all already
recorded events. E.g., when making a prediction for Event
3, k-nn looks for the individual’s nearest neighbors for both
events 1 and 2 together.
Naturally, with this approach it is expected that as more
events are recorded, the predictions should have a better accuracy, given that the participant’s neighborhood becomes more
well-defined. One drawback, however, is the lack of information to make a prediction for the very first event, which

0.425
0.261
0.164
0.126

0.408
0.204
0.124
0.108

0.409
0.111
0.134
0.101

0.424
0.213
0.132
0.096

0.417
0.228
0.136
0.114

is common in such neighborhood recommender approaches
and is referred to as the cold start problem (Aggarwal, 2016).
In order to overcome this, we use the aggregated discomfort
curve feature values of all other participants, in contrast to a
refined neighborhood.

Figure 7: Mean RMSE values of predicted discomfort curve
feature values across all participants for each event. ratio speed-to-distance ratio; ind. - individual; aggr. - aggregate;
k-NN - k-Nearest Neighbor Model
In order to determine which value for k is best suitable for
our scenario, we followed the standard procedure (Dangeti,
2017) to randomly assign the data into a 70% training set
and a 30% test set, leading to 26 and 12 participants respectively. Given the small data set size, we performed LOO-CV
on the training set and determined the validation errors using
the root mean squared error (RMSE) metric. We calculated
the average RMSE value between the model’s predictions and
the individuals’ true discomfort curve feature values, for each
value of k. Performing LOO-CV on 26 data points means we
have 25 participants in the training set, leading to the maximum possible number of neighbors for the validation data
point to be 25, which sets the possible values of k in the interval [1, 25]. The best performance was achieved with k = 11,
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based on the minimal validation RMSE value of 0.071. Applying the model on the unseen test set delivered an RMSE of
0.113. Therefore, in our approach we use the 11-nn model.
Python’s scikit-learn library1 was used for data splitting,
RMSE calculations and k-nn regression with multiple outputs.

Results
In this section we report our evaluation outcomes, mainly
through root mean squared error (RMSE) values.
In a previous section we showed a representation of discomfort measurements using the ratio of the car’s velocity
and the distance to the vehicle in front. We calculated the
RMSE between the area under the curve values for the ratio
curve and the true mean discomfort curve (Figure 2), leading to a value of 0.127 – as usual an RMSE of 0 is a perfect
fit. In order to confirm that this is not a good representation
on an individual basis, we also calculated the RMSE between
the ratio curve and each participant’s discomfort curve (e.g.
Figure 3) which is 0.200. Moreover, we evaluated our proposed 5-feature curve representation in the same manner, for
each participant, leading to a much better mean RMSE value
of 0.102, proving that this is indeed a more accurate way of
representing the individual’s discomfort curve.
Following is the performance evaluation of our approach
for the predictive modeling task based on RMSE values between the model’s predictions and the true individual values
for each of the five features representing a participant’s discomfort curve. First, we establish a baseline by using three
other models. The first baseline model is the five feature representation of the speed-to-distance ratio curve as a predictor.
This is a static predictor that cannot adapt to an individual.
Following is a model based on an individual’s experienced
discomfort. For each event, the mean of the previous events’
five feature representation values is taken as a predictor. Naturally, given the fact there is no available information for the
first event, the prediction is that there is no discomfort. Finally, the last baseline model is based on the aggregate discomfort amongst all other participants. For each event, the
means of the five feature representation values of every other
participant for the to-be-predicted event is taken as a predictor. Similarly to before, the RMSE values we evaluate are
based on scaled feature values in the interval [0, 1]. All
RMSE values for each model overall and every event separately are reported in Table 1.
In our approach the overall mean RMSE across all participants and events is 0.114, outperforming the speed-todistance ratio curve (0.417), the individual model (0.228) and
the aggregate model (0.136). Given the nature of our approach, a meaningful point to consider is the evaluation of
the predictive performance for each event separately and how
they compare to each other. When examining Figure 7 it becomes apparent that once the model starts gathering information about the individuals, it is capable to understand and
1 https://scikit-learn.org/stable/

predict their discomfort reaction much more accurately in the
subsequent events, which is noticeably shown through the
overall improvement in the RMSE values over the course of
the events. Particularly the reduction from a starting RMSE
of 0.134 for Event 1 to 0.096 for Event 6. Naturally, such
a trend can not be found when analyzing the separate event
RMSE values for the speed-to-distance ratio as a predictor,
as it is a static model that does not take individuals into account. The individual and aggregate discomfort models do
not display such improvements as well.
Comparing our k-nn approach to the aggregate discomfort model more closely, we see an improvement overall and
per event. The improvement is significant on the individual
RMSE values achieved by both models (Wilcoxon W = 38,
p = .0000014212).
In addition, we also analyze the results visually by reconstructing the discomfort curve using the predicted feature values for each participant. An example is shown in Figure 8
for a selected participant, which shows the ability of our approach to reconstruct an individual’s discomfort curve using
our five feature representation.

Discussion and Conclusion
The quest to predict individual discomfort in autonomous
driving lead to two research questions. Firstly, we focused
on finding a suitable representation of measurements of human’s experienced discomfort in an autonomous vehicle (RQ
1). Given measured discomfort over time, a discomfort curve
can be represented by using five features: Area under curve
(AUC), global maximum, onset, slope, and duration. With
these expressive features, we can not only characterize attributes, such as the discomfort intensity and rapidity, but
also generate both – a numerical and geometrical depiction
that assists in modeling the discomfort. Most importantly, we
showed that with this approach the differences among individuals can be effectively captured. Using this representation, we formulated a predictive modeling task, addressed in
our second research question.
Following is RQ 2.1: Given information regarding an individual’s discomfort reaction to a driving scenario, how well
can we predict their discomfort in future events? Having the
ability to make an accurate prediction would aid the automated vehicle to tailor its actions to accommodate the individual’s preferences and increase their feeling of comfort and
safety. We presented our method of predicting an individual’s
discomfort reaction to 6 events using data from an experimental driver study (Beggiato, Hartwich, et al., 2020). Our
model is based on the k-nearest neighbor algorithm which
takes into consideration the neighborhood of individuals who
during previous events reacted most similarly to the individual whose discomfort we are aiming to predict. This approach
is capable of adapting to individuals, shown through the improvement of the prediction error over time. This also confirms that the more information about an individual is gathered, a better neighborhood is found. The used data con-
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Figure 8: Example of a reconstructed predicted discomfort curve for a selected participant
tained only 38 participants and their discomfort reactions to 6
events. With a smaller number of individuals, there is a bigger chance for some participants to not have neighbors that
are similar enough. Technically, they would be “outliers” in
the current scenario, but with more data, that would not necessarily be the case. The availability of more participants and
events would provide an opportunity to refine an individual’s
neighborhood and therefore increase the prediction accuracy.
Moreover, it would be of interest to research how to handle
and adapt to an individual when the neighbors are not doing enough. The detection of such situations could be done
through e.g. setting a similarity value threshold.
We tackled the cold start problem by relying on all available participants for the prediction of the first event, which
gives a good starting point if there is no individual information is available. However, once the information is available,
the model performance improves substantially. In regard to
RQ 2.2, we were able to demonstrate that our model can
leverage the additional information available in the data when
considering individuals instead of the aggregate.
The participants in the experiment were constantly exposed
to the same discomfort inducing scenario, which naturally
rises the question of possible habituation effects. Such effect
was not found among the participants (Beggiato, Hartiwch, &
Krems, 2018, p.3):
“The main reasons for inviting the participants twice
were to: (a) obtain a higher overall number of discomfort situations per person; and (b) assess habituation effects within subjects over short and longer time periods
(3 min vs. 2 months). Evaluation of habituation effects
resulted in small to almost no effects, both for short- and
long-term periods. Thus, all situations were included in
the subsequent analyses.”

a users’ experienced discomfort can differ vastly from the discomfort others experience and from the discomfort the same
user has experienced in events before. In fact, the speed-todistance ratio is the worst predictor, then even the individual
predicting itself, then the aggregate of all drivers. By employing methods from machine learning it was possible to
improve considerably the predictions of an individual’s discomfort based on the identification of similar drivers profiles.
Even more so, participants could in fact be better predicted by
their neighbors than by their own history of previous events.
This indicates that the neighborhood indeed captures characteristics of the individual in a meaningful way.
This is only a starting point for the individual discomfort
predictive task. Future models using these data could include
additional sensor data such as body movements, heart rate,
pupil dilation and eye blink frequency (Beggiato, Hartwich,
et al., 2020; Dommel et al., 2021) as well as facial expressions
(Beggiato, Rauh, & Krems, 2020).
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Abstract
Morphological syncretism occurs in languages when one
morphological category ‘merges’ with another. Crosslinguistic research on the prevalence and types of syncretic
patterns has revealed that some types of syncretism are more
common than others. For example, syncretism in nominal
morphology is more likely to occur in non-singular categories
(Baerman et al., 2005). In two artificial language learning
experiments, participants were exposed to words from a
miniature language with suffix markings for gender (feminine
and masculine) and number (singular, dual, and plural).
Participants in Experiment 1 showed no evidence of a bias for
syncretism in non-singular forms. However, participants in
Experiment 2 showed a general bias to infer that a suffix that
marked a novel category should be identical to a known form.
This bias was strongest for non-singular items, in line with the
cross-linguistic typology of syncretism. Implications for
learnability and typology are discussed.
Keywords: syncretism; morphology; linguistics; artificial
language learning; linguistic categories

Introduction
Syncretism is a linguistic phenomenon whereby
morphological forms ‘merge’ together to share the same form
for multiple, but related meanings. For example, in Russian,
the dative plural suffix /-am/ applies to all four noun classes,
while the instrumental singular affix /-oj/ applies only to
Class II nouns (Parker, 2016). Cross-linguistic studies of
syncretism have revealed that syncretic forms are more likely
to occur in nominal morphology for non-singular forms
compared to the singular (Baerman et al., 2005).
There are several possible explanations for why nonsingular forms are more likely to show syncretism, many
related to frequency. Singular forms tend to be highly
frequent in language use, particularly compared to dual or
trial forms. Because learners generally never get the full
range of stem-affix combinations in their input, the language
learner must infer morphological forms from limited input,
making overgeneralization more probable (Ambridge et al.,
2013; Harmon & Kapatsinski, 2017).
Another reason that syncretism may be favored in nonsingular forms could be related to the fact that non-singular
forms are generally considered to be ‘more marked’ than the
singular. This is true for several senses of markedness
(Haspelmath, 2006). Singular forms are more likely to
receive ‘zero’ morphological marking than non-singular
forms. In addition, dual is considered to be both semantically
and cognitively marked, and often receives more structurally
complex linguistic analyses (Nevins, 2006, 2011).
Syncretism could therefore favor structurally marked

categories because it reduces the number of forms required to
linguistically mark that category. It could also ease the
burden on the learner, reducing the number of forms that the
learner must discover.
However, there is reason to believe that syncretism can
pose challenges for learners. Syncretism creates ambiguity
and complexity through homophony (Storme, 2022).
Because learners are biased against homophony (Yin &
White, 2018), specific conditions such as systematicity
(Finley & Wiemers, 2015), or an increased number of forms
with the same affix (Finley 2022) may be required to learn
languages with syncretic forms.
The conditions that help learners acquire syncretic forms
may help explain the typological tendencies in syncretism.
Typologically frequent patterns tend to be easier to learn and
generalize compared to typologically less frequent patterns in
artificial language learning settings (Culbertson, 2012;
Culbertson et al., 2012, 2020; Finley & Badecker, 2009;
Wilson, 2006). Artificial language learning experiments
allow the researcher to control several factors in the language,
such as frequency, and number of forms.
Previous studies focusing on learnability of syncretism
have shown a bias towards systematic syncretism (Finley &
Wiemers, 2015; Pertsova, 2011). For example, a language
with systematic syncretism might have the same affixes for
masculine and feminine in the plural, effectively neutralizing
the gender distinction for plural items. When syncretism
neutralizes a category, it reduces the number of forms to
learn, and decreases ambiguity relative to syncretism that is
not systematic.
Other studies have shown that learners may be biased
towards syncretism in the dual (Finley, 2022; Lee, 2020). Lee
(2020) showed better learning for dual-plural syncretism
compared to singular-dual and singular-plural syncretism,
supporting a view that the structural/grammatical properties
of the dual may bias learners towards syncretism in the dual.
Finley (2022) trained adult learners on an artificial
language with suffix markers for gender (masculine,
feminine, and neuter) and number (singular, dual, and plural).
Training consisted of six forms for each morpheme (e.g., six
masculine dual items). However, syncretism neutralized
gender for one number category (depending on the
condition). For example, in the Dual condition, the same
suffix marked dual masculine, dual feminine, and dual neuter,
meaning 18 of the 54 training items were marked with the
same phonological content. This increase in form frequency
created a significant advantage to learning syncretic
categories. In addition, the benefit to syncretism seemed to
be stronger for dual compared to other categories, suggesting
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the benefit of syncretism may be larger for non-singular
categories. Such a benefit may provide important insights to
understanding the formal properties of the representations of
grammatical number.
However, it is unclear if the benefit to category
neutralization via syncretism found in previous research
holds when the number of forms for each affix is held
constant. When the total number of items from the syncretic
categories was reduced to six (two masculine, two feminine,
and two neuter forms), learning was severely disrupted
(Finley, 2021). Thus, in order to better understand the role of
form frequency in learning noun class categories in artificial
settings, the language may need to be simplified (i.e.,
including two gender categories instead of three).
The present study tests two hypotheses related to learning
noun class categories. First, that syncretism that neutralizes a
category increases learnability of the category, even when
number of forms is controlled for (Experiment 1). Second,
that learners are biased towards syncretism in non-singular
forms over singular forms (Experiments 1 and 2).

As described above, participants were trained on 6 items for
each affix, except for two critical ‘low form frequency’
affixes, with three items each. In the Syncretic conditions, the
critical affix was always /-go/, while in the NonSyncretic
conditions, the critical affixes were /go/ and /mi/, as shown in
Table 1. For example, in the SyncSing condition, the
feminine and masculine singular were both /-go/, but in the
NonSyncSing condition, masculine was /-go/ and feminine
was /-mi/.
This design created 30 training items, with three items each
of masculine and feminine forms in the critical affixes, and
six items for the other four categories. For example, in the
SyncSing condition, there were three items in the training set
that were masculine singular (/-go/), three items that were
feminine singular (/-go/), and six items that were masculine
dual. In the Syncretic conditions, the critical affixes were
identical, thereby neutralizing the gender distinction for the
critical, low form frequency affixes.
Table 1: Number of forms for each affix (Exp 1).

Experiment 1
Participants were exposed to a miniature language that
consisted of nouns with complex nominal morphology
marked as suffixes. This morphology contained three
numbers (singular, dual, and plural), and two ‘genders’
(masculine and feminine), for a total of six possible
morphemes. In each condition, training consisted of six items
for each morpheme, with one exception: either singular,
plural or dual only had six items (three for feminine, three for
masculine). In the Syncretic conditions, these six items were
both marked with the same affix (go), while in the matched
Control (Non-Syncretic) conditions, there were two separate
affixes (go) and (mi). If syncretism improves learning
outcomes for affixes with fewer training items, participants
will show greater learning of the critical (low form
frequency) items when they neutralize a category via
syncretism. If this bias is greater for non-singular items, the
benefit of syncretism to learning will be stronger for dual and
plural items compared to singular items.

Method
Participants Adult, native American English speakers
located in the USA, were recruited from Amazon’s
Mechanical Turk, and were paid $5 for their participation.
Final data analysis included 146 participants (25 participants
in NonSyncDual and SyncSingular conditions, and 24
participants in the other 4 conditions). An additional six
participants were excluded from analysis because they
indicated (in a post-completion survey) that they wished their
data to be discarded.
Design and Materials Participants were auditorily exposed
to a miniature, artificial language that contained CVCV stems
(denoted by animals) with -CV suffixes denoting the gender
(‘masculine’, and ‘feminine’) and number (singular, dual,
and plural) of the lexical item, creating six possible affixes.

SyncSing
SyncDual
SyncPlural
NonSyncSing
NonSyncDual
NonSyncPlural

Masculine
1
2
go me
3
6
me go
6
3
me ge
6
6
go me
3
6
me go
6
3
me ge
6
6

PL
ge
6
ge
6
go
3
ge
6
ge
6
go
3

Feminine
1
2
go di
3
6
di go
6
3
di po
6
6
mi di
3
6
di mi
6
3
di po
6
6

PL
po
6
po
6
go
3
po
6
po
6
mi
3

The language contained 12 different stems, each denoted
by an animal (e.g., donkey, koala, giraffe, etc.). Number was
indicated by the number of the animals in the picture display:
one, two, or more than two. Gender was indicated using
stereotyped accessories: bowtie for “masculine”, and purse
for “feminine”. Because these stereotyped accessories are not
transparent, it is best to consider the markers as markers for
an abstract grammatical gender system, rather than marking
strict biological gender. While many languages show a
correlation between grammatical gender and biological
gender, many languages show noun class genders with no
such distinction (Corbett, 2012).
Each training trial consisted of a picture of one of 12 animal
stems varying by gender and number (e.g., one donkey with
a purse), and a sound file to denote the meaning of the word
(e.g., “satego”). The CVCV-CV words contained a mix of
consonants from the set [b, d, g, k, m, n, p, s, t, v, w, z] and a
mix of vowels from the set [a, e, i, o, u]. No item shared a
close resemblance to known English words. Examples of the
picture-sound pairings can be found in Table 2. Note that the
images were resized to fit the tables in the paper.
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Table 3: Example test trials (Singular conditions).
Table 2: Example training trials (Singular conditions).
Meaning/Sound
Singular-Fem
“satego”

Picture

Dual-Masculine
“tiseme”

The language contained a total of 72 possible picture-sound
pairings (12 stems x 6 affixes). The 30 items in the exposure
phase were presented five times each in a random order. A
subset of the remaining items was held out for use in testing.
Learning was assessed via a two-alternative forced choice
task with 36 items (12 for each singular, dual, and plural).
The task required participants to select the best (audio) form
for the given (picture) meaning. A single picture was shown,
and two different audio forms were presented, both with the
same stem, but a different ending. This ensured that that the
participant relied on knowledge of the suffixes to determine
the correct response. The incorrect (foil) response was always
the same suffix for the same gender, but a different number.
The incorrect response was split evenly between the two
other possible numbers, where possible. For example, if the
target picture contained two male ladybugs, the incorrect
response would be the word for either one male ladybug, or
plural male ladybugs. Examples of test items can be found in
Table 3. Full materials and data analysis code can be found
at: https://osf.io/mn3xb/.
Procedure The experiment took place online using
FindingFive (FindingFive Team, 2019). Participants were
instructed to complete the entire experiment in one sitting,
using headphones, and in a quiet location with stable internet
connection. Participants were asked to check their internet
connection and audio using a test sound ([udvu]). Participants
were told that they were learning a novel language, and would
be hearing words from the language, with a picture that
denoted the meaning of each word. Participants were required
to press a ‘Continue’ button after each sound file played.
Following training, participants were encouraged to take a
short break, and continue to the test phase. Participants were
asked to pick which of two words best matched the meaning
of the picture, the first or the second, and were given options
to click on the corresponding choices or to press the ‘a’ key
to indicate the first word, and the ‘l’ key to indicate the
second word. The audio and image files were always
presented simultaneously.
Upon completion, participants were given written
debriefing, as well as a chance to place any feedback, and to
recuse themselves from inclusion in data analysis. The entire
experiment took approximately 20 minutes to complete.

Correct Item
vopidi

Foil Item
vopipo

pazige

pazigo

Picture

Results
Mean proportion of correct responses for each condition in
Experiment 1 are displayed in Figure 1. Dots indicate means
for individual participants. Data from all eligible participants
were included, but any trial that lasted longer than 10s were
dropped (n = 134). The data were fit into generalized linear
mixed effect models fit by the Laplace approximation using
the lme4 (Bates et al., 2015) package in R (R Development
Core Team, 2018) via R Studio (RStudio Team, 2020). All
models included random intercepts for subjects and items;
more complex models failed to converge.
If syncretism improves learning outcomes for affixes with
fewer training items, then we expect to see a greater
proportion of correct responses in the critical grammatical
number for Syncretic conditions compared to Non-Syncretic
conditions. If learners are biased towards syncretism in nonsingular forms, then there should be bigger differences
between the Syncretic and Non-Syncretic conditions for
critical items in non-singular forms compared to the singular.
Due to convergence errors, a full model exploring
interactions of syncretism by number of training items by
grammatical number could not be performed. Instead, four
models were run. The first three models compared subsets
isolated by the critical grammatical number (e.g., SyncSing
vs. NoSyncSing), dummy coded with the Syncretic condition
and critical items set as the baseline. The fourth model
compared the critical items across all conditions (excluding
non-critical items).
Singular Conditions The model comparing SyncSing and
NonSyncSing conditions showed a significant intercept, b =
1.16, SE = 0.31, z = 3.76, p <0.001, suggesting above chance
performance for critical items in the Syncretic condition.
There was a significant difference between the SyncSing and
NonSyncSing conditions for critical (singular) items, b =
0.74, SE = 0.37, z = 1.99, p = 0.046, suggesting a benefit to
syncretism for learning the singular. There was no significant
difference between critical and non-critical forms in the
Syncretic condition, b = 0.26, SE = 0.25, z =1.04, p = 0.30,
and there was no interaction, b = 0.15, SE = 0.23, z = 0.62, p
= 0.54.
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Figure 1: Experiment 1 results (means and standard errors); dots represent individual participant means.
Dual Conditions This model showed a significant intercept,

b = 0.69, SE = 0.27, z = 2.57, p =0.010, suggesting above
chance performance for critical items in the SyncDual
condition. There was no significant difference between
critical (dual) and non-critical items in the SyncDual
condition, b = 0.20, SE = 0.19, z = 1.06, p = 0.29, and no
significant difference between the SyncDual and
NonSyncDual conditions for critical (dual) items, b = 0.48,
SE = 0.35, z = 1.36, p = 0.17, suggesting no benefit to
syncretism for learning the dual. However, there was a
significant interaction, b = 0.53, SE = 0.23, z = 2.32, p =
0.020, suggesting that the dual was relatively harder to learn
in the NonSyncDual compared to the SyncDual condition.
Plural Conditions This model showed a significant
intercept, b = 0.46, SE = 0.22, z = 2.15, p =0.031, suggesting
above chance performance for critical items in the SyncPlural
condition. There was no significant difference between
critical (plural) and non-critical items in the Syncretic
condition, b = 0.090, SE = 0.17, z = 0.53, p = 0.60. There was
no significant difference between the SyncPlural and
NonSyncPlural conditions for critical (plural) items, b = 0.22,
SE = 0.29, z = 0.73, p = 0.46, and no interaction, b = 0.21,
SE = 0.22, z = 0.93, p = 0.35.
Critical Items This model showed no significant differences
between syncretic conditions for critical items. There was no
difference between singular and dual critical items, b = 0.41,
SE = 0.35, z = 1.17, p = 0.24, or singular and plural critical
items, b = 0.54, SE = 0.35, z = 1.56, p = 0.12. There was also
no significant syncretism by number interactions between
singular and dual, b = 0.16, SE = 0.42, z = 0.40, p = 0.69, or
for singular and plural, b = 0.41, SE = 0.42, z = 0.98, p = 0.33.
These results suggest that there were no differences in the
learnability of the critical items across syncretic conditions,

and no significant benefits to syncretism compared to nonsyncretism for the different number categories.

Discussion
Participants in Experiment 1 learned the critical low form
frequency affixes when they were syncretic, as shown by the
significant intercepts of the models. However, there was no
clear support for a bias for syncretism in non-singular items.
If anything, the effect was stronger for singular items.
One possible explanation for the mixed results is that
participants, being native English speakers, were likely
biased against dual forms, since dual is not present in English,
and has low frequency even in languages that mark the dual.
If learners must sort out that dual and plural are distinct, this
could result in making dual and plural harder to learn, which
may explain why responses were generally higher in the
singular conditions (since there were more dual and plural
affixes).
Another explanation for the mixed results in Experiment 1
is that even though there were six training items for each
affix, the critical items represented two meanings (e.g.,
masculine and feminine). Thus, it may be impossible to
completely control for form frequency.
A better way to address the question may be to test
inferences and generalization (Wilson, 2006). Experiment 2
tests whether participants, trained on language with two
genders (masculine, and feminine) and three numbers
(singular, dual, and plural) without any sign of syncretism,
will infer that novel neuter items have the same form as their
gendered counterparts, or have a novel form.
Participants may avoid syncretism in order to avoid
homophony (Yin & White, 2018). If learners are biased
against homophony, they should infer that the novel category
has a form distinct from the one heard in training, also in line
with mutual exclusivity (Merriman et al., 1989). If learners
are biased towards syncretism, they should infer that a novel
grammatical category (neuter) should have the same form as
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heard in training (masculine or feminine). If there is an
interaction between homophony avoidance and a bias
towards syncretism in non-singular forms, participants
should be more likely to select the novel affix for singular
items compared to non-singular items.

Experiment 2
Experiment 2 further addresses questions related to
homophony avoidance and biases towards syncretism for
non-singular forms by exposing participants to a 2 (masculine
feminine) x3 (singular, plural, dual) morphological paradigm
with equal lexical frequency across categories, and no
syncretism. At test, participants were exposed to a novel
grammatical category (neuter), and given either a known
form or a novel form. If participants are biased towards
syncretism, they will select the known form more often than
the novel form; if participants are biased towards homophony
avoidance, participants will select the novel form more often
than the known form. If there is a bias towards syncretism in
non-singular forms, participants will be more likely to select
the novel form for singular items compared to non-singular
items.

Method
Participants All participants were adult, American English
speakers, recruited from the Psychology subject pool at a
university in the Pacific Northwest of the United States, and
were given course credit for their participation. Participants
did not previously participate in Experiment 1, or any similar
morphological learning experiment. Final data analysis
included 32 participants. One additional participant was run
but excluded from analyses because they indicated that they
wished their data to be discarded in a post-completion survey.
Design and Materials Experiment 2 made use of a similar
design and stimuli set as Experiment 1, with several notable
changes. First, none of the affixes in Experiment 2 were
syncretic. Second, there were six forms for each (nonidentical) affix. Third, the test asked participants to
generalize to neuter items, which were not present in training.
Holding out neuter items allows for a different test of biases
towards syncretism. When presented with novel neuter items,
participants, in a two-alternative forced-choice test can be
asked whether a familiar affix is ‘better’ than a novel affix.
The training phase in Experiment 2 contained items from
the same 12 stems used in Experiment 1, with six items for
each suffix for a total of 36 training items. Each item in the
training set was repeated five times in a different random
order each time. The list of the suffixes used in Experiment 2
are presented in Table 4.
Like Experiment 1, each test item included a single picture,
and participants were asked to choose between two auditory
forms that differed only in terms of the suffix. There were 30

Gendered items and 30 Neuter items, with 10 items each for
singular, dual, and plural. The Gendered items pit the correct
form (heard in training) with an incorrect form of the same
gender but a different number; all items were novel. The
Neuter items pitted gendered items with the same
grammatical number against the novel suffix /-mi/. Order of
presentation was counterbalanced across items such that the
‘correct’ item was presented first on half of the trials. The
order of presentation of items was presented in a different
random order for each participant.
Table 4: Number of forms for each affix (Exp 2).
Masc
Fem

1
me
6
di
6

2
go
6
wa
6

Pl
ge
6
po
6

Procedure The procedure was identical to Experiment 1.

Results
Means and 95% CIs for Experiment 2 can be found in Figure
2. Responses to Neuter items were coded as ‘correct’ if
participants selected the novel affix (e.g., homophony
avoidance). Data from all eligible participants were included,
but any trial that lasted longer than 10s was dropped (n = 99).
The data for Experiment 2 were analyzed in a similar manner
to Experiment 1. Because the question of interest in
Experiment 2 was how learners generalized the neuter items
based on grammatical number, responses were divided into
Gendered and Neuter. The models used simple contrasts,
with singular items as the baseline. A significant intercept
was interpreted as an overall difference from 50% chance.
Gendered Items The intercept of the model for gendered
items was significant, b = 0.85, SE = 0.20, z = 4.24, p < 0.001,
indicating that participants had learned the overall pattern.
There were no differences between singular and dual items,
b = 0.00022, SE = 0.21, z = 0.001, p = 0.99, or singular and
plural items, b = 0.33, SE = 0.21, z = 1.56, p = 0.12,
suggesting no bias for learning grammatical number.
Neuter Items The intercept of the model for neuter items was
significant and negative, b = -0.84, SE = 0.19, z = -4.42, p <
0.001, indicating that participants generally preferred the
known affix, creating syncretism. There were significantly
more novel affix responses for singular items compared to
dual items, b = -0.44, SE = 0.18, z = -2.38, p = 0.017, and
plural items, b = -0.68, SE = 0.19, z = -3.64, p < 0.001,
suggesting that the bias towards syncretism was stronger for
non-singular forms.
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Figure 2: Experiment 2 results (means and standard errors); dots represent individual participant means.

Discussion
When participants were trained on a novel language with six
affixes, two gender categories (masculine and feminine) by
three number categories (singular, dual and plural),
participants were more likely to select a known affix for
novel neuter items, suggesting a bias towards syncretism in
gender over number. This bias was stronger for non-singular
items compared to singular items, in line with the typology
of syncretism. The bias against selecting the novel affix
represents trends found in iterative learning experiments that
show a tendency for a loss of distinctions over time (Kirby et
al., 2015).

General Discussion and Conclusions
The present study explored the role of syncretism in learning
nominal morphology. In Experiment 1, participants showed
a benefit to syncretism when there were fewer forms of the
same affix. However, the benefit to syncretism was limited,
and the biases for syncretism in non-singular forms may have
been masked by general biases towards neutralizing the dual
and the plural, as learning of the 3x2 language was relatively
weak. However, when all forms were equally frequent (in
Experiment 2), learning was relatively strong, suggesting that
it is possible to overcome biases against dual and plural as
separate affixes with enough training.
It is also possible that the results of Experiment 1 were
mixed because of a bias to avoid homophony. However,
Experiment 2 did not show the same bias against homophony
as in previous studies (Yin & White, 2018). Rather,
participants assumed that the neutered items had the same
form as their known counterparts. This assumption was
strongest for non-singular items, in line with the crosslinguistic typology. One reason that participants did not show
a homophony bias is that the ‘novel’ affix was always /-mi/
and appeared in half of the test items. Thus, it may be that
participants, particularly by the end of the study did not treat
the item as novel.

One reason that Experiment 2 showed a bias while
Experiment 1 did not was because the task in Experiment 2
was a generalization task. Generalization tasks may be easier
than learning tasks, and therefore able to detect more subtle
biases for syncretism. Future research could explore how
inferences in learning and generalization might shape
language learning and language change. While the biases for
non-singular items to undergo syncretism were somewhat
weak, it is possible that, over several generations of learners,
this bias could emerge more strongly (Reali & Griffiths,
2009; Smith & Wonnacott, 2010). Future research could
address this question using iterated methods of language
learning (Kirby et al., 2008).
The present study adds to our understanding of how
syncretism might affect language learning. Syncretism,
especially when it neutralizes a category, may make learning
novel categories easier. When faced with generalization to a
novel category, learners may be more willing to use a novel
form for singular items compared to non-singular items, in
line with the cross-linguistic typology of syncretism. This
finding adds to the growing body of research relating
learnability to cross-linguistic frequency of phonological,
morphological and syntactic patterns.

Acknowledgments
I would like to thank Elizabeth Wiemers, Stella Wang, and
Saara Charania for their help creating the experiment and
stimuli. I am grateful to the anonymous Cogsci reviewers for
their helpful feedback. Funding was provided by a PLU
Benson-Starkovich grant to S. Finley.

References
Ambridge, B., Pine, J. M., Rowland, C. F., Chang, F., &
Bidgood, A. (2013). The retreat from overgeneralization in
child language acquisition: Word learning, morphology,
and verb argument structure. Wiley Interdisciplinary
Reviews:
Cognitive
Science,
4(1),
47–62.
https://doi.org/10.1002/wcs.1207
Baerman, M., Brown, D., & Corbett, G. G. (2005). The

3115

syntax-morphology interface: A study of syncretism.
Cambridge University Press.
Bates, D., Mächler, M., Bolker, B., & Walker, S. (2015).
Fitting linear mixed-effects models using {lme4}. Journal
of Statistical Software, 67, 1–48.
Corbett, G. G. (2012). Gender. Cambridge University Press.
Culbertson, J. (2012). Typological universals as reflections
of biased learning: Evidence from artificial language
learning. Language and Linguistics Compass, 6(5), 310–
329. https://doi.org/10.1002/lnc3.338
Culbertson, J., Franck, J., Braquet, G., Barrera Navarro, M.,
& Arnon, I. (2020). A learning bias for word order
harmony: Evidence from speakers of non-harmonic
languages. Cognition, 204(July), 104392.
Culbertson, J., Smolensky, P., & Legendre, G. (2012).
Learning biases predict a word order universal. Cognition,
122, 306–329.
FindingFive Team. (2019). FindingFive: A web platform for
creating, running, and managing your studies in one place.
FindingFive Corporation (nonprofit).
https://www.findingfive.com
Finley, S. (2021). Frequency as a barrier to learning complex
nominal morphology.
https://doi.org/10.31234/osf.io/4vcga
Finley, S. (2022). Learning complex morphological patterns:
The role of syncretism and markedness. In A. Sims, A.
Ussishkin, J. Parker, & S. Wray (Eds.),
Morphological diversity and linguistsic cognition.
Finley, S., & Badecker, W. (2009). Artificial language
learning and feature-based generalization. Journal of
Memory and Language, 61(3), 423–437.
https://doi.org/https://doi.org/10.1016/j.jml.2009.05.002
Finley, S., & Wiemers, E. (2015). Phonological and semantic
consistency as cues for learning morphological systems. In
U. Steindl (Ed.), Proceedings of the 32nd West Coast
Conference on Formal Linguistics. Cascadilla Proceedings
Project.
Harmon, Z., & Kapatsinski, V. (2017). Putting old tools to
novel uses: The role of form accessibility in semantic
extension. Cognitive Psychology, 98, 22–44.
https://doi.org/10.1016/j.cogpsych.2017.08.002
Haspelmath, M. (2006). Against markedness (and what to
replace it with). Journal of Linguistics, 42(1), 25–70.
https://doi.org/10.1017/S0022226705003683
Kirby, S., Cornish, H., & Smith, K. (2008). Cumulative
cultural evolution in the laboratory: An experimental
approach to the origins of structure in human language.
Proceedings of the National Academy of Sciences of the
United States of America, 105(31), 10681–10686.
https://doi.org/10.1073/pnas.0707835105
Kirby, S., Tamariz, M., Cornish H., & Smith, K. (2015).
Compression and communication in the cultural evolution
of linguistic structure. Cognition 141, 87-102.
https://10.1016/j.cognition.2015.03.016.
Lee, N. (2020). Learning (im)possible number syncretisms:
Investigating innate featural representations.
Merriman, W. E., Bowman, L. L., & MacWhinney, B.

(1989). The mutual exclusivity bias in children’s word
learning. Monographs of the Society for Research in Child
Development, 54(3),
Nevins, A. I. (2006). Dual is still more marked than plural.
Harvard Working Papers in Linguistics, 12.
Nevins, A. I. (2011). Marked targets versus marked triggers
and impoverishment of the dual. Linguistic Inquiry, 42(3),
413–444. https://doi.org/10.1162/LING_a_00052
Parker, J. (2016). Inflectional complexity and cognitive
processing: An experimental and corpus-based
investigation of Russian nouns. Doctoral Dissertation,
Linguistics Department, The Ohio State University.
Pertsova, K. (2011). Grounding systematic syncretism in
learning.
Linguistic
Inquiry,
42(2),
225–266.
https://doi.org/10.1162/LING_a_00041
R Development Core Team, R. (2018). R: A language and
environment for statistical computing. In R. D. C. Team
(Ed.), R Foundation for Statistical Computing. R
Foundation
for
Statistical
Computing.
https://doi.org/10.1007/978-3-540-74686-7
Reali, F., & Griffiths, T. L. (2009). The evolution of
frequency distributions: Relating regularization to
inductive biases through iterated learning. Cognition,
111(3), 317–328.
RStudio Team. (2020). RStudio: Integrated Development for
R. 2020. http://www.rstudio.com/
Smith, K., & Wonnacott, E. (2010). Eliminating
unpredictable variation through iterated learning.
Cognition, 116(3), 444–449.
Storme, B. (2022). Implicational generalizations in
morphological syncretism: The role of communicative
biases. Journal of Linguistics, 58, 381-421.
Wilson, C. (2006). Learning phonology with substantive
bias: An experimental and computational study of velar
palatalization. Cognitive Science, 30, 945–982.
https://doi.org/10.1207/s15516709cog0000_89
Yin, S. H., & White, J. C. (2018). Neutralization and
homophony avoidance in phonological learning.
Cognition, 179, 89–101.

3116

Optimal learning under structural environmental uncertainty reveals inherent
learning trade-offs
Santiago Herce Castañón (S.HerceCastanon@GMail.Com)
Department of Psychology and Educational Sciences, University of Geneva, Switzerland

Pedro Cardoso-Leite (Pedro.CardosoLeite@Uni.Lu)
Department of Behavioural and Cognitive Science, University of Luxembourg, Belval, Luxembourg

C. Shawn Green (CShawn.Green@Wisc.Edu)
Psychology Department, University of Wisconsin-Madison, Madison, Wisconsin, USA

Daphne Bavelier (Daphne.Bavelier@UniGe.Ch)
Department of Psychology and Educational Sciences, University of Geneva, Switzerland

Paul Schrater (Schrater@UMN.Edu)
Department of Computer Science, University of Minnesota, Twin Cities, Minneapolis, Minnesota, USA
Abstract
In some contexts, human learning greatly exceeds what the
sparsity of the available data seems to allow, while in others, it
can fall short, despite vast amounts of data. This apparent
contradiction has led to separate explanations of humans being
equipped either with background knowledge that enhances
their learning or with suboptimal mechanisms that hinder it.
Here, we reconcile these findings by recognising learners can
be uncertain about two structural properties of environments:
1) is there only one generative model or are there multiple ones
switching across time; 2) how stochastic are the generative
models. We show that optimal learning under these conditions
of uncertainty results in learning trade-offs: e.g., a prior for
determinism fosters fast initial learning but renders learners
susceptible to low asymptotic performance, when faced with
high model-stochasticity. Our results reveal the existence of
optimal-paths-to-not-learning and reconcile within a coherent
framework, phenomena previously considered disparate.
Keywords: optimal learning; volatility; background
knowledge; structural uncertainty; prior for determinism

Introduction
One of the most striking aspects of human learning is the
speed with which learning proceeds in some situations.
Indeed, learning rates often exceed what the available data
would allow, even if the learner was making maximum use
of each data point (Carey & Bartlett, 1978; Chomsky, 1980;
Feldman, 1997; Jern & Kemp, 2013; Ward, 1994; Xu &
Tenenbaum, 2007). These findings suggest that humans use
background knowledge when approaching novel learning
problems (Lake et al., 2017; Tenenbaum & Griffiths, 2001).
This type of generalization can allow an individual in a new
learning situation to either show an immediate high level of
performance, to have a faster learning rate, or both (Harlow,
1949; Kattner et al., 2017; Spelke et al., 1992). Yet, at the
same time, human learning performance can sometimes be
substantially lower than what the data would allow, even in
seemingly simple tasks (Baker et al., 2014; Findling &

Wyart, 2021; Wang et al., 2017; Wyart & Koechlin, 2016).
Such failures of learning are typically attributed to
completely different mechanisms than those supporting
surprisingly fast learning. For instance, studies using
sequence learning paradigms have found a proportion of the
subjects to be “weak” learners of statistical properties of
sequences (Baker et al., 2014) or to fall short of the expected
optimal learning performance (Wang et al., 2017).
While current views rely on separate explanations for these
two aspects of human learning: where “fast learning”
assumes people use prior knowledge and optimal inference
computations and “poor learning” assumes ad hoc
suboptimal mechanisms (e.g., memory leakage, inattention,
demotivation), we posit that these seemingly unreconcilable
findings are in fact to be expected from optimal learning
agents. First, the agents must have the ability to learn quickly
(i.e., to discover the generative models, the causal
explanations of their observations). This requires that
learners have, from the start, a set of candidate generative
models of the observations. Second, we posit that agents
must use their observations to update their prior expectations
of two sources of structural uncertainty about the
environment: a) uncertainty about the stochasticity of each
candidate model and b) uncertainty about the volatility of the
environment. In other words, learners need to infer the extent
to which the observations must be explained by their putative
generative model, and the probability with which the
underlying generative model could switch onto a different
one from one moment to the next.
We argue that uncertainty about the structural properties of
the environment in human learning tasks is much more
pervasive than is currently recognised. Structural uncertainty
is bound to occur in laboratory settings whenever instructions
are unclear or incomplete, in ecological settings (where
instructions are non-existent and goals may be unclear), and
in many real-life scenarios where the context of the
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environment is ambiguous (Acuña & Schrater, 2010; Beck et
al., 2012; Behrens et al., 2007; Courville et al., 2006). Think
for example about turning the radio on when an unknown jazz
piece is playing. Try to predict what notes will be played next.
Your predictions may differ, for instance, depending on
whether there is a single player who is playing a recurring
pattern of notes with some variations (i.e., random excursions
from the main melody) or multiple players taking turns
playing distinct melody pieces. The way we interpret this
novel musical piece, and how well we are able to predict the
forthcoming notes, will largely hinge on the nature of our
background knowledge (based perhaps on similar prior
experiences). At the core of this learning problem lies an
inherent ambiguity for attributing the causes of unexpected
observations. Should an unexpected stimulus be attributed to
a switch in the true generative model (i.e., a switch to a new
musician)? Or should it be attributed to a single nondeterministic true generative model (i.e., one musician who
introduces stochastic variations)?
Here, we follow a Bayesian solution to learning under this
type of structural uncertainty about the environment and
report a series of counterintuitive learning trade-offs. First, a
trade-off exists between: the speed of initial learning (and of
adaptation to changes), and the ceiling or final performance
under any one assumed model (Brand, 1999; Jaynes, 1982).
We show that a learner’s prior expectation towards
deterministic models is simultaneously conducive to the
fastest identification of the underlying model and of changes
of the underlying models. However, such a prior for
determinism also leads learners to quickly assume a change
in models when in fact the observations may simply be
stochastic departures within a single true model. Similarly,
prior expectations for a stable (as opposed to volatile)
environment lead to higher levels of final performance for all
the observations that arise from a single model. However,
such a prior for stability also precludes detecting possible
changes in the underlying models. A second learning tradeoff is linked to the size of a learner’s set of candidate models.
Intuitively, a bigger set of assumed models is more likely to
contain the true model for a series of observations, and thus
to yield higher performance levels. However, a bigger set of
assumed models can make it harder to identify the true model
(from a subset that makes few disjoint predictions), thus
reducing the speed of learning. Together, we show that these
learning trade-offs predict the existence of optimal-paths-tonot-learning for agents that aim to learn fast. Specifically, a
prior for determinism can lead a learner to quickly identify
the true model for a series of observations, and quickly
identify a true change in model, at the cost of hindering
learning when a single true model with higher stochasticity
generates the observations.

Results
We analyse the learning consequences for agents that: i) have
a set of candidate models for their observations (which allow
them to learn at rates that exceed what the observations alone
would allow), ii) have uncertainty about how stochastic each

of the models may be and iii) have uncertainty as to the
likelihood that a model can be overtaken in time by a different
one. The last two points capture the agents’ uncertainty about
the structural properties of the environment. Although the
general framework works for a broad set of learning
environments, here we ground our work onto a specific case
of learning in a sequence prediction task. Some of the
assumptions made in the specific example are made for
allowing completeness of information on the side of the
learners, but we clarify what the minimal assumptions are
that support generalizing our results.

Definitions, Notation and Assumptions
Briefly, we assume an environment that consists of the
sequential presentation of one stimulus (at each time point)
out of a fixed set (e.g., and unordered set of symbols). Agents
have to predict at each time point what stimulus will come
next, requiring in essence the agents to learn the predictive
transition patterns. We describe the both the environment and
the agents in more detail, and in turn, in the following
subsections.
Environmental model The stimulus sequence is controlled
by a specified set of generative models which
probabilistically determine the next stimulus as a function of
the last one. Each of the generative models is a first order
Hidden Markov Transition model. Furthermore, the complete
set of generative models that obey a set of rules form a
generative family. In general, we assume that the size of the
model space
is finite.
For grounding our results, we assume an environment
where the generative family is defined by six possible
generative models parameterised by , a level o stochasticity.
The six permutation matrices over a set of four symbols (four
stimulus identities) span the full space stimulus-to-stimulus
transitions and capture the most essential part of the
generative models: the set of dominant transitions, i.e., the
most likely next stimulus from any given stimulus. All
dominant transitions for a model can be described by a
dominant transition matrix
. A stochasticity parameter, ,
describes the probability with which a dominant transition
will occur under a given model. Within our chosen generative
family, self-transitions do not occur (i.e., the stimulus is
never the same on two consecutive time points). Finally, the
two non-dominant transitions under a model for any given
stimulus (i.e., all transitions that are not dominant or selftransitions) occur with equal probability (splitting the
compliment of over the two possibilities).
The environment is also characterised by a level of
volatility which reflects the probability of switching between
generative models across time. Importantly, the volatility is
affected by the frequency of model switches and depends
upon the number of models which can be visited in a given
environment (i.e., six in our case).
Agent model An important conceptual distinction exists
between an environmental model (i.e., a true model
generating the stimulus) and an agent’s assumed model of
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how the stimuli are generated. However, we often use simply
the word model when we mean either the true model of the
environment or the agent’s assumed model. Furthermore, and
for completeness, we assume agents have the full set of
generative models contained in the environment’s generative
family; yet, the generality of our findings hinges only on the
agent having a set of two or more distinct models (i.e.,
assumed models that make disjoint predictions), and not
necessarily on having the complete set of possible ones. We
assume agents perfectly know the generative family at the
level of the structural assumptions, that is, they know the
possible dominant transition matrices, , but they do not
know the level of stochasticity in the models or the volatility
in the environment. This assumption allows us to simplify the
treatment of the agents’ assumed models to be matched to the
generative family but is not essential, and our results do not
rely on the agents having perfect knowledge of the generative
family (they rely solely on the agent having at least two
competing candidate models as well as having uncertainty
about the stochasticity of the models and having uncertainty
about the volatility of the environment).
In general, we let
be the set of parameters
in model
assumed by an agent. For the specific
environmental model described in the previous section, we
can approximate any of the models assumed by an agent as a
transition matrix, , composed of a weighted sum of three
parts:
, where
is
any one of the six dominant transition matrices, is a matrix
that identifies all the transitions that cannot be observed
within the environment (i.e., self-transitions), is a matrix of
all ones, such that
identifies all transitions that can be
observed with high likelihood under any of the models within
the environment, and
is a matrix that ensures the rows
add up to 1, with the constraints that
and
that
. Note that the actual transition
probabilities of an environmental model need not coincide
with the transition probabilities assumed by an agent. Finally,
the parameters can be seen as mixing parameters that capture
the assumed probability with which the stimulus, at each time
point, will follow the dominant transition under the
model ( ), will follow the dominant-transition under any of
the other models ( ), or will follow a transition for which
no evidence has been given ( ). When we use without
indexing we refer to
for practicality.
We assume the process is fully observable (i.e., that the
agent’s observations correspond to the true stimulus identity),
thus, we use stimulus and observation interchangeably. At
any given time point , the agent observes the stimulus and
is tasked with making a prediction
of what they think the
next stimulus will be
. Across all time points, the agent
tries to maximize the total number of choices that match the
forthcoming observation
. To achieve this, the
agent needs to continuously infer: i) which model is in control
of the stimulus, ii) the level of stochasticity of the models,
and iii) the volatility of the environment. Despite the process
being fully observable, a lapse rate (e.g., in the form of a
noisy identity emission matrix) might be desirable. More

concretely, if
,
and
the following dominant transition matrix,

, then for

we can express an agent’s model in the form of the following
transition
probability
matrix:

Thus, the parameters of an agent’s internal model
simultaneously determine its predicted probability of
observing each of the possible transitions of the stimuli, as
well as each of the predictive choices from the agent (i.e., the
predicted stimulus transition for the next trial).
Decision model Learning agents make forecast choices by
forming the predictive distribution over next possible stimuli,
given their model uncertainty. Given the focus on learning,
these equations need to be written in recursive form to
understand how choices vary in time as a function of history
and priors.
We introduce two types of history—stimulus history and
choice history. Specifically,
is the
history of stimuli up to, but excluding the timestep, while
is the history of choices up to, but excluding, the
timestep. These equations are defined so that the histories at
time are consonant with the information the observer would
have available for making their forecast of the stimulus ,
and allow us to handle the history and the latest stimulus (or
choice) separately which simplifies our equations.
The agent maintains a dynamic belief about which model
is currently controlling the stimulus, represented by a random
variable which indexes the model. The model belief is the
probability
. The agent also has an internal model
for how the environmental model changes from one trial to
the next,
which represents their assumptions
about the volatility of the environment (i.e., the probability
that the model currently controlling the stimulus will
continue to do so on the next trial, versus that other models
will take over). To simplify, we parameterize this matrix
with the continuity probability of on the diagonal, and
on the off-diagonal (i.e., all other models are
equally likely to take over).
The forecast equation performs a weighted average of the
models by their reliability to obtain its posterior probabilities:
(eq. 1)

The model posterior
represents the
confidence that the agent has on the model being in control
of the stimulus at time . Note that the confidence is a
normalized distribution over the set of models and will vary
as a function of the history. The confidence in a model
reflects its ability to explain the observed sequence of stimuli,
given its parameter uncertainty. Our parametrization of
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agents’ assumed models allows us to expand the model
posterior as a function of its parameters (see below).
Choices are modelled as a soft-max selection of the most
likely prediction. We can write this in many equivalent
forms. Using
provides the most familiar form as:
(eq. 2)

Particular choices of the agent are assumed to be sampled
from this distribution (here, is a temperature parameter).
Confidence
is the most important indicator of the
agent's understanding of the process at the level of structural
assumptions. Each model has its own parameters, and the
model’s parameterization affects the confidence in important
ways.
We can thus express confidence in a model in terms of the
probability of the history (of stimuli and choices) under the
model, as follows:
(eq. 3)

We can express the above equation, up to a normalization
constant , by expanding the stimulus history,
into two
parts: the history up to the previous stimulus
, and the
latest stimulus :
(eq. 4)

The above equation marginalizes over the possible values
that the latent variable had in the previous trial
, by
expanding it we obtain:
(eq. 5)

The expansion is useful because it allows us to express the
confidence as the product of three components:
(eq. 6)

The three components are: i) the confidence in the models
at the previous timestep, i.e., the prior belief over models up
to the previous timestep given the stimulus history at the
previous timestep
, ii) the model-to-model
transition probability, i.e. the probability of a model at the
current timestep given the model at the previous timestep
, and iii) the likelihood of the stimulus, i.e., the
probability of the latest stimulus transition under the model
at the previous timestep
.
We can rewrite the equation to express confidence as
follows:
(eq. 7)

Where
is the confidence on the model at the
previous timestep, is the volatility matrix, and
is the
responsibility that a model bears on having produced the
latest stimulus.
Each model gets to marginalize over its internal parameters
to make a forecast, so:

(eq. 8)

Equation 7 shows that confidence at trial ,
, is
proportional ( ) to the product of two components: the new
evidence for the model,
, and the previous confidence,
.
We can now expand
using the model parameters.
Here we make our first approximation, namely, that the
parameter uncertainty’s effect on the terms in
can be
handled separately. This will be justified by conditioning on
separate maximum likelihood estimates of the parameters for
time steps and
. This assumption bounds the true
probability if the sequence of estimates converges. Given that
the underlying process is stationary, convergence holds.
Our goal is to take the joint distribution on both and on
and then unpack the model updates.
First, note that each transition model depends on its own
parameters
. Including those parameters, we write
as
. To update the parameters,
we form the posterior for each model given the history up to
. Assume we have an independent set of priors for each
model
.
The posterior probability of the
model after observing
the latest stimulus is proportional to the likelihood of the
stimulus transition under that model, conditioned on whether
that model was active. Here we assume that
forms a
“one-hot vector”, which allows us to write the likelihood of
the transition as:
(eq. 9)

We can use Bayes’ rule to express the probability of the
model parameters as a function of the stimulus history
(partitioning history into the last stimulus and previous
stimuli as before). Let the set of parameters for all models be
. Then,
(eq. 10)

Note that this equation shows that if the probability is
concentrated on one model at the previous timestep, then only
that model is updated upon observing the new stimulus and
all other models maintain their posteriors over parameter
values. Model uncertainty thus “gates” parameter updates
according to the model’s responsibility for previous
transitions. Despite the gating, the model is explicitly full
memory—it does not include any forgetting. Forgetting can
be modelled by adding transition dynamics on the model
parameters. None of our key predictions require this
complication.
The update equation can be parameterized in order to
provide better intuitions for how the key concepts affect
model learning. First, we can distinguish the first model as
the true generator (of a series of stimuli generated by a single
true generative model). In accordance with the true
generative family of our environment, for dominant
transitions
, self-transitions are zero, and all
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others are
, where
is the
number of unique stimuli. Assuming a Dirichlet form for the
prior,
for some positive integers
,
. Let,
(eq. 11)

Then, the update for dominant transitions is:
(eq. 12)

In expectation, the count

is updated by

the expected value of the first component of
. This means
the effective rate of model learning is proportional to
confidence, in other words learning is gated by confidence.
The effects of priors on learning There are several ways to
see how learning depends on the priors. Here we start by
rewriting the mixture dynamics as a larger Markov model and
then use Large Deviations Theory to get a convergence rate.
First we enlarge the state space
which is a
sized state space. The overall transition matrix is
,
which
provides
the
joint
. This can also be
viewed as a hidden Markov model, with observation
, such that
is the emission
matrix and
is the hidden transition matrix. In the
hidden Markov model formalism, the emission is a doublet
and we track counts over these observed transitions.
Given this larger matrix, the empirical cumulative count
induces a probability measure over the observations that
converges to the true distribution. The convergence
(learning) rate can be shown to be the differential relative
entropy between the true distribution and the prior. This acts
as the time constant of learning.

thousand independent and random instantiations of
sequences and computed the corresponding learning
trajectories (following equations above). We report the
average performance across the different instantiations.
First, we show that a learner’s prior for determinism is
directly related to the speed with which they will converge
onto (i.e., learn) the true generative model of a series of
observations (Fig. 1A). For these simulations, each simulated
sequence started by choosing randomly (i.i.d) one of the
possible environmental models as the true generative model
for that sequence’s complete series of deterministic
observations. All instantiated learners started with a uniform
prior over the possible assumed generative models, and knew
that there was a single generative model for all observations
(i.e., associated with ɣ=1) but we systematically varied the
learners’ prior for determinism (one hundred different and
equidistant
values between the values of 1/3 and 1).
Critically though, learning trajectories are not solely
determined by the agents’ prior for determinism and prior for
volatility, but also by the environmental properties and the
interactions between the them (Fig. 1B). We focus on two
prototypical environments (often used in laboratory settings)
that lie along each of the axes of the space of environmental
properties: i) a “prototypical single task learning paradigm”
(big blue open circle), and ii) a “prototypical task switching
paradigm” (big red open circle).

Simulations
We ran simulations to illustrate how learning depends upon
the structural assumptions of the learner. An environment can
be described by a pair of environmental parameters: i) the
environment volatility (i.e., the probability with which the
model switches onto a different one from one time point to
the next), and ii) the model stochasticity (i.e., the probability
that within a model an observation will occur that departs
from the dominant transitions). Our simulated learning agents
are also defined by two parameters (conceptually related to
the environmental parameters): i) a prior for model
determinism (i.e., the agent’s prior belief about the model
stochasticity), and ii) the prior for volatility, ɣ (i.e., the
agent’s prior belief about the frequency switches of model).
Note that the agent’s belief may not always be consistent with
the true structural properties of the environment in which it is
trying to learn. We ran a series of simulations to show the
effects of agents’ prior beliefs on learning trajectories (Fig.
1). For each simulated learning agent (defined by its values
of and ɣ) and for each simulated environment, we ran one

Figure 1: Trade-offs as a function of candidate models,
beliefs in model stochasticity and environment volatility
during optimal learning. (A) Convergence speed is
dominated by the prior for determinism ( ): a stronger prior
for determinism (redder curves) results in sharper
identification of the true underlying cause of a series of
observations. (B) The structural properties of an environment
can be described in terms of the “model stochasticity” and of
the “environmental volatility” (number of models that can be
switched onto and frequency of switching). Two prototypical
environments frequently used in laboratory settings: i) a
“single task learning paradigm” (blue star along y-axis)
where there is a single true model to be learned and
observations can stochastically differ from the model’s
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dominant transitions; and ii) a “task switching paradigm” (red
star along y-axis) where multiple models deterministically
generate the observations but frequent switches of the models
occur. Learners’ priors (arrow tails, projected in the
environment for which they are best adapted) result in
specific paths of learning (coloured arrows in the direction of
updating when immersed in the environment). The colour of
learners denotes the environment where they are immersed.
The expected convergence solution depends on the region
where the initial prior falls. Shaded coloured regions mark
regions of near-zero expected update for agents in each
environment. (C) In a “single task learning” environment, a
trade-off exists between the priors that allow a fast
identification of the underlying cause and susceptibility, in
the long-run, to the stochasticity of observations. (D) The
same priors that protect learners from stochasticity in
observations (“a prior for a single stochastic task”, blue
curve), can prevent them from adapting to actual switches in
the models that generate the observations. A learner’s prior is
parameterised as a Dirichlet distribution (for visualization
only, we index learners by the max of their prior distribution).
Learners and their expected learning trajectories (and
gradients) can be projected onto the same space for which
their priors are best adapted. Learning depends both upon the
environment in which they are immersed (difference between
blue and red arrows) and upon the prior with which learners
start. Ideally, learners immersed in an environment should
converge to the solution maximally aligned with the
environment, marked with the blue and red star for the
“single task learning paradigm” and the “prototypical task
switching paradigm”, respectively. While learning
trajectories are influenced by the actual stochasticity of the
sampled stimulus (not shown), we can also compute the
expected average gradients. The blue and red shaded areas
represent expected gradients that are close to zero in either
environment. Indeed, the ideal solutions for each
environment are surrounded by shaded areas of their
respective colours, revealing attractors. Attractors are a
consequence of learning being gated by confidence and the
preferential attachment of observations onto generative
models (Equation 12), which can lead some learners with a
“wrong” prior to convergence onto a solution that is wrong
for the environment (i.e., red shaded area along the top part
of the y-axis and blue shaded area towards the right part of
the x-axis).
We then focus on the two prototypical environments and
show the learning trajectories of optimal learners that have
prior beliefs that correspond with either the properties of the
true environment in which they are immersed or the other one
(Fig. C-D). We simulated one thousand sequences for both a
“prototypical
single
task
learning”
environment
(environment parameters:
=0.75, ɣ=1) and for a
“prototypical task switching” environment (environment
parameters: =1, ɣ=0.75). Assuming a single stochastic
generative model for all observations (e.g., =0.75 and ɣ=1;
blue curves) conduces learners to performance which is

resilient to unexpected observations and is desirable in
environments that are truly controlled by a single generative
model (Fig. 1C), but is maladaptive in environments where
the generative models of observations are frequently
switching (Fig. 1D). On the other hand, assuming multiple
and frequently switching deterministic models (e.g., =1 and
ɣ=0.75; red curves) will allow for quick identification of the
switches (Fig. 1D) but can be maladaptive in environments
where a single stochastic model generates observations (Fig.
1C).

Discussion
Here we show the impact of an intrinsic ambiguity that
optimal learners must navigate when interpreting the
structural causes of stochastic observations. Together our
results show that the prior beliefs of a learner regarding the
properties of the environment, will result in learning that
trades-off: i) quick learning and quick identification of
switches, at the expense of vulnerability to within-model
stochastic observations, against ii) resilience to stochastic
observations which allow for high sustained performance in
environments with a single stochastic cause for observations
(at the expense of slower learning and identification of the
dominant underlying cause in volatile environments).
We note that our treatment of volatility is not the same as a
related concept previously introduced (Behrens et al., 2007;
Piray & Daw, 2021; Wilson et al., 2010); in our case, high
volatility is not only related to an increased probability of a
switch in the cause but also to a higher number of causes that
can be switched onto. We further show that when there is
uncertainty about the structural properties of the
environment, optimal learning can lead, through gated
learning, to convergence solutions that may not be wellmatched with the true properties of the environment. The
converged solution for a learner will largely depend upon its
background knowledge (i.e., its initial prior understanding of
the environmental properties). We thus explain variability in
learning outcomes in terms of variability in priors, instead of
relying on ad-hoc suboptimal mechanisms like imperfect
computations (Findling & Wyart, 2021) or probability
matching (Acerbi et al., 2014; Shanks et al., 2002), without
recognising the uncertainty about the structure of the
environment (i.e., stochasticity vs volatility) that may have
riddled the learners.
We endow our agents with background knowledge to allow
them for the quick learning that characterizes humans in some
contexts. Our approach is agnostic as to how the agents
acquired background knowledge. Some aspects of
background knowledge have been shown to be mostly learnt
from previous experiences (Jusczyk, 2003; Madole & Cohen,
1995; Smith et al., 2002). Accordingly, in a recent study
(Castañón et al., 2021), humans were shown to inductively
infer aspects of the generative family with only a handful of
trials. Yet, background knowledge can also be include an
important innate component (Chomsky, 1980; Keil & Sessar,
1979; Spelke et al., 1992). While, our equations express
agents that perfectly know the generative family from which
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generative models are drawn, our results hold without this
assumption; the critical assumptions are that learners: i) must
have a set of candidate models even if incomplete, and ii)
must be uncertain about the stochasticity of models and about
the volatility of the environment. Our work takes an optimal
modelling approach to human learning when allowing agents
to include background knowledge that allow for the quick
learning that characterizes human learning in some settings.
In doing so, our work also provides a rational explanation for
the failures of learning that characterizes humans in other
settings. In particular, a background knowledge composed of
a suitable set of candidate models and a prior bias for
determinism can account for both aspects of learning without
the need to invoke suboptimal mechanisms.
An exciting avenue of future research is to understand the
mechanisms that drive humans to make early and fast
inductive inferences such that their background knowledge
can be suitably adapted to the environmental demands.
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Abstract

Specifically, and in line with other researchers (Oppenheim
et al., 2010; Navarrete et al., 2010; Navarrete et al., 2021;
Jeye et al., 2021), we suggest that both semantic interference
and retrieval-induced forgetting involve incremental
learning. Moreover, both may engage a domain general
network that supports certain control and forgetting
processes (Anderson & Hulbert, 2021, Anderson, 2003;
Nozari & Novick, 2017). Despite these commonalities, there
has been little movement toward integration of these parallel
accounts. Language production models refer to changes in
memory access but do not address current memory models.
In turn, memory researchers often disregard the linguistic
interfaces that are inherent in word retrieval, and they
typically use accuracy measures rather than potentially more
sensitive latencies. We suggest that aligning both the
theoretical claims and empirical findings in the semantic
interference and retrieval-induced forgetting literatures will
strengthen both and deepen our understanding of the
adaptive learning mechanisms thought to underlie both
conceptual memory changes and ease of word production.

Parallel accounts of interference resulting from the generation
of related words can be found in the retrieval-induced
forgetting (RIF) and the cumulative semantic interference
literatures. Recent work on the language production side
suggests that the same adaptive learning process may underlie
both. However, the literatures remain separate. They use
different procedures and dependent measures, and theoretical
accounts focus on underlying conceptual representations
(memory research) vs. conceptual-lexical links (language
research). We propose that the accounts should be reconciled.
As an initial step toward this goal we combined a
retrieval/generation procedure with a continuous picturenaming test phase to assess their combined effects on
interference. We observed both costs and benefits in error
data. There were more naming errors (including many timeouts) for non-generated items from activated categories and
fewer for previously generated items. Perhaps due to a toosevere cutoff, naming times did not show a RIF influence, only
a marginal facilitation effect for generated items. However,
naming time showed typical cumulative interference within
the picture-naming phase independent of previous retrieval
experience. Future work will investigate the locus of
interference in conceptual memory representations versus in
links to word representations with the goal of producing a
unified account of semantic interference.

Semantic Interference

Keywords:
semantic
interference;
retrieval-induced
forgetting; word production; incremental learning; cued recall

Introduction
Semantic relatedness is a well-studied modulator of
cognition. When implemented in a semantic priming task,
such as the lexical decision task, a shared semantic
component can aid processing (e.g., Joordens & Becker,
1997). However, word generation suffers interference when
one or more related words have recently been retrieved from
memory (e.g., Anderson et al., 1994; Howard et al., 2006).
In separate memory and language production literatures,
recent accounts of interference have implemented errordriven incremental learning mechanisms to model how the
accessibility of semantic representations varies as a function
of recent experience (Oppenheim et al., 2010; Norman et al.,
2007). These accounts target different representations and
processes: underlying conceptual representations (memory)
or conceptual-lexical links (language).
We suggest that there is much to be gained from
integrating theoretical accounts of semantic interference
across memory and language production research.

Semantic interference is the phenomenon in which it takes
longer to retrieve and produce words after having recently
retrieved (generated) related words (e.g., Abdel Rahman &
Melinger, 2011; Damian & Spalek, 2014). It is often studied
through timed picture-naming tasks that require generation
of names from memory. Increased naming latency is
observed in repeated naming of small sets of related
compared to unrelated items, and as a function of ordinal
position of related items in continuous sequences. This
increased latency is attributed to coactivation of related
conceptual-lexical networks during production of each item.
In some accounts, semantic interference is the result of
immediate competitive processes during lexical selection,
whereas in others competition is expressed as the result of
adaptive learning (e.g., Mahon et al., 2007; Oppenheim &
Nozari, 2021). Because these possibilities are not mutually
exclusive, we suggest that competitor coactivation may
induce both in-the-moment naming difficulty and long-term
modulations of lexical access as the system attempts to
optimize future production efficiency (see Oppenheim et al.,
2010).
The continuous picture-naming procedure highlights the
long-term component of semantic interference. Participants
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name pictures in a continuous sequence. The sequence is
made up of groups of related items that have been internally
structured such that related items are dispersed throughout
the sequence, making it possible to assess the effect of
ordinal position (Howard et al., 2006). Typically, there is a
linear increase in naming time across ordinal positions, such
that the time it takes to name an item depends on the number
of related items previously produced (Howard et al., 2006;
Oppenheim et al., 2010; Rose & Abdel Rahman, 2018). In
this paradigm, the changes in naming latency for widely
separated items cannot be explained by short-term
competitive processes and are better accounted for by an
incremental learning mechanism (Oppenheim et al., 2010;
Oppenheim & Nozari, 2021). Specifically, Oppenheim et
al.’s (2010) ‘Dark Side’ model of incremental learning posits
that access to items that are activated and selected for
production is strengthened, while access to related items that
were activated but not selected for production is weakened,
thereby downregulating the future accessibility of the related
items. Note that Oppenheim et al. (2010) and Oppenheim &
Nozari (2021) also posit that incremental learning can
account for the short-term interference effects typically
attributed to lexical competition (but see Belke & Stielow,
2013). Regardless, it is critical to highlight that this model
posits that prior retrieval experiences drive the semantic
interference observed in continuous naming.

Retrieval-Induced Forgetting
Retrieval-induced forgetting (RIF) is the phenomenon in
which it is more difficult to recall an item from memory after
related memory items have been retrieved (Anderson et al.,
1994). It has been extensively studied using the retrieval
practice paradigm (Anderson et al., 1994). In this design,
participants are familiarized with an extensive list of
category-exemplar pairs (e.g., FRUIT-apple, FRUIT-orange,
PET-cat) with multiple items in each category. In a
subsequent retrieval phase, half of the items from a subset of
the categories are generated using stem-completion cues
(e.g., FRUIT-a____). The participant then engages in a
distractor task before completing a final recall task. This
final task may involve category-cueing or free recall of all
items. This creates three conditions containing different
items1: 1) items from a given category that were generated
during the retrieval phase (RP+/Activated-Generated, e.g.,
FRUIT-apple); 2) items from the same categories that were
not generated themselves (RP-/Activated-NonGenerated,
e.g., FRUIT-orange); and 3) items from categories that were
not generated at all during the retrieval phase
(NRP/NonActivated, e.g., PET-cat; see Anderson, et al,,
1994). Note that throughout the paper we will use the selfexplanatory alternative labels proposed here rather than the
acronyms used in the RIF literature.
As one might expect, items that underwent retrieval are
recalled best at the final test. However, the comparison of
interest is between Activated-NonGenerated and
1

NonActivated items. Typically, Activated-NonGenerated
items are recalled at a significantly lower rate than
NonActivated items, suggesting that the generation of
categorically related items during the practice phase
dampens subsequent memory access to ActivatedNonGeneated items. This retrieval-induced forgetting effect
(RIF) has been attributed to long-term inhibitory
mechanisms that suppress the representations of the related
concepts that compete with the generated items during the
retrieval practice phase (Anderson et al., 1994). This account
was further refined by Anderson & Spellman (1995) into the
feature suppression account. According to this account,
concepts are represented as distributed features, such that
activation of overlapping units results in the coactivation of
linked representations. During retrieval, the features
corresponding to a target concept are strengthened, whereas
the nonoverlapping features of the coactivated competitors
are weakened. Though the implementation is different,
functionally this is quite similar to the incremental learning
account of cumulative interference in language production
(Oppenheim et al., 2010).
Other researchers have called into question whether RIF is
necessarily due to long-term inhibition, suggesting it might
be better explained by contextual cueing or associative
blocking mechanisms that act through competitive
processing during the final test (Murayama et al., 2014;
Jonker et al., 2013; Jonker et al., 2015). Contrary to these
accounts, RIF has been replicated across a variety of tests
specifically designed to limit the influence of contextual
factors, including variations in which a new cue word
without any relation to the practiced cues is used to trigger
recall of the Activated-NonGenerated items at the final test
(i.e., cue-independence, Anderson & Spellman, 1995;
Hulbert et al., 2012). In any case, it is notable that both
semantic interference and RIF have been described by
models that rely on in-the-moment, competitive processing
and by models that point to long-term changes in
retrievability (Roelofs, 2018; Jonkers et al., 2013; Anderson
& Spellman, 1995; Oppenheim et al., 2010; Norman et al.,
2007).

Bridging the Literatures
There has been markedly little bridging of the two research
domains even while several language researchers, in
essence, view semantic interference as a form of retrievalinduced forgetting (Oppenheim et al., 2010; Navarrete et al.,
2021). One study by de Zubicaray et al. (2015) examined
brain regions typically associated with RIF (hippocampus,
rIFG, ACC) during a phase of continuous picture-naming but
did not find significant activation. However, this study did
not directly measure and compare patterns of activation in a
RIF condition, and other studies have shown that key brain
regions for RIF (e.g., the ACC) are also critical for
monitoring and control in language production (Nozari &
Novick, 2017). In the absence of more comparative work,

RP+ = Practiced Items, RP- = Unpracticed Items from Practiced Categories, NRP = No Retrieval Practice
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there are parallel findings along either side of the empirical
divide that suggest that similar learning mechanisms are
involved in both phenomena. For example, both RIF and
semantic interference strengthen target access and weaken
competitor access only in the context of active retrieval
processes. In addition, they are associated with similar
coactivation contingencies in which the relative magnitude
of coactivations during retrieval determines the net effect on
later accessibility (Levy & Anderson, 2002; Chan, 2009;
Finkbeiner & Caramazza, 2006).

Generation Is Essential
Both RIF and semantic interference posit that interference
only arises following retrieval of targets from memory.
Indeed, the claim that active retrieval is a necessary
condition for the forgetting of related items is one of the key
tenets of RIF (Levy & Anderson, 2002). In the RIF literature,
studies have repeatedly shown that it is not enough to simply
study (or read) items; rather, they must be actively retrieved
from memory in order for forgetting of related items to occur
(Murayama et al., 2014; Hulbert et al., 2011; Anderson et
al.,1994; Blaxton & Neely, 1984).
Studies have likewise shown the necessity of lexical
generation in semantic interference (e.g., Gauvin et al.,
2018). A study in our own lab presented picture targets with
or without labels in a continuous naming procedure, thereby
making the task either word naming (which does not require
lexical retrieval) or picture name generation. We found
cumulative interference (for both thematic and taxonomic
materials) in the generation condition, but no such effect in
the word naming condition. Thus, active retrieval (including
generation) appears to be essential for the elicitation of both
semantic interference and RIF.

Balancing Facilitation and Interference
Interference, at its core, reflects an imbalance between the
facilitation that comes with conceptually-based priming and
the retrieval difficulty that arises when dealing with current
competitors (or adaptations resulting from previous
competitor activations). In some cases, benefits outweigh
costs and facilitation occurs (e.g., Chan, 2009; Chan et al.,
2006; Finkbeiner & Caramazza, 2006; Piai et al., 2011). In
memory research, several studies have investigated a
retrieval-induced facilitation effect. For example, Chan
(2009) examined the impact of semantic integration on RIF.
Using spatio-propositional word-pairs (e.g., the fork is in the
nursery) in a retrieval practice paradigm, they found that
generating a subset of items facilitated later recall of nongenerated items from the same category, but only when they
had been placed in the same spatial location (Chan, 2009;
Chan et al., 2006). In line with Anderson & McCulloch
(1999), this suggests that an integrative context is protective,
such that the strengthening of shared features in the samelocation condition led to a net facilitation effect.
In language production studies of semantic interference,
several factors appear to influence the balance between
interference and facilitation. Similar to the conclusions in
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memory retrieval studies, the primary factor appears to be
the level of non-target coactivation relative to conceptual
facilitation. For example, Finkbeiner and Caramazza (2006)
investigated semantic interference in a Picture-Word
paradigm with visible or masked distractor words. They
observed the typical interference effect in the visible
condition but found that related distractors facilitated target
naming when they were masked (replicated by Damian &
Spalek, 2014). Thus, in both RIF and semantic interference,
shared semantic features inherently lead to facilitation at the
conceptual level and interference only occurs when the
activation of non-target representations outweighs this
facilitation (cf., Dell et al., 1997).
In sum, both the currently available models and specific
empirical findings suggest that semantic interference and
retrieval induced forgetting (RIF) operate along similar
parameters, and both may arise from the activity of similar
incremental learning adaptations. It is plausible that distinct
changes may be made selectively to conceptual-lexical links
outside of or in addition to conceptual level changes, but
distinguishing these is not the purpose of the present study.
Rather, whether changes occur at the level of concepts or in
conceptual-lexical links, modulations to memory access
should also result in modulations to lexical access.
Moreover, changes at either locus should build on one
another. This claim is the focus of the current work

Experiment: Retrieval and Picture Naming
We report the first in a series of planned experiments
designed to explore the commonalities and differences of
semantic interference and RIF. In this initial investigation,
we sought to make a direct connection between RIF and
semantic interference by integrating the respective
methodologies. Specifically, we addressed whether the
forgetting observed in classic RIF studies would manifest as
modulations to picture-name access in the language
production procedure. In addition, we examined how
retrieval-based modulation to memory accessibility
combined with the cumulative interference that is observed
in continuous picture naming. The design mirrors the typical
retrieval practice paradigm, with the exception that the final
recall phase used picture-naming rather than free recall. The
experiment had four phases: an initial familiarization phase
where participants were presented with each picture
alongside its category and name, a phase of repeated
category-cued (stem completion) generation for half of the
items from some categories, a filler task (15 min), and a final
phase of continuous picture-naming containing all items.
The results of the final phase of picture-naming are reported
here. Of primary interest was the effect of prior retrieval on
naming time and errors in the final phase. We predicted
longer naming latencies and more errors for ungenerated
items from practiced categories compared to unactivated
controls. We also predicted cumulative interference over
ordinal positions, and that RIF and cumulative interference
effects would be additive.

Participants

Procedure

Based on comparable research, 48 participants were
recruited in return for class credit in an introductory
psychology course. Four participants were dropped from
analysis due to equipment malfunction (N=1) or poor
performance in the retrieval phase (> 80% failures, N=3).
The remaining 44 participants were included in the analysis.

Phase 1: Familiarization. Participants were told that they
would be naming a series of everyday objects. All pictures
used in later phases were presented with their category and
name in a randomized continuous sequence. Presenting the
names with the pictures eliminates active lexical retrieval but
makes the names available for Phases 2 and 4. On each trial,
a fixation cross appeared for 200 ms, followed by the
presentation of a picture and designated category-name pair
(e.g., INSECTS – beetle) for 1500 ms. The category-name
pair was presented below the picture. Participants named
each picture aloud with the given name. The experimenter
provided feedback on standard pronunciation on the rare
occasions where it was necessary. No data were collected.
Phase 2: Cued Retrieval In this phase, participants were
asked to generate a subset of the items they had encountered
in Phase 1 (see Design). One filler set was presented at the
beginning and at the end of the phase to negate possible serial
position effects and these were not included in the analysis.
Target items (cues) were divided into quartiles and randomly
presented three times within each quartile. On each trial, a
fixation cross appeared for 200 ms, followed by the central
presentation of a stem-completion cue consisting of the
category name and the unique first letter of one of the targets
(e.g., INSECTS – b____). The display lasted for 8 seconds
or until a naming response was registered. If participants did
not name the target within the timeframe, a “too slow”
message appeared for 500 ms before the next trial began.
Latencies were measured. The next trial began 1000 ms after
the conclusion of the previous one.
Phase 3: Filler Task. Participants worked on a medium
difficulty level sudoku puzzle for 15 minutes.
Phase 4: Continuous Picture-Naming. Participants
named all of the pictures in one continuous sequence
internally segmented into octiles (see Design). On each trial,
a fixation cross was presented for 200 ms followed by a
picture target, which was presented for up to 1150 ms or until
a naming response was registered. A “too slow” message
appeared if the time limit was exceeded. Another trial began
1000 ms after the previous. At the close of the experiment,
participants were thanked for their participation and
debriefed.

Materials and Apparatus
Related sets consisted of eight groups of eight taxonomically
related items (64 total). We also included two filler sets of
five items which always occurred at the beginning and end
of the generation phase. The relatedness of items in each set
was established using McRae’s Associative Norms, USF
Association Norms, the Edinburgh Associative Thesaurus,
and experimenter discretion (McRae et al., 2005; Nelson et
al., 2004; Kiss, 1973). The filler task was a medium level
sudoku puzzle.
The experiment was programmed using E-Prime 3.0 and
was conducted using a Dell OptiPlex 7020 computer with a
1908FPt 75 DPI monitor with a refresh rate of 80 Hz.
Participants were seated approximately 16 inches from the
screen. Voice onset times were recorded using a Psychology
Software Tools 200A SR box interfaced to an ATR20 AudioTechnica microphone, and audio for the entire session was
recorded using a SONY ICD-PX720 recorder. Pictures were
centrally presented, clear stock photos resized to 256x192
pixels. Text was presented in 14-point Corsolas font.

Design
Cued Retrieval Phase. This phase comprised a typical
retrieval induced forgetting (RIF) manipulation. Participants
underwent cued retrieval for half (4) of the items from 5 of 8
related sets. This created a 3-level Memory Condition factor
in the continuous picture-naming phase. Categories assigned
to the NonActivated versus Activated conditions, and
assignment of Activated items to Generated vs.
NonGenerated status, were counterbalanced across
participants. The four retrieval items in each activated
category were dispersed and counterbalanced across
positional quartiles. These items comprised the ActivatedGenerated condition in the final phase.
Continuous Picture Naming Phase. In the final
continuous phase, pictures corresponding to all items were
presented in a continuous sequence (not including category
labels or names). In order to assess the effect of ordinal
position, one item from each of the sets was randomly
assigned to one of eight octiles. The presentation of items
within each octile was randomized, and the order of octiles
was counterbalanced across participants. Thus, there are two
within-subject factors, Memory Condition (ActivatedGenerated, Activated-NonGenerated, and NonActivated)
and Octile (Ordinal Position, 1-8). In addition, the efficacy
of our counterbalancing procedure was assessed prior to
analysis. There was no effect of or interactions with the
counterbalancing factor and it was thus excluded from
analyses.
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Results
While there is potential in examining the reaction times
within the retrieval phase, only the results of the crucial
naming phase will be reported here. Error coding was
performed off-line using the audio recording from the
session. Picture naming trials in which a participant used an
incorrect or incomplete name, stuttered, or did not respond
(>1150 ms) were coded as errors and excluded from the
latency analysis. Trials in which the reaction time was less
than 150 ms were coded as an equipment error and excluded
from all analyses. For the Activated-Generated condition, we
also excluded items that were not successfully retrieved in
the previous phase (46%) given previous research indicating
that retrieval effects are more potent following successful

Latency Analysis
Linear mixed model analyses were conducted using the afex
package (Singmann & Kellen, 2019). This package is built
around the lme4 package (Bates et al., 2007). A maximal
approach was used, in which random intercepts were
specified for both participants and items and random slopes
were specified for each within-subjects variable and
interaction for both participants and items (Barr et al., 2013).
The model was incrementally simplified until convergence
was achieved. The final model included fixed main effects
and the interaction term for both variables (Memory
Condition and Octile), random intercepts for both subjects
and items, and an uncorrelated slope for Memory Condition
within subjects. F-tests for the fixed effects were also
conducted using the afex package, with Satterthwaite
approximations applied to estimate the degrees of freedom
(Singmann & Kellen, 2019). Descriptively, ActivatedGenerated items were named faster than those in the other
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In the retrieval phase, participants had a rather high error rate
(.46 ± .14). In the final continuous naming phase, the overall
error rate was .19 ± .10. This relatively high error rate is at
least partly attributable to the stringent response cut-off
(1150 ms) used in our procedure. In the following analysis,
we only included errors that resulted from lack of a response
and stutters/hesitations (i.e., incomplete responses). While
semantic substitution errors did occur, they were quite rare,
and most could be attributed to misidentification rather than
semantic intrusions.
Logistic linear mixed model analyses were conducted in R
version 4.0.3 using the R function glmer (Bates et al., 2007;
Jaeger, 2008). Because the error data were relatively sparse
within each octile, we used a parsimonious approach to
model construction (Bates et al., 2015), such that we only
included the fixed factor for Memory Condition and
specified only random intercepts for the random factors of
subjects and items. There were more errors in the ActivatedNonGenerated condition than in the other conditions (see
Figure 1). This main effect of Memory Condition was
significant (z = 10.63, p < .001). Pair-wise tests indicated
more errors in the Activated-NonGenerated than the
NonActivated condition (t(43)=2.05, p = .023), a RIF effect.
In addition, Activated-Generated items were significantly
less error prone than NonActivated (t(43)=5.13, p < .001)
and Activated-NonGenerated items, t(43)=8.57, p < .001.
Together, these results suggest that activating but not
generating an item in a previous phase was associated with a
greater likelihood of production error, while previous
generation of an item was associated with a clear benefit to
production accuracy.

Naming Time (ms)

Error Analysis

conditions (see Fig 1). However, there was only a marginally
significant main effect of Memory Condition, F (2, 66.22) =
2.65, p = .078. Follow up contrasts showed an overall
facilitative trend for the Activated-Generated condition
compared to the Activated-NonGenerated and NonActivated
conditions, but this trend did not reach significance. Thus we
see a marginal repetition priming tendency for generated
items, but we do not see the predicted interference in the
Activated-NonGenerated condition. As predicted, naming
time increased over Octiles (see Fig 2). The effect of Octile
was significant (F (7, 1316.44) = 4.33, p < .001), indicating
the presence of cumulative interference in which naming
time increased with ordinal position. The interaction
between Memory Condition and Octile was not significant,
F (14, 1606.49) = 1. Thus, cumulative interference in the
picture-naming phase was largely independent of previous
retrieval phase experience.

0.05
NA

A-NG

A-G

Memory Condition
Figure 1. Effect of Memory Condition on naming time and
incomplete response (error) rate. NA = NonActivated, A-NG
= Activated-NonGenerated, A-G = Activated-Generated.
Error bars represent standard errors.
900

Naming Time (ms)

generation (Patra et al., 2022). We predicted effects of
Memory Condition on picture naming latencies and the low
error rate that is typical. However, the data show effects in
errors and not latencies. Therefore we report the error
analysis first and follow with analysis of latencies.
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Figure 2. Naming times by Memory Condition over Ordinal
Positions in the continuous picture-naming sequence. NA =
NonActivated, A-NG = Activated-NonGenerated, A-G =
Activated-Generated. Error bars represent standard errors.

Discussion
We propose the case for integrating theories of semantic
interference and forgetting (RIF) and report an initial
investigation into their commonalities. Specifically, we
proposed that retrieval-induced forgetting and semantic

interference in language production both involve
incremental learning that modulates access to semantic
representations based on recent experience. Memory
theories postulate direct changes to conceptual
representations themselves (Anderson & Spellman, 1995;
Norman et al., 2007), whereas an influential language
production theory focuses on links between words and
conceptual features (Oppenheim et al., 2010). The present
experiment examined if retrieval of instances (words) within
categories (a variant of the retrieval-practice paradigm of
Anderson et al., 1994) affected subsequent naming of
corresponding pictures (a continuous naming procedure that
provides latency and error data by item; Howard et al., 2006).
We hypothesized that they would, regardless of the locus of
the effect.
Consistent with this prediction, the error rate was higher
for previously non-generated members of activated
categories than for non-activated controls, and previously
generated items had the lowest rate of error. We did not
observe corresponding effects in latencies, suggesting that
errors leveled off changes to naming time. We did observe
some sensitivity to previous experience, in that latencies to
items previously retrieved with word cues were named
marginally faster as pictures. This result is in need of
replication. Finally, we observed significant cumulative
interference over ordinal positions in picture naming, but this
was independent of previous cued retrieval (Fig 2).
As is to be expected of an exploratory study, there are
several outstanding issues to address in future work. Since
there was a rather high degree of error in the
retrieval/generation phase, many unrecalled items were
dropped from the final naming phase. This may have reduced
statistical power. In addition, it is possible that the absence
of an effect of retrieval experience on latencies reflects an
error trade-off. Third, future work should consider the
specific contribution of successful vs. erroneous (but
effortful) recall on later lexical access (Storm et al., 2006;
Navarrete et al., 2021).
The most important finding of this study is that the pattern
of production errors was largely consistent with retrievalinduced forgetting predictions. At least under these
conditions, RIF manifested as increased errors rather than in
naming times, suggesting that, in the current task, errors
reduced the cost to naming latency (cf. Nozari & Hepner,
2019). The absence of a RIF effect in latencies in turn made
it impossible to evaluate the combined effects of previous
retrieval and new cumulative interference. We suggest that
future studies that yield higher production accuracy (e.g., by
extending the response deadline in the final naming phase)
may result in fewer errors and greater sensitivity in naming
latencies.
The study used a 15-minute distractor/retention interval.
The majority of studies investigating long-term semantic
interference rely on interleaved unrelated items to assess
changes in access that occur in the long-term, even if this
“long-term” period spans less than a single minute (but see
Gaskell et al., 2014). Obviously, this is far removed from the
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conceptualization of long-term effects within the memory
literature, so our understanding of the durability of
cumulative interference is currently quite limited. In
contrast, the RIF literature has the opposite problem:
researchers prioritize long-term effects over in-the-moment
competitive processes. RIF paradigms use proportion recall
as the chief measure of forgetting rather than reaction time,
thereby focusing on the role of previous retrieval history over
response-level lexical interference (but see Jonker et al.,
2013). We suggest that both short-term coactivation and
long-term learning play key roles in both conceptual and
lexical retrieval effects and that integration of current
methodologies and theories would further both fields.
Although preliminary, the results reported here
underscore the broader need to bridge current models of
memory and language production. Accounts across the two
fields describe highly parallel phenomena that may involve
shared stages of processing. The questions addressed in the
present study only scratch the surface of the integrative work
to be done to develop a comprehensive understanding of
experience-driven adaptations within the language and
memory components of the cognitive system. Future work
will aim to assess the conditions in which adaptations within
conceptual representations and adaptations to conceptuallexical links are responsible for observed interference
effects. Lastly, we emphasize that a model of interference
including both memory substrates and a lexical interface is
needed to fully capture the incremental learning that drives
changes in accessibility of conceptual-linguistic meaning.
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Abstract

cess model, sample-based expected utility (SbEU; Nobandegani et al., 2018), provides a unified account of a broad range
of empirical results on VoSD. Here, we particularly focus on
Birnbaum (2005) which is, to our knowledge, the most extensive empirical study of VoSD.
We begin by formally defining SD (Sec. 2) and discussing
how SbEU works (Sec. 3). We then present our simulation
results, quantitatively comparing SbEU model predictions to
human data (Sec. 4). We conclude by discussing the implications of our work for risky decision-making, and more
broadly, human rationality.

Dominance is widely considered a pillar of rational choice and
has played a major role in the history of theorizing and developing models of human decision-making. A wealth of empirical evidence reveals that humans’ violation of dominance is
both substantial and systematic. But could violation of dominance be given a rational basis? Specifically, could it be understood in terms of the optimal use of limited cognitive resources? In this work, we present the first resource-rational
account of stochastic dominance, the most empirically studied
version of dominance. Concretely, we show that a resourcerational process model, sample-based expected utility (SbEU),
provides a unified account of a broad range of empirical results
on violation of stochastic dominance. We discuss the implications of our work for risky decision-making, and more broadly,
human rationality.
Keywords: stochastic dominance; resource-rationality; risky
choice; resource-rational process models

1

2

Introduction

A cornerstone of decision theory, dominance is arguably considered “the most obvious” principle of rational choice (Kahneman & Tversky, 1986), playing a major role in the history
of modeling human decision-making (Tversky & Kahneman,
1992; Birnbaum, 2005).1
In this work, we focus on the most empirically studied version of dominance, called first-order stochastic dominance
(SD). A wealth of empirical evidence reveals that humans’
violation of SD (VoSD) is both substantial and systematic
(e.g., Birnbaum & Navarrete, 1998; Birnbaum, 2004a, 2004b;
Birnbaum et al., 1999; Birnbaum, 1999, Birnbaum & Martin,
2003; Birnbaum, 2005).
Although past work has suggested that bounded rationality
plays a role in VoSD (e.g., Birnbaum, 1999; Huck & Müller,
2012; Levy, 2008; Choi et al., 2014; Kourouxous & Bauer,
2019), it has remained largely unknown how bounded rationality shapes the algorithmic foundations of VoSD. We ask
whether VoSD could be given a resource-rational algorithmic basis (Griffiths, Lieder, & Goodman, 2015; Gershman,
Horvitz, & Tenenbaum, 2015; Nobandegani, 2017; Bhui, Lai,
& Gershman, 2021). Specifically, could VoSD be understood
in terms of the optimal use of limited cognitive resources?
In this work, we present the first resource-rational account
of VoSD. Concretely, we show that a resource-rational pro1 Interestingly, due to its normative appeal, dominance was even
used by some scholastics to argue in favor of Christianity (see Covello & Mumpower, 1985).

Stochastic Dominance

In simple terms, SD can be described as follows. Gamble A
stochastically dominates gamble B, denoted by A SD B, if
the probability of winning any given prize x or more is at least
as high in A as in B, and this probability is strictly higher in
A for at least one value of x. More formally, A SD B, if ∀x:
Pr(winning a prize ≥ x|A) ≥ Pr(winning a prize ≥ x|B) and
∃x: Pr(winning a prize ≥ x|A) > Pr(winning a prize ≥ x|B).
As an example (Birnbaum, 2005), gamble P stochastically
dominates gamble Q (w.p. stands for “with probability”) :

w.p. 90%
 $96
$14
w.p. 5%
P=
(1)

$12
w.p. 5%

 $96
$90
Q=

$12

w.p. 85%
w.p. 5%
w.p. 10%

(2)

The rationale is as follows. The probability to win $96 or
more is .90 in gamble P, and only .85 in gamble Q; the probability to win $90 or more is the same in both gambles; the
probability to win $14 or more is .95 in gamble P and only
.9 in gamble Q; and the probability to win $12 or more is the
same in both gambles. Hence, P SD Q.

3

Resource-Rational Process Model

Extending an earlier risky decision-making model (Lieder,
Griffiths, & Hsu, 2018) to the realm of meta-reasoning,
sample-based expected utility (SbEU; Nobandegani et al.,
2018) is a resource-rational process model of risky choice that
posits that people rationally adapt their strategy depending on
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the amount of time available for decision-making. Concretely,
SbEU assumes that people estimate expected utility
Z

E[u(o)] =

(3)

p(o)u(o)do,

using self-normalized importance sampling (Hammersley &
Handscomb, 1964; Geweke, 1989), with its importance distribution q∗ aiming to optimally minimize mean-squared error
(MSE):
Ê =

s

1

wi u(oi ),
∑sj=1 w j i=1

∑

∀i : oi ∼ q∗ , wi =

s
∗

q (o) ∝ p(o)|u(o)|

p(oi )
,
q∗ (oi )

√
1 + |u(o)| s
√ .
|u(o)| s

(4)

(5)

MSE is a standard measure of estimation quality, widely used
in decision theory and mathematical statistics (Poor, 2013).
In Eqs. (3-5), o denotes an outcome of a risky gamble, p(o)
the objective probability of outcome o, u(o) the subjective
utility of outcome o, Ê the importance-sampling estimate of
expected utility given in Eq. (3), q∗ the importance-sampling
distribution, oi an outcome randomly sampled from q∗ , and s
the number of samples drawn from q∗ .
SbEU assumes that, when choosing between a pair of risky
gambles A, B, people consider whether the expected value of
the utility difference ∆u(o) is positive or negative:

A=


B=

oA
0

w.p. PA
w.p. 1 − PA

oB
0

w.p. PB
w.p. 1 − PB

(6)

of gambles prior to further evaluation (Kahneman & Tversky, 1979).2 In this variant of segregation, a risky gamble
is decomposed into a sure thing (corresponding to the minimum outcome of that gamble) and the remaining risky gamble, with the branch corresponding to the sure thing fully removed. In our simulations (Sec. 4), we assume that 50% of
participants adopt segregation.
In our simulations (Sec. 4), we also assume that people
draw between 1 to 10 samples when deciding. Specifically,
we adopt a uniform distribution and assume that one-tenth of
the population draw one sample (i.e., s = 1; see Eqs. (4-5)),
one-tenth of the population draw two samples (i.e., s = 2),
one-tenth of the population draw three samples and so on.
This is consistent with mounting evidence suggesting that
people draw only a few samples in probabilistic judgment and
reasoning (e.g., Vul et al., 2014; Battaglia et al., 2013; Lake
et al., 2017; Gershman, Horvitz, & Tenenbaum, 2015; Hertwig & Pleskac, 2010; Griffiths et al., 2012; Gershman, Vul,
& Tenenbaum, 2012; Bonawitz et al., 2014; Nobandegani et
al., 2018; Nobandegani et al., 2020a).
Recent work has shown that SbEU provides a unified account of a broad range of major empirical findings across
risky, value-based, and strategic decision-making (Nobandegani et al., 2018; Nobandegani et al., 2019a, 2019b; Nobandegani et al., 2020a; Nobandegani & Shultz, 2020b, 2020c,
2020d; Lizotte, Nobandegani, & Shultz, 2021), and also
bridges between decision-making under risk and decisionmaking under uncertainty (Nobandegani et al., 2021). Notably, SbEU is the first rational process model to score nearperfectly in optimality, economical use of limited cognitive
resources, and robustness, all at the same time (see Nobandegani et al., 2018; Nobandegani et al., 2019c).

4


u(oA ) − u(oB )



u(oA ) − u(0)
∆u(o) =
 u(0) − u(oB )


0

w.p.
w.p.
w.p.
w.p.

PA PB
PA (1 − PB )
(1 − PA )PB
(1 − PA )(1 − PB )

(7)

Simulation Results

In this section, we simulate Experiments 1-7 in Birnbaum
(2005), conducted with a total of 1, 802 human participants.

4.1

Experiments 1-2

(9)

In Experiments 1-2, Birnbaum (2005) empirically investigated how split of probabilities among the branches of risky
gambles affects VoSD. Experiments 1-2 involved 7 pairs of 3branch gambles with positive outcomes, with each pair comprising a stochastically dominant gamble G+ and a stochastically dominated gamble G− (see Appendix for the gambles).
Hence, choosing G− over G+ indicates VoSD.
Fig. 1(a) shows SbEU model predictions for Birnbaum’s
(2005) Experiments 1-2, along with the empirical data. The
model predictions correlate highly with the empirical data
(Pearson r = .9523, p < .001).

Also, in line with prospect theory (Kahneman & Tversky,
1979), we here assume that people perform a variant of segregation, as a form of editing, prior to evaluating the gambles.
The purpose of editing is to obtain a simplified representation

2 As such, editing is broadly consistent with resource-rationality
as it correctly acknowledges the representational constraints that
people are naturally faced with (see Bhui & Gershman, 2018). To
show that editing is fully consistent with resource-rationality, future
work should investigate whether people boundedly-optimally allocate their representational bandwidth in editing.

(8)

In Eq. (8), u(·) denotes the subjective utility function of a
decision-maker. Fully consistent with past work (Nobandegani et al., 2018; Nobandegani et al., 2019a; Nobandegani,
Destais, & Shultz, 2020a, Nobandegani & Shultz, 2020b), in
this paper we use the following utility function:

u(x) =

x0.85
−|x|0.95

if x ≥ 0,
if x < 0.
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(a)

(b)

(c)

(d)

Figure 1: Comparing human data (Birnbaum, 2005) with SbEU model predictions. In each subplot, the x-axis indicates the
choice problem number (see Appendix for details), and the y-axis shows the percentage of participants choosing G− over G+ ,
hence violating stochastic dominance. (a) Birnbaum’s (2005) Experiments 1-2, (b) Birnbaum’s Experiment 3, (c) Birnbaum’s
Experiment 4, and (d) Birnbaum’s Experiment 5. We simulated 10, 000 participants in each condition of each experiment.

4.2

Experiment 3

In Experiment 3, Birnbaum (2005) empirically investigated
the effect of redistribution of probabilities on VoSD, previously predicted in Birnbaum (1997). Experiment 3 involved 7
pairs of 3-branch gambles with positive outcomes, with each
pair comprising a stochastically dominant gamble G+ and a
stochastically dominated gamble G− (see Appendix for the
gambles). Hence, choosing G− over G+ indicates VoSD.
Fig. 1(b) shows SbEU model predictions for Birnbaum’s
(2005) Experiment 3, along with the empirical data. The
model predictions correlate highly with the empirical data
(Pearson r = .7708, p < .05).

4.3

Experiment 4

In Experiment 4, Birnbaum (2005) empirically ruled out a
heuristic account of VoSD, the consequence counting heuristic, according to which people should pay excess attention
to outcome values in risky choice. Experiment 4 involved 7
pairs of 3-branch gambles with positive outcomes, with each
pair comprising a stochastically dominant gamble G+ and a
stochastically dominated gamble G− (see Appendix for the
gambles). Hence, choosing G− over G+ indicates VoSD.

Fig. 1(c) shows SbEU model predictions for Birnbaum’s
(2005) Experiment 4, along with the empirical data. The
model predictions correlate highly with the empirical data
(Pearson r = .7988, p < .05).

4.4

Experiments 5-7

In Experiment 5, Birnbaum (2005) empirically investigated
the effect of manipulating the outcomes of the dominated
gamble G− on VoSD. Experiment 5 involved 7 pairs of 3branch gambles with positive outcomes, with each pair comprising a stochastically dominant gamble G+ and a stochastically dominated gamble G− (see Appendix for the gambles).
Hence, choosing G− over G+ indicates VoSD.
Fig. 1(d) shows SbEU model predictions for Birnbaum’s
(2005) Experiment 5, along with the empirical data. The
model predictions again correlate highly with the empirical
data (Pearson r = .8261, p < .05). As can be seen in Fig. 1(d),
although the model prediction is quantitatively off in Choice
Problems 7a, 11, 15a, and 13a, the model nevertheless accurately captures the qualitative trend of the empirical data
for those Choice Problems, with both model predictions and
empirically observed data gradually decreasing when moving
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from Choice Problem 7a to 11, then to 15a, and finally to 13a.
Birnbaum’s (2005) Experiment 6 contained only a single
test of VoSD using a pair of 5-branch mixed gambles (empirically observed VoSD = 63% vs. model prediction = 54.76%).
Birnbaum’s Experiment 7 contained two tests of VoSD again
using pairs of 5-branch mixed gambles (empirically observed
VoSD = 66.5% vs. model prediction = 54.62%; empirically
observed VoSD = 65.5% vs. model prediction = 57.66%).

5

Discussion

Considered as arguably “the most obvious” principle of rational choice (Kahneman & Tversky, 1986), dominance has
played a major role in the history of theorizing and developing models of human decision-making (Tversky & Kahneman, 1992; Birnbaum, 2005; Kourouxous & Bauer, 2019).
Interestingly, a wealth of empirical evidence reveals that
humans’ violation of dominance is both substantial and
systematic (e.g., Birnbaum & Navarrete, 1998; Birnbaum,
2004a, 2004b; Birnbaum et al., 1999; Birnbaum, 1999, Birnbaum & Martin, 2003; Birnbaum, 2005). For example, by
examining the health plan choices of 23, 894 employees at a
U.S. firm, recent work has shown that the majority of employees chose dominated plans, which resulted in excess spending equivalent to 24% of chosen plan premiums (Bhargava,
Loewenstein, & Sydnor, 2017; see also Handel, 2013).
Here, we ask whether violation of dominance could be
given a rational basis. Specifically, could it be understood
in terms of the optimal use of limited computational and cognitive resources? In this work, we focus on the most empirically studied version of dominance, first-order stochastic
dominance (SD), and provide the first resource-rational account of violation of SD (VoSD). We show that a single parameterization of SbEU, a resource-rational process model of
risky choice, provides a unified account of a broad range of
empirical results on VoSD (Birnbaum, 2005).
To be consistent, we use the exact same utility function
(Eq. 9) used in past work, without optimizing it to improve
model fit. Future work should optimize model fits to empirical data and make comparisons with other prominent models
(e.g., the transfer of attention exchange model (TAX), Birnbaum, 2005).
Although this work particularly focuses on violation of
dominance in single-agent risky decision-making, there is evidence that this modeling approach can also explain violation
of dominance in multi-agent settings. Recently, Nobandegani
et al. (2019a) provided a resource-rational account of (ostensibly irrational) cooperation in one-shot Prisoner’s Dilemma
(OPD). In OPD, defection is the dominant strategy whereas
cooperation is the dominated strategy. Hence, choosing cooperation over defection is a violation of dominance in OPD
— a violation that Nobandegani et al.’s (2019a) SbEU-based,
resource-rational model accounted for. Future work should
investigate whether a resource-rational account of violation of
dominance that goes beyond the specific game of OPD could
be developed in multi-agent decision-making.

An intimately related concept to dominance is the surething principle (STP) (Savage, 1954). According to STP, a
decision-maker who takes action A both when event E has
occurred and when the negation of E has occurred, should
take the same action A even when they know nothing about
E. Although Savage (1954) provided a strong normative basis for STP by appealing to dominance, substantial empirical
evidence revealed that people violate STP across a range of
domains (e.g., Khrennikov & Haven, 2009; Tversky & Shafir,
1992; Li et al., 2010; Croson, 1999). Given this intimate
link between dominance and STP, the work presented here
suggests that resource-rationality might hold the key for developing a normative basis for violation of STP. The observation that the Allais paradox and the Ellsberg paradox, as
two notable instances of violation of STP, can both be given
a resource-rational account further elevates this possibility
(Nobandegani et al., 2021). Future work should investigate
whether STP could be given a resource-rational foundation.
In this work, we look at VoSD through the lens of modern psychological theories of bounded rationality (see Bhui et
al., 2021), providing a resource-rational, algorithmic foundation for VoSD. Given the broad empirical coverage of SbEU
across risky, value-based, and strategic decision-making (see
Sec. 3), this result is particularly interesting as it brings us
a step closer to developing a unified, boundedly-optimal account of human decision-making. The work presented here is
a step in this important direction.
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Appendix
For brevity, we use the following shorthand, à la Birnbaum
(2005). Gamble P given in (1) in the main text can be alternatively represented as follows: P = ($96, .9; $14, .05; $12, .05).
Experiments 1-2:
Choice Problem 5a:
G+ = ($96, .9; $14, .05; $12, .05)
G− = ($96, .85; $90, .05; $12, .1)
Choice Problem 18:
G+ = ($97, .9; $15, .05; $13, .05)
G− = ($97, .85; $91, .05; $13, .1)
Choice Problem 13:
G+ = ($97, .9; $15, .05; $13, .05)
G− = ($97, .75; $91, .05; $13, .2)
Choice Problem 11a:
G+ = ($96, .9; $14, .05; $12, .05)
G− = ($96, .65; $90, .05; $12, .3)
Choice Problem 7:
G+ = ($97, .9; $15, .05; $13, .05)
G− = ($97, .55; $91, .05; $13, .4)
Choice Problem 15a:
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G+ = ($96, .9; $14, .05; $12, .05)
G− = ($96, .45; $90, .05; $12, .5)
Choice Problem 21a:
G+ = ($96, .9; $14, .05; $12, .05)
G− = ($96, .25; $90, .05; $12, .7)
Experiment 3:
Choice Problem 5:
G+ = ($96, .9; $14, .05; $12, .05)
G− = ($96, .85; $90, .05; $12, .1)
Choice Problem 18a:
G+ = ($97, .9; $15, .05; $13, .05)
G− = ($97, .85; $91, .05; $13, .1)
Choice Problem 13a:
G+ = ($97, .9; $15, .05; $13, .05)
G− = ($97, .65; $91, .25; $13, .1)
Choice Problem 15:
G+ = ($96, .9; $14, .05; $12, .05)
G− = ($96, .55; $90, .35; $12, .1)
Choice Problem 7a:
G+ = ($97, .9; $15, .05; $13, .05)
G− = ($97, .65; $91, .25; $13, .1)
Choice Problem 21:
G+ = ($96, .9; $14, .05; $12, .05)
G− = ($96, .25; $90, .65; $12, .1)
Choice Problem 11:
G+ = ($96, .9; $14, .05; $12, .05)
G− = ($96, .15; $90, .75; $12, .1)
Experiment 4:
Choice Problem 21:
G+ = ($96, .9; $14, .05; $12, .05)
G− = ($96, .85; $90, .05; $12, .1)
Choice Problem 7a:
G+ = ($97, .9; $15, .05; $13, .05)
G− = ($97, .85; $91, .05; $13, .1)
Choice Problem 5:
G+ = ($96, .9; $14, .05; $12, .05)
G− = ($94, .85; $90, .05; $10, .1)
Choice Problem 18a:
G+ = ($97, .9; $15, .05; $13, .05)
G− = ($95, .85; $91, .05; $11, .1)
Choice Problem 15:
G+ = ($96, .9; $14, .05; $12, .05)
G− = ($96, .85; $70, .05; $12, .1)
Choice Problem 13a:
G+ = ($97, .9; $15, .05; $13, .05)
G− = ($97, .85; $41, .05; $13, .1)
Choice Problem 11:
G+ = ($96, .9; $14, .05; $12, .05)
G− = ($96, .85; $20, .05; $12, .1)
Experiment 5:
Choice Problem 5:

G+ = ($96, .9; $14, .05; $12, .05)
G− = ($96, .85; $90, .05; $12, .1)
Choice Problem 21a:
G+ = ($97, .9; $15, .05; $13, .05)
G− = ($97, .85; $91, .05; $13, .1)
Choice Problem 18:
G+ = ($96, .9; $14, .05; $12, .05)
G− = ($90, .85; $84, .05; $6, .1)
Choice Problem 7a:
G+ = ($97, .9; $15, .05; $13, .05)
G− = ($90, .85; $80, .05; $10, .1)
Choice Problem 11:
G+ = ($96, .9; $14, .05; $12, .05)
G− = ($85, .85; $75, .05; $4, .1)
Choice Problem 15a:
G+ = ($97, .9; $15, .05; $13, .05)
G− = ($80, .85; $70, .05; $5, .1)
Choice Problem 13a:
G+ = ($97, .9; $15, .05; $13, .05)
G− = ($70, .85; $60, .05; $2, .1)
Experiment 6:
Choice Problem:
G+ = ($100, .35; $0, .37; −$95, .04; −$97, .04; −$100, .20)
G− = ($100, .10; $99, .10; $96, .10; $0, .40; −$100, .30)
Experiment 7:
Choice Problem 4:
G+ = ($100, .35; $0, .37; −$95, .04; −$97, .04; −$100, .20)
G− = ($100, .10; $99, .10; $96, .10; $0, .40; −$100, .30)
Choice Problem 21:
G+ = ($100, .35; $0, .37; −$90, .04; −$95, .04; −$100, .20)
G− = ($100, .12; $99, .10; $97, .10; $0, .38; −$100, .30)
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Abstract

the most empirical support is the retrieval disruption
hypothesis which posits that collaborative inhibition occurs
because individual retrieval strategies are disrupted during
group recall (Basden et al., 1997). As of now, most of the
research within the collaborative memory field is behavioral.
However, there are limitations to behavioral research that can
and should be supplemented by modeling efforts.

The primary phenomenon of interest within the field of
collaborative memory is collaborative inhibition: the tendency
for collaborative groups to underperform in free recall tasks
compared to nominal groups of comparable size. Previously,
we adapted the Search of Associative Memory (SAM;
Raaijmakers & Shiffrin, 1981) model to collaborative free
recall and found support for the retrieval disruption hypothesis
as the cause of collaborative inhibition (Mannering, Rajaram,
Shiffrin, & Jones, 2022). In this paper, we investigate another
possible cause of collaborative inhibition: memory
homogenization. Previous modeling attempts of collaborative
recall have shown that memory homogenization may
contribute to collaborative inhibition (Luhmann & Rajaram,
2015). To determine the effect of memory homogenization and
retrieval disruption on collaborative inhibition in SAM, we
prevent SAM models from learning during collaborative
retrieval
which
subsequently
prevents
memory
homogenization. We found that even when SAM model
memories remained diversified, collaborative inhibition
persisted—though the strength of the effect was diminished.
These results suggest that both retrieval disruption and memory
homogenization may contribute to collaborative inhibition in
the SAM model.

Modeling Collaborative Inhibition
Behavioral researchers are unable to comprehensively study
the internal mechanisms at play during collaborative
retrieval. While there is an abundance of behavioral support
for the retrieval disruption hypothesis, until recently, there
were no cognitive models that could provide a closer look at
what might be happening cognitively during collaborative
retrieval.

Keywords: collaborative memory, collaborative inhibition,
memory modeling, search of associative memory

Introduction
Humans usually form and retrieve memories in groups.
However, most of our knowledge of human memory comes
from studying individuals alone. The field of collaborative
memory aims to remedy this discrepancy by taking a
cognitive approach to studying group memory. Collaborative
inhibition is the primary phenomenon studied within this
field and is the tendency for collaborative groups to
underperform in free recall tasks compared to nominal groups
of comparable size (Basden, Basden, Bryner, & Thomas,
1997; Weldon & Bellinger, 1997). Collaborative inhibition
has been widely studied within the field of collaborative
memory and is found in many diverse group compositions
and materials (Andersson & Ronnberg, 1995; Marion &
Thorley, 2016; Meudell, Hitch, & Kirby, 1992; Rajaram &
Pereira-Pasarin, 2010).
Within the literature, there are several competing
hypotheses for collaborative inhibition. The explanation with

Search of Associative Memory (SAM) Recently, we
adapted the well-validated Search of Associative Memory
(SAM; Raaijmakers & Shiffrin, 1981) model to collaborative
free recall. SAM is a cue-dependent probabilistic search
theory of retrieval of free recall and free recall with cues. It
has two phases, encoding and retrieval, and two memory
systems, short-term memory and long-term memory. The
model begins by encoding a list of study items. In this phase,
it uses a buffer rehearsal system so that items that appear
together in the short-term buffer have higher associations
with each other when transferred to long-term memory.
Long-term memory is where information is transferred from
short-term memory and stored permanently. Long-term
memory storage has two components: an association vector
of study items to environmental context and an association
matrix of study item to study item information. Retrieval in
SAM begins by using cues from short-term memory as
probes for long-term memory. These cues include context
cues (context recall) and previously recalled words from the
study list (word cue recall). Equation 1a gives the probability
of sampling a word, WiS, using only context, CT, as a memory
probe. Equation 1b gives the probability of sampling a word,
WiS, given both context, CT, and a word cue, WkT, as a
memory probe. The T subscript is used to indicate a cue at
test and the S subscript indicates the item as it is stored in
memory.
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Table 1. SAM Parameter Descriptions
Parameter Name
Description
t
Presentation time per word during encoding
r
STM buffer size
a
Weight for context to word association during encoding
b
Weight for word to other word association during encoding
c
Weight for word cue to same word association during encoding
d
Residual strength of association for words that never appear in buffer together during encoding
e
Incrementing parameter for context-to-word association during retrieval
f
Incrementing parameter for word-to-word association during retrieval
g
Incrementing parameter for word-to-self association during retrieval
Kmax
Maximum number of retrieval failures before retrieval is stopped
Lmax
Maximum number of retrieval attempts using word cues before returning to context cues
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!(%! ,'"# )
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(1a)

(1b)

Table 1 gives a brief description of the standard parameters
included in the model. The original SAM model accounts for
a broad range of free recall phenomena including serial
position curves, presentation duration effects, list length
effects, extended recall, and repeated recall.
Collaborative SAM To adapt SAM to collaborative free
recall we created a shared memory buffer between two or
more models which represents words “spoken” aloud by the
models. The models begin retrieval by performing context
recall separately. The first response produced by any of the
models in the group is added to the shared buffer. Once a
response is in the shared buffer, the other models in the group
can access the response. An extra parameter, j, was added as
an incrementing parameter between words added to the group
response. This represents learning of the retrieval
organization created by the group during recall. Then, all the
models use the new response in the shared buffer as a cue to
perform recall. The models perform cued recall separately
and the response produced first is added to the shared buffer.
The models continue using new responses as cues until no
models can produce any new responses. At this point the
models return to context recall. The process of switching
between context and cued recall continues until all the models
reach a specified number of retrieval failures at which point
the retrieval phase ends.
We found that the collaborative SAM model produced the
basic patterns of collaborative inhibition seen in the
experimental literature in both categorized and uncategorized
word lists. We also found some preliminary evidence that the
collaborative SAM model supports the retrieval disruption
hypothesis while fitting the model to categorized list data
from the Basden et al. (1997) study. Basden et al. (1997)
found that collaborative inhibition is stronger when category

size is larger and study materials are less organized. When
category sizes are larger, there is more room for more
idiosyncratic organization and retrieval strategies within
individual categories between group members. Conversely,
when category sizes are smaller, there is less room for
idiosyncratic organization and retrieval strategies within
individual categories between group members. When the
internal organization of study items is dissimilar between
group members (which is more likely in the larger category
condition), collaborative inhibition increases because the
cues from other group members tend to disrupt individual
search strategies. We found that SAM reproduced this effect
as collaborative inhibition increased when the category size
was large compared to when the category size was small.
Reproducing this effect suggests that SAM supports the
retrieval disruption hypothesis.
To investigate how SAM might be producing the
collaborative inhibition effect, we fit the model to
experimental data (from Choi, Blumen, Congleton, &
Rajaram, 2014) and estimated 5 relevant parameters. We
found that the two stopping parameters, Kmax and Lmax were
significantly different between the collaborative and nominal
groups, with collaborative groups having a lower Kmax value
and a higher Lmax value than nominal groups. These findings
suggest that SAM may produce collaborative inhibition by
having collaborative groups recall for less time overall than
the nominal groups while also spending more time on each
word cue than nominal groups. The goal of this paper is to
further evaluate the retrieval disruption hypothesis by
considering the impact of other mechanisms that could
potentially produce collaborative inhibition in SAM.
Previous Modeling Attempts Before our collaborative SAM
model, the only other attempt at modeling collaborative
memory was a verification step of a study looking at
information transmission in networks using an agent-based
modeling approach (Luhmann & Rajaram, 2015). Though the
main goal of their study was not to model collaborative
memory, collaborative inhibition was seen in the recall of
groups of 3 agents. Additionally, they were able to model
some predictions of the collaborative memory field, namely
the effect of group size on collaborative inhibition. However,
while this model included psychologically based agents that

3141

were able to encode and retrieve memories, the
implementation was not as mechanistically extensive as
SAM and may have produced collaborative inhibition in
different ways.
While verifying their agent-based model, Luhmann and
Rajaram (2015) found evidence of collaborative inhibition.
However, their explanation for why collaborative inhibition
occurred in their model was not due to retrieval disruption but
rather by the agents’ memories homogenizing as they
collaborated. They explain that after the study phase of the
collaborative recall task, the agents each had an idiosyncratic
activation pattern over the study items. The learning that the
agents achieve during the collaborative recall task decreases
the diversity of the memory representations, which the
authors believe reduced collaborative recall performance and
caused collaborative inhibition. While the agent-based model
was able to successfully induce collaborative inhibition, it
was likely that the reason was not due to retrieval disruption.
In this paper, our goal is to determine whether memory
homogenization could be a cause of collaborative inhibition
in SAM. Previously, our collaborative SAM model showed
support for the retrieval disruption hypothesis, but the results
of the Luhmann and Rajaram (2015) study suggest there may
be other causes to consider. To tease apart the underlying
cause of collaborative inhibition in SAM, we plan to prevent
memory homogenization during collaborative recall by
preventing learning during the retrieval phase in the models.
If collaborative inhibition is still present when the model
memories remain diverse, then we can rule out memory
homogenization as the sole cause of collaborative inhibition
in SAM.

Part 1: Learning in SAM
Learning during recall is a natural characteristic of the
individual version of SAM. The 3 parameters responsible for
learning in SAM are the e (the incrementing parameter for
context-to-word association), f (the incrementing parameter
for word-to-word association), and g (the incrementing
parameter for word-to-self association) parameters.

Memory Structures in SAM
The model has two stages of memory: short-term and longterm. Short-term memory is where encoding and rehearsal
occur, achieved with a buffer system, while long term
memory consists of context memory and word association
memory. The context memory is a vector containing context
and study item associations. The strength of the context
associations is dependent on the time a study item spends in
the short-term memory buffer.
The word association memory is a matrix containing study
item to study item associations. The strength of the
association between words is dependent on the amount of
time two words spent together in the short-term memory
buffer. For words that never appear together in the buffer,
there is a residual association strength assigned based on the
value of parameter d. Figure 1 shows the two forms of longterm memory in the SAM model.

Figure 1. Long term memory structures in SAM. The context
association vector represents the associations between study
items and context. The word association matrix represents
associations between study items.

Learning During Individual Retrieval
The first phase of retrieval in SAM uses context memory as
a starting point. Words that are likely to be recalled in this
phase have a high context association. When a word, W1, is
recalled in this phase of retrieval, the context memory is
updated according to e and the W1 association to itself is
updated according to g. The second phase of retrieval uses
previously recalled words as cues to recall more words. In
this case, W1 is used as a cue and words that are likely to be
recalled have a high word association with W1. When a new
word is recalled in this phase of retrieval, the context memory
is updated according to e, the W1 association to itself is
updated according to g, and the association between W1 and
W2 is updated according to f. Thus, as SAM recalls words
during retrieval, the associations between cues and recalled
words becomes stronger—producing the effect of learning
over time. Figure 2 is a visualization of how learning occurs
in SAM during the retrieval phase.

Learning Allowed During Collaborative Retrieval
Both the individual and collaborative versions of SAM are
able to learn during retrieval. Learning in a collaborative
group of SAM models is the same as individual models with
the addition of one parameter, j. Parameter j is the
incrementing parameter for a cue word to the group response
and controls how the group response influences models’
memories during retrieval.
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The result of this process is Figure 4 which shows the
average cosine similarity (over 200 collaborative retrieval
simulations) of the word association memories of a model
group over 20 timestamps during retrieval. Over the course
of retrieval, the association memories of models in a
collaborative group do become more similar to each other
(homogenization). This is consistent with the finding that
model memories homogenize and become less diverse over
the course of collaborative retrieval (Luhmann & Rajaram,
2015).

Part 2: Cause of Collaborative Inhibition
During Retrieval
Figure 2. Diagram of Learning during Retrieval in SAM.
While learning does occur during collaborative retrieval, it
has not yet been shown that model memories homogenize
when retrieving in groups. To measure the similarity of
model memories during retrieval, we recorded the overall
cosine similarity between each model’s word association
memories. The cosine similarity between two vectors is their
dot product divided by the product of their magnitudes.
To measure the change in cosine similarity between
multiple models’ memories we compared the individual word
representations within each model at 20 different timestamps
during retrieval. The timestamps used in these calculations
are the points during retrieval when a word is successfully
recalled by the group and the models’ memories are updated
(see Figure 2). This process works as follows: if there are 2
study words on the study list and 2 models in a group, then
we would find the mean cosine similarity of word 1
(represented by Row 1 in Figure 3) between models 1 and 2
and word 2 (represented by Row 2 in Figure 3) between
models 1 and 2 for timestamp 1. Then we would continue this
process for all 20 timestamps. For a visualization of this
process over one timestamp, see Figure 3.

In the previous section, we found that the collaborative SAM
models’ memories homogenized over the course of retrieval.
Additionally, we have previously shown that these models
produce collaborative inhibition (Mannering et al., 2022).
The next step in this study is to determine whether learning
during retrieval, which causes model memories to
homogenize and become less diverse, is contributing to
collaborative inhibition in the SAM models.

Learning Prevented During Collaborative
Retrieval
To determine whether homogenized memories cause
collaborative inhibition, we prevented learning during
retrieval—something that is clearly not possible in behavioral
experiments. If no learning occurs during retrieval, then the
model memories will not homogenize and become less
diverse. If collaborative inhibition persists, then this supports
the claim that model memory homogenization is not the sole
cause of collaborative inhibition in the collaborative SAM
models.

Figure 3. Cosine similarity calculation during one timestamp in collaborative retrieval. Row 1 represents the association
vectors for word 1 in Model 1 and Model 2, respectively. The cosine similarity of these two vectors is calculated and recorded.
Row 2 represents the association vectors for word 2 in Model 1 and Model 2, respectively. Again, the cosine similarity
between these two vectors is calculated and recorded. Then, the mean of these two cosine similarities is calculated and
recorded. This process is repeated for each timestamp during collaborative retrieval.
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learning prevented condition where the models’ memories do
not homogenize over retrieval, however, the size of the
inhibitory effect is diminished. This suggests that
collaborative inhibition in collaborative SAM models is not
caused solely by increased memory homogeneity over
retrieval. Additionally, in Figure 6, the overall proportion
recalled was higher in the learning prevented condition than
in the learning allowed condition.

Figure 4. The mean cosine similarity (over 200 collaborative
retrieval simulations) of models’ associative memories
during collaborative retrieval over 20 timestamps.
To accomplish this task, we set the parameters responsible
for learning during recall in the collaborative models (e, f, g,
and j) to 0 so that the model does not learn at all during
retrieval. This should prevent the model memories from
homogenizing over retrieval. To ensure the manipulation had
the desired effect on the memory structures, we then repeated
the method of measuring model memory similarity over
retrieval detailed in the previous section of this paper (see
Equation 1 and Figure 3). Figure 5 shows the change in
models’ memory similarity over retrieval when learning was
prevented.

Figure 5. The mean cosine similarity (over 200 collaborative
retrieval simulations) of models’ associative memories
during collaborative retrieval over 20 timestamps when
learning was prevented.
As depicted in Figure 5, when learning is prevented,
models’ memories do not homogenize over the course of
retrieval. In fact, model memories stay exactly as similar to
each other as they were at the beginning of retrieval.
After we determined that preventing learning during
retrieval also prevents model memory homogenization, we
evaluated how collaborative inhibition was affected during
collaborative retrieval. In Figure 6, we compared the amount
of collaborative inhibition in the learning allowed and
learning prevented conditions of collaborative retrieval.
Figure 6 shows that collaborative inhibition persists in the

Figure 6. Comparison of collaborative inhibition in learning
allowed and learning prevented conditions of collaborative
retrieval.
In Figure 6, we found that collaborative inhibition was still
present in the case where models’ memories did not
homogenize. However, the overall proportion recalled
increased in the learning prevented condition and the effect
size of collaboration was diminished. We believe that the
increase in proportion recalled is a natural effect of how
learning works in SAM. During the word cue recall phase of
retrieval, learning causes words that are recalled to have a
higher association with the cue word. A higher association
between words means that those words are likely to be
recalled together. By the end of retrieval, due to the changing
memory association matrix, it is more difficult for models to
produce words that haven’t already been recalled.
Eventually, the models can’t produce any new words and
retrieval ends (when Kmax is reached). However, when
learning is prevented during retrieval, the models’ memories
are not updated when a word is recalled using a word cue.
Consequently, it is less difficult for models to produce new
words and the models can continue retrieval for longer,
producing more words overall.
To determine whether this explanation had merit, we
checked the average number of words recalled from a list of
50 unrelated words between the learning allowed and
learning prevented conditions and found that groups of
models in the learning prevented condition recalled
significantly more words on average than the groups in the
learning allowed condition t (398) = 22.36, p < 0.001 (see
Table 2). This result supports our explanation for why the
overall proportion recalled is higher in the learning prevented
condition than in the learning allowed condition.

3144

Table 2. Average number of words recalled over 200
simulations of collaborative retrieval
Learning Condition
Mean
SD
Learning Allowed
Learning Prevented

26.22
34.29

3.13
3.42

Additionally, while investigating the effect of each
learning parameter on collaborative inhibition in the no
learning condition, we found that the collaborative model’s j
parameter made a significant difference in the size of the
collaborative inhibition effect. The j parameter is a new
parameter that was added to the collaborative model to
represent learning of the combined group response. This
parameter is the incrementing parameter for when word
associations are updated within the group response. That is,
when a new word is added to the group response, the
associations between the new word and the words already
stored in the group response are updated according to the j
parameter. Figure 7 shows the effect of turning the j
parameter on and off while keeping the other learning
parameters (e, f, and g) off.

Figure 7. Comparison of collaborative inhibition when the j
parameter is off and on. All other learning parameters are off
in both conditions.
We found that the proportion recalled by the collaborative
groups was significantly smaller in the j-on condition than in
the j-off condition, t (398) = -4.75, p < 0.001. This means that
the j parameter may be a significant factor in producing the
collaborative inhibition effect.

We found that preventing learning during retrieval also
prevented memory homogenization and when learning was
prevented, collaborative inhibition persisted, though with a
diminished size of effect (see Figure 5 and Figure 6).
While the results of this study do not support the claim that
collaborative inhibition is caused only by memory
homogenization, the idea of shared memories after
collaboration is not unsupported by the literature. Blumen
and Rajaram (2008) showed that after collaborative recall,
participants have an increase in overlap of their postcollaborative individual recall—suggesting that group
members’ memories do homogenize. Additionally,
Congleton and Rajaram (2014) found that the presence of
collaborative inhibition may be responsible for shared group
memories that arise after collaborative recall. They found that
as the size of the collaborative inhibition effect increases, so
does the amount of shared memory organization and shared
memories. The idea here is that, when group members’
retrieval strategies are disrupted, they are more likely to adopt
the organization created by the group for subsequent
instances of recall instead of continuing to use their original
individual organizations.
The findings from these experimental studies suggest that
there is a relationship between collaborative recall and shared
memories and that group members’ memories homogenize
due to collaborative recall. The collaborative SAM model
shows the pattern of memory homogenization over retrieval
(Figure 4) and supports these experimental findings.
However, we found that memory homogenization, while
present during collaborative retrieval, does not eliminate
collaborative inhibition when prevented—suggesting another
mechanism, like retrieval disruption, may be involved.
The retrieval disruption hypothesis has the most supporting
evidence in the experimental literature (Andersson, Hitch, &
Meudell, 2006; Basden, Basden, & Henry, 2000; Finlay,
Hitch, & Meudell, 2000) and so we would expect a cognitive
model of collaborative memory to support this hypothesis as
well. Previously, we showed that the collaborative SAM
model supports the retrieval disruption hypothesis
(Mannering et al., 2022) when fitting the model to the data
from the Basden et al. (1997) study. However, the results of
the current study suggest that both retrieval disruption and
memory homogenization may play a role in producing
collaborative inhibition in the collaborative SAM model.

Discussion
The main conclusion from this study is that memory
homogenization during retrieval is not the sole cause of
collaborative inhibition in the collaborative SAM model. The
goal of part 1 of this study was to determine how models’
memories change during collaborative retrieval. We found
that models’ memories naturally homogenize in a
collaborative setting (see Figure 4). When model memories
homogenize, they are also less diverse. The goal of part 2 was
to determine whether models’ memories homogenizing
during retrieval is responsible for collaborative inhibition.
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Abstract

& O’Reilly, 2013). In this paper, we build off of previous research regarding deep ANN models also reported to exercise
this ability. We evaluate their capabilities on a series of increasingly complex sentence-processing tasks and are therefore able to infer the capacity of each individual architecture
to extrapolate to novel inputs.

The human ability to generalize beyond interpolation, often
called extrapolation or symbol-binding, is challenging to recreate with computational models. Biologically plausible models incorporating indirection mechanisms have demonstrated
strong performance in this regard. Deep learning approaches
such as Long Short-Term Memory (LSTM) and Transformers have shown varying degrees of success, but recent work
has suggested that Transformers are capable of extrapolation
as well. We evaluate the capabilities of the above approaches
on a series of increasingly complex sentence-processing tasks
to infer the capacity of each individual architecture to extrapolate sentential roles across novel word fillers. We confirm that
the Transformer does possess superior abstraction capabilities
compared to LSTM. However, what it does not possess is extrapolation capabilities, as evidenced by clear performance disparities on novel filler tasks as compared to working memorybased indirection models.

Background
Biologically Plausible Indirection

Keywords: Deep Neural Networks, Long Short Term Memory, Transformers, Indirection

Introduction
Generalization is the process of applying previously learned
abilities and knowledge to novel experiences. It is an essential human faculty because no two experiences are exactly
the same. One may have earlier experienced similar components of an event but the exact manner these components are
arranged in, or even the components themselves, likely will
not be identical. For instance, one is often able to infer the
meaning of a sentence even if it contains a word outside of
one’s lexicon. While deep artificial neural networks (ANNs)
are computational systems capable of some forms of generalization, challenges remain when generalizing given novel
inputs. One important thread of research in this area focuses
on symbol processing, or “the ability to represent information
in the form of abstract variables that can be bound to arbitrary values”, which plays an important role in one’s ability
to generalize using working memory (Kriete, Noelle, Cohen,
1 Equal

contribution. Listing order is alphabetical by last name.

The interacting subsystems of the brain thought to underlie
human working memory may allow for functionality analogous to the concept of pointers from computer science via
a process called indirection (Kriete et al., 2013). Using indirection, abstract values located in one region of memory
can store the "addresses" of arbitrary values located in another memory region. The prefrontal cortex (PFC) contains
stripes of densely intraconnected neurons which are sparsely
interconnected to one another (Elston, Benavides-Piccione,
Elston, Manger, & Defelipe, 2011) and appears suited to active maintenance of memory traces. These stripes are strongly
linked with the basal ganglia (BG) which is appears suited for
controlling active memory gating/updating (Alexander, DeLong, & Strick, 1986). Consequently, Kriete et al. hypothesized that different PFC stripes may be employed to maintain
pointer-like memory traces and thereby implement a form of
indirection with the BG responsible for the gating/updating
of information in PFC stripes and proposed a biologically
plausible computational model with generalization capabilities that utilize indirection (Kriete et al., 2013).
In Kriete et al., the abstract variables are three possible
roles in a three word sentence: agent, verb, and patient. The
arbitrary values are known as fillers and are the concrete
words which correspond to each role. For example, in the
sentence “Tom Ate Food” the agent is “Tom”, the verb is
“Ate”, and the patient is “Food”. The function of the model
is to take the previously discussed three word sentence and
individually encode each role and filler into working mem-
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ory. Then, the model will be queried using the role, and the
filler which was stored with the associated role will be recalled. The model was tested on three tasks, each requiring a
different form of generalization performance:
• Standard Generalization (SG) – During training, every
filler has been used in every role and all fillers have been in
the same sequence together. For instance, if the fillers are
"apple", "bat", and "cat" and the roles are their respective
ordering in the sequence, during training the model may
have been presented with "apple bat cat", "cat apple bat",
and "bat cat apple". Thus, "apple", "bat", and "cat" had all
been used in every role and had been used in the same sequence. During testing, unique combinations of role-filler
pairs are employed, for example: "cat bat apple".
• Spurious Anticorrelation (SA) – During training, every
filler has been used in every role but not all fillers have
been in the same sequence together. For instance, if the
fillers are "apple", "bat", "cat", and "dog" and the roles are
their respective ordering in the sequence, during training
the model may have been presented with "apple bat cat"
and "cat bat dog". During testing, unique sequences of
role-filler pairs are presented that have not been in the same
sequence together, for example: "apple bat dog". In this approach, "apple", "bat", "cat", and "dog" had been trained in
every role. However, while "apple" and "dog" had not been
in the same sequence during training, they were together in
the testing sequence.
• Full Combinatorial (FC) – During training, not all fillers
have been used in every role. For instance, if the fillers
are "apple", "bat", "cat", and "dog" and the roles are their
respective ordering in the sequence, during training the
model may have been presented with "dog bat cat", "dog
apple cat", and "dog bat apple". During testing, a sequence
of role-filler pairs is presented to the model where a filler
is in a role it had not experienced during testing: for example, "apple bat cat". Thus, "apple" was tested in the first
role but this filler had never been in the first role during
training.
Since the model utilized one-hot encodings for the output
layer response tokens (each output unit corresponding to one
of the possible filler words), some previous exposure to all
filler words was required via pretraining on a simple association task prior to any of the above experiments. These trials
consisted of requiring the model to respond with the same
word which was immediately provided as input. The Indirection model’s performance on the SG, SA, and FC tasks
described above was compared with a simple recurrent network (SRN), a working memory (WM) model, and a working memory model with the addition of output-gating mechanisms (WMO) but lacking indirection mechanisms. The generalization abilities of the Indirection model were found to
surpass the SRN and WM on all three tasks, and performance
was similar to the WMO model for the SG and SA tasks, but
far superior on the FC task (Kriete et al., 2013).

Artificial Indirection Models
Since the indirection model by Kriete et al. was designed for
biological plausibility, it contains many biologically plausible
mechanisms which result in slower model training and testing
compared to deep learning models which abstract away many
of these details. Therefore, Jovanovich developed an artificial
indirection model that employed Holographic Reduced Representations (HRRs) (Plate, 1995) to replace recurrent PFC
layers and utilized temporal difference reinforcement learning, specifically SARSA, to replace Perceived Value Learned
Value (PVLV) layers (O’Reilly, Frank, Hazy, & Watz, 2007).
This model was tested on SG, SA, FC, but also on an additional task for the model to complete (Kriete et al., 2013;
Jovanovich, 2017):
• Novel Filler (NF) – During training, some fillers are not
observed in any role nor in any sequence. Some potential training examples might be: "apple bat cat", "bat apple
cat", and "cat apple bat". During testing, the model is presented with "zoo bat cat". In this case, "zoo" is a novel filler
since "zoo" is tested in the first role, but never observed in
any roles during training.
Jovanovich’s model performed approximately the same as
the model from Kriete et al. on the three shared tasks (SG,
SA, and FC) (Jovanovich, 2017). However, on the new task,
NF, the performance was poor due to a lack of pretraining.
While pretraining could have been leveraged to overcome this
limitation, similarly to Kriete et al., it was seen as an unsatisfying way to meet the challenge of the NF task, since the goal
is to assess how a model will perform when provided a word
which it truly has never seen before. The model’s internal representations were instead analyzed and the results indicated
that it was holding onto and providing the correct information to the one-hot-encoded actor network for the task, but a
solution to this dilemma was left for future work.

Long Short-Term Memory
Recurrent Neural Networks (RNNs) are helpful for processing sequential data (eg. text sequences) and may be viewed
as an approximate form of working memory in deep learning research. They function by storing information from one
time step to another through the use of hidden, internal states.
This allows for an accumulation of information from the past
states to impact current states (Karpathy, 2015). A problem
that arises with RNNs are exploding and vanishing gradients.
The former refers to the "large increase of the norm of the
gradient during training" and the later to the gradient diminishing to zero (Pascanu, Mikolov, & Bengio, 2013). To surmount this challenge, a specific type of RNN, long short-term
memory (LSTM) (Hochreiter & Urgen Schmidhuber, 1997),
was developed. LSTMs deploy a mechanism of input, output, and forget gates that allow the model to more effectively
remember useful information over time and greatly reduce
the impact of the exploding and vanishing gradients problem (Goodfellow, Bengio, & Courville, 2016).
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Novel Role-Filler Generalization
To partially overcome the pretraining limitations observed by
Jovanovich, Mullinax utilized LSTM-based models to construct word embeddings which could be passed to an artificial indirection model with three memory stripes (Mullinax,
2020). Mullinax also replaced the SARSA algorithm, used by
Jovanovich, with Q-Learning to operate the input and output
gates that determined how a filler would be stored. However,
HRRs were still used to encode role information. The model
was constructed in a nested fashion where an outer LSTM
(OL) encoder-decoder was used to learn word embeddings
from character-level tokens, and an inner artificial indirection (IND) model would utilize these learned embeddings in
place of the HRRs used for fillers in prior work (Cho et al.,
2014; Sutskever, Vinyals, & Le, 2014).
Encoder-decoder models built from LSTM layers demonstrate standard generalization, SG, capabilities. Compared
with the works above, this approach allowed for pretraining
of the OL component in a more realistic manner and one that
could fulfill the requirements of the NF task at the sententiallevel. For example, pretraining the outer model on the fillers
"boy" and "cat" would allow the outer model to successfully
encode and decode the filler "bat". This manner of pretraining is analagous to our learning experience of spoken language as well, where the individual letters above correspond
to individual phonemes. Even novel words can be properly
encoded and decoded by this outer, OL, component, so long
as they consist of letters (or phonemes) with which the model
is already familiar. Therefore, word-level embeddings constructed by the outer component, OL, were more flexible than
the one-hot or HRR encodings used in the prior approaches,
leaving the more difficult task of examining the meaning of
the novel filler in its sentential role up to the inner component,
IND. Thus, standard generalization is used to encode whole
word representation for fillers (OL), but these representations
can then be referenced using indirection to avoid confusion
when processed through the inner model (IND). Therefore,
we refer to this approach as the OL/IND model.
The OL/IND model was compared to a nested model which
used an outer LSTM (OL) encoder-decoder and inner LSTM
(IL) encoder-decoder: OL/IL (see Figure 2). Critically, the
outer component for both of these models was the same and
was pretrained as explained above. However, the inner component of the OL/IL model was an encoder-decoder model
constructed using LSTM layers, meaning it lacked any indirection capabilities and is the deep learning-equivalent of
the WMO model employed by Kriete et al. above. Both
models were trained and tested with three, five letter-long,
fillers (agent, role, and patient) using all four task types described above: SG, SA, FC, and NF. The performance of the
models were evaluated by comparing letter-level and wordlevel accuracy (see eqns. (2)–(3)). Letter-level accuracy measured the percentage of correct letters in the correct positions,
and word-level accuracy quantified the percentage of correct
words produced in the correct positions. The latter metric

necessitates that each entire words must be spelled correctly
to qualify as an accurate response, but letter-level accuracy
can discern partially correct responses. The results indicated
that the OL/IND model could learn to generalize perfectly
across all four tasks using the realistic pretraining regime described above. However, the OL/IL model only performed
well on the SG and SA tasks. Given prior research, it was
not surprising that the OL/IL model failed to learn the NF
task well, but this model actually performed even worse on
FC. This was a somewhat surprising result, and suggests that
some form of representational interference is preventing the
OL/IL model from performing well on the FC task as prior
work with one-hot and HRR encodings had suggested. Even
though the OL/IND model showed better performance after
training, it’s reliance on reinforcement learning meant significantly longer training times.

Transformers
Transformers (T) are a neural network architecture first introduced in a 2017 paper titled "Attention Is All You Need"
(Vaswani et al., 2017). One remarkable part of the Transformer architecture is its self-attention mechanism which allows the network to focus on relevant input features by weighing the relations of distinct components of the input against
one-another. By comparing all tokens to all other tokens, the
model is better able to understand long-range dependencies.
This is because, unlike SRNs and LSTMs, Transformers can
process entire sequences of inputs simultaneously which precludes any bias due to sequential processing and allows for
faster, feed-forward training. Empirically, Transformers have
performed better than other models on tasks such as Englishto-German translation (Vaswani et al., 2017).

Emergent Symbol Binding Network
Since traditional deep neural networks have difficulties inferring rules from high dimensional data, Webb et al. developed a model known as Emergent Symbol Binding Network (ESBN) that can perform a simple form of indirection (Webb, Sinha, & Cohen, 2021). ESBN was trained and
tested on four tasks that involved learning abstract rules from
images: same/different discrimination, relational match-tosample, distribution-of-three, and identity rules (Webb et al.,
2021). Several deep learning architectures, including most
importantly the Transformer, were compared with the performance of ESBN. The only clear advantage that ESBN had
over other approaches was that it did not require as many
training examples to learn the tasks. While this is clearly
advantageous, these results suggest that the Transformer architecture is sufficient for performing indirection and symbol
binding given sufficient data. However, it is not clear whether
this was truly the case, or if the tasks were simply not challenging enough to delineate differences in performance between the tested architectures.
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Methods
With the recent development and subsequent success of
Transformers, the task still stands to explore their strengths
as well as their shortcomings. While the Transformer architecture has passed several abstraction-based challenges
(Vaswani et al., 2017) and indirection-based challenges
(Webb et al., 2021), previous indirection work involving the
SG, SA, FC, and NF data sets (Jovanovich, 2017; Mullinax,
2020) suggests that these tasks may be better suited to discriminate between the capabilities of the LSTM, Transformer,
and IND approaches. Additionally, Transformer models can
be viewed as a replacement for RNN/SRN/LSTM components, and therefore either the inner and/or outer LSTM components in prior models. By replacing the LSTM components
of the OL/IL models with transformer components (T), we
hope to observe what advantages the Transformer architecture might provide. This provides a framework for developing
and testing five different combinations of inner/outer components: OL/IND, OL/IL, OL/IT, OT/IL and OT/IT. All outer
components can be pretrained as described above, and all
inner components can then be trained/tested across the four
tasks using the embeddings produced by the outer components. An example of the encoding/decoding process is illustrated in Figure 1. In this way, we hope to expose any generalization distinctions to be made among the different models.

Data Sets
The goal for all models described in the subsequent sections
is the reading and reproduction of three-word sentences fed
into each of the models. There are two principal classes of
data sets on which the models are trained. First is the pretraining corpus which was the same across all models and
tasks; it consists of ten thousand 5 character-long lowercase
ASCII words or fillers. Another 10,000 word-long pretesting corpus of different fillers was used for testing (SG constraints as described in the Background section). All outer
model components are trained and tested on the two corpi,
respectively, until reaching 100% accuracy on the pretesting
corpus. Component weights are fixed after training for these
(outer) components, so that they are only used to either embed
each separate word in a sentence for presentation to the inner
model component, or to decode the word representations produced by the output layers of the inner model. The second
class of data sets employed are the training/testing materials
for the inner model components which differ depending on
the task: SG, SA, FC or NF. Every training set for each of
the four tasks consists of two hundred three-word sentences,
each sentence being composed of words from the pretesting
corpus above. Therefore, for remainder of this work, we refer to the pretesting corpus as simply the corpus since the
pretraining corpus is technically not used for any of the inner
component tasks. This procedure therefore insists on using
words that the outer component has never seen before to train
the inner components. The testing set for each task also consists of words from the corpus, but obeying the rules of the

respective task. Note that an important distinction occurs in
the NF task: some fillers from the corpus are never observed
during model training, but are used during testing.

Models and Training Parameters
All models were created using Tensorflow/Keras [ver.
2.5.0]. Additionally, all models were developed with both
a coupled and decoupled version to either provide teacherforcing (for training) or remove teacher-forcing (for testing),
respectively. When encoding and decoding tokens, the components (both outer and inner) are supplied with a start and
stop token, allowing for potentially variable word/sentence
lengths; though in this work each word was always composed
of five letters (for the outer components) and each sentence
was always composed of three words (for the inner components). The hidden states of the encoder are passed to initialize the states of the decoder. While training, a coupled
version of these components is used, and during testing the
decoupled version of the component is used wherein the hidden states are passed through separate input layers to allow
separation between the encoder and decoder for testing without teacher forcing. Instead of decoupling encoder-decoder
components, masking is another common method for removing teacher forcing and allowing for variable length inputs.
However, our pretraining approach requires the outer components to be decoupled into a separate encoder and decoder
for embedding and decoding, respectively. Therefore, we utilized consistent modeling efforts across both inner and outer
components for parsimony.
The first model developed was the nested inner/outer
LSTM (OL/IL) model which used an LSTM module to encode and decode fillers from the corpus into vector representations and then another LSTM to take three filler vectors and
amalgamate them into a representation for the entire sentence.
These are then decoded back into human-readable characters
by the outer component decoder. Key hyperparameters involved are the dimension size of the OL into which each filler
is encoded, the dimension size of the IL wherein the three
filler vectors are combined into a vector representation of the
entire sentence. This model was then trained and fitted according to the parameters shown in Table 1. The Adam optimizer was used and updated using mean squared error (MSE)
and binary crossentropy (BCE) loss functions for the embedding and start/stop token layers, respectively. The training
parameters for this model are given in Table 1.
The second model developed consisted of an outer LSTM
model wrapped around an inner Transformer (OL/IT). Both
the inner and outer components performed identical functions
as in the OL/IL model. In addition to replacing the IL with
the IT, the necessary addition of a position embedding layer
was added between the OL and before the transformer block.
Details in the training regimen and model constructions are
found in Table 1, and as above the Adam optimizer with MSE
and BCE loss functions for the embedding and start/stop token layers, respectively, were used to train.
In the third model, the roles are reversed and a Transformer
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is used as the outer model which surrounds an inner LSTM
(OT/IL). The OT’s encoder and decoder utilizes a masked position embedding prior to the transformer block itself. Unlike
the previous models, this was trained using the Nadam optimizer with MSE and BCE loss functions for the embedding
and start/stop token layers, respectively. Further details of the
model and training scheme are shown in Table 1.
The last model developed was the nested Transformer
model (OT/IT). Transformer blocks, each proceeded by a
masked position embedding layer, are used to encode and
decode both the corpus and the vector embeddings created
by the outer encoder. Training used the Adam optimizer updated using MSE and BCE loss functions for the embedding
and start/stop token layers, respectively. Further details of the
model and training scheme are shown in Table 1.
A fifth model, used for state-of-the-art comparison, was the
outer LSTM and inner Indirection model (OL/IND) developed by (Mullinax, 2020) and described in the Background
section above. For further details on the model’s construction
and training/testing regimen see (Mullinax, 2020).
Table 1: Key Model and Training Parameters
Name
OL/IL
Outer size
Hidden size
α
n
k

Value

Description

100
300
0.001
1600
100

Dimension size for corpus embeddings
Dimension size for embedding of sentence
Learning rate for Adam optimizer
Number of epochs
Batch size

OL/IL - Int. Embed.
Outer size
64 or 256
Hidden size
300
α
0.001
n
1600
k
100

Figure 1: The figure above shows how the Inner/Outer Encoder/Decoder operate. A sentence like "Tom Ate Food" is
passed to: 1) the Outer Encoder where each word is independently encoded as a series of letter token and 2) sent into
the Inner Encoder which generates an encoding for the entire
sentence as a series of word embeddings, and 3) this sentence
encoding is then sent to the Inner Decoder which decodes
the sentence into independent word embeddings, and 3) the
word embeddings are sent to the Outer Decoder which decodes each one into the corresponding words (series of letters).
We employed letter-level accuracy and word-level accuracy
to quantify how exactly the model was reproducing the test
sentences it was fed. We defined a function IS_EQ(x1 , x2 )
to compare words and characters from the model and testing
data set as follows:
(
1 x1 = x2
IS_EQ(x1 , x2 ) =
(1)
0 otherwise

Dimension size for corpus embeddings
Dimension size for embedding of sentence
Learning rate for Adam optimizer
Number of epochs
Batch size

OL/IT
Outer size
Num_heads
ff_dim
rate
α
n
k

100
4
4
0.1
0.001
1600
100

Dimension size for corpus embeddings
Number of attention heads in each transformer block
Hidden layer size in feed forward network in transformer
Dropout rate for transformer
Learning rate for Adam optimizer
Number of epochs
Batch size

OT/IL
Outer size
Hidden size
Num_heads
ff_dim
rate
α
n
k

300
300
4
4
0.1
0.001
40
25

Dimension size for corpus embeddings
Dimension size for embedding of sentence
Number of attention heads in each transformer block
Hidden layer size in feed forward network in transformer
Dropout rate for transformer
Learning rate for Nadam optimizer
Number of epochs
Batch size

OT/IT
Outer size
Outer Num_heads
Inner Num_heads
embed_dim
Inner ff_dim
rate
α
n
k

300
32
4
128
32
0.1
0.001
250
50

Dimension size for corpus embeddings
Number of attentions heads in outer transformer block
Number of attention heads in inner transformer block
Embedding size for each token
Hidden layer size in feed forward network in inner transformer
Dropout rate for both inner and outer transformers
Learning rate for Adam optimizer
Number of epochs
Batch size

Since the testing data sets are one hundred sentences long,
word and letter accuracies are as follows:
1
3
WORD_ACC= 100·3
∑100
1 ∑1 IS_EQ(model’s word,test word)
1
3 5
LET T ER_ACC= 100·3·5
∑100
1 ∑1 ∑1 IS_EQ(model’s letter,test letter)

Training, Testing and Evaluation
Before evaluating performance, a hyperparameter search for
each model was performed manually until a set of values
yielded consistent and high-performing results for that model.
Certain key hyperparameters are shown in Table 1. Models
were then formally evaluated by training and testing them ten
times using the optimal hyperparameters found previously.

(2)
(3)

Over the ten training runs, the word and letter-level accuracies
for each model were obtained and the mean (+/- 1.96 standard
errors) results were plotted for comparison with one another.

Results
According to the methodology described above, we trained
and tested the four models we developed–OL/IL, OL/IT,
OT/IL, and OT/IT–on the four tasks–SG, SA, FC and NF.
Additionally we also include the results from the OL/IND
model developed by (Mullinax, 2020). The results from the
five models tested on the four tasks are shown in Figure 2,
sorted according to the task they were tested on. One of the
most apparent trends in the data is the performance gap between the SG/SA and FC/NF tasks. All models perform the
SG and SA tasks with nearly 100% letter and word accuracy;
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OL/IND
100
1.0

OL/IL

OL/IT

OT/IL

Word level

OT/IT

Letter level

80
SG

60
40
20
0.8
0
100
80

SA

60

Mean Accuracy (%) [N=10]

40
0.6
20

however, as we move to the FC and NF tasks, the letter and
word accuracies drop off significantly, most notably in the
OL/IL model. The OL/IL model performed to over 90% accuracy on SG and SA for both world-level and letter-level accuracy. However, OL/IL model performance was poor on FC
and NF (<40% and <65%, respectively). The OL/IL model
did noticeably better on letter-level accuracy than word-level
accuracy in all of these cases, and the study concludes that
the model produces the best matching fillers experienced during training in these cases rather than the expected test fillers.
Using a Transformer as the outer model (OT/IL) did not significantly increase performance: in fact, for the SG and SA
tasks, the OL/IL model outperforms OT/IL, suggesting that
the representations created by the OT may be, in a sense, confusing to the inner IL. However, seemingly resilient across
all tasks at the letter-level were the OL/IT and OT/IT models, only showing poor word-level accuracy on the NF task.
All of these models, however, were ultimately out-performed
by the outer LSTM and inner indirection/working memory
model (OL/IND), which scored nearly 100% across all tasks
(see Figure 2). These results indicate that the Transformer
better approximates indirection mechanisms than LSTM, but
is not all that is needed to sufficiently handle novel fillers.

0

100

Conclusion

80

FC

0.4
60
40
20
0
100
0.2
80

NF

60
40
20
0.00
0.0

0.2

0.4

0.6

0.8

1.0

Figure 2: Plots of the letter-level and word level accuracies
of the five models examined in this work. Formulas for these
accuracies metrics are given in eqns. (2)–(3). All models were
trained and tested N=10 times to obtain the mean (and +/1.96 standard errors shown by the black bars). Models are
composed of inner (I) and outer (O) components: LSTM (L),
Transformer (T), or indirection (IND).

This work set out to evaluate certain neural network architectures’ indirection and symbol binding capabilities
through testing on a series of increasingly difficult sentenceprocessing tasks. Additionally, we examined possible synergy across the LSTM and Transformer architectures by creating nested models where the outer and inner components
were interchangeable. As demonstrated in Figure 2, we see
that models involving inner transformers (OL/IT, OT/IT) outperformed the model composed entirely of LSTMs (OL/IL).
When employing transformers in conjunction with LSTMs,
we found care must be taken as the OT/IL model performed
far worse than the OL/IL model in the fairly easy SG and SA
tasks. Further research into the relationships and synergies
between the outer and inner encoders/decoders could help
elucidate why in the OT/IL model under-performed compared
to other model combinations but LSTMs were observed to
be more sensitive to representational complexity than Transformers. Based on the OT/IT’s 100% scores on the SG, SA
and FC tasks, we confirm that the Transformer does possess
superior abstraction capabilities compared to LSTM. However, what it does not possess is indirection or symbol binding
capabilities, as evidenced by the clear disparity between the
OL/IND model and the four others in the NF task. However,
long training times are required for OL/IND models since
they use reinforcement instead of supervised learning. More
research is clearly needed to elucidate why the Transformer
fails to perform indirection; yet it is certain that more than
attention is needed to understand the unknown.
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Abstract
One of the advantages of using metaphorical expressions over
literal ones might be that speakers can convey not only the intended property, but also its degree. For example, when hearing “John is a shark”, the listener might infer that the speaker
aims to communicate that John is as mean as a typical shark.
We present experimental findings supporting this hypothesis,
along with a novel metaphor interpretation model, which is
implemented within the Rational Speech Act framework. We
compare our model’s predictions to those of an existing RSA
model of metaphor understanding, within which the listener infers just the presence or absence of a feature as opposed to its
degree, and find that our model produces a significantly better
fit.

Introduction
Metaphors abound in natural language and are therefore an
important phenomenon to capture when modeling discourse
processing. Metaphor comprehension has been approached
from various perspectives (see Tendahl & Gibbs Jr, 2008 for
a review), notably that of cognitive linguistics, which views
metaphor as a reflection of people’s mental conceptual organization (i.e., we think in metaphors) (Lakoff, 1993), and that
of pragmatics, which views metaphor as an apt means to communicate some intended meaning (Wilson & Carston, 2006).
A prominent representative of the pragmatics approach,
relevance theory (Wilson & Carston, 2006; Wilson & Sperber, 2002) argues that metaphorical utterances, just like literal language, are produced and interpreted in terms of their
relevant aspects. There is experimental evidence supporting
relevance theory’s notion that property attribution is a principle underlying metaphor understanding (Glucksberg & Manfredi, 1997; Oka & Kusumi, 2020).
Kao, Bergen, and Goodman (2014) were the first to formalize metaphor understanding using the Rational Speech Act
(RSA) Framework (Frank & Goodman, 2012), within which
the speaker and listener recursively reason about each other’s
knowledge and intent to arrive at the intended meaning. RSA
has been used to model a variety of nonliteral language uses
in context, such as politeness (Yoon, Tessler, Goodman, &
Frank, 2016) and puns (Kao, Levy, & Goodman, 2013).
Kao et al. (2014)’s approach builds on the ideas of relevance theory and property attribution. The authors argue that
metaphor processing can be explained through basic pragmatic principles of communication. The crux of their idea
is that when using an animal metaphor, the speaker aims to

communicate features which are characteristic of this animal
and are relevant to humans. For instance, when interpreting,
“John is a shark”, the listener is unlikely to think that John
actually has fins and lives in the ocean. Instead, she assumes
that the speaker aims to communicate a feature of a shark relevant to the referent, probably scariness or meanness.
We build on Kao et al. (2014)’s model but take a graded
approach and represent features of the metaphor in terms
of their typicality. We hypothesized that when hearing a
metaphor, the listener infers not only the presence or absence
of a certain feature, but also its degree. For instance, when
hearing “John is a shark”, the listener might interpret that the
speaker wants to convey that John is as mean as a typical
shark.
We also incorporate feature salience into our model. There
is experimental evidence that feature salience plays a role in
metaphor processing, and that high typicality is an indicator of salience (Katz, 1982). Our model captures that effect. In addition, it follows from our model that typicality
of a feature is a spectrum and both ends of that spectrum are
salient, in line with the notion of salience of the extreme as it
has been used in the context of gradable adjectives (Franke,
2012). Therefore, we expect that an animal is also likely to
be referred to if the feature in question is very atypical of it.
Average typicality, on the other hand, we expect to not be
salient and therefore less likely to be uttered and, if uttered,
more confusing to interpret.
We test these predictions of our model experimentally and
compare it to Kao et al. (2014).

Dataset
In Kao et al. (2014)’s model, an animal is defined as a vector
of three binary features specific to that animal, disallowing
comparison between animals. In our model, an animal has
every feature to some, possibly very low, degree. Therefore,
we collected a new dataset to serve as priors for our model.

Experiment 1a: Free-Response Feature Elicitation
In this experiment, preliminary adjective and animal lists
were created.
Materials We compiled a preliminary list of 20 adjectives
describing human personality traits. 14 of the adjectives were
selected from Kao et al. (2014)’s list, and 6 additional ones
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were included1 . Out of that list of 20 adjectives, two lists
were created containing 10 of the original adjectives and opposites of the remaining 10 (e.g., “dishonest” for “honest”.)

Materials Using the feature and animal lists from Experiment 1b, we created four balanced lists of adjectives, such
that each adjective appeared on only one list.

Methods 20 native English speakers, average age 32
(sd=11), 9 males, 11 females and one unspecified, where recruited on Prolific and received a compensation of £1.00. The
participants read each of the two lists of 20 characteristics (10
participants per list) and were asked to type in any animals
they associate with the trait in question. They were required
to fill out at least 10 of the 20 fields in to determine which adjectives collected more responses and were therefore useful
to keep.

Methods A group of 124 native English speakers, 31 per
list, who did not participate in the previous experiment, average age 38 (sd=12), 54 males and 70 females, where recruited
on Prolific and received a compensation of £1.25. They were
presented with an animal along with the 20 features. For each
feature, the participants used a slider bar to answer the question: “How typical is this feature for this animal?”, from “extremely atypical” to “extremely typical”. Typicality of each
of these features for human males was also elicited. We use
only males to be consistent with Kao et al. (2014).

Results Based on the obtained responses, the list was edited
in the following way: if the participants’ responses had low
agreement, i.e. many responses with little overlap, the corresponding adjective or animal was excluded. If both adjective
opposites (e.g., “loyal”-”disloyal”) had high agreement, the
one with relatively lower agreement was removed from the
list.

Experiment 1b: Closed-Set Feature Elicitation
In this follow-up closed-set experiment, adjective and animal
lists were finalized.
Materials We used the lists of animals and adjectives obtained in the free-response feature elicitation. Two lists of adjectives were compiled using the adjectives obtained in Experiment 1a. Each of the two lists contained 14 adjectives.
Additionally, a list of 28 animals was compiled using the most
common responses from the previous experiment.
Methods A group of 20 native English speakers who did
not participate in the previous experiment, average age 35.7
(sd=11), 8 males and 12 females, where recruited on Prolific
and received a compensation of £1.50. They were presented
with the adjectives one at a time and a list of animals (obtained in Experiment 1a; 10 participants per list) and were
asked to select the animals they associate with the adjective.
Additionally, a text box was available to optionally type in
animals which were not on the list.
Results The participants’ responses were further edited by
excluding animals and adjectives with little overlap in participant responses. As a result, 4 animals and 4 adjectives were
removed at this stage2 ; no new items were added.

Experiment 2: Typicality Elicitation
Next, we collected typicality priors for each animal-feature
combination.
1 brave,

calm, patient, reliable, shy, stubborn.
2 camel, hippo, rhino, toad; disloyal, flexible, foolish, impatient.

Results The typicality ratings for each feature for each animal category (e.g., friendliness for a dolphin) were averaged,
yielding a typicality rating for each animal category, including human. The obtained ratings were then examined individually to ensure that every animal used in final experiment
had distinctive (i.e., rated very high or very low) features and
every feature was distinctive for at least one animal. We removed 4 adjectives and 1 animal this way3 , resulting in a final
list of 20 adjectives and 21 animals including human.

Model
In this section, we describe our model of metaphor understanding, highlighting the differences from Kao et al. (2014)’s
approach.4 Kao et al. (2014) extended the classical RSA
model (Frank & Goodman, 2012) to include communicative
goals in order to incorporate literally false utterances into the
model, which we also adopt. We limit the scope of the types
of metaphors to the type “X is a Y”, where X is a male name
and Y is an animal category; in this way, the present work
forms a natural extension to Kao et al. (2014).
In contrast to Kao et al. (2014), who represent an animal
with a vector of typical binary features of length 3, we define
an animal as a vector of size [total number of features], where
each of the values is the feature’s typicality for a given animal.
In this way, we aim to capture relative typicality of features
both between and within animals.
The literal listener L0 in our model is defined as follows:


P(deg( f ) = d|c)
L0 (c, deg( f ) = d|u) =
(1)
if c = u,


0 otherwise
When hearing the utterance “John is a fox”, L0 interprets it
as John literally belonging to that category and having one of
the corresponding features to some degree. P(deg( f ) = d|c)
is the acceptability of naming animal c to convey the degree
deg(f) of feature f. The closer the interpreted degree to the
3 tiger;

funny, happy, patient, reliable.
code and collected priors are available at https://
github.com/sashamayn/metaphor rsa cogsci22.
4 Model
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elicited typicality prior of this animal-feature combination,
the higher the acceptability:
P(deg( f ) = d|c) ∝
1 − abs(typ(c, f ) − d) − ε

(2)

So, when hearing John is a fox, the literal listener is more
likely to interpret that John is a fox and is 0.2 loyal than that
he is 0.8 loyal, since foxes are typically not very loyal. The
literal listener considers all 20 features, 21 degrees for each:
these 21 degrees are the typicality values elicited for the all
animals including human for that feature. In contrast, the literal listener in Kao et al. (2014)’s model interprets a binary
feature vector, e.g. that John is disloyal, graceful and cunning, when hearing that John is a fox; their model does not
include degrees. We are not the first to use typicality for literal listener’s word meanings. Graf, Degen, Hawkins, and
Goodman (2016)’s model of reference levels uses typicality
to represent the degree of acceptability of a label for an object.
The pragmatic speaker selects her utterance to fulfill her
communicative goal g, which is to talk about a particular feature, and seeks to maximize her utility:
U(u|g, deg( f ) = d) =
log ∑ δg= f L0 (c, deg( f ) = d|u) · P( f , c)

(3)

c, f

Our definition of the utility is equivalent to Kao et al.
(2014)’s with one important difference: the inclusion of the
salience term P( f , c). This term denotes the probability of the
speaker using a specific animal-feature combination, e.g. loyalty in combination with foxes. We assume that the speaker is
unlikely to talk about average values of features – i.e., saying
“John is a giraffe” to mean “John is averagely loyal” because
giraffes are not known for being either loyal or disloyal, so
despite high acceptability, giraffe in this case has low salience
and is unlikely to be used by the speaker. We test this assumption experimentally in Section 4. We define the probability P( f , c) as the KL-divergence between a normal distribution representing this animal-feature combination, where the
mean and sd are the typicality priors for this animal-feature
combination from Experiment 2, and a neutral normal distribution centered around 0.5 with sd=0.155 . Therefore, the
further removed the animal-feature combination’s typicality
is from 0.5, in either direction, the more likely the speaker is
to want to refer to this animal to convey the feature.
The pragmatic speaker chooses an utterance which maximizes her utility. α is the speaker rationality hyperparameter.
S1 (u|g, deg( f ) = d) ∝ eαU
5 The

Finally, the pragmatic listener equation is again similar to
that of Kao et al. (2014) with the important difference that
the listener interprets the degree of an individual feature as
opposed to a binary feature vector. The pragmatic listener
reasons about the speaker and her possible communicative
goals:
L1 (c, deg( f ) = d|u) ∝ P(c) · P(deg( f ) = d|c)
· ∑ P(g) · S1 (u|g, deg( f ) = d)

(5)

g

P(c) is the category prior for the referent, that is, how likely
the referent is to be human or the uttered animal. It is a hyperparameter to be fit to the data. P(deg( f ) = d|c) represents the
probability that a member of category c has a feature f to the
degree d – it is the same as the acceptability term in the L0 and
is defined the same way. P(g) is the listener’s prior about the
feature being communicated given the conversational context
(or Question Under Discussion, QUD). A feature might be
more likely to be interpreted if it is asked about.

Experiment 3:
Metaphor Interpretation Experiment
We now proceed to the main experimental question concerning the role of typicality, salience and QUD on metaphor understanding.
Materials For each non-human animal category we created 4 scenarios (1 for the vague and 3 for the specific communicative goal) of the type used by Kao et al. (2014), in
which Bob is talking to his friend about a person he recently
met.
In the vague condition, Bob’s friend asks the vague question “What is John like?”, to which Bob replies by saying
“He is a ca ”. For the specific goal condition, the friend asks a
question mentioning a specific feature, “Is he fi ?”. There are
three possible scenarios in this condition – an animal category
for which the feature in question is extremely typical, neither
typical nor atypical, and extremely atypical. Our assumption
is that the two extreme cases share high salience, while the
averagely typical case lacks it. Table 1 includes examples of
each condition.
Table 1: The four conditions in the Metaphor Interpretation
Experiment.
G Typ. QUD
Utterance
v – “What is John like?” “He is an ox.”
s high “Is John loyal?”
“He is a dog.”
s avg “Is John loyal?”
“He is a sloth.”
s low “Is John loyal?”
“He is a snake.”

(4)

sd of the neutral distribution is hypothetically a hyperparameter. We found that changing its value didn’t matter very much
for the model fit, but fit was slightly higher with sd=0.15, so we used
that value.

For each of the 20 animals, we took the 2 most typical, 2
least typical, and 1 averagely typical adjective, resulting in
100 items in the specific condition. There were 20 items in
the vague condition, one per animal. Out of those 120 items,
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we made 5 balanced lists, such that no adjective appeared
more than once and no animal appeared more than twice.
Method 100 native English speakers who did not take part
in any of the previous experiments, average age 38 (sd=13),
31 males and 69 females, were recruited on Prolific and received a compensation of £1.75. We aimed at 20 participants
per list but for technical reasons participants were assigned in
a way which resulted in 18 to 22 ratings per list.
In each trial, participants saw a box with a question-answer
pair similar to those in Table 1. An example trial is shown in
Figure 1. First, they were asked to select at least one adjective
from a list of possible interpretations. In the specific condition, the adjective contained in the question was pre-selected
but could be unselected. For each selected adjective, the participants used slider bars to provide a degree rating to indicate
to which extent John has the selected property and their certainty of that interpretation.

suggests that indeed, when hearing “John is a bear” in response to “How strong is John?”, the listener interprets it as
John having the same degree of strength (presumably compared to other humans) as a typical bear.

Figure 2: Certainty is significantly lower for the average typicality condition.

Figure 1: Metaphor interpretation experiment setup.
We compared the responses of each participant to the rest
to identify any participants who responded at random. We
looked at a subset of points where we would expect a certain
response (e.g., quiet-mouse we expected to be rated highly)
and determined which participants’ responses diverged from
the rest in a seemingly arbitrary way. 3 participants were excluded at this stage.
Results We averaged the obtained degree and certainty ratings. We only considered feature-animal combinations for
which we had at least 10 responses.
First, we correlated the typicality priors from Experiment
2 with the obtained degree ratings to test our assumption that
people interpret the degree of a relevant feature when hearing
a metaphorical utterance. Pearson’s r=0.93, p<0.001. This

The average degree ratings by typicality condition are
77.13 (sd=12.75), 41.25 (sd=12.51), and 20.88 (sd=15.41)
for the high, average, and low typicality conditions respectively (Figure 2). The low degree rating in the low typicality
condition confirms our hypothesis that metaphors can indeed
be interpreted inversely (e.g. John is not loyal when hearing “John is a fox”) when an atypical referring expression is
uttered.
Another interesting finding is revealed when analyzing the
relationship between typicality and certainty ratings. Typicality of the interpreted trait for the uttered animal is a
significant predictor of interpretation certainty (R2 = 0.29,
F(2,98)=19.68, p<0.001). Certainty is highest for the high
typicality condition (69.86, sd=14.3), followed by low typicality (61.11, sd=16.42); certainty is lowest in the average typicality condition (44.62, sd=11.77). The difference
between means is significant (F(2,98)=19.68, p<0.001 on
one-way ANOVA); all means are significantly different (all
ps<0.05 on post-hoc Tukey tests). This suggests that high
and low typicality are both salient while average typicality is
not, and that more salient animal-feature combinations result
in higher interpretation certainty.
The average typicality for the vague condition is 83.36
(sd=8.84), and the certainty is is quite high, 71.45
(sd=17.29), meaning that when provided with no context,
people interpret the metaphor as a highly typical feature and
are fairly certain of that interpretation.

Model Evaluation
We used the typicality priors collected in Experiment 2 to
compute the predictions of our model and compare them to
human judgements.
We performed a hyperparameter search and fit α=1, P(g)=
0.05, and P(chuman )=0.99.
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found that their certainty was 65.6 (sd=22.5), comparable to
the overall certainty of the highly typical responses (69.86,
sd=14.3). In other words, participants seemed to only give a
mismatched response if they were fairly sure it was correct,
and as a result, we have no mismatched data points with low
certainty, which would have resulted in a higher QUD prior.

Comparison to Kao et al. (2014)

Figure 3: Human certainty ratings vs. model probabilities for
the 120 metaphors. The model achieves a fit of r=0.5.

We correlated the probability ratings of the L1 from the
model with the certainty ratings from Experiment 3 (Figure
3). The certainty ratings represent the participants’ perceived
likelihood that the speaker meant to communicate the interpreted feature to the interpreted degree.6 The Pearson correlation coefficient r was 0.5 (p<0.001), suggesting that such a
model captures important principles at play in metaphor understanding, namely relative salience of degrees within and
between metaphors, while there still being considerable individual variation.
Unexpectedly, model fit is best when the goal prior P(g) is
uniform, seemingly negating the role of conversational context in metaphor interpretation. The reason for that appears to
be our dataset: there are only two data points where the interpreted feature was not the one in the question, both of which
had high certainty, weak-sloth and kind-snake. Namely, “He
is a sloth” in response to “Is John weak?” was interpreted
as the speaker wanting to communicate laziness, the reasoning presumably being as follows: if the speaker had wanted
to communicate weakness, she would have chosen an animal
for whom weakness is salient. However, she chose a sloth,
for whom the most salient feature is laziness, so that must be
what she means.” The other data point is the pair kind-snake
being interpreted as the speaker wanting to communicate slyness. There were more such mismatched responses which
we did not include in our dataset because fewer than 10 participants agreed on them. However, in a post-hoc analysis,
we looked at all the mismatched responses people gave, and
6 Perhaps a more direct way of phrasing the question to get at
likelihood might have been “How likely does it seem to you that
this is what John meant?” as opposed to “how certain”. However,
we think that for our experiment, these two phrasings tap into the
same concept. A more direct phrasing would be more appropriate if
the feature interpreted was a nonhuman feature, e.g. that John has
fins when hearing “John is a shark”. In that case, the listener is not
uncertain that the speaker didn’t mean fins but rather she is certain
that it’s very unlikely.

We also ran Kao et al. (2014)’s model on our data. This required some adjustments. Because in their model, an animal
is defined as a vector of binary 3 most typical features,7 for
each item in our dataset that did not include one of those,
we swapped out the third most typical feature for the one in
question to calculate a prediction. Also, in order to apply their
model to our data, we needed to obtain prior probabilities for
the binary feature vectors. When the value in the feature vector was 0, signifying the absence of a feature, we computed
the probability as 1-typicality of that feature for that animal.
Since we only had typicalities for the individual features,
we needed to combine them in some way. To do that, we compare averaging and taking the minimum and the maximum of
the three individual probabilities; of those, slightly better results are achieved when taking the minimum. We then computed the model predictions as described in Kao et al. (2014)
and compared them to the human certainty ratings, like for
our model. Since in our model, the degree of a feature is realvalued, and in Kao et al. (2014)’s model it is binary, we had to
binarize the predictions: whenever the interpreted degree was
greater than some threshold, the listener inferred 1 (e.g. that
John is loyal), otherwise 0 (i.e. John is disloyal). We tried
out different thresholds. Figure 4 displays Kao et al. (2014)’s
model fit in terms of the binarization threshold and the three
ways of combining individual probabilities. The highest fit is
achieved with the threshold=0.3 and taking the minimum of
the three probabilities. That is quite a low threshold; when it
is raised to e.g. 0.5, the model performs poorly. This suggests
that people are fairly conservative in their inverse interpretations. For instance, if the feature under discussion is meanness, then the animal has to be quite low in meanness (below
0.3 out of 1) for the inverse interpretation not mean to occur.
Anything above that people still tend to interpret positively,
in line with the polarity of the QUD.
The correlation between Kao et al. (2014)’s model’s predictions and participant judgements collected in section was
at most r=0.26 (p=0.01), which is significantly worse than for
our model (t=2.09, p=0.02 on a two-tailed paired correlation
test). While it is true that an average or min of three individual feature priors might not correspond perfectly to their
joint prior, it is unlikely to lead to a dramatic difference in
predictions. Therefore, we conclude that our model is better able to account for the data beyond incorporating degrees,
providing further evidence that relative salience and alterna7 It is hypothetically possible to define animals as vectors of more
than 3 features in this model but that quickly gets computationally
unrealistic. Including all 20 features would involve enumerating 220
vectors for each item.
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Figure 4: Kao et al.’s model fit to our data as a function of the
binarization threshold. Significant correlations are displayed
as points on the line. The best fit of r=0.26 is achieved when
taking the minimum of the individual probabilities and setting
the threshold to 0.3.
tive metaphorical utterances indeed play a role in metaphor
interpretation.
Table 2:
model
our model
Kao et al.

Model comparison
fit (Pearson’s r)
0.5
0.26

Discussion
We proposed an RSA-based model of metaphor comprehension which builds on Kao et al. (2014)’s model but takes a
gradient approach. We hypothesized that when hearing a
metaphor, the listener interprets it as a degree of a relevant
feature. We also assumed that salience affects metaphor interpretation, and that both high and low typicality are salient
while average typicality is not. Both assumptions were supported by the experimental results.
While our model captures several important facets of the
process at hand, achieving a fairly good fit (r=0.5), there
is a lot of unexplained variance. We saw that there are 3
data points in particular (Figure 3) where the model assigns
a much higher probability to the metaphor-feature pairs than
our participants. Those are “sly mule” in the specific low
condition, to which participants assign a near-zero probability, “loud parrot” in the vague condition, and “lazy cat” in
the specific high condition. When those three data points are
excluded, model fit increases to r=0.59 (p < 0.001). The average typicality of slyness for a mule is 27.6 so the model
presumes it to be salient and therefore assigns it high probability; participants, however, give it a low rating. It seems
likely that one of the reasons for that is that there’s a very

salient association of mules and stubbornness (“stubborn as a
mule” is a conventionalized phrase), so participants might assume that the speaker is unlikely to use the mule for anything
else. Interestingly, the mean typicality rating for stubbornness
of a mule is not as high as we might expect (73.37), so the
model which does not know anything about this pre-existing
association strength treats the pairings “stubborn mule” and
“sly mule” as approximately equally probable since they are
equally far from the mean. This points, for one, to the importance of distinguishing between novel and conventionalized
metaphors in modeling, which could be explored in future
work. This also suggests that there might be an asymmetry
in salience of two the ends of the typicality scale: perhaps
only more extreme low typicality values are salient. This is
supported by our experimental results (Figure 2).
A factor which presumably plays a large role is individual
variability. We took averages when computing the typicality
priors, and the span for some responses is quite large. For example, individual ratings for the dog-kind combination range
from 37 to 100. We all have slightly different associations
with animals, which can also vary depending on the context.
One could give a rating of 37 for kindness to a guard dog and
one of 100 to a puppy, for instance. A sentence-level model
will not be able to capture these context effects. Additionally, the way metaphors are used and interpreted is influenced
by the cultural context: for example, lucky might be a salient
property of a cat in the context of Japanese culture, but arguably not in the context of European culture.
There are other questions we hope to explore in future
work. First, our model assumes that the speaker is only trying to communicate the degree of one feature but it is possible that the speaker’s intention and part of the reason for
choosing to use a metaphor in the first place is to talk about
multiple features (Kao et al., 2014). Second, currently we
only consider metaphorical utterances but there is, naturally,
always the possibility of saying the literal version of the message. For instance, instead of using a low-salience combination like “John is a giraffe” to say that John is averagely kind,
the speaker could say “John is pretty kind”.
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Abstract
The contingency symmetry inference, the inference to
generalize a learned contingency to a reverse direction, is
known to be extremely difficult for non-human animal species
(Lionello-DeNolf, 2009). In contrast, humans are known to
have the “affirming the consequent fallacy”, which reverses the
antecedent and the consequence (if P then Q: Q therefore P).
The contingency symmetry bias has been long discussed in
relation to the ontogenesis of language learning, as word
learning requires understanding of bidirectional relationship
between symbols and objects. But how this bias emerges has
not been known. This research tested whether 8-month-old
human infants have this bias on a matching-to-sample task. The
results demonstrated the possession of this bias in human
infants before they start active word learning. This bias is likely
a uniquely human cognitive bias, which may explain why only
humans have language.
Keywords: thinking bias; language learning; word learning;
ontogenesis of language; animal cognition; heuristic thinking

Introduction
Language is founded on the symmetrical relationship
between symbols and referents, and understanding this bidirectional relationship is critical for word learning. Suppose
that a mother picked up an apple and said to her boy, “Look,
this is an apple; it is called ‘apple’.” If the boy seemed to
remember the sound [ǽpl] and can say the word at that time,
the mother naturally expects that at a different time, her son
will be able to pick out the red, round object called “apple”
when she asks him to get her an apple from a bowl containing

various kinds of fruit. When he hands the apple to her, the
mother would not think that her boy made an inference, a
kind that most non-human animals cannot make to respond
to her request.
A plethora of previous studies have shown that the
inference human children make so naturally is not at all
naturally made by non-human animals (D'amato et al., 1985).
In one study, chimpanzees were trained to match a symbol
when given a color. They had learned to select the proper
symbol for each color, as trained. During the test, the order
of the contingency was switched: the symbol was presented
first and the chimpanzees were to choose the color they had
learned to match (Tomonaga et al., 1991; Yamamoto &
Asano, 1995). Surprisingly, as soon as the directionality of
the contingency was reversed, the chimpanzees began
responding randomly (also see Dugdale & Lowe, 2000). This
inability/unwillingness to generalize the learned/known
contingency in the reverse direction is in fact shared by
almost all non-human animal species, including pigeons,
monkeys, baboons (see Lionello-DeNolf, 2009; Vӧlter &
Call, 2017 and Yamazaki, Ogawa & Iriki, 2008, for review).
Some researchers have trained animals on the contingencies
in both directions (symbol→object and object→symbol)
extensively and tested whether the animals would be able to
generalize the learned contingency in the reverse direction for
a new stimulus set (e.g., Kojima, 1984). Even with this bidirectional training, these animals did not spontaneously
accept the reversed contingency with a new stimulus set
(Horne & Lowe, 1996).
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In contrast to the robust unwillingness to reverse the
learned contingency in non-human animal species, humans
are known to have the “affirming the consequent fallacy”
(e.g., Damer, 2001; Hastie & Dawes, 2001), which reverses
the antecedent and the consequence (if P then Q: Q therefore
P). This is often observed in various types of reasoning in
everyday contexts, especially in the fallacy of confusing a
necessary condition with a sufficient one (Hastie & Dawes,
2001).
The repeated failure to demonstrate the presence of the
contingency symmetry bias in non-human animals on one
hand and the strong bias to accept the reversed contingency
in humans on the other hand, the origin of this bias (the
contingency symmetry bias hereafter) is very important for
understanding the origin of language. One possible scenario
for why humans possess the contingency symmetry bias is
because they continuously experience the reversal of
contingency relations in language learning, whereby they
must map from a symbol to a referent and from a referent to
a symbol simultaneously (Tomonaga et al., 1991; cf.
Oaksford, 2008). To examine this hypothesis, Dugdale and
Lowe (2000) tested three chimpanzees who had received
language training for over 10 years. The chimpanzees were
trained to learn associations between colors and symbols in
one direction (color→symbol); they were then tested whether
they would generalize the contingency in the other direction
(symbol→color). It turned out that these chimpanzees did not
generalize the learned contingency to the reversed direction.
The literature thus suggests that non-human animals,
regardless of whether they have had experience in extensive
language training, are not likely to generalize learned
contingencies in the reversed order, which further suggests
that mere experience of bi-directional association between
symbols and objects does not lead to the emergence of the
contingency symmetry bias.
The literature suggests that the contingency symmetry bias
is deeply rooted in human thinking, from heuristic causal
attributions in everyday situations to hypothesis construction
and evaluation by scientists (Oaksford, 2008). In contrast to
the strong inclination to make abductive inferences in
humans, it is not commonly observed in non-human animals.
In a field study, Cheney and Seyfarth (1990, reviewed in
Vӧlter & Call, 2017) presented wild vervet monkeys with
snake tracks on the ground to test whether these animals
would detect danger of pythons being nearby from the tracks.
Although the monkeys understood that the tracks were made
by their predators, they did not make alarm calls, which
indicates that vervet monkeys are not likely to make the
backward (causal) inference when witnessing a python trail.
A body of research across different animal species has
suggested that the ability to make such backward reasoning
is at best limited in non-human animals (see Vӧlter & Call,
2017 for an extensive review; particularly see Table 3 for a
summary of the literature). Thus, researchers in comparative
psychology have long considered the possibility that the
contingency symmetry bias may be what critically divides the
mode of thinking between humans and non-human animal

species. Given that this bias is necessary for learning of word
meanings (Dugdale & Lowe, 2000; Horne & Lowe, 1996;
Tomonaga et al., 1991; Yamamoto & Asano, 1995), a critical
question for the ontogenesis of language, is whether this bias
present in human infants prior to word learning, or it is
acquired through the experience of word learning.
A recently published cross-species study (Imai et al., 2021)
addressed this question by comparing 8-month-old human
infants, who are still mostly engaged in learning the
phonological properties (Stager & Werker, 1997), and adult
chimpanzees. In this study, the habituation switch paradigm,
a widely used method for testing infants’ learning of wordreferent associations, was used for both species. Both human
infants and chimpanzees were trained on two temporal
contingencies that did not involve words. Human infants and
chimpanzees were familiarized with two pairs of objectmovement sequences, in which each object was always
followed by one of the two movements. In the critical test
(i.e., the symmetry test), the temporal order of the
contingency was reversed. In half of the test trials, the
pairings between the object and the movement/sound were
retained; in the other half, the pairings were switched. If the
participants possess the contingency symmetry bias, even if
the event started from the consequence of the trained
contingency (i.e., starting from the movement), they should
expect that the pairing between the object and the movement
they had witnessed during the familiarization would be
retained.
The results provided evidence for the possession of the
contingency symmetry bias in pre-linguistic (semantic)
human infants, but not in chimpanzees: The 8-month-old
infants looked at the target object longer when the learned
contingency was switched, even when the temporal order of
the contingency was reversed; In contrast, although
chimpanzees showed evidence to have learned the objectmovement association during the training phase, at the
symmetry test, they did not show discrimination between the
familiarized and novel pairings. Based on these results, Imai
et al. (2021) suggested that this cognitive bias may be one of
the key reasons why only humans have language.
However, Imai et al. (2021) examined the contingency
symmetry bias with a temporal contingency, asking whether
participants would generalize the learned contingency to a
reversed temporal order. This type of the symmetry bias is
relevant to backward reasoning, which plays a critical role in
causal reasoning (A usually happens after B. B is observed.
Hence it is likely that A had happened). However, word
learning is founded on a bidirectional association between a
symbol and an object. In fact, in the literature of animal
cognition, the contingency symmetry bias has been most
commonly tested using the matching-to-sample (MTS)
paradigm. For example, chimpanzees are shown a set of color
blocks and trained to match each block to the corresponding
symbol (e.g., a green block→〇 and a yellow block→△). At
the symmetry test, 〇 is shown with an array of different
color blocks to see if the chimpanzees would choose the
green block from an array.
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Thus, to establish that the symmetry contingency bias is a
prerequisite of language learning and it is available before
human infants begin active learning of word meanings, it is
important to examine the presence of this bias in prelinguistic
human infants on the MTS paradigm. In this research, we
tested whether 8–10-month-old human infants possess the
contingency symmetry bias using a method which assimilates
the MTS paradigm testing non-human animals in
comparative psychology.
Infants were trained to associate two pairs of objects (A1
→B1 and A2→B2), with a reward of movement and sound
emission of the paired object (Figure 1). Object A1 fell from
the top-center of the monitor and disappeared behind the
screen. Two objects, B1 and B2, were visible throughout the
trial. When A1 went behind the screen and became invisible,
one object (B1) moves with a sound, which served as a
reward. At the symmetry test, the order of the contingency
was reversed such that B1 fell and hid behind the screen. If
the infants possess the contingency symmetry bias, they
should look at the target object (the one that was paired at the
familiarization phase), but not at the distractor object, prior
to and/or at the timing when B1 (or B2) went behind the
screen and A1 (or A2) began to move with the sound during
the familiarization phase.

the data was 120 Hz. The monitor was evenly divided to 6
ROIs: upper left, upper center, upper left, bottom left, bottom
center, bottom right. The target object (see below) was
located either at the bottom left or bottom right ROI (Figure
2 for the size of the monitor and each ROI).
Stimuli and design
Familiarization phase. Infants were familiarized with two
pairs of associations (A1→B1 and A2→B2) (Figure 3). For
example, Object A1 went down with a sound (Object falling
segment, 6.5 sec) and hid behind the screen. Object B1
(target) and Object B2 (distractor) were located at the bottom
and visible throughout the trail. The sound accompanying the
sample object (e.g., Object A1) lasted for another 2 seconds
after it hid behind the screen to indicate that the object was
still there behind the screen (the falling object hidden
segment). Object B1 then started to move with a novel sound
for 3.5 seconds, while Object B2 stayed still (the reward
segment). In a different trial, Object A2 fell down and hid
behind the screen, and Object B2 moved with a sound. The
sound was the same for B1 and B2 so that it would not be a
cue.

Figure 2: The size of each ROI. The target object was
shown in the striped regions.
Figure 1: The structure of the temporal contingencies in
Imai et al. (2021).

Experiment
Method
Participants
Thirty-one 8-month-old infants (mean age = 8 months 29
days, range = 8 months 1 day-9 month 27 days, STD=0.74
MO, 17 boys) participated in the study. An additional 11
infants were excluded from data analysis due to fussiness,
failure to habituate, or mechanical error. All caretakers of
infants gave written informed consent before participating in
the study. This study was approved by the Ethics Committee
of Tamagawa University.
Data recording
The infants’ looking behavior was recorded during the
familiarization phase and the test phase using a Tobii TX300
eye-tracker (Tobii Technology AB, Tokyo, Tobii Japan). The
size of the monitor was 1280 x 960 pixels. Sampling rate of

During the familiarization phase, each block consisted of 4
trials of the same falling object. The location of the target
object was counterbalanced: it appeared twice at the left and
twice at the right in a random order. To proceed to the test
phase, within a block of four trials (see above) with the given
falling object (e.g., A1), the infant needed to look at the target
object (B1) at the first look before the reward started for 200
milli seconds or longer. When s/he passed this criterion for
both A1 and A2, the familiarization phase was ended by the
program and the first test (the same-direction association test)
began.
The same-direction association test. The test phase consisted
of two parts. In the first part, the establishment of the two
associations was checked in the same direction as in the
familiarization phase (A→B), but no reward (the movement
and sound emission of the target object) was given here.
Infants’ looking to the target object was measured through
the trial. When the infant passed the same direction test (see
below), s/he moved to the second test phase—the symmetry
test. As in the familiarization phase, each block consisted of
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4 trials with the same falling object. The two blocks (one with
A1 and the other with A2) were alternated with the order
counterbalanced.
To proceed to the symmetry test phase, the infant needed to
clear the same two criteria for passing the familiarization
phase on the same-direction association test. Remember that
this test was identical to the familiarization phase with an
exception that the target object (B1 or B2) did not move or
emit sound. This means that the infants had to show evidence
for having learned the associations for both event types (A1
→B1 and A2→B2), with and without the reward.
Symmetry test. At the symmetry test, Object B1 (or B2) was
shown at the top and Objects A1 and A2 were placed at the
bottom of the monitor. Object B1 (or B2) fell down and hid
behind the screen. The target object (the one which was
paired during the learning phase) did not move. If the infants
possess the contingency symmetry bias, they would look at
the target object in anticipation to see the reward before or at
the timing the reward started during the familiarization phase.
The symmetry test included only 4 trials: two trials with B1
(with the target (A1) appearing at the right and left position
each) and two trials with B2.

Results
Heatmap
To grasp where on the monitor the infants were attending
through the time course of the experiment, the looking data
from 31 infants during the symmetry test were aggregated
and segmented into bins of 50 milliseconds. A heatmap was
created by plotting the location of each infant’s eye gaze in
each bin. Although the actual locations of the target and the
distractor were counterbalanced across trials, the looking of
the target/distractor were transformed so that we can see
whether infants were looking at the target or the distractor at
a given moment. Figure 4 shows that infants were mostly
following the falling object (B1/B2) while it was visible.
When it became invisible behind the screen (6500 msec from
the onset), infants’ attention was divided between the target
and the distractor. On a closer look, however, infants’ gaze to
the target gradually increased and peaked around 8500 ms
from the onset, where the target started to move in the
familiarization phase.

Figure 4: A heatmap showing the concentration of the
gaze through the trial.

Figure 3: The stimuli and protocol for (a) familiarization
(with a reward in segment 3) and (b) symmetry test (no
reward in segment 3).
Procedure
The infants were tested on their caretaker’s lap. The
caretakers wore headphones to block sound and closed their
eyes. Throughout the experiment, the pre-determined
program controlled whether the current phase of the
experiment was to be continued or to be ended to proceed to
the next phase. However, when the infant became fussy, the
experiment was interrupted manually, and an attention getter
was provided. If the infant’s attention could not be recovered
by the attention getter, the experiment was terminated by the
experimenter.

Mean looking time in the 1000 window around the reward
onset in the familiarization phase
To confirm the above observation from the heatmap holds
statistically, the average looking times to the target and the
distractor in the 1000 ms. window around the reward onset
(8000-9000 ms. from the onset of the symmetry test trial)
were calculated for each infant and submitted to a t-test
(Figure 5). The results showed that infants indeed looked at
the target (M = 488.71 ms., SE = 71.08) longer than the
distractor (M = 254.84 ms., SE = 55.91), t (30) = 2.13, p =
0.041, effect size r = 0.362, Cohen’s d = 0.660. These results
confirmed the presence of the contingency symmetry bias in
human infants before they start active word learning. The
pattern of infants’ eye gaze also suggest that they can
precisely predict the timing of the reward and which object
would produces it.
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Figure 5: Average looking times at the target and the
distractor in the window in which the reward was expected
(8000-9000 ms. from the onset of the symmetry test trial).

Discussion
In the animal cognition literature, it has long been accepted
that non-human animals are extremely resistant to generalize
a learned contingency to the reversed direction (e.g., Dugdale
& Lowe, 2000; Lionello-DeNolf, 2009; Sidman et al., 1982;
Tomonaga et al., 1991; Völter & Call, 2017; Yamamoto &
Asano, 1995; Yamazaki et al., 2008). In contrast, this bias is
very common and ubiquitous in human thinking and
reasoning (Kahneman et al., 1982; Hastie & Dawes, 2001;
Kahneman & Egan, 2011; Oaksford, 2008).
The origin of this bias is profoundly relevant to the origin
of language acquisition (e.g., Dugdale & Lowe, 2000; Horne
& Lowe, 1996; Oaksford, 2008; Tomonaga et al., 1991;
Yamamoto & Asano, 1995). Recently, Imai and colleagues
(2021) addressed whether the bias emerges through repeated
word learning experiences or whether it is present in children
before they begin active word learning. Imai et al. provided
evidence that infants who are still at the pre-semantic stage
of language learning possess this bias (Stager & Werker,
1997). However, while Imai et al. tested the contingency
symmetry bias in a temporal sequence, the matching-tosample (MTS) paradigm is more directly relevant to word
leaning.
This research examined whether the same aged infants
would show the contingency symmetry bias on a MTS task,
which has been used by researchers of animal cognition who
investigated whether non-human animal species can learn
meanings of words beyond mere object → symbol
associations in one direction. The results showed the
possession of the contingency symmetry bias in 8-mont-old
infants on the MTS task, the task in which many years of
research in animal cognition repeatedly failed to demonstrate
the bias in non-human species.
The contingency symmetry inference itself is a
rudimentary form of abductive inference (Völter & Call,
2017), as infants need to generalize the association between
an object and a symbol they learned in one direction to the

other direction. However, the role of this bias is not limited
to establishing bidirectional relations between a word form
(sound or sign) and an object. Sidman and colleagues
(Sidman & Tilby, 1982; Sidman et al., 1982) proposed that
the contingency symmetry bias can be developed into more
advanced forms of inference, when it is combined with other
types of inference such as transitivity inference, thereby
further relations can be learned without direct training.
Suppose two contingency relations, “If A, then B” (AB) and
“If B, then C” (BC), are taught to a child. By making the
transitivity inference, the child spontaneously forms a new
relation: “If A, then C”. If the symmetry inference is available,
the child can additionally learn three relations: B→A and
C→B, and C→A. In the end, children can learn 6 relations
when only two relations are taught. This type of learning may
underlie the rapid and efficient word learning in human
children.
Indeed, researchers have noted that the ability to form
stimulus equivalence is a prerequisite for understanding the
symbolic nature of words and making inferences about word
meanings (Oaksford, 2008; Wilkinson & McIlvane, 2001;
Yamazaki et al., 2008). Given that the contingency symmetry
bias is necessary for the formation of stimulus equivalence,
the lack of this bias in non-human animals may be one of the
key reasons why only humans have language. The
contingency symmetry bias thus should be added to the list
of key abilities (or biases) for word meaning acquisition.

Acknowledgments
This study was supported by MEXT/JSPS KAKENHI Grant
Numbers 20H00014, 16H01928, 18H05084 to Mutsumi Imai.
We would like to thank Mayumi Saito, Yuka Yamazaki,
Kaoru Takata and Michiko Miyazaki for their help with data
collection. We would also like to thank all caregivers and
infants who participated in this study.

References
D'amato, M., Salmon, D. P., Loukas, E., & Tomie, A. (1985).
Symmetry and transitivity of conditional relations in
monkeys (Cebus apella) and pigeons (Columba livia).
Journal of the Experimental Analysis of Behavior, 44, 3547.
Damer, T. E. (2001). Attacking faulty reasoning (4th Eds.).
Belmont: Wadsworth/Thomson Learning.
Dugdale, N., & Lowe, C.F. (2000). Testing for symmetry in
the conditional discriminations of language-trained
chimpanzees. Journal of the Experimental Analysis of
Behavior, 73, 5-22.
Hastie, R., & Dawes, R. (2001). Rational decision in an
uncertainty world: The psychology of judgment and
decision making. London: Sage Publications.
Horne, P. J., & Lowe, C. F. (1996). On the origins of naming
and other symbolic behavior. Journal of the Experimental
Analysis of Behavior, 65, 185-241.
Imai, M., Murai, C., Miyazaki, M., Okada, H., & Tomonaga,
M. (2021). The contingency symmetry bias (affirming the
consequent fallacy) as a prerequisite for word learning: A

3165

comparative study of pre-linguistic human infants and
chimpanzees. Cognition, 214, 104755.
Kahneman, D., & Egan, P. (2011). Thinking, fast and slow.
New York: Farrar, Straus and Giroux.
Kahneman, D., Slovic, P., & Tversky, A. (1982). Judgment
under uncertainty: Heuristics and biases. Cambridge:
Cambridge University Press.
Kojima, T. (1984). Generalization between productive use
and receptive discrimination of names in an artificial visual
language by a chimpanzee. International Journal of
Primatology, 5, 161–182.
Lionello-DeNolf, K. M. (2009). The search for symmetry: 25
years in review. Learning & Behavior, 37, 188-203.
Oaksford, M. (2008). Stimulus Equivalence and the Origins
of Reasoning, Language, and Working Memory. Bulletin
of the Japanese Cognitive Science Society, 15, 392-407.
Sidman, M., & Tailby, W. (1982). Conditional discrimination
vs. matching to sample: An expansion of the testing
paradigm. Journal of the Experimental Analysis of
Behavior, 37, 5-22.
Sidman, M., Rauzin, R., Lazar, R., Cunningham, S., Tailby,
W., & Carrigan, P. (1982). A search for symmetry in the
conditional discriminations of rhesus monkeys, baboons,
and children. Journal of the Experimental Analysis of
Behavior, 37, 23-44.
Stager, C. L., & Werker, J. F. (1997). Infants listen for more
phonetic detail in speech perception than in word-learning
tasks. Nature, 388, 381-382.
Thagard, P. (2007). Abductive inference: From philosophical
analysis to neural mechanisms. In A. Feeney, & E. Heit
(Eds.). Inductive reasoning: Experimental, developmental,
and computational approaches (pp 226-247). New York:
Cambridge University Press.
Tomonaga, M., Matsuzawa, T., Fujita, K., & Yamamoto, J.
H. (1991). Emergence of symmetry in a visual conditional
discrimination by chimpanzees (Pan troglodytes). The
Psychological Reports, 68, 51-60.
Völter, C. J., & Call, J. (2017). Causal and inferential
reasoning in animals. In J. Call, G. M. Burghardt, I. M.
Pepperberg, C. T. Snowdon, & T. Zentall (Eds.), APA
handbooks in psychology®. APA handbook of
comparative psychology: Perception, learning, and
cognition. American Psychological Association.
Wilkinson, K. M., & McIlvane, W. J. (2001). Methods for
studying symbolic behavior and category formation:
Contributions of stimulus equivalence research.
Developmental Review, 21, 355-374.
Yamamoto, J., & Asano, T. (1995). Stimulus Equivalence in
a Chimpanzee (Pan troglodytes). The Psychological
Record, 45, 3-21.
Yamazaki, Y., Ogawa, A., & Iriki, A. (2008). Towards an
Understanding of Biological Factors in Symmetry
(Origanal text in Japanese “Taishosei ni kakawaru
seibutugakuteki youin no kaimei ni mukete”). Cognitive
Studies: Bulletin of the Japanese Cognitive Science Society,
15, 366-377.

3166

Making Predictions Without Data: How an Instance-Based Learning Model
Predicts Sequential Decisions in the Balloon Analog Risk Task
Erin H. Bugbee (ebugbee@cmu.edu)
Department of Social and Decision Sciences, Carnegie Mellon University
Pittsburgh, PA 15213 USA

Cleotilde Gonzalez (coty@cmu.edu)
Department of Social and Decision Sciences, Carnegie Mellon University
Pittsburgh, PA 15213 USA
Abstract
Many models in Cognitive Science require data to calibrate
parameters. Some modelers calibrate their models’ parameters
for each individual in a data set, and others work at the aggregate level. Generally, the accuracy of a model is judged by
the degree to which human data are replicated, and the model
parameters are interpreted accordingly. It is not too surprising that models that are developed for a particular task and fit
to each individual’s data in such a task replicate the human
data well. The question is, however, whether those models
can make predictions in the absence of human data. In this
paper, we present a theory-driven model of a well-known sequential decision task (the Balloon Analog Risk Task, BART)
which is able to make predictions in the absence of human
data. The cognitive model is grounded on the processes and
mechanisms of Instance-Based Learning (IBL) Theory of experiential choice. We demonstrate the simulation predictions
from an IBL model and those of a well-known model of the
BART, which depends on the fits to human data. We further show that when making predictions without data, the IBL
model provides predictions that are both theoretically founded
and accurate, while the Two-Parameter model performs much
worse than when fit to data. We conclude with a discussion of
the benefits of making theory-based predictions in the absence
of human data for our community.
Keywords: sequential decision making, instance-based learning, balloon analog risk task

Introduction
With the exponential increase in data sources, the availability of large volumes of data, and the possibility to collect
data on the Web from a large number of individuals, statistical models have increased their potential to make accurate predictions of human choices. From movie recommendations to self-driving cars, models have become part of our
daily decisions; with more data, models can make more accurate predictions of our preferences and choices. In particular,
computational cognitive science has taken advantage of the
availability of larger amounts of behavioral data to advance
the “explanation” of cognitive processes involved in various
types of tasks, notably decision making using Bayesian approaches (Griffiths, 2015).
However, beyond fitting models, computational cognitive
science has been largely interested in a deeper theoretical understanding of human learning processes and the predictions
made from the learning histories of populations or particular individuals. Some approaches are based on probability
theory and their statistical analyses have been used for many
decades to study many aspects of human cognition, including

language and memory (Chater, Oaksford, et al., 2008) and
decision making (Lee, 2006; Guan, Lee, & Vandekerckhove,
2015; Thomas, Coon, Westfall, & Lee, 2021). Although most
of these models require large human data sets, they can also
provide significant insights into human mental decision processes and inform the development of more powerful computational tools. However, it is unclear whether statistical
models and Bayesian cognitive models of decision making in
particular, have predictive and explanatory power (Hofman et
al., 2021; Shmueli, 2010).
For the advancement of cognitive science, it is generally
important not simply to make accurate predictions, but also
to provide an explanation and understanding of how and why
people behave the way they do. The development of computational cognitive models based on cognitive theories is expected to provide prediction power without a strong dependence on data (Hofman et al., 2021). A cognitive theory is
a general postulation of mechanisms and processes that are
globally applicable to families of tasks and types of activity
rather than being dependent on a particular task; while cognitive models are very specific representations of parts or all
aspects of a cognitive theory that apply to a particular task
or activity (Gonzalez, 2017). Cognitive models of sequential
decisions can be used to simulate the interaction of theoretical cognitive processes with a particular task environment.
These models can make predictions of how human choices
are made in such tasks that can be compared to data collected
from human participants in the same tasks, without fitting to
human data (Roberts & Pashler, 2000, 2002). Thus, an advantage of theoretically driven cognitive models is that no data is
required to fit the models.
Using a theory-driven approach to build computational
models is especially necessary in sequential decision making
tasks, such as the Optimal Stopping and the Balloon Analog
(Analogue) Risk Task (BART) (Lejuez et al., 2002), because
in these tasks, each decision is contingent on the specific sequence of past decisions (Guan, Stokes, Vandekerckhove, &
Lee, 2020; Thomas et al., 2021). Researchers of sequential
decision making tasks have developed particular models that
are applicable only to a particular sequential decision task
(Guan et al., 2020; Guan, 2019). The combinatorial complexity of particular sequences of decisions would make these
data-driven approaches difficult to predict the performance
“out of sample” in novel data sets involving new individu-
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als and problems. Meanwhile, theory-driven models are expected to have predictive and explanatory power (Shmueli,
2010), with the ability to make a priori predictions and generalize in situations (Busemeyer & Wang, 2000).
Instance-Based Learning Theory (IBLT) is a general cognitive theory of experience-based decisions that emerged
from the need to explain the sequential decision process of
dynamic decision making, where interdependent decisions
are made in a sequence and over time (Gonzalez, Lerch,
& Lebiere, 2003). IBLT provides a single general algorithm and mathematical formulations of memory retrieval
that rely on the ACT-R cognitive architecture (Anderson &
Lebiere, 2014). An IBL model uses IBLT in a particular
task, where the memory “instances” represent the state, action, and utilities in the context of the task being modeled.
Many models based on IBLT have been developed in a wide
diversity of contexts and domains, from highly specialized
and complex tasks such as cyber defense (Aggarwal et al.,
2020; E. A. Cranford et al., 2020) and anti-phishing detection (E. Cranford, Lebiere, Rajivan, Aggarwal, & Gonzalez, 2019); where tasks need multidimensional representations and real-time interactivity (Nguyen, Phan, & Gonzalez, 2021); to simple and abstract binary choice dynamics
(Gonzalez & Dutt, 2011; Lejarraga, Dutt, & Gonzalez, 2012;
Konstantinidis, Harman, & Gonzalez, 2020). Importantly, all
IBL models use the process and mechanisms of IBLT.
In this paper, we present an IBL model that makes
theoretically-based predictions in a sequential decision task
(BART) in the absence of data. We compare the IBL predictions to human data and to the predictions of the TwoParameter model, which was built for the BART task and fits
its parameters to each individual in the same human data set
by using Bayesian inference. The Two-Parameter model data
fits are an excellent representation of the data; and the IBL
model captures the behavioral variability in the data set by
making predictions in the absence of data. We then compare
the models for their predictive power by running both models
with standard parameter distributions, not fit to human data.
The results show that the Two-Parameter model cannot generalize as well as the theory-driven, IBL model.

Balloon Analog Risk Task
The Balloon Analog Risk Task (BART) is a well-known task
used to measure human risk-taking behavior. The task was
introduced by Lejuez et al. (2002) to measure risk-taking and
compare with other measures of risky behavior. Since its development, BART has been used to study risky decision making in many domains and contexts, such as adolescent decision making (Lejuez, Aklin, Zvolensky, & Pedulla, 2003;
Aklin, Lejuez, Zvolensky, Kahler, & Gwadz, 2005), decision making of smokers versus non-smokers (Lejuez, Aklin, Jones, et al., 2003), impulsivity (Reynolds, Ortengren,
Richards, & de Wit, 2006), and decision making under stress
(Lighthall et al., 2011), to name a few.
BART is a sequential decision making task in which a deci-

sion maker inflates a balloon, and the level of inflation corresponds to a monetary value. At each time point, the decision
maker decides whether to pump the balloon and increase its
value or bank the current monetary amount. However, with
each pump of the balloon, there is a probability that the balloon bursts and the decision maker receives a reward of 0.
This leads to the need to balance exploration through pumping with exploitation through banking, with the goal of maximizing total reward. Each balloon has a predefined probability of bursting, although participants are not informed
about this probability (Guan et al., 2020). Because BART
is a sequential risk-taking task, the riskiness of the decision
increases with each pump decision, and the number of pumps
an individual makes represents the level of risk the participant is willing to take. A risk-seeking individual would likely
pump the balloon more times than a risk-averse individual.
To analyze and predict risk propensities in BART, many
researchers have proposed computational models that represent risky behaviors. The Two-Parameter BART model is perhaps the most well-known model of the BART task and has
been used successfully in a large number of research studies
(Pleskac, Wallsten, Wang, & Lejuez, 2008; van Ravenzwaaij,
Dutilh, & Wagenmakers, 2011; Guan et al., 2020).

Two-Parameter BART Model
In essence, the model depends on an individual propensity
to take risks (γik ) and the belief in the probability of bursting of the balloon (pk ), for the individual i and the condition
k. The pk is often assumed to be the true probability of a
balloon burst. The pk and γik determine the target number
of pumps to make (ωik ). This model assumes that participants have a unique target number of pumps and that they
apply the same target number of pumps to all problems. That
is, the model assumes no learning1 ; instead, the model assumes that the probability of pumping in a particular trial of a
problem depends directly on ωik and an additional parameter
representing the behavioral consistency of the individual (βik )
which is determined by a logistic function. These parameters
are inferred using Bayesian inference. The model’s equations
have been presented and explained in many past studies (e.g.
Thomas et al. (2021)), which we repeat here for completeness:
The Two-Parameter model assumes that each participant
has a target number of pumps, denoted ωik for the participant
i and the condition k. The target number of pumps is calculated according to Equation 1, where γ+
ik is participant i’s
propensity for risk-taking in condition k and γ+
ik ≥ 0.
ωik =

−γ+
ik
ln(1 − pk )

(1)

The target number of pumps and a behavioral consistency
1 Recently, Zhou, Myung, and Pitt (2021) introduced the Scaled
Target Learning (STL) model as a learning model for BART. The
STL model describes learning as the adjustment of the number of
pumps in response to previous outcomes, the adjustments reflecting
the sensitivity to wins and losses.
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parameter βik determine the probability that the participant i
in problem j in condition k will pump the balloon in the trial t,
which is indicated by θi jkt and calculated according to Equation 2. Higher values of β correspond to greater consistency
in decision making and βik ≥ 0.
θi jkt =

1
1 + exp(βik (t − ωik ))

(2)

The Two-Parameter model makes a number of assumptions
regarding information and decision elements for human participants in BART studies. As explained above, the true burst
probability is assumed in the calculation of a target number
of pumps. This target number is assumed to be determined
by each individual and applied to every problem; some function of behavioral consistency is assumed; and importantly,
it is assumed that there is no learning, such that the number
of pumps is never adjusted as a result of experience. Actually, learning by human participants is often prevented in the
design of the human studies used to demonstrate the TwoParameter BART model. For example, the data set obtained
from Guan et al. (2020) and used in Thomas et al. (2021) was
obtained in a study in which individuals face problems with
different actual bursting trials in every problem, and where
problems are presented in random order across participants.
This is essentially done because the Two-Parameter BART
model is not a learning model, and it would be unable to capture patterns of learning over time.
We argue that at least some of these assumptions are behaviorally unreasonable. Participants in the BART task are
not told the probability of the balloon bursting (Guan et al.,
2020; Thomas et al., 2021), there is no evidence that they
have a number of pumps in mind, but there is evidence indicating that the number of pumps is different in different
problems (Guan et al., 2020). Learning across problems is
prevented by experimental design (Guan et al., 2020). The
actual bursting time is pre-determined based on the probability, it is set to be different in each problem, and problems are
randomized. However, it seems unreasonable to assume that
participants would not learn from their experience and adjust
the number of pumps.
In addition, the Two-Parameter BART model needs human
data to establish individual-level parameters that represent
each individual’s risk propensity. Although researchers have
used the calibrated BART model to make inferences “out of
sample” (e.g., Thomas et al. (2021)), the model depends on
human data to determine the parameter values.
We offer a cognitive model for the BART task that makes
none of these assumptions. The model makes predictions
based on the theoretical principles of Instance-Based Learning Theory (IBLT) (Gonzalez et al., 2003), and in the absence
of human data.

Phan, and Gonzalez (2021)); we repeat the theory here for
completeness.
In IBLT, an “instance” is a memory unit that results from
the potential alternatives evaluated. These memory representations consist of three elements that are constructed over
time: a situation state s which is composed of a set of features
f ; a decision or action a taken corresponding to an alternative
in state s; and an expected utility or experienced outcome x
of the action taken in a state. Concretely, for an IBL agent, an
option k = (s, a) is defined by action a in state s. At time t, assume that there are nkt different considered instances (ki , xiki t )
for i = 1, ..., nkt , associated with k. Each instance i in memory
has an Activation value, which represents how readily available this information is in memory and is expressed as follows (Anderson & Lebiere, 2014):
!
Λiki t = ln

∑ (t − t ′ )−d

t ′ ∈Tiki t

+ α ∑ Sim j ( f jk , f jki ) + σ ln
j

(3)
where d, α, and σ are the decay, mismatch penalty, and noise
parameters, respectively, and Tiki t ⊂ {0, ...,t − 1} is the set of
previous timestamps in which the instance i was observed,
f jk is the j-th attribute of the state s, and Sim j is a similarity
function associated with the j-th attribute. The second term
is a partial matching process that reflects the similarity between the current state s and the state of the option ki . The
rightmost term represents noise to capture individual variation in activation, and ξiki t is a random number drawn from
a uniform distribution U(0, 1) at each timestep and for each
instance and option.
Activation of an instance i is used to determine the probability of retrieval of an instance from memory. The probability of an instance i is defined by a soft-max function:
Piki t =

eΛiki t /τ
n

kt
e
∑ j=1

IBLT’s process and mechanisms have been published in many
past publications (see a recent publication from Nguyen,

Λ jk j t /τ

(4)

where τ is the Boltzmann constant (i.e., the “temperature”) in
the Boltzmann distribution. For simplicity, τ is defined
√ as a
function of the σ used in the activation equation τ = σ 2.
The expected utility of option k is calculated based on
Blending as specified in choice tasks (Lejarraga et al., 2012;
Gonzalez & Dutt, 2011):
nkt

Vkt = ∑ Piki t xiki t

(5)

i=1

The choice rule is to select the option that corresponds to
the maximum blended value. In particular, at the l-th step of
an episode, the agent selects the option (sl , al ) with
al = arg max V(sl ,a),t
a∈A

Instance-Based Learning Theory

1−ξiki t
ξiki t

(6)

When the agent receives delayed results, the agent updates expected utilities using a credit assignment mechanism (Nguyen, McDonald, & Gonzalez, 2021).
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IBL BART Model
We built an IBL model of the BART using PyIBL, a Python
implementation of IBLT (Morrison & Gonzalez, 2021). In
this task, the state s is the number of pumps up to the current
trial, the action a is the action to pump or bank, and the utility x is the amount of hypothetical money obtained from the
problem.
An instance is stored for each decision: for each pump that
does not burst the balloon, the utility is the reward that would
be obtained from banking on the next trial; for each bank
decision, the reward is the monetary amount collected; and
for each pump that results in the balloon bursting, the utility
is $0 since no money is collected. In this model, we use linear
similarity between the current instance and past instances and
the decay and noise parameters are set to the ACT-R default
values of d = 0.5 and σ = 0.25 respectively.

participants to determine the accuracy of the predictions relative to the observed human choices.
The distributions of the number of pumps from the IBL
and Two-Parameter models are displayed in Figure 1 compared to human data. A greater number of pumps tends to
correspond to a greater risk propensity.

Data Set
We retrieved and analyzed the data from Guan et al. (2020),
in which 56 human participants completed the BART. The
participants were presented with balloons that had a fixed
probability of bursting with each pump (either p = 0.1 or
p = 0.2).2 The design was within-subjects, so each participant completed 50 problems with each probability, and the
order of the problems and conditions was randomized across
participants. Each problem started with a balloon with a
value of $1. For each decision, the participant had the option to pump the balloon (“Pump”) and increase its monetary
value by $1, or stop (“Bank”) and collect the current monetary value. However, each pumping action risks bursting the
balloon, resulting in collecting $0. The participant continued
making decisions until either the balloon burst or the participant chose the Bank action and collected the money. The goal
was to maximize the total reward in all problems.

Results
Explaining decisions through simulations
We simulated 56 IBL model agents making decisions in the
BART using default parameter values for decay and noise.
The stimuli faced by each agent correspond to that of a human
participant. That is, each agent experienced the problems in
the same order as the corresponding human participant, so
that the balloon bursts on the same number of pumps.
Following Guan et al. (2020) and Thomas et al. (2021)
and by modifying their provided scripts, we used the TwoParameter BART model developed by Pleskac et al. (2008).
We first fit the Two-Parameter model to both the p = 0.1 and
p = 0.2 conditions, and then simulated choices using the inferred parameters for each participant for that condition. The
simulated problems are the same problems that the corresponding individual experienced in each condition. Here, we
compare the model predictions to the choices of the human
2 The constant probability of bursting is not the standard BART
design. Typically, the probability of bursting increases with each
pump of the balloon (Lejuez et al., 2002).

Figure 1: The distributions of the number of pumps of the
balloon for all participants and problems, for the humans, IBL
model, and Two-Parameter model. The dashed lines indicate
the mean number of pumps.
T-tests show that for p = 0.1, the mean number of pumps is
not significantly different when comparing the human (M =
3.86, SD = 3.07) and IBL model (M = 3.77, SD = 5.64),
t(5598) = 0.72, p = 0.469; d = 0.019, and when comparing
the human and Two-Parameter model (M = 3.85, SD = 3.00),
t(5598) = 0.15, p = 0.878; d = 0.004. For p = 0.2, the mean
for humans (M = 2.58, SD = 1.95) is significantly lower than
the IBL model (M = 2.83, SD = 3.62), t(5598) = −3.24, p =
0.001; d = 0.087. There is no difference between the means
of humans and the Two-Parameter model (M = 2.61, SD =
1.97), t(5598) = −0.65, p = 0.517; d = 0.017.
Figure 2 divides the problems into blocks of 10 problems
in the order in which they were presented to the participants.
This shows that the IBL model becomes increasingly better at
predicting human behavior with more experience. The TwoParameter model fits the human data well, as expected given
the fitting to each individual’s choices, but it does not learn.
The burst rate is the proportion of problems for which the
participant bursts the balloon. Participants with higher risk
propensities will likely tend to burst the balloon on a higher
proportion of problems.
Figure 3 shows the distributions of the burst rates. In the
p = 0.1 condition, the t-tests show that the difference in the
mean burst rates for humans (M = 0.40, SD = 0.16) and the
IBL model (M = 0.37, SD = 0.20) is not significant t(110) =
0.65, p = 0.516; d = 0.123. The same holds for the humans
and Two-Parameter model (M = 0.39, SD = 0.16) comparison, t(110) = 0.29, p = 0.772, d = 0.055. In the p = 0.2 condition, the t-tests show that the difference for humans (M =
0.46, SD = 0.17) and the IBL model (M = 0.48, SD = 0.20)
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Figure 2: The distributions of the number of pumps of the balloon for all participants by block of 10 problems, for the humans,
IBL model, and Two-Parameter model. The IBL model uses default parameter values and the Two-Parameter model parameters
are fit for each individual and condition. The dashed lines indicate the mean number of pumps.
is not significant, t(110) = −0.61, p = 0.545; d = 0.115; the
same is true for the humans and the Two-Parameter model
(M = 0.46, SD = 0.16), t(110) = −0.09, p = 0.927; d =
0.017. Together, these results show that both the IBL and
Two-Parameter model predict human burst rates accurately;
however, the IBL model can do this without fitting to human
data and relying only on IBLT.

Evaluation of predictions through simulations
To evaluate the IBL and Two-Parameter models on equivalent
grounds, we generated predictions from the Two-Parameter
model in this task, sampling values for β and γ for each individual from a truncated normal distribution with a lower
bound of 0, centered at the mean fitted value of each parameter with a standard deviation of the standard deviation of that
parameter’s fitted values. We used these sampled values to
simulate choices in the task; the parameters are not directly fit
to the choices of the human participants, yet they are a reasonable representation of the parameter distribution. For the IBL
model, we sampled values for the decay and noise parameters
from truncated normal distributions centered on their default
value with a lower bound of 0. We used the standard devia-

Figure 3: The distributions of the burst rates for the humans,
IBL model, and Two-Parameter model. The dashed lines indicate the mean burst rate.
tion of the fitted β parameter from the Two-Parameter model
for each condition, to give similar variability in parameters
for both models. These simulations allow us to evaluate the
Two-Parameter model’s ability to generalize and make predictions without parameter fitting.
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The distributions of the number of pumps are displayed
in Figure 4. T-tests show that for p = 0.1, the mean number of pumps is significantly lower for the IBL model (M =
3.32, SD = 5.00) relative to humans (M = 3.86, SD = 3.07),
t(5598) = 4.91, p < 0.001; d = 0.131. The mean number of pumps is significantly higher for the Two-Parameter
model (M = 5.96, SD = 5.33) relative to humans, t(5598) =
−18.05, p < 0.001; d = 0.482. For p = 0.2, the mean for
humans (M = 2.58, SD = 1.95) is not significantly different
than for the IBL model (M = 2.62, SD = 3.40), t(5598) =
−0.58, p = 0.562; d = 0.015. In contrast, the mean for the
Two-Parameter model (M = 3.70, SD = 3.02) is much higher
than for humans, t(5598) = −16.49, p < 0.001; d = 0.441.
Figure 5: The distributions of the burst rates for the humans
and the IBL model and Two-Parameter model with sampled
parameters.

Figure 4: The distributions of the number of pumps of the
balloon for all participants and problems, for the humans and
the IBL model and Two-Parameter model with sampled parameters.
Figure 5 shows the distributions of burst rates. For the p =
0.1 condition, t-tests show that the difference in mean burst
rates for humans (M = 0.40, SD = 0.16) and the IBL model
(M = 0.34, SD = 0.19) is not significant, t(110) = 1.62, p =
0.108; d = 0.306. The difference is significant for humans
and the comparison of the Two-Parameter model (M =
0.55, SD = 0.24), t(110) = −4.12, p < 0.001; d = 0.779, with
the Two-Parameter model having a significantly higher burst
rate compared to human participants, indicating that the TwoParameter model predicts a higher risk propensity compared
to that actually observed in human data. In the p = 0.2 condition, the t-tests show that the difference for the humans
(M = 0.46, SD = 0.17) and the IBL model (M = 0.44, SD =
0.19) is not significant, t(110) = 0.60, p = 0.552; d = 0.113.
The difference is significant for the comparison of human
and Two-Parameter model (M = 0.65, SD = 0.22), t(110) =
−5.20, p < 0.001; d = 0.982. The Two-Parameter model predicts a significantly higher burst rate compared to the human
participants. Without fitting to participant choices, the TwoParameter model becomes less accurate.

Discussion
To be able to provide explanations and accurate “out-ofsample” predictions of human decisions, particularly in se-

quential decision making tasks, it is important to rely on
theory-driven models. Models that rely on human data to fit
their parameters to particular human data sets can provide interpretable parameters (e.g., regarding risk propensity). However, the same model immediately becomes less accurate and
significantly different from the human data (e.g., burst rate)
when making predictions, even on the same data set. The IBL
model, in contrast, makes theory-based predictions that are
statistically indistinguishable from human data, in the complete absence of human data.
We presented and demonstrated how a theory-driven cognitive model of the BART task can make accurate predictions
in the absence of human data. The IBL model uses the theoretical principles of IBLT, which have been used to model
many other decision making tasks across contexts. The predictions emerge from the simulation of the IBL algorithm using default generic parameters. The model stores only information that is available to human participants and makes no
unreasonable assumptions, such as knowledge of the bursting
probability or assuming that participants have a predefined
and consistent number of pumps to make in the task.
By evaluating the performance of the models “out-ofsample,” we aim to point out that often a model may work
well for a fixed data set to which the parameters are fitted,
but the same model may fail to generalize to settings that involve even the same tasks and individuals. In fact, different models have been constructed for related sequential decision tasks, suggesting that the models are only applicable to a
particular sequential decision task and can generalize poorly
(Guan et al., 2020). In future work, we seek to investigate
how the same IBL model of sequential decisions can be generalized across other tasks. This is a feasible avenue for future research, given the currently available data sets in which
the same individuals completed four different sequential decision tasks (Guan et al., 2020), and given the theory-driven
approach to building computational models of sequential decision making tasks that we are pursuing.
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Abstract

physical brain? Fortunately, Allen Newell provided some
theoretical scaffolding for tackling this problem. Here we
argue that Newell’s ideas on systems levels provide a useful
way to situate cognition within culture as well as to
understand the nature of culture itself.

Allen Newell laid down highly influential principles for the
study of cognition with his systems levels framework, but it is
less well known that this framework also laid down the
foundation for understanding social interaction and culture.
Although his book Unified Theories of Cognition was focused
on the cognitive level, Newell speculated what implications his
theory might have for the study of culture. Although these
particular ideas did not receive much attention at the time, this
paper argues that Newell’s systems levels provide a valuable
insight into the connection between brains and culture.

Sui Generis Entities

Keywords: Newell; Systems Levels; Culture; Knowledge
Level; Cognitive Level

The concern over equity, diversity, and inclusion in cognitive
science and other academic areas is linked to a corresponding
rise in research seeking to understand the nature of
discriminatory inclinations, both as they exist in the mind and
in the culture. But what precisely does it mean to say that
something exists both in the mind and in the culture?
Moreover, what kind of constraints are placed upon an
explanation that seeks to connect the contents of mind with
the contents of culture, and how is this related to the physical
brain?
This question is not new to psychology. In the landmark
paper, “Social Psychology as History”, Ken Gergan (1973)
argued that the pervasive influence of culture makes it
problematic to understand social psychology purely in terms
of stable, natural laws. This is because the knowledge that
defines the rules and the context for human interactions
changes across situations, time and culture. It is important to
absorb Gergan’s full message; that the study of social
interactions cannot be disentangled from the cultural context
in which social interaction occurs. However, what is the
relationship between culture and cognitive science?
Cognitive science studies the cognitive level (information
processing), which provides the bridge between the neural
level (natural science) and the social level (history and
culture). So the question can be reframed as, how does culture
arise from neurons through cognition? Which leads to the
question of neural realism. That is, why isn’t everything
reducible to neural activity and ultimately the evolutionary
forces that shaped the brain? How is it possible to talk about
culture and cultural forces without abandoning the
commitment to ground our understanding of cognition in the

In the cultural studies areas, such as anthropology, sociology,
women’s studies, critical race theory, queer studies, etc.,
there is an understanding of culture as sui-generis. Sui
generis means, of its own kind. It is similar to the idea of
strong emergence, or strong systems levels in Newell’s
scheme. In this sense, cultures, or cultural forces, exist and
interact according to their own emergent rules. This can be
illustrated by looking at the concept of racism. A racist
individual can be understood as a person who endorses racist
ideas. In this sense, racism exists at the level of individual
beliefs or knowledge. However, systemic racism refers to a
racist bias at the cultural level. In this case, a person with no
racist beliefs can still perpetuate racism by participating in a
culture that includes elements of systemic racism. However,
this raises questions about the relationship between culture
and the cognition of individual humans.

Newell’s Systems Levels
It must be stated at the outset that while many aspects of
Newell’s overall framework are empirically grounded, the
framework as a whole is on his account “speculative”. It is a
scientific argument, leveraging both what has been gleaned
empirically in the experimental sciences and what has been
discovered through engineering intelligent systems, all of
which is aimed at the goal of achieving a “unified theory of
cognition” that situates itself in a world where both brains and
cultural forces can share equal claims to existence. As such,
it is pioneering work, it is approximating work, and the
foregoing is our interpretation of the framework itself and
how it can be used to answer the question that everyone is
trying to answer: how do we map the relationship between
minds and culture?
For Newell, the human mind is engineered, via evolution,
to have systems levels (Newell, 1994). Newell often
exemplifies the properties of systems levels with reference to
the design of computer systems. This is because computers
have systems levels deliberately designed into them, so we
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know they exist. For example, most commonly, computers
have a hardware level upon which an operating system level
is engineered, upon which a software level (or app level) is
engineered. Because it is engineered to have systems levels,
software programmers need understand nothing about
hardware engineering in order to do their job. We should also
note that in neuroscience it is more common to talk about
nested systems, but the idea is the same.
This can be compared to the human brain, where the neural
structures are the hardware, the cognitive system is the
operating system (i.e., a set of functional abilities realized in
the hardware), and learned abilities are the software, realized
through the cognitive system (note, we have updated this
description somewhat and we also need to introduce the
caveat that, in brains, learning can feedback to alter the
cognitive and neural levels) .
In systems levels the components of one level are
composed of or “realized by” the components in the level
below. So while each layer expresses empirically different
patterns of behaviors, they interface with one another
effortlessly because a subset of interacting components at one
level form a larger unified component at another level.
Although this is a pretty abstract concept, the principle is
intuitive when exemplified with real world examples. We
know, for instance, that atoms interact with one another to
build molecules, which interact with one another to build
organelles, which interact with each other to build neurons,
which interact with each other to build brains. None of this is
disputed, and therefore the proposition that systems levels are
part and parcel of human biology is not itself a speculative
aspect of Newell’s framework.
However, talk about levels quickly gets confusing.
According to Wright and Bechtel (2007), “levels-talk is
virtually threadbare from overuse yet [the] various
conceptions of levels are rarely analyzed in any sustained,
substantive detail” (p.55, see also Kersten, West, & Brook,
2015). One of the main sources of confusion is that we use
the word “level” in two different ways: ontologies or
epistemologies.
Ontologies are posited to exist in reality. They are made up
of components, dynamics, and governing laws or principles
that are presumed to physically exist. Empirically, quantum
physics is widely regarded as the lowest level ontology, with
other ontological levels built up from there. For example,
chemistry is emergent on physics, biochemistry is emergent
on chemistry, neurons are emergent on biochemistry, brains
are emergent on neurons, and cognition is emergent on
brains. Following on this, the claim that culture also exists as
an emergent phenomenon, or sui generis entity, is an
ontological claim. Note that in this type of system everything
is built up from and grounded in physics.
Epistemologies, by contrast, are not levels in the world. In
this way of thinking, epistemologies, or theoretical
languages, are created because they are useful for
understanding certain ontological phenomena. In this sense,
epistemologies are in the mind of the researcher and not in
the phenomena being studied.

To see the relationship between ontologies and the
epistemologies used to understand them, let’s take Lego as an
example. We can use Lego to build different shapes and we
can understand the shapes in terms of the types of Lego bricks
used and how they were arranged. We could then take our
shapes and combine them in specific ways to make new, more
complex shapes. These new shapes can be considered as a
new systems level because they were built on the old shapes
and thus can be understood in terms of the old shapes, without
reference to the original Lego blocks on which the old shapes
were built. However, the language of analysis is still
qualitatively the same, it is about shapes. Now imagine that
we combine the shapes and make a Lego Turing Machine.
We can still describe the Turing machine in terms of shapes,
but it also exists sui generis, as a qualitatively new thing that
requires a new type of language to describe it, information
processing in this case.
This is a subtle distinction that Newell (1994) eventually
cached out as systems levels and systems bands (see Figure
1). Systems levels can be understood in terms of being built
on the components of the level below, without reference to
how those components were built, whereas systems bands
refer to adjacent groups of systems levels that are best
described through a specific epistemology. For example,
neural circuitry tends to be arranged in systems levels (or
nested structures), with different functions, but the theoretical
language used to describe all of them is the language of
neuroscience. When a new language of understanding
(epistemology) is needed, it signals that a new systems level
has emerged that is unprecedented. This, according to
Newell, marks the transition to a new band (see also Pylyshyn
1980, 1984).
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Figure 1: Newell’s levels and bands

However, the term, band, never caught on. Instead, people
refer to bands (e.g., the cognitive band) as levels (e.g., the
cognitive level). It is unavoidably awkward to introduce
unused terminology, so we will sometimes refer to bands as
levels (as in the cognitive level) and reserve the term band for
situations where further clarity is needed. We will also refer
to levels within bands as systems levels.
Another thing we need to consider before moving on is the
issue of strong versus weak systems levels. The reason why
computer system architectures are such a great exemplar of
systems levels is because computers are deliberately
engineered to embody a strong form of systems levels. The
strongest form of systems level is one in which the interaction
between its constituent components are all that need be
considered in order to fully account for the behavior at that
level. These levels are sealed off from lower levels in such a
way that they can be called “state determined”, which is to
say that their behavior can be perfectly predicted knowing
only the details of their current state (Newell, 1994). This
perfect seal is also what allows for specialists to channel their
vocation into one particular level and not have to worry about
the dynamics of lower levels, unless of course, an error
occurs that has knock-on effects that permeate upward. But
errors are not the only reason why lower levels manifest
changes in higher levels, for as Newell says, “there could be
lots of ways in which phenomena from lower levels percolate
upward, ways that are not to be described as errors” (Newell,
1994, pp. 118-119). Systems levels that by their very nature
require the inclusion of components from lower levels to
explain their behavior are said to be weaker systems levels.
These are more typical of the systems levels that we find in
nature. It is an open empirical question exactly how strong a
systems level need be in order to usefully qualify as a systems
level. It must demonstrate a pattern of novel behavior that is
predictable to some significant degree, but exactly how much
is not clear.

From Neurons to Culture
All of this has implications for our purposes here because it
raises a very interesting empirical question: is culture an
emergent level requiring its own unique theoretical
language? Indeed, a growing number of scholars believe this
to be true. Here we will map out culture by tracing through
Newell’s scheme, as illustrated in Figure 1.

The Neural Level
We will start our journey upward toward culture from the
neural level. Here we take it that the existence of this level is
uncontroversial.

The Cognitive Level
We would like to say that the cognitive level is also
uncontroversial, but that is not exactly true as some people
take a neural realism point of view and believe that only the
neural level is “real.” Here, Newell’s claim that the cognitive
level is real is an empirical claim. It is a claim that the neural
architecture is arranged in systems levels and that these

systems levels build to a point where the emergence of
symbolic processing occurs, where representations encoded
in neurons correspond to physical objects and events,
allowing us to think about and simulate events in our minds
by manipulating these representations. Here, we note that
Newell had a very loose definition of symbols. In fact,
Newell’s only criterion for a symbol was distal access
(Newell, 1994), which occurs when one brain module can
send information to another brain module in such a form that
it can be further processed at its destination. Therefore,
symbols could be distributed, they could be fuzzy, or they
could involve simulation. In other words, symbol processing
is not limited to crisp propositions and formal modus ponens
operations by this account. This is a claim that the cognitive
level is an emergent phenomenon that is defined by the
language of computational processing, but not a claim that
we need to use a particular form of computational processing
(Newell also had ideas about the form but that is a separate
issue and should not be confused with the claim about
systems levels).

The Knowledge Level
The most important thing to note is that Newell did not go
straight from the cognitive level to social interaction and the
level of social psychology. Instead, Newell had an
intervening level that he variously called the knowledge
level, the rational level, and the intendedly rational level. This
level, which we will refer to as the knowledge level, is related
to what Popper called the rationality principle and what
Dennet called the intentional stance (see Young & West,
2018 for a review). The knowledge level can be understood
in terms of agency and rationality. At the knowledge level,
agents have goals and can be understood as rationally
pursuing those goals, where rational is defined as bounded
rationality (Simon, 1990). That is, the agent does its best with
what it knows, it does not have perfect knowledge. Another
important property of the knowledge level is that this is where
semantic meaning occurs. For Newell, the cognitive level is
only syntactic. Semantics, for Newell, exists in use,
specifically it arises from pursuing goals. Thus, in Newell’s
scheme, meaning is always contextualized by the goals of the
agent.
Finally, it is important to stress that by “goal,” Newell was
not referring to explicit, consciously held goals. What Newell
meant by “goal” can be seen by examining SOAR, which is
the cognitive architecture he created. As noted by Laird,
Lebiere, and Rosenbloom (2017), SOAR, as well as other
related cognitive architectures, uses working memory to
represent the current state of the task. Production rules that
match working memory contents are triggered and perform
actions, including updating working memory. This creates a
cycle that accomplishes the task (or solves the problem). The
end goal is implicit in the chain of production rules that fire.
This occurs at the cognitive level. However, it is only at the
knowledge level that this is characterized as employing
knowledge in pursuit of an end goal (unfortunately SOAR
and other architectures tend to call the working memory
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buffer that contains a representation of the current state of the
task, the goal buffer, which is confusing). Intentionality, as
Dennet would put it, or pursuing a goal, as Newell would put
it, is an emergent property of the knowledge level.
In our opinion the knowledge level has been greatly
misunderstood. Perhaps because its name, the “knowledge”
level, people often think it is about how knowledge exists in
the brain (i.e., how it is represented at the cognitive or neural
levels). In fact, it is the opposite, the knowledge level was
conceived of as a way of skipping over the problem of
knowledge representation, by moving to a higher level. The
claim is that knowledge exists in a form that can be detached
from the way it is represented in individual agents. For
example, the intelligent actions of a computer program can
be described at the knowledge level (especially for expert
systems) without reference to the specific software language
they will eventually be coded in. As Newell (1994) notes, this
ability to represent the same “knowledge” using different
representational systems is behind our ability to transfer
knowledge between agents (both humans and artificial
intelligence) and to store it in artifacts (books, websites, etc.).

The Social Level
Newell also speculated about higher systems levels within the
knowledge level band. Indeed, the ability to transfer
knowledge between agents at the knowledge level would
seem to support group cohesion and coordination for
common goals. Newell speculated that group level
processing could be limited due to the small bandwidth of
communication between humans, compared to the bandwidth
of communication within human brains (Newell, 1994). That
is, Newell raised the issue that intelligence peaks in
individual humans. In contrast, Ed Hutchins (Hutchins, 1995)
has argued that humans rely heavily on distributed cognition
for survival and to perform complex activities. For example,
Hutchins (1995) gives a detailed example of a missile
destroyer ship and how no individual on board has the full
knowledge of how to sail the ship or complete the mission. In
this case, the ship itself can be argued to be acting at the
knowledge level. Distributed cognition is highly consistent
with the knowledge level though, so it stands as a claim that
the bandwidth problem can be solved and that relatively large
groups of humans can function as intelligent entities.
However, we also need to point out that groups are organized
differently and it is likely that many groups would constitute
only a weak systems level, relying partially or heavily on
individual human knowledge level processing. That being
said, it seems clear that the knowledge level can be applied to
describing individual humans, groups, teams, businesses and
institutions. In fact, it makes sense that humans would design
their group intelligence systems based on their own
individual intelligence.

The Cultural Level
Newell speculated that there could be higher level emergent
bands, but he also speculated that the knowledge level may

be the highest band, meaning that culture would be a systems
level within the knowledge level.
Why shouldn’t the intendedly rational level just extend
upward?…The issue of continued upward extension and
perfection of rationality is whether groups can be
described as knowledge-level systems — as a single body
of knowledge with a set of goals — such that the group’s
behavior is explainable and predictable by its use of
knowledge in the service of its goals (Newell, 1994, pp.
154).
In fact, both could be true, with some things we think of
as culture residing within the knowledge level band and some
things residing above the knowledge level band as a sui
generis entity. Let us first consider culture as a phenomenon
within the knowledge level.
Culture at the Knowledge Level
The knowledge level is characterized by the intention to use
knowledge to move toward a goal. This can obviously be
applied to groups, institutions, political parties, and
movements with a stated goal. In this sense, cultural groups
can be thought of as having goals and working toward them.
However, an interesting question can be raised here. Since
the individual humans within a group are at a lower systems
level than the group itself, could the group have goals that the
humans are unaware of? Certainly, it is the case that group
leaders and influencers can exploit other group members by
manipulating them to work on goals they are unaware of.
Technically, though, if the systems levels were strong
enough, the group itself could have goals that none of the
humans involved are aware of.
If groups can have goals that some or all of their members
are unaware of, then claims such as the patriarchy has the
goal of oppressing women, or white supremacy has the goal
of making the white race dominant, can make sense. It could
also make sense to claim that individuals are supporting
group goals, such as white supremacy or maintaining the
patriarchy, by unwittingly participating in them. However,
we need to raise two caveats here. The first is that it is not
clear how humans, at a lower systems level in the knowledge
band, can accurately ascertain the goals of groups at a higher
systems level. The second is that, since humans use
knowledge level thinking to predict other humans, we might
fallaciously perceive that groups have intent or goals when it
is not the case.
Culture above the Knowledge Level
It is important to remember that for culture to function as a
sui generis agent, it must do so by co-opting the governing
principle of agents at the knowledge level. This governing
principle is known as the principle of rationality: “If an agent
has knowledge that one of its actions will lead to one of its
goals, then the agent will select that action” (Newell, 1982,
pp. 102). Thus, a sui generis cultural level could be
understood in terms of generating goals and knowledge,
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which is different from using knowledge to pursue goals in
the knowledge level.
Why do rational agents strive for the things they do? If you
ask why we have the goals we do, we will always answer that
question with reference to yet more goals. Why do you want
a PhD? Because I want to become a professor. Why do you
want to become a professor? Because I want to be filthy rich.
Why do you want to be filthy rich? One can only refer to their
goals with yet more goals, and once this line of questioning
reaches its end, there is left a goal at the top that cannot be
accounted for. This is known as the problem of the top goal.
It's not clear that human goal structures can be organized
such that one goal emerges among all in the top spot. But at
the very least, we appear to harbor a set of dominating goals
that drive our behavior in various arenas of our life. When
speculating about how culture as a level above the knowledge
level may interface with rational agents in order to carry out
its own agenda, perhaps it is through these top goals that it
does so.
In addition to supplying us with top goals, another
mechanism through which culture can control rational agents
is by mediating the type and amount of knowledge endowed.
It is one thing to have a goal, it is completely another to have
a body of knowledge that enables the strategic pursuit of that
goal. While it does appear that we are born into this world
with some knowledge latently built-in and booting up in early
development (e.g., object permanence), we acquire a great
deal of knowledge through culture. Thus, we need to consider
the mechanisms by which culture could create and
disseminate goals and knowledge.
One mechanism is through aesthetics. In the same way that
an aesthetic can drive an artist to pursue goals inspired by the
aesthetic (the impressionists, for instance), it can also drive a
larger scale culture by resonating with individual humans.
When a person resonates with an aesthetic it can drive what
kinds of vehicles they buy (Ram vs Prius), what kind of
jackets they buy (leather vs hemp), and what kind of food
they eat (steak vs tofu). Aesthetic is an interesting candidate
because it clearly holds sway over rational agents, as seen by
the successfulness of advertisement campaigns that leverage
it, and it appears to be a high-level emergent phenomenon.
Another possibility is that culture operates by perpetuating
grand narratives. Grand narratives are stories about what is
best for the human race. Originally grand narratives existed
in the form of myth and were further developed through
religious thought. However, following postmodern
philosophy, modern grand narratives are couched as political,
economic, and ethical theories. For example, Marxism is a
grand narrative, as is capitalism. Grand narratives are
particularly interesting because they supply a top goal.
Also, we need to consider historical forces. Typically, what
we think about when we hear the word “history” is sequences
of events. But for thinkers like Hegel, Marx, and Fukuyama,
history is a force with momentum and trajectory. These
thinkers view the material world as being shaped through a
dialectical process being carried out in the “realm of ideas”
and “ideologies” (Fukuyama, 1989). For Hegel, the

originator of this way of thinking, all of human behavior can
trace itself back to prior ideas, and in this sense, is nothing
more than the unfolding of the history of ideology. Taken
from this perspective, the narratives, aesthetics, and values of
culture are nothing more than the tip of the ideological arrow
that has been sailing through time.
Finally, we also want to include evolution in this
discussion. Newell speculated that Evolution was an even
higher-level band than culture. The reason he placed
evolution high in the scheme is the time scale. As Figure 1
shows, higher systems levels operate at a slower rate than
lower systems levels, approximately by an order of
magnitude. This is because the higher levels are inclusive of
all the activities of all the lower levels. So, in the sense that
evolution is occurring right now, it is occurring very slowly.
Also, since Newell wrote this there has been considerable
development in the field of cultural evolution. Memes
(Dawkins, 1976) are the most well-known theory, but the
field involves more than just memetic theory.

Concluding Remarks
As goal-directed agents, we are primed to view the world
from the perspective of the knowledge level, or what Dennet
called the intentional stance. Newell was aware of this
problem, recognizing that “we humans are sitting within a
level, looking upward, so to speak, at the social or historical
system. We are components of the higher level and so we
naturally see our own dynamics.” (Newell, 1994, pp. 153).
Due to this liability, we may tend towards ascribing
intentions to sui genesis cultural entities when, in fact, goals
do not drive behavior at that level. According to the analysis
presented in this paper, if there are sui generis cultural forces,
they create goals and knowledge but are not driven by them.
That occurs at the knowledge level. However, importantly,
some human groups, such as companies or political parties,
do seem to exist within the knowledge level, with clear goals
and knowledge sets. So it is important to be clear which level
of analysis we are applying when we talk about groups. In
our view, Newell’s ideas provide a solid theoretical scaffold
on which to integrate cognitive science with cultural studies.
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Abstract
Morality is a critical aspect of life––it influences how we think,
design systems, and even the stories we tell. Looking to the
popularity of true crime stories and characters like Dexter
Morgan, it seems that our preferences are toward exploring
moral ambiguity and moral badness. Across two experiments,
we examine what moral ambiguity is and what kinds of moral
information spark curiosity and explanation-seeking. In
Experiment 1, we manipulate moral ambiguity to mean
someone with conflicting moral character, and we predict those
individuals will trigger curiosity more than morally consistent
people. Results suggest that both morally ambiguous and
immoral minds pique curiosity for explanations. In Experiment
2, we find that when ambiguity is instead operationalized as
what is typical or average, we are curious about morally
deviant things. This research points to critical differences in the
kinds of moral minds we are curious to learn more about.
Keywords: morality; curiosity; epistemic emotion

Introduction
“I don’t know whether there are any moral saints. But if there
are, I am glad that neither I nor those about whom I care
most are among them.” - Susan Wolf (1982)
The pursuit of moral goodness is a central tenet of
humanity—the rules that proscribe it emerge across time,
cultures, and all religious texts. Yet, there is something about
being relentlessly morally good that is plainly boring. This
fact was famously pointed out by Philosopher Susan Wolf.
Wolf argues that people have an aversion to faultlessly
morally good others, or what she calls moral saints. On the
one hand, this perspective is provocative. Moral goodness is
foundational to individuals’ identity and character, and our
moral selves are our truest selves (Strohminger & Nichols,
2014). On the other hand, it is unsurprising, given what kinds
of people are popular in fiction and on TV. In other words,
we see our interest in immoral minds reflected in our
preferences for characters like Dexter Morgan or Tony
Soprano and movies like Batman. That is, by and large,
people may be most curious about moral ambiguity and
badness—which bring with it the opportunity to learn
something about the world. In the present paper we first
examine what moral ambiguity is, and then test whether
moral ambiguity and moral badness trigger curiosity above
and beyond moral goodness.
Morality dominates person perception and formation of
self-concept (Landy et al., 2016; Brambilla et al., 2011), even
in children (Heiphetz et al., 2018). It is a critical piece to our

lives, and that centrality is echoed in the attention that
psychologists have given the topic. Moral psychological
theory has focused extensively on identifying what people
and cultures deem to be morally valuable, and how we deride
and want to punish those who commit immoral actions. Some
theories do this by defining the kind of content that counts as
immoral and whether there is really just one or many (e.g.,
harm vs. moral foundations; Gray et al., 2012; Graham et al.,
2011). Others focus on whether emotion is causal or essential
in the formation of moral judgments (Prinz, 2006; May, 2018;
Landy & Goodwin, 2015), or identifying which ethical
principles best describe the moral judgment process (e.g.,
consequentialism vs. deontology; Conway & Gawronski,
2013). Each of these theoretical perspectives, regardless of
their approach, share the fundamental assumption that people
should, and often do, seek to maximize moral good.
These approaches are both generative and powerful
because they are face valid. It is a shared assumption across
cultures that morality is for promoting pro-social behavior
(Curry, 2016) and avoiding harm (Bago et al., 2022),
maximizing morally good behavior and minimizing morally
bad behavior. However, by partaking in this shared
assumption about maximizing moral good (but see Sun &
Goodwin, 2021; Monin & Miller, 2001; see Merritt et al.,
2010 for review), researchers have missed the everyday
human behaviors and preferences that reveal our fascination
with moral wrongness.
Revealed preferences (Samuelson, 1948) in daily life
suggest moral ambiguity and moral badness are both
interesting. For example, in the summer of 2008, the movie
The Dark Knight grossed over $1.005 billion dollars in box
office sales, placing it as one of the highest-grossing movie
openings in history. This story centers on the morally
ambiguous Batman, who chooses his own self-interest over
the greater good, and the Joker, who represents a life with no
moral boundaries. The appeal of stories like The Dark Knight,
and the many popular antiheroic stories that followed (e.g.,
Wolverine; Douglas, 2020; Krakowiak & Tsay-Vogel, 2015),
stem from their representation of morality. Rather than create
a world centered on bad-or-good, black-or-white characters,
these stories craft their worlds around the conflict in the
moral values, goals, and actions of the main characters.
People find Christopher Nolan’s Batman and The Joker
fascinating because they can teach us something about the
complex nature of moral decision making in a setting where
the stakes are low. These stories center moral ambiguity and
badness, revealing something interesting about our moral
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preferences—like in the case of the unpopular moral saint—
moral goodness is usually just not all that interesting.

Moral Curiosity
Our interests in morally ambiguous themes suggest that we
are curious to learn more. That is, moral ambiguity can
trigger epistemic emotions, those emotions for which the
catalyst is the individual’s own cognitive state. These
emotions are important features of our psychology––helping
orient us toward effective ways of understanding and
exploring our environments. For example, emotions like
surprise, confusion, and curiosity are each considered
epistemic emotions because they are triggered by cognitions
related to beliefs about knowledge (Vogl et al., 2020). Such
emotions are critical to problem solving, knowledge
acquisition, exploration, and other largely epistemic
functions (da Sousa, 2008; Pekrun & Stephens, 2012). They
support belief-acquisition processes by making salient the
times when contradictions and inconsistencies are relevant to
a given task.
A combination of research and epistemological philosophy
have outlined the characteristic features of an epistemic
emotion (e.g., Brun et al., 2008). Here, we aim to use and
extend this framework and to understand what drives interest
in moral ambiguity and badness in the real-world. That is, we
argue that akin to epistemic emotions, moral ambiguity and
badness trigger curiosity to acquire, appraise, and
understanding that information––and ultimately the
maintenance and construction of a coherent moral
worldview. We aim to answer questions about the functional
significance of moral ambiguity. Why is moral ambiguity and
badness so prominently featured in our entertainment? Why
is being a little morally bad so enticing? This research uses
morality “as experienced” as a starting point to examine why
moral ambiguity prompts engagement and explanationseeking specifically.

Explanations in Morality
Explanations are fundamental to cognition. And it’s no
wonder—asking “why” facilitates cognitive development
and help humans make sense of their worlds. Unlike similar
epistemic behaviors like information-seeking (e.g., Kelly &
Sharot, 2021), explanation-seeking takes the drive for
knowledge one-step further to identify the reasons behind the
target of curiosity. Explanation-seeking demonstrates that
often the fact alone is not enough, we are hungry to know the
“why”. Indeed, young children often display this need for
why (Liquin & Lombrozo, 2020). When seeking
explanations, they do not find mere attention sufficient—they
really do want to know why (Chouinard et al., 2007) and
show preferences towards information sources that provide
the concrete sorts of reasons they are after (Corriveau &
Kurkul, 2014). And while both children and adults seek
explanations throughout development, this drive peaks
around preschool age (ages 2-4; Chouinard et al., 2007) when
the need to create knowledge structures that accurately
represent the world is strong. Children are driven to build up

explanations for how the world looks and its rules, and they
are motivated to resolve disequilibrium (Piaget 1955).
A quick search of Reddit’s Explain like I’m Five (ELI5)
reveals that adults are also often curious about the reasons
that underlie or explain moral themes, including real world
moral villains (e.g., many questions like: “What [were]
Hitler's motives?”; “Just why, why was Stalin himself
seemingly unimaginably evil?”). Much of the general
structure of the world of an adult is already known, but the
minds of others are consistently opaque to us. And the drive
to understand and engage with the minds of others seems to
be hard-wired. We have dedicated neural machinery that
helps to support thinking about the intentions and thoughts of
others (e.g., Young et al., 2010). Moral themes may
particularly elicit interest because being right about what is
moral and immoral has high stakes (Hackel et al., 2014).
Questions about the moral atrocities that others have
committed pique interest because they offer real information
about how other people see the world, and real information
about how good and evil operate. That is, explanations—
insight into the minds of others—may be the most persistent
epistemic motives that adults have because it is always
relevant information to their understanding of how the world
works (not to mention who we decide to trust; Simpson et al.,
2013). In sum, we sought to test whether moral minds elicit
explanation-seeking behaviors, and whether moral ambiguity
specifically sparks our curiosity motivating because it is
uncategorized and un-resolved (e.g., Ovsiankina, 1928), and
in the moral domain, we tend to prefer clarity and reject
nuance (e.g., Skitka, 2010) and seek to resolve it.

The Present Research
The present research integrates multiple theoretical
perspectives to test what moral ambiguity is, and whether
moral ambiguity and moral badness uniquely trigger
curiosity. However, moral ambiguity can mean many things.
For one, it can mean that a person or action is both good and
bad, like stealing life-saving medicine (a very cinematic form
of moral ambiguity). Another meaning of moral ambiguity is
that there is conflict in someone’s moral actions—they do
some good things and some bad ones as we all do (a more
quotidian form of ambiguity). We set out to test these two
conceptions of moral ambiguity, which we will refer to as
morally ambiguous (for the cinematic one) and morally
average (for the more quotidian conceptualization) and
compare curiosity for understanding people who are morally
good, morally bad, morally ambiguous, and morally average.
In Experiment 1, we compare curiosity for morally good, bad,
and ambiguous people, operationalizing moral ambiguity as
someone people agreed is morally ambiguous. In Experiment
2, we test curiosity for average morality, a kind of ambiguity
created by the varied nature of an individual’s actions (e.g.,
some good actions, some bad actions as well do) against
morally good and bad actions. This formation of moral
ambiguity more closely resembles how everyday people tend
to behave. In contrast to those who behave only in morally
non-normative ways, average people tend to do good things
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and also make mistakes. On this view, interest may stem from
the identification with moral ambiguity and its ability to
reveal something relevant about one’s own morality or the
people one is most likely to meet. We also set out to explore
whether individual differences predicted distinct patterns of
curiosity for explanations.
In both experiments, we preregistered hypotheses and
analyses prior to data collection. Overall, we predicted that
morally ambiguous minds would pique our curiosity
compared to moral goodness. We also predicted that people
would be curious to learn explanations about morally bad
people.

Experiment 1
Experiment 1 aimed to establish that individuals find morally
ambiguous and bad information alluring and engaging. That
is, Experiment 1 tested whether, contrary to many theories of
morality, moral badness does not unilaterally spark
disengagement, avoidance, or withdrawal. We predicted that
participants would choose to learn about ambiguous others
more than unambiguously good others. We were agnostic to
whether participants would also find moral badness more
interesting than moral ambiguity, but a difference between
explanation-seeking for moral badness and moral goodness
would nonetheless provide evidence for the claim that people
do not solely seek to avoid moral badness. Instead, moral
badness, like ambiguity, may pique our interest and draw us
in for further investigation.

Method
Participants We recruited a total of 266 participants (82
from Queens College, 34 from Brooklyn College, and 150
from Prolific). An a priori power analysis based on pilot
research was conducted, suggesting 270 participants was
required. We collected additional consenting participants
online using Prolific (accounting for about a 15% attention
check failure rate). The only inclusion criterion for Prolific
data collection was current United States residence. Prolific
participants were paid $3.40 on average for their participation
and students participated in exchange for course credit. We
conducted our analyses on a final sample of 218 participants
(Mage = 24.02, SDage = 7.28, Male = 55, Female = 148, Other
= 15) who passed preregistered attention and comprehension
checks. Additionally, we tested for, but did not find, any
statistical differences between the different samples and do
not discuss them further.
Procedure We used a fully within-in subjects design to
examine the effect of moral character type (morally
ambiguous, morally good, or morally bad) on curiosity. To
examine curiosity, we used a modified empathy task
(Cameron et al., 2019). Participants were introduced to two
playing card decks, one called the “Describe” deck and one
called the “Learn” deck and asked to select one on each trial.
In the instructions portion of the experiment, participants
were told about the kind of information available when
selecting each of the decks, and they were told could select

any deck on any trial with freedom to change their minds
whenever. The “Describe” deck participants were told they
would see a single image of the person. For the “Learn” deck,
participants were told they would see the actions of the
person that lead to their moral categorization but no image.
Assuming that descriptive information is generally more
boring and not related to explanations compared to motive
information, the addition of the picture allowed for us to
create two closely matched options. Before the deck choice
was made, participants saw a generic name (selected at
random from a list of popular names in the United States; e.g.,
John Williams) and the moral character type manipulation.
To manipulate whether a random name was good, bad, or
ambiguous, we told participants that a group of previous
participants rated the actions of each of the people they were
shown. We made those ratings into a slider scale that
indicated that the person was rated good, bad, or ambiguous
on average by those independent raters (see Figure 1).

Figure 1: Examples of the moral character manipulation
(morally good, ambiguous, and bad, respectively).
On each trial, participants were shown the two decks to
select from, the name, and a slider scale in random order. For
both decks, participants were also asked to write two
keywords that describe the information they were shown and
then answer questions about their interest in the character,
and how good and bad the character is. This task was used to
see whether individuals preferred to learn about the motives
of morally ambiguous characters (vs. a description of their
appearance). Indeed, in a pilot study we found that selfreported ratings of curiosity predicted more “Learn” deck
choices, b = 0.17, SE = 0.06, z = 2.75, p = .006, r = 0.05. After
participants made their initial decisions, they answered
questions about their self-reported interest (“How interesting
is this person?”) in the individuals they saw, how good and
bad those people were, and whether they identified with them
(“Do you feel as though this person is like you?”), all rated
on a scale from 1 = Not at all like me to 9 = Very much like
me. Finally, after participants completed 30 trials of the deck
task, they completed six items from the Morbid Curiosity
Scale (MCS; Scrivner, 2021), a modified essentialism scale
(Bastian & Haslam, 2006) measuring evil/good essentialism.
and the Need for Cognition scale (NFC; Cacciopio & Petty,
1982), and were debriefed.
Results
Manipulation Check Results suggested that the
manipulation was successful. The good Moral Character
Type was rated as more good than ambiguous, b = 1.40, SE
= 0.07, t(214) = 19.80, p < .001, r = 0.80, and bad, b = 2.89,
SE = 0.11, t(216) = 26.92, p < .001, r = 0.88 people.
Additionally, bad Moral Character Type was rated as more
bad than both good b = 2.76, SE = 0.11, t(216) = 24.93, p <

3183

.001, r = 0.86, and ambiguous, b = 1.22, SE = 0.07, t(213) =
16.68, p < .001, r = 0.75 people.
Moral information seeking. Next, we examined which
Moral Character Type sparked the most moral information
seeking. To test this, we fit a mixed-effects regression model
with by-participant random intercepts and slopes, Moral
Character as a fixed effect, and identification as a covariate
(pattern of results remains similar when excluding
identification). Results partially supported predictions.
Morally ambiguous individuals lead to significantly more
curiosity than morally good individuals, b = 0.41, SE = 0.10,
z = 4.03, p < .001, r = 0.07 = 0.11. However, morally bad
people elicited the most curiosity by far: They lead to more
“Learn” deck choices compared to both ambiguous
individuals, b = 0.66, SE = 0.09, z = 6.92, p < .001, r = 0.17,
and good individuals, b = 1.07, SE = 0.12, z = 9.10, p < .001,
r = 0.23. Interestingly, when we entered self-reported interest
as the outcome variable, the results flipped. Participants
report that morally good individuals are more interesting than
ambiguous b = 0.72, SE = 0.08, t(212) = 9.48, p < .001, r =
0.55 and bad people, b = 1.34, SE = 0.11, t(215) = 12.44, p <
.001, r = 0.65.

bad individuals. This was in part surprising because we
expected moral ambiguity to lead to the most moral
information-seeking. However, looking to interest in serial
killers and true crime, the pull of extremely non-normative
moral others seems to be stronger than a motive to categorize
those who are not plainly good or bad.
We also found that self-reported interest showed the
opposite pattern of results. Participants self-reported being
most interested in morally good others, which points to the
self-monitored nature of morality. Our behavioral results
suggest that asking directly who people are interested in may
not be an effective strategy for studying morality in this way.
We take this discrepancy between the behavioral and selfreport findings as evidence of the need for a behavioral
measure. Morality is central to our self-concept and selfimage (Strohminger & Nichols, 2014), and is therefore
subject to self-presentation biases. Indeed, research suggests
that participants are less likely to prefer movies with bad
characters when self-presentation concerns are salient
(Krause & Rucker, 2020).
Our results also do not yield insight into what it is about
moral badness that is alluring. It is possible that it is simply a
negativity bias, or that moral badness is non-normative. If it
is about normativity of moral actions, then the less normal
someone’s actions the more information they have the
potential to provide. In the next experiment, we focus in on
ambiguity that is elicited by committing both good and bad
moral actions (morally average) and compare that to those
with extreme moral status—people whose actions are only
good or bad.

Experiment 2
Figure 2: Probability of choosing the “Learn” deck for each
of the Moral Character Types. Error bars depict 95%
Confidence Intervals.
Individual Differences For each individual difference trait,
we ‘glmer’ specified separate models that included the trait
and the Moral Status Type as predictors as well as their
interaction term to predict “Learn” deck choice. We first
tested whether Morbid Curiosity was a statistically
significant moderator. Results yielded no significant
interaction, but Morbid Curiosity was significant predictor of
“Learn” Deck choice, providing further evidence that
learning about why taps curiosity motives (b = 0.28, SE =
0.10, z = 2.78, p = .005, r = 0.08). There were no statistically
significant effects for the Need for Cognition or Evil
Essentialism models.

Discussion
Overall, Experiment 1 provided mixed evidence for our preregistered predictions. Moral ambiguity stemming from
conflicting judgments about individuals led to more curiosity
than morally good people, but they were significantly less
likely to prompt moral motive seeking behavior than morally

In Experiment 2, rather than manipulating ambiguity by
suggesting conflict in the categorization of a person (i.e.,
some people see them as good, others as bad), we created
ambiguity by varying the kinds of actions people committed,
creating an ambiguous person much more like the people in
our everyday lives than the antiheroes on our TVs. We
predicted that negativity would dominate curiosity.
Specifically, that moral ambiguity and moral badness would
both elicit more curiosity than extreme moral goodness. We
were again agnostic to whether ambiguity and moral badness
would stimulate different levels of curiosity.

Method
Participants We recruited a total of 335 participants from
Prolific with the goal of preserving a sample size of about 270
to match the power analysis from Experiment 1. After
excluding people who failed attention (N = 4) and
manipulation comprehension (N = 4) checks and those with
non-variance in deck choice responding (N = 71), we
conducted analyses on a final sample of 256 participants
(Mage = 35.04, SDage = 12.60, Male = 121, Female = 129,
Other = 6). Mirroring Experiment 1, the only inclusion
criterion for Prolific data collection was current United State
residence. Prolific participants were paid $3.37 on average
for their participation.
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Procedure We again used a fully within-in subjects design
to examine the effect of moral status (morally ambiguous,
morally good, or morally bad) on curiosity. To manipulate
moral character type, we told participants that we fed a
computer algorithm the actions reported by a separate sample
of people. The algorithm then categorized each of those
actions as either morally good or morally bad. We randomly
presented participants with distributions that were created by
simulating data in R (we also included a series of data
comprehension questions and omit anyone who did not
understand the distributions from analyses). Each distribution
had equivalent total N, variance, and absolute value of the
average. An example of each of the three distributions is
depicted in Figure 3.
Participants saw a distribution that corresponded to either
a good person (actions all clustered around good), a bad
person (actions all clustered around bad), or an ambiguous
person (some bad and some good actions) and were then
asked to select between the “Describe” deck and “Learn”
decks. Here again, the “Describe” deck yielded information
about the appearance of the person whose actions were
categorized, and the “Learn” deck revealed their moral
motivations and backstory. Participants made decisions for
30 distributions (10 of each moral character type).
After participants made all 30 decisions, we asked
participants about the normality of each of the Moral Status
types. They answered questions about how average (“How
average”) and how ideal (“How ideal”) a representative good,
bad, and ambiguous distributions was (i.e., normality; Bear
& Knobe, 2017). These judgments were not made at the trial
level. Participants then completed demographics questions,
the same six items from the MCS and the NFC scale.
Finally, we asked participants questions about the task. We
asked participants which deck was easiest, and which was
most fun. Interestingly, while the majority (54%) of
participants reported that the “Learn” deck was most fun,
86% reported that it was also the more difficult deck. This
pattern suggests that effort related to mentalizing about
others’ minds likely also played a large role in driving which
information people sought across the two studies (see
Cameron et al., 2019). Lastly, participants were debriefed and
compensated for their time.

Figure 3: Example images of the moral status manipulation
(good, ambiguous, bad, respectively). The pink distribution
depicts actions that cluster around good while the blue
depicts actions that cluster around bad.

categorized as good. To test this, we fit a series of mixedeffects regression models each with by-participant random
intercepts and Moral Status factor as a fixed effect. Using this
specification, we found that participants selected the “Learn”
deck more often for bad compared to ambiguous others, b =
0.18, SE = 0.06, z = 3.02, p = .003, r = 0.05, and for good
compared to ambiguous others, b = 0.14, SE = 0.06, z = 2.30,
p = .021, r = 0.04. People were more likely to select the
“Learn” deck, revealing the moral motives for individuals
categorized as bad (i.e., villains) and as good (i.e., heroes; see
Figure 4).
Next, we tested whether the individual difference traits
(MCS and NFC) influenced deck choice in two separate
models. For both of those models, we created an interaction
term that included the z-scored participant-level individual
difference score and the Moral Status factor and included
random slopes of the individual difference trait. Contrary to
predictions, neither MCS nor NFC was a significant
predictor, p’s > .07.

Figure 4: Probability of choosing the “Learn” deck for each
of the Moral Status types. Error bars depict 95% Confidence
Intervals.
Normality We also examined judgments of normality for
each of the Moral Status types. We fit mixed-effects
regression models with by-participant random intercepts and
entered Moral Status as a fixed effect. Results revealed that
ambiguous individuals were seen as most average compared
to good, b = 2.84, SE = 0.18, t(488) = 15.71, p < .001, r =
0.58, and bad individuals, b = 3.71, SE = 0.18, t(488) = 20.54,
p < .001, r = 0.68. We also found that good individuals were
rated as more ideal than both ambiguous, b = 2.70, SE = 0.16,
t(732) = 16.49, p < .001, r = 0.52, and bad, b = 5.70, SE =
0.16, t(732) = 34.86, p < .001, r = 0.79. Ambiguous
individuals were also seen as more ideal than bad individuals,
b = 3.00, SE = 0.16, t(732) = 18.37, p < .001, r = 0.56 (see
Figure 5).

Results
Moral information-seeking. We first tested whether people
were more curious to learn about the moral motives of
ambiguous and bad people compared to those that were
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Figure 5: Normality judgments for each Moral Status type.
The thick black line in the boxes represents the mean, and
the edges represent bootstrapped standard errors.

Discussion
Overall, we found mixed support for our hypotheses. Again,
morally bad individuals emerged as most interesting. Even
though participants rated them as the least ideal, it is the
minds of the bad guys that we are most curious about
understanding their motives. Our manipulation of moral
ambiguity also revealed interesting patterns of results.
Although morally ambiguous minds did not spark curiosity
for explanations to the degree that we predicted, we found
that people see their worlds as mostly consisting of people
who do both morally good and bad things, and the normality
of those individuals make them more boring than those who
deviate from normal moral behavior. We also found that
people were interested in explanations about the minds of
extremely morally good people. Here, it seems that whether
people deviate from what is morally normal drove the kind of
information people were interested in learning more about.

General Discussion
What do Tony Soprano, Dexter Morgan, and Harley Quinn
have in common? These fictional characters commit acts of
violence, yet we root for their success. Here, we examined
the allure of people with morally ambiguous character and
who committed morally ambiguous actions. Taken together,
our results provide a path for understanding what moral
ambiguity is, and evidence that both moral ambiguity and
immorality can serve as triggers of curiosity for explanations.
We found that when ambiguity refers to mixed moral
character people find them more interesting than those who
are morally good, but not those who are morally bad. In
contrast, when ambiguity referred instead to the kinds of
actions people commit (i.e., a mixture of good and bad acts),
people rate them as resembling the average person, and are
not motivated to seek explanations for their behavior or
further understand their minds. When someone’s actions
clustered around only good or only bad, we found that people
were more curious to learn about them. This suggests that
how much an individual deviates from what is morally
normative may hold the key for understanding both the
motive to explore the minds of others, and the function.
People whose morality differs from our own provides a
learning opportunity—to learn about the inner workings of a
mind different from our own or the ones we are familiar with.

We also found that deck decision and self-reported interest
did not predict the same patterns of results in Experiment 1.
People self-reported more interest for the morally good
targets than the ambiguous or bad targets. We took this as
evidence that the behavioral measure better captured
curiosity for explanations. Morality is self-monitored and
subject to impression-management concerns. Indeed, there is
documented evidence that preference for movies that contain
morally bad characters decreases under threat of social
judgment (Krause & Rucker, 2020). Future research should
investigate whether curiosity is greater for morally bad and
ambiguous targets than morally good ones when the
explanation information is held constant and the choice is
instead between the moral target (rather than kind of
information).
We also set out to explore whether individual differences
could explain for whom morally deviant or morally
conflicting information is interesting. We explored two
candidates, Morbid Curiosity and Need for Cognition, but
other measures that more closely relate to ease of thinking
about the minds of others might provide a richer
understanding of these behaviors. For example, empathy is
known to be cognitively taxing (Cameron et al., 2019).
People who have a hard time thinking about the minds of
others may have experienced the task in fundamentally
different ways than people who excel at that skill. Future
work should integrate individual differences in ability to
empathize and imagine the minds of others.
Borrowing from social psychological and neuroscientific
research and philosophical work on epistemic emotions, we
proposed that a primary motive in everyday life is to
understand the moral minds of others. Our daily experiences
with morality, reflected in the entertainment we are drawn to
illustrate the allure of moral information. Here, we provide
evidence of the allure of morally ambiguous and critically, of
morally bad information. It is noteworthy that ambiguity and
badness are more closely linked and elicit more motivation to
learn about the minds of others than goodness. We take this
unpredicted, but large difference as evidence that the basic
assumption that people seek moral goodness is not always
true (see also Pizarro & Baumeister, 2013). This inquiry
provides new insight into the seemingly paradoxical delight
of morally bad things, which we suggest motivate and inform
what we explore.
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Abstract
We explore contextual adaptation of referring expressions with
respect to referential ambiguity and communicative intention.
We focus not only on whether people adapt, but also on how by
contrasting lexical specification (e.g., “batter”) and syntactic
modification (e.g., “man in white pants”) when discriminating
between objects in natural scenes (e.g., a batter wearing white
pants and a referee). There are three main results. First, we
replicate that speakers adapt their expressions to avoid ambiguity. Second, communicative intention has an effect: participants tended to use more specific names in a discrimination
task than in a descriptive task, even without referential ambiguity in the context. Third, when given the choice, participants
tended to prefer more specific words over adding modification
– that is, using lexical rather than syntactic means to resolve
ambiguity. This suggests that it may be less demanding to increase informativity of referring expressions with lexical specification than syntactic modification.
Keywords: object naming; referring expression; communication; context effects

Introduction
People use language to talk about the world, and to do that
they need to produce adequate referring expressions for the
objects and entities of interest. We are interested in how people use the different possibilities afforded by their languages
when referring, depending on their communicative intention
and the context. For instance, for the person highlighted with
the red box in Figure 1a, one could use “the man”, “the batter”, and “the man in white pants”, among other options. The
choice between these options depends, among other things,
on the context an object occurs in. For instance, for Figure 1a
any of the options is fine, but in Figure 1b “man” would not
distinguish between the two men marked with the red and
blue boxes, respectively. Someone wanting to uniquely refer
to one of the two may thus prefer to use a different expression. Indeed, there is ample evidence that speakers adapt their
referring expressions to the context, and, in particular, that
they avoid expressions which are not informative enough to
allow identification of a target object (e.g., Brennan & Clark,
1996; Graf, Degen, Hawkins, & Goodman, 2016; Jescheniak,
Hantsch, & Schriefers, 2005). In the present study we explore contextual adaptation when people refer to objects in
natural scenes. Unlike previous studies, we focus not only on
whether people adapt, but also on how. In particular, we com-

pare the choice between lexical specification (e.g., “batter”)
and syntactic modification (e.g., “man in white pants”). We
use English data.
We use a standard paradigm, involving visual stimuli and
target objects presented together with other objects (e.g., Graf
et al., 2016; Jescheniak et al., 2005; Van Der Wege, 2009).
Participants are faced with a discrimination task, which asks
them to produce a referring expression that distinguishes a
target object from other objects in the context. Referential
ambiguity is manipulated by differences in categorization between the target object and other objects in the scene.
We contrast three context conditions. In the no-competitor
condition (Figure 1a), no other object is present which could
be referred to with the same name as the target object. The
two other contexts (panels (b) and (c)) both contain other objects that could be referred to with the same name as the target (e.g., “man” or “baseball player”) but differ in the way
this ambiguity can be resolved. In panel (b), the lexiconsufficient condition, this can be done by either lexical specification (e.g., “batter” or “hitter”) or syntactic modification
(e.g., “man with the red shirt”). In panel (c), the syntaxnecessary condition, only syntactic modification is possible
(e.g., “the man looking left”).
Previous work using this paradigm has predominantly used
artificial stimuli, involving side-by-side presentation of isolated objects (e.g., Graf et al., 2016; Jescheniak et al., 2005).
In the present study we use natural scenes such as those in
Figure 1. This provides more ecological validity, which is
desirable in general; and, in particular, this allows us to include: (1) Objects of varying properties, as not all are equally
prototypical, or prominent in an image; also, they exhibit different properties that correspond to variation found in reality, such as baseball players from different teams wearing
different colors; (2) Scenes with objects that actually appear
together in natural contexts (e.g., baseball players often appear in scenes with other baseball players, and with referees); (3) Bottom-up induced categories of objects (as a result
of relying on a large-scale dataset; see Methods for details),
which differs from the often limited set of basic-level categories used in psycholinguistic studies. Note that one could
also use more varied categories with artificial contexts; how-
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(a) no-competitor

(b) lexicon-sufficient

(c) syntax-necessary

Figure 1: Examples of visual contexts with and without name competitors. Referential targets are indicated by the red boxes.
ever, “discovering” which kinds of objects afford alternative
referring expressions in the first place is a more inductive process.
Furthermore, the chosen experimental design allows us to
address three questions. The first is whether people use more
informative expressions when the context induces referential
ambiguity. For example, considering Figure 1, we expect
participants to produce more informative expressions, using
either lexical specification or syntactic modification, for the
targets in panels (b) and (c) than for the target in panel (a).
Previous work with artificial stimuli indicates that this should
be the case and we expected this result to generalize to natural scenes. The main purpose of this part of our study is to
ensure sensitivity of our materials and task to study variation
in referring expressions.
The second question probes the linguistic means that people use when they need to adapt their expressions to the context. As mentioned above, people can felicitously refer to the
target in Figure 1b by using either lexical specification (“batter” vs. “man”) or syntactic modification (“man with the red
shirt” vs. “man”); and the question is whether people prefer
the lexical or the syntactic route if both are a viable option to
avoid referential ambiguity.
The third question is whether the communicative intention
modulates lexical specificity. We contrast the intention to
uniquely refer to an object (our discrimination task) to merely
providing a description (in an object naming task). Relatively
specific names like “batter” are also used in descriptive object
naming, although less specific names like “man” are typically
preferred (e.g., Silberer, Zarrieß, & Boleda, 2020). We expect specific names to be used more in referential tasks when
there is referential ambiguity; however, it is unclear whether
this effect will also be found for unambiguous cases like Figure 1a, where specification is not required for discrimination.
In addition, contrasting the rate of lexical specification across
tasks allows us to evaluate whether (and to which degree) lexical choices in descriptive tasks are adapted when competitors
are present in the context. Previous evidence suggests that
this may indeed be the case, albeit to a smaller degree than in
a referential setting requiring discrimination between objects
(Van Der Wege, 2009).

Methods
Participants
We recruited 96 English native speakers from Amazon Mechanical Turk to participate in the study. They were paid
$4.5. The results from 11 additional participants were excluded because they provided responses in less than 67% of
the production trials.

Materials
We selected 72 images of natural scenes according to the
following criteria. Twenty-four images were selected for
each of the three context conditions: no-competitor, lexiconsufficient, and syntax-necessary (see Figure 1). The potential
for referential ambiguity was defined relative to a set of reference names and a set of specific names for each image. The
same 24 pairs of reference and specific names were used in
all three contexts. Reference names were defined as object
names which are only informative in the no-competitor condition (e.g., “person”, “man”, “baseball player” for the images
in Figure 1). Specific names were defined as object names
which are informative in the no-competitor and lexiconsufficient condition but not in the syntax-necessary condition
(e.g., “batter” or “hitter” in Figure 1). Of note, for several
name pairs (e.g., “bird” – “pelican”; “car” – “van”) reference
name and specific name correspond to a taxonomic classification into basic level and subordinate level names (Rosch,
Mervis, Gray, Johnson, & Boyes-Braem, 1976). However,
not all name pairs were strictly taxonomical (e.g., “man” –
“batter”, “bottle” – “wine”).
Images were selected from the ManyNames dataset
(Silberer, Zarrieß, & Boleda, 2020). This dataset provides
36 crowd-sourced name annotations for target objects in 25K
naturalistic images selected from VisualGenome (Krishna et
al., 2017). We identified potential pairs of reference names
and specific names based on the name variation attested in
ManyNames. Image selection required a series of processing steps. We used a state-of-the-art Computer Vision model
(Anderson et al., 2018) to detect objects in the images and label them. We first identified images in which multiple objects
with the same name as the target object (henceforth called
competitors) in ManyNames were detected (ca. 5K images).
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We filtered out images for which the ManyNames data suggested that lexical specification may not be possible (i.e., a
specific name was not used at least once) and considered only
name pairs for which images with and without competitors
were available. The remaining candidate images containing
competitors were then manually checked to differentiate between the lexicon-sufficient and syntax-necessary conditions.
The final goal of this selection procedure was to have triplets
of images with highly similar objects that could be named
with the same set of reference vs. specific names (see Figure 1).
In each image, the target object was marked with a red box,
corresponding to the box used in ManyNames, and we additionally marked a second object with a blue box. In the
no-competitor condition, the blue object shared neither reference nor specific name, meaning there was no potential for
referential ambiguity (beyond generic terms like “object”; see
Figure 1a). In the lexicon-sufficient condition the blue object
shared the reference name but not the specific name with the
target object, meaning that lexical specification could resolve
ambiguity (see Figure 1b). In the syntax-necessary condition, the blue object shared reference and specific name with
the target object, meaning that lexical specification could not
resolve ambiguity (see Figure 1c). Three additional images,
one for each context condition, showing target images from
different categories than the critical items, were selected as
warm-up trials.
An additional set of 36 images, from different objects categories, was selected to serve as stimuli in the identification
trials (see below). As in the production set, two objects were
marked in each image, one with a red box, and one with a
blue box. We created an expression for each image which described either the object in the red box or the blue box (each
for half of these images). Among these images, 12 had no
competitor and 24 had a competitor object (corresponding to
the distribution in the production set). For the images with
competitors, referring expressions were chosen to be informative with a lexical specification (8 images), informative
with a syntactic modification (8 images) or uninformative
(i.e., not allowing identification of the target image; 8 images). Uninformative expressions were included to highlight
the need to provide informative responses in the production
task.

Design
There were two tasks, identification and production. In the
identification task participants had to identify the target object in the image (i.e., red or blue box) based on the referring
expression we provided. This task was included to make the
communicative context more salient to the participants (see
below) and was always conducted first. In the production
task participants were asked to describe the target object so
that another person would be able to identify which object
they are referring to.
We used a fully crossed within-participants and withinitems design, i.e., all participants saw all three conditions and

all 72 images in the production task, and all 36 images in the
identification task. Trials in the identification task were randomized but shown in the same order to all participants. For
the critical production task, the sequence of conditions (per
name pair) was counterbalanced across participants using a
Latin square design. Six lists were created. In each of these
lists, every 24 trials consisted of one image from each name
pair, with all 3 context conditions appearing equally often.
Lists were equally distributed across participants with different randomized trial sequences for each participant.

Procedure
The experiment was conducted online via Pavlovia
(https://pavlovia.org/).
There was no time limit
for completing the study. At the beginning of the experiment,
participants were informed that the goal of the experiment
was to study how people talk about objects. First they completed the identification task. Images were presented centred
on the screen with a description below. Participants were
informed that this description had been provided by other
people. They were asked to indicate whether the description
refers to the object in the red or the blue box by pressing R
or B on their keyboard and to choose the more likely target
object if the description would not be clear enough.
After the identification trials, the production task started.
Images were again shown centred on the screen, but instead
of a description, now an input field for text was placed below them. This field contained already the definite determiner “the”. Participants were instructed to type a description for the object marked by the red box, so that another person would be able to identify which object they are referring
to. It was implied that the descriptions they provide could be
shown to other participants in the identification task. They
were instructed to describe the object itself and to avoid using the color of the box or the location of the target object in
the image, because images may be presented differently for
a person reading their description (e.g., the image could be
mirrored). This was done to discourage the overuse of scarce
expressions like “the left object”. Participants could provide
referring expression without a limitation in length. The production task started with 3 warm-up trials.

Data Processing
Preparation of the production data for analysis involved a
series of processing steps to identify the object name and
syntactic structure of the responses. This included spelling
correction and homologisation of spelling variants based on
the US-English dictionary of the enchant library (https://
abiword.github.io/enchant/)) and syntactic parsing using the Stanford CoreNLP library (Manning et al., 2014). 1
The spellchecked and parsed responses were categorized
into different response types of interest using a list of expected reference and specific names for each name pair. Synonyms or superordinate names of a given reference name
1 The data and the scripts used for preprocessing and analysis are
provided here: https://osf.io/p3jt5/.
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were treated as equivalent to the reference name (e.g., “man”,
“guy”, “person”); synonyms and subordinate names of a
given specific name were treated as a lexical specification
(e.g., “batter”, “slugger”, “hitter”). The response types of interest were: (a) no specification (i.e., only a reference name
was used; e.g., “the man”), (b) lexical specification (i.e., only
a specific name was used; e.g., “the batter”), (c) syntactic
modification (i.e., a reference name was used with some syntactic modification; e.g., “the man with the red shirt”), or
(d) lexical specification and syntactic modification combined
(i.e., a specific name was used with some syntactic modification; e.g., “the batter with the red shirt”). Any response with
a more complex syntactic structure than a definite determiner
followed by a noun was counted as including a syntactic modification. Noun-noun compounds were only treated as syntactic modifications if they were not included in a list of common
compounds (Muraki, Abdalla, Brysbaert, & Pexman, 2022).
Therefore, a response like “tennis player” was counted as a
lexical specification whereas “front court player” was not.

Results and Discussion
Figure 2 shows the proportion of response types across context conditions.2 In the three analyses reported below we analyze relative proportions of the different response types using generalized mixed effects models (binomial family) fitted
in R (R Core Team, 2021) using the lme4-package (Bates,
Mächler, Bolker, & Walker, 2015). A preregistration of our
hypotheses and analysis plan can be found here: https://
aspredicted.org/gs9sb.pdf. Responses in which the target object itself was not described were removed prior to the
analyses. This included erroneous responses (i.e., missing responses, not referring to the object in the red box) as well as
responses describing another concept than the intended target
(e.g., “girl” instead of “the shirt worn by the girl”). Responses
of the later kind partially reflect variation in how participants
interpret the bounding box (for discussion of this problem
see Silberer, Zarrieß, Westera, & Boleda, 2020). However,
some of these responses may also be deliberate attempts by
the participants to avoid referential ambiguity by focusing on
distinctive features of the target objects rather than the object
itself (e.g., “the red shirt” instead of “the player with the red
shirt”). We leave it to future work to explore the use of this
strategy in our task.

General Context Effect
In the first analysis, we tested whether the frequency of using
any type of specification (i.e., lexical specification, syntactic
modification or both combined) differed across context conditions. The fitted model included a fixed effect of context
condition as well as corresponding random slopes (and intercepts) for participants and name pairs. As expected, the proportion of specific responses was larger in the two contexts
with competitors than in the no-competitor context. There
2 Analyses including trial block demonstrate highly consistent response type proportions across the experiment (see OSF-repository
for details).

Figure 2: Response type proportions by context condition.

was no significant difference between the lexicon-sufficient
and syntax-necessary contexts (see Table 1). This pattern
replicates the finding, well attested in previous work using artificial stimuli, that referring expressions are adapted to avoid
referential ambiguity. Most importantly, it demonstrates that
our design, in particular using an imaginary interlocutor and
natural scenes as stimuli, resulted in meaningful variation in
referring expressions.
It is worth noting that participants produced a fair amount
of responses without any specification even when the context demanded it (see Figure 2), which suggests insufficient
attention or compliance with the instructions. However, we
want to note that we did not formally test whether a given
response would result in successful discrimination by an interlocutor. For instance, in the case of Figure 1c any lexical
choice (“man”, “baseball player” or “batter”) seems insufficient to distinguish between the target and the competitor
object. However, there may be a general bias towards the visually more salient object (here the batter in the front), which
speakers take into account when choosing their expression.
Similar considerations can be made for visual typicality with
a bias towards the more typical candidate object for a given
name (for an analysis of typicality effects on lexical choices
see Gualdoni, Brochhagen, Mädebach, & Boleda, 2022).

Response Types in Competitor Contexts
The second analysis explored differences in specification type
(lexical, syntactic, or both) between the two contexts with a
competitor. The no-competitor condition was excluded from
this analysis because variation in the relative proportions of
lexical specification vs. syntactic modification is unlikely to
reflect variation induced by the context but rather unspecific
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Table 1: Differences between context conditions in the
overall rate of specification (regardless of type).
Contrast
no-comp. vs. lex-suf.
no-comp. vs. syn-nec.
lex-suf. vs. syn-nec.

Est.

SE

z

p

-2.67
-2.98
-0.32

0.41
0.36
0.38

-6.47
-8.32
-0.83

<.001
<.001
.406

Note. Estimates are on the log-odds scale; p-values are adjusted
using the Holm-correction for multiple comparisons. Dependent
variable is the proportion of any type of specification response
(i.e., lexical, syntactic, or both) vs. no specification.

Table 2: Differences in response type proportions between
the lexicon-sufficient and syntax-neccessary contexts
Response type
syntactic
lexical
lexical&syntactic

Est.

SE

z

p

-1.83
1.52
-0.82

0.31
0.29
0.30

-5.83
5.20
-2.75

<.001
<.001
.006

Figure 3: Proportion of using a lexical specification (vs. reference name) by task and condition. Small dots reflect individual images. Large black dots reflect mean and 95%CI across
the images. Blue indicates an increase and yellow a decrease
of lexical specificity in the discrimination task for this image.
Table 3: Fixed effect estimates for the effects of task and context
on the lexical specification rate.

Note. Estimates are on the log-odds scale. Estimates reflect the
probability of choosing the respective response type. For the estimates of purely syntactic modification or lexical specification data
points with the combination of both were excluded from analysis.

Fixed effect

variation across images. All fitted models included a fixed
effect of context as well as corresponding random slopes (and
intercepts) for participants and name pairs.
Participants combined lexical and syntactic modification
more frequently in the syntax-neccessary context than in
the lexicon-sufficient context. The combination of the lexical and syntactic route could – in principle – be considered
over-informative, as one of the routes would be sufficient
to avoid ambiguity. The phenomenon of over-informative
responses has been well attested in the literature (Deutsch
& Pechmann, 1982; Engelhardt, Bailey, & Ferreira, 2006;
Koolen, Gatt, Goudbeek, & Krahmer, 2011; Degen, Hawkins,
Graf, Kreiss, & Goodman, 2020). Over-informativity is a
puzzle from a purely information-centered approach that assumes that speakers will be optimally informative (Frank &
Goodman, 2012) but has been argued to serve efficiency in
language by allowing for a faster identification of referents
(Rubio-Fernández, 2016). In the context of the present study,
it is worth noting that “over-informative” lexical specifications occur irrespective of context as part of natural naming
variation (see for instance the no-competitor context in Figure 2). It seems likely that participants who would generally prefer a more specific name for a given object would opt
to add syntactic modification to this name rather than opting
for syntactic modification of a dispreferred (and less informative) object name. In other words, the higher rate of “overinformativity” in the syntax-necessary condition may largely
reflect that participants needed to add a syntactic modification
even if their name preference was relatively specific, whereas
such addition was not necessary in the lexicon-sufficient condition.

(Intercept)
task
lexicon-sufficient
syntax-necessary
task:lexicon-sufficient
task:syntax-necessary

Estimate

SE

z

p

-1.03
-0.63
0.34
0.16
-0.43
0.01

0.26
0.19
0.18
0.18
0.18
0.18

-4.00
-3.26
1.89
0.89
-2.37
0.04

.001
.058
.375
.018
.971

Note. Estimates are on the log-odds scale. The intercept reflects the
average proportion of using a lexical specification (vs. a reference-level
name) for the no-competitor context across tasks. The condition contrasts
reflect the difference to the no-competitor condition across tasks. The
interaction terms reflect the change of the respective condition contrast
across tasks.

Of particular interest is the choice between two different
forms of discriminating between two objects of the same category: using a more specific word (lexical specification), or
a more complex noun phrase while keeping the head noun
non-specific (syntactic modification). Here the main condition of interest is the lexicon-sufficient condition, in which
subjects can actually choose between the two routes; in the
syntax-necessary condition, the lexical route is not available.
Correspondingly, we observed a higher rate of syntactic modification and a lower rate of lexical specification in the syntaxnecessary condition. Importantly, the fact that the syntactic
modification rate is lower and the lexical specification rate is
higher in the lexicon-sufficient condition suggests that lexical specification may generally be preferred to some extent if
both routes can be used to avoid referential ambiguity.

Task Effects
In the third analysis, we contrasted the use of a lexical specification (vs. using a reference-level name) in our data and in
ManyNames. Our subjects carried out a discrimination task,
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whereas in ManyNames participants were asked to perform a
descriptive task – to produce a name for a given object. For
this analysis, we focus on the name, ignoring modification;
that is, using the specific name and a modifier is counted as
using the specific name, and using the reference name and
a modifier is counted as using the reference name. This is
for comparability, because in ManyNames subjects were constrained to use only names, not free referring expressions as
in our experiment. Because of this restriction, we do not have
information about people’s preferences with respect to syntactic modification in a descriptive task.
This comparison with the descriptive task in ManyNames
serves two purposes. First, it allows us to evaluate whether
the task demands themselves induce a shift in lexical specificity when referring to objects. Second, it allows us to evaluate whether the frequency of lexical specification in the two
competitor contexts (see above) is driven by uncontrolled differences in name preference for the images used in these conditions. If so, the same difference between contexts should be
observed regardless of the task.
For this analysis, we aggregated the data to yield the lexical specification proportion for each image in each task. The
statistical model included fixed effects for task and condition
as well as their interaction. By-image and by-name pair intercepts, as well as by-image random slopes for the task effect
were included as random effects in the model. Figure 3 illustrates the relative frequency of using a specific name (vs. a
reference name) across tasks and context conditions. Table 3
shows the fixed effect estimates of the statistical model.
Lexical specification was generally more frequent in the
discrimination task. Importantly, this effect was found for
all three context conditions (ps < .002). This suggests that
the communicative context of the discrimination task may
shift name variation towards more specific object names even
if the specification is not needed or not sufficient to avoid
referential ambiguity. Notably, there was an interaction of
task and condition for the contrast between the no-competitor
and lexicon-sufficient condition. This reflects that these contexts only differed reliably in the discrimination task (p =
.015), but not in the descriptive task. In fact, none of the
conditions differed significantly in the descriptive task (ps >
.99). This shows that the higher rate of lexical specification
in the lexicon-sufficient context (as compared to the syntaxnecessary context) in the discrimination task is not driven by
uncontrolled differences in name preference inherent to the
specific images we chose for these contexts. Moreover, this
result suggests that potential referential ambiguity impacts
lexical choices in purely descriptive tasks much less than in
discrimination, if at all (cf. Van Der Wege, 2009).

Summary and Conclusions
In the present study we have explored contextual adaptation
when people refer to objects in natural scenes, with respect
to referential ambiguity and communicative intention. There
are three main findings. First, we replicate the previous find-

ing that speakers adapt their expressions to avoid referential
ambiguity in a given visual context. Second, we find that
the communicative intention has an effect over and above the
ambiguity of the context: subjects tended to use more specific object names in a discrimination task than in a descriptive task, even when they didn’t need to because there was
no referential ambiguity in the context. Third, the most novel
finding is that, when given the choice, people tend to prefer
to provide more information by using a more specific word
rather than adding modification – that is, using the lexical
rather than the syntactic means that language offers.
This last result suggests that the lexical route may be less
costly for speakers. One possibility is that navigating the lexicon in search for a more specific name generally requires
less effort than building a syntactic structure (which arguably
involves additional processes in conceptualisation and grammatical encoding). Another possibility is that this result reflects merely a trade-off between retrieving a single vs. multiple lexical items when producing longer noun phrases. It is
possible that our materials favored the lexical route, because
we chose target objects for which specific names were already
relatively frequently used in a purely descriptive task. More
research is necessary to determine the boundary conditions
for the bias towards lexical specification we observed. If this
finding is indeed related to cognitive effort, then it should be
modulated by factors affecting the cognitive demand imposed
by choosing a lexical specification (e.g., lexical frequency of
a specific name) and factors affecting the cognitive demand
imposed by choosing a syntactic modification (e.g., syntactic
complexity).
A related question is whether the choice between lexical
specification and syntactic modification follows from a continuum of candidate expressions in which lexical specification tends to be less costly (at least for the present images)
or whether there are other factors biasing referential expressions towards lexical specification beyond the cognitive demand for the speaker. One limitation of the present study is
that expressions were always produced in the written modality. It seems likely that the effort required for lexical specification vs. syntactic modification will differ to some degree
with different output modalities. It may be, for instance, that
the (motoric) effort associated with the length of an expression (syntactic modifications are almost always longer than
lexical specifications) has a larger impact when writing responses on a keyboard (as in the present study) compared to
speaking or signing directly with an interlocutor.
We hope that future work will probe these issues and that
the present study serves as a step towards a more comprehensive understanding of not only whether people choose to be
more informative (the focus of most work in the area), but
also how.
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Abstract

Shared intentionality

The Covid-19 pandemic altered workplaces. For those with
‘office jobs,’ this meant working ‘virtually,’ or remotely, from
home. This transition forced organizations and workplaces to
exercise flexibility, adapt workflows and rely on Information
and Communication Technologies (ICTs) to work remotely.
However, Blind and Partially Sighted Individuals (BPSI) face
challenges accessing work digitally and remote
communications through ICTs. In response, we report on the
results of our longitudinal participatory design study
investigating the impact of working and training over a
distance for BPSI. What emerged is a conceptual model to
assist in understanding how ICT interfaces convey spatialtopological cues for the construction of shared intentionality in
virtual work environments. The implications of our model
could be significant, as it aids understanding of what is lost and
gained when transitioning to virtual work environments. This
could inform the development of ICTs with cross-sensory
interaction and national accessibility policies for the
workplace.
Keywords: Inclusive design; Perception;
Representations; Diagrams; Shared intentionality

Shared intentionality is an area of research and philosophical
inquiry since ancient times and across many disciplines,
which is the capacity to engage with others in collaborative
interactions with joint goals, intentions and cooperative roles
for pursuing said goals (Gilbert, 1989; Searle, 1995;
Tomasello et al., 2005; Schweikard and Schmid, 2020).
Shared intentionality is prevalent in our lives, for example, it
is what motivates two or more individuals to raise a child,
compete in team sports, play in an orchestra or work in an
office. It can be demonstrated in our everyday actions, for
instance, stopping at an intersection with another car that is
flashing their turn signal. The other car signals a left turn, this
light flashing is enough of an implicit statement for you to
assume the intention to turn left and therefore understanding
the goal of the interaction. For this reason, you wait for them
to turn before proceeding (Broz, 2008).

External

Spatial and topological properties of everyday
interactions

Introduction
The Covid-19 pandemic resulted in a transition to working
virtually and remotely from home. This transition more
greatly impacted Blind and Partially Sighted Individuals
(BPSI), who faced challenges with digital accessibility,
setting up their home offices, financing assistive devices,
remote communications and employer support (Ginley,
2020). In order to investigate the impact of the transition to
working and training over a distance for BPSI, a longitudinal
participatory design study that consisted of semi-structured
interviews, observational research and co-design sessions
was conducted. What emerged from this study is a conceptual
model to assist in understanding the degree to which
Information and Communication Technologies (ICTs)
convey spatial-topological (S-T) cues for the construction of
shared intentionality in virtual work environments.

In contrast to a real-world situation, spatial and topological
properties of everyday interactions, such as gestures, facial
expressions, pictures, diagrams or schematics, are conveyed
through ICTs in varying ways. For example, consider a
scenario where you decide to stop by your manager’s office
to discuss a task with them. When you arrive, their posture,
affect, tone and disarray of objects in the room, allow you to
infer that they may be stressed, and it may not be the best time
to discuss something with them. These perceptual cues of the
physical environment (by means of the light reflecting from
objects and people) and communication (implicitly) when
perceived inform your understanding of interactions that
would be unavailable if you only had access to what is
explicitly stated through spoken language or text chat.
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Virtual work environments for blind and
partially sighted employees
Physical and virtual environments differ in how everyday
interactions convey S-T properties. These are cues derived
from objects and people that occupy space, and the relations
between these. For example, consider a meeting held in the
brick-and-mortar workspace; you may enter a room with

other people, furniture, a whiteboard and office supplies.
These people and objects are in spatial and topological
relation so that the individual may apply meaning or act upon
when perceived. This aids in understanding that a meeting is
occurring. On the other hand, virtual environments are
limited in the S-T properties conveyed due to a lack of or
limited transmission of implicit communications cues such as
gesture, tone, body

Figure 1: Tomasello et al.’s (2005) shared intentionality adapted for virtual work environments depicting an example of
descriptive language use during smartphone training for BPSI
language that people use to infer the intentions of others.
These implicit communication cues represent S-T
information that can be used to infer the intentions of others
(Furlanetto, 2013; Cavallo et al., 2017; Koul et al., 2019;
Tversky, 2021). In the absence of these cues, what users can
perceive of the people, objects and environment is restricted
to what the interface facilitates; in most cases, they are
limited to what video conferencing software provides.
ICT-based virtual work environments are composed of
external representations we perceive through our senses.
Examples include interface displays for videoconferencing
that runs on a computer; it is composed of rows of buttons
labelled with text and icons. The computer’s beeps, alarms,
and speech are also external representations, as are the
moving images of a video conference call. These external
representations play a powerful role in thinking and
sensemaking, otherwise individuals would have to rely solely
on their internal representations to make sense of the world
(Kirsh, 2010; Tversky, 2010). Furthermore, in virtual work
environments, the representations you may experience might
be both diagrammatic (e.g., charts, 3D objects) and sentential
representations (e.g., text chat) (Larkin and Simon, 1987).
This study builds on Tomasello et al.’s concept of shared
intentionality (2005), however, that model assumes in-person
interaction. Therefore, a way to discuss the construction of
shared intentionality through ICT-mediated interactions is
introduced. For this, Larkin and Simon’s concept of
diagrammatic and sentential representations was used. They
define diagrammatic representations as those that preserve
the topological and geometric relations among the

components of a data set, while sentential representations are
those that preserve temporal or logical sequence within a data
set (Larkin and Simon, 1987).
Figure 1 (adapted from Tomasello et al., 2005)
demonstrates how shared intentionality emerges in virtual
work environments. Each employee’s understanding of the
shared goal is informed by their internal representations
based on previous experiences, the S-T properties, or
diagrammatic properties, conveyed through the external
representations via ICTs (the laptop) and informed by mutual
knowledge (MK) between both parties. This results in the
success or failure of the shared goal. Shared intentionality
requires individuals to infer the intentions of others. In
situations where they cannot draw upon knowledge, based on
their experience, as a resource for inferring the individual’s
intentions, they may form assumptions of what the other
person intended.
Individuals with sight loss vary in their abilities to access
diagrammatic representations that are presented visually. For
example, a BPSI who relies on screen-reader technology has
access to text-based tags and labels, text, and the spoken
language of the video conference (if they are not deaf or hard
of hearing). Without non-visual diagrammatic properties in
ICTs, spatial-topological ambiguity can impede the
construction of shared intentionality. For example, consider
the experience of a blind and partially sighted employee in a
meeting where the screen share function is used to
demonstrate a chart. Charts contain spatial relations, or
diagrammatic properties, between plot points critical to infer
value and meaning (Coppin et al., 2015). The conceptual
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model provides a better understanding of this S-T ambiguity
for BPSI, for whom diagrammatic properties are more
difficult to perceive and rely on the conceptual specificity of
language, or sentential properties.

Methods
Participants
Participants (N= 19; age range = 18-64) of the study included
clients and staff from a vision loss organization, and experts
from the vision loss community. Participants of the study
were both sighted and reported some degree of sight loss.
Participants were part of an employment program which
offers BPSI job connections, job-readiness workshops,
technology training and connections to employers; clients of
a national provider of rehabilitation services for people who
are blind or who have experienced significant loss of vision;
and participants of technology workshops.

Design methodology

The model is composed of three dimensions of a Cartesian
coordinate system. This includes Spatial-topological (S-T)
synchrony (Fig. 3, x-axis) which is the degree to which
diagrammatic cues, through video, spatial audio, or haptics,
offer implicit communication cues, such as gestures, body
location, or visual-spatial representations (e.g., diagrams). 0
denotes sentential descriptions of 3; 3 denotes diagrammatic
representations of 5, for example, as in a video recording; 5
denotes spatial-topological properties of a physical event.
Temporal synchrony (Fig. 3, y-axis) is the degree to which
interactions are synchronous or asynchronous. 0 denotes an
asynchronous sentential description of 3, for example as in a
letter; 3 denotes a recording of 5; 5 denotes a synchronous
event. Mutual knowledge (MK) creation (Fig. 3, z-axis) is
the degree to which diverse perspectives facilitate the joint
construction of knowledge. 0 denotes no MK of working with
BPSI (in the context of this study); 3 denotes some MK of
working with BPSI; 5 denotes lived experience of sight loss,
the extent of MK. All three axes combined, 0,0,0 denotes a
scenario where shared intentionality is low, 5,5,5 denotes a
scenario where shared intentionality is high. The model will
be demonstrated through five case studies collected during
this study.

Figure 2: Study design methodology
This study was conducted using longitudinal participatory
design. Participatory design is an iterative approach
involving exploration, design discovery, prototyping and
assessment that allows “[participants] and researchers to
critically examine the impacts of redesigns in progress”
(Spinuzzi, 2005). This methodology was particularly
effective for this project which focused on deriving
observations from an evolving and dynamic situation that
resulted from the Covid-19 pandemic. Each stage of the
research process was designed based on previous steps, as
demonstrated in Figure 2, and the methodology was fluid and
iterative as the study responded to the needs of the virtual
work environment of BPSI. The study involved ten semistructured interviews, two observational research training
sessions and two co-design sessions, leading to the
development of our conceptual model.

Results: The model

Figure 3: Demonstration of the model through case
studies
Case study 1: Skype Stalking. Participants reported a
practice in the virtual work environment called “Skype
Stalking.” This practice is when managers would infer
whether employees were “at work” based on whether or not
an information display on an ICT, (such as in Skype)
displayed the employee’s status as “online.” The inference
that employees were online was then further used to infer
whether they were working on their assigned tasks. Skype
Stalking is placed at 0,5,0-3 (Fig. 3) in the cartesian
coordinate system. This case study depicts a situation in
which the construction of shared intentionality is low. It is
placed at 0 on the 5-point scale of spatial-topological
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synchrony because the indicator is a sentential description of
a diagrammatic representation and thus provides no S-T cues.
In other words, remote work meant that the manager did not
observe if the employee was “at work,” or how hard they
were working through perceptual cues of objects and people
in the room. This practice appears to be an attempt to
compensate for the lack of cues by relying on internal
representations based on memories of previous interactions.
Further, Skype Stalking relies on an ICT display that claims
to indicate the employee’s status synchronously. For this
reason, it is placed at 5 on the 5-point scale, however the
indicator conveys no information about whether the
employee is engaged in work. Participants reported that
managers may not possess the knowledge of disability, or had
previous conversations with BPSI, and is relying on
assumptions of how work is done, thus placing this example
at a range between 0 and 3 on the 5-point scale of MK
creation, indicating that the manager has no or some
experience working with BPSI. Consider how the lack of
shared intentionality could impact the working relationship
in the long-term. This employee could feel surveilled. This
could impact trust amongst team members, which in turn
could affect how the team cooperatively works together to
complete tasks.
Case study 2: The Hand over hand method. Instructors of
vision loss rehabilitation services use “Hand over hand”
when teaching life skills, such as cooking or gestures on a
smartphone. An instructor places their hands directly on a
BPSI’s hands to show how to perform actions. Hand over
hand falls at 5,5,5 (Fig. 3), a scenario where shared
intentionality is high. BPSI use sensory modalities outside of
vision to perceive S-T cues of the physical environment. The
instructor’s hand-over-hand takes this further, as this takes
place in the real-world and thus possesses all the S-T and
temporal synchrony it affords, placing it at 5. Participants
found instructors with lived experience of sight loss relatable
as they have the internal representations of learning activities
for the first time. There is high MK creation from these
representations, placing it at five on the 5-point scale.
Case study 3: Physical environment bias. Participants
referred to a “physical environment bias” (Fig. 3) which
describes the preconception that working in-person and in the
same space is required to work. For this reason, physical
presence was the default way of thinking to inform decisionmaking related to remote work policies and accessibility
measures and practices. Physical Environment Bias is
denoted at 5,5,0-3 of the cartesian coordinate system.
Physical environments, or the real-world, possess all S-T
cues limited to human perception putting it at five on the 5point scale of S-T synchrony and involve synchronous
interactions, placing it at five on the 5-point scale of temporal
synchrony. This bias may result from defaulting to
perceptually rich environments, making the need to rely on
internal representations less likely. In addition, virtual work
environments result from an evolving situation caused by the

Covid-19 pandemic. For this reason, this bias is denoted by
0-3 on the 5-point scale of MK, where the phenomenon may
arise from no or some experience working with BPSI in
virtual environments.
Case study 4: “Technology developed in silos”
(inconsistent interfaces). Participants expressed concerns
that “technology is being developed in silos” (Fig. 3). This
was their way of referring to the many inconsistent and
therefore difficult to learn interface designs in their
workplaces (e.g., Zoom versus Microsoft Teams). This
inconsistency is denoted via the 3-5 range of the purple plane
on the z-axis, indicating the lack of MK amongst ICT
developers. In addition, these interfaces afforded very few
accessible (non-visual) diagrammatic cues, placing the
purple plane at 0 on the x-axis. Interfaces of this case study
included both synchronous and asynchronous features,
placing the purple plane at the 0-5 range on the y-axis.

Figure 4: Virtual working solutions
Case study 5: Virtual working solutions (VWS) refer to
workarounds in response to insufficient perceptual cues
available through ICTs (such as a lack of cross-sensory
diagrammatic cues for a BPSI learner using a graphically
oriented video conferencing system). Increasing spatialtopological synchrony: As a result of the Covid-19
pandemic, life skills training (e.g., cooking) for BPSI was
delivered through ICTs rather than in-person. Translating this
training to an ICT-mediated interaction (e.g., video
conferencing) meant using language to describe embodied
actions (e.g., chopping an onion). Sentential representations,
or language, can result in conceptual ambiguity (Coppin et
al., 2015). In physical environments, life skills instructors
indicated using the ‘Hand over hand’ method to demonstrate
embodied actions. In the virtual context, individuals with
sight loss are more impacted as they would not have access
to S-T cues provided through video conferencing. Consider
how a haptic glove can simulate haptic experiences through
the sense of touch and is thus a way for S-T cues to be
transmitted. A haptic glove could transmit interactions, like
Hand-over-hand, gestures or pointing (Perret & Vander
Poorten, 2018). In this scenario, it could simulate the action
of chopping. This would result in a shift along the x-axis from

3198

0 (Fig. 4), sentential record (e.g., using language to describe
an action), to 4, more S-T cues conveyed, not as many as the
real-world, however more than what a video conference
would provide. Increasing temporal synchrony: Email
miscommunications can occur in the absence of S-T cues
such as tone, body language, facial expressions that convey
implicit communication cues that inform an individual’s
understanding of the interaction. It is also an asynchronous
format, reducing the ability to explain one’s intentions in
real-time. For this reason, email miscommunications are
placed at 0 temporal synchrony, sentential record. A
synchronous meeting would put this case study at 4. It would
convey more S-T properties than a recording of the
synchronous event and fewer than what an interaction in the
real-world provides (Fig. 4). Increasing mutual knowledge
creation: Clients shared that consistency in trainers and
personalized learning materials were helpful for their
learning. For this reason, having an inconsistent trainer for
technology sessions is placed at 0, no MK, on the 5-point
scale of the z-axis. Over time, clients were able to work with
technology trainers to develop a mutually agreed toolkit of
representations of technical language to overcome the
ambiguity of diagrammatic representations when working
together through ICTs. Working with a consistent trainer
increases MK to 4 on the 5-point scale of the z-axis (Fig. 4).

Discussion
This section outlines how the model can be used to inform
the development of recommendations to improve shared
intentionality in the workplace.

Increasing spatial-topological synchrony for better
remote communication and collaboration
The brick-and-mortar workspace affords the ability for
managers to gain implicit cues through S-T properties that
provide information as to whether the employee is at work,
or how hard they are working, as well as their focus and
intensity toward a task (through posture, gaze, body
orientation, etc.). BPSI may vary in their abilities to perceive
visual information, however they may have access to other ST cues, such as spatial audio in the physical space, that allows
them to navigate the work environment. Some S-T properties
have become conventions for workplace activities. For
example, a door slightly ajar often signifies that the employee
is at work, but probably should not be disturbed because they
are in a meeting, on a phone call, or engaged in a focused
task. An open door, as suggested by the phrase “my door is
always open,” can signify how the employee is at work, is
engaged in work-related tasks, but is open to productive
interruptions, questions, and relevant work-related
conversations from colleagues as they arise. This “door open”
practice was a common way to foster shared intentionality
prior to Covid-19 induced social distancing. Further, premeeting chit chat or what the participants identified as the
‘water cooler effect,’ was more difficult to replicate or nonexistent in the virtual work environment. These are the types

of communication opportunities that are possible but
unplanned. They can transpire at the water cooler, at the
office coffee pot, or while passing colleagues in the hall.
In response to this impact on remote communication,
recent work in the design of ICTs has demonstrated how S-T
properties of the brick-and-mortar environment have been
translated for communicating over a distance through ICTs.
Large-scale conferences have used platforms such as Wonder
(Wonder, 2021), a virtual space where people can network
and talk. This platform displays an overhead map of the
“room” and its participants, it allows proximity-based
conversations, where participants can get physically closer to
attendees they would like to speak to in the “room.”
However, Wonder relies on visual diagram cues to navigate
the “room.” Alternatively, for BPSI, audio and tactile cues
(such as 3D models) can be used to convey maps to enable
navigation through spatial relations (Biggs et al., 2019).
Mozilla Hubs is another virtual communication space where
participants gather in a room via avatars, it allows for full
immersion through virtual reality or a 2D experience using
your browser. Mozilla Hubs offers more S-T cues using
spatial audio, where conversations closer to you are louder
and those further are quieter (Mozilla Hubs, 2021). Consider
how these communication platforms afford the possibility of
the ‘water cooler effect,’ colleagues can pass each other in
virtual space, engage in unplanned conversations and identify
when a person is “in the office.” The use of Social VR, getting
together in simulated space, could augment the S-T properties
currently offered through videoconferencing or phone calls
(Li et al., 2020). Other areas of work that build on Social VR
are the addition of haptic interactions, for example the ability
to give another person a ‘high five’ or pass documents in
virtual space (Fermoselle et al., 2020). The addition of haptic
interaction provides a cross-sensory mode of engagement for
BPSI, where force feedback provides S-T cues, this could be
particularly informative for accessing 3D visualizations in
digital spaces. A recent work by Huisman et al. (2021)
introduced a wearable system that can translate head gestures
of a remote participant into a handheld haptic display of a
user during remote communication (Huisman et al., 2021).
This advancement would allow the wearer to gain access to
implicit communication cues such as nodding and gestures
during conversations over a distance and would have a
greater impact for BPSI for whom visual cues are not
accessible.

Organizational training and education to improve
mutual knowledge creation
The participant who described their experiences with Skype
Stalking reported how an assumption is formed based on how
managers believe the job should be completed. However,
these assumptions might fail in many cases. Consider the
possibility that the individual could be logging out of Skype
to focus on a specific task, this would mean that their
indicator light would signify that they are not online, however
they are engaged in a focused task. Furthermore, an employee
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might not be aware that the manager has these expectations,
this study found that employees sought clarity around
expectations and responsibilities when they transitioned to
working virtually and remotely. For example, a participant
shared that a coworker kept their video off during video
conferencing because they had caregiving duties, which
could have been interpreted that the individual wasn’t
working. In these scenarios, variability in the representations
of how work should be completed based on memories of
previous work could result in the increased likelihood for
assumption forming about what the employee is doing. These
assumptions could be alleviated over time as the employee
and manager explicitly describe their expectations, but then
also iteratively explore practices that, over time, cause them
to engage in MK creation, a precursor to shared
intentionality. In this study, participants shared the need for
training related to accessibility in the context of
organizational onboarding of new employees, as well as
embedded in ongoing management skill building. This is an
opportunity for staff to engage in MK creation and skill
development, through shared and agreed upon
representations that they can call upon later to counter
assumption building and make sense of interactions.

‘Hand-over-hand’ in virtual spaces through crosssensory interactions
This study found that life skills instructors faced difficulties
when translating the 'hand-over-hand’ method to ICT-based
virtual environments. Transmitting these actions requires the
instructor to heavily rely on how effectively ICTs can convey
S-T properties via sentential and diagrammatic
representations, or spoken language, which, in most ICTs, is
via video streaming. However, if the learner is blind and
partially sighted, access to diagrammatic perceptual cues is
limited. Figure 1 demonstrates an example from this study by
adapting Tomasello et al.'s (2005) depiction of shared
intentionality. In this figure, the shared goal between the
instructor and blind and partially sighted client is to tap on a
smartphone screen. This is a new action for the client and
therefore they lack representations to draw on based on
memories or skills. To demonstrate this action, the instructor
states, "Tap your phone at an angle that a plane might land."
This use of metaphorical language is a mutually developed
representation that the BPSI has access to. In this way, using
language, the instructor and client can develop the MK
required to carry out the shared goal. It was found that
instructors and staff often compensated by relying on
metaphorical language to describe S-T relations that
otherwise would have been conveyed via diagrammatic
representations to sighted participants. The use of language,
when describing gestures and actions or concrete structures
can result in ambiguity as a result of the lack of S-T properties
that are conveyed (Coppin et al., 2015).
As described in case study 5, haptic interaction provides
one way to access S-T properties through the sense of touch.
Haptic interaction can provide a tangible way for distance

learners in virtual classrooms to access 3D visualizations
(Nestor, 2021), for example students in design, engineering
and health where 3D models are prevalent. Neto et al. (2020),
used tabletop robots to teach students with and without visual
impairments how to draw basic shapes used in geometry and
handwriting using a hand-held robot that provides haptic
feedback (Neto et al., 2020). Further, video and animation are
examples of visual information that are not accessible to
BPSI, Guinness et al. (2018), developed a Haptic Video
Player, that authors audio-haptic content from videos using a
mobile robot that can annotate videos and be touched as it
moves across the screen (Guinness et al., 2018). This form of
haptic interaction provides S-T cues through ICTs for
demonstrating actions or providing training, that would
otherwise only be available in-person through something like
the ‘hand-over-hand’ demonstration.

Conclusion: Responding to the model
ICTs are critical to how individuals communicate in virtual
environments. Our conceptual model allows technology
developers, organizations, and IT specialists to understand
how ICTs facilitate S-T properties in an accessible way and
how they could be enhanced through strategic use of tangible
and embodied interactions. Moreover, emerging technologies
such as haptic interaction and social VR can simulate
experiences, suggesting further ways to transmit S-T
properties effectively. Future research and development for
accessible ways to integrate these emerging technologies in
the workplace and in the education sector would significantly
impact the perceptual cues that BPSI accesses through ICTs.
Currently, we are engaged in a project that seeks to develop
a cross-sensory authoring tool for 3D visualizations used in
e-learning. Spatial skills are critical for understanding
relations among objects, people and the environment and
inform how we make sense of the world. However,
educational content delivered through virtual platforms lacks
a way to convey 3D visualizations, particularly in health
sciences, industrial design, engineering, and game design.
Further, we are engaged in a second project that seeks to
develop accessibility standards for accessible and inclusive
ICTs that address the needs of individuals with sensory
disabilities and differences in sense processing (e.g.
neurodiversity, learning disabilities). Our conceptual model
provides a theoretical framework from which to inform the
development of both interfaces for e-learning and the design
of national accessibility policies. For this reason, future work
on the model will be completed, specifically the model will
continue to be evaluated by collecting empirical evidence of
more experiences of BPSI and other disability dimensions of
working remotely through the aforementioned future work.
Cross-sensory (e.g., audio, haptic) design of ICTs would
allow a diversity of humans interact with interfaces that
afford S-T synchrony, to improve shared intentionality in
contexts where we learn, work and socialize through ICTs.
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Abstract
Children’s early word learning is to a large extent driven by the
prevalence of words in their language environment, with words
that are spoken more often to children being learned earlier.
However, children receive language from a variety of sources,
including books, television, and movies meant for children, as
well as speech and media that is meant for adults, but overheard by children. Despite considerable similarity of word frequency distributions from these different input sources, there is
also significant and predictable variability between them. For
example, function words are far more frequent in books than
in everyday speech, while early-learned nouns (e.g., ‘ball’ and
‘mommy’) are more frequent in child-directed speech than in
other sources. Children receive a mixture of these different
frequency distributions. The goal of this paper is to better understand the shared and unique variance in these input sources
– in both English and French – and to evaluate how predictive
these distributions are of children’s early word learning.
Keywords: early language learning; CDI; vocabulary development; word frequency distributions.

Introduction
How does speech addressed to children, heard on television,
or read in books impact the growth of children’s early vocabulary? How does speech from these sources relate to
adult-directed sources of speech? And how do these potential
language sources combine with household socio-economic
status (SES) to predict young children’s vocabulary growth?
Children must learn words based on ambient linguistic input,
and indeed the amount of child-directed speech a child receives predicts later vocabulary growth (Hart & Risley, 1995).
However, children’s exposure to different words can vary
greatly depending on the source – spoken language vs. books
vs. media – and the register – child- vs. adult-directed – of
the language. These input sources vary in word frequency,
as well as by various measures of quality. For example, children’s books have higher lexical diversity than child-directed
speech, and thus may represent an important source of lexical
knowledge (Montag, Jones, & Smith, 2015). Moreover, the
amount of input children receive from these different input
sources may vary from child to child, which may account for
some of the great variability seen in children’s early vocabulary growth (Fenson et al., 1994). Indeed, higher measures of
input quantity and quality have been found to relate to children’s faster vocabulary growth, and to often be related to
household SES (Hoff, 2003; Rowe, 2012). SES is a composite concept and parental education has often been used as a

proxy for SES (see Rowe, 2018 as an entry point to this literature). For example, Hoff (2003) compared the speech of
low- versus high-SES American mothers, with SES defined
based on education (college-educated versus high school).
Input word frequency varies significantly depending on
the context. Previous studies have shown that frequency
matters for children’s word learning (for a review, see Ambridge, Kidd, Rowland, & Theakston, 2015), and have observed an association between word frequency in children’s
language environments and individual words’ age of acquisition (Goodman, Dale, & Li, 2008). But word frequency in
books is not the same as frequency in conversational speech,
with many function words being far more frequent in books
than in speech (Dawson, Hsiao, Wei Ming Tan, Banerji, &
Nation, 2021; Montag et al., 2015).
Some differences between frequency distributions are intuitive: “mommy” is quite frequent in child-directed speech,
yet not so common in children’s books, and even more rare in
books meant for all ages. But other differences are less intuitive: “of” is frequent in books meant for all ages, and while
still frequent in child-directed speech, it is relatively less frequent as compared to children’s books. In general, speech –
whether directed to children or to adults – contains relatively
fewer function words and tends to score lower on measures
of lexical diversity than books, which have a higher ratio of
types (unique words) per set of tokens [instances of words;
Dawson et al. (2021)].
In this paper, we have three primary research questions.
Question 1: How different are different input sources? We
examine shared and unique variance in word frequency across
different sources of English and French input, ranging from
children’s books and movies to child-directed speech and
even comparing to adult-directed books, movies, and speech.
Because of the substantial correlations between these different input sources, we employ principal components analysis
(PCA) as a way to understand the relation between frequency
distributions from different sources and registers.
Question 2: What is the relation between input frequencies
and acquisition? We investigate how well these components
predict English- and French-learning children’s early word
learning, using aggregate MacArthur-Bates Communicative
Development Inventories (CDI) data from Wordbank (Frank,
Braginsky, Yurovsky, & Marchman, 2017). CDIs include
parent-report checklists measuring children’s early vocabu-
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Figure 1: Word frequency correlations between different corpus sources for the CDI words in English and French.
lary, which have proven to be reliable and valid indicators of
children’s growing language skill (Fenson et al., 1994). Critically, CDI forms provide information about >600 individual
words that children eventually learn to produce. These data
allow us to investigate the role of different frequency sources
using the Age of Acquisition (AoA) prediction paradigm, in
which we use regression models to predict the mean age (in
months) at which 50% of children are expected to know a
given CDI word (Braginsky, Yurovsky, Marchman, & Frank,
2019; Goodman et al., 2008).
Question 3: How do input frequencies relate to maternal
education? An intuitive hypothesis is that children of more
highly-educated parents may read more to their young children, although it should be noted that parental education is
strongly associated with household SES–to the extent that the
former is often used as a proxy for the latter. Indeed, young
children from high-SES households tend to have larger vocabulary (Fernald, Marchman, & Weisleder, 2013), and parents with higher SES tend to report reading more to their
young children than parents with lower SES. Thus, we test
which sources of input frequency combine with maternal education to better predict children’s acquisition of particular
words, expecting that we may see evidence of earlier learning of words from children’s books in households with higher
maternal education (and SES).
Together, the answers to these questions provide insight
into whether word frequency acts as a single factor in vocabulary learning, or whether different sources and registers have
distinguishable effects.

Method
Datasets
We used corpora from different sources to identify shared and
distinct variance in frequencies. These corpora vary widely
in size due to data accessibility; several were created for the
current study and are available on GitHub, together with all
scripts (https://github.com/kachergis/booky-cdi).
Child-directed Speech (ChS). Utterances of ChS were
extracted from CHILDES (MacWhinney (2000); excluding
book reading corpora), a collection of transcripts of interactions between caregivers and children 0 to 12 years of

age (M = 2.9 years). After cleaning, the CHILDES English
corpus yielded 5521000 tokens across 38779 word types.
The French ChS yielded 3190000 tokens across 13139 word
types.
Child-directed books (ChB). We used a sample of 98 English children’s books from Project Gutenberg’s open-source
database, previously used in machine learning research on
language comprehension (Hill, Bordes, Chopra, & Weston,
2015). The books were published between 1820 and 1922,
but include well-known titles as The Legend of Sleepy Hollow. We also used 130 popular French children stories accessible in parenting websites (https://fr.hellokids.com/)
and 10 French children books from Project Gutenberg. After cleaning, the English ChB corpus totals 4673000 tokens
B
hB Atypes,
dS AdMand
Adthe
ChM C
across 42444
word
French ChB totals 1298000
ChS 0.88
0.6817990
0.87 word
0.83 0.65
tokens
across
types.
ChM 0.76 Media
0.92 0.97(ChM).
0.77
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from English television shows (e.g., from PBS Kids and
ChB 0.85 0.81 0.97
Nickelodeon)
and movies (e.g., Beauty and the Beast), inOld
cluding
1,078
movies
4,309 TV episodes taken from
AdS 0.92and
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0.85
Charlesworth,
Yang,
Mann,
Kurdi, & Banaji (2021) (availFrequency
AdM 0.83
able
here: https://osf.io/kqux5/.
Openly accessible
Correlations
transcripts (https://www.subsynchro.com/) were also extracted from 100 French films directed to children. After cleaning, the English ChM totals 6724000 tokens across
80082 word types. The French ChM totals 842000 tokens
across 14937 word types.

Adult-directed Speech (AdS). English AdS was obtained
from the Switchboard-1 Telephone Speech Corpus (Godfrey
& Holliman, 1993), a corpus of transcripts from approximately 2,400 dyadic telephone conversations. After cleaning, the English AdS yielded 3104000 tokens across 27479
word types. French AdS was obtained from the TCOF corpus
(André & Canut, 2010), the CLAPI corpus (Balthasar & Bert,
2005) and the CFPP corpus (Branca-Rosoff, Fleury, Lefeuvre, & Pires, 2012). The French AdS yielded 1466000 tokens
across 14486 word types.
Adult-directed Books (AdB). The English AdB corpus is
taken from a sample of 1,000 Project Gutenberg books tokens randomly selected by Charlesworth et al. (2021), totaling 40252700 tokens across 147937 word types. The French
AdB is comprised of books taken from the 1999 Association de Bibliophiles Universels, an open-source database of
french books. After cleaning, it yielded 2288000 tokens
across 30615 word types.
Adult-directed Media (AdM). The English AdM is comprised of 6060000 tokens across 60626 word types compiled
by Charlesworth et al. (2021) from online transcripts of
movies and TV shows dating from the 1960s (e.g., Doctor
Who) through the present (e.g., Breaking Bad). The French
AdM corpus is comprised of 767000 tokens across 15635
word types, after cleaning openly accessible movie subtitles
(https://www.subsynchro.com/) from 100 films.
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Age of Acquisition data Children’s early word learning
data was drawn from the CDIs (Fenson et al., 2007), aggregated in the Wordbank database (Frank et al., 2017) (data
from 5520 children aged 16-30 months for the American English CDI: Words & Sentences (WS) form, and 641 children
for the French French CDI:WS form). Age of acquisition
estimates were calculated via the Wordbankr package. We
computed the proportion of children at each age who were
reported to produce each word on the CDI forms completed
by parents. We then fit a curve to these proportions using a
logistic regression model and determined when the predicted
acquisition curve crossed 0.5 (when at least 50% of children
are reported to produce the word).

Table 1: English PC rotations and proportion of variance
(PVar), colored by value (low=black; high=orange).
PC2

PC3

PC4

PC5

PC6

ChM
ChB
ChS
AdM
AdB

-0.31
-0.34
-0.26
-0.47
-0.49

0.15
0.25
0.65
-0.45
-0.47

-0.34
-0.32
-0.30
-0.24
-0.01

0.40
-0.63
0.12
0.48
-0.44

0.28
0.53
-0.60
0.13
-0.50

0.73
-0.21
-0.22
-0.53
0.32

AdS
PVar

-0.52
0.89

0.27
0.04

0.79
0.03

0.10
0.02

0.14
0.01

-0.01
0.01

Table 2: French principal component rotations.

Merging the Corpora
We focus our analysis on the 670 words from the English CDI
and 632 words from the French CDI that were present in at
least one of the corpora. For French, because of the presence
of more complex morphology, CDI words were matched to
related words in corpora via a stemmer (Porter, 2001). All
word frequencies were normalized to number of tokens per
million (TPM). For any CDI words that failed to appear in a
given corpus, we replaced the missing word’s frequency with
a normalized count of 10 TPM, or the minimum normalized
frequency for that distribution, whichever was smaller.1

Results
Cross-corpus Frequency Correlations (Q1)
Figure 1 shows the word frequency correlations between different corpus sources ([Adult- vs. Child-directed] x [Speech,
Books, Media]) for the matched CDI words (left: English,
right: French). Unsurprisingly, there were strong correlations
across these different corpora, but correlations were stronger
within register and within source for both English and French.
Overall, French distributions were more highly correlated
with one another, likely due to smaller corpus sizes.2
We used principal components analysis to disentangle
these correlated distributions and to understand their relationship. PCA allows us to project word frequencies into a space
in which the first dimension captures the shared variance between frequencies from different sources and registers, and
subsequent dimensions capture other consistent sources of
variation. Since the logarithm of frequency is typically used
as a psycholinguistic predictor in previous studies (Braginsky
et al., 2019; Goodman et al., 2008), we perform our PCAs
over log frequencies. The eigenvectors of the PCs in relation
to the original six frequency distributions are summarized for
English in Table 1, and for French in Table 2, along with the
proportion of variance (PVar) explained by each component.
1 Other

PC1

forms of smoothing, e.g. Laplace smoothing (α = 10;
added to all counts, including missing words) yielded similar results.
2 The French corpora had a large number of CDI words missing
(and thus smoothed): 95 in AdB; 77 in AdS; 70 in AdM; 99 in ChB;
12 in ChS; 53 in ChM. In comparison, English had 1 missing in
ChB, ChS, and ChM; 14 in Adb; 45 in AdS; 28 in AdM.

PC1

PC2

PC3

PC4

PC5

PC6

ChM
ChB
ChS
AdM
AdB

-0.41
-0.41
-0.36
-0.42
-0.41

-0.09
0.55
-0.50
-0.19
0.54

0.06
0.20
0.73
-0.33
0.01

-0.65
0.13
0.24
-0.42
0.18

0.54
0.28
-0.16
-0.61
-0.36

0.32
-0.63
0.01
-0.35
0.62

AdS
PVar

-0.42
0.90

-0.34
0.04

-0.56
0.03

0.54
0.02

0.30
0.01

0.05
0.00

PC1 already explains the bulk of the variance (89% for English and 90.2% for French); and PC2-PC4 each only capture
an additional 2-4% of the variance for both languages.
Table 3 provides qualitative descriptions of the principal
components (PC1-PC6) for each language. Note that the
signs of eigenvectors in PCA are arbitrary, so on some PCs
positive values correspond to higher absolute frequencies,
while on others negative values correspond to higher absolute frequencies. The first PC is similar for both English and
French, and captures shared variance between all frequency
sources and registers, representing words that are high or low
frequency across them. This means that frequency distributions are largely similar across sources and registers. For English, the PCs align surprisingly well with particular dimensions of the English frequency distributions: PC1 with overall
frequency, PC2 with child-directed speech, PC3 with adultdirected speech, PC4 with media vs. books, PC5 with childdirected books vs. speech, and PC6 with adult- vs. childdirected media. For French, we observe a similar pattern of
findings. A difference lies on PC2; it mostly captures childdirected speech for English, whereas for French it captures
book language.

PCA-based Age of Acquisition Regression (Q2)
Next, we turned to the question of how well these frequency
distributions predict English- and French-learning children’s
early word learning. ChS has been claimed to present properties that could facilitate language acquisition and promote
infants’ attention to language (Golinkoff, Can, Soderstrom,
& Hirsh-Pasek, 2015; Soderstrom, 2007) when compared to
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Table 3: English (EN) & French (FR) PC descriptions.
Lang

PC

EN
EN
EN
EN
EN
EN
FR
FR
FR
FR
FR
FR

1
2
3
4
5
6
1
2
3
4
5
6

Description

Highest

Lowest

overall freq
CDS
ADS
Media/Book
CDS/CDB
CDM/ADM
overall freq
Book/Speech
CDS/ADS
Media/Speech
CDM/ADM
CDB/ADB

play dough
don’t
don’t
camera
grrr
beans
doigt de pied
sombre
élephant
parce que
grand-mère
carottes

the
tissue
gotta
was
mommy
don’t
le
ça
lequel
salut
madeleine
grand-mère

Note. PCs ordered by importance, and example words
with highest and lowest values on each PC. CDS = childdirected speech; ADS = adult-directed speech; CDB
= child-directed books; CDM = child-directed media;
ADM = adult-directed media; ADB = adult-directed
books. FR to EN translations: ‘le’=‘the’, ‘ça’=‘this’,
‘lequel’=‘which’, ‘salut’=’hi’, ‘madeleine’=‘cookie’,
‘grand-mère’=‘grandmother’, ‘doigt de pied’=‘toe’, ‘sombre’=‘dark’, ‘parce que’=‘because’, ‘carottes’=‘carrots’.

AdS. Frequency distributions in ChS could thus play a role in
predicting children’s early word learning. There has been less
evidence on the specific role of books and media in predicting
early word learning. Our approach was to fit a linear regression model predicting each CDI word’s mean AoA, following
previous work (Braginsky et al., 2019; Goodman et al., 2008).
Multicollinearity makes it unwise to include multiple raw
frequency distributions in a regression, however, as the results
will be unstable. To test this, we ran a regression predicting
AoA with log(word frequency) from each of the six distributions as predictors, and examined the Variance Inflation
Factor (VIF), which measures how much a regression coefficient variance is inflated when there is correlation between
predictors (Dodge, 2008). The higher the VIF for a predictor,
the less reliable the regression results are when that predictor
is included. The VIF for every distribution was >> 1 (and
many > 5), indicating that these variables show strong multicollinearity which may compromise the reliability of the regression results. We thus used the CDI items’ PCA loadings
to predict AoA instead of the raw frequency distributions.
As past research indicates that lexical class strongly modulates influences of word frequency, we included the two-way
interaction of lexical class (LC) with each PC in our regression. We also included the number of letters as a predictor
(Nletters) to help control for the overall difficulty of producing each word [within each language, this predictor is highly
correlated with the number of phonemes and serves as a good

proxy for production complexity; Braginsky et al. (2019)].
To determine if the inclusion of all PCs was justified, we ran a
series of ANOVAs building up from PC1 to PC6 – in decreasing order of the variance they accounted for in the PCA3 . For
English, the more complex model was always significantly
preferred, including up to the inclusion of PC6 (R2 = .58).
For French, the model which only included PC1 and PC2 as
predictors was significantly preferred, even though the French
model explained less variation of the dependent variable overall (R2 = .06). Figure 2 shows the significant coefficient estimates (p < 0.05) for English, and all main effects for French,
as well as the one significant interaction.
For English, PC1, PC2, PC3, PC4 and PC5 significantly
predict the age of acquisition. Overall frequency (PC1) is a
predictor; frequent words in general are learned earlier than
less frequent words (recall that eigenvectors on PC1 are negative and so a positive coefficient indicates greater frequency
predicts earlier learning). Child-directed speech (PC2) is a
predictor; frequent words in this register are learned substantially earlier (more so than for general frequency).
On the contrary, for the adult-directed speech predictor
(PC3), frequent words are learned later. Word frequency
in media distinguished from words in books is a predictor (PC4); words which are frequent in media tend to be
learned earlier on. Word frequency in child-directed speech
as distinguished from words in child-directed books is also a
predictor (PC5), with earlier acquisition predicted for more
speechy/less booky words. We also observe that overall frequency (PC1) interacts with lexical class, verbs, function
words and adjectives being learned later than nouns. PC2
interacts with verbs, which are learned later than nouns. PC3
and PC6 each interacted with function words, which are
learned later than nouns.
For French, PC2 significantly predicts the age of acquisition, implying the importance of both speech and book
sources in explaining variation. In general, the PC1 coefficient direction indicates that frequent words are learned earlier than less frequent words, but it is not a significant predictor in this regression. This finding could be attributed to
PC1 being explained away by PC2, or it could be an artifact
of the data e.g. some lexical category being more represented
than others. PC1 also interacted significantly with function
words. In both languages, there was no significant effect of
word length, unlike in prior studies; this finding may indicate that prior effects of word length were confounded with
register or source frequency effects (Braginsky et al., 2019).
Table 4 shows the top 5 words with the most-improved
AoA prediction (greatest decrease in residual squared error)
with the addition of each particular PC as a regression predictor for both languages. These show qualitative correspondence with the interpretations of the PCs shown in Table 3.
For example, when PC2 – roughly corresponding to child3 R syntax for the sequence of regressions (noun as baseline lexical category): AoA∼PC1*LC, AoA∼(PC1+PC2)*LC, . . . ,
AoA∼(PC1+PC2+PC3+PC4+PC5+PC6)*LC
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directed speech – is added to the English model, “uh oh” and
“no” improve; when PC5 – roughly corresponding to childdirected books – is added, several animal noises like “grrr”
and “cockadoodledoo” improve.

Table 4: Top 5 words with improved prediction of AoA when
adding each PC for English (EN) and French (FR)

English AoA Coefficients
PC6:LCfunc
PC3:LCfunc
PC2:LCverb
PC2:LCother
PC1:LCverb
PC1:LCother
PC1:LCfunc
PC1:LCadj
LCverb
LCother
LCfunc
LCadj
PC5
PC4
PC3
PC2
PC1

Lang PC

Top 5 Words

EN +1
EN +2
EN +3
EN +4
EN +5
EN +6

can, no, cockadoodledoo, now, time
yes, gas, don’t, uhoh, no
camping, bye, jeans, smile, babysitter
was, lot, lips, gonna, hafta
mommy, grrr, cockadoodledoo, tissue, babysitter
would, mine, does, my, could
le, faire, au sommet de, au sujet de, lequel
(EN: the, do, on top, about, which)
coincé, sombre, maı̂tre, oui, aı̈e
(EN: stuck, dark, teacher, yes, ouch)

FR +1
FR +2

−4

0

4

8

2.5

5.0

French AoA Coefficients
PC1:LCfunc
LCverb
LCother
LCfunc
LCadj
PC2
PC1
−2.5

0.0

Figure 2: Significant regression coefficients for predicting
CDI AoAs with PCs and lexical class for English (top) and
French (bottom). Abbreviated levels of lexical class (LC)
are function words (‘func’), adjectives (‘adj’), and ’other’ includes items refering to games, routines, and people.

Principal components and maternal education (Q3)
Correlations between household SES and children’s language
development are documented in a large body of literature, and
SES seems to be predictive of aspects of word learning (Hoff,
2003). Previous findings also relate SES status to book reading (Shen & Del Tufo, 2022), which in turn seems to be related to better language skills (Bus, Van Ijzendoorn, & Pellegrini, 1995; Sénéchal & LeFevre, 2002). These findings suggest that the vocabulary composition of children whose mothers are highly-educated (parental education being a proxy for
household SES) may be better predicted by the word frequencies seen in child-directed books, rather than those from
child-directed speech. To test this idea, we fit a series of
exploratory logistic regressions successively adding the PCs
to predict the number of children in Wordbank who produce

or don’t produce each item. Due to lack of maternal education data for French data, we focused on American Englishlearning children. We included interactions of mother’s education and children’s age with each PC; such interactions
indicate that a particular type of register or source might be
more important to acquisition for one SES group or another.
American English data from Wordbank contained 2,776
CDI:WS administrations with mother’s education dichotomously coded (N=1160 with at most some college education; N=1616 with a college degree or more). The series of
ANOVAs indicated that PC1 through PC5 significantly improved the model fits, but that adding PC6 was not justified.
Thus, we analyzed the model that included the first five PCs.
This model showed significant main effects of age, mother’s
education, and all five PCs (all p < .001). Faster learning
was predicted for words with higher values on PC1 (overall
frequency; β = .10), PC2 (child-directed speech; β = .45),
and PC4 (media vs. books; β = .28). Slower learning was
predicted for words with higher values on PC3 (β = −.34) or
PC5 (β = −.49). There was a significant positive interaction
of age with mother’s education (β = .06, p < .001), shown
in Figure 3. There were also significant interactions of age
and all five PCs, although the coefficients were all of a small
magnitude (βs < .01).
In the critical test of our hypothesis, PC1 and PC5 interacted significantly with mother’s education. Shown in Figure 3, children of higher-educated mothers were more likely
to know words that were higher on PC1 (overall frequency;
β = .03, p < .001), while they were less likely to know words
that were high on PC5 (β = −.09, p = .01). Words more frequent in child-directed speech are high on PC5, while words
that are more often in child-directed books are low on PC5,
meaning that this interaction indicates children with highereducated mothers are more likely to learn words that occur in
books (rather than words that occur in speech). As seen in
Table 4, these include animal sounds, which occur frequently
in baby books and in other analyses tend to be known more
by children whose mothers have more education (Frank, Braginsky, Yurovsky, & Marchman, 2021).
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General Discussion
We investigated how linguistic input varies across the types of
language that children may experience using word frequency
distributions garnered from child-directed and adult-directed
corpora of speech, books, and media (TV and movies).
Since frequencies are highly correlated, we found the principal components (PCs) of these distributions, which revealed
systematic variation along source and register dimensions.
Most variation in frequency is shared across all the different sources and registers in our study. French in particular
showed high correlations, perhaps due to smaller corpus size
or due to noise introduced by stemming and lemmatization.
In spite of this, other PCs in both languages picked up on
consistent differences in both register and source. In English,
child-directed speech captured a substantial part of the variance as a second principal component, suggesting real differences in word frequencies in this register. In French, in
contrast, child-directed speech loaded strongly on the third
principal component, while the second component picked up
on bookish words (both child- and adult-directed) – a distinction captured by a smaller PC for English.
Multiple components were predictive of children’s age of
acquisition of words from the CDI, especially for English.
Child-directed speech, adult-directed speech, but also books
and media were all relevant in predicting age of acquisition.
In French, the component distinguishing books and speech
was most relevant in predicting age of acquisition. Lending
some qualitative support to these conclusions, the specific
words that were improved by the addition of particular PCs
appeared somewhat related to these sources and registers.
We also used English Wordbank data to test how well frequency components combine with mother’s education to predict early word learning. This exploratory analysis revealed
significant contributions of the first five PCs, as well as interactions of mother’s education with PC1 (overall frequency)
and PC5 (child-directed speech vs. books). This intriguing
finding suggests that the early language advantage shown by
children of highly-educated mothers (and thus in higher-SES
households; cf. Hoff, 2003) may in part be due to greater
amounts of shared reading time. Future research may predict
individual children’s learning of particular words using these
principal components, in combination with measures of the
time children spend receiving input from each input source
([adult- vs. child-directed] x [books, media, speech]).
This research has a number of limitations that point the way
to future work. First, the study is an observational linkage between frequencies as estimated from one set of materials and
acquisition trajectories from wholly different children. We
expect that frequencies represent estimates of an average experience by a member of a particular linguistic or cultural
group, but they are certainly biased by their specific source.
Second, corpora of different sizes represent the sources and
registers for each language, and less data were available overall for French. Observed differences between the two languages could thus be partly attributed to differences in cor-

Prob. of Production Prob. of Production Prob. of Production

MotherEd

Some College

College Grad+

75%
50%
25%
20

25

30

0

10

age
60%
50%
40%
30%
20%
−20

−10

PC1
75%
50%
25%
−3

−2

−1

0

1

2

PC5
Figure 3: Predicted effects on the probability of Englishspeaking children producing CDI:WS words based on maternal education. A significant positive interaction with age
(top) shows an increasing effect of maternal education as children age. A significant positive interaction with PC1 (middle)
shows that words with higher overall frequency are produced
more by children with more educated mothers. A negative
interaction with PC5 shows that children with more educated
mothers are likely to produce words more representative of
child-directed books, rather than child-directed speech.

pus size and sources. For example, the French corpora are
composed of several smaller ones and have slightly different
makeup, e.g. French short stories vs. English longer books.
Third, most children’s books were published decades ago,
and are used due to the lack of open-source contemporary
books. This may yield different frequency distributions, but
the difference should be negligible for the CDI words tested
here. Moreover, we note the difficulty of drawing conclusions about the results, since they are based on interpretations
of the relevant dimensions of the different principal components. Finally, although an effort was made to examine two
languages, they represent only a tiny subset of the broader
set of linguistic environments in which children acquire their
vocabulary. In sum, by better understanding the similarity
and differences between word frequencies that children experience in different contexts, future research in this vein
holds the promise to predict individual differences in children’s early word learning on the basis of their daily routines.
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Abstract
The Aha-Accuracy effect refers to the finding that experiencing
an Aha! moment is associated with reaching correct solutions
on insight problems. Because this effect has generally been
demonstrated with verbal problems, this study tested for this
effect on spatial problems (matchstick arithmetic). In addition,
this study also explored the effect of hints on the Aha!
experience and the Aha-Accuracy effect. Overall, there was no
Aha-Accuracy effect in the no-hint control condition. There
was an Aha-Accuracy effect in the hint condition, but it was
limited to problems with solutions that were not directly cued
by the hint. When the hint was directly relevant for solution,
then many participants were able to reach a correct solution
without an Aha! experience. These findings provide evidence
that providing hints may not simply increase the likelihood of
reaching a solution, but it may also alter the Aha! experience.
Keywords: Aha!; restructuring; insight problem solving;
hints; matchstick arithmetic

Introduction
Since the Gestalt movement, there has been interest in a
particular form of problem solving that is thought to require
more “productive” as opposed to “reproductive” thinking and
involving insight as opposed to more routine solution
processes (Maier, 1931; Ohlsson, 1992; Wertheimer, 1945).
Insight problems share the common characteristic that they
appear simple to solve but typically cue incorrect initial
representations. Misleading initial representations can be
prompted by the way a problem is presented or can come
from the activation of prior knowledge or experience that is
not relevant to the problem at hand. Incorrect representations
will lead to a search space that does not contain a path to
solution, and the solver will experience fixation or mental set
(Duncker, 1945; Luchins, 1942; Wiley, 1998).
Once the solver has exhausted the search space, or sees
failure as likely, they reach a state of impasse where they feel
unable to progress further (Ash & Wiley, 2006; MacGregor,
Ormerod, & Chronicle, 2001; Moss, Kotovsky, & Cagan,
2011). The Gestaltists proposed that in order to reach a
solution, the solver must restructure their understanding of
the problem. Consistent with this earlier theorizing,
Representation Change Theory (RCT) has proposed two

mechanisms, constraint relaxation and chunk decomposition
that may result in restructuring (Knoblich et al., 1999). In
addition to restructuring as a defining feature of the insight
process, the Gestaltists were also intrigued by the Aha!
experience that seemed to be a hallmark of insight (Davidson,
1995; Gick & Lockhart, 1995). The Aha! experience refers to
the sudden feeling of pleasure or joy of discovery that is often
associated with solutions to insight problems.
Since the Aha! moment is an inherently subjective
experience, many attempts have been made to measure it
through self-reports starting with Metcalfe and Wiebe (1987)
and her feelings-of-warmth measure. Participants indicated
how close they felt to solution with 0 being “cold” (no idea
how to solve) and 10 being “hot” (certain of solution). As
participants solved a set of problems that typically prompt an
incorrect initial representation (insight problems) and another
set of more straightforward math or logic problems (noninsight problems), they were asked to make this warmth
rating every 10 seconds. Metcalfe and Wiebe (1987) found
that insight problems that were solved correctly were
associated with a sudden increase in these warmth ratings
immediately before solution. In contrast, the warmth ratings
increased more gradually before correct solution on the noninsight problems. The abrupt emergence of the solution seen
for insight problems in this study mapped well onto the idea
of a discontinuous, sudden solution process.
Another finding that has received attention is that Aha!
experiences are more often associated with correct solutions
to insight problems than incorrect ones (Danek & Salvi,
2020; Zedelius & Schooler, 2015). In studies where Aha!
moments are identified categorically, the Aha-Accuracy
effect is demonstrated by using Aha! as an independent
variable and the likelihood of correct solution serves as the
dependent variable. It has been found that solution rates are
higher for problems accompanied by an Aha! experience than
for problems that are not accompanied by an Aha!
experience. (When Aha! ratings are collected on continuous
scales, the Aha-Correctness effect can be seen by comparing
average Aha! ratings for correct and incorrect solutions.)
Both effects have been suggested to provide evidence of the
“tight coupling” between insightful solutions and the Aha!
experience (Threadgold, Marsh, & Ball, 2018).
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Table 1: Studies showing the Aha-Accuracy Effect
Solution Rates (%)
Aha
Aha
Aha
No Aha
-No Aha
Cohen’s
Study
Task
Items N
Measure
(M, SD) (M, SD)
Difference
d
Danek et al. (2014) E1
Magic
34
48
Binary
77 (44)
56 (29)
21
0.56
Zedelius & Schooler (2015) E1 CRA ENG 30
70
Likert-C
63 (38)
25 (26)
18
1.17
Hedne et al. (2016)
Magic
32
51
Binary
57 (50)
37 (48)
20
0.41
Salvi et al. (2016) E1
CRA ENG 120
38
Binary
94 (17)
78 (17)
16
0.90
Salvi et al. (2016) E2
Anagram
180
51
Binary
98 (09)
92 (09)
6
0.68
Salvi et al. (2016) E3
Rebus
88
110 Binary
79 (15)
63 (15)
16
1.05
Shen et al. (2018)
CRA CHI 48
26
Binary
86 (15)
40 (20)
46
2.63
Threadgold et al. (2018)
Rebus
42
170 Likert-S
65 (27)
54 (27)
11
0.41
Ellis et al. (2021)
CRA ENG 30
459 Likert-S
64 (30)
38 (28)
26
0.70
Laukkonen et al. (2021) E1
Riddles
10
60
Binary
72 (45)
38 (49)
34
0.72
Laukkonen et al. (2021) E2
CRA ENG 10
60
Binary
90 (30)
30 (46)
60
1.57
Note: CRA ENG (Compound Remote Associates in English), CRA CHI (Compound Remote Associates in Chinese), LikertC (rated on a 1-4 Likert Scale, but only Categories 1 and 4 are analyzed), Likert-S (rated on a continuous scale, median split
to analyze as Aha and No-Aha). All Cohen’s ds are computed from reported descriptive statistics.
Table 1 summarizes several studies that have tested for
the Aha-Accuracy effect and shows that it has been obtained
across a range of problem types. Solutions marked by an
Aha! experience are more likely to be correct when
attempting to solve Compound Remote Associate Problems
(CRA, finding a fourth word that forms a good phrase with
three other words; Laukkonen et al., 2021; Salvi et al., 2016;
Shen et al., 2018; Zedelius & Schooler, 2015). It has also
been demonstrated with verbal riddles (Why did the coin
collector call the police when offered a coin dated 46 BC?;
Laukkonen et al., 2021), solving rebus puzzles (DECI
SION, split decision, Salvi et al., 2016; Threadgold et al.,
2018), and solving anagrams (Salvi et al., 2016).
All of these are verbal tasks, and what makes these
problems a challenge is generally that the solution requires
thinking about words or letters in unusual ways, including
activating less frequent interpretations or meanings of
words, and less frequent combinations of letters. It is
important that the Aha-Accuracy effect has also been
extended to figuring out magic tricks where a solver is
initially misdirected by the magician (Danek et al., 2014;
Hedne et al., 2016). But what is notably absent is a
demonstration of the effect using more spatial, object-based
problems, such as matchstick arithmetic problems (Knoblich
et al., 1999).

Comparing Verbal and Spatial Problems
As shown in Figure 1, matchstick arithmetic problems
present an incorrect mathematical statement using images of
matchsticks and ask the solver to move an object (a single
match) to turn the incorrect statement into a correct one.
Studies have shown that there are sometimes important
differences between verbal and spatial insight problems,
how they are solved, and what predicts likelihood of
solutions (Dow & Mayer, 2004; Gilhooly & Murphy, 2005).

Problem
VI = VII + I
XI = XII + I
I = II + II
V = III – II
XI = III + III
VI = VI + I
VIII = VI – II
VI = VI + V

Type
Practice 1
Practice 2
Test 1
Test 2
Test 3
Test 4
Test 5
Test 6

Process
ST
ST
CR1
CR2
CD
CR1
CR2
CD

Solution
VII = VI + I
XII = XI + I
I = III – II
V – III = II
VI = III + III
VI = VII – I
VIII – VI = II
XI = VI + V

Figure 1: Matchstick Problems and Instructions
Thus, the first purpose of this study was to use matchstick
arithmetic problems to test whether the Aha-Accuracy effect
would also be seen using a spatial insight problem.

Insight Problem Solving and Hints
In addition to testing for the presence of the Aha-Accuracy
effect on matchstick problems, this study also tested the
effect of hints on the Aha! experience. Hints are commonly
used in studies on insight problem solving to test theories
about the key obstacles to solution, including which
constraints or assumptions might need to be relaxed, or
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which elements might be perceived in a way (as incorrect
chunks or interpretations) that might bias the solver against
a solution. For example, researchers studying the nine-dot
(see Figure 2) problem have given the hint that solvers need
to think outside the box and extend lines past the dots to be
able to connect all the dots by drawing only 4 straight lines
(Chein, et al, 2010; Maier & Casselman, 1970; Weisberg &
Alba, 1981). And Moss et al. (2011) provided hints to the
solution of CRAs as part of a separate anagram solving task.
It has been shown that providing hints can help to improve
solution rates, but it is less clear what effect the hints might
have on the Aha! experience.

The hypotheses for the Aha-Accuracy effect are less obvious.
If there is a tight coupling between insight solutions and Aha!
experiences, then the Aha-Accuracy effect should be seen in
the control condition (where no hints are given) even with a
spatial insight problem. If the presence of the hint alters the
solution process to make it more analytic or routine, then the
feeling of Aha! may no longer serve as a marker for correct
solutions.

Methods
Participants
There were 118 participants recruited using Cloud Research.
All participants were paid $3 for participating in the 40minute long Qualtrics survey. The sample included 64 men
and 37 women, with an average age around 40 (M = 38.50,
SD = 11.22). Participants were excluded from the study if
they did not get at least one of the two practice questions
correct. This led to the exclusion of 17 participants (7 from
the hint condition and 10 from the control condition) for a
total N of 101. There were 46 participants in the control
condition and 55 in the hint condition.

Measures

Figure 2: Nine Dot and Triangle of Coins Problems
One study (Cushen & Wiley, 2012) attempted to look at the
relation between hints, solution processes, and the Aha!
experience. In this study, participants had 10 minutes to solve
the Triangle of Coins problem (see Figure 2) where 10 coins
are arranged in a triangle. The task is to move only 3 coins to
invert the triangle. To provide a hint toward solution,
participants made importance-to-solution ratings every
minute for either all 10 coins or a particular subset of only 3
coins. The subset provided a hint because 2 of those 3 coins
were part of the solution. In the whole-rating condition, they
found evidence for sudden changes in importance ratings
before solution, reminiscent of the patterns shown by
Metcalfe and Wiebe (1987). In contrast, fewer of these
sudden-change solution patterns were seen in the subsetrating, hinted condition. When they looked at Aha! ratings,
they did not see a difference in the magnitude of the Aha!
effect for correct solutions across the two conditions.
However, they did not test for differences in the AhaAccuracy effect – that is, whether the presence of a hint would
alter whether problems solved with an Aha! would be more
likely to be correct. Thus, the second purpose of this study
was to test whether giving a hint would alter the AhaAccuracy effect.
In summary, to better understand the relation between the
Aha! experience and insight problem solving, the current
study tested for the presence of the Aha-Accuracy effect on a
set of matchstick arithmetic problems. The present study used
an explicit hint manipulation based on the chunk
decomposition component of RCT (Knoblich et al., 1999),
instructing participants that some matchstick arithmetic
problems could be solved by turning a V into a X or a X into
a V. It was hypothesized that this hint would prompt chunk
decomposition, which should result in higher solution rates.

Matchstick Problems. Matchstick arithmetic problems are a
type of insight problem that require a single stick to be moved
to turn an incorrect statement into a correct one. A few rules
must be followed as shown in Figure 1. First, only one stick
is to be moved. Second, sticks cannot be added or deleted.
Third, a slanted stick cannot serve as a vertical stick. Fourth,
the result will be a correct arithmetic statement with no extra
parts (an operator such as a plus sign cannot be left hanging
at the end of the statement).
Matchstick arithmetic problems have been categorized into
two types based on whether they require chunk
decomposition or constraint relaxation for restructuring
(Knoblich et al., 1999; Öllinger et al., 2008). Chunk
decomposition (CD) problems involve changing a V to a X,
or vice versa. Constraint relaxation (CR) problems involve
relaxing the constraint that operators cannot be manipulated.
CR problems can involve turning a + into a – and adding the
remaining stick to another numeral (CR1) or moving a stick
from the = to the – to turn the – into an = (CR2). Additionally,
there are simple standard type (ST) problems that require
moving an upright stick from one numeral to another. These
do not require restructuring and were given as practice
problems. Participants were asked to solve the 2 practice
problems and 6 test problems presented in Figure 1.
Hint Manipulation. Participants in the hint condition were
given this additional instruction: “One thing that will make
them easier to solve is to remember that any stick can be
moved even those that are stuck together like the numerals
V and X. Remembering that any stick can be moved
including a V into a X and a X into a V will help you solve
these problems.” They were also shown how to solve this
example, moving one stick in the V from VI = VIII + III to
change the statement into XI = VIII + III. Because this hint
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is intended to prompt chunk decomposition it is referred to
as the CD Hint.

difference in Aha! ratings due to hinting in Cushen and
Wiley (2012).

Aha! Experiences. Self-reports of participants’ Aha!
experiences were collected following completion of each
matchstick arithmetic problem. If a solution was given,
participants were asked to respond to the Aha! prompt
adapted from Jung-Beeman et al. (2004) by Danek et al.
(2014).
“We would also like to know whether you experienced a
feeling of insight when you solved each task: A feeling
of insight is a kind of “Aha!” characterized by
suddenness and obviousness (and often relief!)—like a
revelation. You are relatively confident that your
solution is correct without having to check it. In contrast,
you experienced no Aha! if the solution occurs to you
slowly and stepwise. As an example, imagine a light bulb
that is switched on all at once in contrast to slowly
dimming it up. We ask for your subjective rating whether
it felt like an Aha! experience or not, there is no right or
wrong answer. Just follow your intuition.”
After each solution attempt, participants responded either
yes or no if they had experienced an Aha! moment.

Procedure
The study was conducted entirely online with participants
receiving a Qualtrics survey containing all study materials
through Cloud Research, a subset of Amazon Mechanical
Turk (Litman et al., 2014). All participants watched a 2
minute, 22 second general instruction video narrating the
instructions given in Figure 1. Using Qualtrics
randomization, participants were then randomly sorted into
the hint and control conditions.
Once the participants completed the instruction section,
they were given the 2 practice problems. If a solution was
provided, then they were asked to reply to the Aha! prompt
with yes or no. If participants could not solve either practice
problem, then they were excluded from analysis.
After completing the practice problems, participants were
given the 6 test problems in the order they are presented in
Table 1. Each problem was timed for 4 minutes, and the
survey moved on after the time had elapsed. Participants were
not forced to enter a response or to guess. No feedback was
provided for any of the problems. If a response was given,
participants were asked to respond to the Aha! prompt.
Following the completion of the matchstick tasks,
participants completed some demographic questions (gender
and age) before being debriefed and thanked for their
participation.

Table 2: Raw Frequency (and Proportion) of Attempted
Solutions by Aha! Experiences and Condition
Condition
Control
CD Hint

Aha!
98 (52%)
137 (52%)

No Aha!
90 (48%)
125 (48%)

No Solution
88 (-)
68 (-)

Aha-Accuracy Effect
One of the main research questions of this study involved
testing the strength of the Aha-Accuracy effect using a
spatial insight problem, and for differences between the
control and CD hint conditions. To test this, a generalized
mixed effects model was run using logit and simple effects
coding for the fixed effects (Aha! experience and condition),
and a random effect for participants, to predict correct
solution on each problem. (Due to the small number of
problems, the model failed to converge when the random
effect for items was added.)
The overall solution rate for the 450 problems where a
solution was attempted was 75.10%. Solution rates for
responses associated with an Aha! experience and not
associated with an Aha! experience are presented by
condition in Table 3 and the results of the analysis are
shown in the top portion of Table 4. Overall, the significant
effect for Aha was because problems accompanied by an
Aha! moment were more likely to be solved correctly than
those with no Aha!. The significant effect for the CD hint
manipulation showed that problems were more likely to be
solved correctly with the hint (M= 81%, SD= 38) than
without it (M = 68%, SD = 47). Further, there was a
significant interaction between these two effects. The
presence of an Aha! experience did not significantly predict
correct solutions in the control condition where participants
did not receive the CD hint (Z = 1.25, p = .22). In contrast,
the Aha-Accuracy effect was significant in the CD hint
condition (Z = 4.47, p < .001).
Effect of Problem Type on Solution Rates
Because the hint given in this study was specific to chunk
decomposition (CD) solutions, it was also of interest to test
if different patterns might be seen for CD versus CR
problems by adding problem type (CD vs. CR) to the
logistic mixed effects model.

Results

Table 3: Average Rates of Correct Solution by Condition

Condition
Control
CD Hint
Overall

In the data set there were 101 participants who attempted 6
problems each, resulting in 606 observations. Of these 156
solutions were left blank, leaving 450 solutions with Aha!
responses. As shown in Table 2, participants reported
experiencing Aha! on roughly half their solution attempts
(52%) in both conditions. This result is similar to the lack of
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Solution Rates (%)
Aha
No Aha
M (SD)
M (SD)
76 (43)
59 (50)
91 (24)
70 (46)
84 (37)
65 (48)

Aha
- No Aha
17
21
18

Cohen’s
d
.37
.60

No Aha!

96.00% 94.30%

100.00%

Percent Correct Solutions

90.00%
80.00%
70.00%

Aha!
88.10%

82.10%
72.90%
60.30%

56.30%

52.00%

60.00%
50.00%
40.00%
30.00%
20.00%
10.00%
0.00%
CR Problems

CD Problems

CR Problems

Control

CD Problems
CD Hint

Figure 3: Solution Rates by Hint Condition, Presence of Aha! Experience and Problem Type
(Error bars represent SEs)
Table 4: Logistic Mixed Effects Models
Predictors

Odds Ratios
Exp(B)

z

p

Model 1 (R2 = .52)
Intercept
Aha
CD Hint
Aha * CD Hint

5.04
3.70
3.10
4.30

6.27
4.05
2.43
2.23

<.001
<.001
.015
.026

Model 2 (R2 = .60)
Intercept
Aha
CD Hint
Problem Type
Aha * CD Hint
Aha * Type
Hint * Type

6.63
3.10
5.17
3.59
4.10
0.48
11.74

6.54
2.96
3.12
3.50
2.07
-1.02
3.39

<.001
.003
.002
<.001
.038
.308
<.001

(No differences were seen between CR1 and CR2 items when
these analyses were run using three levels for problem type,
so the simpler model is reported with just two levels for
problem type.) This second model included 3 fixed effects
and all 3 two-way interactions (again using simple effects
coding and including participants as a random effect). When
the three way-interaction was added in a final model it was
not significant, Exp(B) = .057, Z= -1.93, p =. 054, and failed
to improve fit over Model 2 (R2 = .59). Thus, Model 2
provides the best fit as shown in Table 4.
Problem type also affected the likelihood of correct
solutions. The significant effect of problem type was because
CD problems were more likely to be solved (M= 85%, SD=
36) than CR problems (M = 69%, SD = 46). In addition, as

shown in Figure 3, the presence of the CD Hint interacted
with problem type with the CD hint leading to more correct
solutions specifically on CD problems. As can be seen by
comparing the first two pairs of bars, the Aha-Accuracy effect
was similar for both problem types in the control (no CD hint)
condition. As can be seen by comparing the last two pairs of
bars, the strongest Aha-Accuracy effect was seen on CR
problems when participants were given the CD hint, whereas
there was no Aha-Accuracy effect on CD problems when
participants were given the CD hint. The high solution rate
for CD problems solved without an Aha! in the final pair of
bars suggests that the CD hint may be altering the way that
solutions are reached in this condition.

Discussion
This study provides preliminary evidence that giving a hint
when solving matchstick problems may alter both the Aha!
experience and the solution process. First, there was no
significant Aha-Accuracy effect when participants were not
given a hint. Second, although the likelihood of reporting an
Aha! experience was not affected by the presence or
absence of a hint, there was evidence that having a hint led
to differences in the Aha-Accuracy effect contingent on
whether the hint was directly relevant for solution of the
problem type.
The lack of an Aha-Accuracy effect in the control
condition in this study stands in contrast the findings of
prior results presented in Table 1. One salient difference is
that the prior work used mainly verbal problems such as
CRAs, riddles, anagrams and rebus puzzles to demonstrate
the effect. This suggests that the nature of the problem could
matter. Another possible difference is that in the current
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study solution attempts were not forced, and participants
were not encouraged to guess. When forced responses or
guesses are included in calculations of Aha-Accuracy effects
this could produce sizable increases in the size of the effect
(because solvers may be much less likely to report an Aha!
experience when they know they are just guessing.) At the
same time, the problem set used in the current study was
quite small. This could have limited the chance to find the
effect. Future studies are needed that test for the AhaAccuracy effect using a larger set and a variety of spatial
insight problems.
When the effects of hints on Aha! experiences were
analyzed in terms of frequencies, no difference was seen
between the control and hint group. This replicates a similar
finding in Cushen and Wiley (2012). However, the hint
made a large difference in the Aha-Accuracy effect. When
the hint was not directly relevant for the problem type, then
the Aha-Accuracy effect was observed, and Aha! moments
were associated with correct solutions. In contrast, when the
hint was relevant for the problem type, having an Aha!
moment did not predict correct solution. When the hint was
directly relevant for solution, it led to some correct solutions
that were achieved without an Aha! experience. In other
words, the lack of an Aha! experience during these solutions
suggests they are being reached more analytically or
incrementally. This potential difference in the way solutions
are being reached as the result of a hint is similar to the
results seen in Cushen and Wiley (2012). In that study,
guiding participants with an implicit hint led to more
incremental patterns of representational change during
solution of the “Triangle of Coins” problem. Alternatively,
the lack of an effect in the CD hint, CD problem condition
could be due to the fact that there was no room for an Ahaaccuracy effect since performance was already near ceiling.
Many studies have shown that problems used to study the
insight process can be solved incrementally or insightfully.
Although in some studies there appears to be a strong
association between experiencing an Aha! moment and
reaching a correct solution, the association is not perfect and
this offers the possibility for false insights (Danek & Wiley,
2017). A false insight is when someone reports having an
Aha! moment but produces an incorrect answer. It is
interesting that the hint did not inflate the rate of incorrect
solutions reached with an Aha!
Considering the kinds of hints that have been used in
studies on insight, there seem to be differences in the extent
to which the hint is explicit (directly removing a constraint or
decomposing a chunk for a solver) vs. more implicit
(directing attention to important elements or possible routes
for solution). An interesting future direction could be to
examine possible differences between implicit and explicit
hints in Aha! experiences and their relation to solutions in the
Aha-Accuracy effect. The hint used here was very explicit and
told participants exactly how to solve one type of matchstick
problem. Perhaps a more implicit hint would increase the
likelihood of Aha! experiences for incorrect solutions. Or,
alternatively, a more implicit approach could heighten the

perception of Aha! experiences during correct solution by
more subtly prompting the solver to break the numeral
chunks and facilitate changes in operators on their own.
Although Aha! experiences are thought to accompany a
sudden restructuring process, the results of this study suggest
that the perception of an Aha! moment is not so tightly
coupled with correct solutions on this set of problems,
consistent with prior work that has found a disconnect
between cognitive and affective aspects of insight problem
solving (Cushen & Wiley, 2012; Danek & Wiley, 2017;
Danek, Wiley, & Öllinger, 2016). Including trace measures
to detect whether restructuring is occurring during solution,
whether a hint prompts them, and whether Aha! experiences
co-occur with them, would be an important next step
(Öllinger, Jones, & Knoblich, 2008). Only with measures of
both restructuring and Aha! experiences can it be tested what
the connection between these two presumed features of
insightful solutions might be (Danek, Williams, & Wiley,
2020). These results suggest it is still uncertain if they are
directly linked, and also highlights how hint manipulations
may change the problem-solving experience.
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Abstract
This paper explores the value of skepticism towards the
Approximate Number System (ANS). I sketch some of the
main arguments levied against ANS-based interpretations of
numerical cognition data and argue that there are empirical and
conceptual reasons to reject wholesale replacement of the ANS
with an Analog Magnitude System (AMS). To simplify the
discussion, I focus for the most part on a recent critical review
representative of this new wave of revisionist skepticism
(Leibovich, T., Katzin, N., Harel, M., & Henik, A., 2017). I
start with a brief review of some of the reasons offered to deny
that experiments studying our numerical abilities reveal the
presence of a system dedicated to representing quantities of
discrete objects, before turning briefly to empirical responses
to these worries. I then offer a few reflections on why even if
the empirical rebuttal were to fail, there are conceptual reasons
to doubt that we are only equipped with an AMS. While some
of these reasons involve methodological implications of AMSbased theories, other conceptual reasons to doubt AMS
skepticism revolve around how ANS-skepticism seems to go
against the history of the relation between the continuous and
the discrete, and how one cannot be derived from the other. I
then end with a potential reply to my worries involving an
appeal to the Object-File System (OFS) as a source of discrete
content in our numerical abilities and find it wanting.
Keywords: Analog Magnitudes; Approximate Number
System; Numerical Cognition; Object-Files; Discrete;
Continuous; Representational content

Introduction
It’s a great time to be interested in numerical cognition. In the
past few years, research involving adults, infants, and
nonhuman animals has accumulated mountains of data
supporting the existence of (at least) two separate cognitive
systems that appear to serve as building blocks for our formal
arithmetical abilities.1 Even if there are many outstanding
issues concerning such systems – e.g. how many there are and
which system plays what part in the development of
mathematically-viable numerical content, among others – the
received view in the study of numerical cognition relies on
both the Object-File System (OFS) and the Approximate
1

See Cohen Kadosh & Dowker 2015.

Number System (ANS) to explain where our ability to think
about numbers comes from.
And yet, despite major progress being made in the study of
numerical cognition, a voice of dissent has been growing. The
problem has to do with the complications involved in
studying abstract objects like numbers experimentally: given
that numbers are generally considered to be as abstract and
amodal as it gets, it is not always easy to isolate numerosity2
as the only potential cause of behavior in experimental
settings, and it is usually not difficult to find a non-numerical
explanation of behavior in many experiments, prompting
some to be skeptical of any interpretation of the data that does
not rely on non-numerical cues. Such methodological
skepticism has been around for a while (e.g. Clearfield & Mix
1999; Feigenson, L., Carey, S., & Spelke, E. 2002; Simon
1997), as illustrated by the (justified) skeptical response to
Karen Wynn’s (1992) celebrated violation-of-expectancy
study and its alleged ability to establish that subjects were
responding to numerical information.
However, while the methodological headaches that go
hand in hand with numerical cognition studies are indeed
considerable, the consensus has generally been that
researchers manage to find ways of controlling for nonnumerical confounds in their experiments, and that results
obtained by those who fail to do so will eventually fail to be
replicated. So while there has been some skepticism about
numerical interpretations of behavioral and neuroimaging
data for a long time, it has not prevented ANS-based
approaches to numerical cognition from becoming the most
widespread interpretation of the data, as skeptics readily
acknowledge (Gebuis, T., Cohen Kadosh, R. & Gevers, W.
2016; Leibovich, T., Katzin, N., Harel, M., & Henik, A.
2017).
Despite the widespread acceptance of the ANS as a
legitimate explanandum of numerical behavior, a handful of
authors have recently taken this skepticism to a higher level,
questioning to which degree it is possible to create any
experimental conditions that can only be interpreted as
evidence of the presence of innate cognitive systems that
2
While use of this term has come under fire (e.g. Clarke & Beck
2021), I will use it here to describe the number of perceived objects
in a collection, in accordance with what seems to be standard usage.
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track numerosities. For example, in a statement that sums up
the concerns flagged by this recent wave of ANS skepticism,
Leibovich and colleagues have argued that "the natural
correlation between numerosities and continuous magnitudes
makes it nearly impossible to study non-symbolic numerosity
processing in isolation from continuous magnitudes, and
therefore, the results of behavioral and imaging studies with
infants, adults, and animals can be explained, at least in part,
by relying on continuous magnitudes. (Leibovich et al. 2017,
1)
Much of this controversy concerns whether the data are
best explained by appealing to a system specifically tuned to
detecting quantities of discrete items (the ANS), or whether
it is more prudent to appeal to a general sense of magnitude
that is capable of responding to numerosity variations due to
the fact that number co-varies with other magnitudes, in
which case the system would be a more general analog
magnitude system (the AMS). Considering that data
supporting the existence of the ANS and the OFS in infants
and animals are based on using non-symbolic stimuli, this
ANS skepticism threatens to undermine an enormous body of
evidence concerning the ontogenetic and phylogenetic
origins of our ability to think about numbers.
In this paper I sketch some of the main arguments levied
against ANS-based theories and argue that, on top of the
empirical dispute, there are conceptual reasons to reject
wholesale replacement of the ANS with an AMS. To simplify
the discussion, I focus for the most part on a recent critical
review representative of this new wave of revisionist
skepticism (Leibovich et al. 2017)3. I start the paper with a
brief recap of some of the reasons offered to deny that
experiments studying our numerical abilities reveal the
presence of a system dedicated to representing quantities of
discrete objects, before turning to empirical responses to
these worries. I follow with a few reflections on why even if
the empirical rebuttal were to fail, there are conceptual
reasons to doubt that we are only equipped with an AMS,
given that the practice of arithmetic, unlike that of geometry,
involves manipulation of discrete objects. This involves some
discussion of the historical conception of the relation between
the continuous and the discrete and how one cannot be
derived from the other. I then end with a potential reply to my
worries involving an appeal to the object-file system (OFS)
as a source of discrete content in our numerical abilities and
explain why I think it fails.

Doubting Numerosity
Nonplussed by the colossal progress made in the field of
numerical cognition under an ANS-based framework, ANS
skeptics like Leibovich et al. (2017) advocate overthrowing
the dominant ANS-based interpretation of numerical
cognition data and replacing it by one based on an AMS,
which only processes continuous magnitudes like luminosity,
average size, and duration, among others. Typically, an ANS3

While the details of the positive proposal offered by this review
differ from some of the other voices associated with the skeptical

skeptical argument goes like this: since it is impossible to
control for non-numerical cues in explanations of behavior in
non-symbolic numerical tasks, and since number necessarily
co-varies with one of these non-numerical cues, the evidence
for the ANS is dubious, and should be abandoned in favor of
a more general AMS whose domain is not specific to
numerosity. To support this claim, they take apart the
methods used to control for non-numerical magnitudes in
non-symbolic numerical tasks, and show that none of them
can eliminate non-numerical interpretations of the behavior.
The first method used to control for non-numerical
magnitudes is to manipulate a single continuous magnitude
(e.g. by keeping it constant) while varying numerosity
throughout the experiment. This way, since only numerosity
varies, behavioral change should be due to numerosity alone,
rather than to the magnitude that was kept constant. The
problem with this approach is that there is no way to
manipulate one continuous magnitude without affecting
others. For example, in experiments that change numerosities
while controlling for reaction to total surface area of the
display by keeping it constant, numerosity variation
necessarily incurs average size variation.
A second method is to vary many continuous magnitudes
throughout the experiment, though for each trial only one
magnitude is manipulated. The same problem applies here
too, since for each trial, participants could be responding to
different non-numerical cues, so that their performance can
be explained by a variety of non-numerical strategies
throughout the experiment.
A third method is to create congruency conditions between
numerical and non-numerical magnitudes, in a Stroop-like
paradigm adapted to numerosity. The idea here is to see if
manipulating numerosity and an associated continuous
magnitude have cumulative effects on performance. If there
are no behavioral differences between congruent and
incongruent trials, then the manipulated magnitudes do not
interact with each other. For example, when asking
participants to compare numerosity or area of dot arrays,
congruent displays would be those where both size of dots
and their numerosity are larger in one display than another.
In a study using such congruency manipulations (Nys &
Content 2012), congruency effects were more marked for a
size comparison task than a numerosity comparison task,
which was interpreted by the authors as indicating that
numerosity affected size comparison more than vice versa,
and thus that numerosity is more salient in such tasks. The
problem here, according to the skeptics, is that such results
are difficult to replicate, and similar methods often support
contradictory conclusions. In this case, a number of studies
found, on the contrary, that numerosity was less salient than
size (Leibovich et al. 2017, 5), which skeptics take as a sign
of the task-dependence of many results of numerical
cognition studies, thus indicating their unreliability.
In short, the skeptics claim is that it is ‘virtually
impossible’ to control for non-numerical explanations of
approach, the criticism of mainstream numerical cognition methods
offered here is shared by virtually all of these revisionist accounts.
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behavior, since there is always a continuous magnitude that
co-varies with numerosity in non-symbolic numerical tasks.

Empirical Responses to ANS Skepticism
While the methodological humility advocated by many of
these ANS skeptics is certainly warranted, especially
considering the unfortunately liberal use of numerical
terminology that permeates the study of numerical cognition
in infants and animals, the drawbacks of such hardcore
skepticism start to manifest themselves when it is confronted
with stronger evidence for numerosity-based behavior. For
example, a particularly strong line of evidence for the
existence of the ANS is the cross-modal matching studies
involving infants (e.g. Izard, V., Sann, C., Spelke, E. S. &
Steri, A. 2009; Jordan & Brannon 2006; Starkey, P., Spelke,
E. S., & Gelman, R. 1990) and animals (Meck & Church
1983; Jordan, K,. Maclean, E., & Brannon, E. 2008). In such
cases, it is difficult to explain behavior without appealing to
an abstract, amodal representation of discrete quantity, since
any modality-specific confounds like average object size or
total surface area could not transfer across modalities,
suggesting that amodal numerosity representations produced
by an ANS underlies behavior in these tasks. This would
seem to nullify the ANS skeptic’s weapon of choice, (intra)perceptual confounds.
According to Leibovich and colleagues, “Such evidence,
however, should be taken with a grain of salt” (Leibovich et
al. 2017, 5), since these findings have been very difficult to
replicate, with only 2 of 6 studies managing to find evidence
of cross-modal matching in infants. The problem here is
supposed to be that since the findings are hard to replicate,
they should be dismissed. And yet, while the small number
of studies that managed to find evidence of cross-modal
matching does highlight the difficulty of testing for the
presence of numerical representations in infants, simply
negating the original finding because it has not been easy to
replicate appears unjustified. The same authors similarly
question the validity of these studies by appealing to
perceptual limitations in infants. For example, they claim that
in many cases (e.g. Izard et al. 2009), the fact that infants have
poorly developed visual acuity means that “they are unlikely
to be able to see objects that are placed relatively close to one
another as being separate from one another, and they lack the
ability to separate between object and background or between
one object and another” (Leibovich et al. 2017, 6). If this is
true, infants in cross-modal matching tasks could be reacting
to MORE/LESS cross-modal matches: hearing more
syllables, the infant expects to see more dots, and thus stares
longer at the matching stimuli.
However, according to Hyde & Mou, “The claim that
infants cannot perceptually individuate objects until 5 months
is simply false” (Hyde & Mou 2017, 26). On the contrary,
data suggest that while infant vision is poorly developed, it
does not prevent them from individuating objects: “studies
investigating newborns’ visual perception have demonstrated

that they are able to represent individual objects, at the same
age as in the numerosity study” (de Hevia, M.D., Castaldi,
E., Streri, A., Eger, E., & Izard, V. 2017, 21).

Conceptual and Methodological Issues with
ANS Skepticism
Such debates surrounding the value and best interpretation
of data are likely to continue for a long time. Apart from these
empirically-oriented worries, however, there are a few
methodological questions and conceptual problems facing
such extreme skepticism with respect to what is now an
incredibly diversified and well-documented body of research
backing up the existence of the ANS. Given space
constraints, I only sketch the methodological questions and
offer a short discussion of the implications of ANS
skepticism for our ability to explain the relation between the
discrete and the continuous.
First, given that the ANS skeptic’s bread and butter is to
appeal to the fact that number co-varies with continuous
magnitudes to explain behavior, the same method might as
well be used to deny the existence of any of these other
magnitudes as well: why would numerosity be the odd man
out, instead of, say, convex hull or average size? Second,
while it may appear plausible to deny that participants react
to numerosity in many studies, one could be forgiven for
being skeptical about the motley crew of magnitudes that has
been recruited to replace it: how plausible is it that for the
same numerical task (e.g. comparing dot arrays with respect
to their numerosity), a variety of continuous magnitudes are
recruited, depending on which one co-varies with number,
instead of a single system like the ANS? Similarly, given that
which member of this motley crew of magnitude
representations is recruited depends on the potential
confounds with numerosity, wouldn’t there be a system
required to determine which magnitude should be recruited
in each case to give the appearance of numerosity-based
responses, and if so, wouldn’t this system basically be doing
what an ANS is supposed to do?
On top of these methodological questions, a conceptual
worry relates to whether or not it is possible to claim that our
ability to think about numbers is rooted only in systems that
produce content concerning continuous magnitudes. The
worry is that there seems to be a fundamental
incommensurability between continuous and discrete
content, as can be seen in both the history of mathematics and
in developmental psychology. For example, in a number of
infant studies used to probe our numerical abilities, infants
are shown two stimuli and then allowed to reach for the one
they want4. In such tasks, infants are reaching using their
hands to grab an individual object, so it is difficult to
understand how representations for only continuous
magnitudes can underlie their behavior, given that hands do
not grab convex hulls nor average luminosities, nor any other
continuous magnitudes. In such manual search paradigms,
hands are used to reach for things (as opposed to stuff). This
4
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Carey 2009 contains numerous examples of this method.

means infant behavior here would be expected to be based
on representation of a discrete magnitude, and the only
discrete magnitude that can account for such quantity-based
grabbing behavior is numerosity.
This observation reflects one of the fundamental aspects of
the practice of arithmetic: it deals with discrete entities –
namely, natural numbers. On the other hand, ANS skeptics,
by denying that we have a cognitive system dedicated to
tracking variations of quantities of discrete objects in our
environment, end up denying that there is any discrete
content in the systems from which our numerical abilities are
built. After all, the AMS tracks only continuous magnitudes.
This means that ANS-skeptics are dedicated to the claim that
we derive discrete content of the sort used in arithmetic from
representations of continuous magnitudes. In other words,
they are committed to the claim that it is possible to derive
discrete content from continuous content.
This goes against the well-known dichotomy between the
discrete and the continuous in the practice of mathematics.
Indeed, the relation between the continuous and the discrete
has fueled debate throughout the history of mathematics,
from Zeno's paradoxes to Aristotle’s framing both as distinct
species of quantities in book VI of the Categories to
Bergson’s reaction to infinitesimals to the intuitionist
backlash against attempts to reduce the continuum to infinite
sets of real numbers (e.g. Brouwer 1907). A theme that runs
through the historical discussion of the relation between the
discrete and the continuous is that there is a fundamental
distinction between these and that it is impossible to reduce
one to the other5. While there is reason to doubt that this is a
formal truth of mathematics, given the overall success of
analysis, it does seem to describe the experience of doing
arithmetic accurately, especially compared to, say geometry,
where we manipulate lines and figures that are continuous in
nature.
Also, perhaps more importantly here, this distinction seems
to describe our experience generally: we do not interact with
discrete objects in the same way that we do with substances.
This is true from a very young age, as illustrated by violationof-expectancy studies showing that young infants react
differently to sand than they do to objects (Huntley-Fenner,
Carey, & Solimando, 2002). If these reflections are true, then
beyond any empirically-oriented disputes, there is a
conceptual problem with eliminating the ANS from our
interpretation of numerical cognition data: it suggests that we
can derive formal discrete numerical content using
representations of continuous magnitudes as our starting
point, which runs counter to both our experience of the world
and to how the relation between the discrete and the
continuous has been characterized throughout history.

5

For example, in describing the fundamental intuition on which
intuitionist mathematics are built, Brouwer writes that “the
continuous and the discrete appear as inseparable complements,

Rebuttal and Reply: Object-Files
The ANS-skeptic may object here that I am making a
strawman of their position by claiming that denying the
existence of the ANS is tantamount to claiming that discrete
numerical content develops only from representations of
continuous magnitudes: after all, one could easily argue that
we get the discrete content from the Object-File System
(OFS). There is value to this objection: on (a simplified
version of) the orthodox view, the ANS essentially supplies
the quantitative — sometimes called ‘semantic’ (e.g.
Dehaene 1997/2011) background — to the development of
numerical content, while the OFS plays a major role in
individuating quantities of discrete objects as such, with
number words only being mapped to the ANS much later in
the learning process (e.g. Carey 2009: 307-234). If this is
true, the reply goes, then the ANS skeptic can claim the
discrete content from which we derive numerical
representations doesn’t reduce to the content produced by
representations of analog magnitudes, it comes from the OFS,
and there is no need to go from denying the existence of an
ANS to claiming that we can get discrete content from
representations of continuous magnitudes.
There are at least two problems with this rebuttal. The first
is a simple one: evidence suggests that the OFS does not have
any quantitative content: “In this alternative representational
system, number is only implicitly encoded; there are no
symbols for number at all, not even analog magnitude ones.”
(Carey 2009, 138). There is no reason to think the OFS
individuates content based on quantitative information —
especially not if we adopt the strict approach to interpreting
data suggested by ANS skeptics. More parsimonious, nonquantificational explanations can account for all the data
giving the appearance of numerical abilities in the subitizing
range (i.e. between 1 and 4 objects) by appealing to
operations on objects files (Kahneman, D., Treisman, A. &
Gibbs, B. J. 1992). On these non-numerical explanations, the
OFS can be described as supporting one-to-one
correspondence between individuated object files or groups
of these, which can lead to representations with the content
SAME or DIFFERENT. The underlying reason for this
difference or sameness, numerical inequality, does not need
to be explicitly represented here. If this is true, then we cannot
appeal to the OFS for the origins of the concept of
DISCRETE QUANTITY, since it doesn’t even produce
QUANTITY.
Second, the OFS is an individuation system: it parses our
environment into discrete entities and labels them as objects,
so that we can then track some of their individual properties
(Kahneman et al. 1992). While it may allow for aggregate
computations, there is no reason to think that it does this
beyond the subitizing range, so whatever discrete content it
can generate, it does not seem to apply to the majority of data

each with equal rights and equally clear, it is impossible to avoid
one as a primitive entity and construct it from the other, posited as
the independent primitive.” (Brouwer, 1907, 8)
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collected that is typically associated with the ANS, which
goes well beyond the subitizing range.
To illustrate how these issues prevent us from relying on
the OFS to explain where we get the discrete aspect of our
numerical representations, imagine you are faced with a
scene where there are around seven lights on your left side,
around twelve on your right side, and there is a fire burning
in front of you. Faced with such a scene, we would expect a
person to be able to compare how much overall luminosity is
present of the left side vs the right side vs the fire in front of
them: this is what something like an AMS would produce.
However, on top of this, we would also expect a person to be
able to compare each scene in terms of how many light
sources they have (say, seven-ish vs one vs 12-ish). However,
under the AMS-enthusiast’s rebuttal, it is unclear how we can
do this. We know we can compare overall luminosity with
the AMS. We know we can individuate light sources as
objects via the parallel individuation of the OFS. But where
does our ability to evaluate the number of discrete light
sources in each scene as distinct from their aggregate
luminosity? The OFS does not seem to produce content
capable of supporting this thought.
If we only have an AMS and the OFS playing a part in the
development of our numerical abilities, then, can we say that
a person would have the ability to compare scenes in terms
of the number of (discrete) light sources? This is now far from
obvious: the AMS is responding to luminosity here, which
should allow an individual to say which scene produces the
most light (a continuous magnitude). But how then can we
explain a person’s ability to compare the scenes in terms of
the number of discrete light sources? The OFS does not help
here, since even if we accept that it allows us to individuate
collections of discrete objects, it does not allow us to do this
with respect to quantity. And under the AMS-only
framework, we do not have an abstract notion of quantity, we
only have magnitude-specific quantities, like quantity of
light, or average size.
This absence of an ability to get a rough idea of the number
of individual light sources seems to run counter to how we
experience such scenes, in that we would expect our
experience to include our ability to both compare overall
luminosity and the number of light sources. Similarly, for
studies that expose animals to recordings containing many
discrete sound samples of predators to gage their responses
(e.g. Benson-Amram, S., Heinen, V.K., Dryer, S. L., &
Holekamp, K.E. 2011), the ANS-skeptic could not accept an
interpretation of the data where an animal is receiving the
auditory stimulus as giving it information on the quantity of
predators available. Rather, it would be limited to the overall
‘predatoriness’ of the scene. Again, this seems to run counter
to how we would expect an animal to experience the world.
Here, the ANS-skeptic could respond that I am confusing
numbers as conceptual entities with numbers as perceptual
entities. The response would claim that how we conceive of
numbers (as separate objects) does not need to reflect the
(continuous) content from which we build our thoughts about
6

numbers. That is: how we think about numbers doesn't need
to mirror how we perceive them, and we could just explain
the discrete character of numbers via some computations
made on the output of the AMS6. After all, while we can
easily think of the difference between 31 and 32, we cannot
perceive the numerical difference between a stimulus
composed of 31 blue dots and one composed of 32 blue dots,
so there is clearly a difference between the output of the
systems used to build numerical content and properties of
numbers.
This response seems problematic in at least two ways: first,
there are no numbers in the world for us to perceive. Numbers
are abstract entities, we cannot track or perceive them.
Second, this response conflates two types of experience, one
that focuses on continuous aspects of our environment, and
one that focuses on discrete ones, as illustrated by the light
source example. While it is undoubtedly true that we cannot
perceive the numerical difference between a stimulus
composed of 31 blue dots and one composed of 32 blue dots,
we can certainly tell the difference between wondering which
stimulus has more dots and which has more blue. It is this
difference that I claim the ANS-skeptic is not able to account
for, since the AMS does not produce any discrete content.
So even if there is an important difference between what
we are responding to in the world and what we end up
thinking, I argue that the difference cannot be such that it
takes us from thinking about continuous magnitudes to
thinking about discrete objects. Perhaps more importantly, as
mentioned above, even if we allow there to be such a
difference between what we are perceiving and what we end
up thinking, we would still have to say that the discrete
content is computed by another system operating on the
continuous output of the AMS, in which case it sure sounds
like we are saying we need the ANS after all.

Conclusion
The ANS-skeptic is right to be weary of over-interpreting
data, as shown by mistakes made in the past. However, this
methodological commitment to strict interpretation of data
should not come at the cost of eliminating important aspects
of how we experience the world. I argue that eliminating the
ANS entirely is too costly in terms of its conceptual
implications. When methodological skepticism leads to
disregarding the fundamental incommensurability between
the discrete and the continuous, as proponents of the AMSonly approach do, one could argue it has gone too far. While
it is important not to underestimate the potential influence of
continuous magnitudes in numerical cognition studies, it is
equally important not to overstate it, lest we only see the
continuous forest and forget about the discrete trees.
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Abstract
The effect of prioritization on information in working memory
has primarily been examined in tasks containing a single type
of stimulus and with one item that is prioritized. However,
many theories of working memory posit different types of
components for the maintenance of verbal or visuospatial
information. This study examined differences between
prioritized and nonprioritized items as well as word and image
stimuli. Participants completed an association learning task in
which working memory demands were varied along with the
number of items to be prioritized. Following a short delay,
retention was tested. Prioritization effects were identified
during both the learning and testing phases of the experiment,
and the impact of prioritization was moderated by working
memory demands of the task. Significant differences in
accuracy between word and image stimuli were only observed
in the testing phase, with accuracy for verbal information being
worse. While prioritization improved accuracy and response
times during learning, it led to decreases in the testing phase.
Keywords: working memory; prioritization; learning

Prioritization is a highly productive component of everyday
mental functioning, from keeping us safe (e.g., keeping an
eye on the cars around us on the road rather than the passing
scenery) to playing videogames (e.g., choosing to work
towards a specific achievement over others). When
referencing its intentional direction towards sensory stimuli,
this prioritization is referred to as selective attention.
Gazzaley and Nobre (2011) discussed the relationship
between working memory and selective attention, which they
define as, “the ability to focus our cognitive resources on
information relevant to our goals.” However, with respect to
information already in working memory, research has shown
that it is possible to prioritize some information over other
information (Allen & Ueno, 2018; Atkinson et. al., 2020;
Heuer & Schubo, 2020). Understanding the mechanisms and
limitations of prioritizing information in working memory
should inform not only theories of working memory, but also
how we use these mechanisms in making decisions, learning,
and many other tasks.
Working memory prioritization effects have been
repeatedly shown to increase accuracy for prioritized
information (Allen & Ueno, 2018; Atkinson et. al., 2020;
Heuer & Schubo, 2020), but this is not equivalent to
increasing the capacity of working memory. Atkinson et. al.
(2020) conducted a series of prioritization experiments with
a concurrent articulatory suppression task, repeating a word
or phrase unrelated to the experiment, designed to suppress
one of the maintenance mechanisms involved in verbal
working memory. They asked participants to prioritize the

item at a specific serial position in the sequence being read to
them, then repeat as much of the sequence as they could
recall. These experiments indicated that prioritized item at a
specified serial position will be maintained at the cost of
nonprioritized items as increasing working memory
resources are taken up by the prioritized item. In these
studies, a single item in a serial recall task was selected to
have a higher priority.
However, multiple items may be prioritized
simultaneously. Allen and Ueno (2018) demonstrated this by
manipulating the number of prioritized items across four
visuospatial experiments. Participants were first shown a
screen indicating which of four spatial locations would
contain items that were meant to be prioritized. Across these
four experiments, which contained up to three prioritized
items, researchers consistently found significantly higher
recall accuracy for prioritized items when compared to
nonprioritized items. This task provides evidence that the act
of prioritization may be more flexible than thought
previously by allowing multiple items to be marked as
prioritized. More prior research has examined prioritization
in visuospatial working memory, with the recent study by
Atkinson et al. (2020) being one of the few to look at
prioritization in verbal stimuli. To the best of our knowledge,
there are no studies directly examining differences in
prioritization between verbal and visual information.
There are theoretical reasons that the type of stimulus
information might matter. Some theories of working memory
posit different modules or components that specialize in
maintaining different kinds of information. In particular, the
multicomponent theory of working memory (Baddeley,
1992) and the time-based resource-sharing (TBRS) theory of
working memory (Barrouillet & Camos, 2020) both have
components that specialize in maintaining certain types of
information. Verbal, or phonological information, according
to these theories, can be processed within a space known as
the phonological loop by Baddeley or the articulatory loop in
TBRS. Both theories also describe two methods that this can
be used to maintain verbal information so it can be
manipulated or recalled. The first is a process involving
repeating the information either internally or aloud using the
articulatory loop, and the second is a process involving rapid
attentional switches, referred to as refreshing, amongst the
information in working memory to prevent loss of
information. Previous studies identified the presence of more
than one maintenance strategy by intentionally blocking one
or the other to measure the remaining effect (Atkinson &
Allen, 2020). Maintaining information in verbal working
memory is often done with the intention of reproducing that
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information at some later point (e.g., repeating a phone
number over and over until you can put it in your phone), so
its capacity is often determined by accuracy of serial recall.
While working memory possesses two mechanisms for
holding onto information, the area that handles visual
information only utilizes the attentional refreshing method
(Heuer & Schubo, 2016). This difference in mechanisms
available for verbal and visual information may impact how
different stimuli can be prioritized in working memory.
Examining varying prioritization demands has been done
primarily in either visuospatial working memory tasks or via
a serial recall task with auditory stimuli. The goal of the
current study is to examine prioritization effects with
different working memory loads in a learning task with either
image or word stimuli. The rationale for using a simple
association learning task is to see if similar prioritization
effects can be observed when working memory is being used
in the service of completing a larger task. The association
learning task has been used previously to examine
interactions of working memory and reinforcement learning
(Collins, 2018; Collins & Frank, 2012). These prior results
have been interpreted as supporting a combination of
working memory learning and reinforcement learning, with
set size being the distinguishing factor. Within the smaller set
sizes that were still within the capacity limit of working
memory, the results were interpreted as supporting primarily
maintenance in working memory with limited contribution of
reinforcement learning. The larger set sizes, which exceeded
participants’ capacity limits, required reinforcement learning
in addition to working memory from the onset of the task.
The key result was that at a delayed test, associations from
the larger set size were retained better than associations
learned at a smaller set size where the associations could be
maintained primarily within working memory.
Within the task itself, participants are given instructions to
earn as many points as possible by guessing which of three
key presses is the correct key to earn points for that stimulus.
Prioritization is incentivized through a scoring system that
makes some stimuli worth twice as many points. The number
of stimuli being learned at one time within a block is
manipulated in the range of 3 to 6 resulting in varying
working memory demands. In the priority condition, half of
the items in a block are prioritized. In the control condition,
no stimuli are prioritized. Comparison of the prioritized and
non-prioritized items in the priority condition will provide
evidence of prioritization effects. Non-prioritized stimuli in
the priority condition can also be compared to the control
condition to see if non-prioritized items were any worse
because resources were allocated to prioritized items. The
primary question of interest is whether prioritization effects
would be observed and if they were moderated by working
memory load. Our initial hypothesis was that the impact of
prioritization would increase as set size increased; some of
this difference between prioritized and non-prioritized items
might be because the non-prioritized item performance was
lower due to allocation of resources to the prioritized item.

The other main comparison in this study will be differences
between word and image stimuli. Because it may be easier to
represent words in the articulatory loop, having an additional
subsystem might make prioritization different from image
stimuli. For this reason, we hypothesized that it may be easier
to prioritize items in the word condition than in the image
condition.

Method
Design
A 2 x 3 x 2 mixed repeated-measures design is used in this
experiment, with major factors being priority condition
(priority, control), set size (3, 4, and 6), and stimulus type
(word or image). Fifteen different categories of nameable
items were first developed, then six different images (to
account for the maximum set size) were obtained for each
category to serve as the image condition. Once all image
stimuli were gathered, a text version of each of these visual
items (i.e., image: image of cat, word: “cat”) were generated
for the word condition. These stimuli were chosen to identify
hypothesized differences between the mechanisms involved
in maintaining these types of information.
The main task for this experiment is an adapted version of
the association learning task meant to measure reinforcement
learning as well as possible working memory learning. The
present version of this task contained 15 blocks, each
containing 3, 4, or 6 different stimuli from the same category
(e.g., animals, sports, fruit). The task for each block was to
learn which of the three keys (“A,” “S,” or “D”) was the
correct key to press for each image. Correct/incorrect
feedback was provided after each attempt in the form of
points (0, 1, or 2 points). No points were earned for incorrect
key presses, so that receiving points indicates the key was the
correct key. Each stimulus was presented 13 times in a block
with all stimuli for the block being presented in a
pseudorandom order. Participants were randomly assigned to
one of four conditions formed by crossing the priority
condition and stimulus type factors. In the control condition,
all stimuli were worth 1 point. In the priority condition, half
of the stimuli were worth 2 points such that 1, 2, and 3 items
were worth more points in the 3, 4, and 6 set size conditions
respectively. Set size was manipulated within participants
with 5 blocks of each set size. The order of set sizes across
blocks was randomized.
Following the association learning task, participants
completed a delay task that lasted 10-20 minutes (M = 16
minutes). The delay task was the automate operation span
task (Unsworth et al., 2005), which is a complex span task
designed to measure working memory capacity. The data
from this task is not analyzed here, and the methodological
details are identical to those reported in Unsworth et al.
(2005). After the delay task, they completed a testing phase
where they were asked to recall the correct key press for each
stimulus seen in the association learning task without
feedback. Participants were not told in advance that they
would be tested on the key press associations. This phase
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randomly presented each of those associated stimuli from the
learning phase, with the instructions that the associated key
presses were the same for this phase as the learning phase.
Feedback was not provided following each key press, but
otherwise the timing of the trials was identical to the learning
phase. At the end of the task, they received a cumulative score
for the entire testing phase.

Participants
Two hundred and sixteen undergraduate student participants
participated in exchange for course credit. They were
randomly assigned to one of four conditions (priority image,
priority word, control image, and control word) and
completed the experiment online from personal computers.
Similar to the original Collins (2018) experiment, an a priori
learning criterion was set at 75% accuracy across the last
three stimulus repetitions in a block in the set size three
condition. This criterion was included to exclude participants
who were not able to learn a condition in which prior studies
have found that mean accuracy is 90% or greater. Additional
exclusion criteria included participants which took more than
twenty-five minutes to complete the OSPAN task, so those
with a longer than average delay between the learning and
testing phases would not be analyzed. Finally, participants
that scored lower than 80% averaged accuracy for the algebra
problems within the OSPAN were excluded on the basis of
not performing the task to their full ability.
Based on prior data from the association learning task
(without prioritization), half of the difference between
performance in the set size three and set size six conditions
was used as an estimate of the effect size of prioritization for
purposes of a power analysis. Monte Carlo simulations based
on this effect size were used to determine that 160
participants should yield a power of .9 to detect the
prioritization effect. After applying the learning criterion,
161 participants remained in the analysis.

Procedure
All participants saw the same instructions at the onset of the
experiment. They were instructed to place their hand over the
three keys they were using to choose associations on the
keyboard (A, S, and D). As they proceeded through the
instructions at their own pace, they were shown what a set of
images looked like for each block of the main experiment.
Next they practiced, step by step, associating keys with
practice images and received feedback as they would in real
trials. The first condition difference came from an extra set of
instructions that appeared to those in the priority condition,
indicating items with a blue border were worth two points
when associated correctly. Once they read through the
instructions, they performed a practice block with a set size
of three. This was identical to later blocks, except that the
stimuli used here was not used in later blocks. A performance
criterion was set at 80% of the last five presentations of each
stimulus for them to proceed. If they did not meet the
criterion, then they reread the instructions and tried again.

Participants in the image condition received images as their
stimuli for the entirety of the experiment, and those in the
word condition received word stimuli. At the beginning of a
block of trials, all the stimuli they would be learning in that
block were presented on the screen as shown in Figure 1.
They could study these stimuli for up to one minute. For each
trial, a 500 ms fixation cross was presented followed by the
stimulus for up to 2000 ms, during which participants made
their response. Following the response or the time limit, they
received feedback in the form of “+0” for incorrect guesses,
“+1” for correctly associated control/nonpriority items, and
“+2” for prioritized items in the priority condition. Failure to
respond in the time limit led to “Too Slow” as feedback.
Feedback was presented for 500 ms before cycling to the next
stimulus. Each of the stimuli were presented 13 times in a
pseudorandom order such that the number of intervening
trials between successive presentation of the same stimulus
followed a uniform distribution. Following the last trial in a
block, the total cumulative points earned in that block were
presented for 2500 ms. Each participant completed 5 blocks
of each of the three set sizes.

Figure 1: Association learning task, showing two trials and
difference in priority condition.
They then completed the operation span task. Following its
completion, they completed the testing phase. Participants
were not told in advance that they would be tested on the key
press associations. This phase presented each of the stimuli
they learned associations for during the learning phase in a
random order, and they received instructions that the
associated key presses are the same for this phase as the
learning phase. Feedback is not provided following each key
press, but otherwise the timing of the trials was identical to
the learning phase. At the end of the testing phase, they
received a cumulative score for the testing phase.

Analyses
Generalized linear mixed effects models were developed in
R to analyze this data with degrees of freedom being
approximated by Satterwhaite’s method as implemented in
the lmerTest package. The dependent measures examined
were accuracy during the learning phase, correct response
time during the learning phase, and accuracy during the
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testing phase. For each dependent measure, one set of
analyses examined the difference between prioritized and
non-prioritized items in the Priority condition. The purpose
of this set of analyses was to examine whether prioritization
had any impact. In these analyses, priority status (within
priority condition, prioritized vs. non-prioritized items),
stimulus type (image vs. word), and set size as a continuous
variable were included as fixed effects. For random effects,
there were random intercepts of participant and stimulus with
random slopes for all factors that were manipulated withinparticipant or within-items (i.e., priority status and set size for
participants, and priority status for items).
A second set of analyses compared between-subject effects
using the non-prioritized items in the priority condition and
performance in the control condition. The purpose of these
analyses was to examine whether prioritizing some items lead
to a decrease in performance on non-prioritized items. In
these analyses, priority condition (priority vs. control),
stimulus type (image vs. word), and set size as a continuous
variable were included as fixed effects. For random effects,
there were random intercepts of participant and stimulus with
random slopes for all factors that were manipulated withinparticipant or within-items (i.e., set size for participants, and
priority condition for items). For all analyses, all fixed effects
were allowed to interact but nonsignificant interactions were
dropped in order to provide easier interpretation of lower
order effects.

Figure 2: Accuracy in learning phase across set size,
separated by stimulus condition. Note that priority condition
was manipulated across participants and priority status within
the priority condition was manipulated within participants.
Mean correct response time for the learning phase is shown
in Figure 3. For the linear mixed effects model contrasting
prioritized and non-prioritized items in the Priority condition,
prioritized items were responded to faster than nonprioritized items, t(150.85) = -3.65, p < .001. Larger set sizes
also took longer to respond to, t(78.50) = 9.32, p < .001.
There were no significant effects of stimulus condition or
significant interactions.

Results
Learning Phase
Both accuracy during the learning phase and correct response
time were examined. Based on prior results with this
association learning task, the smaller set size conditions are
likely to be easier than the larger set size condition (Collins
& Frank, 2012). As such, there may be a ceiling effect in the
set size 3 and 4 conditions limiting the effect of prioritization.
It may be that learning phase response times are a better
indicator of prioritization in these smaller set sizes.
Prioritized vs. Non-prioritized Items Mean accuracy for
the learning phase is shown in Figure 2. For the general linear
mixed effects model contrasting prioritized and nonprioritized items in the priority condition, set size interacted
with priority status, z = 4.18, p < .001. Contrasts showed that
this interaction is due to priority status improving accuracy in
the set size six condition, z = 3.03, p = .003, but not in the
smaller set sizes, p > .05 for both set size three and four.
Increasing set size also decreased accuracy, z = -16.02, p <
.001). There were no significant effects of stimulus condition
or priority status, and no other significant interaction.

Figure 3: Mean response time in the learning phase across
set size, separated by stimulus condition.
Non-prioritized Items vs. Control Condition Nonprioritized items were compared to items in the control
condition to examine whether any benefits of prioritization
came at the cost of worse performance for the items that were
not prioritized in the priority condition. For accuracy, higher
set sizes had lower accuracy, z = -21.95, p < .001, but there
was no evidence that priority condition had an effect, z = 0.89, p = .38. There were also no significant effects of
stimulus condition. Similarly for response times, set size led
to an increase in response time, t(152.90) = 15.54, p < .001,
but there was no evidence of an effect of priority condition,
t(179.46) = -0.93, p = .36 or significant interactions.
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Testing Phase

Discussion

Prioritized vs. Non-prioritized Items Mean accuracy for
the testing phase is shown in Figure 4. For the general linear
mixed effects model contrasting prioritized and nonprioritized items in the priority condition, set size interacted
with priority status, z = 4.06, p < .001. Contrasts showed that
this interaction is due to priority status leading to decreases
in accuracy for set sizes of three and four (Set 3: z = -4.72, p
< .001; Set 4: z = -3.99, p < .001), but no significant
difference in accuracy for set size six. Set size also interacted
with stimulus condition, but only had a significant effect for
image accuracy, z = 2.83, p = .005. This interaction was due
to set size affecting image stimuli accuracy, z = -3.61, p <
.001, but not word stimuli accuracy. Increasing set size led to
lower overall accuracy, z = -2.36, p = .02, and there was
overall lower accuracy for prioritized items, z = -3.13, p =
.002. The word condition also had lower accuracy than the
image condition, z = -4.35, p < .001. There were no
significant interactions between priority status and stimulus
condition.

Figure 4: Accuracy in testing phase across set size, separated
by stimulus condition.
Non-prioritized Items vs. Control Condition Nonprioritized items were compared to items in the control
condition to examine whether any benefits of prioritization
came at the cost of worse performance for the items that were
not prioritized in the priority condition. Overall accuracy for
nonprioritized items decreased as set size increased, z = 1.64, p < .001. Accuracy was also significantly worse in the
word condition than the image condition, z = -5.26, p < .001.
There was also significant set size by stimulus type
interaction, z = 5.20, p < .001, with accuracy decreasing for
items in the image condition with increasing set size, z = 6.78, p < .001, but not the word condition. No evidence of a
difference between nonprioritized items in the priority
condition and items in the control condition was identified.
There were also no significant main effects of priority status
or set size, and no interaction between stimulus condition and
priority status.

A prioritization effect was observed in both the learning and
testing phases, and effects of stimulus condition were found
in the testing phase. Our initial hypothesis was that there
would be a larger prioritization effect as set size increased.
While accuracy decreased as set size increased in the learning
phase, an effect of prioritization was present only in set size
six during this phase. This result supports the original
hypothesis. The second main hypothesis examined whether
maintenance for word stimuli would lead to higher accuracy
than visual stimuli because the availability of components
like the articulatory loop could be used in addition to
mechanisms like attentional refreshing in the episodic buffer.
However, there were no effects or interactions with stimulus
type during the learning phase. The only significant effect of
stimulus type was observed during testing, where accuracy
for word stimuli was lower than image stimuli. Finding better
memory for images as opposed to words is not an original
finding, as prior studies have observed higher free recall and
recognition memory for pictures (Paivio & Csapo, 1973).
However, it was interesting that memory for key presses
associated with images were impacted more by increases in
set size than were the key presses for words. In any case, one
limitation of the current design is that the image stimuli were
designed to be easily verbalizable. It is possible that
participants recoded the images, and could use the
articulatory loop to help with maintaining these items.
The combination of these accuracy and response time
results may be due to ceiling effects on accuracy for the
smaller set sizes. By the end of the learning phase, mean
accuracy was over 90% for set size three and approaching
90% for set size four. Because the smaller set sizes were
under the capacity of the working memory maintenance
mechanisms involved, prioritization may not have led to
lower accuracy for non-prioritized items, as all items could
be maintained in some manner in working memory. While
accuracy for these lower set sizes was not influenced by
prioritization, the significant prioritization effect in response
times indicates that prioritization played a role in
performance even at smaller set sizes. Within current theories
of working memory, there are several possible ways that
prioritized word items could be maintained differently than
non-prioritized items. For example, in the time-based
resource sharing theory (Barrouillet & Camos, 2020),
prioritized information could be refreshed in the episodic
buffer using attentional refreshing while non-prioritized
items were maintained in the articulatory loop or simply
retrieved from declarative long-term memory as needed.
Another possibility within this same theory is that high
priority items are refreshed at a higher rate than nonprioritized items. Similar possible explanations can be
constructed for other theories of working memory.
One additional result that constrains these possible
explanations is the decrease in accuracy for prioritized items
during the testing phase. Whatever mechanism is posited for
prioritized items must also lead to lower availability in longterm declarative memory for prioritized items. This decrease
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in testing accuracy for prioritized items bears some similarity
to priori results with this association learning task where
learning was better for set size three items than for set size
six items, but testing accuracy was lower for set size three
than for set size six items (Collins, 2018). Some results have
indicated that this accuracy difference may be due to the
proceduralization of the responses for set size three items
(Newlin & Moss, 2020). Highly practiced items may lead to
the formation of procedural memories from the original
declarative memories (Anderson, 1982; Taatgen &
Anderson, 2002). These procedural memories would be
context specific and disrupted by the differences between
learning and testing context. Supporting this idea, Newlin and
Moss found that when the testing condition matched the
learning condition by being blocked by stimulus category
instead of randomly presenting items across categories, then
testing performance matched learning performance more
closely for small set sizes. It may be possible that a similar
effect is being observed here where prioritized items become
proceduralized, so they did not need to be retrieved from
memory any more after learning. However, the testing phase
does not match the learning phase, so that procedural
knowledge is not available during test. This explanation of
performance in this task can be contrasted with that of Collins
(2018), which hypothesized that maintaining associations in
working memory interfered with reinforcement learning. The
current testing results could also be explained with that
theory.
While smaller set sizes may have been proceduralized or
maintained differently in working memory, set size six
contained too many items to continue this strategy. The
capacity of these maintenance mechanisms is low, so
prioritizing the items that were worth more points became the
favorable strategy. Items that were not prioritized were not
maintained as successfully, leading to the observed
difference in accuracy. Additionally, lower accuracy for
prioritized items during the testing phase indicates those
items were not maintained as well across the delay. These
results, as well as the nature of prioritization being a focused,
deliberate process leads us to posit that prioritization is more
aligned with working memory learning rather than
reinforcement learning. Future work should further test this
hypothesis, as well as explore designs that test alternate
working memory mechanisms that could also account for the
prioritization effects in this study.
The incentive to prioritize items may also be a limitation in
this study. Points in this task were not associated with any
monetary or credit incentive for participants, and it is possible
that such an incentive would yield increased prioritization
effects. Another manipulation that could be examined in the
future is a concurrent articulatory suppression task that
inhibited verbal maintenance mechanisms. Such a
manipulation would begin to examine some of the
explanations proposed for the results.
In conclusion, these results show that it is possible to obtain
prioritization effects in working memory with multiple
prioritized items across different types of stimuli. The

association learning task used in this study is different from
the immediate serial recall used in studies of verbal working
memory as well as from visuospatial tasks used in studies of
visual working memory. Prioritization in working memory
can therefore have an effect when performing a task in which
there can be strategic variation across participants. Tasks
similar to this one may allow further hypotheses to be tested
regarding interactions of working memory components with
other cognitive systems that operate during learning, such as
the potential proceduralization or skill acquisition effects
discussed here.
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Abstract
Machine learning models that automatically assess reasoning
quality are trained on human-annotated written products. These
“gold-standard” corpora are typically created by prompting
annotators to choose, using a forced choice design, which of two
products presented side by side is the most convincing, contains the
strongest evidence or would be adopted by more people. Despite the
increase in popularity of using a forced choice design for assessing
quality of reasoning (QoR), no study to date has established the
validity and reliability of such a method. In two studies, we
simultaneously presented two products of reasoning to participants
and asked them to identify which product was ‘better justified’
through a forced choice design. We investigated the criterion
validity and inter-rater reliability of the forced choice protocol by
assessing the relationship between QoR, measured using the forced
choice protocol, and accuracy in objectively answerable problems
using naive raters sampled from MTurk (Study 1) and experts
(Study 2), respectively. In both studies products that were closer to
the correct answer and products generated by larger teams were
consistently preferred. Experts were substantially better at picking
the reasoning products that corresponded to accurate answers.
Perhaps the most surprising finding was just how rapidly raters
made judgements regarding reasoning: On average, both novices
and experts made reliable decisions in under 15 seconds. We
conclude that forced choice is a valid and reliable method of
assessing QoR.
Keywords: Reasoning, quality of reasoning, forced choice.

Introduction
Forced choice is a standard experimental paradigm common to
psychophysics and cognitive psychology, particularly in the
assessment of processes such as perception and memory (Link,
1975; Ratcliff & Smith, 2004; Bogacz, Brown, Moehlis,
Holmes, & Cohen, 2006), as well as in machine learning (Cao
et al., 2007). Typically, a forced choice protocol involves
presenting two or more test items simultaneously, with a
decision required of the participant (e.g., which item is
brighter). Recently, this experimental paradigm has been
extended to measuring argument quality. Multiple machine
learning models for automatically judging the quality of
reasoning (QoR) in written products have been proposed which
are trained on short, labelled arguments. To generate these goldstandard corpora, human annotators were instructed to choose
between argument pairs (usually on a similar topic and stance),
assessing convincingness (Habernal & Gurevych, 2018),

evidence strength (Gleize et al., 2019), or which would be
adopted by more people (Toledo et al., 2019; Gretz et al., 2020).
The aim of the current research was to explore the criterion
validity of the forced choice procedure with minimal
instructions in assessing QoR. Criterion validity assesses
whether a measure is positively related to other measures one
would expect it to be related to. The SWARM project team1
(which included all authors on this paper) constructed a corpus
of 279 arguments (Avg=162 words, SD=132 words) in support
of answers to a wide range of reasoning problems with
normatively correct solutions. These ranged from standard
GMAT/LSAT questions to novel geolocation tasks familiar to
human rights researchers attempting to confirm the authenticity
of video or photographic footage (see Table 1). Problems were
selected according to an established group task taxonomy that
originated from social psychology (see McGrath 1984). They
involved differing degrees of abstract reasoning (e.g., Raven’s
matrices), while others relied on general (e.g., integrative
reasoning) or domain-specific knowledge with engineering and
technology (e.g., Bayesian reasoning). Therefore, we
investigated the applicability of the forced choice design to the
measurement of QoR across a broad range of domains of
reasoning.
Within this problem-selection paradigm, we first
expected normatively correct answers would be accompanied
by better reasoned rationales in support of their answers.
Second, we expected products generated by larger teams to
produce answers that were more accurate and better reasoned.
Finally, we expected the correlations between objective
accuracy and quality of reasoning to be stronger for expert than
for novice raters.
In two experiments, we instructed participants to
choose what they perceived to be the better-reasoned rationale
out of pairs of written arguments supporting different answers
to the same problem. Study 1 used an MTurk sample, and Study
2 used an expert sample, composed of people with appropriate
training in judging reasoning (see below).

Study 1: Assessing Forced Choice using Novice
Raters
In Study 1, we measured criterion validity by assessing if
accuracy and team size affected whether a rationale was
selected as better reasoned through a forced choice design. We

1

https://www.imperial.ac.uk/security-institute/research/dataprocessing-and-algorithms/swarm/
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pre-registered our hypotheses on the Open Science Registry
(see https://osf.io/re5ha). We used the pre-registration template
provided by AsPredicted.org and made available at the Open
Science Framework (see https://osf.io/m3spx/). We
hypothesized that: (1) products resulting in more accurate
solutions will be associated with rationales that are chosen more
often in forced choice comparisons; and (2) teams with larger
numbers of individuals will produce better justified products
compared to teams with smaller numbers.2

Participants
MTurk raters (N=218) completed the Human Intelligence Tasks
(HITS) at the rate of USD 10/hr. Each pair was evaluated by
exactly 3 raters.

Materials
Rationales were produced by teams in IARPA’s Crowdsourcing
Evidence, Argumentation, Thinking and Evaluation
(CREATE) program. An email invitation was sent to 4179
members of a pool managed by the Smartly-assembled Wikistyle Argument Marshalling (SWARM) project (van Gelder et
al., 2020), of which N=233 consented to participate. They were
assigned to teams of varying sizes in two production protocols,
as follows: 4 teams of 5 people, 6 teams of 10 people, 4 teams
of 15 people, and 4 teams of 21 people, split evenly across
protocols. Participants were given 48 hours (February - March
2019) to solve 19 problems (Table 1). Two problems, however,
were later removed from the final dataset as they were
mistakenly presented to groups twice (e.g., Logical Reasoning
1 and 2 were the same, Raven’s Matrices 1 and 2 were the
same). The final dataset of problems was therefore based on 17
unique items. These were selected to afford different types of
collective reasoning in group performance contexts. Our itemsampling procedure was guided by studies that had previously
attempted to measure collective intelligence in human groups
(see Engel et al., 2014; Riedl et al., 2021; Woolley et al., 2010).
In these studies, a group-IQ test battery was sampled according
to McGrath’s task circumplex, a group-task taxonomy that
divides group tasks into four qualitatively distinct quadrants
with eight subdimensions: generate (creative, planning), choose
(intellective, decision-making), negotiate (cognitive conflict,
mixed motives), and execute (performances / actions, contests /
competitions) (see McGrath, 1984, p. 61). Each team submitted
a single answer to each problem, though not all teams
completed all tasks (and some answers were excluded due to
poor quality). In total, 279 rationales of between 3-856 words
were collected.
Table 1. Problems used in Study 1 and Study 2
Problem

Description

#product
s

2

We pre-registered a third hypothesis regarding the difference
in accuracy between production protocols. This does not have
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Verbal
Comprehensi
on 1 (VBC_1)
Verbal
Comprehensi
on 2 (VBC_2)

18
Tests comprehension of
written text (GMAT, 2018)
14

Geolocation 1
(GEO_1)
Geolocation 2
(GEO_2)

16
Asks for the location and time
of a given photo (in-house)

Geolocation 3
(GEO_3)
Critical
Reasoning 1
(CR_1)

12

14
Tests ability to critique an
argument (GMAT, 2018)

Critical
Reasoning 2
(CR_2)

17

13

Object
Identification
(OID_1)

Participants are required to
identify an object (in-house)

16

Integrative
Reasoning
(IR_1)

Tests ability to draw the
correct conclusions from data
(Manhattan Review, 2012)

17

Document
Identification
(DocID_1)

Participants must correctly
identify the source of the text
(in-house)

15

Syllogisms
Problem
(Syl_1)

Tests ability to identify
consequences of deductive
syllogisms (Ennis et al.,
1985)

17

Based on 5 preceding
checkers moves, participants
need to correctly predict the
6th move based on a real
game (in-house)

14

White-team
Checkers
(Che_1)

any bearing on assessing the criterion validity of a quality of
reasoning measure and we don’t report on it in this manuscript.

Logical
Reasoning 1
(LR_1)
Logical
Reasoning 2
(LR_2)
Raven’s
Matrices 1
(Mx_1)
Raven’s
Matrices 2
(Mx_2)
Simple
Probabilistic
(Bayesian)
Reasoning
(Bay_1)

read through the problem statement, raters were presented with
two randomly selected rationales corresponding to the problem
statement. The rationale that was deemed to be “better justified”
was then chosen by the rater. Once the choice was made, they
were presented with two more randomly drawn rationales. On
average each rater saw 26.4 pairs of rationales (SD = 31.1). This
amounted to a total of 1,915 comparisons and choices. Raters
were not informed how accurate it was and in many cases the
responses were equally accurate. Data collection took place in
May 2019.

17
Tests understanding of logical
principles (LSAT, 2015)
9

16

Results

A validated test of fluid
intelligence and spatial
reasoning (Raven, 1998)

Accuracy To assess the relationship between accuracy and the
forced choice measure of quality we counted the number of
times the team whose answer was closest to the correct solution
produced the rationale that the majority of raters chose (Figure
1). For instance, for the GEO problems, teams were required to
produce a set of GPS coordinates. The team whose coordinates
were closest to the correct answer were deemed to be most
accurate. A match was recorded if the majority of the raters
chose their rationale. Note that answers that were equally
correct were not considered for this analysis (e.g., when two
teams provided the correct answer in a multiple-choice
question). Participants chose the rationale supporting the more
accurate solution 68% of the time (SD = 1%).

13

Tests capacity to correctly
update probabilities based on
evidence (Mandel, 2015)

15

Complex
Probabilistic
(Bayesian)
Reasoning
(Bay_2)

Tests ability to extract
relevant probabilistic
information and use it in a
Bayes net to update
probabilities (Lagnado,
Liefgreen & Pilditch, 2017)

13

Estimation
Problem
(Est_1)

To answer correctly the team
must correctly estimate the
number of candies in the jar
(in-house)

13

Figure 1. Accuracy by problem-type
Comparison Between Team Sizes Larger teams produced
rationales that were more likely to be chosen compared to teams
with fewer members (Table 2). For example, when comparing
products created by teams with 21 allocated members to
products created by teams with 5 allocated members,
participants chose products created by teams with 21 members
82% (SD = .02) of the time, which equates to an effect size of
1.29.
Inter-rater Reliability The percent agreement between raters
was 70.58% (95% CI = 1.18). Chance agreement is 50%, so
performance is significantly and substantially better than
chance,
although
far
from
perfect.

Procedure
Raters were provided with the following instructions:
A set of complex questions were presented to teams of
individuals to solve within 48 hours. Teams were
asked to both: 1) Provide the correct answer to each
problem, and 2) To provide the background rationale
for their answer. In the current HIT, we will 1) Present
you with the problems participants were shown, and
2) Ask you to evaluate the reasoning of the answers
teams generated. Two pieces of rationale will be
presented at the same time: Your task is to decide
which team you think justified their answer best by
clicking on your preferred rationale.
Raters were then presented with a randomly allocated problem
statement (see supplementary materials on OSF). Once they
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Response Time (Exploratory) While raters must read products
upon first presentation, the majority of comparisons were
between pairs of products that raters had read previously and
judgements were made quite rapidly. The median reaction time
(RT) per comparison was just ~9 seconds (mean response time
= 29.9 seconds; SD = 100.07). The median response times per

problem are outlined in Table 3. These results indicate that
forced choice assessments of QoR can be completed within
seconds. The correlation between median RT and the
probability of choosing the rationale that corresponded to the
more accurate answer is -.11; that is, we observed a small
tendency for quicker judgments to be more accurate.

Discussion
Determining QoR is inherently subjective and context
dependent (Woods, 2013). Even when provided with detailed
guidance, human raters tend to exhibit judgements that have
low reliability (Wachsmuth et al., 2017). Study 1 establishes
that a forced choice design can be used to evaluate QoR.
Prompting novice raters to make assessment QoR in relation to
similar products tends to facilitate valid, reliable, and efficient
judgments that align with various dimensions of accuracy. This
finding confirms our pre-registered hypotheses that more
accurate solutions tend to be associated with the chosen
rationale in a forced choice comparison.
A written rationale with more accurate reasoning was
significantly more likely to be chosen over one with less
accurate reasoning, and this trend was relatively strong even
among individual raters with no prior training and only minimal
guidance. Furthermore, these trends were observed across a
wide range of problems with different kinds of reasoning and
different levels of difficulty. Indeed, while only 7% of the
answers to the Bay_1 problem were correct, raters nevertheless
selected the more accurate Bay_1 rationale in 55% of cases. For
Doc_ID we only found 17% correct answers, but raters
achieved 77% accuracy.
Second, we expected that many of the problems would
require substantial outside knowledge and would follow a
“truth wins” schema. This schema can be exemplified in the
context of the geolocation questions (GEO_1, 2, and 3). To
identify an image as being taken in Sao Paolo required
familiarity with urban architecture in Brazil and even the
distinct aspect of phone booths and streetlights in Sao Paolo.
Nevertheless, once somebody correctly identifies the location
of the image, they need only to send a Google Maps Street View
link to their team members to convince them. Therefore, we
reasoned that the probability of a given group member knowing
or discovering the solution would be greater in larger compared
to smaller teams, which in turn would suggest that larger teams
would outperform smaller ones both in accuracy and in the
quality of their rationales. This was reflected in our second
hypothesis, which was supported by the results: both novices
and experts consistently selected the reports generated by larger
teams as being better reasoned, amounting to substantial
effects.
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Finally, our secondary analysis found raters can make
relatively accurate forced choice comparisons in a brief amount
of time. For example, the median reaction time was ~9 seconds
for MTurk participants; although, it should be noted that this
trend is not obvious when using the statistical mean because the
distribution was highly skewed by the initial reading of the
products, which typically takes most participants significantly
longer than 9 seconds

Study 2: Assessing Forced Choice using Expert
Raters
In Study 2, we investigated the performance of expert raters
with no training and no calibration.

Participants
“Expert” raters (N = 6) were selected on the following criteria:
1) completed or currently completing a postgraduate degree in
logic or the psychology of reasoning, and 2) have teaching
experience (and had graded assessments) in logic. We recruited
5 postdoctoral fellows and 1 advanced PhD student. On
average, the experts had 4.83 peer-reviewed articles (SD=5.27)
and taught 13.16 undergraduate courses (SD=7), 4.66 of which
in logic (SD=4.36). Raters were compensated at approximately
AUD 40/hr. Each pair was evaluated by 2 raters.

Methods
The materials, procedure, and measures were as in Study 1, with
one exception. For this study, we selected only 9 problems (149
products) and constructed exhaustive comparisons (1,162
unique comparisons).

Results
Accuracy Experts chose the rationale closer to the normatively
correct solution 78% of the time (SD=2%), which corresponds
to an effect size of 0.82 (SD=.17). See Table 3 for further
details.
Comparison Between Team Sizes As in Study 1, we found
that larger teams produced rationales that were more likely to
be chosen (Table 2); that is, experts were more likely to select
using the forced choice methodology the rationales that were
generated by the larger teams.
Table 2. Bayesian probability estimates of choosing products
created by the team with higher numbers of allocated
members, by MTurk and Expert raters. Below the diagonal
line are mean probabilities (and SD); above the diagonal line
are effect sizes (and SD). Responses by MTurk raters and
Expert raters are the top and bottom halves of the table,
respectively.

MTurk
21

15

10

5

21

-

.40 (.07)

.54 (.15)

1.29 (0.22)

15

.61 (.01)

-

.40 (.07)

.87 (.17)

10

.65 (.02)

.61 (.01)

-

.74 (.16)

5

.82 (.02)

.73 (.02)

.70 (.02)

-

Experts
21

15

10

5

21

-

.43 (.22) .54 (.15)

1.47 (.24)

15

.62 (.03)

-

.90 (.26)

10

.65 (.02)

.52 (.02) -

.78 (.17)

5

.85 (.02)

.74 (.03) .71 (.02)

-

0.07 (.14)

Inter-rater Reliability The percent agreement between the
raters was 80.98% (95% CI = 2.26). As with the novice raters,
the reliability is significantly above chance although not
excellent. The percent agreement is significantly better for
experts than for novices (70.58%), as one would expect - adding
to the case for the criterion validity of the procedure. However,
the difference is perhaps not as substantial as one might have
expected. We will return to this point in the discussion.
Response Time (Exploratory) The response time for
comparisons was slightly longer for experts compared to
MTurk raters (grand median response times were ~14.4 vs. 9
seconds, respectively); however, experts still made their
comparisons very quickly (mean response time = 26.77, SD =
40.69). Comparisons of median response time broken down by
problem types are presented in Table 3.
Table 3. Descriptive statistics by problem for average
proportion correct (%Corr), median response time in seconds
(RT), and probability that forced choice responses would
reflect proximity to the correct answer for MTurk and Expert
raters (Acc)

MTurk

Expert
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Problem

%Corr

RT

Acc

RT

Acc

Avg

0.61

8.97

0.68

14.39

0.78

Bay_1

0.07

10

0.55

16.25

0.45

Cbay_1

0.51

9.5

0.59

-

-

Che_1

0.67

9

0.49

-

-

CR_1

0.78

8

0.95

18.5

0.93

CR_2

0.86

6

0.36

-

-

DocID_1

0.17

8

0.77

-

-

Est_1

0.23

10

0.51

-

-

GEO_1

0.62

9.5

0.65

14

0.63

GEO_2

0.43

10

0.69

-

-

GEO_3

0.57

10

0.8

-

-

IR_1

0.74

7

0.78

14

0.79

LR_1

0.61

10

0.64

9.5

0.70

Mx_1

0.94

6.5

1

10.5

0.93

OID_1

0.75

7

0.64

11

0.85

Syl_1

0.9

12

0.83

24.75

0.88

VBC_1

0.75

9

0.75

11

0.84

VBC_2

0.79

11

0.5

-

investigated (50-500 in this study compared to, e.g., 8-36 in
Toledo et al., 2019). Moreover, the method is context-neutral
and could be adapted to evaluate arguments about a variety of
topics reliably, including ones for which there is no normatively
correct solution.

-

Discussion and Conclusions
Experts chose the product that supported the more accurate
answer substantially more often than novices (.78 as compared
to .68). One notable exception was the Bayes network problem
(Bay_1) in which accurate solutions were scarce (e.g., 7%)
compared to other problem-types. This not only reduced the
number of accurate written products among which QoR could
be assessed, but may also have undermined the expert raters’
capacity to clearly discriminate better- from worse-reasoned
rationales. By removing the Bay_1 as an outlier, expert
accuracy would increase from .78 to .82.
Experts were also slower to respond (mean of median
reaction times was ~14.4 for experts versus ~9 seconds for
MTurkers). As mentioned above, however, the median reaction
time and the probability that the more accurate product was
chosen were negatively correlated for the MTurk participants,
suggesting that speed alone was not the reason why they were
less likely to choose the most accurate answer. By restricting
our focus to just those problems that were presented to experts,
this correlation shifts from -0.11 to -0.35. By contrast, this
correlation was 0.07 for the experts.
While experts achieved higher percent agreement than
novices and, in both cases, performance was significantly above
chance, the agreement was not particularly strong. Agreement
depends on the consistency with which the raters are addressing
the same construct, and on the discriminability of the choices.
It may be that many of our products were not particularly
discriminable and that participants were forced to guess. While
Toledo et al. (2019) and Gleize et al. (2019) employed the strict
choice procedure as we did, Habernal & Gurevych (2016) gave
raters the option to say that rationales were equally convincing.
We suspect that this would have greatly increased reliability.
The two studies described above establish that forced choice
assessments of QoR have high criterion validity and reasonable
inter-rater reliability. The results provided by forced choice are
consistent between expert and non-expert raters, the protocol
itself requires little-to-no training, and the decisions between
products can be completed within short time limits (i.e., within
a minute). These findings support the use of forced choice
assessments of QoR to generate a “gold standard” annotated
corpus of arguments that can then be used to validate pointwise
methods (Getz et al., 2020) and to train a neural model that can
generate automated scores of isolated products (Habernal &
Gurevych, 2016; Toledo et al., 2019). Our results also prove the
method is applicable to longer written products than so far
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Abstract

al. (1998). While clusters in semantic memory are no doubt
more complex than the simple scheme proposed by Troyer
et al. (1998; see (Hills, Todd, & Jones, 2015) for a review),
their simple method has been very widely applied in both experimental and clinical settings and has impressive predictive
validity.

Elucidating the mechanisms that underlie clustering and
switching behavior is essential to understanding semantic
memory search and retrieval. Hills, Jones, and Todd (2012)
proposed a model of semantic foraging based on the observation that statistical signatures in memory search resemble optimal foraging in animal behavior. However, the original model
was postdictive in explaining when a switch would occur, as
opposed to predictive, and was agnostic as to the cues used by
humans to make a decision to switch from local to global information. In this paper, we proposed a switching mechanism,
Semantic Scent, as a predictive model underlying such behavior. Semantic Scent extends optimal foraging theory, reproducing the same switch behavior observed animal foraging behavior in memory search. We evaluated Semantic Scent against
competing models including Random Walk and Fixed Count
to determine its effectiveness in classifying switches made in
fluency tasks. A quantitative model comparison between the
switch models demonstrated Semantic Scent’s superior performance in fitting human data. These results provide further evidence of the importance of optimal foraging theory to semantic
memory search.
Keywords: Semantic Memory; memory search; clustering
and switching

Introduction
Understanding the mechanisms humans use to search for and
retrieve information from semantic memory has been a primary goal of cognitive science since the field’s inception.
One of the most commonly used tasks to study semantic
search is the semantic fluency task (SFT). In the SFT, the participant is presented with a category label (e.g., “animals”)
and is asked to produce as many exemplars of the category
as possible within a fixed amount of time (e.g., dog, cat, spider, ant, . . . ). SFT is commonly used in experimental psychology (Raaijmakers & Shiffrin, 1981; Romney, Brewer, &
Batchelder, 1993), but is also widely used in neuropsychological batteries.
Responses in SFT typically occur in temporal clusters of
related items (e.g., {farm animals} {pets} {fish}). Counts
of clustering and switching within a sequence of items produced in a trial are known to be particularly sensitive to clinical group diagnoses in Alzheimer’s and Parkinson’s Disease
(Troyer, Moscovitch, Winocur, Alexander, & Stuss, 1998) as
well as Schizophrenia (Lundin et al., 2020) among other clinical populations. Clustering and switching is typically coded
by hand using the classification scheme proposed by Troyer et

Hills, Jones, & Todd (2012) made the observation that the
temporal pattern of items produced in SFT exhibited statistical signatures that are characteristic of animals foraging for
food in physical space (optimal foraging theory: (Charnov,
1976)), suggesting that our memory search mechanisms may
have been exapted from primitive mechanisms that evolved to
search for food resources in the physical environment (Hills,
Jones, & Todd, 2012). They tested a series of search models on a semantic space generated by the BEAGLE model of
semantic memory (Jones & Mewhort, 2007). The specific
search model that best explained the human data was a dynamic two-cue model that used semantic similarity locally to
generate items until no other proximal item was found, and
then switched to a global frequency cue to select the next item
(and search by local similarity resumed). The fact that the
local-global switch model produced the best fit to the human
data was theoretically significant for two reasons: 1) it produced patterns of optimal foraging, and 2) the process it used
mirrors the best accounts of how animals make explorationexploitation decisions when foraging for food in physical environments. Just as a hummingbird must decide when to give
up on a local patch of flowers and accept the costs that accompany the search for a new unknown patch, humans show the
same pattern in memory search when deciding when to give
up on the farm animals and search for a new resource-rich
semantic patch to exploit.
However, it is important to note that the optimal foraging
model presented by Hills, Jones & Todd (2012) did not predict when a switch would occur. Rather the model relied on
either Troyer hand-coded norms of when a switch occurred or
used a similarity-drop heuristic which classified a switch as
having occurred if semantic similarity dropped between successive items. For example, if S(A, B) represents the similarity between retrieved words A and B, then a switch following
B is identified in a series of retrievals A, B, C, D if S(A, B)
> S(B, C) and S(B,C) < S(C, D). The foraging model sug-
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to switch cues from local (similarity) to global (frequency)
when there are insufficient proximal items in semantic memory to the one just produced, much like the animal that abandoned visual cues and switched back to scent cues to find a
new patch of berries.

Figure 1: Figure 3 reproduced from (Hills et al., 2012)
demonstrating the reduction in residual proximity before
switching and spiking of residual proximity after switching

gested that humans were abandoning local similarity cues and
switching to a global frequency cue when a switch occurred
(indicated either by the Troyer or the similarity-drop method)
and the switching between these cues best explained the sequence of items produced. This is analogous to an animal balancing exploration-exploitation by foraging locally on a bush
for berries based on visual cues, but then abandoning that cue
with diminishing local returns and switching to a scent based
cue to locate a new patch ripe with berries to then revert to
visual cues for local search again.
A primary shortcoming of the optimal foraging model of
Hills et al. (2012) is that it is postdictive, not predictive,
of a switch from a semantic cluster to another. It relies on
either Troyer hand coded norms or on noting that similarity
dropped and thus a switch had occurred. As a major goal of
cognitive modeling, models should seek to explain behavior
as it happens (predictive), rather than be explaining behavior
as a post-hoc judgement (postdictive). This shortcoming was
partially addressed in the original paper by noting that it appeared that humans were making decisions to abandon local
semantic foraging within a cluster and switch to a global frequency cue to find a new cluster when the sequence of items
had reached a point where there were few semantically proximal items to the one just produced. Parallel to the diminishing
returns from a local patch of berries, Hills et al. (2012; Fig
3) showed that the residual semantic proximity decreased as
items were produced in a cluster, but then spiked again when
a switch occurred and a new semantically rich patch of items
was located. Residual proximity was simply quantified as the
mean similarity to all yet-to-be-produced items in memory,
and indicates how semantically “urban” or “rural” the neighborhood is around the item just produced. Hills et al. noted
that this pattern indicates that humans are making a decision

Although this is indicative of a mechanism, the model
was descriptive—no predictive model was created or tested.
In this paper, we formalize a mechanism to predict when a
switch will occur in a sequence of items and test the model’s
predictions of switches against competing models. We refer to the mechanism as Semantic Scent, borrowing from
scent-based models switching models in animal ecology and
from Pirolli and Card’s construct of information scent in web
search (Pirolli & Card, 1999). The semantic scent after producing an item relates to the number and proximity of yetto-be produced items in mental space, and this scent is used
in a simple decision whether to continuing searching locally
based on semantic information, or to abandon local search
and switch to a frequency cue to “fly off” to another patch in
semantic memory and revert to local semantic search. We
compare the Semantic Scent model’s predictions of when
switches occurred in a large set of SFT data to the competing Random Walk model of (Abbott, Austerweil, & Griffiths,
2015) and to a simple count-based model that is insensitive to
the semantics of the items produced but is a standard baseline
heuristic model in animal foraging.

Low Scent

High Scent

Figure 2: Semantic Scent drops as resources become more
scarce in a patch. Scent spikes again after transitioning to a
new patch rich with resources

Memory Search Switching Models
Semantic Scent Model
The proposed Semantic Scent (SS) model is a predictive
model of clustering and switching behavior in semantic memory search. Inspired by Pirolli’s information scent model, the
semantic scent model operates as a method of quantifying the
content of proximal cues to develop a value system in semantic search (Chi, Pirolli, Chen, & Pitkow, 2001). This follows similar phenomenology to information foraging in web
searching behavior. The scent of the local area drops as resources become scarce in a local patch. Scent spikes again
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after transitioning to a new patch rich with resources, as seen
in Figure 2.
For the purpose of analysis, conceptual items named in the
semantic fluency task are conceived as embedded items in
a distributional semantic space. Items in the distributional
semantic space form variably dense patches of available semantic resources. The semantic scent model predicts the likelihood of switching from patch to patch based on the item just
produced and the proximity to yet-to-be-produced items.
Semantic scent is measured as a power function, based on
the residual proximity of items to the just produced item in the
distributional semantic space, raised to a standard sensitivity
parameter based on Shepard’s Universal Law of generalization (Shepard, 1987).
P(Switch|X, N) =

1
1 + ∑Ni=1 cos(X,Yi )λ

P(ContinueLocal|X, N) = 1 − P(Switch)

(1)

(2)

based on the transition probability of the current item to the
next item in the fluency list based on the network transition
probability. The second component is based on a jumping
cue, analogous to the stochastic restart of the random walk
from the original PageRank model. We utilize the original
jumping cue from Abbott, Austerweil, and Griffiths (2012),
where the random walk model jumps back to the item “animal” in the network, in order to subsequently transition to the
next item in the fluency list.
P(Xn+1 |Q1, Q2, N) = ρ · P(Xn+1 |Q2 )+
(1 − ρ) · P(Xn+1 |Q1 (Xn+1 , Xn ))

(3)

Q1 corresponds to the to the first component based on the
transition probability between the current item and next item
in the fluency list. Q2 corresponds to the jumping cue, calculated by the transition probability between ”animal” and
the next item in the fluency list. The Random Walk model
is optimized by tuning the jump parameter ρ to weight the
likelihood of stochastic ”restart” required to produce the next
item.

Fixed Count Model
Y corresponds to the vectors of N most similar items to
X determined by the distributional semantic space utilized in
the model. Yi corresponds to the i-th most similar item to
the current item X in the semantic space. The model is optimized on two dimensions including the neighborhood parameter (N) and the sensitivity parameter (λ). The neighborhood
parameter corresponds to the number of items included in the
residual proximity calculation, determined by the closeness
in similarity to the current item.

Random Walk Model
The Random Walk (RW) model is based on the generative
process of random traversal on a semantic network (Abbott,
Austerweil, & Griffiths, 2012). Generated fluency lists are
based on stochastic jumps from node to node in the semantic
network by following the edge connections, also known as a
random walk. Similar to the Semantic Scent model, the Random Walk model derives its’ inspiration from information retrieval research, notably the PageRank algorithm (Page, Brin,
Motwani, & Winograd, 1998). The original application of
PageRank was to model the information retrieval process on
the World Wide Web, which was conceived as a network of
web pages. Each node encoded a unique webpage, and each
directed edge corresponded to hyperlinks to other webpages.
The PageRank algorithm derives the largest eigenvector of a
transition probability matrix of the network, estimating ”the
limiting distribution of a random walk on the web graph”
(Page et al., 1998). The resulting matrix produced by PageRank reflects the probability of visiting on any unique webpage
in the network.
The Random Walk model utilized in the original Abbott,
Austerweil, and Griffiths paper develops a generative model
with two simultaneous components. The first component is

The Fixed Count (FC) model is a patch-leaving decision rule
from foraging theory which we adopt as a baseline model.
The Fixed Count model dictates a switch after a fixed number of items have been captured in the current patch (Wilke,
Hutchinson, Todd, & Czienskowski, 2009), and is best suited
for environments in which there are constant numbers of
items in each patch.
(
1 if k = K
P(Switch|k) =
(4)
0 otherwise
P(ContinueLocal|k) = 1 − P(Switch|k)

(5)

K corresponds to the fixed count value determining how
many items are between each switch. The Fixed Count model
is optimized by identifying the optimal fixed count value as a
threshold to switch that best estimates each fluency list.

Equating Switch Models for Comparison
The Semantic Foraging model is based on a distributional
semantic spatial representation, whereas the Random Walk
model is based on a semantic network representation. As indicated in (Avery & Jones, 2018), it is an error to consider the
two representations fundamentally different. Spatial and Networks representation are isomorphic in nature if they encode
the same similarity data (e.g. same matrix representation).
However, in the independent studies they were originally introduced, the Semantic Foraging and Random Walk models
were based on different similarity data sources.
The original Semantic Foraging spatial model was built
upon the cosine similarity matrix generated from the distributional semantic BEAGLE model (Jones & Mewhort, 2007).
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Evaluating Model Performance
To evaluate the performance of each model for capturing
switch predictions, we utilize the study data collected from
the original Semantic Foraging paper by Hills et al (Hills et
al., 2012). A total of 141 undergraduate students at Indiana
University were recruited to participate in the study for course
credit. Participants in the study were asked to participate in
the semantic fluency task, entering as many animals as they
could via keyboard, in 3 minutes. Each animal name and respective time of entry were recorded as items for downstream
analysis. Each item entry was visible until ”return” was entered by the participant, ensuring they could not see previous
entries. Post-hoc hand-correction of spelling was applied and
non-animal items were removed.
For each fluency list, the respective switch models were
optimized to minimize the negative log likelihood of switching characterized by the extended Troyer Norms. The Troyer
norms were used to classify transition points in the fluency
lists via categorical shift in predetermined taxonomy of fluency items.
In the Semantic Scent model, λ was optimized per individual fluency list, while N was optimized globally across all
transitions in the dataset. Though N can be optimized individually per fluency list, we opted for a global optimization
scheme across all fluency lists for simplicity of implementation. Further individual optimization of N favors Semantic Scent performance in comparison to other switch models,
as it would further minimize negative log likelihood of estimating each fluency list. This will be particularly important
for characterizing data from clinical populations who produce
more idiosyncratic switching behavior. In the Random Walk
model, the jump parameter ρ was optimized per fluency list to
estimate the jumping probability best characterizing the observed fluency list. In the Fixed Count model, K was optimized per individual list to best estimate the number of items
between switches that best explains the fluency list.
Performance of each model was evaluated via application
of the Bayesian Information Criterion (BIC) across each individual item transition observed in the dataset. In total, there
were 5079 transitions in the dataset. The BICs are reported in
Table 1. BIC is calculated according to:
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The original Random Walk network model was based on the
transition probability matrix estimated on a semantic network
generated from word association data. To enable equal comparison between the two models, we perform analysis based
on a similarity matrix generated from a pretrained Wikipedia
Word2Vec model on items in the common dataset (Mikolov,
Chen, Corrado, & Dean, 2013). Within the similarity matrix
for the models, we also include the item “animal” to enable
the jump cue of the Random Walk model. The Fixed Count
Model does not depend on the underlying similarity data, and
is directly equatable to both models for comparison.
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Figure 3: Monkey, Ape, and Chimpanzee consist of a retrieved
item cluster. The Semantic Scent model predicts a switch
at the beginning and after the cluster, while Random walk
predicts a switch in the middle of the cluster at ”Ape”
where NLL is the sum of the negative log likelihood across
all transitions, p is the number of parameters optimized in
each model, and N is the total number of transitions.

Qualitative Model Comparison
The key goal of each switching model is to predict accurate
switching behavior in observed fluency data. We evaluate
both the Semantic Scent and Random Walk models to compare their ability to identify cluster switches. Demonstrated in
the original Semantic Foraging paper, switching behavior is
best characterized by the reduction in residual proximity prior
to switching, and spiking of residual proximity after switching (see Figure 3 from Hills et al. reproduced in Figure 1).
Utilizing this heuristic, the Semantic Scent model appear to
characterize norms-based switching behavior better the Random Walk model.
Hand-coded norms, including the Troyer norms, can be
limited in their capacity for capturing clustering and switching behavior. However, switching models should be able to
adequately predict switches based on stable category clusters
in such hand-coded norms, given their predictive validity. We
observed the performance of both Semantic Scent and Random Walk to perform switches in both examples seen in Figures 3 and 4. Switches are predicted when the probability of
switching spikes, corresponding to the drop in residual proximity in the search space. In the example shown in Figure 3,
Monkey, Ape, and Chimpanzee form a stable categorical cluster in the Troyer norms. Semantic Scent accurately predicted
a switch between Giraffe and Monkey, corresponding to the
start of the cluster, and predicts a switch between Chimpanzee
and Elephant, at the end of the cluster. The Random Walk
model also predicted a switch at Ape switch in the middle of
a cluster.
In the example shown in Figure 4, Ferret, Gopher, and
Groundhog form another stable categorical cluster in the
Troyer norms. Semantic Scent predicted a switch between
Fish and Ferret, at the start of the cluster. Random Walk predicted a switch between Ferret and Gopher, in the middle of a
cluster. Random Walk further predicted a subsequent switch
between Gopher and Groundhog, evidenced by an additional
spike in switching probability.

BIC = 2NLL + p × log(N)

In both examples, Semantic Scent correctly predicted the
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Figure 4: Ferret, Gopher, and Groundhog consist of a retrieved item cluster. The Semantic Scent model predicts a
switch at the beginning of the cluster, while Random Walk
predicts a switch in the middle, and does not predict a switch
between Fish and Ferret

ior. As a result, it was implied that memory search mechanisms may have been exapted from the foraging mechanisms
that evolved for searching for food resources in a physical
space. The Semantic Scent mechanism simply extends the
exploration-exploitation mechanism animal foraging behavior. Thus Semantic Scent is a natural extension of optimal
foraging theory to memory search. Just as animals rely on the
scent of food resource patches to determine when to switch to
a new patch to optimize food foraging, Semantic Scent relies
on the scent of item patches to switch between clusters in semantic memory to optimize semantic foraging.

Discussion
start and end of a new norms-based cluster, whereas Random
Walk predicted switches in the middle of clusters. Given the
importance of predicting stable categorical clusters, the preliminary evidence suggests Semantic Scent may better characterize norms-based switching behavior than Random Walk.

Quantitative Model Comparison
In the examples of observed fluency data, Semantic Scent
demonstrated better capture of switching behavior at the beginning and end of stable categorical clusters. Random Walk
in such examples appeared to demonstrate more spurious
switching behavior not aligned to the norms-based cluster categories. We further evaluate the performance of the models
via calculating the Bayesian Information Criterion over the
likelihood of all item transitions in the fluency dataset.
The Semantic Scent and Random Walk models strongly
outperform the random comparison model, Fixed Count. This
follows intuition, as cluster patches in the original dataset
are not sized evenly, a key determinant for strong performance using the Fixed Count model. The Semantic Scent
model also better minimizes the BIC compared to the Random Walk model, despite requiring two-fold parameter optimization which is penalized in calculating BIC . The BIC
for all three models are reported in Table 1. We further calculated the Bayes Factor of the BIC difference between Semantic Scent and Random Walk. The resulting Bayes Factor (K > 1012 ) suggests very strong evidence in favor of the
Semantic Scent model, based on Jeffreys’ interpretation of
Bayes Factor (Jeffreys, 1935). This further validates our initial findings from example fluency data.
Table 1: Switching Model Results
Model
# of parameters
BIC
Semantic Scent
2
6903.93
1
7419.88
Random Walk
Fixed Count
1
34193.32
The strength of the Semantic Scent model in predicting switch behavior is likely due to its inspiration from
scent-based models in animal ecology. The original findings in (Hills et al., 2012) suggested strong similarity between semantic memory search and animal foraging behav-

The present study sought to identify an optimal process model
for predicting switching behavior in semantic memory search.
Hills et al. (2012) identified a decrease in residual proximity as items were produced in a cluster, followed by a spike
again when a switch occurred and a new semantically rich
patch of items was located. The similarity-drop heuristic proposed in Hills et al. (2012) for classifying switch behavior
provided a vital approach to characterize switches within the
framework of the optimal foraging model. As influential as
it was, the similarity-drop heuristic falls short as it is a postdictive rather than predictive indicator of switch. The Semantic Scent model was introduced in this paper to address this
shortcoming, providing a predictive model of switching behavior in memory search. The Semantic Scent model directly
addresses the observed relationship between residual proximity and cluster-and-switch behavior.
To evaluate it’s effectiveness, we compared Semantic Scent
to an analogous model, Random Walk. Random walk was
shown to create the similar statistical signatures of foraging
behavior with a simpler process model compared to optimal
foraging, demonstrating effective parameterization of memory search behavior. In comparison to Random Walk, the Semantic Scent model appeared to provide a better explanation
of switching behavior. The Semantic Scent model was able to
predict cluster switches indicated by norms-based categories,
whereas the Random Walk predicted some spurious switches
within clusters. The behavior identified in these examples
are further supported by quantitative evidence suggesting the
strength of the Semantic scent model, demonstrated by the
lower BIC and significant Bayes Factor value.
Given the superiority of the Semantic Scent model as a
switching model to the comparison and baseline model, we
will further interrogate its applicability to different applications of cluster and switch. To further validate our findings, we will compare the performance of Semantic Scent
to comparison models on predicting participant-identified
switches in their own fluency data. Further validation beyond predicting switches from the hand-coded Troyer norms
will ensure the robustness of the switching model for potential downstream applications. A prime use case of the
Semantic Scent model is evaluating of semantic memory in
clinical populations. Given clustering and switching met-
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rics are particularly sensitive to clinical group diagnoses (e.g.
Alzheimer’s, Parkinson’s Disease, Schizophrenia), the Semantic Scent model can be utilized to estimate the likelihood
of impairment or trajectory of disease in clinical populations.
There are also a few key assumptions of the Semantic Scent
model that must be further assessed. First, the strong performance of the Semantic Scent model over the Random Walk
model may be explained by the structural representation used.
The current representation utilized in our work for both competing models is a distributional semantic space, estimated
via cosine similarity between Word2Vec embeddings. The
underlying semantic space is a generalized representation independent from experimental behavioral data. The original
Random Walk model (Abbott et al., 2012) uses word association data to construct the underlying network. Word association data comes from experimental behavioral data, which
may bias the results the Random Walk model on explaining
SFT data (e.g. estimating behavior based on behavioral data).
Thus, we seek to validate our methods on an isomorphic representation constructed from word association data, to determine if the strength of the Semantic Scent method in predicting switches generalizes to representations based on behavioral data. This would clarify whether the underlying representation affects the effectiveness of the competing models in
characterizing SFT data.
Secondarily, the Semantic Scent model assumes an explicit switching mechanism in semantic memory search. The
Random Walk model demonstrated that a simple process
model was able to capture similar statistical signatures to a
foraging-based model, without an explicit switching mechanism. However, the better performance of the Semantic Scent
method in predicting norms-based switches suggests that an
explicit switching mechanism may be important for characterizing semantic fluency. This necessitates further validation
of switch predictions, such as comparing their ability to predict subject-determined switches (e.g. subject reports where
they performed a switch) or switches based on the original
similarity drop heuristic.
Overall, the present findings further solidify optimal foraging theory as an important explanatory process model for
semantic memory search. After more rigorous evaluation of
the assumptions of Semantic Scent are conducted, we seek to
integrate the Semantic Scent switching model into the original Semantic Foraging model (Hills et al., 2012). Integration of Semantic Scent into Semantic Foraging allows us to
produce a fully predictive model that can explain the cognitive mechanisms behind semantic memory search, moving
the field beyond postdictive appraisal. This opens up opportunities to evaluate foraging methods on a larger-scale to better
characterize memory search across all populations.
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Abstract
We explore whether younger children (4- and 5-year-olds) and
older children (9- and 10-year-olds) expect a costly signaler
(someone who engages in a costly action) to be a more
committed group member than someone who engages in a
comparatively less costly action. In Experiment 1 (N=173),
older children and adults—but not younger children—expect a
costly signaler wants to be in a group more than a control, and
they give more positive evaluations of the costly signaler than
the control. In Experiment 2 (N=84; ongoing), employing a
different manipulation of cost both younger and older children
infer that a costly signaler wants their goal more than the
control, but they make different evaluations of the costly
signaler depending on whether they exerted effort on behalf of
a group versus an individual. Future research may be needed to
rule out alternative explanations.
Keywords: costly signaling theory; naïve utility calculus;
intergroup cognition

Introduction
Garnering a reputation as a reliable cooperator is crucial for
living within groups, and so people are motivated to engage
in costly actions that signal that they are committed
groupmates (Gintis et al., 2001). People engage in taxing and
even painful rituals, alter their diets, and donate large
amounts of money to show commitment to groups (e.g., Sosis
& Bressler, 2003). Indeed, these costly signals of
commitment are effective—adults favor costly signalers as
cooperative partners. For example, Christian adults in the
United States view religious outgroup members (e.g.,
Muslims) who engage in costly signaling as more trustworthy
than fellow Christians who do not (Hall et al., 2015).
Yet, it is unknown whether young children also expect
costly signalers to be more committed, trustworthy
groupmates. There are several reasons to believe that they do.
First, costly signaling is theorized to be an evolutionary
universal (Zahavi, 1975). If costly signaling behavior is an
evolutionary adaptation for maintaining allies, then even
young children should attend to costly signals and make
inferences based upon them. Second, a recently proposed
framework in cognitive development, the “naïve utility
calculus,” posits that young children assume agents seek to
maximize benefits and minimize costs, and further that young
children use this premise to make a variety of inferences
about agents (see Jara-Ettinger et al., 2016 for a review). In
other words, if a person engages in a costly action in pursuit
of a goal, then children and adults alike will infer that the

person must ascribe high utility to the goal. In fact, even tenmonth-old infants infer agents’ preferences based upon effort
expended (Liu et al., 2017). Moreover, children make higherorder inferences and evaluations based on these calculations;
for instance, two-year-olds infer that a less competent agent
who refuses to help is nicer than a more competent agent who
refuses to help (Jara-Ettinger, Tenenbaum, et al., 2015).
Third, children engage in behavior consistent with costlysignaling; six-year-olds, punish others who are unfair to
them, even at a cost to themselves (McAuliffe et al., 2015).
Further, by kindergarten, children are highly sensitive to their
own reputations (see Silver & Shaw, 2018) which leads them
to costly, generous displays; for example, five-year-olds give
more in public than in private (Engelmann et al., 2018).
In the present research, we extend the naïve utility
framework to the group context, hypothesizing that if
children are employing a naïve utility framework when
evaluating group members then they should construe costly
actions on behalf of the group as evidence of commitment to
the group. We also explore whether children use this as a
signal of a member’s trustworthiness as a groupmate.
In two experiments, participants were introduced to a group
and its initiation procedure, which required initiates to incur
a cost. Then, participants were told about two new group
initiates, one of whom incurs a greater cost during the
procedure (i.e., the costly signaler). We then asked
participants a series of forced-choice questions.
First, we asked participants which initiate they think
wanted to be in the group more. If participants are sensitive
to how much the procedure costs the participant, then they
should infer that the costly signaler wanted to be in the group
more than the other initiate. Second, we asked which initiate
a current member of the group prefers and thinks is more
trustworthy. If participants not only infer that the greater cost
incurred suggests greater desire, but also that costs are a
signal of commitment, then they should expect this third
group member to prefer the costly signaler. Third, we asked
which initiate participants prefer and think is more
trustworthy in order to assess whether participants use cost as
a “global” or “local” signal. That is, if participants are using
costly signals to make “global” inferences about who is better
to affiliate with, then they may prefer the costly signaler
themselves and think of them as more trustworthy.
Alternatively, if costly signals only matter within the context
of the group (i.e., are a “local” signal), they may not display
a preference themselves.
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Finally, we were interested in how these inferential abilities
develop across the life course. Given that infants are able to
infer desire from costs incurred (Liu et al., 2017), we
hypothesized that our youngest participants (4-5-yr-olds)
would construe greater cost as greater desire and would infer
that the costly signaler wanted to be in the group more than
the control. However, it is also possible that younger children
do not yet construe costs as signals of quality and
trustworthiness and thus may not show these specific
expectations.
All methods reported in both experiments were in
accordance with procedures approved by our university’s
Institutional Review Board. In both experiments children and
adults only participated once in a single experiment. The
research questions, methods, planned sample size, exclusion
criteria, and analyses were pre-registered using Open Science
Framework’s AsPredicted template (Experiment 1, Children;
Experiment 1, Adults; Experiment 2). The power analysis,
data, and code for both experiments are also available via
Open Science Framework.

Experiment 1
In our initial experiment, we introduced younger children (45-yr-olds), older children (9-10-yr-olds), and adults to a novel
social group and two people who were joining that group. To
join, each person must donate one of their own toys to the
group. Each person was shown donating a single toy, but the
number of toys each target owned varied: One target donated
their one and only toy to the group (the costly signaler),
whereas the other target donated one of their four toys to the
group (the control). Importantly, in this method the price of
joining the group was the same (donating a single toy), but its
relative cost varied for the costly signaler versus the control.
Further, we thought this control would be an especially
strong test of the power of costly signals because young
children often display pro-wealth bias—preschoolers report
liking the wealthy more and would rather be friends with the
resource rich themselves (Horowitz et al., 2014; Shutts et al.,
2016). This tendency would work against preferring the
costly signaler since they had fewer resources.

Materials, design, & procedure All children participated in
the experiment via an online video chatting platform and
were directed through either a PowerPoint or a Qualtrics
survey by a researcher who shared their screen, read aloud
the story and questions, and recorded whichever response the
child verbally chose. Adult participants were recruited via
Cloud Research (Litman et al., 2017) and directed themselves
through the experiment via a Qualtrics survey.
Participants were told about a school and a novel social
group within the school, the Zarpies. They were told that, in
order to join the group, initiates must donate a toy. It was
stressed that joining the group was optional and that some
children choose not to join a group. Participants were shown
two new initiates to the Zarpies. The costly signaler initiate
only owned one toy, and they donate their only toy in order
to join the group. The control owned four toys and they
donated one of their four toys to join the group. Participants
were then told that, since both targets donated the required
toy, they are now both members of the group. order of
presentation was randomized across participants. Participants
were asked seven forced-choice questions (see Table 1).
Question 1 was always asked first, and Question 7 was
always asked last. Question 7 was only asked of child
participants, not adult participants. Questions 2-6 appeared in
a random order.
Table 1: Questions asked in Experiment 1.

Method
Participants All data for this study were collected between
June and September of 2020. In total, n=71 younger children
(four- and five-year-olds), n=54 older children (nine- and tenyear-olds), and n=101 adults participated, for a total of
N=226. Following our pre-registered criteria for exclusion,
we excluded 20 younger children, one older child, and 32
adults. After exclusions, N=173 participants remained.
Broken down by age group, we collected n=51 younger
children (26 female; Mage = 5 years 0 months, SD = 6 months),
n=53 older children (26 female, 1 non-binary; Mage = 10 years
0 months, SD = 6 months), and n=69 adults (31 female; Mage
= 36.13 years SD = 10.27 years).

#
1

Type
Direct

2

3rd Party Like

3

3rd Party Trust

4
5
6

1st Party Like
1st Party Trust
Control

7

Hard

Question
Who wanted to be a Zarpie
more?
In the middle is another Zarpie
child. Who does she like more?
In the middle is another Zarpie
child. Who does she trust more?
Who do you like more?
Who do you trust more?
Who do you think is better at
school?
Was it harder for the child on
the blue side (left) to join the
Zarpies or was it harder for the
child on the green side (right) to
join the Zarpies?

Scoring & analysis If a participant selected the costly
signaler their response was coded as 1, and if they selected
the control their response was coded as 0. We fit generalized
linear models to see if children’s responses differ across the
two child age groups (younger children = 4-5’s, older
children = 9-10’s). Age was treated categorically and was
contrast coded. Then, for each age group (younger children,
older children, adults), we computed a Cochran's Q test to
compare participants’ responses across all test questions and
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Figure 1: Percent of time that adults (left) and children (right) select the costly signaler for each question in
Experiment 1. The dotted line indicates chance (50%), and error bars reflect 95% bootstrapped confidence
intervals.
binomial tests to compare how often participants select the
costly signaler to chance (50%) for each question.

Results
Age comparisons Younger children’s responses differed
from older children’s responses for 6 of the 7 questions (p’s
< .03). The only question where younger and older children
responded similarly was when asked who a fellow group
member would prefer (the 3rd Party Like question; second set
of bars from the left on the right panel of Figure 1).
Younger children Four- and five-year-olds’ rates of
response differed by question type, χ2(6)= 17.61, p < .007.
When asked who wanted to be in the group more, who a
fellow group member would prefer, who a fellow group
member would trust more, who they themselves would like
and trust more, and who was better at school, they were
equally likely to select the costly signaler and the control
(binomial p’s > .16). However, when asked who had a harder
time joining, younger children selected the costly signaler
72.5% of the time (binomial p < .001) . See Figure 1 (right,
light blue bars).
Older children Nine- and ten-year-olds’ responses also
differed by question, χ2(6)= 54.45, p < .001. When asked who
wanted to be in the group more, who a fellow group member
would trust more, who they themselves would like and trust,
who was better at school, and who they thought had a harder
time joining the group, they selected the costly signaler more
often than chance (binomial p’s < .028). However, when
asked who a fellow group member would prefer, they
selected both targets at similar rates (binomial p = .784). See
Figure 1 (right, dark blue bars).
Adults Rates of response among adults also differed by
question, χ2(5)= 34.18, p < .001. Adults were more likely
(binomial p’s < .001) to select the costly signaler for all
questions except when asked who a fellow group member
would prefer (binomial p < .091) and when asked who was
better at school (binomial p =.63). See Figure 1 (left).

Discussion
In addition to directly inferring that the costly signaler wanted
to be in the group more, older children and adults appear to
be taking costly action as a “global” signal, rather than a
“local” signal. They prefer and trust the costly signaler
themselves, in addition to expecting that a group member will
trust the costly signaler more than the control.
However, contrary to predictions, four- and five-year-olds
made no specific inferences based on the relative cost paid by
an actor, though they acknowledge that it was harder for the
costly signaler to join the group. This suggests that younger
children recognize the relative cost difference between the
two children’s actions (insofar as saying something is harder
is an indicator of understanding that the cost was greater) but
that they do not yet infer that incurring a greater cost might
mean the target wanted to be in the group more.
Alternatively, perhaps younger children’s responses were
influenced by their tendency to be biased towards wealthy
people or, as in this case, people with more resources. As
mentioned, we viewed the wealthy actor as a strong test
against the costly signaler. Perhaps for younger children this
was too strong of a test because having wealth is sending just
as strong a signal as incurring costs.
Further, contrary to our predictions, older children and
adults only expect a fellow group member to trust the costly
signaler more than the control, but do not expect the group
member to also prefer the costly signaler. This may suggest
that children and adults are making an even more specific
inference than we anticipated—people may infer that others
construe costly signals as indicators of trustworthiness, but
people may think preference is better predicted by other
features. In fact, some participants may have expected the
groupmate to have a pro-wealth bias and thus reported that
the groupmate would prefer the target with the greater
relative wealth (i.e., the target with more toys).
In Experiment 2, we seek to replicate our initial findings,
with a different non-resource-based manipulation of cost.
Following much past work (e.g., Jara-Ettinger, Gweon, et al.,
2015; Liu et al., 2017), we used physical cost. This should
eliminate the pro-wealth confounds highlighted above while
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also using a manipulation of cost directly relevant to the
group’s goals, which could make the costly signaler’s actions
more salient. If we continue to find that young children do
not infer that the costly signaler wanted to be in the group
more this suggests that the naïve utility framework is not as
early emerging in the group context. Further, it suggests that
children may learn over the course of development that costly
signalers are more committed groupmates.

Experiment 2
We again introduced children to a costly signaler and a
control and asked them to make inferences about others’
evaluations as well as their own. However, we made two
key changes. First, we employed a physical cost (having to
pick up trash at recess) rather than a resource-based cost.
This cost was directly relevant to the group’s goals (in that
the group really cared about keeping the school playground
clean). Second, children were assigned to one of two
versions: Targets shown are either committing costly actions
in order to join a group (Group condition) or in order to
make a teacher happy (Individual condition). The individual
condition allows us to confirm that our cost manipulation
replicates prior work on the naïve utility calculus. Younger
children in the Group condition may once again not infer
that a costly actor is a more committed groupmate than a
target who expends less effort, while younger children in the
Individual condition should infer that a costly actor was
more desirous of making their teacher happy. If so, we can
reasonably conclude that it is not until later in development
that children construe costs made on behalf of groups as a
signal of a desire to commit to that group, even though they
infer desires from costs in non-group contexts.

were randomly assigned to the Group or Individual condition.
In the Group condition participants were told about a novel
social group, the Zarpies. They were then told that the Zarpies
really care about keeping the school playground clean and
that, in order to join the group, new initiates must spend a
recess period picking up trash off the playground. In the
Individual condition, participants were told about a teacher at
the school, Ms. Zarpie. They were told that Ms. Zarpie really
cares about keeping the school playground clean and that no
one has to but that it makes Ms. Zarpie really happy when
children spend their recess period picking up trash.
Participants were then shown two targets who decide to
spend their recess picking up trash off the playground, either
to join the Zarpies (Group condition) or to make Ms. Zarpie
happy (Individual condition). In both conditions, one of the
targets picks up four bags of trash (the costly signaler) while
the other picks up only one bag of trash (the control). Whether
the costly signaler or the control was introduced first was
randomly determined across participants. In the Group
condition, participants were then told that, since both targets
picked up trash off the playground during their recess period,
they are now both members of the group. In the Individual
condition, they were told that Ms. Zarpie is happy and thanks
both of the targets. Participants were then asked seven forcedchoice questions (see Table 2). The questions were largely
similar to Experiment 1, except that we modified the wording
and the control question: To ensure that children are not
simply picking the costly signaler for any possible question
asked, we chose an irrelevant control question. Question 1
was always be asked first, and Question 7 was always be
asked last. Questions 2-6 appeared in a random order.

Method
Participants Data collection for this experiment is ongoing,
and reported here are the data from participants who have
completed participation as of January 31, 2022. All data will
be collected prior to July 2022. We pre-registered that we
would collect n=50 participants per age group (Younger vs.
Older children) per condition (Individual vs. Group
condition), for a total of N=200. So far, N=89 children have
completed the experiment. Following our pre-registered
criteria for exclusion, we excluded five children from
analysis, so N=84 participants remain. Broken down by age
group, we have collected n=47 younger children (four- and
five-year-olds; 20 female; Mage = 4 years 10 months, SD = 7
months) and n=37 older children (nine- and ten-year-olds; 15
female; Mage = 10 years 0 months, SD = 8 months). N=25
younger children have participated in the Group condition
and n=22 in the Individual condition, while n=19 older
children have participated in the Group condition and n=18
in the Individual condition (n=44 total in the Group
condition; n=40 total in the Individual condition).
Materials, design, & procedure Except for the following,
the procedure was as described in Experiment 1. Children
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Table 2: Questions asked in Experiment 2. For some
questions, parts of the wording varied based upon condition.
The Group condition wording is shown first and the
Individual condition wording is shown second.
#
1

Type
Direct

2

3rd Party Like

3

3rd Party Trust

4
5
6

1st Party Like
1st Party Trust
Control

7

Hard

Question
Who really wanted to be a
Zarpie/wanted to make Ms.
Zarpie happy?
In the middle is another Zarpie
child/another child from this
school. Who does she like
more?
In the middle is another Zarpie
child/another child from this
school. Who does she trust
more?
Who do you like more?
Who do you trust more?
Who saw more flowers when
they were walking to school
today?
Who had a harder time joining
the Zarpies/making Ms. Zarpie
happy?

Experiment 2
Group

Individual

% Selecting Costly Signaler

100

75

50

25

0
Direct

3rd Party Like

3rd Party Trust

1st Party Like

1st Party Trust

Control

Hard

Direct

3rd Party Like

3rd Party Trust

1st Party Like

1st Party Trust

Control

Hard

Figure 2: Percent of time that children in the Group condition (left panel, n=44) and children in the Individual
condition (right panel, n=40) select the costly signaler for each question in Experiment 2. The dotted line
indicates chance (50%), and error bars reflect 95% bootstrapped confidence intervals.

Scoring & analysis Scoring was as described in Experiment
1. We conducted Chi squared tests to compare results
between conditions (Group vs. Individual). Then we
completed a Cochran's Q test to compare participants’
responses across questions, and binomial tests to compare to
chance (50%). We used generalized linear models to see if
responses differed with age (age treated categorically:
younger children = 4-5’s, older children = 9-10’s) and by
condition for each question, but at present—since we have
not collected the full sample—we do not have sufficient
power to detect age differences, and so focus on the overall
results here.

Preliminary Results
Overall rates of selecting the costly signaler did not differ
between conditions, χ2(6)= 2.37, p = .883. This means what,
while we currently do see differences between participants’
pattern of response for individual questions in the Group and
Individual conditions, they are not reliably different from one
another. We still report the results for each condition
separately below.
Group When asked about two targets who incur costs in
order to join a group, children’s rates of selecting the costly
signaler differed by question asked, χ2(6)= 37.95, p < .001.
For all questions except the control question (who saw more
flowers when walking to school today; binomial p = .30),
children are more likely to select the costly signaler than
chance (binomial p’s < .01). See Figure 2, left panel.
Individual When asked about two targets who incur costs in
order to make their teacher happy, children’s rates of
selecting the costly signaler differed by question asked,
χ2(6)= 13.84, p = .032. When asked who wanted to make Ms.
Zarpie happy, children were more likely to select the costly
signaler (88.64%; binomial p < .001). This was also the case
when asked who a classmate would prefer (75%, binomial p
= .001), who the participant trusted more (67.50%, binomial

p = .039), and who had a harder time making Ms. Zarpie
happy (88.64%, binomial p < .001). When asked who they
themselves prefer, participants were marginally more likely
to select the costly signaler (65%, binomial p = .081). When
asked who a fellow groupmate trusted and when asked the
control question, children responded at chance (binomial p’s
> .268). See Figure 2, right panel.

Discussion
The results suggest that, overall, children use costs incurred
as a signal that the actor who incurred more cost is more
committed to their cause. That is, children in both the Group
and Individual conditions report that the costly signaler had
greater desire to complete their goal. Further, in a group
context, children overall are robustly using costly signals as
a “global” signal—they prefer and trust costly signalers more
even though they are not a part of the group. However, in the
individual context, it remains unclear whether children use
this information to shape their own social preferences, or to
infer that others in the costly signaler’s social sphere would
use this information to shape their preferences. The effects
for the preference and trustworthiness questions appear
weaker in the Individual condition than in the Group
condition. However, we remain cautious about interpreting
the data prior to collecting the full sample.
So far, it appears that children in Experiment 2 are most
likely to select the costly signaler for the question gauging
who desired their goal more (the Direct question) and the
question regarding who had a harder time achieving their goal
(the Harder question). This was also the case for older
children in Experiment 1. Since we were most interested in
whether children inferred targets’ desires from the costs they
incurred, we always asked the Direct question first. We
viewed the Harder question as a comprehension check and
thus always asked it last. It is possible that always asking
these questions in this particular order affected children’s
responses; future work will randomize question order.
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General Discussion
Across two experiments, we extend the naïve utility
framework to a group context, showing that children use
costs as signals of commitment to groups. That is, they infer
that a person who paid a higher cost had a greater desire to be
in the group. Moreover, we show that children also make
“global” inferences and evaluations based upon this
calculation of desire: They expect a fellow group member to
prefer and trust a costly signaler over a control, and they also
prefer and trust a costly signaler more than a control.
As data collection is ongoing, it remains unclear whether
our youngest participants use costs to make this inference as
readily as older children do. In Experiment 1, four- and fiveyear-olds did not infer greater commitment when the cost was
resource-based. There are two interesting possibilities for the
results of Experiment 2. One possibility is that children will
not infer that a person who commits a greater cost wanted to
be in the group more in the Group condition, but will infer
that a person who commits a greater cost wanted their goal
more in the Individual condition. If this is the case, it would
suggest that only later on in development do children make
inferences about third parties based upon costly signals in a
group context. A second possibility is that younger children
will reliably infer greater desire in the Group condition of
Experiment 2, and perhaps will also make higher-order
evaluations of their own and others’ preferences. If this is the
case, then it suggests that as early as preschool children pick
up on costly signals of commitment to groups, but their
understanding of what specific kinds of costs convey
commitment is still developing. Additional work is needed to
determine what kinds of costs children use to infer desires.
Future work should also explore how the nature of the costs
incurred affects children’s and adults’ inferences. For
example, in both our experiments, the cost incurred (donating
a toy; picking up trash) directly benefits the group. But costly
signals need not be beneficial to the group per se—fasting for
a religious holiday, for example, provides no direct benefit to
one’s religious group yet still sends a strong signal of
commitment. At what age do children employ less tangible
costly signals as indicators of commitment?
Finally, future experiments may also be needed to rule out
possible confounds. First, participants may favor costly
signalers in their answers simply because they would prefer
anyone who exerts more effort in any context, not because
they expect costly signalers to be more committed
groupmates or social partners. A future experiment could
include a control condition where one target engages in more
effort than another to achieve an entirely non-social goal.
Second, in the above experiments we ask participants to
report who they trust more and who a fellow groupmate trusts
more, but it is unclear how children are interpreting the
question. To our knowledge, no published work has asked
young children who they trust more in a given situation. Our
intention was to gauge who participants thought was more
reliable as a social partner, but they could instead be reporting
who they think is more knowledgeable and thus more likely
to give accurate information when asked (e.g., Koenig et al.,

2004). Future work could employ more specifically worded
questions. For example, “Who is better at keeping their
promises?” may be a better question for assessing who
children think is a more reliable social partner.
Allying oneself with committed groupmates is crucial for
survival, and humans rely on costly signals as markers of
commitment. By extending this to a group context we present
the naïve utility calculus as a potential proximate mechanism
through which we fulfill this ultimate evolutionary need.
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degree of BFW have higher levels of neural activation in the
medial PFC (hbo and hbt measures) in low affect scenarios.
These empirical findings are in line with the research findings
in the relevant academic literature and support the hypothesis
that the degree of BFW influences punishment decisions.

Abstract
Third party punishment (TPP), or altruistic punishment, is
specifically human prosocial behavior. TPP denotes the
administration of a sanction to a transgressor by an individual
that is not affected by the transgression. In some evolutionary
accounts, TPP is considered crucial for the stability of
cooperation and solidarity in larger groups formed by
genetically unrelated individuals. Belief in free will (BFW), on
the other hand, is the idea that humans have control over their
behavior. BFW is a human universal notion that, in some
studies, has been found to be supportive of prosocial behavior.
In our study, we examined the effect of BFW on TPP under
high and low affect scenarios through optical brain imaging
(fNIRS). We hypothesized that in low affect cases, there would
be a positive correlation between the strength of the BFW and
the severity of the punishment inflicted. Obtained results and
related statistical analyses indicate that participants with higher
degree of BFW have more neural activation in their right
dorsolateral prefrontal cortex (DLPFC) (hbo and hbt measures)
in high affect scenarios, whereas the participants with lower

Keywords: free will; fNIRS; third-party punishment; frontal
cortical areas; high and low affect.

Introduction
The idea that humans are in control of how they act, or the
belief in free will (BFW) is a human universal notion
(Sarkissian et al., 2010). The social function of BFW,
especially its supposed effect on prosocial behavior has been
a topic of research since the 1980s in a large body of scholarly
work (for a critical review see Ewusi-Boisvert and Racine,
2018). In some highly cited studies (Vohs and Schooler,
2008; Baumeister et al., 2009), it has been shown that
stronger belief in free will decreases antisocial behaviors,
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including cheating, stealing, aggression, and defection. Other
studies have found that inducing disbelief in free will has not
only behavioral but also neurocognitive effects, influencing
brain mechanisms involved in volitional action (Rigoni et al.,
2011; Rigoni et al., 2012; for an overview see Rigoni and
Bass, 2014). However, recent works (Caspar et al., 2017;
Crone et al., 2019; Nadelhoffer et al., 2020) could not
replicate the results of earlier behavioral studies. The issue is
therefore still unresolved.
Third-party punishment (TPP) or altruistic punishment, is
a sanction inflicted on a transgressor by an individual who is
not directly harmed by the transgression. Unlike second party
punishment (SPP), where it is the victim who retaliates
against the transgressor and which is common in the natural
world, TPP is arguably a specifically human prosocial
behavior (Riedl et al., 2012). TPP is deemed crucial for the
evolutionary stability of solidarity and cooperation in large
groups formed by genetically unrelated members (Buckholtz
and Marois, 2012). Neural networks activated during TPP
have been studied in a large body of literature that was
reviewed to establish models (see Krueger and Hoffman,
2016; Bellucci et al., 2020). In this literature, which will be
summarized in the following section, only one study
(Krueger et al., 2014) investigated the issue from the
perspective of the effect of BFW on TPP. Unlike
neuroimaging studies, however, several behavioral studies
investigated the supposed correlation between BFW and
TPP. In early studies of this kind (Viney et al. 1982; Viney
et. al. 1988; Stroessner and Green 1990; Haynes et al. 2003),
researchers have found no correlation between the strength of
the BFW and punitiveness. Nevertheless, more recently
Sharif et al. (2014) found that reduced BFW makes people
less retributive in their attitudes about punishment. A positive
correlation between higher BFW and punitiveness was found
also in the neuroimaging study of Krueger’s et al. (2014), but
only in low affective scenarios.
The present research aims to study the hypothetical
correlation between BFW and TPP using fNIRS technique of
neuroimaging. In this way, we aim to contribute to the
existing literature by both filling a gap and replicating some
results obtained via already used research methods.

Frontal Cortical Areas Activated During TPP
Studies show that TPP involves a number of neural networks
rather than a specific brain region. The two cognitive
functions that TPP depends on are a) determining
blameworthiness and b) assigning a deserved punishment.
Scholars describe distinct neural networks for each of these
two cognitive functions. Krueger and Hoffman (2016), in a
model largely supported by a meta-analysis (Bellucci et al.,
2020), describe three large networks (salience, default mode,
and central executive networks) that are active in TPP tasks.
These networks are formed of cortical regions connected to
subcortical ones. In this review, we emphasize frontal cortical
regions activated during TPP tasks, since they are the ones
that could be imaged by fNRIS technique.

Neuroimaging studies (fMRI) point out that the right
DLPFC is activated during both the determination of
blameworthiness (Buckholtz et al., 2008) and the prediction
of the punishment magnitude (Bellucci et al., 2017). On the
other hand, Buckholtz et al. (2015) showed that the repetitive
transcranial magnetic stimulation of the DLPFC reduced the
punishment for wrongful acts without affecting the
blameworthiness ratings. This region is involved in SPP tasks
as well (Buckholtz and Marois, 2012), and these two
cognitive functions are considered as evolutionary related to
each other (TPP may have been a selective extension of SPP:
Krueger and Hoffman, 2016). Nevertheless, in their metaanalysis Bellucci et al. (2020) found higher activity in the
ventrolateral prefrontal cortex during TPP tasks than during
SPP tasks.
On the other hand, in their neuroimaging study on the
correlation between BFW and TPP, Krueger et al. (2014)
found higher activity in temporoparietal junction (TPJ) for
the high-level BFW in low affect cases, a region situated
outside of the frontal cortex. Nevertheless, these brain
regions are connected with the frontal cortical areas whose
activities were recorded during our research.

Research Question and Related Hypotheses
The main research question of this study has been to
understand the neural underpinnings of the prefrontal cortex
with respect to the participants’ BFW when required to make
third-party punishment decisions taken in high affect and low
affect hypothetical crime scenarios. The most recent
behavioral research on the interaction between BFW and TPP
(Sharif et al., 2014) has shown a positive correlation between
the level of BFW and a retributivist approach to punishment.
Based on these findings, one may expect that higher BFW
would lead to harsher penalties in TPP tasks. Nevertheless,
the single neurobiological study on this topic (Krueger et al.,
2014) has witnessed such an effect only in low affect cases.
In the light of these findings, in our research we wanted to
test the following hypotheses:
H1: There will be a measurable difference in the neural
activation in the prefrontal cortex between participants with
a high level of BFW and those with a low level. In a previous
study on moral judgment using the fNIRS method
(Dashtestani et al., 2018), which confirmed the majority of
previous relevant fMRI studies, it was found that the left
DLPFC was more strongly activated during tasks involving
emotions than during tasks involving high levels of cognitive
process demand. Participants with higher levels of BFW may
be expected to use more cognitive processes to assess the
blameworthiness of a transgressor. Accordingly, we expect
to observe higher activity in the PFC for participants with
high levels of BFW.
H2: The measured neural activation difference between the
two considered groups will be different in high affect
conditions versus low affect conditions. Based on findings
from previous studies, which showed higher activity in TPJ
during TPP tasks in low affect conditions (Krueger et al.,
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2014) and that both TPJ and prefrontal cortex are important
parts of the mentalizing network (Krueger and Hoffman,
2106; Ginthis et al., 2016; Monticelli et al., 2021), we
expected to observe higher levels of neural activity in
prefrontal cortex in low affect scenarios for participants who
have a lower level of BFW.

Method
Participants
In total, 41 participants (21 males, 19 females, 1 who declined
to specify) participated in this experiment (Mage= 28.78, SD=
8.17, Range= 18-45). Two individuals had a high school
degree (4.9%), nine had an associate degree (22.0%), 24 had
an undergraduate degree (58.5%), and six had a master's
degree (14.6%). Four individuals were self-employed (9.8%),
one was working in the public sector (2.4%), 11 were
working in the private sector (26.8%), seven were
unemployed (17.1%), 15 were students (36.6%), and the
working status of the remaining three individuals did not fall
into the predefined categories (7.3%).

Experimental Design/Procedure
The study consisted of two phases aimed at collecting
neuroscientific and behavioral information. At the
neuroscientific stage, 49 fictional crime scenarios were
shown to the participants, who were tasked to select a
punishment between two options given to them following the
screening of scenarios. Scenarios were categorized as either
high or low affect ones. Penalty options were prison terms,
with a few exceptions consisting of fines. One of the options
contained a considerably higher penalty compared to the
other one. To eliminate order effects and to increase the
reliability of the test, the scenarios were presented to each
participant in a random order. Participants were recruited by
an applied neuroscience lab and were given 50 TL each for
their participation. In addition, a quiet environment free from
external factors was provided during the experiment; no
communication was established with the participant, except
for situations that had the potential to disrupt the experiment,
such as the participant not understanding the question.
Participants were all right-handed, had no history of
neurological disorders, no mental health or cognitive
impairment (they had not used psychiatric medication in the
last six months), and had no vision problems.
Before starting the experiment, a consent statement was
read to the participants; once the participant had given their
consent, they were taken to the experiment room. fNIRS
neuroimaging method was used and the BOLD activity of the
users was observed — information was collected over oxy,
hbo, hbt, and hbr signals. 16 optodes were connected to the
frontal cortex of the participants and information was
collected over 4 main channels. In addition, the participant’s
heart rate and pulse were recorded. Biometric data was
collected with Empatica E3 HD Biometrics (HR) System,

electrodermal activity (EDA) and heart rate (HR). For each
scenario, 8 seconds for fixation, 7 seconds for reading the
scenario, and 5 seconds for deciding on the punishment were
accorded. Following the data collection, the participants were
directed to another room to fill in the following surveys: FAD
Plus scale consisting of 27 items (Paulhus and Carey, 2011;
Alper and Sümer, 2017), extraversion scale consisting of 10
items (Goldberg 1992; Tatar, 2017), system justification
scale consisting of 8 items (Kay & Jost, 2003; Atabey, 2017),
Rational - Experiential Inventory consisting of 24 items
(Epstein et al., 1996; Çal, 2018), Social Conservatism
consisting of 10 items (Hennigham, 1996; Yılmaz & Saribay,
2016), and a demographic data section consisting of 4 items.
Finally, a debrief was read to each participant and the
experiment was completed.
The 49 criminal vignettes used in the experiment were
prepared in line with those used in previous studies (Krueger
et al., 2014; Buckholtz et al., 2008). Nevertheless, since the
penal law in force in the USA and in Turkey are not identical,
the content of the vignettes was adapted according to the
Turkish legal framework. We intended vignettes to contain as
many different types of offenses as possible. Hypothetical
cases for the vignettes were drawn from a textbook (Tezcan
et al., 2021) and from existing case law of the Turkish Court
of Appeal, and in some instances, they were created by our
team. All criminal vignettes were classified as high affect and
low affect according to the following criteria: 1- the relevant
legally protected interests (physical integrity, sexual
inviolability, and property) as objective criterion, and 2- the
potential social reactions to this hypothetical offence as
subjective criterion. To determine the subjective criterion, the
way the offense
was committed, the features of victims
(whether they belong to a vulnerable group, such as children,
minority etc.), and public reactions to previous similar cases
were taken into account. For example, the criminal vignette
where the perpetrator had an intercourse with their friend,
whom they had drugged, was considered as high affect,
because it was a sexual offence, the victim was in a
defenseless situation, and this kind of offence always gets
strong social reactions in Turkey (death penalty, castration
discussions). Conversely, the criminal vignette where the
perpetrator stole a luxury car at night and brought it back after
a tour, was considered as low affect. Firstly, it was a petty
offense against the property, secondly the car/the property
was not harmed and finally, this offense
generally does
not get a strong social reaction.

Paradigm
In this experiment, participants took part in a third-party legal
decision-making task in which they needed to determine the
appropriate level of punishment for the actions of the
perpetrator in the fictional vignettes. Our design continuously
manipulated the crime scenario and the crime severity. In all
crime scenarios, the perpetrator was a fictitious agent named
Ahmet, a common male name in Turkey. Some research
showed that variables like societal stereotypes may affect the
perception of responsibility and blame. The type of crime has
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an impact on social judgments, and it has been demonstrated
that crime types have an impact on the degree of
responsibility projected on the perpetrator. For instance,
while the victims of theft were considered to bear more
responsibility than victims of rape, perpetrators were
assessed as more responsible for rape than for theft (Brems &
Wagner, 2010). In addition, deciding the blameworthiness of
an accused criminal offender is correlated to the severity of a
criminal offense (Buckholtz et. Al., 2008; Robinson, 1997;
Robinson and Darley, 1995). In scenarios involving different
degrees of responsibility of the perpetrator, the arousal and
punishment scores in the responsibility condition
(responsibility, diminished responsibility, and no-crime)
showed similar results, whereas the punishment score was
significantly lower than the arousal scores in the case of
reduced responsibility (Buckholtz et al., 2008).

=.170. Oxy levels were significantly greater on the left side
(M=.019, SE=.014) compared to the right side (M=.008,
SE=.014). Laterality had a significant effect on hbr levels
F(1, 39)= 4.511, p= .040, ηp2 =.104. Hbr levels were
significantly greater on the right side (M=.024, SE=.007) than
on the left side (M=.018, SE=.007). t-test results between
participants with high level of BFW and low level of BFW
for low and high affect scenarios are presented in Table 1 and
Table 2, respectively.

Table 1: t-test results for the difference between high and
low levels of BFW in pre-decision phase for low affect
scenarios
High-level BFW

Low-level BFW

M

SD

M

SD

t-test

Hbo-8

-.006

.120

.107

.123

2.950**

Hbo-10

.003

.114

.085

.118

2.255*

Hbt-8

-.083

.232

.140

.199

3.313**

Hbt-10

-.082

.231

.122

.195

3.075**

Results
To analyze the fNIRS data, we grouped certain brain regions
as follows: (1) Up-down, where eight electrodes are on the
upper line and the other eight are on the lower line, (2) Rightleft, where eight electrodes are on the left side and the other
eight are on the right side, (3) Location, where the electrodes
are clustered in groups of four to form a total of four squares
side-by-side. For all crime scenarios including low and high
affect crimes, neural data were collected during both predecision (when the participant reads the scenario but the
punishment options are hidden) and decision phase (when
both scenarios and punishment options are present. Then a 2
(Up or down) x 2 (Right or left) x 2 (High affect or low affect)
x 2 (Pre-decision or decision) x 2 (High BFW or low BFW)
x 4 (Left, center left, center right, or right) repeated measures
ANOVA was conducted to understand whether there were
differences in neural activation for low and high affect crimes
during the pre-decision and decision phase between
participants with high-level of BFW and low-level of BFW.
All factors apart from BFW were within-subject variables,
and BFW was the only between-subject variable. The affect
level of the scenario had a significant influence on oxy levels
F(1, 39)= 4.209, p= .047, ηp2 =.097. Oxy levels were
significantly greater in low affect scenarios (M=.031,
SE=.016) than in high affect scenarios (M=-.004, SE=.017).
There was a significant two-way interaction between BFW
and affect level of scenarios on hbo levels (F(1, 39)= 7.839,
p=.008, ηp2 =.167). There was a significant two-way
interaction between BFW and affect level of scenarios on hbt
levels (F(1, 39)= 4.977, p=.032, ηp2 =.113). The phase (predecision or decision) had a significant effect on oxy levels
F(1, 39)= 8.593, p=.006, ηp2 = .181. Oxy levels were
significantly greater during the pre-decision phase (M=.033,
SE=.014) than in the decision phase (M=-.005, SE=.017). The
location had a significant effect on hbr levels F(2.202,
85.895)= 3.771, p=.023, ηp2 = .088. Hbr levels were
significantly higher in location 4 (M=.033, SE=.010)
compared to location 1 (M=.012, SE=.007). Laterality had a
significant effect on oxy levels F(1, 39)= 7.987, p= .007, ηp2

Note. *p<.05, **p<.01
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Table 2: t-test results for the difference between high and
low levels of BFW in decision conditions for high affect
scenarios
High-level BFW

Low-level BFW

M

SD

M

SD

t-test

Hbo-3

.010

.088

-.086

.136

-2.630*

Hbo-12

.062

.132

-.034

.116

-2.481*

Hbo-14

.063

.112

-.023

.120

-2.349*

Hbo-15

.043

.112

-.038

.140

-2.022†

Hbo-16

.070

.110

-.030

.126

-2.650*

Hbt-3

.055

.167

-.037

.125

-2.025†

Hbt-12

.144

.246

-.048

.151

-3.056**

Hbt-14

.145

.235

-.022

.203

-2.441*

Hbt-15

.159

.269

-.015

.189

-2.415*

Hbt-16

.190

.215

-.010

.257

-2.620*

Note. †p=.05, *p<.05, **p<.01

A discriminant function analysis was performed to
understand whether all the neural data from four different
voxels can successfully distinguish high and low levels of
BFW in low affect scenarios in the pre-decision phase. At
first, voxel 7 was a significant predictor but in the assumption
check process, it did not meet the expectation of normal
distribution, and was therefore excluded from the final
model. Thereafter, the outliers were eliminated with respect
to 5th and 95th percentiles (approximately two standard
deviations), causing our sample to fall to 33 individuals for
the discriminant function analysis. As presented in Table 3,
neural data can predict the level of BFW with 81.8%
accuracy, which is a considerably high classification rate.

Table 3: Results of the discriminant function analysis

All Sample
(N=33)

High Belief
in Free Will
(N=15)

Low Belief
in Free Will
(N=18)

Optode 5

-0.0018±.06

0.0291±.04

-0.0275±.06

Optode 8

-0.0224±.08

-0.0465±.07

-0.0024±.08

Optode 10

-0.0231±.10

-0.0569±.08

0.0051±.10

Wilk’s
Lambda

.581

-

-

ChiSquare

χ2(3) =16.00

-

-

86.7%

77.8%

p=.001
Classified
Correctly

81.8%

Discussion & Conclusion
The empirical results indicate that during the decision stage
of high affect scenarios, the participants with high-level of
BFW have higher levels of neural activity in the right DLPFC
than those with low levels of BFW. This might be due to the

fact that high affect scenarios involved relatively sensitive
content such as raping or child abuse. In this respect, the
findings by Buckholtz et al. (2015) suggested a causal role
for DLPFC in norm enforcement. This may explain our
findings: participants with high-level of BFW probably made
a more intensive use of this brain region for the neural
integration during the process of punishment decisions. This
idea is also supported by the findings of Spitzer et al. (2007),
who claimed that the neural activation in right DLPFC tends
to be higher during the punishment decision phase,
influenced by the degree of norm compliance. Moreover,
Buckholtz and Marois (2012) suggested that DLPFC
translated “rough intuitions about deserved punishment into
a precise punishment response by anchoring it to a contextspecific punishment scale”. Thus, the difference of DLPFC
activity between two groups might have been due to the intersubject variations with respect to the degree of BFW.
Our findings imply that the participants with a lower BFW
level tended to have higher levels of neural activation among
the medial PFC during the pre-decision phase in low affect
scenarios. Previous research has also addressed the
identification of several different brain mechanisms, in
particular in the medial PFC, associated with processes
related to SPP (Bellucci et al., 2020). The empirical findings
by Buckholtz and Marois (2012) indicated a core brain
network, comprising the medial PFC, the temporoparietal
junction (TPJ) and the posterior cingulate, which is
responsible for self-projective mentalizing processes. Thus,
it might be argued that the participants with lower BFW have
tended to mentalize more intensely than the participants with
higher BFW.
The results of the discriminant function analysis indicated
that three optodes (O5, O8, and O10) are influential in the
final model, which works with 81.8% of classification
accuracy on average with respect to the neural activations in
the mentioned optodes during the presentation of low affect
scenarios. The mean activation levels for the optodes in
vmPFC indicate that a low degree of BFW tends to be
correlated with higher levels of neural activation, which is
also in line with the idea of mentalizing process (Buckholtz
& Marois, 2012).
The scope of this empirical study is limited by a couple
factors inherent to the method employed as well as other
factors, notably cultural differences. First of all, the fNIRS
method used during data collection could only serve to
acquire data from the prefrontal cortex, thus leaving aside
question of the potential involvement of the subcortical areas
for the current analyses. This limitation is especially
important because it prevents us from comparing our findings
with those reported by Krueger et al. (2014). In their study,
Krueger et al. (2014) found that participants with high levels
of BFW (libertarians, as the researchers named them)
inflicted harsher penalties in low affect scenarios and showed
higher activity in the right temporoparietal junction. As they
report, this difference between the two groups disappeared in
high affect scenarios. In order to overcome this limitation, we
aim to conduct follow-up studies in which we will use the
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fMRI method, thus giving us the opportunity to validate the
current findings as well as understand the potential
contribution of the involvement of the subcortical brain areas.
Cultural differences are another potential limitation for the
generalizability of this study’s findings. This study has been
conducted in an applied neuroscience laboratory in Turkey.
Several studies (Miller & Bersoff, 1992; Kashima et al.,
1995) showed that people who are raised in Western Cultures
have a different understanding of the concepts of free will,
such as responsibility and agency. For example, individuals
of Western European Heritage or Culture considered actors
more negatively when their actions are motivated by
obligation, compared to actions that are agentic (Buchtel et
al., 2018). In addition, belief in free will and religiosity are
positively correlated in samples from individuals of Western
culture (Carey & Paulhus, 2013). Needless to say, one of the
main differences between ours and Western studies is that our
sample consisted of participants raised in a social sphere
heavily influenced by Muslim faith. Based on this idea, a
recent study (Yilmaz et al., 2018) found that there is no
relationship between religiosity and free will. However,
fatalistic determinism is found to be the main mechanism
underpinning belief systems in Turkish samples. To provide
generalizable findings of the sort, new empirical studies are
needed.
In conclusion, this empirical neuroscientific study aimed to
understand the neural correlates of third-party punishment
and the effect of BFW, which is also a specifically human
prosocial behavior. In this study, we have examined the effect
of BFW on third-party punishment in high and low affect
scenarios through optical brain imaging method (fNIRS). The
obtained results and the related statistical analyses indicate
that the participants with higher degree of BFW have more
neural activation in their right DLPFC regions (hbo and hbt
measures) during high affect scenarios whereas the
participants with lower degree of BFW have higher levels of
neural activation in the medial PFC regions (hbo and hbt
measures) during low affect scenarios. To sum up, the
findings obtained via the empirical method throughout the
current study are in line with the findings in the related
academic literature.
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Abstract
We investigated neural networks’ ability to generalize during
visual object recognition. In three experiments, we show that
while basic multilayer neural networks easily learn to classify the
objects on which they are trained, they show serious difficulties
transferring that knowledge to novel items. However, our
experiments also show that when the previously trained networks
are then trained on the novel items, they learn to respond correctly
to the novel items much faster than untrained networks. This
shows that these networks are learning abstract representations
that go beyond the simple items on which they were trained. We
argue that this demonstrates that regarding abstract rule learning,
the problem with neural networks is not their inability to learn
abstractions, but their ability to apply that knowledge when
classifying new objects.
Keywords: neural networks, transfer
recognition, knowledge representation

learning,

object

Introduction
Excitement about artificial neural networks, both as a
theory of cognition, and as a form of artificial intelligence,
has waxed and waned over time. Recently, new architectures,
training algorithms, and increased computational power have
led to neural networks that are increasingly successful at a
wide range of tasks (Krizhevsky et al., 2012, Devlin et al.,
2018). However, behavioral research has shown that human
behavior is sometimes qualitatively different than the
performance of state-of-the-art deep learning models
(Geirhos et al., 2018, Linzen et al., 2016), and questions still
exist about the fundamental representational capabilities of
these models (Marcus, 1998; Martin & Doumas, 2020).
For example, Marcus argued that neural networks are
incapable of generalizing “outside of their training set”, in a
way that seems so effortless for humans. Marcus cites many
examples, but perhaps the most demonstrative is a model
based on 7-month-old infants in a rule-learning experiment
(Marcus et al., 1999). In the experiment, infants heard
sequences of phonemes that followed one of three rule-based
structures: ABA sequences (where the first and third syllable
were the same), ABB sequences (where the second and third
were the same), and AAB sequences (where the first and

second were the same). In this experiment, infants who heard
sequences following one rule for two minutes showed
subsequent discrimination between sequences that did and
did not follow the rule, even when the novel sequences used
a completely novel set of phonemes. Marcus et al. concluded
that infants learn generalizable rules independent of the items
that they use as the basis of induction for those rules.
Marcus used a simple recurrent network (SRN, Elman,
1990) to simulate this experiment, demonstrating that the
network did not show similar generalization. In Marcus’s
model, each phoneme was represented as both an input and
output unit, and the model was trained to predict the
sequences of phonemes, where success was defined as
learning which of the three rules (ABB/AAB/ABA) the
sequences followed. Marcus showed that while SRNs learned
to predict the sequences for phonemes occurring in the
training sequence, they failed to show generalization to
phonemes that didn’t occur during training. Marcus argued
that the only thing the neural network could do was learn
associations between specific syllables. Abstract rules exist
at the level of relations between variables, and neural
networks cannot represent variables in this manner.
In contrast, Willits (2013) argued that ABA-style
transition rules were encoded in the SRN’s recurrent weights
but could not be used during testing because the network was
inhibited against ever predicting the novel sounds – a sensible
outcome given that these sounds never occurred during
training. Analyses of the network’s representations
demonstrated that alternation and/or repetition rules were
encoded in the network’s recurrent weights, but that strong
inhibitory weights to the novel output units prevented this
from being expressed. Willits further showed that if the
network was given just a little bit of training on the new test
items, it learned rule-consistent test items much more quickly
than rule-inconsistent items. Willits argued that the network
had learned that there were items belonging to an ‘A’
category, and items belonging to a ‘B’ category, and had
learned the sequential relationships of A and B items. In the
transfer learning scenario, if the new sequence was rule
consistent, all the network needed to learn was to categorize
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the novel items as either an A or B, and the sequences would
be predicted correctly. In contrast, to learn rule-inconsistent
items the network needed to re-learn input, output, and new
recurrent weights reflecting the new sequential rule.
Willits’s demonstration is an example of what has since
become a very popular neural network training technique:
transfer learning (Pan & Yang, 2009). In recent years, deep
learning systems are rarely trained “from scratch”. Instead,
an existing network that already performs well at one task is
used as a base model and trained to do a second task. If the
source and target task share underlying structure, this speeds
the model’s learning of the target task. Willits (2013) showed
this principle applies to abstract relational rules (like ABA
sequence rules) applying to entirely novel items participating
in those sequences. This demonstration suggests that the
criticism of a neural network’s ability to show rule-based
transfer is not a problem with learning or representing
abstract rules, but instead with applying a rule to novel input.
The goal of this paper is to show that this principle can
be used to better understand the representational capabilities
and limitations of neural networks in a much wider range of
situations, particularly visual object recognition. We used a
simple artificial visual world (Polyomino World) to carefully
control the structure and statistics of visual images. Using this
framework, we then investigated the basic capabilities of
simple artificial neural networks regarding their ability to
successfully classify the objects in these visual images. Next,
we employed transfer learning (providing additional training
for new items to a previously trained network), investigating
the ways in which pre-trained networks showed facilitated
learning for novel items. If pre-trained networks show faster
learning than untrained networks, then this shows the
network did have useful representations that could have been
applied to the novel object, and that immediate failure to
show transfer was a problem with associating that
representation with the novel item, not with learning the
representation in the first place.

Polyomino World
In the current study, we wanted a perfectly controlled
dataset to simplify analysis and understanding of the neural
network’s behavior. To this end, we created the artificial
world “Polyomino World”. Polyomino World is a world
consisting of scenes of objects, objects defined in terms the
set of pixels the objects occupy. In this paper, we created a
very simple set of scenes consisting of an 8x8 grid of grey
pixels (the background), with each scene containing a single
object. In the following experiments, we defined all our
objects to be simple polyominoes (plane geometric figures
formed by joining one or more equal squares edge to edge)
of size 1 (monomino), size 2 (domino), size 3 (tromino), and
size 4 (tetromino), with examples shown in Figure 1.
There are certain properties of the polyominoes worth
noting. Considering all polyominoes of size 1-4, there are 9
distinct orientation-independent shape types, shown in Figure
2. Some of the shapes can be placed in different orientations.

Figure 1. Example images from Polyomino World, with one
colored shape on an 8x8 grid with a grey background.

Figure 2. The full set of nine polyomino shapes.

A domino and tetromino2 can be either horizontal or vertical.
A tromino2 and tetromino4 can be placed in four different
orientations, and a tetromino3 and tetromino5 can be placed
in eight different orientations. This allows us to test a neural
network’s ability to learning representations of the objects
independent of their orientation.
In Polyomino World we can specify the color of each
pixel of each object. In this paper, all the pixels of each object
were the same color, and came from the set of 8 colors
making up the corners of the RGB cube: red (+1,-1,-1), blue
(-1,+1,-1), green (-1,+1,-1), cyan (-1,+1,+1), magenta (+1,1,+1), yellow (+1,+1,-1), white (+1,+1,+1), black (-1,-1,-1).
Each shape occurred against a grey background, the center of
the RGB cube (0,0,0). Thus, each input scene was represented
as a 192-element vector (8x8x3) containing 0’s where each
cell was empty/grey, and the color-appropriate RGB-values
of +1 and -1 where a colored shape was present.

Network Architecture and Training
The main goal of this paper was to obtain a better
understanding of how neural networks work, and so the
architecture used was a simple, fully interconnected network
with a single hidden layer, as shown in Figure 3. All models
were initialized with weights chosen from a random uniform
distribution ranging from -0.01 to 0.01.
Each network was trained in the following manner. First,
it was presented with a set of input vectors representing each
image in the training set. For each input, activation was
propagated along the weighted connections to the hidden
layer, put through a sigmoid activation function, and then
propagated along the weighted connections to the output
layer, also put through a sigmoid activation function.
These output activations were compared to the correct
output activation, which constituted three 1’s (one each for
the correct color, shape, and size labels), and a zero for all
other units. The binary cross entropy was used as an error
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those shapes in the other part of the visual array.

Method
Stimuli. We created three datasets: “Full”, “Omit top”, and
“Omit bottom”. For the “Full” dataset, we created a training
set of images each containing only a single object. An image
was created for all possible orientations of each shape, in each
color, in all possible positions in the 8x8 grid. The total
number of scenes was 11,496 (the number of colors, times
the number of rotational and flipping variant for each shape,
times the number of legal positions of each shape). For the
other two datasets, we restricted the legal positions to those
where the shape was entirely in the bottom (“Omit top”) or
entirely in the top (“Omit bottom”) of the 8x8 grid.

Figure 3. Network architecture for all experiments: an input layer
with 192 units (8x8 units for each R, B, and G color pixel); a 32-unit
hidden layer; and an output layer with 22 units, one unit for each of
the 9 shape labels, 4 sizes, and 8 colors. The model was trained to
simultaneously classify all three features (label, color, and size).

function that was used to train the weights using stochastic
gradient descent with a learning rate of 0.40.

Experiment 1: Novel Positions
Experiment 1 had two goals. First, to test the neural
network’s ability to show immediate transfer to objects
occurring in previously unexperienced portions of the visual
array. We tested this by training a model to classify the shape,
size, and color of objects that were presented in only half of
the visual array (either top half or bottom half) and tested the
model on the same shapes presented in the omitted half.
Second, we tested how this pre-training affected the learning
of objects appearing in the previously omitted half.
This experiment acts as a visual replication of the
previously described models of Marcus et al.’s ABA
experiment. To succeed, the model needs to learn to represent
each shape (a set of pixels that are the same color at the same
time) and transfer that knowledge to pixels that have never
been any color but grey (and thus always had values of zero
in the input). As in the ABA task, the network should fail to
show immediate transfer. The model will never see any input
but zero in the omitted space. Thus, weights connected to
those inputs will never contribute to prediction error and thus
will never be adjusted by the error-driven learning algorithm.
When the model is tested with input to this region, the result
should be a hidden layer activation that is effectively a
random vector, with poor transfer performance. However, we
also predict benefits from this prior training in the transfer
learning phase. If the model has learned representations for
the particular shapes, sizes, and colors that appeared in half
of the visual array, then when it is trained on the other half,
all it should need to do is adjust the input weights so those
inputs instantiate the same representations, and learning to do
so should be much faster than learning to correctly classify
the same inputs without having already learned to classify

Procedure. Using the general training procedure described
above, to test the model’s immediate transfer we trained five
models each on the “Omit top” and “Omit bottom” datasets.
These models were trained for 2,000,000 trials, and then
tested on the items from the omitted half of the visual array.
To test transfer learning, we took these 10 pre-trained models
and trained them for an additional 2,000,000 trials on the
“Full” dataset. We then compared the performance of these
models to 10 Control models that were trained for 2,000,000
trials on “Full” dataset but without pre-training. Critically,
both the Pre-trained and Control models saw the critical items
(the items from either the top or the bottom of the visual
array) the same number of times.

Results and Discussion
Each network was evaluated at every 50,000 training
steps (i.e., after seeing 50,000 objects and performing 50,000
weight updates). The networks were evaluated for their
ability to correctly classify each object’s shape label, size,
and color. For each of these features, the network’s guess at
the correct choice was made by choosing the item from each
set with the highest activation level, and if that was the
correct feature, the guess was evaluated as correct.
On the trained items (items appearing only in half of the
visual array), the models achieved perfect classification
accuracy on all three features: for color after 50k training
instances, for size after 200k training instances, and for shape
label after 500k training instances.
In the test of immediate transfer, as predicted the models
failed to show transfer. They learned to correctly classify
items in the trained half of the visual array, but utterly failed
to show any kind of transfer to the same objects presented in
the omitted half of the visual array. Classification accuracy
was 100% for objects in the trained part of the visual array
but was at chance for all three features (shape, size, and color)
for objects in the untrained part of the visual array.
Also as predicted, in the test of transfer learning
facilitation the pre-trained models had significantly faster
learning on objects presented in the previously omitted half
of the visual field, compared to models without pretraining.
This facilitation effect was present for learning to correctly
classify the object’s shape label, as shown in Figure 4. Some
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Figure 4. Accuracy at correctly activating the correct shape labels
as a function of amount of training. The “Pre-Trained” curve shows
the learning trajectory for items presented in the portion of the visual
array omitted during pre-training. The curve for “No Pretraining”
curve shows the learning trajectory for the same set of items in a
model starting with randomly initialized weights.

pre-trained models (as evidenced by the error bars shown as
the shaded portion of the figure) reached perfect shape label
classification performance within 100,000 trials (seeing each
color of each shape in each position about 10 times). In
contrast, models without pre-training took at least 600,000
trials to reach the same level of performance. There was also
significant facilitation in reaching perfect performance on
size classification (40,000 trials for pre-trained models vs.
60,000 trials for non-pretrained models). There was no
significant difference for learning to classify color, as both
models achieved perfect performance within 20,000 trials.
The failure of immediate transfer demonstrates what has
been argued by Marcus: that neural networks do have a
serious problem when it comes to generalizing knowledge.
Marcus and others have argued that failures of this sort
demonstrate that neural networks are not representing
information in a symbolic fashion, as humans do. However,
the transfer learning results suggest the problem is a different
one. Critics argue that neural networks learn simple inputoutput mappings and do not represent abstract structure that
binds together items of the same shape. But if this were true,
then the models that were pre-trained on half of the visual
array, and then further trained on the other half, would have
seen no learning advantage compared to a model starting
from scratch. But this was not the case. This facilitated
learning strongly suggests that there was, for example, a
learned representation for “domino”, and that new instances
of dominoes could, with further training, be quickly
associated with that representation. The problem with the
neural network is not a learning or representation problem;
the problem is providing a mechanism to automatically bind
new instances to those representations.

Experiment 2: Novel Shapes
One potential criticism of Experiment 1 is that it is an
unrealistic model of the situations that humans encounter.
There is no point in development where half of the visual
field is not exposed to stimuli. Experiment 2 explores a

situation much more naturalistic, experiencing novel objects.
In Experiment 2, the network should “learn to fail” to
correctly classify the label of the unseen object. In the pretraining phase, the network will be trained to classify eight of
the objects, and then tested on the untrained object. Prior to
any training, the network’s randomly initialized weights will
lead to it predicting that all nine shape objects are equally
likely to be the label for the object. However, as the model
continues to experience all objects but one, it will adjust its
weights to never predict the unseen item. Thus, failure to
show immediate transfer to the unseen object’s label is a
perfectly sensible thing for the network to learn to do.
Of more interest are two things. First, as the network is
learning about the other eight objects, will it continue to be
able to correctly classify the unseen object’s color and size?
One criticism of neural networks is that, due to their
distributed representations, they are not able to learn
separable features of objects. However, if the network shows
immediate transfer for color and size of the unseen object,
this will provide evidence that the network can learn these
properties and transfer them to new, unseen objects. Second,
how will the network respond when, as in Experiment 1, it is
given a second round of “transfer learning” and given the
opportunity to learn about the object that had previously been
omitted. If the pre-trained model that had learned about the
other eight objects can learn to label the ninth object more
quickly than a model without the pre-training, this will show
that the network learned features that help it to classify, not
just things it has seen, but as-of-yet unseen objects, evidence
the network is learning some kind of abstract representation
of shape that can serve as a basis of generalization.

Method
Stimuli. Experiment 2 had two classes of datasets: 1) “Full”,
which like in Experiment 1, contained each object in all
possible colors, orientations, and legal positions in the 8x8
grid, and 2) “Omit a Shape”, where all examples of one of the
nine different polyomino shapes was removed from the
dataset. There were nine different versions of this dataset; in
each, one of the different shapes was omitted.
Procedure. The procedure in this experiment was much like
in Experiment 1. Using the general training procedure
described above, in the “Immediate Transfer” condition we
trained five randomly initialized models on each of the nine
different “Omit a Shape” datasets. These models were trained
for 2,000,000 trials, and then tested on their classification
accuracy when presented with the shape that was omitted
during training. The models were evaluated in the same way
as in Experiment 1. To test transfer learning, we took these
pre-trained models and trained them for an additional
2,000,000 trials on the “Full” dataset. We then compared the
performance of these models to 10 control models that were
trained for 2,000,000 trials on “Full” dataset without pretraining. Critically, both the pre-trained and control models
saw the critical items (the shape omitted during pre-Training
for the pre-trained models) the same number of times.
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Results and Discussion
On trained items, the models had perfect performance for
color (after 50k training steps), for size (after 200k training
steps), and for shape label (after 300k training steps). In the
test of immediate transfer, as predicted the models “learned
to fail”, reaching 0% accuracy for choosing the correct label
for the untrained shape within 50k trials. In contrast, they
showed perfect accuracy classifying the color and size of the
untrained object, with accuracy levels for these features that
were not significantly different than accuracy for these
features on trained objects. In the test of transfer learning
facilitation, the pre-trained models once again outperformed
the models without pre-training, as shown in Figure 5.

Figure 5. Shape label learning trajectory for a previously untrained
shape (tromino1), on a model that was pre-trained on all other
shapes, compared to a model with no pre-training.

Prior experience learning to classify the other eight
shapes significantly speeded the learning of the new shape.
The model without pretraining took, on average, 200k
training steps to reach perfect shape label classification
accuracy on a shape, whereas the pretrained models took, on
average, 500k training steps. In addition to being
significantly faster overall, this difference was significant for
each individual shape except monominoes (which were at
ceiling). The average time for the models (pre-trained and
not) to reach 100% accuracy on each of the nine shapes is
shown in Table 1.
Table 1. Mean training trials required to reach 100% shape label
classification, as a function of whether the model was pre-trained on
the other 8 shapes. All numbers are thousands of training steps.
Shape
M D Tr1 Tr2 Te1 Te2 Te3 Te4 Te5
Pre-trained
50 50 150 100 800 200 350 300 100
Not Pre-trained 50 100 500 400 1350 750 550 650 300

The results from Experiment 2 replicate Experiment 1.
The faster learning of the previously unseen shape by the pretrained models demonstrates that the weights being learned
by the model help it instantiate distributed representations
composed of features that are useful when they need to be
applied to a new object. When the model is given additional
training on the new object, on many objects all it needs to do

is learn to adjust its output weights to correctly assign an
output label to that new shape’s hidden representation. This
is much faster than learning an entirely new representation
from scratch. In addition, the demonstration that the model
continues to correctly classify unseen objects’ size and color,
while not knowing how to classify the object’s name, is
evidence the model is learning representations of the different
features (shape, size, and color) that are at least somewhat
independent, a necessary pre-requisite for more advanced
reasoning using these features.

Experiment 3: Novel Orientations
One could argue that the models in Experiment 2 suffer from
the same problem as the models in Experiment 1. Both
models, like Marcus’s ABA model, have either input units (in
Experiment 1) or output units (in Experiment 2) that are never
used during training. This property, it has been argued, makes
them bad models of human learning, since humans don’t
come to learning situations with inputs or outputs that have
never occurred in previous training, and thus have been
explicitly trained expect null input (Seidenberg & Elman,
1999). Experiment 3 models a third situation of transfer and
transfer learning that completely avoids this problem: the
classification of previously experienced shapes that are occur
in unique orientations (either rotated or flipped). In this
experiment, all shapes are experienced during training, in all
possible positions in the space. However, during training the
shapes will only have occurred in half of their possible
orientations. For example, during training the model might
see dominos placed only horizontally, or tetromino3’s (the
one that looks like an L), but only in four of the eight possible
orientations that shape can occur (counting all four 90-degree
rotations, placed both forwards and backwards. The model is
then tested on the untrained orientations to see if it can make
correct color, size, and shape label classifications.

Method
Stimuli. The items in Experiment 3 were limited to those that
could appear in multiple orientations (i.e., monominoes and
tetromino1s were not included). There were two classes of
datasets: 1) “Full”, which contained each of the 7 objects in
all possible colors, orientations, and legal positions in the 8x8
grid, and 2) “Omit Half of Orientations”, where half of the
orientation variants of each shape were omitted. There were
two different versions of this dataset; in each one a different
half of the variants were omitted.
Procedure. In the “Immediate Transfer” condition we
trained five models on each of the “Omit Half” datasets.
These models were trained for 2,000,000 trials and then
tested on the omitted half of the variants. For the “Pretrained” condition, we took these 10 pre-trained models and
trained them an additional 2,000,000 trials on the Control
dataset (containing all the variants). We compared the
performance of these models to 10 “Control” models, trained
for 2,000,000 trials on Control dataset without pre-training.
Critically, both the Pre-trained and Control models saw the
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critical items the same number of times.

Results and Discussion
On trained items, the models achieved perfect accuracy
for color, size, and shape. In the test of immediate transfer
(classification accuracy for shape, size, and color on the
untrained variants of each shape), the models reached perfect
accuracy for size and color, transferring knowledge of these
features as quickly as they were learned on the training set.
In contrast, shape accuracy plateaued at 73% after 700,000
training steps. This was considerably above chance (14.3%,
or one out of seven possible shape labels that could be
guessed), but still failing to show perfect transfer to
unobserved items. This is the kind of failure to show transfer
discussed by Marcus, and without the issue of relying on
input or output units trained on null data. The models were
learning to map each observed variant to a response, but
whatever representation they were using to do so did not lead
to correct classification of new, unseen versions of those
shapes. These results are shown in Figure 6.
However, these results are also evidence against the
notion the networks were only learning simple mappings
between each independent variant of each shape and its
output label. If that were the case, immediate transfer would
have been at chance (17%), not 73%, as each shape variant’s
representation would have provided no help with any of the
other unseen variants. This argument is strongly supported by
the results of the transfer learning (shown in Figure 7), which
show that with additional training on the previously unseen
items, the pre-trained models achieved perfect accuracy
much more quickly (after about 350,000 training steps) than
the untrained models (1,000,000 training steps).

Figure 6. Immediate transfer for shape, size, and color for untrained
variants (rotations and flips) of trained shapes.

General Discussion:
These results demonstrate that neural networks have a
problem transferring knowledge to new situations, even in
situations that don’t rely on untrained input or output units.
However, the fact that in all three experiments, the pretrained models learned the new items faster that untrained
models shows that the models are learning representations

Figure 7. Shape label learning for a previously untrained variants of
shapes (flips and rotations), on a model that was pre-trained on all
other variants, compared to a model without pre-training.

that provide a basis for transfer to the new items. That
transfer is just not being immediately applied to new items.
This strongly suggests that the problem with the neural
networks
regarding
learning
abstract
relational
representations is not a problem with learning or
representation, but a problem with application of those
representations to new items.
Neural network enthusiasts should not, however, get too
excited about these results, as they demonstrate several very
serious difficulties that would need to be overcome for the
models to show human like performance. First, even though
the networks do show transfer benefits from previous
knowledge, the networks still require considerable additional
training even with this prior learning, for example of 300,000
training steps in Experiment 3. That is equivalent to having
experienced each new variant over 10,000 times (collapsing
over color and position). Human learners take less than that.
What conclusion should we draw from this? We argue that
successful transfer learning is evidence that there is
representation that is useful as a basis of transfer, but that
transfer learning (or anything like it) is an unlikely candidate
mechanism for that transfer to occur. What other options are
there, within a neural network framework?
Of course, before we can understand whether the
representations being learned by neural networks can truly
support generalization, we need to understand more about
exactly how the neural networks are representing what they
are learning. Truly representing a shape in a way that leads to
successful transfer can be done, and maybe must be done by,
representing a relational rule. Can such a rule be represented
in a neural network? In principle, yes. But is that how these
neural networks are learning to represent those shapes? If not,
can they be convinced to do so? Before deciding whether
neural networks are fundamentally incapable of learning,
representing, and using information like humans, we have a
lot to learn about how they work.
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Abstract

& Freedman, 2011; Strobel et al., 2016; Xiong et al., 2019;
Yuan et al., 2019; Zachs & Tversky, 1999). Different graph
formats can possibly lead to biased judgmental forecasts as
well (Theocharis, Smith and Harvey, 2019). Our goal was to
examine certain biases that typically impact forecasts.
Forecasts may be biased either towards the x-axis (withinthe-bar bias; Goddau et al., 2016; Kang et al., 2021), the mean
of the series leading to mean-reversion (also known as trenddampening, Bolger & Harvey, 1993; De’Bondt, 1993;
Harvey & Reimers, 2013; Lawrence & Makridakis, 1989,
O’Connor et al, 1997) or the last point(s) in the series
(recency bias; Glaser et al., 2019; Theocharis et al., 2019).
Also, typically forecasts of downward trending series are
more mean reverting than forecasts of upward trending series
leading to asymmetric damping (O’Connor et al, 1997). We
systematically investigated the impact of different graph
formats (line, bar and point) and trends (upward, downward
and flat) on judgmental forecasts. In the following section,
we will first provide a selective review of biases caused by
different graph formats, followed by domain and trend effects
studied in the judgmental forecasting literature. Then we will
provide an overview of the experiment and outline our
hypotheses.

In many areas like economics, finance, and health, people make
judgmental forecasts looking at previous time series data. In
such efforts, either tabular presentations or graphs are utilized,
where graphs can be in different formats like bars, lines or
points. Different presentations may cause certain biases
stemming from bottom-up processing. To delineate such
perceptually driven biases in judgmental forecasting, we
investigated the effect of graph format (line, bar, point) and
trend type (upwards, downwards, flat) on judgmental point
forecasts when no domain information was provided. Bringing
together perspectives from graph processing, visualization and
forecasting literatures, our major goals were to determine
which graph formats lead to more accurate forecasts and
whether bar graphs lead to mean reversion bias or within-thebar bias in forecasts. Additionally, we wanted to determine
whether asymmetric damping observed in sales forecasts of
downward vs. upward trended series were confounded by
graph characteristics. We found that forecasts in line and point
graphs were less biased than those in bar graphs; forecasts
based on bar graphs depicting trended data exhibited mean
reversion bias. We also observed a general positivity bias in
forecasts for all trend types in line and point graphs. This
implied trend following forecasts in upward trends and mean
reverting forecasts in downward trends revealing an
asymmetricity in the absence of context as well.
Keywords: judgmental forecast, graph, trend

Introduction
Many people engage in tasks that require them to make
forecasts based on a given set of past data. Judgmental point
forecasts are mostly utilized in the economics domain, as
people make future predictions of inflation, stock/fund
prices, returns and product sales. Naturally the judgmental
forecasting literature has mainly focused on how such
financial/economic forecasts vary as a function of domain
knowledge, trend type and noise (Bolger & Harvey, 1993;
De’Bondt, 1993; Glaser, Iliewa, Weber, 2019; Harvey &
Reimers, 2013; Lawrence & Makridakis, 1989, O’Connor et
al, 1997); nevertheless, effects of format characteristics have
not been systematically investigated. The graph visualization
literature found evidence of differences in bottom-up
processing of line, bar and/or point graphs leading to
differences in judgments (Correll and Heer, 2017; Godau et
al., 2016; Kang et al., 2021; Newman & Scholl, 2012; Schah

Graph Formats & Judgmental Biases. Graphs can make
statistical information easy to understand, paving the way for
easier detection of trends and other patterns in data (Pinker,
1990). People can interpolate and extrapolate functions using
the data conveyed via graphs (Ciccione & Dehaene 2021,
Schulz et al., 2017) Nevertheless, graphs can mislead people
to detect patterns even when none exists (Lawrence et al.,
2006). Informationally equivalent graphs may not always be
computationally equivalent because visual processing of
graphs is impacted by various cognitive heuristics and biases
(Shah & Hoeffner, 2002; Zacks & Tversky, 1999). One major
bottom-up factor that may cause systematic judgment biases
is the graph format (bar, line vs. point graphs). Different
graph formats can bias time series forecasting as well
(Theocharis et al., 2019).
One typically used graph format when presenting trend
data are line graphs. While lines are more suitable in
conveying continuous data, bars are preferred for discrete
data (Zacks & Tversky, 1999). Accordingly, trends are more
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accurately extracted from the line graphs. When participants
forecast based on data presented in line graphs, responses
revealed an effect tagged as recency bias, i.e. forecasts were
closer to the last data point compared to when data was
presented as point graphs (Theocharis et al., 2019).
When processing bar graphs, a salient bias known as the
within-the-bar bias emerges. This leads viewers to
mistakenly think the height of the bar represents the
likelihood of the values in the distribution rather than just
their average (Newman & Scholl, 2012). When there were
multiple data points presented via bar graphs, the average
estimations were biased more towards the x-axis as a result
of the within the bar bias (Goddau et al., 2016; Kang et al.,
2021; Yuan et al., 2019, but also see Xiong et al., 2019).
Within the bar bias also led to trend line estimates with lower
intercepts in bar graphs vs. line and point graphs, implicitly
indicating lower perceived means (Correll & Heer, 2017). In
an unpublished study, Harvey and Reimers (2012) found that
using bars vs. lines or points led to within-the-bar bias in
judgmental forecasts, i.e. forecasts were closer to the x-axis
both in upward and downward trended graphs. All in all,
graph visualization literature associated line graphs with the
recency bias and bar graphs with the within the bar bias.
Effects of Domain Knowledge and Trends. Researchers
detected reversals in sales and price forecasts based on
trended series presented in line graphs. (Bolger & Harvey,
1993; De’Bondt, 1993; Harvey & Reimers, 2013; Lawrence
& Makridakis, 1989, O’Connor et al, 1997), a bias called
trend-damping. We note that trend damping resembles mean
reversion. For instance, Lawrence and Makridakis (1997)
associated damping with the general anticipation of reversals
in economic time series. Harvey and Reimers (2013)
mentioned the adaptation effect, which states that the degree
of damping would increase in line with the past knowledge
of the world (which usually demonstrates long term-cycles
and trends are a part of these cycles) and as the magnitude of
the trend slope increases (i.e. damping is not detected in very
shallow slopes). In a similar vein, De’Bondt (1993) also
showed that financial experts were more likely to predict
reversals in trended stock price series, while non-experts’
forecasts were more trend following.
Another important finding in these studies was that the
reversals were more significant in downward trended series
in comparison to upward trended series (Harvey & Reimers,
2013; Lawrence & Makridakis, 1989, O’Connor et al, 1997).
This phenomenon was called the asymmetric damping. There
may be several factors contributing to this pattern. First,
people are more familiar with rising series than declining
ones in real life; this results in higher variance and larger
confidence intervals in forecasts of downward trended series
(Harvey & Bolger, 1996; Lawrence & Makridakis, 1989,
O’Connor et al, 1997). Secondly, the data utilized in these
studies were such that higher values were better than lower
ones as in sales or stock prices. As a result, an asymmetric
damping was observed either due to an optimism bias and/or
the perceived likelihood of actions expected to be taken when

the data was going down. (Harvey & Reimers, 2013;
Lawrence & Makridakis, 1989; O’Connor et al., 1997).
Another line of research focusing on the relationship
between forecasting and domain are price-return studies
(Glaser et al., 2007; Glaser et al., 2019). In Glaser et al.
(2019) participants estimated future values using either prices
(via line graphs) or returns of the same investment
instruments (via bar graphs). Glaser et al. (2019) found that
forecasts were more trend following in the price condition
and were more mean reverting in the return condition.
Additionally, they found that judgmental forecasts were
based on the whole data in the return graphs (i.e. all four
quarters of the past data) implying mean reversion and on the
more recent data in the price graphs (i.e. only the last
quarter’s data) implying a recency bias. They attributed these
differences to the top-down effects of framing the graphs as
prices or returns. However, in this study context was
confounded with graph type. Thus, we believe that these
results could have been at least partly due to prices being
depicted in line and returns being depicted in bar graphs.
In short, during judgmental forecasting tasks, line graphs
may lead to a recency bias (Glaser et al., 2019; Theocharis et
al., 2019) and bar graphs may lead to a within-the-bar bias
(Harvey & Reimers, 2012) or mean reversion (Glaser et al.,
2019). Mean reversion is different from within-the-bar bias,
since these biases reflect different mechanisms: the first takes
into account the mean of the series and the second takes into
account the area of the bars pulling the forecasts towards the
x-axis as argued by Kang et al, 2021. The two also imply
different results specifically in downward trended graphs, i.e.
higher estimates (revealing a dampening in the trend) in the
case of mean reversion and lower estimates (revealing trend
continuation) in the case of within-the-bar bias.
Goals of study and hypotheses. In this study, we asked
people to make one-period (close) and three-period (far)
ahead forecasts, as well as mean estimations based on data
presented in different formats. Our first goal was to determine
which graph format leads to the highest accuracy, i.e. lowest
absolute distance between the judgmental forecasts and the
model forecasts. We hypothesized that point graphs would
lead to more accurate forecasts than line and bar graphs, as
no particular bias unique to point graphs have yet been
identified. Our second goal was to determine whether bar
graphs lead to mean reversion or within-the-bar bias. We
hypothesized that in bar graphs, forecasts would be lower in
upward trended series and higher in downward trended series
implying mean reversion. Accordingly, the absolute
difference from the mean would be lower in both upward and
downward trended bar graphs in comparison to line and point
graphs. Our third goal was to see whether there would be
asymmetric damping in downward vs. upward trended
graphs, when no context was specified. We expected
forecasts in downward trended graphs to be more mean
reverting than upward trended graphs, implying asymmetric
damping. We also wanted to explore the mean estimates in
terms of whether they are being affected from mean reversion
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Judgmental Forecasting Task. In the judgmental
forecasting task, participants were randomly assigned to one
of the three graph formats (line, bar, point). Then, after
reading the instructions, each participant was shown three
graphs presenting a flat, upward and downward trend in
random order (see Figure 1). Each graph was presented for
two times, first for making one-period ahead and second for
three-period forecast. Participants were asked to make their
forecasts on a slider scale marked 0-12, where they could
choose a decimal number like 6.5. To ensure that contentbased expectancies would have minimal impact on the
forecasts, we did not provide any title or y-axis label. Before
moving to the second part of the experiment, we added an
attention check, which asked the participants to move the
scale to a point between 70%-80% on a 0-100% scale. In the
second part, we asked participants to provide the mean value
of the data presented with the exact same graphs again in a
randomized order. Each graph was shown for seven seconds
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Figure 1: Graphs used as stimuli in the experiment.
The data series used to construct the graphs were made up
of 12 points representing the period (as in Glaser et al., 2019).
The data was created with a generative model (a+bx+e), in
which the slope (b) was 0.4 for upward trended graphs, 0 for
flat graphs and -.4 for downward trended graphs and the error
term (e) was randomly withdrawn from a normalized
distribution with mean 0 and standard deviation .5. Our
generation model was similar to Correll et al. (2017) and
O’Connor et al. (1997). We manipulated the last data point in
the series by varying the error term using either a positive
(0.35) or a negative number (-0.35), aiming to control the
effect of last change on the judgmental forecasts. Half of the
participants in each graph format saw a positive and the
remaining half saw a negative last error term. The intercept
(a) was determined in a way to make sure that the generative
model forecast for the next period was the same for all three
trend types. Finally, the graphs were presented with
horizontal and vertical grid lines to make data reading easier
as in Lawrence and Makridakis (1989).

Procedure
The experiment was carried online via Qualtrics
(https://www.qualtrics.com). Participants provided informed
consent and then were randomly assigned to one of the three
graph format groups in the judgmental forecasting task.
Finally, they completed the Demographic Form and were
thanked before they left the site. The study was approved by
the Institutional Review Board at Bogazici University.

Results
We conducted 3x3 mixed factorial design ANOVAs with
graph format (line, bar, point) as between participants
variable and trend type (upward, downward, flat) as within
participants variable, for all dependent variables (the absolute
difference between the judgmental forecast and the model
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forecast, the judgmental forecast and the mean of the series,
the judgmental forecast and the last data point, the mean
estimate and the mean of the series). As part of the data
cleaning, we replaced six data points with sample means as
their z-score were below or above 3.3 SD. Greenhouse–
Geisser correction was implemented for non-spherical data
along with a Bonferroni adjustment for inflated Type 1 error
with α set as 0.05.
Absolute error: Distance from the model forecast. To
determine whether graph format impacts accuracy, we
calculated the absolute difference between the judgmental
forecast and the model forecast for both horizons. The results
for the one-period ahead forecast indicated that the main
effect of trend (F(1.63, 190.8) = 14.69, p < .001, η2 = .11)
was significant. However, there was no main graph effect
(F(2, 117) = .86, p = .42, η2 = .01) or interaction (F(3.26,
190.81) = 1.98, p = .11, η2 = .03). Post-hoc analysis showed
that absolute difference was significantly higher in
downward trend in comparison to upward trend (p < .001)
and flat trend (p < .001).
1.8
1.6

difference between line and point graphs regardless of trend
type.
Mean reversion or within the bar bias: Distance from the
Mean. We calculated the absolute difference between the
forecast and the mean of the series to determine whether there
was mean reversion or within-the-bar bias. For the one-period
ahead forecasts, both the main effect of graph format (F(2,
117) = 10.56, p < .001, η2 = .15) and trend type (F(1.59,
185.94) = 330.51, p < .001, η2 = .74) were significant.
However, there was no interaction effect (F(3.18, 185.94) =
1.77, p < .001, η2 = .03). Post-hoc analysis showed that
distance from the mean (descriptive statistics presented in
Table 1) in the bar graph condition was significantly smaller
compared to line (p < .001) and point graphs (p < .001) and
this was valid for all trend types (p < .001) indicating relative
mean reversion (and not within-the-bar bias). There was no
significant difference between point and line graph
conditions. Separately, all trend types were significantly
different from each other (p < .001), where lowest distance
from the mean was seen in the flat trend, followed by the
downward trend and then the upward trend. This indicated
existence of asymmetric damping between upward and
downward trended series.

Absolute Error

1.4

Table 1: Descriptive statistics for the absolute difference
between forecasts and actual mean

1.2

1
0.8
0.6
0.4
0.2

0
1st

3rd

1st

Upward

3rd

Downward

Line

Bar

1st

Upward

3rd
Flat

Point

Downward
Figure 2: Absolute error for one- and three-period ahead
forecasts. Error bars represent standard errors
Flat
The analyses for the three-period ahead forecasts implied
that there were main effects of trend type (F(1.60, 186.93) =
16.5, p < .001, η2 = .12) and graph format (F(2, 117) = 3.65,
p < .05, η2 = .06). The bar graph was marginally different
from both line graph (p =.07) and point graph (p =.06), as the
absolute difference was higher in bar graphs in comparison
to line and point graphs. Separately, all trend types were
significantly different from each other, where lowest distance
from the model forecast was observed in the flat trend,
followed by the upward trend (p < =.001) and then the
downward trend (p < .001). Additionally, there was a
significant interaction between graph format and trend type
(F(3.20, 186.93) = 7.13, p < .001, η2 = .11). The interaction
was due to the fact that forecasts in bar graphs were
significantly less accurate than point (p < .001) and line (p <
.05) graphs in the downward trended series, but not in upward
or flat series. All in all, in the bar graph condition forecasts
were less accurate, specifically for the downward trended
series. There was, however, no significant accuracy

Line
Bar
Point
Line
Bar
Point
Line
Bar
Point

1-period
Mean
3.00
2.42
2.92
2.03
1.70
2.04
.60
.54
.60

SD
.70
.64
.66
.83
.67
.89
.45
.36
.46

3-period
Mean
SD
3.94
.82
3.04
.99
3.75
1.06
3.11
1.22
2.22
1.39
3.09
.98
0.59
.45
0.54
.44
0.68
.46

The analyses for the three-period ahead forecasts mirrored
those of the one-period ahead forecasts. As before, there were
main effects of trend type (F(1.70, 198.94) = 378.36, p <
.001, η2 = .76) and graph format (F(2, 117) = 13.08, p < .001,
η2 = .18). The bar graph was significantly different from both
line graph (p < .001) and point graph (p < .001), as distance
from the mean was smaller in bar graphs in comparison to
line and point graphs. This was valid for both upward and
downward trended graphs (p < .001), indicating relative mean
reversion. Also, all trend types were significantly different
from each other (p < .001), where lowest distance from the
mean was registered by the flat trend type, followed by the
downward and upward trend types, again implying
asymmetric damping. This was observed across all graph
formats ((p < .001). Additionally, there was a small yet
significant interaction between graph format and trend type
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(F(3.4, 198.94) = 3.56, p < .05, η2 = .05). This was due to the
fact that bar graphs were more mean reverting than the other
graph formats in upward and downward trended series, while
there was no significant difference in the flat series.
Mean Estimate Accuracy: Distance between the Actual
Mean and the Mean Estimate. To explore if differences in
forecasts are caused by differences in mean estimates, we
calculated the absolute difference between the actual mean
and the mean estimate. There was a significant main effect of
trend type (F(2,234) = 4.85, p < .01, η2 = .04). Flat graphs
were significantly different from both upward trended (p <
.05) and downward trended (p < .05) graphs as the distance
between the actual mean and the mean estimate was lower in
flat graphs (M = 1.18, SD = 1.04) with respect to upward (M
= 1.57, SD = 1.40) and downward trended graphs (M = 1.55,
SD = 1.29). As no surprise, the higher accuracy in flat graphs
imply a relative ease while estimating means using flat graphs
compared to trended graphs. What is more important is that
there was no significant difference between mean estimation
accuracy of upward and downward graphs. There was neither
main effect of graph type (F(2,117) = 2.80, p = .08, η2 = .04)
nor interaction effect between graph format and trend type
(F(4,234) = 1.72, p =.15 , η2 = .03). Thus, the mean reversion
bias observed in forecasts in the bar graph condition or the
asymmetricity between forecasts of upward and downward
trends cannot be attributed to how viewers mentally
summarized studied trends.
Table 2: Descriptive statistics for the absolute difference
between one period ahead forecast and last data point

Upward

Downward

Flat

Line
Bar
Point
Line
Bar
Point
Line
Bar
Point

Mean
.84
.52
.81
.66
.84
86
.59
.57
.66

SD
.49
.33
.56
.45
.84
.51
.38
.39
.36

Recency Bias: Distance from the Last Data Point. To
determine whether there was a recency bias in forecasts, we
calculated the absolute difference between the forecast and
the last data point of the series. There were small yet
significant effects of trend type (F(1.83, 214.36) = 4.56, p <
.05, η2 = .04) and an interaction between trend type and graph
format (F(3.66, 214.36) = 2.98, p < .05, η2 = .05). There was
no effect of graph format (F(2, 117) = 1.70, p = .19, η2 = .03).
Flat graphs were significantly different from downward
trended graphs (p < .05) and marginally different from the
upward trended graphs (p = .06) as the distance from the last
data point was smaller in flat graphs with respect to the
downward trended graphs (descriptive statistics presented in
Table 2). The interaction was driven by the upward trended

bar graphs. They were significantly different from upward
trended lines (p < .01) and upward trended points (p < .05).
In fact, the distance from the last data point was smaller in
upward trended bar graphs in comparison to lines and points.
These findings implied a recency bias in upward trended bar
graphs with respect to upward trended line and point graphs.
However, the effects were small. Contrary to our
expectations, our data did not reveal a recency bias in the line
graph condition.

Discussion
We studied the effects of graph format and trend type on
forecasting controlling for top-down domain effects. The
novelty of our study was its context-free setting to delineate
the bottom-up effects, since forecasting had been mainly
studied in context-rich settings (Harvey & Reimers, 2013;
Lawrence & Makridakis, 1989; O’Connor et al., 1997). We
found that point and line graphs pave the way for more
accurate forecasts with smaller absolute error. Bar graphs
lead to more mean reverting forecasts with relatively higher
damping in both upward and downward trended graphs in
comparison to line and point graphs (as shown in Figure 3).
This finding indicated that bar graphs caused mean reversion
rather than within- the-bar bias, since the first required a
higher but the latter required a lower forecast in the
downward trend condition (Kang et al., 2021). This finding
was in line with our hypothesis and Glaser et al. (2019)’s
finding but different from Harvey and Reimers (2012)’s
claim for within-the-bar bias in forecasts of both upward and
downward trended bar graphs. Critically, we also found an
asymmetry in the extend of mean reversion in the forecasts
of downward as opposed to upward trended series (which was
valid for all graph formats) even when no particular context
was specified. This was in line with our hypothesis and
replicated earlier findings (Harvey & Reimers, 2013;
Lawrence & Makridakis, 1989, O’Connor et al, 1997), but
extended those to forecasting in a no-context case. These
findings were observed for both forecasting horizons,
displacing the possibility that they were valid only for the
short or longer-term.
As can be seen in Figure 3, there was a general positivity
bias in forecasts in almost all conditions: the forecasts were
above the model forecasts. One exception was the upward
trending bar graphs. This resulted in trend continuing
forecasts (which were above model forecasts) in upward
trending series in line and point graphs, but mean reverting
forecasts (which were again above model forecasts) in all
three graph formats. This pattern resulted in the
asymmetricity in forecasts of upward vs. downward trends.
Interestingly, this finding contradicted with Ciccione and
Deahene (2021). They had participants make forecasts based
on periodic functions similar to ours (i.e. a+bx+e with x being
the period and e the error term), which were presented in
scatterplots, where no context was specified. They found that
forecasts were always trend-following: Specifically, they
were above the model forecasts in upward trended series and
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below the model forecasts in downward trended series in line
with the predictions of Deming regressions rather than OLS
regressions. The difference between our study and theirs may
have stemmed from the fact that we labelled the x-axis in our
graphs as “period” and they did not, making their graphs look
like scatterplots depicting a relationship between two
variables. Our choice might have led some participants to
imagine a positive variable such as sales while forecasting,
mimicking what they are more likely to encounter in
everyday life. This was presumably why our finding of a
more pronounced mean reversion in downward as opposed to
upward trends resembled the prior findings of asymmetrical
dampening witnessed in upward vs. downward sales
forecasts (Lawrence & Makridakis, 1989; O’Connor et al.,
1997). Differences in how viewers mentally summarized
trends does not seem to contribute to the biases observed.
Specifically, we cannot explain relative mean reversion in
forecasts using bar graphs and the asymmetric mean
reversion between forecasts in upward and downward graphs
via differences in mean estimates. Rather, our findings seem
to be related with the differences in forecasting processes in
bar graphs compared to line and point graphs.
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Figure 3: One- and three-period ahead mean judgmental
forecasts. Top and bottom panel depicts forecasts based on
trends with positive and negative last error term.

mean reverting forecasts in bar graphs vs. trend following
forecasts in line and point graphs.
Our findings altogether underline the importance of
bottom-up factors such as the different graph formats and
trend types in affecting the judgmental forecasts. We argue
that the judgmental forecasting literature may have
overlooked the impact from bottom-up factors, instead
focusing on framework effects, specifically domain
knowledge, experience and trend characteristics. One
important example is Glaser et al. (2019)’s findings of mean
reverting return forecasts vs. trend following price forecasts
observed for the same investment instruments. They
associated this with the top-down framework effects.
Nevertheless, we argue that two bottom-up factors may have
played a key role in their results. The first one was that they
used bar graphs to convey returns and line graphs to convey
prices. We already showed that bar graphs cause relative
mean reversion in comparison to line graphs. Additionally,
returns were calculated using the prices and this led to
visually flatter graphs as per characteristics of returns,
whereas price graphs were trended. We also showed that flat
graphs lead to more mean reverting forecasts than trended
graphs.
One major question that remains to be answered is whether
an economic/financial domain leads to trend damping (i.e.
mean reversion) in forecasts and a further asymmetry
between forecasts of upward vs. downward trended series as
suggested by the judgmental forecasting literature (Bolger &
Harvey, 1993; De’Bondt, 1993; Glaser et al., 2019; Harvey
& Reimers, 2013; Lawrence & Makridakis, 1989, O’Connor
et al, 1997). In ongoing work, we compare different domains
(no-domain vs. sales), this time controlling for graph format
effects using line graphs as in sales forecasting studies
mentioned previously. Preliminary findings suggests that the
results for the no-domain line graphs replicated findings from
our initial study. We believe that this approach that takes into
account both bottom-up and top-down factors in judgmental
forecasts is likely to give a more comprehensive
understanding of biases shaping forecasts.
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Abstract
Cognitive processes that underpin performance on a given task
may vary both within and across individuals. Yet, it is unclear
how individual-specific versus shared cognitive processes each
support behaviour. Here, we used a functional magnetic
resonance imaging (fMRI) pattern classifier approach to ask
how individual-specific and shared neural cognitive states
differently relate to an individual’s ability to detect consecutive
repeats in semantic (story) meaning versus perceptual (artist
style) dimensions of illustrations that depicted well-known
stories. Both states were related to participants’ task
performance overall but differently for story versus artist style
behaviours: individual-specific states were related to story
performance, whereas shared states were related to artist style
performance. These findings suggest that behaviours relying
upon prior knowledge—likely varying across individuals—
may be supported by idiosyncratic versus shared states. In
contrast, unfamiliar judgments associated with a smaller
number of eligible strategies may be supported by a state
shared across individuals.
Keywords: semantic; perceptual; attention; fMRI; MVPA

Introduction
A single perceptual experience can evoke a variety of
cognitive processes, with the tendency to adopt one over
another varying both across people and within a given person
over time. For example, imagine a visitor to a museum stops
to view a painting. The viewer may focus on discerning the
meaning of the painting by identifying its composite elements
or relating it to their own past experiences. In contrast, other
viewers might focus on elements of the painter’s style such
as the vibrant colours and broad brushstrokes. While some of
these experiences may elicit a cognitive state that is common
across different viewers, others may be idiosyncratic to a
particular person—ultimately suggesting a mechanism by
which a given event can elicit either shared or uniquely
personal experiences. Here, we suggest that cognitive process
will be reflected in a person’s “brain state,” or distributed
pattern of neural activation measured using fMRI. We
reasoned that directly comparing such neural patterns across
people would shed light on how different individuals
approach a given task—such that shared and idiosyncratic
states would yield high and low across-participant similarity,
respectively—as well as how such approaches are related to
behavioural differences.
Neural decoding analyses have shown that an individuals’
engagement of a cognitive process evokes activation patterns

that are stable even across different experiences (i.e., brain
states; Hanke et al., 2009; for reviews see Herz et al., 2020;
Norman et al., 2006) and relate to subsequent behavior
(Carlson et al., 2003; Kuhl et al., 2012; Kuhl & Chun, 2014;
Mostert et al., 2015; Sudre et al., 2012). Furthermore,
cognitive state as assessed by neural decoding also predicts
ongoing behaviour: For example, fluctuating attentional
states for face versus scene images relates to sustained
attention performance (DeBettencourt et al., 2015). However,
decoding states within individuals—as has been the approach
in most past work using this technique—does not reveal
anything about how an individual’s state compares with
others’, or how any neural divergence from the group might
be related to behaviour.
Recent studies have shown that certain cognitive processes
evoke brain states that can be decoded across individuals. For
example, researchers were able to “read out” from neural
patterns the particular memory strategy participants used
during an initial experience—and predict later behaviour—
using other participants’ brain states as a reference (Richter
et al., 2016). It has been proposed that such states reflect the
common knowledge that people rely upon or extract from a
new experience. For instance, viewers tend to evoke similar
neural representations when processing semantic themes
from movies or narratives (Baldassano et al., 2017; Chen et
al., 2017; Hasson et al., 2008; Honey et al., 2012; Meer et al.,
2020; Regev et al., 2013; Zadbood et al., 2017), which has
been taken as evidence that shared knowledge supports a
shared experience engaging with the story. As further support
for this idea, other work has shown that disrupting
participants’ reliance upon common knowledge impacted
their ability to extract a shared event representation: event
representations were less similar across individuals who had
extracted different meanings from the same event (Nguyen et
al., 2019) or when the new events could not be linked to prior
knowledge (Lerner et al., 2011). These findings suggest that
the degree to which an individual’s state aligns with others’
may reflect the similarity of their interpretations.
Despite this suggested link between a shared interpretation
of stimulus meaning and a consistent brain state across
people, how such states relate to interpretations evidenced in
ongoing behaviours remains unclear. More broadly, few
studies have directly compared the behavioural relevance of
brain states that are shared versus idiosyncratic across people,
making it an open possibility that each state is beneficial in a
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particular task context. Given the work described above
(Baldassano et al., 2017; Chen et al., 2017; Hasson et al.,
2008; Honey et al., 2012; Lerner et al., 2011; Meer et al.,
2020; Nguyen et al., 2019; Regev et al., 2013; Zadbood et al.,
2017), one might expect that an orientation towards the
meaning of an experience could elicit similar processes
across people as they rely upon their shared semantic
knowledge to arrive at an interpretation. Conversely
however, past work also suggests an individual’s own neural
engagement is important for processing meaning-based
features (Chadwick et al., 2016; Linde-Domingo et al., 2019;
Liuzzi et al., 2020; Sudre et al., 2012)—for instance in
showing that individual-specific neural representations were
more predictive of meaning-related memory errors than those
shared across people (Chadwick et al., 2016). Therefore, it
remains unknown whether shared or individual-specific brain
states might be more predictive of behaviours reflecting
arrival at a common interpretation.
Here we explore how individual-specific versus shared
brain states relate to performance in an ongoing task.
Motivated by past behavioural paradigms that manipulated
participant’s cognitive orientation towards semantic
(meaning) versus perceptual features to examine processing
related to common knowledge (Challis et al., 1996; Craik &
Lockhart, 1972; Lockhart, 2002), we examined how brain
states for attention to meaning versus perceptual features
differently relate to their respective behaviours. In this
investigation we contrasted meaning with perceptual stylebased orientations because perceptual features are less likely
to promote processing in relation to shared knowledge or past
experiences (Craik & Lockhart, 1972), but still require
complex (style) judgments of the same stimuli. Specifically,
we cued participants to make judgments about the story
meaning or perceptual artist style of illustrations depicting
artists’ renditions of well-known storybook stories. We then
used a classification analysis to ask if we can reliably decode
individual-specific and shared brain states evoked by
participants as they made these story meaning and artist style
judgments. We then related both orientation states to people’s
ability to accurately detect consecutive repeats in story versus
artist style to ask which brain states were important for
behaviour. We predicted that states shared across individuals
would support the extraction of stimulus (story) meaning. In
contrast, we anticipated that novel perceptual discriminations
of artist style that were less related to prior knowledge would
be supported by individual-specific states.

Method
Participants
Forty-two right-handed adults participated in this
experiment (28 females, 14 males; mean age=19.8 years,
SD=2.4 years; 18-30 years old). This sample size was chosen
a priori to achieve 80% power to detect an effect size of
d=0.45 based on previous work (Aly & Turk-Browne, 2015).
All participants provided written consent. The experimental
protocol was approved by our university’s ethics board.

Design
Stimuli Participants viewed 144 storybook-style illustrations
that varied in story theme (story depicted) and artist style
(artist creator). A subset of these illustrations were repeat
pairs in either story or artist—i.e., they depicted the same
story but were created by different artists or depicted different
stories created by the same artist, respectively. Illustrations
were organized into 18 blocks of 8 illustrations each.
Attention cues preceded illustration blocks to indicate the
upcoming task. The cues were simple black shapes (a
diamond, star, and square) that participants were pre-trained
to associate with the different tasks (described in detail
below).
Task and behavioural analysis Participants completed two
different tasks with the illustration blocks during fMRI
scanning: the artist task and the story task. Participants also
completed blocks from an unrelated baseline task which did
not use the illustration stimuli (not discussed here). The
experiment was divided into three runs of equal length,
yielding three blocks from each task per run. Fixation was
included at the beginning (3s) and end (9s) of each run to
allow for stabilization and lag of the MR signal, respectively.
Before each block, an attention cue was presented (2500ms
with a 500ms interstimulus interval [ISI]; Figure 1A) to
indicate the task for the upcoming block. The assignment of
the cues to tasks was counterbalanced across six groups of
participants to ensure our neural decoding of shared states
could not be attributed to specific cues. Following each cue,
illustrations were presented one at a time in blocks for
2500ms with a 500ms ISI.
In the artist and story tasks, participants performed a
modified 1-back judgment in which they made a button box
response to indicate whether an illustration was or was not a
consecutive repeat along the cued dimension (i.e., artist style
repeats in artist, and story theme repeats in story).
Importantly, the structure of blocks was held constant across
tasks while participants’ cognitive orientation varied: most
blocks (12 blocks) contained one artist style repeat (“artist
repeats”), and one story theme repeat (“story repeats”); the
remaining 4 illustrations depicted unique stories and artist
styles (Figure 1A). Half of these blocks were assigned to each
task, with the task assignment counterbalanced across
participants to control for stimulus-specific differences
between tasks. The remaining six blocks contained an
additional repeat at the end of the block purely to reduce task
predictability (not considered in subsequent analyses), with
two instead of four illustrations depicting unique stories and
artist styles so the block still contained 8 illustrations. These
blocks were always assigned to the task that aligned with the
additional repeat (three blocks per task). Altogether, each
participant viewed nine blocks in each task.
Because our block structure was consistent across tasks, we
summarized performance as participants’ ability to detect
repeats specifically along the cued dimension in both tasks
(e.g., making a repeat response to artist but not story repeats
in the artist task). We then related their behavioural
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Figure 1: A) Task. Example of partial illustration block in either the story (purple, top, Subject 1 [S1]) or artist (green, bottom,
S2) task across participants. Each block contained at least one each artist and story repeats (denoted with "artist" and "story"
above the curved arrows, respectively). Each horizontal bar depicts a run that included baseline (light grey) every third block,
with one each artist and story blocks (order counterbalanced) in between. Attention cues (depicted; star) preceded each block.
Here, we show that the same cue shape indicated story for S1 and artist for S2 because cue shapes were counterbalanced across
participants. B) Classification analysis within- (bottom) and across-participants (top). Input data (left; either from multiple or
a single participant) was used to train a classifier to discriminate between artist and story orientations to illustration features
(middle). The trained classifier was then applied to held-out data (right) to calculate the accuracy of the classifier predictions
of state. C) Top, Decoding accuracy within- (left) and across- (right; mean center dots with 95% confidence bars, individual
participant data points as smaller dots) participants was well above chance (dashed line), and greater for across than within.
Bottom, Decoding accuracy within- (solid; dark grey) and across- (dashed; light grey) participants was related to behavioural
performance (ribbons depict 95% CI). ~ p<0.1, * p<0.05, ** p<0.01, **** p<0.0001
performance to brain states to ask whether the brain states
participants engaged while viewing illustrations related to
their ability to detect cued repeats in both tasks.

MRI data collection and preprocessing
Data acquisition Imaging data were collected using a 3.0T
Siemens Prisma MRI scanner. Sixty-nine functional slices
angled between 15–30° (oblique axial; orientation chosen to
maximize participants’ brain coverage; repetition time
[TR]=1500ms, echo time [TE]=28.0ms, flip angle=71°, 220
x 220 x 138mm matrix, 2mm isotropic voxels, multiband
acceleration factor=3, GRAPPA factor=2) were collected
using a multi-band echo-planar imaging (EPI) sequence. A
structural T1-weighted 3D magnetization-prepared rapid
gradient echo (MPRAGE; 256 x 256 x 160mm matrix, 1mm
isotropic voxels) volume was collected for co-registration
and spatial normalization into standard template space, along
with a field map to correct for susceptibility distortion
(TR=700ms, TE=4.92/7.38 ms, flip angle=60°, 220 x 220 x
138mm matrix, 2mm isotropic voxels).
Data preprocessing Volumes were preprocessed with the
fMRIprep version 1.1.4 automated pipeline (Esteban et al.,
2018). Structural images were corrected for intensity nonuniformity (N4BiasFieldCorrection; Tustison et al., 2010),
skull-stripped (ANTs brain extraction tool), and normalized
into 2mm isotropic MNI152NLin2009cAsym template space
(Fonov et al., 2009). Volumes were also segmented into

cerebrospinal fluid, white-matter, and gray-matter (GM)
(FSL FAST; Zhang et al., 2001) to create T1-weighted GM
tissue-probability maps.
Functional data were corrected for motion (FSL
MCFLIRT) and susceptibility distortion (FSL FUGUE)
before normalization into template space (nonlinear
registration; ANTs antsApplyTransforms and Lanczos
interpolation; boundary-based registration; 9 degrees of
freedom; FreeSurfer BBREGISTER; Greve & Fischl, 2009).

Decoding cognitive orientation towards artist style
versus story features
Regions of interest We performed all our neural decoding
analyses using a group whole-brain GM mask. This mask was
created by first generating participant-specific GM masks
using their T1-weighted GM tissue-probability maps
(threshold=0.5) transformed into template space. These
masks were then merged and thresholded to include only GM
voxels in at least 50% of all participants (N=21+) to create
the group mask used in our analyses.
Classification approach Before performing the
classification analyses, participants’ unmodeled neural data
was shifted by four timepoints (6s) in each run to account for
hemodynamic lag in the fMRI signal. We also removed three
timepoints at the onset of each attention cue to exclude cue to
task transition periods from our analyses. Non-task fixation
time that occurred at the start and end of each run was also
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excluded from the data. Using the remaining data from the
artist and story tasks, we then trained sparse multinomial
logistic regression (SMLR) classifiers in PyMVPA (default
parameters; no feature selection was performed; Hanke et al.,
2009) to decode task-evoked states within each participant,
and those that were shared across participants (Figure 1B).

package version 4.0.4; R Core Team, 2021; lme4 package
version 1.1-26; Bates et al., 2015) were used to ask whether
brain states in the moments leading up to the presentation of
a cued repeat were predicted by task accuracy (1=correct, hit;
0=incorrect, miss), on a trial-by-trial basis (while accounting
for within-participant variance).

Characterizing participant-specific states We used neural
data from the story and artist tasks to train a classifier to
decode neural patterns evoked by each participant in these
tasks. A leave-one-run-out cross-validation approach was
used for classifier training: we trained the classifier on tasklabeled timepoints (story/artist task) from two of the three
runs and tested the classifier’s accuracy on the held-out run
(Figure 1B, bottom). This process was repeated in three folds
such that each run was held out once.

Results

Characterizing across-participants states We also
examined whether artist and story states were shared across
participants. We trained another classifier to decode artist and
story states consistent across participants by this time using a
leave-one-participant-out cross-validation approach. In this
approach, we trained the classifier on task-labeled timepoints
from all but six participants—one from each of the six
counterbalancing groups—and tested the classifier’s
accuracy on the six held-out participants (Figure 1B, top). We
excluded one participant from each counterbalancing group
from training to ensure the training set was balanced in terms
of the assignment of attention cues to tasks. This process was
repeated seven times (42/6) so that all participants were used
to test the classifier’s accuracy once.
Decoding statistical analyses The classification analyses
provided the following metrics derived from both each
participant’s own neural data, as well as with data across all
other participants: 1) predicted, binary (story/artist) task
labels for each timepoint; and 2) continuous estimates of the
degree to which neural patterns reflect artist and story states,
on a timepoint-by-timepoint basis. We first tested whether we
could reliably decode artist and story states within and across
participants by calculating the accuracy of the classifiers’
predicted task labels for timepoints across artist and story
tasks, and separately within each task. We then correlated
decoding accuracy to behavioural performance to test for
evidence of a relationship between these decoded states and
all task behaviours in general, and each task specifically.
Once we established that we could decode artist and story
states that were also generally related to behaviour, we used
a more fine-grained approach to ask how within- versus
across-participants states support trial-to-trial variability in
task behaviours: we related the continuous estimates of artist
and story state evidence from consecutive illustrations to
participants’ performance in the artist versus story tasks.
Specifically, the continuous estimates of story and artist state
evidence were log odds transformed to correct for any nonnormality in the distribution of classifier estimates (Richter
et al., 2016). Then, linear-mixed effects models (R statistical

Participants correctly modulated their behaviour in
response to the attention cues
We compared the proportion of repeat responses to cued
repeats (hits) versus the alternate repeat type (false alarms) to
assess participants’ behaviour (18 repeats each, per
participant; half from each task). Because we were interested
in how brain states relate to individual differences in
behavioural performance overall and within artist versus
story, we examined performance averaged across tasks and
then separately in each task. Participants’ task performance
was well above chance overall (d’; t(41)=13.5, p<0.001,
Cohen’s d=2.08) and in both tasks separately (d’; t-test versus
0; story: t(41)=8.24, p<0.001, d=1.27; artist: t(41)=13.7,
p<0.001, d=2.11). Performance was also significantly better
in the artist versus story task (t(41)=2.57, p=0.014, d=0.397)
due to elevated false alarms in story over artist (t(41)=3.14,
p=0.003, d=0.484); there was no difference in hits between
tasks (p=0.969). Therefore, participants did correctly
modulate their behaviour to the attention cues, with
potentially less difficulty in the artist task.

Successful decoding of neural artist versus story
states within and across participants
We assessed if we could reliably decode artist and story
states within participants, and if these states were shared
across participants (Figure 1C, top). Indeed, decoding of
artist and story tasks was reliably above chance for both
within (mean=0.612; 95% CI [0.594, 0.630]; t-test versus
0.50; t(41)=7.54, p<0.001, d=1.16) and across participants
(mean=0.639; 95% CI [0.621, 0.657]; t-test versus 0.50;
t(41)=13.2, p<0.001, d=2.04). A direct comparison of withinversus across-participants decoding accuracy showed higher
accuracy with across-participants states (paired t-test;
t(41)=2.31, p=0.040, d=0.328). We separately considered the
decoding of artist versus story blocks to further characterize
this accuracy difference and found that the acrossparticipants classifier demonstrated greater accuracy in artist
than story (t(41)=2.12, p=0.040, d=0.327). In other words,
the classifier was more accurate to identify the cued state
when it was an artist over story block. There was no reliable
difference in within-participants decoding accuracy for artist
versus story (p=0.198). Therefore, while we successfully
decoded whole-brain artist style and story states both within
and across participants, there were differences in the artist
and story orientations characterized in these states.
Lastly, we assessed whether decoding of within- and
across-participants states were related to individual
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differences in participants’ task behaviour overall (Figure 1C,
bottom). Indeed, across decoding was reliably related to task
performance overall (d’; r=0.485, t(40)=3.51, p=0.001), with
within decoding demonstrating moderate evidence for the
same relationship (r=0.300, t(40)=1.99, p=0.053). Thus, in
subsequent analyses, we further characterized how withinversus across-participants decoding support behaviour by
examining artist and story task judgments separately.

Within-participants decoding was related to story
judgments
To interrogate the relationship between state decoding and
artist versus story judgments, we assessed how classifier
accuracy in decoding artist and story blocks separately was
related to performance on their respective tasks (cued repeat
detection d’). Specifically, is the degree to which the
classifier can accurately decode story blocks related to story
but not artist task performance, and vice versa? Importantly,
we found no evidence for a correlation between artist and
story task performance (p=0.137), suggesting that it was not
the case that participants who performed well in one task also
performed well in the other task. Thus, we can consider
participants’ artist and story task performance separately.
With respect to story, within- (r=0.335, t(40)=2.25, p=0.030)
but not across-participants (p=0.159) story block decoding
accuracy was related to story task performance (Figure 2A,
left); however, the difference between these relationships was
not reliable (p=0.859; Figure 2A, left). The relationship
between within-participants story block decoding and story
task performance was only present for the respective (story)
task: we found no evidence of this relationship with artist task
performance (p=0.158, Figure 2A, right), although there was
no reliable difference between the relationships to story
versus artist task performance (p=0.433; Figure 2A, left
versus Figure 2A, right). In contrast to story block decoding,
there was no specific relationship between artist block
decoding and its respective task. Across- (r=0.404,
t(40)=2.79, p=0.008) but not within-participants (p=0.432)
artist block decoding accuracy was related to artist task
performance (Figure 2B, right). The relationship to artist task
performance was also moderately greater for across- versus
within-participants artist block decoding accuracy (t=1.74,
p=0.086; Figure 2B, right). However, across-participants
artist block decoding accuracy was also related to story task
performance (r=0.507, t(40)=3.71, p=0.001, Figure 2B, left),
and there was no reliable difference between the relationships
to story versus artist task performance (p=0.331; Figure 2B,
right versus Figure 2B, left), suggesting that this decoding
relationship was not specific to the respective task. Therefore,
while both within- and across-participants states are related
to task performance overall, within-participants states
demonstrate a relationship between story block decoding and
behavioural story judgments.

Differences in across-participants states preceding
correct versus incorrect artist judgments
We next examined if variability in the engagement of artist

Figure 2: Relating within- and across-participants story
versus artist block decoding accuracy to behavioural
performance in story (left) versus artist (right) tasks. A) Left,
Within- (solid line, dark purple) not across- (dashed line,
light purple) participants story block decoding accuracy was
related to story task performance. Right, No relationship
between within-participants story block decoding and artist
performance (solid line, dark purple). Across-participants
story block decoding was related to artist performance
(dashed, light purple). B) Right, Across- (dashed line, light
green) but not within-participants (solid line, dark green)
artist block decoding accuracy was related to artist
performance. Left, Across-participants artist block decoding
was also related to story performance (dashed line, light
green). Ribbons represent the 95% CI. Smaller dots represent
individual participant data points. ~ p<0.1, * p<0.05
and story states over illustrations can be predicted by trialwise behavioural accuracy, in the respective tasks. In other
words, do participants demonstrate differential evidence for
the cued state leading up to correct versus incorrect repeat
detection trials (Figure 3A)? For story states, neither within
(p=0.128) nor across-participants (p=0.806) states differed
between correct and incorrect responses. In contrast, there
was reliably more across-participants artist state evidence
across illustrations for upcoming correct versus incorrect
responses (β=0.837, SE=0.325, t=2.57, p=0.011; Figure 3B).
Within-participants artist states did not show the same
relationship (p=0.141). Therefore, across-participants states
may support participants’ accurate artist style judgments.

Discussion
Here, we successfully decoded cognitive orientation to
story versus artist both within and across individuals, and
found that these states were related to different behaviours:
While individual-specific and shared brain states were related
to overall task performance, interrogating story versus artist
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Figure 3: A) Depiction of how we related changes in cued
state evidence to upcoming correct versus incorrect responses.
We examined whether continuous estimates of state evidence
from consecutive illustrations (example illustrations stream
depicted; 4 timepoints in total; 1.5s each) that preceded the
presentation of cued repeats (illustration following the 0)
differed for correct (“repeat”) versus incorrect (“non-repeat”)
responses. B) Estimated marginal means for across artist state
evidence as a function of correct versus incorrect responses.
Across consecutive illustrations, across-participants artist
state evidence was above chance (dashed grey line at y=0) and
greater preceding correct (dashed black line; dark green)
versus incorrect (dashed grey line; light green) responses.
Ribbons represent the 95% CI. Smaller dots represent
individual participant data points. * p<0.05
style behaviours showed that individual-specific states were
related to meaning-based story judgments, while shared
states were related to accurate perceptual style judgments.
Participants’ tendency to consistently engage the same
state across trials was related to their ability to make story
judgments. While these results may appear to contradict past
work that suggests similar neural representations across
individuals underlie the processing of the same semantic
themes (Baldassano et al., 2017; Chen et al., 2017; Hasson et
al., 2008; Honey et al., 2012; Meer et al., 2020; Regev et al.,
2013), one speculative possibility is that our findings reflect
that participants may have used a variety of different
approaches to accomplish the story task. Consistent with this
idea, past work has shown less neural consistency across
individuals who ultimately extract different abstract
meanings from the same event (Nguyen et al., 2019)—
suggesting that in our case, neural divergence across
participants may indicate the multitude of different
approaches and ultimate interpretations participants might
have had in the story task.
Variation in the strategies participants used to make
meaning-based judgments may stem from differences in their
prior story knowledge, or the qualitative nature of meaningoriented processing. Firstly, if participants are relying on
different types of prior story knowledge when making story
judgments, they may have used divergent strategies to
perform the task—e.g., while some may have focused on
recognizing main characters from their limited knowledge of
the story, others may have attempted to identify key story
events from their more extensive knowledge. Postexperiment self-report measures suggest there was indeed

large variability in participants’ prior story knowledge. Such
differences in knowledge could give rise to different
elaborative processes across people, as cuing an individual’s
orientation toward semantic over shallow perceptual features
may encourage more elaborative processing and connections
with semantic (Craik & Tulving, 1975; Craik & Lockhart,
1972; Fisher & Craik, 1980; Moscovitch & Craik, 1976) or
autobiographical memories (Pasupathi et al., 2007; Warren et
al., 2016). Differences in the elaborative connections
participants made to their past story knowledge and
experiences may evoke differences in meaning-based states
across participants. Future investigations that systematically
assess participants’ self-reported strategies for the story and
artist tasks would be needed to explore this speculation.
In contrast to story judgments, artist style judgments
evoked a more consistent state across individuals that
benefited artist task performance. A general lack of expertise
with the artist style dimension among our participants may be
the reason for such a benefit. Although artist style features
were intended to be less connected to participants’ past
knowledge than story themes, less expertise in making artist
style discriminations may result in participants having less
diverse strategies available when performing the artist task.
This is consistent with previous work that has shown greater
experience with a particular skill can increase the number of
strategies an individual can use to perform the skill (Chase &
Simon, 1973; Ericsson & Lehmann, 1996; Gobet & Waters,
2003). Therefore, a lack of familiarity with the artist style
dimension across individuals may explain why a shared brain
state was related to artist style judgments. It may also be the
case that the representation of perceptual information has
greater alignment across subjects (Haxby et al., 2020), such
that it is better decoded across subjects.
In addition to the unfamiliarity of artist style judgments,
lower distinctiveness of artist versus story features may also
support neural convergence across participants in the artist
task. Past work has suggested that low-level perceptual
features are susceptible to memory errors because they are
less distinct than semantic features (Elias & Perfetti, 1973;
Hunt, 2013; Lockhart, 2002)—e.g., the broad brushstrokes in
an artist style may appear in many illustrations versus the
story features that may be more unique. Therefore, our
finding of shared brain states is also consistent with common
processing of these constituent perceptual features.
Together, these findings suggest that the degree to which
individual-specific and shared states can benefit behaviour
depends on the nature of that behaviour. When faced with a
task that affords solutions in myriad potential ways,
consistently engaging an individual-specific state may
support behaviour. In contrast, we speculate that judgments
along an unfamiliar dimension may offer a fixed set of
approaches and therefore converge across people.
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Abstract
How are experiences of events used to update knowledge of
predictive relations in semantic memory? We examined the
roles of anterior-lateral entorhinal cortex (alEC), important for
encoding recently experienced temporal relations, and middle
temporal gyrus (MTG), involved in familiar event concepts.
Participants underwent fMRI during exposure to novel event
sequences and a memory probe phase (Session 1) and the same
process a week later (Session 2). Across distinct sequences,
predictive relations among similar events could either be
Consistent, or the roles of the events could swap (Inconsistent).
We examined the effect of Consistency on the strength of
relational memory content. Areas that integrate across diverse
experiences should be aided in the Consistent condition. We
found that alEC performed this integrative role in Session 1,
and at Session 2, similar effects were also observed in MTG.
We suggest that these areas both contribute to building
relational knowledge from experience.
Keywords: fMRI, semantic memory, learning, medial
temporal lobe, temporal relations, event cognition

Introduction
The typical structure of relations among events is an
important component of semantic memory (Carey, 2009;
Gentner, 1983; Jones & Love, 2007; Markman & Gentner,
1993; Markman & Stilwell, 2001; Miller & Johnson-Laird,
1976; Pinker, 1989; Rehder & Ross, 2001)—for example, the
causal structure captured in the concept throw or the
sequential order of events at a restaurant. We likely use
experiential observation of specific events to update this
general knowledge. Yet exactly how encoding of experiences
serves to update semantic memory of relations remains
poorly understood.
Complementary Learning Systems (CLS) theory
(McClelland, McNaughton, & O’Reilly, 1995; Norman &
O’Reilly, 2003) proposes that two distinct systems are
involved in updating memory systems from experience. An
episodic system rapidly encodes recent individual
experiences while a semantic system gradually comes to
represent stable properties aggregated across experiences
Information integration is essential for building up
semantic representations because it allows for their
generality. For example, we are able to recognize the same
event structure across restaurants that differ in taste, décor,
and location, just as we can recognize that throwing may

describe events with similar causal outcomes but involving
any of a variety of entities. To build general knowledge of
throwing and restaurants we must therefore aggregate this
common structure across diverse situations.
There is consensus that the episodic system depends on the
hippocampus (HC) and likely the adjacent entorhinal cortex
(EC). HC in particular is known to rapidly bind together
elements (eg., time and place) within specific experiences
(Eichenbaum, 2004; Eichenbaum & Cohen, 2001; Mishkin,
1997; O’Reilly & Rudy, 2001; Ranganath, 2010; Sutherland
& Rudy, 1989). The role of HC and EC is often time-limited,
such that lesions here can spare information learned days or
weeks ago, particularly when that information is nonautobiographical or integrative (P. W. Frankland &
Bontempi, 2005; Hodges & McCarthy, 1995; Lesburguères
et al., 2011; Levy, Bayley, & Squire, 2004; Tse et al., 2007;
Wang, Teixeira, Wheeler, & Frankland, 2009; Winocur,
Moscovitch, & Bontempi, 2010).
The process of integration across individual experiences is
also thought to be supported by HC along with ventro-medial
prefrontal cortex (vmPFC; Bunsey & Eichenbaum, 1996;
Preston & Eichenbaum, 2013; Schlichting & Preston, 2015).
In associative inference paradigms, often used to study
integration, participants are taught two separately presented
stimulus pairs that share a common item, e.g., A-B and B-C.
The extent to which participants link A with C is reliant on
an intact HC in rodents (Bunsey & Eichenbaum, 1996; Dusek
& Eichenbaum, 1997) and is correlated with HC engagement
during learning in humans (Barron et al., 2020; Kuhl, Shah,
Dubrow, & Wagner, 2010; Schlichting & Preston, 2016;
Shohamy & Wagner, 2008; Wimmer & Shohamy, 2012;
Zeithamova, Dominick, & Preston, 2012; Zeithamova &
Preston, 2010). Similar effects are reported in vmPFC,
particularly at remote timepoints (Barron et al., 2020; Long,
Lee, & Kuhl, 2016; van Kesteren et al., 2013; van Kesteren,
Fernández, Norris, & Hermans, 2010; van Kesteren,
Rijpkema, Ruiter, & Fernández, 2010).
However, it is not clear if and how these integrated
representations influence semantic memory areas, as studied
with well-learned familiar concepts. Of particular relevance
here, the middle temporal gyrus (MTG) and surrounding
lateral temporal cortex are particularly involved in the
relationally rich concepts of events, tools, and actions
(Bedny, Caramazza, Grossman, Pascual-Leone, & Saxe,
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2008; Bedny, Caramazza, Pascual-Leone, & Saxe, 2011;
Bedny, Dravida, & Saxe, 2013; Bottini et al., 2020; Kable,
Kan, Wilson, Thompson-Schill, & Chatterjee, 2005; Tarhan,
Watson, & Buxbaum, 2016; Tranel, Kemmerer, Adolphs,
Damasio, & Damasio, 2003) and encode temporal, thematic,
causal, and syntactic relations (S. M. Frankland & Greene,
2015, 2020; Hernandez, Fairhall, Lenci, Baroni, &
Caramazza, 2014; Kalénine & Buxbaum, 2016; Kalénine et
al., 2009; Leshinskaya, Bajaj, & Thompson-Schill, 2021;
Leshinskaya, Wurm, & Caramazza, 2020; Wu, Waller, &
Chatterjee, 2007; Wurm & Caramazza, 2019, 2021). Thus,
relational aspects of conceptual knowledge are particularly
reliant on MTG. However, how novel experience and
memory integration processes might affect MTG is unclear.
One possibility is that the encoding and integration of new
experiences, as previously studied, are not a mechanism for
updating semantic areas like MTG. Alternatively, these
processes have been missed due to ROI pre-selection and
methodological factors.
For example, memory integration and learning studies
often use stimuli that are difficult to interpret, such as abstract
symbols or static images that are sequentially flashed on the
screen, making it unclear if associations among them are
meaningful or how they should be understood. Moreover,
specializations among semantic areas likely mean that they
are influenced by different aspects of learning. MTG is likely
specialized for representing especially relationally complex
information about events or actions. Indeed, our prior work
has shown that novel, relational complex information
designed to be semantically interpretable as about novel
objects influenced memory representations in various parts of
MTG (Leshinskaya & Thompson-Schill, 2019, 2020).
Here, we used functional magnetic resonance imaging
(fMRI) to understand how newly learned relations are
encoded and integrated in HC, EC, and MTG across two
timepoints a week apart. We used stimuli similar to our prior
work: animations interpretable as being about temporal or
causal relations among novel objects and events. Participants
learned predictive relations among pairs of events (A&B) by
watching longer sequences (Figure 1). We measured
relational memory strength for each A-B pair by assessing the
extent to which the multivoxel neural response during recall
was more correlated between events A and B than unrelated
pairs (Figure 2), a measure termed associative coding
(Erickson & Desimone, 1999; Hindy, Ng, & Turk-Browne,
2016; Leshinskaya & Thompson-Schill, 2020; Miyashita,
1993; Sakai & Miyashita, 1991; Schapiro, Kustner, & TurkBrowne, 2012). There were six distinct sequences, each
shown with a different participating object, creating distinct
contexts. Across these sequence contexts, the events shown
were partly overlapping, but the relations among them could
vary (Inconsistent condition) or stay the same (Consistent
condition). Areas that integrate across contexts should benefit
in the Consistent condition, such that associative coding
should be strengthened, relative to the Inconsistent condition.
We measured these effects at two timepoints a week apart to

understand how the roles of different areas change as a
function of exposure and time.

Methods
Participants
30 participants were recruited from the University of
California, Davis community and provided written informed
consent. Procedures were approved by the UC Davis
Institutional Review Board. Twenty-four participants (18
female, 6 male; mean age 24 years) were included in
analyses: four were excluded for excessive head motion and
two did not complete both sessions. All were neurologically
healthy, right-handed, and eligible for fMRI.

Stimuli & Procedure
We taught participants pairs of predictive relations by
presenting them within sequences of animated events that
contained underlying regularities, which they were instructed
to learn explicitly. In each sequence, an Event A strongly
predicted an Event B, whereas Events C-F were
unpredictable (Figure 1). During fMRI, a Learning phase
presented this information by presenting the 150-event long
sequences of the events A-F. The sequential appearance of
events was governed by a transition matrix that specified the
probability of any event appearing given the occurrence of
any other (Figure 1A). Participants’ task was to identify the
predictable event, called “the effect”, which they selected in
a forced-choice question at the end of the run. The Learning
phase was followed immediately by a Probe phase, used to
measure memory representations (Figure 2A). Events no
longer followed the predictive structure of the Learning
phase; they instead appeared in counterbalanced order, such
that each event followed every other an equal number of
times (exactly 7), and also now appeared discontinuously:
each event was replaced with a fixation cross for 1.7 s (Figure
2A). This design allowed us to estimate the neural response
to each event when shown outside its typical predictive
context.
Participants learned about six different sequences, with
mostly overlapping events so that we could manipulate
relational consistency among them (Figure 1B). The
sequences were distinguished by a unique object present in
all of that sequence’s events. The sequences differed in the
ways the particular stimuli were assigned each Event A-F.
Sequences 1-3 were Consistent in their relational structure,
while Sequences 4-6 were Inconsistent (Figure 2B).
In the Consistent sequences, each used a distinct objectbased event as Event A (e.g., tilting, color changing, and
rippling). Event B was always the same event in each (e.g.,
bubbles), as were events C (e.g., leaves) and D; the other
events varied. The relational structure among events was thus
kept consistent in that events which served the predictable vs
unpredictable role stayed the same.
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In the Inconsistent sequences, Events A varied exactly as
in the Consistent sequences (e.g., were again tilting, color
changing, rippling). However, the stimuli serving the roles of

phases were repeated with identical materials, providing
more exposure and a delay relative to Session 1. This means

Figure 2. A. Probe phase example. Participants had to decide
if they had seen each event in the prior sequence, but event
order was randomized. B. Relational memory strength was
measured as the difference between the correlation between
Event A & B vs Event A & C (and A & D, not shown).
all sequences had additional familiarity, but Inconsistent
sequences continued to conflict with each other locally.
Session 2 was also followed with additional forced-choice
questions: participants selected between two snippets of
event pairs drawn from one of the six sequences, comparing
A-B vs A-C, A-B vs A-D. The correct choice depended on
recalling which relations appeared with object. Here,
Sequence 1 was grouped with the Consistent sequences since
at this point, participants had been exposed to all of them.
Figure 1. A. Learning Phase, example of one sequence, with
transition structure depicted below. Event A was followed by
Event B 100% of the time while other transitions were less
predictable. All events are animated; pink arrows indicate
movement direction. B. Consistency Manipulation:
Consistent sequences used similar events for Events B and C.
Among Inconsistent sequences, Events B and C flipped. Each
sequence was cued with a unique object.
Events B were different in each, exchanging roles with
Events C or D. For example, in Sequence 4, Event B could
be stars, while Events C and D were bubbles and leaves. In
Sequence 5, Event B would be leaves while events C and D
are stars and bubbles, etc. Each sequence was shown in a
separate run with a Learning and Probe phase. Within
conditions, sequences were shown consecutively in order but
the order of the two conditions was counterbalanced across
subjects. In either order, Sequence 1 was never ‘consistent’
with anything prior and was thus considered Inconsistent for
most analyses.
The entire procedure was repeated over two sessions, one
week apart, to understand how associative coding changes
across exposure and time in our regions of interest (HC, EC,
and MTG). Thus, in Session 2, both learning and probe

fMRI Acquisition
MRI data were acquired using a Siemens Skyra 3T scanner
at UC Davis using a 32-channel coil. Anatomical volumes
were acquired with a T1- weighted MPRAGE sequence with
1×1×1 mm voxel resolution, 256 mm field of view, time to
repetition (TR) = 1.90 s, and time to echo (TE) = 3.06 ms.
Functional data were acquired with a multiband echo-planar
imaging (EPI) blood oxygen level-dependent (BOLD)
sequence using 64 interleaved slices with a multiband
acceleration factor of 2, 3×3×3mm in-plane voxel resolution,
64×64 mm matrix size, TR = 1250s, TE = 24 ms, and flip
angle=76 ◦. Slices were aligned to -36 degrees from ACPC.
Static fieldmap estimation were performed by collecting 4
volumes in the reverse encoding direction as the main scans.

Analyses
Preprocessing was performed with the fMRIPrep package
with standard defaults and freesurfer and AFNI packages.
Functional data were registered to anatomical scans, slicetime corrected and corrected for distortion using a field map.
Functional data were smoothed with a 4 mm full-width halfmaximum gaussian kernel. Linear models were used to
estimate coefficients on fMRI timeseries. Regressors of nointerest included 6 motion and rotation realignment
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parameters and their first order derivatives; voxels flagged as
signal outliers during preprocessing were excluded.
Regressors of interest were created for each type of event
seen during the Learning phase and Probe phase separately.
Learning phase data were binned by time in order to examine
changes during this phase: trials of each event type were
assigned to a bin based on their order of appearance, such that
bin 1 for event C included the first three appearances of event
C, bin 2 the next three, and so on, for a total of 5 bins per
event. As events A and B were perfectly colinear during the
Learning phase, they formed the same regressor.
During learning, we computed a measure of ‘surprise’ as a
contrast between the unpredictable events (C and D) minus
the predictable pair AB, at each time bin. The slope of this
measure across time bins were used as a measure of learningrelated changes in an areas.
During the Probe phase, we measured relational memory
strength using associative coding, a multivariate measure
comparing voxelwise correlations among pairs of events. For
each condition, the t-value of the coefficients from linear
modeling was extracted in the voxels of a given ROI for each
regressor. This vector of values was then correlated pairwise
between specific pairs of conditions, here A & B, A & C, and
A & D. The correlation between A & B minus the other two
pairs indicated relational memory strength for A-B (stimuli
used for events B, C and D were perfectly counterbalanced).
Analyses were performed within each run, then averaged.

ROI Definition
HC was defined using automatic segmentations, then split
using morphological criteria: the head was labeled as anterior
(aHC) and the body and tail were labeled posterior (pHC).
EC was hand-traced, with alEC and pmEC delineated using
tracing criteria guided by previous validation studies (Maass,
Berron, Libby, Ranganath, & Düzel, 2015). Our
preregistration indicated that whole EC would also be
considered but that the functional differences between these
were important, with alEC more likely to be relevant here
given past findings (Bellmund, Deuker, & Doeller, 2019); as
this difference was very salient we continued with the split
region. For MTG and other cortical areas, we used the
Glasser atlas (Glasser et al., 2016) aligned to individual
anatomical surfaces to create individual ROIs. Our preregistration indicated two anatomical areas for MTG, right
TE1p and TE1m, but pilot data (not reported) indicated TE1p
to be particularly important for the present analyses. We
selected right-lateralized ROIs based on prior work
(Leshinskaya & Thompson-Schill, 2020).

Results
Probe Phase Associative Coding
During the Probe Phase, we measured the strength of
associative coding in each ROI in each run by correlating the
multivoxel response to Event A with that of Event B and
testing whether it was stronger than the correlation between
that of Event A and Event C or D (Figure 2B). We then tested

whether associative coding varied between consistency
conditions (Consistent vs Inconsistent) to understand the
extent to which this area integrated relational information

Figure 3. Associative coding (relational memory strength
during the Probe phase) in alEC and MTG in Session 1 and
Session 2 as a function of Consistency.
across sequences and between sessions (1 vs 2) to understand
how it varied as a function of exposure and time. We expect
semantic memory areas to be more involved in Session 2.
Hippocampus
HC was split into anterior (aHC) and
posterior (pHC) subregions. We saw no evidence of
associative coding in either ROI in any condition, nor any
effects of condition.
Anterior-Lateral Entorhinal Cortex
A Session by
Consistency ANOVA in alEC showed a main effect of
Consistency, F(23,1) = 8.999, MSE = 0.323, p = .006, with
no effect of Session (Figure 3). Within Session 1, there was
an effect of Consistency, M = 0.158, t(23) = 3.214, p = .004,
such that Consistent sequences exhibited significant
associative coding, M = 0.088, t(23) = 2.349, p = .028, while
Inconsistent sequences exhibited significant negative
associative coding (i.e., differentiation), M = -0.071, t(23) =
-3.306, p = .003. Within Session 2, there was no effect of
Consistency. Consistent sequences did not show effects but
there was significant differentiation in Inconsistent
sequences, M = -0.059, t(23) = -2.463, p = .022. There were
no interactions with Session, however.
Middle Temporal Gyrus
In MTG, a Consistency by
Session ANOVA showed a Consistency by Session
interaction, F(23,1) = 6.589, MSE = 0.106, p = .017 (Figure
3). In Session 1, there was no effect of Consistency and no
evidence of associative coding in any condition. In Session 2,
a Consistency effect emerged, t(23) = 2.99, p = .007.
Associative coding was marginal in the Consistent
sequences, M = 0.055, t(23) = 1.970, p = 0.061, but not
significant in the Inconsistent ones, M = -.044, p > . 13.
Correspondingly, there was stronger associative coding in
Session 2 than Session 1 within Consistent sequences, t(23)
= -2.491, p = .020, but not within Inconsistent ones, p > .25.
We tested whether MTG showed a reliably different
pattern than alEC using an ROI by Session by Consistency
ANOVA, which revealed a main effect of Consistency,
F(23,1) = 7.388, MSE = .266, p = .012, an ROI by
Consistency interaction, F(23,1) = 5.709, MSE = .083, p =
.026, and a 3-way interaction between ROI, Session, and
Consistency F(23,1) = 6.59, MSE = .141, p = .017. Within
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Session 1, there was an ROI by Consistency interaction,
F(23,1) = 14.39, MSE = .220, p < .001, while in Session 2
there was a main effect of Consistency, F(23,1) = 7.439, MSE
= 0.180, p = .012, and no interactions. This reveals that both
ROIs were sensitive to Consistency in Session 2, but in
Session 1, alEC was more sensitive than MTG. Follow-up ttest showed that associative coding was stronger in alEC than
MTG among Consistent objects in Session 1, t(23) = 2.488,
p = .021, and that the Consistency effect in Session 1 was
stronger in alEC than MTG, t(23) = 3.794, p < 0.001.
Overall, this indicates that MTG showed an effect of
consistency primarily in Session 2, while alEC did so at both
timepoints, and the 3-way interaction demonstrated that these
patterns of effects were reliably different between the ROIs.
A correlation analysis failed to find a relationship between
MTG and alEC associative coding strength within or across
sessions.

Learning Phase
Exploratory analyses investigated how these ROIs responded
during the Learning phase, while participants were exposed
to the predictive information, to understand how the regions’
responses during learning relates to their patterns of response
during recall. We used “surprise” as an index of sensitivity to
the predictive information, computed as the difference in
response to unpredictable minus predictable events. We then
measured how much the surprise index changed as a function
of exposure, by computing the difference of surprise between
first and last time point across the learning phase; this was
used as proxy for learning rate. Change in surprise was then
compared between Sessions and Consistency conditions.
Hippocampus In aHC, a Session by Consistency ANOVA
over change in surprise showed no effects. However, within
Session 1, there was significant change in surprise in
Consistent sequences, M = -0.057, t(23) = -2.535, p = .019,
and marginally in Inconsistent sequences, M = -0.040, t(23)
= -2.01, p = .056, with no difference between them. Surprise
was negative overall in aHC, meaning there was a stronger
response to predictable than unpredictable events, and it
became more negative during each learning phase. In Session
2, there was no change in surprise or any differences, all p >
.20. Thus, aHC showed reliable learning-related signatures in
Session 1, but no effects of Session or Consistency. There
were no effects in pHC.

Figure 4. Effects during the Learning phase (change in
surprise) in alEC and MTG as a function of Session and
Consistency.

Anterior-Lateral Entorhinal Cortex
A Session by
Consistency ANOVA for change in surprise revealed a
Consistency by Session interaction, F(23,1) = 12.100, MSE =
0.154, p = .002 (Figure 4). In Session 1, Consistent sequences
showed negative change in surprise, M = -0.061, t(23) = 3.01, p =.006, but Inconsistent sequences did not, M = 0.037,
p > .10, leading to a significant difference, t(23) = -3.215, p
= 0.004. In Session 2, there was no evidence of change in
surprise in either condition, p > .10. Simple effects revealed
that Consistent sequences showed more negative change in
surprise in Session 1 than Session 2, t(23) = 2.256, p = .034,
whereas Inconsistent sequences showed more change in
surprise in Session 2 than in Session 1, t(2 3) = 2.240, p =
.035, explaining the interaction. Thus, change in surprise in
alEC was sensitive to Consistency and Session, with stronger
effects in Consistent sequences in Session 1 than in in Session
2, but Inconsistent ones behaving in the opposite manner.
We used a 3-way ROI by Session by Consistency ANOVA
on change in surprise to determine if alEC was more sensitive
to Consistency than aHC. This revealed a 3-way interaction,
F(23,1) = 4.434, MSE = 0.049, p = .046 and a two-way
interaction between Session and Consistency, F(23,1) =
6.685, MSE = 0.112 p = .017. Simple effects revealed that
across both ROIs, the effect of Consistency was overall larger
(more negative) in Session 1 vs Session 2, t(23) = -2.586, p =
.017. Moreover, the Consistency effect changed more
between Session 1 and Session 2 in alEC than aHC, t(23) = 2.106, p = .046. However, Consistency effects were not
greater in alEC than aHC.
Middle Temporal Gyrus
In MTG, a Session by
Consistency ANOVA revealed a marginal main effect of
Consistency, F(23,1) = 3.887, MSE = 0.197, p = .061 and no
interactions (Figure 4). Within Session 1, Consistent
sequences showed a marginal positive change in surprise, M
= 0.112, t(23) = 1.945, p = .064, and a significant one in
Inconsistent ones, M = 0.100, t(23) = 2.900, p = .008, but
there was no difference between them, p > .70. Within
Session 2, change in surprise was significantly positive
within Consistent sequences, M = 0.174, t(23) = 3.847, p <
.001, but not within Inconsistent ones, M = 0.013, p > .80,
with a significant difference, t(23) = 2.511, p = .020.
Comparing MTG and alEC with a 3-way ROI by Session
by Consistency ANOVA showed a main effect of ROI,
F(23,1) = 13.890, MSE = 0.559, p = .001, an interaction
between ROI and Consistency, F(23,1) = 6.066, MSE =
0.140, p = .022, and an interaction between Session and
Consistency, F(23,1) = 8.642, MSE = 0.272, p = .007. Within
Session 1, there was a main effect of ROI, F(23,1) = 7.82,
MSE = .354, p = .01, reflecting that change in surprise was
more positive in MTG than alEC, and a marginal ROI by
Consistency interaction, F(23,1) = 3.73, MSE = 0.0829, p =
.066, suggesting a stronger Consistency effect in alEC. In
Session 2, there was a main effect of ROI, F(23,1) = 10.08,
MSE = 0.2138, p = .004, and a main effect of Consistency,
F(23, 1) = 6.00, MSE = 0.301, p = .022, indicating no
difference between ROIs in the Consistency effect. Simple
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effects indicated that Consistency had an overall stronger
effect in Session 2 than Session 1, t(23) = -2.940, p = .007. In
addition, Consistency effects were more positive in MTG
than alEC overall, t(23) = -2.463, p = .022. Overall, this
indicates that MTG showed positive change in surprise while
alEC showed negative change, and that alEC may have had
stronger Consistency effects than MTG in Session 1, but that
the ROIs showed equal Consistency effects in Session 2.
In summary, learning-related changes during sequence
exposure revealed a role for aHC but not pHC during
learning. alEC showed a dramatic effect of Consistency,
particularly at Session 1, whereas MTG showed Consistency
effects more reliably at Session 2. Thus, these latter findings
largely mirrored the effects seen in the Probe phase.

Correlations with Behavior
Questions at the end of Session 2 asked participants to recall
the predictive relations (A-B vs A-C) in each sequence.
Because predictive relations were highly conflicting among
the sequences, these questions were expected to be difficult.
On Inconsistent sequences, participants were not above
chance (50%), M = 46%, p > .35, but did weakly succeed on
Consistent ones, M = 0.556, t(23) = 2.106, p = .046, with no
significant difference between them. We capitalized on the
variability in this behavior to look for correlations with neural
signals. We found effects only in HC. Averaging across all
sequences, accuracy correlated positively with associative
coding in aHC Session 1, r = 0.467, t(22) = 2.476, p = .021
and negatively with change in surprise (since this increased
negatively during learning) in posterior HC in Session 2, r =
-0.444, t(22) = -2.323, p = .029.

Discussion
Integration is an important step in building semantic memory
from experience. We investigated the role of several neural
areas previously implicated in episodic and semantic memory
in the process of building new, integrated relational
representations. We measured neural relational memory
strength for predictively related event pairs as a function of
session (time and exposure) and their consistency with pairs
shown in other sequence contexts. Sensitivity to consistency
indicated an influence of previously seen relations and thus
integrative representations.
In alEC, we saw positive relational memory signals of
event pairs when they were consistent across contexts, but
hampered (indeed, negative) ones when inconsistent. This
effect was significant in Session 1, but not at Session 2,
though it did not significantly decline. This suggests a role of
alEC in rapidly integrating information across contexts and
perhaps maintaining them, and positions alEC as a mediator
between episodic and semantic memory.
MTG performed a similar role as alEC but only in Session
2, after a week delay and more exposure: here we saw strong
effects of cross-sequence consistency and significant
increases relative to Session 1. Thus, both alEC and MTG
built integrative representations of experiences, but MTG did
so subsequently to alEC.

We conclude that alEC and MTG both serve to integrate
experience. It is unclear whether representations in these
areas emerge independently, or if MTG builds on the
representations in alEC. Having failed to see correlations
between effects these areas here, we await further research.
HC did not show relational memory or integrated
representations during recall, in contrast to some past work
(Schapiro, Turk-Browne, Norman, & Botvinick, 2016;
Tompary & Davachi, 2017). However, our paradigm created
higher integration demand because individual event pairs
were shown in separately presented contexts with
distinguishing cues (the objects). If HC did not integrate
across these contexts, it could not benefit from consistency,
which could have led to weaker relational memory signals
overall. A broader integrative role of alEC (vs HC) is
consistent with prior work suggesting that EC serves a
particularly integrative function and that memory integration
might arises from recurrence between EC and HC, which are
bidirectionally connected (Koster et al., 2018; Kumaran &
McClelland, 2012)
However, in line with findings reviewed in the
introduction, we did find learning-related changes in HC
during exposure, and these learning signals (in pHC) and
associative coding during recall (in aHC) predicted
participants’ later ability to recall which predictive event
pairs went with which context. Thus, HC plays a behaviorally
relevant role, perhaps in binding relational information to its
context.
Overall, our work connects the literature on memory
integration with that of semantic memory. While the former
has highlighted the role of HC and vmPFC, it has been less
clear how memory integration processes might serve to
update representations in areas highlighted in semantic
memory research, like MTG. We targeted MTG on the basis
of its role in semantic memory of actions and events as well
as our prior work showing novel predictive representations
about a week after learning (Leshinskaya & ThompsonSchill, 2020; Leshinskaya et al., 2020). If the integration of
new experiences contributes to updating semantic
representations, we predicted we should see such integrative
signals here, at least after some delay. Our findings of
integrated representations in MTG at Session 2 are consistent
with this prediction. One caveat, however, is that while we
have twice observed relational memory representations in
right MTG, action and event concepts are often leftlateralized, perhaps due to their links with linguistic labels.
We hope to test in future studies how the nature of stimulus
materials affects the sites of new memory about them.
While we have begun to bridge learning and semantic
memory, much more is required to empirically connect the
outputs of new learning and sites for semantic memory.
While we observed similar functional signatures in EC and
MTG here, it remains unclear if these emerge independently
or by an interactive process, a question we also hope to
address in future work.
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Abstract
Failing to come up with a word or name is a fairly common
experience that is exacerbated in older adulthood and among
populations with language impairments, and yet the mechanisms underlying lexical retrieval remain fairly understudied.
In this work, we introduce and evaluate a series of nested computational models of lexical retrieval that combine semantic
representations derived from a distributional semantic model
with a process model to account for behavioral performance
in a primed lexical retrieval task. The models were tested on
a behavioral data set where participants attempted to retrieve
answers to descriptions of low-frequency words and were provided a semantically and/or phonologically related prime word
before the retrieval attempt. Model comparisons indicated that
a model that emphasized semantic activations from the description and phonological activations from the prime word
best accounted for the overall data. Additionally, incorrect responses and metacognitive judgments indicating that participants had other words in mind were associated with models
that instead emphasized semantic activations from the prime
word. Taken together, these results identify the locus of lexical retrieval failures and offer the opportunity to investigate
broader questions about semantic memory retrieval.
Keywords: lexical retrieval; semantic retrieval; semantic
model; priming

Introduction
Everyone has had the frustrating experience of trying to come
up with the name of a familiar person, place, or thing and
being unable to access it in the moment. This inability to
retrieve lexical items from memory can occur from failing to
locate the correct semantic concept, or the phonological codes
required for articulation, or both. Indeed, lexical retrieval
failures are fairly common, tend to increase in older adulthood (Juncos-Rabadán et al., 2010; Logan & Balota, 2003),
and are also used in diagnostic testing for semantic dementia
(Calabria et al., 2021; Meteyard & Patterson, 2009) and aphasia (Friedmann et al., 2013; Herbert et al., 2008) in clinical
settings. Therefore, it is important to understand the mechanisms underlying lexical retrieval.
An interesting aspect of failed lexical retrieval is that individuals tend to report partial access to information about
the word, such as producing related associates, the number of
syllables, or onset phonemes and often have the sense that the
word is at the tip of their tongue (Brown & McNeill, 1966).
Consequently, a large body of work has investigated lexical
retrieval through behavioral manipulations, such as priming
paradigms (Oberle & James, 2013; White et al., 2013) that
manipulate the type of information available to individuals at

the moment preceding retrieval. In these experiments, individuals typically attempt to retrieve words in response to a
verbal or written description (e.g., the illegal act of writing
untrue things about someone), and are primed with semantically (e.g., perjury) and/or phonologically (e.g., litigate/label)
related information before the retrieval event. A robust finding in this literature is that phonologically related primes
appear to facilitate lexical retrieval (James & Burke, 2000;
Meyer & Bock, 1992), whereas semantic primes appear to
have no such influence (Roediger & Neely, 1982; Kumar et
al., 2019), suggesting that lexical retrieval failures arise due to
impaired access to phonological information about the word.
However, the explicit mechanisms by which this retrieval process is mediated continues to remain unclear. Specifically,
empirical accounts of lexical retrieval tend to rely on the
spreading activation metaphor (Collins & Loftus, 1975), and
propose that activation “spreads” from the description and
primes to different concepts in semantic memory, which ultimately leads individuals to retrieve the intended word. While
these models describe the process of accessing a word from
a semantic representation through spreading activation, they
typically do not incorporate any computational model of semantic memory. Examining lexical retrieval within the context of an existing computational model of semantic memory
can provide further insights into how concepts are accessed
from memory during retrieval.
In this paper, we propose a computationally-driven account of lexical retrieval that leverages state-of-the-art machine learning-based methods for representing concepts in
memory in conjunction with a process model to account for
retrieval performance in a primed lexical retrieval task (see
Kumar, 2021a for a similar approach)1 . There is prior evidence that semantic and phonological information interact
during lexical retrieval (Ferreira & Griffin, 2003), yet how
these sources are combined in not well studied. Our approach formally instantiates and compares a series of computational models to identify how different sources of information (semantic and phonological) are combined to produce
responses during retrieval from semantic memory. This modeling approach allows us to not only examine the conditions
under which successful lexical retrieval occurs, but also eval1 All data and analysis scripts are available at https://github
.com/abhilasha-kumar/modeling-lexical-retrieval
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types for each description during the experiment. The prime
type presented in each trial was varied in random order and
counterbalanced within participants.

description
The illegal act of
writing untrue
things about
someone
semantic
perjury

Computational Models

phonological
label

retrieval state

both
litigate
unrelated
uncle

We evaluated a series of nested computational models to account for lexical retrieval performance. Each model assumed
the design of a standard primed lexical retrieval task, where
participants are provided a description of the target word, presented a prime word, and then asked to retrieve the intended
target word. Figure 2 displays the overall modeling framework, which involved the following steps:

prime

know
don’t know

retrieval
libel

1. A search space of 13,693 words was defined, which consisted of the 12,216 words produced by participants in a
large free association data set (De Deyne et al., 2016) as
well as all targets, primes, and valid responses in the Kumar et al. data set.2

other word
in mind
tip of the
tongue state

Figure 1: Experimental paradigm in Kumar et al. (2019).

uate how incorrect responses are generated and discuss the
broader implications for impaired lexical retrieval. While
speech errors have been extensively studied in the lexical retrieval domain from a phonological perspective (Dell et al.,
1997), we focus on how concepts systematically activated in
semantic memory lead to retrieval errors. In this way, our
approach provides a novel integration of a modern computational model of semantic memory with phonological information to predict lexical retrieval.
All models in the current paper assumed that lexical retrieval began by reading a description of the intended word
and activating related concepts in semantic memory. These
activations were then combined with semantic and/or phonological neighbors of other words in memory to ultimately produce a response. To test the predictions from our models, we
used a publicly available data set of primed lexical retrieval
performance collected by Kumar et al. (2019) and evaluated
how different parameter settings within our model account for
correct and incorrect responses, as well as phenomenological
responses produced by participants in this data set.

Experimental task and data set
To test our model predictions, we utilized the publicly available lexical retrieval data set collected by Kumar et al. (2019).
In this study, 174 participants read a description (i.e., the definition of a low-frequency target word), which was immediately followed by a “prime” word that was either phonologically related, semantically related, both phonologically and
semantically related, or unrelated to the target word (see Figure 1). Before typing their answer to the description, participants also reported their metacognitive state from four options: (1) I know the answer; (2) I do not know the answer;
(3) I have another word in mind that I don’t think is correct;
(4) The correct answer is “on the tip of my tongue”. Each participant received 100 descriptions with one of the four prime

2. A distributional semantic model, the Universal Sentence
Encoder (USE; Cer et al., 2018) was used to obtain vector representations of all words in our search space and the
100 descriptions in the data set. Our choice of the USE for
studying lexical retrieval was motivated by the recent success of neural network-based language models in capturing
long-range contextual dependencies in natural language.
Previous work in this domain has focused on associative
accounts of semantic memory, which are based on behavioral norms (see Kumar et al., 2021 for a discussion). Distributional models directly encode statistical regularities in
natural language and therefore circumvent the circularity
issue. The USE model goes a step further and incorporates information about word order and linguistic context
during the creation of semantic representations for longer
sequences, which allows for meaning to vary as a function of context and provides a computational account for
how phrases or longer sequences can be represented. This
is consistent with modern context-driven accounts of semantic memory (Kumar, 2021b; Yee & Thompson-Schill,
2016) and therefore represents a novel integration of stateof-the-art models of semantic memory with theories of
lexical retrieval. We used the Deep Averaging Network
(DAN) variant of the Universal Sentence Encoder, which
passes averaged vector representations from words and bigrams to a deep neural network and is trained on multiple
language tasks. The DAN encodes text of any length into
512-dimensional vectors. These vector representations can
then be used to estimate similarity between concepts within
a given semantic space. Note that this distributional search
space is isomorphic to a fully-connected weighted semantic network, where each word is connected to every other
word in the vocabulary based on its semantic similarity.
3. Each word in the vocabulary had an activation value at all
times, representing the activation of that word relative to
2 14 responses were excluded due to being invalid words such as
“omnipo,” “neoprology”, and “obstrecian”
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Figure 2: Modeling framework for the primed lexical retrieval task. The description and the prime (label) independently activate
words in the search space, which are then combined to produce retrieval likelihoods for different responses. In this example,
the phonology-only model retrieves the correct answer to the description for the target word, libel.
Arpabet phonetic transcription. Normalized edit distance was computed as follows:

all other words in the search space. Each trial started with
setting the initial activations of all words to zero.
4. The description-only model began by reading the description and activating all its neighbors in proportion to their
cosine similarity with the description. The resulting values
represented the semantic activation of each word given the
description, such that the description’s closest neighbors
had the highest activations. Therefore, this model evaluated the likelihood of a given word in the search space after
processing only the description.

n(a, b) = 1 −

(1)

where e(a,b) signifies the edit distance between a and b,
and la and lb denote the lengths of a and b.
• The additive and multiplicative models explored the
combined influence of the prime’s semantic and phonological activations. Additive models used element-wise
addition to combine the two prime components, varying
the weight given to each one with a parameter θ, as follows:
ai ∝ di + θ(si ) + (1 − θ)(pi )
(2)

5. The next set of models evaluated the contribution of the
prime to the retrieval process by emphasizing different aspects of the prime word:
• The semantic-only model activated the prime’s semantic neighbors in the same way as the description-only
model. Therefore, the resulting activation in this model
was the sum of activations obtained from the description
as well as the prime.
• The phonology-only model activated the prime’s
phonological neighbors by computing a measure of
phonological similarity between the prime and each
word in the search space. Phonological similarity was
computed as the normalized edit distance between the
phonemes contained within the words. Phonemes were
obtained using the CMU Dictionary, which relies on the

e(a, b)
max (la , lb )

where ai denoted the activation of a given word i, di
denoted the activation of i from the description-only
model, si denoted the activation of i by semantic neighbors of the prime, and pi denoted the activation of i by
phonological neighbors of the prime. θ varied from .1 to
0.9 across different additive models. The multiplicative
model combined the semantic and phonological activations via element-wise multiplication:
ai ∝ di + si pi

(3)

In all models, the final resulting activations corresponded to
the relative likelihood that a given word in the search space
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description
Unconventional
and slightly
strange;
deviating from
an established
or usual
pattern or style
To goad or
push forward;
to incite
someone to do
something bad

prime
ecstatic

initiate

model
desc-only
sem-only
phon-only
multiplicative
additive (θ=.5)

predictions
unorthodox
thrilled
eccentric
eclectic
erratic

desc-only
sem-only
phon-only
multiplicative
additive (θ=.5)

provoke
encourage
infuriate
motivate
instigate

model
description-only
multiplicative
semantic-only
additive
θ = 0.9
θ = 0.8
θ = 0.7
θ = 0.6
θ = 0.5
θ = 0.4
θ = 0.3
θ = 0.2
θ = 0.1
phonology-only

Table 1: Example predictions from the different models evaluated on the lexical retrieval task.
was the answer to the description. Table 1 displays a few
example predictions from each of the models for different descriptions and prime combinations3 .

Model comparisons
We evaluated the performance of the different models
(description-only, semantic-only, phonology-only, multiplicative, and the nine θ- based additive models) based on
how well they predicted behavioral responses in the Kumar
et al. data set, by computing response likelihoods under the
different models.
Trials on which the participant gave no response (43.32%
of the total responses) were excluded. We computed summed
log likelihoods (LL) for all the models and then evaluated models based on the Bayesian Information Criterion
(BIC). BIC penalizes models with more parameters; therefore, the semantic-only and phonology-only models were penalized for having 1 additional parameter compared to the
description-only model (the prime’s semantic or phonological
activations), the multiplicative model was penalized for using
both semantic and phonological activations (2 additional parameters), and the additive models were penalized for having
1 more parameter compared to the multiplicative model (θ).
Overall model performance Table 2 displays the overall
performance of the different models, ordered by BIC. As
shown, the description-only model had the worst model fit
(highest BIC). Model performance improved progressively
across the additive models as θ (weight on semantics) decreased, and the phonology-only model provided the best fit
to the overall data (lowest BIC).
Prime-based performance Given that the type of prime
provided was a critical manipulation in the Kumar et al.
(2019) data set, we next evaluated the success of the models
in retrieving the target across different prime conditions. Figure 3 displays the BIC for the different models across the four
3 Table 1 only displays one additive model but nine additive models corresponding to different θ values were evaluated

parameters
1
3
2
4

2

BIC
182923.00
180678.45
180376.00
180306.34
180240.14
180177.40
180118.13
180062.36
180010.09
179961.35
179916.13
179874.46
179836.35

Table 2: Overall model performance, reported as BIC. The
phonology-only model best fit the behavioral data.

prime conditions. For semantic primes, the semantic-only
model provided the best fit. Given that the semantic primes
were not phonologically related to the target word, any weight
given to the phonology of the prime increased activation of
incorrect words and decreased the likelihood of activating the
target. For phonological primes, the phonology-only model
best predicted the responses. Thus, any weight given to the
semantics of the prime lured the model away from the description’s semantic neighbors, increasing the likelihood of
incorrect answers and decreasing the likelihood of the target.
Model performance for both primes showed a slightly muted
but similar pattern to the phonological primes, such that the
phonology-only model provided the best fit. Finally, for unrelated primes, the multiplicative and description-only models
performed better than all other models. Therefore, in situations when the semantic and phonological components of the
prime word did not provide any information relevant to the
target, it was more beneficial to simply use the activations
from the description-only model or equally weight both components of the prime.
Correct and incorrect responses Although the analyses
on the full data set are useful, it is important to recognize
that the responses produced by participants may correspond
to correctly retrieving the target in some cases, and producing
incorrect words in other cases. Therefore, we analyzed model
differences separately for correct and incorrect responses.
Figure 4 displays the model performance for correct and incorrect responses. As shown, correct responses mirrored the
pattern of overall responses, such that the phonology-only
model provided the best account of the data. On the other
hand, incorrect responses were best explained by the additive model with θ=0.8, (i.e., greater weight on the semantic
component of the prime). Therefore, these model comparisons suggest that participants produced incorrect responses
when they were lured by the semantic information contained
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Figure 4: BIC indices for correct and incorrect trials.
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Figure 3: BIC indices for models fit on the lexical retrieval
data for different prime conditions; lower indices indicate a
better model fit.

within the primes, which was only useful 25% of the times
during the experiment. On the other hand, when participants
successfully utilized a combination of the semantic activation from the prompt and the phonological activation from the
prime, they were more likely to retrieve the correct answer.
Retrieval states In addition to evaluating the retrieval likelihood of different responses, we also explored whether the
models could differentiate between the metacognitive reports
provided by participants. Table 3 shows the performances
of the models for the different retrieval states indicated by
participants. As shown, “know”, “don’t know”, and “tip-ofthe-tongue” responses were best explained by the phonologyonly model, whereas the “other word in mind” responses
were best explained by the semantic-only model. When the
data were broken down by both prime type and retrieval
state, the pattern was similar to Figure 3, with one exception. While trials preceded by both primes were generally
better accounted for by the phonology-only model, when participants chose “other word in mind”, their responses were

6000

response
correct
incorrect
no response

4000

6000
2000

0

trials

BIC

40980

better predicted by the semantic-only model. Figure 5 displays the number of incorrect responses, correct responses,
and trials with no response for each of the self-reported states.
As shown, when participants reported having another word
in mind, they were indeed lured by the semantic information contained in the prime word and were most likely to type
these “other” incorrect responses instead of the target word.
This pattern was best captured by the semantic-only model.
On the other hand, the proportion of incorrect responses was
lower for other retrieval states, which were better explained
by the phonology-only model.
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Figure 5: Proportion of correct responses, incorrect responses, and no-responses for each reported state.
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model
description-only
multiplicative
semantic-only
additive (mean of all 9 models)
phonology-only

parameters
1
3
2
4
2

know
127539.89
125874.10
125676.10
125390.00
125113.20

BIC
don’t know
4835.04
4788.34
4779.48
4783.46
4766.93

other word
39808.58
39404.31
39292.27
39331.59
39354.37

tip of the tongue
10758.70
10669.35
10648.19
10645.86
10621.90

Table 3: Model BIC by retrieval state. Best-fitting model for each retrieval state has been highlighted in each column.

Discussion
In the present research, we implemented and evaluated a series of nested computational models to elucidate the mechanisms that best explain successful and unsuccessful lexical retrieval. To our knowledge, this is the first computational instantiation of a lexical retrieval model that combines
a state-of-the-art machine learning model of semantic representation with a process model of how these representations
are accessed and retrieved within a given task. We tested
the models on a large behavioral data set of primed lexical
retrieval, where participants were given a description of a
low-frequency target word, followed by a prime word that
related to the target in one of four ways (phonologically, semantically, both, or unrelated), and attempted to retrieve the
intended target word. We measured the likelihood of each
model to best account for the responses generated by participants. We found that a model that combined the semantic activations from the description with phonological activations
from the prime word provided the best account of the data.
These results converge with prior work (Kumar et al., 2019;
James & Burke, 2000; Meyer & Bock, 1992) suggesting that
phonological cues facilitate lexical retrieval.
In addition to evaluating overall model performance, a second novel contribution of this work is that we were able
to examine the likelihood of different responses, when exposed to different types of primes, when retrieval was successful and unsuccessful, as well as across different metacognitive states reported by participants. Previous work on lexical retrieval has typically focused on retrieval accuracy as
the sole dependent measure. However, our findings suggest
that examining the specific responses generated by participants provides deeper insights into the mechanisms underlying lexical retrieval. For example, when breaking down
the data by prime type, models that emphasized the prime’s
semantic information best predicted responses when participants were primed with semantic information. Furthermore,
when the prime contained relevant phonological information
(i.e., in the case of phonological and “both” primes), phonology was more valuable than semantic information because it
provided unique information about the target word not contained within the description. Interestingly, even when the
prime was completely unrelated to the target, the semanticonly model performed worse than the phonology-only model,
likely because it diluted the semantic activations from the de-

scription. Overall, these findings suggest that activating the
semantic and phonological codes of a word is critical to successful lexical retrieval.
Another interesting finding in our model comparisons was
that correct responses reflected a clear use of prime phonology over prime semantics while incorrect responses reflected
a combination of the two components with more weight on
the prime’s semantics. Furthermore, when participants reported having another word in mind, their responses showed
a greater reliance on semantic information from the prime.
The vast majority of such cases also produced an incorrect
response, suggesting that their attention to the prime’s semantic component led them to activate the wrong semantic
space. These comparisons shed light on the situations that
might lead a person to retrieve incorrect words, and suggest
that attending to the phonological information may be more
beneficial than attending to semantic information in the moment before retrieval. Of course, in everyday lexical retrieval,
individuals do not have access to primes to facilitate or inhibit
their retrieval process. Therefore, an important future step for
this work is to evaluate the parameters that best account for
unprimed lexical retrieval performance.
Finally, the current approach only allowed us to examine
situations when individuals explicitly produced a response.
Yet, it is equally important to analyze the cases in which people fail to retrieve any word, which made up nearly half of
trials in the Kumar et al. (2019) data set. In future work,
we plan to implement an activation threshold for different
responses within our modeling framework to simulate situations in which no response is generated. This would allow
us to more carefully examine the conditions that produce a
failed lexical retrieval event, which may in turn have broader
applications for aging and clinical populations with impaired
semantic retrieval. Another goal is to incorporate further degrees of spreading activation into our models. In the present
instantiation, semantics and phonology simultaneously activate words for retrieval. However, prior theories of lexical
selection describe activation that continuously spreads bidirectionally between concepts, words, and phonemes. In future models, we hope to include these features of spreading
activation to more fully account for the process of lexical retrieval in semantic memory.
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Abstract
Humans routinely monitor social interactions to learn about the
relational make-up of their groups and select social partners. It
is unclear however whether social interactions primarily invite
inferences about the dispositions of the participants involved or
about underlying social relations. In the present study we tested
which of these two inferences children and adults draw when
observing interactions based on dominance. Children expected
dominants to prevail over previous subordinates but did not
generalize this expectation to interactions with novel agents,
whereas adults did. These results suggest that children
interpreted dominance as specific to a particular social relation,
whereas adults interpreted it as a stable, target-invariant trait.
This asymmetry supports the proposal that children may first
interpret social interactions through a relational stance, and
only later in development apprehend them through the lenses
of trait attribution.
Keywords: cognitive development; trait attribution; social
dominance; naïve sociology

Introduction
Mapping the social terrain in terms of its constituent
relations is a task of utmost adaptive significance for
gregarious species, such as humans. A prominent source of
information that people exploit to this end is the monitoring
of social interactions from a third-party perspective.
However, the observation of social interactions (e.g., Malvin
offered food to Joe) minimally invites two distinct types of
inference: relational inferences, which appeal to underlying
relations to explain the distribution of observed behaviors
between the individuals involved (e.g., Malvin and Joe are
friends); and dispositional inferences, which appeal to
individual traits motivating the observed behavior in the focal
individual (e.g., Malvin is generous). Crucially, these two
types of inferences support different assumptions about the
generalizability of social behaviors: if relational inferences
restrict the occurrence of a social behavior to encounters with
the same partner, dispositional inferences license its
generalization to novel partners (Repacholi et al. 2016).
Which of these inferences do children and adults prioritize
when observing third-party interactions? The developmental
literature does not provide a clear answer. On one hand,
studies on early social evaluation based on the manual-choice
task (e.g., Hamlin et al., 2007) produced evidence indirectly
compatible with a dispositional interpretation: the infants’
preference for prosocial agents may be supported by a “global
assessment” of the agents’ behavior in terms of sociomoral

dispositions generalizable to uninvolved individuals such as
the infants themselves (Wynn, 2008). On the other hand,
studies that used looking-time tasks to more directly test
across-target generalization failed to find evidence of
dispositional construals: e.g., after having seen an agent A
prevailing over (Mascaro & Csibra, 2012) or giving an object
to (Tatone et al., 2015) another agent B infants did not expect
A to perform the same action to novel targets (cf. Surian et
al., 2018).
Preschoolers also struggle with predicting behavioral
consistency from single exemplars (Boseovski & Lee, 2006)
as well as with inferring dispositions from trait labels (Liu et
al., 2007). It is only around the age of seven that children
begin to use traits to consistently explain others’ behaviors
(Rosati et al., 2001; Kalish, 2002). It should be however
noted that previous studies used vignette-based tasks which
heavily rely on verbal descriptions. The late-emerging use of
trait explanation may thus reflect the correspondingly late
emergence of linguistically transmitted “trait-like schemas”
(Seiver et al., 2012), and may be masking an earlier preverbal
ability to reason about traits in younger children.
Furthermore, studies typically contrasted construals based on
traits with alternatives based on prevailing norms (Kalish &
Shiverick, 2004; Rholes & Ruble, 1984), overlooking the
possibility that social interactions may instead prompt
inferences about the social relations that these are instance of.
The present study aims to assess the relative influence of
relational and dispositional inferences on the interpretation of
third-party interactions in children and adults. To overcome
the above concerns, we devised a task that involved minimal
linguistic scaffolding, and which directly compared relational
and dispositional construals of social interactions via a targetgeneralization measure. Participants were presented with
animations without any accompanying verbal narration. The
animations depicted interactions over a contested resource
resolving in nonviolent priority of access – an event that has
been shown to induce the representation of social dominance
already in preverbal infants (e.g., Mascaro & Csibra, 2012).
Instead of being asked to predict or explain the agent’s
behavior, participants had to produce postdictive inferences
about the resolution of the events observed. Participants were
first shown a resource contest featuring two agents (A and B)
that always ended with one (A) seizing the resource. At test,
they were then shown a new contest event whose outcome
was not visible (involving A and B again or one them with a
novel agent C), and asked which of the two agents took the
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resource. A relational interpretation of these events should
lead participants to assume power asymmetries to be dyadspecific, and thus select the dominant (A) as the agent likely
to prevail only when paired with the previous partner (B).
Conversely, a dispositional interpretation should lead
participants to generalize the behavior (to prevail, to yield, or
both) with novel partners (C) (see Figure 1B).
We compared the performance of adults, who have been
reported to infer traits even from single exemplars (e.g.,
Reeder et al., 2004; Uhlmann et al., 2014), to that of fouryear-olds. At this age, children already draw inferences about
social power from the outcome of resource-contest events
(Gulgöz & Gelman, 2017), but cannot yet consistently predict
how an agent will behave towards new partners in vignettebased tasks (Rholes & Ruble, 1984). This is thus an ideal age
to assess whether the children’s reluctance to infer traits may
be due to the language-heavy and predictive nature of
previous tasks or whether it instead reflects a more general
propensity to interpret interactions as indicative of particular
social relations.

Experiment 1
Experiment 1 tested whether children interpreted the
resolution of a resource contest between two agents (A and
B) in favor of A as indicative of a dominance relation (“A
dominates B”: relational inference) or of an individual trait
(“A is a dominant”: dispositional inference). After watching
agent A seize a resource coveted by both agents, children
were shown either these two agents (A and B: same-partners
condition), or one of them with a novel agent (A and C: newsubordinate condition; B and C: new-dominant condition) in
an identical resource-contest event with non-visible outcome,

and were asked to indicate who took the resource. If children
interpret the event in relational terms (“A dominates B”), they
should pick agent A when paired with B, while choosing at
random when either agent is paired with a novel character.
Conversely, if they construe the agents’ behavior in
dispositional and partner-invariant terms, children should
produce one of three possible choice patterns for the newagent pairs: picking both A and C, if they infer two distinct
dispositions to prevail and yield, respectively; and picking
only A or C, if they infer a disposition to either prevail or
yield.
Participants. The final sample consisted of 60 four-yearolds (range: 4.0 to 4.11 years). An additional 14 children were
tested but excluded from the final analysis (no video
recording of the session, n = 1; side bias, n = 3; insufficient
number of valid trials, n = 5; parental interference, n = 2;
incorrect answers on warm-up trials, n = 2; experimenter
error: n = 1). Families were recruited from the laboratory’s
database and via social media. Caregivers provided verbal
informed consent for participation and video recording of the
session. Children provided verbal assent to participate.
Procedure. Children were tested online during a Zoom call.
They were shown animations on their caregiver’s computer
screen and asked test questions by the experimenter. The
session was video-recorded. Children’s responses were
coded offline.
Stimuli The stimuli were 3D animations made with Blender
(https://www.blender.org) and modelled on Mascaro and

Figure 1: (A) Schematic visualization of a single experimental trial. Numbers 1-3 denote experimental conditions (1: same
partners; 2: new dominant; 3: new subordinate). The arrows indicate the departure of one of the familiarized agents and the
arrival of the new agent at test. (B-C) Predictions of the two accounts proposed. Values on the Y-axis indicate the probability of
choosing the dominant (or the agent replacing it).
2
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Figure 2 : Results of Experiment 1. (A) The observed probability of selecting the dominant and the model’s predications.
(B) Posterior distributions for probability of selecting the dominant agent. Thick black horizontal lines give the 89% credible
interval around the mean. The chance value (.5) is marked with a vertical, dotted line.
Csibra (2012). Colored geometric shapes with eyes served as
agents. There were three types of events. All contained the
same display elements: two light brown patterned boxes (one
striped, one dotted) located at the opposite sides of a stage;
two agents varying in color and shape, each located nearby a
different box; a ball (Figure 1B).
Conflict events involved two agents set to fulfill the same
goal (i.e., collect a ball) and only one of them succeeding. No
physical conflict was involved. The agents first observed a
ball falling in the middle of the stage, which they then
simultaneously approached, until one seized it while the other
remained still. At this point, the agents moved behind their
respective boxes and re-emerged empty-handed.
Test events unfolded in the same way as conflict events, but
when the agents approached the middle of the stage, an
occluder covered the scene, concealing the conflict outcome.
The occluder moved away only when the agents remerged
from behind the boxes.
Depending on the condition, the test events featured either
the same two agents shown in the conflict events, or only one.
In the latter case, before the test participants would see one
agent moving out of the stage and another featurally distinct
agent coming from behind the same box to replace her (see
Figure 1A).
Different looking agents were presented on each trial. Full
list of agents’ colors and shapes used (as well as their
counterbalancing) is available in our OSF repository.
Design. The experimental session consisted of a warm-up
and an experimental task.
Warm-up. First, children participated in a short color-naming
game. The aim was to assess whether they could name all the
colors used in the experimental test trials (n = 6; yellow,
green, red, blue, orange, pink), and determine which color
labels they would provide. Children were shown two
displays, each containing three animals of different colors
(display 1: a yellow fish, a red dinosaur, and a blue dog;
display 2: an orange turtle, a green snail and a pink owl) and
were asked about each animal’s color (e.g., “Can you tell me
what color the dinosaur is?”).

Then, children were introduced to the new creatures called
“tegies” through a series of short animations narrated by the
experimenter. She began by labeling the agents arriving one
by one on the stage (!Now we will meet some tegies. Look,
here is one. And another one, and a few more are arriving.”);
then, she emphasized that the agents have different colors and
shapes (“There are many different tegies, see? They have
different colors and shapes.”), but they all have the same
favorite toy, a ball (“Do you know what is the tegies’ favorite
toy? Balls! Their favorite toys are balls.”). Four different
tegis were then shown one by one collecting balls (“Look at
this lucky tegi! He found a ball, his favorite toy.”). At the end,
the experimenter remarked again about the tegies’ preference
for balls (“All tegies’ favorite toys are balls. Tegies love
balls.”).
After the introduction, children were administered two
working-memory trials to assess whether they could track
which agent prevailed in a conflict event. These trials had the
same structure as the induction events used in the
experimental task. After the event ended, children were asked
who took the ball (“Do you remember who took the ball?”).
If children did not provide any answer, they were asked the
test question again, with the agents’ colors explicitly named
(e.g., “What do you think, which one took the ball, the blue
one or the yellow one?”). Participants were given verbal
feedback. Each trial featured a different pair of agents.
Experimental task. Each experimental trial involved an
induction, consisting of two conflict events with visible
resolution, immediately followed by one test event with nonvisible resolution. As soon as the test event ended, children
were asked “Who took the ball?”. If they did not provide any
answer, they were asked the test question again, with the
agents’ colors explicitly named (e.g., “What do you think,
which one took the ball, the blue one or the yellow one?”).
The test responses received no feedback.
There were three within-subject test conditions that
differed only with respect to the identity of the agents present
at test: (1) in the same-partners condition, the same agents
were present throughout the trial; (2) in the new-dominant
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condition the agent who previously prevailed (seized the ball)
was replaced by a new agent; (3) in the new-subordinate
condition the agent who previously yielded (did not seize the
ball) was replaced by a new agent. In both new-partner
conditions the test question was followed by an additional
memory question: “Who is new?” (followed “Who arrived
later?” in case the first question elicited no answer). The aim
of this question was to determine whether participants
detected the presence of a new agent.
Children received 2 blocks of 3 trials (1 per condition), for
a total of 6 trials. Side of the dominant agent and order of trial
presentation were counterbalanced within subjects, whereas
the color-shape mappings between dominant and subordinate
agents were counterbalanced across subjects.
Inclusion criteria. Children had to fulfill the following
preregistered criteria to be included in the final sample. They
had to (1) label all colors in the color-naming game
(mislabeling was accepted unless the child confounded two
colors co-occurring in the same test); (2) answer correctly to
both warm-up memory questions; (3) contribute a minimum
of one valid experimental trial per condition; and (4) not
display a side bias (i.e., defined as picking the same side in
all test questions). A trial was considered valid only if the
child answered by naming the color or the shape of an agent,
and additionally, in new partners conditions, only if she
correctly answered the memory question following the test.

domgenscores, so we used an uninformative prior for the
overall baseline. Second, we avoided biasing the models to
find an effect in any direction, so we centered the priors on
the effects (condition and block) on 0. Third, we allowed the
models to explore a wide range of possible effects while
imposing some prior skepticism towards extreme effect sizes.
Modeling. First, we obtained the best-fitting model by
comparing three different models. The first model (m1)
included only subject and condition as predictors: 𝜇 = 𝛼 +
𝛽ID + 𝛽condition . The second model (m2) included an additive
block term: 𝜇 = 𝛼 + 𝛽ID + 𝛽condition + 𝛽block . In the third
model (m3), we added an interactive block term: 𝜇 = 𝛼 +
𝛽ID + 𝛽condition + 𝛽conditionblock ⋅ (𝑏𝑙𝑜𝑐𝑘 − 1) . Using the
Widely Applicable Information Criterion (WBIC: Watanabe,
2010; McElreath, 2020), we found that the interaction model
(m3) obtained 85% of the total weight and thus accounted

Coding. The children’s choices were scored to produce a
domgenscore (i.e., the probability of choosing the dominant
agent), as follows: choosing the agent who prevailed or its
substitute was scored as 1; choosing the agent who yielded or
its substitute was scored as 0. A domgenscore of 1 would thus
indicate that participants selected the dominant agent or its
substitute.

Results and discussion
Auxiliary analyses. Children had no problems naming colors
or indicating who took the ball when the conflict resolution
was visible (70/74 tested children answer correctly to both
warm-up questions). They also performed well on the
memory questions after the new-partner test trials (32/60
children included in the final sample answered correctly to all
memory questions) which shows that they were able to track
the identity of the agents throughout the events.
Main analysis. Children's choices at test were analyzed by a
Bayesian logistic regression family of models in rstan 2.21.2,
using the rethinking package 2.13 (McElreath, 2020). The
code is available in our OSF repository. We modeled each
observed choice as a Bernoulli random process with
parameter pi, the probability of choosing the dominant agent
or its substitute (i.e., domgenscore) in each trial i. We then
modeled the log-odds of each choice, μi, as a function of the
condition (same partners v. new dominant v. new
subordinate), block (1 v. 2), condition-block interaction,
and/or participant generating that choice.
Priors and assumptions. The priors for these parameters
were chosen based on prior predictive checks to satisfy three
criteria. First, given the novelty of the paradigm, we allowed
the models to discover a wide range of possible
4
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Figure 3: Results of Experiment 2. (A) The observed
probability of selecting the dominant and the model’s
predictions. (B) Posterior distributions for probability of
selecting the dominant agent. Thick black horizontal lines give
the 89% credible interval around the mean. The chance value
(.5) is marked with a vertical, dotted line.

best for the children"s data patterns. This indicated that
children"s choice patterns changed across blocks.
Having found the best-fitting model, we examined the
posterior estimates for children"s choice probabilities
outputted by m3 across conditions and blocks. Figure 2 shows
that in Block 1, in the same partners condition children
consistently selected the dominant agent, as indicated by the
fact that 89% of distribution of domgenscore lied within .59
and .77. In contrast, in both new partners conditions, the 89%
credible interval comprised .5, suggesting that children chose
randomly between the agents present at test (new dominant:
89% CI = [.43, .64], new subordinate: 89% CI = [.39, .61]).
To investigate whether the choices differed between
conditions, we computed differences between posteriors
across conditions. When the new partners conditions was
subtracted from the same partners condition, 89% of the
difference distribution lied above the null value (Same
Partners – New Dominant: 89% CI = [.003, .28]; Same
Partners – New Subordinate: 89% CI = [.04, .32], thus
suggesting that children were more likely to choose the
dominant agent only when it faced the same partner as before
and more likely to do so than to choose the agent who
replaced it. The 89% credible interval for the difference
between New Dominant – New Subordinate included 0, 89%
CI = [-.11, .19], thus indicating that children behaved
comparably across both new partners conditions.
In sum, in Block 1, children tracked which agent prevailed
in the induction phase and used this knowledge to infer the
likely dominant at test. However, when either of the familiar
agents were paired with new partners, children chose at
random. The lack of consistent choice in the new-partner
trials suggests that children did not interpret the resolution of
the conflict events as indicative of a partner-invariant trait (to
prevail or yield), supporting instead an interpretation of these
events as indicative of a dyad-specific dominance relation.
In block 2, however, children did not consistently pick the
dominant agent in the same-partners conditions, but chose at
random, 89% CI = [.38, .58]. Furthermore, in both newpartner conditions, children consistently chose the new agent
(i.e., replacing the previous dominant: 89% CI = [.55, .75];
replacing the previous subordinate: 89% CI = [.29, .50]).
Children were more likely to select a novel agent in the newpartner conditions than in the same-partners condition (Same
Partners – New Dominant: 89% CI = [-.32, -.03]; Same
Partners – New Subordinate: 89% CI = [-.05, .23]). This
pattern of choices does not align to the predictions of either
the relational or the dispositional account. Rather, it is
consistent with a preference for the novel agent, which
developed over the course of the task. We assume that this
novelty bias may have been induced by the memory question
(“Who is new?”) administered immediately after the test
question in the new-partner trials. Future experiments should
explicitly control for this possibility by manipulating the
experimenter’s questions.

Experiment 2
Experiment 1 showed that 4-year-olds inferred a dominance
relation from the outcome of a contest event and did not
generalize the disposition to prevail or yield to interactions

with novel agents. These findings suggests that children
prioritized a relational over a dispositional construal of the
observed interactions. Experiment 2 examined which of these
interpretations adults adopt using an adapted version of the
task used with children.

Methods
Participants. Participants (N = 64) were recruited from the
Testable Minds pool (https://minds.testable.org). The final
sample consisted of 60 participants (age: M = 30 years; R: 19
to 43 years). All participants provided written informed
consent before the testing session.
Stimuli, Design, and Procedure. The experiment was
conducted online using Testable (https://www.testable.org).
The stimuli and experimental design were the same as in
Experiment 1, but we modified the testing procedure such
that the task could be administered without supervision and
made it appropriate to an adult sample. All instructions and
test questions were presented in a written form, and responses
were collected through key presses. Further, we removed the
color-naming game and introduced the goal object as a food
item (rather than a toy) to make the stimuli more ecologically
valid for adults.
Inclusion criteria. As in Experiment 1, to be included in the
final sample, participants had to (1) answer correctly to both
warm-up memory questions; (2) contribute a minimum of
one trial per condition. Trials in new-partner conditions were
excluded if the memory question after the test was answered
incorrectly.

Results and discussion
We used the same analysis protocol as in Experiment 1. The
condition-only model (m1: 𝜇 = 𝛼 + 𝛽ID + 𝛽condition ) had
60% of the model weight, indicating that the adults’
responses were consistent across blocks. The same priors
were used as in Experiment 1.
The results are depicted in Figure 3. The posterior
estimates of choice revealed that adults consistently selected
the dominant agent in the same partners condition, with the
89% of the predicted domgenscore distribution falling
between .84 and .91, and the new subordinate condition, with
the 89% of the predicted domgenscore distribution falling
between .78 and .89. Conversely, in the new dominant
condition, participants had no preference for either of the
agents, the subordinate or the new agent who replaced the
dominant, 89% CI = [.46, .60]. Further, they were more likely
to choose the dominant agent in the same partners and new
subordinate conditions than its substitute in the new dominant
condition, as indicated by the differences between conditions
not including the null value, i.e., 0 (Same Partners – New
Dominant, 89% CI = [.27, .44]; New Subordinate – New
Dominant, 89% CI = [-.39, -.22]).
Unlike children, adults not only selected the previously
prevailing agent when paired with the previous partner, but
also with a new agent. These findings suggests that adults
interpreted the outcome of the interaction as indicative of a
partner-invariant disposition to prevail over, but not to yield
to, others.
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General Discussion
We sought to examine what type of construal (relational vs.
dispositional) children and adults adopt when interpreting
third-party interactions. Across two experiments, we found
that both children and adults inferred dominance from the
outcome of a contest event: they consistently chose the
dominant agent as more likely to prevail in a contest event
with no visible resolution when paired with the previous
partner (subordinate). When the event involved a new
partner, however, the choice pattern differed across the two
age groups: adults selected the previous dominant, but
children did not. The children’s lack of generalization is
consistent with an interpretation of the interaction as
indicative of a dominance relation, which restricts inferences
about power asymmetries to the observed dyad. Conversely,
the tendency to generalize dominance to interactions with
novel agents, as observed in adults, suggests an interpretation
of the dominant’s behavior as manifesting a target-invariant
trait (to prevail).
Taken together, these results suggest that dispositional
interpretations of social interactions may not emerge until
later in development. This conclusion is largely congruent
with the literature on trait attribution reviewed earlier and
extends the reluctance to deploy dispositional inferences to
tasks involving minimal linguistic mediation and postdictive
(rather than predictive) questions. This suggests that neither
the language-heavy nor the predictive nature of the measures
used in earlier studies can adequately account for the
children’s failure to generalize behaviors across targets
(Boseovski & Lee, 2006).
While the adults’ response can be taken as evidence of a
trait-like interpretation of the tendency to prevail over others,
it may also reflect the operations of latent structural schemata
(e.g., a pyramidal configuration), which presuppose a small
set of dominants ruling over a larger set of subordinates.
Recruiting such representational schemata would make
adults consider novel partners more likely to be sampled from
the bottom of the structure than the top. In such case, the
dominance generalization, rather than being evidence of trait
attribution, would instead be consistent with a relational
account which incorporates implicit priors about the shape of
the larger hierarchical structures that the inferred relations are
embedded in (Fiske, 2012).
Irrespective of which interpretation may best account for
the adult data, the present results corroborate the hypothesis
that children may first adopt the interpretive stance of naïve
sociologists, charting out the social landscape in terms of its
constitutive relations (Thomsen & Carey, 2013), and only
later develop the stance of naïve personality psychologists,
biasing the interpretation of social behaviors as indicative of
stable individual dispositions (as famously captured in the
“fundamental attribution error”, FAE: Ross, 1977).
What could explain such a developmental progression? It
has been argued that inductive biases of the dispositional kind
(like the FAE) may serve to enhance one’s reputation (i.e., by
convincing others that our most socially praiseworthy actions
stem from personal virtues rather than social obligations:
Andrews, 2001) or to shape social behaviors (e.g., by making
character-wide ascriptions work as self-fulfilling prophecies

about one’s socially expected conduit: Alfano, 2013). Under
such account, the adoption of trait-based explanations should
become a robust phenomenon only once children have begun
to appreciate the reputational consequences of their (and
others’) interpersonal conducts (Silver & Shaw, 2018).
There are however conceivable alternative interpretations
of the present findings, especially with regards to the adult
data, which should be addressed. First, the adults’ response
pattern, which we argued to be evidence of trait attribution,
may have been supported by a non-interactive interpretation
of the events based on relative differences in desire strength.
The evidence that one agent (the dominant) consistently
acquired the object whereas the other (the subordinate) did
not may have induced adults to ascribe a desire for the item
only in the former, and thus to reason that the dominant agent
should acquire the item again when paired with a familiar or
novel agent. To control for this possibility, we plan to run a
new experiment with a modified induction phase where both
agents are shown acquiring the object an equal number of
times prior to the conflict events. This account however does
not detract from our main conclusion that children preferred
pair-based construals while adults opted for actor-based ones
(regardless of whether these were based on desire or trait
ascription). Further, we cannot rule out the possibility that the
adults’ generalization pattern may have stemmed from
interpreting the test question (“Who took the ball?”) as
referring to the previously witnessed conflict event, in which
A dominated B. To control for such a confound, we will run
a replication in which the temporal reference of the question
is made unambiguous (“Which of the two agents behind the
screen took the ball?”).
On a related note, one may suggest that adults generalized
“dominance” because, unlike children, they focused only on
the agent who acquired the object, thus failing to encode the
partner’s identity. This account is however question-begging:
why would adults, who unquestionably have more attentional
resources to recruit for event processing and have been shown
to automatically encode asymmetric thematic roles (Hafri et
al., 2018) from rapid scene exposure, omit representing an
event participant that even infants readily encode (Mascaro
& Csibra, 2012)?
More generally, it should be emphasized that the present
study used only one type of interaction (dominance), and one
type of diagnostic cue (priority of resource access). Given the
manifold ways in which humans relate to each other, it would
be premature to extrapolate from these findings which types
of inferences children and adults preferentially draw when
presented with other types of social behaviors (e.g., helping,
imitating, etc.). Future studies employing a broader range of
interaction events will contribute to shed light on this issue.

Preregistration & Materials
The preregistration can be accessed at the following link:
https://osf.io/eqjch The code and materials are available in
the project’s OSF repository: https://osf.io/rd36z/
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Abstract
Sequential sampling models have provided accurate accounts
of people’s choice, response time, and preference strength
in value-based decision-making tasks. Conventionally, these
models are developed as Markov-type processes (such as random walks or diffusion processes) following the Kolmogorov
axioms. Quantum probability theory has been proposed as an
alternative framework upon which to develop models of cognition, including quantum random walk models. When modeling people’s behavior during decision-making tasks, previous work has demonstrated that both the Markov and quantum models have their respective strengths. Recently, the open
system model, which is a hybrid version of the Markov and
quantum models, has been shown to provide a more accurate
account of preference strength compared to the Markov and
quantum models in isolation. In this work, we extend the open
system model to make predictions on pairwise choice and response time and compare it to the Markov and quantum random walk models.
Keywords: open system model; random walk model;
decision-making; sequential sampling process; quantum cognition

Introduction
As an individual evaluates different alternatives leading up
to a value-based decision (e.g., “What food would you like
for lunch?”), popular models of decision-making often assume that preference accumulates over time for each alternative. Ultimately, once preference accumulates above a certain threshold for a given alternative, a decision is made, and
that alternative is selected. The process of preference accumulation is commonly modeled as a sequential sampling process, and these models have accurately been used to predict
individuals’ choice, response time, and preference strength
in value-based decision-making tasks (Busemeyer, Gluth,
Rieskamp, & Turner, 2019). Specifically, in a two-alternative
forced-choice task (2AFC), this sequential sampling process is typically formalized as a Markov random walk on a
one-dimensional lattice of preference states (Bhattacharya &
Waymire, 2009), where the two terminal states correspond
to the two alternatives in the 2AFC. Note, this process has

also been formalized as a one-dimensional diffusion process (Ratcliff, Smith, Brown, & McKoon, 2016), which is a
continuous-state version of the Markov random walk process.
As the decision-maker accumulates preference for a given alternative, the preference state shifts in the direction of the
corresponding terminal state of that alternative. Assuming an
internally controlled stopping procedure (i.e., the decisionmaker is free to respond once they’ve made a decision rather
than being queued for a decision at a specific time), an alternative is selected when the preference state walks into one of
the corresponding terminal states (referred to as an absorbing
boundary random walk process).
As indicated by the name, random walk processes are inherently stochastic and therefore make probabilistic predictions about individuals’ choice, response time, and preference strength. Probabilistic models must specify an underlying probability theory that dictates how the probability of
events (measurement results) are generated from the model.
This step in developing cognitive models is often overlooked
and researchers tend to default to traditional probability theory as axiomatized by Kolmogorov (1950). Recently, quantum probability theory has been proposed as an alternative
framework upon which to develop cognitive models, including random walk models (Busemeyer, Wang, & Townsend,
2006), and has been successful in accounting for seemingly
irrational behavior that pose challenges to traditional cognitive models (Bruza, Wang, & Busemeyer, 2015).

Conceptual Differences Between Markov and
Quantum Random Walk Models
The transition from traditional to quantum probability theory dramatically alters how uncertainty is incorporated into
each random walk process. In a Markov random walk, the
decision-maker’s preference state is represented as a definite state; whereas in a quantum random walk, the decisionmaker’s preference state is represented as a superposition
state.
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To grasp the difference between these two representations,
consider the probability of flipping a coin and it landing
heads-up versus the probability of it landing tails-up. There’s
a 50% chance heads and a 50% chance of tails, right? Not
exactly. If you were to know the exact state of the system
(i.e., the position at which you release the coin, the velocity at which you flip it, the density of air in the room, etc.),
you would be able to predict with 100% certainty which side
would land up. Therefore, the uncertainty incorporated into
our classical model of the coin flip is introduced due to our
(the modeler’s) lack of knowledge about the state of the system. This is a sort of epistemic uncertainty that accompanies
modeling a system using a definite state (Busemeyer, Kvam,
& Pleskac, 2020).
To contrast the coin flip example with a quantum system,
consider measuring whether the spin of an electron is spin up
or spin down. Physicists have demonstrated that even if you
have complete knowledge of the state of the system, there is
still a 50% chance of measuring the spin of the electron to be
spin up and a 50% chance of measuring it to be spin down
(Hughes, 1989). Here, rather than uncertainty being incorporated as the result of our lack of knowledge of the system,
uncertainty is an intrinsic property of the system. This is a
sort of ontic uncertainty that accompanies modeling a system
using a superposition state (Busemeyer, Kvam, & Pleskac,
2020).
By using a definite state to model preference accumulation,
a Markov random walk assumes that the decision-maker is
explicitly aware of the location of their preference state along
the one-dimensional lattice. When a decision is made, a person simply reads out their preference from a pre-existing definite state. This is similar to how once we flip a coin, observing which side landed up simply reveals the state of the coin,
which we could have already known with 100% certainty if
we had complete knowledge of the system. Therefore, the uncertainty included in the Markov random walk process is the
modeler’s lack of knowledge of the decision-maker’s preference state.
By using a superposition state to model preference accumulation, a quantum random walk assumes that the decisionmaker is uncertain about the location of their own internal
preference state along the one-dimensional lattice. When a
decision is made, a person constructs a definite preference out
of the superposition state. Therefore, the uncertainty included
in the quantum random walk process is the decision-maker’s
own lack of knowledge of their preference state, rather than
the modeler’s lack of knowledge.
Although a definite state sounds appropriate for some decisions, such as if someone asks you your favorite color or
favorite sports team, a superposition state appears more apt
for other decisions, such as if someone asks you how you are
feeling.
As indicated earlier, random walk models are often evaluated on their ability to account for choice, response time, and
preference strength in a value-based decision-making task.

Wang and Busemeyer (2016) found that the quantum model
provided a better fit compared to the Markov model when
accounting for choice in a sequential decision-making task.
But, when fit to pairwise choice and response time data, both
Busemeyer et al. (2006) and Fuss and Navarro (2013) reported that the Markov random walk outperformed the quantum random walk. Finally, when fit to joint choice and confidence data (confidence is analogous to preference strength
in an evidence-based decision-making task), Kvam, Pleskac,
Yu, and Busemeyer (2015) concluded that the quantum random walk outperformed the Markov random walk. Importantly, the quantum model can account for interference effects
in joint choice and confidence data (i.e., making a choice alters the distribution of confidence ratings) which is not compatible with the Markov model. It appears that there are benefits that accompany both models. Up to this point we’ve discussed random walk models as either being purely Markov or
purely quantum, but is necessary to treat Markov and quantum random walk models as mutually exclusive?

Open System Model
Fortunately, that is not the case. The open system random
walk model combines quantum and Markov models in a hybrid fashion such that the quantum random walk and the
Markov random walk are merely two ends of a random walk
spectrum spanned by the open system model (Busemeyer,
Zhang, Balakrishnan, & Wang, 2020; Fuss & Navarro, 2013;
Martı́nez-Martı́nez & Sánchez-Burillo, 2016). Being a hybrid
version of the Markov and quantum models, the open system
model incorporates both epistemic and ontic uncertainty into
the random walk process, which is probably the most accurate representation as both a decision-maker is uncertain of
the location of their evidence state and the modeler is also
uncertain of the location of the decision-maker’s superposition state (Yearsley, 2017).
When fit to preference strength data, Kvam, Busemeyer,
and Pleskac (2021) reported that the open system model outperforms both Markov and quantum random walk models.
Kvam et al. (2021) also demonstrated that mean preference
strength systematically oscillates over time and that a decision causes an interference effect on the subsequent preference strength. Both of these findings are incompatible with
the Markov model, which predicts a monotonic increase in
mean preference strength and no interference effect, but are
naturally accounted for by the open system and quantum
models. In addition to comparing quantum and Markov models, Fuss and Navarro (2013) also fit an open system model
to pairwise choice and response time data. They found that
the open system model produced a small advantage over the
Markov model. Although this is a promising result, the open
system model used in Fuss and Navarro (2013) has little connection to previous Markov models of decision-making. This
model was developed as an array of parallel accumulators,
where each accumulator is assigned a phase. The phase difference between any two accumulators determines the degree
to which those two accumulators reinforce each other. With
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this formulation, the open system model in Fuss and Navarro
(2013) can be represented by a quantum random walk with a
single accumulator, but their forms are quite different.
In this article, we develop a more general open system
model to predict pairwise choice and response time data. This
model builds off of previous Markov and quantum models of
decision-making (Busemeyer, Zhang, et al., 2020) and also
incorporates a parameter that estimates the relative influence
of the Markov and quantum components on the random walk.
Rather than assuming an array of accumulators like the model
in Fuss and Navarro (2013), we assume a single accumulator.
Also, the dynamics of the open system model outlined here
are governed by the same tridiagonal intensity and Hamiltonian matrices that determine the dynamics of Markov and
quantum random walks, respectively. After developing this
more general open system model, we compare its performance to that of the Markov and quantum models when fit
to pairwise choice and response time data.

Methods
Participants
A total of N = 63 participants were recruited through Prolific,
an online experimental platform, and paid $15 for completing
the study. To ensure quality and consistent data, we screened
participants so that they could only complete the study on
a desktop or laptop (excluding those on tablets and phones)
and they were of United States nationality. Three participants
were excluded from the analysis because they responded with
either 30 or -30 when they rated their relative preference between the two gift cards on more than 80% of the trials. This
indicated that they were not fully evaluating their preference,
rather defaulting to the extreme values.

Materials
On each trial, a pair of gift cards to hypothetical local restaurants were presented. All participants saw the same set of 49
gift card pairs, but the order of presentation was randomized
for each participant. The gift cards varied on 4 dimensions:
dollar value (which ranged from $10 − $30), restaurant rating (which ranged from 1-5 stars), average price per meal at
the restaurant (which ranged from $5 − $20), and distance
from their home (which ranged from 0.1-10 miles). For the
first response on each trial, participants specified their choice
by either clicking a button labeled “Left”or a button labeled
“Right”. For the second response on each trial, participants
recorded their relative preference between the two gift cards
using a sliding scale from -30 to 30.

Procedure
During the experiment, there were 7 blocks with 7 trials per
block. At the beginning of a trial, a fixation cross was presented for two seconds. After that period, a pair of gift cards
were presented and participants were prompted to either press
the “Left” button to indicate that they prefer the left gift card
or press the “Right” button to indicate that they would prefer
the right gift card (for an example trial, see Figure 1).

Figure 1: Example of a gift card pair with the responses.
After pressing the “Left” or “Right” button, the gift cards
continued to be presented on the screen for a variable time
interval of either 3, 6, 9, 18, 30, or 45 seconds. Then, participants were asked to indicate their relative preference between
the two gift cards using a slider on a scale of -30 to 30, where
a response of -30 indicated that they preferred the gift card
on the left $30 more than the one on the right and a response
of 30 indicated that they prefer the gift card on the right $30
more than the one on the left, and a response of 0 means they
value them both equally. The second response was collected
for an unrelated research question. At the end of the experiment, participants were asked what percentage of the time
they paid attention to each attribute (on a scale of 0 to 100) to
identify the importance they placed on each attribute.

Model Formulation
All three models outlined in this section are developed over
an arbitrary number of preference states (N), where the preference states are ordered according to preference strength for
one alternative relative to the other. The N preference states
form an orthonormal basis for each model. We set N = 21
when we fit the models to the experimental data, and the findings of the 21 preference state models are reported in the Results section. We chose to use 21 states because the model fits
were worse with fewer states and adding more states beyond
21 did not improve fits. We did not use more than the necessary number of states needed to obtain good fits (21) because
of the computational cost of the models.

Markov Model
We used a discrete-state, continuous-time Markov random
walk process with absorbing boundaries and N preferences
states. The decision-maker’s preference state (φ) is represented as a linear combination of the basis states (which are
the N preference states) such that the coefficient on each basis state represents the probability that the decision-maker’s
preference state is located in that basis state. Therefore, φ
encodes a probability distribution over the basis states.
The dynamics of the Markov random walk process are governed by the generator matrix (K). The generator matrix is a
tridiagonal matrix that is specified using two free parameters:
a drift rate vM ∈ (−∞, ∞) which describes the rate at which the
probability distribution moves toward one alternative relative
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to the other and a diffusion rate σ2M ∈ (0, ∞) which describes
the rate at which probability flows out of a basis state and into
the adjacent states.
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where µk = u · vQ · k, k is the index for state k, and u is the
same utility as in the Markov model.
The dynamics of the quantum random walk are described
by the Schrödinger equation

where α = σ2M − u · vM , β = σ2M + u · vM , λ = α + β, and u ∈
[−40, 40] is the utility of the gift card pair, which is defined
as the relative worth of one gift card to the other based on the
four gift card attributes.
The dynamics of the Markov random walk are described
by the Kolmogorov forward equation
d
φ = K ·φ
dt
which defines how the probability distribution changes over
time.

Quantum Model
We used a discrete-state, continuous-time quantum random
walk process with absorbing boundaries and N preference
states. The decision-maker’s preference state (ψ) is represented as a linear combination of the basis states, similar
to the Markov model. But, in the quantum model, the coefficient on each basis state represents the potential that the
decision-maker’s preference state is located in that basis state.
Rather than operating on probabilities like the Markov random walk, the quantum random walk operates on probabilityamplitudes, or just amplitudes. Unlike probabilities, which
are real numbers between 0 and 1, amplitudes can be complex
numbers whose magnitude is between 0 and 1. The probability of the decision-maker’s preference state being located in
a given basis state is equal to the squared magnitude of the
corresponding amplitude of that state. Therefore, ψ encodes
an amplitude distribution over the basis states.
The dynamics of the quantum random walk process are
governed by the Hamiltonian matrix (H). Similar to the generator matrix in the Markov model, the Hamiltonian matrix is
a tridiagonal matrix that is specified using two free parameters: a drift rate vQ ∈ (−∞, ∞) which is the slope (or constant
force) of the potential function that determines the relative
amount of amplitude flowing back into a basis state and a diffusion rate σ2Q ∈ (0, ∞) which is the rate at which amplitude
flows out of a basis state and into the adjacent ones. Note, the
potential function does not necessarily need to be linear with
a constant force like the one specified here. We just chose a
linear potential function for simplicity.

d
ψ = −i · H · ψ
dt
which defines how the amplitude distribution changes over
time.

Open System Model
We used a discrete-state, continuous-time open system random walk process with absorbing boundaries and N preference states. The decision-maker’s preference state (ρ) is represented using a density matrix, which is initialized as the
outer product of the preference state in the quantum random
walk ρ = ψ · ψ† . The diagonal element in the j row and column represents the probability that the decision-maker’s preference state is located in that basis state.
Because the open system model is a hybrid of the Markov
and quantum models, the dynamics of the open system random walk process are governed by both the generator matrix
(K) and the Hamiltonian matrix (H). The generator matrix
and Hamiltonian matrix take the same form as in the Markov
and quantum models, respectively, so the dynamics of the
open system model are specified using four free parameters:
vM ∈ (−∞, ∞), σ2M ∈ (0, ∞), vQ ∈ (0, ∞), and σ2Q ∈ (0, ∞).
The dynamics of the open system random walk are described by the quantum master equation
d
ρ(t) = −i · [H, ρ(t)]
dt

+ ∑ γ jk ·



L jk · ρ(t) · L†jk − 0.5 · {(L†jk · L jk ), ρ(t)}

j,k

where γ jk is equal to the element at row j and column k in
the generator matrix (γ jk = K( j, k)) and L jk is a 21 by 21
matrix of 0’s, except at row j and column k there is a 1. The
first line ofthe right side of the quantum master equation −
i · [H, ρ(t)] is the quantum component of the random walk,
whereas the second line is the Markov component.
Note that when we define this equation, the two diffusion
parameters, σ2M and σ2Q , have similar interpretations. In the
Markov model, σ2M describes the rate at which probability
flows out of a basis state and into the adjacent states; and in
the quantum model, σ2Q describes the rate at which amplitude
flows out of a basis state and into the adjacent states. Since the
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open system model concurrently incorporates both Markov
and quantum components, we believe that probability and
amplitude should diffuse at the same rate (σ2 = σ2M = σ2Q ).
To control the relative influence of the Markov and quantum components on the open system random walk, we added
a weighting parameter, ω ∈ [0, 1], to the quantum master
equation. With the addition of the weighting parameter, we
can reparameterize the master equation, still in terms of four
free parameters (ω, vM , vQ , and σ2 )

rather than deterministically occurring at a fixed interval. The
rate g ∈ (0, ∞) is fit as a free parameter. By assuming the measurements are exponential distributed (described by a continuous probability density) rather than occurring at deterministic times as specified by a constant time interval, the response
time distribution of each random walk is continuous rather
than discrete.

Results
We excluded trials with response times larger than 20 s to
exclude trials where participants were likely not attending to
the task.


d
ρ(t) = (1 − ω) · − i · [H, ρ(t)]
dt 


†
† 
+ ω · ∑ γ jk · L jk · ρ(t) · L jk − 0.5 · {(L jk · L jk ), ρ(t)}

Model Comparison

j,k

σ2

where now H is defined using vQ as the force and
as the
diffusion rate and K (which is where the γ jk is taken from) is
defined using vM as the drift rate and σ2 as the diffusion rate.
Note that when ω = 0, the open system model reduces to the
quantum random walk; and when ω = 1, the open system
model reduces to the Markov random walk.

Other Parameters
Non-decision Time To account for the time included in the
total response time that was not dedicated to the decision process (e.g., motor response), we included a non-decision time
parameter in the models, TND .
Discrete to Continuous Response Time Distribution We
began by formulating each model as a continuous-time,
discrete-state random walk process with absorbing boundaries. The absorbing boundaries in each model are the two
terminal basis states. If the preference state is measured to be
in the first basis state, then the random walk process ends and
the decision-maker selects the left gift card. Similarly, if the
preference state is measured to be in the 21st basis state, then
the random walk process ends and the decision-maker selects
the right gift card. To implement absorbing boundaries, each
model must repeatedly evolve the preference state for some
amount of time (τ) and then measure the probability that the
state is in either of the terminal states. The evolution and subsequent measurement of the preference state is referred to as
a step in the random walk. The probability that the preference state is in either of the terminal states on step n is equal
to the probability that the random walk process ends after n
steps (and the probability that the response time t is given by
t = τ · n + TND ). The number of steps must be discrete, so the
response time distribution is discrete as well.
Although the current state-of-the-art 2AFC model, the
drift-diffusion model, is a continuous-time, continuous-state
model (which allows it to have a continuous response time
distribution), we could not directly compare the quantum
or open system model to the drift-diffusion model because
there is no continuous-time, continuous-state quantum random walk. To work around this, we assumed that each step
in the random walk is exponentially distributed with rate g,

The parameters for both the Markov and open system models were fit using maximum likelihood estimation. The likelihood of each model was converted to the G2 statistic to
perform model comparison (G2 = −2 · LL, where LL is the
log-likelihood of the model given the data and the set of parameters). Since the Markov and quantum models are nested
models of the open system model, we can perform a χ2 test
to determine whether we should reject the simpler models in
favor of the more complex open system model. The mean G2
value for each model across participants, and the number of
parameters used in each model, are displayed in Table 1
Table 1: Comparison of mean fits across participants.
Model
Markov
Quantum
Open system

Mean G2
222.69
238.23
217.82

k
4
4
6

Comparing the mean fits of each model, ∆G2M = 222.69 −
217.82 = 4.87, ∆G2Q = 238.23 − 217.82 = 20.41, and ∆k =
6 − 4 = 2, where k is the number of free parameters,
χ2 (∆G2M = 4.87, ∆k = 2) results in p = 0.087 and χ2 (∆G2Q =
20.41, ∆k = 2) results in p = 3.7 · 10−5 , so we do not have
enough evidence on average to reject the Markov model in
favor of the more complex the open system model but we do
have enough evidence on average to reject the quantum model
in favor of the open system model.
When looking at the individual participants using the same
χ2 test, we found that for 16 out of the 60 participants, there
was enough evidence to reject the Markov model in favor of
the open system model; and for all 60 participants, there was
enough evidence to reject the quantum model in favor of the
open system model.

Predicted Response Time Distributions
As an alternative to quantitatively distinguishing between
the different models by comparing their fits, observing each
model’s predicted response time distribution can illuminate
qualitative differences between the models. For example, the
response time distribution of a quantum random walk can be
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multimodal, whereas that of a Markov random walk must be
unimodal Busemeyer et al. (2006). Figure 2 illustrates the
predicted response time distributions using the best-fit parameters for participant 51 and utility = 1 for all three models.

As illustrated in Figure 3, most of the weighting parameters
pile up around 0.9, which suggests that the Markov component of the open system model has a stronger influence on
the random walk compared to the quantum component. Although, this finding could be due to the fitting program getting
stuck in local minima when optimizing the parameters of the
open system model. When fitting the model, we used the parameters of the Markov model as an initial guess. It would
make sense that, given the complexity of the open system
model’s parameter space, the optimization algorithm would
keep the weighting parameter near 1, as the initial parameters
are sure to give a decent fit (equal to the Markov) when the
weighting parameter is 1. The two sets of best fit parameters with the weighting parameter between 0.2 and 0.3 could
provide a basis to further explore sets of starting parameters.

Discussion

Figure 2: Response time distributions using the best-fit parameters for participant 51 and utility = 1.
Figure 2 demonstrates that the open system model can predict multimodal response time distributions like the quantum
model. But, looking at the tails of each distribution, the tail
of the Markov and open system models are much smaller
compared to that of the quantum model. As a hybrid of
the Markov and quantum models, it appears as though the
open system models combined the advantageous features of
the two models to more accurately account for the observed
response times.

Weighting Parameter
The weighting parameter is a key component of the open
system model, as it controls the relative influence that the
Markov and quantum components have on the open system
(Busemeyer, Kvam, & Pleskac, 2020).

When accounting for behavior during decision-making tasks,
both Markov and quantum random walk models have their
respective strengths. The Markov model excels at modeling pairwise choice and response time (Busemeyer et al.,
2006), whereas the quantum model excels at modeling pairwise choice and confidence/preference strength and naturally
predicts both interference effects and oscillations in preference strength (Kvam et al., 2015, 2021). Being a hybrid of
the two, the open system model has the potential to combine
the best aspects of both models.
The potential of the open system model has already been
realized when predicting preference strength (Kvam et al.,
2021), and here, for the first time, we extended that model
to choice and response time. Although on average, we cannot reject the Markov model in favor of the open system
model, we can reject the Markov model in favor of the open
system model for 16 out of the 60 participants. Given that
modeling choice and response time is the biggest strength of
the Markov model, the success of the open system model is
greatly encouraging and warrants further investigation. Plus,
the open system model significantly outperformed the quantum model on all 60 participants, which demonstrates its improvement over the pure quantum model.
Going forward, we plan to examine each model’s ability to predict pairwise choice, response time, and preference
strength data. Since the open system model notably outperformed the Markov and quantum models when fit to mean
preference strength, and nearly outperformed the Markov
model when predicting pairwise choice and response time,
we are confident the open system model will outperform
the Markov and quantum models when predicting pairwise
choice, response time, and preference strength.
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Abstract
We examine how the variation present in a Latino variety
of English spoken by Miami-based Cuban Americans,
which is not a foreign accent, affects processing for two
distinct listener populations, General American English
listeners and LA-based Mexican American English
listeners. Past research has appealed to notions of
standardness and familiarity when explaining processing
costs associated with foreign and regional accents.
Studying two listener populations that have different
relationships with standard and Latino varieties of English
has the potential to disentangle these factors (i.e.
familiarity, standardness). Through three semantic
priming experiments, which measure online processing,
it’s shown that the variation present in Cuban American
speech does not affect priming facilitation for General
American English listeners or LA-based Mexican
American listeners, suggesting that our human processing
system is generally flexible at accommodating variation
and that it’s worth studying the effects of variation at
levels beyond the extremes.
Keywords: variation; processing

Introduction
Research on the perception and recognition of
accented speech often studies variation through two
categories: native regionally-marked accents or nonnative foreign accents (eg. Munro & Derwing, 1995;
Floccia et al., 2006; Goslin et al., 2012; Frances et al.,
2018). These types of accents highlight gross
mismatches between listener and accented talker speech
patterns, which contribute to the large number of
processing costs associated with variation. Anecdotally,
though, communicative breakdowns are not common
when we communicate with speakers of other accents.
By studying varieties and listener populations that are
not easily classified as regional or foreign, we can begin
to tease apart issues of familiarity and standardness.
Studying Latino varieties of English, which are spoken
variably across the US by Hispanic/ Latinx populations,
allows researchers to formulate questions about how
linguistic experience (ie. familiarity) and notions of
standardness affect recognition across listener groups.
Latino varieties of English are particularly well suited for
these questions because they are non-standard varieties
spoken with different linguistic repertoires by Hispanic/
Latinx native English speakers across the country (eg.

Thomas, 2019; Podesva et al., 2016; Shousterman, 2014;
Newman, 2010; Mendoza-Denton, 2008; Slomanson &
Newman, 2004; Wolfram, et al., 2004; Poplack, 1976;
Wolfram, 1974).
The linguistic heterogeneity across Latino varieties of
English means that those who are familiar with one
variety might be capable of identifying speakers of their
familiar variety, but not necessarily other varieties. For
example, while high rates of syllable timing (where
syllables consistently have similar durations; unlike
English, where syllable duration correlates with syllable
stress) and a TRAP/TRAM merger (where the “a”
vowels are pronounced the same; “a” isn’t raised and
fronted before nasals) have been documented as features
of both “Miami English” (Carter et al., 2020; Enzinna,
2015; Carter et al., 2014) and LA-based Chicano English
(Santa Ana, 1991; Fought, 2003), these two varieties
differ in that some Chicano English speakers have a
more fronted /u/ (which is canonically the most backed
vowel) because of Chicano speakers’ participation in the
California Vowel Shift (Fought, 1999). In sum, Latino
varieties of English are prevalent in the US, share some
linguistic features but vary in others, and are distinct
from regionally-marked or “heavy” foreign accents.
Studying Latino varieties of English thus has the
potential to help tease apart the contribution of factors
like familiarity and standardness that affect processing.
This study investigates the effects of variation found in
the speech of Miami-based Cuban Americans (CA) on
recognition by General American English (GA) listeners
and LA-based Mexican American (MA) listeners. While
CA speech has distinct features compared to both GA
and MA varieties, there are a few reasons to expect
spoken word recognition should proceed unimpeded.
Specifically, facilitation could occur because listeners
have familiarity or exposure to the community, because
the human processing system is generally flexible at
accommodating variation, or because the variation
present in this variety is not as extreme as that found in
heavy foreign accents.
The semantic priming paradigm is used here because
has been shown to be highly sensitive to subtle phonetic
variation (e.g., Sumner, 2013). In addition, many
previous studies showing that accents impeded
processing relied on offline tasks (eg. Bradlow & Bent,
2008; Munro & Derwing, 1995; Lev-Ari & Keysar,
2010), but the online semantic priming paradigm ensures
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stereotypes about speakers don’t influence responses
(e.g., Smith & Levy, 2011).
Within this paradigm, there are reasons we might
expect to find no or reduced facilitation of semanticallyrelated words. For one, some work has found processing
costs for casual spoken English (e.g., Tucker & Warner,
2007; Pitt, 2009). In addition, we know atypical voices
slow lexical access (Johnson, 2006). If these effects were
to hold for this Latino variety of English, facilitation
could be reduced, since semantic priming strongly
depends on prime processing speed (van Orden &
Goldinger, 1994). These experiments were designed to
help us understand whether variation associated with any
accented speech is costly, or whether only particular
extremes of variation affect processing. By considering
two listener populations (GA and MA) with different
levels of familiarity with CA variation and different
relationships with standard varieties, we can also
disentangle the effects of standardness and familiarity on
processing more broadly.
In Exp. 1, we replicate past results with GA talkers and
GA listeners to validate the online setup. In Exp. 2, we
investigate the semantic priming of that same listener
population (GA) to CA talkers. And in Exp. 3 we
extended Exp. 2 to include LA-based MA listeners.
Together, these experiments were designed to elucidate
how a CA Latino variety of English affects processing
across different listener populations.

Experiment 1
The goal of Exp. 1 was to validate a robust laboratory
finding in an online setting. The robustness of the
semantic priming effect, its sensitivity to phonetic
variation, and its speeded responses should capture any
costs that might be associated with the variation
introduced by the Miami-based CA talkers. For this first
experiment though, only GA talkers and listeners were
used to ensure the online experimental setup replicates
past work.

Methods
Participants 100 MTurkers were recruited to take this
study. Participants who were not native English speakers
were excluded, along with participants who scored less
than a 90% accuracy for lexical decisions and
participants who took longer than 2.5 standard
deviations from the mean amount of time to complete the
experiment. Because the semantic priming paradigm was
run online, as opposed to in person at a lab, the accuracy
exclusion percentage was set high at 90% to exclude
participants who were not paying attention throughout
the experiment—attention is especially important for
semantic priming tasks. For this reason, and because of
the preponderance of bots on MTurk, many participants
were excluded for low levels of accuracy. 40 participants
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remained after the exclusion criteria were applied. Of
these 40 participants, 3 were Hispanic/ Latinx
participants who identified Mexico as their heritage
country, but these 3 participants were not from LA or
Miami.
Stimuli & Design Stimuli were recorded remotely by
two GA speakers. One talker produced the primes and
another talker produced the targets. The use of two
talkers was intended to increase variation for the listeners
and also to eliminate any effects that might be due to an
individual talker (see Sumner & Samuel, 2009 for a
related discussion). The two speakers were selected from
a larger group of potential speakers for their acoustic
similarity. Speaker A, who uttered all the primes, is a
white monolingual GA speaker who has lived in multiple
states in the Northeast. Speaker B, the speaker of the
target words, is a white monolingual English-speaking
male from Chicago, IL. A post experimental survey
based on the speakers reading six words revealed that
95% of listeners considered Speaker A to be white and
90% of listeners considered Speaker B to be white.
The stimuli used in the experiment consisted of 320word pairs, 80 of which were critical semanticallyrelated prime-target pairs (e.g., prime – target), and the
rest of which were filler trials (80 with real word targets,
and 160 with pseudoword targets). Prime and target pairs
were selected based on a word association task. Primetarget pairs that had an associated strength (probability)
between 0.3-0.6 and that didn’t have a second strong
associated word were used.
The 80 critical trials were split into two lists such that
in one list, 40 of the primes were paired with
semantically related targets (critical trials), and 40 of the
primes were paired with semantically unrelated targets
(control trials).
The remaining trials were either the 80 filler
semantically unrelated prime-target pairs, or the 160filler real-pseudoword prime-target pairs. The
proportion of semantically related trials was 12.5% to
reduce the likelihood of strategic responses. Syllable
lengths of filler trials were matched to the syllable ratios
of the words in the critical prime-target pairs.

Procedure
The study was run online. Each participant read consent
and general study information and then tested their
audio. Before the task began listeners read task
instructions and practiced lexical decisions with two
prime-target pairs. Following these practice trials,
participants heard the 320 prime-target word pairs in a
randomized order. Each pair consisted of the auditory
prime, followed by a 100ms ISI, and then the auditory
target. After participants made a lexical decision, the
next prime was played 1s later, unless no decision was
made, in which case the next prime played 3s after the

onset of the prime. After presentation of the 320 trials,
participants filled out a post experimental survey about
the speakers and a demographics survey.

Results
Individual responses were excluded if lexical decisions
were made faster than 500ms from the onset of the target
or if lexical decisions took longer than 3 standard
deviations from the average response time. A mixed
effects linear regression model predicting log RT from
the fixed effect of priming condition (semantically
related vs. semantically unrelated) and random bysubject and by-item intercepts and slopes revealed a
main effect of priming condition (𝛽 = −0.07, 𝑆𝐸 =
0.009, 𝑡 = −8.47, 𝑝 < . 001). Response times for
semantically related targets were significantly faster than
response times for semantically unrelated targets.
These results proved that an online semantic priming
task was effective in measuring millisecond differences
previously captured in lab-based studies (McCusker et
al., 1981; Marslen-Wilson, 1980). As expected, Figure 1
shows semantically related targets were identified as real
words significantly faster at 423ms than semantically
unrelated targets at 489ms on average. In other words,
semantic priming was detected in this online remotelyrun experiment.

Figure 2: Response time by trial number for
semantically related (blue) and unrelated (red) trials

Experiment 2
Exp. 1 replicated the basic semantic priming effect as
expected—listeners recognized targets preceded by
semantically-related primes (“doctor” - “nurse”) faster
than words preceded by semantically unrelated primes
(“apple” - “nurse”). Exp. 2 used the same listener
population (GA) and design as in Exp. 1 with one
change: prime and target words were spoken in a Latino
variety of English by two CA from Miami, FL.
The purpose of this experiment was to determine
whether words preceded by related words are recognized
faster by GA listeners than those preceded by unrelated
words when spoken by a CA who speaks a Latino variety
of English. On the one hand, we might hypothesize that
any variation will impede processing because of
evidence that even subtle variation within GA English
can be costly and evidence that atypical voices slow
lexical access. If these kinds of effects hold, we’d expect
either significantly reduced priming or a null effect. On
the other hand, if listeners are generally flexible at
accommodating variation, we’d expect to find
facilitation.

Methods

Figure 1: Mean response times to targets preceded
by unrelated (yellow) and related (blue) words.
The response times over the course of the experiment in
Figure 2 also replicate results found in lab-based studies
(eg. Clarke & Garrett, 2004) where listeners get better
and faster at experimental tasks with experience.
Response times for semantically related targets start out
at floor, so they don’t decrease significantly over the
course of the experiment. In contrast, listeners adapted
to the GA speakers’ voices over the course of the
experiment—response times to unrelated targets
decrease over the course of the experiment.
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Participants 100 MTurkers participated in Exp. 2. Once
again, participants who were not native English speakers
were excluded, along with participants whose accuracy
was less than 90% and participants who took longer than
2.5 standard deviations from the mean amount of time to
complete the experiment. After the exclusion criteria
were applied, 62 participants remained. Of these 62
participants, 1 non-Hispanic participant was from
Miami, FL, 1 non-Hispanic participant was from Los
Angeles, CA, and 1 participant from Texas identified as
Hispanic/ Latinx.
Stimuli & Design The stimuli used in Exp. 2 were
recorded by two CA based in Miami, FL who were
selected from a larger set of speakers for their perceived
similarity by trained phoneticians. Speaker A is a native
speaker of both English and Spanish. He identifies

himself as Hispanic/ Latinx and his heritage country as
Cuba. Speaker B is also a native speaker of both English
and Spanish and identifies as Hispanic/ Latinx with
Cuban heritage. The CA speakers in Exp. 2 recorded the
same set of 320 word pairs as the GA speakers in Exp. 1.

Procedure
The procedure for Exp. 2 was the same as Exp. 1.

Results
The same exclusion criteria for individual responses
used in Exp.1 were applied in Exp. 2 as well (individual
responses were excluded if lexical decisions were made
faster than 500ms from the onset of the target and if
lexical decisions took longer than 3 standard deviations
from the average response time).
A mixed effect linear regression model predicting log
response time from the fixed effect of priming condition
(semantically related vs. semantically unrelated) and
random by-subject and by-item intercepts and slopes
also revealed a main effect of priming condition (𝛽 =
−0.07, 𝑆𝐸 = 0.009, 𝑡 = −7.8, 𝑝 < . 001). Response
times for semantically related targets (427ms) were
significantly faster than response times for semantically
unrelated targets (483ms).

In addition, response times still decreased over the
course of the study as listeners adapted to the speakers,
but in a different way than in Exp. 1. While response
times to semantically related targets started out close to
floor in Exp. 1, Figure 4 shows that in Exp. 2, response
times were longer to start. Over the course of the
experiment, response times decreased as listeners
adapted to the speakers’ voices for both semantically
related and unrelated words. It appears there was an
initial orientation to the speakers, with the priming effect
remaining relatively stable. Overall, this graph points to
learning and adaptation to the Latino variety of English
over the course of the experiment—facilitation was not
blocked.

Figure 4: Response time by trial number for
semantically related (blue) and unrelated (red) trials

Experiment 1 & 2 Meta-Analysis

Figure 3: Mean response times to targets preceded
by unrelated (yellow) and related (blue) words.
These results show that words produced by CA talkers
facilitate recognition to semantically related targets. This
effect was robust across CA talkers despite listeners’
varying exposure to Hispanic/ Latinx populations (based
on responses from the post-experiment demographics
questionnaire). These results in combination show that
word associations and networks are still being accessed
and utilized despite the variation at the acoustic level
(Johnson, 1997) and despite the range of exposure to
Hispanic/ Latinx populations, which was used as a proxy
for exposure to Latino varieties of English.
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Because Exp. 1 and 2 were both run online on MTurk
with the same listener population, a meta-analysis was
conducted to determine whether there was a difference
in facilitation across the two speaker conditions. A
mixed effect linear regression model predicting log
response time from the fixed effects of speaker
condition (GA vs. CA) and priming condition
(semantically related vs. semantically unrelated) and
random by-subject and by-item intercepts and slopes
revealed a main effect of priming condition (𝛽 =
−0.07, 𝑆𝐸 = 0.008, 𝑡 = −8.8, 𝑝 < . 001) but not of
speaker condition (𝛽 = 0.04, 𝑆𝐸 = 0.02, 𝑡 =
1.6, 𝑝 < 0.1). Therefore, facilitation was equivalent
across these two experiments despite the difference in
talkers groups. Exp. 3 could not be included in the
meta-analysis because of the differences across listener
populations.

Experiment 3
The results of Exp. 2 suggest that GA listeners readily
recognized spoken words and did so fast enough to
facilitate recognition to related targets when faced with
speech by CA talkers—the priming facilitation effect in
Exp 2. is robust (a difference of 56ms). If we take
language use and exposure as a proxy for familiarity, we

would expect that the MA listeners in Exp. 3 would also
show robust facilitation.
Even though it appears that the effect in Exp. 2 is
potentially at floor (especially when compared to the
results of Exp. 1), we included the LA-based MA listener
population in Exp. 3 for four reasons. First, like the GA
listeners, the LA-based MA listeners speak a different
variety than the CA talkers. Second, unlike the GA
listeners, they are exposed more regularly to variation
that’s been documented in the varieties spoken by both
LA-based MA and Miami-based CA like syllable timing
and the TRAP/ TRAM merger (Miami: Carter et al.,
2020; Enzinna, 2015; Carter et al., 2014; LA: Santa Ana,
1991; Fought, 2003). Third, they provide an important
comparison to GA listeners, offering a better
understanding of how a more diverse listener population
processes the Miami-based CA speech. Finally, they
make up an underrepresented population in research that
is specifically relevant to the questions at hand.

Methods
Participants 50 participants were recruited by word of
mouth to complete Exp. 3. The same exclusions as Exp.
1 & 2 applied, but in addition, LA-based MA participants
were excluded if Los Angeles was not listed as one of
their current or previous regions, if Mexico was not listed
as a heritage country, and if English acquisition occurred
later than age 7. In the end, 32 participants were included
in the analysis.
Stimuli & Design While the participant recruitment
method differed from Exp 1 and 2, the stimuli and design
were otherwise identical to Exp 2.

Procedure
Participants completed the same online lexical decision
semantic priming task as in Exp. 1 and 2.

Results
A mixed effect linear regression model predicting log
response time from the fixed effect of priming condition
(semantically related vs. semantically unrelated) and
random by-subject and by-item intercepts and slopes
revealed a main effect of priming condition (𝛽 =
−0.056, 𝑆𝐸 = 0.012, 𝑡 = −4.85, 𝑝 < . 001).
Response times for semantically related targets were
significantly faster than response times for semantically
unrelated targets—MA listeners also experienced
facilitation effects when listening to CA talkers.

Figure 5: Mean response times to targets preceded by
unrelated (yellow) and related (blue) words.
The overall longer response times in this experiment
likely result from the fact that the listeners were not
MTurkers and thus had less experience with online
experiments. Nonetheless, semantic priming was still
evident in the difference between conditions’ response
times. As seen in Figure 5, participants identified
semantically unrelated targets on an average of 723ms,
compared to semantically related targets on average of
661ms. As expected, facilitation was still found in Exp.
3, showing that variation present in Latino varieties of
English do not necessarily pose a challenge to processing
for a diverse set of listeners.
The pattern for response times over the course of Exp.
3 is clearly distinct from the first two experiments.
However, like Exp. 1 & 2, semantically related targets
are also recognized faster than unrelated targets. In
addition, MA listeners adapted to the speakers at the
beginning of the experiment but in Exp. 3, the difference
between unrelated and related targets is less pronounced.
This is difficult to interpret, but we speculate about this
pattern in the discussion.

Figure 6: Response time by trial number for
semantically related (blue) and unrelated (red) trials
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Discussion
This study investigated how variation present in a Latino
variety of English was processed by different listener
populations: GA listeners and LA-based MA listeners.
Exp. 1 tested whether GA listeners recognized
semantically related words spoken by GA talkers faster
than unrelated controls in an online environment. As in
lab-based studies, robust facilitation was found. Exp. 2
investigated the effects of the variation present in CA
speech on semantic priming for the same GA listener
population. Compared to Exp. 1, facilitation in Exp 2.
was just as robust, even though CA speech was not as
standard as the GA speech in Exp. 1. Exp. 3 extended the
research to include listeners who did not speak the same
Latino variety of English but shared some linguistic
features with the talkers (MA listeners thus had relatively
more familiarity to variation present in CA speech
despite not speaking the same variety). In this case, the
LA-based MA listeners also recognized semantically
related words faster than unrelated words, but behaved
differently across trials as seen in Figure 6. Together,
these results suggest that facilitation is robust for this
Latino variety of English across listener groups (recall a
meta-analysis could not be conducted with Exp 3 results
because of the difference in listener populations). While
the robust facilitation found across all three experiments
ultimately did not allow us to tease apart the effects of
familiarity and standardness, the results do suggest that
unfamiliar variation that deviates from a standard variety
does not always result in processing costs. These results
thus complicate the picture regarding foreign and
regional accents—while notions of familiarity and
standardness are often appealed to when explaining
processing costs for foreign and regional accents, our
results show that listeners are capable of adjusting to
some kinds of non-standard and unfamiliar variation
quite well.
The robust facilitation for a Latino variety of English
in Exp. 2 & 3 at first glance seems at odds with the
conclusions of past studies that have found evidence for
difficulty processing foreign and regionally accented
speech. However, studies that showcase the strongest
costs tend to use offline tasks that might promote
response biases. In addition, the variation present in this
Latino variety of English is distinct from the variation
present in heavy foreign accents. Whether this variation
poses fewer processing costs or is unassociated with
strong stereotypes is beyond the scope of this work but
is important to tease apart in future work.
The results presented here add to the growing body of
literature that provide evidence for adaptation and
accommodation to variation present in both regional and
foreign accents, as well as in accents we might not easily
identify or classify. We find no evidence to support the
line of research that this novel variation is uninformative
noise or problematic for listeners. We also find robust
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facilitation across the two listener populations that differ
in their exposure to features shared across these two
Latino varieties of English (familiarity) and their
relationship to standardness.
The future study of Latino varieties of English has the
potential to shed light on the issues discussed above. For
this reason, we feel it is important to understand the
potential challenges faced by researchers. First,
recruiting populations not typically included in
experiments, even online, is challenging. These
populations don’t typically live near institutions, might
not have experience working with researchers, and aren’t
regular online study participants. As such, participants
are hard to find, and some are skeptical or wary of the
purposes of research. In the future, promising
recruitment methods might include in-person
recruitment. Diverse populations’ physical distance from
a lab also makes it hard to include them in our studies,
but these populations have the potential to help tease
apart longstanding questions in the field (like variation,
typicality, exposure, stereotyping, and their effects
across a wide array of tasks). Taking the time to travel to
the area of interest and engage with the community is
time-consuming and expensive but would help
overcome the issue of implicit exclusion.
In addition, our results in Exp. 3 suggest that there are
large differences across populations that might
complicate our findings. While speculative, considering
the trial-by-trial patterns in Figure 6, we think that it’s
entirely possible that communities less experienced with
laboratory studies and online experimentation might
pattern differently from the GA populations typically
investigated. Teasing apart the distinct causes for these
patterns is critical, as our goal is to understand human
cognition more broadly. These challenges are not a
reason for these populations’ continued exclusion, but
for thoughtful approaches to inclusive research. Studies
that involve diverse populations have the potential to
address and mitigate societal issues like bias.
The work presented here, for example, could be
expanded by including LA-based MA as not just
listeners but also speakers and by studying the effects of
GA speech on LA-based MA listeners. Expanding the
scope of research in this way will address questions in
the field like the effects of familiarity and exposure on
mental representations and the effects of standardness in
speech comprehension. In addition, this line of research
will help us move away from binary classifications of
accents.
In sum, we found robust semantic priming across our
three talker-listener contexts. These results lay the
groundwork for future work investigating Latino
varieties of English and raise questions relevant to a wide
swath of work.
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Abstract
We demonstrate how medical-image classification decisions
can be denoised by aggregating decisions on similar images.
In our algorithm, the final decision on a target image is cancerous if a percentage t of the k most similar images are cancerous, else it is not cancerous. Similarity between images
is calculated as the distance between representations from an
artificial neural network. We vary k and t for novice and expert participants using data from Trueblood et al. (2018) and
Trueblood et al. (2021). We show that increasing k improves
performance for novices, with their performance approaching
that of experts. We also show that the algorithm is biased towards identifying cancerous cells, which is reflected in the representational space. The percentage t allows greater control
over sensitivity and specificity and can be used to debias decisions. This algorithm is less effective for experts, partially
explained by them giving similar responses on similar images.
Keywords: Medical Image Decision Making; Computational Modeling; Neural Networks; Representation; Concepts and Categories

Introduction
The identification and treatment of several diseases is contingent on the interpretations of medical images (e.g., images of
blood cells in the diagnosis of leukemia) by doctors and other
medical professionals. Despite advanced training, diagnostic
mistakes occur. Some of these errors occur at random. In
such cases, one might be able to use correct decisions made
on similar images (e.g., blood cells with similar morphological characteristics) to overturn the original decision and fix it.
Such a process would effectively “de-noise” decisions, leading to improvements in accuracy.
Artificial neural network representations trained on tasks
such as categorization are similar to the ones measured in
the visual cortex of the primate brain (Yamins & DiCarlo,
2016). They can also be used to determine the similarity between two images and as inputs to cognitive models
(Sanders & Nosofsky, 2020; Peterson, Abbott, & Griffiths,
2018; Holmes, O’Daniels, & Trueblood, 2020). In exemplar
cognitive models of categorization, one determines the label
of a target based on the similarity between a target and other
similar objects. Models based on such representations have
been developed to model categorization beyond hand crafted
lab stimuli to more naturalistic stimuli (Sanders & Nosofsky,
2020; Singh, Peterson, Battleday, & Griffiths, 2020). We consider the possibility of creating a ‘hybrid’ approach to categorization, where we boost the accuracy of an agent by instanti-

ating such a process computationally after an agent has made
their decisions.
In this paper, we build on our Similarity Based Aggregation
(SBA) algorithm (Hasan, Eichbaum, Seegmiller, Stratton, &
Trueblood, 2021b) based on the idea of aggregating decisions
over similar images. In (Hasan et al., 2021b), for a given target image, we consider ‘k’ decisions made on the most similar images (including the decision made on the target image).
We then consider the ‘final aggregated response’ on the target
image to be the modal response in that set of images. This
process is conducted separately for every individual. The
algorithm is a de-noising procedure that smooths decisions
in the representational space for that individual. Previously,
we used data from (Hasan, Eichbaum, Seegmiller, Stratton,
& Trueblood, 2021a) to show that aggregating over a small
number of similar decisions can be used to improve performance in novices but not experts. We also showed that while
small improvements were possible using general representations, using a representation that was obtained by training on
cancer cell classification with task relevant information was
especially effective in improving accuracy.
In this paper, we examine the consequences of varying the
number of neighbors (k) used to generate the aggregated response. On the one hand, using a large k allows us to pool
responses from more neighbors making the smoothing less
noisy and possibly more accurate. On the other hand, using
a large k amounts to using less similar neighbors and thereby
potentially including neighbors that belong to another class.
In medical image classification, one might treat false
alarms and misses differently. For example, while screening for cancer, a false alarm can be dealt with by conducting
more tests (although this comes at additional cost). However,
a missed diagnosis will stop further tests and might allow
the cancer to metastasize, making future treatment tougher.
In previous work, it was not clear whether the improvement
in performance due to SBA was due to an improvement in
specificity or sensitivity or both. This is pertinent to SBA
since medical images may not be evenly distributed in the
representational space. For example, cancerous white blood
cells (called blast cells) might be closer to each other in
the representational space while non-cancerous white blood
cells (called non-blast cells) are composed of different kinds
of cells and could be further apart in the representational
space. Further, in humans, the trade-off between sensitiv-
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ity and specificity is affected by various factors such as the
baseline prevalence of cancer in the dataset (Trueblood et al.,
2021).
In this paper, we examine a modified version of SBA to include a threshold parameter to manage the tradeoff between
sensitivity and specificity. According to this parameter, instead of using the modal response, we decide that a cell is
cancerous if a certain fraction (t) of its nearest neighbors are
also cancerous. Hence, by setting a low threshold, one might
make the algorithm more sensitive while reducing the specificity.
In this paper, we use data from Trueblood et al. (2018)
and Trueblood et al. (2021) which contained classification
decisions (cancer or not) made by novices (i.e., undergraduate students) and experts (i.e., medical professionals) on sets
of white blood cell images (examples in Figure 1). We use
novice participants in addition to medical experts for two important reasons. First, novices provide a baseline for comparing experts. Second, there is recent interest in using novices
to assist with medical image diagnosis. Particularly relevant
for this paper is the possibility of crowd-sourcing large numbers of untrained individuals to perform simple diagnostic
tasks (Ørting et al., 2020; Press, 2021), which can later be
used to train data hungry artificial intelligence algorithms.
Third, we previously observed that our algorithm improved
performance for novices but not experts, suggesting different
decision making mechanisms for the two populations (Hasan
et al., 2021b).

Methods
Datasets
All the experiments involved making binary decisions about
Wright-Stained White Blood Cells. These cells were classified into ’blast’ and ’non-blast’ categories based on the mutual independent agreement of three hematopathologists at
Vanderbilt University Medical Center. Example cell images
can be seen in Panel (a) of Figure 1. More details of the
image curation and experimental procedure can be found in
Trueblood et al. (2018) and Trueblood et al. (2021).
Exp. 1 and Exp. 2 were from (Trueblood et al., 2018).
Participants were trained to classify white blood cells using
two tasks before the main trials. In the first task, they were
exposed to blast and non-blast images along with their labels.
In the second task, they had to pick the blast cell among three
images. In the main task, participants made decisions under
three conditions - speed, accuracy and bias. In this paper, we
only analyze results from the speed and accuracy conditions.
In the speed condition, they were asked to make decisions
’as fast as they can’ and ‘as accurately as they can’ in the
accuracy condition. The participants completed practice trials before the main task to familiarize themselves with the
conditions and interface. Undergraduate students from Vanderbilt University participated as novice participants in Exp.
1. Pathologists with a range of experience from first year
pathology residents to senior faculty pathologists from Van-

derbilt University Medical Center participated as experts in
Exp. 2. The procedure was identical for both the novice (Exp
1) and expert (Exp 2) participants.
Exp 3 and Exp 4 were from (Trueblood et al., 2021). The
training phases for these experiments were similar to the ones
described above with minor differences. In the main blocks
of these experiments the prevalence rate of blast (i.e., cancer)
cells was varied in different conditions. Exp. 3a and Exp.
3b used undergraduate students at Vanderbilt University as
novice participants. Exp. 3a had three conditions with 50%,
25%, and 75% blast prevalence. These conditions were varied within subject for Exp. 3a. Exp 3b had three conditions
with blast prevalence 50%, 10%, and 90%. All participants
did the condition with 50% but the 10% blast prevalence and
90% blast prevalence was varied between subjects. This was
done to gain enough responses on blast cells in the 10% condition and non blast responses in the 90% blast prevalence
condition. Exp 4 used expert participants with 50% and 90%
blast prevalence. More details of the datasets can be found in
(Trueblood et al., 2018) and (Trueblood et al., 2021).
In both (Trueblood et al., 2018) and (Trueblood et al.,
2021), novice participants were trained on classifying white
blood cells prior to starting the main task. On average,
novices were above chance performance in categorizing the
cell images. Full details on the training procedure can be
found in the original papers.

Representation
In this paper, following Hasan et al. (2021b), we use a representation from (Holmes et al., 2020). This representation
was obtained by using a pre-trained GoogLeNet (Szegedy et
al., 2015) on ImageNet to classify cancer cells using transfer learning. This representation had 1024 abstract dimensions that contained information relevant to classifying cancer
cells. We visualised this representation in Figure 1 by using tSNE, a dimensionality reduction technique. As is clear from
the figure, this representation neatly separates blast and nonblast cells. Most of the neighbors for all of the cells belong
to the same class. The accuracy of the network was 98% on
the training dataset and 94% on the validation dataset. This
shows that the network generalized to out of training sample
images without overfitting the data too much. (Holmes et al.,
2020).

Similarity Based Aggregation Algorithm (SBA)
As mentioned above, in our algorithm, for a given participant,
for a given target image, we consider the responses made on
the k most similar images (including the response made on the
target image). Similarity between two images is determined
as the inverse of the distance between their representations. If
the percentage of cancer decisions on this set is greater than
a threshold t, the algorithm selects ‘cancer’ as the ‘final’ response on that image for that participant.
In our analyses, we vary the number of neighbors (k) that
are used in SBA. For k = 3, one might be able to overturn the
original decision on the image if both the decisions made on
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Figure 1: [(a) Top] Schematic of the Holmes et. al. (2020) representation. The representation was obtained by using transfer
learning on a GoogLeNet trained on ImageNet to classify blast cells. The activations in the penultimate layer were used as our
representation. [(b) Bottom Left] The decisions made by a typical individual in the experiment. The crosses (circles) are cells
where the true class was blast (non-blast). Red (Blue) markers indicate that the decision made by the individual was cancerous
(non-cancerous). The green arrows show where the algorithm is expected to work since the decisions on the neighbors were
correct. The top yellow arrow is where the decisions made on the neighbors are also incorrect. The bottom yellow arrow shows
an example of where the decisions made on the neighbors are correct but the images belong to another class. [(c) Bottom Right]
This Figure shows the relationship between the number of neighbors k and the average percentage of the k closest neighbors
belonging to the same class as a target image. We observe that as more images are considered, the probability that they belong
to the same class as the target decreases. We also observe that the decrease is more stark for non-blast cells than for blast cells.
the two most similar images were different from the one made
on that image. However, with k = 15, it is easier to overturn
the original decision as it only requires that 8 out of the 14
decisions made on the most similar images to be different
from the original one. Examples of when the algorithm might
be successful or not can be found in Figure 1.

wards misses (saying ‘non-blast’) is indicated by a positive
criterion. In our experiment, to avoid a perfect hit rate of 1
or perfect false alarm of 0, we used Laplace smoothing of 1,
where we added 4 responses to every participant (one blast
and one non-blast response to a blast cell and one blast and
non-blast response to a non-blast).

Signal Detection Theory

Results

Signal Detection Theory (SDT) is used to study the categorization ability of individuals along with their bias towards
making false alarms and misses (Stanislaw & Todorov, 1999).
It calculates two parameters - discriminability and criterion.
Discriminability is a measure of performance or the ability to
distinguish between blast and non-blast cells. Criterion measures how a participant manages the trade-off between false
alarms and misses. If a participant is biased towards false
alarms (saying ‘blast’), their criterion is negative. A bias to-

Representation
We report the results of the basic analysis of the representation in Panel (c) of Figure 1. The rate at which an image and
its closest neighbor belonged to the same class was 94.3%.
Hence, in some cases, the closest neighbor was not of the
same class. This number falls to 92.3% when considering the
7 closest neighbors. This further drops to 91.7% and 87.7%
when considering the 15 and 51 closest neighbors respec-
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tively. Therefore, as expected, as we look at more neighbors,
the rate at which they belong to the same class as our target
image, declines.
Interestingly, as shown in panel (c) of Figure 1, this decline
is different for blast and non-blast cells, where the probability of the neighbors belonging to the same class is greater
for blast cells. Initially, at k = 3, this gap is significant
(blast:98.2% non-blast:94.9%, t(298) = 2.27, p = 0.023).
For larger k, such as 51, this gap widens and becomes highly
significant (blast:91.4% non-blast:84.8%, t(298) = 3.32, p =
0.0001). Hence, the algorithm might not work as effectively
for non-blast cells as blast cells.

Varying the Number of Neighbors k
As mentioned above, using a large number of images for the
smoothing process results in pooling responses from more
images, making the smoothing less noisy. However, using a
large number of responses also decreases the probability that
the cell belongs to the same class and increases the chance of
the original decision being overturned.
We present the results of SBA for different k values in Table 1 and Panel (a) of Figure 2. We observe that initially increasing the number of responses improves performance for
all of the novice experiments for all conditions. However,
this improvement flattens out and then declines. For expert
participants, on the other hand, the improvement is slight and
non-significant with Bonferroni corrected p-values. The results are similar for Exp. 3 and 4, as shown in Table 2.
Since the procedures for novices and experts were identical in Exp. 1 and Exp. 2, we used this dataset to compare
the performance of the two sets of participants. As shown in
the Table 1, initially, experts perform better than novices and
have a significantly higher accuracy in both speed and accuracy conditions (Speed: t(52) = 4.54; p < 0.0001; Accuracy:
t(52) = 5.12; p < 0.0001). We then used the best performing
k-value (k = 51) to compare the performance of the novices
after we apply the algorithm with the performance based on
the responses made by the experts. We observe that there is no
significant difference between the performance of the novices
after the model and the experts (Speed: t(52) = −0.30;
p = 0.765; Accuracy: t(52) = −1.34; p = 0.187). This difference is non-significant even after we apply the algorithm
to the experts (at k = 51) (Speed: t(52) = −0.61; p = 0.545
Accuracy: t(52) = −1.53; p = 0.133). Hence, it seems that
after the application of the algorithm, the performance of the
novices is similar to that of the experts.
Since we were interested in understanding if the algorithm
improved performance for blast and non-blast cells differently, we conducted an SDT analysis of our data. For these
analyses, we calculated the discriminability and criterion of
individual participants before and after the application of algorithm. Figure 2 plots the mean difference in discriminability and criterion before and after application of the algorithm.
As shown in Panel (a) of Figure 2, we observe that the algorithm significantly lowers the criterion. This indicates that
our algorithm is biased towards identifying blast cells. As

for the discriminability, we also observe a significant increase
in the discriminability followed by a decline, which mirrors
the accuracy results (except for at k=101, where the discriminability is high). In fact, even for experts, the improvement
in discriminability is significant for k=3,7,15,31, and 51 (although smaller than novices).

Varying the Threshold t
For the following analyses, we set k = 15 and varied the
threshold to see whether it could be used to manage the tradeoff between false alarms and misses. Since accuracy does
not measure the tradeoff between false alarms and misses, we
used SDT to evaluate our results. We were also interested in
seeing how the algorithm would respond to biased datasets as
in (Trueblood et al., 2021). Hence, we report our results by
varying the threshold and applying it to Exp. 3 and 4.
We show our results in Panels (b), (c) and (d) in Figure 2.
For Exp. 3a and 3b, we observe that across all conditions,
when the threshold is small (less than 50%), the criterion is
lower after SBA is applied (indicated by the negative difference). This means that SBA increases the rate at which images are classified as blast cells. This is because it needs a
smaller number of neighbors to have been labelled cancerous before it decides that a given cell is cancerous. Similarly,
when the threshold is high, the criterion is higher. It is also
important to note that, for novices, except for in cases of extreme values of t, the discriminability is improved by using
the algorithm (difference is positive). For experts, the improvement in discriminability is much smaller.

Similarity Consistency Rate (SCR)
We wanted to understand why SBA was more effective for
novices than for experts. Since experts were more experienced with these images, it was possible that they made similar decisions on similar cells. In this case, one would not be
able to overturn incorrect decisions, since the experts would
have also incorrectly judged similar images to be of the same
class. We calculate the Similarity Consistency Rate (SCR)
as the rate at which the same response was made on a given
image and its most similar neighbor.
If an individual has a really high similarity consistency
rate, then the algorithm may not be very effective since the
responses on an image and its most similar images will often be the same. Hence, SBA will not be able to change
many of the responses. We compare this rate for novices
and experts using a independent measures t-test. The SCR
was lower for novices in Exp.1 than for experts in Exp. 2 in
both the conditions (Accuracy: Exp. 1 - M = 71.1%, Exp.
2 - M = 80.8% t(52) = 4.2; p < 0.0001) (Speed - Exp. 1 :
M = 64.0%, Exp. 2 : M = 75.8%; t(52) = 4.7; p < 0.0001).
Similarly the SCR was significantly lower for novices in Exp
3a. (M = 65.5%) and Exp. 3b (63.3%) than experts in Exp
4 (82.2%) at 50% prevalence (t(56) = 7.8; p < 0.0001 and
t(74) = 8.3; p < 0.0001) and Exp. 3b (70.1%) and Exp 4.
(82.0%) at 90% prevalence (t(45) = 4.6; p < 0.0001). These
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Figure 2: The results of the SDT analysis. The top row shows the difference in discriminability before and after applying
the algorithm. For discriminability, a difference greater than 0 suggests an improvement. For criterion, a criterion less than
0 shows an increased tendency to choose blast cells (leading to an increase in hits and false alarms). Column (a) shows the
results of varying the number of neighbors (k) in Exp. 1 (novice participants) and 2 (expert participants). The golden (blue)
line is from Exp. 1 (2). The dashed line represents the speed condition while the solid line represents the accuracy condition.
We observe that for Exp. 1 (novice), there is a much larger improvement in discriminability than for Exp. 2 (experts). We also
observe that increasing the number of neighbors slightly shifts the criterion lower. Columns (b),(c) and (d) show the effect of
varying the threshold (t) (i.e., the percentage of blast cells for a blast decision) in Exp. 3a, 3b (novice participants) and 4 (expert
participants) respectively. Each of the lines represent one condition in each of the experiments.

Discussion

results show that experts are more likely than novices to give
similar responses on similar cell images.

Table 1: This table contains the accuracy results when SBA
is applied to Exp 1 and Exp 2 from Trueblood et al. (2018).
The data contained responses from novice and expert participants in speed and accuracy conditions. The bold values show
a significant improvement compared to average accuracy at
the Bonferroni corrected p-value of p<0.05/7=0.0071. The
algorithm successfully improved the performance for novice
participants across the task conditions. It did not improve the
accuracy for the expert participants significantly (p>0.0071).
Exp. 1
Exp. 2
Condition Accuracy Speed Accuracy Speed
Avg. Acc. 73.8%
71.9% 85.7%
83.6%
3 75.8%
74.0% 86.6%
84.6%
7 78.8%
76.4% 86.9%
84.8%
15 80.1%
78.8% 87.9%
85.4%
31 80.7%
80.8% 86.7%
85.1%
51 81.3%
82.5% 86.9%
84.9%
101 76.6%
80.3% 84.2%
83.9%
151 63.8%
64.4% 78.6%
79.3%

In this paper, we leveraged the similarity between images to
improve medical image decision making. We considered the
similarity based aggregation (SBA) algorithm that pools responses made by an individual on similar stimuli (in our case,
cell images) in order to improve performance. We show that
the SBA algorithm can be used to boost accuracy across different task conditions for novice participants performing a
medical image classification task. For experts, the algorithm
works only in limited settings with it failing to improve accuracy or even hurting performance in some conditions.
In our approach, we use representations obtained from neural networks to determine the similarity between two cells.
The distance between two stimuli has been shown to correlate with human judgments of similarity in a wide range of
tasks, metrics, and representations (Richie & Bhatia, 2021;
Peterson et al., 2018). In our previous work, we compared the
results obtained from a GoogLeNet trained only on ImageNet
to the representation obtained by using the same GoogLeNet
trained on cancer cell classification through transfer learning
(Holmes et al., 2020). We demonstrated that without transfer
learning, the improvement by SBA was limited because all of
the neighbors did not belong to the same class. The transfer
learning approach learned a representation such that images
of the same class were close to each other in the representational space. In other metric learning approaches, representa-
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Table 2: This table contains the accuracy results when SBA is applied to Exp 3 and Exp 4 from Trueblood et al. (2021)
where the blast prevalence was varied. The data contained responses from novice and expert participants. The bold values
show a significant improvement compared to average accuracy at p<0.05/7=0.007. The algorithm successfully improved the
performance for novice participants across the task conditions. There was no improvement for experts.
Experiment 3a (Novice Part.)
Experiment 3b (Novice Part.)
Experiment 4 (Expert Part.)
Condition 50% Prev. 25% Prev. 75% Prev. 50% Prev. 10% Prev. 90% Prev. 50% Prev. 90% Prev.
Avg. Acc. 68.3%
70.0%
71.1%
67.7%
74.1%
79.4%
90.3%
91.8%
3 70.8%
72.1%
74.0%
70.6%
76.6%
82.0%
91.1%
92.6%
7 73.4%
74.9%
78.0%
73.3%
78.6%
83.7%
91.5%
93.3%
77.1%
79.8%
75.6%
80.4%
87.0%
91.9%
94.2%
15 75.2%
31 76.6%
78.2%
81.2%
76.8%
82.3%
87.6%
91.6%
93.2%
78.7%
81.6%
77.8%
82.9%
88.1%
91.9%
91.8%
51 77.1%
101 78.6%
80.2%
79.6%
76.8%
82.9%
88.5%
92.5%
90.4%
151 78.7%
79.6%
77.9%
74.7%
83.2%
88.0%
89.2%
90.0%

tions where neighbors belong the same class can be obtained
(Zhuang, Cai, Wang, Zhang, & Zheng, 2020). For SBA to be
effective, it is sufficient for the images from the same class to
neighbor each other in the representational space. However,
in future work, one might try to obtain a representation that
corresponds more closely to mental representations (Peterson
et al., 2018; Richie & Bhatia, 2021; Nosofsky, Sanders, &
McDaniel, 2018; Sanders & Nosofsky, 2020).
We notice that increasing the number of neighbors can dramatically improve performance for novice participants. However, there is a limit to this process, where using a very large
number of neighbors might hurt performance. This improvement is significant for novices but not for experts. After the
application of the algorithm, the performance of the novices
from Exp. 1 is similar to that of the experts in Exp. 2. This
shows the power of the SBA in practical applications, where
novices can be used to label images to train medical artificial
intelligence systems (Ørting et al., 2020; Press, 2021), which
in turn can be used to improve artificial neural network representations, which can then be used to boost the accuracy of
the novices.
It is interesting to note that blast cells have a higher probability of having neighbors that belong to the same class than
non-blast cells. This likely occurs because non-blast cells
are composed of several different cell types as compared to
blast cells (Al-Dulaimi, Banks, Chandran, Tomeo-Reyes, &
Nguyen Thanh, 2018; Nissim, Dudaie, Barnea, & Shaked,
2021). As a result, the algorithm is biased towards responding blast than non-blast. This indicates that the geometrical
properties or the way categories are distributed in the representational space might influence its efficacy on a dataset. Future work could investigate this for classification tasks with a
greater number of classes, which are distributed in more nonhomogenous ways in the representational space. In this case,
the structure of the representational space may play a larger
role in the kind of errors that SBA can resolve, and the ways
in which it might bias the results.
We used SDT to evaluate the effect of changing the threshold parameter (i.e., percentage of blast cells needed to make

a blast decision). We observe that it allows us to tradeoff between blast and non-blast cells while maintaining a similar
and improved discriminability. Hence, we show that smoothing the responses in an uneven way can control the tradeoff
between sensitivity and specificity. In situations with unequal
prevalence rates, such as the one in (Trueblood et al., 2021),
where changing the prevalence of blast cells causes participants to give biased responses, the algorithm can be used to
de-bias responses depending on the requirement. For example, if the algorithm was being used to screen for cancer, one
might desire more sensitivity and use a lower threshold. However, if it was used for confirmatory testing, it could be made
more specific by using a higher threshold.
We observed the similarity consistency score was higher
for experts than for novices. This suggests that experts are
more likely to give similar responses on similar cells. This
suggests that the mistakes made by experts are less random
and are more biased. This is consistent with other analysis made on the same data-set in Trueblood et al. (2018).
Therefore, aggregating responses may not be as beneficial
for experts. Hence, the efficacy of the algorithm depends on
the decision making mechanisms of the underlying population. This indicates that it is important to study the efficacy
of various algorithms on the population for which it is intended. However, the higher SCR might also be due to their
higher accuracy. Future simulations could vary the similarity consistency score while maintaining the same accuracy to
test whether similarity consistency score can predict improvement.
In addition to applications related to developing image sets
for training medical AI, the approach discussed in this paper
might also have applications to medical education and training. For example, one might use the representational space to
design training procedures for medical students and laboratory professionals where example images are sampled intelligently from the representational space. Further, SBA could
be used to develop de-biasing procedures where one identifies
a certain area of the representational space that an observer
consistently gets wrong.
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Abstract

Consistent with this idea, previous studies demonstrate that
facilitating children’s attention by increasing the number of
stimulus cues or their duration improves children’s
performance on EF tasks (e.g. Bertrand & Camos, 2015;
Kirkham, Cruess, & Diamond, 2003). Yet, studying how
attention relates to EF in this manner does not directly
address if children’s AC is separable or integral to EF. One
of the main limitations in previous studies of AC is that
authors often overlook the fact that AC is not a monolithic
construct (e.g., Awh et al., 2006). AC can be conceptualized
and measured as a number of different processes, such as
sustained and selective attention (Posner, 2012). The
principal aim of this study is to examine the underlying latent
structure of EF with the inclusion of tasks directly assessing
AC in preschool children.

Attention is widely considered a core process of Executive
Function (EF), but it is not clear if it is a separable or integral
component of EF in preschool children. Preschool children
(n=137) completed a battery of tasks which included EF (i.e.,
response inhibition, working memory) and attentional control
(AC) processes (i.e., sustained attention, selective attention).
Confirmatory Factor Analyses (CFA) indicated that a twofactor model with EF and AC as separate factors fit the data
better than a unitary one-factor model. These findings are
consistent with the view that EF and AC are developing at
different rates during the preschool years, and thus are not yet
fully integrated in the processing of information. The
implications of how EF and AC should be conceptualized in
early childhood are discussed.

Keywords: Executive Function, Attentional Control, Latent
Structure, Confirmatory Factor Analysis, Preschool Children

Executive Function

Introduction
Executive Function (EF) refers to self-regulation processes
which underlie our ability to plan, coordinate, and complete
goal-directed actions in our daily lives. EF emerges during
infancy and undergoes substantial development during the
preschool years (Diamond, 2013; Griffin, McCardle, &
Freund, 2016). EF is considered foundational to development
since early individual differences are predictive of later
cognitive/academic performance (e.g., Fitzpatrick & Pagani,
2012) as well as successful social interactions (e.g., de Wilde,
Koot, & van Lier, 2016). There has been an explosion of
research in the past two decades examining how EF
quantitatively and qualitatively changes, with much
consideration given to how best to conceptualize the structure
of EF throughout childhood. While EF consists of multiple
related processes in older children and adults (Lehto et al.,
2003; Miyake et al., 2000), it is still not clear if EF is best
conceptualized as a multi-dimensional or a unitary construct
during the preschool years (Lerner & Lonigan, 2014; Nelson
et al., 2016).
Attention or Attentional Control (AC) is widely
considered the process common to all EF processes,
regardless of how the EF structure itself is conceptualized
(Awh, Vogel, & Oh, 2006; Garon, Bryson, & Smith, 2008;
Kane & Engle, 2003; Miyake et al., 2000; Posner & Rothbart,
2007). It is well established that AC plays a central role in EF
development during the preschool years (Garon et al., 2008).

Executive function consists of three related but distinct
processes: response inhibition (i.e., inhibition of a prepotent
or automatic response in order to make a target response),
working memory (i.e., maintenance and manipulation of
information for a short period of time), and set shifting (i.e.,
flexible shifting from one task to another) in adults and older
children (Garon et al., 2008; Lehto et al., 2003; Miyake et al.,
2000). It is not clear if this pattern extends to preschool
children. The prevailing view is that EF is an undifferentiated
construct during the preschool years which only
differentiates into separable processes later in childhood
(Nelson et al., 2016). Consistent with this view, response
inhibition and working memory are often highly correlated
and load onto a single factor (e.g., Hughes et al., 2010; Wiebe
et al., 2011). Still, some studies challenge these findings and
suggest that EF processes are related but already
distinguishable in preschool children and exhibit different
developmental trajectories throughout childhood (Zelazo &
Carlson, 2012). Consistent with this view, response inhibition
and working memory load onto separate factors (e.g., Lerner
& Lonigan, 2014; Miller et al., 2012).
One of the main explanations for these contradictory
findings is related to “task impurity” and task selection
differences between studies (Miller et al., 2012; Miyake et
al., 2000; Wiebe et al., 2011). “Task impurity” refers to the
fact that performance on EF tasks is rarely based on only one
EF process, and it is also influenced by other task factors as
well (Nelson et al., 2016). In studies which use only one
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task/measure to assess an EF process, it is especially difficult
to know if the resulting associations truly reflect the
underlying structure or are idiosyncratic to the task, such as
stimulus salience (Miyake et al., 2000). One solution is to
include multiple tasks/measures to assess each process, and
then pool the common variance among the tasks/measures via
composite scores or factor analysis for a “purer” assessment
of the process (Miyake et al., 2000; Wiebe et al., 2011).

Attentional Control and Executive Function
Attention is widely viewed as pivotal to a central executive
(Baddeley, 2002; Kane & Engle, 2003), and it is considered
foundational to the development of EF processes (Garon et
al., 2008). For example, selecting and sustaining attention
toward relevant information and inhibiting irrelevant
information narrows focus and creates an “attentional
spotlight,” as well as enhances processing and maintenance
of relevant information in working memory, which has a
limited capacity (Gathercole et al., 2008; Posner & Fan,
2008). This close relationship between working memory and
sustained and selective attention is illustrated in studies
which reveal that preschool children with lower working
memory capacity perform worse on a selective attention task
(Espy & Bull, 2005) and are more likely to exhibit attention
issues in the classroom (Gathercole et al., 2008). In addition,
response inhibition is critical for a child to successfully select
and sustain attention on various problem solving tasks, such
as completing a puzzle (Allan et al., 2015). Consistent with
this idea, children who perform better on response inhibition
tasks also tend to perform better on sustained attention tasks
(Reck & Hund, 2011). While these examples certainly
suggest some association between AC and specific EF
processes in preschool children, they do not confirm nor
negate whether AC fits into the underlying structure of EF.
Critically, these studies only assess a single EF process when
multiple EF processes are usually needed to test EF structure
(e.g., Wiebe et al., 2011). Therefore, these studies cannot
address whether AC should be incorporated into a
unidimensional construct of EF or if AC is related but
represents a separate construct.
Studies which do include AC and multiple EF processes
are riddled with a number of confusions and inconsistencies.
For instance, Veer et al. (2017) found that children with better
selective attention exhibited better working memory and
response inhibition concurrently and six months later. Other
studies indicate that the relation between AC and different EF
processes may not be as straightforward. For example, Lan et
al. (2011) tested how US and Chinese preschool children’s
working memory and response inhibition related to their
performance on a visual search task. The children’s working
memory was related to visual search performance in both
countries, but response inhibition was related to visual search
performance in China only. Similarly, Lin, Liew, & Perez
(2019) found that performance on a sustained attention task,
was significantly correlated with one “hot” EF task, but was
only marginally correlated to a second “hot” EF task as well
as to the “cool” EF tasks. (“Hot” or emotionally laden tasks

are associated with the presence of salient rewards or
punishments; “cool” tasks are associated with emotionally
neutral contexts; Zelazo & Carlson, 2012) Overall, it is not
clear if these inconsistent results are primarily an artifact of
“task impurity” or task selection (Miller et al., 2012), or if
they signify a true distinction between AC and EF in
preschool children. As previously mentioned, this ambiguity
may result from study designs including only one measure
per process, making it difficult to know if children’s task
performance reflects their AC and EF, or something more
specific to the task, such as stimulus salience or domain
knowledge (e.g., Griffin et al., 2016).
There have been several calls to design studies that
include multiple measures per process to help ensure that
studies are truly assessing the intended process (Lin et al.,
2019; Veer et al., 2017). Allan et al. (2015) examined how
working memory, response inhibition, and sustained
attention were related by having three measures per process
in a preschool sample. They found that EF tasks (working
memory and response inhibition) loaded onto a different
factor than sustained attention, suggesting some distinction
between EF and AC in preschool children. Critically,
however, Allan et al. (2015) did not include any assessment
of selective attention. Thus, even this more comprehensive
study treated AC as a monolithic construct, limiting our
knowledge of how AC may fit within the EF structure. In the
current study, we included multiple measures for response
inhibition and working memory as well as for selective and
sustained attention.

The Current Study
While AC is often considered an implicit process in most
theories of EF during early childhood, there are few studies
assessing multiple processes of AC and testing how they
contribute to the underlying structure of EF. The primary
objective of the current study was to test how AC and EF
were related in preschool children between 3.5 and 5 years of
age. Specifically, we sought to identify the underlying
structure of children’s EF when including measures to also
assess both sustained and selective attention in children. To
this end, preschool children completed a battery of tasks
associated with EF processes (i.e., response inhibition in
“cool” and “hot” settings, working memory) and AC
processes (i.e., sustained attention, selective attention).
Development of the study design was based on a careful
review of the literature and extensive pilot testing to ensure
that each process had more than one measure that was
applicable to the entire age range while ensuring considerable
variability in children’s performance.
Confirmatory Factor Analyses were conducted to examine
the underlying structure in the current battery of EF and AC
measures. The main advantage of CFA over similar analytic
techniques such as Exploratory Factor Analysis (EFA) and
Principal Component Analysis (PCA) is that this method
enables researchers to test pre-specified latent structures
based on theory and prior empirical studies. Further, CFAs
allow for model comparison that directly tests which of two

3326

or more competing models fit the data better. The utilization
of CFAs has steadily increased as more empirical studies
investigate the underlying EF structure at different stages
throughout childhood (e.g., Lehto et al., 2003; Lerner &
Lonigan, 2014; Miller et al., 2012; Wiebe et al., 2011),
allowing for increasingly more specific investigations and
inferences about how EF structure changes throughout
childhood. The current study was designed to add new
insights into how sustained and selective attention may
influence this EF structure in preschool children.
CFAs were conducted to test whether a one-factor model
with all EF and AC measures loading onto the same factor fit
the data better than a two-factor model with all EF measures
associated with one factor and AC measures associated with
a related but distinct second factor. We hypothesized that the
two-factor model would fit the data better than the one-factor
model, aligning with preliminary results by Allan et al.
(2015).

Methods
Participants
One hundred and thirty-seven preschool children (69 female,
M = 50.79 months, range = 41 - 60 months) participated in
the study. The majority of children participating in this study
were Caucasian (83.94%), and the remainder were either
Asian-American (13.14%) or African-American (2.92%). All
children included in the study had no history of
developmental delays or other significant medical issues.
Parents provided informed consent before the start of the
study session.

Procedure
Children participated in one lab session lasting between 50
and 65 minutes. There were four EF tasks and three AC tasks.
In order to keep children engaged and motivated, they were
shown a piece of paper with a snowman who needed to
retrieve his hat ten paces away; each pace was demarcated by
a snowflake. Children were told that they could help the
snowman get one step closer to the hat with every task
completed; the child was reminded to color in a snowflake
after the completion of every task. All testing sessions were
conducted in a single room and were recorded for offline
scoring. Cohen’s kappa between two scorers for all tasks
ranged from 0.87 to 0.98 for 101-105 participants.
Circle/Triangle. This task was based on the day/night task
developed by Gerstadt, Hong, & Diamond (1994) to assess
children’s response inhibition. The experimenter showed the
child a picture of a circle and a triangle and asked the child to
label each shape. The experimenter then introduced a “silly
game” and instructed the child to say “triangle” whenever he
saw a picture of a circle and “circle” when he saw a picture
of a triangle. The pictures were presented in an ABBABAAB
order to ensure that the pictures did not consistently alternate,
and no picture was presented more than twice in a row; there

were a total of 16 trials. The outcome measure was the
proportion of correct trials.
Wrapped Gift. This task was adapted from Kochanska,
Murray, & Harlan (2000) to assess response inhibition in a
“hot” context. The child was presented with a gift bag and
was told there was an exciting prize inside. The experimenter
told the child she needed to get tissue paper to make the gift
bag ready and instructed the child not to touch or peek inside
the gift bag until she returned. The experimenter left the
testing room and returned with the tissue paper after four
minutes had elapsed. The outcome measure was a composite
of latency to touch the bag and latency to look inside it. If the
bag was not touched or looked into, children received a
maximum score of 480, corresponding to the total seconds
elapsed.
Spin the Pots. This task was adapted from Hughes & Ensor
(2005) and assessed children’s working memory for visualspatial information. A rubber ducky was hidden under one of
eight distinctly colored cups turned upside down and
arranged in a circle on a lazy Susan tray. The experimenter
then occluded the hiding locations from the child’s view and
spun the lazy Susan so that each cup was in a new location
relative to the child. The child was then instructed to find the
hidden rubber ducky. Each trial ended when the child found
the rubber ducky or failed to find the rubber ducky after three
attempts. There were eight trials, and the outcome measure
was the proportion correct on the first search.
Digit Span. This task was adapted from Davis & Pratt (1995)
and assessed children’s working memory for verbal
information. On each trial, the child heard a one-to-sevendigit sequence and was asked to repeat it. There were three
trials per digit sequence length, and the task ended when the
child was incorrect on two of the three prior trials or the child
successfully completed all of the seven-digit sequences. The
outcome measure was the proportion of correct trials.
Low-Frequency Continuous Performance Task (CPT).
This task was adapted from Corkum, Bryne, & Ellsworth,
(1995) and assessed children’s sustained attention. The child
saw a sequence of animals (i.e. cat, alligator, dog, pig, or
elephant) on an iPad or touchscreen laptop using the
Paradigm Experimenter software (Perception Research
Systems, Walnut Creek, California).
The child was
instructed to touch the screen whenever he saw a cat and not
touch the screen whenever he saw any other animal. Each
animal was presented for 1200 ms and each inter-trial interval
(ITI) was 750ms. There were 100 trials, with a cat presented
on 20% of the trials. The outcome measure for correct
responses was d-prime (Macmillan & Creelman, 2005).
High-Frequency CPT. This task was adapted from
Rezazadeh, Wilding, & Cornish (2011) and assessed
children’s sustained attention. The child saw a sequence of
vehicles (i.e. car, school bus, boat, plane, and train) on an
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iPad or a touchscreen laptop controlled with the Paradigm
Experimenter software. Children were instructed to touch the
screen whenever they saw one of the vehicles except the car.
Each vehicle was presented for 1200ms and each ITI was
750ms. There were 100 trials; and the car was presented on
20% of the trials. The outcome measure was d-prime.

Table 1: Mean, Standard Deviations and Range

Visual Search. This task was adapted from Breckenridge et
al. (2013) and assessed children’s selective attention. The
child saw an array of twenty green apples and twenty red
strawberries on an iPad or a touchscreen laptop controlled
with the Paradigm Experimenter software. Each array also
included one randomly placed red apple, and the child was
instructed to find and touch the red apple on each trial. There
were 32 trials, and each trial ended when the child found the
red apple or ten seconds had elapsed; the ITI was three
seconds. The outcome measures were accuracy and reaction
time.

Measure
Circle/Triangle

Mean (SD)
0.61 (0.32)

Range
0.00 - 1.00

Wrapped Gift
(secs)
Spin the Pots

374 (129)

17 – 480

0.64 (0.25)

0.00 - 1.00

Digit Span

0.57 (0.11)

0.19 - 0.91

Low Freq CPT

3.35 (1.35)

0.36 - 7.44

High Freq CPT

2.01 (1.23)

-1.76 - 5.68

Visual Search
(acc)
Visual Search
(RT; ms)

0.70 (0.22)

0.13 - 1.00

4853 (752)

2967 - 7283

Results
Descriptive Statistics
Table 1 provides a summary of means, standard deviations,
and ranges for all EF and AC measures. There was neither a
floor nor ceiling effect for these tasks, which is often a
problem when testing children from three to five years of age.
Table 2 summarizes the intercorrelations between all EF and
AC measures. As can be seen, most of the measures were
significantly correlated, although the correlations were
generally moderate (range .19 to .6) and were therefore
difficult to interpret as demonstrating either convergent or
discriminant validity as a function of EF vs AC variables. As
such, it is difficult to know whether these results are
consistent with a unitary or fractionated model. It should also
be noted that children who responded faster on the selective
attention task (visual search) were also more accurate (r(130)
= -0.41, p < 0.001), which thus precludes the possibility of a
speed-accuracy trade-off involving these two measures.

As can be seen in the last row of the correlation matrix in
Table 2, children’s performance on all except two of the
measures (wrapped gift and high-frequency CPT) improved
with age. With regard to the delay of gratification task, this
is somewhat surprising because children’s response
inhibition continues to improve with age (Carlson, 2005), and
also performance on this task was correlated with every other
measure, almost all of which improved with age.

Confirmatory Factor Analysis
Confirmatory Factor Analyses were conducted to test
whether the unitary one-factor model or two-factor model
(EF and AC) fit the data better. CFAs were run in R using the
lavaan package (Rosseel, 2012). The two models were
compared using multiple fit statistics: the chi-square test
(nonsignificant values indicate good fit), the root mean
square error of approximation-RMSEA (values < 0.08
indicate good fit), standardized root-mean square residual-

Table 2: Correlation Matrix
CT

WG

StP

DS

LCP

HCP

VSA

VSR

CT
—
WG
0.18*
—
StP
0.33***
0.19*
—
DS
0.28**
0.12*
0.36***
—
LCP
0.15
0.25**
0.29***
0.33***
—
HCP
0.06
0.23*
0.23**
0.09
0.39***
—
VSA
0.11
0.27**
0.38***
0.22*
0.56***
0.30***
—
VSR
-0.33***
-0.20*
-0.32***
-0.29**
-0.45***
-0.32***
-0.41***
—
Age
0.43***
0.13
0.39***
0.36***
0.28**
0.10
0.21*
-0.36***
Note: CT=Circle/Triangle, WG=Wrapped Gift, StP=Spin the Pots, DS=Digit Span, LCP=Low-Frequency Continuous
Performance Task, HCP=High Frequency Continuous Performance Task, VSA=Visual Search Accuracy, VSR=Visual Search
Reaction Time; Note: *p < .05, ** p <.01, *** p <.001.
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SRSM (values < 0.05 indicating good fit), Tucker-Lewis
index-TLI (values > 0.90 indicate good fit), and the
comparative fit index-CFI (values > 0.95 indicate good fit)
(Kline, 2011; Schumacker & Lomax, 2016). Since the
models were nested, a chi-square difference test was
conducted to compare the two models. If both models fit the
data but do not differ significantly, then the simpler onefactor model is preferred due to being more parsimonious
(Bollen, 1989).
Figure 1 provides a summary of fit statistics for both the
one-factor and two-factor model, as well as the model
comparison. While some fit statistics indicated that the onefactor model fit the data adequately (i.e., nonsignificant chisquared test, RMSEA was 0.06, TLI was 0.90), other fit
statistics did not (i.e., SRSM was 0.06, CFI was 0.93). By
contrast, all the fit statistics indicate that the two-factor model
is a good fit: the chi square was non-significant, the RMSEA
was 0.04, SMSR was 0.05, the TLI was 0.97, and the CFI was
0.98. The chi-square difference test also indicated that the
two-factor model fit the data significantly better than the onefactor model (x2(1)=8.64, p<0.001).

Critically, the two models were also compared using the
Akaike information criterion (AIC) which evaluates the best
model not only in terms of its predictability but also in terms
of the number of variables such that more complex models
will not always constitute a better fit (Akaike, 1987). Lower
AIC values indicate better model fit (Kline, 2011;
Schumacker & Lomax, 2016). The AIC was lower for the
two-factor model (3946.84) compared to the one-factor
model (3953.48). In sum, the fit statistics and model
comparisons indicate that the two-factor model consisting of
EF and AC is preferable to the one-factor model. It is
nevertheless worth noting that the EF and AC factors are
correlated (Figure 1), suggesting that these two factors are
related but distinguishable.
An additional three-factor model in which the two EF
processes (working memory and response inhibition) were
tested as separate factors revealed that these models did not
represent better fits. As such, these results are consistent with
previous models suggesting that response inhibition and
working memory are not structurally separate processes in
preschool children.

Figure 1: Unitary One Factor Model and EF and AC Two-Factor Model. EF=Executive Function, AC=Attentional Control,
CT=Circle/Triangle, WG=Wrapped Gift, StP=Spin the Pots, DS=Digit Span, LCP=Low-Frequency Continuous Performance
Task, HCP=High-Frequency Continuous Performance Task, VSA=Visual Search Accuracy, VSR=Visual Search Reaction
Time. Standard factor loadings and coefficients are shown; *p < .05, ** p <.01, *** p <.001
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Discussion
This study was designed to test whether EF and AC processes
were more consistent with a one- or two-factor model during
the preschool years. Most previous studies investigating the
structure of EF during this age period report that EF is
associated with a unitary factor structure. Critically, these
studies assumed that AC processes are integral to EF tasks,
but never tested this question empirically. The results from
the current study reveal that this assumption is at least
partially incorrect. By testing the factor structure of EF and
AC measures with an a priori predicted model using CFA, we
demonstrated that EF and AC are separable but related
constructs during the preschool years.
Although our findings challenge the prevailing view that
EF is best conceptualized as a unitary construct during the
preschool years, they do not support the current opposing
view. In fact, our findings converge with previous evidence
suggesting that working memory and response inhibition
processes represent a unitary process. This is not to suggest,
however, that EF constitutes a unitary process during the
preschool years. If AC processes are considered integral to
the development of EF, then it is important to acknowledge
that EF is not a unitary process because AC also develops
during this period but is dissociable from EF. It is surprising
that this question has remained untested for so long, because
attention is broadly viewed as a central process in EF (e.g.,
Baddeley, 2002; Kane & Engle, 2003).
What are the implications of these findings? First, it is
clearly important to appreciate that there is a broad class of
AC processes that are often associated with different EF
processes, such as the allocation of attention toward
representations in memory or serial shifts of attention during
visual search (e.g., Woodman & Luck , 1999). As such, there
is no one-to-one relation between EF and AC, because there
are multiple modes of operation within each of these systems
(Awh et al., 2006). Second, there are distinct developmental
trajectories for EF and AC during the preschool years, but it
remains an empirical question as to whether there is more
convergence at later stages of development. This will require
more direct comparisons between performance on AC and EF
tasks at older ages. Third, distinguishing between unitary and
fractionated models of EF and AC may require Occam’s
razor. It is at least partly dependent on the analytic method.
Our findings revealed that the best fit of the data was a twofactor model consisting of EF and AC, but it also revealed a
significant correlation between the two factors, suggesting
that they are not entirely independent. Indeed, numerous
studies reveal significant interactions between sustained or
selective attention and working memory processes (e.g.,
Garon et al., 2008 for a review). The choice of analytic
method depends largely on whether the focus is on the
interaction between different processes, such as selective
attention and working memory, or rather is focused on the
latent structure or more common processes involved in EF
and AC.
Although most theorists have focused on the development
of EF during the preschool years to the exclusion of the

development of AC, the work by Posner, Rothbart, and
colleagues is a notable exception. They propose that different
components of AC are associated with an attention network
that develops gradually and leads to EF changes in early
childhood (Posner & Rothbart, 2007; Rueda et al., 2005).
Posner’s Attention Network Theory (Posner, 2012) proposes
that AC consists of three related but distinct processes:
sustained attention (maintenance of a narrow focus on a
single object or event for an extended period of time),
selective attention (disengagement from one target in order to
orient toward another), and executive attention (monitoring
and resolving conflicting information). Although a strict
interpretation of our findings might suggest that Posner and
colleagues are wrong, we believe that the evidence revealing
a correlation between the EF and AC factors at least partially
supports rather than refutes their theory.
It is important to note that the executive attention process
proposed by Posner and colleagues greatly overlaps with the
set shifting processes from the EF literature and similar tasks
have been used to assess both (Carlson, 2005; Steele et al.,
2012). Critically, we did not include any specific measures of
executive attention or set shifting, although the circle/triangle
task might be considered an exemplar of both processes. The
reason that these tasks were not included is that they are
functionally very similar and thus we did not expect to
observe a dissociation of the processes involved in these two
tasks. As children continue to develop, they will be tested
with an increasing number of executive attention or set
shifting tasks, which would thus decrease the likelihood of
observing a dissociation between AC and EF.
Although we have focused thus far on the findings from the
confirmatory factor analyses, a few of the correlational
findings merit some brief comments. First, children
demonstrated developmental improvements on all but two
tasks, thus confirming that both EF and AC are continuing to
develop during this period. Second, there is some debate as
to whether ‘hot’ and ‘cool’ EF tasks will result in similar
findings (e.g., Willoughby et al., 2011). In our study, the
‘hot’ wrapped gift and ‘cool’ circle/triangle tasks were both
designed to measure response inhibition, and contrary to
some reports there was a significant correlation between
these two measures. We suspect that differences between
these two tasks are more likely to occur when there are
measurable differences in emotional responsiveness, but
there was no evidence of such differences in our study.
In sum, attention is considered a basic building block for
the EF system (Garon et al., 2008), but the results from the
CFA analyses suggest that it is not fully integrated with EF
during the preschool years. Although it is structurally
dissociable, our findings as well as those of others suggest
that AC and EF are related and interact. The main
developmental question for the future is whether AC and EF
become more dissociable or more integrated at older ages.
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Abstract
We investigated whether the representation of relational
categories is different from that of featural categories. Earlier
work has suggested an extreme-value hypothesis: when a
category is defined in terms of a relation, exemplars with
exaggerated values along this stimulus dimension are judged
as better members of the category. Featural categories, on the
other hand, are not exaggerated. To test this hypothesis, we
trained participants to categorize two fictional diseases defined
either by a deterministic relation or a deterministic feature.
After the categorization task was mastered up to a predefined
learning criterion, we provided a graphical user interface that
enabled participants to construct good examples of the
acquired categories by adjusting the stimulus attributes. We
constructed a novel index of relational exaggeration based on
residual deviations from a non-exaggerated response strategy.
These results supported the extreme-value hypothesis. This
replicates and extends an earlier quasi-experimental study (Du
et al., 2021).
Keywords: Category learning; relations; typicality; extremevalue hypothesis

Introduction
One can extract information in both featural and relational
ways from the same scene. When Ava was chasing her cat
while her cat was chasing a squirrel, she had no problem
extracting the featural information and categorizing the
animals into one group based on their fur coats: furry(squirrel)
and furry(cat)). Once she is above a certain age, Ava would
also be able to extract the relational information and
categorize the two chasers into one group based on the same
role: chase (Ava, cat) and chase (cat, squirrel). Nevertheless,
the information extracted from the same scene might be
represented differently. The features are more likely to be
perceivable and constant – the cat’s fur coat, for example,
produces a characteristic texture pattern on the retina that is
visible across many scenes. The relations, on the other hand,
require dynamic processing as objects have to be bound with
different roles that tend to change rapidly from one scene to
the next.
The differences in the representational format for featural
and relational information would follow naturally if featural
and relational categories were acquired via different
mechanisms. It is well established that featural categories can
be acquired by associative learning among category labels
and a set of featural attributes. This type of learning is

captured well by purely connectionist models. On the other
hand, relational categories are more likely to be acquired by
structure mapping (Gentner, 1983) or schema induction
(Doumas et al., 2008; Hummel & Holyoak, 2003). Modeling
this kind of learning requires more sophisticated models that
combine connectionist and symbol-processing mechanisms
(Doumas et al., 2008; Hummel & Holyoak, 2003; Kokinov &
Petrov, 2001).
Empirical studies have also found supports for distinct
representations of different types of categories. In order to
examine whether both common taxonomic and goal-derived
categories follow graded structure, Barsalou (1985) asked
participants to judge the goodness, central tendency, and
ideality of exemplars of these categories. He found that good
exemplars of common taxonomic categories are of their
central tendencies (e.g., robin in birds), while good
exemplars of goal-derived categories are more of their ideal
members that instantiate the goal (e.g., food with zero
calories in diet food). Following Barsalou (1985), distinct
representative exemplars in featural and relational categories
were observed in many studies (Goldwater et al., 2011; Kittur
et al., 2006; Lynch et al., 2000; Rein et al., 2010). Among
them, Kittur et al. (2006) trained participants on artificial
categories to avoid influence of prior knowledge and
explored what would be judged as better exemplars of
acquired relational categories. In their task, relational
categories were defined by the relative size or darkness
between an octagon and a square on each trial. After training,
Kittur et al. manipulated whether defining relations and
features were consistent with the trained exemplars in a
following transfer task (i.e., whether relative size/darkness
preserved, and whether the absolute size/darkness were
within the range presented during training). Surprisingly,
Kittur et al. (2006) found that exemplars with consistent
relations and inconsistent features were judged as better
exemplars of the categories than exemplars with both
consistent relations and features. In other words, extreme
relations were found more illustrative of the relational
categories even at the sacrifice of familiar features. These
studies, taken together, suggested that a good member of at
least some relational categories is not close to the prototypes,
but it instantiates extreme values of the encoded relations. We
refer to this idea as the extreme-value hypothesis.
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One limitation of the previous studies was that the
dependent measures that they used were poorly suited for
testing the extreme-value hypothesis. Rather than measuring
the degree of exaggeration of the represented features and
relations, most previous studies measured the goodness of a
given set of extreme/ideal exemplars. This experimental
design does not make clear whether participants represented
relational categories by extreme exemplars initially, or just
found out that extreme exemplars were good after seeing the
given exemplars. To measure directly the degree of
representational exaggeration, we created a novel task in
which participants were asked to reconstruct good members
of given categories (Du et al., 2021).
Our previous experiment (Du et al., 2021) trained
participants in artificial categories whose structure was
similar to that used in an earlier study by Kittur et al. (2006).
Participants learned to categorize two fictional diseases,
defined either by a feature or a relation. Each exemplar was
depicted by two kinds of artificial cells that varied in four
dimensions such as the number of hairs on the surface of the
cell or the number of organelles inside it. Each dimension
could be acquired as a relation (between two kinds of cells)
or a feature (of the more salient kind of cells). As depicted in
Figure 1, our previous experiment started with a training
phase in which a single deterministic attribute (either a
feature or a relation, counterbalanced across the space of
eight stimulus attributes) was 100% diagnostic of the correct
diagnosis. The other seven attributes were also informative
(i.e., 75% diagnostic) of the correct diagnosis, and a perfect
accuracy could still be achieved by pooling the information
over these partially informative attributes. In such category
structure it is possible to achieve perfect accuracy by
following multiple distinct strategies. The simplest strategy
was to identify the single deterministic attribute and rely on
it for classification, ignoring the other attributes. But more
complex strategies that “took a majority vote” across several
features and/or relations were viable as well. Therefore, our
previous experiment included a transfer phase in an attempt
to classify the participants according to the type of strategies
they adopted (Fig. 1). The experimental session concluded
with a novel reconstruction task that measured the degree of
exaggeration of good exemplars from the central tendency of
training exemplars. As predicted by the extreme-value
hypothesis, we found that the encoded relations would tend
to be exaggerated in comparison to the encoded features (Du
et al., 2021). Nevertheless, we acknowledge the limitation of
the quasi-experimental design of our earlier study – the
participants sorted themselves into groups depending on the
strategies they spontaneously adopted. Because there was no
random assignment, it was difficult to draw inferences about
causality.
The present study employs a true experimental design that
complements and extends the quasi-experimental design of
the study of Du et al. (2021). The similarities and differences
across the two designs are depicted schematically in Figure 1.
In both studies, participants were also asked to categorize two
fictional diseases, and one (counterbalanced) attribute was

100% diagnostic of the correct diagnosis. However, no other
stimulus attribute has any diagnostic value at all in the present
study, whereas many attributes were partially diagnostic in
the study of Du et al. (2021). The goal is to constrain the
resulting representation, leaving little room for alternative
strategies. In the new, fully deterministic category structure
the only way for a participant to achieve near-perfect
accuracy during the training phase is to identify the taskrelevant attribute. This obviates the need for a separate
transfer phase. The new experimental design proceeds
straight to the reconstruction phase that measures the degree
of exaggeration in encoded attributes (Fig. 1).

Figure 1: Schematic depiction of our earlier experiment
(Du et al., 2021) and the present experiments that
complements and extends it. The experimental phases are
depicted as white boxes, and hypothesized cognitive
structures as shaded ovals. Solid arrows indicate causal
links, whereas the dashed line only suggests correlations.
The new design raises an interesting methodological
challenge. Because there are two deterministic categories, the
overall training distribution of the relevant stimulus attribute
is bimodal. Thus, the average value during training is not a
good baseline for evaluating the exaggeration of the acquired
category representations. Furthermore, the training averages
also differed across the two experimental groups (featural
versus relational). We propose a novel dependent variable
designed to deal with these methodological complications.
We defined a priori two specific strategies – one featural and
one relational – that predict the responses of a hypothetical
participant who is performing the task accurately but has zero
exaggeration of the task-relevant attribute in their internal
representation. The exaggeration of the responses that were
produced by the actual participants can thus be estimated by
calculating residuals. That is, by subtracting the theoretical
prediction from the actual observed response.
Overall, we predicted that participants would produce
more exaggerated extreme values if the encoded attributes
were relations and produce values close to the trained
exemplars if the encoded attributes were features.
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Method
Participants, Groups, and Inclusion Criteria
There were two main experimental groups - featural and
relational - in which the to-be-learned categories were
defined by either a feature (F) or a relation (R). Each main
group had 3 subgroups counterbalancing the 3 stimulus
dimensions. A total of 311 students from the Ohio State
University participated in the experiment for course credits.
Initially, 244 participants were randomly assigned to the
resulting 6 subgroups. Following the predetermined inclusion
criteria, we excluded participants who failed more than half
of the attention checks, had a median response time less than
0.3 sec, or pressed the same key or same pattern of keys
repetitively. To maintain the number of participants in each
subgroup comparable after exclusion, we further recruited 67
additional participants. Of all 311 participants, 209 met the
inclusion criteria.

Figure 2: A “micrograph” sample was shown on each
trial, containing two kinds of artificial cells that vary in
number of cells, number of organelles within each cell, and
number of hairs around each cell.

Stimuli and Category Structure
Participants were required to categorize two fictional
diseases, Azolitis or Leporidis, based on the features or
relations depicted in the “micrograph” on each trial. As
Figure 2 shows, each micrograph includes two kinds of
artificial cells, grey cells and pink cells, varying in (i) the
overall number of cells, (ii) the number of organelles within
each cell (shown as dots inside each cell), and (iii) the number
of hairs on the surface of each cell (shown as lines). We
referred to the grey cells as “healthy” cells and pink cells as
“diseased” cells. Depending on the main condition, the
diseases were characterized by the absolute features of
diseased cells (F) or the relations between diseased and
healthy cells (R). Either way, healthy cells were not
informative by themselves. Although this rule had not been
instructed explicitly, we made the healthy cells less salient in
color. Also, the visual display was designed to make counting
more efficient in the following ways: (i) the two kinds of cells

were presented in pairs whenever possible, (ii) organelles and
(iii) hairs were always presented from the center to the sides
in groups of three.
As mentioned above, the categories were defined by either
the absolute features of diseased cells or the relations between
diseased and healthy cells. For example, in the subgroup
defined by the absolute number of diseased cells, any
micrograph with four diseased cells should be diagnosed as
Azolitis, while any micrograph with eight diseased cells
should be diagnosed as Leporidis. When the subgroup was
defined by the relative number of diseased and healthy cells,
on the other hand, any micrograph with fewer diseased cells
than healthy cells should be diagnosed as Azolitis, while any
micrograph with more diseased cells than healthy cells
should be diagnosed as Leporidis. In other words, in each
condition, there was either a feature or a relation that was
100% diagnostic of the correct diseases. Moreover, only this
defining feature or relation was informative of the diseases.
That is, the rest of the features and relations were made to be
noninformative, as they would have equal chances of
appearing in Azolitis and Leporidis. For instance, Table 1
shows the exemplars presented in the subgroup defined by
the relative number of diseased and healthy cells.
Accordingly, only the relation in “#Cells” dimension is 100%
diagnostic of the categories, while the other relations and
features are not diagnostic (i.e., 50% = chance level).
Moreover, since those noninformative features and relations
were independent, they did not provide extra information
even if multiple relations or features were considered
together.
Based on the well-defined relations and absolute features
of the diseased cells, the absolute features of the healthy cells
were then sampled in the following way: considering
Weber’s law, the slopes of sampling boundaries (as shown in
Figure 3) were 1.3 and 1/1.3 so that differences between
diseased and healthy cells were easy to notice. At the same
time, the sampling range was narrow as well so that
differences were not too salient. Figure 3 shows the sampled
absolute features of the healthy cells given the relations and
absolute features of the diseased cells. Finally, the association
between diseases (Azolitis and Leporidis”), relations and
features were counterbalanced across participants.
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Table 1: Category structure of Azolitis and Leporidis
from the subgroup defined by relative number of diseased
and healthy cells. “>” and “<” stand for relations between
healthy and diseased cells, while “4” and “8” stand for
absolute features of diseased cells.
Dimensions
#Cells
>,4
#Organ. >,4
#Hairs
<,8

>,4
>,8
<,4

#Cells
#Organ.
#Hairs

<,4
>,4
>,8

<,4
>,8
>,4

Exemplars of Azolitis
>,4 >,4 >,8 >,8 >,8
<,4 <,8 >,8 >,4 <,8
>,8 >,4 >,8 >,4 <,8
Exemplars of Leporidis
<,4 <,4 <,8 <,8 <,8
<,8 <,4 >,4 >,8 <,4
<,4 <,8 <,4 <,8 >,4

>,8
<,4
<,4
<,8
<,8
>,8

Procedure and Scoring
Participants were instructed that there were two fictional
diseases, Azolitis and Leporidis, and their task on each trial
was to make a diagnosis based on the micrograph taken from
an organ of a given patient with either Azolitis or Leporidis.
Then, a micrograph was presented, and the participants were
instructed that grey cells refer to healthy cells and the two
diseases were characterized by the presence of diseased cells
stained in pink. Moreover, the three stimulus dimensions that
might be relevant to the diagnostic criteria were pointed out
explicitly, while no hint was given on the defining feature or
relation, or the general usefulness of relations vs. features.

Figure 3: Illustration of sampling absolute features of
healthy cells given pre-defined relations and absolute
features of the diseased cells. Light pink and grey shades
indicate the available ranges of diseased and heathy cells
during reconstruction.
After instruction, participants started the training phase, in
which they were presented with a sequence of micrographs
and asked to make a two-alternative forced choice by
pressing A (for Azolitis) or L (for Leporidis) based on the
micrograph on each trial. Feedback on whether the diagnosis
is correct or not was given right after each choice. Since no
hints were given on the defining feature or relation,
participants had to make random guesses at first, but they
learned from the feedback and gradually mastered the
diagnostic criteria for each disease. Trials were organized in
blocks of 16 exemplars (as listed in Table 1) in random order.
Starting from the second block, participants were allowed to
enter the reconstruction phase as long as they achieved the
learning criterion, which required correctly diagnosing at
least 15 out of 16 micrographs in a block for two consecutive
blocks. Otherwise, participants would run through all 320
trials to enter the reconstruction phase.
After the training phase, all participants entered the
reconstruction phase. On each trial, they were asked to
construct a micrograph as a good example of either Azolitis
or Leporidis. There were 5 reconstruction trials for Azolitis
and 5 trials for Leporidis. The first two trials included one for
Azolitis and one for Leporidis, in a random order, and the rest

eight trials were also presented in a random order. Each trial
started with healthy cells presented in the micrograph only.
Participants adjusted the absolute features of diseased cells
using a graphical user interface with three sliders. The
absolute features of healthy cells were sampled from 3 to 9
(as shown in the first column in Table 2). The sliders defined
a range from 0 to 14 for possible features of diseased cells1,
as grey and pink shades shown in Figure 3. Before
completing each trial, participants were forced to either move
the sliders to produce the features or relations or click an
“Ignore” button drawn next to each slider to indicate that the
particular dimension was not included in their diagnosis
criterion.
Table 2: Illustration of ideal values of diseased (pink)
cells, as zero degrees of exaggeration, given different
presented values of healthy (grey) cells and attribute
encoded (i.e., Relation or Feature). Values with asterisks in
indicate that the values that were presented during training.
Association between category labels and relative or absolute
magnitudes were counterbalanced to be consistent with
training.
Azolitis
Leporidis
#Grey #Pink#Pink#Pink#PinkFeature
Relation Feature
Relation
3*
4*
2
8
4*
4
4
3
8
5/6
5*
4*
4*
8*
8*
6*
4*
4*
8*
8*
7
4
5
8
9
8
4
6
8
10
9
4
7
8
11
In order to examine the degree of exaggeration, we compared
the reconstructed values of diseased cells to the “ideal” values
of diseased cells. Here, the “ideal” values were designed to
have zero exaggeration relative to the values that were
encountered during training. If there is no difference between
reconstructed and ideal values, then we would conclude that
there is zero degrees of exaggeration in the encoded
representation. However, given that the trained features (i.e.,
absolute features of diseased cells) and the trained relations
(i.e., relative differences between diseased and healthy cells)
were different measures, we defined different ideal values for
defining features and relations. Table 2 lists all possible
values used to depict healthy cells during reconstruction,
together with corresponding ideal values for encoded features
and relations. The ideal values for encoded features were
straightforward, as four and eight were the only values that
participants had been trained on for each disease, they would
serve as the ideal values for defining features. The ideal
values for encoded relations, on the other hand, depend on the
given healthy cells on each reconstruction trial as well as the
trained differences between diseased and healthy cells. Here,

1

Except for the overall number of cells dimension, where the
range was from 1 to 14.
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we quantified the differences by Michelson contrast2. Based
on the given healthy cells and trained differences (from -.200
to -.111 and from +.091 to +.231), the expected ideal values
of diseased cells for encoded relations were calculated (i.e.,
“#Pink-Relation columns) so that the ideal differences were
within the range of trained differences.
Based on this a priori definition of lack of exaggeration, we
defined the measure of our main interest: sign adjusted
residuals, as the differences between reconstructed and ideal
values. The sign of the residuals was adjusted so that positive
residuals always indicate exaggeration in the direction that
agrees with the encoded relations. Finally, we averaged the
residuals across five reconstruction trials and two diseases to
produce a single dependent measurement per participant.

Results and Discussion
Training Phase
Seventy-one participants reached the learning criterion in the
relational condition and 79 did so in the featural condition. In
comparison with the previous study (Du et al., 2021) in which
only half of the participants passed the learning criterion,
more than two-thirds of participants passed it here. This
suggests that a simplified environment with fewer
informative distractors is more learnable.
Following Kittur et al. (2006), we treated the participants
who failed to achieve the learning criterion as if they had
passed it on the last trial. With those participants included, no
statistically significant difference was found in terms of the
trials used to reach the learning criterion (t (204.42) = -.40, p
= .69) between participants in the relational condition (M =
160.78, SD = 118.56) and those in the featural condition (M
= 167.09, SD = 109.03). This result is consistent with that for
deterministic conditions in Kittur et al. (2004), suggesting
that the features and relations are comparably learnable as
long as both of them are deterministic.

Reconstruction Phase
The following analysis include both participants who reached
the learning criterion and those who failed the learning
criterion.
The extreme-value hypothesis predicts that the learned
relations would be exaggerated. In our study this translates
into sign adjusted residuals that are significantly greater than
zero. Meanwhile, we also predicted that the learned features
would be close to the values observed during training. This
translates into sign adjusted residuals that are not
significantly different from zero. When the learning criterion
was not reached, however, we predicted that the
reconstructed values would be randomly selected within the
range of 0 to 14. Under our scheme for calculating residuals,
the sign adjusted residuals of participants who respond at
random were predicted to be significantly smaller than zero.
The results were consistent with the extreme-value
hypothesis. The average sign adjusted residuals of encoded
relations (M = .61, SD = 1.62) was significantly larger than
zero (t (70) = 3.20, p = .001). This suggests that when a
category representation is organized in terms of a relation,
this relation tends to be exaggerated when the participant is
asked to produce a new exemplar of the category. On the
other hand, the average sign adjusted residuals of encoded
features (M = .02, SD = 1.50) were not significantly different
from zero (t (78) = .13, p = .45). This suggests that when a
category representation is organized in terms of a feature and
the participant is asked to produce a new exemplar, this
feature will be set to the value that was typical during
training. In addition, the average sign adjusted residuals of
the participants who failed to reach the learning criterion (M
= -2.35, SD = 1.48 in Relation; M = -1.76, SD = 1.78 for
Feature) were both significantly smaller than zero (t (31) = 8.99, p < .001 for Relation; t (26) = -5.15, p < .001 for
Feature).

Figure 4: Average and individual number of trials used to
reach the learning criterion in relational and featural
conditions

Figure 5: Average sign adjusted residuals of encoded
relations versus average sign adjusted residuals of encoded
features. Error bars indicate the standard errors.

2

Michelson contrast is defined as (#pink - #grey) / (#pink +
#grey).
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General Discussion
We extended and complemented the quasi-experimental
study of Du et al. (2021). The current study has a true
experimental design that supports inferences about causality.
The results of the new experiment replicate and reinforce our
earlier results. Both correlational (Du et al., 2021) and causal
evidence (present study) support the extreme-value
hypothesis. Concretely, participants who spontaneously
chose a relational categorization strategy (Du et al., 2021) or
were experimentally induced to adopt one (present study)
tended to exaggerate the task-relevant stimulus dimension.
This exaggeration occurred only in the relational condition –
whether it was adopted spontaneously or because of random
assignment of participants into experimental groups. There
was no evidence of analogous exaggeration of other stimulus
attributes that were not relevant for the categorization task.
Importantly, there was no evidence of exaggeration of any
stimulus attribute in the featural condition. The selective
nature of these exaggeration results makes them hard to
account for in terms of alternative explanation involving
opponent categories (e.g., Davis & Love, 2010).
The evidence obtained using our novel reconstruction task
adds to the literature suggesting that the representation of at
least some relational categories is different from that of
featural categories (Goldwater et al., 2011; Kittur et al., 2006;
Rein et al., 2010). That is, while featural categories are
represented as the central tendencies of the observed
exemplars, relational categories are better represented as the
extreme values that instantiate the relations.
As a topic for future research, the reconstruction task can
also be used to test the relational learning processes. For
example, it is claimed that relational concepts can only be
learned when they are deterministic (e.g., Kittur et al., 2004).
However, relational learning can be achieved when a higher
or lower level of deterministic relation is available (Jung &
Hummel, 2015a, 2015b). A reconstruction task can help
examine the representation adjustment through the learning
process, like whether relations are treated as features
somehow to acquire the probabilistic structure.
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Abstract
Determining others’ motor competence is critical for action
prediction and social decision making. One aspect of
competence judgements involves assessing how costly a given
action is for a particular agent (e.g., whether climbing 4 floors
of stairs is a piece of cake or a tough physical exercise). Such
information is not given away by the agents’ physical
appearance but can be inferred based on their behavior. Across
two looking-time experiments, we show that 10-month-olds
can infer and compare agent-specific costs of different actions.
After being familiarized with agent A jumping over low
obstacles and walking around high obstacles, and agent B
jumping over both low and high obstacles, infants worked out
that for B jumping bears little cost, while for A jumping high
is more costly than detouring the obstacles by walking.
Furthermore, they used this motor competence judgements to
predict both agents’ actions in a new environment. These
findings suggest that basic building blocks competence
evaluations are available in infancy and may be rooted in
infants’ action interpretation skills.
Keywords: infant cognition; action interpretation;
competence; naïve utility calculus

Introduction
Reasoning about others’ competence is a critical aspect of our
social life. Knowing how competent a person is to carry out
certain tasks guides not only action prediction (e.g.,
estimating whether someone will pass a math test or win a
ping-pong match) but also social decision making (e.g.,
deciding whom to work with on a group assignment or pair
up for a double game). Our concept of competence is versatile
and can be applied to intellectual and physical characteristics
of agents. However, whether we consider others’ ability to
write computer code, play the piano, or run a half-marathon,
one aspect that competence judgements in very different
domains have in common is the assessment of how costly (or
effortful) a given action is for a particular individual.
Generally, assuming the same outcome of a completed
action, the person for whom the action was less costly (or
easier) to carry out is likely to be judged as more competent
than the person for whom it proved more costly (or difficult).
Similarly, considering within-individual variations in
competence, the person is likely more competent at actions

that are less costly (or easier) for them than those that are
more costly (or difficult).
Recent developmental work with young children suggests
that this inferential strategy is operational early in human
development: children seem to base their competence
evaluations on how costly it is for an agent to complete a task.
Already by 2 years of age, toddlers interpret the differences
in two agents’ relative efforts to activate a toy as indicative
of differences in competence, judging a person who activated
the toy with a fewer number of attempts as a better play
partner than the person who needed to try more times before
succeeding (Jara-Ettinger et al., 2015a; see also, Gweon &
Schulz, 2011). Later, 4-year-olds use the time required to
complete a task as a proxy of cost and select the person who
was faster to assemble a block tower as more competent, i.e.,
better at building blocks (Leonard et al., 2019).
Here, expanding on the findings that complex inferences
about action costs become operational in the first year of life
(Liu et al., 2017; Liu & Spelke, 2017), we posited that human
infants may have access to aspects of competence evaluations
that rely on computing agent-specific costs. To test this
hypothesis, we turned to approach scenarios, in which an
agent overcomes obstacles on its way to a goal. This choice
was motivated by the following empirical evidence. First,
infants comprehend approach actions as means to seek
proximity of, or getting access to, the approached objects or
social partners, as early as 3 months of age (Skerry, Carey, &
Spelke, 2013; Liu, Brooks, & Spelke, 2019.). Second, their
action interpretation is guided by the assumptions of costefficiency, such that they expect agents to minimize their
energetic expenditure (e.g., by taking a straight path toward
the goal, Gergely et al., 1995; Csibra et al., 1999; or by
performing a jump aligned in height with an obstacle rather
than leaping over it, Liu & Spelke, 2017). Third, infants treat
action cost as a monotonic function of certain perceivable
geometric parameters of the environment (e.g., the height of
a wall, the length of a path, the incline angle of a hill slope,
Gergely & Csibra, 2003; Liu et al., 2017), interpreting, for
instance, a higher jump as more costly to perform than a
lower jump.
Furthermore, by 10 months of age, infants apply the
principle of cost efficiency to interpret the variability in an
agent’s behavior (e.g., sometimes jumping above obstacles,
sometimes detouring them by walking) as linked to the
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environment in which the agent acts (e.g., some obstacles are
high, some low) and indicative of differences in relative costs
of distinct actions. For example, observing an agent detouring
narrow obstacles by walking and jumping above long
obstacles leads infants to think that making short but not long
detours is less costly than jumping (Pomiechowska & Csibra,
2020). By assuming cost-minimizing action choices, they
infer that the cost of jumping must be lower than the cost a
long walk, while, conversely, the cost of a short walk must be
lower than the cost of jumping. Critically, the ability to
compute and compare the relative costs of different actions is
a computational prerequisite for estimating agents’ motor
competences.
Namely, estimating motor competence amounts to building
an agent’s cost profile, defined as a set of relative costs
associated with different actions and indexed to a specific
individual. While the past evidence discussed above indicates
that infants compute relative actions costs, it remains
unknown whether they appreciate that costs can vary across
agents. It could be that infants initially assume that all agents
have similar physical characteristics, and discover only later,
through interacting with others, that action costs change
across individuals. Alternatively, the appreciation that
distinct individuals are characterized by different cost
profiles may be part of the early-emerging action
interpretation toolkit such as naïve teleology (Gergely &
Csibra, 2003) or naïve utility calculus (Jara-Ettinger et al.,
2016).
Across two looking time experiments, we examined
whether 10-month-olds can estimate two agents’ motor
competences by computing agent-specific differences in
relative costs of two different actions, jumping versus
walking. Infants were first familiarized to agent A jumping
over low obstacles and detouring high obstacles by walking,
and agent B jumping over both low and high obstacles. Then,
their ability to establish that the agent-specific cost profiles
(i.e., for A walking around high obstacles is less costly than
jumping, while for B jumping is always less costly) was
probed via an action prediction test, in which both agents
acted in a new environment. In Experiment 1, both agents
were shown to jump over a new obstacle higher than those
seen at familiarization: this action was consistent with the
cost profile of agent B and inconsistent with the cost profile
of agent A. In Experiment 2, both agents were shown to jump
over a new obstacle whose height fell between the heights of
the familiarization obstacles, making jumping consistent with
the cost profiles of both agents. If infants compute agentspecific motor competences in jumping and walking, they
should display longer looking to events inconsistent with the
cost profile of agent A in Experiment 1 and look equally long
to both test events in Experiment 2. We chose to test 10month-olds for their ability to readily compute action costs
based on the path characteristics (Liu et al., 2017) and extract
relative costs of different approach actions (Pomiechowska
& Csibra, 2020).

Experiment 1
Methods
Participants. The sample size was determined using a
preregistered stopping rule, with log10 Bayes Factor (log10BF) calculation to be performed after the collection of 16, 24
and, 32 valid samples (i.e., every 8th sample after reaching
because 3 two-level factors were counterbalanced in the
current design). The minimum and maximum sample sizes,
of 16 and 32 respectively, were selected based on a metaanalysis of previous studies using frequentist statistics and
within-participant designs (Csibra et al., 2016), and providing
that 16 participants should be sufficient to demonstrate an
effect with 0.75 probability, while 0.95 probability should be
achieved by 32 participants (a = .05, using paired-samples t
tests, two-tailed).
The final sample included 24 10-month-olds (M = 10
months 7 days; R = 9 months 17 days to 10 months 25 days).
A further 20 infants had to be excluded from the analysis (n
= 2 due to an experimenter error; n = 3 due to parental
interference at test; n = 5 cried; n = 2 reached a maximum
looking time at both test trials; n = 5 fussed out; n = 3 leaned
out of frame making the video coding impossible). Because
the testing took part during the covid-19 pandemic some of
the participants were tested after having completed another
experiment, which likely increased the current task!s attrition
rate (i.e., 7/10 infants who cried or fussed out participated in
another experiment before).
Stimuli and Design. The current stimuli and task were
modelled on previous work (Pomiechowska & Csibra, 2020).
The task consisted of 6 familiarization trials, followed by 2
test trials. Each trial involved a sequence of looped 3D
animations depicting an agent bypassing two walls on its way
to the target (Figure 1). The animations were created in
Blender (https://www.blender.org/).
There were two active agents, A and B, presented
separately on different familiarization trials. They differed in
color and shape (blue sphere v. yellow cube) and exhibited
different greeting behaviors at the beginning of the trial (the
blue sphere agent made a small jump in place; the yellow
cube agent wiggled sideways). The aim of these contrasts was
to help the infant discriminate between the agents.
The agents moved in the same environment, but their
action choices differed to reflect differences in their cost
profiles. The familiarisation layout comprised two obstacles
of different height (2 and 4 units high, respectively) but same
length (20 units). The obstacles obstructed the agents ’way to
the target by falling in front of them as they were moving
across the stage.
The agents differed in how they dealt with the obstacles.
Agent A jumped over the low one and detoured the high one
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Figure 1 : Design and trial schematic across Experiments 1-2.
by moving around it on the ground, while agent B jumped
over both of them. Thus, assuming cost-minimizing action
choices, for B, the cost function of jumping always took
lower values than the cost function of detouring. In contrast,
for A, the cost function of jumping took lower values than the
one of detouring only for the lower obstacle. The
familiarisation trials were presented in an interleaved manner
with respect to the agent’s identity and cost profile: A B A B
A B (counterbalanced).
In the test trials, infants were presented with a new
environment, in which only one new obstacle blocked the
agents ’way to the target. This obstacle was matched in length
with the familiarization obstacles, but was higher (8 units
high) than both of them. There were two test trials, one
presenting agent A and the other presenting agent B jump
above the new obstacle. Thus, both agents performed a
perceptually novel action as neither of them was seen jump
this high at familiarization. However, this new action was
consistent with the underlying cost profile of only one of
them (agent B), while being inconsistent with that of the other
one (agent A).
We counterbalanced three factors: (1) the visual identity of
the agent who acted first (blue sphere v. yellow cube), (2) test
event order (consistent first v. consistent second), and (3)
pairings between agent visual identity and cost profile (blue
jumps twice v. blue jumps once and detours once).
Apparatus and Procedure. The visual stimuli were
displayed on 24" wide screen monitor (sampling rate: 60 Hz,
resolution: 1920 x 1200 px). The sound was delivered
through built-in stereo loudspeakers placed on both sides of
the monitor. Matlab 2014b (MathWorks, MA, US) and

Psychtoolbox 3.0 (Brainard, 1997) were used for stimuli
presentation and on-line looking time measurement.
The experiment took place in a dimly lit soundproof
laboratory room. Infants sat on their caregivers ’lap
approximately 60 cm away from the monitor. The caregivers
were instructed to keep the babies by their hips not to obstruct
their movement, and to remain silent and passive throughout
the task. They wore opaque sunglasses to prevent them from
watching the stimuli and bias the infant’s behavior toward the
display.
We used an infant-controlled procedure, in which the
duration of all experimental trials was contingent on infants’
attendance to the screen. The experimenter coded online
whether the infant looked at the screen, beginning at the onset
of the trial, and terminated the trial when (i) the infant looked
away from the screen for more than 2 s or (ii) after all stimuli
planned for a given trial were delivered (for a total trial
duration of 60 s). We used an infant-controlled instead of
fixed-length familiarisation to adapt the amount of exposure
to individual participants.
Measure, Coding, and Analysis. Our main measure was
total looking time toward the screen during the test events.
The looking time data for the analysis were coded offline
using the same criteria as online coding. Offline coders were
unaware of the condition infants viewed.
We used a set of preregistered trial and participant
inclusion criteria. To be included in the final analysis, infants
had to contribute a minimum of 4 valid familiarisation trials
and 2 valid test trials. A trial was valid, when the participant
attended to both actions performed by the agent; that is,
looked at the screen between 4 and 10.5 seconds of at least
one action animation. Additionally, we excluded participants
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who did not display familiarization to the presented stimuli
and who did not not disengage from the screen (i.e., looking
for 60 s / trial) during 5 out of 6 familiarisation trials or during
both test trials and those whose caregivers intervened during
test.
The test data were base-10 log-transformed. Our primary
statistical analysis computed log10 Bayes Factors (log10-BF)
assuming variable effect size (Csibra et al., 2016). We
compared a null model to an alternative model that assumes
a change in looking times between conditions. The log10-BF
value larger than +1 would indicate a strong effect to the
predicted or to the opposite direction, or the value smaller
than -1 would indicate strong evidence for the lack of a
looking-time difference. Additionally, we conducted
frequentist statistical analyses: paired two-tailed t tests to
assess differences between the test events (consistent v.
inconsistent), and multi-model ANOVAs with test event and
order (consistent 1st v. consistent 2nd) to test for order
effects.
In addition, we explored infants’ looking during
familiarization. To assess whether infants displayed
habituation to the familiarisation stimuli, we averaged and
compared looking times in the first versus second half of
familiarisation (i.e., trials 1-3 v. trials 4-6). As for the test
data, the average looking times were base-10 log-transformed
to approximate a normal distribution.

Results and discussion
Familiarization. Infants’ looking times decreased
significantly by the end of familiarisation (trials 1-3: M =
39.85 s, SD = 12.97 s; trials 4-5: M = 22.52 s, SD = 12.76 s;
t(23) = 5.768, p < .001, 95% CI = [.18, 39]). There was no
evidence that infants’ looking at familiarisation was
influenced by the agent’s cost profile or its appearance, as
assessed using two separate repeated-measures ANOVAs
with familiarisation half (trials 1-3 v. trials 4-5) and cost
profile (agent A vs. agent B) or appearance (blue sphere v.
yellow cube) as within-subject factors.
Test. At test, infants looked significantly longer to the events
in which agent A jumped over the high wall (M = 27.73 s, SD
= 14.41 s) relative to events in which the same action was
performed by agent B (M = 21.02 s, SD = 14.26 s), log10-BF
= 2.123, t(23) = 2.281, p = .032, 95% CI = [.01, .28]. This
pattern of response was present in 20/24 infants. Exploratory
ANOVAs using test event as a within-subject factor and order
(consistent 1st v. consistent 2nd) or competent agent’s
appearance (blue sphere v. yellow cube) as between-subject
factors provided no support for the influence of order, ps >
.262, or features of the tested agent, ps > .837.
These results show that 10-month-olds displayed surprise
when an agent who previously detoured high familiarisation
obstacles was shown to jump over the test obstacle that was
even higher. This effect supports the idea that infants
extracted motor competence profiles of the two agents
presented at familiarization and used this information to form
expectations about their behavior in a new test environment.
We propose that infants assumed both agents to be
minimizing their costs and linked the dimensions of the

Figure 2 : Evolution of log10 Bayes Factor across participants.
obstacles to their action choices, which in turn allowed them
by positing cost functions that were both individual- and
action-specific. In particular, infants have established that for
agent A the cost function of jumping took higher values than
the one of detouring for high obstacles. In contrast, for agent
B jumping appeared to be consistently less costly in the
depicted environment.
However, an alternative interpretation of the current results
is that the observed looking pattern might have been
independent from cost computations. Instead, it might have
resulted from the changes of agent-specific action statistics:
at familiarization, agent B jumped 100% of the time, while
agent A split his actions equally between jumping and
detouring, performing each 50% of the time. At test, both
agents jumped 100% of time. Merely tracking the changes in
agent-specific action frequency would also lead to longer
looking at agent A who started to jump more often than it
used to. This possibility was addressed in Experiment 2.

Experiment 2
The aim of Experiment 2 was to adjudicate what processing
strategy infants adopted in Experiment 1. One possibility is
that they tracked motor competence of two distinct agents
based on the differences in their individual cost profiles.
Alternatively, they might have only extracted the frequency
of each agent!s actions (e.g., A jumping 100% v. B jumping
50% of the time).
A new group of infants participated in a modified version
of the task used in Experiment 1, in which we changed the
height of the obstacles while keeping the action sequences
and action frequency the same. As previously, infants were
familiarized to two agents, one jumping above low walls
while detouring high walls (agent A), and another one
jumping above low and high walls (agent B). Unlike in
Experiment 1, however, the height of the test wall fell in
between the heights of familiarisation walls. Therefore, if
infants solve the current task, using an agent-specific
attribution of motor cost profiles, they should be agnostic
about how the agent who previously detoured the highest wall
would behave. This is because they were not given evidence
about the precise cut-off height at which jumping becomes
more costly than detouring for that agent. This account would
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predict no differentiation between the two test events, and a
support for the null hypothesis in the BF analysis. On the
other hand, if infants interpret the current events by tracking
the frequency of actions for each agent, they should display
the same pattern of results as observed in Experiment 1:
looking longer at the agent who detoured the familiarisation
obstacles by walking 50% of the time and changed his
strategy at test to jumping 100% of the time.

Methods
The methods were the same as in Experiment 1, except the
details described below.
Participants. The final sample size was determined
following the same procedure as in Experiment 1 and
consisted of 32 10-month-olds infants (M = 10 months 9 days,
R = 9 months 18 days to 10 months 28 days). An additional
20 infants were tested and excluded from the analysis (n = 2
due to parental interference at test; n = 6 cried; n = 2 leaned

out of frame; n = 3 reached the maximum looking on all
familiarization trials; n = 1 reached the maximum looking at
both test trials; n = 6 fussed out; 6/12 infants who cried or
fussed out participated in another experiment before).
Stimuli and design. All aspects of task design were identical
as in Experiment 2. We introduced only one modification
regarding the height of the obstacles, both at familiarisation
and test, to ensure that the height of test obstacle is
numerically equidistant from the heights of both
familiarization obstacles. We lowered the first familiarisation
obstacle (to 0.5 units high from 2 units high in Experiment 1)
and heightened the second one (to 8 units high form 4 units
high in Experiment 1). One agent jumped above the first low
obstacle and detoured by walking the second high obstacle
(agent A), while the other jumped above both obstacles
(agent B). The test wall was 4.25 units high (i.e., lowered
from 8 units in Experiment 1), a height selected to be
equidistant (by 3.75 units) from both familiarisation
obstacles. Note that, as before, all obstacles were matched in
length (20 units) and width (0.5 units). There were two test
trials: the consistent test trial presented agent B jumping,
while the inconsistent test trial presented agent A jumping.

Results and discussion
Familiarization. Infants’ looking significantly decreased
over the course of familiarisation trials (trials 1-3: M = 37.29
s, SD = 14.92 s; trials 4-6: M = 26.39; SD = 12.45 s, t(31) =
3.672, p = .001, 95% CI = [.07, .25], replicating the pattern
of habituation to the familiarisation stimuli observed before.
There was no evidence that the agent’s cost profile (A vs B)
influenced their looking behavior, by a repeated-measures
ANOVA with familiarisation half (trials 1-3 v. 4-6) and agent
as within-subject factors, ps > .18. Another repeatedmeasures ANOVA with familiarisation half and agent
appearance (blue sphere v. yellow cube) yielded significant
main effects of familiarisation half, F(1,31) = 10.715, p =
.002, and agent appearance, F(1,31) = 15.173, p < .001. This
effect reflected the fact that infants looked overall longer at
the blue agent (M = 36.73 s) than at the yellow one (M = 26.71
s). Note, however, that for both agents there was evidence of
habituation: looking times decreased significantly from the
first to the second half of familiarisation for both the blue
spherical agent (trials 1-3: M = 43.61 s, trials 4-6: 29.85 s,
t(31) = 3.622, p = .001, 95% CI = [.09, .33]) and the yellow
cubic one (trials 1-3: M = 30.63 s, trials 4-6: M = 22.80 s,
t(31) = 2.077, p = .046, 95% CI = [.002, .25]).
Figure 3 : Looking times across Experiments 1-2. (A) Dots
represent the average raw looking times across test trials.
Error bars represent +/- 1 standard error. (B) Dots represent
individual participants’ data points. (C) Dots (jittered)
represent individual differences scores calculated by
subtracting raw looking time at the consistent test trial from
the raw looking time at the inconsistent test trial. Positive
values indicate longer looking to the inconsistent test trials,
while negative values indicate longer looking to the
consistent test trials.

Test. Infants looked equally long to both test events
(consistent event featuring agent B: M = 25.195 s, SD =
15.86; inconsistent event featuring agent A: M = 25.10 s, SD
= 15.14 s). The log10-BF reached -0.702, thus indicating
substantial support for the null hypothesis that there was no
difference in looking times across conditions. The auxiliary
frequentist analysis yielded no significant effect: t(31) = .365,
p = .717, 95% CI =[-.09, .13]. Seventeen out of 32 infants
looked longer at agent A relative to agent B. Furthermore,
exploratory analyses provided no evidence that infants’
looking was influenced by the order of test event delivery
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(consistent 1st v. consistent 2nd, by a mixed-model ANOVA
with test event as a within-subject factor and order as a
between-subject factor, ps > .44), or agents ’appearance (blue
sphere v. yellow cube, by a repeated measures ANOVA test
event and agent appearance within-subject factors, ps > .10).
Unlike in Experiment 1, infants did not differentiate
between the test events, looking equally long regardless of
which agent was shown jumping above the test wall. This
lack of differentiation rules out the possibility that infants in
Experiment 1 simply relied on internal statistics of action
sequences. In Experiment 2, this strategy would have brought
about longer looking to the test events featuring agent A who
detoured approximately 50% of the time during
familiarisation and switched to 100% jumping at test.
Rather, infants appeared to have computed agent-specific
relative costs of jumping and detouring, allowing them to
estimate the individual agents’ motor competence across
different actions. As the height of the test wall fell in between
the heights of the familiarisation walls, infants could not
know whether it was below or above the cut off height that
had made jumping more costly than detouring for agent A
during familiarization. Therefore, jumping remained
consistent with agent A’s motor competence profile.

Comparison across Experiments
Familiarization. To compare familiarisation looking
behavior across Experiments 1 and 2, we conducted two
multi-model ANOVAs with experiment (1 v. 2) as a betweensubject factor and either cost profile or agent appearance as a
within-subject factor. Only the latter analysis yielded
significant effects: a main effect of color, F(1,54) = 8.217, p
= .006, and an interaction between experiment and color,
F(1,54) = 7.583, p = .008. This interaction can be explained
by the fact that while in the familiarisation of Experiment 1
infants attended equally whether blue or yellow agent was
presented, in Experiment 2 they tended to spend overall more
time watching the blue agent. Such difference was likely due
to random inter-group differences in infants ’color and/or
shape preferences and could not account for the null result
observed at test.
Test. A mixed-model ANOVA with test event (consistent v.
inconsistent) as a within-subject factor and experiment (1 v.
2) as a between-subject factor yielded as a significant
interaction between these two factors, F(1,54) = 4.063, p =
.048, other ps > .13. This result confirms that the observed
looking patterns differed across experiments.

General Discussion

expect that individual cost profiles remain stable over time
and have an influence on the agents’ behavioral choices. In
Experiment 1, infants looked longer to an agent who
navigated a new environment in a manner inconsistent with
the cost profile it displayed at familiarization than to an agent
who acted consistently with its familiarized cost profile.
Experiment 2 confirmed that this looking pattern resulted
from inferences about motor competence to jump versus
detour obstacles by walking, and not from tracking action
frequency.
What inferences are involved in the infants’ judgements of
motor competence? We propose that the assumption costefficiency leads infants to seek explanation for the variability
of the observed behavior at two levels: within-agent as well
as across-agent. This can be achieved by drawing backward
inferences from action choices and the environment
characteristics to the underlying action costs. For instance,
here, upon observing that one agent’s (A) actions varied
between jumping and detouring, while the other agent (B)
consistently jumped, infants worked out that (1) for A the
costs of jumping and detouring varied as a function of
obstacle height, such that below a certain obstacle height
jumping was less costly than detouring, and (2) for B jumping
was the cost-optimal action regardless of the obstacle height.
The present work is in line with recent studies showing that
toddlers and preschoolers accurately judge third-party
competence based on considerations about action cost and
efficiency (Leonard et al., 2019; Jara-Ettinger et al., 2015a,
2015b) or emotional expressions (Asaba et al., 2020). Jointly,
these findings speak against the long-held view that children
struggle to evaluate competence, being overly optimistic in
their evaluations (e.g., holding that they will perform better
in the future than they did in the past, e.g., Nicholls & Miller,
1984; Ruble et al., 1980; Harter, 2012). As pointed by
Cimpian (2017), the view that early judgements of
competence are deficient was based on experiments
investigating predominantly children’s predictions about
their own performance, which may have led to wishful
thinking masking the underlying inferences about
competence.
In conclusion, our research provides early evidence of
motor competence judgements in human infants and
uncovers the action-interpretation mechanisms that subserves
them. It remains open, however, whether infants have an
abstract concept of competence that extends beyond physical
abilities. The adult understanding of competence
encompasses vastly different domains of actions, and
different ensuing costs. Determining the scope of infants’
competence judgements is an exciting avenue for future
research.

The results of the present experiments suggest that motor
competence judgements emerge early in life and are supplied
by the computations of agent-specific action costs of different
actions. More specifically, 10-month-olds appreciate that
relative action costs vary across agents and compute agentspecific cost profiles that summarize the information about
agents’ motor competence (i.e., which actions are more costly
than others given the environmental constraints). Infants
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Preregistration & Materials
The preregistration can be accessed here:
https://osf.io/8hnkj The materials, data, and analysis
scripts can be accessed here: https://osf.io/dx9zs/

Acknowledgements
We thank the families who participated in this research. We
thank Dorottya Mészégető, Petra Kármán, Dorottya
Kerschner, Maria Tóth and Ágnes Volein for research
assistance.

Funding
This research was funded by the European Research Council
(Grant agreement #742231, PARTNERS).

References
Asaba, M., Wu, Y., Carrillo, B., & Gweon, H. (2020). You’re
surprised at her success? Inferring competence from
emotional responses to performance outcomes. In CogSci
(pp. 2650-2656).
Brainard, D. H., & Vision, S. (1997). The psychophysics
toolbox. Spatial vision, 10(4), 433-436.
Cimpian, A. (2017). Early reasoning about competence is not
irrationally optimistic, nor does it stem from inadequate
cognitive representations. In A. J. Elliot, C. S. Dweck, &
D. Yeager (Eds.), Handbook of competence and
motivation, second edition: Theory and application (p.
387-407). New York, New York: The Guilford Press.
Csibra, G., Gergely, G., Bı́ró, S., Koos, O., & Brockbank, M.
(1999). Goal attribution without agency cues: the
perception of ‘pure reason’in infancy. Cognition, 72(3),
237-267.
Csibra, G., Hernik, M., Mascaro, O., Tatone, D., & Lengyel,
M. (2016). Statistical treatment of looking-time data.
Developmental psychology, 52(4), 521.
Gergely, G., & Csibra, G. (2003). Teleological reasoning in
infancy: The naıve theory of rational action. Trends in
cognitive sciences, 7(7), 287-292.
Gergely, G., Nádasdy, Z., Csibra, G., & Bíró, S. (1995).
Taking the intentional stance at 12 months of age.
Cognition, 56(2), 165-193.
Harter, S. (2012). The construction of the self: Developmental and sociocultural foundations. New York: The Guilford
Press.
Jara-Ettinger, J., Tenenbaum, J. B., & Schulz, L. E. (2015a).
Not so innocent: Toddlers’ inferences about costs and
culpability. Psychological science, 26(5), 633-640. JaraEttinger, J., Gweon, H., Tenenbaum, J. B., & Schulz, L. E.
(2015b). Children’s understanding of the costs and rewards
underlying rational action. Cognition, 140, 14-23.
Jara-Ettinger, J., Gweon, H., Schulz, L. E., & Tenenbaum, J.
B. (2016). The naïve utility calculus: Computational
principles underlying commonsense psychology. Trends in
cognitive sciences, 20(8), 589-604.
Leonard, J. A., Bennett-Pierre, G., & Gweon, H. (2019). Who
is better? Preschoolers infer relative competence based on

efficiency of process and quality of outcome. In CogSci
(pp. 639-645).
Liu, S., & Spelke, E. S. (2017). Six-month-old infants expect
agents to minimize the cost of their actions. Cognition, 160,
35-42.
Liu, S., Brooks, N. B., & Spelke, E. S. (2019). Origins of the
concepts cause, cost, and goal in prereaching infants.
Proceedings of the National Academy of Sciences, 116(36),
17747-17752.
Liu, S., Ullman, T. D., Tenenbaum, J. B., & Spelke, E. S.
(2017). Ten-month-old infants infer the value of goals from
the costs of actions. Science, 358(6366), 1038-1041.
Nicholls, J. G., & Miller, A. T. (1984). Reasoning about the
ability of self and others: A developmental study. Child
development, 1990-1999.
Pomiechowska, B., & Csibra, G. (2020). Ten-month-olds
infer relative costs of different goal-directed actions. In
CogSci (pp. 391-396).
Ruble, D. N., Boggiano, A. K., Feldman, N. S., & Loebl, J.
H. (1980). Developmental analysis of the role of social
comparison in self-evaluation. Developmental Psychology,
16(2), 105.
Skerry, A. E., Carey, S. E., & Spelke, E. S. (2013). Firstperson action experience reveals sensitivity to action
efficiency in prereaching infants. Proceedings of the
National Academy of Sciences, 110(46), 18728-18733.

7
3345

Overlapping semantic representations of sign and speech in novice sign language
learners
Megan E. Hillis (megan.e.hillis.gr@dartmouth.edu)1, Brianna Aubrey
(brianna.m.aubrey.22@dartmouth.edu)1, Julien Blanchet (julien.b.blanchet.gr@dartmouth.edu)2, Qijia
Shao (qijia.shao.gr@dartmouth.edu)2, Xia Zhou (xia.zhou@dartmouth.edu)2, Devin Balkcom
(devin.balkcom@dartmouth.edu)2, David J. M. Kraemer (david.j.m.kraemer@dartmouth.edu) 1,3
1

Department of Psychological and Brain Sciences, Dartmouth College, Hanover, NH 03755 USA
2
Department of Computer Science, Dartmouth College, Hanover, NH 03755 USA
3
Department of Education, Dartmouth College, Hanover, NH 03755 USA

Abstract
The presence of semantic information in multivariate patterns
of neural activity has been explored as a method of measuring
knowledge and learning. Using fMRI, we investigated whether
novice learners of American Sign Language (ASL) showed
overlapping representations of semantic categories for words
presented in a well-known (English) or newly learned (ASL)
language. We find evidence of neural patterns that were
partially shared between sign and speech in novice
participants. This result provides evidence for the influence of
even brief learning on neural representations in cross-modality
language processing.
Keywords: cognitive neuroscience; learning; knowledge
representations; fMRI; semantics of language

Introduction
A fundamental concern of educational neuroscience is the
ability to detect and characterize changes in knowledge and
understanding over the course of learning. While traditional
methods of quantifying learning include a wide array of
behavioral measures (multiple-choice tests, essay exams, oral
exams, etc.), prior work has found that data-driven
neuroimaging methods such as multivariate representational
similarity analysis (RSA) (Kriegeskorte et al., 2008) and
other multivariate pattern analysis techniques can
complement traditional methods of assessing an individual’s
knowledge, for example by identifying cortical areas where
neural response patterns correlate with the semantic structure
between stimuli. Multivariate patterns of brain activity which
are associated with understanding or expertise have been
investigated in a number of conceptual domains, including
physics and engineering (Cetron et al., 2019; Cetron et al.,
2020; Mason & Just 2015), computer science (Meshulam et
al., 2020), and foreign language (Qu et al., 2019; Zinszer et
al., 2016).
Furthermore, studies of semantic processing suggest that
neural representations of real-world semantic concepts are to
some extent “modality-independent”: the same concept
presented in two different modalities such as pictures and text
(Shinkareva et al., 2011) or cued with homologous words in
two different languages (Correia et al., 2014; Honey et al.,
2012) can evoke similar neural patterns associated with the
underlying semantic meaning. Evans et al. (2019) found

evidence of partially shared semantic representations across
languages even when the languages in question were of
different modalities (spoken British English and British Sign
Language). This suggests that language cues from two
different modalities may evoke a shared underlying semantic
concept. However, these studies focus on fluent bilingual
participants, who have extensive training in both studied
languages. Another study (Zinzer et al., 2012) found that
neural pattern similarity between responses evoked by
participants’ first and second languages correlated with
proficiency in the second language (e.g. spoken English and
spoken Chinese).
Here, we sought to investigate whether overlapping
conceptual representations across modality (i.e., expressed in
spoken compared to signed language) could be observed in
novice learners after brief exposure to a small set of words in
an unfamiliar language. If so, this overlap of neural patterns
in response to familiar and newly-learned languages could
serve as a useful measure of learning. We recruited two
groups of participants who were fluent English speakers with
no prior training in either American Sign Language (ASL) or
Russian.
Each group completed three brief trainings in one of the
two target languages (ASL or Russian), learning a total of 24
concrete nouns. All participants underwent fMRI scanning
while watching short video clips in ASL, Russian, and
English and completing a semantic task. Using multivariate
analytical methods which leverage meaningful dimensions of
similarity between the ASL signs, including semantic
distance and conceptual categories, we decoded neural
patterns which were partially shared between sign and speech
for the ASL group. Importantly, similar evidence of crosslanguage decoding was not found for the unstudied language,
Russian. This result provides a proof of concept for research
concerning the influence of even brief learning on neural
representations of cross-modality language processing.

Method
Participants
Twenty-two Dartmouth College students participated in this
study. Data from two participants were excluded due to
incomplete scans, resulting in a sample of N = 20 (13 female,
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mean age = 20 years, SD = 1.70). All participants were fluent
English speakers who reported no prior knowledge of
American Sign Language or Russian. Participants provided
informed consent prior to participation in each day of data
collection and were compensated either with curricular extra
credit points or a gift card. All protocols were approved by
the Dartmouth Committee for the Protection of Human
Subjects.

Stimuli and Design
Stimuli for the behavioral and scanner tasks (i.e. the language
lessons and semantic task, detailed in the section
“Procedure”) were short audiovisual clips each containing
one vocabulary word in ASL, Russian, or English. The ASL
videos were provided by ASL-LEX, a database of lexical and
phonological properties of ASL signs (Caselli et al., 2017).
The Russian and English videos were created with efforts to
mimic the style of the ASL-LEX videos by lab volunteers
who are fluent in the respective languages. Each video clip
consisted of the presenter seated before a neutral background,
demonstrating a single vocabulary word. Of the 24 words, 12
were members of the semantic categories of interest (animals,
fruits, and vehicles), while another 12 were selected as
distractor items to obscure the intended categories from
participants. To ensure that participants would not be able to
guess the meanings of the words without training, ASL signs
which were rated greater than average in iconicity (the extent
to which a sign’s form and meaning are non-arbitrarily
related) by a sample of 950 hearing nonsigners collected by
the creators of the ASL-LEX corpus were excluded from the
stimulus set. Additionally, all ASL and Russian stimuli were
pilot tested on Amazon Mechanical Turk to confirm that
native English speakers with no training in ASL or Russian
were not able to guess the meanings of the words and that
subjective ratings of visual similarity (for ASL) and auditory
similarity (for Russian) between the words did not correlate
with object category.

Procedure
Participants completed three short (approx.. 30 min) online
behavioral sessions on the two days preceding and the day of
the fMRI scan. Half of the participants (N=10) were assigned
to learn the set of 24 concrete nouns in ASL, while the other
half learned the same nouns in Russian. The lessons were
administered through Qualtrics (Qualtrics, Provo, UT).
During each of the first two learning sessions, participants
learned 12 new words in their target language through
watching and mimicking the expert videos. They then
completed a set of multiple-choice questions, a free recall
task, and finally used their computer’s webcams to record
videos of themselves practicing each word. In the third
practice session, which occurred on the same day as the fMRI
scan, participants reviewed all 24 words that they had
previously learned, created a final set of webcam recordings
of themselves performing each word, and completed another
free recall quiz before arriving for the fMRI scan session.

During the fMRI session, participants watched the same
audiovisual clips followed by questions which probed either
the semantic meaning of each noun (such as “Is this object
colorful?” or “Would it be easy to cause this object to
move?”) or non-semantic perceptual features of the clip
(“Has this word been presented already in this block?”). They
answered this question by pressing a button with their right
index finger or middle finger. All participants, regardless of
which language they had studied in the learning period, saw
clips in ASL, Russian, and English. ASL and Russian were
presented in counterbalanced blocks of 16 trials each during
the first two functional runs. The English stimuli were
presented in similar blocks of 16 trials during the third
functional run, due to concern that knowledge that the same
24 nouns were presented in each language might help
participants “guess” the words in the unstudied language. The
non-semantic question trials were included to encourage
participants to pay attention even during blocks when they
did not know the semantic meanings of the words. Each target
word was presented twice in each language.

fMRI Data Acquisition
Brain images were acquired using a 3 Tesla Siemens
PRISMA fMRI scanner with a 32-channel head coil. A single
high-resolution T1-weighted anatomical scan and three 8minute functional runs were performed for each participant.
Each 2D EPI sequence consisted of 192 measurements with
a 240 mm2 field of view to provide full brain coverage over
46 slices (Flip angle = 79°; TE = 32 ms; TR = 2500 ms; 3mm3
voxels). In the scanner, stimuli were presented using
PsychoPy (Pierce et al., 2019) version 2021.2.3 (using
Python 3.6).

Image Preprocessing and Univariate Analyses
Brain images were preprocessed using the FSL FEAT
software package (Jenkinson et al., 2012). Each highresolution T1-weighted anatomical image was first skullstripped using the FSL brain-extraction tool. Skull-stripping,
motion correction, slice timing correction, and highpass
temporal filtering were then applied to each functional EPI
volume. Finally, the functional EPIs were registered to the
participant’s individual anatomical volume using the FSL
linear registration tool (Smith 2002).
A univariate regression model using the GLM was then
calculated at the trial level, such that beta-value estimates for
each stimulus were generated separately for each run. For
each trial, brain activity was sampled from the initial
presentation of the video stimulus through a short intra-trial
fixation and a 4 s response period. Trials were separated by a
jittered fixation interval to allow for an unconfounded
estimate of BOLD signal. For stimuli which appeared in more
than one run (ASL and Russian words), beta estimates were
additionally combined across runs with an item-level
regression model, yielding a single contrast estimate for each
word in each language. All beta-value estimates were then
aligned to the individual’s T1 volume and resampled to 2
mm3 using the FSL mathematical manipulation tool.
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Finally, cortical surface reconstructions were generated for
each subject’s T1-weighted anatomical image using
FreeSurfer’s recon-all toolbox (Fischl & Dale, 2000) and
transformed to Surface Mapping (SUMA) format (Saad &
Reynolds, 2012). Formatted cortical surface maps were fitted
to standard mesh grids based on an icosahedron with 32 linear
divisions, yielding 20,484 nodes for the whole-brain cortical
surface. Sulcal alignment of each participant’s cortical
surface to the FreeSurfer average brain (Fischl et al., 1999)
allowed for anatomical correspondence between surface
nodes across participants.

iterations. The resulting correlations for each participant were
subjected to a one-sample t-test at every node within each
group. The resulting set of nodes where p < 0.05 (after nodelevel permutation correction) was further subjected to spatial
cluster correction using the AFNI SurfClust function (Cox,
1996). For an FDR-corrected alpha of 0.05, only clusters with
area greater than 121 mm2 were included in further analyses.
An average DM for each cluster in the English model was
then computed by averaging values at each node for all
subjects within each group, then averaging across each node
belonging to the cluster. Each cluster-level DM was then
projected into two dimensions using multidimensional
scaling (MDS), and a support vector machine (SVM)
classifier with a radial basis function kernel was employed
using leave-one-item-per-category-out cross-validation at
each cluster to determine the degree to which the patterns of
activity in that cluster reflected the categorical relationships
between the items (animals vs. fruits vs. vehicles). These
steps were implemented in Python using the scikit-learn
package (Pedregosa et al., 2011).
In addition, for each of these clusters which had been
identified as sensitive to categorical distinctions in the
English stimuli with the aforementioned procedure, we also
constructed an average DM of response patterns to the other
two languages and repeated the same classification steps.

Figure 1: Word2vec semantic dissimilarity matrix. Pairwise
semantic distances between each of the twelve target stimuli
derived from the word2vec model are shown. The orange
boxes indicate the three semantic categories (animals, fruits,
and vehicles).

Results

Multivariate Analyses
A whole-brain searchlight analysis was conducted within
each participant using spherical 5mm searchlights, utilizing
the PyMVPA toolbox (Hanke et al., 2009). This was repeated
for the twelve item-level betas for the target stimuli set in
each language (ASL, Russian, and English). In each
searchlight sphere, the correlation distance between each pair
of stimuli in the model was calculated to form a dissimilarity
matrix (DM) for every node and its surrounding
neighborhood.
Our goal was to examine whether the participants
displayed unique neural activity patterns with respect to
vocabulary in the language they had studied during the
learning period. To this end, RSA was conducted separately
for neural data recorded during presentation of stimuli in each
language. Specifically, we compared the DMs at each
searchlight location with a model constructed from lexical
word embeddings calculated with word2vec (Mikolov et al.,
2013), which represent item-level similarities between each
of the twelve stimuli (shown in Figure 1). Spearman
correlation between the node-level DM and the word2vec
model was calculated for every node, passed through a Fisher
z-transformation and compared to a null distribution
calculated as the dot product of the word2vec model and a
randomly permuted model and standardized over 1,000

Target Language Quiz Performance
At the end of the final training session and before the fMRI
scan, participants completed a free recall quiz in which they
were shown a video clip containing one of the words they had
learned and asked to type the English translation into a text
box. We calculated mean accuracy for the ASL group (MASL
= 98.75%, SDASL = 2.01%) and the Russian group (MRUS =
62.92%, SDRUS = 18.89%). Due to the sizable difference in
performance between the two groups, notably, the nearceiling performance of the ASL group compared to the poor
and highly variable performance of the Russian group, all
subsequent analyses reported here focus exclusively on the
ASL group.

Searchlight Representational Similarity Analysis
The ASL group’s quiz performance immediately prior to the
scan session indicated that they had achieved full mastery of
the target words, so we hypothesized their fMRI data would
show overlapping patterns of brain activity for a newly
learned language (ASL) and a well-known language
(English). Likewise, within-language semantic information
(i.e., the representation of semantic categories) in ASL would
also be an indication of newly learned knowledge
representations.
Out of 20,484 5 mm surface searchlights probed for
correlation between responses to the English stimuli and the
a priori word2vec semantic model, 1,212 nodes were found
to be significant after comparison with the permuted null
model within subjects, and a 1-sample-test at the group level
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(α = .05, permutation corrected). After the cluster correction
step (α = .05, FDR corrected), seven significant clusters were
identified, shown in Figure 2. Correlation with the word2vec
semantic model in these areas indicates the presence of

the object categories for all three languages. At each cluster,
1,000 iterations of SVM classification were run and the mean
accuracy score was taken. On each iteration, the model was
trained on nine items from the average cluster DM for five
participants and tested on the held-out items in the average
cluster DM of the other five participants. Mean accuracy and
standard deviation for each cluster are shown in Table 1.
Because data from the English trials were also used to define
the clusters using RSA, English classification accuracy
scores are provided primarily as a reference for the other two
languages. Notably, cluster 1 was among the highestperforming clusters for both the English stimuli and ASL
stimuli, for which the participants were aware of the words’
semantic meaning. For the unstudied language, Russian,
however, the classifier performed at chance levels in all but
two clusters. The distribution of classification accuracies
over 1000 iterations for cluster 1 in each language are shown
in Figure 4.

Figure 2: English RSA Results. Seven clusters (displayed on
a semi-inflated cortical surface projection) were identified
where the pattern of responses to the English stimuli
significantly correlated with item-level dissimilarities in the
word2vec model.
semantic information about the English stimuli being
represented in these areas during the trial.
For the correlation between responses to the ASL stimuli
and the word2vec semantic model, 1,474 nodes survived the
group-level thresholding procedures after RSA (α = .05,
permutation corrected), and 18 significant clusters were
identified after FDR correction (α = .05, FDR corrected),
shown in Figure 3.

Support Vector Machine Classification
Because all subjects were fluent English speakers with very
limited training in ASL, we probed the seven clusters
identified by the English model RSA for information about

Figure 3: ASL RSA Results. Neural activity recorded
during presentation of the ASL stimuli resulted in eighteen
clusters (displayed on a semi-inflated cortical surface
projection) that significantly correlated with item-level
dissimilarities in the word2vec model.

Table 1. English RSA Cluster SVM Classification Accuracy
Cluster
1. L Supramarginal Gyrus
2. R Ant. Lateral Fissure
3. R Calcarine Sulcus
4. L Marginal Sulcus
5. R Post. Lateral Fissure
6. L Pericallosal Sulcus
7. L Planum Temporale

MENG
58.58***
60.32***
54.65***
53.67***
51.39***
52.26***
53.43***

SDENG
12.45
13.00
13.96
13.06
11.40
12.37
12.55

MASL
67.03***
35.86***
31.97*
41.36***
45.02***
39.04***
42.43***

SDASL
14.47
12.59
13.00
11.97
12.67
14.55
13.11

MRUS
28.79
31.08
32.54
27.19
30.39
36.74***
34.48*

SDRUS
9.43
10.46
8.93
13.11
10.64
12.08
11.37

Table 1: SVM classification accuracy in each cluster was calculated as the mean of 1,000 iterations with leave-one-itemper-category-out cross-validation. Classification results from the English trials are shown as a reference for the other two
languages, where the classified data were independent from cluster selection. The highlighted rows indicate overlap with the
ASL RSA results. Results from a one-tailed t-test against a distribution of permuted classification scores which exhibited
chance classification (33%) in each cluster are also reported (* = p < 0.05, ** = p < 0.01, *** = p < 0.001).
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Figure 4: SVM Classification Results
(A) Violin plots show SVM classification accuracies over 1,000 iterations in Cluster 1 for each of the three languages
(English, ASL, and Russian). The horizontal lines indicate the maximum, mean, and minimum for each language condition
and the curves represent frequency of the result in the distribution. Chance accuracy (33%) is indicated by the dashed line.
(B) An example MDS-SVM plot for each cluster. The Cluster 1 average DM for each language was projected into two
dimensions using MDS, and an SVM model was fitted to classify the items into the three semantic categories. Decision
boundaries are plotted to demonstrate the separability of the item categories

Mean classification accuracy and standard deviation for
all three languages in the significant clusters identified by
the RSA of the ASL trials is shown in Table 2. The same
iterative half-sample and leave-one-item-per-category out
cross-validation procedure as before was performed in
each cluster.

category classification in both English and ASL for the
ASL group was located in the left supramarginal gyrus
(SMG), an area which has previously been associated with
word recognition (Stockel et al., 2009) and phonological
processing (Sliwinska et al., 2012). In particular, Alfred et
al. (2020) found that cross-modal decoding (between
words and pictures) in the left SMG was predicted by
individual differences in preference for attending to verbal
labels over pictorial representations.
Even beyond the category-level information used for
cross-language decoding, these results provide evidence
that patterns of brain activity reflecting item-level semantic
information can be observed in novice learners of a new
language. Significant clusters within areas with welldocumented roles in language processing including the
planum temporale (Shapleske et al., 1999) and left angular
gyrus (Seghier, 2013) were found to represent the semantic
structure of the word2vec model for the ASL stimuli
condition, despite a short training period of three 30-

Discussion
The results of the present study indicate that shared
semantic representations can be observed across language
modalities (sign and speech), even for novice learners.
Thus, decoding across languages and within a newlylearned language can provide a stable neural indicator of
learning, even following relatively brief training. This
finding is consistent with studies which have found
common category-based coding between items presented
as pictures and text (Shinkareva et al., 2011), or presented
to fluent bilinguals in languages of different modality
(Evans et al., 2019). The cluster with the greatest extent of
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Table 2. ASL RSA Cluster SVM Classification Accuracy
Cluster
1. L. Lateral Fusiform Sulcus
2. L. Medial Lingual
3. L. Parietal Occipital Sulcus
4. L. Inf. Angular Gyrus
5. L. Sup. Precentral Gyrus
6. L. Parahippocampal Gyrus
7. R. Circular Insular Sulcus
8. L. Ant. Lateral Fissure
9. L. Precuneus
10. L. Parietal Occipital Sulcus
11. L. Frontal Middle Sulcus
12. L. Planum Temporale
13. R. Orbital H-shaped Gyrus
14. L. Sup. Lateral Gyrus
15. R. Precuneus
16. L. Circular Insular Sulcus
17. L. Supramarginal Gyrus
18. R. Paracentral Sulcus

MENG
53.52***
37.74***
51.80***
43.55***
43.36***
37.02***
51.45***
44.44***
32.30**
36.78***
32.48
42.33***
31.70
40.57***
33.92*
46.48***
55.53***
35.62***

SDENG
14.79
10.25
11.79
11.40
12.88
11.22
13.05
13.66
11.28
10.67
13.47
14.32
12.44
12.24
10.75
12.51
14.62
9.03

MASL
57.64***
58.02***
51.08***
63.27***
47.85***
55.70***
34.66***
48.93***
29.18***
41.47***
44.34***
48.32***
43.89***
51.76***
31.71
62.24***
61.50***
36.26***

SDASL
10.24
15.16
15.49
13.79
13.09
11.42
11.49
11.49
12.05
9.83
11.29
13.58
16.36
14.78
11.66
10.37
13.15
10.70

MRUS
33.69
37.32***
32.17
44.01***
24.33
36.95***
28.46
32.01
31.18
35.83***
47.50***
35.94***
39.49***
26.76
35.61***
30.53
29.88
30.93

SDRUS
11.61
10.51
11.22
13.66
9.40
10.48
11.32
11.31
11.65
9.57
13.11
12.65
14.29
10.64
10.36
8.74
9.13
13.08

Table 2: SVM classification accuracy in each cluster from the ASL RSA was calculated as the mean of 1,000 iterations
with leave-one-item-per-category-out cross-validation. On each iteration, the model was trained on the average of 5
participants and tested on the average of the held-out five. Classification results from the ASL trials (the same trials which
were used to define the clusters in RSA) are shown as a reference for the other two languages, where the classified data were
independent from cluster selection. Results from a one-tailed t-test against a distribution of permuted classification scores
which exhibited chance classification (33%) in each cluster are also reported. The highlighted rows indicate areas of overlap
with the English trial RSA results.

minute sessions. Importantly, similarly robust evidence of
semantic representation in relevant areas was not observed
for the unstudied language, Russian. Furthermore, a
significant cluster in the left visual motion processing area
MT was found in the ASL RSA but not the English RSA.
This is consistent with the findings of Evans et al. (2019),
who found V5/MT to be selective for sign but not speech.
Research in fluent signers has suggested that age of sign
language acquisition modulates recruitment of V5/MT for
sign processing (Bavelier et al., 2001; Neville et al. 1998).
Another direction for future study could be to investigate
whether left MT activity correlates with proficiency in the
earlier stages of learning as well.
Another study by Zinszer et al. (2012) concluded that
similarity between neural activity patterns evoked by
participants’ first and second languages correlated with
proficiency in the second language. While the present
study examined responses to a specific set of target words
for which the participants had been trained to ceiling, an
important future direction could apply this approach as an
individual differences measure to predict language
proficiency as measured by more traditional learning
assessments such as quiz scores.
The present study demonstrated that through
multivariate pattern analysis methods, it is possible to

detect overlapping neural representations of semantic
concepts evoked by homologous words in two different
languages even in novices with very brief exposure to a
new language. Although the sample size of 10 participants
is a limitation of this preliminary study, this finding
provides a proof of concept for the study of overlapping
semantic representation in novice language learners. We
found evidence of shared representations evoked by
languages of different modalities, such as sign and speech,
and we found evidence of newly learned semantic
representations in the second language. Future research
may also consider using this and similar multivariate
neuroimaging approaches not only to detect but to quantify
the extent of learning in individual learners, and to
correlate neural response patterns with other indicators of
real-world knowledge.
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Abstract
Is a cow more closely related to grass or to a chicken? Responses vary by culture and age, among other factors. Those
from western societies (or independent-leaning regions within
interdependent non-western societies) are more likely to endorse the taxonomic match, the chicken, over the thematic
match, grass (Chiu, 1972; Talhelm et al., 2014). This preference has been documented – largely in western cultures –
to increase over development (e.g., Smiley & Brown, 1979).
While neither development nor culture occur independently of
the other, comparisons across these areas are problematic. We
address one potential barrier to comparing cultural and developmental research using this classic paradigm – stimulus format – and show that the use of text (versus image) stimuli can
bias participants toward taxonomic responding in some contexts. We present stimuli designed for cross-cultural use with
children and adults and document country, regional, and demographic variation across the US and Italy.
Keywords: similarity; taxonomic and thematic semantics; analytic and holistic reasoning; culture; relational reasoning

Introduction
The concept of similarity has been studied broadly within
the frameworks of cognitive processing and development. It
is fundamental to categorization and a linchpin of conceptual development in childhood, supporting abstract thought.
A key paradigm for studying similarity is the taxonomicthematic triads task, which has been used widely in cognitive, developmental, and cultural psychology research. Here,
we take initial steps toward bridging these research traditions
and methodologies by (1) investigating possible confounding effects of stimulus format (text vs. image) and (2) assessing cultural, regional, and demographic variation in similarity
reasoning using this task.
Taxonomic and thematic perspectives on similarity have
a long history within cognitive and developmental research.
One of the earliest approaches to documenting similarity
reasoning relied on open-ended sorting to identify common
strategies in categorization, including analytic and holistic
reasoning (e.g. Annett, 1959; Kagan, Moss, & Sigel, 1963).
These foundational studies identified analytic reasoning as a
focus on the similarity between object parts and properties,
e.g., cows and chickens are related because they are both
animals. In contrast, they define relational, or holistic similarity as motivated by the functional relationships between
objects, e.g., cows and grass are related because cows eat
* The

first two authors contributed equally to this work.

grass. Kagan, Moss, & Sigel (1963) documented analytic
and relational reasoning patterns across a variety of behavioral tasks, reported stable individual differences in reasoning style, and argued for links between reasoning style and
a broad range of demographic and personality factors. In
more recent work, approaches to similarity reasoning have
been systematically contrasted in triad tasks that are designed
to pit taxonomic and thematic matches against each other to
evaluate participants’ reliance on analytic versus holistic similarity. Specifically, two objects are assigned to the same taxonomic category if they share similar attributes, and they are
assessed as sharing a thematic relationship if they co-occur in
causal, spatial, and temporal contexts (Markman & Hutchinson, 1984), including culture-specific associations (Golonka
& Estes, 2009; Wisniewski & Bassok, 1999), a somewhat
broader view than in earlier accounts.
Preferences for taxonomic or thematic relations in similarity reasoning are also often cited as central tenants of analytic versus holistic thought and core to cross-cultural differences in cognition. For example, Chiu (1972) linked culture
to analytic and holistic reasoning using a taxonomic-thematic
triad task, showing that children in China were more likely
than their peers in the US to select thematic matches and
to highlight thematic similarities in justifying their choices.
Ji, Zhang, & Nisbett (2004) expanded on this work, demonstrating that cross-cultural differences in similarity reasoning,
while often confounded with language, cannot be fully explained as an effect of language. They showed that ChineseEnglish bilinguals (both Mandarin and Cantonese speakers)
respond more thematically than English-speaking Americans,
whether tested in Chinese or English, and in mainland China
or the United States. Indeed, systematic variation in taxonomic and thematic reasoning exists between speakers of the
same language and residents of the same country and has
been linked to regional subcultures in Italy (Knight & Nisbett,
2007) and China (Talhelm et al., 2014), as well as a range
of demographic factors in the US, including politics, gender, age, socioeconomic status, education, personality (extraversion, openness), and cognitive reflection (Talhelm et al.,
2015). Despite extensive use of the triads task in cultural,
cognitive, and developmental research, there is little consensus on how phenomena and mechanisms within each tradition
relate across these literatures, resulting in a gap between these
perspectives.
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The taxonomic shift in similarity reasoning
Across several accounts, a key feature of cognitive development is the shift from a thematic to a taxonomic perspective
on similarity relations (e.g. Annett, 1959; Denney, 1974;
Denney & Ziobrowski, 1972; Gentner & Rattermann, 1991;
Inhelder, Piaget, & Papert, 1964; Smiley & Brown, 1979).
Specifically, studies have found evidence for a thematic preference in preschool and school-aged children (Bauer & Mandler, 1989; Greenfield & Scott, 1986; Scott, Serchuk, &
Mundy, 1982; Walsh, Richardson, & Faulkner, 1993) and
for a gradual shift toward increased taxonomic responding
over middle childhood (Kagan, Moss, & Sigel, 1963; Smiley & Brown, 1979; cf. Greenfield & Scott, 1986; Walsh,
Richardson, & Faulkner, 1993). This taxonomic shift has historically been explained as an effect of experience and education. That is, as children gain experience and formal education, they move from a basic conceptual organization, in
which objects are represented according to their reciprocal relationship in the real world, to a formal and taxonomic organization, in which entities are represented according to their
category membership (Smiley & Brown, 1979).
Critically, however, these age effects are often confounded
with stimulus modality: children who are presented with images tend to respond more thematically, while adults who are
presented with text tend to respond more taxonomically. Consistent with this potential confound, Lin & Murphy (2001)
(Expt. 4) presented adults with a triad task using pictures
(alongside text) and observed a thematic preference, a finding that ran opposite to their predictions. These results are
consistent with adult performance in other sorting tasks using
pictures as stimuli, with both nonliterate (Luria, 1976) and literate (Murphy, 2001) adults. In the latter study, participants
tended to group items thematically, even when the instructions emphasized the taxonomic nature of the categories.

The present study
Despite considerable overlap in experimental methods and
cognitive constructs, research on similarity in cultural and developmental psychology traditions remains largely distinct.
Here, we take initial steps toward bridging these traditions
by evaluating the comparability of experimental paradigms
across areas. As previously noted, there is reason to suspect
that the typical stimuli used within each tradition – images in
developmental studies and text in cultural ones – may induce
different modes of responding. If so, this presents a barrier to
making meaningful comparisons across these literatures, and
a potential confound to research documenting the taxonomic
shift.
To our knowledge, there are no studies that have addressed
the potential confounding effects of stimulus type by presenting the same set of stimuli in image and text format to participants from one age group. Here we provide such a test,
with adults in the United States and Italy. To preview our results, we find that there is no effect of stimulus type in our
US sample. However, given that US adults are considered to

be among the most taxonomic-leaning across cultures (Nisbett, Peng, Choi, & Norenzayan, 2001), the Italian sample
provides a stronger test of generality. Within the Italian sample, we do find evidence suggesting that stimulus type may
act as a confounding factor in comparisons between studies
with children and adults. In the first section of our analysis,
we probe this and other issues of consistency and reliability
in the triad task paradigm. In the second section, we explore
variation between countries and regions, validating our task
as a measure of variation within and across countries. Finally,
we pursue a set of exploratory questions about demographic
factors linked to variation in similarity reasoning within both
cognitive and cultural frameworks.

Method
We assessed preferences in similarity judgments using a triad
task that requires participants to choose between a taxonomic
and thematic match for each cue item. All participants received the same set of triad stimuli, but we randomized the
presentation format of each triad as image or text to assess
the effect of stimulus format within subjects.
Our methods and confirmatory analyses were preregistered
separately for the US (https://aspredicted.org/iz4ui
.pdf) and Italian samples (https://aspredicted.org/
xt95z.pdf). US and Italian participants were run as separate
experiments. We consolidate them here for ease of presentation but separate the analyses for each. The web experiment
and stimuli are available at https://osf.io/9uve8/.

Participants
We recruited 200 adult participants via Amazon Mechanical
Turk, 100 native English speakers from the US and 100 native
Italian speakers from Italy, 50 of whom came from northern Italian regions and 50 from southern.1 All recruitment,
consent, experiment, and demographic questionnaire text was
presented in the test language (English in the US; Italian in
Italy).
To ensure that participants followed our task instructions,
we included 8 unambiguous attention check questions in our
experiment (e.g., ear: eye/fan), with one on each of the study
pages, and excluded any participants who made 2 or more
errors across these questions, including a number of apparent bots in the US sample (28 excluded from the US sample,
5 IT). To minimize cultural influences external to the target
1 We define northern and southern regions in Italy following the
geographical criteria used by the Italian National Institute of Statistics (Istituto Nazionale di Statistica, 2021), grouping the Northwest and Northeast macroregions as northern Italy and the South
and Islands macroregions as southern Italy. Amazon Mechanical
Turk (AMT) recruitment is designed to be country-specific, but not
region-specific. In half of our IT postings, we specified that participants must be from northern Italy in our AMT study title, and
southern for the other half. At the end of the study, we asked participants whether they grew up in Italy, and if so, what region they
grew up in. If participants reported growing up outside of Italy or in
a central region (i.e., Tuscany, Lazio, Umbria or The Marches), we
excluded their data and recruited replacement participants until we
reached 50 participants each from north and south.
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countries, we stated in recruitment materials that participants
must be native speakers of the test language. We also included a question about native language and planned to exclude participants for noncompliance, but all participants in
the two samples reported being native speakers of the relevant
test language. We also excluded participants who had lived
abroad for more than two years in a region (continent) with
predominantly non-Western societies (5 US, 0 IT), and those
who reported speaking any language predominantly spoken
in non-Western societies with self-rated fluency of at least 6
out of 10 in speaking and comprehension (1 US, 10 IT). Multiple exclusion criteria applied to some participants, resulting
in fewer unique exclusions than the total number of exclusion
criteria met.
After exclusions, the final sample consisted of 70 participants from the US (mean age = 39.9y; 28F, 41M, 1 decline
to state), 44 from northern Italy (mean age = 34y; 12F, 32M),
and 44 from southern Italy (mean age = 29.7y; 20F, 24M).

Stimuli
We developed a novel stimulus set of 84 triads, each consisting of a single cue item and two match options, with one
bearing a thematic relationship with the target and the other
a taxonomic relationship (e.g., carrot: rabbit/peas; Figure 1).
We collected and adapted stimuli from previous triad tasks
(Ji, Zhang, & Nisbett, 2004; e.g., Markman & Hutchinson,
1984; Waxman & Namy, 1997) to create a stimulus set appropriate for children and adults across a range of cultural
contexts that are compatible with both text and image presentation. As much as possible, we sought to avoid salient
overlap between items within each triad, including lexical and
phonological similarity in labels and shared shape, color, or
style across images. We also ran a pilot study to ensure that
our image stimuli were easily recognizable without labels and
corresponded well to the assigned label.2
Following the same criteria for child-appropriateness and
non-overlapping representations, we also collected, adapted,
and produced filler triads for a total of 84 sets that did not
follow the structure of test triads with contrasting taxonomic
and thematic match options (e.g., sunset: day/night). Finally,
we created 8 unambiguous attention check trials, in which a
cue item was unambiguously more closely related to one of
2 To ensure that image and label stimuli were interpretable and
corresponded to each other, we conducted a labeling manipulation check on Amazon Mechanical Turk. Ten participants labeled
each image, and image-label pairs were only accepted when the
most frequent term produced by participants matched the intended
term. Image-label pairs that were labeled with high agreement using a term other than the target were updated to the most commonly
elicited label. Images with poor labeling agreement were replaced
and the labeling process repeated. If the most frequent label for an
item was superordinate or ambiguous relative to the intended label,
we favored specificity and maintained the subordinate label for the
item (e.g., “frying pan” for “pan”) as long as the more specific label
was also produced by some participants. About 10% of the items
were modified during this process; in general, labels elicited in the
pilot largely matched the intended label, with most variation in naming coming from the use of synonyms or labels at different levels of
specificity (e.g., “juice,” “orange juice,” “drink”).

Figure 1: Example trials, test (left) and filler (right).

the two choice options, e.g., ear: eye/fan).
We included a range of demographic questions assessing
factors that have been implicated in within-country variation in similarity reasoning, including languages spoken (Ji,
Zhang, & Nisbett, 2004) age, gender, ethnicity, education,
subjective socioeconomic status (Talhelm et al., 2015), and
related factors like experience with international travel and
(in the Italian sample) years living in northern, central, and
southern Italian regions.
The task instructions, stimulus labels, and demographic
questions were translated into Italian by a native Italian
speaker fluent in English, backtranslated to English by an
Italian-English bilingual blind to the original instructions, and
this back translation was checked against the original instructions for accuracy, with corrections made in any cases where
a closer translation could be identified.

Procedure
Each participant received half of the questions in image format and half as text, in two blocks. Block order (image/text)
and the specific test and filler triads contained within each
were randomized between subjects. As in previous work, participants read brief text instructions at the beginning of the
study directing them to choose the option most closely related to the cue in each triad, with an example filler item in
text format (i.e., today: yesterday/tomorrow). Each triad was
presented vertically, with the cue item centered and options
presented below (with left/right position randomized). Participants completed 8 pages of trials containing 21 filler and
test items and 1 attention check each. An instruction line at
the top of each page prompted participants to select the choice
“most closely related” (Italian: “più strettamente collegata”)
to the cue item. After completing the triad portion of the task,
participants received the demographic questions. The study
took about 15 minutes to complete.

Results
The analysis script and all data are available at https://
osf.io/9uve8/. Following our preregistration, all analyses
are performed within-country with the exception of the model
testing for differences between adults in the US and Italy. All
models were implemented as Bayesian binomial logistic regressions using the BRMS package in R (Bürkner, 2018) with
default (weakly informative normal) priors.
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Italy

Sample
US
US
IT
IT

US

Proportion thematic

1.00

0.75

Condition
Pictures
Text
Pictures
Text

Intra-rater ICC
0.37
0.29
0.31
0.30

Inter-rater ICC
0.92
0.93
0.95
0.96

Table 1: ICCs for reliability within participants (intra-rater)
and stimuli (inter-rater) for both samples and conditions.

0.50

0.25

0.00
Picture

Text

Picture

Text

Stimulus condition

Figure 2: Proportion thematic judgments by country and condition. Individual black dots show participant means (connected by lines within participants). Red dots show condition
means, and error bars show 95% confidence intervals.

Task characteristics and reliability
Do text stimuli bias toward taxonomic responding? To
evaluate the hypothesis that the use of text stimuli partly contributes to taxonomic preferences observed in adults, we fit a
regression predicting thematic responding on each trial as a
function of stimulus type (image or text), modeled as a fixed
effect. As random effects, we included intercepts for triads
and subjects, as well as by-subject random slopes for the effect of stimulus format. Data for both the US and Italy are
shown in Figure 2. Among participants from the US, we did
not observe a reliable effect of stimulus type (β = -0.168, 95%
Bayesian Credible Interval = [-0.534, 0.197]). We evaluated
evidence for the null hypothesis, that stimulus type had no
effect (on the US sample), using a Bayes Factor analysis to
compare support for the test model relative to a null model
that omitted the stimulus format term but was otherwise identical. The estimated Bayes Factor in favor of the test model
over the null was 1.971, which does not meet our criterion of
BF > 3 or < 1/3.
In addition to our preregistered confirmatory test of stimulus type, we also performed an exploratory test for fatigue
effects that included an additional fixed effect of trial number, an interaction between stimulus type and trial number,
and the same random effect structure as above. This model
showed a very small effect of trial number with a credible interval whose lower bound was very close to zero (β = 0.0034,
95% CI = [0, 0.0068]), indicating a potentially small decrease
in thematic responding across the experiment, and no other
effects with credible intervals excluding zero.
We repeated both of the above regressions with data from
our Italian sample, though in this case, we preregistered the
second model, including a trial number term and interaction,
as our main analysis. Both analyses show reliable effects of
stimulus type among IT participants (from the preregistered

model, text β = -0.516, 95% CI = [-1.037, 0.004]). Again,
we observed a very small effect of trial number (β = -0.0034,
95% CI = [-0.0065, -0.0004]).
Taken together, these analyses indicate that (1) using text
stimuli (versus images) can lead participants to favor taxonomic over thematic matches in some contexts, highlighting
a potentially confounding factor, but that (2) the biasing effect of text varies across populations, and (3) fatigue effects
may be negligible even in studies with nearly 200 items.
Is responding reliable within individuals or stimuli? We
used intraclass correlation coefficients (ICCs) to analyze the
stability of participants’ judgments across triads. Following
the standard taxonomy for ICCs, we used a two-way, noninteractive model of the effects of stimulus and participant
(model 2A from McGraw & Wong, 1996). Across both stimulus presentation conditions and both samples, we found a
very consistent pattern (Table 1): while participants’ judgments were variable across triads, inter-rater agreement about
specific triads was quite high. Thus, it appears that specific
triads had very reliable levels of taxonomic vs. thematic responding.

Measure validity and variation
Conceptual replication of Knight and Nisbett (2007) We
designed our Italian sample to support a conceptual replication of previous work documenting cultural variation between
northern and southern Italy. Regional effects are shown in
Figure 3. Following our preregistration, we fit a model predicting thematic responding on each trial, with the region in
which participants grew up (north or south) as a fixed effect,
and as random effects, we included intercepts for triads and
subjects, as well as by-subject random slopes for the effect of
stimulus format. As predicted, we found a reliable effect of
region (southern β = 0.521, 95% CI = [0.068, 0.965]), showing that participants from southern Italy were more likely to
select thematic matches. This finding provides validation for
our task as a measure of variation between cultures and extends the findings of Knight and Nisbett to our broader sample population, which includes adults convenience sampled
from throughout northern and southern Italy (as compared to
secondary school students from four schools).
We also tested for an effect of socioeconomic status (SES),
and an interaction between SES and region within Italy.
Knight & Nisbett (2007) observed a main effect of region,
with southern Italians responding more thematically, and an
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Figure 3: Proportion thematic judgments by region within
each country. Plotting convention as above.

interaction with SES, such that this effect was especially
strong for low-SES southern Italians, and weaker for their
high-SES peers. We fit a model identical to that above, but
with region, SES, and their interaction as fixed effects. This
analysis did not identify any reliable effects. We tested evidence for the null hypothesis that SES has no effect using
a Bayes Factor analysis. The null model in this analysis included only one fixed effect, region, and the test model included fixed effects of region and SES (though no interaction term, for closer comparability with the null model). This
analysis estimated a Bayes Factor of 0.482 in favor of the test
model over the null, which does not satisfy our criterion to
accept the null, suggesting that our SES analysis is underpowered.
Finally,
we explored effects of US region
(west/midwest/northeast/south3 ) on thematic responding, with the same random effects structure as above. We
found an effect of region, with participants who grew up in
the south responding more thematically than those from the
west (south β = 0.379, 95% CI = [-0.485, 1.297]).
Testing for US-Italy differences In addition to our extension of previous cross-cultural findings, we predicted a novel
cross-cultural difference: that participants in the US would be
more likely to select taxonomic matches than those in Italy.
To test this prediction, we modeled thematic responding as a
function of country (US/IT) as a fixed effect, with the same
random effect structure as in the region models. Our regression bore out this prediction, finding a reliable effect of country (US β = -0.99, 95% CI = [-1.338, -0.664]) in the predicted
direction.
Exploring demographic effects within cultures A broad
range of demographic factors have been implicated in variation within both developmental and cross-cultural studies
3 We operationalized US regions following the US Census Bureau’s definitions (United States Census Bureau, 2013).

of taxonomic and thematic reasoning (e.g., Kagan, Moss, &
Sigel, 1963; Talhelm et al., 2015), including gender, age, education, and SES. All of these analyses were not preregistered and should be considered exploratory; all will need to
be replicated in future work.
Within our US and Italian samples we predicted thematic
responding as a function of gender (M/F/other), age (in years,
centered), education (coded ordinally), and SES (MacArthur
ladder, centered), all as fixed effects in a large omnibus regression with the same random effect structure as in previous
regressions. In the omnibus regression with US data, none
of these effects held. In the Italian omnibus model, we observed an effect of SES (β = 0.166, 95% CI = [0.025, 0.31])
with higher SES participants responding more thematically
[in contrast to previous findings; Knight & Nisbett (2007);
Talhelm et al. (2015)].

Discussion
This study aimed to (1) investigate possible confounding effects of stimulus format (text or image) in a taxonomicthematic triad task, and (2) assess cultural, regional, and demographic variation in similarity reasoning.
While we found no effect of stimulus type in the US sample, we did observe an effect in the Italian sample, where text
stimuli biased participants toward more taxonomic responding compared with image stimuli. This finding presents a cautionary note for direct comparisons between adult and developmental data, as studies with adults tend to use text stimuli
and find more taxonomic responding, while studies with children often use image stimuli and report relatively more thematic responding. As a result, stimuli may present a confound
for developmental findings indicating a taxonomic shift. On
the other hand, we observed a stimulus format effect for only
one of the two populations we examined. Thus, it is unclear
to what extent (if any) it undermines these findings. Despite
this, the differential effect of stimulus format in our two samples provides another cautionary note: that task format can
introduce confounds which interact with culture.
Future work should aim to discover whether this stimulus format effect is caused by, for example, reliance on word
co-occurrence information (for text stimuli) that may differ
from scene statistics (invoked in processing image stimuli),
or perhaps a variation on Smiley & Brown’s (1979) proposal, by which formal education increases taxonomic responding. Elaborating this view, it could be that text stimuli prime propositional knowledge about taxonomic relationships, or featural similarities between the cue item and taxonomic match, while image stimuli could induce more holistic reasoning, highlighting associative or ecological relationships.
We also found a small effect of trial number in both populations, suggesting mild fatigue effects. However, the small
size of the effect suggests that many more trials can be included in triad tasks than is common in the literature (where
roughly 20 trials is typical). We therefore recommend inclu-
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sion of additional trials and the use of filler stimuli to obscure
the structure of test trials and reduce the influence of task demands when practicable.4
We evaluated the consistency of responses in our task
within subjects and within triads, and found stable patterns
across the text and image conditions, and across the two countries. While individual participants varied their responses, we
observed high consistency across subjects in responses to individual stimuli, suggesting high reliability in the measure.
We validate our task as a measure of cultural variation
through a conceptual replication of previous work showing regional differences between northern and southern Italy
(Knight & Nisbett, 2007). Specifically, we show that participants who grew up in southern regions tend to respond more
thematically than their counterparts from northern regions.
Knight & Nisbett (2007) attribute the thematic preference in
southern Italy to a tendency toward social interdependence
in the south (compared to independence in the north), which
may also be amplified by economic necessity. They argue
that the increased interdependence in southern Italy promotes
holistic processing – as in East Asia – resulting in reasoning
that is less focused on taxonomic similarities and more on
thematic. Following this prior work, we examined the effects
of region and socioeconomic status (SES) within Italy. Contrary to previous findings, we did not observe an interaction
between region and SES, though our study was likely underpowered to detect such an effect. Nonetheless, we do extend
the previously observed regional differences to a broader, less
controlled sample. While Knight and Nisbett’s study tested
participants from four Italian high schools, in Naples and
Crotone (the south) and Milan and Monza (north), we recruited a broader sample of adults from the two regions, for a
more naturalistic and perhaps more conservative test.
Although likely underpowered, our exploratory analyses of
US regional variation and demographic effects within both
cultures found an intriguing effect of region within the US
and SES within the Italian sample. Within the US, participants who grew up in southern states were significantly more
likely to select thematic matches than those who grew up in
western states, perhaps reflecting effects of voluntary settlement (see, e.g., Kitayama, Varnum, & Sevincer, 2014), or differing levels of interdependence within US regional cultures
more broadly. Future work is needed to examine these effects
in a confirmatory manner. In Italy, higher SES was related
to more thematic responding (contrasting with previous findings; Knight & Nisbett (2007); Talhelm et al. (2015)). The
reliable main effect of SES in this omnibus regression also
contrasts with the results of our confirmatory analysis, which
tested for an interaction between region and SES in Italy and
did not show a reliable main effect of SES or any interaction.
This, combined with the modest effect estimate, suggests that
4 In an early pilot study, we varied the ratio of test to filler items,
and found that participants who received twice as many test as filler
items were often aware of the taxonomic-thematic contrast among
most items. However, few of the participants in the 1:1 pilot articulated this feature of the trial structure.

the effect of SES in our sample is small and likely emerges in
the omnibus regression as a result of statistically controlling
for the other demographic variables included there.
Drawing on previous research showing that US adults are
among the most analytic reasoners across cultures, including
those in western Europe (Nisbett, Peng, Choi, & Norenzayan, 2001), we predicted a bias toward taxonomic responding in our US sample compared to Italy, which we found.5
This novel finding is consistent with previous work and aligns
with cross-cultural theory relating social independence to taxonomic reasoning.
This study has taken initial steps toward bridging between
similarity research in cognitive and cultural traditions. In doing so, we engage with recent calls to foster cultural perspectives on development (Heiphetz & Oishi, 2021) and local,
mechanism-focused explanations of cultural differences, i.e.,
closer to the level of individuals than countries (Miyamoto,
2013). To this end, we developed a stimulus set appropriate for children and validated its use as a measure of crosscultural variation, providing a foundation for future work to
explore behavior and mechanisms at the intersection of development and cross-cultural variation.
Many open questions remain for future research: Do crosscultural differences in similarity reasoning extend beyond the
taxonomic-thematic contrast to broader construals of similarity? Is the taxonomic shift evident in development across
cultures, or culture-specific? Are the sources of countrylevel, regional, and demographic variation in adults relevant
for children? Do common or distinct mechanisms underlie
these effects? For example, Smiley & Brown (1979) found
preferences for thematic responding in both preschoolers and
elderly adults, attributing taxonomic responding to the influence of formal education, and concluding that adults drift further from this mode of responding as they age. Taken together with cross-cultural variation, it seems plausible that
western education in particular may bias individuals toward
taxonomic similarity, explaining both age and at least some of
the culture effects. Within the cognitive development framework, future research should explore regional variation over
development in school-aged children, evaluating the extent to
which the taxonomic shift is typical of development versus
specific to (regional) subcultures, or perhaps formal education in a western cultural context.
Going beyond effects of age and country-level culture, it is
less clear that the western formal education view can account
for regional variation within countries linked to social factors
like independence or interdependence – or to demographic
factors like gender and socioeconomic status. A remaining
challenge for cognitive and cross-cultural psychology is to
disentangle demographic and contextual factors at the level
of psychological mechanisms, clarifying when it is or is not
appropriate to view demographic variation as a type of cultural variation.
5 NB: this taxonomic preference is relative, not absolute, as both
populations show an overall preference for thematic matches.
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Abstract
Previous research demonstrated an asymmetry between
Sources and Goals in people’s linguistic and non-linguistic
encoding of motion events: when describing events such as a
fairy going from a tree to a flower, people mention the Goal
(“to a flower”) more often than the Source (“from a tree”) and
are better at detecting Goal changes in a Same-different
memory test. Many take these findings as evidence for a
homology between linguistic and conceptual representations:
an unmentioned event component is also conceptually less
robust. Here, we show that the nonlinguistic Source-Goal
asymmetry disappears when memory is probed with a
Forced-choice task instead of a Same-different task. We argue
that, despite frequent absence from linguistic descriptions,
Sources are robust in event memory, but not attended to
during Same-different tests due to people’s task-relevance
assumption. This result bears on the nature of the Source-Goal
asymmetry and calls for a finer-grained account for
language-cognition homology.
Keywords: Source-Goal Asymmetry; Goal bias; Event
Cognition; Thematic Roles; Psycholinguistics

Introduction
The same event can be described in many different ways
depending on the speaker’s perspective. For example, a
simple event such as a squirrel going from a mailbox to a
trash can, can be described as “The squirrel went to the trash
can” or “The squirrel came from the mailbox” or “The
squirrel went from the mailbox to the trash can”. Recent
research has demonstrated an asymmetry between the
origins (Source) and endpoints (Goal) of motion events:
when people describe the aforementioned example event,
they mentioned the Goal (“to the trash can”) more often
than the Source (“from the mailbox”) (Lakusta & Landau,
2005, 2012; Papafragou, 2010; Regier & Zheng, 2007; Do,
Papafragou & Trueswell, 2020). This asymmetry in
language holds in production studies as well as natural
corpora (Stefanowitsch & Rohlde, 2004), for adults as well
as children (Papafragou, 2010; Lakusta & Landau, 2012;
Lakusta, Muentener, Petrillo, Mullanaphy, & Muniz, 2016),
in different subtypes of motion events (Lakusta & Landau,
2005, 2012) as well as in typologically (even modally)

different languages (e.g., Regier & Zheng, 2007; Johanson,
Semilis, & Papafragou 2019, Zheng & Goldin-Meadow,
2002).
A parallel asymmetry has been found in the non-linguistic
representation of motion events. Researchers found that
Goals are more accurately encoded in memory than Sources
of motion events (e.g., Papafragou, 2010; Regier & Zheng,
2007; Regier, 1996; Do et al., 2020). Such an asymmetry
has even been observed in prelinguistic children (Lakusta,
Wagner, O’Hearn, & Landau, 2007; Lakusta & Carey, 2015;
Lakusta & DiFabrizio, 2017).
The Source-Goal asymmetry in both linguistic and
non-linguistic encoding of motion events has led to accounts
positing that the asymmetry has cognitive roots (Regier,
1996; Regier & Zheng, 2007; Lakusta & Landau, 2005;
2012; Papafragou, 2010), and provides evidence for the
language-cognition homology. However, we need to caution
against taking these results as evidence for an overly
simplistic account of homology - what’s not mentioned in
language is also not encoded conceptually, because the exact
nature of the cognitive basis for Source-goal asymmetry
remains less clear. Regier and Zheng (2007) proposed that
the conceptual bias for Goal stems from people’s attentional
bias to the end-point. This account would predict an
across-the-board weaker encoding of Source since it’s less
likely to be attended to. However, researchers have found
that, in motion events where the moving Figure is
inanimate, unintentional or non-agentive (Lakusta et al.,
2007; Lakusta & Landau, 2012; Lakusta & Carey, 2015;
Lakusta & DiFabrizio, 2017), although the linguistic
asymmetry persists, the memory of Source and Goal is
equivalent. The lack of a conceptual asymmetry in these
cases challenges any account that attributes the advantage
for Goal to its stable conceptual prominence due to how it is
spatially and/or temporally situated within the event. It
appears that the Goal bias is modulated by at least some
inferences about intentionality and causality in motion
events. The mismatch between linguistic and memorial
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encoding of Sources and Goals also provides evidence
against a straightforward mapping between the two.
Following these endeavors, we aim to further understand
the nature of the conceptual Source-Goal asymmetry in the
current study. We approach this by closely examining the
methods we use to probe conceptual representation. To the
best of our knowledge, all previous work reporting a
conceptual Source-Goal Asymmetry used memory of
Source and Goal as a proxy of representational robustness
and used a Same-different task as the probe (Papafragou,
2010; Regier & Zheng, 2007; Regier, 1996; Do et al., 2020;
Lakusta et al., 2007). In the Same-different task, participants
viewed a set of motion videos and later compared new
videos presented to them at test to their memorial
representation of the previous target event and made a
decision (same or different). Indeed, a lower accuracy at
detecting changes to Source could be taken as an indication
of less robust representation of Source in their memory.
However, another possibility is that, when searching for
differences (especially in a limited decision time window),
participants prioritized examining the Figure and the Goal,
overlooking the possibility that Source could be where the
difference lies. In this latter case, the worse performance at
detecting Source changes does not necessarily reflect
weaker Source representation in memory, but rather
people’s deprioritization of Source at test when viewing the
probe, influenced by top-down mechanisms of attention
selection. In the current study, we try to disentangle these
two possibilities by comparing the memory of Source and
Goal probed with two different tasks.
To do so, we turn to another widely used test format in
studies of memory: the Forced-choice task. In a
Forced-choice task, after participants have encoded items in
memory, pairs of items - a target and a foil - appear at the
same time during the memory test phase, and the
participants are asked to select the target. Despite general
agreement that the Same-different and Forced-choice tasks
are comparable measures of recognition memory (Bayley,
Wixted, Hopkins & Squire, 2002; Green & Moses, 1966;
Macmillan & Creelman, 1994; Khoe, Kroll, Yonelinas,
Dobbins & Knight, 2000; Kroll, Yonelinas, Dobbins &
Frederick, 2002), the two measures differ, specifically in the
attentional advantage that a high-salience event component
would receive during the memory test phase. In the specific
case of motion events, if the memory test phase used a
Forced-choice task, two events that only differ in Source (or
Goal) would be directly juxtaposed, and participants would
have to select which one was the original target event.
Therefore, participants could not fail to attend to Sources. If
the previously observed conceptual Source-Goal asymmetry
lies in the differential robustness of encoding Source and
Goal into the memory of the event, one would expect that
the asymmetry should surface in both the Same-different
task and the Forced-choice task. However, if the asymmetry
is due to the differential attention allocated to Source at test,

the asymmetry might arise only or primarily in the
Same-different task and not in the Forced-choice task.
We tested these predictions below. Specifically, we
conducted two pairs of experiments where we compared the
memory for Sources and Goals, probed with a
Same-different task and a Forced-choice task, after
participants passively viewed (Exp 1a & 1b) or viewed and
described (Exp 2a & 2b) the same set of motion events.

Experiment 1a: Passive Viewing
(Same-Different)
In Experiment 1a, we sought to replicate the Source-Goal
asymmetry shown in prior work using a Same-different task
(cf. Regier & Zheng, 2007; Lakusta & Landau, 2012;
Papafragou, 2010; Do et al., 2020).

Methods
Participants Eighty-two native speakers of American
English recruited on Prolific (www.prolific.co) participated
for compensation at a rate of $6.5/hour. The number of
participants was determined based on a power analysis of
previously reported effects in the literature.
Materials We created 16 critical video clips, each of which
depicted an animate Figure moving from an inanimate
Source landmark (i.e. the starting point of motion) to an
inanimate Goal landmark (i.e. the end point of motion). The
Figure, Source and Goal were all represented by clipart
images (See Figure 1a for an example of a critical clip). The
motion was achieved through Powerpoint Animation. Each
clip lasts five seconds.
The direction of the motion in the clips were left-right
counterbalanced such that half of our clips showed a Figure
moving from left to right and the other half showed a figure
moving from right to left. We constructed two experimental
lists to counterbalance Source and Goal landmarks such that
objects which were the Sources in one list were the Goals in
the other. We also created 12 filler motion events, which did
not involve a Source/Goal path (e.g., A ghost moves around
the moon).
To probe speakers’ conceptual encoding of Sources and
Goals in memory, we also constructed foil videos that
involved either a Source Change or a Goal Change. Source
and Goal changes were always within-category (e.g., the
mailbox was changed to another mailbox, see comparison of
Figure 1a and 1b).
Procedure Participants were directed to this online
experiment via a URL link. First, in order to minimize the
familiarity effect in the memory task, we familiarized
participants with all the clipart images that would later
appear in either the target video clips or the foil video clips
in the memory task. These pictures were presented one at a
time at the center of the screen and proceeded automatically
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every two seconds. Then, participants proceeded to the
exposure phase, where they were asked to carefully view
video clips and were told that we would ask them questions
about these video clips later. The 28 clips were presented in
a pseudo-random order. Each video clip disappeared after it
played once. Meanwhile, participants heard a beep and
automatically proceeded to the next trial 2.5s after the beep1.

and by-item random intercepts.2 Participants who always
selected “Yes” were excluded from analysis (n = 2).

Results and Discussion
In line with prior work in the literature, we found that
participants were significantly more likely to detect a Goal
change when probed with a Same-different task (β=0.335,
SE=0.084, p<0.001) (See Figure 3 Left). Exp 1a thus fully
replicated the Source-Goal asymmetry observed in prior
work: Participants were more sensitive to Goal change than
to Source change in the same motion event.

(Figure 1a)
(Figure 1b)
Figure 1: (a) Sample first-frame of the event “the squirrel
went from the mailbox to the trash can”. (b) Sample
first-frame of a test trial of this event involving Source
change in the Same-different memory task.
The test phase immediately followed. During each test
trial, participants were shown the Source Change/Goal
Change variants of the critical videos. For each participant,
half of the critical items had a Source Change and the other
half had a Goal Change. For each critical event, each
participant was either tested with a Source Change or a Goal
Change. Which item was a Source or Goal change was
counterbalanced across participants. Events were tested in a
different pseudo-random order from the order in which they
were viewed. Participants were instructed to click 'Yes' if the
video clip shown here at test was ‘exactly the same’ as the
clip that they had originally seen and click ‘No’ otherwise.
For fillers, the memory phase displayed the “No Change”
(original) version of the clips. Thus, correct responses on
critical events were always ‘No’ and the correct response for
filler events was always ‘Yes’. (See Figure 2 for a sample
trial). There was no time limit on participants’ response, and
the video was on a loop.

Figure 3: Participants’ mean proportion of correct Goal and
Source response at memory test in Exp 1a and 1b. In Exp
1a, correct response refers to successfully detecting the
change of Goal/Source. In Exp 1b, correct response refers to
selecting the event that contains the correct Goal/Source.

Experiment 1b: Passive Viewing
(Forced-Choice)
Experiment 1b was exactly the same as Exp 1a, except that
we probed the memory of the landmarks with a
Forced-choice task.

Methods
Participants Forty native speakers of American English
recruited on Prolific participated for compensation at a rate
of $6.5/hour.
Procedure The only difference between Exp 1a and 1b was
in the memory test. This time, on each trial, participants
chose which video they had seen from 4 options: the target,
a foil that only differed in the Source, a foil that only
differed in the Goal and a foil that differed in both (See
Figure 4 for an example sample memory test trial). Foil
clipart images were the same ones used in Exp 1a.

Figure 2: Sample Same-different test trial in Exp 1a.
Analysis In order to test whether Goal landmarks were
remembered more accurately than the Source landmarks, we
built a logistic mixed-effect model predicting whether the
response on a critical trial was correct with a fixed effect of
Change Type (Goal vs Source, sum coded) and by-subject
1

This transition duration is chosen because it corresponds to
response time of typing in sentence descriptions of these events in
Experiment 2a & 2b.

Analysis In order to analyze the memory data in a
comparable way to Experiment 1a, we coded each
Forced-choice memory test trial for whether the event
2

When deciding the random-effect structure of the model, we
always started out with a maximal model (including by-subject and
by-item random slopes of Change Type, in this case) and only
simplified the structure when non-convergence and singularity
were encountered and no non-intrusive method could resolve these
issues. We report the final random-effect structure.
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chosen by the participant contained the correct Goal (0 vs 1)
and/or the correct Source (0 vs 1) respectively. Then, we
built the same logistic mixed-effect model as Experiment
1a, predicting correct response with Change Type (Goal vs
Source, sum coded) as a fixed effect and by-subject and
by-item random intercepts.

mention with Role type (Goal vs Source) as a fixed effect
and included by-subject and by-item random intercepts as
well as random slopes of Role type.
The memory data were analyzed with a logistic
mixed-effects model similar to the one in Experiment 1a.
However, in order to look at how participants’ description of
these events interacted with memory, we added Source
Mention (Mentioned vs Not mentioned, sum coded) and its
interaction with Change Type as fixed effects and by-subject
and by-item random intercepts. Five participants were
excluded for always selecting “Yes”.

Results and Discussion
Language Production We replicated the Goal bias in
language observed in prior work: participants were more
likely to mention the Goal than the Source in their
descriptions of the events (β=1.091, SE=0.085, p<0.001)
(Figure 5 Top-Left).

Figure 4: Sample Forced-choice test trial in Exp 1b.

Results and Discussion
Contrary to Exp 1a, the Goal bias disappeared when
probed with a Forced-choice task (p=0. 671) (See Figure 3
Right). Thus it seems that - despite the failure to recover
Source information in a Same-different task, Source
information is not lost from the event representation.

Experiment 2a: Production (Same-Different)
In previous literature, it has been reported that the
Source-Goal asymmetry persists even when participants
describe the motion events, and not simply view them
passively (e.g., Do et al., 2020). To make sure that the
difference we observed in the previous pair of experiments
still holds in a variety of contexts, Experiment 2a and 2b
probed the memory of Source and Goal using a
Same-different vs. Forced-choice task after participants
provided a linguistic description of motion events.

Methods
Participants Eighty-three native speakers of American
English recruited from the University of Pennsylvania
subject pool and Prolific participated in the experiment3.
The University subjects received course credit, and the
Prolific subjects were compensated at a rate of $6.5/hour.
Procedures In Exp 2a, instead of passively viewing the
events, participants typed in the description in a text box
cued by a beep after the video played once and disappeared.
The rest of the experiment was identical to Exp 1a.
Analysis We built a logistic mixed-effects model to analyze
the linguistic description data. We predicted landmark
3
To ensure that we recruited participants with comparable
demographic distributions from the two platforms, we screened for
monolingual English speakers aged between 18 and 26 who
indicated student status on Prolific for all of the experiments.

Figure 5: Participants’ mean proportion of mentioning
Goal/Source in their linguistic description and mean
proportion of correct Goal/Source response at memory test
in Exp 2a and 2b.
Memory for Sources and Goals As shown in Figure 5
(Top-Right), just like in Experiment 1a, there was a main
effect of Change Type: participants were more likely to
detect Goal changes than Source changes (β=0.274,
SE=0.083, p<0.001).
Additionally, there was a main effect of Source Mention:
participants were more accurate on events for which their
description earlier included Source (β = 0.287, SE = 0.104,
p = 0.006). In Figure 6, we plotted participants’ memory
data by whether they mentioned Source before during
description of these events to illustrate this effect. As can be
seen from the linguistic data (Figure 5 Top-Left), Goal was
almost always mentioned (95% of the trials), whereas
Source was mentioned less (77% of the trials). Therefore,
trials with Source mention were mostly trials that elicited
both Source and Goal mentions4. It is thus not surprising
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4

Only 27 trials (2% of total) elicited Source-only description.

that we see slightly better memory performance on these
trials because these were trials of participants who were
generally paying more attention or trials that had more
perceptually salient Goals and (particularly) Sources.
However, importantly, the interaction between Source
Mention and Change Type was not significant (p=0.571).
That is to say, the discrepancy between memory of Source
and Goal probed by a Same-different task was not
modulated by whether Source was mentioned in the
description (Figure 6). Regardless of the type of descriptions
they gave, participants showed a Goal bias in memory when
probed with a Same-different task.

Figure 6: Participants’ proportion of correct Goal/Source
response at memory test on trials that elicited Source
mention during description vs trials that did not in Exp 2a.

Experiment 2b:Production (Forced-Choice)
Methods
Participants Forty native speakers of American English
recruited from the same University subject pool as Exp 2a
participated for course credit.
Procedures The only difference between Exp 2a and 2b is
that a Forced-choice task was used to test memory instead
of the Same-different task.

Results and Discussion
Language Production We analyzed the language
production data with the same method as Exp 2a. As shown
in Figure 5 (Bottom-Left), the pattern was identical to Exp
2a: participants were significantly more likely to include
Goals than Sources in their descriptions of the motion
events (β=0.980, SE=0.115, p<0.001).
Memory for Sources and Goals We analyzed the memory
data with the same method as Exp 2a. In the final model, we
included by-subject and by-item random intercepts as well
as by-subject and by-item random slopes of Change Type.
As shown in Figure 5 (Bottom-Right), contrary to Exp 2a,
there was no effect of Change Type (p=0.892). The memory
of Source and Goal were equivalent when probed by the
Forced-choice task. There was still a main effect of Source
Mention: participants were more accurate on events in
which they mentioned the Source during description
(β=0.419, SE=0.102, p<0.001). However, crucially, this time

the interaction between Change Type and Source Mention
was significant (β=-0.200, SE=0.093, p=0.031). As shown
in Figure 7 as well as suggested by post hoc comparisons
achieved with R emmeans package, the interaction was
driven by the drastically different performance on Source: in
cases where Source was mentioned (alone or along the
Goal), the memory of Source was in turn better (β= 1.238,
SE=0.267, p<.0001). In other words, memory probed with
the Forced-choice task seemed to more straightforwardly
map onto the description patterns: the event component that
received higher attention at encoding, thus selected for
mention, was also more robust in memory. We will return to
the implications of this result in the general discussion.

Figure 7: Participants’ proportion of correct Goal/Source
responses at memory test on trials that elicited Source
mention during description vs. trials that did not in Exp 2b.
Levels of Performance Across Paradigms and Exps In
line with previous research comparing memory paradigms,
participants’ performance in the Forced-choice task was
overall better than in the Same-different task in terms of the
proportion of correct responses before any conversion (cf.
Green & Moses, 1966; Deffenbacher, Leu & Brown, 1981;
Macmillan & Creelman, 1994). Furthermore, our
participants’ performance in the Same-different task (Exp
1a, 2a) was lower than what was reported in previous
studies; we attribute this drop in overall accuracy to our
open-ended instructions about the memory test (e.g., we did
not give examples of what a change to the event might look
like), as well as the fact that stimuli were presented in a
different random order between memory exposure and test.
One might wonder whether either or both of these facts
affected our main conclusion. For instance, could the lack
of a Source-Goal asymmetry in the Forced-choice task be
due to ceiling effects?

Figure 8: High- versus low-accuracy participants’ mean
proportion of correct Goal/Source response at memory test
in Exp 1a, 1b, 2a and 2b.
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To address this concern, we split the participants in all
four experiments into high and low accuracy groups based
on whether their overall memory accuracy was above or
below median respectively. As shown in Figure 8, and
contrary to this alternative explanation, the Goal bias was
attested in both better-performing and worse-performing
participants when a Same-different task was used, and not
attested in either group when a Forced-choice task was used.

General Discussion
Prior work has shown that Sources and Goals of motion
events are not mentioned equally frequently when people
describe motion or remembered equally accurately when
memory of motion is probed with a Same-different task
(Papafragou, 2010; Regier & Zheng, 2007; Regier, 1996;
Do et al., 2020). Many commentators have taken this
asymmetry as an indication that the human mind represents
Sources of motion in a less robust way: just like Sources are
less likely to be selected for mention, they are less likely to
enter the conceptual representation of the event. The results
of our experiments offer a different account: while
confirming that Sources, unlike Goals, are frequently absent
from people’s linguistic description of motion events (Exp
2a, 2b), our data show that Sources nonetheless enjoyed
equally robust representation in the memory of the event as
revealed by specific testing conditions. Specifically, the
previously observed memory bias only appeared in a
Same-different task (Exp 1a, 2a), where participants could
prioritize where to look for potential differences themselves,
but not in a Forced-choice task (Exp 1b, 2b), where
participants’ attention was explicitly equally directed to
contrasts of Sources and Goals. These patterns held both
after participants passively viewed motion events and after
they provided linguistic descriptions of the events.
Based on these results, we argue that, contrary to common
belief, the cognitive bias against Source (and in favor of
Goal) does not lie in encoding: when given specific visual
alternatives (like in Exp 1b & 2b), people are as likely to
recognize the correct Source as they are to recognize the
correct Goal. The Source information is well encoded and
not lost in representation. Rather, the disadvantage of
Sources likely results from what happens at test: people
overlook the Source (but not the Goal) in the Same-different
test. What can account for such a bias at test? A first
possibility is that this effect is due to a low-order attentional
bias favoring the endpoint of the motion trajectory (Regier
& Zheng, 2007). However, this would mean that, during
both encoding and test, participants are subject to the same
attentional bias against Source. Since the account predicts
that Source was hurt at encoding, it should be less
accurately remembered regardless of the memory probe.
However, this contradicts with the fact that the
non-linguistic encoding of Source was not hurt when probed
with a Forced-choice task (Exp 1b & 2b).

A second, and we think more likely, possibility is that the
attentional bias against Sources at test stems from an
assumption that people carry into the test - specifically, that
Source is not what they are going to be tested on. This is
reminiscent of the recent finding that pragmatic factors such
as informativity modulate the linguistic Goal bias (Do et al.,
2020): speakers leave Sources out of their descriptions
because they believe it is not necessary to mention them to
their interlocutors (unlike Goals). In a Same-different test,
people did not prioritize to consider the possibility that the
Source would be the critical element when every aspect of
the event could potentially differ from the original and lead
to a “different” decision. In other words, this attentional bias
is a result of a top-down computation of what is likely to be
relevant in the current cognitive task.
The analysis of how linguistic description and memory
interact in Exp 2a and 2b further supports our task-relevance
account of the Source-Goal asymmetry. In Exp 2a, under a
Same-different test, a Goal bias in memory appeared
regardless of the type of description participants had
provided for the event earlier. In other words, even when
people mentioned Sources in description earlier, they still
tended to overlook Sources at test in the Same-different
task. However, in Exp 2b, the encoding advantage of those
Sources that are mentioned in linguistic description surfaced
in the Forced-choice memory task. In some sense, the
Forced-choice task is a more sensitive probe to the
underlying motion event representation per se: the
Same-different task introduces an additional, less
constrained attention selection process during the test
simply because of the multiplicity of factors that can make
two events “the same” or “different”.
In future work, we hope to further investigate the
task-relevance account by testing several concrete
predictions that it makes. First, it straightforwardly predicts
that the shorter time participants have to decide, and the
more complex the scene, the more likely they are going to
overlook the Source in a Same-different task. Second,
explicit manipulations of the task-relevance of Sources
should modulate the memory of Sources in the
Same-different task as well.
To conclude, our results show that, different from
common belief, Sources in motion events are just as well
encoded in memory as Goals, but overlooked at test. What
is selected for mention in a linguistic description of an event
does not exhaust what is conceptually encoded. Thus, the
linguistic Source-Goal asymmetry cannot be fully rooted in
a cognitive asymmetry: what sometimes appears to be a
conceptual disadvantage of Sources might instead be
influenced by pragmatic (task-relevant) factors that are
malleable and flexible. Our results challenge the presence of
a strict homology between linguistic and non-linguistic
encoding of events and call for a finer-grained account of
how these two processes interact across contexts and tasks.
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Abstract
Inspired by notions of intrinsic motivation (Schmidhuber, 2010)
and play as proposing and solving arbitrary problems (Chu and
Schulz, 2020b), we report initial progress toward computational
modeling of playful goal generation. We create an embodied,
3D environment resembling a child’s room, and ask study participants to play in the environment and then create a scorable
game. We propose to model games using a domain-specific
language, which represents each game as a computer program.
These programs act as reward-generating functions, mapping
states visited by an agent as they play a game to the score they
should receive. We then analyze our corpus of program representations to highlight four key aspects of human games that
would contribute to constructing effective computational models of game generation: creativity, compositionality, common
sense, and context sensitivity.
Keywords: goals, play, intrinsic motivation, exploration, program synthesis, domain-specific language, program induction

(B)

Brenden M. Lake
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Department of Psychology and
Center for Data Science
New York University
Setup: N/A
Gameplay: “Create a tower
with the largest number of
figures available.”
Scoring: “Each level of the
tower will count as 1 point”

(C)

(:setup )
(D)
(:constraints
(forall (?b - building)
(preference blockInTower
(exists (?l - block)
(at-end (in ?b ?l))
))))
(:scoring maximize
(count-maximal-once-per-objects
blockInTower)
)

Figure 1: Overview. Inspired by playful goal generation (A), we
designed an interactive environment (B), used to collect games from
our participants in natural language (C), enabling the creation of a
novel domain-specific language for games (D).

Introduction
People are internally motivated to establish their own goals and
then act to fulfill them (see Schmidhuber, 2010, on intrinsic
motivation). This behavior is readily evident in children –
Figure 1A depicts a child playing in a room full of toys, where
they may continue stacking blocks in a tower, or perhaps
throw objects at the tower in attempt to knock it over. Chu and
Schulz (2020b) characterize these types of play as creating
and solving arbitrary and unusual problems, hypothesizing
such play aids in generating new ideas and exploring novel
search spaces. However, the computational basis of this ability
remains poorly understood. In this paper, we take the first
steps towards developing a computational model of creative,
playful goal generation for the purpose of both understanding
these human abilities and driving exploration in AI systems.
Our modeling is informed by a novel data set we collected
of humans creating games for themselves to play. Inspired by
work on structured imagination (Ward, 1994) and conceptual
combination (Murphy, 1988), we sought an experimental approach that allows us to capture the rich, playful, and creative
nature of how children and adults can generate goals in everyday scenarios. Using AI2-THOR (Kolve et al., 2017)—a rich,
embodied, 3D platform—we set up a children’s bedroom-like
environment full of blocks, balls, and other objects (Figure 1B).
We invited (adult) participants to explore the room environment through an interactive, web-based platform, and then
describe (in natural language) a game that could be played in
the room (Figure 1C). We posed few constraints on the games
our participants created, in an attempt to simulate the scenario
of a child playing with a collection of available objects.
Our modeling approach operationalizes games as rewardgenerating functions. Here we model the underlying structure
of these functions, rather than automatically generating them

or finding policies to solve them (both focuses of future work).
Formally, we represent games as short computer programs in
a domain-specific language (DSL), which receive as input a
series of environment states, generated as an agent is playing
a game, and return as an output the score the person receives—
as a person acting as a scorekeeper would do (Figure 1D).
This approach relates to a growing body of work in cognitive
science that considers program-like knowledge representation
(Rule et al., 2020). We constructed our DSL using an empirical, bottom-up approach: we studied the games participants
created, and designed a representation that captured as much
as possible of the semantics of games in our dataset. In the
longer term, we hope the structured representation in the DSL
(as opposed to unstructured natural language) facilitates generating new goals and automatically evaluating how well agents
(human and artificial) can learn to play games.
In the shorter term, these structured representations are
amenable to statistical analyses, revealing several key attributes of human cognition in the context of proposing new
games. For one, we observed a high degree of reuse and recombination (i.e., compositionality) across games created by independent participants. In addition, games reflected a substantial
degree of creativity (high variability across subjects) and relied
heavily on common sense via intuitive physics (throwing balls
and stacking blocks, rather than vice versa). Participants also
demonstrate context sensitivity, creating games using salient
objects in different rooms, rather than trivial games that would
work regardless of the affordances of the environment.

Related Work
We build on a tradition of studying children’s play and exploratory behavior (Chu and Schulz, 2020b; Sim and Xu,
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2017; Buchsbaum et al., 2012; Siegel et al., 2021; Chu and
Schulz, 2020a; Pelz and Kidd, 2020), but in a more openended environment than most experiments (and instead with
adults). Our ultimate aim is to provide goal representations
that drive exploratory behavior in unrewarded environments. It
has been long recognized that unstructured play aids children’s
learning. For example, exploration is highlighted as one of a
variety of proposed developmental roles for play (see Chu and
Schulz, 2020b, for a review). Siegel et al. (2021) directly study
exploratory play, finding that children play longer when adjudicating between less discriminable hypotheses. Chu and Schulz
(2020a) study children performing the same goals during and
outside of play, and find that they take on costs during play
that they avoid when more directly fulfilling the goal. They
remark that for children, play involves “setting up problems
where they incur needless costs to achieve arbitrary rewards.”
How can we formalize this notion of self-constructed problems? In reinforcement learning (RL), the reward function
specifies the external, environmentally-defined signal the agent
attempts to maximize: formally, it maps each state and each
action to the scalar reward the agent experiences for taking
an action at a particular state. Agent-generated goals are
used to supplement the environment’s reward function and
provide an alternative signal that can guide exploration (see
Colas et al., 2020b; we will omit discussion of other exploration approaches, see Weng, 2020 for a review). Most current
approaches generate goals that can be evaluated on only a
single world state, and as such, fall far short of the richness
of real-world goals (Colas et al., 2020b, section 7.1). Some
approaches consider goals comprised of (x, y) positions in the
environment (e.g., Florensa et al., 2018; Campero et al., 2021),
while others construct richer goals by sampling from limited
grammars (Colas et al., 2020a; Akakzia et al., 2021). While
these grammars enable some compositionality, they express
only a small number of conditions on a single state, without
capturing the temporally-extended nature of human goals that
we study. We represent temporally-extended goals as programs operating over sequences of world states, not unlike
reward machines (Toro Icarte et al., 2022), using a domainspecific language designed by modeling human games.

Data Collection
In our task, participants were virtually placed in an unfamiliar
room full of objects and asked to propose a single-player game
to be played in the room. We use game generation as a means
of studying how children, or adults playing alongside children,
can produce playful goals, in the context of a specific set of
objects and affordances. The concreteness of game-based
goals, as opposed to more abstract goals, offers the advantage
of a more tractable setting for formal specification.
Environment. We built our experiment using the AI2THOR (Kolve et al., 2017) framework, which offers an embodied, first-person environment including various room scenes
and household objects (Figure 1B). We modified a bedroom
scene by adding some toys, such as various balls and blocks,

Figure 2: Interactive experiment platform. The main part of the
screen presents the AI2-THOR-based experiment room. Below it, we
depict the available controls. To the right, we show the text prompts
for creating a new game. Our experiment is available online here.

in place of some of the furniture to offer more playful objects.
We created three versions of this room, varying both the variety
and quantity of objects available, to examine how an environment’s richness impacts game generation. We also changed
the controls and affordances available to human participants
from the AI2-THOR defaults: agents can move in the room,
look around, crouch and stand up, pick up objects, rotate held
objects, freeze objects1 , and put them down or throw them.
Items such as lights and blinds can also be toggled on and off,
and other items such as drawers can be opened and closed.
Interactive Experiment Procedure. The interactive, webbased experiment (Figure 2) took place in several phases:
Instructions: we presented participants with detailed instructions and an attention check quiz. Tutorial: we provided a
tutorial on the controls and the various affordances different
objects offer. To continue to the experiment, participants had
to successfully use all actions introduced by the tutorial. Exploration: we placed participants in one of the three variations
of the environment (randomly assigned), and allowed them
to explore in the room. Creation: once the participant indicated they had a game ready, they described their game in a
form that opened next to the environment screen (Figure 2,
right-hand side). Participants optionally provided any setup
required to prepare the room for their game to be played, and
then specified the gameplay of their game and how it is scored.
Participants were also asked to imagine how many points
they would score on their first time playing their game, and
to rate its difficulty on a five-point Likert scale. Gameplay:
participants played their game at least once to experience it
for themselves. Edit and debrief: participants were offered a
chance to edit their game after playing it, before answering
several debrief questions.
Constraints on Games. Participants were informed that
games should be for a single player, require no space beyond
the room or additional objects, and include a scoring system.
1 An option provided to help participants perform dexterous manipulations without knocking over other objects.
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The scoring constraint may seem limiting, but any arbitrary
goal can be scored by rewarding the achievement of the goal.
Participants. We contacted 192 participants through Prolific, of whom 114 finished the experiment and another 12
were paid due to technical difficulties. Participants were paid a
base rate of $10, and received $2 bonus if their game satisfied
the required constraints. Successful participants took 44.4
minutes on average, with a standard deviation of 23.3 minutes.
Translation to the DSL. We manually translated the games
from the natural language descriptions to the DSL. We made
minimal assumptions, and tried to use participants’ gameplay
replays to clarify their intentions. After excluding 8 games that
did not satisfy the constraints, 6 duplicates, and 6 unclear or
underconstrained games, we arrived at a dataset of 98 games2 .
Dataset Variety. Considering that participants were neither
prompted to nor compensated for their creativity, we were
encouraged by the variety and creativity displayed by our
participants. While most games in our dataset include some element of throwing, participants varied what was thrown, what
it was thrown to, where it was thrown from, and instantiated
other constraints (bouncing off a wall or ramp, placing objects
on other objects, and many others). We also observed different
structure-building games (for height or for number of objects),
all manner of different organization games (sorting objects to
predetermined locations), and various other games that defy
classification (for example, dropping blocks one at a time and
adjacent to each other to build a path from the rug to the desk).

Goals as Reward-Generating Programs
We represent games as reward-generating functions, mapping
sequences of environment states generated by an agent playing
a game to the score received. While this representation is
unlikely to perfectly match the cognitive primitives humans
use to reason about goals, it allows us to formalize people’s
productive capacity to generate goals and evaluate progress
towards them. The specification of our DSL is available here.
Motivation. The decision to translate games described
in natural language to a domain-specific language (DSL) is
inspired by both the cognitive science literature as well as
artificial intelligence research. On the cognitive science side,
we subscribe to the benefits of program representations as
outlined by Rule et al. (2020). Programs are compositional,
allowing them to reuse elements of previous examples when
tackling new challenges. Programs are also expressive, allowing a small number of base types and primitives to solve a
wide array of problems. Simultaneously, we draw inspiration
from the use of structured description languages in the AI community, and specifically, in representing planning problems
using PDDL (Ghallab et al., 1998). PDDL specifies initial and
terminal conditions to a planning problem, as well as optional
preferences that encourage solving the planning problem in
particular fashions. Whereas in planning problems preferences
are optional and terminal conditions are mandatory, games are
2 We did not model two games due to their complexity, and are
missing data from several other participants due to technical issues.

the opposite—key gameplay details are captured by preferences and scoring rules (see sections below), and under 50%
of our participants chose to specify an exact end to the game.
We will now briefly outline the different components of our
representations, and see Figure 3 for two worked examples of
how participants’ games can be expressed in the DSL.
Gameplay Preferences. Gameplay preferences capture
how games should be played by specifying temporal constraints over sequences of states. Each preference is named
(e.g. throwBallToBin in Figure 3), allowing to refer to it as
part of the scoring rules or terminal conditions. A gameplay
preference can quantify (existentially – exists , or universally
– forall ) over one or more object types (the dodgeball and
the bin in the first preference in Figure 3 on the right, and
the dodgeball in the second preference). Using the quantified
variables, a preference then specifies one of two temporal options. A preference could include a series of temporal modals
expressed in our syntax under the then operator. Temporal
reasoning is required because most goals cannot be expressed
over single world-states, using a trivial state representation
(e.g., the positions and velocities of all objects at a given
timestep). Consider the throwing games described in Figure 3:
given only a single state, we can check that a ball is currently
stationary and in the bin—but we would not know if it was
thrown or placed there, and from what distance it might have
been thrown. We support a variety of temporal modals, such
as once (a predicate happens for a single world state) and
hold (a predicate holds for a sequence of world states). These
temporal modals can be mapped onto linear temporal logic
(LTL) operators acting on the same predicates3 . LTL (Manna
and Pnueli, 1992) is a temporal modal logic allowing to reason
about the validity of prepositions over time, using modal operators such as next (a preposition holds at the next timestep),
until (a preposition holds until another holds), and always (a
preposition holds for all remaining timesteps). A preference
could also consist of a predicate that must hold at the end of
gameplay, expressed using the at−end operator.
Scoring. The scoring specification describes how to count
the different preferences, how much satisfactions of the different preferences are worth, and how to combine these into
a final score. The most commonly used counting method
(count−nonoverlapping) is to count how many times each
preference is fulfilled over the entire state trace generated as
an agent plays the game. Other counting methods include
counting a preference at most once (count−once), or counting
a preference once for each unique set of objects used to fulfill
it (count−once−per−objects). Once preferences are counted,
the rest of the scoring specification describes the arithmetic to
combine the counted preferences to a final score.
Terminal Conditions. A game can specify terminal conditions. These usually take the place of a comparison between
a preference counting, as used in the scoring, and a target
3 See Section 3 of our full DSL specification here for the mapping.
We provide the mapping to facilitate reasoning about the expressivity
of preferences in our DSL and to relate to existing work using similar
LTL variations to represent RL tasks (e.g., Littman et al., 2017)
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First Throwing Game Example

Second Throwing Game Example

Setup: N/A
Gameplay: “Throwing w Dogball to the can form 1 meter distance”
Scoring: “1 Dogball in the bin = 1 point.”
01:
02:
03:
04:
05:
06:
07:
08:
09:
10:
11:
12:

Setup: N/A
Gameplay: “Throw a dodgeball into the bin to score points.”
Scoring: “Everytime you score a dodgeball into the bin you get
1 point and you lose 1 point every 5 throws.”

(:setup )
(:constraints
(preference throwBallToBinFromOneMeter
(exists (?d - dodgeball ?h - hexagonal_bin)
(then
(once (and (agent_holds ?d) (= (distance agent ?h) 1)))
(hold (and (not (agent_holds ?d)) (in_motion ?d)))
(once (and (not (in_motion ?d)) (in ?h ?d)))
))))
(:scoring maximize
(count-nonoverlapping throwBallToBin)
)

01:
02:
03:
04:
05:
06:
07:
08:
09:
10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:

(:setup )
(:constraints (and
(preference throwBallToBin
(exists (?d - dodgeball ?h - hexagonal_bin)
(then
(once (agent_holds ?d))
(hold (and (not (agent_holds ?d)) (in_motion ?d)))
(once (and (not (in_motion ?d)) (in ?h ?d)))
)))
(preference throwAttempt
(exists (?d - dodgeball)
(then
(once (agent_holds ?d))
(hold (and (not (agent_holds ?d)) (in_motion ?d)))
(once (not (in_motion ?d)))
)))
))
(:scoring maximize (+
(count-nonoverlapping throwBallToBin)
(- (/ (count-nonoverlapping throwAttempt) 5)
))

Figure 3: Example games. We provide two participant-generated games to illustrate our DSL and how a more complex game (right) can
be built compositionally from a simpler one (left). The images (bottom) illustrate the creator of the more complex game playing their game,
showing a ball being held and then successfully thrown into the bin. We reference line numbers in square brackets. Left: The game specifies no
setup [01]. The game requires specifying a single preference [02-09], named throwBallToBinFromOneMeter [03] which quantifies a dodgeball
and the bin (“can”) [04]. It quantifies sequences of states using the then operator [05], starting from a single state (once) in which the agent
holds the dodgeball, and is a distance unit away from the bin [06]. It then seeks a contiguous sequence of states (hold), immediately following
the previous one, in which the ball is in motion and unheld by the agent [07]. The sequence ends with a single state (or more) in which the ball
is stationary and in the bin [08]. The scoring [10-12] seeks to maximize the number of times the preference occurs, counting non-overlapping
sequences of states [11]. Right: We focus on deviations from the previous game. The throwBallToBin preference is slightly simpler in this
case, since the participant did not provide a throwing distance constraint [06]. However, they count attempts, which requires specifying a
second preference, named throwAttempt [10-16], to count attempts regardless of whether or not they land in a bin (compare [15] to [08]). The
scoring also requires counting both preferences, dividing the counting of the throwAttempt preference by 5 and negating it [20].

number. For example, to specify “You get 5 chances to shoot
the dodgeball into the bin from the same location,” we would
create a preference for a throw attempt (regardless of whether
it landed in the bin or not), and terminate after the fifth one.
Setup. In many cases, participants provided instructions
for how to set up for their game, in terms of repositioning
objects. In the DSL, the setup consists of quantifications
over objects, predicates over objects, and marking of these
predicates as game−optional (can be changed during play) or
game−conserved (cannot be changed).4

Results and Analysis
We report three analyses highlighting four aspects of human
games we believe would aid developing computational models
of game generation: common sense, compositionality, creativity, and context sensitivity. Our analyses operate over the
DSL representations of the games we collected, leveraging
the grammar to systematically extract types, predicates, and
repeated structures, all of which would be arduous to analyze from natural language. To contextualize the analyses, we
attempted to categorize the types of games our participants
created into high level classes. We observe three types of
gameplay elements participants reused: throwing (handheld
4 Consider

a setup with “the bin on the bed and the two dodgeballs on the table,” with the goal of throwing balls into the bin. The
first clause, placing the bin on the bed, should be conserved during
gameplay—if a player moved the bin off the bed, they would be violating the game described. The second clause, putting the dodgeballs
on the table, must be violated when the agent throws them.

objects into or onto other objects), building (stacking objects),
and organizing (moving objects to predetermined positions)5 .
92 of the 98 games in our dataset only use one element, mostly
throwing (75), followed by organizing (10), and building (8).
Five games combine multiple types of elements, and a single
game does not fall into any of these categories.

Common Sense
We begin our analyses by investigating the roles common
sense and intuitive physics play in game creation. In our experiment environment, all handheld objects provide the same
affordances—they can be picked up, dropped, or thrown—a
priori making throwing games involving balls as likely as
throwing games involving blocks, for example. To systematically explore this notion, we examine what sorts of objects are
used with which predicates across different types of games.
We analyze every predicate in the DSL representations of our
games, and count how many times it appears with each object
type6 . We then categorize objects into higher level types, such
as balls, blocks, furniture, buildings constructed by the agent,
and several others. Figure 4 depicts these object-predicate
co-occurrence counts, separating between games involving
throwing and games not involving throwing.
5 We categorize games based on their scoring preferences. For
instance, a game whose setup includes moving items around to enable
playing the game, but only scores successful throws, would be labeled
as a throwing game, rather than a throwing and organizing game.
6 For example, line [08] in the examples in Figure 3 would count
the predicate in motion appearing with the type dodgeball, and the
predicate in appearing with the types dodgeball and hexagonal bin.
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Predicate Use by Object Category
Non-Throwing Games
Throwing Games
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Figure 4: Common sense through object and predicate usage. We categorize object and predicate co-occurrence across games in our dataset,
splitting between games with throwing elements and games without them. We coarsen objects types to the categories plotted in the legend,
where the ‘building’ category refers to structures of touching objects created by the participant. For clarity, we omit rare predicates and object
categories: types appearing under 10 times are omitted from the non-throwing panel (left), and types appearing under 20 times are omitted
from the throwing panel (right). We threshold the panels differently as 18 games contribute to the left-hand panel and 80 to the right-hand one.

First, we observe markedly different distributions of object
categories between games types: throwing games tend to involve balls and receptacles, whereas building and organizing
games make relatively more use of blocks, small objects, and
room features (such as the walls and doors). As all moveable
objects present the same affordances, a model that sampled objects uniformly by their affordances would arrive at a distinctly
different distribution than the on we observed. Participants
seem to rely on their intuitive physical understanding that
some objects have straight edges, and so are easier to stack,
while other objects are round, and so are easier to throw.
Second, we find a difference in the object-predicate cooccurrence distributions between game types. Throwing
games concern themselves with the position of the agent (the
black bar segments for adjacent and on in Figure 4), often to
specify constraints on where the agent should throw from to
modulate game difficulty). Non-throwing games never refer
to the agent’s position, instead focusing the constraints on
how and where objects should be stacked, as evidenced by the
higher frequencies of the in and on predicates in relation to
blocks (green) and room features (yellow). We do not find
this application of common sense by our participants to be
particularly surprising, but we note that models sampling objects and predicates from a uniform distribution would fail to
recreate such patterns. Thus, a model equipped with a rich
description language for goals is unlikely to be sufficient on its
own; it will also need to represent and utilize basic principles
of physical reasoning.

Compositionality and Creativity
Next, we study reuse of recurring motifs (to probe for compositionality) and unique motifs (to quantify creativity) as a
means of analyzing the generative structure of games. To that
end, we examine all predicate structures that appear in our
dataset under temporal operators (once, hold, etc.), coarsening out the specific variables or referent objects in the predicates to examine the abstract structures (e.g., the expressions
(once agent holds ?d) and (once agent holds ?b) would
be equivalent, even if the variables ?d and ?b are bound to

Compositionality in Gameplay Preferences
01:
02:
03:
04:
05:
06:
07:
08:
09:
10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:
27:
28:
29:
30:
31:
32:
33:
34:
35:

(preference throwBallToBinFromDesk
(exists (?d - dodgeball ?h - hexagonal_bin)
(then
(once (and (agent_holds ?d) (adjacent agent desk)))
(hold (and (not (agent_holds ?d)) (in_motion ?d)))
(once (and (not (in_motion ?d)) (in ?h ?d)))
))))
(preference throwBallFromOffRugToRug
(exists (?d - dodgeball)
(then
(once (and (agent_holds ?d) (not (on rug agent))))
(hold (and (not (agent_holds ?d)) (in_motion ?d)))
(once (and (not (in_motion ?d)) (on rug ?d)))
))))
(preference throwOrBounceFromEdgeOfRug
(exists (?d – dodgeball ?h - hexagonal_bin)
(then
(once (and (agent_holds ?d) (adjacent rug agent)))
(hold (and (not (agent_holds ?d)) (in_motion ?d)))
(once (in ?h ?d))
))))
(preference blockFromRugToDeskWithoutBreaking
(exists (?c – cube_block)
(then
(once (and (agent_holds ?c) (on rug agent)))
(hold (and
(not (agent_holds ?c)) (in_motion ?c) (on rug agent)
(not (exists (?o – (either lamp laptop desktop)) (broken ?o)))
))
(once (and (on rug agent) (on desk ?c) (not (in_motion ?c))))
))))

Figure 5: Constructing modified preferences through minimal
compositional changes. These example preferences, taken from various games in our corpus, build on the structure of the throwBallToBin
and throwAttempt preferences in Figure 3 (right). The throwBallToBinFromDesk preference adds a constraint that the ball is thrown with
the agent next to the desk [04], while the throwBallFromOffRugToRug
preference indicates the agent should throw from off the rug [12] and
land the ball on the rug [14]. throwOrBounceFromEdgeOfRug omits
the requirement that the ball end up not in motion in the bin [22],
allowing for it to either land inside or bounce in and out. Finally,
blockFromRugToDeskWithoutBreaking requires the agent to throw a
block from the rug [28], avoid leaving the rug while the block is in
motion [30], not break any of the objects on the desk [31], and also
requires that the block lands and stops on the desk [33].

different types). We then counted how many times each such
abstract structure occurs over our entire dataset, and sort by
the number of occurrences descending. Figure 6 depicts the
cumulative proportion covered by the most common structure, the two most common ones, the four most common ones,
and so forth. Compositionality: we discover that four recurring structures, including the ones used in lines [07] and
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Cumulative proportion of N most common structures
and generate games that are compelling, a model would need
to be sensitive to salient objects in its environment.

0.8
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Figure 6: Abstract structure counts highlight compositionality
and creativity. We coarsen out variable types from predicate arguments to extract structures, and count the occurrences of each abstract
structure across our dataset. Each bar indicates the cumulative proportion covered by the N most common structures.

[08] in Figure 3 (right), cover 47.9% of all occurrences in
our dataset. We take that as evidence of a heavily compositional structure: combining these recurring structures with
varying objects and additional preferences comes up quite often, far more often than would be expected if predicates were
drawn arbitrarily from the DSL. Figure 5 depicts the capacity of compositionality in our DSL, offering four examples
of how minimal changes to a gameplay preference can alter
its semantic meaning, enabling different games. Creativity:
conversely, we find evidence of creativity on the other end
of the count distribution. 56.9% of unique structures appear
exactly once in our dataset, and combine to account for almost one in seven occurrences in the entire dataset. We take
this as evidence of creativity—just as people are capable of
being endlessly creative in play (in our dataset of 98 games,
only two were identical), a computational model aiming to
generate human-like games would be required to display a
similar ability to conceive of unlikely yet plausible instances.
Table 1: Context sensitivity

Context Sensitivity

Version

Few Medium Many

We evaluate how particiFew
100% 80% 100%
pants tailor goals to the
Medium 23% 100% 60%
specific objects and afforMany
36%
48% 100%
dances presented by the
environment. To assess this sort of context sensitivity, we enumerate which objects each game refers to, and check whether
or not they exist in the other two versions of the environment.
Table 1 plots summarizes this information, where each entry indicates the percentage of games created in the version
marked by the row that could be played in the version marked
by the column. Room versions are named by how many objects are in each one. There is overlap between the objects
in each room (every object in the ‘Few’ room exists in the
‘Many’ room, which is not true for the other two pairs). Unsurprisingly, games more often transfer from sparser versions
of the environment to more object-dense ones, than vice versa.
Although this could be partially accounted for by the overlap
in terms of which objects exists, many of the movable objects,
and all furniture and architectural room features, exist in all
three versions. It would be trivial to construct games that use
the shared objects, and in fact, to create games that use no objects at all, albeit they might be less fun and interesting7 . We
hypothesize that to effectively model human game creation,
7 “Walk

in circles around the room. You get a point for each lap.”

Inspired by intrinsic motivation and playful exploration, this
work takes initial steps towards a formal characterization of
human game generation. We created a web-based experiment
to collect games in an embodied, interactive environment. We
formalized a notion of temporally extended goals representing
reward-generating functions, and use our dataset to propose a
DSL capturing the semantics of the games we collected. We
used the representations of games in our DSL to systematically
analyze our dataset and highlight four key aspects of human
game generation any computational account must address:
common sense, compositionality, creativity, and context sensitivity. The DSL is critical for analyzing games in terms of their
underlying compositional and correlational structures, which
are readily computable from the semantic representations but
not from the natural language descriptions. We see the DSL
as forming the foundation of future computational modeling
efforts to automatically generate human-like goals.
Our work builds upon language of thought (LOT, Fodor,
1979) models in cognitive science, treating knowledge as programs and learning as program induction within this language
(Bramley et al., 2018). Rule et al. (2020) offer an extensive of
discussion of this approach. Program-like representations have
been used to model cognitive processes in a variety of domains:
causal models (Chater and Oaksford, 2013), concepts (Goodman et al., 2015), handwritten character generation (Lake et
al., 2015), and question asking (Rothe et al., 2017), among
many others. Our work extends this tradition by showing
how programs can capture playful goals. Looking forward,
techniques for synthesizing programs within our DSL will provide guidance in extending our approach to goal generation,
although goals are distinguished by the additional challenges
of recombining parts in ways that reflect common sense constraints we identified here. Treating goals as programs also
provides an avenue for developing models that act on goals,
building on the planning literature that inspired our DSL.
We view this work as a stepping stone toward models that
can generate, reason with, and pursue playful goals. Beyond
the ability to score successful achievement, we are excited
about modeling two other human cognitive capacities. One is
the ability to reason about goals: could we devise and train
a model to predict whether a particular goal is easy or hard?
Boring or fun? A second is the capacity to generate new,
human-like goals: can a model propose goals that are indistinguishable from human-generated ones? Or tailor goals to use
a specific object or affordance? We also hope to investigate
the relationship between environment complexity and creativity: how would simpler environments (with fewer objects or
affordances) change the breadth of games participants create?
Finally, we hope to develop reinforcement learning methods
that use playful goals as exploration objectives, or that learn
how to pursue many goals and then generalize to new ones.
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Abstract
Neural language models are commonly used to study language
processing in human speakers, and several studies trained such
models on two languages to simulate bilingual speakers. Surprisingly, no work systematically evaluates different neural
architectures on bilingual speakers’ data, despite the abundance
of such studies in the monolingual domain. In this work, we
take the first step in this direction. We train three neural architectures (SRN, LSTM, and Transformer) on Dutch and English
data and evaluate them on two data sets from experimental studies. Our goal is to investigate which architectures can reproduce
the cognate facilitation effect and grammaticality illusion observed in bilingual speakers. While all three architectures can
correctly predict the cognate effect, only the SRN succeeds at
the grammaticality illusion. We additionally show how the observed patterns change as a function of the models’ hidden layer
size, a hyperparameter that we argue may be more important in
bilingual models.
Keywords: language modeling, neural networks, bilingualism,
cognate facilitation, grammaticality illusion

Introduction
In recent years, neural language models (LMs) have been extensively used to study human sentence processing. Such models have been shown to significantly predict human reading
times (e.g., Frank et al., 2015; Goodkind & Bicknell, 2018) and
exhibit various processing effects observed in human speakers, such as number agreement (Mueller et al., 2020) and
garden-path effects (Van Schijndel & Linzen, 2018; Futrell
et al., 2019). These models even make some syntactic errors
similar to those of human speakers (Linzen & Leonard, 2018).
The use of language models in psycholinguistics has become
so pervasive that online platforms for their automatic testing
have been designed (Gauthier et al., 2020), including tools that
introduce human-in-the-loop evaluation (Kiela et al., 2021).
In psycholinguistics, neural LMs are commonly trained on
data from a single language and evaluated on data from human
speakers, to test whether they make good models of (monolingual) sentence processing. By contrast, little work exists
that considers models trained on two (or more) languages in
the context of bilingual speakers’ sentence processing. This
is surprising, both because the use of multilingual language
models is very common in NLP applications (Devlin et al.,
2019; Guo et al., 2020), and because it has long been argued
that the field of bilingualism and bilingual sentence processing
in particular could benefit from having more formal models
(Frank, 2021; Li, 2002).

Neural LMs trained on two languages have been used to
study various effects in the field of bilingualism, such as the
grammaticality illusion (Frank et al., 2016), gender pronoun
errors (Tsoukala et al., 2017), cognate facilitation (Winther et
al., 2021), code-switching (Tsoukala et al., 2021), crosslinguistic structural priming (Khoe et al., 2021) and sentence-level
reading times (Frank, 2014). These studies focus on a single
effect of interest and look at the ability of a particular architecture to correctly predict that effect, making it difficult to say
which architectures make better models of bilingual sentence
processing. Moreover, these studies tend to use models such
as simple recurrent networks or networks trained on miniature
languages, and not the modern architectures common in the
monolingual domain, such as LSTMs or Transformers (but see
Winther et al., 2021). There is thus a lack of work comparing
the architectures of bilingual neural LMs in terms of their
ability to predict a variety of effects in bilingual processing, as
has been done for monolingual models (e.g., Merkx & Frank,
2021; Wilcox et al., 2020).
In this study, we take the first steps in this direction. We
focus on three neural architectures that have been commonly
used in studies on monolingual sentence processing: Simple Recurrent Networks (SRNs; Elman, 1990), Long ShortTerm Memory networks (LSTMs; Hochreiter & Schmidhuber,
1997), and Transformers (Vaswani et al., 2017). We train these
models on two languages, Dutch and English, in parallel and
test them against the available human data on two effects from
the domain of bilingual sentence processing, the cognate facilitation effect and the grammaticality illusion, which we present
in more detail in the next section. Existing studies (Winther
et al., 2021; Frank et al., 2016) showed that these effects can
be predicted by neural LMs in principle, and here we extend
the existing results by testing each of the three architectures
on both effects. Our main goals are to test whether the results
reported in the two studies mentioned above can be replicated
across model architectures, and, by extension, whether one of
them makes a better model of bilingual sentence processing.
In addition, we consider whether and how the models’ ability to predict human-like patterns depends on their hidden
layer size. While it is not uncommon to experiment with
various hidden layer sizes (e.g., Gulordava et al., 2018), we
believe that this parameter may be more important in the case
of models trained on two languages, because a model with a
large hidden layer may be able to separate the representations

3376

In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

for the two languages, reducing the amount of cross-linguistic
influence (i.e., the extent to which the representations from
the two languages are shared in the model’s hidden layers).
We test whether this is the case by systematically running our
experiments with various hidden layer sizes for each model.
To preview our findings, all three architectures could correctly predict the cognate facilitation effect, while only the
bilingual SRN model was successful at reproducing the grammaticality illusion in both languages. The magnitude of the
two effects depended on the layer size to a greater extent in
some bilingual models than in the monolingual models, especially so for the cognate facilitation effect.

Background
Processing effects in bilingual speakers
We focus on two effects in bilingual sentence processing –
cognate facilitation and grammaticality illusion – because
the existing studies (Winther et al., 2021; Frank et al., 2016)
showed that neural LMs trained on two languages could correctly predict these effects in principle.
Cognate facilitation effect. Cognates are words that share
their form and meaning across two languages, such as the
word drama in Dutch and English. A common finding in the
literature on bilingualism is that they are processed faster than
non-cognates (Costa et al., 2000; Dijkstra et al., 1999). In
particular, Bultena et al. (2014) showed that Dutch–English
bilingual speakers were faster at reading sentences with cognates than with non-cognates, as in (1), where drama is a
cognate word, but error (Dutch ‘fout’) is not. Note that the
words in each pair were matched on various characteristics
including corpus frequency, to avoid potential confounds.
(1)

He does not like to talk about the drama/error out of
a sense of guilt.

Winther et al. (2021) investigated if neural LMs could reproduce this effect by training bilingual LSTMs on English and
Dutch data and testing them on Bultena et al.’s sentences. They
found evidence for the cognate effect under certain conditions
of input presentation, namely when the models were trained
so as to simulate unbalanced/sequential bilingual speakers,
through exposing the models first to Dutch and then to English
input data, with more Dutch exposure overall.
Grammaticality illusion. Speakers normally consider grammatical sentences to be more acceptable than ungrammatical
ones. However, English native speakers have been consistently found to judge ungrammatical derivations of a certain
class of sentences as more acceptable than their grammatical
equivalents (Frazier, 1985; Christiansen & MacDonald, 2009).
This effect is observed in sentences containing double-nested
relative clauses, as in English (2) and Dutch (3).
(2)

The carpenter who the craftsman who the peasant
carried hurt supervised the apprentice in the garden.
V1

V2

V3

D1

(3)

De timmerman die eergisteren de vakman die zaterdag de boer droeg bezeerde begeleidde de leerling in
de tuin.
V1
V2
V3
D1

The addition of the first relative clause (in italics) and the
second relative clause (in bold) nested within the first clause
makes this sentence difficult to process, although still grammatical. As a result, English speakers tend to process more
easily an ungrammatical version in which the second verb V2,
hurt, is omitted. This effect, referred to as the grammaticality
illusion, has been shown using acceptability ratings (Christiansen & MacDonald, 2009) and reading times on the first
determinant after the third verb, D11 (Vasishth et al., 2010).
Frank et al. (2016) carried out a similar test in Dutch with
native Dutch speakers and found that they, unlike English
speakers, process the grammatical version more easily. Interestingly, when the same Dutch speakers were tested in their
second language (L2) English, they behaved as native English
speakers and read the ungrammatical version more quickly.
In their study, Frank et al. also tested if a neural LM could
reproduce this grammaticality illusion effect across languages.
They trained a bilingual SRN model on Dutch and English
data and observed a human-like behavior when the model was
tested specifically at D1: it preferred ungrammatical English
sentences but grammatical Dutch sentences.

Neural LMs in monolingual sentence processing
In the monolingual context, a number of studies compare how
well different neural LMs predict human reading data such as
self-paced reading times and event-related potentials in the
brain. SRNs and GRUs (Gated Recurrent Units; Cho et al.,
2014) have been reported to be equally successful, provided
the language model accuracy is accounted for (Aurnhammer
& Frank, 2019). The same is likely to hold between SRNs
and LSTMs, since LSTMs and GRUs both include gates to
control the flow of information in a similar fashion. Furthermore, Transformers generally outperform recurrent architectures (Merkx & Frank, 2021; Wilcox et al., 2020).
Another line of research evaluates neural LMs in more targeted settings, to measure their grasp of various syntactic
phenomena (Linzen et al., 2016; Gulordava et al., 2018; Marvin & Linzen, 2018; Wilcox et al., 2018; Warstadt et al., 2020).
The results indicate LSTMs to be superior to SRNs (Linzen
et al., 2016), and Transformers to be superior to recurrent
networks (Mueller et al., 2020).

Methods
Our general approach is to train language models on text
corpora from one or two languages (Dutch and/or English)
and evaluate their performance on two sets of sentences, in
order to test whether they exhibit the cognate facilitation effect
and the grammaticality illusion observed in human speakers.
1 Here, we follow the numeric notation of Frank et al. (2016), even
though D1 is not the first determiner in the sentence.
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Table 1: Hyperparameters of our models.

Parameter

SRN

BPTT Steps
Hidden layers
Learning rate
Batch size
Dropout rate
Training epochs
No. heads

3
1
2
64
0.2
10
N/A

Training regime

Architecture
LSTM
Transformer
35
2
20
64
0.2
10
N/A

35
8
2
64
0.2
10
8

Models
We test three architectures: SRNs, LSTMs, and Transformers.
The former two are recurrent networks, and thus predict the
next word from a hidden state that is updated incrementally
for each new word. The memory gates in the LSTM allow it
to learn more long-term dependencies compared to the SRN.
The Transformer predicts the next word by attending to each
word in the context directly, and thus disposes with the recency
bias in recurrent networks. We chose these three architectures
because numerous studies have used them to study human
sentence processing (e.g., Linzen et al., 2016; Frank et al.,
2015; Wilcox et al., 2018; Hollenstein et al., 2021; Wilcox et
al., 2020). We adapt our SRN implementation from Frank et al.
(2016), and our LSTM implementation from Van Schijndel &
Linzen (2018).2 Our Transformer model is based on a standard
PyTorch implementation.
For each architecture, we use the hyperparameters reported
in the literature. The most important of these are summarized
in Table 1. Note that the number of layers differs across
the three models, because we decided to closely follow the
computational setup reported in earlier studies: the SRN only
uses 1 hidden layer, the LSTM uses 2 stacked layers, and the
Transformer uses 8 stacked Transformer blocks. Ideally, we
would also experiment with the number of layers and other
hyperparameters, but due to the lack of space we focus on
manipulating the embedding/hidden layer sizes. We train each
model with six different embedding sizes: 32, 64, 128, 256,
512 and 1024. In the SRN and LSTM, the hidden layer is set
equal to the embedding size. In the Transformer, the feedforward layer is set to twice the embedding size. All models
are trained for 10 epochs since our preliminary experiments
showed that the main qualitative patterns for the two target
effects are unlikely to change after more training. The learning
rate for each architecture is chosen using a grid search from
a set of values {20, 2, 0.2, 0.02} to minimize perplexity on
the validation set. The models are trained using standard
stochastic gradient descent, gradients larger than 0.25 are
clipped, and the learning rate is divided by a factor of 4 if
there is no decrease in perplexity on the validation set for 3
consecutive epochs. Each model is trained with 3 different
random initializations, and the results are averaged.
2 https://github.com/vansky/neural-complexity

We train the models on English and/or Dutch text. For English,
we use the Wikipedia corpus from Gulordava et al. (2018),
and for Dutch, we use the Wikipedia corpus from Winther et
al. (2021). We follow the preprocessing steps in Winther et al.
and use their vocabulary size of 50k word types.3 The English
and Dutch corpora are matched in size, resulting in a corpus of
2M sentences for each language, which are split into training,
validation, and test sets in proportion 80:10:10. The test data
is only used for intrinsic model evaluation, which we do not
report here for the sake of space. The resulting corpora are
used to train the monolingual models.
For the bilingual models, we create a balanced bilingual
corpus that consists of Dutch and English sentences in a 50:50
ratio, mixed in a random fashion such that each new sentence
has a 50% chance of coming from each language. Furthermore,
since Winther et al. (2021) only found a significant cognate
effect in models trained on an unequal number of sentences
from each language, we also create an unbalanced bilingual
corpus that consists of Dutch and English sentences in a 75:25
ratio. The unbalanced corpus further differs from the balanced
corpus in that languages are presented consecutively, such that
in each epoch, the model is exposed to the Dutch sentences before the English sentences (following Winther et al.’s method
of simulating an unbalanced/sequential bilingual speaker with
higher exposure to Dutch).

Evaluation
To test whether our models can correctly predict human readers’ data on the two target tasks, we follow the evaluation setup
from the corresponding studies (Frank et al., 2016; Winther et
al., 2021). Specifically, for each target item we compute the
surprisal values, which are then processed as described below.
Surprisal s of a word wi at position i is a standard measure
shown to be associated with the processing effort for that word
in a given context (e.g., Levy, 2008):
s(wi ) = − log P(wi |w1...i−1 )

(1)

Cognate facilitation effect. Following Winther et al. (2021),
we use the 21 English pairs of stimuli selected from Bultena et
al. (2014). Each pair consists of two nearly identical sentences
that only differ in one word: cognate or non-cognate control,
where cognates are spelled identically in English and Dutch.
We compare surprisal values of the cognate and control words
embedded in the same sentence and compute the cognate effect
size, CE, as the difference between the two surprisal values:
cognate

CE = s(wcontrol
) − s(wi
i

)

(2)

Because higher surprisal values correspond to less likely sequences, a positive CE value indicates a model’s preference for
a cognate (rather than non-cognate) word in a given context.
3 An

exception to this is made in the Dutch corpus, where we
extend the vocabulary by 27 words that occur in the test sentences
from Frank et al. (2016), to ensure the testing is not carried out on
words unknown to the model.
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Figure 1: Size of the cognate facilitation effect (CE) as a function of hidden layer size across three model types (English
monolingual model and two bilingual models) and three architectures. The results are averaged over test items and random
initializations. Error bands show the standard error of the
mean across the 21 test items.

Grammaticality illusion. We use the English and Dutch
sentences from Frank et al. (2016), but exclude 2 sentences per
language that contain out-of-vocabulary words, resulting in 14
test sentences per language. We consider the model’s surprisal
value of the determiner directly following the verbs (D1), and
compute the model’s grammaticality preference, GP, as the
difference in surprisal on D1 embedded in an ungrammatical
vs. grammatical version of the sentence:
ungram.

GP = s(wi

gram.

) − s(wi

)

(3)

A positive GP value in (3) means that the model prefers grammatical sentences, and a negative GP value indicates its preference for ungrammatical sentences.

Results
Here, we present the results on the two evaluation tasks: the
cognate facilitation effect and the grammaticality illusion. Due
to the lack of space, we do not present models’ intrinsic evaluation in terms of their perplexity on validation/test data, but
lower perplexity was observed in models with larger hidden
layer sizes, and also in LSTMs and Transformers rather than
SRNs. More details can be found in Roslund (2021).

The results for the cognate facilitation effect across all models
are presented in Figure 1.
Monolingual models. As a sanity check, we first look at
the monolingual models, which are not expected to show the
cognate effect. Indeed, we observe that the effect stays close
to zero for all models and all hidden layer sizes (top panel).
To test this result statistically, we fit a mixed-effects regression model predicting the CE from the model architecture,
log-transformed hidden layer size, and their interaction, with
random intercepts and random slopes for individual predictors
over items and random initializations. This analysis confirms
that there is no statistically significant cognate effect for any
model: intercept (i.e., SRN as the reference level) is 0.59,
p = .399; β (LSTM) = −0.07, p = .805; β (Transformer)
= −0.25, p = .462. This is in line with the result of Winther
et al. (2021) for their monolingual models. Also, on average
there are no differences across the three model architectures.
Balanced bilingual models. A visual examination of the results (middle panel) suggests that the patterns are similar to
those observed in the monolingual models. Our statistical analysis of the data with an analogous mixed-effects regression
confirms this observation: on average, there is no statistically
significant cognate effect: intercept (SRN as the reference
level) is 0.87, p = .274; β (LSTM) = −0.13, p = .621; β
(Transformer) = −0.16, p = .553. Again, there are no significant differences across the three architectures.
Unbalanced bilingual models. The patterns for the unbalanced models (bottom panel) are different. In particular, there
is a positive cognate effect, and its size depends on the architecture and the hidden layer size. A mixed-effects regression
suggests that all three architectures consistently show a statistically significant cognate facilitation effect, although the effect
size on average is significantly smaller in the Transformer than
in the LSTM and SRN: intercept (here, Transformer as the
reference level) is 1.34, p = .046; β (SRN) = 2.07, p < .001;
β (LSTM) = 1.66, p < .001.
Hidden layer size. Unlike in balanced bilingual and monolingual models, the cognate effect size in the unbalanced models
changes as a function of the hidden layer size, and the direction of this change depends on the architecture. In the
Transformer the effect stays stable across the hidden layer
sizes (the main effect of layer size in the mixed-effects regression is β = −0.05, p = .583), in the SRN it increases with the
hidden layer size (the interaction term ‘SRN × layer size’ is
β = 0.53, p < .001), and in the LSTM it decreases (the interaction term ‘LSTM × layer size’ is β = −0.41, p = .005). This
partially supports our intuition about the role of the hidden
layer size in bilingual models: recall that we hypothesized that
bilingual models can be more susceptible to changes in their
hidden layer sizes due to the interplay of the representations
from the two languages. While the cognate effect is observed
consistently in the unbalanced models, its magnitude changes
depending on the hidden layer size in the SRN and LSTM
(but not in the Transformer), and the direction of that change
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Dutch

log-transformed hidden layer size, and their interaction, with
random intercepts and slopes for the individual predictors over
items and random initializations. This statistical analysis indicates no GP effect for the LSTM, but a positive GP for the SRN
and the Transformer, and this effect is larger in the Transformer
compared to the SRN: β (SRN) = 0.40, p = .010; β (LSTM)
= −0.10, p = .604; β (Transformer) = 1.24; p < .001. While
for the LSTM the preference on average is not different from
zero, it varies in a non-linear way depending on the hidden
layer size, as we can see in the top left panel of Figure 2. For
English monolingual models, a visual examination suggests
that all architectures struggle with reproducing the expected
negative GP (top right panel). Indeed, a mixed-effects regression analogous to the one described above suggests that on
average, none of the three architectures show a statistically
significant negative GP, and the Transformer even predicts a
preference in the ‘wrong’, i.e., positive, direction: β (SRN)
is −0.18, p = .147; β (LSTM) = 0.23, p = .088; β (Transformer) = 0.30; p = .004. Additional analyses of individual
hidden layer sizes show that only the SRN and the LSTM
with hidden layer size 64 can predict a statistically significant
negative GP. However, considering the large number of hidden
layer sizes that we tested, it is unclear whether this result is a
statistical error.
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Figure 2: Grammatical preference (GP) as a function of hidden
layer size across three model types (one monolingual model
and two bilingual models) and three architectures. The results
are averaged over test items and random initializations. Error
bands show the standard error of the mean across the 14 test
items.

differs across the two models.
To summarize our results, all three models show the cognate
facilitation effect in the unbalanced, but not in the balanced
models, which replicates the existing findings for the LSTM
(Winther et al., 2021) and also extends these findings to the
two other architectures, SRN and Transformer. Although the
effect is consistently present in all the three models, its size
varies depending on the architecture and the hidden layer size.

Grammaticality Illusion
The grammaticality preference values of each model are presented in Figure 2.
Monolingual models. We first examine the results for the
monolingual models (top panels). Recall that we expect a
positive grammaticality preference in Dutch, and a negative
preference in English. For the Dutch models (top left panel)
we see a positive preference for the Transformer and SRN, but
not for the LSTM. Again, we fit a linear mixed-effects regression to the Dutch GP values of the monolingual model, with
fixed effects of architecture (SRN vs. LSTM vs. Transformer),

Balanced bilingual models. Just as for the cognate effect in
the previous section, the patterns of the balanced models are
overall similar to those of the monolingual models (compare
the middle panels in Figure 2 to the top panels). Again, for
Dutch, the Transformer and SRN, but not the LSTM, correctly
predict a statistically significant positive GP across the hidden
layer sizes: β (SRN) is 0.31, p = .021; β (LSTM) = 0.37,
p = .114; β (Transformer) = 1.06; p < .001. For English,
surprisingly, a mixed-effects regression suggests that, unlike
in monolingual models, the bilingual balanced SRN shows a
statistically significant negative GP across the hidden layer
sizes, while the Transformer with larger hidden layer sizes and
the LSTM show preference in the ‘wrong’, positive, direction:
β (SRN) is −0.32, p = .026; β (LSTM) = 0.38, p = .011; β
(Transformer) = 0.22, p = .110; β (Transformer × layer size)
= 0.13, p = .001.
Unbalanced bilingual models. The overall qualitative patterns for the unbalanced models are also similar to those in the
balanced models (compare the middle vs. the lower panels in
Figure 2). Again, the Transformer and the SRN (but not the
LSTM) show a statistically significant positive GP in Dutch:
β (SRN) is 0.44, p = .007; β (LSTM) = 0.30, p = .101; β
(Transformer) = 1.11, p < .001. Also, only the SRN shows
a negative GP in English: β (SRN) is −0.41, p = .009; β
(LSTM) = 0.25, p = .092; β (Transformer) = 0.13, p = .369.
Hidden layer size. We test whether the preferences of the
bilingual models depend on the hidden layer size to a larger
extent than in the monolingual models. Since the patterns in
this case are less obvious than for the cognate effect in the
previous section, we fit two mixed-effects regressions (one
per language) to all models, i.e., monolingual and bilingual.
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These models predict GP from main effects of model type
and architecture, their two-way interaction, their three-way
interaction with the hidden layer size, and random intercepts
and slopes over items and random initializations. We find that
in English, the unbalanced (but not balanced) bilingual SRN
models (but not LSTM and Transformer) are more susceptible
to the changes in the hidden layer size than their monolingual
counterparts. Specifically, in the monolingual SRN models
the GP stays stable across all hidden layer sizes: β (layer size
× SRN) = 0.02, p = .591. In unbalanced bilingual SRNs it
decreases significantly in larger hidden layer sizes (compare
the slopes of the red line in the top right vs. bottom right
panel): β (layer size × SRN × unbalanced) = −0.16, p <
.001. In balanced bilingual SRNs this decrease is relatively
small: β (layer size × SRN × unbalanced) = −0.05, p =
.309. In Dutch, we find no statistically significant patterns
in this regard: bilingual models are susceptible to changes
in the hidden layer size approximately to the same degree as
monolingual models.
To summarize our results, the SRN is the only architecture
that can correctly reproduce the human grammaticality illusion
in both languages. Surprisingly, for English data the monolingual models show a less robust positive preference than
the bilingual models. The LSTM exhibits a variable behavior across different hidden layer sizes, while the Transformer
consistently prefers grammatical sentences in both languages.
Finally, the preferences of the unbalanced bilingual (but not
monolingual and balanced bilingual) SRNs in English depend
on the hidden layer size, although this pattern does not hold
for the other two architectures or for the Dutch data.

Discussion
In this study, we evaluated three commonly used neural language model architectures – SRN, LSTM, and Transformer –
trained on two languages, Dutch and English, in terms of their
ability to predict two processing effects commonly observed in
bilingual speakers, namely cognate facilitation and grammaticality illusion. While systematic comparisons of monolingual
neural LMs do exist (e.g., Merkx & Frank, 2021; Wilcox et
al., 2020), to our knowledge this is the first study of this kind
for models trained on two languages.
We found that all three architectures were able to correctly
predict the human-like behavior for the processing of cognate
vs. non-cognate words in English sentences, known as the
cognate facilitation effect. The effect was only observed in
the ‘unbalanced’ models trained on larger amounts of Dutch
than English. This result replicates the findings of Winther et
al. (2021), who demonstrated the effect in an LSTM model,
and extends their findings to two other architectures, SRN and
Transformer, providing further support to frequency-based
explanations of the cognate facilitation effect (e.g., Strijkers
et al., 2010). We also found that the size of the cognate effect
was substantially smaller in the Transformer compared to the
other architectures.
For the grammaticality illusion, the models exhibit more

variable patterns. For Dutch sentences, where human speakers
tend to read grammatical sentences more quickly, two out of
the three architectures (SRN and Transformer) make the correct predictions. For English sentences, where human speakers
tend to read ungrammatical sentences more quickly, only the
SRN is able to show this effect. Moreover, the effect is highly
unstable in the monolingual SRN model, as it is only present
for one of the layer sizes. Interestingly, the bilingual SRN
models (both ‘balanced’ and ‘unbalanced’) consistently predict the effect. This result is in line with the findings of Frank
et al. (2016) for their bilingual SRN model. However, the
lack of the stable predictions in our monolingual SRN model
across the layer sizes and the lack of the effect in the other
two architectures requires further investigation. We can speculate that this pattern of results is because faster processing of
the ungrammatical sentences (i.e., grammaticality illusion) requires human speakers to track the nested clauses incorrectly,
while the LSTM and Transformer are good at capturing longterm dependencies (e.g., Gulordava et al., 2018; Mueller et al.,
2020), thus failing to reproduce the grammaticality illusion
in English. This line of reasoning also provides further support to Frank et al.’s (2016) explanation of the grammaticality
illusion: since the SRN relies more on local linguistic information compared to the other two architectures, its success
corroborates the language statistics hypothesis, which explains
speakers’ behavior in a given language by the likelihood of
three verbs occurring in a sequence in that language.
Across the two evaluation tasks, the SRN was the only
architecture that could predict both effects. This suggests
that, even though models with more parameters and more
complex architectures, such as LSTM and Transformer, are
superior in many syntactic tasks, they may be less successful
in replicating some psycholinguistic effects, in particular those
related to bilingual speakers’ sentence processing. This is in
line with Merkx & Frank’s (2021) argument that more complex
architectures do not necessarily result in better models of
human sentence processing.
Finally, our hypothesis that neural language models trained
on two languages are more sensitive to changes in hidden layer
size than monolingual models has been partially supported.
The size of the cognate effect in the bilingual SRN and the
LSTM, as well as the grammaticality preference in English for
the bilingual SRN, were affected by the layer size to a greater
extent than in their monolinguals counterparts. One practical
consequence of this finding is that the hyperparameters of
bilingual models should be selected empirically rather than
being directly adopted from analogous monolingual models.
Acknowledgments: We thank Irene Winther, Sameer Bansal,
and five anonymous reviewers for their useful feedback on the
earlier version of this paper.
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Abstract
Models of word meaning, like the Topics model (Griffiths et
al., 2007) and word2vec (Mikolov et al., 2013), condense
word-by-context co-occurrence statistics to induce
representations that organize words along semantically
relevant dimensions (e.g., synonymy, antonymy, hyponymy
etc.). However, their reliance on latent representations
leaves them vulnerable to interference and makes them slow
learners. We show how it is possible to construct the
meaning of words online during retrieval to avoid these
limitations.
We implement our spreading activation account of word
meaning in an associative net, a one-layer highly recurrent
network of associations, called a Dynamic-Eigen-Net, that
we developed to address the limitations of earlier variants of
associative nets when scaling up to deal with unstructured
input domains such as natural language text. After fixing the
corpus across models, we show that spreading activation
using a Dynamic-Eigen-Net outperforms the Topics model
and word2vec in several cases when predicting human free
associations and word similarity ratings. We argue in favour
of the Dynamic-Eigen-Net as a fast learner that is not
subject to catastrophic interference, and present it as an
example of delegating the induction of latent relationships
to process assumptions instead of assumptions about
representation.
Keywords: Retrieval; Dynamic; Associative; Semantic; Process
model; Words

Landauer and Dumais (1997) echoed Plato’s observation
that most of our knowledge about the meaning of words
depends on the induction of latent relationships between
words that never directly co-occur. A statistical learning
account of the formation of the meaning of words from
linguistic experience must specify how to exploit
surface-level co-occurrence patterns to infer relationships
between words that have not appeared together. How can
the system infer a relationship between two words like
EAGLE and HAWK if they never co-occur, but both occur
in the context of other words like FEATHER and FLY?

In the absence of direct co-occurrence, the
relationship between words like EAGLE and HAWK is
latent. Distributional semantics accounts of word meaning
assume that latent relations directly correspond to
representations in memory, and specify a set of
transformations that encode the surface-level co-occurrence
patterns of words into a latent representation. The latent
relationships between words result from an encoding
process that compresses each word’s full co-occurrence
history into a lower-dimensional representation.
Some accounts treat discrete documents as separate
contexts, and assume that the raw input to the system is a
matrix of word vectors, where each element of each word’s
vector is proportional to the frequency of the word in the
corresponding document. Vectors for words like EAGLE
and HAWK may not significantly overlap in the raw
word-by-document matrix. In Latent Semantic Analysis
(LSA; Landauer & Dumais, 1997) the latent relationship
between words becomes explicit when the original word
vectors are projected to a lower-dimensional subspace. In
the Topics model (Griffiths et al., 2007), the latent
representation corresponds to a set of discrete topics, whose
combination is assumed to generate each of the observed
documents. The latent relationship between two words is
mediated through unobserved topics to which both words
correspond.
Word2vec (Mikolov et al., 2013) defines context based
on a fixed-size window of text from a corpus. At each slice
of text, the word in the middle of the window is designated
as the target and the surrounding words are used as its
context. Latent representations are formed through gradual
changes to the connectivity of a multi-layer neural net that is
trained to learn the conditional probability of each target
word given its context. The input and output layers are
local-code representations, where each unique word is
assigned a unique index. The context words are activated in
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the input layer and projected through a lower dimensional
hidden layer and back out through the output layer. The
lower-dimensional hidden layer acts in a similar fashion as
the lower-dimensional subspace in LSA, and increases the
proximity of words in the embedding based on overlap
between their contexts.
Levy and Goldberg (2014) showed that transforming
a word-by-context co-occurrence matrix using the shifted
Pointwise Mutual Information (SPMI) and compressing the
result along the context dimension approximates the same
objective function used to train word2vec. As we later show,
it is possible to obtain a similar level of performance, and
sometimes better, compared to word2vec by using spreading
activation in an associative net, instead of dimensionality
reduction, for revealing latent structure. An associative net
is a network of direct associations, stored in a weight
matrix, coupled with a recurrence relation that specifies how
activation spreads from an initially active set of nodes to the
rest of the network. Spreading activation forces the structure
in the network to interact with the initial activations to yield
a representation that integrates those initial activations with
the global associative structure.
There are several reasons why avoiding a latent
representation is desirable. A system capable of inducing
latent relations as a result of processing, instead of
representation, is more dynamic and context-sensitive, and
therefore more adaptable. Such a system is better suited for
tasks like predication, where the meaning of one word is
conditioned on another word, whereas models like LSA and
word2vec require further augmentation. One problem with
latent representations is that their formation is slow and
inflexible. For example, the Topics model and word2vec
both require several passes through the same input to form
stable representations that capture semantic relations. As a
result, it is unclear if models like word2vec and the Topics
model can account for the fast-learning and adaptation to the
environment characteristic of human learners (e.g., Wood et
al., 2020).
Another problem is more specific to neural embedding
approaches like word2vec, which rely on learning systems
that are notorious for their vulnerability to interference.
McClosky (1989) showed how learning one set of
input-output mappings in a three-layer neural network,
trained with backpropagation, completely wipes out
information encoded from previously learned input-output
mappings. More recently, Manning and Jones (2020) used
polysemous words to show that word2vec suffers from
similar problems due to interference. Polysemous words
have the same spelling, but take up different meanings
depending on their context. A word like BANK, has its
dominant meaning as a financial institution and its
secondary meaning as the land surrounding a body of water.
Manning and Jones found that word2vec favoured one sense
of polysemous words over another sense, depending on
whether contexts portraying the one sense were trained
before or after the contexts portraying the other sense. That
is, if the network was trained with all the contexts using

BANK to refer to a financial institution, followed by
contexts that use BANK to refer to land surrounding a body
of water, then the resulting word vector for BANK would be
most similar to other words like RIVER or WATER instead
of MONEY or ACCOUNTING. Avoiding dimensionality
reduction may be one way cross-talk between encoded
information can be minimized, since the distinctiveness of
word representations is not lost through the compression.
In this paper, we show how latent relations can form
in an associative net, using a spreading activation algorithm
we developed. In prior work, we explored generalization
over serial-order associations encoded from a text corpus,
and found how a Dynamic-Eigen-Net was better at
distinguishing congruent bigrams (e.g., “the dog”) from
incongruent bigrams (“dog the”) than commonly used
alternatives (Shabahang, Yim, Dennis, 2022). The
Dynamic-Eigen-Net attributed greater familiarity to the
congruent bigrams over incongruent bigrams, even when the
weight corresponding to each of the congruent bigrams was
lesioned prior to retrieval. That is, it exploited the global
associative structure to generalize. Here, we extend the
model to order-independent associations.

Dynamic-Eigen-Net
A Dynamic-Eigen-Net is a linear associative net with
transient cue-driven weight changes. The transient weights
temporarily bias the network’s settling point toward the cue
and prevent runaway towards the dominant settling point of
the static weight matrix. In Hebbian associative nets like the
Dynamic-Eigen-Net, synapses between pairs of “neurons”
strengthen when the neurons activate within a short time
interval. If a single neuron encodes a single word in a
sentence, then the strengthened synapses encode
co-occurrence rates between words that keep the same
company. Hebbian learning only requires a single exposure
to the training data compared to backpropagation learning
which requires many exposures before producing a stable
memory representation. In addition to a memory
representation for capturing associations, the weight matrix,
a state vector tracks the momentary activations of the
system.
Processing in an associative net is characterized by an
initial state and an update function that propels the system
forward in time. The state-transition law specifies how its
memory weights, W, interact with the momentary state, xTt,
to drive the system into the future, xTt+1. For retrieval, an
input cue, xT0, is used to initialize the state for the first
time-point, and the state at the next time-point is obtained as
a function of the vector-matrix multiplication of the current
state and the weight matrix, xTt+1 = f(xTtW). The process is
carried out iteratively until further iterations have no
additional effect on the state vector (i.e., when xTt+1≈ xTt).
Retrieval forces the interconnections between words
encoded from previously learned patterns to interact with
the cue until the system reaches an equilibrium state. The
equilibrium state is treated as the retrieved pattern.
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In a Dynamic-Eigen-Net, the outer-product of the initial
cue is added to the weight matrix before recurrence takes
place, and is reset once the state settles to an equilibrium. In
a linear associative net, each step in the recurrence pulls the
state closer to a weighted combination of the eigenvectors,
but ultimately settles toward the dominant eigenvector – the
dimension capturing the highest amount of variance in the
encoded patterns. Temporarily adding the outer-product of a
cue adds another term, which persistently pulls the state
towards the initial representation to prevent flight towards
the dominant eigenvector. The update function for a
Dynamic-Eigen-Net is given by,

If we let xT∞ be the state in the limit, and λ∞ be the
primary eigenvalue of the modified weight matrix,
W + x0xT0 , the following equation holds:

The symbol, ėi , denotes the i’th eigenvector. The right-hand
side, λ∞xT∞ , follows from the fundamental eigenvalue
theorem and because xT∞ is the primary eigenvector of W +
x0xT0 . The equation shows how transient weights shift the
system’s equilibrium, i.e., xT∞, toward the initial cue. For the
term, Σiλi(xT∞ ėi)ėiT, the eigenvectors and eigenvalues
correspond to the original weight matrix, before the
outer-product of the initial pattern was added. In general, the
activation pattern converges towards the direction of each of
the eigenvectors, weighted by its dot-product with the
current state, plus the initial pattern, weighted by its
dot-product to the current state. Since the states are assumed
to have unit-normal length, the dot-products correspond to
vector cosines (c.f. word embeddings).
Given a cue, the first iteration of recurrence excites
words corresponding to its syntagmatic, or first-order,
associates but because the resulting activations are used to
probe the system again on a subsequent iteration, they in
turn excite the second-order (latent) associations of the cue.
Higher-order associations follow from further recurrence
iterations until the system settles. Given two sentences such
as “the dog played with the bone” and “the cat played with
the leaf”, cueing the system with CAT would activate
PLAYED and LEAF in the first iteration. In the next
iteration, the word PLAYED would activate DOG and
BONE and so forth.
Table A1, in the appendix, shows a small corpus of
fifteen different sentences that will be used to provide a toy
demonstration of some of the Dynamic-Eigen-Net’s
properties. First each unique word in the corpus was
assigned a unique index. Treating each sentence as a
different context, the number of times each word
co-occurred with each other word within the same context
was collected into a word-by-word co-occurrence matrix, C,
where each cell, Cij, corresponded to the number of times
the i’th word co-occurred with the j’th word in the same

context. In the simulations in the next section, a 7-word
sliding window was used to define context.
The co-occurrence matrix is used to estimate the
joint-probability of pairs of words occurring in the same
context, in addition to the base-rate probability of each
word. We used a smoothing parameter, ɑ, when estimating
the relevant probabilities. The details of the probability
estimation method are shown in the appendix. We used a
smoothing parameter ɑ = 1 for the toy demonstration and ɑ
= 0.4 for the main simulations in the next section.
The Shifted Pointwise Mutual Information (PPMI) was
applied to the probabilities to normalize for the different
base-rate probabilities of different words (i.e., words like
THE and ON occur much more often than words like DOG
and CAT). For the simulations in the next section, we also
remove all negative values to increase sparsity to reduce the
memory load for computational reasons (cf. Goldberg &
Levy, 2014).
The weight connecting the i’th word to the j’th word is
given by,

where pij is the probability that the i’th word occurs with the
j’th word and pi and pj are the base-rate probabilities of the
i’th word and the j’th word, respectively. The ratio of the
joint probability of a pair of words and the product of their
base-rate probabilities ensures that the associative strength
between each pair of words is proportional to the magnitude
by which their joint probability exceeds their expected
probability under the assumption that they occur
independently.
The parameter, k, corresponds to the amount of “negative
evidence” used to discount each association by a constant to
reduce spurious associative strengths (see Levy & Goldberg,
2014). The shift parameter, k, was set to 1 (i.e., no negative
evidence) for the toy example and 5 for the simulations in
the next section.
In addition, the Dynamic-Eigen-Net requires partial
inhibition of the dominant eigenvector, therefore we subtract
some proportion, η, of the dominant eigenvector’s
outer-product, with itself, ėmaxėTmax , weighted by its
corresponding eigenvalue, λmax , from the weight matrix,

The parameter, η, was set to 0 for the toy demonstration and
0.8 for the main simulations in the next section. Before
cueing the system, the transient weights, x0xT0 , are added to
the weight matrix with a weight set to, λmax + βλmax to ensure
that the pull of the initial cue dominates during recurrence.
The parameter, β, was set to 0.001. Hence the complete
update function is given by,
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Overall, the model has four free parameters, ɑ
(smoothing), k (negative evidence), η (dominant eigenvector
inhibition), and β (excess force of the transient weights over
the dominant eigenvector).

and examined each model’s performance on the free
association task, using the University of South Florida
norms (USF; Nelson et al., 2004), and several word
similarity datasets. Our results demonstrate how spreading
activation using the Dynamic-Eigen-Net outperforms the
other models in several cases and present it as a more
parsimonious account. Finally, we used a set of norms,
where raters categorized the relation between pairs of words
into six different classes, to qualitatively profile each model
in terms of their differential proclivity towards particular
types of relations. Our main contribution is the
demonstration that spreading activation using the
Dynamic-Eigen-Net is capable of capturing the meaning of
words as well as commonly used alternatives that rely on
latent representations.
To construct LSA vectors, we first normalized the raw
word-by-document co-occurrence matrix, C, into the
transformed matrix, G, using,
, where,

Figure 1. Trajectory of activations across iterations when
the model is cued with CAT, EAGLE, and LIBERAL,
shown in the left column of plots and when it is cued with
BANK, BANK and MONEY, in addition to BANK and
BIRD, shown in the right column of plots.
Comparing the three plots along the left column of
Figure 1 with the corresponding corpus, shown in the
appendix, demonstrates how latent relations between words
like CAT and DOG, EAGLE and HAWK, and LIBERAL
and CONSERVATIVE emerge as activation spreads through
the network using the Dynamic-Eigen-Net algorithm. Only
words that directly co-occurred with the cues in the same
sentence are activated after the first iteration of recurrence,
however, activation quickly spreads to other words that
occurred in similar contexts after the second iteration. The
plots along the right column show the context-sensitivity of
the model. When cued with the word BANK, words with
the financial sense of the cue dominate the activations since
there were more cases using the word in the financial sense
in the toy corpus. When further context is added, and the
model is cued with BANK and MONEY, the secondary
sense (i.e., river-bank) is further suppressed relative to when
only the word BANK was used as the cue. Likewise, when
the model is cued with both BIRD and BANK, the
secondary sense dominates in the activations as shown in
the lower right plot.

Simulations
To compare our account with other commonly employed
models, we used the same corpus to train LSA, the Topics
model, word2vec (CBOW), and the Dynamic-Eigen-Net,

We then applied Singular Value Decomposition (SVD) to
reduce the dimensionality of each Gi from the original
37,650 to 700.
To train the Topics model, we used the same procedure as
Griffiths et al. (2007). We fixed the number of topics at
K=1700 and set the smoothing parameters over documents
and words to 50/K and 200/V, respectively. For the Gibbs
sampling, we used 800 burn-in samples. After the burn-ins,
we used 8 samples for our estimate of the posterior, each
separated by 100 thinning samples.
For training word2vec, we set the embedding
dimensionality to 200, and used a 7-word sliding window –
same as the Dynamic-Eigen-Net – over the corpus (3 words
flanking a middle target). We used the negative sampling
optimization algorithm, with 25 negative samples, and
trained the network over 40 epochs. Since word2vec
initializes the weights at random, we provide results based
on the average of 20 separate runs.
We used the USF norms for the free association task in
order to match results from Griffiths et al. (2007). We used
the same procedure that they describe to preprocess the
training corpus and kept it fixed across models. That is, we
used the TASA corpus and filtered out any word that either
occurred less than ten times or was in a stop-list. This left us
with a corpus of V = 52046 word types over D = 37650
documents; the total number of word tokens was 4402747.
With LSA and word2vec, to predict the free associates of
a given cue, the cue’s vector cosine with every other word
was obtained and the word with the largest cosine was
treated as the response. We rank-ordered the words in
decreasing order, and checked the most probable human free
associate’s rank. A rank of one corresponds to a perfect

3387

match, whereas a rank of two means that the most common
associate is below another word, and so forth.
The same procedure was applied to the Topics model by
swapping cosines for probabilities. The probability of seeing
a response, given a cue, is obtained by marginalizing over
the topics,

In addition to the four models, we also provide results from
the direct associative weights corresponding to the SPPMI
normalized co-occurrence matrix (labeled as “Direct”). That
is, for a given cue, the associative strengths in the
corresponding row in the weight matrix were treated as
activation strengths. Better performance in the
Dynamic-Eigen-Net relative to the direct weights
demonstrates a performance advantage gained by spreading
activation.
The ranks in activation were restricted to the
intersection of the words that were used as either cues or
responses in the free association norms with the words in
the corpus. The intersection of the word types in the USF
norms and TASA was 4566.
We followed a similar procedure for applying the
models to the word similarity datasets from Miller et al.
(1993; MC), Bruni et al. (2013; MEN), Radinsky et al.
(2011; MKTurk1), Halawi et al. (2012; MKTurk2), Luong et
al. (2013; RareWord), Rubenstein et al. (1965; RG), Hill et
al. (2016; SimLex), Gerz et al. (2016; SimVerb), Yang et al.
(2016; YP), Finkelstein et al. (2006; WS1), and Agirre et al.
(2009; WS2). For each pair of words in a given dataset, one
member was used as a cue and either the resulting cosines,
probabilities, or activations, depending on the model.
Performance on each dataset was quantified as the
Spearman’s correlation between the model-derived strengths
and corresponding human word similarity ratings.

Figure 1. Performance on the free association across
models shows how the Dynamic-Eigen-Net (DEN) yields
low median rank for the first associate (left panel) and a
high percentage of first associates as the most active
word (right panel).
Figure 2 shows the Spearman’s correlations between the
strengths obtained for pairs of words and the human rated
similarity, across models and datasets. Overall, strengths
derived using word2vec show slightly higher correlations
with human judgments, but the Dynamic-Eigen-Net, the
Topics model, and LSA are not very far behind. The
increase in the correlations for the Dynamic-Eigen-Net
relative to the direct associations shows how spreading
activation improves performance. The only exception is the
MC dataset, which only contains 30 pairs of words. The
advantage of spreading activation is most stark for the YP,
SimVerb, and MKTurk1 datasets. Word2vec and LSA show
superior performance to the other models for the SimLex
dataset, which defines similarity based on paradigmatic
relations. Paradigmatic relations hold between words that
can be used interchangeably.
To explore the kinds of relations the different models
capture, we obtained a set of norms where five raters
categorized a set of cue-response pairs into one of six
categories, including “syntagmatic”, “paradigmatic”,
“forward”, “backward”, “form”, and “other”. The raters
were asked to categorize pairs that tend to occur in the same
context (e.g., WEB and SPIDER) as syntagmatic, and pairs

Results
Figure 1 summarizes performance on the free association
task across models. The left panel shows the median rank of
the first associate, across all cue-response pairs, with lower
valued ranks indicating that the first associate was closer to
the top in strength. The Topics model, Dynamic-Eigen-Net,
and the direct associations yield similar performance in
terms of the median ranks (17), followed by word2vec
(21.5) and LSA (29). The right panel shows the percent of
times the first associate was also the most active word in
each model. The Dynamic-Eigen-Net and the Topics model
favour the first associate as the most active word at about
the same rate, 15.73% and 15.68%, respectively. The direct
associations favour the first associate 14.98% of the time, a
rate lower than the Dynamic-Eigen-Net, indicating a
performance advantage when spreading activation.
Word2vec and LSA trail behind the other models, favouring
the first associate 14.85% and 11.73% of the time,
respectively.
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Figure 2. Performance on the word similarity
datasets shows comparable performance
between Dynamic-Eigen-Net (DEN) and
widespread models like word2vec and
Topics.

that can occur in place of one-another (TROUSERS and
PANTS or EAST and WEST) as paradigmatic. When a cue
(DILL) tends to precede the response in serial order
(PICKLE), the raters were asked to label the pair as having
a forward association and when the cue (YOLK) tends to
succeed the response (EGG), it was to be labeled as a
backward association. If the two words had phonetic (EYE
and I) or orthographic (CHOIR and CHORE) overlap, their
relation was labeled as form-based. A final category,
“other”, was included to make the classification exhaustive.
For any given pair, each rater was asked to choose one
relation. We designated the relation with the most votes
across the five raters to be the dominant relation for each of
the word-pairs, and probed the models with one member of
the pair and tallied the median rank of the other word into
bins corresponding to the dominant relation. We base the
ranks on the intersection of the words in the norm-set and
those in the TASA corpus, totalling 1371 words.
Figure 3 shows the median rank of the responses across
word relations and models. As with the free-association
ranks, lower valued ranks indicate higher activations
relative to other words. The Dynamic-Eigen-Net and the
Topics model show approximately the same tendency for
activating syntagmatic associates, and word2vec and LSA
show the least tendency. Word2vec and LSA show the
strongest tendency toward activating paradigmatic relations,
with the Direct associations showing the least tendency. The
Dynamic-Eigen-Net shows a strong tendency toward
activating words based on serial order, with a higher
likelihood of activating words that succeed the cue in serial
order (“forward”) relative to words that precede it
(“backward”). Word2vec shows the least tendency toward
activating words based on serial order, indicating that such
information is lost during training. Since none of the models
encode form-based representations, they have no tendency
towards activating other words that overlap in form.

appropriate process assumption can suffice to reveal
relations between words that are not explicitly observed
through the surface-level regularities in the system’s record
of past experience. Overall, the Dynamic-Eigen-Net
outperformed word2vec and LSA on the free association
task and showed a similar level of performance compared to
the Topics model. Across the word similarity datasets, the
Dynamic-Eigen-Net reliably outperformed the Topics model
and showed a similar level of performance as word2vec on
most of the datasets.
In the Dynamic-Eigen-Net, information stored in
memory directly corresponds to the co-occurrence statistics
of words across contexts, but the spreading of activation
enables the system to induce more generic relations between
words
through
a
relaxation
process.
The
Dynamic-Eigen-Net,
being
linear,
facilitates
the
characterization of the system’s dynamics based on the
eigenspectrum of the weight matrix. The activation of a
particular word, aligns the state vector with a subset of
eigenvectors in the weight matrix and gradually shifts the
state vector in their direction. Since the top eigenvectors of
the weight matrix have the strongest attractive force, the
state is generally pulled towards those dimensions of high
variance. The high-level dynamics of spreading activation
correspond to the gradual integration of the input state into
the global associative structure of the entire memory system.
In a similar way that LSA induces latent representations by
approximating the original word-by-document matrix based
on the singular vectors that capture the most variance,
spreading activation drives the system’s state towards the
dominant eigenvectors of the weight matrix.
Deferring the construction of meaning to retrieval makes
it easier to extend the system to capture the meaning of
multiple words. For instance, cueing memory using the
Dynamic-Eigen-Net algorithm with the word BANK,
activates the words DEPOSIT, ACCOUNT, SAVINGS,
CHECK, and MONEY as the top five most active words. It
is possible to cue memory with more than a single word, by
activating further nodes at input. Cueing memory with the
two words, RIVER and BANK, activates BANKS,
MISSISSIPPI, HUDSON, STREAM, and NILE as the top
five most active words. The occurrence of the word RIVER
in addition to BANK aligns the state of the system with a
different set of eigenvectors as when cueing the network
with BANK alone. The context-sensitivity of the system
makes it a potential candidate for tasks like predication,
without relying on extraneous processing assumptions.
Conclusion The Dynamic-Eigen-Net provides a more
parsimonious alternative for capturing word meaning,
relative to other accounts, and its context-sensitivity makes
it promising for semantic composition.

Figure 3. Median rank of the strength of
associates across word relations and
models.
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Appendix
Table A1
Small corpus
the dog played with the bone
the cat played with the leaf
the truck drove to the factory
the car drove to the garage
the flower grew on the field
the tree grew on the hill
the liberal increased taxes
the conservative decreased taxes
the eagle had white feathers
the hawk had black feathers
the bird sat along the grassy river bank
the investors stood in front of the bank
the traders deposited their money into the bank
the salesman withdrew money from the bank
the bank raised the interest rate

With V as the vocabulary size, the marginal probability
of the i’th word is estimated with ɑ as an additive smoothing
parameter using,
The marginal probability of the j’th word is estimated with ɑ
used as both the additive and multiplicative smoothing
parameter using,
The joint-probability of word pairs are estimated with ɑ as
an additive smoothing parameter using,
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where T is the total count,
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Abstract
Some sentences are hard to read, and we don’t fully understand
why. Memory-based and expectation-based constraints both
attempt to explain sentence processing difficulties, and decades
of sentence processing literature have found evidence in
support of both theories. We further investigate theories of
sentence processing by exploring subject- and object-extracted
relative clause processing in Standard Arabic. We conducted a
self-paced reading task and found that SRCs are easier to
process than ORCs in Arabic, in line with expectation-based
theories. A follow-up analysis of comprehension question
answers revealed that when suggested with the possibility of a
noisy interpretation, readers preferentially accept an SRC
interpretation over an ORC interpretation. Our future research
will explore these findings and test the threshold for acceptance
of noisy interpretations.
Keywords: sentence processing; noisy channel processing;
Standard Arabic; resumptive pronouns

Introduction
An outstanding question in psycholinguistic research is what
makes sentences more difficult to process and why. Two
main types of theories – memory-based theories (e.g.,
Gibson, 1998; Gibson, 2000) and expectation-based
constraints theories (e.g., MacDonald et al., 1994; Hale,
2001; Levy, 2008a) – aim to explain these difficulties.
Memory-based theories propose that syntactic structures
with longer dependencies – or structures that utilize more
working memory during incremental processing – are more
difficult to process. Humans have limited computational
resources, and when constituents with incomplete
dependencies are maintained in memory at length, this incurs
higher processing costs. An additional processing cost is also
paid upon integrating the dependency with the existing
structure of the sentence. This phenomenon is formalized in
the Dependency Locality Theory (Gibson, 2000), which
states that the cost of processing an element is directly
proportional to the length of its dependency. Thus, memorybased theories predict more processing difficulty in structures
with long dependencies.
Expectation-based theories, on the other hand, posit that
items that are low frequency in context are more difficult to
process. During incremental processing, readers use
grammatical and semantic contextual cues to predict
upcoming words and the sentence’s overall structure.

Processing difficulty arises when a reader encounters an
unexpected word, or a word that violates their expectations
for the resulting syntactic parse. When expectations are
violated, the reader pays a processing cost proportional to the
difficulty of updating their expectations. Many expectationbased theories operationalize this cost using surprisal theory,
calculated as the negative log-probability of a word given
previous context (Hale, 2001; Levy, 2008a). So, expectationbased theories predict more processing difficulty in structures
that are low frequency or have a low probability in context.
Violated expectations not only cause increased processing
difficulty, but can also lead to the acceptance of the wrong
overall interpretation of the sentence. This is the case in
models of rational noisy-channel processing (Levy, 2008b;
Levy, 2011). Language input takes place in noisy
circumstances – such as human error and competing
environmental conditions – and this noise affects language
processing strategies. Noisy-channel processing theories thus
suggest that language users weigh the probability of a given
sentence structure against the probability of noisy input
during sentence processing. In cases where different syntactic
structures are possible but one is higher probability than the
other, a reader may assume noise in the input and make a
number of “edits” to a sentence to arrive at the higherprobability interpretation. In such cases, readers both
experience
increased
processing
difficulty
when
encountering violated expectations, and accept the wrong,
but more probable, interpretation of the sentence.
One popular structure for testing sentence processing
theories is the relative clause (RC); more specifically, the
subject- and object-extracted relative clause. In subjectextracted relative clauses (SRC), the noun phrase head of the
matrix clause is also the subject of the RC; in object-extracted
relative clauses (ORC), the noun phrase head of the matrix
clause is the object of the RC (see Figure 1).

Figure 1: (a) Example ORC in English; (b) Example SRC in
English. Dependencies between the RC verb and matrix
clause subject are illustrated in blue.

3391

In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

Early studies assumed a cross-linguistic tendency for more
processing difficulty when reading ORCs compared to SRCs,
based on evidence from English (e.g., King & Just, 1991),
German (Schriefers et al., 1995), Dutch (Mak et al., 2002),
Japanese (Ueno & Garnsey, 2008), and Korean (Kwon et al.,
2010). Subsequent studies, however, found that this “subject
advantage” in RC processing was not universal; in Chinese
(Hsiao & Gibson, 2003) and Basque (Carreiras et al., 2010),
SRCs were harder to process than ORCs. Further, findings
from previous cross-linguistic studies do not conclusively
support one processing theory over the other. Some studies
(e.g., Konieczny & Doring, 2003) have found evidence
directly in support of and in contradiction to one theory, while
others (e.g., Staub, 2010) have found evidence that both
constraints contribute to processing costs.
Many of the differences in these cross-linguistic findings
can be attributed to typological factors such as word order
(e.g., SVO vs. SOV), clause-headedness (head-initial vs.
head-final), RC position in a sentence (pre-nominal vs. postnominal), and the use of resumptive pronouns (RPs) in gap
processing (Lau & Tanaka, 2021). Languages with different
typological features are not evenly represented in previous
research; for example, more research has been done on SVO
and SOV languages than VSO languages. Thus, future
research must focus on typologically under-represented
languages to better understand the cross-linguistic principles
that govern sentence processing. Our research takes steps
towards diversifying this body of research by studying a
morphosyntactically-complex language that is underrepresented in psycholinguistic literature: Standard Arabic.

Standard Arabic
Standard Arabic (SA) is a Semitic language written rightto-left and uses alternating SVO and VSO word order. SA is
mainly used in official governmental or media domains, so
native Arabic speakers typically learn both the Standard
dialect and a regional dialect for every-day communication.
Arabic RCs exhibit linguistic properties that are underrepresented in sentence processing literature, namely VSO
word order and the use of grammaticalized resumptive
pronouns (RPs). A sample SRC and ORC demonstrating
these features are shown in Figure 3. In our stimuli, RPs
appear in the ORC condition as a bound clitic on the RC verb.
Many regional dialects require the use of resumptive object
pronoun clitics; SA requires them only in sentences with an
indefinite matrix subject, but they are still preferred. Previous
literature on RP processing has shown inconclusive evidence
as to whether RPs help or hinder processing and
comprehension (Meltzer-Asscher, 2021); however, RPs are
grammaticalized in SA and provide syntactic information
that can aid in processing. Our stimuli utilize these linguistic
properties in order to further explore the effect of these
features on patterns of sentence processing.
While SA and its regional dialects are the sixth most
spoken language group in the world, psycholinguistic
research in Arabic is sparse (Hermena, 2016). Thus, our
research aims to both diversify existing language processing

literature, and augment existing research in Arabic
psycholinguistics. The present study explores processing
difficulty in SRCs and ORCs for native SA speakers. We
conducted a self-paced reading task in which participants
were presented with stimuli using a self-paced word-by-word
reading paradigm. Reading times (RTs) were collected for
each word and used as a proxy for processing difficulty.
Overall processing difficulty was determined by comparing
residualized RTs (i.e., RTs controlled for word length) across
clause condition (SRC vs. ORC) to identify which
construction had longer average RTs. The findings from our
self-paced reading task demonstrated an interesting trend in
relative clause comprehension; therefore, we additionally
conducted a follow-up recall task to explore the possibility of
noisy-channel processing in ORCs in SA.

Figure 2: Arabic matrix clause subject dependency in (a) the
SRC and (b) the ORC condition. The disambiguating
region, the RC verb, is circled in red. The red vertical line
on the ORC verb delineates the RP clitic from the RC verb.
Memory-based theories grounded in the DLT predict
comparable processing times for SRCs and ORCs in Arabic;
because the RP in the ORC condition is cliticized to the
relative clause verb, the dependency between the
disambiguating region (the relative clause verb) and the
matrix clause subject have the same total length in both
conditions (see Figure 2). To determine what expectationbased theories would predict, we conducted a corpus analysis
using the Penn Arabic Treebank Part 3 v 3.2 corpus
(Maamouri et al., 2010). We used two search parameters:
RCs with an explicit “( الذي\التيwho”) relative pronoun, and
RCs that used either a “( الذي\التيwho”) or the more general ما
(“that”) relative pronoun. We identified 2,928 RCs with an
explicit “who” relative pronoun, of which 71% were SRCs.
When including the general “that” relative pronoun, we
identified 7,268 RCs, of which 79% were SRCs. Expectationbased theories, then, predict shorter processing times in
SRCs.

Methods
Participants
48 native Standard Arabic speakers (mean age: 27; sd: 7.33)
were recruited from Prolific. Participants were paid
$7.80/hour for their participation. Of our 48 participants, 44
reported that they were fluent in a regional dialect in addition
to Standard Arabic. Any participant who scored lower than
75% accuracy on the comprehension questions was excluded
from the analysis.
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Figure 3: Sample stimuli. Arabic sentences are read right to left, and English are read left to right. The
red circles indicate the area of interest: the relative clause verb.

Materials
The stimuli are designed to take advantage of the flexible
word order in Arabic to minimize variation between clause
conditions. For each sentence, the matrix clause is SVO, and
the RC is VSO. This word order was selected with the help
of native speaker input – when presented with both a SVO
and a VSO embedded relative clause, the native speaker
preferred the VSO word order. This intuition was then
confirmed with a frequency analysis from the Penn Arabic
Treebank Part 3 v 3.2 corpus, in which we identified that 98%
of RCs in the corpus used VSO word order.
Given this word order, readers first read the matrix clause
subject, followed by the relative pronoun, and then the RC
verb in both conditions. The key difference between the SRC
and the ORC condition is the presence of the resumptive
object pronoun in the ORC condition as a bound clitic on the
RC verb (see Figure 3).
Stimuli are adapted and translated from previous studies on
relative clause processing (Gordon et al., 2001; Traxler et al.,
2002; Staub, 2010). Arabic nouns, verbs, and pronouns are
marked for both number and gender; thus, we matched the
matrix and RC nouns on number and gender so that the head
of the RC would not be disambiguated by number and gender
marking. All nouns are animate to control for animacy
effects. The ORC condition of each stimulus includes an
object RP bound to the RC verb; these are not required for
definite clauses in SA, but are preferred. Finally, all stimuli
were presented in a non-diacritized format, as is standard for
written publications in SA.
A norming study was conducted to confirm that the subject
and object of each RC were equally plausible in both clause
conditions (e.g., “the reporter attacked the senator” is as
plausible as “the senator attacked the reporter”). Native SA
speakers (n = 80; mean age: 28; sd: 6.72) were recruited
through Prolific and asked to rate the plausibility of each
sentence on a Likert scale (1 = highly implausible, 7 = highly
plausible). Participants for the stimuli norming task and the
self-paced reading task did not overlap. Plausibility ratings
were collected for both the full stimuli sentences (e.g., “The
reporter who attacked the senator admitted the error” and

“The reporter who the senator attacked admitted the error”)
and the relative clauses as simplified transitive sentences
(e.g., “The reporter attacked the senator” and “The senator
attacked the reporter”). The study also included implausible
distractor sentences (e.g., “The laptop angrily finished the
homework”) as an attention check. Four stimuli were
excluded after a paired t-test revealed substantial
discrepancies between plausibility ratings in the SRC and
ORC conditions for those items, and one stimulus was
excluded for low overall ratings. After exclusion, we had 40
stimuli sentences. The mean plausibility rating for the full
stimuli sentences was 6.11 (sd: 0.49) for SRCs and 6.00 (sd:
0.57) for ORCs, and the mean plausibility rating for the
simplified transitive sentences was 6.18 (sd: 0.46) for SRCs
and 6.08 (sd: 0.49) for ORCs.
In addition to the 40 target sentences, 80 unrelated filler
sentences were included. Comprehension questions appeared
after all 40 stimuli sentences and 20 filler sentences. Of the
40 stimuli comprehension questions, half of the questions
targeted comprehension of the relative clause (e.g., “Did the
reporter attack the senator?”), and the other half targeted
comprehension of the sentence overall (e.g., “Did the reporter
admit the error?”). 20 general comprehension questions
appeared after approximately one third of the filler sentences.
“Yes” and “no” correct answers were balanced within
question type. In total, each participant read 120 sentences
(40 target sentences (20 for each clause type) + 80 filler
sentences = 120 total sentences) and answered 60
comprehension questions. Experimental items were
counterbalanced in a Latin square design.

Procedure
Subjects were told that they would be reading sentences
and answering comprehension questions. All experimental
instructions were given in Arabic. Prior to the start of the
experiment, participants saw two practice stimuli and
answered one practice comprehension question. Each
sentence was presented word-by-word using a subject-paced
paradigm in which participants used the spacebar to advance
through the sentence. Each word in the sentence was
presented in isolation with no option to move backward in the
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Figure 5: (a) Average residualized RTs for each region by clause type (after data preprocessing);
(b) Regions of interest with Arabic examples and their English gloss.
sentence. RTs were collected at each key stroke indicating the
appearance of the next word in the sentence. The experiment
took between 30 and 45 minutes on average.

Analysis
Each sentence was divided into target regions for our
analysis (see Figure 4). The matrix clause noun and relative
clause pronoun are grouped into one region as they did not
differ across clause type condition, and were not a region of
interest. Regions of interest included the RC verb, including
the RP in the ORC condition (Region 2), the RC noun
(Region 3), and the matrix clause verb (Region 4). These are
our regions of interest as we expect to see higher processing
costs within the relative clause in cases of higher processing
difficulty, plus one spillover region (the matrix clause verb).
We also analyzed three additional spillover regions (Regions
5 through 7).

Figure 4: Target regions for RT analysis.
Prior to our analysis, RTs shorter than 100 ms and longer
than 2,000 ms were excluded, and RTs were residualized
within-subject to control for word length (Ferreira and
Clifton, 1986). To determine whether SRCs or ORCs were
more difficult to process, we first summed residualized RTs
for each trial across a pre-selected region of interest (Regions
2-4) and asked whether reading times varied by clause type.
In a post hoc analysis, we analyzed RTs for each individual
region (Regions 1-7) by clause type. For each analysis, we fit
linear mixed effects models to the data using the brms
package in R (Bürkner, 2018). We modeled residual RTs with
clause type (SRC or ORC) as a sum-coded fixed effect.
Effects are considered to be reliable if their 95% Credible

Interval does not include 0. We included the maximal random
effects structure justified by the design (Barr et al., 2013),
namely random intercepts and random slopes of clause type
both by participant and by item.
For each analysis, we ran two models: one that included all
RT data, and one that included RT data only from items in
which participants got the comprehension question correct.

Results
Reading Times
Average residualized RTs in each region by clause type are
plotted in Figure 5, and raw RTs, trending in similar
directions as the residualized RTs, are additionally shown in
Figure 6. Negative residual RTs indicate shorter processing
times given word length, and positive residual RTs indicate
longer processing times given word length.
Main region of interest We first fit two models to RT data
summed across our region of interest (Regions 2-4) – one
with all RT data, and one with only RT data from items with
correct comprehension question answers. Both models
showed an effect for clause type on RTs; SRCs tended to have
shorter RTs compared to ORCs. This effect, however, was
only reliable in the model with all data (All data:  = -62.92;
se: 26.72; CI: [-113.47, -11.14]; Correct comprehension
question data:  = -61.03; se: 31.93; CI: [-126.28, 0.53]).
Individual regions In a post-hoc analysis, we additionally
fit individual models to each region (Regions 1-7), also for
both groups of data (all vs. correct comprehension question
data). Models for Regions 2 and 3 (RC noun and RC verb
respectively) showed an effect for clause type that matched
trends from our region of interest models. This estimate was
reliable in the models with all data (Region 2:  = -32.40; se:
13.09; CI: [-59.02, -6.26]; Region 3:  = -32.00; se: 14.87;
CI: [-62.07, -1.92]), and was only reliable in Region 2 in the
model with correct comprehension question data ( = -29.35;
se: 14.89; CI: [-57.93, -0.54]).

Comprehension Questions
Our initial review of comprehension question accuracy
revealed higher-than-expected error rates. Specifically, we
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Figure 6: (a) Average raw RTs for each region by clause type (after data preprocessing);
(b) Regions of interest with Arabic examples and their English gloss.
observed that participants performed markedly worse on
comprehension
questions
that
targeted
clausal
comprehension (i.e., the correct SRC or ORC interpretation)
than on questions that targeted overall sentence
comprehension. To investigate this pattern, we analyzed
comprehension question answers by clause type (SRC vs.
ORC) and question type (“Yes” correct answer vs. “No”
correct answer).
80 total comprehension questions were used in the
experiment: 40 that targeted relative clausal comprehension
(20 stimuli x 2 conditions (SRC or ORC) = 40 questions), 20
that targeted overall sentence comprehension, and 20 that
targeted comprehension of the filler material. Of the 80 total
questions, 10 questions (6 targeting ORC clausal
comprehension, 3 targeting SRC clausal comprehension, 1
filler) were excluded from further analyses. 3 were excluded
for issues related to poor translation, and the remaining 7
were excluded for lower than chance (50%) correctness rate.
For our analysis, we focused only on questions that targeted
RC comprehension.

condition. This would entail that after reading an ORC
stimulus (e.g., “The reporter who the senator attacked
admitted the error.”), if prompted with a possible SRC
interpretation by the comprehension question (e.g., “Did the
reporter attack the senator?”), a reader was more likely to
accept that interpretation and answer “yes” when the correct
answer was “no.”
To evaluate the statistical reliability of these findings, a
logistic mixed effects model was fit to the data with
correctness as the dependent variable and clause type and
correct answer as fixed effects. We also included an
interaction between fixed effects and used the maximal
random effects structure by subject and item.
Model estimates showed a reliable effect of both clause
type and correct answer condition on correctness. First,
comprehension questions for ORC stimuli were correlated
with incorrect answers ( = -0.72; se: 0.18; CI: [-1.08, 0.39]). Additionally, questions whose correct answer was
“no” were correlated with incorrect answers ( = -0.76; se:
0.20; CI: [-1.18, -0.41]). There was an additional reliable
effect for the interaction between clause and question type (
= 0.67, se: 0.18, CI: [0.33, 1.04]), resulting in a subadditive
effect for our predictor variables.

Discussion

Figure 7: Proportion of correct answers by clause type and
correct answer condition.
We first plotted the proportion of correct comprehension
question answers by clause type and correct answer
condition, shown in Figure 7. Whereas the “no” condition
was comparable across clause type, there appeared to be a
substantial discrepancy between clause type for the “yes”
condition. Specifically, readers were more likely to respond
“yes” when the correct answer was “no” in the ORC

We set out to determine whether SRCs or ORCs are easier to
process in Standard Arabic. We found that SRCs are read
faster in SA, supporting predictions from expectation-based
theories of sentence processing. While these findings do not
necessarily preclude memory-based processing costs, we find
stronger support for expectations-based processing costs. Our
models showed consistent effects for clause type across our
main region of interest (the RC pronoun, RC verb, and RC
noun), as well as individually at the RC pronoun and verb.
We then conducted an analysis of comprehension question
data, which showed more incorrect answers for ORC
sentences, as well as more incorrect answers for questions
whose correct answer was “no” (i.e., a “yes” bias). There was
an additional subadditive effect for clause and correct answer
type, meaning that clause and correct answer type alone do
not explain the trends in our data. Given these findings, we
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hypothesize that some readers mistakenly interpret ORCs as
SRCs while reading.
We believe there are two possible reasons for this
misinterpretation. First, it is possible that the resumptive
pronoun clitic is short enough that it is missed during reading.
Our native speaker consultants observed that the object
pronoun clitic is easy to miss in the ORC condition. On the
other hand, it is also possible that readers see the object
pronoun, yet reject an ORC interpretation in favor of a
higher-frequency SRC interpretation. This hypothesis is in
line with noisy-channel processing theories, which state that
readers will compare the probability of a sentence’s structure
against the probability that noise corrupted the input (Levy,
2008b). Recent research in Hebrew relative clauses – a
typologically similar language to Arabic – has demonstrated
that readers prefer high-frequency, grammatically incorrect
interpretations of sentences to their grammatical but
infrequent counterparts, suggesting that expectations strongly
modulate processing (Keshev & Meltzer-Asscher, 2021).
Further, previous reading studies have found that re-reading
does not improve comprehension accuracy (Christianson et
al., 2017); thus, even when given the opportunity to re-read a
RC verb with an object pronoun clitic, it is unlikely that
readers will update their understanding of the sentence. These
findings lead us to believe that readers are engaging in noisychannel processing while reading ORCs in Arabic.
We have taken the first steps towards understanding these
processing trends by conducting a recall task. Using the same
stimuli, we asked participants (n = 80) to read each sentence
and then reproduce the sentence word-for-word from
memory. If readers are misreading ORCs by skipping the RP
on the relative clause verb, we expect to see unidirectional
errors of ORCs reproduced as SRCs; the skipping of the RP
would simply result in an SRC reading and interpretation.
However, if ORCs are misremembered as SRCs and SRCs
are misremembered as ORCs, we believe that this lends
stronger evidence to a noisy-channel processing framework;
ORCs may be noisily interpreted as SRCs as they are the
more frequent structure, but SRCs may also be noisily
interpreted as ORCs if semantic expectations outweigh
syntactic expectations. Overall, misremembrance rates for
our recall task were low (<4%); however, we found that
participants both misremembered ORCs as SRCs (71% of
errors) and SRCs as ORCs. We thus interpret this as potential
support for noisy-channel processing. These outcomes raise
further questions about the strength of semantic,
grammatical, and orthographic features in influencing a
reader’s willingness to accept a noisy interpretation. We plan
to conduct an eye-tracking experiment next to ask how these
features interact, particularly in the case of reading
resumptive pronoun clitics.
The goal of the current study was to better understand both
general sentence processing patterns, and processing patterns
specific to Standard Arabic. Specifically, we tested whether
SRCs or ORCs are easier to process in SA, and which
processing theory best explained these patterns. Our results
find support for expectation-based theories, but questions

remain about the interaction of expectations and noisychannel processing in sentence processing. We aim to explore
these questions in future eye-tracking studies, where the
temporal granularity of eye movements will allow us to better
understand observed processing behaviors.
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Abstract
The goal of language learning should be to fit in with the language community, and this often requires much more than linguistic knowledge. Although both social wellness in a second language (L2) society and L2 humor comprehension require sophisticated social and cultural knowledge beyond linguistic proficiency, their direct association has not previously
been tested. Here we developed a novel method to assess different stages of humor comprehension (i.e., detection and appreciation) and conducted a series of experiments to explore
its relationship with subjective social well-being in non-native
English speakers. The results revealed significant correlations
between language anxiety and social connectedness with both
humor detection and humor appreciation in the L2. The findings suggest that the ability of L2 humor detection can be a
hallmark of pragmatic proficiency and social wellness in an
L2 community.
Keywords: Foreign Language Anxiety; Humor Comprehension; Social Connectedness

Introduction
In recent decades, the use of humor in teaching a second language (L2) has received substantial attention as an effective
pedagogical approach (Tarone, 2000; N. D. Bell, 2005). L2
teachers have been encouraged to use language play including
humor in a classroom because it motivates L2 learners and facilitates their learning process. Recent studies have suggested
that the use of humor in a classroom also enhances students’
pragmatic skills since it requires complex processing of lexical items and creative uses of linguistic resources (Tarone,
2000; N. D. Bell, 2005, 2009). Although grammatical proficiency itself has not been shown to be a good predictor of
pragmatic competence, L2 humor skills could be a marker
of comprehensive language proficiency (N. D. Bell, 2005).
However, even with sophisticated linguistic competence, the
detection and comprehension of verbal humor may still be
challenging for non-native speakers (NNSs) (Nelms, 2001).
To properly understand humor, one must be able to detect incongruous elements that deviate from his/her prediction about incoming word(s) and to resolve the incongruity
(Shultz, 1972; Ritchie, 1999). This ability requires mastery
of sociocultural norms that go beyond essential linguistic proficiency. In fact, failed humor in cross-cultural conversation
often occurs due to differences in ethnic norms of communication (N. Bell, 2007). In addition, it has been shown that L2
speakers need to reach a certain level of pragmatic and sociocultural competence in their L2 to be able to appropriately
appreciate verbal humor (X. Chen & Dewaele, 2019).

To access sociocultural proficiency, Chen et al. found evidence showing that cultural intelligence is positively related
to social connectedness, defined as a sense of social connection to the new community (A. Chen, Lin, & Yan, 2021).
Given the significance of sociocultural knowledge in L2 humor competence, this suggest that for L2 speaker, the social connectedness could also be a predictive measurement.
However, despite the commonality between social wellness
in an L2 community and L2 humor competence, i.e. both
require sophisticated linguistic and sociocultural proficiency,
little study has empirically investigated their direct association.
To address this gap in the literature, the present study examines the relationship between L2 humor comprehension, psycholinguistic factors, and subjective social well-being. To do
so, we conducted a series of experiments. In the first experiment, we prepared joke stimuli and validated them based on
the judgement and ratings of native English speakers (NSs).
In the second and third experiment, we used these validated
joke stimuli to assess the ability of a group of non-native English speakers (NNSs) to detect (Experiment 2) and appreciate (Experiment 3) jokes. Moreover, to probe the relationship
between social well-being and joke comprehension, we also
assessed NNS using two scales validated in previous studies: 1) foreign language anxiety scale (Horwitz, Horwitz, &
Cope, 1986) and 2) social connectedness scale (Lee, Draper,
& Lee, 2001). Given their shared reliance on linguistic and
sociocultural competence, we hypothesized joke comprehension ability would be significantly correlated with measures
of social well-being.

Experiment 1: Stimulus Validation
The purpose of this experiment was to prepare and validate
a set of joke stimuli for the humor detection and appreciation studies described in Experiment 2 and Experiment 3, respectively. Accordingly, we created 56 pairs of stimuli – one
a joke harvested from social media and the other an edited
version intended to serve as a control stimulus. We asked
American-born native English speakers to complete the humor detection and appreciation tasks we planned to administer to L2 English speakers in Experiments 2 and 3. The goal
was thus to verify that our joke materials were considered
jokes by native English speakers and that the control version
of each stimulus was not. Similarly, we asked native speakers
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to rate how humorous our materials were. This was done, first
to ensure that each joke was considered funnier than its control, and, second, to serve as a baseline for comparison with
non-native English learners’ ratings for the same sentences.

was excluded from data analysis. This resulted in the exclusion of 19 participants out of an initial enrollment of 198.
Results below reflect data from a total of 179 subjects.

Participants

Each of the stimulus pairs was evaluated by its detection accuracy and subjective rating. In humor detection, the accuracy of each stimulus pair was calculated as the number of
subjects who answered correctly divided by the total number
of subjects (i.e., 84). Each stimulus pair was also statistically
evaluated by a chi-squared test to assess the null hypothesis
that there was no difference in the distribution of subjects’
responses to its joke and non-joke versions.
In joke appreciation, non-parametric permutation tests with
unpaired t-tests, in which the number of permutations was
set to 1,000, were used to test the null hypothesis that there
was no difference in the distributions of the subjective ratings
between joke and non-joke stimuli for each stimulus pair.

We recruited 179 undergraduate students as subjects in this
experiment. An additional 19 people were enrolled in the
study but were excluded because they failed attention checks
described below in the Procedure section. All subjects were at
least 18 years old and were native English speakers who were
born and raised in the United States. Subjects were divided
into two groups: 84 (59 females, mean age = 20.30 ± 1.84)
were assigned to group A and asked to complete the humor
detection task described below, and 95 (78 females, mean age
= 20.73 ± 2.71) were assigned to group B and assigned to the
humor appreciation task described below.

Materials
A total of 56 English puns were obtained from the website
of Indian Hills Community Sign1 and they were treated as
joke stimuli. From these we prepared 56 non-joke versions by
replacing word(s) that would make the sentence more serious
or neutral. For example, the joke sentence ”What did Noah
see at night? Flood lights.” had as a non-funny ’Statement’
counterpart ”What did Noah see at night? Portable Lights.”
For each pair of stimuli, subjects saw only a single (randomly
chosen) version – either the joke or the non-joke version of
the stimulus. The pseudo-random assignment of versions was
such that each subject saw approximately 28 jokes and 28
non-jokes over the course of the study.

Procedure
The experiment was conducted on a cloud-based survey platform via Qualtrics online survey software. The survey began
with a consent form approved by the Human Research Protections Program of the University of California, San Diego.
After granting informed consent, participants advanced to either the humor detection task (Group A) or the humor appreciation task (Group B). In both tasks, one version of each
of the 56 experimental sentences (either joke or non-joke)
was presented at a time and participants were either asked
to classify it as a joke or a non-joke (Group A) or to rate
the funniness of the sentence (Group B) using a 5-point Likert scale ranging from 1: not funny at all, to 5: extremely
funny. In order to prevent subjects from adopting a strategy
in which they clicked the same response on every trial, we
interspersed ”catch” trials that explicitly asked participants to
respond with a particular response. For example, participants
in Group A were told ”Please select joke” or ”Please select
statement” on catch trials; participants in Group B were explicitly told (for example) ”Please select 3”. Any participant
who did not respond correctly to at least one of these requests
1 https://www.facebook.com/IndianHillsCommunitySign/

Analysis: Stimulus Validation

Results
In the joke detection task, 50 stimulus pairs both achieved
an accuracy score above 50 % and reached statistical significance on the chi-squared test (p < 0.05). In the joke appreciation task, 51 stimulus pairs conformed to the expected
pattern in which the joke version was rated significantly funnier that its control (p < 0.05). A total of 43 stimulus pairs
met the criteria in both joke detection and appreciation, and
thus were chosen for use in Experiments 2 and 3. The average
detection accuracy across the 46 stimuli selected in the validation was 75.78 ± 11.06. The median ratings (interquartile
range: IQR) on the joke stimuli were 2.45 (1.68 - 3.17) while
those for the non-joke stimuli were 0.50 (0.27 - 0.86); jokes
were rated as significantly more funny than the non-jokes (t
= 13.60, p < 0.001).

Experiment 2: Humor detection
This experiment aims to examine the relationship between
the accuracy of humor detection in non-native English speakers (NNS) and their anxiety regarding communication in L2,
their frequency of language use, and their subjective social
well-being in the U.S..

Participants
Following the exclusion of several participants who failed to
answer correctly on ”catch” trials, there were 143 NNS participants in the humor detection task (110 females, mean age
= 20.78 ± 2.31). Each subject was compensated with academic course credits. All subjects were at least 18 years old
and provided informed consent to participate in the experiment.

Data Collection
The experimental procedure was adapted from experiment 1.
The NNS subjects were asked to perform the humor detection task described in Experiment 1, in which they are asked
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Figure 1: Scatter plots showing the relationship between the accuracy of humor detection and the subjective social well-being
scores: (Left) foreign language anxiety score and (Right) the social connectedness score.
to classify each sentence as either a joke or a non-funny statement. After they had completed the humor detection task,
participants were asked to complete the three surveys described below: the English Usage and Proficiency Scale, the
Foreign Language Anxiety Scale, and the Social Connectedness Scale.
English Usage and Proficiency Scale In total, four questions were asked: ”Q1. How long have you been in the
United States?”, ”Q2. What is your present level of English
fluency?”, ”Q3. How comfortable are you in communicating in English?”, and ”Q4. How often do you communicate
in English?”. The subjects rated Q1 using a 7-level scale
(e.g., 1: less than 1 year, 2: 1 year, ..., and 7: more than
5 years) and the other questions using 5-level scale (e.g., 1:
not fluent/uncomfortable/only when necessary, and 5 : fluent/comfortable/for everything). Subjective language fluency
scores were computed as the sum of the three self-report
scores (i.e., Q2, Q3 and Q4). Language fluency scores thus
ranged from 3 to 15 and a higher score indicates greater language fluency.
Foreign Language Anxiety Scale The foreign language
anxiety scale was developed to quantify the feeling of anxiety specifically associated with L2 materials (Horwitz et al.,
1986) and has been used in multiple studies (Öztürk & Gurbuz, 2014; Park & French, 2013). There are 19 items in the
scale. The subjects were asked to rate each of them using
5-level Likert scale (e.g., 1: Strongly disagree, 5: Strongly
agree) regarding how well each item describes themselves.
The anxiety score was obtained by summing up the responses
to each item, leading to the range between 19 and 95. A
higher score indicates that the respondent experiences greater
levels of language anxiety.
Social Connectedness Scale The social connectedness
scale was developed to assess a sense of subjective recognition of being supported or connected to a particular society
(Lee et al., 2001). The social connectednes scale has 21 items

in total. We modified some of the original items so that each
asked about social connectedness specifically in an English
speaking society. The subjects were asked to rate each item
using a 5-level Likert scale. The social connectedness score
was obtained by summing up the responses to each item, leading to a range between 21 and 105. A higher score indicates
that the individual feels a stronger social connection to the
English speaking community.

Data Analysis
The accuracy of joke detection was calculated as the number of stimuli that a participant answered correctly divided
by the total number of stimuli (i.e., 43). Note that accuracy
rates were calculated for each individual participant in this experiment unlike Experiment 1 in which accuracy rates were
calculated for each stimulus pair. We then computed the correlation between overall accuracy in the joke detection task
with the foreign language anxiety score and the social connectedness score.
In addition, given the nested structure of the data (e.g., repeated measurements within subjects), a mixed effects logistic regression model was applied to better capture the fixed
effect of foreign language anxiety, language usage, social
connectedness, and type of stimulus (joke vs. non-joke) on
predicting accurate classification on each trial. The random
effect structure comprised one random intercept term for subject ID and another for Stimulus ID. The joke type was set as
reference level. The foreign language anxiety score, language
usage score, social connectedness score were normalized to
the scale of 0 to 1. Note that for the general form of linear
mixed effect regression model, significant factors were those
for which the 95% confidence interval (CI) for an odds ratio
(OR) does not include 1.

Results
The average accuracy of joke detection across subjects was
69.56 ± 11.10. Figure 1 shows the relationships between the
accuracy of humor detection and the subjective social well-
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being scores. The accuracy of humor detection was negatively correlated with language anxiety scores (r = -0.31, p <
0.001), and was positively correlated with social connectedness scores (r = 0.29, p < 0.001). In addition, language anxiety scores were negatively correlated with social connectedness scores at a moderate level (r = -0.33, p < 0.001).
The mixed effect logistic regression model revealed a significant effect of non-joke version of the stimulus (OR = 0.09,
95% CI = [0.017, 0.46]), reflecting the fact that participants
were more likely to categorize the joke stimuli as jokes than
they were to categorize the control stimuli as straightforward
statements. Many participants apparently adopted a bias towards the ”Joke” response.
Analysis also revealed a significant effect of Language Usage Score (OR = 2.87, 95% CI = [1.62, 5.09]), reflecting
better performance on joke classification among participants
with higher Language Usage scores. However, the significant
interaction of Language Usage and non-joke version (OR =
0.23, 95% CI = [0.12, 0.43]) suggests those same participants
were less likely to correctly classify the non-joke versions of
stimuli. Taken together, this suggests that the preference to
respond ”Joke” was greater in participants with higher Language Usage scores.
By contrast, the significant effect of Language Anxiety
Score (OR = 0.32, 95% CI = [0.18, 0.56]) reflects lower accuracy in joke classification, with greater accuracy for the
non-joke version being reflected in a significant interaction
of Language Anxiety score and non-joke version (OR = 2.09,
95% CI = [1.11, 3.92]). Participants who experience greater
levels of anxiety speaking English thus exhibited a different
response bias, preferring to respond ”Statement”.
Finally, while Social Connectedness was not associated
with a greater probability to respond correctly to jokes, the
significant interaction of Social Connectedness Score and
non-joke version (OR = 62.16, 95% CI = [7.39, 522.66]) indicates a strong association between this factor and responding
correctly to the non-funny version of the stimulus. Given that
incorrect responses in this paradigm were most often due to
”false alarms” to non-joke stimuli (that is, responding ”Joke”
to the non-funny version of the stimulus), the large effect of
Social Connectedness on accuracy for the statements suggests
its relationship to participants’ ability to appreciate the difference between the jokes and the non-funny control stimuli.

Discussion
The results confirmed that the ability of humor detection in
non-native English speakers is associated with the subjective
social well-being in the English speaking community (Figure 1). It seems to be reasonable because humor detection
requires a skill to realize intention hidden in sentences. L2
speakers who have lower ability to detect humor might have
more chance to face troubles understanding others’ intention in conversation, resulting in higher language anxiety and
lower social connectedness compared with those who have
higher humor competence.
Furthermore, the mixed-effect model indicated that NNS

performed relatively poorer in accurately detecting the nonjoke version of the stimulus. More specifically, the interaction
term indicated that higher language usage score is associated
with lower statement detection accuracy, and higher language
anxiety score is associated with higher non-joke stimulus detection accuracy. The opposite effect of language usage score
and language anxiety score to joke/non-joke detection accuracy, despite the relatively worse performance in non-joke detection task, suggested that more factors could be associated
with humor detection ability. Lastly, a higher sense of social
connectedness was shown to improve the non-joke stimulus
detection performance.

Experiment 3: Humor appreciation
This experiment aims to examine the relationship between L2
language usage frequency, L2 language anxiety, and subjective social well-being ratings in NNS with their ability to appreciate verbal humor in the L2.

Participants
Participants included 127 NNS subjects (83 females, mean
age = 20.43 ± 2.37) after the exclusion of several participants who failed to answer the validation questions correctly.
Each subject was compensated with academic course credits.
All subjects were at least 18 years old and provided informed
consent to participate in the experiment.

Data Collection
The survey format and experimental procedure was similar
to that in Experiment 2. However, instead of asking them
to perform the joke detection task, subjects in Experiment 3
were asked to rate the funniness of a presented stimulus using 5-level Likert scale (e.g. 1: not funny at all and 5: extremely funny). As in Experiment 2, subjects were also asked
to complete the English Usage and Proficiency Scale, the Foreign Language Anxiety Scale, and the Social Connectedness
Scale.

Data Analysis
The ratings were averaged across stimuli in each category
(i.e., joke and non-joke) for each subject. Initial analysis of
the data involved separate correlations between average ratings on joke and non-joke stimuli with Language Anxiety and
Social Connectedness, respectively.
The rationale for mixed effects modeling in Experiment 3
was similar to that in Experiment 2. Accordingly, a linear
mixed effect model was applied to investigate the fixed effects
of foreign language anxiety, language usage, social connectedness, and type of stimulus (joke vs. non-joke) on humor appreciation ratings. The random effect structure comprised one
random intercept term for subject ID and another for Stimulus
ID. The non-joke version of the stimulus was set as the reference level, since 0 is the normative rating for these stimuli.
Note that for the general form of linear mixed effect regression model, significant factors were those for which zero did
not fall within the 95% CI.
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Figure 2: Scatter plots showing the relationship between the humor ratings and the subjective social well-being scores: (Left)
foreign language anxiety score and (Right) the social connectedness score. The ratings on joke and non-joke stimuli were
shown separately.

Result
Figure 2 shows the relationships between the average ratings
across joke and non-joke sentences and the social well-being
scores. No significant correlation was found between the ratings and the language anxiety score (joke rating: r = 0.07,
p = 0.449, non-joke rating: r = 0.11, p = 0.222). Likewise,
there were no significant correlations between the ratings and
the social connectedness score (joke rating: r = -0.04, p =
0.673, non-joke rating: r = -0.15, p = 0.100). As in Experiment 2, there was a significant negative correlation between
the language anxiety score and the social connectedness score
among participants in Experiment 3 (r = -0.26, p = 0.003),
The mixed effect regression model revealed significant effect of Language Anxiety (95% CI = [0.37, 1.99]), indicating
participants with greater Language Anxiety scores tended to
rate the non-funny statement versions of the stimuli as being more humorous than did participants who scored lower
on the Language Anxiety scale. Further, an interaction of
Joke Version and Language Anxiety Score (95% CI = [-1.17,
-0.40]) reflects the fact that participants who scored high
on Language Anxiety provided lower humor ratings for the
joke stimuli. Finally, the interaction of joke version and Social Connectedness (95% CI = [1.11, 3.72]) reflects the fact
that participants with greater Social Connectedness scores assigned higher humor ratings to the joke stimuli.

Discussion
Figure 2 clearly showed different distributions of humor ratings for jokes (median: 2.24, interquartile range: 1.41 2.86) and non-jokes (median: 0.77, interquartile range: 0.41
- 1.49), indicating that the subjects tended to rate the jokes
as funnier than the non-jokes. The results also revealed that
NNS with higher language anxiety score tended to rate nonjoke sentences as funnier and joke sentences as less funny,
which suggests that NNS with high language anxiety score
may experience difficulties on detecting the difference between jokes and non-joke control sentences. In addition, the

positive relationship between social connectedness score and
humor rating on joke, confirms our hypothesis that social connectedness is associated with humor appreciation ability.

General Discussion
This study investigated the relationship between L2 humor
competence, linguistic competence, and social wellness in
the L2 society. Since humor competence requires sophisticated linguistic, social, and cultural competence, we anticipated that the accuracy of humor detection and/or subjective
ratings on joke materials of L2 speakers would be associated with their subjective social well-being, their L2 usage
frequency, and their sense of anxiety toward L2.
Our results showed that the accuracy of humor detection
was significantly associated with the foreign language anxiety
score and the social connectedness score. More specifically,
language anxiety scores were negatively associated with joke
detection accuracy and positively associated with non-joke
detection accuracy. One possible reason for the positive association between language anxiety scores and statement detection accuracy is that NNS who have more anxiety about their
foreign language competence are more conservative in their
judgment that a given statement was intended humorously.
By contrast, when unsure regarding the status of a given stimulus, the NNS who were more comfortable with English were
more likely to classify it as joke.
It is perhaps worth mentioning that due to the simple design of this study, we could not identify whether the subjects
understood the humorous content of these jokes, or whether
they based their classifications on the linguistic properties of
the sentences. As all of our non-joke stimuli were very similar
to jokes, they likely contained many features that are typically
diagnostic of verbal humor.
On the other hand, both studies have shown that the Language Anxiety was negatively associated with joke detection and joke appreciation. This consistent finding confirms
that NNS with higher language anxiety experience more dif-
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ficulty comprehending humorous materials. The consistent
positive association between Social Connectedness and joke
detection/appreciation across both studies indicates that Social Connectedness is indeed a significant correlate of NNS’
ability to accurately detect and react to verbal humor.
Previous empirical investigation of L2 humor comprehension usually relied on subjective rating on humor materials (Ayçiçeği-Dinn, Şişman-Bal, & Caldwell-Harris, 2018;
X. Chen & Dewaele, 2019). In such studies, humor detection and appreciation were not explicitly distinguished or humor detection was completely ignored. The present study introduced a novel task that a participant made a judgement
whether a given sentence contained any humorous content or
not, which provided the accuracy of humor detection. The
results indeed showed that humor detection and appreciation
were differently associated with the social well-being scales,
i.e. the social well-being scores were significantly associated
with the accuracy of humor detection but not with the humor ratings. The results confirmed that this approach would
be useful in investigating different aspects of humor comprehension. Moreover, the humor detection task might be better
to assess the sociolinguistic aspect of humor comprehension
than the humor appreciation task.
One limitation of the present study is the lack of an objective measurement of linguistic proficiency. Since it has been
known that L2 speakers have a tendency to underestimate
their linguistic proficiency in self-assessment (Trofimvich,
Isaacs, Kennedy, Saito, & Crowther, 2016), an objective scale
would likely provide more reliable assessment of participants’ L2 proficiency than the subjective measures employed
here. For future studies, one improvement would be revising the question design to dissociate the humor detection and
appreciation performance. In the current study, the rating performance could be influenced by the failure of detecting humor in the sentence, hence inducing confound to the result.
Nevertheless, the present results clearly support the hypothesis that L2 humor competence is built upon mature linguistic
and sociocultural foundations and therefore associated with
each other.
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Öztürk, G., & Gurbuz, N. (2014). Speaking anxiety among
turkish efl learners: The case at a state university. Journal
of Language and Linguistic Studies, 10(1), 1-17.

References
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Abstract
Proficiency in math is critically important given its
implications for education and daily life (e.g., finances, health).
However, math is a challenging subject, and proficiency
requires a complex interplay of content knowledge and general
cognitive processes, including Executive Function (EF). In this
exploratory study, we used heat maps to examine whether
participants' self-reported attention to strategy-specific
components of fraction arithmetic equations (i.e., operations,
numerators, denominators) was related to their EF and task
performance. Our results indicated that participants with
stronger EF (indexed by a numerical stroop task) obtained
higher fraction arithmetic scores and were also more likely to
attend to strategy-specific components in the fraction
problems. Additionally, a positive correlation was found
between participants’ selection of strategy-specific
components and their fraction arithmetic accuracy.
Keywords: Fraction arithmetic; Strategy Reports; Executive
Function; Inhibitory Control; Attention

Introduction
Executive Functioning and Math Performance
Executive Function (EF) refers to a set of cognitive skills that
help guide goal-directed behavior. EF can be characterized as
three separate, but related cognitive processes, which include
updating/monitoring working memory, inhibitory control,
and cognitive flexibility/shifting (Miyake et al., 2000).
Although EF emerges early in development, it is thought to
continue to mature into adolescence (Best & Miller, 2010).
Prior research has found that EF is related to academic

achievement, and in particular, EF skills have been
implicated in math and reading achievement (Cortes Pascual
et al., 2019; Kieffer et al., 2013; McClelland et al., 2007; St
Clair-Thompson & Gathercole, 2006, for review see Zelazo
& Carlson, 2020). A recent meta-analysis found that EF skills
were correlated with both math (average correlation = .30)
and reading (average correlation = .31) achievement across a
wide age range (3-18 years) (Jacob & Parkinson, 2015).
Likewise, mathematical skills, such as those involving
fractions, are considered high-leverage content that are
related to positive life outcomes (e.g., access to college,
graduation from college, financial success, life satisfaction;
Bjalkebring & Peters, 2021; NMAP, 2008). Unfortunately,
fraction understanding is challenging to acquire (Siegler,
2016; Siegler et al., 2013), people dislike fractions relative to
other math content (Mielicki et al., 2021; Sidney et al., 2021),
performance can be hampered by math anxiety (Mielicki et
al., 2022), and people’s confidence in their performance may
not be aligned with their accuracy (Fitzsimmons et al., 2020a;
Scheibe et al., 2022).
EF skills may be particularly important for math
performance (see Cragg & Gilmore, 2014). Working memory
is critical for learning new problem-solving strategies and
holding intermediate problem-solving steps in mind (e.g.,
finding common denominators). Shifting is necessary when
people encounter problems in which they need to switch
between deploying several known strategies (e.g., fraction
addition vs. fraction division; Fazio et al., 2016; Sidney et al.,
2019).
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Inhibition has been a primary focus of recent studies, and
it may play a critical role in performance across a variety of
mathematical tasks (Gilmore et al., 2015). Inhibition of
prepotent responses is required for people to perform
accurately when reasoning about fractions (e.g., Gomez et al.,
2015). For instance, because people have extensive
experience with whole-number integers (Dehaene & Mehler,
1992), they often consider the independent components of
fractions in isolation, rather than the holistic magnitude of the
fraction (Alibali & Sidney, 2015; Ni & Zhou, 2005; Siegler
et al., 2011). That is, they might focus separately on the 5 and
6 in the fraction ⅚, rather than the fraction’s magnitude, .833.
Furthermore, people may overextend whole-number
operations when attempting to calculate fraction operations.
For example, when attempting to solve a fraction addition
problem, people may add numerators or denominators in
isolation to generate their answer rather than add together the
magnitudes of the two fraction addends (Siegler & LortieForgues, 2015). To successfully reason about fraction
magnitudes and operations, inhibitory control is a necessary
cognitive process. Indeed, a numerical stroop task, in which
participants judged the physical size of the single-digit
numerical stimuli while inhibiting the magnitude of the
numerals, was correlated with fraction estimation and
magnitude comparison accuracy (rs ≥ .55; Fitzsimmons et al.,
2020b).
In the current study with adults, we anticipated that
numerical stroop performance and fraction arithmetic
performance would be related, given that both measures are
correlated with estimation and magnitude comparison
performance (Siegler et al., 2011). Furthermore, we explored
whether adults’ attention to components of fraction
arithmetic equations (operations, numerators, denominators,
which were measured via mouse click) reflected participants’
problem-solving strategies.

Performance on Fraction Arithmetic
Children and adults frequently err when solving fraction
arithmetic problems (Braithwaite & Siegler, 2018; Di
Lonardo Burr et al., 2020; Siegler & Pyke, 2013; Siegler et
al., 2011). According to the dynamic strategy choice account
(Alibali & Sidney, 2015; Fitzsimmons et al., 2020b),
participants’ errors, which differ depending on operation
types and whether the problems include common
denominators, are evident in their performance and variable
strategy reports. For example, people sometimes incorrectly
operate across numerators and denominators in addition and
subtraction problems with unequal denominators, or deploy
strategies for other operations (e.g., inverting the second
operand in a multiplication problem before multiplying).
Although strategy reports can yield valuable data providing
important insights about participants’ understanding as well
as their misconceptions, coding open-ended strategy reports
is time consuming, and it can be difficult to establish strong
inter-rater reliability. Additionally, as many researchers are
pivoting to remote data collection during the ongoing
COVID-19 pandemic, alternative means to reliably collect

strategy reports are needed. Various existing technologies
may be employed to meet this need. In the present study, we
begin to explore the Heat Map function in Qualtrics to
provide support for the dynamic strategy choice account,
specifically which fraction components participants report
attending to, a proxy for their problem-solving strategies (for
additional details see Method).

Current Study
The current exploratory study had three primary goals: (1) to
explore whether inhibitory control, a component of EF, is
related to adults’ fraction-arithmetic performance, (2) begin
foundational work utilizing online tools (i.e., Heat Maps) to
measure participants’ strategy variability, and (3) explore
whether participants’ attention to strategy-specific
components of the fraction arithmetic equations (numerators,
denominators, operation symbols) measured via mouse click
are related to both their EF and fraction arithmetic
performance. To this end, we presented adult participants
with a series of cognitive tasks including a measure of EF
(numerical stroop task) and fraction arithmetic problems in
which participants were asked to click on the component they
attended to first.
In line with prior research, we hypothesized that
individuals with stronger EF skills would also exhibit higher
accuracy on fraction arithmetic problems. Additionally, we
anticipated that participants with stronger EF would be better
able to inhibit attention to non strategy-specific fraction
components and attend to strategy-specific components.
While we hypothesized that across all test items participants
should report attending to operations first, given that there are
different procedures needed for each fraction operation, we
also posited that unique attentional patterns could be
deployed across operation types (addition/subtraction,
multiplication, division), reflecting operation-specific
strategies (see Method). Further, attention to strategy-specific
fraction components was predicted to be positively correlated
with fraction arithmetic performance. We also explored
participants’ confidence judgments on each fraction
arithmetic problem and whether these ratings were related to
their propensity to attend to strategy-specific (or non
strategy-specific) fraction components.

Method
The results presented here are a subset of findings from a
larger pre-registered study. These findings are novel and have
not been published elsewhere.

Participants
Four hundred twenty-seven adults were recruited from
Prolific, an online platform, to participate. Participants who
did not complete the study were excluded from analysis;
therefore, the final sample included 390 participants.
Participants identified as: 41.9% male, 55.8% female, and
2.3% non-binary; 66.4% of participants had an associate
degree or higher. Of those participants who reported their
employment and income, 70.5% were employed and 59%
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had incomes of $74,999 or less. Participants who reported
their race self-identified as: 73.9% White, 6.7%
Black/African American, 7.2% Asian, and 5.2%
Hispanic/Latino. Participants received $13 for participation.

Procedure
Participants completed a series of online tasks administered
via Qualtrics. The tasks included (among others) a math
assessment on fractions, self-report attention measure, itemlevel confidence judgements, and a Numerical Stroop Task.
Participants were able to skip individual items; accordingly,
the sample size per item is variable. The study was selfpaced.
Math Assessment Participants completed 24 fraction
arithmetic problems: 6 items per operation (addition,
subtraction, multiplication, division); operation order was
blocked, and items were pre-randomized within each block.
Eight of these test items were “critical trials” and were used
to assess participants’ fraction strategies. Critical trials
included two test items per operation type, one with common
denominators (e.g., ⅗ + ⅘), and the other with different
denominators (e.g., ⅔ + ⅗). For all test items, participants
solved each problem and then typed their answer in a
response box. Note, participants were not required to reduce
the fractions to their lowest terms. We calculated mean
accuracy across all test items, the eight critical trials, and
separately for each operation type.
Self-report Attention Measure: Selection via Mouse Click
of the Operation Symbol and Strategy-Specific AOIs
Recall that immediately before participants solved each of the
eight critical test items, they were asked to select, via mouse
click, the part of the problem they attended to first. For
analysis, we created five Areas of Interest (AOIs) to code
participants’ mouse clicks. AOIs were drawn around each
numerator, denominator, and operation symbol; see Fig 1.
The AOIs were not visible to participants to avoid biasing
their attention to specific parts of the equation. Participants
could click anywhere on the display. Consequently, a sixth
response category, “other,” was coded which indicates a
mouse click that did not occur in the five target AOIs.
Therefore, for each of the critical trials, we could determine
which of the following areas participants reportedly attended
to first: Numerator 1 (top left), Numerator 2 (top right),
Denominator 1 (bottom left), Denominator 2 (bottom right),
Operation (middle), and Other. The task was designed such
that participants were only able to make a single selection via
mouse click. We were, therefore, able to assess the first part
of the problem that they reported attending to, but not their
sequential problem-solving steps, a point we return to in the
Discussion. Note, that due to a technical error, for one test
item, 36 participants were able to make multiple mouse
clicks, and their responses for this item were excluded from
analysis.
As noted previously, we anticipated that participants would
look at the operation first to determine which strategy to

deploy to solve the fraction arithmetic problems.
Accordingly, for each critical test item, we coded whether
participants clicked on the Operation AOI (scored as 1) or
any other AOI (scored as 0). For each participant, we then
created an average Operation AOI score, which reflected the
mean number of times the participant selected the Operation
AOI across the eight critical fraction arithmetic trials.
We also coded participants’ operation-specific strategies,
which were hypothesized to reflect next steps in a multi-step
strategy (after identifying operation type), which could be
deployed to solve fraction problems. For addition and
subtraction problems, we anticipated that participants should
first attend to denominators to assess whether they were the
same or different to calculate common denominators as
needed (Siegler et al., 2011). Thus, for addition and
subtraction problems, participants who selected AOIs for
either Denominator 1 or 2 received a score of 1 on that item,
selection of any other non strategy-specific AOIs were scored
as 0. For multiplication problems, a commonly employed
strategy is to multiply across numerators first and
denominators second (Siegler et al., 2011), thus participants
who selected AOIs for either Numerator 1 or 2 received a
score of 1 for that item; selection of any other non strategyspecific AOIs were scored as 0. For division problems, we
anticipated participants would likely use the strategy of invert
and multiply (Sidney et al., 2022) and thus the strategyspecific AOIs were operationalized as selection of Numerator
2 or Denominator 2 AOIs (scored as 1 for that item), and
selection of any other non strategy-specific AOIs were scored
as 0. For each participant, we then created an average
strategy-specific AOI score that reflected the mean number
of times participants selected a strategy-specific AOI (i.e., an
AOI that was aligned with the operation type for that fraction
arithmetic problem) for the eight critical trials. We originally
anticipated examining strategy-specific AOI subscores for
each operation category (addition/subtraction, multiplication,
division); however, with the limited number of critical trials
per operation type (n=2) we elected to focus our analysis of
the self-report attention measure on participants’ average
strategy-specific AOI score.
Confidence Judgements After solving each problem,
participants rated how confident they were in their answer on
a scale from 0 to 100, where 0 indicated they were not
confident in their answer, and 100 denoted complete
confidence. We calculated average confidence overall,
average confidence by operation type, and average
confidence for the eight critical trials.
Numerical Stroop Task The numerical stroop task is a
measure of EF, namely inhibitory control. In this task,
participants were shown a series of single digit numeric dyads
(Fitzsimmons et al., 2020b). Participants selected the
physically larger number while ignoring the magnitude, or
numerical value, of the numbers. The task included 112 trials:
32 congruent, 32 incongruent, and 48 neutral. For congruent
trials, no conflicting information was given (i.e., the
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physically larger number was also a larger magnitude; 1 vs.
2). For incongruent trials, the dyads contained conflicting
information (i.e., the physically larger number was of smaller
magnitude; 1 vs. 2). For neutral trials, each dyad contained
numbers of the same magnitude, only the physical size was
altered (i.e., the same two numbers were presented with one
number appearing physically larger than the other; 2 vs. 2).
We assessed participants’ accuracy and reaction time (RT)
on the Numerical Stroop Task. For each participant, we
calculated average accuracy for each trial type (congruent,
incongruent, neutral). We recorded the amount of time
participants took to submit their response for each trial and
calculated the average RT for each trial type. Analyses focus
on accuracy and RT for incongruent trials (for correct trials
only). Higher accuracy scores and faster RTs reflect greater
EF (inhibitory control) proficiency.

Figure 1: Schematic of AOIs (numerators, denominators,
and operation) used for analysis of participants’ mouse
clicks in the self-report attention measure.

Results
Fraction Arithmetic Accuracy
Participants completed 24 arithmetic problems; average
accuracy was 66% (SD=28%). Recall participants completed
six problems per operation type (addition, subtraction,
multiplication, division). In line with previous research with
children and adults, we hypothesized that participants should
exhibit the lowest accuracy on fraction division problems. To
test this hypothesis we conducted a 4-way repeated measures
ANOVA, with Greenhouse Geisser correction, on accuracy
scores with operation type (addition, subtraction,
multiplication, division) as the within-subject factor. There
was a significant effect of operation type (F(2.07,
805.83)=73.03, p<.001, partial η2=.16) on mean accuracy
scores. Consistent with our hypothesis, pairwise comparisons
indicated that participants did worse on division problems
(M=52%, SD=42%) than on all other operation types:
addition (M=72%, SD=30%), subtraction (M=75%,
SD=28%), and multiplication (M=64%, SD=37%); all
ps<.001. Participants were also more accurate on addition
and subtraction problems than multiplication problems (both
ps<.001), and on subtraction problems compared to addition
problems (p=.006).

Correlations between Fraction Arithmetic Accuracy and
Confidence Judgements Participants’ mean confidence
judgment score was 63.01 (SD=27.82). Across operation
types, participants who reported greater confidence in their
fraction arithmetic answers also tended to be more accurate
on the fraction arithmetic problems (r=.73, p<.001). The
same pattern of results was found within each operation type
(all rs ≥ .55, all ps ≤ .001).

Self-Report Attention Measure, Fraction
Arithmetic Accuracy, and Confidence Judgments
The following correlational analyses focus on the eight
critical fraction arithmetic trials in which participants also
reported the part of the problem they attended to first (i.e.,
selection of the operation, numerator, denominator AOIs).
However, follow-up analyses were also conducted using all
24 fraction arithmetic trials to assess consistency and
generalizability.
We hypothesized that participants would report attending
to the Operation AOI across problem types, as the operation
can signal to participants which multi-step strategy they
should deploy to successfully solve each type of fraction
arithmetic problem. Recall that for each participant the mean
selection of the Operation AOI was calculated across the
eight critical trials. Selection of the Operation AOI (M=29%,
SD=36%) was not significantly correlated with participants’
fraction arithmetic accuracy on critical trials (M=69%,
SD=29%; r=.01, p=.92). This pattern also held when
analyzing the correlation between participants’ mean
Operation AOI selection and their fraction arithmetic
accuracy across all trials; selection of the Operation AOI was
not significantly correlated with participants’ total fraction
arithmetic score (r=.03, p=.62). This surprising result could
be an artifact of blocking problems by operation type, which
may have inadvertently directed attention to other features of
the problems. It is an open question as to how participants
interpreted our prompt to click on the part of the problem they
attended to first; we return to this point in the Discussion.
Next, we looked at the correlation between participants’
mean selection of strategy-specific AOIs and their mean
fraction arithmetic accuracy on the eight critical trials. Recall
that for each participant, we calculated the mean selection of
AOIs that were aligned with the operation type of each
problem (i.e., selecting denominator AOIs for
addition/subtraction problems, numerator AOIs for
multiplication problems, and numerator 2/denominator 2
AOIs for division problems) across the eight critical trials.
Mean selection of strategy-specific AOIs (M=39%, SD
=27%) was significantly correlated with participants’ average
accuracy on the eight critical fraction arithmetic trials (r=.19,
p<.001). This pattern of results was unchanged when
substituting fraction arithmetic accuracy on all (24) trials in
lieu of performance on the eight critical trials (r =.19, p<
.001).
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Correlation Between the Self-Report Attention
Measure and Confidence Judgments
Participants’ mean selection of strategy-specific AOIs on the
eight critical trials was found to be positively correlated with
their confidence judgments on those trials (M=64.82,
SD=28.89; r = .11, p=.03). In other words, individuals who
were more likely to report attending to AOIs that reflected
strategies that were aligned to the operation type also reported
greater confidence in their fraction arithmetic answers on
those problems.

Inhibitory Control: Numerical Stroop Task
Stroop Performance A series of 3-way repeated measures
ANOVAs, with Huynh-Feldt correction, with trial type
(congruent, incongruent, neutral) as a within-subject factor
revealed that participants’ Stroop accuracy (F(1.54,
600.04)=65.47, p<.001, partial η2=.14) and RT - for correct
trials only (F(1.73, 672.01)=749.99, p<.001, partial η2=.66)
varied as a function of trial type. Overall, participants
exhibited high levels of accuracy on the Numerical Stroop
task. Pairwise comparisons indicated that participants were
less accurate on incongruent trials (M=93%, SD=12%)
compared to congruent (M=97%, SD=9%) and neutral trials
(M=96%, SD=9%); both ps<.001. Similarly, participants’
RTs (correct trials only) were significantly slower for
incongruent trials (M=0.85s, SD=0.25s) as compared to
congruent (M=0.71s, SD=0.25s) and neutral trials (M=0.74s,
SD=.25s); both ps<.001).1
Correlation between Inhibitory Control and Math
Performance We examined the association between
participants’ inhibitory control indexed by their RT on
incongruent trials (correct trials only) and their performance
on the fraction arithmetic problems. Participants with better
inhibitory control (i.e., shorter RTs) were also more accurate
on the fraction-arithmetic problems (r = -.18, p<.001).1
Correlation between Inhibitory Control and Self-Report
Attention Measure Next, we assessed whether participants
with stronger inhibitory control (based on RT for incongruent
trials - correct trials only) also tended to report attending to
strategy-relevant AOIs when solving fraction arithmetic
problems. Participants’ mean selection of strategy-specific
AOIs was negatively correlated with their RTs on
incongruent trials, such that individuals with better inhibitory
control (i.e. shorter RTs) were more likely to attend to the
appropriate strategy-specific AOIs (r = -.15, p = .006)1.

1

Note that when the RT analyses only include responses that are
made within 2s, the pattern of results is unchanged: the 3-way
repeated measures ANOVA, with Huynh-Feldt correction, with trial
type (congruent, incongruent, neutral) as a within-subject factor
again revealed that participants’ Stroop RT for correct trials only
(F(1.72, 666.57)=764.61, p<.001, partial η2=.66) varied as a
function of trial type. Participants’ RTs were significantly slower for

Discussion
The present study provides several insights into relations
among fraction performance, problem-solving strategies, and
executive functions. Using Heat Maps in Qualtrics to index
participants’ attention to strategy-relevant AOIs, we found
initial correlational evidence supporting the finding that
individuals who report attending first to strategy-relevant
fraction components tended to be more accurate on fraction
arithmetic problems. Fraction division problems were more
difficult for participants, as has been shown in previous
studies (Sidney et al., 2019; Siegler et al., 2011). Future
research could include more items per fraction-arithmetic
operation and explore whether the relation between selection
of strategy-specific AOIs and accuracy holds for each of the
four operations.
One surprising finding was that participants did not click
on the Operation AOI with as much regularity as anticipated.
This likely occurred because problems were blocked by
operation type so participants could provide a predictive
judgment about how many problems they would correctly
solve as part of the larger study design. Future work could
interleave problems of different operation types, and in doing
so, participants may be more likely to report attending to the
Operation AOI first to help them plan the necessary steps to
accurately solve the problem.
The present study also highlights the potential role of
inhibitory control on adults’ fraction performance. Consistent
with prior work, individuals with better inhibitory control
also tended to obtain higher accuracy scores. Additionally,
they were more likely to report attending to strategy-relevant
AOIs. In the present study, we utilized a domain-specific
measure of inhibitory control, a numerical stroop task. Some
prior research has found a stronger correlation between
mathematics achievement and inhibition tasks that involve
numerical information vs. tasks that require inhibition of nonnumerical information (see Gilmore et al., 2015). In future
research, it will be important to incorporate both domainspecific and domain-general measures of inhibitory control
to investigate possible domain-specific effects in the context
of fraction arithmetic.
This study provides initial support that Heat Maps can be
used as a measure of adults’ self-reported attention and index
of dynamic strategy variability (Alibali & Sidney, 2015;
Fitzsimmons et al., 2020b), making Heat Maps a beneficial
tool for remote data collection. However, some limitations
should be addressed in future work. First, participants selfreported which parts of the equations captured their attention
first. The validity of these reports is unknown. Previous
studies from the strategy-report literature have asked children
and adults to describe how they solved fraction problems,
incongruent trials compared to congruent and neutral trials (both
ps<.001). The negative correlation between inhibitory control (RT)
and accuracy on the fraction arithmetic problems remained
significant (r=-.17, p=.001) as did the correlation between inhibitory
control (RT) and selection of the strategy specific AOIs (r=-.13,
p=.02).
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which did not necessarily result in participants describing
aspects of the problems they attended to and in which order.
However, future research can utilize eye-tracking technology
to better assess the extent to which participants’ self-reported
attention aligns with more objective and implicit measures
(see preliminary results in Wall et al., 2015).
It is also necessary in future research to consider how
characteristics of the stimuli as well as experience may
impact attention allocation patterns, such as the extent to
which the location of the operation symbol at the middle of
the screen may capture participants’ attention (much like an
orientation trial used in other cognitive tasks). Additionally,
participants who have orthographies that are oriented left-toright, like our English-speaking participants, may be more
likely to attend to Numerator 1 (top left) given the tendency
to process fraction arithmetic problems from left-to-right (see
Opfer et al., 2010 for discussion of spatial-numeric
associations). Third, in the current study, we asked
participants to report the first place that they attended to by
making a single mouse click. In future research, it will be
beneficial to capture participants’ problem-solving steps
sequentially. This will be especially helpful as we extend our
methodology to children and attempt to establish at which
step in the problem-solving procedure children’s strategies
went awry. Thus, this line of work has the potential to inform
interventions and instructional strategies to yield
improvements in math achievement.
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Abstract
Speech errors are often perceived as categorical substitutions
of one sound for another, but phonetic analyses have
consistently revealed that errorful productions retain a phonetic
trace of the target category. These trace effects have been taken
as evidence for the simultaneous activation of multiple
categories, both exerting influence on speech production. We
develop a dynamic neural field model of voice onset time
(VOT) planning, showing how multiple activated categories
can be resolved in the field to show trace effects. We evaluate
model predictions against measurements of VOT for voiced
and voiceless stops in speech error experiments and naturalistic
corpora.
Keywords: Dynamic Field Theory; speech production; speech
errors; cascading activation; voice onset time

Introduction
Early studies of speech errors, based on impressionistic
transcription, argued that speech errors involve categorical
substitutions which, despite being errors, nevertheless follow
the rules of the grammar (Fromkin, 1971). It is now widely
acknowledged that this is often not the case—various studies,
looking at speech errors through laboratory tongue twister
experiments or naturalistic corpora, have found that speech
errors do not simply reflect a change in category. Errorful
productions of a sound are systematically different from their
canonical, non-errorful counterparts (Alderete et al., 2021;
Frisch & Wright, 2002; Goldrick & Blumstein, 2006;
Goldstein et al., 2007; McMillan & Corley, 2010; Mowrey &
MacKay, 1990; Pouplier & Goldstein, 2010). For example,
Goldrick & Blumstein (2006) reported a “trace effect” in
errors elicited through a tongue twister experiment—they
found that errorful productions of initial stops in tongue
twisters showed a trace of the intended sound, which can be
seen through voice onset time (VOT) measurements. VOT is
the primary phonetic cue differentiating voiced and voiceless
stops in English (Lisker & Abramson, 1964); voiced stops,
/b/, /d/, /g/, have short VOT (~10 ms), while voiceless stops,
/p/, /t/, /k/, have long VOT (~60 ms) (Chodroff & Wilson,
2017). In the tongue twister keff geff geff keff, an errorful
production of the second syllable as keff resulted in a /k/ with
a shorter VOT than a canonical production—i.e., the /k/
contained a trace of the intended /ɡ/ (Goldrick & Blumstein,
2006).
*
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Goldrick & Blumstein (2006) argue against the hypothesis
that trace effects arise solely from articulatory factors,
concluding that their findings support a cascading activation
account of speech production, whereby the activation of
competitor word forms cascades down to lower levels of
planning, even if the competitor form is less activated than
the target form. In an error, the competitor receives more
activation than the target. However, the target still has some
effect on articulation because of its non-zero activation.
In an analysis of podcasts, Alderete et al. (2021) found a
similar trace effect in VOT measurements of naturalistic
(non-experimentally induced) errors. For example, an
errorful production of /b/ when the intended sound was /p/
(e.g., producing bath when the intended word was path) had
a higher VOT than a canonical production of /b/ (when the
intended sound was /b/). As in Goldrick & Blumstein (2006),
the VOT of errorful productions was shifted towards the
target sound.
According to the cascading activation account, this is
because even when an unintended sound is produced, the
intended sound still influences its production (Alderete et al.,
2021). Thus, trace effects in speech errors arise from the
activation of competing categories. In a computational
implementation of this proposal, categorical representations
of lexical items and phonemes vary continuously in their
activation during speech planning, and multiple active
representations simultaneously influence continuous
phonetic levels of speech planning (Goldrick & Chu, 2014;
Smolensky et al., 2014). By assuming that the activation of
symbolic representations maps continuously to the temporal
duration of articulatory gestures, Goldrick & Chu (2014) are
able to derive some aspects of phonetic trace effects, like
reduced VOT of errorful voiceless stops. Since VOT is a
temporal dimension, it can appropriately be modelled by
mapping gradient symbol activations to articulatory duration.
On this approach, spatial reduction of articulation can only be
achieved indirectly by limiting articulation time (cf. target
undershoot: Lindblom, 1963), which has been argued to be
insufficient (Pouplier & Goldstein, 2014).
We develop a neural-computational model of VOT
planning which generates trace effects in speech errors from
gradient activation of competitors during speech planning. In
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this way, our model is similar to the model discussed above
(Goldrick & Chu, 2014). However, unlike the previous
model, our model does not adopt the assumption that
activation of categories maps solely to articulation time.
Rather, our model is generalizable to any dimension relevant
to speech planning, spatial or temporal.

Dynamic Field Theory (DFT)
Dynamic Field Theory (DFT: Erlhagen & Schöner, 2002;
Schöner et al., 2016) offers a promising framework to
account for phonetic trace effects because it allows for
categories to interact in a continuous feature space. This
contrasts with many symbol-oriented speech production
models in which category representations are discrete, even
when the activations of representations are modeled as
continuous (e.g., Dell, 1986; Dell et al., 2021; Levelt et al.,
1999). In DFT, features relevant to perception, behavior and
cognition are modeled as continuous parameters. Each
parameter is represented by a functionally (not necessarily
topographically) unified population of neurons. The neurons
in a population can be arranged on an axis representing the
parameter to which they are sensitive, with the position of
each neuron on the axis representing the parameter value that
maximizes the spike rate or activation level of that neuron
(the peak of the neuron’s tuning curve). The distribution of
activation across the neurons in a population is modeled as a
dynamic neural field (DNF). DNFs evolve over time under
the influence of input (e.g., from sensory surfaces), lateral
interactions, and noise. The dynamics of DNFs—described
in greater detail in the following section—give rise to
qualitative shifts in activity, e.g. from stable resting states to
stable peaks of activation corresponding to percepts or
movement plans.
An important characteristic of DNFs is their ability to make
decisions in the presence of multiple inputs. For instance, in
a task requiring a subject to reach in one of two directions, a
DNF representing reaching direction might receive two
inputs representing the two different reaching directions (the
target and distractor). Initially, these inputs will increase
activation in two different field locations. Via lateral
inhibition, however, only one activation peak will ultimately
form, driving the subject to reach in the corresponding
direction. Importantly, the activation peak that ultimately
forms may exhibit traces of the inhibited input. For instance,
the direction in which the subject reaches may be pulled
slightly in the direction of the distractor, compared to a trial
with no distractor (Erlhagen & Schöner, 2002). These trace
effects have also been observed and modeled using DNFs in
other cognitive domains like motion perception (Giese, 1999)
and eye saccade planning (Kopecz & Schöner, 1995). The
neural activation distributions corresponding to trace effects
in the planning of reaching movements have been observed
in rhesus monkey motor cortex (Georgopoulos et al., 1986).
We propose that phonetic trace effects in speech errors are
similarly the result of the interaction of multiple inputs to
DNFs. In this case, the relevant DNFs represent parameters
of speech planning (e.g., Gafos & Kirov, 2009; Roon &

Gafos, 2016; Tilsen, 2019). In the following sections, we
describe a DNF model of VOT planning, and present
simulations from the model that exhibit key aspects of
phonetic trace effects in voicing errors.

Model structure
In this section we present a DNF model of VOT planning.
The state of this DNF is assumed to govern the
implementation of VOT (i.e. the temporal coordination of
laryngeal and supralaryngeal gestures) with stable peaks of
activation in the DNF driving behavioral dynamics. The
model is summarized in Eq. 1:
𝜏𝑢̇ (𝑥, 𝑡) = −𝑢(𝑥, 𝑡) + ℎ + 𝑠(𝑥, 𝑡)

(1)

+ . 𝑘(𝑥 − 𝑥 ! )𝑔1𝑢(𝑥 ! , 𝑡)2𝑑𝑥 ! + 𝑞𝜉(𝑥, 𝑡)
The key component of the model is the activation field u
defined over the VOT dimension x at each moment in time t.
We set the field size, x, to 150, representing a 150 ms range
of VOT targets. The rate of change of activation u̇(x,t) is
inversely related to current activation u(x,t), so Eq. 1
represents a dynamical system with an attractor at h + s(x,t)
+ ∫k(x – x′)g(u(x′,t))dx′ + qξ(x,t). 𝜏 is a time constant, with
higher values corresponding to slower rates of field
evolution. The resting level h is assumed to be below zero for
all field locations (neurons), by convention at –5. Field input
s(x,t) is represented as a Gaussian distribution of the form
(𝑥 − 𝑝)"
𝑠(𝑥, 𝑡) = 𝑎 exp ;−
?
2𝑤 "

(2)

where a controls the amplitude or strength of the input, p
controls the position of the input in the field, and w controls
the width of the input distribution. This treatment of speech
intentions as distributions in feature space is similar to
previous conceptualizations of phonetic goals as “ranges”
(Byrd & Saltzman, 2003), “windows” (Keating, 1990) or
“convex regions” (Guenther, 1995). Each neuron x′ which
exceeds an activation threshold contributes activation to
other neurons x via the interaction kernel k(x – x′) given by
(𝑥 − 𝑥 ! )"
𝑘(𝑥 − 𝑥 ! ) =
exp ;−
?
"
2𝜎#$%
√2𝜋𝜎#$%
(𝑥 − 𝑥 ! )"
𝑐&'(
−
exp ;−
? − 𝑐)*+,
"
2𝜎&'(
√2𝜋𝜎&'(
𝑐#$%

(3)

The effects of both excitatory and inhibitory interaction are
modeled as Gaussian distributions centered on each neuron
x′. cexc and cinh control the magnitude of excitatory and
inhibitory interaction, respectively, and σexc and σinh control
the width of each interaction distribution. cglob contributes
additional across-the-board inhibition from each above-
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threshold neuron. In our model, as in most DNF models,
cexc>cinh>cglob and σexc<σinh, so interaction is excitatory
(positive effect on activation) for nearby neurons and
inhibitory (negative effect on activation) for more distant
neurons. Lateral excitation allows the formation of selfsustained above-threshold activation peaks which drive
articulatory movement, while lateral inhibition prevents
runaway expansion of activation peaks. The activation
threshold for interaction is given by a sigmoidal function
g(u):
1
𝑔(𝑢) =
1 + exp(−𝛽𝑢)

(4)

By convention, the threshold is u = 0. Finally, noise is
simulated by adding normally distributed random values
ξ(x,t) weighted by a parameter q. This model, which we use
to generate the simulations in the following section, was built
using the MATLAB-based software COSIVINA
(Schneegans, 2021).

peak. In these cases, sub-threshold input from the voiced
category had no impact on the VOT field location of the
above-threshold peak, which was centered on 60 ms, the
center of the svoiceless input distribution. For intermediate
values of w (10 to 20), lateral inhibition from the voiceless
peak reached further in the field, inhibiting activation on the
voiced side of the field so that only the voiceless peak was
apparent; this peak was still centered on 60 ms, the canonical
field location for the voiceless category. Interestingly, at
large values of w (> 20), overlap between the two input
distributions was substantial enough that the voiceless
activation peak was pulled in the direction of the voiced
input. This is because—for large enough values of w—
neurons on the more voiced (central) side of the voiceless
peak received activation from both inputs svoiced and svoiceless,
as well as lateral excitation, while neurons on the more
voiceless (peripheral) side of the voiceless peak received less
activation from svoiced. Overlap in feature space between
target distributions of opposing phonetic categories has
previously been proposed to account for dissimilation effects
between English vowels (Tilsen, 2009) and Mandarin tones
(Tilsen, 2013).

Simulation results

Table 1: Field parameter values.

Conditions for activation peak attraction
Using the DNF model of VOT planning described above, we
can simulate the effects of simultaneous input from both a
voiced category svoiced(x,t) and a voiceless category
svoiceless(x,t). In this case, both inputs will contribute to field
evolution according to Eq. 1. Since a single consonant
production can only have a single VOT value, then lateral
inhibition must be strong enough to prevent the formation of
multiple stable activation peaks; ultimately, only one
activation peak will form, even in the presence of two inputs.
If the two inputs differ in their amplitude a, then the input
with stronger amplitude will tend to dominate field evolution.
However, if the two input distributions overlap in feature
space, then the (ultimately inhibited) input with smaller
amplitude can still contribute to the field location at which
the activation peak forms. Crucially, this effect is sensitive to
the width w of the Gaussian inputs.
To demonstrate this, we varied w from 1 to 50. For each
value of w, we ran one simulation of field evolution under
the influence of two inputs: svoiced and svoiceless. In each
simulation, pvoiced = 10, pvoiceless = 60, avoiced = 4, and avoiceless =
6. Since avoiceless > avoiced, we expect svoiceless to dominate field
evolution. The variation in w applied to both input
distributions: svoiced and svoiceless had the same value of w.
Parameters of the field are listed in Table 1. Each simulation
ran for 50 time steps, which was consistently found to be
enough time for a stable activation peak to form.
Figure 1 displays the activation level at each VOT field
location at the end of each simulation. For very small values
of w (< 10), interaction between the two inputs was minimal,
so that some below-threshold but above resting-level
activation was maintained on the voiced side of the field
without being inhibited by the above-threshold voiceless

Parameter
𝜏
h
β
cexc
cinh
cglob
σexc
σinh
q

Value
20
-5
4
15
5
0.9
5
12.5
1

Figure 1: Effect of input width on overall field activation.
Figure 2 displays the field output as a function of w. The VOT
target was calculated as the activation-weighted average of
the field locations of above-threshold (u > 0) neurons. Figure
2 demonstrates that for values of w between about 20 and 35,
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the VOT target was approximately a linear function of w,
with higher values of w causing a larger trace effect (i.e. a
smaller VOT target for a voiceless production). At very large
values of w (> 35), field noise exerted a large influence on the
precise value of the VOT target. At w ≈ 30, the VOT target
was reduced by about 10-15 ms, which approximates the
magnitude of trace effects observed in speech errors elicited
from tongue twister tasks (e.g., Goldrick et al., 2016;
Goldrick & Blumstein, 2006). Interestingly, this value of w
also approximates the standard deviation of VOT of voiceless
plosives in American English (~30 ms) (Chodroff & Wilson,
2017).

identical to the simulations presented in the previous section.
The simulation results are displayed in Figure 3 for voiceless
stops and in Figure 4 for voiced stops. Both voiced and
voiceless stops show phonetic trace effects consistent with
those reported in the literature. For voiceless stops, mean
VOT was reduced by ~13 ms in the error condition relative
to the canonical condition. For voiced stops the phonetic trace
effect was ~12 ms.

Figure 3: VOT of voiceless stops by condition.

Figure 2: Effect of input width on VOT target.

Trace effects as activation peak attraction
We demonstrated in the previous section that an activation
peak corresponding to a voiceless target can be pulled
towards the voiced side of the feature space when a voiced
input is simultaneously influencing the DNF, and there is
overlap in feature space between the two inputs. In this
section, we show more directly how this hypothesized neural
phenomenon can give rise to phonetic trace effects in voicing
errors. We assume, following previous work on speech errors
(Goldrick et al., 2016; Goldrick & Blumstein, 2006; Goldrick
& Chu, 2014), that some voicing errors are caused by the
mental representation of the non-target voicing category
becoming more active than the target category during
planning. Trace effects reflect a non-zero activation of the
target category in error production. We test this hypothesis
with simulations of both voiceless and voiced stops as targets.
For each case, we simulated 500 VOT productions in each of
two conditions: (1) a non-error or canonical condition in
which only an intended input influences the VOT planning
DNF, and (2) an error condition in which both an unintended
input and an intended, weaker input influences the DNF. In
the canonical condition, atarget = 6 and acompetitor = 0. In the
error condition, acompetitor = 6 and atarget = 4. w was set to 30
for all simulations. Otherwise, model parameters were

Figure 4: VOT of voiced stops by condition.

Errors arising from noise within the DNF
A major focus of computational models of speech production
has been deriving the source of speech errors. So far, we have
focused on errors which derive from cascading activation,
i.e., multiple inputs into a phonetic planning field. In this type
of speech error, the non-target category receives greater
activation, and therefore exerts a greater influence over field
evolution, but the target category (with less activation) still
exerts some influence, deriving the trace effect. The error
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thus originates at a level of planning preceding VOT target
selection in the DNF. This is just one of many possible
sources of speech errors, which also include, for example,
articulatory factors (Goldstein et al., 2007; Mowrey &
MacKay, 1990; Stemberger, 1983). Our account of trace
effects in the framework of DFT opens up possibilities to
understand and model other sources of errors and how they
might interact with cascading activation. For example, the
model presented here raises the additional possibility that
some errors might originate from noise within the DNF. That
is, even if the target input to the DNF is stronger than the nontarget input, within-field noise might still lead to production
of a VOT that would be classified as belonging to the nontarget category. This possibility reduces the burden of higher
level lexical and sub-lexical planning levels to account for all
errors.
To investigate this possibility, we varied the noise
amplitude in the DNF (q in Eq. 1) from 1 to 15 in steps of 0.5.
For each value of q, we ran 500 simulations of field evolution.
This allows us to observe the distribution of VOT values at
each noise level. In each simulation, there were two inputs to
the field: a voiceless input with amplitude avoiceless = 6 and a
voiced input with amplitude avoiced = 4. This reflects a
situation in which the intended voiceless category receives
the most activation, but the unintended voiced category is still
partially activated. A Bayesian classifier trained on the
underlying category distributions svoiceless and svoiced
categorized each VOT target output by the DNF as either
voiceless (no error) or voiced (error). Figure 5 displays the
error rate (proportion of tokens categorized as voiced) as a
function of noise amplitude q. At small values of q, the more
active voiceless input overwhelmingly dominated field
evolution, so errors were exceedingly rare. However, at large
values of q (> 10), errors were observed at a non-negligible
rate, sometimes exceeding 5% of productions.

Figure 5: Error rate by noise level.
As seen in Figure 6, q did not have a consistent effect on
median VOT. Rather, the effect of q on error rate appears to
be driven by an increase in the number of outliers. These
simulations support the hypothesis that, in addition to errors
driven by greater activation of a competitor category

compared to the target category, some errors might
additionally be driven by noise within the process of VOT
target selection, even when the target category representation
exerts a greater overall influence on this process than the
competitor.

Figure 6: VOT by noise level.

Discussion
We demonstrated that trace effects in voicing errors can arise
from the interaction of multiple inputs from higher levels of
planning into a continuous phonetic planning space,
consistent with a cascading activation account of speech
planning and production. We obtained this result using a
framework that can generalize to any phonetic dimension of
speech, addressing the critique raised by Pouplier &
Goldstein (2014). As discussed in the Introduction, the model
in Goldrick & Chu (2014) restricts the effects of gradient
symbolic activation on phonetic planning to articulation time
alone, limiting the model’s generality. Although in this paper
we focused on VOT (a temporal dimension), our model can
derive trace effects in both spatial and temporal dimensions.
Moreover, our model provides wider empirical coverage of
even the VOT facts, since it can derive trace effects in voiced
as well as voiceless errors.
Moving beyond trace effects, we also explored the
possibility that some errors arise from noise within the DNF
governing VOT planning, rather than solely from noise in the
process of lexical selection. In particular, we found that when
within-field noise reached a particularly high level (q > 10),
VOT targets became so variable that some targets were
classified as voiced even when the intended voiceless input
was stronger than the unintended voiced input. This
relationship between response variability and error likelihood
is consistent with the finding that VOT is more variable
among errors than among canonical productions (Goldrick et
al., 2016). In fact, even when errors arise from the process of
lexical selection rather than within-field noise, our model is
consistent with this finding. This is because the abovethreshold activation peak tends to be wider in feature space
when it reflects the contributions of two inputs (error case)
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compared to one (canonical case). Previous work has related
wider distributions of above-threshold activation to greater
variability in behavior (Erlhagen & Schöner, 2002).
At low levels of field noise, the particular method we used
to simulate VOT target selection, i.e. activation-weighted
averaging of above-threshold neurons, yielded low VOT
variance for both conditions (Figure 3, 4). That is, the small
differences in the widths of the above-threshold activation
peaks (for errors and for canonical productions) did not
translate into increased VOT variability for errors. As we
now discuss, whether the width of an above-threshold
activation peak influences VOT variability depends both on
the level of field noise and the particular method of target
selection.
There are in principle different methods of VOT target
selection from field activation. In addition to the method
described above, we explored three others: (1) sampling from
an activation-weighted distribution of above-threshold
neurons, (2) selecting the single neuron with the highest
activation, and (3) sampling from a uniform distribution of
above-threshold neurons. At low levels of within-field noise,
q, these methods showed very little difference in the resulting
variability of VOT targets. However, we saw a clearer
separation at higher levels of noise—while each method
resulted in more VOT target variability as noise level was
increased, some methods led to greater variability than
others. In particular, we saw that target variability was
greatest for method (3), followed by method (2), and lastly,
method (1).
Activation-weighted averaging of above-threshold
neurons, the method we used, was least sensitive to both
noise scaling and the difference in above-threshold activation
peak width between errorful and canonical productions.
Importantly, at high levels of noise, all methods resulted in
greater target variability when there were two inputs in the
field as compared to one—consistent with the
aforementioned finding of more VOT variability among
errorful productions (Goldrick et al., 2016). Notably,
methods that were more sensitive to within-field noise also
showed a greater difference in variability between errorful
and canonical simulations, with (3) showing the greatest
difference, followed by (2), and then (1). We conclude from
this brief exploration that noise can be useful for revealing
the dynamics of the model. It is only in the presence of
sufficient noise that we expose important differences in the
underlying dynamics found across conditions.
As a final point, our DNF, defined in terms of a differential
equation, is inherently temporal, capturing the stabilization of
the field over time. The explicit incorporation of both
temporal and feature gradience allows the generation of
quantitative predictions regarding response time, response
parameters, and the relationship between them. For example,
Roon and Gafos (2016) used a similar approach within the
DFT framework to model the influence of phonetic similarity
between response and distractor on response times in a
speech production task. Regarding speech errors, previous
work has shown a relationship between speech rate and error

rate, such that errors are more likely at faster speech rates
(Goldstein et al., 2007). Future work could probe the
temporal characteristics of the present model (for example,
by varying 𝜏, or by forcing target selection to occur at a
particular time step) in order to generate additional
predictions regarding the relationship between speech rate
and the phonetic properties of errors.

Conclusion
We presented a dynamic neural field (DNF) model of voice
onset time (VOT) planning. In the model, VOT targets are
derived during speech planning from category inputs
represented as distributions in feature space, lateral
interactions (excitatory and inhibitory) between neurons in
the field, and noise. The model allows simultaneous inputs
from voiced and voiceless categories to explicitly interact in
a continuous feature space. Through simulations, we
demonstrated that the model generates trace effects in voicing
errors consistent with those observed in experiments and
naturalistic speech. We thus offered a neural-computational
implementation of the proposal that trace effects arise from
the interaction of multiple active categories during speech
planning, consistent with the cascading activation account.
We also discussed possible extensions of the model beyond
phonetic trace effects.
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Abstract
While statistical learning is a well-established language
learning mechanism, its usefulness in multiple language
contexts is more unknown. A phenomenon known as
entrenchment has been proposed, in which learning one
language prevents the acquisition of a second language in the
same speech stream. The observed L1 advantage or primacy
effect has been previously mitigated with various cues to the
presence of a second structure (L2). The present study
manipulates the number of transitions between L1 and L2 to
influence entrenchment. One condition was designed to
replicate previous findings of entrenchment and the other was
designed to overcome entrenchment. We find that adding more
transitions between languages did not increase L2 learning, and
second language learning is more dependent on the first learned
language than on manipulations of the transitions between
languages.
Keywords: speech segmentation; statistical learning; primacy;
bilingualism

Introduction
Statistical learning (SL) is a mechanism that contributes to
word segmentation in language learning, a discovery dating
to the initial study showing infants are able to parse artificial
language speech streams (Saffran, Aslin, & Newport, 1996).
Adults have demonstrated similar proficiency for artificial
language learning, which indicates that SL is not purely an
ability for individuals in early stages of development
(Saffran, Newport, & Aslin, 1996). While the artificial
languages used in most SL studies are dissimilar to any real
language due to differences in pitch, tone, and uniformity, SL
is also effective for natural language segmentation in infants
(Pelucchi, Hay, & Saffran, 2009). Not only that, but SL
performance on artificial languages correlates with natural
syntactic and semantic language skills, as well as vocabulary
and reading ability (Newman et al., 2006; Evans, Saffran, &
Robe-Torres, 2009; Arciuli & Simpson, 2012). Despite the
differences between artificial and natural languages, the
correlation between SL and aspects of natural language
learning is well established.
With bilingualism, however, the relationship with SL is
more complex. Bilingual individuals have varying ages and
levels of acquisition with their second language. In short, real

world language acquisition is varied by tone, pitch, or
speaker, and the addition of another language makes learning
by statistical regularities even more difficult (Qian, Jaeger, &
Aslin, 2012). In the context of SL, however, the most
prominent issue is how individuals are able to form different
statistical representations for each artificial language instead
of simply aggregating the two as one language (Weiss,
Gerfen, & Mitchell, 2009). Using completely different sets of
syllables leaves open the possibility that individuals perceive
the entire sequence as a single language (Antovich & Graf
Estes, 2017). Therefore, multiple artificial language studies
often incorporate at least a partially overlapping syllable
inventory to avoid that confound.
Gebhart, Newport, and Aslin (2009) tested how well
participants were able to acquire two artificial languages
sharing a partial syllable inventory and incompatible
distributional statistics in a single speech stream. The authors
found a strong primacy effect, in which participants were able
to acquire L1 but were unable to acquire L2. This
“entrenchment” in L1 was only offset with the use of an
explicit cue, or when L2 exceeded L1 in duration by 3 times
the length. This phenomenon of entrenchment parallels the
native language neural commitment (NLNC) hypothesis
proposed by Kuhl (2004) for natural language acquisition.
Kuhl argues that, based on previous literature showing that
language experience affects later language learning
capabilities (Dehaene-Lambertz et. al, 2000; Callan et al.,
2004), language learning produces neural networks that code
the patterns of the experienced language, interfering with
learning foreign languages that do not conform to learned
patterns.
Other studies have manipulated the consistency of
presentation of L1 and L2 to test whether multiple switches
between languages would lead to acquisition of both
languages instead of relying on L2 overexposure (Zinszer &
Weiss, 2013). The authors compared the degree of primacy,
the difference between performance on L1 and L2, for
different configurations of the L1 and L2 exposure, finding
the greatest L2 learning when participants were exposed to
five and a half minutes of L1, then alternating 2 minute, 45
second blocks of L2, L1, and L2. In a similar study, Weiss,
Gerfen, and Mitchell (2009) presented L1 and L2 in
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alternating blocks of two minutes for 24 minutes total. They
found that learning for both languages exceeded chance. The
“unstable” exposure to L1 and L2 avoided the entrenchment
effect in Weiss et al.’s study, which offers further support for
the idea that the NLNC is a model for artificial language
entrenchment. However, the unstable design of Zinszer &
Weiss also overcame the same initial L1 entrenchment
observed by Gebhart et al. despite a net increase of L1
exposure. These findings raise the question of how switching
between languages may support L2 learning, by preventing
entrenchment altogether or by providing a mechanism for
overcoming entrenchment faster.
Karuza et al. (2016) raises the possibility that the brain's
tendency for efficiency could result in entrenchment-like
performance. The authors found that participants who learned
less of L2 from a speech stream had decreased activity in the
fronto-subcortical and posterior parietal regions, which are
associated with attention and executive function. This
suggests that failure to acquire L2 could be due to a lack of
attention in the latter half of the speech stream, and the
authors suggested that “inefficient” learning systems are
more sensitive to structural changes of language and more
likely to acquire L2. In line with these findings, an unstable
speech stream, with more frequent transitions between
languages as seen in Zinszer & Weiss (2013) or Weiss,
Gerfen, and Mitchell (2009) may be more successful by
capturing attention with sudden or earlier switches between
languages. Furthermore, the study suggests that failure to
learn a second language occurs due to a prolonged exposure
to L1 changing attentional allocation rather than directly
impeding learning.
Bulgarelli and Weiss (2016) aimed to directly limit
entrenchment of L1 by providing frequent tests throughout
L1 exposure and switching participants to L2 exposure once
they scored well in L1, thus ensuring that they learned the
language and transitioned immediately after said learning.
Under this paradigm, participants were able to learn both
languages, suggesting that previous literature replicating
entrenchment was a result of overlearning L1, but the
frequent starts and stops for assessment may have had an
unintended result of sustaining participant attention as well.
While in a uniformly unstable exposure to language, the
frequent and early onset transitions between languages will
not be as accurate in preventing overlearning, the study
provides support that instability is more effective for multiple
language learning due to reduced overexposure. Bulgarelli &
Weiss’s conclusions about overexposure, like the other
entrenchment studies, offer support for the principles of the
NLNC that state L1 learning directly prevents L2 acquisition.
In the context of these previous studies on entrenchment,
we sought to test the link between over-learning and switch
effects seen in artificial speech segmentation studies and the
NLNC theory for natural language acquisition. We initially
briefly exposed participants to L1 to estimate their level of
L1 learning and avoid overlearning. The next day, we
exposed participants to L1 and L2 in either a stable or

unstable transition speech stream, as seen with Zinszer and
Weiss (2013), and Karuza et al. (2016), in the hopes of
respectively replicating the entrenchment effect and
preventing L2 acquisition, from Gebhart, Newport, and Aslin
(2009), or avoiding an overcommitment in one language and
allowing L2 learning, as Weiss et al. (2009), Zinszer and
Weiss (2013), and Bulgarelli and Weiss (2016) showed.
Based on previous literature concerning entrenchment, we
predicted that faster initial learning of L1 on the first day
would be negatively correlated with later L2 learning on Day
2. For our exploration of the NLNC, we predicted that L2
learning would be better for participants presented with the
unstable speech stream, and within that unstable condition,
we predicted that L1 on Day 1 and L2 on Day 2 performance
would be positively correlated. Unlike many previous
studies, which have screened exclusively for monolingual
participants, we also recruited participants with varying
levels of L2 proficiency allowing a secondary exploration of
how experience with a natural L2 might modulate sensitivity
to switch cues or entrenchment effects.

Method
Participants 64 undergraduate students (27/37/0 M/F/other)
from Swarthmore College were recruited through physical
advertisements posted around campus, word of mouth, or an
introduction to psychology course. Participants were
compensated with either ten dollars or course credit, and they
were randomly assigned to one of four groups based on one
of two experimental conditions and one of two first
languages; each group had 16 participants. The mean age of
the group was 19.8 years (20.1y for males, 18.8 y for
females). The participants were not excluded based on their
language history, resulting in a wide range of second
language proficiency levels.
Language History Participants self-reported their learned
languages and rated their own reading, listening, writing, and
speaking skills with each language. They also self-reported
frequency of exposure to each language via media, school,
family, or friends, as well as the age they were first exposed
to the language. For the purposes of this study, language
proficiency was calculated using the mean of listening and
speaking skills, allowing us to assign numerical scores to
each natural language that the participants knew. All
participants reported maximum or near-maximum
proficiency in at least one language (i.e., their native
language), and second language proficiency was calculated
as the second highest score after that native language.
Speech Stream Languages The speech stream consisted of
two languages previously used by Gebhart et al. (2009,
Experiment 1b). Each language was composed of 12 syllables
equally divided into four words. For both languages, there
were two vowel frames and six consonants to define the
words. In one language, the first syllable of a triplet led to one
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of two syllables, which then led to one of two other syllables.
In this manner, within one language, each syllable was
reliably placed in the first, second, or third syllable of the
word triplet. However, the two languages shared 6 syllables
with each other, leading to a 50% overlap, but the shared
syllables marked different positions of the words within the
language and could not be used as consistent cues for
segmentation. The languages were able to be segmented only
by tracking the transitional probabilities (TPs) between
syllables, with high TPs between syllables or vowels
composing a word and low TPs between syllables and vowels
creating a word boundary. The within-word TP was 1 for
vowels and 0.5 for syllables, and the between-words TP was
0.5 for vowels and 0.25 for syllables.

Figure 1: Transitional probabilities defining each language’s
structure. The transitional probabilities result in an
unlearnable structure when combined.
Procedure Participants participated in a two day
familiarization phase. On the first day, participants were
instructed to listen to a recording of a speech stream and were
informed that they would be quizzed on what they had heard.
The participants listened to 2 minutes and 45 seconds of their
first language, termed L1. After this initial exposure of L1,
participants completed a test phase with a 16 two-alternative
forced choice task. Participants selected between the
statistically defined words from the stream and “part-words”
that consisted of the same syllables. Participants were
instructed to choose which between the word and part-word
had occurred in the stream. Each option was presented with a
visual cue on the left or right side of the monitor to indicate
where participants should click to select their choice. The test
items were presented one at a time, counterbalanced between
which came first and between the words and part-words set
against each other. The participants were given 10 seconds
after the second choice was presented to decide before the test
automatically advanced to the next question. The questions

were randomly sorted, and spaced between each other by 1
second.
On the second day, participants listened to a speech stream
according to one of two conditions, noted by the number of
transitions between languages. The second language that they
were exposed to was termed L2. Assignment of the two
languages to the L1 and L2 positions was counterbalanced
across all participants. In the “stable” condition, participants
listened to an additional 5 minutes and 30 seconds of the same
L1 from Day 1, with one transition (1T) to 5 minutes and 30
seconds of the L2. In the “unstable” condition, participants
listened to L1 for a block of 2 minutes and 45 seconds, then
blocks of L2, L1, and L2 for the same amount of time each,
for a total of three transitions (3T) between languages. The
total length of the speech streams were the same between
conditions (11 minutes), as well as the exposure to L1 and L2
(Day 1: 2:45 L1; Day 2: 5:30 L1 and 5:30 L2). After the
speech stream, participants completed another 2-AFC task of
32 questions. Half of the test items contrasted words and partwords in L1, and the other half of the test items contrasted
words and part-words of L2. The order of the 32 questions
was randomly sorted for each participant.
Analysis We estimated linear regression models for the
magnitude of the primacy effect on Day 2 (L1-L2), as well as
for L1 and L2 performance on Day 2 separately, L2
proficiency based on the switch condition, and language as
predictor variables. Models included counterbalancing
(which language was assigned as L1), condition (1T or 3T),
Day 1 score on L1, and second language proficiency (scaled
0-1) as predictors. For the L1 and L2 models, we also
included the other language’s Day 2 accuracy score to assess
whether performance in the two languages were positively or
negatively correlated with each other.
Because the number of predictors was relatively large and
most were not statistically significant, we used Akaike
Information Criterion (AIC) for an automated stepwise
regression to identify the best fit model and exclude
extraneous predictors.
We also separated participants based on whether they
performed better than chance (binomial test for 16 items,
accuracy >0.75 for p<0.05) in L1 on the first day and
computed means for their Day 2 performances.

Results
Participants scored above chance on L1 on both days and
in both conditions. Neither group averaged above chance for
L2. See Table 1 (next page) for the mean performances and
Table 2 for mean participant performance versus chancelevel (50%). Performances on Day 2 were not significantly
different between the two groups (L1: t(60)=0.800, p = 0.43;
L2: t(54)=0.98, p = 0.33). See Figure 2 (next page) for the
graphic rendition.
The regression model to estimate primacy effect was
statistically significant (F=14.2, p<0.001, adjusted R2=0.18).
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Day 1 performance was the only significant predictor
retained in the model and showed that for every 1% increase
in Day 1 performance on L1, there is a 0.48% increase in the
magnitude of the Primacy effect on Day 2 (L1, Day 2 minus
L2, Day 2; see Table 3).
We separated participants according to L1 performance on
Day 1. Among the 32 participants did not score significantly
greater than chance (scored 0.75 or below on 16 items,
binomial test p<0.05), 15 were in the 1T condition on Day 2
and 17 in the 3T. Of the 1T group, the average Day 2 score
was 0.635 (SD = 0.182) on L1 and 0.582 (SD = 0.237) on L2.
For the 3T group, the average Day 2 score was 0.582 (SD =
0.140) on L1 and 0.520 (SD = 0.159) on L2. See Figure 3 for
the results.
Among 33 participants scored significantly above chance
(>0.75) on Day 1, 18 were in the 1T condition on Day 2 and
15 were in the 3T. Of the 1T group, the average Day 2 score
was 0.776 (SD =0.166) on L1 and 0.558 (SD = 0.213) on L2.
For the 3T group, the average Day 2 score was 0.786 (SD =
0.152) on L1 and 0.522 (SD = 0.161) on L2. See Figure 3 for
the results.

Figure 2: Accuracy of participant responses in the
familiarity task. Chance level is at 0.50, and the error bars
denote 95% confidence intervals of the mean.

Table 1: Mean Performances by Group
1T
3T
Combined
Day 1, L1
0.741
0.747
0.744
(SD =0.224) (SD =0.194) (SD = 0.208)
Day 2, L1
0.717
0.681
0.694
(SD =0.184) (SD =0.177) (SD = 0.184)
Day 2, L2
0.568
0.521
0.540
(SD =0.220) (SD =0.158) (SD = 0.191)

Table 2: T-Test Score Against Chance
1T
3T
Combined
Day 1, L1
6.175 (32)
7.225 (31)
9.458 (64)
(p<0.001)
(p<0.001)
(p<0.001)
Day 2, L1
6.575 (30)
5.677 (30)
8.700 (61)
(p<0.001)
(p<0.001)
(p<0.001)
Day 2, L2
1.734 (30)
0.732 (30)
1.836 (61)
(p = 0.0932) (p=0.470)
(p = 0.0712)

Table 3: Primacy Analysis
Estimate
Intercept
L1, Day 1

Multiple R2
0.19

-0.20
0.48

Std.
Error
0.099
0.13

Adjusted R2
0.18

T-Value

P-Value

-2.07
3.77

0.042
0.00038

F-Statistic
14.2

P-Value
0.00038

Figure 3: Accuracy of participant response in the familiarity
task of the second day separated by their performance on the
first day. Chance level is at 0.50, and the error bars denote
95% confidence intervals of the mean.
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We repeated the stepwise regression procedure for each
language (L1 and L2) on Day 2 to understand their specific
contributions in the observed primacy effects. The L2
performance stepwise model only revealed L1, Day 2
performance as a significant predictor of L2 performance,
with a 1% increase in L1, Day 2 performance associated with
0.54% increase in L2 performance. However, even the best
model was not a good fit (F=1.96, p=0.078), with an adjusted
R2 of 0.098 (results in Table 4).
Table 4: L2 Performance Stepwise Analysis
Estimate
Intercept
L1, Day 1
L1, Day 2
3T Switch

Second
Language
Proficiency
Multiple R
0.20

2

Std.
Error
0.33
0.35
0.21
0.21
0.46

0.81
-0.64
0.54
0.82
-0.76

T-Value

P-Value

2.47
-1.84
2.61
0.39
-1.71

0.017
0.071
0.012
0.70
0.093

Figure 4: Natural second language proficiency compared
with L2, Day 2 performance by condition.

Discussion
Adjusted R
0.099

2

F-Statistic
1.96

P-Value
0.078

The L1 performance stepwise model showed that
performance on L1, Day 1 and L2, Day 2 each predicted
variance on L1, Day 2. For each 1% increase in performance
on L1, Day 1, there is a 0.46% increase in L1, Day 2, and for
each 1% increase in performance on L2, Day 2, there is a
0.25% increase in L1, Day 2. The adjusted R2 was 0.32 and
(F=15.5, p<0.001; results in Table 5).
Table 5: L1, Day 2 Performance Stepwise Analysis
Estimate
Intercept
L1, Day 1
L2, Day 2

Multiple R2
0.35

0.22
0.46
0.25

Std.
Error
0.090
0.091
0.099

Adjusted R2
0.32

T-Value

P-Value

2.41
5.04
2.51

0.019
<0.0001
0.015

F-Statistic
15.5

P-Value
<0.0001

Although natural second language proficiency was not a
significant predictor in any of the models, we asked whether
any bivariate correlation existed between bilingual status and
performance on the task because many previous studies have
excluded bilingual participants. In comparing natural second
language proficiency and L2 performance from the speech
stream, the Pearson correlation coefficients were -0.224 and
+0.082 for the 1T and 3T groups, respectively. However,
neither of these correlations proved to be statistically
significant (1T: p=0.23; 3T: p=0.66; see Figure 4).

Our research was motivated by previous literature
surrounding entrenchment in statistical learning of a
language in the context of bilingualism. In presenting
participants with an unstable speech stream of L1 and L2, we
expected to see increased learning in L2, while maintaining
learning in L1. The results did show that L1 learning was
consistent across both conditions, but L2 learning also proved
not to be significantly different between conditions,
ultimately contradicting our hypothesis.
In line with an entrenchment or over-learning based
explanation for the primacy effect, we also predicted that
stronger learning in L1 on the initial exposure would correlate
with decreased learning in L2. Based on our results, however,
L2 was not acquired in the learned and unlearned groups by
condition. The regression model for L2 was not adequate to
draw conclusions, but Day 1 learning was a marginally
significant and negative predictor of L2 performance on Day
2, which—if supported in future studies—would be
consistent with our predictions.
In replicating the primacy measure from Zinszer & Weiss
(2013), we found that only performance on L1, Day 1
affected the difference in performance between L1 and L2 on
the second day. Primacy was unaffected by the switch
condition. With L2 performance also not varying by
condition, the results proved contradictory to our hypothesis.
Although this study and previous studies have used
primacy as a measure of L2 learning after L1 exposure,
primacy is also a function of varying L1 outcomes. Within
the unlearned group, only participants in the 1T condition
improved their L1 performance from Day 1 to Day 2,
suggesting that the stable (1T) vs. unstable (3T) presentations
did have an effect on their ability to learn the first language if
coming in with little knowledge from Day 1. This pattern
somewhat resembles the results of Zinszer & Weiss’s (2013)
Experiment 1, in which participants also had no prior
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knowledge of L1 (because there was only one day of testing)
and primacy was reduced by largely through a decrease in L1.
In the learned group, participants showed less knowledge
of L1 on Day 2 than they did on Day 1, but were still above
chance. This group-level effect could be a simple case of
regression to the mean (participants selected for doing
especially well on Day 1 are more likely to decrease towards
the overall group mean than become even more extreme
relative to the mean). More importantly, in the stepwise
regression model, any increase in an individuals’
performance on L1, Day 1 or in L2, Day 2 corresponded to
an increase in performance on L1, Day 2.
However, when looking at the influence of L2 performance
on L1, Day 2, there are a few possibilities. One potential
explanation is that there are individual SL ability differences,
in that participants who perform well on the tasks will
continue to perform well regardless of the condition. Another
possibility relates to the efficiency hypothesis proposed by
Karuza et al. (2016), which argues that participants engage in
an efficiency versus change-detection tradeoff. According to
this theory, participants who more strongly learned L1
reduced their sampling from the structure of L1 as the stream
continued. However, this efficiency hampered the acquisition
of L2 when it appeared. On the other hand, participants who
were more active about learning the language were more
prepared for the change to L2 that occurred in the stream.
This provides an explanation for our findings as well, as those
who pay attention to L1 on Day 2 would have better
performance on L2 as well.
Ultimately, the results did not show that an unstable
presentation of L1 and L2 could lead to stronger L2 learning.
We did replicate the primacy effect, as L1 learning was
significantly greater than L2 learning in both the 1T and 3T
conditions, particularly for participants who showed
evidence of L1 learning the day before. These data did not
support our hypothesis that entrenchment would be overcome
and primacy eliminated under the unstable speech stream.
The basis of our hypothesis came from Zinszer & Weiss
(2013), as in one of their experiments (Experiment 2) they
exposed participants to a speech stream of the same exact
presentation and length. The only difference between our 3T
condition procedure and their Experiment 2 is we spaced ours
over two days, with initial exposure to L1 on the first day
instead of in an extended length at the beginning of the larger
speech stream.
We spaced our speech stream out in such a manner for the
same reason as Karuza et al. (2017): we wanted specifically
to focus on how having learned L1 impacts L2 learning
instead of how L1 and L2 can be learned at the same time.
According to Gebhart et al. (2009), a pause between two
speech streams is enough to cue participants towards a
potential change in the stream, which (if anything) we would
have expected to improve L2 learning and decrease primacy
overall, and so we must explore the effect of the 24 hour
intermission in our own design. Under our model of unstable
transitions, we provide evidence against the native language

neural commitment theory, as we find that L1 learning
increases with L2 learning in a positive relationship. This
indicates that in artificial multiple language learning,
participants are hindered from learning L2 as a result of
another phenomenon besides overcommitment to L1.
In the future, we will manipulate the speech streams
further, eliminating the entrenchment of L1 by either
replacing L1 on Day 1 with a third language separate from
the Day 2 stream, or by eliminating Day 1 altogether and
shortening the presentation of L1 on Day 2. This way we can
test for the presence of cue to multiple structures from the 24
hour pause. We will also investigate the use of the EEG as an
attention check, to see if individuals who display more
attention throughout the speech streams are more likely to
detect changes from L1 to L2.
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Abstract
Effective practice is key to learning. Yet, it is unclear whether
young children have the ability to make effective and adaptive
training choices. In this project, we investigated 4- to 7-yearold children’s (n=146) ability to tailor their training strategies
to optimize performance outcomes. Children were presented
with one easy and one difficult guessing game and were asked
to choose which game they wanted to practice. Crucially, before they chose, they were told that they would eventually be
tested either on the game of their choice (Choice condition) or
on the game the computer would randomly pick (Random condition). Contrary to our hypotheses, we found that condition
per se did not predict children’s training choices. However, we
found that older children were more likely to make effective
and adaptive training choices than younger children. Overall, our results indicate that children’s training choices improve
from ages 4 to 7 and inform the development of interventions
to support strategic learning.
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Introduction
Imagine you have a Math test and a French test tomorrow, but
you only have one hour to study. Should you split your time
equally between the two subjects or devote the full hour to
focus on only one of them? If you are better at French than
Math and want to do well on both tests, it would probably
make sense to devote most of your time to studying Math.
However, if you only care about your French test, you might
want to devote the hour to perfecting your French. As this
example illustrates, effectively deciding how to allocate your
limited resources depends on your abilities and goals. Although deciding whether to study Math or French may seem
trivial (it is probably okay to fail one Math or French test),
decisions about where and how we spend our efforts more
generally build up over time to determine what we learn and
who we become. Thus, understanding how young children
make such decisions early in life may be especially critical to
informing interventions supporting children’s later learning
and development.
Past work has shown that adults are adept at allocating resources based on their abilities and goals to optimize performance. For example, Ten, Kaushik, Oudeyer, and Gottlieb
(2021) presented participants with games that varied in difficulty and told them to play for a given number of trials.
With no external constraints, adults spent their time playing

easier games, on which they made fast progress (Baranes,
Oudeyer, & Gottlieb, 2014). However, when participants
were instructed to learn all games because they would eventually be tested on them, they were more likely to spend their
time playing more difficult games (Ten et al., 2021). Similarly, when preparing for a test of novel word pairs, adults
studied items of intermediate difficulty and avoided spending
time studying items they already knew or that were very difficult (Metcalfe & Kornell, 2005). Furthermore, individual
differences in adults’ ability to monitor and track their performance over time—that is, their metacognition—relate to
their test outcomes (Dunlosky & Nelson, 1992; Metcalfe &
Kornell, 2005), indicating that having a fine-tuned awareness
of one’s own abilities and learning trajectory supports performance outcomes. However, it is unclear when this ability to
effectively and adaptively allocate one’s effort and resources
(e.g., time) emerges and how it develops across childhood. In
this project, we ask whether 4- to 7-year-olds can make effective decisions about what to practice based on their own
abilities and given goals in order to maximize expected rewards.
Prior work suggests that even toddlers have some awareness of their abilities. For example, 20-month-olds selectively
ask caregivers for help when they are unsure of the location
of a hidden toy (Goupil, Romand-Monnier, & Kouider, 2016)
and preschoolers are more confident about memory items
that they answer correctly versus incorrectly (Hembacher &
Ghetti, 2014). Young children can also use cues related to
physical features of the task, social learning, and prior performance to infer their own and others’ performance. For
example, Bridgers, Jara-Ettinger, and Gweon (2020) showed
that children infer task difficulty from physical features of the
task, like the number of buttons on a toy, and use this information to decide which game to teach another person (see
also Magid, DePascale, & Schulz, 2018). Moreover, infants
and preschoolers put more effort into achieving a goal when
they see an adult working hard versus effortlessly succeeding
at the same or different goal (Leonard, Lee, & Schulz, 2017;
Leonard et al., 2020; Lucca, Horton, & Sommerville, 2020).
There is also evidence that children adapt their efforts based
on external goals. For example, preschoolers engage in fewer
goal-directed and more playful actions when they are told to
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play versus achieve a specific goal (Chu & Schulz, 2020), and
are less likely to explore a novel toy after one specific affordance is explicitly demonstrated (Bonawitz et al., 2011).
However, prior work also suggests that these inferences,
and children’s ability to act on them, go through substantial
change across development (Metcalfe & Finn, 2013). First,
a large body of work has shown that children often tend
to overestimate their physical and mental abilities (Flavell,
Friedrichs, & Hoyt, 1970; Plumert, 1995; Schneider, 1998;
Stipek & Hoffman, 1980), even when provided with explicit
feedback on their performance (O’Leary & Sloutsky, 2019).
Second, although children may have some general awareness
of their abilities, they do not always act based on this information to optimize their resource allocation. For example,
4- to 5-year-old children do not allocate more study time to
a memory task they previously did poorly on (Flavell et al.,
1970). Similarly, third graders do not spend extra study time
on items that they previously answered incorrectly on a memory test, even though they report being less confident about
their knowledge of these items(Metcalfe & Finn, 2013). It is
not until fifth grade that students behave like adults and devote more study time to the yet-to-be-learned items (Metcalfe
& Finn, 2013). Moreover, when told to choose which game
to play with in the absence of a test, 11-year-old children and
adults, but not 6-year-olds, prefer to play with a less cognitively demanding game (Niebaum, Chevalier, Guild, & Munakata, 2019).
To summarize, unlike adults and older children, younger
children do not invest resources towards compensating for
their weaknesses before a test and do not devote time to easier
tasks in the absence of a test. In this sense, younger children
do not seem to be making effective (choosing a strategy to
optimize performance given external goals) or adaptive (flexibly changing strategies across goal contexts) decisions about
effort allocation. This pattern of results may be driven by developmental changes in children’s beliefs about their abilities
(Schneider, 1998), executive function and working memory
(for a recent review, see Roebers (2017); Marulis, Baker, and
Whitebread (2020)), their ability to accurately monitor task
demands (Chevalier, Martis, Curran, & Munakata, 2015),
or adapt to specific task features (Lindow & Betsch, 2018;
Meder, Wu, Schulz, & Ruggeri, 2019). However, past work
has not compared children’s learning choices across different
explicit goals within or between participants. Thus, we do not
have definitive evidence of whether young children can adapt
their training strategies to make effective choices when facing
distinct goals, even on simple tasks.

The present study
In this study, we investigate whether 4- to 7-year-old children
make effective and adaptive training choices to optimize their
performance given specific task goals. To this end, we created
two novel, interactive, and child-friendly games where children had to guess 8 different cards (animals or objects) from
their pictures (game 1) or sounds (game 2). Children were
familiarized with 4 cards from each game to demonstrate that

one of the games was very easy (all cards could be correctly
guessed) and one was very difficult (none of the cards could
be guessed correctly; stimuli were selected after extensive pilot testing). Children were told whether their guesses were
correct or incorrect, but they did not receive corrective feedback for unknown cards. Children were randomly assigned to
one of two conditions: In the Choice condition, we told them
that they could eventually choose which of the two games
to be tested on, whereas in the Random condition, we told
them that the computer would randomly chose one of the two
games for them to be tested on. Children were told that they
would get stickers based on their performance at test, which
would include all the 8 cards of a game. They were then asked
to choose which game they wanted to practice, that is, which
set of 4 non-familiarization cards they wanted to learn about
before the test.
The optimal strategy in the Choice condition is to practice the easy game and then choose it at test. This approach
guarantees to score 8 out of 8 points—children already succeeded on the 4 familiarization cards of the easy game and
can then learn about the 4 non-familiarization cards. If they
chose to get tested on the difficult game, they would not be
able to score more than 4 points in any case, as they would
not get the chance to learn the correct answer for the 4 familiarization cards of the difficult game they had initially failed
to guess. In the Random condition, the optimal strategy is to
train the difficult game, as it ensures achieving at least 4/8
points, whatever game is presented at test. If children decided to train the easy game in the Random condition and
happened to be tested on the difficult game, they would end
up scoring zero points. We, therefore, predicted that children
would behave optimally and make effective training choices,
choosing to train and test on the easy game in the Choice
condition and training the difficult game in the Random condition. However, in light of the developmental literature reviewed above, we also predicted age-related improvements in
children’s ability to make effective training choices, adapting
their effort-allocation decisions to the given goal.
Children played two rounds of the game, with condition assignment manipulated both within and between participants.
The resulting 2x2 design allowed us to compare group differences and further investigate, at the individual level, children’s adaptiveness in two ways: 1) children’s ability to
make effective training choices across rounds, that is flexibly changing (or not) their training strategy from round 1 to
round 2 depending on the given goals, and 2) children’s ability to learn from their mistakes, that is, to adjust their training
strategies after failure. We predicted that children’s ability
to make adaptive training decisions across goals and to learn
from their mistakes would also increase with age.

Methods
Participants Participants were 146 4- to 7-year-old children (87 female, M = 70.30 months; SD = 12.92 months;
Range: 48 to 95 months). We recruited and tested participants in the public Zoo in Berlin, Germany. Fifteen additional
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children were tested but dropped from further analysis due to
failure to answer the comprehension questions correctly (N =
6; see below), parental interference (N = 2), tablet malfunction (N = 3), or because they were outside our age range (N =
4).
The sample size was calculated based on a power analysis
performed on a simulated dataset. According to this analysis,
we would have needed to collect data on at least 132 children
in total to be able to detect a difference between conditions
with power = .90. We tested a few additional children to ensure a more even age distribution in our sample. Before starting the experimental session, parents signed written informed
consent, and children were asked to give verbal consent to
participate. The study was approved by the ethics committee
of the Max Planck Institute for Human Development, Berlin.
Materials & Design Participants were introduced to two
guessing games on a touchscreen tablet. The tablet presented
a split-screen with a Pictures game (8 cards) on one side and
a Sounds game (8 cards) on the other side (see Fig. 1). Children were told that in the Pictures game, they had to guess
the animal (or object) illustrated on a picture, whereas in the
Sounds game, they had to guess which object (or animal) had
generated the presented sound. We ensured through pilot testing (N = 16, M = 74.19 months) that one of the two games
would be extremely easy (i.e., presenting sounds of familiar
animals or objects, such as a cat or a bell, that all children
could correctly guess), and the other extremely difficult (e.g.,
presenting pictures of unfamiliar animals or objects, such as a
pangolin or a kitchen-mandolin, that no children in our pilot
sample could correctly guess). Note that, in our final sample,
children failed 1/4 familiarization cards of the easy game in
32 rounds (11%) and children correctly guessed 1/4 familiarization cards of the difficult game in 8 rounds (3%). We decided to include all data, including those from these rounds,
in the analyses reported below. Note that none of the results
drastically change if we exclude these rounds from the analyses. We counterbalanced whether the Pictures or Sounds
games were easy or difficult and whether they were assigned
the animals or objects stimuli. The experimental session included two rounds, each consisting of three phases: familiarization, training, and test.
In the familiarization phase, children could click on the top
4 cards of the Pictures game and the top 4 cards of the Sounds
game. Children were told whether they guessed correctly
or not but were not given the correct answers for the cards
they guessed wrong or did not know (see Fig. 1). Children
then completed a comprehension check where they indicated
which game they performed better on. Only children who answered the comprehension check correctly were included in
the analyses (see above). After the familiarization phase, children were told that they would eventually be tested on all of
the 8 cards of one of the two games (half of which they had already seen). Children were told that they would win a sticker
for each correct answer and lose one sticker for each incorrect
answer at test, which would include all the 8 cards of a game.

Crucially, we either told children that they could decide which
game they would eventually be tested on (Choice condition)
or that the computer had already randomly selected which
game they would be tested on but that we would not know
which game that was is until the test phase (Random condition).
In the training phase, children had to choose which
game they wanted to practice, that is, which set of 4
non-familiarization cards they wanted to learn about before the test. We then asked children to guess the 4 nonfamiliarization cards, and, unlike in the familiarization phase,
we provided them with the correct answers for the animals
or objects they could not guess correctly. Children then proceeded to the test phase, where they guessed all eight cards of
one game. To maximize hypothesized differences across conditions, children in the Random condition were always tested
on the difficult game.
Children played a second round of the game that was identical to the first round but with new stimuli. Children were
again randomly assigned to either the Choice or the Random
condition, overall resulting in a 2x2 within/between-subjects
design. After both rounds were completed, children received
the stickers they won and were thanked for participation.

Figure 1: Example of the calibration phase.

Results
Training choice We first examined whether participants
tailored their training choices to the given goals in round
1, when they had no prior experience with the task. In the
Choice condition, 39 out of 72 children chose to train the
easy game (54%; p = .278, binomial test), and in the Random condition, 33 out of 74 children chose to train the difficult game (45%; p = .852, binomial test). A logistic regression predicting training choices with condition (Choice
vs. Random) revealed that condition did not predict children’s
training choices in round 1 (p = .880, OR = 1.051 [0.548 –
2.018]). Adding age to the model revealed a significant, positive effect of age on children’s training choices (p = .048,
OR = 0.964 [0.930 – 1.000]). Specifically, older children
preferred to train the difficult game across conditions, while
younger children preferred to train the easy game across conditions. There was no age by condition interaction on training
choices.
We found similar results in round 2. In the Choice condition, 50 out of 76 children chose to train the easy game
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(66%; p = .004, binomial test), and in the Random condition, 29 out of 70 children chose to train the difficult game
(41%; p = .940, binomial test). Again, condition did not
significantly predict children’s training choices (p = .369,
OR = 0.735 [0.374 – 1.438]). As in round 1, adding age
to the model revealed a significant, positive effect of age on
children’s training choices (p = .006, OR = 0.942 [0.924 –
1.044]). There was no age by condition interaction on training choices.
Examining both rounds with age, condition, and round as
predictors, we found that only age (p = .048, OR = 0.964
[0.928 – 0.999]), but not condition (p = .399, OR = 5.505
[0.106 – 337.770]) nor round (p = .294, OR = 8.799 [0.160
– 569.010]), predicted training choices. We found no interaction effects of predictors on training choice.
Test performance We ran a linear regression to examine
how condition (Choice vs. Random) predicted children’s performance at test (that is, how many items they guessed correctly) across both rounds. We found that condition was a
significant predictor (B = -0.863, p < .001) of participants
performance. As expected, children obtained more points in
the Choice condition (M = 6.96, SD = 2.09) compared to the
Random condition (M = 1.12 , SD = 1.21; t(236.53) = 29.30,
p < .001, Welch two-sample t-test). Adding age to the model
revealed no further significant effects on children’s test performance. The effect of condition on test performance (B = 1.064, p < .001) also held when adding age and round (round
1 vs. round 2) as a predictor.
Effectiveness of training choice The fact that condition (or
its interaction with age) did not predict children’s training
choices goes against our hypotheses. However, this apparently puzzling behavior makes more sense when we consider
that in a considerable proportion of Choice-condition rounds
(27 out of 148 rounds; 18%), those children who chose to
train the difficult game also decided to get tested on the easy
game and obtained the maximum score, see Fig. 3). The
learning choices of these children (1 4-year-old; 5 5-yearolds, 13 6-year-olds, and 8 7-year-olds) are in fact, sophisti-

Figure 2: Participants training choices by condition and age
in months in round 1 and round 2.

cated, and cannot be considered ineffective—as they still led
to maximum scores and did not imply any loss of resources.
Therefore, to analyze the effectiveness of participants’ training choices, instead and beyond their training choices, we recoded them as effective in the following cases:
• train the easy game in the Choice condition
(Round 1: n = 39, Round 2: n = 50, total n = 89)
• train the difficult game in the Random condition
(Round 1: n = 33, Round 2: n = 29, total n = 62)
• train the difficult game in the Choice condition, then
choose the easy game at test and achieve the maximum
score (8 points; Round 1: n = 13, Round 2: n = 14, total n = 27)
Participants’ choices were coded as ineffective otherwise
(Round 1: n = 61, Round 2: n = 53, total n = 114). Overall,
children who made effective training choices achieved more
points (M = 5.51, SD = 3.00) than children who made ineffective training choices (M = 1.85, SD = 2.70; t(259.08) =
10.806, p < .001).
We first examined whether participants made effective
training choices when they had no prior experience with the
task, in round 1. A logistic regression revealed a significant effect of condition on training effectiveness (p < .001,
OR = 0.310 [0.155 – 0.618]), with children making more effective training choices in the Choice condition than in the
Random condition. When we added age to the model, condition remained significant (p = .010, OR = 0.004 [0.000 –
0.267]), but age did not predict children’s effective training
choices (p = .995, OR = 1.000 [0.962 – 1.039]). The interaction of age and condition significantly predicted participants
training choices (p = .040, OR = 1.061 [1.002 – 1.124]): As
can be seen in Figure 3, younger children were as effective as
older children in the Choice condition. However, in the Random condition, we see clear improvement in children’s ability
to make effective training choices with age.
We found similar results for round 2. A logistic regression
predicting effective training by condition revealed a significant effect of condition on training effectiveness (p < .001,
OR = 0.133 [0.061 – 0.289]). When we added age to the
model, condition remained significant (p < .001, OR = 0.000
[0.000 – 0.011]), while age did not predict children’s effective
training choices (p = .322, OR = 0.975 [0.927 – 1.025]). The
interaction of age and condition again significantly predicted
participants training choices (p = .002, OR = 1.108 [1.037 –
1.184]).
A logistic regression predicting effective training across
both rounds with age, condition, and round as predictors revealed no significant effect of age (p = .396, OR = 0.998
[0.993 - 1.003]). However, condition (p < .001, OR = 0.002
[0.002 – 0.002]), round (p < .001, OR = 9.562 [9.489 –
9.634]), the interaction of age and condition (p < .001, OR =
1.070 [1.063 – 1.079]), the interaction of age and round (p <
.001, OR = 0.979 [0.974 – 0.985]), the interaction of condition and round (p < .001, OR = 0.030 [0.030 – 0.030]), and
the interaction of the three predictors (p < .001, OR = 1.0362
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[1.030 – 1.043]) all significantly predicted participants’ training choice effectiveness. These results echo those from the
analyses reported above for round 1 and round 2: Although
younger children were as effective as older children in the
Choice condition, in the Random condition, we see a clear
age improvement in children’s ability to make effective training choices. The three-way interaction of condition, age, and
round further indicates that the interaction between age and
condition is more pronounced in round 2 compared to round
1 (see Fig. 3).

Figure 4: Percentage of children who made an effective training choice at least in round 1 and an effective training choice
in rounds 1 and 2.

Figure 3: Participants effective training choices by condition
and age in months in rounds 1 and 2.
Adaptiveness across rounds Here, we examined children’s adaptiveness - their ability to make effective training
choices across rounds, flexibly changing (or not) their training strategy from round 1 to round 2 depending on the given
goals (see Fig. 4). When considering only the first round,
85 out of 146 children (58%; p = .028, binomial test) made
an effective training choice. Most of the children who made
an effective choice in round 1 also made an effective choice
in round 2 (59 out of 85 children, 69%; p < .001, binomial
test with chance = 25%). That is, overall, 59 out of 146
participants (40%) made an effective training choice in both
rounds (p < .001, binomial test with chance = 25%). A logistic regression revealed that age positively predicted children’s ability to make effective training choices across the
two rounds (p < .001, OR = 1.037 [1.018 – 1.057]). We did
not find an effect of condition combination (same condition
across rounds or different condition across rounds) on children’s adaptiveness (model controlled for age).

Discussion
In this study, we investigated 4- to 7-year-old children’s ability to tailor their training strategies to a given goal in order to
maximize expected rewards. We found that, with age, children were better able to make effective and adaptive training choices across different goals (Choice vs. Random condition). Specifically, younger children preferred to practice the
easy game, and older children generally preferred to practice
the difficult game irrespective of the goal.

There are several possible explanations for young children’s preference for the easy game. One possibility is
that younger children just did not appreciate the difference in difficulty between tasks. We know from previous
work that being aware, monitoring, and updating information
about one’s previous performance is cognitively demanding
(Legare, Mills, Souza, Plummer, & Yasskin, 2013). Previous research has highlighted a connection between children’s
efficient goal maintenance and their working memory capacities (Marcovitch, Boseovski, Knapp, & Kane, 2010). These
metacognitive skills improve over the course of development
(Diamond, 2013), supporting and potentially constraining
children’s performance in effort-allocation tasks, such as the
one presented here. However, we are fairly confident that
children in our study were aware of the difference in difficulty
between the presented games. First, all children included in
this study passed the comprehension questions explicitly addressing this point. Second, the previous work reviewed in
the introduction suggests that even toddlers have some awareness of their own abilities and can, to a certain extent, track
them across tasks and over time. Finally, we made sure that
children could easily track their past performance by providing explicit memory aids throughout the game.
An alternative interpretation is that young children did appreciate relative task difficulty yet failed to plan their efforts accordingly (Bennett-Pierre, Asaba, & Gweon, 2018;
Gweon, Asaba, & Bennett-Pierre, 2017; Metcalfe & Finn,
2013). On the one hand, young children in the Random condition might have engaged in wishful thinking, hoping (or
even being somehow confident) that they will eventually get
tested on the easy game. This mindset would be in line with
previous developmental work, showing that children are often overly positive about future outcomes when they expect
them to be beneficial for themselves (Bernard, Clement, &
Mercier, 2016). On the other hand, it is possible that young
children found that playing the difficult game was frustrating and just not fun, and therefore avoided playing it, even if
that meant potentially failing at test. This finding is in line
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with previous results documenting that fifth and sixth graders
generally prefer tasks labeled as “easy” over those labeled
as “difficult” (Hom & Maxwell, 1983). It could also just be
that young children did not clearly understand the game instructions. For example, they may not have realized that the
fact that the “computer would choose which game they would
be tested on” in the Random condition meant that there was
a 50% probability of eventually being tested on the difficult
game.
Future work should control for these potential confounds
by i) making the instructions more explicit, ii) introducing
check questions—for example, asking them how likely the
computer is to eventually test them in the two games—, iii)
introducing stronger performance incentives that would motivate children to practice the difficult game even if frustrating,
or iv) by contrasting, instead of a Random and a Choice condition, an Easy, a Difficult, and a Random condition, in which
children are clearly explained (and illustrated) before training
that they will be tested on the easy game, the difficult game,
or on one of the two games at random. Finally, v) future work
might want to connect these research questions and findings
more explicitly to the developmental trajectory of executive
function and metacognitive skills across childhood.
Older children’s overall preference to practice the difficult
game across conditions is in line with several previous studies reporting participants’ reluctance to invest resources in
learning already-familiar items (Masur, McIntyre, & Flavell,
1973; Metcalfe & Kornell, 2005). Indeed, we found that older
children practicing the difficult game in the Choice condition did not necessarily demonstrate a sub-optimal training
approach. In a considerable proportion of Choice-condition
rounds (19%), after the familiarization phase, older children
were rightly confident in their abilities to guess the easygame cards without training. Consequently, their decision
to practice the difficult game—which may have been more
appealing, as it offered the opportunity to learn something
new and therefore was potentially more fun—did not prevent
them from obtaining the maximum score when they chose
to test on the easy game, although they had not practiced its
non-familiarization cards. In this sense, their training choices
were, in fact, pretty sophisticated and equally effective.
Considering this unexpected though sensible behavior, one
way to obtain the pattern of results we had initially hypothesized could be to modify the familiarization phase to induce
a stronger difference in expected pay-offs between the two
training strategies across conditions. For example, the familiarization of the easy game could include three easy cards and
one difficult card, thus reducing children’s confidence that
they would be able to obtain the maximum score in the easy
game without practice. Another possibility would be to make
errors in the easy game more costly, for example, by establishing the rule that one needs to guess all cards of one game
correctly to win stickers.
Our results also demonstrate children’s improving ability
to adapt their effort-allocation and training strategies to given

goals. Indeed, older children are not only more likely than
younger children to make effective training choices by tailoring their strategies to the given goal but also more likely to dynamically adapt their strategies across rounds, flexibly changing (or not) their training strategy from round 1 to round 2 if
necessary. This is in line with recent work indicating a developmental increase from age 4 to 10 years in children’s ability
to adapt their pre-decisional and decision-making strategies
to the characteristics of a given task (for a review, see De Simone and Ruggeri (2022)).
To conclude, our study indicates that from age 4 to 7, children substantially improve in their ability to make effective,
adaptive effort-allocation, training choices, which appear to
be often pretty sophisticated already by age 7. These results
might have implications for the development of interventions
that scaffold children’s effective study strategies, in this sense
supporting their later independent learning more generally. In
particular, our results suggest that young children may need
more explicit guidance about how to best allocate their training efforts to compensate for their weaknesses versus boosting their strengths.
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Abstract
Who we choose to learn from is influenced by the relative confidence of potential informants (Birch, Akmal, & Frampton,
2010). More confident advisers are preferred based on an assumption that confidence is a good indicator of accuracy. However, oftentimes, accuracy and confidence are not calibrated,
either due to strategic manipulations of confidence or unintentional failures of metacognition. When accuracy information
is readily available, people are additionally vigilant to the calibration of informants, penalizing incorrect, yet confident advisers (Tenney, MacCoun, Spellman, & Hastie, 2007). The
current experiment tested whether participants can leverage inferences about two advisers’ calibration profiles to make optimal trial-by-trial decisions. We predicted that choice of advisers reflects relative differences in the advisers’ probability of
being correct given their stated confidence (recalibrated confidence), as opposed to stated confidence differences. The prediction was not supported by data, but calibration had a modulating effect on choices, as more confident advisers were more
influential only when they were also calibrated. Further, participants’ decision confidence was informed only by the confidence of the adviser whose advice was chosen, disregarding
the confidence of the second adviser.
Keywords: metacognition; overconfidence; calibration; adviser preference

Introduction
Human reliance on social learning makes us susceptible to
being misinformed by others, and, therefore, provides an incentive for the development of epistemic vigilance (Sperber
et al., 2010). This is particularly salient in the case of expressions of confidence as strategic manipulations of confidence
are an effective means of gaining influence (Kurvers et al.,
2021). Tracking the metacognitive states of others is also relevant in cooperative situations, as there is wide (and consistent) inter-individual variability in the metacognitive performance (Song et al., 2011).
In the absence of external evidence, people employ a confidence heuristic (Thomas & McFadyen, 1995), assuming that
a more confident agent is also more accurate, which should
lead to efficient information exchange if agents exhibit perfect metacognitive sensitivity. Previous judge-adviser experiments (Price & Stone, 2004) have shown that participants
employ the confidence heuristic even when assessing overconfident forecasters. On the other hand, when clear evidence
is provided that directly contradicts the statements made by a
confident individual, they are penalized. For instance, in a
vignette study using the high stakes situation of a court trial,

Tenney et al. (2007) found an interaction between the accuracy and confidence of eyewitnesses. Participants perceived
highly confident witnesses as more credible than unconfident
ones when they were correct (or in the absence of knowledge
about the veridity of their testimony), while the opposite pattern was observed for inaccurate eyewitnesses.
In a study that required participants to make repeated decisions alone and then revise them following adviser recommendations, Sah, Moore, and MacCoun (2013) also found evidence for a default confidence preference, but it could be easily overturned by brief objective feedback about the adviser’s
performance at the beginning of the task. As predicted, participants’ explicit ratings of the credibility of advisers were
influenced by the calibration of advisers. On the other hand,
Sah et al. (2013) did not find an effect of the calibration
profile on how much the advice modified, trial-by-trial, the
original judgements of participants, even when performancebased monetary incentives were added. We believe the null
results may be explained by the fact that, intuitively, as the advisers presented were always correct or incorrect, there was
no benefit (for improving participant estimation) in tracking
confidence or modulating decisions based on confidence in
a trial-by-trial fashion. The more disquieting alternative explanation is that miscalibration affects the credibility of informants as explicitly reported (as it may be interpreted as a sign
of bad faith), without any implicit consequences for behavior
in terms of discounting their advice in future interactions.
A line of studies in which the precise quantification of
metacognitive abilities was possible (although not the primary focus) also suggests humans exhibit little vigilance
towards other’s expressions of confidence. Bahrami et al.
(2010) showed that collaborators on a perceptual decision
making task, if communicating freely, weight their individual decisions in proportion to their confidence to make joint
decisions (that are generally superior to individual ones).
Bahrami et al. (2010) assumed that participants were faithfully communicating confidence in accordance with their internal model. However, subsequent work has found that
people exhibit an equality bias, downplaying differences in
the reliability of collaborators (Mahmoodi et al., 2015), and
wrongly assume that collaborators have equal metacognitive
sensitivity (Pescetelli, Rees, & Bahrami, 2016). It is unclear whether participants would generally apply these assumptions beyond perceptual decision making, in more ab-
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stract tasks (where these assumptions are less warranted, (e.g.
(Martı́, Mollica, Piantadosi, & Kidd, 2018)). More importantly, given known self-placement biases, it would be relevant to explore whether participants behave differently when
comparing the metacognitive skills of two informants as opposed to relating their own metacognitive ability to that of a
collaborator in an interactive effort to solve a joint task.
To sum up, the relationship between one’s confidence and
accuracy certainly influences their perceived credibility and
sway on others. However, based on the literature presented
thus far, it is not clear how refined this ability is beyond cases
of flagrant misrepresentation of one’s knowledge. In the first
set of studies discussed above, the advisers judged by participants were either entirely accurate or inaccurate (in sometimes only one-shot advice), and their confidence was also
discretized or at least highly contrasting. Further, effects were
only observed on overall preferences for an adviser, and not
in the quantitative influence they exerted. In the latter set of
studies, tracking metacognitive sensitivity of another agent
was very difficult, and the joint nature of the task may have
lead to equality biases.
A substantive test of metacognitive monitoring should involve testing the extent to which humans make optimal adviser choices given the relationship between accuracy and
confidence. Specifically, whether people leverage the functional mapping between accuracy and confidence in order to
determine, on every given encounter, the probability of advisers being correct given their stated confidence (and any other
potential contextual information). We refer to this quantity
as recalibrated confidence, in contrast to the explicitly stated
confidence of advisers. The explicit and recalibrated confidence are the same only for calibrated advisers.
We propose a simple experiment in the judge-adviser
framework in which participants could infer the relationship
between the accuracy and confidence of two agents (manipulated across conditions) by observing them repeatedly perform a novel task. Following this, participants made multiple
decisions relying solely on disagreeing advice from the potential advisers. We hypothesized that trial-by-trial, participants will choose the suggestion of the adviser with the highest recalibrated confidence as opposed to the highest stated
confidence. In the current experiment, the optimal recalibration strategy leads to sometimes selecting the advice of an
adviser who is explicitly less confident than their competitor
independent of calibration. Thus, current predictions sometimes disagree with both the confidence heuristic and the calibration hypothesis.

Task intuition
Imagine you are a student struggling with solving an equation. You have two classmates, Anna and Emma, who both
scored 70% in the latest math test. Anna says she is 90%
confident she can solve your equation, while Emma rates her
chances at 70%. They did equally well on the test, so who do
you ask for help? At face value, given an assumption that accuracy and confidence go hand in hand, you should ask Anna

to help. However, if you also know that after the last math test
Anna thought she was 100% correct and Emma’s confidence
was at 60%, you can factor in Anna’s overestimation of confidence and Emma’s slight underestimation. Chances of Anna
getting it right are likely around 60% and Emma’s around
80% so in the end you are likely better off asking Emma for
help.

Methods
Participants 60 participants, half female and equally split
in the two between participant conditions, were recruited online through the Prolific platform. The mean age of participants was 33.27 years (range: 18 - 66 years old). English
was the first language of all participants. Participation was
rewarded with £6.5, this included a participation reward of
£5.5 and a performance-based bonus of £1.
Task First, participants observed a pair of agents performing a simple task across several trials. Participants then engaged in a betting task in which they had to make decisions
based on the advice of these agents. Lastly, participants answered questions about the performance of the two observed
agents and stated their overall preference for one of them.
During the observation phase, participants saw two other
fictitious participants get tested on a binary categorization
task while stating their confidence in the correctness of their
response on a continuous scale. Specifically, the agents were
betting one virtual coin every trial on whether a “Modi alien”
was depicted in the image on the left or on the right side of the
screen. It was stressed that these two agents were not communicating and could not see each other, but were performing
the task individually on the Prolific platform.

Figure 1: Example trial from the observation phase.
The agents expressed their answer and confidence simultaneously: the direction of the slider position relative to the
center of the scale marked their decision (the alien is left or
right) and the distance from the center of the slider marked
how confident the participant was (see Figure 1). Only verbal
labels were presented on the scale such that the center was
“I don’t know” and the extremes were marked with “Definitely right” or “Definitely left”. Further, a grayscale gradient
was used to mark the increase in confidence. Following the
agents’ decisions, the true location of the alien was presented
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on the screen. Prior to the start of the experiment, participants were instructed to interpret values on the gradient scale
as proportional to the estimated probability of being correct.
The observation phase consisted of 120 trials. Randomly
interleaved attention checks were presented following 10% of
trials to ensure task compliance. Participants were asked to
make a two alternative forced choice (2AFC) about whether
a given agent was correct in their answer in the previous trial.
Feedback was provided.
Every 30 trials, participants were shown the number of correct answers and the average confidence so far for the two
agents. Both summary statistics were presented on verbally
labelled continuous scales. This means that participants were
reminded of the summary statistics at the end of the observation phase.
The agents’ decisions were presented alone on the screen
for 2,500ms, the true location was then added and presented
on screen for 2,000ms and the intertrial interval was 1,500ms.
Answers to the attention checks were not speeded, and the
feedback was presented for 500ms. Participants were allowed
to consult the summary boards for as along as they wanted.
In the betting phase, participants were instructed that it
was their turn to perform the categorization task. To incentivize performance, participants were told that on each trial
they would have to bet one virtual coin on their answer, and
as a function of that number of coins they won by the end of
the task, they could receive a monetary bonus. Participants
were only informed how many coins they earned at the end
of the experiment. In total, participants made 60 bets.

Figure 2: Example trial from the betting phase. Here, the
participant chose the advice of the agent represented by the
green avatar.
As before, participants could see the decisions and associated confidence of the two agents from the observation phase.
Importantly, participants were not shown the two images in
which the “Modi alien” could be depicted so they had no way
of knowing the location of the alien by themselves. Thus, to
make a ‘blind’ forced decision, participants could only rely
on the decision made by the two agents and their associated
decision confidence. Participants responses were made on a
scale identical to the one used by the two agents. As such,
participants simultaneously made a decision and expressed
their level of confidence in that decision. Answers were unspeeded and no feedback was provided.

In the post-test phase, participants were asked to estimate
the accuracy and confidence of the two agents on continuous
scale. Participants then made a 2AFC decision on partner
preference for a similar future task.

Figure 3: Task design. Test and Control blocks were run
within-participant. Conditions A and B were between participant conditions. Numerical differences presented here were
linearly scaled for visual presentation in the experiment (50%
confidence corresponding to the center of the scale, and 100%
to the extremes).
Design Each participant completed the task described
above twice, with two different pairs of (fictional) advisers,
the order of which was counterbalanced. In addition to this
within-participant manipulation, there was also a between
participant manipulation of the agent pairings. Figure 3 illustrates the design of the experiment.
We refer to one of the within-participant tasks as the Test
block and one as the Control block. Control blocks were used
as sanity checks of the design, and provided a measure of the
minimum and maximum effects that can be expected. The
control block of condition A used two agents matched for accuracy and confidence. The same agent was presented twice,
with shuffled trial order. Any differences observed in this
block can only be attributed to perceptual noise. In the control
block of condition B, the two agents had the same confidence,
but one of them was more accurate. This modulation should
induce strong preferences, so a failure of to elicit a statistically significant effect would mean that participants did not
learn the statistics of the task.
In in the test block of condition A, participants observed an
underconfident agent paired with a calibrated one. In the test
block of condition B, an overconfident agent was displayed
alongside a calibrated one. Importantly, in both test blocks,
the two agents had the same overall accuracy and the same
approximately linear relationship between accuracy and confidence (see Figure 4). In addition, the standard deviation of
the confidence ratings of the two agents was also approximately matched (SD = 10).
Since the accuracy of the agents was on individual trials was pseudo-randomized, the rate of disagreement varied
among participants (with a mean of roughly 60% and 70%
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Figure 4: Left: Relationship between confidence and probability of being correct for agents with the same accuracy, but
different marginal confidence. Right: Predictions for binary
adviser choices as a function of confidence differences between advisers.

for the conditions where agents had 70% and 80% accuracy).
Importantly, when the agents disagreed in the test conditions,
they were equally likely to be correct. The correlation of confidence judgements of the two agents varied between participants, but was low (r < .3).
The confidence values of the agents in betting phase trials were selected to make it possible to distinguish whether
participants chose trial-by-trial the agent with the highest recalibrated or explicit confidence. First, in all betting trials, the
two agents disagreed about the location of the alien. Participants were explicitly informed that only trials with disagreements will be shown, since their decision would be obvious
when the two agents agree. Second, we ensured that there
were sufficient numbers of trials ( 33%) in which decisions
based on explicit confidence differences were different than
decisions based on recalibrated confidence, but shy of making decisions based on recalibration overwhelmingly favour
one agent. Lastly, the average confidence of the agents was
roughly equal in the betting trials.
The choices made by the agents throughout (left or right)
were also randomized, with the constraint that an equal number of ‘Left’ and ’Right’ decisions were made to avoid participants developing a location bias. The four fictitious agents
were represented by abstract avatars that only differed in their
color, the assignment of which was counterbalanced across
participants.
Procedure The experiment took on average 55minutes, including a break halfway through the experiment. The break
was used to decrease the likelihood that participants would
carry over inferences about avatars previously seen at a given
position over to the new avatars at the same position. A minimum 3 minute break was enforced, but participants were allowed to take as long as 30minutes.
Materials The alien images were taken from the symmetric Greebles dataset and are presented courtesy of Michael J.
Tarr, Carnegie Mellon University, http://www.tarrlab.org/.
Predictions The main prediction concerned the binary decisions of participants, specifically how their choices should

vary as a function of the confidence difference between the
two advisers’ confidence. The null hypothesis was that agents
rely solely on explicit differences in confidence when choosing advisers, specifically, on a trial-by-trial basis choosing
the answer proposed by the adviser who had a higher level
of stated confidence on that trial. Alternatively, agents could
make decisions based on differences in the agents’ probability of being correct given their stated confidence (recalibrated
confidence). For the conditions in which agents had equal
accuracy, this results in the predictions in Figure 4. An underconfident agent is more likely to be accurate in our design
(and therefore should be chosen) even when they are slightly
less confident (>15%) than the calibrated agent (Condition
A). To the contrary, an overconfident agent should not be
chosen when they are sightly more confident (<15%) than
a calibrated agent (Condition B).
Data analysis Participants were removed from the analysis
based on two preset criteria. First, participants had to respond
above chance on the attention checks. Second, for the main
analysis, only participants whose decisions varied with the
confidence of the two advisers were included. In order to
assess this, a logistic regression was fitted for every participant’s bets using the advice of the two agents as predictors.
The Aikaike Information Criterion (AIC) was used to compare this model to a random response model. Eight participants were excluded from the analysis based on these criteria
(which were both fulfilled).
A Bayesian generalized mixed effects logistic model was
fit to the binary choice data (whether the calibrated agent’s
advice was chosen or not on a given trial), using the difference in the confidence of the advisers (confidence of calibrated agent - confidence of other agent) as a fixed predictor, and participants as a random intercept. The intercept and
slope of each participant were assumed to be sampled from
Gaussian distributions with unknown mean and standard deviation. The hyperpriors on the population mean and standard
deviation were generic weakly informative priors following
Gelman, Carlin, Stern, and Rubin (2003). The means were
assumed to come from a Student’s t distribution and standard
deviations were sampled from the Half-normal distribution.
A model was fit separately for every condition, resulting in
a posterior distribution for the categorization boundary that
could be compared to predictions.
To check that participant choices were indeed driven by the
difference in the confidence of the two agents, and were not
dominated just by just one of the agent’s choices, the same
logistic model was fitted using both agent’s judgements as
predictors. The relative weights assigned to the two agents
were not statistically different.
We expected that continuous judgements would mirror effects observed in the binary choices, assuming that participants compute their own confidence in each of the two possible answers and choose the one with the highest confidence.
Visual exploration of the data revealed that continuous (absolute) confidence judgements were in fact mostly driven by
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the confidence of the chosen agent. A priori the expectation is
that the confidence of the participant should be influenced by
both the confidence of the agent whose advice was taken as
well as by the confidence of the other adviser. Intuitively, the
higher the confidence of the adviser whose answer was chosen, the higher the confidence of the participant in her answer.
Conversely, due to the inherent disagreement in the adviser
recommendations, the higher the confidence of the not chosen agent (in the opposite answer), the less confident should
the participant be in their selected answer.
In order to explore the influence of the confidence of the
chosen adviser and that of the other adviser on the participants’ continuous confidence ratings, we regressed participants’ confidence ratings on those of the agents and statistically compared the resulting weights.

Figure 6: R2 for predicting individual confidence judgements
from the confidence of the potential advisers. Each dot is a
participant, all conditions are overlaid (red: cond A test; blue:
cond B test; gray: cond A control; black: cond B control).

had the same confidence, but differed in accuracy, participants’ boundaries shifted, as the more accurate agent was
chosen beyond what would be expected from explicit confidence differences. The maximum a posteriori estimate
(MAP) for the boundaries was -13.16, 95% HDI [-17.38,9.55]. The predicted difference (15) was included in the HDI,
but zero was not. Individual boundaries showed high consistency, Mboundary = −14.73,t(21) = −8.97, p < .001, BFalt >
105 .

Adviser choices: Test blocks

Figure 5: Fitted logistic curves for each participant’s adviser
choices as a function of explicit confidence differences (calibrated - other agent). The y-axis is the probability of choosing the calibrated adviser. In condition A control block both
agents are calibrated, so one agent was randomly chosen as
the reference agent for the plotting. Dashed vertical lines represent predictions for the boundaries based on recalibration
and bold sigmoids are condition averages.

Results
Adviser choices: Control blocks
The most likely boundary for the control block of condition
A, when the two presented agents were in fact identical, was
-.08, 95% Highest density interval (HDI):[-2.82, 2.69]. As
seen in Figure 5, there was very little variability in the individual boundaries of participants, which closely clustered around
zero, Mboundary = 1.34,t(18) = .58, p = .57, BFnull = 3.62.
In the control block of condition B, when the two agents

Results did not follow predictions in the test blocks. In
condition A, the boundary MAP estimate was negative, 3.77, 95% HDI [-6.83, -.85], suggesting that the more confident (and calibrated) agent’s advice was used even when
they were somewhat less confident than the underconfident
agent. Individual boundaries were also predominantly negative, Mboundary = −4.48,t(23) = −2.92, p < .01, BFalt =
6.09.
There was no discernible pattern at the group level in condition B, as individual boundaries varied widely around zero
Mboundary = −.16,t(25) = −.09, p = .93, BFnull = 4.81. The
MAP estimate for the boundary was -.43, 95% HDI [-3.22,
2.29].

Confidence judgements
Contrary to predictions, the continuous confidence judgements produced by participants overwhelmingly depended on
the confidence of the agent whose advice was taken across
all conditions (see Figure 7), and the confidence of the other
agent was not meaningfully incorporated in their stated confidence. This is evident from the fact that removing the confidence of the agent whose advice was not taken from the
model did not decrease the amount of explained variance for
the vast majority of participants (see Figure 6).

Future collaborator preferences
When the two agents were identical (A), 2AFC preferences
were random prop = .47, z = −.36, p = .71, BFnull = 2.30.
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Figure 7: The confidence of participants closely tracks the
confidence of the adviser they selected (Left), but is not related to the confidence of the adviser who was not picked
(Right). Colors indicate experimental conditions.

Participants preferred to collaborate with the more accurate
agent (B), prop = .90, z = 7.30, p < .001, BFalt = 3279.49.
In the test block of condition A, when deciding between an
underconfident agent and a calibrated one with equal accuracy, the majority of the participants chose the more confident
(and calibrated) agent, prop = .77, z = 3.45, p < .001, BFalt =
16.56. In condition B, participants had a very slight nonsignificant preference for the overconfident (miscalibrated)
agent over the calibrated one, prop = .60, z = 1.12, p =
.26, BFnull = 1.48.

Discussion
Contrary to our predictions, participants did not make finegrained optimal decisions about whose advice to take based
on differences in the advisers’ true probability of being correct on a given trial. This was not due to a failure to understand the task since performance in the control blocks conformed to expectations. The failure to adapt decisions to the
adviser profile is notable given that recalibration in this case
was particularly easy (only a constant bias adjustment).
In condition A, when comparing advisers who differed in
their confidence, but were matched for accuracy, participants
were unduly influenced by the more confident adviser. This
happened even though participants had observed the potential
advisers over an extended number of trials and were presented
with summary statistics to ensure that differences would be
salient.
Results from condition A alone could be interpreted as
lending support to the confidence heuristic. However, based
on the lack of a similar pattern in condition B, we suggest that
calibration was a mediating factor. Specifically, a more confident agent held more sway on participants when it was calibrated, but not when it was overconfident. It should be noted
that this modulation of calibration was not actually beneficial
in our task. The differential outcome in the two conditions
also suggests that the magnitude of the confidence manipulation was sufficient for participants to pick up on calibration
differences, although, further confirmation with larger differences is needed.
However, we need to exert caution in the interpretation

of the condition A and B differences given the null pattern
in condition B was the consequence of large inter-individual
variability (that we could not explain based on the measure of
task attentiveness). Replication and extension of the experiment with additional adviser profiles is needed before we can
conclusively reject the alternative that participants were using
a confidence heuristic meanwhile having a noisy perception
of accuracy differences. The source of the inter-individual
variability is an interesting further direction in itself, especially since they did not relate significantly to differences in
accuracy estimation performance.
Further, while the experimental design used a linear mapping of confidence values to the visually presented scale, it
is possible that participants assumed a non-linear mapping.
Prior training of participants on the confidence judgement
task may help address concerns about mapping judgements
to the scale in future studies. Related to this point, we also
assumed that participants themselves believed implicitly that
the two agents used the same mapping from their confidence
ratings to the visually presented scale. This is unlikely to be
true of real advisers(Bang et al., n.d.), and it is an open question whether observers make this assumption or not.
Importantly, there was no indication in our experiment that
either of the advisers had a motive to (or would incur any
benefit from) strategic manipulations of their confidence. It is
possible that in situations where the two advisers are competing (with each other or for the influence of the participant),
people would exert more vigilance and results would more
closely match our predictions.
Alternatively, it is possible that, especially in competitive
settings, instead of engaging in effortful trial-by-trial recalibration, participants would use calibration information to
build global adviser preferences as a function of their perceived trustworthiness and simply discount new information
provided by untrustworthy advisers. In line with this, previous work has shown that people are more likely to take the
advice of advisers they trust (Sniezek & Van Swol, 2001). In
the current experiment, participants assigned equal weights
to the information provided by the two advisers, even when
there was an accuracy difference between the advisers, suggesting participants exploited both sources of information.
The dissociation between the way in which participants
made decisions about whose advice to take and how they
computed their confidence in their judgements merits further
attention. In the current design, there is some ambiguity between participants truly reporting confidence in their decision
or confidence in the adviser. If it is indeed the case that confidence of advice takers is entirely determined by the confidence of the person whose advice was selected, and more
confident advisers are generally preferred (unless they are
blatantly wrong), this can further amplify overconfidence as
information is being circulated in social networks.
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Abstract
We suggest that some of the mechanisms underlying network
effects on cultural evolution are intuitively accessible to laypeople,
and may be part of the suite of social learning strategies underlying
the human capacity for cumulative culture. Interest in the
psychological mechanisms underlying this capacity typically
focuses on learners’ ability to identify reliable sources and capacity
for high-fidelity imitation. Yet, at the population level, research
suggests that network structures themselves may influence
cumulative learning by changing individuals’ explore-exploit
patterns. In our experiments, adults infer that more proximal or
distal clusters in a fragmented network will have more similar or
dissimilar technological “styles”, and prefer to seek advice from
more distant experts when asked to innovate, but more proximate
experts when asked to remember. Commonsense intuitions about
how social networks shape our access to information and diversityfidelity tradeoffs for memory and innovation may make us more
effective social learners.
Keywords: cumulative culture; innovation; intuitive theories;
networks

Introduction
Isaac Newton is sometimes praised for recognizing the
cumulative nature of discovery and innovation in pointing
out that only “standing on the shoulders of giants” had
enabled him to see further (or more deeply) than others.
However, models of cumulative cultural evolution suggest
that even the emphasis on “giants” may still be misplaced;
innovation appears to be driven not by rare individual
geniuses, but by a community of knowledge which
accumulates and recombines diverse elements over time, to
produce incremental advances that may then be further
recombined to produce more incremental advances in the
future (Mesoudi & Thornton, 2018; Derex & Mesoudi,
2020). Contra Newton, the remarkable pace of technological
development in human societies may depend less on the
stature of its giants and more on commonsense intuitions
about which kinds of ideas can be fruitfully recombined,
and which otherwise-average people are likely to have
access to those kinds of ideas.
Of course, this is not to deny that expert judgment is
typically more valuable than non-expert judgment. Indeed,
innovation (as opposed to rediscovery) may require an
increasingly high degree of expertise as technological
knowledge accumulates, potentially spanning multiple fields
(Hardwig, 1991). However, while expert knowledge may
improve a learners’ judgment about where innovation is

possible, likely, or needed, innovation critically depends on
the discovery of something previously unknown rather than
familiarity with existing knowledge. And expertise does not
necessarily produce innovation.
Rather than explaining innovation as the spark of
individual genius, evidence from studies of cultural
evolution suggests that diversity is key: repeatedly
recombining diverse elements to produce incremental
advances can lead to innovative breakthroughs without
relying on genius ex machina. Importantly, the diversity of
the elements available for a population to recombine can be
increased or decreased by manipulating the size and the
structure of a social network. Though a community can
simply be too small to maintain a broad knowledge base
(Kempe & Mesoudi, 2014; Derex et al., 2013), subdividing
sufficiently large social networks into smaller clusters can
increase diversity by changing explore-exploit decisions
(Derex & Boyd, 2016). Though conformist tendencies may
still influence individual agents’ exploration patterns within
clusters, between-cluster influences are reduced, allowing
clusters to drift apart. Restoring the lines of communication
between clusters then allows them to combine what they’ve
learned. In “rugged” fitness landscapes, which contain
multiple good-but-not-optimal solutions, fragmenting
networks can thus increase learning by encouraging
individual learners to explore more diverse options (Mason,
Jones, & Goldstone, 2008). Simulation studies and in-lab
experiments suggest that these manipulations can
dramatically increase the speed of cultural accumulation.
Moreover, in at least some domains technological
improvements can accumulate over time even if individual
agents have no understanding of the causal mechanisms
underlying the technology they’re developing (Derex,
Bonnefon, Boyd, & Mesoudi, 2019). Thus, innovation may
not only have no need for individual geniuses, but could
simply be a slow but inevitable result of social learning in
networks, with individual understanding improving as a
largely separate process.
However, evidence of sophisticated and early-emerging
intuitions about “who knows what” in our social networks
(for review, see Harris, Koenig, Corriveau, & Jaswal, 2018)
suggests an alternative: even if we lack any extraordinary
capacity for individual genius, our capacity for cumulative
culture could be accelerated by using social learning
strategies that combine knowledge of “who knows what”
with (A) a tendency to seek out more or less diverse
perspectives as appropriate, and (B) intuitions about where
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to find such perspectives. For instance, a recent study of
“hot streaks” in scientific and artistic careers found that
while individuals focus on a narrow topic during the hot
streak itself, streaks are typically preceded by a period of
exploration of diverse styles and topics (Liu, et al., 2021).
Similarly, publications in the sciences produced by authors
who had not previously collaborated with each other are
more “disruptive” and have greater multi-disciplinary
impact than publications by frequent collaborators;
moreover, these effects are stronger for first-time
collaborators who are more distant from each other in their
networks (Zeng, et al., 2021). We suggest that these are not
simply abstruse academic descriptions of the idiosyncratic
behavior of geniuses; rather, they reflect commonsense
strategies for learning from your social network.
For individuals to benefit from exploring diverse
disciplines or seeking out diverse collaborators, some
understanding of both (A) how different domains of
knowledge cluster together and (B) how knowledge spreads
through our social networks would seem to be necessary.
For instance, a chemist who wants to solve a problem in
chemistry will clearly benefit less from exploring a diverse
range of painting techniques than a diverse range of topics
more closely related to chemistry, but staying within one’s
own cloistered subfield may cut the flow of fresh
perspectives to a trickle (Aral & Alstyne, 2011). Even 5 year
olds recognize that knowledge clusters into domains of
expertise, and seek out sources with domain-relevant
expertise over sources whose expertise is not domainrelevant (Lutz & Keil, 2002). Here, we ask whether
information seeking may similarly be guided by
commonsense intuitions about how knowledge spreads
through social networks and the contingent benefits of
seeking out diverse sources of knowledge, and develop a
procedure adaptable to developmental work, with a goal of
conducting similar studies with children.

Experiment 1a
Participants in Experiments 1a-b were introduced to an
avatar who lived on an island (Fig. 1) with two “societies”
living in distinct social networks, depicted as silhouettes
with black lines connecting the people who “talk with each
other the most often”, and separated by a mountain range in
the middle of the island. Participants were told that the
people on each side of the island were expert boat-makers,
who learned boat-making skills from their parents and other
adults on their side of the island. One of the boat-makers
(“Max”) needed to ask another expert for help. Participants
were told that they would be shown different experts Max
could ask, and after hearing his question, they would decide
which expert would give more helpful advice to Max.
Participants were also asked to rate how similar they
believed each boat-making expert’s “style” would be to
Max’s style.
In Exp. 1a, we asked whether participants would infer that
experts more closely connected to Max in the network
would have more similar boat building styles than experts
further away, and whether participants would infer that

while proximal experts would better help Max remember
specific techniques, distant experts would better help Max
innovate new techniques.
Participants. We recruited 80 participants from MTurk
for Experiment 1; an additional 23 participants were
screened out prior to participating for twice failing to
answer three basic comprehension questions about the
instructions. Participants were assigned to one of two
conditions: 38 participated in the Memory condition, and 42
in the Innovation condition.
Procedure. The experts were presented in pairs (Fig 1);
in three trials, the physical distance between the experts was
equal (as measured by gridlines on the map which
participants were told indicated physical distances on the
map), but one expert was in an entirely different network
(e.g., the experts in the Southwest and Southeast villages in
Fig 1 are physically equidistant from Max, but while there
are six nodes separating Max from the Southwest expert,
there is no network connection between Max and the
Southeast expert). In three more trials, the pairings were
crossed, so that one expert was either more proximal than
the other in only network distance (degrees of separation),
only physical distance, or in both. In the Innovation
condition, participants were told that no one on either side
of the island had ever been able to build a boat that could
travel more than 100 miles, and that Max needed help
figuring out how to build this new kind of boat; in the
Memory condition, participants were told that Max needed
help remembering how to tie a specific kind of knot that he
needed for his boat. Advice ratings and Similarity ratings
were given on a 10-point scale. However, for Similarity,
participants inferred how similar each expert’s “style” was
to Max; for Advice, participants rated which of the two
experts would be more helpful to Max. Finally, because the
order of the Advice and Similarity ratings was
counterbalanced, participants who completed the Similarity
questions first did not yet know what question Max would
be asking the expert. As no order effects were found in any
experiment, counterbalancing will not be discussed further.
Results. We first asked whether participants inferred that
experts closer to Max in the network would have more
similar building styles. Network distance was undefined for
the “Global” experts (from the other side of the island), but
each Global expert was paired with a “Local” expert (from
Max’s side of the island) an equal physical distance from
Max; and, Local experts differed amongst themselves in
their degrees of separation from Max. Thus, we created a
numeric dummy variable matching each Local expert with
the physically distant Global expert (NW vs. NE, MW vs.
ME, SW vs. SE). A linear mixed effects model with random
intercepts by participant, and LocalVsGlobal and
SourceMatch as fixed effects (Fig. 2) suggested that
participants expected the building style of Local experts to
share a high degree of similarity with Max’s (βInt = 9.99, SE
= 0.34, p <.001), but significantly less similarity with
Global experts (βGlobal = -6.11, SE = 0.42, p < .001).
Moreover, participants expected Local experts further from
Max to have less similar building styles than those closer to
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Figure 1. Social networks in Exps. 1a-b and Exp. 2. Participants rate how similar each source’s building style will be to
Max’s, and which of two sources will be more helpful (Exps. 1a-b) or how helpful each source will be (Exp 2) for memory
and for innovation. In Exp. 1a, contrasting NWvsNE, MWvsME, and SWvsSE controls for physical distance; NWvsSW,
NWvsSE, SWvsNE contrast network & physical distance. In Exp. 1b, contrasts examine cultural drift RedGreen,
RedPurple, GreenPurple, PinkNavy, SkyOrange. Exp. 2 uses naturally occurring social structures (cities & schools).
him (βSourceMatch = -1.04, SE=0.14, p < .001), but with an
interaction suggesting that this effect was weaker for Global
experts (βIntxn = 0.74, SE = 0.20, p < .001), who varied
amongst themselves only in physical distance, but (unlike
Local experts) did not vary in network distance (which was
undefined for all Global experts insofar as the two networks
were not connected).
We next asked if participants also believe that the experts’
optimal distance from Max depends on whether he’s asking
for help remembering or innovating. We analyzed
participant ratings using a linear mixed effects model with
random intercepts for each participant and QuestionType as
a fixed effect; in order to compare Advice ratings to chance
for each condition, we deleted the intercept and centered
Advice ratings on the midpoint of the scale (5), such that a
higher rating indicates more help from the more distant
expert. We found that participants in the Innovation
condition expected more distant experts to be significantly
more helpful than more proximal experts (βInnovate = 2.33, SE
= 0.35, p < .001), while participants in the Memory
condition expected proximal experts to be significantly
more helpful than distant experts (βMemory= -3.77, SE = 0.37,
p < .001).
Notably, physical distance appeared to have no impact on
participants’ helpfulness judgments, even in the three trials
in which the relevant expert (out-of-network for Innovation,
in-network for Memory) was physically further away.
However, inferences about which expert is likely to be more
helpful may differ from inferences about which expert is
worth seeking help from; indeed, both children and adults
expect others to weigh value of information against the
physical cost of acquiring it (Aboody, Zhou, & JaraEttinger, 2021; Baker et al., 2017). Future work could
examine how learners weigh the costs and benefits of
learning from their social networks as compared to learning
from their physical environments. For instance, it may be
easier to access the friend-of-a-friend-of-an-expert than the
expert themselves; yet, the extent to which third- or fourth-

hand information retains (or gains) value for the learner may
depend on how much learners expect it to be distorted (or
refined) in transmission.
Finally, we asked whether the inferred similarity between
Max’s building style and the experts’ was related to the
experts’ inferred helpfulness. Because participants had rated
the similarity of each expert’s building style to Max’s, but
rated each expert’s helpfulness relative to another expert, we
computed a relative similarity variable for each of the expert
pairs. However, while participants believed that experts with
more similar boat-building styles to Max’s would better help
him remember a specific knot for his boat (βSimDiff= -0.15,
SE = 0.05, p < .001), participants did not infer that experts
with less similar styles would better help Max invent a new
kind of boat (βSimDiff= 0.06, SE = 0.05, p = .20).

Experiment 1b
In Exp. 1b, we link the two networks, allowing us to
extend Exp. 1a in two ways. First, connecting the two
networks provides a more sensitive measure by allowing us
to compute the absolute and relative distances between
sources, instead of only contrasting “Local” and “Global”
sources as in Exp. 1a. We predicted that (A) people would
infer that sources more distant in the network would have
building styles less similar to Max’s, and that (B) as the
relative distance between two sources increased, so would
the degree to which participants would see the more distant
source as more helpful to Max in innovating (Exp. 1b does
not include a Memory condition simply because our primary
goal was to examine the effect of network distance on
innovation). Second, Exp. 1b contrasts the “linking” sources
themselves, allowing us to ask whether participants infer a
“cultural drift” effect in addition to a network distance
effect: if so, one more degree of network distance should
make a greater difference if it crosses a network boundary
than if not, because sources are less influenced by networks
to which they are less closely connected.
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Figure 2. Means and 95% CIs for Exps. 1a-b. No Memory condition was run in Exp. 1b. Advice: which source (distal vs.
proximal) would be more helpful. Similarity: how similar would given source be to Max. In Exp. 1b, sources are arranged
by network distance (Similarity: absolute degrees of separation from Max. Advice: difference in degrees of separation from
Max).
Participants. We recruited 41 participants from MTurk
for Experiment 1b; an additional 2 participants were
screened out prior to participating for twice failing to
answer three basic comprehension questions about the
instructions.
Procedure. The procedure in Experiment 1b was the
same as Experiment 1a except for changes in the network
structure and the position of the expert sources in the
network itself. As in Experiment 1a, Advice ratings and
Similarity ratings used 10-point scales, and the order of the
blocks was counterbalanced.
Results. We first asked whether participants inferred that
experts closer to Max in the network would have more
similar building styles. Because the networks on each side
of the island were linked (unlike in Experiment 1a), we
computed network distance directly as the degree of
separation between Max and each expert. A linear mixed
effects model with random intercepts by participant,
network distance as a fixed effect, and similarity ratings
centered on the midpoint of the scale (5) suggested that
while participants expected the most proximal experts’
building styles to be similar to Max’s (β(Int) = 3.63, SE =
0.34, p < .001), they also expected less similarity in building
styles from experts increasingly distant from Max in the
network (βNetDist6 = -2.34, SE = 0.39, p < .001; βNetDist7 =
-2.64, SE = 0.32, p < .001; βNetDist8 = -4.68, SE = 0.39, p <
.001; βNetDist9 = -4.95, SE = 0.39, p < .001). Moreover,
comparing experts on either side of the network “bridge”
linking the two sides of the island suggests that participants
may infer a cultural drift effect: while similarity ratings did
not differ for the experts highlighted (in Fig 2) in Pink and
Green or for the experts highlighted in Purple and Navy
(βPinkGreen = 0.15, SE = 0.24, p = .54; βPurpleNavy = 0.27, SE =
0.24, p = .26), participants did infer significantly greater
similarity to Max’s building style from the expert
highlighted in Green than the one in Purple (βGreenPurple =

2.20, SE = 0.24, p < .001). In other words, while one
additional degree of separation from Max made no
difference to participants if the experts were on the same
side of the “bridge” between the two networks, crossing the
bridge did appear to make a difference.
We next asked if participants also believe that more
distant experts will be more helpful to Max for innovation
questions. We analyzed participant ratings using a linear
mixed effects model with random intercepts for each
participant and the difference in network distance between
the two experts as a fixed effect; in order to contrast Advice
ratings with chance, we centered Advice ratings on the
midpoint of the scale (5). When the two experts were an
equal distance from Max, participants did not expect one to
be more helpful than the other (β(Int) = -0.24, SE = 0.42, p =
.56); however, participants increasingly expected the more
distant expert to better help Max innovate as the relative
distance between the experts increased (βNet1 = 1.61, SE =
0.45, p < .001; βNet3 = 2.34, SE = 0.45, p < .001; βNet5 = 3.93,
SE = 0.45, p < .001; βNet6 = 3.85, SE = 0.45, p < .001).
Finally, we asked whether the inferred similarity between
Max’s building style and the experts’ was related to the
experts’ inferred helpfulness. Because participants rated the
similarity of each expert’s building style to Max’s on an
absolute scale, but had rated which of two experts would be
more helpful given the kind of help Max needed on a
relative scale, we computed a relative similarity difference
for each of the expert pairs to compare with participants’
relative helpfulness ratings. Participants believed that
experts with more dissimilar boat-building styles to Max’s
would better help Max invent a new kind of boat (βSimDiff =
0.38, SE = .06, p < .001).

Experiment 2
In Experiments 1a-b, the network structures were drawn
out for participants explicitly. However, while there is
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evidence that even young children represent their social
networks (e.g., their school) in considerable detail and with
very high accuracy (Gest, Farmer, Cairns, & Xie, 2003;
Capella, Neal & Sahu, 2012), it is unlikely that these
representations are as explicit as we make them by drawing
out the networks on physical maps. Still, naturally occurring
social structures may serve as reasonable proxies for
network distance by suggesting how many mutual
connections two individuals are likely to share. For instance,
even without knowing whether any two agents know each
other directly, it’s reasonable to assume that the probability
that two agents know each other is higher if they are, e.g.,
randomly selected from the same school than from the same
city, or from the same city than from the same country.
Indeed, recent work suggests that children infer that
schoolmates are more likely to know the rules of their
school than close friends from other schools, but friends are
more likely to share personal secrets — even if the friends
are from a different country (Liberman, Gerdin, Kinzler, &
Shaw, 2020).
Thus, in Experiment 2, we manipulated network distance
implicitly; participants were told about a state engineering
tournament in which teams first competed within-class, then
within-school, within-city, and finally between-cities. If
participants infer that teams are influenced most by those
they communicate with most often, this implicit
manipulation of network structure may lead them to make
similar inferences about seeking assistance from in-network
or out-of-network sources for memory and innovation as in
Experiments 1a-1b. Moreover, this manipulation may be
more feasible for use with children in later work.
Participants. We planned to recruit 60 participants from
MTurk for Experiment 1b; however, due to a coding error, 1
participant who should have been screened out for twice
failing to answer three basic comprehension questions about
the instructions was nevertheless able to complete the study.
They are excluded from the analyses below; however,
including them changes nothing in the results. Participants
were assigned to one of two conditions: Memory (n=29) or
Innovation (n=30).
Procedure. Participants were introduced to a protagonist
“Max”, whose class was participating in a drone-building
tournament in a “State Science Club”, along with other
science classes from their own city and one other city. The
structure of the tournament was described as follows: teams
consisted of pairs of students from the same science class
who competed in weekly contests; during the first month,
teams competed each week against the other teams from
their class; during the second month, teams competed each
week against all of the other teams from their class and
other classes in their school; during the third month,
contests were between all of the teams from all of the
schools in the same city. Finally, during the last month, all
of the teams from both cities were to compete in a final
contest. However, during the final month each team could
choose one other team to work with in a group, from any of
the teams in either city. In the Memory condition,
participants were told that during the first week, Max’s

Figure 3. Means and 95% CIs for Experiment 2.
drone had used a special kind of propeller to do a special
trick; before the final contest, Max and his partner realized
that the trick they had done would let them win the contest
— but, they couldn’t remember which propeller was needed
to do the trick. In the Innovation condition, Max and his
partner realized that to win the contest, they would need to
build a new and creative kind of drone, unlike what any of
the teams had ever built before. Finally, participants were
told that while “most of the students in Westlake don’t know
any of the students from Eastview, because they only see
each other once a year at the state finals…there are two
students from Westlake Science Club who each have a close
friend in the Eastview Science Club, so they talk about
Science Club all the time”; thus, comparably to Experiment
1b, Experiment 2 includes two “bridges” directly linking the
two networks.
As in Experiments 1a-1b, participants were shown a set of
expert sources (here, each source was a team, selected for
their implicit network distance from Max’s team), and asked
to rate how similar each team’s building style would be to
Max’s, and how helpful each team would be in winning the
contest. As in Experiments 1a-b, the order of the Advice and
Similarity measures was counterbalanced; however, unlike
in Experiments 1a-b, participants in Experiment 2 rated how
helpful each team would be on an absolute 0-10 scale (0
meaning “not helpful at all” and 10 meaning “very helpful”)
instead of a relative 0-10 scale (where 0 and 10 meant that
the near expert or far expert was “definitely” more helpful,
respectively). Moreover, it should be noted that while in
Experiments 1a-b participants might assume that Max had
never spoken to the more distant sources (though strictly
speaking, the network visualizations were only said to show
who spoke “most often”), in Experiment 2, the teams were
explicitly said to have all competed against one another at
some point during the tournament. Thus, while in
Experiments 1a-1b, the influence of more distant sources in
the network was implicitly suggested to be only indirect, in
Experiment 2 it was was explicitly direct (though less in
degree: more distant teams competed against each other
fewer times, and presumably shared fewer mutual
connections because of pre-existing social structures
intrinsic to class-school-city hierarchies).
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Results. Analogously to Experiments 1a-1b, we first
asked whether participants inferred that more “in-network”
teams would have more similar building styles to Max’s
team. Because the network distance was implicit, we
analyzed similarity ratings in two ways: by dividing teams
into “Local” (from Max’s city) and “Global” sources (from
the other city), and by creating a dummy variable ordering
the teams by implicit distance from Max’s team (Class <
School < CityLow < CityLink < StateLink = StateTop =
StateMid = StateLow). A linear mixed effects model with
random intercepts by participant and LocalVsGlobal as a
fixed effect suggested that participants expected Local
teams’ building styles to be more similar to Max’s than
Global teams’ (βLvGGlobal = -2.45, SE = 0.18, p < .001).
Similarly, a linear mixed effects model with random
intercepts by participant, implicit network distance as a
fixed effect, and similarity ratings centered on the midpoint
of the scale (5) suggested that while participants expected
the most proximal experts’ building styles to be similar to
Max’s (β(Int) = 2.07, SE = 0.29, p < .001), they also expected
less similarity in building styles from experts increasingly
distant from Max in the network (βNetDist2 = -0.73, SE = 0.34,
p < .03; βNetDist3 = -1.88, SE = 0.34, p < .001; βNetDist4 = -2.25,
SE = 0.34, p < .001; βNetDist5 = -3.00, SE = 0.34, p < .001;
βNetDist6 = -3.89, SE = 0.28, p < .001).
Next, we compared the helpfulness ~ network distance
relationship across conditions. As with similarity ratings, we
analyzed advice-helpfulness ratings both by categorizing
teams as either Local and Global and by using a dummy
variable to arrange the teams in order of their implicit
distance from Max’s team; both models included random
intercepts for each participant and QuestionType as a second
fixed effect. In the Innovation condition, participants’
beliefs about how helpful the Local teams would be did not
differ from the midpoint of the scale, (β(Int) = -0.09, SE =
0.29, p = .75), but they believed Global teams would be
significantly more helpful than Local teams (βLvGLocal = 2.10,
SE = 0.30, p < .001). Participants in the Memory condition
were significantly more likely than participants in the
Innovation condition to believe that Local teams would be
helpful (βMemory = 1.09, SE = 0.41, p < .009), but believed
that Global teams would be significantly less helpful for
Memory questions than Local teams (βQType*LvG = -5.88, SE
= 0.43, p < .001). Results were more granular when network
distance was treated as a continuous variable: while
participants in the Innovation condition expected the team in
Max’s own class to be unhelpful overall (β(Int)Innovate = -1.93,
SE = 0.42, p < .001), they expected teams to be more helpful
with each additional degree of distance from Max’s own
class (βNetDist2= 1.30, SE = 0.52, p = .012; βNetDist3= 2.34, SE
= 0.52, p < .001; βNetDist4= 3.70, SE = 0.52, p < .001;
βNetDist5= 4.73, SE = 0.52, p < .001; βNetDist6= 3.68, SE =
0.42, p < .001). Conversely, participants in the Memory
condition expected the team in Max’s own class to be
significantly more helpful than participants in the
Innovation condition (βMemory = 5.45, SE = 0.60, p < .001),
and they expected teams to be less helpful with each
additional degree of distance from Max’s own class

(βNetDist2*Mem = -3.09, SE = 0.74, p < .001; βNetDist3*Mem=
-6.88, SE = 0.74, p < .001; βNetDist4*Mem = -7.46, SE = 0.74, p
< .001; βNetDist5*Mem = -9.91, SE = 0.74, p < .001; βNetDist6*Mem
= -10.34, SE = 0.60, p < .001).
Finally, we examined the advice ~ similarity relationship
across conditions. A linear mixed effects model with random
intercepts by participant, with Similarity*Condition as fixed
effects suggests that participants in the Innovation condition
believed that the less similar a team’s building style was to
Max’s, the more helpful they would be in inventing an
entirely new kind of drone (βSimilar = -0.50, SE = 0.07, p <
.001). Conversely, participants in the Memory condition
were less sure than participants in the Innovation condition
that teams with the most dissimilar building styles would be
helpful to Max (βMemory = -7.61, SE = 0.59, p < .001), and a
significant Similarity*Condition interaction suggested that
participants in the Memory condition believed that the more
similar a team’s building style, the more similar a team’s
building style, the more they could help Max remember the
crucial trick (βSim.Mem = 1.25, SE = 0.09, p < .001).

General Discussion
Though it’s well-known that people will rewire their
social networks in response to feedback — e.g., they
“unfollow” inaccurate informants or uncooperative partners
in favor of more reliable or cooperative connections
(Almaatouq et al., 2020; Rand, Arbesman, & Christakis,
2011) — network-based approaches to social learning
frequently abstract away from individual learners’ ability to
control the structure of their networks. These abstractions
often appear to tacitly assume that people are unwitting
victims of the influence their networks can have on them.
Yet, many of the psychological mechanisms driving network
effects are highly intuitive: learning from one’s community,
“echo chambers”, drift, recombining diverse ideas, to name
a few. To the extent that people’s strategies for learning
from others are guided by their intuitive theories about their
utility (Heyes, 2019), intuitive theories about how networks
shape the flow of information could allow people to control
that flow by deliberately rewiring their networks. These
decisions may not only impact their individual success as
social learners, but could exert pressure on the evolution of
the networks themselves. For instance, when selection
favors skill specialists over skill generalists, networks grow
denser over time — in other words, guilds form (Smolla &
Akçay, 2019). It’s worth noting the congruity between this
remarkable finding and a more familiar understanding of
how guilds are formed: specialists form guilds deliberately
in order to guarantee the quality of their work and training,
as well as to protect trade secrets, just as they abandon
guilds that become obstacles to innovation because
cloistering has cut the flow of fresh ideas to a trickle (Aral
& Alstyne, 2011). Thus, we suggest that research on
people’s intuitive theories of network effects could further
our understanding of how networks have shaped cumulative
culture. Our results suggest that by adulthood, at least some
of the basic mechanisms of network effects are indeed
intuitively understood.
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Abstract
In creativity, the importance of interaction with the
environment through bodily movement and perceptual
information acquired therein has been discussed anecdotally.
However, past creativity studies have mainly focused on the
connection of creativity with memory and knowledge and the
relationship between creativity and cognitive manipulations.
The above process of bodily movement and environment was
not sufficiently discussed. In this study, we developed a
model of the above process and partially checked its validity
through an experiment. Our model and the results of our
experiment suggested the following processes. The interaction
with the environment through the bodily movement changes
the content and quality of the ideas generated. That
interaction also changes the content of the cognitive
manipulations in the idea generation. The above change in the
cognitive manipulations partially described the change in the
content and quality of the ideas. In these processes, the
acquisition of perceptual information that differs greatly from
the prediction has an important function. The dynamical
relationship between the bodily movement, perception, and
cognition in creative activities will require further
investigation.
Keywords: creativity; interaction with the environment;
bodily movement; perception; cognitive manipulation;
embodied cognition

Introduction
Interaction with the environment through bodily movement
and perceptual information acquired from that interaction is
strongly related to artistic creation and creative activities.
For example, Paul Klee, a famous Swiss painter, explained
that the lines of the motifs that were gradually depicted by
his hand movement would refine his understanding of the
motifs. A similar statement can be found in Merleau-Ponty's
critique of Cézanne's paintings. As these descriptions
suggest, the interaction with the environment through the
bodily movement in creative activities has attracted people’s
attention. This study aims to model the above processes and
investigate the model's validity through a psychological
experiment.
While these anecdotes indicate the importance of the
interaction with the environment, they have only recently
come into focus in creativity research (e.g., Botella, 2013;
Glaveanu, 2013). The creativity research has mainly
investigated the creation process from the perspective of

cognitive manipulations of knowledge (i.e., memory).
Theories and findings on analogy and conceptual
combination are such examples (e.g., Dunbar et al., 1988;
Holyoak & Thagard, 1995; Mahon et al., 2009). Studies on
analogy describe the process of deepening the understanding
of a phenomenon or developing a new knowledge
connecting two different knowledge domains (Holyoak &
Thagard, 1995; Okada et al., 2009). These studies suggest
that applying the features or structures of a source domain to
a target domain based on certain similarities facilitates the
understanding and development of both of the source and
target knowledge domains (Holyoak & Thagard, 1995;
Okada et al., 2009).
Moreover, in the study of imagination assumed to be
strongly related to creativity, the close relationship between
memory and imagination has been investigated. They
indicate that imagination is mostly based on the episodic
memory experienced in the past (McDermott et al., 2015;
Schacter et al., 2007). Moreover, semantic memory can
serve as a scaffold to connect these multiple episodic
memories in imagination (Irvine et al., 2008; McDermott et
al., 2015; Schacter et al., 2007). Memory has a function to
imagine and predict what may happen in the future, which is
why memory is flexible and changes easily (Schacter et al.,
2007, 2016). A finding that may be strongly related to the
above comes from the study of structured imagination
(Mace & Ward, 1997; Ward, 1994). In these studies,
participants were asked to create a creature that lived on an
extraterrestrial planet, and researchers investigated the
tendency to include some specific features into the creatures.
Interestingly, in creating a flying extraterrestrial, they found
that many features such as beaks, which are not directly
related to the function of flying, were also incorporated in
addition to wings and feathers. This result shows that
people's imaginations are strongly structured by their
knowledge and the cognitive manipulation of this
knowledge (bird in the above example).
As described above, many studies of creativity have
investigated the connection of knowledge and their
cognitive manipulations with creative activities. However,
little discussion has been performed on the connection
between the interaction with the environment and creative
activities (except Ross & Vallée-Tourangeau, 2020). Some
studies tried to consider this connection based on predictive
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coding theory, which has been actively tested in recent years.
In predictive coding theory, perception is understood as a
process of correcting the error (differences) between the
prediction of environmental information and the perceptual
information acquired through active interaction with the
environment. Based on this viewpoint, the above study
theoretically proposes that imagination is developed by
decreasing the weight of attention to perceptual information
acquired through that interaction. It suggests that people
develop their imagination by repeating the prediction of
perceptual information and the simulation of perceptual
feedback in their minds.
These studies suggest that creation and imagination are
strongly dependent on memory and knowledge. Also,
creation and imagination may develop when attention to
various perceptual information acquired from the outside
world is weakened. However, the latter has not been
empirically investigated and needs further testing.
Actually, some studies indicated that perceptual
information acquired from the environment and mental
images constructing imagination are closely linked. For
example, in an experiment using visual and auditory stimuli
identification tasks, a study showed that the response time
and correct response rate decreased when each stimulus was
presented repeatedly over a short period (Segal et al., 1970).
This study also indicated that the response time and correct
response rate decreased in the same manner when
participants were asked to imagine each stimulus in their
minds (Segal et al., 1970). Similarly, in a task that produces
the illusion of tilt, some studies confirmed that an illusion
similar to that produced by the actual visual stimulus occurs
when the participants imagine the same stimulus in their
minds (Mast et al., 2000). These findings indicate that the
perceptual information acquired through interaction with the
environment and the mental images constructing the basis of
imagination are closely connected and somewhat
overlapped.
Furthermore, studies on the artistic creation process also
suggested that perceptual information acquired from the
interaction with the environment strongly influences
creative activities and imagination. Yokochi and Okada
(2005) conducted a case study on the creative process of an
expert Chinese-ink painter. In that study, they found that
before painting, the artist drew a mental image in the air,
called Kuusho in Japanese, and developed his images based
on the visual traces and tactile information obtained during
that process. Shimizu, Hirashima, and Okada (2019)
conducted a case study on the creative process of an expert
dancer in a laboratory by using motion capture system. They
found that the dancer used somatosensory and tactile
information acquired through his movement to develop his
images. This perceptual information was very different from
what he predicted before his movement. This type of image
development did not occur under the condition that limited
his physical movement.
Based on these findings, we can speculate a close
relationship between the perceptual information acquired

Fig. 1. Model of the Embodied Imagination framework
from interaction with the environment and the creative
activities. The perspective of embodied cognition that has
been discussed actively in recent years also suggests that the
perceptual information acquired through our bodies strongly
influences various cognitive processes (e.g., Barsalou, 1999,
008). Investigating the relationship between cognition and
interaction with the environment in creativity has great
importance in the research of Cognitive Science.
Based on the above discussion, this study aimed to
develop a model that explains how interaction with the
environment through the bodily movement and the
perceptual information acquired therein affect creative
activities and imagination. Fig. 1 shows the model which
includes the process of cognitive manipulation of memory
and knowledge investigated in past creativity research. It
also explains the influence of the perceptual information
from the interaction with the environment on the above
cognitive manipulation focusing on the prediction error
discussed in predictive coding theory and Shimizu and
Okada. (2019). The process assumed in the model is as
follows.
(1) Interaction with the task's materials and the environment
through the bodily movement occurs.
(2) Various perceptual information is acquired through the
above interaction.
(3) Sensory memory associated with the acquired perceptual
information is activated and processed in working memory.
(4) Episodic and semantic memory associated with the
above sensory memory are activated and processed in
working memory.
(5) Imagination is developed by the subconscious and
conscious cognitive manipulations on the above memories
and related knowledge.
(6) Interaction with the materials and environment through
the bodily movement occurs based on the above imagination.
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(7) In parallel with the sixth process, the prediction of
perceptual information to be acquired in that interaction
occurs.
(8) Perceptual information that differs significantly from the
prediction is acquired through the above interaction (only
when the creative activity changes drastically).
(9) Sensory memory associated with the acquired perceptual
information and significantly differs from the previous one
is activated and processed in working memory.
(10) Episodic and semantic memories associated with the
above sensory memory and differs from the previous one
are activated and processed in working memory.
(11) Imagination is developed and expanded by the
subconscious and conscious cognitive manipulations on the
above memories and related knowledge.
As described above, this model suggests that creative
activities and imagination are developed based on memory
and knowledge and their manipulation. Also, this process
has a close relationship with the interaction with the
environment through the body. The activation and
manipulation of memory and knowledge strongly depend on
the perceptual information acquired in that interaction.
Furthermore, the creative activity develops through the
repetition of the following cycle. A: interaction with the
environment through the bodily movement and its
prediction, B: acquisition of perceptual information, and C:
generation of imagination. In particular, we consider that the
relationships between A, B, and C processes and the
dynamics of their changes are key factors that promote or
inhibit creative activity. For example, if A (interaction with
the environment and its prediction) and B (acquisition of
perceptual information) matches well, the imagination will
not be well developed. However, if there is a significant
difference in that relationship (e.g., when perceptual
information acquired is greatly different from the
prediction), the imagination is developed creatively, and the
above cycle may be actively developed. We focus on the
prediction error as a critical factor in developing creative
cognition in this process. However, people try to reduce this
error in everyday cognition, as predictive coding theory
suggests.
We call the process proposed in the above model
Embodied Imagination. We aim to check the validity of this
model using psychological experiments. In this study, we
reinterpret the experimental results of Shimizu and Okada
(2021) based on the above model as one of such trials.

Methods
Experimental Design
We set the following three conditions in the experiment in
Shimizu and Okada (2021). 1: Verbal condition, 2: Visual
condition, and 3: Embodied condition. The experimental
procedure and the first three results are the same as Shimizu
and Okada's (2021). Therefore, we skip some of the
descriptions (please see the above study for details).

Participants
Forty-seven undergraduate and graduate students belonging
to the University of Tokyo participated in this experiment
(19 males, 28 females). Their mean age was 21.57 (1.89).

Procedure
We used a modified version of the product generation task
used in Finke, Ward, and Smith (1992). In this experiment,
the participants combine three figural parts to generate a
novel toy for children three times. To prevent the spread of
COVID-19, we conducted the experiment in an online
system, Zoom (Zoom Video Communications, Inc.).
The outline of the procedure is as follows. 1: The
experimenter explained the outline. 2: The three parts to be
used in each task were explained. 3: The participants
worked on each task for 10 minutes. The ways to work on
the task are different among the conditions. In Verbal
condition, the parts were not handed out, and the
participants generated their products by manipulating these
parts in their minds. The details of the parts were written in
the response sheet and explained verbally. In Visual
condition, the parts were handed out, and the participants
generated their products by manipulating these parts in their
minds while looking at the parts. In Embodied condition,
the parts were handed out, and the participants generated the
products by manipulating the parts physically. The
participants wrote their products on the response sheet using
pictures and sentences. 4: The participants reported what
they had been thinking. The participants repeated the above
second to fourth processes three times. Finally, the
experiment was finished with a debriefing about the
purposes of the experiment. By comparing the three
conditions above, we were able to investigate the
differences in the creative activities that occur with the
acquisition of visual and tactile feedback. In particular, by
comparing the second and third conditions, we were able to
investigate the influences of errors (differences) between
predicted and actual visual feedback produced by physical
manipulation, in addition to the haptic feedback influences.
This experiment was conducted with the permission of the
Ethical Committee of the University of Tokyo.

Analysis
Evaluation of creativity of the products We measured the
creativity of the toys and compared them across the
conditions. We developed the following evaluation items
based on previous studies (e.g., Besemer and O'Quin, 1999;
Finke et al., 1992; Kaufman and Sternberg, 2010). 1:
novelty, 2: physical enjoyment, 3: intellectual enjoyment, 4:
physical learning, 5: intellectual learning, 6: feasibility, and
7: surprise (see Shimizu & Okada, 2021 for details). The
first author and two graduate students working on creativity
research and did not know the experiment’s purpose worked
on the evaluation ratings individually.
Cognitive process Next, we analyzed how people thought in
the product generation process. We transcribed the verbal
reports and generated categories based on their contents,
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Fig. 2. Creative evaluation score of the product (Shimizu &
Okada, 2021). ＊: p < .05, †: p < .10
such as 1: feature of objects, 2: possible fabrication of
objects, 3: combination of objects, 4: analogy of objects, 5:
memory of the past, and 6: material of objects. We
classified the reports into each category and calculated the
frequency of the category. We compared each category's
frequency among the conditions.
Mediation effect of the cognitive process Thirdly, we
investigated the degree to which the cognitive processes
explain the influence of condition on the creative evaluation.
We conducted a mediation analysis, setting the condition as
the explanatory variable, the creativity evaluation as the
objective variable, and the cognitive process as the mediator
variable (Baron & Kenny, 1986). We included the
evaluation
items and cognitive categories that showed statistical
significance in the above two analyses into this analysis.
Case report Finally, we focused on specific participants
who showed high evaluation scores in Embodied condition.
We conducted a detailed investigation of that participant's
interaction with the parts and the cognitive manipulation
during idea generation. This case report tried to investigate
how the interaction with the environment through the bodily
movement influences creative activities in detail.

Results
We show the results of each analysis below. The first three
results, creativity evaluation, cognitive process, and
mediation effect of the cognitive process, are the same as
those of Shimizu and Okada (2021). Therefore, we skip
some of these results (please see the above paper for further
details).

Evaluation of the creativity of the products
We show the results of the creativity evaluation in Fig. 2.
This figure shows that Embodied condition was higher than
the Visual and Verbal conditions in the novelty, physical
enjoyment, physical learning, and overall evaluations.
We conducted One-way ANOVA and multiple
comparisons adjusted by Bonferroni method for each
evaluation item. These analyses showed consistent results

Fig. 3. Category’s frequency of the cognitive manipulations
(Shimizu & Okada, 2021). ＊: p < .05

Fig. 4. Result of mediation analysis on product’s novelty
(Shimizu & Okada, 2021). ＊＊＊: p < .001, ＊＊: p < .01,
＊: p < .05
with the above observation of the figure (Please see Shimizu
& Okada, 2021 for details). For example, one-way ANOVA
showed significant differences among conditions for the
novelty score (F (2, 42) = 4.89, p < .05, η2 = .19). Also, the
multiple comparison showed significant differences between
Embodied condition and the other two conditions (Visual
condition: p < .05, d = .88, Verbal condition: p < .05, d =
1.12). These results suggest that toys that are more novel
were generated in Embodied condition.

Cognitive process
We show the result of cognitive process in Fig. 3. This
figure indicates that Embodied condition showed a higher
frequency than the other two conditions for 1: part’s feature,
2: possibility of part’s fabrication, and 4: part’s analogy.
Mann-Whitney's U test adjusted by Bonferroni method
showed consistent results (see Shimizu & Okada, 2021 for
details). 2: possibility of part’s fabrication showed
significant differences between Embodied and Visual
conditions, and between Embodied and Verbal conditions
(U = 48.00,
p < .05, r = .52; U = 39.00, p < .01, r = .60). This result
suggests that in Embodied condition, the participants
generated the products with more attention paid to the
various possibilities of the part's fabrication.

Mediation effect of the cognitive process
We show the mediation analysis’s results with the novelty
evaluation as the objective variable, part’s feature, and
possibility of part’s fabrication as the mediator variable in
Fig. 4 (see Shimizu & Okada, 2021 for details). This figure
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of the above parts. As described above, participant 12
acquired unpredicted perceptual information by interacting
with the parts through her bodily movement. She recalled
various memories and knowledge based on this perceptual
information. Then, she performed different cognitive
manipulations based on these memories. By repeating these
processes and changing the contents in each process
dynamically, this participant developed novel toy ideas.

Discussion

Fig. 5. Product, interaction with the environment, and verbal
reports of participant 12
indicates that the standardized direct effect of Embodied
condition was β = .38 (p < .05), the standardized indirect
effect of part’s feature was β = .03 (p = .62), and the
standardized indirect effect of possibility of part’s
fabrication was β = .16 (p < .05). These results suggest that
the increase in the novelty evaluation in Embodied
condition can be partly explained by the cognitive process
such as possibility of part’s fabrication.

Case report
Finally, we describe the creation process of a specific
participant (Participant 12) in Embodied condition, whose
toy was evaluated exceptionally high for novelty and other
evaluation items. Fig. 5 shows the pictures of that
participant when she was interacting with the parts and her
verbal reports of how she was thinking when the idea about
the toy was generated. In this process, participant 12
physically manipulated the parts in various ways and
connected the two parts by accident. The connected shape of
these parts activated her memory of special tools in a
famous animation and kaleidoscopes. Based on this memory,
she added a fictional feature to these parts to be looked in
from the cone tip. Then, she manipulated the remaining
rectangle and connected it to the above parts. From this
connected shape, she came up with the idea of moving the
above-mentioned parts up and down along that rectangle,
and changing the scenes that people look at. Based on these
ideas, she finally generated the toy's idea that changed the
view of the sky from the cone tip depending on the position

The experiment showed the following three results: 1: the
interaction with the parts through the bodily movement
changes the participants' ideas. It facilitates the tendency to
generate more novel ideas. 2: the interaction with the parts
through the bodily movement changes the type of cognitive
manipulations in the idea generation process. It facilitates
the tendency to focus on manipulation such as "part's
fabrication." 3: the above facilitation of the specific
cognitive manipulation may facilitate the generation of more
novel ideas. These findings indicate that the interaction with
the environment through the bodily movement strongly
influences cognitive manipulations in the creation and
imagination. This experiment has partially tested the
validity of the model proposed in the introduction. A
comparison of the Visual and Embodied conditions suggests
that creative cognitive processes and their products may be
significantly altered by tactile feedback or the visual
prediction error revealed by physical manipulation.
Moreover, from the case report’s result, we can
speculate that the following processes facilitated the novel
idea generation. Firstly, when the participants actively
interact with the parts, they receive perceptual information
different from their prediction. Examples are visual and
tactile information that cannot be acquired without that
bodily interaction. By paying attention to this unpredicted
perceptual information, the participants can focus on the
part's features that they have not focused on before. Then,
by performing cognitive manipulations related to those
features, they can generate novel ideas they have never
generated. In Embodied condition, the participants
frequently face these differences between their prediction
and perception. These differences facilitate the repetition of
the following cycles. A: Interaction with the environment
through the bodily movement and the prediction of the
perceptual information, B: Acquisition of perceptual
information, C: Generation of imagination. This activation
of the cycle would promote the novel idea generation in
Embodied condition. The importance of activating the
above cycles of cognition, bodily movement, and perception
for creativity facilitation has not been well studied. In the
following section, we will discuss the relationships between
these findings and previous studies of creativity.
First, we will discuss the relationship between this
study's findings and the process of creativity and
imagination. Most traditional creativity research has focused
on cognitive manipulations of memory and knowledge, as
exemplified by analogy and conceptual combination (e.g.,
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Dunbar et al., 1988; Holyoak & Thagard, 1995; Mahon et
al., 2009). Moreover, the few studies attempting to discuss
the relationship between creativity and perception suggested
that people decrease their attention to perceptual
information when they perform imagination (). As these
studies described, the relationship between the bodily
movement, environment, perception, and creativity has not
been sufficiently discussed. The present study offered a
concrete explanation and quantitative investigation about
the above relationships. In particular, this study aimed to
connect the process of the interaction with the environment
through the bodily movement with the theory of cognitive
manipulation in traditional creativity research.
Next, it seems necessary to discuss the connection of this
study's findings with the studies of artistic creation.
Recently, a few studies have gradually suggested the close
connection of the interaction of the body and environment
with imagination (cognition) in artistic creation (e.g.,
Botella, 2013; Glaveanu, 2013; Shimizu et al., 2019;
Yokochi & Okada, 2005). However, these studies only
offered theoretical suggestions or case-study investigations.
The present study made a concrete model about the above
connection and investigated the model's validation by
quantitative methods. The proposed model and its process
are consistent with the above theories. We consider it
worthwhile to verify that model and process through
experiments targeting artistic creation in the future studies.
Furthermore, this study's findings will offer some
suggestions about the following question: under what
circumstances will the interaction with the environment
through the bodily movement facilitate artistic creation? The
model suggests that the unpredicted perceptual information
would be effective when people continually pay attention to
a specific aspect of the environment and repeatedly generate
similar imaginations. It would be needed to conduct some
investigations about the educational methods and effects of
supporting artistic creation.
Finally, we would like to discuss the limitations and
prospects of this study. This study’s experiment have only
partially investigated the process in the model. To verify the
proposed
model
more
comprehensively,
further
investigation will be necessary for future studies, as shown
below.
First, a study investigating the effects of the types of
perceptual information is necessary. The two types of
perceptual information that the participants in Embodied
condition would receive were visual and tactile information
acquired by the physical manipulation. However, the effects
of each perceptual information have not been distinguished.
In the future, it will be necessary to set up a situation in
which each perceptual information can be manipulated
separately and to verify each effect and the process.
Second, we were not able to quantitatively investigate
the relationships between A: interaction with the
environment through the bodily movement and the
prediction, B: acquisition of perceptual information, C:
generation of imagination. Especially, we were not able to

detect the dynamic change of these relationships
accompanying the time development. The above dynamical
change of the relationships is the core component of the
model. However, we only have conducted an exploratory
investigation by describing a case. In future studies, we need
to develop some measurements and analyses to capture
these relationship dynamics between cognition and bodily
movement in a quantitative manner.
Finally, we need to test the model's generality using
real-life creative activities and artistic creations. In this
experiment, we tested the model using a famous idea
generation task (Finke et al., 1992). However, we are unsure
whether similar results can be obtained in real-life product
development and artwork creation. It is necessary to verify
the model in situations closer to real life, targeting the
various processes described above. Especially, the types of
perceptual information typically acquired and the types of
physical interaction with the material in the above situation
would greatly differ depending on such situations. To
develop the model that explains the above processes
comprehensively, it is necessary to elaborate the model
further and develop the method to check its validity in reallife situations.
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Abstract

from heterogeneous populations of these agents to human
data from the TG, noting in particular the effects of SVO on
behavior in different social settings. Our results are consistent with theoretical and empirical accounts of the relationship between learning, SVO, and behavior, and demonstrate
that SVO can be incorporated into a computational theory of
learning that generalizes across cognitive architectures.

Social environments often impose tradeoffs between pursuing
personal goals and maintaining a favorable reputation. We
studied how individuals navigate these tradeoffs using Reinforcement Learning (RL), paying particular attention to the
role of social value orientation (SVO). We had human participants play an interated Trust Game against various software
opponents and analyzed the behaviors. We then incorporated
RL into two cognitive models, trained these RL agents against
the same software opponents, and performed similar analyses.
Our results show that the RL agents reproduce many interesting features in the human data, such as the dynamics of convergence during learning and the tendency to defect once reciprocation becomes impossible. We also endowed some of our
agents with SVO by incorporating terms for altruism and inequality aversion into their reward functions. These prosocial
agents differed from proself agents in ways that resembled the
differences between prosocial and proself participants. This
suggests that RL is a useful framework for understanding how
people use feedback to make social decisions.
Keywords: Reinforcement Learning; Trust Game; InstanceBased Learning; Semantic Pointer Architecture; Altruism; Inequality Aversion

Background

Introduction
In social decision making, individuals must gather information, weigh alternatives, and select actions in environments
that contain other intelligent agents. Such environments often
involve tradeoffs between short- and long-term rewards and
between individual and collective interests. Researchers in
psychology, economics, and neuroscience study these tradeoffs, and the behaviors they encourage, using social dilemmas such as the Prisoner’s Dilemma, the Ultimatum Game,
and the Trust Game. To navigate these social dilemmas successfully, players must build mental models of their social environments and adapt their behavior in response to decisions
made by other individuals. We are interested in the cognitive
mechanisms that underlie such learning, particularly the role
of social value orientation (SVO) in promoting cooperative
behavior and achieving long-term collective outcomes.
In this paper, we investigate how humans and simulated
agents learn to play the Trust Game (TG), studying both the
distributions and dynamics of behaviors as heterogeneous individuals explore and settle on strategies against various types
of opponents. We adopt a Reinforcement Learning (RL) approach to describe the learning process and propose that SVO
critically influences learned behaviors. We operationalize
SVO within the RL framework, implement RL in two different cognitive architectures, and compare simulated data

The Trust Game (TG) is two-player, turn-based game in
which individuals repeatedly receive and reallocate resources
in a sequential manner. In each turn of the game, the first
player (the investor), receives ten coins, then gives some of
these coins to the second player (the trustee), keeping the rest.
The trustee receives three times this many coins. Finally, the
trustee returns some number of the resulting coins to the investor. A single game consists of five turns. Each player’s
final score is the total number of coins collected across all
five turns. In the TG, greater rewards are earned if both players invest and return generously, but each player will only do
so if they trust their opponent to reciprocate in future rounds.
Behavior in the TG has a clear prosocial component that is
distinct from maximizing individual rewards: while investor
behavior is most closely correlated with expectations of repayment and perceived trustworthiness, trustee behavior is
most closely correlated with prosocial tendencies (Ashraf et
al., 2006). For instance, in one-turn versions of the TG, many
trustees will return coins even though they cannot receive returns from future interactions. Prosocial behavior is motivated by numerous drives, including reciprocity, inequalityaversion, and altruism (Pletzer et al., 2018; Declerck et al.,
2013), and the activity of numerous brain structures correlates with prosocial values estimates and prosocial behaviors,
including the amygdala, striatum, TPJ, mPFC, and dlPFC
(Haruno & Frith, 2010; Hutcherson et al., 2015). Evidence
from psychology and neuroscience supports the idea that
learning is a critical component in social dilemmas: individuals adapt their strategies in response to specific instances of
betrayal (Lount Jr et al., 2008), to the opponent’s behavior in
the recent past (Engle-Warnick & Slonim, 2004), and to trust
estimates made in previous games (Collins et al., 2016).
Reinforcement Learning (RL) is a widely-acknowledged
framework for understanding how humans and other animals
update their behavior based on external feedback (Sutton &
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Barto, 2018): numerous studies have shown that the signals and learning rules proposed by RL map onto rewardprediction errors and synaptic changes in the brain (Glimcher,
2011). Furthermore, recent frameworks such as RLDM have
begun to lay out the relationship between RL, decision making (DM), and social value orientation (SVO), noting how
various prosocial motivations may arise from different forms
of learning (e.g., model-based, model-free, and associative)
at various levels of abstraction, in different tasks, and through
different brain regions (Gesiarz & Crockett, 2015). However,
more computational work is needed to elucidate the relationship between RL algorithms and emergent prosocial behavior; specifically, the field needs more models that incorporate
SVO into learning rules and value functions in a manner that
(a) is cognitively and neurally plausible, (b) can be generalized to multiple cognitive architectures and behavioral tasks,
and (c) explains a variety of empirical results.
Here, we use computational models to investigate the relationship between learning, SVO, and prosocial behavior.
To model SVO, we incorporate two additional term into the
reward function of RL agents; this encourages agents to
consider the rewards obtained by other individuals in social
dilemmas. In keeping with other computational models of
SVO (Hutcherson et al., 2015; Collins & Juvina, 2021; McKee et al., 2020), an agent’s overall reward is a weighted combination of self-reward, other-reward, and reward-inequality,
where the relative weighting determines the agent’s degree
of SVO. Using this reward function, we train two distinct
cognitive architectures to play the TG. Our first architecture
is a Deep Q-Network (DQN), a neural network trained with
backpropagation that has previously been used to learn complex, human-like behavior in multiplayer games (Wang et
al., 2018). Our second architecture is based on ACT-R (Anderson et al., 2004), an integrated theory of cognition supported by an extensive history of cognitive models validated
by human behavioral data. In this architecture, the retrieval
and utilization of episodic memories is governed by instancebased learning (IBL) and blended retrieval (Thomson et al.,
2015), two mechanisms that are closely aligned with observed human recall in natural settings and decision making
tasks (Gonzalez et al., 2003) and have been used as the basis
for decision making in simulated agents playing two-player
social games (Lebiere et al., 2009). For each architecture,
we simulate and train a heterogeneous population of agents,
then compare the distribution and dynamics of simulated data
with human data in the TG. We then discuss whether RL, and
specifically our implementation of SVO, is a suitable framework for studying prosocial decision making, independent of
the computational implementation of agent’s internal model.

timated value when present in state s. The state consists of
the current turn (1 through 5) and the number coins available
(0 to 30). Actions determine the number of coins the agents
give and keep. The Q-function is updated using the standard
TD(0) Q-learning formula,


∆Q(s, a) = α r + γ max
Q(s′ , a∗ ) − Q(s, a)) ,
(1)
∗
a

where α is the learning rate, r is the reward, γ is the discount
factor, and maxa∗ Q(s′ , a∗ ) is the maximum over possible actions in the next state s′ . In order to explore the (state, action)
space, agents take random actions with a probability ε, which
decays over the course of learning. If a random action is not
taken, the agent chooses the action with the greatest Q-value.
To model SVO, agents compute a weighted sum between the
rewards they themselves received, the rewards their opponent
received, and any inequalities between them:
r = ws rs + wo ro − wi |rs − ro |,

(2)

where ws , wo , and wi are the weighs for self-reward, otherreward, and inequality, and the rewards rs and ro are the coins
earned on any given turn. For convenience, we fix ws = 1
and interpret wo and wi as an agent’s SVO. When initializing
heterogeneous agent populations, each individual is given a
unique wo and wi , a discount factor γ, and a learning rate α.
Although Q-learning, exploration, and SVO are common
features of all our agents, the two architectures implement
learning, function approximation, and memory in different
ways (Figure 1). Our Deep Q-Network agent is a three-layer
network with rectified linear activation, a loss function of
∆Q2 , and Adam backpropagation. To facilitate comparisons
between the learning trajectories of DQN agents and our other
agents, we did not use an experience replay buffer.
Our Instance-Based Learning agent contains an episodic
memory and a working memory, which work together via
queries and retrievals to recall relevant pieces of information
from previous experiences. These “chunks” contain the state
s, the selected action a, the returned reward r, and the estimated value Q. When choosing an action, the agent looks
through all chunks in episodic memory and loads into working memory those chunks which satisfy two criteria: the
chunk has sufficient activation due to recent or frequent use,
and its state is sufficiently similar to the current state. The activation of a chunk is given by the standard ACT-R equations,
and state similarity depends on the number of coins available
(normalized absolute difference) and the turn number (zero if
turn number is different, otherwise one). The value of each
potential action is calculated using blended retrieval,
M

Methods

Q̂(a) = ∑ Qi (a)Ai ,

To model human learning in the TG, we used RL to
train agents from both different computational architectures.
Agents learn a “Q-function” which assigns a value to (state,
action) pairs, then selects the action a with the highest es-

(3)

i

that is, all chunks i where action a was taken are queried for
their estimated value Q, weighted by their activation A, and
summed. Finally, the Q value assigned to each new chunk
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Figure 1: Network Architectures for the RL agents. Boxes represent inputs/outputs, circles represent individual neurons, and
purple ovals represent ACT-R memory systems.
is equal to the reward returned for that action plus the discounted expected value of “future” chunks. For this expectation, the agent recalls all chunks j with sufficient similarity to
the game’s next state (st+1 ) and blends their values
M

Qi = r + γ ∑ Q j A j ,

(4)

j

where the sum is over the chunks j that pass the activation and
state similarity thresholds for st+1 . This mechanism is a novel
realization of RL within the ACT-R framework, which typically learns the value of procedural rules (actions) directly.
To validate the simulated data produced by these agents,
we also ran a simple human experiment through Amazon Mechanical Turk in which participants learned to play the TG
against simulated opponents. Participants completed a tutorial that introduced the rules and strategy of the game, then
played thirty five-turn games alternating between the investor
and the trustee. The investor began each round with ten coins,
and the transfer sent to the trustee was tripled. Participants
earned $0.10 per game plus $0.003 per coin they collected,
incentivizing them to play strategically rather than quickly.
Participants were classified as “proself” or “prosocial” based
on a post-trial survey:
• I tried to earn as many points for myself as possible, without considering my opponent’s score. (N=83)
• I tried to achieve a high score for both myself and my opponent. (N=115)
Participants were secretly sorted into two groups: the first
group faced opponents who could profitably be exploited

with a greedy strategy, while the other group faced opponents where the best strategy was to be consistently generous. To minimize the antisocial effects that humans exhibit
when playing against simulated opponents with fixed strategies (Mota et al., 2016), we strove to make our agents humanlike: all agents (a) played according to an adaptive “Tit-forTat” (T4T) strategy, responding generously if the human was
generous and greedily if the human was greedy, (b) had randomized response times that matched human response times,
and (c) were initialized with parameters that controlled the
initial response and the magnitude of the T4T update, producing (i) heterogeneous behaviors across turns and games
and (ii) exploitable versus cooperative behaviors in the two
experimental groups. We were interested in whether participants would learn high-reward strategies against the opponents they faced, whether their social orientation would influence this process, and to what degree our RL agents would
reproduce the dynamics and distributions of these behaviors.

Results
We began by training our RL agents against simple software opponents, tuning model hyperparameters until agents
learned the optimal policy. We then created heterogeneous
populations of agents by modestly varying these hyperparameters (notably γ and α) and by introducing SVO (wo and wi ),
which we set to zero for proself agents and to random values
between 0 and 0.5 for prosocial agents. We trained these populations against the same T4T opponents used in the human
experiment. To compare the human and agent data, we transformed the actions taken by individuals into a normalized
generosity, which indicates the fraction of available coins the
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individual transfers on each turn.
To examine the final strategies learned by humans and
agents, we plot the distribution of generosities in the final
n = 3 games1 versus different opponents, when playing as
different players, and grouped by SVO, Fig. 2. Looking at
the human data, we observe several patterns that are consistent with the RLDM literature and demonstrate that this
dataset is a valid point of comparison for our RL agent data.
First, human behaviors are diverse: generosities vary between zero (keeping all available coins) and one (sending
all available coins) in every condition, indicating that participants learn a wide variety of strategies that differ across
turns and/or between individuals. Second, the distribution
of generosities differs significantly (a) when playing against
different opponents and (b) with participant SVO. To quantify differences between generosity distributions, we use the
two-sample Kolmogorov-Smirnov test: the magnitude of the
test statistic indicates the difference between these distributions, while the p-value describes whether this difference is
statistically significant. Participants adopted significantly different behaviors against each opponent (p < 0.0001 in 4/4
conditions), confirming that humans learn strategies that are
adapted to the social environment; and prosocial participants
learned significantly different behaviors than did proself participants (p < 0.0001 in 3/4 conditions). Furthermore, prosocial individuals were significantly more generous (Welch’s ttest, t = 17.1, p < 0.0001, ∆Ḡ = 0.15) and significantly less
likely to defect (generosity < 0.2) on the final turn when playing the as the trustee (t = 2.8, p = 0.007, ∆P̄ = 0.16); these
results confirm that SVO influences human DM with regards
to both the learned distributions of generosities and several
descriptive metrics.
We then compared the simulated data from our RL agents
to the human data. In many cases, RL agent strategies captured interesting features of the human data: for instance,
the proself IBL agents have a tendency to be less generous
on each successive turn when playing the investor against a
generous opponent, an unexpected (suboptimal) pattern that
also appears in the corresponding human data. A majority
of agents also learned to defect in the final turn when playing as the trustee, but there remained a significant percentage
of both humans and agent that did not discover (or did not
adopt) this strategy. In other instances, the strategies learned
by RL agents differed significantly from the human data: for
example, many agents architectures returned more than 50%
of the available coins when playing as the trustee, a behavior
that was rarely exhibited by humans.
With respect to SVO, significant differences between the
behaviors of proself and prosocial agents were observed in
all conditions (4/4 conditions for both agents, p < 0.0001).
Prosocial agents were more generous on average than their
1 We chose n > 1 to (a) increase the amount of data and give
greater statistical power to our tests, and (b) to ensure that random
fluctuations in the behavior of opponent agents (from game to game)
did not skew our analysis of final strategies. The reported results
remain consistent for various choices of n.

proself counterparts (∆Ḡ = 0.08 (DQN) and 0.03 (IBL), both
p < 0.0001), and were also less likely to defect on the final
turn when playing the trustee (∆P̄ = 0.34 (DQN) and 0.22
(IBL) both p < 0.0001). However, the learned behaviors of
prosocial agents were not significantly better fits to the prosocial human data than were the learned behaviors of proself
agents (as measured by the KS-test).
We also analyzed how behaviors changed during the course
of learning for participants and our RL agents. To examine how individual’s strategies converged with experience, we
plotted the similarity between an individual’s generosity distribution in each game and their generosity distribution in the
final n = 3 games, Fig. 3. These plots show qualitatively different patterns of convergence between agent architectures,
especially in reference to the human data. Participant strategies converged in a fairly linear manner, although in some
conditions there was a period of rapid change in either the
initial or final games. Additionally, there was less withinindividual variability in the final strategies of investors than
there was for trustees. IBL strategies converged in a similar manner, exhibiting linear change in most conditions and
more variation among endgame trustee strategies. In contrast. DQN strategies tended to converge only during the
final games. There were no noticeable differences between
the learning trajectories of proself and prosocial humans or
agents with respect to patterns of convergence.

Discussion
In this paper, we investigated how humans learn to make social decisions by observing the development of their strategies in the Trust Game and modelling this adaptation using
Reinforcement Learning. As expected, our empirical data
showed that participants learned a variety of strategies that
differed significantly between individual, were well-suited
to the opponents they faced, and were strongly influenced
by SVO. To model the learning process and account for
the effects of SVO, we designed and trained two classes of
agents from modern cognitive architectures, then endowed
them with SVO by adding terms for altruism and inequalityaversion into their reward functions. These agents learned
effective TG strategies that captured several features of the
human data, including the tendency to defect when future reciprocation was impossible, sustained generosity by prosocial individuals against greedy opponents, and a steady convergence of behaviors towards a final strategy as exploration
gave way to exploitation.
The observed differences in learning and behavior between
agent architectures, and in contrast to the human data, suggest
several tentative conclusions. With regards to learning, humans develop coherent strategies much faster than RL agents
(15 versus 200-400 games). While our data suggest that
some RL agents converge on human-like strategies according
to human-like dynamics, humans probably utilize additional
cognitive mechanisms to speed up learning and decrease the
experience needed to discover effective strategies. For in-
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Figure 2: Strategies learned by humans and RL agents, divided according to player, opponent identity, and SVO. The
y-axis of these histograms indicates the percent responses in each generosity bin, with a polygon interpolation applied for
visualization. Each column represents data from one experimental condition (player and opponent), while the top and bottom
rows represent proself and prosocial individuals, respectively.

Figure 3: Convergence of behaviors for humans and RL agents. The x-axis represents cumulative experience playing the
TG, while the y-axis plots the similarity between the generosity distribution in the current game and the generosity distribution
in the final n = 3 games. Shaded regions represent confidence intervals across individuals. Note that the x-axis is scale-free: it
does not indicate the number of games required to learn a strategy.
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stance, where our RL models rely on random exploration to
explore the (state, action) space of the TG, humans probably
use previously-acquired knowledge and heuristics to facilitate
efficient learning. With regards to SVO, we found that prosocial agents learned behaviors that were statistically-distinct
from their proself counterparts, and observed that prosocial
agents made more generous transfers and defected less often
than proself agents, all trends that we also noticed in the human data. However, when comparing the final distribution of
agent generosities to human generosities in each experimental condition, we found that prosocial agents were not significantly better fits than their proself counterparts. From these
contrasting results, we conclude that our operationalization
of SVO in RL agents was sufficient to reproduce several important qualitative trends in human behavior, but insufficient
to reproduce the exact strategic differences adopted by prosocial humans. It is important to note, however, that we did not
optimize model parameters to fit the human data: we simply created heterogeneous populations of agents with wo and
wi drawn from a wide range of possible values, and compared
the resulting distribution of learned generosities to the learned
generosities of humans. In future work, we plan to optimize
these parameters to fit individual participants, then investigate whether the optimal SVO parameters from our agents
predict participants’ SVOs and improve the overall fit of our
RL models.
Experimental conditions in which prosocial agents poorly
fit the prosocial human data often reflect understandable
failures of our SVO mechanism. Specifically, agents with
nonzero altruism and inequality aversion continued investing against greedy opponents, a trend that was also apparent in prosocial humans. Participants manifested this trend
by occasionally investing the maximum amount, but quickly
returned to zero-investment strategies after observing a lack
of reciprocation. Our RL agents, on the other hand, manifested this generosity as steady levels of small investment,
a strategy which satisfied the agent’s concern for others’ rewards but ended up scoring lower on our similarity metric
than the invariant zero-investment strategy of proself agents.
In future work, we would like to explore the relationship
between reciprocity and sustained cooperation, a trend observed in prosocial humans (Pletzer et al., 2018) that has been
operationalized in other computational models of RL using
IBL (Juvina et al., 2015) and which may relate to contextdependent weighting of proself and prosocial value in vmPFC
(Declerck et al., 2013).
Agent architecture made a noticeable impact on the dynamics and distributions of learned generosities, despite being governed by identical update rules (Eq. 1) and exploration
schedules. While DQN agents learned strategies that led to
high average rewards in the TG, they were some of the poorest fits to human data: these agents required twice as much
training data, demonstrated little convergence in the early
games, and learned policies with few minimal turn-to-turn
variation. Given that this architecture has fewer cognitive and

biological constrains, it is not surprising that it gave poorer
matches to human data (but recall that we did not train the
network with this objective in mind). IBL agents, on the other
hand, successfully captured the dynamics of convergence and
turn-to-turn variation. This correspondence may reflect the
cognitively-grounded mechanisms for episodic memory formation and recall in the architecture. However, the differences between proself and prosocial IBL agents were less apparent than they were in the human data, and IBL agents playing the trustee behaved more erratically than did our human
participants. We also built and trained a third class of agent
based on the Semantic Pointer Architecture (SPA), a framework for building biologically-constrained neural networks
that perform cognitive tasks and reproduce neural and behavioral data (Eliasmith, 2013). In this model, we used an online,
error-driven learning rule to implement Q-learning within the
network, as well as a short-term memory system to recall previous states and an independent-accumulator model for action
selection that resembles the drift-diffusion model (Ratcliff &
McKoon, 2008). This agent also successfully learned to play
the TG, and preliminary results showed that it behaved similarly to the IBL agent, with respect to the dynamics of convergence and the differences between proself and prosocial
agents. Unfortunately, due to time constraints, we were not
able to gather sufficient data to include these agents in the
above analyses, but future work will continue the development of these neurally-plausible agents.
Our results suggest that RL is a sensible framework for
modelling the learning process behind social decisions and
can be implemented in various cognitive architectures. They
also show that SVO can be operationalized into the RL framework if individuals consider the rewards of others when estimating the value of states and actions. However, given the
complexity of empathy and mentalizing in the human brain,
and the inability of our prosocial agents to reproduce specific prosocial behaviors, more work is needed to extend these
learning mechanisms within cognitively plausible architectures.
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Abstract

choices taken by commuters as agents with free will is of
particular interest to the cognitive scientist. Probabilistic
modeling aimed at capturing such ‘noisy’ human decisions,
can thus become a fruitful endeavor, and also pave way for
more ‘human’ predictive models for a variety of planning and
decision-making tasks.

Subway systems in large cities witness high volumes of
commuter traffic, with crowded coaches and limited seats. In
such scenarios, commuters often carefully position themselves
in strategic locations with the aim of maximizing their chances
of getting a place to sit. While user behavior in subways around
the world have been the focus of multiple studies in the past,
these everyday acts of ‘optimal decision making’ is of
particular interest to the cognitive scientist. This paper inquires
into commuter positioning choices in simulated subway
coaches, within the framework of Bayesian probabilistic
modelling. Data on preferred standing positions were collected
across 20 subjects for 30 co-passenger configurations, through
an interactive computer game. A generative model based on a
Bayesian network involving three key spatial parameters was
constructed, and used for inferring preferred positions
conditioned on the specific configurations. The model was able
to accurately simulate the quick and intuitive decisions made
by the players under constraints of time, and also effectively
capture noise in responses across subjects.

Optimal decisions and the Bayesian framework

Keywords: Bayesian model; commuter positioning; choice
simulation; subway game

Introduction and Background
Subway systems around the world form a unique backdrop
against which the drama of urban public life plays out. They
also usually evolve into strong anchors within popular
culture, and the collective memory of citizens and visitors.
Be it the antique ruggedness of the London Underground, the
socialist classicism of the Moscow subway, or the chaotic
ballet of the Delhi Metro - these networks come to represent
the very ethos of the cities that they adorn. This ‘culture’ of
the subway is produced and reproduced through complex
behavioral patterns playing out every single day across
hundreds of tunnels and thousands of commuters, deep below
the ground.
Crowding in subway coaches is a common occurrence in
large metropolitan cities, especially during rush hour. Given
the limited number of seats available, a significant number of
passengers are forced to stand through a significant part of
their daily commute (Berkovich et al. 2013). The regular
commuter, however, is often skilled in intuitively analyzing
the configuration of a coach, and deciding on the most
‘optimal’ place to sit or stand, depending on a variety of
spatial, social and ambient parameters. In crowded scenarios,
commuters often carefully position themselves in strategic
locations with the aim of maximizing their chances of getting
a seat (Pownall et al. 2008). These seemingly intuitive

This body of research aims to build a predictive model of
commuter positioning choices by adopting a Bayesian
framework of cognition (Griffiths, Kemp and Tenenbaum,
2008). There is a wealth of existing literature examining the
processes of Bayesian inference in intuitive day to day
decisions undertaken by the human mind. Past studies have
examined the ‘optimality’ of human cognition, and suggested
that everyday intuitive judgements follow principles of
optimal statistical inference based on implicit probabilistic
models of the everyday world (Griffiths and Tenenbaum,
2006). Such lines of inquiry build upon the hypothesis that
human minds possess implicit ‘generative engines’ built
upon Bayesian causal networks, and involving assigned
priors across generative parameters. The cognitive
mechanism involves Bayesian inference through sampling
from such models against the light of existing constraints.
Everyday decision making is often carried out through
inferences based on a limited number of samples, allowing
the human mind to make reasonably accurate choices within
very short spans of time (Vul et al., 2014).
Multiple probabilistic models within various domains of
human judgement have been able to accurately simulate
quick human decision-making processes against the light of
sparse data. Within the realm of concept learning, (Xu and
Tenenbaum, 2007) examined word learning in adults and
children through a Bayesian framework. Meaningful
generalizations made from very few examples were
explained as an act of making rational inductive inferences
by building upon prior knowledge of possible meanings as
well as the observed samples of a word’s referents. Within
the domain of scene perception and understanding, Bayesian
probabilistic modeling has been applied for facial analysis,
human pose estimation as well as object reconstruction tasks
(Kulkarni et al. 2015). More recently, probabilistic
frameworks have been proposed for inferring three
dimensional spatial structures from limited data in the form
of RGB and depth imagery (Gothoskar et al. 2021). Along
similar lines, (Battaglia et al. 2013) applied the Bayesian
framework to develop computational models of ‘intuitive
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physics’ that allow humans to coherently engage with the
physical world. Such models used approximate, probabilistic
simulations to make quick inferences in complex natural
scenes. Notably, they were also able to capture illusions and
biases which are inherent to the human experience.
This present body of work situates itself against the above
discussed line of scholarship, and applies Bayesian
probabilistic modelling within the realm of urban public
behavior and everyday decision making. It aims to build a
predictive model that is capable of capturing the quick and
intuitive judgements made by commuters in simulated
crowded subway coaches, where they intend to maximize
their chances of getting a seat.

Data Collection – ‘The Subway Game’
The development of a rapid data-collection framework for
gathering data pertaining to positioning preferences across
human subjects becomes a key consideration at this point.
Several past studies looking into commuter behavior have
relied upon real-time observation inside physical
subway/train coaches and stations (Pownall et al. 2008,
Berkovich et al. 2013). While such data most accurately
captures behavioral patterns in real world scenarios, it
nevertheless poses problems on two important counts.
Firstly, while such a method may be most representative of
actual behavioral outcomes, it becomes extremely difficult to
control for extraneous parameters, while studying the causal
effects of specific independent variables on specific
behavioral outcomes. Such studies would thus require
randomized control across an extremely large sample of
observed subjects, and across diverse scenarios. Secondly –
and most importantly from a cognitive science point of view
– observation without the subject’s knowledge makes it even
more difficult for the observer to accurately gauge the
subject’s goals and motivations. It is common for commuters,
for example, to often not want to sit, and end up standing even
when there are seats available. From a Bayesian perspective,
accurately estimating the correct priors across several
parameters becomes all the more difficult.
An alternate framework for collecting such data –
including the one employed for this study – is through
simulation. There have been multiple recent studies
employing game engines for the simulation of real-world
scenarios, with aim of collecting data on participant behavior.
While such a framework inevitably simplifies a scenario by
reducing the number of parameters involved, it nevertheless
makes it easier to effectively isolate and control for specific
parameters while studying the causal relationships between
others. Also, inducing specific motivations becomes easier
through subject briefing before experimentation, and also
through explicit rewards for achieving specific goals. This
study employs a computer game, titled ‘The Subway Game’,
for simulating specific scenarios in subway coaches, and for
collecting user data on positioning preferences.

The Data Collection Interface
‘The Subway Game’ was developed on Processing 4 (Reas
and Fry, 2007), and presented to the player a 2-dimensional
layout of a typical subway coach (modeled on the
Bombardier coaches on the Yellow Line of the Delhi Metro).
It comprised of 46 seats and 8 doors situated symmetrically,
including 3 identical bays of 14 seats each. Each of the seats
were occupied by black circles, each representing a
commuter.
The game read from a .csv file that contained the locations of
different standing co-passengers, each of whom were
‘competing’ with the player for seats. 30 different scenarios
of different competitor configurations were pre-generated
and written to the .csv file for the game to display. The
number of competitors in these scenarios ranged from 1 to
29. Each of these scenarios could be presented to the player
by displaying similar black circles at the competitor
locations.

Gameplay
The game started with an introductory prompt which reads
thus: “You enter a subway coach, tired after a hard day’s
work. All seats are occupied. Where would you stand, so you
could grab a seat soon?” This prompt was intended to induce
appropriate priors, linked to a specific goal i.e., that of getting
a seat. The observer also briefed the player on the scenario,
and verbally indicated that it was equally likely for any of the
sitting passengers to vacate their seats at any stop. The player
inputs their name, following which the gameplay begins.
The main gameplay comprised of each of the 30 passenger
configurations being sequentially presented to the player in a
randomized order. The player was asked to click on any point
on the coach where they think they would stand in order to
maximize their chances of getting a place to sit (Fig 1). The
cursor was represented by a red circle of the same size as that
of the competitors. A timer appearing at the bottom of the
screen allowed a window of 10 seconds per scene for the
player to respond.

Figure 1: The Subway Game - Gameplay
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Subjects and setup
20 subjects – all graduate students across 5 departments at the
Massachusetts Institute of Technology – participated in the
gameplay. The game was presented on a laptop computer
(Dell XPS 15 7590) of screen resolution 1920 x 1080 pixels.
Each gameplay lasted for 3 minutes on an average.

Data tabulation

where,
S = Number of seats (normalized) to which the player is the
closest out of all other competitors
s = weight of factor S
P = Normalized distance to nearest co-passenger
p = weight of factor P
D = Normalized distance to nearest Door
d = weight of factor D

At the end of each gameplay, the x and y coordinates of the
preferred user standing position for each scenario was
recorded into a .csv file. In addition, the seat locations, door
locations, and the location of each competitor was also
registered. The heads of the final tabulated dataset are
presented below in (Table 1).
Table 1: Key Dataset Parameters

Figure 3: The key causal parameters considered by the
model

Preference score distributions across possible
standing positions

Probabilistic Modelling
A multitude of parameters play crucial roles in determining
positioning choices in coaches. Based on a critical review of
existing literature, along with qualitative responses collected
from subjects during the course of gameplay, this study
adopted 3 key parameters for the synthesis of the generative
model used for probabilistic modeling. The parameters were
(i) number of seats to which the player is the closest out of all
competitors (S), (ii) distance to nearest co-passenger (P) and
(iii) distance to nearest door (D) (Fig 2).

The utility function was also scripted in Processing, in order
to output preference scores for all possible standing positions
across the subway coach. The game having been developed
on a pixel-based canvas, the entire length of the bays
(between the seats on either side) was discretized into squares
of width 5px. The x and y values corresponding to the central
pixel of these squares were passed through the utility
function, and the display colour of that square was set to a
value on colour gradient as a function of the preference score
at that point (x,y). This allowed for the generation of
heatmaps in order to visualize the score distribution across
the entire available coach space (Fig 4).

Figure 2: The key causal parameters considered by the
model
Figure 4: Heatmap representing score distributions across
a coach for scenario 13

The Generative Model
Figure 3 shows a schematic Bayesian network representing
the causal dependencies of the parameters in question
through a directed acyclic graph. This represents the structure
of the generative model drawn up for determining the optimal
positions that subjects may have gravitated towards in their
responses.
The three key parameter D,S and P are considered as
arguments for an utility function that computes a preference
score for any arbitrary point (x,y) within the subway coach.
The utility function is represented thus:
Score = (Ss*Pp)/ Dd

.. .. .. .... (1)

Inference algorithm – sampling from the ‘intuitive
generative engine’
In order to draw inferences on likely standing positions, a
sampling algorithm was scripted to draw a fixed number of
samples from the generative model, constrained on the
specific passenger configurations for each scenario. A
uniform prior was assigned over the x and y coordinates for
each of the possible standing positions. The algorithm passed
each sampled point through the utility function, and returned
the sampled point corresponding to the highest preference
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score. To compare with human data, the inference algorithm
was run 20 times for each scenario (corresponding to the 20
subject sample size of the study) (Fig 5).

Figure 5: Representative predictions (in blue) for 20 runs
of the model (scenario 13)

Model parameters and human judgements
In order to evaluate the various model parameters against
human data, the .csv files for each subject were combined
using Pandas in Python, and all user x and y values for each
scenario were grouped together. A visualizer script then read
each of these values from the combined .csv file, and
displayed them together along with the preference score
heatmap. The parameter weights s,d and p were modulated to
evaluate the degree to which each of the parameters
influenced positioning choices, and also to arrive at an
optimal configuration for the model. To do that, however, the
effect on human judgements of the two dominant model
parameters, namely S and P, were first considered in
isolation. This provided valuable insights into the nuances of
everyday human judgements in such a setting.
Number of seats nearest to (S): Fig 6 depicts user responses
for several scenarios overlaid on corresponding heatmaps
generated by the model, and considering the effect of
parameter S in isolation (s = 1, p = 0, d = 0).

From a rational standpoint, parameter S plays the most
significant role in determining the actual probabilities of a
commuter getting a seat. This is because, assuming equal
chances of any seat being vacated at a particular stop, the
passenger nearest to it would be most likely to secure it. In
other words, to maximize chances of getting a seat, one
would want to be the nearest passenger to as many seats in
the coach as possible. However, it is clear from (Fig 6), that
human intuitions were different. While in many cases it is
actually most gainful to be standing right next to a copassenger (see heatmap for scenario 12), possible social
factors surrounding personal space generate a tendency for
passengers to maintain a distance between each other. Thus,
in most scenarios, user positions predicted by the model are
much closer to co-passengers than what the actual responses
reveal. This pattern is particularly evident in crowded
scenarios (compare user response and model predictions for
scenario 29). The possible psychological impact of social
distancing in a post-COVID era may also have played a major
role, and may be taken up as a different study.
It was thus evident that parameter S alone was not
sufficient to explain passenger intuitions accurately. We now
discuss the effect of parameter P in this regard.
Distance to nearest co-passenger (P): We see below the
score heatmaps and model predictions for P in isolation (s =
0, p = 1, d = 0) (Fig 7).

Figure 7: User clicks (red) and model predictions (blue)
overlaid on heatmaps for parameter P in isolation.

Figure 6: User clicks (red) and model predictions (blue)
overlaid on heatmaps for parameter S in isolation.

It is clear from the figure that parameter P alone does not
account for patterns of user intuition either. While the model
predictions maximized distances from nearest co-passengers,

3463

the results were far removed from actual user choices. It is
also known through common experience, that commuters do
not always maximize their distances from others, but rather
optimize the same keeping in mind other factors as well.
While considerations of interpersonal space did play a major
role, the subjects nevertheless kept the goal of the game in
mind – to maximize the chances of getting a place to sit. A
comparison between figures 6 and 7 makes it clear that
parameter S was certainly the dominant determinant of
positioning choices in this regard.
The distance to nearest door (D) was also considered
separately, but was found to play a relatively minor role.
While its coefficient has been considered in the model, its
effect has not been discussed separately in this paper.

Tuning the model to human data
The values of the parameter coefficients (namely s,p and d)
were then modulated to best represent the human data. Based
on the findings discussed above, the value of coefficient s was
kept as the highest of the three, followed by p and d in that
order. The number of samples drawn from the generative
model for inferring an optimal position was again modulated
to best fit human data. After a number of cycles of iterative
testing, the following values of the model parameters was
found to correspond to an optimal model calibration – s = 2;
p = 0.75, d = 0.25. The number of samples drawn for a good
fit was n = 8. Figure 8 below compares user data and 20 runs
of the model predictions for various passenger
configurations.

Model predictions were most effective for configurations
which involved convergence across subject clicks. While
response time was not formally included in the dataset, these
configurations were also found to correspond to quickest
responses. Figure 9 below depicts such a case.

Figure 9: User and model data for scenario 14

Discussion: Optimal positions in a fast-moving
world
The performance of the model as depicted above
demonstrates the robustness of the Bayesian framework in
simulating the quick decision-making processes that
characterize human judgements under constraints of time.
Most importantly, it showcases the optimal nature of these
decisions. The ability of such the framework to adequately
capture the noise in human data demonstrates its
effectiveness for modelling everyday human judgements.
Figure 8 shows that the quick decisions made by the players
of the Subway Game were not necessarily the most rational.
If that were the case, the user clicks would have aligned
closely with the most saturated zones of the heatmap. While
the clicks did broadly correspond to these zones, they were
nevertheless much more dispersed than what a rational
algorithm with throw up. The players made the most optimal
decisions given the little time (<10s) that they had to process
each scene. They relied on inferences based on a very limited
number of samples drawn from the intuitive generative
engine in their mind. In the real world as well, commuter
positioning arguably occurs in similar ways – the quick
intuitive judgements that we make as to where to stand are
never the most rational. But they are the best judgements
given the little time we have in fast moving rush hour traffic.
This phenomenon of optimal positioning was captured by
the model, by simulating this sampling process. In the current
calibration, the model relied on 8 samples. This allowed for
the model to capture the noise that characterises the dataset.
Increasing the number of samples would decrease noise and
make the model more rational (Fig 10). But it would also
make it less human.

Figure 8: User clicks (red) and model predictions (blue)
overlaid on score heatmaps of the tuned model.

Figure 10: The road to the rational: Model predictions
using samples n = 3 (top), 8 (middle with human data
overlaid) and 50 (bottom) for scenario 12.
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Conclusion: Challenges, Opportunities and
Future Directions

References

This body of research aimed at modelling everyday
behavioural decisions in a simulated public environment
within a Bayesian framework. As indicated by the results of
the study and the prediction accuracy of the model, such a
framework proves to be extremely effective in this regard. It
is however worthwhile to mention a number of key
limitations that this study worked within. Firstly, as
mentioned at the very outset, any behavioural data collected
through a simulated platform will always remain a reductive
simplification of real-world behavioural nuances. Any
inferences drawn from such a study thus needs to be carefully
examined before generalising to real-world scenarios.
Secondly, while this study presented a single goal to subjects
- that of maximizing chances of getting a place to sit – it is
not necessarily representative of the multitude of goals and
motivations that actually drive positioning choices. For
example, position of staircases on platforms often influences
positioning choices during rush hour, to minimize travel time.
Thirdly, this study does not consider points of entry and exit
into the coach, and also allows the subject to view the
configuration of the entire coach at once. In real life, points
of entry play a major role in positioning choices, as the
configuration of only a part of the coach is discernible by the
commuter based in their initial position.
That being said, the framework showcased through such a
study nevertheless paves way for future work that may have
strong real-world implications. The ability of a model to
adequately capture and replicate ‘noise’ in human
judgements has the potential to pave way for artificial
intelligence that is itself more human. While predictive
models are used widely in allied disciplines such as design
and planning, such ‘human’ models can lead to far more
contextual design decisions as a result. For example, while
this study restricted itself to a single coach configuration,
similar data may be collected across various configurations
of seats, in order to evaluate the behavioural implications of
different spatial layouts. A similar framework may also be
deployed to inquire into behavioural patterns across age,
gender or ability. Such insights may be valuable when
designing for barrier free networks, or deciding upon
locations of reserved seats.
Finally, there is immense potential for the Subway Game
to be hosted on the web for a much larger study involving
crowd-sourced user responses across a bigger sample size.
Such a crowd-sourced platform can capture the value of this
framework, and build a large dataset of behavioural patterns
in the subway within a relatively short period of time.
In conclusion, it is hoped that the rapid data-collection
framework and modelling paradigm outlined in this paper is
taken forward for similar studies linked to associated
scenarios. Insights into urban public behaviour can be really
valuable to cognitive scientists and social scientists alike, and
a Bayesian approach may be particularly well suited for
engaging with the degrees of complexity and uncertainty that
characterize the public realm.

Berkovich, A., Lu, A., Levine, B., & Reddy, A. V. (2013).
Observed customer seating and standing behavior and seat
preferences on board subway cars in new york
city. Transportation research record, 2353(1), 33-46.
Battaglia, P. W., Hamrick, J. B., & Tenenbaum, J. B. (2013).
Simulation as an engine of physical scene
understanding. Proceedings of the National Academy of
Sciences, 110(45), 18327-18332.
Gothoskar, N., Cusumano-Towner, M., Zinberg, B.,
Ghavamizadeh, M., Pollok, F., Garrett, A., ... &
Mansinghka, V. (2021). 3DP3: 3D Scene Perception via
Probabilistic
Programming. Advances
in
Neural
Information Processing Systems, 34.
Griffiths, T. L., & Tenenbaum, J. B. (2006). Optimal
predictions
in
everyday
cognition. Psychological
science, 17(9), 767-773.
Griffiths, T. L, Kemp, C., & B Tenenbaum, J. (2008).
Bayesian models of cognition.
Kulkarni, T. D., Kohli, P., Tenenbaum, J. B., & Mansinghka,
V. (2015). Picture: A probabilistic programming language
for scene perception. In Proceedings of the ieee conference
on computer vision and pattern recognition (pp. 43904399).
Pownall, C., Prior, M., & Segal, J. (2008). What rail
passengers will do to get a seat. In European Transport
Conference 2008; Proceedings.
Reas, C., & Fry, B. (2007). Processing: a programming
handbook for visual designers and artists. Mit Press.
Tirachini, A., Sun, L., Erath, A., & Chakirov, A. (2016).
Valuation of sitting and standing in metro trains using
revealed preferences. Transport Policy, 47, 94-104.
Vul, E., Goodman, N., Griffiths, T. L., & Tenenbaum, J. B.
(2014). One and done? Optimal decisions from very few
samples. Cognitive science, 38(4), 599-637.
Xu, F., & Tenenbaum, J. B. (2007). Word learning as
Bayesian inference. Psychological review, 114(2), 245.

3465

Self-Explanation of Worked Examples Integrated in an Intelligent Tutoring System
Enhances Problem Solving and Efficiency in Algebra
Nicholas A. Vest (navest@wisc.edu)
University of Wisconsin-Madison, 1202 West Johnson Street, Madison, WI 53706, USA

Elena M. Silla (esilla@udel.edu)
University of Delaware, 16 West Main Street, Newark, DE 19716, USA

Anna N. Bartel (anbartel@wisc.edu)
University of Wisconsin-Madison, 1202 West Johnson Street, Madison, WI 53706, USA

Tomohiro Nagashima (tnagashi@cs.cmu.edu)
Carnegie Mellon University, 5000 Forbes Ave., Pittsburgh, PA 15213, USA

Vincent Aleven (aleven@cs.cmu.edu)
Carnegie Mellon University, 5000 Forbes Ave., Pittsburgh, PA 15213, USA

Martha W. Alibali (mwalibali@wisc.edu)
University of Wisconsin-Madison, 1202 West Johnson Street, Madison, WI 53706, USA
Abstract
One pedagogical technique that promotes conceptual
understanding in mathematics learners is selfexplanation integrated with worked examples (e.g.,
Rittle-Johnson et al., 2017). In this work, we
implemented self-explanations with worked examples
(correct and erroneous) in a software-based Intelligent
Tutoring System (ITS) for learning algebra. We
developed an approach to eliciting self-explanations in
which the ITS guided students to select explanations that
were conceptually rich in nature. Students who used the
ITS with self-explanations scored higher on a posttest
that included items tapping both conceptual and
procedural knowledge than did students who used a
version of the ITS that included only traditional
problem-solving practice. This study replicates previous
findings that self-explanation and worked examples in
an ITS can foster algebra learning (Booth et al., 2013).
Further, this study extends prior work to show that
guiding students towards conceptual explanations is
beneficial.
Keywords: learning; self-explanation; worked
examples; Intelligent Tutoring System; middle-school
algebra

Introduction
How can instruction foster learners’ acquisition of deep
understanding in mathematics? And how can technologybased learning environments, such as Intelligent Tutoring
Systems, support this learning? Deep understanding of
mathematics involves several distinct types of knowledge,
including knowledge of fundamental concepts, knowledge of

how to solve problems, and understanding of the connections
between them (Crooks & Alibali, 2014; Hiebert & LeFevre,
1986).
Intelligent Tutoring Systems (ITSs) are computer-based
programs that administer lessons and learning activities to
students. ITSs support learning across various domains (for a
meta-analysis, see Ma et al., 2015). Many studies have
provided evidence that practice in an ITS can support
procedural understanding of mathematics (Ma et al., 2015).
However, current ITSs are less successful at promoting gains
in conceptual understanding (e.g., Long & Aleven, 2017;
Pane et al., 2014; but see Aleven & Koedinger, 2002). In this
research, we extended and tested an ITS for equation solving
in algebra, with the broad goal of creating an ITS that would
foster gains in conceptual understanding.
One pedagogical technique that has been shown to support
gains in conceptual knowledge in a range of domains is selfexplanation.
Self-explanation
involves
generating
explanations of to-be-learned material for oneself, in an effort
to more deeply process that material (Chi et al., 1994). Many
studies have documented the value of self-explanation as
means to help students learn and retain new material (for a
review, see Rittle-Johnson et al., 2017). In a foundational
study, Chi (1994) prompted some students to provide selfexplanations as they read a brief text about the circulatory
system. Students who produced self-explanations retained
more information and generated more accurate inferences
based on the material than students who did not produce selfexplanations. Other studies have documented the value of
self-explanation in mathematics (Barbieri & Booth, 2020;
Barbieri et al., 2019; Hilbert et al., 2008; Rittle-Johnson,
2017), including in ITSs (Aleven & Koedinger, 2002).
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In the context of mathematical problem solving, some
research has suggested that self-explanation can potentiate
other sorts of learning activities, enhancing their benefits for
conceptual knowledge. For example, instruction that involves
both strategy comparison and prompts to self-explain yields
greater benefits for learning than instruction that involves
comparison on its own (Sidney & Alibali, 2015). Similarly,
instruction that involves self-explanations of worked
examples or problems steps yields greater benefits for
learning than similar instruction without self-explanation
prompts (Aleven & Koedinger, 2002; Barbieri et al., 2019).
In general, self-explanation is thought to be effective
because it engages constructive processes, such as identifying
inconsistencies, filling in knowledge gaps, integrating
different knowledge elements, and monitoring understanding
(e.g., Roy & Chi, 2005). However, the quality of selfexplanations also matters. High-quality self-explanations–
ones that demonstrate inference generation or knowledge
integration–are associated with greater benefits for learning
than lower-quality self-explanations, such as simple
restatements or paraphrases (Wylie & Chi, 2014).
Given the established benefits of high-quality selfexplanation for building conceptual understanding, we
sought to integrate activities that would elicit high-quality
self-explanations into an Intelligent Tutoring System for
early algebra. Building on previous research with similar
aims (e.g., Booth et al., 2013), we extended an ITS so it
incorporates worked examples produced by hypothetical
students, and prompts learners to explain the bases of (correct
or erroneous) problem-solving steps taken by these
hypothetical students. Rather than have students “build” selfexplanations from pieces (as in Booth et al., 2013)–a process
that some students find challenging and laborious–we drew
on previous studies that showed that selecting possible
explanations from a menu is a practical, time-effective, and
straightforward way to elicit explanations from students
(Rittle-Johnson et al., 2017), especially within ITSs.
Although it is not known whether the cognitive processes
involved in selecting explanations are the same as those
involved in generating explanations, past research has
documented benefits of selecting explanations for student
learning (e.g., Rau et al., 2015; Rittle-Johnson et al., 2017).
In designing the self-explanation activities for the ITS, we
based the set of explanation choices that we offered on selfexplanations that were generated by middle-school students
in a one-on-one tutorial interaction in a pilot study (Bartel et
al., 2020). As might be expected, student-generated selfexplanations varied widely in their quality, and many studentgenerated self-explanations did not incorporate relevant
concepts. In our ITS, we included choice options that aligned
with students’ typical explanations–including nonconceptual explanations–but when learners selected nonconceptual explanations, the ITS prompted them to select a
second explanation that invoked key concepts.
In brief, in this work we test the effectiveness of an ITS
that incorporates an approach to self-explanation of worked

examples that involves (1) students selecting possible
explanations, and (2) students receiving encouragement to
consider conceptually rich explanations, if they initially
select explanations that are not conceptually rich. We
compare this tutor to a baseline tutor that does not include
self-explanation activities, and we evaluate participants’
gains in both procedural skill and conceptual understanding.
We hypothesized that students who studied worked examples
and who provided self-explanations in addition to solving
problem-solving items would perform better than students
who received only problem-solving items on measures of
procedural and conceptual knowledge, and that these students
would also show enhanced performance on problem-solving
items in the tutor (i.e., less time spent per step, fewer incorrect
steps, fewer hint requests).

Method
Participants
Participants were 175 middle-school students recruited via an
online database and via word of mouth. Six participants were
excluded due to technical issues (e.g., computer
malfunctions, n = 5, and incomplete session, n = 1). Two
additional participants were excluded for having tutor
interactions (e.g., length of time per steps) that were three
standard deviations above the mean. Thus, the final analytic
sample consisted of 167 students (M age = 12.81 years, SD
age = 0.76 years; 57 6th grade, 73 7th grade, 36 8th grade,
one declined to respond). Of the 167 participants in the final
sample, 128 were White, 23 were biracial, six were
Black/African American, six were Asian, one was Native
Hawaiian/Pacific Islander, and three declined to report race
and ethnicity. Ninety-nine of the students identified as male,
64 as female, three as non-binary, and one declined to report
their gender. Ninety-three students reported they were in
advanced math, 73 reported they were not in advanced math,
and one declined to report. Participants were compensated 15
USD in the form of a gift card, cash, or check after
completing the study.

Design and Procedure
Data were collected as part of a study assessing the
effectiveness of a range of interventions on students’
conceptual and procedural knowledge of algebra.
Participants completed the study in a virtual setting, and the
sessions were conducted by trained experimenters.
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Figure 1: Study procedure

Figure 2: Participants in the experimental condition received both (A) worked examples and (B) problem solving.
Participants in the baseline condition only received (B). Both were presented in the Intelligent Tutoring System.

Each session lasted for about one hour. Participants were
randomly assigned to one of five conditions. In four of these
conditions, participants completed both worked examples
with self-explanation prompts and practice problems within
the ITS; these conditions varied in whether participants also
saw visual representations (yes/no) or engaged in warm-up
activities (yes/no). Preliminary analyses showed that the
visual representation and warm-up manipulations had little
impact on student performance. Thus, for purposes of this
paper, we collapsed these conditions into a unified
experimental condition, in which all students used a version
of the ITS that included self-explanations of worked
examples (n = 134). We compared students in the unified
experimental condition against students in a baseline
condition who used an ITS that included problem-solving
activities but that did not include self-explanations or worked
examples (n = 33).
This study was preregistered on the Open Science
Framework. The preregistration includes many analyses that
fall outside the scope of the current report. Here, we focus
specifically on comparing students who used a version of the
ITS that included self-explanations of worked examples and
students who used a version of the ITS that did not include
these activities (Hypothesis 1 in the preregistration; see
Figure 1 for a schematic of the study procedure).
Measures of Learning: Pretest and Posttest Participants
completed an online pretest and isomorphic posttest that
assessed algebra knowledge. Specifically, these tests
assessed students’ procedural knowledge (3 items) and
conceptual knowledge (8 items) of basic algebra. Items
assessing procedural knowledge measured students’ abilities
to solve linear equations, whereas items assessing conceptual
knowledge measured students’ understanding of underlying
concepts in algebra, such as understanding inverse operations
and doing the same thing to both sides of the equation when
solving problems The posttest contained two additional
transfer items. Items were adapted from prior literature (Fyfe
et al., 2018; Nagashima et al., 2020; Rittle-Johnson et al.,
2011). Some items had multiple parts and were thus scored
accordingly. Participants were given 11 minutes to work on
the pretest, and 13 minutes to work on the posttest.

Measures of Performance in the Intelligent Tutoring
System Participants then solved problems in an Intelligent
Tutoring System (ITS). The ITS consisted of two sections:
worked examples (unified experimental condition only) and
problem solving (all conditions; see Figure 1). Before each
section, students watched a short instructional video. In both
the worked examples and problem-solving activities,
students received immediate feedback on their responses.
They also could request scaffolded hints from the tutor at any
time.
Participants in the unified experimental condition were
presented with correct and incorrect worked examples (with
a maximum of 8 problems). In each worked example,
students were asked to use a drop-down menu to provide
explanations about what operation a hypothetical student
performed at a specific step of the equation, as well as to
identify the conceptual basis of the step (see Figure 2A).
Students could select from two conceptually-focused
explanations (e.g., “the step keeps both sides of the equation
equal” in Figure 2), two procedurally-focused explanations
(e.g., “the step makes the equation simpler” in Figure 2), and
two incorrect explanations (e.g., “the step removes the x
variable” in Figure 2). Unique to this tutor was that students
had to choose a conceptual response in order to advance. If
students chose a response that was procedural or incorrect,
they were asked to choose another response (even if the
procedural explanation was, in fact, correct) via a prompt
(e.g., “That’s true but does not tell why the student did this
step.”)
Participants in both the unified experimental condition
and the baseline condition were then presented with linear
equations to solve (e.g., 3x + 8 = 11; max. 11 problems) in
increasing levels of difficulty. Participants typed their
response for each problem-solving step of the equation into
the ITS and received immediate feedback (Figure 2B). To
keep time consistent across conditions, participants in the
experimental condition had 10 minutes to complete the
worked example activities and 10 minutes to complete these
problem-solving items, while participants in the baseline
condition had 20 minutes to complete the problem-solving
item.
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Table 1: Procedural (max: 3) and conceptual (max: 15) pretest and posttest scores and transfer (max: 2) posttest scores, with
standard deviations in parentheses.
Procedural

Conceptual

Transfer

Condition

Pretest

Posttest

Pretest

Posttest

Pretest

Posttest

Baseline

2.12 (0.86)

2.33 (0.74)

6.91 (3.17)

9.06 (3.65)

0.64 (0.74)

Experimental

2.17 (0.97)

2.51 (0.74)

7.55 (3.89)

9.74 (3.63)

0.75 (0.84)

Demographic Questions Parents were sent a demographic
questionnaire prior to the study session. Questions included
age, grade, gender, math level in school, and self-reported
socioeconomic status.

= 0.148. Students with higher pretest scores scored higher on
the procedural posttest, F(1, 161) = 48.8, p < 0.001, as did
students who attempted more problems in the ITS, F(1, 161)
= 7.26, p = 0.008.

Results

Conceptual Knowledge We next examined the effect of the
intervention on conceptual knowledge. We constructed a
linear regression with conceptual posttest score as the
dependent variable and conceptual pretest score, condition,
grade level, and number of problem-solving items attempted
in the ITS as independent variables. Again, grade level and
number of problem-solving items completed were included
as covariates to account for algebra experience and exposure
to problem-solving items in the ITS.
As hypothesized, students in the experimental condition
scored higher on the conceptual knowledge posttest than
students in the baseline condition, β = 1.23, F(1, 161) = 7.18,
p = 0.008, indicating that students who generated selfexplanations gained more conceptual knowledge than those
who simply solved a comparable number of problems. Once
again, the effect of condition was non-significant if the
covariate (number of problem-solving items attempted) was
not included in the model, β = 0.35, p = 0.459. Students with
higher conceptual knowledge at the pretest scored higher on
the conceptual knowledge posttest, F(1, 161) = 90.62, p <
0.001, as did students who attempted more problems in the
ITS, F(1, 161) = 29.23, p < 0.001.

Effects on Learning
In this section, we report the effect of the intervention on
three measures of learning: procedural knowledge,
conceptual knowledge, and transfer. Table 1 presents average
pretest and posttest scores on each measure.
Procedural knowledge We first examined the effect of the
intervention on procedural learning. Recall that we
hypothesized that students who received worked examples
and self-explanations in addition to problem-solving items
(i.e., the unified experimental condition) would perform
better than students who received only problem-solving items
(i.e., the baseline condition). To analyze the data, we
constructed a linear regression with procedural posttest score
as the dependent variable and procedural pretest score,
condition (coded: baseline = -.5; experimental = .5), grade
level (coded: 6th grade = -1; 7th grade = 0; 8th grade = 1),
and number of problem-solving items attempted in the ITS as
independent variables. We included grade level and number
of problem-solving items completed in the ITS as covariates
to account for algebra experience and for the number of
problem-solving items to which students were exposed. We
chose to control for number of problem-solving items
attempted to zero in on whether increases in performance
were a result of students’ self-explanations of the worked
examples or because they were able to solve more problems
and potentially learn more from the problem-solving
condition.
Students in the experimental condition scored higher on the
procedural posttest than students in the baseline condition, β
= 0.28, F(1, 161) = 5.32, p = 0.022, indicating that students
who generated self-explanations benefited more than those
who simply solved a comparable number of problems.
However, it should be noted that the effect of condition was
non-significant if the covariate (number of problem-solving
items attempted) was not included in the model, β = 0.16, p

Procedural Transfer Because transfer items were not
included in the pretest, we could not test for pre to posttest
improvement. However, we tested the effect of condition on
transfer. We constructed a linear regression with transfer
score as the dependent variable and procedural pretest score,
condition, grade level, and number of problem-solving items
attempted in the ITS as independent variables. We also
included the procedural pretest score in the model because it
most closely resembled the transfer items. There was not a
significant effect of condition; however, the pattern of
findings aligned with those reported above (β = 0.27, F(1,
161) = 3.41, p = 0.067). There were significant main effects
of the procedural pretest, F(1, 161) = 12.41, p < 0.001, and
number of problem-solving items attempted in the ITS, F(1,
161) = 12.64, p < 0.001.
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Figure 3: Each performance measure organized by condition. Error bars reflect standard error.

Effects on Performance in the ITS
To investigate students’ performance in the ITS, we analyzed
log data collected by the ITS during problem-solving items.
Specifically, we explored the total number of problems
attempted, the average number of incorrect attempts at each
problem-solving step, the average number of hints requested
at each step, and the amount of time spent on each step. These
are standard measures investigated in the ITS literature (Long
& Aleven, 2013). To examine whether learners in the
baseline or experimental condition exhibited more efficient
learning, we conducted four separate linear regressions with
each of the performance measures in the ITS. In each model,
condition, pretest score (procedural and conceptual
separately), and grade level were included as independent
variables. Additionally, we included the number of problems
attempted in the ITS as an independent variable in three of
the models (the ones in which it was not the dependent
variable, because the number of problems solved was
strongly/moderately correlated with each of the other
dependent variables).
Number of Problems Attempted Students in the baseline
condition solved more problems (M = 8.97, SD = 2.67) than
students in the experimental condition (M = 6.83, SD = 3.29),
β = -2.42, F(1, 161) = 29.30, p < 0.001, presumably because
students in the baseline condition received more time to
complete the problems than students in the experimental
condition. Moreover, procedural pretest scores, F(1, 161) =
39.50, p < 0.001, and conceptual pretest scores, F(1, 161) =
35.86, p < 0.001, were both positively associated with
number of problems attempted in the ITS.
Incorrect Attempts per Step Overall, students made about
one incorrect attempt per two steps (M per step = 0.58, SD
per step = 0.8). Controlling for pretest (procedural and
conceptual separately), grade, and problems attempted in the
ITS, students in the unified experimental condition

exhibited fewer incorrect attempts per step than students in
the baseline condition, β = -0.34, F(1, 160) = 8.75, p = 0.004
(see Figure 3). Students who attempted more problems also
made fewer incorrect attempts per step, β = -0.19, F(1, 160)
= 103.31, p < 0.001.
Number of Hints per Step Controlling for pretest
(procedural and conceptual), grade, and number of problems
attempted in the ITS, students in the unified experimental
condition requested fewer hints per step than those in the
baseline condition, β = -0.10, F(1, 160) = 6.97, p = 0.009 (see
Figure 3), and number of problems attempted in the ITS was
inversely related to the number of hints used, β = -0.10, F(1,
160) = 52, p < 0.001.
Average time spent per step On average, students spent
13.35 seconds on each step (SD = 15.49). Controlling for
pretest (procedural and conceptual), grade, and number of
problems attempted in the ITS, students in the baseline
condition spent more time on each step, β = -5.83, F(1, 160)
= 7.84, p = 0.006; see Figure 3. Number of problems
attempted in the ITS was inversely related with the average
time spent per step, β = -5.83, F(1, 160) = 108.02, p < 0.001.

Discussion
In the current study, we investigated whether a new selfexplanation task integrated with worked examples, in which
students were guided towards conceptual explanations,
influenced performance and learning in middle-school
students learning algebra with an Intelligent Tutoring
System. Our findings indicate that, indeed, this form of
intervention helped students gain conceptual and procedural
knowledge of algebra over and above a problem-solving
control. Moreover, students who studied worked examples
and provided explanations solved problems faster, asked for
fewer hints, and made fewer mistakes within the ITS than
those in the baseline condition.
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This study confirms earlier work that showed that worked
examples with self-explanation can enhance learning within
an ITS (e.g., Salden et al., 2010). Prior research suggests that
self-explanation helps learners integrate to-be-learned
information with prior knowledge, resulting in deeper
understanding of the content (Bisra et al., 2018; RittleJohnson & Loehr, 2017).
This study also extends past work on self-explanations and
worked examples (e.g., Booth et al., 2013) through the design
of an ITS that guides students towards conceptually-focused
explanations, and by demonstrating that this new format for
selecting self-explanations is effective. Like previous efforts
(Burr et al., 2020; Rittle-Johnson & Loehr, 2017), this
intervention has menu-based explanations with correctness
feedback, but unlike some previous efforts, students are
asked for two-step explanations that ask for the operation and
the conceptual justification. A special feature of the second
explanation step is that, included among the menu options
(for the conceptual justification) are correct procedural
explanations. These explanations do not “count” as correct,
but they do give the system an opportunity to give feedback
stating that these explanations do not get at why the step is
justified, so they may help the student learn how conceptual
and procedural explanations differ. In this way, this version
of the ITS may also help students recognize that–in general–
they should think about, not only what to do, but why it is
correct.
Moreover, this intervention led to improvements on
posttest scores as well performance measures in this ITS.
These findings suggest that self-explanations and worked
examples affect both problem-solving accuracy and problemsolving efficiency. In future work, researchers should explore
the relations between learning measures (e.g., pre- to posttest
gains) and ITS performance measures.
Our findings do not specify the nature of the cognitive
processes elicited by the self-explanation task or how these
processes may have yielded the observed benefits of selfexplanation. It is worth noting that our task involved selecting
potential explanations from a menu, rather than generating
explanations “from scratch”, and our system also did not
accept solely procedural explanations, but rather encouraged
students to consider why steps were correct. It is possible that
the mechanism of action for this type of self-explanation may
differ from that for self-explanations that are spontaneously
generated. To elucidate these mechanisms, future work that
involves collecting talk-aloud protocols as students perform
the self-explanation task would be valuable.
We acknowledge several limitations of this study. First, the
baseline and experimental conditions had dramatically
unequal numbers of students, due to the design of the larger
experiment. We recognize this may violate assumptions
about equal variance between samples, but we believe that
our findings hold value as they correspond with the findings
of previous research. Moreover, this experiment was
conducted remotely during the COVID-19 pandemic. Given
the unique context of the study, it may not be warranted to
generalize conclusions to more typical settings. Lastly, the

sample of students in this study was fairly homogeneous and
made up primarily of White students, and it included many
students who were above grade level in mathematics. Future
studies are needed to investigate the impact of this
intervention with students from a wider variety of
backgrounds.

Conclusion
In brief, this study replicates past findings that selfexplanations with worked examples can promote both
procedural and conceptual understanding, and it introduces a
new approach to eliciting such explanations within an ITS.
Like a human tutor, our new version of the ITS encourages
students to provide more conceptually rich explanations, if
they initially provide less rich ones. In so doing, this new ITS
supports students in focusing on the conceptual basis of their
problem-solving steps, supporting both performance and
learning.
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Abstract
Children are navigating a world with massive amounts of auditory input, sometimes relevant while other times purely noise,
and must somehow make sense of it all. The early auditory environment is critical for speech perception and recognition, auditory discrimination, and word learning, all of which support
language outcomes. What strategies do children use to learn
in noisy environments? One potential strategy is environmental selection, which allows children to seek environments that
align with particular goals. In the current paper, we examined
whether children and adults make decisions about their environments by integrating auditory information and goal-states.
While 3- and 4-year olds struggle with discriminating the level
of noise in noisy speech streams (and likely do not use this
information for environmental selection), 5-year-old children
and adults can. Further, we show initial evidence that they can
use this information to reason about acoustic environments that
are consistent with specific goals.
Keywords: active learning; auditory discrimination; auditory
noise; cognitive development

Introduction
Children’s auditory environment supports language development, but this environment can also be noisy and chaotic.
Acoustic noise is ubiquitous and unavoidable, from sounds
as low as a whisper (30 dB) to as high as crowded restaurants (90 dB) (Erickson & Newman, 2017). Children struggle
with speech perception and word recognition in noisy environments, and often require signal-to-noise (SNR) levels of 57 dB higher than adults listening to the same stimulus (Bjorklund & Harnishfeger, 1990; Klatte, Bergström, & Lachmann,
2013). Despite this, children manage to make sense of such a
noisy world.
More than 20 million children living in the United States
are exposed to dangerous noise levels daily, and 5 million
of those children suffer from noise-induced hearing loss as
a result (Viet, Dellarco, Dearborn, & Neitzel, 2014). Unfortunately, children of color living in urban regions are overrepresented in these numbers (Casey et al., 2017). Chronic
exposure to noise has been correlated with poorer reading
performance, reduced short term and episodic memory, and
smaller expressive vocabularies in elementary school children
(Clark, Sörqvist, & others, 2012; Hygge, 2019; Riley & McGregor, 2012). Yet despite suboptimal conditions, language
acquisition, cognitive development, and full engagement with
the environment is still possible, albeit more difficult. What
strategies do children use in these conditions?

One observation is that children’s attention or discrimination abilities may shift when faced with suboptimal auditory
patterns, even if this causes deleterious long- term outcomes.
For example, Cohen, Glass, & Singer (1973) measured the
sound pressure levels in and around a noisy Manhattan highrise apartment complex where 8- and 9-year-old middle class
students lived, and then asked how this chronic noise exposure related to reading performance. Auditory discrimination mediated the relationship between reading comprehension/ability and auditory noise, such that children exposed to
higher levels of auditory noise in the home not only filtered
out the noise, but also filtered out important information that
may support reading ability. Because children were indiscriminately filtering out both acoustic signal and noise, this
strategy might be considered maladaptive over time- one that
primarily affects children exposed to chronic noise.
It is possible, however, that children can and do make use
of adaptive strategies under acoustic constraints. Consider a
problem space in which children learn to optimize their auditory environments to successfully complete certain goals.
For example, a child might find that reading is best done in
a library, not just because of its convention (because libraries
function as places to read/check out books), but because it is
a quiet space. Such a strategy might allow children to exploit environmental variation in noise to maximize their ability to learn in suboptimal or variable conditions. In the current paper, we asked whether preschool children can reason
about their auditory environment and how it relates to specific
goals.
Environmental selection of this type is a type of active
learning, in which an agent makes choices to shape its own
learning. The dominant approach to studying active learning has emphasized how learners approach individual stimuli (e.g., Settles, 2009). When faced with uncertainty, both
human and machine systems can learn actively by choosing
new stimuli to query that are informative with respect to the
learner’s current knowledge state (Castro et al., 2008). Infants, too, have been shown to use active learning strategies
(Ruggeri, Swaboda, Sim, & Gopnik, 2019; see Xu, 2019 for
review).
Although most active learning research has focused on
stimulus selection, perhaps children and adults are engaging
in active learning by also making decisions about the environments in which they learn. In practice, this behavior may
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present itself as moving to a different room to study for an
upcoming exam or playing in a room with other children who
seem to be having the kind of fun you desire. We might expect humans to seek out environments that best support their
goals, and observe this strategy even in young children.
In the current paper, we took a first step towards investigating whether children and adults actively select their auditory
environment to achieve their goals. We conducted two experiments with both children and adults. Although our primary
interest is whether and how children engage in environmental
selection, we also collected adult samples to offer comparisons of how cognitively mature individuals might respond
to these tasks. To ensure that the stimuli we use can be discriminated by children in our target ages, Experiments 1a and
1b investigate children and adults’ auditory discrimination of
noise in long speech streams. Experiments 2a and 2b then
examine whether children and adults can select auditory environments that match a goal.

Experiment 1a
Previous research has consistently shown that adults can discriminate when two different sounds are at or below 5 dB
apart, and children as young as four perform similarly to
adults in discriminating contrasts as low as 5 dB (Jensen &
Neff, 1993). However, the stimuli commonly used to measure
intensity discrimination tend to be short tonal bursts. These
differ considerably from children’s real-world auditory experiences, which are not always transient and can reflect more
sustained noise. Additionally, noise exposure is not limited to
non-speech noise (e.g., white noise). Multi-talker noise is one
initial example of a kind of noise that occurs in children’s natural environments and that has been used across other studies as a more ecological noise stimulus (Fallon, Trehub, &
Schneider, 2000; McMillan & Saffran, 2016). Thus, in our
first experiment, we aimed to build on previous discrimination studies by creating a intensity discrimination and preference paradigm that used longer audio streams (up to 25s)
and naturalistic multi-talker noise. This experiment (and its
counterpart with children, Experiment 1b) sets the stage for
further experiments on environmental selection.

Methods
Participants A total of 40 adults (mean age = 27.68 years;
52.5% Caucasian/White) living in the United States at the
time of test were recruited to participate via the online platform Prolific. Testing was restricted to a laptop, desktop, or
tablet. All participants were fluent in English and had no severe visual or cognitive impairments. To preserve the quality
of the data, participants also completed two attention check
questions and were excluded if they failed one or more of the
attention checks. For this reason, an additional 6 participants
were excluded from analysis. Informed consent was collected
from each participant before the experiment began.
Materials and Procedure Participants were told that they
would watch 25s animated videos from each of the ten class-

Figure 1: One of 10 animated classrooms participants viewed
during the session.

rooms in The Alphabet School, a fictional preschool program
in which each class learns one letter of the alphabet from A–
J. Classrooms were created with Vyond animation software.
Each classroom was depicted in the videos as having 5–6
preschool children and one adult teacher with stereotypical
male or female presentation. The wall colors of each classroom identified which classroom participants were viewing.
In each video, the teacher would tell the students which letter of the alphabet they would be learning, followed by three
images on a whiteboard of animals or objects that begin with
that letter. Each room corresponds to one video. Figure 1 illustrates one of the ten classrooms shown during the session.
Participants viewed two videos per trial, for a total of five
trials. Importantly, the classrooms differed in their signal-tonoise ratios (SNR), which ranged from 5–25 dB. The target
signal, the teacher’s speech, was registered at 65 dB, and the
background noise, a recording of live preschool classrooms,
was equalized on speech subtracting any silence in the clips
and registered at 35, 40, 45, 50, 55, or 60 dB. The target signal and background noise clips were then combined to create
five videos with SNRs of 5, 10, 15, 20, or 25 dB. The two
videos participants viewed for each trial differed from each
other by 5–25 dB SNR (e.g. For Trial 1, if Video/Room A
has an SNR of 10 dB and Video/Room B has an SNR of 25
dB, then the difference in SNR for Trial 1 is 15 dB). At the
end of each trial, participants were asked, “Which room was
louder- Room (A) or Room (B)”. To understand how participants evaluated the referent of the question, we also asked at
the end of the experiment whether the term “louder” [in the
question, “Which room was louder- Room (A) or Room (B)”]
referred to the loudness of the speaker or the loudness of the
background noise, but was not an exclusion criteria. The majority of participants – 33/40 – indicated the loudness of the
background noise as the referent of the question. Additionally, to reduce participant inattention in the data, we included
two attention check questions and excluded participants who
answered at least one question incorrectly. SNR levels of
each classroom were counterbalanced across trials and conditions. Because SNR is a relative measure, the relative intensity between stimuli was standardized across participants
(Klingholz, 1987). While we do recognize potential differences in absolute intensity between participants, this difference alone likely has no significant bearing on the results presented here.
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Figure 2: Results from Experiment 1a. Proportion of responses correctly indicating the stimuli with the greatest
sound pressure level. Participants were presented with a binary choice and had a 50% chance of correctly responding.
SNR levels on the x-axis ranged from (left to right) 5, 10, 15,
20, and 25 dB. Error bars show 95% confidence intervals.

Results and Discussion
Given prior data, we expected that across SNR levels, adults
would correctly identify relative differences in the auditory
environments presented in this experiment (which served primarily as a comparison for Experiment 1b with children). We
preregistered [https://osf.io/tqay9] a Bayesian mixedeffects logistic regression predicting correct responding as
a function of SNR, with a maximal random effect structure
(random slopes by SNR and a random intercept by participant). SNR level was centered at 15 dB. In this and subsequent models, we used the package default of weakly informative priors (normal distributions on coefficients with
SD=2.5, scaled to predictor magnitudes).
On average, adults were above chance across all five SNR
levels (intercept: β = 2.15, 95% Crl = [1.66 - 2.88]), and there
was a modest effect of SNR on performance (intercept: β =
0.08, 95% Crl = [0.01 - 0.16]). Data are shown in Figure 2.
This finding is both a replication of previous studies which
have found similar performance levels in adults, as well as
an extension that revealed these findings hold even with more
complex stimuli. These results affirm adults’ auditory discrimination skills are fully mature, and that they possess the
cognitive resources necessary to successfully complete this
task.

Experiment 1b
In Experiment 1b, we reran the same experiment with 3–5year-old-children.

Figure 3: Experiment 1b. Proportion of correct responses
across SNR levels from 5–25 dB. Error bars show 95% confidence intervals.

Methods
Participants 36 children (3;0 years-5;11 years, mean age =
4 years, 12 children per age group, 41.7% Caucasian/White)
completed the same task as adults in Experiment 1a with a
few notable differences. An additional 7 children were ultimately excluded from analysis because their caregivers indicated they heard English less than 75% of the time. Participants were recruited through online advertisements on social
media and through direct sign-ups on a multi-lab developmental research website.
Materials and Procedure Children were tested synchronously over the Zoom platform by an undergraduate research assistant. The researcher first collected informed consent from the caregiver, who was often present but instructed
not to engage during the session, followed by assent from
the child. Children whose caregivers pointed to the computer
screen or provided answers during the session were excluded
from analysis. Due to the age range of interest, the experiment was presented strictly though images and videos, and
the research assistant verbally explained each slide to the children. Between trials, children were given virtual gold stars,
which served to pace the experiment and to maintain engagement. Children were not provided any feedback on their performance. Unlike adults, children were not asked to identify
whether the speaker or the background was the referent of
“louder.”

Results and Discussion
We anticipated that, while the strength of the effect would
increase with age, all children would correctly identify relative differences in SNRs from 10–25 dB, and that only threeyear-old children would be unable to correctly identify this
difference at 5 dB. We ran the same Bayesian logistic regres-
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sion presented in Experiment 1a, but added age (centered at
the mean) as a main effect. Figure 3 demonstrates a similar, though weaker, pattern of auditory discrimination skills
in preschool children. In the aggregate, 3–5-year-old children
showed some discrimination ability on the current paradigm
(intercept : β = -4.52, Crl = [-6.77 - -2.42]), but independent
of SNR (intercept : β = 0.14, Crl = [-0.14 - 0.42]).
Age played a larger role in children’s performance than we
anticipated. To explore this effect, we binned the data by the
child’s age in years [3;0-3;11, 4;0-4;11, and 5;0-5;11 years]
and reran the same analysis. Older children were more likely
to correctly discriminate auditory signals than younger children (intercept : β = -3.14, Crl = [-4.94 - -1.47]).
Our findings differed from prior results in that only 5 year
olds appeared to be robustly above chance in discrimination.
There are several possible reasons for this disparity. First,
as described earlier, this task is much more challenging than
prior rapid discrimination tasks: it requires assessing the level
of noise in a video, remembering it, and comparing it to another over the course of almost a minute. Additionally, the
type of stimuli presented here differs from the tonal bursts or
other non-speech sounds used in earlier work.

Experiment 2a
If 5-year-old participants can successfully discriminate between sound pressure levels, can they then use this information to reason about which goals are most appropriate in
these environments? In our next set of experiments, we assessed this hypothesis. Participants watched a video of a
third-person character with several goals and were asked to
select the environment in which he should complete these
goals. As in Experiment 1, we began by assessing performance in a convenience sample of adults.

Methods
Participants 128 adults (mean age = 27.82 years; 69.5%
Caucasian/White) living in the United States at the time of
test were recruited to participate via the online platform, Prolific. An additional 19 participants were excluded from analysis for failing one or more of the attention checks. Testing
was restricted to a laptop, desktop, or tablet. All participants
were fluent in English and had no severe visual or cognitive
impairments. Informed consent was collected from each participant before the experiment began.
Materials and Procedure Participants were introduced to
a preschool-aged character named Ryan with eight goals to
complete throughout the experiment: (1) to read a book, (2)
to build a tower out of blocks, (3) to learn the letters of the
alphabet, (4) to paint a picture, (5) to dance to his favorite music, (6) to learn a new language called Zerpie, (7) to talk to a
friend, and (8) to eat lunch. All activities had relatively simple explanations with the exception of (6). For this trial, participants were told that Ryan’s new neighbor, Logan, speaks
a rare language called Zerpie, a language he doesn’t speak.
Ryan wants to learn Zerpie so he can communicate with Lo-

gan.
In each of the eight trials, participants watched a video in
which Ryan stood in between two closed doors labeled “A”
and “B”, respectively. Before the video began, participants
were told to watch and listen carefully to decide which of the
two rooms Ryan should go to in order to complete his goal.
As in Experiment 1, we manipulated the sound level of
each room, but removed any classroom stimuli, including the
teacher, and only depicted one child opening and standing
in front of each door. As such, participants did not have access to any visual information about the room, and could only
rely on auditory information, as well as any information provided by the character who opened the door. Each character’s
voice was equalized to 65 dB and, unlike in Experiment 1, all
characters shared the same voice. All characters except Ryan
were preschool girls but differed in appearance. The same
background noise in Experiment 1 was used for the current
experiment. For each trial, the difference in SNR between
the two rooms was randomly selected to be either 5, 10, 15,
20, or 25 dB such that on average participants heard a range
of smaller and larger intensity differences.
During the video, each character would open their respective door beginning with Room A. The character in Room A
always said, “You can [goal] in this room”, while the character in Room B always said, “Or you can [goal] in this room.”
While the room on the left was always labeled “A” and the
room on the right was always labeled “B”, the characters from
and sound levels of each room, as well as goal order were
counterbalanced across conditions.
For each trial, participants were told which goal Ryan
wanted to complete and were asked to select the room that
he should complete his goal. After making a selection, they
were then asked to briefly explain their choice. Responses for
the quieter room (relative to the other and based on the actual
sound pressure level) were given a 1, while responses for the
louder room were given a 0.

Results and Discussion
We expected that adults would select the quieter room when
the goal was (1) to read a book, (2) to learn the new language called Zerpie, and (3) to learn the letters of the alphabet. We were uncertain but thought that some adults might be
more likely to select the louder room when the goal was (1)
to dance to his favorite music, (2) to talk to a friend, and (3)
to build a tower out of blocks because these are more social
activities and louder rooms might imply more people being
present. Additionally, we expected participants to have no
sound level preference for (1) eating lunch and (2) painting a
picture because the goals are unconnected with the auditory
environment.
As in Experiments 1a and 1b, we preregistered [https://
osf.io/hjqys] a Bayesian mixed-effects logistic regression
predicting environmental preference as a function of activity
type. Figure 4 depicts adult participants’ preferences for quieter environments based on the chosen activity. Coefficients
for the read, learn, Zerpie, paint, and dance activities all had
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Figure 4: Experiment 2a. Proportion of participants selecting the quiet room based on activity, with activities sorted by
response level.

95% credible intervals that did not overlap with zero. Interestingly, only for the dance activity did adults choose the louder
room more than 50% of the time, likely reflecting some ambivalence about whether someone might want to, e.g., eat in
a loud room.
In sum, these findings suggests adults can reason about the
match between acoustic environments and activity goals.

Experiment 2b
In the next next study, we asked about whether children could
also evaluate the match between acoustic environments and
activity goals. Following the results of Experiment 1b, we
conducted this experiment exclusively with 5-year-olds.

Methods
Participants 30 5-year-old children (33.3% Caucasian/White) completed a truncated version of Experiment
2a to both prevent testing fatigue and to maximize any
response differences based on the presented goals.
Participants were initially recruited and tested at a local
Bay Area preschool but due to COVID restrictions, testing
moved exclusively online. In total, 8 participants were tested
in-person and 22 were tested online. The in-person testing
was conducted with both caregiver consent and participant
assent. As with the online testing, participants were included
only if they heard English at home at least 75% of the time
and had no known cognitive, visual, or neurological impairments, which led to an exclusion of an additional 8 children.
Materials and Procedure We tested children on the four
activities with the widest differences observed in Experiment
2a: (1) to read a book, (2) to learn the letters of the alphabet,
(3) to build a tower out of blocks, and (4) to dance to music,

Figure 5: Experiment 2b. Proportion of participants selecting
the quieter room by activity.

for a total of four trials. Additionally, participants in this experiment were only shown videos in which the two rooms had
SNR differences of 25 dB because there were no differences
in performance across SNR levels in Experiment 1b.
Rooms and characters depicted in the videos remained consistent with Experiment 2a, with one exception: the room labels, “A” and “B”, were replaced with one black circle for
Room 1 and two black circles for Room 2. This change was
implemented after finding that several participants in the pilot
study seemed to favor the letter A over B, and because these
letter labels may interfere with responses when the goal is to
learn the letters of the alphabet. Black circle labels, on the
other hand, are more abstract and may reduce this bias. As
done previously, the characters, sound pressure levels, and
goal order were counterbalanced across conditions.
Whether testing online or in-person, participants were
shown the same set of videos and a research assistant (for online testing) or the first author (for in-person testing) verbally
explained each slide and video to participants. After watching each video, participants were asked to select the room
Ryan should complete his goal and to briefly explain their response. As in Experiment 2a, responses for the quieter room
(relative to the other and based on the actual sound pressure
level) were given a 1, while responses for the louder room
were given a 0.

Results and Discussion
We expected to see a similar, though weaker, response pattern as adult participants in Experiment 2a. Figure 5 depicts
children’s preferences for quieter environments based on the
chosen activity. We ran the same logistic regression as in Experiment 2a. Children were more likely than chance to select
the quieter room for book reading (which was set to the intercept: β = 1.56, Crl = [0.49 - 3]), but credible intervals for the

3477

other activities overlapped zero, suggesting that they could
not individually be differentiated from those for the read activity. Overall, children appeared to have a preference for the
quieter room across activities.
Children’s preference across activities appeared different
from those of adults. For example, adults strongly preferred
to learn in a quiet room while children had numerically the
lowest quiet preference for the learning activity. We speculate that children’s associations with these activities may differ from those of adults: for example, many children may
think of learning as something to be done in a noisy classroom setting.
As an exploratory analysis, we asked whether the inclusion
of activity predictors as a whole improved model fit over an
intercept-only model by using bridge sampling to compare
between models with and without activity as a predictor. This
comparison revealed a Bayes Factor of 27.64 in favor of the
activity model, suggesting that as a whole these predictors did
substantially improve model fit and hence children showed
some sensitivity to goal in their room selections, despite their
bias for the quieter room.

General Discussion
We asked here whether adults and children can reason about
how acoustic noise changes their environment. We found that
both 5-year-old children and adults could discriminate noise
levels differing by 5 dB in long-form auditory stimuli. On the
other hand, 3- and 4-year-old children were unable to do so.
We then asked whether 5-year-olds and adults would reason
about which acoustic environments best matched a particular activity goal. Adults showed clear and graded sensitivity,
choosing quieter environments for reading and learning and
louder environments for dancing. Five-year-olds were more
likely to select the quieter room overall but showed initial evidence that they differentiated between activities as well.
In other research, children in the age ranges we studied
show evidence that they learn actively (Ruggeri et al., 2019;
Xu, 2019), pursue ways to reduce uncertainty when faced
with a possible reward (Feldstein & Witryol, 1971), and
search for additional information on a particular topic when
their intuitive theories are less informative (Wang, Yang, Macias, & Bonawitz, 2021). Yet we found that younger children struggled even to differentiate environments with different levels of noise, and even 5-year-olds showed only modest
sensitivity to the congruence between acoustic environments
and goals. Each of these tasks may have been challenging for
children for reasons unrelated to their sensitivity to the underlying constructs, however. The discrimination task required
encoding and comparing noise levels across two different 25s
videos, which might have been challenging for reasons of attention and memory. And the environmental selection task
required noticing that the rooms differed in noise levels and
encoding their noise levels as well as associating different
noise levels with particular activities. Thus, in future work
we intend to explore simpler and more naturalistic paradigms

for evaluating children’s environmental selection abilities.
There are several further limitations that point the way towards new experiments. First, our research relied on convenience samples and so our specific estimates are not broadly
generalizable to other populations. Second, the paradigm
used third-party scenarios where participants assisted someone else with achieving certain goals; it is still unknown
whether children would make similar decisions if they themselves were given goals to complete. Finally, there is a possibility that participants’ familiarity with the context of particular activities (e.g., that they have typically danced in a noisy
preschool classroom) influenced their environmental preferences. Future work should explore novel activities where participants cannot rely on their current knowledge about which
auditory environments are most optimal for each activity. By
understanding the strategies children use to learn in noisy auditory environments, we might offer better solutions for those
exposed to chronic noise, thereby mitigating some of its negative effects. Such mitigation is becoming more and more
critical as cities become more populated (bringing construction with it) and auditory noise becomes even more unavoidable. Future studies will need to (1) explore the developmental trajectory of environmental selection, and (2) examine the
boundaries of environmental selection by probing these questions with other goals and in other contexts (e.g. first-person
settings). Investigating how children learn in noise will ultimately bring us closer to understanding how children can
thrive across a wide range of environments.
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Abstract
Dementia is a common and debilitating condition that typically
gives rise to increasing language impairment. There is a need
to understand the nature of this impairment further so that therapies may be developed, particularly in the case of bilinguals.
This paper extends BiLex, an existing computational model of
bilingual lexical access, to simulate language decline in dementia. Six lesion types are evaluated for their ability to reproduce the pattern of decline in the semantic variant primary
progressive aphasia (svPPA) subtype of dementia. Semantic
memory lesions reproduce this pattern of decline best in monolinguals, and further suggest patterns that are likely to be found
in longitudinal data from bilingual dementia patients in the future.
Keywords: personalized medicine; bilingualism; computational modeling; neural networks

Introduction
Dementia affects 55 million people worldwide, and approximately 10 million new cases are diagnosed each year
(World Health Organization, 2021). Although there are therapies and medications that can slow its progression, there is
not yet a known cure, nor any way to reverse the resulting
decline. Most dementia patients experience increasing difficulties with language, which is often one of the most distressing symptoms because of the resulting loss of connection to
others. Therapies that can slow the progression of these language difficulties are thus extremely beneficial for preserving
quality of life in dementia patients.
An important but sometimes overlooked aspect of language
behavior is that more than half the world’s population speaks
at least two languages (Grosjean, 2021). In the United States,
census data indicates that bilingualism is increasing, and this
may reflect a worldwide pattern (Grosjean, 2021). For individuals with language disorders who speak more than one
language, determining the most effective treatment is more
complex than in monolinguals because there are interactions
between languages that affect the outcome of treatment. For
example, treatment in one language may or may not improve ability in the individual’s other language(s), and the effect may not be symmetrical nor consistent between different
bilingual patients (Kiran, Sandberg, Gray, Ascenso, & Kester,
2013). There is thus an increasing need for therapies that can
preserve language ability in bilinguals with dementia; it may
1 The
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3 Boston University
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also be possible to develop more effective therapies that take
advantage of the patient’s ability to speak multiple languages.
Obtaining sufficient data to guide this process is a major
challenge, for three reasons. First, dementia patients, as well
as their families and caregivers, face substantial additional
burdens on their time due to the demands of living with dementia and caring for an affected person, which leaves little
time for study participation. Second, bilinguals vary widely
in terms of their proficiency in each language, and it is necessary to recruit study participants across the entire range.
Third, data collection is extremely time-consuming. The process of testing to get a single data point can take hours, and
in order to understand the nature of decline, data needs to be
acquired at several points in time, with enough time in between so that meaningful decline may be observed. These
requirements limit the amount of data that can be acquired,
which in turn limits the rate at which potential treatments can
be developed and evaluated.
A possible solution is to employ computational simulations. Computational models can be built based on current
understanding of relevant neuroscience and psychology, and
constrained with data on available human subjects. They can
then be fit to new human subjects, making it possible to predict how various treatments may affect the decline.
As an instantiation of this approach, this paper presents
a computational model of lexical access and semantic comprehension that can be applied to Spanish-English bilingual
dementia patients. The model is an extension of BiLex,
an existing computational model of bilingual lexical access
(Peñaloza, Grasemann, Dekhtyar, Miikkulainen, & Kiran,
2019). While BiLex is a neural network model, it is different from deep learning models that require millions of parameters and training examples to construct. Instead it is a
constrained model, incorporating principles from the neuroscience and language literature such as multiple maps and
connections between them (Kroll & Stewart, 1994). These
principles establish biases that make it possible to construct
accurate models with training data from only a small number
of subjects. BiLex was calibrated with data from 28 healthy
Spanish-English bilinguals and five monolinguals, and shown
to accurately simulate naming abilities across the full range of
bilingual profiles (Peñaloza et al., 2019). In this paper, BiLex
is extended with several possible pathologies, and shown able
to account for the specific characteristics of two individual
dementia patients.
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These BiLex models provide value in two ways. First, they
can be immediately useful in planning for care of individual
patients. Knowing the level of communication possible in
each language over time allows making better-informed decisions about living arrangements and degree of support required. Second, they can help accelerate scientific progress
by allowing initial experimentation with new therapies in
simulation. Scarce patient resources can then be spent on
evaluating therapies that have already been found promising
in computational studies. Thus, the work in this paper paves
the way for better understanding and treatment of an important segment of dementia patients in the future.

Assessing Dementia
All types of dementia can give rise to language deficits. The
nature and severity of these deficits vary between subtypes of
dementia, as well as between individual patients. Some types
of dementia, such as semantic variant primary progressive
aphasia (svPPA), lead to deficits in semantic processing as
well as severe word-finding difficulties. Other types, such as
mild cognitive impairment (MCI), leave semantic processing
intact and cause much milder difficulties with word-finding
(Cummings, 2020).
One commonly used test of word-finding ability is the
Boston Naming Test (BNT), which consists of 60 line drawings of objects which the subject is asked to name (Roth,
2011). This set of objects includes high-frequency and lowfrequency items, leading to a range of difficulty. Shorter
forms of the BNT exist, typically consisting of 15 or 30 items,
where the full range of difficulty is still represented.
Semantic memory is commonly assessed with the Pyramids and Palm Trees test picture version (PAPT) (Howard
& Patterson, 1992). In this test, subjects are shown one picture as a stimulus, and then asked to choose one of two other
pictures based on relatedness. The example after which the
test is named is a picture of a pyramid as the stimulus, and
the subject is asked to choose between a picture of a palm
tree and a picture of a fir tree. The full version of this test
includes 52 items, but shorter versions (with e.g. 26 items)
are sometimes used. Note that no words are involved in this
assessment, enabling it to test semantic knowledge without
requiring word-finding.
These two tests together indicate to what extent a patient’s
language difficulties stem from underlying semantic difficulties versus word-finding. Our model relies on these tests as a
measure of a subject’s naming and semantic abilities.

BiLex Model
BiLex is a computational model of the mental lexicon in bilinguals, inspired by the Revised Hierarchical Model of Kroll
and Stewart (1994). It can predict naming performance accurately in healthy bilinguals given an individual’s history of
exposure to the two languages (Peñaloza et al., 2019). It
can also be lesioned to match an individual’s characteristic
language deficits following a stroke, then used to accurately
predict individualized treatment outcomes that would result

Semantic map

“Dog”
Dog

Gato
Perro

Cat

English phonetic map

Spanish phonetic map

Figure 1: The BiLex model. The model consists of three
SOMs: one for the semantic representations of words shared
across languages, and two for the phonetic representations of
words in each language. The model can be fit to the language
history of individual patients, lesioned to model naming impairment in aphasia and dementia, and trained further to evaluate possible treatment options.

from post-stroke language therapy in each of a patient’s languages (Grasemann, Peñaloza, Dekhtyar, Miikkulainen, &
Kiran, 2021). A clinical trial is currently underway to evaluate BiLex as a tool for clinicians to select the most effective
treatment language in Spanish-English bilingual stroke patients; if successful, it would be the first computational model
employed in this role. Given these prior studies, BiLex provides a promising foundation on which to build an individualized model of language decline in bilinguals with dementia.
Consistent with Kroll and Stewart’s model, BiLex consists
of three interconnected maps: a phonetic map for each language and a shared map that represents semantic concepts.
Each map is implemented as a self-organizing map (SOM;
Kohonen, 1982), and all three maps are fully connected via
bidirectional associative connections, as depicted in Figure 1.
BiLex is trained with a corpus of words in English and their
direct translations to Spanish (638 concrete nouns in the simulations in this paper). Words are represented by two types of
vectors in BiLex. One is an encoding of the semantic features
of a word, where each position in the vector represents a semantic feature (e.g. “can fly”). The other type is an encoding
of the phonetic features of the word. Since BiLex is a bilingual model, each word has three representations: one semantic vector and two phonetic vectors (Spanish and English).
BiLex training follows the normal SOM training process
(Kohonen, 1982). All three maps are trained simultaneously, and the associative connections between the maps are
strengthened via Hebbian learning, so that connections between simultaneously activated SOM nodes are strengthened
proportionally to the activation of the two nodes they connect. Training occurs throughout the entire simulated lifetime, and the training hyperparameters vary to capture the
way language learning capacity declines with age in humans:
the learning rate and neighborhood size are decreased over
time, and random noise is added to the associative connections throughout the entire simulated lifetime to capture lan-
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guage attrition effects. The exact values and rate of change
for these hyperparameters were fit previously to healthy human data using evolutionary optimization (Peñaloza et al.,
2019; Grasemann, Miikkulainen, Peñaloza, Dekhtyar, & Kiran, 2019).
After training, BiLex’s performance is evaluated using
simulated BNT tests in both English and Spanish, as well as
a simulated PAPT test, similarly to testing of patients.

Extending BiLex to Model Dementia
Dementia and stroke both give rise to language deficits resulting from neurological damage, but the nature of the damage
and the resulting deficits differ significantly. Whereas stroke
typically consists of a single event in which brain tissue is
damaged, dementia is progressive in nature. Dementia also
arises from several different brain abnormalities which give
rise to different patterns of language decline. Therefore, it is
useful to evaluate several different ways of lesioning BiLex
progressively, so that it is possible to model as many of the
different subtypes of dementia as possible.

Lesion Types
This study evaluates six possible lesion types targeting the
functional areas in BiLex analogous to the brain areas and
functions that are affected by dementia pathology. These
include the semantic map (analogous to semantic memory;
Lesions 1, 2, and 3), propagation between the semantic and
phonetic maps (analogous to connections between semantic
memory and phonetic memory; Lesions 4 and 6), and the input to the semantic map (analogous to the combined sensory
and cognitive inputs; Lesion 5).
Candidate Lesion 1: Random Deletion of Neurons in the
Semantic Map Nodes in the semantic map are randomly
chosen to be marked as lesioned, meaning that that they will
no longer activate in response to the input nor propagate any
activation to phonetic maps. Once a node is marked as lesioned, it will remain that way for the rest of the simulated
lifetime. Beginning at the simulated age of onset, progressively more nodes are added to the lesioned set over time.
Candidate Lesion 2: Focused Deletion of Neurons in the
Semantic Map This lesion is identical to Lesion 1, except
that the next positions to be lesioned are chosen so that they
are adjacent to other lesioned nodes. The position of the first
node to be lesioned is chosen at random.
Candidate Lesion 3: Blurring of Semantic Features in
the Semantic Map At each time step during the lesioning
phase, the weight of each feature of each node in the semantic map is changed to be slightly closer to the average of its
neighboring nodes’ weights for that feature. This lesion is
implemented using a pooling operation over neighbors, as is
commonly used in some layers of a convolutional neural network. It is intended to simulate the “conceptual averaging”
observed in semantic dementia patients.

Candidate Lesion 4: Deletion of Associative Connections
Connections from the semantic map to the two phonetic maps
are removed at random. Once a connection is removed, it no
longer propagates activation from the semantic map to the
phonetic map, and it can no longer be strengthened via the
Hebbian learning process.
Candidate Lesion 5: Deletion of Features from the Semantic Input Vector Positions in the incoming semantic
vector, each of which corresponds to a semantic feature, are
chosen at random to be added to the set of lesioned features. These positions in the input vector will be ignored subsequently when choosing the semantic map node that most
closely matches the input vector.
Candidate Lesion 6: Abnormal Spread of Activation in
the Semantic Map During normal operation of BiLex, the
neighborhood size in all three maps decreases gradually as the
simulated age increases. This process is commonly used with
SOMs to allow the maps to organize at a global scale early in
the training process and then to refine their organization at a
local scale later according to more fine-grained similarities in
the data. In BiLex, the neighborhood size also effectively determines how many neurons adjacent to the winning neuron in
a given map can propagate their activation to the other maps
via the associative connections. In this lesion, semantic map
activation and subsequent propagation to the phonetic maps is
perturbed by progressively increasing the neighborhood size
in the semantic map during the decline. Thus, progressively
more nodes in the semantic map are allowed to propagate activation to the phonetic maps than in a healthy model, causing
the activation in the phonetic maps to become less focused.

Lesion Progression
When applying any of these candidate lesions to BiLex, two
choices must be made: when to start the lesioning process,
and the rate at which it should progress. Because the age of
onset and the rate of progression of dementia can both vary
among patients, even within the same subtype of dementia,
these are choices that must be tailored to each individual patient.
The choice of when to start the lesioning process is informed by the timing of the patient’s diagnosis and when the
symptoms were first noticed. However, this information does
not provide an exact answer, as neurological damage occurs
for some time before it is possible to formally diagnose dementia. To deduce the appropriate rate of progression, some
indication of the individual patient’s rate of decline is needed.
The most direct way is to obtain BNT and PAPT scores at two
timepoints with enough time in between so that the scores can
decline meaningfully.
Given such information, it is possible to find the best lesioning start time S and rate of progression P using the following search process: for each combination of S and P
within a range of plausible values, a BiLex model is trained
according to the language exposure history and with lesion-
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ing starting at S and progressing at rate P. Each combination
of S and P is evaluated for fit to the patient’s actual scores
(according to the sum of the squared distances) and the S and
P with the best average fit (over the available time points and
languages) is found.

Predicting Bilingual Dementia
The above process can be repeated with all six lesion types,
evaluating how well each one of them explains the patterns of
decline in the two languages. It will then be possible to identify the lesions that provide the best way to model dementia
computationally. However, longitudinal BNT and PAPT data
do not yet exist on bilingual dementia patients. Therefore, a
two-step process is employed in this paper:
First, the six lesion types are implemented in models of
healthy bilinguals, and their effect on the decline of the two
languages characterized. Second, these lesions are evaluated
based on how well they predict the decline in monolingual
dementia patients, for which data does exist. Thus, the second experiment allows identifying the best lesions; the first
experiment shows what the predicted patterns for that lesion
are. These experiments are described in the next two sections.

Experiment 1: Qualitative Comparison of
Candidate Lesions
Language exposure history data from two healthy bilingual
controls whose data were collected as part of the initial tuning of the BiLex model (Peñaloza et al., 2019) were used to
generate predictions of the shape of decline. These two subjects were chosen because they represent different degrees of
bilingualism: one is significantly more proficient in Spanish
than English at the age when lesioning begins, and the other
has approximately equal abilities in both languages.
For each combination of candidate lesion and human subject, 20 BiLex models were trained with the subject’s language exposure history data and lesioned beginning 11 simulated years before the last data point. The rate of progression P was chosen so that full decline happens in 10 simulated years: At that point, no unlesioned neurons remain in
the semantic map (Lesions 1 and 2), the weights are fully
averaged (Lesion 3), no unlesioned associative connections
remain (Lesion 4), no unlesioned positions in the semantic
input vector remain (Lesion 5), and the propagation neighborhood contains the entire semantic map (Lesion 6).
As can be seen in Figure 2, the six candidate lesions result
in different patterns of decline. Lesions 4 and 6 do not affect
PAPT score at all; Lesion 3 affects PAPT score before any
decline in BNT scores is observable; and Lesions 1, 2, and
5 affect PAPT scores and BNT scores simultaneously, but
with varying differences in impairment between them. The
shape of the decline in BNT scores also varies between candidate lesions, with some showing steeper decline early, some
showing steeper decline later, and others showing approximately linear decline throughout the entire lesioning period.
The second experiment then identifies which ones of these
patterns are the best match with those observed in patients.

Experiment 2: Matching Candidate Lesions
with Patient Data
Models with different lesions were fit to the data of two
English-speaking monolingual svPPA patients included in the
study of Flurie et al. (2020). For each patient, four timepoints of naming accuracy scores were reported, spanning a
period of 20-23 months, with six to eight months between
timepoints. PAPT scores exist for each patient at the first and
last timepoint. The age of each patient and the time since
onset were also included.
These data were collected as part of a study investigating
the effectiveness of a maintenance-based treatment intended
to preserve naming ability on the specific words included in
the treatment. Some of the words included in the treatment
were also words that appear in the BNT. To avoid this confound, the model’s naming accuracy was measured only on
words that were not included in the treatment.
Both patients have significantly impaired naming and
PAPT scores, with naming more severely affected, and both
naming and PAPT scores continue to decline over the course
of the disease in both cases. This pattern immediately allows
elimination of Lesions 4 and 6, neither of which causes PAPT
scores to decline (Figure 2). Similarly, Lesion 3 can be eliminated because its PAPT score first declines steeply and then
plateaus (and its naming scores do not fall to the patients’
level until its PAPT scores have plateaued at a significantly
lower level than those of both patients).
For each of the remaining three candidate lesions, an exhaustive search was run over a range of values for P and S,
subject to the constraint that S cannot be later than the patient’s reported age of onset. For each combination of lesion
type, P, and S, 40 BiLex models were trained with language
exposure history set to 100% English and 0% Spanish, with
lesioning starting at simulated age S and progressing at rate P.
Figure 3 shows the best fits of S and P for each of the three
candidate lesions. Lesions 1 and 2 provide the best match
with the patient data. They both involve progressive deletion of semantic map neurons, thus suggesting a likely source
of pathology in svPPA. Patterns for these lesions in Figure 2
then predict how this type of dementia is likely to progress
in bilingual patients. More specifically, more balanced bilinguals are predicted to decline similarly to the top two plots on
the right column, and bilinguals with one dominant language
similarly to the top two plots on the left.

Discussion and Future Work
Two of the six candidate lesions fit the data of monolingual svPPA patients well. The patterns of decline in the two
languages shown in Figure 2 then constitute predictions on
svPPA decline on bilingual patients, and similar predictions
can be generated for future patients with different language
histories. As longitudinal data become available for bilingual
svPPA patients, these predictions can be tested. Accurate predictions then build confidence that BiLex can be used to evaluate treatment options for individual patients in the future.
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Figure 2: Decline observed with the six candidate lesions in a Spanish-dominant model (left) and a balanced bilingual model
(right). Black lines represent PAPT scores, red lines represent Spanish BNT scores, and blue lines represent English BNT
scores. Candidate lesions are arranged according to their indices, with Lesion 1 at the top of the figure and Lesion 6 at the
bottom. The lesions result in different patterns of decline; Lesions 1 and 2 provide the best match with existing monolingual
data (Figure 3), predicting that the pattern in the top two rows will be observed in bilingual longitudinal data in the future.
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Figure 3: Best fits of candidate lesions to data from two svPPA patients in the study of Flurie et al. (2020). Fits for Patient
A are on the left and fits for Patient B on the right. Lesions 1, 2, and 5 are shown since they are the only ones that result in
a qualitative match to patient data. Black dots represent actual patient PAPT scores, and blue dots represent actual patient
naming scores. Similarly, black lines show the model’s PAPT scores, and blue lines show the model’s English naming scores.
The dashed vertical line is the patient’s reported age of onset. Lesions 1 and 2 provide the best match with data, suggesting
that these lesions can be used to predict the patterns of bilingual decline as well, as shown in Figure 2.
It is likely that other subtypes of dementia will be best
modeled with different types of lesions. For instance,
MCI patients characteristically are not impaired on PAPT
(Taler & Phillips, 2008). Therefore, Lesions 4 and 6 may
be appropriate for modeling MCI, despite not being good
choices for modeling svPPA. In future work, we plan to fit
the current candidate lesions to the pattern of decline seen
in MCI. This process can be repeated for other subtypes of
dementia as longitudinal data become available for them.
Another possibility for the future is to combine some of
the lesion types to achieve a more precise fit to patient data.
For example, Lesion 4 (which does not affect PAPT scores)
can be combined with either Lesion 1 or Lesion 2 (both of
which lead to PAPT scores slightly below the patients’ actual scores in Experiment 2) to achieve a closer fit to the data
from the two monolingual patients reported in Experiment 2.
However, allowing lesion types to be combined weakens the
constrained nature of the model and increases the danger of
overfitting the small amount of patient data available to us at
this time. As more data become available, it will be possible
to investigate how lesion types can be combined to generalize
across all the available data.

In the current model, lesions were assumed to progress at
a steady rate from the time they begin until the end of the
simulated lifetime. Variable rates may be more accurate, especially rates that either increase or decrease steadily (unconstrained variation would raise the risk of overfitting). If
longitudinal data with more than a few time points becomes
available, this possibility can be evaluated as well.

Conclusion
While it is important to be able to take into account bilingualism in understanding and treating dementia, it is difficult
to obtain comprehensive enough data to cover the variety of
patients. Computational modeling can be a crucial tool, but
the models have to be principled in order to be sufficiently
constrained with the available data. BiLex, a self-organizing
map model with associative connections, is based on neuroscience and psychological principles that make it possible to
fit it to individual patients. With longitudinal data on monolingual patients and healthy data on bilinguals, it is possible to
identify the candidate lesions that predict the likely patterns
of decline in bilingual dementia. Once verified with bilingual dementia data, these models can serve as a foundation
for identifying the most effective treatments in the future.
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Abstract

a placeholder; see Figure 1). Thus, zero may serve as a unique
and valuable testbed for examining how math talk and
context interact in the development of this concept.

Math talk has implications for the development of numerical
concepts. Research suggests that when caregivers talk about
natural numbers (1, 2, 3…), it may enhance children’s later
math knowledge. Natural numbers have physical quantities that
children can observe, yet abstract numerical concepts do not
have such observable quantities. In this analysis, we examined
how zero occurs in math talk. Using the CHILDES American
English corpora (MacWhinney, 2000), we examined the
frequency and nature of math talk about zero in naturalistic
interactions between 2- to 6-year-olds and other speakers. Input
from other speakers increased in frequency and complexity
across development. Input with zero in symbolic sentential
contexts (e.g., “one and zero make ten”) and cardinal sentential
contexts (e.g., “zero means nothing”) increased with
development. Children’s production of zero did not change in
frequency or context. These results have implications for the
concepts about zero children may bring to formal education.

Figure 1: Different contexts in which zero is used.

Keywords: math talk; corpus analysis; numerical
cognition

Introduction
Children’s early numerical development involves
understanding fundamental concepts such as numerical
magnitude (Gelman & Gallistel, 1986; Sarnecka & Carey,
2008). Importantly, understanding of these concepts is
associated with math achievement in later elementary school
and even into high school (Jordan et al., 2009).
Prior to formal education, how do young children acquire
knowledge about number concepts? Children may acquire
these skills through interactions with their parents—and in
particular, through interactions that involve math talk, which
is talk that refers to or invokes mathematical concepts, such
as quantity (Levine et al., 2010) or shape (Pruden & Levine,
2017). For example, naturalistic observations of parent-child
interactions revealed that the amount of parent talk about
numbers between the ages of 14 and 30 months is associated
with their child’s numerical knowledge later at three years
old (Levine et al., 2010).
How does context interact with knowledge about these
concepts? Abstract number concepts (e.g., zero) have
multiple meanings across various contexts (e.g., no more
marbles in the marble jar vs. “it’s below zero out” vs. zero as

Concepts of zero can be difficult for elementary school
children to understand (Bialystok & Codd, 2000; Wellman &
Miller, 1986; Wynn, 1998). Children’s understanding of zero
may involve misconceptions such as “zero is not a number”
or vague ideas such as “zero is nothing” (Lappan & Wheeler,
1987). Wellman and Miller (1986) reported that children first
learn to identify the symbol of zero without actually
understanding what the symbol means. They also reported
that it is not until kindergarten or first grade that children
understand that zero is a number and correctly identify it as
the smallest natural number (Wellman & Miller, 1986).
However, to our knowledge, no research to date has
examined concepts of zero prior to formal education.
From a language acquisition perspective, the word zero
may be particularly difficult for children to learn. Zero refers
to an abstract concept, and abstractions typically emerge later
in children’s vocabularies (Bergelson & Swingley, 2013;
Vigliocco et al., 2018). Children learn the meanings of words
by extracting statistical regularities in how often a word cooccurs with a referent (Smith & Yu, 2008) and how often it
co-occurs in linguistic contexts (Vigliocco et al. 2014, 2018).
This process may be complicated further in learning the word
zero because parents could use multiple different terms to
refer to the concept of zero. For example, a parent may refer
to an empty plate and say, “Oh! You have nothing on your
plate! Absolutely zero crackers left.”, or they may say things
like, “We need to put on your mittens, it’s below zero
outside.” Thus, zero may have both an ambiguous referent
and it may occur in many different linguistic contexts.
In naturalistic settings, children receive language input
from a variety of sources (e.g., parents, siblings, and teachers)
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and children may use this input to learn the concept of zero.
For example, maternal labeling of set sizes (i.e., “wow, four
doggies!”) predicts their child’s understanding of numerical
concepts such as cardinality (Gunderson & Levine, 2011) and
first grade math achievement (Casey et al., 2018). Unlike
other numerical words (i.e., one, two, etc.), however, zero
does not have a perceptually obvious quantity in the
environment that caregivers can readily label. That is, zero is
defined by a lack or absence of quantity.
What kind of math talk do people provide for abstract
quantities such as zero? Perhaps the earliest form of this input
includes using non-numerical terms such as nothing or none
to describe an absence or a null quantity. For example, when
a child finishes their dinner, a parent may note that they have
nothing left on their plate. Moreover, a child’s first exposure
to zero could be merely via overhearing someone recite a
phone number or address. It’s also possible that children hear
zero in a numeric sense, such as the first number of a count
sequence (“zero, one, two...”). Perhaps when people use zero
in this numeric sense, children may begin to transform their
concept of zero from a meaning of nothing to one of
numerical value. It would be informative to disentangle these
early concepts of zero for developmental and educational
researchers alike.
The goal of the current study is to investigate the quantity
and quality of math talk about zero experienced by two- to
six-year-old children. To do so, we investigated how often
math talk about zero originates from other speakers in a
child’s environment or from children themselves. We also
conducted analyses of the sentential contexts in which zero
occurs to examine the common meanings associated with
math talk about zero. We hypothesize that (1) math talk using
the word zero will increase with children’s age, (2) math talk
using the numerical word zero will originate more from other
people than from children themselves, and (3) the contexts in
which zero occurs will change over development.
We tested these hypotheses using transcripts from a
repository of existing developmental corpora, the Child
Language Data Exchange System (CHILDES; MacWhinney,
2000). We used the English-language transcripts of parents
speaking with children between ages two and five. These data
allow us to examine math talk input from caregivers as well
as production of zero from children themselves. An
advantage to using this database is that we can acquire a large
sample of naturalistic parent-child conversations that span a
variety of early environments.

yielded 185 utterances from 39 unique children (15 girls)
across 92 different transcripts. The full sample included
utterances from a variety of speakers including teachers,
grandparents, siblings, and caregivers. We were primarily
interested in how naturalistic language in the home may
contribute to the development of numerical concepts. Thus,
we also queried CHILDES for the sentential contexts
surrounding mentions of zero to examine what kinds of
information about zero is present in a child’s early input and
in their productions of zero. Specifically, we extracted the
utterance immediately preceding and following each
utterance that included zero, so we could consider whether
zero was being used in a way that might be facilitative of later
math learning.

Coding
To investigate the kinds of information that children hear
accompanying instances of zero in their environment, each
utterance of zero was categorized as belonging to one of five
categories. Based on the surrounding sentential context, we
categorized each utterance of zero as conveying either an
interval, nominal, symbolic, cardinal, or vague meaning. An
utterance was coded interval if zero was used in a numerical
context such as a counting sequence, a time, or a temperature.
An utterance was coded as nominal if it was used as a
particular number (i.e., telephone number with zero). An
utterance was coded as symbolic if it involved labeling the
number zero in the environment. An utterance was
categorized as a cardinal usage if the sentence described a
quantity or value. Finally, if a zero utterance was nonsensical
or had no other contextual clues present in the surrounding
utterances, then it was coded as vague. Table 1 includes
examples for each code.

Method

Table 1: Each possible category “zero” was coded as with
examples.
Category
Interval

Example
Mother: "Ten nine seven six five four
three two one zero blast off”

Nominal

Mother: “What’s your phone number
NAME?”
Child: “Three three three seven nine
eight zero”

Symbolic

Father: “When you see five and zero
together it's a fifty"

Cardinal

Mother: “So we have zero babies”

Vague

Child: “Zero”
Mother: “Zero very good honey”

Participants
Data were drawn from the CHILDES database
(MacWhinney, 2000). We conducted a search using the
childesr package (Version 0.2.1; Braginsky et al., 2020) in R
(Version 1.2.1335) to query North American English corpora
for transcripts including the word zero from children between
24 and 72 months (Mage = 47.39, SDage = 12.35). Our search
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Figure 2: Utterances with zero from other speakers and the child across age. Some ages are missing because there was no
data from that age.

Language Input with the Word Zero

Results
The dataset was comprised of utterances from a variety of
speakers, including the target child, the child’s parents,
teachers, and siblings. Thus, the sample included language
input about zero from several knowledgeable sources as well
as children’s own productions of zero. Each individual child
contributed approximately 5 utterances of zero across all
possible speakers (M = 4.74, SD = 7.22, min = 1, max = 31).
Knowledgeable speakers contributed 63.5% of those
utterances and children contributed 36.5%. See Figure 2 for
the frequency of utterances for children at each age.
In the following sections, we analyzed the input that
children hear from speakers who are knowledgeable about
zero separately from children’s own productions. Namely,
we examined how utterances of zero change across age – in
frequency and in the kinds of sentential contexts in which the
utterance occurs.

First, we examined the language input that children received
about zero. Per our first research question, we examined
whether the frequency of input about zero changed as
children became older. To test this, we fit a linear model with
frequency of utterances as the dependent variable and age of
the target child (in months) as the independent variable.
Because some of the age bins included data from several
individuals (i.e., some months included data from 3 children,
while others only had data from 1 child), we included a count
of children in each month as a covariate to control for age
trends being driven by the number of children in each age
group. Both age and count of children in each month were
mean centered. Indeed, there was a significant main effect of
age. As children became older, the frequency of zero
utterances (from all sources) increased, β = 0.06, F(1, 25) =
4.81, p = 0.038.

Figure 3: Change in utterances of zero for each sentential context across child age. Error bands reflect standard errors.
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We next examined how frequently utterances of zero
occurred in each of the context categories we coded, and
whether those frequencies changed with the target child’s
age. To do so, we fit five separate linear models with
utterances of zero from each category as the dependent
variable and age (in months) as the independent variable.
Again, we included the count of children in each month as a
covariate.
Utterances of zero occurred in interval contexts 11% of the
time (min = 0 utterances per month, max = 3 utterances per
month), and this type of input did not change over child age
(p > 0.05). Utterances of zero in the nominal context were
even more infrequent, occurring only 4% of the time (min =
0 utterances per month, max = 2 utterances per month). This
type of input also did not change with child age (p > 0.05).
Utterances of zero in the symbolic context were most
frequent, occurring 45% of the time (min = 0, max = 6).
Interestingly, this type of input increased with child age, β =
0.05, F(1, 25) = 5.28, p = 0.03. Utterances of zero in the
cardinal context were the next most frequent and occurred
26% of the time (min = 0, max = 4), and, again, this type of
input increased with child age, β = 0.03, F(1, 25) = 4.66, p =
0.041. Last, vague utterances of zero occurred 14% of the
time (min = 0, max = 3). In contrast to other contexts, this
type of input decreased with child age, β = -0.02, F(1, 25) =
6.12, p = 0.02. See Figure 3 for the data for each context.

Child Productions of Zero
Next, we examined children’s own production of zero. Per
our first research question, we examined whether the
frequency of producing zero changed as children grew. To
test this, we fit a linear model with frequency of utterances as
the dependent variable and age (in months) as the
independent variable. Because some age bins included data
from several children (i.e., some age bins had data from 5
children, whereas others had data from 1 child) we included
the count of children in each month as a covariate to account
for age effects being driven by the number of children
contributing data. Both age and count of children in each
month were mean centered. Contrary to our hypothesis, there
was not a significant main effect of child age, p > 0.05. Thus,
children’s productions of zero did not change across this age
span.
We conducted parallel analyses to those presented for the
language input that children received regarding zero. That is,
we examined how frequently utterances of zero occurred in
each context (interval, nominal, symbolic, cardinal, and
vague) and whether these frequencies changed across
development. Thus, we fit five separate linear models with
utterances of zero in each context as the dependent variable
and age (months) as the independent variable. Again, we
included the count of children in each month as a covariate.
Children produced utterances of zero in an interval context
7% of the time (min = 0 utterances per month, max = 4
utterances per month), and the frequency of utterances in this
context did not change over time, p > 0.05. Utterances of zero
in the nominal context were similarly infrequent, occurring

9% of the time (min = 0 utterances per month, max = 2
utterances per month). The frequency of child utterances in
this context also did not change over time, p > 0.05.
Utterances of zero in the symbolic context were most frequent
and occurred 53% of the time (min = 0, max = 11). Unlike the
input to children, children’s own production of utterances in
this context was stable across age, p > 0.05. Utterances of
zero in the cardinal context were less frequent, occurring
11% of the time (min = 0, max = 2). Again, the frequency of
child utterances in this context did not change over age, p >
0.05. Last, vague utterances of zero occurred more frequently
at 20% of the time (min = 0, max = 2), but the frequency of
this type of utterance also did not change over age, p > 0.05.

Summary
Overall, utterances of zero in naturalistic settings were
frequent, even for very young children, and these utterances
varied with children’s age. Zero was used most frequently in
a symbolic context (e.g., “When you see five and zero
together it's a fifty.”) Interestingly, the amount of input
children heard about zero increased as children developed,
and the kind of numerical information that adults provided
also shifted with children’s development (i.e., pointing to
zero as a symbolic number vs. saying zero in a phone
number). Utterances with zero from more knowledgeable
speakers (i.e., parents, teachers, etc.) tended to occur in more
sophisticated sentential contexts (i.e., symbolic and cardinal
context) more frequently as children grew. However,
children’s age was not associated with the frequency of their
own productions of zero in this sample.

Discussion
In this exploratory study, we examined language input to
children and children’s own productions to investigate the
ways in which the word zero is used in naturalistic
interactions. We specifically homed in on zero as an
interesting early numerical concept because it has multiple
meanings that can vary across sentential contexts (Vigliocco
et al. 2013, 2018; Floyd & Goldberg, 2021). Moreover, early
numerical concepts predict later math achievement (Jordan et
al., 2009). Thus, the present study may highlight possible
associations between early language input and understanding
of abstract numerical concepts. Greater knowledge about the
language input that children receive prior to formal schooling
may provide insights for instruction about numerical
concepts in the classroom. That is, instruction about zero
could be informed by understanding the scope of possible
meanings to which children are exposed in their early
environment.
First, we hypothesized that instances of math talk about
zero would increase as children grew. This hypothesis was
partially supported. Across all sources of input (i.e., parents,
siblings, etc.), the frequency of utterances with zero increased
with child age. However, when examined separately, we
found that children generally remained steady in the number
of zero utterances they produced, whereas zero utterances in
input from other speakers increased over time. One possible
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explanation for these findings is that knowledgeable speakers
begin to scaffold young children’s understanding of zero by
using the abstract word more frequently as children’s
language abilities develop (Huttenlocher et al, 2010). Older
children have greater comprehension skills that may allow
them to better accommodate abstract words such as zero
(Gleitman et al., 2005).
Second, we hypothesized that utterances with zero would
originate more from other speakers than from children
themselves, regardless of age. Indeed, knowledgeable
speakers accounted for more of the utterances with zero. This
finding may be a result of the structure of the dataset, because
language input was considered across many speakers rather
than one source (i.e., the child). However, when considering
young children’s production of abstract words more broadly,
it is possible that children struggle to self-produce the word
zero because it is abstract and has several meanings
(Mazzocco, 1997). Critically, the present findings suggest
that young children hear many utterances of zero from a
variety of speakers prior to formal education.
Third, we predicted that the types of sentential contexts in
which zero occurred would shift with children’s age. This
held true only for other speakers’ utterances. Interval and
nominal utterances of zero remained steady over age,
whereas symbolic and cardinal utterances of zero increased.
Moreover, vague utterances of zero from other speakers
decreased with age. It is possible that as children’s language
develops, other speakers begin using more advanced
language about zero. For example, the symbolic meaning of
zero requires a child to know that zero is a number in the
number system; many children have difficulty recognizing
this (Bialystok & Codd, 2000; Wellman & Miller, 1986;
Wynn, 1998). Thus, one possible explanation for the data
pattern is that knowledgeable speakers are sensitive to the
abstract nature of zero, and they try to ground the meaning in
a perceptually concrete symbol for older children who will
soon enter formal instruction using this value. The cardinal
sense of zero is perhaps an even more advanced concept, as
it suggests that one meaning of zero is the empty set. The
increase in language input in these categories might reveal
why vague utterances of zero decrease. As children age, they
are receiving more meaningful and complex utterances with
zero, rather than vague ones.
Although we found changes in the kind of input about zero
that children received, we were surprised that no shifts were
observed in children’s own utterances over the age span that
we observed. It is possible that prior to formal education
children do not need to use the word zero frequently in dayto-day activities. However, future research should examine
whether utterances of zero in naturalistic settings increase
after children begin formal education. Perhaps experience
with counting and early arithmetic in school would lead to
increases in the use of zero in more informal settings similar
to those examined in the current investigation.
There are several limitations to the present study. First,
there was a limited number of utterances of zero to examine,
even in this large repository of corpora. In fact, there were

significantly fewer tokens for zero compared to other natural
numbers (i.e., 52,606, 14,700, and 185 for one, two, and zero
respectively). Future studies should examine the extent to
which natural numbers follow a similar trajectory of input to
understand whether early difficulties with zero could be
explained by varying patterns of input for different kinds of
numbers. It would also be important to demonstrate that the
patterns of math talk found in the CHILDES corpora can be
replicated in other similar naturalistic language samples or
environments. Second, we do not have demographic data to
consider from these corpora. Age and utterances were the
data available to us. Third, this study is purely an examination
of relations among variables. This examination did not
causally manipulate utterances of zero to see how it affected
children’s reasoning about zero or production of zero
utterances. Future research should examine how utterances of
zero influence reasoning about zero using methods that allow
causal inference. Indeed, it is possible that developmental
shifts in understanding of zero occur with formal education
(e.g., zero as nothing vs. zero as the midpoint between
positive and negative numbers when children learn integers;
see Vest & Alibali, 2021). Last, while this data provided
some repeated measures (i.e., some children had data across
ages and some children provided utterances from several
different speakers), there were too few data points to analyze
the data using linear mixed effects models. Thus, we used
linear models with a covariate accounting for the unequal
contributions of zero utterances from various sources. Future
research should gather more longitudinal data so that random
effects for individual children can be accounted for.
Importantly, future longitudinal studies could provide insight
into how particular parent-child dyads construct meaning
about zero across development.
The current investigation demonstrates that language in the
years prior to formal schooling can provide useful insights
into what ways zero is used. Although input involving the
word zero is limited, the present findings suggest that there
are important developmental shifts between the ages of two
and six in the nature of math talk about zero. These results
are in line with the burgeoning literature on changes in zero
concepts and suggest a need for future empirical
investigations regarding the origins and factors that shape the
developmental trajectory of zero understanding.
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Abstract

Which kind of thing is a robot?

Robots are extraordinary, category-defying entities. Machines
that move autonomously, store and communicate information,
display emotions, and cultivate social relationships pose a
challenge to our most basic assumptions about what kinds of
things exists in the world and how we should reason about them.
As such, studies of lay people’s beliefs about robots offer new
insights into the ordinary functioning of folk ontologies. In this
paper, I propose that there are two ontological questions that
human reasoners must grapple with in making sense of robots,
or any other entity: Which kind of thing is it? and Which causal
forces act on it? Each question highlights a distinct way in which
robots are extraordinary—albeit, not exceptional—entities for
the human cognitive system. A meditation on the dynamic
interplay between these two ontological questions provides a
new theoretical framework for understanding conceptual change
at both the individual and the cultural-historical level.

What most scholars seem to mean by examining robots as
“extraordinary” targets for human reasoning is that it is
difficult to classify robots as either animate beings or
inanimate objects. This tension is illustrated in Figure 1A,
where ROBOT straddles the boundary between inanimate
objects (like books, forks, and rocks) and animate beings (like
fish, platypuses, and humans).
Indeed, a long tradition of empirical work supports the idea
that robots are difficult for people to classify as either animate
or inanimate. On the one hand, one important feature of
animate beings is that they are living, biological organisms.
The vast majority of studies suggest that only very young
children are at all confused about whether robots are living
creatures in this sense; among older children and adults there
appears to be widespread and stable consensus among lay
people that robots are instead non-living machines (e.g.,
Broadbent et al., 2013; Chernyak & Gary, 2016; Friedman et
al., 2003; Jipson et al., 2016; Severson, 2010; Okita &
Schwartz, 2006; van Duuren & Scaife, 1996; Weiss et al,
2009). On the other hand, another important feature of
animate beings is that they are intentional, goal-directed
agents. The evidence strongly suggests that people of all ages
are quite at ease with treating robots as planful agents with
capacities for memory and reasoning (e.g., Bernstein &
Crowley, 2008; Gary, 2014; Haslam et al., 2008; Kahn et al.,
2012; Melson et al., 2009; Nigam & Klahr, 2000; Severson,
2010; Weiss et al., 2009). Further complicating this matter
are the many mixed findings regarding people’s tendency to
construe robots as social partners—an understudied and
undertheorized aspect of “animacy.” Evidence for socialemotional construals of robots is more equivocal, and
suggests that people’s judgments seem especially likely to be
influenced by developmental, cultural, and historical forces
(e.g., Chernyak & Gary, 2016; Friedman et al., 2003; Gácsi
et al., 2016; Gary, 2014; Haslam et al., 2008; Jipson et al.,
2016; Kahn, Kanda, et al., 2012; Melson et al., 2009; Nigam
& Kalhr, 2000; Severson, 2010; Weiss et al., 2009).
In other words, when it comes to what kind of thing a robot
is, lay people appear to be quite clear on the fact that robots
are not prototypical animate beings—but they do not appear
to classify robots as inanimate objects, either.
Some have argued that social robots are a dramatic
exception to an otherwise clear animate-inanimate distinction
that they might come to constitute a “new ontological
category” (Kahn & Shen, 2017), with lay people
conceptualizing and interacting with robots as if they were
somehow “half-living,” in between” animal and artifact. A

Keywords: folk biology; folk psychology; animate-inanimate
distinction; concepts and categories; conceptual change; robots

Introduction
Robots are extraordinary entities. Unlike most artifacts,
they move autonomously, store information, communicate,
display emotions, and sustain extended social interactions. In
certain moments, they seem to defy the fundamental
distinction between animate beings and inanimate objects.
The possibility of a machine with a mental life raises deep
questions about animacy, agency, and personhood—and in
recent years these questions have taken on new practical
importance as robots and other artificial intelligences have
been incorporated into many people’s everyday lives. How
do people make sense of these category-defying machines?
In this paper, I examine the ways in which lay people’s
beliefs about robots illuminate the ordinary functioning of
folk ontologies more broadly. I propose that there are at least
two distinct ontological questions that human reasoners must
grapple with in making sense of any entity: Which kind of
thing is it? and Which causal forces act on it? Drawing on
empirical studies of lay people’s beliefs about robots, I argue
that each question highlights a distinct way in which robots
are “extraordinary”—albeit, not exceptional—entities for the
human cognitive system. Although these two ontological
questions are distinct, they are intimately related both in
principle, and, I argue, in human reasoning and conceptual
development: Examining the dynamic interplay between
categories (Which kind of thing is it?) and causal explanatory
frameworks (Which causal forces act on it?) provides a new
theoretical framework for understanding conceptual change
at both the individual and the cultural-historical level.
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key prediction from line of thinking is that robots are
facilitating an unprecedented kind of historical conceptual
change: Although current adults may continue to treat robots
as mere exceptions to a two-way distinction between animate
beings and inanimate objects, children growing up among
sophisticated social robots will construct a system of
categories that somehow accommodates their presence as
“normal,” e.g., a system in which the categories ANIMAL and
ARTIFACT sit alongside a third category of equal status
(perhaps, SOCIAL TECHNOLOGY).
I find this “new ontological category” hypothesis to be a
deeply thought-provoking proposal—but I question the
premise that robots are truly exceptional in their straddling of
fundamental ontological categories, and the related
conclusions that this is an example of unprecedented
historical conceptual change. In Figure 1A, I have included
three other entities that pose problems for the animateinanimate distinction—germs, plants, and spirits—all of
which predate the emergence of robots into human lives in
the twentieth and twenty-first centuries. Plants, in particular,
have been a crucial part of existence and survival throughout
human history—yet in studies of animacy, life, and folk
biological reasoning plants are notoriously challenging for
young children to classify and reason about (e.g., Anggoro et
al., 2008; Carey, 1985; Dellantonio et al., 2012; Hatano et al.,
1993; Inagaki, 1996; Johnson & Carey, 1998; Leddon et al.,
2008; Nguyen & Gelman, 2002; Opfer & Siegler, 2004) and
construals of plants appear to vary substantially across
cultural settings (ojalehto et al., 2017; Ross et al., 2003;
Yorek et al., 2009). Likewise, spirits, gods, and other
religious and supernatural beings have been part of the
landscape of most human lives, but are also difficult to
classify straightforwardly as “animate” (e.g., Shaman et al.,
2018).
Nonetheless, robots may defy categorization in new and
interesting ways—for example, robots seem to be considered
both animate in some senses and inanimate in others (Kahn
& Shen, 2017; Melson et al., 2009; Saylor et al., 2010), while
germs, plants, and spirits might be considered neither animate
nor inanimate (e.g., viruses reproduce and evolve but are
biochemically inert on their own; ghosts are agents that are,
by definition, no longer alive).
From this perspective, people’s complex beliefs about the
animacy status of robots highlight the importance of
reconsidering the nature of the animate-inanimate distinction
in folk ontologies of the world. There is no question that the
animate-inanimate distinction is a meaningful one—but
decades of empirical studies of people’s understanding of
robots underline the fact that this is not—and, I would argue,
never has been—a clear, binary, all-or-nothing category
boundary.

Which causal forces is a robot subject to?
Another way in which robots might be “extraordinary” is that
robots appear to be affected by an unusual combination of
causal forces: Like any other material thing, robots are
subject to external physical forces (e.g., gravity, friction), but

their behavior also appears to be driven by a subset of the
internal causal forces that constrain and influence human and
animal behavior.
The question Which causal forces is it subject to? is a
different kind of ontological question from What kind of thing
is it? Rather than delineating categories of things in the
world, it concerns the causal structure of the world.
Ontological questions about causal structure in turn raise
epistemological questions about how to learn and reason
about the entity in question—in psychological parlance,
which explanatory frameworks, conceptual systems, or “folk
theories” are appropriate? If an entity is subject to biological
causal forces (e.g., illness, growth) then folk biology is likely
to provide reasonable predictions and explanations of its
behavior. But folk biology has little to offer when it comes to
reasoning about the movement of billiard balls, or the
reaction between baking soda and vinegar, for which (folk)
physics and chemistry would be much more appropriate.
The empirical studies reviewed above suggest that lay
adults view robots as subject primarily to psychological
forces (e.g., perception, memory, goals), while children view
robots as subject to both psychological and social forces (e.g.,
complex emotions, relationships). Only the youngest children
in these studies appeared to view robots as subject to
biological forces.
Thus, from relatively early in life, robots appear to occupy
an unusual place in lay people’s perceptions of the causal
structure of the world—affected by psychological and
perhaps social forces in the absence of biological constraints.
Put another way, robots evoke folk psychology—and, for
children, conceptual representations of the social world—
without evoking folk biology. (Robots almost certainly also
evoke folk physics, although this is not typically the focus of
empirical studies.) This pattern is illustrated in Figure 1B.
This second perspective on folk ontologies—centered on
people’s perceptions of causal structure rather than their
perceptions of category membership—has rarely been
applied in previous scholarly work on robots, but I believe it
has much to offer.
First, focusing on causal structure and causal explanatory
frameworks situates reasoning in the context of action and
interaction: In real-world encounters with robots, questions
about causal structure (What will the robot do next? What
does it mean when the robot moves like that? How should I
respond?) are at least as important, and likely more urgent,
than more abstract questions like Is it animate or inanimate?
Second, this approach highlights a different way in which
robots are “extraordinary” entities: They evoke only a subset
of the causal explanatory frameworks necessary for making
sense of humans and other animals. Even as humans pursue
goals and engage in social interactions, our behaviors are also
driven by biological needs and constraints, as well as by
gravity, friction, and other physical forces; a full account of
human behavior would thus draw on all of these causal
explanatory frameworks (and perhaps others). In contrast,
any agentic or social behaviors enacted by robots are enacted
in the absence of any biological constraints. Again, I would
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Figure 1: Three views of a folk ontological system for understanding robots and other entities: (A) An ontology focused on
categories, driven by the question, Which kind of thing is it? Robots—along with germs, plants, and spirits—are unusual in that
they are difficult to place on one side of the categorical boundary between inanimate objects and animate beings. (B) An
ontology focused on causal explanatory frameworks, driven by the question, Which causal forces is it subject to? Humans are
influenced and constrained by physical forces (e.g., gravity), biological forces (e.g., illness), psychological forces (e.g., goals),
and social forces (e.g., relationships). Robots are unusual in that they are subject to physical, psychological, and perhaps social
forces, but not biological forces. Spirits might be unique in being subject to psychological and social forces in the absence of
biological or physical forces. (C) The two ontologies—capturing both categories and causal explanatory frameworks—in a
cycle of mutual constitution.
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argue that robots are not strictly exceptional in this regard:
Gods and spirits, for example, are entities that might come to
be perceived to occupy an even more unique niche in the
causal structure of the world, being subject to psychological
and social forces without being constrained by either
biological or physical forces (Barlev et al., 2019; Shaman et
al., 2018). Nonetheless, robots offer an unusual opportunity
for people to reason about psychological and social causes in
the absence of biological constraints—and, by extension, a
rare chance for researchers to observe folk psychology and
social reasoning in the absence of folk biology.
What could we learn from such observations? Consider the
pairing of folk psychology and biology. If patterns of
reasoning about the perceptions, beliefs, goals, and actions of
robots were identical to psychological reasoning about
humans—even as people decline to attribute biological
properties to robots—this could be taken as evidence that folk
psychology operates independently from folk biology, i.e.,
that these conceptual systems are to some degree
encapsulated from each other. If, instead, people’s folk
psychological reasoning about robots diverged in reliable
ways from their reasoning about humans, the divergences
might highlight ways in which folk psychology and folk
biology are coordinated in their application to humans: Folk
biology might constrain the accuracy of human perception
(e.g., human eyes see poorly at night), the reliability of
human memory (e.g., retention of information is less reliable
in the brains of humans that are very young or very old), the
optimization of human reasoning (e.g., human brains do not
operate at full capacity when they are sleep-deprived), or the
kinds of intentions a human might hold (e.g., humans are
unlikely to adopt goals that put their biological survival at
risk). Finally, if people (mistakenly) applied biological
constraints to robots in the course of reasoning about robots’
minds and goals (e.g., by indicating that a robot might operate
less effectively at night, or that it would be impossible for a
robot to adapt a self-destructive goal), this might suggest that
folk biology and folk psychology are so integrated in ordinary
reasoning that people find them difficult to disentangle from
each other. Beyond this, age-related differences in such
response patterns could, in turn, shed new light on how the
relationship between folk biology and folk psychology
changes across development—a long-standing interest in the
field of cognitive development (e.g., Carey, 1985; Erickson
et al., 2010; Inagaki, 1997; Medin & Atran, 2004). These
possibilities illustrate how empirical work on robots and
other “extraordinary” entities that is grounded in an
ontological interest in causal structure (rather than, or in
addition to, category membership) could contribute to
general theories of the cognitive architecture underlying
more typical examples of reasoning.
This thought experiment also raises deep psychological
questions about representations of causal structure in general.
I outline three such questions below.
First: How do people coordinate, combine, or adjudicate
among the many causal explanatory frameworks that may be
appliable to robots, humans, or other entities—especially if

these explanations conflict? Many cognitive scientists have
written about the coexistence and coordination of multiple
conceptual systems (e.g., Keil & Newman, 2009; Legare et
al., 2012; Spelke, 2000), but relatively little empirical work
has engaged with the fact that this kind of coordination
problem is the rule, not the exception. The unusual subset of
explanatory frameworks required to make sense of robots
highlights the fact that in ordinary reasoning, lay people are
constantly coordinating and adjudicating between a rather
large number of causal explanatory systems—particularly
when they reason about themselves and their fellow humans,
whose behaviors might well be described and understood
through any number of explanatory lenses (e.g., physics,
chemistry, biology, psychology, sociology, and so on).
Second, and relatedly: What kind of causal structure might
relate folk theories in different domains? Folk biology might
constrain folk psychology along the lines of the hypothetical
findings described earlier (e.g., by setting expectations about
the limits of human perception, memory, reasoning,
intentions, and other psychological phenomena)—but this
relationship need not be symmetrical. This is to say, folk
biology might well constrain folk psychology without folk
psychology constraining folk biology; folk physics might
constrain both folk biology and folk psychology without
itself being constrained by either. Theories of a “hierarchy of
sciences”—in which, e.g., biology depends on chemistry,
which depends on physics, which depends on mathematics,
etc. (Comte, 1854)—extend as far back as ancient Greece,
and remain familiar enough in the modern day to feature in
popular webcomics (https://xkcd.com/435). Hierarchies and
dependencies among folk theories is an area ripe for future
research, and studies of robots and other extraordinary
entities may provide unique leverage into this topic.
Third: Is there a distinct folk theory of the social world, and
can it operate independently of folk biology and folk
psychology? In recent years, the possibility of a foundational
“intuitive sociology”—perhaps encompassing folk theories
of social groups, social hierarchies, kinship structures,
institutional structures has gained some traction among
cognitive developmental psychologists (e.g., Rhodes &
Chalik, 2014; Shutts & Kalish, 2021; see also Hirschfeld,
2013). Others have floated the possibility of a distinct “core
knowledge system” dedicated to detecting and reasoning
about social partners from early in life (Spelke, Bernier, &
Skerry, 2013; Spelke & Kinzler, 2007). I myself have argued
for a distinction between the causal explanatory frameworks
invoked in reasoning about goal-directed agents vs. social
partners (Weisman, Dweck, & Markman, 2017). In all of
these cases, however, establishing the boundaries of such a
folk theory (or knowledge system), and distinguishing this
domain from “folk psychology” has proved somewhat
difficult; again, taking into account beliefs about
extraordinary entities like robots may provide new ways to
probe the distinctions and connections among the many
components of human “social reasoning.”
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The dynamic interplay between categories and
causal explanatory frameworks
Of course, categories and causal explanatory frameworks
are not unrelated—indeed, the intimate connections between
them have long been recognized in much of the foundational
work on categories, concepts, and conceptual change (see,
e.g., Carey, 1985, 2009; Chi, 2009; Keil, 1989, 1991; Murphy
& Medin, 1985; among others).
Drawing on a metaphor frequently used in cultural
psychology, I propose that categories and causal explanatory
frameworks exist in a “cycle of mutual constitution” (Markus
& Kitayama, 2010), as illustrated in Figure 1C. In one
direction, a category boundary might help delineate the
domain of an explanatory framework (e.g., folk biology must
explain the behavior of humans, platypuses, fish, and any
other members of the category ANIMAL). Conversely, an
explanatory framework might help define a category
boundary (e.g., the category ANIMAL should apply to
anything that is subject to illness, growth, and any other
causal forces in the domain of folk biology).
From this perspective, conceptual development might be
understood as a cyclical process, through which refinements
to a representation of causal structure might generate changes
in category membership, changes in category membership
might yield (further) refinements to representations of causal
structure, and so on. For example, in the domain of folk
biology, as a child gains a more sophisticated understanding
of nutrition as fueling metabolic processes at the cellular level
(rather than merely describing the process of eating and
excreting food through the digestive system), this might

Figure 2: A (hypothetical) data matrix with rows of entities
and columns of properties (including causal forces) sheds
light on the dynamic interplay between categories and
causal explanatory frameworks.

highlight the deep similarities between animals and plants,
forming a new category of LIVING THING; in turn, having
the category LIVING THING might lead to further refinements
in folk biology, such as identifying other biological processes
that might be redescribed at a more abstract level to apply to
both animals and plants (e.g., reproduction). Likewise,
cultural differences—across geographical setting and across
historical time—might also be understood as the result of
cycles of mutual constitution between categories and causal
explanatory frameworks: Different cultural-historical
settings are populated with different sets of entities, inherit
different social-cultural values, and have available to them
different linguistic tools for describing and communicating
about the world—all of which might shape the construction
and revision of categories and explanatory frameworks over
time and space.
Thus, the rise of robots in modern life offers a unique case
study of conceptual construction and perhaps conceptual
change, both at the individual level (What happens when a
person encounters this extraordinary entity?) and at the
historical level (What happens when a society encounters this
extraordinary entity?) (see Kahn & Shen, 2017; Nass et al.,
1994; Turkle, 1984). On the one hand, the dynamic interplay
between categories and causal explanatory frameworks could
constrain construals of robots: For example, if a person (or a
society) classifies robots as inanimate objects and
understands inanimate objects to be categorically
unconstrained by social causal forces, that person (or society)
might deduce that robots should not be construed or treated
as social partners. Alternatively, this cycle of mutual
constitution could effect a reconfiguration of ontological
categories: For example, if a society (or a person) bears
witness to robots who appear, convincingly, to be subject to
psychological and social forces but not biological forces, and
if this is a new niche in the causal structure of the world, that
society (or person) might construct a new category of entities
comprised of social robots (Kahn & Shen, 2017).
I find this easiest to think about in the form of a
hypothetical data matrix (Figure 2). In this matrix, both
categories and causal explanatory frameworks can be thought
of as “clusters” of vectors with similar patterns of entityproperty values: categories as clusters of entities (e.g.,
INANIMATE, ANIMATE, as depicted on the left side of Figure
2), and explanatory frameworks as clusters of causal forces
and other properties (e.g., PHYSICAL, BIOLOGICAL, and so
on, as depicted at the top of Figure 2).
When a person or a society first encounters a new kind of
entity—be it robots, microscopic organisms, disembodied
artificial intelligences like Amazon’s “Alexa” or Apple’s
“Siri,” or fictional creatures like zombies—the properties of
these entities might highlight new ways of grouping together
entities, or might draw attention to additional properties that
are crucial for reasoning about different kinds of entities
(Festerling & Siraj, 2020). Likewise, drawing attention to
additional properties—such as being subject to hierarchical
power structures, giving birth to live young, or having been
designed—might pick out additional relevant causal
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explanatory frameworks (e.g., frameworks for reasoning
about social groups, mammals, or artifacts), further
differentiate sub-categories of entities (e.g., MAMMAL,
ARTIFACT), or pick out new categories of entities altogether.
In other words, the cycle of mutual constitution between
clusters of entities (categories) and clusters of properties
(explanatory frameworks) might be redescribed as a state of
affairs in which any change to the matrix connecting entities
to properties has the potential to cause changes that propagate
throughout the matrix. The nature and extent of these changes
likely depends on the prior knowledge and conceptual
structures embedded in the matrix (as well as auxiliary
features of the individual or society in question, such as
domain-general cognitive abilities, vocabulary and other
aspects of language, broader cultural values, and so on). This
metaphor closely resembles the data structures and
computational processes employed in deep neutral networks
and other unsupervised learning approaches to modeling
category structure (e.g., Saxe et al., 2019)—which may hint
at a particularly productive means of continuing to advance
our understanding of conceptual change in these domains.
In sum, rather than robots intervening on otherwise static
representations of the category structure and causal structure
of the world, I propose that robots and other “extraordinary”
entities reveal an ongoing, dynamic interplay between these
representations. This cycle of mutual constitution may be a
key part of what allows humans to navigate efficiently
through our daily lives while retaining the cognitive
flexibility to reason about a world in flux—a universe that
continues to reveal to each person and to each society deeper
complexities and new possibilities.

Conclusion
The possibility of artificially intelligent, socially
sophisticated robots has fascinated scholars, storytellers, and
others for nearly a century, and this fantasy is now closer than
ever to reality. The rise of robots raises a host of questions
with both philosophical and practical implications. Are
robots capable of functioning as doctors, teachers, and
caregivers, or even as friends, lovers, and family members?
Is it possible, or ethical, for humans to create a machine that
thinks and feels? What would such a machine reveal about
what it means to be alive, conscious, intelligent, and human?
How would this kind of being fit into—or possibly reshape—
our social lives and moral commitments?
Time will tell how lay people’s folk ontologies do or do not
stretch to accommodate these untraditional social partners. In
the meantime, continuing to document our developing
relationships with this new presence in the world has the
potential to shed new light on the nature and flexibility of
human social reasoning and cognition more broadly.
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Abstract

While most of these algorithms can produce the basic findings — e.g., above-chance recognition of words subsequent
to exposure to speech streams (Jenny R. Saffran et al., 1996;
Jenny R. Saffran, Newport, & Aslin, 1996) — they have
radically different implications. Different algorithms range
widely in terms of how efficiently they learn and thus provide more or less plausible solutions for language learning
(Batchelder, 2002; Michael R. Brent, 1999; Frank et al.,
2010; Mareschal & French, 2017). They moreover suggest
linguistic representations ranging from highly symbolic to essentially graded and distributed, and learning theories ranging
from strongly empiricist to strongly nativist. Thus, determining which algorithm(s) humans actually use is not a minor
technical point but rather is at the heart of the matter.

Humans, even from infancy, are capable of unsupervised (“statistical”) learning of linguistic information. However, it remains unclear which of the myriad algorithms for unsupervised learning captures human abilities. This matters because
unsupervised learning algorithms vary greatly in how much
can be learned how quickly. Thus, which algorithm(s) humans
use may place a strong bound on how much of language can actually be learned in an unsupervised fashion. As a step towards
more precisely characterizing human unsupervised learning
capabilities, we quantitatively synthesize the literature on adult
unsupervised (“statistical”) word segmentation. Unfortunately,
most confidence intervals were very large, and few moderators
were found to be significant. These findings are consistent with
prior work suggesting low power and precision in the literature. Constraining theory will require more, higher-powered
studies.
Keywords: statistical learning; unsupervised learning; word
segmentation; meta-analysis

Introduction
Humans, even from infancy, are known to be capable of learning many behaviors like language without receiving much direct feedback. The foundational work by Saffran, Newport,
& Aslin (1996) provided initial evidence that infants can extract statistical regularities from auditory speech and leverage
this information to identify words. This finding has precipitated the growth of a massive literature demonstrating that
both infants and adults can engage in this behavior, known as
unsupervised or “statistical” learning. Unsupervised learning
is now widely considered to be an underpinning of human
language acquisition. However, a number of important questions remain unanswered, including the extent to which unsupervised learning actually explains for language learning.
A central difficulty is that there are myriad learning algorithms for unsupervised learning, each with different assumptions and distinct implications (M. R. Brent & Cartwright,
1996; Chemla, Mintz, Bernal, & Christophe, 2009; Dupoux,
2018; Frank, Goldwater, Griffiths, & Tenenbaum, 2010; Kurumada, Meylan, & Frank, 2013; Mareschal & French, 2017;
Mintz, 2003; Monaghan & Christiansen, 2010; Perruchet &
Tillmann, 2010; Swingley, 2005; Thiessen, 2017). These include algorithms that use tabulation of transitional probabilities, clustering algorithms, memory compression, recurrent
neural networks, and inference over generative models —–
each of which can be instantiated in a variety of manners
(Frank et al., 2010, 2010; Newport & Aslin, 2004; Toro, Nespor, Mehler, & Bonatti, 2008).

In sum, significantly constraining theory requires not only
demonstrating that unsupervised learning takes place but also
developing a precise quantitative understanding of how human statistical learning works, including what factors affect
it and to what degree. This would allow precise comparison
of human learning to different proposed algorithms.
Considerable effort has been made in this direction. Even
just considering unsupervised auditory word segmentation in
adults, well over 100 investigations have been published (see
below); the numbers swell when one also considers investigations of other linguistic phenomena, learning in children,
and visual statistical learning. However, using these results to
constrain theory is not straightforward. There are a number of
recent qualitative reviews of the literature (Armstrong, Frost,
& Christiansen, 2017; Erickson & Thiessen, 2015; Frost,
Armstrong, & Christiansen, 2019; Lidz & Gagliardi, 2015;
Thiessen, 2017). However, qualitative reviews are of limited
use in distinguishing theories that differ primarily quantitatively. Moreover, the literature contains a number of dataclashes, with different studies using slightly different methods and getting different results, or sometimes even using
the same methods and getting different results (i.e., failures
to replicate) (Bonatti, Pena, Nespor, & Mehler, 2005; e.g.,
Hartshorne et al., 2019; Newport & Aslin, 2004). While authors do try to adjudicate these data disputes, different researchers come to different conclusions (e.g., Bonatti, Pena,
Nespor, & Mehler, 2007; Keidel, Jenison, Kluender, & Seidenberg, 2007).
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Table 1: Moderator Variables
Moderators

Levels

Description

Adjacency

Adjacent,
Nonadjacent Syllables,
Nonadjacent Consonants,
Nonadjacent Vowels
No Task,
Distractor Task,
Overt Task
N/A
N/A
N/A

Whether the relevant transition probabilities for word segmentation are between adjacent or nonadjacent segments.

Attention

Average Syllables per Item
Bilingual Extent
Bilingual Immersion
Foil Type

Nonword, Partword,
TP-Match, Tone Foil
True, False
N/A
Yes, No
English, Spanish, etc.

Lengthening
Length of Exposure
Musical Training
Native Language

Task performed by the participant during the listening phase.

Avg number of syllables or tones per trained word.
Extent participant speaks a second language.
Degree of immersion two languages
The design of the foils in the test phase.
Whether the initial/medial/final syllable of ea. word in the training is lengthened.
Duration of the training phase.
Whether the participant has musical training or not.
Native language of participants.

Phonotactic Match
Pitch
Response Type
Stim Type
Target

True, False
Higher, Lower, False
2AFC, Recognition
Syllables, Tones
Trained, Ruleword,
Classword, TP-Match

Whether trained words conform to the phonotactic constraints of the participants’ native language.
Whether the initial/medial/final syllable of ea. word in the training has a modified pitch or F0.
Response paradigm in the test phase.
Type of stimuli composing the artificial language stream.
Correct response in the test phase.

Total Number of Foils
Number of Foils per
Subject
Total Number of Trained
Words
Number of Trained
Words per Subject

N/A
N/A

Total num foils across all participants.
Num unique foils each subject encountered.

N/A

The total number of trained words present across all participants.

N/A

The number of unique words a single subject encountered during training.

Overview of the Study
The goal of the present paper is to perform a quantitative
summary of the literature — that is, a meta-analysis — to
determine what quantitative constraints the literature places
on unsupervised learning algorithms, if any. Meta-analyses
provide a principled method for synthesizing divergent findings across experiments (Bailar, 1997; Borenstein, Hedges,
Higgins, & Rothstein, 2009; Egger & Smith, 1998; Rothstein, Sutton, & Borenstein, 2006). There is one recent metaanalysis, though its scope was limited to effects of cue conflict and stimuli naturalness on unsupervised word segmentation in children ages 4 months to 11 months (Black &
Bergmann, 2017). Morever, while these are theoretically important issues, they do not do much to distinguish learning
algorithms.
We restricted our meta-analysis to unsupervised word segmentation in adults. We focused on adults because many
more modulators have been tested for adults than for infants, giving us more power to potentially identify robust
effects. With more than one hundred studies already published, we are also more likely to have sufficient power and
precision to quantify effects than would be the case for the
much smaller infant literature. While in principle the infant
literature is more directly relevant to typical first-language
acquisition, data to date provide little evidence of any agerelated change in unsupervised word segmentation (Black &
Bergmann, 2017; Raviv & Arnon, 2017; Thiessen, Girard, &
Erickson, 2016).
The goal of the meta-analysis is to determine what mod-

erators of statistical word segmentation are sufficiently wellevidenced to be strong constraints on theory – and, if possible,
estimate effect sizes with enough precision to allow quantitative comparison to proposed algorithms.
Note that we leave actual comparison to algorithms for future work. This is partly because for many of these algorithms, it is not trivial to apply them to the kinds of challenges
presented to humans in experimental settings, and thus determining their predictions is a significant endeavor in its own
right (Frank et al., 2010). This is also because the results below suggest such comparison is premature.

Limitations
There are a few limitations of meta-analysis that bear mentioning. First, they are necessarily limited by the quality of
the studies. Moreover, meta-analyses do not take a stand on
the quality of any particular study, beyond anything captured
by the standard error of measurement. With enough data, a
few lower-quality studies should wash out, though of course
this will not work if most studies have flaws in their methods.
Second and relatedly, meta-analysis necessarily elides differences between studies that are not captured by the covariates being considered. For instance, in our case, we did not
note speech rate, which varies across studies and could conceivably affect results. To the extent that all studies used
reasonable speech rates, this is actually beneficial, since the
meta-analysis effectively captures uncertainty in measurement due to random variation in what is essentially a nuisance
parameter. However, if there is theoretically-meaningful vari-
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ation along some dimension that we did not code for, then in
the best case scenario this adds undue noise, and in the worstcase scenario confounds the measurement of the moderators
that were coded. Unfortunately, absent a perfect understanding of the phenomenon, deciding which moderators to code
and which to ignore is a judgment call, and our judgment may
not be correct.
The third and final limitation we wish to highlight is that
given a fixed amount of data, the more moderators coded for
in a meta-analysis, the less likely anything will be significant.
This is particularly true if one corrects for multiple comparisons. Thus, there is always a tension between considering
more moderators and thus avoiding the second problem listed
above, and coding only the ones most likely to matter in order
to preserve statistical power. One concession we made along
these lines was to not consider interactions, with only a few
exceptions. (Note that in some ways, this is a feature not a
bug: the more information we wish to derive from the literature – that is, the more moderators we wish to measure – the
more data there needs to be in the literature in order to have
sufficient statistical power.)

Method
We based our methods on the Preferred Reporting Items for
Systematic Review and Meta-Analysis Protocols (PRISMAP) 2015 checklist (Moher et al., 2015). Where our scientific
priorities necessitated diverging from these criteria, we describe the differences and rationale below.

Eligibility Criteria
We created an inclusion/exclusion guide based on a preliminary survey of the literature. However, the sheer size and
complexity of the statistical word segmentation literature are
such that coders periodically found studies that did not clearly
fit the criteria or which involved significant methodological variation that forced reevaluation of coding procedures.
In these cases, the issue was resolved through discussion,
the guide was updated, and the already-coded studies were
double-checked for consistency. The final, exhaustive guide
is available online (see OSF supplement). Ultimately, we selected studies meeting the following criteria:
Study designs The meta-analysis focused on auditory
statistical word segmentation in adults. Participants must
be familiarized with a continuous, artificial, auditory language stream and subsequently tested on their ability to
explicitly discriminate between the words of this language
and foils. In order to keep scope manageable and maximize comparability across effects, we excluded studies in
non-auditory modalities; studies involving sentence-level
phenomena such as artificial grammars or long-distance
dependencies; and findings that did not involve binary choice
or which involved implicit measures (e.g., neural responses
or reaction times). The explicit measures of interest are
most commonly instantiated in the form of a 2-alternative
forced-choice paradigm or a yes/no recognition paradigm,

where chance performance is at 50%. We make our exhaustive guide to inclusion criteria along with documentation of
excluded studies available in our supplementary materials:
osf.io/jmbdq/?view only=5a9c63c532474a40b057abfeead1f119.
Participants Our sample is limited to empirical studies investigating healthy, adult humans in the general population
(including college students ages 17 and older). Thus, studies
conducted on younger populations or neurodivergent participants (e.g. those with dyslexia, ASD, brain lesions, etc.) were
excluded. Studies comprising a mix of eligible and ineligible
participants were only considered if the data from participants
meeting our criteria were reported separately.

Information Sources
Due to resource limitations, we only included articles reported in the English language. Otherwise, our search protocol prioritized being exhaustive. This has the advantage of
both including as much data as possible while simultaneously
avoiding bias (since nearly everything is included). We began with a list of several hundred statistical learning studies
that had been previously compiled, which we supplemented
with suggestions from academic consultants, community listservs, and papers cited in two recent literature reviews (Frost
et al., 2019; Jenny R. Saffran & Kirkham, 2018). As papers
were marked for inclusion in the meta-analysis, we conducted
targeted searches using key words suggested by the included
papers, papers cited by included papers, and papers citing included papers. For instance, in July 2019, we used a Google
Scholar search to find all papers published between 2015 and
2020 that cite Saffran et al. (-Jenny R. Saffran et al. (1996))
and contain the keywords “word segmentation,” and then in
December 2020 we performed a backward reference search
of all included eligible reports that were published between
2015-2020. We continued this process until it stopped producing meaningful numbers of additional papers. This process yielded more than 700 unique articles that passed initial
screening (the process described above does not easily yield
itself to counting the total number of papers considered). In
late 2021, we again used listservs and direct outreach to experts to identify any papers not already on our list; No new
papers were included as a result.

Data management, selection, and collection
Each study identified from searching was screened independently by two or more members of the team. Data from eligible studies were manually extracted and entered into a plaintext spreadsheet in accordance with guidelines outlined in an
instruction manual (available on OSF). The data recorded for
each eligible study were verified by at least two members of
the team, not counting periodic spot-checking and doublechecking. Disagreements were addressed by discussion, often with additional members of the team, with all decisions
documented. In order to promote consistency across reviewers, a small subset of eligible studies was used for training
exercises prior to the start of the data entry process.
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Figure 1: Results of meta-analysis including all moderators except native language and manipulations of lexical stress. *
indicates significant after Šidák correction for multiple comparisons. † indicates significant without correction.
Exclusions were documented separately and consisted of
(1) ineligible studies, including non-auditory statistical learning studies (N=933), and (2) studies with errors or which
failed to report number of subjects, number of trials, or subject accuracy (N=17). Note that in some cases of studies with
errors or missing information, we were able to obtain the critical information from the original authors; these studies are
not included in the aforementioned counts.

Data Items
We coded single-sample effect sizes as the primary outcome
measure. Ideally, these effect sizes would be extracted from
mixed effects models that take into account both subject and
item variability (Bates, Mächler, Bolker, & Walker, 2014).
Unfortunately, the vast majority of published studies do not
report such estimates, and many do not even report standard
errors. Thus, we followed (Mahowald, James, Futrell, & Gibson, 2016) in terms of log odds assuming each data point is
independent – a calculation that requires only knowing the
mean response, the number of subjects, and the number of
test items. (Note that this is possible since we are only including studies with dichotomous outcome variables.) While the
assumption of independence is incorrect, (Mahowald et al.,

2016) found that this estimate compared well to effect sizes
extracted from mixed effects models (the gold standard). In
situations where numerical data for participant accuracy was
not provided in an experimental write-up, we used WebPlotDigitizer to manually extract this information from any available data visualizations (Rohatgi, 2021). The effect size and
the variance for each experiment were then obtained via a
generalized linear model in R.
Many studies report the same data analyzed different ways
with different cell means. In a substantial portion of cases,
more than one of these “slices” through the data are theoretically interesting (that is why the authors reported the data
multiple ways). Rather than choosing one slice, we coded
all of them (unless a particular slice ran afoul of exclusion
criteria).
Selection of Modulators We compiled an initial list of
modulators based on our preliminary survey of the literature,
with a focus on modulators that appeared in at least 10 experiments. As the project continued, this list was revised as
needed. A comprehensive guide was maintained and updated
through (documented) discussion. Any changes prompted a
review of already-coded studies. Table 1 contains a complete
list of the modulators, along with the possible levels for each
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(if applicable). For a more detailed description of each covariate, please refer to the coding manual in our supplementary
materials.
Note that restricting the meta-analysis to modulators that
are measured in a number of experiments excludes many that
are highly theoretically-relevant. We view this as a limitation
of the literature, not the meta-analysis. The goal was to identify well-evidenced modulators, the effects of which could be
measured with some precision. By definition, this excludes
effects that have only been investigated in a handful of experiments.
We ultimately excluded mean age from primary analyses
both because it often could not be determined (21%) and because of the low variation (the vast majority of studies focused on college-age subjects). Other than native language
(discussed below), other predictors had a maximum of 12%
missingness with a median of 0%. In a very small number of
cases where a level of a categorical variable was extremely
rare (e.g., the “classwords” target type), those records were
eliminated during analysis to prevent proliferation of covariates.

Data Synthesis and Analysis
Within a given experiment, the same data was often reported
in multiple different ways reflecting different modulators of
interest: for instance, comparing results for two conditions
and also comparing results for bilinguals and monolinguals,
collapsing across conditions. In order to capture both sets of
results without double-counting data, we distributed the subjects across the slices: if an experiment had 50 subjects and
5 slices, we assigned 10 subjects to each slice. Note that in
some cases where authors reported analyses that are not of
theoretical interest, diluting the “key” analyses. Since reasonable people frequently disagree about which analyses are key
– and because this estimation frequently changes over time –
we did not adjudicate.
We conducted a two-stage meta-analysis using linear metaregression as implemented in the metafor package in R (R
Core Team, 2021; Viechtbauer, 2010). The first stage used
all the predictors listed in Table 1 except for Native Language and two manipulations of lexical stress: Lengthening
and Pitch, which were addressed in phase 2. We addressed incomplete records with multiple imputation as implemented in
the mice package in R (van Buuren & Groothuis-Oudshoorn,
2011), averaging across 10 imputations and using a maximum of 50 iterations for convergence. After averaging across
the imputations, we conducted the meta-regression with each
moderator as a main effect and two theoretically-interesting
interactions: between length of training and number of distinct words each subject must learn, and musical ability and
whether the stimuli were pure tones.
In the second phase, we meta-regressed the residuals from
the first phase against Native Language, the manipulations of
lexical stress, and their interactions (Fig. 2). By addressing
this analysis in a second phase, we avoided losing the 20% of
records for which the subjects were bilingual or their native

language was either unknown or variable across subjects – issues that were not correctable through multiple imputation.
We considered the manipulations of lexical stress in this second phase because these manipulations are only interpretable
in the context of the subjects’ native languages.
All analyses were embedded in a reproducible manuscript
using RMarkdown (Xie, 2018), which will be made available
along with the other supplementary online material.

Results & Discussion
Our final sample comprised 367,821 unique observations from approximately 11,000 participants across
130 studies (note that many studies contain multiple experiments).
Following APA guidelines for
large meta-analyses, they are listed in online supplementary
materials
at
https://osf.io/qp68h/
?view only=5a9c63c532474a40b057abfeead1f119.
Results for the first stage are shown in Fig. 1. The intercept
reaches significance, reflecting overall above-chance word
segmentation under our baseline conditions. That is, participants perform above chance when the words of the language
are defined by high TPs between adjacent syllables, and
when the foils presented in the test phase are “non-words”
(i.e. strings that did not appear in the training). Three effects
were found to significantly weaken performance: Subjects
had more trouble learning when the “words” were defined
by high TPs between non-adjacent syllables; when they
were not tested on words observed during training but on
“rule words” based on some pattern (typically same first and
last syllable with a variable medial syllable); and when the
trained words were pitted against “part-word” foils (which
appeared in training) rather than “non-word” foils.
Results for the second stage – manipulations of lexical
stress – are shown in Fig. 2. Only two effects were significant, with English-speaking subjects faring better when the
last syllable of trained words dropped in pitch (relative to a
monotone baseline) and French-speaking subjects faring better when the last syllable rose in pitch.
With the possible exception of the French finding, none
of these results are unexpected. More unexpected was that
not only were many moderators not significant, but this
was rarely due to effects being estimated very close to
zero. Rather, in most cases, the confidence intervals were
very large, indicating a high degree of uncertainty (the noneffects of bilingualism and word-length being among the few
counter-examples). The lack of statistical power across studies and the issue of multiple comparisons hinder the ability to
investigate more complex interactions.

Conclusion
Despite well over 100 published papers on unsupervised word
segmentation in adults, meta-analysis revealed few robust effects. In most cases, confidence intervals were quite large,
suggesting a great deal of uncertainty about effect size. This
is not entirely surprising, given prior evidence that unsu-
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Figure 2: Meta-analysis of lexical stress effects, controlling for the moderators in Fig. 1. * indicates significant after Šidák
correction for multiple comparisons. † indicates significant without correction.
pervised learning studies – like many literatures in the cognitive sciences – are substantially underpowered (Black &
Bergmann, 2017; Collaboration et al., 2015; Hartshorne et
al., 2019). In order to test theoretical proposals about what
types of unsupervised learning humans are capable of, it will
be necessary to conduct higher-powered studies.
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Abstract
Humans must often make decisions in temporally autoregressive environments (e.g., weather, stock market). Here, current states of the environment regress on their previous states
(either across consecutive timesteps or from several timesteps
back in a patterned fashion). The current work investigates
people’s abilities to utilize previous states of autoregressive
sequences as cues to its current state. In Experiment 1 we determine whether utilization of autoregressions reduces as the
temporal distance of the predictive timestep increases; and in
Experiment 2 we explore whether participants’ utilization of
previous timesteps in predictions compete such that they reduce utilization of one timestep when increasing utilization
of another timestep. We also fit data from both experiments
with a trial-by-trial decision model. Overall, we find that participants significantly reduced utilization of a cue with its increased temporal distance. However, we obtained less conclusive results on competition among timestep cues. These results
can explain people’s predictions in sequential decision tasks
(e.g., their tendencies to perceive clumpiness in random environments).
Keywords: decision making; autoregression; cue competition;
recency

Introduction
Many real world systems are autoregressive—that is, past
states of a system often provide important cues about its
current state. For instance, we can predict aspects of the
weather at a location (e.g., temperature) quite accurately using the weather report from the past week or even from a year
ago. The same can be said about stock markets and clothing
trends—such systems regress across consecutive timesteps
and/or a certain number of timesteps back in a patterned fashion. In fact, analysts frequently use autoregressive functions
to make predictions about the states of these systems (Salisu
et al., 2022).
There is considerable work to suggest that humans both
assume that systems exhibit autoregressive characteristics
and are good at identifying and utilizing existing autoregressions to make predictions. For instance, Luthra and
Todd (2021b) found that when given a two-alternative forced
choice (2AFC) task, participants used a default recency
strategy—on each new trial, they chose alternatives that were
correct in recent trials, hence assuming autoregression across
consecutive trials. Further, participants altered the weight
they gave to recent trials depending on what was optimal for
the condition they were given—on conditions where previous
trials were less predictive of future ones, participants appropriately reduced their weighting of those trials when making

each new prediction. Other research also suggests that participants perform well when the current state regresses on states
from a certain number of timesteps back (e.g., three timesteps
ago)—this is clear from people’s ability to quickly identify
patterns and has been demonstrated widely across the statistical learning literature (Saffran et al., 1996).
A default recency strategy, described above, is effective in
dynamic autoregressive structures frequently observed in the
real world—here only a small number of previous states will
be predictive of the current state. However, research finds
that people are usually more recency driven than what is optimal in their environment (da Silva et al., 2017; Luthra &
Todd, 2021b). For example, Luthra and Todd (2021b) found
that participants facing three environmental structures with
varying degrees of optimal recency always responded to the
task with slightly greater recency (i.e., using fewer previous timesteps) than what was optimal for their environmental
structure. This use of greater-than-optimal recency was especially peculiar because participants were demonstrably capable of using the optimal recency values of at least some
of the environments. In the current study we investigate this
behavior more closely, exploring possible explanations for it.
We believe that greater-than-optimal recency can be explained by a declining ability to perceive and utilize autoregressions with older timesteps, tendencies to reduce use of
one timestep cue when another cue is used more (cue competition), or a combination of both. We investigate these explanations in a task where outcomes are autoregressed on one
or more previous timesteps. We will use the term validity
to refer to the actual regression coefficients of previous outcomes on the current outcome and the term utilization to refer
to regression coefficients of previous outcomes on people’s
predictions of the current outcome. Hence, validity is the
actual autoregression of task outcomes and utilization is the
subjective autoregression used by participants. These terms
originate from Brunswik (1955) lens theory and have been
frequently used in the function and multiple cue learning literature (e.g., Speekenbrink & Shanks, 2010)
The first phenomenon we are interested in studying is the
declining ability to identify regression to previous outcomes
with their increasing temporal distance from the current prediction. This could produce patterns of declining utilization (i.e., subjective regression weight) of older outcomes.
For instance, if the outcome at every timestep t regresses on
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timesteps t − 1 and t − 2 equally, participants might display
greater utilization of timestep t − 1, due to reduced ability to
identify regression to timestep t − 2. This declining ability to
identify regressions to older timesteps might be why participants frequently use recency as a decision strategy even in
environments where it is not optimal. For instance, in 2AFC
tasks where the probabilities of the presented alternatives are
unequal and stable (not autoregressed) across trials, the optimal strategy is to utilize all previous trials equally, thereby always choosing the more probable outcome (probability maximizing). However, even in such environments, participants
utilize recent trials with greater weighting, choosing alternatives that were successful in a recent window of trials (Luthra
& Todd, 2019). We investigate declining utilization with temporal distance of timesteps in Experiment 1—across three
conditions, outcomes on each timestep regress on the outcomes one, two, or three timesteps back; we analyze whether
utilization reduces as the temporal distance from the current
timestep increases.

abilities of the three outcomes (by placing a dog distanced
from the three holes in accordance to the predicted underlying probabilities). Predictions were made in this format (i.e,
as probabilities instead of outcomes) to help us analyze how
participants combined multiple timestep cues to make predictions. As mentioned earlier, in Experiment 2, the outcome on
each trial t regressed on two previous trials, t − 1 and t − 2.
If, for instance, the validity of t − 1 was 0.4 and the validity
of t − 2 was 0.2, under the forced choice task, optimal responding would entail always choosing the outcome that appeared on trial t − 1 and completely ignoring trial t − 2—that
is, probability maximizing. If participants used this strategy,
it would impede us from investigating their abilities to combine multiple cues. Hence, we created a novel task where
incentivized optimal responding would entail accurately expressing the underlying probabilities, as we describe further
in Methods below.

The second phenomena of interest is cue competition
among previous timesteps––that is, reducing the utilization
of one timestep when the utilization of another timestep is
increased. Cue competition was initially reported in the multiple cue learning literature where participants must learn to
predict one variable from multiple other variables (Kruschke
& Johansen, 1999). Here, researchers often find that the increased utilization of one cue detracts from the utilization of
other cues (for instance, arising due to attention limitations,
Kruschke & Johansen, 1999). In more extreme versions of
cue competition, participants have been found to make decisions based on a single best cue, ignoring all others (e.g.,
take-the-best heuristic; Gigerenzer & Goldstein, 1999). In
the current study, we determine whether such cue competition effects extend to temporal cues (timesteps in a sequence).
There is some evidence in support of this—-for instance, a
win-stay-lose-shift strategy (making decisions based on a single previous outcome, even if a larger number of them are
predictive; Worthy & Maddox, 2014) could result from temporal cue competition. Further, studies frequently find that
people tend to perceive nonexistent patterns in random temporal sequences (Hyman & Jenkin, 1956)—this possibly occurs because people give undue importance to few temporal
cues (leading to exaggeration of patterns), instead of weighing the larger sequence equally (which will enable accurate
perception of randomness). We investigate cue competition in
Experiment 2––here each outcome regresses on two previous
outcomes, from one and two timesteps back. By varying the
validity of these two previous timesteps across three conditions, we observe how participant utilization of one timestep
changes with the increased validity of another.

Participants

To study this, we used a task with three discrete mutually exclusive outcomes (a rabbit appears from one of three
holes). However, unlike a typical multi-alternative forced
choice task, participants in our task did not predict only the
actual outcome; rather they expressed their perceived prob-

Methods
We had 159 and 175 participants in Experiments 1 and 2 respectively, recruited on MTurk. In both experiments participants completed only one of three conditions.

Task
Participants played our Catch-the-Rabbit game, repeatedly
placing their dog somewhere in a triangular carrot-patch to
prevent a rabbit from stealing their carrots (see Figure 1). On
each trial (of 150 total trials), a rabbit appeared on the computer screen from one of three equally spaced holes. Prior to
the appearance of the rabbit, participants placed their dog in
between the three holes to chase away the rabbit. On each
trial, the rabbit could steal a maximum of 50 carrots and the
closer the participants placed their dog to the hole at which
the rabbit appears, the more carrots they would save on that
trial. However, the number of carrots saved did not increase
linearly with closeness of the dog to the correct hole—if that
reward mapping were used, probability maximizing would be
optimal. Rather, the rewards increased as a log function of
closeness to the correct hole. This reward structure ensured
that the participants saved the most carrots in the long term
if they placed the dog in accordance to the underlying probabilities of the rabbit next appearing at the three holes. The
cross-marks for dog placement allow participants to express
their predicted probabilities for the rabbit’s next location at
0.1 intervals. For all cross-marked positions, the total probabilities of the three holes added to 1. For instance, the position
of the dog in Figure 1 would be optimal if the rabbit had a 0.7
probability of appearing from Hole A, a 0.2 probability of appearing from Hole B, and a 0.1 probability of appearing from
Hole C. See Appendix for more detail on reward structure.
Participants were informed that they would earn the highest reward (i.e., save the most carrots) overall if they correctly
matched the underlying trial-by-trial likelihoods of rabbit positions with their dog placements. Participants played demo
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Autoregressive Sequences
The sequences were created using the following regression
equation:
3

P(outcomet ) =

∑ vn · outcomet−n + c

(1)

n=1

Figure 1: Snapshot of the Catch-the-Rabbit game. Participants place the dog on one of the cross-marked positions in
accordance to their judged probabilities of the rabbit’s appearance from the three holes. Following placement, the rabbit
appears and participants are informed about the number of
carrots saved in the trial.

trials to help them understand the reward structure better and
match the underlying probabilities.
We ran an initial experiment (Experiment 0; 49 participants) to test whether our novel task worked to get participants to predict the underlying probabilities through their
placement of the dog. The underlying probabilities of the
three holes was fixed at 0.6, 0.3, and 0.1 (randomly assigned
across Holes A, B, and C) throughout the game. Participants
successfully learned and expressed these underlying probabilities early in the game—on average they placed the dog at
0.57, 0.28, and 0.15 closeness to the three holes (Figure 2).
These results assured us that our task can successfully enable
participants to express their probabilities of outcomes.

where P(outcomet ) is a vector of the probabilities of the three
outcomes at timestep t, outcomet−n is a vector of the outcomes at timestep t − n (e.g., [1, 0, 0] in Figure 1), vn is
the corresponding validity (regression coefficient) of timestep
t − n, and c is a constant probability assigned to the three
holes on every trial. Coefficients vn and constant c were varied between timesteps and conditions. The stimuli sequences
were created beforehand and parameter recovery was conducted to ensure that the intended coefficients could be correctly recovered from the stimuli sequences.
In Experiment 1, outcomes regressed with 0.6 coefficient
on one of three previous outcomes. Therefore, across Conditions 1 to 3, v1 , v2 , or v3 was set to 0.6 respectively while
the other coefficients were fixed at 0. Hence, on each trial,
there was a 0.4 probability of the outcome being randomly
chosen from the three holes, adding to each hole a constant
probability c of 0.133 ( 0.4
3 ) across all trials.
In Experiment 2, across all conditions, outcomes regressed
on two previous timesteps with differing coefficients. In Condition 1, v1 was 0.4, v2 was 0.2 and c was 0.133; in Condition
2, v1 was 0.2, v2 was 0.4 and c was 0.133; and in Condition
3, both v1 and v2 were 0.4 and c was 0.066. These combinations allowed us to study whether and how utilization of one
timstep changes with the validity (and utilization) of another
timestep, as expected through cue competition. In Experiment 2, across all conditions, v3 was fixed at 0—we believe
that two previous timesteps should sufficiently answer our
questions regarding cue competition. Here input timesteps in
the regression equation (i.e., t − 1 and t − 2) were correlated
on every trial, which could impede accurate detection of regression coefficients. Parameter recovery was conducted to
ensure that only appropriate sequences where multicollinearity did not interfere with coefficient detection were used in
the experiment.

Experiment 1
Because the outcomes in this experiment regressed on only
one of three previous outcomes, the regression equation simplified to the following across the three conditions with n being varied between 1 and 3:
P(outcomet ) = 0.6 · outcomet−n + 0.133

Figure 2: Distribution of participant’s responses in Experiment 0. Participants appear to match the outcome probabilities.

(2)

The goal of this experiment was to determine whether and
how participant utilization of previous timesteps reduced as
distance to the current timestep increased. We hypothesize
that utilization of the valid timestep would be highest in Condition 1 (where n is set to 1), lower in Condition 2 (n = 2),
and lowest in Condition 3 (n = 3).
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Figure 3: Distribution of participant’s regression parameters for three conditions of Experiment 1. We find that utilization of
valid timesteps is greatest for Condition 1 (where t − 1 is the valid timestep), lower for Condition 2 (t − 2 is the valid timestep),
and lowest for Condition 3 (t − 3 is the valid timestep).

Results and Discussion
We fit a regression model to participant data that was similar
to that used for generating the data:
3

response weightst =

∑ un · outcomet−n + c;

(3)

n=1

response probt =

response weightst
∑3w=1 response weightstw

(4)

where un are participants’ utilizations (subjective regression
coefficients) and c is the constant probability participants assigned to the three holes across all trials. These parameters
provide us with response weightst which is a vector representing the weight given to the three outcomes on timestep
t. Luce’s choice rule was used on these weights to provide
response probt , the probabilities assigned by participants to
the three outcomes.
Therefore, four parameters were fit to participants—u1 , u2 ,
u3 , and c. The regression model was fit using MLE and we
used a multinomial distribution to determine the probability
of participant data given the estimated response probabilities.
Figure 3 shows the distribution of regression parameters
for the three conditions. We find that utilization of the valid
timestep (u1 for Condition 1, u2 for Condition 2, and u3
for Condition 3) varied across conditions—as anticipated,
utilization of the regressing timestep reduced in conditions
where it was more distant. This difference in utilization of the
valid timestep across conditions was significant (p < .001).
The reduced utilization of distant timesteps could be a result
of difficulty in detecting regressions due to declining memory
and/or failures in recollecting older outcomes during prediction.
We also find that in all three conditions, participants utilize recent timesteps more even if they have 0 validity—they
tend to detect spurious regressions to recent timesteps more
than to older ones (e.g., in Condition 2, u1 is significantly
greater than u3 , though both have 0 validity). In fact, in Condition 3, participants utilize timestep t − 1 similarly as t − 3

even though v1 is 0 and v3 is 0.6. This pattern suggests that
participants are perhaps more sensitive to similarities to previous timesteps than to dissimilarities—they appear to “reward” timesteps (increase their strength) for their ability to
predict outcomes more than they tend to “punish” them (decrease their strength) for their inability to predict. If they rewarded and punished them equally, we would expect that u1
would be lower than u3 in Condition 2—because of superior
memory for recent timesteps, participants would punish u1
more stringently for its inability to predict outcomes. We verify this account through our decision model in the Modelling
section.

Experiment 2
Here, each trial regressed on two previous timesteps. In Condition 1, v1 was 0.4, v2 was 0.2 and c was 0.133; in Condition
2, v1 was 0.2, v2 was 0.4 and c was 0.133; and in Condition
3, both v1 and v2 were 0.4 and c was 0.066.
We anticipate that due to cue competition, the increased
validity (and utilization) of one timestep will accompany the
reduced utilization of another timestep. Hence, we expect
that utilization of t − 1 should be significantly lower in Condition 3 as compared to Condition 1 although v1 is the same
in both conditions and similarly, utilization of t − 2 should be
significantly lower in Condition 3 as compared to Condition
2.

Results and Discussion
We used the model described in Experiment 1 to estimate participant utilization, but truncated to only include regression
coefficients u1 and u2 and constant c. We did not fit u3 because we found that participants displayed ∼0 utilization of
t − 3 and it appeared to be irrelevant to our analyses on cue
competition.
Figure 4 reports the distribution of u1 , u2 , and c for the
three conditions. Utilization u2 is slightly, but significantly,
lower in Condition 3 than in Condition 2 (p < .05), consistent with cue competition. However, there is no difference in
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Figure 4: Distribution of participant’s regression parameters for three conditions of Experiment 2. We find that utilization of
timestep t − 2 is significantly higher in Condition 2 compared to Condition 3 (possibly due to lower competition from timestep
t − 1). However, there is no significant difference in utilization of timestep t − 1 between Condition 1 and 3.
u1 between Conditions 1 and 3. This might be because older
outcomes overall have less utilization, hence reducing competition from t − 2 to utilization of t − 1 in Condition 3. These
results provide us with an inconclusive answer regarding cue
competition—we attempt to understand cue competition further in the trial-by-trial decision model described next.
As in Experiment 1, we find an overall reduced utilization
of u2 as compared to u1 . In Condition 3, u2 is significantly
lower than u1 although both have similar regression coefficients (p < .01). Further, in Condition 2, distribution of u1 is
similar to u2 , even though regression on t − 2 is higher.

Modelling
We used a trial-by-trial decision model to formalize the mechanisms participants used as they performed the task. By
comparing several versions of the model (using BIC) we attempted to determine decision mechanisms (i.e., utilization
decline and cue competition) that were essential to participants’ prediction behaviors. In this section, we report model
comparison results using combined data from Experiments 1
and 2 since we expect participants to perform the same trialby-trial decision processes across both experiments.
Participants are modeled as using outcomes from previous
timesteps as cues for predicting the current timestep. Using
a variation of the delta rule (Busemeyer & Stout, 2002), they
estimate the weight wt, t−n they should give to timestep t − n
to predict timestep t as:
n−1

wt, t−n = (1 − δ) · wt−1, t−n + δ · Mt−n · (1 − α)
(
1 i f Ot = Ot−n ,
where Mt−n =
0 i f Ot ̸= Ot−n

learning of regression to older timesteps, thereby implementing a form of utilization decline.
In this version of the delta rule, we only reward timestep
cues for accurate prediction and we do not punish them for
incorrect prediction. We also fit data with a version of the
punishing model (described in Kelley & Busemeyer, 2008)
and obtained higher BIC values (see Appendix). This support
for a model without punishment fits with our findings on the
pattern of spurious regressions observed in Experiment 1.
We implement a specific form of cue competition (Kruschke & Johansen, 1999) as follows: Once weights are
learned at timestep t, they compete for attention during prediction through a softmax function. These new competitive
weights, cwt, t−n are calculated as:
cwt, t−n =

(7)

where θ is the cue competition rate. In simulations we find
that θ values close to 3.5 lead competitive weights to be
roughly similar to initial input weights (i.e., no competition),
higher values produce increases in already high weight values
(i.e., positive competition), and lower values produce more
equivalent weight values (i.e., negative competition).
Finally, cwt, t−n is used to make predictions for outcome
probabilities on trial t:
3

pred weights =

∑ cwt, t−n · Ot−n · (1 − α)n−1 ;

(8)

n=1

(5)

pred prob[i] =
(6)

Above, δ is the learning rate, with higher values producing
quicker learning; Mt−n is 1 if Ot (the outcome from timestep
t) and Ot−n (the outcome from timestep t − n, whose weight
wt, t−n are being currently evaluated) are the same; and α is a
decline rate multiplied to outcomes. High values of α impede

eθ·wt, t−n
∑3m=1 eθ·wt, t−m

eψ·pred weights[i]
∑3j=1 eψ·pred weights[ j]

(9)

Here, pred weights are the weights assigned to the three
outcomes and are obtained by adding weighted timestep cues.
Predicted probabilities of three outcomes, pred prob, is obtained through a softmax version of Luce’s choice rule where
ψ represents amount of exploration by participants when selecting probabilities of the three outcomes. This is the same
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equation used in Eqn. 7; however, it is applied to predictions
instead of regression coefficients cwt, t−n . Although exploration of outcomes is not relevant directly to the topic of the
current study, it is useful to include in the model since it allows for individual differences in exploratory responding.
Decline parameter α is used for suppressing older outcomes both in Eqn. 5 (at time of learning regression) and
in Eqn. 8 (at time of prediction). Including α in Eqn. 5
leads it to interact with cue competition in Eqn. 7 such that
older timesteps might receive a smaller boost from cue competition because of initial suppression. We also fit a model
where α was only used during prediction in Eqn. 8 and not in
Eqn. 5—here we obtained only a very small increase in BIC
(1.45). Overall, the current model and experiment design are
not sufficient to determine whether suppression is occurring
during learning and/or prediction.
The full model described above has four parameters—
learning rate (δ), decline rate (α), competition rate (θ), and
exploration (ψ). We compared four versions of the model—
the full model, one without utilization decline, one without
cue competition, and one base model without both cue competition and decline. Comparing BICs for these four models
allows us to estimate the importance of utilization decline and
cue competition in predicting participant behavior.
Table 1 shows a comparison of the four models. The full
model has lowest BIC values. However, the model without
cue competition has only a slightly higher BIC. Further, we
found that the average estimated cue competition rate cwt, t−n
in Eqn. 7 was 3.9, producing very little competition. This
corresponds with results from Experiment 2—cue competition could be a less essential aspect of participant behavior.
Table 1: BIC values of model variations.
Model Variation
Full model
Model without utilization decline
Model without cue competition
Base model (without utilization decline
and cue competition)

Mean BIC Values
1217.53
1263.65
1225.23
1274.36

Discussion
The goal of the current study was to investigate how people
use previous states of a system to predict a new state. Researchers have frequently studied people’s abilities to predict
systems using the states of other systems through the multiple cue learning paradigm—however, in our study, previous
states of the same system serve as cues. Studies have also
used statistical learning paradigms where participants learn
fixed sequences of outcomes. Our study adds to the literature
by using probabilistic sequences where best performance can
be obtained only through identifying regression to previous
timesteps. Many real world systems behave in similar ways—

their current state is probabilistically dependent on their previous ones. We focused on two aspects of people’s behavior
in making predictions in such systems—decline in cue utilization with temporal distance and cue competition between
predictive temporal cues.
Our studies found that decline in past cue utilization with
temporal distance was central to people’s behavior. Participants’ subjective regression coefficients were significantly
lower for older timesteps in Experiment 1 (Figure 3). Further,
BIC values were considerably higher when utilization decline
was removed from the decision model. Reduction in utilization could occur due to forgetting during learning and/or prediction. In previous work, we found that such recency-based
decline was not correlated with working memory capacity
(Luthra & Todd, 2019), suggesting that individual variation
in it might not be mediated by memory limits.
Experiment 2 showed some evidence of cue competition
in participant behavior—utilization of timestep t − 2 reduced
significantly when utilization of timestep t − 1 was increased.
However, we did not obtain a similar decrease in utilization
of timestep t − 1 with changes in utilization of t − 2 (Figure
4). These mixed results could be because the difference in validity of the two previous timesteps in Conditions 1 and 2 was
low (only 0.2). Further, in our work the predictive timesteps
were correlated (due to temporal autoregression). This inescapable real-world tradeoff impacts the ability to investigate cue competition, contrasting with previous studies that
found clear cue competition effects when using uncorrelated
cues (Busemeyer et al., 1993).
Additionally, our work suggests that participants tend to
reward cues for their ability to predict with a stronger weight
than they punish them for their inability to predict. This is
displayed by the greater utilization of recent timesteps even
when they have 0 regression to the current timestep (Figure
3). This finding helps explain why people frequently assume
positive autoregression (clumpiness) even when sequences
are random (Scheibehenne et al., 2011)—they are more sensitive to spurious similarities with recent timesteps than with
older timesteps. This tendency of primarily learning through
positive examples has been displayed in other domains of human behavior—for instance, children successfully learn language by exposure to correct usage (Denis, 2001). Assuming
positive autoregressions in the environment is possibly a cognitive adaptation to the real world structures that organisms
encounter, which often display such characteristics.
The current work focuses on a unidirectional influence of
the environment on human behavior—we study how people’s
predictions change with changes in their autoregressive environment. Future work should explore dynamic bi-directional
interactions between the two, for instance, by simultaneously
modelling how people’s predictions of autoregressions get reflected in the environment structure through the choices they
make. Identifying stable states of such systems can help explain and predict autoregressive structures of cultural environments (e.g., fast fashion trends; Luthra & Todd, 2021a).
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Data, Code, and Appendix
Data, code (for models and plotting), and appendix
are publicly available in the GitHub repository
mahiluthra/autoregression-decisions.
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Abstract
In order to successfully guide generalization of knowledge,
category representation needs to be both: flexible enough to
account for new evidence and stable enough to resist harmful
change. Here we present a set of experiments designed to test
how items that violate our expectations (i.e., category
exceptions) affect category representation. Specifically, we
wanted to know whether learning a category exception can
change category boundaries. Does learning about penguins
changes the way we think about birds? Do features of penguins
contribute to making decisions as to whether a novel item is a
bird? Across two experiments we found evidence that
exceptions can change category boundaries and thus
significantly affect future generalization. We discuss
implications these findings have for the extent models of
category learning and memory.
Keywords: category learning; generalization; exceptions;
category boundaries

Introduction
One of the key hallmarks of human intelligence is the ability
to extend our knowledge from familiar to novel. Based on our
experience with fruit, we can infer that quince is edible even
if have never encountered this fruit before (Gelman, 2009;
Gelman & Meyer, 2011; Sloutsky, 2010). Therefore, our
ability to generalize knowledge allows us to use what we
have learned in the past, to predict future. As such, this ability
represents a key tool humans need in order to successfully
deal with the uncertainty of the everyday experience.
Although it is typically performed in a fast and effortless
way, even the simplest forms of generalization may be prone
to error (Heit, 2000; Rips, 2001; Rehder, 2006). Most
importantly, to make a generalization our cognitive system
needs to decide which aspects of the previous experience are
useful for making predictions about the novel item. For
example, how useful is our experience with penguins in
making predictions about the other birds?
The current study aims to broaden our understanding of the
principles that guide generalization by examining the effects
that deviant items, such as flightless birds, have on category
based generalization in adult human learners.

Category based generalization: Challenges
If it has a beak, wings and feathers, it lays eggs and flies, it
is a bird. This understanding of what makes a bird is likely

based on our experience of pigeons, crows, robins, cranes,
and other flying birds. It is useful and accurate. However, it
does not account for all members of this category. For
example, penguins are birds although they do not fly.
Our everyday experience is filled with examples such as
this one, where a new experience violates the expectations we
formed based on the salient regularities in the environment.
There are different solutions our cognitive system may use to
solve this problem. One possibility is that the exception and
regularity-following items are represented independently. In
this case, no change in the previously formed representation
of the category is required. In language this is needed in order
to avoid overgeneralizations (e.g., Yang, 2016). For example,
when learning English one must learn when to generalize a
property from familiar to novel verbs (e.g., add “–ed” to form
past tense), and when properties apply only to specific verbs
(e.g., eat – ate). Similar idea, the need for independent
representation of exceptions, was suggested in categorization
literature in order to explain advantage in memory for
exceptions over regular category items (e.g., Palmeri &
Nosofsky, 1995; Sakamoto & Love, 2004).
On the other hand, our cognitive system may try to
integrate the information about exception with knowledge
about the regularity-following items. Based on this view,
learning about penguins could change the representation of
birds, so that it includes not only features of typical and
common birds, but also the features characteristic of
penguins. While both of these solutions could result in
equally successful classification of penguins, they would
support different category decision about novel birds we may
encounter, such as emus or kiwis. If we follow the first
solution, emus and kiwis would not be classified as birds
since they lack the key property - flying. On the other hand,
if penguins expand category boundaries, kiwis and emus
would be classified as birds, without a need to learn this
information anew.
Importantly, both of the described solutions come at a cost.
If we keep the representation of birds as flying creatures, we
risk to misclassify rare members of the category.
Alternatively, if we update the representation of birds to
include features of penguins, we risk to include irrelevant
features in category representation. Category representation
that includes both relevant and irrelevant features results in
erroneous generalizations driven by irrelevant features
(Sloutsky, 2010; Deng & Sloutsky, 2016; Castro, Savic,
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Navarro, Sloutsky & Wasserman, 2020). How does human
cognitive system resolve this challenge?
Although category-based generalization was extensively
tested in categorization literature (e.g., Johansen & Palmeri,
2002; Erickson & Kruschke, 2002; Lacroix, Giguere &
Larochelle, 2005), we know little about the effects of
exceptions on generalization. However, work on category
exceptions provides important insights about how exception
items may be represented. As hinted in the previous section,
one of the dominant views in the literature, and the one that
inspires this work, has been that exception and regular items
need to be stored independently. It is important to understand
that this solution was suggested by some influential models
of category learning (e.g., RULEX, Nosofsky, Palmeri, &
McKinley, 1994; SUSTAIN, Love, Medin & Gureckis, 2004)
in response to resolving discrepancy in learning and memory
for rule-violating exceptions – while regular items tend to be
learned more successfully, exceptions tend to be remembered
better. Importantly, these models have not been used to
predict the effects of exceptions on generalization. Therefore,
we will only discuss the importance of the theoretical
assumption proposed by these models which shaped the
dominant view in the literature - the view that exceptions
need to be represented separately from regular items. One of
the key implications of this assumption is that the
generalization based on the categories with exceptions will
be mainly shaped by the regularities that define the regular
category members. Therefore, features of exceptions (i.e.,
penguins) will have small (or no) contribution in making
category decisions compared to the features of the regular
items.
Combining insight from empirical studies and modeling,
Erickson and Kruschke (2002) demonstrated that participants
tend to classify novel stimuli according to the rule followed
by the majority of the category members (regular items), even
when the new item is most similar to the exception. This work
seems to suggest that the regularity that defines majority of
the category members may not only play an important role in
generalization, but may also override the contribution of the
features of the exception items.
Therefore, in addition to being an interesting empirical
question, understanding what effect category exceptions have
on generalization has important theoretical implications.

Present Study
The present study was designed to test the effect of
category exceptions on generalization. Specifically, we
examined whether and how categorization of novel items
changes after participants learn exceptions.
Experiment had two parts. Each part had a training and a
testing phase. In the first part, participants were trained to
assign regular items to two categories. In the second part of
the experiment, they learned that one of these categories has
an exception. To examine the effects of exceptions on
generalization, participants were tested on the same set of
novel items both in the first and the second part of the
experiment. Generalization items were built by combining

features of the regular items and ones of the exception.
Critically, these features were in conflict – while the feature
of the regulars signaled membership in category A, the
feature of the exception signaled membership in category B.
Thus, category decisions on these items uncovered whether
during generalization participants relied on the features of the
exception item, or only features of the regulars.
If exceptions do not influence generalization, classification
of Generalization items should not change after participants
learn about the exception. In other words, participants are
expected to rely on the features of the regular items
throughout the experiment. However, if exceptions do affect
categorization, we expect to observe a change in
generalization patterns after exception has been introduced.
We should emphasize that the category structures typically
used in the prior work do not allow for a direct test of whether
the features of exceptions are used in generalization. This
stems from the fact that exceptions are typically considered
as items that have the same features as the regular items (i.e.,
the regular items of the contrasting category). For example,
for categories of pink circles and yellow triangles, an
exception to the category of pink circles would be a yellow
triangle. While this type of exceptions is useful for testing
effects of exceptions on memory, it is clearly not well suited
for evaluating the unique contributions of features of
exceptions to generalization of new items. Therefore, in the
current study we designed the exceptions as items that violate
salient regularities, but have unique features.

Experiment 1
Methods
Participants We recruited 29 undergraduate students from a
large Midwestern university. They received course credit for
their participation.
Stimuli Stimuli were two-dimensional items that varied in
shape and color (see Figure 1).
Category structure As illustrated in Table 1, category items
had one rule feature that perfectly defined category
membership of the regular items and one feature that was
highly predictive (3 out of 4 regular items had this feature).
There were three types of stimuli items: Regular items,
Exception and Generalization items.
Regular items belonged to two categories: A or B. Each
category had four items: 3 Prototypes and 1 High Match item.
Category A was a category of pink items, 3 pink circles and
one pink triangle. Category B was a category of yellow items,
three yellow triangles and one yellow circle (see Figure 1).
Therefore, category membership was fully predictive based
on the color, the rule dimension. The other dimension, shape,
was probabilistic. One out of four training items in each
category had the contrasting category value on this dimension
(see Table 1). Items did not vary on other dimensions but
color and shape. Therefore, although each category had 4
items, 3 of these items (i.e., Prototypes) were identical.
Exception item was different from members of category A
and category B on both of the dimensions, color and shape.
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For the above described regular items, Exception was a
turquoise square (Figure 1). Please note that Exception was
an individual. Therefore, both of its features were fully
predictive. However, we will refer to the dimensions of the
Exception having in mind the overall category structure
which differentiates between the rule and the probabilistic
feature.
Generalization items were hybrid items that combined the
features of Regular items and the Exception. There were two
types of these items. The first had the rule feature of the
Regulars and the probabilistic feature of the Exception. The
second had the opposite combination: the rule of the
Exception and the probabilistic feature of the Regulars.
Critically, the two features of Generalization items were in
conflict, signaling different category membership. Figure 1
illustrates examples of generalization items when Exception
(turquoise square) was a member of the category A (pink
items). In this example, yellow square has the Rule of the
category B Regulars (yellow items) and the probabilistic
feature of category A Exception (square shape). On the other
hand, turquoise triangle has the Rule of the category A
Exception (turquoise color), and the probabilistic feature of
category B Regular items (triangle shape).
Table 1: Category structure used in Experiments 1-2. The rule
dimension is in bold font.
Training items
Regular (Prototype)
Regular (Prototype)
Regular (Prototype)
Regular (High Match)
Exception

Category A
0
0
0
0
0
0
1
0
2
2

Figure 1: Illustration of experimental design and category
structures used in Experiments 1 and 2. The figure gives
illustration of version of the experiment in which Exception
is a member of the Category A.
In Baseline Training participants saw all of the Regular
Training items twice (16 trials in total). In Exception
Training, in addition to 16 Regular Training items,
participants saw the Exception 4 times (20 trials in total).
Baseline Test and Exception Test had identical set of items:
two types of test items (Table 1) and Regular training items.
Each type was presented 8 times (24 trials in total). The
decision to present each test item type 8 times was made
based on the previous categorization literature (Deng &
Sloutsky, 2016; Savic & Sloutsky, 2019).

Category B
1
1
1
1
1
1
0
1

Test Items
T1
T2

1
2

2
1

Figure 2: Illustration of the task design in Experiments 1
and 2.

Design All participants were trained and tested in both
Baseline and Exceptions condition (Condition; withinsubjects; levels: Baseline, Exception). However, for one half
of the participants Exception was assigned to the category A
(N=14) and for the other half (N=15) to the category B
(Exception Assignment Condition; between-subjects; levels:
Category A, Category B). All participants were tested on the
same types of generalization items.
Procedure The experiment had four parts: Baseline Training,
Baseline Test, Exception Training and Exception Test.
The task was the same at Training and at Test. Participants
were presented with an item (e.g. a pink circle) and asked to
classify it in one of the two categories (see Figure 2). The
only difference between Training and Test was that at
Training participants received corrective feedback after they
gave a response (e.g. “That’s right! It is for Sony.”), while at
Test there was no feedback.

Results
Training Learning was tested based on the accuracy
participants achieved in the phase of the experiment in which
they were first presented with an item type: Baseline phase
for Regular items, and Exception phase for Exceptions.
Participants performed with an average accuracy of .92
(SD = .11) on Regular items and .78 (SD = .21) on
Exceptions, which was well above the chance performance of
.50 (ts > 7.35, ps < .001). There were no differences in
learning of Regulars or Exceptions between the two
Exception Assignment Condition groups (both ps > .10)
Test Generalization was tested based on the performance on
two Generalization items (see Figure 1). To test the change
in performance between the conditions, we looked at how
likely participants were to classify Generalization items as
members of category A (i.e., Proportion of category A
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responses), both before they learned to categorize the
Exception item (Baseline) and after (Exception).
As it can be seen in Figure 3 (panel A), learning about the
Exception did not change classification of the Generalization
item that followed the rule of the Regulars and had the
probabilistic feature of the Exception. On the other hand,
introducing
the
Exception
significantly
changed
classification of the Generalization item that followed the
rule of the Exception and had the probabilistic feature of
Regulars (Figure 3, panel B).
The pattern seen in Figure 3 was confirmed by two twoway mixed ANOVAs with Condition (within subjects:
Baseline vs. Exception) and Exception Assignment
Condition (between subjects: Category A vs. Category B) as
factors and proportion of category A responses as a
dependent measure.
The analyses revealed that performance on items that had
the rule of the Regular item and the probabilistic of the
Exception was not different before and after they learned
Exception. Assignment Condition was significant (F(1, 27) =
958.4, p < .001, η2G = .957), but Condition and their
interaction were not significant (ps > .10).
On the other hand, we found a significant interaction of the
two factors (F(1, 27) = 12.1, p < .01, η2G = .191), as well as
significant effect of the Assignment Condition (F(1, 27) =
56.67, p < .001, η2G = .498) in performance on items that had
the rule feature of the Exception and the probabilistic feature
of the Regulars item (turquoise circle).
T1. Rule = Regular
Probabilistic = Exception

T2. Rule = Exception
Probabilistic = Regular

not forced to classify novel item in one of the two defined
categories (i.e., “things can be either A or B”). We wanted to
test whether the pattern reported in Experiment 1 generalizes
to situations of more flexible classification where participants
can also classify novel items as members of an open category
(e.g., “something else”). In other words, participants’ may
classify an emu as a bird when they are asked to choose
between a bird and a fish, but not when they can choose
between “a bird” and “not a bird”.
Experiment 2 used the same stimuli, task and procedure as
Experiment 1, with one important difference. While in
Experiment 1 we used a standard design in which items can
be classified in one of the two defined categories (i.e. item
either belongs to the category A or the category B), in
Experiment 2, participants were instructed to classify items
as either belonging to the category A, or not belonging to the
category A. In other words, instead of using two defined
categories (the design of Experiment 1), here we used one
defined category (e.g., category A) and one open category
(e.g., non A).
In Experiment 2, participants were 44 undergraduate
students from a large Midwestern university who received
course credit for their participation. Twenty-four of these
participants took part in version A of this experiment, and 20
took part in version B.

Results
The logic and the steps in data analyses were the same as in
the Experiment 1.
T1. Rule = Regular
Probabilistic = Exception

Figure 3: Performance on Generalization items in
Experiment 1. Figure shows how likely participants were to
classify Generalization items as members of category A,
before (Condition: Baseline) and after (Condition:
Exception) they learned the Exception. The performance is
presented for two Exception Assignment Conditions
(Category A vs. Category B). Error bars represent standard
errors of mean. Pink dots represent individual participants.
The dotted line marks chance performance of .50.

Experiment 2
The aim of Experiment 2 was to test whether exceptions
have the same effect on generalization when participants are

T2. Rule = Exception
Probabilistic = Regular

Figure 4: Performance on Generalization items in
Experiment 2. Figure shows the proportion of Category A
responses across two Conditions (Baseline vs. Exception)
and two Exception Assignment Conditions (Category A vs.
Category B). Error bars represent standard errors of mean.
Pink dots represent individual participants. The dotted line
marks chance performance of .50.
Training Accuracy was high on both types of training items.
Participants performed with an average accuracy of .91 (SD
= .11) on Regular items and .85 (SD = .21) on Exceptions,
which was well above the chance performance of .50 (ts >
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11.46, ps < .001). There were no differences in learning of
Regulars between the two Exception Assignment groups (p >
.10), but Exception was learned better in group in which
Exception was assigned to category B, t(35) = 2.34, p =.02.
However, in both groups average accuracy on Exceptions
was high (.89 and .76).
Test The analyses revealed that performance on the
generalization item that had the rule feature of the regular
items and the probabilistic of the Exception was affected only
by the Assignment Condition (F(1, 42) = 808.5, p < .001, η2G
= .911), while Condition and their interaction were not
significant (ps > .10).
On the other hand, we found a significant interaction of the
two factors (F(1, 42) = 21.5, p < .001, η2G = .197), as well as
a significant effect of Exception Assignment group (F(1, 42)
= 45.6, p < .001, η2G = .361) and Condition (F(1, 42) = 5.97,
p < .05, η2G = .064) on performance on the generalization
items that had the rule feature of the Exception and the
probabilistic feature of the Regular items.
The pattern of results in Experiment 2 thus completely
replicates the pattern reported in Experiment 1.

Discussion
Across two experiments reported here, we have
demonstrated that category exceptions affect generalization.
This was true even though (a) participants were introduced to
exception only after they formed a robust representation of
regular items, (b) exceptions were rare – regular items were
8 times more frequent, (c) exceptions were not confusable
with regulars and there was no overlap in features, and (d)
participants were not forced to rely on the feature of
exception – each test item could also be classified based on
the feature of regular items (Experiment 2).
As explained in the introduction, finding that category
exceptions affect category decisions is surprising having in
mind the dominant view in the literature that exceptions are
represented separately from regular items. It is worth noting
that this view is shaped by assumptions of models of category
learning designed to predict learning and memory of one
specific, different type of exceptions – exceptions that are
highly confusable with the contrasting category members
(Nosofsky, Palmeri, & McKinley, 1994; Love, Medin &
Gureckis, 2004). Therefore, while this assumption may be
useful in simulating the exceptions confusable with
contrasting category items, there is no evidence that it
generalizes more broadly to other types of exceptions. In
contrast, our findings suggest that features of exceptions may
be represented together with the features of regular items, and
they may jointly affect generalization.
In addition to finding a robust evidence that category
exceptions can expand category boundaries, we also report
an interesting pattern that demonstrates the limits of this
effect. When participants were asked to classify items that
had probabilistic feature of Regular items (i.e. shape) and the
rule of the Exception (i.e. color), they made category decision
in accordance with the feature of the Exception. However,
items that had probabilistic feature of Exception item and the

rule of Regulars were classified based on the feature of the
Regulars, both before and after Exception was introduced.
Therefore, not any feature of Exception can expand category
boundaries. This effect is specific to the dimension that is the
most predictive of category membership based on the overall
category structure.
Finding that exceptions stretch category boundaries only
on the rule dimension is important. It suggests that not only
that exceptions are not stored separately, but their
representation is affected by the representation of regular
items. Note that for exceptions in our experiments both
features were equally, fully predictive. Therefore, the only
reason to weigh these features differently could lie in the
effect the category structure of regular items had on
exceptions. This finding is in accordance with previously
reported spill-over effect in memory representation of
exception items (Savic & Sloutsky, 2019). Specifically, it
was found that participants who tend to form rule-based
representations of regular items also tend to form rule-based
representations of exceptions of the same category. On the
other hand, participants who form similarity-based
representations of regulars, tend to form similarity-based
representations of exceptions. Both of these findings run
counter the view of regular and exception items being
represented separately.
Rule = Exception
Probabilistic = Regular

Figure 5: Generalization performance of participants with
good memory for probabilistic features, collapsed across
Experiments 1-2.
It is worth discussing potential alternative explanations of
the current pattern of results. For example, one could wonder
whether the reported pattern of generalization could be
simply explained by participants learning only one dimension
- the color of the stimuli. If participants did not learn the
shape, then test items did not raise any conflict - participants
simply always responded in accordance with the only
dimension they’ve learned. Although this explanation would
not speak against our main interpretation that features of
exceptions are used in generalization, it would require
modification of further interpretation – that the rule feature of
the exception is preferable cue in categorization over the
probabilistic feature of the regular items. Therefore, this is a
potentially important concern. Therefore, we run a follow-up

3519

analyses on a subsample of participants from Experiment 1
and 2 and used as inclusion criteria memory data we did not
report in our main analyses. To be selected participants had
to have good memory (i.e. above chance level of .60) for
shape of all of the training items. As shown in Figure 5, the
pattern of generalization in this subsample is the same as the
reported pattern for the whole sample. Therefore, it seems
justified to conclude that participants did choose to rely on
the rule of the exception over the probabilistic of the regular.

Conclusion
Across two experiments we found evidence that category
exceptions change category boundaries and affect
generalization of novel items. In addition, our findings
suggest that the overall category structure also affects the
representation of the exception items. Therefore, the current
work suggests that when encountering information that
violates one’s expectations, adult human learners form a
representation that is flexible enough to account for new
evidence, but at the same time tends to be stable and
preserves the previously learned structure of the category.
Building on this initial strong evidence, further research is
needed in order to demonstrate whether the pattern we have
found for learning simplified, artificial category structures
holds for more complex category structures which may
include other types of category exceptions.
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Abstract
The doctrine of double effect (DDE) explains that it may be
permissible to cause harm as a foreseen side-effect of an action
that brings about a good result but impermissible to cause harm
as a means of bringing about the same good result. The DDE
is commonly illustrated with the Trolley Problem, which along
with similarly structured examples, have become widely
popular as a tool for studying moral psychology and have been
taken to demonstrate a universal feature of moral judgment.
Across two studies, we investigate how consenting to being
harmed interacts with the Doctrine of Double Effect.
Specifically, we ask whether (1) harming someone as a means
becomes morally acceptable when that person consents to
being used as a means, and (2) whether the distinction between
harming as a means vs. side-effect persists even when the
person being harmed consents. We find that consent
significantly interacts with the DDE.
Keywords: consent; doctrine of double effect; moral
psychology

Introduction
On one formulation, the doctrine of double effect (DDE)
holds that it may be permissible to cause a harm as a foreseen
side-effect of an action that brings about a good result, while
it would be impermissible the cause that same harm as a
means of bringing about that same good result (see, McIntyre,
2019 for an overview). A central example that illustrates this
principle is the now widely discussed “trolley problem”,
introduced by Philippa Foot (1967), and further popularized
by Judith Jarvis Thomson (1975). In this scenario, one
imagines a run-away trolley that is headed toward a group of
five workers who will be killed if nothing is done. In one half
of the problem, you are asked to imagine that there is a lever
you can pull to divert the trolley onto a sidetrack.
Unfortunately, however, a single worker is on that sidetrack
and will be killed if the train is diverted. One then compares
the moral permissibility of sacrificing the one to save the five
in this case to the permissibility in a second case. In this other
half the problem, you are asked to imagine that there is a
single person who can be sacrificed by pushing them onto the
tracks, which will stop the train and prevent it from killing
the other five workers. This widely replicated pattern
illustrates that there is an intuitive difference between the two
cases, with it being more acceptable to sacrifice the man in
the first case vs. the second. The question is how to explain
this intuitive difference.

This philosophical distinction between the permissibility of
causing harm as a means vs. a side-effect has come to play a
central role in empirical moral psychology, initiated largely
by the work of Greene and colleagues (Greene 2001, Greene
& Cushman 2009, Cushman 2013). At this point, it has not
only been argued to support “dual-systems” accounts of
moral decision-making (Greene 2008, Cushman 2013), but
perhaps more importantly, it has also been shown to emerge
early in human development (Levine 2016), to be shared
widely across cultures (Barrett 2021), and to have a central
role in humans’ “moral grammar” (Mikhail 2006). In short,
the doctrine of double effect has been pursued as one of the
central aspects of moral judgment across philosophy (e.g.,
Foot 1967), psychology (e.g., Greene 2001; Cushman 2013),
and cognitive science (e.g., Klieman-Weiner and Halpern
2018). The importance of this doctrine can also be seen by
considering its real-world applications in life-and-death
decisions involving self-driving cars (Nyholm 2016), health
care (Walker 1991), or resource allocation in disaster
scenarios (Shea 2010).
Intriguingly, Judith Jarvis Thomson, who originally
introduced the now standard form the trolley problem
(Thomson 1976), returned to this dilemma relatively recently
and revised her original view (Thomson 2008). The critical
new issue that Thomson raised was how to fit our judgments
in the original two cases with a third new case in which there
are three options, (i) do nothing and let the five workers die,
(ii) turn the trolley onto the right sidetrack killing one worker,
and (iii) turn the trolley onto the left sidetrack, killing oneself
(Thomson 2008). While we will set aside the details of
Thomson’s argument, a key part of the intuition she relies on
is that it would be impermissible to choose (ii) over (iii).
What explains the difference between option (ii) and (iii)?
Intuitively, one important difference, which has thus far gone
unexplored in the empirical literature on the doctrine of
double effect, is that when sacrificing oneself, one consents
to being harmed. This idea sparked the question we pursue in
the paper: How does consent change moral judgments
involving the doctrine of double effect? More specifically, we
investigate (1) whether harming someone as a means may
become morally acceptable when that person consents to
being used as a means, and (2) whether the distinction
between harming as a means or side-effect persists in cases
of consent to being harmed.
Before turning to the studies we conducted, it is worth
noting that consent generally plays an important role in both
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moral judgment (Sommers 2019) and in real-world moral
decisions (Shea, 2010; Walker, 1991). The medical field, for
example, has sparked discussions about consent, especially
in situations where a life is at risk. With end-of-life
treatments, consent may reframe ending a patient’s life as
simply an example of good palliative care (Allmark 2010).
Despite Thomson’s opinion-change, there has not been work
on moral decision-making when the consent is given by
someone that is not oneself. We pursue this question here.

The Present Studies
We collected a set of scenarios used in previous research
to demonstrate the means vs. side effect distinction in
judgments of moral acceptability (Cushman et al. 2006;
Paxman, Ungar, and Greene 2012; Cushman & Greene 2012;
Greene 2001). For Study 1, we modified these scenarios,
allowing us to introduce a ‘consensual means’ case that
minimally differed from the original non-consensual means
cases except that the person consented to being harmed as a
means of bringing about some greater good. We predicted
both that consent is a factor when judging the acceptability of
a harmful action, and more importantly, that an agent’s
consenting to being harmed as a means will reduce or
eliminate the difference in moral permissibility (compared to
a side effect case). In other words, we predicted that there
would be a smaller difference in acceptability between side
effect cases and consensual means cases than between side
effect cases and the original nonconsensual means cases. For
Study 2, we additionally introduced a ‘consensual side effect’
case, allowing us to ask whether consenting to being harmed
reduces or eliminates the distinction between harming as a
means vs. side effect. Both studies were pre-registered prior
to being conducted.

Study 1
Methods
Participants Amazon Mechanical Turk was used to recruit
156 participants in the United States, for an average of 50
responses per condition per scenario. Participants were
excluded if they did not complete the full survey or
completed all 11 scenarios in less than 120 seconds (an
average of ~10 seconds per scenario in addition to 10 seconds
for the instructions). 6 participants were excluded for not
completing the full survey, and 2 participants were excluded
for completing the survey too quickly. Analyses were
conducted with the remaining 148 participants.
Participants and Materials Participants were tasked with
completing an 11-scenario Qualtrics survey about moral
dilemmas in which they were asked to rate the
appropriateness of choosing the death of the individual over
the death of a larger group. Scenarios were presented in
random order, and each participant was randomly selected
into one of three conditions for each scenario: ‘means’, ‘side
effect’, and ‘consensual means.’ Participants presented with

a ‘means’ or ‘consensual means’ scenario were also asked to
respond to the perceived consent of the individual being
sacrificed. Since participants were randomly presented with
one condition for each individual scenario, each participant
was presented with a mix of conditions throughout the
survey. Scenarios were sourced from prior work with the
criteria that they had both a ‘side effect’ case and a ‘means’
case that logically could be adapted for this study to include
consent for the ‘consensual means’ case (Cushman et al.
2006; Paxman, Ungar, and Greene 2012; Cushman & Greene
2012; Greene 2001).
Means case scenarios included moral dilemmas in which
individuals were the direct object of an action taken in order
to save the larger group. The intent of the participant’s action
is to directly harm the individual, with the effect being the
safety of the larger group. For example, in the means case of
the modified rowboat problem illustrated below, the
participant must decide the appropriateness of killing a large
fisherman by pushing him off a boat and into freezing water
in order to keep the boat from sinking.
“You are in a rowboat with a tour guide while sight-seeing
on a lake in Alaska. You notice that three fishermen have
overturned their boat nearby. They are now in danger of
quickly freezing to death in the icy water. You begin to row
over to rescue them when you realize that your boat will not
hold you, the tour guide, and the three fishermen.
As you and the tour guide pull in the first two, it is obvious
that one of them is nearly twice as heavy as either of the other
two. If you keep him on board, your boat will sink, and all of
the fishermen will die.
Neither you nor the guide can get out because you are
rowing, and the guide is performing CPR.
The only way to save two fishermen is to throw the larger
fisherman off the boat and rescue the third one. The large
fisherman offers to jump off, but his legs have gone numb
from the cold and will need help getting out of the boat.
Is it appropriate to throw the large fisherman off the boat
to die in order to save the other two?”
Example 1. Sample problem of a means case scenario
sourced from prior literature. The bolded portion is included
only for the consensual means case but otherwise omitted.
Consensual means case scenarios are modified versions of
the means cases, in which individuals explicitly volunteer to
be the direct object of an action taken in order to save the
larger group. The individual clearly and explicitly consents
to an action that would cause their death but is unable to be
the agent of that action and must enlist the help of the
participant. The consensual means case of the modified
rowboat problem involves the fisherman volunteering to
jump off the boat but is unable to due to his legs growing
numb from the cold. He enlists the agent in the story to push
him off the boat.
Side effect case scenarios included moral dilemmas in
which individuals were the indirect object of an action taken
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in order to save the larger group. The hypothetical action
taken by the participant would ultimately lead to the death of
the unknowing bystander indirectly. For example, in the
modified rowboat problem illustrated above, in which the
participant must decide the appropriateness of rowing away
from a fisherman in freezing water due to a weight limit on
the boat. The act of rowing away directly saves the boat’s
passengers but causes the certain death of the fisherman.

subset of the data, we replicated the prior finding between the
means and side effect conditions, t(6.92) = -3.653, p =.020,
and once again found that participants rated agents’ actions
as significantly more appropriate in the consensual means
condition than in the non-consensual means condition,
t(6.96) = 6.235, p =.001. We now found that participants only
judged actions in the consensual means conditions as
marginally more appropriate than actions in the side effect
conditions, t(7.00) = 2.499, p = .092.

Measures Each participant was asked to rate the
appropriateness of the action that would result in the
individual’s death in each scenario on a 0-100 sliding scale,
with 0 being less appropriate and 100 being more appropriate.
For the means and consensual means cases, participants were
also asked to rate the extent to which they felt the individual
being sacrificed consented to the participant’s action, with 0
meaning ‘did not consent’ and 100 being ‘fully consented.”
The means case consent measure acts as a baseline
comparison for the consensual means case in order to
determine whether consent was being effectively
manipulated.

Results
Consent Ratings We first asked whether we succeeded in
manipulating perceived consent. We compared a series of
linear mixed-effects models predicting participants’ consent
ratings for the two means cases either with or without
condition as a fixed factor. This comparison revealed that our
manipulation successfully manipulated consent, Χ2(1) =
224.69, p < .001.
Appropriateness ratings. We next analyzed participants
appropriateness ratings in a similar manner by comparing
linear mixed-effects models predicting participants’
appropriateness ratings for all three conditions either with or
without condition as fixed factor. This revealed participants’
appropriateness judgments were significantly affected by
condition, Χ2(1) = 19.708, p < .001. We then used the
emmeans package to conduct pairwise comparisons between
the conditions. We found that participants rated agents’
actions as significantly more appropriate in the consensual
means condition than in the non-consensual means condition,
t(9.97) = 6.536, p <.001, and surprisingly as more appropriate
in the consensual means condition than in the side effect
condition, t(10.07) = 3.652, p =.011. However, we also found
that we only marginally replicated the prior distinction
between the means and side effect conditions, t(9.98) = 2.643, p =.059.
Posthoc, we decided to reconduct our analyses only on the
subset of 8 scenarios in which the action in the side effect
case was judged to be numerically more appropriate than the
action in the means case. We once again found that
participants’ appropriateness judgments were significantly
affected by condition, Χ2(1) =15.082, p < .001, and again
conducted pairwise comparisons using the emmeans package
between the three conditions. We found that within this

Figures 1 (top) and 2 (bottom): Average appropriateness
ratings for each condition. Figure 1 includes the measures
from all 11 scenarios; Figure 2 only includes the 8 scenarios
that numerically replicated the means vs. side effect
distinction for the non-consensual cases. Error bars depict
+/- 1 SEM.
Relationship between consent and appropriateness. Next,
we investigated the relationship between participants’
perceived level of consent and their appropriateness
judgments in the two means cases across all 11 scenarios. We
again compared a pair of linear mixed-effects models that
allowed us to ask whether, controlling for condition,
participants’ consent ratings significantly predicted their
appropriateness ratings. We found that they did, Χ2(1)

3523

=133.67, p < .001, see Fig 3. Moreover, 10 of the 11 scenarios
showed significant positive correlations, with r values
(rounded to 4 significant digits) ranging from 0.284 to 0.552
and p-values ranging from .005 to <.0001. Scenario 9 was the
only scenario that was not statistically significant, yielding a
correlational value of r = 0.1135, p = 0.2611.

Figure 3: Depiction of the relationship between perceived
consent and moral appropriateness in the means conditions
for all 11 scenarios.

case of the modified rowboat problem involves the fisherman
shouting at the boat to row away from him as he remains
submerged in freezing cold waters.
“You are in a rowboat with a tour guide while sight-seeing on
a lake in Alaska. You notice that three fishermen have
overturned their boat nearby. They are now in danger of
quickly freezing to death in the icy water. You begin to row
over to rescue them when you realize that your boat will not
hold you, the tour guide, and the three fishermen.
As you and the tour guide pull in the first two, it is obvious
that they are too heavy. If you bring the third fisherman
on board, your boat will sink, and all of the fishermen will
die.
Neither you nor the guide can get out because you are
rowing, and the guide is performing CPR.
The only way to save two fishermen is to row quickly
away from the third one, leaving him to die.
The third fisherman, who is still in the water, notices how
close the boat is to sinking and shouts at you to just go and
leave him.
Is it appropriate to leave the one fisherman behind to die
in order to save the other two?”
Example 2. This is an example of a consensual side
effect/side effect case. The bolded portions are the
modifications to the means case scenario that indicate that
this is a side effect scenario. The italicized portion is only
included in the consensual side effect case and omitted
otherwise.

Study 2
Methods
Participants Amazon Mechanical Turk was used to recruit
207 participants in the United States, for an average of 50
responses per condition per scenario. Participants were
excluded if they did not complete the full survey or
completed all 7 scenarios in less than 80 seconds (an average
of ~10 seconds per scenario in addition to 10 seconds for the
instructions). 6 participants were excluded for not completing
the full survey. Analyses were conducted with the remaining
201 participants.
Procedures and Materials Similar to study 1, participants
were tasked with completing a 7-scenario survey under the
three conditions from the aforementioned study (means, side
effect, consensual means), with the addition of a consensual
side effect case. Scenarios were sourced from Study 1.
Scenarios were chosen based on whether they numerically
demonstrated the side effect versus means distinction found
in prior studies. Additionally, scenarios in which a
consensual side effect case could not be minimally created
from the original side effect case while still logically making
sense were excluded.
Consensual side effect case scenarios are modified
versions of the side effect case, in which individuals
explicitly volunteer to be the indirect object of an action taken
in order to save the larger group. The consensual side effect

Measures Similar to Study 1, appropriateness and consent
are rated 0-100 on sliding scales. All conditions in all
scenarios will include the perceived consent measurement so
both consensual side effect and consensual means cases have
baseline comparisons for perceived consent in the side effect
and means cases, respectively.

Results
Consent Ratings We again first asked whether we succeeded
in manipulating perceived consent. As before, we compared
a series of linear mixed-effects models predicting
participants’ consent ratings with or without ‘consent’
condition as a fixed factor (now always including the meanscondition as a separate fixed factor). This model comparison
revealed that our manipulation again successfully altered
perceived consent, Χ2(1) = 36.82, p < .001.
Appropriateness ratings. We next analyzed participants
appropriateness ratings by comparing linear mixed-effects
models predicting participants’ appropriateness ratings using
consent condition, means condition, and their interaction as
fixed factors. This revealed a main effect of whether the
action harmed someone as a means or a side-effect, Χ2(1) =
11.522, p < .001, a main effect of whether person consented
to being harmed, Χ2(1) = 17.24, p < .001, and critically a
small but significant interaction between the two, Χ2(1) =
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4.378, p = .036. We then again used the emmeans package to
conduct pairwise comparisons between the conditions and
decompose the interaction. We found that when the person
being harmed consented to being harmed, there was a smaller
and non-significant difference between the means and side
effect cases (t(8.31) = -2.816, p =.084), while there was a
clearly significant effect when the person being harmed did
not consent (t(8.44) = -4.459, p =.008).

Figure 5: Depiction of the relationship between perceived
consent and appropriateness for all 7 scenarios.

Discussion

Figure 4: Average appropriateness judgment when the
person harmed consented (left bars) or did not consent (right
bars) for both harm as a means (red bars) and side effect
(blue bars). Error bars depict +/- 1 SEM.
Relationship between consent and appropriateness.
Finally, we again investigated the relationship between
participants’ perceived level of consent and their
appropriateness judgments in all 4 conditions means cases
across all 7 scenarios. We again compared a pair of linear
mixed-effects models that allowed us to ask whether,
controlling for consent and means condition, participants’
consent ratings significantly predicted their appropriateness
ratings. We found that they did, Χ2(1) = 120.79, p < .001, see
Fig 5. Moreover, all 7 of the scenarios showed significant
positive correlations, with r values ranging from 0.151 to
0.501 and p-values ranging from .034 to <.001.

Across two studies, we asked whether (1) harming
someone as a means becomes morally acceptable when that
person consents to being used as a means, and (2) whether
the distinction between harming as a means vs. side-effect
persists even when the person being harmed consents. The
results of our studies provide relatively clear answers to these
questions. In Study 1, we found that harming someone as a
means not only becomes morally acceptable overall but that
it becomes roughly as morally acceptable as harming
someone merely as a side effect. In Study 2, we replicated
this effect of consent, and additionally found that the meansside effect distinction is significantly reduced, though not
entirely eliminated, when agents consent to being harmed.
Across both studies, we also found that perceived consent
was highly predictive of appropriateness ratings, even
controlling for condition.
It is worth emphasizing that while these findings
demonstrate significant variation in the size of the impact of
the doctrine of double effect when it interacts with consent,
care should be taken to not overstate this finding because we
also find that the DDE consistently exhibits some effect
across variations in consent. This finding is broadly in line
with recent work on variation in moral judgment across
cultures (Barrett et al., 2016), which similarly finds that while
there is variation in moral judgment, there are also broadly
consistent patterns that persist throughout that variation.
Instead, we think these studies demonstrate the importance
and potential for continuing research on the role of consent
more generally in moral judgment. While it is widely known
from prior literature that the presence of consent makes harm
seem more permissible, there remain cases in which consent
cannot be given in the moment or is given prior to the
situation that requires it. For example, future work may be
inspired by the real-life events and procedures, particularly
within the medical field. DNR orders, for example, involve
consent in the complicated calculus medical providers
engage in when they weigh the potential good of fixing
mistakes or saving a patient’s life against the possibility that
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they may not succeed and will leave the patient in a worse
state than before (Walker 1991).
We hope that future work will take up these questions and
continue to examine the role of consent in both the doctrine
of double effect and in moral psychology more generally.
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Abstract
Many memory models suggest self-terminating backward
scanning along a memory representation. In these models,
time to retrieve a particular item from memory could depend
on how far in the past the item was presented or on the number of items presented since that item. To investigate which
of these two types of memory representation is more likely,
we designed a relative Judgment of Recency (JOR) task with
variable presentation rates. The variable presentation rate deconfounded the age of memory and the number of intervening
items. Our results favor the hypothesis that memory representation is temporally organized. This result is important for advancing memory models and for building stronger ties between
cognitive and neural models of memory.
Keywords: Judgment of Recency; Variable presentation time;
Time versus items.

Introduction
In the relative judgment of recency (JOR) task, participants
are presented with a sequence of items followed by a probe
consisting of two items from the sequence. The participants
have to select the item that was presented more recently. Results from previous studies suggest that the response time
(RT) grows sublinearly with the lag to the more recent probe
and that it does not depend on the lag to the more distant
probe (Muter, 1979; Hacker, 1980; Hockley, 1984; Tiganj,
Singh, Esfahani, & Howard, in press).
The finding that RT depends only on the lag to the more
recent probe was often explained through self-terminating
backward scan along a memory representation (Muter, 1979;
Hacker, 1980; Hockley, 1984; McElree & Dosher, 1993;
Howard, 2014). The finding that RT grows sublinearly with
the lag to the more recent probe was used to argue that the
temporally organized memory is compressed such that the
more recent past is represented with higher resolution than
the more distant past (Howard, 2014). This is consistent with
the knowledge that memory gets worse for events further in
the past. While these models rely on backward scan, that scan
could be along a temporally organized or ordinally organized
memory representation.
In most JOR experiments, time lag (age of memory) and
item lag (the number of intervening items) were confounded.
This made it impossible to distinguish whether scanning
along a temporally organized or item organized memory representation would better explain the data. Hintzman (2004)
studied absolute JOR with variable presentation rate to deconfound time lag and item lag. In Hintzman (2004) subjects

did absolute JOR on a long list that was made up of alternating fast and slow blocks with 25 to 50 items each. Hintzman
(2004) concluded that response times were a function of time
lag with no added contribution from the item lag. While this
study provided important insight into recency judgments over
relatively long temporal scales (tens of seconds), it remains
unclear whether the same account would hold for shorter temporal scales (several seconds) that are typically used in relative JOR tasks and that are commonly modeled with different
memory models, e.g., Atkinson and Shiffrin (1968).
Studies of serial recall have also made an important contribution for understating the role of time in short-term memory of serial order. Separating the output interference, rather
than output time, was argued to be critical in serial recall
(Lewandowsky, Duncan, & Brown, 2004). Also, temporal
representation was argued to be unnecessary for short-term
memory for serial order (Lewandowsky, Brown, Wright, &
Nimmo, 2006; Lewandowsky, Oberauer, & Brown, 2009).
Here we designed a version of relative JOR task that deconfounds item lag and time lag by varying the presentation rate
within each list. A varying presentation rate was obtained by
inserting “blank” letters which introduced a gap between otherwise consecutive letters, creating longer inter-stimulus intervals. This manipulation allowed us to study response time
changes as a function of both item lag and time lag. Our results are consistent with findings from Hintzman (2004) and
extend those findings to much shorter temporal scales proving a helpful insight for future memory models and for efforts
to better understand the neural underpinnings of memory.

Materials and Methods
Participants were presented with a list of 9, 11, or 13 letters
(all consonants) at the rate of 5.5 letters per second or one
letter every 0.181 s. At each trial, the presentation order was
random. A single letter could be presented at most once in a
single list – no repetitions were allowed (Figure 1a).
To introduce variability to the presentation rate and deconfound time lag and item lag, after each letter was presented
there was a 40% probability of a gap. A gap was presented
for the same duration as a single letter. Only a single consecutive gap was possible. Thus duration of each list was at most
26 × 0.181 s = 4.73 s (Figure 1b).
At the end of the list, two of the last seven letters were
chosen randomly, and the participants were asked to indicate
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a

b

Figure 1: Schematic of relative JOR task with fixed and variable presentation rate a. JOR task with fixed presentation rate.
Participants are shown a list of letters (such as RYT . . . ) followed by a probe containing two letters from the list (here, G and T).
Participants are asked to select the probe item that was experienced more recently. In this example, the probe G is the correct
answer. Lag for each probe is defined as the number of steps backward in the list necessary to find the probe. In this case, item
lag (the number of intervening items) and time lag (age of memory) are the same because the presentation rate was fixed. b.
JOR task with variable presentation rate. Gaps are introduced to the list such that the duration of a single gap is equal to the
duration of a single letter. Gaps occur with a probability of 40% such that at most one consecutive gap is possible. Time lag is
defined as the number of steps backward in the list necessary to find the probe counting both gaps and letters, while item lag is
defined as the number of steps backward in the list necessary to find the probe but counting only the letters and not the gaps.
using the left or right arrow key which of the two letters had
appeared more recently. In Figure 1, G and T are presented as
the probe items. Because G was presented more recently than
T , the correct answer is G . If the participant did not make a
response within 2 s, the trial was terminated.
The distance to the more recent probe stimulus varied from
item lag −1 to −6. The item lag of the less recent probe varied from −2 to −7. This gave us 21 possible combinations of
lags, which were presented in random order. Each participant
completed 200 trials.
The participants were selected using the Amazon Mechanical Turk platform and they completed the task via an online
interface designed using jsPsych (De Leeuw, 2015). Participants were compensated for their time. Each participant spent
about 20 minutes performing the task. Prior to the beginning of the experiment, participants were given written instructions. They were also given three demo trials where letters were presented at a slower pace in order to illustrate the
structure of the task. Participants were required to complete
those three trials successfully before proceeding with the experiment. If they made an error in any of the three trials, that
trial was repeated. The three demo trials were not used in the
analysis.
The study materials and protocol were approved by the Institutional Review Board. A total of 33 participants signed
up for the study. Two participants withdrew from the study.
Data from additional two participants were excluded because
their overall accuracy was no better than chance. The results
below present the analysis of the data from the remaining 29
participants.
The procedure of this experiment was similar to the proce-

dure of the Experiment 2 of Hacker (1980) and JOR experiment in Tiganj et al. (in press), with the main difference in
that here we used a variable presentation rate. Other than the
variable presentation rate, unlike the Hacker (1980) study, in
this experiment participants were never given foils that did
not appear in the list and unlike in Tiganj et al. (in press)
study, participants were not given the option to respond indicating that they did not remember either of the probes. Also,
unlike the previous studies, this study was conducted online.

Results
Accuracy was similar to that in the previous studies
The probability that participants selected the more recent
probe was .69 ± .02. The accuracy was .82 ± .01 when the
time lag of the more recent probe was −1 and dropped to
.52 ± .04 when the time lag was −6. For time lags −6 and
−5 the probability of choosing the more recent probe was
not different from chance (for lag −6: Chi-squared prop test,
χ2 (29) = 37.24, p-value=.14; for time lag −5: Chi-squared
prop test, χ2 (29) = 42.55, p-value=.05 and accuracy was
.57 ± .02). Time lag −4 had an accuracy of 0.59 ± 0.02 and
was significantly higher than chance (Chi-squared prop test,
χ2 (29) = 64.10, p < 0.01). These values are similar to those
in previous studies (Tiganj et al., in press). Figure 2 shows
accuracy as a function of time lag and item lag to the less and
to the more recent probe.

RT was better explained by time lag than by item
lag
The main objective of our analysis was to evaluate whether
RTs are better explained by time lag (the age of the memory)
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Figure 2: Accuracy in JOR as a function of more and less recent probe. a. Shades of gray represent time lag to the more
recent probe such that the darkest shade corresponds to lag of -1 and the lightest to the lag of -11. Time on the x-axis is in units
of seconds with a single time lag corresponding to item presentation time of 0.181 s. Therefore the entire x-axis corresponds to
1.81 s. b. Shades of gray represent item lag to the more recent probe such that the darkest shade corresponds to lag of -1 and
the lightest to the lag of -6.
or item lag (the number of intervening items). Given that
previous studies have shown that RT in absolute JOR does
not depend on the lag to the more distant probe, we focused
our analysis on the lag to the more recent probe.
Figure 3a shows RT as a function of time to the more recent
probe, grouped by item lags to the more recent probe (shown
in different shades). Figure 3b shows RT as a function of item
lag to the more recent probe for different times to the more
recent probe. Visual inspection of these two figures suggests
that lines in Figure 3a are not parallel to the x-axis, while in
Figure 3b they are parallel to the x-axis. If that is the case,
it will support the hypothesis that time lag explains RT better
than item lag.
Statistical analysis confirmed these visual impressions.
Specifically, we conducted two different analyses, one based
on linear mixed-effects models and the other one based on
a Bayesian t-test of slopes. We compared two linear mixedeffects models in predicting RT. In the first model, item lag
to the more recent probe was treated as a random effect (i.e.,
allowing independent intercept for each lag) and within-lag,
time to the more recent probe was found to be a significant
fixed effect (.044 ± .007 s, t(14) = 6.54, p < 0.001). In contrast, in the second model, time to the more recent probe was
a random effect and within-time, the fixed effect of item lag
to the more recent probe was non-significant (.017 ± .009 s,
t(9) = 12.6, p = 0.11).
To further assess the effect of time lag to the more recent
probe on RT, we calculated the slopes of each of the lines
in Figure 3a separately for each participant and performed
a Bayesian t-test (Rouder, Speckman, Sun, Morey, & Iverson, 2009) on the slopes. This analysis showed “Decisive”
evidence (Wetzels & Wagenmakers, 2012; Kass & Raftery,
1995; Jeffreys, 1998) favoring the hypothesis that the slopes

are different from zero (JZS Bayes Factor = 557.9). We did
an analogous analysis to assess the effect of item lag to the
more recent probe on RT. We calculated the slopes of each of
the lines in Figure 3b separately for each participant and performed a Bayesian t-test on the slopes. This analysis showed
“Barely worth mentioning” evidence (Wetzels & Wagenmakers, 2012; Kass & Raftery, 1995; Jeffreys, 1998) favoring the
hypothesis that the slopes are not different from zero (JZS
Bayes Factor = 1.7).

Correct RT varied sub-linearly with item lag and
time lag to the more recent probe
Previous studies suggested that in relative JOR, RT varies
sub-linearly with the item lag. In the context of serial exhaustive search models, this was consistent with the hypothesis that participants scan along a log-compressed representation. Due to item lag and time lag being confounded, previous studies were not able to test if the sub-linear relationship
holds for both item lag and time lag. Figure 4 shows RT as a
function of log time lag and log item lag. Solid line shows a
logarithmic fit.
Statistical analysis confirmed that for both log item lag and
log time lag, logarithmic fit is better than linear fit. Specifically, we compared a regression model of median RT onto
lag to a regression model onto the base-2 logarithm of the
absolute value of lag. In the time lag case, the model using log |lag| fit better than the model using |lag|, ∆LL = 5.1,
implying that the model using the logarithm is more than
150 times more likely. In the item lag case, the model using log |lag| fit better than the model using |lag|, ∆LL = 8.5,
implying that the model using the logarithm is more than
6000 times more likely. To quantify the relationship between
correct RT and log |lag|, we performed a linear mixed effects
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Figure 3: RT was better explained by time to the more recent probe than by lag to the more recent probe a. Shades of
gray represent item lag to the more recent probe such that the darkest shade corresponds to the lag of -1 and the lightest to the
lag of -6. Time on the x-axis is in units of seconds with a single time lag corresponding to the item presentation time of 0.181 s.
Therefore the entire x-axis corresponds to 1.81 s. The slope of the lines illustrates the impact of time lag on RT. The significance
of the slope was confirmed in subsequent statistical analysis. b. Shades of gray represent time lag to the more recent probe
such that the darkest shade corresponds to the lag of -1 and the lightest to the lag of -11. Lines appear flat, suggesting that when
time lag is taken into account, item lag does not have a significant impact on RT. This observation was also consistent with the
subsequent statistical analysis.
analysis allowing for independent intercepts for each participant. In time lag case, this analysis showed that every doubling of |lag| increased RT by .11 ± .01 s, t(230) = 14.14,
p < 0.001. In item lag case, this analysis showed that every
doubling of |lag| increased RT by .12 ± .01 s, t(143) = 13.99,
p < 0.001.

Discussion
In this study, we found that RT in relative JOR task was better
explained by time lag than by item lag. This is consistent
with (Hintzman, 2004) who came to the same conclusion in
absolute JOR, using much longer lists.
Neuroscience studies have attempted to identify neural
substrates for a scannable memory representation. Scannable
cognitive maps spanned with bell-shaped receptive fields,
such as place cells or time cells, could provide a mechanism
for serial search (Behrens et al., 2018; Nieh et al., 2021). In
particular, the discovery of time cells, neurons that activate
sequentially following a presentation of some salient stimulus (Pastalkova, Itskov, Amarasingham, & Buzsaki, 2008;
MacDonald, Lepage, Eden, & Eichenbaum, 2010; Tiganj,
Cromer, Roy, Miller, & Howard, 2017) accelerated the development of neural-level models of scannable memory representations (Liu, Tiganj, Hasselmo, & Howard, 2019; Singh,
Tiganj, & Howard, 2018; Tiganj, Cruzado, & Howard, 2019).
While time cells naturally support time lag as the most influential variable in accounting for RT in JOR, gating of time
cells by changes in the input can give rise to a representation where RT would depend on item lag (Howard, 2014).
In other words, if the sequential activation of time cells were

paused by a gating mechanism during the inter-stimulus interval, item-lag would become the most influential variable
in explaining RT. Our results suggest that such gating does
not happen in relative JOR task.
While we focused on discussing models of self-terminating
backward scanning, since those are commonly used to explain the results in relative JOR, it is important to note that
the results presented in this study do not aim to distinguish
between backward scanning and other possible accounts for
JOR, such as strength models, e.g., (Hinrichs, 1970; Donkin
& Nosofsky, 2012). Strength models are certainly consistent
with the result that RT in JOR is primarily impacted by the
time lag.
In our study, lists had at most one consecutive gap between
letters. This helped to balance the temporal duration of the
lists, but it resulted in some missing data points for the statistical analysis. In particular, lines in Figure 3 would be longer
if more than one consecutive gap was allowed. This would
further strengthen the statistical results since slopes could be
estimated using more data points. Future studies could attempt to address this issue by sampling a wider range of gaps.
We kept the presentation rate fixed at 5.5 letters per second. Future studies could explore whether the effects observed here are consistent if the presentation rate changes
across lists. Hacker (1980) performed relative JOR at several
presentation rates (however, the presentation rates were kept
fixed within lists, unlike here) and observed that the overall
qualitative pattern of results was robust to changes in the presentation rate. If this holds for the results described here, it
would further strengthen our understanding of how the brain
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Figure 4: Median RT varied sub-linearly with both time lag to the more recent probe (a.) and item lag to the more recent
probe (b.). Error bars represent the 95% confidence interval of the mean across participants normalized using the method
described in (Morey, 2008). Solid line represents a linear fit of the data points. In plot a. Time on the x-axis is in units of
seconds with a single time lag corresponding to item presentation time of 0.181 s.
might maintain a mental timeline of the past.
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moves for a given board state is discrete and the value of
each move is well-defined. In real-world decision making, neither is true, which has made the empirical study
of option generation in problems of real-world complexity much more difficult. Consequently, prior research has
largely proceeded by either severely restricting the set of
possibilities in highly constrained experimental paradigms
or explicitly asking participants to reason over a limited set
of options determined by the experimenters (Kalis, Kaiser,
& Mojzisch, 2013 and Smaldino & Richerson, 2012 for further discussion.) While this prior work has been foundational for understanding reasoning and decision making about constrained sets of options, option generation
in open-ended problems of real-world complexity remains
under-explored relative to its centrality in everyday decision making.

Abstract
There has been a small but now growing interest in studying decision making in real-world contexts where part of the
problem faced by decision makers is to generate candidate
options they will actually decide between. While some of
this work has employed large decision spaces where options
are discrete and valuation is computationally tractable (e.g.,
chess), very little work has focused on genuinely open-ended
decision contexts that more closely mirror mundane realworld decisions. This paper leverages large language models
to investigate how people generate options when facing genuinely open-ended problems. Across three experiments, we
apply semantic similarity and sentiment analyses to the options that participants sequentially generate for real-world
decision problems. We find that the first options generated
tend to be sampled from a relatively local region of semantic
space and are typically of high value. As additional options
are generated, they become increasingly dissimilar and are
of lower value. These patterns held both at the level of individual option generation trajectories within a given participant and at the level of individual differences across participants.
Keywords: Option generation; Natural language processing;
Semantic space; Sentiment analysis; Modal cognition

Introduction
When expert chess players look at a board, they immediately have a sense for potential moves, and often the first
possibility that comes to mind is, in fact, the best move
(Klein, Wolf, Militello, & Zsambok, 1995). Somehow, without having explicitly evaluated the enormous number of
technically possible moves at a given board state, expert
chess players have the impressive ability to generate a set
of good candidate moves to consider. Here, we pursue the
idea that humans employ a notably similar ability in their
everyday decision making. When deciding how to spend a
weekend given a set of interlocking constraints, for example, people can immediately generate a small set of candidate options to consider, and those options are typically
quite good (Phillips, Morris, & Cushman, 2019). While this
ability may initially seem less impressive than that of expert
chess players, the set of possible ways to spend a weekend
is many, many orders of magnitude larger than the set of
possible chess moves, suggesting that the ability of expert
chess players may actually be a special case of a more general, and perhaps more impressive, ability found throughout human cognition.
Option generation has been productively studied in
games like chess in large part because the set of possible

Prior work on option generation. A few recent studies
have explored increasingly open-ended decision problems,
e.g., “What food would you most like to have for dinner?”
(Morris, Phillips, Huang, & Cushman, 2021; Zhang et al.,
2021). While the set of relevant options is still limited (e.g.,
only food eaten at dinner), exhaustive search through the
set of options becomes computationally impractical. Such
partially open-ended generation tasks have generated a
number of important insights into the nature of option generation. Across these studies, a notably similar picture has
emerged: participants generate a relatively small set of options for explicit evaluation, and the process of option generation is biased towards options that are historically valuable, likely, and semantically accessible (Morris et al., 2021;
Zhang et al., 2021; Bear, Bensinger, Jara-Ettinger, Knobe, &
Cushman, 2020). In line with predictions from Johnson and
Raab (2003), the possibilities that come to mind first often
rank most highly in objective and subjective value (Morris
et al., 2021). Thus, in cases where there is agreement on
what the highest value options are (or the semantic accessibility of options), there is a corresponding alignment on the
options that first come to mind (Klein et al., 1995). Moreover, despite relatively frugal option-sampling procedures
due to temporal and computational limitations, participants tend to generate consistently valuable options, echoing results from Vul, Goodman, Griffiths, and Tenenbaum
(2014).
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The present research. Here, we ask whether these patterns extend to more open-ended decision problems,
where participants are given a series of different background decision contexts and asked to sequentially generate possible actions that could be taken. For example, one
such context participants were given was:
Your significant other has recently fallen ill and needs
an expensive medication that is not covered by your
medical insurance. You do not have the money needed
to purchase the expensive prescription medication,
but you know that it is vital for them to have it if they
are going to recover. In this situation, what are some
things you could do?
To illustrate further, another context instead involved going on a hiking trip in Arizona where your friend slipped
and gets her arm trapped in a crevice, without service and
the ability to call 911. Yet another involved going to a concert with friends, but, upon reaching the concert, discovering that one of your friends had forgotten his ticket. Eighteen different decision contexts were used in across our
studies.
In such cases, the set of options is clearly unbounded
and ill-defined. We may naturally think of asking a friend
for money, but nothing is stopping us from also considering the possibility of trying to surf on a large cheese grater
across the Moab dessert. Accordingly, an obvious and immediate challenge facing such an approach is how to objectively characterize the options that participants generate
either relative to the set of all possible options or relative to
each other.
We propose that progress can be made on this problem
by leveraging recent advances in large language models.
Specifically, because large language models like BERT are
trained on billions of language examples, they can be used
to locate the possibilities participants generate relative to
the entire corpus of sentences in the training data. That is,
words, phrases, and sentences can all be given numeric coordinates that represent their location in semantic space.
Thus, we can think of the vector representation assigned to
a given option a participant generates as occupying a point
within the parameter space the model used to capture the
entire corpus of sentences in the training data. Thus, large
language models provide a tool we can leverage to objectively characterize the option generated even when it is a
constituent of an unbounded set of options. Moreover, because we can iteratively do this for each option a participant generates, we can characterize the shape or trajectory of option generation both within a given participant’s
responses (how each participant explores the space of options) and across participants’ responses (how people collectively search for solutions to open-ended problems). In
addition, we employ a similar approach by investigating the
sentiment of each option generation.

Methods
Study design
Three separate experiments were conducted in which a
total of 477 participants (N st ud y1 = 197, N st ud y2 = 178,
n st ud y3 = 102) were recruited from Prolific (Study 1 and
2), and Prolific (Study 3) (M age = 41.2; SD age = 12.4; 56%
women)). All studies employed a similar design. Participants read a number of background contexts, ranging from
8 (Study 3) to 10 (Study 1 and 2), which each described a
unique open-ended decision problem. The order of presentation for the decision-contexts was randomized.
After reading the background context, participants
across studies were asked to sequentially generate a number of options that could be pursued given the problem
faced (6 in Study 1 and 2; 8 in Study 3). Subsequently, participants in Study 2 and 3, were re-presented with the options they previously generated and asked to provide subjective ratings of them. In Study 2, participants rated the
extent to which they believed each was a “good” option on
a scale from 0 (‘worst’) to 100 (‘best’); in Study 3, participants provided ratings of the extent to which they agreed
the option they generated was rational, moral, normal, and
probable on a scale from 1 (‘disagree’) to 7 (‘agree’).1

Analysis approach
Below, we describe the two key dependent measures we
use to characterize the options that participants generated. For both of these, we go on to ask how they vary
within and across participants as they explore options in
open-ended decision tasks. Importantly, both measures
leveraged BERT-based language models that utilized novel,
transformer architectures to learn the contextual relations
between words (or sub-words) in a text. Whereas previous
models were constrained by directional properties (reading the text input sequentially left-to-right or right-to-left),
the transformer encoder reads the entire sequence of words
concurrently.
Option Sentiment We utilized the fine-tuned BERT Base
uncased model described in Jones and Wijaya (2021), as it
achieves state-of-the-art (SOTA) or nearly SOTA results on
various text classification tasks. For English training and
development data, they sampled 50K positive and 50K negative tweets from the automatically annotated sentiment
corpus described in Go, Bhayani, and Huang (2009) and
used 90K tweets for training and the rest for development.
See Jones and Wijaya (2021) for more extensive documentation on the training process.
1 Study 2 and 3 recorded the time of each sequential genera-

tion. Participants in Studies 1 and 2 were also asked to complete
a range of individual difference measures, including the Beck Depression Inventory (BDI), the Beck Anxiety Inventory (BAI), the Positive and Negative Affect Schedule (PANAS), and the Openness subscale from the Big Five Inventory. Response time and individual
difference measures are not discussed further because of space
constraints.
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(a) Study 1

Option Similarity We
utilised
the
paraphrasemultilingual-MiniLM-L12-v2 model produced by Reimers
and Gurevych (2019) to create a 384 dimensional dense
vector embedding from sentences and paragraphs. This
model, a subset of their Sentence-BERT (SBERT) model,
is a modification of the BERT network using siamese
and triplet networks that is able to derive semantically
meaningful sentence embeddings. SBERT adds a pooling
operation to the output of BERT/RoBERTa to derive a
fixed sized sentence embedding. In order to fine-tune
BERT/RoBERTa, they create siamese and triplet networks
to update weights so that the sentence embeddings produced are semantically meaningful and can be compared
with cosine-similarity. Refer to Reimers and Gurevych
(2019) for further description concerning model structure
and training.

(c) Study 3

(b) Study 2

Results
Prior work on option generation demonstrated that participants generate a notably similar set of high value options (Klein et al., 1995). We begin by asking whether these
patterns extend to option generation in open-ended decision contexts where options space is unbounded and ill defined. Using word embeddings, we first ask whether the options participants initially generate are more similar to each
other than the options they subsequently generate, which
would suggest a similar alignment on an initial set of options.

Similarity of options as a function of number of
options generated
Approach. To ask whether there was more semantic similarity in the first options generated by participants than
later options generated, we devised a measure of semantic
space similarity to capture the extent to which respondents
explored similar regions of a shared semantic space (across
scenarios). Formally, this likeness is measured by creating
as series of localizing vectors for each participant:
=

1 £Pn
i =0 v 1,n
n

Pn

i =0 v 2,n

...

Pn

i =0 v j ,n

¤

(1)

Where n is equal to the number of vignettes in the trial, v l is
equal to the l th index of the embedding vector, and j is the
length of the embedding vector. Concretely, the localizing
vector for the 1st generation is the average vector derived
from all 1st generations the participant created throughout
the study. A localizing vector represents the approximate
location of a participants i th generations. Thus, participants will have 6 localizing vectors in Study 1 and Study 2,
and 8 in Study 3.
The extent to which participants occupy distal regions of
semantic space, then, can be represented as the distance
between their localizing vectors. Thus, semantic space
dissimilarity measures the distance between every participant’s localizing vector
¡ ¢ for a given generation number, enumerating over all n2 combinations present in E i , the set of

Figure 1: Depiction of the relationship between the semantic dissimilarity of the options generated as a function of
generation number for all three studies: Study 1 (Fig. 1a),
Study 2 (Fig. 1b), and Study 3 (Fig. 1c). Larger dots depict
mean dissimilarity for each generation.

all localizing vectors for the i th generation. Specifically,
Semantic space dissimilarity i =

X

distance(l , k)

l ,k∈E i :l ̸=k

(2)
Result. We found that semantic space dissimilarity varied
positively with generation number across all three datasets:
Study 1 (ρ = .912, p = .011), Study 2 (ρ = .980, p = .001),
Study 3 (ρ = .819, p = .013), see Fig. 1. In other words, while
participants exhibited a higher degree of semantic convergence early on—exploring semantic space in a more similar way—they exhibited a lower degree of semantic convergence later on. We conceive of semantically convergent
possibilities as generations that encode similar (or identical) ideas.

Semantic exploration over generations
In the prior analyses, we found that for a given open-ended
decision context participants were more aligned on the first
options that came to mind but diverged from each other as
they explored additional options. A separate question concerns whether there is a particular method or shape to the
way in which a given participant explores options across de-
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cision contexts. In other words, we want to know whether
participants gravitate toward similar options as they explore solutions to different kinds of open-ended problems.
Approach. To explore this possibility, we created a new
metric called semantic exploration, which refers to intraparticipant exploration across serial positions. In other
words, semantic exploration for the i th generation involves
summing the range of semantic space traversed across all
i th generations which occurred across different decision
contexts. This relationship is captured mathematically as
follows, where E i , j is the set of all i th generations for the j th
participant, and l and k are embedding vectors:
X
distance(l , k)
(3)
explorationi , j =
l ,k∈E i , j :l ̸=k

Thus, the total exploration for the i th generation is the
sum of individual explorations across all P participants:
Total explorationi =

X

Ei , j

(4)

j ∈P

Result. Semantic exploration was negatively correlated
with generation number across Study 1 (ρ = −.860, p =
.028) and Study 3 (ρ = −.712, p = .047) see Fig. 2.2 In other
words, for a given participant, the first options that came
to mind across different contexts tended to be unrelated to
one another. However, as participants began to produce
successive options across different contexts, the options
they generated became increasingly similar to one another.
For example, in the trapped arm decision-context mentioned previously, a participant provided the following generations (in-order): "cut her arm off", "hunker down", "do
nothing", "ask friends for help", "daydream", and "nothing
more can be done". In another, separate decision context,
the same participant responded with the following generations: "pay the difference myself", "tell the manager what
happened", "ask the other staff to help cover the difference", "call the police", "do nothing", and "ask the manager
what to do". As can be seen in this example, the participant’s later generations shared more similarity than their
earlier generations. Intuitively, one can think about this as
participants moving toward more generalizable (and thus
more similar) solutions to different kinds of problems.

The subjective value of options generated
Following prior research, we previously demonstrated a notable alignment in the similarity of the options that first
come to participants’ minds for a given open-ended decision context. Existing work additionally suggests that the
options that first come to mind tend to be high in value
(Klein et al., 1995; Morris et al., 2021) and that subsequently
generated options actually decrease in value (Johnson &
Raab, 2003). We next asked whether this was also the case
for option generation in open-ended decision contexts.
2 We were unable to analyze the data from Study 2 due to a tech-

nical error.

(a) Study 1

(b) Study 3

Figure 2: Depiction of the relationship between the semantic exploration within a participant/context as a function of
generation number for Study 1 (Fig. 2a) and Study 3 (Fig.
2b). Larger dots depict mean total semantic exploration for
each generation.

Approach. We used a diversity of ways of measuring
value, which all revealed similar patterns. In Study 2, participants were asked to rate each of the actions they generated in terms of their “goodness”, and in Study 3, participants were asked to rate each of the actions they generated in terms of whether they would be “rational” to do. We
used both of these as measures of the subjective value of the
options generated for each generation number. Hence, the
average reflection score for the i th possibility number was
calculated by averaging subjective ratings across all i th generations for every participant, where E i is that set of all i th
generations (e.g., 150 participants over 10 vignettes = 1500
i th generations = n.)
Average ratingi =

1 X
rating(g )
n g ∈E i

(5)

Result. We found that generation number was strongly
negatively correlated with both subjective ratings of “goodness” in Study 2 (ρ = .992, p < .001) and “rationality” in
Study 3 (ρ = .949, p < .001)3 In other words, we replicate the
finding in finding in prior work that the options that come
to mind first tend to be high in subjective value, and that
subsequent actions decrease in value.

Sentiment analysis as an objective estimate of the
value of an option
We next ask whether we can move beyond participants’
subjective ratings of the value of options which may be subject to so-called “self-serving biases” (Schlenker, 1980), and
demonstrate a similar pattern for a less subjective measure
of value. To do so, we ask whether sentiment analysis of the
options generated would replicate the inverse relationship
between an options’ value and generation number.
3 Here we use rationality as the most obvious way of estimating
value in decision-making contexts. Similar patterns emerged for
the other ratings
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(a) Study 1

(a) Study 2

(b) Study 3

Figure 3: Depiction of the relationship between the subjective assessments of the value of options and generation
number for two studies: Study 2 (Fig. 3a), Study 3 (Fig. 3b).
Larger dots depict mean ratings for each generation.

(b) Study 2

(c) Study 3

Approach. Average sentiment for the i th possibility number was calculated by predicting the sentiment for all i th
generations across every participant, where E i is that set of
all i th generations.
Average sentimenti =

1 X
sentiment(g )
n g ∈E i

(6)

Result. We found that the average sentiment value was
strongly negatively correlated with generation number in
all three datasets: Study 1 (ρ = −.824, p = .044), Study 2
(ρ = −.954, p = .003), Study 3 (ρ = −.789, p = .020), see Fig.
4. In short, employing sentiment analysis as a less subjective estimate of an option’s value, we find that the first options that come to mind for open-ended decisions tend to
be the highest in value, and that subsequent options seem
to linearly decrease in value.4

Individual variation in exploration and sentiment
Previously, we found that the first options that participants
generate tend to both be high in value and similar, but
as participants explored additional options, they became
more dissimilar and lower in value. We next wanted to
know whether this relationship between exploration and
value held at the level of individual differences in participants. That is, we asked whether it is the case that participants who explored more also generated lower value options.
Approach. Mathematically, we investigate this intuition
by defining semantic exploration as follows, where V is the
set of all vignettes, v is a particular vignette, and i and j are
option generations within vignette v:
Semantic exploration =

1 X X
distance(i , j ) (7)
|V | v∈V i , j ∈v: j ̸=i

4 It may also be worth noting that we can estimate the relation-

ship between the sentiment score from the language model and
participants subjective ratings of “goodness” in Study 2. We find
that the two are clearly positively related, ρ = .278, p < .001

Figure 4: Depiction of the relationship between the average
sentiment of options generated and generation number for
all three studies: Study 1 (Fig. 4a), Study 2 (Fig. 4b), and
Study 3 (Fig. 4c). Larger dots depict mean sentiment for
each generation.

Further, we defined average sentiment to be the average
across all of the options the participant generated within
their trial.
Result. We found that individual differences in semantic exploration are inversely related to average sentiment
across two of the three datasets: Study 1 (ρ = −.468, p <
.001), Study 2 (ρ = −.246, p = .001), Study 3 (ρ = .173, p =
.087), see Fig. 5. That is, we found suggestive evidence that
participants who tended to explore more diverse regions of
semantic space also tended to generate options with lower
value as estimated by sentiment analysis. This finding however, may be sensitive to the particular decision problems
being solved, as we did not see this relationship in Study 3.
Moreover, these results did not replicate when substituting
average subjective ratings for sentiment analysis.

Discussion
Large language models were used to analyze the structure
of participants’ option generation across 3 studies involving open-ended decision contexts. As predicted by results
detailed in Bear et al. (2020), Zhang et al. (2021), Klein et
al. (1995), and Morris et al. (2021), participants tended to
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(a) Study 1

(b) Study 2

(c) Study 3

Figure 5: Depiction of the relationship between the average
semantic exploration per participant across contexts and
the average sentiment of the options generated by that participant for all three studies: Study 1 (Fig. 5a), Study 2 (Fig.
5b), and Study 3 (Fig. 5c).

explore relatively similar regions of semantic space in the
early stages of option generation. We see this as confirmation that the process of option generation is biased towards options that are historically valuable, likely, and semantically accessible. The best possibilities will inhabit
well-defined, but concentrated, pockets of semantic space,
and as participants reliably generate these possibilities first,
they exhibit a larger degree of semantic similarity early on.
Moreover, as there are necessarily more ways of generating
bad options than good options, all else held equal, greater
exploration should lead to lower average sentiment scores.
The inverse relationship between semantic exploration and
average sentiment further confirms this idea.
Several theories also predict that the quality of an option
generation will be inversely related to its generation number (Johnson & Raab, 2003; Morris et al., 2021). While our
findings confirm this prediction, they stand, at first glance,
in opposition to proposals put forth by Lieder, Griffiths,
and Hsu (2018), in which option-generation mechanisms
should over-represent options with both extremely positive
and extremely negative qualities. However, respondents in
Lieder et al. (2018) generated options under significant uncertainty. In our studies, by contrast, the participant’s task

was to select actions that they themselves could do. Because participants had full control over their actions, there
was no need to over-represent negative extremes, as there
was no reason to fear that they may select options of low
value.
In addition, the positive relationship between semantic
space dissimilarity and generation number confirms another prediction espoused by Johnson and Raab (2003)—
that successive option generations should increasingly diverge from the original generation. On their view, option
generation is composed of distinct construction and retrieval systems driven by spreading activation. Accordingly,
they argue that option space is traversed in a Dijkstra-like
fashion based on the strength of the semantic connection
between options (Johnson & Raab, 2003).
The inverse relationship between total semantic exploration and generation number suggests that the first options that came to mind in different contexts tended range
across diverse regions of semantic space. However, as participants began to generate more options for that context,
the options they generated became increasingly related to
other options across different contexts. Prima facie, there is
no clear reason that later option generations for disparate
decision problems should converge on shared regions of
semantic space—yet, this is what we observe. In combination with our finding that later options also decline in both
subjective and objective value, a humorous picture arises:
each participant, when they are solving a range of different problems, tend to head towards a semantically similar,
low value part of semantic space. One possibility is that
this phenomenon is a function of decision fatigue. As participants experience increasing fatigue, they may begin to
default to a relatively more domain-general set of options
which happen to be less high in general value when implemented in specific contexts. Regardless, these results represent a fruitful avenue for further study.
In closing, we want to emphasize that use of language
models provides a fecund analytic paradigm for delineating the manner in which people solve open-ended decision problems. While our investigation focused on employing a few robust and well-understood semantic techniques,
there exist a much wider range of tools this work leaves remarkably underexplored (e.g., unsupervised clustering algorithms or supervised learning algorithms). Future work
will certainly benefit from these and other novel tools that
will no doubt emerge given the rapid pace of advancement
within the domain of natural language processing.
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Abstract

on the second issue, that of type selection: what semantic types are imposed (or selected) by a verb on its arguments, given a specific verb sense (Jackendoff, 1990; Pollard & Sag, 1994). We examine the selection mechanisms
involved in logical metonymy in language (Apresjan, 1974;
Pustejovsky, 1995; Asher, 2011) and how they can be computationally interpreted using recent transformer architectures,
such as BERT (Devlin, Chang, Lee, & Toutanova, 2019).
In particular, we propose that metonymic constructions typically have surface structural correlates in the form of dense
paraphrases, and that these forms can be used to model the
masked content in the coerced compositional context. This
suggests that constructions involving “enriched composition”
(Pustejovsky, 1995; Jackendoff, 1997) can in fact be computationally analyzed with attention-based architectures.
Cases of logical metonymy via enriched composition involve constructions where the type expected by a predicate is
not what is superficially present in the argument. Consider
the range of verb-object selections illustrated in (1-3). Some
predicates seem to directly select their argument, as in (1),
where the type expected (selected for) by the verb is directly
matched by the direct object’s type.

Compositionality has been argued to be both a desirable and
perhaps even necessary component of interpreting language,
yet there appear to be many linguistic phenomena that do not
overtly exhibit semantic compositional behavior. One of the
most interesting challenges involves the phenomena of contextual modulations referred to collectively as semantic coercion
or logical metonymy. Some models of how we understand, for
example, Alex enjoyed her coffee and Jen heard the train incorporate mechanisms that provide “compositional flexibility”, to
allow event-selecting and sound-selecting verbs, respectively,
to combine with arguments that denote neither. In this paper,
we present a computational model that provides for such flexibility in the interpretation of a verb with its arguments, for
such coercive contexts in English. Specifically, we argue that
such constructions typically have surface structural correlates
in the form of dense paraphrases, and that these forms can be
used to model the masked content in the coerced compositional
context. We present preliminary results using a transformer
architecture (BERT) on a masked completion task. This suggests that constructions involving “enriched composition” can
in fact be computationally analyzed with attention-based architectures. Our results show that modeling logical metonymy is
a challenging task but can be substantially improved by finetuning through dense paraphrasing.
Keywords: semantic coercion; logical metonymy; compositionality; polysemy; transformers; distributional semantics

Introduction
The question of how functional expressions such as verbs
and prepositions impose semantic constraints on their arguments has long been one of the major research themes in
theoretical linguistics (Katz & Fodor, 1963; Chomsky, 1965;
Lakoff, 1970; Jackendoff, 1972), as well as in formal treatments of type-driven selection (Partee, 1973; Dowty, 1979),
and cognitive approaches to frames (Fillmore, 2008). Within
these traditions, two types of predicative selection on an argument can be distinguished: (a) thematic role or semantic
relation identification (AGENT, THEME, PATIENT, etc.); and
semantic type selection on the argument (EVENT, PHYSOBJ,
PROPOSITION , etc.). While the former addresses how a verb’s
arguments participate in the frame or situation denoted by
an event (Van Valin, 1999; Dowty, 1991), we focus here
* These

authors contributed equally to this work

(1) a. The dog ate [the biscuit]FOOD .
b. The girl heard [a sound]SOUND .
c. The Senator believes [she is innocent]PROPOSITION .
Now consider examples where the selection seems less direct, involving the construal of “missing material”, marked in
brackets, [. . . ].
(2) a. The dog enjoyed [eating] the biscuit.
b. The girl heard [the sound of] a dog.
c. Jen tied [the laces of] her shoes.
In each of these sentences, the type selected by the verb is
satisfied by a kind of semantic reconstruction. In fact, the
construal in (2a) is common with both sentiment and aspectual predicates more broadly (Pustejovsky & Bouillon, 1995).
(3) a. Alex finished [writing/reading] the letter.
b. The chorus began [singing] the song.
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The material in brackets, [. . . ], is not part of the surface form
of the sentence, but is a possible grammatical construal of the
missing verb.
In the remainder of the paper, we show how semantic treatments of logical metonymy can be interpreted as dense paraphrasing models using attention-based architectures such as
BERT. The claim is that logical metonymy, and coercive contexts more generally, will usually reveal a set of paraphrases
that act as the signature for a semantic type. This is in
fact consistent with Harris’s (Harris, 1970) original notion of
transformational set, as well as the canonical syntactic forms
for a semantic type (Pustejovsky, 1995).

Approaches to Logical Metonymy
Large linguistic corpora present many challenges to the
notion that language is compositional (Melamed, 1997;
Holsinger, 2009; Bu, Zhu, & Li, 2010; Pustejovsky, 2012;
Yazdani, Farahmand, & Henderson, 2015). In these studies,
we distinguish between the non-compositionality of idioms
and multiword expressions (MWEs) on the one hand, and focus in this paper on deeper interpretive contexts such as logical metonymy.
Interpreting logical metonymy from the underlying semantic level involves a type-change, such as coercion
(Pustejovsky & Jezek, 2008; Asher, 2011), where the type
is reconstructed in the composition of the surface expression.
For example, the logical metonymy of the NP “the book” to
the type EVENT in (4b) is computed by coercion shown in (5).

(6) Definition 1: Dense Paraphrase: Given the pair, (S, P),
where S is a source expression, and P is an expression, we
say P is a valid dense paraphrase of S if: P is an expression (lexeme, phrase, sentence) that eliminates any contextual ambiguity that may be present in S, but that also
makes explicit, any underlying semantics that is not (usually) expressed in the economy of sentence structure, e.g.,
default or hidden arguments, dropped objects or adjuncts.
P is both meaning preserving (consistent) and ampliative
(informative) with respect to S.

(4) a. Mary began [reading the book]EVENT .
b. Mary began [the book]EVENT .
(5)

VP
H

HH λxλe[R(e, x, NP′ )]

H
 event
- NP:phys
V
H
HH

H

began
Det
N
λeλx[begin(x, e)]
the

signatures matching that type, the paraphrase model can be
seen as learning alternative structural forms, and discovering
a paraphrase set that can act as the signature to a semantic
type. In fact, we argue that these two positions are complementary views on a richer model of compositionality.
Harris’ view and that presented in (Smaby, 1971) is related to recent attempts to enrich surface sentence forms that
are missing information through “decontextualization” procedures that textually supply information which would make
the sentence interpretable out of its local context (Choi et
al., 2021; Elazar, Basmov, Goldberg, & Tsarfaty, 2021; Wu,
Luan, Rashkin, Reitter, & Tomar, 2021). Paraphrasing and
decontextualizing are closely related, and in fact part of a
richer process of what we call dense paraphrasing (Self,
n.d.). This combines the textual variability of an expression’s
meaning (paraphrase) with the amplification or enrichment of
meaning associated with an expression (decontextualization).
While a paraphrase is typically defined as a relation between two expressions that convey the same meaning (Bhagat
& Hovy, 2013), it has also been used to clarify meaning
through verbal, nominal, or structural restatements that preserve (and enhance) meaning (Smaby, 1971; Kahane, 1984;
Mel’čuk, 1995, 2012), in particular the notion of “entailed
paraphrase” (Culicover, 1968): (author, person who writes),
(sicken, to make ill), (strong, potent (of tea)). The decontextualization that reconstructs the verb in logical metonymy
is just such an example of a dense paraphrase. We define a
dense paraphrase as follows:

book

In such configurations, the verb is said to “coerce” the NP
argument into an event interpretation. Under such an analysis, the NP may denote a salient event that involves the book
in some way, e.g., reading it, writing it, and so on, perhaps
part of the Qualia Structure of the head. This is schematically
represented above, where the NP the book has been reinterpreted through coercion, as embedded within a relation, R,
and a subsequent event, e, involving the book.
Alternatively, it is possible to view logical metonymy as
a relation between surface forms in the language. This
was, in fact, proposed by (Harris, 1970), where such verbcomplement constructions admitted of multiple paraphrases,
as seen in (4) above. While the coercion model assumes an
underlying semantic type even in the absence of observable

The result of dense paraphrasing over an enriched compositional construction is, therefore, a surface textual realization
of the covert semantic typing responsible for the apparent violation in selection. We see how this is realized computationally in the remainder of the paper.

Related Work
Language representation learning This task is to generate vector representations of natural language text that can be
quantitatively analyzed (Naseem, Razzak, Khan, & Prasad,
2021). The word, as the basic unit of the text, has long
been studied in representation learning. Early methods focus on categorical word representations, such as one-hot encoding, bag-of-words and TF-IDF (Jones, 2004), that can
reflect the frequency and statistical distribution of word tokens from the text. To address the vector sparsity from categorical representations and generate text representations that
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are able to capture more syntactic and semantic information
from the original text fragment, subsequent methods, including word2vec (Mikolov, Chen, Corrado, & Dean, 2013) and
GloVe (Pennington, Socher, & Manning, 2014) use dense
vectors of floating-point numbers to represent different words
(word embeddings). These dense vectors are obtained from
language models that are trained to determine the validity of
a word sequence as a natural sentence.
While a word embedding is capable of capturing some aspects of the meaning of words, it cannot account for the context of each word, e.g., words with the same surface form
are mapped to the same dense vector, even though they may
have different interpretations under different contexts. To
solve this, recent progress on large transformer-based language models such as BERT (Devlin et al., 2019), GPT-2
(Radford et al., 2019), and T5 (Raffel et al., 2020) have been
made to generate contextualized word embeddings where the
same tokens have different meaningful representations from
different contexts. This technique is useful to our work because of its ability to learn the word meanings dynamically
from the entire context. We intend to explore whether it can
also capture the nuances between predicates or arguments
with similar surface forms from logical metonymy.
Logical metonymy Using computational methods to analyze the behavior of logical metonymy is still an underexplored area. Early research (Lapata & Lascarides, 2003;
Shutova, 2009; Zarcone, Utt, & Padó, 2012) framed it as
the problem to identify covert event candidates for the argument from the sentence. Probabilistic models and distributional semantic models have been applied to find event candidates that are semantically compatible with both the predicate verb and argument (McGregor, Jezek, Purver, & Wiggins, 2017). Given the simple sentence structures of the data
that have been used* , these methods mostly focused on finding high-typical event candidates that agree with the predicate, rather than identifying the specific covert event, because of the lack of broader context. A more recent work
(Rambelli, Chersoni, Lenci, Blache, & Huang, 2020) compared the transformer-based and probabilistic models on their
ability to interpret logical metonymy from the same data.
Another work (Gietz & Beekhuizen, 2022) also applied the
transformer-based model to perform a verb prediction task
for complement coercion. However they focused on interpreting the coercion as a form of pragmatic enrichment.
Compared with previous work, we explores the transformer
model, namely BERT, in two modes: 1) we explore the semantic coercion capability of BERT on a newly curated set
of sentences where logical metonymy exists. Our new data
has more complex sentence structure and contains richer contexts; 2) we define a masked completion task for identifying
the appropriate covert event and show the model can be improved on such tasks by exposing more explicitly expressed
* Each sentence has the structure of subject+verb+object, e.g.,
artist begins portrait.

coercive sentences to it. More broadly, our task can be considered in the same vein with other semantic tasks that explore the implicit or underspecified components of a linguistic expression (Roth, Tsarfaty, & Goldberg, 2021).

Task Definition
We define our task as completing sentences where logical
metonymy exists. The goal is to complete a sentence with
its corresponding covert event while maintaining its syntactic
correctness and semantic interpretability. We use the notion
of masking for this completion task, where the [MASK] token
is a proxy for dense paraphrasing. Table 1 shows the masked
sentences with logical metonymy. The token [MASK] needs
to be replaced by the covert event token in the correct form in
a cloze style. This approach is an attempt to discover through
the model and distributional behavior over the corpus what
the likely type being selected by the predicate is.
Table 1: Examples of masked sentences. In each sentence,
the predicate “coerces” its direct noun phrase into the event
interpretation. Column E VENT lists the most plausible event
of each sentence.
M ASKED SENTENCE
If you enjoyed [MASK] this episode, take a minute ...
The toughs calmly finished [MASK] their beers.
... that they would stop bad things from [MASK].

E VENT
listening to
drinking
happening

Data Preparation
In this section we describe the steps taken to build the dataset
for the dense paraphrasing task: 1) we first collect the raw
text from a large crawled textual corpus to ensure that the
data we are using has a wide coverage of both text format
and context that can be scraped from the web; 2) the data is
further preprocessed by first filtering out irrelevant passages
and then creating basic annotations from NLP pipelines; 3)
finally we identify candidate sentences by checking if their
semantic structures allow logical metonymy to exist.
For our task we select five verbs: the verb enjoy and four
verbs from the aspectual class, i.e., verbs that denote a phase
of an event and directly select for that event as their complement (begin, continue, finish, stop). These verbs are selected for two reasons: first, there is a vast literature that converges on the idea that these verbs may activate coercion in
their object argument (Pustejovsky & Bouillon, 1995; Pulman, 1997); second, they are verbs that tend to be monosemous, which allows us to avoid performing verb sense disambiguation, that will be needed for other coercive classes such
as perception verbs, hear and listen.

Data Collection
We draw our source materials from the Colossal Clean
Crawled Corpus (C4) (Raffel et al., 2020), which is a collection of around 750 GB of English-language text based on the
Common Crawl dataset. Web-crawled text data has been used
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for pretraining in various NLP tasks including language modeling (Devlin et al., 2019), summarization (Rush, Chopra, &
Weston, 2015), and machine translation (Luong, Pham, &
Manning, 2015). In the latest, C4 is developed for training
T5 (Raffel et al., 2020), a transformer-based model that can
be applied to many text generation tasks. The extensive usage of C4 and the nature of it being sourced from the public
Common Crawl web scrape ensure its huge volume and various language styles compared to other public datasets, which
provides a “real world” text distribution for our task.

Preprocessing
We adopt a two-stage approach for the data preprocessing.
First, given that only text with coercion are relevant to our
topic, we extract the text pertaining to our task from the C4
by filtering out text spans that do not contain any coercive
verbs we defined above. To make it efficient in computation, we take each passage (separated by the line break in
each C4 document) as our basic text unit, and apply simple
string match to check if a coercive verb or one of its inflections matches partial text from the passage. In this stage we
can produce a coarse-grained subset of passages that match
the coercive verbs. In the second stage, we run the Stanza
pipeline (Qi, Zhang, Zhang, Bolton, & Manning, 2020) that
includes sentence segmentation, tokenization, syntactic parsing, and dependency parsing over each selected passage to
generate its basic linguistic features. Then we run the semantic role labeler (SRL) (Gardner et al., 2017) on each sentence
to get the semantic roles.
In practice, considering the significant amount of bandwidth and computational power for downloading and preparing the dataset, we sample the C4 and apply the preprocessing
approach on four batches of documents, which results in a set
of 362,176 passages (3.5 GB) for further processing.

tences. First, C4 data is preprocessed into passages that contain coercive verbs with linguistic features. Then we examine the syntactic tags and semantic roles of each sentence to
check if it complies to the coercive sentence structure we defined. Finally we use crowd-sourcing to check the plausibility
of the coercive sentences and annotate the covert events.

Coercive Sentence Structure
We focus on the predicate-argument combination and define
two sentence structures where coercion could happen as the
templates to automatically extract data. In the predicateargument pair where coercion exists, the desirable argument
is always an NP. We utilize semantic roles and syntactic features including part-of-speech tags and universal dependencies to only retrieve the predicate-argument pairs where the
arguments are NPs. For example, a sentence like Adriana
always enjoys when there is time for a good photoshoot. is
excluded because the direct argument of enjoy is a (subordinate) clause.
Coercion structure is for sentences where a coercion actually occurs. Each sentence in this structure has at least
a semantic frame with a predicate-argument combination in
which the predicate is a coercive verb and the argument is
an NP (coercive verb + argument). Since the coercive verb
directly “coerces” the argument, we require the argument to
follow the verb immediately. Since sentences with this structure do not have a covert event expressed on the surface, we
refer to them as the IMPLICIT dataset.

Coercion Sentence Extraction

Decontextualized coercion structure Given the extensiveness of our source corpus, we also find a fair amount of
data in which the supposedly hidden event verbs are explicitly shown in the surface structure which we refer to as the
“decontextualization” of coercion. The structures of these
sentences are defined as coercive verb + event verb + argument (or coercive verb + argument + from + event verb for
stop). We start the search by first finding predicate-argument
pairs where the predicate is an event verb and the argument
is still an NP. Later, we examine if there is a coercive verb
that precedes the event verb to complete the triple. For the
verb stop, we adopt a different structure where we first find
the predicate-argument pair of an NP following a coercive
verb immediately. Then we check if there is a “from predicate” pattern in which the predicate is an event verb. We
refer to sentences with this type of structure as the EXPLICIT
dataset, as the latent semantic information are expressed on
the surface where the event verb is the mask token we want
to reveal.

While the preprocessing step can significantly reduce the
amount of the data by filtering out text passages that do not
contain any coercive verb, further steps are still required to
extract real coercive sentences from the left passages. We
adopt a semi-automatic approach for that purpose. Figure
1 shows the complete pipeline for extracting coercive sen-

Table 2 shows the two strategies we design to introduce the
notion of mask into these two datasets respectively. The first
strategy is insertion: place the [MASK] token where the event
verb is omitted, between the coercive verb and the argument.
The second one is replacing: replace the event verb with the
[MASK] token when it is explicit in the surface form.

Figure 1: Pipeline for extracting coercive sentences.

3544

Table 2: Examples of masking strategy
T YPE
I NSERT
R EPLACE

R AW S ENTENCE
Every morning, guests can enjoy a buffet breakfast.
The basket was a nice touch and we enjoyed having the picnic style breakfast.

Annotating Coercive Sentences
Although previous steps can help find I MPLICIT and E X PLICIT sentences in the coercive structure. Human annotation is still required to address limitations of the datasets at
this stage.
Presence of Coercion The IMPLICIT dataset requires manual judgment to decide whether the coercion is present indicating a mismatch between the type of the predicate and
its argument, that is difficult to detect using only semantic
and syntactic features. When an argument is a noun denoting a process, e.g., golfing, even though there is a predicateargument combination with the coercive verb, it can be directly selected by the verb, hence no coercion. Therefore, if
we forcefully insert a filler event verb between the coercive
verb and the argument, the filler verb would not carry any
additional semantic meaning.
Presence of Event Verb To train a model that can predict the hidden event verb in coercion, we need training data
that has the event verb present. Unlike the EXPLICIT data
which already has the event verb present, the IMPLICIT data
still lacks the masked event that is not explicitly shown on the
surface. The reason we are not satisfied with only using one
type of dataset is that we hypothesize that the context provided by the two different types of data may vary in richness.
Consider the following sentences:
(7) a. Alex finished eating the bread.
b. Alex finished the bread her husband baked.
Sentence (7a) has an explicit event verb eating, and the
information of the event eating is conveyed directly by the
word itself. If we mask or remove the event verb, the information associated with the “eating event” disappears, and
there is no way for the model to learn from the context what
the masked part could be, rather than guessing based on the
co-occurrence of verbs and the argument bread. In contrast,
the context in sentence (7b), which does not have an explicit
event verb, tends to be more informative because the hidden
information the event verb supposedly carries is transferred
to other parts of the sentence. Our goal is to have the model
learn the underlying semantics from the context, that the potential event is eating, as shown in (8), instead of cooking as
the event of baking has appeared already and can be used as
a semantic cue:

M ASKED S ENTENCE
Every morning, guests can enjoy [MASK] a buffet breakfast .
The basket was a nice touch and we enjoyed [MASK] the picnic style breakfast.

and insert the [MASK] token either between the coercive verb
and the argument or after the preposition from following the
argument to reconstruct the sentence into its decontextualized
form. The human annotators are asked to: 1) decide if coercion is present in the sentence; and 2) if coercion is present,
provide a most plausible event verb given the context. Table
3 shows the statistics of our final dataset.
Table 3: # of sentences from each dataset per coercive verb.
E XPLICIT
I MPLICIT

ENJOY

BEGIN

STOP

CONTINUE

FINISH

8,876
362

10,823
88

2,904
72

2,858
61

645
134

ALL
26,106
717

Experimental Design
We formulate the interpretation of semantic coercion or logical metonymy as a masked sentence completion task in which
the mask indicates the latent semantic process in the coerced
form. We use the BERT-base-uncased model as our baseline because of its ability of learning contextualized representations of the whole sentence. The pretraining paradigm
for transformer-based models makes BERT a strong baseline
for our task.
We also fine-tune the BERT-base-uncased model with our
I MPLICIT and E XPLICIT coercive sentences to see if extra
data can improve the model performance on our task. We
first decontextualize the coercive sentences by keeping the
covert event verb on the surface in the correct form. Then we
fine-tune the BERT to ingest the semantic relations that underlie these sentences. This training objective aligns perfectly
with the masked language modeling task for BERT pretraining, where random words in the input sentences are substituted by masks and the model will gradually learn to predict
the masked token based on the surrounding context, so it is
natural to frame our training task as a masked language modeling problem. We train BERT using our IMPLICIT dataset,
EXPLICIT dataset, and one that combines both (C OMBINED )
where we randomly masked 20% of all the tokens. We discuss experiment results from the baseline and our fine-tuned
models in the next section.

(8) Alex finished [eating] the bread her husband baked.
Annotation Schema We design a set of annotation
schemas to leverage human judgments to tackle the above
mentioned issues. We follow the insertion masking strategy
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Table 4: Accuracy (%) of models tested on EXPLICIT

ENJOY
BEGIN
CONTINUE
FINISH
STOP

ALL

BASELINE
Acc.@1 Acc.@3
39.97
54.95
32.20
48.67
16.66
35.00
21.52
35.41
28.72
43.97
32.93
48.52

F INE - TUNED -E XP.
Acc.@1 Acc.@3
52.81
68.01
37.87
54.71
38.33
50.00
33.33
47.56
31.91
46.80
41.82
57.48

Count
888
1093
60
288
282
2611

Table 5: Accuracy (%) of models tested on IMPLICIT
ENJOY
BEGIN
CONTINUE
FINISH
STOP

ALL

BASELINE
Acc.@1 Acc.@3
32.83
58.20
31.25
56.25
11.11
44.44
35.00
35.00
44.44
50.00
33.07
52.30

F INE - TUNED -I MP.
Acc.@1 Acc.@3
70.14
92.53
62.50
68.75
66.66
77.77
55.00
70.00
27.77
61.11
60.76
80.76

F INE - TUNED -E XP.
Acc.@1 Acc.@3
47.76
77.61
50.00
68.75
66.66
77.77
45.00
70.00
33.33
55.55
46.92
72.30

Count
67
16
9
20
18
130

Table 6: Accuracy (%) of models tested on C OMBINED
ENJOY
BEGIN
CONTINUE
FINISH
STOP

ALL

BASELINE
Acc.@1 Acc.@3
39.47
55.18
32.19
48.78
15.94
36.23
22.40
35.38
29.66
44.33
32.94
48.70

F INE - TUNED -C OMB .
Acc.@1
Acc.@3
52.77
69.21
38.05
55.27
42.02
53.62
32.79
48.05
32.00
48.66
42.02
58.55

Count
955
1109
69
308
300
2741

Evaluation and Results
To assess the task and the utility of our data, we perform
the evaluation on the models under different experiment settings. We use accuracy as it is the most common metric
for evaluating masked language modeling (LM) tasks. Table 4 shows the performance of the baseline and the model
fine-tuned on the EXPLICIT dataset. The F INE -T UNED -E XP.
outperforms the BASELINE on the overall and the individual
verb performance for both accuracy@1 and accuracy@3. Table 5 shows the model results on the IMPLICIT testset. We
compare the BASELINE with two models fine-tuned on the
IMPLICIT (F INE -T UNED -I MP.) and EXPLICIT data, respectively. Both fine-tuned models outperform the BASELINE, indicating the effectiveness of fine-tuning BERT for our task.
For the verb stop, the accuracy@1 for F INE -T UNED -I MP.
drops compared to BASELINE. By examining the model output, we observed that a large proportion of the mismatch is
due to predicting a semantically similar event verb instead of
an exact match. For example, in sentence He wrote about
how a person’s life is shaped by the world in which they
live in, that there is nothing that one can do to stop events
from [MASK], and that nature is indifferent. The gold is occurring; while the top two predictions ranked by probability
generated by F INE -T UNED -I MP. model are, in order, happening and occurring. If we simply focus on the top one
candidate, the predictions are counted as a mismatch, but,
in fact, the model understands the underlying semantic event
and only ranks a synonym of the ground truth higher. When
we look at the accuracy@3 on stop, the fine-tuned models

Table 7: Accuracy (%) of models tested on CE and L&L used
in (Rambelli et al., 2020)

CE
L&L
ALL

BASELINE
Acc.@1 Acc.@3
27.12
38.98
1.72
6.90
14.53
24.79

F INE - TUNED - COMB .
Acc.@1
Acc.@3
32.20
50.85
17.24
25.86
23.08
38.46

Count
59
58
117

attain higher numbers. It shows that increasing the candidate pool generated by the models would better reflect the
model’s ability to interpret coercion. Table 6 shows the model
results on the COMBINED dataset. Similarly, F INE -T UNED C OMBINED outperforms the BASELINE. Table 5 also shows
that the F INE -T UNED -I MP. model achieves a higher accuracy
than the F INE -T UNED -E XP. model on the IMPLICIT test set.
This supports our hypothesis that the contexts in IMPLICIT
and EXPLICIT differ in richness and may have an impact on
the effectiveness of the training.
To check whether our fine-tuned model can generalize on
new data, we apply the model on the data from (Rambelli et
al., 2020). The two datasets they used, namely CE and L&L
consist of a set of triples of subject, verb and object, and a
set candidates events for a triple. We convert each triple to a
masked sentence that can be consumed into our model, and
use the candidate event with the highest probability as the
gold answer. For example, the triple (customer, start, dinner)
is converted to customer starts [MASK] dinner with the gold
answer as eating. Table 7 shows the results on CE and L&L
datasets. The low performance of the BASELINE in our experiment further confirms their findings that interpreting logical
metonymy is a challenging task. Compared to the BASELINE,
however, the F INE - TUNED - COMBINED model improves the
accuracy on both datasets by a large margin, indicating the
transferability of our model to new coercive sentences. The
overall result on CE and L&L is lower than that on our data
(Table 6) due to the lack of context from the coercive triples,
thus making it more difficult for the BERT model to generate
the most plausible answers.

Discussion
In this paper, we show how the behavior of one class
of type coercion, logical metonymy, can be captured with
transformer-based architectures, using a theory of dense
paraphrasing. Adopting the general view of compositionality outlined in (Pustejovsky, 1995), this theory proposes that
sets of surface paraphrases act as the signature for a semantic
type. When collected, these surface forms can be used as a
dataset to then fine-tune an attention-based architecture.
For semantic theories that adopt “enriched compositional”
mechanisms (Pustejovsky, 1995; Jackendoff, 1997), syntactic
variation in argument position (polymorphism) is due to the
application of covert (to the surface form) coercion operations
that license syntactic realizations for a semantic type that is
required by a predicate; i.e., the canonical syntactic forms for
a semantic type.
Our results show that logical metonymy is a challenging
task even to large pretrained models. However the results
also show that the model can be substantially improved by
fine-tuning through dense paraphrasing and generalize well
on new data at the same time. We are currently expanding
the model to include verb classes and coercion contexts well
beyond the five pilot verbs studied here. The theoretical foundations for dense paraphrasing are developed in (Pustejovsky
& Jezek, 2023).
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Abstract
Temporal Binding (TB) is standardly regarded as an implicit
measure of the sense of agency (Haggard, 2017). Though the
TB effect is robust, an underlying mechanism has not been
agreed upon (Hoerl et al., 2020). Here we propose a memory
process as an explanation for the observed error in two publicly
available datasets. We first replotted the data and found that on
average, across both experiments, participants overestimate the
length of the shortest timing interval and underestimate the
longest interval, a classic regression to the mean pattern.
Summary statistics extracted from the data from each
experiment were then used as parameters in a simple Bayesian
model of memory. Model simulations reproduced the
behavioral data for almost all timing intervals and
experimental trial-types across two experiments. Adjusting
one of the parameters in the model (prior mean for actions)
resulted in an improved qualitative fit. We suggest that other
more likely sources of error, apart from experienced agency,
may account for this result.
Keywords: temporal binding; Bayesian models of cognition;
sense of agency; memory

Introduction
The sense of agency is defined as the feeling of control over
our actions and their associated consequences (Haggard,
2017). Though this experience can be assessed explicitly by
asking individuals to report their feelings of control over
outcomes in their environment (Daprati et al., 1997; Metcalfe
et al., 2013; Metcalfe & Greene, 2007; Spengler et al., 2009),
it has also been assessed implicitly via measures like
temporal (also sometimes referred to as “intentional”)
binding. Temporal binding is the perceived subjective
compression of the timing interval between a voluntary
action and its associated outcome.
Temporal binding is often (though not exclusively – see
Haggard et al. (2002)) measured using a timing estimation
method known as interval estimation (e.g., Caspar et al.,
2016; Engbert et al., 2008; Fereday et al., 2019; Obhi et al.,
2013; Pfister et al., 2014; Seghezzi & Zapparoli, 2020; Zhao
et al., 2016). In the prototypical voluntary action trial,
participants are asked to perform an intentional voluntary
action, e.g., a button press, which triggers a tone 250ms later.
At the end of each trial, participants are asked to freely recall
their best estimation (in milliseconds) of the length of the
interval that elapsed between the two events. This trial-type
is typically compared to a baseline, observational (a.k.a.
passive) condition where participants (most commonly) hear
two computer-generated tones separated by 250ms and are

again asked to recall the interval that elapsed between the two
events. Participants, on average, show increased compression
of the interval between events in the voluntary action
condition compared to the baseline, which is referred to as
the temporal binding effect.
Since the original report (Haggard et al., 2002), the effect
has more than 200 reported replications across multiple
distinct timing estimation methods (e.g., Barlas & Kopp,
2018; Berberian et al., 2012; Cavazzana et al., 2014;
Takahata et al., 2012; see Tanaka et al., 2019 for a review).
Several mechanisms have been proposed to explain this
effect, though no consensus has been reached (Hoerl et al.,
2020). Initially, binding was thought to be specific to
voluntary actions and so a pre-reflective motor mechanism
was proposed (Haggard et al., 2002). This account posits that
an implicit “feeling of control” yields temporal binding, a
process that is thought to be driven by a motor control system
that does not require conscious reflection.
However, there have been reported instances where
binding is present in passive/observational (Graham-Schmidt
et al., 2016, other condition; Humphreys & Buehner, 2010;
Poonian et al., 2015; Suzuki et al., 2019) as well as
involuntary actions (Borhani et al., 2017; Buehner, 2015;
Graham-Schmidt et al., 2016, passive condition; Kirsch et al.,
2019). As a result, another account proposes that the
perceived causality between two events can by itself elicit
binding. Importantly, this account predicts that binding can
occur with cause/effect pairs that do not involve
intentionality or voluntary motor action (Hoerl et al., 2020).
More recently, cue integration, borrowed from perception
research (Lush et al., 2019; Moore & Fletcher, 2012), has
been suggested as a potential mechanism underlying the
binding effect. Cue integration is the process by which an
observer combines information associated with multiple cues
from different domains to decrease error in perception. The
cues are weighted differentially based on the perceptual
certainty associated with each. For example, in the voluntary
action case, the timing of the button press has more
perceptual certainty compared to the timing of the first tone
in the baseline trials (i.e., participants can control the timing
of their voluntary actions which increases certainty compared
to the occurrence of the first tone in the baseline condition
which they do not control). Therefore, the estimation of the
outcome is pulled toward the event with higher perceptual
certainty which can explain the observed compression seen
in binding. A Bayesian process has been suggested as a
potential mechanism for optimally combining the
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Figure 1: Reproduced results from Weller et al. (2020) experiment 3A (left) and 3B (right) publicly available datasets.
Bars depict average raw estimations by trial-type across intervals. Horizontal dotted black lines indicate average baseline
error estimates for each timing interval.
information from these varying cues (Moore & Fletcher,
2012).
Within this literature, a common assumption is that
temporal binding is an implicit marker of agency. Therefore,
the proposed accounts attempt to explain the effect by
looking at the differences in potential agency between
experimental conditions. However, these differences may not
be related to agency.
To see this, consider the fact that at its core, the interval
estimation task is a free recall task in which, regardless of
trial-type, participants are asked to encode a time interval
between two events and then recall their estimation of that
interval at the end of each trial. Approaching the problem
from the perspective of memory opens the possibility that the
effect may be explained, for example, by differences in how
participants encode information across trials, regardless of
agency. Therefore, the contribution of memory to the
observed binding patterns should be assessed.
Here we suggest that a simple memory mechanism can
entirely account for the results reported in two publicly
available temporal binding experiments (Weller et al., 2020,
experiment 3A and 3B). We first demonstrate that when
replotting the data as a function of the error (or bias from the
objective timing) in the participants’ interval estimates, a
classic regression to the mean pattern appears. This is
important, as regression to the mean is a well-known pattern
in time perception and memory. For example, Vierordt’s law
is a well-established regression effect in time perception
where participants tend to overestimate short durations and
underestimate long durations (Lejeune & Wearden, 2009).
What’s more, Huttenlocher et al. (2000) reported results
from memory experiments where participants learned to
represent a distribution over a particular stimulus feature
(e.g., sizes of fish) and then regressed to the mean of that
distribution when recalling. Here, we propose that
participants might be doing the same thing in the temporal
estimation task. To find out, we simulated observed results
using the same Bayesian rational memory model that has

been successfully implemented in other studies (Huttenlocher
et al., 2000; Hemmer et al., 2015; Persaud & Hemmer, 2014).
These results show, for the first time in the temporal binding
literature, that we can qualitatively account for the pattern of
results in two temporal binding studies with a memory
mechanism and, importantly, without appealing to agency or
causal inference as additional underlying mechanisms.

Data Sets
The data described here come from a publicly available paper
(Weller et al., 2020, experiments 3A and 3B). Code for all
analysis, figures, and supplementary material included in this
paper are also publicly available (https://osf.io/juh5y/). A
detailed description of the experimental method and
procedure can be found in the supplementary material as well
as in the original Weller et al. (2020) paper.
Here we briefly describe the procedure for both
experiments 3A and 3B. Both experiments included three
trial-types: action, non-action, and baseline. At the beginning
of each trial, participants were asked to choose between an
action and a non-action which would each produce distinct
outcomes. In the non-action trials, participants chose not to
act and a default outcome would occur, whereas in the action
trials, participants acted (i.e., pressed a button at a timing of
their choosing) to change the default outcome. Note that a
participant could in principle choose not to act on any trials.
However, only participants with a minimum of five or more
observations per cell were included in the final analysis.
At the end of each trial, regardless of which type,
participants were asked to recall and report their estimate of
the interval between two events in milliseconds using a visual
analog scale presented on-screen. There was also a baseline
trial-type which was completely passive (i.e., no initial
decision to act or not) and was compared to the other two
trial-types. Three different time intervals were used between
events (100ms, 400ms, and 700ms in 3A; 300ms, 500ms, and
700ms in 3B). The presentation of these intervals was
randomized across the different blocks of trials. Data
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Figure 2: Regression lines by experimental trial-type for Weller et al. (2020) experiment 3A (left) and 3B (right). Plots
indicate average error (objective value subtracted from the average subjective estimation) of each interval across
experimental trial-types. In experiment 3A, the slope for actions is significantly steeper compared to the other trial-types
driven by larger average underestimation at the longest timing interval. For experiment 3B, the general pattern across trialtypes is similar to results from experiment 3A though there are qualitatively larger differences in slopes across conditions
indicating more noise in the memory process.
presented here are from 27 participants from experiment 3A
and 40 participants from experiment 3B.
In the original publication (Weller et al., 2020), the authors
compared trial-type and delay, and reported two significant
results for experiment 3A: actions compared to baseline at the
700ms interval and non-actions compared to baseline at the
400ms interval. There were also two significant results for
experiment 3B: actions compared to baseline at the 700ms
interval and non-actions compared to baseline at the 700ms
interval. No other comparisons were significant. From these
results, the authors concluded that “temporal binding ha[d]
[also] emerged for non-actions”.
Figure 1 depicts the average raw estimation across the three
trial-types (actions, non-actions, and baseline) and across the
three different timing intervals used. These plots show a
qualitative reproduction of the published results.

Reanalysis
We re-analyzed, replotted, and simulated the original results
after using exclusion criteria reported in the published paper.
While we sought to reproduce and present the data exactly as
Weller et al. (2020) published them, our reanalysis did
produce some minor differences in the total number of trials
removed due to exclusionary criteria. Our reanalysis removed
a total of 2.63% of trials due to error or SD criteria from the
data for experiment 3A and a total of 2.46% of trials from the
data for experiment 3B which are comparable to those
reported in the paper (2.1% and 2.2% of trials in 3A and 3B,
respectively).
To evaluate the regression effect, we first replotted the raw
estimates as error, or the difference between the average
estimates and the objective timing at that interval. The
regression pattern can clearly be seen in Figure 2 for
experiments 3A and 3B. There is a consistent overestimation
of the shortest interval (i.e., the value below the overall mean
across intervals) and underestimation of the longest timing

interval (i.e., the value above the overall mean) across both
experiments. All regression lines have a negative slope across
the three intervals and are significantly different from zero
(p < 0.05).
Note that sequential dependencies (i.e., the influence of a
characteristic of the stimulus immediately prior to the current
stimulus on the recall of the current stimulus) have been
suggested as a potential cause of the regression pattern that is
typically seen in memory experiments (Sailor & Antoine,
2005). An important step was to ensure that this pattern of
results cannot be explained by the effect of sequential
dependencies.
To that end, we first separated the trials into three groups:
cases where the previous trial’s interval was longer than the
current trial, cases where the previous trial’s interval was
shorter than the current trial, and cases where the previous
trial’s interval was the same as the current trial. In cases
where the interval in the previous trial was shorter, we expect
to see underestimation since the response will be drawn
toward the shorter interval in the previous trial. We expect to
see the opposite case when the previous trial’s interval was
longer. The most informative case is when the previous trial’s
interval was the same as the current trial. If the error
disappears on these trials, this would suggest that sequential
dependencies on the other trial types are driving the aggregate
effect. However, if the error remains, a different explanation
is in order.
We completed this analysis by plotting the frequency of all
error across participants for cases where the previous trial’s
interval was the same. We further split this data into three
subsets (over length of intervals) and calculated the mean at
each interval. We also completed Bayesian paired samples ttests evaluating whether these means differed significantly
from the overall means for each interval length. These
analyses provided evidence in favor of the null hypothesis
and confirmed that sequential dependencies do not account
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Figure 3: Results of the Bayesian memory model simulation (including 95% CIs) for experiment 3A (top row) and experiment
3B (bottom row) across experimental trial types. Model parameters extracted from the data using overall averages for prior
mean and variance as well as memory noise value based on overall standard deviation from each experimental condition.
Model qualitatively fits well for all intervals and trial-types across both experiments except for action trials in experiment 3B.
for this pattern of results (see Tables S1 and S2 in
supplementary material for more detailed information). That
is, the regression pattern remained for the “same as current”
trials.

A Bayesian Model of Memory
Next, we used a Bayesian rational memory model to simulate
the results from experiments 3A and 3B. As previously
mentioned, our goal for implementing this model in this
context was to provide a plausible alternative explanation for
interval timing in this context. We planned to evaluate
whether a memory mechanism could account for this pattern
of results without appealing to the influence of experienced
agency. The model we use here is based on the Bayesian
models reported in Huttenlocher (1991, 2000) as well as
Hemmer and Steyvers (2009). This simple Bayesian memory
model assumes that recall is a combination of noisy memory
traces and prior expectations of interval lengths learned
across the trials.
In the Weller et al. (2020) experiments, an observer is faced
with the task of recalling features of a study stimulus (e.g.,
estimating a time interval). The observer’s goal is to
reconstruct the original study stimulus feature 𝜃 using noisy
samples 𝑦 retrieved from memory. Bayes’ rule gives a
principled method for combining prior expectations and
evidence from memory to calculate the posterior probability,
𝑝(𝜃|𝑦) ∝ 𝑝(𝑦|𝜃)𝑝(𝜃)

Eq (1)

The posterior probability 𝑝(𝜃|𝑦) describes how likely
attribute values 𝜃 are given the noisy memory contents 𝑦 and

prior expectations about the attributes. Suppose the feature
values of the stimulus are Gaussian distributed,
𝜃 ~ Ν(𝜇∗ , 𝜏 ∗ ), where 𝜇∗ and 𝜏 ∗ are the prior mean and
precision of the feature values. Further suppose that the
samples y being drawn from memory have a Gaussian noise
distribution centered on the original studied value,
𝑦 ~ Ν(𝜃, 𝜓). The variance of the noise process, 𝜓,
determines the resemblance of the stored representations to
the original feature of the study stimulus. Suppose the
observer also has some expectations about the general
distribution of attributes, 𝜃 ~ 𝑁(𝜇, 𝜏). This distribution
corresponds to the prior in the observer’s memory model and
assumes that the observer has learned the environmental
statistics which can be used as a proxy for the prior in the
observer’s model. That is, 𝜇 = 𝜇 ∗ and 𝜏 = 𝜏 ∗. Bayesian
techniques can now be used to calculate the posterior
distribution:
𝜓𝑦+𝜇𝜏
𝜃|𝑦, 𝜓, 𝜇, 𝜏 ~ N (
, 𝜓 + 𝜏)
Eq (2)
𝜓+𝜏

The mean of the recalled stimulus values (e.g., time
intervals) is a weighted linear combination of the prior mean
𝜇 and the mean of memory content 𝑦. The prior mean 𝜇 is
weighted more heavily when the prior has a higher precision
(𝜏) or when the memory noise increases. This corresponds to
the intuition that if the prior is strong, it will exert a strong
influence. Similarly, if memory contents are very noisy, the
prior will also exert a strong influence. This linear
combination explicitly predicts the regression pattern that is
well-known in memory.

3552

Simulation Results
We applied this simple Bayesian rational model of memory
described above to the Weller et al. (2020) data. The goal of
this analysis was to compare the predictions of the Bayesian
model of memory and the empirical data at a qualitative level.
In the model, the priors were based directly on the
environmental statistics, i.e., the average over subjective
estimates. However, rather than hand fitting the parameters
ad hoc, we used the summary statistics from the experimental
data as parameter input. For the prior in Eq. 2, we used
distinct mean μ and precision τ values corresponding to the
overall error values from each experiment (μ = 454.78ms
[overall mu] and τ = 91.11ms [overall SD] for experiment 3A
and μ = 448.72ms [overall mu] and τ = 97.95ms [overall SD]
for experiment 3B). Furthermore, we assumed the same prior
and memory noise setting for all participants (i.e., no
individual variation). We chose to use prior parameter values
extracted from aggregate participant responses as we
assumed that participants learned the mean of the intervals
over the course of the experiment. We felt this choice was
appropriate considering there is evidence to suggest that
priors are learned early in an experiment (Berniker et al.,
2010). We also completed simulations using the mean of the
stimulus feature (μ = 400ms for EXP 3A and μ = 500ms for
EXP 3B) and did not find a substantial difference in
qualitative fit (See Supplemental Material for more details).
For the memory precision ψ, we used a value of 90, which is
based on the overall standard deviation of timing estimates in
the experimental data (while it is technically unitless, this
value could be interpreted in milliseconds). We obtained
1000 samples for each distribution and simulated the same
number of participants, trials, and time intervals that were
used in each experiment. The model simulated raw
participant estimations for each trial which were then used to
calculate the bias on each trial. Figure 3 depicts the simulated
responses compared to those obtained from participants in the
Weller et al. (2020) study. The triangles represent the
maximum a posteriori (MAP) estimates from the posterior
predictive recall distribution simulated from the model with
a 95% CI around each simulated mean.
For both simulated and observed responses, the results
show effects of the prior (i.e., the overall mean across
intervals). For experiment 3A, Figure 3 (top row) shows that
the model qualitatively simulates the overall effect. The time
intervals that are shorter than the mean of time intervals (i.e.,
400ms) are overestimated while the time interval that is
longer than the mean is underestimated. The model
qualitatively fits best for actions and non-actions while
under- and over-estimating the error in the 400 and 700ms
timing interval baseline trials, respectively. For experiment
3B, Figure 3 (bottom row) shows that the model provides an
excellent fit for baseline and non-action trials though
interestingly, it does not fit action trials as well.
This last result appears to be due to a substantially different
y-intercept value in the regression line which suggests that
the parameter values used in the model for action trials in this
experiment are not likely the ones participants used. It is

Figure 4: Bayesian memory model simulation results
(including 95% CIs) for Weller et al. (2020) experiment
3B action trials. Decreasing the value of the prior mean
parameter for action trials only improved the overall
qualitative fit of the model to the trial data. This indicates
that participants may have used a different prior mean
when making estimations during action trials in this task.
plausible that there may be more memory noise in the
memory process for these trials compared to the baseline
trials. It could also be that participants used a different prior
mean or variance to make their estimates for these trials. To
assess this, we tested larger and smaller memory noise values
without changing the prior parameter values which did not
improve the qualitative fit (see Supplemental Material Figure
S2). We then varied the prior mean parameter value in the
model and found that a value of 350 (slightly smaller than the
448.72ms value used for the simulations in Figure 3)
improved the fit substantially (see Figure 4).

Discussion
We investigated whether a memory process could explain the
pattern of results reported in two publicly available temporal
binding datasets. After replotting the raw estimations of
timing intervals as error (or the difference between the
estimations and the objective timing), a clear regression
pattern emerged. We implemented a well-established
Bayesian rational memory model and found that the model
qualitatively simulates the experimental data across three
different trial types. Using parameter values extracted from
the data resulted in a good qualitative fit across all intervals
and trial-types in experiment 3A. The model also produced a
good qualitative fit for non-action and baseline trials but did
not produce as good a qualitative fit for action trials in
experiment 3B.
The improved fit using a lower value for the prior mean
parameter suggests that participants may be regressing to a
shorter interval length when recalling estimations after action
trials as compared to other trials in the experiment. This could
be because participants perceive the time between their
actions and the outcomes as shorter than in the other trials
which may be due to an increase in perceived agency in these
trials.
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A simpler and more likely explanation may be that
encoding is different in the action trials compared to the
nonaction and baseline trials. The presence of the action may
be more distracting which would increase the error in the
initialization of the timing process. There may also be
increased noise in the recall process which was reflected in
an increased standard deviation for actions (SD = 115.57ms)
compared to nonaction (SD = 100.29ms) and baseline (SD =
78ms) trials. However, these explanations are not entirely
satisfactory, as the model fit is qualitatively better for
experiment 3A compared to experiment 3B and there is no
perceptual difference between the conditions in terms of
agency or encoding across the experiments. This may
represent a superficial and idiosyncratic feature of the
experiment rather than the reflection of something deeper.
We acknowledge that this is also not a satisfactory
explanation and recognize it as an area for future research.
Relatedly, the aggregated results across the studies also
suggest that the range of intervals used in the experiment may
have some effect on the pattern of errors. In experiment 3A,
the range of possible intervals was larger than in experiment
3B. Though the overall regression pattern was still the same,
the directionality of the average error was switched at the
middle timing interval: overestimation in 3A and
underestimation in 3B. At first blush, this seems like a
perplexing result. However, one should note that the overall
average estimation value was close to the midpoint of the
visual response scale: approximately 450ms for both studies
(454ms for 3A and 448ms for 3B). This suggests that there
may be a more general, environmental prior that participants
are using to make estimations in these experiments or that
they are being influenced by the range of responses presented
to them. This could explain the reversal in directionality of
the error for the middle timing interval across the two
experiments. It is also possible that the length of the general
prior differs depending on the type of action or the outcome
modality. Finding out requires further investigation.
The iteration of the model reported here assumed that all
participants used the same parameter values to make their
estimations. This is obviously an oversimplification and
represents a limitation in our implementation as it is likely
that the prior mean, variance, and memory noise values differ
from person to person. Future iterations of the model will
allow us to uncover individual differences in these
parameters which may elucidate these results.
Our model fits well with other models of time perception.
Specifically, the idea that memory may be a significant
influence for interval timing (and recall) is not new
(Addyman et al., 2011; Addyman & Mareschal, 2014;
Fountas & Zakharov, 2022; Jazayeri & Shadlen, 2010). The
novel contribution of our work lies in the application of this
simple Bayesian memory model in the context of temporal
binding as well as our suggestion that memory can account
for an effect commonly attributed to agency. We recognize
that this is not a novel concept in the time perception
literature more broadly and as such more complex models
could also be incorporated in future work.

Importantly, we also acknowledge that this model does not
necessarily exclude agency as a potential influence on the TB
effect. It could be that the mediating factor for a smaller prior
mean for actions is an increase in perceived agency, though
this seems unlikely since this result did not replicate across
the experiments. Though the relationship between agency
and binding remains unclear (Klaffehn et al., 2021; Suzuki et
al., 2019), one could speculate that when participants perform
voluntary actions, this may be preceded by a prior
expectation based on their experience that they can use to
make predictions or explicitly recall time intervals. Such
intervals may have developed as a result of their experienced
agency (i.e., “I expect an immediate interval in cases where I
feel in control”), or it may be that the intervals determine their
experienced agency (i.e., “if something happened that
quickly after my action then I must have caused it”).
Determining the answers to these intriguing questions will
require further research.
Additionally, it is important to note that our model is
compatible with approaches based on cue integration. These
approaches do not specify a memory process though one is
necessary to explain the results in a temporal binding task.
Cue integration attempts to explain the process by which an
individual optimally encodes and combines information from
multiple sources. Furthermore, it has been suggested that a
Bayesian process may explain how this is accomplished
thereby allowing us to experience agency (Legaspi &
Toyoizumi, 2019; Moore & Fletcher, 2012). Though it
remains unclear how cue integration can account for all
aspects of the binding effect (Wolpe et al., 2013), our model
could act as an extension to existing cue integration
approaches. In this combined model, memory content would
be updated using the cue integration process and then later
combined with the prior mean and variance and memory
noise parameter values in our model (using the linear
weighted combination) to arrive at an estimate of the interval
on each trial. This provides another interesting avenue for
future research.
Here we have provided evidence for a novel explanation of
the temporal binding effect. Approaching binding from the
perspective of memory allows us to account for the effect as
(partially) epiphenomenal. Although the role of memory does
not preclude that agency may also be involved, it needs to be
fully accounted for before claims about agentic processes can
be made. This perspective opens new avenues of research
regarding the role of memory in temporal binding tasks and
in our everyday experiences of control.
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Abstract

al., 2013). For example, while constructionist and appraisal
theories of emotion differ in a number of respects, they share
an understanding that differences between emotions are
related to differences in the evaluations of the situations that
give rise to those emotions.
In one study in this vein, Skerry and Saxe (2015)
demonstrated that representations of emotion concepts, at
both a behavioral and neural level, are best explained by a
multidimensional space constructed by appraisal features.
Therefore, these features may provide an important clue in
understanding how people represent emotion concepts in
relation to one another. Another study demonstrated that our
conceptual knowledge of different emotion categories is
mirrored by inferences we make about emotions from facial
expressions – i.e., the more conceptually different two
emotions are, the more different two facial emotions are
perceived to be (Brooks & Freeman, 2018).

A question that has long interested cognitive scientists is how to
best represent the different emotions we experience and attribute
to others. For example, constructionist and appraisal theories
propose that differences between emotions can be captured in part
by their variation along a set of appraisal dimensions. More
recently, researchers have used language models to capture the
differences across different emotion terms. Both approaches
allow us to represent emotions as occupying different locations in
high-dimensional representational spaces. To ask how well these
different approaches capture the similarity between emotion
concepts, we collected pairwise similarity and appraisal feature
ratings for 58 different emotion concepts and then employed
representational similarity analysis to investigate the overlap
between people’s pairwise similarity judgments and emotion
similarity in a 14-dimensional appraisal space and three word
embedding spaces from two word2vec models (300 dimensions)
and the newer GPT-3 model (12288 dimensions). The results
indicate that while there is a high correlation between appraisal
feature-based similarity and pairwise similarity judgments, word
embedding-based similarity exhibits lower correlations, though
GPT-3 showed much better performance than the word2vec
models. Finally, characterizing the errors made by word
embedding models showed that they can be largely attributed to
an over-reliance on the valence of emotion concepts.

Representing Emotions using Natural Language
Processing

Keywords: emotion, concepts, representational similarity,
appraisal, natural language processing, word2vec, GPT-3

Representation of Emotion
Humans use hundreds of different words to describe
emotions. Like many concepts, emotion concepts can be
thought of in terms of a network of associations; for example,
‘elation’ is more closely associated with ‘joy’ than with
‘disgust’. Some of the fundamental questions in emotion
research relate to the dimensionality and structure of emotion
concepts, and what dimensions or categories might best
describe them. For example, can the similarity and
differences across concepts be described by a small number
of dimensions (i.e., valence and arousal), emotion categories,
or situational evaluations of perceived harms, benefits,
intentions, and coping resources?
A great deal of research has pursued answers to these
questions, with different theorists taking similar positions on
some aspects but strongly diverging on others (for reviews of
different emotion theories, see Barrett, 2016; Ekman et al.,
1983; Ellsworth, 1994; Gendron & Barrett, 2009; Moore et

In a separate line of research that has recently been
developing in parallel, there has been a growing interest in
asking how language models developed by NLP researchers
can capture the similarity and differences in the semantics of
different emotion terms (see, e.g., Seyeditabari et al., 2019).
In one recent paper, for example, Jackson and colleagues
(2019) argued for differences in the meaning of emotion
terms across different languages on the basis of an analysis
of co-lexification of emotion terms.

Present Research
In this paper, we ask how well these different approaches
capture the reported similarity between emotion concepts.
We collected pairwise similarity and 14 appraisal feature
ratings for 58 different emotion concepts and then
investigated the relationship between pairwise similarity
judgments and pairs of emotion similarity in a 14dimensional appraisal space and the three word embedding
spaces: two word2vec models trained on two independent
corpora, and the more recent GPT-3 model (3rd generation
Generative Pre-trained Transformer).
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Figure 1. Similarity matrix with hierarchical clustering for all 58 emotions from the pairwise similarity judgment task.
To analyze the relationship between people’s pairwise
similarity judgments and the similarity of emotions in
appraisal and word embedding spaces, we utilized an
analytical technique called representational similarity
analysis (RSA; see Kriegeskorte et al., 2008 for more on this
technique). This approach uses the 2nd-order isomorphic
representation (i.e., measures of similarity such as correlation
or distance) and therefore, allows us to investigate the
relationships between measures in different spaces. This can
reveal unique and shared structures across distinct spaces that
would otherwise be difficult to uncover using independent
analyses within each space. Critically, for our purposes, it
allows us to test whether the extent to which any two
emotions are similar to one another in one space (e.g.,
pairwise judgments) is predicted by how related those
emotions are to each other in another space (e.g., a wordembedding space). In turn, it also allows to test what’s unique
in one space and shared across multiple spaces in terms of
emotion representation.
While the relationship between any two emotions will
likely be sensitive to contextual features, we used simple

pairwise comparisons between emotion concepts as a broad
estimate of how people represent those emotion concepts in
the absence of any particular context (see Brooks & Freeman,
2018; Brooks et al., 2019 for a similar approach). We then
asked how the other two types of similarity, derived from
appraisal features and word embedding, differ from people’s
pairwise similarity judgments. Finally, we also investigated
whether any of the appraisal features we explored can explain
discrepancies between pairwise and word embedding-based
similarity to shed light on how word embedding models may
represent emotion differently than humans.

1
Following are the 58 emotion concepts used in this study:
amusement, anger, annoyance, anxiety, apprehension, awe,

awkwardness, boredom, calmness, comfortableness, confusion,
contempt, contentment, despair, desperation, devastation,
disappointment,
discomfortableness,
disgust,
elation,

Methods
Study materials
Emotion concept words We sought to include as many
common English emotion concepts as we could. In total, we
included 58 English terms 1 which are relatively frequently
used to describe emotional states, including ones retrieved
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from prior studies involving emotion terms (Cowen et al.,
2018; O'Reilly & Lundquist, 2016 (EU-Emotion Stimulus
Set); Skerry & Saxe, 2014; Tottenham et al., 2009 (NimStim);
Gross & Levenson, 1995; Watson, Clark, & Tellegen, 1988
(Positive and Negative Affect Schedule); Scherer, 2005
(Geneva Emotion Wheel)).
Appraisal features 14 appraisal features were sampled
from previous research that investigated the impact of a set
of appraisal features on emotion experience and perception
(Cowen & Keltner, 2017; Ellsworth, 2013; Scherer &
Meuleman, 2013; Skerry & Saxe, 2014). These features were
selected based on their broad relevance to the emotion
concepts included in this study. They include the following
appraisal dimensions: valence, seeing vs. imagining,
foreground vs. background experience, embodiment,
duration, directionality, physical danger, relevance to oneself,
attention, disease and contamination, morality, avoidance vs.
approach, social appropriateness, and controllability.
Word embeddings Word embeddings of all 58 emotion
concepts were extracted from three pre-trained NLP models:
two word2vec models trained on Google news (Mikolov et
al., 2013) and Wikipedia (Fare et al., 2017), and the recent
GPT-3 model, accessed through OpenAI’s API (Davinci;
Brown et al., 2020). Both word2vec models consist of 300
dimensions and the training data corpus was aggregated in
the years of 2013 and 2019, respectively. The GPT-3 model
includes 12288 dimensions and is trained on a vast range of
internet data, including a filtered version of Common Crawl
with 410 billion tokens.

Figure 2. Correlation between pairwise similarity and
appraisal feature-based similarity.
ratings (“based on your experience, how much is [description of
appraisal feature] relevant for whether you experience [emotion]?”;
see Online Supplements for full list) of 1 of the 14 appraisal

features and asked to rate 30 different emotion concepts,
randomly sampled from the full set of 58 emotion concepts.
The relevance score for each emotion-appraisal feature pair
was again calculated by simply taking the mean of all
participants' ratings.

Results

Study design
Emotion concept words We recruited 1288 participants
(839 for the pairwise similarity judgment task (Mage = 40.01,
SDage = 13.69, Nfemale = 427), 419 for the appraisal feature
rating task (Mage = 39.57, SDage = 11.63, Nfemale = 205)) via
Amazon Mechanical Turk and Prolific.

Common and distinct representation of emotion
concepts across three representational spaces

Online surveys
For pairwise similarity judgments,
participants were presented with a pair of two emotion
concepts and asked to rate the similarity between them on a
scale from 0 (very different) to 100 (very similar). These pairs
were randomly selected from all possible pairs of the 58
emotion concepts (1171 pairs including same-concepts pairs).
Each participant was asked to rate the similarity of 30 pairs
of emotions, randomly sampled from all possible pairs. The
similarity value for each pair was calculated by taking the
mean of all participants’ similarity ratings for that pair.
Ratings of each of the 58 emotion concepts along 14
appraisal features were collected in a separate survey, with
each participant randomly assigned to provide relevance

We investigated the similarity structure uncovered by each
measure and the overlap between them. Our approach was to
construct similarity matrices of emotion concepts using (1)
the direct pairwise judgments, (2) the 14 appraisal feature
ratings, and (3-5) word embeddings from the two word2vec
models and embeddings from GPT-3. To measure similarity,
we used Euclidean distance for the 14 appraisal feature
ratings and used cosine similarity for word embeddings
between emotion concepts. The pairs between the same
concepts were excluded in the analysis and all measures were
rescaled to range from 0 to 1. See Figure 1 for an illustration
of the similarity matrix for pairwise similarity judgments. We
then calculated the correlations between these five similarity
matrices and tested how well the feature-based and word
embedding-based similarity predicts the pairwise similarity
as well as how similar they are to each other. Spearman’s
rank correlations were used, and significance was assessed

embarrassment, envy, exasperation, excitement, fear, frustration,
fury, gratefulness, guilt, happiness, hope, hopelessness, horror, hurt,
inspiration, jealousy, joy, longing, love, nostalgia, peace, pride,

protectiveness, regret,
relaxedness, relief,
resentment,
romanticness, sadness, satisfaction, sereneness, shame, surprise,
sympathy, terror, triumph, unhappiness, worry.
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with permutation tests (5000 permutations of randomly
shuffling the labels of one of the similarity matrices).
Pairwise and appraisal representational similarity We
first asked how much common structure there was between
emotion concepts in the 14-dimensional appraisal feature
space and our baseline pairwise similarity judgments. The
results indicate a large overlap between the similarity
structures revealed by the pairwise and feature-based
similarity (r = .79, p < .001), see Figure 2. This notable
amount of overlap suggests that both approaches recover a
common underlying structure in the way that the 58 emotion
concepts are represented.
Representational similarity within NLP models Next, we
compared the similarity of all of the 58 emotion concepts
across the three NLP models: two word2vec models trained
on different corpora and GPT-3. This analysis revealed a high
correlation between the two word2vec models (r = .69, p
< .001) and a lower correlation between the two word2vec
and GPT-3 (Google news: r = .33, p < .001; Wikipedia: r =
0.37, p < .001). These results suggest that while the two
word2vec models converge on a common underlying
structure recovered from the different corpora they were
trained on, GPT-3’s representation of emotion concepts
differed substantially.
Pairwise and word embedding representational similarity
Lastly, we asked how much common structure was shared
between these NLP models and people’s pairwise similarity
judgments (see Figure 3). The word2vec models had a
relatively low correlation with the pairwise similarity
(Google news: r = .34, p < .001; Wikipedia: r = .35, p < .001).
In contrast, GPT-3 similarity showed a quite high correlation,
r = 0.74, p < .001), though it was still lower than the 14dimension appraisal feature similarity. Given the varying
room for improvement across these three word-embedding
models, we next asked whether we could uncover any
systematicity in the errors made by these models.

Capturing the difference between pairwise
similarity and word embedding similarity
To understand how word embedding models are differing
from human emotion concept representation, we next
conducted a linear regression with the pairwise similarity as
dependent variable and the word embedding-based similarity
as predictor and extracted the signed residuals (i.e., the extent
to which the word embedding-based similarity over- or
under-estimated the similarity between pairs of emotion
concepts). The absolute value of these residuals indicates the
extent to which the NLP models were failing to align with
human emotion concept representation, and the signed error
Table 1. Contribution of appraisal features to 5 principal
components
indicates whether the models were over- or under-estimating
the similarity between two emotion concepts compared to
human judgments.

Figure 3. Correlations between pairwise similarity and two
word embedding-based similarity (From top: Word2vec
(Google news), Word2vec (Wikipedia), GPT-3).
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Table 1. Contribution of appraisal features to 5 principal
components.

Table 2. Multiple regression summary for 5 principal
components predicting the residuals between pairwise and
word-embedding similarity (Word2vec; Google news).

Having extracted these residuals, we could then leverage
participants’ prior ratings of emotion concepts along the 14
appraisal features to ask whether any of these features may
help explain how and why NLP models are misrepresenting
the similarity of emotion concepts. To pursue this question,
we took each appraisal feature and each pair of emotion
concepts and calculated the absolute difference between the
appraisal feature ratings of each pair of emotion concepts, so
that each pair had a difference score between each appraisal
feature rating (referred to as "difference scores" from here on).
Then, for simplicity in interpretation, we used principal
component analysis to reduce the number of appraisal
features down to 5 principal components that can explain a
large amount of the variance in our data (60.84%; see Online
Supplements for full results). Respectively, each component
has relatively a high contribution from the following
appraisal features: PC1 (“valence”, “social appropriateness”,
and “relevance”), PC2 (“physical danger”, “morality, and
“social appropriateness”), PC3 (“directionality”, “duration”,
and “foreground vs. background”), PC4 (“embodiment” and
“seeing vs. imagining”), and PC5 (“attention”). Based on the
loadings of each appraisal feature on these 5 principal
components, we labeled 5 components as “valence”,
“physical and social danger”, “directionality”, “embodiment”,
and “attention” (Table 1).
Then we conducted a multiple regression analysis with the
residuals from the first linear regression model as the
dependent variable and the 5 principal components as
predictors. This analysis allowed us to test if any of the
appraisal features or their combination can explain the
discrepancy between the emotion concept similarity judged
by human raters and the three NLP models. This analysis
revealed significant effects for all 5 components in all three
models, controlling for the effects of other components in the
regression model (see Table 2 for the results of the word2vec
model trained on Google news; see Online Supplements for
the results of the other two models).
To illustrate the relationship between these principal
components and the residuals between the pairwise similarity
word embedding similarity, we categorized the emotion
concept pairs into four categories based on their residuals: i.e.,
1) highly under-estimated pairs, 2) slightly under-estimated
pairs, 3) slightly over-estimated pairs, and 4) highly over-

estimated pairs. These categories were simply mapped to the
four quartiles of the residual distribution arranged from most
under-estimated to most over-estimated. We can then plot the
relationship between the residual quartiles and the principal
components we derived for the NLP models, see Figure 4.
To give a sense for the pattern, we can illustrate the kinds
of terms in each quartile. For the Google news, examples of
highly under-estimated pairs (1st quartile) included
<“elation”, “sadness”>, and <“despair”, “joy>. Slightly
under-estimated pairs (2nd quartile) included <“hope”,
“sadness”> and <“fear”, “longing”>. Slightly over-estimate
pairs (3rd quartile) included <“exasperation”, “shame”> and
<“awe”, “terror>. Highly over-estimated pairs (4th quartile)
included <“hurt”, “sadness”>, and <“horror”, “terror”>. As
these examples illustrate and as can be clearly seen in Figure
4, all three NLP models underestimate the similarity between
two emotion concepts when the difference in their loadings
on the valence component is bigger and over-estimate it when
the difference is smaller. In other words, the similarity of a
pair of positive and negative emotions (such as “happiness”
and “sadness”) is more likely to be underestimated by the
NLP models compared to human raters’ judgment on their
similarity, and correspondingly the similarity of a pair of
similarly valenced emotions (such as “happiness” and “love”)
is likely to be over-estimated. The other four principal
components did not show strong patterns and had
comparatively similar values across all four quartiles.

Discussion
Many different accounts have been proposed to explain how
we represent emotions and what can best explain the
representational structures underlying emotion concepts.
Here, using representational similarity analysis, we compared
three different ways of representing the similarity of emotion
concepts: pairwise similarity judgments, ratings along 14
different appraisal features, and word embeddings from three
NLP models. This approach allowed us to ask how well
appraisal features and word embeddings align with the
representational structure of emotion concepts uncovered by
the direct pairwise similarity judgments of emotions. The
results show that there is a high correlation between appraisal
feature similarity and pairwise similarity judgments. In
contrast, word embedding models showed mixed results,
likely as a result of differences in training methods and the
scope of data they are trained on. Two word2vec models
trained only either on Google news or Wikipedia show a
much lower correlation with pairwise similarity compared to
feature-based similarity. On the other hand, the GPT-3 model,
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appraisal dimensions, the resulting appraisal space we used
was relatively impoverished compared to that in prior work
(Skerry & Saxe, 2015), and a higher-dimensional appraisal
space may do a still better job of mirroring the similarity
structure of emotion concept representation.
Our results also point to a potential limitation of large
language models in capturing the meaning of different
emotion terms. Large language models derive the similarity
of terms by exploiting co-occurrence statistics in the training
data, whether they are sensitive to context (GPT-3) or not
(word2vec). Some of the appraisal features that humans use
to determine the similarity of emotion concepts are likely to
have a systematic relationship with the words that occur
around them in corpora. An emotion term’s valence, for
example, is likely to have a systematic relationship to
whether it co-occurs with terms like “puppy” or “murder.”
This kind of systematic relationship can easily be exploited
by language models, essentially allowing them to capture that
valence is a relevant dimension along which emotion terms
differ. However, many of the other appraisal features that
humans use to determine the similarity of emotion concepts
are unlikely to have any such systematic relationship to cooccurrence statistics. For example, it is much harder to see
what kind of systematic effect the extent to which an emotion
is embodied will have on the words that co-occur with more
embodied vs. less-embodied emotion terms. Features like
embodiment, however, may still have a central role in the
way that humans understand different emotions, since bodily
feelings play a significant role in actually experiencing these
emotions. This fact suggests a potential limitation in the
extent to which large language models will be able to
represent emotion concepts in a way that is similar to how
humans do.

Future directions
Figure 4. Relationship between the residual quartiles and the
5 principal components derived from the appraisal features.
which is sensitive to context, is trained on a much wider range
of data, and has many more parameters showed a correlation
much closer to appraisal feature-based similarity.
Finally, we turned to why word embedding similarity was
over- or under-estimating the similarity between some
emotion concepts. We took appraisal features that are known
to help describe human inference about emotion and asked if
they helped explain the discrepancy between pairwise and
word embedding-based similarity. We found that the errors
made by word embedding models are best attributed to the
changes in how different two emotion concepts are in the
valence dimension (in contrast to other appraisal feature
components).
Our results broadly support the previous findings that
situational evaluations based on a set of appraisal features can
do a good job of capturing general emotion representation
(Skerry & Saxe, 2015), as we found a large overlap between
the pairwise and appraisal feature spaces, but for a much
larger set of emotion concepts. However, as we only used 14

There are a number of ways that the current study may be
expanded or improved. First, future work may want to
incorporate a wider scope of language models that use
different training data, are fine-tuned on emotion-relevant
text, employ different training methods, or are even more
sensitive to contextual information. This would allow us to
systematically investigate the impact of different
characteristics of language models in their ability to capture
the nuances of how humans represent and express emotion
concepts. Second, as stated in the Discussion, future work
should incorporate more appraisal features known to play a
role in emotion representation. This can further inform how
language models may differ from humans in the weight they
place on different dimensions in understanding different
emotion concepts.

Appendix: Online Supplements
Data, code, and supplementary results are available at
https://doi.org/10.7910/DVN/6DPPKH
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Abstract
We describe two experiments designed to test whether the ease
with which people can label features of the environment influences human reinforcement learning. The first experiment
presents evidence that people are more efficient at learning to
discern relevant features of a task when candidate features are
easier to name. The second experiment shows that learning
what action to take in a given state is easier when states have
more readily nameable verbal labels, an effect that was especially pronounced in environments with more states. The interaction between CLIP, a state-of-the-art AI model trained to
map images to natural language concepts, and established human RL algorithms, captures the key effects without the need
to specify condition-specific parameters. These results suggest
a possible role for language information in how humans represent the environment when learning from trial and error.
Keywords: reinforcement learning, state, task representation,
language

Introduction
Adaptive behavior depends on our ability to change our actions based on context. In reinforcement learning (RL), this
context dependency is captured by the notion of state – features of the current context that are relevant for the task at
hand. For many real world tasks, the relevant features are
rarely known a priori; instead, we learn them from experience
with our environment. For instance, a traveler navigating in a
new city might learn that they can decode their location along
the North-South axis from their position relative to certain
landmarks.
How humans learn to represent states is a topic of active research in cognitive science (Gureckis & Love, 2009;
Niv, 2019). Computational accounts have emphasized the
importance of abstraction, hierarchy and compression (Ho,
Abel, Griffiths, & Littman, 2019; Eckstein & Collins, 2020;
Lai & Gershman, 2021). And mechanistic approaches have
sought to formalize selective attention as a dynamic process
by which agents learn relevant state features from experience (Kruschke, 1992; Le Pelley, Haselgrove, & Esber, 2012;
Leong, Radulescu, Daniel, DeWoskin, & Niv, 2017; Braunlich & Love, 2021).
One cognitive function that exhibits many of the properties thought to be important for state representation is language (Tam et al., 2022). Language representations are inherently low-dimensional and flexible at different levels of
abstraction (Piantadosi, Tenenbaum, & Goodman, 2016; Antonello, Turek, Vo, & Huth, 2021). Several recent studies in
artificial reinforcement learning have built on this insight to
demonstrate the benefits of augmenting RL agents with linguistic information (Yao, Rao, Hausknecht, & Narasimhan,
2020; Tuyls, Yao, Kakade, & Narasimhan, 2022).

Yet mechanistic models rooted in the neurobiology of RL
do not yet provide a clear account of how language might
interface with trial and error learning. In some of these
accounts, language is considered a more complex process
downstream from simple reinforcement learning and is thus
ignored. In this study, we begin to explore the role of language in modulating processes previously thought to reflect
simple reinforcement learning. We start from the hypothesis that language may provide a representational basis over
which reinforcement learning and action selection can occur.
Rather than being downstream, language-mediated processes
may provide input to reinforcement learning mechanisms.
We focus on one specific aspect of language, the nameability of environmental features. People more easily learn to
categorize concepts when features of those concepts are easier to name in language (Zettersten & Lupyan, 2020; Lupyan
& Zettersten, 2020), even controlling for lower level perceptual discriminability. Because category learning and reinforcement learning both require mapping multidimensional
perceptual observations to states, we expected nameability to
also influence trial and error learning of action policies. In
particular, if language provides a set of candidate state features for reinforcement learning, people should learn more
efficiently when features of the environment are more meaningful and nameable.
We study the effects of nameability in two task environments: one in which selective attention has been shown to
constrain reinforcement learning to relevant features (Niv,
2019) (Experiment 1); and another in which learning has
been shown to depend on working memory (Collins & Frank,
2012) (Experiment 2). We find that nameability facilitates
learning which features of a task are relevant; and it also promotes more efficient learning of action policies, in particular
for larger state spaces. Our findings suggest the intriguing
possibility that language constrains how people learn to represent goal-directed tasks. We propose a modeling approach
leveraging state-of-the art AI models in combination with reinforcement learning algorithms to help explain our results.

Experiment 1
In the first experiment, we tested the effects of language on
representation learning. Specifically, we asked whether the
extent to which features of the environment are easier to name
enables more efficient learning to attend to relevant features
of a task (Niv, 2019). An effect of nameability would suggest that selective attention during learning is influenced by
language processes related to naming.
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A

Method

Choice ( < 5s )

Participants 98 participants were recruited via the online
platform Prolific. They received as compensation a flat rate
of $3 plus a bonus based on their performance on the task.
Operationalizing nameability To select stimuli for our experiments, we followed Zettersten and Lupyan (2020). In
their study, the authors quantified nameability by measuring the extent to which a large number of human participants
agreed on a common label for a feature. In particular, Simpson’s diversity index quantifies agreement while accounting
for (1) the number of possible labels; (2) the frequency with
which people use each label. For both Experiment 1 and
Experiment 2, we thus selected features that Zettersten and
Lupyan (2020) found to differ in nameability on the basis of
Simpson’s diversity index.
To independently validate the stimuli, we conducted a postexperiment manipulation check. This check consisted of asking participants “what word would you use to describe” each
feature (displayed as an individual image). This allowed us
to directly compute Simpson’s diversity from language data
provided by participants in our experiments.
Procedure Participants learned from trial and error to make
repeated choices between three stimuli referred to in the instructions as ‘creatures’ (Fig. 1A). Each creature was defined
by one of three colors and one of three shapes. On each trial,
the features within each dimension were reshuffled to form
new stimuli (i.e. all six features were always present, but in
different stimulus configurations). Participants had 5 seconds
to select one of the three creatures. After the participant made
their choice, they received a binary reward. Participants were
instructed that at any given time, one of the colors or one of
the shapes was designated as the “magic feature”. Choosing
the creature that possessed the magic feature was rewarded
with 0.75 probability. Choosing any of the other 2 creatures
was rewarded with only 0.25 probability. The magic feature
thus defines a correct state representation for the task: participants could maximize reward by distinguishing stimuli only
based on the presence or absence of the magic feature, while
ignoring features for the other irrelevant dimensions.
We hypothesized that participants would be more efficient
at learning the relevant feature when candidate features are
easier to name. To test this, we manipulated nameability
in a within-subjects design. Within one of the categories
(color or shape), three of the features were more nameable,
and three were less nameable, yielding two conditions – high
and low-nameability (Fig. 1B). Note that colors were selected such that there were little to no differences in perceptual discriminability as measured in an independent norming
study; and shapes were relatively matched on shape complexity (Zettersten & Lupyan, 2020). Each participant experienced 12 blocks in pseudo-random order, 6 in the highnameability condition and 6 in the low-nameability condition.
Each block (“round” to participants) was defined as a period
of 18 trials during which the magic feature remained constant.

Feedback ( 1.5s )
+1

Time

B
High-nameability

Low-nameability

Figure 1: Experiment 1 procedure. A: Example trial sequence. B: The stimulus set in the high-nameability condition is shown on the left. In this condition, colors are more
aligned with natural categories and shapes are more recognizable than in the low-nameability condition (right). Example
stimuli that could appear on a single trial are circled.

Computational modeling
Work on learning task representations has proposed attentionweighted reinforcement learning as a candidate mechanism
for learning what features are relevant for a task (Kruschke,
1992; Leong et al., 2017). To formalize the hypothesis
that selective attention during reinforcement learning is influenced by language, we built a simple reinforcement learning
agent that learns to update feature weights through trial and
error. As in classic models of associative learning (Pearce
& Mackintosh, 2010), we assumed that each feature is updated in proportion to its own learning rate (or “associability”). This learning rate was determined by how nameable
each feature is. The full model is specified below.
Feature reinforcement learning To make a choice, the
agent computes the value of each stimulus as a linear combination of features, equally weighted by dimensional attention
(that is, learning is not biased towards color or shape):
2

Vt (Si ) =

1

∑ 2 wt ( fd ).

(1)

d=1

Values are passed through a softmax action selection function:
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p(ct = Si |Vt (Si )) =

eVt (Si )β
.
∑ j eVt (S j )β

(2)

Once a choice is made, the weights of the chosen features are updated in proportion to the prediction error, times
a learning rate determined by each feature’s nameability.
wt+1 ( fc ) = wt ( fc ) + η( f )[Rt −Vt (Sc )].

place (i.e. how likely is this visual concept to be “blue”, “purple” etc). Features that are easier to name should result in a
lower classification entropy, while features that are harder to
name should result in a higher classification entropy.

(3)

For all simulations, we presented the agent with the same
sequence of stimuli that participants experienced in the actual
experiment. Feature weights were initialized at 0. Choice
softmax temperature β was fixed at 10.
A computational index of nameability Classic models of
reinforcement learning typically treat features as uniformly
learnable, and do not readily accommodate humans’ priors
for how states should be structured around language. As a
first step in trying to address this limitation, we combined
feature reinforcement learning with CLIP (Radford et al.,
2021), a recent deep neural network architecture trained on
400M image-caption pairs sourced from the internet. CLIP is
trained by trying to match a given image with its corresponding caption, and we hypothesized that the multimodal representational space learned by CLIP would be a good candidate for encoding language priors for two main reasons. First,
CLIP contains knowledge about a very large number of multimodal concepts (Goh et al., 2021), and second, CLIP can
flexibly encode an arbitrary set of natural language descriptions to use for zero-shot image classification (Radford et al.,
2021).
To extract a measure of nameability using CLIP, we passed
each (image) feature through the vision encoder of a pretrained CLIP RN50x16 network, obtaining a set of feature
embeddings. Separately, we passed the most frequent humangenerated natural language label for each feature (which we
denote as l ∈ L), through the corresponding text encoder of
CLIP to obtain a set of label embeddings. For each image
feature, we used CLIP’s zero-shot classification procedure to
classify it amongst the set of modal labels, by computing
the dot product between a given feature embedding and all
possible label embeddings, followed by applying a softmax
along the label dimension. The resulting probability distribution represents how likely each label matched a given feature. We reasoned that more nameable features should also be
more separable in the representational space learned by CLIP;
and that this separability will be indexed by a feature-specific
classification entropy:
H( f ) = −Σl p(l)log(p(l)).

(4)

.
To obtain an index of nameability that can be mapped onto
(0, 1) bounded learning rates in a reinforcement learning setting, we passed classification entropy H( f ) through a reversesigmoid transform:
1
.
(5)
1 + eH( f )
Intuitively, this procedure captures a naming process by
which humans label the features before any learning has taken
η( f ) =

A
.09

.10

.28

.84

.90

.92

.01

.01

.02

.05

.22

.38

Less nameable

B

Simpson’s diversity

More nameable

C

Figure 2: Experiment 1 nameability index. A: Manipulation check. Colors (top) and shapes (bottom) ordered by
Simpson’s diversity. For two of shapes (circled), condition
labels were flipped based on participants’ language data. B:
Classification of visual features was performed over the labels that humans most frequently used to describe each image. Each feature (e.g. “red”, “frog”, etc.) was provided
to CLIP as a single image. Images that were easier to classify had lower classification entropy. C: Learning rates in
the high- and low-nameability conditions for Experiment 1,
obtained by passing CLIP classification entropy through a
reverse-sigmoid transform.

Results
Manipulation check To verify that participants judged features in the high-nameability condition to be more nameable,
we computed Simpson’s diversity based on the labels that
participants used to describe each of the features. In general, participants were more likely to use consistent labels
for stimuli in the high-nameability condition (Fig. 2A). We
also found that our computational index of nameability derived from CLIP broadly tracks these differences, such that
more nameable features and shapes had lower classification
entropy (Mhigh = 1.42, Mlow = 1.92, Fig. 2B). Computing
feature-level learning rates by passing the classification entropy through a reverse-sigmoid resulted in lower learning
rates on average for features in the low-nameability condition
(Fig. 2C).
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Human

Agent

A
Familiarization screen: 5s

*

Choice(t): < 3.5s

Fraction correct

*

Feedback(t): 1s

Time
Correct!

t+1

B
High-nameability

Figure 3: Experiment 1 results. Empirical (left) and simulated (right) fraction correct. Error bars denote 95% confidence intervals.
Nameability facilitates representation learning We
found that, in line in with our hypothesis that learning
should be easier when features of the environment are
more nameable, participants were more accurate in learning
the task-relevant feature in the high-nameability condition
(paired-sample t-test, t(97) = 2.30, p < 0.05, Fig. 3, left).
We reproduced these effects by simulating behavior from
a feature reinforcement learning model that learns to update features weights in proportion to nameability (Fig. 3
right). Notably, the performance difference emerged only by
allowing each feature’s learning rate to vary as a function of
nameability. That is, learning rates were independently determined by a language model that operated on raw pixels, without specifying any a priori differences between conditions in
model parameters.

Discussion
In Experiment 1, participants had to learn from trial and error
which features of a multidimensional environment are relevant for predicting reward. Participants were more efficient
at learning the correct state representation when features of
the environment were easier to name. These results lend
support to the idea that attentional selection during representation learning is at least partly determined by languagebased constraints on information processing (Lupyan, Rahman, Boroditsky, & Clark, 2020).
Modeling results also suggest that CLIP’s multimodal representational space captures behaviorally relevant structure
between concepts in natural language and images. Endowing reinforcement learning agents with such structure suggests a mechanism by which language might mediate learning
through attentional selection, enhancing both the activation
and separability of perceptual features during learning.

Experiment 2
In the second experiment, we tested the effects of language
in an environment in which reinforcement learning has been
shown to depend on working memory (Collins & Frank,

Low-nameability

Figure 4: Experiment 2 procedure. A: On every trial, participants observed a symbol and selected one of three actions.
If the action was correctly matched to the symbol, they received feedback that their action was correct (and incorrect
otherwise). B: Stimuli in the high-nameability condition (top)
and their rotated counterparts in the low-nameability condition (bottom).
2012; Collins, Brown, Gold, Waltz, & Frank, 2014). In
the original study by Collins and Frank (2012), participants
learned to associate individual stimuli with three possible actions. A set-size manipulation of the number of stimuli revealed that performance drops as more stimuli are included
in the state space, suggesting a contribution of working memory processes to reinforcement learning. Here, we were interested in whether more nameable features can mitigate the
drop in learning performance for larger state spaces.

Method
Participants 63 participants were recruited via the online
platform Prolific. They received as compensation a flat rate
of $5 plus a bonus based on their performance on the task.
Procedure Participants learned from trial and error to
match symbols with one of three possible actions (Fig. 4).
On each trial, participants had 3.5 seconds to select an action
using the left, down and right arrow keys. After each choice,
they received feedback about whether their action was correct
or incorrect. The correct action was randomly and independently assigned to each stimulus. Participants were instructed
that the correct action for each symbol was independent of the
correct action for all other stimuli.
The task was divided into multiple blocks (‘rounds’ to participants). At the beginning of each round, participants were
presented with all the symbols in the current round and asked
to take 5 seconds to familiarize themselves with the symbols.
Rounds varied in how nameable the symbols were (nameability manipulation), as well as the number of symbols partici-
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pants had to learn about (set-size manipulation). Each set
size (2-6) occurred once per participant, once in the highnameability and once in the low-nameability condition.
Importantly, the sequences of stimuli in the high vs. lownameability rounds were yoked, such that symbols were presented in the exact same order and had the same correct action
associated to them, but only differed in nameability. For example, if the first symbol in Fig. 4B appeared on the first trial
of a high-nameability block, its rotated counterpart would appear in the same position and be associated with the same
correct action in a low-nameability block. As in the previous experiment, nameability was manipulated within participants. Each participant performed 10 blocks of the task, 5 in
the high-nameability and 5 in the low-nameability condition.
Within conditions, each symbol was presented 15 times in
pseudorandom order. The order of blocks was also randomized within participants. We hypothesized that when features
comprising the state space (i.e. the symbols in a round) are
more nameable, learning would be more efficient, and that
this facilitation would be especially apparent in larger state
spaces.

Computational modeling

The final response policy is assumed to be a weighted sum
of the contribution from the RL and WM modules, with mixing weight ω controlling the weight of the contribution of the
working memory module, and an additional parameter ε controlling random responding.
To compute nameability, we took the same approach as
in Experiment 1. For all simulations, we set the stimulusspecific learning rate parameter η in the RL module to the reverse sigmoid-transformed CLIP classification entropy, multiplied by a constant scale factor. Other parameters were fixed
at λ = 0.2, φ = 0.08, β = 100, ε = 0.001 and ω = 0.4.

Results
Manipulation check As for Experiment 1, we computed
Simpson’s diversity based on the labels that each participant
provided in the manipulation check that followed the main
task. Participants were more likely to use consistent labels
for stimuli that had been pre-assigned to the high-nameability
condition (Fig. 5A). We again observed (small) conditionlevel differences in CLIP classification entropy (Fig. 5B),
yielding on average higher learning rates for the high- nameability condition (Fig. 5C).

Collins and Frank (2012) proposed Reinforcement learning
with working memory (RLWM) as a computational framework that can account for the influence of remembered experience on current decisions. A recent study based on RLWM
has suggested that linguistic information primarily affects the
RL component of decision-making, via enhanced learning
rates when language information is available to distinguish
perceptual information (Yoo, Keglovits, & Collins, 2022).
Here we ask whether such an effect could be explained by
the influence of nameability on reinforcement learning, as we
found to be the case in Experiment 1.
The full formulation of the RLWM model that we used can
be found in Yoo et al. (2022). In brief, the algorithm consists
of two modules. The RL module updates the Q-value of each
state-action pair with learning rate determined by each state’s
nameability (computed here at the stimulus level rather than
per feature as in Experiment 1):
Qt+1 (s, a) = Qt (s, a) + η(s)[Rt − Qt (s, a)].

A
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.05

.07

.10

.11

.13

.18

.27

.50

Less nameable

B

Simpson’s diversity

More nameable

C

(6)

And the the WM module updates the contents of working
memory for a particular state-action pair as follows:
Wt+1 (s, a) ← rt .

(7)

Working memory for all state-action pairs is also assumed
to decay on every trial with rate λ:
1
(8)
Na
Response probabilities associated with each module are
calculated independently using softmax, with an added perseveration parameter φ that captures agents’ tendency to repeat previous actions regardless of the current stimulus and
reward.
W Mt+1 (s, a) ← (1 − λ)W Mt (s, a) + λ

Figure 5: Experiment 2 nameability index. A: Manipulation check. Symbols ordered by Simpson’s diversity. Blue
denotes symbols pre-assigned to the high-nameability condition, and orange denotes symbols pre-assigned to the lownameability condition. B: As for Experiment 1, classification
of visual features was performed over the labels that humans
most frequently used to describe each image. Each symbol
and its rotated counterpart was provided to CLIP as a single
image. Images that were easier to classify had lower classification entropy. C: Learning rates in the high- and lownameability conditions.
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Figure 6: Experiment 2 results. A: Fraction correct as a
function of nameability condition. B: Fraction correct as a
function of condition and set size. Summary statistics from
empirical and simulated data are shown on the left and right
respectively. Error bars denote 95% confidence intervals.

Nameability interacts with state space complexity Our
results showed that participants were generally more accurate when symbols were easier to name (Fig. 6A left, pairedsample t-test, t(51) = 3.92, p < 0.001). Strikingly, this effect was driven by differences in environments in which the
set-size was larger (Fig. 6B left, repeated measures ANOVA,
condition by set-size interaction, F(4, 204) = 2.84, p < 0.05).
In other words, as the size of the state space increased, more
nameable states contributed to more efficient learning.
As was the case in Experiment 1, a simple mechanism by
which nameability affects how quickly Q-values are updated
was sufficient to reproduce both effects in the context of the
RLWM framework (Fig. 6, right).

In this paper, we ask whether nameability modulates state
representation in reinforcement learning. We find that people are more accurate in learning which features of a task
are relevant for predicting reward when candidate features are
easier to name. We also find that people are more efficient at
learning and maintaining action selection policies when states
are easier to name. And this facilitation by nameability is
more pronounced in larger state spaces. All three findings are
consistent with a computational account that assumes more
nameable features are prioritized during value updating.
Our study leaves open the exact mechanism by which
nameability interfaces with RL. We proposed a preliminary
explanation that features of the environment that are more
easily named are selectively amplified during learning, perhaps by language-related processes. However, it remains unclear if this is a language-specific enhancement or related to
semantic elaboration and/or frequency or prevalance of nameable objects. In either case, such an effect could arise either
via top-down processes such as selective attention or working
memory; or it might reflect a bottom-up prior for which states
should be learned about in the first place (Yoo et al., 2022).
If language were to influence learning via a top-down process, what might such a process consist of? Here we modeled
nameability effects as arising offline due to prior representations that are shaped by language. An alternative possibility is
that nameability effects could also arise in an online fashion,
as participants generate candidate language labels as representations of the task (Ballard, Miller, Piantadosi, Goodman,
& McClure, 2018; Radulescu, Niv, & Ballard, 2019; Vong &
Lake, 2022). One avenue for future research is to determine
how to use CLIP to generate candidate labels for each feature
over the course of learning without human guidance.
Finally, the idea that language-based representations can
ground learning has recently gained significant traction in the
study of artificial agents (Andreas, Klein, & Levine, 2017;
Wang & Narasimhan, 2021; Hill, Mokra, Wong, & Harley,
2020). Here we show that humans might employ similar
strategies to optimize learning in complex environments. And
we demonstrate the potential utility of combining modern approaches to natural language processing of raw images with
reinforcement learning to capture internal representations that
are otherwise difficult to formalize.
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In Experiment 2, we tested the hypothesis that when learning in large state spaces, humans can learn more efficiently
when they can potentially utilize language to represent states.
Our findings supported this hypothesis: people were more
accurate when states were easier to name; and this effect was
amplified for larger state spaces. Simulation results suggest
a potential mechanism by which nameability specifically enhances learning from trial and error.
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Abstract
Human adaptive decision-making recruits multiple cognitive processes for learning stimulus-action (SA) associations.
These proceses include reinforcement learning (RL), which
represents gradual estimation of values of choices relevant for
future reward-driven decisions, episodic memory (EM), which
stores precise event information for long-term retrieval, and
working memory (WM), which serves as flexible but temporary, capacity-limited storage. However, we have limited understanding of how these systems work together. Here, we introduce a new one-shot RL task to disentangle their respective
roles. In 16 independent 8-trial blocks, 144 participants used
one-shot rewards to learn 4 new SA associations per block.
Each block provided one chance to obtain feedback for pressing one of two keys for each stimulus (trials 1–4), followed
by a chance to use this feedback to make a choice in a shortterm association task (trials 5–8; no feedback), primarily targeting WM. In a subsequent testing phase designed to assess
long-term retention through RL or EM, all 64 stimuli were
shown in randomized order and subjects were asked to press
the correct key for each, without feedback. Trials 5–8 revealed
WM-dependent strategy effects on choice accuracy, as well as
a role for both RL and EM when WM is overwhelmed. Testing
phase accuracy depended on feedback interacting with initial
presentation order, revealing signatures of both RL and EM in
learning from one-shot rewards. Computational modeling suggests that a mixture model combining RL and EM components
best fits group-level testing phase behavior. Our results show
that our new protocol can identify signatures of each of the
three memory systems’ contributions to reward-based learning. With this approach, we create new possibilities to better understand how each integrates a single bit of information,
what their exact contributions to choice are, and how they interact.
Keywords: Reinforcement learning; episodic memory; computational modeling

Introduction
Learning is important to daily life, enabling humans to make
rewarding decisions and efficiently adapt to new situations.
Learning is often studied within the framework of reinforcement learning (RL) (Sutton & Barto, 2018; Eckstein,
Wilbrecht, & Collins, 2021), which assumes that agents learn
from past outcomes to estimate expected values of different
actions and use these values to inform future decisions. RL
algorithms have been successful at describing both behavior
and brain function (Eckstein et al., 2021).
However, recent evidence has shown that beyond RL, other
cognitive processes that store information in a different format also contribute to learning. One such process is working memory (WM) (Collins & Frank, 2012; Collins, 2018;
Yoo & Collins, 2021), which is a temporary, capacity-limited,

and effortful but extremely flexible form of short-term memory storage. Previous studies have shown how learning can
be slowed by the load effect characteristic of WM capacity/resource limitations (Oberauer et al., 2018), and that WM
interferes with RL computations (Collins, 2018; Collins &
Frank, 2018). However, what exact information is stored
in WM on a trial-by-trial basis remains unclear. A second
cognitive process that contributes to learning alongside RL
is episodic memory (Bornstein, Khaw, Shohamy, & Daw,
2017), a hippocampal/medial temporal lobe-dependent system that stores very precise information for long-term retrieval (Ritchey, Montchal, Yonelinas, & Ranganath, 2015).
Key characteristics of episodic memory (EM) are its temporal and context sensitivity, which contribute to serial position effects where retrieval is more successful at the beginning of an episode (primacy effect) or more recently (recency effect) (Ebbinghaus, 1913). Past studies have leveraged
these features to identify EM contributions to learning, but
disentangling its precise contribution from RL also remains
challenging. Furthermore, EM also appears to interact with
WM in different experiments (Murty, FeldmanHall, Hunter,
Phelps, & Davachi, 2016; Poldrack & Packard, 2003; Wimmer, Braun, Daw, & Shohamy, 2014).
Thus, our goal was to design a new approach that simultaneously identifies contributions of all three systems in a single learning context to better qualify them individually and in
interaction. We designed a novel experiment where participants learned stimulus-action (SA) associations from a single
instance of feedback. We investigated how this learning depended on factors that may differently impact RL, WM, and
EM (e.g., reward, load, and primacy/recency). We predicted
that WM, RL, and EM would contribute to SA association
learning, while long-term retention would be predominantly
driven by RL and EM. While the whole task allows for an investigation of the role of WM, we focused our computational
modeling efforts toward RL and EM as a preliminary step.

Methods
Participants
The research was approved by UC Berkeley’s Institutional
Review Board. We recruited young adults through Amazon Mechanical Turk (MTurk; n = 160, 49 women, age
= 31.9±4.84 years) and the university’s psychology undergraduate student population (RPP; n = 95, 74 women,
age=20.7±2.45 years). MTurk participants received monetary
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compensation ($6/hour), and student participants received
course credit. All participants provided informed consent before completing the task online (approximately 12 minutes
long).
We excluded participants based on poor training phase performance: if they responded to more than 10 trials (15%) unreasonably fast (under 200 ms), performed below chance on
more than 5 out of the 16 blocks, or missed more than 5 trials
(9%). Following exclusion criteria, we analyzed a final sample size of 66 for MTurk (22 female, 31.8±5.42 years) and 78
for RPP (59 female, 20.8±2.68 years).

Task design
Participants completed a one-shot RL task (Fig. 1), where
the goal was to determine the correct key responses to visual
stimuli. The task consisted of a training phase and a testing
phase. The training phase comprised 16 blocks (stimuli were
categorically independent across blocks), each with 8 trials.
Participants’ goal was to use one-shot rewards to learn 4 SA
associations in each block. On trials 1–4, they saw 4 distinct
images presented sequentially, responded to each by pressing one of two keys (“J” or “K”) and immediately received a
truthful, positive (+1) or negative (0) feedback. On trials 5–8,
they saw the same 4 images in a different order and needed
to press the correct key given what they learned on trials 1–4.
Here, a trial was considered correct if the participant repeated
the rewarded choice or avoided the unrewarded choice, and
incorrect otherwise. They did not receive immediate feedback on trials 5–8, but were instead told at the end of the
block how many of the four they answered correctly. Participants could rest for up to 30 s between training blocks.
The training phase was designed to assess how various features of the task design, like feedback and stimulus presentation order, impacted how SA associations were learned. Although positive and and negative feedback were of equal use
in identifying the correct response key, values are unlikely
to be updated equivalently in light of positive and negative
outcomes (Katahira, 2018). There is strong evidence that values are updated asymmetrically in RL-based learning, making feedback valence sensitivity an important marker of RL.
Feedback could also impact WM or long-term EM storage,
as participants may choose to prioritize positive information
in WM or only remember the SA event (but not the outcome)
in EM. Similarly, stimuli encountered on trial 1, and those
seen on trial 4 then trial 5 may benefit respectively from primacy and recency effects. We evenly pseudo-randomized the
sequence and distribution of trial features encountered in the
first 4 trials to analyze their impact on learning in a balanced
manner. Finally, a key feature of this task is that participants
may adopt different strategies to learn the correct key, affecting how the three components of RL, WM, and EM interact
with each other. Variability in strategic approach could lead
to differences in what information is used by WM for learning
(see “Exploration strategy” below).
In the testing phase, participants saw all 64 stimuli again (4
images for each of 16 blocks) in a randomized order, and were

Figure 1: Experiment protocol. Participants first completed
16 independent training blocks where they learned stimulusaction associations from one-shot rewards, then a testing
phase probing long-term retention of all previously learned
associations.
told to press the correct key for each image shown. Again,
they received no immediate feedback for each choice (to
avoid further learning), but were told that their performance
was still tracked (for motivation), and shown how many total
points they collected throughout this phase.
We aimed to test long-term retention in the testing phase—
specifically, contributions of RL and EM—as we expected
that randomization and delay in stimulus presentation would
wash out WM effects. Thus, manipulation of features like
feedback and presentation order related to RL and EM processes would allow us to better understand their effects on
long-term retention of learned SA associations.
Participants viewed the instructions and completed a practice block prior to starting the true task. They could practice
3 times, and were allowed to move on with a score above
chance (50% correct); otherwise the experiment ended. We
implemented two attention checks for the MTurk population
to ensure data quality (Gureckis et al., 2016): one at the
end of the practice trials during the instructions, and one
halfway through the training phase. The experiment ended
early for participants who did not reach performance higher
than chance (50%) at these cutoff points.

Behavioral analysis
Exploration strategy. We observed a common action selection pattern that emerged from exploratory behavior on
trials 1–4 of the training phase, where participants had no
prior information (Mohr et al., 2018). Multiple participants
adopted a same-key strategy, pressing the same-key for all trials in the first half of a block. This strategy reduces the WM
load for computing the correct action following feedback. A
participant who presses different keys on trials 1–4 needs to
track the initial key press, the outcome, and compute a key
switch if the action was wrong. However, if they pressed the
same key for all trials, an unrewarded outcome would always
signal pressing the other key. Thus, the same-key strategy
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reduces WM load by collapsing the number of dimensions
of features participants need to track, as they no longer need
to remember the initial action by trial to generate the correct
response. As a subset of participants used this strategy consistently throughout the training phase, we divided the sample
into those who used the same-key strategy for at least half of
the training phase, i.e., only using the strategy after block 9 or
earlier, and those who did not. As differences in strategy use
may introduce variation in WM contributions, we limited our
model-based analyses to only those in the same-key strategy
group (n = 75), since our modeling goal was to investigate
EM and RL processes behind testing phase behavior.
Statistical analysis Our primary outcome of interest was
choice accuracy. To evaluate the effect of different experimental manipulations, we ran one mixed effects logistic regression separately for data from trials 5–8 in the training
phase, and another for all trials in the testing phase. Predictors included the feedback received for this stimulus during
trials 1–4 (FB; 1/0), presentation order (order; 1–4), block
number (1–16), and the strategy used (dummy coded as 1 if
the same-key strategy was used, 0 otherwise). For the training phase, we included two interactions with strategy: one
for FB and one for presentation order. For the testing phase,
we included the corresponding training phase performance of
this stimulus, as well as an interaction between FB and presentation order. For both phases, we included random effects
across participants.

Computational models
We focused our computational modeling on the testing phase
to model only the contributions of RL and EM. We did not
model WM, and to further reduce variance related to WM
use, we only included the subset of participants who used the
same-key strategy. To attempt to capture signatures of either
process in the testing phase behavior, we built 5 computational models that capture different assumptions about their
separate or mixed contributions.
Our first models capture different three nested RL models.
Each of these captures a different RL process by which an
agent could learn to maximize its cumulative reward based
on outcomes resulting from taking action on stimuli in its environment.
RL: In our base RL model, we implemented a classic deltarule learning algorithm, where the expected value Q at time
t of an action a for a stimulus s is updated by the reward
prediction error—the difference between outcome r and prior
expectations of Q(a, s)—scaled by learning rate α (0 < α <
1):
Qt (a, s) = Qt−1 (a, s) + α (rt−1 − Qt−1 (a, s))

Q-values are converted to action policy via softmax:
P(a|s) =

(2)

All RL models used the same softmax equation to calculate
action probabilities. Because there is only one learning trial,
the learning rate and softmax inverse temperature parameter β would not be jointly recoverable, as their product will
uniquely influence the choice policy on trials 5–8. Thus, we
fixed β to 10 and only estimated the learning rate(s).
RL2a: This model extends the base RL model by including
separate learning rates for gains and losses (α when rt = 1
and αneg when rt = 0), capturing an often observed effect of
feedback valence in RL (Katahira, 2018).
RLRe: This model extends the RL2a to include an additional parameter re, used to iteratively update expected values
of previously seen stimuli/action on following trials. In this
way, the RLRe model implements a form of offline rehearsal
of previously experienced trials in a block:
Q(ai , si , b) = Q(ai , si , b) + re · α (ri − Q(ai , si , b))

(3)

For trial i < t. When reward ri = 0:
Q(ai , si , b) = Q(ai , si , b) + re · αneg (ri − Q(ai , si , b))

(4)

This model allows us to consider the possibility of an RLfamily model that might nevertheless exhibit temporal order
effects.
EM model: Our descriptive EM model quantitatively implements a memory process of probabilistic storage and retrieval of a trial’s information. It features within-block primacy and feedback-dependent encoding/retrieval accuracy.
To model potential primacy effects, we assume that the
probability of retrieving a memory of a trial, p(ret), depends
on when in the block it was presented (i.e., presentation order
s at storage), via an exponentially decaying memory parameterized by time constant τ:
p(ret) = exp(−τ(s − 1))

(5)

Furthermore, we assume that encoding and retrieval accuracies are not perfect, and can potentially be corrupted in a
feedback-dependent way. Specifically, probabilities of correct retrieval 0 < m < 1 (when FB=1) and 0 < mneg < 1 (when
FB=0) are combined with probability of retrieving p(ret) to
compute the final probability of choosing the correct action,
p(cor), under the assumption that choice is random (0.5) if
the memory was not stored or retrieved:

(1)

After Q-values were initialized at 0.5, we assume that Qvalues are updated only when explicit feedback is received
as a reward rt on trials 1–4 of training.

exp(β Qt (a, s))
∑i exp(β Qt (ai , s))

p(cor) = p(ret) · m + (1 − p(ret)) · 0.5

if FB = 1 (6)

p(cor) = p(ret) · mneg + (1 − p(ret)) · 0.5

if FB = 0

(7)

Note that values of mneg < 0.5 mean that memory encoding
is worse than chance, capturing the possibility that participants store the wrong memory. This could show up as participants remembering an unrewarded action instead of the
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correct one. We tested a simpler model where m = mneg , but
did not present it here as it did not account for the data well.
Mixture model: Finally, we included a mixture model,
RLEM, that allows for RL and EM processes to jointly contribute to testing phase behavior. The model’s policy is a
weighted sum of the RL2a model’s policy pRL and the EM
model’s policy pEM , as follows:
p(a|s) = ρ pRL (a|s) + (1 − ρ) pEM (a|s)

(8)

Where ρ is the mixture weight parameter (0 < ρ < 1).

Modeling methods
The goal of our computational modeling was to better understand the mechanisms driving long-term retention in the testing phase; accounting for short-term memory use during the
training phase was beyond the scope of this paper. Thus, we
limited our modeling to capturing RL and EM contributions
to learning in the testing phase, and our modeling dataset
to participants who used the same-key strategy (n = 75) to
keep WM effects consistent between subjects and remove
further confounds introduced by different WM strategies in
the training phase. We fit our models to testing phase choice
data, conditioned on information learned during training. The
models were updated on trials 1–4 of each block of the training phase; then we evaluated how well the policies predicted
the actions selected during the testing phase.
We used maximum likelihood estimation to fit our models via MATLAB’s fmincon function with 10 random starting points (Wilson & Collins, 2019). We used AIC for model
comparison, and validated parameter identification and model
comparison procedures with simulation studies (Wilson &
Collins, 2019). We simulated data from each model of interest and fitted all models on that simulated data to determine recoverability of the original simulated model. We calculated the exceedance probability (Rigoux, Stephan, Friston,
& Daunizeau, 2014), or the probability that each model generated its own data, for each model.
For model validation, we generated 10 simulated datasets
using parameters obtained from model fitting. This allowed us to qualitatively compare experimental result patterns to those obtained from simulations (Palminteri, Wyart,
& Koechlin, 2017).

Figure 2: Task performance in the training phase. A) Participants from both groups perform similarly in trials 5–8, improving their choice accuracy (P(cor)) across training blocks.
B) Participants from both groups adopt the same-key strategy (P(same)) over training blocks (MTurk: ρ = 0.912; RPP:
ρ = 0.905, both p < 0.001).
Participants demonstrated meta-learning effects, improving mean accuracy for trials 5–8 across independent blocks
(Fig. 2a; block regressor β = 0.0363, p < 0.001 in Fig. 2a),
and learned to use a choice policy that limited WM load
throughout the training phase (Fig. 2b).
A mixed effects logistic regression revealed significant
main effects of strategy (β = 1.71, p < 0.001), presentation
order (order; β = 0.0806, p = 0.0323), and initial feedback
received (FB; β = 0.757, p < 0.001), as well as interactions
between strategy and FB (β = −0.788, p < 0.001) and strategy and order (β = −0.147, p = 0.008) (Fig. 3a; Fig. 4, red).
However, while FB and order had significant effects on training phase performance, using the same-key strategy diminished these effects (Fig. 3a), indicating that WM storage was
not sensitive to FB or order when under minimal load.

Results
Behavioral Results
Learning The RPP and MTurk groups both performed
above chance early in the training phase (Block 1 accuracy
around 80%). Because both groups performed similarly in
both the training (MTurk: M = 0.862, SD = 0.094; RPP: M =
0.862, SD = 0.094; independent t-test: t(142) = −0.18, p =
0.86) and testing phases (MTurk: M = 0.601, SD = 0.109;
RPP:M = 0.602, SD = 0.111; independent t-test: t(142) =
0.13, p = 0.89), we combined both groups into one dataset in
all further analyses.

Figure 3: Trial-level performance in each phase as a function of initial feedback received, presentation order, and WM
strategy. A) In the training phase, choice strategy interacts
with initial feedback received and presentation order. B) In
the testing phase, choice strategy has a main effect, while initial feedback and presentation order interact.
Testing We extended the previous analysis to the testing
phase (Fig. 3b; Fig. 4, blue). Controlling for whether par-
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ticipants made the correct choice in trials 5–8 (Train Correct; β = 0.336, p < 0.001), training phase choice strategy
(β = 0.281, p < 0.001) still had a significant effect on testing phase performance, hinting at deep interactions between
short-term strategies and long-term memory systems RL and
EM.
Testing phase performance revealed signatures of markers associated with both RL and EM (Fig. 3b). Accuracy
was higher for initially rewarded SA associations, a positivity bias likely reflecting the involvement of feedback-based
learning via RL to learn stimulus-action-outcome (SAO) associations. There was a slight long-term recency effect (effect of block; β = 0.0191, p < 0.001). Accuracy also varied
as a function of within-block temporal order; within-block
primacy effects emerged, potentially indicating the role longterm EM for learning SA associations (Ebbinghaus, 1913).
Main effects were significant for FB (β = 1.44, p < 0.001),
presentation order (β = 0.100, p < 0.001), and their interaction (β = −0.307, p < 0.001). This interaction captures the
performance difference between rewarded and unrewarded
trials at t = 1, hinting at the possibility that participants retrieved SA events, rather than SAO events, determining longterm memory retrieval in a feedback-independent way.

Figure 4: Regressor weights from linear mixed effects models for training (red) and testing (blue) phases. Points represent estimates of main effects and interactions, bars represent
standard error. All effects are significant (at p < 0.05).

Modeling results
Model comparison We first evaluated model-fitting results
at the subject-level (yielding one set of parameters per subject) via AIC score comparison (Fig. 5a). The EM model
(3 parameters) had the lowest AIC score, while the mixture
model RLEM (6 parameters) performed the worst. We suspected that this outcome was due to insufficient trial data
at the subject level, leading to overfitting by RLEM, which
had 3 additional parameters. Indeed, simulations with the
winning EM model were unable to capture the key behavior of failing to store unrewarded SAO associations on t=1,
showing the limitations of this model comparison approach
(Palminteri et al., 2017). In fitting the models at the grouplevel, where we combined all data into one dataset to generate one set of parameters for the whole group, the AIC score

comparison showed that RLEM performed best, confirming
that it was previously disadvantaged by a shortage of trials
(Fig. 5b). Future work will use hierarchical modeling to overcome this issue while accounting for individual differences
(Baribault & Collins, 2021).

Figure 5: Model comparison and validation of comparison.
A) and B) show AIC score differences between the 5 models fit at the subject-level and group-level, respectively. C)
Confusion matrix of exceedance probabilities indicate most
models are identifiable.
Model validation Simulations of the RLEM best captured
the qualitative trends observed in the real data, replicating the
main effects of feedback and the crucial performance gap at
t=1 (Fig. 6). As expected, the base RL model failed to capture feedback or order effects, the more complex RL models replicated the feedback effect but not order effects, and
the EM model failed to capture the interaction. A model
recovery studied verified the interpretability of our parameter recovery results, which was successful for RLEM other
models. Furthermore, exceedance probabilities from model
recovery showed that most models, including the winning
RLEM model, were identifiable (Fig. 5c). Fit model parameters confirmed an RL asymmetric learning rate bias (α =
0.55, αneg = 0.33), a greater likelihood of encoding SA vs.
SAO for negative feedback (m = 0.72, mneg = 0.41), and a
greater contribution of EM than RL after a single feedback
(ρ = 0.38); individual parameter fits showed similar findings.
While our EM models did not account for experiment-wide
memory effects seen in model-independent analyses (block
effect in Fig. 4), simulations of a variant EM model with such
a global recency mechanism failed to capture key behaviors.

Discussion
Our model-independent analyses suggest that our task is able
to parse out distinct contributions of three systems in a oneshot reward learning paradigm. The training phase was designed to incorporate and counterbalance task features with
selective effects on each of the three systems—valenced feedback targeting RL’s asymmetrical learning mechanism, stimulus presentation order targeting EM’s within-block primacy
effect, and a load around the WM limit depending on strategy
use—to evaluate their contributions and interactions. Indeed,
WM effects emerged in the training phase where short-term
memory effects should be more dominant: efficiency storage
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bind reward to event information, or a lower likelihood of EM
storage of unrewarded info. Our model comparison results
suggest that long-term retention observed in the testing phase
is described by a mixture model that captures the feedbackdependent process of RL and the temporally-sensitive and
feedback-dependent process of EM, also supporting this interpretation.

Figure 6: Model validation results. Simulations of all 5 models; RLEM replicates qualitative trends observed in real data
(grey lines) at the group and subject-level.
of SA associations in WM via the same-key strategy closes
feedback- and order-sensitive performance gaps indicative of
other systems. Thus, training performance appears to mostly
rely on close to perfect WM when the same-key strategy is
used, but relies on a mixture of all three components otherwise. Future work is needed to better qualify this short
term contribution of RL and EM in the non-same-key strategy blocks.
In the testing phase, there should be little direct contribution of WM because it is beyond both the capacity and temporal scope of WM. Nevertheless, there is evidence for WM
interacting with RL and EM, as efficient WM use in training
mildly improves testing phase performance, controlling for
other factors. Regardless of choice policy, however, performance in both groups was impacted by the initial feedback
received and its interaction with presentation order. The improved performance for rewarded stimuli is non-trivial as participants should have access to the same information in this
two-alternative forced choice design, independent of feedback. This bias can be interpreted in a number of ways. First,
it could be a marker of RL function, which has frequently
been shown to be positively biased (Palminteri et al., 2017;
Katahira, 2018; Xia, Master, Eckstein, Wilbrecht, & Collins,
2020; Master et al., 2020), though not always (Sugawara &
Katahira, 2021). Second, this could reflect an EM effect,
where only the SA components of the association was stored
and subsequently retrieved regardless of whether the action
was correct.
The interaction between presentation order and reward effect supports the second interpretation, whereby EM contributes to the feedback effect. A purely RL-dependent reward effect should be identical across all training phase presentation trials 1-4. However, this effect was stronger at t=1
where EM storage/retrieval was improved by within-block
primacy effects, potentially due to EM’s potential failure to

One study limitation is a shortage of trials to properly fit the
mixture model on individuals’ performance. This forced us to
sacrifice either the statistical power necessary for model comparison or the ability to account for individual differences. As
we continue our work with this approach, we will instead use
Bayesian hierarchical modeling methods, which will enable
us to have maintain sufficient estimation power while simultaneously capturing individual differences. This will allow
us reconcile the conflicting subject- and group-level accounts
in follow-up experiments designed to increase the number of
trials for modeling the training phase.
Another limitation lies in our limited ability to study WM
contributions. First, we could counterbalance the possible
feedback sequences evenly with possible presentation delay
durations at only trial 5. This is a minor issue, however, as our
priority for the no-feedback training trials was on trial 5, as
further trials would be confounded by decision-making processes beyond the scope of this paper. Second, because most
participants eventually learned to use the same-key strategy
which enabled perfect WM performance (Fig. 3a, dark red),
there remained relatively few trials in which we could carefully analyze and model the roles of RL and EM in short-term
decision-making on trials 5–8 (Fig. 3a, dark red). Future experiments are needed to better answer this question. Accordingly, we focused our computational on the long-term memory and learning systems in the testing phase as they would be
better understood. We further controlled for WM confounds
by only modeling data from participants who employed the
same strategy that decreased WM load in a consistent way,
thereby decreasing potential variance in WM use). Nevertheless, we also conducted model-fitting on the remaining nonsame-key strategy participants. While we replicated patterns
in model comparison, behavioral simulations, and model recovery, the distribution of fitted RLEM parameter values differed between the strategy subgroups (e.g., for mixture ρ,
same-key subjects M = 0.42, SE = 0.05 vs. M = 0.27, SE =
0.03; independent t-test: t(142) = 3.66, p < 0.001). Our current analyses cannot aptly account for individual differences
(visible in certain subject-level simulations). Future work
would address the role of WM and individual differences in
the testing phase.
Disentangling how multiple systems contribute to adaptive
decision-making is essential to better understanding where individual differences come from, in healthy individuals, across
development and in clinical populations. By demonstrating
how these three systems contribute distinct characteristics to
learning from one-shot rewards, our study represents an important step in this direction.
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Abstract
Query-Based Memory (QBM) models are heavily used in machine learning, though their relevance to human cognition is
unclear. In this paper, we explore QBM models through both
formal exploration and a simulation study to address this question. We found that QBM models are theoretically motivated,
as they approximate rational induction with neurally-plausible
mechanisms. Additionally, a simple implementation of the
model could readily reproduce four benchmark findings in infant statistical learning. These results provide an encouraging
starting point for further research using these formal tools to
understand cognition across development.
Keywords: statistical learning; memory; induction; machine
learning

Human organisms have a striking ability to adapt to regularities in their environment. This is evident in our ability
to solve a variety of statistical problems based on prior experiences. For example, we can categorize objects into disjoint sets, recognize and exploit temporal or spatial patterns,
infer the meaning of novel words based on context, and flexibly combine these abilities when it is beneficial to understand the environment. Remarkably, the ability to solve simple versions of these problems emerges early in development,
with evidence of category learning by three months (Quinn &
Eimas, 1986), statistical learning by two months (Kirkham,
Slemmer, & Johnson, 2002; Saffran & Kirkham, 2018), and
word learning by six months (Tincoff & Jusczyk, 1999).
In this paper, we draw on recent successes in Natural Language Processing (NLP) to explore a simple but powerful
mechanism that could solve many of the problems faced by
human learners. Recent advances in NLP have found that
transformer models are powerful tools that achieve surprising linguistic performance when trained on large datasets
(Devlin, Chang, Lee, & Toutanova, 2019; Brown et al., 2020).
These models have, at their heart, the Attention Layer, a
mechanism integral to achieving state-of-the-art competence
in many tasks (Luong, Pham, & Manning, 2015; Vaswani et
al., 2017). Despite their name, prior work (Ramsauer et al.,
2021; Krotov & Hopfield, 2021; Tyulmankov, Fang, Vadaparty, & Yang, 2021) and our discussion below shows that
attention layers are closely analogous to memory retrieval
mechanisms. To avoid confusion, we will refer to these layers
as Query-Based Memory (QBM) layers throughout the paper.
Below, we first show that QBM Layers implement rational,
cluster-based induction (Anderson, 1991). This makes QBM

layers a promising candidate for a general learning mechanism, as rational induction has been used as a normative computational model for categorization, statistical learning, word
learning, and other cognitive phenomena across development
(Perfors, Tenenbaum, Griffiths, & Xu, 2011).
In addition, unlike other implementations of rational models, QBM Layers are differentiable and designed to learn representations gradually via gradient descent. With this learning mechanism, we show that QBM layers can reproduce four
benchmark findings in infant statistical learning. While these
results do not uniquely support QBM layers as a model of statistical learning, the simulations provide an example of how
a rational approach to memory could be implemented to explain human learning in other domains.

Defining Query Based Memory Layers
In the machine learning literature, the most notable QBM
mechanism is dot product attention (Luong et al., 2015;
Vaswani et al., 2017):
QBM(q) = so f tmax(qK T )V

(1)

Note that in high dimensional implementations, an additional
constant may be included within the softmax function.

Figure 1: Diagram representing a QBM layer.
This equation has an intuitive interpretation in terms of the
retrieval mechanism seen in Figure 1. Under this interpretation, q is a vector of observed features known as a ”query”.
The query is first compared to a number of stored memory
traces K = [k1 , ..., kk ] known as ”keys” by taking the dot product; qK T = [q • k1 , ..., q • kk ]. The result of this comparison is
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then put through the softmax function to produce a normalized vector with one entry for each memory trace. Below, we
will refer to this as S:

q • ki = cos(θi ) ∥q∥ ∥ki ∥

p(θ|κ) =

κ=0.2

Compared to similarity measures that are based on CityBlock or Euclidean distance (Nosofsky, 1986), cosine similarity better captures performance in semantic tasks (Günther
et al., 2016; Richie & Bhatia, 2021) and is more sensible
when vectors become high dimensional (Beyer, Goldstein,
Ramakrishnan, & Shaft, 1999).
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The Dot Product and Cosine Similarity
To calculate the similarity between a query and the ith stored
key, QBM layers make use of the dot product (Eq. 2). At
first, the relationship between the dot product and similarity
may be opaque, though it has been used by previous models
(Hintzman & Ludlam, 1980; Dougherty, Gettys, & Ogden,
1999; Collins, Milliken, & Jamieson, 2020).
However, the dot product is a natural choice to implement
a similarity computation because of its relationship to cosine
similarity, a widely-used similarity measure in psychology
and machine learning (Landauer & Dumais, 1997; Günther,
Dudschig, & Kaup, 2016). The cosine similarity between two
vectors is defined as the cosine of the angle θ between the
vectors:
simcos (v1 , v2 ) = cos(θ)
(4)

eκcos(θ)
2πI0 (κ)

Here, κ is a positive dispersion parameter (analogous to σ1
in a normal distribution), θ ∈ [0, 2π), and I0 (κ) is a modified
Bessel function of the first kind of order 0. See Figure 2 for a
visualization of this distribution for various values of κ.

Density

This expression is reminiscent of memory-based inference models that obtain responses via an exemplar-based or
cluster-based mechanism (Kruschke, 1992; Love, Medin, &
Gureckis, 2004). In these models, si is analogous to the similarity between the current item and a memory trace or clustercenter, while vi is analogous to the response associated to the
ith trace. Furthermore, since S is normalized, this expression
recalls the inference mechanism in rational models of induction (Anderson, 1991), where si is analogous to the probability that the current item is from the ith element of a partition,
and vi is analogous to the probability of each outcome given
an item is from the ith element of the partition. In the sections
that follow, we flesh out these analogies, ultimately showing that QBM layers implement a rational model of induction
which can be interpreted as memory-based inference.

Density

(3)

i=1

(6)

where z = (1/ ∑ki=1 eq•ki ) is the constant from Equation 2.
This formulation is highly suggestive. Recall that si is the
outcome of comparing a query with the ith stored memory
trace. If we consider s as a function of θi , then s(θ) is proportional to a centered von Mises density (Damien & Walker,
1999), a receptive field-like distribution defined over circular
quantities such as the angle between vectors:

0.00

QBM(q) = ∑ si vi

si = ze∥q∥∥ki ∥cos(θi )

0.10

k

Inferring Keys from a Query
Consider the vector S constructed in Equation 2. We can
rewrite this expression as:

0.20

Furthermore, each key is assumed to be associated to a vector, known as a ”value,” V = [v1 , ..., vk ]. The meaning of V can
vary depending on context. However, for traditional memory
retrieval, values represent features that are associated with the
memory traces activated by the cue - i.e., the features to be
retrieved from memory. In brief, QBM returns a linear combination of stored values weighted by the softmax of the dot
product (S) of the query with each key:

(5)

In the next section, we will show that these two aspects of
the dot product (cosine similarity and the scaling constant
∥q∥ ∥ki ∥) play different conceptual roles in QBM layers.

0.15
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Note that the dot product and cosine similarity are closely
related. If θi is the angle between vectors q and ki :
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Figure 2: Centered von Mises distributions.
This distribution is closely analogous to the expression for
S in Equation 6. When the dispersion parameter
κi = ∥q∥ ∥ki ∥ ,

(8)

si = 2πzI0 (κi )p(θi |κi )

(9)

then
Note that, here and in what follows, we exclude the case
where the length of a vector is precisely equal to zero.
The ability to express elements of S in terms of a probability density is not a coincidence. In fact, we can show that
the vector S is secretly implementing Bayes’ Theorem to infer Pr(ki |q), the probability that a distribution associated to
the ith key vector would produce the query.

3580

The Probabilistic Interpretation
Assume that an individual has stored accurate memory traces
corresponding to a discrete collection of entities (e.g., objects). They are then shown one of the previously-seen entities and must determine which of the entities it is.
To solve this problem, they may reason that their current
observations are produced by one of the previously stored
items according to a noisy process. To formalize this, they
could represent the memory traces generated by previouslyseen entities as a probability distribution centered on the
stored traces. Then they could calculate the probability that
each of the entities was producing their observations.
The same logic motivates the probabilistic interpretation
of QBM layers with some technical caveats. First, a rational QBM learner needs to specify what kind of noise is affecting their current observations. This noise model could
be arbitrarily complicated and dependent on prior knowledge
about each stimulus dimension. Alternatively, a learner could
take a much simpler approach. Whether due to ignorance
or a desire for parsimony, they may reason that the direction that the vector representing their current observations
(the query) differs from that representing a stored trace (a
key) does not matter; the likelihood of a query only depends
on the distance between the query and the key. This simplifying assumption implies that p(q|k) is radially symmetric. Since p(q|k) is radially symmetric, the QBM learner
can model this probability with a unidimensional distribution
p(q|k) = p(distance(q, k)|mean = 0, dispersion = κ).
Second, since items in memory have the potential to be
very high dimensional, cosine similarity provides a sensible
method to compare the current item (the query) with those
stored in memory (keys). As discussed above, cosine similarity is closely related to angular distance. Thus, the desired probability distribution corresponding to each key vector would be a probability distribution over possible angular
distances that could occur between query and key vectors.
Since an angle of 0 radians is identical to an angle of 2π radians, angular distance is circular. One receptive field-shaped
distribution over circular dimensions is the von Mises distribution (Eq. 7), which closely approximates the wrapped
Gaussian distribution. This provides a rational basis to use
von Mises distributions to model p(q|k), the likelihood of
one’s current observations given that they are observing item
k. Therefore, in what follows:
p(q|ki ) = p(θi |κi ) =

eκi cos(θi )
2πI0 (κi )

(10)

Since this expression gives us the likelihood of our current
observation (query) given we are observing each item (key),
we can infer Pr(k|q), the rational confidence that we are observing each entity, using Bayes’ Theorem:
S = [Pr(k1 |q), ..., Pr(kk |q)]
=[

Pr(k1 )p(θ1 |κ1 )
Pr(kk )p(θk |κk )
, ...,
]
∑ j Pr(k j )p(θ j |κ j )
∑ j Pr(k j )p(θ j |κ j )

(11)

We can show that QBM layers implement this computation with a specific choice of the prior distribution for each
key. In Equation 9, we showed that si is expressed in terms of
p(θ j |κ j ). Therefore, if there exists a valid probability distribution Pr(ki ) such that
Pr(ki )
,
∑ j Pr(k j )p(q|k j )

2πzI0 (κ) =

(13)

then QBM layers implement the probabilistic inference described above.
Theorem. Equation 13 holds if Pr(ki ) =

I0 (κi )
.
∑ j I0 (κ j )

Proof. This follows straightforwardly from the left side of
Equation 13.
2πzI0 (κi ) =
=
=

2πI0 (κi )
∑ j eκ j cos(θ j )

(14)

2πI0 (κi )(1/ ∑k I0 (κk ))
κ
cos(θ
j
j ) (I (κ )/I (κ )](1/
∑ j [e
∑k I0 (κk ))
0 j
0 j

(15)

Pr(ki )

(16)

κ j cos(θ j )

∑ j e2πI0 (κ j ) Pr(k j )
=

Pr(ki )
∑ j Pr(k j )p(q|k j )

(17)

Therefore, we have shown that so f tmax(qK T ) from Equation 1 implements a rational process, determining the probability that an observed cue (query) is generated by the entity
corresponding to each stored memory trace (key).

Memory-Based Induction
Above, we showed that the normalized vectors computed in
the first half of Equation 1 implement a probabilistic model,
where the result is
S = [Pr(k1 |q), ..., Pr(kk |q)].

(18)

Recall that each stored trace (ki ) is also associated with a
value (vi ), and the QBM layer ultimately returns a linear combination of values weighted by components of S (Equation 3).
In this section, we will show that this is equivalent to an approximately rational model of induction (Anderson, 1991).
To investigate a rational approximation to induction, Anderson (1991) gave a cluster-based account which has been
substantially expanded (Sanborn, Griffiths, & Navarro, 2006)
while retaining the general characteristics described below.
This approach claims that organisms first categorize entities
into disjoint clusters k according to their observed features q.
Then, to perform induction, organisms determine the probability of an unobserved value y according to the expression

(12)

Pr(y|q) = ∑ Pr(ki |q)Pr(y|ki ).
i
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(19)

Thus, on this view, induction is a two step process. First, organisms determine the probability that each cluster generated
the observed features. Then, they combine this information
with the probability that each cluster will produce the target.
According to our above discussion, si = p(ki |q). With
this equality, Anderson’s equation (19) is strikingly similar
to Equation 3 above. Specifically, if we interpret the value
associated with the ith stored trace (vi ) as the probability distribution Pr(y|ki ), then QBM layers can be said to implement
Anderson’s approximation to rational induction.
This is sensible in the memory context described above.
If each vi is a one-hot vector (a vector of zeros with a 1 in
the ith place), then V will be an identity matrix. In this case,
QBM(q) is the distribution over keys shown in Equation 18.
Thus, the output of a QBM layer would be a posterior distribution over all of the entities which could be producing one’s
current observations - i.e., a rational retrieval mechanism.
Furthermore, this mechanism can be extended well beyond
memory retrieval. To show this, the simulations below use a
QBM mechanism to learn sequential dependencies, such as
those from infant statistical learning. In this context, query
vectors represent an infant’s current observations, while each
key corresponds to a potential next item which may be observed. Through exposure to a sequence of stimuli, infants
adjust the position of query and key vectors, such that the
query produced by item i is near key j if item j is likely to
follow item i (this process is described in the next section).
Thus, s j will be large when item j is expected to occur next.
As in the previous paragraph, if each vi is one-hot, then Equation 1 will produce a posterior distribution over items which
may occur next - i.e., a prediction about the future.
We believe that this implementation is sensible in the statistical learning context. However, note that in other contexts,
including NLP, values may not be one-hot or normalized,
leading to cases where values do not represent valid probability distributions. Though beyond the scope of the current
paper, we note that Equation 3 finds the expectation of v, allowing the model to infer values in a sensible way even when
this constraint is violated. However, in these cases, QBM(q)
do not necessarily represent a valid posterior distribution.

Learning with Query-Based Memory
In the previous sections, we argued that QBM layers implement rational induction and can be applied to problems such
as memory retrieval and prediction. In this vein, other rational models of induction have been proposed (Sanborn et al.,
2006; Lloyd, Sanborn, Leslie, & Lewandowsky, 2019). One
challenge for these models is specifying a psychologicallyplausible learning mechanism which adjusts model parameters according to experience.
One of the strengths of Query-Based Memory models is
their ability to learn via gradient descent. In NLP, this is accomplished by learning embeddings of query, key, and value
vectors (as well as by adjusting the weights of additional
(dense) layers) (Vaswani et al., 2017). For example, if model

error would be reduced by having cue vector qi elicit a response more like associated value v j , the model could move
the embedded qi in the direction of the embedded k j in order
to increase s j and, thus, more strongly activate v j . As outlined
above, this is particularly useful in the statistical learning context, as the query corresponding to item i can be moved nearer
to the jth key when item j appears after item i.
In the most general case, where embeddings of cues, traces,
and associated values are learned independently, this is accomplished by learning embedding matrices Wq , Wk , and Wv ,
via gradient descent, where:
QBM(q) = so f tmax((qWq )(KWk )T )VWv

(20)

However, in many applications, one or more of these matrices
may be identified or omitted. For example, in our simulations,
we do not use the value embedding, Wv . This omission paired
with the requirement that V is an identity matrix corresponds
to the case where activation of the ith key indicates that item
i likely occurs next. This also allows each value to always
represent a valid probability distribution (∥vi ∥ = 1 for all i),
fully implementing Equation 19.
Additionally, drawing on the analogy between QBM layers
and memory models, QBM layers can also learn by storing a
new key and its associated value (i.e., adding a row to K and
V ). In the simulations that follow, we focus on learning embeddings rather than storing new traces due to infants’ generally poor episodic memory (Newcombe, Lloyd, & Ratliff,
2007). However, this is an exciting avenue for further research comparing QBM models to other memory models as
well as data from older age groups.

Simulations of Infant Statistical Learning
In the previous sections, we introduced query-based memory
layers and showed that these layers implement rational induction. In addition, unlike other models of rational induction,
QBM layers can be gradually trained with gradient descent
in order to learn item embeddings that allow for inferences
beyond memory retrieval. We now turn to the specific case
of infant statistical learning to show that QBM layers readily
produce patterns observed in experimental studies.
We chose the case of infant statistical learning for two reasons. First, as presented above, QBM layers do not possess
a goal-directed attention mechanism. Since selective attention is an important aspect of learning for older children and
adults (Deng & Sloutsky, 2016), QBM layers would need to
be augmented with additional mechanisms to explain these
findings. Second, we wanted to test the ability of the model
to explain learning without the storage of new episodic traces.
Since infants have generally poor episodic memory, this was
a good test-case for the efficacy of this mechanism.
Prior research has attempted to model statistical learning
in a number of ways, including chunking and assessing the
familiarity of items in memory (Perruchet & Vinter, 1998;
French, Addyman, & Mareschal, 2011), recurrent neural network architectures (Cleeremans & McClelland, 1991), and
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others. The simulations below do not uniquely support QBM
layers, as many models can reproduce these results. Instead,
the goal of the current simulations is to show that a mechanism designed to solve a seemingly different problem (memory retrieval) can solve a much larger class of problems (prediction). Given that the hippocampus, a brain region associated with memory storage and retrieval (McClelland, McNaughton, & O’Reilly, 1995), has recently been implicated in
predictive processing and statistical learning (Schapiro, Kustner, & Turk-Browne, 2012; Schapiro, Turk-Browne, Norman,
& Botvinick, 2016; Schapiro, Turk-Browne, Botvinick, &
Norman, 2017), we believe that this is an important insight.

(Colombo & Mitchell, 2009). For our purposes, we inferred
that the model was infant-like if it a) produced differences in
prediction error for novel sequences in the same conditions
that infants show significant differences in looking time, and
b) failed to produce differences in prediction error where infants fail to produce differences in looking time.
Finally, note that, in the simulations below, we do not fit
the model. In this implementation, the model only has two
free (hyper)parameters, the learning rate (set at 0.01), and
the number of dimensions in the embedding (set at 2). With
this limited setup, we hope to show that the model produces
infant-like learning with few free parameters.

Model Implementation

Methods and Results

All of the statistical learning phenomena considered here involve sequences of discrete sets of stimuli, such as sequences
of phonemes. For explication, assume participants are shown
a sequence of items, x1 , x2 , .... During each stimulus presentation, we assume that infants try to predict the next stimulus
that will occur. Thus, the observation of item xt would cause
an infant to generate a probability distribution over items representing their prediction of what will occur at xt+1 .
As we described above, this was implemented in a QBM
layer by using a vector representing the current stimulus as a
query, and using a one-hot representation of the ith item as the
ith value. Additionally, since the model learned an embedding
for queries (Wq ) and keys (Wk ), it was sensible to use one-hot
vectors for queries (xt below) and keys (K) as well.
With these stipulations, a QBM layer could implement rational induction:

All simulations were implemented in Python using Tensorflow (Abadi et al., 2015). Embedding weights were initialized using the Glorot Uniform initializer algorithm (Glorot &
Bengio, 2010). In addition, we chose to use a 2 dimensional
item embedding across all experiments (i.e., our embedding
matrices had 2 columns) in order to simulate infants’ limited
representational capacity (this forced items to interfere with
each other even under optimal performance). Finally, to simulate the effect of different initial embeddings, all simulations
were run 100 times and model results were collectively considered as a sample for statistical inference.
During learning, stimulus presentation to the model was
matched to the original papers, and Wq and Wk were altered
via stochastic gradient descent. Because the model outputs
a probability distribution, we used categorical cross-entropy
loss as an error signal, comparing model predictions to a onehot vector representing the true next stimulus. During testing,
no updates were performed. To assess model surprise during
test conditions, we calculated the mean loss per sample for
each condition reported in the original paper, and considered
this value as a measure of surprise. We then used paired sample t-tests to assess the discrimination of the model.

Pr(xt+1 |xt ) = so f tmax((xt Wq )(KWk )T )V

(21)

This mechanism is presented schematically in Figure 3. At
the start of learning, the embedding matricies Wq and Wk were
randomly initialized. Then, gradient descent was used at each
time step to change the embeddings, ultimately reducing the
prediction error. Note that, for each simulation, the model
was exposed to the same number of stimuli as infants in the
original studies.

Figure 3: A QBM layer applied to statistical learning.
The model was tested by having it predict sequences of
generalization items. This followed a typical habituation
paradigm, where infant learning is inferred by differential
looking times to novel sequences of stimuli after habituation

Word Segmentation: Saffran, Aslin, and Newport (1996)
In this study, 8-month-old infants were presented speech
streams of syllables containing statistical regularities. During a familiarization phase, infants heard speech consisting
of many instances of four novel words made from combinations of 3 syllables. In Experiment 1, infants were able to discriminate between previously-heard words and novel words
constructed using the same syllables, t(23) = 2.3, P < 0.04.
Then, in Experiment 2, infants were able to discriminate previously heard words from repetitions of ”part words” t(23) =
2.4, P < 0.03. Part words were generated using the final syllable from one word and the first two syllables of another word.
The model was trained on sequences equal in length to
those used for infants. Paired samples t-tests revealed that the
model was more surprised by novel words than previouslyheard words in Experiment 1, t(99) = 18.40, P < 0.001, and
in Experiment 2, t(99) = 16.81, P < 0.001. Therefore, the
model showed the same pattern of discrimination as infants.
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Artificial Grammar: Gomez and Gerken (1999) This
study presented 1-year-old infants with speech generated using an artificial grammar with five words. During an acquisition phase, participants were exposed to sentences generated
from the grammar. Then, during test, participants were presented grammatical and ungrammatical strings. Experiment
1, simulated here, tested whether infants could discriminate
grammatical strings from strings with an invalid endpoint. A
repeated measures ANOVA found that infant looking times
were affected by grammaticality, F(1, 15) = 9.09, p = .01.
To simulate the experiment, strings were created by
including all valid words as well as a start point and endpoint
symbol, appearing at the beggining and end of each sentence
respectively. A paired samples t-test found that the model
was more surprised by strings with an invalid endpoint than
by novel grammatical strings, t(99) = 6.83, P < .001.
Nonadjacent Dependencies: Gomez and Maye (2005) In
this study, 12 month old infants were presented with strings
of novel words that contained predictable nonadjacent dependencies - predictable regularities that span longer than a single transition. They were then presented with novel utterances that obeyed or violated the nonadjacent dependencies.
We simulated results from Experiment 2B, where infants did
not show evidence of discrimination between novel grammatical and ungrammatical sentences, t(23) = 0.52, P = .950.
As in the previous simulation, we included symbols denoting the start and end of a sentence. Otherwise, model exposure was identical to stimuli shown to participants. The
model also failed to detect a difference between grammatical
and ungrammatical strings, t(99) = 1.09, P = .277.
The failure of both infants and the model to learn nonadjacent dependencies is revealing. The model fails to
learn because, in this simple implementation, there is no
mechanism to incorporate information from more than one
time step prior. This could also be the case for young infants,
who often fail in tasks that require retaining information
through time (Ross-Sheehy, Oakes, & Luck, 2003).
Combined Results In sum, Query-Based Memory was able
to reproduce four findings from infant statistical learning.
The model was able to learn transition probabilities during
word segmentation as well as discriminate grammatical and
ungrammatical utterances in an artificial grammar learning
task. However, it was not able to learn every pattern, and
struggled to learn nonadjacent dependencies in a task where
12 month old infants show little evidence of discrimination.
Overall, these findings provide an encouraging sign that
Query-Based Memory layers reproduce some important phenomena in statistical learning via representational change.
We do not claim that these results are unique to QBM models.
However, they give a solid starting point to continue investigating this mechanism and other capabilities of QBM models.

Discussion
In this paper, we showed that Query-Based Memory (QBM)
models, widely used to solve machine learning problems in
NLP, are also rational models of induction. We proved that
QBM layers are equivalent to a rational probabilistic model
combined with a cluster-based inference mechanism. However, unlike other approximately rational models, QBM models are differentiable, and can be used to learn incrementally
via gradient descent. In particular, this allows QBM layers to
learn representations of items that are amenable to inference
using the specified probabilistic model.
Formally, these findings have several consequences. First,
though other authors have interpreted the outcome of an attention layer as a probability distribution (Vinyals, Blundell,
Lillicrap, Wierstra, & Kavukcuoglu, 2016), we are the first
to derive the representation of dot product attention as a radial von Mises mixture model. This analogy may prove to
be helpful for machine learning applications, as it allows us
to ask whether typical implementations of QBM layers may
benefit from reparameterizing the model to allow for better
performance.
In addition to our formal findings, we also showed that
QBM layers are able to reproduce four important findings
in infant statistical learning. This suggests that infants may
succeed in these tasks without storing new memory traces.
Instead, our model was able to learn by altering the pattern
of activation elicited by items, as well as the pattern of activation needed to retrieve an association, via self-supervised
learning. Modifying item representations is a important aspect of perceptual learning (Goldstone, 1998) and has been
hypothesized to occur in adults as a product of semantic exposure (Hofmann, Muller, Rolke, Radach, & Biemann, 2020)
and category learning (Goldstone, Lippa, & Shiffrin, 2001).
Future work can attempt to correlate the representational
changes predicted by QBM models with human behaviors.
Additionally, QBM Layers have been shown to be equivalent to modern Hopfield Networks (Ramsauer et al., 2021),
which have been suggested as a model of hippocampal function, specifically for pattern completion in subfield CA3
(Rolls, 2013; Janarthanam, Vishwanath, & Shanthi, 2020).
Recent findings suggest that the hippocampus plays a role in
statistical learning (Schapiro et al., 2016), with CA3 involved
in the prediction of upcoming items (Schapiro et al., 2012).
Future work can explore the relationship between QBM layers and hippocampal function as well as compare QBM layers to other explanations of hippocampal development and its
relation to statistical learning (Schapiro et al., 2017).
Finally, though our simulation study focused on learning
via representational change, QBM models can also learn by
storing new exemplars. In the future, we hope to expand the
simple QBM model to include other cognitive processes such
as memory storage and selective attention. Including these
additional mechanisms will allow QBM models to be applied
to more complex tasks, as well as tasks involving older age
groups where these mechanisms play a crucial role.
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Abstract

mon ground and what is private (Heller, Parisien, & Stevenson, 2016), which requires agents to coordinate their divergent minds. To achieve this, we turn to a previously studied phenomenon: paternalistic helping (Martin, Lin, & Olson, 2016). In the following sections, we introduce a set of
components that allow us to build a flexible model of communication using the principle of paternalistic helping.
Overloaded communication in a visual scene has been empirically studied in psychology (J. B. Misyak, Melkonyan,
Zeitoun, & Chater, 2014). We model the task in one notable
study in which cooperators use and understand overloaded
signals in the form of tokens, which can either mean “open”
or “avoid”, to collect bananas (rewards) and avoid scorpions (punishments) hidden in boxes (J. Misyak, Noguchi, &
Chater, 2016). We show that partners who have never interacted with each other before can successfully use ambiguous signals by forming instantaneous conventions that change
flexibly, depending on context.

Even simple, ambiguous signals can have a rich interpretation
when viewed in the context of an interaction in a shared environment. We create a model called Paternalistic Communication by combining an existing model of overloaded language – Rational Speech Acts (RSA) – with a full agent model
of Theory of Mind (ToM). This integration allows signals to
be processed in conjunction with common ground in a principled manner dependent on task-dependent action utilities. This
modeling perspective treats communication as a way to coordinate diverging perspectives in a cooperative setting. Under
Paternalistic Communication, a speaker decides what to say
by predicting their partner’s reaction based on the information in common ground and then evaluates those reactions using their own mind which may contain additional information.
We demonstrate the flexibility and performance of Paternalistic Communication in a case study with ambiguous signaling
through a set of simulations.
Keywords: communication; common ground; Theory of
Mind; Bayesian inference; pragmatics

Introduction
You’re walking with a friend in winter when your friend yells
“careful!” You look down and observe a patch of black ice
underfoot. Without context, “careful!” can mean countless
things; however, in context, this sets off a rich inferential process: What is your friend referring to? (the ice) How should
this knowledge change your beliefs? (the ground will be slippery) How should this change your actions? (falling hurts,
so tread carefully). Traditional models of communication assume that words and their meaning have a one-to-one mapping predefined outside of the current exchange (Shannon,
1948; Valiant, 1984) which would fail at explaining this example. However, instead of an encoding and decoding process, human communication is highly dependent on understanding what is relevant in the current context (Sperber &
Wilson, 1986) allowing us to be incredibly successful at expressing rich meaning using sparse, overloaded signals. In
this work, we propose a model of signaling that targets how
the context of the situation can help solve signal ambiguity.
The example above highlights communication as a cooperative tool for helping, yet communication is a unique type of
helping for two reasons. First, it is not the same as instrumental helping because instead of taking actions that change the
world, communicators send signals to change the mind. Second, communication requires coordination of minds. Communicators simultaneously track what is shared in the com-

Background
Common Ground
Common ground is mutually shared, public knowledge assumed between communicators. While common ground is
theoretically established through infinite recursion (Lewis,
1969), in practice communicators likely assume some common knowledge (Clark & Marshall, 1981). Communication
can be viewed as a mechanism to add information to this
common ground. In turn this narrows the scope of reasonable signal interpretations (Clark & Brennan, 1991; Clark
& Marshall, 1981) making communication more efficient:
brief, indirect, and instantaneous. Even pre-linguistic infants use common ground to resolve ambiguity in communication, namely through pointing (Liebal, Behne, Carpenter, & Tomasello, 2009; Liszkowski, Schäfer, Carpenter, &
Tomasello, 2009). Knowledge already in the common ground
does not need to be discussed, allowing brevity and increased
clarity. Thus, a simple “careful,” achieves the same effect as
a much longer signal. Finally, common ground allows for
instantaneous interpretation without requiring a history of interaction because it can be derived from the environment itself (Clark, 1996; Tomasello, 2010). We focus on this type of
instantaneously formed common ground which builds on an
intuitive understanding of others’ minds (Wellman, 1992).
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Flexible Linguistic Pragmatics
Using pragmatics to consider a signal’s context is key to understanding what someone means. The Rational Speech Act
framework (RSA) models how to understand a signal in the
context of what else a speaker could have said but chose not to
(Frank & Goodman, 2012; Goodman & Frank, 2016). Here
we describe an extension of this framework that considers additional speaker context and has been proposed in order to
capture signaler types or affects (Goodman & Frank, 2016;
Kao, Wu, Bergen, & Goodman, 2014).
First, a pragmatic speaker ps chooses a signal from a set
of possible signals and signaling type c to describe a target
referent or world state w. Signals are treated as a type of
rational action, subject to a utility soft-maximization, where
β ∈ [0, ∞) represents the degree of rationality (Luce, 1959).
Here, the utility of a signal can be calculated by reasoning
how a pragmatic listener (pl) will interpret that signal:
Pps (signal, c|w) ∝ eβPpl (w,c|signal)

(1)

The pragmatic listener models signal interpretation using Bayesian inference, which requires a simple generative
speaker model likelihood. A literal speaker ls provides an entering point to the recursive reasoning that speakers and listeners can engage in ad infinitum when communicating. The
literal speaker is defined by uniformly sending true signals
according to an indicator function of whether a signal is consistent with the referent state w given the speaker type c. The
prior term is defined over both speaker type and state, which
are assumed to be independent.
Ppl (w, c|signal) ∝ Pls (signal|w, c)P(w)P(c)

(2)

RSA is grounded in cooperative logic from linguistic theory which proposes that communicators should choose maximally efficient and straightforward signals (Grice, 1975).
While some recent work has begun to develop in the direction
of adding action context (Sumers, Hawkins, Ho, & Griffiths,
2021) or grounding pragmatic signals within a utility-driven
task (McCarthy, Hawkins, Wang, Holdaway, & Fan, 2021),
RSA has primarily been used in purely linguistic settings. In
these cases, speakers have the communicative goal of describing a referent by reasoning about how different signals are expected change the listener’s beliefs, but in reality communication can be several steps more indirect than this; we communicate about not only referent states (What?) but also social
motivations (Why?) and interactions in the shared physical
environment that can achieve those motivations (How?).

Tying Signals to Actions: Bayesian Theory of Mind
Theory of Mind (ToM) posits that when deciding how to act,
one should rationally take actions that achieve desirable utilities with respect to their underlying mind which contains beliefs, desires, and intentions:
P(action|mind) ∝ eβE[U(action,mind)]

(3)

ToM has been successful in a variety of action interpretation tasks (Baker, Jara-Ettinger, Saxe, & Tenenbaum, 2017;
Kleiman-Weiner, Ho, Austerweil, Littman, & Tenenbaum,
2016) where an observer uses Bayesian inverse planning to
infer the likely mental states that generate observed actions:
P(mind|action) ∝ P(action|mind)P(mind)

(4)

ToM and RSA are both models of rational decisions with
respect to a utility maximization, but where do these utilities come from and why do they matter? We use ToM’s
formulation of agency to connect a signal back to its action
utility under the task since, unlike instrumental actions, signals do not directly change the world. We follow the tradition of casting communication as a planing problem driven
by a task-based utility maximization, often seen in artificial intelligence (AI) works (Russell, 2019). AI modeling
work has shown that grounding communicative interactions
in action consequences can tie the value of a signal to the
value of expected outcome actions (Gmytrasiewicz & Durfee, 2001; Gmytrasiewicz & Doshi, 2005). These approaches
are promising in formalizing signal utility but assume a fixed
one-to-one mapping between the signal and meaning. To
move beyond codebook mode of communication, we integrate the RSA linguistic pragmatics with a task-oriented definition of signal utility.

A Paternalistic Perspective on Communication
To understand how communication serves to coordinate
minds, it is useful to view cooperative communication as a
type of paternalistic helping. Here a speaker understands and
predicts a listener’s actions according to shared knowledge
but evaluates them according to private knowledge. For example, parents often make decisions for their children “for
their own good,” regardless of the child’s preferences. A paternalistic perspective has been successful in modeling how to
interpret helpful pointing under ambiguity (Jiang et al., 2021).
Paternalistic helping acts as a binding agent between common ground, RSA, ToM, and signal utilities derived from
actions. A pragmatic paternalistic signaler chooses what to
say by evaluating the utility of different signals, equivalent
to the pragmatic RSA speaker (Equation 1). However, instead of deriving utility directly from the listener’s beliefs
Ppl (w, c|signal), we replace this with a more general utility function grounded in task-specified actions stated below.
The speaker creates an expectation of how good a signal is
by predicting how a receiver will act upon hearing the signal P(a|signal) using public, common ground information
mindcg and evaluates how good that action is U(a, mind) using private knowledge within their own mind:
E[U(signal, mind)] = EP(a|signal,c) [U(a, mind)]

(5)

There are two terms connecting signals to actions. First,
P(mindcg |signal, c) can be derived from inverse planning in
ToM where signals are treated as a type of rational action
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(Equation 4) and is similar to modeling a RSA listener (Equation 2), but is capable of reasoning more generically over
other components of the mind. Second, P(a|mindcg ), which
can be derived from ToM rational action planning (Equation
3).

P(a|signal, c) =

∑

P(mindcg |signal, c)P(a|mindcg ) (6)

mindcg

Here, the signal and speaker type are assumed to be independent from other components of the mind. The integration
of common ground, ToM and RSA under the paradigm of paternalistic helping gives a flexible, context driven approach to
overloaded communication.

Figure 1: Schematic of Inversion condition setup for experiment. Information is split into agent specific knowledge and
shared common ground.
Condition
Two Token
Inversion
One Ax
Wall

Case Study Modeling
We demonstrate the power of Paternalistic Communication
(PaCo) by modeling a case study with impromptu, overloaded
signaling: Misyak, Noguchi, Chater (2016). Through a nonlinguistic cooperative communication task, the authors empirically demonstrate that humans coordinate to form instantaneous conventions using contextual cues from the common
ground, even when a signal can mean opposite things (“go
to” or “avoid” a location). We provide a computational account of these behaviors as a special case of ambiguous communication captured by PaCo and compare it to a baseline
model: the version of RSA pragmatics adapted for speaker
type. Context in PaCo includes both the world features and
how an agent can act based on the knowledge of those features; whereas, RSA is only able to consider world features.

Task
During each trial, participants saw three boxes, each containing either a banana (a reward) or a scorpion (punishment).
The goal of this task was to open as many boxes with bananas as possible while avoiding boxes with scorpions. The
signaler had full information about the contents in the boxes
but could not open them. The receiver has no information
about the contents in the box but could use axes to open the
boxes. At each trial, the signaler had some number of tokens
to mark boxes with to provide information to the receiver, and
the receiver had some number of axes to open boxes. Both individuals knew how many tokens and axes were available (see
Figure 1). Extra information about the total number of bananas and scorpions was either shown in the common ground
or occluded by a wall to hide that information (not shown in
figure). Four key conditions highlighted how humans flexibly convey meaning across context: Two Token, Inversion,
One Ax, and Wall, summarized in table 1. Our analysis focuses on a version of this game with one-shot interactions between partners that represent instantaneously formed conventions without learning and rapport building over a sequence of
plays (see Experiment 2 (J. Misyak et al., 2016) for details).
This experiment emphasizes the importance of common
ground as context to solve ambiguous communication. It

Tokens
2
1
1
1

Axes
2
2
1
2

Wall Present
False
False
False
True

Table 1: Experimental conditions in (J. Misyak et al., 2016)
fully supports a ToM model with beliefs about the possible
contents of boxes and desires to collect reward and avoid
punishments for utility maximization which compose mindcg ,
and axes that can be used to open boxes which define possible
actions a ∈ A. In this context, mindcg is effectively equivalent
to w in Equation 1, but can naturally generalize to include uncertainty in joint desires. The number of tokens defines the
space of all possible signals, while the number of axes, rewards, and signals define a prior over the shared content of
the common ground. Communication in the task is always
fully overloaded because placing a token on a box can have
two opposite interpretations: “go there” or “avoid that,” depending on the speaker type c. Thus, disambiguation occurs
on a trial-by-trial basis as receivers flexibly and jointly infer
the tokens’ meaning and, as a direct consequence, the boxes’
contents.

Simulation 1: Capturing Human-like Use of the
Same Signal for Opposite Meanings
While RSA can use signals flexibly to maximally resolve beliefs about the world state this may not always be the optimal
communication strategy: a fact which humans are sensitive
to. For example, in the Inverse and One Ax conditions the
world state and available signals remain the same. However,
in the One Ax condition, because participants can get at most
one reward, extra information about the second reward is extraneous. Humans use tokens to denote punishments in the
Inverse condition (providing maximal information about the
world) but in the One Ax condition where they could provide
maximal information by marking punishments, they tend to
use their token to mark a reward (providing an action directive). Signaling in opposite ways in these two conditions relies on the signaler’s expectation formed through ToM action
prediction that the receiver will act differently based on the
rational integration of beliefs and the available actions. We
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predict that PaCo will robustly capture human-like flexible
use of tokens in these conditions as well as the other key conditions tested in the original study.

Methods
Task Specification To translate the task’s goal into an explicit utility calculation, we assign a positive value (+1) for
each banana and a negative cost (-1) for a scorpion. Unlike
traditional RSA, this cost ratio could natural vary using PaCo;
however, this is not a factor considered in the original behavioral experiment, thus we choose a fixed constant where
the benefit of choosing a banana is equivalent to the cost of
choosing the scorpion. There is no explicit cost of using more
tokens, if available, following the original study. PaCo and
RSA can both be characterized by two free parameters: β and
P(open). β offers an estimation of how rational an agent is;
we assume partners are equally rational. P(open) represents
the prior distribution over signaler type. We focus on the two
types primarily employed by humans: c ∈ {avoid, open}. An
open-type signaler may only place tokens on bananas while
an avoid-type signaler may only place tokens on scorpions.
The prior over beliefs p(mindcg ) is uniformly split across all
possible assignments of bananas and scorpions; when there
is no wall, all assignments inconsistent with the common
ground beliefs are given 0 probability. To test the robustness
of the models, we compare model predictions of how the signaler will act under a wide range of parameter combinations
(β = [1, 2, . . . , 17], P(open) = [.4, .425, . . . , .675, .7]). For
each combination, we let the two models play the same task
as seen by humans in the original experiment.
Descriptive Statistics An averaged root-mean-squarederror (RMSE) quantifies how closely the model approximates
human signal generation, where a smaller RMSE indicates
better agreement between human and model. For a particular
condition, we first categorize behavior into the two strategies
a signaler could employ and take the RMSE between model x
and human x∗ distribution. Then, across the four conditions,
these RMSEs are averaged to get obtain RMSE:
1
RMSE =
∑
4 m∈Condition

s

1
∑ (xm − xm∗ )2
2 x∈open,avoid

!
(7)

Results
To understand how robust each model is to changes in hyperparameters, we calculate the RMSE across the grid of β and
meaning priors for each model, summarized in Figure 2.To
compare overall tolerance to parameter changes between the
two models, we conducted a one-sided Wilcoxon signed-rank
test for matched-pairs. Under equivalent conditions, the median error under PaCo is significantly smaller than RSA (W
= 630, p = 1.1 × 10−34 ). This supports PaCo’s robustness
across a wide range of parameters, and suggests that these
properties are not the product of over-fitting human data, but
rather, a specific example of a general class of phenomena a
paternalistic perspective is capable of handling.

Figure 2: PaCo and RSA heatmaps of RMSE for key trials:
The RMSE for each model and parameter combination is represented as a color intensity in the heatmap. Lighter colors
represent better agreement between human and model.
Beyond the overall fit, we look at specific strategies employed in the four key conditions, paying specific attention
to difference between Inversion and One Ax, where humans
tend to change their strategy between conditions. To do
this, we select the parameter set that best approximates human strategies in terms of error minimization for each model
(PaCo: β = 3, P(open) = .575 results in RMSE = 2.94 × 10−2
, RSA: β = 5, P(open) = .65 results in RMSE = 7.05 × 10−2 ).
Like humans, PaCo is sensitive to the common ground:
how many signals and axes were available and the presence/absence of the wall, and instantaneously changes which
strategy is dominant between the Inversion and One Ax conditions (Human P(open): Inv =.42, One Ax = .63; PaCo: Inv
= .47, One Ax =.57). In contrast, RSA fails to make this strategy switch or even distinguish between these conditions (Inversion = One Ax = .58). Next, we explore these phenomena
through simulation results beyond the original study.

Simulation 2: Understanding the Effects of
Action Driven Utility
PaCo and RSA behave differently at capturing human signaling flexibility: PaCo derives its utility from how desirable action outcomes under the task are expected to be whereas RSA
focuses on minimizing the uncertainty in a listener’s beliefs.
We explain these differences by dividing the context into two
separate sources of uncertainty within the common ground:
world space and action space. We expect RSA to be sensitive
only to the world space knowledge, whereas PaCo’s performance should depend on whether considering the receiver’s
action space can act as a constraint on signaling. Specifically,
we expect PaCo’s action-based reasoning to become more important in cases where the world state is highly uncertain.

Methods
Task Specification We use the same task utility structure
as before, adding a small cost (-.1) per token used to encourage shorter signals. In addition, to look at how performance
varies across scaled-up environments, we expand the world to
have five boxes. Token meaning priors are set at the optimal
ones that match human performance in Simulation 1, and the
models are set to high rationality (β = 20) to emphasize theoretical performance. The number of axes are manipulated (1,
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2, 3, 4), with and without a wall. The number of tokens are set
to be high (3, 4) which ensures that a signaler has the means
to send a longer signal if desired. Similarly, the number of
rewards are set to be high (3, 4) which ensures the possibility
of achieving a high utility. We sample N=250 environments
for each combination of wall and number of axes.

Constraints of the action space help reduce the space of reasonable signals; however, when the wall is absent, PaCo uses
more tokens than RSA, seemingly over-informing. When
PaCo judges their partner as capable, it prefers a longer, more
cautious signal to ensure clarity even when a shorter signal
can be understood with high probability.

Descriptive Statistics To test how PaCo and RSA communicated using different strategies, we used the KullbackLeibler (KL) divergence between P, the true belief that the
signaler privately knows and Q, the receiver’s belief posterior
about the box contents mindcg to describe the uncertainty over
the set of possible beliefs M. Because the receiver’s posterior
is highly dependent on which signal they observe, the expectation accounts for the signaler’s probability of sending each
signal given the true world:
P(mindcg )
]
E[KL(P||Q)] = E[ ∑ P(mindcg ) log
Q(mind
cg )
mindcg ∈M

(8)

A larger KL divergence occurs when the receiver is uncertain
about the true state of the world, here, contents of boxes.

Results
When there is no wall, both models achieve the upper bound
of possible performance. Consistent with our hypothesis,
these models make different predictions when there is higher
uncertainty in the world from adding a wall. When the wall
is added, performance drops for both models; however, multiple comparison tests show that PaCo outperforms RSA at
each level of ax (all pad j < .05 under Tukey’s HSD) except
when there are four axes (pad j = .074) (see Fig. 3). When
the receiver has four axes, there are no constraints on the action space and thus, considering actions is not able to restrict
signaling behavior. Because PaCo cooperators take into account the receiver’s action space, a less capable agent requires
less information to do its best making PaCo predict that it is
sometimes better to tell their partner exactly how to act.

Figure 4: Proportion of tokens used by PaCo and RSA given
the available receiver actions for cases with a wall (left) and
when the shadow is present (right).
By definition, RSA always aims to provide the most informative message, whereas PaCo’s action driven utility sends a
task outcome oriented one. From Fig. 5, we see this clearly in
the breakdown of model KL divergences. When the shadow
is shown, both models always have virtually 0 divergence, indicating that the signal can fully resolve the state of the world.
However, in the wall condition, higher uncertainty leads to a
different pattern of results. RSA achieves a much smaller KL
divergence than PaCo, indicating that RSA agents are likely
to have a better understanding of the true world state, but that
this alone is not enough to succeed at the task.

Figure 5: Distribution of KL divergence between receiver belief posterior and true world state for each sampled environment. True world belief distribution is adjusted to give incorrect world states a negligible, non-zero (10−6 ) weight.

Simulation 3: Generalized Performance
Figure 3: Utility achieved as a function of axes for RSA and
PaCo with 95% CI. Dashed lines represent when there is no
wall and solid lines represent cases when there is a wall.
Even more striking, PaCo uses fewer tokens than RSA to
achieve a higher task utility under high uncertainty (Fig. 4).

Coordinating minds and maximizing a utility calculus are two
modeling pillars in PaCo. Given this, we investigate to what
extent adding recursion improves performance for PaCo and
RSA. We also use this task to examine whether PaCo’s advantage generalizes beyond the specific conditions from the
previous simulations to cases on a larger scale and with few
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constraints in the environment. We expect PaCo’s coordination of minds will reduce the need for deep recursion and allow generalization across a larger variety of settings.

Methods
Task Specification For both PaCo and RSA, we include a
simple partner where the signaler simulates a receiver, but
the receiver does not model the signaler (naive). We compare this to models with an added level of recursion to the
receiver to see how having a partner model can change performance (pragmatic). To scale up reasoning in the environment, we look at environments with three to six boxes and
remove all free parameters from the models, focusing on how
well the models can perform in general settings without any
prior biases. To measure the best possible performance under
uncertainty, partners greedily select the action or signal with
the maximum expected utility. We put a uniform prior over
a token’s meaning and remove all signaling costs. We then
uniformly sample from the space of possible worlds all possible worlds with three to six boxes which have at least one
scorpion and one banana. The number of axes and tokens are
sampled independently such that there is at least one and at
most n−1 for each, given a world with n boxes. The presence
of a wall is also sampled as a binary variable. Each model at
each reasoning level has a total of 3000 simulated trials.

Figure 6: Average achieved utility by model (PaCo/RSA) and
pragmatics (yes/no). Labels denote means.

Results
A factorial ANOVA (2 x 2) indicates a significant interaction
between receiver pragmatics (Yes/No) and model: that is, the
contribution of pragmatics on utility is different depending on
whether you’re using PaCo or RSA (p < .05). Moreover, we
see that even the version of PaCo without pragmatics is consistently outperforming RSA with pragmatics. Post Hoc analysis using Tukey’s HSD Test for multiple comparisons finds
this difference in performance to be significant (p = 0.001,
95% C.I. = [-0.4295, -0.2165]). That is, the simple version of
PaCo is still able to outperform RSA.
When comparing PaCo and RSA with and without recursion, we see that even the version of PaCo without recursion consistently outperforms RSA with pragmatics (Fig. 6).
These results indicate that PaCo’s success does not necessarily rely heavily on deep recursion. Instead sensitivity to
other task-related information may shift some of the burden

off complex reasoning. Here, PaCo’s flexibility in conveying information about actions and not just beliefs about the
environment allow it to outperform RSA, especially in the
absence of common ground information.
Both RSA and PaCo receiver models benefit from adding
pragmatics; however, this benefit seems especially large for
RSA. Even without receiver pragmatics, PaCo is able to outperform the equivalent RSA model and the more complex
RSA model. This suggests that in place of complex pragmatics, more flexible processing of the mind and actions seen
in PaCo can stand in without a cost to performance.

Discussion
PaCo builds upon RSA’s pragmatic reasoning framework by
integrating infrastructure from cognitive science to take taskdriven action context into account. This provides a holistic
view of the interplay between common ground, the mind, and
the shared environment which allows communicators to reason beyond beliefs. PaCo also uses predicted actions to determine the value of a signal, allowing us to argue for communication as a way to align cooperators’ minds. Through modeling a case study, we highlighted (1) the importance of treating common ground as a multi-faceted constraint to signaling, which requires treating partners as rational and capable
of achieving things in the world and (2) the benefit of framing
communication as a means to coordinate perspectives, which
highlights how different components of cooperators’ minds
interact to reduce reliance on deep social recursion.
In this task, restrictions on world beliefs and available actions led to different human behaviors contributing uncertainty to the common ground. While both models switch between signaling strategies, RSA selects a signal based on informativeness whereas PaCo considers action consequences
and underlying beliefs in conjunction. Using only expected
outcome utility, PaCo naturally switched between sending
signals that were maximally informative and signals that were
imperative. This behavior was supported in Simulation 2
through token usage and KL divergence in the wall condition.
These results can motivate future behavioral study exploring
this phenomenon in humans.
Moreover, achieved task utility in Simulation 2 established
the theoretical improvement of PaCo’s action-driven model
which generalized in this task, as demonstrated by Simulation 3. PaCo reached a higher asymptotic performance under maximal rationality across different sized environments
without relying on informative signal meaning priors or costs.
In addition, while increased recursion could improve performance within a model, even a shallow PaCo model outperformed a recursive RSA one as seen in Simulation 3. Principled use of common ground information ultimately allowed
PaCo signalers to use the same signal in opposite ways in
Simulation 1 to flexibly and robustly capture human behavioral data and additionally shifts some of the inferential burden of deep recursion to other heuristics such as utility.
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Abstract
When judging the relative difficulty of impossible actions
within the context of a magical world like that of Harry Potter,
individuals honor real-world causal principles (e.g., assuming
that heavier objects would be harder to levitate than lighter
ones even though levitation itself is impossible; Shtulman &
Morgan, 2017). We examined whether this effect persists
when events are presented outside of this context. U.S. (Studies
1 and 2) and Chinese (Study 2) adults were asked to rate the
relative difficulty of two impossible events that varied
according to an irrelevant causal principle in one of three
contexts: present science, future science, or magical. Though
Chinese and U.S. adults honored irrelevant causal principles to
a similar degree across the three contexts, Chinese adults’
confidence in their judgments varied by context. Additionally,
individual differences in cognitive reflection (U.S.) and fantasy
engagement (Chinese) related to judgments. Findings indicate
that adults honor irrelevant causal constraints when reasoning
about the impossible across multiple contexts, though subtle
differences exist at both the cultural and individual level.
Keywords: causal reasoning; scientific reasoning; magical
reasoning; individual differences; cultures; possibility

Introduction
Novels, plays, and movies frequently depict impossible
events: superheroes flying, objects disappearing, and potions
making people fall in love. Although all of these events are
impossible, we tend to view some of their variants as “more
impossible” than others (Shtulman & Morgan, 2017). For
example, it’s impossible for a potion to make two people fall
in love, but even more impossible if the two people are
enemies. Shtulman and colleagues investigated this
phenomenon in studies set in the magical world of Harry
Potter (Shtulman & Morgan, 2017; Gong & Shtulman, 2020).
Participants were asked to rate the relative difficulty of two
spells from the Hogwarts curriculum that were impossible for
the same reason (primary causal principle), but that differed
on another feature related to common causal knowledge (a
secondary and thus irrelevant causal principle). Participants
regularly rated one spell as more difficult than another, even
when they had the option to rate the two spells as equally
difficult. Importantly, participants’ tendency to do so tracked
the secondary, irrelevant causal principle. For example,
levitating a bowling ball was rated as more difficult than

levitating a basketball, which tracked the irrelevant principle
that heavier objects are more difficult to lift. Related work by
McCoy and Ullman (2019) found that individuals tend to rely
on their intuitive theories of the world (e.g., intuitive physics)
when judging the relative effort required for magical spells
that cause various physical violations. These data provide
valuable insight into our use of causal knowledge, indicating
that we apply such knowledge even when reasoning about the
impossible, at least within a magical context. Important
follow-up questions are: (1) Does our application of this
knowledge differ across contexts; (2) To what extent does
this application vary across individuals and cultures?
A notable feature of the work by Shtulman and colleagues
(though not that by McCoy & Ullman, 2019) is that
participants were asked to reason about impossible events
within the context of the Harry Potter universe—a magical
world familiar to many (Shtulman & Morgan, 2017; Gong &
Shtulman, 2020). Many possess knowledge of this context
from the associated books and movies, where magic is
presented as a skill taught in school, implying that some
spells are harder than others. Evoking this context may
therefore predispose participants to apply irrelevant causal
constraints when reasoning about impossible events.
Accordingly, in the present study we expanded on this work
by decontextualizing participants’ reasoning about
impossible events from a school context to a more general
magical world.
In addition, although some may be very familiar with the
Harry Potter universe, we have no direct experience within
it (e.g., as much as certain fans might hope otherwise, we
have never tried to lift a bowling ball or a basketball using
magic in Hogwarts Castle). We may therefore apply our
causal knowledge differently within this context (and others
outside of our experience) as compared to contexts with
which we have more direct personal experience. This
proposition aligns with the Construal-Level Theory (CLT)
of psychological distance (Liberman & Trope, 1998; Trope
& Liberman, 2010). According to CLT, psychological
distance is egocentric, with the self in the present context
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and Westerners differ in how they assign causal attributions.
Specifically, East Asians are more apt to consider a
perceptual and conceptual field, basing their causal
attributions more on the broader context. In contrast,
Westerners tend to attend predominantly to a single focal
object and its categorization when making causal attributions
(Nisbett & Masuda, 2003). Based on these differences, we
predicted that Chinese adults may be more sensitive to our
context manipulation compared to U.S. adults, exhibiting
greater variance in their tendency to honor irrelevant causal
principles when reasoning about impossible events.

Figure 1: Schematic showing how psychological distance
from one’s current context may track perceived constraints
on, and confidence in, possibility judgments.
constituting the reference point. Individuals think about
events removed from this point (e.g., events that are
temporally or hypothetically distant) by forming abstract
mental representations of them. More distant events tend to
be represented more schematically and concretely, with
irrelevant or inconsistent details omitted (Fiske & Taylor,
1991; Trope & Liberman, 2010). CLT suggests that
individuals may be less likely to apply real-world constraints
when reasoning about contexts that are perceived as more
distant (see relevant work by Bowman-Smith et al., 2019).
We examined this possibility across two studies by
comparing adults’ tendency to honor irrelevant causal
principles when reasoning about impossible events in three
different contexts: present science, future science, and magic.
Importantly, we chose three contexts that lend themselves
to a consideration of the extraordinary or impossible (many
scientific breakthroughs were once considered impossible),
but that differ in their psychological distance from the current
context (i.e., participants’ present experience). This
difference between the contexts may impact perceived
constraints on, and confidence in, possibility judgments
within them (Figure 1). On the other hand, the stable
mechanisms thought to underlie causal knowledge (GarciaRetamero, 2007; Gopnik et al., 2004) may lead individuals to
deploy their causal knowledge similarly across contexts.
Testing these alternative predictions should provide
additional insight into humans’ use of causal knowledge
when reasoning about the impossible.
The second goal of the present work was to examine
individual (Studies 1 and 2) and cultural (Study 2) differences
in reasoning about impossible events across contexts. We
predicted greater cognitive reflection, engagement with
make-believe/fantasy, and openness to experience would
relate to less consideration of irrelevant causal principles.
Greater cognitive reflection may help individuals correct
intuitive responses based on irrelevant constraints, while
greater make-believe/fantasy engagement and openness may
help individuals engage with—and more accurately think
about—contexts removed from the here and now.
We also reasoned that cultural differences in thinking
styles may be impactful. In a prior study, Gong and Shtulman
(2020) found that Chinese and U.S. adults honor irrelevant
causal principles to a similar extent when reasoning about
impossible events within the specific context of the Harry
Potter universe. However, research indicates that East Asians

Study 1
Method
Participants Participants were 150 U.S. adults (Mage =
34.45, SDage = 10.54, 70 female) recruited through Amazon
Mechanical Turk (MTurk). An additional 62 were excluded
for failing to pass attention check questions or complete the
majority of study questions. Participants self-identified as
White (75%), Hispanic or Latino (7%), Asian American
(7%), Black (3%), and multiracial or “other” (8%).
Participants received $1.50 for completing the study.
Materials and Procedure Participants first completed a
Reasoning Task during which they were asked to reason
about the relative difficulty of impossible events occurring
within a specific context. The context they were asked to
reason about was determined according to random
assignment to one of three between-subjects conditions: a
present scientific, future scientific, or magical context (see
Table 1 for instructions by context condition).
After reading instructions, participants were shown 15
pairs of impossible events adapted from Shtulman and
Morgan (2017) one at a time. Event pairs involved principles
spanning three domains, consistent with the previous study:
Table 1: Reasoning task instructions by context condition.
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five involved principles of physics (e.g., making a tree vs. a
bush invisible), five involved principles of biology (e.g.,
turning a person into a pig vs. into a monkey), and five
involved principles of psychology (e.g., making a person
forget their own name vs. their phone number). Each pair
violated a deep-seated causal principle (making the two
events impossible for the same reason), but differed on a
surface property related to a subsidiary principle (the
irrelevant causal principle). For each pair, participants made
a difficulty judgment, judging which of the two events would
be more difficult to perform, or whether they would be
equally difficult. They then indicated their confidence in their
judgment (selecting whether they were “not at all sure”, “a
little sure”, or “very sure” of their answer).
Reasoning Task responses were given causal principle
scores, reflecting the degree to which participants honored
the irrelevant causal principle in accordance with Shtulman
and Morgan (2017). Responses identifying the more extreme
event as more difficult (e.g., reporting it would be more
difficult to make a bowling ball versus basketball float)
received a ‘1’, since this response honors the irrelevant causal
principle (i.e., bowling balls are heavier than basketballs). All
other responses received a score of ‘0’ (e.g., reporting the
reverse, or that the two events would be equally difficult).
Independent of these scores, confidence ratings were scored
‘0’ if not at all sure, ‘1’ if a little sure, and ‘2’ if very sure.
Following the Reasoning Task, participants completed a
battery of four Individual Difference Measures in a fixed
order. This battery included a modified version of the threeitem Cognitive Reflection Task (CRT; Frederick, 2005),
which was administered to assess the tendency to engage in
cognitive reflection. During this task, participants were asked
to solve three word problems. Importantly, the correct
response for each problem required overriding an incorrect
intuitive response to reflect on what the problem was actually
asking. Participants’ responses were scored ‘0’ (incorrect) or
‘1’ (correct), with the mean across the three questions
constituting their overall CRT score.
Three additional measures were used to assess participants’
engagement with make-believe, engagement with fantasy
content, and openness. To assess engagement with makebelieve, we administered the make-believe subscale of the
Creative Experiences Questionnaire (CEQ; Merckelbach, et
al., 2001). It consists of five statements describing makebelieve thoughts, feelings, and behaviors. Participants
reported how much they agreed with each statement on a 5point Likert scale ranging from ‘1’ (strongly disagree) to ‘5’
(strongly agree). Their mean response across items
constituted their CEQ make-believe score, with higher scores
reflecting greater engagement with make-believe.
To assess engagement with fantasy content, we created a
Fantasy Engagement Questionnaire, which included three
questions probing the frequency with which individuals read
fantasy books, watched fantasy media, and participated in
fantasy role-playing games such as Dungeons and Dragons.
Participants responded to each question on a 5-point Likert
scale ranging from ‘1’ (never) to ‘5’ (more than weekly).

Their mean response across questions constituted their
fantasy engagement score, with higher scores reflecting
greater engagement with fantasy.
Finally, the openness subscale of the Big Five Inventory10 (BFI-10; Rammstedt & John, 2007) was administered to
assess imaginativeness, curiosity, and open-mindedness. It
consists of two items describing these personality features.
Participants reported the degree to which each statement
described themselves on a 5-point Likert scale ranging from
‘1’ (strongly disagree) to ‘5’ (strongly agree). The mean
response across items constituted their openness score, with
higher scores reflecting greater openness.

Results and Discussion
Preliminary analyses confirmed experimental groups were
similar in age, gender, and education level (ps > .212).
Reasoning Task Performance We first examined whether
participants honored irrelevant causal principles when
reasoning about impossible events collapsing across context
and domain conditions (see Table 2, Study 1 for descriptives).
A one-sample t-test on causal principle scores showed that
they did so at rates significantly greater than chance (33%),
t(149) = 7.62, p < .001, replicating the findings of Shtulman
and colleagues (Shtulman & Morgan, 2017; Gong &
Shtulman, 2020).
Having established that participants honored irrelevant
causal principles, we next examined whether their tendency
to do so differed by context and domain. Causal principle
scores were entered into a 3 (context: present science, future
science, magical) x 3 (domain: biology, physics, psychology)
mixed-effects ANOVA. Results showed no significant effect
of context (F(2,147) = 1.85, p = .161, ηp2 = .030), domain
(F(2,147) = 0.51, p = .603, ηp2 = .003), or their interaction
(F(4,294) = 0.62, p = .646, ηp2 = .008).
Though our manipulation did not affect participants’
tendency to honor irrelevant causal principles in their
difficulty judgments, it could still have influenced their
confidence in these judgments. We examined this possibility
by entering mean confidence ratings into a 3 (context: present
science, future science, magical) x 3 (domain: biology,
Table 3

Table 2: Proportion of participants who honored an irrelevant
The proportion of participants who honored an irrelevant causal
causal
in their judgments
of event
difficulty.
principleprinciple
in their judgments
of event difficulty.
Proportions
Study Sample Domain
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1

2

Physics
U.S.
Biology
MTurk
Psychology
Overall
Physics
U.S.
Biology
students Psychology
Overall
Physics
Chinese Biology
students Psychology
Overall

Context
Present Science Far Science
0.43
0.48
0.41
0.55
0.44
0.53
0.42
0.52
0.45
0.46
0.52
0.55
0.49
0.45
0.49
0.49
0.36
0.37
0.49
0.53
0.58
0.61
0.47
0.50

Magical
0.47
0.50
0.47
0.48
0.46
0.48
0.45
0.46
0.36
0.55
0.57
0.49

physics, psychology) mixed-effects ANOVA. Results
showed no significant effect of context (present science:
M=1.47, SD=.40, future science: M=1.46, SD=.29, magical:
M=1.39; SD=47; F(2,147) = 0.62, p = .539, ηp2 = .008),
domain (biology: M=1.42, SD=.47, physics: M=1.46,
SD=.45, psychology: M=1.45, SD=.40; F(2,147) = 0.35, p =
.707, ηp2 =.002), or their interaction (F(4,294) = 0.32, p =
.863, ηp2 = .004) on mean confidence ratings.
In summary, participants honored irrelevant causal
principles similarly and with comparable confidence across
different contexts and domains.

positively predicted causal principle scores (p = .003).
Participants who engaged in greater cognitive reflection
were more apt to honor the irrelevant causal principles when
reasoning. No other predictors were significant (ps > .148).

Study 2
The goal of Study 2 was to examine potential cross-cultural
differences in reasoning about impossible events across
contexts.

Method

Examination of Individual Differences We next examined
whether individual differences in cognitive reflection, makebelieve engagement, fantasy engagement, and openness
predicted participants’ tendency to honor irrelevant causal
principles when reasoning (see Table 3, Study 1 for
descriptives).

Participants Participants were 226 U.S. college students in
Austin, TX and 183 Chinese college students in Wuhan,
China (Mage = 20.27, SDage = 2.03, 314 female). An
additional 69 were excluded for failing to pass attention
check questions or complete the majority of study questions.
Approximately half (44%) of the U.S. participants opted not
Table 4
to identify their racial or ethnic background, with the
Table 3: Means and SDs for individual difference measures
proportion self-identifying as White (22%),
Table 4: Mean scores and SDs (in parenthesis) for secondary measuresremaining
are
by study
and sample, plus the effect of culture in Study 2.
or Latino (13%), Asian American (10%), Black
reported by study and sample, as well as the effect of culture in StudyHispanic
2.
(2%), Middle Eastern or North African (1%), and
Study 2
Study 1
multiracial or “other” (8%). The Chinese participants selfMeasure
U.S.
U.S.
Chinese
Effect of
identified as Han (90%), Hui (2%), Man (2%), Miao (2%),
MTurk
students
students
culture (p )
Zhuang (2%), and either Gelao, Menggu, Tu, or Yao (<1%
CRT
0.63 (0.39)
0.44 (0.40) 0.68 (0.31) < 0.001
each). All participants were recruited through psychology
CEQ make-believe
2.70 (0.88)
2.77 (0.85) 3.03 (0.88)
0.004
fantasy engagement
2.23 (0.84)
2.02 (0.69) 1.82 (0.70)
0.004
courses, primarily pursuing non-STEM degrees, and
openness
3.21 (0.57)
3.28 (0.78) 2.86 (0.57) < 0.001
received extra credit for their participation.
Note. CRT scores ranged from 0 (incorrect) to 1 (correct). Scores for all other
variables ranged from 1 (low) to 5 (high).

Since the influence of these factors could vary by the context
about which one is reasoning, we took a model comparison
approach. Our base linear regression model included age
CRT, CEQ make believe, fantasy engagement, openness, and
context condition (present science, far science, magical) as
predictors of causal principle scores. We compared this base
model against an interaction model that added interactions
between the individual difference measures and context
condition. Adding these interaction terms did not result in a
better model fit (p = .176). The best fitting model was
therefore our base model (Table 4), which showed that CRT
Table 4: Linear model results for predicting causal principle
scores in Study 1.

Materials and Procedure Materials and procedure were
identical to those in Study 1. A Chinese version of all
materials was created with the assistance of a Chinese native
fluent in Chinese and English.

Results and Discussion
Our analytic approach was identical to that of Study 1 with
the exception that the effect of culture was also examined.
Preliminary analyses confirmed that experimental groups
were similar in age, gender, and education level (ps > .179).
Reasoning Task Performance Analyses of Reasoning Task
Performance first examined whether both U.S. and Chinese
students honored irrelevant causal principles when reasoning
about impossible events collapsing across context and
domain conditions (see Table 2, Study 2 for descriptives). A
one-sample t-test on the causal principle scores for each
culture showed that they both did so at rates significantly
greater than chance (33%), ts(182-225) > 9.72, ps < .001.
Having established that U.S. and Chinese students honored
irrelevant causal principles, we next examined whether their
tendency to do so differed by culture, context, and domain.
Causal principle scores were entered into a 2 (culture: U.S.,
Chinese) x 3 (context condition: present science, future
science, magical) x 3 (domain: biology, physics, psychology)
mixed-effects ANOVA. We found a main effect of domain
(F(2,806) = 38.90, p < .001, ηp2 = .09) that was further
qualified by a domain x culture interaction, F(2,402) = 26.27,
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p < .001, ηp2 = .12 (Figure 2). Simple effects analyses showed
a difference in the extent to which the U.S. and Chinese
students honored the irrelevant causal principles within the
psychology and physics domains (ps < .001), but not the
biology domain (p = .932). Compared to U.S. students,
Chinese students honored the irrelevant causal principle more
in the psychology domain and less in the physics domain.
The patterns within each culture also differed. Chinese
students honored the irrelevant causal principle to a different
degree within each of the three domains—doing so most in
the psychology domain, less so in the biology domain, and
least in the physics domain (psychology > biology, p = .005;
psychology & biology > physics, ps < .001). In contrast, U.S.
students were less varied across the three domains. While
they honored the irrelevant causal principle more in the
biology domain compared to the physics and psychology
domains (ps < .002), they did so to a similar extent within the
latter two domains (p = .308).
In summary, U.S. and Chinese students honored irrelevant
causal principles similarly across contexts, but differed in the
extent to which they did so across domains. Compared to
U.S. students, Chinese students honored the irrelevant causal
principle more in the psychology domain and less in the
physics domain. They were also more sensitive to differences
between domains compared to U.S. students.
We next examined whether the confidence with which
participants reasoned about events differed by culture,
context, and domain. Mean confidence ratings were entered
into a 2 (culture: U.S., Chinese) x 3 (context condition:
present science, future science, magical) x 3 (domain:
biology, physics, psychology) mixed-effects ANOVA. We
found a significant effect of culture (F(1,403) = 16.18, p <
.001, ηp2 = .04) that was further qualified by a culture x
context interaction (F(2,403) = 3.78, p = .024, ηp2 = .02)
(Figure 3). Simple effects analyses showed that Chinese
students were more confident than U.S. students when
reasoning about both scientific contexts (ps < .001), but not
when reasoning about a magical context (p = .909). Chinese
students’ confidence ratings also differed by context
(F(2,180) = 3.80, p = .024, ηp2 = .04) such that they were more
confident when reasoning about both scientific contexts than

Figure 2: Culture x domain interaction on causal principle
scores. Mean + SE. Dashed line represents chance
performance. ***p < .001.

Figure 3: Culture x context interaction on mean confidence
rating. Mean + SE. ***p < .001.
the magical context (ps < .046). In contrast, U.S. students
were similarly confident across all three contexts (F(2,223) =
0.76, p = .469, ηp2 = .01).
We also found a main effect of domain (F(2,806) = 7.55, p
= .001, ηp2 = .02) that was further qualified by a domain x
culture interaction (F(2,402) = 7.94, p < .001, ηp2 = .04).
Though Chinese students were more confident than U.S.
students overall, they were especially so within the biology
and psychology domains (ps < .001 vs. p = .049 for the
physics domain). The patterns also differed within each
culture. Chinese students’ confidence ratings were sensitive
to domain (F(2,364) = 13.61, p < .001, ηp2 = .07) such that
they were more confident within the biology and psychology
domains compared to the physics domain (ps < .001). In
contrast, U.S. students were similarly confident across
domains (F(2,450) = 0.30, p = .742, ηp2 = .001). No other
effects were significant (ps > .117).
In summary, the confidence with which Chinese students
reasoned was sensitive to both context and domain, whereas
U.S. students were similarly confident across contexts and
domains. In addition, Chinese students were more confident
than U.S. students when reasoning about scientific—but not
magical—contexts, especially within the biology and
psychology domains.
Examination of Individual Differences We next examined
whether individual differences in cognitive reflection, makebelieve engagement, fantasy engagement, and openness
predicted participants’ tendency to honor irrelevant causal
principles when reasoning (see Table 3, Study 2 for
descriptives). Given our cross-cultural sample, we examined
whether the influence of these factors varied by both context
condition and culture. We again took a model comparison
approach. Our base linear regression model included age,
CRT, CEQ make believe, fantasy engagement, openness,
context condition (present science, far science, magical), and
culture (U.S., Chinese) as predictors of causal principle
scores. We compared this base model against models that
added interactions between the individual difference
measures and other variables. Model 1 added two-way
interactions with context condition, model 2 added two-way
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Table 7
Table
5: Linear model results for predicting causal principle
and that the “impossible” is by definition something we have
scores
in
Study
2.
Regression coefficients for predicting causal principle scores in Study 2. never observed. Indeed, impossible events may be especially
likely to evoke such knowledge.
Predictor
Estimate SE
t -value
Though Chinese students’ difficulty judgments were
(Intercept)
0.40
0.04
8.88***
similar across contexts, their confidence in these judgments
age
0.01
0.01
1.97*
was not. They reported higher confidence in scientific vs.
CRT
0.02
0.04
0.60
magical contexts, demonstrating a sensitivity to context that
CEQ make-believe
0.02
0.02
1.19
fantasy engagement
0.03
0.02
1.41
was absent in both U.S. samples. One possible explanation
openness
-0.03
0.02 -1.82+
is that this difference reflects underlying differences in the
culture (reference: U.S.)
cultures’ attitude toward science. While a growing proportion
Chinese
0.01
0.04
0.27
of the U.S. population distrusts science (Miller et al., 2006),
context (reference: magical)
present science
0.02
0.04
0.65
over 90% of Chinese individuals view scientists as role
far science
0.02
0.04
0.56
models (Li, 2011). This difference in scientific attitude may
culture x context (reference: Chinese x magical)
also explain why Chinese students’ confidence ratings were
Chinese x present science
-0.05
0.05 -1.02
higher than those of Americans within the two scientific
Chinese x far science
0.00
0.05 -0.06
culture x CRT
0.04
0.06
0.65
contexts. Another possibility is that the confidence ratings of
culture x CEQ
-0.03
0.03 -1.23
the two cultures varied due to underlying differences in
culture x fantasy engagement
-0.09
0.03 -2.87**
reasoning styles. This possibility aligns with research
culture x openness
0.00
0.03 -0.02
showing that East Asians are often more apt to consider the
F-value
1.67+
Adjusted R2
0.02*
broader context when making causal attributions, whereas
Note: SE = standard error. ***p <.001. **p <.01. *p <.05. +p <.10.
Westerners tend to focus predominantly on one focal object,
attending less to the context (Nisbett & Masuda, 2003). This
interactions with culture, and model 3 added three-way
difference may explain why only the Chinese students’
interactions with context condition and culture. We found
confidence ratings were sensitive to context.
that model 2 resulted in a marginally better fit than the base
Chinese students also demonstrated greater sensitivity to
model (p = .050). Model 1 did not result in a better fit than
the domain manipulation than did U.S. students. While
the base model, and model 3 did not result in a better fit than
Chinese students’ causal principle scores and confidence
model 2 (ps > .687). The best fitting model was therefore
ratings varied based on whether physical, biological, or
model 2 (Table 5), which revealed a significant negative
psychological principles were invoked, those of U.S. students
interaction between culture and fantasy engagement on
did so only minimally (and only in Study 2). This pattern
causal principle scores (p = .004). According to this
provides additional support for a potential difference in
interaction, Chinese students who engaged more with fantasy
reasoning style between the two cultures, with the U.S.
content were less apt to honor the irrelevant causal principles
sample less likely to take into account a conceptual field (i.e.,
when reasoning overall. Age also emerged as a significant
scientific domain) when reasoning about the impossible.
predictor (p = .049), indicating that older students were more
A final goal of this study was to examine whether
likely to honor the irrelevant causal principles. A
individual differences in cognitive processes and experiences
nonsignificant trend for openness to negatively predict causal
relate to reasoning about the impossible. Study 1 found that
principle scores suggests that this variable may have also
Americans who engaged in greater cognitive reflection were
been impactful (p = .069). No other predictors approached
more likely to honor irrelevant causal principles. This was
significance (ps > .161).
surprising, as we had expected that greater cognitive
reflection would enable participants to override or correct
General Discussion
intuitive responses based on irrelevant constraints. Study 2
did not replicate this finding. Study 2 did, however, show that
Across two studies, we replicated prior work (Shtulman &
greater engagement with fantasy content in Chinese students
Morgan, 2017; Gong & Shtulman, 2020) showing that
predicted less consideration of irrelevant causal principles.
individuals honor irrelevant causal principles when reasoning
However, this relation was not observed in US participants.
about impossible events within magical contexts, leading to
Future work is needed to clarify the role of these factors in
graded notions of impossibility. We also extended this work
reasoning about the impossible.
by showing that individuals do so not only within the context
Though the impossible is absolute, our findings suggest
of a specific magical world, but also within both present and
that reasoning about it is not. There appears to be a strong and
far scientific contexts. That both U.S. and Chinese
widespread tendency to honor irrelevant causal constraints
participants applied irrelevant causal knowledge similarly
when reasoning about the impossible across multiple
across these three contexts suggests that humans are strongly
contexts. And yet, subtle differences exist at both the cultural
inclined to evoke causal knowledge—even if irrelevant—
and individual level. Future work that examines the
when reasoning about impossibility in general. This is
functional consequences of this variability could provide
perhaps reasonable given that a touted benefit of causal
valuable insight into how differences in reasoning about the
knowledge is the ability to make predictions about actions
impossible impact the world in which we live.
without ever having observed them (Buchsbaum et al., 2012),
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Abstract

When comparisons do happen, the tasks used still lie on either
extreme. Wang et al. (2018) proposed a meta-reinforcement
learning (RL) model performed by a recurrent neural network that explained well diverse findings regarding the role
of dopamine and pre-frontal cortex in reward-based learning.
They compared human behavior and neural activities with the
model on the two-step task, the simplest task that allows for
planning (Daw et al., 2011). The model generated reward
prediction error related activities similar to those in the human ventral striatum, yet the behavior of the model is fully
model-based, in contrast to human’s mixed strategy. On the
other hand, in addition to using human players as baselines,
AI research on Chess and Go often examines moves made under specific situations by the AIs to see if and when they have
learned human concepts about the game (Tian et al., 2019;
McGrath et al., 2021), or have developed non-standard strategies beyond the scope of traditional human knowledge (Silver
et al., 2017; Dou, Ma, Nguyen, & Nguyen, 2020).

Deep reinforcement learning agents such as AlphaZero have
achieved superhuman strength in complex combinatorial
games. By contrast, the cognitive science of planning has
mostly focused on simple tasks for experimental and computational tractability. Using a board game that strikes a balance
between complexity and tractability, we find that AlphaZero
agents improve in value function quality and planning depth
through learning, similar to human in previous modeling work.
In addition, these metrics reflect causal contributions to AlphaZero’s playing strength. Yet the strongest contributor is
the policy quality. The decrease in policy entropy also drives
the increase in planning depth. The contribution of planning
depth to performance is lessened in late training. These results contribute to a joint understanding of machine and human
planning, providing an interpretable way of understanding the
learning and strength of AlphaZero, while generating novel hypothesis on human planning.
Keywords: Human-DNN comparison; Planning; Learning;
Interpretable Machine Learning;

Introduction
There has long been a positive mutual influence between research on artificial intelligence (AI) and research on human
intelligence (Turing, 2009; Lake, Ullman, Tenenbaum, &
Gershman, 2017). The recent success of deep learning has
inspired a plethora of work comparing deep neural networks
(DNN) and biological neural networks, on both neuronal and
behavioral levels, using such comparison to further our understanding of both sides. For instance, DNNs have been shown
to be good models of neuronal activities in the human ventral
visual cortex (Yamins & DiCarlo, 2016). Shape bias in object categorization similar to that of human children has been
found in a DNN model of one-shot learning (Ritter, Barrett,
Santoro, & Botvinick, 2017).
Despite the fruitful comparisons in the field of vision, they
have been less common in the field of planning, defined as a
cognitive process in which the decision-maker mentally simulates future states, actions or outcomes in a decision tree.
One obstacle comes from the lack of alignment of the tasks:
artificial intelligence research has focused on solving complex tasks like Chess (Silver et al., 2018) and Go (Silver et
al., 2017), while cognitive science and psychology have favored detailed modeling using simple tasks like the two-step
task in (Daw, Gershman, Seymour, Dayan, & Dolan, 2011).

We aim to complement the above line of comparative work
by using a task that is challenging enough for both humans
and artificial agents while being computationally tractable.
Therefore, we use 4-in-a-row, a variant of tic-tac-toe in which
two players alternate placing pieces on a 4-by-9 board, aiming to get four pieces in a row horizontally, vertically, or diagonally. van Opheusden et al. (2021) developed a computational model for human planning in 4-in-a-row. They showed
that the playing strength of human subjects increased with
experience. More specifically, the quality of their value functions and planning depth increased.
In the present study, we compare how AI and human learn
4-in-a-row. We adapt our agents from the AlphaZero family, the state-of-the-art deep RL algorithm that learns to play
board games at superhuman levels, which includes AlphaGo
Zero (Silver et al., 2017), AlphaZero (Silver et al., 2018),
and MuZero (Schrittwieser et al., 2020). For simplicity, we
will refer to our agent as AlphaZero. We characterize AlphaZero’s performance using three derived metrics: planning
depth, value function quality and policy quality. Note that
we are not using AlphaZero as a model for human. The goal
is simply to dissect AlphaZero learning and playing strength
using the similar planning metrics as in the human studies
(with one additional metric for AlphaZero). We then com-
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pare how these metrics change during learning in AlphaZero
and human and study how they contribute to AlphaZero performance.

Elo ratings, a standard way to measure play strength in board
games (Coulom, 2008).

Similar to human, the agent improves in all the metrics with
training. Using a combination of observation and causal manipulations, we show that planning metric improvements are
not epiphenomena of training, but mediate the increase in
playing strength. We also find phenomena that have not been
reported in human study. Policy quality contributes the most
to performance. The increase in planning depth is mediated
through a decrease in the entropy of the policy, reflecting a
more concentrated search process. The contribution of planning depth to playing strength diminishes at later stages of
learning. These discrepancies might either reflect mechanistic differences between machine and human planning, point
to phenomena only observable in the more extreme end of
the spectrum in human expertise, or highlight alternative hypotheses about human planning. Our result not only disentangles contributions to the playing strength and learning of
AlphaZero, but also inspires future research directions in human planning.

Results
We trained AlphaZero type deep RL agents to play 4-in-arow. AlphaZero uses a DNN to guide its Monte-Carlo tree
search (MCTS). Given the input (a board and optionally the
player’s color), the DNN returns an immediate value v of a
board, indicating how likely the current player will win/lose
from this board. The DNN also returns a policy p (or p(a|s)
for a board s and move a), a prior probability of selecting an
action before doing any tree search. MCTS simulates future
actions and states in a way that balances exploration and exploitation. It then integrates those results to inform current
decision. The training involves using self-play to generate
training data. Stochastic gradient descent (SGD) based optimization is used to train the DNN to predict past game results
and its own post-MCTS action probabilities. After ten training epochs, the updated model plays against the current best
agent to determine its acceptance/rejection. The accepted
model will become the new data generator. If the updated
model is rejected, it is either kept to be trained again (same
as in AlphaGo Zero), or reverted back to the previous best
model. One training iteration consists of a whole cycle of data
generation, DNN parameter update, and evaluative games.
Using thirteen sets of hyperparameters, we produce thirteen
Networks. We call models sharing the same hyperparameter
set and initialization during training a “Network”, to distinguish this concept from an individual iteration saved during
training, which we call an “agent” or a “model”. Thirteen networks (497 agents) show diverse playing strength and planning metrics (Figure 1). The choice of the hyperparameters is
not systematic. The goal is simply to add variations in playing strength and planning metrics. A round-robin tournament
is held among all the models. The results are used to derive

Figure 1: Elo and planning metric comparison between
AlphaZero and human. Playing strength (Elo rating, A),
value function quality (B) and planning depth (C) of both AlphaZero and human increase with training. Solid lines represent Networks. Dotted line in (A) represents the Elo of a
strong human player, and the shade reflects the 95-confidence
interval of this Elo estimate. Human results are reproduced
from data in van Opheusden et al. (2021). The scale of
Elo ratings are different between AlphaZero (left) and human (right) and the numbers are not directly comparable because there is no tournament between human players from
prior study with our AlphaZero agents.

Playing strength increases
AlphaZero’s playing strength increases over training across
all Networks (Figure 1A; left). To obtain a human benchmark, we have the strongest human player we could find play
4 games each against 8 selected agents, with Elo ratings ranging from 140 to 242 (the best). Agents at middle training iterations already start to surpass the human bench mark, with
later agents lying above the 95-confidence interval. Human
learning curve from the previous study is recreated here (1A;
right). Our question is what aspects of the agents’ capacity have improved to enable such an improvement in playing
strength.
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Evidence for smarter trees

Policy quality improves

Prior human modeling studies in 4-in-a-row used planning
metrics to explain human learning and playing strength.
Value function quality measures how closely people’s heuristic evaluation of a board aligns with the game-theoretic value
of a board (see Methods). Planning depth reflects how many
steps into the future can one look ahead. Feature dropping
rate reflects how often people ignore features on the board
(van Opheusden et al., 2021). The study showed a learning effect on value function quality when the initial quality
is not too high, on planning depth, and on feature dropping
rate. Since AlphaZero agents don’t have human-like attentional lapses, nor are their values directly computed from on
explicit features (like controlling a 3-in-a-row on the board),
feature dropping rate is not included in our comparisons.

A more concentrated prior does not necessarily imply
“smarter” searches. A bad prior can lead a deep but misguided search. We therefore develop a metric, policy quality,
to quantify how good AlphaZero’s policies are. Policy quality reflects the correlation between AlphaZero’s policies and
the optimal policies, derived from the game-theoretic values
(see Methods). The policy quality improves over training for
all Networks (Figure 2A. So not only are the priors more concentrated, but they also align better with optimal policies, and
thus lead the search in more promising directions.

For each AlphaZero agent, we compute the value function
quality by calculating the Pearson correlation between the
DNN-returned immediate values of the probe boards and their
game-theoretic values obtained in previous work (see Methods). We measure planning depth by having each agent make
a move at probe boards, and average across the probes the
length of the deepest branch of each resulting MCTS tree.
Both value function quality and planning depth increase as
training progresses (Figure 1B and C; left). We plot previous human results here to aid comparison (Figure 1B and
C; right) (van Opheusden et al., 2021). Compared to human
learning, the increase in planning metrics are more drastic in
AlphaZero, which is expected given that human is not a blank
slate to begin with.
The increase of planning depth in human learning has been attributed only to an increase in the number of search iterations
(van Opheusden et al., 2021). By contrast, we discover that
planning depth of AlphaZero increases over training despite
the number of MCTS searches, NMCTS , being fixed. This suggests either a potential difference between humans and machines in how their decision trees change during learning, or
a potential alternative hypothesis for the mechanism of the
depth increase in humans. Here we only provide a mechanism of depth increase in AlphaZero.

Entropy of action prior mediates the increase in
planning depth
When the total search budget is fixed, one possible mechanism for the increase in planning depth could be a more targeted and less scattered search process. In AlphaZero the
targetedness of the search is largely modulated by the policy.
The policy starts out uniform and evolves to match the postMCTS action probabilities. Since the search process makes
the action probabilities be less uniform, the policy should become less uniform and thus have a lower entropy over training, defined as H(s) = − ∑a p(a|s) log p(a|s). A decrease in
entropy over training is confirmed in Figure 2B. (Similar to
planning depth, the entropy here is also averaged across probe
boards.)

Figure 2: Policy quality and policy entropy. A) Policy quality of AlphaZero agents increases with training. B) Policy entropy of AlphaZero agents decreases with training

The increase in playing strength is mediated by
planning metrics
Playing strength of AlphaZero agents increases with training
(Fig 1A; left), and we hypothesize that the effect of training
on playing strength is mediated by planning metrics. Mediation analysis shows that policy quality, value function quality
and planning depth all have a significant mediated effect on
Elo ratings (Figure 3). (We test the significance using bootstrapping procedures.)

Policy quality matters the most
Mediation analysis on each planning metric shows that
learning-induced Elo changes are mediated by planning metrics. However we cannot reliably conclude the relative contribution of each metric, since the metrics are correlated
with each other (value-policy:0.94, value-depth:0.80, depthpolicy:0.85). We first demonstrate the dominant contribution
of policy quality to performance through observational data
and then in the later sections use causal manipulations to dissect the role of value function quality and planning depth.
Policy quality, planning depth and value function quality together explain 0.95 of the variance in Elo in a linear regression, with weights: β policy = 0.92 (p < 10−20 ), whereas
βdepth = 0.09 (p < 10−5 ) and βvalue = −0.03 (p = 0.334). We
also test the dominance of policy quality by first regressing
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of depth diminishes is that the good action priors of welltrained models are sufficient to guide actions. Adding more
depth in the search might not advise major changes to the
preferences provided by the prior.

Figure 3: Mediation analysis: illustration and results. The
effect of training on Elo ratings is mediated via three planning
metrics: policy quality, value quality and planning depth.
ACME is the average causal mediation effect. Numbers next
to arrows represent the regression coefficients between variables. Asterisks denote statistical significance.

out all the other confounders (training iterations, value quality and depth) from Elo. Policy quality explains the residuals
significantly well (F = 29.11, p < 10−6 ). By contrast, neither a similar residual regression for value function quality
(F = 0.18, p = 0.668) nor one for depth (F = 2.69,p = 0.101)
is significant.

Causal manipulations reveal contributions from all
planning metrics
The planning depth and value function quality do not show
significant contribution to Elo once all the confounding factors are regressed out. But this fact by itself does not rule
out the possibility of their contribution. To arbitrate the role
of planning depth in playing strength, we causally manipulate planning depth for each iteration in the best Network,
while holding everything else about an agent constant. To
do this, we replicate an agent and then set its number of
MCTS searches (NMCTS ) to four different levels. The resulting agents are then included in the tournament. For the same
iteration (dots connected by the same line in Figure 4A.), a
higher NMCT S induces a high planning depth, which correlates positively with Elo in all iterations. As training progresses, the positive effect of planning depth on Elo diminishes, as seen from the decreasing of the slopes of the lines
in Figure 4A. We perform a linear regression (Elo ∼ depth)
for each iteration within the Network to obtain its “depth efficiency” (Figure 4B). The depth efficiency decreases as training progresses. One possible explanation for why the benefit

Figure 4: The effect of NMCTS manipulation on depth and
Elo. A) Elo vs planning depth for selected iterations and all
NMCTS manipulation of the chosen Network. Color indicates
training iteration, and marker style indicates the number of
MCTS searches. Agents with the same training iteration are
connected by a line. B) Depth efficiency vs Training iteration
for all agents. Depth efficiency is defined as the slope of each
line in A (as well as the lines for other iterations not shown
in A), which represents the efficiency of depth increase in increasing Elo. Error bars reflects the 95% confidence intervals.
For the value and policy manipulation, we select eleven models from a Network that spans early, middle and late epochs
of training (this Network has the highest policy quality and is
different from the one in the NMCT S manipulation). We swap
either the value or the policy function of a model with the
value/policy function of low, middle or the best quality. These
swap targets come from the initial, a middle (iter 22) or the
final iteration of the model within the Network, respectively.
Models from one training epoch do not have swaps with models from the same training epoch (e.g. the policy/value functions of models from early iterations (iter 1-20) will only be
replaced by those from the middle and final models).
The result shows that both value and policy contribute to performance, as equipping early models with a well-trained policy or value function improves their Elo (Figure 5). The gain
is larger with the policy swap initially, but the value swap
catches up during the middle epoch (20-35 iters), suggesting
value and policy quality can complement each other in this
intermediate range, i.e. a good performance does not require
both value and policy to be really high, but only one to be
high and the other intermediate. Swapping the policy function of a well-trained model to a naive policy is unambiguously more disruptive than swapping the value function, again
echoing the previous section in terms of the overall dominance of policy. Swapping the components of the late models
to those of the middle ones produces qualitatively similar but
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with our result of manipulating the NMCT S , all of which point
to the effect of a good policy in maintaining performance in
the absence of many searches. The appropriate complexity of
the task allows us to further quantify policy and value quality
and directly demonstrate the dominant role of policy among
the different components of AlphaZero.

200
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200
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swap policy
swap value

400
0

20

40

Training Iteration
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60

80

Figure 5: Elo ratings as a result of the value or policy function manipulation. Black markers (solid line) are the original agents across training. Colored diamond markers (half
solid line) are agents with policy functions swapped. Colored
cross markers (dotted lines) are agents with value functions
swapped. Color reflects the quality of the target of the swap:
low-blue, middle-green, best-red.

quantitatively less drastic reduction, compared to swapping
to early ones. Surprisingly, replacing the value functions of
the early models with those of the middle ones provides a
larger improvement than swapping the policy functions. This
phenomenon awaits further investigations.

Discussion
We analyzed what capacity changes underlie AlphaZero’s
learning in a game of intermediate complexity. We found
that although value function quality, planning depth and policy quality all improve during training, the improvement in
performance is driven the most by policy quality. The intermediate complexity of 4-in-a-row allowed us to compute the
game-theoretical values of board positions and therefore the
value function quality and policy quality metrics, which are
difficult to obtain in complex games such as Go.
The distinction between value and policy is worth emphasizing. Value provides a context independent common scale for
measuring all possible states (immediate value), and can be
updated during the planning/reinforcement learning process
(action value). Policy provides a context dependent relative
scale for comparing available actions at one state. In MCTS
it biases the search and does not change during the search.
The machine learning community has noted the distinct and
crucial role of policy. Hessel et al. (2021) argued that action values alone are not enough for representing the best
stochastic policy. Hamrick et al. (2020) studied the contribution of planning in MuZero and showed that planning is
most useful in the learning process, while post-learning, shallow trees are often as performant. The AlphaGo Zero study
also showed strong play from a myopic policy network without MCTS (Silver et al., 2017). These results are consistent

The previous cognitive model on 4-in-a-row assumed an objective immediate value function based on counts of desirable
(e.g. self’s 3-in-a-row) and undesirable features (e.g. opponent’s 3-in-a-row), and updated action values using bestfirst search (see Method). It did not implement a policy.
On the other hand, in several human decision making studies, direct policy learning methods better explained subjects’
choices in complete feedback tasks, falsifying the assumption of learning option-values on an objective scale (Klein,
Ullsperger, & Jocham, 2017; Li & Daw, 2011). Others, however, showed direct policy learning by itself was not sufficient and favored a hybrid scenario where values were computed, but in a context-dependent way (Palminteri, Khamassi,
Joffily, & Coricelli, 2015; Bavard, Lebreton, Khamassi, Coricelli, & Palminteri, 2018). Since these observations have
been made using simple reinforcement learning tasks where
the goal was to maximize stochastic reward, it would be interesting to experimentally test whether policy and value can
be disentangled in more complex scenarios like 4-in-a-row,
especially given that the game is strategic and deterministic.
Our agents improve planning depth through a more concentrated policy induced by training. By contrast, in humans, a
depth increase in 4-in-a-row seemed to be due to an increase
in the number of searches (Van Opheusden, Galbiati, Bnaya,
Li, & Ma, 2017). What is the origin of this difference? It
would be possible that the depth increase in humans could at
least be partly explained by “smarter” searches, but such an
explanation was not within the degree of freedoms of the cognitive model. In the cognitive model for the human (briefly
described in Method), after the current player selects the best
leaf node and simulates an opponent move, that move would
often block the current player’s feature, turning the best node
into the worst. Only after a thorough search through the alternative actions, can the initial best node regain its status.
Only then can the search advance one level deeper. Additionally, although the human study did rule out MCTS as a
good model for explaining human behavior, the MCTS they
examined differed in crucial ways. The immediate value of a
board was obtained from a rollout instead of a value function
as in AlphaZero. Nor did they incorporate a policy in selecting which node to explore. In this light, perhaps aspects of
MCTS, such as using a policy to guide tree search, could possibly help explain human behavior, but were overshadowed
by aspects that were not realistic in previous model comparisons. In any case, it would be an interesting future direction in human planning research to arbitrate between “more
searches” and “smarter searches” as mechanisms for depth
increase.
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The diminishing contributions of the planning depth on Elo
as training progresses has not been reported in human 4-ina-row studies. One possibility is that the human subjects recruited were not on the extreme end of expertise such that
deeper searches stop providing marginal utilities. Intriguingly, the early work on chess by de Groot (1965) was unable
to find gross differences in the number of moves considered,
search heuristics, and depth of search, between masters and
weaker players. But masters are good at coming up with the
“right” moves to search further. This finding allows us to
draw similarities between the masters and AlphaZero agents
at a later learning stage. It also provides some confidence
that AlphaZero could be valuable in showing a wider range
of possible behaviors than those shown in the recruited human subjects. More importantly, the chess result indicates
that something similar to the policy in AlphaZero might indeed play a crucial role in human decision making.

Method
AlphaZero
Our neural network architecture and MCTS are largely the
same as described in the AlphaGo Zero work (Silver et al.,
2017). We used 3 or 9 residual blocks in the DNN.
Training For each training iteration, we use the current best
agent to play 100 games against itself to generate the training
examples. During the first 15 steps of each self-play game,
the temperature is set to 1 to induce variability in the data. In
the AlphaZero paper, the temperature is later set to 0. Here
we include one Network whose temperature does not switch.
For some Networks, during self-play, Dirichlet noise with a
hyperparameter Dirα is added to the current root of the MCTS
tree to encourage exploration. We also include Networks
without Dirichlet noise, which deviates from AlphaZero. The
motivation for different hyperparameters is exploratory and
not systematic.
Each training example contains a tuple of (board positions
s, MCTS output π(a|s), game outcome r). The DNN value
output v is trained to match the game result r under a meansquared error loss and the policy output p is trained to match
the action probabilities π under a cross-entropy loss, with L2
weight regularization. The DNN parameters are optimized
by the Adam Optimizer, using the training examples from
the last 20 training iterations, in mini-batches of 64 examples. During each training iteration, the DNN is trained for
10 epochs. The updated network will play 30 games against
the current best. If the updated network can win more games
than it loses, it will be accepted and become the current best
network for data generation and network comparison. We
use this looser selection criterion compared to AlphaGo Zero
to encourage easier network update. Because if the updated
network is not accepted, we revert it back to the current best
network, forgoing the parameter update (different from AlphaGo Zero). But if the “continuous training” hyperparameter is true, the updated network continues training in the next

iteration, similar to AlphaGo Zero.

Measuring playing strength
We hold a tournament in which each agent plays against every
other agent once as both colors. There are 789 agents in total,
including all accepted iterations from the thirteen Networks,
as well as the agents whose NMCTS have been modified, and
those whose value or quality functions have been swapped.
The temperature is fixed at 0.1. Playing strength is quantified
by Elo ratings, computed by the BayesElo program (Coulom,
2008). The Elo ratings are computed such that the difference
between the Elo ratings of two players maps monotonically
to the probability that one player will defeat the other.

Probe boards and game-theoretic values
The probe boards are all positions (5482 positions) which
occurred in human-vs-human experiments conducted by van
Opheusden et al. (2021). The game-theoretic values of these
boards are defined as game outcomes in which both sides
play perfectly. van Opheusden et al. (2021) approximated the
game-theoretic values by searching each board for 200,000 iterations using the cognitive model. The result for most boards
converges to a game-theoretic value, while the undetermined
ones are assigned a 0 value, indicating a draw. We used these
pre-computed game-theoretic values for our value quality calculation.
The cognitive model The cognitive model is a best-first
search algorithm combined with a feature-based value function ((van Opheusden et al., 2021)). It contains other components like feature dropping rate, which is not used for the
game-theoretic value calculation, and thus will not be described in this section. The value function evaluates a board
by a weighted sum of feature counts, including desirable features like 3-in-a-row one owns and undesirable features like
3-in-a-row the opponent owns. For each iteration of the bestfirst search, the algorithm performs mini-max when traversing down a search tree, expands the tree at the leaf node
by evaluating all the children nodes of the leaf, and updates
the traversed nodes with the best mini-max value among the
newly expanded children.
During the process of writing the paper, we became aware
of the work of Uiterwijk (2019), who developed a solver for
the 4-by-9 4-in-a-row game. It would be more accurate to
derive the exact game-theoretic values using the solver, but
the current method suffices for a good approximation when a
large number of boards are included.

Policy quality
After computing the game-theoretic values for each child
board of all probe boards (used in value quality and depth calculation), we applied softmax to the values of those children
boards to get an “optimal” policy for each probe board. We
then concatenate these optimal policies of all probe boards,
and correlate the long vector with the concatenated policy
vector returned by a DNN.
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Abstract
Data were collected from a brain-computer interface speller
that utilized the P3b as a control signal. Stimuli consisted of
letters and their “segments”. Importantly, different letters were
made up of different numbers of segments from a 10 segment
library. Subjects were instructed to mentally note whenever
segments from their letter (targets) were flashed. We found
that P3b amplitudes of target segments decreased as the number of segments in a letter (target letter complexity) increased.
In contrast, the P3b attenuation was not affected by the total
number of letters a segment belonged to (segment frequency).
These results may reflect higher task difficulty caused by increased working memory load with increased target letter complexity. Alternatively, it’s possible that despite the target rate
being fixed at 30% within each block, subjects erroneously believed the target rate increased with target letter complexity.
Further work to disentangle these possibilities may enrich our
understanding of the P3b.
Keywords: EEG; ERP; P300; P3b; BCI; brain-computer interfaces, speller

Introduction
The P3b has been used to create brain-computer interface
(BCI) spellers, devices which allow people to communicate
using their brains. The first speller, an electroencephalogram
(EEG) system created by Farwell and Donchin (1988) known
as the matrix or grid speller, exploited the large body of research surrounding the P300 component of the human eventrelated brain potential (ERP). By illuminating individual rows
and columns containing letters and digits and by instructing
subjects to keep a mental count every time their desired letter – the letter they’re trying to spell – was illuminated, Farwell and Donchin gave subjects the power to “talk” off the
tops of their heads. Various improvements were suggested
and researched in regards to P3b spellers. By clustering
stimuli more efficiently (Blankertz et al., 2006) or by using
more human-salient stimuli (Kaufmann, Schulz, Grünzinger,
& Kübler, 2011), researchers were able to create faster and
more reliable systems alongside improvements in amplification and computation.
We studied data from a P3b speller with a novel paradigm
originally designed by Stivers and de Sa (2017) to probe for
letters in parallel without requiring eye movements (which
are lacking in people who are completely locked in). Multiple letters are probed centrally by flashing letter segments
that are part of multiple letters (Stivers & de Sa, 2017). The
P3b is a useful control signal as it is only elicited by taskrelevant stimuli (Polich, 2007). It is one of various P300 or

P3 sub-components, so named because it originally appeared
as a positive-going waveform that peaked approximately 300
ms after stimulus onset. Visual stimuli elicit a P3b that commonly peaks between 250 to 500 ms at parietal electrodes.
Although it is not clear what the P3b component reflects, it is
commonly associated with context-updating (Donchin, 1981)
and working memory (for review, see Polich, 2007). Classically, researchers utilized variations of the oddball paradigm
wherein a target or “oddball” stimulus is presented less frequently than the non-target or standard. Subjects are instructed to keep a mental count, make a mental response or
make a physical response when they see the task-relevant
oddball which will in turn elicit a P3b.
P3b amplitude is partially dependent on the probability of
the target stimulus relative to the non-target (Duncan-Johnson
& Donchin, 1977; Vogel, Luck, & Shapiro, 1998). P3b amplitudes are also affected by the sequence of stimuli (Donchin,
1981), and time between target stimuli (Gonsalvez & Polich,
2002; for review see Polich, 2007; Luck, 2014).
Furthermore, when multiple targets are present, the relative probability of the target class affects the amplitude of the
P3b, not just the rarity of a specific target. Kutas, McCarthy,
and Donchin (1977) originally discovered this phenomenon
in two experiments where subjects were presented with female names in 20% of trials and male names the remaining
80%. In the condition where only a single female and male
name were used, a strong P3b was elicited as expected. Interestingly, when random, one-off male and female names were
shown, similarly potent P3bs were elicited, indicating the relative probability of the target class determines P3b amplitude.
P3b amplitudes and latencies are also affected by the number of items a person is required to memorize. In 1969, Dr.
Saul Sternbeg devised an item-recognition task to probe human memory-scanning capabilities (Sternberg, 1969). The
item-recognition task consists of a set of stimuli divided into
a positive and negative set. By having this set contain relatively simple items such as digits, a subject can be given
a “positive” set for memorization before being serially presented with items of the positive and negative sets. An experimenter can then ask subjects to respond to only items in
the positive or negative set and record reaction times. Sternberg showed that as the size of the positive set increased,
so did subjects’ reaction times. Not long after Sternberg’s
work, EEG researchers began utilizing the item-recognition
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task to investigate the effects of increased memory load on
ERP components such as the P300. Roth et al. (1975) appear
to be the first to have extended Sternberg’s work with EEG
recording by having subjects complete blocks where the target set size was one, two, three, or four digits sampled from
0 to 9. Roth et al. did not find that P300 latencies were
affected by set size, but did find that P300 amplitudes decreased as the positive set size increased. Gomer, Spicuzza,
and O’Donnell (1976) conducted a similar experiment with
Latin alphabet characters and with set sizes of one, two, four,
or six and found, in contrast to Roth et al., that P300 amplitudes to positive sets did not vary significantly as a function
of set size, while P300 latencies increased with positive set
size. Whether the set size influences amplitude or latency was
explored by (Pelosi, Hayward, & Blumhardt, 1995), who suggested that decrease in amplitude as a function of increased
target set size may cause (secondary) apparent latency variations. All three of these studies had balanced positive and
negative item frequencies, e.g. the target stimulus rate was
50% and each required subjects to memorize a novel list of
items shortly before probing. To the best of our knowledge,
no subsequent work has explored the impacts of lower target rates, sets which have been previously learned, or target
stimuli with different global frequencies throughout an experiment.
We discovered a similar trend of P3b amplitudes decreasing with increasing target set size in the segment-based P3b
BCI speller. The intent of the speller was to optimize spelling
performance by probing for multiple letters in parallel centrally as to be usable by patients unable to voluntarily control ocular muscles. The speller is able to probe for letters
in parallel by showing segments that are part of multiple letters. While the speller operated successfully, the performance
was not as high as expected. In the process of analyzing the
speller’s performance, we became interested in exploring the
effects of global segment frequency and letter complexity on
the P3b. We discovered that as the number of segments in
the target letter, i.e. complexity, increased, P3b amplitudes
decreased. In contrast, segment frequency —the number of
letters a segment is in —did not significantly affect P3b amplitudes. This paper explores these findings and discusses
why these differences may have occurred and how they can
be utilized or avoided in future studies.

Methods
All data were collected as part of a larger brain-computer interface study aimed at designing a system usable by people
suffering from completely locked-in syndrome. Supplementary data, figures, and code can be found at our GitHub repository (https://github.com/desa-lab/cogsci22-damico
-desa).

Participants
7 subjects (5 naı̈ve) were recruited to participate in the experiment. While the EEG cap was being prepared, participants
were given a familiarization task where they had to identify

whether a stimulus was a target or non-target (explained below). Prior to data collection it was decided that any participant with accuracy lower than 90% on this task would be
excluded. One subject was excluded following this criterion
by having an accuracy of 81% (mean accuracy was 98% with
a standard deviation of 1.5%), resulting in a final pool of 6
subjects.

Experimental Design
Participants were enrolled in a visual speller brain-computer
interface study in which they would see letters and components (segments) of letters serially in one central location
(Stivers & de Sa, 2017; D’Amico, Mousavi, & de Sa, 2021).
The goal of the speller was to spell words one letter at a time.
The paradigm was designed to probe for multiple letters simultaneously by showing segments, which should be theoretically more efficient than showing only letters. Each of the 26
letters in the Latin alphabet in the study was represented by a
unique combination of 10 “segments” (with the exception of
the letters “O” and “D”; see Figure 2). Segments consisted
of a unique color and spatial location in a five-by-seven dot
matrix (see Figure 2). One letter or “macroblock” at a time,
participants completed three blocks wherein they were given
instructions and assigned a target letter (see Figure 1). Targets
were defined as any segment belonging to the target letter (in
blocks 2 and 3) or the target letter itself (in blocks 1 and 3),
but not letters contained within letters (e.g. the letter “I” was
not a valid target if the target letter was “T”). Non-targets
consisted of all other stimuli allowed in the block. Participants were instructed to keep a mental note of when they saw
a target.
Certain letters such as “I”, “V”, and “X” contained a single
segment, while the letter “B” contained six. In the case of
single-segment letters, 100% of the target stimuli in block 2
(segments only; Figure 1) will be the single segment. For all
letters with two or more segments, the random selection procedure is unconstrained, meaning a letter could have five segments, yet only one segment is selected for each of the three
target trials in block 2. Consequently, any letter containing
four or more segments will never have each segment selected
as a target in a single block since there are fewer allowed
targets than possible candidate targets. Furthermore, not all
segments are present in an equal number of letters, thus the
global frequency of each segment is inconsistent . For example, the blue, vertical segment 3 is present in 18 letters, while
the purple, diagonal segment 0 is present in only two. While
analyzing the data off-line, we noticed larger P3b amplitudes
elicited by the dark-green, vertical segment 9 present in “I”,
“T”, and “Y”, and thus decided to do further analyses into the
effects of target set size and global frequency on the P3b (see
Figure 2).
Stimuli were presented on a Dell P992 with a resolution
of 1280×1024 pixels and a refresh rate of 75 Hz using PsychoPy3 (improved version of PsychoPy2; Peirce et al., 2019)
PsychoPy3 was selected for its frame-perfect control of stimulus presentation. In combination with a photoresistor, it was
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Figure 1: Overview of task design. Each participant completed 26 unique macroblocks, one for each letter in the alphabet.
The order of blocks 1, 2, and 3 is fixed across all macroblocks. In each block, 10 trials are shown in total, of which 3 are
always targets and 7 non-targets. In total, each participant viewed 780 stimuli; 234 targets and 546 non-targets. All target and
non-target stimuli were randomly selected during each block.
possible to precisely synchronize the visual stimuli with EEG
recordings. Target and non-target stimuli were presented for
30 frames (approximately 400 ms) followed by an interstimulus interval of 14 frames (approximately 187 ms). While
the EEG cap was being prepared, participants completed an
online task designed to familiarize them with the letters and
segments. During this task, participants were presented with
a letter stimulus for approximately 500 ms, after which they
were presented with a random segment and asked to identify
whether or not the segment belonged to the previously shown
letter. Target rate was set at 50% during this task and the
primary goal was to assess whether or not participants could
accurately identify target and non-target segments. Each participant completed 100 trials with each letter shown approximately four times (mean 3.85, median 4, mode 4).

EEG Collection and Processing
EEG data were collected from 64 electrodes placed on an actiCAP (BrainVision, n.d.-a) following the 10-5 a.k.a. extended
10-20 system (Oostenveld & Praamstra, 2001). All analyses
were conducted using electrode site Pz. Mastoid electrodes
were placed directly on subjects and were not attached to the
cap. Impedance values of each electrode were taken below 25
kΩ before the experiment began. Cz was used as the online
reference.
EEG and auxiliary data were recorded using BrainProducts’ actiCHamp (BrainVision, n.d.-b) digitized at a rate of
50 kHz and were acquired using PyCorder. Within PyCorder,
the data were downsampled and recorded at a rate of 500
Hz. Using the BrainVision RDA server, a single labstreaming
layer (LSL; Kothe, 2014) stream was created for the combi-

nation of EEG and auxiliary data on the local machine. Data
were recorded and saved in PyCorder using the BrainVision
header format and in LabRecorder using the extensible data
format (XDF). The LSL marker stream created by stimuli presentation was synchronized with the EEG and auxiliary LSL
stream and recorded in XDF format.
Prior to filtering, data were re-referenced to the average of the mastoids. EEG data were filtered using a noncausal second-order (functionally fourth-order) Butterworth
filter with cutoff frequencies of 0.1 Hz and 15 Hz. Filter coefficients were generated as second-order sections using the function butter() and were applied using the function sosfiltfilt() from the SciPy toolbox (Virtanen et al.,
2020). For computing the amplitude of the P3b, we processed
each trial of data independently. Data were baseline corrected
by subtracting the mean activity 100 ms prior to stimulus onset from all time points in the epoch. The epoch was defined
as all activity from 100 ms prior to 1000 ms following stimuli onset. We then performed artifact rejection using simple
voltage thresholding with a threshold of 75 µV . We averaged
voltage over a pre-defined window spanning 200 to 600 ms
after stimulus onset to represent P3b amplitude. A combination of a photoresistor and an LSL marker stream were utilized for epoching wherein the LSL marker provided information about the stimulus shown such as the stimulus identity and whether or not it was a target, while the photoresistor
was used for precise synchronization at the individual trial
level. Finally, we computed grand average ERPs of target,
non-target and difference waves for each block (1, 2, or 3) and
stimulus type (character or segment). Within each of these
categories, six independent grand averages were computed,
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Figure 2: The segments and characters used in the BCI experiment. (A) Global segment frequency. Each row shows one
segment and all the letters that contain that segment; right-most number indicates the count. (B) The ten segments with uppertext representing names. (C) Letter complexity. Letters are ordered left-to-right by the number of segments they contain with
the top number indicating number of letters in each category.
one for each letter complexity level (i.e. letters containing
between one and six segments; see Supplementary Figure 1).
We also created a figure that illustrates the effects of target
letter complexity on target segment-locked ERPs (see Figure
3).
We computed onset latencies of the P3b by first filtering
the data using an identical filter as described above but with
cutoff frequencies of 0.1 and 10 Hz. Target and non-target
averages were computed within each subject and within each
letter complexity (see Supplementary Figure 1, right-most
column). In other words, epochs were categorized by the
number of segments the target letter had before averaging.
These averages were created for segment and character trials differentiated by block number. Difference waves were
then computed by subtracting the non-target average from
the target average. These difference waves were also computed separately for each of the twelve categories for all subjects. In the event that there were no target or non-target trials
for a specific segment, as was often the case when the target letter was “B”, no onset latency was recorded. We utilized a version of the fractional peak latency algorithm (see
Luck, 2014; Kiesel et al., 2008) to determine P3b onsets.
Peaks were searched within the ERP window of interest using signal.find peaks() from SciPy. We then selected the
peak closest to the average of the ERP window, which in this
case was 400 ms. The amplitude of this peak was recorded

and divided by two (50% fractional peak). An iterative algorithm then searched backwards from the selected peak until it
found a point that was within 0.005 µV of the fractional peak.
This point’s latency was determined to be the P3b onset latency. All onset latency analyses were conducted on channel
Pz.

Statistics
In order to understand how the global frequency of segments
and the complexity of target letters impacted the P3b, we performed a series of linear mixed-effects regressions on target
trials using the R packages lme4 (Bates, Mächler, Bolker,
& Walker, 2015) and lmerTest (Kuznetsova, Brockhoff, &
Christensen, 2017). Our base segment model consisted of
three fixed effects: block number (2 or 3), global frequency
(number of letters the segment was present in) and letter complexity (total number of segments in the target letter). We
had two random effects; the subject and the segment shown,
and one dependent variable: the mean amplitude of Pz from
200 ms to 600 ms after segment onset. Another model which
included an interaction between segment frequency and letter complexity was created in order to compare to the base
model. Two additional models were created by isolating target and non-target stimuli. For character stimuli, we ran similar models, with the only significant difference being the
omission of global segment frequency (which is not applicable to characters).
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Figure 3: Grand average of target segments. Averages computed using segment-locked target ERPs from blocks 2 and 3
across all subjects. There is a monotonic, near-linear amplitude decrease in the P3b window (gray) with increasing target
letter complexity (number of segments in the letter).
For both segment and character target-only trials, we also
created “α models,” which encoded the number of trials since
the previous target stimulus (T) was shown. The number
of trials since previous target was computed across all targets within a single block. The only stimuli between targets
were non-targets (N). When P3b amplitudes are plotted by
distances between targets, there is a non-linear trend. In order to better approximate a linear trend for our linear mixed
effects model, we merged all distances of three and greater
into a single category, leaving us with three categories: target
immediately followed by a target (TT), one non-target spacer
between two targets (TNT), and two or more non-target spacers between targets (TNN*T).

Results
P3b amplitudes decreased as the number of segments in the
target letter increased (see Figure 3). This trend was visible
with target segment stimuli, but not target characters (see differences between first two and last two rows, first column in
Supplementary Figure 1). The base segment model revealed
a significant effect of letter complexity (t = -2.53, p < 0.05),
block (t = -2.70, p < 0.01), and whether the stimulus was
a target or a non-target (t = 8.54, p < 0.0001), but not segment frequency. The interaction model returned insignificant
differences on everything except whether the stimulus was a
target (p < 0.0001). We compared both models using the
anova() function and found that the models were similar;
the base model fit the data better with an Akaike information
criterion (AIC) of 14,717 while the interaction model had an
AIC of 14,719. The Chi-squared test did not show significant

results (χ2 = 0.1744, p = 0.6762).
The target-only model returned a significant effect of letter
complexity (t = -2.665, p < 0.01), but nothing else, while
the non-target-only model only returned a significant effect
of block (t = 2.135, p < 0.05).
The model including the additional stimulus sequence information —“model α” —showed a significant effect of sequence (t = 4.903, p < 0.0001), letter complexity (t = -2.454,
p < 0.05), and block (t = -2.299, p < 0.05), but not segment
frequency. The model containing sequence information fits
the target data significantly better than the base target-only
model (χ2 = 23.419, p < 0.0001).
The base character model only showed a significant effect
of whether or not the stimulus was a target (t = 7.822, p <
0.0001). Neither of the target-only or non-target-only models
returned any significant results. The model accounting for sequence only found a significant effect of sequence (t = 2.880,
p < 0.01).
Onset latencies were not affected by block, stimulus type,
or number of segments in the target letter (all p > 0.1).

Discussion
P3b amplitudes to segments appear to significantly attenuate
with an increase in letter complexity as shown by the base
model and target-only models and visualized in Figure 3. We
theoretically wouldn’t expect the P3b amplitudes to change
for non-target trials, which the models confirm. Since theory dictates that only target trials should elicit a P3b and that
stimulus-order (Donchin, 1981) and time-to-target intervals
affect P3b amplitudes (Gonsalvez & Polich, 2002), we believe our most accurate model is model α. The significance
of sequence is supported by this model, which also shows significant effects of letter complexity and block on segment P3b
amplitudes. Judging from the grand-averaged segment ERPs,
both block 2 and block 3 exhibit the fairly linear attenuation
of segment-locked P3b amplitudes (see Supplementary Figure 1).
Responses to character stimuli seem to differ considerably, with no reliable patterns emerging. We hypothesize that
this is due to character stimuli being processed uniquely and
more automatically than segment stimuli. Character stimuli
are easily discriminable as they resemble standard, everyday
stimuli that are processed automatically. Segments, on the
other hand, are foreign outside the scope of this experiment,
and therefore may employ different or additional cognitive
systems. Since we hypothesize that users are processing full
character stimuli as single-length objects, we would not expect there to be any significant trend in the block 1 (character
only) trials.
We did not find any differences in P3b onset latencies
across any examined condition. This could be due to the fact
that we were unable to compute single-trial onsets due to unbalanced target and non-target classes. However, the method
we used that exploits the difference wave may be a more reliable method for detecting P3b onsets (Luck, 2014; Kiesel et
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al., 2008). One limitation of the difference wave technique
is that the number of trials per condition are not fixed, which
further complicates the fact that target to non-target ratio per
letter complexity is also not fixed. Finally, our version of the
fractional peak latency algorithm may make assumptions not
typically made by similar approaches, thus leading to unstable results. Our implementation is available in the supplementary materials.
Global segment frequency, i.e. the number of letters a segment is in, does not appear to impact the P3b in any systematic way. This suggests that although certain segments are
more common and may therefore be easier to identify than
others, these differences did not meaningfully impact the P3b.
One parsimonious explanation for these exploratory findings is that P3b amplitudes decrease because it becomes more
difficult for subjects to determine if a segment is a target when
there are more possible targets, i.e. it is possible that P3b
attenuation is caused by increased working memory requirements. With this view, the amplitude differences we found
could be similar to those found by (Pelosi et al., 1995), which
could also explain the lack of latency variation. However,
the lack of onset latency variation does not necessarily indicate that there are no processing differences across letter
complexities. Rather, it’s possible that the categorization of
targets in all cases is simply not slow enough to significantly
delay the onset of the P3b. One way to tease this apart would
be to create a modified “font” with a larger number of segments. Alternatively, it is possible that the limitation exists
in visual working memory. Visual working memory capacity
is approximately three or four objects (Luck & Vogel, 2013)
and most of the letters in our font contain three, four, and five
segments assuming that participants are chunking individual
”pixels” of matching color as a single segment, which was the
intent of the design and instructions. It is therefore unlikely
that most participants are able to accurately store the segment
representation of letters for the duration of the macroblock.
Future iterations of a visual segmented font should include
letters with fewer segments in order to reduce visual working
memory requirements.
Another explanation is that the P3b amplitude decreases
are caused by changes in subjective probabilities of targets.
Although targets are shown in 30% of all blocks, when asked
at the end of the experiment, some subjects did not realize
they saw three targets every block. It could therefore be the
case that when there are more possible target segments in a
letter, that the participant expects those segments to be presented more frequently, i.e. they may expect that the letter
“B” has a segment target rate of 60% while the letter “I” has a
segment target rate of 10%. One way to test this hypothesis is
by telling participants a priori what the target rate is, although
these instructions themselves may modify ERP components.
In summary, we found that P3b amplitudes to target segments were affected by the number of segments in a target
letter but not the global segment frequency. For subsequent
iterations of similar spellers, our work has two significant im-

plications. The first is that if the goal is to maintain consistency, all characters should ideally be composed of equal
numbers of segments, preferably between one and three. The
second is that the these differences in P3b amplitudes may be
potentially used as additional information. For example, if
a classifier is sufficiently trained to discriminate responses to
different letter complexities, it may be possible to achieve better accuracy than simply discriminating between target and
non-target segments.
Finally, determining the underlying explanation for the decreased P3b amplitude with increasing target set size may
provide more insight into the P3b in general.
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Abstract
Prior work suggests children understand how speech conveys
information and influences others’ minds. Although these
studies have focused on communication under ideal conditions, auditory noise plagues the real world, often corrupting
the transmission of information. The current study examines
how children reason about the impact of auditory noise on
communication. Children (N=72, Age:3;0-5;11) watched scenarios where a teacher tells a learner about two toys, but loud
auditory noise masks one of the explanations. When asked
which toy the learner wants to hear about again, children were
more likely to select the noise-masked toy when the learner
knew about neither toy (No Knowledge) than when he already
knew about the masked toy (Partial Knowledge). However,
their preference for the masked toy also increased with age in
both conditions. Overall, these results demonstrate children’s
developing understanding of when and how communication affects listeners’ knowledge and information-seeking behaviors.
Keywords: Cognitive Development; Language Development;
Theory of Mind; Communication; Auditory Noise

Introduction
Throughout our daily lives, we experience various kinds of
auditory signals, ranging from useful, pleasant, or captivating
to irrelevant, distracting, or even painful. Although the human brain is well equipped to process auditory input in the
presence of background noise (Kell & McDermott, 2019), at
sufficiently high levels, even familiar sounds—people talking in a busy restaurant or loud music at a party—can cause
serious disruptions in our thinking, learning, and communication. Indeed, research suggests exposure to high levels of
noise can have lasting negative consequences for speech processing (Klatte, Bergström, & Lachmann, 2013; Dockrell &
Shield, 2006), memory (Klatte, Meis, Sukowski, Schick, et
al., 2007; Sullivan, Osman, & Schafer, 2015), reading abilities (Hygge, Evans, & Bullinger, 2002), and language development more broadly (Evans & Maxwell, 1997).
Although the long-term effects of auditory noise may not
be immediately apparent, its negative impact is readily noticeable in communicative contexts. As adults, we intuitively understand how auditory noise can disrupt verbal communication, and seek to rectify its effects as speakers (e.g., by repeating information) and as listeners (e.g., by asking questions,
Clark & Brennan, 1991). Auditory noise, however, is just as,
if not more, common in young children’s lives. In classrooms,
playgrounds, and at home, children frequently spend time in
noisy environments and are often the sources of it themselves.

Although much prior work has investigated young children’s
understanding of how learning occurs in communicative contexts (e.g., Csibra & Gergely, 2009; Tomasello, 2010; Harris,
Koenig, Corriveau, & Jaswal, 2018; Gweon, 2021), less attention has been paid to the factors that hinder learning from
others, such as auditory noise, and whether children can reason about their consequences on other minds.
Imagine a teacher introducing a novel toy to one of her students. Once the teacher explains how it works (“when you
open the top, it plays music!”), one might reasonably assume
the student now knows. But what if, just as the teacher starts
talking, the school bell rings loudly and the room becomes
filled with bustling sounds of students talking, laughing, and
packing their bags? What would the student hear, and what
would he know about the new toy now? While answering
these questions might seem easy to adults, surprisingly little
is known about children’s understanding of how noise can influence the outcome of a communicative exchange. Thus, we
begin by reviewing existing literature that probes children’s
understanding of communication as a means for acquiring
and sharing knowledge in ideal, noise-free contexts. We then
introduce a paradigm that explores these questions in noisy
environments where the presence of auditory noise can further modulate the impact of communication on other minds.
Prior work suggests that an abstract understanding of communication emerges early in life. For instance, when a
speaker produces speech (i.e., a nonsense word), 12- and
even 6-month-olds expect the listener to retrieve an object that
was previously preferred by the speaker (Vouloumanos, Onishi, & Pogue, 2012; Vouloumanos, Martin, & Onishi, 2014).
Intriguingly, these inferences are constrained to speech-like
signals and do not extend to non-speech vocalization (e.g.,
coughing). These findings provide evidence that infants in
their first year of life readily understand that speech (but
not non-communicative vocalizations) can convey information from one agent to another. Furthermore, rather than
simply associating a particular kind of auditory cue (speech)
and its impact on the listener’s behavior, infants seem to appreciate communication as a coordinated, cooperative interaction between two agents. Indeed, ten-month-old infants
expect agents to look at, rather than away from, each other
when they engage in verbal communication (Beier & Spelke,
2012); meanwhile, 13-month-olds interpret variable, but not
identical, sequences of tones from one agent to another as
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carrying information about the location of a desired object
(Tauzin & Gergely, 2018). Taken together, these studies suggest even infants understand that agents can convey information to one another by communicating, and that such an understanding does not require the ability to comprehend the
meaning of speech signals themselves.
As children’s own linguistic competence and ability to reason about others’ mental states develops with age, so does
their understanding of the epistemic consequences of communication. For instance, 18-month-olds expect a previously
ignorant listener to reach for the accurate location of a hidden object after a speaker tells the listener where it is (e.g.
“the ball is under the cup”), but not when the speaker’s utterances are uninformative (e.g. “I like the cup” or “ball
and cup”) (Song, Onishi, Baillargeon, & Fisher, 2008; Jin
et al., 2019, but see also Powell, Hobbs, Bardis, Carey,
& Saxe, 2018). As listeners, 17-month-olds interpret the
referent of a novel word differently depending on whether
the speaker has a true or false belief about a desired object’s location (Southgate, Chevallier, & Csibra, 2010). As
speakers, toddlers actively communicate information to remedy others’ ignorance by both pointing (Liszkowski, Carpenter, & Tomasello, 2008; Liszkowski, Schäfer, Carpenter, &
Tomasello, 2009) and speaking (O’Neill, 1996). Collectively,
these studies demonstrate children’s developing understanding of how mental states give rise to observable behaviors,
and how such behaviors can, in turn, change observers’ mental states in communicative contexts (Gweon, 2021).
Yet, an adult-like understanding of communication entails
an abstract, theory-like representation of how agents acquire
and revise their knowledge, as well as what factors can disrupt this process. Prior work suggests such an understanding
remains elusive throughout the preschool years. When asked
to teach a learner, five- and six-year-olds can use the learner’s
prior knowledge to tailor the amount of evidence they provide, but four-year-olds struggle to do so (Gweon, Shafto,
& Schulz, 2018). Such difficulties are also reflected in children’s understanding of their own knowledge. Although toddlers can express their knowledge or ignorance by using epistemic verbs (e.g., “I know”, “I don’t know”) or asking questions (Chouinard, Harris, & Maratsos, 2007; Harris, Bartz, &
Rowe, 2017; Harris, Yang, & Cui, 2017), it is not until later
that children can clearly express how they know what they
know. Children under five years of age have difficulty reporting whether they learned about what is inside a box by seeing
it (vision), hearing about it from someone else (speech), or
figuring it out from a clue (inference; Gopnik & Graf, 1988).
Furthermore, children’s ability to reason about how learners
update their knowledge given new information continues to
develop between 4 to 7 years of age (Sodian, 1988; Magid,
Yan, Siegel, Tenenbaum, & Schulz, 2018). Although children’s “failures” in these tasks do not necessarily entail a true
lack of competence, these findings do suggest an adult-like
understanding of how communication affects other minds is
a hard-won feat.

Despite abundant work on children’s understanding of
communication, the flexibility of children’s epistemic inferences in communicative contexts is still unclear. Language
comprehension is an error-prone process due to errors in
production as well as children’s limited cognitive resources
(Gibson, Bergen, & Piantadosi, 2013); the presence of auditory noise, especially at high levels, can significantly increase the uncertainty in the relationship between what a
speaker says, what a listener hears, and ultimately, what
a listener knows. An abstract, theory-like understanding
of how communication affects others’ mental states therefore also involves understanding how compromising the fidelity of communicative channels—such as adding auditory
noise to speech signals—can result in communication failure.
Children understand how visual evidence gives rise to others’ mental states (e.g., Baron-Cohen, Leslie, & Frith, 1985;
Hogrefe, Wimmer, & Perner, 1986; Aboody, Zhou, & JaraEttinger, 2021) and adjust their own interpretation of others’
speech in noisy channels (Yurovsky, Case, & Frank, 2017).
However, little prior work has examined children’s understanding of how the fidelity of auditory sources of information affects other minds.
Here we explore how children reason about the way auditory noise can disrupt the communication of information:
do children understand that noise can disrupt learning from
speech signals, and do they expect listeners to selectively seek
information that was previously compromised by noise? To
this end, we designed a novel study that presented children
with a communicative interaction between a teacher and a
student; after the teacher’s communication was partially compromised by high levels of background noise, children were
asked what information the student wanted to hear again.

Experiment
Methods
Participants Seventy-two 3- to 5-year-olds (N=24/age
group, mean age = 4.56 years, 44.44% Caucasian/White)
were recruited through online advertisements. We collected
both informed consent from the caregivers and assent from
participants before data collection. Participants had no visual, cognitive, or neurological concerns and heard English at
least 75% of the time. An additional three participants were
ultimately excluded from analysis for caregiver intervention,
experimenter error, or technical difficulties. 100 adults (mean
age = 30, 67% Caucasian/White) were also recruited from
Prolific and participated in the study for payment. A total of
11 adults were excluded for failing an attention check, yielding 89 in the final sample.
Materials Visual stimuli were designed using Vyond Animation Software in a video format. Auditory stimuli were
recorded by the first authors and edited in Praat. All target speech, including any silences and pauses, was equalized
to an average sound pressure level of 65dB. The background
noise, taken from a preschool classroom of 4- and 5-year-old
children and adult teachers, was equalized to a default aver-
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Figure 1: Study setup and schematics of procedure. Left, top: Classroom setup in the video, showing a teacher and a student.
Left, bottom: frame from the video showing a teacher explaining a blue toy to a student. Right: (1) Participants learned
about two novel toys in the teacher’s class, including their names and functions. (2) A new student is introduced who either
knows everything about one toy and nothing about the other (Partial Knowledge) or nothing about either toy (No Knowledge).
(3) Afterwards, the teacher tells the student the names and functions of both toys, but loud auditory noise masks one of the
explanations. (4) The student expresses that they want to hear about one of the toys again and participants are asked which toy.
age sound pressure level of 40dB and increased to 85dB during the critical period when the target object was completely
masked by noise.
Procedure Children completed the experiment via Zoom
on either a desktop, laptop, tablet, or smartphone, communicating with a trained experimenter in real time. Before beginning the experimental session, caregivers were shown an
unrelated video and asked to adjust their device’s volume so
their child could clearly hear the audio. The experimenter
then guided participants through a slideshow which included
both still images and videos. Adults completed the same experiment, except asynchronously via a Qualtrics survey. (Figure 1).
The experimenter first introduced participants to an adult
female character named Teacher June in her classroom. Participants then completed two trials (order counterbalanced):
the No Knowledge condition and the Partial Knowledge condition. In the No Knowledge condition, participants saw two
novel toys from Teacher June’s class; these toys were selected from the NOUN Database and matched on complexity
(Horst & Hout, 2016). The experimenter labeled each object (e.g. “a kern”) and then described their functions (e.g.
“when you squeeze it, it spins around”). To ensure that all

participants learned the toys’ names and functions, the experimenter asked participants to repeat this information for both
toys. If they were unable to do so, the experimenter reminded
participants of the correct answers before repeating the question. All participants could correctly identify and provide the
function of each novel object by the second try.
The experimenter then showed participants a still image of
a male child character (Charles) and explained he was a new
student in Teacher June’s class who “had never seen either [of
the novel toys] before and knew nothing about them”. The
experimenter then explained: “Teacher June is going to tell
Charles about the toys in her classroom! But the classroom
is noisy today and it may be hard for Charles to hear what
teacher June is saying sometimes”. Participants were asked if
they wanted to see what happened next, and the experimenter
played a video.
During the video, while light classroom background noise
(40dB) played, Teacher June said both the name and function
of each toy. However, while talking about one of the toys
(the noise-masked toy), the volume of the background noise
increased substantially (85dB) such that the Teacher June’s
description of the toy’s label and function were very difficult
to hear. After teacher June finished describing both toys, she
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asked Charles if he had any questions. Charles responded by
saying “hmmm, I want to hear about one of these toys again”.
After the video, the experimenter showed participants a
still image of Charles shrugging in between the two toys and
asked the test question: “Charles wants Teacher June to tell
him about ONE of these toys again. Which toy do you think
Charles wants to hear about again? The [left toy color] toy or
the [right toy color] toy?”1 .
The Partial Knowledge condition featured a different pair
of novel toys and a different student (Tim). It was very similar to the No Knowledge condition except for one key difference: unlike the student in the No Knowledge condition who
knew about neither toy, the student in the Partial Knowledge
condition knew about only one of the toys, and was ignorant
about the other toy. The experimenter told participants that
Tim “had a [toy name] in his old classroom that he played
with a lot”, and that he “knows everything about it already”,
but that Tim “has never seen a [other toy name] before and
knows nothing about it”. The experimenter repeated this to
participants to ensure they understood. All other details were
identical, but critically, noise masked Teacher June’s description of the toy that Tim already knew about, but did not influence the description of the other toy.

Results
Our analysis plan was preregistered at https://osf.io/kufh5/.
Overall, as predicted, both child and adults chose the noise
masked toy more in the no knowledge condition than the partial knowledge condition (Figure 2). In addition, choices of
the masked toy increased with age.
Following our confirmatory analysis plan, we fit a
Bayesian generalized linear mixed effects model predicting
participants’ toy choice (masked or unmasked) as a function
of the students’ knowledge states (partial or none), participants’ age (centered), and their interaction. We added a maximal random effect structure with random intercepts and condition slopes by participant (Barr, Levy, Scheepers, & Tily,
2013). We used default weakly-informative priors in the
rstanarm package (normal distributions with an SD of 2.5,
scaled to the predictor).
Children in the No Knowledge condition showed a preference for the masked toy (β = 1.581, 95% CrI = [0.566,
3.427]) whereas children in the Partial Knowledge condition
showed an opposite preference (β = −1.999, CrI = [-4.447,
-0.584]). Masked toy choice increased with age (β = 0.090,
CrI = [0.006, 0.221]) with little evidence for an interaction
between age and condition (β = 0.001, CrI = [-0.128, 0.159]).
Nearly every adult in the No Knowledge condition selected
the masked toy to be repeated (β = 4.452, 95% CrI = [2.396,
7.722]). Adults also showed a weaker, though significant,
1 We chose to refer to the toys using color for two main reasons.
First, color is a salient, stable cue that is easy for children to respond
to online and has become standard practice for choice paradigms
conducted online (see Sheskin & Keil, 2018; Chuey et al., 2021).
Second, referring to the color of the toys does not rely on children’s
memory (unlike referring to the toys by name) or their ability to
correctly identify left and right.

preference for the masked toy in the Partial Knowledge condition (β = −3.330, 95% CrI = [-6.179, -1.380]).

Discussion
The current study asked whether preschool-aged children understand that noise masks information transfer and, by extension, a listener’s epistemic state. Children in our study were
more likely to expect a student to seek information about a
toy when a teacher’s explanation about that toy was masked
by noise, but only if the student did not know about the toy
beforehand; this difference between conditions remained stable between three to five years of age. However, we also
found that children’s overall preference for the masked toy
increased with age, in both conditions. Thus, while we found
a reliable difference between conditions across all age groups,
only the older children showed a pattern that was consistent with adults: overwhelming preferring the masked toy
when the student possessed no prior knowledge, and only
weakly preferring it when the student possessed prior knowledge about it. What might these results mean?
One possibility is that by three years of age, children understand how auditory noise can hinder others’ learning from
speech, indicated by the condition difference across all age
groups. However, they may also have a general aversion to
the masked toy or a preference for the unmasked toy, which
declines with age. Another interpretation of the results, however, is that younger children do not understand how noise
impacts knowledge. Instead, they are genuinely at chance
in the No Knowledge condition, but do appropriately expect
other agents to seek information that corrects their ignorance
(Aboody et al., 2021). Although the current results do not
provide conclusive support for either interpretation, they do
provide clear evidence that by 4 to 5 years of age, children
1) expect listeners to seek information that was masked by
noise, and 2) constrain this information seeking based on that
listener’s prior knowledge.
Building on existing research on children’s understanding of communication as a source of knowledge in highfidelity, noise-free contexts, the current work more broadly
reveals how children’s reasoning extends to noisy environments where communication can fail. These findings suggest
that even as early as the preschool years, children have an abstract, nuanced understanding of communication as a process
of information transfer. Rather than assuming a deterministic relationship between the speaker’s communicative behaviors and the listener’s knowledge, children understand that the
process by which speech influences knowledge involves uncertainty and can be compromised by auditory noise.
Although the current results show evidence for an early appreciation of the epistemic consequences of noise, the current
study still has several limitations that constrain our conclusions. First, it treats noise in a binary way: loud noise is either
present or absent, and either does or does not obscure speech.
Additionally, noise either masked all or none of the teacher’s
speech. However, auditory noise is graded in the real world
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Figure 2: Left: Proportion of children who chose the masked toy, plotted by age and condition. Each dot represents individual
participant (jittered slightly in the vertical axis). Lines show the parameters of the fitted Bayesian regression model. Right:
Proportion of adults who chose the masked toy, plotted by condition. Error bars depict standard error.
and likely requires more subtle reasoning that may vary based
on a number of factors including physical distance, the kind
of noise, the importance of the signal being expressed, and
whether other means of communication are possible. Therefore, future research should examine how these kinds of inferences unfold in real time under more graded noisy conditions.

ble infants also understand that noise may hinder a speaker’s
ability to communicate information. Future research could
examine infants’ understanding of noise using tasks that require fewer language demands, with a greater emphasis on
the presence, rather than the content, of speech.

Second, the communicative interactions depicted in the
current study were mostly one-sided; one agent communicated to another without immediate feedback. However, in
most communicative settings, listeners can take an active role
in mitigating the impact of noise, such as by indicating they
cannot hear, asking the speaker to repeat all or part of their
utterance, or by altering the distance between them and the
speaker (Clark & Brennan, 1991). Thus, it is important to
consider not just how noise shapes speech, but how it shapes
the dynamics of conversation. While the current study does
not touch on this directly, it does suggest that young children
may have the prerequisite ability to understand and shape
these dynamics themselves. Therefore, one promising direction to generalize this work lies in examining children’s
actual language production in noisy environments. For example, when asked to communicate information to a listener
in a noisy environment, how do children adjust their speech?
Children’s own language production under noisy conditions
could reveal both how their understanding of noise pervades
their language use as well as how they reason about what listeners know on the fly in more dynamic environments.

Despite abundant research investigating children’s understanding of the relationship between communication and
knowledge as well as how noise influences children’s own
cognition and language use, little prior work has investigated
the intersection of these questions. The current study fills
this gap by examining how children reason about the way
noise corrupts communication and ultimately its relationship
to what others know. The results suggest that by around 4- or
5-years, children understand noise prevents listeners from acquiring knowledge via spoken communication, and they expect the learner to seek information that rectifies the epistemic
consequences of noise. Although children are frequently the
sources of auditory noise, our results reveal a sophisticated
understanding of the process by which verbal communication gives rise to knowledge and how noise can compromise
this process. The extent to which they choose to exercise this
ability, however, depends on who you ask.

Third, the current study requires a fairly high level of language comprehension. This limits the age of participants and
may underestimate children’s competence. Prior work suggests even infants understand that speech communicates information (Vouloumanos et al., 2012, 2014), so it is possi-

Conclusion
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Abstract
Categorical perception (CP) facilitates the discrimination of
stimuli belonging to different categories relative to those from
the same category. Effects of CP on the discrimination of color
and shape have been attributed to the top-down modulation of
visual perception by the left-lateralized language processes.
We used a divided visual field (DVF) search paradigm to
investigate the prospective effects of CP for face identity and
gender processing. Consistent with visual processing of face
identity in the right hemisphere, we found CP facilitated
perception only in the left visual field (LVF). In contrast, and
consistent with language-induced CP, we observed a betweencategory advantage for processing face gender only in the right
visual field (RVF). Taken together, our results suggest that
language-induced CP plays a role in the category-based visual
processing of faces by the left hemisphere, but face familiarity
processing might be dependent on different, identityspecialized networks in the right hemisphere.
Keywords: categorical
lateralization

perception,

face

processing,

Introduction
Stimuli that vary continuously (e.g., wavelength) are
sometimes perceived as having categorical boundaries (e.g.,
color). In some cases, categorical perception (CP) is thought
to facilitate the discriminability of stimuli belonging to
different categories (e.g., wavelengths seen as either “blue”
or “green”) as compared to those belonging to the same
category (e.g., different wavelength but each seen as “blue”),
even when physical differences between stimuli are
equivalent (Goldstone & Hendrickson, 2009). Effects of CP
on visual processing are often explained as due to top-down
language modulation (as discussed in Simanova et al.,
2015)—language-induced CP—and have been reported to
facilitate the discrimination of color, shape, motion, and other
visual modalities (Biederman & Shiffrar, 1987; Holmes et al.,
2009; Meteyard, Bahrami, & Vigliocco, 2007; Sowden &
Roling, 2000; Winawer et al., 2007). Despite extensive work
in the domain of language-induced CP and visual perception,
most of the studies focus on simple visual stimuli. Here, we
investigate whether CP also influences processing of
complex visual stimuli, such as faces.
Language processing and visual processing of linguistic
stimuli (e.g., words) are typically lateralized to the left
hemisphere (Dehaene-Lambertz et al., 2002; Wada, Clarke,
& Hamm, 1975). In contrast, visual processing of faces is
associated with the right hemisphere (RH) superiority, based

on the findings from neuroimaging (Kanwisher, McDermott,
and Chun, 1997; Rotshtein et al., 2005) and the divided visual
field (DVF) experiments (Dundas, Plaut, & Behrmann, 2013;
Hilliard, 1973; Ossowski and Behrmann, 2014; Rizzolatti,
Umiltà, & Berlucchi, 1971). In the DVF experiments,
observers view stimuli presented either in the right (RVF) or
the left (LVF) visual fields. This paradigm capitalizes on
contralateral hemifield-hemisphere correspondence in the
human visual system (RVF stimuli are projected directly to
visual cortex in the LH and LVF stimuli to the RH). The DVF
paradigm has also been used to study the visual processing of
linguistic stimuli, as well as language-induced CP during the
visual processing of non-linguistic stimuli.
Gilbert et al. (2006) used a DVF search paradigm to
explore the language-elicited CP effect on color perception.
They presented observers with color stimuli in the left the
right visual hemifields. All stimuli were identical except for
the one target stimulus, an “oddball” (of a slightly different
wavelength). On each trial, oddball stimulus belonged to
either a different color category than the “distractor” stimuli
(e.g., green among blue stimuli) or the same color category
(e.g., a saturated blue among less saturated blue stimuli).
Critically, oddball target and distractor stimuli always
differed by the same wavelength regardless of whether they
belonged to the same color category or not. After briefly
viewing the color arrays, participants indicated on which side
of the visual field an oddball target stimulus was located.
They found that participants performed better when oddball
belonged to a different category than distractors compared to
when it was from the same category, but only when targets
appeared in the RVF, which the experimenters interpreted as
a language-induced CP effect for color-based visual search.
Unlike color, most visual stimuli don’t belong to natural,
continuously varying continuum, making it difficult to
explore the effects of CP while simultaneously controlling for
physical distances between stimuli. To solve this problem, in
another study, Gilbert et al. (2008) generated different levels
of morphed stimuli by combining images of two animal
silhouettes, creating a continuously changing animal shapes.
Like colors, they found lateralized CP effects during
processing of familiar shapes.
Of course, faces also don’t naturally vary on a continuum.
To create an artificial spectrum of continuously changing
stimuli, Rothstein et al. (2005) morphed faces of two familiar
people. Their findings suggest that faces corresponding to
different individual identities are better discriminated than
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different exemplars of faces within one identity. In contrast
to color and shape (Gilbert et al., 2006; 2008), this betweenidentity advantage was found only in the RH. Interestingly,
findings from face emotion categorization studies (Burt &
Hausmann, 2019) suggest that faces from different categories
(e.g., sad vs happy) should be better distinguished in the LH
than RH potentially due to the language-induced CP.
Moreover, some evidence suggests that face gender
processing might be associated with the LH (Thorne,
Hegarty, & Catmur, 2015). Taken together, these results
suggest that processing of identity- and categorical-based
changes in faces might rely on different mechanisms with
different lateralization patterns—the RH for identity
recognition and the LH for language-induced categorical
perception.
Here, in three DVF search experiments, we examine the
role of categorical (gender) and identity changes in
lateralized processing of face stimuli.
In the first experiment, we focus on familiar face identity
processing. We expect that overall participants will be better
at distinguishing faces belonging to two different identities
compared to the ones belonging to the same identity—
between-identity advantage. However, in line with fMRI
results in Rothstein et al. (2005), we predict that this result
will be limited to the RH, previously shown to be crucial for
face identity recognition.
In the second experiment, we explore how CP influences
processing of unfamiliar gender faces. We predict to see
overall improvement in performance when participants see
faces of different gender compared to different faces of the
same gender. However, unlike to identity processing, we
expect to find LH lateralization for this effect—in accordance
with prior literature showing LH lateralization for face
gender recognition (Thorne, Hegarty, & Catmur, 2015).
In the third experiment, we combine gender and familiar
identity dimensions so that faces can be distinguished based
on both identities and gender. This experiment is exploratory
in nature thus we don’t provide a priori hypothesis. We might
see a collaborative involvement of both hemispheres in
processing between-identity and between-gender changes.
Alternatively, one dimension (identity or gender) might be
more salient than another, leading to dominant involvement
of one hemisphere, specialized in processing of the dominant
feature.

Methods
Participants
A total of 100 volunteers participated in three experiments
run in parallel (NIdentity=36; NIdentity-Gender=31; NGender=33).
Prior to the main task, participants in the identity and gender
experiments took part in the staircase experiment
(Kaernbach, 1991) to determine individual perceptual
thresholds for familiar face identities and gender categories.
Observers were naive to the underlying aims of the
experiments and reported normal or corrected-to-normal
vision. Participants were undergraduate students in the

Psychology Department. Volunteers received course credit
for their participation. Prior to participating, each observer
provided informed consent according to the guidelines of the
Department of Psychology and the Institutional Review
Board of our organization.

Materials
For the staircase experiments, a continuum of 100 faces was
generated using the Fantamorph sotware (Version 4;
Abrosoft Co., Beijing, China). Fantamorph interpolates two
original images to create morph continua of stimuli from two
parent images. For familiar identity experiment, parent
images were 100% Brad Pitt and 100% George Clooney
pictures. 98 images were created by morphing these two faces
by increments of 1% (See Figure 1A for the stimuli subset).
We used the same strategy for generating gender (partens: a
female and a male), and identity/gender morphs (parents:
Charlize Theron and Brad Pitt). For the DVF search tasks, we
chose four morphed faces (5%, 35%, 65%, 95%) out of those
100 based on participants’ perceptual thresholds determined
in the staircase experiment (Figure 1B). Stimuli were 2.5 cm
in width and 3.8 cm in height, yielding visual angles of 3.8º
and 5.7º, respectively when viewed from 38 cm distance.
Stimuli were presented using the MATLAB package,
Psychophysics Toolbox v. 3.0.10 (Brainard, 1997) on a Dell
Precision T1650 (Intel Xeon E3 3.5 GHz) with 24-inch
display, 1920 x 1200 resolution.

Procedure
In all three experiments, we used the divided visual field
method (DVF) where observers performed a visual search
task on arrays of faces split between the LVF and the RVF
(modification of Gilbert et al., 2006). The search tasks
required visual discrimination of faces by virtue of identity
(Experiment 1), gender (Experiment 2), or both (Experiment
3). The staircase experiment was used to control for
perceived distances between faces.
Staircase experiment Trials began with a central fixation
cross (170 ms) followed by a mask (200 ms), and then a face
array (200 ms). Participants had to report which
identity/gender the face had (e.g., Bradd Pitt or a female) by
pressing either ‘J’ or ‘K’ on a computer keyboard with their
dominant hand. We used a ‘weighted up-down staircase
method’ (for details see Kaernbach, 1991). To find the
threshold where participants’ perceptual discrimination rate
was at 80%, in each correct trial, we increased the difficulty
by 1 step, and decreased it by 4 steps after each incorrect
response. The experiment ended after ten reversals.
Divided visual field experiments Trials began with a central
fixation cross (1000 ms) followed by a stimulus display
consisting of two arrays—each with three faces—one on the
left and the other on the right side of the fixation cross. The
distance between the two arrays was 8º. Five faces were
identical (distractors), one was different (target). Target
(oddball) was either of the same identity/gender as distractors
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or of a different one. On each trial, participants reported on
which side of the fixation cross the target face was by
pressing the left (‘J’) or the right (‘K’) keys on the keyboard.
The visual search display remained visible until participant’s
response, maximum for 3000 ms (Figure 1C). Following
response, fixation cross reappeared and the next trial began.
There were 6 target-distractor pairs in each experiment,
formed by using all pairwise combinations of the four faces
(e.g., within-identity pairs: George 5%-George 35%, George
65%-George 95%; between-identity pairs: George 5%George 65%, George 5%-George 95%, George 35%-George
65%, George 35%-George 95%. For between-identity trials,
we only focused on the analysis of 1-step pairs (e.g., George
5%-George 35%) as it is only at this step size that both
within- and between-identity pairs exist. Target-distractor
pairs were formed similarly for the other two experiments,
but stimuli were different (Figure 1B). Each pair served as a
target and a distractor in different trials, thus there were 12
possible target-distractor permutations. Target could occupy
any of the 6 positions in the 2 arrays, creating 72 possible
stimulus permutations. The order of trials was randomized.
Eye-tracking was used to control for gaze fixation.

(A) Familiar identity experiment

(B) Gender experiment

(C) Familiar identity/gender experiment
Figure 2: (A) Categorical perception facilitates identity
discrimination only in the LVF. (B) For gender, CP affects
perception only in the RVF. (C) CP effects exist in both
hemifields for the stimuli varying on both, familiar identity
and gender dimensions.

Results
Figure 1: (A) A subset of graded continuum of faces used in
the staircase experiment for establishing perceptual
categorical boundaries among morphs of two parent stimuli,
in this case Brad Pitt and George Clooney (B) For each DVF
search experiment, four stimuli were chosen based on the
perceptual boundaries established in the staircase
experiment. (C) An example trial in the DVF search task

Overview
Categorical perception influenced face identity and gender
perception both as expressed in participants’ response
accuracy and reaction times. Interestingly, CP effect
exhibited different lateralization pattern for face identity vs
face gender processing.
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Familiar identity task To assess participants’ performance,
we calculated inverse efficiency score (IES). IES (expressed
in milliseconds) equals to the mean RT (for button press)
divided by the proportion of correct responses, calculated
separately for each condition and participant. Lower IES
scores indicate better performance (Akhtar & Enns, 1989).
IES offers a succinct description of behavior, allowing for
easier interpretation of results. We analyzed IES scores using
a 2 (visual field: left vs right) x 2 (distractor-target type:
within vs between) repeated-measures ANOVA. Search
performance was better for between- versus within-identity
changes (lower IES for 65%-35% than 65%-95% targetdistractor pairs) for targets with gender-matched distractors
(main effect: F(1, 35 = 27.09, p < .001, ηp2 = .44), but only
for stimuli presented in the LVF (interaction RVF/LVF: F(1,
35) = 16.31, p < .001, ηp2 = .32); LVF: t(35) = 5.56, p < .001,
RVF: t < 1) (Figure 2A).
Gender task Here, we found a main effect of the distractortarget type on the IES scores, F(1, 32) = 38.02, p < .001, ηp2
= .40, with better performance for the between-gender
compared to the within-gender ones. There was no main
effect of the visual field, F(1, 32) = 3.44, p = .07. The
interaction between distractor-target type and hemifield was
significant, F(1, 32) = 4.37, p = .04, ηp2 = .30. The interaction
was driven by significantly better performance for betweengender pairs compared to the within-gender pairs in the RVF,
but not in the LVF, p < .001 and p = .24, respectively (Figure
2B).
Familiar identity/gender task Similar to the familiar
identity task, we analyzed IES scores using a 2 (visual field:
left vs right) x 2 (distractor-target type: within vs between)
repeated-measures ANOVA. In contrast to the first
experiment, between-identity advantage was found in both
hemifields (main effect of target-distractor pair: F(1, 30) =
57.22, p < .001, ηp2 = .66, neither interaction, nor the main
effect of the visual field were significant, ps > .05) (Figure
2C).

Discussion
In all three experiments, people performed better when the
target stimulus’ identity/gender was different from
distractors’ identity/gender. However, lateralization of this
effect changeდ as a function of the stimuli type. Specifically,
familiar face identity processing was facilitated by CP only
when the target stimulus was in the LVF. While the opposite
was true for face gender processing—participants were faster
and more accurate in the between-gender compared to the
within-gender trials only when a target stimulus is presented
in the RVF. Interestingly, for stimuli varying across both
familiar identity and gender dimensions CP effects were
present in both visual fields.

Categorical perception of faces
Categorical perception effects on visual perception are wellestablished in the literature. CP has been found to facilitate

processing of diverse set of visual stimuli, such as color,
shape, and motion (Gilbert et al., 2008; Holmes et al., 2009;
Meteyard, Bahrami, & Vigliocco, 2007). These effects are
often attributed to top-down linguistic modulation (Simanova
et al., 2015). Some evidence that supports language-elicited
CP shows the following: (1) CP effect (at least in simple
visual stimuli, such as colors and shapes) is more strongly
lateralized in the LH—known to be responsible for languagerelated processes (Holmes and Wolff, 2012)—compared to
the RH (Mo et al., 2011); (2) CP is susceptible to verbal, but
not non-verbal interference (Gilbert et al., 2006; 2008), and
(3) CP doesn’t influence pre-linguistic infants (Franklin et al.,
2008). These studies have focused on visual perception of
simple stimuli that do not exhibit strong lateralization biases.
What about more complex, right-lateralized visual
processes, such as face perception? We found that face
identity and gender perception improve when presented faces
belong to different identities/categories, despite controlling
for physical distance between stimuli. CP effect—
traditionally thought to be lateralized to the LH—influenced
face processing which exhibits strong RH bias. These results
raise the question of whether the lateralization patterns
underlying CP of faces are like those seen in color and shape
experiments.

Lateralization patterns in face gender and identity
processing
Even though face processing is one of the most wellestablished lateralized processes, most of the findings
supporting the strong RH bias for faces stem from the studies
of face identity processing (Kanwisher, McDermott, and
Chun, 1997; Rotshtein et al., 2005). However, different body
of research shows that the LH might be responsible for
certain dimensions of face perception (Levine, Banich, &
Koch-Weser, 1988; Sergent & Bindra, 1981). For example,
Rossion et al. (2000) found that the right middle fusiform face
gyrus was activated when participants had to match whole
faces rather than the parts of the face, whereas this
lateralization pattern was reversed when they were using
part-based matching strategy. The LH is also involved in the
categorization of emotional facial expressions potentially due
to biases related to language (Burt & Hausmann, 2019).
Another study found that androcentrism—the tendency of
designating people to be men or male by default—is
supported more readily in the left compared to the right
hemisphere, again suggesting the role of language-elicited
CP in gender processing (Thorne, Hegarty, & Catmur, 2015).
In this study, we aimed to dissociate different aspects of face
perception relying on opposite lateralized processes.
We used the DVF search paradigm (Gilbert et al., 2006) to
explore underlying lateralized processes during categorical
perception of faces. In three experiments, we compared
people’s performance on the DVF search tasks for face
stimuli that differed by familiar identity, gender, or both.
Interestingly, lateralization patterns differed across the three
experiments.
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In the familiar identity task, the processing of betweenidentity changes was found to be easier compared to the
within-identity changes only in the LVF, suggesting that this
beneficial effect of between-identity changes might be
related to general face processing networks in the right
lateralized fusiform face area (FFA) rather than elicited by
linguistic CP effect. Prior work showed that FFA is sensitive
to the changes in faces at individual, identity level (Axelrod
& Yovel, 2015; Gauthier et al., 2000). Our results are also
consistent with literature showing that between-identity
processing benefit is lateralized to the right hemisphere
(Gauthier et al., 2000; Kanwisher & Yovel, 2006; Rotshtein
et al., 2005; Schiltz et al., 2010).
In contrast to identity processing, the lateralization pattern
was reversed for the categorical perception of gender. After
‘removing’ familiar identity dimension from the face stimuli,
CP effect was only seen when the target face was in the RVF
(LH). This LH lateralization pattern suggests that CP
processing of gender might be dependent on general,
language-related categorical processes seen previously found
in color and shape domains (Gilbert et al., 2006; 2008).
Interestingly, when we combined face identity and gender
dimensions, hemifield advantages disappeared—participants
performed better in between-category/identity than withincategory/identity trials in both hemifields. These results
might reflect the cooperative engagement of both
hemispheres responsible for different dimensions of face
stimuli—LH for gender and RH for identity processing.
Further studies using linguistic interference paradigms will
test whether separate—language- and identity-elicited—CPs
are indeed responsible for lateralization differences during
processing of face gender and identity.
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Abstract
Although the relationship between the sound of each word and
its meaning is generally arbitrary, onomatopoeias are said to
have the unarbitrary link, which called sound-symbolism,
between them. In this study, we investigated whether sound
symbolic words are widely common in a class of
onomatopoeias in some natural language. We conducted an
experiment, which asked Japanese and non-Japanese speakers
to match each given Japanese-onomatopoeia-like sound with a
shape to which the sound referred. The result of analysis
showed a similar structure for both speaker groups, in which
round shapes were associated to a particular set of sounds and
pointed shapes associated to the other set of sounds. Moreover,
the round/ pointed shapes are correlated to pseudo
onomatopoeias with sonorants/ fricative phonetic features.
This finding supports the sound symbolic hypothesis asserting
that the major component of Japanese onomatopoeias forms a
bouba-kiki like sound-shape correspondence even for nonJapanese speakers.
Keywords: Arbitrariness of Language, Bouba-Kiki Effect,
Sound Symbolism, Onomatopoeia

Introduction
A situation as we can see on communication to another
language speakers, generally it is difficult for a speaker to
communicate information just with speech sounds to a
listener who is not a same language speaker as the speaker.
This cross-linguistic communicative barriers may be due to
the arbitrariness of language (Saussure, 1916). This refers no
necessity of fixed corresponding relationship between the
speech sound and what it refers. On the other words,
correspondence between the speech sound and what it refers
is defined into one in certain language in most cases, however,
it can correspond to another meaning or no correspondence
against the sound in another language. Thus, this arbitrariness
of language makes verbal communication with speech
sounds difficult between the speaker and the listener who do
not share the same language.
However, a specific class of empirical findings
contradicting against this theoretical observation has been
reported by Köhler (1929) and Ramachandran & Hubbard
(2001), called “bouba-kiki” effect. In their experiment, the
participants were asked to guess and match a novel speech
sound to a unfamiliar shape to which the sound was expected
to refer. At a result, the participants matched the specific
speech sound to the specific shape at rates above chance,
though participants had no previous knowledge on the

relationship between the speech sounds and shapes. This
showed that correspondence between speech sounds and
meaning to which they referred may not be completely
arbitrary. The potential factor related to the bouba-kiki effect
is partly identified. For example, McCormick, Kim, List, &
Nygaard (2015) suggested that phonetic properties of pseudo
words affects the associated shapes in the bouba-kiki
experiment.
The bouba-kiki effect is supposed one of examples of
sound symbolism. The sound symbolism hypothesis is that
there is some class of words in natural language which holds
a systematic correspondence between speech sounds and
referential meanings, and such class of words may support
the first language learners at early developmental stage (Imai
et al., 2015).
Generally, typical words which familiarly used have
arbitrary correspondence between its speech sound and the
meaning which the sound refers. However, onomatopoeia,
which imitates animals crying or nature sounds, or represents
objects’ looking or someone’s feeling as language sounds, is
thought that correspondence between the sound and the
meaning which the sound refers are supposed not arbitrary.
Thus, onomatopoeia is supposed to be the word which has
sound-symbolic correspondence between the sound and the
meaning (Tamori & Schourup, 1999; Hamano, 2014). In their
research, it is showed that each sound which construct
onomatopoeia makes people associate a specific soundsymbolic impression. However, their studies considered only
a limited number of onomatopoeias, and thus it has remained
unclear whether the whole class of onomatopoeia is
systematically sound-symbolic.
In this research, we defined sound symbolism as a property
of words which are available for both the speaker and nonspeakers of a particular language and systematically maps the
sound to the referential meaning. We then hypothesize that
Japanese onomatopoeia as a whole, not only a few special
words, forms such sound symbolic structure. If so, we further
aim to identify the phonetic factors correlated to the sound
symbolic structure.

Experiment
On communication with speech sounds, a speaker imagines
what he/she wants to communicate and a listener knows what
the speaker wants to communicate from speaker’s speech
sounds. However, it is normally hard to observe objectively
whether what the speaker wants to communicate and what the
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listener knew from speech sounds matching or not before and
after communication because they are in a head of both. In
this research, we visualized the process of communicating
information by setting choices in advance and making the
speaker and the listener choose one from them. At this point,
we defined success of communicating information as
matching choices or choosing similar choices by both.
In our experiment, we set the speaker as a Japanese speaker,
the listener as a non-Japanese speaker, and the speaker’s
speech sound as a sound of Japanese onomatopoeia-like
words. This is because Japanese have many onomatopoeias
in the vocabulary and onomatopoeias are familiar for most
Japanese. We made both Japanese speakers and non-Japanese
speakers listen to audio of Japanese onomatopoeia-like sound
and choose one of shapes which were guessed the most
matching shape for audio. We prepared more choices against
one speech sound to investigate how many ranges of similar
shape could be covered by one speech sound though two
choices were shown in previous research by Ramachandran
& Hubbard (2001).

Method

human-voice stimuli were made by a female native speaker
of Japanese, reading it aloud. The synthetic voice was
artificially composed like a female voice to control the
potential effects of tones and pitches of reading. There are
two set of sound stimuli, one consists of 125 human-voice
stimuli and 124 synthetic voice ones, and the other consist of
124 human-voice ones and 125 synthetic ones. In each set,
each pseudo word is assigned either human-voice or synthetic
voice randomly with the probability approximately 1/2 to
counterbalance.
List of Shapes We used the list of shapes obtained by
Yamaguchi & Shiina (2005) for the experiment. The list
included 36 shapes drawn by a group of participants to their
experiment. We made the two lists of shapes, the list of 36
shapes for Japanese speakers (Figure 1), and that of 20 shapes
for non-Japanese speakers (Figure 2). The reason why the
number of shapes were reduced for non-Japanese speakers is
to reduce mental stress of non-Japanese speakers, who were
more stressful than Japanese speakers to keep listening to the
sounds of non-native language. The shapes were located in
the visual array so that similar shapes are close to each other,
in order to increase participants’ accessibility to the shapes.

Participants
We recruited 12 Japanese speakers and 27 non-Japanese
speakers as the participants to the experiment. All the
Japanese speakers were native speakers of Japanese. All the
non-Japanese speakers were foreign students living in Japan,
who come from Asian countries such as Thai, Myanmar,
China, Indonesia, Bangladesh, Kenya, Vietnam, India, Laos,
and Malaysia. A half of them hardly had an experience of
learning Japanese (less than a year).

Figure 1: The list of shapes for Japanese speakers.

Materials
Onomatopoeia-like Words In this study, we employed only
a simple type of Japanese sound combinations as
onomatopoeia-like pseudo words. According to Tamori
(1998), Japanese onomatopoeias can be categorized by
phonetic and morphological properties of the word and the
most typical form is a repeat of two syllables which are
constructed by a consonant and a vowel in this order (CVCVCVCV) (e.g. KIRAKIRA, DOSUDOSU). Following this
categorization, we employed the repeating-style pseudo
words for the experiment. we modified the experimental
protocol to choose a set of onomatopoeia proposed in
previous research (Shimizu et al., 2014), and used to choose
the set of onomatopoeia. First, we created 20449
onomatopoeia-like words with the repeat style by all the
possible combinations of Japanese moras. It was constructed
with all phonemes of Japanese including particular phonemes
(prolonged sound /R/, choked sound /Q/, syllabic nasal /N/).
Next, we let three native speakers of Japanese judge whether
the word was acceptable as a Japanese word or not. Then, we
finally obtained the 249 onomatopoeia-like words, which two
or more participants accepted as Japanese word.
Sound Stimuli We created two sets of sound stimuli for each
of the 249 words, by human voice and synthetic voice. The

Figure 2: The list of shapes for non-Japanese speakers.

Procedure
Each participant was required to listen to the 249 sounds of
onomatopoeia-like words one by one, then to guess and
choose one shape out of the given shape list, to which the
sound referred. Each sound was played by participant’s
clicking of the button displayed on a computer screen and
they listened to it via a headphone. They were allowed to
listen the same sound more than one time. The experimenter
instructed to participants (either in Japanese to Japanese
speakers or English to non-Japanese ones) “Put on a
headphone. Then click an audio player on the screen and
listen to a sound. Choose a shape, which is closest to the
image you associate with the sound, from a printed list of
shapes, and circle one”.
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Results
Entropy as a Measure of Choice Consistency
We analyzed whether the choice of shapes for each sound by
Japanese speakers and non-Japanese speakers had bias or not.
In this research, we adopted Shannon Entropy as a measure
of consistency of their choices within the participant group.
The lower normalized entropy, ranges from the minimum 0
to the maximum 1, for the pseudo words suggests more
consistent choices within the group – more participants
choses the same shape.
Japanese Speakers Table 1 shows the normalized entropy
and correspondence between sounds of each word and shapes
by Japanese speakers in ascending order of normalized
entropy up to the 21st. The sound with the lowest normalized
entropy was 0.000 was ‘guruguru’, which means all the 12
participants chose the same shape. The other words which
normalized entropy was lower were found the common
onomatopieas, which Japanese speakers often use.
Table 1: Normalized entropy and the most chosen shape for
each of the top 21 pseudo words (Japanese speakers).
*: The shape which less than 2 participants chose.
Normalized
Most chosen
Rank
Word
Entropy
shape (Rate)
1

guruguru

0.000

2

moamoa

0.256

3

kunekune

0.290

3

mofumofu

0.290

5

kachikachi

0.332

6

zaazaa

0.337

7

korokoro

0.349

8

togetoge

0.386

9

busubusu

0.396

10

kakukaku

0.454

11

nebaneba

0.460

12

gorogoro

0.500

(1.000)

-

13

goagoa

0.529

14

gaogao

0.543

14

kushakusha

0.543

14

nazonazo

0.543

14

jitojito

0.543

14

shimashima

0.543

19

zukizuki

0.544

20

gotsugotsu

0.546

20

piripiri

0.546

(0.333)

(0.750)

(0.167)

(0.750)

(0.167)

Rank

Word

Normalized
Entropy

(0.667)

(0.250)

1

ouou

0.618

2

minimini

0.672

2

jirojiro

0.672

(0.167)

(0.583)

(0.250)

(0.667)

(0.167)

(0.500)

(0.333)

(0.417)
(0.500)

(0.583)
(0.583)
(0.583)
(0.583)

*
*
*
*
*

(0.417)

(0.333)

(0.500)

(0.167)

(0.500)

(0.167)

Table 2: Normalized entropy and the most chosen shape for
each of the top 20 pseudo words (non-Japanese speakers).
*: The shape which less than 3 participants chose.

*

(0.667)

(0.583)

(0.250)

Non-Japanese Speakers Table 2 shows the normalized
entropy and correspondence between sounds of each word
and shapes by non-Japanese speakers in ascending order of
normalized entropy up to the 20th. The sound which
normalized entropy was the lowest was ‘ouou’. This result
showed a different tendency from Japanese speakers.

(0.667)

(0.750)

(0.500)

*

(0.167)
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4

ishiishi

0.680

5

suesue

0.732

6

woiwoi

0.746

7

chirichiri

0.748

Most chosen
shape (Rate)
(0.481)

(0.111)

(0.296)

(0.148)

(0.370)

(0.111)

(0.259)

(0.222)

(0.296)

(0.148)

(0.333)

(0.185)

(0.222)

(0.185)

8

oraora

0.752

8

nekoneko

0.752

10

oreore

0.754

11

kechikechi

0.762

11

korokoro

0.762

13

kusekuse

0.767

14

gotogoto

0.768

15

akiaki

0.769

16

mofumofu

0.782

17

bakobako

0.787

18

katsukatsu

0.788

19

kya-kya-

0.796

20

ikiiki

0.797

(0.296)

(0.148)

(0.296)

(0.111)

(0.333)

(0.111)

(0.222)

(0.111)

(0.333)

(0.148)

(0.185)

(0.148)

(0.259)
(0.222)
(0.333)

speakers was changed for analysis (the sign of scores can be
exchangeable arbitrarily without loss of generality). In these
heatmaps, the vertical axis shows the sorted shapes, and the
horizontal axis shows sounds. In both Japanese (Figure 3) and
non-Japanese speakers (Figure 4), the choice frequency
concentration (red cells in the heatmap) distributed from
bottom-left to top-right shows the correspondence trend
between the sounds and shapes, although non-Japanese
speaker’s pattern seemed more distributed and thus blurred.
In both groups, sharper (rounder) shapes were at the left
(right) hand side, and “shaper” (“rounder”) sounds were at
the top (bottom) in each axis. Thus, this correspondence
analysis suggests that the shape-to-sound choices made by
both Japanese and non-Japanese speakers commonly have a
similar general trend consistent with the bouba-kiki effect.

(0.111)
(0.148)
*

(0.259)

(0.185)

(0.185)

(0.148)

(0.185)

(0.148)

(0.222)

(0.148)

Structural similarity
Correspondence Analysis The entropy analysis showed
some different tendency between the Japanese-speakers and
non-Japanese speakers. Next, we consider structural
correspondence between sounds and shapes for the two
groups, which may underlie the bouba-kiki effect potentially.
Such structural correspondence is considered some second
order relationship between sound-sound similarity and shapeshape one. To quantify such correlation, we performed
correspondence analysis for each of the participant groups.
Correspondence analysis assigns a real value to each of sound
and shape, which is originally nominal-scale variable, to
maximizes the correlation between real-valued sounds and
real-valued shapes for a given cross table of the choice of
shapes for the sounds. Correspondence analysis for Japanese
speakers, the largest correlation was 𝒓 =0.674, and for nonJapanese speakers, the largest correlation was weakly
positive (𝒓 =0.355).
We sorted the order of words and shapes of the cross table
in the order of their calculated scores, and visualized it.
Figure 3 and Figure 4 shows the score-sorted cross table
visualized as a heatmap. The sign of scores of non-Japanese

Multiple Regression Analysis on Phonetic Features In
order to further analyze the phonetic structure of the pseudo
onomatopoeia in depth, we performed multiple regression
analysis on the sound scores of the largest correlation of the
corresponding analysis.
We identified 33 phonetic units, in which some
combination of them forms each of the 249 pseudo words.
First, we conducted multiple regression analysis of the scores
of sounds of Japanese speakers as the dependent variable
predicted by the existence of the 33 phonetic units as the
independent variables ( 𝑅2 = 0.412, 𝑝 < 0.05). Then, we
conducted stepwise regression analysis to select a subset of
independent variables which keep the accuracy of a
regression model only with significant variables (𝑅2 =0.390,
𝑝 <0.05). Table 3 shows the result of this stepwise regression
analysis of Japanese speakers. Similarly, we analyzed the
data of non-Japanese speakers with multiple regression
analysis (𝑅2 = 0.5622, 𝑝 <0.05) and selected a subset of
independent variables by stepwise regression analysis (𝑅2 =
0.551, 𝑝 < 0.05). Table 4 shows the result of Stepwise
regression analysis of non-Japanese speakers. In Table 3 and
Table 4, gray-shaded phonetic units were the one which were
selected in common for both Japanese speakers and nonJapanese speakers. Through this regression analysis, the sign
of estimated coefficients was seemed to correlate to the
property of shapes: the positive regression coefficients
corresponded to more rounded shapes; the negative ones
corresponded to shaper/more pointed shapes. In addition, we
analyzed correlation between the regression coefficients of
Japanese speakers and non-Japanese speakers. The result of
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correlation analysis was significantly positive ( 𝑟 = 0.825,
𝑝 <0.05). This result confirms the similarity between the two
groups of participants in their structural similarity of sounds
and shapes. As the result of the stepwise multiple regression
analysis of the scores of the sounds, we found that the vowels
[o], [u], and [i] and the fricative consonants [d], [ɡ], [k], [z],
[ts], [tɕ], [ʑʲ], [ɡʲ], and [kʲ] are common significant predictors.

More specifically, it suggests that both Japanese speakers and
non-Japanese speakers associated the vowels [o] and [u] to
the round shapes, and did [i] and the fricatives to the pointed
shapes.
There was an exceptional difference between the two
groups, however: the phonetic unit [n] was associated to the
round shapes by Japanese speakers, but it was associated to
the pointed shapes by non-Japanese ones.
Rank Correlation As a result of correspondence analysis,
properties of shapes, which lined on the edge of the axis of
shapes, were similar in both Japanese speakers and nonJapanese speakers. Then, we analyzed correlation of the
order of shapes and sounds, which were lined by using scores
of correspondence analysis, by Spearman’s rank correlation.
Correlation of sounds was weakly positive ( 𝑟 = 0.246,
𝑝 <0.05), and correlation of shapes was positive (𝑟 =0.680,
𝑝 < 0.05). These results showed that correspondence of
sounds and shapes by both Japanese speakers and nonJapanese speakers were quite similar.

Discussion

Figure 3: Result of correspondence analysis for Japanese
speakers’ corresponding sounds to shapes.

In this study, we hypothesized that onomatopoeia in a
natural language could be a class of words which had soundsymbolical property not only for the speakers of it but also
for non-native speakers of it. Then we aimed to identify the
common phonetic factors of onomatopoeias correlated to the
sound-symbolic property.
In the experiment, we asked Japanese speakers and nonJapanese speakers to guess and choose the closest shape to
which the speech sound of Japanese onomatopoeia-like
words referred. The result of entropy analysis revealed some
difference between Japanese speakers and non-Japanese
speakers in their choice distributions.
To investigate the structural similarity between sounds and
shapes for each group, we conducted correspondence
analysis of the cross table of shape-to-sound choices (Figure
3, 4). As the result of the analysis, it is suggested that both
Japanese and non-Japanese speakers have similar soundshape correspondences in which a set of similar sounds is
associated to rounded shapes, and the other set of similar
sounds associated to pointed shapes. These general trends

Figure 4: Result of correspondence analysis for nonJapanese speakers’ corresponding sounds to shapes.
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common in the two groups suggested that these sound-shape
correspondences reflected their underlying sound symbolism
such as the bouba-kiki effect. This suggests that Japanese
onomatopoeia-like words have the sound symbolic system.
The stepwise regression analysis on the scores of the
pseudo onomatopoeias confirmed the general agreement
between Japanese and non-Japanese speakers, and further
revealed the common phonetic factors correlated to the shape
scores.

Conclusion
In sum, this study revealed a cross-linguistic common
correspondence of sound and shapes, and identified its
phonetic correlates to it. Although our experiment covered a
wide range of pseudo onomatopoeias and various shapes, not
limited to something particular for bouba-kiki effect, our
result nonetheless showed that one of major structural
similarity between shapes and sounds captures an underlying
bouba-kiki like patterns. Thus, this finding supports the
sound symbolism hypothesis (Imai et al., 2015), asserting
that a class of onomatopoeias may serve a pre-linguistic
support for potential new language learners.
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Table 3: Result of Stepwise regression analysis for
score of sounds of Japanese speakers.

(Intercept)
n
u
o
e
i
k
ts
b
tɕ
d
ʑʲ
ɕʲ
z
ɡ
ɡʲ
kʲ

Estimate

Std.
Error

t value

Pr(>|t|)

0.107

0.150

0.712

0.477

0.591
0.365
0.352
0.281
-0.301
-0.337
-0.549
-0.618
-0.756
-0.761
-0.762
-0.814
-0.940
-1.000
-1.769
-1.980

0.174
0.107
0.104
0.134
0.116
0.107
0.287
0.219
0.377
0.268
0.375
0.349
0.280
0.166
0.415
0.823

3.407
3.416
3.394
2.101
-2.598
-3.140
-1.911
-2.816
-2.004
-2.838
-2.034
-2.330
-3.358
-6.011
-4.260
-2.406

0.001
0.001
0.001
0.037
0.010
0.002
0.057
0.005
0.046
0.005
0.043
0.021
0.001
<10-8
<10-4
0.017

***
***
***
*
**
**
.
**
*
**
*
*
***
***
***
*

Table 4: Result of Stepwise regression analysis for
score of sounds of non-Japanese speakers.

(Intercept)
o
r
u
m
n
ɸ
d
ɡ
k
ɕ
i
p
j
t
ɕʲ
z
ts
s
tɕ
ʑʲ
ɡʲ
nʲ
ʈɕʲ
kʲ

Estimate

Std.
Error

t value

Pr(>|t|)

0.485

0.136

3.580

<10-3

***

0.757
0.319
0.162
-0.254
-0.369
-0.467
-0.483
-0.485
-0.486
-0.504
-0.521
-0.555
-0.619
-0.636
-0.725
-0.911
-0.939
-0.979
-1.004
-1.113
-1.128
-1.148
-1.152
-2.003

0.088
0.149
0.092
0.139
0.157
0.293
0.241
0.153
0.101
0.208
0.102
0.265
0.367
0.197
0.307
0.250
0.262
0.153
0.332
0.336
0.371
0.423
0.368
0.719

8.567
2.133
1.749
-1.827
-2.347
-1.593
-2.005
-3.171
-4.796
-2.420
-5.090
-2.091
-1.685
-3.226
-2.365
-3.645
-3.592
-6.391
-3.022
-3.318
-3.043
-2.714
-3.134
-2.785

<10-14
0.034
0.082
0.069
0.020
0.113
0.046
0.002
<10-5
0.016
<10-6
0.038
0.093
0.001
0.019
<10-3
<10-3
<10-9
0.003
0.001
0.003
0.007
0.002
0.006

***
*
.
.
*
*
**
***
*
***
*
.
**
*
***
***
***
**
**
**
**
**
**
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Abstract

when environmental variability increases, when the number of possible behaviors increases, and when lifespan
decreases. In this paper we show that more ambiguous payoff structures and shorter lifespans sometimes do
lead to greater reliance on social learning—however, we
also identify and explain cases where greater uncertainty
leads to less social learning due to the possibility that
social information is misleading. Here we show that different sources of uncertainty interact in complex ways to
affect the evolution of social learning. We thus conclude
that many predictions made by previous models of the
evolution of social learning are likely overgeneralized.

Social learning is essential to survival. It is likely to
evolve when it is more efficient than asocial, trial-anderror learning. The consensus in cultural evolutionary
theory holds that some amount of environmental variability and uncertainty about the best decisions are necessary for social learning to evolve. However, current
models for the evolution of social learning tend to conflate forms of uncertainty, and rarely consider different
ones in tandem. Moreover, many models are limited
by considering only two possible behaviors and environmental states. Here we use evolutionary agent-based
modeling to identify the complex ways in which different forms of uncertainty affect social learning. We model
a time-varying environment with dozens of possible behaviors performed by agents engaging in individual and
social learning. We show that ambiguous payoffs, larger
possible decision sets, and shorter agent lifespans sometimes increase social learning prevalence, as expected.
However we also find which concrete uncertainty conditions cause evolution to select against social learning.
Keywords: anthropology; evolution; learning; social
cognition; agent-based modeling

Social Learning

Introduction
Social learning is essential to human and other species’
everyday life and survival. It allows individuals to solve
problems when acquiring information from others is
more efficient than learning on one’s own (Laland, 2004).
Theory predicts that social learning should be favored
in contexts with greater uncertainty (Boyd & Richerson,
1985; Henrich & Boyd, 1998), and this prediction has received some empirical support (McElreath et al., 2005;
Kendal et al., 2018). However, the meaning of the term
“uncertainty” is not always clear, and often conflates environmental variability, spatial heterogeneity, and ambiguity or uncertainty about payoff structure. Moreover,
most models of the evolution of social learning blackbox
key cognitive learning processes that underlie it (Heyes,
2016).
In this paper we use agent-based modeling to compare the effect of different sources of uncertainty on social learning by un-blackboxing typically abstracted-out
model components of environmental variability, payoff
structures and agent life histories, and learning mechanisms. Uncertainty here means variability where the
probabilistic structure is unknown. Uncertainty increases when payoffs are more similar across behaviors,

Social learning, as we consider it here, occurs whenever
an individual acquires a behavior by observing another
individual. This need not require explicit instruction,
and is, in fact, widespread across a broad range of nonhuman taxa (Kendal et al., 2018; Allen, 2019). Importantly, social information can be inherited both from parents — i.e., via vertical transmission like genetic information — and from others in the same generation —
i.e., via horizontal transmission (Cavalli-Sforza & Feldman, 1981). The joint action of vertical and horizontal
transmission gives rise to qualitatively different evolutionary dynamics. For example, inter-generational environmental change will affect the adaptive value of genetic
information and vertically-transmitted cultural information more than information that is horizontally transmitted. We include both horizontal and vertical transmission pathways in our model. For simplicity, we ignore
oblique transmission in which non-parental members of
the previous generation are observed.
Environmental variability has been seen as a key selective force in shaping social learning starting with the
first formal models of cultural evolution (Cavalli-Sforza
& Feldman, 1981; Boyd & Richerson, 1985). Totally
stable environments will not favor learning mechanisms
because information can become genetically hardwired,
while extreme environmental instability will degrade the
value of social learning as information becomes rapidly
outdated (Feldman, Aoki, & Kumm, 1996). This suggests that an intermediate degree of environmental predictability will favor social learning. Strategies can also
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evolve to mitigate the risks of relying on outdated social information by weighing more heavily information
from others who more recently acquired it (Rendell et
al., 2010).
Uncertainty has also been modelled as arising from
other aspects of the environment.
For example,
Perreault, Moya, and Boyd (2012) vary the ambiguity of
the environmental cue individuals get through individual
learning about the state of the world. Perhaps not surprisingly, the more ambiguous the asocial information,
the greater the selection for weighing social information
heavily. Alternatively, uncertainty about the optimal
behavior has been modelled by increasing the number
of cultural traits to choose from (Nakahashi, Wakano,
& Henrich, 2012; Muthukrishna, Morgan, & Henrich,
2016).
Empirical research supports some of these theoretical
predictions. Organisms flexibly use social learning as a
function of the ambiguity of the environmental cue and
of other environmental features that are often subsumed
under the rubric of uncertainty. While some studies explicitly impose a cost whenever participants use asocial
information (Morgan, Rendell, Ehn, Hoppitt, & Laland,
2012; Atkisson, O’Brien, & Mesoudi, 2012), others allow
the costs of each strategy to emerge as a function of task
structure and assess its consequences for learning strategies. For example, when participants received equivocal
private information about the best investment to make
in a lab game, they were more likely to rely on social information to make their choice (Toelch, Bruce, Newson,
Richerson, & Reader, 2013).
McElreath et al. (2005) developed a similar experiment where participants “pulled” virtual slot machine
arms (often called “bandits”), each yielding stochastic
payoffs. Participants relied more on social learning when
the bandits had higher-variance payoffs, and when the
highest-paying bandit changed more frequently. The
number of options to choose between can also increase
uncertainty about the optimal choice, and has been
shown to increase participants’ reliance on social learning (Muthukrishna et al., 2016).
Thus existing theoretical work and the empirical evidence seem to support that various forms of uncertainty
favor the evolution of social learning. However, uncertain outcomes are operationalized in different ways
across models, and any given model tends to focus on
only one or two forms of uncertainty at a time. Our
agent-based modeling approach enables us to explicitly
specify different forms of uncertainty independently in
order to understand which of these environmental factors particularly favor the evolution of social learning.
Simultaneous modelling also allows us to examine their
interaction. We first attempt conceptual replications of
previous models’ findings, and then examine where they
diverge.

Research overview
Computational agents in our model face a problem: every time step they perform one of several behaviors, with
each behavior represented by a “bandit” that pays off
1 or 0 with some probability. One of these behaviors
(the optimal behavior) pays off with a higher probability than all the others. Agents decide which behavior
to perform based either on a success-biased observation
of a peer’s behavior (social learning) or based on their
own observations (asocial learning). Agents then update
their memory of expected payoffs for each behavior when
they receive a payoff from their chosen action. Within
this framework we have four mechanisms by which we
operationalize and vary uncertainty: (1) the expected
payoffs of the optimal behavior and all the rest—when
payoffs are nearly identical, uncertainty in the form of
ambiguity increases; (2) the environmental variability,
i.e., the probability that the optimal behavior changes
between generations; (3) the number of possible behaviors the environment allows—which behavior is optimal
is more uncertain when there are more possibilities; and
(4) agent lifespan—agents experience fewer learning opportunities and die more uncertain about which behavior
is optimal when their lifespan is shorter.
The primary outcome measure of our model is the average difference between the frequency of (horizontal) social learning and the frequency of asocial learning across
all agents. If social learning is more prevalent than asocial learning this suggests that the optimal behavior is
more likely found by copying peers than by trial-anderror search. Conversely, when asocial learning is more
prevalent, this suggests social information is likely to be
misleading. When social and asocial learning are equally
prevalent this means there is no discernible advantage to
either, i.e., the agents have weak priors on which channel provides more reliable information. Each agent has
its own social learning frequency that it inherits from
its parent (haploid reproduction) with mutation, so evolution selects for, or computes (Smaldino & Richerson,
2013), the optimal social learning frequency.
Using our model we found that increased uncertainty
sometimes led to increased reliance on social learning,
as expected from prior literature. However, we also find
cases where increased uncertainty decreased agents’ reliance on social learning due to increased uncertainty
that made social information less reliable, thereby increasing reliance on asocial learning.

Model
We developed an agent-based model of a society of N
individuals who each must decide which of B behaviors to perform at each time step. Each behavior is a
bandit indexed by integer b, a common modelling and
experimental approach for representing behaviors with
probabilistic payoffs (Sutton & Barto, 2018; McElreath
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et al., 2005; Rendell et al., 2010; Schulz & Gershman,
2019). Each behavior indexed by b is modeled here as
a “pull” of bandit b (Figure 1, left). Payoffs from each
behavior b are binomially distributed with mean πb , and
yield a payoff of 1 when the behavior is successful and
0 otherwise. Agents must decide which behavior to perform at each time step. To do this, each agent i employs
either social information with probability si or asocial
information with probability ai = 1 − si (Figure 1).
We operationalized uncertainty in four different ways:
(1) payoff ambiguity, Aπ , which measures the difference
between the optimal expected payoff behavior πhigh and
the expected payoff of the other behaviors, πlow ; (2) environmental variability, u, the probability the optimal
behavior changes from one generation to another; (3)
the number of possible behaviors, B; and (4) the lifespan, or time steps per generation, L.
We ran the simulation for R rounds (i.e., generations
of L time steps each). At the end of each round agents
reproduce and then die off. Those selected to reproduce
pass on their social learning frequency si with mutation, so that selection favors higher payoff strategies at
reproduction. We developed a series of computational
analyses where we systematically vary the uncertainty
and risk variables and observe the social-asocial learning difference, our primary outcome measure, hs − ai. In
other words, we examine when horizontal social learning
is more likely to evolve than asocial learning.

Agents
In each time step, N agents—autonomous problem
solvers—select which behavior to perform based on either social or asocial information (Figure 1). In either
case the agent tracks the mean payoff of each behavior b,
denoted π̄b , and a count of how many times it has performed each behavior, denoted cb . Agents’ beliefs about
mean payoffs are updated from π̄b to π̄b0 using exponenb
, where
tial weighted averaging, π̄b0 = π̄b + Banditbc(0,1)−π̄
0
b

Banditb (0, 1) is 0 or 1 depending on the result of the
bandit draw for behavior b. π̄b is initialized to 0 for all
b at model initialization, and initialized based on vertical transmission from each new agent’s parent at the
start of each generation, after the first, described in more
detail below (see Table 2 for a summary of agent-level
variables).
Agent i chooses social information with probability
si , which is itself an inherited trait (see below for details
on evolutionary dynamics). When an agent engages in
social learning it first selects NT potential teachers at
random from the other N − 1 agents in the population
(NT = 3 in the example at the bottom of Figure 1, and
is set to NT = 10 for our analysis). By setting NT = 10,
which is less than the total number of agents N , we
make a conservative estimate of the scope of social learning since in real-world settings individuals do not always

Table 1: Agent variables. Agents have social learning
and vertical transmission traits vi and si ; individuallevel dynamic variables tracking agent observations, ci
and πi , and global parameter τ . The subscript i is included when each agent i has its own local value of that
variable. See text for variable initializations.
Variable
si
vi
ci
πi
τ

Description
Frequency of horizontal social learning
Propensity for vertical social learning
Vector length B counting number of times
each behavior was performed
Vector length B of observed mean payoffs
for each behavior
Softmax parameter that tunes how often
agents exploit the best observed behavior (lower τ ) versus explore alternatives
(higher τ )

have access to the whole population as teachers at any
given moment. The agent selects one of the teachers
of the NT , weighted by each potential teacher’s accumulated payoffs in the round (Figure 1, bottom right).
The agent then performs the behavior done by its chosen
teacher in the previous time step.
Following Luce’s choice axiom (Luce, 1959), an agent
using asocial information selects a behavior at random,
with the probability of selecting any particular behavior
weighted by the softmax function applied to that behavior’s observed mean payoff relative to all mean payoffs:
exp(π̄b /τ )
Pr(choose behavior b) = PB
.
b=1 exp(π̄b /τ )

(1)

The softmax method is a biologically plausible
model (Hill, Boorman, & Fried, 2016; Schulz & Gershman, 2019) that enables agents to explore alternative
behaviors sometimes and exploit the best observed behavior other times, even for small sample sizes (Vul,
Goodman, Griffiths, & Tenenbaum, 2014). The parameter τ specifies how frequently alternative behaviors are
explored—higher τ means more frequent exploration. To
mimic increased plasticity and exploration in the developmental period we use simulated annealing to decrease
τ over the course of a model generation (Gopnik, 2020),
starting from τ = 0.01 and reducing τ by 9.999e-5 each
time step so that τ = 1e-6 after 100 time steps.

Modeling uncertainty
In our model uncertainty is a tunable consequence of
four environmental features:
1. We vary the latent expected payoffs yielded by the
bandits. For simplicity, we assume that in any given
environmental state, there is one optimal behavior
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Figure 1: Behavior selection. Agents select a behavior
to do at each timestep either using asocial information
(top row) with probability a or social information with
probability s = 1 − a (bottom row).
Use asocial information
with probability a = 1 - s

Variable
Aπ

Pr(do behavior b) =
Softmax(b;

1

Mean
Payoff

𝜋! = 𝜋"#$

Table 2: Uncertainty variables. We model uncertainty with these four variables, explained in the text.

)

u

Behavior b

𝜋∗ = 𝜋'()' b*
bi=1

𝜋% = 𝜋"#$ B

b2
Use social information
with probability s = 1 - a

b3

Net payoff

Pr(adopt bi)

i=1

5

5/17

2

10

10/17

2

2/17

3

B
L

that yields an expected payoff of πhigh , while all other
behaviors yield a payoff of πlow < πhigh . The difference between these quantities is the payoff ambiguity,
Aπ = 1 − (πhigh − πlow ),

(2)

which is maximized when the expected payoffs are
close to equal and minimized when they differ greatly.
2. We vary the frequency at which the optimal behavior changes, which we call environmental variability,
u. At the start of each generation, with probability u,
a new behavior is assigned a payoff of πhigh while all
other behaviors are assigned a payoff of πlow . Otherwise, the same behavior remains optimal across generations.
3. We vary the total number of available behaviors, B,
which is a source of uncertainty since agents are less
likely to know which behavior yields high payoffs.
4. Finally, we vary number of behavioral events per generation, L. This can be viewed as the effective lifespan of an agent. Decreasing this lifespan effectively
increases the importance of each event for acquiring
payoffs. When lifespans are short (L is small), agents
experience greater uncertainty about which behavior
is optimal given the fewer learning opportunities.

Dynamics and evolution
Model dynamics occur on two timescales. The shorter
scale is the individual behavioral event, in which horizontal social learning occurs and payoffs are accrued. There
are L such events per generation. The longer scale is
the intergenerational one. At the end of each generation’s L time steps, agents reproduce before dying. N
new offspring are then created, and assigned to a parent
with probability proportional to the potential parents’
accumulated payoffs. Each of these offspring inherits
two traits from its parent i—the propensity for horizontal social learning frequency, si , and the magnitude of
vertical transmission, vi .

Description
Payoff ambiguity 1 − (πhigh − πlow ), which
is maximal when πhigh = πlow
Environmental variability, i.e., probability the optimal behavior switches between
generations
Number of possible behaviors; only one is
the optimal behavior
Agent life span, i.e., number of behaviors
performed before reproduction and die-off

An offspring j inherits traits related to social learning
from its parent, i, with mutation, such that sj = si + 
and vj = vi + , where  is a random draw from a normal
distribution with a mean of zero and a standard deviation of σ (we used σ = 0.05 for all simulations reported
here). All mutated traits were truncated in [0, 1].
This propensity for vertical social learning affects how
much offspring weight the information they learn about
their parents’ behavioral repertoire. In the absence of
vertical transmission, offspring initially assign their expected payoffs for each behavior b to the mean value
over all payoffs in the parent’s memory, π̄. With vertical
transmission, offspring j learns about each behavior’s expected payoff from its parent: π̄b0 = π̄ + vi (π̄b − π̄). Here
π̄b0 is the mean payoff for behavior b that is transmitted
to the child, π̄b is the expected payoff for behavior b in
the parent’s memory, and π̄ is the mean payoff across all
behaviors observed by the parent. The number of observations of behavior b known to the child, call it c0b , is
set conservatively based on its parent p’s behavior observation count cb as follows under vertical transmission
c0b = min(bvp cb c, 1). This means that if bvp cb c = 0, then
c0b is set to 0. If bvp cb c ≥ 1, then cb is set to 1. This keeps
children from inheriting a high cb that would cause new
information to be weighted very little.

Computational analyses
We manipulated environmental uncertainty parameters
described above, Aπ (via πlow and πhigh ), u, B, and
L, to examine their effects on our main outcome, the
difference between the probabilities of social and asocial
learning hs − ai. For each parameter setting in our
analysis we calculated the average value of hs − ai over
the final 20,000 of T = 100, 000 behavioral events (i.e.,
time steps) for each simulation, across 100 runs for each
combination of parameter values. hs − ai is dynamically
stable over this time frame for all analyses, which we
demonstrate in time series plots in a supplemental
Jupyter notebook included in the GitHub repository
for this project (https://github.com/mt-digital/
UncMod/blob/CogSci2022-CameraReady/notebooks/
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Figure 2: Social-asocial learning difference hs − ai over
different payoff structures defined by πlow and πhigh for
low environmental availability, u = 0.1, in (a) and high
environmental variability, u = 0.9, in (b). B = 100, L =
20.
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Figure 3: Social-asocial learning difference hs − ai increases with environmental variability u. B = 100, L =
20.
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In this paper, we highlight the results from four computational analyses. In the first analysis, we manipulated the base payoff πlow ∈ {0.1, 0.2, . . . , 0.8} and the
optimal payoff πhigh ∈ {0.2, 0.3, . . . , 0.9}. In the second
analysis, we manipulated the environmental variability
alone with u ∈ {0.0, 0.1, 0.25, 0.5, 0.75, 0.9}. In the third
analysis, we manipulated the number of possible behaviors, B ∈ {10, 20, . . . , 100}, along with environmental variability u ∈ {0.1, 0.9}. In the final analysis, we manipulated the lifespan of agents, the number of steps per
generation, L ∈ {5, 10, 20, 50, 100} and the environmental variability u ∈ {0.1, 0.9}.
The model was implemented in Julia (Bezanson, Edelman, Karpinski, & Shah, 2017) using the Agents.jl
package for model development (Datseris, Vahdati, &
DuBois, 2022) and the Gadfly package for figures (Jones,
Arthur, Nagy, Mattriks, & Contributors, 2021). Simulations were run on the Sherlock supercomputing cluster at
Stanford University. Model and analysis code, and links
to output datasets used for this paper’s figures, can be
found on GitHub at https://github.com/mt-digital/
UncMod/tree/v0.1-CogSci2022Sub.
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Analysis
Payoff ambiguity Aπ (via πlow and πhigh )
Payoff ambiguity, Aπ , is the first form of uncertainty
we analyze. To do this, we manipulated the base payoffs
πlow and optimal payoff πhigh , and by consequence varied
payoff ambiguity, Aπ (Equation 2). We found some cases
supporting the claim that greater uncertainty in the form
of payoff ambiguity leads to more social learning—or its
logical equivalent, that less ambiguity leads to less social learning. However we also found several counterexamples where increased (decreased) uncertainty of this
form suppresses (selects for) social learning.
First, we found cases that support the claim that
greater uncertainty leads to more social learning. For
example, consider the case where u = 0.1 (Figure 2a)
and πlow ≈ 0.1. In this case social learning becomes less
prevalent as Aπ decreases when moving from parameter
setting πhigh ≈ 0.6 to πhigh = 0.9, as classically expected.
On the other hand, we also found cases where social
learning is selected for as ambiguity decreases, contrary
to expectations. For example, consider the low environmental variability (u = 0.1) case with πhigh = 0.9. In
this case hs − ai decreases while πlow increases to ≈ 0.5,
which correspondingly increases Aπ . When πlow continues to increase from ≈ 0.5 to 0.8, the trend switches back
to wheresocial learning prevalence increases with payoff
ambiguity.
Social learning sometimes increases when ambiguity
decreases because horizontally-acquired information is
more reliable than information either asocially acquired
through trial and error or vertically transmitted to off-

spring. When intergenerational environmental variability is high (u = 0.9; Figure 2b) it is unlikely that the
average individual knows which of the 100 possible behaviors is optimal (i.e. when B = 100), at least in the
first time steps of the generation. However, when Aπ is
low, such as when πlow = 0.1 and πhigh = 0.9, it is likely
that at least one out of the other ten randomly selected
individuals is doing the optimal behavior, and successbiased social learners can reap the benefits of this pooled
information.

Environmental variability u
We find that that social learning frequency broadly increases with environmental variability Figure 3 for two
of the most sensitive payoff structures identified in the
previous analysis. The lower hs − ai for more ambiguous
payoffs in this figure illustrates that the evolution of social learning responds differently to different types of uncertainty (Figure 3). Note that environmental changes
do not particularly degrade social information in this
model because s only involves horizontal transmission.

Number of possible behaviors B
Next we manipulated the number of possible behaviors
B (i.e. the number of bandits) agents could perform,
which increases the difficulty of finding the optimal behavior. In the case of low environmental variability, B
has minimal effect on the extent of social learning (see
solid lines in Figure 4a). This is likely because of the
relatively low need to learn from members of the same
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Agent lifespan L
Shorter lifespans (i.e., lower L) increase agents’ uncertainty as it gives them fewer opportunities to learn the
optimal behaviors. We observe a non-monotonic effect
of L on hs − ai, though most variation over L occurs in
the form of a sharp increase in hs − ai as L increases
from 5 to 20 time steps for some levels of payoff ambiguity (Figure 4b). This result is particularly acute for
the low-ambiguity case of πlow = 0.1 and πhigh = 0.9 for
both u = 0.1 and u = 0.9. As in the previous analyses,
this appears to be due to the availability of reliable teachers for horizontal social learning. When L is very small,
no agents have been able to discern the optimal behavior, so social learning confers little benefit over asocial
learning. However, once agents live long enough some
inevitably begin doing the optimal behavior. It then becomes advantageous to pursue social learning more frequently than asocial learning. When u = 0.9 it appears
that increasing L slightly decreases average reliance on
social learning. This is likely due to the fact that softmax
will always eventually converge to the optimal behavior
with enough samples. If individuals are able to eventually identify the optimal behavior on their own, there
should be a slight correction to lower levels of horizontal
social learning.

Vertical transmission magnitude evolution
Vertical transmission is an important component of this
model, as can be seen by the effect of intergenerational
environmental variability on hs − ai. However, in our
analyses, the vertical transmission magnitude, v, evolves
to be around 0.5 across our computational experiments
after being initialized to 0.1. In supplemental information (Jupyter notebook included in our GitHub repository) we provide equivalent visualizations for v as we
have presented here for s. We will further analyze the
evolution of vertical social transmission in future work
given current space limitations.

Figure 4: Social-asocial learning difference hs − ai over
(a) number of behaviors B (L = 20) and (b) agent life
span L (B = 100) for environmental variabilities u = 0.1
(solid lines) and u = 0.9 (dashed lines).
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generation when the environment doesn’t vary. In contrast, with high environmental variability (dotted lines),
we sometimes observe a decreased reliance on social
learning as the number of behaviors increases, particularly for the high-ambiguity and low-information case
of πlow = 0.1, πhigh = 0.2 (Figure 4a).
This appears to contradict the claim that individuals
should rely on social learning for more difficult or uncertain tasks. In this computational experiment, agents
only live for L = 20 time steps, so that when B is smaller
(B ≈10-20) it is more likely that one out of ten randomly
selected agents is doing the optimal behavior. When
πlow = 0.1 and πhigh = 0.2, the optimal behavior is twice
as likely to pay off. When B becomes larger than 20, it
is increasingly unlikely any agent knows what the best
behavior is, and so social and asocial learning drift to
s = a = 0.5.
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Discussion
In this paper we re-examined the relationship between
uncertainty and social learning. While uncertainty is
generally thought to favor social learning, we show that
increased payoff ambiguity, increased number of possible behaviors, and decreased lifespan sometimes suppress
the evolution of social learning. Our results derive from
an agent-based model where individuals solve the problem of choosing among many possible behaviors to find
the one with the highest payoff using social learning from
peers, asocial learning by trial-and-error, and verticallytransmitted information from parents. Our model could
be extended in a number of ways, including to consider
questions about who learns from whom under different
forms and levels of uncertainty (Muthukrishna et al.,
2016).
In general this work highlights the importance of precision in characterizing sources of risk and uncertainty
in understanding social phenomena. While social learning may be favored under one form of uncertainty, other
forms can select against it. The time scales under which
those uncertainties operate also matter. This work thus
answers calls for greater precision in theory-building and
hypothesis generation. More practically, this work could
be adapted to guide reinforcement learning AI agents to
optimize their use of social information (Jaques et al.,
2019).
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Abstract
Mental simulation is a powerful cognitive capacity that underlies people’s ability to draw inferences about what happened
in the past from the present. Recent work suggests that eyetracking can be used as a window through which one can study
the process of mental simulation in intuitive physics tasks. In
our experiment, participants have to figure out in which of
three holes a ball was dropped in a virtual Plinko box. We
develop a computational model of human intuitive physical
reasoning in Plinko that runs repeated simulations in a noisy
physics simulator in order to infer in which hole the ball was
dropped. We evaluate our model’s behavior against multiple
human data signals: trial judgments, response times, and eyemovement data. We find that a model that sequentially samples
simulations while balancing uncertainty and reward best explains the patterns of participant behavior we observe in these
three signals.
Keywords: mental simulation; intuitive physics; causal inference; eye-tracking; computational modeling.

Introduction
Imagine walking into your dining room and noticing one of
your favorite vases shattered on the floor. Your eyes quickly
flit up to its former location on the dinging room table, and
you spot your mischievous cat, Whiskers, looking guilty.
Without a moment’s hesitation an explanation for what happened pops into your head. Whiskers was playing where he
wasn’t supposed to, bumped the vase, and gravity and physics
did the rest.
This seemingly unremarkable sequence of thoughts actually exhibits the components of an impressive cognitive processing capacity. Having observed an unexplained outcome,
you were able to utilize your intuitive knowledge of how the
world works to imagine a plausible story that explains the
data you observed. This ability to infer past causes from
present events is constantly at work in human thought. It
comes out in relatively mundane interactions with our rambunctious cats, but also in more complicated settings where
people must reconstruct the past from the present like a detective determining what happened at a crime scene.
How do people perform these impressive feats of inference? Prior research suggests that intuitive theories encoding rich causal knowledge about the structure of the world
can support these powerful leaps of reasoning backward from
observed effects to latent causes (Gerstenberg & Tenenbaum,
2017; Lake, Ullman, Tenenbaum, & Gershman, 2017; Wellman & Gelman, 1992). Work in intuitive physics in particu-

lar has highlighted the role of mental simulation as a cognitive mechanism supporting probabilistic inference about possible physical histories (e.g. Smith & Vul, 2014). Building on this hypothesis, a modeling tradition has emerged
over the past ten years that uses approximate physics engines to explore how mental simulation can support a wide
variety of intuitive physical inferences (Battaglia, Hamrick,
& Tenenbaum, 2013; Gerstenberg, Goodman, Lagnado, &
Tenenbaum, 2021; Ullman, Spelke, Battaglia, & Tenenbaum,
2017). Though these models have certain limitations as a
full description of human physical reasoning (Ludwin-Peery,
Bramley, Davis, & Gureckis, 2021), they provide a rich
computational tool set that allows cognitive psychologists
to propose explicit hypotheses yielding quantitative predictions, and compare those predictions against human behavioral data.
In concert with these developments in modeling physical
inference, new methods have been developed for extracting
behavioral signals of human physical thought. Eye-tracking
in particular has proven a promising approach. In a variety
of intuitive physical tasks, researchers have captured human
eye-data to investigate claims about mental simulation (Ahuja
& Sheinberg, 2019; Crespi, Robino, Silva, & de’Sperati,
2012; Gerstenberg, Peterson, Goodman, Lagnado, & Tenenbaum, 2017). Eye-data yield a moment-to-moment trace of
human behavior throughout the process of making a physical judgment, augmenting standard behavioral measures and
providing rich empirical fodder for making inferences about
human cognition.
In this study, we work to bring together modeling tools for
intuitive physics and eye-tracking. We examine participant
behavior in Plinko, an intuitive physics task developed by
Gerstenberg, Siegel, and Tenenbaum (2021). In their study,
participants performed either a prediction task or an inference
task. Here we focus on the inference task which is illustrated
in Figure 1. Participants were presented with images showing the final location of the ball and asked to infer in which
hole the ball was dropped. Gerstenberg, Siegel, and Tenenbaum found that a model that relies on physical simulation
outperformed alternatives that only used heuristic cues, suggesting that mental simulation is likely at play in participants’
inferences in this task. However, their initial study only considered human judgment data. Here, we augment the Plinko
paradigm with eye-tracking data as well as response time data
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Figure 1: A–C: Sample stimuli from the Plinko task. Participants are presented with still images like those on the top
row, and asked to judge which hole they think the ball most
likely fell from. Panel C also shows kernel density estimates
from the uniform sampler computed from multiple simulations from each hole. D–F: Sample traces of individual participants’ eye-movements for each of the stimuli above. The
colored dots represent eye-positions over time where yellow
dots are closer to the beginning of the trial and orange dots are
closer to the end. The green-blue density reflects the amount
of time spent foveating in that location.

to better understand the underlying cognitive processes that
support causal inferences in this task. In particular, these additional data sources allow us to provide stronger evidence
for the role of mental simulation in causal inference.
The paper is organized as follows. We begin by describing
our modeling framework. We present noisy physics simulation as a tool for modeling human intuitive physical thinking in our domain. We then describe the uniform sampling
model first introduced by Gerstenberg, Siegel, and Tenenbaum (2021) as a model of human judgment in the Plinko
task. We proceed to introduce a sequential sampling model,
that builds on this prior approach to better characterize the
cognitive process at work in the Plinko task. We then introduce the task and discuss how well the different models
account for the human data we collected. We highlight how
sequential sampling helps us better explain participant behavior, capturing a strong trend in participant response time and
skewed distributions of participant eye-movement. We close
with a brief consideration of future directions.

Modeling causal inference
Our inference models for Plinko are built on an approach that
uses noisy physics simulators as a model for human intuitive
physical thought. We describe the approach here, and then
present two models that utilize mental physical simulation to
perform inference in the Plinko task.

B

C

Figure 2: A sequence of behavior of the sequential sampler.
Panel A shows the initial conditional distributions for each
hole. The model initially favors the hole closest to where the
ball is (the green hole). In panel B the model simulates a ball
drop from this hole and updates its kernel density estimate.
However doing so actually decreases the model’s belief that
the ball was dropped in that hole (it also decreases the entropy). In panel C, the model proceeds to consider the next
best hypothesis and simulates a drop from the blue hole.

Modeling physical reasoning through mental
simulation
Following Gerstenberg, Siegel, and Tenenbaum (2021), we
model physical inference by running repeated simulations in
a noisy physics simulator. This approach builds on a broader
literature that uses noisy physics engines as a model of human intuitive physical reasoning (Battaglia et al., 2013; Gerstenberg, Goodman, et al., 2021; Ullman et al., 2017). In
general, people cannot perform exact mental physical simulation, and noisy simulators allow us to capture that uncertainty embedded in the cognitive process. Uncertainty in
mental physical simulations arises from many sources (Smith
& Vul, 2012). We model physical uncertainty in Plinko using two sources of noise: 1) uncertainty in the angle at which
the ball is dropped from a hole (“drop noise”), and 2) uncertainty in the ball’s magnitude of velocity after it collides
with an obstacle or the wall (“collision noise”). Gerstenberg,
Siegel, and Tenenbaum (2021) showed that these two sources
of uncertainty were sufficient for accurately capturing participants’ predictions and inferences in Plinko. “Drop noise” is
implemented by adding Gaussian noise to the true angle of
the drop, while “collision noise” is implemented by multiplying the ball’s true exit velocity with a value generated from a
Gaussian distribution. The parameters for these distributions
are set to the same values used by Gerstenberg, Siegel, and
Tenenbaum (2021) in their original study: N drop noise (0, 0.2)
and N collision noise (0.8, 0.2). The mean value of “collision
noise” is below 1 to capture participants’ systematic tendency
to underestimate how far the ball will bounce off the obstacles.
To investigate more precisely whether, and if so, how
participants use mental simulations to perform inference
in Plinko, we develop two computational models. The
first simulates uniformly from each of the three holes, reimplementing the same computational model developed by
Gerstenberg, Siegel, and Tenenbaum (2021). Gerstenberg,
Siegel, and Tenenbaum found that this uniform sampler did
a good job of capturing patterns of participant judgments in
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Plinko. However, we see this model as implausible as a model
of the underlying cognitive process. Prior work suggests that,
when making physical judgments, humans consider and act
on certain hypotheses preferentially rather than considering
all possibilities uniformly (Dasgupta, Smith, Schulz, Tenenbaum, & Gershman, 2018). We expect that here too participants are more focused on the plausible drops that could have
given rise to the observed outcome. To sharpen this intuition,
we design a sequential sampling model that iteratively simulates from hypotheses that balance reward and uncertainty.

Uniform sampling model
The uniform sampling model determines the most probable
hole by performing Bayesian inference through repeated simulation in a noisy physics engine. Our uniform sampler computes a posterior distribution on holes hi given the observed
final location of the ball xobs according to Bayes’ Rule:
p(hi |xobs ) ∝ p(xobs |hi )p(hi )

(1)

Here the prior on holes p(hi ) is assumed to be uniform. The
model estimates the likelihood p(xobs |hi ) by simulating a
fixed number of samples from each of the holes, and computing a kernel density estimate for each hole with the samples
dropped from that hole. The model computes the likelihood
of xobs using the kernel density estimate from each hole. For
example, Figure 1C shows the kernel density estimates computed after taking a fixed number of samples from each of
the holes. The location of the ball has a high probability under the green distribution so the likelihood is high, but under
the other two hypotheses the likelihood is very low. The uniform sampler has two free parameters, the number of samples
dropped from each hole and the bandwidth of the Gaussian
kernel that’s used to generate the kernel density estimates.

Sequential sampling model
While the uniform sampling model from Gerstenberg, Siegel,
and Tenenbaum (2021) did a good job of capturing participants’ inferences about where the ball fell from, we think it is
implausible as a model of the underlying cognitive processes
for two reasons. First, the model performs a fixed number
of simulations on every trial. However, some trials may be
easier to assess than others. Second, the model pays equal attention to all three holes. However, it’s likely that some holes
strike participants as better candidates than others (see Figure 1). To account for these intuitions, we design a sequential
sampling model that iteratively determines whether to sample
another hole and if so which one.
We formulate the process of simulation allocation in Plinko
as an explore-exploit tradeoff (Schulz et al., 2019). Participants want to find a good hypothesis, and repeated simulation
(exploitation) from a particular hole could help them increase
their confidence that they have found the correct one. At the
same time, sampling from a particular hypothesis to the exclusion of other possibilities could prevent them from finding a better alternative hypothesis. Thus, participants are also

motivated to explore different possibilities and see whether
there are good options that they might be missing.
In order to formalize a decision-making agent to model
these dueling pressures, we cast sequential simulation choice
in Plinko as a multi-armed bandit, a classic paradigm for
balancing exploration and exploitation in sequential decision
making tasks (Slivkins, 2019). We implement an upper confidence bound algorithm to solve the bandit problem posed
by our setting. The upper confidence bound agent decides
which action to take based on a weighted combination of the
expected reward and uncertainty of each action (Lai & Robbins, 1985).
Figure 2 provides a graphical illustration of the sequential
sampler’s behavior. The model initializes in panel A with a
prior expectation that the ball will fall close to the hole it was
dropped. It proceeds in panel B to consider the hole closest
to the ball, the green hole. The model simulates from this
hole and finds that doing so actually makes this hypothesis
less appealing. The model is now more certain that the green
hole would not have given rise to the observed outcome. The
model proceeds in panel C to consider the blue hole, and finds
this hypothesis more plausible.
Formally, our model chooses to simulate from a hole hi that
maximizes the following utility function:
U(hi ; xobs ) = p(xobs |hi ) − ω

Z

p(x|hi ) log p(x|hi )dx,

(2)

p(xobs |hi ) represents the reward term. The model preferentially simulates from holes that assign
high probability to
R
the observed location of the ball. − p(x|hi ) log p(x|hi )dx,
the entropy of the conditional distribution, is the uncertainty
term. If the conditional distribution for a hole is very wide
and the model is uncertain about where the ball will fall when
dropped from that hole, the model is incentivized to simulate
from that hole to reduce its uncertainty. The free parameter ω
tunes the balance between these two incentives.
On each trial, we initialize the kernel density for each hole
with a small Gaussian bump under the location of the hole,
reflecting a bias to expect a priori that the ball will fall closer
to the hole. The model proceeds to choose hypotheses sequentially according to this utility function, simulate from the
corresponding holes, and update its kernel density estimate
for that hole with the value of the new sample. The sample weight, a free parameter of the model, determines how
strongly each simulation affects the shape of the conditional
distribution. After each simulation, the model computes a
posterior distribution on holes by re-normalizing the likelihoods and checks whether the entropy of that distribution has
fallen below a decision threshold (another free parameter).
When it does, the model terminates the sampling procedure
and selects the hole with the highest probability under the
posterior.
All together, the model has four free parameters: the decision threshold, the reward-uncertainty tradeoff, the bandwidth of the kernel density, and the sample weight.
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Experiment
We measure participant behavior in the Plinko inference task.
Participants saw images showing the ball at the bottom of the
Plinko box (see Figure 1). Participants’ task was to guess in
which hole the ball was dropped. In addition to this judgment
data, we collected response time and eye-movement data as
well. The materials, data, model and analyses scripts can
be accessed here: https://github.com/cicl-stanford/
tracking inference

Methods
Participants We recruited 30 participants through Stanford’s community recruitment platform and undergraduate
student credit pool (age: mean = 25, sd = 8; gender: 14 female, 16 male; race: 12 Asian, 15 White or Caucasian, 3 unclear racial categories). Community members were compensated at a rate of $11 per hour and students were compensated
with course credit.
Design There are three obstacles in each Plinko box trial:
a triangle, a square, and a pentagon. Each obstacle can occupy one of nine possible locations that form a grid evenly
spaced under each of the three holes. Trials are generated
by randomly sampling a location for each obstacle from this
grid with the constraint that no obstacle can occupy the same
location. Once it has a location, each obstacle is randomly
offset and randomly rotated. Once the obstacles are fixed, a
single simulation is run from a random hole in a deterministic
physics engine to determine the resting place of the ball.
After generating a large number stimuli, a subset were selected as trials. The difficulty of the inference was varied
across the selected set, where difficulty here is defined as the
entropy of the posterior distribution under the uniform sampler model. Trials were further selected to tease apart participant judgments in experimental conditions where participants would have access to additional auditory cues as well
as visual information. However in this work, we focus on the
experimental condition in which participants received only
visual evidence.
Procedure Participants were first presented with six training videos depicting drops from each of the holes to orient
them to how the physics works. We then instructed them that
on each trial they will view static stimuli depicting the endstate of a drop, and that their task would be to infer which
hole they think the ball fell from.
We proceeded to calibrate the eye-tracker for each participant. We tracked each participant’s right eye using an SR
Research Eyelink 1000 sampling at 1000 Hz. Participants
rested their head on a chin rest fixed 54 cm from the display.
In the main stage of the experiment, participants performed
the inference task on 152 trials, two of which were training
trials. After training, the order of test trials was randomized
between participants. Before each trial, participants fixated
at the center of the screen to initiate the trial. The trial terminated when the participant pressed 1, 2, or 3 on the keyboard

indicating their judgment that the ball had dropped from the
corresponding hole. We recorded participants’ judgments, response times (from stimulus onset to the keyboard response),
and eye-movements. Every 30 trials we had a break period
for the participant to rest their eyes and remove their head
from the chin rest. After two break periods we re-calibrated
the eye-tracker.

Results
To evaluate model performance, we first optimized the parameters of the uniform and sequential sampling models with
a grid search. For each data signal, we computed the squared
error between the model prediction and the human data as
a measure of performance. We chose the model parameters
that minimized the average rank in accounting for the three
data signals. We fit model parameters on half our participants
(n = 15) and report model performance on the complete set.
Judgments Participant judgments present the most
straightforward test of our model’s behavior. On a given trial,
the model should select holes that match the distribution of
participant responses. For the uniform sampler, this comparison is simple. The model directly produces a posterior that
can be compared to the participant distribution. To produce
a distribution of behavior for the sequential sampler, we run
the model multiple times and compute the proportion of runs
in which the sequential sampler selected each hole.
The scatter plots in Figure 3A illustrate model performance
on the judgment task. On the y-axis is the proportion of participants that selected a particular hole on a given trial, and on
the x-axis is the proportion of model runs where a particular
hole was selected for the sequential sampler and the posterior
estimate for the uniform sampler. Each point represents the
judgment for a particular hole on a particular trial. Both models correlate strongly with participant judgments, though this
effect is driven in large part by clusters of model judgments
at 0 and 1. 358 of 450 judgments are either 0 or 1 for the
sequential sampler and 187 of 450 judgments for the uniform
sampler are either 0 or 1. There remains substantial residual
variance between the two extremes. Overall the two models’
performance is similar in terms of how well they correlate
with participants’ responses, as well as the average error between model predictions and participant judgments. The two
models correlate strongly with each other as well (r = 0.90).
Digging deeper into our additional data signals is important
to pull apart their behavior.
Response Times The time it takes participants to respond
differs across trials. On some trials participants are fast (e.g.,
Figure 1D), whereas on others, it takes them longer to judge
in which hole the ball was dropped (e.g., Figure 1E). To evaluate whether our models can explain the time it takes for participants to figure out what happened, we compute a measure
of model response time for each trial and compare that value
to our human data. Specifically, each time we run the model
on a given trial we count the number of collisions that take
place across all the simulations that the model ran. This gives
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Figure 3: Model comparison between the sequential sampler and the uniform sampler. A: Judgments Scatter plots of model
prediction against human judgments. The x-axis depicts the model estimate for each hole, and the y-axis depicts the proportion
of participants who selected that hole. Each point represents a particular hole on a particular trial (150 trials × 3 holes =
450 data points). B: Response Times Scatter plots comparing model predictions to human response times for the 150 trials.
To predict participants’ response times, the sequential sampler uses the mean log collisions across its multiple runs, and the
uniform sampler uses the log total number of collisions from its single run. Each point represents a single trial. C: Eye
Data Heatmaps of participant eye-movement and model predictions on two sample trials. D: Eye Data Comparison between
participant heatmaps and model heatmaps on each trial using earth mover’s distance as a measure (lower is better here). The
visual features baseline produces a heatmap using only visual features of the scene including the position of the obstacles, the
holes, and where the ball landed.
us a sense of how much “thought” our model put into figuring
out what happened. Counting the number of collisions rather
than the number of simulations accounts for the fact that certain simulations may be more complicated and require more
cognitive effort than others. Human response time data has a
characteristic long tail. While most trials are performed relatively quickly, a small number of trials take a long time for
participants to respond. Assessing model fit with a regression
would be strongly affected by outliers. To mitigate this effect,
we log-transform the human response time data and compute
the mean log response time for each trial.
The sequential sampler response time measure exhibits the
same characteristic long tail, so we prepare the model response time measure in an analogous way. We log transform
the collision count on each run, and for each trial we compute
the mean log collision count as a measure of model response
time. For the uniform sampler, the number of simulations
is fixed, and thus the number of collisions varies minimally
when the model is run multiple times. As such, running the
uniform sampler a single time gives us a relatively good estimate of the mean if we were to run it many times. In comparing this model to human response times, we take the log

number of collisions from a single run.
The scatter plots in Figure 3B illustrate how well each
model accounts for participants’ average response times.
Here the difference between the two models is substantial.
The sequential sampler explains much more of the variance in
human response times compared to the uniform sampler. For
the sequential sampler, part of what’s driving the higher correlation is that it accurately captures that participants respond
quickly for some of the trials. These are cases such as the
one shown in Figure 1A where both the sequential sampler
and participants quickly figure out that the ball was dropped
in hole 2. Even if this cluster of trials is removed, the sequential sampler still correlates better with human response times
(r = 0.37) than the uniform sampler does.
Eye Data The eye-data is a complex data signal that unfolds across time in different types of movements (fixations
and saccades). For this analysis, we simplify the complexity of this signal by looking at the eye-data aggregated across
participants and time. Within each trial, we compute a twodimensional density estimate with a Gaussian kernel based on
all the eye-data samples collected from all participants on that
trial. This kernel density provides us with a description of the
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distribution of participant gaze locations on each trial. The
distributions of participant eye-data give an activation value
at each pixel of the Plinko box. In the sample cases in Figure 3, deep green areas represent locations with high activation values, while more faded blue areas have relatively lower
values. Areas without color have activation values near zero.
To predict where participants are looking, we define a set
of feature maps that are derived from the model behavior. For
example, a key feature that we believe is important in explaining the patterns of participant looking behavior is the location
of the collisions that the model simulates when considering
how the ball would fall from a given hole. Both the sequential and the uniform sampler produce a set of collisions on
each trial, and we can use the locations of these collisions as
samples to compute a kernel density estimate, just as we did
for participants’ eye data. The resulting feature map has an
activation at each pixel that then serves as a predictor for the
corresponding activation in the human distribution. We can
compute multiple feature maps of this type and then use a regression to determine a weighted combination of features that
best explains the pattern of participant eye-data.
We compute feature maps for four dynamic features: the
locations of the simulated obstacle collisions, the locations of
the simulation drops, the locations of the simulated wall collisions, and the locations of the simulated collision with the
ground. We also compute feature maps for four visual features: the locations of the obstacles, the locations of the holes,
the location of the ball, and the center of the Plinko box. As
a baseline to compare against our two simulation models, we
compute a regression from the visual features to the participant data with no dynamic features included. The performance of this ‘visual features’ model relative to the simulation models shows whether dynamic features are important
for predicting human eye-gaze.
We measure the difference between the distribution of participant eye-movements and the predicted distribution of fixations for each of our models using the earth mover’s distance (Rubner, Tomasi, & Guibas, 2000). The results of this
comparison are illustrated in Figure 3D. On the left we see
distances from the sequential sampler distributions to the participant distributions for each trial (Mean: 49.23, 95% confidence interval: [46.93, 51.54]), in the middle the analogous distances for the uniform sampler (Mean: 65.05 [62.60,
67.65], and on the right our visual feature baseline (Mean:
71.49 [69.08, 73.94]). The sequential sampler outperforms
both alternatives on this measure, while the uniform sampler
is only somewhat better than the visual feature baseline.
The sample trials in Figure 3C give a sense of why the sequential sampler outperforms the uniform sampler. Looking
to the participant data on the left, we see that the distributions
are notably skewed toward plausible hypotheses that could
have given rise to the observed outcome. While the sequential sampler is able to accommodate these patterns, the uniform sampler struggles to do so. It pays a substantial amount
of attention to collision points that participants altogether ig-

nore (such as the collisions with the square that result from
the ball being dropped in hole 3 in the top example, or in
hole 1 in the bottom example).

General Discussion
In this paper we looked at the role that mental simulation
plays in how people make causal inferences about what happened in the past. We used the Plinko task developed by
Gerstenberg, Siegel, and Tenenbaum (2021). While, Gerstenberg, Siegel, and Tenenbaum only collected human judgments, we also assessed response times, and eye-movements
to gain further insights into the underlying cognitive processes that support causal inferences in this task.
We compared participants’ behavior in the task with the
predictions of two computational models. The uniform sampler (which runs the same number of simulations from each
hole) was able to capture participants’ judgments. However,
it didn’t account well for participants’ response times, or their
eye-movements. In contrast, the sequential sampler did a better job of capturing all three data signals. The sequential sampler runs simulations one by one, whereby its choice of what
simulation to run next is guided by a trade-off between maximizing reward (i.e. simulating drops from holes where the
ball ends up close to where it actually was) and minimizing
uncertainty (i.e. considering holes it hasn’t explored before).
The sequential sampler makes a first step toward a more
complete process model of how people arrive at their inferences about what happened. In the future, we would like to
capture not only aggregated eye-data but also the specific eyemovements that participants produce (including fixations and
saccades). Currently, the eye-data that our models produce
don’t really play a causal role in the inference. However,
we believe that people use their eye-movements to systematically reduce perceptual uncertainty about the position and
rotation of the obstacles, as well as dynamic uncertainty about
how the ball would fall from a hole. Building a model which
represents the time-course of participant eye-movements may
unlock further insights into the cognitive process at play.
Another direction that merits further investigation is how
participants go beyond visual evidence to figure out what happened. Gerstenberg, Siegel, and Tenenbaum (2021) explored
how participants combined visual and auditory evidence in
their causal inferences. Participants first heard the sounds that
the ball made when it was dropped into an occluded box. The
cover was then revealed so that participants saw the final position of the ball. It will be interesting to explore how this
auditory information affects the process by which people are
considering different hypotheses over time. For example, it
is plausible that participants may use the sounds to quickly
rule out certain hypothesis (“I heard a collision so the hole
must have an obstacle underneath.”), and then rely on more
detailed mental simulations to differentiate between the remaining hypotheses. We look forward to studying more how
people look into the past!
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Burns & Krygier (2015) demonstrated that people could exhibit
a strong bias towards the smaller first digits, in a way similar
to that described by Benford’s law. This paper sought to
expand the scope of this phenomenon and to test a possible
explanation, the Recognition Hypothesis that a Benford bias is
due to life-long environmental exposure to this statistical
relationship. Participants completed three numerical tasks: A
Generation Task requiring answering trivia questions; a
Selection Task requiring selecting between two numerical
responses; and an Estimation task requiring estimating the
number of jelly beans in a jar. The results found no evidence of
any first digit effect in the Recognition Task, some evidence of
Benford bias in the Generation Task and strong evidence in the
Estimation Task. Future research should focus on alternatives
to the Recognition Hypothesis and investigate the parameters
of Benford bias in generation tasks.
Keywords: Benford’s law, number generation, number
selection, statistical learning

Introduction
Contemporary society often demands that people produce
numbers when making decisions, for instance, estimating the
value of an item. Decision making under uncertainty has been
investigated by looking for heuristics and biases, but little
research has focused on estimation other than that into
anchoring (Tversky & Kahneman, 1974). Thus,
understanding how people generate numerical estimates
could provide new insights into many types of decisions and
potential biases in such decisions. To make progress towards
understanding estimation we need well-established
phenomena that could serve as investigation tools, but these
have been lacking.
A possible tool arises from research into the extent to
which people’s estimations fit to Benford’s law. Benford’s
law is a well-established phenomenon that the first digit
frequencies of numerous naturally occurring datasets follow
a log distribution where digit-1 occurs 30% of the time while
digit-9 has no more than a 5% of occurrence (Miller, 2015).
Benford (1938) demonstrated this empirically (Figure 1) for
data but there is now evidence that people spontaneously
generate a first-digit bias that approximates Benford’s law
when estimating numbers. The results reported by Burns
(2009), Burns and Krygier (2015), and Diekmann (2007) did
not find a perfect fit of human data to Benford’s law, but its
pattern accounts for a large amount of variance in human first
digit data. Thus, people appear to have a Benford bias.

Understanding why people have a Benford bias could
provide insight into the process of number estimation. A
potential explanation relies on the assumption that people
will have been frequently exposed to this statistical
relationship during their lifetime, given how ubiquitous it is
for data. The potential for unconscious acquisition of this
universal law leads to a Recognition Hypothesis. This paper
will test this hypothesis and try to extend our understanding
of Benford bias.

Background of Benford’s law
Benford’s law for first digits suggests that as long as a
domain is numerical, spans multiple magnitudes and has no
assigned boundaries, data’s leading digits frequencies have
the monotonic decline of a logarithm distribution (Benford,
1938). Although it applies to other digits, it is known as a first
digit phenomenon because such its skewness is so large when
compared to the distributions of the other digit places.
The Benford’s law distribution has been discovered to
apply to data from many domains. Classic examples of the
first digit phenomenon are financial indicators like GDP and
stock exchange data, mathematics topics like Fibonacci
numbers and random matrix theory, and physical
observations such as the energy level of particles (Miller,
2015). It also applies to human domains such as internet
traffic records (Arshadi & Jahangir, 2014), criminal rates
(Hickman & Rice, 2010), counts of friends and followers on
Facebook (Golbeck, 2015), gambling behaviour (Chou et al.,
2009), and brain activity (Kreuzer et al., 2014).
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Figure 1: The percentage of times the digits 1 to 9 are used as first
digits, as determined from 20229 observations (Benford, 1938).

A practical application of Benford’s law is detecting fraud
(e.g., Nigrini, 1996). Therefore, it has been incorporated into
the auditing and accounting process, and used for detecting
falsified data (Miller, 2015).
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In short, Benford’s law is a robust phenomenon describing
the regularities of the leading digits aggregated from the
unrelated datasets from nature and society.

Psychological Explorations of Benford’s law
Although Benford’s law is a well-established phenomenon
of natural data, whether it is a psychological phenomenon has
been unclear. Dehaene (1997) examined the role of the
leftmost digit when trying to answer why words indicating
small numerals are more frequent than larger ones in many
languages. He dismissed the potential explanatory power of
Benford’s law for the findings from his tasks. Earlier research
also seemed to support this dismissal of Benford’s law as
relevant to cognitive processes.

Early evidence against Benford’s law
Early explorations by behaviourial science of the leading
digits produced by humans were very few; to our knowledge,
only four papers were published. The studies from Hsü
(1948), Hill (1988), Kubovy (2009), and Scott et al. (2001)
simply asked participants to generate a random number, such
as a four-digit number created out of their head. Aggregation
of the frequencies of the first digits created showed
substantial deviation from a uniform distribution, notably,
digit-1 was generated more frequently than expected by a
uniform distribution. However, the patterns were inconsistent
and the first-digit frequencies did not exhibit the monotonic
decline suggested by Benford’s law.

Psychological evidence supporting Benford’s law
The negative outcome from random number generation
appeared robust, so the psychological investigation of
Benford’s law was limited until support emerged from the
studies of Diekmann (2007) and Burns and Krygier (2015,
see also Burns, 2009), who employed alternative methods.
Diekmann (2007) discovered that the first digits of
published unstandardized regression coefficients closely
approximated Benford’s law. Following this discovery, he
asked students in sociology or economics to fabricate
multiple “plausible values” of regression coefficients in
response to a set of controversial hypotheses from
neoclassical economics. This experiment obtained a
reasonable fit of the first-digit to Benford’s law, although
there were spikes for digit 5 and 8.
Independent of Diekmann’s experiments, a study from
Burns and Krygier (2015) demonstrated the first digit
phenomenon by asking people to produce numbers in
meaningful domains. These studies contrasted with the ones
that failed to find evidence of people generating numbers that
fit to Benford’s law by asking them to generate non-arbitrary
numbers. Arbitrary numbers, like the random numbers Hsü
(1948), Hill (1988), Kubovy (2009), and Scott et al. (2001)
asked their participants to generate, cannot be estimated or
calculated. Diekmann’s participants did not know the correct
regression coefficients and Burns and Krygier (2015) did not
know the correct answer to questions like “How long is the
Indus River?” However, they know the question is
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meaningful and the answer is non-arbitrary such that a
reasonable, though imperfect, answer might be estimated.
Burns and Krygier (2015) gave participants a set of nine
non-arbitrary questions from the meaningful domains used in
Benford’s original observations, like national debts and
power calculation. The items were scrutinised to avoid wellknown fields and were chosen so that each digit 1 through 9
was equally often the first digit of the correct answers. Hence,
both true and random answers should yield a flat first-digit
distribution. The pattern of the first digits showed a closer fit
to Benford’s law than to the correct (flat) distribution, except
for a peak for digit-5. In Burns and Krygier’s second study
they designed an 81-item pool, structuring the questions from
nine different meaningful domains (e.g., infant mortality rate)
with nine different targets (e.g., Afghanistan). Consistent
with the observations of their first study, a closer fit to
Benford’s distribution was captured with an elevation of
digit-5. This replication further validated that Benford bias
can be detected in behavioural data. The data was not a
perfect fit to Benford’s law, and it would be a shock if it
captured all the variance. However, the size of the Benford
bias can be estimated by calculating the effect size (eta2) for
the linear contrast weighted by the proportions predicted by
Benford’s law for the observed proportion of participants’
first digits. In Burns and Krygier’s studies this weighted
linear contrast accounted for 52.1% and 42.7% of the
variance in observed first digits proportions.

Explaining Benford bias
Further replication studies of Benford bias have been made
(Burns, 2020; Burns, Tripodi, Chi, Krygier, & Birney, under
revision), so it appears to be a robust phenomenon of nonarbitrary numerical estimates. What explains this
phenomenon requires further investigation.
One possible explanation is captured by what we have
called the Recognition Hypothesis. This hypothesis assumes
that if the world surrounds people with data consistent with
Benford’s law, then people may become sensitive to this
statistical relationship. Many researchers (e.g., Bargh, &
Ferguson, 2000; Gigerenzer & Todd, 1999) have emphasized
the ways that decision making may be influenced by implicit
knowledge of the regularities in the data they encounter in
their environment. Thus, the picture this hypothesis presents
of number estimation is as a process that can be strongly
driven by our general experience of numbers in our
environment.
If the bias towards the smaller first digits can be attributed
to implicit learning through exposure, then such a preference
should not be limited to the tasks involving number
generation. A bias towards smaller first digits should also be
present when participants are asked to try to recognize correct
answers, such as when they are given numerical answers and
asked to select the correct one. Thus, comparing number
generation to number selection tasks provides a way to test
the Recognition Hypothesis.

Previous empirical research
To test the Recognition Hypothesis, Burns and Krygier
(2015) introduced a selection task in their second study. This
used similar numerical questions as used for their generation
task. However, instead of producing a number as a response,
participants chose an answer amongst nine numerical
options, each with a different first digit. The questions were
randomly selected from an 81-item pool (nine meaningful
domains by nine targets), and the leading digits of the correct
responses to the nine questions were equally distributed. If
people have Benford bias because of long-term exposure to it
in the environment, the options with lower first digits should
more frequently be selected than the ones with higher first
digits. Contrary to this prediction, except for a small elevation
for digit-1, the relative frequencies of the first digits chosen
by participants were close to a flat distribution. It seemed that
people showed no clear preference for any first digits when
selecting answers. However, it was argued that a flattened
distribution might be a result of random answering due to
providing many options. Iyengar and Lepper (2000) argued
that increasing the number of choices offered to an unknown
question might restrain the cognitive process in decision
making, thus leading to random responding.
To avoid the possibility of distorting responses by
providing too many options, Tripodi (2016) in an
unpublished study gave participants a single answer and
asked participants if they thought it was correct. For example,
“Is the total area of Greece 131940 (km2)? Choose ‘yes’ or
‘no’.” Half of the items presented an incorrect value, and
participants were told to expect about half the answers to be
incorrect. Participants answered 18 questions from nonarbitrary domains (e.g., areas of countries) and 18 from
arbitrary domains (e.g., specific phone numbers). Neither
non-arbitrary nor arbitrary domains produced evidence of any
first-digit preference let alone a monotonic decline from
digit-1 to digit-9.
The findings from the selection tasks exhibited a
remarkably different pattern to the ones obtained from the
generation tasks and thus they challenged Recognition
Hypothesis. However, intuitively the Recognition
Hypothesis is very appealing because of how well it fits with
other evidence that implicit learning of statistical
relationships in the environment can influence decisionmaking. So before ruling out the utility of the Recognition
Hypothesis, we wanted to test it with what we considered to
be the most sensitive paradigm for a selection task by directly
contrasting the first digits.

A New Paradigm
The previous selection tasks offered either nine options or
a single potential answer, thus, neither of them directly
contrasted the first digits. So, in the current experiment we
offer pairs of numbers with a lower and a higher first digit to
see if people will consistently favour the smaller first digit.
For example, a forced choice was offered between 1xx and
3xx where x’s are random digits.
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As well as continuing to examine the explanatory power of
the Recognition Hypothesis, the present experiment included
other aspects designed to further expand our understanding
of Benford bias by manipulating other aspects. As well as the
selection task, participants completed a number generation
task similar to Burns and Krygier (2015) in which we tested
the effect of number type by asking participants to generate
both non-arbitrary and arbitrary numbers, a distinction we
also tested in the selection task.
In addition, we examined whether the bias towards smaller
digits is a phenomenon of the first digit of a number or a
phenomenon of the first digit written down. Unlike the
concept of being the “first digits” of data nature, the Benford
bias observed from human activities could be alternatively
interpreted as a result of the initial digit created out of the
mind. Under certain circumstances, the initial digits produced
are not always the leftmost digits. For instance, a person at an
auction of a million-dollar house does not expect the leading
digit to change too often, so the estimation may focus on the
second or later digits in the number estimated. Hence, to
create a situation where the first digit generated is not the first
digit of an answer, we varied whether participants entered
their answers normally (from the first digit of an answer) or
were instructed to enter the answer backwards (from the last
digit of an answer). Thus, in the backwards condition the digit
that was the right-most digit of the answer was the initial digit
produced. By investigating the influence of this backwards
answering, it might help us to understand the robustness of
the bias towards the first digit as the leftmost digit of an
answer.
Finally, a new task for quantity estimation was introduced
as another form of number generation. Unlike the trivia
questions which asked participants to draw on their
knowledge and memories, participants estimated quantities
based on visual stimuli, in this case jars of jelly beans. This
allowed us to test the generalizability of our effects and is a
form of number generation people encounter more often in
everyday life. In addition, we manipulated the amount of
information presented so we could further examine how the
amount of cognitive processing may affect number
estimation.

Methods
Participants
173 first-year psychology students participated for partial
course credit. They had an average age of 20 (SD = 3.608),
ranging between 18 and 42, with 118 females (68.2%) and 55
males (31.8%). 48.6 % were English speakers, while 28.9%
were Chinese speakers.

Procedure and materials
Each participant went through a Number Generation Task
(18 items) followed by a Number Selection Task (50 items)
and a Number Estimation Task (9 items).

Number Selection. This task had a between-subject design
with 50 forced-choice items from either non-arbitrary or
arbitrary domains, which were randomly drawn from a 250item pool. The domains asking for non-arbitrary numbers
consisted of national external debt, selling price of a property,
the square of a number, the water area by country, and
internet hosts. The domains for arbitrary numbers are
associated with contact numbers, Australian Business
Number (ABN), International Standard Book Number
(ISBN), online post IDs, and IP addresses. The questions
asked participants to choose an answer from two potential
alternatives. Examples of items with possible answers were:
Non-arbitrary numbers
“How many Internet hosts were listed in Kenya by 2012?”
[71018] [98280]
Arbitrary numbers
“What are the leading digits of the IP address of
Reddit.com?” [336318719] [520154151]
Only first digits 1, 3, 5, 7 and 9 were provided as the
leading digits in the task, which enabled us to give five
examples of 10 different first-digit pairs.
Quantity Estimation. The task required the participant to
estimate the number of jelly beans in pictures of nine jars
presented in a random order. The nine jars were the same size
and contained precisely 150, 250, 350, 450, 550, 650, 750,
850, or 950 jelly beans, so that each digit from 1 to 9 was
equally often the first digit of the correct answer.
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The task had three levels of visual quality: Blurry, 2-D, or
3-D (see Figure 2). In the Blurry condition a static image of
the jar blurred the boundaries between the visible jelly beans.
In the 2-D condition the pictures were static unblurred images
of the jars. In the 3-D condition a ten-second video started
with the 2-D image and then swept up in an arc to finish with
a top view of the jar. This video could be replayed. In this
way the total amount of information that participants might
draw upon when making an estimation was varied.

Figure 2. The example of a Blurry, a 2-D, and a 3-D image.

Results
Analysis of Number Selection Task
If Benford bias applies to the number selection task, then
we predicted that participants would be more likely to choose
the number with the lower first digit. Furthermore, this
preference should be stronger for pairs of lower first digits
because according to Benford’s law the difference in
frequency of exposure is greater the lower the first digits are.
However, overall the proportion of questions participants
answer by selecting the lower first digit (M = .502, SD = .116)
was not significantly different to 0.500, t(168) = 0.224, p =
.823. A one-way ANOVA showed that the number type (nonarbitrary vs. arbitrary) failed to substantially impact the
frequencies of people’s choice of a lower first digits, F(1,
167) = 2.698, ns.
1
0.9
0.8
Proportions

Number Generation. This task presented a block of 18
number generation items. Nine of the items asked questions
from non-arbitrary domains whereas the other nine were from
arbitrary domains. The domains asking for non-arbitrary
numbers consisted of science constants, human/livestock
populations, shares trading on the NYSE, electricity
consumption, square roots, GDP, national external debt, area
by country, and the gross profit of films. The domains for
arbitrary numbers concerned cheque numbers, postcodes,
raffle ticket winning numbers, and vehicle registration
numbers, for which an answer was not calculable.
The order of the 18 items was randomized, so questions
from arbitrary and non-arbitrary domains were mixed. When
entering their answers, participants saw a line of ten boxes on
the screen. As they typed a number each digit appeared in a
box. For half of the participants as digits were typed, they
filled the boxes left to right. The other half of the participants
were instructed to produce the number in reversed order (i.e.,
begin with the last digit), so as they typed their number it
filled the boxes from right to left.
Items were randomly drawn from an 81-item pool. For the
non-arbitrary numbers, the questions were selected so that
each digit from 1 to 9 was the first digit of the correct answers
equally often. Examples of items:
Non-arbitrary numbers
“What is the total area of Ireland (km2)? ______ “
Arbitrary numbers
“Write the order number of a purchase of a fridge. ______”
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Figure 3. The proportions of a higher and a lower First Significant
Digit (FSD) selected for all ten pairs of choices, compared against
the equal probability in Number Selection.

Analysis of Number Generation Task
Figure 4 shows that the distribution of the first digit
proportion for non-arbitrary numbers was flatter than found
in previous studies, especially with regards to
digit-1
(M=.169, SD=.148). A repeated measures ANOVA of first
digit by number type (arbitrary vs non-arbitrary) found a nonsignificant interaction, F(8, 1224) = .637, ns., suggesting that
the pattern for the non-arbitrary and arbitrary numbers was
similar. A linear contrast weighted by Benford’s law on
proportions of responses using each first digit explained
24.8% variances for non-arbitrary numbers (F[1,153] =
50.383, p < .001, η2 = .248) and 17.5% variances for Arbitrary
numbers (F[1,153] = 32.374, p < .001, η2 = .175). So nonarbitrary numbers failed to produce a statistically reliable
greater Benford bias than the arbitrary ones.
The pattern for the smaller first digits in non-arbitrary
numbers was flatter than that of Benford’s law. This could
have been due to forward/backwards manipulation of how
numbers were entered. However, a repeated-measures
ANOVA failed to produce a significant interaction between
the answer order and the nine digits for the non-arbitrary
numbers, F(8, 1216) = .501, ns.
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Figure 5. The proportions of the FSDs from the estimates in response to three
types of pictures, compared against Benford’s law and flat (correct)
distributions in Number Estimation.

Discussion
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Figure 5. Overall, digit-1 (M= .244, SD = .169) was the most
frequent first digit generated by the participants, while digit9 (M = .034, SD = .061) was the least frequent first digit. A
linear contrast analysis weighted by Benford’s law suggested
the monotonic decline of the first digits did not substantially
differ across three image types, F (2, 158) = .448, ns. The
variances in proportions of first digits participants used in all
three conditions showed strong Benford biases, as indicated
by large effect sizes for each picture type: Blurry: F(1,51) =
59.069, p < .001, η2 = .537; 2-D: F(1,54) = 74.580, p < .001,
η2 = .580; 3-D: F(1,53) = 70.880, p < .001, η2 = .572. So
athough 3-D images contain more information than 2-D, they
did not change the first-digit distributions.

Proportions

To investigate if there was any relationship between the
first digit and the number chosen, we examined the ten pairs
of first digits in detail (see Figure 3). Only one pair, digit-3
vs. digit-7 (χ2[1] = 6.277, p < .05), showed a greater
proportion of choosing the lower first digit over a higher one.
For two pairs, digit-1 vs. digit-3 (χ2[1] = 4.383, p < .05) and
digit-1 vs. digit-9 (χ2[1] = 5.952, p < .05), participants slightly
preferred the choice with the higher first digit. Therefore,
nine out of ten pairs failed to be consistent with Benford bias
(see Figure 3).
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Figure 4. The proportions of first digits from non-arbitrary and
arbitrary numbers, compared against Benford’s law and flat
(correct) distributions in Number Generation.

Analysis of Quantity estimation Task
The distributions of first digits produced for the three types
of images (Blurry, 2-D, or 3-D) are presented separately in
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We found evidence of Benford bias in the number
generation and quantity estimation tasks, but not in the
selection task. As Burns and Krygier (2015) and Tripodi
(2016) also showed, there was no evidence of a systematic
difference in preferences for any first digit when participants
were given a number to select as opposed to having to
generate a number, let alone differences consistent with a
Benford bias. If people implicitly learned that the lower first
digits occurred more frequently than the higher ones due to
exposure to this pattern in the environment, then selected
responses should have favoured the smaller first digits. Thus,
we have no evidence that supports the Recognition
Hypothesis as an explanation for Benford bias. It is possible
that a different paradigm may find evidence supporting
Recognition Hypothesis, but after using three different
methods to test it we believe it is more worthwhile to move
onto testing other hypotheses for explaining Benford bias.
One limitation of this selection task was that both possible
answers had the same magnitude therefore the smaller
number always had the lower first digit. So a preference for
larger numbers could counteracted preference for lower first
digits, but in that case there should still have been differences
due to which particular digits were paired in a question.

In the Number Generation task, the first-digit distribution
found some evidence of a Benford bias, but the effect size
was much smaller than in Burns and Krygier (2015) or Burns
et al. (under revision). Furthermore, we did not find a
difference between the generation of arbitrary and nonarbitrary numbers, which was surprising given that Burns et
al. (under revision) found such a difference. This might be
due to two changes in the methodology which were
introduced to investigate other questions about Benford bias.
First, by not separating the generation of non-arbitrary and
arbitrary numbers we may have led participants to be more
likely to treat them the same, thus producing a convergence
of the processes used to generate the numbers. In particular,
all numbers appear to have been more likely to be treated as
arbitrary, which would explain why the pattern for nonarbitrary numbers diverged substantially from what has
previously been found. Second, by having participants type a
number one digit at a time into boxes we may have disrupted
people’s internal process of producing a number as a whole.
If the Benford bias is due to the process of generating
numbers, then changes to that process may alter first-digit
distributions. The possible impact of these methodological
issues will be addressed in other studies and could add to our
understanding of the parameters of Benford bias.
The responses generated from the quantity estimation task
were consistent with the observations from Burns and
Krygier (2015) in finding evidence for a strong Benford bias.
The first digits of the estimates approximated Benford’s law
regardless of the amount of information presented in different
types of pictures. Thus, it appears that the tasks with which
Benford bias can be demonstrated may be extended to
quantity estimation with visual stimuli.
A limitation of the quantity estimation task was that all the
true jelly bean counts had the same magnitude, thus the
pattern we found in the first digits could be partly due to a
systematic underestimation of jelly bean counts. Of course,
such an underestimation is predicted for these stimuli by
Benford bias, but it is hard to determine if Benford bias is an
outcome or a cause of such underestimation. This was a
limitation of using similar visual stimuli for which it is hard
to greatly vary magnitude. This problem is avoided in the
number generation and selection tasks by using a variety of
different questions that have a variety of magnitudes, so for
future estimation tasks we may need to use a greater variety
of visual stimuli.
The Number Recognition task in the present research was
the third attempt to demonstrate that the process of selecting
rather than generating numerical responses yielded different
effects on the first digit of answers. The failure of the
Recognition Hypothesis has somewhat surprised us given the
findings that people are sensitive to learned statistical
relationships under laboratory conditions (e.g., Fiser & Aslin,
2002) and how ubiquitous is Benford’s law. This might
suggest that the mechanism of automatic acquisition of
statistical relationships requires more research to understand
the full extent of the constraints on implicit statistical learning
(Fiser & Aslin, 2002). It is also indicative of a substantial
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difference between the process of number generation and the
process of number selection.
Therefore, our results are leading us to explore alternative
explanations for Benford bias that focus on potential
mechanisms for number generation rather than awareness or
sensitivity to the first-digit pattern itself. For example, Burns
et al. (under revision) proposed an Integration Hypothesis
suggesting that Benford bias is a product of how people
combine information when generating numbers. This is
partly inspired by the mathematical analysis of the conditions
under which Benford’s law arises (see Berger & Hill, 2015).
The Benford bias we are detecting in people’s number
estimations appears to be a consequence of how people
generate numbers. Therefore, understanding it should
provide insight into the cognitive processes for producing
numerical answers. The results for the quantity estimation
task showed that Benford bias is generalizable beyond just
knowledge questions. Our results are also revealing other
new phenomena of number generation, such as the elevation
of digit-5, which we suspect is unrelated to Benford bias. The
studies of the effects of anchoring in decision making arising
from Tversky and Kahneman (1974) point to the importance
of understanding the number estimation process. However,
apart from anchoring, there has been relatively little
examination of number estimation processes. This could be
due to the lack of good tools for such examination, but our
results suggest Benford bias could be such a tool.
In summary, the critical findings of this experiment were
the continued failure of the Recognition Hypothesis showing
the need to examine alternatives; the extension of Benford
bias to the estimation of unknown quantities with the visual
presentation; and the disruption of first-digit distribution in
the generation task likely due to methodological changes.
Therefore, future research is necessary to investigate the
processes leading to Benford bias, to extend our methods to
examine other forms of estimations, and to further investigate
the utility of plausible alternative hypotheses for explaining
Benford bias and number generation in general.
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Abstract
The present paper reports an experiment (N=254) testing two
views of how reasoners learn and generalize potentially
complex causal knowledge. Previous work has focused on
reasoners’ ability to learn rules describing how pre-defined
candidate causes combine, potentially interactively, to produce
an outcome in a domain. This empirical-function learning view
predicts that reasoners would generalize an acquired
combination rule based on similarity to stimuli they
experienced in the domain. An alternative causal-invariance
view goes beyond empirical learning: it allows for the
possibility that one’s current representation may not yield
useable (i.e., invariant) causal knowledge –– knowledge that
holds true when applied. Accordingly, because useable causal
knowledge is the evident aspiration of causal induction, this
view posits that deviation from causal invariance is a criterion
for knowledge revision. The criterion shapes the empirical
functions learned and retained. A discriminating test is whether
reasoners would re-represent interacting causes as a whole
cause that does not interact with other causes, even when in
their relevant experience all (pre-defined) causes in the domain
interact. Our results favor the causal-invariance view.
Keywords: Causal induction; causal invariance; integration
functions; empirical learning; analytic knowledge.

Introduction
In the final paragraph of Thomas Kuhn’s (1962/2012) book,
The Structure of Scientific Revolutions, he asks, “What must
nature, including [we humans], be like in order that science
be possible at all? … What must the world be like in order
that [humans] may know it?” (p. 172). The cognitive-science
side of that question is, “What must we humans assume the
world be like, in order that we may know it?”
The present paper addresses this question with respect to
the causal world. In particular, we experimentally test the
causal-invariance hypothesis (Cheng & Lu, 2017), that
reasoners a) assume there are such things as causes ––
potentially consisting of multiple interacting components ––
that produce effects (Kant, 1781/1965), and b) (implicitly)
aspire to formulate knowledge such that causes are invariant,
in other words, do not interact with other causes –– and
therefore this knowledge is “useable” in the sense that
inferences from prior experiences hold in new situations with
unknown other causes.
An example from science may serve to illustrate the
hypothesis. For the reason that the process involved is basic

to cognition itself, the causal-invariance hypothesis should
apply to both intuitive and scientific reasoning. A causalinvariance assumption is embedded in Isaac Newton’s
(1687/1713) law of universal gravitation. The law states that
the gravitational force between any two bodies is
proportional to the product of their masses and inversely
proportional to the square of the distance between them. For
any pair of objects, the gravitational pull between them is
governed by, and only by, this inverse-square law, regardless
of the existence and motion of all other objects. This
invariance property enables the motion of any object due to
gravity to be predicted by the vector sum (the causalinvariance combination rule for vectors) of the gravitational
pull on it from all other objects. Not all theories result in
having this property that enables accurate prediction across
different contexts, and theories that are more invariant are
favored (Kuhn, 1962/2012; Woodward, 2000, 2010).
Reasoners appear to aspire to maximize invariance. By
different contexts with respect to an outcome, we mean
situations that differ in the states of causes of the outcome
that are present.
The causal-invariance hypothesis is an extension of causal
learning models that make the causal-invariance assumption
(e.g., Cheng, 1997; Lu et al., 2008). The assumption takes the
form of a function that decomposes the observed outcome
(e.g., the orbit of the Moon) into inherently unobservable
contributions from all its causes (e.g., the Earth, the Sun,
etc.), each with an independent influence on the outcome, an
influence that does not change depending on the influences
of other contributing causes. Functions that specify how
causes contribute to an observed outcome are often termed
decomposition or integration functions. Numerous studies
have shown that intuitive causal judgments involving causes
of binary outcomes conform to models that make the causalinvariance assumption better than those that do not (Cheng et
al., in press; Griffiths & Tenenbaum, 2005; Park et al., 2022;
see Lu et al., 2008 for a review).
However, reasoners frequently encounter causes that show
a deviation from expectation assuming invariance. Causes
may interact to produce an outcome (e.g., two medicines
interact to cause a side effect). We report an experiment
showing that, to reconcile aspiration with reality — “causal
invariance as ideal” with “causal invariance as fallible default
assumption” — reasoners apply the causal-invariance
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assumption to interacting causes as a single unit, shifting the
level of representation to a “whole cause” to preserve the
aspiration toward useable causal knowledge.

The causal-invariance view
A basic tenet of cognitive science is that our perceptions and
conceptions of reality are our representations, formulated in
an infinite search space of possible representations (Fodor &
Pylyshyn, 1981; Kant, 1781/1965; Kuhn, 1962/2012). The
issue of under-determination pervades cognition (Atlas,
2005): in causal inference, multiple causal hypotheses can
explain any observed pattern of events. Cheng and Lu (2017)
proposed that searching in an infinite space with a necessarily
limited set of candidate hypotheses requires a signal to know
when to look outside one’s current candidate set, to formulate
or reformulate concepts and variables.
Because unknown or unobserved background causes of an
outcome can occur, and may do so differently across
contexts, this view posits that one such signal would be
deviation from causal invariance --the unchanging operation
of a causal mechanism -- when one applies causal knowledge.
Because contexts may differ in background causes, a reasoner
who applies causal knowledge inherently assumes as a
default that a cause inferred from a learning context is
invariant across the learning and application contexts.
If invariance is a default assumption of transfer, then
reasoners must also have means of detecting deviation from
invariance, as a signal to revise. This signal requires
knowledge of causal-invariance functions, that is, knowledge
of how causes of an outcome would combine their influences
if each causal mechanism operates unchanged in the
presence of other causes: One cannot know whether an
observed outcome indicates a causal interaction unless one
first knows what outcome would mean “no interaction”. Such
knowledge is analytic rather than empirical (cf. Hume’s,
1739, “relation between ideas” and “matters of fact”; cf.
Shepard’s, 2008, distinction between logic and mathematics
on one hand and empirical science on the other). Experience
tells us how specific forces do combine their influences, but
not how their influences would combine if the causes operate
invariantly. Analytic knowledge is justified by reason: in the
case of causal-invariance functions, by what logically follows
from the “sameness of the causal influences” across contexts
(for examples of work on probabilistic causal-invariance
functions, see Cheng, 1997; Cheng et al., in press; Park et al.,
2022). Empirical knowledge, by contrast, is justified by
experience/observations, and transfer based on empirical
knowledge is justified by similarity between the
observations.
The causal invariance view also incorporates a part-whole
distinction for the level of variable representation. The
reasoner’s aspiration is to formulate a “whole” cause
variable that is assumed to apply invariantly from the learning
to application context. Whole causes may be elemental or
complex. Complex causes consisting of interactive

components/parts (Novick & Cheng, 2004) are common.
Playing a guitar chord, for example, requires a conjunction of
finger placements and strumming. The components are
individually insufficient but necessary parts of a collectively
sufficient “whole” cause of the outcome (cf. Mackie’s, 1974,
INUS condition).
Whole causes—whether elemental or complex—are
assumed to apply invariantly, until a deviation from the
expected invariance prompts a need for knowledge revision.
Revision involves changing the representation (see examples
discussed in Cheng & Lu, 2017; Cheng et al., in press; Lien
& Cheng, 2000; Park et al., 2022). A musician would
typically play the F major chord on multiple guitars using the
same configuration of finger placements for that chord (the
interactive components represented as a complex whole that
is denoted by a single variable, ‘F major scale’), and assume
that the configuration would produce the same set of musical
notes across guitars. A flat note, however, a deviation from
this default, provides a signal to revise the whole cause to
include standard tuning as an additional component.

Generalization of integration functions: A test of
two hypotheses
Previous research that studied integration functions has
focused on the role of experience at two levels: fitting an
adopted function to data and learning a function based on data
(i.e., empirically). At the former level, the function is fixed
and only weights can be learned based on data (e.g., the
additive function in Rescorla & Wagner, 1972; the logistic
function in logistic regression; the noisy-OR/causalinvariance function in Buehner et al., 2003). At the latter
level, reasoners induce from data various empirical
integration functions that describe how given causal
variables combine to produce an outcome (e.g., Beckers et
al., 2005; Lovibond et al., 2003; Melchers et al., 2004). Work
at this level assumes fixed, pre-defined variables as input to
the learning system, with the goal of learning an integration
function that minimizes prediction error in terms of these
variables, and notably does not include any analytical notion
of causal invariance.
The causal-invariance view incorporates empirical
learning but proposes a third, hierarchically higher level, at
which analytic knowledge of causal-invariance functions is
applied to whole causes. The empirical-function learning
system works well to fit a function to the observed data ––
but without the analytic level, when faced with new
combinations of stimuli, this system would have to base
generalization on the acquired empirical function and
similarity between test and familiar stimuli.
To test the empirical-function learning hypothesis against
the causal-invariance hypothesis, we designed an experiment
requiring reasoners to spontaneously distinguish between
analytic and empirical knowledge of integration functions,
with the goal of testing whether they apply the respective
functions appropriately to their encoded whole causes and
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Figure 1. Summary of all 31 learning trials for each condition. The dashed boxes highlight the intended ‘whole causes’, which
were not differentially labeled or indicated in the experiment itself.
interactive parts. Participants observed episodes in a fictitious
scenario involving candidate causal stimuli, some of which
were paired with the target binary outcome.
The experiment manipulated the integration function
generating the outcome-frequency patterns: the scenario
contained candidate causes that either 1) produce the
outcome only by interacting with another candidate (the
Conjunctive condition implementing a conjunctiveintegration function) or 2) always independently produce the
outcome, that is, are causally invariant across the presence or
absence of other candidate causes (the Elemental condition
implementing a disjunctive-integration function). (See Figure
1 for trials in the two conditions.) We measured transfer of
the respective empirically learned integration functions to
combinations of novel stimuli and to novel combinations of
old stimuli, all within the familiar learning domain.
Both the empirical-function learning and causal-invariance
hypotheses predict that participants will empirically learn
whether causes obey conjunctive- or disjunctive-integration
functions, depending on their condition’s learning data.
However, the two views differ in their predictions for novel
combinations involving conjunctive causes.
Importantly, the previous literature embodying the
empirical-function learning view (e.g., Beckers et al., 2005;
Lovibond et al., 2003; Melchers et al., 2004) does not make
explicit predictions for combinations involving conjunctive
causes, as they do not test or address such a scenario. If
predictions are based solely on the learned empirical
functions, without causal invariance as an aspiration, then
reasoners would continue to apply the empirically-learned
function (conjunction) if they generalize that function; and if
it does not, then it could either withhold judgment or resort to
the base rate of the outcome. This ambiguity in prediction is
implicit in the literature, and we return to this below.
By contrast, causal invariance predicts that a conjunctive
cause would combine invariantly (disjunctively) with noncauses or other whole causes. In other words, the ‘whole

cause’ representation, consisting of interacting parts, is
assumed to obey invariance at the whole-cause level.
Reasoners would thus apply the disjunctive-integration
function to a conjunctive cause in combination with other
whole causes and/or non-causes, even though in their
experience all causes in that domain are conjunctive, not
disjunctive. This transition away from the empiricallylearned conjunction to disjunction highlights the role of
analytic knowledge (justified by reason rather than
experience).

Method
Participants
Participants were recruited through Prolific (in the US) and
paid $8 USD for participation (approx. 40 mins). We
estimated our targeted sample size in a preregistered power
analysis (https://osf.io/35z4c) used for our previous study
with similar measures (Bye et al., 2021). Of the participants
based on our preregistered target, 254 passed cover-story
comprehension checks and were randomly assigned to either
the Conjunctive or Elemental condition.

Materials
The experiment was conducted using a Qualtrics online
survey with a cover story, learning trials, attention checks,
memory checks, and transfer questions.
Cover Story Participants were told to play the role of a
medical researcher trying to determine whether or not their
company’s mineral supplements cause stomachaches as a
side effect. The instructions clarified that the outcome was
probabilistic, to appear realistic in order to engage intuitive
reasoning: when a supplement intake (an individual
supplement or a combination of supplements) causes a
stomachache, then at least 85% of patients show the effect,
but when it does not cause a stomachache, none of the
patients do. After reading the description, participants were
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given 5 true-or-false questions to ensure they comprehended
the key elements. For example, a true item was: supplements
were taken either individually or in combination. A false item
stated that the survey is a game (included to reinforce that
participants should not suspend their intuitive reasoning).
Only participants who passed the comprehension check were
allowed to continue.
Learning Stimuli and Attention Checks In both conditions,
participants observed a total of 31 learning trials, one at a
time, with each trial consisting of all patients taking either a
single supplement or a combination of supplements, paired
with the outcome. Stimuli were represented as a diagram with
a corresponding verbal description of the trial, e.g., “Most
patients got a stomachache after each intake of supplement
M” (which we denote in-text as {M+}, where ‘+’ indicates
the presence of stomachache) and “The patients did not get a
stomachache after any intake of supplement O” (denoted
{O-} where ‘–’ indicates the absence of stomachache). All
diagrams contained pill-shaped supplement(s) with
randomly-assigned colors and letter labels, accompanied by
either a yellow “happy” face (no stomachache) or green
“sick” face (stomachache). The supplement sets were
identical across conditions (see all 31 trials in Figure 1).
To demonstrate the different intended integration functions
for each condition, the identical supplement sets yielded
different patterns of outcomes (Figure 1). Specifically, in the
Elemental condition, taking two non-causal supplements
together was never paired with a stomachache, and any
supplement set that included at least one causal individual
supplement would be paired with stomachache. (i.e.,
disjunction). The Conjunctive condition was identical to
Elemental except that supplements combine their effects in
an interactive manner to bring about the outcome: no
individual candidate cause on its own was paired with the
outcome, and only specific combinations of two supplements
were paired with the outcome. For example, when taken
individually, supplements M and O were not paired with
stomachache {M–, O–}; taking them in combination,
however, was paired with stomachache {MO+}. Crucially,
the interactive combinations were never paired during
learning with any other stimuli, so participants received no
empirical evidence for how complex causes combine, leaving
this entirely open to participants’ own assumptions.
Both conditions were designed to have 4 “whole causes”
(see stimuli enclosed by dashed boxes in Figure 1), which we
define as the minimal (most parsimonious) set of
supplement(s) that produce a stomachache. For example, in
the Elemental condition, MO+ does not represent a whole
cause because it contains O in addition to whole cause M. In
Conjunctive, the 4 whole causes (e.g., MO+) were the only
supplement combinations that on their own cause
stomachaches. To rule out the inference that more
supplements per se causes stomachaches, both conditions
presented trials with 3 or 4 supplements and no stomachache
(each condition’s rightmost column in Figure 1).

Figure 2. Schematic of the “double decomposition transfer”
trial with novel supplements J and K. Top: first, participants
predicted whether most patients would get a stomachache
after taking the combination of novel supplements J and K
(JK?). Bottom: after their prediction for JK, they saw the
novel results {J–, JK+} and predicted whether most patients
would get a stomachache after taking K alone (K?).
To promote learning, interwoven with the learning stimuli
in each condition were 11 attention checks asking whether a
certain supplement set would cause stomachaches if taken
again by the same patients. To promote generalization of the
integration function, 4 more attention checks asked
participants to predict the outcome for 4 novel combinations
of two individual supplements they had only seen separately
so far; they were then shown the real outcome for their
condition. After completing all learning stimuli and attention
checks, participants were given a memory check. In both
conditions, the criterion was correctly recalling the outcome
for the 4 true whole causes and 2 non-causes. All participants
were allowed up to 8 attempts to pass the memory criterion.
Transfer: double decomposition Our primary transfer trials
assessed both the learning and transfer of the respective
empirical causal integration functions in each condition.
(Additional transfer trials replicated items from Bye et al.,
2021.) Participants were tested with new stimuli similar to
those in the learning trials (introduced as “new but related
mineral supplements”) and asked to make predictions.
The trial (see Figure 2, top) began with a pair of novel
stimuli (supplements J and K) presented in combination with
a familiar supplement combination O and P. All participants
were presented with new clinical results showing that most
patients had a stomachache after intake of all four
supplements {OPJK+}. They were also shown that, as would
be expected based on the learning trials, no stomachache
followed the OP combination alone {OP–}. To focus on
inference by removing memory effects, both groups were
shown a summary of their learning trials (as in Figure 1).
The first transfer question asked: based on the new clinical
results {OPJK+, OP–}, would most patients from this study
get a stomachache if they take supplements J and K together
(JK?). As in Bye et al. (2021), participants responded first by
answering either ‘Yes’ or ‘No’, and then indicated their
confidence in their rating on a 5-point Likert-type item (see
labels in Figure 3). Following preregistration, primary
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analyses treated ratings as dichotomous Yes/No, with
confidence ratings included for descriptive purposes.
After participants answered the first transfer question, they
were then shown the results for that JK combination {JK+}
as well as J alone {J–}. Analogously, they were then asked to
predict the outcome for most patients from K by itself (K?),
with the same response options. This question assessed
whether the two groups did learn their respective functions.
These questions, similar to others’ empirical-rule transfer
questions (Melchers et al., 2004; Bye et al., 2021), both
assessed how a reasoner decomposes an observed target
outcome—the “total” outcome (e.g., {JK+} for the second
transfer question) occurring in the presence of a known noncause {J–} and an unknown candidate (K?)—into the inferred
influences from constituent causes. In essence, the questions
asked: what explains the occurrence of the outcome? The key
difference between the questions was whether the unknown
candidate was, for the Conjunctive group, at the level of a
hypothesized whole-cause (supplement pair JK) or an
interactive component (individual supplement K) according
to the causal invariance view. The Elemental group served as
a control. The double-decomposition trial thus controlled for
all extraneous variables, including prior experience,
uncertainty regarding the novel stimuli, and question format.
For the {J–, JK+, K?} item, both the empirical-function
learning view and the invariance view predict transfer of each
group’s respective learned integration rule to the novel
stimuli. They thus both predict opposite responses for the
Conjunctive and Elemental groups. Consider participants
who learned their group’s integration rule and are willing to
generalize it to novel items. For these Conjunctive
participants, supplement K would be merely an interactive
component that does not produce stomachache on its own.
Both views therefore predict K– for Conjucntive. In contrast,
for Elemental participants, supplement K by itself must be a
whole cause. Thus, both views predict K+ for Elemental.
The views differ, however, in their predictions for {OP–,
OPJK+, JK?}. Consider the causal view. Because this view
predicts that causal invariance would be the default
decomposition function at the whole-cause level regardless
of the empirically acquired integration function, it predicts
that both the Elemental and Conjunctive groups would
respond that the patients would get a stomachache after
taking JK by itself, despite their different empirical
inferences about what constitutes a whole cause (individual
supplements vs combinations of two supplements). More
specifically, in order for the Conjunctive group to explain
{OP–, OPJK+}, decomposition assuming invariance
(disjunction) predicts that the JK combination must be a
whole cause of stomachaches. Otherwise, there would be no
whole causes at all in the OPJK combination to explain the
occurrence of the outcome. The Elemental group would
likewise use invariance as their decomposition function:
based on their experience, they would infer that at least one
of J or K (individually) is a whole cause of stomachache.

By contrast, while the empirical-function learning view
(like the causal-invariance view) predicts that Elemental
participants would predict JK+ for the first transfer question
(since JK must contain at least one elemental whole cause,
namely, J, K, or both), this view predicts that Conjunctive
participants would either generalize their conjunction rule (in
which case {OPJK+} decomposes into conjuncts {OP–} and
{JK–}), withhold judgment, or resort to the base rate of the
outcome (most supplement pairs are non-causal). Thus,
lacking the use of analytic causal invariance at the wholecause level, this view predicts that Conjunctive participants
will answer JK– (by either conjunctive decomposition or base
rate) or not at all. Put another way: no purely empiricallybased view of causal induction would predict that the
Conjunctive group would apply different decomposition
functions in reply to the two transfer questions. Both
questions concern decomposition involving the same two
novel supplements J and K, from the same domain, with
identical relevant prior causal knowledge. It is the causal
invariance view that explains how and why the Conjunctive
group would apply disjunction at the whole-cause level (JK+)
and conjunction at the interacting-parts level (K–).

Procedure
Participants were recruited through Prolific and forwarded to
a Qualtrics survey. Only participants who correctly answered
cover-story comprehension checks within 2 attempts
continued to be randomly assigned to a condition. Only those
who passed memory checks received final transfer questions.
Participant recruitment was stopped after 254 participants
had completed the study.

Results
All statistical analyses were conducted in R and followed the
above preregistration, except as clearly noted below. All
transfer items from Bye et al. (2021) replicated the earlier
results, so for space we focus here on the novel items.
For all 254 participants who passed the inclusion criteria,
we used our preregistered criteria for categorizing
participants as having inferred the intended integration
function (disjunction or conjunction) in two ways, one
stricter than the other. The 3 criteria consisted of 1)
transferring the intended empirical function to novel items
within the domain, and 2) agreeing with probe questions
consistent with the intended empirical function, but 3)
disagreeing with those consistent with alternative functions.
Out of 126 Elemental participants, 108 satisfied all 3 criteria,
and out of 128 Conjunctive participants, only 18 satisfied all
3 criteria (indicative of the complexity of conjunction). Due
to the relatively small subset of Conjunctive participants who
passed all 3 criteria, we analyzed the data in two subsets:
participants who passed All Criteria (as preregistered) and the
larger subset who at least passed the most basic criterion of
transfer. Note this transfer criterion, while less strict, is
analogous to the criteria from previous studies (e.g., Lucas et
al., 2014; Melchers et al., 2004).
We analyzed the double-decomposition trials among the
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Figure 3. Stacked Likert plots for percent of participants’ responses in each condition to the double-decomposition
transfer items (Figure 2). The width of each colored bar represents the percentage of participants who answered Yes
(purple) or No (orange), with the color intensity representing their confidence rating. The more purple (and the more the
bars are shifted to the right), the higher the proportion predicting a stomachache, as represented by the x-axis labels.
All Criteria and Criterion 1 subsets (Figure 3). For each
condition, the proportion of participants predicting a
stomachache for supplement combination JK after observing
{OP–, OPJK+} are shown in the top bar for the condition.
Consonant with the “whole cause” prediction according to
the causal-invariance view, participants meeting All Criteria
(left side of figure) reliably predicted a stomachache for JK
in both conditions (top and bottom of figure), with 77.8% of
Conjunctive participants (binomial p = .031) and 100% of
Elemental participants (p < .001). Similar results were found
for the larger subset passing at least Criterion 1 (both
binomial p’s < .001).
The proportion of participants predicting a stomachache
for K alone after being told that JK did lead to a stomachache
but J alone did not {JK+, J–} are shown in the bottom bar for
each condition in Figure 3. Here, strongly in support of the
transfer of each group’s acquired integration function,
participants qualitatively differed by condition: among those
meeting All Criteria, 99.1% of Elemental participants
predicted a stomachache for K alone (p < .001), while only
5.6% of Conjunctive participants did (p < .001), which was a
significant difference between conditions (Fisher’s exact test,
p < .001, OR = 1132.62). (A similar difference between
conditions was found for the Criterion 1 subset, p < .001, OR
= 317.63.)
For the Conjunctive condition, participants were
significantly more likely to predict a stomachache for JK than
for K alone (McNemar’s p’s < .001 for both subsets). By
contrast, for the Elemental condition, there was no difference
between participants’ predictions for JK and K (McNemar’s
ps = 1 for both subsets). The switching of decomposition
functions from disjunction at the whole-cause level (JK) to
conjunction for interactive components (K) in the
Conjunctive group but not the Elemental group is just as

predicted by the causal invariance view, but not explained by
any purely empirically-based view.

Discussion
Our results provide support for the causal invariance view,
suggesting that the goal of constructing useable causal
knowledge constrains human causal induction. Participants
generalized empirical integration functions to novel stimuli
in the same domain, yet they spontaneously defaulted to
using causal invariance functions at their “whole cause”
level, supporting a role for analytic knowledge as a guide in
causal learning over and above empirical learning.
Specifically, the Conjunctive group generalized the empirical
conjunctive rule involving interactive components to
decompose a novel supplement pair at the component
(individual supplement) level––yet they applied invariance
(i.e., disjunction) to decompose a novel four-supplement
combination at the whole cause (supplement pair) level. This
pattern of response is inexplicable by merely applying an
empirical function with no distinction between the two levels
(empirical-only view). Uncertainty due to lack of experience
cannot explain why Conjunctive participants switched from
generalizing their empirical function to applying invariance
for the same supplement set featuring novel items. Our results
corroborate our previous findings (Bye et al., 2021).
In our view, the causal induction process that navigates the
vast search space of representations is guided by analytic
knowledge of causal invariance functions. This process
embodies a rational solution to the causal-induction problem
that humans face: in order that we may know how nature
works, our induction process assumes that the causal world is
composed of invariant causes, and its aspiration is to
construct representations of such causes.
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Abstract
Path integration, the ability to maintain an estimate of one’s
location by continuously integrating self-motion cues, is a vital component of the brain’s navigation system. We present
a spiking neural network model of path integration derived
from a starting assumption that the brain represents continuous
variables, such as spatial coordinates, using Spatial Semantic
Pointers (SSPs). SSPs are a new kind of representation for encoding continuous variables as high-dimensional vectors, and
can also be used to create structured, hierarchical representations for neural cognitive modelling. Path integration can
be performed by a recurrently-connected neural network using SSP representations. Unlike past work, we show that our
model can be used to continuously update variables of any dimensionality. Finally, we demonstrate that symbol-like object
representations can be bound to continuous SSP representations. Specifically, we incorporate a simple model of working
memory to remember environment maps with such symbollike representations situated in 2D space.
Keywords: path integration; spiking neural network; recurrent neural networks; vector symbolic architecture; grid cells;
neural engineering framework; cognitive maps

Introduction
Path integration is the process of integrating idiothetic cues,
obtained from a variety of sensory systems, to maintain an
estimate of one’s position in space (relative to some starting position). Animals can perform this computation while
navigating environments in the absence of allocentric spatial
cues (Mittelstaedt & Mittelstaedt, 1982). Path integration is
an essential component of biological spatial navigation systems and is the foundation of both vector-based and mapbased navigational strategies. Maintaining homing vectors
to important locations (e.g., shelter or food) while moving
through an environment requires updating those vectors using self-motion information. Building a cognitive map of an
environment also requires tracking one’s position relative to
landmarks.
Beyond navigation, path integration (PI) is an important
component of larger systems capable of advanced reasoning, planning, and cognition. The results of PI are known
to be used in downstream tasks, like creating maps, associating memories with locations, and planning trajectories for
exploration (Savelli & Knierim, 2019; Buzsáki, 2005). Furthermore, there is evidence that the same neural systems involved in PI and spatial representation may be involved in
integration and mapping of non-spatial continuous features

(Garvert et al., 2017). Even episodic memory can be thought
of as mapping events in space and time (Schiller et al., 2015).
Significant advances have been made in understanding the
neural substrates of spatial representation. The hippocampal formation is generally believed to be the site of PI in
mammals due to the presence of spatially-sensitive neurons,
namely place and grid cells. A place cell will fire at a consistent location in an environment, even without external sensory information (Quirk et al., 1990). Grid cells, which fire
at hexagonally tiled locations in space, appear to represent a
spatial coordinate system and are considered instrumental in
PI. In the entorhinal cortex, they live alongside neurons sensitive to head-direction and speed (Sargolini et al., 2006), both
required for PI. It has been suggested that the function of grid
cells may be to encode a representation of space robust to
noise and to help error-correct integration (Sreenivasan & Fiete, 2011). Grid cells have also been linked to navigation of
non-spatial variables, including visual and auditory features
(Aronov et al., 2017; Constantinescu et al., 2016). This suggests that the neural mechanisms behind creating and navigating spatial cognitive maps may be used more generally for
internal maps of continuous variables – even ones that may
be conceptual and high-dimensional.
While much work has been done on computational modelling of PI, there is still a gap in understanding how the output of a neural PI model can be used for cognitive mapping,
involving symbol-like representations of objects, landmarks,
and other discrete features. We approach the problem of PI
using a framework for symbol-like representation in the brain,
the Semantic Pointer Architecture (SPA; Eliasmith (2013)).
The SPA is a Vector-Symbolic Architecture (VSA) that can
represent information in a vector space, and uses vector operations to perform symbolic computations. In particular, it
offers methods for implementing such representation and operations using spiking neural networks.
Recently, these methods have been extended to include
Spatial Semantic Pointers (SSPs; Komer et al. (2019)), an encoding for continuous variables, such as spatial coordinates
(of any dimension), time, size, value, etc. SSPs naturally produce oscillators, and can be encoded by the collective activity
of grid cells with patterns of varying orientation and scale
(Dumont & Eliasmith, 2020). In this work, we derive and
model the dynamics of SSPs and discover configurations that
result in an oscillator-interference model of PI. Furthermore,
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we demonstrate how SSPs can be coupled with more symbollike representations via the methods of SPA to build spatial
cognitive maps.

Background
Modelling of path integration
Many computational models of grid cells and their role in
path integration have been proposed since their discovery.
Models generally to fall into one of two categories: oscillatorinterference (OI) models (O’Keefe & Burgess, 2005) and
continuous attractor neural network (CANN) models (Samsonovich & McNaughton, 1997). In CANN models, path
integration is performed by a recurrently connected neural
sheet whose dynamics sustain a single Gaussian-like activity bump that represents self-position. Particular connectivity
is used to achieve this – excitation from nearby neurons to
maintain the bump and inhibition from faraway neurons to
prevent multiple bumps forming. The activity bump moves
across the sheet in response to velocity signals. Grid cell patterns emerge when the sheet is given the boundary conditions
of a twisted torus (Conklin & Eliasmith, 2005).
In OI models, grid cell firing patterns are the result of interference between velocity-controlled oscillators (VCOs), an
oscillator whose frequency is modulated by a velocity signal.
In this setup, a position estimate is encoded in the phase differences between oscillators. The biological basis of such
oscillators can differ between OI models, from intrinsic oscillation of membrane potentials (Burgess et al., 2007), to the
more widely accepted recurrently-connected oscillator networks (Blair et al., 2008; Orchard et al., 2013). It should be
noted that VCOs can also create other spatial patterns, such
as bands and pseudo-periodic patterns (Krupic et al., 2012).
Fig. 1 illustrates a VCO, and its corresponding spatial map.
Attractor dynamics can also be added to OI models to limit
phase drift and error accumulation (Bush & Burgess, 2014).
However, all path integration models suffer from error accumulation. Without external cues or corrections, position
estimates can only worsen over time. Animals have access
to a plethora of external sensory information, such as visual landmarks and odour trails, which can be used to correct the errors that would collect when using PI alone. Such
multi-sensory information can be used in conjugation with PI
to create cognitive maps of environments. Simultaneous localization and mapping (SLAM), a well-studied problem in
robotics, is exactly the problem of path integrating while simultaneously constructing internal spatial maps. A biological
inspired SLAM mode, RatSLAM, uses an CANN consisting
of “pose cells” (combining place & head direction-like cells)
to maintain an estimate of self-position and orientation (Milford et al., 2004).

Semantic Pointer Architecture
The Semantic Pointer Architecture (SPA) posits that high dimensional vectors (called semantic pointers) are the building blocks of cognition (Eliasmith, 2013). The SPA in-

Figure 1: (a) A single component of the Fourier transform
of an SSP, F {S} j , is a unit-modulus complex number. As
the animal moves, the phase changes, making it a VCO. (b)
The phase of F {S} j over space is plotted via a heat map over
space. The inner-product between the animal’s velocity and
the preferred heading direction A j,: (see Eq. (2)) determines
how quickly the phase changes.
cludes a form of Vector Symbolic Architecture (VSA). A
VSA represents symbols and structured compositions of symbols as high-dimensional vectors, and operations on those
vectors perform symbolic operations, such as bundling, binding, comparison, and inversion. The specification of these operations differentiates particular VSAs. The SPA uses Holographic Reduced Representations (HHRs; Plate (1995)), implemented in spiking neural networks.
A similarity measure between two vectors indicates the semantic similarity of the symbols they represent. For example,
the vector representation of a ‘rose’ might have a higher similarity measure with a ‘lily’ vector compared to a ‘toad’ vector.
In HHRs, this is given by the cosine similarity.
A bundling operation maps a set of vectors to a single vector, such that the resulting vector is similar to all from the set.
Vector addition is the bundling operation in HRRs. A binding operation maps a pair of vectors to a single vector that is
dissimilar to both. For example, ‘colour’ and ‘red’ could be
bound together to represent that something is red in colour.
Using an HRR, binding can be done by circular convolution,
A ⊛ B = F −1 {F {A} ⊙ F {B}} ,

(1)

where F is the Fourier transform, and ⊙ is the Hadamard
product. The inverse operation takes a single input vector and
produces a single output vector that approximately reverses
the effect of binding with the input vector, (A ⊛ B) ⊛ B−1 ≈ A,
where B−1 = [B1 , Bd , Bd−1 , . . . , B2 ].
To see how these operations can be used to encode and manipulate symbolic representations, consider the example of an
ordered list. Vector representations of each object (fillers) can
be bound with vector representations of indices (slots) and
the results summed to represent their collection in a single
ordered list. The final representation can be queried to, for
example, retrieve the position of a given object in the list, by
binding the total vector with the inverse of that object’s vector. The result of such a binding will be approximately equal
to the vector that represents that object’s index.
While VSAs prescribe these operations for manipulating
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symbols in some vector space, they do not prescribe how the
mapping from symbols to vectors is done. For some tasks,
the corpus of symbols are distinct and so it is sufficient that
all vector representations are dissimilar from one another. In
this case, random vectors with high enough dimensionality
will do. For other tasks, vectors can be chosen to have desired
similarity relations, or machine learning techniques can be
used to obtain vector representations (Mitrokhin et al., 2020).
Spatial Semantic Pointers (SSPs) extend VSAs to support
representation of continuous features (Komer et al., 2019).
An d-dimensional SSP representing an n-dimensional variable x is given by

(2)
S(x) = F −1 eiAx
where A ∈ Rd×n is the encoding matrix of the representation.
A useful property of SSPs is that binding in the SSP space
is equivalent to addition in the variable space, S(x) ⊛ S(x′ ) =
S(x + x′ ). SSPs can be used in tandem with symbolic-like
representations from standard VSAs. For example, an object
represented by vector B, located at a position encoded by an
SSP S, can be represented by B ⊛ S. Similarly, a set of objects
at different locations can be represented by ∑i Bi ⊛S(xi ). This
vector is a compressed representation associating features and
locations – a spatial map. The vector could be stored in memory and later accessed and queried for object locations using
the inverse operation. By ‘unbinding’ the object vector B j
from the map, an approximation of its location as an SSP can
be recovered, M ⊛ B−1
j ≈ S(x j ).

neurons:

N

Ŝ = ∑ ai (t) ∗ h(t)di ,

(4)

i=1

where ∗ is convolution and di ∈ Rd are the decoders of the
population. The decoders are solved for via least-squares optimization. The function h(t) is a post-synaptic filter and is
parameterized by τ, the post-synaptic time constant.
The transformation principle of the NEF provides the
method for setting weights between two neural populations to
compute a desired function. Assume a population of N neurons representing a vector, S, is fully connected to a different
population of N ′ neurons. We would like the second population to represent some function of the vector, f (S). This
function can be decoded out of the first population’s activity,
N

(f)
fd
(S) = ∑ ai (t) ∗ h(t)di .

(5)

i=1

These function-specified decoders can be solved for using
least-squares optimization and samples of the desired function output. The second population’s neurons will receive
this as input. Decoding the output of the first population and
encoding it in the activity of the second population is equivalent to multiplying the filtered activities of the first population
with a weight matrix and feeding that current into the second
population, which will have activities given by
"
#
N

b j (t) = Gi

∑ wi j ai (t) + β j

,

(f)

wi j = α j e j × di .

(6)

i=1

Neural Engineering Framework To create biologically
realistic neural networks that make use of SSPs, we require
methods to represent vectors by the activity of spiking neurons, and to be able to perform computation on said vectors
via projections between neural populations.
The principle of representation explains how the collective
neural activity of a population can encode a vector, S ∈ Rd .
A single neuron’s activity is given by,

This is a standard neural network, with populations connected
via weighted synapses – only here, the weight matrices are set
as the outer product between the decoders of the first population (which are optimally solved for) and the encoders of
the second (which are pre-set, randomly or to match biological tuning curves). The last principle of the NEF is dynamics. Dynamical systems can be encoded in a recurrently connected population of spiking neurons.

ai (t) = Gi [αi ei · S + βi ] ,

Methods

(3)

where ai (t) is the activity of neuron i (a spike train), αi > 0
is its gain, βi is its bias, Gi is a nonlinear function (in this
work, the leaky-integrate-and-fire function), and ei is the encoder of the neuron. Gains and biases are parameters that
are randomly selected for different neurons and relate to their
maximum firing rates. Encoders define what sort of input a
particular neuron is sensitive to, hence capturing the ‘receptive field’ of a neuron. In the case where neurons are a part of
a population representing SSPs, it would be natural to set encoders to be SSPs that represent random points across space.
This would result in a population whose neurons are sensitive
to particular spatial locations – e.g., place cells. However,
encoders can also be set to obtain grid cells (Dumont & Eliasmith, 2020).
The representation principle also explains how to decode
the vector represented by the activity of a population of N

Dynamics of Spatial Semantic Pointers
Despite the fact that SSPs are defined in terms of a highdimensional vector space, we can show that they naturally
implement velocity controlled oscillators (VCOs). Consider
how S(x) changes if x is a function of time. We can relate the
rate of change of S to ẋ(t), the rate of change of x(t) (Voelker
et al., 2021). In the case of an SSP representing an animal’s
position, ẋ(t) is the animal’s velocity.
The derivative of an SSP representing the coordinates
x(t) ∈ Rn is
Ṡ(x(t)) = F −1 {eiAx(t) ⊙ iAẋ(t)},
= S(x(t)) ⊛ ln S(ẋ(t)),

(7)
(8)

where ⊙ is element-wise multiplication, and the logarithm of
an SSP is defined as the element-wise logarithm in the Fourier
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domain, ln S ≡ F −1 {ln F {S}}. Now let us consider the dynamics of an SSP in the Fourier domain. Taking the Fourier
transform of (7), we get,

F {Ṡ(x(t))} = (iAẋ) ⊙ F {S(x(t))} .

(9)

Note that the dynamics of the Fourier components of an
SSP are independent of each other. The dynamics of the jth
Fourier component of the SSP can be written as

 


d ReF {S} j
0 −ω j ReF {S} j
=
,
(10)
ωj
0
ImF {S} j
dt ImF {S} j
˙
where ω j ≡ A j,: · ẋ(t) = −i ln F {S(x(t))}
(11)
j.
Figure 2: A diagram of the path integration model.
Each Fourier component of the SSP is thus the state of a simple harmonic oscillator whose frequency is given by ω j . The
oscillators’ frequencies are modulated by the velocity ẋ; in
other words, they are velocity controlled oscillators (VCOs).

Attractor dynamics
Path integration can be accomplished by integrating velocity.
To do so with SSPs, we may construct a neural network that
integrates (8) or (10). The advantage of integrating (10) is that
each Fourier component is an independent VCO. This means
that many sets of small neural populations, each recurrently
connected only to itself, can realize these dynamics.
However, a well-known issue with the VCO method is that
noise causes drift in the oscillators and their accuracy quickly
deteriorates (Zilli et al., 2009). This noise drift becomes even
more acute when using spiking neurons. However, the VCO
approach can be modified to improve the stability of the oscillators. VCOs can either be coupled together (Zilli & Hasselmo, 2010; Burgess & Burgess, 2014) or attractor dynamics can be used to make the dynamics more robust (Bush &
Burgess, 2014). We use the latter approach here. Cyclic attractors have been previously modelled with the NEF to describe the head-direction system (Eliasmith, 2005). Here, instead of using the dynamics of a simple harmonic oscillator,
we use a nonlinear oscillator with a stable limit cycle,
#

 "
2
d ReF {S} j
−ω j ImF {S} j + 1−r
ReF {S} j
r
, (12)
=
2
dt ImF {S} j
ω j ReF {S} j + 1−r
r ImF {S} j

populations are needed since the Fourier transform of the SSP
will have conjugate symmetry (half of its Fourier components
can be computed from the other half).
To compute the nonlinear dynamics in (12), we need to
represent both real and imaginary parts of F {S} j , as well as
ω j , all in the same population of neurons (as is standard in the
NEF). The vector being represented by the collective activity
of the jth VCO population is, thus,

T
ω j ReF {S} j ImF {S} j .
(13)

This ensures that the SSP remains unitary as it evolves. Considering the set of VCOs as a whole, the system has a toroidal
attractor (Komer, 2020), making this a hybrid of oscillatorinterference and continuous attractor models of PI.

The VCO frequency, ω j , is computed by a set of connections
from a population that encodes velocity. This population is
connected to the jth VCO by connection weights A j,: , and
hence computes A j,: · ẋ(t). Within each VCO, the neuron population is recurrently connected using weights optimized by
least squares to implement the dynamics of (12). This model
performs PI of continuous variables of any dimensionality, as
long as they are represented by SSPs of the same dimension;
the only difference for higher-dimensional vectors is the calculation of the frequency input.
We have not yet addressed how this model can be used to
generate grid cells. Each oscillator is a population representing a frequency (related to speed and head direction) and a
single Fourier component of the SSP. This results in neurons
with conjunctive sensitivity to head direction, speed, and spatial position (in a periodic fashion, resembling a plane wave).
Their firing patterns are velocity dependent bands or stripes
and not hexagonal patterns. Grid cells do not intrinsically
emerge from PI in this model, although particular choices of
axis vectors do realize grid cells. Furthermore, such a choice
provides an ideal basis for subsequent generation of place
cells (Dumont & Eliasmith, 2020).

Path integration model

Cognitive mapping model

To represent a spatial location, x(t), we define an SSP in a
higher-dimensional space, S(x(t)) ∈ Rd . To implement this
representation in spiking neurons using the NEF, we use ⌊ d2 ⌋
VCOs, each of which consists of N neurons (see Fig. 2). The
jth neural population represents the real and imaginary parts
of the Fourier components of the SSP. Only ⌊ d2 ⌋ oscillator

A core value of this model compared to pre-existing PI models is its position within the broader SPA framework. The output of this PI model can be used in a variety of ways within
the SPA. It can, for example, be bound with other SSPs to
compute vectors between self-position and other locations. It
can also be bound with semantic pointers representing some

where r ≡ |F {S} j |.
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Figure 4: Path integration results on one-minute-long paths.
In these plots, the true path is plotted as a dashed black line
and a moving average of the path estimate produced by the
PI model is plotted as a solid blue line. The colour gradient
indicates similarity of the estimate to the true SSP.

Figure 3: A diagram of the cognitive mapping model.

sort of feature or landmark, and used to create an environment
map. Here, we will demonstrate that the PI model can also be
integrated with a working memory model for cognitive mapping.
This mapping model, illustrated in Fig. 3, consists of a PI
module that represents an SSP estimate of current position,
a neural population that represents nearby items as symbollike semantic pointers, a gated working memory module that
represents the cognitive map, and a query module to probe
the accuracy of the map. The output of the PI model, S(x(t)),
is bound with the output of the item network, B, by a neural
network that performs circular convolution. The result, B ⊛
S(x(t)), is the input of the memory module.
The memory module is a gated neural integrator (a recurrently connected population). The activity of the population
stores a spatial map. A gating signal determines whether
the input to the module is allowed through. When no object is nearby, the input is gated and the integrator maintains
its encoded values. When objects are observed, the input is
added to the value represented by the integrator. After seeing
m items, the memory would ideally be M = ∑m
i=1 Bi ⊛ S(xi ),
where Bi are the items observed and xi are their locations.
The output of the memory module is given to the query
module, where it is bound with the inverse of each item’s vec[
tor representation. This produces, M ⊛ B−1
j = S(x j ), a noisy
recall of the location at which the item was observed. The result is ‘cleaned-up’ to be a proper SSP, S(x̂ j ); it is compared
to an array of SSPs (representing a grid of locations) to find
the SSP with which it has the highest similarity. This similarity, along with the distance between the resulting SSP and
the item’s true location, indicates the accuracy of the map.
The output of the clean-up step is also bound with the inverse
of the vector from the PI model to give an SSP representation of the displacement between the agent’s current location
and the location of the item, as remembered by the cognitive
dj in the
map, S(xbj ) ⊛ S(x(t))−1 = S(xˆj − x(t)) (labelled ∆S
diagram).

Results
Path integration results
The PI model was tested on minute-long paths randomly
generated from frequency-bounded white noise signals. The
model was initialized with the SSP representation of the starting point of the path. As input, it received the velocity along
the path (computed using finite differences) over the simulation run time. The model used 151-dimensional SSPs, 75,000
spiking neurons in total for the VCO populations, and 1,000
neurons for the population representing the velocity input.
To determine the accuracy of the model, the raw spiking
data was interpreted as a position estimate. The vector represented by the VCO populations was decoded from neural
activities using a grid of SSPs covering the space. The similarities between these SSPs and the vector decoded from the
PI model were computed at every time step. We use the position represented by the SSP with which the vector was most
similar as the position estimate of the PI model. This process
of using a large set of SSPs to decipher the raw output of a
neural network is a type of clean-up method that has been previously used with SSPs (Voelker et al., 2021). Fig. 4 shows
examples (in both 2D and 3D) of the path estimate of the
model compared to the exact path: the model accurately follows the true path for the entire trajectory.

Firing patterns
The path integration models were also tested on a oneminute-long wiggly, spiral path to record the spike trains of
neurons in the models. This path was used because it covers
space well, allowing for firing patterns to be easily discerned.
Examples of neurons in the model populations are shown in
Fig. 5. The VCO neurons have striped or band-like patterns
over space, but some only exhibit these patterns in certain
areas because they are also sensitive to head direction. An
example grid cell from the population representing the output
of the PI model is also shown.
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(a)

(b)

(c)

Figure 5: Sample neurons from the PI model. In (a) and (b),
the solid grey line is the true path the agent follows. The
dotted black line shows the model’s estimate of the agent’s
location. Red dots are plotted along this line at locations
where a particular neuron fired during the path integration
task. (a) An example grid cell from a population representing
the VCO output. (b) An example neuron from a VCO population, which has a banded firing pattern. (c) Number of spikes
binned by heading direction for the VCO neuron in (b).

Mapping results
The working memory model of cognitive mapping was tested
on a 20-second-long elliptical path. Three items appeared
along the path at five-second time intervals. The values of
S(x̂ j ) (the item location recalled by the model, post cleandj (the displacement vector between the
up operation) and ∆S
current self-position estimate and recalled item locations, see
Fig. 3), were recorded over the course of the simulation for
each of the items. The errors over the course of the simulation
are plotted in Fig. 6, where the error is a measure of dissimilarity between the recalled SSPs and the true SSP vectors.
The error for each recalled location was near one (i.e., the
similarity measure was near zero) until item j was first observed. The error for the recalled circle location went to zero
once it was observed at the five-second mark, and increased
slightly over time as more item-location pairs were added to
the working memory. By the end of the simulation, reasonable position estimates are obtained. Fig. 6(a) shows these
final estimates compared to their actual locations. Additionally, Fig. 6(c) plots the error in the network’s estimate of the
vector displacement between self-position at time t and each
item’s exact location. The error is low for each item once observed. The result of this neural calculation can be used in
down-stream tasks like vector-based navigation.

Conclusion
We have proposed a novel model of path integration that both
captures neural cell types observed in the brain and allows for
symbol-like representations to be incorporated into cognitive
maps. We believe that coupling low-level neural models with
cognitive architectures in this manner is critical for building
sophisticated models of biological cognition. The activity of
hippocampual neurons has provided valuable insight into how
the brain represents space but does not reveal its underlying
algorithms, such as PI. By constructing a path integrator out
of spiking neurons, we have linked the activity of spatial sen-

Figure 6: The cognitive mapping results. (a) The path and
items along it (marked by coloured shapes). The ‘x’ markers
indicate recalled item locations at the end of the simulation.
(b) The error in recollection of the item locations as SSPs over
time, where the error is equal to the absolute value of the difference between one and the similarity of the recalled vector
to the true vector. The markers on the time axis show when
the items appeared along the path. (c) Error in the model’s
estimate of the vector between items and self-position.
sitive neurons to a symbolic description of PI using SSPs.
Furthermore by incorporating this PI model into a model that
uses working memory, we showed how such a system can
learn a simple map of objects in a continuous space.
However, still much work remains to cement the value of
this approach. Working memory is only accurate over short
time periods and there are limits to the amount of information that can be stored. The model presented here could be
improved by replacing this component with a network that
learns a mapping between object symbols and SSPs. This
long-term memory would be realized with synaptic weight
changes rather than sustained neural activity. Finally, combining our PI model with this more robust memory would
constitute a SLAM model. The memory would act as an environment map that’s corrects the PI network, minimizing the
drift from error accumulation.
While the model we propose here is simple, it provides
a new, robust, and scalable means of integrating discrete
symbol-like and continuous representations in a neural substrate. Future work will focus on increasing the sophistication of the maps that are learned, the number of maps that are
learned, and the complexity of spatial reasoning tasks that are
performed using these representations.
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the broken branch, but she does not mean the brokenness of
the branch. Instead, she means they should get ready to hunt.
Throughout the paper, we use female pronouns to represent
the signaler and male pronouns to represent the receiver.
Fortunately, humans can interpret gestures (Kendon, 2004;
Lascarides & Stone, 2009) such as pointing with decent accuracy despite their key properties of being sparse, overloaded,
and indirect. As a rich form of communication, pointing is
effective in changing its receiver’s mind and actions.

Although pointing is sparse, overloaded, and indirect, it allows
humans to effectively decode shared information, (ex)change
their minds, and plan accordingly. Pointing is an invitation to
jointly attend to an object, which triggers the mutual inference
between agents of each other’s mind. Relevance is a fundamental assumption underlying all human communication, including pointing. We define relevance as how much a signaler’s
belief can make a positive difference to its receiver’s well being. We build a Theory of Mind (ToM) model to test our definition of relevance and use pointing as a case study. In two
experiments, we test our relevance model in a classic artificial intelligence (AI) task, the Wumpus world, with the key
difference that there is a guide that points to help a hunter.
Agents with our relevance model gain significantly higher rewards than agents who ignore signals from the guide. Agents
with our model also achieve better performance than agents
who receive an additional observation of the environment. The
results show that the power of pointing comes from the ToM
inference of relevance, rather than providing more precise individual perception.
Keywords: pointing; relevance; joint attention; theory of mind

Relevance: key assumption of communication

Introduction
Pointing: condensed but powerful communication
Imagine two hunters hunting in a forest. The young hunter
sees a broken branch on the ground. Assuming that the branch
was broken by the wind, he gets ready to continue his search.
At this moment, his partner, the experienced hunter points the
broken branch to him. The young hunter suddenly realizes
that the branch was broken by their prey. He holds his breath
and prepares to hunt.
In this pointing example, one’s attention to an observation
is not a spotlight to enhance individual sensory accuracy and
more than an action label commonly adopted in the computer
vision community. Instead, it involves rich cognitive inference and demonstrates properties of human unique communication. First, pointing is sparse; the semantics of such a
succinct act has complex meanings, much beyond the gesture itself: “Take a look at this broken branch caused by a
prey.” Such rich information is condensed spatially and temporally into one extension of the index finger, which lasts no
more than a few seconds. Second, pointing is overloaded.
As Wittgenstein and Anscombe (1953/2001) stated: “Point
to a piece of paper. Now to its color, to its shape.” Multiple features may coexist in the location where a pointing signal directs, and each of these features may be the referent
of the pointing. Third, pointing is indirect. The meaning of
the pointing can go far beyond the referent visual feature. In
the hunting example, the experienced hunter simply points to

We use pointing as an example to highlight the jointness of
communication. Pointing leads to a joint attention, qualitatively different from attending to an object individually. When
an agent attends to his surroundings individually, he owns his
observations; it is his own job to evaluate the relevance of perceived objects and filter out irrelevant information (Wilson &
Sperber, 2002). In contrast, when a signaler points an object
to a receiver, she invites the receiver to become a “guest” to
the observation. The receiver can safely assume that the information given by the “host” must be relevant to the shared
task. In the hunting example, no matter how clearly the young
hunter sees the broken branch individually, he is not likely to
change his explanation of the shape of the branch. However,
from a point, he can make much richer inferences and revise
his plans more drastically. Both the signaler and the receiver
of the pointing are aware of the effect of this joint attention,
so they reserve it to convey relevant information.
Pointing is built on the mutually acknowledged assumption that human communication must be relevant (Sperber &
Wilson, 1986). Infants as young as 12 months prefer to share
information only when it matches their partner’s current goal:
when infants watch an adult misplace an object and search for
it, they point to the exact object more often than to other objects not needed by the adult (Liszkowski, Carpenter, Striano,
& Tomasello, 2006). Meanwhile, the receiver has to also resonate with the relevance of what is being pointed to. Infants
point significantly more to responsive adults than to ignorant
ones; when the adult expresses disinterest, children no longer
repeat the gesture (Carpenter & Liebal, 2011).
Relevance allows for an agent to decide which meaning (m)
among many compatible meanings is the most likely. Mathematically, this can be formulated by evaluating the relevance
of each possible meaning m P M, and the most relevant meaning is the signaler’s intended meaning m˚ ,
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m˚ “ arg max Relevancepmq.
m PM
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(1)

In the hunting example, the young hunter can list many meanings: the prey broke the branch, the wind broke the branch, a
storm broke the branch, and so on. He must choose the meaning that is most relevant to the hunt, which is the prey.
Now that the importance of relevance has been acknowledged, the real challenge is how to define it. Classic information theory ignores relevance in its models of communication. They focus on retrieving the accurate signal from a
noisy channel and then interpret it with a codebook (MacKay,
2003). In the field of machine learning, one mainstream approach is to define relevance as the associations between variables. It is usually trained in a data-driven fashion from a large
dataset. As an exemplar of this model family, deep-learning
based models in natural language processing and computer
vision analyze the mapping from syntax or visual stimuli to
meaning (Collobert et al., 2011; Vaswani et al., 2017; Kenton
& Toutanova, 2019; Dosovitskiy et al., 2020). Like models in
information theory, these models do not consider overloaded
signals. They rely on one-to-one mappings between signal
and meaning, which is not how people understand pointing.
These association models of relevance also fail to capture
that human communication is causally transparent (Pearl &
Mackenzie, 2018). When interpreting pointing, the receiver
should not rely on a massive training on interpretation, but
an understanding of the underlying model of how pointing is
generated. To understand the pointing act, the young hunter
must ask the key questions: “Why was the pointing signal
sent? What would I have done if I did not receive the point?”
To address these questions, we devise a causal model based
on agency and utility calculus. More specifically, the causal
process of signal generation and interpretation is modeled by
how the agents’ actions, both instrumental and communicative, are generated and driven by their mental states.
Our model of relevance can be considered as the utility
function in a special type of rational speech act (RSA) (Frank
& Goodman, 2012). However, this utility definition is not trivial. In fact, the majority of this paper is focused on deriving
a definition of relevance based on utility theory and coordination of minds. The reason this is challenging is because we
must go beyond a language game. We must have a full model
of an agent that can change the physical world. This leads to
a different focus in the context of pragmatics. In a language
game, the focus is on the vocabulary: an agent can think what
else the speaker could have said. Here, our context is focused
on action: an agent thinks what else it could do.
We start from the causal interpretation of relevance by
defining relevance as to what degree a receiver’s well being
can be improved by a signaler sharing her belief. In communication, signalers tend to be altruistic (Tomasello, 2010). There
is no point in a signaler telling a receiver information that
does not make a difference to the receiver’s well being. Relevance must serve as an intervention to change the receiver’s
well being.
Under this assumption, the causal model of agency and
utility theory are important for defining relevance. A signaler

must know their receiver’s mental state and predict their actions and the consequences of those actions, as these are key
to evaluating a receiver’s well being.
Our definition of relevance is not limited to pointing, but
can be extended to other forms of communication. We use
pointing as a case study to describe relevance because pointing can be mapped to any meaning. Pointing serves an extreme test of overloaded signals for agents to interpret by assuming relevance.

Theory of mind: stage for relevance
The capacity to infer others’ mental states and predict their
future actions relies on Theory of Mind (ToM) abilities. ToM
allows agents to infer others’ beliefs as the informative state,
desires as the motivational state, and intentions as the deliberative states of the mind (Bratman, 1987). Communication is used as an effort for agents to increase their mutual benefits through synchronizing their minds. With beliefs and desires as components of the mind, agents are capable of decision-making, perspective-taking (Barnes-Holmes,
McHugh, & Barnes-Holmes, 2004), inferring other agents’
minds based on their actions, changing beliefs according to
their sensory input, and revising their plans.
Work in developmental psychology has shown that ToM is
a social commonsense that develops in early infancy (Gergely
& Csibra, 2003; Woodward, 1998; Wellman, 2014). ToM
has also been successfully formulated as Bayesian inference and inverse planning that explains both infant (JaraEttinger, Gweon, Schulz, & Tenenbaum, 2016; Liu, Ullman,
Tenenbaum, & Spelke, 2017) and adult (C. L. Baker, JaraEttinger, Saxe, & Tenenbaum, 2017) cognition. Bayesian
ToM is successful in modeling physical and social goal inference (C. Baker, Saxe, & Tenenbaum, 2011; Ullman et al.,
2009). Subjects in these models observe the environment or
the social interaction from the outside, not as a part of the
social interaction. While these ToM models have succeeded
in modeling individual behavior, the full potential in modeling transparent communication through the coordination of
minds has not been fully developed. Our goal here is to introduce a causal model of relevance based on how agents synchronize their minds using ToM inferences.

Preliminaries: modeling Theory of Mind
With ToM, an agent can make sense of other agents’ actions
a from their belief b and desire d. We leave out intention
in our planning model because there are no competing desires in communication. Using Bayesian ToM, we can infer
an agent’s belief b and desire d from its action a,
Ppb, d|aq9Ppb, dqPpa|b, dq.

(2)

The planning model Ppa|b, dq in Eq. (2) describes how an
agent plans its actions based on its belief and desire. In utility theory, desire can be modeled as a utility function. Here
we use the belief-action value function Qpb, aq to represent
an agent’s evaluation of the desirability of an action a based
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on its belief b. A rational agent chooses the actions that they
believe to be the most desirable,
a˚ “ arg max Qpb, aq.

(3)

a

To capture a certain degree of stochasticity and irrationality
in human nature, a softmax function can be used to calculate
the probability
Ppa|bq9eαQpb,aq ,
(4)
where α is a parameter of the agent’s rationality. Desire is not
a part of the inference because a fixed desire of accomplishing the task is known by the agents in communication. It is
represented as the Q function in Eq. (4).
One way of evaluating Qpb, aq is to model the environment
as an Markov decision process (MDP) (Sutton & Barto, 2018)
or a partially observable Markov decision process (POMDP)
(Kaelbling, Littman, & Cassandra, 1998). In these models,
the environment has certain states s. An agent’s belief is represented as a probabilistic distribution over all possible states,
bpsq “ Pps|bq.

(5)

In our study, beliefs are defined over states in the physical
world, not including other agents’ minds. When an agent
takes an action a in a state s, it gains a reward rps, aq. The
agent’s desire can be represented as the state-action value
function Qps, aq. It represents the optimal discounted cumulative reward that an agent can receive by taking the action a
starting from the state s. When the agent maintains a belief,
it can evaluate each action a with its belief-action function
Qpb, aq. This process can be simply calculated by taking the
expectation of the state-action value function over the belief,
ÿ
Qpb, aq “ Eb pQps, aqq “ Pps|bqQps, aq,
(6)

In the hunting example, the young hunter believes that the
wind broke the branch. Knowing this, the experienced hunter
predicts that he will walk away. We can write down this action
prediction as
aRec “ arg max QpbRec , aq,

(7)

a

where the subscript Rec represents the receiver.
Next, the signaler evaluates the predicted action with her
own belief. The experienced hunter knows that the prey is
around, so she knows that the hunt will be ruined if the young
hunter walks away. In this case, the signaler’s evaluation of
the receiver’s action QpbSig , aRec q is low, where bSig is the signaler’s belief. Here, we can see the discrepancy of the evaluation of the same action based on different beliefs; aRec is the
best choice of actions to the receiver, while it may be undesirable to the signaler.
But that is not the end. If the receiver knows what the signaler knows, his utility and action can be improved based
on the signaler’s evaluation. Receiving the signaler’s mind,
the rational receiver will take the action that maximizes
QpbSig , aq, which will improve his well being as evaluated
by the signaler. In the hunting example, if the young hunter
knows that the prey is around, he will stay silent and prepare
to hunt. To the experienced hunter, this action is much better
than the young hunter’s original plan. In this case, the signaler’s belief is relevant.
With the evaluation of the receiver’s plans before and after receiving the pointing, we can calculate the utility of the
pointing. Formally, we define the relevance of the signaler’s
mind as the gap between the best thing a receiver can do with
the signaler’s belief and the outcome that the receiver is actually going to get evaluated by the signaler.
RelevancepbSig , bRec q “ max QpbSig , aq ´ QpbSig , aRec q. (8)

s

a

where Qpb, aq can be obtained by using algorithms called
solvers in POMDP.
Our model must utilize the ToM framework and treat communication as a rational action. The generative process of
these actions requires both agents to coordinate their two
minds, one from the self, the other from the partner. This is
more complicated than the equations in this section and is the
key problem in building a computational model that formally
captures the essence of pointing. In addition, communicative
actions do not change the physical world, but only change
one’s mind. The utility function of the communicative actions
should be defined by the agents’ minds, which was discussed
by Frank and Goodman (2012).

A ToM Model of Relevance
A utility-based definition of relevance
Based on the mental states outlined by ToM, we start to define
relevance of the signaler’s belief in communication.
Relevance is evaluated in multiple steps. First, the signaler
predicts the receiver’s actions based on the receiver’s belief.

Sharing information must make a difference. For example,
imagine an adult points a plane to a child. One possible interpretation of this pointing is that the child should fly. However,
this interpretation is not relevant. It makes no difference to the
child’s well being because flying is not possible for the child.
On the other hand, if the receiver of this pointing is a pilot,
the “you should fly” interpretation may be relevant, as flying
may increase the pilot’s well being.
The evaluation of beliefs seems simple, but it is a more
advanced type of ToM than a false belief task (Wimmer &
Perner, 1983). In a false belief task, people only need to take
others’ perspective and predict their actions with ToM. However, in communication, when evaluating the receiver’s utility, the signaler a) uses the receiver’s belief to predict his action and b) uses her own belief to evaluate the receiver’s action. This type of crossing of minds has not been looked at
in communication, but has been shown in altruistic behavior (Tomasello, 2010). The closest concept in developmental
psychology to this is paternalistic helping. A child can offer
help in a way that she believes to be helpful to others, not
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what they believe to be helpful to themselves (Martin, Lin,
& Olson, 2016). The signaler’s evaluation of the receiver’s
mind is also often taken by parents. Parents improve a child’s
well being not based on what the child wants, but on what
is best for them from the parents’ perspective. Therefore, we
call this paternalistic evaluation of beliefs. Our definition of
relevance between two beliefs is shown in Fig. 1.
We propose that this crossing of minds goes beyond the
classic AI definition of the value of evidence. The value of a
piece of evidence is defined to be “the difference in expected
value between best actions before and after information is
obtained ” (Russell, Norvig, & Davis, 2010). If we use Q
function to represent the value, then V peq “ maxa Qpb, a|eq ´
maxa Qpb, aq. If the value of evidence is adopted as the definition of relevance, this will lead to a bad news paradox. Under this assumption, if the goal of the communication is to
improve the listeners expected utility, then bad news should
never be told. Providing bad news as a piece of evidence
will drop the receiver’s expected utility. This is because value
of evidence only uses the receiver’s perspective without any
crossing of minds. The bad news paradox can be illustrated in
the context of a hunting example: if a young hunter believes
a prey is in front of him, he would have a high expected utility in shooting. However, based on an experienced hunter’s
knowledge this is a bad action because she knows the prey
is not nearby. Using value of evidence as a relevance definition, she should not tell this piece of evidence at all because it
would decrease the young hunter’s expected utility. He would
no longer expect to kill the prey. But if she uses our paternalistic evaluation of beliefs, this evidence carries positive value
because from the experienced hunter’s perspective it prevents
the young hunter from shooting and wasting an arrow.
In practice, due to the limitation of communication, the receiver may not recover the signaler’s exact belief. Instead, he
may interpret the signaler’s belief as b1 . Formally, we define
the utility of pointing as the utility change before and after
communication, evaluated based on the signaler’s belief. For
a pointing signal u, the utility is
Upuq “ QpbSig , a1Rec q ´ QpbSig , aRec q,

(9)

b1Rec “ Pps|bRec , uq,

(10)

1

1

aRec “ arg max QpbRec , aq.

(11)

a

Figure 1: Relevance calculation. Top: Relevance is evaluated by coordinating the signaler’s belief (red) and the receiver’s belief (blue). Purple represents the crossing of beliefs. Middle: In the hunting example, the belief prey broke
the branch is relevant as it increases the signaler’s evaluation
of the receiver’s utility. Bottom: the belief wind broke the
branch is irrelevant.
When the signaler has full knowledge of the world, bSig is the
same as a single state s, which is the case in our experiments.

Experiments
We test the relevance model of pointing with an augmented
version of the classic AI task, the Wumpus world (Russell
et al., 2010), which is partially observable. In the Wumpus
world, a hunter tries to kill a monster called Wumpus. However, he cannot see the location of the Wumpus and can
only infer its location by his observation of the stench it
emits. To simulate communication, we add another agent, the
guide, who observes everything about the environment and
the hunter. However, the only way she can communicate to
the hunter is to point to an observation the hunter has already
observed. The hunter needs to infer the meaning of the pointing and act accordingly. We call this game the guided Wumpus hunting. It is inspired by the hunting example, with highly
sparse, overloaded, and indirect communication.

Relevance in Eq. (8) can be used as the entry-level utility.
With the utility of pointing clearly defined, we can model it
as a rational action. Relevance is directly connected to the
instrumental utility change caused by the signal. Therefore, it
can be used as the utility in Eq. (4). Then the probability that
the signaler takes the action of pointing u is
PSig pu|bSig q9eαU puq .

(12)

The receiver’s interpretation of the pointing signal can be
modeled with Eq. (2),
PRec pbSig |uq9PRec pbSig qPSig pu|bSig q.

(13)
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Figure 2: Environment for Experiment 1.

We conduct two simulation experiments with the guided
Wumpus hunting. We start by testing our model of relevance
with one observation. Of note, there is no uncertainty about
which observation the point is referring to. The second experiment raises this challenge by adding another observation,
incorporating overloadedness into the experiment. In both experiments, we compare the performance of agents with our
relevance model and agents who use a single agent model as
the baseline. In both models, the belief-action value function
Qpb, aq is calculated by a POMDP solver, the PERSEUS algorithm (Spaan & Vlassis, 2005). In addition, to distinguish
the relevance model from enhancing individual perception,
we add a control condition called “double observation.” In
this condition, the agent uses the single agent model, but he
receives a second observation from the environment as if he
observed the world twice.

Experiment 1
Task The environment of the experiment is shown in Fig. 2.
The Wumpus is located in one of the six tiles with a warning
sign. It does not move.
The hunter starts from the bottom-left corner tile. He can
move or shoot in four directions: up, down, left, and right. A
moving action will move the hunter one tile in the selected direction. If the action moves the hunter outside of the map, the
hunter will not move. A shooting action will shoot an arrow
to the adjacent tile in the selected direction.
The hunter can move unlimited steps in the map, but moving each step has an action cost of 5. The game ends when the
hunter shoots or enters the tile of the Wumpus. If the hunter
moves to the tile of the Wumpus, he gains -100. If he shoots
and hits the Wumpus, he will gain a reward of 100. However,
if he misses the shot, he will get -100.
The hunter cannot see the Wumpus, but he can infer the location of the Wumpus by observing its stench. There are two
possible observations in the environment, stench or nothing.
If the hunter is in a tile next to the Wumpus, he will have a
high probability p ą 0.5 of observing the stench. If the hunter
is not next to the Wumpus, he will have a low probability
1 ´ p of observing the stench. The observation accuracy p is
manipulated as an experiment condition. In the classic Wumpus world, p “ 1. We add more stochasticity to increase the

task difficulty and the need for pointing. Although we only
have one possible referent to point to, which is the stench, the
pointing is still overloaded. It can mean that the Wumpus is in
one of all possible tiles (see Fig. 3) or that the hunter should
take one of all possible actions.
Conditions The experiment is a 3 ˆ 7 design; there are
three models and seven observation accuracies.
The baseline model is the single agent model. With this
model, the hunter uses a POMDP model to hunt the Wumpus.
He ignores all the pointing signals from the guide, so that
he engages in a single agent task. The second model is the
relevance model of pointing. In this condition, the guide and
the hunter use the relevance model to generate and interpret
pointing signals. The third model is the double observation
model. We test all three models with seven different levels of
observation accuracies, 0.7, 0.75, 0.8, 0.85, 0.9, 0.95, and 1.
We run 100 game simulations for each condition and
record the reward gained by the hunter. We predict that a)
the hunters who use the relevance model will gain more rewards than the hunters who use the other two models, and
b) as the observation accuracy decreases, the performance of
the relevance model does not decrease because the power of
our relevance model comes from ToM inference instead of
observation accuracy.
Results The average reward across trials for each model under various observation accuracies is depicted in Fig. 4. Overall, agents who use the proposed relevance model achieve a
higher average reward than agents who use the single agent
POMDP model or the double observation model. The main
effect of model type is significant (Fp2, 2079q “ 141.926,
p ă 0.001), and the main effect of observation accuracy is
also significant (Fp6, 2079q “ 58.370, p ă 0.001). The interaction between models and observation accuracy is significant (Fp12, 2079q “ 16.303, p ă 0.001). A post-hoc test with
Bonferroni correction shows that agents who use the relevance model of pointing gain a higher reward than agents who
use the double observation model (Fp1, 1398q “ 109.882,
p ă 0.001). Our results show the power of relevance-based
pointing, especially when the observation accuracy is low. It
is more effective in helping its receiver than providing more
accurate observations to his individual attention.

Average Reward
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40

Figure 3: Overloadedness of the pointing act in Experiment 1. The pointing to the stench can mean an accurate observation or a false alarm, each leading to multiple possible
world states.
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Figure 4: Results of Experiment 1. Shaded areas represent
95% bootstrap confidence interval.
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Experiment 2

model and double observation model.

In Experiment 1, we have only one type of feature in the
observation: the stench. Although the pointing signal may
still have multiple interpretations as shown in Fig. 3, it has
only one referent. This lacks the overloadedness discussed
by Wittgenstein and Anscombe (1953/2001). To capture this
overloadedness, we added another observation of glitter to the
environment. Here, the glitter and stench coexist in the same
grid. This setting offers a more complete evaluation of the
Wumpus world.
Task The setup of Experiment 2 is identical to Experiment
1 except for a few aspects. We reduced the size of the environment because including an additional observation exponentially decreased the speed of our POMDP solver. The environment of Experiment 2 is shown in Fig. 5. A gold bar is
added to the game as a source of the glitter. Picking up the
gold bar gives the hunter a reward. The Wumpus and the gold
bar are located in two different tiles of the three tiles with
a warning sign. They do not move. They are invisible to the
hunter but visible to the guide.
The hunter starts from the bottom-left corner tile. His moving and shooting actions have the same effect as in Experiment 1. In addition, the hunter has another action of picking
up the gold bar. This action removes the gold bar if the hunter
is in the same tile with the gold bar. Otherwise, it does not
change the environment. The action of picking up the gold
bar has a cost of 5 if he misses the gold bar. The hunter will
gain a reward of 100 if he successfully picks up the gold bar.
The gold bar spreads glitter to its nearby tiles. The observations of glitter and stench of the Wumpus have the same
probability model as the stench in Experiment 1. The observations of the stench and the glitter are independent, resulting
in four possible observations in the environment. For example, if the hunter is in a tile that is adjacent to the Wumpus
but not the gold, he may observe a) both glitter and stench
with probability pp1 ´ pq, b) single glitter with probability
p1 ´ pq2 , c) single stench with probability p2 , or d) nothing
with probability pp1 ´ pq.
Conditions The design and conditions are the same as Experiment 1. We predict that there will be an advantage in rewards with the relevance model compared to a single agent

Figure 5: Environment for experiment 2.
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Figure 6: Results for Experiment 2. Shaded areas represent
95% bootstrap confidence interval.
Results The average reward across trials for each model
under various observation accuracies is depicted in Fig. 6.
Similar to Experiment 1, agents who use the relevance model
achieve a higher reward on average than agents who use the
single agent POMDP model or the double observation model.
The main effect of model type is significant (Fp2, 2079q “
41.732, p ă 0.001), and the main effect of observation accuracy is also significant (Fp6, 2079q “ 20.049, p ă 0.001).
The interaction between models and observation accuracy is
significant (Fp12, 2079q “ 9.130, p ă 0.001). A post-hoc test
with Bonferroni correction shows that agents who use the
relevance model of pointing gain higher reward than agents
who use the double observation model (Fp1, 1398q “ 21.163,
p ă 0.001). Our results are consistent with the results in Experiment 1. The relevance model of pointing still achieves
high performance in highly overloaded communication.

Discussion
Our relevance model was successful in capturing the essence
of transparent communication. In both Experiment 1 and Experiment 2, the agents who used the relevance model for
communication achieved better performance than agents who
ignored the communication. In addition, agents who used
the relevance model achieved better performance than agents
with more precise individual perception by having two samples from the environment. The high performance of the relevance model was robust over all observation accuracies.
Our results showed that by leveraging ToM and utility theory, agents can achieve overloaded communication without a
predefined codebook. In the experiments, the guide and the
hunter do not have a codebook that regulates the relevance
between signals and meanings. Crucially, they never learned
the relevance through massive training. They promptly calculate the relevance based on their context of the cooperative task. Our results also showed that the power of pointing
comes from the ToM inference which supports the relevance
calculation. The power of pointing does not come from enhancing individual perception, which is supported by the robust performance of the relevance model across all observation accuracies.
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Abstract

children aged between 2.5 and 5 years old when compared
against monolingual peers (Hoff & Ribot, 2017). This
group difference was also found by Vagh, Pan, and MancillaMartinez (2009) in 24 to 36 month olds. Cattani et al.
(2014) tested receptive and expressive vocabulary, finding
that bilinguals performed worse than monolinguals (22 to 30
months old) when tested with a single language. Interestingly,
De Houwer, Bornstein, and Putnick (2014) found no significant difference in the receptive vocabulary sizes of monolingual toddlers learning Dutch and bilingual toddlers learning Dutch and French at 13 months, but monolinguals knew
significantly more Dutch words at 20 months, suggesting an
age-related change in vocabulary growth.

A widely researched question in bilingualism asks whether
bilinguals’ vocabulary growth is equal to or lower than that
of monolinguals. Some studies have found smaller vocabularies in bilingual toddlers than monolingual toddlers when comparing in one language, but others have found no significant
group differences. We compared 12 to 32-month-old bilingual
toddlers growing up in the UK with English and one additional
language (AL) to age-matched UK English monolinguals. We
evaluated both vocabulary size in English and conceptual vocabulary. Bilinguals’ English vocabulary sizes in both comprehension and production were significantly smaller than monolinguals’ after controlling for age and socioeconomic status.
This was seen across bilinguals of different levels of language
dominance. The bilingual lag in vocabulary size was smaller
when calculated using conceptual vocabulary but still significant for both comprehension and production. We discuss the
implications for measurements of bilingual toddlers’ vocabulary size.
Keywords: bilingualism; vocabulary; infant development;
language exposure

Academic achievement

Introduction
Researchers, medical practitioners and parents alike have
long been interested in the question of whether bilinguals’ vocabulary growth is comparable to that of monolinguals. For
bilingual toddlers living in communities that predominantly
speak one language (e.g., the UK, which uses English), it is
particularly important for them to acquire the community language which would be widely used for communication outside the home and schooling. The literature on bilinguals’
vocabulary size has generally found a bilingual delay when
comparing vocabulary in a single language between monolinguals and bilinguals. Significant differences have been
found between monolingual and bilingual groups in receptive vocabulary in children (3–10 years old) (Bialystok, Luk,
Peets, & Sujin, 2010) and adults (Bialystok & Luk, 2012),
with bilinguals having smaller vocabulary sizes than monolinguals. With school-age children, Yan and Nicoladis (2009)
found that while comprehension was comparable, school-age
bilinguals performed significantly poorer in a production task
compared to monolingual peers.
When considering younger bilinguals, a bilingual vocabulary delay in production has also been found in young

For bilingual toddlers living in communities that predominantly speak one language (e.g., the UK, in which the main
language is English), it is particularly important for them to
acquire the community language which would be widely used
for communication outside the home and schooling. Language proficiency in the majority language can have repercussions for school achievement. A study by Howard et al.
(2014) showed that Spanish-speaking bilingual children’s English vocabulary size in spoken production (as tested using a
picture naming task) is positively associated with their English reading proficiency, even after accounting for the effect
of socioeconomic status and amount of English exposure. A
report by Strand, Malmberg, and Hall (2015) analysing the
England National Pupil Database in 2013 indicated that the
percentage of students in England classified to be learning
English as an additional language (EAL) was 16.2%. As a
group, EAL students were identified by Strand et al. to have
lower rates of academic achievement compared to students
with English as their first language when tested at the end
of their first year of schooling. However, this lag decreased
over the years of schooling, with EAL students catching up
to their peers by age 16. Research has suggested that withingroup differences in school-age language outcomes can be
predicted by language development in infancy. In monolinguals, larger vocabulary size and faster speed of word recog-
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nition tested at 25 months of age have been linked to better
expressive vocabulary, IQ and working memory at 8 years old
(Marchman & Fernald, 2008). Studying the early vocabulary
development of children in their first three years of life, when
their early language skills are rapidly developing, can help
us better understand the potential sources of divergences for
EAL students.

Effect of language exposure
The size of the vocabulary difference between monolinguals
and bilinguals is also dependent on the amount of exposure
bilinguals receive for the tested language. Vocabulary size in
a single language has been found to be positively correlated
with the relative amount of exposure the child has to that language (Pearson, Fernández, Lewedeg, & Oller, 1997; Hoff
et al., 2012; Cattani et al., 2014). English-dominant bilingual
toddlers (i.e., toddlers who hear more English than their other
language in their day-to-day lives) have been found to display
larger English vocabulary than Spanish-dominant bilinguals,
using evidence from 8–30 month olds (Pearson, Fernández,
& Oller, 1993) and 24–36 month olds (Vagh et al., 2009).
Further supporting the effect of language exposure, Pearson
et al. (1993) also found that while Spanish-dominant bilinguals had smaller English vocabulary, they had larger Spanish vocabulary than English-dominant peers. It is particularly
important to be aware of the language exposure effects when
comparing bilinguals to monolinguals in a single language, as
it can significantly affect the size of any observed vocabulary
gap. Notably, Hoff et al. (2012) found that 2.5 year old bilingual toddlers with at least 60% English exposure performed
equally well as monolingual peers on various language measures in English.

Single language vs total vs conceptual vocabulary
When studying vocabulary growth in bilinguals, the method
of calculating vocabulary size is important as it can produce
varied results. Researchers have used several measures for
vocabulary, the most common being single language size,
total vocabulary size and conceptual vocabulary size. Single vocabulary sizes focuses on vocabulary known in one
language, for example the community language or the minority language. Total vocabulary size sums the vocabulary
sizes in both languages. Conceptual vocabulary is defined
by summing the number of concepts known by the child.
A child is said to know a concept if they understand the
word in one language or both. Conceptual scoring has been
noted to bring school-age bilingual’s vocabulary into normal
monolingual range (Gross, Buac, & Kaushanskaya, 2014) for
both comprehension and production. Bilingual toddlers have
been found to have smaller vocabularies than monolinguals
when comparing single language vocabulary, but comparable or even larger vocabularies when comparing total vocabulary and conceptual vocabulary (Pearson et al., 1993, 1997).
The appropriate method of vocabulary size calculation would
therefore depend on the intention of the comparison. The
evaluation of single language vocabulary size (e.g. of the ma-

jority language) may be useful when investigating later language and academic outcomes. For clinical judgements of
language delay, a conceptual or total vocabulary would provide a more reliable estimate. In this paper, we compare bilingual and monolingual toddlers using two methods of calculating vocabulary size – (1) vocabulary in English, which is the
community language of our sample; (2) conceptual vocabulary.

The Present Study
This study investigates whether bilingual toddlers growing
up in the UK have comparable or smaller vocabulary sizes
compared to monolinguals of the same age. As the UK is
a predominantly English-speaking community, the development of English proficiency is important for both monolingual and bilingual toddlers’ long-term communicative and
academic outcomes. We are also interested in the extent to
which the degree of English exposure a child receives influences their English vocabulary size. Additionally, we investigate whether bilinguals and monolinguals have comparable
vocabulary sizes when measured using conceptual vocabulary.
To answer our research question, we compared vocabulary acquisition trajectories between British monolinguals
and bilinguals growing up in the UK aged 12 to 32 months,
comparing cross-sectional data collected using vocabulary
questionnaires. We obtained parent-reported data on both
word comprehension and production for each child, allowing
us to study toddlers’ parallel growth in comprehension and
production. We predicted that bilinguals will have smaller
vocabulary sizes in English than monolinguals, with the difference largest for AL-dominant bilinguals and smallest for
English-dominant bilinguals. We also expected to find an increase in the size of group differences with increased age, following findings by de Groot (1989) of a significant difference
in vocabulary size between bilinguals and monolinguals in 20
month olds but not 13 month olds. On the other hand, we predicted that all groups will have similar conceptual vocabulary
sizes, with no significant differences between bilinguals and
monolinguals after controlling for age and mother’s education
level.

Methods
Participants
Bilingual Our sample consisted of 12 to 32-month-old
bilingual toddlers (N = 357, N female = 184) (age 12.0–
32.4, mean 21.9 months) growing up in the UK with English and one additional language (AL) (Dutch, French, German, Italian, Polish, Portuguese or Spanish), with data collected between 2020 and 2021. An additional 42 parents
who expressed uncertainty about their ability to report their
child’s English vocabulary (e.g., due to not speaking English
at home) were excluded from the analysis. We collected
information about toddlers’ language environment using a
simplified version of the Language Exposure Questionnaire
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(LEQ) developed by Bosch and Sebastián-Gallés (2001). To
obtain a quantitative metric for overall language exposure, we
asked parents to give an estimate of the percentage of English
their child is exposed to in their daily life. We split bilinguals
into three groups based on this reported English exposure:
English-dominant (60-75% English exposure, N = 186), Balanced (40-60% English exposure, N = 67) and AL-dominant
(25-40% English exposure, N = 104). For each family in our
sample, at least one parent was a native speaker of the AL –
125 reported that both parents were native speaker of the AL
(this included those who reported to be natively bilingual);
232 families reported that one parent was a native speaker
of the AL and one parent was a native speaker of English.
The parent native in the AL was more commonly the mother
– 317 mothers were reported to be native AL speakers, 17
native bilingual speakers and 23 native English speakers. In
contrast, 141 fathers were reported to be native AL speakers,
7 bilingual speakers and 209 English native speakers. We also
required at least one parent to have fluent English proficiency
(self-rated proficiency of 7 or higher out of 10).
Monolingual The monolingual sample consisted of British
English monolinguals aged between 12 and 32 months (N =
209, N female = 79) (age 12.0–32.4, mean 23.7 months), with
data also collected between 2020 and 2021.

languages, they vary considerably in length and also have
variable amounts of overlapping concepts with the Oxford
CDI. We chose to use adaptations of the Oxford CDI as this
allowed us to have a high level of conceptual overlap for our
analyses of conceptual vocabulary size.
Both English vocabulary sizes and conceptual vocabulary
sizes were calculated using the 365 concepts that overlap
across all CDIs used in this study. A monolingual child was
coded as knowing a concept if they knew the English word for
the concept. A bilingual child was coded as knowing a concept if they knew the English word, the word in their other
language, or both.

Socioeconomic status
We used mother’s highest education level as a proxy for
socioeconomic status. Only entries where information on
mother’s education level was available were included in the
analysis. Education level was converted into a numerical
score, with 0 - no qualifications; 1 - Left school at 16 with
GCSE or equivalent; 2 - Left school at 18 with A-Levels
or equivalent; 3 - University degree or equivalent. Overall, mothers’ educational level in our sample was high, with
89.4% of mothers in the bilingual sample and 93.8% of mothers in the monolingual having a University degree or equivalent.

Vocabulary questionnaire
Data on vocabulary knowledge in English, for both the bilingual and monolingual groups, was collected using the Oxford
Communicative Development Inventory (CDI) (Hamilton,
Plunkett, & Schafer, 2000), which is a questionnaire containing a list of words commonly known to British toddlers.
Parents indicated for each word whether their child understands and says, understands but does not say, or does not
understand the word. The utility of CDIs to evaluate vocabulary development in toddlers has been supported by studies
showing good congruence between parent-reported vocabulary and toddlers’ performance on vocabulary tasks for both
monolinguals (Gillen et al., 2021) and bilinguals (Marchman
& Martı́nez-Sussmann, 2002; Vagh et al., 2009). Vocabulary data for the monolingual sample was collected using the
Oxford CDI (418 words). Parents of bilingual toddlers completed the Oxford CDI and also an adaptation of the Oxford
CDI in their AL (also 418 words). These adaptations were
created by working with native speakers of each AL, who
translated the Oxford CDI and replaced words that were not
relevant to the target language – for example, “penny” was
replaced with its closest equivalent “coin” in most languages.
We also compared the translations to normed adaptations of
the MacArthur-Bates CDI in those languages, using the same
words if possible – to given an example, “lorry/truck” was
listed as “Lastwagen / Laster” in our German CDI, following
FRAKIS (Szagun, Stumper, & Schramm, 2009).
For all analyses reported in this paper, we used only the
concepts that overlap across all our adaptations (365 out of
418 words). While normed versions of the CDI exist in these

Results
We ran linear regressions (separately for comprehension
and production) with vocabulary size as the dependent variable, language exposure group as the predictor and age and
mother’s highest education level (numerical score) as covariates. Age was centered on the mean (22.7 months) and
scaled by standard deviation (5.67 months). The three bilingual groups (English-dominant, Balanced and AL-dominant)
were contrasted against the reference level of monolinguals.
We added an interaction between age and group to test agerelated changes in vocabulary size. This analysis was done
for both English vocabulary size and conceptual vocabulary
size separately. The model is defined in R (R Core Team,
2013) as below:
lm ( v o c a b u l a r y s i z e ˜ a g e +
mother e d u c a t i o n + group +
age : group )

English vocabulary
The relationship between age, language group and English
vocabulary size are visualised for comprehension (Figure 1)
and production (Figure 2) respectively. In both figures, we see
the expected strong positive trend of vocabulary size growth
with age. As predicted, we also observe a difference between
the vocabulary trajectories of monolinguals and bilinguals,
with bilinguals of all three levels of language exposure having smaller vocabulary sizes in English compared to monolinguals of the same age.
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Figure 1: Scatterplot of English vocabulary size in comprehension by age, split by language dominance groups.

On average, the bilingual sample had smaller vocabulary
sizes than same-age monolinguals for English vocabulary in
comprehension (t = −9.82, p < .001) and English vocabulary in production (t = −8.51, p < .001). When bilinguals
are split by dominance groups, we see the expected trend for
English vocabulary size across groups. All three groups had
significantly smaller vocabulary size compared to monolinguals (Figure 1, Table 1). As shown by the model estimates,
on average English-dominant bilinguals knew 39.0 fewer English words than monolinguals (out of 365 concepts), Balanced bilinguals knew 74.5 fewer words and AL-dominant
bilinguals knew 98.9 fewer words. This was also seen for production (Figure 2, Table 2). Interactions between age and language dominance were significant in production, with monolinguals showing a steeper slope of vocabulary growth with
age relative to all three bilingual groups, while AL-dominant
bilinguals showed the flattest slope of all four groups.

Figure 2: Scatterplot of English vocabulary size in production
by age, split by language dominance groups.

Table 2: Linear model for English vocabulary size in production, with age and language dominance as predictors (Monolingual is reference level).
Predictor
(Intercept)
Age
Mother edu
Eng-dom
Balanced
AL-dom
Age:Eng-dom
Age:Balanced
Age:AL-dom

Estimate
188.2
132.3
-3.61
-45.8
-76.5
-92.4
-40.8
-52.9
-73.5

Std Error
20.5
6.71
6.87
7.44
10.4
9.44
8.82
11.9
10.4

t
9.19
19.7
-0.525
-6.15
-7.39
-9.78
-4.63
-4.45
-7.06

p
<.001
<.001
.600
<.001
<.001
<.001
<.001
<.001
<.001

Note. Mother edu = Mother’s education; Eng-dom = Englishdominant; AL-dom = AL-dominant
Table 1: Linear model for English vocabulary size in comprehension, with age and language dominance as predictors
(Monolingual is reference level).
Predictor
(Intercept)
Age
Mother edu
Eng-dom
Balanced
AL-dom
Age:Eng-dom
Age:Balanced
Age:AL-dom

Estimate
278.2
94.2
-1.88
-39.0
-74.5
-98.9
4.81
-4.74
-9.50

Std Error
19.6
6.42
6.59
7.14
9.93
9.05
8.46
11.4
9.99

t
14.2
14.6
-0.287
-5.47
-7.50
-10.9
0.568
-0.415
-0.952

p
<.001
<.001
.775
<.001
<.001
<.001
.570
.679
.342

Note. Mother edu = Mother’s education; Eng-dom = Englishdominant; AL-dom = AL-dominant

Conceptual vocabulary

We then studied the relationship between age, language group
and conceptual vocabulary size. In Figure 3, which visualises
the relationship for conceptual vocabulary in comprehension,
we see that the difference between bilinguals with different
levels of language exposure (as seen in the previous figure of
English vocabulary comprehension) has largely disappeared.
The difference between the monolingual group and the bilingual groups has also reduced, though it remains significant.
This trend is reflected for production, as seen in Figure 4. As
with English vocabulary, there is a strong positive relationship between conceptual vocabulary size and age.
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Figure 3: Scatterplot of conceptual vocabulary size in comprehension by age, split by language dominance groups.

Table 3: Linear model for conceptual vocabulary size in comprehension, with age and language dominance as predictors
(Monolingual is reference level).
Predictor
(Intercept)
Age
Mother edu
Eng-dom
Balanced
AL-dom
Age:Eng-dom
Age:Balanced
Age:AL-dom

Estimate
275.5
94.2
-0.97
-14.9
-35.0
-34.9
0.494
-6.44
1.36

Std Error
18.4
6.02
6.16
6.68
9.29
8.47
7.92
10.7
9.35

t
15.0
15.7
-0.157
-2.23
-3.77
-4.12
0.063
-0.603
0.145

p
<.001
<.001
.875
.026
<.001
<.001
.950
.547
.885

Note. Mother edu = Mother’s education; Eng-dom = Englishdominant; AL-dom = AL-dominant

Figure 4: Scatterplot of conceptual vocabulary size in production by age, split by language dominance groups.

Table 4: Linear model for conceptual vocabulary size in
production, with age and language dominance as predictors
(Monolingual is reference level).
Predictor
(Intercept)
Age
Mother edu
Eng-dom
Balanced
AL-dom
Age:Eng-dom
Age:Balanced
Age:AL-dom

Estimate
187.3
132.3
-3.29
-27.6
-49.3
-44.0
-31.8
-37.7
-39.9

Std Error
20.9
6.83
7.00
7.58
10.5
9.62
8.99
12.1
10.6

t
8.98
19.4
-0.469
-3.64
-4.68
-4.57
-3.54
-3.10
-3.76

p
<.001
<.001
.639
<.001
<.001
<.001
<.001
.002
<.001

Note. Mother edu = Mother’s education; Eng-dom = Englishdominant; AL-dom = AL-dominant

Discussion
Contrary to our predictions, the bilingual sample had
smaller vocabulary sizes than same-age monolinguals even
when vocabulary size was calculated using conceptual vocabulary, both in comprehension (t = −4.27, p < .001) and production (t = −4.83, p < .001). These group differences were
smaller in size than for English vocabulary but remained significant. All three bilingual groups had significantly smaller
conceptual vocabulary size compared to monolinguals (Figure 3, Table 3). English-dominant bilinguals knew 14.9
fewer concepts than monolinguals (out of 365 common concepts), Balanced bilinguals knew 35.0 fewer concepts and
AL-dominant bilinguals knew 34.9 fewer concepts. The same
trend was also observed for production (Figure 4, Table 4).
Again, there was a striking interaction effect for production, with monolinguals having a steeper slope of vocabulary
growth with age relative to all three bilingual groups.

We present findings regarding the vocabulary growth of a
large sample of bilingual and monolingual toddlers that are
convergent with previous findings in the literature (Vagh et
al., 2009; Cattani et al., 2014; Hoff & Ribot, 2017). We saw
a trend for bilinguals’ English vocabulary size to be smaller
than same-age monolinguals, with the difference significant
in both comprehension and production. This difference was
modulated by the amount of English exposure received by the
child, with English-dominant bilinguals being most similar to
monolinguals (but still significantly smaller in English vocabulary size) and AL-dominant bilinguals having the smallest
English vocabulary size.
We further show an age-related change in the vocabulary
gap between monolinguals and bilinguals in production, with
the difference increasing with age. Monolinguals had significantly steeper slopes compared to all three bilingual groups.
This is consistent with De Houwer et al.’s (2014) findings
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where 20-month-old bilinguals showed a vocabulary lag in
relation to monolinguals but there was no significant difference between groups at 13 months-old.

to shed light on whether this bilingual lag in vocabulary size
reflects a true delay.

Conclusion

Bilingual lag even in conceptual vocabulary
While the group differences in English vocabulary size are
consistent with our predictions, the persistent lag in bilinguals’ vocabulary size even when vocabulary size was calculated using the number of concepts known was unexpected.
Our predictions were that conceptual scoring would fully
eliminate the difference in vocabulary size between monolinguals and bilinguals. Instead, while conceptual scoring
reduced bilinguals’ lag in vocabulary size relative to that
of monolinguals, the group difference remained significant.
This result is concerning, as it suggests that bilinguals have
overall smaller vocabularies compared to their monolingual
peers, which could have negative implications for their later
academic outcomes.
However, we do acknowledge certain limitations in our
study. The CDI is not an exhaustive list of all the words
that a child may know, but instead is a subset of commonlyknown words aimed to provide an estimate of a child’s vocabulary knowledge compared to their peers. Our AL CDIs
were adapted from the Oxford CDI, which was normed using
data from monolingual British toddlers. As such, the subset of words in the Oxford CDIs (and subsequently our AL
CDIs) may be biased towards concepts that are familiar to the
UK English-speaking community. While the toddlers in our
bilingual sample were also growing up in the UK, there may
be certain concepts less common in their home environment
due to cultural differences. We attempted to reduce this bias
by using only the subset of concepts that was common across
all our CDIs after appropriate substitutions were made by native speakers of those languages, but we acknowledge that
words common to the UK English-speaking community may
still have received greater weight in our calculation of conceptual vocabulary. There may also be limitations in the use
of CDIs to measure vocabulary size of bilingual toddlers in
their less-dominant language. In our study, several parents of
bilingual toddlers indicated uncertainty in answering the CDI
in their non-native language. Vagh et al. (2009) observed a
similar issue, with 16 parents of 118 opting out of reporting
their child’s English vocabulary due to lack of confidence.
This opt-out rate of approximately 10% is similar to the rate
observed in our study. The 42 families who explicitly expressed uncertainty in their reporting accuracy were excluded
from our analyses. We also required at least one parent to be
a native speaker of the AL, and at least one parent to have
fluent English proficiency (operationalised as self-rated proficiency of at least 7 out of 10). Through these criteria, we
aimed to reduce the variability in parents’ reporting accuracy
as a result of low proficiency in one of the target languages.
Nevertheless, research on bilingual vocabulary growth would
benefit from further investigations using direct measures of
toddlers’ vocabulary, such as word-referent matching tasks
for comprehension and picture naming tasks for production,

In this paper, we found that bilingual toddlers’ vocabulary
size in comprehension was significantly smaller than monolinguals after controlling for age, both when measured using
English vocabulary and conceptual vocabulary. For English,
the vocabulary gap between monolinguals and bilinguals was
larger for bilinguals with lower English exposure, supporting
the role of language exposure in guiding bilinguals’ vocabulary growth in a single language. Bilinguals also displayed
flatter slopes for vocabulary growth in production with age
relative to monolinguals for both English and conceptual vocabulary. Given the links between early vocabulary and later
academic achievement, awareness of this increasing bilingual
lag in vocabulary size in production should guide teaching
strategies in supporting bilingual language development.
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Abstract
The representation of time depends heavily on spatial skills.
Saj et al. (2014) demonstrated that left-hemispatial neglect
patients, who lost the ability to detect objects in their left visual
field, have a selective deficit in remembering items
corresponding to the past, i.e., the left side of their mental
timeline. The current study used the same memory task but
tested neurotypical individuals (N = 76) to examine whether
individual differences in spatial ability as well as learning order
(chronological vs. random) predict how well participants
remember items and associations between the item and time
(past or future). Our results indicate that higher spatial ability
and chronological learning both lead to better memory. This
study is among the first to demonstrate how individual
differences may impact time representation and memory that
relies on a mental timeline.
Keywords: spatial memory; time perception; mental timeline;
individual differences

Introduction
“I want to be a scientist when I grow up.” “I should wake up
at 7 am to go to work.” “I’ve been waiting for you for more
than 2 hours!” Time is an essential part of how humans think
and communicate, and humans constantly use the concept of
time to make decisions and plan their lives. While
fundamental to many human activities, time is also an
abstract concept that is not directly accessible through the
senses and requires other sensory-motor processes (Grondin,
2001; Kövecses, 2017).
Metaphoric Mapping Theory suggests that abstract
concepts are represented through concrete concepts with
sensory features (e.g., Ulrich & Maienborn, 2010; Barsalou
& Wiemer-Hastings, 2005; Lakoff & Johnson, 1980). Time
is also an abstract notion that is represented using spatial
concepts and comprehended through the metaphorical usage
of space (Boroditsky, 2000). Starting from childhood, people
associate time with space (Choy & Cheung, 2017), and their
judgments about time seem to be influenced by spatial
information (Boroditsky, 2000; Boroditsky & Gaby, 2010;
Núñez et al., 2006). For instance, English speakers depict
time as a horizontal line. When English speakers were asked
to locate several events in a space, they located the early
events on the left side and later events on the right side
(Tversky et al., 1991). On the other hand, Aymara speakers
of the Bolivian Andes associate the front with the past and
ahead with future descriptions (Núñez & Sweetser, 2006).
The timeline can also be vertical, and Mandarin speakers
demonstrate time in the up and down array (Boroditsky et al.,

2011). People also differ in how they name the duration of
time. For example, English and Indonesian speakers perceive
time as a distance (“short period,” “long ago”), whereas
Greek and Spanish speakers perceive time as a quantity
(“much time,” “big holiday”) (Casasanto et al., 2004).
Notably, even though time is represented differently across
languages and cultures, all these terms are based on spatial
concepts.

Spatial Ability and Time
Although the field generally agrees that time relies on space,
not much research has been done to empirically examine the
influence of spatial ability on how people perceive and
represent time. Spatial ability, defined as “the skill for
representing, generating, recalling, and transforming nonlinguistic and symbolic information” (Linn & Petersen, 1985,
p. 1482), vary highly across individuals (Lajoie, 2003). For
example, whereas some people are experts on mentally
imagining changes in the position of an object, others fail to
do so (Blajenkova & Kozhevnikov, 2009). As time
representation depends on the understanding of space, one
can expect that better spatial ability leads to better
representations and judgments about time.
To our knowledge, only one study has demonstrated that
the individual’s spatial ability affects their representation of
time. Saj et al. (2014) tested people who experienced a righthemisphere stroke and subsequent impairment in their ability
to detect objects on the left side of their visual field. The time
representations of these left hemispatial neglect patients were
assessed on a memory task in which they were asked to recall
and recognize items associated either with past or future.
These patients struggled to remember the past items
presumably because their left visual field deficits resulted in
a failure to represent the left items, corresponding to the past
items on their mental timelines. In other words, their ability
to remember items was influenced by their ability to mentally
represent items on a timeline. Whereas participants without a
neglect could identify 85% of the past items, the neglect
group could only identify 64% of them. The performance of
the two groups did not differ for the future items.
Although Saj et al (2014) highlighted the influence of
spatial skills on time representation in the hemisphere neglect
patients, no study thus far asked whether individual
differences in spatial ability among neurotypical individuals
affect the representation of events along a mental timeline.
Thus, using the same paradigm, the current study investigates
whether spatial abilities of neurotypical individuals alter their
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representations of memorized past and future events on a
mental timeline.

Mental Timeline
A mental timeline is a representation of time as a linear
line. People mentally position the past and future. They
represent time events following their writing and reading
direction (Bergen & Chan Lau, 2012). As mentioned earlier,
English speakers prefer to put early events to the left and later
events to the right, parallel to their mental timeline. They put
the past to the left because it is coming first considering the
writing direction of English, and future events to the right
(Santiago et al., 2007). One recent study (Martarelli et al.,
2017) using the modified version of Saj et al.’s (2014)
paradigm also pointed out the existence of a mental timeline.
When they examined the encoding, recalling and recognition
tasks of people who learnt the items auditorily, they observed
that people tended to look to the left for past items while their
gaze were on right for future items. Based on this study, we
also expect people to benefit from a mental timeline for
remembering the items.
Several findings support the existence of the mental
timeline by indicating its positive influence on task
performance (see von Sobbe et al., 2019 for a review). First,
when the direction of mental timeline and time order of the
presented items are compatible, people respond quickly
(Ulrich & Maienborn, 2010). For instance, English speakers
react faster to events presented earlier with their left hand,
whereas Hebrew people react faster to the same events with
their right hand due to their reverse timeline (Fuhrman &
Boroditsky, 2010). Second, people are better at remembering
objects presented in a chronological order, which means the
order aligns with both their mental timeline (past-to-future)
and the timeline direction (left-to-right). Further, learning in
a chronologically ordered objects (left to right directioned
and linear) positively influence memory performance when
the participants required to indicate the temporal learning
order of the objects as the first, second, and third, but not
when people are only asked to identify the spatial locations
of objects as left, middle, and right (Pathman et al., 2018).
Therefore, the memory for the temporal order of items but
not the memory for the spatial location is influenced by
whether objects are represented chronologically or not. This
order is critical because it is only influential for the
understanding of the time concept through space, not merely
for the spatial understanding. The current study examines
whether learning items in a chronological order influences
the representation of memorized items on a mental timeline.
Given that the literature suggests that chronological ordering
fosters task performance, we also expect to see the positive
effect of the order.

The Present Study
The present study aimed to replicate the experiment of Saj
and colleagues (2014) with neurotypical individuals. This
replication has two main goals: First, it intended to
investigate spatial ability as an individual difference affecting
the representation of time in healthy individuals. If we are
forming a mental timeline in remembering the relations
between items and time points associated with the items,
spatial ability should affect how well individuals can
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remember the item-time relations. Second, this study
provides an exciting opportunity to advance our knowledge
on the effects of learning order (chronological or random).
Thus, when participants learn the items in a chronological
order, i.e., past items followed by future items, they are
expected to remember more items compared to learning the
past and future items in random order. Since we recruited
native speakers of Turkish, another language that represents
the time from left to right (Bostan et al., 2016), we expect to
observe an increase in their memory performance when
participants learn past items first and then proceed to the
future items.
Based on the proposed roles of spatial ability and mental
timeline on the representation of time, we hypothesized that
both spatial ability and chronological presentation of items
positively influence people’s time representation measured
through a memory task. We measured several cognitive skills
(e.g., object imagery, verbal and visual skills) that might be
responsible for better performance.Yet, we expected that
only spatial ability influences the time representation, not the
other cognitive skills.

Method
Participants
Eighty-eight Turkish-speaking undergraduate students were
recruited at Sabanci University located in the suburb of
Istanbul, Turkey. Twelve participants were excluded from
the analysis because their data were incomplete (N = 6) or
they were considered as outliers since they scored at least
three interquartile ranges higher than third quartile or lower
than first quartile (N = 6). As a final sample, 76 participants
(57 females; Mage = 21.5, SDage = 1.41) participated in this
study which required at least 68 people according to the a
priori power analysis.

Materials
First, we administered the memory task created by Saj et al
(2014). Then, to assess spatial ability, we used the Mental
Rotation Task (MRT; Peters et al., 1995, originally by
Vandenberg & Kuse, 1978) and the Number Line Estimation
Task (hereafter NLET; Sullivan et al., 2011). In addition to
these objective spatial ability tasks, we also administered two
self-report scales of imagery: Vividness of Object and Spatial
Imagery Scale ([VOSI]; Blazhenkova, 2016) and Verbal and
Visual Style of Processing Scale (Akgün et al., 2014
originally by Childers, Houston, & Heckler, 1985).
Mental Rotations Test (MRT; Peters et al., 1995,
originally by Vandenberg & Kuse, 1978) The MRT
consisted of 24 questions required to be completed in six
minutes. Each trial presented the target object (a block figure
consisting of 10 cubes) and four options: two correct objects
that were identical to the target but rotated and two distractor
objects that were different from the target. Participants were
asked to identify the two correct objects among the four
options. If participants chose both of the correct options, they
received 1 point for the question. If participants fail to
identify at least one of the items, they received no points.

Number Line Estimation Task (NLET; Sullivan et al.,
2011) We adapted the NLET by Sullivan and colleagues
(2011). In this task, participants were presented with 20
randomly selected numbers (e.g., 13, 86) and a line. The left
endpoint of the line represented 0, and the right endpoint
represented 100. Participants were asked to mark a point on
the line that corresponded to the each presented number. Note
that the original paradigm used numbers between 0 to 1000,
but we used 0 to 100 due to the technical limitation of our
online interface. Participants marked the number by dragging
a marker on the line and were instructed to respond as fast
and correctly as possible. The initial location of the marker
was randomized for each question.
Vividness of Object and Spatial Imagery (VOSI;
Blazhenkova, 2016) The VOSI is a self-report questionnaire
testing object imagery and spatial imagery, each scale
consisting of 14 items. Participants were asked to rate the
vividness of object imagery (e.g., “Shape and color of an
autumn leaf”) and spatial imagery (e.g., “Schema (plan) of a
computer connecting to a printer”) on a 5-point Likert scale
(1 = no image at all; 5 = perfectly clear and vivid). The
Cronbach’s alpha was .85 for the spatial imagery scale and
.88 for the object imagery scale.
Style of Processing Scale (Childers, Houston, & Heckler,
1985) Style of Processing Scale assesses whether individuals
prefer to engage in verbal or visual processing. Verbalizers
prefer to read, like to play word games, and have a great
vocabulary. On the other hand, visualizers prefer to
understand ideas with visual diagrams rather than reading
about them and picture things when thinking. The scale
consists of eight visual (e.g., “My thinking often consists of
mental pictures or images.”) and eight verbal questions (e.g.,
“I prefer to read instructions about how to do something
rather than have someone show me.”). Participants were
requested to rate the items on a scale of 1-4 (1 = always true;
4 = always false). The Turkish version of the scale with
satisfactory reliability (r = 0.94) was distributed to the
participants (Akgün et al., 2014). The Cronbach’s alpha was
.74 for the visual scale and .72 for the verbal scale in the
current data.
Memory task We used the task by Saj et al. (2014) to
measure participants’ ability to represent time. Participants
learned four sets of items (foods, objects, clothes, activities)
across four blocks. As described below, each block consisted
of the encoding phase, the recall-test phase, and the
recognition test phase (see below for the description of each
phase). The current study only reports the results of the
recognition test.
Encoding phase. In the encoding phase, participants were
informed about a fictional man named Mehmet and some
items Mehmet liked 10 years ago (past items) and other items
Mehmet will like 10 years later (future items). For example,
in the food block, they read the following instructions (but in
Turkish):
“Today, Mehmet is 40 years old. In the first part of this
study, you will learn about things that Mehmet liked to eat
ten years ago (when he was 30 years old) and things that he
will like to eat in 10 years (when he will be 50 years old).”
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Then, participants saw the pictures of the past food items
“Mehmet liked to eat ten years ago” with a white cap, and the
future food items “Mehmet will like to eat in 10 years” with
a black cap (Figure 1a). Half of the participants received the
food pictures starting from the past ones that Mehmet used to
like to the future items that Mehmet will like to eat in 10 years
(chronological order condition), whereas the others received
the pictures in mixed order regarding their time (random
order condition). Thus, in the chronological order condition,
participants encoded the items in line with their mental
timeline starting with the past items and continuing with the
future ones. The pictures of foods were presented one by one
and centered on the screen. Participants were asked to write
down the name of the food, and if the food was one of which
“Mehmet liked to eat ten years ago” or “Mehmet will like to
eat in 10 years” to a text box according to the hat it has. After
writing the item-time pairs, participants saw the correct
sentences (e.g., Apple is a food Mehmet will like to eat in 10
years) immediately after each question. In the following three
experimental blocks, participants learned about objects,
clothes, and activities instead of food. When participants had
completed all of the ten items in the set, the recall phase
started.
Recall-test phase. In this phase, participants were asked to
freely recall and write down all of the items they remember
and indicate the time of the items as ten years ago or ten years
later. After the participant wrote down the items and times to
a textbox, the study proceeded to the next phase. The results
of this phase are not discussed in this report.
Recognition-test phase. In this phase, participants saw 14
food pictures one by one. In addition to the ten target pictures
they studied in the encoding phase, there were four additional
items they had never seen before. For each picture, they were
asked to press the up (down) arrow on the keyboard if they
saw the picture (or not). According to their responses, their
item recognition performance was calculated. If they
indicated that they saw the item by pressing the up arrow,
they were further asked to indicate the time of the item as ten
years ago by pressing the left arrow or ten years later by
pressing the right arrow key (Figure 1b). Their performance
for remembering the time of the items was used to calculate
their item-time recognition.

Results
Table 1 summarizes the means, standard deviations, and 95%
confidence intervals of all variables tested in the study. We
hypothesized that the spatial ability scores measured with
MRT and NLET would predict how well participants
recognize the learned item-time associations (i.e., location of
the items on a mental timeline). We used R (R Core Team,
2012) and the lme4 function (Bates et al., 2014) to perform a
generalized linear mixed-effects model (GLMM) analysis.
We tested memory performances (item recognition accuracy
and item-time recognition accuracy; 0 = incorrect, 1 =
correct) as dependent variables and the accuracy in MRT, the
error rate in NLET (higher error scores corresponds to a
lower performance), learning order (hereafter Order, 1 =
chronological, 2 = random), as independent variables (i.e.,
fixed effects). Except for Order, we used z-scores of each
predictor variable. We first tested MRT, NLET, and Order
only and then compared this model with another model,
including all self-report individual difference measures
(Verbal-Visual, VOSI) to be able to compare the contribution
of all independent variables including the ones that we do not
expect to be related to memory performance. In all models,
we included subjects (i.e., participants) and items in the
memory task as random intercepts. We also controlled the
influence of gender on recognition models, and we did not
observe any effect on gender. All tested models are provided
in the Appendix.
Table 1. Means, standard deviations (SDs), and 95%
confidence intervals (95% CI) of all variables tested in the
study in the chronological and random trials.

Figure 1: Questions from the memory task. a) Learning
Phase: Participants learned the instruction, wrote down the
item and time into the textbox, and received feedback. b)
Testing Phase: In the first part (item recognition),
participants pressed the up arrow key on their keyboard if
they saw the item. In the second part (item-time
recognition), participants pressed the left arrow key if the
item was from 10 years ago, and the right arrow key if the
item was for 10 years later.

Procedure
When participants signed up for the study, they were directed
to Labvanced, a web interface for conducting online
experiments (Finger et al., 2017). After consenting,
participants started the memory task. All participants
completed four memory sets (foods, objects, clothes,
activities) in the same given order. Half of the participants
were randomly assigned to the chronological order condition
in which they learned all of the past items before the future
items. The other half was assigned to the random order
condition and learned the items in random order. After
completing the memory task, they continued with spatial
ability tasks and individual differences scales. These scales
were represented in a random order to all participants. Lastly,
they were requested to provide their age and gender.
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Chronological

Random

Mean
(SD)

95% CI

Mean
(SD)

95% CI

MRT

8.14
(3.92)

[6.87 - 9.40]

7.95
(4.28)

[6.61 - 9.29]

NLET

75.6
(24.7)

[67.6 - 83.5]

81.6
(27.2)

[73 - 90.1]

VOSI Spatial

2.97
(0.65)

[2.76 - 3.18]

2.72
(0.65)

[2.51 - 2.92]

VOSI Object

3.87
(0.58)

[3.68 - 4.05]

3.75
(0.69)

[3.53 - 3.96]

Verbal

20.1
(4.24)

[18.8 - 21.5]

21.6
(4.30)

[20.3 - 23]

Visual

28.2
(3.22)

[27.2 - 29.2]

27.5
(3.53)

[26.4 - 28.6]

Item Recognition
We first examined whether participants correctly recognized
the items they learned. According to our GLMMs, only MRT
predicted the item recognition (Table 2). When we compared
a model with Order as the sole predictor (Model 1) and a
model that additionally included the interaction between
Order and NLET (Model 2), no improvements were observed
in the model fit (X2(2)= 4.12, p = 0.12). However, including

MRT and a three-way interaction between MRT, NLET, and
Order (Model 3; Table 1) significantly improved the model
fit (X2(5)= 12.15, p = 0.03). When we added all variables
(MRT, NLET, Order, VOSI, and Visual-Verbal Scores;
Model 4), none of the variables predicted the item
recognition. In sum, Model 3 with MRT, NLET, Order, and
their three-way interaction explained item recognition better
than other models, and MRT was the only significant
predictor of item recognition (See Table 2).
Table 2. A GLMM with the first impression as MRT,
NLET, Order, and their two-way interactions as predictors
for item recognition (Model 3).
B
SD
Z
P
Intercept
3.778
0.303
12.471 < 0.001***
MRT
0.630
0.250
2.524
0.011**
NLET
-0.162
0.229
-0.708 0.479
Order
0.349
0.296
1.181
0.238
MRT*Order
-0.535
0.339
-1.581 0.114
NLET*Order 0.436
0.306
1.424
0.154
MRT*NLET 0.296
0.182
1.621
0.105
Notes: Signif. codes: ***p < 0.001 **p < 0.01, *p < 0.05

Item-Time Recognition
When we examined whether participants accurately
recognized the time associated with the items, their
performance was predicted positively by MRT and
negatively by NLET (Table 3). The chronological trials
resulted in a higher item-time recognition rate than the
random trials (Mchronological = 0.85, SDchronological = 0.36; Mrandom
= 0.71, SDrandom = 0.46). The interaction between Order and
NLET was also found, suggesting that better performance in
NLET (i.e., lower line estimation error scores) led to a higher
recognition rate in the memory task especially when the items
are presented in a chronological order. Interestingly, MRT
positively predicted the item-time recognition rate regardless
of the Order.
Table 3. A GLMM with the first impression as MRT,
NLET, Order, and their two-way interactions as predictors
for the item-time recognition (Model 7).
B
SD
Z
P
Intercept
2.010
0.164
12.283
< 0.001***
MRT
0.435
0.164
2.653
0.008**
NLET
-0.308
0.145
-2.134
0.033*
Order
-1.031
0.182
-5.670
< 0.001***
MRT*Order
-0.347
0.210
-1.652
0.099
NLET*Order
0.453
0.185
2.444
0.015*
MRT*NLET
-0.043
0.108
-0.396
0.692
Notes: Signif. codes: ***p < 0.001 **p < 0.01, *p < 0.05

For the item-time recognition rate, a model with the Order
and NLET (Model 6) resulted in a significantly better fit than
a model without NLET (Model 5; X2(2) = 8.01, p = .02).
Although MRT significantly predicted the item-time
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recognition rate, adding MRT and interaction terms including
MRT (Model 7) did not increase the model fit (X2(3) = 7.38,
p = .06). When we added all variables to the model (Model
8); MRT, Order, and Verbal scores predicted better
performance (Table 4). This model was better than the model
with Order, MRT, and NLET only (Model 9; X2(4) = 16.24,
p = .002), or the model with these three predictors and their
interactions (Model 7; X2(1) = 5.82, p = .016).
To sum up, remembering the time of the items influenced
by MRT, NLET, Order. Better spatial skills and learning
items chronologically increased memory for time
representation. However, spatial ability was not the only
factor that explained performance success, verbal ability also
predicted the recognition rate.
Table 4. A GLMM with the first impression as MRT,
NLET, Order, VOSI Object and Spatial, Visual and Verbal
scores as predictors for the item-time recognition (Model 8).
B
SD
Z
P
Intercept
2.010
0.161
12.47
< 0.001***
MRT
0.256
0.106
2.415
0.016*
NLET
-0.097
0.090
-1.071
0.284
Order
-0.984
0.184
-5.351
< 0.001***
VOSI-Obj
0.018
0.109
1.693
0.090
VOSI-Spa
0.019
0.196
0.185
0.853
Visual
0.154
0.091
1.687
0.092
Verbal
0.216
0.096
2.262
0.024*
Notes: Signif. codes: ***p < 0.001 **p < 0.01, *p < 0.05

Discussion
The present study followed the Metaphoric Mapping Theory
(Ulrich & Maienborn, 2010) to elucidate the influence of
spatial ability on the representation of time. Recognizing
learned items (item recognition) was simply about
remembering each individual item, and is not expected to
depend on order. Indeed, our results showed that learning in
a chronological order did not improve the item recognition
rate, and the only significant predictor in the main model
(Model 3) was MRT. This finding showed that people with
better spatial skills displayed a better item memory. Some
scholars suggest an overlapping system for spatial ability and
memory (Hassabis & Maguire, 2007; Rubin & Umanath,
2015), and higher scores in spatial imagery predict higher
memory details for personal events (Aydin, 2018). Our
findings might be in favor of the common mechanism
underlying for memory and spatial skills they suggest. On the
other hand, another group of scholars supports that spatial
ability and memory are distinct constructs (Carina et al.,
2021; Clark et al., 2020; Palombo et al., 2013). If this is the
case, one possible explanation for the relationship between
spatial ability and memory performance can be the higher
executive functions of individuals. The executive function,
and working memory are not orthogonal constructs (Miyake
et al., 2001), and spatial ability was found to be related with
executive function in previous studies (Kubik et al., 2020).
Thus, rather than the mere influence of spatial ability on
memory, general executive functions might be leading to
better performance on item memory.

Importantly, our main focus in this paper is time
representation, which is about remembering the associations
between the items and time (past or future) presumably by
locating the items on a mental timeline. As we expected, both
spatial ability (MRT and NLET) and Order positively
affected how well participants remembered the pairs of item
and time. These results suggest that the ability to estimate and
manipulate the spatial relations between objects may lead to
better time representation performance. In the same vein,
having a better performance when the learning order of the
items is chronological is consistent with the possible use of
the mental timeline.
Another finding worth emphasizing is the interaction
between NLET and Order in the item-time recognition rate.
Although MRT, NLET, and Order were the significant
predictors of item-time recognition, the only significant
interaction we observed was the interaction between Order
and NLET. The lower error rate in NLET predicted higher
item-time recognition when the learning order was
chronological not random. On the other hand, the lack of
MRT x Order interaction indicates that individuals with high
mental rotation ability can learn the association between item
and time regardless of the presentation order of the items.
These findings may suggest that the ability to work with a
linear representation of items influences memory
performance especially when the reorganization of item is not
necessary (chronological order condition), whereas the
ability to spatially manipulate mental images can help the
formation of a mental timeline regardless of learning order.
At this point, our design is limited to test if the positive
influence of the item order is due to learning items in a
chronological order (i.e., past items followed by future items)
and not due to learning them merely in two separate sets (i.e.,
one set of items followed by another sets of items). Future
studies should test this limitation by presenting the objects in
a specific order which is contrary to timeline (e.g., presenting
future items first) so that we can confidently assert that the
influence of item order stems from the use of mental timeline.
Addedly, to prevent chunking of items just based on two
groups (10 years age and 10 years later), continuous time
groups (e.g., 5 months ago, 2 years later, 3 days ago) can be
used in future studies.
Interestingly, in addition to MRT and Order, verbal ability
also predicted item-time recognition. Since language serves
as a medium between time and space (Boroditsky, 2000;
Bottini & Casasanto, 2013; Lakoff & Johnson, 1999), we
speculate that verbal ability plays a mediatory role in the
relationship between space and time. Relatedly, spatial
ability was previously found to be negatively related to verbal
ability (Blazhenkova & Kozhevnikov, 2009), and we expect
that some participants either had a good verbal ability or
spatial ability. Perhaps some individuals with high verbal
skills use language to perform the task, compensating for
their lower spatial ability. Future studies should examine the
understanding of time in different experimental designs,
hindering participants from memorizing the content verbally
and/or encouraging them to imagine a mental timeline.
Another notable limitation of the study is that, although
our sample size (N = 76) should be sufficient to capture the
effects of interest, our sample population lacked diversity,
which necessarily limits the generalizability of the findings.
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Our sample were young adults in a university and
predominantly female. To claim that spatial ability is
fundamental to the representations of time, we must test more
participants varying in age, gender, and other demographic
variables. Further, the current study only investigates time
representation in memory, and future studies should also
assess the effects of spatial ability on time estimation and
judgments. These individual difference studies can also make
contributions to the language and thought literature by
advancing the understanding of how time representations
depend on spatial concepts.
To conclude, this study was the first to examine the effects
of individual differences in spatial ability and verbal skills on
the mental representation of time. We found that both of them
are essential for representing and remembering the time, and
though indirectly, our results also may support the
proposition that humans use a mental timeline to remember
depending on the increased performance of participants in the
chronological order condition. We hope that our findings
inspire more researchers to conduct experimental studies to
further scrutinize the influence of individual differences on
time representation with different experimental designs and
sample populations.
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Appendix
Models
Model 1: Item Recognition ~ Timeline Congruency + (1 |
Subject) + (1 | Item)
Model 2: Item Recognition ~ Timeline Congruency *
NLET + (1 | Subject) + (1 | Item)

Model 3: Item Recognition ~ MRT * Timeline Congruency
+ Timeline Congruency * NLET + MRT * NLET + (1 |
Subject) + (1 | Item)

Model 7: Item-time Recognition ~ MRT * Timeline
Congruency + Timeline Congruency * NLET + MRT *
NLET +(1 | Subject) + (1 | Item)

Model 4: Item Recognition ~ MRT + Timeline Congruency
+ NLET + VOSI-Spatial + VOSI-Object + Visual + Verbal
+ (1 | Subject) + (1 | Item)

Model 8: Item-time Recognition ~ MRT + Timeline
Congruency + NLET + VOSI-Spatial + VOSI-Object +
Visual + Verbal + (1 | Subject) + (1 | Item)

Model 5: Item-time Recognition ~ Timeline Congruency +
(1 | Subject) + (1 | Item)

Model 9: Item-time Recognition ~ Timeline Congruency +
NLET + MRT + (1 | Subject) + (1 | Item)

Model 6: Item-time Recognition ~ Timeline Congruency *
NLET + (1 | Subject) + (1 | Item)
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Abstract
Young children tend to prioritize objects over layouts in their
drawings, often juxtaposing “floating” objects in the picture
plane instead of grounding those objects in drawn
representations of the extended layout. In the present study, we
explore whether implicitly directing children’s attention to
elements of the extended layout through a drawing’s
communicative goal—to indicate the location of a hidden
target to someone else—might lead children to draw more
layout information. By comparing children’s drawings to a
different group of children’s verbal descriptions, moreover, we
explore how communicative medium affects children’s
inclusion of layout and object information. If attention
modulates children’s symbolic communication about layouts
and objects, then children should both draw and talk about
layouts and objects when they are relevant to the
communicative task. If there are challenges or advantages
specific to either medium, then children might treat layouts and
objects differently when drawing versus describing them. We
find evidence for both of these possibilities: Attention affects
what children include in symbolic communication, like
drawings and language, but children are more concise in their
inclusion of relevant layout or object information in language
versus drawings.
Keywords: drawing, language, child development, layouts,
objects, spatial cognition, spatial language

Introduction
Children treat layout information in their surroundings, like
the walls of a room, and object information in their
surroundings, like the furniture in a room, differently during
navigation both with and without spatial symbols like maps,
pictures, and language (Dillon & Spelke, 2015, 2017; Hermer
& Spelke, 1996; Learmonth, Newcombe, & Huttenlocher,
2001). For example, to determine their position in space
during navigation, both humans and other animals use layout
information automatically but must attend to and learn to use
the positions of objects and landmarks (Cheng & Newcombe,
2005; Doeller & Burgess, 2008; Doeller, King, & Burgess,
2008; Hermer & Spelke, 1996, 1994; Lee, Sovrano, &
Spelke, 2012).
During symbol-guided navigation using maps and
pictures, moreover, young children show an early preference
for object information. For example, Dillon and Spelke
(2017) found that when using line drawings as maps to find
target locations in a room, 4-year-old children consistently
judged drawings depicting just the room’s objects as more
informative, even when children’s own search behavior was
more accurate with drawings depicting just the room’s walls.
Children’s drawing production (Machón, 2013; Piaget &
Inhelder, 1967) shows the same prioritization of object

information as their drawing interpretation. For example,
Dillon (2021) found that when 4-year-children were asked to
draw exactly what they saw when either sitting in a large
“fort,” with three rectangular walls and three rectangular
objects, or sitting in front of a small “toy” version of the fort,
children in the fort condition tended to include the fort’s
objects but omit its walls. Children in the toy condition, in
contrast, drew the object parts that corresponded to both the
fort’s objects as well as its walls. One possible explanation
for children’s prioritization of objects over layouts in their
production of spatial symbols like drawings is that, as
communicative tools, drawings may prioritize those elements
in the navigable environment, like objects, that we explicitly
attend to.
To explore this possibility in the present study, we
introduced a specific communicative goal to a symbolic
production task to implicitly draw children’s attention to
different spatial elements in the navigable environment. We
asked 4-year-old children to use drawings to communicate
the location of targets in a room to another person. These
targets were either near walls in the room, directing
children’s attention to layout information, or near objects in
the room, directing children’s attention to object information.
To examine whether the inclusion of layout and object
information was specific to drawing, we also compared
children’s drawing production to another group of children’s
production in a different symbolic medium: language. If
attention modulates children’s symbolic communication
about layouts and objects, then children should both draw and
talk about layouts and objects when they are relevant to the
communicative task. If there are challenges or advantages
specific to either medium, then children might treat layouts
and objects differently when drawing versus describing them.

Methods
The methods and analysis plan were preregistered on the
Open Science Framework prior to data collection
(https://osf.io/6784t/).

Participants
Twenty-three typically developing, English-speaking 4year-old children (11 females; Mage = 4 years 5 months;
range: 4 years 0 months to 4 years 10 months), N = 13 in the
drawing condition and N = 10 in the language condition,
participated in the study. An additional 8 children
participated but were excluded based on the preregistered
exclusion criteria: for not completing the task (3); for not
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following directions (4); and for experimenter error (1).
Included children contributed data from at least four of their
six trials.
We had preregistered a sample size of 80 children, but we
were forced to stop data collection before this sample size
was met because of the COVID-19 pandemic’s suspension of
in-person research. The planned sample size was chosen to
maximize our power to detect interactions among our
variables and differences in corrected pairwise contrasts. Our
failing to meet this planned sample size may thus limit our
ability to detect some differences.
Participants were recruited from a large database of
families who had expressed interest in participating in
research studies at our university. All participants received a
small thank-you gift as well as up to $20 travel
reimbursement upon request. The use of human participants
for this study was approved by the Institutional Review Board
on the Use of Human Subjects at our university.

Design
The study took place in a 9’ x 12’ gray “fort” composed of
three walls and three objects set inside a perfectly cylindrical
room (see Figure 1). Six black disks on the floor indicated the
six possible target locations. For each trial, one of those disks
had a glittery gold bottom (the “golden spot”), which
specified it as the target for that trial. The location of the
target across the six trials was semi-random across children
such that each location was the target approximately the same
number of times in each of the six ordinal positions.
Participants were randomly assigned to either the drawing
or language condition in which they were asked to draw or
describe the location of the target for each trial for a research
assistant who would use that drawing or description to find
the target. For each drawing or description, we enumerated
the total number of spatial elements drawn or described as
our primary outcome variable. We also evaluated the research
assistant’s search behavior using the drawings or
descriptions.

clues they pointed to that would help the research assistant
best find the golden spot using only their drawing or
description. After the children completed each practice
drawing or description, the research assistant entered the fort
and took their best guess as to the location of the golden spot
in the picture as the children watched.
After these two practice trials, the children were told that
they were now going to make drawings or descriptions that
would show the research assistant where to search for the
golden spot in the fort itself. The experimenter first directed
the children’s attention to the three walls and three objects
that composed the fort. The experimenter pointed to each
element, saying, “Here’s something!” Then, the experimenter
asked the children to point to each element. Next, the
experimenter showed the children where the golden spot was
by flipping over one of the black disks to reveal its glittery
gold bottom. The experimenter flipped the disk back over so
that only its black side was visible. Finally, the experimenter
reminded the children that they should give the best clues
they could in their drawings or descriptions to help the
research assistant, their teammate, find the golden spot.
The children’s responses were coded in real time using an
iPad by the coder present in the room (see Coding below).
When the children completed a drawing or description, they
were asked to reveal the golden spot to show that they
remembered where it was. The children rarely erred, but if
they did, the experimenter showed them the golden spot again
and started the trial over. After each drawing or description,
the children were asked to identify the referents of all of the
shapes in their drawings or of all of the nouns in their
descriptions by touching those elements in the room when the
experimenter pointed to each shape or repeated each noun.
Each element the children drew or described counted as one
instance. After each trial, the children left the room, and the
research assistant used the children’s drawing or description
to search for the golden spot. The children did not watch
where the research assistant searched. The script
(https://osf.io/5dhvg/) provides additional details.

Procedure
For each of six trials, the children were told that they were
playing a game with their team member, an adult research
assistant whom they met and got to know in the waiting room
prior to the start of the study. The children’s goal was to draw
or describe where the golden spot was so that the research
assistant could find it using only what they drew or described.
To start the study, the children entered the fort and sat down
in front of the closed door with one experimenter and one
coder while the research assistant stayed outside in a different
room. The children completed two practice trials in which
they drew or described the location of a golden spot on a
picture. That picture also had four differently sized and
oriented gray triangles. The experimenter first directed the
children’s attention to each of the four triangles by pointing
and saying, “Here’s something!” and then the experimenter
indicated where the golden spot was. The experimenter
instructed the children to draw or describe whichever of the

Figure 1: Photograph of the fort with the six possible target
locations (black disks) taken from the perspective of a child.
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Coding
Online coding. On every trial, the coder, who was in the
room for the duration of the experiment, used an iPad to take
a photograph of the children’s drawing when it was
completed or record and transcribe the children’s description
as it transpired. In the drawing condition, the children were
asked to point to each separate thing they drew and in the
language condition, they were read aloud their description,
with an emphasis put on each noun. The children were then
asked to stand up, and the experimenter pointed to or
reapeated aloud each element, asking the children to go touch
it. The coder recorded what element the children touched.
This process continued until all of the identified elements
were labeled. The full coding specifications are provided in
the study script and preregistration (https://osf.io/6784t/).
Search Accuracy Coding. After each trial, the children
left the room, and the research assistant entered the room. The
coder either showed the children’s drawing or read the
children’s description to the research assistant and identified
for the research assistant each separate element by touching
it in the fort. The research assistant then guessed the target
location by touching one disk. The coder recorded the
research assistant’s response and gave no feedback. The
script (https://osf.io/5dhvg/) provides additional details.

Results
Preregistered Analyses
The analyses were conducted with the online-coding data
only. First, we evaluated which spatial elements children
drew and described using a mixed-model Poisson regression
with condition (drawing, language), element (wall, object),
and target (near a wall, near an object) as fixed effects and
participant as a random-effects intercept. We found no main
effect of condition (Wald Test, χ2[1] = 1.24, p = .265), but
significant main effects of element (Wald Test, χ2[1] = 5.94,
p = .015), with more objects included than walls, and of target
(Wald Test, χ2[1] = 9.47, p = .002), with more elements
included for targets near objects versus walls. These effects
were further characterized by a condition * element
interaction (Wald Test, χ2[1] = 11.25, p < .001), with more
objects than walls included in the drawing versus language
condition, and an element * target interaction (Wald Test,
χ2[1] = 10.28, p = .001), with more walls included for the
targets near walls and more objects included for the targets
near objects. Strikingly, we also found a condition * element
* target interaction (Wald Test, χ2[1] = 14.25, p < .001),
suggesting that children modulated their inclusion of wall or
object information based on target location more in the
language versus drawing condition (Figures 2 & 3).
We also conducted planned contrasts across condition,
element, and target, corrected by Holm’s method, although
these contrasts may not have had the power to detect pairwise
differences given the incomplete sample size. In the drawing
condition, children did not draw more walls for wall versus
object targets (p = 1), but they did draw more objects for

object versus wall targets (p = .037). In addition, children did
not draw more objects than walls for object targets (p = .222)
or more walls than objects for wall targets (p = .478). In the
language condition, in contrast, children described more
walls for wall versus object targets (p < .001) and more
objects for object versus wall targets (p = .002). In addition,
children described more objects than walls for object targets
(p < .001) and more walls than objects for wall targets (p =
.012). Finally, there was no differential treatment of walls for
wall targets across the drawing and language conditions (p =
1) and no differential treatment of objects for object targets
across the drawing and language conditions (p = 1). These
contrasts nevertheless provide additional evidence that
children modulated their inclusion of wall or object
information based on target location more in the language
versus drawing condition.
We next evaluated the research assistants’ search accuracy.
A binominal mixed-model logistic regression with
participant as a random-effect intercept revealed that the
research assistant’s search accuracy was above chance in
both conditions (Maccuracy, drawing = 0.42, Maccuracy, language = 0.61,
chance = 0.17, ps < .001). A second binominal mixed-model
logistic regression on search accuracy with condition
(drawing, language) and target (near a wall, near an object)
as fixed effects and participant as a random-effects intercept
revealed no main effect of condition (Wald Test, χ2[1] = 0.84,
p = .359), despite the large numerical difference in search
accuracy favoring the language condition. This analysis did
reveal a significant main effect of target (Wald Test, χ2[1] =
6.78, p = .009), with searches for targets by walls more
accurate than searches for targets by objects. There was no
significant condition * target interaction (Wald Test, χ2[1] =
0.65, p = .419). Holm-corrected planned contrasts revealed a
significant difference in search accuracy at wall versus object
targets in both the drawing (p = .037) and language conditions
(p = .015) and no significant difference in search accuracy at
wall targets (p = .229) or object targets (p = .587) between
conditions.

Figure 2: The percentage of drawings and descriptions that
include a given number of wall or object elements for wall
and object targets.
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and language. As communicative tools, drawings and
language more generally may prioritize those elements in the
navigable environment that naturally elicit our explicit
attention. Future studies may investigate how attention not
only to layouts and objects but also to other agents and social
partners in our environment may contribute to our uniquely
human symbolic expressions.
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Figure 3: Example drawings and descriptions of a wall
(green) and object (purple) target by one child in each
condition. Children in the language condition tended to
include the one or two most relevant elements to the target
location and children in the drawing condition tended to be
less concise in their inclusion if the relevant elements.

Discussion
Previous work on young children’s drawing production
revealed their tendency to include objects and omit layouts
when depicting navigable spaces (Dillon, 2021). In the
present study, we investigated whether introducing a
communicative goal to a similar drawing task and contrasting
drawings with language could help reveal why children tend
to draw objects but not layouts.
First, consistent with these results as well as decades of
findings suggesting that infants and children are biased to
attend to and learn about objects more generally (Booth &
Waxman, 2002; Feigenson & Carey, 2005; Feigenson, Carey
& Hauser, 2002; Gershkoff-Stowe & Smith, 2004; Landau,
Smith, & Jones, 1988; Machón, 2013; Piaget & Inhelder,
1967; Waxman & Markow, 1995), we found that overall
children drew and described more object information than
layout information and they produced more elements when
drawing or describing targets by objects than those by walls.
Children’s object bias may therefore carry through to their
early symbolic productions across mediums.
Strikingly, however, we also found that children drew and
described both layout and object information when that
information was relevant to their communicative goal. If a
target location was close to an object, children drew and
described more objects, but if it was close to a wall, children
drew and described more walls. This flexibility, moreover,
was more pronounced in language versus drawings. While no
previous work to our knowledge has directly compared the
communicative efficiency of language versus drawings,
previous cross-linguistic research suggests that language is
shaped by pressures of efficient communication (RubioFernandez & Jara-Ettinger, 2020; Rubio-Fernandez, Mollica,
& Jara-Ettinger, 2020). Future research may thus directly
compare both adults’ and children’s drawings and
descriptions of navigable environments given either
communicative or descriptive goals.
Overall, our findings suggest that attention may affect what
children include in symbolic communication, like drawings
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Abstract
Learning to establish joint reference is one of the main milestones of communicative and linguistic development. Pointing is one of the first entry points into this process, since gestures often precede verbal communication (Iverson & GoldinMeadow, 2005). During early development, as well as in
later language use, pointing and linguistic utterances interact
in many ways, complementing each other’s information. However, little is known about the development of this relationship
during language acquisition. In this paper, we focus on the development of the co-occurrence of finger pointing and its accompanying utterances in infants growing up in two different
cultures: Russia and Chintang (Sino-Tibetan, Eastern Nepal).
We show that despite the differences in environment, the development of finger pointing and accompanying language use
show substantial similarities. During the early phases of development, a larger proportion of points is not accompanied by
language. As the children’s linguistic abilities develop, children first use language to specify what is being pointed at, and
later elaborate on some aspect of the referent.
Keywords: language development; gestural development;
pointing; finger points; cross-linguistic, cross-cultural; longitudinal corpus study

Introduction
Language and pointing are both universal features and central components of human societies (see Kita, 2003). One of
the first steps by an infant in communicating with their environment is established by pointing (Bates, 1976), as both
the production and interpretation of pointing require the development of the same communicative abilities that are later
used for successful linguistic communication. There is ample evidence that early points occur around the same age
cross-culturally, with the the same functions, mainly imperative and declarative (Bates, Benigni, Bretherton, Camaioni, &
Volterra, 1979; Butterworth, 2003; Butterworth & Morissette,
1996; Callaghan et al., 2011; Carpenter, Nagell, & Tomasello,
1998; Fenson et al., 1994; Lieven & Stoll, 2013; Liszkowski,
Brown, Callaghan, Takada, & de Vos, 2012; Ohama, 1984).
Pointing alone, however, is often under-specified without additional linguistic information. Adult language users generally accompany their points with language and some research
has been done on the interaction between language and gesture (Greenfield & Smith, 1976; Enfield, 2009). A substantial body of research has been dedicated to the ties between

gestural and linguistic development, showing that gestures
are firmly integrated into and predictive of verbal development (Capirci, Contaldo, Caselli, & Volterra, 2005; Iverson
& Goldin-Meadow, 2005). There are also many studies on
the development of iconic gestures and their role in linguistic development (e.g. Namy, Campbell, & Tomasello, 2004;
Özçalışkan & Goldin-Meadow, 2011). So far, however, there
is little research on the role of language or even pre-linguistic
vocalizations accompanying indexing points in first language
learners. Even less is known about the development of speech
and pointing in understudied communities. In other words,
we know very little about the information conveyed in the language used by infants while pointing, i.e. the types of speech
acts they perform and the information they want to share.
In this paper, we examine the relationship between pointing and the accompanying vocalizations and utterances in two
very different cultural settings. We analyze the way these two
domains are combined in the two languages to address the
question of whether the relationship between pointing and
language is independent of culture. Even though the specific
systems of language and pointing differ greatly among cultures (Wilkins, 2003), the development of this interplay is a
potential candidate for a universal of human communication.
For this small case study, we narrowed our focus on the development of utterances and vocalizations accompanying finger points only. Finger points are proposed as the most commonly and probably most frequently used type of pointing
used by young children across cultures (Butterworth, 2003).
Even in cultures, where other pointing gestures dominate,
children tend to start out by using finger points (Haviland,
2003). While the gesture of extending the index finger that
precedes conscious pointing and the intentional index finger pointing itself seem to be some of the earliest produced
gestures during development (Butterworth, 2003; Masataka,
2003), the specific use of these gestures can vary from culture
to culture (Wilkins, 2003).
To understand how children behave in their naturalistic environment, we rely on observational longitudinal data of children recorded in their home context. This allows us to evaluate the behavior of the people around them as well as the chil-
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dren themselves. As a first step in addressing the question of
whether there are universal tendencies with regard to the language co-occurring with points across cultures, we present
a case study tracking the development of the relationship between language and finger pointing in 1 to 4-year-old children
from two cultures, Russia and Chintang (Eastern Nepal), in
naturalistic longitudinal recordings.
We chose these two diverse cultural contexts because
pointing is an integral part of the style of communication between parents and children and this allows us to test whether
pointing and language are used in a similar way independent of the socio-cultural environment and whether child
surrounding input and the children’s production are closely
linked. In WEIRD1 cultures like Russia, linguistic instruction
plays a more important role than in the less child-centered
environment of rural subsistence farmers and, thus, the pointing style is also expected to differ. Even though index finger
pointing is ubiquitous in the world’s societies, it might still be
subject to specific cultural reinforcement that would result in
a different path of development (Masataka, 2003).
First, we compare the proportion of finger points in both
cultures in surrounding speakers’ production as well as in that
of the target children. Second, we examine the development
of accompanying utterances to understand how often pointing occurs without accompanying utterances and whether this
changes with development as well whether this differs from
the production in the ambient language. In a last step, we
take a more detailed look at the structure and content of the
utterances that accompany finger pointing in both languages.

Data
Corpora and data selection
Our data consists of recordings from two corpora from the
ACQDIV Database (Moran, Schikowski, Pajović, Hysi, &
Stoll, 2016), Russian (Stoll & Meyer, Unpublished) and
Chintang, a Sino-Tibetan language spoken in Eastern Nepal
(Stoll et al., 2015). The two settings were chosen for their
substantial differences in life-style and cultural attitudes towards linguistic instruction. The Russian corpus is a longitudinal naturalistic corpus of four children between the ages
of 1;2 and 4;8 who live in small apartments in St. Petersburg
where several people shared one room. Most interactions are
dyadic and interaction partners are a small group of relatives,
siblings, and friends. The children were recorded weekly for
one hour at the home of the children. No observer was present
during the recordings and the recordings were done with a
fisheye lens, which maximized the recordings of interactions.
The Chintang corpus is a longitudinal naturalistic corpus
of six children learning Chintang between the ages of 0;6
and 4;5. Chintang is both the name of the village as well
as the language spoken by the people who live there. The climate is warm and most life happens outside. People in this
1 Russia shares fundamental socio-economic features with the
countries that contribute to WEIRD (Western, Educated, Industrialized, Rich, and Democratic) research outcomes.

village live in scattered houses surrounded by rice paddies
and families live from subsistence farming. Children spend
most of their time outdoors in large groups of siblings and
friends. They are surrounded by differing numbers of adults
and seldom find themselves in dyadic interactions. Thus, the
range of ages and relationship roles of the surrounding speakers in Chintang is much wider and more varied than in Russian, where the set of surrounding speakers is more limited.
Recordings were done by a recording assistant from the community supervising the camera (with a fisheye lens) which
was placed several meters away from the interactions to minimize the observer effect.
Our sample was chosen to cover as broad an age range as
possible. An hour of recording per child was sampled from
two children in three age groups: 1-2 year olds, 2-3 year olds,
and 3-4 year olds. The sampled recordings were taken at
the ages of 1;2, 1;6, and 1;11, 2;2, 2;6, and 2;11, and 3;2,
3;6, and 3;11. The resulting sample includes 6 hours per age
group and language, resulting in a total of 36 hours across all
recordings.
Pointing behavior strongly depends on contextual factors,
such as activity, location, and number and age of surrounding speakers. In using naturalistic corpora, it is impossible to
control for many variables. However, it is also important to
use data as close to a naturalistic setting as possible to be able
to understand how communicative pointing and language develop and are used in everyday interactions. The cultures do
not only differ in terms of their main loci of interaction but
also in their daily activities involving children. In the Russian
setting, as is known from many other Western/Indo-European
corpora of a similar size, many recorded interactions include
prolonged dyadic interactions with multiple books and toys,
which are unlikely to occur in the same manner for the same
amount of time in non-recorded everyday settings (e.g. an entire hour of just playing with different toys without doing any
other tasks in between). Particularly interactions with picture books involve a very specific ritual of gestures as well
a higher density of pointing. In our Russian sample, 10 out
of 18 recordings included multiple interactions with picture
books. The time spent looking at books ranged between 9 and
90% of the particular recording2 . On average, the Russian
recordings include 20% of picture book related situations. To
avoid distorting the data on naturalistic pointing, and to create
more comparable samples, book-related points were excluded
from the Russian data.

Annotation
The sampled videos were annotated by linguistics students
in ELAN, where they could watch the videos and read the
transcribed speech. In a first step, instances of pointing were
identified in the videos and classified as belonging to one of
2 There is only one recording with an extreme (90%) amount of
picture book content; this is the recording of Russian Child 3 at the
age of 2;11. The decision not to include book points affected the
child surrounding speakers in this recording most; only one of their
points was not related to book content.
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and Chintang children follow the patterns observed in their
surrounding speakers closely.
Table 1: Raw numbers of finger points in comparison to
other points in Chintang and Russian recordings produced
by surrounding speakers and the target children.

Finger points
Other points

Target children
Chintang Russian
119
543
219
170

Chintang

Chintang

Surrounding speakers

Target child

1.00
0.75

Results
Proportion of finger points
As can be seen in Table 1 the two cultures differ in the overall
amount of pointing employed by surrounding speakers during the recordings. Interestingly enough, the raw number of
finger points is strikingly similar across both settings. However, it is important to keep in mind that 20% of the Russian
data pertaining to picture book reading was removed from the
sample. Leaving those data points in would have likely resulted in more finger points in the Russian recordings, since
book reading involves a lot of finger pointing. In terms of proportion of finger points out of all points, on the other hand, the
numbers are quite different. In Russian adults, finger pointing makes up a much larger proportion of points than in Chintang adults. Finger points make up 65% of Russian speakers’
and only 35% of Chintang speakers’ pointing. In Chintang,
other points, such as head points and object points contribute
a larger portion to the overall pointing behavior, while they
are much less frequently used by Russian adults in interactions with infants. In the children’s production, on the other
hand, we see that Russian children use more pointing overall.
In terms of overall proportions of finger points, both Russian

Surrounding speakers
Chintang
Russian
460
428
1021
229

In terms of the development over time, which is illustrated
in Figure 1, we tested whether surrounding speakers and
adults differ in their use of finger points across age groups.
We used Fisher’s exact test to determine whether there is
a significant difference between the use of finger points in
comparison to all other points in age group 1 (target children
between 1;2 and 1;11) and the older groups as well as between group 2 and group 3. The pointing of both children
and surrounding speakers differs significantly between group
1 recordings and the older children’s recordings, while the
recordings of group 2 and 3 are not significantly different in
terms of their proportion of finger pointing.

Proportion of finger points out of all points

the following categories: finger point, hand point, head point,
object point, or other. These annotations do not constitute
an attempt at interpreting the gestural meaning of any pointing but simply record the physical motion of pointing with
a particular body part. In a second step, the points were annotated as being accompanied by: a linguistic utterance, a
vocalization/pre-linguistic babbling, or no sound at all. In a
third step, the accompanying verbal utterances were coded for
their i) sentence type (declarative, interrogative, imperative,
unclear, no utterance), ii) content of utterance (identification,
comment, direction of attention, unclear, no utterance), and
iii) intention (statement, command, question, unclear, no utterance). While sentence type refers to the structural properties of the sentence itself, intention classifies the speech act
carried out by the utterance.
As for content of the utterance, identification refers to a
speaker pointing out a referent and simply naming it, e.g.
“dog”. Comment refers to when a speaker says something
more about the referent than simply pointing it out, e.g.
“That’s a cute dog”. Finally, directing attention occurs when
no specific referent is named, e.g. Here, there. This latter category includes many vocalizations that are used to grab an interlocutor’s attention. Where intention or speech act couldn’t
be established, from video and linguistic context, they were
classified as unclear.
For both Chintang and Russian, a second annotator coded
10% of the data in order to test the robustness of the annotations by computing inter-rater reliabilities. The matches
were at 89.1% and 89.7% for Russian and Chintang respectively. The Cohen’s Kappa statistics were 0.836 for Russian
and 0.848 for Chintang data, which indicates a high level of
agreement between coders.
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Figure 1: Proportion of finger points out of all points in
target children’s and surrounding speaker’s production.

Points and accompanying utterances
First we look at the development with respect to the proportion of finger points that are or are not accompanied by verbal
utterances or other vocalizations (e.g. “eh!” or “ah!”).
Table 2: Raw numbers of points that occur with or without a
vocalization or verbal utterance.
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Proportion of points accompanied by utterances

Proportion of points without an accompanying utterance

Table 2 shows that the numbers are, once more, very close
for the surrounding speakers in Chintang and Russian. They
do not differ statistically in terms of the amount of points
they use without an accompanying utterance. In Chintang,
fewer than 4% and in Russian fewer than 3% of points are
unaccompanied by an utterance or vocalization. For the overall numbers, there is no statistically significant difference between the Chintang and the Russian target children, who use
silent points more than adults; in 12% (Chintang) and 15%
(Russian) of the cases. However, in the children’s data, there
are differences between age groups, which is represented in
Figure 2. In Chintang, only age group 2 differs significantly
from the other two groups, while in Russian, group 1 and 2
do not differ significantly, but there is a significant difference
between groups 1 and 2 and group 3. While some development might be read into these results, the data used for this
case study might be too sparse and susceptible to contextual
influence that might strongly skew the outcomes.
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Figure 3: Proportion of finger points accompanied by
vocalizations, utterances, or silence in the target children’s
and surrounding speaker’s production.
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of these utterances and shows the diversification and changes
over time.
Type of sentence Figure 4 shows that in our sample, Chintang children begin to develop the use of imperative sentences
later than Russian children. It also shows the greater prevalence of the use of declaratives and interrogatives by Russian
surrounding speakers.
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Figure 2: Proportion of finger points that are or are not
accompanied by vocalizations or utterances in the target
children’s and surrounding speaker’s production in different
age groups.
Finally, Figure 3 shows the distribution of points accompanied by a verbal utterance, a vocalization, or silence for each
individual child in the sample. Each row represents an age
group within the individual language and juxtaposes each target child with their ambient language. While it is apparent
that, as children advance through their language learning process, they use fewer and fewer points without an accompanying utterance, and, thus, become more like their surrounding
speakers, it is also apparent that individual differences, especially at the earliest stages are quite pronounced. Target children 3 and 4 in both languages display very different patterns
despite being in the same age group.

Content of the accompanying utterances
While the previous section illustrated the development in
terms of usage of utterances and vocalizations co-occurring
with points, this section summarizes the content and structure

In the older groups, the two and three-year-olds, there is a
diversification of the sentence types used with points. This
might be a co-development of the increased and increasingly
flexible production as the children become more proficient
language users.
Information content The observation from the previous
section is also apparent predominantly in the sample of the
Russian children in terms of the information content they convey while pointing, see Figure 5. While the youngest group of
the Russian target children uses finger points and accompanying vocalizations primarily to draw their interlocutor’s attention, older children increasingly point while making an additional comment about the referent they are pointing out. Russian surrounding speakers hardly change the composition of
the information content they convey while pointing throughout the sampled recording sessions. There is a tendency towards a reduction of simple identifications by surrounding
speakers as the target child develops, which, again, reflects
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Figure 4: Distribution of the types of sentences
accompanying finger points in surrounding speakers and
target children.

Figure 5: Distribution of the types of information conveyed
in point-accompanying utterances.
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Proportion of different intentions

the way adults might talk to a child. As the child becomes
a more proficient user of language, in both production and
perception, the interactions become more complex.
Expression of intentions Figure 6 shows how the expression of particular intentions develops over time. As children
become more proficient in their use of language, their use
of point accompanying speech acts becomes more like that
of their surrounding speakers. This is particularly apparent
in the oldest Russian children who mirror the distribution of
their surrounding speakers well. In both Russian and Chintang, imperative utterances accompanying points are used by
adults more than by children. Thus adults use verbal imperatives and accompany them by points for clarification. Across
both languages and age groups (excluding the youngest children’s production), the most commonly used utterances that
occur with finger points are statements. This means that
points and language are used in symbiosis, each adding information to the other.
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Discussion
This case study contributes to understanding the role of language in communicative pointing during children’s earliest
stages of language development. We have illustrated that it is
not necessarily true, especially in the case of young children,
that points are generally accompanied by language. While the
percentage of unaccompanied points is fairly small in adults,
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Figure 6: Distribution of the types of intention conveyed in
point-accompanying utterances.
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children have a higher rate of utterance-free points. This is
especially true during the earliest stages of linguistic development. It is the case in both cultures studied here and is a
likely candidate for a universal developmental pattern, since
children must first build up their verbal inventories to be able
to refer to specific entities, whereas a point can refer to many
things they cannot name yet. However, we have also observed that even during the early phases of linguistic development, many points are accompanied by babbling or other
vocalizations. This points to the fact that even though the
children might lack concrete lexical items to employ together
with finger points, they already participate in the practice of
jointly using vocal and gestural communication. Thus, earliest phases of communicative behavior will consist mostly
of points combined with attention grabbing vocalizations to
draw in their interlocutors.
Children in both cultures differ from their input but display
cross-cultural similarities. This is due to the fact that both
pointing and first linguistic utterances tend to occur in a similar time frame. Pointing comes before language and once
the children start to talk they appear to initially use the same
function as previously had been used for points i.e. drawing
attention. As their language develops, they are able to specify
what is being pointed at and also to elaborate on some aspect
of the referent or the intention in pointing. Although there
is some evidence for an analogous distinction between reference and predication in some non-human species, this is the
subject of considerable debate. In any case, language clearly
allows for a qualitative leap in the specificity of communication and our data suggests that this may be a fundamental
feature of early human development.
Despite the very different environments of these two cultures, it seems that the use of finger pointing and its interaction with language has considerable similarities. Adults
in both cultures combine finger pointing and language in a
highly similar way, even though their overall gestural behavior and their attitudes towards linguistic instruction vary
considerably. Both in Chintang and in Russian, surrounding
speakers accompany fewer points with a purely attention directing expression. In both cultures, this is much more prevalent in children. This is due to the fact that in adults pointing
is used together with the name of the referent and a description or request related to it. This might be the result of a conscious or subconscious effort to aide the children in learning
more about the linguistic representations of the world around
them.
Differences reflecting cultural variation in child-directed
discourse and linguistic attitudes can still be observed, however. The higher use of point-accompanying declaratives and
interrogatives in Russian surrounding speakers might reflect
the typical linguistic attitudes of Russian parents, who use
pointing to encourage or guide their children’s speech. Therefore, many points co-occur with questions about or descriptions of the referent they are pointing to. In a future step, we
will analyze the content of the speech accompanying pointing

gestures further to gain a more meaningful insight into the development of the relationship between linguistic abilities and
pointing behavior.
Currently, there is a large body of work on pre-verbal pointing, and some work on the earliest stages of combinations
of points and language. This paper provides a first insight
into the specific content and form of the utterances used with
points. We plan to extend this research both in terms of different types of points as well as the number and diversity of languages and cultural settings. This includes an evaluation of
each community’s individual pointing behavior and the content and sentence types used together with the points in adult
speech and an analysis of the development of these relations
in children. This will then hopefully allow us to make more
general claims about the interaction of pointing and their accompanying utterances.
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That was close!
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Abstract
How do people make causal judgments about other’s decisions? Prior work has argued that judging causation requires
going beyond what actually happened and simulating what
would have happened in a relevant counterfactual situation.
Here, we extend the counterfactual simulation model of causal
judgments for physical events, to explain judgments about
other agents’ decisions. In our experiments, an agent chooses
what path to take to reach a goal. In Experiment 1, participants either made hypothetical judgments about whether the
agent would succeed were it to take a certain path, or counterfactual judgments about whether the agent would have succeeded had it taken a different path. In Experiment 2, participants made causal judgments about whether the agent succeeded or failed because of the path that it took. Our computational model accurately captured participants’ judgments in
both experiments and we find that causal judgments are better
explained by counterfactuals rather than hypotheticals.
Keywords: causal judgment; social cognition; mental simulation; counterfactual; hypothetical.

Introduction
How do people evaluate others’ actions and decisions? From
everyday occurrences like road accidents, to large-scale
events like a global pandemic death toll, people attribute outcomes not only to the physical world, but also to the actions
and omissions of other people (Alicke et al., 2015; Hagmayer
& Osman, 2012; Malle, 1999; Henne et al., 2019; Johnson
& Rips, 2015). Prior work has suggested that counterfactual
thinking plays an important role in how people make causal
judgments and explain others’ actions (Kahneman & Tversky, 1982; Petrocelli et al., 2011; Kominsky & Phillips, 2019;
Wells & Gavanski, 1989; Kirfel et al., 2022; Byrne, 2016;
Kahneman & Miller, 1986; Kominsky et al., 2015; Lagnado
et al., 2013). People not only consider what someone else did,
but also compare what actually happened with what would
have happened had that person acted differently (Gerstenberg
et al., 2018; Langenhoff et al., 2021). These results suggest that causal judgments and counterfactual reasoning are
intimately linked. However, little work has tried to model
the cognitive processes that underlie counterfactual reasoning (but see Gerstenberg et al., 2017) specifically as it applies
to thinking about other agents.
The link between causal and counterfactual judgments has
been established more firmly in the physical domain. Prior
work has argued that people have an intuitive understanding
of the physical world that is in important respects similar to

the kinds of physics engines that are used to render realistic
dynamic scenarios in computer games (Ullman et al., 2017;
Gerstenberg & Tenenbaum, 2017). Equipped with such a
game engine in the mind, humans can make inferences about
what happened in the past (Gerstenberg, Siegel, & Tenenbaum, 2021) and make predictions about what will happen in
the future (Battaglia et al., 2013; Smith & Vul, 2013). Moreover, they can use their mental model of the physical world
to make causal judgments. For instance, imagine a table on
which two billiard balls, ball A and ball B, collide with one
another before ball B rolls through a gate. Did ball A cause
ball B to go through the gate? Gerstenberg, Goodman, et al.
(2021) developed the counterfactual simulation model (CSM)
to capture people’s causal judgments in situations like these.
The CSM predicts that people compare what actually happened with what they believe would have happened in relevant counterfactual scenarios. The more clear it is that ball B
would have missed the gate if ball A not been there, the more
people are predicted to agree that ball A caused ball B to go
through the gate. The CSM yields quantitative predictions by
generating noisy simulations that reflect people’s uncertainty
in what would have happened in the relevant counterfactual
situation. These quantitative predictions are closely aligned
with participants’ causal judgments. Eye-tracking data further reveals that people spontaneously produce counterfactual
simulations in the service of making causal judgments (Gerstenberg et al., 2017).
Recently, Gerstenberg (2022) addressed the question of
whether counterfactual simulations are necessary for understanding people’s causal judgments about physical events, or
whether hypothetical simulations suffice. The difference between hypotheticals and counterfactuals is subtle but important. A hypothetical asks a question about a possible future:
would ball B miss the gate if ball A weren’t there? A counterfactual asks a question about an alternative present: would
ball B have missed the gate if ball A hadn’t been there? Gerstenberg found that, in a setting in which hypotheticals and
counterfactuals came apart, people’s causal judgments were
best explained by counterfactual simulation rather than hypothetical simulation (Pearl, 2000, 2019).
Here, we build on this work by looking into situations in
which people make causal judgments about psychological
agents rather than physical objects. We develop a computational model of an agent in a simple navigation task, and ex-
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plore whether in this socially evaluative setting, causal judgments are also better explained by counterfactuals rather than
hypotheticals. Generally, we have more uncertainty about
agents than objects, and so it’s possible that the way we make
causal judgments about the two is different. When judging
whether an object caused an outcome, people tend to imagine
the counterfactual scenario in which that object had not been
there, and the CSM simulates that. Agent behavior, on the
other hand, is governed by much more than simple physical
principles: it also relies on principles of rationality that dictate how an agent’s mental states and abilities translate into
their actions given a particular situational context. Numerous
counterfactual contrasts are potentially relevant – not only the
scenario in which the agent had not been there, but also one in
which the agent had been stronger, or smarter, or more moral,
or replaced with a reasonable person instead. In this paper,
we focus on a specific contrast in a simple setting: an agent’s
decision between two courses of action.
The rest of the paper is organized as follows. We first describe the setting and the computational model. Then, we test
the model and explore people’s hypothetical and counterfactual judgments in Experiment 1, and causal judgments in Experiment 2. Consistent with Gerstenberg (2022), we find that
participants’ causal judgments are best explained by counterfactual rather than hypothetical simulations.

Computational model
We designed a grid world in which an agent can take one of
two distinct paths, red or blue, to a star (see examples in Figure 1). On each timestep, the agent can move in any of the
four cardinal directions or stay in place. The agent’s movements are constrained by the fixed walls of the grid, and by
doors that randomly open or close with a small probability
pdoor on each timestep. The agent can pass through a door
only if it is open. The agent wins if they reach the star within
ten timesteps. For example, in trial 2, the agent took the red
path and lost because the door on that path remained closed
for all n = 10 timesteps. Like the CSM, our simulation model
operates over a generative model – in this case a model that
dictates how agents plan and make choices within the bounds
of the grid world – and implements operators that allow for
hypothetical and counterfactual simulations to be run. We
first discuss the generative model and then the two types of
simulations in turn.

Generative model
Motivated by prior work that formalizes action understanding as inverse planning (Baker et al., 2017; Jara-Ettinger et
al., 2016; Baker et al., 2009), we assume that humans have
an intuitive psychological theory of how agents act based on
their mental states, their capacities, and the situational constraints. Our generative model formalizes this in terms of the
agent solving a Markov decision process (MDP) reflective of
our setting. The MDP’s states include all the grid squares,
and the agent’s actions include the four cardinal directions as
well as stalling in place. Assuming that the agent knows the

true state of the world on each timestep, and that they collect a positive reward upon reaching the end state (the star),
they plan a sequence of actions that maximizes their expected
utility under this MDP.
We implement the generative model by representing the
grid as a graph, with locations as nodes and valid actions between locations as edges. We use Dijkstra’s algorithm (Dijkstra, 1959) to find the shortest path from the red or blue
starting location to the star. The agent executes this path but
has a small chance pstall of stalling on each timestep, which
introduces some uncertainty about their behavior. Additionally, the doors may probabilistically open or close on each
timestep. Thus, if the agent’s planned action involves passing through a door, these random events could either enable
the agent’s movement, or force them to stall in place. Because of these two sources of uncertainty, the MDP’s transition probability distribution over possible successor states for
each state-action pair is stochastic.

Hypothetical simulation model
The hypothetical simulation model predicts the agent’s probability of success if they were to take a particular path. It takes
the initial states of all doors and runs the generative model of
the agent on the alternative path, simulating each door having a probability pdoor of changing on each timestep. It runs
1000 such simulations to generate a hypothetical success rate.
For example, in trial 2, the model would simulate the agent
on the blue path, with the door on that path changing with
probability pdoor each timestep.

Counterfactual simulation model
The counterfactual simulation model conditions on all the
door-state changes that actually occurred during the trial’s n
observed timesteps. It then predicts the agent’s probability
of success if they had taken the alternative path, given those
changes. For the (10 − n) remaining timesteps (if any), the
model changes doors probabilistically. It runs 1000 simulations to generate a counterfactual success rate. For instance,
in trial 2, the model would simulate the agent on the blue path
with the door on that path opening after the sixth timestep,
like it actually did.

Modeling causal judgments
Our central research question is how people make causal
judgments about the agent’s decision. Specifically, we want
to model their judgments about whether the agent succeeded
(or failed) because of the path they took. The counterfactual
simulation model predicts that people’s judgments are a function of their subjective beliefs about how likely the outcome
would have been different had the agent taken the alternative
path. That is, it compares the actual outcome to the counterfactual success rate. In trial 2, in which the agent lost on the
red path but would likely have won had they taken the blue
path, the model would predict a high causal rating. The hypothetical simulation model similarly compares the actual outcome to the hypothetical success rate. For trial 2, the model’s
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counterfactual close

counterfactual win

actual win

actual close

actual loss

counterfactual loss

Figure 1: Diagrams of a selection of trials from both experiments. The purple arrows indicate the agent’s sequence of actions,
with multiple arrows meaning the agent stayed in place for at least one timestep because of a closed door. Solid lines are actual
paths and dotted lines are counterfactual paths. The doors are annotated to show when they were open and closed (e.g. C[6],O
means the door was closed for 6 timesteps and then open for the rest). Each trial is numbered, and the letters (A, B, and C)
indicate triplets in which what actually happened was the same but what would have happened counterfactually is different.
prediction would depend on how often the agent might win
across all hypothetical simulations.
An alternative explanation for people’s causal judgments
is that they don’t perform any sort of mental simulation and
instead consider only what actually happened. They may use
properties of the observed scene as heuristics, such as how
long the situation lasted (n) and what state the doors were
in (White, 2014). To test this explanation, we constructed a
heuristic model that performs a linear regression over visual
features of the final scene. It considers the outcome (2 factors:
win or loss) and the final states of the doors (5 factors: both
open, both closed, actual open and alternative closed, actual
closed and alternative open, or no doors).

Experiment 1: Hypotheticals & counterfactuals
In Experiment 1, we investigated whether the simulation
model accurately captures participants’ hypothetical judgments about what would happen if the agent were to take a
certain path, as well as counterfactual judgments about what
would have happened had the agent taken a different path.

Methods
All materials, data, and analyses are available at: https://
github.com/cicl-stanford/counterfactual decisions.
Participants The experiment was preregistered and posted
as an online study on Prolific (hypothetical condition: https://osf.io/zw37k; counterfactual condition:
https://osf.io/cxn3s). 100 participants (age: M = 33,

SD = 13; gender: 63 female, 33 male, 1 trans male, 1 nonbinary; race: 73 White, 10 Asian, 7 Multiracial, 5 Black, 4
Native; and 1 preferred not to say) were recruited and compensated $11/hour. They were randomly assigned to the hypothetical or counterfactual condition with n = 50 in each.
Procedure Participants were introduced to the grid world
setting where the agent (called the “player”) had a choice of
taking the red or blue path on each trial, and then either won
or lost. The agent could initially see both paths, but they always looked the same, e.g. both doors were open or both
were closed. Thus, the expected utility of the two paths was
the same so there was no better or worse choice. Once the
agent chose a path, they could not switch.
All participants were first guided through instructions with
an example trial and then answered four comprehension questions to make sure they understood the setting. They were
only able to proceed to the main task once they answered all
four questions correctly, otherwise they were redirected to the
beginning of the instructions. During the main task, they saw
18 different trials in a randomized order (see Figure 1).
In the hypothetical condition, at the start of each trial, participants were asked before seeing the agent’s choice how
much they agreed with the statement that “the player would
win if they took the [color] path this time,” where [color] was
the color of the actual path. Participants answered on a continuous slider from “not at all” (0) to “very much” (100). After answering the question, they clicked through a step-by-
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Design Across the 18 trials in the experiment (see Figure 1 for a selection of them), we manipulated whether the
agent won by reaching the star with more than one timestep
left (“actual win”), just barely won or lost by exactly one
timestep (“actual close”), or clearly lost by more than one
timestep (“actual loss”). Similarly, we manipulated what the
outcome would have been had the agent taken the alternative
path (“counterfactual win”, “counterfactual close”, “counterfactual loss”). We thus had a 3×3 design with two trials for
each combination. The actual path was counterbalanced, so
for the two trials in each combination, the agent took the red
path in one and the blue path in the other.
Furthermore, we created triplets of trials (A, B, and C)
where what actually happened was identical, including the
agent’s actions and any door-state changes along the agent’s
chosen path, but what would have happened counterfactually
(i.e. door-state changes along the alternative path) was different. For example, in trials 1, 2, and 3 (triplet A), the door
on each path was initially closed. The agent took the red path
and lost because the door on that path stayed closed for all
10 timesteps. However, the door on the blue path changed
in different ways: it also stayed closed for all 10 timesteps
in trial 1 (hence “counterfactual loss”), but opened just in
time in trial 2 such that counterfactually the agent would have
barely won (“counterfactual close”), or opened very early in
trial 3 such that counterfactually the agent would have clearly
won. Thus, we would expect the same hypothetical judgments across the three trials about what would happen if the
agent were to take the blue path, but very different counterfactual judgments about what would have happened had the
agent taken the blue path, after the fact.
Model fitting The simulation model has two free parameters that capture sources of uncertainty in the setting. One is
pstall , the probability of the agent stalling on each timestep,
which captures participants’ uncertainty about the agent’s behavior. The other is pdoor , the probability of a door changing on each timestep, which reflects uncertainty about the en-
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step play of the agent’s actions and saw whether the agent
ultimately won or lost. Since both paths always initially appeared the same, the choice of [color] in the hypothetical
question did not matter, but we used the agent’s actual choice
and told participants they would just be viewing feedback on
their judgments afterward. We did this in order to illustrate to
participants how the doors randomly opened and closed.
The counterfactual condition was similar except that on
each trial, participants saw everything that happened, including the agent’s actions and the outcome. Then, they were
asked how much they agreed that “the player would have won
if they had taken the [color] path this time,” where [color]
was the color of the alternative path. They again answered
on a slider from “not at all” (0) to “very much” (100). Displayed above the question was a looping video replay of what
happened, which participants could rewatch as many times as
they liked. The experiment took an average of 9.9 (SD = 7)
minutes to complete.
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Figure 2: Scatterplot of model predictions and participants’
mean judgments in the (A) hypothetical and (B) counterfactual conditions in Experiment 1. The labels on the points
refer to the trials shown in Figure 1. Note: Error bars are
95% bootstrapped confidence intervals, RMSE = root mean
squared error, r = Pearson correlation coefficient.

vironment. We fit both parameters to minimize root mean
squared error between model predictions and mean judgments. The optimal values were pstall = 0.12,pdoor = 0.19.

Results
We discuss the results from the hypothetical and counterfactual condition in turn.
Hypothetical judgments Figure 2 shows participants’
mean judgments compared with corresponding simulation
model predictions. The model accurately captures participants’ hypothetical beliefs (RMSEhyp = 11.10, rhyp = 0.83),
although the high correlation is largely driven by the outlier.
In that trial, there were no doors, so participants were confident the agent would win. In the rest of the trials, both paths
had one door. Participants were always unsure whether or
how doors would change in each trial, so their judgments
tended to cluster around the midpoint of the scale. The hypothetical simulation model accurately captures this trend.
Counterfactual judgments Participants’ mean counterfactual judgments wre also accurately captured by the simulation
model (RMSEcf = 15.91, rcf = 0.94) and had more range. For
all the counterfactual loss trials, both the model and participants were confident that the agent would not have won on
the other path. Similarly, for the counterfactual win trials,
both model and participants assigned high likelihood that the
agent would have won. Participants also thought the agent
would likely have won in trials 2 and 5. In those trials, the
door on the opposite path opened halfway through such that
the agent would have won just in time, assuming they did
not stall. However, the model gave lower ratings in those
cases because it predicted that the agent would have stalled
more often than participants thought it would. Finally, both
the model and participants were uncertain about trial 8. In
that trial, the door on the opposite path also changed just
in time, but the difference is that the agent won in only 7
timesteps. Thus, there may have been additionally uncer-
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tainty about what would have happened in the remaining 3
timesteps that were never observed.

Discussion
In this experiment, we found that participants made very different hypothetical and counterfactual judgments in our setting. When there were no doors in the grid, participants were
sure that the agent would win hypothetically and would have
won counterfactually. However, when making hypothetical
judgments on trials in which both paths had a door, participants were quite uncertain about how each door would change
and what the outcome would be. In contrast, when making
counterfactual judgments, participants were much more confident in almost all trials about whether the agent would have
won or lost. This is because in the counterfactual condition,
they were able to see how the doors actually changed during
the trial, and thus no longer had uncertainty in that respect.
Our model aligns closely with participants’ judgments in both
conditions, accounting for sources of uncertainty in how the
environment might probabilistically change over time, and in
turn how that might affect the agent’s movements.

Experiment 2: Causal judgments
In Experiment 2, we asked participants to make causal judgments about the same scenarios. We tested how well causal
judgments can be explained by counterfactual simulation, hypothetical simulation, and the heuristic model.

Methods
Participants The experiment was preregistered (https://
osf.io/r8sdh) and posted as an online study on Prolific.
n = 50 participants (age: M = 40, SD = 15; gender: 24 female, 24 male, 1 trans male, 1 non-binary; race: 38 White,
6 Black, 3 Asian, 2 Multiracial, 1 preferred not to say) were
recruited and compensated at a rate of $11/hour.
Procedure & Design The procedure and design were identical to that of the counterfactual condition in Experiment 1
except for the question being asked. In this experiment,
participants were asked how much they agreed with the
statement that “The player [outcome] because they took the
[color] path this time.” where [outcome] was either “won”
or “lost” and [color] was the color of the actual path, either
“red” or “blue”. This was a causal judgment about the actual
outcome unlike the previous experiment. Again, participants
responded on a continuous slider from “not at all” (0) to “very
much” (100). The experiment took an average of 10.9 (SD =
5) minutes to complete.

Results & Discussion
Figure 3 compares participants’ mean causal judgments with
predictions of the three models: hypothetical simulation,
counterfactual simulation, and heuristic. For the simulation
models, we directly used participants’ judgments from the
corresponding conditions in Experiment 1. For loss trials, we
took participants’ raw judgments, i.e. that the outcome hypothetically would be, or counterfactually would have been,

a win instead. For trials in which the agent actually won, we
reversed participants’ judgments to reflect the opposite, i.e.
that the agent would have lost. We now discuss the comparison with hypothetical judgments, counterfactual judgments,
and the heuristic model in turn.
Causal vs. hypothetical judgments Mean hypothetical
judgments are not very correlated with causal judgments
(RMSEhyp = 30.58, rhyp = 0.21). Because participants had
so much uncertainty in what would hypothetically happen in
each scenario, their judgments tended to bunch near the middle of the scale, whereas causal judgments were much more
varied. Hypotheticals thus cannot explain the wide range of
causal judgments observed across the diverse set of trials.
Causal vs. counterfactual judgments Counterfactual
judgments, on the other hand, align closely with causal judgments (RMSEcf = 15.67, rcf = 0.96). For most trials, judgments tend towards the extremes of the scale: participants
were either quite certain that the agent won or lost because
they took the baseline path, and in turn that the outcome
would have been different had the agent taken the opposite
path, or they were quite certain about the opposite judgment. This highlights the close relationship between causal
and counterfactual reasoning – participants judged that, to the
extent that the counterfactual outcome would have been different had the agent taken the opposite path, the baseline path
was the cause of the outcome. This is also reflected in the
coloring of the points in Figure 3B – the green trials are those
in which there was a difference in outcome between the two
paths, and as expected those trials generated high causal and
counterfactual ratings.
Interestingly, for the red trials in which the counterfactual
outcome would have been the same, mean causal judgments
are consistently higher than counterfactual (contrast) judgments. This is because the counterfactual judgment is more
objective in some sense, and participants strongly agreed
about the counterfactual outcome in almost all trials. On the
other hand, the causal question is more open to interpretation,
and some participants always chose to attribute the outcome
to the agent’s actions in all trials, which is driving up mean
causal judgments.
Heuristic A full model of the heuristic that includes outcome, door state, and their interaction as predictors failed to
converge. So we fitted a separate model for wins and losses
with the door state as predictor. The heuristic model does a
fairly good job at predicting participants’ causal judgments
(RMSEheuristic = 12.34, rheuristic = 0.9). The model roughly
captures the division between the green trials in which a counterfactual difference was made and for which we see high
causal judgments as expected, and the red trials in which
no difference was made. However, one limitation is that it
has seven free parameters, while the two models that rely on
participants judgments in the hypothetical and counterfactual
condition from Experiment 1 have none. Despite its increased
complexity, the heuristic model still performs worse than the
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Figure 3: Participants’ mean causal judgments in Experiment 2 compared to predictions from the (A) hypothetical simulation
model, (B) counterfactual simulation model, and (C) heuristic model. The simulation model predictions are based on participants’ judgments from Experiment 1. The green points are trials in which the counterfactual outcome would have been different
from the actual outcome according to the model, and the red points are trials in which the counterfactual outcome would have
been the same as what actually happened. Note: The labels on the points refer to the trials shown in Figure 1. Error bars are
95% bootstrapped confidence intervals. RMSE = root mean squared error, r = Pearson correlation coefficient.
counterfactual simulation model. One reason for this is that
while the final door states indicate possible events that happened, they do not encode when they happened. Yet, timing is
crucial for determining ultimate outcomes. For example, trials 4, 5, and 6 (triplet B) feature the same final door states, so
the heuristic model predicts the same rating for all of them.
However, the key difference across these trials is the exact
timestep at which the door on the red path opened. Participants strongly judged the agent to have lost because they took
the blue path in trial 4, where that door did not open until the
last timestep, but they did not think this was the case in trials 5 or 6, where that door opened earlier. Thus, compared
to the counterfactual judgments, the feature model has more
free parameters and is less able to capture important details
that matter for causal judgments.

General Discussion
How do people make causal judgments about other people’s decisions? In this paper, we developed a computational
model that uses simulations to predict people’s hypothetical
and counterfactual judgments about an agent’s behavior in a
simple grid environment. The results of Experiment 1 demonstrate that these two types of judgments come apart and that
our simulation model captures the range and uncertainty in
participants’ responses, including uncertainty about the environment and about the agent. In Experiment 2, we found
that participants’ causal judgments about the outcome following the agent’s actions were best explained by counterfactual
judgments about what would have happened had the agent
acted differently. Participants’ causal judgments were also
captured by a heuristic model, although this model included a
number of free parameters and failed to distinguish situations

in which the same events happened but at critically different
times, such as the triplet of trials 4, 5, and 6 (see Figure 3C).
Our setting was simple enough such that visual features of the
final scene were sufficient to infer what happened, but in more
complex situations with multiple events and intricate timelines, we expect the counterfactual simulation and heuristic
models to come apart more strongly. Causal judgments did
not align well with hypothetical judgments about what would
happen if the agent were to act differently.
While Gerstenberg, Goodman, et al. (2021) had shown that
a counterfactual simulation model accurately captures people’s causal judgments about physical events, here we build
on this work by applying it to a novel domain. People not only
have an intuitive understanding of how the physical world
works, they also have an intuitive understanding of how other
people work (Gerstenberg & Tenenbaum, 2017; Jara-Ettinger
et al., 2016; Baker et al., 2017; Kleiman-Weiner et al., 2015).
Instead of considering what would have happened if an object hadn’t been present in the scene, here we simulate what
would have happened if an agent had taken a different action.
We implement people’s intuitive understanding of agents in
the form of a rational planning model, and assume that people can use this model to simulate counterfactuals.
Interesting theoretical questions arise in more complex settings involving multiple agents and more nuanced events. For
instance, how do people reason about outcomes caused not
by a single agent’s actions, but by a second agent’s helping
or hindering (Sosa et al., 2021; Ullman et al., 2009; Shu et
al., 2020)? In the future, we will explore richer settings with
more agents, more graded action spaces, and more complicated event timelines that together can capture the highly uncertain nature of causal judgments about agents in real life.
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Abstract

will be more likely to be trusted. Since automated systems
that follow social norms also seem to have an increase in
perceived agency (Korman et al., 2019), we expect to find
that when an automated systems follows social norms, it will
lead to increased perceived agency which in turn will lead to
the system being trusted.
In the remainder of this introduction, we discuss previous
work on trust and perceived agency, especially as it relates to
robotics and human-robot interaction.

What is the relationship between trust and perceived agency?
The present study experimentally investigated the effect of
people’s perception of a robot’s compliance (and resistance) to
social norms on their evaluation of a robot’s perceived agency,
performance trust, and moral trust. Participants reported a
norm-conforming robot to have higher perceived agency and a
greater sense of trust than a robot that violated social norms.
We also found that perceived agency, regardless of how much
a robot followed norms, was correlated with trust. We interpret
this finding as evidence that as people see a robot as having
agency, they trust it more.

Defining and Conceptualizing Trust

Keywords: human-robot interaction; moral trust;
perceived agency; performance trust; social norms; trust

Introduction
One of the most important questions within human-robotinteraction is “why do people trust a robot?” In this paper,
we suggest that people are more likely to trust a robot when
they believe that the robot has more perceived agency.
Evidence of this possible link comes from an interesting
paper by Parasuraman & Miller (2004).
In a study of automation etiquette on user trust,
Parasuraman and Miller (2004) found that, "good automation
etiquette can compensate for low automation reliability." The
behavior in Parasuraman and Miller (2004) was manipulated
through communication style, where a computer would
display "interruptive" and "impatient," or "non-interruptive"
and "patient" language while participants completed a flight
simulation task. Specifically, the communication style
represented a norm where people held each other accountable
for communicating in a manner that was not interruptive or
impatient. Participants in this study demonstrated a
propensity to trust the robot while associating the robot’s
behavior with good manners which was more meaningful
than the robot’s skill.
We highlight that while Parasuraman and Miller focused
on etiquette, we consider etiquette a form of social norm
following: people or systems who follow rules of etiquette
are following established social norms. We seek in this report
to directly test the hypothesis that when an automated system
(a robot in our case) follows social norms, the overall system

Capturing the level of trust a person has in a machine/robot
is quite challenging due to the diversified ways in which trust
is conceptualized. Some researchers have proposed that
people trust machines/robots by how consistent they are (van
den Brule, Dotsch, Bijlstra & Wigboldus, 2014; Kidd &
Breazeal, 2004; Ross, Szalma, Hancock, Barnett & Taylor,
2008). While others suggested that people place more trust in
a robot’s ability to discern right from wrong (Banks, 2020;
Bringsjord, Arkoudas, & Bello, 2006; Wallach, 2010).
Researchers Hancock, Kessler, Kaplan, Brill, and Szalma
(2020) presented a thorough summary of definitions while
evaluating their similarities and differences. Among the 21
definitions of trust highlighted in their research, the top five
most used terms consisted of “individual”, “vulnerable”,
“expectation”, “party”, and “action”. The diversity within
these terms suggests that trust is a dynamic concept and
difficult to define. Therefore, developing appropriate
methodologies for creating experiment scenarios where trust
is needed requires researchers to emphasize the agents
involved and the environmental context in which the
interaction takes place.
One of the early definitions of trust that have been widely
accepted is “a psychological state comprising the intention to
accept vulnerability based upon positive expectations of the
intentions or behavior of another” (Rosseau, Sitkin, Burt &
Camerer, 1998) where the trustor psychologically displays
confidence in the trustee prior to any behavioral action. This
definition primarily focuses on the trustor’s willingness to be
vulnerable; thus, trust has the capacity to exist.
However, others have focused on the shared contextual
environment between the trustor and trustee where trust is
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“the attitude that an agent will help achieve an individual’s
goals in a situation characterized by uncertainty and
vulnerability” (Lee & See, 2004). In this definition of trust an
environment of both vulnerability and uncertainty exists.
Another common way trust has been defined is “the reliance
by an agent that actions prejudicial to their well-being will
not be undertaken by influential others’ ” which emphasizes
the idea of loss avoidance (Hancock, Billings, Schaefer,
Chen, & de Visser, 2011). Furthermore, identifying the
appropriate definition for trust and contributing factors for
human-robot trust (HRT) remains a challenge due to
difficulty with replication.
Also, interesting research by Kim, Wen, de Visser, Zhu,
Williams, and Phillips (2021) provided insight for other
potential outcomes concerning the perceptions of trustworthy
or untrustworthy robots. In a study examining moral advice
to deter cheating behaviors, Kim et al., (2021), found that
participants were more willing to accept moral advice from a
human rather than the social robot (NAO) which was
proactively offering moral advice. This finding alluded to
situations in which a human might choose not to take sound
advice from a robot even if the robot was perceived as
morally sound to some degree. Perhaps, people that preferred
to take sound advice from the human rather than robot
perceived the robot as being programmable; and therefore,
lacking both competency and morality. The current
experiment aims to explore perceptions of people’s trust in
robots regardless of whether the robot acts morally correct
(e.g., follows social norms) . Differently from Kim et al.,
(2021), the current experiment specifically suggests the
contradiction in human behavior to trust in a robot in some
cases alludes to the likelihood that perceived agency
influences people’s decision to trust (or distrust) a robot.
Therefore, to develop a reliable hypothesis for perceived
agency and trust, next we summarize human-robot
interaction (HRI) literature with the specific emphasis on
how researchers conceptualized perceived agency.

Defining and Conceptualizing Perceived Agency
As robots become more common and “intelligent”, there
has been a separate effort at understanding how different
behaviors influence perceived agency. Much of HRI research
has proposed attributions of perceived agency through a
robot’s appearance (Zhao, Phillips & Malle, 2019), eye gaze
(Moon, Troniak, Gleeson, K.X., Pan & Zhen, 2014), and
transparency (de Graaf & Malle, 2017). Many researchers
have performed similar studies; and therefore, attempted to
adopt inclusive ways of thinking about, defining and
measuring perceived agency.
To develop a hypothesis for the relationship between
perceived agency and trust, the current experiment attempts
to define perceived agency similarly to Dennett’s (1978)
definition: “People perceive agency in another when its
actions may be assumed by an outside observer to be driven
by its internal cognitive and/or emotional states.” For a robot,
this means it has not been programmed to behave in a specific
way for a specific situation.

Gray, Gray and Wegner’s (2007), research for how people
perceived the mind in robots (machines and other inanimate
beings) led to a principal component analysis (PCA) and
factor analysis (varimax rotation) of 18 mental capacities
resulting in two main dimensions: agency and experience. In
this context agency included seven capacities from selfcontrol and morality to memory and planning. Experience
contained 11 capacities such as hunger, rage, consciousness,
and joy. The agency and experience dimensions were
developed through the comparison of 13 characters on each
mental capacity. An interesting result emerged concerning
how people ranked the level of agency each character had on
a scale between “0” to “1”.
For example, in comparing four of the 13 agents- girl,
robot, frog, and fetus, people ranked the robot and girl
relatively equally between “0” and “1”, and the frog and fetus
equally at “0”. Gray et al’s (2007) experiment demonstrated
a replicable and succinct approach for future contributions.
Almost a decade later, Malle (2019) sought to compare
previous research on people’s perception of minds while
adopting a different methodology from Gray et al. (2007).
Instead of analyzing 11 mental capacities, Malle (2019) used
28 capacities, resulting in a conditional solution including
three-to-five dimensional structures. The three-dimensional
structure included Affect (positive and negative feelings),
Moral and Social Cognition (upholding moral values and
setting goals), and Reality Interaction (communicating
verbally). The five-dimension structure was a split of the
Affect dimension (Social Cognition and Positive Social
Affect) and Moral and Social Cognition (Moral Cognition
and Social Cognition) respectively. Similarly, to the multilayered construct of trust, the results from Gray et al. (2007)
and Malle (2019) illustrated the complexities with defining
and measuring perceived agency.
Where researchers such as Gray et al. (2007) and Malle
(2019) emphasized a conceptual approach toward
understanding how people might consider robots and their
minds, others have explored the features and capabilities that
people ascribe to a robot in attempt to answer how much
agency it has, and conditions in which agency increases or
decreases. For example, Short, Hart, Vu and Scassellati
(2010) conducted an experiment where humans played a
simple game of rock-paper-scissors with robots. Short et al.
(2010) found that participants engaged more and made
greater mentalistic attributions to robots in conditions in
which it cheats. In this case, the robot’s interesting behavior
elicited an observation of the robot’s agency cues to the
participant; and therefore, suggesting that people perceive
robots that demonstrate the capacity to cheat as more agentic
than robots that do not.
In comparing Short et al. (2019), people that perceive
robots explicitly violating a norm (e.g., cheating), might feel
as though the robot has a greater ability to carry out its own
intentions and desires. Korman, Harrison, McCurry and
Trafton (2019) specifically examined social norms while
manipulating a robot’s behavior.
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In a study of participants watching videos of a DRCHUBO conducting realistic tasks by way of a norm violation,
norm-conforming, and unintentional violation , Korman et al.
(2019) sought to understand the relationship between social
norms and perceived agency. In contrast to Short et al.
(2010), Korman et al. (2019) found that people attributed
more perceived agency to the robot that did not violate a
social norm compared to the robot that intentionally or
unintentionally violates a social norm. The contrast between
what Short et al. (2010), and Korman et al. (2019) found
alludes to an additional variable contributing to how people
perceive, think about, and interact with norm compliant (or
non-compliant) robots.
In general, it appears that robots that follow social norms
are more likely to have a higher degree of perceived agency
than robots that do not follow social norms (Korman et al.,
2019; Yasuda, Doheny, Salomons, Strohkorb & Scassellati,
2020). Given other research that suggests that perceived
agency and trust are also related (Kim et al., 2019;
Parasuraman & Miller, 2004), we will explicitly test this link
in the following experiment.

Stimuli Validation Experiment
Norm Study

We first conducted a norm study to validate the video stimuli
from the Korman et al. (2019) experiment. We adopted their
methodology by setting up a 3 x 3 between subjects’
experiment to examine how people interpreted the three
norm-behaviors (norm-conforming, violation, and mistake
conditions) demonstrated through three norm-types (line,
elevator, and trash scenarios).
To begin the experiment, participants were instructed to
watch one 30-second video, where a DRC-HUBO robot on
wheels carried out one of three norm-behaviors through one
of three norm-types. For example, the norm-conforming
condition illustrated the robot performing normal actions
while joining the end of a line, entering an elevator at an
arms-length distance from an individual, or throwing away
garbage in a trashcan. Conversely, the violation condition
illustrated the robot disregarding social norms in a blatant
manner. In the videos, the robot either cut in line, invaded
personal space in the elevator, or littered. In the mistake
condition, the robot performed all actions in an unintentional
manner. For example, the robot entered the perceived break
in the line where a group of people were occluded around a
corner. In the elevator, the robot accidentally bumped into an
individual while entering inside. In the trash scenario, the
robot dropped garbage just short of the trashcan.
Results of the norm study revealed that people distinctly
recognized when a robot demonstrated norm-conforming or
violating behaviors in only the line and elevator scenarios.
Additionally, people did not recognize when a robot behaved
unintentionally (or behaviors deemed a mistake) regardless
of the norm-type. Thus, our investigation will focus on the
line and elevator scenarios with the pure norm-violating and
norm-conforming conditions.

Methodology
Participants

The sample included 160 men and women between 23 to 70
years old from various ethnicities and generally holding a
bachelor’s degree. Participants were recruited from the
Amazon’s Mechanical Turk online platform and were invited
to complete the online survey in exchange for pay.
The number of participants needed to detect a medium
effect size with 80% power and α = 0.05 was n = 90. The
Power analysis was calculated a priori using G*Power
Software, f = 0.30.

Procedure

We set up a between subjects’ experiment where we treated
norm-behaviors as one factor with two levels consisting of
the norm-conforming and violation conditions.
To begin the experiment, participants were instructed to
watch the video of the DRC-HUBO robot. Upon the
completion of each video, participants utilized a free-text box
to respond to an open-ended question regarding the
description of the robot’s behavior. Following the initial
question, participants responded to three questions capturing
the essence of perceived agency, and the 20-item MultiDimensional Measure of Trust (MDMT-v2) (Ullman &
Malle, 2019). After responding to the two questionnaires,
participants were prompted with a free-text box for general
feedback and debriefed on the study. One foil question was
inserted to verify the accuracy of participant responses.

Measures

Following the video, participants responded to six questions
capturing the essence of perceived agency (Korman et al.,
2019). The six Likert-style questions on a 7-point rating scale
(from 1 = “not at all aware” to 7 = “very much aware”) and
question six rated from 1 = “definitely not just a tool” to 7 =
“definitely just a tool” included whether the robot performed
the behavior intentionally, aware of engaging in the behavior,
chose to, wanted to, could have chosen not to, and lastly, “rate
if the robot is just a tool”.
Ullman and Malle’s (2019) Multi-Dimensional Measure of
Trust (MDMT v2) demonstrated a reliable link to measure
people’s evaluations of trust in the context of social norms.
Therefore, Performance Trust and Moral Trust was
assessed using MDMT v2. Ullman and Malle’s (2019) trust
dimensions were grouped by two main factors consisting of
performance trust (e.g., reliable and competent) and moral
trust (e.g., ethical, transparent, benevolent) where
participants rated the robot on a scale from 0 (Not at all) to 7
(Very) to a total of 20 Likert scale items.

Perceived Agency Results
Of the 160 participants who completed the initial screening
survey, 38 (24%) participants were excluded for missing the
attention check question or providing incomplete responses.
The remaining 122 participants from the norm-conforming (n
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= 64) and norm-violating (n = 58) conditions contributed to
this study.
To assess the relationship between perceived agency,
performance trust and moral trust among two conditions
(norm-conforming and violation), we first analyzed
perceived agency, performance trust, and moral trust
independently. Consistent with Korman et al. (2019), we
performed three separate ANOVAs comparing means on the
rating scales of interest for the intentionality, awareness, and
want questions (Figure 1) 1.
There was a significant difference for the intentionality
question where participants in the norm-conforming
condition (M = 6.14; SD = 1.19), attributed the robot as
having more intentionality compared to participants in the
violation condition (M = 5.41; SD = 1.76), F (1, 120) =
7.26, p <.01, d = 0.49 95% CI [0.12 – 0.85]).
Also, there was a significant difference for the awareness
question where participants in the norm-conforming
condition (M = 5.83; SD = 1.23), attributed the robot as
having greater awareness compared to participants in the
violation condition (M = 4.88; SD = 1.96), F (1, 120) =
10.49, p <.01, d = 0.59 95% CI [0.22 – 0.95]).
However, there was not a significant difference between
participants in the norm-conforming (M = 5.41; SD = 1.46)
and the violation conditions (M = 5.03; SD = 1.71) for the
want question F (1, 120) = 1.69, p <.01, d = 0.24 95% CI [0.12 – 0.60]).

Trust Results
Effect of Condition on Performance Trust and
Moral Trust
Next, we performed two separate ANOVAs and found that
people felt a greater sense of performance trust when the
robot did not violate a norm (M = 5.71; SD = 1.14), compared
to situations when the robot violated a norm (M = 4.61; SD
= 1.62), F (1, 118) = 18.59, MSE = 1.90, p <.01, partial eta
squared = 0.14 (Figure 2).
Also, our results revealed a similar pattern for moral trust
where people felt a greater sense of moral trust when the
robot did not violate a norm (M = 5.07; SD = 1.73), compared
to situations when the robot violated a norm (M = 3.25; SD
= 2.30), F (1, 113) = 23.26, MSE = 4.02 p <.01, partial eta
squared = 0.17 (Figure 3).

Figure 2: Mean perceptions of performance trust.
(Error bars show 95% confidence intervals)

Figure 1: Perceived Agency Questionnaire by Condition

Perceived Agency Discussion
Our analyses on perceived agency replicated Korman et al.
(2019), which we found that people rated a robot that
followed social norms higher on perceived agency
(intentionality and awareness) than a robot that violated
social norms. This result is also consistent with Yasuda et al.
(2020), who showed that norm violations did not increase
people’s perception of perceived agency. These results
suggest a strong positive relationship between social norms
and perceived agency.

1

Figure 3: Mean perceptions of moral trust.
(Error bars show 95% confidence intervals)

Trust Discussion
While comparing mean perceptions of performance trust and
moral trust, we found that people rated a robot that followed
social norms higher than a robot that violated social norms.
Our result is consistent with Ullman et al. (2014) who showed
that honest behaviors increased people’s perception of
perceived trustworthiness compared to dishonest behaviors.

Combing all three questions showed similar results.
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These results also suggest a strong positive relationship
between social norms and both performance trust and moral
trust.

Perceived Agency and Trust Results

with perceived agency. This result is consistent with our
hypothesis specifically concerning the relationship between
perceived agency and trust: that people will trust a robot more
(at least partially) depending on how much perceived agency
the robot has.

General Discussion

Effect of Perceived Agency on Performance and
Moral Trust
For our final analyses, we examined the relationship
between perceived agency and trust while collapsing across
condition. As suggested by Figure 4, there is a positive
relationship between the amount of perceived agency that a
robot is perceived to have and the amount that people
trusted its performance, r = 0.34, p < .01 Interestingly, there
is also a positive relationship between the amount of
perceived agency a robot has and the amount of moral trust,
r=0.24, p < .01 (Figure 5).

Figure 4: Pearson’s correlation examining the relationship
between Perceived Agency and Performance Trust

Figure 5: Pearson’s correlation examining the relationship
between Perceived Agency and Moral Trust

Perceived Agency and Trust Discussion
While performing a correlation with perceived agency,
performance trust and moral trust, we found that both
performance trust and moral trust are positively correlated

This experiment has examined the effects of people’s
perception of a robot’s compliance (and resistance) to social
norms on their evaluation of a robot’s perceived agency,
performance trust, and moral trust. Consistent with our
hypotheses, participants in the norm-conforming condition
continually attributed higher evaluations of perceived
agency, performance trust and moral trust compared to
participants in the violation condition.
Therefore, we found evidence for a strong positive
relationship between social norms and perceived agency. Our
results are consistent with Uttich and Lombrozo’s (2010)
research suggesting that an entity engaging in social ways
was expected to respect social norms. When this was met,
people felt as though the machine/robot was more intentional.
Also, our results illustrated a strong positive relationship
between social norms and trust. This result was consistent
with Falcone, Castelfranchi, Cardoso, Jones and Oliveria’s
(2013) research suggesting that people are willing to trust a
machine/robot that fulfills norm expectations.
Most significantly, our findings support our hypothesis
concerning the relationship between perceived agency and
trust whereas perceived agency positively correlated with
performance trust and moral trust. Therefore, our results
imply that when perceptions of how much perceived agency
a robot has increases, people are willing to trust it. This is a
crucial insight for designers who should place more emphasis
on deploying robots and automated systems, specifically in
high-stake environments that are perceived as having high
agency (e.g., health care, military) to establish relationships
built on trust. Furthermore, this research illuminates the
necessary research concerning the measurement, replication,
and wide publication of perceived agency among a broad
range of robots and machines.
Of note, we believe an additional factor contributes to the
discrepancy between social norms, perceived agency and
trust which might explain why social norms effect people’s
evaluation of perceived agency and trust independently, but
not conjointly. Perhaps, people’s preconceived notions and
interactions (or the lack thereof) with robots influences their
perceptions of a robot’s perceived agency to begin with
(Stafford, MacDonald, Jayawardena, Wegner, & Broadbent,
2013). As a result, people with positive feelings towards
robots might be more likely to perceive robots with higher
perceived agency compared to people who do not. Further
research is necessary with the specific intention of analyzing
the effects of people’s attitudes towards robots on perceived
agency and trust through other realistic settings. As robots
continue to coexist in familiar environments alongside
humans, the more precise our interpretation of human
behavior must be for engaging robots in social ways.
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Continued research helps to investigate future implications
for social, cultural, and political contexts.
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Transfer of Learning-Guided Cognitive Control through Congruency Cues: a study
involving two variants of Flanker task
Nicola Vasta
University of Trento, Rovereto, Italy

Barbara Treccani
University of Trento, Rovereto, Trento, Italy

Claudio Mulatti
Università di Trento, Rovereto, Italy
Abstract
Transfer of cognitive abilities has often been described in regard to Working Memory, while little has been said about
Cognitive Control. Recent studies have proposed that congruency cues can be used to investigate learning-guided cognitive control adaptations in a trial-by-trial fashion during conflict tasks. In the present study, we employed congruency
cues within an inducer/diagnostic paradigm to (1) induce a control learning between cue and string congruency in a
Flanker task variant and (2) test whether this learning could transfer to a different Flanker variant. Results provided evidence that participants can learn to strategically employ congruency cues to adapt their cognitive control and that these
learned control strategies/routines can be transferred to a very similar task variant (near transfer). Further experiments
will be performed to explore the extent of this transfer.
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Conceptual Prerequisites for Proportional Analogy
Shuyuan Yu
the Ohio State University, Columbus, Ohio, United States

Ho-Chieh Lin
The Ohio State University, Columbus, Ohio, United States

John Opfer
The Ohio State University, Columbus, Ohio, United States
Abstract
Analogy plays an important role in cognitive development, but children often need cognitive supports to draw correct
ones. Here, we examined the role of conceptual knowledge in proportional analogies, which are often depicted as a simple
exercise in pattern completion. In Study 1, adults and children (N = 321) completed 4-term analogy tasks featuring letters,
lines, integers, or fractions. Performance was lowest for fractions, and strongly impacted by educational background.
In Study 2, we conducted an educational intervention focusing on either conceptual knowledge, procedural knowledge,
or both for 3rd-to-5th graders (N = 343) using a pretest-training-posttest design. Children with poor pretest magnitude
knowledge were more likely to fail analogical reasoning, and training on conceptual knowledge that fractions denote
magnitudes improved children’s analogies. Together, these studies indicate that knowledge of fractional magnitudes is
important to proportional analogy.
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Hierarchical task knowledge constrains and simplifies action understanding
Isaac Davis
Yale University, New Haven, Connecticut, United States

Julian Jara-Ettinger
Yale University, New Haven, Connecticut, United States
Abstract
Human social interactions require understanding and predict- ing other people’s behavior. A growing body of work
has found that these inferences are structured around an assumption that agents act rationally and efficiently in space.
While powerful, this view treats action understanding in a vacuum, ignoring that much social inference happens in the
context of familiar, hierarchically structured events (e.g.: buying groceries, ordering in a restaurant). We propose that
social and world knowledge is critical for efficiently interpreting behavior and test this idea through a simple blockbuilding paradigm, where participants infer an agent’s sub-task (study 1a), next action (study 1b), and higher-level goal
(study 1c), from very sparse observations. We compare these inferences against a Bayesian model of goal inference
that exploits task structure to interpret agents’ actions. This model fit participant judgments with high quantitative
accuracy, highlighting how world knowledge may help support social inferences in a rich and powerful way. Keywords:
Computational modeling; Social cognition
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The effect of orthographic relationships, lexical status and contextual constraint on
visual word recognition: Evidence from event-related potentials
Neslihan Caliskan
University of South Florida, Tampa, Florida, United States

Sara Milligan
University of South Florida, Tampa, Florida, United States

Elizabeth Schotter
University of South Florida, Tampa, Florida, United States
Abstract
Readers rely on sentence context to generate predictions about the upcoming words so that processing of their visual
forms is less necessary. Consequently, processing of an orthographic neighbor of a strongly predicted word is facilitated
by that context (as indicated by a reduced N400 ERP amplitude), regardless of the perceived item’s lexicality (i.e., whether
it is a real word or a pseudoword). The current study investigated whether lexicality becomes important when the
sentence context is less helpful in generating predictions. Our findings indicate that in weakly constraining sentences,
the lexical status of a word impacts word recognition processes as indicated by a left anterior negativity, suggesting that
readers rely on sublexical properties of words in the absence of strong expectations.
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Functional Connectivity Differences between Trilinguals and Bilinguals: The Role
of Orthographic Depth
Ye Shen
University of Delaware, Newark, Delaware, United States

Stephanie Del Tufo
University of Delaware, Newark, Delaware, United States
Abstract
Orthographic depth, the consistency of grapheme-phoneme correspondence, influences brain activation in multilinguals’
first (L1) and second language (L2). The intrinsic functional connectivity of cross-language transfer was investigated
between two groups of multilinguals, those whose L2 orthography is deeper than their L1 (S-to-D group) and those
whose L2 orthography is shallower than their L1 (D-to-S group). We focused on two seed regions: the Visual Word
Form Area (VWFA) and the left posterior supramarginal gyrus (pSMG). stronger connectivity was found between the left
pSMG and the right precuneus in multilinguals who spoke at least three languages (trilinguals) compared to those who
only spoke two languages (bilinguals). Follow-up analyses revealed that this difference was driven by stronger intrinsic
connectivity in D-to-S trilinguals compared to the S-to-D trilinguals. Multilinguals’ intrinsic functional connectivity is
shaped by the orthographic distance between L1 and L2, as well as differences between bilingualism and trilingualism.
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One-second Boosting: A Simple and Cost-effective Intervention that Promotes the
Optimal Allocation of Cognitive Resources
Rina Kagawa
University of Tsukuba, Tsukuba, Japan

Masaru Shirasuna
Otemon Gakuin University, Osaka, Japan

Atsushi Ikeda
University of Tsukuba, Tsukuba, Japan

Masaru Sanuki
University of Tsukuba, Tsukuba, Ibaraki, Japan

Hidehito Honda
Otemon Gakuin University, Osaka, Japan

Hirokazu Nosato
National Institute of Advanced Industrial Science and Technology (AIST), Tsukuba, Japan
Abstract
Making rational judgments is not always easy. Given that aggregation of the distributed labor force through Internet
has become common, a simple and cost-effective solution is needed to improve worker performance. We tested the
hypothesis that enforcing a certain decision time boosts job performance by not allowing workers to provide answers
within a certain short time after presenting the task. We used the binary judgment tasks, and job performance with
various enforced decision times were compared. Two behavioral experiments with physicians (N = 628) demonstrated
that job performance was improved by enforcing a one-second decision time; this did not affect the cognitive load of
physicians. Furthermore, it was suggested that adding a one-second decision time induced the optimal trade-off between
the worker’s performance and cognitive load. Our results show that focusing on resource rationality could lead to simple
and cost-effective solutions to real-world problems by boosting workers’ job performance.

3723
In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

Deus ex Machina: The Influence of COVID-19 Pandemic on the Young Adults’
Religiosity, Temporal Values, and Time Spatialization across Cultures
Carmen Callizo-Romero
University of Granada, Granada, Spain

Daniel Casasanto
Cornell University, Ithaca, New York, United States

Sobh Chahboun
Queen Maud University College, Trondheim, Trøndelag, Norway

Tilbe Göksun
Koç University, Istanbul, Turkey

Yan Gu
UCL, London, United Kingdom

Alexander Kranjec
Duquesne University, Pittsburgh, Pennsylvania, United States

Marc Ouellet
University of Granada, Granada, Spain

Slavica Tutnjević
University of Banja-Luka, Banja-Luka, Bosnia and Herzegovina

Julio Santiago
University of Granada, Granada, Spain
Abstract
We investigated the influence of the COVID-19 pandemic on young people’s value temporal focus, religiosity, and time
spatialization. Samples of young participants from eight cultures (Americans, Spaniards, Serbs, Bosniaks, Croats, Moroccans, Turks, and Chinese) collected before the pandemic (N = 497, mean age = 21.09) were matched with samples
collected during the first confinement period (N = 497, mean age = 20.96). Our results in study 1 showed that during the
pandemic, young adults were less religious, more future-focused, and placed the future in front to of them in a greater
extent. In study 2, using the whole sample collected during the pandemic (N = 893, mean age = 21.94), we observed that
the more affected the participants were by the pandemic, the greater their future focus, the lower their religiosity, and
the greater their tendency to locate the future in front. These pattern of results held in most cultures.
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Reading left-to-right and right-to-left orthographies: Ocular prevalence and
hemispheric priority for orthographic conventions
Ruomeng Zhu
The University of Edinburgh, Edinburgh, United Kingdom

Mateo Obregón
The University of Edinburgh, Edinburgh, Lothian, United Kingdom

Hamutal Kreiner
Ruppin Academic Center, Central, Israel

Richard Shillcock
The University of Edinburgh, Edinburgh, United Kingdom
Abstract
We analyse binocular eye-tracking data from multiline Arabic and Hebrew reading. We describe distributions of small
temporal asynchronies between the two eyes as each fixation starts and ends. We test the theory, derived from research
on left-to-right orthographies, that these asynchronies reflect ocular prevalence for the left eye in the left hemifield and
the right eye in the right hemifield. Ocular prevalence means one eye’s input is prioritised in the fused binocular percept.
The overall pattern of asynchronies in Arabic and Hebrew resembles that seen in the left-to-right orthographies, English
and Chinese, but with some very specific differences. We discuss the implications of the hemispheric asymmetry in
parafoveal lookahead between the two orthographic directions. We consider orthographic conventions associated with
reading direction and we conclude that a language tends to get the orthographic conventions that the reading direction
and the hemispheres deserve.
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Understanding mathematical development in preschool children: the association
between mathematical language and mathematical abilities
Eylul Turan
KU Leuven, Leuven, Belgium

Bert De Smedt
KU Leuven, Leuven, Belgium
Abstract
This study investigated how the different components of mathematical language, quantitative language (e.g., more) and
spatial language (e.g., after) relate to children’s performance in different domains of mathematics (numerical competencies, measurement, geometry). Our sample included 75 preschool children (Mage = 4 years 10 months). Children
received measures of mathematical language and mathematical ability. We also assessed their general language and
spatial skill, and investigated to which extent associations between mathematical language and mathematical abilities
remained when these general skills were controlled for. Results indicated that both quantitative and spatial language
were correlated with children’s numerical competencies, measurement and geometry scores. We further observed that
spatial language, but not quantitative language, was a unique predictor of children’s mathematical abilities, particularly
of their numerical competencies and their geometry performance, suggesting that spatial language is more critical than
quantitative language. This relation between spatial language and mathematical ability disappeared when general language and spatial skill, were taken into account. Follow-up analyses further indicated that spatial language partially
mediated the association between these general abilities and mathematical abilities. These findings present evidence on
the link between distinct types of mathematical language and different mathematical abilities, and they emphasize the
role of spatial language in children’s mathematical abilities.
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Handedness and Creativity: Facts and Fictions
Owen Morgan
Cornell University, Ithaca, New York, United States

Daniel Casasanto
Cornell University, Ithaca, New York, United States
Abstract
Are left handers more creative than right handers? In both popular belief and scientific literature, left-handedness is
linked with higher creativity. Here, we evaluate whether left handers are better at divergent thinking, and whether
left handers are overrepresented in creative professions, in a qualitative review supported by meta-analysis. We argue
that plausible mechanisms for a creativity-handedness link can be found within influential theories of the neural basis of
creativity. However, our meta-analysis does not find evidence that left or mixed handers are better at divergent thinking;
in fact, right handers score slightly higher on the Alternate Uses Test. Additionally, we conclude that while left and mixed
handers may be overrepresented in Art and Music, they are underrepresented in creative professions in general. We find
that although both right and left handers tend to believe that left handers are more creative, this belief is not supported
by the available empirical evidence.
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Time to get attention: The effect of temporal values on health, income and
happiness
Yeqiu Zheng
Erasmus University Rotterdam, Rotterdam, Netherlands

Yan Gu
UCL, London, United Kingdom

Arthur van Soest
Tilburg University, Tilburg, Netherlands
Abstract
We study the effect of people’s temporal values (habits of attending to past or future events) on their health, labour
market performance and happiness. Participants’(N=1177) data were initially collected in 2016 and followed in 20202021. We find that habitually more attending to the future negatively correlates to diseases (heart attack; high cholesterol;
diabetes; high-blood pressure), but positively associates with health-related behaviour (eating vegetables and fruit; less
smoking), health status (e.g., healthy weight; long life expectancy), income, hourly wages, financial satisfaction and
happiness. Furthermore, such temporal values predict participants’ future situation of these aspects in 2020-2021, even
after controlling for the 2016 baseline situation, IQ, self-control, patience, risk aversion and demographic information.
We propose a temporal values and well-being hypothesis, suggesting that individuals’ temporal values can predict their
concurrent and longitudinal all-around well-being. Our findings have strong implications for theories of time perception,
and for a better understanding of factors that influence people’s health, income, and happiness.
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Prosodic input and children’s word learning in infant- and adult-directed speech
Mengru Han
East China Normal University, Shanghai, China

Nivja De Jong
LUCL, Leiden, Netherlands

Rene Kager
Utrecht University, Utrecht, Netherlands
Abstract
This study examines (1) whether infant-directed speech (IDS) facilitates children’s word learning compared to adultdirected speech (ADS); and (2) the link between the prosody of IDS in word-learning contexts and children’s word
learning from ADS and IDS. Twenty-four Dutch mother-child dyads participated when children were 18 and 24 months
old. We collect mothers’ ADS and IDS at both ages and test children’s word learning from ADS and IDS at 24 months
using an Intermodal Preferential Looking Paradigm (IPLP). We find that Dutch 24-month-old children could reliably
learn novel words from both ADS and IDS, and IDS had a facilitative effect. Also, children’s word learning from IDS
(but not ADS) is predicted by IDS pitch range when mothers introduce unfamiliar words to children at 18 months. Our
findings contribute to an understanding of the role of IDS prosody in language development, highlighting both individual
differences and contextual differences in IDS prosody.
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Beyond financial knowledge and IQ: The effect of temporal values on pension
planning and financial wealth of natives and immigrants in the Netherlands
Yeqiu Zheng
Erasmus University Rotterdam, Rotteram, Netherlands

Yan Gu
UCL, London, United Kingdom

Arthur van Soest
Tilburg University, Tilburg, Netherlands
Abstract
We study pension planning and financial wealth of natives and immigrants (N=1177) in the Netherlands, in relation
to their temporal values (past/future-focused), financial knowledge, IQ, and other individual characteristics. We find
that, compared to natives, immigrants are less financially literate and rely more on the government for their retirement
income, but are more future-focused and think more about their retirement. Second, controlling for financial knowledge,
IQ, saving intention, self-control and demographic factors, temporal values help to predict many aspects of pension
planning: how much people think about retirement, their desired retirement age, whether they develop a plan to save
for retirement, perceived saving adequacy, and home ownership. Furthermore, temporal values predict savings, risky
assets and financial wealth in 2016 and 2020, even after controlling for the financial situation in 2016. Our results have
strong implications for policies related to pension communication and contribute to the theory on relationships between
economic decisions, time and cognition.
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Reward Prediction Error Neurons Implement an Efficient Code for Reward
Dongjae Kim
New York University, New York, New York, United States

Heiko Schuett
New York University, New York City, New York, United States

Wei Ji Ma
New York University, New York, New York, United States
Abstract
Dopaminergic reward prediction error neurons in the midbrain are the most prominent type of neurons encoding rewards. To explain the coding properties of these neurons, we apply the efficient coding framework to derive how neurons
should encode rewards to maximize efficiency. The optimal populations qualitatively explain two recently made observations about real reward prediction error neurons: First, reward prediction error neurons represent rewards relative
to a range of quantiles of the expected reward distribution, not relative to a single value. Second, the tuning of these
neurons is asymmetric around their base firing rate and the asymmetry of each neuron is related to its threshold quantile.
Furthermore, we achieve a good quantitative agreement with the neuronal recordings that were recently used to establish distributional reinforcement learning as a mechanistic explanation for these observations. Our analyses suggest the
new interpretation that reward prediction error neurons might efficiently encode reward. Furthermore, it establishes an
interesting theoretical link to the sensory processing literature, where efficient coding principles were developed.
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The role of body representations in higher order cognition
Suesan MacRae
University of Northern British Columbia, Prince George, British Columbia, Canada

Heath Matheson
University of Northern British Columbia, Prince George, British Columbia, Canada
Abstract
Previous research using motor dual tasks and TMS has suggested that interference with cortical motor information impacts word reading. This research offers support for theories of grounded cognition by suggesting a functional role of
sensorimotor information in conceptual representation. However, motor dual tasks and TMS are limited to partial interference of body representations. To address this, the current electroencephalography (EEG) study induces body illusions
to interfere with the broader representation of body information during verb reading. During this task, participants categorized words related to hands or feet while we measured EEG. With spatiotemporal representational similarity analysis
(RSA), we demonstrate that sensorimotor information is decodable in normal conditions and is delayed during illusion
conditions. Our results suggest that during illusion conditions, sensorimotor information is disrupted by body illusions.
This supports theories of grounded cognition for word reading.
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Effect of self-experience on empathic helping to virtual agents
Junya Morita
Shizuoka University, Hamamatsu, Shizuoka, Japan

Yuna Kano
Shizuoka University, Hamamatsu, Shizuoka, Japan
Abstract
What factors induce empathy for virtual agents? To explore this question, we examine the relationship between humans
and agents in the inverted cyberball task where a participant chose to help an ostracised agent. This study especially
controls experience in the preparation task from self-involvement as the base of empathy. In the one condition, participants have induced the same experience as the ostracised agent, while in the other condition, participants observed
ostracising relations between two agents. As a result, self-involvement in the preparation task does not influence the
helping behavior of the ostracised agent. The factor relating to the helping behavior is whether the participants noticed
the relation. This notice was also associated with empathy trait. From these results, we can conclude that empathy can
acquire others’ perspectives even when they have no experience with the pain of ostracism.
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A Study on Relative Performance of an Reinforcement Learning Agent and Human
in a Psychometric Assessment Game
Utanko Mitra
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Shivam Raj
Indian Institute of Technology, Kharagpur, India

Anirban Lahiri
Arndit Ltd., Cambridge, United Kingdom

Sunreeta Sen
Arndit Ltd., Kolkata, India

Rajlakshmi Guha
Indian Institute of Technology, Kharagpur, India

Pabitra Mitra
Indian Institute of Technology, Kharagpur, India
Abstract
A previous study used the Antarjami gaming framework to determine the OCEAN personality traits. In this study, a
reinforcement learning agent is being compared to its human counterpart through various levels in the game. A Deep-Q
Network(DQN) is proposed here for playing the Antarjami game autonomously. The DQN takes as input the image of
the game screen and decides the moves/actions it wants to play in the game. A collection of DQNs having uniform
architectures is used, where each DQN is trained on a particular level of the game. The starting position of each player
within a game level is random in the Antarjami framework, therefore the training of the reinforcement learning agent
is agnostic to any bias about the initial positions of the players. The work shows how an RL-Agent gathers scores in a
greedy fashion irrespective of any psychological inclinations.
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Including Errors and Errors Correction in a Cognitive User Model
Farnaz Tehranchi
The Pennsylvania State University, University Park, Pennsylvania, United States

Frank E. Ritter
Pennsylvanian state university, state college, Pennsylvania, United States
Abstract
We present a user error model that simulates a user’s errors using an eyes and hands extension to cognitive architectures.
We developed a complete interactive cognitive model that performs a spreadsheet task. This model is compared with an
existing cognitive model that performs the same task in a different spreadsheet tool. Also, the predictions are compared to
human data (N=23) on the same uninstrumented interfaces. The comparison suggests that the interactive cognitive model
moves us closer to having a user model that can directly test interfaces by predicting human behavior and performing
the task on the same interface that users interact. The error model also allows exploration of error detection, error
correction, and different knowledge types.
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Multimodal Communication in Virtual and Face-to-Face Settings: Gesture
Production and Speech Disfluency
Burcu Arslan
Koc University, Istanbul, Turkey

Can Avcı
Koç University, İstanbul, Turkey

Tilbe Göksun
Koç University, Istanbul, Turkey
Abstract
Online data collection has become a prominent option due to the COVID-19 pandemic. It is crucial to understand to
what extent online studies can be compared with face-to-face studies, particularly in multimodal language research on
which the modes of communication have a crucial effect. This study investigated multimodal communication across
face-to-face and videoconferencing settings, focusing on gesture production and speech disfluency in a daily routine
description task (N=64). Results suggested that overall disfluency rate was higher for those who communicated via
videoconferencing than those who communicated face-to-face. The use of specific disfluency types also differed across
the two settings, signaling an interplay between cognitive and communicative strategies. Overall gesture frequency and
iconic gesture use were comparable across the two settings. Iconic gesture use negatively predicted the overall disfluency
rate, regardless of the setting. Using different contexts is required to understand whether multimodal language differs
between face-to-face and online communication.

3736
In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

Why do people gesture more during disfluent speech? A pragmatic account.
Yağmur Deniz Kısa
University of Chicago, Chicago, Illinois, United States

Cordelia Achen
Stanford University, Stanford, California, United States

Susan Goldin-Meadow
University of Chicago, Chicago, Illinois, United States

Daniel Casasanto
Cornell University, Ithaca, New York, United States
Abstract
People are more likely to gesture when their speech is disfluent. Why? According to an influential answer to this
question, people gesture when they are disfluent because gestures facilitate speech production (Krauss & Hadar, 1999).
Here, we propose an alternative explanation: People may gesture when their speech is less fluent because gestures serve
as a pragmatic signal by commenting on problems with speaking. If so, when the listener cannot see the speaker, the
speaker’s pragmatic motivation to gesture more during disfluencies should disappear. As predicted, we showed that
people were more likely to gesture when their speech is disfluent only when the listener can see their gestures, but not
when the listener cannot see their gestures. These results suggest that people gesture more when speaking is difficult,
not because gestures facilitate speech, but rather because gestures comment on speakers’ difficulty with presenting an
utterance for the listener.
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Can Social Relations Influence Cooperation in Prisoner’s Dilemma?
Maurice Grinberg
New Bulgarian University, Sofia, Bulgaria

Evgeniya Hristova
New Bulgarian University, Sofia, Bulgaria

Desislava Chakarova
New Bulgarian University, Sofia, Bulgaria
Abstract
The paper explores the impact of social role assignment and the corresponding payoff distribution on cooperation in the
Prisoner’s dilemma following the types of relations according to Fiske’s relational models’ theory: communal sharing,
authority ranking, equality matching, and market pricing. The corresponding roles and payoff distribution are teammates
(each player receives the sum of the payoffs), partners (each player receives half of the sum of the payoffs), boss and
subordinate (the boss receives 2/3 and the subordinate 1/3 of the sum of the payoffs), and opponents (each player receives
the standard payoff). The results show that in the teammates’ and partners’ conditions cooperation was significantly
higher than in the other conditions. Surprisingly, the results for the boss and subordinate condition although sharing a
similar payoff distribution rule to the teammates’ and partners’ conditions were more similar to the opponents’ condition
with significantly lower cooperation rate.
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Changing Perspectives: Examining Factors Related To Counterfactual Thinking In
Ambiguous Social Judgments
Betsy Lehman
Michigan Technological University, Houghton, Michigan, United States

Elizabeth Veinott
Michigan Technological University, Houghton, Michigan, United States
Abstract
There is much diversity in how people form theories and perspectives about situations. There are many instances today
in which people may want others to question their perspectives as a first step to changing them. Aspects of counterfactual thinking such as mutability and availability may be involved in questioning a perspective. We explore this in an
exploratory study (n = 80) using ambiguous social judgment scenarios. We performed path analysis on the data to compare four models, three of which are based on counterfactual generation. The best fitting model showed that availability
was a mediator for mutability to predict our measure of questioning an initial perspective.
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The Quantified Moral Self
Zoe Purcell
University of Toulouse, Toulouse, Occitanie, France

Iyad Rahwan
Max Planck Institute for Human Development, Berlin, Berlin, Germany

JF Bonnefon
Toulouse School of Economics, Toulouse, France
Abstract
Artificial Intelligence (AI) can be harnessed to create sophisticated social and moral scoring systems – enabling people
and organisations to form judgements of others at scale. While this capability has many useful applications – e.g.,
matching romantic partners who are aligned in their moral principles, it also raises many ethical questions. For example,
there is widespread concern about the use of social credit systems in the political domain. In this project, we approach this
topic from a psychological perspective. With experimental evidence, we show that the acceptability of moral scoring by
AI depends on its perceived accuracy, and that perceived accuracy is compromised by people’s tendency to see themselves
as morally peculiar, and thus less characterizable by AI. That is, we suggest that people overestimate the peculiarity of
their moral profile, believe that AI will neglect this peculiarity, and resist for this reason the introduction of moral scoring
by AI.
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Do humans have intuitive theories of time?
James Daly
University of Texas at Austin, Austin, Texas, United States

Katharine Tillman
UT Austin, Austin, Texas, United States
Abstract
Children have intuitive theories of several conceptual domains, but it is unknown if adults’ common sense beliefs about
time reflect an intuitive theory. Here, in an online survey, 165 3- to 6-year-old children judged whether 13 time-related
phenomena (e.g., the future, going back in time) were real or not real and provided confidence ratings for their judgments.
Beforehand, parents provided their own responses to the same items and predicted their children’s responses. As early
as age 3, children’s responses to most items resembled those of adults. Children’s responses to past-related items (e.g.
changing the past) were more similar to adults’ than were their responses to future-related items (e.g., changing the
future). Parents predicted their children’s responses with high accuracy. These results suggest that many, but not all,
adult beliefs about time emerge early in development, and may be part of an intuitive theory.

3741
In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

Curvature Effect on Aesthetic perception
Esin Tuna Demircioglu
Yeditepe University, Istanbul, Turkey

Tuna Çakar Çakar
MEF University, Istanbul, — Select One —, Turkey

Yener Girişken
Marketing, İstanbul, Turkey
Abstract
Aesthetic perception is an inseparable part of the decision-making process in daily life. It also is an important part
of the beauty and therefore tastes. The determination of preferences is directly related to the subregions of the PFC.
The contour is the essential visual attribute for accurately perceiving the form of an object. It has been known that
sharp angles cause an implicit perception of threat, and perceived security is related to aesthetic pleasure. The aim of
the study is to investigate the effect of contour type on decision making and aesthetic perception in PFC. The study
using the fNIRS method has shown that there is a marginal significant relation between liking, contour type, and PFC
areas (F(3.81)=2.225, p>.092, η2=.076). Current findings suggest that left mPFC, FPC, and right dlPFC have a significant
contribution to the liking of curved objects.
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Attentional Momentum Effects on Addition Verification
Taylor Guba
University of Delaware, Newark, Delaware, United States

Emily Fyfe
Indiana University, Bloomington, Indiana, United States
Abstract
The direction of our attention can influence our performance on a variety of tasks. For example, reading from left to right
relates to people associating small numbers on the left and large numbers on the right. In contrast, reading from right
to left relates to people associating small numbers on the right and large numbers on the left. The current study tests
if this type of “attentional momentum” can be induced by storytelling based on pictures and whether it affects college
students’ reaction time on an arithmetic verification task with equations in a traditional (e.g., 2+2=4) or non-traditional
(e.g., 4=2+2) direction. Our results show that students were faster at verifying simple traditional math problems after
telling stories based on pictures arranged from left to right, but faster at verifying simple non-traditional math problems
after telling stories based on pictures arranged from right to left.
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What to Do When Someone Expresses a Misconception? A Cross-Cultural
Examination of Children’s White Lie-Telling Behaviour
Roksana Dobrin-De Grace
Toronto Metropolitan University, Toronto, Ontario, Canada

Lili Ma
Toronto Metropolitan University, Toronto, Ontario, Canada
Abstract
This study explored white lie-telling behaviour in 3- to 6-year-old children from three cultural groups: Anglo Canadian
(n = 49), Chinese Canadian (n = 45), and Eastern-European Canadian (n = 11). In a video-conferencing setup, a female
researcher expressed a misconception about her artwork and asked participants for their opinion, in the presence versus
absence of a stated social consequence (i.e., two conditions). Parental measures of collectivism and parenting styles
were also collected. The results indicated that the likelihood of children telling a white lie (versus challenging the
researcher’s misconception) did not differ significantly across cultural groups or conditions and was not predicted by
parental collectivism, authoritativeness, or authoritarianism. However, the effect of authoritativeness on white lie telling
did approach significance. These findings are discussed in relation to possible factors that might have accounted for the
lack of cultural differences.
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People learn other’s preferences on a latent feature space using emotion
expressions as labels
Junya Yamada
Gifu University, Gifu, Japan

Souichiro Yoshikawa
Gifu University, Gifu, Japan

Hirokazu Kumazaki
Nagasaki University, Nagasaki, Japan

Hideki Kozima
Tohoku University, Miyagi, Japan

Kazunori Terada
Gifu University, Gifu, Japan
Abstract
Inferring others’ preferences is one of the central cognitive tasks of social life. The inferred preferences are used to
predict the behavior of others in novel situations; therefore, a certain level of abstraction is required. We considered the
inference of preferences as a classification problem on an abstract latent feature space. Participants (n=96) were asked
to show 89 images of automobiles to either an agent that had been programmed with a specific person’s preference
and which showed facial expressions according to that preference or an agent that did not show facial expressions.
Next, participants were asked to predict the agent’s likes and dislikes for novel 23 automobiles. The results showed that
participants could predict the agent’s likes and dislikes for the unseen automobiles with 74% accuracy, indicating that
they learned the decision boundary of agents’ preferences on the latent feature space using expressions of emotion as
labels.
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Intercultural enactive ethics: an approach from science and technology understood
as enactive practices
Melina Gastelum Vargas
UNAM, Ciudad de México, CDMX, Mexico
Abstract
This work analyzes how we can understand science and technology as enactive practices, and how that characterization
helps promoting an epistemology that does not rely only over the epistemological processes of science and technology,
but rather brings into play other categories that help other types of reflections, such as science and technology in the
face of cultural diversity. The idea that cognitive technologies can be understood as scaffoldings for developments and
innovations within enactive practices is used and developed, to lead to the understanding that cultural variety plays an
essential role in understanding the diversity of practices based on differentiation of the specialization of skills in relation
to the media through affordances. This allows proposing a proposal for critical intercultural ethics based and understood
from enactive practices.
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Epistemic Cultural Constraints on the Uses of Psychology
Rami Gabriel
Columbia College Chicago, Chicago, Illinois, United States
Abstract
This paper describes some epistemic cultural considerations which shape the uses of psychology. I argue the study
of mind is bound by the metaphysical background of the given locale and era in which it is practiced. The epistemic
setting in which psychology takes place will shape what is worth observing, how it is to be studied, how the data is
to be interpreted, and the nature of the ultimate explanatory units. I argue epistemic constraints shape the praxes that
arise from structural study of the mind. In order to illustrate this notion of epistemic cultural constraint, I discuss
Soviet Psychology and provide a contrast between practical uses of psychoanalysis in India, Egypt, and rural Ghana. In
response to these conceptual and practical epistemic limitations, psychology could adapt methods drawn from history
and anthropology towards an interdisciplinary psychology.
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Does Sans Forgetica font facilitate word memory?
Lucy Cui
University of California, Los Angeles, Los Angeles, California, United States

Jereth Liu
Geffen Academy at UCLA, Los Angeles, California, United States
Abstract
The new Sans Forgetica (SF) typeface was designed to promote desirable difficulty. Here, we investigate whether SF
improves memory for words with within-subject designs. Participants studied words in Arial and SF (Exp 1 and 2) and
completed old-new recognition tests where words retained their study fonts (Exp 1) or were in either Arial or SF (Exp 2).
They had significantly better recognition (hit rate) in SF than in Arial (Exp 1) and significantly higher sensitivity indexes
(d’) when words were tested in SF than in Arial (Exp 2). While encouraging, further examination of these results (e.g.,
response bias) suggest a less straightforward interpretation. Thus, we have reservations for the effectiveness and use of
SF for improving word memory.
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Investigating Expert and Novice Programming Problem Solving
Maria Vorobeva
Carleton University, Ottawa, Ontario, Canada

Kasia Muldner
Carleton University, Ottawa, Ontario, Canada
Abstract
Programming is a complex problem-solving domain, requiring the coordination of different types of knowledge and skills.
The present study investigates expert and novice programming problem solving by analyzing talk-aloud transcripts
and the code generated. Based on this analysis a set of basic goal and step components used by novice and expert
programmers are identified, which will inform on the generation of cognitive models in the next phase of this research.
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What’s Different About Improvised Rap?
Jordan Ackerman
UC Merced, Merced, California, United States
Abstract
Rap lyrics are a popular and understudied domain of human culture. In particular, improvised rap lyrics provide a unique
window into the cognitive and linguistic constraints of creative language production. Although the vast majority of rap
lyrics are written (premeditated), improvising lyrics has long been a core element of hip-hop culture. Very few efforts
have investigated the neural underpinnings of improvised rap, and none so far have focused on the language output
itself. This project compares phonemic, rhyme, and semantic features of written and improvised rap lyrics from 7 expert
rappers in order to uncover related phonological structures. Here, I demonstrate that the phonemes of these two modes
of production seem to be drawn from different distributions. In addition, across various metrics, improvised lyrics from
these experts display smaller phonological structures and less variation than written lyrics from those same artists, all
while consistently exhibiting large rhyming patterns (3+ syllable).
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Multiple-Object Search in Cluttered Scenes
Elizabeth Brogna
New Jersey Institute of Technology, Newark, New Jersey, United States

Sophie Jedrysek
New Jersey Institute of Technology, Newark, New Jersey, United States

Yelda Semizer
New Jersey Institute of Technology, Newark, New Jersey, United States
Abstract
Visual clutter impairs performance for single target searches in scenes. Our study investigated the effect of clutter on
visual search performance in scenes where multiple targets were present. Observers completed a search task which required detecting multiple targets when given a word representing the target. The number of targets in scenes was varied
and the visual clutter was measured using a clutter algorithm. Results showed that search performance declined with
increasing levels of clutter. In particular, participants searched longer and made more errors in highly cluttered scenes.
Further analyses suggested that participants elicited a tendency to overestimate the number of targets in scenes where
clutter was high. Overall, these findings suggest that visual clutter impairs performance for multiple target searches.
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Paths to Learning in Traditional Artificial Classification Tasks
Keith Sherman
Binghamton University, Binghamton, New York, United States

Kenneth Kurtz
Binghamton University, Binghamton, New York, United States
Abstract
There’s increasing evidence from studies of human performance in artificial classification learning tasks that a plurality
of mechanisms or strategies are available to learners. A recent investigation from our lab group found that a linearlyseparable category structure was harder to learn than a comparable non-linearly separable structure; and furthermore,
that there were qualitative individual differences reflecting different paths to learning. In the present experiment, we take
a deeper dive into performance on the LS category structure using a bank of test phase measures to more fully reveal what
each individual has learned and represented. We identify a systematic set of profiles to characterize individual learners
and demonstrate novel evidence on the nature and role of traditional psychological constructs: exemplars, prototypes,
and rules. In particular we show classic prototype effects arising not as a broad-based phenomenon but only from a
specific path to learning. Keywords: categorization; tacl: prototype effect; individual differences
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Learners Integrate Syntactic Frames and Semantic Hypotheses in Cross-situational
Verb Learning
Yiran Chen
University of Pennsylvania, Philadelphia, Pennsylvania, United States

Alexander LaTourrette
University of Pennsylvania, Philadelphia, Pennsylvania, United States

John Trueswell
University of Pennsylvania, Philadelphia, Pennsylvania, United States
Abstract
Previous research suggests that a verb’s meaning is learned partly through the aggregated profile of syntactic frames
associated with it. For example, “turn” occurs with transitive and intransitive frames in causative alternation (“He turned
the car”/“The car turned”), indicating it is a causal verb. Some evidence demonstrates that young children combine
multiple frames to map verbs to appropriate events. However, previous work always presented these frames together, in
a single dialogue. What remains unknown is how verb learning occurs when the frames are separated, uttered in different
referential contexts, as is likely in children’s everyday life. In a series of cross-situational word-learning experiments,
we show that adult learners update their hypothesis about a novel verb’s meaning when they encounter the verb again
in a new frame, integrating their previous hypothesis about the verb’s meaning with the new frame. These results shed
light on the cross-situational mechanisms of syntactic bootstrapping.

3753
In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

Real-time processing of COVID-19 health messages: Talking about you, us and
people
Elsi Kaiser
University of Southern California, Los Angeles, California, United States
Abstract
We used COVID-related health messages to investigate the real-time processing of indexical and generic expressions
(’you,’ ’we,’ ’people’), to further our understanding of how these expressions are processed and to explore whether
the ease of comprehending public health messages related to the COVID pandemic (as measured by reading time) is
influenced by type of referring expression. Results from a self-paced reading study point to an increased processing
load in messages with the non-indexical form ’people’ (relative to ’we’ and ’you’), which we suggest is separable from
effects of word length and frequency. We interpret this as initial support for the Indexicality Hypothesis, which posits
that expressions which can be indexical are easier to process than non-indexicals. To interpret the expression ’people,’
an additional representation needs to be evoked, which does not ’come for free’ as part of the speech situation, unlike
the speaker and addressee referents of indexical pronouns.
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Linguistic Anticipation in Children’s Correction Sentences
Alejandra Mitzi Castellón-Flores
Universidad Nacional Autónoma de México, Mexico City, Mexico

Armando Quetzalcóatl Angulo Chavira
UNAM, Mexico City, Mexico

Natalia Arias-Trejo
Universidad Nacional Autónoma de Mexico, UNAM, Mexico City, Mexico
Abstract
Adults anticipate semantically related information when a disfluency is presented using the syntactic and semantic information of the sentence context (Lowder & Ferreira, 2016). Anticipation skills depend on experience and language
development, whether children present similar anticipation skills is unknown. This research aimed to explore the anticipation skills based on disfluencies in school children (8-9 years old) and adults. Participants heard disfluency (In the
yard, I saw a dog, no, a rabbit) and coordination (In the yard, I saw a dog and a rabbit) sentences and observed four
pictures: the first noun (dog), the second noun (rabbit), a critical distractor (cat), and an unrelated distractor (tiger).
Results demonstrated that children and adults looked more at the critical distractor than at the unrelated image only
in disfluency condition; however, children were slower than adults in predicting the next noun. Therefore, our results
revealed that language prediction becomes more efficient with development.
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Immediate Feedback Decreases False Recognition in the DRM Paradigm
Angela Lowe
University of California, San Diego, La Jolla, California, United States

John Wixted
UC San Diego, La Jolla, California, United States
Abstract
Studying false recognition is highly important not only in furthering our general understanding of memory but also
in applied situations like eyewitness testimony. The Deese Roediger McDermott (DRM) paradigm, utilizing study lists
of words all semantically related to a theme word that is not actually presented, has been shown to be highly likely to
produce false recognition of the theme word (critical lure) at test (Roediger & McDermott, 1995). Prior studies have aimed
to combat this error by providing feedback, however the feedback provided was either delayed or only given for errors
to the critical lure. Our study provides immediate feedback for every memory judgment given in a DRM recognition
task, allowing subjects to evaluate their active memory traces. The results suggest that immediate feedback (compared
to delayed) is more effective at reducing false recognitions, possibly due to a learned reliance on memory features that
are diagnostic of true memories.
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Contrasting the semantic typology biases of Deaf and hearing people in their
conceptualization of time and space
María Macedo
Universidad de la República, Montevideo, Uruguay

Matías Yerro Avincetto
IPSIBAT (CONICET-UNMDP-CIC), Mar del Plata, Argentina

Jorge Vivas Dr.
(CONICET-UNMDP-CIC), Mar del Plata, Argentina

Alejandro Fojo
Universidad de la República, Montevideo, Uruguay

Adriana de León
Universidad de la República, Montevideo, Uruguay

Maximiliano Meliande
Universidad de la República, Montevideo, Uruguay

Roberto Aguirre
Universidad de la República, Montevideo, Uruguay
Abstract
How might differences in linguistic modality influence the mental lexicon? The mental lexicon offers a window into
conceptual domains and the shape of memory. On the other hand, the distinction between concrete-abstract offers a
suitable approach for a comparative study. So far, studies comparing the organization of the mental lexicon between
Deaf and hearers indicate similarity in lexical knowledge. This research asked if Deaf and hearing people have similar
conceptual organizations of the domains of time and space. In their respective language, sixty-two participants made a
repeated free association task with dual-class pieces in a concurrent domain clue format. The results showed less clustering for the deaf than the hearing group and opposed tendencies to establish semantic relations. The results matched those
of previous studies done on different aged groups. The results suggest that factors associated with linguistic modality
modulate the abstractness or concreteness of concepts.

3757
In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

Familiarity plays a unique role in increasing preferences for battery electric vehicle
adoption
Alexandre Filipowicz
Toyota Research Institute, Los Altos, California, United States

Matthew Lee
Toyota Research Institute, Los Altos, California, United States

David Shamma
Toyota Research Institute, Los Altos, California, United States

Shabnam Hakimi
Toyota Research Institute, Los Altos, California, United States

Scott Carter
Toyota Research Institute, Los Altos, California, United States

Rumen Iliev
Toyota Research Institute, Los Altos, California, United States

Totte Harinen
Toyota Research Institute, Los Gatos, California, United States

Emily Sumner
Toyota Research Insitute, Los Altos, California, United States

Candice Hogan
Toyota Research Institute, Los Altos, California, United States

Charlene Wu
Toyota Research Institute, Los Altos, California, United States
Abstract
Battery electric vehicles (BEVs) play an important role in efforts to reduce carbon emissions but widespread adoption is
hindered by people’s perceptions of BEVs. Here we examine the role of familiarity in influencing preferences for BEVs.
Using a US-based survey, we measured people’s familiarity with BEVs, BEV beliefs, belief uncertainty, and perceived
barriers and measured how these cognitive factors influence preferences. We first find that familiarity increases BEV
preferences independent of its effect through other factors. Second, exploratory mediation analyses find that familiarity
also indirectly increases BEV preferences by increasing positive BEV beliefs. Third, although familiarity reduces belief
uncertainty, the influence of uncertainty on preferences depends on belief valence. Taken together, these results propose
that familiarity plays a unique role in improving people’s perceptions and attitudes towards BEVs. We situate our findings
within the broader cognitive science literature and highlight a familiarity-targeted intervention aimed at improving more
widespread BEV adoption.
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Perceptual Grouping for War and Peace
Zhen Li
Zhejiang University, Hangzhou, None/Not Applicable, China

Ning Tang
Zhejiang University, Hangzhou, None/Not Applicable, China

Jiaying Zhang
Zhejiang University, Hangzhou, None/Not Applicable, China

Siyi Gong
University of California, Los Angeles, Los Angeles, California, United States

Jifan Zhou
Zhejiang University, Hangzhou, Zhejiang, China

Mowei Shen
Zhejiang University, Hangzhou, Zhejiang, China

Tao Gao
UCLA, LA, California, United States
Abstract
In a ground war, achieving peace is challenging even when both sides suffer. Here we demonstrate that when humans
jointly viewed a battlefield as perceptually grouped by colors, a factor irrelevant to the rules of land-war games, they
waged fewer wars and accumulated more wealth due to the perceptual border’s constraint on their aggression. This
facilitation of peace arose from perceptual grouping that serves as a visual common sense shared by humans, as a mismatched perceptual grouping between players failed to limit war. Moreover, it relies on the geopolitical principles that
make ground wars destructive and disappeared when these principles were violated. Together, we show that perceptual grouping limits human ground war as it is a mutually acknowledged “rallying point” where expectations of peace
converge.
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Active learning, feedback and hypercorrection effect in word learning
Martina de Eccher
University of Goettingen, Goettingen, Germany

Nivedita Mani
University of Goettingen, Goettingen, Germany
Abstract
How do individuals select which of multiple sources of information to attend to, and which events and entities in their
environment to solicit more information about? This study aims at understanding whether adults actively solicit information that they are missing to fill gaps in their knowledge of recently learned novel word-object associations. In other
words, we ask whether adults actively solicit the labels of objects they are not confident about. Furthermore, given the
role of confidence on the influence of feedback on word learning, we ask whether the beneficial effects of feedback on
errors vary as a result of the confidence learners have in their knowledge of newly learned novel word-object associations. We will also compare the findings of this study to the results of a study with the same design that was conducted
with preschoolers.
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Cue integration in speech and music
May Pik Yu Chan
University of Pennsylvania, Philadelphia, Pennsylvania, United States

Jianjing Kuang
University of Pennsylvania, Philadelphia, Pennsylvania, United States
Abstract
Listeners attend to multidimensional cues in pitch processing, including the spectral shape. While work has shown
that listeners normalize voice quality cues in linguistic pitch processing, listeners did not show normalization in nonspeech (sawtooth waveform) sounds. It remains unclear whether speaker normalization is unique to speech, or common
across all natural sounds, including musical sounds. This study uses manipulations to the spectral slope to compare
listener’s cue integration in pitch perception in speech vs. music. A forced-choice pitch classification task was conducted.
Listeners were given either speech or violin stimuli pitch contour pairs that varied in combinations of F0 and spectral
slope cues. They judged whether the second contour was higher or lower in pitch than the first. Results show that
listeners integrated spectral cues in speech and violin conditions similarly, and listeners with higher musicality had
more categorical responses. Overall results imply overlapping speech and music pitch processing domains.
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Abstract
A previous research by Raynal et al. (2021) has demonstrated that unconventional verb extensions based on abstract
similarities (i.e. semantic approximations) elicited a reduced N400 compared to pseudoverbs in preschoolers. Whereas
this result reveals young children’s analogical abilities, the current study aims to shed light on the specificity of mature metaphorical processing. To do so, the design of the previous research was replicated with adults. Participants
saw images of actions (e.g., peeling an orange) followed by an auditory presentation of sentences containing either a
conventional verb (e.g., peeling), an approximate verb (e.g., undressing), a superficially related verb (e.g., pressing) or
a pseudoverb (e.g., rauging). We found that approximate verbs elicited a strong N400 response, followed by a reduced
Late Negative Component (LNC) compared to pseudoverbs. These findings suggest that mature metaphorical reasoning
involves a category violation followed by a reinterpretation process allowing one to recategorize the source and the
target concepts through a common abstract concept.
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(How) Do Register and Morphosyntactic Congruence Effects Interact during
Sentence Reading? Two Eye-Tracking Pilot Studies
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Abstract
In two eye-tracking pilots during reading, we investigated real-time processing of formality-register congruence and
subject-verb morphosyntactic congruence, and their relation. Participants read, in German, two context sentences
conveying a formal or informal situation, followed by a target sentence containing a high- or low-register verb (e.g.,
Engl. transl. ”The policeman detained the activist” vs. ”The policeman grabbed the activist”) which matched or mismatched context formality. The second pilot additionally manipulated subject-verb morphosyntactic congruence (e.g.,
Engl. transl. ”*The policeman detain the activist”; ”*The policeman grabbed the activist”). We observed main effects of
formality-register and morphosyntactic congruence on verb reading times, as well as an interaction effect at the postverbal object noun. Higher degrees of context and target sentence formality resulted in longer reading times. Ongoing
investigation will further clarify our pilot findings, which suggest some interference between formality-register and
morphosyntactic congruence processing.
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Explicit and Implicit Coordination of Joint Action
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Abstract
People collaborate daily to achieve joint goals, negotiating sidewalks, preparing meals, constructing furniture. Here we
analyzed how strangers coordinate a complex novel task, assembling a TV cart. Before beginning and before major
actions, partners used a photo of the completed cart, speech, and gesture to establish a joint model of the structure of the
completed cart. Most coordination was implicit, a conversation of actions that could be understood in the context of the
current state of the object and the shared mental representation. Actions served a dual purpose, both to communicate
and to advance the task. The basic unit of coordination was the dyad, not the individual.

3764
In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

Towards Capturing Scientific Reasoning to Automate Data Analysis
Yolanda Gil
University of Southern California, Marina del Rey, California, United States

Deborah Khider
Information Sciences Institute, Los Angeles, California, United States

Maximiliano Osorio
University of Southern California, Los Angeles, California, United States

Varun Ratnakar
Information Sciences Institute, Los Angeles, California, United States

Hernan Vargas
University of Southern California, Los Angeles, California, United States

Daniel Garijo
University of Southern California, Los Angeles, California, United States

Suzanne Pierce
The University of Texas in Austin, Austin, Texas, United States
Abstract
This paper describes an initial cognitive framework that captures the reasoning involved in scientific data analyses, drawing from close collaborations with scientists in different domains over many years. The framework aims to automate data
analysis for science. In doing so, existing large repositories of data could be continuously and systematically analyzed
by machines, updating findings and potentially making new discoveries as new data becomes available. The framework
consists of a cycle with six phases: formulating an investigation, initiating the investigation, getting data, analyzing
data, aggregating results, and integrating findings. The paper also describes our implementation of this framework and
illustrates it with examples from different science domains.
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Inter-Team Cognitive Diversity – Using Distributed Cognition for Analyzing Team
Cognitive Diversity
Juhani Merilehto
University of Jyväskylä, Jyväskylä, Finland
Abstract
Teamwork in contexts of remote and hybrid working has become increasingly prevalent. Thus, the importance of developing and enhancing this mode of working is important. Previous literature has focused on the study of within-team
diversity, which is why this research takes the perspective of inter-team diversity. This study aims to bring insights
into teamwork from a cognitive perspective, using ethnography to compare how teams in different domains diversely
organize and function to achieve their goals as distributed cognitive systems. Distributed Cognition is selected as a theoretical approach, especially the Distributed Cognition for Teamwork – CL (DiCoT-CL), which has been used previously
in numerous studies relating to teamwork contexts.
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Abstract
Event structure in sign languages is reflected in the manual dynamics of verb production. As signed event structure is
visible (iconic), non-signers are able to recognize it, despite having no sign lexicon. In this EEG study, hearing nonsigners were presented with telic and atelic verb signs, followed by a lexical classification task in their native language.
Behavioral data confirmed that non-signers classified both telic and atelic signs with above-chance accuracy. ERP waveforms indicated that non-signers identified the perceptual differences in motion features when viewing telic/atelic signs,
and used different processing mechanisms when integrating the perceptual information with linguistic concepts in their
native language. Non-signers appeared to segment visual sign language input into discrete events, as they attempted to
map the observed visual forms to concepts, and label them linguistically. This mechanism suggests a potential evolutionary pathway for co-optation of perceptual features into the linguistic structure of sign languages.

3767
In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).
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Abstract
We quantitatively study the emergence of symbolic communication in humans with a communication game that attempts to recapitulate an essential step in the development of human language: the emergence of shared signs. In our
experiment, a teacher must communicate a first order logic formula to a student through a narrow channel deprived
of common shared signs: subjects cannot communicate with each other with the sole exception of car motions in a
computer game. Subjects spontaneously develop a shared vocabulary of car motions including indices, icons, and symbols, spanning both task-specific and task-agnostic concepts such as ”square” and ”understand”. We characterize the
conditions under which indices, icons, and symbols arise, finding that symbols are harder to establish than icons and indices. We observe the dominant sign category being developed transitions from indices to icons to symbols, and identify
communicating in ambiguous game environments as a pressure for icon and symbol development.
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The Comprehension of Broad Focus: Probing Roothian Alternatives
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Abstract
Research has shown that comprehenders represent alternative meanings to single focused words online, consistent with
Rooth’s (1992) formal semantic account. However, focus can also take a broader scope over whole phrases (’read the
manuscript’). We examined whether in these cases, alternatives are represented by testing for an interference effect of
the particle only. Using probe recognition, we first tested unmentioned alternatives to the constituent parts of VPs, to
object nouns (Exp 1, ’letter’ for ’manuscript’) and verbs (Exp 2, ’wrote’ for ’read’). In Exp 3, we tested alternatives to
whole phrases (’wrote the letter’). In all experiments, alternative probes were processed slower than unrelated ones. We
found varying evidence of the interference effects of only with noun, verb and whole-phrase alternatives. Overall, this
study does not provide support for the generalisation of the effects of only to broad focus. Additionally, we discuss the
methodological implications of probing whole phrases.
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A computer mouse-based throwing task to study perceptual-motor skill learning in
humans and machines
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Abstract
Perceptual-motor tasks offer redundant solutions to achieve a goal. However, not all solutions are equally robust to errorproducing noise or variability and thus, skill learning can be viewed as a search process to identify behaviors that are
error-tolerant. Throwing a ball to hit a target is one such example of a complex perceptual-motor skill that has been studied in the laboratory via the virtual “skittles” task, a simplified 2D task involving throwing a tetherball around a pole to hit
a target. We implemented the task as a Unity3D environment (code here: https://github.com/ShortFox/SkittlesTaskEnvironment/)
which enables participants to complete the task with a computer mouse and replicated key findings from previous research. Our implementation allows for remote data collection and can serve as a pedagogical tool to teach concepts in
skill acquisition. Future work will use this task to explore human versus machine skill acquisition by leveraging Unity’s
MLAgents reinforcement learning package.
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Predictors of Incidental and Intentional Learning: Curiosity, Construal Level, and
Musical Arousal
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Abstract
Having an intention (or not) forms a categorisation system for learning. Correspondingly, incidental learning stands for
learning without intention to learn. The current paper examines the influences of incidental and intentional learning. 170
adults participated in three experimental studies. In each experiment, participants examined some animal illustrations
and read paragraphs about them. In the first study, animal illustrations were arranged as being common (i.e., low
curiosity) or novel to examine the effect of curiosity. Low curiosity level was more effective on incidental learning and
vice versa for intentional learning. In the second study, mental time travel manipulation showed focusing on current
time increased intentional learning. In the third study, the effect of arousal was examined via the tempo of the music
(i.e., faster tempo for high arousal level). Low arousal level increased incidental learning. Ultimately, curiosity, mental
time travel, and arousal could be essential in intentional and incidental learning.
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Abstract
Language studies in Asperger Syndrome (AS) report problems in intention interpretation, figurative language and pragmatic abilities. Those abilities require to differentiate constructional and contextual meaning. Previous research use
a functional framework to look for literal and figurative language processes. Method. We use Conceptual Metaphor
Theory (CMT) and Steen’s five steps analysis to compare metaphorical expression frequencies in AS and Typical Development (TD) from an experiential-based perspective. We documented the conceptual metaphors (A is B form), and the
metaphor’s types: Structural, Orientational, and Ontological. We applied three tasks to elicit speech: (a) conversation
task, (b) narration task, and (c) description task. Results. Our Mexico City’s data indicates that AS children are able to
produce common metaphorical expressions at the same levels as TD children, at equal ages in Spanish. We found both
populations use intentional and contextualized metaphor expressions, and the metaphors are mostly conventionalized
expressions previously not considered.
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Context-based Prediction Error Updating of Memory Representations is Modulated
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Rujuta Pradhan
Indian Institute of Technology, Kanpur, Kanpur, Uttar Pradesh, India

Devpriya Kumar
Indian Institute of Technology Kanpur, Kanpur, Uttar Pradesh, India
Abstract
Event boundary advantage (EBA) refers to greater memorability of information at boundaries than for any other part of
an event. Recent studies have identified post-encoding processes as a likely source of EBA. The current study investigated
whether boundaries are distinctly remembered because they act as gateways for retrieval of associated event-elements
by using a trace modification paradigm where memory for the last item of an encoded triplet (A-B-C) is suppressed by
replacing it with a novel item on re-exposure (A-B-D). Two hierarchical Bayesian models tested whether the immediate
associate, boundary item or only the category difference between old and new item of the triplet predicts suppression.
Results indicate suppression is predicted by an interaction between memory of A and category, but successful updating is predicted by an interaction between memory of B and category. We discuss the implications of the result for
understanding role of event boundaries in trace updating.
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Culture and Category Learning: The Relationship between Analytic and Holistic
Thinking Styles
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Abstract
Basic category learning mechanisms are largely thought to be universal (Shepard, 1987). However, research has shown
differences in processing styles between Eastern and Western cultures (Nisbett et al., 2001; Norenzayan et al., 2002),
though this has not always been replicated (Murphy et al., 2017). To explore category learning styles and effects of
culture, this online study paired the Shepard, Hovland, and Jenkins tasks (Shepard et al., 1961) with the Analysis-Holism
scale (Choi et al., 2007). These tasks vary in complexity and optimal strategy to test the reliance on single feature rules,
disjunctive rules, and family resemblance. Cultural differences for holistic approaches in non-Western samples were
expected when categories could be acquired in more ways than one. The results show expected learning trends for the
SHJ tasks, signifying reliable data collection. Additionally, of the six tasks, higher holistic thinking was significantly
correlated with the family resemblance task (Type IV).
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Abstract
Research suggests individual differences in motor skills may be associated with reading ability in school-age children.
This meta-analysis explored whether deficits in motor skills are evident in developmental dyslexia, using estimates from
33 studies (k) with 122 effects (m) from dyslexic and age-matched neurotypical samples (N dyslexia = 1248, M age =
11.6 years, range 7.0 to 25.3 years). An overall effect of moderate magnitude, g = –.52 [95% CI –.74; –.29], confirmed
that motor skills are impaired in dyslexia. Meta-regression analyses indicated no significant effects of participant age or
language. Subgroup analyses revealed significant group differences for tasks with nonlinguistic stimuli (k = 28, m = 83),
e.g., pegboard task, g = –.46 [–.71; –.22], or linguistic stimuli (k = 10, m = 39), e.g., word copying task, g = –.66 [–1.09;
–.24]. Effects were significant for groups with confirmed dyslexia diagnoses (k = 27, m = 103), g = –.56 [–.81; –.30], but
not for groups identified as poor readers, (k = 6, m = 19), g = –.32 [–.93; .28]. Effects were significant for fine motor
skills (k = 29, m = 106), g = –.61 [95% CI –.83; –.39], but not for gross motor or composite measures (k = 10, m = 16),
g = –.26 [95% CI –.76; .24]. The results suggest that fine motor tasks might help to identify children at risk of dyslexia.
Longitudinal research may further elucidate relations between motor and reading skills.
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Toward Digital Transformation of Personality Questionnaire: Development of
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Abstract
Personality traits evaluation is useful for effective supports of work and mental care. However, answering personality
questionnaire demands much time and mental load for subjects (target persons). To reduce such time and load, one
of the solutions is a digital transformation of personality questionnaire. Toward digital transformation of personality
questionnaire, we developed digital questionnaires, which enable us to obtain not only answers but also answering
reaction to questions. By using correlation analysis, we found significant correlations between 12 types personality traits
and six reaction indicators obtained by the questionnaires. To develop a simpler and accurate digital questionnaires, it
would be effective to develop a personality estimation method by using a combination of answer and reaction obtained
by the questionnaires

3776
In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

Learning Unnatural Language Quantifiers
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Abstract
The fact that all natural language quantifiers are conservative raises the question of whether people could hypothetically
learn the conservative quantifiers more easily than the non-conservative ones. Some developmental studies attempted
to answer this question, yet they did not reach any consistent results. This study offers an insight into this debate by
investigating the learning of four unnatural language quantifiers with an eye-tracking experiment. This experiment
employs the occluded referent paradigm, allowing us to identify which referents, hypothetical parts of the sets that
the quantifiers relate to, the participants address when discovering the meanings of the quantifiers. The results show
that when figuring out the quantifiers’ meanings, people refer to the lexically-related referents instead of limiting their
hypothesis space based on conservativity. This implies that difficulty of learning is associated with the number and
lexical-relatedness of referents that the quantifier is related to, rather than conservativity.
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Abstract
Human communication usually exhibits two fundamental and essential characteristics under environmental pressure,
efficiency, i.e., using less communication frequency to achieve comparable performances in cooperation; and robustness,
i.e., maintaining a relative performance when communicating in a complicated environment. Since a critical goal of
designing artificial agents is making them human-like in many scenarios. How artificial agents could learn a humanlike communication mechanisms in terms of efficiency and robustness is a long-existing problem which has not yet
been solved. Reinforcement Learning, due to its trail-and-error paradigm, provides a promising framework in solving
the above research problem. With reinforcement learning, this paper develops architectures that help agents learn
an efficient and robust communication, and carries out extensive experiments which uncover that artificial agents are
cognitively capable to learn such human-like communication protocol in various environments (tasks).
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High-arousal positive emotion evoking is more effective in VR than on a 2D
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Abstract
Virtual Reality (VR) technology has been widely used in researching situations that require high ecological validity but
are difficult to copy. In this paper, we compare the effect of 360-degree videos in VR head-mounted display and 2D
computer screen on evoking four types of emotional states, and innovatively assess the effect of emotion evoking using
the Go/No-go attention paradigm. Based on the eye movement data collected from a considerable number of participants
(N=48), the result reaches marginally significance in the effect of immersion level of evoking (p=0.075), emotion’s level
of arousal (p=0.019), and the interaction between them (p=0.037) under the condition of positive evoking. We find that
immersive device can better evoke positive emotions with high arousal, while non-immersive device cannot manipulate
the intensity of evoked emotions. Our study empirically demonstrate that high-arousal positive emotion evoking is more
effective in VR than on a 2D monitor based on computational affection.
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Abstract
Chinese phonology features a contrast between alveolar and retroflex places of articulation, particularly in the standard
Beijing variety of Mandarin. However, studies have shown that ‘outer-circle’ varieties (such as in Taiwan and Singapore)
have a less clear contrast, termed “deretroflexion”, which results in poor contrastive perception for Taiwan Mandarin
speakers. However, our previous study did not find this deficit in Singapore Mandarin speakers. In this preregistered
follow-up study, we investigate how Singapore Mandarin speakers perceive the alveolar-retroflex contrast and examine
if differences in perception are linked to Mandarin understanding proficiency. Our results (N = 62) reveal that while
Singapore Mandarin speakers perceive an alveolar-retroflex phoneme contrast, there is a wide range of differences in
ambiguity resolution across the alveolar-retroflex acoustic spectrum. We did not find a link between perceptual differences and Mandarin understanding proficiency, indicating that highly ‘tuned’ perceptual sensitivity is not needed for
high Mandarin understanding proficiency.

3780
In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

Minimizing Expected Uncertainty in Visual Word Recognition: Are Readers
Sensitive to the Distribution of Information across Word Forms?
Jon Carr
International School for Advanced Studies (SISSA), Trieste, Italy

Davide Crepaldi
International School for Advanced Studies (SISSA), Trieste, Italy
Abstract
Skilled readers are typically most accurate at identifying words when fixating them slightly left of the central character,
the so-called optimal viewing position. There are two main explanations for this effect, which are not mutually exclusive. The first claims that the optimal viewing position lies left-of-center due to the particular constraints of the human
perceptual system. The second explains the effect in terms of the beginnings of words generally being more informative
about word identity. The complexities of natural languages make it difficult to tease apart the relative contribution of
each explanation. We explore this issue through the lens of a Bayesian cognitive model and two experiments using
artificial lexicons in which we can carefully control how information is distributed across wordforms. Our results replicate previous findings and further suggest that readers may use implicit knowledge about information distribution to
minimize uncertainty when targeting words.
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Abstract
The paper aims to examine participants’ open-text ‘think aloud’ explanations of their reasoning while making a judgement about an ambiguous scenario. It aims to consider this data in light of frameworks such as causal modelling, intuitive
theories, coherence and the story model. Consistent with these frameworks, we find that participants bring in a large
amount of world knowledge to connect ambiguous evidence to unobserved, inferred variables and, via these, to the
target judgement. We attempt to represent these chains of inferences using causal diagrams and find that participants
interpretations of the scenario can be lumped into one of two distinct causal models, each presenting an internally coherent ‘image’ of the ambiguous scenario. Furthermore, participants’ judgement predicts which of those two models
they adhere to. We discuss the limitations and merits of this methodological approach for investigating these types of
frameworks.
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Bizarreness Effect and Its Relation to Memory and Metamemory
Samet Kaya
Bilkent University, Ankara, Turkey

Miri Besken
Bilkent University, Ankara, Turkey
Abstract
Research shows that participants predict their memory performance to be lower when they experience disfluencies
during encoding, even though encoding disfluency does not always affect actual memory performance. Bizarre statements are typically encoded slower than common statements, which constitutes an example of an encoding disfluency.
The current study investigated how disfluencies during encoding for bizarre and common statements affect actual and
predicted memory performance from a metacognitive perspective. Across two experiments under intentional learning instructions, participants made either memory predictions or vividness ratings for bizarre and common statements,
followed by a free recall task. Participants predicted to remember common statements more than bizarre statements
for both Experiment 1 (self-paced encoding) and Experiment 2 (experimenter-paced encoding), even though the actual
memory performance was higher for bizarre than common statements. This demonstrates a metacognitive illusion for
the bizarreness effect, similar to other manipulations of encoding disfluency.
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The role of predictability and sense of agency in time estimation
Tsuyoshi Kohatsu
University of the Basque Country , Vitoria Gasteiz, Spain

Sho Akamine
Max Planck Institute for Psycholinguistics, Nijmegen, Netherlands

Akari Omine
transcosmos inc., Urasoe, Japan

Manami Sato
Okinawa International University, Ginowan, Okinawa, Japan
Abstract
Our perception of how time passes changes dynamically, and is influenced by psychological factors such as sense of
agency (SoA), predictability, and attention. Using a reproducing time estimation task, this study investigates how predictability cues can influence time estimation by individuals with stable and unstable SoA. The results show that participants with stable SoA tended to estimate longer durations than participants with unstable SoA. Further, a cue to
predictability led to even longer estimations by participants with stable SoA but made no difference in the time estimations of participants with unstable SoA. The study discusses the relationship between individual differences in SoA,
predictability, and time estimation.
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Investigating the Effect of Synthetic Voice Naturalness on Gist Memory
Ashley Keaton
University of California, Davis, Davis, California, United States

Georgia Zellou
University of California, Davis, Davis, California, United States
Abstract
As voice-AI technology becomes commonplace in today’s world, speech synthesis technology is rapidly becoming more
naturalistic. While previous studies investigated the intelligibility of synthetic speech, it is not clear how the naturalness
of a synthetic voice affects listeners’ memory of the meaning content of a spoken message. The present study investigates how listeners’ memory of semantic gist is affected when participants are exposed to a naturalistic synthetic or
a roboticized synthetic voice. Participants completed a Deese-Roediger-McDermott (DRM) task to assess recognition
accuracy for semantically related word lists. The naturalistic and robotic synthetic exposure voices showed similar levels of recognition accuracy across conditions. However, both synthetic voices resulted in worse recognition accuracy
compared to previous research on DRM tasks when the lists were read by human talkers. These findings inform the development of synthetic voices used in information delivery contexts and point to future directions for memory research
with synthetic voices.
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Pragmatic comprehension of implicatures — consistency within individuals across
types and time
Margarita Ryzhova
Saarland University, Saarbrücken, Germany

Jia Loy
Saarland University, Saarbrücken, Germany

Vera Demberg
Saarland University, Saarbrücken, Germany
Abstract
While some first results in the literature indicate a relationship between pragmatic processing and specific personality
traits or cognitive properties, no results to date show whether an individual makes consistent inferences across different
pragmatic tasks or throughout time. In the present longitudinal study, we address these questions by collecting the data
on seven types of implicature tasks (including classic scalar implicatures, embedded scalars, and implicatures based on
informational redundancy), for the same set of participants. Additionally, we relate the propensity of drawing pragmatic
inferences to participants’ cognitive and personality profiles. Results show a strong consistency in pragmatic inferences
within individuals across time, and between highly similar implicature tasks, but no correlation between different classes
of implicatures such as those based on quantifiers vs. not, suggesting that these are subject to different processes.
Furthermore, of the individual differences examined, only memory updating was associated with pragmatic competence
in bare numerals.
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The interplay of situation-formality register congruence and verb-argument
relations
Ana-Maria Pleșca
Humboldt Universität zu Berlin, Berlin, Germany

Katja Maquate
Humboldt-Universität zu Berlin, Berlin, Germany

Pia Knoeferle
Humboldt University of Berlin, Berlin, Berlin, Germany

Pia Knoeferle
Einstein Center for Neurosciences Berlin, Berlin, Germany
Abstract
The semantic relation between a verb and its argument rapidly impacts language comprehension much like world knowledge and the linguistic context (Altmann & Steedman, 1988; Kutas & Hillyard, 1984; McRae et al., 1998). As part of the
socially situated context, register could incrementally modulate comprehension and interact with standard language
knowledge processing. Two self-paced reading experiments with an additional picture selection task examined how
social-formality contexts and their (mis)matches with register use are comprehended in the presence of verb-argument
semantic relation (mis)matches. We assessed whether comprehenders can rapidly adapt to shifting situation formality
(Exp 2, N=64), or whether they benefit from habituation enabled by blocked presentation of formality (Exp 1, N=64). We
successfully replicated incremental verb-argument (mis)match effects. No significant register effect was found, but the
observed picture selection accuracy patterns could be taken to suggest that the processing of social contextual information might impact late sentence processing.
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Hysteresis in training task of Approximate Number System: transfer effect to
symbolic math abilities
Nadir Díaz-Simón
Universidad de la República, Montevideo, Uruguay
Abstract
From an early age, humans have access to the Approximate Number System (ANS), which allows an approximate sense
of quantities. Several pieces of evidence show the emergence of a functional relationship between individual differences
in ANS accuracy and mathematical performance, but the correlational nature of the studies do not allow us to clarify
the nature of this relationship. In this study, we conducted a randomized controlled trial with a pre and post-test design,
which aims to evaluate the hysteresis effect in modulating performance in an approximate quantity comparison task
and the subsequent transfer effect on symbolic mathematical performance. One hundred and twenty-eight students
from senior kindergarten and first grade of elementary school participated in this study. The results show a hysteresis
effect in Reaction Time and efficiency index for First Grade, but no transfer effect to symbolic mathematical abilities was
found.
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Study on Heterogeneous Roles in Coordinated Behavior of a Triad Using
Force-based Models
Jun Ichikawa
Shizuoka University, Hamamatsu, Japan

Keisuke Fujii
Nagoya University, Nagoya, Japan
Abstract
Humans interact based on others’ roles to achieve a group goal. A previous study indicated that the adjusting role is
related to high task performance in the coordinated behavior of a triad. The action may handle others’ or its misses
resiliently and maintain an overall balance; however, the previous results alone can not explain the adjustment process
in the crucial role. This study formulated the three heterogeneous roles in the coordinated drawing task using equations
of motion, where a triad operate reels to change thread tensions and move a pen connected to the three threads to draw
an equilateral triangle. The simulation results showed that, for drawing at least three sides, the adjusting role may use the
degree of pen deviation on each side that is influenced by other operators to change the tension. Our findings contribute
to understanding of complex and dynamically planned coordination through supplementing the experimental results.
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Non-native English Speakers Are Not Disadvantageous in Humor Appreciation, but
Detection, Compared with Native Speakers
Masaki Nakanishi
University of California San Diego, La Jolla, California, United States

Haoyin Xu
University of California, San Diego, La Jolla, California, United States

Seana Coulson
UC San Diego, San Diego, California, United States
Abstract
Humor comprehension is a great challenge for foreign/second language (L2) learners. Previous studies on humor comprehension in L2 speakers have relied only on descriptive approaches or subjective ratings on humor materials. However, no study has quantitatively investigated the behavior of L2 speakers in different stages of humor comprehension
including humor detection and appreciation. This study first developed/validated a novel method to separately assess
joke detection and appreciation, and conducted a series of experiments to explore the difference between native and
non-native English speakers. The results showed that the non-native speakers achieved significantly lower accuracy in
the joke detection than the native speakers, whereas the appreciation ratings were comparable between them. The results suggested that the non-native speakers are not necessarily disadvantageous in the joke appreciation, but detection,
compared with native speakers
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Improving Improv: Effects of Interpersonal Coordination on Music Improvisation
Tevin Williams
University of North Carolina at Charlotte, Charlotte, North Carolina, United States

Alexia Galati
University of North Carolina at Charlotte, Charlotte, North Carolina, United States
Abstract
We examined the signatures of music improvisation following a targeted manipulation that involves a mirroring task.
In 18 pairs participants completed a solo music improvisation performance using a percussion instrument (cajon), a
mirroring task with a partner, and joint music improvisation. Across pairs, we manipulated three different types of
mirroring to examine its effects on coordination during joint music improvisation (Hierarchical mirroring, partner A
leading and partner B following; Turn-Taking mirroring, partner A leading the first half and partner B leading the
latter half; and Egalitarian mirroring, partners co-creating spontaneous movement together). From audio recordings,
we extracted signatures of interpersonal coordination from the acoustic performances using cross-correlation. There
were only marginally significant differences in interpersonal coordination during improvisation, with pairs in the TurnTaking condition exhibiting lower levels of cross-correlation than in the Egalitarian condition. This work provides some
initial theoretical insights about downstream effects of interpersonal dynamics on music improvisation.
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Schematic Diagrams and Semantic Processing of English Prepositional Polysemy
Menghan Wang
The University of Melbourne, Melbourne, Australia

Helen Zhao
University of Melbourne, Melbourne, Australia
Abstract
The paper investigates whether English native speakers (NSs)’ and non-native speakers (NNSs)’ online processing of
prepositional phrases were primed by schematic diagrams and whether the priming effects were modulated by different
prepositions and senses. 125 adult NS and NNS participants judged on over and in phrases that encode spatial and
extended senses in a semantic priming task. Results showed an inhibitory effect of diagrams on NNSs’ processing but
a marginal facilitatory effect on NSs’ processing. In addition, the inhibitory effect of diagrams only applied to the
processing of extended senses, but not spatial senses. The current findings indicate that NNSs’ processing of English PPs
could be negatively influenced by schematic diagrams particularly when the target phrases are more complex (Boers,
2011), presumably due to NNSs’ more limited cognitive capacity of processing complex second language expressions
under time pressure than NSs.
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Understanding of Linguistic Scales in Speakers with Williams Syndrome
Asya Achimova
University of Tübingen, Tübingen, Germany

Julien Musolino
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Rennie Pasquinelli
Johns Hopkins University, Baltimore, Maryland, United States

Martin Butz
University of Tübingen, Tübingen, Germany

Barbara Landau
Johns Hopkins University, Baltimore, Maryland, United States
Abstract
Individuals with Williams Syndrome (WS) display an unusual cognitive profile with severe deficits in spatial skills along
with fluent and arguably complex language. Our experiment focused on the comprehension of scalar expressions, such
as ‘some’, ‘two’, and ‘or’ as a window to study their semantic and pragmatic competence. We compared performance of
individuals with WS (mean age = 16,4 (year, month), age range = 11,10-21,11) to children matched by Mental Age (MA,
(mean age = 6,1, age range = 5,2-7,8) and typical adults. No differences between the WS and MA groups were found in
their knowledge of truth conditions of scalar terms. We further tested whether participants accept the statements with
scalar terms in contexts featuring their logical (semantic) readings. Individuals with WS accepted logical readings more
often than children matched by MA, suggesting that individuals with WS have access to the abstract meaning of scalar
expressions.
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What will they choose? Adults’ and children’s intuitive predictions of others’
numerical decisions
Rahma Mbarki
Rutgers University-New Brunswick, New Brunswick, New Jersey, United States

Dora Kampis
University of Copenhagen, Copenhagen, Denmark

Jinjing (Jenny) Wang
Rutgers University - New Brunswick, Piscataway, New Jersey, United States
Abstract
We constantly interpret and predict others’ decisions and behaviors when interacting with the world. Do our predictions
of others’ decisions differ depending on whose behavior we are trying to predict? In four experiments, we probed how
adults and children (N = 144, 6- to 8-years old) predict different agents’ intuitive numerical decisions. We varied the
phylogenetic and ontogenetic history of the agents: an adult, a child, an infant, a chimpanzee, and an ant. We found that
both adult and child participants predicted the adult and child agents to reliably choose the larger amount. Both adult
and child participants predicted the infant and ant to choose at random. However, while adult participants attribute
numerical decisions similar to adults and children to chimpanzees, children seem to think chimpanzees behave similarly
to infants and ants. Overall, these results suggest that adults and children share similar intuitions about others’ numerical
decisions based on agent identity.
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Typicality gradients in the category fluency task
Reba Koenen
Georgia Institute of Technology, Atlanta, Georgia, United States

Benjamin Hayden
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Alexander Herman
University of Minnesota, Minneapolis, Minnesota, United States

Sashank Varma
Georgia Tech, Atlanta, Georgia, United States
Abstract
In the category fluency task, participants are given a superordinate category (e.g., ANIMALS) and generate exemplars
(e.g., dog, cat, lion, tiger, monkey, …). Cognitive neuropsychologists have shown that people with frontal lobe lesions
are less flexible in switching between categories (e.g., Pets, Felines, Jungle Animals). Recently, cognitive scientists have
developed formal models of the switching process. Our research builds a second bridge between the cognitive neuropsychology and cognitive science literatures. We utilize machine learning models of word meaning (GloVe, word2vec) to
investigate typicality gradients of category exemplars over time. Within a category run, people produce more typical exemplars earlier, and across runs, they sample more frequent categories before less frequent categories. We also propose a
novel ANIMALS category scheme that improves the classic one (Troyer et al., 1997). These findings expose the temporal
structure of the category fluency task, and are relevant for theories of cognitive flexibility and cognitive control.

3795
In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

How to Explain the Automaticity of Object Recognition
Aleksandra Mroczko-Wasowicz
University of Warsaw, Warsaw, Poland

Alfonso Anaya
University of Warsaw, Warsaw, Poland
Abstract
Capacities for object recognition are capacities to either categorize a perceived object as belonging to a conceptual
category (e.g., being a cat) or identify it as being a specific individual (e.g., being Mr. Whiskers). There is wide agreement
that at least some of these capacities operate automatically. Empirical studies have determined that recognition can occur
as quickly as within 200ms after stimulus detection. This short time frame excludes any possibility for subjects to exercise
conscious control over the development of the process. Though several detailed models have been advanced to explain
how recognition processes work (especially in cases of face and object recognition), no adequate explanation of their
automaticity has been offered. Here, we advance a proposal according to which recognition is automatic because it is
the result of an associative processing mechanism. In particular, we propose that recognition implements a competitive
learning mechanism to solve the match-selection problem.
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Typicality Gradients in Computer Vision Models
Neha Upadhyay
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Sashank Varma
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Abstract
Rosch (1975) proposed that some exemplars are more typical of a category than others. Typicality gradients have historically been estimated from data collected from human participants. Here, we investigated whether they can be estimated
from a computer vision model, VGG19, guided by cognitive science models of concepts and categorization. Following
prototype models, we estimated the similarity of each exemplar to the concept prototype computed in two ways (average across all exemplars, most typical exemplar). Following exemplar models, we computed the pairwise similarities
between pairs of exemplars and used MDS to order them on a continuum. The prototype-average model achieved the
highest rank-order correlation to human typicality ratings of exemplars of the bird category. Thus, computer vision
models may have some promise for generating human-like typicality gradients. We are extending this work to utilize
newer computer vision models such as ResNet, and to encompass a broader range of categories.
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Explain with, rather than explain to: How explainees shape their learning
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Ed Donnellan
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Yan Gu
UCL, London, United Kingdom

Gabriella Vigliocco
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Abstract
Research about explanation processes is gaining relevance because of the increased popularity of artificial systems required to explain their function or outcome. Following an interactive approach, not only explainers but also explainees
contribute to successful interactions. However, little is known about how explainees actively guide explanation processes and how their involvement relates to learning. We explored the occurrence and type of explainees’ questions
in 20 adult–adult explanation dialogues about unknown present and absent objects. Crucially, we related the question
types to the explainees’ subsequent recall of the unknown object labels. We found that explainees asked different types
of questions, especially about the object’s label and facts. Questions about the object’s function were asked more when
objects were present. In addition, requests for labeling were linked to better recall. The results contribute to designing
explainable AI that aim to provide relevant explanations and to further experimental approaches to study explanations.
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Time Alignment between Gaze and Speech in Image Descriptions: Exploring
Theories of Linearization
Ece Takmaz
University of Amsterdam, Amsterdam, Netherlands

Sandro Pezzelle
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Raquel Fernandez
University of Amsterdam, Amsterdam, Netherlands
Abstract
In describing images, visual and linguistic processes coordinate with each other and they both proceed in a linear fashion.
Three main theories about the nature of the relation between these processes and how they unfold over time have been
proposed in the literature of ’linearization’. In this work, we investigate the hypotheses put forward by these theories
utilizing a corpus of spoken image descriptions with speakers’ eye-movement data. We explore the time alignment
between the fixations on objects and the utterance of the corresponding nouns in the data. In contrast to previous
studies, this dataset allows us to inspect unrestricted language production in the context of real scenes on a larger scale.
We find both confirming and conflicting evidence for each of the theories in question, suggesting that the intricate
relation between eye movements and language production may involve mechanisms proposed by all three theories.
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Formalization and Implementation of ViolEx: An Active Inference perspective
Dhanaraaj Raghuveer
Philipps-Universitaet, Marburg, Hesse, Germany

Dominik Endres
Philipps-Universitaet, Marburg, Hesse, Germany
Abstract
Expectations play a critical role in human perception, cognition, and decision-making. There has been a recent surge
in modelling such expectations and the resulting behaviour when they are violated. One prominent recent proposal is
the ViolEx model. To move the model & the literature forward, we identified three areas of concern and addressed two
in this study - Lack of formalization and implementation. Specifically, we aim to provide the first implementation of
ViolEx using the Active Inference formalism by leveraging the rich overlap between them. As a result, we successfully
simulated all expectation violation coping strategies of ViolEx and analyzed their potential mediators. Through this
analysis, we identified novel predictors of immunization & assimilation and documented the computational mechanism
of their mediation. We see this as the first step in developing a formal research framework to study expectation violations
and hope to serve as a base for future ViolEx studies.
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Thinking into a machine’s mind - Anticipation of an agent’s behavior in a
cooperative game
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Markus Huff
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Abstract
An accurate mental model of the partner’s behavior is fundamental for efficient cooperation. The theory of mind demonstrates that humans are able to create such a model from repeated interactions with their human partners. However, it is
an open question whether humans are also willing and capable of taking the perspective of artificial agents and creating
similar mental models of agent behavior. We developed a repeated cooperative task that allows us to investigate the
process that guides the formation of a specific partner model by repeatedly asking for a prediction of an artificial agent’s
actions. We found that humans learn to anticipate the artificial partners’ behavior if it is goal-directed. An inability to
explicitly explain the partner’s behavior suggests that this is an implicit learning process. The role of the acquisition of
task knowledge in the model of the other agent’s behavior is discussed.
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“Feels Like I’ve Known You Forever”: Empathy and Self-Awareness in Human
Open-Domain Dialogs
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Abstract
As conversational agents become more human-like, people expect them to be engaging as well. However, developing
agents that comprehend human desires and generate appropriate responses, continues to be a challenge. We, therefore,
collected 2,300 human open-domain dialogs with self-labeled psychological variables such as empathy, connectedness,
respect, and friendliness. We found that participants who talk coherently and disclose self-relevant information were
engaging partners. Also, we found that various empathetic responses were critical for sincere interaction: agreement,
perspective-taking, referring to someone as adorable, and asking questions. When comparing the most and least engaging dialogs, linguistic cues and length of sentences denoted different extents of perceived empathy and sincerity by
the partner. Also, we found that a large language model, GPT-3, makes small talks in one shot, but it cannot generate
many empathic expressions or sustain a lengthy conversation. We propose a new approach for enhancing conversational
agents’ social and engaging characteristics.
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Expanding Understandings of Embodied Mathematical Cognition in Students’
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Abstract
This exploratory study provides evidence that middle-grade students’ symbolic fraction knowledge relates to grounded
and embodied cognitive learning processes such as spatial ability and anxiety. These findings (N = 89) are consistent with
several previous findings on fraction knowledge and mathematics learning more generally while highlighting several
novel associations. Three key findings include: 1) mental rotation and spatial visualization are specifically predictive
of fraction knowledge scores; 2) spatial anxiety may moderate the relationship between spatial ability and fraction
knowledge scores; and 3) fraction knowledge is not only grounded in processes operating at biological and cognitive
timescales individually, but components of these processes are interconnected. Though exploratory, these findings may
provide the foundations for future work exploring the mechanisms behind these associations.
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Modelling the Emergence of Linguistic Conventions for Word Order: The Roles of
Semantics, Structural Priming, and Population Structure
Loïs Dona
Utrecht University, Utrecht, Netherlands

Marieke Schouwstra
University of Amsterdam, Amsterdam, Netherlands
Abstract
We used agent-based modelling to study the emergence of linguistic conventions for basic word order (the order of
subject, object and verb) in different populations. As a starting point, we take word order variation based on semantic
properties, as observed in improvised gesture experiments. In our first simulation we explore the relative contributions
of two pressures, one for semantically conditioned variation, and the other structural priming (which takes place when
two individuals engage in communication), and show that a relatively increasing influence of structural priming best
explains an increase in word order regularity. Next we implement a larger simulation, investigating how properties of the
population affect regularization of word order. Our models compare population sizes with different population densities,
and show that the speed of regularization in languages is heavily influenced by population density, and population size
has little effect.
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Abstract
The dual mechanisms of control framework describes two modes of goal-directed behavior: proactive control (goal maintenance) and reactive control (goal activation on task demands). Shifts between these modes may explain variations in
user performance in computing tasks. Although these mechanisms are relevant to the design of interactive systems, and
particularly educational systems, their relation to human-computer interaction (HCI) is under-researched. We propose
a manipulation to induce proactive or reactive control in the context of mathematical problem solving on an online tutoring system. We present two experiments where students solved problems using either proactive or reactive control.
Study 1 validates the manipulation by investigating behavioral measures that reflect usage of the intended strategy and
assesses whether either cognitive control mode impacted learning. Study 2 investigates whether alternating between
control modes during problem solving affects student performance.
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Psychological Flexibility Determines COVID-19 Peritraumatic Distress and
Severity of Depression
Rishabh Singhal
International Institute of Information Technology, Hyderabad, India

Minaxi Goel
International Institute of Information Technology, Hyd, Hyderabad, Telangana, India

Priyanka Srivastava
International Institute of Information Technology, Hyderabad, Hyderabad, Telangana, India
Abstract
COVID-19 implied social distancing, forced behavioural changes, and the economic downturn has been associated with
poor mental health and wellbeing. Depression and suicide are the highly predicted psychosocial risks caused by the
pandemic crises. Early studies evaluating the effect of COVID-19 on psychiatric health have succeeded in developing
screening measures. However, they have been limited in understanding its relations with individual psychological flexibility. An individual’s psychological flexibility determines the ability to fight against such adversities on an immediate
time scale and the future psychotherapeutic treatment. We conducted an online study to examine the relationship between psychological flexibility and risks to depression and their relationship with COVID-19 peritraumatic distress. We
used Multidimensional Psychological Flexibility Inventory (MPFI), Beck’s Depression Inventory-II (BDI-II) and COVID19 Peritraumatic Distress Index (CPDI) to measure the above psychological factors. The results are discussed in light of
individual psychological flexibility and its association with BDI-II and CPDI outcomes.
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Assessment of Mathematical Competence by the Transcriptions of Formulas: An
Exploration of Spatial and Temporal Metrics
Peter Cheng
University of Sussex, Brighton, United Kingdom

Grecia Garcia Garcia
University of Sussex, Brighton, United Kingdom

Gabrielle Cayton-Hodges
Educational Testing Service, Princeton, New Jersey, United States
Abstract
Previous studies have shown that temporal metrics of writing behavior in simple transcription tasks have some potential
for use in the assessment of student learning. This study explores whether spatial metrics, specifically the distance
between written strokes, may also have potential for the assessment of competence. Students, N=219, copied sets of
equations with different spatial layouts and equation complexity. Although students’ level of competence is manifest
to an extent in distributions of distance metrics, the effects of spacing are weaker than with temporal metrics. Stimuli
format contrary to the standard mathematical spacing formats may differentiate high and low competent students.
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How to Build a Toddler Lexical Network
Jennifer Weber
University of Colorado, Boulder, Boulder, Colorado, United States

Eliana Colunga
University of Colorado Boulder, Boulder, Colorado, United States
Abstract
Understanding child language development requires accurately representing children’s lexicons. However, past work
modeling children’s lexical-semantic structure typically utilized adult norms and corpora. The present work uses Word2Vec
embeddings trained on a newly-created toddler-directed language corpus. Distributional approaches like Word2Vec calculate similarities taking into account not just when words occur together, but also when words occur in similar contexts. A network created from Word2Vec embeddings showed higher accuracy in predicting normed word acquisition
from 16 to 30 months using network centrality measures, when compared to a network created using sliding window
co-occurrences. We also compared predictions from the Word2Vec toddler network, a network created by training
Word2Vec on typical adult input, and a model trained using both corpora. The toddler-only network outperformed the
other two, indicating the importance of selecting language sources that reflect the population of interest. The present
results reveal a promising new direction in understanding toddler word learning.
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Automated generation of sentence reading fluency test items
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Stanford University, Stanford, California, United States
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Abstract
Psychometric testing is a valuable educational tool for the assessment and monitoring of students’ abilities in core subjects. However, the manual development of these tests is a tedious process requiring test specialists to produce and curate
large volumes of high-quality items. In this paper, we consider whether automating test item generation with modern
machine learning methods is a feasible solution for obtaining strong psychometric test items at low cost in the domain of
sentence reading fluency. We assess the ability of the large neural language model GPT-3 to produce items “few-shot’’—
from a short prompt with only a handful of examples. Our results show that generated items closely resemble standardized test items in terms of their factual ambiguity, content appropriateness, and complexity. Furthermore, after filtering
for correct answer-labeling these generated items possess similar latent psychometric properties to standardized test
items, even capturing subtle grade-level variation.
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Lexical Categorization Variables for English and Mandarin Quantify Ambiguity in
Object Naming
Gabrielle Ma
Swarthmore College , Swarthmore, Pennsylvania, United States

Benjamin Zinszer
Swarthmore College, Swarthmore, Pennsylvania, United States
Abstract
This study focuses on naming and rating ambiguously categorized objects to more accurately represent the real-life
naming scenarios that language-users encounter. We examined 407 images of common object categories from a previous
study collected in 2013 with monolingual undergraduate students in the United States and China. Of those images, we
selected 150 that both (1) balanced the mean and range of naming variables between languages and (2) had low betweenlanguage correlations on the same variables. We elicited object names and typicality ratings for these 150 images from
a more age-, education-, and geographically-diverse sample of English monolinguals across the US. Naming measures
were significantly correlated between current and previous English samples, suggesting high consistency of these object
categories within language, especially typicality ratings when conditioned on the object name typicality is not a strictly
conceptual measure. Cross-language correlations were low, illustrating the unique categorization patterns between
languages.
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Multiple representational theories explain non-human primate perspective-taking:
Evidence from computational modeling
Daniel Horschler
Yale University, New Haven, Connecticut, United States

Marlene Berke
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Laurie Santos
Yale University, New Haven, Connecticut, United States

Julian Jara-Ettinger
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Abstract
Humans’ ability to attribute mental states to agents has been hypothesized to underpin our unique social behaviors. However, questions remain about the extent to which our representational Theory of Mind (ToM) is shared with non-human
primates (NHPs). Here, we present a set of computational models each built to formalize a different representational
theory of a foundational ToM component—understanding what others can see—and compare each model’s performance
to that of NHPs across a range of previously published perspective-taking experiments. Our results show that multiple
competing theories can account for NHPs’ perspective-taking abilities, including both human-like ToM and less complex
mentalistic theories, but not simpler, non-mentalistic theories. This work supports the idea that NHPs may reason about
others’ mental states when assessing their visual perspectives, and provides promising avenues for future work using
computational modeling to determine if and how NHPs represent more complex mental states (e.g., ignorance, belief).
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An explanation of representativeness: contrastive confirmation-theoretical
reasoning motivated by question-answering dynamics
Janek Guerrini
Ecole Normale Supérieure, Paris, France

Mathias Sablé-Meyer
NeuroSpin center, CEA DRF/I2BM, INSERM, Université Paris-Sud, Université Paris-Saclay, 91191
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Salvador Mascarenhas
Ecole Normale Supérieure, Paris, France
Abstract
Although there are several representativeness-based models of the Lawyer-Engineer task, it remains unclear just why
people rely on representativeness-based heuristics rather than on posterior probabilities. This is especially striking
because subjects have access to the rational answer: irrational answers decrease dramatically in frequency formats
(Gigerenzer&Hoffrage,1995). We argue that the availability of representativeness is explained by the fact that subjects
(1) engage in question-answering behavior, as predicted by theories of linguistic semantics, and (2) recursively reason
on each other’s mental states, as predicted by the Rational Speech Act Theory (Frank&Goodman,2012). To test this, in
a norming study, we asked participants for frequency judgments on the components of Bayes’ law, using pairs of realworld professions and related descriptions. In the main experiment, an independent group gave probability judgments
on lawyers-engineers problems. We compared different models built from the normed values, and found that those
incorporating (1) and (2) best predicted main-experiment responses.
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Monster Math Race: Chasing Integrated Number Sense
Lauren Schiller
Teachers College, Columbia University, New York, New York, United States

Robert Siegler
Teachers College, Columbia University, New York, New York, United States

Clarissa Thompson
Kent State University, Kent, Ohio, United States
Abstract
Recent work has suggested that cross-notation understanding (e.g., 2/5 vs. 0.25) is important for math outcomes. In this
study, equivalent fraction, decimal, and percent stimuli were used to examine individual differences in cross-notation
and within-notation comparison in undergraduate students (N=183). Hierarchical linear regression analyses suggested
that cross-notation magnitude comparison accuracy added explanatory power beyond that of within-notation magnitude
comparison accuracy in predicting fraction arithmetic calculation and estimation skills, as well as ACT scores. Additionally, participants did not perceive equivalent rational numbers as equivalent when expressed in different notations
(e.g., percentages were perceived as larger than equivalent fractions or decimals). Undergraduate students were also
randomly assigned to one of two number line interventions: one focused on emphasizing connections among fractions,
decimals, and percentages and another focused on developing fraction magnitude representations. Both interventions
yielded improvements in rational number understanding, but there were some greater benefits of the cross-notation
intervention.
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Self-report vs. objective data. What impact of monitoring on smartphone use
regulation?
Jean-Marc Josset
b<>com, Paris, 75005, France

Risienne Mazengani
University of Paris-Saclay, SCEAUX, France

Martin Ragot
b<>com, Cesson-Sevigne, France
Abstract
Smartphones are now the most widely used devices in the world, and their usage monitoring applications have become
a general interest topic. However, few experimental studies investigate the reflexive effects of this monitoring on users.
To address this point, this paper presents a longitudinal experiment on the effects of monitoring on various variables
(e.g. screen time, types of uses). Objective and subjective data from 60 participants, divided into treatment and control
groups, were collected over a 3 weeks period. Both groups had to estimate their daily usages, but the treatment group
subsequently had access to their real data. Results have shown a normalizing influence of monitoring on smartphone
usage, by improving estimation of screen time, reducing time spent on some underestimated applications and increasing
use of others overestimated applications. This research paves the way for public policies promoting mastery of its own
technological uses and responsible digital usage.
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Linguistic aspect constrains event apprehension
Ugurcan Vurgun
University of Pennsylvania, Philadelphia, Pennsylvania, United States

Yue Ji
Beijing Institute of Technology, Beijing, Beijing, China

Anna Papafragou
Unversity of Pennsylvania, Philadelphia, Pennsylvania, United States
Abstract
This study addresses the interaction between language and event cognition. Previous research has shown that viewers
follow perceptual and conceptual features of event structure, and these features influence how they process events.
Here, we examine whether events are processed in different ways when preceded by descriptions that contrast in lexical
aspect. In our experiment, viewers watched fifteen short movie clips and were asked to indicate whether they saw
an interruption. Interruptions occurred in either the midpoint or the late point of the events. We found that telic vs.
atelic sentences shown prior to the movie clips influenced event construal and hence the detection of interruptions
at midpoints vs. endpoints. This novel finding supports a mapping between lexical aspect in language and temporal
structure-building in event apprehension. Our study provides direct experimental evidence for the role of language as a
top-down conceptual cue in event processing.
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Interference and Case Marker Effects in Dependency Locality: Insights from Hindi
Sidharth Ranjan
IIT Delhi, New Delhi, India

Rajakrishnan Rajkumar
IISER Bhopal, Bhopal, India

Sumeet Agarwal
IIT Delhi, New Delhi, India
Abstract
Decades of sentence comprehension research have focused on the cognitive factors that determine the processing difficulty. In this work, we investigate how locality and interference effects interact with each other in Hindi, a head-final
language with flexible word order and a rich case-marking system. Using linear regression, we examine the extent to
which the dependency distance of a sentence, which is based on retrieving previously-stored elements in the working
memory can be predicted by various other backward-looking measures of processing complexity. We evaluate how
dependency distance is influenced by similarity-based interference, case density, information structure, and finally, a
forward surprisal measure proposed recently to model planning processes in comprehension and production systems.
Overall, our results indicate that similarity-based interference and case density are significant positive predictors of dependency length, lending credence to the view in the literature that the mechanisms underlying locality might be driven
by interference.
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Explanations that backfire: Explainable artificial intelligence can cause information
overload
Aidah Ferguson
University College London, London, United Kingdom

Matija Franklin
UCL, London, United Kingdom

David Lagnado
University College London, London, United Kingdom
Abstract
Explainable Artificial Intelligence (XAI) provides human understandable explanations into how AI systems make decisions in order to increase transparency. We explore how transparency levels in XAI influence perceptions of fairness,
trust and understanding, as well as attitudes towards AI use. The transparency levels – no explanation, opaque, simple
and detailed - were varied in two contexts - treatment prioritization and recidivism forecasting. In eight experimental
groups, 573 participants judged these explanations. As predicted opaque explanations decreased trust and understanding, but surprisingly simple explanations that were more limited in the information they provided had stronger effects
on trust and understanding than detailed explanations. Transparency levels did not have an impact on perceptions of
fairness and attitudes towards AI, but context did, with the recidivism AI being perceived as less fair. The findings are
discussed in relation to information overload and task subjectivity vs objectivity.
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How Optimal is Too Optimal? Expectations About Performance in the Traveling
Salesman Problem
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Abstract
How effective do observers expect other problem solvers to be? What makes a decision seem ”human”?” We addressed
this question in the context of the Traveling Salesman Problem (TSP), a decision problem in which a perfectly optimal
solution is intractable, but for which various kinds of approximate solutions are available. We conducted a series of
experiments involving both ”production tasks” in which we asked subjects to solve the TSP, and ”perception tasks”,
in which we asked subjects to judge others’ solutions to the TSP, rating them for intelligence or humanness. Results
suggest that observers expect human solutions to be less optimal than algorithmic solutions: observers expect human
problem solvers to exhibit a combination of local and global solution criteria, and to use a short look-ahead window
when choosing a solution. These results shed light on human models of other humans’ minds, a fundamental problem
in social interaction and robotics.
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Syntactic adaptation to short-term cue-based distributional regularities
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Abstract
Syntactic adaptation to short-term exposure has been documented with both single-trial priming and cumulative priming paradigms. These studies usually involve repeated exposure to the same structure (e.g. reduced relative clauses),
and therefore it remains open whether people can track context-dependent regularities through short-term exposure.
In the current study, we present a self-paced-reading experiment that investigates context-dependent syntactic adaptation by manipulating the relationship between the animacy feature of the subject NP (animate vs. inanimate) and the
corresponding parse of a verb following a subject NP. We analyzed the results in terms of a log-linear model for contextdependent syntactic adaptation. The results suggest that comprehenders can track and adapt to cue-based distributional
regularities, but only when the short-term regularities are consistent with the long-term ones existent in their native
language.
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Grounding Action Verbs in Egocentric Visual Perception
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Abstract
It has been conjectured that verb learning is hard because verb meanings are not readily ”packaged” from the physical
world. To provide new empirical evidence on this account, we analyzed egocentric video collected from natural toyplay interaction and focused on the naming events when action verbs were uttered in parent speech. Using the Human
Simulation Paradigm, we showed egocentric videos of those naming events to adult observers and asked them to guess
the target verb in parent speech. We found that adult observers used many different verbs to describe the same visual
event, and only one of them matched with the verb in parent speech. We analyzed mismatched verbs and identified
several sources of mismatch, and found that all of the mismatched verbs are relevant to the target verb, but they capture
different properties (temporal, semantic, etc) of the visual event. We also found that different naming events for the
same verb also differ in terms of the degree of ambiguity. Taken together, the results in the present paper provided
new evidence from the child’s view, showing that verb learning is hard not only because multiple possible meanings are
embedded in each learning situation, but also because these candidate meanings expand across multiple dimensions of
the physical world, overlap with each other, and relate to the target meaning in many different ways.
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A computationally rational analysis of response strategy in a probability learning
task
Zeming Fang
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Ru-Yuan Zhang
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Chris Sims
Rensselaer Polytechnic Institute, Troy, New York, United States
Abstract
Intelligent behavior requires the ability to adapt to an ever-changing environment. But are humans rational or normative
in this ability? We apply a resource-rational analysis to the data from a probability learning task (Gagne et al., 2020). Our
analysis hypothesizes that people seek to maximize the expected utility of behavior, while simultaneously minimizing
the complexity of their behavioral policies. We report evidence consistent with this hypothesis. We also show that
people adopt simpler policies in situations of greater environmental stability, and interpret this as a consequence of
reward maximization.
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Exploiting Embodied Simulation to Detect Novel Object Classes Through
Interaction
Nikhil Krishnaswamy
Colorado State University, Fort Collins, Colorado, United States

Sadaf Ghaffari
Colorado State University, Fort Collins, Colorado, United States
Abstract
In this paper we present a novel method for a naive agent to detect novel objects it encounters in an interaction. We
train a reinforcement learning policy on a stacking task given a known object type, and then observe the results of
the agent attempting to stack various other objects based on the same trained policy. By extracting embedding vectors
from a convolutional neural net trained over the results of the aforementioned stacking “play,” we can determine the
similarity of a given object to known object types, and determine if the given object is likely dissimilar enough to the
known types to be considered a novel class of object. We present the results of this method on two datasets gathered
using two different policies and demonstrate what information the agent needs to extract from its environ- ment to make
these novelty judgments.
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Not just if, but how much: Children and adults use cost and need to make
evaluations about generosity across contexts
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Abstract
Evaluations of others’ generosity are critical for identifying quality social partners, yet the factors which systematically
affect these evaluations and how they vary across development are still relatively unclear. In this work, we propose that
two key evaluative dimensions are the cost associated with a giving action and the need of the recipient. In this way,
we suggest that information about both the giver and the recipient influences generosity evaluations. Across two sets
of studies, we establish that adults’ and children’s third-party evaluations of generosity indeed are sensitive both to the
cost and need associated with the action. Variations in cost and need predicted responses across several, distinct manipulations. Further, these effects were observed both in comparative and standalone contexts, suggesting both dimensions
are spontaneously invoked in third-party evaluations. Interestingly, children’s responses to cost manipulations were
less consistent than to need manipulations, implying cognitive development could contribute to cost understanding.
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Abstract
Structural priming is a heavily studied and multi-faceted phenomenon. Essentially, when other factors are equal, syntax
shows a tendency to repeat across utterances with potential gains in fluency (Pickering & Ferreira, 2008). Lexical repetition, particularly repetition of the verb between utterances enhances structural priming significantly (Mahowald et al.,
2016), but this lexical-boost is not as long-lasting (Hartsuiker et al., 2008). Previous research on structural priming has
heavily leaned on measures of syntactic choice, but a few studies have also measured initiation time (Smith & Wheeldon,
2001). The current study looks to differentiate effects of lexical and structural repetition benefits in initiation latency as
a measure of potential fluency increases in sentence production. Results suggest that benefits in fluency are dependent
on lexical and structural repetition.
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Abstract
How do children within the autism spectrum (ASD) integrate linguistic and visual information during real-time processing of sentences and dynamic scenes? We employed a visual word paradigm with sentences containing different verb
types (causatives such as ’crack’; perception/psychological verbs such as ’examine’) and with different scene contexts
(agent in the scene moving towards a target object or remaining neutral). Participants were a group of 10-year old ASD
and typically developing children (TD). We reasoned that the two dominant theories about ASD cognitive processing
style—the weak central coherence theory (WCC) and the enhanced perceptual function (EPF)—make different predictions on how and where information about linguistic and visual information may be integrated. WCC predicts that ASD
children would have greater difficulty with sentence and scene semantics while EPF predicts an early, post-perceptual
integration via verb-specific and object (but not full scene) representations. The results suggest that ASD children differ from TD children by computing the link between verb and object faster, suggesting an enhanced post-perceptual
integration.
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The link between language and cognition in infancy
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Abstract
The link between language and thought lies at the core of what it means to be human. This link is evident in the first
months of life. As early as three months of age, a parent labeling an object that the infant is looking at influences how
that infant thinks about those objects (Ferry et al., 2010). Prior research used face-to-face methodologies. Considering
the constraints posed by the COVID-19 pandemic, we sought to validate an online categorization task. The results show
that language labels facilitated category formation for 9- to 12-month-old infants. In contrast, a control condition that
presented the same labeling phrases in reverse did not facilitate categorization. These findings suggest that infants can
perform categorization using an online protocol such as Zoom and this paradigm provides a promising new avenue for
studying the intersection between language and cognition.
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Abstract
To achieve desirable performance, current AI systems often require huge amounts of training data. This is especially
problematic in domains where collecting data is both expensive and time-consuming, e.g., where AI systems require
having numerous interactions with humans, collecting feedback from them. In this work, we substantiate the idea of
cognitive models as simulators, which is to have AI systems interact with, and collect feedback from, cognitive models
instead of humans, thereby making their training process both less costly and faster. Here, we leverage this idea in the
context of moral decision-making, by having reinforcement learning (RL) agents learn about fairness through interacting
with a cognitive model of the Ultimatum Game (UG; Nobandegani, Destais, & Shultz, 2020), a canonical task in behavioral
and brain sciences for studying fairness. Interestingly, these RL agents learn to rationally adapt their behavior depending
on the emotional state of their simulated UG responder.
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body cues in 2- to 4-year old children
Yang Wu
Stanford University, Stanford, California, United States

Hannah Matteson
Stanford University, Stanford, California, United States

Claire M. Baker
Stanford University, Stanford, California, United States

Michael Frank
Stanford University, Stanford, California, United States
Abstract
Previous studies report that children acquire emotion words gradually during ages 3–5 and beyond (e.g., Widen, 2013).
Most of this work, however, has used tasks that are demanding for young children (e.g., asking children to produce
emotion labels in a free-labeling task), and has asked children to map emotion labels to facial configurations alone. In
our study, we tested children’s ability to comprehend, rather than produce, emotion words, and used not only facial
configurations but also body language. In two pre-registered online experiments, two to four-year-old children (N = 96)
were asked to connect emotion words, including happy, sad, angry, and scared, to either facial configurations (Experiment
1) or to combined facial configurations and body postures (Experiment 2). While we found an overall pattern consistent
with prior work (i.e., better performance when distractors were from opposite valences than when they were of the same
valence), we also found much earlier competence in understanding same-valence emotions. Even 2-year-olds succeeded
in differentiating the three negative emotion words and connecting them to facial cues (Experiment 1). Experiment
2 replicated this pattern and further showed that children performed equally well (but not substantially better) given
additional body cues. These results suggest that before children can produce emotion words in an adult-like manner,
they have some systematic understanding of those words and can map them to emotion cues within valence domains.
(Preprint: psyarxiv.com/ka3ed)
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How robust and persistent are intuitive conceptions? Insights from production
tasks
Katarina Gvozdic
University of Geneva, Geneva, Switzerland

Stéphanie NAUD
University of Geneva, Geneva, Switzerland

Emmanuel Sander
University of Geneva, Geneva, Switzerland
Abstract
Intuitive conceptions are prevalent among young learners and can impose constraints to knowledge acquisition. Even
though the data suggests that instruction does not eradicate them, this phenomenon has rarely been quantified. In this
study we raise the question of how robust intuitive conceptions are. Moreover, we look at their persistence long after
instruction of the studied notions. Production tasks concerning the four elementary arithmetic operations were used
for measuring the degree to which they prevail and impose constraints among adults, 131 bachelor students as well as
168 high-school teachers and 57 mathematics teachers. The findings revealed that in most cases (88.93%) participants
evoked examples that are congruent with an intuitive conception. This was observed for all the arithmetic operations
and populations involved in the study. Even when explicitly prompted to find incongruent cases, they failed on two
thirds of the cases. The educational entailments of these findings are discussed.
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Predicting Domain Knowledge Using Natural Language Processing Tools
Daniel Feller
Georgia State University, Atlanta, Georgia, United States

Joe Magliano Magliano
Georgia State University, Atlanta, Georgia, United States

Minkyung Kim
Nagoya University of Commerce and Business, Nisshin, Japan
Abstract
Individuals who possess extensive domain knowledge use their knowledge when understanding, discussing, and remembering events. The purpose of this study was to assess the extent to which natural language processing (NLP) tools could
be used to predict domain knowledge from typed descriptions of events. Participants watched videos of basketball and
recalled them after viewing. Knowledge of basketball was assessed. NLP tools were utilized to assess whether linguistic
features of participants’ event descriptions could be used to predict domain knowledge. Moreover, the extent to which
linguistic indices could be classified as relating to linguistic complexity or features of mental model construction was
explored. Results from machine learning models suggest that domain knowledge (high, low) could be predicted with up
to 90% accuracy. Additionally, 90% of predictors could be categorized. Higher knowledge individuals tended to describe
events with more linguistic complexity and produced more words related to spatial, temporal, and social relations.
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Are There Bad Dual Character Concepts?
Karolina Prochownik
Ruhr-University Bochum, Bochum, Germany

Guilherme Almeida
Yale University, New Haven, Connecticut, United States
Abstract
Dual character concepts have recently received significant attention from experimental philosophers. They are usually
defined as possessing two independent criteria for categorization, each associated with its own sense. One of these
criteria is descriptive, while the other is normative. Almost all examples discussed in the literature involve a positively
evaluated normative element (e.g., the concept of scientist is associated with the pursuit of empirical truth, something that
we value). But can dual character concepts also involve morally bad elements? We report the first evidence suggesting
that they can. Our study contrasted pairs of positive and negative concepts (e.g., friend/enemy, joy/sadness) and neutral
concepts (e.g., baker). We found that negatively valenced concepts such as traitor, enemy, superficial, or sadness have
a dual character. We also observed that positive concepts were significantly more likely to have a dual character than
negative ones, but the effect size of this difference was small.
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The Costs and Composition of Discontinuity in Visual Narratives
Bien Klomberg
Tilburg University, Tilburg, Netherlands

Neil Cohn
Tilburg University, Tilburg, Netherlands
Abstract
In discourse, entities that are discontinuous with the current storyline are seen as cues for an event boundary, as they
are too irregular to be mapped to the existing scene. However, some instances of discontinuity can maintain coherency,
as exemplified in Calvin & Hobbes comics, where visual discontinuities can be resolved by the understanding that they
depict Calvin’s imagination rather than actual events. This requires the reconciliation of the original storyworld domain
with a private, mental domain (the alternative). In our first experiment, we examined whether switching between domains and/or the nature of the presented domain(s) incurred processing costs. Our second experiment examined whether
physical cues such as the contours between the discontinuous entities facilitated processing. The results indicate that
switching domains is indeed more costly, despite still being understood as congruous sequences. Moreover, strong similarity in contours aided readers with greater comics proficiency. Overall, our results show that the processing of visual
narratives extends beyond mere event understanding and is not universally transparent.
Keywords: blending; discontinuity; rhyme; visual narratives
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Forgetting in delayed recognition as generative compression with decreasing
capacity
Csenge Frater
Wigner Research Centre for Physics, Budapest, Hungary

David Nagy
HAS Wigner Research Centre for Physics, Budapest, Hungary

Gergő Orbán
MTA Wigner RCP, Budapest, Hungary
Abstract
Recent research has proposed that systematic biases in human memory – while seemingly highlighting a proclivity for
failure – can be understood as hallmarks of optimised lossy compression. Specifically, a form of compression termed semantic compression whereby an internal model of the environment is recruited to encode memories. Semantic compression casts memory errors in the normative framework of information theory, describing how limited memory resources
should be distributed to optimise recall performance. Notably, the theory does not define a single best compression,
rather a continuum of trade-offs between utilised capacity and expected distortion is possible. However, possible consequences of this characteristic feature have not been tested explicitly. Here we test the idea that gradual degradation
of memories with time corresponds to a decrease in the amount of resources allocated to store memories. We apply
the general framework to remembering synthetic words in a delayed recognition experiment and find that subjects are
indeed less sensitive to intrusions generated by our model than generic distortions, and that delay length modulates
recall rates in line with the predictions of the theory.
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Conceptual Gender vs. Grammatical Gender: Exploring Implicit and Explicit
Object Categorization in Turkish and French Speakers
Elif Tutku Tunali
Sabanci University, ISTANBUL, Turkey

Morgane Jourdain
University of Zurich, Zurich, Switzerland

Junko Kanero
Sabanci University, ISTANBUL, Turkey
Abstract
Grammatical gender (GG) affects object categorization (e.g., Samuel et al., 2019). This study is among the first to examine
the extent of this effect using both implicit and explicit tasks. Speakers of French (GG language) and Turkish (genderless)
completed an Implicit Association Test (IAT) about classifying faces based on their gender (female/male) and objects
conceptually associated with a specific gender (e.g., necktie) based on a criterion unrelated to gender (tool/clothing
item). Participants also completed an explicit task of attributing gender to those objects and a survey assessing sexist
attitudes. Turkish speakers were only affected by conceptual gender (CG) whereas French speakers showed the effect
of CG in their explicit gender attributions and of both GG and CG in their IAT responses. These effects were stronger
for participants who were high in their sexist attitudes. Thus, GG implicitly interferes with object categorization, and
individual differences in attitudes may modulate this effect.
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Emotions, age, and subjective probability in children
Lara Bertram
University of Surrey, Guildford, United Kingdom

Jonathan D. Nelson
University of Surrey, Guildford, United Kingdom

Azzurra Ruggeri
Max Planck Institute for Human Development, Berlin, Germany
Abstract
Many of our decisions are based on probabilistic information. While probability theory is a useful tool for quantifying
probabilities mathematically, subjective probability is a complex psychological phenomenon. We investigated developmental changes in subjective probability and the modulating role of emotions in probabilistic cognition. For this, we
asked N = 45 children (M = 10.59, SD = 2.28, range 7-15) and N = 160 adults (M = 25.20, SD = 14.35, range 18-88) to estimate the probability of a series of three-item compound events generated from a known probability distribution. While
children’s estimates largely resembled those of adults, conservatism (avoidance of the extremes) and representativeness
judgments (basing estimates on similarity) were modulated by age and emotions. Our findings suggest that the way in
which people use the representativeness heuristic develops with age and that emotions modulate subjective probability
in children and adults.
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Trait anxiety modulates negative affect-cued distribution of visuo-spatial attention.
Gursimran Kaur
IIITD, New Delhi, India

Rakshita Anand
IIIT Delhi, New Delhi, Dehi, India

Mrinmoy Chakrabarty
Indraprastha Institute of Information Technology Delhi (IIIT-D), New Delhi, Delhi, India
Abstract
Spatial deployment of visual attention in humans is crucial for selecting and prioritizing task-relevant visual information
for efficiently navigating natural visual environments in daily life. As prominent landmarks of social environments,
human faces conveying salient emotion information, have been found to influence attention. We investigated if facial
emotions also modulate the spatial distribution of visual attention and whether any such effect associates with individual
differences in internal affective states, e.g. anxiety. Participants (n = 28) discriminated the orientation of target Gabor
patches co-presented with distractors, speedily and accurately. The key manipulation was randomly presenting a taskirrelevant, face emotion prime briefly (50 ms) at unexpected time points, conveying either Neutral/Disgust/Scrambled
(null) emotion signal 150 ms before the target patches. Disgust signal modulated the gradient of attention (change in
negative inverse attentional efficiency with unit change in distance from the source of emotion signal) in significant
association with trait-anxiety scores, such that the direction of attention gradient flipped (spatial attentional shift) with
increasing severity of trait anxiety. Neutral signal yielded attention gradients comparable to Scrambled with no clear
association with anxiety, implying the presence of no anticipated effect. Altogether, the results suggest that individual
trait-anxiety levels condition the effect of negative and physiologically arousing emotion signal (e.g., Disgust) on spatial
distribution of visual attention. The findings may help furthering the understanding of visual distortions underlying
affective states and disorders.
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Preschoolers’ sensitivity to abstract correlations in the properties of sets and
functions
Nicole Coates
Massachusetts Institute of Technology, Cambridge, Massachusetts, United States

Max Siegel
MIT, Cambridge, Massachusetts, United States

Junyi Chu
Massachusetts Institute of Technology, Cambridge, Massachusetts, United States

Melissa Kline
MIT, Cambridge, Massachusetts, United States

Josh Tenenbaum
MIT, Cambridge, Massachusetts, United States

Laura Schulz
Massachusetts Institute of Technology, Cambridge, Massachusetts, United States
Abstract
Causal relationships can generate many different kinds of correlations among variables. However, research on children’s causal reasoning has focused almost exclusively on just one kind of regularity: the temporal covariation between
candidate causes and effects, and in particular, the covariation between interventions and outcomes. Here we show that
young children recognize more abstract correlations – in the ways that object properties are distributed over sets, or
change over time – and constrain their causal hypotheses accordingly. Specifically, we show that children (range: 48-84
months) distinguish candidate causes based on correlations in the distribution of discrete (set size, arity, and proportion)
and continuous (mean and mode) properties of sets (Experiment 1), and also within monotonic, quadratic, and periodic
functions (Experiment 2). Keywords: children; causal reasoning; abstract concepts; sets; functions
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Mouse-tracking meta-cognitive ratings of comprehension during garden-path
sentences.
Benjamin Nguyen
University of California, Merced, Merced, California, United States

Michael Spivey
UC Merced, Merced, California, United States
Abstract
Research on movement in linguistic production and the perceptions of such movements are well established, with direct
applications in co-speech gesture and signed languages. Underexplored, however, is leveraging movement itself to
investigate language comprehension and perception. In the following experiment, we introduce a novel use of mousetracking as a tool for continuous self-reporting of comprehension felicity. This method yields a direct and informationally
dense datastream whose properties may shed insight into real-time meta-cognitive sentence processing. The densesampling measure affords use of nonlinear time series analysis methods not yet applied to sentence comprehension.
Participants (N=46) gave continuous ratings of ease- of-comprehension while listening to reduced relative clause gardenpath and control sentences. We compare these ratings and examine our results in the context of competing garden-path
processing theories: an all-or-nothing account and a competitive account.
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People Have Systematically Different Intuitions about Ownership even in
Seemingly Simple Cases
Xiuyuan Zhang
Yale University, New Haven, Connecticut, United States

Paul Bloom
University of Toronto, Toronto, Ontario, Canada

Julian Jara-Ettinger
Yale University, New Haven, Connecticut, United States
Abstract
Ownership is pervasive across human societies but invisible to the naked eye, and so people need to infer who owns
what. Given its ubiquity, one might expect that people’s intuitive theories of ownership would converge. Yet, ownership
disputes are common, raising the question of whether these intuitions might actually vary across people. We explored
this question using a set of simple, parametrically varied object-transfer events where participants determined how
much two agents owned an object. Participants showed strong consensus about ownership in some events, but opposing
intuitions in others. Subject-level analyses suggest that these disagreements reflect two overarching intuitive theories,
one where intentions are central to ownership, and another where physical possession is prioritized. Our results suggest
that people have stable but different intuitive theories of ownership, which stem from their beliefs about the relationship
between mental states and possession.
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The emergence of discrete and systematic communication in a continuous
signal–meaning space
Alicia Chen
Harvard University, Cambridge, Massachusetts, United States

Matthias Hofer
MIT, Cambridge, Massachusetts, United States

Moshe Poliak
Harvard University, Cambridge, Massachusetts, United States

Roger Levy
Massachusetts Institute of Technology, Cambridge, Massachusetts, United States

Noga Zaslavsky
MIT, Cambridge, Massachusetts, United States
Abstract
Language is simultaneously discrete (symbolic) and continuous (e.g., speech), and meaning-form associations are largely
arbitrary. How and why did these properties emerge? To address this question, we study how people develop novel communication systems to refer to a continuous domain (color) using a continuous signal space (whistles). We conducted
an experiment in which participants need to generalize from five learned signal-color pairings to a larger range of colors
during an online communication game with another participant. We find that: (i) both discreteness and systematicity
tend to emerge, such that signaling systems that reflect an underlying symbolic structure as well as systematic association with colors emerge more frequently; and (ii) these emergent systems achieve better communicative performance
compared to emergent systems that exhibit only discreteness or only systematicity. These findings suggest a human
cognitive bias not only toward symbolic communication, but also toward non-arbitrary meaning-form associations.
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Key Open Door: Simulating Children’s Early Three-word Utterances Reveals
Simple Statistical Regularities Underlying Telegraphic Speech
Qihui Xu
Graduate Center, CUNY, New York, New York, United States

Martin Chodorow
Hunter College and the Graduate Center of CUNY, New York, New York, United States

Virginia Valian
Hunter College, New York, New York, United States
Abstract
A central question for language development is whether very early telegraphic speech, ungrammatical but intelligible,
reflects adult-like abstract linguistic competence, or instead is the result of statistical learning without the reliance on the
abstract knowledge. In this paper, we develop a simulation paradigm to evaluate the predictive fit of different accounts of
three-word utterances children (<20 months) produced. The simulation subjects are a) human adults with full linguistic
competence, b) a statistical model that captures local statistical regularities of language input, and c) a deep neural model
that learns and processes language input with global context-aware learning mechanisms. The statistical language model
predicted child three-word utterances, both grammatical and ungrammatical ones, better than the neural models and
even better (but not statistically) than human adults. The findings suggest simple local statistical regularities underlying
child early telegraphic speech.
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Math Self-Concept, Stereotypes, Achievement and Anxiety – A Cross-Sectional
Study
Alexander von Bergen
ETH Zurich, Zurich, Switzerland

Dario Cvencek
Institute of Learning and Brain Sciences, Seattle, Washington, United States

Esther Ziegler
ETH Zurich, Zurich, Switzerland

Venera Gashaj
ETH, Zurich, Switzerland

Andrew Meltzoff
University of Washington, Institute of Learning and Brain Sciences, Seattle, Washington, United States

Manu Kapur
ETH Zurich, Zurich, Switzerland
Abstract
The present study assessed both implicit and explicit math self-concept, math-gender stereotype, math achievement,
and math anxiety in 260 Swiss children from 1st, 3rd, and 5th grade. In line with prior research, explicit math selfconcepts were found to decrease as a function of participant age cohort. Furthermore, already children in the first grade
were found to implicitly endorse the math-gender stereotype. In line with these findings, math anxiety was found to be
higher in older cohorts than in younger, and it was non-trivial in all age groups. Lastly, as expected, math achievement
was higher for older children. Taken together, the present study found patterns of stereotypes increasing as a function
of age, with simultaneous increases in math anxiety, and simultaneous decreases in math self-concept. These findings
underline the importance of studying math-related constructs in children. Understanding these patterns will contribute
to sustaining STEM interests in young children and adolescents.
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Evaluating locality in NMT models
Itay Itzhak
Tel Aviv University, Tel Aviv, Israel, Israel

Koustuv Sinha
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Brenden Lake
NYU, New York, New York, United States
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Facebook AI Research, New York, New York, United States

Dieuwke Hupkes
Facebook AI Research, Paris, France
Abstract
With a series of theoretically-informed tests, Dankers, Bruni, and Hupkes (2021) investigated how compositional the
behavior of neural networks that are trained on fully natural data is. Focusing on neural machine translation (NMT),
one of their key findings is that models appear to be modulating poorly between local and global behavior, where
local changes in the input often affect the output in an unwanted manner. While their study is based exclusively on
the behavior of the models, we take one step further and investigate how this non-locality manifests itself within the
model. We develop metrics to quantify internal locality on the encoder side of the model, focusing on the attention
mechanism. We find strikingly different patterns in models trained on different amounts of data that go beyond what
could be observed behaviourally and present a range of experiments showing how local and global behavior is modulated
within different setups.
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Patterns of Causal Judgements Diverge from Patterns of Recall: a Test of the
Outcome Density Effect
Eli Elster
UC Davis, Davis, California, United States

Anna Leshinskaya
UC Davis, Davis, California, United States

Charan Ranganath
University of California, Davis, Davis, California, United States
Abstract
An outstanding issue in cognitive science is whether the computational principles that apply to causal reasoning also
guide the way that participants encode the relations among events in memory. The outcome density effect is a behavioral
pattern in causal reasoning in which participants’ causal ratings linearly decrease as the base rate of the effect also
decreases, even while contingency remains 0. It is key evidence for Bayesian models of causal reasoning as it reflects
decreasing uncertainty. We queried whether it may also, separately, affect memory for events. We measured both recall
and causal ratings in a causal learning task to test whether the outcome density manipulation affects causal judgment,
recall, or both. We replicated the outcome density effect on causal judgment, lending support to Bayesian models, but
found that memory instead exhibited a U-shaped relationship with base rate, and therefore, causal judgment and memory
had divergent signatures.
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Infant Action Prediction of Everyday Food Preparation
Claire Monroy
Keele University, Keele, United Kingdom

Sara Schroer
UT Austin, Austin, Texas, United States

Mary Hayhoe
University of Texas, Austin, Texas, United States

Chen Yu
University of Texas at Austin, Austin, Texas, United States
Abstract
Infants’ ability to anticipate the actions they observe is thought to be a critical skill in early social-cognitive development.
A considerable body of research has demonstrated that infants can anticipate observed actions from a variety of cues in
different kinds of visual contexts. However, most of this work has relied on screen-based eye-tracking paradigm using
highly controlled computer stimuli. Less is known is known about whether and how infants anticipate live actions in
natural settings. One prior study demonstrated that infants did anticipate their parents’ actions during live, free-flowing
parent-infant play, though they did so infrequently. Using head-mounted eye-tracking, the current study aimed to build
upon this work by exploring whether infants make gaze predictions while observing their parents perform an everyday
activity in a home-like environment—assembling several peanut-butter and jelly sandwiches. Preliminary findings reveal
that infants anticipate their parents’ actions at relatively high rates, indicating a close coupling between parent actions
and infant gaze. Rates of prediction did not change over the course of the observation, suggesting that infants already
possess prior knowledge of the action sequence structure that they utilize to successfully predict their parents’ ongoing
actions.
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A process-oriented approach to creative metacognition
Mathias Benedek
University of Graz, Graz, Austria

Izabela Lebuda
University of Graz, Graz, Austria
Abstract
The role of metacognition in creative thinking is beyond doubt, but, so far, most research has focused on just one metacognitive subcomponent – monitoring, especially idea evaluation. Less is known about the role of metacognitive knowledge
and control. Here, we present an extended theoretical conceptualization of creative metacognition that distinguishes
metacognitive processes associated with pre-task, during-task, and post-task phases, followed by an empirical examination of this process-oriented approach based on an online study (N = 425). We examine effects of creative knowledge,
monitoring (metacognitive feelings and discernment of others’ ideas), and control on creative performance and explore
relationships with surface (creative self-concept) and core personality characteristics (openness, narcissism). Our findings indicate the involvement of various predicted metacognitive processes in creative ideation and thereby provide
initial empirical support for the proposed model of creative metacognition.
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How heavy do you think you are? Self-weight estimation is modulated by body
dissatisfaction and weight concerns.
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Abstract
Body perception can be influenced by internal (body satisfaction) and external pressures (social comparison). In this
study, 120 young women (18-to-30-year-olds) performed two tasks: they estimated the weight of 15 female body images
and they compared their weight to that of the images presented in random order. For each estimation, they provided
confidence judgments using a Likert scale. Afterward, they completed the Sociocultural Attitudes Questionnaire Towards
Appearance (SATAQ-4R) and the Body Shape Questionnaire (BSQ-21) to evaluate the perceived social pressure on the
body image. Estimation accuracy in the first task was predicted by confidence judgments. Estimation accuracy in the
weight comparison tasks was predicted by Body Measuring Index (BMI), weight concern, body dissatisfaction, and peer
pressure. Results show that when comparing our weight to others, our own weight, how we feel about our body, and
the perceived pressure to change it determines how accurately we compare it to other people’s bodies.
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Validating child-friendly neuroimaging language localizer in adults
Halie Olson
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Abstract
Toddlers undergo massive changes in their language abilities, but are almost never studied with awake functional magnetic resonance imaging. For future use in toddlers, we developed two child-friendly, engaging, well-controlled tasks
that robustly activate the language network. The first task presents 20-second edited audiovisual clips from Sesame
Street: a single puppet addressing the viewer or two puppets speaking to each other, while the auditory speech is played
forwards or backwards. The second task presents 1-3 minutes of continuous dialogue, in which the speech of only one
character is played in reverse. Twenty adults heard our two novel tasks, along with a validated auditory language localizer (Scott et al, Cognitive Neuroscience, 2017). The same cortical regions were active in our tasks (Forward>Backward
speech) as in the localizer (Intact>Degraded). These results validate our new tasks, which we hope will enable cognitive
neuroscience studies of language in challenging but important populations, like toddlers.
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Assessing Deepfake Video Detection Ability Using Unsupervised Machine Learning
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Thereza Pereira
Federal University of Paraiba, Rio Tinto, Brazil

Gernel Lumacad
St. Rita’s College of Balingasag, Balingasag, Philippines

Richard Catrambone
Georgia Institute of Technology, Atlanta, Georgia, United States
Abstract
As techniques for generating deepfake videos (in which a generative adversarial network is used to alter the human
subject of a video) improve, so does the potential to use them for nefarious ends. It is therefore important that we identify
those among us who are most susceptible to being fooled. Tidler and Catrambone (2021) presented results which suggest
that one’s political orientation and affect detection ability are strong predictors of one’s ability to detect deepfakes. The
current work is a re-analysis of their data, intended to reveal a more highly-resolved profile of a susceptible individual.
The data (N = 169) were submitted to a k-means clustering algorithm which revealed a 2-cluster solution.
Younger, more progressive thinking individuals, with agnostic or atheistic religious beliefs, and greater adeptness at
spotting deepfakes formed Cluster 1; and individuals with more conservative political leanings, greater religiosity, and
less skill at detecting deepfakes formed Cluster 2.
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Controlling the narrative: Euphemistic language affects judgments of actions while
avoiding perceptions of dishonesty
Alexander Walker
University of Waterloo, Waterloo, Ontario, Canada

Martin Turpin
University of Waterloo, Waterloo, Ontario, Canada

Ethan Meyers
University of Waterloo, Waterloo, Ontario, Canada

Jennifer Stolz
University of Waterloo, Waterloo, Ontario, Canada

Jonathan Fugelsang
University of Waterloo, Waterloo, Ontario, Canada

Derek Koehler
University of Waterloo, Waterloo, Ontario, Canada
Abstract
The present work examined the extent to which evaluations of actions could be biased by the strategic use of euphemistic
(agreeable) and dysphemistic (disagreeable) terms. Across multiple studies, we demonstrate that evaluations of actions
are made more favorable by replacing a disagreeable term (e.g., torture) with a semantically related agreeable term (e.g.,
enhanced interrogation) in an act’s description. Notably, the influence of these terms was reduced (but not eliminated)
when actions were described in a less ambiguous (i.e., more detailed) manner. Despite their influence, participants
judged both agreeable and disagreeable action descriptions as largely truthful and distinct from lies, and judged agents
using such descriptions as more trustworthy and moral than liars. Overall, the present findings suggest that a strategic
speaker can, through the careful use of language, sway the opinions of others while avoiding many of the reputational
costs associated with less subtle forms of linguistic manipulation (e.g., lying).

3850
In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

The Generation of Original and Known Explanations: How the presence or absence
of relevant information influences sense-making and information foraging
Kara Kedrick
University of Minnesota, Minneapolis, Minnesota, United States

Iris Vilares
University of Minnesota, Minneapolis, Minnesota, United States

Paul Schrater
University of Minnesota, Twin Cities, Minneapolis, Minnesota, United States
Abstract
Explanation generation is ubiquitous, and is shaped by our individual and collective knowledge about a phenomenon.
Some phenomena are not easily explained by known explanations and require the creation of original or unknown explanations (How does scientific knowledge grow?), while others are strongly associated with known explanations (What
caused the Battle of Dunkirk?). The processes underlying explanation generation when known/unknown have different
characterizations, and broad implications for learning and innovation. However, this distinction is not studied in prior
work. We hypothesize that unknown (compared to known) explanations will: require relatively more sense-making–
–manipulation of acquired information; exhibit self-directed information search not captured by simple information
foraging models; and result in looser knowledge networks containing semantically dissimilar foraged-for information.
We embed these hypotheses into a model framework, and show that it captures the behavior of participants asked to
generate explanations in unknown/known conditions using information they forage for on Wikipedia.
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Investigating the impacts of an immersive learning mode and graded feedback on
category learning
Alexus Longo
Binghamton University, Binghamton, New York, United States

Mercury Mason
Binghamton University, Binghamton, New York, United States

Kenneth Kurtz
Binghamton University, Binghamton, New York, United States
Abstract
Categorization research often employs traditional artificial classification learning (TACL) and a foundational category
structure based on family resemblance (FR). In TACL trials, each training item is presented for classification with arbitrary
labels followed by corrective feedback. In the FR structure, categories are organized around two opposite configurations
(i.e., prototypes) of a handful of binary features such that each category consists of its prototype plus the off-by-one
variations. Despite convention, there is reason to question whether these choices align with natural category processes
and structures. We employ a richer instantiation of FR using prototypes in opposite corners of a 2D space with four
levels of variation. In addition, we investigate variations on the TACL paradigm: 1) situating classification learning
within an immersive, dynamic, goal-driven setting; and 2) altering the core task to predicting a graded level of category
membership (akin to typicality). Results provide implications for theoretical accounts of categorization.
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Impulsivity, risk-taking, and loss aversion in a continuous response task
Anderson Fitch
University of Florida, Gainesville, Florida, United States

Seung-Wook Cho
University of Florida, Gainesville, Florida, United States

Peter Kvam
University of Florida, Gainesville, Florida, United States
Abstract
The subjective value of a choice option is modified by its potential outcomes, when those outcomes will be realized, how
likely the outcomes are, and the valence associated with these outcomes (gains, losses). People’s preferences in risky
or intertemporal choice are often described by models like hyperbolic discounting, expected utility theory, and prospect
theory. This study tested these models by eliciting hypothetical monetary choices along a continuum of tradeoffs between
amount versus delay, amount versus risk, and amount to be gained versus amount to be lost. Offering a continuum of
options allowed us to test qualitative predictions of the model – for example, a hyperbolic discounting model predicts
that participants should never respond in the middle of a continuous scale where payoff is a linear function of delay. The
results qualitatively falsify several common models, suggesting that current theories of binary choice are insufficient to
account for valuation along a continuum.
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Our construal and bodily actions are impacted by changes in language and virtual
viewpoints
Chie Fukada
Kyoto Institute of Technology, Kyoto, Japan

Yukiko Nishizaki
Kyoto Institute of Technology, Kyoto, Japan

Kaishi Sasaki
Kyoto Institute of Technology, Kyoto, Japan

Noriyuki Kida
Kyoto Institute of Technology, Kyoto, Japan
Abstract
Language reflects our construal of the world which is grounded in everyday sensorimotor experience. Thus, when we
experience a particular world including our real physical world, linguistic explanations about it induce particular ways
to see it which sometimes influences our behaviors. This study explores such effects of language, especially when the
world is virtually presented on a head-mounted display (HMD). We showed university student participants an on-campus
view, which was familiar to them but captured from a height of three meters, via a HMD with either of the following
two linguistic instructions, “You gradually grow huge.” and “You gradually float up in the air.” Then, they were asked to
produce some physical actions while wearing the HMD and answer questions on their bodily images and imagination
levels. We discuss a possible interrelationship between language, visual perception, imagination and bodily action,
including how they facilitate or restrict each other.
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Individuals with Mild Cognitive Impairment are impaired in a gambling task
Jeffrey Zemla
Syracuse University, Syracuse, New York, United States
Abstract
Decision-making is commonly impaired in those with cognitive decline. I compared individuals with Mild Cognitive
Impairment (MCI; n = 45) and cognitively healthy older adults (n = 45) in their ability to improve their decision-making
in the Iowa Gambling Task over time. On each trial, participants chose from one of four decks of cards and received
a net gain or loss. The four decks differed in their expected value (EV). They continued choosing among the decks for
one hundred trials, trying to maximize their winnings. Results indicate that both groups learned to choose from the
higher EV decks over time, but those with MCI learned more slowly. The data were fit to a reinforcement learning model
that indicated those with MCI performed worse in part because of task strategy: those with MCI were less likely to
perseverate on wins and updated their beliefs more slowly to losses.
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The effects of prediction in conversational alignment.
Emilia Kerr
Aix-Marseille University, Aix-en-Provence, France

Kristof Strijkers
CNRS & Aix-Marseille University, Aix-en-Provence, France
Abstract
In this experiment we set out to investigate how predictive processing may modulate alignment between interlocutors
in a dyadic setting (Pickering & Garrod, 2013). The experiment presents a novel interactional task where participants
are involved in a partially controlled association game where speaker A names a picture and speaker B responds with
a semantically related word. Importantly, the predictability for the upcoming object is manipulated. Data has been
collected from 20 dyads, and the results show a prediction effect with a mean difference of 400 ms between predictable
and non-predictable conditions. Crucially, this prediction effect was not only present in speaker A who had to name the
predictable or unpredictable object, but also for the interlocutor. To our knowledge, this is the first study to demonstrate
speaker-listener prediction effects in a dyadic interaction. This will be further tested in a dual-EEG setting to explore
this question at the neural level.
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Benefits of active learning for teachers
Oana Stanciu
Central European University, Vienna, Austria

Jozsef Fiser
Central European University, Vienna, Austria
Abstract
Good teachers and good active learners share the ability to generate samples (examples or queries, respectively) that
are informative in light of current knowledge. In line with this, the current experiment found that active learners
outperformed yoked passive learners in a subsequent category teaching task. The learning task was replicated from
Markant and Gurekis (2014) and included a manipulation of category structure (Rule-based or Information-Integration).
Participants (N = 40 dyads) first learned how to categorize stimuli defined along two continuous perceptual features,
and their subjective classification boundaries were inferred from categorization tests. During teaching, participants
generated a small, fixed number of examples to teach the categorization boundary to an imagined learner. Improvements
in teaching due to active learning went beyond what could be explained by better categorization performance prior to
teaching, and example selection was modulated by participants’ degree of uncertainty about the boundary to-be-taught.
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Uncovering Childrens’ Category Representations with MCMCP
Pablo Leon Villagra
Brown University, Providence, Rhode Island, United States

Isaac Ehrlich
University of Toronto, Toronto, Ontario, Canada

Chris Lucas
University of Edinburgh, Edinburgh, United Kingdom

Daphna Buchsbaum
Brown University, Providence, Rhode Island, United States
Abstract
Uncovering how categories develop through childhood is crucial for cognitive science. However, even for simple domains, categories can be complex, making it challenging to access them experimentally.
Here, we use an experimental method that allows us to produce exemplars from children’s implicit categories (Markov
Chain Monte Carlo with People, MCMCP). Instead of querying pre-specified materials, MCMCP adaptively selects which
stimuli to present, allowing us to focus on the most informative exemplars. We use MCMCP to uncover age-dependent
differences in the category organization of fruits in a pre-registered online experiment. Comparing five-year-olds, sevenyear-olds, and adults, we find a developmental progression of initially broad and overlapping fruit categories to more
differentiated distributions. Furthermore, we find that across age groups, apple and grape categories exhibit bi-modal
color distributions. We discuss these results in the context of theories of randomness reduction over the lifespan and
shape biases in category induction.

3858
In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

When we feel watched: Effects of presenting the teacher’s face on students’
monitors during online classes
Kozue Miyashiro
Utsunomiya University, Utsunomiya-City, Tochigi Prefecture, Japan
Abstract
The COVID-19 pandemic has necessitated online lessons. To investigate the differences of the cognitive processes in faceto face and online situations, we conducted two mock classes using Zoom by manipulating the speaker’s and students’
video cameras (on/off). Unlike the conditions when the students’ cameras were turned off, when they were on (i.e.,
the speaker could watch the participants and they knew it), the relaxation score declined but only when the speaker’s
camera was on. No effect was found on the students’ camera (on/off) when the speaker’s camera was off. Furthermore,
the effect of the speaker’s camera (on/off) occurred when the students’ cameras were on; the relaxation score was higher
when the speaker’s camera was off. These results indicate that students do not feel that the speaker is watching them
when the speaker’s face is not visible on their monitors—even if they know that their video cameras are on.
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Far Analogical Transfer Is Associated with Aha Moments
Christine Chesebrough
Drexel University, Philadelphia, Pennsylvania, United States

Tim George
Union College, Schenectady, New York, United States
Abstract
Research suggests the processes involved in analogical transfer are not unlike those of insightful problem solving. This
study tests whether encoding cross-domain analogies leads to more feelings of insight and higher rates of far transfer.
On each trial in the present study, subjects induced a conceptual relationship from a set of three verbal analogy pairs
(30 trials). Half of the trials had a semantically distant (i.e. expansive) final pair, and half of the trials had a semantically close (i.e. consistent) final pair. Subsequently, subjects attempted to complete a novel far analogy for each of the
previously learned relations. Far transfer performance on new analogies was predicted by the semantic vector distance
of the originally encoded relation. Subjects also reported significantly stronger aha moments at the moment of transfer
for accurate transfer responses compared to inaccurate responses, which suggests that the aha response may provide
metacognitive information about solution accuracy.
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Reduced phonological processing during speech-planning
Elvan Emurla
Humboldt University Berlin, Berlin, Germany

Pauline Reiß
Humboldt University Berlin, Berlin, Germany

Lily Schrewe
Freie Universität Berlin, Berlin, Germany

Mathias Barthel
HU Berlin, Berlin, Germany
Abstract
In conversation, interlocutors rapidly exchange well-timed turns-at-talk, generally starting to plan their contributions
already during the incoming turns. Previous research showed that while this early-planning-strategy supports fast
turn-taking, it comes with increased planning difficulty compared to planning after the incoming turn. The present
study investigates whether concurrent planning is also detrimental to speech input comprehension, targeting the level
of phonological processing. 60 subjects conducted a dual-task experiment, verbally responding to auditorily presented
quiz-questions while simultaneously monitoring them for pre-specified target phonemes (60% present), pressing the
space-bar upon encounter. Subjects’ monitoring performance for phonemes encountered during response planning
was significantly worse than for phonemes encountered when response planning was not yet possible. Additionally,
phoneme detection latencies were significantly longer when concurrently planning a verbal response than in a singletask phoneme-detection control experiment. Thus, results indicate that parallel speech planning, while common, leads
to decreased input processing, possibly due to interference effects.
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Does linguistic alignment promote cooperation?
Theresa Matzinger
University of Vienna, Vienna, Austria

Marek Placiński
Nicolaus Copernicus University in Toruń, Toruń, Poland

Adam Gutowski
Nicolaus Copernicus University in Toruń, Toruń, Poland

Mariusz Lewandowski
Nicolaus Copernicus University, Torun, Poland

Przemyslaw Zywiczynski
Nicolaus Copernicus University, Torun, Poland

Slawomir Wacewicz
Nicolaus Copernicus University, Torun, Poland
Abstract
Linguistic similarities increase cooperative behavior between people, while linguistic differences can reduce cooperativeness, and even promote aversion towards outsiders. This may not only be true for sharing the same native language,
but also for more subtle similarities such as using similar syntactic constructions. In our experiment, participants communicated with two interaction partners (which were in fact standardized chat bots), one of which syntactically aligned
their language with the participants and one of which didn’t. Afterwards, participants decided with which of the two
partners they would like to play a cooperation game that determined the financial bonus that they would receive for
participation. Against our predictions, linguistically aligned communication partners were not preferred as cooperation
partners over non-aligned communication partners. This suggests that formal linguistic similarity may be less relevant
for the outcome of negotiations than previously expected, and has real-life implications for conflict resolution, especially
in intercultural communication settings.
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Learning variations in children’s multimodal cues of uncertainty during a
math-related numerical discrimination task
Theresa Choi
University of Pittsburgh, Pittsburgh, Pennsylvania, United States

Rahma Mbarki
Rutgers University-New Brunswick, New Brunswick, New Jersey, United States

Grace Grmek
Rutgers University, New Brunswick, New Jersey, United States

Kimele Persaud
Rutgers University - Newark, Newark, New Jersey, United States

Jinjing (Jenny) Wang
Rutgers University - New Brunswick, Piscataway, New Jersey, United States

Malihe Alikhani
UPitt , Pittsburgh, Pennsylvania, United States
Abstract
Detecting young learners’ internal uncertainty is key for understanding underlying cognitive processes and designing
Intelligent Tutoring Systems (ITS). Although young children may experience more uncertainty and learn faster, they are
also more limited in the ability to express themselves verbally. Therefore, it is important to understand how uncertainty
can be expressed in different ways. In this work, for the first time, we annotate and model different levels of uncertainty
in young children performing a numerical discrimination task. We identify potential cues of uncertainty presented in
different modalities (e.g., spontaneous verbal responses, hand gestures, facial expressions) and specifically examine the
relationship between task difficulty, task performance, and exhibited levels of uncertainty. Our results show a positive
correlation between the level of uncertainty expression across all modalities and task difficulty. This work informs
research on cognitive coordination between human-human and human-AI collaboration and the design of personalized
ITS systems.

3863
In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

Do we all perceive synthetic speech in the same way? Testing congenitally blind
versus sighted listeners
Gerda Ana Melnik-Leroy
Vilnius University, Vilnius, Lithuania

Gediminas Navickas
Vilnius University, Vilnius, Lithuania
Abstract
Research on cognition in people with impairments is still insufficient to account for cognitive diversity. This study addresses the issue by making the first attempt to examine synthetic speech perception in congenitally blind versus sighted
participants. With the rising prevalence of modern speech technologies, the study of synthetic speech perception across
various groups becomes indispensable. Although recent research revealed certain advantages of blind listeners compared
to sighted ones, these studies only addressed natural speech perception. Using a speeded AX discrimination task in a
controlled experiment, we test how the two groups perceive signal distortions resulting from differing synthetic speech
qualities, generated using neural networks. Results show that blind participants had significantly better discrimination, especially in the difficult condition involving small distortions. This suggests that blind participants were sensitive
to deviations that remained imperceptible to sighted participants. Theoretical implications for speech perception and
practical insights for Text-to-Speech technologies will be discussed.
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Sensitivity to time discrepancy: A computational model of human response to
expectancy disconfirmation
Yuki Sasamoto
Fujitsu, Kanagawa, Japan

Daichi Katsura
Fujitsu, Kawasaki, Kanagawa, Japan

Shinji Hotta
Fujitsu, Kawasaki, Kanagawa, Japan

Satoshi Amemiya
Fujitsu, Kawasaki, Kanagawa, Japan

Kensuke Kuraki
Fujitsu, Kawasaki, Kanagawa, Japan

Naoyuki Sawasaki
Fujitsu, Kawasaki, Kanagawa, Japan

Akihiro Inomata
Fujitsu, Kawasaki, Kanagawa, Japan
Abstract
Traditional expectancy disconfirmation theories have focused on the discrepancy between expectations and perceptions.
Here, we propose a new Bayesian framework model that takes into account human responses triggered by disconfirmation. It aims to explain, for example, the differences of responses to waiting time at a hospital reception, where the wait
time discrepancy is ideally expected to be zero, by introducing the sensitivity of individuals which corresponds to the
decision threshold for responses when coping with disconfirmation. The model was applied to a real-world clinical appointment dataset. The dataset contains multiple appointments with expected and actual times and individual response
patterns depending on the disconfirmation. Individual sensitivity was estimated from the dataset. The sensitivity was
correlated with the response patterns such as sticking to expectation. In addition, with agent-based simulations, results suggest that the introduction of sensitivity contributes to identifying different groups of responses and predicting
negative responses such as ”No-Show”.
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Lightness constancy in reality, in virtual reality, and on flat-panel displays
Khushbu Patel
York University, Toronto, Ontario, Canada

Laurie Wilcox
York University, Toronto, Ontario, Canada

Laurence Maloney
New York University, New York, New York, United States

Krista Ehinger
The University of Melbourne, Melbourne, Australia

Jaykishan Patel
York University, Toronto, Ontario, Canada

Emma Wiedenmann
York University, Toronto, Ontario, Canada

Richard Murray
York University, Toronto, Ontario, Canada
Abstract
Virtual reality (VR) technology is being used in an increasing number of applications, but we sometimes perceive surface
properties differently in real and virtual environments. To evaluate how well virtual platforms support realistic lightness
perception, we measured lightness constancy for 12 observers in three conditions - in a physical scene, in VR, and on
a 2D flat-panel display. Observers performed a lightness matching task where they adjusted the match patch until it
appeared to be the same shade of gray color as a reference patch. We found significantly greater Thouless ratios in
the physical condition (mean±95% confidence interval: 0.87±0.04) than in the flat-panel condition (0.79±0.08). However,
lightness constancy levels were not significantly different in the VR condition (0.83±0.08) than in the physical condition
or the flat-panel condition. Our results suggest that VR can be a flexible alternative to flat panel displays and a reasonable
proxy for real environments.
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Addressing homelessness in LA County by combat or cure: Examining the effect of
conceptual metaphor on reasoning
Shervin Nosrati
California State University Northridge, Northridge, California, United States

Tara Lee
California State University, Northridge, Northridge, California, United States

Nicole Abboud
California State University Northridge, Northrigde, California, United States
Abstract
The way we think about social issues may be significantly affected by the language used to speak about them. Thibodeau
& Boroditsky (2011) found that significant differences in reasoning were noted after exposure to even a single metaphor.
In four experiments, we suggest similar findings through testing the effects of metaphorical framings of the crisis of
homelessness in Los Angeles County where either 1) HOMELESSNESS IS AN ILLNESS, 2) HOMELESSNESS IS A HOSTILE ENCOUNTER or 3) a non-metaphorical framing. Participants read a brief passage or were given visual stimuli (a
novel approach) designed to evoke one of the frames or the control and then responded to a series of questions on how
to best address the issue. Current analysis of the data in the ongoing survey suggests that use of conceptual metaphor
leads participants to recruit frame-semantic knowledge of the source domain to draw inferences that lead to differences
in reasoning.
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Learning cognitive and linguistic prosodic categories for automatic cross-lingual
sign language understanding
Mert Inan
University of Pittsburgh, Pittsburgh, Pennsylvania, United States

yang zhong
University of Pittsburgh, Pittsburgh, Pennsylvania, United States

Sabit Hassan
University of Pittsburgh, Pittsburgh, Pennsylvania, United States

Lorna Quandt
Gallaudet University, Washington, District of Columbia, United States

Malihe Alikhani
UPitt , Pittsburgh, Pennsylvania, United States
Abstract
End-to-end sign language understanding and generation models do not accurately represent the prosody of the languages. This lack of temporal and spatial variation in generated signs leads to poor quality and lower human perception.
We seek to improve prosody in automatic models that understand sign language by modeling intensification in a datadriven manner with strategies grounded in the linguistics of sign language by enhancing the representation of intensity
modifiers in gloss annotations. In this work, we identify four major categories for sign intensification across two different sign languages. Through an extensive data exploration, we compare annotated datasets for German Sign Language
and British Sign Language for intensification. We analyze the effects of the domain of the dataset on the intensifier
abundance and the changes of intensifier use across different sign languages.
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Efficient exploration of spatial environments through Map Induction using
adaptable compositional map representations
Sugandha Sharma
MIT, Cambridge, Massachusetts, United States

Aidan Curtis
MIT, Cambridge, Massachusetts, United States

Marta Kryven
MIT, Cambridge, Massachusetts, United States

Josh Tenenbaum
MIT, Cambridge, Massachusetts, United States

Ila Fiete
MIT, Cambridge, Massachusetts, United States
Abstract
How do humans find their way in new environments, so quickly and efficiently? Humans reuse old knowledge to build
new concepts in many non-spatial domains, such as language and drawing. Could people learn maps by a similar process,
that extracts common structure to speed up learning, and generalize across maps? Understanding the computational
cognitive mechanisms that support this efficiency can advance the study of the human mind and enable more efficient
exploration algorithms. We hypothesize that human map learning relies on inferences over the structure of unobserved
spaces, based on spatial priors informed by previous experience. We model this by combining Program Induction with
a Hierarchical Bayesian framework that explicitly reasons about uncertainty through strong spatial priors. Using a
new behavioral Map Induction Task, we demonstrate that this computational framework explains human exploration
behavior better than non-inductive models and outperforms state-of-the-art planning algorithms in a realistic spatial
navigation domain.
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Morphological Strengthening of Phonological Performance in Child Speech
Anastasia Chuprina
HSE, Moscow, Russian Federation
Abstract
First language learners use various linguistic cues to construct their language(s)’ grammar. I study how phonological
and morphological structures interact in the minds of two young learners of Russian (1;6 - 2;11 years of age) and their
caretakers. While phonology is traditionally recognized to develop ahead of morphology, my data show a ‘backward’
directionality for the younger child only: the grasp of consonant cluster inventory depends on the rising morphological
complexity, measured as a number of morphemes per word. This interaction is first backed by consonant clustering, being
a natural result of phonological alternations at the morpheme boundary; and second, by language pathology data, an
aphasic patient attempting to improve the coda sonority in inflected words but not monomorphemic ones during speech
production. If this result is validated on a larger sample, the finding is meaningful both theoretically and practically for
the speech therapy procedures.
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Restructuring problem-related semantic associations promotes solving success
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Abstract
While problem-solving is central in our daily life, its underlying mechanisms remain elusive. The dominant theory
states that one must restructure a problem (i.e., reorganize problem-related representations) to solve it. As empirical
evidence supporting this mechanism is scarce, we used network science methodology to demonstrate the key role of
restructuring in problem-solving. Individual semantic memory networks were estimated before and after participants
attempted to solve a riddle. These networks represent the organization of solution-relevant and irrelevant words as
nodes, with edges representing the strength of the relationship between them based on the participants’ relatedness
judgments. Restructuring was quantified as the difference in semantic network metrics between pre- and post-solving
phases. Successful problem-solving was predicted by local semantic network restructuring, only in edges and nodes
assessed as helpful to solve the riddle. These results shed new light on the mental restructuring in problem-solving and
provide a new method to quantify it.
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Tracing the developmental trajectory of children’s relational learning
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Abstract
There are some puzzling findings concerning the early development of relational cognition. There is evidence that infants
can carry out analogical generalization and form abstract relations such as same (X,X) (Anderson et al., 2018; Ferry et
al., 2015). Yet, 3.5-year-olds have difficulty with these relations (Christie & Gentner, 2014; Hochmann et al., 2017; Walker
& Gopnik, 2016). Further, Walker et al. (2016) find a decline from 1.5 years to 3.5 years on another same-different task
(see also Carstensen et al., 2019) while prior studies have found gains in relational reasoning during this period (e.g.,
Gentner & Rattermann, 1991). To reconcile these findings, we are re-examining this developmental trajectory with a
new task. Children must point one direction for same pairs and another for different pairs. The results revealed that
4-year-olds learned and generalized same-different relations after four exemplars and are discussed in the context of a
competence-performance distinction.
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Benchmarking mid-level vision with texture-defined 3D objects
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Abstract
We introduce a new benchmark dataset based on classic methods of studying 3D shape perception from texture and motion, inspired by earlier work on Gestalt principles of perceptual organization and the ecological (Gibsonian) approach
to perception of structure in moving displays. The dataset consists of parametric 3D shapes (superquadrics) with procedurally generated textures rotating and translating against a similarly textured backdrop. We expect these stimuli to be
challenging for current computer vision models, as they depart from the statistics of real-world or realistically rendered
stimuli. We test a variety of models’ ability to segment textured stimuli across three training conditions: pre-trained on
naturalistic stimuli, pre-trained+fine-tuned on textured stimuli, trained on textured stimuli. While no models generalize
to segment textured stimuli without fine-tuning, performance improves with fine-tuning and training on textured stimuli. We will discuss how this benchmark can guide models of scene perception towards more human-like robustness
and generality.
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Multimodal integration as predictions. An explanation of the McGurk effect
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Abstract
During speech perception, humans constantly sense multiple sources of information. As so, the McGurk effect has been
typically conceived as a prototypical example of language multi-modal integration, specifically, it has been used to study
audio-visual integration during speech. The McGurk effect arises when in-congruent audio-visual stimuli are paired and
perceived as a different syllable ( auditory /ba/ + visual /ga/ = percept “da” ).
We developed a hierarchical computer model, based on self-organizing maps and Hebbian learning to study speech
multi-modal integration. Our architecture allows studying the McGurk effect purely on bottom-up processing of audiovisual information. We trained several versions of the model and measured the activation similarity between McGurk
alike stimuli and congruent ones by means of mutual information. Our results suggest that the illusory percept arises
from the best congruent representation that reduces uncertainty. Furthermore, the reliability of each sensory modality
determines the best congruent representation.
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What’s the relationship between mechanical reasoning and different types of
spatial skills?
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Abstract
From previous work we know that mechanical reasoning is associated with spatial skills, and that it could even be possible
for mechanical reasoning training to lead to meaningful gains in spatial abilities. However, it is unknown whether the
connection with mechanical reasoning applies to different types of spatial skills or is specific to only one or a subset
of them. To answer this question, we presented participants with six different tasks, four of which corresponded to
spatial assessments that were organized along a 2 (intrinsic/extrinsic) x 2 (static/dynamic) matrix of factors, and two
evaluations that measured mechanical reasoning (gears and pulleys task and DAT-5 mechanical reasoning test). Three
hundred adult participants from Chile responded from their personal computers to the stimuli presented on Open Lab,
an online platform. The results shed light on the link between mechanical reasoning and the different subtypes of spatial
skills.
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Abstract
While the grammatical use of space for referential strategies is attested across many sign languages of Western Europe,
Kata Kolok, a rural sign language used in Northern Bali, has not developed anaphoric pointing in space nor agreement
verbs (Engberg-Pedersen, 1993; Liddell, 2003; de Vos, 2012). To find out whether such typological differences can be
explained by differences in the respective co-speech gesture systems, this preregistered study is collecting data for a
cross-cultural comparison. Building on Motamedi et al. (2021), we are conducting studies in Bali and the Netherlands
using an iterated learning silent gesture paradigm in which hearing people communicate transitive events using only
gestures. Preliminary data indeed suggest that our Balinese participants do not employ space the same way our Dutch
participants do. We will present comparative analyses and evaluate the role of co-speech gesture systems in sign language
emergence in the lab or when evolving from spontaneous interaction.
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The moderation effect of Illusion of Explanatory Depth of Knowledge towards
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Atekeh Ebrahimi
Pavia University, Pavia, Italy

Babak Hemmatian
University of Illinois Urbana-Champaign, Urbana, Illinois, United States

Mehdi Purmohammad
Shahid Beheshti University, Tehran, Iran, Islamic Republic of
Abstract
According to Rozenblit & Keil (2002), attempting a mechanistic explanation of a concrete phenomenon results in reduced
self-reported knowledge, suggesting that the latter is normally overestimated (Illusion of Explanatory Depth or IoED).
Fernbach and Sloman (2013) demonstrated the effect in sociopolitical issues, finding that causal explanation results
in short-term moderation of belief extremity. While the effect of explanation on knowledge self-estimation has been
robustly replicated, debates about the impact on extremity continue. Here, we replicate both effects in an online sample
of Iranians (N=100 and p<.05). Given IoED’s reliance on mechanistic framing, we further hypothesized that the more
concrete construal afforded national hot-button issues would produce a more robust effect compared to international
ones. Our experiment indeed found stronger IoED effects on both knowledge estimation (p<.005) and belief extremity
(p<.003) across national issues. We discuss how this moderation intervention can be helpful in extremism context.
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Abstract
Is the visual word recognition system sensitive to compound (e.g., SNOWBALL) and pseudocompound (e.g., CARPET)
constituents? To answer this question, we employed red-blue anaglyphs glasses to parse red-blue colored (pseudo)compounds
at the fovea—by hypothesis split along the vertical meridian—and allowing for the independent processing of word segments in the visual word form area. Seventy-one participants performed a visual masked lexical decision task with
133 millisecond stimuli presentations. Compounds and pseudocompounds were either split at the (pseudo)morpheme
boundary (legally-split) or within a (pseudo)morpheme (illegally-split). We found a statistically significant interaction
effect between word type and legality. Planned comparisons revealed an advantage in accuracy for legally-split compounds and pseudocompounds over their respective illegal splits. Furthermore, legally-split compounds elicited more
accurate responses than legally-split pseudocompounds. In line with previous findings supporting a purely morphoorthographic prelexical process with faster presentation times, these findings suggest a temporally distinct mechanism
during visual word recognition.
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Abstract
Imagine a friend asks: ”could you pass me the dragonfruit”. You have no idea what they mean and inquire, ”do you mean
the orange fruit in the bowl?”, but they respond: ”no, the pink one”. Now you know which fruit they want and in future
contexts you will likely also understand their request.
People seamlessly update beliefs about speakers’ (word) meanings. Through interaction they somehow infer what ”dragonfruit” means: are all dragonfruits ”pink”, or just this one? Is its shape more diagnostic, or some combination of the
two? The number of possible belief updates is vast, growing exponentially with the number of features. Using formal
complexity analysis, we prove that state-of-the-art models of communication are computationally intractable. Hence,
they cannot yet explain how people can navigate this search space efficiently and communicate seamlessly. The intractability result holds for different model variants, suggesting a fundamental computational challenge for explaining
communicative interaction.
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Functions: A Latent Variable Analysis
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Abstract
The negative consequences of smartphone usage have seen frequent discourse in popular media. While existing studies
seek to resolve these debates in relation to executive functions, findings are still mixed, partly due to the lack of conceptual
clarity, the use of self-reported measures, and task impurity. Addressing these limitations, the current multi-session study
utilizes latent variable approaches to examine various smartphone usage, including objectively measured data-logged
screen time and screen-checking, and 9 executive function tasks in 260 young adults. Our structural equation models
showed no evidence that self-reported normative smartphone usage, objective screen time and objective screen-checking
are associated with deficits in executive functions. Only self-reported problematic smartphone usage was associated
with deficits in latent factor of task-switching. These findings shed light on the boundary conditions of the link between
smartphone usage and executive functions and suggest that smartphone usage in moderation may not have inherent
harms on cognitive functions.
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How scene attributes and sound influence visual exploration of omnidirectional
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Abstract
As virtual reality devices get more widespread, investigating how humans explore omnidirectional panoramic scenes has
become a topic of interest. Several computational models now exist for predicting visual saliency in such environments.
However, the existing literature largely ignores auditory cues while estimating saliency maps. To pave the road for
more capable models, here, we ask how scene attributes and sound categories influence visual exploration. Considering
a dataset of omnidirectional videos of dynamic scenes and eye fixations collected with and without sound, we analyzed
how different semantic factors affect eye movement behavior; whether there are significant differences across human,
animal, or music sounds present in the videos, or for indoor or outdoor scenes. Analyses revealed that the regulatory
effects of audio in human fixations significantly increase in indoor scenes or if the audio is of music but decrease in
outdoor scenes or if the audio is of animal or human sounds.
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Abstract
Knowledge of repeating patterns is foundational for early mathematical thinking. While interventions that rely on direct instruction help children to master specific patterns, they often struggle to transfer this knowledge to new patterns.
This paper investigates exploration as a learning strategy for abstract patterning and improving knowledge transfer.
In a yoked, between-subjects design, 5- and 6-year-old children (n = 90) were tasked with finding up to three hidden
stars in a repeating shape pattern (ABB). Exploration participants (n=45) explored pattern materials themselves, while
demonstration participants (n=45) observed the experimenter revealing the contents of each shape in the same order
as the exploration counterpart. In a transfer task, children saw the same repeating pattern with different stimuli. We
found that 6-year-olds significantly outperformed 5-year-olds in the exploration condition and used more sophisticated
patterning strategies. These findings suggest that exploration may support and extend older children’s emerging understanding of underlying repeating pattern units.
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Abstract
Collective action is a fundamental tool used by social animals. Individual members of groups must coordinate their
behavior to accomplish goal-oriented joint tasks. In doing so, they dynamically impact their environment, which in
turn results in global constraints which impress upon the group’s possibilities for action. This self-organizing process is
common and successfully used in many social species (e.g., honey bees, termites, buffalo), but human collective success
is highly variable and context-sensitive. Here, we present a pilot study investigating the efficiency of human groups
during a joint task simulated after the division-of-labor and task-switching processes of a colony. Using cross-recurrence
quantification analysis (CRQA; a nonlinear time series analysis), we detail the dynamic coordination of dyads working
together to complete a collaborative joint task. By analyzing performance across task constraints and communicative
capabilities, our results contribute to the study of collective action in the context of dynamical systems theory.
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Exploring perceptual decoupling in the context of smooth pursuit eye movement
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Abstract
Recent work suggests that perceptual decoupling (i.e., eye behavior becoming less determined by the sensory environment) is responsible for eye behaviour changes between externally and internally directed cognition. In the current study
we investigated perceptual decoupling effects on smooth pursuit eye movements elicited by simultaneous engagement
in internal visual and arithmetic task under two workload conditions. The results of multilevel modelling showed that
effects of perceptual decoupling were moderated by task type (higher for visual internal activity), workload (higher for
high internal demands) and follow a characteristic time course relative to internal operations. The findings indicate that
perceptual decoupling is a central mechanism underlying differences in eye behaviour between internally and externally
directed cognition and shed light on relevant conditions of this effect.
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Abstract
From writing to hiking, people’s real-world sequential decision-making often benefits from “undoing” (e.g. deleting sentences or backtracking). Surprisingly, undoing has not been studied in experiments on human planning. To investigate
how much, when, and why people undo, we introduce a task that is a cross between the “Traveling Salesperson” and
the “Knapsack” problems with an undo option. Within a length budget, subjects sequentially connect as many dots as
possible on a map. On “undo” trials, they are allowed to take back actions without constraints. We find that undoing
is beneficial, that subjects exhibit great individual variability in the number of undos, that undos are more frequent after errors than after correct actions, and that long response times tend to precede sequences of undos. Together, these
results suggest that undo actions serve a dual role of correcting errors and of exploring alternative paths, where path
evaluation benefits from full play-outs.
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Abstract
Object location and identity interact with each other asymmetrically in adults: Participants tend to judge two sequentially presented objects as more similar when they appear in the same location compared to in different locations (a
phenomenon referred to as Spatial Congruency Bias). Yet no comparable identity congruency bias is found, suggesting
that location is special in object-binding. To investigate whether such a special role of location is inherent in our visual
system or acquired during development, we conducted experiments in both 5-year-old children and adults performing
location-judgment and identity-judgment tasks. The study replicated asymmetric bias in adults by finding that location
biased their identity judgments, but not vice versa. However, symmetric bias was found in children, suggesting fused
processing and reciprocal influence between location and identity in early childhood. The results indicate that location
maintains its influence across development, whereas object identity’s influence on location gets pruned away during
development.
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Abstract
How do people reason intuitively about everyday physical events? Two broad camps provide very different answers to
this question. The first camp emphasizes mental simulations: when people predict where a bouncing ball will end up,
they run a mental process that roughly approximates the motion of the ball. The second camp emphasizes rules and
abstractions: when reasoning about the bouncing ball, people may reason ‘the ball and table are solid, the ball can’t go
through the table’. Here we bring the two views together, with a model of physical reasoning that combines mental
simulation and abstraction. We show behavioral signatures of both rule-usage and mental simulation in a response-time
study in which participants reason about the trajectory of a ball. We present a novel model that can account for these
signatures, and compare it to current models of physical reasoning that cannot.
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Abstract
Sensory-related word association differences in Parkinson’s Disease for verb processing
Free word association tasks are tools to study spontaneous lexical organization in children and adults. Lexical organization resembles a network of words grounded on relevant sensory information; for example, verbs engage the most with
motor information. Studying lexical networks in populations with motor disorders, like Parkinson’s Disease (PD), will
insight into the effect of relevant information deprivation in lexical organization.
We applied a free word association task with early-acquisition Spanish nouns as stimuli. Participants consisted of 20
with PD -divided into two groups depending on their cognitive state- and ten healthy older adults for control. Then, we
used an artificial neural network to determine the semantic distance between stimuli-response dyads.
We found differentiated semantic distances for verb responses in all groups in an inverse u-shaped curve depending on
their cognitive and PD state. Our findings suggest that lexical organization and meaning are not crystallized, but adapt
from sensory information.
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Abstract
The English use of ”they” to refer to a singular referent that is non-specific or of unknown gender dates back to the
1300s. Recently, ”they” has emerged as the dominant pronoun for individuals who identify as gender nonbinary, and
a coherent subset of English speakers (innovators) explicitly accept ”they” when referring to a specific individual of
known gender ((i) “Sarah slept because they were tired”) in off-line judgments. The present work examines whether
on-line comprehension difficulty patterns with off-line judgments. Using a maze-task, participants’ read sentences like
(i) containing “they” with plural or singular subjects, or “he/she” with named subjects that matched or mismatched in
their typical gender. Gender mismatched evoked reading difficulty. Plural “they” also caused difficulty, but significantly
less. Innovators experienced less difficulty with singular “they” than non-innovators, but still processed plural “they”
faster than singular “they”. This work suggests that the grammar of “they” may have yet to stabilize even for innovative
speakers.
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Abstract
Successful reasoning requires the integration of multiple pieces of sometimes complex information. Past work has shown
that children and even adolescents struggle with reasoning, but it remains unclear whether this is due to the demand for
integration or rather informational complexity. Here, children (aged 6-11 years), adolescents (12-17), and adults (18-29;
N=67) were presented with relations among pairs of coloured balls and judged whether one target relation was valid
given four premises. Problems varied in the number (one vs. two) and complexity (general associations vs. specific
orderings) of relevant premises. Across problem types, children performed worse than adults. In contrast, adolescents
showed a larger accuracy cost particularly on decisions that required consideration of specific versus general relations,
independent of relation quantity. These findings suggest that prior reports of an adolescent-specific reasoning “dip” may
stem from difficulty considering complex relations, regardless of the demand for integration.
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Abstract
Metacognition (”thinking about thinking”) depends on representations and metarepresentations, which are usually
treated as internal knowledge structures, rather than as external-oriented processes. We explore how multimodal patterns of external semiotic activity (not monomodal and internal symbolic-based processes) can provide a more accurate
description of metacognition. To develop our ideas, we examine the act of marking-for-self in theatrical dance. To mark
is to perform a dance phrase in a simplified, schematic, or abstract way. When marking, dancers use their bodies in
motion to represent some aspects (properties, dynamics, or structures) of the complete dance-phrase they are thinking
on. Marking-for-self occurs when dancers mark in their own idiosyncratic manner, a process that potentializes real-time
reflection on its own dancing sequences and structures. According to our view, these representations are metacognitive embodied and externalized diagrammatic structures. We detail this phenomenon in light of recent developments in
Cognitive Semiotics and diagrammatic reasoning approach.
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Semantically homogenous item displays improve memory for item recall but not
item location
Xinyi Lu
University of Waterloo, Waterloo, Ontario, Canada

Mona Zhu
University of Waterloo, Waterloo, Ontario, Canada

Evan Risko
University of Waterloo, Waterloo, Ontario, Canada
Abstract
We often organize items in space according to their semantic and/or functional properties (e.g., cookware in the kitchen,
clothing in the closet), yet little research has been conducted on the memorial effects of these types of spatial configurations. Across three experiments, we examined how a semantically homogenous display influenced memory for item
locations compared to a heterogenous/scrambled display. Participants learned the locations of words in a semantically
homogenous display (where all words belonged to a single category), as well as a scrambled display (where the words
belonged to an assortment of different categories). While the semantic display improved recall memory for the words
themselves (i.e., item memory), it resulted in a cost to item location memory. We hypothesize that semantic structuring
can impair memory for item locations by increasing similarity and hence confusability between items from the same
category.
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Critical transitions in belief and identity
Tyler Marghetis
University of California, Merced, Merced, California, United States

Maya Changaran Kumarath
University of California Merced, Merced, California, United States

Eleanor Schille-Hudson
Indiana University, BLOOMINGTON, Indiana, United States
Abstract
Sudden personal ruptures figure prominently in literature, religious scripture, and “great man” historical narratives.
Scientists experience sudden insights. Religious devotees abandon their faiths—or find new ones. Political organizers
switch parties. Are these restricted to the lives of a few exceptional individuals—or are they widespread, commonplace,
a recurring feature of human experience? To address these questions, we conducted a survey of people’s experiences
of sudden transformation across a range of life domains: morality, aesthetics, mathematical or scientific belief, religion,
politics, social life, and mental health. Sudden personal transformations were surprisingly widespread. The magnitude
of a rupture was associated with changes in social networks, and with changes in belief dissonance. In other words,
new friends or challenging beliefs could precipitate large personal transformations. Critical transitions in the human
experience may reflect universal dynamical mechanisms.
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Measuring social curiosity-driven attentional differences in children with autism
using an augmented reality-based phone app
Samaher Radwan
Stanford University, Stanford, California, United States

Aaron Kline
Stanford University, Stanford, California, United States

Alejandro Galindo
Stanford University, Palo Alto, California, United States

Michael Frank
Stanford University, Stanford, California, United States

Dennis Wall
Stanford University, Stanford, California, United States

Nick Haber
Stanford, Stanford, California, United States
Abstract
In learning about and building models of their social and physical worlds, children exhibit a wide range of complex,
spontaneous, intrinsically motivated, curiosity-driven behaviors. To understand how curiosity-driven behavior in social environments differs in diverse learners, we experimentally measure attention allocation in children on the autism
spectrum and their typically-developing peers. We designed an augmented reality smartphone activity where children
freely explore novel stimuli. Some agents behave “socially” (i.e., animate), while others have more regular (i.e., periodic,
static) or irregular (i.e., random) inanimate behavioral patterns. This project is part of a broader program in which we
attempt to model curiosity with artificial intelligence. Our augmented reality systems will lead to large and diverse data
acquisition, allowing us to model a comprehensive range of learning behaviors and enable more inclusive, personalized
pedagogical and diagnostic tools.
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Science Education Helps Suppress Naïve Science Thinking
Rui WANG
University of Cambridge, Cambridge, United Kingdom

Aaron Britton
Queen’s University Belfast, Belfast, United Kingdom

Harriet Godfrey
Queen’s University Belfast, Belfast, United Kingdom

Aidan Feeney
Queen’s University Belfast, Belfast, United Kingdom

Michelle Ellefson
University of Cambridge, Cambridge, United Kingdom
Abstract
Conceptual change is an important consequence of science education, especially when moving from naive to scientific understanding of natural phenomena. However, the change from naïve to scientific thinking is difficult. Recent
research suggests that naïve concepts persist alongside scientific concepts in adults, meaning that they must suppress
naïve thinking to correctly endorse scientific explanations. Recent behavioural and neuroimaging studies indicate that
even professional scientists must suppress naïve thinking. In this study we explored the role of educational experience both general and scientific - in adults (N = 167, Mage = 26.49 years, SDage = 8.74) verifying scientific statements whose
truth value was consistent or inconsistent under naïve and scientific theories. The results indicated that science education experience, but not general education, positively related to both overall accuracy and the ability to suppress naïve
thinking. These results shed light on the link between science education and processes of conceptual change.
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Investigating social norms in nonhuman animals
Kristin Andrews
York University, Toronto, Ontario, Canada

Simon Fitzpatrick
John Carroll University, Cleveland, Ohio, United States

Evan Westra
York University, Toronto, Ontario, Canada
Abstract
Social norms—rules governing which behaviors are deemed appropriate or inappropriate within a given community—are
typically taken to be uniquely human. Recently, this position has been challenged (Andrews 2020; Danón 2019; Fitzpatrick 2020; Kappeler et al. 2019; von Rohr et al. 2011). The view that norms are human unique stems from commitments
regarding the psychological capacities required for having them, and skepticism that animals possess these prerequisites
(Birch 2020; Rakoczy and Schmidt 2019; Schlingoff and Moore 2017; Tomasello 2016). However, among norm cognition
researchers there is little agreement about the cognitive architecture that underpins social norms in humans. To move
forward, we draw inspiration from the progress made in the animal culture research, develop an operationalized account
of social norms as *a socially maintained pattern of behavioral conformity within a community* (Westra and Andrews,
in preparation), and offer methods for studying social norms in wild and captive primate populations.
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Two measures for complement coercion interpretation: Interpretation vs
production for complement coercion
Frederick Gietz
University of Toronto, Toronto, Ontario, Canada

Barend Beekhuizen
University of Toronto, Mississauga, Mississauga, Ontario, Canada
Abstract
Complement coercion interpretation is typically operationalized in terms of verb paraphrases (she finished the book >
she finished reading the book), reflecting the construal of a specific event triggered by the direct object (cf. Pustejovsky
& Bouillon). However, when given the option, participants frequently, and selectively, refrain from providing verb
paraphrases for naturally occurring sentences.
We present a corpus study of the pragmatic factors that affect the rate of refraining from giving a verb paraphrases,
followed by two experiments. First, a fill-in-the-blank experiment shows that minimally different clause types containing
complement coercion yield different rates of verb paraphrase. Second, we pair complement coercion sentences with
possible verb paraphrases and obtain semantic (entailment) judgements from participants. Taken together, the results
present a puzzle; participants’ likelihood to produce a verbal coercion interpretation is modulated by contextual factors,
while their semantic comprehension of potential verb paraphrases for the same sentences is not.
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Alternative Outcomes, Surprise, and Predicting Replication of Psychological
Research
Edward Munnich
University of San Francisco, San Francisco, California, United States

Marci Adolfo
University of San Francisco, San Francisco, California, United States

Erica Divinagracia
University of San Francisco, San Francisco, California, United States

Sydney Laxson
University of San Francisco, San Francisco, California, United States

Sabrina Ibrahim
University of San Francisco, San Francisco, California, United States

Joshua Condry
University of San Francisco, San Francisco, California, United States
Abstract
When we read research findings, what facilitates consideration of different possible outcomes? 112 Amazon Mechanical Turk Workers read about four psychological studies, and either predicted the results, received the results without
explanation, or received the results with a plausible explanation. We hypothesized that 1. receiving results would increase the difficulty of explaining alternative outcomes, and that this would be amplified by receiving explanations, 2.
As difficulty explaining alternatives increases, participants would be less surprised by actual results and predict higher
likelihood of replication. We did not find the expected differences in difficulty across conditions. However, across all
four research studies, surprise was negatively correlated with likelihood of replication, indicating that more surprising
results are considered less likely to replicate. We consider reasons why our manipulation did not affect difficulty of explaining alternative outcomes, and discuss implications for how research can best be presented to promote consideration
of alternative outcomes.
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Mapping the Structure of Metaphorical Concepts of Undergraduate Research
Mentoring
Clarissa Madar
Reed College, Portland, Oregon, United States

Nan Elpers
Reed College, Portland, Oregon, United States

Stephen Flusberg
Purchase College, SUNY, Purchase, New York, United States

Kevin Holmes
Reed College, Portland, Oregon, United States
Abstract
Many scientists describe themselves metaphorically as a “gardener” or “sculptor” of the undergraduate students in their
lab and the students’ own research ideas. Across two preregistered studies (N = 1200), we applied existing methods for
mapping the entailments of metaphorical concepts to provide insight into lay conceptions of undergraduate research
mentoring. Participants were presented with one of several mentoring metaphors and rated how closely a series of
mentor attributes fit the metaphor. Iterated exploratory factor analysis revealed a small set of dimensions along which
the metaphors differed systematically, reflecting the mentor’s role as a nurturer, authority figure, communicator, and
collaborator. The metaphors were also associated with different intuitions about mentors’ responsibility for and power
to influence student learning in the lab. Our findings show that mentoring metaphors capture distinct mentor attribute
profiles, with implications for how scientists understand and communicate the value of their mentoring approach to
their students.
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Exploring cognitive pathways to sustainability – development and validation of
personas for sustainable behavior
Laura Prislan
University of Stuttgart, Stuttgart, Germany

Maria Wirzberger
University of Stuttgart, Stuttgart, Germany
Abstract
Over the last years, we could observe increasing awareness of sustainability and climate change in society. Individual
sustainable behavior emerges by various influencing factors, resulting in different degrees of sustainable behavior. An
important factor is the intention behind pro-environmental behavior, which can be goal-directed, motivated by other
goals, or habitual. At the same time, good intentions do not always translate into sustainable actions. To develop
interventions that promote pro-environmental behavior, we need to shed light on cognitive mechanisms underneath
sustainable thoughts and how they stimulate actions. We conducted ten semi-structured interviews with representative
individuals asking about their intentions, influencing factors of sustainability and examples from everyday life. Based
on their scope of reflection, knowledge, and predominant intention, we could identify five different sustainability personas: sustainability-oriented, open-minded, opportunistic, careless, and dismissive. We present characteristics of these
personas, discuss the validation process, and investigate cognitive mechanisms of reflection in the context of sustainable
behavior.
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How Increasing Item and Cue Duration Influence Item-Method Directed Forgetting
Pelin Tanberg
University of Waterloo, Waterloo, Ontario, Canada

Colin MacLeod
University of Waterloo, Waterloo, Ontario, Canada

Myra A. Fernandes
University of Waterloo, Waterloo, Ontario, Canada

William Hockley
Wilfrid Laurier University, Waterloo, Ontario, Canada
Abstract
Our ability to forget on demand is called intentional forgetting, and it can be examined using the item-method directed
forgetting paradigm. Recently, an inhibition account has gained popularity, arguing that to-be-forgotten (F) items are
inhibited in working memory to impair their representations in long-term memory. In a series of experiments, we tested
predictions from this inhibitory account by increasing the item and cue durations, respectively. Inhibition predicts
decreased recognition for F items with increasing duration. In item recognition, increasing item duration increased
memory for both to-be-remembered (R) and F items, in line with a selective rehearsal account of directed forgetting.
There was no differential effect of cue duration on memory for R and F items. In associative recognition, increasing
item duration increased memory for both R and F items but increasing cue duration increased memory only for R items,
which is counter to an inhibition account.
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The role of top-down attention in statistical learning of speech
Stacey Reyes
Western University, London, Ontario, Canada

Laura Batterink
Western University, London, Ontario, Canada
Abstract
Statistical learning (SL) refers to the ability to extract regularities in the environment and has been well-documented
to play a key role in speech segmentation and language acquisition. Whether SL requires top-down attention is an
unresolved question. The current study examined whether SL can occur outside the focus of attention. Participants
either focused or diverted their attention away from a heard nonsense language. Visual attention was taxed by requiring
tracking of multiple randomly moving dots. Linguistic attention was taxed through a self-paced reading task. SL was
assessed with an explicit familiarity rating task, and an implicit reaction-time (RT) based memory task. Explicit learning
was only reduced when linguistic resources were taxed, but unimpaired when visual resources were taxed. On our
implicit measure of SL, learning was unimpaired when attention was taxed. These results suggest implicit aspects of
SL to be more robust to an attention diversion as compared to explicit aspects of SL. Findings suggest L2 learners may
engage in demanding visual tasks, as well as offer insight into the neurocognitive underpinnings of SL.
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Choice blindness persists despite explicit instructions to detect false feedbacks:
preliminary evidence for a Bayesian model of choice blindness
Vogel Gabriel
Lund University, Lund, Skåne, Sweden

Petter Johansson
Department of Philosphy and Cognitive Science, Lund, Sweden

Lars Hall
Lund University, Lund, Sweden

Philip Parnamets
New York University, New York, New York, United States
Abstract
Choice blindness is a puzzling phenomenon, showing how people often fail to detect a mismatch between their intentions
and outcomes and then confabulate reasons for choices they never made. Despite extensive replications, little is known
about the cognitive mechanisms underpinning it. To tackle this question, we report an online experiment showing for
the first time that people still illusorily self-attribute unchosen outcomes despite being explicitly instructed to detect
false feedbacks. Comparing standard implicit choice blindness with our new explicit task, we show how prior beliefs
about manipulations and stimuli discriminability influence detection. Building on these results, we sketch a preliminary
Bayesian model of choice blindness suggesting that choice blindness occurs when beliefs in the reliability of feedback
override monitoring related cues indicative of a mismatched outcome. Finally, we discuss practical advantages of explicit
task to study choice blindness and implications for the sense of agency and self-knowledge.
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Spatial alignment facilitates visual comparison in diagonal structures
Bryan Matlen
WestEd, Sacramento, California, United States

Steven Franconeri
Northwestern University, Evanston, Illinois, United States

Dedre Gentner
Northwestern University, Evanston, Illinois, United States

Benjamin Jee
Worcester State University, Worcester, Massachusetts, United States

Nina Simms
Northwestern University, Evanston, Illinois, United States
Abstract
To grasp visual relationships, such as those presented in figures or diagrams, viewers must often compare the spatial
relationships between visual structures (e.g., the slopes of two lines, sequences of DNA strands). Past work has found that
this visual comparison process is optimized when visuals are placed directly, such that the relational correspondences
are obvious (e.g., horizontal spatial structures placed vertically), and weakened when relational correspondences are
impeded (e.g., horizontal spatial structures placed horizontally) (Matlen et al. 2020). However, this principle of spatial
alignment has yet to be tested with other spatial structures beyond horizontal and vertical structures. Here, we tested
this principle using diagonal spatial structures. The results bore out the spatial alignment principle – participants were
faster and more accurate when diagonal structures were in direct relative to impeded placements. These findings have
important implications for theories of comparison as well as for design and instruction.
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Socially emotional intelligent agents based on BICA and deep learning
Alexei Samsonovich
National Research Nuclear University ”MEPhI”, Moscow, Russian Federation
Abstract
Deep learning (DL) makes it possible to automate the work of theorists, developers, and programmers in creating intelligent agents. At the same time, it has limitations related to the statistical nature of the method, which largely ignores
available domain knowledge and requires large training datasets. These limitations become a barrier in the field of modeling and characterization of human social-emotional behavior. Biologically inspired cognitive architectures (BICA)
are based on facts from cognitive and brain sciences and therefore can be successful here, although at the great cost
of intellectual human labor. The challenge therefore is to integrate the two approaches, combining their strengths and
compensating for their weaknesses. Here a particular form of such integration is presented, which involves a scaffolding
of DL by BICA. Experimental paradigms include a virtual registrar, a virtual partner dance, a virtual clownery, and more.
This work was supported by the Russian Science Foundation Grant #22-11-00213.
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Role of Prior Knowledge in Feedback Timing
Julie Shirah
University of Kentucky, Lexington, Kentucky, United States

Pooja Sidney
University of Kentucky, Lexington, Kentucky, United States
Abstract
Several individual differences have been suggested to explain neutral or negative effects of feedback on learning (Hattie
& Timperley, 2007; Kluger & DeNisi, 1996). Specifically, Fyfe and colleagues (2016) have found that feedback has been
useful for students with low prior knowledge, but has mixed effects on students with high prior knowledge. In contrast
to prior studies that measure prior knowledge, here we manipulate students’ propensity to transfer from knowledge of a
more familiar concept to a more difficult one using knowledge activation (Sidney, 2020). Undergraduates (N = 138) were
randomly assigned in a 3 (delayed, immediate, or no feedback) x 2 (activate prior knowledge or not) between-subjects
design. Both activating prior knowledge and providing immediate feedback enhanced performance during learning
trials. On a no-feedback posttest, feedback effects were moderated by knowledge activation. Importantly, combining
knowledge activation with immediate feedback had a large positive impact on performance.
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Visual attention to threat in the Himba, a remote people of Namibia
Anna Blumenthal
University Laval, QC, Quebec, Canada

Serge Caparos
Université Paris 8, Paris, France

Isabelle Blanchette
Université Laval, Quebec, Quebec, Canada
Abstract
Threatening stimuli capture visual attention more rapidly than benign stimuli. The canonical interpretation of this robust
finding is that the brain evolved a “fear module” enabling rapid detection of threats common at the time of mammalian
evolution, such as snakes and spiders. This rapid attentional capture is thought to enable prioritized processing of
threatening stimuli, providing a survival advantage, and is assumed to be universal. However, these findings have been
documented almost entirely in WEIRD (white, educated, industrialized, rich, and democratic) populations. Here, we
address this gap by examining threat detection in a remote African culture, the Himba. Using a touch screen visual
search task, we found that both evolutionary-relevant (snakes and spiders) and modern threats (knives and syringes)
captured attention more rapidly than benign stimuli. To our knowledge, this is the first study showing that the same
kind of threats that rapidly capture visual attention in the West also rapidly capture visual attention in the Himba.

3907
In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

Contingency learning decreases when associations are shared
Brady Roberts
University of Waterloo, Waterloo, Ontario, Canada

Noah Forrin
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University of Waterloo, Waterloo, Ontario, Canada

Colin MacLeod
University of Waterloo, Waterloo, Ontario, Canada
Abstract
In the color-word contingency learning paradigm, each word appears more often in one color (HI contingency) than
in other colors (LO contingency). Despite the words being irrelevant, responses to the relevant colors quickly become
faster to HI than to LOs—the contingency learning effect. Across four experiments (N = 1,490), the number of responseirrelevant word stimuli linked to each of the three response-relevant colors varied from 1 to 2 to 4. Our prediction, derived
from the Parallel Episodic Processing (PEP) 2.0 model, was borne out: The magnitude of the contingency learning effect
declined monotonically as more words were linked as HIs to each color. Inconsistent with the PEP model, however,
we observed changes in response times not only in HI but also in LO trials, indicating a need to amend the model.
Associative learning may therefore be a function of prioritizing high probability items at the expense of low probability
items.
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Explaining Full Response Distributions in Causal Reasoning Tasks: The Bayesian
Mutation Sampler
Ivar Kolvoort
University of Amsterdam, Amsterdam, Netherlands

Leendert van Maanen
Utrecht University, Utrecht, Netherlands
Abstract
A recent sampling-based model of causal cognition, the Mutation Sampler, can explain the average responses of participants on a wide variety of tasks (Davis & Rehder, 2020). Careful analysis, however, shows that the predicted response
distributions do not match empirical data. As an explanation for the observed response distributions, we propose that
people engage in mutation sampling when confronted with a causal query and subsequently integrate this information
with a prior. Several theoretical arguments can be made for the notion that people use priors in causal judgements; it
is rational and matches the phenomenology of making such judgements. We have modelled this process with a new
model called the Bayesian Mutation Sampler (BMS). We fit the BMS to experimental data and find that, in addition to
average responses, the BMS explains multiple ‘distributional phenomena’, such as the moderate conservatism of the bulk
of responses and the lack of extreme responses.
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Causal imprinting in the pandemic: the persistence of the surface-model of Sars
CoV2 transmission
Micah Goldwater
University of Sydney, Sydney, Australia
Abstract
Laboratory experiments have shown that the first causal explanation people hear “imprints” on the mind. New causal
explanations become combined with the first, rather than replace it. The COVID-19 pandemic presented a real-world
version of these experiments. The initial causal model communicated by scientific publications focused on how the virus
spread via contact with surfaces. However, by July 2020 the science was clearly showing that aerosol transmission was
more important, yet there has still been a greater focus on cleaning surfaces than ventilation since then. The current
studies show how the surface model and aerosol model coexist in people’s minds, are associated with risk perceptions,
and drives preferences for pandemic control strategies. In addition, the studies shows that a tutorial based on a deeper
explanation of aerosol transmission focused on the density of virus particles in the air helps causal model updating.
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Walking in or Talking with Others’ Shoes: Studying the Role of Perspective Getting
and Mimicry on Interlocutors’ Interpersonal Accuracy and Feelings of Empathy
Noa Reijnen
Tilburg University, Tilburg, Netherlands

Debby Damen
Tilburg University, Tilburg, Netherlands

Hendrik Engelbrecht
Tilburg University, Tilburg, Netherlands
Abstract
We investigated the extent to which two interventions (perspective-getting versus mimicry) affect individuals’ cognitive
empathy (interpersonal accuracy) and affective empathy differently. Participants were invited to a Zoom-session where
they met another participant (the target) who they had never met before. Participants were instructed to assess the
stranger’s attitude on several topics (interpersonal accuracy) and to report their empathic feelings towards the target
(affective empathy). Beforehand, participants were explicitly instructed to either (1) get the target’s perspective on these
topics in a five-minute discussion (perspective-getting), to (2) mimic the target’s facial expressions (mimicry) while
watching the target explain her general experiences with the topics, or (3) to watch the same monologue without the
mimicry instructions (control). Results showed that perspective-getting increased predictors’ interpersonal accuracy
versus mimicry and the control. However, the mimicry instructions did not result in higher feelings of affective empathy
compared to the other two conditions.

3911
In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

Probability matching and antimatching in hide-and-seek
Peter DiBerardino
University of Waterloo, Waterloo, Ontario, Canada

Britt Anderson
University of Waterloo, Waterloo, Ontario, Canada
Abstract
What is an ”opposite” probability distribution? Such a notion would be useful for decision making under uncertainty
when the goal is to avoid, rather than pursue some outcome. Here, we utilize an inversion of probability matching
that we call ”probability antimatching” to derive a formal definition of opposite probabilistic representations in humans.
The children’s game of hide-and-seek is a natural way to test both traditional probability matching when seeking, and
probability antimatching when hiding. Participants are informed of a simulated child’s tendencies for hiding and seeking
in rooms of a house presented graphically on a computer screen. Participants’ room-choice frequencies are predicted
by a probability vector reflection across the uniform distribution. Participants are also more likely to use an optimal
strategy when hiding than when seeking. With this work, we establish a formal definition of probability antimatching
and opposites for models of probabilistic belief.
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Self-Explaining the Notional Machine to Improve Novice Programmers’ Learning
and Mental Models, Supported by a Computer Tutor System
Veronica Chiarelli
Carleton University, Ottawa, Ontario, Canada

Kasia Muldner
Carleton University, Ottawa, Ontario, Canada
Abstract
A notional machine is an abstract representation of how a computer works. Prior research shows that students often
form incomplete or inaccurate mental models of the notional machine, reflecting misunderstandings and causing programming errors. To date, however, there is very little work on how to help students acquire accurate models of the
notional machine. To fill this gap, this research focuses on novice programmers and experimentally investigates the
impact of direct instruction of the notional machine compared to standard instruction that does not include the notional
machine. The instruction is embedded in an online computer tutor that we implemented and compared to a version of
the tutor that does not refer to the notional machine but otherwise includes the same materials. In particular, both tutor
versions include instructional videos followed by self-explanation prompts. We will present data from an evaluation of
both tutor versions.
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Using Dual Systems Models of cognitive development to understand risky sexual
behaviors in adolescents from Montevideo (Uruguay)
Gabriela Fernandez-Theoduloz
Universidad de la Republica, Montevideo, Uruguay

Juan Godoy
Universidad Nacional de Córdoba, Córdoba, Argentina

Dr. Alejandra Lopez-Gomez
Universidad de la Republica, Montevideo, Uruguay
Abstract
Adolescence is characterized by an increase in risky behaviors. The Dual Systems Models of cognitive development
suggest that this could be explained by an imbalance between the development of the Socioemotional Reward System
and the Cognitive Control System. Also, there is a normative increase in sexual exploration. However, some sexual
behaviors are considered health risks. With a prospective longitudinal panel design, we aimed to analyze the effect of
change in risk propensity, self-regulation, and consideration of future consequences (CFC) on sexual risk behaviors in
adolescents aged 15-20 years from Montevideo (Uruguay). In a sample of 49 adolescents, we measure cognitive variables
at T1 and T2 using behavioral tasks and scales. We surveyed sexual behaviors at T2. Congruent with Dual Systems
Models, we observed a decrease in risk propensity and CFC-Immediate, and the decrease in risk propensity impact the
use of contraceptive methods. No significant results found for self-regulation and CFC-Future.
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Bilingualism protects social cognition in aging: Effects of early bilingualism on
older adult theory of mind
Xiaoqian Li
Singapore University of Technology and Design, Singapore, Singapore

W. Quin Yow
Singapore University of Technology and Design, Singapore, Singapore
Abstract
The ability to understand and speak more than one language (i.e., bilingualism) may offer some protection against agerelated cognitive deterioration. Although research on children and young adults has reported that bilinguals outperform
monolinguals in some theory-of-mind (ToM) tasks, a similar positive effect of bilingualism on older adults’ ToM has
yet to be established. Here, we examined the effects of bilingual experience (i.e., onset age of bilingualism) on ToM in
normal aging using the ToM Task Battery with 60 young adults (aged 18-30) and 72 older adults (aged 56-79). Results
revealed that older adults showed deficits in ToM and their performance gradually declined with age compared to young
adults. Importantly, early bilingualism mediated the age differences in ToM; earlier onset age of bilingualism predicted
better ToM performance in older adulthood. Findings suggest a possible protective effect of early bilingualism against
age-related declines in socio-cognitive functions.
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Trait mindfulness is associated with dynamic transitions in a combination of
affective qualities
Winson Fu Zun Yang
Texas Tech University, Lubbock, Texas, United States

Miranda Scolari
Texas Tech University, Lubbock, Texas, United States
Abstract
The study aimed to examine the relationship between mindfulness and affective thought dynamics. We hypothesized two
principle components that are associated with trait mindfulness. Twenty-three participants wrote ten successive words
from six seed words, rated affective dimensions on these words, and completed the five-facet mindfulness questionnaire
(FFMQ; act-aware, describing, non-judgment, non-reactivity, and observing). Principle Components Analysis (PCA) was
used reduce the affective dimensions and Markov-Chain to analyze state changes. Linear regressions were then used to
examine the relationships between the PCs and FFMQ. Our results revealed one PC (valence, arousal, and importance).
Linear regressions revealed that observing, act-aware, and describing predicted the probability of transitioning from
negative to positive [P(N->P)] (B = 1.77, p = 0.040), P(P P) (B = 1.77, p = 0.040), and P(P P) (B = 1.77, p = 0.040), respectively.
These state shifts may explain improvements in emotion regulation through mindfulness, which directs these affective
shifts.
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Studying the long-term dynamics of reciprocity based on welfare tradeoff ratios
Wenhao Qi
University of California, San Diego, La Jolla, California, United States

Ed Vul
University of California, San Diego, La Jolla, California, United States
Abstract
People reciprocate another person’s altruistic or spiteful intentions toward themselves over repeated interactions, but it
is unclear how such other-regarding intentions are represented in people’s minds and how the dynamics of reciprocity
unfold. Recent work formalizes other-regarding intentions as welfare tradeoff ratios (WTR) and demonstrates that people
reciprocate by adjusting their own WTR in response to the perceived WTR of another person. However, due to the
complexity and inaccuracy of existing WTR measurements, it is still infeasible to study the long-term dynamics of
people’s WTR adjustment beyond a few trials. Here we develop an experimental paradigm based on nonlinear continuous
decomposed games that precisely reveals to the participant the opponent’s WTR and measures the participant’s WTR
in a single trial. We find that participants are sensitive to the opponent’s WTR and adjust their WTR accordingly. This
experimental framework enables the fine-grained investigation of the long-term dynamics of people’s intention-based
reciprocity.
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Visual perception of vertical movements in word learning
Sho Akamine
Max Planck Institute for Psycholinguistics, Nijmegen, Netherlands

Akari Omine
transcosmos inc., Urasoe, Japan

Tsuyoshi Kohatsu
University of the Basque Country , Vitoria Gasteiz, Spain

Manami Sato
Okinawa International University, Ginowan, Okinawa, Japan
Abstract
People understand abstract ideas (e.g., positive/negative valence) through concrete concepts (e.g., up/down; Lakoff &
Johnson, 2013). Empirical research has shown that upward/downward motor actions stimulate positive/negative feelings and memories (Casasanto & Dijkstra, 2010), and congruent motor actions facilitate word learning (Casasanto &
de Bruin, 2019). Although prior studies reveal a close link between language and perceptual experiences, no study has
tested whether the visual perception of upward/downward movements enhances the learning of words whose meaning involves either higher/lower spatial position (e.g., cloud, road), positive/negative emotional valence (e.g., joy, grief),
or higher/lower social status (e.g., doctor, unemployed). The effects of directional congruency in word learning are
discussed based on the results of an experiment in which Japanese speakers learned 54 English-based pseudowords presented with automatic visual movements that were congruent (e.g., upward-positive) or incongruent (e.g., downwardpositive) with the pseudowords’ assigned meaning, or controls (e.g., rightward/leftward-positive).
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Clarifying Metacognition System 1 & 2 with the Common Model
Brendan Conway-Smith
Carleton University, Ottawa, Ontario, Canada

Robert West
Carleton University, Ottawa, Ontario, Canada
Abstract
Dennett’s (1981) call to use computational frameworks in philosophical analysis can assist in clarifying the distinction
between System-1 and System-2 metacognition. Metacognition has been described as “cognition about cognitive phenomena” (Flavell, 1979) and is renowned for its particularly difficult issues. Understanding its “mysterious mechanisms”
(Brown, 1987) has been obscured by the subject’s abstractness and disputed terminology. Computation is uniquely suited
to overcome these barriers as it forces definitional clarity. New research is supportive of the Common Model of Cognition as the best candidate for computationally modeling the functional organization of the human brain (Stocco et al.,
2021). The Common Model represents a powerful tool for investigating unresolved cognitive issues as it is informed by
a convergence of research and is well-defined. We propose that applying the Common Model as a philosophical tool can
assist in clarifying the problematic distinction between System-1 and System-2 metacognition.
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How can visual perception of numbers affect computational fluency?
Maiko Takahashi
the University of Tokyo, Tokyo, Japan

Souko Inoue
MITA International School, Tokyo, Japan
Abstract
The ability to calculate fluently is one of the basic academic skills, but certain students have difficulty acquiring it, such
as those with developmental dyscalculia. In this study, we focus on the visual perception of numbers as a factor related
to computational fluency, and examine whether enlarging the letters of the numbers or widening the line spacing in a
calculation task would increase computational fluency. Four hundred and thirty-six junior high school students were
asked to perform a two-digit addition or subtraction task in which font size and line width were manipulated, and the
number of correct answers per minute was used as a measure of computational fluency. The results showed that enlarging
the font size increased the computational fluency of all participants, and that widening the line spacing contributed to
the fluency of participants with low computational skills, while it may decrease that of high computational skills.
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Decision Variables in the Case of Police Lineup Rejections
Anne Yilmaz
University of California, San Diego, La Jolla, California, United States

John Wixted
UC San Diego, La Jolla, California, United States
Abstract
Though high-confidence identifications from a police lineup can provide strong evidence of guilt, confidence in a lineup
rejection often provides little additional information beyond the rejection itself. Here, we investigate whether participants use different decision rules for positive identifications vs. lineup rejections. In this experiment, we compared
confidence ratings from a standard simultaneous lineup (where confidence in the lineup rejection is not applied to any
particular face) to the confidence ratings from a rate-them-all simultaneous lineup (where confidence that a person is
or is not the perpetrator is applied to every face in the lineup). We hypothesize that, in the case of a lineup rejection,
confidence in the standard condition will be best predicted by the average memory signal in the rate-them-all condition.
The possible reliance on an average memory signal could help to explain why previous research has not found a strong
confidence-accuracy relationship for lineup rejections.
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Changed-goal or cue-strengthening? An investigation into the underlying
mechanisms of judgment of learning reactivity
Minyu Chang
Cornell University, Ithaca, New York, United States

Charles Brainerd
Cornell University, ITHACA, New York, United States
Abstract
Making judgments of learning (JOLs) can sometimes directly modify subsequent memory, which is termed JOL reactivity. To explain this phenomenon, the changed-goal hypothesis posits that JOLs increase participants’ awareness of
differences in item difficulties and prompt them to focus more on easier items at the cost of harder items. The cuestrengthening hypothesis states that making JOLs enhances cues that inform JOLs and benefits memory performance if
memory tests are sensitive to those cues. In Experiment 1, we found that immediate JOLs produced positive reactivity
for related word pairs but prestudy JOLs did not, although both types of JOLs signaled differences in item difficulty. In
Experiment 2, we manipulated target-target relatedness between consecutive word pairs and administered either free
or associative recall tests. Only list-level but not item-level JOLs produced positive reactivity for target-target related
pairs with free recall. Thus, both experiments support the cue-strengthening hypothesis more than the changed-goal
hypothesis.
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Semantic Congruence Across Sensory Modalities
Susan Geffen
Occidental College, Los Angeles, California, United States

Taylor Beck
Occidental College, Los Angeles, California, United States

Sheroz Faisal
Ohio State University: Newark, Newark, Ohio, United States

Chris Robinson
The Ohio State University, Newark, Ohio, United States
Abstract
Multisensory processing often has facilitation and/or interference effects (Chen & Spence, 2010; Thomas et al., 2017) yet
the mechanisms remain unclear. This experiment used a Stroop-like task (Stroop, 1935) to examine how congruent, incongruent, and irrelevant information presented in one sensory modality affects processing and responding in a different
modality (see Figure 1 for trial types). Participants were simultaneously presented with pictures and sounds of animals
or vehicles. In separate blocks they had to respond to either the visual or auditory stimulus, while ignoring the other
modality. Results suggest that visual stimuli have a larger effect on auditory responding than vice versa. Incongruent
visual stimuli had a larger effect on accuracy while congruent visual stimuli had a larger impact on response time. We
will present additional data at the poster focusing on factors that may affect congruency effects including individual
differences and types of auditory stimuli.
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Is there an Own-Age Advantage in Talker Recognition?
Madeleine Yu
University of Toronto, Toronto, Ontario, Canada

Elizabeth Johnson
University of Toronto, Mississauga, Ontario, Canada
Abstract
Adults are far better at identifying adult talkers than child talkers (e.g., Cooper et al., 2020). Why is this the case? Are
child talkers acoustically less distinguishable (e.g., Lee et al., 1999)? Or perhaps adults better identify adult talkers,
while children better identify child talkers (e.g., see Anastasi & Rhodes, 2005, for evidence that an own-age advantage
exists in face recognition). Here, we test adults (N=72) and 6.5-year-olds (N=71) on a voice identification task featuring
single word recordings by 8 children and 8 adults. While all listeners successfully identified all talkers above chance
(ps<.05), adults significantly outperformed children with both adult (Madult=0.66 vs. Mchild=0.54; p<.001) and child
talkers (Madult=0.64 vs. Mchild=0.57; p<.05). Thus, we find no evidence of an own-age advantage in talker recognition.
Rather, we find additional evidence that adults are more skilled than children in voice identification tasks, suggesting
that talker recognitions skills take time to fully mature.
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Perception of liquids relies on generalizable, physics-based representations
Yuting Zhang
Yale University, New Haven, Connecticut, United States

Wenyan Bi
Yale University, New Haven, Connecticut, United States

Ilker Yildirim
Yale University, New Haven, Connecticut, United States
Abstract
Here, we test whether the perception of liquids is based on abstract, physics-based representations. To do so, we use
a novel behavioral task that requires generalization across scene configurations. We created 30 animations of liquids
flowing through and interacting with surfaces and objects. These animations came from six qualitatively different scene
configurations and five viscosity levels. During the experiment, participants viewed two liquid animations (side-by-side),
each from a different scene configuration, and they rated the similarity of underlying viscosities. We found that not only
average similarity ratings are linearly predicted based on true viscosity differences, but also the identity of the scene
configuration pairs was uncorrelated to similarity ratings. This successful generalization in human behavior suggests
an underlying abstract, physics-based representation of liquids. We also present a new probabilistic model of liquid
perception that accounts for behavioral ratings, quantitatively supporting our hypothesis.
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The relations between parent–educator communication, the home environment,
and children’s outcomes in preschool
Tanya Paes
Purdue University, West Lafayette, Indiana, United States

Joyce Lin
California State University, Fullerton, Fullerton, California, United States

Robert Duncan
Purdue University, West Lafayette, Indiana, United States

David Purpura
Purdue University, West Lafayette, Indiana, United States

Sara Schmitt
Purdue University, West Lafayette, Indiana, United States
Abstract
This study examines the relations between parent–educator communication and preschoolers’ numeracy, literacy, and
executive function (EF), and explores if these relations work through the home numeracy environment (HNE) and the
home literacy environment (HLE). Children (51.33% female, M = 57.52 months, SD = 3.62) were enrolled in a state-funded
prekindergarten program (n = 211) or in another community-based preschool program (n = 52). Analyses revealed a
significant relation only between parent–educator communication and numeracy skills in the spring of preschool (β =
-.14, p = .002). Unexpectedly, higher parent–educator communication scores in the spring of preschool were related to
lower numeracy skills at that same time. Furthermore, the indirect effects for the HNE and HLE were not significant for
all outcomes. The findings suggest that it may be beneficial for educators to engage with families early in the academic
year to support children’s numeracy skill development.
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Statistical Learning Guides Auditory Attention
Austin Luor
Carnegie Mellon University, Pittsburgh, Pennsylvania, United States

Frederic Dick
Birkbeck & UCL, London, United Kingdom

Barbara Shinn-Cunningham
Carnegie Mellon University, Pittsburgh, Pennsylvania, United States

Lori Holt
Carnegie Mellon University, Pittsburgh, Pennsylvania, United States
Abstract
The statistics of the auditory environment can be computed globally (the probability of single ‘sound events’), and locally
(how often does one sound precede another). We examine how the global probability and temporal predictiveness of
sounds of different acoustic frequencies affect decisions on an orthogonal sound dimension, duration. An ideal observer
could perform this task perfectly by selectively attending to duration. Yet listeners judge duration faster for tones whose
frequency has a high global probability compared to those with a frequency of low probability. Moreover, when a
preceding ’cue’ tone’s frequency predicts that of a subsequent ’target’ tone, listeners are faster at judging the duration
of the target tone. This latter effect is not solely a result of temporal cueing in that cue-target relationships that are not
predictive do not speed response. Statistical regularities may drive attention to perceptual dimensions, even when the
dimensions are irrelevant to optimal task performance.
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Simulating progressive neurodegeneration in silico with deep artificial neural
networks
Anup Tuladhar
University of Calgary, Calgary, Alberta, Canada

Jasmine Moore
University of Calgary, Calgary, Alberta, Canada

Zahinoor Ismail
University of Calgary, Calgary, Alberta, Canada

Nils Forkert
Unviersity of Calgary, Calgary, Alberta, Canada
Abstract
We recently proposed a novel paradigm of using convolutional neural networks (CNNs) to model information processing
in the diseased brain. Previously, we simulated posterior cortical atrophy (PCA), a form of Alzheimer’s disease primarily impacting the visual cortex and manifesting as visual cognition deficits, by ablating CNN weights. However, this
approach modelled a synaptic ablation injury, which resulted in the rapid onset of functional impairments. Here, we
investigate using a weight decay function to simulate a gradual synaptic injury. In contrast to ablation injury, the onset
of functional deficits was slower with the proposed weight decay injury. If only a subset of the network weights were
subject to a decay injury, the delayed onset of functional deficits was even more pronounced. This approach may better
reflect the subtle atrophy that precedes symptoms and the gradual onset of functional impairments seen in patients with
neurodegenerative diseases such as PCA and Alzheimer’s disease.
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What creates violations of linguistic universals? Correlates of linguistic rarities
and their importance in studying linguodiversity
Arturs Semenuks
University of California, San Diego, San Diego, California, United States
Abstract
Absolute linguistic universals (ALUs) are theoretically useful. However, do non-trivial ALUs exist? Two reasons for
doubt can be identified. First, many proposed ALUs transpired to be only strong statistical tendencies. Second, computational modeling suggests that rarely can positive typological evidence alone indicate an ALU. Thus, the debate over
ALU existence persists. We advance this discussion by analyzing what languages tend to violate previously proposed
ALUs and whether they are distributed randomly in terms of sociogeography and phylogeny. Non-randomness would
suggest bias in ALU estimation using existing data. We find non-random distribution of ALU violations: languages with
more speakers, certain language families, including Indo-European, and language isolates tend to violate ALUs more
often than expected. The results suggest that linguistic diversity is underdescribed, and that many ALUs are put forward
due to an underestimation of the space of possible linguistic structures due to sampling biases of researchers.
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Generating and evaluating hypothesis testing strategies
Aba Szollosi
University of Edinburgh, Edinburgh, United Kingdom

Neil Bramley
University of Edinburgh, Edinburgh, Scotland, United Kingdom
Abstract
Optimal decision making depends on people’s ability to generate and test hypotheses of their environments. To understand how hypotheses are tested, researchers often focus on uncovering and documenting the typical testing strategies
that people spontaneously use (e.g., a positive or confirmatory testing strategy). Under this approach, it is difficult to
account for people’s capacity to overcome the limitations of their existing hypothesis testing strategies and/or to invent
completely new strategies. Here we sketch a model for how hypothesis testing strategies can themselves be generated
and evaluated and discuss its implications for existing models of hypothesis testing.
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How words can be learned by observation depends on what is meant by “learned”
Nina Schoener
University of Connecticut, Storrs, Connecticut, United States

Sara Johnson
University of Connecticut, Storrs, Connecticut, United States

Sumarga Suanda
University of Connecticut, Storrs, Connecticut, United States
Abstract
Word learners experience naming events differing widely in their referential quality. Whereas referents of some naming events are transparent from their extralinguistic contexts, referents of many naming events are ambiguous. Word
learning theories are divided in whether learners mainly learn from a few transparent events or whether learners also
aggregate across ambiguous ones. Data consistent with the former view are evident in the Human Simulation Paradigm
(HSP) in which naïve observers must identify parents’ words from muted vignettes of parent-toddler interactions. The
HSP reveals that even adults struggle to identify the identity of parents’ words across ambiguous vignettes. Our work
revisits the HSP by examining how alterations to its dependent variable affects the conclusions about the naming events
that shape learning. This work underscores how one’s definition of learning has implications for both accounts of the
mechanisms of learning as well as accounts of the relevant input into those mechanisms.
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Look For Adjectives In the Face: How Facial Expressions Contribute To Meaning In
Signed Languages
Carla Viegas
Language Technologies Institute, Pittsburgh, Pennsylvania, United States

Lorna Quandt
Gallaudet University, Washington, District of Columbia, United States

Malihe Alikhani
UPitt , Pittsburgh, Pennsylvania, United States
Abstract
Sign languages are visual-spatial languages, articulated not only by hands but also with facial expressions and other
body parts. Facial expressions, in particular, have important grammatical roles, such as defining whether a sentence is a
question or not and differentiating the meaning of a sign when assuming the role of a quantifier. Despite the importance
of facial expressions, technologies to recognize and generate sign language mainly focus on manual signs, ignoring the
information from facial expressions. In this work, we focus on collecting and annotating data to evaluate the role of
facial expressions in communicating adjectives. We study the role of facial muscle activity to express the intensities of
manual signs and show how modeling facial action units change the overall meaning of a sentence. We also explore
how facial expressions allow a deeper understanding of sign language when included in the design of machine learning
models.
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How do young children interpret conditionals?
Amina Shmanova
University of Toronto, Toronto, Ontario, Canada

Myrto Grigoroglou
University of Toronto, Toronto, Ontario, Canada

Patricia Ganea
University of Toronto, Toronto, Ontario, Canada
Abstract
Conditionals have multiple interpretations: the statement ”If it rains, Abbie will buy an umbrella” is true when it rains
and Abbie buys an umbrella (conjunction), when it doesn’t rain and Abbie doesn’t buy an umbrella (biconditional), and
when it doesn’t rain and Abbie buys an umbrella (conditional). Prior research shows that children understand all three
interpretations in adolescence, but the reasons for this delay remain unclear. For some researchers, children struggle to
represent multiple possibilities due to limited resources. For others, task-related factors underlie children’s difficulties.
In a truth-value judgement task, 3-10-year-olds matched a conditional statement with one of two pictures: 1 depicting
a false interpretation of the conditional vs. one of the 3 true interpretations. Results showed that children understood
conjunction since age 3 but comprehended all three conditional interpretations at age 9, earlier than previously thought.
Findings point to a task-related explanation of children’s difficulties.
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Graphicacy skills across ages and cultures: a new assessment tool of intuitive
statistics’ abilities
Lorenzo Ciccione
Collège de France - PSL University, Paris, France

Stanislas Dehaene
Neurospin/CEA, Collège de France - PSL University, Paris, France
Abstract
Graphical representations such as scatterplots have become the elective tool to transmit quantitative information in an
efficient manner. However, little is known about the way humans extract statistical information from graphs, and if these
abilities correlate with higher level cognition, such as numerical skills. We proposed a new assessment tool of intuitive
statistics: the judgment of trends in noisy scatterplots with varying slope, noise and number of points. We found that
human performance is beautifully predicted by the t-value associated with the regression of the scatterplot; our findings
reveal a remarkable human ability at performing visual statistics tasks fast and accurately, close to an optimal observer
model. Crucially, we found that these ”graphicacy” skills are present in both educated (n=4000) and uneducated adults
living in non-industrialized societies (n=50), and even in preschoolers (n=23); furthermore, they correlate with numerical
skills.
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The P600 and P3 ERP components are linked to pupil dilation as correlate of
norepinephrine activity
Friederike Contier
University of Potsdam, Potsdam, Germany

Mathias Weymar
University of Potsdam, Potsdam, Germany

Isabell Wartenburger
University of Potsdam, Potsdam, Germany

Milena Rabovsky
University of Potsdam, Potsdam, Germany
Abstract
The P600 event-related potential component is elicited by linguistic violations and continues to inform neurocognitive models of language comprehension (e.g., Kuperberg, 2021). It has also been suggested to be a variant of the
oddball-sensitive, domain-general P3 component (e.g., Coulson et al., 1996). In a sentence comprehension and an oddball paradigm we find that the task-elicited pupil dilation, a putative correlate of norepinephrine release from the locus
coeruleus, is similarly affected by both manipulations. Crucially, the size of the pupil dilation predicts the amplitude of
both components on a trial-by-trial basis. This suggests that both components rely on a shared neural generator and,
more specifically, that both may be linked to norepinephrine release in response to rare and motivationally significant
stimuli (Nieuwenhuis et al., 2005; Sassenhagen et al., 2014; 2015). Our findings thus question the domain-specificity of
the P600 and give further insights into the role of neuromodulators in cognition.
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The role of exploration in the development of category learning
Qianqian Wan
Ohio State University, Columbus, Ohio, United States

Mengcun Gao
The Ohio State University, Columbus, Ohio, United States

Vladimir Sloutsky
The Ohio State University, Columbus, Ohio, United States
Abstract
Categorization is a critically important aspect of cognition that undergoes development. Previous studies found that
children of age four acquired categories through multiple features, forming a similarity-based representation, whereas
adults relied on a single feature, forming a rule-based representation. One possible interpretation is that children cannot
inhibit the distraction of multiple features. We designed a categorization task with all features covered in the present
study. Children were asked to uncover one feature at a time until they could categorize the items. As a result, we
minimized distraction and encouraged rule-based learning. Nonetheless, even when given incentives to uncover fewer
features, children learned the categories with significantly higher entropy, as calculated by the number of features they
uncovered, than adults did. Such a result suggests that inhibition failures cannot fully explain categorization in children. Instead, children’s tendency to over-explore (and thus over-sample features) may also contribute to early category
learning.
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A Research Blueprint for the SOM Neurocomputational Cognitive Modeling of
Brain Disorders
Spyridon Revithis
UNSW, Sydney, Australia
Abstract
Three guiding questions of a research blueprint for the study of brain disorders, using self-organising map (SOM) neural
network modeling, are proposed: a) What does the current research on computational psychology/psychiatry and cognitive neuroscience suggest about atypical brain development and the associated behaviour? b) What cortical structures
and functions are involved in certain brain disorders (e.g., autism, schizophrenia) and how is memory implicated? c)
How well do existing neurocomputational SOM models explicate possible functional and structural aspects of brainbehavioural disorders?
My current investigation focuses on the closer examination of the modulation of standard & oscillating inhibitionexcitation in SOM neural networks and the cognitive modelling implications for existing brain-disorder theories. This
includes the computational, mathematical and functional study of the standard-TN (Topological Neighbourhood) SOM
and a proposed oscillating-TN SOM, and drawing connections between i) the model, ii) functional and structural elements at the cognitive neuroscientific level, and iii) atypical behavioural phenotypes.
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Representation matters: A PDP model of impression formation and person
knowledge
George Cree
University of Toronto Scarborough, Toronto, Ontario, Canada

Ruth M. Yilma
University of Toronto Scarborough, Toronto, Ontario, Canada

Brian Wu
University of Toronto Scarborough, Toronto, Ontario, Canada
Abstract
When we encounter a person we rapidly form an impression. This impression is shaped by factors inherent to the person
and event, including gender cues, skin colour, clothing, and context, along with pre-existing knowledge about the world.
We present a PDP model of impression formation and person knowledge that has roots in the study of semantic cognition.
We trained our model to learn about people of different races, genders, and occupations (e.g., black female doctor), along
with context related to those occupations (e.g., hospital bed), and semantic attributes related to those occupations (e.g.,
intelligent). We demonstrate and explain the interesting finding that the model encodes knowledge about gender and race
in early ‘visual’ hidden layers, despite no visual similarity being built-in, and no feedback connections from ‘semantic’
regions. This suggests a third mechanism through which the knowledge we hold about people may quite literally shape
the way we see them.
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Evaluating Language Representation Models on Approximately Rational Decision
Making Problems
Mayank Kejriwal
University of Southern California, Marina del Rey, California, United States

Zhisheng Tang
University of Southern California, Los Angeles, California, United States
Abstract
Transformer-based language representation models, such as GPT-3 and DeBERTa, have yielded state-of-the-art results
on several benchmarks in Natural Language Processing (NLP), including question answering, story generation and information extraction. However, little is currently understood about their ability to make (approximately rational) decisions, even when simple bets with clear net-positive, zero-risk choices are presented. We design a suite of multi-option
decision-making experiments in the same vein as other classic studies (Kahneman & Tversky, 1979). Applying over 20
structural variants of these ‘benchmarks’ (to test for generalization and robustness) to three established language representation models, we use detailed experiments to show that the models lack fundamental decision-making ability, even
after several controls. Techniques such as selective fine-tuning can help improve performance partially, but more fundamental NLP research may be needed before such models can be robustly and generally applied in real-world problem
domains where decision making is essential.
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Working Memory Capacity Predicts More Effective Problem Space Exploration
Xinyu Xie
Mississippi State University, Mississippi State, Mississippi, United States

Jarrod Moss
Mississippi State University, Mississippi State, Mississippi, United States
Abstract
Why are some people able to explore a problem space more effectively? We used a simple problem-solving task in which
problems can be solved quickly within five moves but with a problem space containing 40-60 distinct states. Problemsolving in this task consists of many attempts to solve the problem, but only one solution works. Across these attempts,
participants sometimes repeat an attempt from earlier. Exploratory analyses were conducted on data from 70 problems
and six individual difference measures for each of 147 participants. We hypothesized that working memory capacity
(WMC) would be associated with a higher proportion of unique attempts. WMC was calculated from two complex span
tasks. Higher WMC was associated with a higher proportion of unique attempts and faster solution times. Higher WMC
was also associated with more self-terminated solution attempts as opposed to being forced to restart the problem after
seven moves by the system.
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Decomposing objects into parts from vision and language
Maneesha Nagabandi
University of California, San Diego, La Jolla, California, United States

Justin Yang
University of California, San Diego, La Jolla, California, United States

Holly Huey
University of California, San Diego, La Jolla, California, United States

Judith Fan
University of California, San Diego, La Jolla, California, United States
Abstract
How people decompose objects into parts provides insight into how object concepts are organized (Tversky & Hemenway, 1984). How strongly is such knowledge grounded in how parts appear in visual images? Some parts may loom
larger in the mind than they do in the world, while others may be more perceptually salient than they are accessible
from memory. In our study, participants were either cued with a photograph (N=50) or a category label (N=96) before decomposing each of 32 objects into parts. We found that parts were generally listed at similar frequencies in both
conditions, but identified several parts that diverged from this pattern (Jensen-Shannon divergence=0.157, p<0.001), suggesting that the salience of certain parts can depend on task context. In ongoing work, we are exploring how these part
decompositions relate to the parts that people include in drawings of those objects (Yang & Fan, 2021).
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Investigating the utility of peer tutoring for learning the skill of code tracing
Ronessa Dass
Carleton University, Ottawa, Ontario, Canada

Kasia Muldner
Carleton University, Ottawa, Ontario, Canada
Abstract
A fundamental skill needed to learn to program is code tracing, which involves simulating the steps a computer takes
when executing a program to predict how it will behave and what output it. While code tracing helps students understand and write programs, students find this activity challenging. However, to date, little work exists on how to best
support novice programmers in this activity. To address this gap, the high-level goal of our research is to investigates
the utility of peer-tutoring for learning to trace programs. In our prior work, we conducted a preliminary case study
exploring qualitative features of peer tutoring interactions. As the next step, we conducted an experimental study with
two conditions: code tracing in a peer tutoring context vs. code-tracing alone. We present results from this study,
focusing on quantitative results related to learning outcomes in each condition.
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Moral Foundations in Supreme Court Oral Arguments
Eyal Sagi
University of St. Francis, Joliet, Illinois, United States
Abstract
The legal system is concerned with interpreting and applying existing laws to real world circumstances. In the U.S., the
final arbiters of these laws are the nine justices of the U.S. Supreme Court. Over the past few decades, political leanings
have played an increasing role in how these justices are appointed. As such, it seems apt to investigate the role that
moral reasoning plays in their world views and their decision making. The present study uses corpus statistics and
moral foundation theory to explore the types of arguments brought up by different justices during the 2004-06 terms.
More importantly, the study investigates how the use of moral language by advocates arguing in front of the court
influences the vote of the justices. The results show that increased use of moral language and rhetoric, especially loyalty,
can affect the outcome of the case.
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The effect of language on the approximate number system
Harmen Gudde
University of East Anglia, Norwich, United Kingdom

Kenny Coventry
University of East Anglia, Norwich, United Kingdom
Abstract
The approximate number system (ANS) underlies our rapid and intuitive sense for quantities (Feigenson et al., 2004).
The ANS, tapped into when performing rapid number judgement (DeWind et al., 2015), is affected by the properties of
visual stimuli (e.g., object density and grouping). In these studies, we test whether the ANS is also affected by semantic
information, an effect previously found in the processing of other types of spatial information (e.g., language presented
at encoding affects spatial memory, see Gudde et al., 2016; Loewenstein & Gentner, 2005). We present the results of four
experiments manipulating vague quantifiers (few, several, many, lots, ’no quantifier’) prior to flashing a visual scene
containing a number of objects. If higher-level cognition can penetrate the ANS, we expected that quantifiers presented
at encoding would bias approximate number judgments towards the previously presented quantifier. Such results would
provide compelling evidence that expectation mediates low-level visual processes.
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Choices are treated as probabilistic when the outcome is unknown
Tiffany Doan
University of Waterloo, Waterloo, Ontario, Canada

Ori Friedman
University of Waterloo, Waterloo, Ontario, Canada

Stephanie Denison
University of Waterloo , Waterloo, Ontario, Canada
Abstract
We examined how people consider information about probability and choices when inferring preferences. Participants
(N=652) read stories about an agent who chose between two locations with opposite proportions of toys. The choice
was between two open trays of toys or between two probabilistic toy machines. When the agent only chose which
location to go to, participants judged the agent preferred the majority toy in the chosen location, regardless of whether
the choice was between trays or machines (Experiments 1&2). However, judgments differed across these conditions
when participants learned the agent ended up with a minority toy (Experiment 3). When the agent chose this toy from
a tray, participants judged the agent preferred it to majority toys; when the agent received this toy from a machine,
they judged the agent preferred majority toys. These findings show that when the outcome of a choice is unknown,
determinative choices are treated as probabilistic.

3945
In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

Second language vocabulary learning: When do pictures speak louder than words?
Paula Janjic
University of East Anglia, Norwich, Norfolk, United Kingdom

Kenny Coventry
University of East Anglia, Norwich, United Kingdom
Abstract
Second language vocabulary learning research has so far been predominantly focused on concrete nouns. However,
recent work suggests that different word classes lead to differences in grounding, processing and learning of words
(Markostamou, 2017; Martin & Tokowicz, 2019). To contribute to the basic understanding of the learning mechanisms,
this study investigates how different learning methods influence learning of different types of words (nouns, verbs and
prepositions) through either text-based or picture-based learning methods in adult population (N=160). Selected words
vary in their translational ambiguity to additionally explore the modality effects in words with different levels of crosslinguistic (dis)similarity (Jarvis & Pavlenko, 2010). Production and recognition tasks are introduced after both learning
sessions and again after a one-week delay to obtain comprehensive data about the learning curve across conditions.
The results will contribute to understanding how words are represented and conceptualised and how they interact with
different modalities during the initial learning phases.
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Perceptual Similarity Affects Relational Judgements
Priya Kalra
University of Western Ontario, London, Ontario, Canada
Abstract
In STEM instruction, the effectiveness of teaching by analogy is often limited by students’ focus on superficial features
of the source and target exemplars; the strategy of progressive alignment (moving from perceptually similar to different
targets) has been suggested to address this issue (Gentner & Hoyos, 2017). In contrast, computational models suggest
maximizing surface feature variation to improve the relation learning, and human behavioral studies find a relational
bias in learning (Austerweil & Ehrens, 2018). Here, participants were explicitly instructed to match stimuli based on
relations while perceptual similarity of stimuli varied parametrically. We found that lower perceptual similarity reduced
accurate relational matching (F = 9.53, p<.001), and observed a similar trend for reaction times. This finding demonstrates
that perceptual similarity may interfere with relational judgements, but also hints at why progressive alignment may be
effective. Implications for instructional sequence design will be discussed.
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What is Noise Music? A Psychometric Approach
Pavan Brar
Duquesne University, Pittsburgh, Pennsylvania, United States

James Schreiber
Duquesne University, Pittsburgh, Pennsylvania, United States

Alexander Kranjec
Duquesne University, Pittsburgh, Pennsylvania, United States
Abstract
Can noise music fans tell us about benignly masochistic art and how sound becomes music? Noise music often includes
“non-musical” sounds (electronic static/ feedback/screaming), while both exaggerating features of musicality (excessive
monotony/surprise) and/or stripping them away (melody/harmony). Noise enthusiasts’ (N=395) preferences and attitudes about sound and music were recorded. We tested a five factor model using diagonally weighted least squares.
Results suggest a good fit of data to the hypothesized model (CFI=0.967; RMSEA=0.043). Noise/music descriptions varied
along five dimensions. Noise as: 1-Intentional (“Noise music is different from environmental noise because it requires
deliberate compositional and stylistic choices”); 2-Medium (“Environmental noise can be music if used in a certain way”);
3-Art (“Environmental noise is art”); 4-Musical (“Environmental noise can have interesting timbres”); and 5-Pleasurable
(“I often find environmental noise beautiful”). Experiencing noise-as-music involves a range of perceptual styles and
beliefs about artistic intention.

3948
In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

Analyzing the Effect of External Environments on Mind Wandering during a
Perceptual-Motor Task
Ryo Yoneda
Shizuoka University, Hamamatsu, Shizuoka, Japan

Jumpei Nishikawa
Shizuoka University, Hamamatsu, Shizuoka, Japan

Kazuma Nagashima
Shizuoka University, Hamamatsu, Shizuoka, Japan

Junya Morita
Shizuoka University, Hamamatsu, Shizuoka, Japan

Tetsuya Terada
Mazda Motor Corporation, Aki, Hiroshima, Japan
Abstract
To maintain performance in perceptual-motor tasks involving interactions with the external environment, appropriate
regulation of the arousal level is essential. Both internal (learning and saturation) and external (stimuli) factors can be
assumed to affect such arousal levels. We investigated these factors by using a line-following task, in which participants
had to follow a scrolling line with a circle. Participants recruited through crowdsourcing engaged in this task for 30
minutes. They responded to periodical probes during the task to indicate their level of concentration thereon. Experiment
1 tested the effect of external stimuli designed to decrease/increase arousal levels in this task. Based on the results of this
basic experiment, Experiment 2 switched the stimulus pattern from high to low arousal / low to high arousal during the
task. As a result, we found differences between task conditions, suggesting the effect of adaptive stimulus presentation
to maintain the arousal level.
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Looking for a second opinion: Epistemic emotions and the exploration of
information sources
Michael Slinger
Dalhousie University, Halifax, Nova Scotia, Canada

Stanka Fitneva
Queen’s University, Kingston, Ontario, Canada
Abstract
Epistemic emotions affect learning and exploration. Specifically, beliefs held with high confidence elicit high levels
of surprise and curiosity when proven wrong. In turn, these emotions lead to searching for more elaborative details
about the belief topic. Do epistemic emotions also motivate exploration of how widely a belief is held? After answering
a trivia question and indicating how confident they were, participants were shown an answer submitted by another
participant, reported their surprise and curiosity, and then given the option of seeing up to three responses from different
participants. The results supported serial mediation, with certainty predicting surprise, surprise predicting curiosity, and
curiosity predicting the number of additional sources explored. However, unlike prior findings, high-certainty errors did
not result in stronger emotions or more exploration than low-certainty errors. Thus, epistemic emotions motivate not
just elaborative exploration but also exploration of opinion convergence - two complementary ways to justify beliefs.
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Walking in her shoes: Pretending to be a woman role model increases young girls’
persistence in science
Reut Shachnai
Yale University, New Haven, Connecticut, United States

Tamar Kushnir
Duke University, Durham, North Carolina, United States

Lin Bian
University of Chicago, Chicago, Illinois, United States
Abstract
Pretend play is a ubiquitous learning tool in early childhood, enabling children to explore possibilities outside of their
current reality. Here we demonstrate how pretend play can be leveraged to empower girls in scientific domains. Fourto seven-year-old children (N = 240) played a challenging science activity in one of three conditions. Children in the
Exposure condition heard about a successful gender-matched scientist; children in the Roleplay condition pretended to
be that scientist; children in the Baseline condition did not receive information about the scientist. Girls in the Roleplay
condition, but not in the Exposure condition, persisted longer in the science activity than girls in the Baseline condition.
Furthermore, pretending to be the scientist equated girls’ persistence to that of boys. These findings suggest that pretend
play of role models is an effective strategy to motivate young girls in science and may help reduce gender gaps from
their roots.
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Where’s the Bingleduff? How speaker accent shapes children’s linguistic
processing
Bailey Agard
York University, Toronto, Ontario, Canada

Thomas St. Pierre
University of Toronto Mississauga, Mississauga, Ontario, Canada

Elizabeth Johnson
University of Toronto, Mississauga, Ontario, Canada
Abstract
Listeners interpret spoken language differently, depending on the perceived identity of the speaker. Within increasingly
diverse societies, it is important to understand how speaker characteristics such as accent may impact simple linguistic
exchanges. In the current study, children are being tested on their ability to recall factual information provided by native
and non-native accented English speakers. Preliminary results demonstrate that children tend to remember neutral facts
better if they heard them from a native accented speaker. Interestingly, children understood the native and non-native
accented talkers equally well, indicating that comprehension difficulties could not account for the results. To date, there
have been no studies examining how a speaker’s accent affects children’s memory, and only preliminary, mixed results
in adults have been found. This gap in the literature underscores the need to understand how linguistic biases might
impact information transfer across diverse language communities.
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Do we mostly use only 10% of our brain? Prevalence and correlates of
misconceptions on creativity and neuroscience in a culturally diverse sample.
Simon Ceh
University of Graz, Graz, Austria

Izabela Lebuda
University of Wrocław, Wrocław, Poland

Mathias Benedek
University of Graz, Graz, Austria
Abstract
Myths about creativity and neuroscience keep contributing to their vague public conception despite growing scientific understanding of these complex areas. This study examined the prevalence of known creativity and neuroscience
myths across six culturally diverse countries and explored why some people believe in them more than others. Results
revealed persistent, widespread biases in the public conception of creativity and neuroscience, such as attributing creative achievements to spontaneity and chance rather than persistence and expertise or approving the facilitating effects
of learning styles. Firmer belief in creativity myths was related to lower education, stronger reliance on undependable
sources, and personality traits reflecting the willingness to accept questionable notions and to rely on opinions of others.
Believing in myths was also related to endorsing facts, reflecting a tendency to support scientific-sounding statements.
The findings highlight the need for better communication of evidence-based knowledge.
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Adaptive Learning Technology based on Working Memory Capacity
Salomé Cojean
Univ. Grenoble Alpes, Saint Martin d’Hères, France

Nicolas Martin
LIG, Saint-Martin-d’Hères, France
Abstract
Learning processes are impacted by individuals’ capabilities (e.g., working memory capacity). Nowadays, the technological improvements like those promised by deep learning methods open new opportunities to adapt learning environments.
However, studies using the abilities of these models to individualize learning remain currently rare. The current research
project aims to tackle one of the major constraints imposed by video learning related to the transitory aspect of delivered
information. The purpose is to individualize the learning, based on learners working memory capacity (WMC). To this
end, several elements need to be taken into account: (1) How to automatically and efficiently evaluate WMC without
impacting learning; (2) Analyze in details the actual effect of WMC on video learning; (3) Get the most efficient and
acceptable solutions to reduce the effects of WMC.
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Inferring friendships from mutual connections
Claudia Sehl
University of Waterloo, Waterloo, Ontario, Canada

Ori Friedman
University of Waterloo, Waterloo, Ontario, Canada

Stephanie Denison
University of Waterloo , Waterloo, Ontario, Canada
Abstract
Facebook sends users friend suggestions when they have friends in common with others. However, how do people
actually consider mutual friendships when inferring whether two individuals are friends? We examined how people
(N=352) rely on numerical factors when judging whether individuals are friends based on their mutual connections.
Participants saw two target individuals and their friends within a group, and judged if the targets were friends with each
other. Experiment 1 manipulated the number of mutual friends and the number of friends each target had. Experiment 2
manipulated the proportion of these two factors. People were more likely to infer friendships when I) targets had more
mutual friends; II) targets had fewer friends each; and III) there was a high proportion of mutual friends, which are all
factors that impact the likelihood of targets’ friendship. In sum, people consider relevant numerical information about
mutual friends when making friendship judgments.
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Can children recognize pedagogical intent in the prosody of speech?
Igor Bascandziev
Harvard Graduate School of Education, Cambridge, Massachusetts, United States

Michael LaSorsa
Rutgers University, Newark, Newark, New Jersey, United States

Patrick Shafto
Rutgers University, Newark, Newark, New Jersey, United States

Elizabeth Bonawitz
Harvard Graduate School of Education, Cambridge, Massachusetts, United States
Abstract
Although the ability to recognize pedagogical intent is important, very little is known about how children do it in
ambiguous contexts. For example, when the context is unambiguous, children who receive pedagogical questions (where
the intent is to teach) show superior learning compared to children who receive information-seeking questions (where
the intent is to gather information) (Yue et al., 2018). Here, we asked if children could use the prosody of speech to
recognize pedagogical intent. A total of 98 children (ages 4 to 6), received 24 trials where in each trial the same question
was asked by two individuals: one with pedagogical and one with information-seeking prosody. We found that both
5- and 6-year-olds could recognize “who the teacher is,” while 4-year-olds performed at chance. Age was a significant
predictor of performance. These results suggest that prosody can serve as an important mechanism for recognizing
pedagogical intent in early childhood.
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Adults’ Evaluations of Rote and Reflective Teachers
Ilona Bass
Harvard University, Cambridge, Massachusetts, United States

Elizabeth Bonawitz
Harvard University, Cambridge, Massachusetts, United States

Tomer D. Ullman
Harvard University, Cambridge, Massachusetts, United States
Abstract
Decision-making can be automatic (“rote”) or on-the-fly (“reflective”). Are people sensitive to whether others are behaving rotely or reflectively? The rote-versus-reflective inference may be particularly relevant when learning from others:
good teachers should be actively considering the learner’s needs. When teachers rely on rote systems, this may “break”
the mental state recursion that facilitates learning from pedagogy. This study takes a first step in investigating learning
and inference when teachers use rote-versus-reflective reasoning, using uniqueness of feedback as a cue to reflectivity.
Adult participants viewed videos of teachers providing either identical, similar, or unique feedback to three different
groups of students; participants evaluated that teacher along several metrics. Consistent with our predictions, rote
teachers were evaluated as poorer informants than reflective teachers, and students paired with rote teachers were expected to learn less. These results are the first to demonstrate sensitivity to, and impact from, inferences about others’
rote-versus-reflective behaviors.

3957
In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

Deep networks as cognitive models: the case of reading in different orthographies
Camila Zugarramurdi
Universidad de la Republica, Montevideo, Uruguay

Soledad Assis
Universidad de la República, Montevideo, Montevideo, Uruguay

Juan Valle-Lisboa
Unviersidad de la República, Montevideo, Montevideo, Uruguay
Abstract
Although Artificial Neural Networks were born as Neurocognitive models, the architectures used nowadays in AI are
not conceived as models of the brain. In the last few years, Deep networks have been fitted to brain activity to use them
as neural models, but their use as cognitive models is less prevalent. Here we use a transformer model complemented
with a simplified visual input to model reading acquisition. First, we trained the network to recognize the speech input.
After that, we use letter sounds and letter visual representations to train the network to output the correct letters.
We apply this model to our empirical previous results, comparing learning in a transparent (Spanish) and an opaque
(French) orthography as in transparent orthographies, phonological awareness is much less important than in opaque
orthographies as a predictor of reading. We show that the difficulty of training correlates with opaqueness, and interpret
the results.
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Dynamic Strategy Selection in Active Function Learning
Nayan Saxena
University of Toronto, Toronto, Ontario, Canada

Rebekah Gelpi
University of Toronto, Toronto, Ontario, Canada

Daphna Buchsbaum
Brown University, Providence, Rhode Island, United States

Chris Lucas
University of Edinburgh, Edinburgh, United Kingdom
Abstract
We test whether people flexibly shift their sampling strategy for learning a functional relationship, based on the strategy’s
perceived effectiveness. While general-purpose heuristics such as gathering information evenly across the environment
may often approximate optimal sampling policies when opportunities for learning are sparse, these strategies may systematically fail when much of the environment is uninformative. Across several different classes of arbitrary smooth
functions, participants (N = 89) made sampling choices that were initially consistent with a simple heuristic, but shifted
their sampling strategy when this heuristic failed to be informative. People were subsequently more accurate at approximating the true function for smoother functions that can be more easily predicted by sampling evenly, t(645.3) = 6.803,
p < .001; nevertheless, while individuals vary considerably, aggregate judgments across all functions are very accurate,
suggesting that people show inductive biases in active learning, but effectively learn when to adjust their policies.
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What sort of explanation should we expect from the algorithmic decision-making
system?
Hyundeuk Cheon
Seoul National University, Seoul, Seoul, Korea, Republic of
Abstract
The requirements of transparency or explainability draw considerable attention in AI ethics. Still, it is not clear what it
is for, whom AI is explainable to, what kind of explanation is demanded. First, I take the principle of explainability to
state that there is a prima facie duty to make AI explainable when used in morally significant situations. Second, I show
that explainability has a dual nature. Most of the existing literature is based on the unjustified assumption that there
is only one purpose for explainability and one kind of explanation should be given to end-users. I argue, however, it is
directed toward both decision-makers for their control to decide and decision-recipients for their trust in the algorithmic
decisions. Consequently, different explications need to be given to different stakeholders for different purposes.
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Categorising images by generating natural language rules
Wai Keen Vong
New York University, New York, New York, United States

Brenden Lake
NYU, New York, New York, United States
Abstract
The ability to generate rules and hypotheses plays a key role in multiple aspects of human cognition including concept
learning and explanation. Previous research has framed this ability as a form of inference via probabilistic program
induction. However, this modeling approach often requires careful construction of the right grammar and hypothesis
space for a particular task, and cannot easily be transferred to other domains. In this work, we present an alternative
computational account of rule generation, leveraging advances in multimodal learning and large language models. Taking naturalistic images as input, our computational model is capable of generating candidate rules that are specified
in natural language, and verifying them to determine their fit to the data. We show that our model can generate, in a
zero-shot manner, plausible rules for visual concepts across multiple domains.
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Neighborhood effects for composite (i.e., non-prime) numbers
Jeffrey Bye
University of Minnesota, Minneapolis, Minnesota, United States

Rina Harsch
University of Minnesota, Minneapolis, Minnesota, United States

Sashank Varma
Georgia Tech, Atlanta, Georgia, United States
Abstract
We investigated individuals’ representation of composite numbers (i.e., those with factors other than 1 and themselves).
Some numbers are “more composite” (have more factors) than others (e.g., 72 vs. 74). We hypothesized that people
mentally represent numbers in factor neighborhoods. This should result in a compositeness penalty: performance on
factoring problems (e.g., x * 9 = 72) should be slower for more composite products, because retrieving the corresponding
factor requires inhibiting neighboring factor pairs. We measured 50 undergraduates’ time to correctly solve factoring
problems for composite products (6 to 100). We found that for well-practiced facts (i.e., the 12x12 multiplication table),
performance slowed as compositeness increased, even after controlling for problem size and factor size. However, there
was no compositeness penalty for “non-table” facts. These findings support our factor neighborhood hypothesis for
well-practiced facts and suggest that people’s representations of composite numbers are influenced by mathematics
instruction (i.e., “multiplication tables”).
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Exploring the Role of Pragmatic Reasoning in Linguistic Framing Effects
Rishi Krishnamurthy
Reed College, Portland, Oregon, United States

Nan Elpers
Reed College, Portland, Oregon, United States

Paul Thibodeau
Oberlin College, Oberlin, Ohio, United States

Stephen Flusberg
Purchase College, SUNY, Purchase, New York, United States

Kevin Holmes
Reed College, Portland, Oregon, United States
Abstract
Myriad linguistic cues, subtle and otherwise, have been shown to shape thinking and reasoning. Such linguistic framing
effects are attributed variously to irrational biases, affective processes, and analogy. Across two studies, we explored
pragmatic reasoning (PR) as a potential unifying mechanism underlying disparate framing effects. In Study 1, we adapted
a measure of PR used in attribute framing research, assessing the ability to infer information subtly communicated by
a speaker’s choice of frame. Our measure captured individual differences in PR distinct from cognitive reflection and
mentalizing ability. In Study 2, PR predicted the effect of identity labels on attitudes towards illegal immigration, but
not other framing effects. Two such effects were driven, however, by participants’ explicit recognition of the influence
of the framing language. These results suggest that framing effects may indeed be mediated by PR, but that our measure
of PR does not fully capture its mediating role.
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Supporting Word Learning from Shared Book Reading Sessions with Preschoolers
Michelle Luna
University of California, Los Angeles, Los Angeles, California, United States

Catherine Sandhofer
University of California, Los Angeles, Los Angeles, California, United States
Abstract
Shared book reading with preschoolers has been linked to lasting, positive effects on children’s vocabulary development.
However, some evidence shows children quickly forget target words learned from books, which suggests these words
may need extra memory supports. The current studies examined two memory supports that could help word learning:
variability and presentation timing. Study 1 examined the effect of question variability by showing 4-year-olds novel
words accompanied by irrelevant questions (control), the same questions (no variability), or different questions (variability) each time the target word was presented. Study 2 examined the effect of presentation timing by presenting
4-year-olds with novel words either massed or spaced in time. Children’s memory of the novel target words was tested
in one of three delays: 0 minutes, 5 minutes, or 24 hours. Ultimately, these studies inform word learning theories and
help improve the quality of shared book reading sessions between caregivers and children.
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Joint online inference of material properties and object shape
Vivian Paulun
Massachusetts Institute of Technology, Cambridge, Massachusetts, United States

Max Siegel
MIT, Cambridge, Massachusetts, United States

Josh Tenenbaum
MIT, Cambridge, Massachusetts, United States
Abstract
Humans remarkably can perceive 3D surfaces that are literally invisible – when their shapes are implied through dynamic physical interaction with various materials (liquid, granular, elastic). To study this ability and its interaction with
perception of material properties, we produced videos simulating unfamiliar non-rigid or non-solid materials interacting with differently shaped rigid objects and containers. Crucially, videos rendered only the materials, while the rigids
remained invisible. Observers correctly identified the underlying surface shape from two alternatives in most, but not
all cases; observers also simultaneously inferred the internal properties of the material and identified a matching sample
from how it interacted with novel surfaces. In fact, judgments about materials were comparable to when observers saw
fully visible renderings of all objects in the scenes. Our results highlight the role of an internal physics model in the joint
perception of shape and material properties, and in the loop of perception more generally.
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Predicting Fixation Locations in 43 Languages based on Perceptual Constraints and
Information Theory
Talia Shafir
University of Toronto , Toronto, Ontario, Canada

Noam Siegelman
Hebrew University of Jerusalem, Jerusalem, Israel

Ram Frost
Hebrew University of Jerusalem, Jerusalem, Israel

Blair Armstrong
University of Toronto, Toronto, Ontario, Canada
Abstract
Why do readers typically fixate near the center of a word, with a bias towards word onset? Alhama, Siegelman, Frost,
& Armstrong (2019) proposed an account based on (1) perceptual constraints that reduce the likelihood of perceiving a
letter the further it is from the fixated location, and (2) the information available from the perceived letters for identifying
the word. We expand this work to predict the fixation location distributions of 7-letter words for 43 languages from 9 language families. We found that in the majority of the languages, words were most likely to be correctly recognized when
fixating near the center, slightly toward onset. However, there were deviations from this trend, such as predicting more
accurate recognition when fixating slightly towards offset in Slavic languages. Our results provide novel predictions for
experimental work that considers a flexible language system that optimizes initial fixations based on information theory
constraints.
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Conditional probability of novel word sequences predicts immediate serial recall
performance
Cassandra Jacobs
University at Buffalo, Buffalo, New York, United States

Steven Schwering
University of Wisconsin-Madison, Madison, Wisconsin, United States

Maryellen MacDonald
University of Wisconsin-Madison, Madison, Wisconsin, United States
Abstract
Many theories of verbal working memory have claimed that novel word lists are unlike natural language. As a result,
recall of the novel word lists is not affected by sequential statistics in natural language and must be governed by shortterm memory. We analyzed memory for novel, dative-like word lists (e.g., ADJ-NOUN-GAVE-ADJ-NOUN-NOUN) across
three experiments. We used a powerful neural language model (Ng et al., 2019) to compute the surprisal associated with
the critical words in each list, because surprisal indexes psycholinguistic processing difficulty (Levy, 2008). Surprisal at
critical words strongly predicted the number of words recalled in each list. These results demonstrate lexico-syntactic
factors can support syntactic structure even in novel word lists and that continuous measures of processing difficulty
may be used to characterize similarity of novel lists to natural language. We discuss implications for theories of verbal
working memory.
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People think of others as more prosocial when they are motivated by aesthetic
goals vs. instrumental goals
Tanushree Agrawal
University of California San Diego, La Jolla, California, United States

Adena Schachner
University of California, San Diego, La Jolla, California, United States
Abstract
People expect others to take efficient paths toward goals. Inefficiency changes how we categorize actions, leading us to
see actions as play (Chu & Schulz, 2020), or as movements performed for their own intrinsic value (Schachner & Carey,
2013). Here we find that performing actions for their own value (e.g., aesthetic value), versus for instrumental purposes,
provides social information about others. In a pre-registered experiment (N=360), participants judged which character
in a pair was more compassionate, or more selfish/manipulative. For one key pair (among distractors), both characters
performed the same activity (music, painting, eating, exercising, math, being in nature), and we manipulated why: Either
for its own aesthetic value, or as a means-to-an-end (instrumental value). Across all activities, aesthetically-motivated
characters were judged as more compassionate and less selfish/manipulative than instrumentally-motivated characters
(p’s<0.01). Aesthetically-motivated behavior may signal others’ emotionality moreso than instrumentally-motivated
activities, driving inferences about prosociality.
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The demographics of pain: How age, race, and gender affect pain assessments
Nicole Steiner
The University of Texas at Austin, AUSTIN, Texas, United States

Katharine Tillman
UT Austin, Austin, Texas, United States
Abstract
Prior studies indicate that sex, race, and age biases in assumed pain sensitivity produce treatment disparities: Women
are seen as more sensitive than men; white people as more sensitive than Black people; and both seniors and infants
are deprioritized. We recruited online participants (N=69) to assess fictional characters’ pain in 8 scenarios. Characters
varied in sex (male/female), race (Black/white), age (adult/child), and injury (e.g., bruised leg, splinter). Using a mixed
effects regression, we found an effect of character age (p<0.01) and a marginal effect of character sex (p=0.08). These
results suggest that adults assume children feel more pain than adults. Additionally, we found that male participants
rated female characters’ pain as higher than male characters’ pain (p<0.01), whereas female participants rated male and
female pain equally. Also, white participants gave lower pain ratings overall than nonwhite participants (p<0.01). In
sum, character and participant demographics both affected pain assessment outcomes.
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Language Experience Modulates L2-Related Representational Change when
Learning Novel Categories
John Patterson
The Pennsylvania State University, University Park, Pennsylvania, United States

Nicci Schoedel
Pennsylvania State University, State College, Pennsylvania, United States

Elisabeth Karuza
The Pennsylvania State University, University Park, Pennsylvania, United States
Abstract
When learners are exposed to multiple languages, semantic categories have been shown to undergo a process of convergence wherein concepts that overlap across natural languages come to be represented more similarly. Recently, we
replicated this convergence effect using a simulated bilingual language learning paradigm in which participants learn
one language (i.e., category boundary and associated labels) before then learning a second language with a shifted category boundary. This work, however, only assessed English-speaking monolinguals. In the present study, we extend this
paradigm to bilinguals—asking whether extensive experience maintaining different label mapping systems modulates
degree of semantic convergence when learners face two novel (artificial) languages. We first assessed the language experience of Polish-English bilinguals then measured representational change via the simulated bilingual language learning
paradigm. We report on evidence that language history moderates the extent, and direction, of representational change,
and we conclude with implications for theories of bilingual representation.
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Do Judgments of Learning Improve Inductive Learning?
Hyorim Ha
Yonsei University, Seoul, Korea, Republic of

Hee Seung Lee
Yonsei University, Seoul, Korea, Republic of
Abstract
The present study investigated whether making judgments of learning (JOLs) can enhance the learning of the studied
materials (backward effect) and newly studied materials (forward effect) in inductive learning. In two experiments,
participants studied various butterfly species through Sections A and B. After learning Section A, participants made
either target-present JOLs, target-absent JOLs, or merely restudied Section A (Experiment 1). We also manipulated
whether participants make an explicit retrieval attempt before making JOLs (Experiment 2). Then all participants learned
Section B and took a final test for both sections. The results revealed that simply making target-present or target-absent
JOLs did not produce learning benefits. However, when people made the target-absent JOLs combined with explicit
retrieval attempts they outperformed the other groups in both sections, showing backward and forward effects of JOLs.
In conclusion, JOLs seem to be effective only when learners actively retrieve the learned information while making
metacognitive judgments.
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Perception of Risk and Intention for Vaccination in times of Covid-19 emergency in
an Indian sample
Alessandro Santirocchi
Sapienza University of Rome, Rome, Italy

Divya Bhatia
O.P. Jindal Global University, Sonipat, India

Rakhi Gupta
O.P. Jindal Global University, Sonepat, India

Pietro Spataro
Universitas Mercatorum, Rome, Italy

Clelia Rossi-Arnaud
Sapienza University of Rome, Rome, Italy

Vincenzo Cestari
Sapienza University of Rome, Rome, Italy
Abstract
Many countries including India are struggling with the Covid-19 emergency. India started an official nation-wide immunisation campaign before the outbreak of the second wave in March 2021. However, the acceptance of vaccines was
shaped by several factors including risk perception. The current study aimed at investigating the perception and susceptibility to the risk of ongoing Covid-19 emergency, and intention to get vaccinated among the Indian population. The
online study involved 308 participants from different regions across India. Results showed that intention to get vaccinated was positively correlated with perception of risk, pro-sociality, use of preventive behaviours, and trust in science
and medical professionals. The study highlighted the psychological and demographic variables which can be useful to
tailor public health outreach programs in future pandemics.
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Modeling grammatical breakdown under processing load
Lily Xu
University of California, Los Angeles, Los Angeles, California, United States

Claire Moore-Cantwell
UCLA, Los Angeles, California, United States
Abstract
We present proof-of-concept modeling results which demonstrate a novel way to evaluate theories of the structure of
the phonological grammar: We generate predictions of how the behavior of constraint-based grammars and analogical
models is likely to change under processing load. Previous results (Moore-Cantwell and Kush, 2019) show systematic
differences in participant behavior when generating novel forms under working memory load, vs not. Under load,
participants observed fewer generalizations of the language, produced less intra-speaker variation, and differed more
participant-to-participant. We modeled memory load in constraint-based grammar (MaxEnt, Goldwater and Johnson,
2003) via probabilistic ignoring of constraints. Memory load in analogy (TiMBL, Daelemans et al., 2018) was modeled as
a restricting of the search space for an analogical set, based on word-frequency. Our constraint-based model predicted
a more systematic breakdown, more in line with previous experimental findings, while our analogical model predicted
more word-to-word variation.
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Limits and risks of GPT-3 applications
Anna Strasser
Ludwig-Maximilians-Universität, Munich, Germany

Matthew Crosby
DeepMind, London, United Kingdom

Eric Schwitzgebel
University of California, Riverside, Riverside, California, United States
Abstract
Limits and risks of GPT-3 applications Recent GPT-3 applications have fed new optimism in AI research. To explore limits
and risks, we investigated how far we can get in developing a so-called digital replica of Daniel Dennett, generating text
outputs from a large language model trained on Dennett’s philosophical writing. In consultation with Dennett himself,
we compare several fine-tuning strategies and evaluate outputs. Analyzing the failures and the successes will allow us to
address technical and ethical issues such as: 1. How accurate can such models be with current technology? 2. To what
extent (if at all) might it be acceptable to present a model’s outputs as representing an author’s view? 3. Should copyright
holders have control over such models? 4. How one can address risks of making such models public (including possible
over-reliance on their accuracy)? 5. How good are experts and non-experts in distinguishing humans from replicas?
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The role of vocabulary and executive functions in the comparison process for novel
word generalization
Yannick Lagarrigue
University of Bourgogne Franche-Comté, Dijon, France

Jean-Pierre Thibaut
University of Bourgogne Franche-Comté, Dijon, Bourgogne, France
Abstract
Comparing several examples of a target category leads to better generalization than single presentations. It has been
argued that the more children know about the world the more likely they will discover new conceptually relevant
dimensions (Gentner & Hoyos, 2017). From another point of view, the comparison process is underpinned by control
processes such as executive functions (Augier & Thibaut, 2013). This study contributes to this debate with a correlational
approach in which we assessed, word generalization in a comparison design, inhibition, cognitive flexibility, working
memory, and vocabulary. 120 five-years-old children performed the generalization task with unfamiliar objects and 120
other five-years-old children performed the generalization task with familiar objects. Whatever the familiarity of the
objects in the generalization task, we found positive and significant correlations between categorization and flexibility
but not with vocabulary. It suggests that executive functions are more at play in the comparison process than word
knowledge.
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Testing the testing effect with featural and relational categories
Enoch Sumakpoyaa
Syracuse University, Syracuse, New York, United States

Daniel Corral
Syracuse University, Syracuse, New York, United States
Abstract
Testing the testing effect with featural and relational categories Theoreticians have recently proposed that the benefits
of testing depend on the extent to which the to-be-learned concepts are interconnected, with testing effects emerging
from low element interconnectivity and becoming weaker with greater element interconnectivity. We tested this idea
by using a classification task and manipulating the amount of element interconnectivity in the categories that subjects
learned. Some subjects learned featural categories, which lack element interconnectivity, whereas others learned relational categories, which are defined by how its elements are interconnected. This factor was crossed with type of training,
wherein some subjects learned through classification (i.e., testing) and others through observation (i.e., studying). For
featural categories, it was predicted that classification training would produce better learning than observational training, whereas this benefit should become weaker or disappear for relational categories. However, preliminary results
show that both types of training lead to similar learning for both category types.
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Applying the pragmatics-first approach to agent-based models of emergent
communication – insights from a study in experimental semiotics
Katarzyna Skowrońska
University of Warsaw, Warsaw, Mazowieckie, Poland

Piotr Jończyk
University of Warsaw, Warsaw, Poland
Abstract
Recent theoretical shift in the discussion on the evolutionary origins of human communication points towards cognitive pragmatics as a foundation of open-endedness of our expression (Heintz & Scott-Phillips 2022). This perspective,
however, has not been acknowledged yet within computational modeling of language emergence, which suffers from
a lack of flexibility and generalization. We present the results from our experimental semiotics study inspired by an
agent-based model (Mordatch & Abbeel 2018). Replicating conditions from a multi-agent simulation in the real world
with human participants allowed us to: a) disclose commonly shared model assumptions that are potentially harmful
and neglect the importance of social cognition and context; b) identify communication strategies that emerged among
“human agents” and pragmatic behaviors that helped to establish them. Building on these results, we argue that the
models of emergent communication could benefit from applying the pragmatics-first approach, sketching a direction
towards more flexible and human-like communication.
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Test Before Study: Maximizing Adaptive Learning Gains using Prior Knowledge
Assessment
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Florian Sense
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Hedderik van Rijn
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Abstract
Digital adaptive fact learning systems tailor learning sessions to the individual learner. Most adaptive learning systems
assume that the learner has no prior knowledge of the material and therefore use an initial ‘passive rehearsal’ trial for
all facts. Here, we test a system that uses active retrieval trials instead of passive study trials when introducing items.
This minimizes time loss associated with studying familiar materials and maximizes potential benefits of attempted
retrieval before study. We test the system by having participants learn the association between the outlines and names of
countries, a domain in which they are likely to have varying degrees of prior knowledge. We show that using attempted
retrieval to identify known items is valuable in real-world applications, where partial knowledge of study materials
before the start of a learning session is very common.
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When Newton beats Euclid: intuitive physics underlies sensitivity to geometry
Sarah Placì
Center for Mind/Brain Sciences, Rovereto, Trento, Italy
Abstract
Reasoners consider some differences in geometric features as more similar than other differences in geometric features.
For example, humans and other animals consider horizontal mirror images more similar to each other than vertical
mirror images or objects that have different orientations around a point in the vertical plane. Previous theories that
explain sensitivity to geometry in terms of Euclidean principles cannot account for these categorization tendencies
because in Euclidean geometry, rotation is an invariant transformation. There is thus no difference between the vertical
and horizontal axes in Euclidean geometry. We propose a new theory that can account for these tendencies because
it considers the role that gravity plays in how minds categorize geometric objects. Our theory makes new predictions
about how reasoners categorize geometric objects in different contexts: 3D contexts with gravity, 3D contexts with
gravity where objects were manipulated, and 2D contexts. Five experiments with adults support our theory.
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Motion Event Segmentation in Visual Narratives
Irmak Hacımusaoğlu
Tilburg University, Tilburg, Netherlands

Neil Cohn
Tilburg University, Tilburg, Netherlands
Abstract
Motion lines are the drawn lines trailing behind an object to show movement. Prior work has shown that motion lines
aid comprehension by clarifying the direction of motion, but no experimental research has examined how they interact
with path segmentation, like a visual sequence in comics. In Experiment 1, participants understood panels with motion
lines better than without lines. With motion lines, omitting the path’s source was harder to comprehend than showing
the source but having it disappear. Moreover, less experienced comic readers benefited more from showing a whole
path with lines in single panels than fluent ones. In Experiment 2, reversed-direction lines were harder to process than
normal or omitted lines, but segmentation did not matter. Overall, motion event comprehension can be modulated by
path segmentation of lines and comics reading experience.
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N400 amplitudes as Bayesian surprise at the level of meaning
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Universität Magdeburg, Magdeburg, Germany

Milena Rabovsky
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Abstract
In the study of human language comprehension, the N400 brain potential is often used as an index of on-line processing
of meaning. However, a more precise account of its underlying computational process is still debated. Previous neural
network modelling work simulated N400 amplitudes as change in a probabilistic representation corresponding to an
internal implicit prediction error or Bayesian surprise at the level of meaning (Rabovsky, Hansen, & McClelland, 2018).
Here we further test this account using a Bayesian learner model to simulate semantic processing of nouns from different
semantic categories presented in an oddball like roving paradigm. We show that Bayesian surprise at the level of meaning
significantly predicts N400 amplitudes and does so to a significantly higher degree than a non-Bayesian baseline. This
sets the N400 in relation to ERP mismatch negativities in perceptual oddball paradigms, which have featured prominently
in Bayesian accounts of brain function.

3981
In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

The cognitive neuroscience of social learning in human evolution
Heidi Øhrn
Depatment of Psychosocial Science, Bergen, Norway

Larissa Mendoza Straffon
university of Bergen, Bergen, Norway

Andrea Bender
University of Bergen, Bergen, Norway
Abstract
Cumulative culture is believed to be a uniquely human form of social learning, and is therefore believed to be key
in understanding how humans evolved such complex social organization and technologies. It is reasonable to believe
that our capacity for cumulative culture is the result of a series of interconnected, complex evolutionary processes, but
humans abilities for teaching, imitation and communication are believed to play a central role. We plan on combining
brain imaging techniques and a transmissions chain design with transmission of evolutionary relevant tasks (knot tying
and symbol-production) in order to look at the mechanisms of cumulative culture in a new way. By looking at the brain
activation involved in acquiring and transferring these skills we aim to offer new insight on the cognitive and behavioral
demands of these technologies and their effect on cultural evolution.
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Priority-Adjusted Replay for Successor Representations
Samuel Barnett
Princeton University, Princeton, New Jersey, United States

Ida Momennejad
Microsoft Research, New York, New York, United States
Abstract
Intelligent agents are capable of transfer and generalization. This flexibility in adapting to new tasks and environments
often relies on representation learning and replay. Among these algorithms, successor representation learning and
memory replay offer biologically plausible solutions. However, replay prioritization algorithms remain largely limited
to value prediction errors. Here we propose PARSR, Priority-Adjusted Replay for Successor Representations, to address
this caveat. Decoupling learning of the environment dynamics and rewards, PARSR can use prediction errors from either
representation learning or values to prioritize memory replay. We compare PARSR to SR-Dyna, Dyna-Q, and a number
of state of the art algorithms using replay and successor representations in cognitive neuroscience. We find that PARSR is
able to reproduce human behavior in a number of revaluation tasks while also representing a performance improvement
over SR-Dyna, its closest counterpart.
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Constructing positive illusions in close relationships through latent-cause
inference
Yeon Soon Shin
Yale University, New Haven, Connecticut, United States

Molly Crockett
Yale University, New Haven, Connecticut, United States
Abstract
In close relationships, we often maintain positive illusions about the relationship even in the face of negative information
about the relationship partner. We propose that this phenomenon can be explained by a Bayesian inference model that
groups partner behaviors by latent causes (such as their intentions and character). That is, the mental models can go
beyond a faithful representation of a partner by integrating negative information into positive latent causes, in order to
construct a positive illusion about the partner and the relationship. Using model simulations, we explore cases in which
positive illusion construction is more likely to occur, focusing on the order of information (for example, a gradual versus
sudden change in behaviors). This model provides a framework to reconcile how negative information about the partner
can lead to bolstering the existing positive illusion in some cases and lead to change in impressions in other cases.
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The emotional value in objects: Insights from coping with the COVID-19 pandemic
Keiana Price
University of North Carolina Greensboro, Greensboro, North Carolina, United States

Madison Pesowski
University of California, San Diego, La Jolla, California, United States

Shaylene Nancekivell
University of North Carolina at Greensboro, Greensboro, North Carolina, United States
Abstract
How possessions gain personal meaning has been a topic of interest to diverse fields studying the mind. Traditionally,
the personal value of possessions is hypothesized to be driven by their special histories (Belk, 1988). We provide evidence
that people value possessions for their ability to regulate distress. During the pandemic, people (N=333) reported having
coping-possessions that helped them to regulate emotions (49%), solve problems (26%), or both (25%). Coping-possessions
had high personal and monetary values (M=4.82 and 4.45, respectively; one-sample t-tests against midpoint, ps < .001)
with problem-focused possessions having higher monetary values than emotion-focused ones (p < .001). The majority
of coping-possessions, however, had mundane histories (e.g., bought at a store) rather than noteworthy ones (p < .001),
suggesting that the emotional functions of objects contribute to their perceived personal value. This work also has
implications for how adults use objects to regulate their emotions (Timpano & Port, 2021).
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Agreement can facilitate learning of noun class systems
Shira Tal
University of Edinburgh, Edinburgh, United Kingdom

Kenny Smith
University of Edinburgh, Edinburgh, United Kingdom

Jennifer Culbertson
University of Edinburgh, Edinburgh, United Kingdom
Abstract
Agreement, a systematic formal mapping between linguistic elements, adds redundancy to languages (e.g., in ‘she writes’
the -s adds no information), and yet is crosslinguistically prevalent. Here, we suggest that agreement may be functionally
advantageous by providing additional cues for language learning. We conducted an artificial language learning experiment to test whether agreement, and especially, alliterative agreement – where the agreement is expressed by repetition
of the same form, can facilitate learning of noun classes (e.g., ‘masculine’/’feminine’). To this end, we compared the
learnability of noun class systems in three input conditions: no agreement, alliterative agreement, and non-alliterative
agreement. We found that participants who learned the non-alliterative agreement were better at generalizing the noun
class system to novel nouns with the relevant semantic features. There was no difference between the alliterative and
the no-agreement conditions, suggesting that the possible learnability advantage of agreement marking lies in having
distinct forms as cues.
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Forward and Backward Serial Recall
Matthew Dougherty
University of Pennsylvania, Philadelphia, Pennsylvania, United States

Michael Kahana
University of Pennsylvania, Philadelphia, Pennsylvania, United States

David Halpern
University of Pennsylvania, Philadelphia, Pennsylvania, United States
Abstract
Although recall proceeds most naturally in the order of encoding, people can also recall items in reverse order. Prior
studies raise the question of whether recall performance differs as a function of direction. To shed new light on this
question, we examined the temporal dynamics of forward and backward serial recall. Consistent with prior work, we
find similar levels of recall accuracy in forward and backward recall. However, detailed analyses of recall dynamics
demonstrated higher accuracy for recall initiation and lower accuracy for recall transitions in backward compared to
forward recall. Pre-cuing subjects to the direction of recall eliminated the difference in recall initiation and reduced, but
did not erase, effects seen in recall transitions. We show that backward recall benefits and suffers from the recency effect:
By promoting access to end of list items, recency facilitates initiation, but it hinders correct transitions by promoting
fill-in-errors following omissions.
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Imprecise Probabilistic Inference from Sequential Data
Arthur Prat-Carrabin
Columbia University, New York City, New York, United States

Michael Woodford
Columbia University, New York City, New York, United States
Abstract
We investigate human departures from Bayesian optimality in an inference task in which subjects estimate a Bernoulli
probability on the basis of sequences of random samples. We find underreaction of estimates to the evidence (conservatism) after only a few observations, but overreaction after a longer sequence of observations. The autocorrelation in
estimates suggests that the response noise largely results from the imprecision of the subjects’ mental representations
of the decision situations, rather than arising upon response selection. We test and reject several models proposed in
the literature (e.g., that people correctly update, but from an incorrect prior), and we find that subjects’ estimates do
not conform to key properties of the estimates of any Bayesian observer, even one with an imprecise memory. Instead,
subjects’ responses are consistent with a “noisy counting” model of probability estimation. Overall, our results highlight
how subjects considerably economize on their attention to the presented evidence.
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Affect and grammatical anomaly in discourse
Veena Dwivedi
Brock University, ST CATHARINES, Ontario, Canada
Abstract
We investigated the relationship between dispositional affect and the interpretation of sentences containing modal auxiliaries (must, should, might, would), that were embedded in factual vs. non-factual contexts. 49 participants read
2-sentence discourses followed by superficial questions, e.g., The art collector is admiring the statue. It would cost thousands of dollars. Question: The art collector is appreciating the statue. 1) True 2) False A negative correlation (r= -.355)
was found for question-response accuracy scores and positive affect for must, should sentences vs. might, would. Thus,
low positive affect individuals were more accurate after reading sentences with must, should vs. might, would. Questions were always about the context sentence; less attention at the second sentence would allow for higher accuracy
rates. Given that must, should do not require restrictors for interpretation (Stump, 1985) whereas might, would do, low
positive affect individuals paid less attention to these sentence types allowing for higher accuracy.
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Understanding Lightbulb Moments: Meaning-making in visual morphology from
comics and emoji
Lenneke Lichtenberg
Tilburg University, Tilburg, Netherlands

Bien Klomberg
Tilburg University, Tilburg, Netherlands

Neil Cohn
Tilburg University, Tilburg, Netherlands
Abstract
How do we interpret a lightbulb above a head to mean inspiration? We investigated the semantic processing of these
“upfixes” like lightbulbs or gears that float above characters’ heads. We examined the congruity of face-upfix dyads
presented sequentially with words describing their literal (“lightbulb”) or non-literal meanings (“inspiration”). To examine if upfixes alone sponsor meanings, upfixes either matched or mismatched the facial expression (ex. lightbulb
over an excited vs. sad face). Literal words always evoked faster response times when presented before images. When
images appeared before words, literal words were responded to slower than non-literal words for matching dyads, but
faster times for mismatching dyads. Non-literal words were rated as more congruous with matching dyads, while literal
words were more congruous with mismatching dyads. Thus, non-literal upfix meanings (e.g., inspiration/lightbulb) are
ingrained in memory only when matching their faces, supporting that they belong to a constrained visual lexicon.
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A neurophysiological investigation of noisy channel sentences
Veena Dwivedi
Brock University, ST CATHARINES, Ontario, Canada

Pratik Nath
Brock University, St Catharines, Ontario, Canada
Abstract
We used event-related brain potentials (ERPs) to investigate noisy channel models of sentences containing errors of
deletion vs. errors of insertion. Ditransitives e.g., (i) The aunt mailed the letter to her niece by post were compared
to deletion conditions (ii) #The aunt mailed the letter_ her niece by post. Furthermore, double object constructions
(iii) The aunt mailed her niece the letter by post were compared to insertion conditions (iv) The aunt mailed her niece
#to the letter by post. All sentences were followed by yes/no comprehension questions. The Bayesian size principle
proposes that deletion errors are more likely to occur than insertion; accordingly, perceivers should be more likely to
revise sentences with deletion, resulting in P600 effects. Instead, results (N=41) revealed long-lasting negative-going
waveforms for deletion errors at niece and positivity at by for insertion errors. Results are interpreted in terms of
perceivers’ decisions to revise via search space considerations.
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Convergent and Discriminant Validity of the Direction and Orientation Strategy
Questionnaire
Sofia Quintero
Texas A&M University, College Station, Texas, United States

Heather Burte
Texas A&M University, College Station, Texas, United States
Abstract
The “Direction and Orientation Strategy Questionnaire” (DOSQ) is a novel assessment based on giving directions around
your hometown and how one remains oriented in real-world environments. The DOSQ produces three sub-scale scores:
use of allocentric strategies, use of egocentric strategies, and sense-of-direction. Through an online survey, over one
hundred Texas A&M undergraduates completed demographic questions, DOSQ, Santa Barbara Sense-of-Direction scale
(Hegarty et al., 2002), Wayfinding Strategy Scale (Lawton, 1994), Questionnaire on Survey Representation (Pazzaglia &
De Beni, 2006), Spatial Anxiety Scale (Lawton, 1994), and familiarity measures using the Texas A&M campus. Using
factor analysis, we found that the DOSQ sub-scores were highly related to other measures of strategy use and senseof-direction, establishing its convergent validity. DOSQ sub-scales were not related to the spatial anxiety or familiarity
measures, establishing its discriminant validity. The DOSQ provides a method for briefly assessing spatial thinking
strategies that support navigation through real-world environments.
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Sharing of mental effort in a joint task
Vjeran Keric
Central European University, Vienna, Austria

Natalie Sebanz
Central European University, Budapest, Hungary
Abstract
Previous research has shown that when people engage in a joint task, they tend to minimize the total required effort.
This is the case even when minimizing total effort increases the amount of effort individuals would need to expend.
This tendency towards co-efficiency has previously been investigated in the motor domain. The aim of the current
experiments was to investigate whether these findings extend to the sharing of mental effort. Five experiments were
conducted using a multiple-object tracking task and two used a memory-based task. The first two experiments confirmed
that, individually, participants prefer easier tasks. The following three experiments manipulated task difficulty for a
participant and their ostensible partner and measured preferences for different difficulty combinations. Our findings
provide support for egoistic effort distribution strategies, with participants mostly minimizing their own effort.
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Fluency modulates ordering of visual narrative layouts
Neil Cohn
Tilburg University, Tilburg, Netherlands

Irmak Hacımusaoğlu
Tilburg University, Tilburg, Netherlands

Bien Klomberg
Tilburg University, Tilburg, Netherlands
Abstract
Visual narratives are often used as stimuli in cognitive research under the assumption of their universal transparency,
and the arrangement of visual sequencing has been taken as a proxy for spatial metaphors about time. However, this
discounts the conventional properties of visual narratives themselves. First, we examined layouts in a cross-cultural
corpus of 105 comics (U.S.A, Europe, Asia). Though horizontal arrangements were predominant in layouts of all types
of comics, vertical panel arrangements were more common in Japanese manga than European or US comics. Second,
reanalysis of data from a prior experiment (reference anonymized) revealed that manga readership predicted preferences
for downward arrangements of ordering panels in all comic page layouts. Thus, visual narratives use unique patterns
and their comprehension is modulated by fluency in those patterns, undermining assumptions of their transparency and
their adequacy as proxies for spatial metaphors.
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Children as Design Partners: Digital Media, Learning Analytics, and Metacognition
Leanne Ma
OISE/University of Toronto, Toronto, Ontario, Canada
Abstract
Children may participate in the design of digital technologies as users, testers, informants, and design partners (Druin,
2002). Yet, more often than not, teachers, researchers, and engineers are design partners, while children remain as
mere users and testers (Krumm, Means, & Bienkowski, 2018). This paper explores how children are designers of digital
artifacts and learning analytics on an online platform called Knowledge Forum (Scardamalia & Bereiter, 2021). Eight
children participated in a group interview to reflect on their online notes and drawings from grade 1 to grade 6, using
the analytic tools to mine developmental patterns in their online discourse (e.g., vocabulary growth, diversity and complexity of ideas). Implications of this work are discussed by extending Druin’s framework to consider children’s roles
in simultaneously improving usability, augmenting the impact of technology on their learning, and the advancement of
learning theories within the context of hybrid learning in a post-pandemic world.
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Learning to count: a neural network model of the successor function
Vima Gupta
Georgia Institute of Technology, Atlanta, Georgia, United States

Sashank Varma
Georgia Tech, Atlanta, Georgia, United States
Abstract
What does it mean for a neural network to become a “cardinal principal knower”? We trained a multilayer perceptron
to compute the successor of the numbers 0-99. N and N+1 were one-hot encoded on the input and output layers, respectively; the hidden layer had 8 units. 80% of the (N, N+1) pairs constituted the training data, the remaining 20% the
test data. The mean cosine similarities of the hidden layer representations of the (N, N+1) pairs was 0.77 (0.79) when N
was in the training (test) set. The network learned a continuous notion of number: the hidden-layer representations of
N and N+1 were comparable whether they did (0.74) or did not (0.78) cross a tens boundary. Thus, the network did not
“discover” place-value. Ongoing research is exploring place-value encoding of inputs and outputs, and also structuring
of the training data to better reflect the numerical environment of the child.
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A meta-inference model of confidence
Hsin-Hung Li
New York University, New York, New York, United States

Wei Ji Ma
New York University, New York, New York, United States
Abstract
The conventional theory of decision confidence suggests that confidence reflects the probability that a decision is correct—
the posterior probability of the chosen option. However, due to factors including inference noise and incorrect generative
models, the brain is incapable of computing exact posteriors. We propose a new model of decision confidence by assuming that the brain possesses an internal generative model of these imperfections, which we describe as “true posteriors
plus noise”. Using this generative model, the brain performs “meta-inference”, by computing confidence as the probability that the chosen option (whose noisy posterior is the highest) also has the highest true posterior. In other words, we
propose that confidence reflects the probability that the observer made the best possible decision under the noisy posteriors. We found that this model outperformed the conventional model in explaining confidence in multiple-alternative
perceptual decisions, and it quantitatively accounts for empirical confidence ratings in value-based decisions.
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The Perceived Dilution of Causal Strength
Simon Stephan
University of Göttingen , Göttingen, Niedersachsen, Germany

Neele Engelmann
University of Göttingen, Göttingen, Germany

Michael R. Waldmann
University of Göttingen, Göttingen, Niedersachsen, Germany
Abstract
Dependency theories of causal cognition, like causal Bayes net theory, postulate that the strength of causal links is independent of the causal structure in which they are embedded. We propose a new theory that postulates that people’s
concept of causality is richer, and that predicts an influence of causal structure on strength intuitions. According to the
theory, people’s concept of causality involves the idea that causal powers behave like phenomena studied in fluid dynamics: Continuous causes are assumed to spread their capacity across causal pathways, akin to fluids running through
pipe systems. The theory predicts a perceived dilution of causal strength. A series of experiments (N = 3,733) and a
meta-analysis corroborate the theory. For common causes, people perceive the strength of individual links to decrease
with the number of links. In causal chains, people perceive a link strength gradient. This dilution effect disappears for
genuinely binary causal variables.
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Neurodiversity and anthropomorphism in social insect research
Alice Laciny
Konrad Lorenz Institute, Klosterneuburg, Austria

Sidney Carls-Diamante
University of Konstanz, Konstanz, Germany

Giorgia Silani
University of Vienna, Vienna, Austria
Abstract
When researching social insects, interpretations drawing parallels between behaviours and social systems of humans
and animals are particularly prevalent. While these comparisons have value for illustrative purposes, failing to recognize
them as metaphors can result in erroneous interpretations of data. Previous studies have found this anthropomorphic
bias to be connected to extraversion and sociability. Autistic individuals are overrepresented in the life sciences, may be
less prone to cognitive bias, yet still face significant stigma in the workplace. In this interdisciplinary study, we therefore
surveyed an international sample of social insect scientists to explore the impact of autistic traits on their research. We
herein present the first results of this study, and discuss them from the standpoints of cognitive science, philosophy of
psychiatry, and entomology. We thereby hope to elucidate the role of neurodiversity and atypical modes of perception
in science, and contribute to creating a more inclusive academic landscape.
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Does delayed interim testing enhance subsequent learning?
Yewon Kang
Yonsei University, Seoul, Korea, Republic of

Hee Seung Lee
Yonsei University, Seoul, Korea, Republic of
Abstract
Testing on previously learned materials can enhance the learning of new materials studied after the test (the forward
effect of testing). We examined how the timing of interim testing influenced subsequent learning. Participants studied
trivia facts in two learning sections (A & B) and provided a mental effort rating for each section. Between the two sections,
participants either restudied, took an immediate test, or a 15-min delayed test on Section A. They then proceeded to
Section B and took a final test on both sections. The results demonstrated that both the immediate and delayed testing
groups outperformed the restudy group on Section B, indicating that the forward effect of testing was independent of
the test timing. Furthermore, the testing groups showed a bigger increase in their mental effort from Section A to B than
the restudy group, suggesting that the forward testing effect occurred probably due to more mental effort.
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Fun as maximizing learnability: Balancing difficulty and prior knowledge
Franziska Brändle
Max Planck Institute for Biological Cybernetics, Tuebingen, Germany

Charley Wu
University of Tübingen, Tübingen, Germany

Eric Schulz
Max Planck Institute for Biological Cybernetics, Tübingen, Germany
Abstract
Theories of intrinsic motivation describe how behavior is driven by inherent satisfaction beyond only rewarding outcomes. One computational theory quantifies “fun” as the pleasure derived from improving one’s model of the environment. Here, we refine and test this theory by predicting maximal fun occurs when learning progress is also maximal,
corresponding to a balance between ability (or knowledge) and task difficulty. Across multiple natural data sets (e.g.,
“Super Mario Maker”, “Trackmania”, or “Robozzle”), we confirm our prediction that human judgments of fun are highest at intermediate levels of difficulty. We provide further evidence through a number guessing experiment, where
we manipulated the learnability of the environment by controlling the variance of the numbers that could be guessed.
Both participants’ engagement and model-based analyses confirmed our predictions. Beyond simply exploiting maximal
rewards or exploring maximal uncertainty, the constraints of learnability require a balance between challenge and ease.
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Thinking Faster and Slower: A Resource-Rational Model of Working Memory
Encoding
Joost de Jong
University of Groningen, Groningen, Groningen, Netherlands

Hedderik van Rijn
University of Groningen, Groningen, Netherlands

Elkan Akyürek
University of Groningen, Groningen, Groningen, Netherlands
Abstract
Storage- and processing limitations manifest clearly in working memory when the number of to-be-remembered items
increases: Each item is encoded less precisely and more slowly. Why do humans encode items at a slower rate that
are already encoded with lower precision? Here, we propose a resource-rational model of working memory encoding.
Increasing precision and speed reduce behavioral cost, but also incur neural costs. Both storage- and processing limitations arise naturally from jointly minimizing behavioral and neural costs. Intuitively, marginal increases in precision
or speed have a diminishing return on investment. We show that our model: (1) accounts for classical effects of set size
on storage capacity and processing speed, (2) explains recent findings showing faster encoding when briefly presented
items are expected, and (3) predicts novel findings suggesting that classical set size effects on processing speed are in
fact mediated by the probability that an item will be probed.
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Effects of reward schedule and pressure on procrastination
Peiyuan Zhang
New York University, New York City, New York, United States

Yijun Lin
University of Florida, Gainesville, Florida, United States

Wei Ji Ma
New York University, New York, New York, United States
Abstract
Procrastination is ubiquitous, but how to reduce procrastination is rarely examined in a behavioral experiment. We
hypothesized that procrastination is reduced when the reward is immediate versus delayed, and that the size of reduction
could vary across different levels of pressure on task completion. To test our hypothesis, Subjects were assigned a week to
work online on a lengthy reading task. We manipulated the reward timing (delayed versus immediate) and levels of task
completion pressure. We quantified the level of procrastination with mean completion day of a paragraph, with a higher
value indicating a higher level of procrastination. We found that among subjects who completed the task, there was no
main effect of reward timing on procrastination level, whereas subjects who left the task unfinished procrastinated less
when reward was immediate. There was no main effect of task completion pressure, and no interaction between reward
timing and task completion pressure.
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Summary statistics extracted in tactile feature
Midori Tokita
Mejiro University, Saitama city, Ukiya 320, Saitama, Japan

Akira Ishiguchi
Ochanomizu University, Tokyo, Japan
Abstract
Many studies have shown that people may have the ability to extract summary statistics over objects/events in a set.
Most of the investigations have mainly used simultaneous presented visual features. This experiment tested whether and
how people could represent the average value over tactile stimuli presented in a temporal sequence. A voice-coil type
vibrator was used to present the stimuli. In the averaging task, a sequence of stimuli was presented first, followed by a
single stimulus. The sequence was composed of 4, 6, or 8 vibro-tactile stimuli. Participants judged whether the vibration
intensity of the second stimulus was stronger or weaker than the estimated average value of the first sequence. The result
demonstrated that 1) people can extract the average tactile stimuli, and 2) averaged intensity tend to be overestimated
than the single stimuli. We will discuss characteristics of the summary statistical representation in the tactile modality.
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Human Information Seeking in Architectural Spaces Simulated in Virtual Reality
Nikolaos Vlavianos
Massachusetts Institute of Technology, Cambridge, Massachusetts, United States

Takehiko Nagakura
Massachusetts Institute of Technology, Cambridge, Massachusetts, United States

Marta Kryven
Massachusetts Institute of Technology, Cambridge, Massachusetts, United States
Abstract
Previous research has shown that proportions, ornateness, and lighting of indoor architectural spaces affect observers’
mental states (Negami & Ellard 2021). However, most studies are limited to verbal self-reports, and focus either on
photographs, or CAD-modeled rooms in which certain elements, (e.g. ceiling height), are experimentally manipulated.
We study human psychological and physiological responses to historical indoor sites reconstructed in virtual reality (VR).
Such spaces are often designed to evoke affective responses – for example, sacred architecture is meant to evoke feelings
of calm. Using drone footage, we record 3D geometry, visual and auditory sensory data of an indoor space. We recreate
the space in VR, and record humans’ eye-movements, heart-rate, galvanic skin response, and reports of affective states,
during free exploration. We propose a cognitive model that interprets physiological responses as information-foraging,
and identify the correlates of reported changes in affective states with specific properties of architectural space.
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The impact of categorization rule on categorical visual search
Anastasiia Liashenko
HSE University, Moscow, Russian Federation

Alexey Kotov
Higher School of Economics, Moscow, Russian Federation
Abstract
The results of research by Hélie, Turner, and Cousineau (Hélie et al., 2018) show that category representation (rulebased and information integration categories) may influence performance in the visual search categorization task. In the
present experiment, we replicated their results using other types of categories that contained discrete features: categories
based on verbal rules and prototypes. We found that after learning the verbal rule as well as after learning rule-based
categories target-present and target-absent trials are not much affected by display size. The effect of display size is bigger
for prototypes, but unlike the results of Hélie et al, it does not collapse for target absent trials. We explain these results
by the fact that the categories with discrete features have a stronger and more conscious representation, which is easier
to transfer to the visual search task. The reported study was funded by RFBR, project number 20-013-00698.
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Chinese Dialect Proficiency and Executive Function: Evidence from the Simon Task
Adam John Privitera
Wenzhou-Kean University, Wenzhou, China

Yu Zhou
Wenzhou-Kean University, Wenzhou, China
Abstract
A considerable number of studies have investigated whether speaking two languages improves executive function. Results, while controversial, have highlighted the influence of second language proficiency on the emergence of these
cognitive advantages. To date, few studies have investigated whether other related linguistic experiences, such as dialect use, confer similar advantages. The diverse range of dialects found across the People’s Republic of China provide
ideal conditions under which to explore this question. Using a heterogeneous sample of Mandarin-English bilingual,
bidialectal young adults (n = 73), the present study investigated whether differences in self-reported dialect proficiency
impacted on Simon Task performance. While results showed reduced Simon effects associated with higher reported
dialect proficiency, it was a consequence of slower performance on congruent trials, not improved performance on incongruent trials. The observed reduction in facilitation from congruent trials associated with higher reported dialect
proficiency suggests a cognitive disadvantage, but merits further investigation.
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Play as intuitive modelling for fostering creativity in interacion
Taijun Cheng
Japan Advanced Institute of Science and Technology, Nomi City, Ishikawa Prefecture, Japan

Guanhong Li
Japan Advanced Institute of Science and Technology, Nomi City, Ishikawa Prefecture, Japan

Takashi Hashimoto
Japan Advanced Institute of Science and Technology, Nomi City, Ishikawa Prefecture, Japan
Abstract
Pursuing the mechanisms and methods to improve the creative potential in team activities becomes significant in modern
society. One candidate of the creative method is LEGO Serious Play (LSP), where intuitive modelling with LEGO blocks,
corresponding to Play in LSP, is considered effective in teams’ creative problem-solving. To understand the mechanism for Play to influence creativity in interpersonal interactions, we compared Play (intuitive modelling) and Non-Play
modelling with LEGO blocks. Our experiments consisted of two phases, individual and collaborative modelling, and
two groups conducted the former phase, intuitive modelling before thinking (Play) and thinking before modelling (NonPlay). We found that Play significantly promoted utterances about abstract concepts during the collaborative phase,
while utterances about concrete models showed no difference between the two groups. This finding suggests that the
interplay between mentioning abstract concepts and handling concrete objects may be a mechanism of Play as intuitive
modelling to improve team creativity.
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Intertwining Generalization and Memorization
Henry Coxe-Conklin
University of Edinburgh, Edinburgh, United Kingdom

Kenny Smith
University of Edinburgh, Edinburgh, United Kingdom
Abstract
Over-paramaterized neural models have become dominant in Natural Language Processing. Increasing the size of a
neural network seems to result in improved performance across a a broad range of tasks. Despite their size these models
have been shown to generalize poorly outside their training data. Seemingly failing to extract the systematic generalizations that humans use to generate and interpret language. Increasingly work has questioned whether these models are
learning to generalize or memorize, with larger capacity models potentially just memorizing their data more and more
effectively. We suggest the tradeoff between memorization and generalization may be more nuanced; with the capacity
of a model shaping the kinds of generalizations they are likely to acquire. Our results on a linguistic task suggest that
while all models develop generalization strategies, smaller models may arrive at a smaller distribution of strategies that
generalize more robustly to novel data.
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Conflict between self and other in the development of perspective tracking
Emanuela Yeung
University of Copenhagen, Copenhagen, Denmark

Dimitrios Askitis
University of Copenhagen, Copenhagen, Denmark

Velisar Manea
University of Copenhagen, Copenhagen, Denmark

Victoria Southgate
Copenhagen University, Copenhagen, Denmark
Abstract
We examine whether infants and young children experience “conflict” between their own perspective and that of another
in a false belief scenario. Based on the altercentric hypothesis, we propose that young infants can track the perspective
of others because they lack a competing self-perspective. With the emergence of self-awareness, children may then be
able to generate a representation of their own perspective and only then does this become a competitor to the perspective
cued by others. To test this, we presented 18- and 42-month-olds with a perspective-conflict scenario and used pupil
diameter as an index of conflicting processing. Half of the 18-month-olds passed the mirror self-recognition (MSR) task.
Functional t-tests showed that MSR recognizers had greater dilation during the anticipatory phase compared to nonrecognizers. Data collection with 42-month-olds is ongoing; preliminary results from pilot data suggests that the pupil
trace of the 42-month-olds is similar to the MSR recognizers.
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Local versus global coherence in the generalization of category training
Josh Glass
Binghamton University , Johnson City, New York, United States

Kenneth Kurtz
Binghamton University, Binghamton, New York, United States
Abstract
In recent evidence, classification training can elicit two qualitative patterns of generalization: one is exemplar-based
such that close proximity to known members of a category best predicts membership in that category; the other involves inducing a global form of coherence in the mapping between input space and category membership. Such global
coherence is an abstraction about category membership – not in the form of clusters or prototypes, but grounded in
regularities like categories alternating in input space (Kurtz & Wetzel, 2021) or one category having correlated feature
values while the other is anti-correlated (Conaway & Kurtz, 2017). We investigate the extent to which categorization
is driven by local match to exemplars versus conforming to global structural regularities using generalization items as
critical tests: proximal to members of one category but conforming to the global regularity underlying the other. Results
are discussed in terms of implications for theoretical accounts of category learning.
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Machines and Molds: An Exploration of Brainless Cognition
Laurie O’Neill
Muhlenberg College, Allentown, Pennsylvania, United States

Alexandra Frazer
Muhlenberg College, Allentown, Pennsylvania, United States
Abstract
Cognition as a grouping of mental processes has always been fundamentally linked to that of the brain. Yet more
recently, the acellular slime mold known as P. polycephalum has been observed to complete various tasks associated
with cognition without the need for a brain. The most notable feat of P. polycephalum has been repeatedly solving
mazes with greater efficiency on each subsequent run. This has led to the speculation that P. polycephalum may possess
the ability to learn. Comparatively, various developments in computation have led to algorithms and robotic systems
that also appear to have the capacity to “learn.” Utilizing the same maze structure to test both P. polycephalum and
various computational methods, we quantitatively map and compare the effectiveness and means by which each solves
the problem. With this, we hope to provide greater insight into brainless problem-solving in both biological organisms
and machines.
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Exploring age and gender differences in socio-semantic representations of words
Mikuláš Preininger
Charles University, Prague, Czech Republic

James Brand
Charles University, Prague, Czech Republic

Adam Kříž
Faculty of Arts, Charles University, Prague, Czech Republic
Abstract
Semantic representations of words can vary from person to person and can undergo change over the lifespan. Although
a number of studies have explored differences in affective variables (e.g. valence), there has not been any large-scale
investigation of the way socio-semantic information is represented, nor whether there is variation (or stability) in these
representations across a diverse participant sample. We report on a study where 2,700 Czech words were rated by 1,450
Czech speakers along the dimensions of gender (feminine/masculine), location (rural/urban), political alignment (conservative/liberal), valence (negative/positive) and age (old/young). The ratings were analysed based on gender and age
demographics. Our results demonstrate that distinct categories of words, e.g. those associated with mental wellbeing
(such as úzkost [anxiety]) are self-associated – young participants rate the words as more young, older participants as
more old. Our results shed light on the variation that exists in socio-semantic representations within different populations.
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Hippocampus Engagement Early in Learning Supports Concept Formation
Melisa Gumus
University of Toronto, Toronto, Ontario, Canada

Michael Mack
University of Toronto, Toronto, Ontario, Canada
Abstract
Hippocampus (HPC) is a key structure in category learning, forming organized concepts from individual episodes to
adaptively represent shared and distinct elements. Most of the evidence for the role of HPC in concept formation,
however, relies on neural coding measured at the end of learning. Thus, it remains unclear how neural mechanisms early
in learning support the formation of flexible knowledge. We explored this by combining human functional MRI with
a computational model of learning, SUSTAIN. Participants learned to categorize complex visual objects with multiple
features. A multidimensional rule linked features to categories with exception items in each category. We observed
distinct HPC engagement along its primary axis for exception learning that also predicted learning outcomes. The model
predicted that better learners use exceptions to update their knowledge, which was reflected in HPC activation. These
findings suggest that HPC discriminates initial informative experiences during learning to support flexible knowledge
formation.
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Studying the Effect of Moderator Biases on the Diversity of Online Discussions: A
Computational Cross-linguistic Study
Sabit Hassan
University of Pittsburgh, Pittsburgh, Pennsylvania, United States

Katherine Atwell
University of Pittsburgh, Pittsburgh, Pennsylvania, United States

Malihe Alikhani
UPitt , Pittsburgh, Pennsylvania, United States
Abstract
The methods by which people harm others evolve with changes in, and in access to, technology. Several cognitive,
linguistic, and behavioral theories have suggested that biased language use is correlated with dominance and can reduce
the diversity and inclusivity of a community (e.g. Poteat et al, 2010). We present a cross-cultural and cross-linguistic
study of moderators on Reddit in English, Arabic, and French. We collect and analyze a large Reddit moderation dataset
and use machine learning models to study cognitive and behavioral differences of moderation across cultures. We then
work with expert linguists who analyze and evaluate our results. Finally, we explore the implications of our models
for studying how we might shut down voices from different communities by not moderating online content properly.
Our preliminary results reveal biases towards women and minority groups, and more broadly affirm our hypothesis that
culture and topic of discussions bias moderation decisions.
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Analyzing Reliability of Interpretable Parameters in Deep Learning Language
Models
Yo Ehara
Tokyo Gakugei University, Koganei, Tokyo, Japan
Abstract
Deep-learning has made remarkable progress in recent years. However, its parameter estimation methods are very
different from those of traditional statistical models. They are typically iteration-update formula, such as Adam, designed
to avoid falling into a local solution even when there are a large number of parameters. While deep-learning-based
models still have interpretable parameters such as difficulty or ability, how reliable are these parameters estimated by
such estimation methods? In this study, we compared the estimation methods used in conventional statistical models,
such as Marginalized Maximum Likelihood Estimation and MCMC, with those used in deep learning, such as Adam, for
simple item response models. In experiments, the parameter values estimated by the methods using Adam and others and
the parameter values estimated by the methods used in conventional statistical packages showed statistically significant
correlation. This result supports that the parameter estimates by deep learning can be trusted to some extent.
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Children’s Recognition of Shared Causal Structure in Mechanical Systems
Alexandra Rett
UC San Diego, La Jolla, California, United States

Micah Goldwater
University of Sydney, Sydney, Australia

Caren Walker
University of California San Diego, La Jolla, California, United States
Abstract
Children are capable of using the causal properties of objects to determine category membership. Can they also recognize
causal system categories, or abstract patterns of causation that apply across phenomena (Rottman et al., 2012)? For
example, do children recognize that one causal chain (e.g. the transmission of salmonella across species) shares the
same underlying structure as a chain in another domain (e.g. heat transfer between objects)? If so, recognizing that
superficially distinct events share the same underlying causal system may facilitate knowledge transfer. In Study 1, 6to 7-year-olds and adults, but not 4 to 5-year-olds, are capable of identifying simple machines that share the same causal
structure. In ongoing work, we control for low-level perceptual similarities and explore whether adults and children
recognize similar causal structures among unique mechanical systems. We also consider whether their recognition of
causal systems can be used to support knowledge transfer.
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Are children mindful decision makers? Investigating underlying mechanisms of
Turkish-learning children’s recency bias
Zeynep Adıgüzel
Koç University, İstanbul, Turkey

Sami Gulgoz
Koc University, Istanbul, Turkey

Tilbe Göksun
Koç University, Istanbul, Turkey
Abstract
We investigated recency bias (i.e., choosing the second option among two) of 3- to 5-year-old preschoolers (n=59) in
a free order language, Turkish, regarding individual differences in working memory and verbal skills. Children were
presented with a decision-making task in which they responded to questions about an imaginary character’s decisions
with familiar and unfamiliar objects in 3 word orders (both options at the beginning, both at the end, or first option at
the beginning while the second at the end). Children exhibited bias in all word orders. WM skills, not language skills,
predicted bias, even after controlling for age. As children aged, their bias decreased for unfamiliar options when both
were at the beginning. Recency bias also decreased as children’s WM skills improved when both options were at the
beginning. Children are not mindful decision-makers and their WM skills interact with the way questions are asked.
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Inferences from Disagreement
Jamie Amemiya
University of California, San Diego, La Jolla, California, United States

Gail Heyman
UC San Diego, La Jolla, California, United States

Tobias Gerstenberg
Stanford University, Stanford, California, United States
Abstract
To figure out what happened in the past, we often rely on others’ testimony. One challenge is that people can disagree
in their interpretations of what happened. We will investigate children’s use of disagreement as evidence for what happened, specifically, inferring that the event itself was ambiguous and could generate multiple interpretations. Children
(N = 50; 7 to 11 years) will hear two observers’ testimony, in which the observers either agreed about another speaker’s
desires (e.g., both observers agreed that the speaker wanted an intervention) or disagreed (one observer was sure the
speaker wanted the intervention, while the other observer was sure the speaker did not want it). Children will then be
asked to infer which of three events happened: the speaker uttered an unambiguous request (should be inferred more in
agreement trials), an ambiguous request (should be inferred more in disagreement trials), or a random statement (neither
trial type).
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Relationship of time perception with working memory and number sense using
gaussian process regresion
Kamil Szymanski
SWPS University of Social Sciences and Humanities, Wroclaw, Lower Silesia, Poland
Abstract
Time is one of the most fundamental phenomena in our universe. From the cognitive perspective, it is interesting how
we perceive time. To verify the most common cognitive model of time perception (the Scalar Expectancy Theory) time
reproduction experiment was conducted. Participants underwent a standard number sense procedure (comparing the
number of dots). Next, they were asked to memorise some random letters. Afterwards, a face picture (neutral, happy,
angry, fearful) was displayed for 400-1600 ms. After that, participants were asked to reproduce the string of letters and
the picture’s duration by pressing the space key. The final stage of the study was data modelling using Gaussian Process
Regression. The results showed inconsistency with the previous results on the relationship between emotion and time
perception. The relationship of memory overload with time perception may have been found.
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An Account of Interoceptive Affordances
Daniel Kosacz
Western Michigan University, Kalamazoo, Michigan, United States
Abstract
Lately there has been an increase in work on the role that interoception can play in motivating action. Given that
research programs such as the ecological approach have an action-oriented account of perceptual content that has proved
successful for explain a host of psychological phenomena, one would expect there to be work caching out interoceptive
content in ecological terms. But little work has been done exploring interoception from the perspective of the ecological
approach. Here I will attempt to remedy that by showing just how we can conceive of interoception as perception of
action possibilities. More precisely, I will argue that in interoception what we perceive are affordances. And then I will
attempt to develop an account of interceptive affordances which conceives of them as action possibilities an agent can
take to regulate internal bodily processes.
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Russian-language semantic categories and their brain activity correspondence
Vera Zabotkina
Russian State University for the Humanities, Moscow, Russian Federation

Artemy Kotov
Kurchatov Institute, Moscow, Russian Federation

ELENA POZDNYAKOVA
Moscow State Institute of International Affairs (University), Moscow, Russian Federation
Abstract
The study presents the experimentally developed technique to determine how and where semantic categories are represented in the human brain. For this purpose, the combination of linguistic annotation of oral texts in Russian with
the registration of BOLD signal in functional MRI subjects’ testing was applied. The goal is to correlate groups of words
in input texts and patterns of brain activation. The algorithm of the texts’ markup consisted of four sequential procedures: (1) time annotation, (2) lemmatization, (3) vectorization, (4) indexation of words-attributes. Regarding the issue
of brain activity allocation, the corresponding activation distributed nature can be noted. It proves our hypothesis that
conceptual information during text comprehension is processed in different (however specific) areas of the brain and
is not compactly localized. The main result is that the allocated lexical clusters are composed of paradigmatically close
words (synonyms, hyponyms) and situationally related words.
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Another person’s perspective biases how 14-month-olds’ detect mislabeling of
hidden objects
Dora Kampis
University of Copenhagen, Copenhagen, Denmark

Dimitrios Askitis
University of Copenhagen, Copenhagen, Denmark

Mercedes Sosa Cordero
University of Copenhagen, Copenhagen, Denmark

Sofie Kirkegaard
University of Copenhagen, Copenhagen, Denmark

Catrine Sejer
University of Copenhagen, Copenhagen, Denmark

Victoria Southgate
University of Copenhagen, Copenhagen, Denmark
Abstract
The N400 is an ERP component sensitive to semantic violations. Here, we probed if infants’ detection of a mismatch
is subject to an altercentric bias: a bias by another person’s perspective. We hid the object in a box at the time of
labelling, so its representation had to be maintained. Exp.1 established that 14-month-olds detect when an occluded
object is labelled incorrectly (t(27)=2.12, p=0.043). Exp.2 included a perspective mismatch, and labelling was always
incongruent for the infant, but in 50% congruent for the other. We found a reduced N400 for the congruent-for-other
trials (t(33)=-2.19, p=.036), indicating an altercentric influence on infants’ semantic mismatch detection. Exp.3 probes
whether infants detect any incongruence from their perspective when the labelling is always consistent for the other.
Preliminary analyses (n=22 out of 34 pre-registered) show no effect of congruency from infants’ perspective, suggesting
that congruency for the other may override infants’ own mismatch detection.

4023
In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

Examining Strategy Differences on the Relational Match-to-Sample Task (RMTS)
Mercury Mason
Binghamton University, Binghamton, New York, United States

Kenneth Kurtz
Binghamton University, Binghamton, New York, United States
Abstract
Previous work has demonstrated that relational responding in the Relational Match-to-Sample (RMTS) task can be improved compared to baseline by providing people with the opportunity to consider individual problem elements in isolation prior to receiving the full problem. However, it remains unclear whether the benefits of this intervention persist
in its absence, or can be observed when a prior strategy has already been established to complete the task. To this end,
we deployed a 2x2 mixed design, where presentation type was the within-subjects factor and order of presentation type
was the between-subjects factor. The aims of this work were to gain further insight into the utility of isolated-focus as
a means of promoting relational responding, and better understanding how processing of problem elements changes as
a consequence of isolated-focus. We discuss the implications for pedagogical practices and extensions of this work to
other materials and tasks.
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Simplicity beyond probability: Simplicity’s role in evaluating explanations goes
beyond providing cues to priors and likelihoods
Thalia Vrantsidis
Princeton University, Princeton, New Jersey, United States

Tania Lombrozo
Princeton University, Princeton, New Jersey, United States
Abstract
People often evaluate explanations by considering various ‘explanatory virtues’, such as an explanation’s simplicity (i.e.
the number of unexplained causes referred to). Simplicity has been thought to guide these evaluations by providing a cue
to the inputs of Bayesian inference (priors and likelihoods), thus indirectly helping compute the outputs: the posterior
probability of an explanation being true. Yet simplicity may also play other, more direct, roles in explanation evaluations.
While study 1 supported the mediating role of priors and likelihoods in people’s simplicity preferences, study 1 and 2
found that participants still preferred simpler explanations after statistically controlling for priors and likelihoods (either
elicited or provided). These results suggest that simplicity guides explanation evaluations not just by providing cues to
the inputs of Bayesian inference, but also by serving as a direct cue to the outputs of these inferences – perhaps providing
a simplifying heuristic for these evaluations.

4025
In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

Spatial organization of tactile localization in adults
Katarina Patton
Tulane University, New Orleans, Louisiana, United States

Lisa Chinn
University of Houston, Houston, Texas, United States

Jeffrey Lockman
Tulane University, New Orleans, Louisiana, United States
Abstract
Reaching to targets on the body is an important adaptive behavior, but little is known about how such reaching is
spatially organized. Here, we tested right-handed adults (n = 25) in a tactile localization task. A vibrotactile target was
placed, one at a time, at 15 different sites on the face: six pairs of corresponding sites on the left/right sides of the face
(forehead to mouth region) and three midline sites (chin, mouth, forehead). Participants reached more with the right
hand to right-side face targets (134/148 right hand reaches to right-side trials) than to left-side targets (70/152 right hand
reaches to left-side trials, x2(1) = 39.56, p < .001). For midline target locations, right-hand reaching dominated (65/75
trials, p < .001). Results are discussed in relation to how tactile localization is jointly influenced by the body’s spatial
structure and hand dominance.
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Children’s accent-based preferences and stereotypes in media contexts
Kathryn Harper
Ryerson University, Toronto, Ontario, Canada

Lili Ma
Ryerson University, Toronto, Ontario, Canada
Abstract
Children are avid consumers of screen media, including television and mobile apps. Non-native and non-standard accents
are underrepresented in media, and representations are often stereotypical. The present research investigated children’s
accent-based preferences and stereotypes in media contexts. Children aged 5-6 and 9-10 selected characters, from a
variety of characters with different accents, to play different archetypes in a television program (Experiment 1) or to serve
as teachers in an educational app (Experiment 2). Results revealed that, in Experiment 1, children generally preferred
for television characters to speak with a Canadian accent (versus British, Chinese, and Indian accents), regardless of
character valence. In Experiment 2, in educational apps, children aged 9-10 preferred Canadian- or British-accented
teachers for culturally-neutral subjects (e.g., oceans), and Chinese- and Indian-accented teachers for culturally-relevant
subjects (e.g., Chinese pottery). This research contributes to our knowledge about children’s accent-based biases, and
may guide development of more inclusive media offerings.
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Gender bias in grammatical gender systems across languages
Sonali Dey
University of Toronto, Toronto, Ontario, Canada

Yang Xu
University of Toronto, Toronto, Ontario, Canada
Abstract
A non-trivial number of the world’s languages have grammatical gender linked to biological sex. It is known that grammatical gender classification is not arbitrary, often following a semantic “core”. We investigate whether grammatical
gender systems exhibit gender bias in different semantic domains, particularly terminologies of technology (e.g., microcomputer), a domain that has been considered male-dominant, and disease terminologies (e.g., hepatitis), a domain
susceptible to negative connotations. In an initial analysis with five languages, we found a baseline bias towards masculine classification of nouns compared to feminine. The technology domain showed no significant bias in grammatical
gender with respect to the baseline, but two of the studied languages, French and German, showed statistically significant biases towards feminine classification in disease terminologies, while Arabic showed a significant bias towards
masculine classification. These initial findings suggest that languages may be subject to domain general and specific
gender biases through overt grammatical features.
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The role of primary motor cortex in inhibition of return: An investigation using
transcranial magnetic stimulation
Judith Bek
University of Toronto, Toronto, Ontario, Canada

Merryn Constable
Northumbria University, Newcastle upon Tyne, United Kingdom

Matthew Hilchey
University of Toronto, Toronto, Ontario, Canada

Timothy Welsh
University of Toronto, Toronto, Ontario, Canada
Abstract
Inhibition-of-return (IOR) is demonstrated by longer response times (RTs) for stimuli presented at previously attended
locations than unattended locations. While facilitatory cueing effects occur at short stimulus onset asynchronies (SOAs)
between a cue and target, IOR emerges at later SOAs. Frontoparietal areas including posterior parietal cortex have
been implicated in producing IOR, but the contribution of primary motor cortex (M1) is unclear. In the present study,
participants executed key-press responses to peripheral targets following a cue presented at the same or opposite location
at different SOAs (100/300/600/1000ms). Single-pulse transcranial magnetic stimulation (TMS) was applied over right
M1 on 50% of trials in a randomized (Experiment 1) or blocked (Experiment 2) order. IOR appeared to be attenuated by
TMS, although RT profiles differed between experiments. Motor-evoked potentials were not altered by the cue-target
relationship in either experiment. These findings do not support a key role of M1 in mechanisms of IOR.
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Expectations bias moral judgments
Derek Powell
Arizona State University, Phoenix, Arizona, United States

Brittany Schotsch
Arizona State University, Phoenix, Arizona, United States

Justin Mikell
Arizona State University, Tempe, Arizona, United States

Zachary Horne
University of Edinburgh, Edinburgh, United Kingdom
Abstract
People’s expectations play an important role in their reactions to events. There is often disappointment when events fail
to meet expectations and a thrill to having one’s expectations exceeded (e.g. Mellers et al., 1997). Here, we examined
how expectations influenced people’s reactions to events with serious moral consequences, and their moral decisions
concerning such situations. Participants judged pairs of events where a victim experienced a similar harm, but where
victims were at different prior risk of being harmed (e.g. someone killed by a drunk driver on a Friday night versus a
Saturday morning). People found unexpected harms to be more upsetting and they were more likely to choose to prevent
an unexpected harm than an expected one. Further studies explored other factors that might have influenced judgments
beyond expectations. This bias may have pernicious moral consequences, potentially leading to reduced concern for
victims in most need of help.
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Exploring context’s role in the interpretation of novel noun compounds
Tiana Simovic
University of Toronto, Toronto, Ontario, Canada

Barend Beekhuizen
University of Toronto, Mississauga, Mississauga, Ontario, Canada
Abstract
Noun compounding is a productive word formation strategy in English. Low-frequency (hence: ‘novel’) noun compounds (NCs) like “animal teacher” elicit diverse responses when presented without a sentence context, suggesting that
they are semantically underspecified. We explore exactly how much the role of context changes default interpretations
of novel English NCs. We consider compounds with two plausible interpretations: OF-relations (teacher OF animals)
and IS-relations (animal who IS a teacher). We predicted context would increase participants’ ratings of the plausibility
of given compound interpretations. Corroborating our predictions, participant plausibility ratings showed OF-relations
were more accessible out-of-context, and IS-relations were rated with less certainty. Mixed-effects modelling showed a
significant interaction between context and relation type. The results suggest context increases interpretation certainty,
particularly in OF-dominant compounds. However, several groups of cases notably defy this pattern. Finally, we use
computational language models to identify aspects of context that are critical to novel NC interpretation.
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Procrastination and the Intention-Behavior Gap
Luísa Leonelli de Moraes
New York University, New York, New York, United States

Peiyuan Zhang
New York University, New York City, New York, United States

Yijun Lin
University of Florida, Gainesville, Florida, United States

Wei Ji Ma
New York University, New York, New York, United States
Abstract
Procrastination is universal but not monolithic; a second dimension, the Intention–Behavior Gap (IBG), has been suggested to be relevant. The IBG is the difference between one’s intentions and one’s behavior. So far, the IBG has not been
directly measured within a behavioral experiment. We assigned subjects a week to work on a lengthy online reading
task. Before the task started, subjects reported their plan by the number of reading units for each day. We found great
variability in their plans, actual time course and the difference between the two (IBG). The time course of work ranged
from completing earlier than planned to not finishing. We calculated correlations between the mean unit completion day,
the IBG, the Causal Dimension Scale, indices of regret and satisfaction, and scales for procrastination (General, Active
and Irrational). Besides the correlations expected based on definitions, we did not find any significant correlations.
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Playing the Lottery of a Lifetime: The Effect of Socially Induced Aspiration on
Q-Learning Agents
Yosi Hatekar
University of Toronto, Toronto, Ontario, Canada

Rachit Dubey
Princeton University, Princeton, New Jersey, United States

Ted Sumers
Princeton University, Princeton, New Jersey, United States

Ilia Sucholutsky
Princeton University, Princeton, New Jersey, United States
Abstract
Our aspirations are influenced by the rewards obtained by people around us. How adaptive are these inherited aspirations
in stochastic, lottery-like environments? We study the behavior of social Q-learning agents in two multi-armed bandit
(MAB) settings: 1) a standard task where one arm gives a higher reward than others and, 2) a lottery task where all arms
give a high reward with some small probability. We define aspiration as a function of rewards attained by a previous
generation, and happiness as a linear combination of rewards and aspiration. We find that in the standard MAB task,
higher aspiration encourages exploration, and agents who learn from the ‘top’ agents accumulate more rewards and
happiness. However, in the lottery task, higher aspiration doesn’t improve performance; instead, agents who learn from
the ‘top’ agents are more unhappy. Together, this research highlights the context-dependent nature of aspirations and
their implications to modern society.

4033
In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

Nature in the Balance: Symmetry in perceived human-nature relations predicts
pro-environmental attitudes
Joan Kim
Northeastern University, Boston, Massachusetts, United States

John Coley
Northeastern University, Boston, Massachusetts, United States
Abstract
In the face of global climate change, investigating pro-environmental behaviors and perceptions of the human-nature
relationship is increasingly important. We investigated perceived asymmetries in how humans and nature impact each
other across two studies. Participants (N=331) rated the degree to which they believe humans and nature impact each
other (Study 1) and were asked to list and assess instances of human-nature and nature-human impact (Study 2). Study 1
results suggest that participants generally perceive humans to have a stronger impact on nature than vice versa, whereas
Study 2 results suggest that participants perceive humans to have a strong-negative and a weak-positive impact on nature
and nature to have a similarly strong-positive and weak-negative impact on humans. These findings suggest that while
humans’ relationship with nature is broadly perceived anthropocentrically and unidirectionally, when probed about
specific human-nature impacts, the human-nature relationship is perceived as bidirectional, but still unbalanced.
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Exploring the Functional Role of Post-Error Adjustments during a Flanker Task
Joe Opdenaker
Texas Tech University, Lubbock, Texas, United States

Ema Bidiwala
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Miranda Scolari
Texas Tech University, Lubbock, Texas, United States
Abstract
After committing an error, people slow down to avoid subsequent errors. This post-error slowing (PES) is sometimes
considered a functional adaption that leads to improved post-error accuracy (PIA). However, the co-occurrence of these
two phenomena is inconsistent, bringing into question the functional role of PES. We first reanalyzed previous flanker
data to investigate the functionality of these adjustments by comparing RT and accuracy between post-correct and posterror trials. Using a flanker task with absent, congruent, or incongruent distractors, we can explore whether cognitive
demand differences yield different effects on PES and PIA. Instead, a significant PIA effect was uniformly observed across
conditions, while a not significant post-error speeding effect suggests they are distinct phenomena. A second experiment
with a shortened cue period and intertrial interval produced only a marginally significant post-error speeding effect. In
sum, these data suggest these phenomena are distinct and their occurrence is reliant on task demands.

4035
In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

What causes enhanced processing of high-value items?
Nikolas McNeal
The Ohio State University, Columbus, Ohio, United States
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The Ohio State University, Columbus, Ohio, United States
Abstract
Recent work has revealed that people are better at making decisions between high-value options than low-value options.
One explanation for this puzzling result is that arousal increases when people expect to earn large rewards. Here, we
test this hypothesis using two versions of the same color discrimination task with different incentives, one with fixed
rewards (accuracy-based) and one with rewards that scale with value (value-based). Online data collection is ongoing;
our target sample is n=30. We will use the drift-diffusion model (DDM) to study the relationship between accuracy and
overall value. We hypothesize that there will be a positive relationship between option values and accuracy in the valuebased condition, but not in the accuracy-based condition, as the fixed reward provides no incentive to respond more
accurately to higher-value options. These results would indicate that value-based discrimination is primarily driven by
goal-based factors.
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Performance incentives enhance alerting, orienting, and executive attentional
processes
Christopher Bravo
Brown University, Providence, Rhode Island, United States

Harrison Ritz
Brown University, Providence, Rhode Island, United States
Abstract
A growing body of research has documented that people enhance cognitive control when they are motivated, likely
by proactively upregulating goal-relevant stimulus processing. However, there are multiple attentional mechanisms
that can facilitate stimulus processing (such as better alerting and orienting), and little is known about how incentives
reconfigure these component processes. To address this question, we developed an incentivized version of the wellvalidated Attentional Networks Task. This task combines Posner cueing with flanker inhibition, allowing us to isolate
the effect of reward across a range of attentional domains. Consistent with previous research, we found that in a sample
of online participants (N=120), overall accuracy was enhanced under incentives, without sacrificing reaction time. We
further found that incentives increased participants’ sensitivity to alerting cues and altered how orienting cues interacted
with flanker facilitation. These results provide new insight into how people control multiple attentional processes to earn
rewards.
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People’s evaluation of programs that drive agents’ behavior
Eric Bigelow
Harvard University, Cambridge, Massachusetts, United States

Tomer D. Ullman
Harvard University, Cambridge, Massachusetts, United States
Abstract
We examine whether people evaluate the performance of other agents using only behavioral metrics (intuitive behaviorism) or by also taking into account the program that is driving an agent’s performance (intuitive cognitivism). In an
online study, 200 participants, most without programming experience, learned to use a simple block programming language that controls a maze-solving robot. Participants then evaluated which of two programs was “better”, for 18 pairs
of robots and programs. The programs varied in 3 metrics. Two of these, action efficiency and representation efficiency,
were motivated by work in Reinforcement Learning and philosophy of mind, and the third, semantic generalization, is
novel. We found that people’s judgements are in line with intuitive cognitivism, that people are sensitive to the program
features, and that people intuitively evaluate and care about which other problems a program solves beyond the given
task.
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Does Being an Expert Matter? The Influence of Source Expertise on Recognition
Memory
Rina Harsch
University of Minnesota, Minneapolis, Minnesota, United States

Panayiota Kendeou
University of Minnesota, Minneapolis, Minnesota, United States
Abstract
The current information ecosystem has made it difficult to judge the veracity of information. Presumably, evaluating
an informational source’s expertise aids in this judgment process. However, whether these judgements influence memory for that information is unclear. In this study, we investigate the extent to which a source’s expertise influences
recognition memory for explanations given by that source. Participants viewed 20 vignettes describing events and two
potential explanations for each event. Each explanation was either said by a source (domain expert vs. non-expert) or
given without a source. Participants were exposed to both source and no-source conditions. We investigated whether
participants’ recognition of explanations were predicted by condition and source expertise. Our findings indicated that
neither condition nor source expertise influenced participants’ performance on the recognition task. This suggests that
people either do not attend to source in their evaluations of explanations or do not encode these evaluations.
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All Animals are Conscious: A New Premise in the Cognitive Science of
Consciousness
Kristin Andrews
York University, Toronto, Ontario, Canada
Abstract
The Distribution Question (DQ) asks: Can we know which animals beside humans are conscious? The current best
practices for answering DQ rely on a version of a marker approach, which seeks to find some observable features that
indicate consciousness. I argue that the marker approach all but guarantees a positive answer regarding any animal
selected for investigation-including sponges. This makes answering the DQ currently unachievable. What will turn it
into an achievable goal is to have a robust theory of consciousness, which, I argue, requires we adopt the premise that
all animals are conscious.
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Extending the Bayesian Causal Inference of Body Ownership Modell Across Time
Moritz Schubert
Philipps University of Marburg, Marburg, Germany

Dominik Endres
Philipps-Universitaet, Marburg, Hesse, Germany
Abstract
Bayesian Causal Inference (BCI) models multisensory perception as inference about two causal structures: either the
sensory data stems from several separate causes or from a common cause. If the sensory evidence supports a common
cause, the multimodal sensory input is integrated into a single percept. BCI has been applied to the rubber hand illusion,
in which the subject integrates tactile stimulation with seen brush strokes on a rubber hand and experiences said hand
as their own. A model of body ownership is relevant for virtual reality design, especially for strengthening avatar
embodiment. In previous work, we have criticized the applied BCI model for its extraordinarily wide priors. Here
we investigate whether the priors can be narrowed by increasing the sensory evidence. We try to accomplish this by
extending the model across time. Preliminary results look encouraging, but further research, especially psychophysical
experiments to inform the parameter choices, is needed.
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Inferring object interactions from scraping and rolling sounds
Vinayak Agarwal
MIT, Cambridge, Massachusetts, United States

Josh McDermott
Massachusetts Institute of Technology, Cambridge, Massachusetts, United States
Abstract
Object interactions – collisions, scraping and rolling – create many of the sounds that we hear in the world around
us. These sounds are generated via lawful physical dynamics. Anecdotally, humans possess some intuitive knowledge
of the physical generative processes underlying sound production, but little is known about the extent and nature of
this knowledge. In this work, we study the human ability to make inferences about physical properties like mass, size,
velocity and surface roughness from contact sounds, and test whether it is consistent with the use of a generative model
of the underlying physics. Additionally, we propose a computational model that uses analysis-by-synthesis to infer
object properties and their physical configurations using contact sounds as input, and compare it to human behavior.
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A Closer Look at Bridging Inferences: Onlookers and Framing in Visual Narratives
Bien Klomberg
Tilburg University, Tilburg, Netherlands

Neil Cohn
Tilburg University, Tilburg, Netherlands
Abstract
Like verbal discourse, visual narratives use various techniques to motivate readers to infer unstated events. One technique of sponsoring bridging inferences in visual sequences is to replace climactic events with an “onlooker”, a bystander
viewing the off-panel climax reacting with textual and/or bodily cues to varying degrees. In two self-paced reading experiments, we explored how onlookers sponsored inferencing. Experiment 1 compared five types of onlookers ranging
from a passive face with no cues to explicit facial or textual cues, and Experiment 2 investigated the effect of zooming
in on onlookers’ bodily cues. Less explicit onlookers are processed faster, but at the next panel all onlookers required
equal updating costs and zooms elicited further costs. Moreover, textual cues facilitated understanding. Overall, these
findings show that complexity and explicitness of information in visual narratives affect subsequent event inferencing.
Keywords: backward inferences, explicitness, event cognition
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Robustness of graph theoretic representations of semantic networks
Maria Robinson
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Ed Vul
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Abstract
Recent network-based approaches leverage graph theoretic analyses to study individual differences in semantic networks and how they relate to other cognitive processes. However, it remains ambiguous whether individual differences
captured via semantic network analyses reflect true differences in latent knowledge representations, or strategic differences in how people approach semantic relatedness tasks. To determine the robustness of content- and structurebased metrics of individual semantic networks we test their reliability across different tasks. We find both weighted and
unweighted graph theoretic representations can predict individual differences in connections between semantic units
across tasks. Furthermore, node centrality, a content-based metric which captures relative ‘importance’ of units within
a network, is reliable across tasks, but metrics of structural properties of semantic networks, i.e. average clustering coefficient and shortest path length, are less robust. These results highlight the importance of validating graph-theoretic
measures in the study of individual differences in semantic memory.
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Altercententric interference vs. bias in 7.5 month-old infants: a pupillometry study
Velisar Manea
University of Copenhagen, Copenhagen, Denmark
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Emanuela Yeung
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Victoria Southgate
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Abstract
In a preregistered pupillometry study we tested whether a perspective cue can both increase and decrease 7.5-montholds’ surprise. In the congruent condition infants saw an agent watching a ball roll behind an occluder. After the agent
left, infants saw the ball rolling outside the stage (an informational asymmetry). In the baseline the agent watched the
final event as well. At outcome, the occluder was lowered to reveal empty space: congruent with reality, as the ball is out.
In the incongruent condition the outcome is identical, but the ball should have been there. Informational asymmetry was
manipulated again. We found overall larger pupil dilation in the incongruent condition, indicating infants’ remembering
the ball’s existence. As hypothesised, we could increase their surprise in the congruent condition by having the agent
last see the ball inside, but found mixed results when trying to use the perspective cue to also decrease infants’ surprise.

4045
In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

Towards metacognitive learning in depression
Anne Sax
University of Bristol , Bristol, Bristol, United Kingdom
Abstract
Recent studies have linked depression to aberrations in metacognition, particularly metacognitive bias (overall confidence) and sensitivity (ability to differentiate correct/incorrect trials). However, whether these alterations stem from
shifts in metacognitive learning is unclear because previous paradigms have tested either (retrospective) performancebeliefs isolated from performance-feedback or (prospective) performance-expectations on a few trials only. Here, we
examine perceptual performance, self-performance-beliefs and how performance-feedback alters self-evaluation; we
develop a novel paradigm that enables evaluating performance continuously and derive metacognitive measures using
linear-mixed-modelling of performance and performance-beliefs. Our results suggest that depressive traits are associated with negative shifts in metacognitive bias but not sensitivity. Furthermore, feedback incorporation was independent of depressive traits and generally more pronounced after desirable feedback. Our study contributes towards a better
understanding of how disadvantageous self-beliefs are formed and maintained in depression and offers promise for a
computational cognitive science of metacognitive learning beyond the study of depression.
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Face-preferring regions in FFA, STS, and MPFC have different functions.
Heather Kosakowski
MIT, Cambridge, Massachusetts, United States

Nancy Kanwisher
Massachusetts Institute of Technology, Cambridge, Massachusetts, United States

Rebecca Saxe
MIT, Cambridge, Massachusetts, United States
Abstract
Faces are an important source of perceptual and social information. Multiple cortical regions including the fusiform
faces area (FFA), the superior temporal sulcus (STS), and medial prefrontal cortex (MPFC) respond more to dynamic faces
than videos of toy objects, human bodies, and pastoral scenes. Do face-preferring regions in FFA, STS, and MPFC have
different functions? To address this question, we re-analyzed functional magnetic resonance imaging (fMRI) data from
seven different experiments that included a dynamic faces versus objects localizer. Each of the seven experiments tested
different perceptual and social features using dynamic videos, point light displays, narratives, and animated cartoons.
Using a functional region of interest approach, we observed a significant condition by region interaction in four of the
seven experiments. Thus, although FFA, STS, and MPFC respond more to dynamic faces than objects, bodies, and scenes,
these three regions differ from each other functionally.
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Modelling Forgetting at Different Timescales
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Abstract
Models of memory that rely on a single forgetting curve can struggle to simultaneously capture memory performance
over short and long timescales. Typically, model parameters that account well for forgetting over a span of seconds
or minutes are too pessimistic when it comes to predicting longer-term retention over days or weeks. Crucially, it
is precisely the ability to model memory performance within and between study sessions that is valuable in applied
educational settings. Previous attempts to address the underestimation of long-term retention involved scaling down
between-session time. Here, we investigate how the optimal scaling factor changes as a function of the interval between
study attempts, using a rich naturalistic dataset with intervals ranging from several seconds to multiple weeks. By fitting
an ACT-R model, we show that the optimal scaling factor changes with time and interacts with the retrieval threshold.
This finding has direct practical and theoretical implications.
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Transcultural mindreading: Building a new database of Facial Expressions with
actors of diverse ethnicities to assess social cognition.
Fernanda Pérez-Gay Juárez
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Elizaveta Solomonova
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Abstract
Theory of Mind (ToM)– the capacity to attribute mental states to others, plays a central role in social cognition and
behaviour. Social categorization (SC) - the classification of people as within or outside of one’s own group- also shapes
our evaluation of others, often without our awareness. The features that give rise to social categorizations are often static
and can be extracted by looking at human faces. However, little is known about the effect of SC in ToM judgements.
The most widely-used instrument to assess ToM, Baron-Cohen’s Reading the Mind in the Eyes (RmE), uses exclusively
white faces. We created a new database of high-quality videos and stills of ethnically diverse actors depicting 93 different
mental states, suitable to study cross-cultural ToM, to be validated using a) the classic RmE four-alternative forced-choice
paradigm and b) a task where raters locate each face within a 2-D space of valence and arousal.
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A First Look at Zipf’s Law and the Speech of Children with Autism Spectrum
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Abstract
Zipf’s law asserts that words form a power law distribution: word frequency is inversely proportional to rank. Relatively
recent cognitive and usage-based linguistics argue that speech differs structurally from writing. Except for a few older
analyses performed on tiny corpora, studies of Zipf’s law prior to 2021 have been done on written corpora and use
informal methods to determine Zipfianness. We argue that recent work indicating that transcribed speech forms a Zipfian
distribution can be extended to the speech of traditionally developing children. Further, we show that the transcribed
speech of children with a clinical diagnosis of autism spectrum disorder is non-Zipfian. These judgements are made using
formal statistical techniques developed in Clauset (2009). They include the Kolmogorov-Smirnov statistic for goodnessof-fit and likelihood ratio to rule out other distributions.
Clauset, A., Shalizi, C. R., and Newman, M. E. J. (2009). Power-Law Distributions in Empirical Data. SIAM Review, 51(4),
661–703.
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Supporting Information Processing and One Instant Teaming of Humans and
Cyber-Technical Systems by Conceptual Chunking
Anja Klichowicz
Chemnnitz University of Technology, Chemnitz, Germany

Dr. Tina Morgenstern
Chemnnitz University of Technology, Chemnitz, Germany

Franziska Bocklisch
Chemnnitz University of Technology, Chemnitz, Germany
Abstract
Human skills and expert knowledge are valuable in increasingly complex human-machine systems. Efficient one instant
teaming between operators and cyber-technical systems requires deeper understanding of human cognition. Conceptual
chunking is one strategy to optimize memory performance by integrating small information units and their interactions
to a larger one. Graphical visualizations (e.g., in industrial control panels) can support teaming and understanding
of complex interactions by highlighting these relationships. The present study investigates whether graphical design
elements are able to enhance conceptual chunking. In an experiment (N = 40), graphical design elements were used to
induce or inhibit conceptual chunking. Response accuracies, response times, gaze data, and strategies were assessed.
Results reveal that participants rely more often on graphical design elements presenting relations between variables.
Hence, they show a deeper understanding, faster and more accurate responses when using the presentations for the first
time. This indicates high potential for one instant teaming.

4051
In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

Using a Language Transformer Model to Capture Creativity in Improvised
Narratives
Qingzhi Zeng
University of Rochester, Rochester, New York, United States

Derek Lilienthal
California State University, Monterey Bay, Seaside, California, United States

Marius Cătălin Iordan
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Abstract
Humans often communicate through spoken or written narratives, and assessing story creativity is typically thought
to be a highly subjective and uniquely human ability. To challenge this assumption, we explored whether a language
transformer model (BERT) could generate metrics to assess narrative creativity automatically. We collected 790 audiorecorded improvised stories based on varying prompts and used a subset of their transcripts (18) in this preliminary
study. Stories with a higher average BERT semantic embedding distance between all sentences were rated as more
imaginative (r = 0.48, p = 0.044) and more complex (r = 0.52, p = 0.028) by the average of seven creative storytelling experts.
Additionally, sentence-level embedding distances predicted human ratings better than word-level embedding distances
(p < 0.05). Together, these findings highlight BERT as a useful tool for automatically assessing narrative creativity and
invite further fine-grained investigation of the features that describe creativity in natural communication.
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The Impact of Dyslexia Awareness Month on Search Volume Using GoogleTrends
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Abstract
Dyslexia is one of the most common learning disabilities, but is also severely underdiagnosed. Early intervention
is demonstrated to produce a better prognosis, but lack of awareness can impede pursuing and accessing treatment.
Dyslexia Awareness Month has been implemented in both Canada and the United States during the month of October
as a way of increasing the public’s knowledge of this learning disability. The objective of this study was to ascertain
the effectiveness of these campaigns between the years of 2016 – 2019 in both countries. We employed ‘Google Trends’,
which is a statistical tool that can be used to compare volumes of specific Google searches, to evaluate the relative number of searches for the term ‘dyslexia’ before, during, and after the awareness month campaigns each year. Our results
show a significant increase in dyslexia-related search inquiries during October in both countries, but the timeline of
these differences varies.
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The relation between gaze and turn-taking in dyadic avatar-mediated
conversations
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University Hospital Cologne, Cologne, Germany
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Kai Vogeley
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Abstract
Human communication comprises a complex and dynamic interplay of verbal and nonverbal communication channels.
The investigation of these channels therefore represents a major methodological challenge.
Technical developments in interaction platforms using virtual characters provide tools for these investigations. Paradigms
in which participants interact with algorithmically controlled agents have already enabled the investigation of individual
nonverbal communication channels with the necessary experimental control. However, it is unclear how these results
relate to human-human communication.
Here, we present a study with a new system for human-human interactions mediated by avatars. As a proof-of-concept,
we tested the generalisability of gaze patterns during turn-taking in avatar-mediated conversations. Results show that
given our Bayesian mixed effects model, priors and data, there is compelling evidence that gaze patterns are comparable
to natural interactions. Exploratory analyses show that our system is suitable to shed light on variability in individualspecific gaze behaviour, which we plan to investigate further.
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‘Sheep’ and ‘Ship’: An investigation into English vowel merger in multilingual
Singapore
Fei Ting Woon
Nanyang Technological University, Singapore, Singapore

Suzy J. Styles
Nanyang Technological University, Singapore, Singapore
Abstract
English is often discussed with models that have a ‘Centre/Standard’ variety e.g., in US, and UK where English is spoken
as a first language, and varieties of spoken elsewhere are regarded as ‘Outer’ or ‘Non-standard’. ‘Standard’ varieties
are often regarded as prestigious and worthy of documentation, and to be taught in schools. This is problematic when
the speech sounds in the local varieties of English differ from ‘Standard’ varieties. In Singapore, English is the working
language among the multilingual population. Despite its importance, speech sounds in Singapore English are not well
documented and not used in teaching. 60 Singaporean speakers of English completed a same/different judgement task of
206 words to investigate possible vowel mergers e.g., are ‘sheep/ship’ pronounced the ‘same’? They also read aloud the
same words. We analyzed the acoustics (F1, F2) of their articulations and analyzed whether participants’ same/different
judgements predicted the way they pronounced the words.
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Feedback-related and Task-dependent Post-error Slowing
Yiqiong Yang
University of Cambridge, Cambridge, Cambridgeshire, United Kingdom
Abstract
Post-error slowing describes a delayed response in action after error commission. PES is a key metric of error monitoring that individuals possess self-reflective information processing, which is crucial for adaptive behaviour in learning.
Studies seeking to ascertain the relationship between learning, feedback and PES remain rare. The current study aims
to investigate the role task and feedback played in the magnitude of PES. Participants (N = 487, Mage = 23.77 years, SD
= 5.8) performed three cognitive tasks: Flanker, Numeric and Science knowledge task. A 2 (Type of trial) × 3 (Task) × 2
(Feedback) mixed ANOVA estimated by REML was conducted; participant was treated as a random effect. We found a
significant PES effect where the post-error RT is slower than the post-correct RT. We also found a significant effect of
task, feedback, and Task × Feedback interaction.
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Rates of gender representation in children’s literature across cultures: A
comparison of US vs. Chinese children’s books
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Tianlin Wang
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Abstract
Male-protagonist overrepresentation exists in US children’s books and varies as a function of author-gender and target
audience age (Casey et al., 2021). We investigate whether these patterns appear across cultures by coding 437 bestselling
children’s books from China and comparing them to the US dataset. Mixed-effects and chi-square models revealed crosscultural male-overrepresentation. Effects of author-gender showed that books written by American male authors and
Chinese female authors were associated with greater male-overrepresentation. Effects of target audience age showed
that books written for 3-8-year-olds in the US and 3-5-year-olds in China exhibited the most male-overrepresentation,
suggesting that children in these age groups may be particularly vulnerable to inequitable gender representation in print
media. This is the first study to examine gender representation in Chinese children’s books on a large scale and to directly
compare rates of gender representation across cultures. Implications for educational practices and literacy development
will be discussed.

4057
In J. Culbertson, A. Perfors, H. Rabagliati & V. Ramenzoni (Eds.), Proceedings of the 44th Annual Conference of the Cognitive Science
Society. ©2022 The Author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).

Role of Implicit Emotion in Response Inhibition and Response Adjustment
Shubham Pandey
Indian Institute of Technology Bombay, Mumbai, MUMBAI, Maharashtra, India

Rashmi Gupta
Indian Institute of Technology Bombay, Mumbai, Mumbai, Maharashtra, India
Abstract
Inhibitory control is a crucial executive control function that enables us to adapt to a changing environment. Previous
studies have tried to investigate the role of emotion in response inhibition; however, few studies have investigated role
of emotion in response adjustment. Here, we examined how emotion influences our ability to inhibit a pre-planned
response and then program another appropriate response with the help of the double-step saccade task. Each trial had
either a single target or two targets. Upon a single target onset, subjects were required to make a quick saccade, but upon
two target onset, subjects were required to inhibit their initial saccades and redirect their gaze to the second target. In
Experiment 1, the first target was a geometrical square box, and the second target was a facial stimulus. In experiment
2, this order was reversed; the first target was facial stimulus, the second target was a square box. Finally, in the control
experiment, both targets were geometric shapes. This manipulation allowed us to study the effect of emotional stimuli
on response inhibition in varying contexts (task relevance). We found that subjects were less successful at inhibiting
their initial saccades as the inter-target delay increased. Further results showed that facial stimuli as first target impaired
response inhibition compared to geometric shape as first target. While inhibiting saccade to geometric shape first target,
angry faces as the second target interfered with both response inhibition and response adjustment compared to happy
and neutral faces. Angry faces take more attentional resources to be processed leaving fewer resources available for
ongoing activities and hence interfere with inhibitory control.
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Using fMRI to study the neural basis of violation-of-expectation
Shari Liu
MIT, Cambridge, Massachusetts, United States

Kirsten Lydic
MIT, Cambridge, Massachusetts, United States

Sabrina Piccolo
MIT, Cambridge, Massachusetts, United States

Rebecca Saxe
MIT, Cambridge, Massachusetts, United States
Abstract
In studies of infant cognition, why do babies look longer when objects pass through each other, or someone behaves
inefficiently? We test 3 candidate explanations (domain-specific prediction error, domain-general endogenous curiosity,
and perceptual novelty), each with a distinct, non-mutually exclusive, predicted pattern of neural activity. We scanned 17
adults using fMRI while they watched videos of agents and objects, adapted from infant behavioral research [1–4]. Cortical regions preferring social vs physical information [5,6] showed similar preferences for these stimuli. These regions,
in the first run of the experiment, responded to physical and social violations (unexpected > expected outcomes), with a
greater response to violations from the corresponding domain. Regions that respond to general perceptual novelty also
responded to social and physical violations, regardless of domain. Thus both domain-specific, and general perceptual,
cortical regions encode violations of expectation involving agents and objects.
References 1. Baillargeon R, Spelke ES, Wasserman S. Object permanence in five-month-old infants. Cognition. 1985;20:
191–208. 2. Needham A, Baillargeon R. Intuitions about support in 4.5-month-old infants. Cognition. 1993;47: 121–
148. 3. Gergely G, Nádasdy Z, Csibra G, Bíró S. Taking the intentional stance at 12 months of age. Cognition. 1995;56:
165–193. 4. Woodward AL. Infants selectively encode the goal object of an actor’s reach. Cognition. 1998;69: 1–34.
5. Koster-Hale J, Saxe R. Functional neuroimaging of theory of mind. Understanding Other Minds. 2013. pp. 132–
163. doi:10.1093/acprof:oso/9780199692972.003.0009 6. Fischer J, Mikhael JG, Tenenbaum JB, Kanwisher N. Functional
neuroanatomy of intuitive physical inference. Proc Natl Acad Sci U S A. 2016;113: E5072–81.
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An investigation of the cognitive and neural correlates of semantic memory search
related to creative ability
Marcela Ovando Tellez
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Joan Belo
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Paris Brain Institute, Sorbonne university, Paris, France

Emmanuelle Volle
Paris Brain Institute, Sorbonne university, Paris, France
Abstract
How creative ideas emerge remains unclear. We designed an associative fluency task based on polysemous words to explore the neurocognitive correlates of semantic search related to creativity. We distinguished two search components by
assessing clustering and switching performance from participant’s responses. We related these components to creativity, executive abilities, and semantic memory structure explored via semantic networks, and identified their predictive
functional brain connectivity patterns. Clustering correlated with divergent thinking, and relied on interactions between
control, salience, and attentional networks. Switching correlated with the ability to combine remote associates, memory
structure, and executive abilities, and was predicted by connectivity between and within the default, control, and salience
networks. These results suggest that switching captures interactions between memory structure and control processes
guiding the search, while clustering may capture controlled processes related to persistent search. These findings shed
new light on the neurocognitive mechanisms of semantic search supporting creativity.
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Perceptual Features in Visual Representations: A Content Analysis of Inheritance
Diagrams
Olympia N. Mathiaparanam
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Karl Rosengren
University of Rochester, Rochester, New York, United States
Abstract
Within-species variability is a fundamental biological concept, essential in understanding advanced concepts like evolution. Students formally encounter variability in their study of genetics in 4th grade; however, children’s cognitive biases
can constrain their learning of variability. Diagrams are often used to facilitate learning of biological concepts, so it is
important to understand how genetic inheritance diagrams depict variability. We analyzed 647 diagrams collected from
textbooks and websites to examine how much variation diagrams present. We coded (1) depictions of within-species
variability, and (2) other perceptual features implicated in learning (e.g., concreteness, richness). Preliminary findings
indicate that many diagrams depict some within-species variability. Additionally, most diagrams used abstract representations of organisms and traits, which research suggests may be less optimal for younger students’ learning but may
encourage transfer in older students. We will discuss how diagram features may reinforce children’s cognitive biases
and may influence students’ learning of inheritance and variability.
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Learning Causal Overhypotheses through Exploration in Children and
Computational Models
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UC Berkeley, Berkeley, California, United States
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University of California at Berkeley, Berkeley, California, United States
Abstract
Human children are proficient explorers, using causal information to great benefit. In contrast, typical AI agents do
not consider underlying causal structures during exploration. To improve our understanding of the differences between
children and agents—and ultimately to improve AI agents’ performance—we designed a virtual Blicket experiment to test
childrens’ ability to leverage causal information while exploring a novel environment. This experiment doubles as an RL
environment with a controllable causal structure, allowing us to evaluate exploration strategies used by both agents and
children. Our results demonstrate that there are significant differences between information-gain optimal RL exploration
and the exploration of children: in particular, children appear to consider a wide range of creative overhypotheses,
including stochasticity, total weight, object ordering, and more. We leverage this new insight to lay the groundwork for
future research into efficient exploration and disambiguation of causal structures for RL algorithms.
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Joint Content-Context Analysis of Scientific Publications: Identifying
Opportunities for Collaboration in Cognitive Science
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Abstract
This work studies publications in cognitive science and utilizes mathematical techniques to connect the analysis of the
papers’ content (abstracts) to the context (citation, journals). We apply topic modeling on the abstracts and community
detection algorithms on the citation network, and measure content-context discrepancy to find academic communities
that study similar topics but do not cite each other or publish in the same venues. These results show a promising,
systematic framework to identify opportunities for scientific collaboration in a highly interdisciplinary and diverse field
such as cognitive science.
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Race moderates the effect of tactility on children’s learning from counting books
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University of Notre Dame, Notre Dame, Indiana, United States
Abstract
Based on prior work, we predicted that traditional, 2-D counting books would be better than tactile counting books at
promoting young children’s numeracy. However, the first author suspected that the effect of tactility on learning would
differ for Black versus non-Black children. To test this, we examined data from an existing project on preschoolers’
learning from shared counting book reading. Participants included 325 preschoolers, ages 2 to 6, 41% of whom were
Black. Findings suggest that race moderates the effect of tactility on numeracy. Non-Black children conformed to
the original hypothesis that non-tactile counting books would be best for promoting children’s numeracy, but Black
children did not. This finding is important because much of the research on children’s early numeracy is conducted with
homogeneous, convenience samples, so theories and predictions are being built on incomplete data. Without studying
diverse samples, the field risks making inaccurate conclusions about how children learn.
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The Neurobehavioral Basis of Parallel Individuation and Numerical Approximation
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Abstract
Research shows the existence of a small-number system ( 1-3) invoking parallel individuation, and a large-number system ( 4+) based on Weberian magnitude estimation. A 128-channel EEG system was used to investigate ERPs while
participants detected numerical changes in dot arrays during an oddball task. During “No Change” trials, the N170 over
the parietal-occipital-temporal areas showed distinct waveforms to the habituation of small (but not large) numbers,
indicating that more items encoded in working memory leads to stronger N170 amplitudes. We also observed decreased
accuracy for increasing vs. decreasing changes in magnitude. Converging over the mid-parietal area (Pz), lower P3b
amplitudes were observed for harder, numerically-larger conditions, while Increasing-Large changes showed longer reaction times compared to Decreasing-Large. Our findings suggest a neurobehavioral differentiation in perceiving small
vs. large numbers and increasing vs. decreasing change at early stages of processing, and a later stage that involves
higher-order numerical processing linked to context-updating.
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Event Segmentation In Story Listening Using Deep Language Models
Manoj Kumar
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Abstract
Event segmentation theory posits that we segment continuous experience into discrete events and event boundaries
occur at large transient increases in prediction error, often related to context changes. Identifying event boundaries a
priori has been difficult in naturalistic settings. To overcome this challenge for story listening, we used a deep learning
language model (GPT2) to compute the predicted probability distributions of the next word, at each point in the story. For
3 stories, we computed the surprise, the entropy, and the Kullback-Leibler divergence (KLD). We then asked participants
to listen to these stories while marking event boundaries. We used regression models to compare the GPT2 measures and
the human segmentation data. Preliminary results indicate that event boundaries are associated with transient increases
in KLD. This supports the hypothesis that prediction error serves as a control mechanism governing event segmentation,
and points to important differences between operational definitions of prediction error.
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Understanding of differences in verbal and figurative representations by children
4-6 years old.
Angelina Ostroverkh
Higher School of Economics, Moscow, Russian Federation

Alexey Kotov
Higher School of Economics, Moscow, Russian Federation
Abstract
In our study we examined the ability to distinguish between verbal and visual representation in preschool children. We
developed tasks in which children had to learn new signs denoting different types of representation and then use the
new symbols to compare different formats of imagination (inner speech and visual images) in story characters, and then
apply these symbols to describe their own representation in solving different tasks. We will present the results of testing
children between the ages of 4 and 9, which show that the majority of preschool and school-age children successfully
learn the symbols and use them to distinguish verbal representation from visual representation in characters. We will
discuss the further development and application of this technique to the study of preschool children’s meta-cognitive
abilities. The reported study was funded by RFBR, project number 20-013-00698.
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Abstract
Team cognition is an essential component of team functioning. Although traditionally assessed through (retrospective)
questionnaires or ratings, there is increasing interest in using real-time data (e.g., skin conductance, movement) to assess
team cognition through team coordination dynamics (TCD). TCD involve two or more processes or elements of the team
that covary across time and conditions (e.g. synchrony or alignment). Various methods and modalities have been used
to calculate TCD that show connections with team outcomes and cognition. Yet, it is unclear which ones are the most
functional. In our research, we use data from four-persons teams engaging in a collaborative game to calculate various
TCD indices (entropy, MdRQA, coherence, synchrony coefficient) for several modalities (skin conductance, heart rate,
movement) and compare them to metrices of team cognition obtained through questionnaires. We aim for our research
to facilitate the use of (multimodal) TCD for monitoring and managing team functioning.
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Implementing Riemannian Geometry Based Cognitive Brain Computer
Interfacesin Smart Assistive Technologies
Prasanna Kolar
UTSA, San Antonio, Texas, United States

Prasanna Kolar
University of Texas At San Antonio, San Antonio, Texas, United States
Abstract
The world is witnessing an increase in the need of technology for human assistance and some of the most prominent
may be due to the surge in numbers of elderly needing assistive care, a surge in the numbers of people without mobility
either due to accidents, disease or age and the surge in assistive safety technologies like driver assistance. Although
asynchronous electroencephanography(EEG) can play a key role in providing assistive technologies in all three of the
mentioned areas, the focus of this research is the development of technologies that utilize cognition-in-the-loop to improve living situations of individuals and the community. We have developed a hybrid Brain Computer Interface that
implements a signal classification system based on Riemannian Geometry to classify the measurements from the scalp
of the user and generate the necessary commands to enable the smart assistive systems to function. The hybrid brain
computing interface consists of a steady state visually evoked potential subsystem coupled with a P300 cognitive subsystem, both the systems complement each other. The accuracy seen with the SSVEP system was around 92
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